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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 (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/pytorch-lightning-bolts/blob/master/pl_bolts/models/autoencoders/basic_ae/basic_ae_module.py
https://colab.research.google.com/drive/1F_RNcHzTfFuQf-LeKvSlud6x7jXYkG31#scrollTo=yr7eaxkF-djf
https://colab.research.google.com/drive/1F_RNcHzTfFuQf-LeKvSlud6x7jXYkG31#scrollTo=IAlT0-75T_Kv
https://github.com/PyTorchLightning/pytorch-lightning-bolts/blob/master/pl_bolts/models/gans/basic/basic_gan_module.py
https://colab.research.google.com/drive/1F_RNcHzTfFuQf-LeKvSlud6x7jXYkG31#scrollTo=gEulmrbxwaYL
https://github.com/PyTorchLightning/pytorch-lightning-bolts/blob/master/pl_bolts/models/self_supervised/simclr/simclr_module.py
https://github.com/PyTorchLightning/pytorch-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)

4 Chapter 1. Lightning in 2 steps



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, optimizer_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
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* 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):
# transforms
transform=transforms.Compose ([
transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))
1)
# split dataset
if stage == 'fit':
mnist_train = MNIST (os.getcwd(), train=True, transform=transform)
self.mnist_train, self.mnist_val = random_split (mnist_train, [55000,
—50007)
if stage == 'test':
self.mnist_test = MNIST (os.getcwd(), train=False, transform=transform)

# return the dataloader for each split

def train_dataloader (self):
mnist_train DataLoader (self.mnist_train, batch_size=self.batch_size)
return mnist_train

def val_dataloader (self):
mnist_val = Dataloader (self.mnist_val, batch_size=self.batch_size)
return mnist_val

def test_dataloader (self):
mnist_test = DatalLoader (self.mnist_test, batch_size=self.batch_size)
return mnist_test

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 Chapter 1. Lightning in 2 steps
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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=True)

1.5 Other coool 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 coool 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 provider of your choice.

Click here to request early-access.

1.6 Community

Our community of core maintainers and thousands of expert researchers is active on our Slack and Forum. 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://forums.pytorchlightning.ai/
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:

21
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System @ pl.LightningModule
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[
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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.

4.2. Data 25




PyTorch Lightning Documentation, Release 1.2.10

26

Chapter 4. Style guide



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 Use Sharded DDP for GPU memory and scaling optimization

Sharded DDP is a lightning integration of DeepSpeed ZeRO and ZeRO-2 provided by Fairscale.

When training on multiple GPUs sharded DDP can assist to increase memory efficiency substantially, and in some
cases performance on multi-node is better than traditional DDP. This is due to efficient communication and paral-
lelization under the hood.

To use Optimizer Sharded Training, refer to Model Parallelism [BETA].
Sharded DDP can work across all DDP variants by adding the additional ——plugins ddp_sharded flag.

Refer to the distributed computing guide for more details.

5.9 Sequential Model Parallelism with Checkpointing

PyTorch Lightning integration for Sequential Model Parallelism using FairScale. Sequential Model Parallelism splits
a sequential module onto multiple GPUs, reducing peak GPU memory requirements substantially.

For more information, refer to Sequential Model Parallelism with Checkpointing.

5.10 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")
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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]

31



PyTorch Lightning Documentation, Release 1.2.10

32

Chapter 6. Benchmark with vanilla PyTorch



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)

34

Chapter 7. LightningModule



https://pytorch.org/docs/stable/generated/torch.nn.Module.html#torch.nn.Module

PyTorch Lightning Documentation, Release 1.2.10

(continued from previous page)

y_hat
loss
return loss

self (x)

def configure_optimizers(self):

return torch.optim.Adam(self.parameters(),

F.cross_entropy (y_hat,

V)

1r=0.02)

Which you can train by doing:

train_loader
—~ToTensor ()))

trainer pl.Trainer ()
model LitModel ()

trainer.fit (model, train_loader)

DataLoader (MNIST (os.getcwd (),

download=True, transform=transforms.

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) :

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

def training_step(self,
x, y = batch
y_hat = self.model (x)
loss = F.cross_entropy (y_hat,

return loss

batch, batch_idx):

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())

# backward
loss.backward ()

# apply and clear grads
optimizer.step ()
optimizer.zero_grad()

Training epoch-level metrics

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

def training_step(self,

%X, y = batch
y_hat = self.model (x)
loss = F.cross_entropy(y_hat, vy)

batch, batch_idx):

# logs metrics for each training step,

# and the average across the epoch,

self.log('train_loss', loss,
—logger=True)

return loss

on_step=True,

to the progress bar and logger
on_epoch=True, prog_bar=True,

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_batch)
# backward
loss.backward()

# apply and clear grads
optimizer.step ()

optimizer.zero_grad()

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)

# backward
loss.backward ()

# apply and clear grads
optimizer.step ()

optimizer.zero_grad/()

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_1l_prediction = batch_parts[1]['pred']

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

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

The full pseudocode that lighting does under the hood is:
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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, Yy 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 ()

e VAL LOOP ———————————————
for val_batch in model.val_dataloader:

val_out = model.validation_step(val_batch)
#ommm 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)

# loss 1s tensor. The Checkpoint Callback is monitoring 'checkpoint_on'
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 (), lr=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.
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* You can export to onnx.
¢ 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 callbacks 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 Mode1Checkpoint
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 GANs or similar you might have multiple.

Returns
Any of these 6 options.
* Single optimizer.

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

* Dictionary, with an ‘optimizer’ key, and (optionally) a ‘Ir_scheduler’ key whose value is a
single LR scheduler or Ir_dict.

* Tuple of dictionaries as described, with an optional ‘frequency’ key.

* None - Fit will run without any optimizer.

Note: The ‘frequency’ value 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.

The Ir_dict is a dictionary which contains the scheduler and its associated configuration. The default configura-
tion is shown below.

{
'scheduler': lr_scheduler, # The LR scheduler instance (required)
'interval': 'epoch', # The unit of the scheduler's step size
'frequency': 1, # The frequency of the scheduler
'reduce_on_plateau': False, # For ReduceLROnPlateau scheduler
'monitor': 'val_loss', # Metric for ReduceLROnPlateau to monitor
'strict': True, # Whether to crash the training if "monitor’ is 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.

Examples:

# most cases

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

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

def configure_optimizers(self):
generator_opt = Adam(self.model_gen.parameters(), lr=0.01)
disriminator_opt = Adam(self.model_disc.parameters(), 1lr=0.02)
return generator_opt, disriminator_opt

# example with learning rate schedulers

def configure_optimizers(self):
generator_opt = Adam(self.model_gen.parameters(), lr=0.01)
disriminator_opt = Adam(self.model_disc.parameters(), 1lr=0.02)
discriminator_sched = CosineAnnealing(discriminator_opt, T_max=10)
return [generator_opt, disriminator_opt], [discriminator_sched]

# 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_disc.parameters(), 1lr=0.02)
gen_sched = {'scheduler': ExponentiallR(gen_opt, 0.99),

'interval': 'step'} # called after each training step

(continues on next page)
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dis_sched = CosineAnnealing(discriminator_opt, T_max=10) # called every epoch
return [gen_opt, dis_opt], [gen_sched, dis_sched]

# 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_disc.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 for
you.

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

e If you use 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.

* If you only want to call a learning rate scheduler every x step or epoch, or want to monitor a custom metric,
you can specify these in a Ir_dict:

{

'scheduler': lr_scheduler,
'interval': 'step', # or 'epoch'
'monitor': 'val_ f1',

'frequency': x,

forward

LightningModule. forward (*args, **kwargs)

Same as torch.nn.Module. forward (), however in Lightning you want this to define the operations you
want to use for prediction (i.e.: on a server or as a feature extractor).

Normally you’d call self () from your t raining step () method. This makes it easy to write a complex
system for training with the outputs you’d want in a prediction setting.

You may also find the auto_move_data () decorator useful when using the module outside Lightning in a
production setting.

Parameters
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* xargs{ — Whatever you decide to pass into the forward method.
* xxkwargs{ — Keyword arguments are also possible.
Returns Predicted output

Examples:

# example 1f we were using this model as a feature extractor
def forward(self, x):

feature_maps = self.convnet (x)

return feature_maps

def training_step(self, batch, batch_idx):
x, y = batch

feature_maps = self (x)
logits = self.classifier (feature_maps)
#

return loss

# splitting it this way allows model to be used a feature extractor
model = MyModelAbove ()

inputs = server.get_request ()
results = model (inputs)
server.write_results (results)

# This 1is in stark contrast to torch.nn.Module where normally you would have this:
def forward(self, batch):

x, y = batch

feature_maps = self.convnet (x)

logits = self.classifier (feature_maps)

return logits

freeze

LightningModule. freeze ()

Freeze all params for inference.

Example:

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

Return type None

7.4. LightningModule API
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log

LightningModule. log (name, value, prog_bar=False, logger=True, on_step=None, on_epoch=None,
reduce_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)

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

LightningMoule 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
* logger{ (bool) —if True logs to the logger

* on_stepf (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_fx{ (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

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
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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=False,

sync_dist_op="mean’, sync_dist_group=None)
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£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

* 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_groupf (Optionall[Any]) - the ddp group:

print
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. Will be passed to Python’s built-in print function.
* xxkwargs{ — Will be passed to Python’s built-in print function.

Example:

def forward(self, x):
self.print(x, 'in forward')

Return type None
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save_hyperparameters
LightningModule.save_hyperparameters (*args, frame=None)
Save all model arguments.

Parameters args{ —single object of dict, NameSpace or OmegaConf or string names or arguments
from class __init

>>> 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, +*args, *xkwargs):

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

"plll: 1
"p2": abc
"p3": 3.14

Return type None
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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 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).

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)

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})
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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.

# 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.

Returns None or anything

# WITHOUT test_step_end
# 1if 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):

(continues on next page)
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# 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[Any])— Listof outputs you defined in test_step_end (), orif
there are multiple dataloaders, a list containing a list of outputs for each dataloader

Return type None

Returns None

Note: If youdidn’tdefinea 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)
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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.

Example

>>> class SimpleModel (LightningModule) :
def _ init_ (self):
super () .__init__ ()
self.1l1l = 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

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

* 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:
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* 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.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
‘—"I

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.

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

* batchf (Tensor | (Tensor,...) | [Tensor,...]) — The output of your DatalLoader.
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 inif t runcated bptt_steps>0.
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
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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 ==
# 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.
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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_l_pred = training_step_outputs[1l]['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[Any])— List of outputs you defined in t raining step (), orif
there are multiple dataloaders, a list containing a list of outputs for each dataloader.

Return type None

Returns None
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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, 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

* batchf (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)

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.
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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.

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[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, 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

7.4. LightningModule API 61


https://docs.python.org/3/library/typing.html#typing.List
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/stdtypes.html#str
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.List
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://pytorch.org/docs/stable/tensors.html#torch.Tensor

PyTorch Lightning Documentation, Release 1.2.10

* 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:

self.write_prediction_dict (pred_dict)

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

torch.tensor(...)}

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.

7.4. LightningModule API 63




PyTorch Lightning Documentation, Release 1.2.10

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.

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

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

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

opt.zero_grad()

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.

In the multi-optimizer case, ignore the opt imizer_idx argument and use the optimizers directly

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

def training_step(self, batch, batch_idx, optimizer_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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(continued from previous page)

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.datamodule.train_dataloader())

model_size

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

7.4.3 Hooks

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

if global_rank ==
# prepare data is called on GLOBAL_ZERO only
prepare_data ()

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

on_fit_end()

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

for epoch in epochs:
train_loop ()

teardown ()

def train_loop():
on_epoch_start ()
on_train_epoch_start ()
train_outs = []
for train_batch in train dataloader () :
on_train_batch_start ()

# o train step methods —-———-——-
out = training_step (batch)
train_outs.append (out)

loss = out.loss

backward ()
on_after_backward()
optimizer_step ()
on_before_zero_grad()
optimizer_zero_grad()

on_train_batch_end (out)

if should_check_val:
val_loop ()

# end training epoch

outs = training_epoch_end (outs)
on_train_epoch_end (outs)
on_epoch_end ()

def val_loop():
model.eval ()

torch.set_grad_enabled (False)

on_epoch_start ()

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

on_validation_epoch_start ()

val_outs = []

for val_batch in val_dataloader () :
on_validation_batch_start ()

oo val step methods ——————-—
out validation_step (val_batch)
val_outs.append(out)

on_validation_batch_end (out)

validation_epoch_end(val_outs)
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: 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 ()

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

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.

manual_backward

LightningModule.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.

Tip: In manual mode we still automatically clip grads if Trainer(gradient_clip_val=x) is set

Tip: In manual mode we still automatically accumulate grad over batches if
Trainer(accumulate_grad_batches=x) is set and you use optimizer.step()

Example:

def training_step(...):
opt_a, opt_b = self.optimizers()
loss =
# automatically applies scaling, etc...
self.manual_backward(loss)
opt_a.step()

Return type None

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
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on_before_zero_grad
ModelHooks.on_before_zero_grad (optimizer)
Called after optimizer.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:
optimizer.step ()
model.on_before_zero_grad(optimizer) # < ———— called here
optimizer.zero_grad()

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

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
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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

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_vwvalidation_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
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on_pretrain_routine_start
ModelHooks.on_pretrain_routine_start ()
Called at the beginning of the pretrain routine (between fit and train start).
* 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).
e fit
* pretrain_routine start
e pretrain_routine end

e training_start

Return type None

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.
e batch_idx{ (int) — the index of the batch
* 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{ (Any) — The outputs of test_step_end(test_step(x))
* 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
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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

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.
e 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

* outputs{ (Any) — The outputs of training_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
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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

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 (outputs)
Called in the training loop at the very end of the epoch.

Return type None

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 Datal.oader.
* batch_idx{ (int) — the index of the batch
e 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{ (Any) — The outputs of validation_step_end(validation_step(x))
* 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
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Return type None

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:

TROUBLESHOOTING.md#xla-tensor-quirks

Example:

https://github.com/pytorch/xla/blob/master/

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

74

Chapter 7. LightningModule



https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/constants.html#None
https://github.com/pytorch/xla/blob/master/TROUBLESHOOTING.md#xla-tensor-quirks
https://github.com/pytorch/xla/blob/master/TROUBLESHOOTING.md#xla-tensor-quirks
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/constants.html#None
https://docs.python.org/3/library/constants.html#None

PyTorch Lightning Documentation, Release 1.2.10

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.

Tip: With Trainer (enable_pl_optimizer=True),youcanuse optimizer.step () directly and
it will handle zero_grad, accumulated gradients, AMP, TPU and more automatically for you.

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
train_step_and_backward_closure is called within run_training_batch ().

Parameters
* epochf (Optional[int])— Current epoch
e batch_idx{ (Optional[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_tpu{f (Optional[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 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)

(continues on next page)
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# 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 2 steps
if optimizer_idx ==
if batch_idx % 2 == 0
optimizer.step(closure=optimizer_closure)
optimizer.zero_grad/()

# update discriminator opt every 4 steps
if optimizer_idx ==
if batch_idx % 4 == 0 :
optimizer.step(closure=optimizer_closure)
optimizer.zero_grad/()

#

# 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)
optimizer.zero_grad()

Return type None

optimizer_zero_grad

LightningModule.optimizer_zero_grad (epoch, batch_idx, optimizer, optimizer_idx)

prepare_data

LightningModule.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 ()

(continues on next page)
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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 GLOBAI_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

ModelHooks . setup (stage)
Called at the beginning of fit and test. 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 stage{ (str)— either ‘fit’ or ‘test’

Example:

class LitModel (...):
def _ init_ (self):
self.1l1 = None

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

# don't do this
self.something = else

def setup(stage):
data = Load_data(...)
self.1ll = nn.Linear (28, data.num_classes)
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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] x 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 ().

teardown

ModelHooks .teardown (stage)

Called at the end of fit and test.
Parameters stage{ (str)— either ‘fit’ or ‘test’

Return type None
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train_dataloader

DataHooks.train_dataloader ()
Implement one or more PyTorch DatalLoaders for training.

The

Return type Any

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

dataloader you return will not be called every epoch unless 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

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:

def

def

# single dataloader

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.DatalLoader (
dataset=dataset,
batch_size=self.batch_size,
shuffle=True
)

return loader

# multiple dataloaders, return as list

train_dataloader (self):
mnist = MNIST(...)
cifar = CIFAR(...)
mnist_loader = torch.utils.data.Dataloader (

dataset=mnist, batch_size=self.batch_size, shuffle=True

(continues on next page)

7.4. LightningModule API 79



https://docs.python.org/3/library/typing.html#typing.Any
https://pytorch.org/docs/stable/data.html#torch.utils.data.DataLoader

PyTorch Lightning Documentation, Release 1.2.10

(continued from previous page)

)
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.DataLoader (
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}

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 ()
e ...
* 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[DatalLoader]]

Returns Single or multiple PyTorch Dataloaders.

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,

(continues on next page)
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transform=transform,
loader = torch.utils.data.DataLoader (
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]

download=True)

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.

test_dataloader
DataHooks.test_dataloader ()
Implement one or multiple PyTorch Datal.oaders for testing.

The  dataloader you return will not be  called

reload_dataloaders_every_epochto True.
For data processing use the following pattern:

¢ download in prepare_data ()

e process and split in setup ()

However, the above are only necessary for distributed processing.

every epoch unless you  set

Warning: do not assign state in prepare_data

e fit ()

* prepare_data ()

* setup ()

* train dataloader ()
e val dataloader /()

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

Return type Union[Dataloader, List[DatalLoader]]

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_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.

transfer_batch_to_device
DataHooks.transfer batch_ to_device (batch, device=None)
Override this hook if your Dat aLoader 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
e tuple
e 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).
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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 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 - If using data-parallel,
Trainer (accelerator='dp').

See also:

* move_data_to_device ()

e 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{ — A batch of data that needs to be altered or augmented.
e dataloader idx{ — Datal.oader idx for batch

Returns A batch of data

Example:
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def on_before_batch_transfer (self, batch, datalocader_idx):
batch['x'] = transforms (batch['x"'])
return batch

Raises MisconfigurationException - If using
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)

data-parallel,

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{ — A batch of data that needs to be altered or augmented.
¢ dataloader_idx{ — DatalLoader idx for batch (Default: 0)
Returns A batch of data

Example:

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

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

See also:

* on before _batch_transfer ()

e transfer batch to_device ()

data-parallel,
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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)

# backward
loss.backward()

# apply and clear grads
optimizer.step ()

optimizer.zero_grad/()

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 argpars

def main(arg
model =
trainer
trainer.

if name
parser =
parser =

pars
)

args = p

main (arg

e import ArgumentParser

s) :

LightningModule ()

= Trainer.from_argparse_args (args)
fit (model)

1 v,

== '_ main__
ArgumentParser ()

Trainer.add_argparse_args (

# group the Trainer arguments together

er.add_argument_group (title="pl.Trainer args")
arser.parse_args ()

s)

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 callbacks such as on_train_end.
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 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_dataloader)

8.4. Testing
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8.5 Deployment / prediction

You just trained a LightningModule which is also just a torch.nn.Module. Use it to do whatever!

# load model
pretrained_model = LightningModule.load_from_checkpoint (PATH)
pretrained_model. freeze ()

# use it for finetuning

def forward(self, x):
features = pretrained_model (x)
classes = classifier (features)

# or for prediction
out = pretrained_model (x)
api_write ({'response': out}

You may wish to run the model on a variety of devices. Instead of moving the data manually to the correct device,
decorate the forward method (or any other method you use for inference) with auto_move data () and Lightning
will take care of the rest.

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)

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

trainer = Trainer (deterministic=True)

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.)
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* ('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)

You can also modify hardware behavior by subclassing an existing accelerator to adjust for your needs.

Example:

class MyOwnDDP (DDPAccelerator) :

Trainer (accelerator=MyOwnDDP () )

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 batchx4)
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})
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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'")

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:

90 Chapter 8. Trainer



https://nvidia.github.io/apex/amp.html#opt-levels

PyTorch Lightning Documentation, Release 1.2.10

# 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)

8.7.7 auto_Ir 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 Ilr
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 Ilr
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:
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# default used by the Trainer
trainer = Trainer (benchmark=False)

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. ModelCheckpoint callbacks always run last.
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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)

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.
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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.

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.
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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

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=[1l, 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 in total
trainer = Trainer (gpus=2, num_nodes=4)

# train only on GPUs 1 and 4 across nodes
trainer = Trainer (gpus=[1, 4], num_nodes=4)

See Also:
* Multi-GPU training guide.
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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)

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.
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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)

# run for only 10 batches
trainer = Trainer (limit_val_batches=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:

* logging

8.7.23 log_gpu_memory

Options:
* None
¢ ‘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')
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Note: Might slow performance because it uses the output of nvidia-smi.

8.7.24 logger

Logger (or iterable collection of loggers) for experiment tracking.

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).
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# Default (disabled)
trainer = Trainer (max_steps=None)

# Stop after 100 steps
trainer = Trainer (max_steps=100)

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 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)

8.7.30 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.

# Simulate DDP for debugging on your GPU-less laptop
trainer = Trainer (accelerator="ddp_cpu", num_processes=2)
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8.7.31 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.

8.7.32 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)

8.7.33 plugins

Plugins allow you to connect arbitrary backends, precision libraries, SLURM, etc... For example:
* DDP
« SLURM
¢ TorchElastic
* Apex

To define your own behavior, subclass the relevant class and pass it in. Here’s an example linking up your own cluster.
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from pytorch_lightning.plugins.environments import cluster_environment
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 (cluster_environment=cluster_environment ())

8.7.34 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)

8.7.35 precision

Full precision (32), half precision (16). Can be used on CPU, GPU or TPUs.

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)
Example:

# one day

trainer = Trainer (precision=8412)
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8.7.36 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.

8.7.37 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")

8.7.38 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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8.7.39 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:

8.7.40 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)

8.7.41 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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8.7.42 sync_batchnorm

Enable synchronization between batchnorm layers across all GPUs.

trainer = Trainer (sync_batchnorm=True)

8.7.43 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)

8.7.44 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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# 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_BFl6=1

—-— python your_trainer_file.py

8.7.45 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)

# remember to detach() hiddens.
# If you don't, you will get a RuntimeError: Trying to backward through
# the graph a second time...

(continues on next page)
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# Using hiddens.detach () allows each split to be disconnected.

return {
"loss": ...,
"hiddens": hiddens # remember to detach() this

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

8.7.46 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)

8.7.47 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:
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# 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'

8.7.48 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, 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,
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=False,
auto_scale_batch_size=False, prepare_data_per_node=True, plugins=None,
amp_backend="native’, amp_level="02', distributed_backend=None, auto-
matic_optimization=None, move_metrics_to_cpu=~False, enable_pl_optimizer=None,
multiple_trainloader_mode="max_size_cycle', stochastic_weight_avg=False)

Customize every aspect of training via flags

Parameters

8.8. Trainer class API
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* 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’)
* 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.

e 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. Default: True.

Warning: Passing a ModelCheckpoint instance to this argument is deprecated since
v1.1 and will be unsupported from v1.3. Use callbacks argument instead.

* 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’

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).

* 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.

* limit_train_batches{ (Union[int, float]) — How much of training dataset to
check (floats = percent, int = num_batches)
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e limit_val_batches{ (Union[int, float]) — How much of validation dataset to
check (floats = percent, int = num_batches)

e limit_test_batches{ (Union[int, float]) — How much of test dataset to check
(floats = percent, int = num_batches)

logger{ (Union[LightningLoggerBase, Iterable[LightningLoggerBase],
bool])— Logger (or iterable collection of loggers) for experiment tracking.

* log_gpu_memory7 (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).

* automatic_optimization{ (Optional[bool]) — If False you are responsible for
calling .backward, .step, zero_grad in LightningModule. This argument has been moved to
LightningModule. It is deprecated here in v1.1 and will be removed in v1.3.

* 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.).

profilery (Union[BaseProfiler,bool, str, None])— To profile individual steps
during training and assist in identifying bottlenecks. Passing bool value is deprecated in
v1.1 and will be removed in v1.3.

* overfit_batches{ (Union[int, float]) — Overfit a percent of training data (float)
or a set number of batches (int). Default: 0.0

plugins{ (Union[Plugin, str, 1ist, None]) — Plugins allow modification of core
behavior like ddp and amp, and enable custom lightning plugins.

* precision{ (int) — Full precision (32), 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{ (Optionall[int])— Force training for at least these number of steps. Dis-
abled by default (None).

* 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”
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* 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. Default:
2

* reload _dataloaders_every_epoch{ (bool) — Set to True to reload dataloaders
every epoch.

* replace_sampler_ddpY{ (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{ (Optionallint])— Truncated back prop breaks performs
backprop every k steps of much longer sequence.

* 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.

* enable_pl_optimizer{ (Optionall[bool]) — If True, each optimizer will be
wrapped by pytorch_lightning.core.optimizer.LightningOptimizer. It allows Lightning to
handle AMP, TPU, accumulated_gradients, etc. .. warning:: Currently deprecated and it
will be removed in v1.3

* 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/>_

fit

Trainer. £it (model, train_dataloader=None, val_dataloaders=None, datamodule=None)
Runs the full optimization routine.

Parameters
e datamodulef (Optionall[LightningDataModule]) - A instance of
LightningDataModule.

* modelYf (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

test

Trainer.test (model=None, test_dataloaders=None, ckpt_path='best', verbose=True, datamod-

ule=None) )
Separates from fit to make sure you never run on your test set until you want to.

Parameters

* ckpt_path{ (Optional[str]) — Either best or path to the checkpoint you wish to
test. If None, use the weights from the last epoch to test. Default to best.

* datamodulef (Optionall[LightningDataModule]) — A instance of
LightningDataModule.

* model{ (Optional[LightningModule])— The model to test.

e test_dataloaders{ (Union[DatalLoader, List[DataLoader], None])— Either
a single Pytorch Dataloader or a list of them, specifying validation samples.

* verbose{ (bool) - If True, prints the test results

Returns Returns a list of dictionaries, one for each test dataloader containing their respective met-
rics.

tune

Trainer.tune (model, train_dataloader=None, val_dataloaders=None, datamodule=None)
Runs routines to tune hyperparameters before training.

Parameters
e datamodulef (Optionall[LightningDataModule]) - A instance of
LightningDataModule.

* modelY{ (LightningModule)— Model to tune.
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* train_dataloader{ (Optional[DataLoader]) — A Pytorch DatalLoader with
training samples. If the model has a predefined train_dataloader method this will be skipped.

* 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

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
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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'] ==

8.8. Trainer class API
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CHAPTER
NINE

ACCELERATORS

Accelerators connect a Lightning Trainer to arbitrary accelerators (CPUs, GPUs, TPUs, etc). Accelerators also manage
distributed accelerators (like DP, DDP, HPC cluster).

Accelerators can also be configured to run on arbitrary clusters using Plugins or to link up to arbitrary computational
strategies like 16-bit precision via AMP and Apex.

For help setting up custom plugin/accelerator please reach out to us at support@pytorchlightning.ai
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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 after every epoch by monitoring a quan-
tity.

ModelPruning Model pruning Callback, using PyTorch’s prune utili-
ties.

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.

118 Chapter 10. Callback


https://lightning-bolts.readthedocs.io/en/latest/self_supervised_callbacks.html#sslonlineevaluator
https://lightning-bolts.readthedocs.io/en/latest/vision_callbacks.html#confused-logit
https://lightning-bolts.readthedocs.io/en/latest/variational_callbacks.html#latent-dim-interpolator
https://lightning-bolts.readthedocs.io/en/latest/vision_callbacks.html#tensorboard-image-generator
https://lightning-bolts.readthedocs.io/en/latest/callbacks.html

PyTorch Lightning Documentation, Release 1.2.10

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_train_epoch_start (trainer, pl_module)
Called when the epoch begins.

static unfreeze_and_add_param group (modules, optimizer, Ir=None, ini-

tial_denom_Ilr=10.0, train_bn=True)
Unfreezes a module and adds its parameters to an optimizer.
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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

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 1oss.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_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
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on_f£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 (tfrainer)
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.

Return type None

on_keyboard_interrupt (trainer, pl_module)
Called when the training is interrupted by KeyboardInterrupt.

Return type None

on_1load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_statef (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

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.

Return type None

on_sanity_check_end (trainer, pl_module)
Called when the validation sanity check ends.

Return type None

on_sanity_ check_start (frainer, 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{ - 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.
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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

on_train_end (trainer, pl_module)
Called when the train ends.

Return type None

on_train_epoch_end (trainer, pl_module, outputs)
Called when the train epoch ends.

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

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.
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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 (frainer, 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)
Called when fit or test begins

Return type None

teardown (trainer, pl_module, stage)
Called when fit or test ends

Return type None

10.2.4 EarlyStopping

class pytorch_lightning.callbacks.EarlyStopping (monitor='early_stop_on’,
min_delta=0.0, patience=3,
verbose=Fualse, mode="auto’,

strict=True)
Bases: pytorch_lightning.callbacks.base.Callback

Monitor a metric and stop training when it stops improving.
Parameters
* monitor{ (str)— quantity to be monitored. Default: 'early_stop_on'.

* min_deltaf (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.
Default: 0. 0.

* patience{ (int)—number of validation epochs with no improvement after which train-
ing will be stopped. Default: 3.

* verbose{ (bool) — verbosity mode. Default: False.

* mode{ (str)—one of {auto, min, max}. In min mode, training will stop when the quantity
monitored has stopped decreasing; in max mode it will stop when the quantity monitored
has stopped increasing; in auto mode, the direction is automatically inferred from the name
of the monitored quantity.
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Warning: Setting mode="auto' has been deprecated in v1.1 and will be removed in
vl.3.

* strict{ (bool)— whether to crash the training if monitor is not found in the validation
metrics. Default: True.

Raises
* MisconfigurationException —If mode is none of "min", "max", and "auto".
e 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_stopping])

on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_statef (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

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.

on_validation_end (trainer, pl_module)
Called when the validation loop ends.

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.
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* 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.
e temperature.memory — HBM memory temperature, in degrees C.

on_train_batch_end (trainer, *args, **kwargs)
Called when the train batch ends.

on_train_batch_start (trainer, *args, **kwargs)
Called when the train batch begins.

on_train_epoch_start (*args, **kwargs)
Called when the train epoch begins.

on_train_start (trainer, *args, **kwargs)
Called when the train begins.
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10.2.6 GradientAccumulationScheduler

class pytorch_lightning.callbacks.GradientAccumulationScheduler (scheduling)
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.

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, 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=None,
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)
Bases: pytorch_lightning.callbacks.base.Callback

Create a simple callback on the fly using lambda functions.
Parameters *xkwargs{ —hooks supported by Callback

Example:

>>> from pytorch lightning import Trainer

>>> from pytorch_lightning.callbacks import LambdaCallback

>>> trainer = Trainer (callbacks=[LambdaCallback (setup=lambda *args: print ('setup
="))1)
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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
>>> 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/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,
monitor=None,
bose=Fulse,
save_top_k=None,

filename=None,
ver-
save_last=None,

save_weights_only=False,
mode="auto’, period=1, prefix="")

Bases: pytorch lightning.callbacks.base.Callback

Save the model after every epoch by monitoring a quantity.

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.

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{ (Optionall[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.

e save_top_k{ (Optional[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 {auto, min, max}. If save_top_k != 0, the decision to over-
write the current save file is made based on either the maximization or the minimization of

10.2. Built-in Callbacks

131


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/pathlib.html#pathlib.Path
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/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/functions.html#bool
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/functions.html#int
https://docs.python.org/3/library/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.2.10

the monitored quantity. For val_acc, this should be max, for val_loss this should be min,
etc. In auto mode, the direction is automatically inferred from the name of the monitored
quantity.

Warning: Setting mode="auto' has been deprecated in v1.1 and will be removed in
vl.3.

* 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)).

* period{ (int) — Interval (number of epochs) between checkpoints.

* prefix{ (str)— A string to put at the beginning of checkpoint filename.

Warning: This argument has been deprecated in v1.1 and will be removed in v1.3

Note: For extra customization, ModelCheckpoint includes the following attributes:
¢ 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", "max", and "auto".

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/",

filename="'sample-mnist— - !

(continues on next page)

132 Chapter 10. Callback


https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/exceptions.html#ValueError

PyTorch Lightning Documentation, Release 1.2.10

(continued from previous page)

# 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 (epoch, step, 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 (0, 1, metrics={}))
'epoch=0.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")

>>> os.path.basename (ckpt.format_checkpoint_name (5, 2, metrics={}))
'epoch=005.ckpt"

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' - ")
>>> os.path.basename (ckpt.format_checkpoint_name (2, 3, metrics=dict (val_
—1oss=0.123456)))

'epoch=2-val_loss=0.12.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")

>>> os.path.basename (ckpt.format_checkpoint_name (0, 4, metrics={}))
'missing=0.ckpt'

>>> ckpt = ModelCheckpoint (filename=" ")

>>> os.path.basename (ckpt.format_checkpoint_name (0, 0, {}))

'step=0.ckpt'

Return type str
on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_statef (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

on_pretrain_ routine_start (frainer, pl_module)
When pretrain routine starts we build the ckpt dir on the fly

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters
e 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]
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Returns The callback state.

on_validation_end (trainer, pl_module)
checkpoints can be saved at the end of the val loop

save_checkpoint (trainer, pl_module)
Performs the main logic around saving a checkpoint. This method runs on all ranks, it is the responsibility
of self.save_function to handle correct behaviour in distributed training, i.e., saving only on rank O.

to_yaml (filepath=None)
Saves the best_k_models dict containing the checkpoint paths with the corresponding scores to a YAML
file.

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.
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* 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.
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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, outputs)
Called when the train epoch ends.

static sanitize_ parameters_to_prune (pl_module, parameters_to_prune=None, parame-
ter_names=None)

This function is responsible of sanitizing parameters_to_prune and parameter_names.

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]]]

10.2.11 ProgressBar

class pytorch_lightning.callbacks.ProgressBar (refresh_rate=1, process_position=0)
Bases: pytorch lightning.callbacks.progress.ProgressBarBase

It

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.
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* 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

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_tqdm()
Override this to customize the tqdm bar for testing.

Return type tgdm

init_train_tqgdm()
Override this to customize the tqdm bar for training.

Return type tgdm
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init_validation_tqgdm()
Override this to customize the tqdm bar for validation.

Return type tgdm

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 (frainer, 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.

10.2.12 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):

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

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_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.

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.

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.

10.2. Built-in Callbacks 139


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

PyTorch Lightning Documentation, Release 1.2.10

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

10.2.13 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 isin 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.
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* 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_quantization=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

on_fit_start (trainer, pl_module)
Called when fit begins

10.2.14 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 is in beta and subject to change.
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Warning: StochasticWeightAveraging is currently not supported for multiple optimiz-
ers/schedulers.

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

* 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_f£fn (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 (trainer, pl_module)
Called before accelerator is being setup

on_f£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.

on_train_epoch_start (tfrainer, pl_module)
Called when the train epoch begins.

reset_batch_norm_and_save_state (p/_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
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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.

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)
Called when fit or test begins

Return type None

10.5.2 teardown

Callback.teardown (trainer, pl_module, stage)
Called when fit or test ends

Return type None
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10.5.3 on_init_start
Callback.on_init_start (frainer)
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

10.5.5 on_fit_start
Callback.on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.
Parameters
e 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.

10.5.6 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
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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 (trainer, 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

10.5.12 on_train_epoch_end

Callback.on_train_epoch_end (trainer, pl_module, outputs)
Called when the train epoch ends.

Return type None

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
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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

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
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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

10.5.24 on_batch_end

Callback.on_batch_end (trainer, pl_module)
Called when the training batch ends.

Return type None

10.5.25 on_train_start

Callback.on_train_start (frainer, 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 (frainer, pl_module)
Called when the pretrain routine ends.

Return type None
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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

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 (frainer, 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{ — 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.
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10.5.35 on_load_checkpoint
Callback.on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_statef (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

Return type None

10.5.36 on_after_backward

Callback.on_after_backward (trainer, pl_module)
Called after loss.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=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)
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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=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)

# Optionally...
# self.dims = tuple(self.mnist_test[0][0].shape)

(continues on next page)
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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)

Note: setup expects a string arg stage. It is used to separate setup logic for trainer.fit and trainer.
test.

11.3 LightningDataModule API

To define a DataModule define 5 methods:
* prepare_data (how to download(), tokenize, etc...)
* setup (how to split, etc...)

e train_dataloader

val_dataloader(s)

* test_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.

e 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 == 'fit' or stage is None:
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 == 'test' or stage is None:
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)

Warning: setup is called from every process. Setting state here is okay.

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)
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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 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).

11.3.7 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 O 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).
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11.3.8 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 O 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__.

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
still ensures the method runs on the correct devices)

dm = MNISTDataModule ()
dm.prepare_data ()
dm.setup ('fit")

model = Model (num_classes=dm.num_classes, width=dm.width, vocab=dm.vocab)
trainer.fit (model, dm)

dm.setup ('test')
trainer.test (datamodule=dm)
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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 ('fit")

# use data
for batch in dm.train_dataloader () :

for batch in dm.val_dataloader () :
# lazy load test data

dm.setup('test")
for batch in dm.test_dataloader () :

But overall, DataModules encourage reproducibility by allowing all details of a dataset to be specified in a unified

structure.

158

Chapter 11. LightningDataModule




CHAPTER
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.

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 TestTubelogger
logger = TestTubelogger('.', create_git_tag=True)
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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:

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

(continues on next page)
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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_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{ (Optionall[str]) — Optional. String representing the name for
this particular experiment on Comet.ml.

* experiment_key7 (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-
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.

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.
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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

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

* 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
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12.8.2 CSVLogger

class pytorch_lightning.loggers.CSVLogger (save_dir, name='default’, version=None, pre-
ﬁx=u)
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

* 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 (Optional[int])— Step number at which the metrics should be recorded
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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]

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="")
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 (

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

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{f (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 ./mliflow 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.
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

* 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
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

12.8.4 NeptuneLogger

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
—own.

neptune_logger = NeptunelLogger (

"neptuner" but you can use your,

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

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']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

(continues on next page)
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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:

* An Example experiment showing the UI of Neptune.

e 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
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.

*xkwargs{ — Additional arguments like params, tags, properties, etc. used by
neptune.Session.create_experiment () can be passed as keyword arguments
in this logger.
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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

* 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[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)

* 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).
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* stepy (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

* metrics{ (Dict[str,Union[Tensor, float]])— Dictionary with metric names as
keys and measured quantities as values

* stepy (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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12.8.5 TensorBoardLogger

class pytorch_lightning.loggers.TensorBoardLogger (save_dir, name='default’, ver-

sion=None, log_graph=Fualse,
default_hp_metric=True, prefix=",
*rkwargs)

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. Defaults to '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.
* 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
* model{ (LightningModule) — lightning model

e input_array/ — input passes to model.forward
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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[stzr, 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

* 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_S${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.
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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 = 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) :
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
* debugf (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.

12.8. Supported Loggers

177



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#int
https://www.tensorflow.org/tensorboard
https://williamfalcon.github.io/test-tube
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.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/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/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.2.10

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
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.
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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=False, 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

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).

* id{ (Optional[str])— Sets the version, mainly used to resume a previous run.

e 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{ (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{ — Additional arguments like entity, group, tags, etc. used by wandb.init ()

can be passed as keyword arguments in this logger.

Example:

from pytorch lightning.loggers import WandbLogger
from pytorch_lightning import Trainer
wandb_logger = WandbLogger ()

trainer = Trainer (logger=wandb_logger)
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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

* 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

* 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]
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property version
Return the experiment version.

Return type Optional[str]
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CHAPTER
THIRTEEN

METRICS

pytorch_lightning.metrics is a Metrics API created for easy metric development and usage in PyTorch
and PyTorch Lightning. It is rigorously tested for all edge cases and includes a growing list of common metric
implementations.

The metrics API provides update (), compute (), reset () functions to the user. The metric base class inherits
nn.Module which allows us to call metric (.. .) directly. The forward () method of the base Metric class
serves the dual purpose of calling update () on its input and simultaneously returning the value of the metric over
the provided input.

Warning: From v1.2 onward compute () will no longer automatically call reset (), and it is up to the user to
reset metrics between epochs, except in the case where the metric is directly passed to LightningModule " s
“self.log.

These metrics work with DDP in PyTorch and PyTorch Lightning by default. When .compute () is called in
distributed mode, the internal state of each metric is synced and reduced across each process, so that the logic present
in . compute () is applied to state information from all processes.

The example below shows how to use a metric in your LightningModule:

def _ init_ (self):
self.accuracy = pl.metrics.Accuracy ()
def training_step(self, batch, batch_idx):

X, y batch
preds = self (x)

# log step metric
self.log('train_acc_step', self.accuracy(preds, Vy))

def training_epoch_end(self, outs):
# log epoch metric
self.log('train_acc_epoch', self.accuracy.compute ())

Metric objects can also be directly logged, in which case Lightning will log the metric based on on_step and
on_epoch flags present in self.log(...). If on_epoch is True, the logger automatically logs the end of
epoch metric value by calling . compute ().

Note: sync_dist, sync_dist_op, sync_dist_group, reduce_fx and tbptt_reduce_fx flags from
self.log(...) don’t affect the metric logging in any manner. The metric class contains its own distributed
synchronization logic.
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This however is only true for metrics that inherit the base class Met ric, and thus the functional metric API provides
no support for in-built distributed synchronization or reduction functions.

def _ init__ (self):

self.train_acc pl.metrics.Accuracy ()
self.valid_acc = pl.metrics.Accuracy()

def training_step(self, batch, batch_idx):
X, y = batch
preds = self (x)

self.train_acc(preds, vy)
self.log('train_acc', self.train_acc, on_step=True, on_epoch=False)

def validation_step(self, batch, batch_idx):
logits = self (x)

self.valid_acc(logits, V)
self.log('valid_acc', self.valid_acc, on_step=True, on_epoch=True)

Note: If using metrics in data parallel mode (dp), the metric update/logging should be done in the
<mode>_step_end method (where <mode> is either training, validation or test). This is due to metric
states else being destroyed after each forward pass, leading to wrong accumulation. In practice do the following:

def training_ step(self, batch, batch_idx):
data, target = batch
preds = self (data)

return {'loss' : loss, 'preds' : preds, 'target' : target}

def training_step_end(self, outputs):
#update and log
self.metric (outputs|['preds'], outputs['target'])
self.log('metric', self.metric)

This metrics API is independent of PyTorch Lightning. Metrics can directly be used in PyTorch as shown in the
example:

from pytorch_lightning import metrics

train_accuracy = metrics.Accuracy ()
valid_accuracy = metrics.Accuracy (compute_on_step=False)

for epoch in range (epochs) :
for x, y in train_data:
y_hat = model (x)

# training step accuracy
batch_acc = train_accuracy(y_hat, vy)

for x, y in valid_data:
y_hat = model (x)
valid_accuracy (y_hat, vy)

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

# total accuracy over all training batches
total_train_accuracy = train_accuracy.compute ()

# total accuracy over all validation batches
total_valid_accuracy = valid_accuracy.compute ()

Note: Metrics contain internal states that keep track of the data seen so far. Do not mix metric states across training,
validation and testing. It is highly recommended to re-initialize the metric per mode as shown in the examples above.
For easy initializing the same metric multiple times, the . c1lone () method can be used:

from pytorch_lightning.metrics import Accuracy
def _ init__ (self):

metric = Accuracy ()
self.train_acc = metric.clone ()
self.val_acc = metric.clone ()
self.test_acc = metric.clone()

Note: Metric states are not added to the models state_dict by default. To change this, after initializing the
metric, the method .persistent (mode) can be used to enable (mode=True) or disable (mode=False) this
behaviour.

13.1 Metrics and devices

Metrics are simple subclasses of Module and their metric states behave similar to buffers and parameters of modules.
This means that metrics states should be moved to the same device as the input of the metric:

from pytorch_lightning.metrics import Accuracy

target = torch.tensor (

(1, 1, 0, 0], device=torch.device("cuda", 0))
preds = torch.tensor ([0, 1, 0, 0], device=torch.device("cuda", 0)

)

# Metric states are always initialized on cpu, and needs to be moved to
# the correct device

confmat = Accuracy (num_classes=2) .to(torch.device ("cuda", 0))

out = confmat (preds, target)

print (out.device) # cuda:0

However, when properly defined inside a i ghtningModule , Lightning will automatically move the metrics to
the same device as the data. Being properly defined means that the metric is correctly identified as a child module of
the model (check .children () attribute of the model). Therefore, metrics cannot be placed in native python 1ist
and dict, as they will not be correctly identified as child modules. Instead of 1ist use ModuleList and instead
of dict use ModuleDict.

from pytorch_lightning.metrics import Accuracy

class MyModule (LightningModule) :

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

def  init__ (self):

# valid ways metrics will be identified as child modules
self.metricl = Accuracy ()

self.metric2 = nn.ModulelList (Accuracy())

self.metric3 = nn.ModuleDict ({'accuracy': Accuracy()})

def training_step(self, batch, batch_idx):
# all metrics will be on the same device as the input batch
data, target = batch
preds = self (data)

vall = self.metricl (preds, target)
val2 = self.metric2[0] (preds, target)
val3 = self.metric3['accuracy'] (preds, target)

13.2 Implementing a Metric

To implement your custom metric, subclass the base Met ric class and implement the following methods:
e __init__ (): Each state variable should be called using self.add_state(...).
* update (): Any code needed to update the state given any inputs to the metric.
e compute (): Computes a final value from the state of the metric.

All you need to do is call add_state correctly to implement a custom metric with DDP. reset () is called on
metric state variables added using add_state ().

To see how metric states are synchronized across distributed processes, refer to add_state () docs from the base
Metric class.

Example implementation:

from pytorch_lightning.metrics import Metric

class MyAccuracy (Metric) :
def _ _init__ (self, dist_sync_on_step=False):
super () .__init__ (dist_sync_on_step=dist_sync_on_step)

self.add_state("correct", default=torch.tensor (0), dist_reduce_fx="sum")
self.add_state ("total", default=torch.tensor(0), dist_reduce_fx="sum")

def update(self, preds: torch.Tensor, target: torch.Tensor):
preds, target = self._input_format (preds, target)
assert preds.shape == target.shape

self.correct += torch.sum(preds == target)
self.total += target.numel ()

def compute (self):
return self.correct.float () / self.total

Metrics support backpropagation, if all computations involved in the metric calculation are differentiable. However,
note that the cached state is detached from the computational graph and cannot be backpropagated. Not doing this
would mean storing the computational graph for each update call, which can lead to out-of-memory errors. In practise
this means that:
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metric = MyMetric()
val = metric(pred, target) # this value can be backpropagated
val = metric.compute() # this value cannot be backpropagated

13.2.1 Metric API

class pytorch_lightning.metrics.Metric (compute_on_step=True, dist_sync_on_step=False,

process_group=None, dist_sync_fn=None)
Bases: torchmetrics.

This implementation refers to Metric.

Warning: This metric is deprecated, use torchmetrics.Metric. Will be removed in v1.5.0.

13.2.2 Internal implementation details

This section briefly describe how metrics work internally. We encourage looking at the source code for more info.
Internally, Lightning wraps the user defined update () and compute () method. We do this to automatically
synchronize and reduce metric states across multiple devices. More precisely, calling update () does the following
internally:

1. Clears computed cache
2. Calls user-defined update ()
Simiarly, calling compute () does the following internally
1. Syncs metric states between processes
2. Reduce gathered metric states
3. Calls the user defined compute () method on the gathered metric states
4. Cache computed result

From a user’s standpoint this has one important side-effect: computed results are cached. This means that no matter
how many times compute is called after one and another, it will continue to return the same result. The cache is first
emptied on the next call to update.

forward serves the dual purpose of both returning the metric on the current data and updating the internal metric
state for accumulating over multiple batches. The forward () method achives this by combining calls to update
and compute in the following way (assuming metric is initialized with compute_on_step=True):

1. Calls update () to update the global metric states (for accumulation over multiple batches)
Caches the global state
Calls reset () to clear global metric state

Calls update () to update local metric state

A

Calls compute () to calculate metric for current batch
6. Restores the global state

This procedure has the consequence of calling the user defined update twice during a single forward call (one to
update global statistics and one for getting the batch statistics).
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13.3 Metric Arithmetics

Metrics support most of python built-in operators for arithmetic, logic and bitwise operations.

For example for a metric that should return the sum of two different metrics, implementing a new metric is an overhead
that is not necessary. It can now be done with:

first_metric = MyFirstMetric()
second_metric = MySecondMetric ()

new_metric = first_metric + second_metric

new_metric.update (xargs, =*xkwargs) now calls update of first_metric and second_metric. It
forwards all positional arguments but forwards only the keyword arguments that are available in respective metric’s
update declaration.

Similarly new_metric.compute () now calls compute of first_metric and second_metric and adds the
results up.

This pattern is implemented for the following operators (with a being metrics and b being metrics, tensors, integer or
floats):

e Addition (a + b)

¢ Bitwise AND (a & Db)

e Equality (a == b)

¢ Floordivision (a // b)
* Greater Equal (a >= Db)
¢ Greater (a > Db)

e Less Equal (a <= b)

e Less(a < b)

e Matrix Multiplication (a @ Db)
¢ Modulo(a % b)

e Multiplication (a * b)
e Inequality (a != Db)

e Bitwise OR (a | b)

e Power (a ** b)

¢ Substraction (a - b)

¢ True Division (a / b)

¢ Bitwise XOR (a ~ b)

¢ Absolute Value (abs (a))
* Inversion (~a)

* Negative Value (neg(a))

¢ Positive Value (pos (a))
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13.4 MetricCollection

In many cases it is beneficial to evaluate the model output by multiple metrics. In this case the MetricCollection class
may come in handy. It accepts a sequence of metrics and wraps theses into a single callable metric class, with the
same interface as any other metric.

Example:

from pytorch_ lightning.metrics import MetricCollection, Accuracy, Precision, Recall
target = torch.tensor([0O, 2, 0, 2, 0, 1, 0, 2])
preds = torch.tensor([(2, 1, 2, 0, 1, 2, 2, 21])
metric_collection = MetricCollection ([
Accuracy (),
Precision (num_classes=3, average='macro'),
Recall (num_classes=3, average='macro')
1)

print (metric_collection (preds, target))

{"Accuracy': tensor(0.1250),
'"Precision': tensor (0.0667),
'Recall': tensor (0.1111)}

Similarly it can also reduce the amount of code required to log multiple metrics inside your LightningModule

def = init__ (self):

metrics = pl.metrics.MetricCollection(...)
self.train_metrics = metrics.clone ()
self.valid_metrics = metrics.clone()

def training_step(self, batch, batch_idx):
logits = self (x)

self.train_metrics(logits, vy)
# use log_dict instead of log
self.log_dict (self.train_metrics, on_step=True, on_epoch=False, prefix='train')

def validation_step(self, batch, batch_idx):
logits = self (x)

self.valid_metrics(logits, vy)
# use log_dict instead of log
self.log_dict (self.valid_metrics, on_step=True, on_epoch=True, prefix='val')

Note: MetricCollection as default assumes that all the metrics in the collection have the same call signature. If this is
not the case, input that should be given to different metrics can given as keyword arguments to the collection.

class pytorch_lightning.metrics.MetricCollection (meftrics)
Bases: torchmetrics.

This implementation refers to MetricCollection.

Warning: This metric is deprecated, use torchmetrics.MetricCollection. Will be removed in
v1.5.0.
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13.5 Class vs Functional Metrics

The functional metrics follow the simple paradigm input in, output out. This means, they don’t provide any advanced
mechanisms for syncing across DDP nodes or aggregation over batches. They simply compute the metric value based
on the given inputs.

Also, the integration within other parts of PyTorch Lightning will never be as tight as with the class-based interface.
If you look for just computing the values, the functional metrics are the way to go. However, if you are looking for the

best integration and user experience, please consider also using the class interface.

13.6 Classification Metrics

13.6.1 Input types

For the purposes of classification metrics, inputs (predictions and targets) are split into these categories (N stands for
the batch size and C for number of classes):

Table 1: *dtype binary means integers that are either 0 or 1

Type preds shape preds dtype target shape target dtype
Binary (N, float (N,) binary*
Multi-class (N,) int (N, int
Multi-class with probabilities N, O) float (N,) int
Multi-label \N,...) float N,...) binary*
Multi-dimensional multi-class N,...) int N,...) int
Multi-dimensional multi-class with | (N, C,...) float N,...) int
probabilities

Note: All dimensions of size 1 (except N) are “squeezed out” at the beginning, so that, for example, a tensor of shape
(N, 1) istreatedas (N, ).

When predictions or targets are integers, it is assumed that class labels start at 0, i.e. the possible class labels are 0, 1,
2, 3, etc. Below are some examples of different input types

# Binary inputs

binary_preds = torch.tensor([0.6, 0.1, 0.9])

binary_target = torch.tensor([1l, 0, 2])

# Multi-class inputs

mc_preds = torch.tensor ([0, 2, 1])

mc_target = torch.tensor ([0, 1, 21])

# Multi-class inputs with probabilities

mc_preds_probs = torch.tensor([[0.8, 0.2, 0], [0.1, 0.2, 0.7], [0.3, 0.6, 0.111)
mc_target_probs = torch.tensor ([0, 1, 21])

# Multi-label inputs

ml_preds = torch.tensor([[0.2, 0.8, 0.9], [0.5, 0.6, 0.1], [0.3, 0.1, 0.111)
ml_target = torch.tensor([[O, 1, 11, [1, 0, 01, [0, O, 011)
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Using the is_multiclass parameter

In some cases, you might have inputs which appear to be (multi-dimensional) multi-class but are actually binary/multi-
label - for example, if both predictions and targets are integer (binary) tensors. Or it could be the other way around,
you want to treat binary/multi-label inputs as 2-class (multi-dimensional) multi-class inputs.

For these cases, the metrics where this distinction would make a difference, expose the i s_multiclass argument.
Let’s see how this is used on the example of Stat Scores metric.

First, let’s consider the case with label predictions with 2 classes, which we want to treat as binary.

from pytorch_lightning.metrics.functional import stat_scores

# These inputs are supposed to be binary, but appear as multi-class
preds = torch.tensor ([0, 1, 0])
target = torch.tensor([1l, 1, 0])

As you can see below, by default the inputs are treated as multi-class. We can set is_multiclass=False to treat
the inputs as binary - which is the same as converting the predictions to float beforehand.

>>> stat_scores (preds, target, reduce='macro', num_classes=2)

(
tensor([[1, 1, 1, 0, 117,
[1, o, 1, 1, 211)
>>> stat_scores (preds, target, reduce='macro', num_classes=1, is_multiclass=False)
tensor([[1, O, 1, 1, 211)
>>> stat_scores (preds.float (), target, reduce='macro', num_classes=1)
tensor ([[1, O, 1, 1, 2]1)

Next, consider the opposite example: inputs are binary (as predictions are probabilities), but we would like to treat
them as 2-class multi-class, to obtain the metric for both classes.

preds = torch.tensor([0.2, 0.7, 0.3])
target = torch.tensor([1l, 1, 0])

In this case we can set is_multiclass=True, to treat the inputs as multi-class.

>>> stat_scores (preds, target, reduce='macro', num_classes=1)
tensor([[1, O, 1, 1, 2]1)
>>> stat_scores (preds, target, reduce='macro', num_classes=2, is_multiclass=True)
tensor([[1, 1, 1, 0, 17,
[1, o, 1, 1, 211)

13.6.2 Class Metrics (Classification)
Accuracy

class pytorch_lightning.metrics.classification.Accuracy (threshold=0.5,
top_k=None, sub-
set_accuracy=False,
compute_on_step=True,
dist_sync_on_step=False,
process_group=None,

dist_sync_fn=None)
Bases: torchmetrics.
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Computes Accuracy:

N
1 .
Accuracy = N E W(y; = 4i)

i

Where y is a tensor of target values, and ¢ is a tensor of predictions.

For multi-class and multi-dimensional multi-class data with probability predictions, the parameter t op_k gen-
eralizes this metric to a Top-K accuracy metric: for each sample the top-K highest probability items are consid-

ered to find the correct label.

For multi-label and multi-dimensional multi-class inputs, this metric computes the “global” accuracy by default,
which counts all labels or sub-samples separately. This can be changed to subset accuracy (which requires all

labels or sub-samples in the sample to be correctly predicted) by setting subset_accuracy=True.

Accepts all input types listed in Input types.

Parameters

thresholdf (f loat) — Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs.

top_k{ (Optional[int])—Number of highest probability predictions considered to find
the correct label, relevant only for (multi-dimensional) multi-class inputs with probability
predictions. The default value (None) will be interpreted as 1 for these inputs.

Should be left at default (None) for all other types of inputs.

subset_accuracy{ (bool) — Whether to compute subset accuracy for multi-label and
multi-dimensional multi-class inputs (has no effect for other input types).

— For multi-label inputs, if the parameter is set to True, then all labels for each sample
must be correctly predicted for the sample to count as correct. If it is set to False, then
all labels are counted separately - this is equivalent to flattening inputs beforehand (i.e.
preds = preds.flatten () and same for target).

— For multi-dimensional multi-class inputs, if the parameter is set to True, then all sub-
sample (on the extra axis) must be correct for the sample to be counted as correct. If it
is set to False, then all sub-samples are counter separately - this is equivalent, in the
case of label predictions, to flattening the inputs beforehand (i.e. preds = preds.
flatten () and same for target). Note that the top_k parameter still applies in
both cases, if set.

compute_on_step{ (bool) — Forward only calls update () and return None if this
is setto False.

dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step

process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

dist_sync_£n{ (Optional[Callable])- Callback that performs the allgather oper-
ation on the metric state. When None, DDP will be used to perform the allgather
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Example

>>> from pytorch lightning.metrics import Accuracy

>>> target = torch.tensor ([0, 1, 2, 31)
>>> preds = torch.tensor ([0, 2, 1, 3])
>>> accuracy = Accuracy ()

>>> accuracy (preds, target)

tensor (0.5000)

>>> target = torch.tensor ([0, 1, 2])

>>> preds = torch.tensor([[0.1, 0.9, 0], [0.3, 0.1, 0.6], [0.2, 0.5, 0.311)
>>> accuracy = Accuracy (top_k=2)

>>> accuracy (preds, target)

tensor (0.6667)

compute ()
Computes accuracy based on inputs passed in to update previously.

Return type Tensor

update (preds, target)
Update state with predictions and targets. See /nput types for more information on input types.

Parameters
* preds{ (Tensor) — Predictions from model (probabilities, or labels)

e target{ (Tensor)— Ground truth labels

AveragePrecision

class pytorch_lightning.metrics.classification.AveragePrecision (num_classes=None,
pos_label=None,
com-
pute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None)

Bases: torchmetrics.

Computes the average precision score, which summarises the precision recall curve into one number. Works
for both binary and multiclass problems. In the case of multiclass, the values will be calculated based on a
one-vs-the-rest approach.

Forward accepts

e preds (float tensor): (N, ...) (binary) or (N, C, ...) (multiclass) tensor with probabilities,
where C is the number of classes.

* target (long tensor): (N, ...) with integer labels

Parameters

* num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to
provide for binary problems.

* pos_label{ (Optional[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]
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* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example (binary case):

>>> pred = torch.tensor ([0, 1, 2, 3])

>>> target = torch.tensor ([0, 1, 1, 11)

>>> average_precision = AveragePrecision (pos_label=1)
>>> average_precision (pred, target)

tensor (1.)

Example (multiclass case):

>>> pred = torch.tensor([[0.75, 0.05, 0.05, 0.05, 0.057],
[0.05, 0.75, 0.05, 0.05, 0.05],
[0.05, 0.05, 0.75, 0.05, 0.05],
. [0.05, 0.05, 0.05, 0.75, 0.05]1])
>>> target = torch.tensor ([0, 1, 3, 21])
>>> average_precision = AveragePrecision (num_classes=5)

>>> average_precision (pred, target)
[tensor(l.), tensor(l.), tensor(0.2500), tensor(0.2500), tensor (nan)]

compute ()
Compute the average precision score

Return type Union[Tensor, List[Tensor]]

Returns tensor with average precision. If multiclass will return list of such tensors, one for each
class

update (preds, target)
Update state with predictions and targets.

Parameters
e preds{ (Tensor) — Predictions from model

* target{ (Tensor)— Ground truth values

AUC

class pytorch_lightning.metrics.classification.AUC (reorder=False, com-
pute_on_step=True,
dist_sync_on_step=False,
process_group=None,

dist_sync_fn=None)
Bases: torchmetrics.

Computes Area Under the Curve (AUC) using the trapezoidal rule
Forward accepts two input tensors that should be 1D and have the same number of elements

Parameters
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* reorder{ (bool)— AUC expects its first input to be sorted. If this is not the case, setting
this argument to True will use a stable sorting algorithm to sort the input in decending
order

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False.

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step.

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

* dist_sync_£n{ (Optional[Callable])- Callback that performs the allgather oper-
ation on the metric state. When None, DDP will be used to perform the allgather

compute ()
Computes AUC based on inputs passed in to update previously.

Return type Tensor

update (x, y)
Update state with predictions and targets.

Parameters
* xf (Tensor) — Predictions from model (probabilities, or labels)

e y7 (Tensor) — Ground truth labels

AUROC

class pytorch_lightning.metrics.classification.AUROC (num_classes=None,
pos_label=None, aver-
age="macro’, max_fpr=None,
compute_on_step:True,
dist_sync_on_step=Fualse,
process_group=None,

dist_sync_fn=None)
Bases: torchmetrics.

Compute Area Under the Receiver Operating Characteristic Curve (ROC AUC) <https://en.wikipedia.org/wiki/
Receiver_operating_characteristic#Further_interpretations>"_. Works for both binary, multilabel and multiclass
problems. In the case of multiclass, the values will be calculated based on a one-vs-the-rest approach.

Forward accepts

e preds (float tensor): (N, ...) (binary) or (N, C, ...) (multiclass) tensor with probabilities,
where C is the number of classes.

e target (longtensor): (N, ...) or (N, C, ...) withinteger labels

For non-binary input, if the preds and target tensor have the same size the input will be interpretated as
multilabel and if preds have one dimension more than the target tensor the input will be interpretated as
multiclass.

Args:

num_classes: integer with number of classes. Not nessesary to provide for binary prob-
lems.
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pos_label: integer determining the positive class. Default is None which for binary prob-
lem is translate to 1. For multiclass problems this argument should not be set as we iter-
atively change it in the range [0,num_classes-1]

average:
* 'macro' computes metric for each class and uniformly averages them

* 'weighted' computes metric for each class and does a weighted-average, where each
class is weighted by their support (accounts for class imbalance)

* None computes and returns the metric per class

max_fpr: If not None, calculates standardized partial AUC over the range [0, max_fpr]. Should
be a float between 0 and 1.

compute_on_step: Forward only calls update () and return None if this is set to False. de-
fault: True

dist_sync_on_step: Synchronize metric state across processes at each forward () before re-
turning the value at the step.

process_group: Specify the process group on which synchronization is called. default: None
(which selects the entire world)

dist_sync_fn: Callback that performs the allgather operation on the metric state. When None,
DDP will be used to perform the allgather

Example (binary case):

>>> preds = torch.tensor([0.13, 0.26, 0.08, 0.19, 0.347)
>>> target = torch.tensor ([0, O, 1, 1, 11)

>>> auroc = AUROC (pos_label=1)

>>> auroc (preds, target)

tensor (0.5000)

Example (multiclass case):

>>> preds = torch.tensor([[0.90, 0.05, 0.05],
[0.05, 0.90, 0.05],
[0.05, 0.05, 0.90],
[0.85, 0.05, 0.10],
C [0.10, 0.10, 0.8011)
>>> target = torch.tensor ([0, 1, 1, 2, 2])

>>> auroc = AUROC (num_classes=3)
>>> auroc (preds, target)
tensor (0.7778)

compute ()
Computes AUROC based on inputs passed in to update previously.

Return type Tensor

update (preds, target)
Update state with predictions and targets.

Parameters
* preds{ (Tensor) — Predictions from model (probabilities, or labels)

* target{ (Tensor)— Ground truth labels
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ConfusionMatrix

class pytorch_lightning.metrics.classification.ConfusionMatrix (num_classes,
normal-
ize=None,
thresh-
old=0.5, com-
pute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None)

Bases: torchmetrics.

Computes the confusion matrix. Works with binary, multiclass, and multilabel data. Accepts probabilities from
a model output or integer class values in prediction. Works with multi-dimensional preds and target.

Note: This metric produces a multi-dimensional output, so it can not be directly logged.

Forward accepts
* preds (float or long tensor): (N, ...) or (N, C, ...) whereC isthe number of classes
* target (long tensor): (N, ...)

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to
convert into integer labels. This is the case for binary and multi-label probabilities.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
Parameters
* num_classes{ (int)— Number of classes in the dataset.

e normalize{ (Optional[str]) — Normalization mode for confusion matrix. Choose
from

— None or "none': no normalization (default)

'true': normalization over the targets (most commonly used)
— 'pred': normalization over the predictions
— 'all': normalization over the whole matrix

* threshold{ (float) — Threshold value for binary or multi-label probabilites. default:
0.5

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)
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Example

>>> from pytorch lightning.metrics import ConfusionMatrix

>>> target = torch.tensor([1l, 1, 0, 0])
>>> preds = torch.tensor ([0, 1, 0, 0])
>>> confmat = ConfusionMatrix (num_classes=2)
>>> confmat (preds, target)
tensor([[2., 0.7,
(1., 1.11)
compute ()

Computes confusion matrix
Return type Tensor

update (preds, target)
Update state with predictions and targets.

Parameters
e preds{ (Tensor) — Predictions from model

* target{ (Tensor)— Ground truth values

F1

class pytorch_lightning.metrics.classification.F1 (num_classes, threshold=0.5, aver-
age='micro’, multilabel=False,
compute_on_step=True,
dist_sync_on_step=False, pro-

cess_group=None)
Bases: torchmetrics.

Computes F1 metric. F1 metrics correspond to a harmonic mean of the precision and recall scores.

Works with binary, multiclass, and multilabel data. Accepts logits from a model output or integer class values
in prediction. Works with multi-dimensional preds and target.

Forward accepts
* preds (float or long tensor): (N, ...) or (N, C, ...) whereC isthe number of classes
* target (long tensor): (N, ...)

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument.
This is the case for binary and multi-label logits.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
Parameters
* num classes{ (int)— Number of classes in the dataset.
* threshold (f1loat) — Threshold value for binary or multi-label logits. default: 0.5
* average{ (str) -
— 'micro' computes metric globally
— 'macro' computes metric for each class and uniformly averages them

— 'weighted' computes metric for each class and does a weighted-average, where each
class is weighted by their support (accounts for class imbalance)
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— 'none' or None computes and returns the metric per class
* multilabel{ (bool) — If predictions are from multilabel classification.

* compute_on_step{ (bool)— Forward only calls update () and returns None if this
is set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch lightning.metrics import F1

>>> target = torch.tensor ([0, 1, 2, 0, 1, 21)
>>> preds = torch.tensor ([0, 2, 1, 0, 0, 11)

>>> fl1 = Fl(num_classes=3)

>>> f1l (preds, target)

tensor (0.3333)

FBeta

class pytorch_lightning.metrics.classification.FBeta (num_classes, beta=1.0,
threshold=0.5, aver-
age="micro', multilabel=False,
compute_on_step=True,
dist_sync_on_step=False,
process_group=None)
Bases: torchmetrics.

Computes F-score, specifically:

precision * recall
(82 * precision) + recall

Fs=(1+p%)x
Where (5 is some positive real factor. Works with binary, multiclass, and multilabel data. Accepts probabilities
from a model output or integer class values in prediction. Works with multi-dimensional preds and target.
Forward accepts
* preds (float or long tensor): (N, ...) or (N, C, ...) whereC isthe number of classes
* target (long tensor): (N, ...)

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to
convert into integer labels. This is the case for binary and multi-label probabilities.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
Parameters
* num_classes{ (int)— Number of classes in the dataset.
e beta{ (float) — Beta coefficient in the F measure.

* threshold{ (float) — Threshold value for binary or multi-label probabilities. default:
0.5

* average{ (str) -

13.6. Classification Metrics 199


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.Optional
https://docs.python.org/3/library/typing.html#typing.Any
https://en.wikipedia.org/wiki/F-score
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.2.10

— 'micro' computes metric globally
— 'macro' computes metric for each class and uniformly averages them

— 'weighted' computes metric for each class and does a weighted-average, where each
class is weighted by their support (accounts for class imbalance)

— 'none' or None computes and returns the metric per class
* multilabel{ (bool) — If predictions are from multilabel classification.

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch lightning.metrics import FBeta
>>> target = torch.tensor ([0, 1, 2, 0, 1, 21])
>>> preds = torch.tensor ([0, 2, 1, 0, 0, 11)
>>> f _beta = FBeta(num_classes=3, beta=0.5)

>>> f Dbeta (preds, target)

tensor (0.3333)

compute ()
Computes fbeta over state.

Return type Tensor

update (preds, target)
Update state with predictions and targets.

Parameters
* preds{ (Tensor) — Predictions from model

¢ target{ (Tensor) — Ground truth values

loU

class pytorch_lightning.metrics.classification.IoU (num_classes, ignore_index=None,
absent_score=0.0, threshold=0.5,
reduction="elementwise_mean’',
compute_on_step=True,
dist_sync_on_step=False, pro-

cess_group=None)
Bases: torchmetrics.

Computes Intersection over union, or Jaccard index calculation:

_ |AnB]

T4, B) = |AU B|

Where: A and B are both tensors of the same size, containing integer class values. They may be subject to
conversion from input data (see description below). Note that it is different from box IoU.
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Works with binary, multiclass and multi-label data. Accepts probabilities from a model output or integer class
values in prediction. Works with multi-dimensional preds and target.

Forward accepts
* preds (float or long tensor): (N, ...) or (N, C, ...) whereC isthe number of classes
* target (longtensor): (N, ...)

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to
convert into integer labels. This is the case for binary and multi-label probabilities.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
Parameters
* num_classes{ (int)— Number of classes in the dataset.

* ignore_index{ (Optional[int]) — optional int specifying a target class to ignore.
If given, this class index does not contribute to the returned score, regardless of reduction
method. Has no effect if given an int that is not in the range [0, num_classes-1]. By default,
no index is ignored, and all classes are used.

e absent_score{ (float) — score to use for an individual class, if no instances of the
class index were present in pred AND no instances of the class index were present in farget.
For example, if we have 3 classes, [0, 0] for pred, and [0, 2] for target, then class 1 would
be assigned the absent_score.

* threshold{ (float)— Threshold value for binary or multi-label probabilities.
* reduction{ (st r)—a method to reduce metric score over labels.

- 'elementwise_mean': takes the mean (default)

— 'sum': takes the sum

— '"none': no reduction will be applied

* compute_on_step{ (bool) - Forward only calls update () and return None if this is
set to False.

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step.

* process_groupy (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch lightning.metrics import IoU

>>> target = torch.randint (0, 2, (10, 25, 25))

>>> pred = torch.tensor (target)

>>> pred[2:5, 7:13, 9:15] = 1 - pred[2:5, 7:13, 9:15]
>>> jou = IoU(num_classes=2)

>>> iou(pred, target)

tensor (0.9660)

compute ()
Computes intersection over union (IoU)

Return type Tensor
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Hamming Distance

class pytorch_lightning.metrics.classification.HammingDistance (threshold=0.5,
com-
pute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None,
dist_sync_fn=None)

Bases: torchmetrics.

Computes the average Hamming distance (also known as Hamming loss) between targets and predictions:

N L
. . 1 R
Hamming distance = N L Z ; L(ya # var)

Where y is a tensor of target values, ¢ is a tensor of predictions, and e;; refers to the [-th label of the i-th sample
of that tensor.

This is the same as 1-accuracy for binary data, while for all other types of inputs it treats each possible label
separately - meaning that, for example, multi-class data is treated as if it were multi-label.

Accepts all input types listed in /nput types.
Parameters

* thresholdf (f1loat) — Threshold probability value for transforming probability predic-
tions to binary (0 or 1) predictions, in the case of binary or multi-label inputs.

* compute_on_step{ (bool) — Forward only calls update () and return None if this
is setto False.

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step.

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

* dist_sync_£n{ (Optional[Callable])— Callback that performs the allgather oper-
ation on the metric state. When None, DDP will be used to perform the all gather.

Example

>>> from pytorch_lightning.metrics import HammingDistance

>>> target = torch.tensor([[0, 1], [1, 111)
>>> preds = torch.tensor ([[0, 1], [0, 111)
>>> hamming_distance = HammingDistance ()

>>> hamming_distance (preds, target)
tensor (0.2500)

compute ()
Computes hamming distance based on inputs passed in to update previously.

Return type Tensor

update (preds, target)
Update state with predictions and targets. See /nput types for more information on input types.

Parameters
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* preds{ (Tensor) — Predictions from model (probabilities, or labels)

* target{ (Tensor)— Ground truth labels

Precision

class pytorch_lightning.metrics.classification.Precision (num_classes=None,

threshold=0.5, av-
erage='micro’,
multilabel=Fualse,
mdmc_average=None,
ignore_index=None,
top_k=None,
is_multiclass=None,
compute_on_step=True,
dist_sync_on_step=False,
process_group=None,
dist_sync_fn=None)
Bases: torchmetrics.

Computes Precision:

TP

Precision = ———
TP + FP

Where TP and FP represent the number of true positives and false positives respecitively. With the use of top_k
parameter, this metric can generalize to Precision@K.

The reduction method (how the precision scores are aggregated) is controlled by the average parameter, and
additionally by the mdmc_average parameter in the multi-dimensional multi-class case. Accepts all inputs
listed in Input types.

Parameters

* num_classes{ (Optional[int]) — Number of classes. Necessary for 'macro’,
'weighted' and None average methods.

* threshold{ (f1loat)— Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs.

* average{ (str)— Defines the reduction that is applied. Should be one of the following:

— '"micro' [default]: Calculate the metric globally, accross all samples and classes.

'macro': Calculate the metric for each class separately, and average the metrics accross
classes (with equal weights for each class).

'weighted': Calculate the metric for each class separately, and average the metrics
accross classes, weighting each class by its support (tp + £n).

'none' or None: Calculate the metric for each class separately, and return the metric
for every class.

'samples': Calculate the metric for each sample, and average the metrics across sam-
ples (with equal weights for each sample).

Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_average.

e multilabel{ (bool)—
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Warning: This parameter is deprecated and has no effect. Will be removed in v1.4.0.

* mdmc_average{ (Optional[str]) — Defines how averaging is done for multi-
dimensional multi-class inputs (on top of the average parameter). Should be one of the
following:

— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class.

- 'samplewise': In this case, the statistics are computed separately for each sample on
the N axis, and then averaged over samples. The computation for each sample is done
by treating the flattened extra axes . .. (see Input types) as the N dimension within the
sample, and computing the metric for the sample based on that.

— 'global': In this case the N and . . . dimensions of the inputs (see /nput types) are
flattened into a new N_X sample axis, i.e. the inputs are treated as if they were (N_X,
C) . From here on the average parameter applies as usual.

* ignore_index{ (Optional[int]) — Integer specifying a target class to ignore. If
given, this class index does not contribute to the returned score, regardless of reduction
method. If an index is ignored, and average=None or 'none ', the score for the ignored
class will be returned as nan.

* top_kY (Optional[int]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

* compute_on_step{ (bool) — Forward only calls update () and return None if this
issetto False.

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

* dist_sync_£n{ (Optional[Callable])— Callback that performs the allgather oper-
ation on the metric state. When None, DDP will be used to perform the allgather.

Example

>>> from pytorch_lightning.metrics import Precision

>>> preds = torch.tensor([2, 0, 2, 11)

>>> target = torch.tensor([1l, 1, 2, 0])

>>> precision = Precision (average='macro', num_classes=3)
>>> precision (preds, target)

tensor (0.1667)

>>>
>>>

precision = Precision (average='micro')
precision (preds, target)

tensor (0.2500)
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compute ()
Computes the precision score based on inputs passed in to update previously.

Return type Tensor
Returns
The shape of the returned tensor depends on the average parameter

e If average in ['micro', 'macro', 'weighted', 'samples'], a one-
element tensor will be returned

e If average in ['none', Nonel], the shape will be (C, ), where C stands for the
number of classes

PrecisionRecallCurve

class pytorch_lightning.metrics.classification.PrecisionRecallCurve (num_classes=None,
pos_label=None,
com-
pute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None)

Bases: torchmetrics.

Computes precision-recall pairs for different thresholds. Works for both binary and multiclass problems. In the
case of multiclass, the values will be calculated based on a one-vs-the-rest approach.

Forward accepts

e preds (float tensor): (N, ...) (binary) or (N, C, ...) (multiclass) tensor with probabilities,
where C is the number of classes.

* target (long tensor): (N, ...) or (N, C, ...) withinteger labels

Parameters

* num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to
provide for binary problems.

* pos_labelf (Optional[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example (binary case):

>>> pred = torch.tensor ([0, 1, 2, 3])

>>> target = torch.tensor ([0, 1, 1, 01])

>>> pr_curve = PrecisionRecallCurve (pos_label=1)

>>> precision, recall, thresholds pr_curve (pred, target)

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

>>> precision

tensor ([0.6667, 0.5000, 0.0000, 1.00007)
>>> recall

tensor ([1.0000, 0.5000, 0.0000, 0.00001])
>>> thresholds

tensor ([1, 2, 31)

Example (multiclass case):

>>> pred = torch.tensor([[0.75, 0.05, 0.05, 0.05, 0.057],
[0.05, 0.75, 0.05, 0.05, 0.05],
[0.05, 0.05, 0.75, 0.05, 0.057],

C [0.05, 0.05, 0.05, 0.75, 0.05]1])

>>> target = torch.tensor ([0, 1, 3, 21)

>>> pr_curve = PrecisionRecallCurve (num_classes=5)

>>> precision, recall, thresholds = pr_curve (pred, target)

>>> precision

[tensor([1., 1.]), tensor([l., 1.]), tensor([0.2500, 0.0000, 1.00001),

tensor ([0.2500, 0.0000, 1.0000]), tensor([0., 1.1)]

>>> recall

[tensor([1l., 0.]), tensor([l., 0.]), tensor([l., O., 0O0.]), tensor([l., O., 0.]1),.
—tensor ([nan, 0.])]

>>> thresholds

[tensor ([0.7500]), tensor([0.7500]), tensor([0.0500, 0.7500]), tensor([0.0500, O.
—7500]), tensor([0.05007])]

compute ()
Compute the precision-recall curve

Returns: 3-element tuple containing

precision: tensor where element i is the precision of predictions with score >= thresholds[i] and
the last element is 1. If multiclass, this is a list of such tensors, one for each class.

recall: tensor where element i is the recall of predictions with score >= thresholds[i] and the last
element is 0. If multiclass, this is a list of such tensors, one for each class.

thresholds: Thresholds used for computing precision/recall scores
Return type Union[Tuple[Tensor, Tensor, Tensor], Tuple[List[Tensor],
List[Tensor], List[Tensor]]]

update (preds, target)
Update state with predictions and targets.

Parameters
* preds{ (Tensor) — Predictions from model

e target{ (Tensor) — Ground truth values
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Recall

class pytorch_lightning.metrics.classification.Recall (num_classes=None, thresh-

old=0.5, average='micro’,
multilabel=False,
mdmc_average=None,
ignore_index=None,
top_k=None,
is_multiclass=None,
compute_on_step=True,
dist_sync_on_step=False,
process_group=None,
dist_sync_fn=None)

Bases: torchmetrics.

Computes Recall:

TP
TP + FN

Where TP and FN represent the number of true positives and false negatives respecitively. With the use of
top_k parameter, this metric can generalize to Recall@K.

Recall =

The reduction method (how the recall scores are aggregated) is controlled by the average parameter, and
additionally by the mdmc_average parameter in the multi-dimensional multi-class case. Accepts all inputs
listed in Input types.

Parameters

* num_classes{ (Optional[int]) — Number of classes. Necessary for 'macro’,
'weighted' and None average methods.

* thresholdf (f1loat) — Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs.

* average{ (str)— Defines the reduction that is applied. Should be one of the following:

— 'micro' [default]: Calculate the metric globally, accross all samples and classes.

'macro': Calculate the metric for each class separately, and average the metrics accross
classes (with equal weights for each class).

'weighted': Calculate the metric for each class separately, and average the metrics
accross classes, weighting each class by its support (tp + £n).

— 'none' or None: Calculate the metric for each class separately, and return the metric
for every class.

'samples': Calculate the metric for each sample, and average the metrics across sam-
ples (with equal weights for each sample).

Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_average.

* multilabel{ (bool) -

Warning: This parameter is deprecated and has no effect. Will be removed in v1.4.0.

* mdmc_average{ (Optional[str]) — Defines how averaging is done for multi-
dimensional multi-class inputs (on top of the average parameter). Should be one of the
following:
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— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class.

- 'samplewise': In this case, the statistics are computed separately for each sample on
the N axis, and then averaged over samples. The computation for each sample is done
by treating the flattened extra axes . . . (see Input types) as the N dimension within the
sample, and computing the metric for the sample based on that.

— 'global': In this case the N and . .. dimensions of the inputs (see Input types) are
flattened into a new N_X sample axis, i.e. the inputs are treated as if they were (N_X,
C) . From here on the average parameter applies as usual.

* ignore_index{ (Optionall[int]) — Integer specifying a target class to ignore. If
given, this class index does not contribute to the returned score, regardless of reduction
method. If an index is ignored, and average=None or 'none", the score for the ignored
class will be returned as nan.

* top_kY (Optionall[int]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

* compute_on_step{ (bool) — Forward only calls update () and return None if this
issetto False.

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

* dist_sync_£n{ (Optional[Callable])- Callback that performs the allgather oper-
ation on the metric state. When None, DDP will be used to perform the allgather.

Example

>>> from pytorch_lightning.metrics import Recall
>>> preds = torch.tensor([2, 0, 2, 1])

>>> target = torch.tensor([1l, 1, 2, 0])

>>> recall = Recall (average='macro', num_classes=3)
>>> recall (preds, target)

tensor (0.3333)

>>> recall = Recall (average='micro')
>>> recall (preds, target)

tensor (0.2500)

compute ()

Computes the recall score based on inputs passed in to update previously.

Return type Tensor
Returns

The shape of the returned tensor depends on the average parameter
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e If average in

['micro', 'macro', 'weighted', 'samples'], a one-

element tensor will be returned

e If average in
number of classes

ROC

['none', None], the shape will be (C, ), where C stands for the

class pytorch_lightning.metrics.classification.ROC (num_classes=None,

Bases: torchmetrics.

pos_label=None, com-
pute_on_step=True,
dist_sync_on_step=False, pro-

cess_group=None)

Computes the Receiver Operating Characteristic (ROC). Works for both binary and multiclass problems. In the
case of multiclass, the values will be calculated based on a one-vs-the-rest approach.

Forward accepts

e preds (float tensor):

* target (long tensor): (N,

Parameters

...) (binary) or (N, C, ...) (multiclass) tensor with probabilities,
where C is the number of classes.

.)or (N, C, ...) withinteger labels

* num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to

provide for binary problems.

* pos_labelf (Optional[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]

* compute_on_step{ (bool)— Forward only calls update () and return None if this is

set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example (binary case):

>>> fpr

tensor([0., 0., 0., O.,
>>> tpr

tensor ([0.0000, 0.3333,
>>> thresholds

tensor ([4, 3, 2, 1, 01)

>>> pred = torch.tensor ([0,
>>> target = torch.tensor ([0,
>>> roc = ROC (pos_label=1)

>>> fpr, tpr, thresholds

31)

1, 11)

roc (pred, target)

1.0000, 1.00001])

Example (multiclass case):
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>>> pred = torch.tensor([[0.75, 0.05, 0.05, 0.057],

[0.05, 0.75, 0.05, 0.057,

[0.05, 0.05, 0.75, 0.057,

. [0.05, 0.05, 0.05, 0.7511)
>>> target = torch.tensor ([ )

0, 1, 3, 2]

>>> roc = ROC (num_classes=4)

>>> fpr, tpr, thresholds = roc(pred, target)

>>> fpr

[tensor([0O., O., 1.]), tensor([0O., O., 1.]), tensor([0.0000, 0.3333, 1.00001),.
[

—tensor ([0.0000, 0.3333, 1.0000])]

>>> tpr

[tensor([0O., 1., 1.]), tensor([0., 1., 1.]1), tensor([0., O., 1.]), tensor([0., O.,
— 1.1)1]

>>> thresholds

[tensor ([1.7500, 0.7500, 0.050071),

tensor ([1.7500, 0.7500, 0.05001]),

tensor([1.7500, 0.7500, 0.05001),

tensor ([1.7500, 0.7500, 0.0500])

compute ()
Compute the receiver operating characteristic

Returns: 3-element tuple containing
fpr: tensor with false positive rates. If multiclass, this is a list of such tensors, one for each class.
tpr: tensor with true positive rates. If multiclass, this is a list of such tensors, one for each class.

thresholds: thresholds used for computing false- and true postive rates

Return type Union[Tuple[Tensor, Tensor, Tensor], Tuple[List[Tensor],
List[Tensor], List[Tensor]]]

update (preds, target)
Update state with predictions and targets.

Parameters
e preds{ (Tensor) — Predictions from model

* target{ (Tensor)— Ground truth values

StatScores

class pytorch_lightning.metrics.classification.StatScores (threshold=0.5,
top_k=None, re-
duce="micro’,
num_classes=None,
ignore_index=None,
mdmc_reduce=None,
is_multiclass=None,
com-
pute_on_step=True,
dist_sync_on_step=False,
process_group=None,

dist_sync_fn=None)
Bases: torchmetrics.
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Computes the number of true positives, false positives, true negatives, false negatives. Related to Type I and
Type II errors and the confusion matrix.

The reduction method (how the statistics are aggregated) is controlled by the reduce parameter, and addition-
ally by the mdmc_ reduce parameter in the multi-dimensional multi-class case.

Accepts all inputs listed in Input types.
Parameters

* thresholdf (f1loat) — Threshold probability value for transforming probability predic-
tions to binary (0 or 1) predictions, in the case of binary or multi-label inputs.

* top_kY (Optionallint]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.
* reduce{ (str)— Defines the reduction that is applied. Should be one of the following:

— 'micro' [default]: Counts the statistics by summing over all [sample, class] combina-
tions (globally). Each statistic is represented by a single integer.

— 'macro': Counts the statistics for each class separately (over all samples). Each statistic
is represented by a (C, ) tensor. Requires num_classes to be set.

— 'samples': Counts the statistics for each sample separately (over all classes). Each
statistic is represented by a (N, ) 1d tensor.

Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_reduce.

* num_classes{ (Optional[int]) — Number of classes. Necessary for (multi-
dimensional) multi-class or multi-label data.

* ignore_index{ (Optional[int]) — Specify a class (label) to ignore. If given, this
class index does not contribute to the returned score, regardless of reduction method. If an
index is ignored, and reduce="macro"', the class statistics for the ignored class will all
be returned as —1.

* mdmc_reduce{ (Optional[str])— Defines how the multi-dimensional multi-class in-
puts are handeled. Should be one of the following:

— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class (see Input types for the definition of input types).

— 'samplewise': In this case, the statistics are computed separately for each sample
on the N axis, and then the outputs are concatenated together. In each sample the extra
axes . . . are flattened to become the sub-sample axis, and statistics for each sample are
computed by treating the sub-sample axis as the N axis for that sample.

— 'global': Inthis case the N and . . . dimensions of the inputs are flattened into a new
N_X sample axis, i.e. the inputs are treated as if they were (N_X, C).From here on the
reduce parameter applies as usual.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

* compute_on_step{ (bool) — Forward only calls update () and return None if this
issetto False.
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* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step

* process_group{ (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

* dist_sync_£n{ (Optional[Callable])- Callback that performs the allgather oper-
ation on the metric state. When None, DDP will be used to perform the allgather.

Example

>>> from pytorch lightning.metrics.classification import StatScores

>>> preds = torch.tensor([l, 0, 2, 1])
>>> target = torch.tensor([1l, 1, 2, 0])
>>> stat_scores = StatScores (reduce='macro', num_classes=3)
>>> stat_scores (preds, target)
tensor([[O0, 1, 2, 1, 17,
(., 1, 1, 1, 21,
[1, 0, 3

» 0, 111)

= StatScores (reduce='micro')
>>> stat_scores (preds, target)

tensor ([2, 2, 6, 2, 41)

>>> stat_scores

compute ()
Computes the stat scores based on inputs passed in to update previously.

Return type Tensor
Returns

The metric returns a tensor of shape (..., 5), where the last dimension corresponds to
[tp, fp, tn, fn, sup] (sup stands for support and equals tp + fn). The shape
depends on the reduce and mdmc_reduce (in case of multi-dimensional multi-class data)
parameters:

¢ If the data is not multi-dimensional multi-class, then
— If reduce="micro", the shape will be (5, )

— If reduce="macro"', the shape will be (C, 5), where C stands for the number of
classes

— If reduce="'samples"', the shape will be (N, 5), where N stands for the number
of samples

e If the data is multi-dimensional multi-class and mdmc_reduce="'global"', then

— If reduce="micro", the shape will be (5, )

If reduce="macro', the shape will be (C, 5)

If reduce="'samples"', the shape will be (N+X, 5), where X stands for the prod-
uct of sizes of all “extra” dimensions of the data (i.e. all dimensions except for C and
N)

* If the data is multi-dimensional multi-class and mdmc_reduce="'samplewise’, then

— If reduce="micro"', the shape will be (N, 5)

If reduce="macro"', the shape willbe (N, C, 5)

If reduce="samples', the shape willbe (N, X, 5)
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update (preds, target)
Update state with predictions and targets. See Input types for more information on input types.

Parameters

* preds{ (Tensor) — Predictions from model (probabilities or labels)

* target{ (Tensor)— Ground truth values

13.6.3 Functional Metrics (Classification)

accuracy [func]

pytorch_lightning.metrics.functional.accuracy (preds, target, threshold=0.5, top_k=None,

subset_accuracy=False)

Computes Accuracy:

N
1
Accuracy = N Z 1y = u:)

i

Where y is a tensor of target values, and ¢ is a tensor of predictions.

For multi-class and multi-dimensional multi-class data with probability predictions, the parameter t op_k gen-
eralizes this metric to a Top-K accuracy metric: for each sample the top-K highest probability items are consid-
ered to find the correct label.

For multi-label and multi-dimensional multi-class inputs, this metric computes the “global” accuracy by default,
which counts all labels or sub-samples separately. This can be changed to subset accuracy (which requires all
labels or sub-samples in the sample to be correctly predicted) by setting subset_accuracy=True.

Accepts all input types listed in Input types.

Parameters

preds{ (Tensor) — Predictions from model (probabilities, or labels)
target{ (Tensor)— Ground truth labels

threshold (float) — Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs.

top_k¥ (Optional[int])— Number of highest probability predictions considered to find
the correct label, relevant only for (multi-dimensional) multi-class inputs with probability
predictions. The default value (None) will be interpreted as 1 for these inputs.

Should be left at default (None) for all other types of inputs.

subset_accuracy{ (bool) — Whether to compute subset accuracy for multi-label and
multi-dimensional multi-class inputs (has no effect for other input types).

— For multi-label inputs, if the parameter is set to True, then all labels for each sample
must be correctly predicted for the sample to count as correct. If it is set to False, then
all labels are counted separately - this is equivalent to flattening inputs beforehand (i.e.
preds = preds.flatten () and same for target).

— For multi-dimensional multi-class inputs, if the parameter is set to True, then all sub-
sample (on the extra axis) must be correct for the sample to be counted as correct. If it
is set to False, then all sub-samples are counter separately - this is equivalent, in the
case of label predictions, to flattening the inputs beforehand (i.e. preds = preds.
flatten () and same for target). Note that the top_k parameter still applies in
both cases, if set.
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Example

>>> from pytorch lightning.metrics.functional import accuracy
>>> target = torch.tensor ([0, 1, 2, 31)

>>> preds = torch.tensor ([0, 2, 1, 3])

>>> accuracy (preds, target)

tensor (0.5000)

>>> target = torch.tensor ([0, 1, 2])
>>> preds = torch.tensor([[0.1, O.
>>> accuracy (preds, target, top_k=

tensor (0.6667)

]
9, 01, [0.3, 0.1, O0.61, [0.2, 0.5, 0.311)
2)

Return type Tensor

auc [func]
pytorch_lightning.metrics.functional.auec (x,y, reorder=False)
Computes Area Under the Curve (AUC) using the trapezoidal rule
Parameters
¢ xJ (Tensor) — x-coordinates
* vy (Tensor) — y-coordinates
* reorder{ (bool)—if True, will reorder the arrays
Return type Tensor

Returns Tensor containing AUC score (float)

Example

>>> x = torch.tensor ([0, 1, 2, 31)
>>> y = torch.tensor ([0, 1, 2, 2])
>>> auc(x, V)

tensor (4.)

auroc [func]

pytorch_lightning.metrics.functional.auroc (preds, target, num_classes=None,
pos_label=None, average='"macro’,
max_fpr=None, sample_weights=None)
Compute Area Under the Receiver Operating Characteristic Curve (ROC AUC)

Parameters
* preds{ (Tensor) — predictions from model (logits or probabilities)
* target{ (Tensor) — Ground truth labels

* num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to
provide for binary problems.
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pos_label{ (Optionall[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]

averagef (Optional[str]) —
— 'macro' computes metric for each class and uniformly averages them

— 'weighted' computes metric for each class and does a weighted-average, where each
class is weighted by their support (accounts for class imbalance)

— None computes and returns the metric per class

max_fpr{ (Optionall[float])—If not None, calculates standardized partial AUC over
the range [0, max_fpr]. Should be a float between 0 and 1.

sample_weight{ — sample weights for each data point

Example (binary case):

>>> preds

>>> target
>>> auroc (preds, target, pos_label=1)
tensor (0.5000)

= torch.tensor([0.13, 0.26, 0.08, 0.19, 0.347])

= torch.tensor ([0, O, 1, 1, 11])

Example (multiclass case):

>>> preds = torch.tensor([[0.90, 0.05, 0.05],
[0.05, 0.90, 0.05],
[0.05, 0.05, 0.90],
[0.85, 0.05, 0.10],
c.. [0.10, 0.10, 0.80]11])
>>> target = torch.tensor ([0, 1, 1, 2, 2])
>>> auroc (preds, target, num_classes=3)
tensor (0.7778)
Return type Tensor
average_precision [func]
pytorch_lightning.metrics.functional.average_precision (preds, target,

num_classes=None,
pos_label=None, sam-
ple_weights=None)

Computes the average precision score.

Parameters

preds{ (Tensor) — predictions from model (logits or probabilities)
target{ (Tensor) — ground truth values

num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to
provide for binary problems.

pos_label{ (Optionall[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]

sample_weights{ (Optional[Sequence])— sample weights for each data point
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Return type Union[List[Tensor], Tensor]

Returns tensor with average precision. If multiclass will return list of such tensors, one for each
class

Example (binary case):

>>> pred = torch.tensor ([0, 1, 2, 31)

>>> target = torch.tensor ([0, 1, 1, 11)
>>> average_precision (pred, target, pos_label=1)
tensor (1.)

Example (multiclass case):

>>> pred = torch.tensor([[0.75, 0.05, 0.05, 0.05, 0.057],
[0.05, 0.75, 0.05, 0.05, 0.05],
[0.05, 0.05, 0.75, 0.05, 0.05],
[0.05, 0.05, 0.05, 0.75, 0.0511)
>>> target = torch.tensor ([0, 1, 3, 21])
>>> average_precision (pred, target, num_classes=5)
[tensor(l.), tensor(l.), tensor(0.2500), tensor(0.2500), tensor (nan)]

confusion_matrix [func]

pytorch_lightning.metrics.functional.confusion_matrix (preds, target, num_classes,
normalize=None, thresh-

old=0.5)
Computes the confusion matrix. Works with binary, multiclass, and multilabel data. Accepts probabilities from

a model output or integer class values in prediction. Works with multi-dimensional preds and target.

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to
convert into integer labels. This is the case for binary and multi-label probabilities.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
Parameters

* preds{ (Tensor) — (float or long tensor), Either a (N, ...) tensor with labels or (N,
C, ...) where C is the number of classes, tensor with labels/probabilities

* target{ (Tensor) - target (long tensor), tensor with shape (N, ...) with ground
true labels

e num_classes{ (int)— Number of classes in the dataset.

* normalize{ (Optional[str]) — Normalization mode for confusion matrix. Choose
from

— None or 'none': no normalization (default)

'true': normalization over the targets (most commonly used)

'pred': normalization over the predictions
— 'all': normalization over the whole matrix

* threshold{ (float) — Threshold value for binary or multi-label probabilities. default:
0.5
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Example

>>> from pytorch_lightning.metrics.functional import confusion_matrix
>>> target = torch.tensor([1, 1, 0, 0])
>>> preds = torch.tensor ([0, 1, 0, 0])
>>> confusion_matrix(preds, target, num_classes=2)
tensor ([[2., 0.],
(1., 1.11)

Return type Tensor

dice_score [func]

pytorch_lightning.metrics.functional.classification.dice_score (pred, target,
bg=False,
nan_score=0.0,
no_fg_score=0.0,
reduc-

tion="elementwise_mean')

Compute dice score from prediction scores
Parameters
* pred{ (Tensor) — estimated probabilities
* target{ (Tensor) — ground-truth labels
* bg{ (bool)— whether to also compute dice for the background
* nan_score{ (float) —score to return, if a NaN occurs during computation
* no_fg_score{ (float) — score to return, if no foreground pixel was found in target
e reduction{ (str) - a method to reduce metric score over labels.
— 'elementwise_mean': takes the mean (default)
— 'sum': takes the sum
— '"none': no reduction will be applied
Return type Tensor

Returns Tensor containing dice score

Example

>>> pred = torch.tensor([[0.85, 0.05, 0.05, 0.057],
[0.05, 0.85, 0.05, 0.057],
[0.05, 0.05, 0.85, 0.05],

[0.05, 0.05, 0.05, 0.8511])

>>> target = torch.tensor ([0, 1, 3, 21])

>>> dice_score (pred, target)

tensor (0.3333)
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f1 [func]

pytorch_lightning.metrics.functional. £l (preds, target, num_classes, threshold=0.5, aver-

age='"micro', multilabel=False)
Computes F1 metric. F1 metrics correspond to a equally weighted average of the precision and recall scores.

Works with binary, multiclass, and multilabel data. Accepts probabilities from a model output or integer class
values in prediction. Works with multi-dimensional preds and target.

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to
convert into integer labels. This is the case for binary and multi-label probabilities.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
Parameters
* preds{ (Tensor) — predictions from model (probabilities, or labels)
* target{ (Tensor) — ground truth labels
e num_classes{ (int)— Number of classes in the dataset.

* thresholdf (float) — Threshold value for binary or multi-label probabilities. default:
0.5

* average{ (str)—

— 'micro' computes metric globally

'macro’' computes metric for each class and uniformly averages them

'weighted' computes metric for each class and does a weighted-average, where each
class is weighted by their support (accounts for class imbalance)

— '"none' or None computes and returns the metric per class

* multilabel{ (bool) —If predictions are from multilabel classification.

Example

>>> from pytorch lightning.metrics.functional import f1
>>> target = torch.tensor ([0, 1, 2, 0, 1, 21)

>>> preds = torch.tensor ([0, 2, 1, 0, 0, 11)

>>> fl (preds, target, num_classes=3)

tensor (0.3333)

Return type Tensor

fbeta [func]

pytorch_lightning.metrics.functional.fbeta (preds, target, num_classes, beta=1.0, thresh-

old=0.5, average="micro’, multilabel=False)
Computes f_beta metric.

Works with binary, multiclass, and multilabel data. Accepts probabilities from a model output or integer class
values in prediction. Works with multi-dimensional preds and target.

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to
convert into integer labels. This is the case for binary and multi-label probabilities.

If preds has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.
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Parameters
* preds{ (Tensor) — predictions from model (probabilities, or labels)
* target{ (Tensor) — ground truth labels
e num_classes{ (int)— Number of classes in the dataset.
e beta{ (float)— Beta coefficient in the F measure.

* threshold{ (f1loat) — Threshold value for binary or multi-label probabilities. default:
0.5

* average{ (str)—

— 'micro' computes metric globally

'macro' computes metric for each class and uniformly averages them

'weighted' computes metric for each class and does a weighted-average, where each
class is weighted by their support (accounts for class imbalance)

— '"none' or None computes and returns the metric per class

* multilabel{ (bool) — If predictions are from multilabel classification.

Example

>>> from pytorch_lightning.metrics.functional import fbeta
>>> target = torch.tensor ([0, 1, 2, 0, 1, 21)

>>> preds = torch.tensor ([0, 2, 1, 0O, 0, 11)

>>> fbeta (preds, target, num_classes=3, beta=0.5)

tensor (0.3333)

Return type Tensor

hamming_distance [func]
pytorch_lightning.metrics.functional.hamming_distance (preds, target, threshold=0.5)
Computes the average Hamming distance (also known as Hamming loss) between targets and predictions:

N L
. . 1 .
Hamming distance = N L Z ; Lyt # 9ar)

Where y is a tensor of target values, ¢ is a tensor of predictions, and e;; refers to the [-th label of the i-th sample
of that tensor.

This is the same as 1-accuracy for binary data, while for all other types of inputs it treats each possible label
separately - meaning that, for example, multi-class data is treated as if it were multi-label.

Accepts all input types listed in /nput types.
Parameters
» preds{ (Tensor) — Predictions from model
* target{ (Tensor) — Ground truth

* threshold{ (f1oat)— Threshold probability value for transforming probability predic-
tions to binary (0 or 1) predictions, in the case of binary or multi-label inputs.
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Example

>>> target
>>> preds

tensor (0.2

>>> from pytorch_lightning.metrics.functional import hamming_distance

= torch.tensor ([[0, 11, [1, 111)
= torch.tensor([[0, 11, [0, 111)

>>> hamming_distance (preds, target)

500)

Return

type Tensor

iou [func]

pytorch_lightning.metrics.functional.iou (pred, target, ignore_index=None,
absent_score=0.0, threshold=0.5,
num_classes=None, reduc-

tion="elementwise_mean')

Computes Intersection over union, or Jaccard index calculation:

Where: A and B are both tensors of the same size, containing integer class values. They may be subject to

ANB

conversion from input data (see description below).

Note that it is different from box IoU.

If preds and target are the same shape and preds is a float tensor, we use the self.threshold argument to

convert into integer labels. This is the case for binary and multi-label probabilities.

If pred has an extra dimension as in the case of multi-class scores we perform an argmax on dim=1.

Parameters

preds{ — tensor containing predictions from model (probabilities, or labels) with shape
[N, di, d2, ...]

target{ (Tensor) — tensor containing ground truth labels with shape [N, d1, d2,
-]

ignore_index{ (Optional[int]) — optional int specifying a target class to ignore.
If given, this class index does not contribute to the returned score, regardless of reduction
method. Has no effect if given an int that is not in the range [0, num_classes-1], where
num_classes is either given or derived from pred and target. By default, no index is ignored,
and all classes are used.

absent_scoref (float) — score to use for an individual class, if no instances of the
class index were present in pred AND no instances of the class index were present in farget.
For example, if we have 3 classes, [0, 0] for pred, and [0, 2] for target, then class 1 would
be assigned the absent_score.

threshold{ (float)— Threshold value for binary or multi-label probabilities. default:
0.5

num_classes{ (Optional[int])— Optionally specify the number of classes
reduction{ (str) - a method to reduce metric score over labels.
— 'elementwise_mean': takes the mean (default)

— 'sum': takes the sum
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— 'none': no reduction will be applied

Returns Tensor containing single value if reduction is ‘elementwise_mean’, or number of classes if
reduction is ‘none’

Return type IoU score

Example

>>> target = torch.randint (0, 2, (10, 25, 25))

>>> pred = torch.tensor (target)

>>> pred[2:5, 7:13, 9:15] = 1 - pred[2:5, 7:13, 9:15]
>>> iou(pred, target)

tensor (0.9660)

roc [func]

pytorch_lightning.metrics.functional.roc (preds, target, num_classes=None,

pos_label=None, sample_weights=None)
Computes the Receiver Operating Characteristic (ROC).

Parameters
* preds{ (Tensor) — predictions from model (logits or probabilities)
* target{ (Tensor) — ground truth values

* num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to
provide for binary problems.

* pos_labelf (Optional[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]

* sample_weights{ (Optional[Sequence])— sample weights for each data point
Returns: 3-element tuple containing
fpr: tensor with false positive rates. If multiclass, this is a list of such tensors, one for each class.
tpr: tensor with true positive rates. If multiclass, this is a list of such tensors, one for each class.
thresholds: thresholds used for computing false- and true postive rates

Example (binary case):

>>> pred = torch.tensor ([0, 1, 2, 31])

>>> target = torch.tensor ([0, 1, 1, 11)

>>> fpr, tpr, thresholds = roc(pred, target, pos_label=1)
>>> fpr

tensor([0., 0., 0., 0., 1.1)

>>> tpr

tensor ([0.0000, 0.3333, 0.6667, 1.0000, 1.00007)
>>> thresholds
tensor ([4, 3, 2, 1, 01)

Example (multiclass case):
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>>> pred = torch.tensor([[0.75, 0.05, 0.05, 0.057],
[0.05, 0.75, 0.05, 0.057,
[0.05, 0.05, 0.75, 0.057,
.. [0.05, 0.05, 0.05, 0.7511)
>>> target = torch.tensor ([0, 1, 3, 2])
>>> fpr, tpr, thresholds = roc(pred, target, num_classes=4)
>>> fpr

[tensor([0., 0., 1.]), tensor([0., 0., 1.]), tensor([0.0000, 0.3333, 1.00001]),.
[

—tensor ([0.0000, 0.3333, 1.0000])]1
>>> tpr
[tensor([0O., 1., 1.]), tensor([O., 1., 1.]), tensor([O., O., 1.]), tensor([0., O.,
— 1.]1)]
>>> thresholds
[tensor ([1.7500, 0.7500, 0.05001),
tensor([1.7500, 0.7500, 0.05001),
tensor([1.7500, 0.7500, 0.05007]),
tensor ([1.7500, 0.7500, 0.0500])]
Return type Union[Tuple[Tensor, Tensor, Tensor], Tuple[List[Tensor],

List[Tensor], List[Tensor]]]

precision [func]

pytorch_lightning.metrics.functional.precision (preds, target, average='"micro’,
mdmc_average=None, ig-
nore_index=None, num_classes=None,
threshold=0.5, top_k=None,
is_multiclass=None,

o class_reduction=None)
Computes Precision:

TP

P .. _
recision TP + EP

Where TP and FP represent the number of true positives and false positives respecitively. With the use of top_k
parameter, this metric can generalize to Precision@K.

The reduction method (how the precision scores are aggregated) is controlled by the average parameter, and
additionally by the mdmc_average parameter in the multi-dimensional multi-class case. Accepts all inputs
listed in Input types.

Parameters
* preds{ (Tensor) — Predictions from model (probabilities or labels)
* target{ (Tensor) — Ground truth values
* average{ (str)— Defines the reduction that is applied. Should be one of the following:
— 'micro!' [default]: Calculate the metric globally, accross all samples and classes.

— 'macro': Calculate the metric for each class separately, and average the metrics accross
classes (with equal weights for each class).

'weighted': Calculate the metric for each class separately, and average the metrics
accross classes, weighting each class by its support (tp + £n).

— '"none' or None: Calculate the metric for each class separately, and return the metric
for every class.
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— 'samples"': Calculate the metric for each sample, and average the metrics across sam-
ples (with equal weights for each sample).

Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_average.

* class_reduction{ (Optionallstr])—

Warning: This parameter is deprecated, use average. Will be removed in v1.4.0.

* mdmc_average{ (Optional[str]) — Defines how averaging is done for multi-
dimensional multi-class inputs (on top of the average parameter). Should be one of the
following:

— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class.

— 'samplewise': In this case, the statistics are computed separately for each sample on
the N axis, and then averaged over samples. The computation for each sample is done
by treating the flattened extra axes . . . (see Input types) as the N dimension within the
sample, and computing the metric for the sample based on that.

— 'global': In this case the N and ... dimensions of the inputs (see /nput types) are
flattened into a new N_X sample axis, i.e. the inputs are treated as if they were (N_X,
C) . From here on the average parameter applies as usual.

* ignore_index{ (Optionall[int]) — Integer specifying a target class to ignore. If
given, this class index does not contribute to the returned score, regardless of reduction
method. If an index is ignored, and average=None or 'none"', the score for the ignored
class will be returned as nan.

* num_classes{ (Optional[int]) — Number of classes. Necessary for 'macro’,
'weighted' and None average methods.

* threshold{ (f1oat)— Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs.

* top_kY (Optional[int]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

* class_reduction{ —

Warning: This parameter is deprecated, use average. Will be removed in v1.4.0.

Return type Tensor
Returns

The shape of the returned tensor depends on the average parameter
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e If average in ['micro', 'macro', 'weighted', 'samples'], a one-
element tensor will be returned

* If average in ['none', None], the shape will be (C, ), where C stands for the
number of classes

Example

>>> from pytorch lightning.metrics.functional import precision
>>> preds = torch.tensor([2, 0, 2, 11])

>>> target = torch.tensor([1l, 1, 2, 0])

>>> precision (preds, target, average='macro', num_classes=3)
tensor (0.1667)

>>> precision(preds, target, average='micro')

tensor (0.2500)

precision_recall [func]

pytorch_lightning.metrics.functional.precision_recall (preds, target, av-
erage="micro’,
mdmc_average=None,
ignore_index=None,
num_classes=None, thresh-
old=0.5, top_k=None,
is_multiclass=None,

o class_reduction=None)
Computes Precision and Recall:

Precisi TP
recision = ———
TP + FP
Recall = L
TP + FN

Where TPtext{FN}" and FP represent the number of true positives, false negatives and false positives re-
specitively. With the use of t op_k parameter, this metric can generalize to Recall@K and Precision@K.

The reduction method (how the recall scores are aggregated) is controlled by the average parameter, and
additionally by the mdmc_average parameter in the multi-dimensional multi-class case. Accepts all inputs
listed in Input types.

Parameters
* preds{ (Tensor) — Predictions from model (probabilities, or labels)
* target{ (Tensor) — Ground truth values
* average{ (str) - Defines the reduction that is applied. Should be one of the following:

— 'micro' [default]: Calculate the metric globally, accross all samples and classes.

'macro': Calculate the metric for each class separately, and average the metrics accross
classes (with equal weights for each class).

'weighted': Calculate the metric for each class separately, and average the metrics
accross classes, weighting each class by its support (tp + £n).

'none' or None: Calculate the metric for each class separately, and return the metric
for every class.
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— 'samples"': Calculate the metric for each sample, and average the metrics across sam-
ples (with equal weights for each sample).

Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_average.

* mdmc_average{ (Optional[str]) — Defines how averaging is done for multi-
dimensional multi-class inputs (on top of the average parameter). Should be one of the
following:

— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class.

- 'samplewise': In this case, the statistics are computed separately for each sample on
the N axis, and then averaged over samples. The computation for each sample is done
by treating the flattened extra axes . .. (see Input types) as the N dimension within the
sample, and computing the metric for the sample based on that.

— 'global': In this case the N and . . . dimensions of the inputs (see /nput types) are
flattened into a new N_X sample axis, i.e. the inputs are treated as if they were (N_X,
C) . From here on the average parameter applies as usual.

* ignore_index{ (Optional[int]) — Integer specifying a target class to ignore. If
given, this class index does not contribute to the returned score, regardless of reduction
method. If an index is ignored, and average=None or 'none ', the score for the ignored
class will be returned as nan.

* num_classes{ (Optional[int]) — Number of classes. Necessary for 'macro’,
'weighted' and None average methods.

* threshold{ (f1loat)— Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs

* top_kY (Optionall[int]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

* class_reduction{ (Optionallstr])—

Warning: This parameter is deprecated, use average. Will be removed in v1.4.0.

Returns
precision and recall. Their shape depends on the average parameter

e [faverage in ['micro', 'macro', 'weighted', 'samples'],theyarea
single element tensor

e Ifaverage in ['none', Nonel], they are a tensor of shape (C, ), where C stands
for the number of classes

Return type The function returns a tuple with two elements

13.6. Classification Metrics 225


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#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#float
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#bool
https://docs.python.org/3/library/typing.html#typing.Optional
https://docs.python.org/3/library/stdtypes.html#str

PyTorch Lightning Documentation, Release 1.2.10

Example

>>> from pytorch_ lightning.metrics.functional import precision_recall
>>> preds = torch.tensor([2, 0, 2, 11)

>>> target = torch.tensor([1l, 1, 2, 0])

>>> precision_recall (preds, target, average='macro', num_classes=3)
(tensor (0.1667), tensor (0.3333))

>>> precision_recall (preds, target, average='micro')

(tensor (0.2500), tensor (0.2500))

precision_recall_curve [func]

pytorch_lightning.metrics.functional .precision_recall_curve (preds, target,
num_classes=None,
pos_label=None,
sam-

ple_weights=None)
Computes precision-recall pairs for different thresholds.

Parameters
* preds{ (Tensor) — predictions from model (probabilities)
* target{ (Tensor) — ground truth labels

* num_classes{ (Optional[int]) — integer with number of classes. Not nessesary to
provide for binary problems.

* pos_label{ (Optional[int]) — integer determining the positive class. Default is
None which for binary problem is translate to 1. For multiclass problems this argument
should not be set as we iteratively change it in the range [0,num_classes-1]

* sample_weights{ (Optional[Sequence])— sample weights for each data point
Returns: 3-element tuple containing

precision: tensor where element i is the precision of predictions with score >= thresholds[i] and the
last element is 1. If multiclass, this is a list of such tensors, one for each class.

recall: tensor where element i is the recall of predictions with score >= thresholds[i] and the last
element is 0. If multiclass, this is a list of such tensors, one for each class.

thresholds: Thresholds used for computing precision/recall scores

Example (binary case):

>>> pred = torch.tensor ([0, 1, 2, 31)

>>> target = torch.tensor ([0, 1, 1, 0])
>>> precision, recall, thresholds = precision_recall_curve (pred, target, pos_
—label=1)

>>> precision

tensor ([0.6667, 0.5000, 0.0000, 1.00007)
>>> recall

tensor ([1.0000, 0.5000, 0.0000, 0.00007)
>>> thresholds

tensor ([1, 2, 3])

Example (multiclass case):
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>>> pred = torch.tensor([[0.75, 0.05, 0.05, 0.05, 0.057],
[0.05, 0.75, 0.05, 0.05, 0.05],
[0.05, 0.05, 0.75, 0.05, 0.05],
Ce [0.05, 0.05, 0.05, 0.75, 0.05]1])
>>> target = torch.tensor ([0, 1, 3, 2])

>>> precision, recall, thresholds = precision_recall_curve (pred, target, num_
—~classes=5)

>>> precision

[tensor ([1., 1.]), tensor([l., 1.]), tensor([0.2500, 0.0000, 1.00007]),

tensor ([0.2500, 0.0000, 1.0000]), tensor([0., 1.1)]

>>> recall
[tensor([l., 0.]), tensor([l., 0.]), tensor([l., O., 0O0.]), tensor([l., O., 0.]1),.
—tensor ([nan, 0.])]
>>> thresholds

[tensor ([0.7500]), tensor([0.7500]), tensor([0.0500, 0.7500]), tensor([0.0500, O.
—7500]), tensor([0.05007])]

Return type Union[Tuple[Tensor, Tensor, Tensor], Tuple[List[Tensor],
List[Tensor], List[Tensor]]]

recall [func]

pytorch_lightning.metrics.functional.recall (preds, target, average='"micro’,
mdmc_average=None, ignore_index=None,
num_classes=None, threshold=0.5,
top_k=None, is_multiclass=None,

class_reduction=None)
Computes Recall:

TP

Recall = ———
TP + FN

Where TP and FN represent the number of true positives and false negatives respecitively. With the use of
top_k parameter, this metric can generalize to Recall@K.

The reduction method (how the recall scores are aggregated) is controlled by the average parameter, and
additionally by the mdmc_average parameter in the multi-dimensional multi-class case. Accepts all inputs
listed in Input types.

Parameters
* preds{ (Tensor) — Predictions from model (probabilities, or labels)
* target{ (Tensor) — Ground truth values
* average{ (str)— Defines the reduction that is applied. Should be one of the following:

— 'micro!' [default]: Calculate the metric globally, accross all samples and classes.

'macro': Calculate the metric for each class separately, and average the metrics accross
classes (with equal weights for each class).

'weighted': Calculate the metric for each class separately, and average the metrics
accross classes, weighting each class by its support (tp + £n).

'none' or None: Calculate the metric for each class separately, and return the metric
for every class.

'samples': Calculate the metric for each sample, and average the metrics across sam-
ples (with equal weights for each sample).
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Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_average.

* mdmc_average{ (Optional[str]) — Defines how averaging is done for multi-
dimensional multi-class inputs (on top of the average parameter). Should be one of the
following:

— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class.

— 'samplewise': In this case, the statistics are computed separately for each sample on
the N axis, and then averaged over samples. The computation for each sample is done
by treating the flattened extra axes . . . (see Input types) as the N dimension within the
sample, and computing the metric for the sample based on that.

— 'global': In this case the N and ... dimensions of the inputs (see Input types) are
flattened into a new N_X sample axis, i.e. the inputs are treated as if they were (N_X,
C) . From here on the average parameter applies as usual.

* ignore_index{ (Optionall[int]) — Integer specifying a target class to ignore. If
given, this class index does not contribute to the returned score, regardless of reduction
method. If an index is ignored, and average=None or 'none", the score for the ignored
class will be returned as nan.

* num_classes{ (Optional[int]) — Number of classes. Necessary for 'macro’,
'weighted' and None average methods.

* threshold{ (f1loat)— Threshold probability value for transforming probability predic-
tions to binary (0,1) predictions, in the case of binary or multi-label inputs

* top_kY (Optionall[int]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

* class_reduction{ (Optional[str])—

Warning: This parameter is deprecated, use average. Will be removed in v1.4.0.

Return type Tensor
Returns
The shape of the returned tensor depends on the average parameter

e If average in ['micro', 'macro', 'weighted', 'samples'], a one-
element tensor will be returned

e If average in ['none', None], the shape will be (C, ), where C stands for the
number of classes
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Example

>>> from pytorch lightning.metrics.functional import recall
>>> preds = torch.tensor([2, 0, 2, 11)

>>> target = torch.tensor([1l, 1, 2, 0])

>>> recall (preds, target, average='macro', num_classes=3)
tensor (0.3333)

>>> recall (preds, target, average='micro')

tensor (0.2500)

select_topk [func]
pytorch_lightning.metrics.utils.select_topk (prob_tensor, topk=1, dim=1I)
Convert a probability tensor to binary by selecting top-k highest entries.
Parameters

* prob_tensor{ (Tensor) —dense tensor of shape [..., C, ...],whereCisinthe
position defined by the dim argument

* topk{ (int)— number of highest entries to turn into 1s

* dim{ (int) — dimension on which to compare entries

Output: A binary tensor of the same shape as the input tensor of type torch.int32

Example

>>> x = torch.tensor([[1.1, 2.0, 3.0], [2.0, 1.0, 0.511)
>>> select_topk (x, topk=2)
tensor ([ [0, 1, 1],

[1, 1, 0]], dtype=torch.int32)

Return type Tensor

stat_scores [func]

pytorch_lightning.metrics.functional.stat_scores (preds, target, reduce="micro’,
mdmc_reduce=None,
num_classes=None, top_k=None,

threshold=0.5, is_multiclass=None,
ignore_index=None)
Computes the number of true positives, false positives, true negatives, false negatives. Related to Type I and
Type II errors and the confusion matrix.

The reduction method (how the statistics are aggregated) is controlled by the reduce parameter, and addition-
ally by the mdmc_reduce parameter in the multi-dimensional multi-class case. Accepts all inputs listed in
Input types.

Parameters
* preds{ (Tensor) — Predictions from model (probabilities or labels)

* target{ (Tensor) — Ground truth values
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* threshold{ (f1loat)— Threshold probability value for transforming probability predic-
tions to binary (0 or 1) predictions, in the case of binary or multi-label inputs.

* top_kY (Optional[int]) — Number of highest probability entries for each sample to
convert to 1s - relevant only for inputs with probability predictions. If this parameter is set
for multi-label inputs, it will take precedence over threshold. For (multi-dim) multi-
class inputs, this parameter defaults to 1.

Should be left unset (None) for inputs with label predictions.
* reduce{ (str)— Defines the reduction that is applied. Should be one of the following:

— 'micro"' [default]: Counts the statistics by summing over all [sample, class] combina-
tions (globally). Each statistic is represented by a single integer.

— 'macro': Counts the statistics for each class separately (over all samples). Each statistic
is represented by a (C, ) tensor. Requires num_classes to be set.

— 'samples': Counts the statistics for each sample separately (over all classes). Each
statistic is represented by a (N, ) 1d tensor.

Note that what is considered a sample in the multi-dimensional multi-class case depends on
the value of mdmc_reduce.

* num_classesf (Optional[int]) — Number of classes. Necessary for (multi-
dimensional) multi-class or multi-label data.

* ignore_index{ (Optionall[int]) — Specify a class (label) to ignore. If given, this
class index does not contribute to the returned score, regardless of reduction method. If an
index is ignored, and reduce="macro"', the class statistics for the ignored class will all
be returned as —1.

* mdme_reduce( (Optional[str])— Defines how the multi-dimensional multi-class in-
puts are handeled. Should be one of the following:

— None [default]: Should be left unchanged if your data is not multi-dimensional multi-
class (see Input types for the definition of input types).

— 'samplewise': In this case, the statistics are computed separately for each sample
on the N axis, and then the outputs are concatenated together. In each sample the extra
axes . . . are flattened to become the sub-sample axis, and statistics for each sample are
computed by treating the sub-sample axis as the N axis for that sample.

— 'global': In this case the N and . . . dimensions of the inputs are flattened into a new
N_X sample axis, i.e. the inputs are treated as if they were (N_X, C).From here on the
reduce parameter applies as usual.

* is_multiclass{ (Optional[bool])— Used only in certain special cases, where you
want to treat inputs as a different type than what they appear to be. See the parameter’s
documentation section for a more detailed explanation and examples.

Return type Tensor
Returns

The metric returns a tensor of shape (..., 5), where the last dimension correspondsto [tp,
fp, tn, fn, sup] (sup stands for support and equals tp + £n). The shape depends on
the reduce and mdmc_reduce (in case of multi-dimensional multi-class data) parameters:

« If the data is not multi-dimensional multi-class, then

— If reduce="micro", the shape will be (5, )
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— If reduce="macro"', the shape will be (C, 5), where C stands for the number of
classes

If reduce="samples"', the shape will be (N, 5), where N stands for the number of
samples

e If the data is multi-dimensional multi-class and mdmc_reduce="global"', then
— If reduce="micro", the shape will be (5, )

— If reduce="macro", the shape willbe (C, 5)

If reduce="samples"', the shape will be (NxX, 5), where X stands for the product
of sizes of all “extra” dimensions of the data (i.e. all dimensions except for C and N)

* If the data is multi-dimensional multi-class and mdmc_reduce="'samplewise', then

— If reduce="micro", the shape will be (N, 5)

If reduce="macro"', the shape willbe (N, C, 5)

— If reduce="samples', the shape will be (N, X, 5)

Example

>>> from pytorch_ lightning.metrics.functional import stat_scores

>>> preds = torch.tensor([1l, 0, 2, 1])
>>> target = torch.tensor([1l, 1, 2, 0])
>>> stat_scores (preds, target, reduce='macro', num_classes=3)
tensor([([0, 1, 2, 1, 11,
(., 1, 1, 1, 21,
(1, o0, 3, 0, 111)
(

>>> stat_scores (preds, target, reduce='micro')
tensor([2, 2, 6, 2, 4])

stat_scores_multiple_classes [func]

pytorch_lightning.metrics.functional.classification.stat_scores_multiple_classes (pred,
tar-
get,
num_classes=
argmax_dim=
re-
duc-

tion="none'")
Calculates the number of true positive, false positive, true negative and false negative for each class

Warning: Deprecated in favor of stat_scores ()

Raises ValueError - If reduction is not one of "none", "sum" or
"elementwise_mean".

Return type Tuple[Tensor, Tensor, Tensor, Tensor, Tensor]
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to_categorical [func]

pytorch_lightning.metrics.utils.to_categorical (tensor, argmax_dim=1)

Converts a tensor of probabilities to a dense label tensor

Parameters

* tensor{ (Tensor) — probabilities to get the categorical label [N, d1, d2, ...]

* argmax_dim{ (int)— dimension to apply
Return type Tensor

Returns A tensor with categorical labels [N, d2, ...]

Example

>>> x = torch.tensor([[0.2, 0.5], [0.9, 0.1]11)
>>> to_categorical (x)
tensor ([1, 0])

to_onehot [func]

pytorch_lightning.metrics.utils.to_onehot (label_tensor, num_classes=None)

Converts a dense label tensor to one-hot format

Parameters

* label_tensor{ (Tensor) — dense label tensor, with shape [N, d1, d2, ...]

* num classes{ (Optional[int])—number of classes C

Output: A sparse label tensor with shape [N, C, d1,d2, ...]

Example

>>> x = torch.tensor ([1, 2, 3])
>>> to_onehot (x)

tensor ([[0, 1, 0, 0],
(0, o, 1, 01,
(0, 0, 0, 111)

Return type Tensor

13.7 Regression Metrics

13.7.1 Class Metrics (Regression)
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ExplainedVariance

class pytorch_lightning.metrics.regression.ExplainedVariance (multioutput="uniform_average',
com-
pute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None,

dist_sync_fn=None)
Bases: torchmetrics.

Computes explained variance:

ExplainedVariance = 1 — M
Var(y)
Where y is a tensor of target values, and  is a tensor of predictions.
Forward accepts
* preds (float tensor): (N, ) or (N, ...) (multioutput)
e target (long tensor): (N, ) or (N, ...) (multioutput)

In the case of multioutput, as default the variances will be uniformly averaged over the additional dimensions.
Please see argument multioutput for changing this behavior.

Parameters

* multioutput (str)— Defines aggregation in the case of multiple output scores. Can
be one of the following strings (default is ‘uniform_average’.):

— ’raw_values’ returns full set of scores
— ’uniform_average’ scores are uniformly averaged
— ’variance_weighted’ scores are weighted by their individual variances

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch lightning.metrics import ExplainedVariance

>>> target = torch.tensor([3, -0.5, 2, 71])
>>> preds = torch.tensor([2.5, 0.0, 2, 81])
>>> explained_variance = ExplainedVariance ()

>>> explained_variance (preds, target)
tensor (0.9572)

>>> target = torch.tensor([[0.5, 1], [-1, 11, [7, —-611)

>>> preds = torch.tensor([[0, 2], [-1, 2], [8, —-511)

>>> explained_variance = ExplainedVariance (multioutput='raw_values')
>>> explained_variance (preds, target)

tensor ([0.9677, 1.0000])
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compute ()
Computes explained variance over state.

update (preds, target)
Update state with predictions and targets.

Parameters
e preds{ (Tensor) — Predictions from model

* target{ (Tensor)— Ground truth values

MeanAbsoluteError

class pytorch_lightning.metrics.regression.MeanAbsoluteError (compute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None,
dist_sync_fn=None)
Bases: torchmetrics.

Computes mean absolute error (MAE):
1
MAE = NZW = 4il

Where y is a tensor of target values, and ¢ is a tensor of predictions.
Parameters

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch_lightning.metrics import MeanAbsoluteError
>>> target = torch.tensor([3.0, -0.5, 2.0, 7.0])

>>> preds = torch.tensor([2.5, 0.0, 2.0, 8.0])

>>> mean_absolute_error = MeanAbsoluteError ()

>>> mean_absolute_error (preds, target)

tensor (0.5000)

compute ()
Computes mean absolute error over state.

update (preds, target)
Update state with predictions and targets.

Parameters
* preds{ (Tensor) — Predictions from model

e target{ (Tensor) — Ground truth values
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MeanSquaredError

class pytorch_lightning.metrics.regression.MeanSquaredError (compute_on_step=True,
dist_sync_on_step=False,
pro-
cess_group=None,
dist_sync_fn=None)
Bases: torchmetrics.

Computes mean squared error (MSE):
1N
— E )2

Where y is a tensor of target values, and ¢ is a tensor of predictions.
Parameters

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_stepf (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_groupf (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch_lightning.metrics import MeanSquaredError
>>> target = torch.tensor([2.5, 5.0, 4.0, 8.0])

>>> preds = torch.tensor([3.0, 5.0, 2.5, 7.0])

>>> mean_squared_error = MeanSquaredError ()

>>> mean_squared_error (preds, target)

tensor (0.8750)

compute ()
Computes mean squared error over state.

update (preds, target)
Update state with predictions and targets.

Parameters
e preds{ (Tensor) — Predictions from model

* target{ (Tensor)— Ground truth values

MeanSquaredLogError

class pytorch lightning.metrics.regression.MeanSquaredLogError (compute_on_step=True,
dist_sync_on_step=Fualse,
pro-
cess_group=None,
dist_sync_fn=None)
Bases: torchmetrics.
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Computes mean squared logarithmic error (MSLE):

N
1 )
MSLE = = ) " (log, (1 + ;) — log, (1 + i)’

?
Where y is a tensor of target values, and ¢ is a tensor of predictions.

Parameters

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_group{ (Optional[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch lightning.metrics import MeanSquaredLogError
>>> target = torch.tensor([2.5, 5, 4, 81)

>>> preds = torch.tensor([3, 5, 2.5, 71)

>>> mean_squared_log_error = MeanSquaredLogError ()

>>> mean_squared_log_error (preds, target)

tensor (0.0397)

compute ()
Compute mean squared logarithmic error over state.

update (preds, target)
Update state with predictions and targets.

Parameters
e preds{ (Tensor) — Predictions from model

* target{ (Tensor) — Ground truth values

PSNR

class pytorch_lightning.metrics.regression.PSNR (data_range=None, base=10.0,
reduction="elementwise_mean’',
dim=None, compute_on_step=True,
dist_sync_on_step=False, pro-
cess_group=None)
Bases: torchmetrics.

Computes peak signal-to-noise ratio (PSNR):

2
PSNR(I, J) = 10*10g10< max() )

MSE(!, J)
Where MSE denotes the mean-squared-error function.
Parameters

* data_range{ (Optional[float]) — the range of the data. If None, it is determined
from the data (max - min). The data_range must be given when dim is not None.
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* base{ (float)— abase of a logarithm to use (default: 10)

* reduction{ (str) - a method to reduce metric score over labels.
— 'elementwise_mean': takes the mean (default)
— '"sum': takes the sum
— '"none': no reduction will be applied

e dim{ (Union[int, Tuple[int,...], None])— Dimensions to reduce PSNR scores over,
provided as either an integer or a list of integers. Default is None meaning scores will be
reduced across all dimensions and all batches.

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch_lightning.metrics import PSNR

>>> psnr = PSNR ()

>>> preds = torch.tensor([[0.0, 1.0], [2.0, 3.0]1])
>>> target = torch.tensor([[3.0, 2.0], [1.0, 0.0]1])
>>> psnr (preds, target)

tensor (2.5527)

compute ()

Compute peak signal-to-noise ratio over state.

update (preds, target)

SSIM

Update state with predictions and targets.
Parameters
* preds{ (Tensor) — Predictions from model

e target{ (Tensor) — Ground truth values

class pytorch_lightning.metrics.regression.SSIM (kernel_size=(11, 11), sigma=(1.5,

1.5), reduction='"elementwise_mean',

data_range=None, k1=0.01,
k2=0.03, compute_on_step=True,
dist_sync_on_step=False, pro-

cess_group=None)

Bases: torchmetrics.

Computes Structual Similarity Index Measure (SSIM).

Parameters

* kernel_size{ (Sequence[int]) - size of the gaussian kernel (default: (11, 11))
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* sigmaf (Sequence[float]) — Standard deviation of the gaussian kernel (default: (1.5,

1.5))

e reduction{ (str)—a method to reduce metric score over labels.

— 'elementwise_mean': takes the mean (default)
'sum': takes the sum

— '"none': no reduction will be applied

* data_range{ (Optional[float]) — Range of the image. If None, it is determined

from the image (max - min)
¢ k17 (float) - Parameter of SSIM. Default: 0.01
* k27 (f1loat) — Parameter of SSIM. Default: 0.03

Returns Tensor with SSIM score

Example

>>> from pytorch lightning.metrics import SSIM

>>> preds = torch.rand([16, 1, 16, 16])
>>> target = preds x 0.75

>>> gssim = SSIM()

>>> ssim(preds, target)

tensor (0.9219)

compute ()
Computes explained variance over state.

update (preds, target)
Update state with predictions and targets.

Parameters
* preds{ (Tensor) — Predictions from model

* target{ (Tensor)— Ground truth values

R2Score

class pytorch_lightning.metrics.regression.R2Score (num_outputs=1, adjusted=0, mul-

Bases: torchmetrics.

Computes 12 score also known as coefficient of determination:

SS,es
SStOt

R?=1

where SS,es = 3. (y; — f(x;))? is the sum of residual squares, and SS;ot = >_.(y;

squares. Can also calculate adjusted 12 score given by

Ridj=1-
o n—k—1

tioutput="uniform_average',
compute_on_step=True,
dist_sync_on_step=False,
process_group=None,
dist_sync_fn=None)

— %)% is total sum of

(1- B)(n—1)
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where the parameter £ (the number of independent regressors) should be provided as the adjusted argument.
Forward accepts

* preds (float tensor): (N, ) or (N, M) (multioutput)

* target (float tensor): (N, ) or (N, M) (multioutput)

In the case of multioutput, as default the variances will be uniformly averaged over the additional dimensions.
Please see argument multioutput for changing this behavior.

Parameters
* num_outputs (int)— Number of outputs in multioutput setting (default is 1)

* adjusted (int) — number of independent regressors for calculating adjusted 12 score.
Default O (standard r2 score).

* multioutput (str) — Defines aggregation in the case of multiple output scores. Can
be one of the following strings (defaultis 'uniform_average'.):

— 'raw_values' returns full set of scores
— 'uniform_average' scores are uniformly averaged
— 'variance_weighted' scores are weighted by their individual variances

* compute_on_step{ (bool)— Forward only calls update () and return None if this is
set to False. default: True

* dist_sync_on_step{ (bool) — Synchronize metric state across processes at each
forward () before returning the value at the step. default: False

* process_groupf (Optionall[Any]) — Specify the process group on which synchro-
nization is called. default: None (which selects the entire world)

Example

>>> from pytorch lightning.metrics import R2Score
>>> target = torch.tensor([3, -0.5, 2, 7])

>>> preds = torch.tensor([2.5, 0.0, 2, 81])

>>> r2score = R2Score ()

>>> r2score (preds, target)

tensor (0.9486)

>>> target = torch.tensor([[0.5, 1], [-1, 11, [7, —-611)
>>> preds = torch.tensor ([[0, 2], [-1, 21, [8, -511)
>>> r2score = R2Score (num_outputs=2,

>>> r2score (preds, target)

tensor ([0.9654, 0.9082])

multioutput="raw_values'")

compute ()
Computes 12 score over the metric states.

Return type Tensor

update (preds, target)
Update state with predictions and targets.

Parameters

e preds{ (Tensor) — Predictions from model
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* target{ (Tensor)— Ground truth values

13.7.2 Functional Metrics (Regression)

explained_variance [func]

pytorch_lightning.metrics.functional.explained_variance (preds, target, multiout-
put="uniform_average')
Computes explained variance.

Parameters
* preds{ (Tensor) — estimated labels
* target{ (Tensor) — ground truth labels

* multioutput (str) — Defines aggregation in the case of multiple output scores. Can
be one of the following strings (default is ‘uniform_average’.):

— ’raw_values’ returns full set of scores
’ . ) M
— ’uniform_average’ scores are uniformly averaged

— ’variance_weighted’ scores are weighted by their individual variances

Example

>>> from pytorch lightning.metrics.functional import explained_variance
>>> target = torch.tensor([3, -0.5, 2, 71)

>>> preds = torch.tensor([2.5, 0.0, 2, 8])

>>> explained_variance (preds, target)

tensor (0.9572)

>>> target = torch.tensor([[0.5, 11, [-1, 11, [7, —-611)

>>> preds = torch.tensor([[0, 2], [-1, 2], [8, —-511)

>>> explained_variance (preds, target, multioutput='raw_values')
tensor ([0.9677, 1.0000])

Return type Union[Tensor, Sequence[Tensor]]

image_gradients [func]
pytorch_lightning.metrics.functional.image_gradients (img)
Computes the gradients of a given image using finite difference

Parameters img{ (Tensor)—An (N, C, H, W) inputtensor where C is the number of image
channels

Return type Tuple[Tensor, Tensor]

Returns Tuple of (dy, dx) with each gradient of shape [N, C, H, W]
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Example

>>> image = torch.arange (0, 1x1x5%5, dtype=torch.float32)
>>> image = torch.reshape (image, (1, 1, 5, 5))

>>> dy, dx = image_gradients (image)

>>> dy [0, 0, :, =]

tensor ([ .

.7 .7 ’

]
.r .1y
.y .1y
]
]

.7

o o oo ;o
~

[@ NG INC, NG INE;]
~

o o oo ;o
~

[@ NG INC, RNC BNE;]

[@ NG INC BNC INE;]
~

1)

.7

Note: The implementation follows the 1-step finite difference method as followed by the TF implementation.
The values are organized such that the gradient of [I(x+1, y)-[I(x, y)]] are at the (X, y) location

mean_absolute_error [func]
pytorch_lightning.metrics.functional.mean_absolute_error (preds, target)
Computes mean absolute error
Parameters
* pred{ - estimated labels
* target{ (Tensor) — ground truth labels
Return type Tensor

Returns Tensor with MAE

Example

>>> x = torch.tensor ([0., 1, 2, 31])
>>> y = torch.tensor ([0., 1, 2, 2])
>>> mean_absolute_error(x, V)
tensor (0.2500)

mean_squared_error [func]
pytorch_lightning.metrics.functional .mean_squared_error (preds, target)
Computes mean squared error
Parameters
* preds{ (Tensor) — estimated labels
* target{ (Tensor) — ground truth labels
Return type Tensor

Returns Tensor with MSE
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Example
>>> x = torch.tensor ([0., 1, 2, 31])
>>> y = torch.tensor ([0., 1, 2, 21])

>>> mean_squared_error (x, V)
tensor (0.2500)

mean_squared_log_error [func]
pytorch_lightning.metrics.functional.mean_squared_log_error (preds, target)
Computes mean squared log error
Parameters
* preds{ (Tensor) — estimated labels
* target{ (Tensor) — ground truth labels
Return type Tensor

Returns Tensor with RMSLE

Example
>>> x = torch.tensor([0., 1, 2, 31)
>>> y = torch.tensor ([0., 1, 2, 2])

>>> mean_squared_log_error (x, V)
tensor (0.0207)

psnr [func]

pytorch_lightning.metrics.functional.psnr (preds, target, data_range=None, base=10.0, re-

) ) ) duction="'elementwise_mean', dim=None)
Computes the peak signal-to-noise ratio

Parameters
* preds{ (Tensor) — estimated signal
* target{ (Tensor) — groun truth signal

* data_range{ (Optional[float]) — the range of the data. If None, it is determined
from the data (max - min). data_range must be given when dim is not None.

* base{ (float)— abase of a logarithm to use (default: 10)

e reduction{ (str) - a method to reduce metric score over labels.
— 'elementwise_mean': takes the mean (default)
— 'sum': takes the sum
— 'none': no reduction will be applied

e dim{ (Union[int, Tuple[int,...], None])— Dimensions to reduce PSNR scores over
provided as either an integer or a list of integers. Default is None meaning scores will be
reduced across all dimensions.

Return type Tensor

242 Chapter 13. Metrics


https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
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/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/typing.html#typing.Tuple
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/constants.html#None
https://pytorch.org/docs/stable/tensors.html#torch.Tensor

PyTorch Lightning Documentation, Release 1.2.10

Returns Tensor with PSNR score

Example

>>> pred = torch.tensor([[0.0, 1.0], [2.0, 3.0]11])
>>> target = torch.tensor([[3.0, 2.0], [1.0, 0.011)
>>> psnr (pred, target)

tensor (2.5527)

ssim [func]

pytorch_lightning.metrics.functional.ssim (preds, target, kernel_size=(11, 11), sigma=(1.5,

1.5), reduction="elementwise_mean’,
data_range=None, k1=0.01, k2=0.03)
Computes Structual Similarity Index Measure

Parameters
* preds{ (Tensor) — estimated image
* target{ (Tensor) — ground truth image
* kernel_size{ (Sequence[int]) — size of the gaussian kernel (default: (11, 11))

* sigmaf (Sequence[float])— Standard deviation of the gaussian kernel (default: (1.5,
1.5))

e reduction{ (str) - a method to reduce metric score over labels.
— 'elementwise_mean': takes the mean (default)
— 'sum': takes the sum
— '"none': no reduction will be applied

* data_range{ (Optional[float]) — Range of the image. If None, it is determined
from the image (max - min)

¢ k17 (float)— Parameter of SSIM. Default: 0.01
¢ k27 (float) — Parameter of SSIM. Default: 0.03
Return type Tensor

Returns Tensor with SSIM score

Example

>>> preds = torch.rand([16, 1, 16, 161])
>>> target = preds % 0.75

>>> ssim(preds, target)

tensor (0.9219)
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r2score [func]

pytorch_lightning.metrics.functional.r2score (preds, target, adjusted=0, multiout-
put="uniform_average')
Computes r2 score also known as coefficient of determination:
SS,es
SSt ot

R? =

where SS,es = 3. (y; — f(;))? is the sum of residual squares, and SS;ot = >_.(y; — §)? is total sum of
squares. Can also calculate adjusted 12 score given by

1-R>)(n—1
where the parameter k (the number of independent regressors) should be provided as the ad justed argument.
Parameters
* preds{ (Tensor) — estimated labels
* target{ (Tensor) — ground truth labels

* adjusted{ (int) — number of independent regressors for calculating adjusted r2 score.
Default O (standard r2 score).

* multioutput{ (str) — Defines aggregation in the case of multiple output scores. Can
be one of the following strings (defaultis 'uniform_average"'.):

— 'raw_values' returns full set of scores
— 'uniform_average' scores are uniformly averaged

- 'variance_weighted' scores are weighted by their individual variances

Example

>>> from pytorch_lightning.metrics.functional import r2score
>>> target = torch.tensor([3, -0.5, 2, 7])

>>> preds = torch.tensor([2.5, 0.0, 2, 81)

>>> r2score (preds, target)

tensor (0.9486)

>>> target = torch.tensor([[0.5, 1], [-1, 11, [7, —-611)
>>> preds = torch.tensor([[0, 21, [-1, 21, [8, —-511)
>>> r2score (preds, target, multioutput='raw_values')
tensor ([0.9654, 0.9082])

Return type Tensor

244 Chapter 13. Metrics


https://en.wikipedia.org/wiki/Coefficient_of_determination
https://pytorch.org/docs/stable/tensors.html#torch.Tensor
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#str
https://pytorch.org/docs/stable/tensors.html#torch.Tensor

PyTorch Lightning Documentation, Release 1.2.10

13.8 NLP

13.8.1 bleu_score [func]

pytorch_lightning.metrics.functional.nlp.bleu_score (translate_corpus, refer-
ence_corpus, n_gram=4,

) ) smooth=False)
Calculate BLEU score of machine translated text with one or more references

Parameters
* translate_corpus{ (Sequence[str]) — An iterable of machine translated corpus
* reference_corpus{ (Sequence[str])— An iterable of iterables of reference corpus
* n_gram{ (int)— Gram value ranged from 1 to 4 (Default 4)
* smooth{ (bool)— Whether or not to apply smoothing — Lin et al. 2004
Return type Tensor

Returns Tensor with BLEU Score

Example

>>> translate_corpus = ['the cat is on the mat'.split ()]

>>> reference_corpus = [['there is a cat on the mat'.split(), 'a cat is on the mat
—'.split () 1]

>>> pbleu_score (translate_corpus, reference_corpus)
tensor (0.7598)

13.9 Pairwise

13.9.1 embedding_similarity [func]

pytorch_lightning.metrics.functional.self_supervised.embedding similarity (barch,

sim-

i-

lar-
ity='cosine’,
re-

duc-
tion="none’,

zero_diagonal=True)
Computes representation similarity
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Example

>>> embeddings = torch.tensor([[l., 2., 3., 4.1, [1., 2., 3., 4.1, [4., 5., 6.,
—11)
>>> embedding_similarity (embeddings)
tensor ([[0.0000, 1.0000, 0.9759],
[1.0000, 0.0000, 0.97591,
[0.9759, 0.9759, 0.000017)

Parameters

e batch{ (Tensor) — (batch, dim)

* similarity{ (str)— ‘dot’ or ‘cosine’

* reduction{ (str)- ‘none’, ‘sum’, ‘mean’ (all along dim -1)

* zero_diagonal{ (bool) —if True, the diagonals are set to zero
Return type Tensor

Returns A square matrix (batch, batch) with the similarity scores between all elements If sum or
mean are used, then returns (b, 1) with the reduced value for each row
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CHAPTER
FOURTEEN

PLUGINS

Plugins allow custom integrations to the internals of the Trainer such as a custom amp or ddp implementation.

For help setting up custom plugin/accelerator please reach out to us at support@pytorchlightning.ai
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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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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)
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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):
# 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.11l = None

(continues on next page)
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def prepare_data(self):
download_data ()
tokenize ()

def setup(self, step):
# step is either 'fit' or 'test' 90% of the time not relevant
data = load_data()

num_classes = data.classes
self.1l = 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
#o....
# 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 —————-—

(continues on next page)
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x, y = batch

logits = model (x)

loss = F.nll_loss(logits, vy)

# o TRAINING STEP END —————-—

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 = x.view(batch_size, -1)
x = self.layer_1(x)

(continues on next page)
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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
Il

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 10g () 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).
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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
[C] show data download links Q Filter tags (regular expressions supported)
Ignore outliers in chart scalin:
loss
Tooltip sorting -
method: default
loss
Smoothing 0.3
—e — 0.
0.6 0o
Horizontal Axis 01
RELATIVE 0

WALL 0 1k 2k 3k 4k 5k

Runs

Write a regex to filter runs

() version_0

But you can also use any of the number of other loggers we support.

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]
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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)

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.
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CO L pytorch_lightning_mnist_tutorialipynb
PRO  Fijle Edit View Insert Runtime Tools Help All changes savec

_ Run all #8/Ctrl+F9
= Table of contents L
Run before & /Ctrl+F8

'y MNIST

Model Run selection & /Ctrl+Shift+Enter
3 .
Data Run after 38 /Ctrl+F10 i

Optimizer Interrupt execution g8/Ctrl+M |
Training step Restart runtime... 38/Ctrl+M . ]
i
Training Restart and run all... b

Section Factory reset runtime

Change runtime type

Manage sessions

View runtime logs

Restart runtime

Are you sure you want to restart the runtime? Runtime state including all local variables will be lost.

CANCEL

15.1. From MNIST to AutoEncoders 259



PyTorch Lightning Documentation, Release 1.2.10

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

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):
# 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, 50001])

# 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.

Notice the epoch is MUCH faster!
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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

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/t10k-labels-idxl-ubyte.gz to /content/MNIST/raw
Processing...

Done!

Epoch 6: 42% 50/118 [00:00<00:01, 62.22it/s, l0ss=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...)
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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).

class LitModel (LightningModule) :

@staticmethod

def add_model_specific_args (parent_parser) :
parser = ArgumentParser (parents=[parent_parser], add_help=False)
parser.add_argument ('-—encoder_layers', type=int, default=12)
parser.add_argument ('--data_path', type=str, default='/some/path'")
return 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='will@email.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)
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Warning: Deprecated since v1.1.0. This method of assigning hyperparameters to the LightningModule will
no longer be supported from v1.3.0. Use the self.save_hyperparameters () method from above
instead.

4. You can also save full objects such as dict or Namespace to the checkpoint.

# using a argparse.Namespace
class LitMNIST (LightningModule) :

def _ _init__ (self, conf, xargs, »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

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 » 28, layer_1l_dim)

(continues on next page)
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@staticmethod

def add_model_specific_args (parent_parser) :
parser = ArgumentParser (parents=[parent_parser], add_help=False)
parser.add_argument ('-—-layer_ 1 dim', type=int, default=128)
return parser

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 ArgumentParser (parents=[parent_parser], add_help=False)

parser.add_argument ('-—-encoder_ layers', type=int, default=12)
return 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 (xxdict_args)
elif args.model_name == 'mnist':

model = LitMNIST (x+dict_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, 11_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

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 t rainer.predict with LightningModule predict function
By default, LightningModule predict calls forward, but it can be overriden to add any processing logic.

class LitMNISTDreamer (LightningModule) :

def forward(self, z):
imgs = self.decoder (z)
return imgs

def predict (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 depends on how you want to use
this model for prediction. However, we recommend forward to contain only tensor operation with your model,
training_step to encapsulate forward logic with logging, metrics and loss computation and predict to
encapsulate forward with preprocess, postprocess functions.

15.1. From MNIST to AutoEncoders 269




PyTorch Lightning Documentation, Release 1.2.10

15.1.4 The nonessentials

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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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 Core API

API REFERENCES

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.

16.1.1 datamodule

Functions

track _data hook_calls

A decorator that checks if prepare_data/setup have been
called.

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, **kwargs)
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

(continues on next page)
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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)
def val_dataloader (self):
val_split = Dataset(...)
return Dataloader (val_split)
def test_dataloader (self):
test_split = Dataset(...)
return Dataloader (test_split)

A DataModule implements 5 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).

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)
Extends existing argparse by default LightningDataModule attributes.

Return type ArgumentParser

classmethod from argparse_args (args, **kwargs)
Create an instance from CLI arguments.

Parameters

* args{ (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

* train_dataset{ (Union[Dataset, Sequence[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

abstract prepare_data (*args, **kwargs)
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()

# 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 GLOBAI_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 ()

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.
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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(‘fit’) has been called or not.

Returns True if datamodule.setup(‘fit’) has been called. False by default.
Return type bool

property has_setup_test
Return bool letting you know if datamodule.setup(‘test’) has been called or not.

Returns True if datamodule.setup(‘test’) 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

pytorch_lightning.core.datamodule.track_data_hook_calls (fn)
A decorator that checks if prepare_data/setup have been called.

* When dm.prepare_data() is called, dm.has_prepared_data gets set to True
* When dm.setup(‘fit’) is called, dm.has_setup_fit gets set to True
* When dm.setup(‘test’) is called, dm.has_setup_test gets set to True

* When dm.setup() is called without stage arg, both dm.has_setup_fit and dm.has_setup_test get set to True

Parameters £nY (function)— Function that will be tracked to see if it has been called.
Returns Decorated function that tracks its call status and saves it to private attrs in its obj instance.

Return type function

16.1.2 decorators

Functions
auto_move_data Decorator for i ght ningModule methods for which
input arguments should be moved automatically to the
correct device.
parameter_validation Decorator for to () method.

Decorator for LightningModule methods.
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pytorch_lightning.core.decorators.auto_move_data (fin)
Decorator for I.i ght ningModule 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:

# 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 (fn)
Decorator for to () method. Validates that the module parameter lengths match after moving to the device. It
is useful when tying weights on TPU’s.

Parameters £n{ (Callable) - .to 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

16.1. Core API 281



https://docs.python.org/3/library/typing.html#typing.Callable
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

PyTorch Lightning Documentation, Release 1.2.10

16.1.3 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.

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.
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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{ — A batch of data that needs to be altered or augmented.
¢ dataloader_idx{ — Datal.oader idx for batch (Default: 0)
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{ — A batch of data that needs to be altered or augmented.
* dataloader_idx{ — Dataloader idx for batch

Returns A batch of data

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

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

See also:

* on_after batch transfer /()

e transfer _batch to device ()

predict_dataloader ()
Implement one or multiple PyTorch DatalLoaders for prediction.

data-parallel,

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[DatalLoader, List[DataLoader]]

Returns Single or multiple PyTorch Dataloaders.

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.

in DDP/TPU

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

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
test_dataloader ()
Implement one or multiple PyTorch DatalLoaders 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 ()
* process and split in setup ()

However, the above are only necessary for distributed processing.

Warning: do not assign state in prepare_data

e fit ()

* prepare_data ()
* setup ()
e train dataloader ()

e val dataloader ()
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* 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]

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 Any

Returns 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

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 split in setup ()

However, the above are only necessary for distributed processing.
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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:

dataset

)

return loader

mnist = MNIST(.
cifar = CIFAR(.
mnist_loader =

)

cifar_loader =

)

mnist = MNIST(.
cifar = CIFAR(.
mnist_loader =
dataset=mni
)
cifar_loader
dataset=cif

)
# each batch wi
—batch_cifar}

# single dataloader
def train_dataloader (self):
transform = transforms.Compose ([transforms.ToTensor (),

MNIST (root='/path/to/mnist/', train=True, transform=transform,
loader = torch.
dataset=dataset,

batch_size=self.batch_size,
shuffle=True

# multiple dataloaders, return as 1ist
def train_dataloader (self):

dataset=mnist, batch_size=self.batch_size, shuffle=True

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):

return {'mnist':

transforms.Normalize ((0.5,), (1.0,))1)

download=True)
utils.data.DatalLoader (

L)
L)
torch.utils.data.DataLoader (

torch.utils.data.DataLoader (

L)

L)

torch.utils.data.DatalLoader (

st, batch_size=self.batch_size, shuffle=True

torch.utils.data.DatalLoader (
ar, batch_size=self.batch_size, shuffle=True

11 be a dict of tensors: {'mnist': batch _mnist, 'cifar':,

mnist_loader, 'cifar': cifar_loader}
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transfer batch_to_device (batch, device=None)
Override this hook if your Dat aLoader 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
e 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 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 - If 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.
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It’s recommended that all data downloads and preparation happen in prepare_data ().

e fit ()

* prepare_data ()
e 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[Dataloader, List[DataLoader]]

Returns Single or multiple PyTorch DatalLoaders.

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_b, ..., loader_n]

Note: If you don’t need a validation dataset and avalidation_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_1idx which matches the order here.

class pytorch_lightning.core.hooks.ModelHooks
Bases: object

Hooks to be used in LightningModule.

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:
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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 (optimizer)
Called after optimizer.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:
optimizer.step()
model.on_before_zero_grad(optimizer) # < —-——- called here
optimizer.zero_grad()

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
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Return type None
on_predict_model_eval ()
Sets the model to eval during the predict loop
Return type None

on_pretrain_routine_end ()
Called at the end 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_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_test_batch_end (outputs, batch, batch_idx, dataloader_idx)
Called in the test loop after the batch.
Parameters
* outputs{ (Any) — The outputs of test_step_end(test_step(x))
* 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 DatalLoader.
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
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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

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{ (Any) — The outputs of training_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
e 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 (outputs)
Called in the training loop at the very end of the epoch.

Return type None

on_train_epoch_start ()
Called in the training loop at the very beginning of the epoch.
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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 (Any) — The outputs of validation_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
* 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
* 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

setup (stage)
Called at the beginning of fit and test. 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.
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Parameters stage{ (str) — either ‘fit’ or ‘test’

Example:

class LitModel(...):
def _ init_ (self):
self.ll = None

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

# don't do this
self.something = else

def setup(stage):
data = Load_data(...)
self.1ll = nn.Linear (28, data.num_classes)

Return type None

teardown (stage)
Called at the end of fit and test.

Parameters stage{ (str) — either ‘fit’ or ‘test’

Return type None

16.1.4 lightning

Classes

LightningModule

nn.Module with additional great features.

class pytorch_lightning.core.lightning.LightningModule (*args: Any, **kwargs:

Any)
Bases: abc.ABC, pytorch_lightning.utilities.device_dtype_mixin.
DeviceDtypeModuleMixin, pytorch_lightning.core.grads.GradInformation,
pytorch_lightning.core.saving.ModellIO, pytorch _lightning.core.hooks.

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
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processes (world)

e 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]

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 GANSs or similar you might have multiple.

Returns
Any of these 6 options.
* Single optimizer.

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

* Dictionary, with an ‘optimizer’ key, and (optionally) a ‘Ir_scheduler’ key whose value is a
single LR scheduler or Ir_dict.

* Tuple of dictionaries as described, with an optional ‘frequency’ key.

* None - Fit will run without any optimizer.

Note: The ‘frequency’ value 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.

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

{
'scheduler': lr_scheduler, # The LR scheduler instance (required)
'interval': 'epoch', # The unit of the scheduler's step size
'frequency': 1, # The frequency of the scheduler
'reduce_on_plateau': False, # For ReduceLROnPlateau scheduler
'monitor': 'val_loss', # Metric for ReduceLROnPlateau to monitor
'strict': True, # Whether to crash the training if "monitor’ is 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.

Examples:

# most cases

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

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

def configure_optimizers(self):
generator_opt = Adam(self.model_gen.parameters(), 1lr=0.01)
disriminator_opt = Adam(self.model_disc.parameters(), 1lr=0.02)
return generator_opt, disriminator_opt

# example with learning rate schedulers

def configure_optimizers(self):
generator_opt = Adam(self.model_gen.parameters(), 1lr=0.01)
disriminator_opt = Adam(self.model_disc.parameters(), 1lr=0.02)
discriminator_sched = CosineAnnealing(discriminator_opt, T_max=10)
return [generator_opt, disriminator_opt], [discriminator_sched]

# 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_disc.parameters(), 1lr=0.02)
gen_sched = {'scheduler': ExponentiallR(gen_opt, 0.99),
'interval': 'step'} # called after each training step

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

dis_sched = CosineAnnealing(discriminator_opt, T_max=10) # called every,
—epoch
return [gen_opt, dis_opt], [gen_sched, dis_sched]

# 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_disc.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
for you.

¢ If you use multiple optimizers, training step () will have an additional optimizer_idx
parameter.

* If you use LBFGS Lightning handles the closure function automatically for you.

* 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 optimizer step () hook.

* If you only want to call a learning rate scheduler every x step or epoch, or want to monitor a custom
metric, you can specify these in a Ir_dict:

{

'scheduler': lr_scheduler,
'interval': 'step', # or 'epoch'
'monitor': 'val_f1°',

'frequency': x,

forward ( *args, ¥**kwargs)
Sameas torch.nn.Module. forward (), however in Lightning you want this to define the operations
you want to use for prediction (i.e.: on a server or as a feature extractor).

Normally you’d call self () from your training step () method. This makes it easy to write a
complex system for training with the outputs you’d want in a prediction setting.

You may also find the auto_move_data () decorator useful when using the module outside Lightning
in a production setting.

Parameters
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* xargs{ — Whatever you decide to pass into the forward method.
* xxkwargs{ — Keyword arguments are also possible.
Returns Predicted output

Examples:

# example if we were using this model as a feature extractor
def forward(self, x):

feature_maps = self.convnet (x)

return feature_maps

def training_step(self, batch, batch_idx):
%X, y = batch

feature_maps = self (x)
logits = self.classifier (feature_maps)
#

return loss

# splitting it this way allows model to be used a feature extractor
model = MyModelAbove ()

inputs = server.get_request ()
results = model (inputs)
server.write_results (results)

# This is in stark contrast to torch.nn.Module where normally you would have_
—~this:
def forward(self, batch):

X, y = batch

feature_maps = self.convnet (x)

logits = self.classifier (feature_maps)

return logits

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

(continues on next page)
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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)
Log a key, value

Example:

self.log('train_loss', loss)

The default behavior per hook is as follows

Table 7: = also applies to the test loop

LightningMoule 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 | -
| === |
| | ™| | ™| ™
== a ==

Parameters
* name{ (st r)—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_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

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

* sync_dist_group{ (Optional[Any]) - the ddp group
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log_dict (dictionary, prog_bar=False, logger=True, on_step=None, on_epoch=None,

reduce_fx=torch.mean, tbptt_reduce_fx=torch.mean, tbptt_pad_token=0, en-

able_graph=False, sync_dist=False, sync_dist_op="mean’, sync_dist_group=None)
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{ (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£xJ (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{ (Optional[Any]) — the ddp group:

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.

Tip: In manual mode we still automatically clip grads if Trainer(gradient_clip_val=x) is set

Tip: In manual mode we still automatically accumulate grad over batches
Trainer(accumulate_grad_batches=x) is set and you use optimizer.step()

Example:

def training_step(...):
opt_a, opt_b = self.optimizers/()
loss = ...
# automatically applies scaling, etc...
self.manual_backward(loss)
opt_a.step ()
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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_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.

Tip: With Trainer (enable_pl_optimizer=True), you can use optimizer.step () di-
rectly and it will handle zero_grad, accumulated gradients, AMP, TPU and more automatically for you.

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
train_step_and_backward_closure is called within run_training batch ().

Parameters
* epoch{ (Optional[int])— Current epoch
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 Ibfgs

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 2 steps
if optimizer_idx ==
if batch_idx % 2 ==
optimizer.step(closure=optimizer_closure)
optimizer.zero_grad()

# update discriminator opt every 4 steps
if optimizer_idx ==
if batch_idx % 4 ==
optimizer.step(closure=optimizer_closure)
optimizer.zero_grad()

(continues on next page)
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#

# 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:
pogl'lr'] = 1lr_scale % self.learning_rate

# update params
optimizer.step(closure=optimizer_closure)
optimizer.zero_grad/()

Return type None

predict (batch, batch_idx, dataloader_idx=None)
Use this function with trainer.predict(. .. ). Override if you need to add any processing logic.

print (*args, **kwargs)
Prints only from process 0. Use this in any distributed mode to log only once.

Parameters
* xargs{ — The thing to print. Will be passed to Python’s built-in print function.
* xxkwargs{ — Will be passed to Python’s built-in print function.

Example:

def forward(self, x):
self.print (x, 'in forward')

Return type None
save_hyperparameters ( *args, frame=None)
Save all model arguments.

Parameters args{ — single object of dict, NameSpace or OmegaConf or string names or argu-
ments from class __init__

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

>>> 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, ~args, =**kwargs):

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

llplll . 1
"p2": abc
"p3": 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.

Parameters

¢ batch{ (Tensor) — Current batch

e 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]

(continues on next page)
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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[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 youdidn’tdefinea 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)
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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).

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)

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, O0)

# 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.
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# 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.

Returns None or anything

# WITHOUT test_step_end
# 1if 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)
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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)

Ce os.path.isfile(tmpfile.name)

True

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{ (Optionall[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.
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¢ 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',

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.

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.

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
* 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)
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Parameters outputs{ (List[Any]) — List of outputs you defined in t raining 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, out put 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
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.
* hiddens{ (Tensor)—Passed in if t runcated bptt_steps>0.
Returns

Any of.
* 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)

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

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) :

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

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

# hiddens are the hidden states from the previous truncated backprop step

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 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)

training_step_end (batch_parts_outputs)

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

Parameters batch_parts_outputs{ — What you return in training_step for each batch

part.

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

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

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 ()

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[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.
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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)

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
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)

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)

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

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, 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: 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

16.1. Core API 313



PyTorch Lightning Documentation, Release 1.2.10

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.

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.

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

* value{ (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
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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

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

use_amp
True if using amp
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16.2 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
16.2.1 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 1oss.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_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.
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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 (frainer)
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.

Return type None

on_keyboard_interrupt (trainer, pl_module)
Called when the training is interrupted by KeyboardInterrupt.

Return type None

on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_statef (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

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.

Return type None

on_sanity_check_end (frainer, 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{ — 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
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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 (tfrainer, 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

on_train_end (frainer, pl_module)
Called when the train ends.

Return type None

on_train_epoch_end (trainer, pl_module, outputs)
Called when the train epoch ends.

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

on_validation_batch_end (trainer, pl_module, outputs, batch, batch_idx, dataloader_idx)
Called when the validation batch ends.

Return type None
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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)
Called when fit or test begins

Return type None

teardown (trainer, pl_module, stage)
Called when fit or test ends

Return type None

16.2.2 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=Fulse,
mode="auto’,

strict=True)
Bases: pytorch_lightning.callbacks.base.Callback

Monitor a metric and stop training when it stops improving.
Parameters

* monitor{ (str)— quantity to be monitored. Default: 'early_stop_on'.
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* min_deltaf (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.
Default: 0. 0.

* patience{ (int)— number of validation epochs with no improvement after which train-
ing will be stopped. Default: 3.

* verbose{ (bool) — verbosity mode. Default: False.

* mode{ (str)—one of {auto, min, max}. In min mode, training will stop when the quantity
monitored has stopped decreasing; in max mode it will stop when the quantity monitored
has stopped increasing; in auto mode, the direction is automatically inferred from the name
of the monitored quantity.

Warning: Setting mode="auto"' has been deprecated in v1.1 and will be removed in
v1.3.

* strict{ (bool)— whether to crash the training if monitor is not found in the validation
metrics. Default: True.

Raises
* MisconfigurationException — If mode is none of "min", "max", and "auto".
e 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_1load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_state{ (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

on_save_checkpoint (trainer, pl_module, checkpoint)
Called when saving a model checkpoint, use to persist state.

Parameters

e 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.

on_validation_end (trainer, pl_module)
Called when the validation loop ends.
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16.2.3 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)— Setto 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 O to 100 %. Note: The reported speed is the intended fan speed. If the fan is
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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.

e temperature.gpu — Core GPU temperature, in degrees C.
e temperature.memory — HBM memory temperature, in degrees C.

on_train_batch_end (trainer, *args, **kwargs)
Called when the train batch ends.

on_train_batch_start (trainer, *args, **kwargs)
Called when the train batch begins.

on_train_epoch_start (*args, **kwargs)
Called when the train epoch begins.

on_train_start (trainer, *args, **kwargs)
Called when the train begins.

16.2.4 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 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.

¢ IndexError —Ifminimal_epoch is less than 0.

Example:
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>>> 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.

16.2.5 Ir_monitor

Classes

LearningRateMonitor Automatically monitor and logs learning rate for learn-
ing rate schedulers during training.

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/pg2 etc. To control naming, pass in a name keyword in the construction of the
learning rate schdulers

Example:
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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.

16.2.6 model_checkpoint

Classes

ModelCheckpoint
tity.

Save the model after every epoch by monitoring a quan-

Model Checkpointing

Automatically save model checkpoints during training.

class pytorch_lightning.callbacks.model_checkpoint .ModelCheckpoint (dirpath=None,

Bases: pytorch lightning.callbacks.base.Callback

Save the model after every epoch by monitoring a quantity.

file-

name=None,
moni-

tor=None,

ver-

bose=False,
save_last=None,
save_top_k=None,
save_weights_only=False,
mode="auto’',
period=1,
prefix="")

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.
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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.

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 set to ' {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 == Xk, 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 {auto, min, max}. If save_top_k != 0, the decision to over-
write 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. In auto mode, the direction is automatically inferred from the name of the monitored
quantity.

Warning: Setting mode="auto' has been deprecated in v1.1 and will be removed in
v1.3.

* 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)).

period{ (int) — Interval (number of epochs) between checkpoints.

* prefix{ (str)— A string to put at the beginning of checkpoint filename.
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Warning: This argument has been deprecated in v1.1 and will be removed in v1.3

Note: For extra customization, ModelCheckpoint includes the following attributes:

n_nmn

¢ CHECKPOINT_JOIN_CHAR
e 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", "max", and "auto".

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/',

filename='sample-mnist- - !

# 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 (epoch, step, metrics, ver=None)
Generate a filename according to the defined template.

Example:
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>>> tmpdir = os.path.dirname( file )

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")

>>> os.path.basename (ckpt.format_checkpoint_name (0, 1, metrics={}))
'epoch=0.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")

>>> os.path.basename (ckpt.format_checkpoint_name (5, 2, metrics={}))
'epoch=005.ckpt"

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' - ")
>>> os.path.basename (ckpt.format_checkpoint_name (2, 3, metrics=dict (val_
—1loss=0.123456)))

'epoch=2-val_loss=0.12.ckpt'

>>> ckpt = ModelCheckpoint (dirpath=tmpdir, filename=' ")

>>> os.path.basename (ckpt.format_checkpoint_name (0, 4, metrics={}))
'missing=0.ckpt'

>>> ckpt = ModelCheckpoint (filename=" ")

>>> os.path.basename (ckpt.format_checkpoint_name (0, 0, {}))

'step=0.ckpt"'

Return type str
on_load_checkpoint (callback_state)
Called when loading a model checkpoint, use to reload state.

Parameters callback_statef (Dict[str, Any]) — the callback state returned by
on_save_checkpoint.

on_pretrain_routine_start (trainer, pl_module)
When pretrain routine starts we build the ckpt dir on the fly

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.

on_validation_end (trainer, pl_module)
checkpoints can be saved at the end of the val loop

save_checkpoint (trainer, pl_module)
Performs the main logic around saving a checkpoint. This method runs on all ranks, it is the responsibility
of self.save_function to handle correct behaviour in distributed training, i.e., saving only on rank 0.

to_yaml (filepath=None)

Saves the best_k_models dict containing the checkpoint paths with the corresponding scores to a YAML
file.
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16.2.7 progress

Functions
convert_inf The tqdm doesn’t support inf values.
reset Resets the tgdm 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

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_tqgdm()
bar.set_description('running validation ...")
return bar

bar = LitProgressBar ()
trainer = Trainer (callbacks=[bar])

Parameters

328 Chapter 16. API References



PyTorch Lightning Documentation, Release 1.2.10

* 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 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

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_tqdm()
Override this to customize the tqdm bar for testing.

Return type tgdm

init_train_tqgdm()
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_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 (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.
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