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CHAPTER
ONE

LIGHTNING IN 2 STEPS

In this guide we’ll show you how to organize your PyTorch code into Lightning in 2 steps.
Organizing your code with PyTorch Lightning makes your code:

» Keep all the flexibility (this is all pure PyTorch), but removes a ton of boilerplate

* More readable by decoupling the research code from the engineering

* Easier to reproduce

* Less error-prone by automating most of the training loop and tricky engineering

* Scalable to any hardware without changing your model

Here’s a 3 minute conversion guide for PyTorch projects:

1.1 Step 0: Install PyTorch Lightning

You can install using pip

’pip install pytorch-lightning

Or with conda (see how to install conda here):

’conda install pytorch-lightning -c conda-forge

You could also use conda environments

conda activate my_env
pip install pytorch-lightning

Import the following:

import os

import torch

from torch import nn

import torch.nn.functional as F

from torchvision import transforms

from torchvision.datasets import MNIST

from torch.utils.data import Dataloader, random_split
import pytorch lightning as pl



https://pypi.org/project/pytorch-lightning/
https://anaconda.org/conda-forge/pytorch-lightning
https://docs.conda.io/projects/conda/en/latest/user-guide/install/
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1.2 Step 1: Define LightningModule

class LitAutoEncoder (pl.LightningModule) :

def @ init__ (self):

super () .__init__ ()

self.encoder = nn.Sequential (
nn.Linear (28+«28, 64),
nn.RelU(),
nn.Linear (64, 3)

)

self.decoder = nn.Sequential (
nn.Linear (3, 64),
nn.RelLU(),
nn.Linear (64, 28+%28)

def forward(self, x):

# in lightning, forward defines the prediction/inference actions

embedding = self.encoder (x)
return embedding

def training_step(self, batch, batch_idx):
# training_step defined the train loop.
# It is independent of forward
x, y = batch
x = x.view(x.size(0), -1)
z = self.encoder (x)
x_hat = self.decoder (z)
loss = F.mse_loss (x_hat, x)
# Logging to TensorBoard by default
self.log('train_loss', loss)
return loss

def configure_optimizers(self):
optimizer = torch.optim.Adam(self.parameters(),
return optimizer

lr=1e-3)

SYSTEM VS MODEL
A lightning module defines a system not a model.
Examples of systems are:

* Autoencoder

e BERT

* DON

* GAN

* Image classifier

» Seq2seq

e SimCLR

* VAE

Under the hood a LightningModule is still justa torch.nn.Module that groups all research code into a single file

to make it self-contained:

Chapter 1. Lightning in 2 steps



https://github.com/PyTorchLightning/lightning-bolts/blob/master/pl_bolts/models/autoencoders/basic_ae/basic_ae_module.py
https://colab.research.google.com/github/PytorchLightning/pytorch-lightning/blob/master/notebooks/04-transformers-text-classification.ipynb
https://colab.research.google.com/github/PytorchLightning/pytorch-lightning/blob/master/notebooks/08-Domain-specific-demos.ipynb
https://colab.research.google.com/github/PytorchLightning/pytorch-lightning/blob/master/notebooks/03-basic-gan.ipynb
https://colab.research.google.com/github/PytorchLightning/pytorch-lightning/blob/master/notebooks/01-mnist-hello-world.ipynb
https://github.com/PyTorchLightning/lightning-bolts/blob/master/pl_bolts/models/self_supervised/simclr/simclr_module.py
https://github.com/PyTorchLightning/lightning-bolts/blob/master/pl_bolts/models/autoencoders/basic_vae/basic_vae_module.py
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
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System @ pl.LightningModule

| [
| [
| loss !
| [
| [
| [
| [
' MSE :
| |
| [
| [
[
: Decoder -—-4I--- O Model (nn.Module)
: |
| latent |
| |
[
| Encoder JI ( Model (hn.Module)
[
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* The Train loop

The Validation loop

The Test loop

The Model or system of Models
* The Optimizer

You can customize any part of training (such as the backward pass) by overriding any of the 20+ hooks found in
Available Callback hooks

class LitAutoEncoder (LightningModule) :

def backward(self, loss, optimizer, optimizer_idx):
loss.backward ()

FORWARD vs TRAINING_STEP

In Lightning we separate training from inference. The training_step defines the full training loop. We encourage users
to use the forward to define inference actions.

For example, in this case we could define the autoencoder to act as an embedding extractor:

def forward(self, x):
embeddings = self.encoder (x)
return embeddings

Of course, nothing is stopping you from using forward from within the training_step.

def training step(self, batch, batch_idx):

z = self (x)

It really comes down to your application. We do, however, recommend that you keep both intents separate.
 Use forward for inference (predicting).
* Use training_step for training.

More details in lightning module docs.

1.3 Step 2: Fit with Lightning Trainer

First, define the data however you want. Lightning just needs a Dat aL.oader for the train/val/test splits.

dataset = MNIST (os.getcwd(), download=True, transform=transforms.ToTensor())
train_loader = DatalLoader (dataset)

Next, init the lightning module and the PyTorch Lightning Trainer, then call fit with both the data and model.

# init model
autoencoder = LitAutoEncoder ()

# most basic trainer, uses good defaults (auto-tensorboard, checkpoints, logs, and_
—more)

(continues on next page)
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https://pytorch.org/docs/stable/data.html#torch.utils.data.DataLoader
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(continued from previous page)

# trainer = pl.Trainer (gpus=8) (if you have GPUs)
trainer = pl.Trainer ()
trainer.fit (autoencoder, train_loader)

The Trainer automates:
* Epoch and batch iteration
* Calling of optimizer.step(), backward, zero_grad()
* Calling of .eval(), enabling/disabling grads
* weights loading
» Tensorboard (see loggers options)
* Multi-GPU support
s TPU
* AMP support

Tip: If you prefer to manually manage optimizers you can use the Manual optimization mode (ie: RL, GANS, etc. .. ).

That’s it!

These are the main 2 concepts you need to know in Lightning. All the other features of lightning are either features of
the Trainer or LightningModule.

1.4 Basic features

1.4.1 Manual vs automatic optimization

Automatic optimization

With Lightning, you don’t need to worry about when to enable/disable grads, do a backward pass, or update optimizers
as long as you return a loss with an attached graph from the training_step, Lightning will automate the optimization.

def training_step(self, batch, batch_idx):
loss = self.encoder (batch)
return loss

1.4. Basic features 5
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Manual optimization

However, for certain research like GANS, reinforcement learning, or something with multiple optimizers or an inner
loop, you can turn off automatic optimization and fully control the training loop yourself.

Turn off automatic optimization and you control the train loop!

def _ init__ (self):
self.automatic_optimization = False

def training_step(self, batch, batch_idx):
# access your optimizers with use pl_optimizer=False. Default is True
opt_a, opt_b = self.optimizers (use_pl_optimizer=True)

loss_a = self.generator (batch)

opt_a.zero_grad()

# use 'manual_backward ()  instead of ‘loss.backward' to automate half precision,,
—etc...

self.manual_backward(loss_a)

opt_a.step ()

loss_b = self.discriminator (batch)
opt_b.zero_grad()
self.manual_backward (loss_Db)
opt_b.step ()

1.4.2 Predict or Deploy

When you’re done training, you have 3 options to use your LightningModule for predictions.

Option 1: Sub-models

Pull out any model inside your system for predictions.

autoencoder = LitAutoEncoder.load_from_checkpoint ('path/to/checkpoint_file.ckpt')
encoder_model = autoencoder.encoder
encoder_model.eval ()

# ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
# to use as image generator

# __________________________________
decoder_model = autoencoder.decoder

decoder_model.eval ()

6 Chapter 1. Lightning in 2 steps
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Option 2: Forward

You can also add a forward method to do predictions however you want.

class LitAutoEncoder (LightningModule) :
def _ init_ (self):
super () .__init__ ()
self.encoder = nn.Sequential ()

def forward(self, x):
embedding = self.encoder (x)
return embedding

autoencoder = LitAutoEncoder ()
autoencoder = autoencoder (torch.rand(l, 28 % 28))

class LitAutoEncoder (LightningModule) :
def _ init_ (self):
super () .__init__ ()
self.decoder = nn.Sequential ()

def forward(self):

z = torch.rand (1, 3)
image = self.decoder (z)
image = image.view(l, 1, 28, 28)

return image

autoencoder = LitAutoEncoder ()
image_sample = autoencoder ()

Option 3: Production

For production systems, onnx or torchscript are much faster. Make sure you have added a forward method or trace
only the sub-models you need.

autoencoder = LitAutoEncoder ()
torch.jit.save (autoencoder.to_torchscript (), "model.pt™")
os.path.isfile("model.pt")

with tempfile.NamedTemporaryFile (suffix='.onnx', delete=False) as tmpfile:
autoencoder = LitAutoEncoder ()
input_sample = torch.randn((l, 28 = 28))
autoencoder.to_onnx (tmpfile.name, input_sample, export_params=True)
os.path.isfile (tmpfile.name)

1.4. Basic features 7
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1.4.3 Using CPUs/GPUs/TPUs

It’s trivial to use CPUs, GPUs or TPUs in Lightning. There’s NO NEED to change your code, simply change the
Trainer options.

# train on CPU
trainer = Trainer()

# train on 8 CPUs
trainer = Trainer (num_processes=8)

# train on 1024 CPUs across 128 machines
trainer = pl.Trainer (

num_processes=8,

num_nodes=128

# train on 1 GPU
trainer = pl.Trainer (gpus=1)

# train on multiple GPUs across nodes (32 gpus here)
trainer = pl.Trainer (

gpus=4,

num_nodes=8

# train on gpu 1, 3, 5 (3 gpus total)
trainer = pl.Trainer (gpus=[1, 3, 5])

# Multi GPU with mixed precision
trainer = pl.Trainer (gpus=2, precision=16)

# Train on TPUs
trainer = pl.Trainer (tpu_cores=8)

Without changing a SINGLE line of your code, you can now do the following with the above code:

# train on TPUs using 16 bit precision
# using only half the training data and checking validation every quarter of a_,
—training epoch
trainer = pl.Trainer (
tpu_cores=8,
precision=16,
limit_train_batches=0.5,
val_check_interval=0.25

8 Chapter 1. Lightning in 2 steps
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1.4.4 Checkpoints

Lightning automatically saves your model. Once you’ve trained, you can load the checkpoints as follows:

model = LitModel.load_from_checkpoint (path)

The above checkpoint contains all the arguments needed to init the model and set the state dict. If you prefer to do it
manually, here’s the equivalent

# load the ckpt
ckpt = torch.load('path/to/checkpoint.ckpt')

# equivalent to the above
model = LitModel ()
model.load_state_dict (ckpt|['state _dict'])

1.4.5 Data flow

Each loop (training, validation, test) has three hooks you can implement:
* x_step
* x_step_end
* x_epoch_end

To illustrate how data flows, we’ll use the training loop (ie: x=training)

outs = []
for batch in data:
out = training_step (batch)
outs.append (out)
training_epoch_end (outs)

The equivalent in Lightning is:

def training_ step(self, batch, batch_idx):
prediction =
return prediction

def training_epoch_end(self, training_step_outputs) :
for prediction in predictions:
# do something with these

In the event that you use DP or DDP2 distributed modes (ie: split a batch across GPUs), use the x_step_end to manually
aggregate (or don’t implement it to let lightning auto-aggregate for you).

for batch in data:
model_copies = copy_model_per_gpu(model, num_gpus)
batch_split = split_batch_per_gpu(batch, num_gpus)

gpu_outs = []

for model, batch_part in zip(model_copies, batch_split):
# LightningModule hook
gpu_out = model.training_step (batch_part)

(continues on next page)
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(continued from previous page)

gpu_outs.append (gpu_out)

# LightningModule hook
out = training_step_end(gpu_outs)

The lightning equivalent is:

def training_step(self, batch, batch_idx):
loss =
return loss

def training_step_end(self, losses):
gpu_0_loss = losses|[0]
gpu_l_loss = losses|[1]
return (gpu_0O_loss + gpu_l_loss) * 1/2

Tip: The validation and test loops have the same structure.

1.4.6 Logging

To log to Tensorboard, your favorite logger, and/or the progress bar, use the 7og () method which can be called from
any method in the LightningModule.

def training_step(self, batch, batch_idx):
self.log('my_metric', x)

The 1og () method has a few options:
* on_step (logs the metric at that step in training)
 on_epoch (automatically accumulates and logs at the end of the epoch)
e prog_bar (logs to the progress bar)
* logger (logs to the logger like Tensorboard)

Depending on where the log is called from, Lightning auto-determines the correct mode for you. But of course you
can override the default behavior by manually setting the flags

Note: Setting on_epoch=True will accumulate your logged values over the full training epoch.

def training_step(self, batch, batch_idx):
self.log('my_loss', loss, on_step=True, on_epoch=True, prog_bar=True, logger=True)

Note: The loss value shown in the progress bar is smoothed (averaged) over the last values, so it differs from the
actual loss returned in the train/validation step.

You can also use any method of your logger directly:

10 Chapter 1. Lightning in 2 steps
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def training_ step(self, batch, batch_idx):
tensorboard = self.logger.experiment
tensorboard.any_summary_writer_method_you_want ())

Once your training starts, you can view the logs by using your favorite logger or booting up the Tensorboard logs:

tensorboard --logdir ./lightning_logs

Note: Lightning automatically shows the loss value returned from training_step in the progress bar. So, no
need to explicitly log like this self.log('loss', loss, prog_bar=True).

Read more about loggers.

1.4.7 Optional extensions

Callbacks

A callback is an arbitrary self-contained program that can be executed at arbitrary parts of the training loop.

Here’s an example adding a not-so-fancy learning rate decay rule:

from pytorch_lightning.callbacks import Callback
class DecayLearningRate (Callback) :

def _ init__ (self):
self.old_lrs = []

def on_train_start(self, trainer, pl_module):
# track the initial learning rates
for opt_idx, optimizer in enumerate (trainer.optimizers):
group = [param_group['lr'] for param_group in optimizer.param_groups]
self.old_lrs.append(group)

def on_train_epoch_end(self, trainer, pl_module, outputs):
for opt_idx, optimizer in enumerate (trainer.optimizers):

old_lr _group = self.old lrs[opt_idx]

new_lr_group = []

for p_idx, param_group in enumerate (optimizer.param_groups) :
old_lr = old_lr_group[p_idx]
new_lr = old_lr = 0.98
new_lr_group.append (new_1r)
param_group['lr'] = new_l1r

self.old _lrs[opt_idx] = new_lr_group

# And pass the callback to the Trainer
decay_callback = DecayLearningRate ()
trainer = Trainer (callbacks=[decay_callback])

Things you can do with a callback:
* Send emails at some point in training

¢ Grow the model

1.4. Basic features 11




PyTorch Lightning Documentation, Release 1.3.4

* Update learning rates
* Visualize gradients
* You are only limited by your imagination

Learn more about custom callbacks.

LightningDataModules

Dataloaders and data processing code tends to end up scattered around. Make your data code reusable by organizing

itintoa LightningDataModule.

class MNISTDataModule (LightningDataModule) :

def _ init_ (self, batch_size=32):
super () .__init__ ()
self.batch_size = batch_size

# When doing distributed training, Datamodules have two optional arguments for

# granular control over download/prepare/splitting data:

# OPTIONAL, called only on 1 GPU/machine

def prepare_data(self):

MNIST (os.getcwd (), train=True, download=True)
MNIST (os.getcwd(), train=False, download=True)

# OPTIONAL, called for every GPU/machine (assigning state is OK)

def setup(self, stage: Optionall[str]
# transforms
transform=transforms.Compose ([
transforms.ToTensor (),

transforms.Normalize ((0.1307,),

1)
# split dataset
if stage in (None, 'fit'"):

mnist_train = MNIST (os.getcwd(),
self.mnist_train, self.mnist_val

—50007)
if stage == (None, 'test'):

self.mnist_test = MNIST (os.getcwd(),

# return the dataloader for each split

def train_dataloader (self):

mnist_train = DatalLoader (self.mnist_train,

return mnist_train

def val_dataloader (self):

mnist_val = Dataloader (self.mnist_val,

return mnist_val

def test_dataloader (self):

mnist_test = DatalLoader (self.mnist_test,

return mnist_test

(0.3081,))

train=True,

transform=transform)

random_split (mnist_train, [55000,

train=False, transform=transform)

batch_size=self.batch_size)

batch_size=self.batch_size)

batch_size=self.batch_size)

LightningDataModule is designed to enable sharing and reusing data splits and transforms across different
projects. It encapsulates all the steps needed to process data: downloading, tokenizing, processing etc.

12
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Now you can simply pass your LightningDataModule to the Trainer:

# init model
model = LitModel ()

# init data
dm = MNISTDataModule ()

# train
trainer = pl.Trainer ()
trainer.fit (model, dm)

# test
trainer.test (datamodule=dm)

DataModules are specifically useful for building models based on data. Read more on datamodules.

1.4.8 Debugging

Lightning has many tools for debugging. Here is an example of just a few of them:

# use only 10 train batches and 3 val batches
trainer = Trainer (limit_train_batches=10, limit_val_batches=3)

# Automatically overfit the sane batch of your model for a sanity test
trainer = Trainer (overfit_batches=1)

# unit test all the code- hits every line of your code once to see 1f you have bugs,
# instead of waiting hours to crash on validation
trainer = Trainer (fast_dev_run=True)

# train only 20% of an epoch
trainer = Trainer (limit_train_batches=0.2)

# run validation every 25% of a training epoch
trainer = Trainer (val_check_interval=0.25)

# Profile your code to find speed/memory bottlenecks
Trainer (profiler="simple")

1.5 Other cool features

Once you define and train your first Lightning model, you might want to try other cool features like
* Automatic early stopping
* Automatic truncated-back-propagation-through-time
* Automatically scale your batch size

* Automatically find a good learning rate

1.5. Other cool features 13
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* Load checkpoints directly from S3

* Scale to massive compute clusters

» Use multiple dataloaders per train/val/test loop

* Use multiple optimizers to do reinforcement learning or even GANs

Or read our Guide to learn more!

1.5.1 Grid Al

Grid Al is our native solution for large scale training and tuning on the cloud.

Get started for free with your GitHub or Google Account here.

1.6 Community

Our community of core maintainers and thousands of expert researchers is active on our Slack and GitHub Discussions.
Drop by to hang out, ask Lightning questions or even discuss research!

1.6.1 Masterclass

We also offer a Masterclass to teach you the advanced uses of Lightning.

1.2

From PyTorch

to PyTorch Lightning

Alfredo Canziani & William Falcon

14 Chapter 1. Lightning in 2 steps
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https://join.slack.com/t/pytorch-lightning/shared_invite/zt-f6bl2l0l-JYMK3tbAgAmGRrlNr00f1A
https://github.com/PyTorchLightning/pytorch-lightning/discussions
https://www.youtube.com/playlist?list=PLaMu-SDt_RB5NUm67hU2pdE75j6KaIOv2

CHAPTER
TWO

HOW TO ORGANIZE PYTORCH INTO LIGHTNING

To enable your code to work with Lightning, here’s how to organize PyTorch into Lightning

2.1 1. Move your computational code

Move the model architecture and forward pass to your lightning module.

class LitModel (LightningModule) :

def _ init_ (self):
super () .__init__ ()
self.layer_1 = nn.Linear (28 » 28, 128)
self.layer_2 = nn.Linear (128, 10)

def forward(self, x):

X = x.view(x.size(0), -1)
x = self.layer_1(x)

x = F.relu(x)

x = self.layer_2(x)
return x

2.2 2. Move the optimizer(s) and schedulers

Move your optimizers to the configure_optimizers () hook.

class LitModel (LightningModule) :

def configure_optimizers(self):
optimizer = torch.optim.Adam(self.parameters (), lr=le-3)
return optimizer

15
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2.3 3. Find the train loop “meat”

Lightning automates most of the training for you, the epoch and batch iterations, all you need to keep is the training
step logic. This should go into the training_step () hook (make sure to use the hook parameters, batch and
batch_idx in this case):

class LitModel (LightningModule) :

def training_step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)
loss = F.cross_entropy(y_hat, vy)
return loss

2.4 4. Find the val loop “meat”

To add an (optional) validation loop add logic to the validation_step () hook (make sure to use the hook
parameters, batch and batch_idx in this case).

class LitModel (LightningModule) :

def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)
val_loss = F.cross_entropy(y_hat, v)
return val_loss

Note: model.eval () and torch.no_grad () are called automatically for validation

2.5 5. Find the test loop “meat”

To add an (optional) test loop add logic to the test_step () hook (make sure to use the hook parameters, bat ch
and batch_idx in this case).

class LitModel (LightningModule) :

def test_step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)
loss = F.cross_entropy(y_hat, vy)
return loss

Note: model.eval () and torch.no_grad () are called automatically for testing.

The test loop will not be used until you call.

16 Chapter 2. How to organize PyTorch into Lightning
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trainer.test ()

Tip: .test () loads the best checkpoint automatically

2.6 6. Remove any .cuda() or to.device() calls

Your lightning module can automatically run on any hardware!

2.6. 6. Remove any .cuda() or to.device() calls 17
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CHAPTER
THREE

RAPID PROTOTYPING TEMPLATES

Use these templates for rapid prototyping

3.1 General Use

Use case

Description

link

Scratch model

To prototype quickly / de-
bug with random data

Scratch model with manual opti-
mization

To prototype quickly / de-
bug with random data

19
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CHAPTER
FOUR

STYLE GUIDE

A main goal of Lightning is to improve readability and reproducibility. Imagine looking into any GitHub repo, finding
a lightning module and knowing exactly where to look to find the things you care about.

The goal of this style guide is to encourage Lightning code to be structured similarly.

4.1 LightningModule

These are best practices about structuring your LightningModule

4.1.1 Systems vs models
The main principle behind a LightningModule is that a full system should be self-contained. In Lightning we differ-
entiate between a system and a model.
A model is something like a resnet18, RNN, etc.
A system defines how a collection of models interact with each other. Examples of this are:
* GANs
* Seq2Seq
e BERT
* etc
A LightningModule can define both a system and a model.

Here’s a LightningModule that defines a model:

class LitModel (LightningModule) :
def _ init_ (self, num_layers: int = 3):
super () .__init__ ()
self.layer_1 = nn.Linear ()
self.layer_2 = nn.Linear ()
self.layer_3 = nn.Linear ()

Here’s a LightningModule that defines a system:
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System @ pl.LightningModule

| [
| [
| loss !
| [
| [
| [
| [
' MSE :
| |
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[
: Decoder -—-4I--- O Model (nn.Module)
: |
| latent |
| |
[
| Encoder JI ( Model (hn.Module)
[
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class LitModel (LightningModule) :

def _ init_ (self, encoder: nn.Module = None, decoder: nn.Module = None):
super () .__init__ ()
self.encoder = encoder

self.decoder = decoder

For fast prototyping it’s often useful to define all the computations in a LightningModule. For reusability and scala-
bility it might be better to pass in the relevant backbones.

4.1.2 Self-contained

A Lightning module should be self-contained. A good test to see how self-contained your model is, is to ask yourself
this question:

“Can someone drop this file into a Trainer without knowing anything about the internals?”

For example, we couple the optimizer with a model because the majority of models require a specific optimizer with
a specific learning rate scheduler to work well.

4.1.3 Init

The first place where LightningModules tend to stop being self-contained is in the init. Try to define all the relevant
sensible defaults in the init so that the user doesn’t have to guess.

Here’s an example where a user will have to go hunt through files to figure out how to init this LightningModule.

class LitModel (LightningModule) :
def _ init__ (self, params):
self.lr = params.lr
self.coef_x = params.coef_x

Models defined as such leave you with many questions; what is coef_x? is it a string? a float? what is the range?
etc....

Instead, be explicit in your init

class LitModel (LightningModule) :
def _ init_ (self, encoder: nn.Module, coeff x: float = 0.2, lr: float = le-3):

Now the user doesn’t have to guess. Instead they know the value type and the model has a sensible default where the
user can see the value immediately.

4.1.4 Method order

The only required methods in the LightningModule are:
* init
* training_step
* configure_optimizers
However, if you decide to implement the rest of the optional methods, the recommended order is:

* model/system definition (init)
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« if doing inference, define forward
* training hooks

* validation hooks

* test hooks

* configure_optimizers

* any other hooks

In practice, this code looks like:

class LitModel (pl.LightningModule) :

def  init_ (...):

def forward(...):

def training_step(...)

def training_step_end(...)

def training _epoch_end(...)

def validation_step(...)

def validation_step_end(...)

def validation_epoch_end(...)

def test_step(...)

def test_step_end(...)

def test_epoch_end(...)

def configure_optimizers(...)

def any_extra_hook(...)

4.1.5 Forward vs training_step

We recommend using forward for inference/predictions and keeping training_step independent

def forward(...):
embeddings = self.encoder (x)

def training_step(...):
X, Yy =
z = self.encoder (x)
pred = self.decoder(z)

However, when using DataParallel, you will need to call forward manually
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def training_step(...):

X, VY = ...
z = self (x) # < —————— instead of self.encoder (x)
pred = self.decoder(z)

4.2 Data

These are best practices for handling data.

4.2.1 Dataloaders

Lightning uses dataloaders to handle all the data flow through the system. Whenever you structure dataloaders, make
sure to tune the number of workers for maximum efficiency.

Warning: Make sure not to use ddp_spawn with num_workers > 0 or you will bottleneck your code.

4.2.2 DataModules

Lightning introduced datamodules. The problem with dataloaders is that sharing full datasets is often still challenging
because all these questions need to be answered:

* What splits were used?

* How many samples does this dataset have?
* What transforms were used?

e etc...

It’s for this reason that we recommend you use datamodules. This is specially important when collaborating because
it will save your team a lot of time as well.

All they need to do is drop a datamodule into a lightning trainer and not worry about what was done to the data.

This is true for both academic and corporate settings where data cleaning and ad-hoc instructions slow down the
progress of iterating through ideas.
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CHAPTER
FIVE

FAST PERFORMANCE TIPS

Lightning builds in all the micro-optimizations we can find to increase your performance. But we can only automate
so much.

Here are some additional things you can do to increase your performance.

5.1 Dataloaders

When building your Datal.oader set num_workers > 0 and pin_memory=True (only for GPUs).

’Dataloader(dataset, num_workers=8, pin_memory=True)

5.1.1 num_workers

The question of how many num_workers is tricky. Here’s a summary of some references, [1], and our suggestions.
1. num_workers=0 means ONLY the main process will load batches (that can be a bottleneck).
2. num_workers=1 means ONLY one worker (just not the main process) will load data but it will still be slow.
3. The num_workers depends on the batch size and your machine.

4. A general place to start is to set num_workers equal to the number of CPUs on that machine.

Warning: Increasing num_workers will ALSO increase your CPU memory consumption.

The best thing to do is to increase the num_workers slowly and stop once you see no more improvement in your
training speed.
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5.1.2 Spawn

When using accelerator=ddp_spawn (the ddp default) or TPU training, the way multiple GPUs/TPU cores
are used is by calling . spawn () under the hood. The problem is that PyTorch has issues with num_workers >
0 when using . spawn (). For this reason we recommend you use accelerator=ddp so you can increase the
num_workers, however your script has to be callable like so:

’python my_program.py ——-gpus X

5.2 .item(), .numpy(), .cpu()

Don’tcall . item () anywhere in your code. Use . detach () instead to remove the connected graph calls. Lightning
takes a great deal of care to be optimized for this.

5.3 empty_cache()

Don’t call this unnecessarily! Every time you call this ALL your GPUs have to wait to sync.

5.4 Construct tensors directly on the device

LightningModules know what device they are on! Construct tensors on the device directly to avoid CPU->Device
transfer.

# bad
t = torch.rand (2, 2).cuda()

# good (self is LightningModule)
t = torch.rand (2, 2, device=self.device)

For tensors that need to be model attributes, it is best practice to register them as buffers in the modules’s __init__
method:

# bad
self.t = torch.rand(2, 2, device=self.device)

# good
self.register_buffer ("t", torch.rand(2, 2))
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5.5 Use DDP not DP

DP performs three GPU transfers for EVERY batch:
1. Copy model to device.
2. Copy data to device.

3. Copy outputs of each device back to master.

Whereas DDP only performs 1 transfer to sync gradients. Because of this, DDP is MUCH faster than DP.

5.6 When using DDP set find_unused_parameters=False

By default we have enabled find unused parameters to True. This is for compatibility issues that have arisen in the past
(see the discussion for more information). This by default comes with a performance hit, and can be disabled in most
cases.

from pytorch_lightning.plugins import DDPPlugin

trainer = pl.Trainer (
gpus=2,
plugins=DDPPlugin (find_unused_parameters=False),

5.7 16-bit precision

Use 16-bit to decrease the memory consumption (and thus increase your batch size). On certain GPUs (V100s,
2080tis), 16-bit calculations are also faster. However, know that 16-bit and multi-processing (any DDP) can have
issues. Here are some common problems.

1. CUDA error: an illegal memory access was encountered. The solution is likely setting a specific CUDA,
CUDNN, PyTorch version combination.

2. CUDA error: device-side assert triggered. Thisisa general catch-all error. To see the actual
error run your script like so:

# won't see what the error 1is
python main.py

# will see what the error 1is
CUDA_LAUNCH_BLOCKING=1 python main.py

Tip: We also recommend using 16-bit native found in PyTorch 1.6. Just install this version and Lightning will
automatically use it.
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5.8 Advanced GPU Optimizations

When training on single or multiple GPU machines, Lightning offers a host of advanced optimizations to improve
throughput, memory efficiency, and model scaling. Refer to Advanced GPU Optimized Training for more details.

5.9 Preload Data Into RAM

When your training or preprocessing requires many operations to be performed on entire dataset(s) it can sometimes
be beneficial to store all data in RAM given there is enough space. However, loading all data at the beginning of the
training script has the disadvantage that it can take a long time and hence it slows down the development process.
Another downside is that in multiprocessing (e.g. DDP) the data would get copied in each process. One can overcome
these problems by copying the data into RAM in advance. Most UNIX-based operating systems provide direct access
to tmpfs through a mount point typically named /dev/shm.

0. Increase shared memory if necessary. Refer to the documentation of your OS how to do this.

1. Copy training data to shared memory:

’cp -r /path/to/data/on/disk /dev/shm/

2. Refer to the new data root in your script or command line arguments:

’datamodule = MyDataModule (data_root="/dev/shm/my_data")

5.10 Zero Grad set_to_none=True

In order to modestly improve performance, you can override opt imizer zero_grad().

For a more detailed explanation of pros / cons of this technique, read this documentation by the PyTorch team.

class Model (LightningModule) :

def optimizer_zero_grad(self, epoch, batch_idx, optimizer, optimizer_idx):
optimizer.zero_grad(set_to_none=True)
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CHAPTER
SIX

BENCHMARK WITH VANILLA PYTORCH

In this section we set grounds for comparison between vanilla PyTorch and PT Lightning for most common scenarios.

6.1 Time comparison

We have set regular benchmarking against PyTorch vanilla training loop on with RNN and simple MNIST classifier as
per of out CI. In average for simple MNIST CNN classifier we are only about 0.06s slower per epoch, see detail chart

bellow.

ParityModuleRNN

Frequency
=
(=]
1

5 4 vanilla PT
PT Lightning
0 T T T T T T
0.0660 0.0665 0.0670 0.0675 0.0680 0.0685 0.0690
time [seconds]
ParityModuleMNIST
157 vanilla PT
> PT Lightning
' 10 1
@
=
o
£ 51
0 T T T T T T
1.58 1.60 162 1.64 1.66 1.68 1.70

time [seconds]
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CHAPTER
SEVEN

A LightningModule organizes your PyTorch code into 5 sections
* Computations (init).
¢ Train loop (training_step)
* Validation loop (validation_step)
 Test loop (test_step)

* Optimizers (configure_optimizers)

Notice a few things.
1. It’s the SAME code.
2. The PyTorch code IS NOT abstracted - just organized.

LIGHTNINGMODULE

3. All the other code that’s not in the LightningModule has been automated for you by the trainer.

net = Net ()
trainer = Trainer ()
trainer.fit (net)

4. There are no .cuda() or .to() calls... Lightning does these for you.

don't do in lightning
= torch.Tensor (2, 3)
= x.cuda ()

= X.to(device)

XXX Se

(continues on next page)
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(continued from previous page)

# do this instead
X = x # leave it alone!
# or to init a new tensor
= torch.Tensor (2, 3)
new_x.type_as (x)

new_x
new_x =

5. There are no samplers for distributed, Lightning also does this for you.

# Don't do in Lightning...

data = MNIST(...)

sampler = DistributedSampler (data)
Dataloader (data, sampler=sampler)

# do this instead
data = MNIST(...)
Dataloader (data)

6. A LightningModuleisatorch.nn.Module but with added functionality. Use it as such!

net = Net.load_from_checkpoint (PATH)
net.freeze()
out = net (x)

Thus,
probably should do anyhow).

to use Lightning, you just need to organize your code which takes about 30 minutes, (and let’s be real, you

7.1 Minimal Example

Here are the only required methods.

>>> import pytorch lightning as pl
>>> class LitModel (pl.LightningModule) :

def _ init_ (self):
super () .__init__ ()
self.11l = nn.Linear (28 = 28, 10)
def forward(self, x):
return torch.relu(self.ll(x.view(x.size(0),
def

training_step(self, batch, batch_idx):

x, y = batch

-1)))

(continues on next page)
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y_hat = self (x)
loss = F.cross_entropy (y_hat,
return loss

V)

def configure_optimizers(self):

return torch.optim.Adam(self.parameters (), 1lr=0.02)

Which you can train by doing:

train_loader = download=True, transform=transforms.
—~ToTensor ()))
trainer = pl.Trainer ()

LitModel ()

DataLoader (MNIST (os.getcwd (),

model =

trainer.fit (model, train_loader)

The LightningModule has many convenience methods, but the core ones you need to know about are:

Name Description
init Define computations here
forward Use for inference only (separate from training_step)

training_step

the full training loop

validation_step

the full validation loop

test_step

the full test loop

configure_optimizers

define optimizers and LR schedulers

7.2 Training

7.2.1 Training loop

To add a training loop use the training_step method

class LitClassifier (pl.LightningModule) :

batch, batch_idx):

def _ init_ (self, model):
super () .__init__ ()
self.model = model
def training_step(self,
x, y = batch
y_hat = self.model (x)
loss =

return loss

F.cross_entropy (y_hat,

v)

Under the hood, Lightning does the following (pseudocode):

# put model in train mode
model.train ()
torch.set_grad_enabled (True)

(continues on next page)
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(continued from previous page)

losses = []

for batch in train_dataloader:
# forward
loss = training_step (batch)
losses.append (loss.detach())

# clear gradients
optimizer.zero_grad/()

# backward
loss.backward ()

# update parameters
optimizer.step ()

Training epoch-level metrics

If you want to calculate epoch-level metrics and log them, use the .log method

def training_ step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy (y_hat, vy)

# logs metrics for each training step,

# and the average across the epoch, to the progress bar and logger

self.log('train_loss', loss, on_step=True, on_epoch=True, prog_bar=True,
—~logger=True)

return loss

The .log object automatically reduces the requested metrics across the full epoch. Here’s the pseudocode of what it
does under the hood:

outs = []
for batch in train_dataloader:
# forward
out = training_step (val_lbatch)

# clear gradients
optimizer.zero_grad/()

# backward
loss.backward ()

# update parameters
optimizer.step ()

epoch_metric

torch.mean (torch.stack ([x['train loss'] for x in outs]))
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Train epoch-level operations

If you need to do something with all the outputs of each training_step, override training_epoch_end yourself.

def training_step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, v)
preds =
return {'loss': loss, 'other_ stuff': preds}

def training_epoch_end(self, training_step_outputs):
for pred in training_step_outputs:
# do something

The matching pseudocode is:

outs = []
for batch in train_dataloader:
# forward
out = training_step(val_lbatch)

# clear gradients
optimizer.zero_grad/()

# backward
loss.backward ()

# update parameters
optimizer.step ()

training_epoch_end (outs)

Training with DataParallel

When training using a accelerator that splits data from each batch across GPUs, sometimes you might need to aggre-
gate them on the master GPU for processing (dp, or ddp2).

In this case, implement the training_step_end method

def training step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy (y_hat, vy)
pred =
return {'loss': loss, 'pred': pred}

def training_step_end(self, batch_parts):
gpu_0_prediction = batch_parts[0]['pred']
gpu_l_prediction = batch_parts[l]['pred']

# do something with both outputs
return (batch_parts[0]['loss'] + batch_parts[1l]['loss']) / 2

def training_epoch_end(self, training_step_outputs):
for out in training_step_outputs:
# do something with preds
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The full pseudocode that lighting does under the hood is:

outs = []
for train_batch in train_dataloader:
batches = split_batch(train_batch)

dp_outs = []
for sub_batch in batches:
# 1

dp_out = training_step (sub_batch)
dp_outs.append (dp_out)

# 2
out = training_step_end (dp_outs)
outs.append (out)

# do something with the outputs for all batches
# 3
training_epoch_end (outs)

7.2.2 Validation loop

To add a validation loop, override the validation_step method of the LightningModule:

class LitModel (pl.LightningModule) :
def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, vy)
self.log('val_loss', loss)

Under the hood, Lightning does the following:

#

for batch in train_dataloader:
loss = model.training_step/()
loss.backward ()
#

if validate_at_some_point:
# disable grads + batchnorm + dropout
torch.set_grad_enabled (False)
model.eval ()

#omm e VAL LOOP ——————————————=
for val_batch in model.val_dataloader:

val_out = model.validation_step(val_batch)
¥ - VAL LOOP ———————————————

# enable grads + batchnorm + dropout
torch.set_grad_enabled (True)
model.train ()
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Validation epoch-level metrics

If you need to do something with all the outputs of each validation_step, override validation_epoch_end.

def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, v)
pred =
return pred

def validation_epoch_end(self, validation_step_outputs):
for pred in validation_step_outputs:
# do something with a pred

Validating with DataParallel

When training using a accelerator that splits data from each batch across GPUs, sometimes you might need to aggre-
gate them on the master GPU for processing (dp, or ddp2).

In this case, implement the validation_step_end method

def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, vy)
pred = ...
return {'loss': loss, 'pred': pred}

def validation_step_end(self, batch_parts):
gpu_0O_prediction = batch_parts.pred[0]['pred']
gpu_1l_prediction = batch_parts.pred[1l]['pred']

# do something with both outputs
return (batch_parts[0]['loss'] + batch_parts[1]['loss']) / 2

def validation_epoch_end(self, wvalidation_step_outputs):
for out in validation_step_outputs:
# do something with preds

The full pseudocode that lighting does under the hood is:

outs = []
for batch in dataloader:
batches = split_batch (batch)

dp_outs = []
for sub_batch in batches:
# 1

dp_out = validation_step (sub_batch)
dp_outs.append (dp_out)

# 2
out = validation_step_end (dp_outs)

outs.append (out)

# do something with the outputs for all batches

(continues on next page)
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# 3
validation_epoch_end (outs)

7.2.3 Test loop

The process for adding a test loop is the same as the process for adding a validation loop. Please refer to the section
above for details.

The only difference is that the test loop is only called when .fest() is used:

model = Model ()
trainer = Trainer|()
trainer.fit ()

# automatically loads the best weights for you
trainer.test (model)

There are two ways to call fest():

# call after training
trainer = Trainer|()
trainer.fit (model)

# automatically auto-loads the best weights
trainer.test (test_dataloaders=test_dataloader)

# or call with pretrained model

model = MyLightningModule.load_from_checkpoint (PATH)
trainer = Trainer ()

trainer.test (model, test_dataloaders=test_dataloader)

7.3 Inference

For research, LightningModules are best structured as systems.

import pytorch lightning as pl
import torch
from torch import nn

class Autoencoder (pl.LightningModule) :

def _ init_ (self, latent_dim=2):
super () .__init__ ()
self.encoder = nn.Sequential (nn.Linear (28 % 28, 256), nn.RelLU(), nn.
—Linear (256, latent_dim))
self.decoder = nn.Sequential (nn.Linear (latent_dim, 256), nn.RelLU(), nn.
—Linear (256, 28 * 28))

def training_step(self, batch, batch_idx):

(continues on next page)
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x, _ = batch

# encode
X = x.view(x.size(0), -1)
z = self.encoder (x)

# decode
recons = self.decoder(z)

# reconstruction
reconstruction_loss = nn.functional.mse_loss (recons, X)
return reconstruction_loss

def validation_step(self, batch, batch_idx):
x, _ = batch
X = x.view(x.size(0), -1)
z = self.encoder (x)
recons = self.decoder (z)
reconstruction_loss = nn.functional.mse_loss (recons, X)
self.log('val_reconstruction', reconstruction_loss)

def configure_optimizers(self):
return torch.optim.Adam(self.parameters (), 1lr=0.0002)

Which can be trained like this:

autoencoder = Autoencoder ()
trainer = pl.Trainer (gpus=1)
trainer.fit (autoencoder, train_dataloader, val_dataloader)

This simple model generates examples that look like this (the encoders and decoders are too weak)

The methods above are part of the lightning interface:
* training_step
* validation_step
* test_step
* configure_optimizers

Note that in this case, the train loop and val loop are exactly the same. We can of course reuse this code.

class Autoencoder (pl.LightningModule) :

def _ init_ (self, latent_dim=2):
super () .__init__ ()
self.encoder = nn.Sequential (nn.Linear (28 = 28, 256), nn.ReLU(), nn.
—Linear (256, latent_dim))

(continues on next page)
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self.decoder = nn.Sequential (nn.Linear (latent_dim, 256), nn.RelLU(), nn.
—Linear (256, 28 * 28))

def training_step(self, batch, batch_idx):
loss = self.shared_step (batch)

return loss
def validation_step(self, batch, batch_idx):
loss = self.shared_step (batch)

self.log('val_loss', loss)

def shared_step(self, batch):
x, _ = batch

# encode

x = x.view(x.size(0), -1)
z = self.encoder (x)

# decode

recons = self.decoder (z)
# loss

return nn.functional.mse_loss (recons, Xx)

def configure_optimizers(self):
return torch.optim.Adam(self.parameters (), 1lr=0.0002)

We create a new method called shared_step that all loops can use. This method name is arbitrary and NOT reserved.

7.3.1 Inference in research

In the case where we want to perform inference with the system we can add a forward method to the LightningModule.

class Autoencoder (pl.LightningModule) :
def forward(self, x):
return self.decoder (x)

The advantage of adding a forward is that in complex systems, you can do a much more involved inference procedure,
such as text generation:

class Seqg2Seq(pl.LightningModule) :

def forward(self, x):
embeddings = self (x)
hidden_states = self.encoder (embeddings)
for h in hidden_states:
# decode

return decoded
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7.3.2 Inference in production

For cases like production, you might want to iterate different models inside a LightningModule.

import pytorch lightning as pl
from pytorch_lightning.metrics import functional as FM

class ClassificationTask (pl.LightningModule) :

def _ init_ (self, model):
super () .__init__ ()
self.model = model

def training_step(self, batch, batch_idx):
%X, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, v)
return loss

def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, vy)
acc = FM.accuracy (y_hat, vy)

metrics = {'val_acc': acc, 'val_loss': loss}
self.log_dict (metrics)
return metrics

def test_step(self, batch, batch_idx):
metrics = self.validation_step (batch, batch_idx)
metrics = {'test_acc': metrics['val_acc'], 'test_loss': metrics['val_loss']}
self.log_dict (metrics)

def configure_optimizers(self):
return torch.optim.Adam(self.model.parameters(), 1lr=0.02)

Then pass in any arbitrary model to be fit with this task

for model in [resnet50(), vggl6(), BidirectionalRNN()]:
task = ClassificationTask (model)

trainer = Trainer (gpus=2)
trainer.fit (task, train_dataloader, val_dataloader)

Tasks can be arbitrarily complex such as implementing GAN training, self-supervised or even RL.

class GANTask (pl.LightningModule) :

def _ _init__ (self, generator, discriminator):
super () .__init__ ()
self.generator = generator
self.discriminator = discriminator

When used like this, the model can be separated from the Task and thus used in production without needing to keep it
in a LightningModule.

* You can export to onnx.

7.3. Inference 43




PyTorch Lightning Documentation, Release 1.3.4

* Or trace using Jit.

e or run in the python runtime.

task = ClassificationTask (model)

trainer = Trainer (gpus=2)
trainer.fit (task, train_dataloader, val_dataloader)

# use model after training or load weights and drop into the production system
model.eval ()
y_hat = model (x)

7.4 LightningModule API

7.4.1 Methods

configure_callbacks

LightningModule.configure_callbacks ()
Configure model-specific callbacks. When the model gets attached, e.g., when .fit () or .test () gets
called, the list returned here will be merged with the list of callbacks passed to the Trainer’s cal lbacks argu-
ment. If a callback returned here has the same type as one or several callbacks already present in the Trainer’s
callbacks list, it will take priority and replace them. In addition, Lightning will make sure Mode ICheckpoint
callbacks run last.

Returns A list of callbacks which will extend the list of callbacks in the Trainer.

Example:

def configure_callbacks (self):
early_stop = EarlyStopping(monitor"val acc", mode="max")
checkpoint = ModelCheckpoint (monitor="val_loss")
return [early_stop, checkpoint]

Note: Certain callback methods like on_init start () will never be invoked on the new callbacks returned
here.

configure_optimizers

LightningModule.configure_optimizers ()
Choose what optimizers and learning-rate schedulers to use in your optimization. Normally you’d need one.
But in the case of GANSs or similar you might have multiple.

Returns
Any of these 6 options.
* Single optimizer.

* List or Tuple of optimizers.
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* Two lists - The first list has multiple optimizers, and the second has multiple LR schedulers
(or multiple Ir_dict).

* Dictionary, with an "optimizer" key, and (optionally) a "1r_scheduler" key
whose value is a single LR scheduler or Ir_dict.

* Tuple of dictionaries as described above, with an optional "frequency" key.

* None - Fit will run without any optimizer.

Note: The Ir_dict is a dictionary which contains the scheduler and its associated configuration. The default
configuration is shown below.

lr_dict = {
'scheduler': lr_scheduler, # The LR scheduler instance (required)
# The unit of the scheduler's step size, could also be 'step'

'interval': 'epoch',

'frequency': 1, # The frequency of the scheduler

'monitor': 'val_loss', # Metric for ‘ReduceLROnPlateau' to monitor
'strict': True, # Whether to crash the training if "monitor’ 1is not found

'name': None, # Custom name for 'LearningRateMonitor' to use

Only the "scheduler" key is required, the rest will be set to the defaults above.

Note: The frequency value specified in a dict along with the opt imizer key is an int corresponding to the
number of sequential batches optimized with the specific optimizer. It should be given to none or to all of the
optimizers. There is a difference between passing multiple optimizers in a list, and passing multiple optimizers
in dictionaries with a frequency of 1: In the former case, all optimizers will operate on the given batch in each
optimization step. In the latter, only one optimizer will operate on the given batch at every step. This is different
from the frequency value specified in the Ir_dict mentioned below.

def configure_optimizers (self):
optimizer_one = torch.optim.SGD (self.model.parameters(), 1lr=0.01)
optimizer_two = torch.optim.SGD (self.model.parameters(), lr=0.01)

return |
{'optimizer': optimizer_one, 'frequency': 5},
{'optimizer': optimizer_two, 'frequency': 10},

In this example, the first optimizer will be used for the first 5 steps, the second optimizer for the next 10 steps
and that cycle will continue. If an LR scheduler is specified for an optimizer using the 1r_scheduler key in
the above dict, the scheduler will only be updated when its optimizer is being used.

Examples:

# most cases
def configure_optimizers(self):
return Adam(self.parameters(), lr=le-3)

# multiple optimizer case (e.g.: GAN)

def configure_optimizers(self):
gen_opt = Adam(self.model_gen.parameters (), lr=0.01)
dis_opt = Adam(self.model_dis.parameters(), 1lr=0.02)
return gen_opt, dis_opt

(continues on next page)
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(continued from previous page)

# example with learning rate schedulers

def configure_optimizers (self):
gen_opt = Adam(self.model_gen.parameters(), 1lr=0.01)
dis_opt = Adam(self.model_dis.parameters(), lr=0.02)
dis_sch = CosineAnnealing(dis_opt, T_max=10)
return [gen_opt, dis_opt], [dis_sch]

# example with step-based learning rate schedulers
def configure_optimizers (self):
gen_opt = Adam(self.model_gen.parameters(), lr=0.01)
dis_opt = Adam(self.model_dis.parameters(), 1lr=0.02)
gen_sch = {'scheduler': ExponentiallR(gen_opt, 0.99),
'interval': 'step'} # called after each training step
dis_sch = CosineAnnealing(dis_opt, T_max=10) # called every epoch
return [gen_opt, dis_opt], [gen_sch, dis_sch]

# example with optimizer frequencies
# see training procedure in "~ Improved Training of Wasserstein GANs' , Algorithm 1
# https://arxiv.org/abs/1704.00028
def configure_optimizers (self):
gen_opt = Adam(self.model_gen.parameters(), lr=0.01)
dis_opt = Adam(self.model_dis.parameters (), 1lr=0.02)

n_critic = 5

return (
{'optimizer': dis_opt, 'frequency': n_critic},
{'optimizer': gen_opt, 'frequency': 1}

Note: Some things to know:
* Lightning calls .backward () and .step () on each optimizer and learning rate scheduler as needed.
* If you use 16-bit precision (precision=16), Lightning will automatically handle the optimizers.

* If you use multiple optimizers, t raining step () will have an additional opt imizer_idx param-
eter.

e If youuse torch.optim.LBFGS, Lightning handles the closure function automatically for you.

* If you use multiple optimizers, gradients will be calculated only for the parameters of current optimizer at
each training step.

* If you need to control how often those optimizers step or override the default . step () schedule, override
the optimizer step () hook.
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forward
LightningModule. forward (*args, **kwargs)
Same as torch.nn.Module. forward ().
Parameters
* xargs{ — Whatever you decide to pass into the forward method.
* xxkwargs{ — Keyword arguments are also possible.
Return type Any

Returns Your model’s output

freeze

LightningModule. freeze ()
Freeze all params for inference.

Example:

model = MyLightningModule(...)
model . freeze ()

Return type None

log

LightningModule.log (name, value, prog_bar=False, logger=True, on_step=None, on_epoch=None,
reduce_fx=torch.mean, thptt_reduce_fx=torch.mean, thptt_pad_token=0,
enable_graph=False, sync_dist=False, sync_dist_op="mean’,
sync_dist_group=None, add_dataloader_idx=True)

Log a key, value

Example:

self.log('train_loss', loss)

The default behavior per hook is as follows

Table 1: * also applies to the test loop

LightningModule Hook on_step on_epoch prog_bar logger
training_step
training_step_end
training_epoch_end
validation_step*
validation_step_end*
validation_epoch_end*

| ™| | T |
I et
| ™| | | | ™
=== = ==

Parameters
* name{ (str)—key name
* value{ (Any) — value name

* prog_bar{ (bool) —if True logs to the progress bar
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* logger{ (bool) —if True logs to the logger

* on_step{ (Optional[bool]) — if True logs at this step. None auto-logs at the train-
ing_step but not validation/test_step

* on_epoch{ (Optional[bool]) — if True logs epoch accumulated metrics. None auto-
logs at the val/test step but not training_step

* reduce_f£fx{J (Callable) — reduction function over step values for end of epoch.
Torch.mean by default

* tbptt_reduce_f£fx{ (Callable) - function to reduce on truncated back prop
* tbptt_pad_token{ (int) — token to use for padding

* enable_graph{ (bool) —if True, will not auto detach the graph

* sync_dist{ (bool) —if True, reduces the metric across GPUs/TPUs

* sync_dist_op{ (Union[Any, str]) —the op to sync across GPUs/TPUs

* sync_dist_group{ (Optionall[Any])— the ddp group to sync across

* add_dataloader_idx{ (bool) —if True, appends the index of the current dataloader
to the name (when using multiple). If False, user needs to give unique names for each
dataloader to not mix values

log_dict

LightningModule.log_dict (dictionary, prog_bar=False, logger=True, on_step=None,
on_epoch=None, reduce_fx=torch.mean, tbptt_reduce_fx=torch.mean,
thptt_pad_token=0, enable_graph=False, sync_dist=Fualse,
sync_dist_op="mean’, sync_dist_group=None,

add_dataloader_idx=True)
Log a dictonary of values at once

Example:

values = {'loss': loss, 'acc': acc, ..., 'metric_n': metric_n}
self.log_dict (values)

Parameters
* dictionary{ (dict) —key value pairs (str, tensors)
* prog_bar{ (bool) —if True logs to the progress base
* logger{ (bool) —if True logs to the logger

* on_step{ (Optional[bool]) — if True logs at this step. None auto-logs for train-
ing_step but not validation/test_step

* on_epoch{ (Optional[bool]) — if True logs epoch accumulated metrics. None auto-
logs for val/test step but not training_step

* reduce_f£x{J (Callable) — reduction function over step values for end of epoch.
Torch.mean by default

* tbptt_reduce_f£fx{ (Callable)— function to reduce on truncated back prop
* tbptt_pad token{ (int) —token to use for padding

* enable_graph{ (bool) —if True, will not auto detach the graph
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e sync_dist{ (bool) — if True, reduces the metric across GPUs/TPUs
* sync_dist_op{ (Union[Any, str]) —the op to sync across GPUs/TPUs

* sync_dist_group{ (Optional[Any])— the ddp group sync across

* add_dataloader_idx{ (bool) — if True, appends the index of the current dataloader
to the name (when using multiple). If False, user needs to give unique names for each

dataloader to not mix values

manual_backward

LightningModule.manual_backward (loss, optimizer=None, *args, **kwargs)

This function forwards all args to the .backward() call as well.
See manual optimization for more examples.

Example:

Call this directly from your training_step when doing optimizations manually. By using this we can ensure that
all the proper scaling when using 16-bit etc has been done for you.

def training_step(...):

opt = self.optimizers()

loss = ...

opt.zero_grad()

# automatically applies scaling, etc...
self.manual_backward(loss)

opt.step ()

print

Return type None

LightningModule.print (*args, **kwargs)

Prints only from process 0. Use this in any distributed mode to log only once.

Parameters

* xargs — The thing to print. The same as for Python’s built-in print function.

* xxkwargs{ — The same as for Python’s built-in print function.

Example:

def forward(self, x):

self.print (x, 'in forward'")

Return type None

7.4. LightningModule API
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predict_step

LightningModule.predict_step (batch, batch_idx, dataloader_idx=None)

Step function called during predict (). By default, it calls forward (). Override to add any processing

logic.
Parameters
* batch{ (Any) — Current batch
e batch_idx{ (int) - Index of current batch
¢ dataloader_idx{ (Optionall[int])— Index of the current dataloader
Return type 2Any

Returns Predicted output

save_hyperparameters

LightningModule.save_hyperparameters (*args, ignore=None, frame=None)
Save model arguments to hparams attribute.

Parameters

* args{ - single object of dict, NameSpace or OmegaConf or string names or arguments

fromclass ___init

* ignore{ (Union[Sequence[str], str, None])— an argument name or a list of argu-

ment names fromclass __init__ to be ignored

* frame{ (Optional[frame])— a frame object. Default is None

Example::

>>> class ManuallyArgsModel (LightningModule) :
def _ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# manually assign arguments
self.save_hyperparameters('argl', 'arg3')
def forward(self, =xargs, =x*kwargs):

>>> model = ManuallyArgsModel (1, 'abc', 3.14)
>>> model.hparams

"argl": 1

"arg3": 3.14

>>> class AutomaticArgsModel (LightningModule) :
def __ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# equivalent automatic
self.save_hyperparameters ()
def forward(self, =xargs, =xxkwargs):

>>> model = AutomaticArgsModel (1, 'abc', 3.14)
>>> model.hparams

"argl": 1

"arg2": abc

"arg3": 3.14
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>>> class SingleArgModel (LightningModule) :
def _ _init__ (self, params):
super () .__init__ ()
# manually assign single argument
self.save_hyperparameters (params)
def forward(self, =xargs, =x*kwargs):

>>> model = SingleArgModel (Namespace (pl=1, p2='abc', p3=3.14))
>>> model.hparams

lell . l
"p2": abc
"p3": 3.14

>>> class ManuallyArgsModel (LightningModule) :
def _ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# pass argument (s) to ignore as a string or in a list
self.save_hyperparameters (ignore='arg2')
def forward(self, xargs, =**kwargs):

>>> model = ManuallyArgsModel (1, 'abc', 3.14)
>>> model.hparams

"argl": 1

"arg3": 3.14

Return type None

test_step

LightningModule.test_step (*args, **kwargs)
Operates on a single batch of data from the test set. In this step you’d normally generate examples or calculate
anything of interest such as accuracy.

# the pseudocode for these calls
test_outs = []
for test_batch in test_data:
out = test_step(test_batch)
test_outs.append (out)
test_epoch_end(test_outs)

Parameters

* batch{ (Tensor | (Tensor,...) | [Tensor,...]) — The output of your DatalLoader.
A tensor, tuple or list.

» batch_idx{ (int)— The index of this batch.

* dataloader_idx{ (int)- The index of the dataloader that produced this batch (only if
multiple test dataloaders used).

Return type Union[Tensor,Dict[str, Any], None]
Returns
Any of.

* Any object or value
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* None - Testing will skip to the next batch

# 1f you have one test dataloader:
def test_step(self, batch, batch_idx)

# 1f you have multiple test dataloaders:
def test_step(self, batch, batch_idx, dataloader_idx)

Examples:

# CASE 1: A single test dataset
def test_step(self, batch, batch_idx):
%X, y = batch

# implement your own
out = self (x)

loss = self.loss(out, V)

# log 6 example images

# or generated text... or whatever
sample_imgs = x[:6]
grid = torchvision.utils.make_grid(sample_imgs)

self.logger.experiment .add_image ('example_images', grid, 0)

# calculate acc
labels_hat = torch.argmax (out, dim=1)
test_acc = torch.sum(y == labels_hat).item() / (len(y) = 1.0)

# log the outputs!
self.log_dict ({'test_loss': loss, 'test_acc': test_acc})

If you pass in multiple test dataloaders, test_step () will have an additional argument.

# CASE 2: multiple test dataloaders
def test_step(self, batch, batch_idx, dataloader_idx):
# dataloader_idx tells you which dataset this is.

Note: If you don’t need to test you don’t need to implement this method.

Note: When the test_step () is called, the model has been put in eval mode and PyTorch gradients have
been disabled. At the end of the test epoch, the model goes back to training mode and gradients are enabled.

test_step_end

LightningModule.test_step_end (*args, **kwargs)
Use this when testing with dp or ddp2 because test_step () will operate on only part of the batch. However,
this is still optional and only needed for things like softmax or NCE loss.

Note: If you later switch to ddp or some other mode, this will still be called so that you don’t have to change
your code.
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# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [test_step(sub_batch) for sub_batch in sub_batches]
test_step_end(batch_parts_outputs)

Parameters batch_parts_outputs{ — What you return in test_step () for each batch
part.

Return type Union[Tensor,Dict[str, Any], None]

Returns None or anything

# WITHOUT test_step_end
# if used in DP or DDP2, this batch is 1/num_gpus large
def test_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

out = self (x)
loss = self.softmax (out)
self.log('test_loss', loss)

# with test_step_end to do softmax over the full batch
def test_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

out = self.encoder (x)
return out

def test_step_end(self, output_results):
# this out is now the full size of the batch
all _test_step_outs = output_results.out
loss = nce_loss(all_test_step_outs)
self.log('test_loss', loss)

See also:
See the Multi-GPU training guide for more details.
test_epoch_end

LightningModule.test_epoch_end (outputs)
Called at the end of a test epoch with the output of all test steps.

# the pseudocode for these calls
test_outs = []
for test_batch in test_data:
out = test_step(test_batch)
test_outs.append (out)
test_epoch_end(test_outs)

Parameters outputs{ (List[Union[Tensor, Dict[str, Any]]]) — List of outputs you de-
fined in test_step_end (), or if there are multiple dataloaders, a list containing a list of
outputs for each dataloader

7.4. LightningModule API
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Return type None

Returns None

Note: If youdidn’tdefine a test_step (), this won’t be called.

Examples

With a single dataloader:

def test_epoch_end(self, outputs):
# do something with the outputs of all test batches
all_test_preds = test_step_outputs.predictions

some_result = calc_all_results(all_test_preds)
self.log(some_result)

With multiple dataloaders, outputs will be a list of lists. The outer list contains one entry per dataloader, while
the inner list contains the individual outputs of each test step for that dataloader.

def test_epoch_end(self, outputs):
final_value = 0
for dataloader_outputs in outputs:
for test_step_out in dataloader_outputs:
# do something
final_value += test_step_out

self.log('final metric', final_value)

to_onnx
LightningModule.to_onnx (file_path, input_sample=None, **kwargs)
Saves the model in ONNX format
Parameters

* file_path{ (Union[str, Path])— The path of the file the onnx model should be saved
to.

* input_sample{ (Optional[Any]) — An input for tracing. Default: None (Use
self.example_input_array)

* xxkwargs{ — Will be passed to torch.onnx.export function.
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Example

>>> class SimpleModel (LightningModule) :
def __ _init__ (self):
super () .__init__ ()
self.1ll = torch.nn.Linear (in_features=64, out_features=4)

def forward(self, x):
return torch.relu(self.ll(x.view(x.size(0), -1)))

>>> with tempfile.NamedTemporaryFile (suffix='.onnx', delete=False) as tmpfile:
model = SimpleModel ()
input_sample = torch.randn((1, 64))
model.to_onnx (tmpfile.name, input_sample, export_params=True)
os.path.isfile (tmpfile.name)

True

to_torchscript

LightningModule.to_torchscript (file_path=None, method="script’, example_inputs=None,

**kwargs)
By default compiles the whole model to a ScriptModule. If you want to use tracing, please provided the

argument method="trace’ and make sure that either the example_inputs argument is provided, or the model has
self.example_input_array set. If you would like to customize the modules that are scripted you should override
this method. In case you want to return multiple modules, we recommend using a dictionary.

Parameters

e file_path{ (Union[str, Path, None])— Path where to save the torchscript. Default:
None (no file saved).

* method{ (Optional[str])— Whether to use TorchScript’s script or trace method. De-
fault: ‘script’

* example_inputs{ (Optional[Any])— Aninput to be used to do tracing when method
is set to ‘trace’. Default: None (Use self.example_input_array)

* xxkwargs{ — Additional arguments that will be passed to the torch. jit.script ()
ortorch.jit.trace () function.

Note:
* Requires the implementation of the forward () method.
» The exported script will be set to evaluation mode.

* It is recommended that you install the latest supported version of PyTorch to use this feature without
limitations. See also the torch. jit documentation for supported features.
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Example

>>> class SimpleModel (LightningModule) :
def __ _init__ (self):
super () .__init__ ()
self.1ll = torch.nn.Linear (in_features=64, out_features=4)

def forward(self, x):
return torch.relu(self.ll(x.view(x.size(0), -1)))

>>> model = SimpleModel ()

>>> torch.jit.save (model.to_torchscript (), "model.pt")

>>> os.path.isfile("model.pt™)

>>> torch.jit.save (model.to_torchscript (file_path="model_ trace.pt", method='trace
;"l

ce example_inputs=torch.randn (1, 64)))

>>> os.path.isfile("model_trace.pt")
True

Return type Union[ScriptModule, Dict[str, ScriptModule]]

Returns This LightningModule as a torchscript, regardless of whether file_path is defined or not.

training_step
LightningModule.training step (*args, **kwargs)
Here you compute and return the training loss and some additional metrics for e.g. the progress bar or logger.
Parameters

* batch{ (Tensor | (Tensor,...) | [Tensor,...]) — The output of your DatalL.oader.
A tensor, tuple or list.

* batch_idx{ (int) - Integer displaying index of this batch

* optimizer_idx{ (int) - When using multiple optimizers, this argument will also be
present.

* hiddens{ (Tensor)—Passed in if t runcated _bptt_steps > 0.
Return type Union[Tensor,Dict[str, Any]]
Returns
Any of.
* Tensor - The loss tensor
* dict - A dictionary. Can include any keys, but must include the key 'loss'

* None - Training will skip to the next batch

Note: Returning None is currently not supported for multi-GPU or TPU, or with 16-bit precision enabled.

In this step you’d normally do the forward pass and calculate the loss for a batch. You can also do fancier things
like multiple forward passes or something model specific.

Example:
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def training step(self, batch, batch_idx):
x, y, z = batch
out = self.encoder (x)
loss = self.loss (out, x)
return loss

If you define multiple optimizers, this step will be called with an additional opt imizer_ idx parameter.

# Multiple optimizers (e.g.: GANs)
def training_step(self, batch, batch_idx, optimizer_idx):
if optimizer_idx ==
# do training step with encoder
if optimizer_idx ==
# do training step with decoder

If you add truncated back propagation through time you will also get an additional argument with the hidden
states of the previous step.

# Truncated back-propagation through time
def training_step(self, batch, batch_idx, hiddens) :
# hiddens are the hidden states from the previous truncated backprop step

out, hiddens = self.lstm(data, hiddens)

return {'loss': loss, 'hiddens': hiddens}

Note: The loss value shown in the progress bar is smoothed (averaged) over the last values, so it differs from
the actual loss returned in train/validation step.

training_step_end

LightningModule.training step_end (*args, **kwargs)
Use this when training with dp or ddp2 because t raining step () will operate on only part of the batch.
However, this is still optional and only needed for things like softmax or NCE loss.

Note: If you later switch to ddp or some other mode, this will still be called so that you don’t have to change
your code

# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [training_step (sub_batch) for sub_batch in sub_batches]
training_step_end (batch_parts_outputs)

Parameters batch_parts_outputs{ — What you return in training_step for each batch part.
Return type Union[Tensor,Dict[str, Any]]

Returns Anything

When using dp/ddp2 distributed backends, only a portion of the batch is inside the training_step:
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def training step(self, batch, batch_idx):
# batch is 1/num_gpus big
x, y = batch

out = self (x)

# softmax uses only a portion of the batch in the denomintaor
loss = self.softmax (out)

loss = nce_loss (loss)

return loss

If you wish to do something with all the parts of the batch, then use this method to do it:

def training step(self, batch, batch_idx):
# batch is 1/num_gpus big
x, y = batch

out = self.encoder (x)
return {'pred': out}

def training_step_end(self, training_step_outputs) :
gpu_0_pred = training_step_outputs[0]['pred"']
gpu_1l_pred training_step_outputs[l]['pred']
gpu_n_pred = training_step_outputs[n]['pred']

# this softmax now uses the full batch
loss = nce_loss([gpu_0_pred, gpu_l_pred, gpu_n_pred])
return loss

See also:

See the Multi-GPU training guide for more details.
training_epoch_end
LightningModule.training_epoch_end (outputs)

Called at the end of the training epoch with the outputs of all training steps. Use this in case you need to do
something with all the outputs for every training_step.

# the pseudocode for these calls
train_outs = []
for train_batch in train_data:
out = training_step(train_batch)
train_outs.append (out)
training_epoch_end(train_outs)

Parameters outputs{ (List[Union[Tensor, Dict[str, Any]]]) — List of outputs you de-
fined in training step (), or if there are multiple dataloaders, a list containing a list of
outputs for each dataloader.

Return type None

Returns None

Note: If this method is not overridden, this won’t be called.
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Example:

def training_epoch_end(self, training_step_outputs):
# do something with all training step outputs
return result

With multiple dataloaders, outputs will be a list of lists. The outer list contains one entry per dataloader,

while the inner list contains the individual outputs of each training step for that dataloader.

def training_epoch_end(self, training_step_outputs) :
for out in training_step_outputs:
# do something here

unfreeze

LightningModule.unfreeze ()
Unfreeze all parameters for training.

model = MyLightningModule(...)
model .unfreeze ()

Return type None

validation_step

LightningModule.validation_step (*args, **kwargs)

Operates on a single batch of data from the validation set. In this step you’d might generate examples or calculate

anything of interest like accuracy.

# the pseudocode for these calls
val_outs = []
for val_batch in val_data:
out = validation_step(val_batch)
val_outs.append (out)
validation_epoch_end(val_outs)

Parameters

* batch{ (Tensor | (Tensor,...) | [Tensor,...]) — The output of your DatalLoader.
A tensor, tuple or list.

e batch_idx{ (int) — The index of this batch

* dataloader_idx{ (int)- The index of the dataloader that produced this batch (only if
multiple val dataloaders used)

Return type Union[Tensor,Dict[str, Any], None]
Returns
Any of.
* Any object or value

* None - Validation will skip to the next batch
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# pseudocode of order

val_outs = []

for val_batch in val_data:
out = validation_step (val_batch)
if defined('validation_step_end'"):

out = validation_step_end(out)

val_outs.append (out)

val_outs = validation_epoch_end(val_outs)

# 1if you have one val dataloader:
def validation_step(self, batch, batch_idx)

# 1if you have multiple val dataloaders:
def validation_step(self, batch, batch_idx, dataloader_idx)

Examples:

# CASE 1: A single validation dataset
def validation_step(self, batch, batch_idx):
x, y = batch

# implement your own
out = self (x)
loss = self.loss(out, V)

# log 6 example images

# or generated text... or whatever

sample_imgs = x[:6]

grid = torchvision.utils.make_grid(sample_imgs)
self.logger.experiment .add_image ('example_images', grid, 0)

# calculate acc
labels_hat = torch.argmax (out, dim=1)
val_acc = torch.sum(y == labels_hat) .item() / (len(y) = 1.0)

# log the outputs!
self.log_dict ({'val_loss': loss, 'val_ acc': val_acc})

If you pass in multiple val dataloaders, validation step () will have an additional argument.

# CASE 2: multiple validation dataloaders
def validation_step(self, batch, batch_idx, dataloader_idx):
# dataloader_idx tells you which dataset this 1is.

Note: If you don’t need to validate you don’t need to implement this method.

Note: Whenthe validation_step () iscalled, the model has been put in eval mode and PyTorch gradients
have been disabled. At the end of validation, the model goes back to training mode and gradients are enabled.

60 Chapter 7. LightningModule



PyTorch Lightning Documentation, Release 1.3.4

validation_step_end

LightningModule.validation_step_end (*args, **kwargs)

Use this when validating with dp or ddp2 because validation_step () will operate on only part of the
batch. However, this is still optional and only needed for things like softmax or NCE loss.

Note: If you later switch to ddp or some other mode, this will still be called so that you don’t have to change
your code.

# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [validation_step (sub_batch) for sub_batch in sub_batches]
validation_step_end(batch_parts_outputs)

Parameters batch_parts_outputs{ — What you return in validation_ step () for each
batch part.

Return type Union[Tensor,Dict[str, Any], None]

Returns None or anything

# WITHOUT validation_step_end
# if used in DP or DDP2, this batch is 1/num_gpus large
def validation_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

out = self.encoder (x)
loss = self.softmax (out)
loss = nce_loss (loss)

self.log('val_loss', loss)

# with validation_step_end to do softmax over the full batch
def validation_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

out = self (x)
return out

def validation_step_end(self, val_step_outputs):
for out in val_step_outputs:
# do something with these

See also:

See the Multi-GPU training guide for more details.
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validation_epoch_end

LightningModule.validation_epoch_end (outputs)
Called at the end of the validation epoch with the outputs of all validation steps.

# the pseudocode for these calls
val_outs = []
for val_batch in val_data:
out = validation_step(val_batch)
val_outs.append (out)
validation_epoch_end(val_outs)

Parameters outputs{ (List[Union[Tensor, Dict[str, Any]]]) — List of outputs you de-
fined in validation_step (), or if there are multiple dataloaders, a list containing a list of
outputs for each dataloader.

Return type None

Returns None

Note: If youdidn’tdefinea validation_step (), this won’t be called.

Examples

With a single dataloader:

def validation_epoch_end(self, val_step_outputs):
for out in val_step_outputs:
# do something

With multiple dataloaders, outputs will be a list of lists. The outer list contains one entry per dataloader, while
the inner list contains the individual outputs of each validation step for that dataloader.

def validation_epoch_end(self, outputs):
for dataloader_output_result in outputs:
dataloader_outs = dataloader_output_result.dataloader_i_outputs

self.log('final metric', final_value)

write_prediction

LightningModule.write_prediction (name, value, filename='predictions.pt’)
Write predictions to disk using torch. save

Example:

self.write_prediction('pred', torch.tensor(...), filename='my_predictions.pt")

Parameters
* name{ (str)— a string indicating the name to save the predictions under

* valuef (Union[Tensor, List[Tensor]]) — the predictions, either a single Tensor
or a list of them
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* filename{ (str)—name of the file to save the predictions to

Note: when running in distributed mode, calling write_prediction will create a file for each device with
respective names: filename_rank_0.pt, filename_rank_1.pt,...

write_prediction_dict

LightningModule.write_prediction_dict (predictions_dict, filename='predictions.pt’)
Write a dictonary of predictions to disk at once using torch.save

Example:

pred_dict = {'predl': torch.tensor(...), 'pred2': torch.tensor(...)}
self.write_prediction_dict (pred_dict)

Parameters predictions_dict{ (Dict[str, Any])—dict containing predictions, where each
prediction should either be single Tensor or a list of them

Note: when running in distributed mode, calling write_prediction_dict will create a file for each
device with respective names: filename_rank_0.pt, filename_rank_1.pt,...

7.4.2 Properties

These are properties available in a LightningModule.

current_epoch

The current epoch

def training_step(...):
if self.current_epoch == 0:

device

The device the module is on. Use it to keep your code device agnostic

def training _step(...):
z = torch.rand (2, 3, device=self.device)
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global_rank
The global_rank of this LightningModule. Lightning saves logs, weights etc only from global_rank = 0. You normally
do not need to use this property

Global rank refers to the index of that GPU across ALL GPUs. For example, if using 10 machines, each with 4 GPUs,
the 4th GPU on the 10th machine has global_rank = 39

global_step

The current step (does not reset each epoch)

def training_step(...):
self.logger.experiment.log_image (..., step=self.global_step)

hparams

The arguments saved by calling save_hyperparameters passed through __init__ () could be accessed
by the hparams attribute.

def _ _init__ (self, learning_rate):
self.save_hyperparameters ()

def configure_optimizers(self):
return Adam(self.parameters (), lr=self.hparams.learning_rate)

logger

The current logger being used (tensorboard or other supported logger)

def training_step(...):
# the generic logger (same no matter if tensorboard or other supported logger)
self.logger

# the particular logger
tensorboard_logger = self.logger.experiment

local_rank
The local_rank of this LightningModule. Lightning saves logs, weights etc only from global_rank = 0. You normally
do not need to use this property

Local rank refers to the rank on that machine. For example, if using 10 machines, the GPU at index 0 on each machine
has local_rank = 0.
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precision

The type of precision used:

def training_step(...):
if self.precision == 16:

trainer

Pointer to the trainer

def training_step(...):
max_steps = self.trainer.max_steps
any_flag = self.trainer.any_flag

use_amp

True if using Automatic Mixed Precision (AMP)

automatic_optimization

When set to False, Lightning does not automate the optimization process. This means you are responsible for
handling your optimizers. However, we do take care of precision and any accelerators used.

See manual optimization for details.

def _ init_ (self):
self.automatic_optimization = False

def training_step(self, batch, batch_idx):
opt = self.optimizers (use_pl_optimizer=True)

loss =

opt.zero_grad()
self.manual_backward (loss)
opt.step ()

This is recommended only if using 2+ optimizers AND if you know how to perform the optimization procedure prop-
erly. Note that automatic optimization can still be used with multiple optimizers by relying on the optimizer_idx
parameter. Manual optimization is most useful for research topics like reinforcement learning, sparse coding, and
GAN research.

def _ init_ (self):
self.automatic_optimization = False

def training_step(self, batch, batch_idx):
# access your optimizers with use_pl_ optimizer=False. Default is True
opt_a, opt_b = self.optimizers (use_pl_optimizer=True)

(continues on next page)
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gen_loss =

opt_a.zero_grad()
self.manual_backward(gen_loss)
opt_a.step ()

disc_loss = .
opt_b.zero_grad()
self.manual_backward(disc_loss)
opt_b.step ()

example_input_array

Set and access example_input_array which is basically a single batch.

def _ init_ (self):
self.example_input_array =
self.generator =

def on_train_epoch_end(...):
# generate some images using the example input_array
gen_images = self.generator (self.example_input_array)

datamodule

Set or access your datamodule.

def configure_optimizers(self):

num_training_samples = len(self.trainer.datamodule.train_dataloader())

model_size

Get the model file size (in megabytes) using self.model_size inside LightningModule.

7.4.3 truncated_bptt_steps

Truncated back prop breaks performs backprop every k steps of a much longer sequence.

If this is enabled, your batches will automatically get truncated and the trainer will apply Truncated Backprop to it.

(Williams et al. “An efficient gradient-based algorithm for on-line training of recurrent network trajectories.”)

Tutorial
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from pytorch_lightning import LightningModule
class MyModel (LightningModule) :

def _ init_ (self):
super () .__init__ ()
# Important: This property activates truncated backpropagation through time
# Setting this value to 2 splits the batch into sequences of size 2
self.truncated_bptt_steps = 2

# Truncated back-propagation through time
def training_step(self, batch, batch_idx, hiddens):
# the training step must be updated to accept a ' "hiddens’'  argument
# hiddens are the hiddens from the previous truncated backprop step
out, hiddens = self.lstm(data, hiddens)
return {
"loss": ...,
"hiddens": hiddens

Lightning takes care to split your batch along the time-dimension.

# we use the second as the time dimension
# (batch, time, ...)
sub_batch = batch[0, 0:t, ...]

To modify how the batch is split, override pytorch_lightning.core.LightningModule.
tbhptt_split_batch():

class LitMNIST (LightningModule) :
def tbptt_split_batch(self, batch, split_size):
# do your own splitting on the batch
return splits

7.4.4 Hooks

This is the pseudocode to describe how all the hooks are called during acall to . £it ().

def fit(...):
if global_rank == 0:
# prepare data is called on GLOBAL ZERO only
prepare_data()
configure_callbacks ()

on_fit_start ()

for gpu/tpu in gpu/tpus:
train_on_device (model.copy())

on_fit_end()

def train_on_device (model) :
# setup is called PER DEVICE

(continues on next page)
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def

def

setup ()
configure_optimizers()
on_pretrain_routine_start ()

for epoch in epochs:
train_loop ()

teardown ()

train_loop() :
on_epoch_start ()
on_train_epoch_start ()
train_outs = []

for train_batch in train_dataloader () :

on_train_batch_start ()

# - train step methods ——————-

out = training_step (batch)
train_outs.append (out)

loss = out.loss

on_before_zero_grad()
optimizer_zero_grad()

backward ()
on_after_backward()

optimizer_step ()
on_train_batch_end (out)

if should_check_val:
val_loop()

# end training epoch
training_epoch_end (outs)
on_train_epoch_end (outs)
on_epoch_end ()

val_loop () :
model.eval ()
torch.set_grad_enabled (False)

on_epoch_start ()

on_validation_epoch_start ()

val_outs = []

for val _batch in val_dataloader () :
on_validation_batch_start ()

# - val step methods —————-—-

out = validation_step(val_batch)
val_outs.append (out)

on_validation_batch_end (out)

validation_epoch_end (val_outs)

(continues on next page)
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on_validation_epoch_end()
on_epoch_end ()

# set up for train
model.train ()
torch.set_grad_enabled (True)

backward
LightningModule .backward (loss, optimizer, optimizer_idx, *args, **kwargs)
Override backward with your own implementation if you need to.
Parameters
* loss{ (Tensor) — Loss is already scaled by accumulated grads
* optimizer{ (Optimizer) - Current optimizer being used
* optimizer_idx{ (int) - Index of the current optimizer being used

Called to perform backward step. Feel free to override as needed. The loss passed in has already been scaled
for accumulated gradients if requested.

Example:

def backward(self, loss, optimizer, optimizer_idx):
loss.backward()

Return type None

get_progress_bar_dict

LightningModule.get_progress_bar_dict ()
Implement this to override the default items displayed in the progress bar. By default it includes the average loss
value, split index of BPTT (if used) and the version of the experiment when using a logger.

Epoch 1: 1% | | 40/1095 [00:03<01:37, 10.84it/s, loss=4.501, v_num=10]

Here is an example how to override the defaults:

def get_progress_bar_dict (self):
# don't show the version number
items = super () .get_progress_bar_dict ()
items.pop ("v_num", None)
return items

Return type Dict[str, Union[int, str]]

Returns Dictionary with the items to be displayed in the progress bar.
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on_after_backward

ModelHooks.on_after backward()

Called in the training loop after loss.backward() and before optimizers do anything. This is the ideal place to

inspect or log gradient information.

Example:

def on_after_backward(self) :
# example to inspect gradient information in tensorboard
if self.trainer.global_step % 25 == 0: # don't make the tf file huge
for k, v in self.named_parameters():
self.logger.experiment.add_histogram(
tag=k, values=v.grad, global_step=self.trainer.global_step

)

Return type None

on_before_zero_grad

ModelHooks.on_before_zero_grad (optimizer)
Called after training_step () and before optimizer.zero_grad().

Called in the training loop after taking an optimizer step and before zeroing grads. Good place to inspect weight

information with weights updated.

This is where it is called:

for optimizer in optimizers:
out = training_step(...)

model.on_before_zero_grad(optimizer) # < ———- called here
optimizer.zero_grad()

backward ()

Parameters optimizer{ (Optimizer)— The optimizer for which grads should be zeroed.

Return type None

on_fit_start

ModelHooks.on_fit_start ()
Called at the very beginning of fit. If on DDP it is called on every process

Return type None
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on_fit_end
ModelHooks.on_£fit_end()
Called at the very end of fit. If on DDP it is called on every process

Return type None

on_load_checkpoint

CheckpointHooks.on_load_checkpoint (checkpoint)
Called by Lightning to restore your model. If you saved something with on_save_checkpoint () this is
your chance to restore this.

Parameters checkpoint{ (Dict[str, Any])— Loaded checkpoint

Example:

def on_load_checkpoint (self, checkpoint):
# 99% of the time you don't need to implement this method
self.something cool_i_want_to_save = checkpoint|['something cool i _want_to_save

<]

Note: Lightning auto-restores global step, epoch, and train state including amp scaling. There is no need for
you to restore anything regarding training.

Return type None

on_save_checkpoint

CheckpointHooks.on_save_checkpoint (checkpoint)
Called by Lightning when saving a checkpoint to give you a chance to store anything else you might want to
save.

Parameters checkpoint{ (Dict[str, Any])— Checkpoint to be saved

Example:

def on_save_checkpoint (self, checkpoint):
# 99% of use cases you don't need to implement this method
checkpoint ['something cool_i_want_to_save'] = my_cool_pickable_object

Note: Lightning saves all aspects of training (epoch, global step, etc...) including amp scaling. There is no
need for you to store anything about training.

Return type None
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on_train_start

ModelHooks.on_train_start ()
Called at the beginning of training after sanity check.

Return type None

on_train_end

ModelHooks.on_train end()

Called at the end of training before logger experiment is closed.

Return type None

on_validation_start

ModelHooks.on_validation_start ()
Called at the beginning of validation.

Return type None
on_validation_end

ModelHooks.on_validation_end()
Called at the end of validation.

Return type None

on_pretrain_routine_start

ModelHooks.on_pretrain_routine_start ()

Called at the beginning of the pretrain routine (between fit and train start).

o fit
e pretrain_routine start
e pretrain_routine end

* training_start

Return type None

on_pretrain_routine_end

ModelHooks.on_pretrain_routine_end()

Called at the end of the pretrain routine (between fit and train start).

o fit
* pretrain_routine start
e pretrain_routine end

e training_start

Return type None
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on_test batch_start
ModelHooks.on_test_batch_start (batch, batch_idx, dataloader_idx)
Called in the test loop before anything happens for that batch.
Parameters
* batch{ (Any) — The batched data as it is returned by the test Datal.oader.
* batch_idx{ (int) — the index of the batch
e dataloader_idx{ (int) — the index of the dataloader

Return type None

on_test_batch_end
ModelHooks.on_test_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the test loop after the batch.
Parameters

» outputs{ (Union[Tensor, Dict[str, Any], None]) — The outputs of
test_step_end(test_step(x))

* batch{ (Any) — The batched data as it is returned by the test Datal.oader.
e batch_idx{ (int) — the index of the batch
* dataloader_idx{ (int) — the index of the dataloader

Return type None

on_test_epoch_start

ModelHooks.on_test_epoch_start ()
Called in the test loop at the very beginning of the epoch.

Return type None

on_test_epoch_end

ModelHooks.on_test_epoch_end()
Called in the test loop at the very end of the epoch.

Return type None

on_test_end

ModelHooks.on_test_end ()
Called at the end of testing.

Return type None
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on_train_batch_start
ModelHooks.on_train_batch_start (batch, batch_idx, dataloader_idx)
Called in the training loop before anything happens for that batch.
If you return -1 here, you will skip training for the rest of the current epoch.
Parameters
* batch{ (Any) — The batched data as it is returned by the training Datal.oader.
* batch_idx{ (int) — the index of the batch
¢ dataloader_idx{ (int) — the index of the dataloader

Return type None

on_train_batch_end
ModelHooks.on_train_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the training loop after the batch.
Parameters

* outputsf (Union[Tensor, Dict[str, Any]]) - The outputs of train-
ing_step_end(training_step(X))

* batch{ (Any) — The batched data as it is returned by the training Datal.oader.
* batch_idx{ (int) - the index of the batch
¢ dataloader_idx{ (int) — the index of the dataloader

Return type None

on_epoch_start

ModelHooks.on_epoch_start ()
Called when either of train/val/test epoch begins.

Return type None

on_epoch_end

ModelHooks.on_epoch_end ()
Called when either of train/val/test epoch ends.

Return type None
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on_train_epoch_start
ModelHooks.on_train_epoch_start ()
Called in the training loop at the very beginning of the epoch.

Return type None

on_train_epoch_end
ModelHooks.on_train_epoch_end (unused=None)
Called in the training loop at the very end of the epoch.
To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule OR

2. Cache data across steps on the attribute(s) of the LightningModule and access them in this hook

on_validation_batch_start
ModelHooks.on_validation_batch_start (batch, batch_idx, dataloader_idx)
Called in the validation loop before anything happens for that batch.
Parameters
* batch{ (Any) — The batched data as it is returned by the validation DatalLoader.
e batch_idx{ (int) — the index of the batch
* dataloader_idx{ (int) — the index of the dataloader

Return type None

on_validation_batch_end
ModelHooks.on_validation_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the validation loop after the batch.
Parameters

* outputs{ (Union[Tensor, Dict[str, Any], None]) — The outputs of valida-
tion_step_end(validation_step(x))

* batch{ (Any) — The batched data as it is returned by the validation Datal.oader.
e batch_idx{ (int) — the index of the batch
e dataloader_ idx{ (int) — the index of the dataloader

Return type None
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on_validation_epoch_start
ModelHooks.on_validation_epoch_start ()
Called in the validation loop at the very beginning of the epoch.

Return type None

on_validation_epoch_end
ModelHooks.on_validation_epoch_end ()
Called in the validation loop at the very end of the epoch.

Return type None

on_post_move_to_device

ModelHooks.on_post_move_to_device ()
Called in the parameter_validation decorator after to () is called. This is a good place to tie weights
between modules after moving them to a device. Can be used when training models with weight sharing prop-
erties on TPU.

Addresses the handling of shared weights on TPU: https://github.com/pytorch/xla/blob/master/
TROUBLESHOOTING.md#xla-tensor-quirks

Example:

def on_post_move_to_device (self):
self.decoder.weight = self.encoder.weight

Return type None

on_validation_model_eval

ModelHooks.on_validation_model_eval ()
Sets the model to eval during the val loop

Return type None

on_validation_model_train

ModelHooks.on_validation_model_train ()
Sets the model to train during the val loop

Return type None
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on_test_model_eval

ModelHooks.on_test_model_eval ()
Sets the model to eval during the test loop

Return type None

on_test_model_train

ModelHooks.on_test_model train()
Sets the model to train during the test loop

Return type None

optimizer_step

LightningModule.optimizer_step (epoch=None, batch_idx=None,  optimizer=None,  opti-

mizer_idx=None,  optimizer_closure=None, on_tpu=None,
using_native_amp=None, using_lbfgs=None)

Override this method to adjust the default way the Trainer calls each optimizer. By default, Lightning calls
step () and zero_grad () as shown in the example once per optimizer.

Warning: If you are overriding this method, make sure that you pass the optimizer_closure param-
eterto optimizer.step () function as shown in the examples. This ensures that training_step (),
optimizer.zero_grad (), backward () are called within run_training_batch ().

Parameters

Examples:

epoch{ (Optionallint])— Current epoch
batch_idx{ (Optionall[int]) - Index of current batch
optimizer{ (Optional[Optimizer])— A PyTorch optimizer

optimizer_idx{ (Optionall[int]) — If you used multiple optimizers, this indexes
into that list.

optimizer_ closure{ (Optional[Callable])- Closure for all optimizers
on_tpuf (Optional[bool])— True if TPU backward is required
using_native_amp{ (Optional[bool])— True if using native amp

using_1lbfgs{ (Optional[bool]) — True if the matching optimizer is torch.
optim.LBFGS

# DEFAULT

def optimizer_step(self, epoch, batch_idx, optimizer, optimizer_idx,

optimizer_closure, on_tpu, using_native_amp, using_lbfgs):

optimizer.step(closure=optimizer_closure)

# Alternating schedule for optimizer steps (i.e.: GANs)
def optimizer_step(self, epoch, batch_idx, optimizer, optimizer_idx,

optimizer_closure, on_tpu, using_native_amp, using_lbfgs):

(continues on next page)
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# update generator opt every step
if optimizer_idx ==
optimizer.step (closure=optimizer_closure)

# update discriminator opt every 2 steps
if optimizer_idx ==
if (batch_idx + 1) % 2 ==
optimizer.step(closure=optimizer_closure)

#
# add as many optimizers as you want

Here’s another example showing how to use this for more advanced things such as learning rate warm-up:

# learning rate warm-up
def optimizer_step(self, epoch, batch_idx, optimizer, optimizer_idx,
optimizer_closure, on_tpu, using_native_amp, using_lbfgs):
# warm up 1r
if self.trainer.global_step < 500:
lr_scale = min(l., float(self.trainer.global_step + 1) / 500.)
for pg in optimizer.param groups:
pgl'lr'] = lr_scale % self.learning_rate

# update params
optimizer.step(closure=optimizer_closure)

Return type None

optimizer_zero_grad
LightningModule.optimizer_zero_grad (epoch, batch_idx, optimizer, optimizer_idx)
Override this method to change the default behaviour of optimizer.zero_grad().
Parameters
* epoch{ (int) — Current epoch
e batch_idx{ (int) - Index of current batch
* optimizer{ (Optimizer)— A PyTorch optimizer
* optimizer_ idx{ (int)-If you used multiple optimizers this indexes into that list.

Examples:

# DEFAULT
def optimizer_zero_grad(self, epoch, batch_idx, optimizer, optimizer_idx):
optimizer.zero_grad()

# Set gradients to "None ' 1instead of zero to improve performance.
def optimizer_zero_grad(self, epoch, batch_idx, optimizer, optimizer_idx):
optimizer.zero_grad(set_to_none=True)

See torch.optim.Optimizer.zero_grad () for the explanation of the above example.
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prepare_data

LightningModule.prepare_data ()
Use this to download and prepare data.

DDP/TPU

Warning: DO NOT set state to the model (use sefup instead) since this is NOT called on every GPU in

Example:

def prepare_data(self):
# good
download_data ()
tokenize ()
etc()

# bad
self.split = data_split
self.some_state = some_other_state ()

In DDP prepare_data can be called in two ways (using Trainer(prepare_data_per_node)):

1. Once per node. This is the default and is only called on LOCAL_RANK=0.
2. Once in total. Only called on GLOBAL_RANK=0.

Example:

# DEFAULT
# called once per node on LOCAL_RANK=0 of that node
Trainer (prepare_data_per_node=True)

# call on GLOBAIL_RANK=0 (great for shared file systems)
Trainer (prepare_data_per_node=False)

This is called before requesting the dataloaders:

model .prepare_data ()

if ddp/tpu: init ()
model.setup (stage)
model.train_dataloader ()
model.val_dataloader ()
model .test_dataloader ()

Return type None
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setup

DataHooks . setup (stage=None)
Called at the beginning of fit (train + validate), validate, test, and predict. This is a good hook when you need

to build models dynamically or adjust something about them. This hook is called on every process when using
DDP.
Parameters stagef (Optional[str]) — either 'fit', 'validate', 'test', or
'predict'’

Example:

class LitModel (...):
def _ init__ (self):
self.11 = None

def prepare_data(self):
download_data ()
tokenize ()

# don't do this
self.something = else

def setup(stage):
data = Load_data(...)
self.ll = nn.Linear (28, data.num_classes)

Return type None

tbptt_split_batch

LightningModule.tbptt_split_batch (batch, split_size)
When using truncated backpropagation through time, each batch must be split along the time dimension. Light-

ning handles this by default, but for custom behavior override this function.
Parameters
¢ batch{ (Tensor) — Current batch
* split_size{ (int) - The size of the split

Return type 1ist

Returns List of batch splits. Each split will be passed to training step () to enable trun-
cated back propagation through time. The default implementation splits root level Tensors and
Sequences at dim=1 (i.e. time dim). It assumes that each time dim is the same length.

Examples:

def tbptt_split_batch(self, batch, split_size):
splits = []
for t in range (0, time_dims[0], split_size):
batch_split = []
for i, x in enumerate (batch) :
if isinstance(x, torch.Tensor):

split_x = x[:, t:t + split_size]
elif isinstance(x, collections.Sequence):
split_x = [None] »* len (x)
(continues on next page)
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(continued from previous page)

for batch_idx in range(len(x)):
split_x[batch_idx] = x[batch_idx][t:t + split_size]

batch_split.append(split_x)
splits.append (batch_split)

return splits

Note: Called in the training loop after on_batch start () if truncated _bptt_steps > 0. Each
returned batch split is passed separately to t raining step ().

teardown
DataHooks.teardown (stage=None)
Called at the end of fit (train + validate), validate, test, predict, or tune.

Parameters stagef (Optional[str]) — either 'fit', 'wvalidate', 'test', or
'predict'’

Return type None

train_dataloader
DataHooks.train dataloader ()
Implement one or more PyTorch Datal.oaders for training.
Return type Union[Dataloader, List[DataLoader],Dict[str, DataLoader]]

Returns FEither a single PyTorch DataLoader or a collection of these (list, dict, nested lists and
dicts). In the case of multiple dataloaders, please see this page

The  dataloader you return will not be called every epoch unless you  set
reload_dataloaders_every_epochto True.

For data processing use the following pattern:
e download in prepare_data ()
e process and splitin setup ()

However, the above are only necessary for distributed processing.

Warning: do not assign state in prepare_data

e fit ()

* prepare_data ()
e setup/()

e train dataloader()
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Note: Lightning adds the correct sampler for distributed and arbitrary hardware. There is no need to set it
yourself.

Example:

# single dataloader
def train_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.5,), (1.0,))1)
dataset = MNIST (root='/path/to/mnist/', train=True, transform=transform,
download=True)
loader torch.utils.data.DataLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=True

)

return loader

# multiple dataloaders, return as list
def train_dataloader (self):
mnist = MNIST(...)
cifar = CIFAR(...)
mnist_loader = torch.utils.data.DataLoader (
dataset=mnist, batch_size=self.batch_size, shuffle=True
)
cifar_loader = torch.utils.data.DataLoader (
dataset=cifar, batch_size=self.batch_size, shuffle=True
)
# each batch will be a list of tensors: [batch mnist, batch _cifar]
return [mnist_loader, cifar_loader]

# multiple dataloader, return as dict
def train_dataloader (self):
mnist = MNIST(...)
cifar = CIFAR(...)
mnist_loader = torch.utils.data.DataLoader (
dataset=mnist, batch_size=self.batch_size, shuffle=True
)
cifar_loader = torch.utils.data.DatalLoader (
dataset=cifar, batch_size=self.batch_size, shuffle=True

)

# each batch will be a dict of tensors: {'mnist': batch mnist, 'cifar': batch_
—~cifar}
return {'mnist': mnist_loader, 'cifar': cifar_loader}
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val_dataloader
DataHooks.val_dataloader ()
Implement one or multiple PyTorch Datal.oaders for validation.

The  dataloader you return will not be called every epoch unless you  set
reload_dataloaders_every_epochto True.

It’s recommended that all data downloads and preparation happen in prepare_data ().
e fit ()
* prepare_data/()
* train dataloader ()
e val dataloader ()

e test_dataloader ()

Note: Lightning adds the correct sampler for distributed and arbitrary hardware There is no need to set it
yourself.

Return type Union[DatalLoader, List[DataLoader]]

Returns Single or multiple PyTorch Datal.oaders.

Examples:

def val_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.5,), (1.0,))1)
dataset = MNIST (root='/path/to/mnist/', train=False,
transform=transform, download=True)
loader = torch.utils.data.DatalLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=False

return loader
# can also return multiple dataloaders

def val_dataloader (self):
return [loader_a, loader_Db, ..., loader_n]

Note: If you don’t need a validation dataset and a validation_step (), you don’t need to implement this
method.

Note: In the case where you return multiple validation dataloaders, the validation_step () will have an
argument dataloader_idx which matches the order here.
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test_dataloader

DataHooks.test_dataloader ()

Implement one or multiple PyTorch Datal.oaders for testing.

The  dataloader you return will not be called every epoch unless you
reload_dataloaders_every_epochto True.

For data processing use the following pattern:
¢ download in prepare_data ()
e process and splitin setup ()

However, the above are only necessary for distributed processing.

set

Warning: do not assign state in prepare_data

e fit ()

* prepare_data ()

setup ()

e train dataloader()

val_dataloader ()

test_dataloader ()

Note: Lightning adds the correct sampler for distributed and arbitrary hardware. There is no need to set it

yourself.

Return type Union[DatalLoader, List[DataLoader]]

Returns Single or multiple PyTorch Datal.oaders.

Example:

def test_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.5,), (1.0,))1)
dataset = MNIST (root='/path/to/mnist/', train=False, transform=transform,
download=True)
loader torch.utils.data.DatalLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=False

return loader

# can also return multiple dataloaders
def test_dataloader (self):
return [loader_a, loader_Db, ..., loader_n]
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Note: If you don’t need a test dataset and a test_step (), you don’t need to implement this method.

Note: In the case where you return multiple test dataloaders, the test_step () will have an argument
dataloader_idx which matches the order here.

transfer_batch_to_device
DataHooks.transfer_batch_to_device (batch, device=None)
Override this hook if your Dat al.oader returns tensors wrapped in a custom data structure.
The data types listed below (and any arbitrary nesting of them) are supported out of the box:
e torch.Tensor or anything that implements .zof. .. )
e list
e dict
e tuple
¢ torchtext.data.batch.Batch

For anything else, you need to define how the data is moved to the target device (CPU, GPU, TPU, ...).

Note: This hook should only transfer the data and not modify it, nor should it move the data to any other device
than the one passed in as argument (unless you know what you are doing).

Note: This hook only runs on single GPU training and DDP (no data-parallel). Data-Parallel support will come
in near future.

Parameters
* batch{ (Any) — A batch of data that needs to be transferred to a new device.
* device{ (Optional[device]) — The target device as defined in PyTorch.
Return type Any

Returns A reference to the data on the new device.

Example:

def transfer_batch_to_device(self, batch, device):

if isinstance (batch, CustomBatch) :
# move all tensors 1in your custom data structure to the device
batch.samples = batch.samples.to(device)
batch.targets = batch.targets.to(device)

else:
batch = super () .transfer_batch_to_device (data, device)

return batch

Raises MisconfigurationException - If using data-parallel,
Trainer (accelerator="'dp').
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See also:
* move_data_to_device ()
* apply_to_collection()
on_before batch_transfer

DataHooks.on_before_batch_transfer (batch, dataloader_idx)
Override to alter or apply batch augmentations to your batch before it is transferred to the device.

Warning: dataloader_idx always returns 0, and will be updated to support the true index in the future.

Note: This hook only runs on single GPU training and DDP (no data-parallel). Data-Parallel support will come
in near future.

Parameters
* batch{ (Any) — A batch of data that needs to be altered or augmented.
e dataloader_ idx{ (int) - DatalLoader idx for batch

Return type Any

Returns A batch of data

Example:

def on_before_batch_transfer (self, batch, dataloader_idx):
batch['x'] = transforms (batch['x'])
return batch

Raises MisconfigurationException - If using data-parallel,
Trainer (accelerator="'dp').

See also:
e on_after _batch transfer()
e transfer _batch to device ()
on_after_batch_transfer

DataHooks.on_after batch_ transfer (batch, dataloader idx)
Override to alter or apply batch augmentations to your batch after it is transferred to the device.

Warning: dataloader_idx always returns 0, and will be updated to support the true idx in the future.
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Note: This hook only runs on single GPU training and DDP (no data-parallel). Data-Parallel support will come
in near future.

Parameters
* batch{ (Any) — A batch of data that needs to be altered or augmented.
* dataloader_idx{ (int) - DatalLoader idx for batch (Default: 0)
Return type Any
Returns A batch of data

Example:

def on_after_batch_transfer(self, batch, dataloader_idx):
batch['x'] = gpu_transforms (batch['x"])
return batch

Raises MisconfigurationException - If using data-parallel,
Trainer (accelerator='dp').

See also:

* on before _batch_transfer ()

e transfer_batch to_device ()

7.4. LightningModule API 87


https://docs.python.org/3/library/typing.html#typing.Any
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Any

PyTorch Lightning Documentation, Release 1.3.4

88

Chapter 7. LightningModule



CHAPTER
EIGHT

TRAINER

Once you’ve organized your PyTorch code into a LightningModule, the Trainer automates everything else.

This abstraction achieves the following:
1. You maintain control over all aspects via PyTorch code without an added abstraction.

2. The trainer uses best practices embedded by contributors and users from top Al labs such as Facebook Al
Research, NYU, MIT, Stanford, etc...

3. The trainer allows overriding any key part that you don’t want automated.

8.1 Basic use

This is the basic use of the trainer:

model = MyLightningModule ()

trainer = Trainer ()
trainer.fit (model, train_dataloader, val_dataloader)
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8.2 Under the hood

Under the hood, the Lightning Trainer handles the training loop details for you, some examples include:

* Automatically enabling/disabling grads
* Running the training, validation and test dataloaders
* Calling the Callbacks at the appropriate times

* Putting batches and computations on the correct devices

Here’s the pseudocode for what the trainer does under the hood (showing the train loop only)

# put model in train mode
model.train ()
torch.set_grad_enabled (True)

losses = []

for batch in train_dataloader:
# calls hooks like this one
on_train_batch_start ()

# train step
loss = training_step (batch)

# clear gradients
optimizer.zero_grad()

# backward
loss.backward ()

# update parameters
optimizer.step ()

losses.append(loss)

8.3 Trainer in Python scripts

In Python scripts, it’s recommended you use a main function to call the Trainer.

from argparse import ArgumentParser

def main (hparams) :
model = LightningModule ()
trainer = Trainer (gpus=hparams.gpus)
trainer.fit (model)

if name_ == '_ main_ ':
parser = ArgumentParser ()
parser.add_argument ('--gpus', default=None)

args = parser.parse_args ()

main (args)

So you can run it like so:
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python main.py —--gpus 2

Note: Pro-tip: You don’t need to define all flags manually. Lightning can add them automatically

from argparse import ArgumentParser

def main (args):
model = LightningModule ()
trainer = Trainer.from_argparse_args (args)
trainer.fit (model)

if name_ == '_ _main__ ':
parser ArgumentParser ()
parser = Trainer.add_argparse_args (parser)
args = parser.parse_args()

main (args)

So you can run it like so:

python main.py —--gpus 2 —--max_steps 10 —-limit_train_batches 10 —--any_trainer_arg x

Note: If you want to stop a training run early, you can press “Ctrl + C” on your keyboard. The trainer will catch the
KeyboardInterrupt and attempt a graceful shutdown, including running accelerator callback on_train_end
to clean up memory. The trainer object will also set an attribute interrupted to True in such cases. If you have
a callback which shuts down compute resources, for example, you can conditionally run the shutdown logic for only
uninterrupted runs.

8.4 Validation

You can perform an evaluation epoch over the validation set, outside of the training loop, using
pytorch_lightning.trainer.trainer.Trainer.validate (). This might be useful if you want to
collect new metrics from a model right at its initialization or after it has already been trained.

’trainer.validate(val_dataloaders:val_dataloaders)

8.5 Testing

Once you’re done training, feel free to run the test set! (Only right before publishing your paper or pushing to
production)

’trainer.test(test_dataloaders:test_dataloaders)
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8.6 Reproducibility

To ensure full reproducibility from run to run you need to set seeds for pseudo-random generators, and set
deterministic flagin Trainer.

Example:

from pytorch_lightning import Trainer, seed_everything

seed_everything (42, workers=True)

# sets seeds for numpy, torch, python.random and PYTHONHASHSEED.
model = Model ()

trainer = Trainer (deterministic=True)

By setting workers=True in seed _everything (), Lightning derives unique seeds across all dataloader work-
ers and processes for torch, numpy and stdlib random number generators. When turned on, it ensures that e.g.
data augmentations are not repeated across workers.

8.7 Trainer flags

8.7.1 accelerator

The accelerator backend to use (previously known as distributed_backend).
e ("dp"') is DataParallel (split batch among GPUs of same machine)
* ('ddp") is DistributedDataParallel (each gpu on each node trains, and syncs grads)

e ("ddp_cpu") is DistributedDataParallel on CPU (same as 'ddp ', but does not use GPUs. Useful for multi-
node CPU training or single-node debugging. Note that this will not give a speedup on a single node, since
Torch already makes efficient use of multiple CPUs on a single machine.)

e ('ddp2"') dp on node, ddp across nodes. Useful for things like increasing the number of negative samples

# default used by the Trainer
trainer = Trainer (accelerator=None)

Example:

# dp = DataParallel
trainer = Trainer (gpus=2, accelerator='dp')

# ddp = DistributedDataParallel
trainer = Trainer (gpus=2, num_nodes=2, accelerator='ddp'")

# ddp2 = DistributedDataParallel + dp
trainer = Trainer (gpus=2, num_nodes=2, accelerator='ddp2")

Note: This option does not apply to TPU. TPUs use 'ddp' by default (over each core)
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You can also modify hardware behavior by subclassing an existing accelerator to adjust for your needs.

Example:

class MyOwnAcc (Accelerator) :

Trainer (accelerator=MyOwnAcc () )

Warning: Passing in custom accelerators is experimental but work is in progress to enable full compatibility.

8.7.2 accumulate_grad_batches

Accumulates grads every k batches or as set up in the dict. Trainer also calls optimizer.step () for the last
indivisible step number.

# default used by the Trainer (no accumulation)
trainer = Trainer (accumulate_grad_batches=1)

Example:

# accumulate every 4 batches (effective batch size is batch#*4)
trainer = Trainer (accumulate_grad_batches=4)

# no accumulation for epochs 1-4. accumulate 3 for epochs 5-10. accumulate 20 after,
—that
trainer = Trainer (accumulate_grad_batches={5: 3, 10: 20})

8.7.3 amp_backend

Use PyTorch AMP (‘native’) (available PyTorch 1.6+), or NVIDIA apex (‘apex’).

# using PyTorch built-in AMP, default used by the Trainer
trainer = Trainer (amp_backend='native')

# using NVIDIA Apex
trainer = Trainer (amp_backend="apex')
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8.7.4 amp_level

The optimization level to use (O1, 02, etc...) for 16-bit GPU precision (using NVIDIA apex under the hood).
Check NVIDIA apex docs for level

Example:

# default used by the Trainer
trainer = Trainer (amp_level='02")

8.7.5 auto_scale batch_size

Automatically tries to find the largest batch size that fits into memory, before any training.

# default used by the Trainer (no scaling of batch size)
trainer = Trainer (auto_scale_batch_size=None)

# run batch size scaling, result overrides hparams.batch_size
trainer = Trainer (auto_scale_batch_size="binsearch')

# call tune to find the batch size
trainer.tune (model)

8.7.6 auto_select_gpus

If enabled and gpus is an integer, pick available gpus automatically. This is especially useful when GPUs are configured
to be in “exclusive mode”, such that only one process at a time can access them.

Example:

# no auto selection (picks first 2 gpus on system, may fail if other process 1is,,
—occupying)
trainer = Trainer (gpus=2, auto_select_gpus=False)

# enable auto selection (will find two available gpus on system)
trainer = Trainer (gpus=2, auto_select_gpus=True)

# specifies all GPUs regardless of its availability
Trainer (gpus=-1, auto_select_gpus=False)

# specifies all available GPUs (if only one GPU is not occupied, uses one gpu)
Trainer (gpus=-1, auto_select_gpus=True)
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8.7.7 auto_lIr_find

Runs a learning rate finder algorithm (see this paper) when calling trainer.tune(), to find optimal initial learning rate.

# default used by the Trainer (no learning rate finder)
trainer = Trainer (auto_lr_ find=False)

Example:

# run learning rate finder, results override hparams.learning_rate
trainer = Trainer (auto_lr_find=True)

# call tune to find the 1r
trainer.tune (model)

Example:

# run learning rate finder, results override hparams.my_lr._arg
trainer = Trainer (auto_lr_find='my_lr arg')

# call tune to find the l1r
trainer.tune (model)

Note: See the learning rate finder guide.

8.7.8 benchmark

If true enables cudnn.benchmark. This flag is likely to increase the speed of your system if your input sizes don’t
change. However, if it does, then it will likely make your system slower.

The speedup comes from allowing the cudnn auto-tuner to find the best algorithm for the hardware [see discussion
here].

Example:

# default used by the Trainer
trainer = Trainer (benchmark=False)
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8.7.9 deterministic

If true enables cudnn.deterministic. Might make your system slower, but ensures reproducibility. Also sets
SHOROVOD_FUSION_THRESHOLD=0.

For more info check [pytorch docs].

Example:

# default used by the Trainer
trainer = Trainer (deterministic=False)

8.7.10 callbacks

Add a list of Callback. Callbacks run sequentially in the order defined here with the exception of
ModelCheckpoint callbacks which run after all others to ensure all states are saved to the checkpoints.

# a list of callbacks
callbacks = [PrintCallback ()]
trainer = Trainer (callbacks=callbacks)

Example:

from pytorch_lightning.callbacks import Callback

class PrintCallback (Callback) :
def on_train_start(self, trainer, pl_module):
print ("Training is started!")
def on_train_end(self, trainer, pl_module):
print ("Training is done.")

Model-specific callbacks can also be added inside the LightningModule through configure callbacks ().
Callbacks returned in this hook will extend the list initially given to the Trainer argument, and replace the trainer
callbacks should there be two or more of the same type. Mode I Checkpoint callbacks always run last.

8.7.11 check _val_every_n_epoch

Check val every n train epochs.

Example:

# default used by the Trainer
trainer = Trainer (check_val_every_n_epoch=1)

# run val loop every 10 training epochs
trainer = Trainer (check_val_every_n_epoch=10)
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8.7.12 checkpoint_callback

By default Lightning saves a checkpoint for you in your current working directory, with the state of your last training
epoch, Checkpoints capture the exact value of all parameters used by a model. To disable automatic checkpointing,
set this to False.

# default used by Trainer
trainer = Trainer (checkpoint_callback=True)

# turn off automatic checkpointing
trainer = Trainer (checkpoint_callback=False)

You can override the default behavior by initializing the ModelCheckpoint callback, and adding it to the
callbacks list. See Saving and Loading Weights for how to customize checkpointing.

from pytorch_lightning.callbacks import ModelCheckpoint
# Init ModelCheckpoint callback, monitoring 'val_loss'
checkpoint_callback = ModelCheckpoint (monitor="val_loss"')

# Add your callback to the callbacks 1ist
trainer = Trainer (callbacks=[checkpoint_callback])

Warning: Passing a ModelCheckpoint instance to this argument is deprecated since v1.1 and will be unsupported
from v1.3. Use callbacks argument instead.

8.7.13 default_root_dir

Default path for logs and weights when no logger or pytorch _lightning.callbacks.ModelCheckpoint
callback passed. On certain clusters you might want to separate where logs and checkpoints are stored. If you
don’t then use this argument for convenience. Paths can be local paths or remote paths such as s3:/bucket/path or
‘hdfs://path/’. Credentials will need to be set up to use remote filepaths.

# default used by the Trainer
trainer = Trainer (default_root_dir=os.getcwd())

8.7.14 distributed_backend

Deprecated: This has been renamed accelerator.
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8.7.15 fast_dev_run

Runs n if set to n (int) else 1 if set to True batch(es) of train, val and test to find any bugs (ie: a sort of unit test).

Under the hood the pseudocode looks like this when running fast_dev_run with a single batch:

# loading
__init__ ()
prepare_data

# test training step
training_batch = next (train_dataloader)
training_step(training_batch)

# test val step

val_batch = next (val_dataloader)
out = validation_step(val_batch)
validation_epoch_end([out])

# default used by the Trainer
trainer = Trainer (fast_dev_run=False)

# runs 1 train, val, test batch and program ends
trainer = Trainer (fast_dev_run=True)

# runs 7 train, val, test batches and program ends
trainer = Trainer (fast_dev_run=7)

Note: This argument is a bit different from 1imit_train/val/test_batches. Setting this argument will dis-
able tuner, checkpoint callbacks, early stopping callbacks, loggers and logger callbacks like LearningRateLogger
and runs for only 1 epoch. This must be used only for debugging purposes. 1imit_train/val/test_batches
only limits the number of batches and won’t disable anything.

8.7.16 flush_logs_every_n_steps

Writes logs to disk this often.

# default used by the Trainer
trainer = Trainer (flush_logs_every_n_steps=100)

See Also:

* logging

98 Chapter 8. Trainer




PyTorch Lightning Documentation, Release 1.3.4

8.7.17 gpus

¢ Number of GPUs to train on (int)
¢ or which GPUs to train on (list)

* can handle strings

# default used by the Trainer (ie: train on CPU)
trainer = Trainer (gpus=None)

# equivalent
trainer = Trainer (gpus=0)

Example:

# int: train on 2 gpus
trainer = Trainer (gpus=2)

# list: train on GPUs 1, 4 (by bus ordering)
trainer = Trainer (gpus=[1, 4])
trainer = Trainer(gpus='1l, 4'") # equivalent

# —1: train on all gpus
trainer = Trainer (gpus=-1)
trainer = Trainer (gpus='-1') # equivalent

# combine with num_nodes to train on multiple GPUs across nodes
# uses 8 gpus 1in total
trainer = Trainer (gpus=2, num_nodes=4)

# train only on GPUs 1 and 4 across nodes
trainer = Trainer (gpus=[1l, 4], num_nodes=4)

See Also:
* Multi-GPU training guide.

8.7.18 gradient_clip_val

Gradient clipping value

* 0 means don’t clip.

# default used by the Trainer
trainer = Trainer (gradient_clip_val=0.0)
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8.7.19 limit_train_batches

How much of training dataset to check. Useful when debugging or testing something that happens at the end of an
epoch.

# default used by the Trainer
trainer = Trainer (limit_train_batches=1.0)

Example:

# default used by the Trainer
trainer = Trainer (limit_train_batches=1.0)

# run through only 25% of the training set each epoch
trainer = Trainer (limit_train_batches=0.25)

# run through only 10 batches of the training set each epoch
trainer = Trainer (limit_train_batches=10)

8.7.20 limit_test batches

How much of test dataset to check.

# default used by the Trainer
trainer = Trainer (limit_test_batches=1.0)

# run through only 25% of the test set each epoch
trainer = Trainer (limit_test_batches=0.25)

# run for only 10 batches
trainer = Trainer (limit_test_batches=10)

In the case of multiple test dataloaders, the limit applies to each dataloader individually.

8.7.21 limit_val_batches

How much of validation dataset to check. Useful when debugging or testing something that happens at the end of an
epoch.

# default used by the Trainer
trainer = Trainer (limit_val_batches=1.0)

# run through only 25% of the validation set each epoch
trainer = Trainer (limit_val_batches=0.25)

(continues on next page)
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(continued from previous page)

# run for only 10 batches
trainer = Trainer (limit_val_lbatches=10)

In the case of multiple validation dataloaders, the limit applies to each dataloader individually.

8.7.22 log_every_n_steps

How often to add logging rows (does not write to disk)

# default used by the Trainer
trainer = Trainer (log_every_n_steps=50)

See Also:

e logging

8.7.23 log_gpu_memory

Options:
¢ None
e ‘min_max’

e ‘all’

# default used by the Trainer
trainer = Trainer (log_gpu_memory=None)

# log all the GPUs (on master node only)
trainer = Trainer (log_gpu_memory='all')

# log only the min and max memory on the master node
trainer = Trainer (log_gpu_memory='min_max")

Note: Might slow performance because it uses the output of nvidia—smi.
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8.7.24 logger

Logger (or iterable collection of loggers) for experiment tracking.

TensorBoardLogger shown below. False will disable logging.

A True value uses the default

from pytorch_lightning.loggers import TensorBoardLogger

# default logger used by trainer

logger = TensorBoardLogger (
save_dir=os.getcwd(),
version=1,
name="'lightning_logs'

)

Trainer (logger=logger)

8.7.25 max_epochs

Stop training once this number of epochs is reached

# default used by the Trainer
trainer = Trainer (max_epochs=1000)

8.7.26 min_epochs

Force training for at least these many epochs

# default used by the Trainer
trainer = Trainer (min_epochs=1)

8.7.27 max_steps

Stop training after this number of steps Training will stop if max_steps or max_epochs have reached (earliest).

# Default (disabled)
trainer = Trainer (max_steps=None)

# Stop after 100 steps
trainer = Trainer (max_steps=100)
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8.7.28 min_steps

Force training for at least these number of steps. Trainer will train model for at least min_steps or min_epochs (latest).

# Default (disabled)
trainer = Trainer (min_steps=None)

# Run at least for 100 steps (disable min_epochs)
trainer = Trainer (min_steps=100, min_epochs=0)

8.7.29 max_time

Set the maximum amount of time for training. Training will get interrupted mid-epoch. For customizable options use
the Timer callback.

# Default (disabled)
trainer = Trainer (max_time=None)

# Stop after 12 hours of training or when reaching 10 epochs (string)
trainer = Trainer (max_time="00:12:00:00", max_epochs=10)

# Stop after 1 day and 5 hours (dict)
trainer = Trainer (max_time={"days": 1, "hours": 5})

In case max_t ime is used together with min_steps or min_epochs, the min_ * requirement always has prece-
dence.

8.7.30 num_nodes

Number of GPU nodes for distributed training.

# default used by the Trainer
trainer = Trainer (num_nodes=1)

# to train on 8 nodes
trainer = Trainer (num_nodes=8)

8.7.31 num_processes

Number of processes to train with. Automatically set to the number of GPUs when using accelerator="ddp".
Set to a number greater than 1 when using accelerator="ddp_cpu" to mimic distributed training on a machine
without GPUs. This is useful for debugging, but will not provide any speedup, since single-process Torch already
makes efficient use of multiple CPUs.
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# Simulate DDP for debugging on your GPU-less laptop
trainer = Trainer (accelerator="ddp_cpu", num_processes=2)

8.7.32 num_sanity_val_steps

Sanity check runs n batches of val before starting the training routine. This catches any bugs in your validation without
having to wait for the first validation check. The Trainer uses 2 steps by default. Turn it off or modify it here.

# default used by the Trainer
trainer = Trainer (num_sanity_val_steps=2)

# turn it off
trainer = Trainer (num_sanity_val_steps=0)

# check all validation data
trainer = Trainer (num_sanity_val_steps=-1)

This option will reset the validation dataloader unless num_sanity_val_steps=0.

8.7.33 overfit_batches

Uses this much data of the training set. If nonzero, will use the same training set for validation and testing. If the
training dataloaders have shuffle=True, Lightning will automatically disable it.

Useful for quickly debugging or trying to overfit on purpose.

# default used by the Trainer
trainer = Trainer (overfit_batches=0.0)

# use only 1% of the train set (and use the train set for val and test)
trainer = Trainer (overfit_batches=0.01)

# overfit on 10 of the same batches
trainer = Trainer (overfit_batches=10)

8.7.34 plugins

Plugins allow you to connect arbitrary backends, precision libraries, clusters etc. For example:
* DDP
* TorchElastic

* Apex
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To define your own behavior, subclass the relevant class and pass it in. Here’s an example linking up your own
ClusterEnvironment.

from pytorch_lightning.plugins.environments import ClusterEnvironment
class MyCluster (ClusterEnvironment) :

def master_address(self):
return your_master_address

def master_port (self):
return your_master_port

def world_size(self):
return the_world_size

trainer = Trainer (plugins=[MyCluster ()], ...)

8.7.35 prepare_data_per_node

If True will call prepare_data() on LOCAL_RANK=0 for every node. If False will only call from NODE_RANK=0,
LOCAL_RANK=0

# default
Trainer (prepare_data_per_node=True)

# use only NODE_RANK=0, LOCAL_RANK=0
Trainer (prepare_data_per_node=False)

8.7.36 precision

Double precision (64), full precision (32) or half precision (16). Can all be used on GPU or TPUs. Only double (64)
and full precision (32) available on CPU.

If used on TPU will use torch.bfloat16 but tensor printing will still show torch.float32.

# default used by the Trainer
trainer = Trainer (precision=32)

# 16-bit precision
trainer = Trainer (precision=16, gpus=1)

# 64-bit precision

trainer = Trainer (precision=64)
Example:

# one day

trainer = Trainer (precision=8412)
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8.7.37 process_position

Orders the progress bar. Useful when running multiple trainers on the same node.

# default used by the Trainer
trainer = Trainer (process_position=0)

Note: This argument is ignored if a custom callback is passed to callbacks.

8.7.38 profiler

To profile individual steps during training and assist in identifying bottlenecks.

See the profiler documentation. for more details.

from pytorch_ lightning.profiler import SimpleProfiler, AdvancedProfiler

# default used by the Trainer
trainer = Trainer (profiler=None)

# to profile standard training events, equivalent to ‘profiler=SimpleProfiler ()"
trainer = Trainer (profiler="simple")

# advanced profiler for function-level stats, equivalent to_
— ‘profiler=AdvancedProfiler ()"
trainer = Trainer (profiler="advanced")

8.7.39 progress_bar_refresh_rate

How often to refresh progress bar (in steps).

# default used by the Trainer
trainer = Trainer (progress_bar_refresh_rate=1)

# disable progress bar
trainer = Trainer (progress_bar_refresh_rate=0)

Note:
* In Google Colab notebooks, faster refresh rates (lower number) is known to crash them because of their
screen refresh rates. Lightning will set it to 20 in these environments if the user does not provide a value.
» This argument is ignored if a custom callback is passed to callbacks.
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8.7.40 reload_dataloaders_every_epoch

Set to True to reload dataloaders every epoch.

# 1f False (default)
train_loader = model.train_dataloader ()
for epoch in epochs:

for batch in train_loader:

# 1f True

for epoch in epochs:
train_loader = model.train_dataloader ()
for batch in train_loader:

8.7.41 replace_sampler_ddp

Enables auto adding of distributed sampler. By default it will add shuffle=True for train sampler and
shuffle=False for val/test sampler. If you want to customize it, you can set replace_sampler_ddp=False
and add your own distributed sampler. If replace_sampler_ddp=True and a distributed sampler was already
added, Lightning will not replace the existing one.

# default used by the Trainer
trainer = Trainer (replace_sampler_ddp=True)

By setting to False, you have to add your own distributed sampler:

# default used by the Trainer
sampler = torch.utils.data.distributed.DistributedSampler (dataset, shuffle=True)
dataloader = Dataloader (dataset, batch_size=32, sampler=sampler)

8.7.42 resume_from_checkpoint

To resume training from a specific checkpoint pass in the path here. If resuming from a mid-epoch checkpoint, training
will start from the beginning of the next epoch.

# default used by the Trainer
trainer = Trainer (resume_from_checkpoint=None)

# resume from a specific checkpoint
trainer = Trainer (resume_from_checkpoint="'some/path/to/my_checkpoint.ckpt')
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8.7.43 sync_batchnorm

Enable synchronization between batchnorm layers across all GPUs.

trainer = Trainer (sync_batchnorm=True)

8.7.44 track_grad_norm

* no tracking (-1)

¢ Otherwise tracks that norm (2 for 2-norm)

# default used by the Trainer
trainer = Trainer (track_grad_norm=-1)

# track the 2-norm
trainer = Trainer (track_grad_norm=2)

8.7.45 tpu_cores

* How many TPU cores to train on (1 or 8).
e Which TPU core to train on [1-8]

A single TPU v2 or v3 has 8 cores. A TPU pod has up to 2048 cores. A slice of a POD means you get as many cores
as you request.

Your effective batch size is batch_size * total tpu cores.

Note: NoneedtoaddaDistributedSampler, Lightning automatically does it for you.

This parameter can be either 1 or 8.

Example:

# your_trainer_ file.py

# default used by the Trainer (ie: train on CPU)
trainer = Trainer (tpu_cores=None)

# int: train on a single core
trainer = Trainer (tpu_cores=1)

# list: train on a single selected core
trainer = Trainer (tpu_cores=[2])

(continues on next page)
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(continued from previous page)

# int: train on all cores few cores
trainer = Trainer (tpu_cores=38)

# for 8+ cores must submit via xla script with

# a max of 8 cores specified. The XLA script

# will duplicate script onto each TPU in the POD
trainer = Trainer (tpu_cores=38)

To train on more than 8 cores (ie: a POD), submit this script using the xla_dist script.

Example:

python -m torch_xla.distributed.xla_dist
——tpu=$TPU_POD_NAME
—-—conda-env=torch-xla-nightly
—-—env=XLA_USE_BF1l6=1

-— python your_trainer_file.py

8.7.46 truncated_bptt_steps

Truncated back prop breaks performs backprop every k steps of a much longer sequence.
If this is enabled, your batches will automatically get truncated and the trainer will apply Truncated Backprop to it.

(Williams et al. “An efficient gradient-based algorithm for on-line training of recurrent network trajectories.”)

# default used by the Trainer (ie: disabled)
trainer = Trainer (truncated_bptt_steps=None)

# backprop every 5 steps in a batch
trainer = Trainer (truncated_bptt_steps=5)

Note: Make sure your batches have a sequence dimension.

Lightning takes care to split your batch along the time-dimension.

# we use the second as the time dimension
# (batch, time, ...)
sub_batch = batch[0, 0:t, ...]

Using this feature requires updating your LightningModule’s pytorch_lightning.core.
LightningModule.training_step () toinclude a hiddens arg with the hidden

# Truncated back-propagation through time
def training_step(self, batch, batch_idx, hiddens) :
# hiddens are the hiddens from the previous truncated backprop step
out, hiddens self.lstm(data, hiddens)
return {
"loss": ...,
"hiddens": hiddens
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To modify how the batch is split, override pytorch_lightning.core.LightningModule.
tbhptt_split_batch():

class LitMNIST (LightningModule) :
def tbptt_split_batch(self, batch, split_size):
# do your own splitting on the batch
return splits

8.7.47 val_check _interval

How often within one training epoch to check the validation set. Can specify as float or int.
* use (float) to check within a training epoch

* use (int) to check every n steps (batches)

# default used by the Trainer
trainer = Trainer (val_check_interval=1.0)

# check validation set 4 times during a training epoch
trainer = Trainer (val_check_interval=0.25)

# check validation set every 1000 training batches

# use this when using iterableDataset and your dataset has no length
# (ie: production cases with streaming data)

trainer = Trainer (val_check_interval=1000)

8.7.48 weights_save_path

Directory of where to save weights if specified.

# default used by the Trainer
trainer = Trainer (weights_save_path=os.getcwd())

# save to your custom path
trainer = Trainer (weights_save_path="'my/path")

Example:

# 1f checkpoint callback used, then overrides the weights path
# **#NOTE: this saves weights to some/path NOT my/path
checkpoint = ModelCheckpoint (dirpath="some/path')
trainer = Trainer (

callbacks=[checkpoint],

weights_save_path="my/path'
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8.7.49 weights_summary

Prints a summary of the weights when training begins. Options: ‘full’, ‘top’, None.

# default used by the Trainer (ie: print summary of top level modules)
trainer = Trainer (weights_summary='top')

# print full summary of all modules and submodules
trainer = Trainer (weights_summary="'full")

# don't print a summary
trainer = Trainer (weights_summary=None)

8.8 Trainer class API

8.8.1 Methods
init

Trainer.__init__ (logger=True, checkpoint_callback=True, callbacks=None, default_root_dir=None,
gradient_clip_val=0.0, gradient_clip_algorithm="norm',  process_position=0,
num_nodes=1, num_processes=1, gpus=None, auto_select_gpus=False,
tpu_cores=None, log_gpu_memory=None, progress_bar_refresh_rate=None,
overfit_batches=0.0, track_grad_norm=- 1, check_val_every_n_epoch=1,
fast_dev_run=False, accumulate_grad_batches=1, max_epochs=None,
min_epochs=None, max_steps=None, min_steps=None, max_time=None,
limit_train_batches=1.0, limit_val_batches=1.0, limit_test_batches=1.0,
limit_predict_batches=1.0, val_check_interval=1.0, flush_logs_every_n_steps=100,
log_every_n_steps=50, accelerator=None, sync_batchnorm=False, precision=32,
weights_summary="top', weights_save_path=None, num_sanity_val_steps=2,
truncated_bptt_steps=None, resume_from_checkpoint=None, profiler=None,
benchmark=False, deterministic=False, reload_dataloaders_every_epoch=False,
auto_lr_find=False, replace_sampler_ddp=True, terminate_on_nan=Fualse,
auto_scale_batch_size=False, prepare_data_per_node=True, plugins=None,
amp_backend="native’, amp_level="02', distributed_backend=None,
move_metrics_to_cpu=False, multiple_trainloader_mode="max_size_cycle', stochas-

tic_weight_avg=False)
Customize every aspect of training via flags

Parameters

* acceleratory (Union[str, Accelerator, None]) — Previously known as dis-
tributed_backend (dp, ddp, ddp2, etc...). Can also take in an accelerator object for custom
hardware.

* accumulate_grad_batches{ (Union[int, Dict[int, int], List[list]]) —
Accumulates grads every k batches or as set up in the dict.

* amp_backend{ (str)— The mixed precision backend to use (“native” or “apex’)
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* amp_level{ (str)— The optimization level to use (O1, O2, etc...).

e auto_1lr_find{ (Union[bool, str]) — If set to True, will make trainer.tune() run a
learning rate finder, trying to optimize initial learning for faster convergence. trainer.tune()
method will set the suggested learning rate in self.Ir or self.learning_rate in the Lightning-
Module. To use a different key set a string instead of True with the key name.

* auto_scale_batch_size{ (Union[str, bool]) - If set to True, will initially run a
batch size finder trying to find the largest batch size that fits into memory. The result will be
stored in self.batch_size in the LightningModule. Additionally, can be set to either power
that estimates the batch size through a power search or binsearch that estimates the batch
size through a binary search.

* auto_select_gpus{ (bool)—If enabled and gpus is an integer, pick available gpus au-
tomatically. This is especially useful when GPUs are configured to be in “exclusive mode”,
such that only one process at a time can access them.

¢ benchmark{ (bool) — If true enables cudnn.benchmark.

e callbacks{ (Union[List[Callback], Callback, None])— Add a callback or list
of callbacks.

* checkpoint_callback{ (bool) — If True, enable checkpointing. It will config-
ure a default ModelCheckpoint callback if there is no user-defined ModelCheckpoint in
callbacks.

* check_val_every n_epoch{ (int)— Check val every n train epochs.

* default_root_dir{ (Optional[str])— Default path for logs and weights when no
logger/ckpt_callback passed. Default: os.getcwd (). Can be remote file paths such as
s3://mybucket/path or ‘hdfs://path/’

e deterministic{ (bool) — If true enables cudnn.deterministic.
* distributed_backend{ (Optional[str])— deprecated. Please use ‘accelerator’

e fast_dev_run{ (Union[int, bool]) — runs n if set to n (int) else 1 if set to True
batch(es) of train, val and test to find any bugs (ie: a sort of unit test).

* flush_logs_every_n_steps{ (int) — How often to flush logs to disk (defaults to
every 100 steps).

e gpusy (Union[int, str, List[int], None]) — number of gpus to train on (int) or
which GPUs to train on (list or str) applied per node

* gradient_clip_val{ (float)— 0 means don’t clip.

* gradient_clip_algorithm{ (str) — ‘value’ means clip_by_value, ‘norm’ means
clip_by_norm. Default: ‘norm’

* limit_train_batches{ (Union[int, float]) — How much of training dataset to
check (float = fraction, int = num_batches)

e limit_val_batches{ (Union[int, float]) — How much of validation dataset to
check (float = fraction, int = num_batches)

e limit_test_batches{ (Union[int, float]) — How much of test dataset to check
(float = fraction, int = num_batches)

* limit_predict_batches{ (Union[int, f1oat])—How much of prediction dataset
to check (float = fraction, int = num_batches)
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logger{ (Union[LightningLoggerBase, Iterable[LightningLoggerBase],
bool]) — Logger (or iterable collection of loggers) for experiment tracking. A True value
uses the default TensorBoardLogger. False will disable logging.

* log_gpu_memory{ (Optional[str]) — None, ‘min_max’, ‘all’. Might slow perfor-
mance

* log_every n_steps{ (int) — How often to log within steps (defaults to every 50
steps).

* prepare_data_per_node{ (bool) — If True, each LOCAL_RANK=0 will call pre-
pare data. Otherwise only NODE_RANK=0, LOCAL_RANK=0 will prepare data

* process_position{ (int)— orders the progress bar when running multiple models on
same machine.

* progress_bar_refresh_ rate{ (Optional[int])—How often to refresh progress
bar (in steps). Value 0 disables progress bar. Ignored when a custom progress bar is passed
to callbacks. Default: None, means a suitable value will be chosen based on the envi-
ronment (terminal, Google COLAB, etc.).

profiler{ (Union[BaseProfiler, str, None])— To profile individual steps during
training and assist in identifying bottlenecks.

* overfit_batches{ (Union[int, float])— Overfit a fraction of training data (float)
or a set number of batches (int).

plugins{ (Union[List[Union[Plugin, ClusterEnvironment, strl]],
Plugin, ClusterEnvironment, str, None]) — Plugins allow modification of
core behavior like ddp and amp, and enable custom lightning plugins.

* precision{ (int) — Double precision (64), full precision (32) or half precision (16).
Can be used on CPU, GPU or TPUs.

* max_epochs{ (Optional[int])— Stop training once this number of epochs is reached.
Disabled by default (None). If both max_epochs and max_steps are not specified, defaults
to max_epochs = 1000.

* min_epochs{ (Optional[int]) — Force training for at least these many epochs. Dis-
abled by default (None). If both min_epochs and min_steps are not specified, defaults to
min_epochs =1.

max_steps{ (Optionall[int])— Stop training after this number of steps. Disabled by
default (None).

* min_steps{ (Optional[int])— Force training for at least these number of steps. Dis-
abled by default (None).

* max_time{ (Union[str, timedelta,Dict[str, int], None])— Stop training after
this amount of time has passed. Disabled by default (None). The time duration can be
specified in the format DD:HH:MM:SS (days, hours, minutes seconds), as a datetime.
timedelta, or a dictionary with keys that will be passed to datetime.timedelta.

* num_nodes{ (int)— number of GPU nodes for distributed training.

* num_processesf (int) — number of processes for distributed training with dis-
tributed_backend="ddp_cpu”

* num_sanity_val_steps{ (int)— Sanity check runs n validation batches before start-
ing the training routine. Set it to -/ to run all batches in all validation dataloaders.

* reload_dataloaders_every_epoch{ (bool) — Set to True to reload dataloaders
every epoch.
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* replace_sampler_ddp{ (bool)— Explicitly enables or disables sampler replacement.
If not specified this will toggled automatically when DDP is used. By default it will add
shuffle=True for train sampler and shuffle=False for val/test sampler. If you
want to customize it, you can set replace_sampler_ddp=False and add your own
distributed sampler.

* resume_from_checkpoint{ (Union[str, Path, None]) — Path/URL of the check-
point from which training is resumed. If there is no checkpoint file at the path, start from
scratch. If resuming from mid-epoch checkpoint, training will start from the beginning of
the next epoch.

* sync_batchnorm{ (bool) — Synchronize batch norm layers between process
groups/whole world.

* terminate_on_nan{ (bool) —If set to True, will terminate training (by raising a Val-
ueError) at the end of each training batch, if any of the parameters or the loss are NaN or
+/-inf.

* tpu_cores{ (Union[int, str, List[int], None]) — How many TPU cores to train
on (1 or 8) / Single TPU to train on [1]

* track_grad_norm{ (Union[int, float, str])— -1 no tracking. Otherwise tracks
that p-norm. May be set to ‘inf’ infinity-norm.

* truncated_bptt_steps{ (Optional[int])— Deprecated in v1.3 to be removed in
1.5. Please use t runcated_bptt_steps instead.

* val_check_interval{ (Union[int, float]) — How often to check the validation
set. Use float to check within a training epoch, use int to check every n steps (batches).

* weights_summary{ (Optional[str])— Prints a summary of the weights when train-
ing begins.

* weights_save_path{ (Optional[str]) — Where to save weights if specified. Will
override default_root_dir for checkpoints only. Use this if for whatever reason you need
the checkpoints stored in a different place than the logs written in default_root_dir. Can be
remote file paths such as s3:/mybucket/path or ‘hdfs://path/’ Defaults to default_root_dir.

* move_metrics_to_cpuf (bool) — Whether to force internal logged metrics to be
moved to cpu. This can save some gpu memory, but can make training slower. Use with
attention.

* multiple_trainloader_mode{ (str)— How to loop over the datasets when there
are multiple train loaders. In ‘max_size_cycle’ mode, the trainer ends one epoch when the
largest dataset is traversed, and smaller datasets reload when running out of their data. In
‘min_size’ mode, all the datasets reload when reaching the minimum length of datasets.

* stochastic_weight_avg{ (bool) — Whether to use Stochastic Weight Aver-
aging  (SWA) <https://pytorch.org/blog/pytorch-1.6-now-includes-stochastic-weight-
averaging/>_
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fit
Trainer. £it (model, train_dataloader=None, val_dataloaders=None, datamodule=None)
Runs the full optimization routine.
Parameters
* model{ (LightningModule)— Model to fit.

* train_dataloader{ (Optional[Any]) — Either a single PyTorch Datal.oader or a
collection of these (list, dict, nested lists and dicts). In the case of multiple dataloaders,
please see this page

e val_dataloaders{ (Union[DatalLoader, List[DataLoader], None]) — Either
a single Pytorch Dataloader or a list of them, specifying validation samples. If the model
has a predefined val_dataloaders method this will be skipped

e datamodulef (Optionall[LightningDataModule]) - An instance of
LightningDataModule.

Return type None

validate

Trainer.validate (model=None, val_dataloaders=None, ckpt_path="best', verbose=True, datamod-

ule=None) o
Perform one evaluation epoch over the validation set.

Parameters
* model{ (Optional[LightningModule])- The model to validate.

* val_dataloaders{ (Union[Dataloader, List[DataLoader], None]) — Either
a single PyTorch Datal.oader or a list of them, specifying validation samples.

* ckpt_path{ (Optional[str]) — Either best or path to the checkpoint you wish to
validate. If None, use the current weights of the model. When the model is given as
argument, this parameter will not apply.

* verbose{ (bool) — If True, prints the validation results.

e datamodulef (Optionall[LightningDataModule]) - An instance of
LightningDataModule.

Return type List[Dict[str, float]]

Returns The dictionary with final validation results returned by validation_epoch_end. If valida-
tion_epoch_end is not defined, the output is a list of the dictionaries returned by validation_step.

test

Trainer.test (model=None, test_dataloaders=None, ckpt_path='best', verbose=True, datamod-

ule=None)
Perform one evaluation epoch over the test set. It’s separated from fit to make sure you never run on your test

set until you want to.
Parameters
* model{ (Optional[LightningModule])— The model to test.

* test_dataloaders{ (Union[DatalLoader, List[DatalLoader], None])— Either
a single PyTorch Datal.oader or a list of them, specifying test samples.
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* ckpt_path{ (Optional[str]) — Either best or path to the checkpoint you wish to
test. If None, use the current weights of the model. When the model is given as argument,
this parameter will not apply.

* verbose{ (bool)—If True, prints the test results.

e datamodulef (Optionall[LightningDataModule]) - An instance of
LightningDataModule.

Return type List[Dict[str, float]]

Returns Returns a list of dictionaries, one for each test dataloader containing their respective met-
rics.

predict

Trainer.predict (model=None, dataloaders=None, datamodule=None, return_predictions=None)
Separates from fit to make sure you never run on your predictions set until you want to. This will call the model
forward function to compute predictions.

Parameters
* model{ (Optional[LightningModule])— The model to predict with.

e dataloaders{ (Union[DataLoader, List[DataLoader], None]) — Either a sin-
gle PyTorch DatalLoader or a list of them, specifying inference samples.

* datamodule{ (Optional[LightningDataModule]) - The datamodule with a pre-
dict_dataloader method that returns one or more dataloaders.

* return_predictions{ (Optional[bool]) — Whether to return predictions. True
by default except when an accelerator that spawns processes is used (not supported).

Return type Union[List[Any], List[List[Any]], None]

Returns Returns a list of dictionaries, one for each provided dataloader containing their respective
predictions.

tune

Trainer.tune (model, train_dataloader=None, val_dataloaders=None, datamodule=None,

scale_batch_size_kwargs=None, Ir_find_kwargs=None)
Runs routines to tune hyperparameters before training.

Parameters
* modelY{ (LightningModule)— Model to tune.

* train_dataloader{ (Optional[DatalLoader]) — A Pytorch Dataloader with
training samples. If the model has a predefined train_dataloader method this will be skipped.

e val_dataloaders{ (Union[Dataloader, List[DataLoader], None]) — Either
a single Pytorch Dataloader or a list of them, specifying validation samples. If the model
has a predefined val_dataloaders method this will be skipped

e datamodule{ (Optional[lLightningDataModule]) - An instance of
LightningDataModule.

* scale_batch_size_kwargs{ (Optional[Dict[str, Any]]) — Arguments for
scale_batch_size ()

* 1lr_ find kwargs{ (Optional[Dict[str, Any]])— Arguments for 1r_find ()
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Return type Dict[str,Union[int, _LRFinder, None]]

8.8.2 Properties

callback_metrics

The metrics available to callbacks. These are automatically set when you log via self.log

def training_ step(self, batch, batch_idx):

self.log('a_val', 2)

callback_metrics = trainer.callback_metrics

assert callback_metrics['a val'] == 2

current_epoch

The current epoch

def training_step(self, batch, batch_idx):

current_epoch = self.trainer.current_epoch

if current_epoch > 100:
# do something
pass

logger (p)

The current logger being used. Here’s an example using tensorboard

def training step(self, batch, batch_idx):

logger = self.trainer.logger
tensorboard = logger.experiment

logged_metrics

The metrics sent to the logger (visualizer).

def training_ step(self, batch, batch_idx):

self.log('a_val', 2, log=True)

logged_metrics = trainer.logged_metrics
assert logged_metrics['a val'] == 2

8.8. Trainer class API
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log_dir

The directory for the current experiment. Use this to save images to, etc. ..

def training_step(self, batch, batch_idx):
img =
save_img(img, self.trainer.log_dir)

is_global_zero

Whether this process is the global zero in multi-node training

def training_step(self, batch, batch_idx):
if self.trainer.is_global_zero:
print ('in node 0, accelerator 0'")

progress_bar_metrics

The metrics sent to the progress bar.

def training_step(self,

batch, batch_idx):

self.log('a_val', 2, prog_bar=True)

progress_bar_metrics = trainer.progress_bar_metrics

assert progress_bar_metrics(['a_val']
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CHAPTER
NINE

ACCELERATORS

Accelerators connect a Lightning Trainer to arbitrary accelerators (CPUs, GPUs, TPUs, etc). Accelerators also manage
distributed communication through Plugins (like DP, DDP, HPC cluster) and can also be configured to run on arbitrary
clusters or to link up to arbitrary computational strategies like 16-bit precision via AMP and Apex.

An Accelerator is meant to deal with one type of hardware. Currently there are accelerators for:
« CPU
* GPU
* TPU

Each Accelerator gets two plugins upon initialization: One to handle differences from the training routine and one to
handle different precisions.

from pytorch_lightning import Trainer
from pytorch_lightning.accelerators import GPUAccelerator
from pytorch_ lightning.plugins import NativeMixedPrecisionPlugin, DDPPlugin

accelerator = GPUAccelerator (
precision_plugin=NativeMixedPrecisionPlugin(),
training_type_plugin=DDPPlugin(),

)

trainer = Trailner (accelerator=accelerator)

We expose Accelerators and Plugins mainly for expert users who want to extend Lightning to work with new hardware
and distributed training or clusters.

Warning: The Accelerator API is in beta and subject to change. For help setting up custom plugins/accelerators,
please reach out to us at support@pytorchlightning.ai
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9.1 Accelerator API

Accelerator The Accelerator Base Class.

CPUAccelerator Accelerator for CPU devices.

GPUAccelerator Accelerator for GPU devices.

TPUAccelerator Accelerator for TPU devices.
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CHAPTER
TEN

CALLBACK

A callback is a self-contained program that can be reused across projects.

Lightning has a callback system to execute callbacks when needed. Callbacks should capture NON-ESSENTIAL logic

that is NOT required for your lightning module to run.
Here’s the flow of how the callback hooks are executed:
An overall Lightning system should have:

1. Trainer for all engineering

2. LightningModule for all research code.

3. Callbacks for non-essential code.

Example:

from pytorch_lightning.callbacks import Callback
class MyPrintingCallback (Callback) :

def on_init_start(self, trainer):
print ('Starting to init trainer!')

def on_init_end(self, trainer):
print ('trainer is init now')

def on_train_end(self, trainer, pl_module):
print ('do something when training ends')

trainer = Trainer (callbacks=[MyPrintingCallback()])

Starting to init trainer!
trainer is init now

We successfully extended functionality without polluting our super clean lightning module research code.
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10.1 Examples

You can do pretty much anything with callbacks.

* Add a MLP to fine-tune self-supervised networks.

* Find how to modify an image input to trick the classification result.

* Interpolate the latent space of any variational model.

* Log images to Tensorboard for any model.

10.2 Built-in Callbacks

Lightning has a few built-in callbacks.

Note: For a richer collection of callbacks, check out our bolts library.

BackboneFinetuning

Finetune a backbone model based on a learning rate
user-defined scheduling.

BaseFinetuning This class implements the base logic for writing your
own Finetuning Callback.

Callback Abstract base class used to build new callbacks.

EarlyStopping Monitor a metric and stop training when it stops improv-
ing.

GPUStatsMonitor Automatically monitors and logs GPU stats during

training stage.

GradientAccumulationScheduler

Change gradient accumulation factor according to
scheduling.

LambdaCallback

Create a simple callback on the fly using lambda func-
tions.

LearningRateMonitor

Automatically monitor and logs learning rate for learn-
ing rate schedulers during training.

ModelCheckpoint

Save the model periodically by monitoring a quantity.

ModelPruning

Model pruning Callback, using PyTorch’s prune utili-
ties.

BasePredictionWriter

Base class to implement how the predictions should be
stored.

ProgressBar

This is the default progress bar used by Lightning.

ProgressBarBase

The base class for progress bars in Lightning.

QuantizationAwareTraining

Quantization allows speeding up inference and decreas-
ing memory requirements by performing computations
and storing tensors at lower bitwidths (such as INT8 or
FLOAT16) than floating point precision.

StochasticWeightAveraging

Implements the Stochastic Weight Averaging (SWA)
Callback to average a model.
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10.2.1 BackboneFinetuning

class pytorch_lightning.callbacks.BackboneFinetuning (unfreeze_backbone_at_epoch=10,
lambda_func=<function
multiplicative>, back-
bone_initial_ratio_lr=0.1,
backbone_initial_lr=None,
should_align=True, ini-
tial_denom_Ilr=10.0,
train_bn=True, verbose=False,

round=12)
Bases: pytorch_lightning.callbacks.finetuning.BaseFinetuning

Finetune a backbone model based on a learning rate user-defined scheduling. When the backbone learning rate
reaches the current model learning rate and should_align is set to True, it will align with it for the rest of
the training.

Parameters

* unfreeze_backbone_at_epoch{ (int)— Epoch at which the backbone will be un-
freezed.

* lambda_func{ (Callable) — Scheduling function for increasing backbone learning
rate.

e backbone_initial ratio_1lr{ (float)— Used to scale down the backbone learn-
ing rate compared to rest of model

* backbone_initial_1lr{ (Optional[float])— Optional, Inital learning rate for the
backbone. By default, we will use current_learning / backbone_initial_ratio_Ir

* should_align{ (bool) — Wheter to align with current learning rate when backbone
learning reaches it.

* initial_denom_1r{ (f1loat)— When unfreezing the backbone, the intial learning rate
will current_learning_rate / initial_denom_lr.

* train_bn{ (bool)— Wheter to make Batch Normalization trainable.
* verbose{ (bool) — Display current learning rate for model and backbone
* round{ (int) — Precision for displaying learning rate

Example:

>>> from pytorch_lightning import Trainer

>>> from pytorch_ lightning.callbacks import BackboneFinetuning
>>> multiplicative = lambda epoch: 1.5

>>> backbone_finetuning = BackboneFinetuning (200, multiplicative)
>>> trainer = Trainer (callbacks=[backbone_finetuning])

finetune_function (pl_module, epoch, optimizer, opt_idx)
Called when the epoch begins.

freeze_before_training (pl_module)
Override to add your freeze logic

on_fit_start (trainer, pl_module)

Raises MisconfigurationException — If LightningModule has no nn.Module backbone
attribute.
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10.2.2 BaseFinetuning
class pytorch_lightning.callbacks.BaseFinetuning
Bases: pytorch_lightning.callbacks.base.Callback
This class implements the base logic for writing your own Finetuning Callback.

Override freeze_before_trainingand finetune_function methods with your own logic.

freeze_before_ training: This method is called before configure_optimizers and should be

used to freeze any modules parameters.

finetune_function: This method is called on every train epoch start and should be used to

unfreeze any parameters. Those parameters needs to be added in a new param_group within

the optimizer.

Note: Make sure to filter the parameters based on requires_grad.

Example:

class MyModel (LightningModule)

def configure_optimizer (self):
# Make sure to filter the parameters based on ‘requires_grad’
return Adam(filter (lambda p: p.requires_grad, self.parameters))

class FeatureExtractorFreezeUnfreeze (BaseFinetuning) :

def _ _init__ (self, unfreeze_at_epoch=10)
self._unfreeze_at_epoch = unfreeze_at_epoch

def freeze_before_training(self, pl_module):
# freeze any module you want
# Here, we are freezing ~  feature_extractor
self.freeze(pl_module.feature_extractor)

def finetune_function(self, pl_module, current_epoch, optimizer, optimizer_
—idx) :
# When “current_epoch’ is 10, feature_extractor will start training.
if current_epoch == self._unfreeze_at_epoch:
self.unfreeze_and_add_param_group (

modules=pl_module. feature_extractor,
optimizer=optimizer,
train_bn=True,

static filter_ on_optimizer (optimizer, params)
This function is used to exclude any parameter which already exists in this optimizer

Parameters
* optimizer{ (Optimizer)— Optimizer used for parameter exclusion

* params{ (Iterable)— Iterable of parameters used to check against the provided opti-
mizer

Return type List
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Returns List of parameters not contained in this optimizer param groups

static filter_ params (modules, train_bn=True, requires_grad=True)
Yields the requires_grad parameters of a given module or list of modules.

Parameters

* modules{ (Union[Module, ITterable[Union[Module, Tterable]]]) — A given
module or an iterable of modules

e train_bn{ (bool)— Whether to train BatchNorm module

* requires_gradf (bool)— Whether to create a generator for trainable or non-trainable
parameters.

Return type Generator
Returns Generator

finetune_function (pl_module, epoch, optimizer, opt_idx)
Override to add your unfreeze logic

static flatten_modules (modules)
This function is used to flatten a module or an iterable of modules into a list of its modules.

Parameters modules{ (Union[Module, Iterable[Union[Module, Iterable]]])—A
given module or an iterable of modules

Return type List[Module]
Returns List of modules

static freeze (modules, train_bn=True)
Freezes the parameters of the provided modules

Parameters

* modules{ (Union[Module, Iterable[Union[Module, Iterable]]]) — A given
module or an iterable of modules

* train_bn{ (bool) —If True, leave the BatchNorm layers in training mode
Return type None
Returns None

freeze_before_training (p/_module)
Override to add your freeze logic

static make_trainable (modules)
Unfreezes the parameters of the provided modules

Parameters modules{ (Union[Module, Iterable[Union[Module, Iterable]]])—A
given module or an iterable of modules

Return type None

on_before_accelerator_backend setup (trainer, pl_module)
Called before accelerator is being setup

on_load_checkpoint (trainer, pl_module, callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters

e trainer{ (Trainer) - the current Trainer instance.
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* pl_module{ (LightningModule) - the current i ghtningModule instance.

e callback_state{ (Dict[int, List[Dict[str, Any]]]) — the callback state re-
turned by on_save_checkpoint.

Note: The on_load_checkpoint won’t be called with an undefined state. If your
on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override
on_save_checkpoint toreturn a dummy state.

Return type None
on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule)— the current LightningModule instance.
* checkpoint{ (Dict[str, Any])— the checkpoint dictionary that will be saved.

Return type Dict[int, List[Dict[str, Any]]]

Returns The callback state.

on_train_epoch_start (trainer, pl_module)
Called when the epoch begins.

static unfreeze_and_add _param group (modules, optimizer, lr=None, ini-

tial_denom_Ilr=10.0, train_bn=True)
Unfreezes a module and adds its parameters to an optimizer.

Parameters

e modules{ (Union[Module, Iterable[Union[Module, Iterable]]]) — A mod-
ule or iterable of modules to unfreeze. Their parameters will be added to an optimizer as
anew param group.

* optimizer{ (Optimizer)— The provided optimizer will receive new parameters and
will add them to add_param_group

e 1r{ (Optional[float])— Learning rate for the new param group.

e initial_denom_1lr{ (float)-If nolris provided, the learning from the first param
group will be used and divided by initial_denom_lr.

* train_bn{ (bool)— Whether to train the BatchNormalization layers.
Return type None

Returns None

126 Chapter 10. Callback


https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Any
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Any
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Any
https://docs.python.org/3/library/typing.html#typing.Union
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://docs.python.org/3/library/typing.html#typing.Iterable
https://docs.python.org/3/library/typing.html#typing.Union
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://docs.python.org/3/library/typing.html#typing.Iterable
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/constants.html#None

PyTorch Lightning Documentation, Release 1.3.4

10.2.3 Callback

class pytorch_lightning.callbacks.Callback
Bases: abc.ABC
Abstract base class used to build new callbacks.
Subclass this class and override any of the relevant hooks

on_after_ backward (trainer, pl_module)
Called after Lloss .backward () and before optimizers do anything.

Return type None

on_batch_end (trainer, pl_module)
Called when the training batch ends.

Return type None

on_batch_start (trainer, pl_module)
Called when the training batch begins.

Return type None

on_before_accelerator_backend_setup (trainer, pl_module)
Called before accelerator is being setup

Return type None

on_before_zero_grad (trainer, pl_module, optimizer)
Called after opt imizer.step () and before optimizer.zero_grad().

Return type None

on_configure_sharded_model (trainer, pl_module)
Called before configure sharded model

Return type None

on_epoch_end (trainer, pl_module)
Called when either of train/val/test epoch ends.

Return type None

on_epoch_start (trainer, pl_module)
Called when either of train/val/test epoch begins.

Return type None

on_fit_end (trainer, pl_module)
Called when fit ends

Return type None

on_fit_start (trainer, pl_module)
Called when fit begins

Return type None

on_init_end (trainer)
Called when the trainer initialization ends, model has not yet been set.

Return type None

on_init_start (frainer)
Called when the trainer initialization begins, model has not yet been set.
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Return type None

on_keyboard_interrupt (frainer, pl_module)
Called when the training is interrupted by KeyboardInterrupt.

Return type None

on_load_checkpoint (trainer, pl_module, callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule) - the current I.ightningModule instance.

* callback_statef (Dict[str, Any]) — the -callback state returned by
on_save_checkpoint.

Note: The on_load_checkpoint won’t be called with an undefined state. If your
on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override
on_save_checkpoint toreturn a dummy state.

Return type None
on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.
Return type None

on_predict_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the predict batch begins.

Return type None

on_predict_end (trainer, pl_module)
Called when predict ends.

Return type None

on_predict_epoch_end (trainer, pl_module, outputs)
Called when the predict epoch ends.

Return type None

on_predict_epoch_start (trainer, pl_module)
Called when the predict epoch begins.

Return type None

on_predict_start (trainer, pl_module)
Called when the predict begins.

Return type None

on_pretrain_routine_end (trainer, pl_module)
Called when the pretrain routine ends.

Return type None

on_pretrain_routine_start (trainer, pl_module)
Called when the pretrain routine begins.
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Return type None

on_sanity_check_end (trainer, pl_module)
Called when the validation sanity check ends.

Return type None

on_sanity_ check_start (trainer, pl_module)
Called when the validation sanity check starts.

Return type None

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.
¢ pl_module{ (L.ightningModule) - the current I.i ght ningModul e instance.
* checkpoint{ (Dict[str, Any]) — the checkpoint dictionary that will be saved.
Return type dict
Returns The callback state.

on_test_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

Return type None

on_test_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the test batch begins.

Return type None

on_test_end (trainer, pl_module)
Called when the test ends.

Return type None

on_test_epoch_end (trainer, pl_module)
Called when the test epoch ends.

Return type None

on_test_epoch_start (trainer, pl_module)
Called when the test epoch begins.

Return type None

on_test_start (trainer, pl_module)
Called when the test begins.

Return type None

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.

Return type None

on_train_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the train batch begins.

Return type None
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on_train_end (trainer, pl_module)
Called when the train ends.

Return type None

on_train_epoch_end (frainer, pl_module, unused=None)
Called when the train epoch ends.

To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR
2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

Return type None

on_train_start (trainer, pl_module)
Called when the train begins.

Return type None

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the validation batch ends.

Return type None

on_validation_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the validation batch begins.

Return type None

on_validation_end (trainer, pl_module)
Called when the validation loop ends.

Return type None

on_validation_epoch_end (trainer, pl_module)
Called when the val epoch ends.

Return type None

on_validation_epoch_start (trainer, pl_module)
Called when the val epoch begins.

Return type None

on_validation_start (trainer, pl_module)
Called when the validation loop begins.

Return type None

setup (trainer, pl_module, stage=None)
Called when fit, validate, test, predict, or tune begins

Return type None

teardown (trainer, pl_module, stage=None)
Called when fit, validate, test, predict, or tune ends

Return type None
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10.2.4 EarlyStopping

class pytorch_lightning.callbacks.EarlyStopping (monitor='early_stop_on’,

min_delta=0.0, patience=3,
verbose=Fulse, mode="min’,
strict=True, check_finite=True,
stopping_threshold=None, di-

vergence_threshold=None,

check_on_train_epoch_end=False)
Bases: pytorch lightning.callbacks.base.Callback

Monitor a metric and stop training when it stops improving.
Parameters
* monitor{ (str)— quantity to be monitored.

* min_delta{ (float)— minimum change in the monitored quantity to qualify as an im-
provement, i.e. an absolute change of less than min_delta, will count as no improvement.

patience{ (int) — number of checks with no improvement after which training will be
stopped. Under the default configuration, one check happens after every training epoch.
However, the frequency of validation can be modified by setting various parameters on the
Trainer, for example check_val_every_n_epoch and val_check_interval.

Note: It must be noted that the patience parameter counts the number of validation checks
with no improvement, and not the number of training epochs. Therefore, with parameters
check_val_every_n_epoch=10 and patience=3, the trainer will perform at least
40 training epochs before being stopped.

* verbose{ (bool) — verbosity mode.

* mode{ (str)—oneof 'min', 'max'.In 'min' mode, training will stop when the quan-
tity monitored has stopped decreasing and in 'max ' mode it will stop when the quantity
monitored has stopped increasing.

* strict{ (bool)— whether to crash the training if monitor is not found in the validation
metrics.

* check_finite{ (bool) — When set True, stops training when the monitor becomes
NaN or infinite.

* stopping_threshold{ (Optional[float]) — Stop training immediately once the
monitored quantity reaches this threshold.

* divergence_threshold{ (Optional[float])— Stop training as soon as the mon-
itored quantity becomes worse than this threshold.

* check_on_train_epoch_end{ (bool) — whether to run early stopping at the end of
the training epoch. If this is False, then the check runs at the end of the validation epoch.

Raises
* MisconfigurationException — If mode is none of "min" or "max".
* RuntimeError — If the metric monitor is not available.

Example:
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>>> from pytorch lightning import Trainer

>>> from pytorch_lightning.callbacks import EarlyStopping
>>> early_stopping = EarlyStopping('val loss'")

>>> trainer = Trainer (callbacks=[early_stoppingl)

on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters
e trainer{ —the current Trainer instance.
* pl_module{ — the current LightningModule instance.

* callback_statef] (Dict[str, Any]) - the «callback state returned by
on_save_checkpoint.

Note: The on_load_checkpoint won’t be called with an undefined state. If your
on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override
on_save_checkpoint toreturn a dummy state.

Return type None
on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.
Parameters
* trainer{ - the current Trainer instance.
* pl_module{ - the current i ght ningModule instance.

* checkpoint{ (Dict[str, Any])— the checkpoint dictionary that will be saved.
Return type Dict[str, Any]

Returns The callback state.

on_train_epoch_end (trainer, pl_module)
Called when the train epoch ends.

To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR

2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.

Return type None

on_validation_end (trainer, pl_module)
Called when the validation loop ends.

Return type None
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10.2.5 GPUStatsMonitor

class pytorch_lightning.callbacks.GPUStatsMonitor (memory_utilization=True,

gpu_utilization=True, in-
tra_step_time=False, in-
ter_step_time=False,
fan_speed=False, tempera-
ture=False)

Bases: pytorch_lightning.callbacks.base.Callback

Automatically monitors and logs GPU stats during training stage. GPUStatsMonitor is a callback and in
order to use it you need to assign a logger in the Trainer.

Parameters

* memory_utilization{ (bool)— Setto True to monitor used, free and percentage of
memory utilization at the start and end of each step. Default: True.

* gpu_utilization{ (bool)— Setto True to monitor percentage of GPU utilization at
the start and end of each step. Default: True.

* intra_step_time{ (bool) — Set to True to monitor the time of each step. Default:
False.

* inter_step_time{ (bool) — Set to True to monitor the time between the end of one
step and the start of the next step. Default: False.

* fan_ speed{ (bool) - Setto True to monitor percentage of fan speed. Default: False.

* temperaturef (bool) — Set to True to monitor the memory and gpu temperature in
degree Celsius. Default: False.

Raises MisconfigurationException — If NVIDIA driver is not installed, not running on
GPUs, or Trainer has no logger.

Example:

>>> from pytorch_lightning import Trainer

>>> from pytorch_lightning.callbacks import GPUStatsMonitor
>>> gpu_stats = GPUStatsMonitor ()

>>> trainer = Trainer (callbacks=[gpu_stats])

GPU stats are mainly based on nvidia-smi —query-gpu command. The description of the queries is as follows:

 fan.speed — The fan speed value is the percent of maximum speed that the device’s fan is currently intended
to run at. It ranges from 0 to 100 %. Note: The reported speed is the intended fan speed. If the fan is
physically blocked and unable to spin, this output will not match the actual fan speed. Many parts do not
report fan speeds because they rely on cooling via fans in the surrounding enclosure.

* memory.used — Total memory allocated by active contexts.
* memory.free — Total free memory.

« utilization.gpu — Percent of time over the past sample period during which one or more kernels was
executing on the GPU. The sample period may be between 1 second and 1/6 second depending on the
product.

* utilization.memory — Percent of time over the past sample period during which global (device) memory
was being read or written. The sample period may be between 1 second and 1/6 second depending on the
product.

* temperature.gpu — Core GPU temperature, in degrees C.
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e temperature.memory — HBM memory temperature, in degrees C.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.

Return type None

on_train_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the train batch begins.

Return type None

on_train_epoch_start (tfrainer, pl_module)
Called when the train epoch begins.

Return type None

on_train_start (trainer, pl_module)
Called when the train begins.

Return type None

10.2.6 GradientAccumulationScheduler

class pytorch_lightning.callbacks.GradientAccumulationScheduler (scheduling)
Bases: pytorch_lightning.callbacks.base.Callback
Change gradient accumulation factor according to scheduling.

Parameters scheduling{ (Dict[int, int]) — scheduling in format {epoch: accumula-
tion_factor}

Raises

* TypeError — If scheduling is an empty dict, or not all keys and values of
scheduling are integers.

e IndexError —Ifminimal_epoch is less than 0.

Example:

>>> from pytorch_lightning import Trainer
>>> from pytorch_lightning.callbacks import GradientAccumulationScheduler

# at epoch 5 start accumulating every 2 batches
>>> accumulator = GradientAccumulationScheduler (scheduling={5: 2})
>>> trainer = Trainer (callbacks=[accumulator])

# alternatively, pass the scheduling dict directly to the Trainer
>>> trainer = Trainer (accumulate_grad_batches={5: 2})

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.
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10.2.7 LambdacCallback

class pytorch_lightning.callbacks.LambdaCallback (on_before_accelerator_backend_setup=None,
setup=None,
on_configure_sharded_model=None,
teardown=None,
on_init_start=None,
on_init_end=None,
on_fit_start=None,
on_fit_end=None,
on_sanity_check_start=None,
on_sanity_check_end=None,
on_train_batch_start=None,
on_train_batch_end=None,
on_train_epoch_start=None,
on_train_epoch_end=None,
on_validation_epoch_start=None,
on_validation_epoch_end=None,
on_test_epoch_start=N0ne,
on_test_epoch_end=None,
on_epoch_start=None,
on_epoch_end=None,
on_batch_start=None,
on_validation_batch_start=None,
on_validation_batch_end=None,
on_test_batch_start=None,
on_test_batch_end=None,
on_batch_end=None,
on_train_start=None,
on_train_end=None,
on_pretrain_routine_start=None,
on_pretrain_routine_end=None,
on_validation_start=None,
on_validation_end=None,
on_test_start=None,
on_test_end=None,
on_keyboard_interrupt=None,
on_save_checkpoint=None,
on_load_checkpoint=None,
on_after_backward=None,
on_before_zero_grad=None,
on_predict_start=None,
on_predict_end=None,
on_predict_batch_start=None,
on_predict_batch_end=None,
on_predict_epoch_start=None,

on_predict_epoch_end=None)
Bases: pytorch lightning.callbacks.base.Callback

Create a simple callback on the fly using lambda functions.
Parameters *xkwargs{ — hooks supported by Callback

Example:
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>>> from pytorch lightning import Trainer
>>> from pytorch_lightning.callbacks import LambdaCallback
>>> trainer = Trainer (callbacks=[LambdaCallback (setup=lambda *args: print ('setup

="

10.2.8 LearningRateMonitor

class pytorch_lightning.callbacks.LearningRateMonitor (logging_interval=None,
log_momentum="False)
Bases: pytorch lightning.callbacks.base.Callback

Automatically monitor and logs learning rate for learning rate schedulers during training.
Parameters

* logging_interval{ (Optional[str])—setto 'epoch' or 'step' tolog 1r of
all optimizers at the same interval, set to None to log at individual interval according to the
interval key of each scheduler. Defaults to None.

* log_momentum{ (bool) — option to also log the momentum values of the optimizer, if
the optimizer has the momentum or betas attribute. Defaults to False.

Raises MisconfigurationException — If logging_interval is none of "step",
"epoch", or None.

Example:

>>> from pytorch lightning import Trainer

>>> from pytorch_lightning.callbacks import LearningRateMonitor
>>> 1lr monitor = LearningRateMonitor (logging_interval='step')
>>> trainer = Trainer (callbacks=[lr_monitor])

Logging names are automatically determined based on optimizer class name. In case of multiple optimizers of
same type, they will be named Adam, Adam~-1 etc. If a optimizer has multiple parameter groups they will be
named Adam/pgl, Adam/pg2 etc. To control naming, pass in a name keyword in the construction of the
learning rate schdulers

Example:

def configure_optimizer (self):
optimizer = torch.optim.Adam(...)
lr_scheduler = {
'scheduler': torch.optim.lr_scheduler.LambdalR (optimizer, ...)
'name': 'my_logging_name'
}

return [optimizer], [lr_scheduler]

on_train_batch_start (trainer, *args, **kwargs)
Called when the train batch begins.

on_train_epoch_start (trainer, *args, **kwargs)
Called when the train epoch begins.

on_train_start (trainer, *args, **kwargs)
Called before training, determines unique names for all Ir schedulers in the case of multiple of the same
type or in the case of multiple parameter groups

Raises MisconfigurationException —If Trainer hasno logger.
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10.2.9 ModelCheckpoint

class pytorch_lightning.callbacks.ModelCheckpoint (dirpath=None, filename=None,
monitor=None, ver-
bose=Fulse, save_last=None,
save_top_k=None,
save_weights_only=False,

mode="min’,
auto_insert_metric_name=True,
every_n_train_steps=None, ev-
ery_n_val_epochs=None, pe-
riod=None)

Bases: pytorch _lightning.callbacks.base.Callback

Save the model periodically by monitoring a quantity. Every metric logged with 1og () or log_dict () in
LightningModule is a candidate for the monitor key. For more information, see Saving and loading weights.

After training finishes, use best_model_path to retrieve the path to the best checkpoint file and
best_model_score to retrieve its score.

Parameters
* dirpath{ (Union[str, Path, None]) — directory to save the model file.

Example:

# custom path
# saves a file like: my/path/epoch=0-step=10.ckpt
>>> checkpoint_callback = ModelCheckpoint (dirpath="my/path/")

By default, dirpath is None and will be set at runtime to the location specified by
Trainer’s default_root_dir or weights_ save_path arguments, and if the
Trainer uses a logger, the path will also contain logger name and version.

e filename{ (Optional[str]) — checkpoint filename. Can contain named formatting
options to be auto-filled.

Example:

# save any arbitrary metrics like ‘val_loss’, etc. in name
# saves a file like: my/path/epoch=2-val_loss=0.02-other_metric=0.
—~03.ckpt
>>> checkpoint_callback = ModelCheckpoint (
dirpath="my/path',
filename=" - - !

By default, filename is None and will be setto ' {epoch}—-{step}'.

* monitor{ (Optional[str])— quantity to monitor. By default it is None which saves a
checkpoint only for the last epoch.

* verbose{ (bool) — verbosity mode. Default: False.

* save_last{ (Optional[bool]) — When True, always saves the model at the end of
the epoch to a file last.ckpt. Default: None.

* save_top_k{ (Optionall[int])—-if save_top_k == Kk, the best k models accord-
ing to the quantity monitored will be saved. if save_top_k == 0, no models are saved.
if save_top_k == -1, all models are saved. Please note that the monitors are checked
every period epochs. if save_top_k >= 2 and the callback is called multiple times
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inside an epoch, the name of the saved file will be appended with a version count starting
with v1.

* mode{ (str) — one of {min, max}. If save_top_k != 0, the decision to overwrite
the current save file is made based on either the maximization or the minimization of the
monitored quantity. For 'val_acc', this should be 'max',for 'val_loss' this should
be 'min', etc.

* save_weights_only{ (bool) — if True, then only the model’s weights will be
saved (model.save_weights (filepath)), else the full model is saved (model.
save (filepath)).

* every_n_train_steps{ (Optional[int]) — Number of training steps between
checkpoints. If every_n_train_steps == None or every_n_train_steps
== 0, we skip saving during training To disable, set every_n_train_steps =
0. This value must be None non-negative. This must be mutually exclusive with
every_n_val_epochs.

* every_n_val_epochs{ (Optional[int]) — Number of validation epochs between
checkpoints. If every_n_val_epochs == None or every_n_val_epochs
0, we skip saving on validation end To disable, set every_n_val_epochs
= 0. This value must be None or non-negative. This must be mutually ex-
clusive with every_n_train_steps. Setting both ModelCheckpoint (.
., every_n_val_epochs=V) and Trainer (max_epochs=N,
check_val_every_n_epoch=M) will only save checkpoints at epochs 0 < E <= N
where both values for every_n_val_epochs and check_val_every_n_epoch
evenly divide E.

* period{ (Optional[int])— Interval (number of epochs) between checkpoints.

Warning: This argument has been deprecated in v1.3 and will be removed in v1.5.

Use every_n_val_epochs instead.

Note: For extra customization, ModelCheckpoint includes the following attributes:

" n

¢ CHECKPOINT_JOIN_CHAR

¢ CHECKPOINT_NAME_LAST "last"
e FILE_EXTENSION = ".ckpt"
¢ STARTING_VERSION = 1

For example, you can change the default last checkpoint name by doing checkpoint_callback.
CHECKPOINT_NAME_LAST = "{epoch}-last"

Raises

* MisconfigurationException - If save_top_k is neither None nor more than or
equal to —1, if monitor is None and save_top_k is none of None, -1, and 0, or if
mode is none of "min" or "max".

* ValueError —If trainer.save_checkpoint is None.

Example:
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>>> from pytorch lightning import Trainer
>>> from pytorch_lightning.callbacks import ModelCheckpoint

# saves checkpoints to 'my/path/' at every epoch
>>> checkpoint_callback = ModelCheckpoint (dirpath="my/path/")
>>> trainer = Trainer (callbacks=[checkpoint_callback])

# save epoch and val_loss in name
# saves a file like: my/path/sample-mnist-epoch=02-val_loss=0.32.ckpt
>>> checkpoint_callback = ModelCheckpoint (
monitor='val_loss',
dirpath="my/path/",
filename="'sample-mnist-{epoch:02d}-{val_loss:.2f}"

# save epoch and val_loss in name, but specify the formatting yourself (e.g. to
—avoid problems with Tensorboard
# or Neptune, due to the presence of characters like '=' or '/'")
# saves a file like: my/path/sample-mnist-epoch02-val_loss0.32.ckpt
>>> checkpoint_callback = ModelCheckpoint (
monitor='val/loss',
dirpath="my/path/",
filename='sample-mnist-epoch{epoch:02d}-val_loss{val/loss:.2f}",
auto_insert_metric_name=False

[

# retrieve the best checkpoint after training
checkpoint_callback = ModelCheckpoint (dirpath="'my/path/")
trainer = Trainer (callbacks=[checkpoint_callback])

model =

trainer.fit (model)

checkpoint_callback.best_model_path

file_ exists (filepath, trainer)
Checks if a file exists on rank 0 and broadcasts the result to all other ranks, preventing the internal state to
diverge between ranks.

Return type bool

format_checkpoint_name (metrics, ver=None)
Generate a filename according to the defined template.

Example:

>>> tmpdir = os.path.dirname( file )

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename='/{epoch/")

>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=0)))
'epoch=0.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename='/ {epoch:03d}")

>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=5)))
'epoch=005.ckpt"

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename='/ lepoch)—{val loss:.2f}")
>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=2, val_loss=0.
—123456)))

'epoch=2-val_loss=0.12.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir,
filename="'epoch={epoch}-validation_loss={val
auto_insert_metric_name=False)

(continues on next page)
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(continued from previous page)

>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=2,
—123456)))

'epoch=2-validation_loss=0.12.ckpt'

>>> ckpt ModelCheckpoint (dirpath=tmpdir, filename=' ")
>>> os.path.basename (ckpt.format_checkpoint_name ({}))
'missing=0.ckpt’

>>> ckpt ModelCheckpoint (filename=" ")

>>> os.path.basename (ckpt.format_checkpoint_name (dict (step=0)))
'step=0.ckpt'

val_loss=0.

Return type str

on_load_checkpoint (trainer, pl_module, callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.

¢ pl_modulef (LightningModule)—the current i ghtningModule instance.

* callback_state{ (Dict[str, Any]) — the -callback state returned by

on_save_checkpoint.

Note: The on_load_checkpoint won’t be called with an undefined state.

on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override

on_save_checkpoint toreturn a dummy state.

Return type None
on_pretrain_routine_start (frainer, pl_module)

When pretrain routine starts we build the ckpt dir on the fly

Return type None

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.
¢ pl_modulef (LightningModule)—the current i ght ningModule instance.

* checkpoint{ (Dict[str, Any])— the checkpoint dictionary that will be saved.
Return type Dict[str, Any]

Returns The callback state.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Save checkpoint on train batch end if we meet the criteria for every_n_train_steps

Return type None

on_validation_end (trainer, pl_module)
Save a checkpoint at the end of the validation stage.

Return type None
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save_checkpoint (trainer, unused=None)
Performs the main logic around saving a checkpoint. This method runs on all ranks. It is the responsibility
of trainer.save_checkpoint to correctly handle the behaviour in distributed training, i.e., saving only on
rank O for data parallel use cases.

Return type None

to_yaml (filepath=None)
Saves the best_k_models dict containing the checkpoint paths with the corresponding scores to a YAML
file.

Return type None

10.2.10 ModelPruning

class pytorch_lightning.callbacks.ModelPruning (pruning_fn, parame-

ters_to_prune=None, pa-
rameter_names=None,
use_global_unstructured=True,
amount=0.5, apply_pruning=True,
make_pruning_permanent=True,
use_lottery_ticket_hypothesis=True,

resample_parameters=False, prun-
ing_dim=None, pruning_norm=None,
verbose=0)

Bases: pytorch lightning.callbacks.base.Callback

Model pruning Callback, using PyTorch’s prune utilities. This callback is responsible of pruning networks
parameters during training.

To learn more about pruning with PyTorch, please take a look at this tutorial.

Warning: ModelPruning is in beta and subject to change.

parameters_to_prune = [
(model.mlp_1, "weight"),
(model.mlp_2, "weight™)

trainer = Trainer (callbacks=][
ModelPruning (
pruning_fn='11_ unstructured',
parameters_to_prune=parameters_to_prune,
amount=0.01,
use_global_unstructured=True,

1

When parameters_to_prune is None, parameters_to_prune will contain all parameters from the
model. The user can override filter_parameters_to_prune to filter any nn.Module to be pruned.

Parameters

* pruning_fn{ (Union[Callable, str]) — Function from torch.nn.utils.prune mod-
ule or your own PyTorch BasePruningMethod subclass. Can also be string e.g.
“l1 _unstructured”. See pytorch docs for more details.

10.2.

Built-in Callbacks 141



https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/constants.html#None
https://pytorch.org/tutorials/intermediate/pruning_tutorial.html
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.3.4

* parameters_to_prune{ (Union[List[Tuple[Module, str]],
Tuple[Tuple[Module, str]], None]) - List of tuples (nn.Module,
"parameter_name_string").

* parameter_ names{ (Optional[List[str]])- Listof parameter names to be pruned
from the nn.Module. Can either be "weight" or "bias".

* use_global_unstructured{ (bool) — Whether to apply pruning globally on the
model. If parameters_to_prune is provided, global unstructured will be restricted on
them.

amount{ (Union[int, float,Callable[[int], Union[int, f1loat]]]) — Quantity
of parameters to prune:

— float. Between 0.0 and 1.0. Represents the fraction of parameters to prune.
— int. Represents the absolute number of parameters to prune.
— Callable. For dynamic values. Will be called every epoch. Should return a value.

* apply_pruning{ (Union[bool, Callable[[int], bool]]) — Whether to apply
pruning.

— bool. Always apply it or not.
— Callable[ [epoch], bool]. For dynamic values. Will be called every epoch.

* make_pruning_permanent{ (bool) — Whether to remove all reparametrization pre-
hooks and apply masks when training ends or the model is saved.

* use_lottery_ticket_hypothesis{ (Union[bool, Callable[[int], bool]])
— See The lottery ticket hypothesis:

— bool. Whether to apply it or not.
— Callable[ [epoch], bool]. For dynamic values. Will be called every epoch.

* resample_parameters{ (bool)—-Usedwithuse_lottery_ticket_hypothesis.
If True, the model parameters will be resampled, otherwise, the exact original parameters
will be used.

* pruning_dim{ (Optional[int]) — If you are using a structured pruning method you
need to specify the dimension.

* pruning_norm{ (Optional[int]) - If you are using 1n_structured you need to
specify the norm.

verbose{ (int)— Verbosity level. 0 to disable, 1 to log overall sparsity, 2 to log per-layer
sparsity

Raises MisconfigurationException — If parameter_names is neither "weight" nor
"bias", if the provided pruning_fn is not supported, if pruning_dim is not provided
when "unstructured", if pruning_normis not provided when "1n_structured", if
pruning_fn is neither str nor torch.nn.utils.prune.BasePruningMethod, or
if amount is none of int, float and Callable.

apply_lottery_ ticket_hypothesis ()
Lottery ticket hypothesis algorithm (see page 2 of the paper):

1. Randomly initialize a neural network f(x;6y) (where 6y ~ Dy).
2. Train the network for j iterations, arriving at parameters ;.

3. Prune p% of the parameters in 6;, creating a mask m.

142 Chapter 10. Callback


https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/typing.html#typing.Tuple
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Tuple
https://docs.python.org/3/library/typing.html#typing.Tuple
https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#bool
https://arxiv.org/pdf/1803.03635.pdf
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int
https://pytorch.org/docs/stable/generated/torch.nn.utils.prune.BasePruningMethod.html#torch.nn.utils.prune.BasePruningMethod

PyTorch Lightning Documentation, Release 1.3.4

4. Reset the remaining parameters to their values in 6y, creating the winning ticket f(z;m © 6y).
This function implements the step 4.
The resample_parameters argument can be used to reset the parameters with a new 6, ~ Dy

apply_pruning (amount)
Applies pruning to parameters_to_prune.

filter_parameters_to_prune (parameters_to_prune=None)
This function can be overridden to control which module to prune.

Return type Union[List[Tuple[Module, str]], Tuple[Tuple[Module, str]], None]

make_pruning_permanent (pl_module)
Removes pruning buffers from any pruned modules

Adapted from https://github.com/pytorch/pytorch/blob/1.7.1/torch/nn/utils/prune.py#L1176-L1180

on_before_accelerator_backend_setup (trainer, pl_module)
Called before accelerator is being setup

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
* trainer{ - the current Trainer instance.
* pl_module{ (LightningModule)— the current LightningModule instance.
* checkpoint{ (Dict[str, Any])— the checkpoint dictionary that will be saved.
Returns The callback state.

on_train_end (trainer, pl_module)
Called when the train ends.

on_train_epoch_end (trainer, pl_module)
Called when the train epoch ends.

To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR
2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.

static sanitize parameters_to_prune (pl_module, parameters_to_prune=None, parame-

) ] ) ) o ter_names=None)
This function is responsible of sanitizing parameters_to_prune and parameter_names. If

parameters_to_prune is None, it will be generated with all parameters of the model.

Raises MisconfigurationException — If parameters_to_prune doesn’t exist in
the model, or if parameters_to_prune is neither a list of tuple nor None.

Return type Union[List[Tuple[Module, str]], Tuple[Tuple[Module, str]]]
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10.2.11 BasePredictionWriter

class pytorch_lightning.callbacks.BasePredictionWriter (write_interval="batch’)
Bases: pytorch_lightning.callbacks.base.Callback

Base class to implement how the predictions should be stored.

Parameters write_interval{ (str)— When to write.

Example:

import torch
from pytorch lightning.callbacks import BasePredictionWriter

class CustomWriter (BasePredictionWriter) :

def _ init_ (self, output_dir: str, write_interval: str):
super () .__init__ (write_interval)
self.output_dir

def write_on_batch_end(

self, trainer, pl_module: 'LightningModule', prediction: Any, batch_
—~indices: List[int], batch: Any,

batch_idx: int, dataloader_idx: int

torch.save (prediction, os.path.join(self.output_dir, dataloader_idx, £"
— {batch_idx}.pt"))

def write_on_epoch_end(

self, trainer, pl_module: 'LightningModule', predictions: List[Any],
—batch_indices: List[Any]

)t

torch.save (predictions, os.path.join(self.output_dir, "predictions.pt"))

on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.

Return type None

on_predict_epoch_end (trainer, pl_module, outputs)
Called when the predict epoch ends.

Return type None

write_on_batch_end (trainer, pl_module, prediction, batch_indices, batch, batch_idx, dat-
aloader_idx)
Override with the logic to write a single batch.

Return type None

write_on_epoch_end (trainer, pl_module, predictions, batch_indices)
Override with the logic to write all batches.

Return type None
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10.2.12 ProgressBar

class pytorch_lightning.callbacks.ProgressBar (refresh_rate=1, process_position=0)

Bases: pytorch_lightning.callbacks.progress.ProgressBarBase

This is the default progress bar used by Lightning. It prints to stdout using the t gdm package and shows up to
four different bars:

« sanity check progress: the progress during the sanity check run

* main progress: shows training + validation progress combined. It also accounts for multiple validation
runs during training when val_ check_interval is used.

« validation progress: only visible during validation; shows total progress over all validation datasets.
* test progress: only active when testing; shows total progress over all test datasets.
For infinite datasets, the progress bar never ends.

If you want to customize the default t gdm progress bars used by Lightning, you can override specific methods
of the callback class and pass your custom implementation to the Trainer:

Example:

class LitProgressBar (ProgressBar) :

def init_validation_tgdm(self):
bar = super () .init_validation_tqgdm()
bar.set_description('running validation ...")
return bar

bar = LitProgressBar ()
trainer = Trainer (callbacks=[bar])

Parameters

» refresh_rate{ (int) — Determines at which rate (in number of batches) the progress
bars get updated. Set it to O to disable the display. By default, the Trainer uses this
implementation of the progress bar and sets the refresh rate to the value provided to the
progress_bar_refresh_rate argumentinthe Trainer.

* process_position{ (int) — Set this to a value greater than O to offset the progress
bars by this many lines. This is useful when you have progress bars defined elsewhere
and want to show all of them together. This corresponds to process_position in the
Trainer.

disable ()
You should provide a way to disable the progress bar. The Trainer will call this to disable the output on
processes that have a rank different from 0, e.g., in multi-node training.

Return type None

enable ()
You should provide a way to enable the progress bar. The Trainer will call this in e.g. pre-training
routines like the learning rate finder to temporarily enable and disable the main progress bar.

Return type None

init_predict_tqdm()
Override this to customize the tqdm bar for predicting.

Return type tgdm
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init_sanity_ tqdm()
Override this to customize the tqdm bar for the validation sanity run.

Return type tgdm

init_test_tqgdm()
Override this to customize the tqdm bar for testing.

Return type tgdm

init_train_ tqdm()
Override this to customize the tqdm bar for training.

Return type tgdm

init_validation_tqgdm()
Override this to customize the tqdm bar for validation.

Return type tgdm

on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.

on_predict_end (trainer, pl_module)
Called when predict ends.

on_predict_epoch_start (trainer, pl_module)
Called when the predict epoch begins.

on_sanity_check_end (trainer, pl_module)
Called when the validation sanity check ends.

on_sanity_ check_start (frainer, pl_module)
Called when the validation sanity check starts.

on_test_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

on_test_end (tfrainer, pl_module)
Called when the test ends.

on_test_start (trainer, pl_module)
Called when the test begins.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.

on_train_end (trainer, pl_module)
Called when the train ends.

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the validation batch ends.

on_validation_end (trainer, pl_module)
Called when the validation loop ends.

on_validation_start (trainer, pl_module)
Called when the validation loop begins.
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print (*args, sep="", end="\W', file=None, nolock=False)
You should provide a way to print without breaking the progress bar.

10.2.13 ProgressBarBase
class pytorch_lightning.callbacks.ProgressBarBase
Bases: pytorch lightning.callbacks.base.Callback

The base class for progress bars in Lightning. It is a Callback that keeps track of the batch progress in the
Trainer. You should implement your highly custom progress bars with this as the base class.

Example:

class LitProgressBar (ProgressBarBase) :

def _ init__ (self):
super () .__init__ () # don't forget this :)
self.enable = True

def disable(self):
self.enable = False

def on_train_batch_end(self, trainer, pl_module, outputs):
super () .on_train_batch_end(trainer, pl_module, outputs) # don't forget,,
—this :)
percent = (self.train_batch_idx / self.total_train_batches) =« 100
sys.stdout.flush()
sys.stdout.write (f' {percent:.01f} percent complete \r')

bar = LitProgressBar ()
trainer = Trainer (callbacks=[bar])

disable ()
You should provide a way to disable the progress bar. The Trainer will call this to disable the output on
processes that have a rank different from 0, e.g., in multi-node training.

enable ()
You should provide a way to enable the progress bar. The Trainer will call this in e.g. pre-training
routines like the learning rate finder to temporarily enable and disable the main progress bar.

on_init_end (frainer)
Called when the trainer initialization ends, model has not yet been set.

on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.

on_predict_epoch_start (trainer, pl_module)
Called when the predict epoch begins.

on_test_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

on_test_start (trainer, pl_module)
Called when the test begins.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.
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on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the validation batch ends.

on_validation_start (frainer, pl_module)
Called when the validation loop begins.

print (*args, **kwargs)
You should provide a way to print without breaking the progress bar.

property predict_batch_idx
The current batch index being processed during predicting. Use this to update your progress bar.

Return type int

property test_batch_idx
The current batch index being processed during testing. Use this to update your progress bar.

Return type int

property total_predict_batches
The total number of predicting batches during testing, which may change from epoch to epoch. Use this to
set the total number of iterations in the progress bar. Can return inf if the predict dataloader is of infinite
size.

Return type int

property total_test_batches
The total number of testing batches during testing, which may change from epoch to epoch. Use this to set
the total number of iterations in the progress bar. Can return inf if the test dataloader is of infinite size.

Return type int

property total_train_batches
The total number of training batches during training, which may change from epoch to epoch. Use this to
set the total number of iterations in the progress bar. Can return inf if the training dataloader is of infinite
size.

Return type int

property total_val_batches
The total number of validation batches during validation, which may change from epoch to epoch. Use
this to set the total number of iterations in the progress bar. Can return inf if the validation dataloader is
of infinite size.

Return type int

property train_batch_idx
The current batch index being processed during training. Use this to update your progress bar.

Return type int

property val_batch_idx
The current batch index being processed during validation. Use this to update your progress bar.

Return type int
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10.2.14 QuantizationAwareTraining

class pytorch_lightning.callbacks.QuantizationAwareTraining (gconfig=fbgemm’,

ob-
server_type='average’,
col-
lect_quantization=None,
mod-
ules_to_fuse=None,

in-

put_compatible=True)
Bases: pytorch _lightning.callbacks.base.Callback

Quantization allows speeding up inference and decreasing memory requirements by performing computations
and storing tensors at lower bitwidths (such as INT8 or FLOAT16) than floating point precision. We use native
PyTorch API so for more information see Quantization.

Warning: QuantizationAwareTraining is in beta and subject to change.

Parameters
* gconfigf (Union[str, QConfig])— quantization configuration:
— ’fbgemm’ for server inference.
— ’qnnpack’ for mobile inference.
— acustom torch.quantization.QConfig.

* observer_type{ (str) - allows switching between
MovingAverageMinMaxObserver as “average” (default) and
HistogramObserver as “histogram” which is more computationally expensive.

* collect_quantization{ (Union[Callable, int, None]) — count or custom
function to collect quantization statistics:

— None (deafult). The quantization observer is called in each module forward (useful
for collecting extended statistic when useing image/data augmentation).

— int. Use to set a fixed number of calls, starting from the beginning.

— Callable. Custom function with single trainer argument. See this example to trig-
ger only the last epoch:

def custom_trigger_last (trainer):
return trainer.current_epoch == (trainer.max_epochs - 1)

QuantizationAwareTraining (collect_qgquantization=custom_trigger_
—last)

* modules_to_fuse{ (Optional[Sequence])— allows you fuse a few layers together
as shown in diagram to find which layer types can be fused, check https://github.com/
pytorch/pytorch/pull/43286.

* input_compatible{ (bool) — preserve quant/dequant layers. This allows to feat any
input as to the original model, but break compatibility to torchscript.

on_f£fit_end (trainer, pl_module)
Called when fit ends
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on_f£fit_start (trainer, pl_module)
Called when fit begins

10.2.15 StochasticWeightAveraging

class pytorch_lightning.callbacks.StochasticWeightAveraging (swa_epoch_start=0.8,

swa_lrs=None, an-
nealing_epochs=10,
anneal-
ing_strategy="cos’,
avg_fn=None, de-
vice=torch.device)

Bases: pytorch lightning.callbacks.base.Callback

Implements the Stochastic Weight Averaging (SWA) Callback to average a model.

Stochastic Weight Averaging was proposed in Averaging Weights Leads to Wider Optima and
Better Generalization by Pavel Izmailov, Dmitrii Podoprikhin, Timur Garipov, Dmitry Vetrov and
Andrew Gordon Wilson (UAI 2018).

This documentation is highly inspired by PyTorch’s work on SWA. The callback arguments follow the scheme
defined in PyTorch’s swa_utils package.

For a SWA explanation, please take a look here.

Warning: StochasticWeightAveraging isin beta and subject to change.

Warning: StochasticWeightAveraging is currently not supported for multiple optimiz-
ers/schedulers.

Warning: StochasticWeightAveraging is currently only supported on every epoch.

SWA can easily be activated directly from the Trainer as follow:

Trainer (stochastic_weight_avg=True)

Parameters

* swa_epoch_start{ (Union[int, float]) — If provided as int, the procedure will
start from the swa_epoch_start-th epoch. If provided as float between 0 and 1, the
procedure will start from int (swa_epoch_start * max_epochs) epoch

* swa_lrs{ (Union[float, 1ist, None]) — the learning rate value for all param groups
together or separately for each group.

* annealing_epochs{ (int)— number of epochs in the annealing phase (default: 10)
* annealing_strategy{ (str)— Specifies the annealing strategy (default: “cos”):
— "cos". For cosine annealing.

— "linear" For linear annealing

150

Chapter 10. Callback


https://pytorch.org/blog/pytorch-1.6-now-includes-stochastic-weight-averaging
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/stdtypes.html#list
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.3.4

* avg_fn{ (Optional[Callable[[Tensor, Tensor, LongTensor],
FloatTensor]]) — the averaging function used to update the parameters; the func-
tion must take in the current value of the AveragedModel parameter, the current value of
model parameter and the number of models already averaged; if None, equally weighted
average is used (default: None)

* device{ (Union[device, str, None])—if provided, the averaged model will be stored
on the device. When None is provided, it will infer the device from pl_module. (de-
fault: "cpu")

static avg_£n (averaged_model_parameter, model_parameter, num_averaged)
Adapted from https://github.com/pytorch/pytorch/blob/v1.7.1/torch/optim/swa_utils.py#L95-1.97
Return type FloatTensor

on_before_ accelerator_ backend setup (frainer, pl_module)
Called before accelerator is being setup

on_fit_start (trainer, pl_module)
Called when fit begins

on_train_end (trainer, pl_module)
Called when the train ends.

on_train_epoch_end (trainer, *args)
Called when the train epoch ends.

To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR
2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

reset_batch_norm_and_save_state (pl_module)
Adapted from https://github.com/pytorch/pytorch/blob/v1.7.1/torch/optim/swa_utils.py#L140-L154

reset_momenta ()
Adapted from https://github.com/pytorch/pytorch/blob/v1.7.1/torch/optim/swa_utils.py#L164-L165

static update_parameters (average_model, model, n_averaged, avg_fn)
Adapted from https://github.com/pytorch/pytorch/blob/v1.7.1/torch/optim/swa_utils.py#L104-L112

10.3 Persisting State

Some callbacks require internal state in order to function properly. You can optionally choose to persist your
callback’s state as part of model checkpoint files using the callback hooks on_save checkpoint () and
on_load _checkpoint (). However, you must follow two constraints:

1. Your returned state must be able to be pickled.

2. You can only use one instance of that class in the Trainer callbacks list. We don’t support persisting state for
multiple callbacks of the same class.
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10.4 Best Practices

The following are best practices when using/designing callbacks.
1. Callbacks should be isolated in their functionality.
2. Your callback should not rely on the behavior of other callbacks in order to work properly.
3. Do not manually call methods from the callback.
4. Directly calling methods (eg. on_validation_end) is strongly discouraged.

5. Whenever possible, your callbacks should not depend on the order in which they are executed.

10.5 Available Callback hooks

10.5.1 setup

Callback.setup (trainer, pl_module, stage=None)
Called when fit, validate, test, predict, or tune begins

Return type None

10.5.2 teardown

Callback.teardown (trainer, pl_module, stage=None)
Called when fit, validate, test, predict, or tune ends

Return type None

10.5.3 on_init_start

Callback.on_init_start (tfrainer)
Called when the trainer initialization begins, model has not yet been set.

Return type None

10.5.4 on_init_end

Callback.on_init_end (trainer)
Called when the trainer initialization ends, model has not yet been set.

Return type None
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10.5.5 on_fit_start

Callback.on_fit_start (trainer, pI_module)
Called when fit begins

Return type None

10.5.6 on_fit_end

Callback.on_fit_end (trainer, pl_module)
Called when fit ends

Return type None

10.5.7 on_sanity_check_start

Callback.on_sanity_ check_start (trainer, pl_module)
Called when the validation sanity check starts.

Return type None

10.5.8 on_sanity_check_end

Callback.on_sanity_check_end (trainer, pl_module)
Called when the validation sanity check ends.

Return type None

10.5.9 on_train_batch_start

Callback.on_train_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the train batch begins.

Return type None

10.5.10 on_train_batch_end

Callback.on_train_batch_end (frainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.

Return type None

10.5.11 on_train_epoch_start

Callback.on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

Return type None
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10.5.12 on_train_epoch_end
Callback.on_train_epoch_end (trainer, pl_module, unused=None)
Called when the train epoch ends.
To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR

2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.

10.5.13 on_validation_epoch_start

Callback.on_validation_epoch_start (frainer, pl_module)
Called when the val epoch begins.

Return type None

10.5.14 on_validation_epoch_end

Callback.on_validation_epoch_end (trainer, pl_module)
Called when the val epoch ends.

Return type None

10.5.15 on_test_epoch_start

Callback.on_test_epoch_start (trainer, pl_module)
Called when the test epoch begins.

Return type None

10.5.16 on_test_epoch_end

Callback.on_test_epoch_end (trainer, pl_module)
Called when the test epoch ends.

Return type None

10.5.17 on_epoch_start

Callback.on_epoch_start (trainer, pl_module)
Called when either of train/val/test epoch begins.

Return type None
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10.5.18 on_epoch_end
Callback.on_epoch_end (trainer, pl_module)
Called when either of train/val/test epoch ends.

Return type None

10.5.19 on_batch_start

Callback.on_batch_start (trainer, pl_module)
Called when the training batch begins.

Return type None

10.5.20 on_validation batch_start

Callback.on_validation_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the validation batch begins.

Return type None

10.5.21 on_validation batch _end

Callback.on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dat-

aloader_idx)
Called when the validation batch ends.

Return type None

10.5.22 on_test batch_start

Callback.on_test_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the test batch begins.

Return type None

10.5.23 on_test batch _end

Callback.on_test_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

Return type None
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10.5.24 on_batch_end

Callback.on_batch_end (trainer, pI_module)
Called when the training batch ends.

Return type None

10.5.25 on_train_start

Callback.on_train_start (trainer, pl_module)
Called when the train begins.

Return type None

10.5.26 on_train_end

Callback.on_train_end (trainer, pl_module)
Called when the train ends.

Return type None

10.5.27 on_pretrain_routine_start

Callback.on_pretrain_routine_start (frainer, pl_module)
Called when the pretrain routine begins.

Return type None

10.5.28 on_pretrain_routine_end

Callback.on_pretrain_routine_end (trainer, pl_module)
Called when the pretrain routine ends.

Return type None

10.5.29 on_validation_start

Callback.on_validation_start (trainer, pl_module)
Called when the validation loop begins.

Return type None

10.5.30 on_validation_end

Callback.on_validation_end (trainer, pl_module)
Called when the validation loop ends.

Return type None
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10.5.31 on_test_start
Callback.on_test_start (trainer, pl_module)
Called when the test begins.

Return type None

10.5.32 on_test_end
Callback.on_test_end (trainer, pl_module)
Called when the test ends.

Return type None

10.5.33 on_keyboard_interrupt
Callback.on_keyboard_interrupt (trainer, pl_module)
Called when the training is interrupted by KeyboardInterrupt.

Return type None

10.5.34 on_save_checkpoint
Callback.on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.
Parameters
e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule) - the current LightningModule instance.
* checkpoint{ (Dict[str, Any]) — the checkpoint dictionary that will be saved.
Return type dict

Returns The callback state.

10.5.35 on_load_checkpoint
Callback.on_load_checkpoint (trainer, pl_module, callback_state)
Called when loading a model checkpoint, use to reload state.
Parameters
e trainer{ (Trainer)—the current Trainer instance.

* pl_module{ (LightningModule) - the current LightningModule instance.

* callback_statef] (Dict[str, Any]) - the callback state returned by
on_save_checkpoint.
Note: The on_load_checkpoint won’t be called with an undefined state. If your

on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override

on_save_checkpoint toreturn a dummy state.

10.5. Available Callback hooks
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Return type None

10.5.36 on_after _backward

Callback.on_after_backward (trainer, pl_module)
Called after 1loss.backward () and before optimizers do anything.

Return type None

10.5.37 on_before_zero_grad

Callback.on_before_zero_grad (trainer, pl_module, optimizer)

Called after optimizer.step () and before optimizer.zero_grad().

Return type None
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CHAPTER
ELEVEN

LIGHTNINGDATAMODULE

A datamodule is a shareable, reusable class that encapsulates all the steps needed to process data:

A datamodule encapsulates the five steps involved in data processing in PyTorch:
1. Download / tokenize / process.
2. Clean and (maybe) save to disk.
3. Load inside Dataset.
4. Apply transforms (rotate, tokenize, etc...).
5

. Wrap inside a DataLoader.

This class can then be shared and used anywhere:

from pl bolts.datamodules import CIFAR1ODataModule, ImagenetDataModule

model = LitClassifier ()
trainer = Trainer ()
imagenet = ImagenetDataModule ()

trainer.fit (model, imagenet)

cifarl0 = CIFAR1ODataModule ()
trainer.fit (model, cifarl0)
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11.1 Why do | need a DataModule?

In normal PyTorch code, the data cleaning/preparation is usually scattered across many files. This makes sharing and
reusing the exact splits and transforms across projects impossible.

Datamodules are for you if you ever asked the questions:
» what splits did you use?
* what transforms did you use?
¢ what normalization did you use?

* how did you prepare/tokenize the data?

11.2 What is a DataModule

A DataModule is simply a collection of a train_dataloader, val_dataloader(s), test_dataloader(s) along with the match-
ing transforms and data processing/downloads steps required.

Here’s a simple PyTorch example:

# regular PyTorch

test_data = MNIST (my_path, train=False, download=True)
train_data = MNIST (my_path, train=True, download=True)
train_data, val_data = random_split (train_data, [55000, 5000])

train_loader = DatalLoader (train_data, batch_size=32)
val_loader = DatalLoader (val_data, batch_size=32)
test_loader = DatalLoader (test_data, batch_size=32)

The equivalent DataModule just organizes the same exact code, but makes it reusable across projects.

class MNISTDataModule (pl.LightningDataModule) :

def _ init_ (self, data_dir: str = "path/to/dir", batch_size: int = 32):
super () .__init__ ()
self.data_dir = data_dir
self.batch_size = batch_size

def setup(self, stage: Optional[str] = None):
self.mnist_test = MNIST (self.data_dir, train=False)
mnist_full = MNIST (self.data_dir, train=True)
self.mnist_train, self.mnist_val = random_split (mnist_full, [55000, 50007)

def train_dataloader (self):
return Dataloader (self.mnist_train, batch_size=self.batch_size)

def val_dataloader (self):
return Dataloader (self.mnist_val, batch_size=self.batch_size)

def test_dataloader (self):
return Dataloader (self.mnist_test, batch_size=self.batch_size)

def teardown(self, stage: Optional[str] = None):

(continues on next page)
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# Used to clean—-up when the run is finished

But now, as the complexity of your processing grows (transforms, multiple-GPU training), you can let Lightning
handle those details for you while making this dataset reusable so you can share with colleagues or use in different
projects.

mnist MNISTDataModule (my_path)
model = LitClassifier()

trainer = Trainer ()
trainer.fit (model, mnist)

Here’s a more realistic, complex DataModule that shows how much more reusable the datamodule is.

import pytorch lightning as pl
from torch.utils.data import random_split, DatalLoader

# Note - you must have torchvision installed for this example
from torchvision.datasets import MNIST
from torchvision import transforms

class MNISTDataModule (pl.LightningDataModule) :

def _ init_ (self, data_dir: str = './"):
super () .__init__ ()
self.data_dir = data_dir
self.transform = transforms.Compose ([
transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))
1)

# self.dims is returned when you call dm.size()

# Setting default dims here because we know them.

# Could optionally be assigned dynamically in dm.setup ()
self.dims = (1, 28, 28)

def prepare_data(self):
# download
MNIST (self.data_dir, train=True, download=True)
MNIST (self.data_dir, train=False, download=True)

def setup(self, stage: Optional[str] = None):

# Assign train/val datasets for use in dataloaders

if stage == 'fit' or stage is None:
mnist_full = MNIST (self.data_dir, train=True, transform=self.transform)
self.mnist_train, self.mnist_val = random_split (mnist_full, [55000, 50001])

# Optionally...
# self.dims = tuple(self.mnist_train[0][0].shape)

# Assign test dataset for use in dataloader(s)
if stage == 'test' or stage is None:
self.mnist_test = MNIST(self.data_dir, train=False, transform=self.
—~transform)

(continues on next page)
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# Optionally. ..
# self.dims = tuple(self.mnist_test[0][0].shape)

def train_dataloader (self):
return Dataloader (self.mnist_train, batch_size=32)

def val_dataloader (self):
return Dataloader (self.mnist_val, batch_size=32)

def test_dataloader (self):
return Dataloader (self.mnist_test, batch_size=32)

11.3 LightningDataModule API

To define a DataModule define 5 methods:
* prepare_data (how to download(), tokenize, etc...)
* setup (how to split, etc...)

¢ train_dataloader

val_dataloader(s)
e test_dataloader(s)

and optionally one or multiple predict_dataloader(s).

11.3.1 prepare_data
Use this method to do things that might write to disk or that need to be done only from a single process in distributed
settings.

* download

* tokenize

e etc...

class MNISTDataModule (pl.LightningDataModule) :
def prepare_data(self):
# download
MNIST (os.getcwd(), train=True, download=True, transform=transforms.ToTensor ())
MNIST (os.getcwd (), train=False, download=True, transform=transforms.
—~ToTensor ())

Warning: prepare_data is called from a single process (e.g. GPU 0). Do not use it to assign state (self.x =
)
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11.3.2 setup

There are also data operations you might want to perform on every GPU. Use setup to do things like:
* count number of classes
* build vocabulary
* perform train/val/test splits
* apply transforms (defined explicitly in your datamodule or assigned in init)

e etc...

import pytorch lightning as pl

class MNISTDataModule (pl.LightningDataModule) :
def setup(self, stage: Optional[str] = None):

# Assign Train/val split(s) for use in Dataloaders
if stage in (None, 'fit'):
mnist_full = MNIST (
self.data_dir,
train=True,
download=True,
transform=self.transform
)
self.mnist_train, self.mnist_val = random_split (mnist_full, [55000, 50007)
self.dims = self.mnist_train[0][0].shape

# Assign Test split(s) for use in Dataloaders
if stage in (None, 'test'):
self.mnist_test = MNIST (
self.data_dir,
train=False,
download=True,
transform=self.transform
)
self.dims = getattr(self, 'dims', self.mnist_test[0][0].shape)

setup () expects an stage: Optional[str] argument. It is used to separate setup logic for trainer.
{fit,validate, test}. If setup iscalled with stage = None, we assume all stages have been set-up.

Note: setup is called from every process. Setting state here is okay.

Note: teardown can be used to clean up the state. It is also called from every process

Note: {setup,teardown,prepare_data} call will be only called once for a specific stage. If the stage was
None then we assume {fit,validate, test} have been called. For example, this means that any duplicate
dm.setup ('fit"') calls will be a no-op. To avoid this, you can overwrite dm._has_setup_fit = False
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11.3.3 train_dataloader

Use this method to generate the train dataloader. Usually you just wrap the dataset you defined in setup.

import pytorch lightning as pl

class MNISTDataModule (pl.LightningDataModule) :
def train_dataloader (self):
return Dataloader (self.mnist_train, batch_size=64)

11.3.4 val _dataloader

Use this method to generate the val dataloader. Usually you just wrap the dataset you defined in setup.

import pytorch lightning as pl

class MNISTDataModule (pl.LightningDataModule) :
def val_dataloader (self):
return Dataloader (self.mnist_val, batch_size=64)

11.3.5 test dataloader

Use this method to generate the test dataloader. Usually you just wrap the dataset you defined in setup.

import pytorch lightning as pl

class MNISTDataModule (pl.LightningDataModule) :
def test_dataloader (self):
return Dataloader (self.mnist_test, batch_size=64)

11.3.6 predict_dataloader

Returns a special dataloader for inference. This is the dataloader that the Trainer predict () method uses.

import pytorch_lightning as pl

class MNISTDataModule (pl.LightningDataModule) :
def predict_dataloader (self):
return Dataloader (self.mnist_test, batch_size=64)
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11.3.7 transfer_batch_to_device

Override to define how you want to move an arbitrary batch to a device.

class MNISTDataModule (LightningDataModule) :
def transfer_batch_to_device(self, batch, device):
x = batch['x']
x = CustomDataWrapper (x)
batch['x'] = x.to(device)
return batch

Note: This hook only runs on single GPU training and DDP (no data-parallel).

11.3.8 on_before batch_transfer

Override to alter or apply augmentations to your batch before it is transferred to the device.

class MNISTDataModule (LightningDataModule) :
def on_before_batch_transfer(self, batch, dataloader_idx):
batch['x"'] = transforms (batch['x'])
return batch

Warning: Currently dataloader_idx always returns 0 and will be updated to support the true idx in the future.

Note: This hook only runs on single GPU training and DDP (no data-parallel).

11.3.9 on_after_batch_transfer

Override to alter or apply augmentations to your batch after it is transferred to the device.

class MNISTDataModule (LightningDataModule) :
def on_after batch_transfer(self, batch, dataloader_idx):
batch['x"'] = gpu_transforms (batch['x"])
return batch

Warning: Currently dataloader_idx always returns 0 and will be updated to support the true idx in the
future.

Note: This hook only runs on single GPU training and DDP (no data-parallel). This hook will also be called when
using CPU device, so adding augmentations here or in on_before_batch_transfer means the same thing.

Note: To decouple your data from transforms you can parametrize them via___init__ .
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class MNISTDataModule (pl.LightningDataModule) :

def _ init_ (self, train_transforms, val_transforms, test_transforms):
super () .__init__ ()
self.train_transforms = train_transforms
self.val_transforms val_transforms

self.test_transforms = test_transforms

11.4 Using a DataModule

The recommended way to use a DataModule is simply:

dm = MNISTDataModule ()
model = Model ()

trainer.fit (model, dm)
trainer.test (datamodule=dm)

If you need information from the dataset to build your model, then run prepare_data () and setup () manually
(Lightning ensures the method runs on the correct devices).

dm = MNISTDataModule ()
dm.prepare_data ()
dm.setup (stage="fit")

model = Model (num_classes=dm.num_classes, width=dm.width, vocab=dm.vocab)
trainer.fit (model, dm)

dm.setup (stage="test")
trainer.test (datamodule=dm)

11.5 DataModules without Lightning

You can of course use DataModules in plain PyTorch code as well.

# download, etc...
dm = MNISTDataModule ()
dm.prepare_data ()

# splits/transforms
dm.setup (stage="fit")

# use data
for batch in dm.train_dataloader () :

for batch in dm.val_dataloader () :

dm.teardown (stage="fit")

# lazy load test data

(continues on next page)
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dm.setup (stage="test')
for batch in dm.test_dataloader () :

dm.teardown (stage="test'")

But overall, DataModules encourage reproducibility by allowing all details of a dataset to be specified in a unified
structure.
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TWELVE

LOGGING

Lightning supports the most popular logging frameworks (TensorBoard, Comet, etc. ..). To use a logger, simply pass
it into the Trainer. Lightning uses TensorBoard by default.

from pytorch_lightning import loggers as pl_loggers

tb_logger = pl_loggers.TensorBoardLogger ('logs/")
trainer = Trainer (logger=tb_logger)

Choose from any of the others such as MLflow, Comet, Neptune, WandB, . ..

comet_logger = pl_loggers.CometLogger (save_dir='logs/")
trainer = Trainer (logger=comet_logger)

To use multiple loggers, simply passina 1ist or tuple of loggers ...

tb_logger = pl_loggers.TensorBoardLogger ('logs/")
comet_logger = pl_loggers.CometLogger (save_dir="'logs/")
trainer = Trainer (logger=[tb_logger, comet_logger])

Note: By default, lightning logs every 50 steps. Use Trainer flags to Control logging frequency.

Note: All loggers log by default to os.getcwd(). To change the path without creating a logger set
Trainer(default_root_dir="/your/path/to/save/checkpoints’)

12.1 Logging from a LightningModule

Lightning offers automatic log functionalities for logging scalars, or manual logging for anything else.
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12.1.1 Automatic Logging

Use the 1og () method to log from anywhere in a lightning module and callbacks except functions with batch_start
in their names.

def training_step(self, batch, batch_idx):
self.log('my_metric', x)

Depending on where log is called from, Lightning auto-determines the correct logging mode for you. But of course
you can override the default behavior by manually setting the 1og () parameters.

def training_ step(self, batch, batch_idx):
self.log('my_loss', loss, on_step=True, on_epoch=True, prog_bar=True, logger=True)

The 1og () method has a few options:

e on_step: Logs the metric at the current step. Defaults to True in training step(), and
training step_end().

* on_epoch: Automatically accumulates and logs at the end of the epoch. Defaults to True anywhere in validation
or test loops, and in t raining epoch _end().

* prog_bar: Logs to the progress bar.

* Jogger: Logs to the logger like Tensorboard, or any other custom logger passed to the Trainer.

Note:

e Setting on_epoch=True will cache all your logged values during the full training epoch and perform a reduc-
tionin on_train_epoch_end. We recommend using the metrics API when working with custom reduction.

 Setting both on_step=True and on_epoch=True will create two keys per metric you log with suf-
fix _step and _epoch, respectively. You can refer to these keys e.g. in the monitor argument of
ModelCheckpoint or in the graphs plotted to the logger of your choice.

If your work requires to log in an unsupported function, please open an issue with a clear description of why it is
blocking you.

12.1.2 Manual logging

If you want to log anything that is not a scalar, like histograms, text, images, etc... you may need to use the logger
object directly.

def training_step(...):

# the logger you used (in this case tensorboard)
tensorboard = self.logger.experiment
tensorboard.add_image ()
tensorboard.add_histogram(...)
tensorboard.add_figure(...)
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12.1.3 Access your logs

Once your training starts, you can view the logs by using your favorite logger or booting up the Tensorboard logs:

tensorboard --logdir ./lightning_logs

12.2 Make a custom logger

You can implement your own logger by writing a class that inherits from LightningLoggerBase. Use the
rank_zero_experiment () and rank_zero_only () decorators to make sure that only the first process in
DDP training creates the experiment and logs the data respectively.

from pytorch_lightning.utilities import rank_zero_only
from pytorch_lightning.loggers import LightningLoggerBase
from pytorch_lightning.loggers.base import rank_zero_experiment

class MyLogger (LightningLoggerBase) :

@property
def name (self):
return 'MyLogger'

@property

@rank_ zero_experiment

def experiment (self):
# Return the experiment object associated with this logger.
pass

@property

def version(self):
# Return the experiment version, int or str.
return '0.1"'

@Qrank_zero_only

def log_hyperparams (self, params):
# params 1is an argparse.Namespace
# your code to record hyperparameters goes here
pass

@Qrank_zero_only

def log_metrics(self, metrics, step):
# metrics is a dictionary of metric names and values
# your code to record metrics goes here
pass

@rank_zero_only
def save (self):
# Optional. Any code necessary to save logger data goes here
# If you implement this, remember to call ‘super().save()"
# at the start of the method (important for aggregation of metrics)
super () .save ()

@rank_zero_only

(continues on next page)
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def finalize(self, status):
# Optional. Any code that needs to be run after training
# finishes goes here
pass

If you write a logger that may be useful to others, please send a pull request to add it to Lightning!

12.3 Control logging frequency

12.3.1 Logging frequency

It may slow training down to log every single batch. By default, Lightning logs every 50 rows, or 50 training steps. To
change this behaviour, set the log_every_n_steps Trainer flag.

k = 10
trainer = Trainer (log_every_n_steps=k)

12.3.2 Log writing frequency

Writing to a logger can be expensive, so by default Lightning write logs to disc or to the given logger every 100
training steps. To change this behaviour, set the interval at which you wish to flush logs to the filesystem using
log_every_n_steps Trainer flag.

k = 100
trainer = Trainer (flush_logs_every_n_steps=k)

Unlike the log_every_n_steps, this argument does not apply to all loggers. The example shown here works with
TensorBoardLogger, which is the default logger in Lightning.

12.4 Progress Bar

You can add any metric to the progress bar using 1og () method, setting prog_bar=True.

def training_step(self, batch, batch_idx):
self.log('my_loss', loss, prog_bar=True)

12.4.1 Modifying the progress bar

The progress bar by default already includes the training loss and version number of the experiment if you are using a
logger. These defaults can be customized by overriding the get_progress_bar_dict () hook in your module.

def get_progress_bar_dict (self):
# don't show the version number
items = super () .get_progress_bar_dict ()
items.pop ("v_num", None)
return items
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12.5 Configure console logging

Lightning logs useful information about the training process and user warnings to the console. You can retrieve the
Lightning logger and change it to your liking. For example, adjust the logging level or redirect output for certain
modules to log files:

import logging

# configure logging at the root level of lightning
logging.getLogger ("pytorch_lightning") .setLevel (logging.ERROR)

# configure logging on module level, redirect to file
logger = logging.getLogger ("pytorch lightning.core™)
logger.addHandler (logging.FileHandler ("core.log"))

Read more about custom Python logging here.

12.6 Logging hyperparameters

When training a model, it’s useful to know what hyperparams went into that model. When Lightning creates a check-
point, it stores a key “hyper_parameters” with the hyperparams.

lightning_checkpoint = torch.load(filepath, map_location=lambda storage, loc: storage)
hyperparams = lightning_checkpoint['hyper_ parameters']

Some loggers also allow logging the hyperparams used in the experiment. For instance, when using the TestTubeLog-
ger or the TensorBoardLogger, all hyperparams will show in the hparams tab.

Note: If you want to track a metric in the tensorboard hparams tab, log scalars to the key hp_metric.
If tracking multiple metrics, initialize TensorBoardLogger with default_hp_metric=False and call
log_hyperparams only once with your metric keys and initial values. Subsequent updates can simply be logged
to the metric keys. Refer to the following for examples on how to setup proper hyperparams metrics tracking within
LightningModule.

# Using default_hp metric
def validation_step(self, batch, batch_idx):
self.log("hp _metric", some_scalar)

# Using custom or multiple metrics (default_hp_metric=False)
def on_train_start (self):
self.logger.log_hyperparams (self.hparams, {"hp/metric_1": 0, "hp/metric_2": 0})

def validation_step(self, batch, batch_idx):
self.log("hp/metric_1", some_scalar_1)
self.log("hp/metric_2", some_scalar_2)

In the example, using hp/ as a prefix allows for the metrics to be grouped under “hp” in the tensorboard scalar tab
where you can collapse them.
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12.7 Snapshot code

Loggers also allow you to snapshot a copy of the code used in this experiment. For example, TestTubeLogger does
this with a flag:

from pytorch_lightning.loggers import TestTubelLogger
logger = TestTubelogger('.', create_git_tag=True)

12.8 Supported Loggers

The following are loggers we support

Note: The following loggers will normally plot an additional chart (global_step VS epoch).

Note: postfix _step and _epoch will be appended to the name you logged if on_step and on_epoch are set to
Trueinself.log().

Note: Depending on the loggers you use, there might be some additional charts.

CometLogger Log using Comet.ml.

CSVLogger Log to local file system in yaml and CSV format.
MLFlowLogger Log using MLflow.

NeptuneLogger Log using Neptune.

TensorBoardLogger Log to local file system in TensorBoard format.
TestTubeLogger Log to local file system in TensorBoard format but using

a nicer folder structure (see full docs).

WandbLogger Log using Weights and Biases.

12.8.1 CometLogger

class pytorch_lightning.loggers.CometLogger (api_key=None, save_dir=None,
project_name=None, rest_api_key=None,
experiment_name=None, experi-
ment_key=None, offline=False, prefix="\,

**kwargs)
Bases: pytorch_lightning.loggers.base.LightningLoggerBase

Log using Comet.ml.

Install it with pip:
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pip install comet-ml

Comet requires either an API Key (online mode) or a local directory path (offline mode).

ONLINE MODE

import os
from pytorch lightning import Trainer
from pytorch_lightning.loggers import CometLogger
# arguments made to CometLogger are passed on to the comet_ml.Experiment class
comet_logger = CometLogger (
api_key=os.environ.get ('COMET_API_KEY'),
workspace=os.environ.get ('COMET_WORKSPACE'"), # Optional

save_dir=".", # Optional
project_name='default_project', # Optional
rest_api_key=os.environ.get ('COMET_REST_API_KEY'"), # Optional
experiment_key=os.environ.get ('COMET_EXPERIMENT_KEY'), # Optional
experiment_name='default' # Optional

)

trainer = Trainer (logger=comet_logger)

OFFLINE MODE

from pytorch_lightning.loggers import CometLogger
# arguments made to CometLogger are passed on to the comet_ml.Experiment class
comet_logger = Cometlogger (

save_dir="'.",
workspace=os.environ.get ('COMET_WORKSPACE'), # Optional
project_name='default_project', # Optional
rest_api_key=os.environ.get ('COMET_REST_API_KEY'"), # Optional
experiment_name='default' # Optional

)

trainer = Trainer (logger=comet_logger)
Parameters

* api_key{ (Optional[str])— Required in online mode. API key, found on Comet.ml.
If not given, this will be loaded from the environment variable COMET_API_KEY or
~/.comet.config if either exists.

* save_dir{ (Optional[str])— Required in offline mode. The path for the directory to
save local comet logs. If given, this also sets the directory for saving checkpoints.

* project_namef (Optional[str]) — Optional. Send your experiment to a specific
project. Otherwise will be sent to Uncategorized Experiments. If the project name does not
already exist, Comet.ml will create a new project.

* rest_api_key{ (Optional[str]) — Optional. Rest API key found in Comet.ml set-
tings. This is used to determine version number

* experiment_name{ (Optional[str]) — Optional. String representing the name for
this particular experiment on Comet.ml.

* experiment_key{ (Optional[str])— Optional. If set, restores from existing experi-
ment.

* offline{ (bool) —If api_key and save_dir are both given, this determines whether the
experiment will be in online or offline mode. This is useful if you use save_dir to con-
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trol the checkpoints directory and have a ~/.comet.config file but still want to run offline
experiments.

* prefix{ (str)— A string to put at the beginning of metric keys.

* xxkwargs{ - Additional arguments like workspace, log_code, etc. used by
CometExperiment can be passed as keyword arguments in this logger.

* ImportError — If required Comet package is not installed on the device.
* MisconfigurationException — If neither api_key nor save_dir are passed as

arguments.

finalize (status)

When calling self.experiment.end (), that experiment won’t log any more data to Comet. That’s
why, if you need to log any more data, you need to create an ExistingCometExperiment. For example,

to log data when testing your model after training, because when training is finalized Comet Logger.
finalize () is called.

This happens automatically in the experiment () property, when self._experiment is set to
None,i.e. self.reset_experiment ().

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* modelf (LightningModule) — lightning model
e input_array{ — input passes to model.forward
Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log _metrics () method.

Parameters

e metricsf (Dict[str,Union[Tensor, float]])— Dictionary with metric names as
keys and measured quantities as values

* step{ (Optionall[int])— Step number at which the metrics should be recorded

Return type None
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property experiment
Actual Comet object. To use Comet features in your LightningModule do the following.

Example:

self.logger.experiment.some_comet_function ()

property name
Return the experiment name.

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type str

12.8.2 CSVLogger

class pytorch_lightning.loggers.CSVLogger (save_dir, name='default’, version=None, pre-
ﬁx:”)
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log to local file system in yaml and CSV format.

Logs are saved to os .path. join (save_dir, name, version).

Example

>>> from pytorch lightning import Trainer

>>> from pytorch_lightning.loggers import CSVLogger
>>> logger = CSVLogger ("logs", name="my_exp_name")
>>> trainer = Trainer (logger=logger)

Parameters
* save_dir{ (str)— Save directory
* name{ (Optional[str])— Experiment name. Defaults to 'default’'.

* version{ (Union[int, str, None]) — Experiment version. If version is not specified
the logger inspects the save directory for existing versions, then automatically assigns the
next available version.

* prefix{ (str)— A string to put at the beginning of metric keys.
finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None
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log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_Ilog metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* step{ (Optional[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual ExperimentWriter object. To use ExperimentWriter features in your LightningModule do the
following.

Example:

self.logger.experiment.some_experiment_writer_function ()

Return type ExperimentWriter

property log dir
The log directory for this run. By default, it is named 'version_${self.version} ' butitcan be
overridden by passing a string value for the constructor’s version parameter instead of None or an int.

Return type str

property name
Return the experiment name.

Return type str

property root_dir
Parent directory for all checkpoint subdirectories. If the experiment name parameter is None or the empty
string, no experiment subdirectory is used and the checkpoint will be saved in “save_dir/version_dir”

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]
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property version
Return the experiment version.

Return type int

12.8.3 MLFlowLogger

class pytorch_lightning.loggers.MLFlowLogger (experiment_name='default', track-
ing_uri=None, tags=None,
save_dir="/mlruns’, prefix=", arti-

fact_location=None)
Bases: pytorch lightning.loggers.base.LightningLoggerBase

Log using MLflow.
Install it with pip:

pip install mlflow

from pytorch lightning import Trainer
from pytorch_lightning.loggers import MLFlowLogger
mlf_logger = MLFlowLogger (
experiment_name="default",
tracking_ uri="file:./ml-runs"
)

trainer = Trainer (logger=mlf_logger)

Use the logger anywhere in your LightningModule as follows:

from pytorch lightning import LightningModule
class LitModel (LightningModule) :
def training_step(self, batch, batch_idx):
# example
self.logger.experiment .whatever_ml_flow_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment .whatever_ml_flow_supports(...)

Parameters
* experiment_name{ (str)— The name of the experiment

* tracking_uri{ (Optional[str])— Address of local or remote tracking server. If not
provided, defaults to file:<save_dir>.

* tags{ (Optional[Dict[str, Any]])— A dictionary tags for the experiment.

* save_dir{ (Optional[str])— A path to a local directory where the MLflow runs get
saved. Defaults to ./mlflow if tracking_uri is not provided. Has no effect if tracking_uri is
provided.

* prefix{ (str)— A string to put at the beginning of metric keys.

e artifact_location{ (Optional[str])— The location to store run artifacts. If not
provided, the server picks an appropriate default.

Raises ImportError — If required MLFlow package is not installed on the device.
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finalize (status='FINISHED')
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)

Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log_metrics () method.

Parameters

e metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

e stepf (Optional[int])— Step number at which the metrics should be recorded
Return type None

property experiment
Actual MLflow object. To use MLflow features in your LightningModule do the following.

Example:

self.logger.experiment.some_mlflow_function ()

Return type M1flowClient
property name
Return the experiment name.
Return type str

property save_dir
The root file directory in which MLflow experiments are saved.

Return type Optional[str]

Returns Local path to the root experiment directory if the tracking uri is local. Otherwhise
returns None.

property version
Return the experiment version.

Return type str
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12.8.4 NeptunelLogger

class pytorch_lightning.loggers.Neptunelogger (api_key=None, project_name=None,
close_after_fit=True, of-
fline_mode=False, experi-

ment_name=None, experiment_id=None,
prefix=", **kwargs)
Bases: pytorch_lightning.loggers.base.LightningLoggerBase

Log using Neptune.
Install it with pip:

pip install neptune-client

The Neptune logger can be used in the online mode or offline (silent) mode. To log experiment data in online
mode, NeptuneLogger requires an API key. In offline mode, the logger does not connect to Neptune.

ONLINE MODE

from pytorch_lightning import Trainer
from pytorch_lightning.loggers import Neptunelogger

# arguments made to NeptuneLogger are passed on to the neptune.experiments.
—Experiment class
# We are using an api_key for the anonymous user "neptuner" but you can use your,,
—own.
neptune_logger = NeptunelLogger (

api_key="'ANONYMOUS',

project_name='shared/pytorch-lightning-integration’,

experiment_name='default', # Optional,
params={'max_epochs': 10}, # Optional,
tags=['pytorch-lightning', 'mlp']l # Optional,

)

trainer = Trainer (max_epochs=10, logger=neptune_logger)

OFFLINE MODE

from pytorch_lightning.loggers import Neptunelogger

# arguments made to NeptuneLogger are passed on to the neptune.experiments.
—Experiment class
neptune_logger = Neptunelogger (

offline_mode=True,

project_name='USER_NAME/PROJECT_NAME',

experiment_name='default', # Optional,
params={ 'max_epochs': 10}, # Optional,
tags=['pytorch-lightning', 'mlp'] # Optional,

)

trainer = Trainer (max_epochs=10, logger=neptune_logger)

Use the logger anywhere in you LightningModule as follows:

class LitModel (LightningModule) :
def training_step(self, batch, batch_idx):
# log metrics
self.logger.experiment.log_metric('acc_train', ...)
# log images

(continues on next page)
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(continued from previous page)

self.logger.experiment.log_image ('worse_predictions', ...)

# log model checkpoint

self.logger.experiment.log_artifact ('model_checkpoint.pt', ...)
self.logger.experiment .whatever_neptune_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.log_metric('acc_train', ...)
self.logger.experiment.log_image ('worse_predictions', ...)
self.logger.experiment.log_artifact ('model_ checkpoint.pt', ...)
self.logger.experiment .whatever_neptune_supports(...)

If you want to log objects after the training is finished use close_after_fit=False:

neptune_logger = Neptunelogger (
close_after_fit=False,

)
trainer = Trainer (logger=neptune_logger)
trainer.fit ()

# Log test metrics
trainer.test (model)

# Log additional metrics
from sklearn.metrics import accuracy_score

accuracy = accuracy_score (y_true, y_pred)
neptune_logger.experiment.log_metric('test_accuracy', accuracy)

# Log charts
from scikitplot.metrics import plot_confusion_matrix
import matplotlib.pyplot as plt

fig, ax = plt.subplots(figsize=(16, 12))
plot_confusion_matrix(y_true, y_pred, ax=ax)
neptune_logger.experiment.log_image ('confusion matrix', fig)

# Save checkpoints folder
neptune_logger.experiment.log_artifact ('my/checkpoints')

# When you are done, stop the experiment
neptune_logger.experiment.stop ()

See also:

e An Example experiment showing the UI of Neptune.

 Tutorial on how to use Pytorch Lightning with Neptune.

Parameters

* api_key{ (Optional[str]) — Required in online mode. Neptune API token, found
on https://neptune.ai. Read how to get your API key. It is recommended to keep it in the
NEPTUNE_API_TOKEN environment variable and then you can leave api_key=None.

* project_name{ (Optional[str]) — Required in online mode. Qualified name of a
project in a form of “namespace/project_name” for example “tom/minst-classification”. If
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None, the value of NEPTUNE_PROJECT environment variable will be taken. You need to
create the project in https://neptune.ai first.

* offline_mode{ (bool) — Optional default False. If True no logs will be sent to
Neptune. Usually used for debug purposes.

* close_after_fit{ (Optionall[bool]) — Optional default True. If False the
experiment will not be closed after training and additional metrics, images or arti-
facts can be logged. Also, remember to close the experiment explicitly by running
neptune_logger.experiment.stop ().

* experiment_name{ (Optional[str])— Optional. Editable name of the experiment.
Name is displayed in the experiment’s Details (Metadata section) and in experiments view
as a column.

* experiment_id{ (Optional[str])— Optional. Default is None. The ID of the ex-
isting experiment. If specified, connect to experiment with experiment_id in project_name.

CEINNT3 LEINNT3

Input arguments “experiment_name”, “params”, “properties” and “tags” will be overriden
based on fetched experiment data.

* prefix{ (str)— A string to put at the beginning of metric keys.

* xxkwargs{ - Additional arguments like params, tags, properties, etc. used by
neptune.Session.create_experiment () can be passed as keyword arguments
in this logger.

Raises ImportError — If required Neptune package is not installed on the device.
append_tags (fags)
Appends tags to the neptune experiment.

Parameters tags{ (Union[str, Iterable[str]])— Tags to add to the current experiment.
If str is passed, a single tag is added. If multiple - comma separated - str are passed, all of
them are added as tags. If list of str is passed, all elements of the list are added as tags.

Return type None

finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_artifact (artifact, destination=None)
Save an artifact (file) in Neptune experiment storage.

Parameters
e artifact{ (str)— A path to the file in local filesystem.

* destination{ (Optional[str]) — Optional. Default is None. A destination path.
If None is passed, an artifact file name will be used.

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters
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* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_image (log_name, image, step=None)
Log image data in Neptune experiment

Parameters
* log_name{ (str)— The name of log, i.e. bboxes, visualisations, sample_images.

e imagef (Union[str, Any]) — The value of the log (data-point). Can be one of the
following types: PIL image, matplotlib.figure. Figure, path to image file (str)

* step{ (Optional[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

log_metric (metric_name, metric_value, step=None)
Log metrics (numeric values) in Neptune experiments.

Parameters
* metric_name{ (str)— The name of log, i.e. mse, loss, accuracy.
* metric_value{ (Union[Tensor, float, str])— The value of the log (data-point).

* step{ (Optional[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

log_metrics (metrics, step=None)
Log metrics (numeric values) in Neptune experiments.

Parameters

* metricsf (Dict[str, Union[Tensor, float]])— Dictionary with metric names as
keys and measured quantities as values

* step{ (Optional[int])— Step number at which the metrics should be recorded, cur-
rently ignored

Return type None

log_text (log_name, text, step=None)
Log text data in Neptune experiments.

Parameters
* log_name{ (str)— The name of log, i.e. mse, my_text_data, timing_info.
* text{ (str)— The value of the log (data-point).

* step{ (Optional[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

set_property (key, value)
Set key-value pair as Neptune experiment property.

Parameters

* key{ (str) - Property key.
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* value{ (Any) — New value of a property.
Return type None

property experiment
Actual Neptune object. To use neptune features in your LightningModule do the following.

Example:

self.logger.experiment.some_neptune_function ()

Return type Experiment
property name
Return the experiment name.
Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type str

12.8.5 TensorBoardLogger

class pytorch_lightning.loggers.TensorBoardLogger (save_dir, name='default’, ver-

sion=None, log_graph=False,
default_hp_metric=True, prefix=",
**kwargs)

Bases: pytorch lightning.loggers.base.LightningLoggerBase
Log to local file system in TensorBoard format.

Implemented using SummaryWriter. Logs are saved to os.path.join(save_dir, name,
version). This is the default logger in Lightning, it comes preinstalled.

Example:

from pytorch_ lightning import Trainer
from pytorch_lightning.loggers import TensorBoardLogger

logger = TensorBoardLogger ("tb_logs", name="my_model")
trainer = Trainer (logger=logger)
Parameters

* save_dir{ (str)— Save directory

* name{ (Optional[str])—Experiment name. Defaultsto 'default'. Ifitis the empty
string then no per-experiment subdirectory is used.

* version{ (Union[int, str, None]) — Experiment version. If version is not specified
the logger inspects the save directory for existing versions, then automatically assigns the
next available version. If it is a string then it is used as the run-specific subdirectory name,
otherwise 'version_S${version}' is used.
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* log_graph{ (bool) — Adds the computational graph to tensorboard. This requires that
the user has defined the self.example_input_array attribute in their model.

* default_hp_metric{ (bool) — Enables a placeholder metric with key hp_metric
when log_hyperparams is called without a metric (otherwise calls to log_hyperparams with-
out a metric are ignored).

* prefix{ (str)— A string to put at the beginning of metric keys.
* xxkwargs{ — Additional arguments like comment, filename_suffix, etc. used by
SummaryWriter can be passed as keyword arguments in this logger.
finalize (status)

Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* modelf (LightningModule) — lightning model
e input_array{ — input passes to model.forward

log_hyperparams (params, metrics=None)
Record hyperparameters. TensorBoard logs with and without saved hyperparameters are incompatible, the
hyperparameters are then not displayed in the TensorBoard. Please delete or move the previously saved
logs to display the new ones with hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — a dictionary-like container with
the hyperparameters

* metrics{ (Optional[Dict[str, Any]])— Dictionary with metric names as keys and
measured quantities as values

Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log _metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* step{ (Optionall[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual tensorboard object. To use TensorBoard features in your LightningModule do the following.
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Example:

self.logger.experiment.some_tensorboard_function ()

Return type SummaryWriter

property log dir
The directory for this run’s tensorboard checkpoint. By default, it is named 'version_${self.
version} ' but it can be overridden by passing a string value for the constructor’s version parameter
instead of None or an int.

Return type str

property name
Return the experiment name.

Return type str

property root_dir
Parent directory for all tensorboard checkpoint subdirectories. If the experiment name parameter is
None or the empty string, no experiment subdirectory is used and the checkpoint will be saved in
“save_dir/version_dir”

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type int

12.8.6 TestTubelLogger

class pytorch_lightning.loggers.TestTubelogger (save_dir, name='default’, descrip-

tion=None, debug=False, ver-
sion=None, create_git_tag=False,

log_graph=False, prefix="")
Bases: pytorch_lightning.loggers.base.LightningLoggerBase

Log to local file system in TensorBoard format but using a nicer folder structure (see full docs).

Install it with pip:

pip install test_tube

from pytorch_lightning import Trainer

from pytorch lightning.loggers import TestTubelLogger
logger = TestTubelLogger ("tt_logs", name="my_exp_name'")
trainer = Trainer (logger=logger)

Use the logger anywhere in your LightningModule as follows:
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from pytorch lightning import LightningModule
class LitModel (LightningModule) :
def training_ step(self, batch, batch_idx):
# example
self.logger.experiment .whatever_method_summary_writer_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.add_histogram(...)

Parameters
* save_dir{ (str)— Save directory
* name{ (str)— Experiment name. Defaults to 'default’.
* description{ (Optional[str])— A short snippet about this experiment
* debug (bool)—If True, it doesn’t log anything.

* version{ (Optionall[int]) — Experiment version. If version is not specified the log-
ger inspects the save directory for existing versions, then automatically assigns the next
available version.

* create_git_tag{ (bool) — If True creates a git tag to save the code used in this
experiment.

* log_graph{ (bool) — Adds the computational graph to tensorboard. This requires that
the user has defined the self.example_input_array attribute in their model.

* prefix{ (str)— A string to put at the beginning of metric keys.
Raises ImportError — If required TestTube package is not installed on the device.
close ()
Do any cleanup that is necessary to close an experiment.
Return type None

finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* model{ (LightningModule) — lightning model
e input_array{ —input passes to model.forward

log_ hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
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* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* stepy (Optional[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual TestTube object. To use TestTube features in your LightningModule do the following.

Example:

self.logger.experiment.some_test_tube_function()

Return type Experiment
property name
Return the experiment name.
Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type int

12.8.7 WandbLogger

class pytorch_lightning.loggers.WandbLogger (name=None, save_dir=None, offline=False,
id=None, anonymous=None, version=None,
project=None, log_model=False, exper-
iment=None, prefix=", sync_step=None,
**kwargs)
Bases: pytorch_lightning.loggers.base.LightningLoggerBase

Log using Weights and Biases.

Install it with pip:

pip install wandb
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Parameters
* name{ (Optional[str])— Display name for the run.
* save_dir{ (Optional[str])—Path where data is saved (wandb dir by default).

e offline{ (Optionall[bool]) — Run offline (data can be streamed later to wandb
Servers).

* idf (Optional[str]) — Sets the version, mainly used to resume a previous run.

* version{ (Optional[str])— Same as id.

* anonymous/ (Optional[bool])— Enables or explicitly disables anonymous logging.
* project{ (Optional[str])— The name of the project to which this run will belong.

* log_model{ (Optional[bool]) — Save checkpoints in wandb dir to upload on W&B
servers.

* prefix{ (Optional[str])— A string to put at the beginning of metric keys.
* experiment | — WandB experiment object. Automatically set when creating a run.
* xxkwargs{ — Arguments passed to wandb.init () like entity, group, tags, etc.
Raises
* ImportError — If required WandB package is not installed on the device.
* MisconfigurationException — If both 1og_model and offline’ "is set

to " True.

Example:

from pytorch lightning.loggers import WandbLogger
from pytorch_lightning import Trainer
wandb_logger = WandbLogger ()

trainer Trainer (logger=wandb_logger)

Note: When logging manually through wandb.log or trainer.logger.experiment.log, make sure to use com-
mit=False so the logging step does not increase.

See also:

 Tutorial on how to use W&B with PyTorch Lightning
* W&B Documentation
finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

190 Chapter 12. Logging


https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/exceptions.html#ImportError
https://colab.research.google.com/drive/16d1uctGaw2y9KhGBlINNTsWpmlXdJwRW?usp=sharing
https://docs.wandb.ai/integrations/lightning
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Any
https://docs.python.org/3/library/argparse.html#argparse.Namespace
https://docs.python.org/3/library/argparse.html#argparse.Namespace

PyTorch Lightning Documentation, Release 1.3.4

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log _metrics () method.

Parameters

* metricsf (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* step{ (Optionall[int])— Step number at which the metrics should be recorded
Return type None

property experiment
Actual wandb object. To use wandb features in your LightningModule do the following.

Example:

self.logger.experiment.some_wandb_function ()

Return type Run
property name
Return the experiment name.
Return type Optional[str]

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type Optional[str]
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CHAPTER
THIRTEEN

METRICS

pytorch_lightning.metrics has been moved to a separate package TorchMetrics. We will preserve compat-
ibility for the next few releases, nevertheless, we encourage users to update to use this stand-alone package.

Warning: pytorch_lightning.metrics is deprecated from v1.3 and will be removed in v1.5.
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CHAPTER
FOURTEEN

PLUGINS

Plugins allow custom integrations to the internals of the Trainer such as a custom precision or distributed implemen-
tation.

Under the hood, the Lightning Trainer is using plugins in the training routine, added automatically depending on the
provided Trainer arguments. For example:

# accelerator: GPUAccelerator

# training type: DDPPlugin

# precision: NativeMixedPrecisionPlugin
trainer = Trainer (gpus=4, precision=16)

We expose Accelerators and Plugins mainly for expert users that want to extend Lightning for:
* New hardware (like TPU plugin)
* Distributed backends (e.g. a backend not yet supported by PyTorch itself)
* Clusters (e.g. customized access to the cluster’s environment interface)

There are two types of Plugins in Lightning with different responsibilities:

14.1 TrainingTypePlugin

* Launching and teardown of training processes (if applicable)
¢ Setup communication between processes (NCCL, GLOO, MP], .. .)
¢ Provide a unified communication interface for reduction, broadcast, etc.

* Provide access to the wrapped LightningModule

14.2 PrecisionPlugin

» Perform pre- and post backward/optimizer step operations such as scaling gradients
* Provide context managers for forward, training_step, etc.
* Gradient clipping

Futhermore, for multi-node training Lightning provides cluster environment plugins that allow the advanced user to
configure Lighting to integrate with a 3. Custom cluster.
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14.2.1 Create a custom plugin

Expert users may choose to extend an existing plugin by overriding its methods . ..

from pytorch_lightning.plugins import DDPPlugin
class CustomDDPPlugin (DDPPlugin) :

def configure_ddp(self):
self._model = MyCustomDistributedDataParallel (
self.model,
device_ids=...,

or by subclassing the base classes TrainingTypePlugin or PrecisionPlugin to create new ones. These
custom plugins can then be passed into the Trainer directly or via a (custom) accelerator:

# custom plugins
trainer = Trainer (plugins=[CustomDDPPlugin (), CustomPrecisionPlugin()])

# fully custom accelerator and plugins

accelerator = MyAccelerator (
precision_plugin=CustomPrecisionPlugin (),
training_type_plugin=CustomDDPPlugin(),

)

trainer = Trailner (accelerator=accelerator)

The full list of built-in plugins is listed below.

Warning: The Plugin API is in beta and subject to change. For help setting up custom plugins/accelerators,
please reach out to us at support@pytorchlightning.ai

14.3 Training Type Plugins

TrainingTypePlugin Base class for all training type plugins that change the
behaviour of the training, validation and test-loop.
SingleDevicePlugin Plugin that handles communication on a single device.
ParallelPlugin Plugin for training with multiple processes in parallel.
DataParallelPlugin Implements data-parallel training in a single process,

i.e., the model gets replicated to each device and each
gets a split of the data.

DDPPlugin Plugin for multi-process single-device training on one
or multiple nodes.

DDP2Plugin DDP2 behaves like DP in one node, but synchronization
across nodes behaves like in DDP.

DDPShardedPlugin Optimizer and gradient sharded training provided by
FairScale.

DDPSpawnShardedPlugin Optimizer sharded training provided by FairScale.

continues on next page
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Table 1 — continued from previous page

DDPSpawnPlugin Spawns processes using the torch.
multiprocessing.spawn () method and joins
processes after training finishes.

DeepSpeedPlugin Provides capabilities to run training using the Deep-
Speed library, with training optimizations for large bil-
lion parameter models.

HorovodPlugin Plugin for Horovod distributed training integration.

RPCPlugin Backbone for RPC Plugins built on top of DDP.

RPCSequentialPlugin Provides sequential model parallelism for nn.
Sequential module.

SingleTPUPlugin Plugin for training on a single TPU device.

TPUSpawnPlugin Plugin for training multiple TPU devices using the

torch.multiprocessing.spawn () method.

14.4 Precision Plugins

PrecisionPlugin

Base class for all plugins handling the precision-specific
parts of the training.

NativeMixedPrecisionPlugin

Plugin for native mixed precision training with torch .
cuda .amp.

ShardedNativeMixedPrecisionPlugin

Mixed Precision for Sharded Training

ApexMixedPrecisionPlugin

Mixed Precision Plugin based on Nvidia/Apex (https:
//github.com/NVIDIA/apex)

DeepSpeedPrecisionPlugin

Precision plugin for DeepSpeed integration.

TPUHalfPrecisionPlugin

Plugin that enables bfloats on TPUs

DoublePrecisionPlugin

Plugin for training with double (torch.float64)
precision.

14.5 Cluster Environments

ClusterEnvironment

Specification of a cluster environment.

LightningEnvironment

The default environment used by Lightning for a single
node or free cluster (not managed).

TorchElasticEnvironment

Environment for fault-tolerant and elastic training with
torchelastic

SLURMEnvironment

Cluster environment for training on a cluster managed
by SLURM.

14.5. Cluster Environments
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CHAPTER
FIFTEEN

STEP-BY-STEP WALK-THROUGH

This guide will walk you through the core pieces of PyTorch Lightning.
We’ll accomplish the following:
* Implement an MNIST classifier.

» Use inheritance to implement an AutoEncoder

Note: Any DL/ML PyTorch project fits into the Lightning structure. Here we just focus on 3 types of research to
illustrate.

15.1 From MNIST to AutoEncoders

15.1.1 Installing Lightning

Lightning is trivial to install. We recommend using conda environments

conda activate my_env
pip install pytorch-lightning

Or without conda environments, use pip.

’pip install pytorch-lightning

Or conda.

conda install pytorch-lightning -c¢ conda-forge
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15.1.2 The research

The Model

The lightning module holds all the core research ingredients:
* The model
* The optimizers
 The train/ val/ test steps

Let’s first start with the model. In this case, we’ll design a 3-layer neural network.

import torch

from torch.nn import functional as F

from torch import nn

from pytorch_lightning.core.lightning import LightningModule

class LitMNIST (LightningModule) :

def _ init_ (self):
super () .__init__ ()

# mnist images are (1, 28, 28) (channels, width, height)
self.layer_1 = nn.Linear (28 » 28, 128)

self.layer_2 = nn.Linear (128, 256)

self.layer_3 = nn.Linear (256, 10)

def forward(self, x):
batch_size, channels, width, height = x.size()

# (b, 1, 28, 28) —-> (b, 1x28%28)
X = xX.view (batch_size, -1)

X self.layer_1(x)

x = F.relu(x)
X
X
X

= self.layer_2(x)
F.relu(x)
self.layer_3(x)

x = F.log_softmax (x, dim=1)
return x

Notice this is a lightning module instead of a torch.nn.Module. A LightningModule is equivalent to a pure
PyTorch Module except it has added functionality. However, you can use it EXACTLY the same as you would a
PyTorch Module.

net = LitMNIST ()
x = torch.randn (1, 1, 28, 28)
out = net (x)

Out:

torch.Size([1, 101)

Now we add the training_step which has all our training loop logic

class LitMNIST (LightningModule) :

(continues on next page)
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(continued from previous page)

def training step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return loss

Data

Lightning operates on pure dataloaders. Here’s the PyTorch code for loading MNIST.

from torch.utils.data import Dataloader, random_split
from torchvision.datasets import MNIST

import os

from torchvision import datasets, transforms

# transforms
# prepare transforms standard to MNIST
transform=transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))1])

# data
mnist_train MNIST (os.getcwd(), train=True, download=True, transform=transform)
mnist_train = DatalLoader (mnist_train, batch_size=64)

You can use Datal.oaders in 3 ways:

1. Pass DatalLoaders to .fit()

Pass in the dataloaders to the .fit() function.

model = LitMNIST ()
trainer = Trainer()
trainer.fit (model, mnist_train)

2. LightningModule DatalLoaders

For fast research prototyping, it might be easier to link the model with the dataloaders.

class LitMNIST (pl.LightningModule) :

def train_dataloader (self):
# transforms
# prepare transforms standard to MNIST
transform=transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))1)
# data
mnist_train = MNIST (os.getcwd(), train=True, download=True,
—transform=transform)
return Dataloader (mnist_train, batch_size=64)

def val_dataloader (self):
transforms =

(continues on next page)

15.1. From MNIST to AutoEncoders 201




PyTorch Lightning Documentation, Release 1.3.4

(continued from previous page)

mnist_val =
return DatalLoader (mnist_val, batch_size=64)

def test_dataloader (self):
transforms =
mnist_test =
return DatalLoader (mnist_test, batch_size=64)

DatalLoaders are already in the model, no need to specify on .fit().

model = LitMNIST ()
trainer = Trainer|()
trainer.fit (model)

3. DataModules (recommended)

Defining free-floating dataloaders, splits, download instructions, and such can get messy. In this case, it’s better to

group the full definition of a dataset into a DataModule which includes:
* Download instructions
* Processing instructions
* Split instructions

¢ Train dataloader

Val dataloader(s)

Test dataloader(s)

class MyDataModule (LightningDataModule) :

def _ init_ (self):

super () .__init__ ()
self.train_dims = None
self.vocab_size = 0

def prepare_data(self):
# called only on 1 GPU
download_dataset ()
tokenize ()
build_vocab ()

def setup(self, stage: Optional[str] = None):
# called on every GPU
vocab = load_vocab ()
self.vocab_size = len (vocab)
self.train, self.val, self.test = load_datasets /()
self.train_dims = self.train.next_batch.size ()

def train_dataloader (self):
transforms =
return Dataloader (self.train, batch_size=64)

def val_dataloader (self):

(continues on next page)
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transforms =
return Dataloader (self.val, batch_size=64)

def test_dataloader (self):
transforms =
return Dataloader (self.test, batch_size=64)

Using DataModules allows easier sharing of full dataset definitions.

# use an MNIST dataset

mnist_dm = MNISTDatamodule ()

model = LitModel (num_classes=mnist_dm.num_classes)
trainer.fit (model, mnist_dm)

# or other datasets with the same model

imagenet_dm = ImagenetDatamodule ()

model = LitModel (num_classes=imagenet_dm.num_classes)
trainer.fit (model, imagenet_dm)

Note: prepare_data () is called on only one GPU in distributed training (automatically)

Note: setup () is called on every GPU (automatically)

Models defined by data

When your models need to know about the data, it’s best to process the data before passing it to the model.

# init dm AND call the processing manually
dm = ImagenetDataModule ()

dm.prepare_data ()

dm.setup ()

model = LitModel (out_features=dm.num_classes, img_width=dm.img_width, img_height=dm.
—~img_height)
trainer.fit (model, dm)

1. use prepare_data () to download and process the dataset.
2. use setup () to do splits, and build your model internals

An alternative to using a DataModule is to defer initialization of the models modules to the setup method of your
LightningModule as follows:

class LitMNIST (LightningModule) :

def _ init_ (self):
self.l1ll = None

def prepare_data(self):
download_data ()
tokenize ()

(continues on next page)
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def setup(self, stage: Optional[str] = None):
# step is either 'fit', 'validate', 'test', or 'predict'. 90% of the time not_
—relevant
data = load_data()
num_classes = data.classes
self.ll = nn.Linear (..., num_classes)
Optimizer

Next we choose what optimizer to use for training our system. In PyTorch we do it as follows:

from torch.optim import Adam
optimizer = Adam(LitMNIST () .parameters(), lr=le-3)

In Lightning we do the same but organize it under the configure_optimizers () method.

class LitMNIST (LightningModule) :

def configure_optimizers(self):
return Adam(self.parameters (), lr=le-3)

Note: The LightningModule itself has the parameters, so pass in self.parameters()

However, if you have multiple optimizers use the matching parameters

class LitMNIST (LightningModule) :

def configure_optimizers(self):
return Adam(self.generator (), lr=le-3), Adam(self.discriminator (), lr=le-3)

Training step

The training step is what happens inside the training loop.

for epoch in epochs:
for batch in data:

# TRAINING STEP

# oo,

# TRAINING STEP
optimizer.zero_grad()
loss.backward ()
optimizer.step ()

In the case of MNIST, we do the following

for epoch in epochs:
for batch in data:
# o TRAINING STEP START ——————
x, y = batch
logits = model (x)
loss = F.nll_loss(logits, V)
# o TRAINING STEP END —————-—

(continues on next page)
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optimizer.zero_grad()
loss.backward()
optimizer.step ()

In Lightning, everything that is in the training step gets organized under the training_step () function in the

LightningModule.

class LitMNIST (LightningModule) :

def training_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return loss

Again, this is the same PyTorch code except that it has been organized by the LightningModule. This code is not

restricted which means it can be as complicated as a full seq-2-seq, RL loop, GAN, etc. ..

15.1.3 The engineering

Training

So far we defined 4 key ingredients in pure PyTorch but organized the code with the LightningModule.

1. Model.
2. Training data.
3. Optimizer.

4. What happens in the training loop.

For clarity, we’ll recall that the full LightningModule now looks like this.

class LitMNIST (LightningModule) :
def _ init__ (self):
super () .__init__ ()
self.layer_1 = nn.Linear (28 = 28, 128)
self.layer_2 = nn.Linear (128, 256)
self.layer_3 = nn.Linear (256, 10)

def forward(self, x):
batch_size, channels, width, height = x.size()
= x.view(batch_size, -1)
= self.layer_1 (x)
F.relu(x)
self.layer_2(x)
F.relu(x)
= self.layer_3(x)

KoM oMY X X X
Il

(continues on next page)
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x = F.log_softmax(x, dim=1)
return x

def training_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return loss

Again, this is the same PyTorch code, except that it’s organized by the LightningModule.

Logging

To log to Tensorboard, your favorite logger, and/or the progress bar, use the Zog () method which can be called from
any method in the LightningModule.

def training_step(self, batch, batch_idx):
self.log('my_metric', x)

The 1og () method has a few options:
* on_step (logs the metric at that step in training)
* on_epoch (automatically accumulates and logs at the end of the epoch)
 prog_bar (logs to the progress bar)
* logger (logs to the logger like Tensorboard)

Depending on where the log is called from, Lightning auto-determines the correct mode for you. But of course you
can override the default behavior by manually setting the flags.

Note: Setting on_epoch=True will accumulate your logged values over the full training epoch.

def training_step(self, batch, batch_idx):
self.log('my_loss', loss, on_step=True, on_epoch=True, prog_bar=True, logger=True)

You can also use any method of your logger directly:

def training_step(self, batch, batch_idx):
tensorboard = self.logger.experiment
tensorboard.any_summary_writer_method_you_want ())

Once your training starts, you can view the logs by using your favorite logger or booting up the Tensorboard logs:

tensorboard --logdir ./lightning_logs

Which will generate automatic tensorboard logs (or with the logger of your choice).

But you can also use any of the number of other loggers we support.
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[31] # Start tensorboard.
$load_ext tensorboard
$tensorboard --logdir lightning logs/

The tensorboard extension is already loaded. To reload it, use:
$reload_ext tensorboard

O

TensorBoard SCALARS
[J show data download links Q Filter tags (regular expressions supported)
Ignore outliers in chart scalin:
loss

Toolipsorting  gofault -

’ loss
Smoothing 0.3

—e — 06

Horizontal Axis

STEP RELATIVE 0

WALL 0 1k 2k 3k 4k 5k

Runs

Write a regex to filter runs

() version_0

Train on CPU

from pytorch_lightning import Trainer

model = LitMNIST ()
trainer = Trainer ()
trainer.fit (model, train_loader)

You should see the following weights summary and progress bar

| Name | Type | Params

0 | layer_ 1 | Linear | 100 K
1 | layer_2 | Linear | 33 K
2 | layer_3 | Linear | 2 K

Epoch 1:27% [ 250/938 [00:08<00:22, 30.10it/s, loss=0.353, v_num=2]

Train on GPU

But the beauty is all the magic you can do with the trainer flags. For instance, to run this model on a GPU:

model = LitMNIST ()
trainer = Trainer (gpus=1)
trainer.fit (model, train_loader)
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INFO:root:GPU available: True, used: True
INFO:root:VISIBLE GPUS: 0
INFO:root:

| Name | Type | Params

0 | layer 1 | Linear | 100 K
1 | layer 2 | Linear | 33 K
2 | layer 3 | Linear | 2 K

Epoch 1: 53% 500/938 [00:07<00:07, 61.53it/s, loss=0.206, v_num=3]

Train on Multi-GPU

Or you can also train on multiple GPUs.

model = LitMNIST ()
trainer = Trainer (gpus=8)
trainer.fit (model, train_loader)

Or multiple nodes

# (32 GPUs)

model = LitMNIST ()

trainer = Trainer (gpus=8, num_nodes=4, accelerator='ddp'")
trainer.fit (model, train_loader)

Refer to the distributed computing guide for more details.

Train on TPUs

Did you know you can use PyTorch on TPUs? It’s very hard to do, but we’ve worked with the xla team to use their
awesome library to get this to work out of the box!

Let’s train on Colab (full demo available here)

First, change the runtime to TPU (and reinstall lightning).

Next, install the required xla library (adds support for PyTorch on TPUs)

'pip install cloud-tpu-client==0.10 https://storage.googleapis.com/tpu-pytorch/wheels/
—torch_xla-1.8-cp37-cp37m-linux_x86_64.whl

In distributed training (multiple GPUs and multiple TPU cores) each GPU or TPU core will run a copy of this program.
This means that without taking any care you will download the dataset N times which will cause all sorts of issues.

To solve this problem, make sure your download code is in the prepare_data method in the DataModule. In this
method we do all the preparation we need to do once (instead of on every GPU).

prepare_data can be called in two ways, once per node or only on the root node
(Trainer (prepare_data_per_node=False)).

class MNISTDataModule (LightningDataModule) :
def _ init_ (self, batch_size=64):
super () .__init__ ()
self.batch_size = batch_size

(continues on next page)
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CO L pytorch_lightning_mnist_tutorialipynb
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= Table of contents L
Run before & /Ctrl+F8

'y MNIST

Model Run selection & /Ctrl+Shift+Enter
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Data Run after 38 /Ctrl+F10 i

Optimizer Interrupt execution g8/Ctrl+M |
Training step Restart runtime... 38/Ctrl+M . ]
i
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Section Factory reset runtime

Change runtime type
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View runtime logs

Restart runtime

Are you sure you want to restart the runtime? Runtime state including all local variables will be lost.

CANCEL
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def prepare_data(self):
# download only
MNIST (os.getcwd(), train=True, download=True, transform=transforms.ToTensor ())
MNIST (os.getcwd (), train=False, download=True, transform=transforms.
—~ToTensor ())

def setup(self, stage: Optional[str] = None):
# transform
transform=transforms.Compose ([transforms.ToTensor () ])
mnist_train = MNIST (os.getcwd(), train=True, download=False,
—~transform=transform)
mnist_test = MNIST (os.getcwd(), train=False, download=False,
—transform=transform)

# train/val split
mnist_train, mnist_val = random_split (mnist_train, [55000, 50007])

# assign to use in dataloaders
self.train_dataset = mnist_train
self.val_dataset = mnist_val
self.test_dataset = mnist_test

def train_dataloader (self):
return Dataloader (self.train_dataset, batch_size=self.batch_size)

def val_dataloader (self):
return Dataloader (self.val_dataset, batch_size=self.batch_size)

def test_dataloader (self):
return Dataloader (self.test_dataset, batch_size=self.batch_size)

The prepare_data method is also a good place to do any data processing that needs to be done only once (ie:
download or tokenize, etc...).

Note: Lightning inserts the correct DistributedSampler for distributed training. No need to add yourself!

Now we can train the LightningModule on a TPU without doing anything else!

dm = MNISTDataModule ()

model = LitMNIST ()

trainer = Trainer (tpu_cores=38)
trainer.fit (model, dm)

You’ll now see the TPU cores booting up.

INFO:root:training on 8 TPU cores

INFO:root:INIT TPU local core: 0, global rank: 0
INFO:root:INIT TPU local core: 3, global rank: 3
INFO:root:INIT TPU local core: 1, global rank: 1

Notice the epoch is MUCH faster!
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INFO:root:
| Name | Type | Params

0 | layer_1 | Linear | 100 K

1 | layer_2 | Linear | 33 K

2 | layer_3 | Linear | 2 K

Using downloaded and verified file: /content/MNIST/raw/train-images-idx3-ubyte.gz
Extracting /content/MNIST/raw/train-images-idx3-ubyte.gz to /content/MNIST/raw
Using downloaded and verified file: /content/MNIST/raw/train-labels-idxl-ubyte.gz
Extracting /content/MNIST/raw/train-labels-idxl-ubyte.gz to /content/MNIST/raw
Using downloaded and verified file: /content/MNIST/raw/tl0k-images-idx3-ubyte.gz
Extracting /content/MNIST/raw/tl0k-images-idx3-ubyte.gz to /content/MNIST/raw
Using downloaded and verified file: /content/MNIST/raw/tl0k-labels-idxl-ubyte.gz
Extracting /content/MNIST/raw/tl0k-labels-idxl-ubyte.gz to /content/MNIST/raw
Processing...

Done!

Epoch 6: 42% 50/118 [00:00<00:01, 62.22it/s, 0ss=0.067, v_num=10]

Hyperparameters

Lightning has utilities to interact seamlessly with the command line ArgumentParser and plays well with the
hyperparameter optimization framework of your choice.

ArgumentParser

Lightning is designed to augment a lot of the functionality of the built-in Python ArgumentParser

from argparse import ArgumentParser

parser = ArgumentParser ()

parser.add_argument ('-—-layer_ 1 dim', type=int, default=128)
args = parser.parse_args ()

This allows you to call your program like so:

python trainer.py --layer_1_dim 64

Argparser Best Practices

It is best practice to layer your arguments in three sections.
1. Trainer args (gpus, num_nodes, etc...)
2. Model specific arguments (layer_dim, num_layers, learning_rate,etc...)

3. Program arguments (data_path, cluster_email,etc...)

We can do this as follows. First, in your LightningModule, define the arguments specific to that module. Re-
member that data splits or data paths may also be specific to a module (i.e.: if your project has a model that trains on
Imagenet and another on CIFAR-10).
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class LitModel (LightningModule) :

@staticmethod

def add_model_specific_args (parent_parser) :
parser = parent_parser.add_argument_group ("LitModel")
parser.add_argument ('-—encoder_layers', type=int, default=12)
parser.add_argument ('--data_path', type=str, default='/some/path'")
return parent_parser

Now in your main trainer file, add the Trainer args, the program args, and add the model args

from argparse import ArgumentParser
parser = ArgumentParser ()

# add PROGRAM level args
parser.add_argument ('-—-conda_env', type=str, default='some_name')
parser.add_argument ('--notification_email', type=str, default='willlemail.com')

# add model specific args
parser = LitModel.add_model_specific_args (parser)

# add all the available trainer options to argparse
# ie: now —--gpus ——-num_nodes ... ——fast_dev_run all work in the cli

parser = Trainer.add_argparse_args (parser)

args = parser.parse_args()

Now you can call run your program like so:

python trainer_main.py —--gpus 2 —--num_nodes 2 --conda_env 'my_env' --encoder_layers 12

Finally, make sure to start the training like so:

# init the trainer like this
trainer = Trainer.from_argparse_args(args, early_stopping_callback=...)

# NOT like this
trainer = Trainer (gpus=hparams.gpus, ...)

# init the model with Namespace directly
model = LitModel (args)

# or init the model with all the key-value pairs
dict_args = vars (args)
model = LitModel (»*dict_args)
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LightningModule hyperparameters

Often times we train many versions of a model. You might share that model or come back to it a few months later at
which point it is very useful to know how that model was trained (i.e.: what learning rate, neural network, etc. .. ).

Lightning has a few ways of saving that information for you in checkpoints and yaml files. The goal here is to improve
readability and reproducibility.

1. The first way is to ask lightning to save the values of anything in the __init__ for you to the checkpoint. This
also makes those values available via self.hparams.

class LitMNIST (LightningModule) :

def _ _init__ (self, layer_1_dim=128, learning_rate=le-2, *xkwargs):

super () .__init__ ()
# call this to save (layer_1_dim=128, learning_rate=le-4) to the,
—checkpoint

self.save_hyperparameters ()

# equivalent
self.save_hyperparameters('layer 1 dim', 'learning rate')

# Now possible to access layer_1_dim from hparams

self.hparams.layer_1_dim

2. Sometimes your init might have objects or other parameters you might not want to save. In that case, choose
only a few

class LitMNIST (LightningModule) :

def _ _init__ (self, loss_fx, generator_network, layer_1_dim=128 xxkwargs):

super () .__init__ ()
self.layer_1_dim = layer_1_dim
self.loss_fx = loss_fx

# call this to save (layer_1_dim=128) to the checkpoint
self.save_hyperparameters('layer 1 dim')

# to load specify the other args
model = LitMNIST.load_from_checkpoint (PATH, loss_fx=torch.nn.SomeOtherLoss,
—generator_network=MyGenerator ())

3. Assign to self.hparams. Anything assigned to self.hparams will also be saved automatically.

# using a argparse.Namespace
class LitMNIST (LightningModule) :

def _ _init__ (self, hparams, =*args, xxkwargs):
super () .__init__ ()
self.hparams = hparams
self.layer_1 = nn.Linear (28 x 28, self.hparams.layer_1_dim)
self.layer_2 = nn.Linear (self.hparams.layer_1_dim, self.hparams.layer_2_
—dim)
self.layer_3 = nn.Linear (self.hparams.layer_2_dim, 10)

def train_dataloader (self):
return Dataloader (mnist_train, batch_size=self.hparams.batch_size)

4. You can also save full objects such as dict or Namespace to the checkpoint.
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# using a argparse.Namespace
class LitMNIST (LightningModule) :

def _ init__ (self, conf, *args, »+xkwargs):
super () .__init__ ()
self.save_hyperparameters (conf)

self.layer_1 nn.Linear (28 % 28, self.hparams.layer_1_dim)

self.layer_2 = nn.Linear (self.hparams.layer_1_dim, self.hparams.layer_2_
—dim)

self.layer_3 = nn.Linear (self.hparams.layer_2_dim, 10)

conf = OmegaConf.create(...)
model = LitMNIST (conf)

# Now possible to access any stored variables from hparams
model.hparams.anything

Trainer args

To recap, add ALL possible trainer flags to the argparser and init the Trainer this way

parser = ArgumentParser ()
parser = Trainer.add_argparse_args (parser)
hparams = parser.parse_args ()

trainer = Trainer.from_argparse_args (hparams)
# or if you need to pass in callbacks

trainer = Trainer.from_argparse_args (hparams, checkpoint_callback=..., callbacks=[...
—1)

Multiple Lightning Modules

‘We often have multiple Lightning Modules where each one has different arguments. Instead of polluting the main.py

file, the LightningModule lets you define arguments for each one.

class LitMNIST (LightningModule) :

def _ _init__ (self, layer_1_dim, xxkwargs):
super () .__init__ ()
self.layer_1 = nn.Linear (28 x 28, layer_1_dim)
@staticmethod

def add_model_specific_args (parent_parser) :
parser = parent_parser.add_argument_group ("LitMNIST")
parser.add_argument ('-—-layer_ 1 dim', type=int, default=128)
return parent_parser
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class GoodGAN (LightningModule) :

def _ _init__ (self, encoder_layers, xxkwargs):
super () .__init__ ()
self.encoder = Encoder (layers=encoder_layers)

@staticmethod

def add_model_specific_args (parent_parser) :
parser = parent_parser.add_argument_group ("GoodGAN")
parser.add_argument ('-—-encoder_ layers', type=int, default=12)
return parent_parser

Now we can allow each model to inject the arguments it needs in the main.py

def main(args) :

dict_args = vars (args)

# pick model

if args.model_name == 'gan':
model GoodGAN (x+xdict_args)
elif args.model_name == 'mnist':

model = LitMNIST (xxdict_args)

trainer = Trainer.from_argparse_args (args)
trainer.fit (model)
if name == '_ _main_ ':
parser = ArgumentParser ()
parser = Trainer.add_argparse_args (parser)

# figure out which model to use
parser.add_argument ('--model_name', type=str, default='gan', help='gan or mnist')

# THIS LINE IS KEY TO PULL THE MODEL NAME
temp_args, _ = parser.parse_known_args ()

# let the model add what it wants

if temp_args.model_name == 'gan':
parser = GoodGAN.add_model_specific_args (parser)
elif temp_args.model_name == 'mnist':

parser = LitMNIST.add_model_specific_args (parser)
args = parser.parse_args()

# train
main (args)

and now we can train MNIST or the GAN using the command line interface!

$ python main.py —--model_name gan —--encoder_layers 24
$ python main.py —--model_name mnist —--layer_1_dim 128
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Validating

For most cases, we stop training the model when the performance on a validation split of the data reaches a minimum.

Just like the training_step, we can define a validation_step to check whatever metrics we care about,
generate samples, or add more to our logs.

def validation_step(self, batch, batch_idx):
loss = MSE_loss(...)
self.log('val_loss', loss)

Now we can train with a validation loop as well.

from pytorch_lightning import Trainer

model = LitMNIST ()
trainer = Trainer (tpu_cores=38)
trainer.fit (model, train_loader, val_loader)

You may have noticed the words Validation sanity check logged. This is because Lightning runs 2 batches of valida-
tion before starting to train. This is a kind of unit test to make sure that if you have a bug in the validation loop, you
won’t need to potentially wait for a full epoch to find out.

Note: Lightning disables gradients, puts model in eval mode, and does everything needed for validation.

Val loop under the hood

Under the hood, Lightning does the following:

model = Model ()
model.train ()
torch.set_grad_enabled (True)

for epoch in epochs:
for batch in data:
#

# train

# validate
model.eval ()
torch.set_grad_enabled (False)

outputs = []
for batch in val_data:

x, y = batch # validation_step

y_hat = model (x) # validation_step

loss = loss(y_hat, x) # validation_step

outputs.append({'val_loss': loss}) # validation_ step
total_loss = outputs.mean() # validation_epoch_end
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Optional methods

If you still need even more fine-grain control, define the other optional methods for the loop.

def validation_step(self, batch, batch_idx):
preds =
return preds

def validation_epoch_end(self, wval_step_outputs):
for pred in val_step_outputs:
# do something with all the predictions from each validation_step

Testing

Once our research is done and we’re about to publish or deploy a model, we normally want to figure out how it will
generalize in the “real world.” For this, we use a held-out split of the data for testing.

Just like the validation loop, we define a test loop

class LitMNIST (LightningModule) :
def test_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, V)
self.log('test_loss', loss)

However, to make sure the test set isn’t used inadvertently, Lightning has a separate API to run tests. Once you train
your model simply call .test ().

from pytorch_lightning import Trainer

model = LitMNIST ()
trainer = Trainer (tpu_cores=38)
trainer.fit (model)

# run test set
result = trainer.test ()
print (result)

Out:

TEST RESULTS
{'test_loss': 1.1703}

You can also run the test from a saved lightning model

model = LitMNIST.load_from_ checkpoint (PATH)
trainer = Trainer (tpu_cores=38)
trainer.test (model)

Note: Lightning disables gradients, puts model in eval mode, and does everything needed for testing.
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Warning: .test() is not stable yet on TPUs. We’re working on getting around the multiprocessing challenges.

Predicting

Again, a LightningModule is exactly the same as a PyTorch module. This means you can load it and use it for
prediction.

model = LitMNIST.load_from_checkpoint (PATH)
x = torch.randn (1, 1, 28, 28)
out = model (x)

On the surface, it looks like forward and training_step are similar. Generally, we want to make sure that what
we want the model to do is what happens in the forward. whereas the training_step likely calls forward from
within it.

class MNISTClassifier (LightningModule) :

def forward(self, x):
batch_size, channels, width, height = x.size()
= x.view(batch_size, -1)
= self.layer_1 (x)
= F.relu(x)
self.layer_2 (x)
F.relu(x)
self.layer_3(x)
= F.log_softmax (x, dim=1)
return x

XX X X X X X
Il

def training_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return loss

model = MNISTClassifier ()
x = mnist_image ()
logits = model (x)

In this case, we’ve set this LightningModel to predict logits. But we could also have it predict feature maps:

class MNISTRepresentator (LightningModule) :

def forward(self, x):

batch_size, channels, width, height = x.size()
x = x.view(batch_size, -1)

x = self.layer_1(x)

x1l = F.relu(x)

x = self.layer_2(x1)

x2 = F.relu(x)

x3 = self.layer_ 3 (x2)
return [x, x1, x2, x3]

(continues on next page)
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(continued from previous page)

def training_step(self, batch, batch_idx):
x, y = batch
out, 1l1_feats, 12_feats, 13_feats = self (x)
logits = F.log_softmax (out, dim=1)
ce_loss = F.nll _loss(logits, vy)
loss = perceptual_loss (1ll_feats, 12_feats, 13_feats) + ce_loss
return loss

model = MNISTRepresentator.load_from_checkpoint (PATH)
x = mnist_image ()
feature_maps = model (x)

Or maybe we have a model that we use to do generation. A LightningModuleisalsojustatorch.nn.Module.

class LitMNISTDreamer (LightningModule) :

def forward(self, z):
imgs = self.decoder (z)
return imgs

def training_step(self, batch, batch_idx):
x, y = batch
representation = self.encoder (x)
imgs = self (representation)

loss = perceptual_loss (imgs, Xx)
return loss

model = LitMNISTDreamer.load_from_checkpoint (PATH)
z = sample_noise()
generated_imgs = model (z)

To perform inference at scale, it is possible to use predict () with predict_step () By default,
predict_step () calls forward (), but it can be overridden to add any processing logic.

class LitMNISTDreamer (LightningModule) :

def forward(self, z):
imgs = self.decoder (z)
return imgs

def predict_step(self, batch, batch_idx: int , dataloader_idx: int = None) :

return self (batch)

model = LitMNISTDreamer ()
trainer.predict (model, datamodule)

How you split up what goes in forward () vs training step () vs predict_step () depends on how you
want to use this model for prediction. However, we recommend forward () to contain only tensor operations with
your model. training step () to encapsulate forward () logic with logging, metrics, and loss computation.
predict_step () toencapsulate forward () with any necessary preprocess or postprocess functions.
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15.1.4 The non-essentials

Extensibility

Although lightning makes everything super simple, it doesn’t sacrifice any flexibility or control. Lightning offers
multiple ways of managing the training state.

Training overrides

Any part of the training, validation, and testing loop can be modified. For instance, if you wanted to do your own
backward pass, you would override the default implementation

def backward(self, use_amp, loss, optimizer):
loss.backward ()

With your own

class LitMNIST (LightningModule) :

def backward(self, use_amp, loss, optimizer, optimizer_idx):
# do a custom way of backward
loss.backward(retain_graph=True)

Every single part of training is configurable this way. For a full list look at LightningModule.

Callbacks

Another way to add arbitrary functionality is to add a custom callback for hooks that you might care about

from pytorch_lightning.callbacks import Callback
class MyPrintingCallback (Callback) :

def on_init_start(self, trainer):
print ('Starting to init trainer!')

def on_init_end(self, trainer):
print ('Trainer is init now')

def on_train_end(self, trainer, pl_module):
print ('do something when training ends')

And pass the callbacks into the trainer

trainer = Trainer (callbacks=[MyPrintingCallback()])

Tip: See full list of 12+ hooks in the callbacks.
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Child Modules

Research projects tend to test different approaches to the same dataset. This is very easy to do in Lightning with
inheritance.

For example, imagine we now want to train an Autoencoder to use as a feature extractor for MNIST images. We are
extending our Autoencoder from the LitMNIST-module which already defines all the dataloading. The only things
that change in the Autoencoder model are the init, forward, training, validation and test step.

class Encoder (torch.nn.Module) :
pass

class Decoder (torch.nn.Module) :
pass

class AutoEncoder (L1tMNIST) :

def _ init__ (self):
super () .__init__ ()
self.encoder = Encoder ()
self.decoder = Decoder ()
self.metric = MSE ()

def forward(self, x):
return self.encoder (x)

def training step(self, batch, batch_idx):

x, _ = batch

representation = self.encoder (x)
x_hat = self.decoder (representation)
loss = self.metric(x, x_hat)

return loss

def validation_step(self, batch, batch_idx):
self._shared_eval (batch, batch_idx, 'val')

def test_step(self, batch, batch_idx):
self._shared_eval (batch, batch_idx, 'test')

def _shared_eval (self, batch, batch_idx, prefix):

x, _ = batch

representation = self.encoder (x)
x_hat = self.decoder (representation)
loss = self.metric(x, x_hat)

self.log(f'{prefix/_ loss', loss)

and we can train this using the same trainer

autoencoder = AutoEncoder ()
trainer = Trainer|()
trainer.fit (autoencoder)

And remember that the forward method should define the practical use of a LightningModule. In this case, we want
to use the AutoEncoder to extract image representations
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some_images = torch.Tensor (32, 1, 28, 28)
representations = autoencoder (some_images)

Transfer Learning

Using Pretrained Models

Sometimes we want to use a LightningModule as a pretrained model. This is fine because a LightningModule is just
a torch.nn.Module!

Note: Remember that a LightningModule is EXACTLY a torch.nn.Module but with more capabilities.

Let’s use the AutoEncoder as a feature extractor in a separate model.

class Encoder (torch.nn.Module) :

class AutoEncoder (LightningModule) :
def _ init__ (self):
self.encoder = Encoder ()
self.decoder = Decoder ()

class CIFAR1OClassifier (LightningModule) :
def _ _init__ (self):
# init the pretrained LightningModule
self.feature_extractor = AutoEncoder.load_from_checkpoint (PATH)
self.feature_extractor.freeze()

# the autoencoder outputs a 100-dim representation and CIFAR-10 has 10 classes
self.classifier = nn.Linear (100, 10)

def forward(self, x):
representations = self.feature_extractor (x)
x = self.classifier (representations)

We used our pretrained Autoencoder (a LightningModule) for transfer learning!

Example: Imagenet (computer Vision)

import torchvision.models as models

class ImagenetTransferLearning(LightningModule) :
def _ init_ (self):
super () .__init__ ()

# init a pretrained resnet

backbone = models.resnet50 (pretrained=True)
num_filters = backbone.fc.in_features
layers = list (backbone.children()) [:-1]

(continues on next page)
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(continued from previous page)

self.feature_extractor = nn.Sequential (xlayers)

# use the pretrained model to classify cifar-10 (10 image classes)
num_target_classes = 10
self.classifier = nn.Linear (num_filters, num_target_classes)

def forward(self, x):
self.feature_extractor.eval ()
with torch.no_grad() :

representations = self.feature_extractor(x).flatten (1)
x = self.classifier (representations)
Finetune
model = ImagenetTransferLearning()

trainer = Trainer ()
trainer.fit (model)

And use it to predict your data of interest

model = ImagenetTransferLearning.load_from_checkpoint (PATH)
model. freeze ()

x = some_images_from_cifarlO ()
predictions = model (x)

We used a pretrained model on imagenet, finetuned on CIFAR-10 to predict on CIFAR-10. In the non-academic world
we would finetune on a tiny dataset you have and predict on your dataset.

Example: BERT (NLP)

Lightning is completely agnostic to what’s used for transfer learning so long as it is a torch.nn.Module subclass.

Here’s a model that uses Huggingface transformers.

class BertMNLIFinetuner (LightningModule) :

def _ init__ (self):
super () .__init__ ()

self.bert = BertModel.from_ pretrained('bert-base-cased', output_
—attentions=True)

self.W = nn.Linear (bert.config.hidden_size, 3)

self.num_classes = 3

def forward(self, input_ids, attention_mask, token_type_ids):

h, _, attn = self.bert (input_ids=input_ids,
attention_mask=attention_mask,
token_type_ids=token_type_ids)

h_cls = h([:, 0]
logits = self.W(h_cls)
return logits, attn
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15.2 Why PyTorch Lightning

15.2.1 a. Less boilerplate
Research and production code starts with simple code, but quickly grows in complexity once you add GPU training,
16-bit, checkpointing, logging, etc. ..

PyTorch Lightning implements these features for you and tests them rigorously to make sure you can instead focus on
the research idea.

Writing less engineering/bolierplate code means:
* fewer bugs
* faster iteration

* faster prototyping

15.2.2 b. More functionality
In PyTorch Lightning you leverage code written by hundreds of Al researchers, research engs and PhDs from the
world’s top Al labs, implementing all the latest best practices and SOTA features such as

e GPU, Multi GPU, TPU training

* Multi-node training

¢ Auto logging

¢ Gradient accumulation

15.2.3 c. Less error-prone

Why re-invent the wheel?

Use PyTorch Lightning to enjoy a deep learning structure that is rigorously tested (500+ tests) across CPUs/multi-
GPUs/multi-TPUs on every pull-request.

We promise our collective team of 20+ from the top labs has thought about training more than you :)

15.2.4 d. Not a new library

PyTorch Lightning is organized PyTorch - no need to learn a new framework.
Switching your model to Lightning is straight forward - here’s a 2-minute video on how to do it.

Your projects WILL grow in complexity and you WILL end up engineering more than trying out new ideas... Defer
the hardest parts to Lightning!
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15.3 Lightning Philosophy

Lightning structures your deep learning code in 4 parts:
* Research code
* Engineering code
» Non-essential code

e Data code

15.3.1 Research code

In the MNIST generation example, the research code would be the particular system and how it’s trained (ie: A GAN
or VAE or GPT).

11 = nn.Linear(...)
12 = nn.Linear(...)
decoder = Decoder ()

x1l = 11 (x)
x2 = 12(x2)
out = decoder (features, x)

loss = perceptual_loss(xl, x2, x) + CE(out, x)

In Lightning, this code is organized into a lightning module.

15.3.2 Engineering code

The Engineering code is all the code related to training this system. Things such as early stopping, distribution over
GPUs, 16-bit precision, etc. This is normally code that is THE SAME across most projects.

model.cuda (0)
x = xX.cuda (0)

distributed DistributedParallel (model)

with gpu_zero:
download_data ()

dist.barrier ()

In Lightning, this code is abstracted out by the trainer.
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15.3.3 Non-essential code

This is code that helps the research but isn’t relevant to the research code. Some examples might be:
1. Inspect gradients

2. Log to tensorboard.

# log samples

z = Q.rsample ()

generated = decoder (z)
self.experiment.log('images', generated)

In Lightning this code is organized into callbacks.

15.3.4 Data code

Lightning uses standard PyTorch Datal.oaders or anything that gives a batch of data. This code tends to end up getting
messy with transforms, normalization constants, and data splitting spread all over files.

# data
train = MNIST(...)
train, val = split(train, wval)

test = MNIST(...)

# transforms
train_transforms =
val_transforms =
test_transforms = ...

# dataloader ...
# download with dist.barrier () for multi-gpu, etc...

This code gets especially complicated once you start doing multi-GPU training or needing info about the data to build
your models.

In Lightning this code is organized inside a datamodules.

Tip: DataModules are optional but encouraged, otherwise you can use standard DatalLoaders
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CHAPTER
SIXTEEN

16.1 Accelerator API

API REFERENCES

Accelerator The Accelerator Base Class.

CPUAccelerator Accelerator for CPU devices.
GPUAccelerator Accelerator for GPU devices.
TPUAccelerator Accelerator for TPU devices.

16.1.1 Accelerator

class pytorch_lightning.accelerators.Accelerator (precision_plugin, train-

Bases: object

ing_type_plugin)

The Accelerator Base Class. An Accelerator is meant to deal with one type of Hardware.

Currently there are accelerators for:

 CPU
* GPU
« TPU

Each Accelerator gets two plugins upon initialization: One to handle differences from the training routine and

one to handle different precisions.

Parameters

* precision_plugin{ (PrecisionPlugin) — the plugin to handle precision-specific

parts

* training_type_plugin{ (TrainingTypePlugin) — the plugin to handle differ-

ent training routines

all_gather (tensor, group=None, sync_grads=False)
Function to gather a tensor from several distributed processes.

Parameters

* tensor{ (Tensor) — tensor of shape (batch, ...)

* group{ (Optional[Any]) — the process group to gather results from. Defaults to all

processes (world)
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* sync_grads{ (bool) — flag that allows users to synchronize gradients for all_gather
op
Return type Tensor

Returns A tensor of shape (world_size, batch, ...)

backward (closure_loss, optimizer, optimizer_idx, should_accumulate, *args, **kwargs)
Forwards backward-calls to the precision plugin.

Parameters
* closure_loss{ (Tensor) — a tensor holding the loss value to backpropagate
* should_accumulate (bool)— whether to accumulate gradients

Return type Tensor

batch_to_device (batch, device=None)
Moves the batch to the correct device. The returned batch is of the same type as the input batch, just having
all tensors on the correct device.

Parameters
* batch{ (Any) — The batch of samples to move to the correct device
* device{ (Optional[device])— The target device

Return type Any

broadcast (0bj, src=0)
Broadcasts an object to all processes, such that the src object is broadcast to all other ranks if needed.

Parameters

* obj¥ (ocbject) — Object to broadcast to all process, usually a tensor or collection of
tensors.

e srcf (int)— The source rank of which the object will be broadcast from
Return type object

clip_gradients (optimizer, clip_val, gradient_clip_algorithm=<GradClipAlgorithmType. NORM:

norm'>)
clips all the optimizer parameters to the given value

Return type None

connect (model)
Transfers ownership of the model to this plugin

Return type None

connect_precision_plugin (plugin)
Attaches the precision plugin to the accelerator

Return type None

connect_training type plugin (plugin, model)
Attaches the training type plugin to the accelerator. Also transfers ownership of the model to this plugin

Return type None

dispatch (trainer)
Hook to do something before the training/evaluation/prediction starts.

Return type None
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model_sharded_context ()
Provide hook to create modules in a distributed aware context. This is useful for when we’d like to shard
the model instantly - useful for extremely large models. Can save memory and initialization time.

Return type Generator[None, None, None]
Returns Model parallel context.

on_train_end()
Hook to do something at the end of the training

Return type None

on_train_epoch_end()
Hook to do something on the end of an training epoch.

Return type None

on_train_start ()
Hook to do something upon the training start

Return type None

optimizer_ state (optimizer)
Returns state of an optimizer. Allows for syncing/collating optimizer state from processes in custom
plugins.

Return type Dict[str, Tensor]

optimizer_step (optimizer, opt_idx, lambda_closure, **kwargs)
performs the actual optimizer step.

Parameters

* optimizer{ (Optimizer)— the optimizer performing the step

* opt_idx{ (int) —index of the current optimizer

* lambda_closure{ (Callable) - closure calculating the loss value
Return type None

optimizer_zero_grad (current_epoch, batch_idx, optimizer, opt_idx)
Zeros all model parameter’s gradients

Return type None

post_dispatch (trainer)
Hook to do something after the training/evaluation/prediction starts.

Return type None

pre_dispatch (frainer)
Hook to do something before the training/evaluation/prediction starts.

Return type None

predict_step (args)
The actual predict step.

Parameters args{ (List[Union[Any, int]]) — the arguments for the models predict step.
Can consist of the following:

e batch (Tensor | (Tensor,...) | [Tensor,...]): The output of your DataLoader. A
tensor, tuple or list.

¢ batch_idx (int): The index of this batch.
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* dataloader_idx (int): The index of the dataloader that produced this batch (only if multiple
predict dataloaders used).

Return type Union[Tensor,Dict[str, Any]]

process_dataloader (dataloader)
Wraps the dataloader if necessary

Parameters dataloader{ (Union[Iterable, DatalLoader])—iterable. Ideally of type:
torch.utils.data.DataLoader

Return type Union[Iterable, DatalLoader]

save_checkpoint (checkpoint, filepath)
Save model/training states as a checkpoint file through state-dump and file-write.

Parameters
* checkpoint{ (Dict[str, Any])— dict containing model and trainer state
* filepath{ (str)— write-target file’s path

Return type None

setup (trainer, model)
Setup plugins for the trainer fit and creates optimizers.

Parameters

e trainer{ (I'rainer) — the trainer instance

* model{ (LightningModule) — the LightningModule
Return type None

setup_environment ()
Setup any processes or distributed connections. This is called before the LightningModule/DataModule
setup hook which allows the user to access the accelerator environment before setup is complete.

Return type None

setup_optimizers (trainer)
Creates optimizers and schedulers

Parameters trainer{ (Trainer) — the Trainer, these optimizers should be connected to
Return type None

setup_precision_plugin (plugin)
Attaches the precision plugin to the accelerator

Return type None

setup_training_ type_plugin (plugin, model)
Attaches the training type plugin to the accelerator.

Return type None

teardown ()
This method is called to teardown the training process. It is the right place to release memory and free
other ressources.

By default we add a barrier here to synchronize processes before returning control back to the caller.

Return type None
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test_step (args)
The actual test step.

Parameters args{ (List[Union[Any, int]]) —the arguments for the models test step. Can
consist of the following:

e batch (Tensor | (Tensor,...) | [Tensor,...]): The output of your DatalLoader. A
tensor, tuple or list.

¢ batch_idx (int): The index of this batch.

* dataloader_idx (int): The index of the dataloader that produced this batch (only if multiple
test dataloaders used).

Return type Union[Tensor,Dict[str, Any], None]

test_step_end (output)
A hook to do something at the end of the test step

Parameters output{ (Union[Tensor, Dict[str, Any], None]) — the output of the test
step

Return type Union[Tensor,Dict[str, Any], None]

to_device (batch)
Pushes the batch to the root device

Return type Any

training step (args)
The actual training step.

Parameters args{ (List[Union[Any, int]]) — the arguments for the models training step.
Can consist of the following:

e batch (Tensor | (Tensor,...) | [Tensor,...]): The output of your DataLoader. A
tensor, tuple or list.

* batch_idx (int): Integer displaying index of this batch
* optimizer_idx (int): When using multiple optimizers, this argument will also be present.
e hiddens(Tensor): Passed in if t runcated _bptt_steps>0.

Return type Union[Tensor,Dict[str, Any]]

training_step_end (ouiput)
A hook to do something at the end of the training step

Parameters output{ (Union[Tensor, Dict[str, Any]]) — the output of the training step
Return type Union[Tensor,Dict[str, Any]]

validation_step (args)
The actual validation step.

Parameters args{ (List[Union[Any, int]]) — the arguments for the models validation
step. Can consist of the following:

e batch (Tensor | (Tensor,...) | [Tensor,...]): The output of your DatalLoader. A
tensor, tuple or list.

¢ batch_idx (int): The index of this batch

* dataloader_idx (int): The index of the dataloader that produced this batch (only if multiple
val dataloaders used)
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Return type Union[Tensor,Dict[str, Any], None]

validation_step_end (output)
A hook to do something at the end of the validation step

Parameters output{ (Union[Tensor, Dict[str, Any], None]) — the output of the vali-
dation step

Return type Union[Tensor,Dict[str, Any], None]

property call_ configure_sharded model_ hook
Allow model parallel hook to be called in suitable environments determined by the training type plugin.
This is useful for when we want to shard the model once within fit.

Return type bool
Returns True if we want to call the model parallel setup hook.

property lightning module
Returns the pure LightningModule. To get the potentially wrapped model use Accelerator.model

Return type LightningModule

property model
Returns the model. This can also be a wrapped LightningModule. For retrieving the pure LightningModule
use Accelerator.lightning _module

Return type Module

property results
The results of the last run will be cached within the training type plugin. In distributed training, we make
sure to transfer the results to the appropriate master process.

Return type Any

property setup_optimizers_in_ pre_dispatch
Override to delay setting optimizers and schedulers till after dispatch. This is useful when the Train-
ingTypePlugin requires operating on the wrapped accelerator model. However this may break certain
precision plugins such as APEX which require optimizers to be set.

Return type bool

Returns If True, delay setup optimizers until pre_dispatch, else call within setup.

16.1.2 CPUAccelerator

class pytorch_lightning.accelerators.CPUAccelerator (precision_plugin, train-

ing_type_plugin)
Bases: pytorch_lightning.accelerators.accelerator.Accelerator

Accelerator for CPU devices.
Parameters

* precision_plugin{ (PrecisionPlugin) — the plugin to handle precision-specific
parts

* training_ type_plugin{ (TrainingTypePlugin) — the plugin to handle differ-
ent training routines

setup (trainer, model)

Raises MisconfigurationException — If AMP is used with CPU, or if the selected de-
vice is not CPU.
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Return type None

16.1.3 GPUAccelerator

class pytorch_lightning.accelerators.GPUAccelerator (precision_plugin, train-

ing_type_plugin)
Bases: pytorch_lightning.accelerators.accelerator.Accelerator

Accelerator for GPU devices.
Parameters

* precision_plugin{ (PrecisionPlugin) — the plugin to handle precision-specific
parts

* training_type_plugin{ (TrainingTypePlugin) — the plugin to handle differ-
ent training routines

on_train start ()
Hook to do something upon the training start

Return type None

setup (trainer, model)
Raises MisconfigurationException — If the selected device is not GPU.
Return type None

teardown ()

This method is called to teardown the training process. It is the right place to release memory and free

other ressources.
By default we add a barrier here to synchronize processes before returning control back to the caller.
Return type None

to_device (batch)
Pushes the batch to the root device

Return type Any

16.1.4 TPUAccelerator

class pytorch_lightning.accelerators.TPUAccelerator (precision_plugin, train-

ing_type_plugin)
Bases: pytorch_lightning.accelerators.accelerator.Accelerator

Accelerator for TPU devices.
Parameters

* precision_plugin{ (PrecisionPlugin) - the plugin to handle precision-specific
parts

* training_type_plugin{ (TrainingTypePlugin) — the plugin to handle differ-
ent training routines

clip_gradients (optimizer, clip_val, gradient_clip_algorithm=<GradClipAlgorithmType. NORM:

) _'norm'>) )
clips all the optimizer parameters to the given value

Return type None
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setup (trainer, model)

Raises MisconfigurationException — If AMP is used with TPU, or if TPUs are not
using a single TPU core or TPU spawn training.

Return type None

teardown ()
This method is called to teardown the training process. It is the right place to release memory and free
other ressources.

By default we add a barrier here to synchronize processes before returning control back to the caller.

Return type None

16.2 Core API

datamodule LightningDataModule for loading Datal.oaders with
ease.

decorators Decorator for LightningModule methods.

hooks Various hooks to be used in the Lightning code.

lightning nn.Module with additional great features.

16.2.1 datamodule

Classes

LightningDataModule A DataModule standardizes the training, val, test splits,

data preparation and transforms.

LightningDataModule for loading Datal_oaders with ease.

class pytorch_lightning.core.datamodule.LightningDataModule (*args: Any,

**kwargs: Any)
Bases: pytorch_lightning.core.hooks.CheckpointHooks, pytorch lightning.core.
hooks.DataHooks

A DataModule standardizes the training, val, test splits, data preparation and transforms. The main advantage is
consistent data splits, data preparation and transforms across models.

Example:

class MyDataModule (LightningDataModule) :
def _ init_ (self):
super () .__init__ ()
def prepare_data(self):
# download, split, etc...
# only called on 1 GPU/TPU in distributed
def setup(self):
# make assignments here (val/train/test split)
# called on every process in DDP
def train_dataloader(self):
train_split = Dataset(...)
return Dataloader (train_split)

(continues on next page)
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(continued from previous page)

def val_dataloader (self):
val_split = Dataset(...)
return Dataloader (val_split)
def test_dataloader (self):
test_split = Dataset(...)
return Dataloader (test_split)
def teardown (self):
# clean up after fit or test

# called on every process in DDP

A DataModule implements 6 key methods:
 prepare_data (things to do on 1 GPU/TPU not on every GPU/TPU in distributed mode).

* setup (things to do on every accelerator in distributed mode).

train_dataloader the training dataloader.

val_dataloader the val dataloader(s).

test_dataloader the test dataloader(s).
* teardown (things to do on every accelerator in distributed mode when finished)

This allows you to share a full dataset without explaining how to download, split transform and process the data

classmethod add_argparse_args (parent_parser, **kwargs)
Extends existing argparse by default LightningDataModule attributes.

Return type ArgumentParser

classmethod from argparse_args (args, **kwargs)
Create an instance from CLI arguments.

Parameters

* argsy (Union[Namespace, ArgumentParser]) — The parser or namespace to
take arguments from. Only known arguments will be parsed and passed to the
LightningDataModule.

* xxkwargs{ — Additional keyword arguments that may override ones in the parser or
namespace. These must be valid DataModule arguments.

Example:

parser = ArgumentParser (add_help=False)
parser = LightningDataModule.add_argparse_args (parser)
module = LightningDataModule.from_argparse_args (args)

classmethod from_ datasets (frain_dataset=None, val_dataset=None, test_dataset=None,

batch_size=1, num_workers=0)
Create an instance from torch.utils.data.Dataset.

Parameters

e train_dataset{ (Union[Dataset, Sequencel[Dataset], Mapping[str,
Dataset], None]) — (optional) Dataset to be used for train_dataloader()

* val_dataset{ (Union[Dataset, Sequence[Dataset], None]) — (optional)
Dataset or list of Dataset to be used for val_dataloader()
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* test_dataset{ (Union[Dataset, Sequence[Dataset], None]) — (optional)
Dataset or list of Dataset to be used for test_dataloader()

* batch_size{ (int)— Batch size to use for each dataloader. Default is 1.

* num_workers (int)— Number of subprocesses to use for data loading. 0 means that
the data will be loaded in the main process. Number of CPUs available.

classmethod get_init_arguments_and_types ()
Scans the DataModule signature and returns argument names, types and default values.

Returns (argument name, set with argument types, argument default value).
Return type List with tuples of 3 values

size (dim=None)
Return the dimension of each input either as a tuple or list of tuples. You can index this just as you would
with a torch tensor.

Return type Union[Tuple, int]

property dims
A tuple describing the shape of your data. Extra functionality exposed in size.

property has_prepared data
Return bool letting you know if datamodule.prepare_data () has been called or not.

Returns True if datamodule.prepare_data () has been called. False by default.
Return type bool

property has_setup_ fit
Return bool letting you know if datamodule.setup (stage="'£fit ") has been called or not.

Returns True if datamodule.setup (stage='fit"') hasbeen called. False by default.
Return type bool

property has_setup_predict
Return bool letting you know if datamodule. setup (stage="'predict ') has been called or not.

Returns True if datamodule. setup (stage="predict') has been called. False by de-
fault.

Return type bool

property has_setup_test
Return bool letting you know if datamodule.setup (stage="test ') has been called or not.

Returns True if datamodule.setup (stage="'test ') has been called. False by default.
Return type bool

property has_setup_validate
Return bool letting you know if datamodule. setup (stage="'validate') has been called or not.

Returns True if datamodule.setup (stage="'validate') has been called. False by
default.

Return type bool

property has_teardown_fit
Return bool letting you know if datamodule.teardown (stage="'fit ") has been called or not.

Returns True if datamodule.teardown (stage="'£fit ') hasbeen called. False by de-
fault.
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Return type bool

property has_teardown_predict
Return bool letting you know if datamodule.teardown (stage="predict') has been called or
not.

Returns True if datamodule.teardown (stage="predict ') has been called. False by
default.

Return type bool

property has_teardown_test
Return bool letting you know if datamodule.teardown (stage="test ') has been called or not.

Returns True if datamodule.teardown (stage="'test') has been called. False by de-
fault.

Return type bool

property has_teardown_validate
Return bool letting you know if datamodule.teardown (stage="'validate') has been called or
not.

Returns True if datamodule.teardown (stage="'validate"') has been called. False
by default.

Return type bool

property test_transforms
Optional transforms (or collection of transforms) you can apply to test dataset

property train_transforms
Optional transforms (or collection of transforms) you can apply to train dataset

property val_transforms
Optional transforms (or collection of transforms) you can apply to validation dataset

16.2.2 decorators

Functions

auto_move_data Decorator for I.i ght ningModule methods for which
input arguments should be moved automatically to the
correct device.

parameter_validation Validates that the module parameter lengths match after
moving to the device.

Decorator for LightningModule methods.

pytorch_lightning.core.decorators.auto_move_data (fin)
Decorator for LightningModule methods for which input arguments should be moved automatically to the
correct device. It as no effect if applied to a method of an object that is not an instance of LightningModule
and is typically appliedto __call__ or forward.

Parameters £n{ (Callable) — A LightningModule method for which the arguments should be
moved to the device the parameters are on.

Example:
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# directly in the source code
class LitModel (LightningModule) :

@auto_move_data
def forward(self, x):
return x

# or outside
LitModel. forward = auto_move_data (LitModel. forward)

model = LitModel ()
model = model.to('cuda')
model (torch.zeros (1, 3))

# input gets moved to device
# tensor([[0., 0., 0.]], device='cuda:0")

Return type Callable

pytorch_lightning.core.decorators.parameter_validation (fin)
Validates that the module parameter lengths match after moving to the device. It is useful when tying weights
on TPU’s.

Parameters £nf (Callable)—-model_to_device method

Note: TPU’s require weights to be tied/shared after moving the module to the device. Failure to do this results
in the initialization of new weights which are not tied. To overcome this issue, weights should be tied using the
on_post_move_to_device model hook which is called after the module has been moved to the device.

See also:
¢ XLLA Documentation

Return type Callable

16.2.3 hooks

Classes
CheckpointHooks Hooks to be used with Checkpointing.
DataHooks Hooks to be used for data related stuff.
ModelHooks Hooks to be used in LightningModule.

Various hooks to be used in the Lightning code.

class pytorch_lightning.core.hooks.CheckpointHooks
Bases: object

Hooks to be used with Checkpointing.

on_load_checkpoint (checkpoint)
Called by Lightning to restore your model. If you saved something with on_save checkpoint ()
this is your chance to restore this.

238 Chapter 16. API References


https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/typing.html#typing.Callable
https://github.com/pytorch/xla/blob/master/TROUBLESHOOTING.md#xla-tensor-quirks
https://docs.python.org/3/library/typing.html#typing.Callable
https://docs.python.org/3/library/functions.html#object

PyTorch Lightning Documentation, Release 1.3.4

Parameters checkpoint{ (Dict[str, Any])—Loaded checkpoint

Example:

def on_load_checkpoint (self, checkpoint):
# 99% of the time you don't need to implement this method
self.something_cool_i_want_to_save = checkpoint|['something cool_ i _want_to_
—save']

Note: Lightning auto-restores global step, epoch, and train state including amp scaling. There is no need
for you to restore anything regarding training.

Return type None

on_save_checkpoint (checkpoint)
Called by Lightning when saving a checkpoint to give you a chance to store anything else you might want
to save.

Parameters checkpoint{ (Dict[str, Any])— Checkpoint to be saved

Example:

def on_save_checkpoint (self, checkpoint):
# 99% of use cases you don't need to implement this method
checkpoint ['something_cool i _want_to_save'] = my_cool_pickable_object

Note: Lightning saves all aspects of training (epoch, global step, etc. ..) including amp scaling. There is
no need for you to store anything about training.

Return type None
class pytorch_lightning.core.hooks.DataHooks
Bases: object
Hooks to be used for data related stuff.

on_after_batch_transfer (batch, dataloader_idx)
Override to alter or apply batch augmentations to your batch after it is transferred to the device.

Warning: dataloader_idx always returns 0, and will be updated to support the true idx in the
future.

Note: This hook only runs on single GPU training and DDP (no data-parallel). Data-Parallel support will
come in near future.

Parameters
* batch{ (Any) — A batch of data that needs to be altered or augmented.
e dataloader_idx{ (int) - DatalLoader idx for batch (Default: 0)

Return type Any
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Returns A batch of data

Example:

def on_after_batch_transfer(self, batch, dataloader_idx):
batch['x"'] = gpu_transforms (batch['x"'])
return batch

Raises MisconfigurationException - If using data-parallel,
Trainer (accelerator="dp').

See also:

* on_before batch_transfer ()

e transfer._batch _to_device ()

on_before batch transfer (batch, dataloader_idx)
Override to alter or apply batch augmentations to your batch before it is transferred to the device.

Warning: dataloader_idx always returns 0, and will be updated to support the true index in the
future.

Note: This hook only runs on single GPU training and DDP (no data-parallel). Data-Parallel support will
come in near future.

Parameters
* batch{ (Any) — A batch of data that needs to be altered or augmented.
* dataloader_idx{ (int) - DatalLoader idx for batch

Return type Any

Returns A batch of data

Example:

def on_before_batch_transfer (self, batch, dataloader_idx):
batch['x'"] = transforms (batch['x"'])
return batch

Raises MisconfigurationException - If using data-parallel,
Trainer (accelerator="dp').

See also:

* on _after batch_transfer ()

e transfer._batch _to_device ()

on_predict_dataloader ()
Called before requesting the predict dataloader.
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Return type None

on_test_dataloader ()
Called before requesting the test dataloader.

Return type None

on_train_dataloader ()
Called before requesting the train dataloader.

Return type None

on_val dataloader ()
Called before requesting the val dataloader.

Return type None

predict_dataloader ()
Implement one or multiple PyTorch DatalLoaders for prediction.

It’s recommended that all data downloads and preparation happen in prepare_data ().
e fit ()
* prepare_data ()
* train dataloader ()
* val dataloader ()

* test _dataloader ()

Note: Lightning adds the correct sampler for distributed and arbitrary hardware There is no need to set it
yourself.

Return type Union[Dataloader, List[DataLoader]]

Returns Single or multiple PyTorch DatalLoaders.

Note: In the case where you return multiple prediction dataloaders, the predict () will have an argu-
ment dataloader_idx which matches the order here.

prepare_data ()
Use this to download and prepare data.

Warning: DO NOT set state to the model (use setup instead) since this is NOT called on every GPU
in DDP/TPU

Example:

def prepare_data(self):
# good
download_data ()
tokenize ()
etc ()

(continues on next page)
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(continued from previous page)

# bad
self.split = data_split
self.some_state = some_other_state ()

In DDP prepare_data can be called in two ways (using Trainer(prepare_data_per_node)):
1. Once per node. This is the default and is only called on LOCAL_RANK=0.
2. Once in total. Only called on GLOBAL_RANK=0.

Example:

# DEFAULT
# called once per node on LOCAI_RANK=0 of that node
Trainer (prepare_data_per_node=True)

# call on GLOBAL_RANK=0 (great for shared file systems)
Trainer (prepare_data_per_node=False)

This is called before requesting the dataloaders:

model .prepare_data ()

if ddp/tpu: init ()
model.setup (stage)
model.train_dataloader ()
model.val_dataloader ()
model.test_dataloader ()

Return type None

setup (stage=None)
Called at the beginning of fit (train + validate), validate, test, and predict. This is a good hook when you
need to build models dynamically or adjust something about them. This hook is called on every process
when using DDP.

Parameters stagef (Optional[str]) — either 'fit', 'validate', 'test', or
'predict'

Example:

class LitModel (...):
def _ init__ (self):
self.1l1l = None

def prepare_data(self):
download_data ()
tokenize ()

# don't do this
self.something = else

def setup(stage):
data = Load_data(...)
self.1l1l = nn.Linear (28, data.num_classes)

Return type None
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teardown (stage=None)
Called at the end of fit (train + validate), validate, test, predict, or tune.

Parameters stagef (Optional[str]) — either 'fit', 'validate', 'test', or
'predict'

Return type None

test_dataloader ()
Implement one or multiple PyTorch Datal.oaders for testing.

The dataloader you return will not be called every epoch wunless you set
reload_dataloaders_every_epoch to True.

For data processing use the following pattern:
e download in prepare_data ()
e process and splitin setup ()

However, the above are only necessary for distributed processing.

Warning: do not assign state in prepare_data

e fit ()

* prepare_data ()

* setup/()

* train dataloader()
e val dataloader ()

* test_dataloader ()

Note: Lightning adds the correct sampler for distributed and arbitrary hardware. There is no need to set
it yourself.

Return type Union[DatalLoader, List[DataLoader]]

Returns Single or multiple PyTorch Datal.oaders.

Example:

def test_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.5,), (1.0,))1)
dataset = MNIST (root='/path/to/mnist/', train=False, transform=transform,
download=True)
loader = torch.utils.data.DatalLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=False

(continues on next page)
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(continued from previous page)

return loader

# can also return multiple dataloaders
def test_dataloader (self):
return [loader_a, loader_b, ..., loader_n]

Note: If you don’t need a test dataset and a test_step (), you don’t need to implement this method.

Note: In the case where you return multiple test dataloaders, the test_step () will have an argument
dataloader_idx which matches the order here.

train_dataloader ()

Implement one or more PyTorch DatalLoaders for training.
Return type Union[Dataloader, List[DatalLoader],Dict[str, DatalLoader]]

Returns FEither a single PyTorch Datal.oader or a collection of these (list, dict, nested lists
and dicts). In the case of multiple dataloaders, please see this page

The dataloader you return will not be called every epoch wunless you set
reload_dataloaders_every_epochto True.

For data processing use the following pattern:
¢ download in prepare_data ()
* process and splitin setup ()

However, the above are only necessary for distributed processing.

Warning: do not assign state in prepare_data

e fit ()

* prepare_data ()
* setup/()

* train_dataloader ()

Note: Lightning adds the correct sampler for distributed and arbitrary hardware. There is no need to set
it yourself.

Example:

# single dataloader
def train_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.5,), (1.0,))1)
dataset = MNIST (root='/path/to/mnist/', train=True, transform=transform,

(continues on next page)
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(continued from previous page)

download=True)
loader = torch.utils.data.DatalLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=True
)
return loader

# multiple dataloaders, return as list
def train_dataloader (self):
mnist MNIST (...)
cifar = CIFAR(...)
mnist_loader = torch.utils.data.Dataloader (
dataset=mnist, batch_size=self.batch_size, shuffle=True

)
cifar_loader = torch.utils.data.DatalLoader (
dataset=cifar, batch_size=self.batch_size, shuffle=True
)
# each batch will be a list of tensors: [batch_mnist, batch cifar]
return [mnist_loader, cifar_loader]

# multiple dataloader, return as dict
def train_dataloader (self):
mnist = MNIST(...)
cifar CIFAR(...)
mnist_loader = torch.utils.data.DatalLoader (
dataset=mnist, batch_size=self.batch_size, shuffle=True

)
cifar_loader = torch.utils.data.DatalLoader (
dataset=cifar, batch_size=self.batch_size, shuffle=True
)
# each batch will be a dict of tensors: {'mnist': batch _mnist, 'cifar':,
—batch_cifar}
return {'mnist': mnist_loader, 'cifar': cifar_loader}

transfer_ batch_ to_device (batch, device=None)
Override this hook if your Dat al.oader returns tensors wrapped in a custom data structure.

The data types listed below (and any arbitrary nesting of them) are supported out of the box:
e torch.Tensor or anything that implements .zo(...)
e list
e dict
s tuple
* torchtext.data.batch.Batch

For anything else, you need to define how the data is moved to the target device (CPU, GPU, TPU, ...).

Note: This hook should only transfer the data and not modify it, nor should it move the data to any other
device than the one passed in as argument (unless you know what you are doing).

Note: This hook only runs on single GPU training and DDP (no data-parallel). Data-Parallel support will
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come in near future.

Parameters
¢ batch{ (Any) — A batch of data that needs to be transferred to a new device.
* device{ (Optionall[device])— The target device as defined in PyTorch.
Return type Any

Returns A reference to the data on the new device.

Example:

def transfer_batch_to_device(self, batch, device):

if isinstance (batch, CustomBatch) :
# move all tensors in your custom data structure to the device
batch.samples = batch.samples.to (device)
batch.targets = batch.targets.to(device)

else:
batch = super () .transfer_batch_to_device (data, device)

return batch

Raises MisconfigurationException - It using data-parallel,
Trainer (accelerator="'dp').

See also:

* move_data_to_device ()
* apply_to_collection()
val_dataloader ()
Implement one or multiple PyTorch Datal.oaders for validation.

The dataloader you return will not be called every epoch wunless you set
reload_dataloaders_every_epochto True.

It’s recommended that all data downloads and preparation happen in prepare_data ().

e fit ()

* prepare_data ()
e train dataloader /()
e val dataloader ()

e test_dataloader ()

Note: Lightning adds the correct sampler for distributed and arbitrary hardware There is no need to set it
yourself.

Return type Union[Datal.oader, List[DataLoader]]

Returns Single or multiple PyTorch Datal.oaders.
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Examples:

def val_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.5,), (1.0,))1)
dataset = MNIST (root='/path/to/mnist/', train=False,
transform=transform, download=True)
loader = torch.utils.data.DatalLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=False

return loader
# can also return multiple dataloaders

def val_dataloader (self):
return [loader_a, loader_Db, ..., loader_n]

Note: If you don’t need a validation dataset and a validation_step (), youdon’t need to implement
this method.

Note: In the case where you return multiple validation dataloaders, the validation_step () will
have an argument dataloader_idx which matches the order here.

class pytorch_lightning.core.hooks.ModelHooks
Bases: object

Hooks to be used in LightningModule.

configure_sharded model ()
Hook to create modules in a distributed aware context. This is useful for when using sharded plugins,
where we’d like to shard the model instantly, which is useful for extremely large models which can save
memory and initialization time.

The accelerator manages whether to call this hook at every given stage. For sharded plugins where model
parallelism is required, the hook is usually on called once to initialize the sharded parameters, and not
called again in the same process.

By default for accelerators/plugins that do not use model sharding techniques, this hook is called during
each fit/val/test/predict stages.

Return type None

on_after backward()
Called in the training loop after loss.backward() and before optimizers do anything. This is the ideal place
to inspect or log gradient information.

Example:

def on_after backward(self) :
# example to inspect gradient information in tensorboard
if self.trainer.global_step % 25 == 0: # don't make the tf file huge
for k, v in self.named_parameters():

self.logger.experiment.add_histogram(

(continues on next page)
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(continued from previous page)

tag=k, values=v.grad, global_step=self.trainer.global_step

Return type None
on_before_zero_grad (optimizer)
Called after training_step () and before optimizer.zero_grad().

Called in the training loop after taking an optimizer step and before zeroing grads. Good place to inspect
weight information with weights updated.

This is where it is called:

for optimizer in optimizers:
out = training_step(...)

model.on_before_zero_grad(optimizer) # < ———— called here
optimizer.zero_grad/()

backward ()

Parameters optimizer{ (Optimizer)— The optimizer for which grads should be zeroed.
Return type None
on_epoch_end()
Called when either of train/val/test epoch ends.
Return type None

on_epoch_start ()
Called when either of train/val/test epoch begins.

Return type None

on_fit_end()
Called at the very end of fit. If on DDP it is called on every process

Return type None

on_fit_start ()
Called at the very beginning of fit. If on DDP it is called on every process

Return type None

on_post_move_to_device ()
Called in the parameter_validation decorator after to () is called. This is a good place to tie
weights between modules after moving them to a device. Can be used when training models with weight
sharing properties on TPU.

Addresses the handling of shared weights on TPU: https://github.com/pytorch/xla/blob/master/
TROUBLESHOOTING.md#xla-tensor-quirks

Example:

def on_post_move_to_device (self):
self.decoder.weight = self.encoder.weight

Return type None
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on_predict_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the predict loop after the batch.

Parameters
e outputs{ (Optional[Any]) — The outputs of predict_step_end(test_step(x))
* batch{ (Any) — The batched data as it is returned by the test Datal.oader.
e batch_idx{ (int) — the index of the batch
* dataloader_idx{ (int) - the index of the dataloader
Return type None

on_predict_batch_start (batch, batch_idx, dataloader_idx)
Called in the predict loop before anything happens for that batch.

Parameters
* batch{ (Any) — The batched data as it is returned by the test Datal.oader.
e batch_idx{ (int) — the index of the batch
* dataloader_idx{ (int) - the index of the dataloader

Return type None

on_predict_end()
Called at the end of predicting.

Return type None

on_predict_epoch_end (results)
Called at the end of predicting.

Return type None

on_predict_epoch_start ()
Called at the beginning of predicting.

Return type None

on_predict_model_eval ()
Sets the model to eval during the predict loop

Return type None

on_predict_start ()
Called at the beginning of predicting.

Return type None

on_pretrain_routine_end()
Called at the end of the pretrain routine (between fit and train start).

* fit
e pretrain_routine start
e pretrain_routine end

* training_start

Return type None
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on_pretrain_routine_start ()

Called at the beginning of the pretrain routine (between fit and train start).

o fit
e pretrain_routine start
e pretrain_routine end
e training_start
Return type None
on_test_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the test loop after the batch.

Parameters

* outputsy (Union[Tensor, Dict[str, Any],
test_step_end(test_step(x))

None]) — The outputs of

* batch{ (Any) — The batched data as it is returned by the test Datal.oader.

* batch_idx{ (int) - the index of the batch
¢ dataloader_ idx{ (int) - the index of the dataloader
Return type None

on_test_batch_start (batch, batch_idx, dataloader_idx)
Called in the test loop before anything happens for that batch.

Parameters

* batch{ (Any) — The batched data as it is returned by the test Datal.oader.

e batch_idx{ (int) — the index of the batch
¢ dataloader_ idx{ (int) - the index of the dataloader
Return type None

on_test_end ()
Called at the end of testing.

Return type None

on_test_epoch_end ()
Called in the test loop at the very end of the epoch.

Return type None

on_test_epoch_start ()
Called in the test loop at the very beginning of the epoch.

Return type None

on_test_model_ eval ()
Sets the model to eval during the test loop

Return type None

on_test_model_ train|()
Sets the model to train during the test loop

Return type None
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on_test_start ()
Called at the beginning of testing.

Return type None

on_train_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the training loop after the batch.

Parameters

* outputs{ (Union[Tensor, Dict[str, Any]]) — The outputs of train-
ing_step_end(training_step(x))

* batch{ (Any) — The batched data as it is returned by the training Datal.oader.
e batch_idx{ (int) — the index of the batch
* dataloader_idx{ (int) - the index of the dataloader

Return type None

on_train batch_start (batch, batch_idx, dataloader_idx)
Called in the training loop before anything happens for that batch.

If you return -1 here, you will skip training for the rest of the current epoch.
Parameters
* batch{ (Any) — The batched data as it is returned by the training Datal.oader.
e batch_idx{ (int) — the index of the batch
¢ dataloader_ idx{ (int) - the index of the dataloader
Return type None

on_train_end()
Called at the end of training before logger experiment is closed.

Return type None

on_train_epoch_end (unused=None)
Called in the training loop at the very end of the epoch.

To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule OR
2. Cache data across steps on the attribute(s) of the LightningModule and access them in this hook

on_train_epoch_start ()
Called in the training loop at the very beginning of the epoch.

Return type None

on_train_start ()
Called at the beginning of training after sanity check.

Return type None

on_validation_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the validation loop after the batch.

Parameters

* outputs{ (Union[Tensor, Dict[str, Any], None]) — The outputs of valida-
tion_step_end(validation_step(x))
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* batch{ (Any) — The batched data as it is returned by the validation DatalLoader.
e batch_idx{ (int) — the index of the batch
* dataloader_idx{ (int) - the index of the dataloader

Return type None

on_validation_batch_start (batch, batch_idx, dataloader_idx)
Called in the validation loop before anything happens for that batch.

Parameters
* batch{ (Any) — The batched data as it is returned by the validation DatalLoader.
e batch_idx{ (int) - the index of the batch
e dataloader_idx{ (int) — the index of the dataloader

Return type None

on_validation_end()
Called at the end of validation.

Return type None

on_validation_epoch_end ()
Called in the validation loop at the very end of the epoch.

Return type None

on_validation_epoch_start ()
Called in the validation loop at the very beginning of the epoch.

Return type None

on_validation_model_eval ()
Sets the model to eval during the val loop

Return type None

on_validation model train ()
Sets the model to train during the val loop

Return type None

on_validation_start ()
Called at the beginning of validation.

Return type None

16.2.4 lightning

Classes

LightningModule

nn.Module with additional great features.

class pytorch_lightning.core.lightning.LightningModule (*args, **kwargs)

Bases: abc.ABC, pytorch_lightning.utilities.device_dtype_mixin.
DeviceDtypeModuleMixin, pytorch_lightning.core.grads.GradInformation,
pytorch_lightning.core.saving.ModelIO, pytorch_lightning.core.hooks.
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ModelHooks, pytorch_lightning.core.hooks.DataHooks, pytorch _lightning.core.
hooks.CheckpointHooks,torch.nn.

all_gather (data, group=None, sync_grads="False)
Allows users to call self.all_gather () from the LightningModule, thus making the
‘all_gather’ operation accelerator agnostic.

“all_gather" is a function provided by accelerators to gather a tensor from several distributed pro-
cesses

Parameters
* tensor{ —int, float, tensor of shape (batch, . ..), or a (possibly nested) collection thereof.

* groupf (Optional[Any]) — the process group to gather results from. Defaults to all
processes (world)

* sync_grads{ (bool) — flag that allows users to synchronize gradients for all_gather
op

Returns A tensor of shape (world_size, batch, ...), or if the input was a collection the output
will also be a collection with tensors of this shape.

backward (loss, optimizer, optimizer_idx, *args, **kwargs)
Override backward with your own implementation if you need to.

Parameters
* loss{ (Tensor) — Loss is already scaled by accumulated grads
* optimizer{ (Optimizer) - Current optimizer being used
* optimizer_idx{ (int) - Index of the current optimizer being used

Called to perform backward step. Feel free to override as needed. The loss passed in has already been
scaled for accumulated gradients if requested.

Example:

def backward(self, loss, optimizer, optimizer_idx):
loss.backward()

Return type None

configure_callbacks ()
Configure model-specific callbacks. When the model gets attached, e.g., when . £it () or .test () gets
called, the list returned here will be merged with the list of callbacks passed to the Trainer’s callbacks
argument. If a callback returned here has the same type as one or several callbacks already present in
the Trainer’s callbacks list, it will take priority and replace them. In addition, Lightning will make sure
ModelCheckpoint callbacks run last.

Returns A list of callbacks which will extend the list of callbacks in the Trainer.

Example:

def configure_callbacks (self):
early_stop = EarlyStopping (monitor"val acc", mode="max")
checkpoint = ModelCheckpoint (monitor="val_ loss")
return [early_stop, checkpoint]
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Note: Certain callback methods like on_init_ start () will never be invoked on the new callbacks
returned here.

configure_optimizers ()

Choose what optimizers and learning-rate schedulers to use in your optimization. Normally you’d need
one. But in the case of GANs or similar you might have multiple.

Returns
Any of these 6 options.
* Single optimizer.
* List or Tuple of optimizers.

* Two lists - The first list has multiple optimizers, and the second has multiple LR schedulers
(or multiple Ir_dict).

* Dictionary, with an "optimizer" key, and (optionally) a "1r_scheduler" key
whose value is a single LR scheduler or Ir_dict.

¢ Tuple of dictionaries as described above, with an optional "frequency" key.

* None - Fit will run without any optimizer.

Note: The Ir_dict is a dictionary which contains the scheduler and its associated configuration. The
default configuration is shown below.

lr_dict = {

'scheduler': 1lr_scheduler, # The LR scheduler instance (required)

# The unit of the scheduler's step size, could also be 'step'

'interval': 'epoch',

'frequency': 1, # The frequency of the scheduler

'monitor': 'val_loss', # Metric for ‘ReduceLROnPlateau' to monitor
'strict': True, # Whether to crash the training if "monitor’ 1is not found
'name': None, # Custom name for "LearningRateMonitor' to use

Only the "scheduler" key is required, the rest will be set to the defaults above.

Note: The frequency value specified in a dict along with the opt imi zer key is an int corresponding
to the number of sequential batches optimized with the specific optimizer. It should be given to none or
to all of the optimizers. There is a difference between passing multiple optimizers in a list, and passing
multiple optimizers in dictionaries with a frequency of 1: In the former case, all optimizers will operate on
the given batch in each optimization step. In the latter, only one optimizer will operate on the given batch
at every step. This is different from the f requency value specified in the Ir_dict mentioned below.

def configure_optimizers(self):

optimizer_one = torch.optim.SGD (self.model.parameters(), lr=0.01)
optimizer_two = torch.optim.SGD (self.model.parameters(), lr=0.01)
return [

{'optimizer': optimizer_one, 'frequency': 5},

{'optimizer': optimizer_two, 'frequency': 10},
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In this example, the first optimizer will be used for the first 5 steps, the second optimizer for the
next 10 steps and that cycle will continue. If an LR scheduler is specified for an optimizer using the
lr_scheduler key in the above dict, the scheduler will only be updated when its optimizer is being
used.

Examples:

# most cases
def configure_optimizers(self):
return Adam(self.parameters (), lr=1le-3)

# multiple optimizer case (e.g.: GAN)

def configure_optimizers(self):
gen_opt = Adam(self.model_gen.parameters (), lr=0.01)
dis_opt = Adam(self.model_dis.parameters(), 1lr=0.02)
return gen_opt, dis_opt

# example with learning rate schedulers

def configure_optimizers(self):
gen_opt = Adam(self.model_gen.parameters (), lr=0.01)
dis_opt = Adam(self.model_dis.parameters(), 1lr=0.02)
dis_sch = CosineAnnealing(dis_opt, T_max=10)
return [gen_opt, dis_opt], [dis_sch]

# example with step-based learning rate schedulers
def configure_optimizers(self):
gen_opt = Adam(self.model_gen.parameters (), lr=0.01)
dis_opt Adam (self.model_dis.parameters (), 1lr=0.02)
gen_sch = {'scheduler': ExponentiallR(gen_opt, 0.99),
'interval': 'step'} # called after each training step
dis_sch = CosineAnnealing(dis_opt, T_max=10) # called every epoch
return [gen_opt, dis_opt], [gen_sch, dis_sch]

# example with optimizer frequencies
# see training procedure in ‘Improved Training of Wasserstein GANs',
—Algorithm 1
# https://arxiv.org/abs/1704.00028
def configure_optimizers(self):
gen_opt = Adam(self.model_gen.parameters (), lr=0.01)
dis_opt = Adam(self.model_dis.parameters (), lr=0.02)

n_critic = 5

return (
{'optimizer': dis_opt, 'frequency': n_critic},
{'optimizer': gen_opt, 'frequency': 1}

Note: Some things to know:

 Lightning calls .backward () and .step () on each optimizer and learning rate scheduler as
needed.

* If you use 16-bit precision (precision=16), Lightning will automatically handle the optimizers.

¢ If you use multiple optimizers, training_step () will have an additional optimizer_idx
parameter.

e If youuse torch.optim.LBFGS, Lightning handles the closure function automatically for you.
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* If you use multiple optimizers, gradients will be calculated only for the parameters of current opti-
mizer at each training step.

* If you need to control how often those optimizers step or override the default . step () schedule,
override the opt imizer step () hook.

forward (*args, **kwargs)
Same as torch.nn.Module. forward ().

Parameters
* xargs{ — Whatever you decide to pass into the forward method.
* xxkwargs{ — Keyword arguments are also possible.

Return type Any

Returns Your model’s output

freeze()
Freeze all params for inference.

Example:

model = MyLightningModule(...)
model . freeze ()

Return type None

get_progress_bar_dict ()
Implement this to override the default items displayed in the progress bar. By default it includes the average
loss value, split index of BPTT (if used) and the version of the experiment when using a logger.

Epoch 1: 4% | | 40/1095 [00:03<01:37, 10.84it/s, loss=4.501, v_

—num=10]

Here is an example how to override the defaults:

def get_progress_bar_dict (self):
# don't show the version number
items = super () .get_progress_bar_dict ()
items.pop ("v_num", None)
return items

Return type Dict[str, Union[int, str]]
Returns Dictionary with the items to be displayed in the progress bar.
log (name, value, prog_bar=False, logger=True, on_step=None, on_epoch=None, re-
duce_fx=torch.mean, tbptt_reduce_fx=torch.mean, tbptt_pad_token=0, enable_graph=False,

sync_dist=False, sync_dist_op="mean’, sync_dist_group=None, add_dataloader_idx=True)
Log a key, value

Example:

self.log('train_loss', loss)

The default behavior per hook is as follows
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Table 7: = also applies to the test loop

LightningModule Hook on_step on_epoch prog_bar logger

training_step

training_step_end

training_epoch_end

validation_step*

validation_step_end*

| | | T | =
= =3[ =] =T
| | | | ™| ™
=== ===

validation_epoch_end*

Parameters
* name{ (str)—key name
¢ value{ (Any) — value name
e prog_bar{ (bool) —if True logs to the progress bar

* logger{ (bool) —if True logs to the logger

on_step] (Optionall[bool]) — if True logs at this step. None auto-logs at the train-
ing_step but not validation/test_step

* on_epoch{ (Optional[bool])—if True logs epoch accumulated metrics. None auto-
logs at the val/test step but not training_step

reduce_fx{ (Callable) — reduction function over step values for end of epoch.
Torch.mean by default

* tbptt_reduce_fx{ (Callable)— function to reduce on truncated back prop
* tbptt_pad_token{ (int) —token to use for padding

* enable_graph{ (bool) —if True, will not auto detach the graph

e sync_dist{ (bool) —if True, reduces the metric across GPUs/TPUs

e sync_dist_op{ (Union[Any, str]) — the op to sync across GPUs/TPUs

e sync_dist_group{ (Optional[Any])— the ddp group to sync across

* add_dataloader_idx{ (bool)—if True, appends the index of the current dataloader
to the name (when using multiple). If False, user needs to give unique names for each
dataloader to not mix values

log_dict (dictionary, prog_bar=False, logger=True, on_step=None, on_epoch=None,

reduce_fx=torch.mean, thptt_reduce_fx=torch.mean, thptt_pad_token=0, en-
able_graph=False, sync_dist=False, sync_dist_op="mean’', sync_dist_group=None,

add_dataloader_idx=True)
Log a dictonary of values at once

Example:

values = {'loss': loss, 'acc':
self.log_dict (values)

acc, ..., 'metric_n': metric_n}

Parameters
e dictionary{ (dict)—key value pairs (str, tensors)
* prog_bar{ (bool) —if True logs to the progress base
* logger{ (bool) —if True logs to the logger
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* on_stepf (Optionall[bool]) — if True logs at this step. None auto-logs for train-
ing_step but not validation/test_step

* on_epoch{ (Optional[bool])—if True logs epoch accumulated metrics. None auto-
logs for val/test step but not training_step

* reduce_f£fx{ (Callable) — reduction function over step values for end of epoch.

Torch.mean by default

* tbptt_reduce_ fx{ (Callable) - function to reduce on truncated back prop

* tbptt_pad_token{ (int) - token to use for padding

* enable_graph{ (bool) —if True, will not auto detach the graph

e sync_dist{ (bool) —if True, reduces the metric across GPUs/TPUs

* sync_dist_op{ (Union[Any, str])— the op to sync across GPUs/TPUs

e sync_dist_group{ (Optionall[Any])— the ddp group sync across

* add_dataloader_idx{ (bool)—if True, appends the index of the current dataloader
to the name (when using multiple). If False, user needs to give unique names for each
dataloader to not mix values

manual_backward (loss, optimizer=None, *args, **kwargs)
Call this directly from your training_step when doing optimizations manually. By using this we can ensure
that all the proper scaling when using 16-bit etc has been done for you.

This function forwards all args to the .backward() call as well.

See manual optimization for more examples.

Example:

loss

opt =

def training_step(...):
self.optimizers ()

opt.zero_grad()

# automatically applies scaling, etc...
self.manual_backward(loss)

opt.step ()

Return type None

optimizer_step (epoch=None, batch_idx=None, optimizer=None, optimizer_idx=None,

optimizer_closure=None, on_tpu=None, using_native_amp=None, us-
ing_Ilbfgs=None)

Override this method to adjust the default way the Trainer calls each optimizer. By default, Lightning
calls step () and zero_grad () as shown in the example once per optimizer.

Warning: If you are overriding this method, make sure that you pass the optimizer_closure
parameter to optimizer.step () function as shown in the examples. This ensures
that training_step (), optimizer.zero_grad(), backward() are called within

run_training_batch ().

Parameters

* epoch{ (Optionall[int]) — Current epoch
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e batch_idx{ (Optionall[int]) - Index of current batch
* optimizer{ (Optional[Optimizer])— A PyTorch optimizer

* optimizer idx{ (Optional[int]) — If you used multiple optimizers, this indexes
into that list.

* optimizer_closuref (Optional[Callable])— Closure for all optimizers

* on_tpuf (Optionall[bool])— True if TPU backward is required

* using_native_amp{ (Optional[bool])— True if using native amp

* using_lbfgs{ (Optional[bool]) — True if the matching optimizer is torch.
optim.LBFGS

Examples:

# DEFAULT
def optimizer_step(self, epoch, batch_idx, optimizer, optimizer_idx,
optimizer_closure, on_tpu, using_native_amp, using_lbfgs):
optimizer.step(closure=optimizer_closure)

# Alternating schedule for optimizer steps (i.e.: GANs)
def optimizer_ step(self, epoch, batch_idx, optimizer, optimizer_idx,
optimizer_closure, on_tpu, using_native_amp, using_lbfgs) :
# update generator opt every step
if optimizer_idx ==
optimizer.step(closure=optimizer_closure)

# update discriminator opt every 2 steps
if optimizer_idx == 1:
if (batch_idx + 1) % 2 == 0
optimizer.step(closure=optimizer_closure)

#

# add as many optimizers as you want

Here’s another example showing how to use this for more advanced things such as learning rate warm-up:

# learning rate warm-up
def optimizer_step(self, epoch, batch_idx, optimizer, optimizer_idx,
optimizer_closure, on_tpu, using_native_amp, using_lbfgs):
# warm up 1lr
if self.trainer.global_step < 500:
lr_scale = min(l., float(self.trainer.global_step + 1) / 500.)
for pg in optimizer.param_groups:
pgl['lr'] = lr_scale x self.learning_rate

# update params
optimizer.step(closure=optimizer_closure)

Return type None
optimizer zero_grad (epoch, batch_idx, optimizer, optimizer_idx)
Override this method to change the default behaviour of optimizer.zero_grad().
Parameters

e epoch{ (int) — Current epoch
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e batch_idx{ (int) - Index of current batch
* optimizer{ (Optimizer)— A PyTorch optimizer
* optimizer idx{ (int)-If you used multiple optimizers this indexes into that list.

Examples:

# DEFAULT
def optimizer_ zero_grad(self, epoch, batch_idx, optimizer, optimizer_idx):
optimizer.zero_grad/()

# Set gradients to 'None  1instead of zero to improve performance.
def optimizer_zero_grad(self, epoch, batch_idx, optimizer, optimizer_idx):
optimizer.zero_grad(set_to_none=True)

See torch.optim.Optimizer.zero_grad () for the explanation of the above example.

predict_step (batch, batch_idx, dataloader_idx=None)
Step function called during predict (). By default, it calls forward (). Override to add any process-
ing logic.

Parameters

¢ batch{ (Any) — Current batch

e batch_idx{ (int) — Index of current batch

¢ dataloader_idx{ (Optional[int])— Index of the current dataloader
Return type Any
Returns Predicted output

print (*args, **kwargs)
Prints only from process 0. Use this in any distributed mode to log only once.

Parameters
e xargs{ — The thing to print. The same as for Python’s built-in print function.
* xxkwargs{ — The same as for Python’s built-in print function.

Example:

def forward(self, x):
self.print (x, 'in forward')

Return type None
save_hyperparameters (*args, ignore=None, frame=None)
Save model arguments to hparams attribute.
Parameters

* args{ — single object of dict, NameSpace or OmegaConf or string names or arguments
fromclass ___init_

e ignore{ (Union[Sequence[str], str, None]) — an argument name or a list of ar-
gument names from class __init__ to be ignored

e frame{ (Optional[frame])— a frame object. Default is None

Example::
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>>> class ManuallyArgsModel (LightningModule) :
def __ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# manually assign arguments
self.save_hyperparameters ('argl', 'arg3')
def forward(self, xargs, =*xkwargs):

>>> model = ManuallyArgsModel (1, 'abc', 3.14)
>>> model.hparams

"argl": 1

"arg3": 3.14

>>> class AutomaticArgsModel (LightningModule) :
def _ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# equivalent automatic
self.save_hyperparameters ()
def forward(self, xargs, =*xkwargs):

>>> model = AutomaticArgsModel (1, 'abc', 3.14)
>>> model.hparams

"argl": 1

"arg2": abc

"arg3": 3.14

>>> class SingleArgModel (LightningModule) :
def _ _init__ (self, params):
super () .__init__ ()
# manually assign single argument
self.save_hyperparameters (params)
def forward(self, xargs, =*xkwargs):

>>> model = SingleArgModel (Namespace (pl=1, p2='abc', p3=3.14))
>>> model.hparams

llplll: 1
"p2": abc
"p3": 3.14

>>> class ManuallyArgsModel (LightningModule) :
def __ _init__ (self, argl, arg2, arg3):
super () .__init__ ()

# pass argument (s) to ignore as a string or in a 1list

self.save_hyperparameters (ignore='arg2")
def forward(self, xargs, =*xkwargs):

>>> model = ManuallyArgsModel(l, 'abc', 3.14)
>>> model.hparams

"argl": 1

"arg3": 3.14

Return type None

tbptt_split_batch (batch, split_size)

When using truncated backpropagation through time, each batch must be split along the time dimension.
Lightning handles this by default, but for custom behavior override this function.
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Parameters

e batch{ (Tensor)— Current batch

* split_size{ (int) — The size of the split
Return type 1ist

Returns List of batch splits. Each split will be passed to t raining_step () to enable trun-
cated back propagation through time. The default implementation splits root level Tensors
and Sequences at dim=1 (i.e. time dim). It assumes that each time dim is the same length.

Examples:

def tbptt_split_batch(self, batch, split_size):
splits = []
for t in range (0, time_dims[0], split_size):
batch_split = []
for i, x in enumerate (batch):
if isinstance(x, torch.Tensor):
split_x = x[:, t:t + split_size]
elif isinstance(x, collections.Sequence):
split_x = [None] * len (x)
for batch_idx in range(len(x)):
split_x[batch_idx] = x[batch_idx][t:t + split_size]

batch_split.append(split_x)
splits.append (batch_split)

return splits

Note: Called in the training loop after on_batch start () if truncated_bptt_steps>0. Each
returned batch split is passed separately to t raining step ().

test_epoch_end (outputs)

Called at the end of a test epoch with the output of all test steps.

# the pseudocode for these calls
test_outs = []
for test_batch in test_data:
out = test_step(test_batch)
test_outs.append(out)
test_epoch_end (test_outs)

Parameters outputs{ (List[Union[Tensor, Dict[str, Any]]]) — List of outputs you
defined in test_step_end (), or if there are multiple dataloaders, a list containing a list
of outputs for each dataloader

Return type None

Returns None

Note: If you didn’tdefinea test_step (), this won’t be called.

262

Chapter 16. API References



https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/stdtypes.html#list
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/typing.html#typing.Union
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Any
https://docs.python.org/3/library/constants.html#None

PyTorch Lightning Documentation, Release 1.3.4

Examples

With a single dataloader:

def test_epoch_end(self, outputs):
# do something with the outputs of all test batches
all_test_preds = test_step_outputs.predictions

some_result = calc_all results(all_test_preds)
self.log(some_result)

With multiple dataloaders, outputs will be a list of lists. The outer list contains one entry per dataloader,
while the inner list contains the individual outputs of each test step for that dataloader.

def test_epoch_end(self, outputs):
final_value = 0
for dataloader_outputs in outputs:
for test_step_out in dataloader_outputs:
# do something
final_value += test_step_out

self.log('final_metric', final_value)

test_step (*args, **kwargs)
Operates on a single batch of data from the test set. In this step you’d normally generate examples or
calculate anything of interest such as accuracy.

# the pseudocode for these calls
test_outs = []
for test_batch in test_data:
out = test_step(test_batch)
test_outs.append(out)
test_epoch_end (test_outs)

Parameters

* batchf{ (Tensor | (Tensor, ...) | [Tensor, ...]) — The output of your
DataLoader. A tensor, tuple or list.

e batch_idx{ (int) - The index of this batch.

* dataloader_idx{ (int)— The index of the dataloader that produced this batch (only
if multiple test dataloaders used).

Return type Union[Tensor,Dict[str, Any], None]
Returns

Any of.

* Any object or value

* None - Testing will skip to the next batch

# 1f you have one test dataloader:
def test_step(self, batch, batch_idx)

# 1f you have multiple test dataloaders:
def test_step(self, batch, batch_idx, dataloader_idx)
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Examples:

# CASE 1: A single test dataset
def test_step(self, batch, batch_idx):
x, y = batch

# implement your own
out = self (x)
loss = self.loss(out, vy)

# log 6 example images

# or generated text... or whatever

sample_imgs = x[:6]

grid = torchvision.utils.make_grid(sample_imgs)
self.logger.experiment.add_image ('example images', grid, 0)

# calculate acc
labels_hat = torch.argmax(out, dim=1)
test_acc = torch.sum(y == labels_hat) .item() / (len(y) = 1.0)

# log the outputs!
self.log_dict ({'test_loss': loss, 'test_acc': test_acc})

If you pass in multiple test dataloaders, test_step () will have an additional argument.

# CASE 2: multiple test dataloaders
def test_step(self, batch, batch_idx, dataloader_idx) :
# dataloader_idx tells you which dataset this 1is.

Note: If you don’t need to test you don’t need to implement this method.

Note: When the test_step () is called, the model has been put in eval mode and PyTorch gradients
have been disabled. At the end of the test epoch, the model goes back to training mode and gradients are
enabled.

test_step_end (*args, **kwargs)
Use this when testing with dp or ddp2 because test_step () will operate on only part of the batch.
However, this is still optional and only needed for things like softmax or NCE loss.

Note: If you later switch to ddp or some other mode, this will still be called so that you don’t have to
change your code.

# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [test_step(sub_batch) for sub_batch in sub_batches]
test_step_end (batch_parts_outputs)

Parameters batch_parts_outputs{ — What youreturnin test_step () for each batch
part.

Return type Union[Tensor,Dict[str, Any], None]

Returns None or anything
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# WITHOUT test_step_end
# 1f used in DP or DDP2, this batch is 1/num _gpus large
def test_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

out = self (x)
loss = self.softmax (out)
self.log('test_loss', loss)

# with test_step_end to do softmax over the full batch
def test_step(self, batch, batch_idx):

# batch is 1/num_gpus big

X, y = batch

out = self.encoder (x)
return out

def test_step_end(self, output_results):
# this out is now the full size of the batch
all _test_step_outs = output_results.out
loss = nce_loss(all_test_step_outs)
self.log('test_loss', loss)

See also:
See the Multi-GPU training guide for more details.

to_onnx (file_path, input_sample=None, **kwargs)
Saves the model in ONNX format

Parameters

e file_path{ (Union[str, Path]) — The path of the file the onnx model should be
saved to.

e input_sample{ (Optional[Any]) — An input for tracing. Default: None (Use
self.example_input_array)

* xxkwargs{ — Will be passed to torch.onnx.export function.

Example

>>> class SimpleModel (LightningModule) :
def _ init_ (self):
super () .__init__ ()
self.ll = torch.nn.Linear (in_features=64, out_features=4)

def forward(self, x):
return torch.relu(self.ll(x.view(x.size(0), -1)))

>>> with tempfile.NamedTemporaryFile (suffix="'.onnx', delete=False) as tmpfile:
model = SimpleModel ()
input_sample = torch.randn((1l, 64))
model.to_onnx (tmpfile.name, input_sample, export_params=True)
os.path.isfile(tmpfile.name)

True
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to_torchscript (file_path=None, method='script', example_inputs=None, **kwargs)
By default compiles the whole model to a ScriptModule. If you want to use tracing, please provided
the argument method="trace’ and make sure that either the example_inputs argument is provided, or the
model has self.example_input_array set. If you would like to customize the modules that are scripted
you should override this method. In case you want to return multiple modules, we recommend using a
dictionary.

Parameters

e file_path{ (Union[str, Path, None]) — Path where to save the torchscript. De-
fault: None (no file saved).

* method{ (Optional[str])— Whether to use TorchScript’s script or trace method. De-
fault: ‘script’

* example_inputs{ (Optional[Any]) — An input to be used to do tracing when
method is set to ‘trace’. Default: None (Use self.example_input_array)

* xxkwargs{ — Additional arguments that will be passed tothe torch. jit.script ()
ortorch.jit.trace () function.

Note:
* Requires the implementation of the forward () method.
* The exported script will be set to evaluation mode.

* It is recommended that you install the latest supported version of PyTorch to use this feature without
limitations. See also the torch. jit documentation for supported features.

Example

>>> class SimpleModel (LightningModule) :
def _ _init__ (self):
super () .__init__ ()
self.ll = torch.nn.Linear (in_features=64, out_features=4)

def forward(self, x):
return torch.relu(self.ll(x.view(x.size(0), -1)))

>>> model = SimpleModel ()

>>> torch.jit.save (model.to_torchscript (), "model.pt")

>>> os.path.isfile("model.pt")

>>> torch.jit.save (model.to_torchscript (file_path="model_ trace.pt", method=
—'trace',

C.. example_inputs=torch.randn (1, 64)))
>>> os.path.isfile("model_trace.pt")
True

Return type Union[ScriptModule, Dict[str, ScriptModule]]

Returns This LightningModule as a torchscript, regardless of whether file_path is defined or
not.

toggle_optimizer (optimizer, optimizer_idx)
Makes sure only the gradients of the current optimizer’s parameters are calculated in the training step to
prevent dangling gradients in multiple-optimizer setup.
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Note: Only called when using multiple optimizers

Override for your own behavior
It works with untoggle_optimizer to make sure param_requires_grad_state is properly reset.
Parameters
* optimizer{ (Optimizer)— Current optimizer used in training_loop
e optimizer_idx{ (int) - Current optimizer idx in training_loop

training_ epoch_end (outputs)
Called at the end of the training epoch with the outputs of all training steps. Use this in case you need to
do something with all the outputs for every training_step.

# the pseudocode for these calls
train_outs = []
for train_batch in train_data:
out = training_step(train_batch)
train_outs.append (out)
training_epoch_end (train_outs)

Parameters outputs{ (List[Union[Tensor, Dict[str, Any]]]) — List of outputs you
defined in training step (), or if there are multiple dataloaders, a list containing a list
of outputs for each dataloader.

Return type None

Returns None

Note: If this method is not overridden, this won’t be called.

Example:

def training_epoch_end(self, training_step_outputs) :
# do something with all training_step outputs
return result

With multiple dataloaders, output s will be a list of lists. The outer list contains one entry per dataloader,
while the inner list contains the individual outputs of each training step for that dataloader.

def training_epoch_end(self, training_step_outputs) :
for out in training_step_outputs:
# do something here

training_step (*args, **kwargs)
Here you compute and return the training loss and some additional metrics for e.g. the progress bar or
logger.

Parameters

* batch{ (Tensor | (Tensor, ...) | [Tensor, ...]) - The output of your
DatalLoader. A tensor, tuple or list.

* batch_idx{ (int) - Integer displaying index of this batch
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* optimizer_idx{ (int)— When using multiple optimizers, this argument will also be
present.

* hiddens{ (Tensor)—Passed in if t runcated bptt_steps > 0.
Return type Union[Tensor,Dict[str, Any]]
Returns

Any of.

e Tensor - The loss tensor

e dict - A dictionary. Can include any keys, but must include the key ' loss'

* None - Training will skip to the next batch

Note: Returning None is currently not supported for multi-GPU or TPU, or with 16-bit precision enabled.

In this step you’d normally do the forward pass and calculate the loss for a batch. You can also do fancier
things like multiple forward passes or something model specific.

Example:

def training_step(self, batch, batch_idx):
X, y, z = batch
out = self.encoder (x)
loss = self.loss (out, x)
return loss

If you define multiple optimizers, this step will be called with an additional opt imizer_idx parameter.

# Multiple optimizers (e.g.: GANs)
def training_step(self, batch, batch_idx, optimizer_idx):
if optimizer_idx ==
# do training step with encoder
if optimizer_idx == 1:
# do training _step with decoder

If you add truncated back propagation through time you will also get an additional argument with the
hidden states of the previous step.

# Truncated back-propagation through time
def training_step(self, batch, batch_idx, hiddens):
# hiddens are the hidden states from the previous truncated backprop step

out, hiddens = self.lstm(data, hiddens)

return {'loss': loss, 'hiddens': hiddens}

Note: The loss value shown in the progress bar is smoothed (averaged) over the last values, so it differs
from the actual loss returned in train/validation step.

training step_end (*args, **kwargs)

Use this when training with dp or ddp2 because training step () will operate on only part of the
batch. However, this is still optional and only needed for things like softmax or NCE loss.
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Note: If you later switch to ddp or some other mode, this will still be called so that you don’t have to
change your code

# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [training_step (sub_batch) for sub_batch in sub_batches]
training_step_end (batch_parts_outputs)

Parameters batch_parts_outputs{ — What you return in training_step for each batch
part.

Return type Union[Tensor,Dict[str, Any]]

Returns Anything

When using dp/ddp2 distributed backends, only a portion of the batch is inside the training_step:

def training_step(self, batch, batch_idx):
# batch is 1/num_gpus big
x, y = batch

out = self (x)

# softmax uses only a portion of the batch in the denomintaor
loss = self.softmax (out)

loss = nce_loss (loss)

return loss

If you wish to do something with all the parts of the batch, then use this method to do it:

def training_step(self, batch, batch_idx):
# batch is 1/num_gpus big
x, y = batch

out = self.encoder (x)
return {'pred': out}

def training_step_end(self, training_step_outputs):
gpu_0_pred = training_step_outputs[0]['pred"']
gpu_1l_pred = training_step_outputs[l]['pred']
gpu_n_pred = training_step_outputs[n] ['pred']

# this softmax now uses the full batch
loss = nce_loss([gpu_0_pred, gpu_l_pred, gpu_n_pred])
return loss

See also:

See the Multi-GPU training guide for more details.

unfreeze ()

Unfreeze all parameters for training.

model = MyLightningModule(...)
model .unfreeze ()
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Return type None

untoggle_optimizer (optimizer_idx)

Note: Only called when using multiple optimizers

Override for your own behavior
Parameters optimizer_ idx{ (int)— Current optimizer idx in training_loop

validation_epoch_end (outputs)
Called at the end of the validation epoch with the outputs of all validation steps.

# the pseudocode for these calls

val_outs = []
for val_batch in val_data:
out = validation_step(val_batch)

val_outs.append (out)
validation_epoch_end(val_outs)

Parameters outputs{ (List[Union[Tensor, Dict[str, Any]]]) — List of outputs you
defined in validation_step (), or if there are multiple dataloaders, a list containing a
list of outputs for each dataloader.

Return type None

Returns None

Note: If youdidn’tdefinea validation step (), this won’t be called.

Examples

With a single dataloader:

def validation_epoch_end(self, wval_step_outputs):
for out in val_step_outputs:
# do something

With multiple dataloaders, outputs will be a list of lists. The outer list contains one entry per dataloader,
while the inner list contains the individual outputs of each validation step for that dataloader.

def validation_epoch_end(self, outputs):
for dataloader_output_result in outputs:
dataloader_outs = dataloader_output_result.dataloader_i_outputs

self.log('final_metric', final_value)

validation_step ( *args, **kwargs)
Operates on a single batch of data from the validation set. In this step you’d might generate examples or
calculate anything of interest like accuracy.
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# the pseudocode for these calls
val_outs = []
for val_batch in val_data:
out = validation_step(val_batch)
val_outs.append (out)
validation_epoch_end(val_outs)

Parameters

* batchf{ (Tensor | (Tensor, ...) | [Tensor, ...]) — The output of your
DataLoader. A tensor, tuple or list.

e batch_idx{ (int) - The index of this batch

* dataloader_idx{ (int)— The index of the dataloader that produced this batch (only
if multiple val dataloaders used)

Return type Union[Tensor,Dict[str, Any], None]
Returns

Any of.

* Any object or value

* None - Validation will skip to the next batch

# pseudocode of order

val_outs = []

for val_batch in val_data:
out = validation_step(val_batch)
if defined('validation_step_end'):

out = validation_step_end (out)

val_outs.append (out)

val_outs = validation_epoch_end(val_outs)

# 1f you have one val dataloader:
def validation_step(self, batch, batch_idx)

# 1f you have multiple val dataloaders:
def validation_step(self, batch, batch_idx, dataloader_idx)

Examples:

# CASE 1: A single validation dataset
def validation_step(self, batch, batch_idx):
%X, y = batch

# implement your own
out = self (x)
loss = self.loss(out, vy)

# log 6 example images

# or generated text... or whatever

sample_imgs = x[:6]

grid = torchvision.utils.make_grid(sample_imgs)
self.logger.experiment.add_image ('example images', grid, 0)

(continues on next page)
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(continued from previous page)

# calculate acc
labels_hat = torch.argmax (out, dim=1)
val_acc = torch.sum(y == labels_hat) .item() / (len(y) = 1.0)

# log the outputs!
self.log_dict ({'val_loss': loss, 'val_acc': val_acc})

If you pass in multiple val dataloaders, validation step () will have an additional argument.

# CASE 2: multiple validation dataloaders
def validation_step(self, batch, batch_idx, dataloader_idx):
# dataloader_idx tells you which dataset this 1is.

Note: If you don’t need to validate you don’t need to implement this method.

Note: When the validation_step () is called, the model has been put in eval mode and PyTorch
gradients have been disabled. At the end of validation, the model goes back to training mode and gradients
are enabled.

validation_step_end (*args, **kwargs)

Use this when validating with dp or ddp2 because validation_step () will operate on only part of
the batch. However, this is still optional and only needed for things like softmax or NCE loss.

Note: If you later switch to ddp or some other mode, this will still be called so that you don’t have to
change your code.

# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [validation_step (sub_batch) for sub_batch in sub_
—batches]

validation_step_end (batch_parts_outputs)

Parameters batch_parts_outputs{ — What you return in validation_ step () for
each batch part.

Return type Union[Tensor,Dict[str, Any], None]

Returns None or anything

# WITHOUT validation_step_end
# if used in DP or DDP2, this batch is 1/num _gpus large
def validation_step(self, batch, batch_idx):

# batch is 1/num_gpus big

X, y = batch

out = self.encoder (x)
loss = self.softmax (out)
loss = nce_loss (loss)

self.log('val_loss', loss)

(continues on next page)
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(continued from previous page)

# with validation_step_end to do softmax over the full batch
def validation_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

out = self (x)
return out

def validation_step_end(self, val_step_outputs):
for out in val_step_outputs:
# do something with these

See also:
See the Multi-GPU training guide for more details.

write_prediction (name, value, filename='predictions.pt')
Write predictions to disk using torch. save

Example:

self.write_prediction('pred', torch.tensor(...), filename='my_ predictions.pt')

Parameters
* name{ (str)— a string indicating the name to save the predictions under

* valuef (Union[Tensor, List[Tensor]]) — the predictions, either a single Tensor
or a list of them

e filename{ (str)—name of the file to save the predictions to

Note: when running in distributed mode, calling write_prediction will create a file for each device
with respective names: filename_rank_0.pt, filename_rank_1.pt,...

write_prediction_dict (predictions_dict, filename="predictions.pt")
Write a dictonary of predictions to disk at once using torch.save

Example:

pred_dict = {'predl': torch.tensor(...), 'pred2': torch.tensor(...)}
self.write_prediction_dict (pred_dict)

Parameters predictions_dict{ (Dict[str, Any]) — dict containing predictions, where
each prediction should either be single Tensor or a list of them

Note: when running in distributed mode, calling write_prediction_dict will create a file for each
device with respective names: £ilename_rank_0.pt, filename_rank_1.pt,...

property automatic_optimization
If False you are responsible for calling .backward, .step, zero_grad.

Return type bool
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property current_epoch
The current epoch

Return type int

property global_rank
The index of the current process across all nodes and devices.

Return type int

property global_step
Total training batches seen across all epochs

Return type int

property local_rank
The index of the current process within a single node.

Return type int

property logger
Reference to the logger object in the Trainer.

property on_gpu
True if your model is currently running on GPUs. Useful to set flags around the LightningModule for
different CPU vs GPU behavior.

precision
The precision used

trainer
Pointer to the trainer object

property truncated bptt_steps
Truncated back prop breaks performs backprop every k steps of much a longer sequence. If this is > 0, the
training step is passed hiddens.

Type truncated_bptt_steps
Return type int

use_amp
True if using amp

16.3 Callbacks API

base Abstract base class used to build new callbacks.
early_stopping Early Stopping

gpu_stats_monitor GPU Stats Monitor
gradient_accumulation_scheduler Gradient Accumulator

lr_monitor Learning Rate Monitor

model_checkpoint Model Checkpointing

progress Progress Bars
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16.3.1 base

Classes

Callback Abstract base class used to build new callbacks.

Abstract base class used to build new callbacks.

class pytorch_lightning.callbacks.base.Callback
Bases: abc.ABC

Abstract base class used to build new callbacks.
Subclass this class and override any of the relevant hooks

on_after_ backward (trainer, pl_module)
Called after 1loss .backward () and before optimizers do anything.

Return type None

on_batch_end (trainer, pl_module)
Called when the training batch ends.

Return type None

on_batch_start (trainer, pl_module)
Called when the training batch begins.

Return type None

on_before_accelerator_backend_setup (trainer, pl_module)
Called before accelerator is being setup

Return type None

on_before_zero_grad (trainer, pl_module, optimizer)
Called after optimizer.step () and before optimizer.zero_grad().

Return type None

on_configure_sharded_model (trainer, pl_module)
Called before configure sharded model

Return type None

on_epoch_end (trainer, pl_module)
Called when either of train/val/test epoch ends.

Return type None

on_epoch_start (trainer, pl_module)
Called when either of train/val/test epoch begins.

Return type None

on_fit_end (trainer, pl_module)
Called when fit ends

Return type None

on_fit_start (trainer, pl_module)
Called when fit begins

Return type None
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on_init_end (trainer)
Called when the trainer initialization ends, model has not yet been set.

Return type None

on_init_ start (trainer)
Called when the trainer initialization begins, model has not yet been set.

Return type None

on_keyboard_interrupt (frainer, pl_module)
Called when the training is interrupted by KeyboardInterrupt.

Return type None

on_load_checkpoint (trainer, pl_module, callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule)— the current LightningModule instance.

* callback_statef] (Dict[str, Any]) - the «callback state returned by
on_save_checkpoint.

Note: The on_load_checkpoint won’t be called with an undefined state. If your
on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override
on_save_checkpoint toreturn a dummy state.

Return type None
on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.
Return type None

on_predict_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the predict batch begins.

Return type None

on_predict_end (trainer, pl_module)
Called when predict ends.

Return type None

on_predict_epoch_end (trainer, pl_module, outputs)
Called when the predict epoch ends.

Return type None

on_predict_epoch_start (trainer, pl_module)
Called when the predict epoch begins.

Return type None

on_predict_start (trainer, pl_module)
Called when the predict begins.

Return type None
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on_pretrain_routine_end (trainer, pl_module)
Called when the pretrain routine ends.

Return type None

on_pretrain_routine_start (frainer, pl_module)
Called when the pretrain routine begins.

Return type None

on_sanity_check_end (trainer, pl_module)
Called when the validation sanity check ends.

Return type None

on_sanity_check_start (trainer, pl_module)
Called when the validation sanity check starts.

Return type None

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule) - the current i ghtningModule instance.
* checkpoint{ (Dict[str, Any]) — the checkpoint dictionary that will be saved.
Return type dict
Returns The callback state.

on_test_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

Return type None

on_test_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)
Called when the test batch begins.

Return type None

on_test_end (trainer, pl_module)
Called when the test ends.

Return type None

on_test_epoch_end (trainer, pl_module)
Called when the test epoch ends.

Return type None

on_test_epoch_start (trainer, pl_module)
Called when the test epoch begins.

Return type None

on_test_start (frainer, pl_module)
Called when the test begins.

Return type None

on_train_ batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.
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Return type None

on_train_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)

Called when the train batch begins.

Return type None

on_train_end (trainer, pl_module)

Called when the train ends.

Return type None

on_train_epoch_end (trainer, pl_module, unused=None)

Called when the train epoch ends.
To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR

2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.

on_train_epoch_start (trainer, pl_module)

Called when the train epoch begins.

Return type None

on_train_start (trainer, pl_module)

Called when the train begins.

Return type None

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)

Called when the validation batch ends.

Return type None

on_validation_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)

Called when the validation batch begins.

Return type None

on_validation_end (trainer, pl_module)

Called when the validation loop ends.

Return type None

on_validation_epoch_end (trainer, pl_module)

Called when the val epoch ends.

Return type None

on_validation_epoch_start (trainer, pl_module)

Called when the val epoch begins.

Return type None

on_validation_start (trainer, pl_module)

Called when the validation loop begins.

Return type None

setup (trainer, pl_module, stage=None)

Called when fit, validate, test, predict, or tune begins

Return type None
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teardown (trainer, pl_module, stage=None)
Called when fit, validate, test, predict, or tune ends

Return type None

16.3.2 early_stopping

Classes

EarlyStopping Monitor a metric and stop training when it stops improv-
ing.

Early Stopping

Monitor a metric and stop training when it stops improving.

class pytorch_lightning.callbacks.early_stopping.EarlyStopping (monitor='early_stop_on’,
min_delta=0.0,
patience=3,
verbose=False,
mode="min’,
strict=True,
check_finite=True,
stop-
ping_threshold=None,
diver-
gence_threshold=None,

check_on_train_epoch_end=False)
Bases: pytorch _lightning.callbacks.base.Callback

Monitor a metric and stop training when it stops improving.
Parameters
* monitor{ (str)— quantity to be monitored.

* min_delta{ (float) — minimum change in the monitored quantity to qualify as an im-
provement, i.e. an absolute change of less than min_delta, will count as no improvement.

* patience{ (int) — number of checks with no improvement after which training will be
stopped. Under the default configuration, one check happens after every training epoch.
However, the frequency of validation can be modified by setting various parameters on the
Trainer, for example check_val_every_n_epochand val_check_interval.

Note: It must be noted that the patience parameter counts the number of validation checks
with no improvement, and not the number of training epochs. Therefore, with parameters
check_val_every_n_epoch=10 and patience=3, the trainer will perform at least
40 training epochs before being stopped.

* verbose{ (bool) — verbosity mode.

* mode{ (str)—oneof 'min', 'max'.In 'min' mode, training will stop when the quan-
tity monitored has stopped decreasing and in 'max' mode it will stop when the quantity
monitored has stopped increasing.
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* strict{ (bool)— whether to crash the training if monitor is not found in the validation
metrics.

* check_finite{ (bool) — When set True, stops training when the monitor becomes
NaN or infinite.

* stopping_threshold{ (Optional[float]) — Stop training immediately once the
monitored quantity reaches this threshold.

* divergence_threshold{ (Optional[float])— Stop training as soon as the mon-
itored quantity becomes worse than this threshold.

* check_on_train_epoch_end{ (bool) — whether to run early stopping at the end of
the training epoch. If this is False, then the check runs at the end of the validation epoch.

Raises
* MisconfigurationException —If mode is none of "min" or "max".
* RuntimeError — If the metric monitor is not available.

Example:

>>> from pytorch lightning import Trainer

>>> from pytorch_lightning.callbacks import EarlyStopping
>>> early_stopping = EarlyStopping('val loss'")

>>> trainer = Trainer (callbacks=[early_stoppingl)

on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters
e trainer{ —the current Trainer instance.
* pl_module{ — the current LightningModule instance.

* callback_state] (Dict[str, Any]) - the «callback state returned by
on_save_checkpoint.

Note: The on_load_checkpoint won’t be called with an undefined state. If your
on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override
on_save_checkpoint toreturn a dummy state.

Return type None
on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
* trainer{ —the current Trainer instance.
* pl_module{ — the current LightningModule instance.
* checkpoint{ (Dict[str, Any])— the checkpoint dictionary that will be saved.

Return type Dict[str, Any]

Returns The callback state.
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on_train_epoch_end (trainer, pl_module)
Called when the train epoch ends.

To access all batch outputs at the end of the epoch, either:
1. Implement training_epoch_end in the LightningModule and access outputs via the module OR

2. Cache data across train batch hooks inside the callback implementation to post-process in this hook.
Return type None

on_validation_end (frainer, pl_module)
Called when the validation loop ends.

Return type None

16.3.3 gpu_stats_monitor

Classes

GPUStatsMonitor Automatically monitors and logs GPU stats during
training stage.

GPU Stats Monitor

Monitor and logs GPU stats during training.

class pytorch_lightning.callbacks.gpu_stats_monitor.GPUStatsMonitor (memory_utilization=True,
gpu_utilization=True,
in-
tra_step_time=False,
in-
ter_step_time=False,
fan_speed=False,
tempera-

ture=False)
Bases: pytorch _lightning.callbacks.base.Callback

Automatically monitors and logs GPU stats during training stage. GPUStatsMonitor is a callback and in
order to use it you need to assign a logger in the Trainer.

Parameters

* memory_utilization{ (bool)— Setto True to monitor used, free and percentage of
memory utilization at the start and end of each step. Default: True.

* gpu_utilization{ (bool)— Setto True to monitor percentage of GPU utilization at
the start and end of each step. Default: True.

* intra_step_time{ (bool) — Set to True to monitor the time of each step. Default:
False.

* inter_step_time{ (bool) - Set to True to monitor the time between the end of one
step and the start of the next step. Default: False.

* fan_speed{ (bool)— Set to True to monitor percentage of fan speed. Default: False.
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* temperaturef (bool) — Set to True to monitor the memory and gpu temperature in
degree Celsius. Default: False.

Raises MisconfigurationException — If NVIDIA driver is not installed, not running on
GPUs, or Trainer has no logger.

Example:

>>>
>>>
>>>
>>>

from pytorch_lightning import Trainer

from pytorch_lightning.callbacks import GPUStatsMonitor
gpu_stats = GPUStatsMonitor ()

trainer = Trainer (callbacks=[gpu_stats])

GPU stats are mainly based on nvidia-smi —query-gpu command. The description of the queries is as follows:

fan.speed — The fan speed value is the percent of maximum speed that the device’s fan is currently intended
to run at. It ranges from O to 100 %. Note: The reported speed is the intended fan speed. If the fan is
physically blocked and unable to spin, this output will not match the actual fan speed. Many parts do not
report fan speeds because they rely on cooling via fans in the surrounding enclosure.

memory.used — Total memory allocated by active contexts.
memory.free — Total free memory.

utilization.gpu — Percent of time over the past sample period during which one or more kernels was
executing on the GPU. The sample period may be between 1 second and 1/6 second depending on the
product.

utilization.memory — Percent of time over the past sample period during which global (device) memory
was being read or written. The sample period may be between 1 second and 1/6 second depending on the
product.

temperature.gpu — Core GPU temperature, in degrees C.

temperature.memory — HBM memory temperature, in degrees C.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)

Called when the train batch ends.

Return type None

on_train_batch_start (trainer, pl_module, batch, batch_idx, dataloader_idx)

Called when the train batch begins.

Return type None

on_train_epoch_start (trainer, pl_module)

Called when the train epoch begins.

Return type None

on_train_start (trainer, pl_module)

Called when the train begins.

Return type None
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16.3.4 gradient_accumulation_scheduler

Classes

GradientAccumulationScheduler Change gradient accumulation factor according to
scheduling.

Gradient Accumulator
Change gradient accumulation factor according to scheduling. Trainer also calls optimizer.step () for the last
indivisible step number.

class pytorch_lightning.callbacks.gradient_accumulation_scheduler.GradientAccumulationSche«
Bases: pytorch lightning.callbacks.base.Callback

Change gradient accumulation factor according to scheduling.

Parameters schedulingf (Dict[int, int]) — scheduling in format {epoch: accumula-
tion_factor}

Raises

* TypeError — If scheduling is an empty dict, or not all keys and values of
scheduling are integers.

* IndexError —Ifminimal_epoch is less than 0.

Example:

>>> from pytorch_lightning import Trainer
>>> from pytorch lightning.callbacks import GradientAccumulationScheduler

# at epoch 5 start accumulating every 2 batches
>>> accumulator = GradientAccumulationScheduler (scheduling={5: 2})
>>> trainer = Trainer (callbacks=[accumulator])

# alternatively, pass the scheduling dict directly to the Trainer
>>> trainer = Trainer (accumulate_grad_batches={5: 2})

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

16.3.5 Ir_monitor

Classes

LearningRateMonitor Automatically monitor and logs learning rate for learn-
ing rate schedulers during training.

16.3. Callbacks API 283


https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/exceptions.html#TypeError
https://docs.python.org/3/library/exceptions.html#IndexError

PyTorch Lightning Documentation, Release 1.3.4

Learning Rate Monitor

Monitor and logs learning rate for Ir schedulers during training.

class pytorch_lightning.callbacks.lr_monitor.LearningRateMonitor (logging_interval=None,
log_momentum="False)
Bases: pytorch _lightning.callbacks.base.Callback

Automatically monitor and logs learning rate for learning rate schedulers during training.
Parameters

* logging_interval{ (Optional[str]) —setto 'epoch' or 'step"' tolog 1r of
all optimizers at the same interval, set to None to log at individual interval according to the
interval key of each scheduler. Defaults to None.

* log_momentum{ (bool) — option to also log the momentum values of the optimizer, if
the optimizer has the momentum or betas attribute. Defaults to False.

Raises MisconfigurationException — If logging_interval is none of "step",
"epoch", or None.

Example:

>>> from pytorch_lightning import Trainer

>>> from pytorch lightning.callbacks import LearningRateMonitor
>>> lr_monitor = LearningRateMonitor (logging_interval='step')
>>> trainer = Trainer (callbacks=[lr_monitor])

Logging names are automatically determined based on optimizer class name. In case of multiple optimizers of
same type, they will be named Adam, Adam-1 etc. If a optimizer has multiple parameter groups they will be
named Adam/pgl, Adam/pg?2 etc. To control naming, pass in a name keyword in the construction of the
learning rate schdulers

Example:

def configure_optimizer (self):
optimizer = torch.optim.Adam(...)
lr_scheduler = {
'scheduler': torch.optim.lr_scheduler.LambdalR (optimizer, ...)
'name': 'my_logging_name'
}

return [optimizer], [lr_scheduler]

on_train_batch_start (trainer, *args, **kwargs)
Called when the train batch begins.

on_train_epoch_start (trainer, *args, **kwargs)
Called when the train epoch begins.

on_train_start (trainer, *args, **kwargs)
Called before training, determines unique names for all Ir schedulers in the case of multiple of the same
type or in the case of multiple parameter groups

Raises MisconfigurationException —If Trainer hasno logger.
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16.3.6 model_checkpoint

Classes

ModelCheckpoint Save the model periodically by monitoring a quantity.

Model Checkpointing

Automatically save model checkpoints during training.

class pytorch_lightning.callbacks.model_checkpoint .ModelCheckpoint (dirpath=None,
file-
name=None,
moni-
tor=None,
ver-
bose=False,
save_last=None,
save_top_k=None,
save_weights_only=False,

mode="min’,
auto_insert_metric_name=True,
ev-

ery_n_train_steps=None,

ev-

ery_n_val_epochs=None,

pe-

riod=None)

Bases: pytorch_lightning.callbacks.base.Callback

Save the model periodically by monitoring a quantity. Every metric logged with 1og () or log_dict () in
LightningModule is a candidate for the monitor key. For more information, see Saving and loading weights.

After training finishes, use best_model_path to retrieve the path to the best checkpoint file and
best_model_score to retrieve its score.

Parameters
* dirpath{ (Union[str, Path, None]) — directory to save the model file.

Example:

# custom path
# saves a file like: my/path/epoch=0-step=10.ckpt
>>> checkpoint_callback = ModelCheckpoint (dirpath="my/path/")

By default, dirpath is None and will be set at runtime to the location specified by
Trainer’s default_root_dir or weights_save_path arguments, and if the
Trainer uses a logger, the path will also contain logger name and version.

e filename{ (Optional[str]) — checkpoint filename. Can contain named formatting
options to be auto-filled.

Example:
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# save any arbitrary metrics like ‘val_loss , etc. 1in name
# saves a file like: my/path/epoch=2-val_loss=0.02-other_metric=0.
—~03.ckpt
>>> checkpoint_callback = ModelCheckpoint (
dirpath="'my/path',
filename=" - -

By default, filename is None and will be setto ' {epoch}—-{step}"'.

monitor{ (Optional[str])— quantity to monitor. By default it is None which saves a
checkpoint only for the last epoch.

verbose{ (bool) — verbosity mode. Default: False.

save_last{ (Optional[bool]) — When True, always saves the model at the end of
the epoch to a file last.ckpt. Default: None.

save_top_k{J (Optionall[int])—if save_top_k == k, the best k models accord-
ing to the quantity monitored will be saved. if save_top_k == 0, no models are saved.
if save_top_k == -1, all models are saved. Please note that the monitors are checked
every period epochs. if save_top_k >= 2 and the callback is called multiple times
inside an epoch, the name of the saved file will be appended with a version count starting
with v1.

mode{ (str) — one of {min, max}. If save_top_k != 0, the decision to overwrite
the current save file is made based on either the maximization or the minimization of the
monitored quantity. For 'val_acc"', this shouldbe 'max ', for 'val_loss" this should
be 'min', etc.

save_weights_only{ (bool) — if True, then only the model’s weights will be
saved (model.save_weights (filepath)), else the full model is saved (model.
save (filepath)).

every n_train_steps{ (Optional[int]) — Number of training steps between
checkpoints. If every_n_train_steps == None or every_n_train_steps
== 0, we skip saving during training To disable, set every_n_train_steps =
0. This value must be None non-negative. This must be mutually exclusive with
every_n_val_epochs.

every_n_val_epochs{ (Optional[int]) — Number of validation epochs between
checkpoints. If every_n_val_epochs == None or every_n_val_epochs
== 0, we skip saving on validation end To disable, set every_n_val_epochs
= 0. This value must be None or non-negative. = This must be mutually ex-
clusive with every_n_train_steps. Setting both ModelCheckpoint (.

., every_n_val_epochs=V) and Trainer (max_epochs=N,
check_val_every_ n_epoch=M) will only save checkpoints at epochs 0 < E <= N
where both values for every_n_val_epochs and check_val_every_n_epoch
evenly divide E.

periodf (Optionall[int])— Interval (number of epochs) between checkpoints.

Warning: This argument has been deprecated in v1.3 and will be removed in v1.5.

Use every_n_val_epochs instead.

Note: For extra customization, ModelCheckpoint includes the following attributes:
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¢ CHECKPOINT_JOIN_CHAR
¢ CHECKPOINT_NAME_LAST = "last"
e FILE_EXTENSION = ".ckpt"

¢ STARTING_VERSION = 1

For example, you can change the default last checkpoint name by doing checkpoint_callback.
CHECKPOINT_NAME_LAST = "{epoch}-last"

Raises

* MisconfigurationException —If save_top_k is neither None nor more than or
equal to -1, if monitor is None and save_top_k is none of None, -1, and 0, or if
mode is none of "min" or "max".

e ValueError —If trainer.save_checkpoint is None

Example:

>>> from pytorch_lightning import Trainer
>>> from pytorch_lightning.callbacks import ModelCheckpoint

# saves checkpoints to 'my/path/' at every epoch
>>> checkpoint_callback = ModelCheckpoint (dirpath="'my/path/")
>>> trainer = Trainer (callbacks=[checkpoint_callback])

# save epoch and val_loss in name
# saves a file like: my/path/sample-mnist—-epoch=02-val_loss=0.32.ckpt
>>> checkpoint_callback = ModelCheckpoint (

monitor='val_loss',

dirpath="my/path/",

# save epoch and val_loss in name, but specify the formatting yourself (e.g. to,
—avoid problems with Tensorboard
# or Neptune, due to the presence of characters like '=' or '/'")
# saves a file like: my/path/sample-mnist-epoch02-val_loss0.32.ckpt
>>> checkpoint_callback = ModelCheckpoint (
monitor='val/loss',
dirpath="'my/path/",
filename="'sample-mnist-epoch{epoch:02d}-val_loss{val/loss:.2f}",
auto_insert_metric_name=False

# retrieve the best checkpoint after training
checkpoint_callback = ModelCheckpoint (dirpath="'my/path/")
trainer = Trainer (callbacks=[checkpoint_callback])

model =

trainer.fit (model)

checkpoint_callback.best_model_path

file exists (filepath, trainer)
Checks if a file exists on rank 0 and broadcasts the result to all other ranks, preventing the internal state to
diverge between ranks.

Return type bool
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format_checkpoint_name (metrics, ver=None)
Generate a filename according to the defined template.

Example:

>>> tmpdir = os.path.dirname( file )

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")

>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=0)))
'epoch=0.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")
>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=5)))
'epoch=005.ckpt"

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' -

")

>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=2, wval_loss=0.
—123456)))
'epoch=2-val_loss=0.12.ckpt'
>>> ckpt = ModelCheckpoint (dirpath=tmpdir,
filename="epoch= -validation_loss= ',
auto_insert_metric_name=False)
>>> os.path.basename (ckpt.format_checkpoint_name (dict (epoch=2, wval_loss=0.
—123456)))
'epoch=2-validation_loss=0.12.ckpt'
>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")
>>> os.path.basename (ckpt.format_checkpoint_name ({}))
'missing=0.ckpt’
>>> ckpt = ModelCheckpoint (filename=" ")
>>> os.path.basename (ckpt.format_checkpoint_name (dict (step=0)))
'step=0.ckpt"’
Return type str
on_load_checkpoint (trainer, pl_module, callback_state)
Called when loading a model checkpoint, use to reload state.
Parameters
e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule)— the current LightningModule instance.
* callback_statef] (Dict[str, Any]) - the «callback state returned by
on_save_checkpoint.
Note: The on_load_checkpoint won’t be called with an undefined state. If your

on_load_checkpoint hook behavior doesn’t rely on a state, you will still need to override

on_save_checkpoint toreturn a dummy state.

Return type None
on_pretrain_ routine_start (frainer, pl_module)
When pretrain routine starts we build the ckpt dir on the fly
Return type None

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
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e trainer{ (Trainer) - the current Trainer instance.
* pl_module{ (LightningModule)— the current LightningModule instance.
* checkpoint{ (Dict[str, Any])— the checkpoint dictionary that will be saved.
Return type Dict[str, Any]
Returns The callback state.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Save checkpoint on train batch end if we meet the criteria for every_n_train_steps

Return type None

on_validation_end (trainer, pl_module)
Save a checkpoint at the end of the validation stage.

Return type None

save_checkpoint (trainer, unused=None)
Performs the main logic around saving a checkpoint. This method runs on all ranks. It is the responsibility
of trainer.save_checkpoint to correctly handle the behaviour in distributed training, i.e., saving only on
rank O for data parallel use cases.

Return type None

to_yaml (filepath=None)
Saves the best_k_models dict containing the checkpoint paths with the corresponding scores to a YAML
file.

Return type None

16.3.7 progress

Functions

convert_inf

The tqgdm doesn’t support inf/nan values.

reset Resets the tqdm bar to O progress with a new total, un-
less it is disabled.
Classes
ProgressBar This is the default progress bar used by Lightning.
ProgressBarBase The base class for progress bars in Lightning.
tgdm Custom tqdm progressbar where we append 0O to floating

points/strings to prevent the progress bar from flickering
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Progress Bars

Use or override one of the progress bar callbacks.

class pytorch_lightning.callbacks.progress.ProgressBar (refresh_rate=1, pro-
cess_position=0)
Bases: pytorch _lightning.callbacks.progress.ProgressBarBase

This is the default progress bar used by Lightning. It prints to stdout using the t gdm package and shows up to
four different bars:

* sanity check progress: the progress during the sanity check run

* main progress: shows training + validation progress combined. It also accounts for multiple validation
runs during training when val_check_interval is used.

« validation progress: only visible during validation; shows total progress over all validation datasets.
* test progress: only active when testing; shows total progress over all test datasets.
For infinite datasets, the progress bar never ends.

If you want to customize the default t gdm progress bars used by Lightning, you can override specific methods
of the callback class and pass your custom implementation to the Trainer:

Example:

class LitProgressBar (ProgressBar) :

def init_validation_tgdm(self) :
bar = super().init_validation_tgdm()
bar.set_description('running validation ...")
return bar

bar = LitProgressBar ()
trainer = Trainer (callbacks=[bar])

Parameters

* refresh_rate{ (int) — Determines at which rate (in number of batches) the progress
bars get updated. Set it to O to disable the display. By default, the Trainer uses this
implementation of the progress bar and sets the refresh rate to the value provided to the
progress_bar_ refresh rate argument inthe Trainer.

* process_position{ (int) — Set this to a value greater than 0 to offset the progress
bars by this many lines. This is useful when you have progress bars defined elsewhere
and want to show all of them together. This corresponds to process_position in the
Trainer.

disable ()
You should provide a way to disable the progress bar. The Trainer will call this to disable the output on
processes that have a rank different from 0, e.g., in multi-node training.

Return type None

enable ()
You should provide a way to enable the progress bar. The Trainer will call this in e.g. pre-training
routines like the learning rate finder to temporarily enable and disable the main progress bar.

Return type None
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init_predict_tqdm()
Override this to customize the tqdm bar for predicting.

Return type tgdm

init_sanity tqdm()
Override this to customize the tqdm bar for the validation sanity run.

Return type tgdm

init_test_tqgdm()
Override this to customize the tqdm bar for testing.

Return type tgdm

init_train_tqdm()
Override this to customize the tqdm bar for training.

Return type tgdm

init_validation_tqgdm/()
Override this to customize the tqdm bar for validation.

Return type tgdm

on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.

on_predict_end (trainer, pl_module)
Called when predict ends.

on_predict_epoch_start (trainer, pl_module)
Called when the predict epoch begins.

on_sanity_check_end (trainer, pl_module)
Called when the validation sanity check ends.

on_sanity check_start (trainer, pl_module)
Called when the validation sanity check starts.

on_test_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

on_test_end (trainer, pl_module)
Called when the test ends.

on_test_start (trainer, pl_module)
Called when the test begins.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.

on_train_end (trainer, pl_module)
Called when the train ends.

on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the validation batch ends.
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on_validation_end (trainer, pl_module)
Called when the validation loop ends.

on_validation_start (trainer, pl_module)
Called when the validation loop begins.

print (*args, sep="", end="\W', file=None, nolock=False)
You should provide a way to print without breaking the progress bar.

class pytorch_lightning.callbacks.progress.ProgressBarBase

Bases: pytorch lightning.callbacks.base.Callback

The base class for progress bars in Lightning. It is a Callback that keeps track of the batch progress in the
Trainer. You should implement your highly custom progress bars with this as the base class.

Example:

class LitProgressBar (ProgressBarBase) :
def _ init_ (self):
super () .__init__ () # don't forget this :)

self.enable = True

def disable(self):
self.enable = False

def on_train_batch_end(self, trainer, pl_module, outputs):

super () .on_train_batch_end(trainer, pl_module, outputs) # don't forget,,
—~this .')
percent = (self.train_batch_idx / self.total_train_batches) » 100

sys.stdout.flush ()
sys.stdout.write (f'/percent:.01f} percent complete \r')

bar = LitProgressBar ()
trainer = Trainer (callbacks=[bar])

disable ()
You should provide a way to disable the progress bar. The Trainer will call this to disable the output on
processes that have a rank different from 0, e.g., in multi-node training.

enable ()
You should provide a way to enable the progress bar. The Trainer will call this in e.g. pre-training
routines like the learning rate finder to temporarily enable and disable the main progress bar.

on_init_end (frainer)
Called when the trainer initialization ends, model has not yet been set.

on_predict_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the predict batch ends.

on_predict_epoch_start (trainer, pl_module)
Called when the predict epoch begins.

on_test_batch_end (frainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the test batch ends.

on_test_start (trainer, pl_module)
Called when the test begins.

on_train_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the train batch ends.
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on_train_epoch_start (trainer, pl_module)
Called when the train epoch begins.

on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the validation batch ends.

on_validation_start (trainer, pl_module)
Called when the validation loop begins.

print (*args, **kwargs)
You should provide a way to print without breaking the progress bar.

property predict_batch_idx
The current batch index being processed during predicting. Use this to update your progress bar.

Return type int

property test_batch_idx
The current batch index being processed during testing. Use this to update your progress bar.

Return type int

property total_ predict_batches
The total number of predicting batches during testing, which may change from epoch to epoch. Use this to
set the total number of iterations in the progress bar. Can return inf if the predict dataloader is of infinite
size.

Return type int

property total_test_batches
The total number of testing batches during testing, which may change from epoch to epoch. Use this to set
the total number of iterations in the progress bar. Can return inf if the test dataloader is of infinite size.

Return type int

property total_train_ batches
The total number of training batches during training, which may change from epoch to epoch. Use this to
set the total number of iterations in the progress bar. Can return inf if the training dataloader is of infinite
size.

Return type int

property total_val_batches
The total number of validation batches during validation, which may change from epoch to epoch. Use
this to set the total number of iterations in the progress bar. Can return inf if the validation dataloader is
of infinite size.

Return type int

property train_batch_idx
The current batch index being processed during training. Use this to update your progress bar.

Return type int

property val_batch_idx
The current batch index being processed during validation. Use this to update your progress bar.

Return type int

class pytorch_lightning.callbacks.progress.tqgdm (*args, **kwargs)

Bases: tgdm.
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Custom tqdm progressbar where we append 0 to floating points/strings to prevent the progress bar from flicker-

ing

static format_num(n)

Add additional padding to the formatted numbers

Return type str

pytorch_lightning.callbacks.progress.convert_inf (x)
The tqdm doesn’t support inf/nan values. We have to convert it to None.

Return type Union[int, float, None]

pytorch_lightning.callbacks.progress.reset (bar, total=None)
Resets the tqdm bar to 0 progress with a new total, unless it is disabled.

Return type None

16.4 Loggers API

base Abstract base class used to build new loggers.
comet Comet Logger
csv_logs CSV logger
mlflow MLAflow Logger
neptune Neptune Logger
tensorboard TensorBoard Logger
test_tube Test Tube Logger
wandb Weights and Biases Logger
16.4.1 base
Functions

merge_dicts

Merge a sequence with dictionaries into one dictionary
by aggregating the same keys with some given function.

rank_zero_experiment

Returns the real experiment on rank 0 and otherwise the
DummyExperiment.

Classes
DummyExperiment Dummy experiment
DummyLogger Dummy logger for internal use.
LightningLoggerBase Base class for experiment loggers.
LoggerCollection The LoggerCollection class is used to iterate all

logging actions over the given logger_iterable.

Abstract base class used to build new loggers.

class pytorch_lightning.loggers.base.DummyExperiment

Bases: object
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Dummy experiment

class pytorch_lightning.loggers.base.DummyLogger
Bases: pytorch lightning.loggers.base.LightninglLoggerBase

Dummy logger for internal use. It is useful if we want to disable user’s logger for a feature, but still ensure that
user code can run

log_hyperparams ( *args, **kwargs)
Record hyperparameters.

Parameters

* params{ — Namespace containing the hyperparameters

* args{ — Optional positional arguments, depends on the specific logger being used

* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (*args, **kwargs)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log _metrics () method.

Parameters
* metrics{ — Dictionary with metric names as keys and measured quantities as values
* step{ — Step number at which the metrics should be recorded

Return type None

property experiment
Return the experiment object associated with this logger.

Return type DummyExperiment

property name
Return the experiment name.

Return type str

property version
Return the experiment version.

Return type str

class pytorch_lightning.loggers.base.LightningLoggerBase (agg_key_funcs=None,

agg_default_func=numpy.mean)
Bases: abc . ABC

Base class for experiment loggers.
Parameters

* agg_key_funcs{ (Optional[Mapping[str, Callable[[Sequence[float]],
float]]]) — Dictionary which maps a metric name to a function, which will aggregate
the metric values for the same steps.

* agg_default_func{ (Callable[[Sequence[float]], float]) — Default func-
tion to aggregate metric values. If some metric name is not presented in the agg_key_funcs
dictionary, then the agg_default_func will be used for aggregation.
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Note: The agg_key_funcs and agg_default_func arguments are used only when one logs metrics with the
agg_and_log _metrics () method.

agg_and_log_metrics (metrics, step=None)
Aggregates and records metrics. This method doesn’t log the passed metrics instantaneously, but instead
it aggregates them and logs only if metrics are ready to be logged.

Parameters

* metricsf (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* step{ (Optionall[int])— Step number at which the metrics should be recorded

close ()
Do any cleanup that is necessary to close an experiment.

Return type None

finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* model{ (LightningModule) - lightning model
* input_array{ - input passes to model.forward
Return type None

abstract log_hyperparams (params, *args, **kwargs)
Record hyperparameters.

Parameters
* params{ (Namespace) — Namespace containing the hyperparameters
* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used

abstract log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* stepy (Optionall[int])— Step number at which the metrics should be recorded

save ()
Save log data.

Return type None
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update_agg_funcs (agg_key_funcs=None, agg_default_func=numpy.mean)
Update aggregation methods.

Parameters

* agg_key_ funcs{ (Optional[Mapping[str, Callable[[Sequence[floatl]],
float]]]) — Dictionary which maps a metric name to a function, which will aggregate
the metric values for the same steps.

* agg_default_func{ (Callable[[Sequence[float]], float]) - Default func-
tion to aggregate metric values. If some metric name is not presented in the agg_key_funcs
dictionary, then the agg_default_func will be used for aggregation.

abstract property experiment
Return the experiment object associated with this logger.

Return type Any

abstract property name
Return the experiment name.

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

abstract property version
Return the experiment version.

Return type Union[int, str]

class pytorch_lightning.loggers.base.LoggerCollection (logger_iterable)
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

The LoggerCollection class is used to iterate all logging actions over the given logger_iterable.

Parameters logger iterable{ (Tterable[lLightningLoggerBase])— An iterable col-
lection of loggers

agg_and_log_metrics (metrics, step=None)
Aggregates and records metrics. This method doesn’t log the passed metrics instantaneously, but instead
it aggregates them and logs only if metrics are ready to be logged.

Parameters

e metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* step{ (Optional[int])— Step number at which the metrics should be recorded

close ()
Do any cleanup that is necessary to close an experiment.

Return type None

finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None
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log_graph (model, input_array=None)
Record model graph

Parameters
* model{ (LightningModule) — lightning model
e input_array/ — input passes to model.forward
Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* stepf (Optionall[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

update_agg_funcs (agg_key_funcs=None, agg_default_func=numpy.mean)
Update aggregation methods.

Parameters

* agg_key_funcs{ (Optional[Mapping[str, Callable[[Sequence[floatl]],
float]]]) — Dictionary which maps a metric name to a function, which will aggregate
the metric values for the same steps.

* agg_default_func{ (Callable[[Sequence[float]], float]) - Default func-
tion to aggregate metric values. If some metric name is not presented in the agg_key_funcs
dictionary, then the agg_default_func will be used for aggregation.

property experiment
Return the experiment object associated with this logger.

Return type List[Any]

property name
Return the experiment name.

Return type str
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property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type str

pytorch_lightning.loggers.base.merge_dicts (dicts, agg_key_funcs=None, de-

fault_func=numpy.mean)
Merge a sequence with dictionaries into one dictionary by aggregating the same keys with some given function.

Parameters
e dicts{ (Sequence[Mapping])— Sequence of dictionaries to be merged.

* agg_key_ funcs{ (Optional[Mapping[str, Callable[[Sequence[float]],
float]]]) — Mapping from key name to function. This function will aggregate a list of
values, obtained from the same key of all dictionaries. If some key has no specified aggre-
gation function, the default one will be used. Default is: None (all keys will be aggregated
by the default function).

e default_func{ (Callable[[Sequence[float]], float]) — Default function to
aggregate keys, which are not presented in the agg_key_funcs map.

Return type Dict

Returns Dictionary with merged values.

Examples
>>> import pprint
>>dl = {'a': 1.7, '"b': 2.0, 'c¢': 1, 'd': {'dl': 1, 'd3': 3}}
>>> d2 = {'a': 1.1, 'b': 2.2, 'v': 1, 'd': {'dl': 2, 'd2': 3}}
>>> d3 = {'a': 1.1, 'v': 2.3, 'd': {'d3': 3, 'd4': {'d5": 1}}}
>>> dflt_func = min
>>> agg_funcs = {'a': np.mean, 'v': max, 'd': {'dl': sum}}
>>> pprint.pprint (merge_dicts ([dl, d2, d3], agg_funcs, dflt_func))
{'a': 1.3,

'b': 2.0,

'e': 1,

'‘d': {'dl': 3, 'd2': 3, 'd3': 3, 'd4': {'d5': 1}},

'v': 2.3}

pytorch_lightning.loggers.base.rank_ zero_experiment (fn)
Returns the real experiment on rank 0 and otherwise the DummyExperiment.

Return type Callable
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16.4.2 comet

Classes

CometLogger Log using Comet.ml.

Comet Logger

class pytorch_lightning.loggers.comet.CometLogger (api_key=None, save_dir=None,
project_name=None,

rest_api_key=None, exper-
iment_name=None, experi-
ment_key=None, offline=False,

prefix="", **kwargs)
Bases: pytorch lightning.loggers.base.LightningLoggerBase

Log using Comet.ml.

Install it with pip:

pip install comet-ml

Comet requires either an API Key (online mode) or a local directory path (offline mode).

ONLINE MODE

import os
from pytorch lightning import Trainer
from pytorch lightning.loggers import CometLogger
# arguments made to CometLogger are passed on to the comet_ml.Experiment class
comet_logger CometLogger (
api_key=os.environ.get ('COMET_API_KEY'),
workspace=os.environ.get ('COMET_WORKSPACE'), # Optional

save_dir="'.", # Optional
project_name='default_project’', # Optional
rest_api_key=os.environ.get ('COMET_REST_API_KEY'), # Optional
experiment_key=os.environ.get ('COMET_EXPERIMENT_KEY'), # Optional
experiment_name='default' # Optional

)

trainer = Trainer (logger=comet_logger)

OFFLINE MODE

from pytorch lightning.loggers import CometLogger
# arguments made to CometLogger are passed on to the comet_ml.Experiment class

comet_logger CometLogger (
save_dir="'.",
workspace=os.environ.get ('COMET_WORKSPACE'"), # Optional
project_name='default_project', # Optional
rest_api_key=os.environ.get ('COMET_REST_API_KEY'"), # Optional
experiment_name='default' # Optional

)

trainer = Trainer (logger=comet_logger)

Parameters
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* api_key{ (Optional[str])— Required in online mode. API key, found on Comet.ml.
If not given, this will be loaded from the environment variable COMET_API_KEY or
~/.comet.config if either exists.

* save_dir{ (Optional[str])— Required in offline mode. The path for the directory to
save local comet logs. If given, this also sets the directory for saving checkpoints.

* project_name{ (Optional[str]) — Optional. Send your experiment to a specific
project. Otherwise will be sent to Uncategorized Experiments. If the project name does not
already exist, Comet.ml will create a new project.

* rest_api_key{ (Optional[str])— Optional. Rest API key found in Comet.ml set-
tings. This is used to determine version number

* experiment_name{ (Optional[str])— Optional. String representing the name for
this particular experiment on Comet.ml.

* experiment_key{ (Optional[str])— Optional. If set, restores from existing experi-
ment.

* offlinef (bool) — If api_key and save_dir are both given, this determines whether the
experiment will be in online or offline mode. This is useful if you use save_dir to con-
trol the checkpoints directory and have a ~/.comet.config file but still want to run offline
experiments.

* prefix{ (str)— A string to put at the beginning of metric keys.

* xxkwargs{ - Additional arguments like workspace, log_code, etc. used by
CometExperiment can be passed as keyword arguments in this logger.

Raises
* ImportError — If required Comet package is not installed on the device.
* MisconfigurationException — If neither api_key nor save_dir are passed as

arguments.

finalize (status)
When calling self.experiment.end (), that experiment won’t log any more data to Comet. That’s
why, if you need to log any more data, you need to create an ExistingCometExperiment. For example,
to log data when testing your model after training, because when training is finalized CometLogger.
finalize () is called.

This happens automatically in the experiment () property, when self._experiment is set to
None,i.e. self.reset_experiment ().

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* model{ (LightningModule) — lightning model
e input_array/ — input passes to model.forward
Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters
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e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log_metrics () method.

Parameters

* metrics{ (Dict[str,Union[Tensor, float]])— Dictionary with metric names as
keys and measured quantities as values

e stepf (Optional[int])— Step number at which the metrics should be recorded
Return type None

property experiment
Actual Comet object. To use Comet features in your LightningModule do the following.

Example:

self.logger.experiment.some_comet_function ()

property name
Return the experiment name.

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type str

16.4.3 csv_logs

Classes
CSVLogger Log to local file system in yaml and CSV format.
ExperimentWriter Experiment writer for CSVLogger.
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CSV logger

CSV logger for basic experiment logging that does not require opening ports

class pytorch_lightning.loggers.csv_logs.CSVLogger (save_dir, name='default', ver-
sion=None, prefix="")
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log to local file system in yaml and CSV format.

Logs are saved to os .path. join (save_dir, name, version).

Example

>>> from pytorch lightning import Trainer
>>> from pytorch_lightning.loggers import CSVLogger

>>> logger = CSVLogger ("logs", name="my_exp_name'")
>>> trainer = Trainer (logger=logger)
Parameters

* save_dir{ (str)— Save directory
* name{ (Optional[str])— Experiment name. Defaults to 'default’'.

* version{ (Union[int, str, None]) — Experiment version. If version is not specified
the logger inspects the save directory for existing versions, then automatically assigns the
next available version.

* prefix{ (str)— A string to put at the beginning of metric keys.
finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* argsY — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values
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* stepy (Optionall[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual ExperimentWriter object. To use ExperimentWriter features in your LightningModule do the
following.

Example:

self.logger.experiment.some_experiment_writer_function()

Return type ExperimentWriter

property log dir
The log directory for this run. By default, it is named 'version_S${self.version}' butitcan be
overridden by passing a string value for the constructor’s version parameter instead of None or an int.

Return type str

property name
Return the experiment name.

Return type str

property root_dir
Parent directory for all checkpoint subdirectories. If the experiment name parameter is None or the empty
string, no experiment subdirectory is used and the checkpoint will be saved in “save_dir/version_dir”

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type int

class pytorch_lightning.loggers.csv_logs.ExperimentWriter (log_dir)
Bases: object

Experiment writer for CSVLogger.
Currently supports to log hyperparameters and metrics in YAML and CSV format, respectively.
Parameters log_dir{ (str) - Directory for the experiment logs

log_hparams (params)
Record hparams

Return type None

log_metrics (metrics_dict, step=None)
Record metrics

Return type None
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save ()
Save recorded hparams and metrics into files

Return type None

16.4.4 mliflow

Classes

MLFlowLogger Log using MLflow.

MLflow Logger

class pytorch_lightning.loggers.mlflow.MLFlowLogger (experiment_name='default’
tracking_uri=None, tags=None,
save_dir="/mlruns',  prefix="\,
artifact_location=None)
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log using MLflow.

Install it with pip:

pip install mlflow

from pytorch_ lightning import Trainer

from pytorch lightning.loggers import MLFlowLogger

mlf_logger = MLFlowLogger (
experiment_name="default",
tracking_uri="file:./ml-runs"

)

trainer = Trainer (logger=mlf_logger)

Use the logger anywhere in your LightningModule as follows:

from pytorch_ lightning import LightningModule
class LitModel (LightningModule) :
def training_step(self, batch, batch_idx):
# example
self.logger.experiment .whatever_ml_flow_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment .whatever_ml_flow_supports(...)

Parameters
* experiment_name{ (str)— The name of the experiment

* tracking_uri{ (Optional[str])— Address of local or remote tracking server. If not
provided, defaults to file:<save_dir>.

* tags{ (Optional[Dict[str, Any]]) — A dictionary tags for the experiment.
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* save_dir{ (Optional[str])— A path to a local directory where the MLflow runs get
saved. Defaults to ./mlflow if tracking_uri is not provided. Has no effect if tracking_uri is
provided.

* prefix{ (str)— A string to put at the beginning of metric keys.

e artifact_location{ (Optional[str])— The location to store run artifacts. If not
provided, the server picks an appropriate default.

Raises ImportError - If required MLFlow package is not installed on the device.
finalize (status='FINISHED')
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_Ilog _metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* step{ (Optional[int])— Step number at which the metrics should be recorded
Return type None

property experiment
Actual MLflow object. To use MLflow features in your LightningModule do the following.

Example:

self.logger.experiment.some_mlflow_function ()

Return type M1flowClient
property name
Return the experiment name.
Return type str

property save_dir
The root file directory in which MLflow experiments are saved.

Return type Optional[str]
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Returns Local path to the root experiment directory if the tracking uri is local. Otherwhise
returns None.

property version
Return the experiment version.

Return type str

16.4.5 neptune

Classes

NeptuneLogger Log using Neptune.

Neptune Logger

class pytorch_lightning.loggers.neptune.NeptuneLogger (api_key=None,
project_name=None,

close_after_fit=True, of-

fline_mode=False, experi-
ment_name=None, exper-
iment_id=None, prefix=",
**kewargs)

Bases: pytorch _lightning.loggers.base.LightningLoggerBase
Log using Neptune.

Install it with pip:

pip install neptune-client

The Neptune logger can be used in the online mode or offline (silent) mode. To log experiment data in online
mode, NeptuneLogger requires an API key. In offline mode, the logger does not connect to Neptune.

ONLINE MODE

from pytorch lightning import Trainer
from pytorch lightning.loggers import Neptunelogger

# arguments made to NeptuneLogger are passed on to the neptune.experiments.
—Experiment class

# We are using an api_key for the anonymous user "neptuner" but you can use your,,
—own.
neptune_logger = NeptunelLogger (

api_key="'ANONYMOUS',

project_name='shared/pytorch-lightning-integration',

experiment_name='default', # Optional,
params={ 'max_epochs': 10}, # Optional,
tags=['pytorch-lightning', 'mlp'] # Optional,

)

trainer Trainer (max_epochs=10, logger=neptune_logger)

OFFLINE MODE
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from pytorch_lightning.loggers import Neptunelogger

# arguments made to NeptuneLogger are passed on to the neptune.experiments.

—Experiment class

neptune_logger = Neptunelogger (
offline_mode=True,
project_name='USER_NAME/PROJECT_NAME',

experiment_name='default', # Optional,
params={ 'max_epochs': 10}, # Optional,
tags=['pytorch-lightning', 'mlp']l # Optional,

)

trainer = Trainer (max_epochs=10, logger=neptune_logger)

Use the logger anywhere in you LightningModule as follows:

class LitModel (LightningModule) :
def training step(self, batch, batch_idx):

# log metrics
self.logger.experiment.log_metric('acc_train', ...)
# log images
self.logger.experiment.log_image ('worse_predictions', ...)
# log model checkpoint
self.logger.experiment.log_artifact ('model checkpoint.pt',
self.logger.experiment .whatever_neptune_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.log_metric('acc_train', ...)
self.logger.experiment.log_image ('worse_predictions', ...)
self.logger.experiment.log_artifact ('model checkpoint.pt',
self.logger.experiment . .whatever_neptune_supports(...)

If you want to log objects after the training is finished use close_after_ fit=False:

neptune_logger = NeptuneLogger (
close_after_fit=False,

)
trainer = Trainer (logger=neptune_logger)
trainer.fit ()

# Log test metrics
trainer.test (model)

# Log additional metrics
from sklearn.metrics import accuracy_score

accuracy = accuracy_score (y_true, y_pred)
neptune_logger.experiment.log_metric('test_accuracy', accuracy)

# Log charts
from scikitplot.metrics import plot_confusion_matrix
import matplotlib.pyplot as plt

fig, ax = plt.subplots(figsize=(16, 12))
plot_confusion_matrix(y_true, y_pred, ax=ax)
neptune_logger.experiment.log_image ('confusion matrix', fig)

(continues on next page)
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# Save checkpoints folder
neptune_logger.experiment.log_artifact ('my/checkpoints')

# When you are done, stop the experiment
neptune_logger.experiment.stop ()

See also:

* An Example experiment showing the UI of Neptune.

* Tutorial on how to use Pytorch Lightning with Neptune.

Parameters

api_key7 (Optional[str]) — Required in online mode. Neptune API token, found
on https://neptune.ai. Read how to get your API key. It is recommended to keep it in the
NEPTUNE_API_TOKEN environment variable and then you can leave api_key=None.

project_name{ (Optional[str]) — Required in online mode. Qualified name of a
project in a form of “namespace/project_name” for example “tom/minst-classification”. If
None, the value of NEPTUNE_PROJECT environment variable will be taken. You need to
create the project in https://neptune.ai first.

offline_mode{ (bool) — Optional default False. If True no logs will be sent to
Neptune. Usually used for debug purposes.

close_after fit{ (Optional[bool]) — Optional default True. If False the
experiment will not be closed after training and additional metrics, images or arti-
facts can be logged. Also, remember to close the experiment explicitly by running
neptune_logger.experiment.stop ().

experiment_name{ (Optional[str])— Optional. Editable name of the experiment.
Name is displayed in the experiment’s Details (Metadata section) and in experiments view
as a column.

experiment_id{ (Optional[str])— Optional. Default is None. The ID of the ex-
isting experiment. If specified, connect to experiment with experiment_id in project_name.

Input arguments “experiment_name”, “params”, “properties” and “tags” will be overriden
based on fetched experiment data.

prefix{ (str)— A string to put at the beginning of metric keys.

*xkwargsy — Additional arguments like params, tags, properties, etc. used by
neptune.Session.create_experiment () can be passed as keyword arguments
in this logger.

Raises ImportError — If required Neptune package is not installed on the device.

append_tags (fags)
Appends tags to the neptune experiment.

Parameters tags{ (Union[str, Iterable[str]])— Tags to add to the current experiment.

If str is passed, a single tag is added. If multiple - comma separated - str are passed, all of
them are added as tags. If list of str is passed, all elements of the list are added as tags.

Return type None

finalize (status)
Do any processing that is necessary to finalize an experiment.
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Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_artifact (artifact, destination=None)
Save an artifact (file) in Neptune experiment storage.

Parameters
* artifact{ (str)— A path to the file in local filesystem.

* destination{ (Optional[str]) — Optional. Default is None. A destination path.
If None is passed, an artifact file name will be used.

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_image (log_name, image, step=None)
Log image data in Neptune experiment

Parameters
* log_name{ (str)— The name of log, i.e. bboxes, visualisations, sample_images.

* image{ (Union[stzr, Any]) — The value of the log (data-point). Can be one of the
following types: PIL image, matplotlib.figure. Figure, path to image file (str)

* stepy (Optionall[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

log_metric (metric_name, metric_value, step=None)
Log metrics (numeric values) in Neptune experiments.

Parameters
* metric_name{ (str)— The name of log, i.e. mse, loss, accuracy.
* metric_value{ (Union[Tensor, float, str])— The value of the log (data-point).

e step{ (Optionall[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

log_metrics (metrics, step=None)
Log metrics (numeric values) in Neptune experiments.

Parameters

e metriesf (Dict[str,Union[Tensor, float]])— Dictionary with metric names as
keys and measured quantities as values
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* stepf (Optional[int]) — Step number at which the metrics should be recorded, cur-
rently ignored

Return type None

log_text (log_name, text, step=None)
Log text data in Neptune experiments.

Parameters
* log_name{ (str)— The name of log, i.e. mse, my_text_data, timing_info.
e text{ (str)— The value of the log (data-point).

* stepy (Optionall[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

set_property (key, value)
Set key-value pair as Neptune experiment property.

Parameters

* key{ (str)— Property key.

* value{ (Any) — New value of a property.
Return type None

property experiment
Actual Neptune object. To use neptune features in your LightningModule do the following.

Example:

self.logger.experiment.some_neptune_function ()

Return type Experiment
property name
Return the experiment name.
Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type str
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16.4.6 tensorboard

Classes

TensorBoardLogger Log to local file system in TensorBoard format.

TensorBoard Logger

class pytorch_lightning.loggers.tensorboard.TensorBoardLogger (save_dir,
name='default',
version=None,
log_graph=False,

de-
fault_hp_metric=True,
prefix="",
**kwargs)

Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log to local file system in TensorBoard format.

Implemented using SummaryWriter. Logs are saved to os.path.join(save_dir, name,

version). This is the default logger in Lightning, it comes preinstalled.

Example:

from pytorch_lightning import Trainer
from pytorch_lightning.loggers import TensorBoardLogger

logger = TensorBoardLogger ("tb_logs", name="my_model")
trainer = Trainer (logger=logger)
Parameters

* save_dir{ (str)— Save directory

* name{ (Optional[str])— Experiment name. Defaultsto 'default'. Ifitis the empty
string then no per-experiment subdirectory is used.

* version{ (Union[int, str, None]) — Experiment version. If version is not specified
the logger inspects the save directory for existing versions, then automatically assigns the
next available version. If it is a string then it is used as the run-specific subdirectory name,
otherwise 'version_S${version}' is used.

* log_graph{ (bool) — Adds the computational graph to tensorboard. This requires that
the user has defined the self.example_input_array attribute in their model.

* default_hp_metric{ (bool) — Enables a placeholder metric with key hp_metric
when log_hyperparams is called without a metric (otherwise calls to log_hyperparams with-
out a metric are ignored).

* prefix{ (str)— A string to put at the beginning of metric keys.

*xkwargs{ - Additional arguments like comment, filename_suffix, etc. used by
SummaryWriter can be passed as keyword arguments in this logger.

finalize (status)
Do any processing that is necessary to finalize an experiment.
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Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* model{ (LightningModule) — lightning model
e input_array/ — input passes to model.forward

log_hyperparams (params, metrics=None)
Record hyperparameters. TensorBoard logs with and without saved hyperparameters are incompatible, the
hyperparameters are then not displayed in the TensorBoard. Please delete or move the previously saved
logs to display the new ones with hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — a dictionary-like container with
the hyperparameters

* metriesf (Optional[Dict[str, Any]])— Dictionary with metric names as keys and
measured quantities as values

Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log _metrics () method.

Parameters

e metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

* stepf (Optional[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual tensorboard object. To use TensorBoard features in your LightningModule do the following.

Example:

self.logger.experiment.some_tensorboard_function ()

Return type SummaryWriter

property log dir
The directory for this run’s tensorboard checkpoint. By default, it is named 'version_${self.
version} ' but it can be overridden by passing a string value for the constructor’s version parameter
instead of None or an int.

Return type str
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property name
Return the experiment name.

Return type str

property root_dir
Parent directory for all tensorboard checkpoint subdirectories. If the experiment name parameter is
None or the empty string, no experiment subdirectory is used and the checkpoint will be saved in
“save_dir/version_dir”

Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type int

16.4.7 test_tube

Classes

TestTubeLogger Log to local file system in TensorBoard format but using
a nicer folder structure (see full docs).

Test Tube Logger

class pytorch_lightning.loggers.test_tube.TestTubelLogger (save_dir, name='default,
description=None,
debug=False, ver-
sion=None, cre-
ate_git_tag=False,
log_graph=False, pre-
fiv=")

Bases: pytorch lightning.loggers.base.LightningLoggerBase
Log to local file system in TensorBoard format but using a nicer folder structure (see full docs).

Install it with pip:

pip install test_tube

from pytorch lightning import Trainer

from pytorch_lightning.loggers import TestTubelogger
logger = TestTubelogger ("tt_logs", name="my_exp_name")
trainer = Trainer (logger=logger)

Use the logger anywhere in your LightningModule as follows:

from pytorch lightning import LightningModule
class LitModel (LightningModule) :

(continues on next page)
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(continued from previous page)

def training_step(self, batch, batch_idx):
# example
self.logger.experiment . .whatever_method_summary_writer_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.add_histogram(...)

Parameters
* save_dir{ (str)— Save directory
* name{ (str)— Experiment name. Defaults to 'default’'.
* description{ (Optional[str])— A short snippet about this experiment
* debug{ (bool)—If True, it doesn’t log anything.

* version{ (Optional[int]) — Experiment version. If version is not specified the log-
ger inspects the save directory for existing versions, then automatically assigns the next
available version.

* create_git_tag{ (bool) — If True creates a git tag to save the code used in this
experiment.

* log_graph{ (bool) — Adds the computational graph to tensorboard. This requires that
the user has defined the self.example_input_array attribute in their model.

* prefix{ (str)— A string to put at the beginning of metric keys.
Raises ImportError — If required TestTube package is not installed on the device.
close ()
Do any cleanup that is necessary to close an experiment.
Return type None

finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_graph (model, input_array=None)
Record model graph

Parameters
* model{ (LightningModule) — lightning model
e input_array/ — input passes to model.forward

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used

* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
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Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log_metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

e stepf (Optional[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual TestTube object. To use TestTube features in your LightningModule do the following.

Example:

self.logger.experiment.some_test_tube_function()

Return type Experiment
property name
Return the experiment name.
Return type str

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type int

16.4.8 wandb

Classes

WandbLogger Log using Weights and Biases.
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Weights and Biases Logger

class pytorch_lightning.loggers.wandb.WandbLogger (name=None, save_dir=None,
offline=False, id=None, anony-
mous=None, version=None,
project=None, log_model=False,
experiment=None, prefix=",

sync_step=None, **kwargs)

Bases: pytorch lightning.loggers.base.LightningLoggerBase

Log using Weights and Biases.

Install it with pip:

pip install wandb

Parameters

Raises

Example:

name{ (Optional[str])— Display name for the run.
save_dir{ (Optional[str]) — Path where data is saved (wandb dir by default).

offlinef (Optional[bool]) — Run offline (data can be streamed later to wandb
servers).

idf (Optional[str]) — Sets the version, mainly used to resume a previous run.
version{ (Optional[str])— Same as id.

anonymousY (Optional[bool])— Enables or explicitly disables anonymous logging.
project{ (Optional[str])— The name of the project to which this run will belong.

log_model{ (Optionall[bool])— Save checkpoints in wandb dir to upload on W&B
Servers.

prefix{ (Optional[str])— A string to put at the beginning of metric keys.
experiment { — WandB experiment object. Automatically set when creating a run.

*xkwargs{ — Arguments passed to wandb.init () like entity, group, tags, etc.

ImportError — If required WandB package is not installed on the device.

MisconfigurationException — If both 1og_model and offline’ "is set
to ' True.

trainer =

from pytorch_lightning.loggers import WandbLogger
from pytorch_lightning import Trainer
wandb_logger = WandbLogger ()

Trainer (logger=wandb_logger)

Note: When logging manually through wandb.log or trainerlogger.experiment.log, make sure to use com-
mit=False so the logging step does not increase.

See also:

 Tutorial on how to use W&B with PyTorch Lightning
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* W&B Documentation
finalize (status)
Do any processing that is necessary to finalize an experiment.

Parameters status{ (str) — Status that the experiment finished with (e.g. success, failed,
aborted)

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters

e params{ (Union[Dict[str, Any], Namespace]) — Namespace containing the hy-
perparameters

* args{ — Optional positional arguments, depends on the specific logger being used
* kwargs{ — Optional keywoard arguments, depends on the specific logger being used
Return type None

log_metrics (metrics, step=None)

Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and _log metrics () method.

Parameters

* metrics{ (Dict[str, float])— Dictionary with metric names as keys and measured
quantities as values

e stepf (Optionall[int])— Step number at which the metrics should be recorded
Return type None

property experiment
Actual wandb object. To use wandb features in your LightningModule do the following.

Example:

self.logger.experiment.some_wandb_function ()

Return type Run
property name
Return the experiment name.
Return type Optional[str]

property save_dir
Return the root directory where experiment logs get saved, or None if the logger does not save data locally.

Return type Optional[str]

property version
Return the experiment version.

Return type Optional[str]
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16.5 Plugins API

16.5.1 Training Type Plugins

TrainingTypePlugin

Base class for all training type plugins that change the
behaviour of the training, validation and test-loop.

SingleDevicePlugin

Plugin that handles communication on a single device.

ParallelPlugin Plugin for training with multiple processes in parallel.

DataParallelPlugin Implements data-parallel training in a single process,
i.e., the model gets replicated to each device and each
gets a split of the data.

DDPPlugin Plugin for multi-process single-device training on one
or multiple nodes.

DDP2Plugin DDP2 behaves like DP in one node, but synchronization
across nodes behaves like in DDP.

DDPShardedPlugin Optimizer and gradient sharded training provided by

FairScale.

DDPSpawnShardedPlugin

Optimizer sharded training provided by FairScale.

DDPSpawnPlugin Spawns processes using the torch.
multiprocessing.spawn () method and joins
processes after training finishes.

DeepSpeedPlugin Provides capabilities to run training using the Deep-
Speed library, with training optimizations for large bil-
lion parameter models.

HorovodPlugin Plugin for Horovod distributed training integration.

RPCPlugin Backbone for RPC Plugins built on top of DDP.

RPCSequentialPlugin Provides sequential model parallelism for nn.
Sequential module.

SingleTPUPlugin Plugin for training on a single TPU device.

TPUSpawnPlugin Plugin for training multiple TPU devices using the

torch.multiprocessing.spawn () method.

TrainingTypePlugin
class pytorch_lightning.plugins.training type.TrainingTypePlugin
Bases: pytorch_lightning.plugins.base_plugin.Plugin, abc.ABRC
Base class for all training type plugins that change the behaviour of the training, validation and test-loop.

abstract all_gather (tensor, group=None, sync_grads=False)
Perform a all_gather on all processes

Return type Tensor

abstract barrier (name=None)
Forces all possibly joined processes to wait for each other

Return type None

abstract broadcast (0bj, src=0)
Broadcasts an object to all processes

Return type ~T
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connect (model)
Called by the accelerator to connect the accelerator and the model with this plugin

Return type None

model_ sharded_ context ()
Provide hook to create modules in a distributed aware context. This is useful for when we’d like to shard
the model instantly, which is useful for extremely large models which can save memory and initialization
time.

Returns: Model parallel context.
Return type Generator

abstract model_to_device()
Moves the model to the correct device

Return type None

post_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run after precision plugin executes backward

post_optimizer_step (optimizer, optimizer_idx, **kwargs)
Hook to do something after each optimizer step.

Return type None

pre_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run before precision plugin executes backward

process_dataloader (dataloader)
Wraps the dataloader if necessary

Parameters dataloader{ (Union[Iterable, DataLoader])—iterable. Ideally of type:
torch.utils.data.DatalLoader

Return type Union[Iterable, DataLoader]

abstract reduce (tensor, *args, **kwargs)
Reduces the given tensor (e.g. across GPUs/processes).

Parameters
* tensor{ (Union[Tensor, Any]) — the tensor to sync and reduce
* xargs/ — plugin-specific positional arguments
* xxkwargs{ — plugin-specific keyword arguments

Return type Union[Tensor, Any]

reduce_boolean_decision (decision)
Reduce the early stopping decision across all processes

Return type bool

restore_model_state_from ckpt_path (ckpt_path, map_location=<function TrainingType-
Plugin.<lambda>>)
This function is used to load and restore the model state.

Parameters
* ckpt_path{ (str)— Path to a checkpoint

* map_location{ (Callable) - lambda function to map checkpoint location
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Return checkpoint: Return loaded checkpoint bool: Wether to load optimizer / Ir_schedulers states from
checkpoint

Return type Tuple[Dict, bool]
save_checkpoint (checkpoint, filepath)
Save model/training states as a checkpoint file through state-dump and file-write.
Parameters
e checkpoint{ (Dict[str, Any])— dict containing model and trainer state
* filepath{ (str)— write-target file’s path
Return type None

setup (model)
Called by the accelerator to finish setup.

Return type None

setup_environment ()
Setup any processes or distributed connections. This is called before the LightningModule/DataModule
setup hook which allows the user to access the accelerator environment before setup is complete.

Return type None

update_global_step (total_batch_idx, current_global_step)
Provide a hook to count optimizer step calls.

Parameters
* total_batch_idx{ (int) - Total number of batches seen for training
* current_global_step{ (int)— Current number of optimizer step calls
Returns: New optimizer step calls
Return type int

property call_configure_sharded_model_hook
Allow model parallel hook to be called in suitable environments determined by the training type plugin.
This is useful for when we want to shard the model once within fit. Returns: True if we want to call the
model parallel setup hook.

Return type bool

abstract property is_global_zero
Whether the current process is the rank zero process not only on the local node, but for all nodes.

Return type bool

property lightning module
Returns the pure LightningModule without potential wrappers

Return type LightningModule

property model
Returns the potentially wrapped LightningModule

Return type Module

abstract property on_gpu
Returns whether the current process is done on GPU

Return type bool
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property results
Enables plugin-agnostic access to the result returned by the training/evaluation/prediction run. The result
is cached instead of returned directly, because some plugins require transmitting the results from one
multiprocessing context to another in a separate step. For example, the plugins that use the “spawn”
start-method send the result to the master process through a multiprocessing queue (shared memory).

Return type Union[List[Dict[str, float]], List[Any], List[List[Any]], None]

abstract property root_device
Returns the root device

Return type device

property setup_optimizers_in_pre_dispatch
Override to delay setting optimizers and schedulers till after dispatch. This is useful when the Training-
TypePlugin requires operating on the wrapped accelerator model. However this may break certain preci-
sion plugins such as APEX which require optimizers to be set. Returns: If True, delay setup optimizers till
pre_dispatch, else call within setup.

Return type bool

SingleDevicePlugin

class pytorch_lightning.plugins.training_type.SingleDevicePlugin (device)
Bases: pytorch_lightning.plugins.training_type.training_ type_plugin.
TrainingTypePlugin

Plugin that handles communication on a single device.

all_gather (tensor, group=None, sync_grads=False)
Perform a all_gather on all processes

Return type Tensor

barrier (*args, **kwargs)
Forces all possibly joined processes to wait for each other

Return type None

broadcast (0bj, src=0)
Broadcasts an object to all processes

Return type object

model_ to_device ()
Moves the model to the correct device

Return type None

reduce (tensor, *args, **kwargs)
Reduces a tensor from several distributed processes to one aggregated tensor. As this plugin only operates
with a single device, the reduction is simply the identity.

Parameters
* tensor{ (Union[Any, Tensor]) — the tensor to sync and reduce
* xargs —ignored
* xxkwargs{ —ignored

Return type Union[Any, Tensor]

Returns the unmodified input as reduction is not needed for single process operation
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setup (model)
Called by the accelerator to finish setup.

Return type Module

property is_global_zero
Whether the current process is the rank zero process not only on the local node, but for all nodes.

Return type bool

property on_gpu
Returns whether the current process is done on GPU

Return type bool

property root_device
Returns the root device

Return type device

ParallelPlugin

class pytorch_lightning.plugins.training_type.ParallelPlugin (parallel_devices=None,
clus-
ter_environment=None)
Bases: pytorch_lightning.plugins.training_type.training_type_plugin.
TrainingTypePlugin, abc.ABC
Plugin for training with multiple processes in parallel.

all_gather (tensor, group=None, sync_grads=False)
Perform a all_gather on all processes

Return type Tensor

block_backward_sync ()
Blocks ddp sync gradients behaviour on backwards pass. This is useful for skipping sync when accumu-
lating gradients, reducing communication overhead Returns: context manager with sync behaviour off

static configure_sync_batchnorm (model)
Add global batchnorm for a model spread across multiple GPUs and nodes.

Override to synchronize batchnorm between specific process groups instead of the whole world or use a
different sync_bn like apex’s version.

Parameters model{ (LightningModule)— pointer to current LightningModule.
Return type LightningModule
Returns LightningModule with batchnorm layers synchronized between process groups

reduce_boolean_decision (decision)
Reduce the early stopping decision across all processes

Return type bool

property is_global_zero
Whether the current process is the rank zero process not only on the local node, but for all nodes.

Return type bool

property lightning module
Returns the pure LightningModule without potential wrappers
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property on_gpu
Returns whether the current process is done on GPU

abstract property root_device
Returns the root device

DataParallelPlugin
class pytorch_lightning.plugins.training_type.DataParallelPlugin (parallel_devices)
Bases: pytorch_lightning.plugins.training_type.parallel.ParallelPlugin

Implements data-parallel training in a single process, i.e., the model gets replicated to each device and each gets
a split of the data.

barrier (*args, **kwargs)
Forces all possibly joined processes to wait for each other

broadcast (obj, src=0)
Broadcasts an object to all processes

Return type object

model_to_device ()
Moves the model to the correct device

reduce (tensor, *args, **kwargs)
Reduces a tensor from all parallel processes to one aggregated tensor.

Parameters
* tensor{ — the tensor to sync and reduce
* xargs/ —ignored for DP
* xxkwargs{ — ignored for DP
Returns reduced value, except when the input was not a tensor the output remains is unchanged

reduce_boolean_decision (decision)
Reduce the early stopping decision across all processes

Return type bool

setup (model)
Called by the accelerator to finish setup.

property root_device
Returns the root device

DDPPlugin

class pytorch_lightning.plugins.training_type.DDPPlugin (parallel_devices=None,
num_nodes=1, clus-
ter_environment=None,
sync_batchnorm=False,
ddp_comm_state=None,
ddp_comm_hook=None,
ddp_comm_wrapper=None,
**kwargs)

Bases: pytorch_lightning.plugins.training_type.parallel.ParallelPlugin
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Plugin for multi-process single-device training on one or multiple nodes.

The master process in each node spawns N-1 child processes via subprocess.Popen (), where N is the
number of devices (e.g. GPU) per node. It is very similar to how torch.distributed. launch launches
processes.

barrier (*args, **kwargs)
Forces all possibly joined processes to wait for each other

broadcast (0bj, src=0)
Broadcasts an object to all processes

Return type object

model to_device ()
Moves the model to the correct device

post_dispatch ()
Hook to do something after the training/evaluation/prediction finishes.

Return type None

pre_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run before precision plugin executes backward

pre_dispatch ()
Hook to do something before the training/evaluation/prediction starts.

reduce (tensor, group=None, reduce_op="mean’)
Reduces a tensor from several distributed processes to one aggregated tensor.

Parameters
* tensor{ — the tensor to sync and reduce

* groupf (Optional[Any]) — the process group to gather results from. Defaults to all
processes (world)

* reduce_opYf (Union[ReduceOp, str, None]) — the reduction operation. Defaults to
‘mean’/’avg’. Can also be a string ‘sum’ to calculate the sum during reduction.

Returns reduced value, except when the input was not a tensor the output remains is unchanged

setup_environment ()
Setup any processes or distributed connections. This is called before the LightningModule/DataModule
setup hook which allows the user to access the accelerator environment before setup is complete.

property root_device
Returns the root device

DDP2Plugin

class pytorch_lightning.plugins.training_type.DDP2Plugin (parallel_devices=None,
num_nodes=1, clus-
ter_environment=None,
sync_batchnorm=False,
ddp_comm_state=None,
ddp_comm_hook=None,
ddp_comm_wrapper=None,

**kwargs)
Bases: pytorch_lightning.plugins.training_type.ddp.DDPPlugin
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DDP2 behaves like DP in one node, but synchronization across nodes behaves like in DDP.

model_to_device ()
Moves the model to the correct device

reduce (tensor, *args, **kwargs)

Reduces a tensor from all processes to one aggregated tensor. In DDP2, the reduction here is only across
local devices within the node.

Parameters
* tensor{ — the tensor to sync and reduce
* xargs/ —ignored for DDP2
* xxkwargs{ —ignored for DDP2
Returns reduced value, except when the input was not a tensor the output remains is unchanged

setup (model)
Called by the accelerator to finish setup.

property root_device
Returns the root device

DDPShardedPlugin

class pytorch_lightning.plugins.training_type.DDPShardedPlugin (parallel_devices=None,

num_nodes=1,
clus-
ter_environment=None,
sync_batchnorm=False,
ddp_comm_state=None,
ddp_comm_hook=None,
ddp_comm_wrapper=None,
**kwargs)

Bases: pytorch_lightning.plugins.training_type.ddp.DDPPlugin

Optimizer and gradient sharded training provided by FairScale.

pre_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run before precision plugin executes backward

property lightning module
Returns the pure LightningModule without potential wrappers

Return type LightningModule

DDPSpawnShardedPlugin

class pytorch_lightning.plugins.training_type.DDPSpawnShardedPlugin (parallel_devices=None,
num_nodes=1,
clus-
ter_environment=None,
sync_batchnorm=False,
ddp_comm_state=None,
ddp_comm_hook=None,
ddp_comm_wrapper=None,

**kwargs)
Bases: pytorch_lightning.plugins.training_type.ddp_spawn.DDPSpawnPlugin
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Optimizer sharded training provided by FairScale.

pre_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run before precision plugin executes backward

property lightning module
Returns the pure LightningModule without potential wrappers

Return type LightningModule

DDPSpawnPlugin

class pytorch_lightning.plugins.training_type.DDPSpawnPlugin (parallel_devices=None,
num_nodes=1,
clus-
ter_environment=None,
sync_batchnorm=False,
ddp_comm_state=None,
ddp_comm_hook=None,
ddp_comm_wrapper=None,

**kwargs)
Bases: pytorch_lightning.plugins.training_type.parallel.ParallelPlugin

Spawns processes using the torch.multiprocessing. spawn () method and joins processes after train-
ing finishes.

barrier (*args, **kwargs)
Forces all possibly joined processes to wait for each other

broadcast (0bj, src=0)
Broadcasts an object to all processes

Return type object

model_to_device ()
Moves the model to the correct device

post_dispatch ()
Hook to do something after the training/evaluation/prediction finishes.

pre_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run before precision plugin executes backward

reduce (tensor, group=None, reduce_op="mean’)
Reduces a tensor from several distributed processes to one aggregated tensor.

Parameters
* tensor{ — the tensor to sync and reduce

* groupf (Optional[Any]) — the process group to gather results from. Defaults to all
processes (world)

* reduce_op{ (Union[ReduceOp, str, None]) — the reduction operation. Defaults to
‘mean’/’avg’. Can also be a string ‘sum’ to calculate the sum during reduction.

Returns reduced value, except when the input was not a tensor the output remains is unchanged

setup (model)
Called by the accelerator to finish setup.
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property root_device
Returns the root device

DeepSpeedPlugin

class pytorch_lightning.plugins.training_type.DeepSpeedPlugin (zero_optimization=True,
stage=2,
cpu_offload=False,
cpu_offload_params=False,
cpu_offload_use_pin_memory=False,
contigu-
ous_gradients=True,
over-
lap_comm=True,
all-
gather_partitions=True,
re-
duce_scatter=True,
all-
gather_bucket_size=200000000.0,
re-
duce_bucket_size=200000000.0,
zero_allow_untested_optimizer=True,
log-
ging_batch_size_per_gpu='auto’,
con-
fig=None, log-
ging_level=30,
num_nodes=1,
paral-
lel_devices=None,
clus-
ter_environment=None,
loss_scale=0, ini-
tial_scale_power=16,
loss_scale_window=1000,
hysteresis=2,
min_loss_scale=1,
parti-
tion_activations=False,
cpu_checkpointing=False,
contigu-
ous_memory_optimization=False,
synchro-
nize_checkpoint_boundary=False,

save_full_weights=True)
Bases: pytorch_lightning.plugins.training_type.ddp.DDPPlugin

Provides capabilities to run training using the DeepSpeed library, with training optimizations for large billion
parameter models. For more information: https://www.deepspeed.ai/.

Warning: DeepSpeedPlugin is in beta and subject to change.
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Defaults have been set to enable ZeRO-Offload and some have been taken from the link below. These defaults
have been set generally, but may require tuning for optimum performance based on your model size. For more
information: https://www.deepspeed.ai/docs/config-json/#zero-optimizations-for-fp16-training.

Parameters

zero_optimization{ (bool) — Enable ZeRO optimization. This is only compatible
with precision=16. (default: True)

stage{ (int) — Different stages of the ZeRO Optimizer. 0 is disabled, 1 is optimizer state
partitioning, 2 is optimizer+gradient state partitioning (default: 2)

cpu_offload{ (bool)— Enable offloading optimizer memory and computation to CPU

cpu_offload_params{ (bool) — When using ZeRO stage 3, offload parameters to
CPU

cpu_offload use pin memory{ (bool)— When using ZeRO stage 3, pin memory
on CPU

contiguous_gradients{ (bool) — Copies gradients to a continuous buffer as they
are produced. Avoids memory fragmentation during backwards. Useful when training large
models. (default: True)

overlap_comm{ (bool) — Overlap the reduction (synchronization) of gradients with
the backwards computation. This is a speed optimization when training across multiple
GPUs/machines. (default: True)

allgather_partitions{ (bool)— All gather updated parameters at the end of train-
ing step, instead of using a series of broadcast collectives (default: True)

reduce_scatter{ (bool)— Use reduce/scatter instead of allreduce to average gradients
(default:True)

allgather_bucket_size{ (int)— Number of elements to allgather at once. Used to
limit the memory required for larger model sizes, with a tradeoff with speed. (default: 2e8)

reduce_bucket_size{ (int)— Number of elements to reduce at once. Used to limit
the memory required for larger model sizes, with a tradeoff with speed (default: 2e8)

zero_allow_untested_optimizer{ (bool) — Allow untested optimizers to be
used with ZeRO. Currently only Adam is a DeepSpeed supported optimizer when using
ZeRO (default: True)

logging_batch_size_per_gpuf (Union[str, int])— Config used in DeepSpeed
to calculate verbose timing for logging on a per sample per second basis (only displayed
if logging=logging INFO). If set to “auto”, the plugin tries to infer this from the train Dat-
aLoader’s BatchSampler, else defaults to 1. To obtain accurate logs when using datasets that
do not support batch samplers, set this to the actual per gpu batch size (trainer.batch_size).

configf (Union[Path, str, dict, None]) — Pass in a deepspeed formatted config
dict, or path to a deepspeed config: https://www.deepspeed.ai/docs/config-json. All defaults
will be ignored if a config is passed in. (Default: None)

logging_level{ (int)— Setlogging level for deepspeed. (Default: Llogging.WARN)

loss_scalef (float) — Loss scaling value for FP16 training. 0.0 results in dynamic
loss scaling, otherwise static (Default: 0)

initial_scale_power{ (int) — Power of the initial dynamic loss scale value. Loss
scale is computed by 2”initial_scale_power (Default: 32)
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* loss_scale_window{ (int)— Window in which to raise/lower the dynamic FP16 loss
scaling value (Default: 1000)

* hysteresis{ (int)— FP16 Delay shift in Dynamic Loss scaling (Default: 2)

* min_loss_scale{ (int) — The minimum FP16 dynamic loss scaling value (Default:
1000)

* partition_activations{ (bool) — Enables partition activation when used
with ZeRO stage 3.  Still requires you to wrap your forward functions in deep-
speed.checkpointing.checkpoint. See deepspeed tutorial

* cpu_checkpointingf (bool) - Offloads partitioned activations to CPU if
partition_activations is enabled

* contiguous_memory_ optimization{ (bool) — Copies partitioned activations so
that they are contiguous in memory. Not supported by all models

* synchronize_checkpoint_boundaryj (bool) - Insert torch.cuda.
synchronize () ateach checkpoint boundary.

* save_full_weights{ (bool) — Gathers weights across all processes before saving to
disk when using ZeRO Stage 3. This allows a single weight file to contain the entire model,
rather than individual sharded weight files. Disable to save sharded states individually. (De-
fault: True)

model_ sharded context ()
Provide hook to create modules in a distributed aware context. This is useful for when we’d like to shard
the model instantly, which is useful for extremely large models which can save memory and initialization
time.

Returns: Model parallel context.
Return type Generator[None, None, None]

pre_dispatch ()
Hook to do something before the training/evaluation/prediction starts.

restore_model_state_from ckpt_path (ckpt_path, map_location=<function DeepSpeedPlu-

gin.<lambda>>)
This function is used to load and restore the model state.

Parameters
* ckpt_path{ (str) - Path to a checkpoint
* map_location{ (Callable)—lambda function to map checkpoint location

Return checkpoint: Return loaded checkpoint bool: Wether to load optimizer / Ir_schedulers states from
checkpoint

Return type Tuple[Dict, bool]
save_checkpoint (checkpoint, filepath)
Save model/training states as a checkpoint file through state-dump and file-write.
Parameters
* checkpoint{ (Dict)— The checkpoint state dictionary
* filepath{ (str)— write-target file’s path

Return type None
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update_global_step (fotal_batch_idx, current_global_step)
Provide a hook to count optimizer step calls.

Parameters
* total_batch_idx{ (int) - Total number of batches seen for training
* current_global_step{ (int)— Current number of optimizer step calls
Returns: New optimizer step calls
Return type int

property lightning module
Returns the pure LightningModule without potential wrappers

HorovodPlugin

class pytorch_lightning.plugins.training_type.HorovodPlugin (parallel_devices=None)
Bases: pytorch_lightning.plugins.training_type.parallel.ParallelPlugin
Plugin for Horovod distributed training integration.

all_gather (result, group=None, sync_grads=False)
Perform a all_gather on all processes

Return type Tensor

barrier (*args, **kwargs)
Forces all possibly joined processes to wait for each other

broadcast (obj, src=0)
Broadcasts an object to all processes

Return type object

model_to_device ()
Moves the model to the correct device

post_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run after precision plugin executes backward

pre_dispatch ()
Hook to do something before the training/evaluation/prediction starts.

reduce (tensor, group=None, reduce_op='"mean’)
Reduces a tensor from several distributed processes to one aggregated tensor.

Parameters
* tensor{ - the tensor to sync and reduce

e groupf (Optional[Any]) — the process group to gather results from. Defaults to all
processes (world)

* reduce_op{ (Union[ReduceOp, str, None]) — the reduction operation. Defaults to
‘mean’/’avg’. Can also be a string ‘sum’ to calculate the sum during reduction.

Returns reduced value, except when the input was not a tensor the output remains is unchanged

setup (model)
Called by the accelerator to finish setup.

property root_device
Returns the root device
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RPCPIlugin

class pytorch_lightning.plugins.training_type.RPCPlugin (rpc_timeout_sec=torch.distributed.rpc.constants.D.

parallel_devices=None,
num_nodes=None, clus-
ter_environment=None,
sync_batchnorm=None,
**kwargs)

Bases: pytorch_lightning.plugins.training_type.ddp.DDPPlugin

Backbone for RPC Plugins built on top of DDP. RPC introduces different communication behaviour than DDP.

Unlike DDP, processes potentially are not required to run the same code as the main process. This leads to edge

cases where logic needs to be re-defined. This class contains special cases that need to be addressed when using
RPC communication when building custom RPC Plugins.

rpc_save_model (trainer, save_model_fn, filepath)

Override to save model to disk. This is required as the main process will be required to handle aggregating
model states from RPC processes.

Parameters
* trainer{ — The trainer object.

* save_model_f£fn{ (Callable)— The saving function to save final model.
e filepath{ (str) - The filepath to save the model to.

Return type None

RPCSequentialPlugin

class pytorch_lightning.plugins.training_type.RPCSequentialPlugin (balance=None,
micro-
batches=8,
check-
point="except_last’,
bal-
ance_mode="balance_by_size’,
pipelined_backward=True,
rpc_timeout_sec=torch.distributed.r

**ewargs)
Bases: pytorch_lightning.plugins.training_type.rpc.RPCPlugin

Provides sequential model parallelism for nn. Sequential module. If the module requires lots of memory,
Pipe can be used to reduce this by leveraging multiple GPUs.

Pipeline parallelism comes with with checkpointing to reduce peak memory required to train while minimizing
device under-utilization. This is turned on by default and can be turned off via the checkpoint argument.

You should determine the balance when defining the plugin, or you can pass an example input array via the
LightningModule to infer a balance. The module will be partitioned into multiple devices according to the given
balance. You may also rely on your own heuristics to find your own optimal configuration.

Parameters

* balance{ (Optional[List[int]]) — The balance of the model, i.e [2, 2] (two layers
on each GPU).

* not provided assumes user provides an input example array to
find a balance on all GPUs.{ (If)-
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* microbatches{ (int)— Allows for parallelization to reduce device utilization
* splitting the batch into further smaller batches.{ (by)-
* checkpoint{ (str)— Enables gradient checkpointing. [‘always’, ‘except_last’, ‘never’]
* balance_mode{ (str)— Type of balance heuristic to use if balance to be inferred.
— ’balance_by_size’: checks memory usage of each layer and determines balance
— ’balance_by_time’: checks time of each layer and determines balance

* pipelined_backward{ (Optional[bool]) — if True, call torch.autograd.backward
once per microbatch on the

* pass{ (backward) -

* a potential deadlock in pytorch when using tensor
parallelism{ (around)—

e Defaults to True if{ (at)-
* > 19 (get_model_parallel world size())-—

barrier (name=None)
Forces all possibly joined processes to wait for each other

Return type None

post_optimizer_step (optimizer, optimizer_idx, **kwargs)
Hook to do something after each optimizer step.

Return type None

pre_backward (closure_loss, should_accumulate, optimizer, opt_idx)
Run before precision plugin executes backward

rpc_save_model (trainer, save_model_fn, filepath)
Override to save model to disk. This is required as the main process will be required to handle aggregating
model states from RPC processes.

Parameters
* trainer{ - The trainer object.
* save_model_f£n{ (Callable)— The saving function to save final model.
e filepath{ (str)— The filepath to save the model to.

Return type None

SingleTPUPIugin

class pytorch_lightning.plugins.training_type.SingleTPUPlugin (device, de-
bug=False)
Bases: pytorch_lightning.plugins.training type.single_device.

SingleDevicePlugin
Plugin for training on a single TPU device.

model to_device ()
Moves the model to the correct device

Return type None
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on_save (checkpoint)

Move XLA tensors to CPU before saving Recommended on XLLA Guide: https://github.com/pytorch/xla/
blob/master/API_GUIDE.md#saving-and-loading-xla-tensors

Return type dict

pre_dispatch ()

Hook to do something before the training/evaluation/prediction starts.

Return type None

TPUSpawnPlugin

class pytorch_lightning.plugins.training_type.TPUSpawnPlugin (parallel_devices=None,

debug=False, **_)
Bases: pytorch_lightning.plugins.training_type.ddp_spawn.DDPSpawnPlugin

Plugin for training multiple TPU devices using the torch.multiprocessing.spawn () method.

all_gather (tensor, group=None, sync_grads=False)
Function to gather a tensor from several distributed processes ‘type

_sphinx_paramlinks_pytorch_lightning.plugins.training_type. TPUSpawnPlugin.all_gather.tensor:

Tensor :param _sphinx_paramlinks_pytorch_lightning.plugins.training_type. TPUSpawnPlugin.all_gather.tensor:

tensor of shape (batch, .. .) :type _sphinx_paramlinks_pytorch_lightning.plugins.training_type. TPUSpawnPlugin.all_gather.
Optionall[Any]:param _sphinx_paramlinks_pytorch_lightning.plugins.training_type. TPUSpawnPlugin.all_gather.group:
not available with TPUs :type _sphinx_paramlinks_pytorch_lightning.plugins.training_type. TPUSpawnPlugin.all_gather.syr
bool :param _sphinx_paramlinks_pytorch_lightning.plugins.training_type. TPUSpawnPlugin.all_gather.sync_grads:

not available with TPUs
Return type Tensor
Returns A tensor of shape (world_size, batch, ...)

barrier (name=None)
Forces all possibly joined processes to wait for each other

Return type None

broadcast (0bj, src=0)
Broadcasts an object to all processes

Return type object

connect (model)
Called by the accelerator to connect the accelerator and the model with this plugin

Return type None

model to_device ()
Moves the model to the correct device

Return type None

pre_dispatch ()
Hook to do something before the training/evaluation/prediction starts.

process_dataloader (dataloader)
Wraps the dataloader if necessary

Parameters dataloader{ (Dataloader) — iterable. Ideally of type: torch.utils.
data.Dataloader

Return type None
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reduce (output, group=None, reduce_op=None)

Reduces a tensor from several distributed processes to one aggregated tensor.

Parameters

* tensor{ - the tensor to sync and reduce

e groupf (Optional[Any]) — the process group to gather results from. Defaults to all

processes (world)

* reduce_op{ (Union[ReduceOp, str, None]) — the reduction operation. Defaults to
‘mean’/’avg’. Can also be a string ‘sum’ to calculate the sum during reduction.

Returns reduced value, except when the input was not a tensor the output remains is unchanged

reduce_boolean_decision (decision)

Reduce the early stopping decision across all processes

Return type bool

save_checkpoint (checkpoint, filepath)

Save model/training states as a checkpoint file through state-dump and file-write.

Parameters

e checkpoint{ (Dict[str, Any])— dict containing model and trainer state

* filepath{ (str)— write-target file’s path

Return type None

setup (model)

Called by the accelerator to finish setup.

Return type Module

property root_device
Returns the root device

Return type device

16.5.2 Precision Plugins

PrecisionPlugin

Base class for all plugins handling the precision-specific
parts of the training.

NativeMixedPrecisionPlugin

Plugin for native mixed precision training with torch.
cuda.amp.

ShardedNativeMixedPrecisionPlugin

Mixed Precision for Sharded Training

ApexMixedPrecisionPlugin

Mixed Precision Plugin based on Nvidia/Apex (https:
//github.com/NVIDIA/apex)

DeepSpeedPrecisionPlugin

Precision plugin for DeepSpeed integration.

TPUHalfPrecisionPlugin

Plugin that enables bfloats on TPUs

DoublePrecisionPlugin

Plugin for training with double (torch.float64)
precision.
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PrecisionPlugin
class pytorch_lightning.plugins.precision.PrecisionPlugin
Bases: pytorch_lightning.plugins.base_plugin.Plugin

Base class for all plugins handling the precision-specific parts of the training. The static classattributes EP-
SILON and precision must be overwritten in child-classes and their default values reflect fp32 training.

backward (model, closure_loss, optimizer, opt_idx, should_accumulate, *args, **kwargs)
performs the actual backpropagation

Parameters

* modelf (LightningModule) — the model to be optimized

¢ closure_loss{ (Tensor) — the loss value obtained from the closure

e optimizer{ (Optimizer) - the optimizer to perform the step lateron

e opt_idx{ (int) — the optimizer’s index

e should_accumulate{ (bool)— whether to accumulate gradients or not
Return type Tensor

clip_grad_by_norm (optimizer, clip_val, norm_type=2.0, eps=1e-006)
Clip gradients by norm

Return type None

clip grad_by_value (optimizer, clip_val)
Clip gradients by value

Return type None

clip_gradients (optimizer, clip_val, gradient_clip_algorithm=<GradClipAlgorithmType. NORM:

'norm'>, model=None)
Clips the gradients

Return type None

connect (model, optimizers, lr_schedulers)
Connects this plugin to the accelerator and the training process

Return type Tuple[Module, List[Optimizer], List[Any]]

master_params (optimizer)
The master params of the model. Returns the plain model params here. Maybe different in other precision
plugins.

Return type Iterator[Parameter]

post_optimizer_step (optimizer, optimizer_idx)
Hook to do something after each optimizer step.

Return type None

pre_optimizer_ step (pl_module, optimizer, optimizer_idx, lambda_closure, **kwargs)
Hook to do something before each optimizer step.

Return type bool
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NativeMixedPrecisionPlugin

class pytorch_lightning.plugins.precision.NativeMixedPrecisionPlugin
Bases: pytorch_lightning.plugins.precision.mixed.MixedPrecisionPlugin
Plugin for native mixed precision training with torch . cuda . amp.

backward (model, closure_loss, optimizer, opt_idx, should_accumulate, *args, **kwargs)
performs the actual backpropagation

Parameters

* modelf (LightningModule) — the model to be optimized

¢ closure_loss{ (Tensor) — the loss value obtained from the closure

* optimizer{ (Optimizer)— the optimizer to perform the step lateron

e opt_idx{ (int) — the optimizer’s index

* should_accumulate{ (bool)— whether to accumulate gradients or not
Return type Tensor

post_optimizer_step (optimizer, optimizer_idx)
Updates the GradScaler

Return type None

pre_optimizer_ step (pl_module, optimizer, optimizer_idx, lambda_closure, **kwargs)
always called before the optimizer step. Checks that the optimizer is not LBFGS, as this one is not sup-
ported by native amp

Return type bool

predict_step_context ()
Enable autocast context

Return type Generator[None, None, None]

test_step_context ()
Enable autocast context

Return type Generator[None, None, None]

train_step_context ()
Enable autocast context

Return type Generator[None, None, None]

val_step_context ()
Enable autocast context

Return type Generator[None, None, None]
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ShardedNativeMixedPrecisionPlugin

class pytorch_lightning.plugins.precision.ShardedNativeMixedPrecisionPlugin
Bases: pytorch_lightning.plugins.precision.native_amp.
NativeMixedPrecisionPlugin

Mixed Precision for Sharded Training

clip_grad_by_norm (optimizer, clip_val, norm_type=2.0, eps=1e-06)
Clip gradients by norm

Return type None

ApexMixedPrecisionPlugin

class pytorch_lightning.plugins.precision.ApexMixedPrecisionPlugin (amp_level="02")
Bases: pytorch_lightning.plugins.precision.mixed.MixedPrecisionPlugin
Mixed Precision Plugin based on Nvidia/Apex (https://github.com/NVIDIA/apex)

backward (model, closure_loss, optimizer, opt_idx, should_accumulate, *args, **kwargs)
performs the actual backpropagation

Parameters

* modelf (LightningModule) — the model to be optimized

e closure_loss{ (Tensor) — the loss value obtained from the closure

* optimizer{ (Optimizer)— the optimizer to perform the step lateron

e opt_idx{ (int) — the optimizer index

e should_accumulate{ (bool)— whether to accumulate gradients or not
Return type Tensor

dispatch (trainer)
Hook to do something at trainer run_stage starts.

Return type None

master_params (optimizer)
The master params of the model. Returns the plain model params here. Maybe different in other precision
plugins.

Return type Iterator[Parameter]

pre_optimizer_ step (pl_module, optimizer, optimizer_idx, lambda_closure, **kwargs)
always called before the optimizer step.

Return type bool

static reinit_scheduler_properties (optimizers, schedulers)
Reinitializes schedulers with correct properties

Return type None
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DeepSpeedPrecisionPlugin

class pytorch_lightning.plugins.precision.DeepSpeedPrecisionPlugin (precision)
Bases: pytorch_lightning.plugins.precision.precision_plugin.PrecisionPlugin
Precision plugin for DeepSpeed integration.

backward (model, closure_loss, optimizer, opt_idx, should_accumulate, *args, **kwargs)
performs the actual backpropagation

Parameters

* modelf (LightningModule) — the model to be optimized

e closure_loss{ (Tensor) — the loss value obtained from the closure

* optimizer{ (Optimizer) - the optimizer to perform the step lateron

e opt_idx{ (int) — the optimizer’s index

* should_accumulate{ (bool)— whether to accumulate gradients or not
Return type Tensor

clip_gradients (optimizer, clip_val, gradient_clip_algorithm=<GradClipAlgorithmType. NORM:

'norm'>, model=None)
DeepSpeed handles clipping gradients internally via the training type plugin.

Return type None

pre_optimizer step (pl_module, optimizer, optimizer_idx, lambda_closure, **kwargs)
Hook to do something before each optimizer step.

Return type bool

TPUHalfPrecisionPlugin

class pytorch_lightning.plugins.precision.TPUHalfPrecisionPlugin
Bases: pytorch_lightning.plugins.precision.precision_plugin.PrecisionPlugin
Plugin that enables bfloats on TPUs

connect (model, optimizers, lr_schedulers)
Connects this plugin to the accelerator and the training process

Return type Tuple[Module, List[Optimizer], List[Any]]

DoublePrecisionPlugin

class pytorch_lightning.plugins.precision.DoublePrecisionPlugin
Bases: pytorch_lightning.plugins.precision.precision_plugin.PrecisionPlugin
Plugin for training with double (torch. float 64) precision.

connect (model, optimizers, lr_schedulers)
Converts the model to double precision and wraps the training_step, validation_step, test_step, pre-
dict_step, and forward methods to convert incoming floating point data to double. Does not alter optimizers
or [r_schedulers.

Return type Tuple[Module, List[Optimizer], List[Any]]

post_dispatch ()
Hook to do something after the training/evaluation/prediction finishes.
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Return type None

predict_step_context ()

A context manager to change the default tensor type. See: torch.set_default_tensor_type ()

Return type Generator[None, None, None]

test_step_context ()

A context manager to change the default tensor type. See: torch.set_default_tensor_type ()

Return type Generator[None, None, None]

train_step_context ()

A context manager to change the default tensor type. See: torch.set_default_tensor_type ()

Return type Generator[None, None, None]

val_step_context ()

A context manager to change the default tensor type. See: torch.set_default_tensor_type ()

Return type Generator[None, None, None]

16.5.3 Cluster Environments

ClusterEnvironment

Specification of a cluster environment.

LightningEnvironment

node or free cluster (not managed).

The default environment used by Lightning for a single

TorchElasticEnvironment

torchelastic

Environment for fault-tolerant and elastic training with

SLURMEnvironment Cluster environment for training on

by SLURM.

a cluster managed

ClusterEnvironment

class pytorch_lightning.plugins.environments.ClusterEnvironment

Bases: abc . ABC
Specification of a cluster environment.

abstract creates_children ()
Whether the environment creates the subprocesses or not.

Return type bool

abstract global_ rank ()
The rank (index) of the currently running process across all nodes and devices.

Return type int

abstract local_rank ()
The rank (index) of the currently running process inside of the current node.

Return type int

abstract master address ()
The master address through which all processes connect and communicate.

Return type str
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abstract master_port ()
An open and configured port in the master node through which all processes communicate.

Return type int

abstract node_rank ()
The rank (index) of the node on which the current process runs.

Return type int

teardown ()
Clean up any state set after execution finishes.

Return type None

abstract world_size ()
The number of processes across all devices and nodes.

Return type int

LightningEnvironment

class pytorch_lightning.plugins.environments.LightningEnvironment
Bases: pytorch lightning.plugins.environments.cluster_environment.
ClusterEnvironment

The default environment used by Lightning for a single node or free cluster (not managed).

The master process must be launched by the user and Lightning will spawn new worker processes for distributed
training, either in a single node or across multiple nodes.

If the master address and port are not provided, the default environment will choose them automatically. It
is recommended to use this default environment for single-node distributed training as it provides the most
convenient way to launch the training script.

creates_children ()
Whether the environment creates the subprocesses or not.

Return type bool

global_rank ()
The rank (index) of the currently running process across all nodes and devices.

Return type int

local_rank ()
The rank (index) of the currently running process inside of the current node.

Return type int

master_address ()
The master address through which all processes connect and communicate.

Return type str

master_port ()
An open and configured port in the master node through which all processes communicate.

Return type int

node_rank ()
The rank (index) of the node on which the current process runs.

Return type int
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teardown ()
Clean up any state set after execution finishes.

Return type None

world size ()
The number of processes across all devices and nodes.

Return type int

TorchElasticEnvironment

class pytorch_lightning.plugins.environments.TorchElasticEnvironment
Bases: pytorch_lightning.plugins.environments.cluster_environment.
ClusterEnvironment

Environment for fault-tolerant and elastic training with torchelastic

creates_children ()
Whether the environment creates the subprocesses or not.

Return type bool

global_rank ()
The rank (index) of the currently running process across all nodes and devices.

Return type int

static is_using torchelastic()
Returns True if the current process was launched using the torchelastic command.

Return type bool

local_rank ()
The rank (index) of the currently running process inside of the current node.

Return type int

master address ()
The master address through which all processes connect and communicate.

Return type str

master_port ()
An open and configured port in the master node through which all processes communicate.

Return type int

node_rank ()
The rank (index) of the node on which the current process runs.

Return type int

world_size()
The number of processes across all devices and nodes.

Return type Optional[int]
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SLURMEnvironment

class pytorch_lightning.plugins.environments.SLURMEnvironment
Bases: pytorch lightning.plugins.environments.cluster_environment.
ClusterEnvironment

Cluster environment for training on a cluster managed by SLURM.

creates_children ()
Whether the environment creates the subprocesses or not.

Return type bool

global_rank ()
The rank (index) of the currently running process across all nodes and devices.

Return type int

local_rank()
The rank (index) of the currently running process inside of the current node.

Return type int

master_address ()
The master address through which all processes connect and communicate.

Return type str

master_port ()
An open and configured port in the master node through which all processes communicate.

Return type int

node_rank ()
The rank (index) of the node on which the current process runs.

Return type int

world _size()
The number of processes across all devices and nodes.

Return type int

16.6 Profiler API

profilers Profiler to check if there are any bottlenecks in your
code.

16.6.1 profilers

Classes
AbstractProfiler Specification of a profiler.
AdvancedProfiler This profiler uses Python’s cProfiler to record more de-

tailed information about time spent in each function call
recorded during a given action.
continues on next page
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Table 31 — continued from previous page

BaseProfiler If you wish to write a custom profiler, you should inherit
from this class.

PassThroughProfiler This class should be used when you don’t want the
(small) overhead of profiling.

SimpleProfiler This profiler simply records the duration of actions (in

seconds) and reports the mean duration of each action
and the total time spent over the entire training run.

Profiler to check if there are any bottlenecks in your code.

class pytorch_lightning.profiler.profilers.AbstractProfiler
Bases: abc.ABC

Specification of a profiler.

abstract setup (**kwargs)
Execute arbitrary pre-profiling set-up steps as defined by subclass.

Return type None

abstract start (action_name)
Defines how to start recording an action.

Return type None

abstract stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

abstract summary ()
Create profiler summary in text format.

Return type str

abstract teardown (**kwargs)
Execute arbitrary post-profiling tear-down steps as defined by subclass.

Return type None

class pytorch_lightning.profiler.profilers.AdvancedProfiler (dirpath=None,
filename=None,
line_count_restriction=1.0,
out-

put_filename=None)
Bases: pytorch lightning.profiler.profilers.BaseProfiler

This profiler uses Python’s cProfiler to record more detailed information about time spent in each function call

recorded during a given action. The output is quite verbose and you should only use this if you want very
detailed reports.

Parameters

e dirpath{ (Union[str, Path, None]) — Directory path for the filename.
If dirpath is None but filename is present, the trainer.log_dir (from
TensorBoardLogger) will be used.

* filename{ (Optional[str]) — If present, filename where the profiler results will be
saved instead of printing to stdout. The . txt extension will be used automatically.
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e line_count_restriction{ (float) — this can be used to limit the number of func-
tions reported for each action. either an integer (to select a count of lines), or a decimal
fraction between 0.0 and 1.0 inclusive (to select a percentage of lines)

Raises ValueError - If you attempt to stop recording an action which was never started.

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str

teardown (stage=None)
Execute arbitrary post-profiling tear-down steps.

Closes the currently open file and stream.
Return type None

class pytorch_lightning.profiler.profilers.BaseProfiler (dirpath=None, file-
name=None, out-

put_filename=None)
Bases: pytorch lightning.profiler.profilers.AbstractProfiler

If you wish to write a custom profiler, you should inherit from this class.

describe ()
Logs a profile report after the conclusion of run.

Return type None

profile (action_name)
Yields a context manager to encapsulate the scope of a profiled action.

Example:

with self.profile('load training data'):
# load training data code

The profiler will start once you’ve entered the context and will automatically stop once you exit the code
block.

Return type None

setup (stage=None, local_rank=None, log_dir=None)
Execute arbitrary pre-profiling set-up steps.

Return type None

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.
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Return type None

summary ()
Create profiler summary in text format.

Return type str

teardown (stage=None)
Execute arbitrary post-profiling tear-down steps.

Closes the currently open file and stream.

Return type None

class pytorch_lightning.profiler.profilers.PassThroughProfiler (dirpath=None,

filename=None,
out-

put_filename=None)
Bases: pytorch lightning.profiler.profilers.BaseProfiler

This class should be used when you don’t want the (small) overhead of profiling. The Trainer uses this class by
default.

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str

class pytorch_lightning.profiler.profilers.SimpleProfiler (dirpath=None, file-

name=None, ex-
tended=True, out-

put_filename=None)
Bases: pytorch lightning.profiler.profilers.BaseProfiler

This profiler simply records the duration of actions (in seconds) and reports the mean duration of each action

and the total time spent over the entire training run.
Parameters

e dirpath{ (Union[str, Path, None]) — Directory path for the filename.
If dirpath is None but filename is present, the trainer.log_dir (from
TensorBoardLogger) will be used.

* filename{ (Optional[str]) — If present, filename where the profiler results will be
saved instead of printing to stdout. The . txt extension will be used automatically.

Raises ValueError — If you attempt to start an action which has already started, or if you attempt
to stop recording an action which was never started.

start (action_name)
Defines how to start recording an action.

Return type None
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stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str

16.7 Trainer API

trainer Trainer to automate the training.

16.7.1 trainer

Classes

Trainer Customize every aspect of training via flags

Trainer to automate the training.
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class pytorch_lightning.trainer.trainer.Trainer (logger=True, check-
point_callback=True, call-
backs=None, default_root_dir=None,
gradient_clip_val=0.0, gradi-
ent_clip_algorithm="norm’, pro-
cess_position=0, num_nodes=1,
num_processes=1, gpus=None,

auto_select_gpus=False,
tpu_cores=None,
log_gpu_memory=None,
progress_bar_refresh_rate=None,
overfit_batches=0.0,

track_grad_norm=- 1,
check_val_every_n_epoch=1,
fast_dev_run=False, ac-

cumulate_grad_batches=1,
max_epochs=None,
min_epochs=None, max_steps=None,
min_steps=None, max_time=None,
limit_train_batches=1.0,

limit _val_batches=1.0,
limit_test_batches=1.0,
limit_predict_batches=1.0,
val_check_interval=1.0,
flush_logs_every_n_steps=100,
log_every_n_steps=50, accelera-
tor=None, sync_batchnorm=False,
precision=32, weights_summary="top’,
weights_save_path=None,

num_sanity_val_steps=2, trun-
cated_bptt_steps=None, re-
sume_from_checkpoint=None,
profiler=None, bench-
mark=False, deterministic=Fualse,
reload_dataloaders_every_epoch=False,
auto_lr_find=False, re-

place_sampler_ddp=True,
terminate_on_nan=Fualse,

auto_scale_batch_size=False, pre-
pare_data_per_node=True, plug-
ins=None, amp_backend="native’,
amp_level="02’, dis-

tributed_backend=None,
move_metrics_to_cpu=False,  multi-
ple_trainloader_mode="max_size_cycle’,

stochastic_weight_avg=False)
Bases: pytorch_lightning.trainer.properties.TrainerProperties,

pytorch_lightning.trainer.callback_hook.TrainerCallbackHookMixin,
pytorch_lightning.trainer.model_hooks.TrainerModelHooksMixin,
pytorch_lightning.trainer.optimizers.TrainerOptimizersMixin
pytorch_lightning.trainer.logging.TrainerLoggingMixin, pytorch_lightning.
trainer.training tricks.TrainerTrainingTricksMixin, pytorch_lightning.
trainer.data_loading.TrainerDatalLoadingMixin, pytorch_lightning.trainer.
deprecated_api.DeprecatedDistDeviceAttributes, pytorch_lightning.trainer.
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deprecated_api.DeprecatedTrainerAttributes

Customize every aspect of training via flags

Parameters

acceleratory (Union[str, Accelerator, None]) — Previously known as dis-
tributed_backend (dp, ddp, ddp2, etc...). Can also take in an accelerator object for custom
hardware.

accumulate_grad_batches{ (Union[int, Dict[int, int], List[list]]) —
Accumulates grads every k batches or as set up in the dict.

amp_backend{ (st r)— The mixed precision backend to use (“native” or “apex’)
amp_level{ (str)— The optimization level to use (O1, 02, etc...).

auto_lr_find{ (Union[bool, str]) — If set to True, will make trainer.tune() run a
learning rate finder, trying to optimize initial learning for faster convergence. trainer.tune()
method will set the suggested learning rate in self.Ir or self.learning_rate in the Lightning-
Module. To use a different key set a string instead of True with the key name.

auto_scale_batch_size{ (Union[str, bool])—If set to True, will initially run a
batch size finder trying to find the largest batch size that fits into memory. The result will be
stored in self.batch_size in the LightningModule. Additionally, can be set to either power
that estimates the batch size through a power search or binsearch that estimates the batch
size through a binary search.

auto_select_gpus{ (bool)-Ifenabled and gpus is an integer, pick available gpus au-
tomatically. This is especially useful when GPUs are configured to be in “exclusive mode”,
such that only one process at a time can access them.

benchmark{ (bool) — If true enables cudnn.benchmark.

callbacks{ (Union[List[Callback], Callback,None])— Add a callback or list
of callbacks.

checkpoint_callback{ (bool) — If True, enable checkpointing. It will config-
ure a default ModelCheckpoint callback if there is no user-defined ModelCheckpoint in
callbacks.

check_val_every n_epoch{ (int)— Check val every n train epochs.

default_root_dir{ (Optional[str])— Default path for logs and weights when no
logger/ckpt_callback passed. Default: os.getcwd (). Can be remote file paths such as
s3://mybucket/path or ‘hdfs://path/’

deterministic{ (bool) — If true enables cudnn.deterministic.
distributed_backend{ (Optional[str])— deprecated. Please use ‘accelerator’

fast_dev_run{ (Union[int, bool]) — runs n if set to n (int) else 1 if set to True
batch(es) of train, val and test to find any bugs (ie: a sort of unit test).

flush_logs_every n_steps{ (int) — How often to flush logs to disk (defaults to
every 100 steps).

gpus{ (Union[int, str, List[int], None]) — number of gpus to train on (int) or
which GPUs to train on (list or str) applied per node

gradient_clip_val{ (float)—0 means don’t clip.

gradient_clip_algorithm{ (str) — ‘value’ means clip_by_value, ‘norm’ means
clip_by_norm. Default: ‘norm’

16.7. Trainer API

349


https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/stdtypes.html#list
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Union
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/typing.html#typing.List
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.3.4

* limit_train_batches{ (Union[int, float]) — How much of training dataset to
check (float = fraction, int = num_batches)

e limit_val_batches{ (Union[int, float]) — How much of validation dataset to
check (float = fraction, int = num_batches)

e limit_test_batches{ (Union[int, float]) — How much of test dataset to check
(float = fraction, int = num_batches)

* limit_predict_batches{ (Union[int, f1oat])—How much of prediction dataset
to check (float = fraction, int = num_batches)

* logger{ (Union[LightningLoggerBase, Iterable[LightningLoggerBasel],
bool])— Logger (or iterable collection of loggers) for experiment tracking. A True value
uses the default TensorBoardLogger. False will disable logging.

* log_gpu_memoryy (Optional[str]) — None, ‘min_max’, ‘all’. Might slow perfor-
mance

* log_every_n_steps{ (int) — How often to log within steps (defaults to every 50
steps).

* prepare_data_per_node{ (bool) — If True, each LOCAL_RANK=0 will call pre-
pare data. Otherwise only NODE_RANK=0, LOCAL_RANK=0 will prepare data

* process_position{ (int)— orders the progress bar when running multiple models on
same machine.

* progress_bar_refresh_ rate{ (Optional[int])—How often to refresh progress
bar (in steps). Value 0 disables progress bar. Ignored when a custom progress bar is passed
to callbacks. Default: None, means a suitable value will be chosen based on the envi-
ronment (terminal, Google COLAB, etc.).

* profiler{ (Union[BaseProfiler, str, None])— To profile individual steps during
training and assist in identifying bottlenecks.

* overfit_batches{ (Union[int, float])— Overfit a fraction of training data (float)
or a set number of batches (int).

* pluginsy (Union[List[Union[Plugin, ClusterEnvironment, strl]],
Plugin, ClusterEnvironment, str, None]) — Plugins allow modification of
core behavior like ddp and amp, and enable custom lightning plugins.

* precision{ (int) — Double precision (64), full precision (32) or half precision (16).
Can be used on CPU, GPU or TPUs.

* max_epochs{ (Optional[int])— Stop training once this number of epochs is reached.
Disabled by default (None). If both max_epochs and max_steps are not specified, defaults
to max_epochs = 1000.

* min_epochs{ (Optional[int]) — Force training for at least these many epochs. Dis-
abled by default (None). If both min_epochs and min_steps are not specified, defaults to
min_epochs =1.

* max_steps{ (Optional[int])— Stop training after this number of steps. Disabled by
default (None).

* min_steps{ (Optional[int])— Force training for at least these number of steps. Dis-
abled by default (None).

* max_time{ (Union[str, timedelta, Dict[str, int], None])— Stop training after
this amount of time has passed. Disabled by default (None). The time duration can be
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specified in the format DD:HH:MM:SS (days, hours, minutes seconds), as a datetime.
timedelta, or a dictionary with keys that will be passed to datetime.timedelta.

* num_nodes{ (int)— number of GPU nodes for distributed training.

* num_processesf (int) — number of processes for distributed training with dis-
tributed_backend="ddp_cpu”

* num_sanity_val_steps{ (int)— Sanity check runs n validation batches before start-
ing the training routine. Set it to -/ to run all batches in all validation dataloaders.

* reload _dataloaders_every_epoch{ (bool) — Set to True to reload dataloaders
every epoch.

* replace_sampler_ddp{ (bool)— Explicitly enables or disables sampler replacement.
If not specified this will toggled automatically when DDP is used. By default it will add
shuffle=True for train sampler and shuffle=False for val/test sampler. If you
want to customize it, you can set replace_sampler_ddp=False and add your own
distributed sampler.

* resume_from_checkpoint{ (Union[str, Path, None]) — Path/URL of the check-
point from which training is resumed. If there is no checkpoint file at the path, start from
scratch. If resuming from mid-epoch checkpoint, training will start from the beginning of
the next epoch.

* sync_batchnorm{ (bool) — Synchronize batch norm layers between process
groups/whole world.

* terminate_on_nan{ (bool) - If set to True, will terminate training (by raising a Val-
ueError) at the end of each training batch, if any of the parameters or the loss are NaN or
+/-inf.

* tpu_cores{ (Union[int, str, List[int], None]) — How many TPU cores to train
on (1 or 8) / Single TPU to train on [1]

* track_grad_norm{ (Union[int, float, str])— -1 no tracking. Otherwise tracks
that p-norm. May be set to ‘inf” infinity-norm.

* truncated_bptt_steps{ (Optional[int])— Deprecated in v1.3 to be removed in
1.5. Please use t runcated_bptt_steps instead.

* val_check_interval{ (Union[int, float]) — How often to check the validation
set. Use float to check within a training epoch, use int to check every n steps (batches).

* weights_summary{ (Optional[str])— Prints a summary of the weights when train-
ing begins.

* weights_save_path{ (Optional[str]) — Where to save weights if specified. Will
override default_root_dir for checkpoints only. Use this if for whatever reason you need
the checkpoints stored in a different place than the logs written in default_root_dir. Can be
remote file paths such as s3:/mybucket/path or ‘hdfs://path/’ Defaults to default_root_dir.

* move_metrics_to_cpuf (bool) — Whether to force internal logged metrics to be
moved to cpu. This can save some gpu memory, but can make training slower. Use with
attention.

* multiple_trainloader_mode{ (str)— How to loop over the datasets when there
are multiple train loaders. In ‘max_size_cycle’ mode, the trainer ends one epoch when the
largest dataset is traversed, and smaller datasets reload when running out of their data. In
‘min_size’ mode, all the datasets reload when reaching the minimum length of datasets.
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* stochastic_weight_avg{ (bool) — Whether to use Stochastic Weight Aver-
aging  (SWA) <https://pytorch.org/blog/pytorch-1.6-now-includes-stochastic-weight-
averaging/>_

£it (model, train_dataloader=None, val_dataloaders=None, datamodule=None)
Runs the full optimization routine.

Parameters
* model{ (LightningModule)— Model to fit.

* train_dataloader{ (Optional[Any]) — Either a single PyTorch Datal.oader or a
collection of these (list, dict, nested lists and dicts). In the case of multiple dataloaders,
please see this page

e val_dataloaders{ (Union[DatalLoader, List[DataLoader], None]) - Either
a single Pytorch Dataloader or a list of them, specifying validation samples. If the model
has a predefined val_dataloaders method this will be skipped

e datamodulef (Optional[lLightningDataModule]) - An instance of
LightningDataModule.

Return type None

predict (model=None, dataloaders=None, datamodule=None, return_predictions=None)
Separates from fit to make sure you never run on your predictions set until you want to. This will call the
model forward function to compute predictions.

Parameters
* model{ (Optional[LightningModule]) - The model to predict with.

¢ dataloaders{ (Union[DataLoader, List[DataLoader], None])— Either a sin-
gle PyTorch DatalLoader or a list of them, specifying inference samples.

* datamodulef (Optional[LightningDataModule]) — The datamodule with a
predict_dataloader method that returns one or more dataloaders.

* return_predictions{ (Optional[bool])— Whether to return predictions. True
by default except when an accelerator that spawns processes is used (not supported).

Return type Union[List[Any], List[List[Any]], None]

Returns Returns a list of dictionaries, one for each provided dataloader containing their respec-
tive predictions.

test (model=None, test_dataloaders=None, ckpt_path="best', verbose=True, datamodule=None)
Perform one evaluation epoch over the test set. It’s separated from fit to make sure you never run on your
test set until you want to.

Parameters
e model{ (Optionall[LightningModule])— The model to test.

¢ test_dataloaders{ (Union[DatalLoader, List[DataLoader], None]) — Ei-
ther a single PyTorch Datal.oader or a list of them, specifying test samples.

e ckpt_path{ (Optional[str])— Either best or path to the checkpoint you wish to
test. If None, use the current weights of the model. When the model is given as argument,
this parameter will not apply.

* verbose{ (bool) —If True, prints the test results.

¢ datamodule{ (Optional[LightningDataModule]) - An instance of
LightningDataModule.
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Return type List[Dict[str, float]]

Returns Returns a list of dictionaries, one for each test dataloader containing their respective
metrics.

tune (model, train_dataloader=None, val_dataloaders=None, datamodule=None,
scale_batch_size_kwargs=None, Ir_find_kwargs=None)
Runs routines to tune hyperparameters before training.

Parameters
* model{ (LightningModule)— Model to tune.

* train_dataloader{ (Optional[DatalLoader]) — A Pytorch Datal.oader with
training samples. If the model has a predefined train_dataloader method this will be
skipped.

* val_dataloaders{ (Union[DatalLoader, List[DataLoader], None]) - Either
a single Pytorch Dataloader or a list of them, specifying validation samples. If the model
has a predefined val_dataloaders method this will be skipped

¢ datamodulef (Optional[LightningDataModule]) - An instance of
LightningDataModule.

* scale_batch_size_ kwargs{ (Optional[Dict[str, Any]]) — Arguments for
scale_batch_size ()

e 1r find kwargs{ (Optional[Dict[str, Any]]) — Arguments for 1r_find ()
Return type Dict[str, Union[int, _LRFinder, Nonel]]

validate (model=None, val_dataloaders=None, ckpt_path="best', verbose=True, datamodule=None)
Perform one evaluation epoch over the validation set.

Parameters
* model{ (Optionall[LightningModule]) - The model to validate.

¢ val_dataloaders{ (Union[DatalLoader,List[DataLoader], None])—Either
a single PyTorch Datal.oader or a list of them, specifying validation samples.

* ckpt_path{ (Optional[str]) — Either best or path to the checkpoint you wish to
validate. If None, use the current weights of the model. When the model is given as
argument, this parameter will not apply.

* verbose{ (bool)—If True, prints the validation results.

e datamodulef (Optional[LightningDataModule]) - An instance of
LightningDataModule.

Return type List[Dict[str, float]]

Returns The dictionary with final validation results returned by validation_epoch_end. If val-
idation_epoch_end is not defined, the output is a list of the dictionaries returned by valida-
tion_step.
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16.8 Tuner API

Tuner Tuner class to tune your model

16.8.1 Tuner

class pytorch_lightning.tuner.tuning.Tuner (trainer)
Bases: object

Tuner class to tune your model

1lr find (model, train_dataloader=None, val_dataloaders=None, datamodule=None, min_Ilr=1e-
08, max_lr=1, num_training=100, mode='exponential’, early_stop_threshold=4.0, up-

date_attr=False) o ) )
Enables the user to do a range test of good initial learning rates, to reduce the amount of guesswork in

picking a good starting learning rate.
Parameters
e model{ (LightningModule)— Model to tune.

* train_dataloader{ (Optional[DataLoader]) — A Pytorch Datal.oader with
training samples. If the model has a predefined train_dataloader method this will be
skipped.

¢ val_dataloaders{ (Union[DatalLoader,List[DataLoader], None])—Either
a single Pytorch Dataloader or a list of them, specifying validation samples. If the model
has a predefined val_dataloaders method this will be skipped

e datamodulef (Optional[LightningDataModule]) - An instance of
LightningDataModule.

e min_1lr{ (float)— minimum learning rate to investigate

* max_1lr{ (float)— maximum learning rate to investigate

* num_training{ (int)— number of learning rates to test

* mode{ (str)— Search strategy to update learning rate after each batch:
— 'exponential' (default): Will increase the learning rate exponentially.
— 'linear': Will increase the learning rate linearly.

* early stop_threshold{ (float) — threshold for stopping the search. If the loss
at any point is larger than early_stop_threshold*best_loss then the search is stopped. To
disable, set to None.

e update_attr{ (bool)— Whether to update the learning rate attribute or not.

Raises MisconfigurationException — If learning rate/lr in model or model.
hparams isn’t overridden when auto_lr_ find=True, or if you are using more than
one optimizer.

Return type Optional[ LRFinder]

scale batch_size (model, train_dataloader=None, val_dataloaders=None, datamod-
ule=None, mode="power’, steps_per_trial=3, init_val=2, max_trials=25,
batch_arg_name="batch_size')
Iteratively try to find the largest batch size for a given model that does not give an out of memory (OOM)
error.
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Parameters

model{ (LightningModule)— Model to tune.

train_dataloader{ (Optional[DataLoader]) — A Pytorch Datal.oader with
training samples. If the model has a predefined train_dataloader method this will be
skipped.

val_dataloaders{ (Union[DatalLoader, List[DataLoader], None])— Either
a single Pytorch Dataloader or a list of them, specifying validation samples. If the model
has a predefined val_dataloaders method this will be skipped

datamodule{ (Optionall[LightningDataModule]) - An instance of
LightningDataModule.

mode{ (str)— Search strategy to update the batch size:

— 'power' (default): Keep multiplying the batch size by 2, until we get an OOM error.

— 'binsearch': Initially keep multiplying by 2 and after encountering an OOM error

do a binary search between the last successful batch size and the batch size that
failed.

steps_per_ trial{ (int)— number of steps to run with a given batch size. Ideally 1
should be enough to test if a OOM error occurs, however in practise a few are needed

init_wval{ (int) — initial batch size to start the search with

max_trials{ (int)— max number of increase in batch size done before algorithm is
terminated

batch_arg name{ (str) — name of the attribute that stores the batch size. It is ex-
pected that the user has provided a model or datamodule that has a hyperparameter with
that name. We will look for this attribute name in the following places

— model
— model.hparams
— model .datamodule

— trainer.datamodule (the datamodule passed to the tune method)

Return type Optionall[int]

16.9 Utilities API

cli

argparse

seed

Helper functions to help with reproducibility of models.

16.9. Utilities API
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16.9.1 cli
Classes
LightningArgumentParser Extension of jsonargparse’s ArgumentParser for
pytorch-lightning
LightningCLI Implementation of a configurable command line tool for
pytorch-lightning
SaveConfigCallback Saves a LightningCLI config to the log_dir when train-
ing starts

class pytorch_lightning.utilities.cli.LightningArgumentParser (*args,
parse_as_dict=True,
**kwargs)
Bases: jsonargparse.

Extension of jsonargparse’s ArgumentParser for pytorch-lightning
Initialize argument parser that supports configuration file input
For full details of accepted arguments see ArgumentParser.__init__.

add_lightning_class_args (lightning_class, nested_key, subclass_mode=False)
Adds arguments from a lightning class to a nested key of the parser

Parameters

* lightning class{ (Union[Type[Trainer], Type[LightningModule],
Typel[LightningDataModulel]) - Any subclass of
{ Trainer,LightningModule,LightningDataModule}.

* nested_key{ (str)— Name of the nested namespace to store arguments.
* subclass_mode{ (bool)— Whether allow any subclass of the given class.
Return type None

class pytorch_lightning.utilities.cli.LightningCLI (model_class, data-
module_class=None,
save_config_callback=<class 'py-
torch_lighting.utilities.cli.SaveConfigCallback'>,
trainer_class=<class 'py-
torch_lightning.trainer.trainer. Trainer",
trainer_defaults=None,
seed_everything_default=None,
description="pytorch-
lightning trainer command
line tool’, env_prefix='PL’,
env_parse=False,
parser_kwargs=None, sub-
class_mode_model=False, sub-

class_mode_data=False)
Bases: object

Implementation of a configurable command line tool for pytorch-lightning

Receives as input pytorch-lightning classes, which are instantiated using a parsed configuration file and/or com-
mand line args and then runs trainer.fit. Parsing of configuration from environment variables can be enabled by
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setting env_parse=True. A full configuration yaml would be parsed from PL_CONFIG if set. Individual
settings are so parsed from variables named for example PL_TRAINER__ MAX_EPOCHS.

Example, first implement the t rainer.py tool as:

from mymodels import MyModel
from pytorch lightning.utilities.cli import LightningCLI
LightningCLI (MyModel)

Then in a shell, run the tool with the desired configuration:

$ python trainer.py —--print_config > config.yaml
$ nano config.yaml # modify the config as desired
$ python trainer.py --cfg config.yaml

Warning: LightningCLI is in beta and subject to change.

Parameters

* model_class{ (Type[LightningModule]) — The LightningModule class to train
on.

* datamodule_class{ (Optional[Type[LightningDataModulel]]) — An op-
tional LightningDataModule class.

* save_config_callback{ (Type[SaveConfigCallback]) — A callback class
to save the training config.

* trainer_ class{ (Type[Trainer])— An optional extension of the Trainer class.

e trainer defaults{ (Optional[Dict[str, Any]])— Set to override Trainer de-
faults or add persistent callbacks.

* seed_everything default{] (Optionall[int]) - Default value for
seed_everything argument.

* description{ (str) - Description of the tool shown when running —help.
* env_prefix{ (str) - Prefix for environment variables.
* env_parse{ (bool)— Whether environment variable parsing is enabled.

* parser_kwargs{ (Optional[Dict[str, Any]])— Additional arguments to instan-
tiate Lightning ArgumentParser.

* subclass_mode_model{ (bool)— Whether model can be any subclass of the given
class.

* subclass_mode_data{ (bool) — Whether datamodule can be any subclass of the
given class.
add_arguments_to_parser (parser)
Implement to add extra arguments to parser or link arguments

Parameters parser{ (LightningArgumentParser)— The argument parser object to
which arguments can be added

Return type None

add_core_arguments_to_parser ()
Adds arguments from the core classes to the parser
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Return type None

after_fit ()
Implement to run some code after fit has finished

Return type None

before_fit ()
Implement to run some code before fit is started

Return type None

before instantiate_classes()
Implement to run some code before instantiating the classes

Return type None

fit ()
Runs fit of the instantiated trainer class and prepared fit keyword arguments

Return type None

init_parser ()
Method that instantiates the argument parser

Return type None

instantiate_ classes()
Instantiates the classes using settings from self.config

Return type None

instantiate datamodule ()
Instantiates the datamodule using self.config_init[ ‘data’] if given

Return type None

instantiate_model ()
Instantiates the model using self.config_init[ ‘model’]

Return type None

instantiate_trainer ()
Instantiates the trainer using self.config_init[ ‘trainer’]

Return type None

parse_arguments ()
Parses command line arguments and stores it in self.config

Return type None

prepare_fit_kwargs ()
Prepares fit_kwargs including datamodule using self.config_init[‘data’] if given

Return type None

class pytorch_lightning.utilities.cli.SaveConfigCallback (parser, config, con-

fig_filename="config.yaml')
Bases: pytorch lightning.callbacks.base.Callback

Saves a LightningCLI config to the log_dir when training starts

on_train_start (trainer, pl_module)
Called when the train begins.

Return type None
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16.9.2 argparse

Functions
add_argparse_args Extends existing argparse by default attributes for c1s.
from_argparse_args Create an instance from CLI arguments.
get_1init_arguments_and_types Scans the class signature and returns argument names,
types and default values.
parse_argparser Parse CLI arguments, required for custom bool types.
parse_env_variables Parse environment arguments if they are defined.
pytorch_lightning.utilities.argparse.add_argparse_args (cls, parent_parser, *

use_argument_group=True)
Extends existing argparse by default attributes for c1s.

Parameters
* cls{ — Lightning class

* parent_parser{ (ArgumentParser) — The custom cli arguments parser, which
will be extended by the class’s default arguments.

* use_argument_groupy - By default, this is  True, and uses
add_argument_group to add a new group. If False, this will use old behav-
ior.

Return type ArgumentParser

Returns If use_argument_group is True, returns parent_parser to keep old workflows. If
False, will return the new ArgumentParser object.

Only arguments of the allowed types (str, float, int, bool) will extend the parent_parser.

Examples
# Option 1: Default usage. >>> import argparse >>> from pytorch_lightning import Trainer >>> parser =
argparse.ArgumentParser() >>> parser = Trainer.add_argparse_args(parser) >>> args = parser.parse_args([])

# Option 2: Disable use_argument_group (old behavior). >>> import argparse >>> from pytorch_lightning
import Trainer >>> parser = argparse.ArgumentParser() >>> parser = Trainer.add_argparse_args(parser,
use_argument_group=False) >>> args = parser.parse_args([])

pytorch_lightning.utilities.argparse.from_argparse_args (cls, args, **kwargs)
Create an instance from CLI arguments. Eventually use varibles from OS environement which are defined as
“PL_<CLASS-NAME>_<CLASS_ARUMENT_NAME>"

Parameters
* cls{ - Lightning class

* args{ (Union[Namespace, ArgumentParser])— The parser or namespace to take
arguments from. Only known arguments will be parsed and passed to the Trainer.

* xxkwargs{ — Additional keyword arguments that may override ones in the parser or
namespace. These must be valid Trainer arguments.
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Example

>>> from pytorch lightning import Trainer

>>> parser = ArgumentParser (add_help=False)

>>> parser = Trainer.add_argparse_args (parser)

>>> parser.add_argument ('-——my_custom_arg', default='something')
>>> args = Trainer.parse_argparser (parser.parse_args(""))

>>> trainer = Trainer.from_argparse_args (args, logger=False)

pytorch_lightning.utilities.argparse.get_init_arguments_and_types (cls)
Scans the class signature and returns argument names, types and default values.

Returns (argument name, set with argument types, argument default value).

Return type List with tuples of 3 values

Examples

>>> from pytorch lightning import Trainer
>>> args = get_init_arguments_and_types (Trainer)

pytorch_lightning.utilities.argparse.parse_argparser (cls, arg_parser)
Parse CLI arguments, required for custom bool types.

Return type Namespace

pytorch_lightning.utilities.argparse.parse_env_variables (cls, tem-

plate="PL_%(cls_name)s_%(cls_argument)s’)
Parse environment arguments if they are defined.

Example

>>> from pytorch lightning import Trainer
>>> parse_env_variables (Trainer)

Namespace ()

>>> import os

>>> os.environ["PL_TRAINER_GPUS"] = '42"

>>> os.environ["PL_TRAINER_BLABLABLA"] = '1.23"'

>>> parse_env_variables (Trainer)
Namespace (gpus=42)
>>> del os.environ["PL_TRAINER_GPUS"]

Return type Namespace

16.9.3 seed

Functions

pl_worker_init_function The worker_init_fn that Lightning automatically adds to
your dataloader if you previously set set the seed with

seed_everything(seed, workers=True).
continues on next page
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Table 38 — continued from previous page
reset_seed Reset the seed to the value that
pytorch_lightning.utilities.seed.
seed_everything () previously set.
seed_everything Function that sets seed for pseudo-random number gen-
erators in: pytorch, numpy, python.random In addition,
sets the following environment variables:

Helper functions to help with reproducibility of models.

pytorch_lightning.utilities.seed.pl_worker_init_function (worker_id, rank=None)
The worker_init_fn that Lightning automatically adds to your dataloader if you previously set set the seed with
seed_everything (seed, workers=True). See also the PyTorch documentation on randomness in
DatalLoaders.

pytorch_lightning.utilities.seed.reset_seed()
Reset the seed to the value that pytorch lightning.utilities.seed.seed _everything() pre-
viously set. If pytorch_lightning.utilities.seed.seed _everything () is unused, this func-
tion will do nothing.

Return type None

pytorch_lightning.utilities.seed.seed_everything (seed=None, workers=False)
Function that sets seed for pseudo-random number generators in: pytorch, numpy, python.random In addition,
sets the following environment variables:

e PL_GLOBAL_SEED: will be passed to spawned subprocesses (e.g. ddp_spawn backend).
* PL_SEED_WORKERS: (optional) is set to 1 if *workers=True.

Parameters

* seed{ (Optionall[int])—the integer value seed for global random state in Lightning.
If None, will read seed from PL_GLOBAL_SEED env variable or select it randomly.

* workers{ (bool) — if set to True, will properly configure all dataloaders passed
to the Trainer with a worker_init_fn. If the user already provides such a func-
tion for their dataloaders, setting this argument will have no influence. See also:
pl_worker_init_function().

Return type int
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CHAPTER

SEVENTEEN

PyTorch Lightning Bolts, is our official collection of prebuilt models across many research domains.

BOLTS

pip install lightning-bolts

In bolts we have:

* A collection of pretrained state-of-the-art models.

* A collection of models designed to bootstrap your research.

¢ A collection of callbacks, transforms, full datasets.

* All models work on CPUs, TPUs, GPUs and 16-bit precision.

17.1 Quality control

The Lightning community builds bolts and contributes them to Bolts. The lightning team guarantees that contributions

are:

Rigorously Tested (CPUs, GPUs, TPUs).

Rigorously Documented.

Standardized via PyTorch Lightning.

Optimized for speed.

Checked for correctness.

17.2 Example 1: Pretrained, prebuilt models

from
from
from
from
from
from

pl_bolts
pl_bolts
pl_bolts
pl_bolts

pl_bolts

.models

.models.
.models
.models
pl_bolts.

import VAE, GPT2, ImageGPT, PixelCNN
self supervised import AMDIM, CPCV2, SimCLR, MocoV2
import LinearRegression, LogisticRegression

.gans import GAN

callbacks import PrintTableMetricsCallback

—ImagenetDataModule

.datamodules import FashionMNISTDataModule, CIFARl1ODataModule,

363



https://lightning-bolts.readthedocs.io/en/latest/

PyTorch Lightning Documentation, Release 1.3.4

17.3 Example 2: Extend for faster research

Bolts are contributed with benchmarks and continuous-integration tests. This means you can trust the implementations
and use them to bootstrap your research much faster.

from pl bolts.models import ImageGPT
from pl bolts.self supervised import SimCLR

class VideoGPT (ImageGPT) :
def training step(self, batch, batch_idx):
x, y = batch

x = _shape_input (x)

logits = self.gpt (x)

simclr_features = self.simclr (x)

# ,,,,,,,,,,,,,,,,,

# do something new with GPT logits + simclr_features

# ,,,,,,,,,,,,,,,,,

loss = self.criterion(logits.view(-1, logits.size(-1)), x.view(-1).long())

self.log("loss", loss)
return loss

17.4 Example 3: Callbacks

We also have a collection of callbacks.

from pl bolts.callbacks import PrintTableMetricsCallback
import pytorch lightning as pl

trainer = pl.Trainer (callbacks=[PrintTableMetricsCallback()])
# loss|train_loss|val_loss|epoch

#
# 2.2541470527648926|2.2541470527648926 2.2158432006835938|0
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EIGHTEEN

Contextual Emotion Detection (DoubleDistilBert)
Cotatron: Transcription-Guided Speech Encoder
FasterRCNN object detection + Hydra

Image Inpainting using Partial Convolutions
MNIST on TPU

NER (transformers, TPU)

NeuralTexture (CVPR)

Recurrent Attentive Neural Process

Siamese Nets for One-shot Image Recognition
Speech Transformers

Transformers transfer learning (Huggingface)
Transformers text classification

VAE Library of over 18+ VAE flavors

Transformers Question Answering (SQuAD)

Atlas: End-to-End 3D Scene Reconstruction from Posed Images
Self-Supervised Representation Learning (MoCo and BYOL)

PyTorch-Forecasting: Time series forecasting package

Transformers masked language modeling

PyTorch Geometric examples with PyTorch Lightning and Hydra

PyTorch Tabular: Deep learning with tabular data

Asteroid: An audio source separation toolkit for researchers

COMMUNITY EXAMPLES
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CHAPTER
NINETEEN

PYTORCH ECOSYSTEM EXAMPLES

* PyTorch Geometric: Deep learning on graphs and other irregular structures.
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CHAPTER
TWENTY

AWS/GCP TRAINING

Lightning has a native solution for training on AWS/GCP at scale. Go to grid.ai to create an account.
We’ve designed Grid to work for Lightning users without needing to make ANY changes to their code.

To use grid, take your regular command:

python my_model.py --learning_rate le-6 —--layers 2 —--gpus 4

And change it to use the grid train command:

grid train --grid_gpus 4 my_model.py —--learning_rate 'uniform(le-6, le-1, 20)' —--
—~layers '[2, 4, 8, 16]"

The above command will launch (20 * 4) experiments each running on 4 GPUs (320 GPUs!) - by making ZERO
changes to your code.

The uniform command is part of our new expressive syntax which lets you construct hyperparameter combinations us-
ing over 20+ distributions, lists, etc. Of course, you can also configure all of this using yamls which can be dynamically
assembled at runtime.

Hint: Grid supports the search strategy of your choice! (and much more than just sweeps)
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CHAPTER
TWENTYONE

COMPUTING CLUSTER

With Lightning it is easy to run your training script on a computing cluster without almost any modifications to the
script. In this guide, we cover

1. General purpose cluster (not managed)
2. SLURM cluster
3. Custom cluster environment

4. General tips for multi-node training

21.1 1. General purpose cluster

This guide shows how to run a training job on a general purpose cluster. We recommend beginners to try this method
first because it requires the least amount of configuration and changes to the code. To setup a multi-node computing
cluster you need:

1) Multiple computers with PyTorch Lightning installed
2) A network connectivity between them with firewall rules that allow traffic flow on a specified MASTER_PORT.
3) Defined environment variables on each node required for the PyTorch Lightning multi-node distributed training

PyTorch Lightning follows the design of PyTorch distributed communication package. and requires the following
environment variables to be defined on each node:

e MASTER_PORT - required; has to be a free port on machine with NODE_RANK 0

* MASTER_ADDR - required (except for NODE_RANK 0); address of NODE_RANK 0 node
e WORLD_SIZE - required; how many nodes are in the cluster

* NODE_RANK - required; id of the node in the cluster
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21.1.1 Training script setup

To train a model using multiple nodes, do the following:
1. Design your LightningModule (no need to add anything specific here).
2. Enable DDP in the trainer

# train on 32 GPUs across 4 nodes
trainer = Trainer (gpus=8, num_nodes=4, accelerator='ddp")

21.1.2 Submit a job to the cluster
To submit a training job to the cluster you need to run the same training script on each node of the cluster. This means
that you need to:

1. Copy all third-party libraries to each node (usually means - distribute requirements.txt file and install it).

2. Copy all your import dependencies and the script itself to each node.

3. Run the script on each node.

21.2 2. SLURM managed cluster

Lightning automates the details behind training on a SLURM-powered cluster. In contrast to the general purpose
cluster above, the user does not start the jobs manually on each node and instead submits it to SLURM which schedules
the resources and time for which the job is allowed to run.

21.2.1 Training script design

To train a model using multiple nodes, do the following:
1. Design your LightningModule (no need to add anything specific here).
2. Enable DDP in the trainer

# train on 32 GPUs across 4 nodes
trainer = Trainer (gpus=8, num_nodes=4, accelerator='ddp")

3. It’s a good idea to structure your training script like this:

# train.py
def main (hparams) :
model = LightningTemplateModel (hparams)

trainer = Trainer (
gpus=8,
num_nodes=4,
accelerator="ddp'

)

trainer.fit (model)

(continues on next page)
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(continued from previous page)

if _ name_ == '_ main_
root_dir = os.path.dirname (os.path.realpath( file ))
parent_parser = ArgumentParser (add_help=False)

hyperparams = parser.parse_args()

# TRAIN
main (hyperparams)

4. Create the appropriate SLURM job:

# (submit.sh)
#!/bin/bash -1

# SLURM SUBMIT SCRIPT
#SBATCH —-nodes=4

#SBATCH —--gres=gpu:8
#SBATCH —-—-ntasks—per—node=8
#SBATCH —-mem=0

#SBATCH —-time=0-02:00:00

# activate conda env
source activate S$1

# debugging flags (optional)
export NCCL_DEBUG=INFO
export PYTHONFAULTHANDLER=1

# on your cluster you might need these:
# set the network interface
# export NCCL_SOCKET_IFNAME="docker(0,lo

# might need the latest CUDA
# module load NCCL/2.4.7-1-cuda.10.0

# run script from above
srun python3 train.py

5. If you want auto-resubmit (read below), add this line to the submit.sh script

#SBATCH —-signal=SIGUSR1@90

6. Submit the SLURM job

sbatch submit.sh
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21.2.2 Wall time auto-resubmit
When you use Lightning in a SLURM cluster, it automatically detects when it is about to run into the wall time and
does the following:

1. Saves a temporary checkpoint.

2. Requeues the job.

3. When the job starts, it loads the temporary checkpoint.

To get this behavior make sure to add the correct signal to your SLURM script

# 90 seconds before training ends
SBATCH —--signal=SIGUSR1@90

21.2.3 Building SLURM scripts

Instead of manually building SLURM scripts, you can use the SlurmCluster object to do this for you. The SlurmCluster
can also run a grid search if you pass in a HyperOptArgumentParser.

Here is an example where you run a grid search of 9 combinations of hyperparameters. See also the multi-node
examples here.

# grid search 3 values of learning rate and 3 values of number of layers for your net
# this generates 9 experiments (lr=le-3, layers=16), (lr=1e-3, layers=32),

# (lr=1e-3, layers=64), ... (lr=le-1, layers=64)
parser = HyperOptArgumentParser (strategy='grid search', add_help=False)
parser.opt_list ('-—-learning_rate', default=0.001, type=float,
options=[le-3, le-2, le-1], tunable=True)
parser.opt_list('--layers', default=1, type=float, options=[16, 32, 64], tunable=True)

hyperparams = parser.parse_args ()

# Slurm cluster submits 9 jobs, each with a set of hyperparams
cluster = SlurmCluster (
hyperparam_optimizer=hyperparams,
log_path='/some/path/to/save’,

# OPTIONAL FLAGS WHICH MAY BE CLUSTER DEPENDENT
# which interface your nodes use for communication
cluster.add_command ('export NCCL_SOCKET_IFNAME="docker0,lo")

# see the output of the NCCL connection process
# NCCL is how the nodes talk to each other
cluster.add_command ('export NCCL_DEBUG=INFO'")

# setting a master port here is a good idea.
cluster.add_command('export MASTER_PORT=%r' % PORT)

# o AAkAxrrkhhkkktktt DON'T FORGET THIS % %% %% %k kkkkk k%%
# MUST load the latest NCCL version
cluster.load_modules (['NCCL/2.4.7-1-cuda.10.0"])

# configure cluster
cluster.per_experiment_nb_nodes = 12
cluster.per_experiment_nb_gpus = 8

(continues on next page)
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(continued from previous page)

cluster.add_slurm_cmd (cmd='ntasks—-per—-node', value=8, comment='1l task per gpu')

# submit a script with 9 combinations of hyper params
# (lr=1e-3, layers=16), (lr=le-3, layers=32), (lr=le-3, layers=64), ... (lr=le-1,_
—~layers=64)
cluster.optimize_parallel_cluster_gpu(
main,
nb_trials=9, # how many permutations of the grid search to run
job_name="name_for_ squeue'

The other option is that you generate scripts on your own via a bash command or use our native solution.

21.3 3. Custom cluster

Lightning provides an interface for providing your own definition of a cluster environment. It mainly consists of
parsing the right environment variables to access information such as world size, global and local rank (process id),
and node rank (node id). Here is an example of a custom ClusterEnvironment:

import os
from pytorch_lightning.plugins.environments import ClusterEnvironment

class MyClusterEnvironment (ClusterEnvironment) :
def creates_children(self) —> bool:
# return True 1if the cluster is managed (you don't launch processes yourself)

return True

def world_size(self) —-> int:
return int (os.environ["WORLD SIZE"])

def global_rank(self) —-> int:
return int (os.environ["RANK"])

def local_rank(self) —-> int:
return int (os.environ["LOCAIL_RANK"])

def node_rank(self) —-> int:
return int (os.environ["NODE_RANK"])

def master_ address(self) —> str:
return os.environ["MASTER_ADDRESS"]

def master_port(self) —-> int:
return int (os.environ["MASTER_PORT"])

trainer = Trainer (plugins=[MyClusterEnvironment ()])
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21.4 4. General tips for multi-node training

21.4.1 Debugging flags

When running in DDP mode, some errors in your code can show up as an NCCL issue. Set the NCCL_DEBUG=INFO
environment variable to see the ACTUAL error.

python NCCL_DEBUG=INFO train.py

21.4.2 Distributed sampler

Normally now you would need to add aDistributedSampler to your dataset, however Lightning automates this
for you. But if you still need to set a sampler set the Trainer flag replace_sampler_ddp to False.

Here’s an example of how to add your own sampler (again, not needed with Lightning).

# in your LightningModule
def train_dataloader (self):
dataset = MyDataset ()
dist_sampler = torch.utils.data.distributed.DistributedSampler (dataset)
dataloader = Dataloader (dataset, sampler=dist_sampler)
return dataloader

# in your training script
trainer = Trainer (replace_sampler_ddp=False)

376 Chapter 21. Computing cluster



https://pytorch.org/docs/stable/data.html#torch.utils.data.distributed.DistributedSampler

CHAPTER
TWENTYTWO

16-BIT TRAINING

Lightning offers 16-bit training for CPUs, GPUs, and TPUs.

22.1 GPU 16-bit

16-bit precision can cut your memory footprint by half. If using volta architecture GPUs it can give a dramatic training
speed-up as well.

Note: PyTorch 1.6+ is recommended for 16-bit

22.1.1 Native torch

When using PyTorch 1.6+ Lightning uses the native amp implementation to support 16-bit.

# turn on 16-bit
trainer = Trainer (precision=16, gpus=1)

22.1.2 Apex 16-bit

If you are using an earlier version of PyTorch Lightning uses Apex to support 16-bit.
Follow these instructions to install Apex. To use 16-bit precision, do two things:
1. Install Apex

2. Set the “precision” trainer flag.

# OPTIONAL: on your cluster you might need to load CUDA 10 or 9
# depending on how you installed PyTorch

# see available modules

(continues on next page)
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module avail

# load correct CUDA before install

module load cuda-10.0

# make sure you've loaded a cuda version > 4.0 and < 7.0

module load gcc-6.1.0

$ pip install --no-cache-dir --global-option="--cpp_ext" --global-option="--cuda_ext" |
—https://github.com/NVIDIA/apex

Warning: NVIDIA Apex and DDP have instability problems. We recommend native 16-bit in PyTorch 1.6+

22.1.3 Enable 16-bit

# turn on 16-bit
trainer = Trainer (amp_level='02"', precision=16)

If you need to configure the apex init for your particular use case or want to use a different way of doing 16-bit training,
override pytorch_lightning.core.LightningModule.configure_apex ().

22.2 TPU 16-bit

16-bit on TPUs is much simpler. To use 16-bit with TPUs set precision to 16 when using the TPU flag

# DEFAULT
trainer = Trainer (tpu_cores=8, precision=32)

# turn on 16-bit
trainer = Trainer (tpu_cores=8, precision=16)
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CHAPTER
TWENTYTHREE

CHILD MODULES

Research projects tend to test different approaches to the same dataset. This is very easy to do in Lightning with

inheritance.

For example, imagine we now want to train an Autoencoder to use as a feature extractor for MNIST images. We are
extending our Autoencoder from the LitMNIST-module which already defines all the dataloading. The only things
that change in the Autoencoder model are the init, forward, training, validation and test step.

class Encoder (torch.nn.Module) :
pass

class Decoder (torch.nn.Module) :
pass

class AutoEncoder (LitMNIST) :

def _ init__ (self):

super () .__init__ ()
self.encoder = Encoder ()
self.decoder = Decoder ()

self.metric = MSE ()

def forward(self, x):
return self.encoder (x)

def training_ step(self, batch, batch_idx):

x, _ = batch

representation = self.encoder (x)
x_hat = self.decoder (representation)
loss = self.metric(x, x_hat)

return loss

def validation_step(self, batch, batch_idx):
self._shared_eval (batch, batch_idx, 'val')

def test_step(self, batch, batch_idx):
self._shared_eval (batch, batch_idx, 'test')

def _shared_eval (self, batch, batch_idx, prefix):

x, _ = batch
representation = self.encoder (x)
x_hat = self.decoder (representation)

(continues on next page)
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loss = self.metric(x, x_hat)
self.log(f' {prefix}_loss', loss)

and we can train this using the same trainer

autoencoder = AutoEncoder ()
trainer = Trainer ()
trainer.fit (autoencoder)

And remember that the forward method should define the practical use of a LightningModule. In this case, we want

to use the AutoEncoder to extract image representations

some_images = torch.Tensor (32, 1, 28, 28)
representations = autoencoder (some_images)
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CHAPTER
TWENTYFOUR

DEBUGGING

The following are flags that make debugging much easier.

24.1 fast_dev_run

This flag runs a “unit test” by running n if set to n (int) else 1 if set to True training and validation batch(es). The
point is to detect any bugs in the training/validation loop without having to wait for a full epoch to crash.

(See: fast_dev_runargument of Trainer)

# runs 1 train, val, test batch and program ends
trainer = Trainer (fast_dev_run=True)

# runs 7 train, val, test batches and program ends
trainer = Trainer (fast_dev_run=7)

Note: This argument will disable tuner, checkpoint callbacks, early stopping callbacks, loggers and logger callbacks
like LearningRateLogger and runs for only 1 epoch.

24.2 Inspect gradient norms

Logs (to a logger), the norm of each weight matrix.

(See: track_grad _normargument of Trainer)

# the 2-norm
trainer = Trainer (track_grad_norm=2)
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24.3 Log GPU usage

Logs (to a logger) the GPU usage for each GPU on the master machine.

(See: 1og_gpu_memory argument of Trainer)

’trainer = Trainer (log_gpu_memory=True)

24.4 Make model overfit on subset of data

A good debugging technique is to take a tiny portion of your data (say 2 samples per class), and try to get your model
to overfit. If it can’t, it’s a sign it won’t work with large datasets.

(See: overfit_batches argument of Trainer)

# use only 1% of training data (and use the same training dataloader (with shuffle,,
—off) in val and test)
trainer = Trainer (overfit_batches=0.01)

# similar, but with a fixed 10 batches no matter the size of the dataset
trainer = Trainer (overfit_batches=10)

With this flag, the train, val, and test sets will all be the same train set. We will also replace the sampler in the training
set to turn off shuffle for you.

24.5 Print a summary of your LightningModule

Whenever the . £it () function gets called, the Trainer will print the weights summary for the LightningModule. By
default it only prints the top-level modules. If you want to show all submodules in your network, use the full’ option:

’trainer = Trainer (weights_summary="'full")

You can also display the intermediate input- and output sizes of all your layers by setting the
example_input_array attribute in your LightningModule. It will print a table like this

| Name | Type | Params | In sizes | Out sizes
0 | net | Sequential | 132 K | [10, 256] | [10, 512]
1 | net.0 | Linear | 131 K | [10, 2561 | [10, 512]
2 | net.l | BatchNormld | 1.0 K | [10, 5121 | [10, 512]

when you call . £it () on the Trainer. This can help you find bugs in the composition of your layers.
See Also:
* weights_summary Trainer argument

* ModelSummary
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24.6 Shorten epochs

Sometimes it’s helpful to only use a percentage of your training, val or test data (or a set number of batches). For
example, you can use 20% of the training set and 1% of the validation set.

On larger datasets like Imagenet, this can help you debug or test a few things faster than waiting for a full epoch.

# use only 10% of training data and 1% of val data
trainer = Trainer (limit_train_batches=0.1, limit_val_batches=0.01)

# use 10 batches of train and 5 batches of val
trainer = Trainer (limit_train_batches=10, limit_val_batches=5)

24.7 Set the number of validation sanity steps

Lightning runs a few steps of validation in the beginning of training. This avoids crashing in the validation loop
sometime deep into a lengthy training loop.

(See: num_sanity_val_ steps argument of Trainer)

# DEFAULT
trainer = Trainer (num_sanity_val_steps=2)
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CHAPTER
TWENTYFIVE

LOGGERS

Lightning supports the most popular logging frameworks (TensorBoard, Comet, etc...). TensorBoard is used by
default, but you can pass to the Trainer any combination of the following loggers.

Note: All loggers log by default to os.getcwd(). To change the path without creating a logger set
Trainer(default_root_dir="/your/path/to/save/checkpoints’)

Read more about /ogging options.

To log arbitrary artifacts like images or audio samples use the trainer.log_dir property to resolve the path.

def training_ step(self, batch, batch_idx):
img =
log_image (img, self.trainer.log_dir)

25.1 Comet.ml

Comet.ml is a third-party logger. To use Comet Logger as your logger do the following. First, install the package:

’pip install comet-ml

Then configure the logger and pass it to the Trainer:

import os

from pytorch_lightning.loggers import CometLogger

comet_logger = CometLogger (
api_key=os.environ.get ('COMET_API_KEY'),
workspace=os.environ.get ('COMET_WORKSPACE'), # Optional
save_dir=".", # Optional
project_name='default_project', # Optional
rest_api_key=os.environ.get ('COMET_REST_API KEY'), # Optional
experiment_name='default' # Optional

)

trainer = Trainer (logger=comet_logger)

The Comet Logger is available anywhere except __init___inyour LightningModule.

class MyModule (LightningModule) :
def any_lightning_module_function_or_hook (self):
some_img = fake_image ()
self.logger.experiment.add_image ('generated images', some_img, 0)
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See also:

Comet Logger docs.

25.2 MLflow

MLAflow is a third-party logger. To use MLF1owLogger as your logger do the following. First, install the package:

’pip install mlflow

Then configure the logger and pass it to the Trainer:

from pytorch_lightning.loggers import MLFlowLogger

mlf_ logger = MLFlowLogger (
experiment_name="default",
tracking_uri="file:./ml-runs"

)

trainer = Trainer (logger=mlf_logger)

See also:

MLFIlowLogger docs.

25.3 Neptune.ai

Neptune.ai is a third-party logger. To use NeptuneLogger as your logger do the following. First, install the
package:

’pip install neptune-client

Then configure the logger and pass it to the Trainer:

from pytorch_lightning.loggers import Neptunelogger

neptune_logger = NeptunelLogger (
api_key='ANONYMOUS', # replace with your own
project_name='shared/pytorch-lightning-integration’',
experiment_name='default', # Optional,
params={ 'max_epochs': 10}, # Optional,
tags=['pytorch-lightning', 'mlp'], # Optional,

)

trainer = Trainer (logger=neptune_logger)

The NeptuneLogger is available anywhere except __init__ inyour LightningModule.

class MyModule (LightningModule) :
def any_lightning_module_function_or_hook (self):
some_img = fake_image ()
self.logger.experiment.add_image ('generated images', some_img, 0)
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See also:

NeptuneLogger docs.

25.4 Tensorboard

To use TensorBoard as your logger do the following.

from pytorch_lightning.loggers import TensorBoardLogger
logger = TensorBoardLogger ('tb_logs', name='my_model')
trainer = Trainer (logger=logger)

The TensorBoardLogger is available anywhere except __init__ inyour LightningModule.

class MyModule (LightningModule) :
def any_lightning_module_function_or_hook (self):
some_img = fake_image ()
self.logger.experiment.add_image ('generated images', some_img, O0)

See also:

TensorBoardLogger docs.

25.5 Test Tube

Test Tube is a TensorBoard logger but with nicer file structure. To use Test TubeLogger as your logger do the
following. First, install the package:

’pip install test_tube

Then configure the logger and pass it to the Trainer:

from pytorch_lightning.loggers import TestTubelogger
logger = TestTubelogger ('tb_logs', name='my_model")
trainer = Trainer (logger=logger)

The Test TubeLogger is available anywhere except __init___ inyour LightningModule.

class MyModule (LightningModule) :
def any_lightning_module_function_or_hook (self):
some_img = fake_image ()
self.logger.experiment.add_image ('generated images', some_img, O0)

See also:

Test TubeLogger docs.
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25.6 Weights and Biases

Weights and Biases is a third-party logger. To use WandbLogger as your logger do the following. First, install the
package:

’pip install wandb

Then configure the logger and pass it to the Trainer:

from pytorch_lightning.loggers import WandbLogger
wandb_logger = WandbLogger (offline=True)
trainer = Trainer (logger=wandb_logger)

The WandbLogger is available anywhere except __init__ inyour LightningModule.

class MyModule (LightningModule) :
def any_lightning_module_function_or_hook (self):

some_img = fake_image ()
self.logger.experiment.log({
"generated_images": [wandb.Image (some_img, caption="...")]

b

See also:

WandbLogger docs.

25.7 Multiple Loggers

Lightning supports the use of multiple loggers, just pass a list to the Trainer.

from pytorch_lightning.loggers import TensorBoardLogger, TestTubelogger

loggerl = TensorBoardLogger ('tb_logs', name='my_model")
logger2 = TestTubelogger ('tb_logs', name='my_model')
trainer = Trainer (logger=[loggerl, logger2])

The loggers are available as a list anywhere except __init__ inyour LightningModule.

class MyModule (LightningModule) :
def any_lightning_module_function_or_hook (self):

some_img = fake_image ()

# Option 1

self.logger.experiment [0] .add_image ('generated_images', some_img, O0)
# Option 2

self.logger([0] .experiment.add_image ('generated _images', some_img, O0)
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CHAPTER
TWENTYSIX

EARLY STOPPING

26.1 Stopping an epoch early

You can stop an epoch early by overriding on_train batch start () toreturn —1 when some condition is met.

If you do this repeatedly, for every epoch you had originally requested, then this will stop your entire run.

26.2 Early stopping based on metric using the EarlyStopping Call-
back

The EarlyStopping callback can be used to monitor a validation metric and stop the training when no improvement
is observed.

To enable it:
e Import EarlyStopping callback.
* Log the metric you want to monitor using 1og () method.
* Init the callback, and set monitor to the logged metric of your choice.

e Passthe EarlyStopping callback to the Trainer callbacks flag.

from pytorch_lightning.callbacks.early stopping import EarlyStopping

def validation_step(...):
self.log('val_loss', loss)

trainer = Trainer (callbacks=[EarlyStopping (monitor="'val_loss')])

You can customize the callbacks behaviour by changing its parameters.

early_stop_callback = EarlyStopping (
monitor='val_ accuracy',
min_delta=0.00,
patience=3,
verbose=False,
mode="max"'

(continues on next page)
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)

trainer = Trainer (callbacks=[early_stop_callback])

Additional parameters that stop training at extreme points:

* stopping_threshold: Stops training immediately once the monitored quantity reaches this threshold. It
is useful when we know that going beyond a certain optimal value does not further benefit us.

* divergence_threshold: Stops training as soon as the monitored quantity becomes worse than this thresh-
old. When reaching a value this bad, we believe the model cannot recover anymore and it is better to stop early
and run with different initial conditions.

* check_finite: When turned on, we stop training if the monitored metric becomes NaN or infinite.

In case you need early stopping in a different part of training, subclass EarlyStopping and change where it is
called:

class MyEarlyStopping (EarlyStopping) :

def on_validation_end(self, trainer, pl_module):
# override this to disable early stopping at the end of val loop
pass

def on_train_end(self, trainer, pl_module):
# instead, do it at the end of training loop
self._run_early_stopping_check (trainer, pl_module)

Note: The EarlyStopping callback runs at the end of every validation epoch, which, under the default config-
uration, happen after every training epoch. However, the frequency of validation can be modified by setting various
parameters in the Trainer, for example check_val every n epochand val_ check_interval. It must
be noted that the patience parameter counts the number of validation epochs with no improvement, and not the number
of training epochs. Therefore, with parameters check_val_every_n_epoch=10 and patience=3, the trainer will perform
at least 40 training epochs before being stopped.

See also:
s Trainer

* FEarlyStopping
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CHAPTER
TWENTYSEVEN

FAST TRAINING

There are multiple options to speed up different parts of the training by choosing to train on a subset of data. This
could be done for speed or debugging purposes.

27.1 Check validation every n epochs

If you have a small dataset you might want to check validation every n epochs

# DEFAULT
trainer = Trainer (check_val_every_n_epoch=1)

27.2 Force training for min or max epochs

It can be useful to force training for a minimum number of epochs or limit to a max number.
See also:

Trainer

# DEFAULT
trainer = Trainer (min_epochs=1, max_epochs=1000)

27.3 Set validation check frequency within 1 training epoch

For large datasets it’s often desirable to check validation multiple times within a training loop. Pass in a float to check
that often within 1 training epoch. Pass in an int k to check every k training batches. Must use an int if using an
IterableDataset.

# DEFAULT
trainer = Trainer (val_check_interval=0.95)

# check every .25 of an epoch
trainer = Trainer (val_check_interval=0.25)

(continues on next page)
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# check every 100 train batches (ie: for "IterableDatasets’ or fixed frequency)
trainer = Trainer (val_check_interval=100)

27.4 Use data subset for training, validation, and test

If you don’t want to check 100% of the training/validation/test set (for debugging or if it’s huge), set these flags.

# DEFAULT

trainer = Trainer (
limit_train_batches=1.0,
limit_val_batches=1.0,
limit_test_batches=1.0

# check 10%, 20%, 30% only, respectively for training, validation and test set
trainer = Trainer (

limit_train_batches=0.1,

limit_val_batches=0.2,

limit_test_batches=0.3

If you also pass shuffle=True to the dataloader, a different random subset of your dataset will be used for each
epoch; otherwise the same subset will be used for all epochs.

Note: limit_train_batches, limit_val_ batches and limit_test_batches will be over-
written by overfit_batches if overfit_batches > 0. 1limit_val_batches will be ignored if
fast_dev_run=True.

Note: Ifyouset limit_val_batches=0, validation will be disabled.
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CHAPTER
TWENTYEIGHT

HYPERPARAMETERS

Lightning has utilities to interact seamlessly with the command line ArgumentParser and plays well with the
hyperparameter optimization framework of your choice.

28.1 ArgumentParser

Lightning is designed to augment a lot of the functionality of the built-in Python ArgumentParser

from argparse import ArgumentParser

parser = ArgumentParser ()

parser.add_argument ('--layer_1_dim', type=int, default=128)
args = parser.parse_args()

This allows you to call your program like so:

’python trainer.py —--layer_1_dim 64

28.2 Argparser Best Practices

It is best practice to layer your arguments in three sections.
1. Trainer args (gpus, num_nodes, etc...)
2. Model specific arguments (layer_dim, num_layers, learning_rate,etc...)

3. Program arguments (data_path, cluster_email,etc...)

We can do this as follows. First, in your LightningModule, define the arguments specific to that module. Re-
member that data splits or data paths may also be specific to a module (i.e.: if your project has a model that trains on
Imagenet and another on CIFAR-10).
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class LitModel (LightningModule) :

@staticmethod

def add_model_specific_args (parent_parser) :
parser = parent_parser.add_argument_group ("LitModel")
parser.add_argument ('-—encoder_layers', type=int, default=12)
parser.add_argument ('--data_path', type=str, default='/some/path'")
return parent_parser

Now in your main trainer file, add the Trainer args, the program args, and add the model args

from argparse import ArgumentParser
parser = ArgumentParser ()

# add PROGRAM level args
parser.add_argument ('-—-conda_env', type=str, default='some_name')
parser.add_argument ('--notification_email', type=str, default='willlemail.com')

# add model specific args
parser = LitModel.add_model_specific_args (parser)

# add all the available trainer options to argparse
# ie: now —--gpus ——-num_nodes ... ——fast_dev_run all work in the cli

parser = Trainer.add_argparse_args (parser)

args = parser.parse_args()

Now you can call run your program like so:

python trainer_main.py —--gpus 2 —--num_nodes 2 --conda_env 'my_env' --encoder_layers 12

Finally, make sure to start the training like so:

# init the trainer like this
trainer = Trainer.from_argparse_args(args, early_stopping_callback=...)

# NOT like this
trainer = Trainer (gpus=hparams.gpus, ...)

# init the model with Namespace directly
model = LitModel (args)

# or init the model with all the key-value pairs
dict_args = vars (args)
model = LitModel (»*dict_args)
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28.3 LightningModule hyperparameters

Often times we train many versions of a model. You might share that model or come back to it a few months later at
which point it is very useful to know how that model was trained (i.e.: what learning rate, neural network, etc. .. ).

Lightning has a few ways of saving that information for you in checkpoints and yaml files. The goal here is to improve

readability and reproducibility.

1. The first way is to ask lightning to save the values of anything in the __init__ for you to the checkpoint. This

also makes those values available via self.hparams.

class LitMNIST (LightningModule) :

def _ _init__ (self, layer_1_dim=128, learning_rate=le-2, =xxkwargs):
super () .__init__ ()
# call this to save (layer_1_dim=128, learning_rate=le-4) to the,
—checkpoint
self.save_hyperparameters ()

# equivalent
self.save_hyperparameters('layer_1_dim', 'learning_rate')

# Now possible to access layer_1_dim from hparams
self.hparams.layer_1_dim

2. Sometimes your init might have objects or other parameters you might not want to save. In that case, choose

only a few

class LitMNIST (LightningModule) :

def __ _init__ (self, loss_fx, generator_network, layer_1_dim=128 =xxkwargs):

super () .__init__ ()
self.layer_1_dim = layer_1_dim
self.loss_fx = loss_f£fx

# call this to save (layer_1_dim=128) to the checkpoint
self.save_hyperparameters ('layer_1_dim'")

# to load specify the other args
model = LitMNIST.load_from_checkpoint (PATH, loss_fx=torch.nn.SomeOtherLoss,
—generator_network=MyGenerator ())

3. Assign to self.hparams. Anything assigned to self.hparams will also be saved automatically.

# using a argparse.Namespace
class LitMNIST (LightningModule) :
def __init__ (self, hparams, =*args, xxkwargs):

def train_dataloader (self):
return Dataloader (mnist_train, batch_size=self.hparams.batch_size)

super () .__init__ ()

self.hparams = hparams

self.layer_1 = nn.Linear (28 28, self.hparams.layer_1_dim)

self.layer_2 = nn.Linear (self.hparams.layer_1_dim, self.hparams.layer_2_
—dim)

self.layer_3 = nn.Linear (self.hparams.layer_2_dim, 10)

4. You can also save full objects such as dict or Namespace to the checkpoint.

28.3. LightningModule hyperparameters
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# using a argparse.Namespace
class LitMNIST (LightningModule) :

def _ init__ (self, conf, *args, »+xkwargs):
super () .__init__ ()
self.save_hyperparameters (conf)

self.layer_1 nn.Linear (28 % 28, self.hparams.layer_1_dim)

self.layer_2 = nn.Linear (self.hparams.layer_1_dim, self.hparams.layer_2_
self.layer_3 = nn.Linear (self.hparams.layer_2_dim, 10)
conf = OmegaConf.create(...)

model = LitMNIST (conf)

# Now possible to access any stored variables from hparams
model.hparams.anything

28.4 Trainer args

To recap, add ALL possible trainer flags to the argparser and init the Trainer this way

parser = ArgumentParser ()
parser = Trainer.add_argparse_args (parser)
hparams = parser.parse_args ()

trainer = Trainer.from_argparse_args (hparams)
# or if you need to pass in callbacks

trainer = Trainer.from_argparse_args (hparams, checkpoint_callback=..., callbacks=[...
—1)

28.5 Multiple Lightning Modules

‘We often have multiple Lightning Modules where each one has different arguments. Instead of polluting the main.py
file, the LightningModule lets you define arguments for each one.

class LitMNIST (LightningModule) :

def _ init__ (self, layer_1_dim, xxkwargs):
super () .__init__ ()
self.layer_1 = nn.Linear (28 x 28, layer_1_dim)

@staticmethod

def add_model_specific_args (parent_parser) :
parser = parent_parser.add_argument_group ("LitMNIST")
parser.add_argument ('--layer_1_dim', type=int, default=128)

return parent_parser
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class GoodGAN (LightningModule) :

def _ _init__ (self, encoder_layers, xxkwargs):
super () .__init__ ()
self.encoder = Encoder (layers=encoder_layers)

@staticmethod

def add_model_specific_args (parent_parser) :
parser = parent_parser.add_argument_group ("GoodGAN")
parser.add_argument ('-—-encoder_ layers', type=int, default=12)
return parent_parser

Now we can allow each model to inject the arguments it needs in the main.py

def main(args) :
dict_args = vars (args)

# pick model

if args.model_name == 'gan':
model = GoodGAN (x+xdict_args)
elif args.model_name == 'mnist':

model = LitMNIST (xxdict_args)
trainer = Trainer.from_argparse_args (args)
trainer.fit (model)
if name == '_ _main_ ':
parser = ArgumentParser ()
parser = Trainer.add_argparse_args (parser)

# figure out which model to use
parser.add_argument ('--model_name', type=str, default='gan', help='gan or mnist')

# THIS LINE IS KEY TO PULL THE MODEL NAME
temp_args, _ = parser.parse_known_args ()

# let the model add what it wants
if temp_args.model_name == 'gan':

parser = GoodGAN.add_model_specific_args (parser)
elif temp_args.model_name == 'mnist':

parser = LitMNIST.add_model_specific_args (parser)

args = parser.parse_args()

# train
main (args)

and now we can train MNIST or the GAN using the command line interface!

$ python main.py —--model_name gan —--encoder_layers 24
$ python main.py —--model_name mnist —--layer_1_dim 128
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CHAPTER
TWENTYNINE

LIGHTNING CLI AND CONFIG FILES

Another source of boilerplate code that Lightning can help to reduce is in the implementation of training command line
tools. Furthermore, it provides a standardized way to configure trainings using a single file that includes settings for
Trainer anduser extended LightningModuleand LightningDataModule classes. The full configuration is
automatically saved in the log directory. This has the benefit of greatly simplifying the reproducibility of experiments.

The main requirement for user extended classes to be made configurable is that all relevant init arguments must have
type hints. This is not a very demanding requirement since it is good practice to do anyway. As a bonus if the
arguments are described in the docstrings, then the help of the training tool will display them.

Warning: LightningCLI is in beta and subject to change.

29.1 LightningCLI

The implementation of training command line tools is done via the LightningCLI class. The minimal installation
of pytorch-lightning does not include this support. To enable it either install lightning with the all extras require or
install the package jsonargparse [signatures].

The case in which the user’s LightningModule class implements all required »_dataloader methods, a
trainer.py tool can be as simple as:

from pytorch_lightning.utilities.cli import LightningCLI

cli = LightningCLI (MyModel)

The help of the tool describing all configurable options and default values can be shown by running python
trainer.py —--help. Default options can be changed by providing individual command line arguments. How-
ever, it is better practice to create a configuration file and provide this to the tool. A way to do this would be:

# Dump default configuration to have as reference
python trainer.py --print_config > default_config.yaml
# Create config including only options to modify

nano config.yaml

# Run training using created configuration

python trainer.py --config config.yaml

The instantiation of the i ghtningCLT class takes care of parsing command line and config file options, instanti-
ating the classes, setting up a callback to save the config in the log directory and finally running trainer.fit ().
The resulting object c11i can be used for instance to get the result of fit, i.e., c1i.fit_result.
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After multiple trainings with different configurations, each run will have in its respective log directory a config.
yaml file. This file can be used for reference to know in detail all the settings that were used for each particular run,
and also could be used to trivially reproduce a training, e.g.:

python trainer.py —--config lightning_logs/version_7/config.yaml

If a separate LightningDataModule class is required, the trainer tool just needs a small modification as follows:

from pytorch_lightning.utilities.cli import LightningCLI

cli = LightningCLI (MyModel, MyDataModule)

The start of a possible implementation of MyMode 1 including the recommended argument descriptions in the docstring
could be the one below. Note that by using type hints and docstrings there is no need to duplicate this information to
define its configurable arguments.

class MyModel (LightningModule) :

def _ _init__ (

self,
encoder_layers: int = 12,
decoder_layers: List[int] = [2, 4]

"""Example encoder—decoder model

Args:
encoder_layers: Number of layers for the encoder
decoder_layers: Number of layers for each decoder block
super () .__init__ ()
self.save_hyperparameters ()

With this model class, the help of the trainer tool would look as follows:

$ python trainer.py —--help
usage: trainer.py [-h] [--print_config] [--config CONFIG]
[-—trainer.logger LOGGER]

pytorch-lightning trainer command line tool

optional arguments:

-h, --help show this help message and exit
—--print_config print configuration and exit
——config CONFIG Path to a configuration file in json or yaml format.

(default: null)
Customize every aspect of training via flags:

—-—trainer.max_epochs MAX_EPOCHS
Stop training once this number of epochs is reached.
(type: int, default: 1000)

—-—trainer.min_epochs MIN_EPOCHS
Force training for at least these many epochs (type: int,
default: 1)

Example encoder—-decoder model:

(continues on next page)
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(continued from previous page)

——-model.encoder_layers ENCODER_LAYERS
Number of layers for the encoder (type: int, default: 12)
—-model.decoder_layers DECODER_LAYERS
Number of layers for each decoder block (type: List[int],
default: [2, 4])

The default configuration that option ——print_config gives is in yaml format and for the example above would
look as follows:

$ python trainer.py —--print_config
model:
decoder_layers:
-2
- 4
encoder_layers: 12
trainer:
accelerator: null
accumulate_grad_batches: 1
amp_backend: native
amp_level: 02

Note that there is a section for each class (model and trainer) including all the init parameters of the class. This
grouping is also used in the formatting of the help shown previously.

29.2 Trainer Callbacks and arguments with class type

A very important argument of the Trainer class is the callbacks. In contrast to other more simple arguments
which just require numbers or strings, callbacks expects a list of instances of subclasses of Cal1back. To specify
this kind of argument in a config file, each callback must be given as a dictionary including a class_path entry with
an import path of the class, and optionally an init_args entry with arguments required to instantiate it. Therefore,
a simple configuration file example that defines a couple of callbacks is the following:

trainer:
callbacks:
- class_path: pytorch_lightning.callbacks.EarlyStopping
init_args:
patience: 5
- class_path: pytorch_lightning.callbacks.LearningRateMonitor
init_args:

Similar to the callbacks, any arguments in Trainer and user extended LightningModule and
LightningDataModule classes that have as type hint a class can be configured the same way using class_path
and init_args.
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29.3 Multiple models and/or datasets

In the previous examples LightningCLI works only for a single model and datamodule class. However, there are
many cases in which the objective is to easily be able to run many experiments for multiple models and datasets. For
these cases the tool can be configured such that a model and/or a datamodule is specified by an import path and init
arguments. For example, with a tool implemented as:

from pytorch_lightning.utilities.cli import LightningCLI

cli = LightningCLI (
MyModelBaseClass,
MyDataModuleBaseClass,
subclass_mode_model=True,
subclass_mode_data=True

A possible config file could be as follows:

model:
class_path: mycode.mymodels.MyModel
init_args:
decoder_layers:
-2
- 4
encoder_layers: 12
data:
class_path: mycode.mydatamodules.MyDataModule
init_args:

trainer:
callbacks:
— class_path: pytorch_lightning.callbacks.EarlyStopping
init_args:
patience: 5

Only model classes that are a subclass of MyModelBaseClass would be allowed, and similarly only subclasses of
MyDataModuleBaseClass. If as base classes LightningModule and LightningDataModule are given,
then the tool would allow any lightning module and data module.

Tip: Note that with the subclass modes the ——he1p option does not show information for a specific subclass. To get
help for a subclass the options ——model.help and ——data.help can be used, followed by the desired class path.
Similarly ——print_config does not include the settings for a particular subclass. To include them the class path
should be given before the ——print_config option. Examples for both help and print config are:

$ python trainer.py —--model.help mycode.mymodels.MyModel
$ python trainer.py --model mycode.mymodels.MyModel —--print_config
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29.4 Models with multiple submodules

Many use cases require to have several modules each with its own configurable options. One possible way to handle
this with LightningCLI is to implement a single module having as init parameters each of the submodules. Since
the init parameters have as type a class, then in the configuration these would be specified with class_path and
init_args entries. For instance a model could be implemented as:

class MyMainModel (LightningModule) :

def _ init_ (
self,
encoder: EncoderBaseClass,
decoder: DecoderBaseClass

"""Example encoder—-decoder submodules model

Args:
encoder: Instance of a module for encoding

decoder: Instance of a module for decoding
mmn

super () .__init__ ()
self.encoder = encoder
self.decoder = decoder

If the CLI is implemented as LightningCLI (MyMainModel) the configuration would be as follows:

model:
encoder:
class_path: mycode.myencoders.MyEncoder
init_args:
decoder:
class_path: mycode.mydecoders.MyDecoder
init_args:

It is also possible to combine subclass_mode_model=True and submodules, thereby having two levels of
class_path.

29.5 Customizing LightningCLI

The init parameters of the LightningCLT class can be used to customize some things, namely: the description of
the tool, enabling parsing of environment variables and additional arguments to instantiate the trainer and configuration
parser.

Nevertheless the init arguments are not enough for many use cases. For this reason the class is designed so that can be
extended to customize different parts of the command line tool. The argument parser class used by LightningCLT
is LightningArgumentParser which is an extension of python’s argparse, thus adding arguments can be done
using the add_argument () method. In contrast to argparse it has additional methods to add arguments, for example
add_class_arguments () adds all arguments from the init of a class, though requiring parameters to have type
hints. For more details about this please refer to the respective documentation.

The LightningCLI class has the add _arguments_to_parser () method which can be implemented to in-
clude more arguments. After parsing, the configuration is stored in the config attribute of the class instance. The
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LightningCLT class also has two methods that can be used to run code before and after trainer.fit is exe-
cuted: before_fit () and after_fit (). A realistic example for these would be to send an email before and
after the execution of fit. The code would be something like:

from pytorch_lightning.utilities.cli import LightningCLI
class MyLightningCLI (LightningCLI) :

def add_arguments_to_parser (self, parser):
parser.add_argument ('-—-notification_email', default='will@email.com')

def before_fit (self):
send_email (
address=self.config['notification email'],
message='trainer.fit starting’

def after_fit (self):
send_email (
address=self.config['notification email'],
message="'trainer.fit finished'

cli = MyLightningCLI (MyModel)

Note that the config object self.config is a dictionary whose keys are global options or groups of options. It
has the same structure as the yaml format described previously. This means for instance that the parameters used for
instantiating the trainer class can be found in self.config['trainer'].

Another case in which it might be desired to extend LightningCLI is that the model and data module depend on
a common parameter. For example in some cases both classes require to know the batch_size. Itis a burden and
error prone giving the same value twice in a config file. To avoid this the parser can be configured so that a value is
only given once and then propagated accordingly. With a tool implemented like shown below, the batch_size only
has to be provided in the data section of the config.

from pytorch_lightning.utilities.cli import LightningCLI
class MyLightningCLI (LightningCLI):

def add_arguments_to_parser (self, parser):
parser.link_arguments ('data.batch_size', 'model.batch_size')

cli = MyLightningCLI (MyModel, MyDataModule)

The linking of arguments is observed in the help of the tool, which for this example would look like:

$ python trainer.py —--help

——data.batch_size BATCH_SIZE
Number of samples in a batch (type: int, default: 8)

Linked arguments:
model.batch_size <—- data.batch_size
Number of samples in a batch (type: int)

Tip: The linking of arguments can be used for more complex cases. For example to derive a value via a function that
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takes multiple settings as input. For more details have a look at the API of link_arguments.

Tip: Have a look at the I.i ghtningCLT class API reference to learn about other methods that can be extended to
customize a CLI.
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CHAPTER
THIRTY

LEARNING RATE FINDER

For training deep neural networks, selecting a good learning rate is essential for both better performance and faster
convergence. Even optimizers such as Adam that are self-adjusting the learning rate can benefit from more optimal
choices.

To reduce the amount of guesswork concerning choosing a good initial learning rate, a learning rate finder can be
used. As described in this paper a learning rate finder does a small run where the learning rate is increased after each
processed batch and the corresponding loss is logged. The result of this is a [ vs. loss plot that can be used as guidance
for choosing a optimal initial Ir.

Warning: For the moment, this feature only works with models having a single optimizer. LR Finder support for
DDP is not implemented yet, it is coming soon.

30.1 Using Lightning’s built-in LR finder

To enable the learning rate finder, your lightning module needs to have a Learning_rate or 1r property. Then, set
Trainer (auto_lr_find=True) during trainer construction, and then call trainer.tune (model) to run
the LR finder. The suggested learning_rate will be written to the console and will be automatically set to your
lightning module, which can be accessed via self.learning_rateorself.lr.

class LitModel (LightningModule) :

def _ _init__ (self, learning_rate):
self.learning_rate = learning_rate

def configure_optimizers(self):
return Adam(self.parameters (), lr=(self.lr or self.learning_rate))

model = LitModel ()
# finds learning rate automatically
# sets hparams.lr or hparams.learning rate to that learning rate

trainer = Trainer (auto_lr_find=True)

trainer.tune (model)
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If your model is using an arbitrary value instead of self.lr or self.learning_rate, set that value as
auto_lr_ find:

model = LitModel ()

# to set to your own hparams.my_value
trainer = Trainer (auto_lr_find='my_value')

trainer.tune (model)

You can also inspect the results of the learning rate finder or just play around with the parameters of the algorithm.
This can be done by invoking the 1 find () method. A typical example of this would look like:

model = MyModelClass (hparams)
trainer = Trainer ()

# Run learning rate finder
lr_finder = trainer.tuner.lr_ find(model)

# Results can be found in
lr_finder.results

# Plot with
fig = lr_finder.plot (suggest=True)
fig.show ()

# Pick point based on plot, or get suggestion
new_lr = lr_finder.suggestion()

# update hparams of the model
model .hparams.lr = new_1r

# Fit model
trainer.fit (model)

The figure produced by 1r_finder.plot () should look something like the figure below. It is recommended to
not pick the learning rate that achieves the lowest loss, but instead something in the middle of the sharpest downward
slope (red point). This is the point returned py 1r_finder.suggestion ().

The parameters of the algorithm can be seen below.

pytorch_lightning.tuner.lr_finder.lr_£ind (trainer, model, min_lr=1e-08, max_lr=1,
num_training=100, mode="exponential’,

early_stop_threshold=4.0, update_attr=False)
See 1r find()

Return type Optionall[ LRFinder]
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CHAPTER
THIRTYONE

MULTI-GPU TRAINING

Lightning supports multiple ways of doing distributed training.

31.1 Preparing your code

To train on CPU/GPU/TPU without changing your code, we need to build a few good habits :)

31.1.1 Delete .cuda() or .to() calls

Delete any calls to .cuda() or .to(device).

# before lightning
def forward(self, x):
X = xX.cuda (0)
layer_1l.cuda (0)

x_hat = layer_1 (x)

# after lightning
def forward(self, x):
x_hat = layer_1(x)

31.1.2 Init tensors using type_as and register_buffer

When you need to create a new tensor, use type_as. This will make your code scale to any arbitrary number of GPUs
or TPUs with Lightning.

# before lightning

def forward(self, x):
z = torch.Tensor (2, 3)
z = z.cuda (0)

# with lightning
def forward(self, x):

(continues on next page)
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z = torch.Tensor (2, 3)
z.type_as (x)

The LightningModule knows what device it is on. You can access the reference via self.device. Sometimes
it is necessary to store tensors as module attributes. However, if they are not parameters they will remain on the CPU
even if the module gets moved to a new device. To prevent that and remain device agnostic, register the tensor as a
buffer in your modules’s __init__ method with register_buffer ().

class LitModel (LightningModule) :
def _ init_ (self):

self.register_buffer ("sigma", torch.eye(3))
# you can now access self.sigma anywhere in your module

31.1.3 Remove samplers

In PyTorch, you must use DistributedSampler for multi-node or TPU training. The sampler makes sure each
GPU sees the appropriate part of your data.

# without lightning

def train_dataloader (self):
dataset = MNIST(...)
sampler = None

if self.on_tpu:
sampler = DistributedSampler (dataset)

return Dataloader (dataset, sampler=sampler)

Lightning adds the correct samplers when needed, so no need to explicitly add samplers.

# with lightning

def train_dataloader (self):
dataset = MNIST(...)
return Dataloader (dataset)

Note: By default it will add shuffle=True for train sampler and shuffle=False for val/test sam-
pler. drop_last in DistributedSampler will be set to its default value in PyTorch. If you called
seed_everyting (), Lightning will set the same seed for the sampler.

Note: You can disable this behavior with Trainer (replace_sampler_ddp=False)

Note: For iterable datasets, we don’t do this automatically.
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31.1.4 Synchronize validation and test logging

When running in distributed mode, we have to ensure that the validation and test step logging calls are synchronized
across processes. This is done by adding sync_dist=True to all self.log calls in the validation and test step.
This ensures that each GPU worker has the same behaviour when tracking model checkpoints, which is important for
later downstream tasks such as testing the best checkpoint across all workers.

Note if you use any built in metrics or custom metrics that use the Metrics API, these do not need to be updated and
are automatically handled for you.

def validation_step(self, batch, batch_idx):
%X, y = batch
logits = self (x)
loss = self.loss(logits, vy)
# Add sync_dist=True to sync logging across all GPU workers
self.log('validation_loss', loss, on_step=True, on_epoch=True, sync_dist=True)

def test_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = self.loss(logits, vy)
# Add sync_dist=True to sync logging across all GPU workers
self.log('test_loss', loss, on_step=True, on_epoch=True, sync_dist=True)

31.1.5 Make models pickleable

It’s very likely your code is already pickleable, in that case no change in necessary. However, if you run a distributed
model and get the following error:

self._launch (process_obJj)

File "/net/software/local/python/3.6.5/1ib/python3.6/multiprocessing/popen_spawn_
—posix.py", line 47,

in _launch reduction.dump (process_obj, fp)

File "/net/software/local/python/3.6.5/1ib/python3.6/multiprocessing/reduction.py",
—~line 60, in dump

ForkingPickler (file, protocol) .dump (ob7j)

_pickle.PicklingError: Can't pickle <function <lambda> at 0x2b599e088ae8>:

attribute lookup <lambda> on __main__ failed

This means something in your model definition, transforms, optimizer, dataloader or callbacks cannot be pickled, and
the following code will fail:

import pickle
pickle.dump (some_object)

This is a limitation of using multiple processes for distributed training within PyTorch. To fix this issue, find your
piece of code that cannot be pickled. The end of the stacktrace is usually helpful. ie: in the stacktrace example here,
there seems to be a lambda function somewhere in the code which cannot be pickled.

self._launch (process_obJj)

File "/net/software/local/python/3.6.5/1ib/python3.6/multiprocessing/popen_spawn_
—posix.py", line 47,

in _launch reduction.dump (process_obj, fp)

File "/net/software/local/python/3.6.5/1ib/python3.6/multiprocessing/reduction.py",
—~line 60, in dump

ForkingPickler (file, protocol) .dump (ob7j)

(continues on next page)
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_piCkle.PiCklingError: Can't pickle [THIS IS THE THING TO FIND AND DELETE] :
attribute lookup <lambda> on __main___ failed

31.2 Select GPU devices

You can select the GPU devices using ranges, a list of indices or a string containing a comma separated list of GPU
ids:

# DEFAULT (int) specifies how many GPUs to use per node
Trainer (gpus=k)

# Above 1is equivalent to
Trainer (gpus=list (range (k)))

# Specify which GPUs to use (don't use when running on cluster)
Trainer (gpus=[0, 11])

# Equivalent using a string
Trainer (gpus='0, 1'")

# To use all available GPUs put -1 or '-1'
# equivalent to list (range (torch.cuda.device_count()))
Trainer (gpus=-1)

The table below lists examples of possible input formats and how they are interpreted by Lightning. Note in particular
the difference between gpus=0, gpus=[0] and gpus="0".

gpus | Type Parsed Meaning

None | NoneType | None CPU

0 int None CPU

3 int [0, 1, 2] first 3 GPUs

-1 int [0,1,2,...] | all available GPUs
[0] list [0] GPU 0

[1,3] | list [1, 3] GPUs 1 and 3

“0” str [0] GPU 0

“3” str [3] GPU 3 (will change in v1.5)
“1,3” | str [1, 3] GPUs 1 and 3
“-1” str [0,1,2,...] | all available GPUs

Warning: The behavior for gpus="3" (str) will change. Currently it selects the GPU with index 3, but will
select the first 3 GPUs from v1.5.

Note: When specifying number of gpus as an integer gpus=Kk, setting the trainer flag auto_select_gpus=True
will automatically help you find k gpus that are not occupied by other processes. This is especially useful when GPUs
are configured to be in “exclusive mode”, such that only one process at a time can access them. For more details see
the trainer guide.
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31.3 Select torch distributed backend

By default, Lightning will select the ncc1 backend over gl oo when running on GPUs. Find more information about
PyTorch’s supported backends here.

Lightning exposes an environment variable PL_TORCH_DISTRIBUTED_BACKEND for the user to change the back-
end.

’P77TLFP;\'ST'7T)T;')'TFZT?UTTTT‘i*’;7\.CTP\’FNTIglOO python train.py ...

31.4 Distributed modes

Lightning allows multiple ways of training
* Data Parallel (accelerator="'dp") (multiple-gpus, 1 machine)

* DistributedDataParallel (accelerator="ddp') (multiple-gpus across many machines (python script
based)).

¢ DistributedDataParallel (accelerator="'ddp_spawn') (multiple-gpus across many machines (spawn
based)).

* DistributedDataParallel 2 (accelerator="ddp2") (DP in a machine, DDP across machines).
* Horovod (accelerator="horovod") (multi-machine, multi-gpu, configured at runtime)

e TPUs (tpu_cores=8|x) (tpu or TPU pod)

Note: If you request multiple GPUs or nodes without setting a mode, DDP Spawn will be automatically used.

For a deeper understanding of what Lightning is doing, feel free to read this guide.

31.4.1 Data Parallel

DataParallel (DP) splits a batch across k GPUs. That is, if you have a batch of 32 and use DP with 2 gpus, each
GPU will process 16 samples, after which the root node will aggregate the results.

Warning: DP use is discouraged by PyTorch and Lightning. State is not maintained on the replicas created by
the DataParallel wrapper and you may see errors or misbehavior if you assign state to the module in the
forward () or »_step () methods. For the same reason we cannot fully support Manual optimization with DP.
Use DDP which is more stable and at least 3x faster.

Warning: DP only supports scattering and gathering primitive collections of tensors like lists, dicts, etc. Therefore
the transfer_batch_to_device () hook does not apply in this mode and if you have overridden it, it will
not be called.

# train on 2 GPUs (using DP mode)

trainer = Trainer (gpus=2, accelerator='dp')
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31.4.2 Distributed Data Parallel

DistributedDataParallel (DDP) works as follows:
1. Each GPU across each node gets its own process.
Each GPU gets visibility into a subset of the overall dataset. It will only ever see that subset.
Each process inits the model.
Each process performs a full forward and backward pass in parallel.

The gradients are synced and averaged across all processes.

AN

Each process updates its optimizer.

# train on 8 GPUs (same machine (ie: node))
trainer = Trainer (gpus=8, accelerator='ddp'")

# train on 32 GPUs (4 nodes)
trainer = Trainer (gpus=8, accelerator='ddp', num_nodes=4)

This Lightning implementation of DDP calls your script under the hood multiple times with the correct environment
variables:

# example for 3 GPUs DDP

MASTER_ADDR=localhost MASTER_PORT=random() WORLD_SIZE=3 NODE_RANK=0 LOCAL_RANK=0_,
—python my_file.py --gpus 3 —--etc
MASTER_ADDR=localhost MASTER_PORT=random() WORLD_SIZE=3 NODE_RANK=1 LOCAL_RANK=0_,
—python my_file.py --gpus 3 —-etc
MASTER_ADDR=localhost MASTER_PORT=random() WORLD_SIZE=3 NODE_RANK=2 LOCAL_RANK=0_,

—python my_file.py —--gpus 3 —--etc

We use DDP this way because ddp_spawn has a few limitations (due to Python and PyTorch):
1. Since .spawn() trains the model in subprocesses, the model on the main process does not get updated.

2. Dataloader(num_workers=N), where N is large, bottlenecks training with DDP... ie: it will be VERY slow or
won’t work at all. This is a PyTorch limitation.

3. Forces everything to be picklable.
There are cases in which it is NOT possible to use DDP. Examples are:
* Jupyter Notebook, Google COLAB, Kaggle, etc.
* You have a nested script without a root package

In these situations you should use dp or ddp_spawn instead.

31.4.3 Distributed Data Parallel 2
In certain cases, it’s advantageous to use all batches on the same machine instead of a subset. For instance, you might
want to compute a NCE loss where it pays to have more negative samples.
In this case, we can use DDP2 which behaves like DP in a machine and DDP across nodes. DDP2 does the following:
1. Copies a subset of the data to each node.
2. Inits a model on each node.

3. Runs a forward and backward pass using DP.
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4. Syncs gradients across nodes.

5. Applies the optimizer updates.

# train on 32 GPUs (4 nodes)
trainer = Trainer (gpus=8, accelerator='ddp2', num_nodes=4)

31.4.4 Distributed Data Parallel Spawn

ddp_spawn is exactly like ddp except that it uses .spawn to start the training processes.

Warning: It is STRONGLY recommended to use DDP for speed and performance.

mp.spawn (self.ddp_train, nprocs=self.num_processes, args=(model, ))

If your script does not support being called from the command line (ie: it is nested without a root project module) you
can use the following method:

# train on 8 GPUs (same machine (ie: node))
trainer = Trainer (gpus=8, accelerator='ddp_spawn')

We STRONGLY discourage this use because it has limitations (due to Python and PyTorch):
1. The model you pass in will not update. Please save a checkpoint and restore from there.
2. Set Dataloader(num_workers=0) or it will bottleneck training.

ddp is MUCH faster than ddp_spawn. We recommend you

1. Install a top-level module for your project using setup.py

# setup.py
#!/usr/bin/env python

from setuptools import setup, find_packages

setup (name="src',
version='0.0.1",
description='Describe Your Cool Project',
author="",
author_email="",
url='https://github.com/YourSeed"', # REPLACE WITH YOUR OWN GITHUB PROJECT LINK
install_requires=]|
'pytorch-lightning'
1,
packages=find_packages ()
)

2. Setup your project like so:

/project
/src
some_file.py
/or_a_folder
setup.py
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3. Install as a root-level package

cd /project
pip install -e

You can then call your scripts anywhere

cd /project/src
python some_file.py —-—-accelerator 'ddp' --gpus 8

31.4.5 Horovod

Horovod allows the same training script to be used for single-GPU, multi-GPU, and multi-node training.

Like Distributed Data Parallel, every process in Horovod operates on a single GPU with a fixed subset of the data.
Gradients are averaged across all GPUs in parallel during the backward pass, then synchronously applied before
beginning the next step.

The number of worker processes is configured by a driver application (horovodrun or mpirun). In the training script,
Horovod will detect the number of workers from the environment, and automatically scale the learning rate to com-
pensate for the increased total batch size.

Horovod can be configured in the training script to run with any number of GPUs / processes as follows:

# train Horovod on GPU (number of GPUs / machines provided on command-line)
trainer = Trainer (accelerator='horovod', gpus=1)

# train Horovod on CPU (number of processes / machines provided on command-line)
trainer = Trainer (accelerator="horovod')

When starting the training job, the driver application will then be used to specify the total number of worker processes:

# run training with 4 GPUs on a single machine
horovodrun -np 4 python train.py

# run training with 8 GPUs on two machines (4 GPUs each)
horovodrun -np 8 -H hostnamel:4,hostname2:4 python train.py

See the official Horovod documentation for details on installation and performance tuning.

31.4.6 DP/DDP2 caveats

In DP and DDP2 each GPU within a machine sees a portion of a batch. DP and ddp2 roughly do the following:

def distributed_forward (batch, model) :
batch = torch.Tensor (32, 8)
gpu_0_batch = batch[:8]
gpu_1l_batch = batch[8:16]
gpu_2_batch = batch[16:24]
gpu_3_batch = batch[24:]

y_0 = model_copy_gpu_0 (gpu_0_batch)
y_1 = model_copy_gpu_1l (gpu_1_batch)
y_2 = model_copy_gpu_2 (gpu_2_batch)
y_3 = model_copy_gpu_3 (gpu_3_batch)

(continues on next page)
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return [y_0, y_1, y_2, y_3]

So, when Lightning calls any of the training_step, validation_step, test_step you will only be operating on one of
those pieces.

# the batch here is a portion of the FULL batch
def training_ step(self, batch, batch_idx):
y_0 = batch

For most metrics, this doesn’t really matter. However, if you want to add something to your computational graph (like
softmax) using all batch parts you can use the training_step_end step.

def training_step_end(self, outputs):
# only use when on dp
outputs = torch.cat (outputs, dim=1)
softmax = softmax (outputs, dim=1)
out = softmax.mean ()
return out

In pseudocode, the full sequence is:

# get data
batch = next (dataloader)

# copy model and data to each gpu
batch_splits = split_batch(batch, num_gpus)
models = copy_model_to_gpus (model)

# in parallel, operate on each batch chunk
all _results = []
for gpu_num in gpus:
batch_split = batch_splits[gpu_num]
gpu_model = models[gpu_num]
out = gpu_model (batch_split)
all _results.append (out)

# use the full batch for something like softmax
full out = model.training_step_end(all_results)

To illustrate why this is needed, let’s look at DataParallel

def training_step(self, batch, batch_idx):
X, y = batch
y_hat = self (batch)

# on dp or ddp2 if we did softmax now it would be wrong
# because batch is actually a piece of the full batch
return y_hat

def training_step_end(self, batch_parts_outputs) :
# batch_parts_outputs has outputs of each part of the batch

# do softmax here
outputs = torch.cat (outputs, dim=1)
softmax = softmax (outputs, dim=1)

(continues on next page)

31.4. Distributed modes 419




PyTorch Lightning Documentation, Release 1.3.4

(continued from previous page)

out = softmax.mean ()

return out

If training_step_end is defined it will be called regardless of TPU, DP, DDP, etc... which means it will behave the
same regardless of the backend.

Validation and test step have the same option when using DP.

def validation_step_end(self, batch_parts_outputs) :

def test_step_end(self, batch_parts_outputs) :

31.4.7 Distributed and 16-bit precision

Due to an issue with Apex and DataParallel (PyTorch and NVIDIA issue), Lightning does not allow 16-bit and DP
training. We tried to get this to work, but it’s an issue on their end.

Below are the possible configurations we support.

1 GPU | 1+ GPUs | DP | DDP | 16-bit | command
Y Trainer(gpus=1)
Y Y Trainer(gpus=1, precision=16)
Y Y Trainer(gpus=k, accelerator="dp’)
Y Y Trainer(gpus=k, accelerator="ddp’)
Y Y Y Trainer(gpus=k, accelerator="ddp’, precision=16)

31.4.8 Implement Your Own Distributed (DDP) training

If you need your own way to init PyTorch DDP you can override pytorch_lightning.plugins.
training_type.ddp.DDPPlugin.init_ddp_connection ().

If you also need to use your own DDP implementation, override pytorch_lightning.plugins.
training_type.ddp.DDPPlugin.configure_ddp ().

31.5 Batch size

When using distributed training make sure to modify your learning rate according to your effective batch size.

Let’s say you have a batch size of 7 in your dataloader.

class LitModel (LightningModule) :

def train_dataloader (self):
return Dataset (..., batch_size=7)

In (DDP, Horovod) your effective batch size will be 7 * gpus * num_nodes.
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# effective batch size = 7 x 8
Trainer (gpus=8, accelerator='ddp|horovod")

# effective batch size = 7 % 8 % 10
Trainer (gpus=8, num_nodes=10, accelerator='ddp|horovod")

In DDP2, your effective batch size will be 7 * num_nodes. The reason is that the full batch is visible to all GPUs on
the node when using DDP2.

# effective batch size = 7
Trainer (gpus=8, accelerator='ddp2'")

# effective batch size = 7 % 10
Trainer (gpus=8, num_nodes=10, accelerator='ddp2')

Note: Huge batch sizes are actually really bad for convergence. Check out: Accurate, Large Minibatch SGD: Training
ImageNet in 1 Hour

31.6 TorchElastic

Lightning supports the use of TorchElastic to enable fault-tolerant and elastic distributed job scheduling. To use it,
specify the ‘ddp’ or ‘ddp2’ backend and the number of gpus you want to use in the trainer.

’Trainer(gpus:8, accelerator="ddp")

Following the TorchElastic Quickstart documentation, you then need to start a single-node etcd server on one of the
hosts:

etcd —-—-enable-v2
——listen-client-urls http://0.0.0.0:2379,http://127.0.0.1:4001
——advertise-client—-urls PUBLIC_HOSTNAME:2379

And then launch the elastic job with:

python -m torchelastic.distributed.launch
——nnodes=MIN_SIZE:MAX_SIZE
——nproc_per_node=TRAINERS_PER_NODE
——rdzv_id=JOB_1ID
——-rdzv_backend=etcd
——rdzv_endpoint=ETCD_HOST:ETCD_PORT
YOUR_LIGHTNING_TRAINING_SCRIPT.py (--argl ... train script args...)

See the official TorchElastic documentation for details on installation and more use cases.
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31.7 Jupyter Notebooks

Unfortunately any ddp_ is not supported in jupyter notebooks. Please use dp for multiple GPUs. This is a known
Jupyter issue. If you feel like taking a stab at adding this support, feel free to submit a PR!

31.8 Pickle Errors

Multi-GPU training sometimes requires your model to be pickled. If you run into an issue with pickling try the
following to figure out the issue

import pickle

model = YourModel ()
pickle.dumps (model)

However, if you use ddp the pickling requirement is not there and you should be fine. If you use ddp_spawn the
pickling requirement remains. This is a limitation of Python.
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CHAPTER
THIRTYTWO

ADVANCED GPU OPTIMIZED TRAINING

When training large models, fitting larger batch sizes, or trying to increase throughput using multi-GPU compute,
Lightning provides advanced optimized distributed training plugins to support these cases and offer substantial im-
provements in memory usage.

Note that some of the extreme memory saving configurations will affect the speed of training. This Speed/Memory
trade-off in most cases can be adjusted.

Some of these memory-efficient plugins rely on offloading onto other forms of memory, such as CPU RAM or NVMe.
This means you can even see memory benefits on a single GPU, using a plugin such as DeepSpeed ZeRO Stage 3
Offload.

32.1 Choosing an Advanced Distributed GPU Plugin

If you would like to stick with PyTorch DDP, see DDP Optimizations.

Unlike PyTorch’s DistributedDataParallel (DDP) where the maximum trainable model size and batch size do not
change with respect to the number of GPUs, memory-optimized plugins can accommodate bigger models and larger
batches as more GPUs are used. This means as you scale up the number of GPUs, you can reach the number of model
parameters you’d like to train.

32.1.1 Pre-training vs Fine-tuning

When fine-tuning, we often use a magnitude less data compared to pre-training a model. This is important when
choosing a distributed plugin as usually for pre-training, where we are compute-bound. This means we cannot
sacrifice throughput as much as if we were fine-tuning, because in fine-tuning the data requirement is smaller.

Overall:

* When fine-tuning a model, use advanced memory efficient plugins such as DeepSpeed ZeRO Stage 3 or Deep-
Speed ZeRO Stage 3 Offload, allowing you to fine-tune larger models if you are limited on compute

¢ When pre-training a model, use simpler optimizations such Sharded Training, DeepSpeed ZeRO Stage 2, scal-
ing the number of GPUs to reach larger parameter sizes

* For both fine-tuning and pre-training, use DeepSpeed Activation Checkpointing or FairScale Activation Check-
pointing as the throughput degradation is not significant

For example when using 128 GPUs, you can pre-train large 10 to 20 Billion parameter models using DeepSpeed
ZeRO Stage 2 without having to take a performance hit with more advanced optimized multi-gpu plugins.

But for fine-tuning a model, you can reach 10 to 20 Billion parameter models using DeepSpeed ZeRO Stage 3 Offload
on a single GPU. This does come with a significant throughput hit, which needs to be weighed accordingly.

423



PyTorch Lightning Documentation, Release 1.3.4

32.1.2 When Shouldn’t | use an Optimized Distributed Plugin?

Sharding techniques help when model sizes are fairly large; roughly 500M+ parameters is where we’ve seen benefits.
However, in cases where your model is small (ResNet50 of around 80M Parameters) it may be best to stick to ordinary
distributed training, unless you are using unusually large batch sizes or inputs.

32.2 Sharded Training

Lightning integration of optimizer sharded training provided by FairScale. The technique can be found within Deep-
Speed ZeRO and ZeRO-2, however the implementation is built from the ground up to be pytorch compatible and
standalone. Sharded Training allows you to maintain GPU scaling efficiency, whilst reducing memory overhead dras-
tically. In short, expect near-normal linear scaling (if your network allows), and significantly reduced memory usage
when training large models.

Sharded Training still utilizes Data Parallel Training under the hood, except optimizer states and gradients are sharded
across GPUs. This means the memory overhead per GPU is lower, as each GPU only has to maintain a partition of
your optimizer state and gradients.

The benefits vary by model and parameter sizes, but we’ve recorded up to a 63% memory reduction per GPU allowing
us to double our model sizes. Because of efficient communication, these benefits in multi-GPU setups are almost free
and throughput scales well with multi-node setups.

It is highly recommended to use Sharded Training in multi-GPU environments where memory is limited, or where
training larger models are beneficial (500M+ parameter models). A technical note: as batch size scales, storing
activations for the backwards pass becomes the bottleneck in training. As a result, sharding optimizer state and
gradients becomes less impactful. Use FuairScale Activation Checkpointing to see even more benefit at the cost of
some throughput.

To use Sharded Training, you need to first install FairScale using the command below.

pip install fairscale

# train using Sharded DDP
trainer = Trainer (plugins='ddp_sharded")

Sharded Training can work across all DDP variants by adding the additional ——-plugins ddp_sharded flag.

Internally we re-initialize your optimizers and shard them across your machines and processes. We handle all com-
munication using PyTorch distributed, so no code changes are required.

32.3 FairScale Activation Checkpointing

Activation checkpointing frees activations from memory as soon as they are not needed during the forward pass. They
are then re-computed for the backwards pass as needed.

FairScales’ checkpointing wrapper also handles batch norm layers correctly unlike the PyTorch implementation, en-
suring stats are tracked correctly due to the multiple forward passes.

This saves memory when training larger models however requires wrapping modules you’d like to use activation
checkpointing on. See here for more information.
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from pytorch_lightning import Trainer
from fairscale.nn import checkpoint_wrapper

class MyModel (pl.LightningModule) :

def _ init__ (self):

# Wrap layers using checkpoint_wrapper
self.block = checkpoint_wrapper (nn.Sequential (nn.Linear (32, 32), nn.ReLU()))

32.4 DeepSpeed

Note:

The DeepSpeed plugin is in beta and the API is subject to change. Please create an issue if you run into any

issues.

DeepSpeed is a deep learning training optimization library, providing the means to train massive billion parameter
models at scale. Using the DeepSpeed plugin, we were able to train model sizes of 10 Billion parameters and
above, with a lot of useful information in this benchmark and the DeepSpeed docs. DeepSpeed also offers lower level
training optimizations, and efficient optimizers such as 1-bit Adam. We recommend using DeepSpeed in environments
where speed and memory optimizations are important (such as training large billion parameter models).

Below is a summary of all the configurations of DeepSpeed.

DeepSpeed ZeRO Stage 2 - Shard optimizer states and gradients, remains at parity with DDP with memory
improvement

DeepSpeed ZeRO Stage 2 Offload - Offload optimizer states and gradients to CPU. Increases communication,
but significant memory improvement

DeepSpeed ZeRO Stage 3 - Shard optimizer states, gradients, (Optional) activations and parameters. In-
creases communication volume, but even more memory improvement

DeepSpeed ZeRO Stage 3 Offload - Offload optimizer states, gradients, (Optional) activations and parame-
ters to CPU. Increases communication, but even more signficant memory improvement.

DeepSpeed Activation Checkpointing - Free activations after forward pass. Increases computation, but pro-
vides memory improvement for all stages.

To use DeepSpeed, you first need to install DeepSpeed using the commands below.

pip install deepspeed

If you run into an issue with the install or later in training, ensure that the CUDA version of the pytorch you’ve installed
matches your locally installed CUDA (you can see which one has been recognized by running nvcc --version).

Note: DeepSpeed currently only supports single optimizer, single scheduler within the training loop.
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32.4.1 DeepSpeed ZeRO Stage 2

By default, we enable DeepSpeed ZeRO Stage 2, which partitions your optimizer states (Stage 1) and your gradients
(Stage 2) across your GPUs to reduce memory. In most cases, this is more efficient or at parity with DDP, primarily
due to the optimized custom communications written by the DeepSpeed team. As a result, benefits can also be seen
on a single GPU. Do note that the default bucket sizes allocate around 3. 6GB of VRAM to use during distributed
communications, which can be tweaked when instantiating the plugin described in a few sections below.

Note: To use ZeRO, you must use precision=16.

from pytorch_lightning import Trainer

model = MyModel ()
trainer = Trainer (gpus=4, plugins='deepspeed_stage_2', precision=16)
trainer.fit (model)

python train.py —--plugins deepspeed_stage_2 —--precision 16 —--gpus 4

32.4.2 DeepSpeed ZeRO Stage 2 Offload

Below we show an example of running ZeRO-Offload. ZeRO-Offload leverages the host CPU to offload optimizer
memory/computation, reducing the overall memory consumption.

Note: To use ZeRO-Offload, you must use precision=16.

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin

model = MyModel ()
trainer = Trainer (gpus=4, plugins='deepspeed_stage 2 offload', precision=16)
trainer.fit (model)

This can also be done via the command line using a Pytorch Lightning script:

python train.py —--plugins deepspeed_stage_2_offload --precision 16 —--gpus 4

You can also modify the ZeRO-Offload parameters via the plugin as below.

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin

model = MyModel ()

trainer = Trainer (gpus=4, plugins=DeepSpeedPlugin (cpu_offload=True, allgather_bucket_
—size=5e8, reduce_bucket_size=5e8), precision=16)

trainer.fit (model)

Note: We suggest tuning the allgather_bucket_size parameter and reduce_bucket_size parameter to
find optimum parameters based on your model size. These control how large a buffer we limit the model to using when
reducing gradients/gathering updated parameters. Smaller values will result in less memory, but tradeoff with speed.
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DeepSpeed allocates a reduce buffer size multiplied by 4.5x so take that into consideration when tweaking the param-
eters.

The plugin sets a reasonable default of 2e 8, which should work for most low VRAM GPUs (less than 7GB), allocating
roughly 3. 6GB of VRAM as buffer. Higher VRAM GPUs should aim for values around 5e8.

For even more speed benefit, DeepSpeed offers an optimized CPU version of ADAM called DeepSpeedCPUAdam to
run the offloaded computation, which is faster than the standard PyTorch implementation.

import pytorch_lightning

from pytorch_lightning import Trainer

from pytorch_lightning.plugins import DeepSpeedPlugin
from deepspeed.ops.adam import DeepSpeedCPUAdam

class MyModel (pl.LightningModule) :

def configure_optimizers(self):
# DeepSpeedCPUAdam provides 5x to 7x speedup over torch.optim.adam(w)
return DeepSpeedCPUAdam(self.parameters())

model = MyModel ()
trainer = Trainer (gpus=4, plugins='deepspeed_stage 2 offload' precision=16)
trainer.fit (model)

32.4.3 DeepSpeed ZeRO Stage 3

DeepSpeed ZeRO Stage 3 shards the optimizer states, gradients and the model parameters (also optionally activations).
Sharding model parameters and activations comes with an increase in distributed communication, however allows you
to scale your models massively from one GPU to multiple GPUs. The DeepSpeed team report the ability to fine-
tune models with over 40B parameters on a single GPU and over 2 Trillion parameters on 512 GPUs. For more
information we suggest checking the DeepSpeed ZeRO-3 Offload documentation.

We’ve ran benchmarks for all these features and given a simple example of how all these features work in Lightning,
which you can see at minGPT.

Currently this functionality is only available on master and will be included in our next 1.3 Release Candidate and 1.3
release.

pip install https://github.com/PyTorchLightning/pytorch-lightning/archive/refs/heads/
—master.zip

To reach the highest memory efficiency or model size, you must:
1. Use the DeepSpeed Plugin with the stage 3 parameter
2. Use CPU Offloading to offload weights to CPU, plus have a reasonable amount of CPU RAM to offload onto
3. Use DeepSpeed Activation Checkpointing to shard activations

Below we describe how to enable all of these to see benefit. With all these improvements we reached 45 Billion
parameters training a GPT model on 8 GPUs with ~1TB of CPU RAM available.

Also please have a look at our DeepSpeed ZeRO Stage 3 Tips which contains a lot of helpful information when
configuring your own models.

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin

(continues on next page)

32.4. DeepSpeed 427



https://github.com/microsoft/DeepSpeed/blob/master/deepspeed/runtime/zero/stage2.py#L1594-L1607
https://deepspeed.readthedocs.io/en/latest/optimizers.html#adam-cpu
https://www.deepspeed.ai/news/2021/03/07/zero3-offload.html
https://github.com/SeanNaren/minGPT/tree/stage3

PyTorch Lightning Documentation, Release 1.3.4

(continued from previous page)

from deepspeed.ops.adam import FusedAdam
class MyModel (pl.LightningModule) :

def configure_optimizers(self):
return FusedAdam(self.parameters())

model = MyModel ()
trainer = Trainer (gpus=4, plugins='deepspeed_stage_3', precision=16)
trainer.fit (model)

trainer.test ()
trainer.predict ()

32.4.4 Shard Model Instantly to Reduce Initialization Time/Memory

When instantiating really large models, it is sometimes necessary to shard the model layers instantly.

This is the case if layers may not fit on one single machines CPU or GPU memory, but would fit once sharded across
multiple machines. We expose a hook that layers initialized within the hook will be sharded instantly on a per layer
basis, allowing you to instantly shard models.

This reduces the time taken to initialize very large models, as well as ensure we do not run out of memory when
instantiating larger models. For more information you can refer to the DeepSpeed docs for Constructing Massive
Models.

import torch.nn as nn

from pytorch_lightning import Trainer

from pytorch_lightning.plugins import DeepSpeedPlugin
from deepspeed.ops.adam import FusedAdam

class MyModel (pl.LightningModule) :

def configure_sharded_model (self):
# Created within sharded model context, modules are instantly sharded across,_,
—processes
# as soon as they are made.
self.block = nn.Sequential (nn.Linear (32, 32), nn.ReLU())

def configure_optimizers (self):
return FusedAdam(self.parameters())

model = MyModel ()
trainer = Trainer (gpus=4, plugins='deepspeed_stage_3', precision=16)
trainer.fit (model)

trainer.test ()
trainer.predict ()
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32.4.5 DeepSpeed ZeRO Stage 3 Offload

DeepSpeed ZeRO Stage 3 Offloads optimizer state, gradients to the host CPU to reduce memory usage as ZeRO Stage
2 does, however additionally allows you to offload the parameters as well for even more memory saving.

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin

# Enable CPU Offloading

model = MyModel ()

trainer = Trainer (gpus=4, plugins='deepspeed_stage 3 _offload', precision=16)
trainer.fit (model)

# Enable CPU Offloading, and offload parameters to CPU

model = MyModel ()

trainer = Trainer (
gpus=4,
plugins=DeepSpeedPlugin (stage=3, cpu_offload=True, cpu_offload_params=True),
precision=16

)

trainer.fit (model)

32.4.6 DeepSpeed Activation Checkpointing
Activation checkpointing frees activations from memory as soon as they are not needed during the forward pass. They
are then re-computed for the backwards pass as needed.

This saves memory when training larger models however requires using a checkpoint function to run the module as
shown below.

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin
import deepspeed

class MyModel (pl.LightningModule) :

def configure_sharded_model (self):
self.block = nn.Sequential (nn.Linear (32, 32), nn.ReLU())

def forward(self, x):
# Use the DeepSpeed checkpointing function instead of calling the module_
—directly
output = deepspeed.checkpointing.checkpoint (self.block, x)
return output

model = MyModel ()

trainer = Trainer (
gpus=4,
plugins='deepspeed_stage_3_offload’,
precision=16

(continues on next page)
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# Enable CPU Activation Checkpointing
trainer = Trainer (
gpus=4,
plugins=DeepSpeedPlugin (
stage=3,
cpu_offload=True, # Enable CPU Offloading
cpu_checkpointing=True # (Optional) offload activations to CPU
) ’
precision=16
)

trainer.fit (model)

32.4.7 DeepSpeed ZeRO Stage 3 Tips

Here is some helpful information when setting up DeepSpeed ZeRO Stage 3 with Lightning.

 If you’re using Adam or AdamW, ensure to use FusedAdam or DeepSpeedCPUAdam (for CPU Offloading)
rather than the default torch optimizers as they come with large speed benefits

¢ Treat your GPU/CPU memory as one large pool. In some cases, you may not want to offload certain things (like
activations) to provide even more space to offload model parameters

* When offloading to the CPU, make sure to bump up the batch size as GPU memory will be freed

e We also support sharded checkpointing. By passing save_full _weights=False to the
DeepSpeedPlugin, we’ll save shards of the model which allows you to save extremely large models.
However to load the model and run test/validation/predict you must use the Trainer object.

32.4.8 Custom DeepSpeed Config

In some cases you may want to define your own DeepSpeed Config, to access all parameters defined. We’ve exposed
most of the important parameters, however, there may be debugging parameters to enable. Also, DeepSpeed allows
the use of custom DeepSpeed optimizers and schedulers defined within a config file that is supported.

Note: All plugin default parameters will be ignored when a config object is passed. All compatible arguments can be
seen in the DeepSpeed docs.

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin

deepspeed_config = {
"zero_allow_untested_optimizer": True,
"optimizer": {
"type": "OneBitAdam",
"params": {
"lr": 3e-5,
"betas": [0.998, 0.999],
"eps": le-5,
"weight_decay": le-9,
"cuda_aware": True,

by

(continues on next page)
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'scheduler': {

"type": "WarmupLR",

"params": {
"last_batch_iteration": -1,
"warmup_min_lr": O,
"warmup_max_1lr": 3e-5,
"warmup_num_steps": 100,

}I
"zero_optimization": {
"stage": 2, # Enable Stage 2 ZeRO (Optimizer/Gradient state partitioning)
"cpu_offload": True, # Enable Offloading optimizer state/calculation to the,,
—host CPU
"contiguous_gradients": True, # Reduce gradient fragmentation.
"overlap_comm": True, # Overlap reduce/backward operation of gradients for,
—speed.
"allgather_bucket_size": 2e8, # Number of elements to all gather at once.
"reduce_bucket_size": 2e8, # Number of elements we reduce/allreduce at once.

model = MyModel ()
trainer = Trainer (gpus=4, plugins=DeepSpeedPlugin (deepspeed_config), precision=16)
trainer.fit (model)

We support taking the config as a json formatted file:

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DeepSpeedPlugin

model = MyModel ()

trainer = Trainer (gpus=4, plugins=DeepSpeedPlugin("/path/to/deepspeed_config. json"),
—precision=16)

trainer.fit (model)

You can use also use an environment variable via your PyTorch Lightning script:

PL,_DEEPSPEED_CONFIG_PATH=/path/to/deepspeed_config. json python train.py —--plugins,,
—deepspeed

32.5 DDP Optimizations

32.5.1 Gradients as Bucket View
Enabling gradient_as_bucket_view=True in the DDPPlugin will make gradients views point to different
offsets of the allreduce communication buckets. See DistributedDataParallel for more information.

This can reduce peak memory usage and throughput as saved memory will be equal to the total gradient memory +
removes the need to copy gradients to the allreduce communication buckets.

Note: When gradient_as_bucket_view=True you cannot call detach_ () on gradients. If hitting such
errors, please fix it by referring to the zero_grad () function in torch/optim/optimizer.py as a solution
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(source).

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DDPPlugin

model = MyModel ()
trainer = Trainer (gpus=4, plugins=DDPPlugin (gradient_as_bucket_view=True))
trainer.fit (model)

32.5.2 DDP Communication Hooks

DDP Communication hooks is an interface to control how gradients are communicated across workers, overriding
the standard allreduce in DistributedDataParallel. This allows you to enable performance improving communication
hooks when using multiple nodes.

Note: DDP communication hooks needs pytorch version at least 1.8.0

Enable FP16 Compress Hook for multi-node throughput improvement:

from pytorch_lightning import Trainer

from pytorch_lightning.plugins import DDPPlugin

from torch.distributed.algorithms.ddp_comm_hooks import (
default_hooks as default,
powerSGD_hook as powerSGD,

model = MyModel ()
trainer = Trainer (gpus=4, plugins=DDPPlugin (ddp_comm_hook=default.fpl6_compress_hook))
trainer.fit (model)

Enable PowerSGD for multi-node throughput improvement:

Note: PowerSGD typically requires extra memory of the same size as the model’s gradients to enable error feedback,
which can compensate for biased compressed communication and improve accuracy (source).

from pytorch_lightning import Trainer
from pytorch_lightning.plugins import DDPPlugin
from torch.distributed.algorithms.ddp_comm hooks import powerSGD_hook as powerSGD

model = MyModel ()
trainer = Trainer (
gpus=4,
plugins=DDPPlugin (
ddp_comm_state=powerSGD.PowerSGDState (
process_group=None,
matrix_approximation_rank=1,
start_powerSGD_1iter=5000,
) 4
ddp_comm_hook=powerSGD.powerSGD_hook,

)

trainer.fit (model)
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Combine hooks for accumulated benefit:

Note: DDP communication wrappers needs pytorch version at least 1.9.0

from pytorch_lightning import Trainer

from pytorch_lightning.plugins import DDPPlugin

from torch.distributed.algorithms.ddp_comm_hooks import (
default_hooks as default,
powerSGD_hook as powerSGD,

model = MyModel ()
trainer = Trainer (
gpus=4,
plugins=DDPPlugin (
ddp_comm_state=powerSGD.PowerSGDState (
process_group=None,
matrix_approximation_rank=1,
start_powerSGD_iter=5000,
) 4
ddp_comm_hook=powerSGD.powerSGD_hook,
ddp_comm_wrapper=default.fpl6_compress_wrapper,

)

trainer.fit (model)
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MULTIPLE DATASETS

Lightning supports multiple dataloaders in a few ways.
1. Create a dataloader that iterates multiple datasets under the hood.

2. In the training loop you can pass multiple loaders as a dict or list/tuple and lightning will automatically combine
the batches from different loaders.

3. In the validation and test loop you also have the option to return multiple dataloaders which lightning will call
sequentially.

33.1 Multiple training dataloaders

For training, the usual way to use multiple dataloaders is to create a DataLoader class which wraps your multiple
dataloaders (this of course also works for testing and validation dataloaders).

(reference)

class ConcatDataset (torch.utils.data.Dataset) :
def _ init_ (self, +*datasets):
self.datasets = datasets

def _ _getitem__ (self, 1i):
return tuple(d[i] for d in self.datasets)

def len_ (self):

return min(len(d) for d in self.datasets)
class LitModel (LightningModule) :

def train_dataloader (self):
concat_dataset = ConcatDataset (
datasets.ImageFolder (traindir_A),
datasets.ImageFolder (traindir_B)

loader = torch.utils.data.DatalLoader (
concat_dataset,
batch_size=args.batch_size,
shuffle=True,
num_workers=args.workers,
pin_memory=True

(continues on next page)
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)

return loader
def val_dataloader (self):

# SAME

def test_dataloader (self):
# SAME

However, with lightning you can also return multiple loaders and lightning will take care of batch combination.

For more details please have a look at multiple trainloader_mode

class LitModel (LightningModule) :
def train_dataloader (self):

loader_a = torch.utils.data.DatalLoader (range(6), batch_size=4)
loader_b = torch.utils.data.DatalLoader (range(15), batch_size=5)

# pass loaders as a dict. This will create batches like this:
# {'a': batch from loader_a, 'b': batch from loader_ b}
loaders = {'a': loader_a,

'b': loader_b}

# OR:

# pass loaders as sequence. This will create batches like this:
# [batch from loader_a, batch from loader_b]

loaders = [loader_a, loader_Db]

return loaders

Furthermore, Lightning also supports that nested lists and dicts (or a combination) can be returned.

class LitModel (LightningModule) :
def train_dataloader (self):

loader_a = torch.utils.data.Dataloader (range(8), batch_size=4)
loader_b = torch.utils.data.DatalLoader (range (16), batch_size=2)

return {'a': loader_a, 'b': loader_Db}

def training_ step(self, batch, batch_idx):
# access a dictionnary with a batch from each dataloader
batch_a = batch["a"]
batch_b = batch["b"]

class LitModel (LightningModule) :
def train_dataloader(self):
loader_a = torch.utils.data.Dataloader (range(8), batch_size=4)

loader_b = torch.utils.data.Dataloader (range (16), batch_size=4)
loader_c = torch.utils.data.DataLoader (range (32), batch_size=4)

(continues on next page)
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loader_c = torch.utils.data.DatalLoader (range (64), batch_size=4)

# pass loaders as a nested dict. This will create batches like this:
loaders = {
'loaders_a_b': {
'a': loader_a,
'b': loader_Db
}I
'loaders_c_d': {
'c': loader_c,
'd': loader_d

}

return loaders

def training_step(self, batch, batch_idx):
# access the data
batch_a_b = batch["loaders_a_b"]
batch_c_d = batch["loaders_c_d"]

batch_a = batch_a_b["a"]
batch_b = batch_a b["a"]

batch_c¢ = batch_c_d["c"]
batch_d = batch_c_d["d"]

33.2 Test/Val dataloaders

For validation and test dataloaders, lightning also gives you the additional option of passing multiple dataloaders back
from each call. You can choose to pass the batches sequentially or simultaneously, as is done for the training step. The
default mode for validation and test dataloaders is sequential.

See the following for more details for the default sequential option:
e val_dataloader ()

e test_dataloader ()

def val dataloader (self):
loader_1 = Dataloader ()
loader_2 = Dataloader ()
return [loader_1, loader_2]

To combine batches of multiple test and validation dataloaders simultaneously, one needs to wrap the dataloaders with
CombinedLoader.

from pytorch_lightning.trainer.supporters import CombinedLoader

def val_dataloader (self):
loader_1 = Dataloader ()
loader_2 = Dataloader ()
loaders = {'a': loader_a, 'b': loader_b}
combined_loaders = CombinedLoader (loaders, "max_size_cycle™)
return combined_loaders
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CHAPTER
THIRTYFOUR

SAVING AND LOADING WEIGHTS

Lightning automates saving and loading checkpoints. Checkpoints capture the exact value of all parameters used by a
model.

Checkpointing your training allows you to resume a training process in case it was interrupted, fine-tune a model or
use a pre-trained model for inference without having to retrain the model.

34.1 Checkpoint saving

A Lightning checkpoint has everything needed to restore a training session including:
* 16-bit scaling factor (apex)
* Current epoch
* Global step
¢ Model state_dict
* State of all optimizers
* State of all learningRate schedulers
* State of all callbacks

* The hyperparameters used for that model if passed in as hparams (Argparse.Namespace)

34.1.1 Automatic saving

Lightning automatically saves a checkpoint for you in your current working directory, with the state of your last
training epoch. This makes sure you can resume training in case it was interrupted.

To change the checkpoint path pass in:

# saves checkpoints to '/your/path/to/save/checkpoints' at every epoch end
trainer = Trainer (default_root_dir='/your/path/to/save/checkpoints")

You can customize the checkpointing behavior to monitor any quantity of your training or validation steps. For
example, if you want to update your checkpoints based on your validation loss:

1. Calculate any metric or other quantity you wish to monitor, such as validation loss.
2. Log the quantity using I og () method, with a key such as val_loss.
3. Initializing the ModelCheckpoint callback, and set monitor to be the key of your quantity.

4. Pass the callback to the callbacks Trainer flag.
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from pytorch_lightning.callbacks import ModelCheckpoint

class LitAutoEncoder (LightningModule) :
def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self.backbone (x)

# 1. calculate loss
loss = F.cross_entropy (y_hat, vy)

# 2. log "val_loss’
self.log('val_loss', loss)

# 3. Init ModelCheckpoint callback, monitoring 'val_loss'
checkpoint_callback = ModelCheckpoint (monitor="val_loss"')

# 4. Add your callback to the callbacks list
trainer = Trainer (callbacks=[checkpoint_callback])

You can also control more advanced options, like save_top_k, to save the best k models and the mode of the mon-
itored quantity (min/max), save_weights_only or period to set the interval of epochs between checkpoints, to avoid
slowdowns.

from pytorch_lightning.callbacks import ModelCheckpoint

class LitAutoEncoder (LightningModule) :
def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self.backbone (x)
loss = F.cross_entropy (y_hat, vy)
self.log('val_loss', loss)

# saves a file like: my/path/sample-mnist-epoch=02-val_loss=0.32.ckpt
checkpoint_callback = ModelCheckpoint (

monitor='val_loss',

dirpath="my/path/",

filename="'sample-mnist— - 'y

save_top_k=3,

mode="'min",

trainer = Trainer (callbacks=[checkpoint_callback])

You can retrieve the checkpoint after training by calling

checkpoint_callback = ModelCheckpoint (dirpath="my/path/")
trainer = Trainer (callbacks=[checkpoint_callback])
trainer.fit (model)

checkpoint_callback.best_model_path
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Disabling checkpoints

You can disable checkpointing by passing

trainer = Trainer (checkpoint_callback=False)

The Lightning checkpoint also saves the arguments passed into the LightningModule init under the hyper_parameters
key in the checkpoint.

class MyLightningModule (LightningModule) :

def _ init_ (self, learning_rate, <*args, **kwargs):
super () .__init__ ()
self.save_hyperparameters ()

# all init args were saved to the checkpoint
checkpoint = torch.load (CKPT_PATH)

print (checkpoint ['hyper parameters'])

# {'learning_ rate': the _value}

34.1.2 Manual saving

You can manually save checkpoints and restore your model from the checkpointed state.

model = MyLightningModule (hparams)

trainer.fit (model)

trainer.save_checkpoint ("example.ckpt")

new_model = MyModel.load_from_checkpoint (checkpoint_path="example.ckpt")

34.1.3 Manual saving with accelerators

Lightning also handles accelerators where multiple processes are running, such as DDP. For example, when using the
DDP accelerator our training script is running across multiple devices at the same time. Lightning automatically en-
sures that the model is saved only on the main process, whilst other processes do not interfere with saving checkpoints.
This requires no code changes as seen below.

trainer = Trainer (accelerator="ddp")
model = MyLightningModule (hparams)
trainer.fit (model)

# Saves only on the main process
trainer.save_checkpoint ("example.ckpt™)

Not using trainer.save_checkpoint can lead to unexpected behaviour and potential deadlock. Using other saving func-
tions will result in all devices attempting to save the checkpoint. As a result, we highly recommend using the trainer’s
save functionality. If using custom saving functions cannot be avoided, we recommend using rank_zero_only ()
to ensure saving occurs only on the main process.
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34.2 Checkpoint loading

To load a model along with its weights, biases and hyperparameters use the following method:

model = MyLightingModule.load_from_checkpoint (PATH)

print (model.learning_rate)
# prints the learning rate you used in this checkpoint

model.eval ()
y_hat = model (x)

But if you don’t want to use the values saved in the checkpoint, pass in your own here

class LitModel (LightningModule) :

def _ init_ (self, in_dim, out_dim):
super () .__init__ ()
self.save_hyperparameters ()
self.11 = nn.Linear (self.hparams.in_dim, self.hparams.out_dim)

you can restore the model like this

# 1f you train and save the model like this it will use these values when loading
# the weights. But you can overwrite this
LitModel (in_dim=32, out_dim=10)

# uses in _dim=32, out_dim=10
model = LitModel.load_from_checkpoint (PATH)

# uses 1in _dim=128, out_dim=10
model = LitModel.load_from_checkpoint (PATH, in_dim=128, out_dim=10)

classmethod LightningModule.load_from_checkpoint (checkpoint_path,
map_location=None,
hparams_file=None, strict=True,
**kwargs)
Primary way of loading a model from a checkpoint. When Lightning saves a checkpoint it stores the arguments
passed to __init__ in the checkpoint under hyper_parameters

Any arguments specified through *args and **kwargs will override args stored in hyper_parameters.
Parameters

* checkpoint_path{ (Union[str, I0]) — Path to checkpoint. This can also be a
URL, or file-like object

* map_location{ (Union[Dict[str, str], str, device, int, Callable,
None]) — If your checkpoint saved a GPU model and you now load on CPUs or a differ-
ent number of GPUs, use this to map to the new setup. The behaviour is the same as in
torch.load().

* hparams_file{ (Optional[str])— Optional path to a .yaml file with hierarchical
structure as in this example:

drop_prob: 0.2
dataloader:
batch_size: 32
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You most likely won’t need this since Lightning will always save the hyperparameters
to the checkpoint. However, if your checkpoint weights don’t have the hyperparameters
saved, use this method to pass in a .yaml file with the hparams you’d like to use. These
will be converted into a dict and passed into your LightningModule for use.

If your model’s hparams argument is Name space and .yaml file has hierarchical struc-
ture, you need to refactor your model to treat hparams as dict.

e strict{ (bool)— Whether to strictly enforce that the keys in checkpoint_path
match the keys returned by this module’s state dict. Default: True.

* kwargs{ — Any extra keyword args needed to init the model. Can also be used to
override saved hyperparameter values.

Returns LightningModule with loaded weights and hyperparameters (if available).

Example:

# load weights without mapping ..
MyLightningModule.load_from_checkpoint ('path/to/checkpoint.ckpt')

# or load weights mapping all weights from GPU 1 to GPU 0
map_location = {'cuda:1':"'cuda:0"}
MyLightningModule.load_from_checkpoint (
'path/to/checkpoint.ckpt"',
map_location=map_location

# or load weights and hyperparameters from separate files.

MyLightningModule.load_from_checkpoint (
'path/to/checkpoint.ckpt’',
hparams_file='/path/to/hparams_file.yaml'

# override some of the params with new values
MyLightningModule.load_from_checkpoint (

PATH,

num_layers=128,

pretrained_ckpt_path: NEW_PATH,

# predict
pretrained_model.eval ()
pretrained_model. freeze ()
y_hat = pretrained_model (x)

34.2.1 Restoring Training State

If you don’t just want to load weights, but instead restore the full training, do the following:

model = LitModel ()
trainer = Trainer (resume_from_checkpoint="'some/path/to/my_checkpoint.ckpt')

# automatically restores model, epoch, step, LR schedulers, apex, etc...
trainer.fit (model)

34.2. Checkpoint loading 443



https://docs.python.org/3/library/stdtypes.html#dict
https://docs.python.org/3/library/argparse.html#argparse.Namespace
https://docs.python.org/3/library/stdtypes.html#dict
https://docs.python.org/3/library/functions.html#bool

PyTorch Lightning Documentation, Release 1.3.4

444 Chapter 34. Saving and loading weights



CHAPTER
THIRTYFIVE

OPTIMIZATION

Lightning offers two modes for managing the optimization process:
* automatic optimization
* manual optimization

For the majority of research cases, automatic optimization will do the right thing for you and it is what most users
should use.

For advanced/expert users who want to do esoteric optimization schedules or techniques, use manual optimization.

35.1 Manual optimization

For advanced research topics like reinforcement learning, sparse coding, or GAN research, it may be desirable to
manually manage the optimization process.

This is only recommended for experts who need ultimate flexibility. Lightning will handle only precision and acceler-
ators logic. The users are left with opt imizer.zero_grad (), gradient accumulation, model toggling, etc..

To manually optimize, do the following:
e Set self.automatic_optimization=Falseinyour LightningModule’s__init__ .
* Use the following functions and call them manually:
— self.optimizers () to access your optimizers (one or multiple)
— optimizer.zero_grad () to clear the gradients from the previous training step
— self.manual_backward(loss) instead of loss.backward ()
— optimizer.step () to update your model parameters

Here is a minimal example of manual optimization.

from pytorch lightning import LightningModule
class MyModel (LightningModule) :

def _ init__ (self):
super () .__init__ ()
# Important: This property activates manual optimization.
self.automatic_optimization = False

(continues on next page)
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def training_step (batch, batch_idx):
opt = self.optimizers()
opt.zero_grad()
loss = self.compute_loss (batch)
self.manual_backward(loss)
opt.step ()

Warning: Before 1.2, optimizer.step () was calling optimizer.zero_grad () internally. From 1.2,
it is left to the user’s expertise.

Tip: Be careful where you call optimizer.zero_grad (), or your model won’t converge. It is good practice to
call optimizer.zero_grad () before self.manual_backward (loss).

35.1.1 Gradient accumulation

You can accumulate gradients over batches similarly to accumulate_grad_batches of automatic optimization.
To perform gradient accumulation with one optimizer, you can do as such.

# accumulate gradients over 'n’ batches
def _ init_ (self):
super () .__init__ ()
self.automatic_optimization = False

def training_ step(self, batch, batch_idx):
opt = self.optimizers()

loss = self.compute_loss (batch)
self.manual_backward (loss)

# accumulate gradients of 'n° batches
if (batch_idx + 1) % n == 0:
opt.step ()
opt.zero_grad()

35.1.2 Use multiple optimizers (like GANs) [manual]

Here is an example training a simple GAN with multiple optimizers.

import torch
from torch import Tensor
from pytorch_lightning import LightningModule

class SimpleGAN (LightningModule) :
def _ init_ (self):
super () .__init__ ()

(continues on next page)
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self.G = Generator ()
self.D = Discriminator ()

# Important: This property activates manual optimization.
self.automatic_optimization = False

def sample_z(self, n) —-> Tensor:
sample = self._Z.sample((n,))
return sample

def sample_G(self, n) —-> Tensor:
z = self.sample_z (n)
return self.G(z)

def training_ step(self, batch, batch_idx):
# Implementation follows the PyTorch tutorial:
# https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html
g_opt, d_opt = self.optimizers()

X, _ = batch
batch_size = X.shapel0]

real_label = torch.ones ((batch_size, 1), device=self.device)
fake_label = torch.zeros((batch_size, 1), device=self.device)

g_X = self.sample_G (batch_size)

#tHAA AR A A FHAAA AR AR A A AR

# Optimize Discriminator #

#tHAFA A AR H AR HAAAFAAAAAAS

d_x = self.D(X)

errD_real = self.criterion(d_x, real_label)

d_z = self.D(g_X.detach())
errD_fake = self.criterion(d_z, fake_label)

errD = (errD_real + errD_fake)

d_opt.zero_grad()
self.manual_backward (errD)
d_opt.step ()

HHAFAAHAAHAAAHAAHAAAA

# Optimize Generator #
#tHAFAAHAAEHAAAHAAAAAAA

d_z = self.D(g_X)

errG = self.criterion(d_z, real_label)

g_opt.zero_grad()
self.manual_backward (errG)
g_opt.step()

self.log_dict({'g_loss': errG, 'd_loss': errD}, prog_bar=True)
def configure_optimizers(self):

g_opt = torch.optim.Adam(self.G.parameters (), lr=le-5)
d_opt = torch.optim.Adam(self.D.parameters (), lr=le-5)

(continues on next page)
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return g_opt, d_opt

35.1.3 Learning rate scheduling [manual]

You can call 1r_scheduler.step () at arbitrary intervals. Use self.lr_schedulers () in your
LightningModule to access any learning rate schedulers defined in your configure_optimizers ().

Warning:

¢ Before 1.3, Lightning automatically called 1r_scheduler.step () in both automatic and manual opti-
mization. From 1.3, 1r_scheduler.step () is now for the user to call at arbitrary intervals.

* Note that the Ir_dict keys, such as "step" and ""interval", will be ignored even if they are provided
in your configure_optimizers () during manual optimization.

Here is an example calling 1r_scheduler.step () every step.

# step every batch

def _ init__ (self):
super () .__init__ ()
self.automatic_optimization = False

def training_step(self, batch, batch_idx):
# do forward, backward, and optimization

# single scheduler
sch = self.lr_schedulers /()
sch.step ()

# multiple schedulers

schl, sch2 = self.lr_schedulers()
schl.step ()

sch2.step ()

If you want to call 1r_scheduler.step () every n steps/epochs, do the following.

def _ init_ (self):
super () .__init__ ()
self.automatic_optimization = False

def training step(self, batch, batch_idx):
# do forward, backward, and optimization
sch = self.lr_schedulers ()
# step every 'n’ batches
if (batch_idx + 1) %$ n == 0:

sch.step ()

# step every 'n’ epochs

(continues on next page)
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o

if self.trainer.is_last_batch and (self.trainer.current_epoch + 1) % n ==
sch.step ()

35.1.4 Improve training speed with model toggling
Toggling models can improve your training speed when performing gradient accumulation with multiple optimizers
in a distributed setting.
Here is an explanation of what it does:
 Considering the current optimizer as A and all other optimizers as B.

» Toggling means that all parameters from B exclusive to A will have their requires_grad attribute set to
False.

 Their original state will be restored when exiting the context manager.

When performing gradient accumulation, there is no need to perform grad synchronization during the accumulation
phase. Setting sync_grad to False will block this synchronization and improve your training speed.

LightningOptimizer provides a toggle_model () function asa contextlib.contextmanager () for
advanced users.

Here is an example for advanced use-case.

# Scenario for a GAN with gradient accumulation every 2 batches and optimized for,
—multiple gpus.
class SimpleGAN (LightningModule) :

def _ init_ (self):
super () .__init__ ()
self.automatic_optimization = False

def training_ step(self, batch, batch_idx):
# Implementation follows the PyTorch tutorial:
# https://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html
g_opt, d_opt = self.optimizers/()

X, _ = batch
X.requires_grad = True
batch_size = X.shape[0]

real_label = torch.ones((batch_size, 1), device=self.device)
fake_label = torch.zeros((batch_size, 1), device=self.device)

# Sync and clear gradients
# at the end of accumulation or
# at the end of an epoch.
is_last_batch_to_accumulate = \
(batch_idx + 1) % 2 == 0 or self.trainer.is_last_batch

g X = self.sample_G (batch_size)

#AFHAFHAAFAAAAFAAFRAAFHASS

# Optimize Discriminator #

(continues on next page)
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rHAFHAHAFHAHAFHARAFAAHAFAA

with d_opt.toggle_model (sync_grad=is_last_batch_to_accumulate) :

d_x = self.D(X)

errD_real = self.criterion(d_x, real_label)

d_z = self.D(g_X.detach())

errD_fake = self.criterion(d_z, fake_label)

errD = (errD_real + errD_fake)

self.manual_backward (errD)

if is_last_batch_to_accumulate:
d_opt.step ()
d_opt.zero_grad()

tH#HAAFAAAFHAAFHAFFAAA
# Optimize Generator #
#H#HAAFRAAFRAAFRAAFRAS

with g_opt.toggle_model (sync_grad=is_last_batch_to_accumulate) :

d_z = self.D(g_X)
errG = self.criterion(d_z, real_label)

self.manual_backward (errG)

if is_last_batch_to_accumulate:
g_opt.step ()
g_opt.zero_grad()

self.log_dict({'g_loss': errG, 'd_loss': errD},

prog_bar=True)

35.1.5 Use closure for LBFGS-like optimizers

It is a good practice to provide the optimizer with a closure function that performs a forward, zero_grad and
backward of your model. It is optional for most optimizers, but makes your code compatible if you switch to an

optimizer which requires a closure, such as torch.optim.LBFGS.
See the PyTorch docs for more about the closure.

Here is an example using a closure function.

def _ init_ (self):
super () .__init__ ()
self.automatic_optimization = False

def configure_optimizers(self):
return torch.optim.LBFGS(...)

def training_ step(self, batch, batch_idx):
opt = self.optimizers/()

def closure () :
loss = self.compute_loss (batch)
opt.zero_grad()
self.manual_backward(loss)
return loss

(continues on next page)
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opt.step(closure=closure)

35.1.6 Access your own optimizer [manual]

optimizer is a LightningOptimizer object wrapping your own optimizer configured in your
configure_optimizers (). You can access your own optimizer with optimizer.optimizer. However,
if you use your own optimizer to perform a step, Lightning won’t be able to support accelerators and precision for you.

def _ init__ (self):
super () .__init__ ()
self.automatic_optimization = False

def training_step (batch, batch_idx):
optimizer = self.optimizers()

# ‘optimizer' is a ‘LightningOptimizer' wrapping the optimizer.
# To access it, do the following.

# However, it won't work on TPU, AMP, etc...

optimizer = optimizer.optimizer

35.2 Automatic optimization

With Lightning, most users don’t have to think about when to call . zero_grad (), .backward () and .step ()
since Lightning automates that for you.

Under the hood, Lightning does the following:

for epoch in epochs:
for batch in data:
loss = model.training_step (batch, batch_idx, ...)
optimizer.zero_grad()
loss.backward ()
optimizer.step ()

for 1lr_scheduler in lr_schedulers:
lr_scheduler.step ()

In the case of multiple optimizers, Lightning does the following:

for epoch in epochs:
for batch in data:
for opt in optimizers:
loss = model.training_step (batch, batch_idx, optimizer_idx)
opt.zero_grad()
loss.backward ()
opt.step ()

(continues on next page)
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for 1lr_scheduler in lr_schedulers:
lr_scheduler.step()

Warning: Before 1.2.2, Lightning internally calls backward, step and zero_grad in the order. From 1.2.2,
the order is changed to zero_grad, backward and step.

35.2.1 Learning rate scheduling

Every optimizer you use can be paired with any Learning Rate Scheduler. In the basic use-case, the scheduler(s)
should be returned as the second output from the configure_optimizers () method:

# no LR scheduler
def configure_optimizers(self):
return Adam(...)

# Adam + LR scheduler

def configure_optimizers(self):
optimizer = Adam(...)
scheduler = LambdalR (optimizer, ...)
return [optimizer], [scheduler]

# Two optimizers each with a scheduler
def configure_optimizers(self):
optimizerl = Adam(...)
optimizer2 = SGD(...)
schedulerl = LambdalR (optimizerl, ...)
scheduler?2 = LambdalR (optimizer2, ...)
return [optimizerl, optimizer2], [schedulerl, scheduler2]

When there are schedulers in which the .step () method is conditioned on a metric value, such as the
ReduceLROnPlateau scheduler, Lightning requires that the output from configure_optimizers () should
be dicts, one for each optimizer, with the keyword "monitor™" set to metric that the scheduler should be conditioned
on.

# The ReduceLROnPlateau scheduler requires a monitor
def configure_optimizers(self):
optimizer = Adam(...)
return {
'optimizer': optimizer,
'"lr_scheduler': ReducelLROnPlateau (optimizer, ...),
'monitor': 'metric_to_track',

# In the case of two optimizers, only one using the ReduceLROnPlateau scheduler
def configure_optimizers(self):

optimizerl = Adam(...)
optimizer2 = SGD(...)
schedulerl = ReducelLROnPlateau(optimizerl, ...)
scheduler2 = LambdalR (optimizer2, ...)
return (
{'optimizer': optimizerl, 'lr_scheduler': schedulerl, 'monitor': 'metric_to_
traeky (continues on next page)
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{'optimizer': optimizer2, 'lr_scheduler': scheduler2},

Note: Metrics can be made available to monitor by simply logging it using self.log ('metric_to_track',
metric_val) inyour LightningModule.

By default, all schedulers will be called after each epoch ends. To change this behaviour, a scheduler configuration
should be returned as a dict which can contain the following keywords:

* "scheduler" (required): the actual scheduler object
* "monitor" (optional): metric to condition

e "interval" (optional): either "epoch" (default) for stepping after each epoch ends or "step™" for stepping
after each optimization step

e "frequency" (optional): how many epochs/steps should pass between calls to scheduler.step (). De-
fault is 1, corresponding to updating the learning rate after every epoch/step.

e "strict" (optional): if set to True, will enforce that value specified in "monitor" is available while
trying to call scheduler.step (), and stop training if not found. If False, it will only give a warning and
continue training without calling the scheduler.

* "name" (optional): if using the LearningRateMonitor callback to monitor the learning rate progress, this
keyword can be used to specify a name the learning rate should be logged as.

# Same as the above example with additional params passed to the first scheduler
# In this case the ReduceLROnPlateau will step after every 10 processed batches
def configure_optimizers(self):

optimizers = [Adam(...), SGD(...)]
schedulers = [
{
'scheduler': ReduceLROnPlateau(optimizers[0], ...),
'monitor': 'metric_to_track',
'interval': 'step',

'frequency': 10,
'strict': True,
}I
LambdalR (optimizers[1], ...)
]

return optimizers, schedulers

35.2.2 Use multiple optimizers (like GANs)

To use multiple optimizers (optionally with learning rate schedulers), return two or more optimizers from
configure_optimizers().

# two optimizers, no schedulers
def configure_optimizers(self):
return Adam(...), SGD(...)

# two optimizers, one scheduler for adam only
def configure_optimizers(self):

(continues on next page)
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optl = Adam(...)

opt2 = SGD(...)

optimizers = [optl, opt2]

lr_schedulers = {'scheduler': ReducelLROnPlateau (optl, ...),
—track'}

return optimizers, lr_schedulers

# two optimizers, two schedulers

def configure_optimizers(self):

optl = Adam(...)
opt2 = SGD(...)
return [optl, opt2], [StepLR(optl, ...), OneCycleLR(opt2,

'monitor': 'metric_to_

Under the hood, Lightning will call each optimizer sequentially:

for epoch in epochs:
for batch in data:
for opt in optimizers:
loss = train_step (batch, batch_idx,
opt.zero_grad()
loss.backward()
opt.step()

optimizer_idx)

for 1lr_scheduler in lr_schedulers:
lr_scheduler.step ()

35.2.3 Step optimizers at arbitrary intervals

To do more interesting things with your optimizers such as learning rate warm-up or odd scheduling, override the

optimizer_step () function.

Warning:

zero_grad (), backward () are called in the closure function.

If you are overriding this method, make sure that you pass the optimizer_closure parame-
ter to optimizer.step () function as shown in the examples because training_step (), optimizer.

For example, here step optimizer A every batch and optimizer B every 2 batches.

# Alternating schedule for optimizer steps
def optimizer_step(
self, epoch, batch_idx,
on_tpu=False,

(e.g. GANs)
optimizer, optimizer_idx,
using_native_amp=False, using_lbfgs=False,
# update generator every step

if optimizer_idx

optimizer.step(closure=optimizer_closure)

# update discriminator every 2 steps
if optimizer_idx == 1:
if (batch_idx + 1) % 2 == 0:
optimizer.step(closure=optimizer_closure)

optimizer_closure,

(continues on next page)
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#
# add as many optimizers as you want

Here we add a learning rate warm-up.

# learning rate warm-up

def optimizer_step(
self, epoch, batch_idx, optimizer, optimizer_idx, optimizer_closure,
on_tpu=False, using_native_amp=False, using_lbfgs=False,

# skip the first 500 steps
if self.trainer.global_step < 500:
lr_scale = min(l., float(self.trainer.global_step + 1) / 500.)
for pg in optimizer.param_groups:
pgl'lr'] = lr_scale » self.hparams.learning_rate

# update params
optimizer.step(closure=optimizer_closure)

35.2.4 Access your own optimizer

optimizer is a LightningOptimizer object wrapping your own optimizer configured in your
configure_optimizers (). You can access your own optimizer with optimizer.optimizer. However,
if you use your own optimizer to perform a step, Lightning won’t be able to support accelerators and precision for you.

# function hook in LightningModule

def optimizer_step(
self, epoch, batch_idx, optimizer, optimizer_idx, optimizer_closure,
on_tpu=False, using_native_amp=False, using_lbfgs=False,

optimizer.step(closure=optimizer_closure)

# ‘optimizer' is a ‘LightningOptimizer' wrapping the optimizer.

# To access it, do the following.

# However, it won't work on TPU, AMP, etc...

def optimizer_step(
self, epoch, batch_idx, optimizer, optimizer_idx, optimizer_closure,
on_tpu=False, using_native_amp=False, using_lbfgs=False,

optimizer = optimizer.optimizer
optimizer.step(closure=optimizer_closure)
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CHAPTER
THIRTYSIX

PERFORMANCE AND BOTTLENECK PROFILER

Profiling your training run can help you understand if there are any bottlenecks in your code.

36.1 Built-in checks

PyTorch Lightning supports profiling standard actions in the training loop out of the box, including:
* on_epoch_start
e on_epoch_end
e on_batch_start
* tbptt_split_batch
¢ model_forward
* model_backward
¢ on_after_backward
* optimizer_step
e on_batch_end
* training_step_end

* on_training_end

36.2 Enable simple profiling

If you only wish to profile the standard actions, you can set profiler="simple” when constructing your Trainer object.

’trainer = Trainer (..., profiler="simple")

The profiler’s results will be printed at the completion of a training fit().

Profiler Report

Action |  Mean duration (s) | Total time (s)
on_epoch_start | 5.993e-06 | 5.993e-06
get_train_batch | 0.0087412 | 16.398
on_batch_start | 5.0865e-006 | 0.0095372

(continues on next page)
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model_forward | 0.0017818 | 3.3408
model_backward | 0.0018283 | 3.4282
on_after_backward | 4.2862e-006 | 0.0080366
optimizer_step | 0.0011072 | 2.0759
on_batch_end | 4.5202e-06 | 0.0084753
on_epoch_end | 3.919e-06 | 3.919e-06
on_train_end | 5.449%9e-06 | 5.449%9e-06

36.3 Advanced Profiling

If you want more information on the functions called during each event, you can use the AdvancedProfiler. This option
uses Python’s cProfiler to provide a report of time spent on each function called within your code.

trainer = Trainer (..., profiler="advanced")
or

profiler = AdvancedProfiler()
trainer = Trainer (..., profiler=profiler)

The profiler’s results will be printed at the completion of a training fi#(). This profiler report can be quite long, so you
can also specify an output_filename to save the report instead of logging it to the output in your terminal. The output
below shows the profiling for the action get_train_batch.

Profiler Report

Profile stats for: get_train_batch

4869394 function calls (4863767 primitive calls) in 18.893 seconds
Ordered by: cumulative time
List reduced from 76 to 10 due to restriction <10>
ncalls tottime percall cumtime percall filename:lineno (function)
3752/1876 0.011 0.000 18.887 0.010 {built-in method builtins.next}

1876 0.008 0.000 18.877 0.010 dataloader.py:344(__next__)
1876 0.074 0.000 18.869 0.010 dataloader.py:383 (_next_data)
1875 0.012 0.000 18.721 0.010 fetch.py:42 (fetch)

1875 0.084 0.000 18.290 0.010 fetch.py:44 (<listcomp>)

60000 1.759 0.000 18.206 0.000 mnist.py:80(__getitem__)
60000 0.267 0.000 13.022 0.000 transforms.py:68(__call__)
60000 0.182 0.000 7.020 0.000 transforms.py:93(__call_ )
60000 1.651 0.000 6.839 0.000 functional.py:42(to_tensor)
60000 0.260 0.000 5.734 0.000 transforms.py:167(__call__)

You can also reference this profiler in your LightningModule to profile specific actions of interest. If you don’t want
to always have the profiler turned on, you can optionally pass a PassThroughProfiler which will allow you to skip
profiling without having to make any code changes. Each profiler has a method profile() which returns a context
handler. Simply pass in the name of your action that you want to track and the profiler will record performance for
code executed within this context.

from pytorch lightning.profiler import Profiler, PassThroughProfiler

class MyModel (LightningModule) :
def _ _init__ (self, profiler=None) :
self.profiler = profiler or PassThroughProfiler ()

(continues on next page)
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def custom_processing_step(self, data):
with profiler.profile('my_custom_action'):
# custom processing step
return data

profiler = Profiler()
model = MyModel (profiler)
trainer = Trainer (profiler=profiler, max_epochs=1)

36.4 PyTorch Profiling

Autograd includes a profiler that lets you inspect the cost of different operators inside your model - both on the CPU
and GPU.

To read more about the PyTorch Profiler and all its options, have a look at its docs

trainer = Trainer (..., profiler="pytorch")
or

profiler = PyTorchProfiler(...)
trainer = Trainer (..., profiler=profiler)

This profiler works with PyTorch DistributedDataParallel. If filename is provided, each rank will save
their profiled operation to their own file. The profiler report can be quite long, so you setting a £ilename will save
the report instead of logging it to the output in your terminal. If no filename is given, it will be logged only on rank 0.

The profiler’s results will be printed on the completion of {fit,validate, test,predict}.

This  profiler will record training_step_and_backward, training_step, backward,
validation_step, test_step, and predict_step by default. The output below
shows the profiling for the action training_step_and_backward. The wuser can provide
PyTorchProfiler (record_functions={...}) toextend the scope of profiled functions.

Note: When using the PyTorch Profiler, wall clock time will not not be representative of the true wall clock time. This
is due to forcing profiled operations to be measured synchronously, when many CUDA ops happen asynchronously.
It is recommended to use this Profiler to find bottlenecks/breakdowns, however for end to end wall clock time use the
SimpleProfiler. # noqa E501

Profiler Report

Profile stats for: training_step_and_backward

Name Self CPU total % Self CPU total CPU total % CPU total
— CPU time avg

e

t 62.10% 1.044ms 62.77% 1.055ms L
. 1.055ms

addmm 32.32% 543.135us 32.69% 549.362us

. 549.362us

(continues on next page)

36.4. PyTorch Profiling 459



https://pytorch.org/docs/master/profiler.html

PyTorch Lightning Documentation, Release 1.3.4

(continued from previous page)

mse_loss 1.35% 22.657us 3.58% 60.105us

— 60.105us

mean 0.22% 3.694us 2.05% 34.523us o
— 34.523us

div_ 0.64% 10.756us 1.90% 32.001us .
— 16.000us

ones_like 0.21% 3.461us 0.81% 13.669us o
— 13.669us

sum_out 0.45% 7.638us 0.74% 12.432us o
- 12.432us

transpose 0.23% 3.786us 0.68% 11.393us o
— 11.393us

as_strided 0.60% 10.060us 0.60% 10.060us o
— 3.353us

to 0.18% 3.059%us 0.44% 7.464us o
. 7.464us

empty_like 0.14% 2.387us 0.41% 6.859%us o
— 6.859%us

empty_strided 0.38% 6.351lus 0.38% 6.351lus o
— 3.175us

£fill 0.28% 4.782us 0.33% 5.566us o
. 2.783us

expand 0.20% 3.336us 0.28% 4.743us o
— 4.743us

empty 0.27% 4.456us 0.27% 4.456us .
. 2.228us

copy__ 0.15% 2.526us 0.15% 2.526us o
. 2.526us

broadcast_tensors 0.15% 2.492us 0.15% 2.492us .
— 2.492us

size 0.06% 0.967us 0.06% 0.967us .
— 0.484us

is_complex 0.06% 0.961us 0.06% 0.961us o
— 0.481us

stride 0.03% 0.517us 0.03% 0.517us o
s 0.517us

Self CPU time total: 1.681lms

When running with PyTorchProfiler(emit_nvtx=True). You should run as following:

’nvprof ——profile-from-start off -o trace_name.prof -- <regular command here>

To visualize the profiled operation, you can either:

Use:

’nvvp trace_name.prof

Or:

python —-c 'import torch; print (torch.autograd.profiler.load_nvprof ("trace_name.prof"))

'
—

class pytorch_lightning.profiler.AdvancedProfiler (dirpath=None, filename=None,
line_count_restriction=1.0, out-
put_filename=None)
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Bases: pytorch_lightning.profiler.profilers.BaseProfiler

This profiler uses Python’s cProfiler to record more detailed information about time spent in each function call
recorded during a given action. The output is quite verbose and you should only use this if you want very
detailed reports.

Parameters

e dirpath{ (Union[str, Path, None]) — Directory path for the filename.
If dirpath is None but filename is present, the trainer.log_dir (from
TensorBoardLogger) will be used.

e filename{ (Optional[str])—If present, filename where the profiler results will be
saved instead of printing to stdout. The . txt extension will be used automatically.

e line_count_restriction{ (float) — this can be used to limit the number of
functions reported for each action. either an integer (to select a count of lines), or a
decimal fraction between 0.0 and 1.0 inclusive (to select a percentage of lines)

Raises ValueError — If you attempt to stop recording an action which was never started.

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str

teardown (stage=None)
Execute arbitrary post-profiling tear-down steps.

Closes the currently open file and stream.
Return type None

class pytorch_lightning.profiler.BaseProfiler (dirpath=None, filename=None, out-

put_filename=None)
Bases: pytorch lightning.profiler.profilers.AbstractProfiler

If you wish to write a custom profiler, you should inherit from this class.

describe ()
Logs a profile report after the conclusion of run.

Return type None

profile (action_name)
Yields a context manager to encapsulate the scope of a profiled action.

Example:

with self.profile('load training data'):
# load training data code

The profiler will start once you’ve entered the context and will automatically stop once you exit the code
block.
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Return type None

setup (stage=None, local_rank=None, log_dir=None)
Execute arbitrary pre-profiling set-up steps.

Return type None

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str

teardown (stage=None)
Execute arbitrary post-profiling tear-down steps.

Closes the currently open file and stream.
Return type None

class pytorch_lightning.profiler.PassThroughProfiler (dirpath=None, filename=None,
output_filename=None)
Bases: pytorch lightning.profiler.profilers.BaseProfiler

This class should be used when you don’t want the (small) overhead of profiling. The Trainer uses this class by
default.

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str

class pytorch_lightning.profiler.PyTorchProfiler (dirpath=None, filename=None,
group_by_input_shapes=False,
emit_nvtx=False, ex-

port_to_chrome=True,
row_limit=20,  sort_by_key=None,
record_functions=None,
record_module_names=True,
profiled_functions=None, out-
put_filename=None, **pro-
filer_kwargs)

Bases: pytorch lightning.profiler.profilers.BaseProfiler

This profiler uses PyTorch’s Autograd Profiler and lets you inspect the cost of different operators inside your
model - both on the CPU and GPU
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Parameters

e dirpath{ (Union[str, Path, None]) — Directory path for the filename.
If dirpath is None but filename is present, the trainer.log_dir (from
TensorBoardLogger) will be used.

e filename{ (Optional[str])—If present, filename where the profiler results will be
saved instead of printing to stdout. The . txt extension will be used automatically.

* group_by_input_shapes{ (bool) - Include operator input shapes and group calls

by shape.

* emit_nvtx{ (bool) — Context manager that makes every autograd operation emit an
NVTX range Run:
nvprof —-profile-from-start off -o trace_name.prof -- <regular

—command here>

To visualize, you can either use:

nvvp trace_name.prof
torch.autograd.profiler.load_nvprof (path)

* export_to_chrome{ (bool)— Whether to export the sequence of profiled operators
for Chrome. It will generate a . json file which can be read by Chrome.

* row_limit{ (int) — Limit the number of rows in a table, —1 is a special value that
removes the limit completely.

* sort_by_ key{ (Optional[str]) — Attribute used to sort entries. By de-
fault they are printed in the same order as they were registered. Valid keys
include: cpu_time, cuda_time, cpu_time_total, cuda_time_total,
cpu_memory_usage, cuda_memory_usage, self_ cpu_memory_usage,
self_cuda_memory_usage, count.

* record_functions{ (Optional[Set[str]]) — Set of profiled functions which
will create a context manager on. Any other will be pass through.

* record_module_names{ (bool) — Whether to add module names while recording
autograd operation.

* profiler kwargs{ (Any)— Keyword arguments for the PyTorch profiler. This de-
pends on your PyTorch version

Raises MisconfigurationException - If arg sort_by_key is not present in
AVAILABLE_SORT_KEYS. If arg scheduleisnota Callable. If arg schedule does
notreturna torch.profiler.ProfilerAction.

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str
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teardown (stage=None)
Execute arbitrary post-profiling tear-down steps.

Closes the currently open file and stream.
Return type None

class pytorch_lightning.profiler.SimpleProfiler (dirpath=None, filename=None, ex-

tended=True, output_filename=None)
Bases: pytorch_lightning.profiler.profilers.BaseProfiler

This profiler simply records the duration of actions (in seconds) and reports the mean duration of each action
and the total time spent over the entire training run.

Parameters

e dirpath{ (Union[str, Path, None]) — Directory path for the filename.
If dirpath is None but filename is present, the trainer.log_dir (from
TensorBoardLogger) will be used.

e filename{ (Optional[str])—If present, filename where the profiler results will be
saved instead of printing to stdout. The . txt extension will be used automatically.

Raises ValueError —If you attempt to start an action which has already started, or if you attempt
to stop recording an action which was never started.

start (action_name)
Defines how to start recording an action.

Return type None

stop (action_name)
Defines how to record the duration once an action is complete.

Return type None

summary ()
Create profiler summary in text format.

Return type str
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CHAPTER
THIRTYSEVEN

SINGLE GPU TRAINING

Make sure you are running on a machine that has at least one GPU. Lightning handles all the NVIDIA flags for you,

there’s no need to set them yourself.

# train on 1 GPU (using dp mode)

trainer = Trainer (gpus=1)
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CHAPTER
THIRTYEIGHT

SEQUENTIAL DATA

Lightning has built in support for dealing with sequential data.

38.1 Packed sequences as inputs

When using PackedSequence, do 2 things:

1. Return either a padded tensor in dataset or a list of variable length tensors in the dataloader collate_fn (example
shows the list implementation).

2. Pack the sequence in forward or training and validation steps depending on use case.

# For use in dataloader

def collate_fn (batch):
X = [item[0] for item in batch]
y = [item[1] for item in batch]
return x, y

# In module

def training_step(self, batch, batch_nb):
x = rnn.pack_sequence (batch[0], enforce_sorted=False)
y = rnn.pack_sequence (batch[1l], enforce_sorted=False)

38.2 Truncated Backpropagation Through Time

There are times when multiple backwards passes are needed for each batch. For example, it may save memory to use
Truncated Backpropagation Through Time when training RNNs.

Lightning can handle TBTT automatically via this flag.

from pytorch_lightning import LightningModule
class MyModel (LightningModule) :

def _ init__ (self):
super () .__init__ ()
# Important: This property activates truncated backpropagation through time
# Setting this value to 2 splits the batch into sequences of size 2

(continues on next page)
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self.truncated_bptt_steps = 2

# Truncated back-propagation through time
def training step(self, batch, batch_idx, hiddens):
# the training step must be updated to accept a "~ "hiddens' argument
# hiddens are the hiddens from the previous truncated backprop step
out, hiddens = self.lstm(data, hiddens)
return {
"loss": ...,
"hiddens": hiddens

Note: If you need to modify how the batch is split, override pytorch_lightning.core.
LightningModule.tbptt_split_batch ().

38.3 lterable Datasets

Lightning supports using IterableDatasets as well as map-style Datasets. IterableDatasets provide a more natural
option when using sequential data.

Note: When using an IterableDataset you must set the val_check_interval to 1.0 (the default) or an int
(specifying the number of training batches to run before validation) when initializing the Trainer. This is because
the IterableDataset does not have a __len__ and Lightning requires this to calculate the validation interval when
val_check_interval is less than one. Similarly, you can set 1imit_{mode}_batches to a float or an int.
If it is set to 0.0 or O it will set num_ {mode}_batches to 0, if it is an int it will set num_ {mode}_batches to
limit_{mode}_batches,ifitis setto 1.0 it will run for the whole dataset, otherwise it will throw an exception.
Here mode can be train/val/test.

# IterableDataset
class CustomDataset (IterableDataset) :

def _ init_ (self, data):
self.data_source

def  iter (self):
return iter (self.data_source)

# Setup DatalLoader

def train_dataloader (self):
seqg_data = ['A', 'long', 'time', 'ago', 'in', 'a', 'galaxy', 'far', 'far', 'away']
iterable_dataset = CustomDataset (seg_data)

dataloader = Dataloader (dataset=iterable_dataset, batch_size=5)
return dataloader

# Set val_check_interval
trainer = Trainer (val_check_interval=100)

(continues on next page)
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# Set limit_val batches to 0.0 or 0
trainer = Trainer (limit_val_batches=0.0)

# Set limit_val batches as an int
trainer = Trainer (limit_val_lbatches=100)

38.3. Iterable Datasets
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CHAPTER
THIRTYNINE

TRAINING TRICKS

Lightning implements various tricks to help during training

39.1 Accumulate gradients

Accumulated gradients runs K small batches of size N before doing a backwards pass. The effect is a large effective
batch size of size KxN.

See also:

Trainer

# DEFAULT (ie: no accumulated grads)
trainer = Trainer (accumulate_grad_batches=1)

39.2 Gradient Clipping

Gradient clipping may be enabled to avoid exploding gradients. By default, this will clip the gradient norm computed
over all model parameters together. If gradient_clip_algorithm option is set to value, which is norm by
default, this will clip the gradient value for each parameter instead.

See also:

Trainer

# DEFAULT (ie: don't clip)
trainer = Trainer (gradient_clip_val=0)

# clip gradients with norm above 0.5
trainer = Trainer (gradient_clip_val=0.5)

# clip gradients with value above 0.5

# gradient_clip_algorithm types => :class: ~pytorch lightning.utilities.enums.
—GradClipAlgorithmType"

trainer = Trainer (gradient_clip_val=0.5, gradient_clip_algorithm='value')
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39.3 Stochastic Weight Averaging

Stochastic Weight Averaging (SWA) can make your models generalize better at virtually no additional cost. This can
be used with both non-trained and trained models. The SWA procedure smooths the loss landscape thus making it
harder to end up in a local minimum during optimization.

For a more detailed explanation of SWA and how it works, read this post by the PyTorch team.
See also:

StochasticWeightAveraging (Callback)

# Enable Stochastic Weight Averaging
trainer = Trainer (stochastic_weight_avg=True)

39.4 Auto scaling of batch size

Auto scaling of batch size may be enabled to find the largest batch size that fits into memory. Larger batch size
often yields better estimates of gradients, but may also result in longer training time. Inspired by https://github.com/
BlackHC/toma.

See also:

Trainer

# DEFAULT (ie: don't scale batch size automatically)
trainer = Trainer (auto_scale_batch_size=None)

# Autoscale batch size
trainer = Trainer (auto_scale_batch_size=None| 'power'|'binsearch')

# find the batch size
trainer.tune (model)

Currently, this feature supports two modes ‘power’ scaling and ‘binsearch’ scaling. In ‘power’ scaling, starting from
a batch size of 1 keeps doubling the batch size until an out-of-memory (OOM) error is encountered. Setting the
argument to ‘binsearch’ will initially also try doubling the batch size until it encounters an OOM, after which it will
do a binary search that will finetune the batch size. Additionally, it should be noted that the batch size scaler cannot
search for batch sizes larger than the size of the training dataset.

Note: This feature expects that a batch_size field is either located as a model attribute i.e. model.batch_size or as a
field in your hparams i.e. model hparams.batch_size. The field should exist and will be overridden by the results of
this algorithm. Additionally, your train_dataloader() method should depend on this field for this feature to work i.e.

def train_dataloader (self):
return Dataloader (train_dataset, batch_size=self.batch_size|self.hparams.batch_
—size)

Warning: Due to these constraints, this features does NOT work when passing dataloaders directly to .fif().
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The scaling algorithm has a number of parameters that the user can control by invoking the scale batch _size ()
method:

# Use default in traliner construction
trainer = Trainer()
tuner = Tuner (trainer)

# Invoke method
new_pbatch_size = tuner.scale_batch_size (model, xextra_parameters_here)

# Override old batch size (this is done automatically)
model .hparams.batch_size = new_batch_size

# Fit as normal
trainer.fit (model)

The algorithm in short works by:
1. Dumping the current state of the model and trainer

2. Iteratively until convergence or maximum number of tries max_trials (default 25) has been reached:

e Call fit() method of trainer. This evaluates steps_per_trial (default 3) number of training steps.
Each training step can trigger an OOM error if the tensors (training batch, weights, gradients,
etc.) allocated during the steps have a too large memory footprint.

e If an OOM error is encountered, decrease batch size else increase it. How much the batch size
is increased/decreased is determined by the chosen strategy.

3. The found batch size is saved to either model.batch_size or model.hparams.batch_size

4. Restore the initial state of model and trainer

Warning: Batch size finder is not supported for DDP yet, it is coming soon.

39.5 Advanced GPU Optimizations

When training on single or multiple GPU machines, Lightning offers a host of advanced optimizations to improve
throughput, memory efficiency, and model scaling. Refer to Advanced GPU Optimized Training for more details.
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CHAPTER
FORTY

PRUNING AND QUANTIZATION

Pruning and Quantization are techniques to compress model size for deployment, allowing inference speed up and
energy saving without significant accuracy losses.

40.1 Pruning

Warning: Pruning is in beta and subject to change.

Pruning is a technique which focuses on eliminating some of the model weights to reduce the model size and decrease
inference requirements.

Pruning has been shown to achieve significant efficiency improvements while minimizing the drop in model perfor-
mance (prediction quality). Model pruning is recommended for cloud endpoints, deploying models on edge devices,
or mobile inference (among others).

To enable pruning during training in Lightning, simply pass in the Mode 1 Pruning callback to the Lightning Trainer.
PyTorch’s native pruning implementation is used under the hood.

This callback supports multiple pruning functions: pass any torch.nn.utils.prune function as a string to select which
weights to prune (random_unstructured, RandomStructured, etc) or implement your own by subclassing BasePruning-
Method.

from pytorch_lightning.callbacks import ModelPruning

# set the amount to be the fraction of parameters to prune
trainer = Trainer (callbacks=[ModelPruning ("1l _unstructured", amount=0.5)1])

You can also perform iterative pruning, apply the lottery ticket hypothesis, and more!

def compute_amount (epoch) :
# the sum of all returned values need to be smaller than 1
if epoch == 10:
return 0.5

elif epoch == 50:
return 0.25

elif 75 < epoch < 99
return 0.01

(continues on next page)
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# the amount can be also be a callable
trainer = Trainer (callbacks=[ModelPruning ("1l _unstructured", amount=compute_amount)])

40.2 Quantization

Warning: Quantization is in beta and subject to change.

Model quantization is another performance optimization technique that allows speeding up inference and decreasing
memory requirements by performing computations and storing tensors at lower bitwidths (such as INT8 or FLOAT16)
than floating-point precision. This is particularly beneficial during model deployment.

Quantization Aware Training (QAT) mimics the effects of quantization during training: The computations are carried-
out in floating-point precision but the subsequent quantization effect is taken into account. The weights and activations
are quantized into lower precision only for inference, when training is completed.

Quantization is useful when it is required to serve large models on machines with limited memory, or when there’s a
need to switch between models and reducing the I/O time is important. For example, switching between monolingual
speech recognition models across multiple languages.

Lightning includes QuantizationAwareTraining callback (using PyTorch’s native quantization, read more
here), which allows creating fully quantized models (compatible with torchscript).

from pytorch lightning.callbacks import QuantizationAwareTraining
class RegressionModel (LightningModule) :

def _ init_ (self):

super () .__init__ ()

self.layer_0 = nn.Linear (16, 64)
self.layer_0Oa = torch.nn.RelLU()
self.layer_1 = nn.Linear (64, 64)

self.layer_la = torch.nn.ReLU()
self.layer_end = nn.Linear (64, 1)

def forward(self, x):

= self.layer_0 (x)

= self.layer_0Oa (x)

self.layer_1 (x)

= self.layer_la(x)

= self.layer_end(x)
return x

oMM X X
Il

trainer = Trainer (callbacks=[QuantizationAwareTraining()])
gmodel = RegressionModel ()
trainer.fit (gmodel, ...)

batch = iter (my_dataloader ()) .next ()
gmodel (gmodel.quant (batch[0]))

tsmodel = gmodel.to_torchscript ()
tsmodel (tsmodel.quant (batch[0]))

You can further customize the callback:
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gcb = QuantizationAwareTraining(

# specification of quant estimation quality
observer_type='histogram',

# specify which layers shall be merged together to increase efficiency
modules_to_fuse=[(f'layer_ {i}', f'layer_{i}a') for i in range (2)]
# make your model compatible with all original input/outputs,
—the model is wrapped in a shell with entry/exit layers.

input_compatible=True

in such case_

batch = iter (my_dataloader ()) .next ()
gmodel (batch[0])
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CHAPTER
FORTYONE

TRANSFER LEARNING

41.1 Using Pretrained Models

Sometimes we want to use a LightningModule as a pretrained model. This is fine because a LightningModule is just
a torch.nn.Module!

Note: Remember that a LightningModule is EXACTLY a torch.nn.Module but with more capabilities.

Let’s use the AutoEncoder as a feature extractor in a separate model.

class Encoder (torch.nn.Module) :

class AutoEncoder (LightningModule) :
def _ init_ (self):
self.encoder = Encoder ()
self.decoder = Decoder ()

class CIFAR1O0Classifier (LightningModule) :
def _ init_ (self):
# init the pretrained LightningModule
self.feature_extractor = AutoEncoder.load_from_checkpoint (PATH)
self.feature_extractor.freeze ()

# the autoencoder outputs a 100-dim representation and CIFAR-10 has 10 classes
self.classifier = nn.Linear (100, 10)

def forward(self, x):
representations = self.feature_extractor (x)
x = self.classifier (representations)

We used our pretrained Autoencoder (a LightningModule) for transfer learning!
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41.2 Example: Imagenet (computer Vision)

import torchvision.models as models

class ImagenetTransferLearning(LightningModule) :
def _ init__ (self):
super () .__init__ ()

# init a pretrained resnet

backbone = models.resnet50 (pretrained=True)
num_filters = backbone.fc.in_features

layers = list (backbone.children()) [:-1]
self.feature_extractor = nn.Sequential (xlayers)

# use the pretrained model to classify cifar—-10 (10 image classes)
num_target_classes = 10
self.classifier = nn.Linear (num_filters, num_target_classes)

def forward(self, x):
self.feature_extractor.eval ()
with torch.no_grad() :

representations = self.feature_extractor(x).flatten(1l)
x = self.classifier (representations)
Finetune
model = ImagenetTransferLearning()
trainer = Trainer ()

trainer.fit (model)

And use it to predict your data of interest

model = ImagenetTransferLearning.load_from_checkpoint (PATH)
model. freeze ()

x = some_images_from_cifarlO ()
predictions = model (x)

We used a pretrained model on imagenet, finetuned on CIFAR-10 to predict on CIFAR-10. In the non-academic world
we would finetune on a tiny dataset you have and predict on your dataset.

41.3 Example: BERT (NLP)

Lightning is completely agnostic to what’s used for transfer learning so long as it is a torch.nn.Module subclass.

Here’s a model that uses Huggingface transformers.

class BertMNLIFinetuner (LightningModule) :

def _ init_ (self):
super () .__init__ ()

self.bert = BertModel.from_pretrained('bert-base-cased', output_
—attentions=True)

(continues on next page)
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self.W = nn.Linear (bert.config.hidden_size, 3)

self.num_classes

-3

def forward(self, input_ids, attention_mask, token_type_ids):

h, _, attn = self.bert (input_ids=input_ids,

h_cls = h[:, 0]

attention_mask=attention_mask,
token_type_ids=token_type_ids)

logits = self.W(h_cls)
return logits, attn

41.3. Example: BERT (NLP)
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CHAPTER
FORTYTWO

TPU SUPPORT

Lightning supports running on TPUs. At this moment, TPUs are available on Google Cloud (GCP), Google Colab and
Kaggle Environments. For more information on TPUs watch this video.

42.1 TPU Terminology

A TPU is a Tensor processing unit. Each TPU has 8 cores where each core is optimized for 128x128 matrix multiplies.
In general, a single TPU is about as fast as 5 V100 GPUs!

A TPU pod hosts many TPUs on it. Currently, TPU pod v2 has 2048 cores! You can request a full pod from Google
cloud or a “slice” which gives you some subset of those 2048 cores.

42.2 How to access TPUs

To access TPUs, there are three main ways.
1. Using Google Colab.
2. Using Google Cloud (GCP).
3. Using Kaggle.

42.3 Kaggle TPUs

For starting Kaggle projects with TPUs, refer to this kernel.
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42.4 Colab TPUs

Colab is like a jupyter notebook with a free GPU or TPU hosted on GCP.
To get a TPU on colab, follow these steps:

1. Go to https://colab.research.google.com/.

2. Click “new notebook™ (bottom right of pop-up).

3. Click runtime > change runtime settings. Select Python 3, and hardware accelerator “TPU”. This will give you
a TPU with 8 cores.

4. Next, insert this code into the first cell and execute. This will install the xla library that interfaces between
PyTorch and the TPU.

'pip install cloud-tpu-client==0.10 https://storage.googleapis.com/tpu-pytorch/
—wheels/torch_xla-1.8-cp37-cp37m-linux_x86_64.whl

5. Once the above is done, install PyTorch Lightning (v 0.7.0+).

'pip install pytorch-lightning

6. Then set up your LightningModule as normal.

42.5 DistributedSamplers

Lightning automatically inserts the correct samplers - no need to do this yourself!

Usually, with TPUs (and DDP), you would need to define a DistributedSampler to move the right chunk of data to the
appropriate TPU. As mentioned, this is not needed in Lightning

Note: Don’t add distributedSamplers. Lightning does this automatically

If for some reason you still need to, this is how to construct the sampler for TPU use

import torch_xla.core.xla_model as xm

def train_dataloader (self):
dataset = MNIST (
os.getcwd(),
train=True,
download=True,
transform=transforms.ToTensor ()

)

# required for TPU support
sampler = None
if use_tpu:
sampler = torch.utils.data.distributed.DistributedSampler (
dataset,
num_replicas=xm.xrt_world_size(),
rank=xm.get_ordinal (),

(continues on next page)
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shuffle=True
)

loader = DatalLoader (
dataset,
sampler=sampler,
batch_size=32

)

return loader

Configure the number of TPU cores in the trainer. You can only choose 1 or 8. To use a full TPU pod skip to the TPU

pod section.

import pytorch lightning as pl

my_model = MyLightningModule ()
trainer = pl.Trainer (tpu_cores=8)
trainer.fit (my_model)

That’s it! Your model will train on all 8 TPU cores.

42.6 TPU core training

Lightning supports training on a single TPU core or 8§ TPU cores.

The Trainer parameters t pu_cores defines how many TPU cores to train on (1 or 8) / Single TPU to train on [1].

For Single TPU training, Just pass the TPU core ID [1-8] in a list.

Single TPU core training. Model will train on TPU core ID 5.

’trainer = pl.Trainer (tpu_cores=[5])

8 TPU cores training. Model will train on 8 TPU cores.

’trainer = pl.Trainer (tpu_cores=8)

42.7 Distributed Backend with TPU

The accelerator option used for GPUs does not apply to TPUs. TPUs work in DDP mode by default (distributing

over each core)

42.6. TPU core training
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42.8 TPU Pod

To train on more than 8 cores, your code actually doesn’t change! All you need to do is submit the following command:

$ python -m torch_xla.distributed.xla_dist
——tpu=STPU_POD_NAME

—-—conda-env=torch-xla-nightly
-— python /usr/share/torch-xla-0.5/pytorch/xla/test/test_train_imagenet.py —--fake_data

See this guide on how to set up the instance groups and VMs needed to run TPU Pods.

42.9 16 bit precision

Lightning also supports training in 16-bit precision with TPUs. By default, TPU training will use 32-bit precision. To
enable 16-bit, set the 16-bit flag.

import pytorch_lightning as pl

my_model = MyLightningModule ()
trainer = pl.Trainer (tpu_cores=8, precision=16)
trainer.fit (my_model)

Under the hood the xla library will use the bfloat16 type.

42.10 Weight Sharing/Tying

Weight Tying/Sharing is a technique where in the module weights are shared among two or more layers. This is a
common method to reduce memory consumption and is utilized in many State of the Art architectures today.

PyTorch XLA requires these weights to be tied/shared after moving the model to the TPU device. To support this
requirement Lightning provides a model hook which is called after the model is moved to the device. Any weights
that require to be tied should be done in the on_post_move_to_device model hook. This will ensure that the weights
among the modules are shared and not copied.

PyTorch Lightning has an inbuilt check which verifies that the model parameter lengths match once the model is
moved to the device. If the lengths do not match Lightning throws a warning message.

Example:

from pytorch_lightning.core.lightning import LightningModule
from torch import nn
from pytorch_lightning.trainer.trainer import Trainer

class WeightSharingModule (LightningModule) :
def _ init_ (self):

super () .__init__ ()
self.layer_1 = nn.Linear (32, 10, bias=False)
self.layer_2 = nn.Linear (10, 32, bias=False)

(continues on next page)
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self.layer_3 = nn.Linear (32, 10, bias=False)

# TPU shared weights are copied independently

# on the XLA device and this line won't have any effect.
# However, it works fine for CPU and GPU.
self.layer_3.weight = self.layer_1l.weight

def forward(self, x):

x = self.layer_1(x)
x = self.layer_2(x)
x = self.layer_3(x)
return x

def on_post_move_to_device (self):
# Weights shared after the model has been moved to TPU Device
self.layer_3.weight = self.layer_1l.weight

model = WeightSharingModule ()
trainer = Trainer (max_epochs=1, tpu_cores=38)

See XILA Documentation

42.11 Performance considerations

The TPU was designed for specific workloads and operations to carry out large volumes of matrix multiplication,
convolution operations and other commonly used ops in applied deep learning. The specialization makes it a strong
choice for NLP tasks, sequential convolutional networks, and under low precision operation. There are cases in which
training on TPUs is slower when compared with GPUs, for possible reasons listed:

* Too small batch size.

» Explicit evaluation of tensors during training, e.g. tensor.item()
* Tensor shapes (e.g. model inputs) change often during training.

* Limited resources when using TPU’s with PyTorch Link

* XLA Graph compilation during the initial steps Reference

* Some tensor ops are not fully supported on TPU, or not supported at all. These operations will be performed on
CPU (context switch).

* PyTorch integration is still experimental. Some performance bottlenecks may simply be the result of unfinished
implementation.

The official PyTorch XLA performance guide has more detailed information on how PyTorch code can be optimized
for TPU. In particular, the metrics report allows one to identify operations that lead to context switching.
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42.12 About XLA

XLA is the library that interfaces PyTorch with the TPUs. For more information check out XLA.
Guide for troubleshooting XLLA
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CHAPTER
FORTYTHREE

TEST SET

Lightning forces the user to run the test set separately to make sure it isn’t evaluated by mistake. Testing is performed
using the trainer object’s .test () method.

Trainer.test (model=None, test_dataloaders=None, ckpt_path='best', verbose=True, datamod-
ule=None)
Perform one evaluation epoch over the test set. It’s separated from fit to make sure you never run on your test
set until you want to.

Parameters
e modelf (Optionall[LightningModule]) - The model to test.

e test_dataloaders{ (Union[DataLoader, List[DataLoader], None]) - Ei-
ther a single PyTorch DatalLoader or a list of them, specifying test samples.

* ckpt_path{ (Optional[str]) — Either best or path to the checkpoint you wish
to test. If None, use the current weights of the model. When the model is given as
argument, this parameter will not apply.

* verbose{ (bool) —If True, prints the test results.

e datamodulef (Optional[LightningDataModule]) - An instance of
LightningDataModule.

Return type List[Dict[str, float]]

Returns Returns a list of dictionaries, one for each test dataloader containing their respective met-
rics.

43.1 Test after fit

To run the test set after training completes, use this method.

# run full training
trainer.fit (model)

# (1) load the best checkpoint automatically (lightning tracks this for you)
trainer.test ()

# (2) don't load a checkpoint, instead use the model with the latest weights
trainer.test (ckpt_path=None)

# (3) test using a specific checkpoint

(continues on next page)
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trainer.test (ckpt_path='/path/to/my_checkpoint.ckpt")

# (4) test with an explicit model (will use this model and not load a checkpoint)
trainer.test (model)

43.2 Test multiple models

You can run the test set on multiple models using the same trainer instance.

modell LitModel ()
model2 = GANModel ()

trainer = Trainer ()
trainer.test (modell)
trainer.test (model?2)

43.3 Test pre-trained model

To run the test set on a pre-trained model, use this method.

model = MyLightningModule.load_from_checkpoint (
checkpoint_path='/path/to/pytorch_checkpoint.ckpt',
hparams_file="'/path/to/test_tube/experiment/version/hparams.yaml',
map_location=None

# init trainer with whatever options
trainer = Trainer(...)

# test (pass in the model)
trainer.test (model)

In this case, the options you pass to trainer will be used when running the test set (ie: 16-bit, dp, ddp, etc...)

43.4 Test with additional data loaders

You can still run inference on a test set even if the fest_dataloader method hasn’t been defined within your lightning
module instance. This would be the case when your test data is not available at the time your model was declared.

# setup your data loader
test = DatalLoader(...)

# test (pass in the loader)
trainer.test (test_dataloaders=test)
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You can either pass in a single dataloader or a list of them. This optional named parameter can be used in conjunc-
tion with any of the above use cases. Additionally, you can also pass in an datamodules that have overridden the
test_dataloader method.

class MyDataModule (pl.LightningDataModule) :

def test_dataloader (self):
return Dataloader(...)

# setup your datamodule
dm = MyDataModule(...)

# test (pass in datamodule)
trainer.test (datamodule=dm)

43.4. Test with additional data loaders 491
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CHAPTER
FORTYFOUR

INFERENCE IN PRODUCTION

PyTorch Lightning eases the process of deploying models into production.

44.1 Exporting to ONNX

PyTorch Lightning provides a handy function to quickly export your model to ONNX format, which allows the model
to be independent of PyTorch and run on an ONNX Runtime.

To export your model to ONNX format call the t o_onnx function on your Lightning Module with the filepath and
input_sample.

filepath = 'model.onnx'

model = SimpleModel ()

input_sample = torch.randn((1l, 64))

model.to_onnx (filepath, input_sample, export_params=True)

You can also skip passing the input sample if the * example_input_array ~ property is specified in your LightningMod-
ule.

Once you have the exported model, you can run it on your ONNX runtime in the following way:

ort_session = onnxruntime.InferenceSession (filepath)

input_name = ort_session.get_inputs () [0] .name

ort_inputs = {input_name: np.random.randn(l, 64) .astype(np.float32)}
ort_outs = ort_session.run (None, ort_inputs)

44.2 Exporting to TorchScript

TorchScript allows you to serialize your models in a way that it can be loaded in non-Python environments. The
LightningModule has a handy method to_torchscript () that returns a scripted module which you can save or
directly use.

model = SimpleModel ()
script = model.to_torchscript ()

# save for use in production environment
torch.jit.save (script, "model.pt")

It is recommended that you install the latest supported version of PyTorch to use this feature without limitations.
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CHAPTER
FORTYFIVE

CONVERSATIONAL Al

These are amazing ecosystems to help with Automatic Speech Recognition (ASR), Natural Language Processing
(NLP), and Text to speech (TTS).

45.1 NeMo

NVIDIA NeMo is a toolkit for building new State-of-the-Art Conversational AI models. NeMo has separate col-
lections for Automatic Speech Recognition (ASR), Natural Language Processing (NLP), and Text-to-Speech (TTS)
models. Each collection consists of prebuilt modules that include everything needed to train on your data. Every
module can easily be customized, extended, and composed to create new Conversational AI model architectures.

Conversational Al architectures are typically very large and require a lot of data and compute for training. NeMo uses
PyTorch Lightning for easy and performant multi-GPU/multi-node mixed-precision training.

Note: Every NeMo model is a LightningModule that comes equipped with all supporting infrastructure for training
and reproducibility.

45.1.1 NeMo Models

NeMo Models contain everything needed to train and reproduce state of the art Conversational Al research and appli-
cations, including:

* neural network architectures

* datasets/data loaders

* data preprocessing/postprocessing
 data augmentors

* optimizers and schedulers

* tokenizers

* language models
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NeMo uses Hydra for configuring both NeMo models and the PyTorch Lightning Trainer. Depending on the domain
and application, many different Al libraries will have to be configured to build the application. Hydra makes it easy to
bring all of these libraries together so that each can be configured from .yaml or the Hydra CLI.

Note: Every NeMo model has an example configuration file and a corresponding script that contains all configurations
needed for training.

The end result of using NeMo, Pytorch Lightning, and Hydra is that NeMo models all have the same look and feel.
This makes it easy to do Conversational Al research across multiple domains. NeMo models are also fully compatible
with the PyTorch ecosystem.

Installing NeMo

Before installing NeMo, please install Cython first.

’pip install Cython

For ASR and TTS models, also install these linux utilities.

’apt—get update && apt—-get install -y libsndfilel ffmpeg

Then installing the latest NeMo release is a simple pip install.

’pip install nemo_toolkit[all]==1.0.0bl

To install the main branch from GitHub:

python -m pip install git+https://github.com/NVIDIA/NeMo.git@main#egg=nemo_
—toolkit[all]

To install from a local clone of NeMo:

’./reinstall.sh # from cloned NeMo's git root

For Docker users, the NeMo container is available on NGC.

’docker pull nvcr.io/nvidia/nemo:v1.0.0bl

docker run --runtime=nvidia -it --rm -v --shm-size=8g -p 8888:8888 -p 6006:6006 —-
—ulimit memlock=-1 —-ulimit stack=67108864 nvcr.io/nvidia/nemo:v1.0.0bl

Experiment Manager

NeMo’s Experiment Manager leverages PyTorch Lightning for model checkpointing, TensorBoard Logging, and
Weights and Biases logging. The Experiment Manager is included by default in all NeMo example scripts.

exp_manager (trainer, cfg.get ("exp_manager", None))

And is configurable via .yaml with Hydra.
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exp_manager:
exp_dir: null
name: *name
create_tensorboard_logger: True
create_checkpoint_callback: True

Optionally launch Tensorboard to view training results in ./nemo_experiments (by default).

tensorboard --bind_all --logdir nemo_experiments

45.1.2 Automatic Speech Recognition (ASR)

Everything needed to train Convolutional ASR models is included with NeMo. NeMo supports multiple Speech
Recognition architectures, including Jasper and QuartzNet. NeMo Speech Models can be trained from scratch on
custom datasets or fine-tuned using pre-trained checkpoints trained on thousands of hours of audio that can be restored
for immediate use.

Some typical ASR tasks are included with NeMo:
* Audio transcription
* Byte Pair/Word Piece Training
* Speech Commands
* Voice Activity Detection
* Speaker Recognition

See this asr notebook for a full tutorial on doing ASR with NeMo, PyTorch Lightning, and Hydra.

Specify ASR Model Configurations with YAML File

NeMo Models and the PyTorch Lightning Trainer can be fully configured from .yaml files using Hydra.

See this asr config for the entire speech to text .yaml file.

# configure the PyTorch Lightning Trainer
trainer:
gpus: 0 # number of gpus
max_epochs: 5
max_steps: null # computed at runtime if not set
num nodes: 1
distributed _backend: ddp

# configure the ASR model

model:
encoder:
cls: nemo.collections.asr.modules.ConvASREncoder
params:

feat_in: +n_mels
activation: relu
conv_mask: true

(continues on next page)
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jasper:
- filters: 128
repeat: 1
kernel: [11]
stride: [1]
dilation: [1]
dropout: xdropout

# all other configuration, data, optimizer, preprocessor, etc

Developing ASR Model From Scratch

speech_to_text.py

# hydra_runner calls hydra.main and is useful for multi-node experiments
@hydra_ runner (config_path="conf", config_name="config")
def main(cfg):

trainer = Trainer (xxcfg.trainer)

asr_model = EncDecCTCModel (cfg.model, trainer)

trainer.fit (asr_model)

Hydra makes every aspect of the NeMo model, including the PyTorch Lightning Trainer, customizable from the
command line.

python NeMo/examples/asr/speech_to_text.py —--config-name=quartznet_15x5 \
trainer.gpus=4 \
trainer.max_epochs=128 \
+trainer.precision=16 \
model.train_ds.manifest_filepath=<PATH_TO_DATA>/librispeech-train-all.json \
model.validation_ds.manifest_filepath=<PATH_TO_DATA>/librispeech-dev-other. json \
model.train_ds.batch_size=64 \
+model.validation_ds.num_workers=16 \
+model.train_ds.num_workers=16

Note: Training NeMo ASR models can take days/weeks so it is highly recommended to use multiple GPUs and
multiple nodes with the PyTorch Lightning Trainer.

Using State-Of-The-Art Pre-trained ASR Model

Transcribe audio with QuartzNet model pretrained on ~3300 hours of audio.

quartznet = EncDecCTCModel.from_pretrained('QuartzNetl5x5Base-En')
files = ['path/to/my.wav'] # file duration should be less than 25 seconds

for fname, transcription in zip(files, quartznet.transcribe (paths2audio_files=files)):
print (f"Audio in {fname} was recognized as: {transcription/")

To see the available pretrained checkpoints:
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EncDecCTCModel.list_available_models ()

NeMo ASR Model Under the Hood

Any aspect of ASR training or model architecture design can easily be customized with PyTorch Lightning since every
NeMo model is a Lightning Module.

class EncDecCTCModel (ASRModel) :
"""Base class for encoder decoder CTC-based models."""

Qtypecheck ()
def forward(self, input_signal, input_signal_length):
processed_signal, processed_signal_len = self.preprocessor (

input_signal=input_signal, length=input_signal_length,
)
# Spec augment 1s not applied during evaluation/testing
if self.spec_augmentation is not None and self.training:
processed_signal = self.spec_augmentation (input_spec=processed_signal)
encoded, encoded_len = self.encoder (audio_signal=processed_signal,
—length=processed_signal_len)
log_probs = self.decoder (encoder_output=encoded)
greedy_predictions = log_probs.argmax (dim=-1, keepdim=False)
return log_probs, encoded_len, greedy_predictions

# PTL-specific methods
def training_step(self, batch, batch_nb):
audio_signal, audio_signal_len, transcript, transcript_len = batch
log_probs, encoded_len, predictions = self.forward(
input_signal=audio_signal, input_signal_length=audio_signal_len
)
loss_value = self.loss(
log_probs=log_probs, targets=transcript, input_lengths=encoded_len,
—target_lengths=transcript_len

)

wer_num, wer_denom = self._wer (predictions, transcript, transcript_len)
self.log_dict ({

'train_loss': loss_value,

'training_batch_wer': wer_num / wer_denom,

'learning rate': self._optimizer.param _groups([0]['lr'],

})

return loss_value

Neural Types in NeMo ASR

NeMo Models and Neural Modules come with Neural Type checking. Neural type checking is extremely useful when
combining many different neural network architectures for a production-grade application.

@property
def input_types(self) —> Optional[Dict[str, NeuralType]]:
if hasattr(self.preprocessor, '_sample rate'):
audio_eltype = AudioSignal (freg=self.preprocessor._sample_rate)
else:

audio_eltype = AudioSignal ()
return {

(continues on next page)
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"input_signal": NeuralType(('B', 'T'"), audio_eltype),
"input_signal_length": NeuralType (tuple('B'), LengthsType()),
}

@property
def output_types(self) —-> Optional[Dict([str, NeuralType]]:
return {
"outputs": NeuralType(('B', 'T', 'D'), LogprobsTypel()),
"encoded_lengths": NeuralType (tuple('B'), LengthsType()),
"greedy_predictions": NeuralType(('B', 'T'), LabelsType()),

45.1.3 Natural Language Processing (NLP)

Everything needed to finetune BERT-like language models for NLP tasks is included with NeMo. NeMo NLP Models
include HuggingFace Transformers and NVIDIA Megatron-LM BERT and Bio-Megatron models. NeMo can also be
used for pretraining BERT-based language models from HuggingFace.

Any of the HuggingFace encoders or Megatron-LM encoders can easily be used for the NLP tasks that are included
with NeMo:

¢ Glue Benchmark (All tasks)

¢ Intent Slot Classification

* Language Modeling (BERT Pretraining)

* Question Answering

 Text Classification (including Sentiment Analysis)

* Token Classification (including Named Entity Recognition)

* Punctuation and Capitalization
Named Entity Recognition (NER)
NER (or more generally token classification) is the NLP task of detecting and classifying key information (entities)
in text. This task is very popular in Healthcare and Finance. In finance, for example, it can be important to identify

geographical, geopolitical, organizational, persons, events, and natural phenomenon entities. See this NER notebook
