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CHAPTER
ONE

QUICK START

PyTorch Lightning is nothing more than organized PyTorch code. Once you’ve organized it into a LightningModule,

it automates most of the training for you.

To illustrate, here’s the typical PyTorch project structure organized in a LightningModule.

PyTorch

# model
class Net(nn.Module):
(self):
self.layer_1 = torch.nn (28 * 28, 128
self.layer_2 = torch.nn (128, 10

alse, downlo

mnist_train, mnist_val = rand it(mnist_train,

mnist_train = mnist_train, batch_size=64)

(mnist_test, batch_size=64

# optimizer + scheduler
net

optimizer = torch.optin (net.param , lr=le-3)

scheduler = optimi;

# train
for epoch in range(1, 100):
nodel. train()
for batch_idx, (data, target) in enumerate(train_loader):
data, target = data, to(device), target. to(device)

(output, target

Loss.backward()
optimizer.step()
if batch_idx % args.log_interval == @:
print('Train Epoch: {} [{}/{} ({:.0f}%)]\tLoss: {:.6f}'.format(
epoch, batch_idx + len(data), len(train_loader.dataset),
100. * batch_idx / len(train_loader), loss.iten()))

# validate
model.eval()
test_loss
correct =
with torch.no_grad():
for data, target in test_loader:
data, target = data.to(device), target.to(device,

output = model(data)

test_loader. dataset

print(*\nTest set: Average loss: {:.4f}, Accuracy: {}/{} ({:.0f}%)\n'.format(
test_loss, correct, len(test_loader.dataset),
100.  correct / len(test_loader.dataset)))

PyTorch Lightning

# model
class Net(LightningModule) :
init_(self):
self.layer_1 = torch.nn. (28 * 28, 128
self.layer_2 = torch.nn. (128, 10
ward(self, x):

def prepare_data(self):

fo (), transforms. ((0.1307,), (0.3081,))1]

download=

def train_dataloader(self):

mnist_train = (self.mnist_train,

mnist_train

def val_dataloader(self):

(self.mnist_val, batch_size

def test_dataloader(self):

(self.mnist_test, batch_size=64)

def configure optimizers(self):
optimizer (self.parameters(], lr=le-3

imizer, (optimizer, step_siz

def training_step(self, batch, batch_idx):
target = batch
forward(data

oss(output, target)

def validation_step(self, batch, batch_idx):

da et = batc
d(data.
output, target)
max(dim=1, keepdim=True
(target.view_as(pred)).sun().item()
': loss, 'correct': correct}

def validation_epoch_end(self, outputs):

k([x['val_loss'] x

val_loss': avg_loss}

avg_loss, 'log":

if _name__
net = Net()

_main_:

trainer = Trainer()
trainer. fit(net)
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1.1 Step 1: Define a LightningModule

import os

import torch

from torch.nn import functional as F

from torch.utils.data import Dataloader

from torchvision.datasets import MNIST

from torchvision import transforms

from pytorch_lightning.core.lightning import LightningModule

class LitModel (LightningModule) :

def _ init_ (self):
super () .__init__ ()
self.1l1l = torch.nn.Linear (28 * 28, 10)

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

def training step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)

loss = F.cross_entropy (y_hat, vy)
tensorboard_logs = {'train_ loss': loss}
return {'loss': loss, 'log': tensorboard_logs}

def configure_optimizers(self):
return torch.optim.Adam(self.parameters (), 1lr=0.001)

def train_dataloader (self):
dataset = MNIST (os.getcwd(), train=True, download=True, transform=transforms.
—~ToTensor ())
loader = DatalLoader (dataset, batch_size=32, num_workers=4, shuffle=True)
return loader

1.2 Step 2: Fit with a Trainer

from pytorch_lightning import Trainer
model = LitModel ()
# most basic trainer, uses good defaults

trainer = Trainer (gpus=8, num_nodes=1)
trainer.fit (model)

Under the hood, lightning does (in high-level pseudocode):

model = LitModel ()
train_dataloader = model.train_dataloader ()
optimizer = model.configure_optimizers ()

for epoch in epochs:
train_outs = []

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

for batch in train_dataloader:
loss = model.training_step (batch)
loss.backward ()
train_outs.append(loss.detach())

optimizer.step ()
optimizer.zero_grad()

# optional for logging, etc...
model.training_epoch_end(train_outs)

1.3 Validation loop

To also add a validation loop add the following functions

class LitModel (LightningModule) :

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

def validation_epoch_end(self, outputs):

avg_loss = torch.stack([x['val_loss'] for x in outputs]) .mean ()
tensorboard_logs = {'val_loss': avg_loss}
return {'val_loss': avg_loss, 'log': tensorboard_logs}

def val_dataloader (self):
# TODO: do a real train/val split

dataset = MNIST (os.getcwd(), train=False, download=True, transform=transforms.
—ToTensor ())
loader = DatalLoader (dataset, batch_size=32, num_workers=4)

return loader

And now the trainer will call the validation loop automatically

# most basic trainer, uses good defaults
trainer = Trainer (gpus=8, num_nodes=1)
trainer.fit (model)

Under the hood in pseudocode, lightning does the following:

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

loss.backward ()
#

if validate_at_some_point:
model.eval ()

val_outs = []
for val_batch in model.val_dataloader:
val_out = model.validation_step (val_batch)

val_outs.append(val_out)

(continues on next page)

1.3. Validation loop 3
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(continued from previous page)

model.validation_epoch_end(val_outs)
model.train ()

The beauty of Lightning is that it handles the details of when to validate, when to call .eval(), turning off gradients,
detaching graphs, making sure you don’t enable shuffle for val, etc...

Note: Lightning removes all the million details you need to remember during research

1.4 Test loop

You might also need a test loop

class LitModel (LightningModule) :

def test_step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)
return {'test_loss': F.cross_entropy(y_hat, y)}

def test_epoch_end(self, outputs):

avg_loss = torch.stack([x['test_loss'] for x in outputs]) .mean ()
tensorboard_logs = {'test_loss': avg_loss}
return {'avg_test_loss': avg_loss, 'log': tensorboard_logs}

def test_dataloader (self):
# TODO: do a real train/val split
dataset = MNIST (os.getcwd(), train=False, download=True, transform=transforms.
—~ToTensor ())
loader = DatalLoader (dataset, batch_size=32, num_workers=4)
return loader

However, this time you need to specifically call test (this is done so you don’t use the test set by mistake)

# OPTION 1:

# test after fit
trainer.fit (model)
trainer.test ()

# OPTION 2:

# test after loading weights

model = LitModel.load_from_checkpoint (PATH)
trainer = Trainer (tpu_cores=1)
trainer.test ()

Again, under the hood, lightning does the following in (pseudocode):

model .eval ()

test_outs = []

for test_batch in model.test_dataloader:
test_out = model.test_step(val_batch)
test_outs.append(test_out)

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

model.test_epoch_end(test_outs)

1.5 Datasets

If you don’t want to define the datasets as part of the LightningModule, just pass them into fit instead.

# pass 1n datasets 1f you want.
train_dataloader = DatalLoader (dataset, batch_size=32, num_workers=4)
val_dataloader, test_dataloader =

trainer = Trainer (gpus=8, num_nodes=1)
trainer.fit (model, train_dataloader, val_dataloader)

trainer.test (test_dataloader=test_dataloader)

The advantage of this method is the ability to reuse models for different datasets. The disadvantage is that for research
it makes readability and reproducibility more difficult. This is why we recommend to define the datasets in the
LightningModule if you’re doing research, but use the method above for production models or for prediction tasks.

1.6 Why do you need Lightning?

Notice the code above has nothing about .cuda() or 16-bit or early stopping or logging, etc... This is where Lightning
adds a ton of value.

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 with early stopping
# using only half the training data and checking validation every quarter of a_,
—training epoch
trainer = Trainer (
tpu_cores=8,
precision=16,
early_stop_checkpoint=True,
limit_train_batches=0.5,
val_check_interval=0.25

# train on 256 GPUs

trainer = Trainer (
gpus=8,
num_nodes=32

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

num_processes=8,

num_nodes=128

And the best part is that your code is STILL just PyTorch... meaning you can do anything you would normally do.

1.5. Datasets 5
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model = LitModel ()
model.eval ()

y_hat = model (x)

model.anything_you_can_do_with_pytorch ()

1.7 Summary

In short, by refactoring your PyTorch code:
1. You STILL keep pure PyTorch.
You DON’t lose any flexibility.
You can get rid of all of your boilerplate.
You make your code generalizable to any hardware.

Your code is now readable and easier to reproduce (ie: you help with the reproducibility crisis).

SAE O T

Your LightningModule is still just a pure PyTorch module.

6 Chapter 1. Quick Start




CHAPTER
TWO

INTRODUCTION GUIDE

PyTorch Lightning provides a very simple template for organizing your PyTorch code. Once you’ve organized it into
a LightningModule, it automates most of the training for you.

To illustrate, here’s the typical PyTorch project structure organized in a LightningModule.

PyTorch PyTorch Lightning

# model
class Net(LightningModule):

(self

def prepare_data(self):

tran tr (
m 8 sform=transform mnist_tra (0 ), train=True, downlc r rm=transforn
m ( sform=transform f.mnist_test os ransform=transform
mnist_tra ist_val = ) .mnist_train, self.mnist_val = (mnist_train, (55000, 5000
def train_dataloader(self):
mnist_tra mnist , batch_size=64) mnist_train (self.mnist_train, batch_size
mnist_train
m m 1, bat def val_dataloader(self):
mnist_val elf.mnist_val, batch_
mnist_va
mnist_test = mnist_test, batch_size=6
def test_dataloader(self):
# optimizer + scheduler elf.mnist_test, batch_size=64
net = Net()
optinizer = torch.optin (net , =1 def configure_optimizers(self):

scheduler optimizer, step_size optimizer s
ptimizer, (optimizer, step_size

# trai
for epoch in range(1, 100):
model. train()
for batch_idx, (data, target) in enumerate(train_loader):
data, target = data.to(device), target.to(device)

def training_step(self, batch, batch_idx):
jata, target = batc
output = self data

loss output, target

optimizer.

output =
utput, target def validation_step(self, batch, batch_idx):
data, target n
Loss.backward() output = self data
loss = F. outpu

optimizer.step()

if batch_idx % args. log_interval = 0: p is
print(‘Train Epoch: {} [{}/{} ({:.0f}%)]\tloss: {:.6}'.format( c ed. pred)) (
epoch, batch_idx * len(data), len(train_loader.dataset), Lot rrect rrect}
100. * batch_idx / len(train_loader), loss.iten()))
def validation_epoch_end(self, outputs):
# validate avg_loss = torch. x['val_loss'] x in outputsl).
model. eval() tensorboard_logs = {'val_lo avg_L
{em =0 {'avg_val_loss': avg_loss, 'log': tensorboard_logs}
correct = 0

with torch.no_grad():
for data, target in test_loader:
data, target = data.to(device), target.to(device)
output = data

if _name__ == '_main_:
net = Net()

trainer = Trainer()
trainer.fit(net)

print(‘\nTest set: Average loss: {:.4f}, Accuracy: {}/{} ({:.0f}%)\n'.format(
test_loss, correct, len(test_loader.dataset),
100. * correct / len(test_loader.dataset)))

As your project grows in complexity with things like 16-bit precision, distributed training, etc... the part in blue
quickly becomes onerous and starts distracting from the core research code.
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2.1 Goal of this guide

This guide walks through the major parts of the library to help you understand what each parts does. But at the end
of the day, you write the same PyTorch code... just organize it into the LightningModule template which means you
keep ALL the flexibility without having to deal with any of the boilerplate code

To show how Lightning works, we’ll start with an MNIST classifier. We’ll end showing how to use inheritance to very
quickly create an AutoEncoder.

Note: Any DL/ML PyTorch project fits into the Lightning structure. Here we just focus on 3 types of research to
illustrate.

2.2 Installing Lightning

Lightning is trivial to install.

conda activate my_env
pip install pytorch-lightning

Or without conda environments, anywhere you can use pip.

’pip install pytorch-lightning

Or with conda

’conda install pytorch-lightning -c conda-forge

2.3 Lightning Philosophy

Lightning factors DL/ML code into three types:
* Research code
 Engineering code

¢ Non-essential code

2.3.1 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). In Lightning, this code is abstracted out by the LightningModule.

11 = nn.Linear(...)
12 = nn.Linear(...)
decoder = Decoder ()

x1l = 11 (x)

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

x2 = 12(x2)
out = decoder (features, x)

loss = perceptual_loss(xl, x2, x) + CE(out, x)

2.3.2 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.

In Lightning, this code is abstracted out by the Trainer.

model.cuda (0)
x = X.cuda (0)

distributed = DistributedParallel (model)

with gpu_zero:
download_data ()

dist.barrier ()

2.3.3 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.

In Lightning this code is abstracted out by Callbacks.

# log samples

z = Q.rsample ()

generated = decoder(z)
self.experiment.log('images', generated)

2.4 Elements of a research project

Every research project requires the same core ingredients:
1. A model
. Train/val/test data
. Optimizer(s)

2

3

4. Training step computations
5. Validation step computations
6

. Test step computations

2.4. Elements of a research project 9
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2.4.1 The Model

The LightningModule provides the structure on how to organize these 5 ingredients.

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__ ()

are (1, 28, 28)
torch.nn.Linear (28 * 28,
torch.nn.Linear (128, 256)
torch.nn.Linear (256, 10)

(channels, width,
128)

# mnist images height)
self.layer_1 =
self.layer_2

self.layer_3

def forward(self, x):
batch_size, channels,

width, height X.silze ()

#

X

(b, 1, 28, 28) (b,
x.view (batch_size,

-> 14x28%28)

-1)

# layer 1
= self.layer_1(x)
torch.relu (x)

X

X

layer 2
= self.layer_2(x)
torch.relu(x)

b

Y

layer 3

self.layer_3(x)

probability distribution over labels
torch.log_softmax(x, dim=1)

i

return x

Notice this is a LightningModule instead of a torch.nn.Module. A LightningModule is equivalent to a 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.Tensor (1, 1, 28, 28)
out = net (x)

Out:

torch.Size([1, 101)

10

Chapter 2. Introduction Guide
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2.4.2 Data

The Lightning Module organizes your dataloaders and data processing as well. 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)
mnist_train = DatalLoader (mnist_train, batch_size=64)

When using PyTorch Lightning, we use the exact same code except we organize it into the LightningModule

from torch.utils.data import Dataloader, random_split
from torchvision.datasets import MNIST

import os

from torchvision import datasets, transforms

class LitMNIST (LightningModule) :

def train_dataloader (self):
transform=transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))1])
mnist_train = MNIST (os.getcwd(), train=True, download=False,
transform=transform)
return Dataloader (mnist_train, batch_size=64)

Notice the code is exactly the same, except now the training dataloading has been organized by the LightningModule
under the train_dataloader method. This is great because if you run into a project that uses Lightning and want to
figure out how they prepare their training data you can just look in the train_dataloader method.

Usually though, we want to separate the things that write to disk in data-processing from things like transforms which
happen in memory. This is only relevant in multi-GPU or TPU training.

class LitMNIST (LightningModule) :

def prepare_data(self):
# download only (not called on every GPU, just the root GPU per node)
MNIST (os.getcwd(), train=True, download=True)

def train_dataloader (self):
# no download, just transform
transform=transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))1])
mnist_train = MNIST (os.getcwd(), train=True, download=False,
transform=transform)
return Dataloader (mnist_train, batch_size=64)

Doing it in the prepare_data method ensures that when you have multiple GPUs you won’t overwrite the data. This is
a contrived example but it gets more complicated with things like NLP or Imagenet.

2.4. Elements of a research project 11
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prepare_data gets called on the LOCAL_RANK=0 GPU per node. If your nodes share a file system, set
Trainer(prepare_data_per_node=False) and it will be code from node=0, gpu=0 only.

In general fill these methods with the following:

class LitMNIST (LightningModule) :

def prepare_data(self):
# stuff here is done once at the very beginning of training
# before any distributed training starts

# download stuff
save to disk
# etc...

S

def train_dataloader (self):
# data transforms
# dataset creation
# return a DataLoader

2.4.3 Models defined by data

Sometimes a model needs to know about the data to be built (ie: number of classes or vocab size). In this case we
recommend the following:

1. use prepare_data to download and process the dataset.
2. use setup to do splits, and build your model internals

Example:

class LitMNIST (LightningModule) :

def _ init__ (self):
self.1l1 = None

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.1ll = nn.Linear(..., num_classes)

12 Chapter 2. Introduction Guide
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2.4.4 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)

2.4.5 Training step

The training step is what happens inside the training loop.

for epoch in epochs:
for batch in data:

# TRAINING STEP

# ..

# TRAINING STEP
loss.backward()
optimizer.step ()
optimizer.zero_grad()

In the case of MNIST we do the following

for epoch in epochs:
for batch in data:
# TRAINING STEP START
x, y = batch
logits = model (x)
loss = F.nll_loss(logits, vy)
# TRAINING STEP END

loss.backward ()
optimizer.step ()
optimizer.zero_grad()

In Lightning, everything that is in the training step gets organized under the training_step function in the Lightning-
Module

2.4. Elements of a research project 13
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class LitMNIST (LightningModule) :

def training_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return {'loss': loss}
# return loss (also works)

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. ..

2.5 Training

So far we defined 4 key ingredients in pure PyTorch but organized the code inside 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 = torch.nn.Linear (28 = 28, 128)
self.layer_2 = torch.nn.Linear (128, 256)
self.layer_3 = torch.nn.Linear (256, 10)

def forward(self, x):
batch_size, channels, width, height = x.size()
= x.view(batch_size, -1)
= self.layer_1 (x)
= torch.relu (x)
self.layer_2(x)
= torch.relu(x)
= self.layer_3(x)
= torch.log_softmax(x, dim=1)
return x

XX X X X X X
Il

def train_dataloader (self):
transform=transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))1)
mnist_train = MNIST (os.getcwd(), train=True, download=False,
—transform=transform)
return Dataloader (mnist_train, batch_size=64)

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

def training_step(self, batch, batch_idx):

(continues on next page)

14 Chapter 2. Introduction Guide
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(continued from previous page)

x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)

# add logging
logs = {'loss': loss}
return {'loss': loss, 'log': logs}

Again, this is the same PyTorch code, except that it’s organized by the LightningModule. This organization now lets
us train this model

2.5.1 Train on CPU

from pytorch_lightning import Trainer

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

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]

2.5.2 Logging

When we added the log key in the return dictionary it went into the built in tensorboard logger. But you could have
also logged by calling:

def training_step(self, batch, batch_idx):
#
loss =
self.logger.summary.scalar('loss', loss)

Which will generate automatic tensorboard logs.

But you can also use any of the number of other loggers we support.

2.5.3 GPU training

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)
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[31] # Start tensorboard.
%load_ext tensorboard
$tensorboard --logdir lightning_ logs/

C The tensorboard extension is already loaded. To reload it, use:

¥reload ext tensorboard

TensorBoard SCALARS

[[] show data download links

Q, Filter tags (regular expressions supported)

Ignore outliers in chart scalin

loss
Tooltip §ortln9 default ~
method: -
loss
Smoothing -
® o6 oe

' ' 0.1
Horizontal Axis
RELATIVE v

WALL

Runs

Write a regex to filter runs

() version_0

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

Epoon 1:55% [

Tk 2k 3k IS 5k

500/938 [00:07<00:07, 61.53it/s, loss=0.206, v_num=3]
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2.5.4 Multi-GPU training

Or you can also train on multiple GPUs.

model = LitMNIST ()
trainer = Trainer (gpus=8)
trainer.fit (model)

Or multiple nodes

# (32 GPUs)

model = LitMNIST ()

trainer = Trainer (gpus=8, num_nodes=4, distributed_backend='ddp")
trainer.fit (model)

Refer to the distributed computing guide for more details.

2.5.5 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)

Icurl https://raw.githubusercontent.com/pytorch/xla/master/contrib/scripts/env-setup.py -o pytorch-xla-
env-setup.py !python pytorch-xla-env-setup.py —version nightly —apt-packages libomp5 libopenblas-dev

In distributed training (multiple GPUs and multiple TPU cores) each GPU or TPU core will run a copy of this program.
This means that without taking any care you will download the dataset N times which will cause all sorts of issues.

To solve this problem, move the download code to the prepare_data method in the LightningModule. 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 LitMNIST (LightningModule) :
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 (), transforms.Normalize ((0.
—~1307,), (0.3081,))1)
MNIST (os.getcwd(), train=True, download=False, transform=transform)
MNIST (os.getcwd (), train=False, download=False, transform=transform)

# train/val split
mnist_train, mnist_val = random_split (mnist_train, [55000, 50007)

# assign to use in dataloaders

(continues on next page)
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(O & pytorch_lightning_mnist_tutorial.ipynb ¢

PRO " File Edit View Insert Runtime Tools Help All changes savec

Run all 38 /Ctrl+F9
— Table of contents L
Run before 38/Ctrl+F8 _
'y MNIST
Model Run selection 38 /Ctrl+Shift+Enter
3 Data Run after 38 /Ctrl+F10 i
Optimizer Interrupt execution 3 /Ctrl+M |
Training step Restart runtime... %/Ctr+M .
Training Restart and run all... ;
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
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(continued from previous page)

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=64)

def val_dataloader (self):
return Dataloader (self.val_dataset, batch_size=64)

def test_dataloader (self):
return Dataloader (self.test_dataset, batch_size=64)

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!

model = LitMNIST ()
trainer = Trainer (tpu_cores=38)
trainer.fit (model)

You’ll now see the TPU cores booting up.

INFO:root:training on 8 TPU cores

INFO:root:INIT TPU local core: 0, global rank:
INFO:root:INIT TPU local core: 3, global rank:
INFO:root:INIT TPU local core: 1, global rank:

Notice the epoch is MUCH faster!

INFO:root:
| Name | Type | Params

0 | layer 1 | Linear | 100 K

1 | layer_2 | Linear | 33 K

2 | layer_3 | Linear | 2 K

Using downloaded and verified file: /content/MNIST/raw/train-images-idx3-ubyte.gz
Extracting /content/MNIST/raw/train-images-idx3-ubyte.gz to /content/MNIST/raw
Using downloaded and verified file: /content/MNIST/raw/train-labels-idxl-ubyte.gz
Extracting /content/MNIST/raw/train-labels-idxl-ubyte.gz to /content/MNIST/raw
Using downloaded and verified file: /content/MNIST/raw/tl0k-images-idx3-ubyte.gz
Extracting /content/MNIST/raw/tl0k-images-idx3-ubyte.gz to /content/MNIST/raw
Using downloaded and verified file: /content/MNIST/raw/tl0k-labels-idxl-ubyte.gz
Extracting /content/MNIST/raw/tl0k-labels-idxl-ubyte.gz to /content/MNIST/raw
Processing...

Done!

w

Epoch 6: 42% 50/118 [00:00<00:01, 62.22it/s, loss=0.067, v_num=10]

2.5. Training
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2.6 Hyperparameters

Lightning has utilities to interact seamlessly with the command line ArgumentParser and plays well with the hyperpa-
rameter optimization framework of your choice.

2.6.1 ArgumentParser

Lightning is designed to augment a lot of the functionality of the built-in Python ArgumentParser

from argparse import ArgumentParser

parser = ArgumentParser ()

parser.add_argument ('-—-layer_1_dim', type=int, default=128)
args = parser.parse_args()

This allows you to call your program like so:

python trainer.py --layer_1_dim 64

2.6.2 Argparser Best Practices

It is best practice to layer your arguments in three sections.
1. Trainer args (gpus, num_nodes, etc...)
2. Model specific arguments (layer_dim, num_layers, learning_rate, etc...)
3. Program arguments (data_path, cluster_email, etc...)

We can do this as follows. First, in your LightningModule, define the arguments specific to that module. Remember
that data splits or data paths may also be specific to a module (ie: 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')

(continues on next page)
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parser.add_argument ('--notification_email', type=str, default='willlemail.com')

# add model specific args
parser = LitModel.add_model_specific_args (parser)

# add all the available trainer options to argparse
# ie: now —--gpus ——-num_nodes ... ——fast_dev_run all work in the cli

parser = Trainer.add_argparse_args (parser)

args = parser.parse_args()

Now you can call run your program like so

python trainer_main.py —--gpus 2 —--num_nodes 2 —--conda_env 'my_env' --encoder_layers 12

Finally, make sure to start the training like so:

# init the trainer like this
trainer = Trainer.from_argparse_args(args, early_stopping_callback=...)

# NOT like this
trainer = Trainer (gpus=hparams.gpus, ...)

# init the model with Namespace directly
model = LitModel (args)

# or init the model with all the key-value pairs
dict_args = vars (args)
model = LitModel (#*dict_args)

2.6.3 LightningModule hyperparameters
Often times we train many versions of a model. You might share that model or come back to it a few months later at
which point it is very useful to know how that model was trained (ie: 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 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_1l _dim=128, learning_rate=le-2, *+kwargs):
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'])

# this now works
self.hparams.layer_1_dim
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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, =**kwargs):
super () .__init__ ()
self.hparams = hparams

self.layer_1 = torch.nn.Linear (28 % 28, self.hparams.layer_1_dim)
self.layer_2 = torch.nn.Linear (self.hparams.layer_1_dim, self.hparams.layer_2_
self.layer_3 = torch.nn.Linear (self.hparams.layer_2_dim, 10)

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

4. You can also save full objects such as dict or Namespace to the checkpoint.

# using a argparse.Namespace
class LitMNIST (LightningModule) :

def _ _init__ (self, conf, *args, xxkwargs):
super () .__init__ ()
self.hparams = conf

# equivalent
self.save_hyperparameters (conf)

self.layer_1 = torch.nn.Linear (28 = 28, self.hparams.layer_1_dim)

self.layer_2 = torch.nn.Linear (self.hparams.layer_1_dim, self.hparams.layer_2_
—dim)

self.layer_3 = torch.nn.Linear (self.hparams.layer_2_dim, 10)

conf = OmegaConf.create(...)
model = LitMNIST (conf)

# this works
model .hparams.anything
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2.6.4 Trainer args

To recap, add ALL possible trainer flags to the argparser and init the Trainer this way

parser = ArgumentParser ()
parser = Trainer.add_argparse_args (parser)
hparams = parser.parse_args ()

trainer = Trainer.from_argparse_args (hparams)
# or if you need to pass in callbacks

trainer = Trainer.from_argparse_args (hparams, checkpoint_callback=..., callbacks=[...
—1)

2.6.5 Multiple Lightning Modules

We often have multiple Lightning Modules where each one has different arguments. Instead of polluting the main.py
file, the LightningModule lets you define arguments for each one.

class LitMNIST (LightningModule) :

def _ _init__ (self, layer_1_dim, =xxkwargs):

super () .__init__ ()
self.layer_1 = torch.nn.Linear (28 % 28, layer_1_dim)
@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 (x+dict_args)
elif args.model_name == 'mnist':

model = LitMNIST (»*dict_args)

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

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 MODEIL 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

2.6.6 Hyperparameter Optimization

Lightning is fully compatible with the hyperparameter optimization libraries! Here are some useful ones:
e Hydra

* Optuna

2.7 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.

for epoch in epochs:
for batch in data:
#
# train

# validate

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

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
full_loss = outputs.mean|() # validation_epoch_end

Since the validation_step processes a single batch, in Lightning we also have a validation_epoch_end method which
allows you to compute statistics on the full dataset after an epoch of validation data and not just the batch.

In addition, we define a val_dataloader method which tells the trainer what data to use for validation. Notice we split
the train split of MNIST into train, validation. We also have to make sure to do the sample split in the train_dataloader
method.

class LitMNIST (LightningModule) :
def validation_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return {'val_loss': loss}

def validation_epoch_end(self, outputs):

avg_loss = torch.stack([x['val_loss'] for x in outputs]) .mean ()
tensorboard_logs = {'val loss': avg_loss}
return {'val_loss': avg_loss, 'log': tensorboard_logs}

def val _dataloader (self) :
transform=transforms.Compose ([transforms.ToTensor (),
transforms.Normalize ((0.1307,), (0.3081,))1])
mnist_train = MNIST (os.getcwd(), train=True, download=False,
transform=transform)
_, mnist_val = random_split (mnist_train, [55000, 50007)
mnist_val = DatalLoader (mnist_val, batch_size=64)
return mnist_val

Again, we’ve just organized the regular PyTorch code into two steps, the validation_step method which operates on a
single batch and the validation_epoch_end method to compute statistics on all batches.

If you have these methods defined, Lightning will call them automatically. Now we can train while checking the
validation set.

from pytorch_lightning import Trainer

model = LitMNIST ()
trainer = Trainer (tpu_cores=38)
trainer.fit (model)

You may have noticed the words Validation sanity check logged. This is because Lightning runs 5 batches of validation
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 a full epoch to find out.

Note: Lightning disables gradients, puts model in eval mode and does everything needed for validation.
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2.8 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 exactly the same steps for testing:
* test_step
* test_epoch_end

¢ test_dataloader

class LitMNIST (LightningModule) :
def test_step(self, batch, batch_idx):
x, y = batch
logits = self (x)
loss = F.nll_loss(logits, vy)
return {'val_loss': loss}

def test_epoch_end(self, outputs):

avg_loss = torch.stack([x['val_loss'] for x in outputs]) .mean ()
tensorboard_logs = {'val loss': avg_loss}
return {'val_loss': avg_loss, 'log': tensorboard_logs}

def test_dataloader (self):

transform=transforms.Compose ([transforms.ToTensor (), transforms.Normalize ((0.
—1307,), (0.3081,))1)

mnist_train = MNIST (os.getcwd(), train=False, download=False,
—transform=transform)

_, mnist_val = random_split (mnist_train, [55000, 50007])

mnist_val = DatalLoader (mnist_val, batch_size=64)

return mnist_val

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 .zest().

from pytorch_lightning import Trainer

model = LitMNIST ()
trainer = Trainer (tpu_cores=38)
trainer.fit (model)

# run test set
trainer.test ()

Out:

TEST RESULTS
{'test_loss': tensor(1.1703, device='cuda:0"')}

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)
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Note: Lightning disables gradients, puts model in eval mode and does everything needed for testing.

Warning: .test() is not stable yet on TPUs. We’re working on getting around the multiprocessing challenges.

2.9 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.Tensor (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)
= torch.relu(x)
self.layer_2(x)
= torch.relu (x)
= self.layer_3(x)
= torch.log_softmax(x, dim=1)
return x

XM oM 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)

x1 = torch.relu(x)

x = self.layer_2(x1)

(continues on next page)
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x2 = torch.relu(x)
x3 self.layer 3 (x2)
return [x, x1, x2, x3]

def training_step(self, batch, batch_idx):
x, y = batch
out, 11_feats, 12_feats, 13_feats = self (x)
logits = torch.log_softmax (out, dim=1)
ce_loss = F.nll _loss(logits, vy)
loss = perceptual_loss (ll_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, x)
return loss

model = LitMNISTDreamer.load_from_checkpoint (PATH)
z = sample_noise()
generated_imgs = model (z)

How you split up what goes in forward vs training_step depends on how you want to use this model for prediction.
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2.10 Extensibility

Although lightning makes everything super simple, it doesn’t sacrifice any flexibility or control. Lightning offers
multiple ways of managing the training state.

2.10.1 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):
if use_amp:
with amp.scale_loss(loss, optimizer) as scaled_loss:
scaled_loss.backward()
else:
loss.backward()

With your own

class LitMNIST (LightningModule) :

def backward(self, use_amp, loss, optimizer):
# do a custom way of backward
loss.backward(retain_graph=True)

Or if you wanted to initialize ddp in a different way than the default one

def configure_ddp(self, model, device_ids):
# Lightning DDP simply routes to test_step, val_step, etc...
model = LightningDistributedDataParallel (
model,
device_ids=device_ids,
find_unused_parameters=True
)

return model

you could do your own:

class LitMNIST (LightningModule) :
def configure_ddp(self, model, device_ids):
model = Horovod (model)

# model = Ray (model)
return model

Every single part of training is configurable this way. For a full list look at LightningModule.
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2.11 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()])

Note: See full list of 12+ hooks in the Callbacks.

2.12 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. Recall
that LitMNIST already defines all the dataloading etc. .. The only things that change in the Autoencoder model are the
init, forward, training, validation and test step.

class Encoder (torch.nn.Module) :
pass

class Decoder (torch.nn.Module) :
pass

class AutoEncoder (LitMNIST) :

def _ init_ (self):
super () .__init__ ()
self.encoder = Encoder ()
self.decoder = Decoder ()

def forward(self, x):
generated = self.decoder (x)

def training_ step(self, batch, batch_idx):
x, _ = batch

(continues on next page)
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representation = self.encoder (x)
x_hat = self (representation)

loss = MSE(x, x_hat)
return loss

def validation_step(self, batch, batch_idx):
return self._shared_eval (batch, batch_idx, 'wval')

def test_step(self, batch, batch_idx):
return self._shared_eval (batch, batch_idx, 'test')

def _shared_eval (self, batch, batch_idx, prefix):
x, y = batch
representation = self.encoder (x)
x_hat = self (representation)

loss = F.nll_loss(logits, vy)
return {f' _loss': loss}

and we can train this using the same trainer

autoencoder = AutoEncoder ()
trainer = Trainer|()
trainer.fit (autoencoder)

And remember that the forward method is to define the practical use of a LightningModule. In this case, we want to
use the AutoEncoder to extract image representations

some_images = torch.Tensor (32, 1, 28, 28)
representations = autoencoder (some_images)

2.13 Transfer Learning

2.13.1 Using Pretrained Models

Sometimes we want to use a LightningModule as a pretrained model. This is fine because a LightningModule is just
a torch.nn.Module!

Note: Remember that a LightningModule is EXACTLY a torch.nn.Module but with more capabilities.

Let’s use the AutoEncoder as a feature extractor in a separate model.

class Encoder (torch.nn.Module) :

class AutoEncoder (LightningModule) :
def _ init__ (self):
self.encoder = Encoder()
self.decoder = Decoder ()

(continues on next page)

2.13. Transfer Learning 31




PyTorch-Lightning Documentation, Release 0.8.1

(continued from previous page)

class CIFAR1O0Classifier (LightningModule) :
def _ init_ (self):
# init the pretrained LightningModule
self.feature_extractor = AutoEncoder.load_from_checkpoint (PATH)
self.feature_extractor.freeze ()

# the autoencoder outputs a 100-dim representation and CIFAR-10 has 10 classes
self.classifier = nn.Linear (100, 10)

def forward(self, x):
representations = self.feature_extractor (x)
x = self.classifier (representations)

We used our pretrained Autoencoder (a LightningModule) for transfer learning!

2.13.2 Example: Imagenet (computer Vision)

import torchvision.models as models

class ImagenetTransferLearning(LightningModule) :
def _ init_ (self):

# init a pretrained resnet

num_target_classes = 10

self.feature_extractor = models.resnet50 (
pretrained=True,
num_classes=num_target_classes)

self.feature_extractor.eval ()

# use the pretrained model to classify cifar-10 (10 image classes)
self.classifier = nn.Linear (2048, num_target_classes)

def forward(self, x):

representations = self.feature_extractor (x)
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.
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2.13.3 Example: BERT (NLP)

Lightning is completely agnostic to what’s used for transfer learning so long as it is a torch.nn.Module subclass.

Here’s a model that uses Huggingface transformers.

class BertMNLIFinetuner (LightningModule) :

def _ init_ (self):

super () .__init__ ()

self.bert = BertModel.from_ pretrained('bert-base-cased', output_
—attentions=True)

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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CHAPTER
THREE

FAST PERFORMANCE

Here are some best practices to increase your performance.

3.1 Dataloaders

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

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

3.1.1 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 nun_workers slowly and stop once you see no more improvement in your training
speed.

3.1.2 Spawn

When using distributed_backend=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 distributed_backend=ddp so you can increase the num_workers,
however your script has to be callable like so:

python my_program.py —--gpus X
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3.2 .item(), .numpy(), .cpu()

Don’t call .item() anywhere on your code. Use .detach() instead to remove the connected graph calls. Lightning takes
a great deal of care to be optimized for this.

3.3 empty_cache()

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

3.4 construct tensors directly on device

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

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

# good (self is lightningModule)
t = tensor.rand (2,2, device=self.device)

3.5 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.

3.6 16-bit precision

Use 16-bit to decrease the memory (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. This is a general catch-all error. To see the actual error run your
script like so:

36 Chapter 3. Fast Performance



https://github.com/pytorch/pytorch/issues/21819

PyTorch-Lightning Documentation, Release 0.8.1

# won't see what the error 1is

python main.py

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

We also recommend using 16-bit native found in PyTorch 1.6. Just install this version and Lightning will automatically

use it.

3.6. 16-bit precision
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CHAPTER
FOUR

CALLBACKS

Lightning has a callback system to execute arbitrary code. Callbacks should capture NON-ESSENTIAL logic that is
NOT required for your LightningModule to run.

An overall Lightning system should have:
1. Trainer for all engineering
2. LightningModule for all research code.
3. Callbacks for non-essential code.

Example:

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 LightningModule research code.

4.1 Callback Base

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.

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

on_epoch_end (trainer, pl_module)
Called when the epoch ends.

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

on_fit_end (trainer)
Called when fit ends

on_fit start (trainer)
Called when fit begins

on_init_end (frainer)
Called when the trainer initialization ends, model has not yet been set.

on_init_start (frainer)

Called when the trainer initialization begins, model has not yet been set.

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

on_sanity_check_end (frainer, 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)
Called when the test batch ends.

on_test_batch_start (trainer, pl_module)
Called when the test batch begins.

on_test_end (trainer, pl_module)
Called when the test ends.

on_test_start (trainer, pl_module)
Called when the test begins.

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

on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module)
Called when the validation batch ends.

on_validation_batch_start (frainer, pl_module)
Called when the validation batch begins.

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

on_validation_start (frainer, pl_module)
Called when the validation loop begins.

setup (trainer, stage)
Called when fit or test begins
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teardown (frainer, stage)
Called when fit or test ends

4.2 Early Stopping

Monitor a validation metric and stop training when it stops improving.

class pytorch_lightning.callbacks.early_stopping.EarlyStopping (monitor="val_loss’,
min_delta=0.0,
patience=3,
verbose=Fualse,
mode="auto’,
strict=True)
Bases: pytorch _lightning.callbacks.base.Callback
Parameters
* monitor (str) — quantity to be monitored. Default: 'val_loss'.

* min_delta (float)— minimum change in the monitored quantity to qualify as an im-
provement, i.e. an absolute change of less than min_delta, will count as no improvement.
Default: 0.

* patience (int) - number of validation epochs with no improvement after which training
will be stopped. Default: 0.

* 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. Default: 'auto"'.

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

Example:

>>> from pytorch_lightning import Trainer

>>> from pytorch lightning.callbacks import EarlyStopping
>>> early_stopping = EarlyStopping('val loss'")

>>> trainer = Trainer (early_stop_callback=early_stopping)

_validate_condition_metric (logs)

Checks that the condition metric for  early stopping is good :param
_sphinx_paramlinks_pytorch_lightning.callbacks.early_stopping.EarlyStopping._validate_condition_metric.logs:
return:

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

on_train_start (trainer, pl_module)
Called when the train begins.

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

Change gradient accumulation factor according to scheduling.

class pytorch_lightning.callbacks.gradient_accumulation_scheduler.GradientAccumulationSche«
Bases: pytorch lightning.callbacks.base.Callback

Change gradient accumulation factor according to scheduling.

Parameters scheduling (dict) - scheduling in format {epoch: accumulation_factor}

Warning: Epochs indexing starts from “1” until v0.6.x, but will start from “0” in v0.8.0.

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

4.4 Learning Rate Logger

Log learning rate for Ir schedulers during training

class pytorch_lightning.callbacks.lr_logger.LearningRatelogger
Bases: pytorch_lightning.callbacks.base.Callback

Automatically logs learning rate for learning rate schedulers during training.

Example:

>>> from pytorch lightning import Trainer

>>> from pytorch_lightning.callbacks import LearningRatelogger
>>> 1r logger = LearningRatelLogger ()

>>> trainer = Trainer (callbacks=[lr_logger])

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):
torch.optim.Adam(...)
{'"scheduler':

optimizer
lr_scheduler

)
'name’':
[optimizer],

'my_logging_name'}

return [1r_scheduler]

torch.optim.lr_schedulers.LambdalR (optimizer,

_extract_1lr (trainer, interval)

Extracts learning rates for Ir schedulers and saves information into dict structure.

on_batch_start (trainer, pl_module)
Called when the training batch begins.

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

on_train_start (trainer, pl_module)

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

4.5 Model Checkpointing

Automatically save model checkpoints during training.

class pytorch_lightning.callbacks.model_checkpoint .ModelCheckpoint (filepath=None,

Bases: pytorch lightning.callbacks.base.Callback

Save the model after every epoch if it improves.

moni-

tor="val_loss’,

ver-

bose=False,
save_last=Fualse,
save_top_k=1,
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

* filepath (Optional[str])— path to save the model file. Can contain named format-

ting options to be auto-filled.

Example:

# custom path
# saves a file like: my/path/epoch_0.ckpt
>>> checkpoint_callback ModelCheckpoint ('my/path/")

# save any arbitrary metrics like ‘val_loss’ , etc.

—Ckpt

in name
# saves a file like: my/path/epoch=2-val_loss=0.2_other_metric=0.3.

(continues on next page)
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>>> checkpoint_callback = ModelCheckpoint (
filepath="my/path/ - -

Can also be set to None, then it will be set to default location during trainer construction.
* monitor (str)— quantity to monitor.
* verbose (bool) — verbosity mode. Default: False.
* save_last (bool)— always saves the model at the end of the epoch. Default: False.

* save_top_k (int) — if save_top_k == k, the best k models according 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 v0.

* mode (str)—one of {auto, min, max}. If save_top_k != 0, the decision to overwrite
the current save file is made based on either the maximization or the minimization of the
monitored quantity. For val_acc, this should be max, for val_loss this should be min, etc. In
auto mode, the direction is automatically inferred from the name of the monitored quantity.

* 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.

Example:

>>> from pytorch lightning import Trainer
>>> from pytorch_ lightning.callbacks import ModelCheckpoint

# saves checkpoints to 'my/path/' whenever 'val_loss' has a new min
>>> checkpoint_callback = ModelCheckpoint (filepath="'my/path/")
>>> trainer = Trainer (checkpoint_callback=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 (
filepath="'my/path/sample-mnist__ - !

# retrieve the best checkpoint after training
checkpoint_callback = ModelCheckpoint (filepath="my/path/")
trainer = Trainer (checkpoint_callback=checkpoint_callback)
model =

trainer.fit (model)

checkpoint_callback.best_model_path

format_checkpoint_name (epoch, metrics, ver=None)
Generate a filename according to the defined template.

Example:

>>> tmpdir = os.path.dirname( file )
>>> ckpt = ModelCheckpoint (os.path.join (tmpdir, ' "))

(continues on next page)
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>>> os.path.basename (ckpt.format_checkpoint_name (0, {}))

'epoch=0.ckpt'

>>> ckpt = ModelCheckpoint (os.path.join (tmpdir, ' "))

>>> os.path.basename (ckpt.format_checkpoint_name (5, {}))

'epoch=005.ckpt"

>>> ckpt = ModelCheckpoint (os.path.join (tmpdir, ' - "))
>>> os.path.basename (ckpt.format_checkpoint_name (2, dict(val_loss=0.123456)))
'epoch=2-val_loss=0.12.ckpt'

>>> ckpt = ModelCheckpoint (os.path.join (tmpdir, ' "))

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

'missing=0.ckpt"

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

4.6 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
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* 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_positioninthe 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_sanity_ tqdm()

Override this to customize the tqdm bar for the validation sanity run.

Return type tgdm

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

Return type tgdm

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

Return type tgdm

init_validation_tqdm/()
Override this to customize the tqdm bar for validation.

Return type tgdm

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

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

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

on_sanity_ check_start (frainer, pl_module)
Called when the validation sanity check starts.

on_test_batch_end (trainer, pl_module)
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_end (trainer, pl_module)
Called when the train ends.
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on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module)
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.

class pytorch_lightning.callbacks.progress.ProgressBarBase
Bases: pytorch lightning.callbacks.base.Callback

The base class for progress bars in Lightning. It is a Callback that keeps track of the batch progress in the
Trainer. You should implement your highly custom progress bars with this as the base class.

Example:

class LitProgressBar (ProgressBarBase) :

def _ init_ (self):
super () .__init__ () # don't forget this :)
self.enable = True

def disable(self):
self.enable = False

def on_batch_end(self, trainer, pl_module):
super () .on_batch_end(trainer, pl_module) # don't forget this :)
percent = (self.train_batch_idx / self.total_train_batches) 100
sys.stdout.flush()
sys.stdout.write (f' 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_batch_end (trainer, pl_module)
Called when the training batch ends.

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

on_init_end (frainer)
Called when the trainer initialization ends, model has not yet been set.

on_test_batch_end (trainer, pl_module)
Called when the test batch ends.

on_test_start (trainer, pl_module)
Called when the test begins.
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on_train_start (trainer, pl_module)
Called when the train begins.

on_validation_batch_end (trainer, pl_module)
Called when the validation batch ends.

on_validation_start (trainer, pl_module)
Called when the validation loop begins.

property test_batch_idx
The current batch index being processed during testing. Use this to update your progress bar.

Return type int

property total_test_batches
The total number of training batches during testing, which may change from epoch to epoch. Use this to
set the total number of iterations in the progress bar. Can return inf if the test dataloader is of infinite
size.

Return type int

property total_train_batches
The total number of training batches during training, which may change from epoch to epoch. Use this to
set the total number of iterations in the progress bar. Can return inf if the training dataloader is of infinite
size.

Return type int

property total_val_ batches
The total number of training 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

pytorch_lightning.callbacks.progress.convert_inf (x)

The tqdm doesn’t support inf values. We have to convert it to None.
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CHAPTER
FIVE

LIGHTNINGMODULE

A LightningModule organizes your PyTorch code into the following sections:

PyTorch

# model
class Net(nn.Module):
def __init__(self):
self.layer_1 =
self.layer_2 =

torch.nn.Linear(28 x 28,
torch.nn.Linear (128, 10)

128)

def
X = x.view(x.size(@), -1)

forward(self, x):

x = self.layer_1(x)
x = F.relu(x)

x = self.layer_2(x)
return x

# train loader

mnist_train = MNIST(os.getcwd(), train=True, download=True,
transform=transforms.ToTensor())

mnist_train = Dataloader(mnist_train, batch_size=64)

net ()
# optimizer + scheduler

optimizer = torch.optim.Adam(net.parameters(), lr=1le-3)
scheduler = StepLR(optimizer, step_size=1)

epoch (1, 100):
model. ()
batch_idx, (data, target) train_loader):
data, target data.to(device), target.to(device)
optimizer. ()

output = model(data)

loss = F.nl1_loss(output, target)
loss.back i()
optimizer. ()
batch_idx % args.log_interval
('Train Epoch: {} [{}/{} ({:.0f}%)]\tLoss: {:
epoch, batch_idx x* (data), (train_loader
¥ batch_idx (train_loader), loss.

Notice a few things.

1. It’s the SAME code.

.6},

.dataset),

0))

PyTorch Lightning

# model

Net(LightningModule):
__init__(self):
self.layer_1 = torch.nn

class
def

(28 * 28, 128)

(128, 10)

self.layer_2 = torch.nn

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

def train_dataloader(self):
mnist_train = (os.getcwd(), train=True, download=True,

transform=transforms. ()

return (mnist_train, batch_size=64)

def configure_optimizers(self):

optimizer = torch.optim. (self.parameters(), lr=1le-3)

scheduler = (optimizer, step_size=1)

return optimizer, scheduler

def training_step(self, batch, batch_idx):
data, target = batch

self.forward(data)

.nl1_loss(output, target)

output =
loss =

return {'loss': loss}

2. The PyTorch code IS NOT abstracted - just organized.

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

WX W S
|

do this instead
= X # leave it alone!

S

w

# or to init a new tensor
new_x = torch.Tensor (2, 3)
new_x = new_x.type_as(x.type())

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

# Don't do in Lightning...

data = MNIST(...)

sampler = DistributedSampler (data)
DatalLoader (data, sampler=sampler)

# do this instead
data = MNIST(...)
DatalLoader (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, to use Lightning, you just need to organize your code which takes about 30 minutes, (and let’s be real, you

probably should do anyhow).

5.1 Minimal Example

Here are the only required methods.

>>> import pytorch_lightning as pl
>>> class LitModel (pl.LightningModule) :

def _ init_ (self):
super () .__init__ ()

self.1ll = torch.nn.Linear (28 * 28, 10)

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

def training_step(self, batch, batch_idx):

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

X, y = batch
y_hat = self (x)
return {'loss': F.cross_entropy(y_hat, vy)}

def train_dataloader(self):
return Dataloader (MNIST (os.getcwd (), train=True, download=True,
transform=transforms.ToTensor ()), batch_size=32)

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

Which you can train by doing:

trainer = pl.Trainer ()
model = LitModel ()

trainer.fit (model)

5.2 Training loop structure

The general pattern is that each loop (training, validation, test loop) has 3 methods:

. step
. step_end
. epoch_end

To show how Lightning calls these, let’s use the validation loop as an example:

val_outs = []

for val_batch in val_data:
# do something with each batch
out = validation_step(val_batch)
val_outs.append (out)

# do something with the outputs for all batches
# like calculate validation set accuracy or loss
validation_epoch_end(val_outs)

If we use dp or ddp2 mode, we can also define the XXX_step_end method to operate on all parts of the batch:

val_outs = []
for val_batch in val_data:
batches split_batch (val_batch)
dp_outs []
for sub_batch in batches:
dp_out = validation_step (sub_batch)
dp_outs.append (dp_out)

out = validation_step_end (dp_outs)
val_outs.append (out)

# do something with the outputs for all batches

(continues on next page)
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# like calculate validation set accuracy or loss
validation_epoch_end(val_outs)

5.2.1 Add validation loop

Thus, if we wanted to add a validation loop you would add this to your LightningModule:

>>> class LitModel (pl.LightningModule) :
def validation_step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)
return {'val loss': F.cross_entropy(y_hat, vy)}

def validation_epoch_end(self, outputs):
val_loss_mean = torch.stack([x['val loss'] for x in outputs]) .mean()
return {'val_loss': val_loss_mean}

def val_dataloader (self):
# can also return a list of val dataloaders
return DatalLoader(...)

5.2.2 Add test loop

>>> class LitModel (pl.LightningModule) :
def test_step(self, batch, batch_idx):
x, y = batch
y_hat = self (x)
return {'test_loss': F.cross_entropy(y_hat, v)}

def test_epoch_end(self, outputs):
test_loss_mean = torch.stack ([x['test_loss'] for x in outputs]) .mean()
return {'test_loss': test_loss_mean}

def test_dataloader (self):
# can also return a 1list of test dataloaders
return DatalLoader(...)

However, the test loop won’t ever be called automatically to make sure you don’t run your test data by accident.
Instead you have to explicitly call:

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

# or call with pretrained model

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

trainer.test (model)
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5.3 Training_step_end method

When using LightningDataParallel or LightningDistributedDataParallel, the
training step () will be operating on a portion of the batch. This is normally ok but in special cases
like calculating NCE loss using negative samples, we might want to perform a softmax across all samples in the batch.

For these types of situations, each loop has an additional __step_end method which allows you to operate on the
pieces of the batch:

training_outs = []
for train_batch in train_data:
# dp, ddp2 splits the batch
sub_batches = split_batches_for_dp (batch)

# run training step on each piece of the batch
batch_parts_outputs = [training_step (sub_batch) for sub_batch in sub_batches]

# do softmax with all pieces
out = training_step_end(batch_parts_outputs)
training_outs.append (out)

# do something with the outputs for all batches
# like calculate validation set accuracy or loss
training_epoch_end(val_outs)

5.4 Remove cuda calls

Ina LightningModule, all calls to .cuda () and .to (device) should be removed. Lightning will do these
automatically. This will allow your code to work on CPUs, TPUs and GPUs.

When you init a new tensor in your code, just use t ype_as ():

def training step(self, batch, batch_idx):
x, y = batch

# put the z on the appropriate gpu or tpu core
z = sample_noise ()
z = z.type_as (x)

5.5 Data preparation

Data preparation in PyTorch follows 5 steps:
1. Download

Clean and (maybe) save to disk

Load inside Dataset

Apply transforms (rotate, tokenize, etc...)

A

Wrap inside a DataLoader
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When working in distributed settings, steps 1 and 2 have to be done from a single GPU, otherwise you will overwrite
these files from every GPU. The LightningModule has the prepare_data method to allow for this:

>>> class LitModel (pl.LightningModule) :
def prepare_data(self):
# download
Ce. MNIST (os.getcwd(), train=True, download=True, transform=transforms.
—ToTensor ())
C MNIST (os.getcwd(), train=False, download=True, transform=transforms.
—~ToTensor ())

def setup(self, stage):
.. mnist_train = MNIST (os.getcwd(), train=True, download=False,
—transform=transforms.ToTensor ())
. mnist_test = MNIST (os.getcwd(), train=False, download=False,
—transform=transforms.ToTensor ())
# train/val split
mnist_train, mnist_val = random_split (mnist_train, [55000, 50007])

# assign to use in dataloaders
self.train_dataset = mnist_train
self.val_dataset = mnist_val
self.test_dataset = mnist_test

def train_dataloader (self):
return Dataloader (self.train_dataset, batch_size=64)

def val_dataloader (self):
return Dataloader (self.mnist_val, batch_size=64)

def test_dataloader (self):
return Dataloader (self.mnist_test, batch_size=64)

Note: prepare data () is called once.

Note: Do anything with data that needs to happen ONLY once here, like download, tokenize, etc. ..

5.6 Lifecycle

The methods in the i ght ningModule are called in this order:
1. _init__ ()
2. prepare_data ()
3. configure_optimizers ()
4. train _dataloader ()
If you define a validation loop then
5. val_dataloader ()

And if you define a test loop:
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6. test_dataloader ()

Note: test_dataloader () isonly called with .test ()

In every epoch, the loop methods are called in this frequency:
1. validation_step () called every batch

2. validation_epoch_end () called every epoch

5.7 Live demo

Check out this COLAB for a live demo.

5.8 LightningModule Class

class pytorch_lightning.core.LightningModule (*args, **kwargs)

Bases: abc.ABC, pytorch lightning.utilities.device dtype_mixin.
DeviceDtypeModuleMixin, pytorch_lightning.core.grads.GradInformation,
pytorch_lightning.core.saving.ModelIO, pytorch_lightning.core.hooks.

ModelHooks, torch.nn.Module

_LightningModule__get_hparams_assignment_variable ()
looks at the code of the class to figure out what the user named self.hparams this only happens when the
user explicitly sets self.hparams

classmethod _auto_collect_arguments (frame=None)
Collect all module arguments in the current constructor and all child constructors. The child constructors
are all the __init___ methods that reach the current class through (chained) super () .__init__ ()
calls.

Parameters frame — instance frame

Returns arguments dictionary of the first instance parents_arguments: arguments dictionary of
the parent’s instances

Return type self_arguments

_init_slurm_connection ()
Sets up environment variables necessary for pytorch distributed communications based on slurm environ-
ment.

Return type None

configure_apex (amp, model, optimizers, amp_level)
Override to init AMP your own way. Must return a model and list of optimizers.

Parameters
e amp (ob ject) — pointer to amp library object.
* model (LightningModule)— pointer to current LightningModule.

* optimizers (List[Optimizer]) — list of optimizers passed in
configure optimizers().

e amp_level (str)— AMP mode chosen (‘O1°, ‘02, etc...)
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Return type Tuple[LightningModule, List[Optimizer]]

Returns Apex wrapped model and optimizers

Examples

# Default implementation used by Trainer.
def configure_apex(self, amp, model, optimizers, amp_level):
model, optimizers = amp.initialize(
model, optimizers, opt_level=amp_level,

return model, optimizers

configure_ddp (model, device_ids)
Override to init DDP in your own way or with your own wrapper. The only requirements are that:

1. On a validation batch the call goes to model.validation_step.
2. On a training batch the call goes to model.training_step.

3. On a testing batch, the call goes to model.test_step.+

Parameters
* model (LightningModule)—the LightningModule currently being optimized.
¢ device_ids (List[int]) - the list of GPU ids.

Return type DistributedDataParallel

Returns DDP wrapped model

Examples

# default implementation used in Trainer
def configure_ddp(self, model, device_ids):
# Lightning DDP simply routes to test_step, val_step, etc...
model = LightningDistributedDataParallel (
model,
device_ids=device_ids,
find_unused_parameters=True
)
return model

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.

Return type Union[Optimizer, Sequence[Optimizer], Dict, Sequence[Dict],
Tuple[List, List], None]

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 which 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 scheduler and its associated configuration. It has five keys. The
default configuration is shown below.

{
'scheduler': lr_scheduler, # The LR schduler

'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 to monitor

If user only provides LR schedulers, then their configuration will set to default as shown 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 (), lr=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, 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,

abstract 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 ()
Additional items to be displayed in the progress bar.

Return type Dict[str, Union[int, str]]
Returns Dictionary with the items to be displayed in the progress bar.

get_tqgdm dict ()
Additional items to be displayed in the progress bar.
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Return type Dict[str, Union[int, str]]

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

Warning: Deprecated since v0.7.3. Use get_progress_bar_dict () instead.

init_ddp_connection (global_rank, world_size, is_slurm_managing_tasks=True)
Override to define your custom way of setting up a distributed environment.

Lightning’s implementation uses env:// init by default and sets the first node as root for SLURM managed
cluster.

Parameters
* global_rank (int)— The global process idx.

* world_size (int) — Number of GPUs being use across all nodes. (num_nodes *
num_gpus).

* is_slurm_managing_tasks (bool) —is cluster managed by SLURM.
Return type None

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
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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

optimizer_ step (epoch, batch_idx, optimizer, optimizer_idx, second_order_closure=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.

Parameters
* epoch (int) — Current epoch
e batch_idx (int) — Index of current batch
* optimizer (Optimizer)— A PyTorch optimizer
* optimizer_idx (int) - If you used multiple optimizers this indexes into that list.

¢ second_order closure (Optional[Callable]) — closure for second order
methods

Examples

# DEFAULT
def optimizer_step(self, current_epoch, batch_idx, optimizer, optimizer_ idx,
second_order_closure=None) :
optimizer.step ()
optimizer.zero_grad()

# Alternating schedule for optimizer steps (i.e.: GANs)
def optimizer_ step(self, current_epoch, batch_idx, optimizer, optimizer_ idx,
second_order_closure=None) :
# update generator opt every 2 steps
if optimizer_idx ==
if batch_idx $ 2 == 0
optimizer.step ()
optimizer.zero_grad()

# update discriminator opt every 4 steps
if optimizer_idx == 1:
if batch_idx % 4 == 0
optimizer.step ()
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:
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# learning rate warm-up
def optimizer_step(self, current_epoch, batch_idx, optimizer,
optimizer_idx, second_order_closure=None) :
# warm up lr
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 ()
optimizer.zero_grad/()

Note: If you also override the on_before zero_grad () model hook don’t forget to add the call to
it before optimizer.zero_grad() yourself.

Return type None

prepare_data ()

Use this to download and prepare data.

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

Example:

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

# 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:
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model .prepare_data ()

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

Return type None

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-
menst from class __init__

>>> from collections import OrderedDict
>>> class ManuallyArgsModel (LightningModule) :
def _ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# manually assine arguments
self.save_hyperparameters('argl', 'arg3')
def forward(self, ~args, =**kwargs):

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

"argl": 1

"arg3": 3.14

>>> class AutomaticArgsModel (LightningModule) :
def _ _init__ (self, argl, arg2, arg3):
super () .__init__ ()
# equivalent automatic
self.save_hyperparameters ()
def forward(self, ~args, =**kwargs):

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

"argl": 1

"arg2": abc

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

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

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

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

e batch (Tensor) — Current batch

* split_size (int) - The size of the split
Return type 1ist

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

Examples

def tbptt_split_batch(self, batch, split_size):
splits = []
for t in range (0, time_dims[0], split_size):
batch_split = []
for i, x in enumerate (batch):
if isinstance (x, torch.Tensor):
split_x = x[:, t:t + split_size]
elif isinstance(x, collections.Sequence):
split_x = [None] * len(x)
for batch_idx in range(len(x)):
split_x[batch_idx] = x[batch_idx][t:t + split_size]

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

return splits

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

test_dataloader ()

Implement one or multiple PyTorch DatalLoaders for testing.
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The dataloader you return will not be called every epoch unless you set
reload_dataloaders_every_epochto True.

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

e test_dataloader ()

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

Return type Union[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

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

test_end (outputs)

Warning: Deprecated in v0.7.0. Use test_epoch_end () instead. Will be removed in 1.0.0.

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)

(continues on next page)
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test_outs.append (out)
test_epoch_end(test_outs)

Parameters outputs (Union[List[Dict[str, Tensor]], List[List[Dict[str,
Tensor]]]]) — List of outputs you defined in test_step_end (), or if there are mul-
tiple dataloaders, a list containing a list of outputs for each dataloader

Returns
Dict has the following optional keys:
e progress_bar -> Dict for progress bar display. Must have only tensors.
* log -> Dict of metrics to add to logger. Must have only tensors (no images, etc).

Return type Dict or OrderedDict

Note: If you didn’tdefinea test_step (), this won’t be called.

* The outputs here are strictly for logging or progress bar.
e If you don’t need to display anything, don’t return anything.
* If you want to manually set current step, specify it with the ‘step’ key in the ‘log” Dict

Examples

With a single dataloader:

def test_epoch_end(self, outputs):
test_acc_mean = 0
for output in outputs:
test_acc_mean += output['test_acc']

test_acc_mean /= len (outputs)
tgdm_dict = {'test_acc': test_acc_mean.item() }

# show test_loss and test_acc in progress bar but only log test_loss
results = {

'progress_bar': tgdm_dict,

'"log': {'test_acc': test_acc_mean.item()}
}

return results

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):
test_acc_mean = 0
i=20
for dataloader_outputs in outputs:
for output in dataloader_outputs:
test_acc_mean += output]['test_acc']
i+=1

(continues on next page)
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test_acc_mean /= i
tgdm_dict = {'test_acc': test_acc_mean.item()}

# show test_loss and test_acc in progress bar but only log test_loss

results = {
'progress_bar': tgdm_dict,
'log': {'test_acc': test_acc_mean.item(), 'step': self.current_epoch}

}

return results

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

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

Parameters

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

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 datasets used).

Return type Dict[str, Tensor]

Returns Dict or OrderedDict - passed to the test_epoch_end () method. If you defined
test_step_end () it will go to that first.

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

# 1if 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]

(continues on next page)

5.8. LightningModule Class 67


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/data.html#torch.utils.data.DataLoader
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/typing.html#typing.Dict
https://docs.python.org/3/library/stdtypes.html#str
https://pytorch.org/docs/stable/tensors.html#torch.Tensor

PyTorch-Lightning Documentation, Release 0.8.1

(continued from previous page)

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)

# all optional...
# return whatever you need for the collation function test_epoch_end
output = OrderedDict ({

'val_loss': loss_val,

'val_acc': torch.tensor (val_acc), # everything must be a tensor

})

# return an optional dict
return output

If you pass in multiple validation datasets, test_step () will have an additional argument.

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

Note: If you don’t need to validate 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 you return in test_step () for each batch
part.

Return type Dict[str, Tensor]

Returns Dict or OrderedDict - passed to the test_epoch_end ().
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Examples

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

# batch is 1/num_gpus big

x, y = batch

out = self (x)

loss = self.softmax (out)
loss = nce_loss (loss)
return {'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 (x)
return {'out': out}

def test_step_end(self, outputs):
# this out is now the full size of the batch

out = outputs|['out']

# this softmax now uses the full batch size

loss = nce_loss (loss)
return {'loss': loss}
See also:

See the Multi-GPU training guide for more details.

tng_dataloader ()

Warning: Deprecated in v0.5.0. Use t rain_dataloader () instead. Will be removed in 1.0.0.

train_dataloader ()
Implement a PyTorch Datal.oader for training.

Return type Dataloader
Returns Single PyTorch Dataloader.

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 ().
o fit ()
* prepare_data/()

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

Example

def train_dataloader (self):

transform = transforms.Compose ([transforms.ToTensor (),

transforms.Normalize ((0.5,), (1.0,))1)
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

dataset

)

return loader

training_end (*args, **kwargs)

Warning: Deprecated in v0.7.0. Use t raining_step_end () instead.

training_epoch_end (outputs)
Called at the end of the training epoch with the outputs of all training steps.

# 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 (Union[List[Dict[str, Tensor]], List[List[Dict[str,
Tensor]]]]) — List of outputs you defined in training _step (), or if there are mul-
tiple dataloaders, a list containing a list of outputs for each dataloader.

Return type Dict[str,Dict[str, Tensor]]

Returns
Dict or OrderedDict. May contain the following optional keys:
* log (metrics to be added to the logger; only tensors)
* progress_bar (dict for progress bar display)

* any metric used in a callback (e.g. early stopping).

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

* The outputs here are strictly for logging or progress bar.

* If you don’t need to display anything, don’t return anything.
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* If you want to manually set current step, you can specify the ‘step’ key in the ‘log’ dict.

Examples

With a single dataloader:

def training_epoch_end(self, outputs):
train_acc_mean = 0
for output in outputs:
train_acc_mean += output['train_acc']

train_acc_mean /= len (outputs)

# log training accuracy at the end of an epoch

results = {
'log': {'train_acc': train_acc_mean.item() },
'progress_bar': {'train_acc': train_acc_mean},

}

return results

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

def training_epoch_end(self, outputs):
train_acc_mean = 0
i=0
for dataloader_outputs in outputs:
for output in dataloader_outputs:
train_acc_mean += output['train_acc']
i +=1

train_acc_mean /= 1

# log training accuracy at the end of an epoch

results = {
'"log': {'train_acc': train_acc_mean.item(), 'step': self.current_
—epoch}
'"progress_bar': {'train_acc': train_acc_mean},

}

return results

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

Parameters

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

* batch_idx (int) — Integer displaying index of this batch

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

* hiddens (Tensor) —Passed in if t runcated bptt_steps > 0.

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

Dict with loss key and optional log or progress bar keys. = When implementing
training_step (), return whatever you need in that step:

¢ loss -> tensor scalar REQUIRED
* progress_bar -> Dict for progress bar display. Must have only tensors
¢ log -> Dict of metrics to add to logger. Must have only tensors (no images, etc)

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.

Examples

def training step(self, batch, batch_idx):
X, y, z = batch

# implement your own

out = self (x)
loss = self.loss (out, Xx)

logger_logs = {'training loss': loss} # optional (MUST ALL BE TENSORS)

# 1f using TestTubeLogger or TensorBoardLogger you can nest scalars
logger_logs = {'losses': logger_logs} # optional (MUST ALIL BE TENSORS)

output = {

'loss': loss, # required
'progress_bar': {'training_loss': loss}, # optional (MUST ALL BE_
— TENSORS)

'"log': logger_logs

# return a dict
return output

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

# Multiple optimizers (e.g.: GANs)
def training step(self, batch, batch_idx, optimizer_idx):
if optimizer_idx ==
# do training step with encoder
if optimizer_idx == 1:
# do training _step with decoder

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

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

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

return {

(continues on next page)
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"loss": ...,
"hiddens": hiddens # remember to detach() this

Notes

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

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

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

# pseudocode

sub_batches = split_batches_for_dp (batch)

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

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

Dict with loss key and optional log or progress bar keys.

¢ loss -> tensor scalar REQUIRED

* progress_bar -> Dict for progress bar display. Must have only tensors

* log -> Dict of metrics to add to logger. Must have only tensors (no images, etc)

Examples

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

# batch is 1/num_gpus big

x, y = batch

out = self (x)

loss = self.softmax (out)
loss = nce_loss (loss)
return {'loss': loss}

# with training step_end to do softmax over the full batch
def training_step(self, batch, batch_idx):

# batch is 1/num_gpus big

x, y = batch

(continues on next page)
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out = self (x)
return {'out': out}

def training_step_end(self, outputs):
# this out is now the full size of the batch
out = outputs['out']

# this softmax now uses the full batch size
loss = nce_loss (loss)
return {'loss': 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

val_dataloader ()
Implement one or multiple PyTorch DatalLoaders 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 ().

s 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[DatalLoader, List[DataLoader]]

Returns Single or multiple PyTorch Dataloaders.
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Examples

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

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

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

validation_end (outputs)

Warning: Deprecated in v0.7.0. Use validation epoch _end () instead. Will be removed in
1.0.0.

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 (Union[List[Dict[str, Tensor]], List[List[Dict[str,
Tensor]]]]) — List of outputs you defined in validation step (), or if there are mul-
tiple dataloaders, a list containing a list of outputs for each dataloader.

Return type Dict[str,Dict[str, Tensor]]

Returns
Dict or OrderedDict. May have the following optional keys:
» progress_bar (dict for progress bar display; only tensors)

* log (dict of metrics to add to logger; only tensors).
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Note: If you didn’tdefinea validation_step (), this won’t be called.

* The outputs here are strictly for logging or progress bar.
e If you don’t need to display anything, don’t return anything.
* If you want to manually set current step, you can specify the ‘step’ key in the ‘log’ dict.

Examples

With a single dataloader:

def validation_epoch_end(self, outputs):

val_acc_mean = 0
for output in outputs:
val_acc_mean += output['val_acc']

val_acc_mean /= len (outputs)
tgdm_dict

{'val_acc': val_acc_mean.item() }

# show val_acc in progress bar but only log val_loss
results = {

'progress_bar': tgdm_dict,

'"log': {'val_acc': val_acc_mean.item() }
}

return results

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):

val_acc_mean = 0
i=0
for dataloader_outputs in outputs:
for output in dataloader_outputs:
val_acc_mean += output['val_acc']
i+=1

val_acc_mean /= 1
tgdm_dict = {'val_acc': val_acc_mean.item()}

# show val_loss and val_acc in progress bar but only log val_loss
results = {

'progress_bar': tgdm_dict,

'"log': {'val_acc': val_acc_mean.item(), 'step': self.current_epoch}
}

return results

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:

(continues on next page)
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out = validation_step(train_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 datasets used)

Return type Dict[str, Tensor]

Returns Dict or OrderedDict - passed to validation epoch _end (). If you defined
validation_step_end () it will go to that first.

# pseudocode of order

out = validation_step()

if defined('validation_step_end') :
out = validation_step_end(out)

out = validation_epoch_end (out)

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

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

Examples

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

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

# log 6 example images

# or generated text... or whatever

sample_imgs = x[:6]

grid = torchvision.utils.make_grid(sample_imgs)
self.logger.experiment.add_image ('example images', grid, O0)

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

# all optional...
# return whatever you need for the collation function validation_epoch_end
output = OrderedDict ({

'val_loss': loss_val,

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

'val_acc': torch.tensor (val_acc), # everything must be a tensor

})

# return an optional dict
return output

If you pass in multiple val datasets, validation_step will have an additional argument.

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

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

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

validation_step_end (*args, **kwargs)

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

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

# pseudocode

sub_batches = split_batches_for_dp (batch)

batch_parts_outputs = [validation_step (sub_batch) for sub_batch in sub_
—batches]

validation_step_end(batch_parts_outputs)

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

Return type Dict[str, Tensor]

Returns Dict or OrderedDict - passed to the validation_epoch_end () method.

Examples

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

(continues on next page)
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return {'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': out}

def validation_epoch_end(self, outputs):
# this out is now the full size of the batch

out = outputs|['out']

# this softmax now uses the full batch size

loss = nce_loss (loss)
return {'loss': loss}
See also:

See the Multi-GPU training guide for more details.

_device = None
device reference

_dtype = None
Current dtype

current_epoch = None
The current epoch

global_step = None
Total training batches seen across all epochs

logger = None
Pointer to the logger object

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.

trainer = None
Pointer to the trainer object

use_amp = None
True if using amp

use_ddp = None
True if using ddp

use_ddp2 = None
True if using ddp2

use_dp = None
True if using dp

pytorch_lightning.core.data_loader (fn)
Decorator to make any fx with this use the lazy property.

5.8. LightningModule Class
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Warning: This decorator deprecated in v0.7.0 and it will be removed v0.9.0.
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CHAPTER
SIX

LOGGERS

Lightning supports the most popular logging frameworks (TensorBoard, Comet, Weights and Biases, etc...). To use a
logger, simply pass it into the Trainer. Lightning uses TensorBoard by default.

from pytorch_lightning import Trainer

from pytorch_lightning import loggers
tb_logger = loggers.TensorBoardLogger ('logs/")
trainer = Trainer (logger=tb_logger)

Choose from any of the others such as MLflow, Comet, Neptune, WandB, . ..

comet_logger = loggers.CometLogger (save_dir='logs/")
trainer = Trainer (logger=comet_logger)

To use multiple loggers, simply passina 1ist or tuple of loggers ...

tb_logger = loggers.TensorBoardLogger ('logs/")

comet_logger = loggers.CometLogger (save_dir='logs/")
trainer = Trainer (logger=[tb_logger, comet_logger])
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')

6.1 Custom Logger

You can implement your own logger by writing a class that inherits from LightningLoggerBase. Use the
rank_zero_only () decorator to make sure that only the first process in DDP training logs data.

from pytorch_lightning.utilities import rank_zero_only
from pytorch_lightning.loggers import LightningLoggerBase
class MyLogger (LightningLoggerBase) :

@rank_ zero_only

def log_hyperparams (self, params):
# params 1is an argparse.Namespace
# your code to record hyperparameters goes here
pass

@rank_ zero_only
def log_metrics(self, metrics, step):
# metrics is a dictionary of metric names and values

(continues on next page)
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# your code to record metrics goes here
pass

def save (self):
# Optional. Any code necessary to save logger data goes here
pass

@rank_ zero_only

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 Lighting!

6.2 Using loggers

Call the logger anywhere except __init__ in your LightningModule by doing:

from pytorch_lightning import LightningModule
class LitModel (LightningModule) :
def training_step(self, batch, batch_idx):
# example
self.logger.experiment .whatever_method_summary_writer_supports(...)

# example if logger is a tensorboard logger
self.logger.experiment .add_image ('images', grid, 0)
self.logger.experiment .add_graph (model, images)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.add_histogram(...)

Read more in the Experiment Logging use case.

6.3 Supported Loggers

The following are loggers we support

6.3.1 Comet

class pytorch_lightning.loggers.comet .CometLogger (api_key=None, save_dir=None,
workspace=None,
project_name=None,
rest_api_key=None, exper-
iment_name=None, experi-
ment_key=None, **kwargs)
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log using Comet.ml. Install it with pip:
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pip

install comet-ml

Comet requires either an API Key (online mode) or a local directory path (offline mode).

ONLINE MODE

Example

>>>
>>>
>>>
>>>
>>>

>>>

import os
from pytorch_lightning import Trainer
from pytorch_lightning.loggers import CometLogger

# arguments made to CometLogger are passed on to the comet_ml.Experiment class

comet_logger = CometLogger (
api_key=os.environ.get ('COMET_API_KEY'),

workspace=os.environ.get ('COMET_WORKSPACE'), # Optional
save_dir='."', # Optional

project_name='default_project', # Optional
rest_api_key=os.environ.get ('COMET_REST_API_KEY'"), # Optional
experiment_name='default' # Optional

)

trainer = Trainer (logger=comet_logger)

OFFLINE MODE

Example

>>> 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

* save_dir (Optional[str])— Required in offline mode. The path for the directory to
save local comet logs

* workspace (Optional[str])— Optional. Name of workspace for this user

* project_name (Optional[str]) — Optional. Send your experiment to a specific
project. Otherwise will be sent to Uncategorized Experiments. If the project name does
not already exist, Comet.ml will create a new project.

* rest_api_key (Optional[str]) — Optional. Rest API key found in Comet.ml set-
tings. This is used to determine version number

* experiment_name (Optional[str])— Optional. String representing the name for this
particular experiment on Comet.ml.

6.3. Supported Loggers
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* experiment_key (Optional[str])— Optional. If set, restores from existing experi-
ment.

finalize (status)
When calling self.experiment.end (), that experiment won’t log any more data to Comet. That’s
why, if you need to log any more data, you need to create an ExistingCometExperiment. For example,

to log data when testing your model after training, because when training is finalized Comet Logger.
finalize () is called.

This happens automatically in the experiment () property, when self._ experiment is set to
None, i.e. self.reset_experiment ().

Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters params (Union[Dict[str, Any], Namespace]) — Namespace containing
the hyperparameters

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

* step (Optionall[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 ()

Return type BaseExperiment

property name
Return the experiment name.

Return type str

property version
Return the experiment version.

Return type str
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6.3.2 MLFlow

class pytorch_lightning.loggers.mlflow.MLFlowLogger (experiment_name='default’,
tracking_uri=None, tags=None,
save_dir=None)
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log using MLflow. Install it with pip:

pip install mlflow

Example

>>> from pytorch lightning import Trainer
>>> from pytorch_ lightning.loggers import MLFlowLogger
>>> mlf_logger = MLFlowLogger (
experiment_name="default",
tracking_uri="file:./ml-runs"
)

>>> trainer = Trainer (logger=mlf_logger)

Use the logger anywhere in you LightningModule as follows:

>>> from pytorch_lightning import LightningModule
>>> class LitModel (LightningModule) :
def training_step(self, batch, batch_idx):
# example
self.logger.experiment .whatever_ml_flow_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.whatever_ml_flow_supports(...)

Parameters
* experiment_name (str)— The name of the experiment

* tracking_uri (Optional[str])— Address of local or remote tracking server. If not
provided, defaults to the service setby ml1flow.tracking.set_tracking_uri.

* tags (Optional[Dict[str, Any]]) — A dictionary tags for the experiment.

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 params (Union[Dict[str, Any], Namespace]) — Namespace containing
the hyperparameters

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.
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Parameters

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

e step (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 version
Return the experiment version.

Return type str

6.3.3 Neptune

class pytorch_lightning.loggers.neptune.NeptuneLogger (api_key=None,
project_name=None,

close_after_fit=True, of-
fline_mode=False, exper-
iment_name=None, up-
load_source_files=None,
params=None, proper-
ties=None, tags=None,
**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
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Example

>>> from pytorch_lightning import Trainer
>>> from pytorch lightning.loggers import Neptunelogger
>>> # arguments made to NeptuneLogger are passed on to the neptune.experiments.
—Experiment class
>>> # We are using an api_key for the anonymous user "neptuner" but you can use_
—your own.
>>> neptune_logger = Neptunelogger (
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

Example

>>> from pytorch lightning.loggers import Neptunelogger
>>> # arguments made to NeptuneLogger are passed on to the neptune.experiments.
—Experiment class
>>> neptune_logger = Neptunelogger (

offline_mode=True,

project_name='USER_NAME/PROJECT_NAME',

experiment_name='default', # Optional,

params={ 'max_epochs': 10}, # Optional,

tags=['pytorch-lightning', 'mlp'] # Optional,

)

>>> trainer = Trainer (max_epochs=10, logger=neptune_logger)

Use the logger anywhere in you LightningModule as follows:

>>> from pytorch lightning import LightningModule
>>> 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 (

(continues on next page)
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close_after_fit=False,

)
trainer = Trainer (logger=neptune_logger)
trainer.fit ()

# Log test metrics
trainer.test (model)

# Log additional metrics
from sklearn.metrics import accuracy_score

accuracy = accuracy_score(y_true, y_pred)
neptune_logger.experiment.log _metric('test_accuracy', accuracy)

# Log charts
from scikitplot.metrics import plot_confusion_matrix
import matplotlib.pyplot as plt

fig, ax = plt.subplots(figsize=(16, 12))
plot_confusion_matrix(y_true, y_pred, ax=ax)
neptune_logger.experiment.log_image ('confusion_matrix', fig)

# Save checkpoints folder
neptune_logger.experiment.log_artifact ('my/checkpoints’)

# When you are done, stop the experiment
neptune_logger.experiment.stop ()

See also:

* 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 Nep-
tune. Usually used for debug purposes.

* close_after_fit (Optionall[bool]) — Optional default True. If False the
experiment will not be closed after training and additional metrics, images or arti-
facts can be logged. Also, remember to close the experiment explicitly by running
neptune_logger.experiment.stop ().

* experiment_name (Optional[str])— Optional. Editable name of the experiment.
Name is displayed in the experiment’s Details (Metadata section) and in experiments view
as a column.
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* upload_source_files (Optional[List[str]])— Optional. List of source files to
be uploaded. Must be list of str or single str. Uploaded sources are displayed in the ex-
periment’s Source code tab. If None is passed, the Python file from which the experiment
was created will be uploaded. Pass an empty list ([ ]) to upload no files. Unix style path-
name pattern expansion is supported. For example, you can pass '\ .py"' to upload all
python source files from the current directory. For recursion lookup use '\x*/\x.py"
(for Python 3.5 and later). For more information see g1ob library.

* params (Optional[Dict[str, Any]]) — Optional. Parameters of the experiment. After
experiment creation params are read-only. Parameters are displayed in the experiment’s
Parameters section and each key-value pair can be viewed in the experiments view as a
column.

* properties (Optional[Dict[str, Any]]) — Optional. Default is {}. Properties of
the experiment. They are editable after the experiment is created. Properties are displayed in
the experiment’s Details section and each key-value pair can be viewed in the experiments
view as a column.

* tags (Optional[List[str]]) — Optional. Defaultis []. Must be list of str. Tags of
the experiment. They are editable after the experiment is created (see: append_tag ()
and remove_tag ()). Tags are displayed in the experiment’s Details section and can be
viewed in the experiments view as a column.

append_tags (fags)
Appends tags to the neptune experiment.

Parameters tags (Union[str, ITterable[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[stzr])— 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 params (Union[Dict[str, Any], Namespace]) — Namespace containing
the hyperparameters

Return type None

log_image (log_name, image, step=None)
Log image data in Neptune experiment
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Parameters
* log_name (str)— The name of log, i.e. bboxes, visualisations, sample_images.

* image (Union[str, Image, 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)

e step (Optionall[int])— Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

log_metric (metric_name, metric_value, step=None)
Log metrics (numeric values) in Neptune experiments.

Parameters
* metric_name (str)— The name of log, i.e. mse, loss, accuracy.
* metric_value (Union[Tensor, float, str])— The value of the log (data-point).

e step (Optional[int]) — Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

log_metrics (metrics, step=None)
Log metrics (numeric values) in Neptune experiments.

Parameters

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

e step (Optionall[int])— Step number at which the metrics should be recorded, must
be strictly increasing

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).

e step (Optional[int]) — Step number at which the metrics should be recorded, must
be strictly increasing

Return type None

set_property (key, value)
Set key-value pair as Neptune experiment property.

Parameters

* key (str)— Property key.

* 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:
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self.logger.experiment.some_neptune_function ()

Return type Experiment

property name
Return the experiment name.

Return type str

property version
Return the experiment version.

Return type str

6.3.4 Tensorboard

class pytorch_lightning.loggers.tensorboard.TensorBoardLogger (save_dir,
name='default',
version=None,
*tkwargs)
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 prein-
stalled.

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'. If it is 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.

* xxkwargs — Other arguments are passed directly to the SummaryWriter constructor.

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, metrics=None)
Record hyperparameters.
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Parameters params (Union[Dict[str, Any], Namespace]) — Namespace containing
the hyperparameters

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

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

e step (Optionallint])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual tensorboard object. To use TensorBoard features in your LightningModule do the following.

Example:

self.logger.experiment.some_tensorboard_function ()

Return type SummaryWriter

property log dir
The directory for this run’s tensorboard checkpoint. By default, it is named 'version_${self.
version} ' but it can be overridden by passing a string value for the constructor’s version parameter
instead of None or an int.

Return type str

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 version
Return the experiment version.

Return type int
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6.3.5 Test-tube

class pytorch_lightning.loggers.test_tube.TestTubelLogger (save_dir, name='default
description=None,
debug=False, ver-
sion=None, cre-
ate_git_tag=False)
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

Example

>>> from pytorch lightning import Trainer
>>> from pytorch_lightning.loggers import TestTubelogger

>>> logger = TestTubelogger ("tt_logs", name="my_exp_name'")
>>> trainer = Trainer (logger=logger)

Use the logger anywhere in your LightningModule as follows:

>>> from pytorch lightning import LightningModule
>>> class LitModel (LightningModule) :
def training_step(self, batch, batch_idx):
# example
self.logger.experiment .whatever_method_summary_writer_supports(...)

def any_lightning_module_function_or_hook (self):
self.logger.experiment.add_histogram(...)

Parameters
* save_dir (str)— Save directory
* name (str)— Experiment name. Defaults to 'default"'.
* description (Optional[str])— A short snippet about this experiment
* debug (bool) —If True, it doesn’t log anything.

* version (Optionall[int]) — Experiment version. If version is not specified the logger
inspects the save directory for existing versions, then automatically assigns the next avail-
able version.

* create_git_tag (bool)-If True creates a git tag to save the code used in this exper-
iment.

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)
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Return type None

log_hyperparams (params)
Record hyperparameters.

Parameters params (Union[Dict[str, Any], Namespace]) — Namespace containing
the hyperparameters

Return type None

log_metrics (metrics, step=None)
Records metrics. This method logs metrics as as soon as it received them. If you want to aggregate metrics
for one specific step, use the agg_and_log _metrics () method.

Parameters

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

* step (Optionall[int])— Step number at which the metrics should be recorded
Return type None

save ()
Save log data.

Return type None

property experiment
Actual TestTube object. To use TestTube features in your LightningModule do the following.

Example:

self.logger.experiment.some_test_tube_function/()

Return type Experiment

property name
Return the experiment name.

Return type str

property version
Return the experiment version.

Return type int

6.3.6 Trains

class pytorch lightning.loggers.trains.TrainsLogger (project_name=None,
task_name=None,
task_type='"training’,
reuse_last_task_id=True,
output_uri=None,
auto_connect_arg_parser=True,
auto_connect_frameworks=True,

auto_resource_monitoring=True)
Bases: pytorch _lightning.loggers.base.LightningLoggerBase

Log using allegro.ai TRAINS. Install it with pip:
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pip install trains

Example

)

>>> from pytorch_lightning import Trainer

>>> from pytorch_lightning.loggers import TrainsLogger

>>> trains_logger = TrainsLogger (
project_name='pytorch lightning',
task_name='default',
output_uri="'.",

TRAINS Task:
TRAINS results page:
>>> trainer = Trainer (logger=trains_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_trains_supports(...)

def any_lightning_module_function_or_hook (self):

self.logger.experiment .whatever_trains_supports(...)

Parameters

project_name (Optional[str])— The name of the experiment’s project. Defaults to
None.

task_name (Optional[str])— The name of the experiment. Defaults to None.
task_type (str)— The name of the experiment. Defaults to 'training’.

reuse_last_task_id (bool) — Start with the previously used task id. Defaults to
True.

output_uri (Optional[str])— Default location for output models. Defaults to None.

auto_connect_arg parser (bool) — Automatically grab the ArgumentParser
and connect it with the task. Defaults to True.

auto_connect_frameworks (bool) — If True, automatically patch to trains back-
end. Defaults to True.

auto_resource_monitoring (bool) — If True, machine vitals will be sent along
side the task scalars. Defaults to True.
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Examples

>>> logger = TrainsLogger ("pytorch lightning", "default", output_uri=".")

TRAINS Task:

TRAINS results page:

>>> logger.log_metrics({"val loss": 1.23}, step=0)

>>> logger.log_text ("sample test")

sample test

>>> import numpy as np

>>> logger.log_artifact ("confusion matrix", np.ones((2, 3)))

>>> logger.log_image ("passed", "Image 1", np.random.randint (0, 255, (200, 150, 3),

— dtype=np.uint8))

classmethod bypass_mode ()
Returns the bypass mode state.

Note: GITHUB_ACTIONS env will automatically set bypass_mode to True unless overridden specifi-
cally with TrainsLogger.set_bypass_mode (False).

Return type bool
Returns If True, all outside communication is skipped.

finalize (status=None)
Do any processing that is necessary to finalize an experiment.

Parameters status (Optional[str])— Status that the experiment finished with (e.g. suc-
cess, failed, aborted)

Return type None

log_artifact (name, artifact, metadata=None, delete_after_upload=False)
Save an artifact (file/object) in TRAINS experiment storage.

Parameters

* name (str) — Artifact name. Notice! it will override the previous artifact if the name
already exists.

e artifact (Union[str, Path, Dict[str, Any], ndarray, Image]) — Artifact ob-
ject to upload. Currently supports:

string / pathlib.Path are treated as path to artifact file to upload If a wildcard or a
folder is passed, a zip file containing the local files will be created and uploaded.

dict will be stored as .json file and uploaded

— pandas.DataFrame will be stored as .csv.gz (compressed CSV file) and uploaded
— numpy .ndarray will be stored as .npz and uploaded

— PIL.Image.Image will be stored to .png file and uploaded

* metadata (Optional[Dict[str, Any]]) — Simple key/value dictionary to store on
the artifact. Defaults to None.

* delete_after upload (bool) — If True, the local artifact will be deleted (only
applies if artifact is alocal file). Defaults to False.

Return type None
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log_hyperparams (params)
Log hyperparameters (numeric values) in TRAINS experiments.

Parameters params (Union[Dict[str, Any], Namespace]) — The hyperparameters that
passed through the model.

Return type None

log_image (title, series, image, step=None)
Log Debug image in TRAINS experiment

Parameters
e title (str)— The title of the debug image, i.e. “failed”, “passed”.
* series (str)— The series name of the debug image, i.e. “Image 0, “Image 1”.

* image (Union[str, ndarray, Image, Tensor]) — Debug image to log. If numpy .
ndarray or torch. Tensor, the image is assumed to be the following:

— shape: CHW
— color space: RGB
— value range: [0., 1.] (float) or [0, 255] (uint8)

* step (Optional[int]) — Step number at which the metrics should be recorded. De-
faults to None.

Return type None

log_metric (title, series, value, step=None)
Log metrics (numeric values) in TRAINS experiments. This method will be called by the users.

Parameters
e title (str) - The title of the graph to log, e.g. loss, accuracy.
* series (str) - The series name in the graph, e.g. classification, localization.
* value (float)— The value to log.

* step (Optional[int]) — Step number at which the metrics should be recorded. De-
faults to None.

Return type None

log_metrics (metrics, step=None)
Log metrics (numeric values) in TRAINS experiments. This method will be called by Trainer.

Parameters

* metrics (Dict[str, float])— The dictionary of the metrics. If the key contains *“/”,
it will be split by the delimiter, then the elements will be logged as “title” and “series”
respectively.

* step (Optional[int]) — Step number at which the metrics should be recorded. De-
faults to None.

Return type None

log_text (text)
Log console text data in TRAINS experiment.

Parameters text (str)— The value of the log (data-point).

Return type None
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classmethod set_bypass_mode (bypass)
Will bypass all outside communication, and will drop all logs. Should only be used in “standalone mode”,
when there is no access to the trains-server.

Parameters bypass (bool) —If True, all outside communication is skipped.
Return type None

classmethod set_credentials (api_host=None, web_host=None, files_host=None, key=None,

secret=None)
Set new default TRAINS-server host and credentials. These configurations could be overridden by either

OS environment variables or trains.conf configuration file.

Note: Credentials need to be set prior to Logger initialization.

Parameters

* api_host (Optional[str]) — Trains API server url, example: host="'http://
localhost:8008"

* web_host (Optional[str]) — Trains WEB server url, example: host="'http://
localhost:8080"

* files_host (Optional[str])— Trains Files server url, example: host="http:/
/localhost:8081"

* key (Optional[str]) — user key/secret pair, example: key="thisisakeyl23"

* secret (Optionallstr]) - user key/secret pair, example:
secret="'thisisseceretl23'

Return type None

property experiment
Actual TRAINS object. To use TRAINS features in your LightningModule do the following.

Example:

self.logger.experiment.some_trains_function ()

Return type Task

property id
ID is a uuid (string) representing this specific experiment in the entire system.

Return type Optional[str]

property name
Name is a human readable non-unique name (str) of the experiment.

Return type Optional[str]

property version
Return the experiment version.

Return type Optional[str]
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CHAPTER
SEVEN

METRICS

This is a general package for PyTorch Metrics. These can also be used with regular non-lightning PyTorch code.
Metrics are used to monitor model performance.

In this package we provide two major pieces of functionality.

1. A Metric class you can use to implement metrics with built-in distributed (ddp) support which are device agnos-
tic.

2. A collection of ready to use pupular metrics. There are two types of metrics: Class metrics and Functional
metrics.

3. A interface to call sklearns metrics

Example:

from pytorch_lightning.metrics.functional import accuracy

pred = torch.tensor ([0, 1, 2, 31)
target = torch.tensor ([0, 1, 2, 21])

# calculates accuracy across all GPUs and all Nodes used in training
accuracy (pred, target)

Warning: The metrics package is still in development! If we’re missing a metric or you find a mistake, please
send a PR! to a few metrics. Please feel free to create an issue/PR if you have a proposed metric or have found a
bug.

7.1 Implement a metric

You can implement metrics as either a PyTorch metric or a Numpy metric (It is recommend to use PyTorch metrics
when possible, since Numpy metrics slow down training).

Use TensorMetric to implement native PyTorch metrics. This class handles automated DDP syncing and converts
all inputs and outputs to tensors.

Use NumpyMet ric to implement numpy metrics. This class handles automated DDP syncing and converts all inputs
and outputs to tensors.
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Warning: Numpy metrics might slow down your training substantially, since every metric computation requires
a GPU sync to convert tensors to numpy.

7.1.1 TensorMetric

Here’s an example showing how to implement a TensorMetric

class RMSE (TensorMetric) :
def forward(self, x, vy):
return torch.sqgrt (torch.mean (torch.pow(x-y, 2.0)))

class pytorch_lightning.metrics.metric.TensorMetric (name, reduce_group=None, re-

duce_op=None)
Bases: pytorch_lightning.metrics.metric.Metric

Base class for metric implementation operating directly on tensors. All inputs and outputs will be casted to
tensors if necessary. Already handles DDP sync and input/output conversions.

Parameters
b b
* name (st r) — the metric’s name

* reduce_group (Optional[Any]) — the process group for DDP reduces (only needed
for DDP training). Defaults to all processes (world)

* reduce_op (Optional[Any]) — the operation to perform during reduction within DDP
(only needed for DDP training). Defaults to sum.

__call__ (*args, **kwargs)
Call self as a function.

Return type Tensor

7.1.2 NumpyMetric

Here’s an example showing how to implement a NumpyMetric

class RMSE (NumpyMetric) :
def forward(self, x, vy):
return np.sqgrt (np.mean (np.power (x-y, 2.0)))

class pytorch_lightning.metrics.metric.NumpyMetric (name, reduce_group=None, re-

duce_op=None)
Bases: pytorch lightning.metrics.metric.Metric

Base class for metric implementation operating on numpy arrays. All inputs will be casted to numpy if necessary
and all outputs will be casted to tensors if necessary. Already handles DDP sync and input/output conversions.

Parameters
* name (st r) — the metric’s name

* reduce_group (Optional[Any]) — the process group for DDP reduces (only needed
for DDP training). Defaults to all processes (world)
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* reduce_op (Optional[Any]) — the operation to perform during reduction within DDP
(only needed for DDP training). Defaults to sum.

__call__ (*args, **kwargs)
Call self as a function.

Return type Tensor

7.2 Class Metrics

Class metrics can be instantiated as part of a module definition (even with just plain PyTorch).

from pytorch_lightning.metrics import Accuracy

# Plain PyTorch
class MyModule (Module) :
def _ init_ (self):
super () .__init__ ()
self.metric = Accuracy ()

def forward(self, x, y):
y_hat =
acc = self.metric(y_hat, vy)

# PyTorch Lightning
class MyModule (LightningModule) :
def _ init__ (self):
super () .__init__ ()
self.metric = Accuracy ()

def training_step(self, batch, batch_idx):

x, y = batch
y_hat =
acc = self.metric(y_hat, vy)

These metrics even work when using distributed training:

model = MyModule ()
trainer = Trainer (gpus=8, num_nodes=2)

# any metric automatically reduces across GPUs (even the ones you implement using,_

—Lightning)
trainer.fit (model)

7.2.1 Accuracy

class pytorch_lightning.metrics.classification.Accuracy (num_classes=None, reduc-

Bases: pytorch lightning.metrics.metric.TensorMetric

Computes the accuracy classification score

tion="elementwise_mean’',
reduce_group=None,
reduce_op=None)

7.2. Class Metrics
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Example

>>>
>>>
>>>
>>>

pred = torch.tensor ([0, 1, 2, 31)
target = torch.tensor ([0, 1, 2, 21])
metric = Accuracy ()

metric(pred, target)

tensor (0.7500)

Parameters
e num_classes (Optional[int])— number of classes

* reduction (str)-—amethod for reducing accuracies over labels (default: takes the mean)
Available reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target)

Actual metric computation
Parameters
* pred (Tensor) — predicted labels
* target (Tensor) — ground truth labels
Return type Tensor

Returns A Tensor with the classification score.

7.2.2 AveragePrecision

class pytorch_lightning.metrics.classification.AveragePrecision (pos_label=1,

re-
duce_group=None,
re-
duce_op=None)

Bases: pytorch_lightning.metrics.metric.TensorMetric

Computes the average precision score

Example

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

>>>

metric(pred, target)

tensor (0.3333)

Parameters

* pos_label (int) — positive label indicator
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* reduce_group (Optionall[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target, sample_weight=None)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — groundtruth labels

* sample_weight (Optional[Sequence])— the weights per sample
Returns classification score

Return type torch.Tensor

7.2.3 AUROC

class pytorch_lightning.metrics.classification.AUROC (pos_label=1, re-
duce_group=None, re-

duce_op=None)
Bases: pytorch lightning.metrics.metric.TensorMetric

Computes the area under curve (AUC) of the receiver operator characteristic (ROC)

Example

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

>>> metric(pred, target)

tensor (0.3333)

Parameters
* pos_1label (int) — positive label indicator

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any])— the operation to perform for ddp reduction

forward (pred, target, sample_weight=None)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

e target (Tensor) — groundtruth labels

* sample_weight (Optional[Sequence])— the weights per sample
Returns classification score

Return type torch.Tensor
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7.2.4 ConfusionMatrix

class pytorch_lightning.metrics.classification.ConfusionMatrix (normalize=False,
re-
duce_group=None,
re-

duce_op=None)
Bases: pytorch_lightning.metrics.metric.TensorMetric

Computes the confusion matrix C where each entry C_{i,j} is the number of observations in group i that were

predicted in group j.
Example
>>> pred = torch.tensor ([0, 1, 2, 21])
>>> target = torch.tensor ([0, 1, 2, 2])
>>> metric = ConfusionMatrix ()
>>> metric(pred, target)
tensor([[1., 0., 0.7,
(0., 1., 0.7,
(0., 0., 2.11)
Parameters

* normalize (bool)— whether to compute a normalized confusion matrix

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — ground truth labels
Return type Tensor

Returns A Tensor with the confusion matrix.

7.2.5 DiceCoefficient

class pytorch_lightning.metrics.classification.DiceCoefficient (include_background=False,
nan_score=0.0,
no_fg_score=0.0,
reduc-
tion="elementwise_mean’,
re-
duce_group=None,
re-
duce_op=None)

Bases: pytorch_lightning.metrics.metric.TensorMetric

Computes the dice coefficient
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Example

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

ce [0.05, 0.05, 0.05, 0.8511)

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

>>> metric = DiceCoefficient ()

>>> metric(pred, target)

tensor (0.3333)

Parameters
* include_background (bool) — whether to also compute dice for the background
* nan_score (float)—score to return, if a NaN occurs during computation (denom zero)
* no_fg_ score (float) - score to return, if no foreground pixel was found in target

* reduction (st r)—amethod for reducing accuracies over labels (default: takes the mean)
Auvailable reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any])— the operation to perform for ddp reduction

forward (pred, target)
Actual metric computation

Parameters
* pred (Tensor) — predicted probability for each label
e target (Tensor) — groundtruth labels

Returns the calculated dice coefficient

Return type torch.Tensor

7.2.6 F1

class pytorch_lightning.metrics.classification.F1 (num_classes=None, reduc-
tion="elementwise_mean’,
reduce_group=None, re-

duce_op=None)
Bases: pytorch lightning.metrics.metric.TensorMetric

Computes the F1 score, which is the harmonic mean of the precision and recall. It ranges between 1 and 0,
where 1 is perfect and the worst value is 0.
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Example

>>> pred = torch.tensor ([0, 1, 2, 31)
>>> target = torch.tensor ([0, 1, 2, 21)
>>> metric = F1()

>>> metric(pred, target)
tensor (0.6667)

Parameters
e num_classes (Optional[int])— number of classes

* reduction (str)-—amethod for reducing accuracies over labels (default: takes the mean)
Available reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — groundtruth labels
Returns classification score

Return type torch.Tensor

7.2.7 FBeta

class pytorch_lightning.metrics.classification.FBeta (beta, num_classes=None, re-
duction="'elementwise_mean',
reduce_group=None, re-

duce_op=None)
Bases: pytorch_lightning.metrics.metric.TensorMetric

Computes the FBeta Score, which is the weighted harmonic mean of precision and recall. It ranges
tween 1 and 0, where 1 is perfect and the worst value is 0.

Example

>>> pred = torch.tensor ([0, 1, 2, 31])
>>> target = torch.tensor ([0, 1, 2, 2])
>>> metric = FBeta(0.25)

>>> metric(pred, target)

tensor (0.7361)

Parameters
* beta (float) — determines the weight of recall in the combined score.

* num_classes (Optional[int])— number of classes
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* reduction (st r)—amethod for reducing accuracies over labels (default: takes the mean)
Available reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for DDP reduction

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — groundtruth labels
Returns classification score

Return type torch.Tensor

7.2.8 PrecisionRecall

class pytorch_lightning.metrics.classification.PrecisionRecall (pos_label=1, re-
duce_group=None,
re-
duce_op=None)
Bases: pytorch _lightning.metrics.metric.TensorCollectionMetric

Computes the precision recall curve

Example

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

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

>>> metric = PrecisionRecall ()

>>> prec, recall, thr = metric(pred, target)
>>> prec

tensor ([0.3333, 0.0000, 0.0000, 1.00007)

>>> recall

tensor([1., 0., 0., 0.])

>>> thr
tensor([1., 2., 3.])
Parameters

* pos_1label (int) — positive label indicator

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target, sample_weight=None)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels
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* target (Tensor) — groundtruth labels

* sample_weight (Optional[Sequence]) — the weights per sample
Return type Tuple[Tensor, Tensor, Tensor]
Returns

* precision values

* recall values

¢ threshold values

7.2.9 Precision

class pytorch_lightning.metrics.classification.Precision (num_classes=None,
reduc-
tion="elementwise_mean',
reduce_group=None, re-
duce_op=None)
Bases: pytorch lightning.metrics.metric.TensorMetric

Computes the precision score

Example

>>> pred = torch.tensor ([0, 1, 2, 31)
>>> target = torch.tensor ([0, 1, 2, 2])
>>> metric = Precision(num_classes=4)
>>> metric(pred, target)

tensor (0.7500)

Parameters
e num_classes (Optional[int])— number of classes

* reduction (st r)—amethod for reducing accuracies over labels (default: takes the mean)
Auvailable reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any])— the operation to perform for ddp reduction

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — ground truth labels
Return type Tensor

Returns A Tensor with the classification score.
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7.2.10 Recall

class pytorch_lightning.metrics.classification.Recall (num_classes=None, reduc-
tion="elementwise_mean’',
reduce_group=None, re-

duce_op=None)
Bases: pytorch _lightning.metrics.metric.TensorMetric

Computes the recall score

Example

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

>>> metric(pred, target)

tensor (0.6250)

Parameters
e num_classes (Optional[int])— number of classes

* reduction (st r)—amethod for reducing accuracies over labels (default: takes the mean)
Available reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — ground truth labels
Return type Tensor

Returns A Tensor with the classification score.

7.2.11 ROC

class pytorch_lightning.metrics.classification.ROC (pos_label=1, re-
duce_group=None, re-
duce_op=None)
Bases: pytorch lightning.metrics.metric.TensorCollectionMetric

Computes the Receiver Operator Characteristic (ROC)
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Example
>>> pred = torch.tensor ([0, 1, 2, 31)
>>> target = torch.tensor ([0, 1, 2, 21)

>>> metric = ROC ()

>>> fps, tps, thresholds = metric(pred, target)
>>> fps

tensor ([0.0000, 0.3333, 0.6667, 0.6667, 1.0000])
>>> tps

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

>>> thresholds

tensor([4., 3., 2., 1., 0.])

Parameters
* pos_1label (int) - positive label indicator

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target, sample_weight=None)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — groundtruth labels

* sample_weight (Optional[Sequence])— the weights per sample
Return type Tuple[Tensor, Tensor, Tensor]
Returns

* false positive rate

* true positive rate

e thresholds

7.2.12 MAE

class pytorch_lightning.metrics.regression.MAE (reduction="elementwise_mean')
Bases: pytorch lightning.metrics.metric.Metric

Computes the root mean absolute loss or L1-loss.

Parameters reduction (str)—a method for reducing mse over labels (default: takes the mean)
Available reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements
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Example
>>> pred = torch.tensor([0., 1, 2, 3])
>>> target = torch.tensor([0., 1, 2, 2])

>>> metric = MAE ()
>>> metric(pred, target)
tensor (0.2500)

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — ground truth labels
Return type Tensor

Returns A Tensor with the mae loss.

7.2.13 MSE

class pytorch_lightning.metrics.regression.MSE (reduction="elementwise_mean')
Bases: pytorch lightning.metrics.metric.Metric

Computes the mean squared loss.

Parameters reduction (str)— a method for reducing mse over labels (default: takes the mean)
Available reduction methods: - elementwise_mean: takes the mean - none: pass array - sum:
add elements

Example

>>> pred = torch.tensor([0., 1, 2, 3])
>>> target = torch.tensor([0., 1, 2, 21)
>>> metric = MSE ()

>>> metric(pred, target)

tensor (0.2500)

forward (pred, target)
Actual metric computation

Parameters

* pred (Tensor) — predicted labels

* target (Tensor) — ground truth labels
Return type Tensor

Returns A Tensor with the mse loss.
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7.2.14 MulticlassROC

class pytorch_lightning.metrics.classification.MulticlassROC (num_classes=None,
re-
duce_group=None,

reduce_op=None)
Bases: pytorch _lightning.metrics.metric.TensorCollectionMetric

Computes the multiclass ROC

Example

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

([
[0.05, 0.85, 0.05, 0.0571,
[0.05, 0.05, 0.85, 0.0571,
C [0.05, 0.05, 0.05, 0.8511)
>>> target = torch.tensor ([0, 1, 3, 2])
>>> metric = MulticlassROC ()
>>> classes_roc = metric(pred, target)
>>> metric(pred, target)
((tensor([0., 0., 1.]), tensor([0O., 1., 1.]), tensor([1.8500, 0.8500, 0.0500])),

(
(tensor([0., 0., 1.1), tensor([0., 1., 1.]), tensor([1.8500, 0.8500, 0.05001])),
(tensor ([0.0000, 0.3333, 1.00001), tensor([0., 0., 1.]), tensor([1.8500, 0.8500,

—~0.05001)),
(tensor ([0.0000, 0.3333, 1.0000]), tensor([0., O., 1.]), tensor([1.8500, 0.8500,
<+0.05001)))

Parameters

e num_classes (Optional[int])— number of classes

* reduction —amethod for reducing accuracies over labels (default: takes the mean) Avail-
able reduction methods: - elementwise_mean: takes the mean - none: pass array - sum: add
elements

* reduce_group (Optional[Any]) — the process group to reduce metric results from
DDP

* reduce_op (Optional[Any]) — the operation to perform for ddp reduction

forward (pred, target, sample_weight=None)
Actual metric computation

Parameters
* pred (Tensor) — predicted probability for each label
* target (Tensor) — groundtruth labels

* sample_weight (Optional[Sequence]) — Weights for each sample defining the
sample’s impact on the score

Returns A tuple consisting of one tuple per class, holding false positive rate, true positive rate
and thresholds

Return type tuple
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