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Data — ImageNet

Classification (1000 classes)

Dataset:
Train dataset: 1.2 M labeled images
Validation dataset: 50,000 labeled images
https://www.image-net.org/
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https://www.image-net.org/

ImageNet — ResNet-
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Training Loop — DatalL.oader

Dataset
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Training Loop

Model
Model, distribution, optimizer... Ilatalnall_er _
Data Preprocessing, data augmentation,
batching...
Forward - -
Training

Loss / Criterion

Steps

Mixed precision, distribution...

Epochs

Backward / Optimizer

Validation

Checkpoint & report Save




Training step — GPU acceleration

Dataloader Training

Preprocessing, batching... Mixed precision, distribution, metrics...
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Validation step — GPU acceleration

Dataloader

Preprocessing, batching...
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dlojz.py — Import & run

inport os Imports: os, argparse, PyTorch, torchvision...

import contextlib

import argparse

import torchvision

import torchvision.transforms as transforms

import torchvision.models as models . 0:0
from torch.utils.checkpoint import checkpoint_sequential Py-l—orCh ” NumPy
import torch ”

import numpy as np
import apex

import idr torch

from dlojz_chrono import Chronometer

from torchmetrics.aggregation import MeanMetric

from torchmetrics.classification import MulticlassAccuracy

F— Chronometer (DLO-JZ)

random.seed(123)

np.random.seed(123)

torch.nanual seed(123)  reproducibility Time logging & in-house
profiler

if _name_ == "'_main_ ':

—_ idr_torch (Jean Zay)

if idr torch.rank == 0:

trairp::';nt(">>> Training on ", len(idr_torch.hostnames), " nodes and ", idr_torch.size, " processes") Dlstrlbutlon helpers: rank, Slze’
nodes




dlojz.py — Argument parser

#

## import ...

R T TR R

## Add here the libraries to import

VAL_BATCH_SIZE=256

def train():

#

parser
parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

parser.

e o o

## Add

args =

= argparse.ArgumentParser()

add_argument('-b', '--batch-size', default=128, type =int,
help='batch size per GPU')

add_argument('-e','--epochs', default=1, type=int,
help='number of total epochs to run')

add_argument('--image-size', default=224, type=int,

help='Image size')
add_argument('--1r', default=0.1, type=float,
help='learning rate')
add_argument('--wd', default=0., type=float,
help='weight decay')
add_argument('--mom', default=0.9, type=float,
help="momentum')
add_argument('--test', default=False, action='store_true',
help='Test 50 iterations')
add_argument('--test-nsteps', default='50', type=int,
help='the number of steps in test mode')
add argument('--num-workers', default=10, type=int,
help='num workers in dataloader')
add_argument('--persistent-workers', default=True, action=argparse.BooleanOptionalAction
help='activate persistent workers in dataloader')
add_argument('--pin-memory', default=True, action=argparse.BooleanOptionalAction,
help='activate pin memory option in dataloader’)
add_argument('--non-blocking', default=True, action=argparse.BooleanOptionalAction
help='activate asynchronuous GPU transfer')
add_argument('--prefetch-factor', default=3, type=int,
help='prefectch factor in dataloader')
add_argument('--drop-last', default=False, action=argparse.BooleanOptionalAction,
help='activate drop_last option in dataloader')

S o o o o o o g O o

## DON'T MODIFY HHRBRBAH

A e o o A R

parser arguments

parser.parse_args()

A o S o o o R

R REBRERERBREE R R R R RS R RN R

ok

Configurable arguments:

—-—batch-size : batch size per GPU
—-—epochs : number of epochs
-—image-size : image size

Optimizer:

-—1r : learning rate
weight decay
momentum

--wd :
——mom :

Test mode:

——test : test mode
-—test-nsteps : number of steps in
test mode

DatalLoader optimization:
——num-workers
—-—-persistent-workers
——pin-memory
——non-blocking
——prefetch-factor

——drop-last
11



dlojz.py — Instantiation

## chronometer initialisation
chrono = Chronometer()

# define model
model = models.resnet152()
archi_model = 'Resnet-152"'

if idr_torch.rank == 0: print(f'model: {archi_model}")

if idr_torch.rank == ©: print('number of parameters: {}'.format(sum([p.numel()
for p in model.parameters()])))

# distribute batch size (mini-batch)

num_replica = idr_torch.size

mini_batch_size = args.batch_size

global_batch_size = mini_batch_size * num_replica

if idr _torch.rank == @:
print(f'global batch size: {gleobal batch size} - mini batch size: {mini batch size}')

# define loss function (criterion) and optimizer
criterion = torch.nn.CrosseEntropyLoss(label_smoothing=0.1)
optimizer = torch.optim.SGD(model.parameters(), args.lr, momentum=args.mom, weight decay=args.wd)

if idr_torch.rank == 0: print(f'Optimizer: {optimizer}')

# define metrics
train_metric = {}

train_metric['loss'] = MeanMetric()

train_metric['acc’] = MulticlassAccuracy(num classes=1000, average='micro')
val_metric = {}

val_metric['loss'] = MeanMetric(})

val_metricl'acc'] = MulticlassAccuracy(num_classes=1000, average='micro')

#LR scheduler to accelerate the training time
scheduler = torch.optim.1lr_scheduler.0OneCycleLR(optimizer, max_lr=args.lr,
steps_per_epoch=N_batch, epochs=args.epochs)

Chronometer

l I 9 Model: ResNet-152
mini batch size<:>global batch size

8 CrossEntropyLoss

c=>

/ LR scheduler

12



dlojz.py — DatalLoader

##  DATALOADER ####asasaass
# Define a transform to pre-process the training images.

if idr torch.rank == 0: print(f"DATALOADER {args.num workers} {args.persistent workers} {args.pin memory} Traln dataset:
transform = transforms.Compose([
transforms.RandomResizedCrop(args.image_size), # Random resize - Data Augmentation
transforms.RandomHorizontalFlip(), # Horizontal Flip - Data Augmentation
transforms.ToTensor(), # convert the PIL Image to a tensor H
transforms.Normalize(mean=(0.485, 0.456, 0.406), RandomReSlzedcrop
std(6.220, 6,224, 8:225)) RandomHorizontalFlip

1) .
+ Normalize

train_dataset = torchvision.datasets.ImageNet(root=os.environ['ALL CCFRSCRATCH']+'/imagenet',
transform=transform)

train_loader = torch.utils.data.Dataloader (dataset=train_dataset, ‘ "‘ ' Sthﬂlng

batch_size=mini_batch_size,
shuffle=True,
num_workers=args.num workers,

persistent workers=args.persistent workers,

pin_memory=args.pin_memory, Dataloader Spawn I]a":l]
prefetch_factor=args.prefetch factor, - —
drop_last=args.drop_last) Optimization

val_transform = transforms.Compose([
transforms.Resize((256, 256)), 1 1 .
transforms.CenterCrop(224), Valldatlon dataset.
transforms.ToTensor (), # convert the PIL Image to a tensor

transforms.Normalize(mean=(0.485, 0.456, 0.406),
std=(0.229, 0.224, 0.225})])

Resize
val dataset = torchvision.datasets.ImageNet(root=os.environ['ALL CCFRSCRATCH']+'/imagenet', split='val',
transform=val_transform) CenterCrop
+ Normalize

val_loader = torch.utils.data.Dataloader(dataset=val_dataset,
batch size=VAL BATCH SIZE,

shuffle=False,

num_workers=args.num_workers,

persistent_workers=args.persistent_workers, H
pin_memory=args.pin_memory, N o Sh Ufﬂ | ng

prefetch factor=args.prefetch factor,
drop_last=args.drop_last)

N batch = len(train loader) DataLoader SPawn hatch
|_batc en rain loader

N val batch = len{val loader) .. .
N val = len(val dataset) optimization




dlojz.py — Training

chrono.start()

##34% TRAINING ###8##REEHBE
for epoch in range(args.epochs):

if args.test: chrono.next_iter()
if idr_torch.rank == 0: chrono.tac_time(clear=True)

for i, (images, labels) in enumerate(train_loader)
csteps = 1 + 1 + epoch * N_batch
if args.test and csteps > args.test nsteps: break
if i == @ and idr_torch.rank == @:
print(f'image batch shape : {images.size()}')
if args.test: chrono.forward()
optimizer.zero _grad()
outputs = model(images)
loss = criterion(outputs, labels)

if args.test: chrono.backward()

loss.backward()
optimizer.step()

# Metric mesurement

train_metric('loss'].update(loss)
train_metric['acc'].update(outputs, labels)

if args.test: chrono.update()
if ((1i + 1) % (N_batch//10) == 0 or i == N_batch - 1)

train_loss, accuracy = train_metric['loss'].compute(), train_metricl'acc'].compute()
train_metric['loss'].reset(), train_metric['acc'l.reset()

if idr_torch.rank ==
print('Epoch [{}/{}], Step [{}/{}], Time: {:.3f}, Loss: {:.4f}, Acc:{:.4f}'.format(
epoch + 1, args.epochs, i+l, N_batch,
chrono.tac_time(), train_loss, accuracy))

# scheduler update
scheduler.step()

C) For each epoch
7 ™\

For each batch

N / test mode: 50 steps

optimizer.zero grad()
model (images) . %

outputs =
loss = criterion(outputs, labels) Dataset Batches
loss.backward() Vf
optimizer.step()

Backward Gradients

N

c=>

—

Erreur de
Forward prédiction

E

&

Optimiseur

s 8 e
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Accumulate metrics (loss, accuracy)
Compute and print them 10x per epoch

LR scheduler step (every
- batch)
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dlojz.py — Validation

After each epoch

(or at the end of test mode)
#i4# VALIDATION ##as#a48iis
if ({i == N_batch - 1) or (args.test and i==args.test _nsteps-1)) :

chrono.validation()

= model.eval () / ' For each validation batch
’ i for iv, (val images, val labels) in enumerate(val loader): \ / (test mode: 20 Steps)

# Runs the forward pass with no grad mode.
with torch.no_grad():
val_outputs = model(val_images)
val_loss = criterion(val_outputs, val_labels)

# Runs the forward pass with no grad mode.
with torch.no_grad():

val_outputs = model(val_images)
val metric('acc'].update(val outputs, val labels) loss = criterion(val_outputs, val_labels)

val_metricl'loss'].update(val_loss)

if args.test and iv >= 20: break

—p
val_loss, val_accuracy = val_metric('loss'].compute(), val_metric['acc'].compute() . g E

val_metric['loss'].reset(), val_metricl('acc'].reset()
o = Erreur de

Dataset Batches Forward prédiction

model.train()
chrono.validation()
if not args.test and idr_torch.rank ==

print(‘##EVALUATION STEP##') ‘
print('Epoch [{}/{}], validation Loss: {:.4f}, Validation Accuracy: {:.4f}'.format( H

epoch + 1, args.epochs, val_loss, val_accuracy)) w ACCUmuIate metrlcs (IOSS’
print(">>> Validation complete in: " + str(chrono.val_time)) aCCUracy)

###E END OF VALIDATION ###i###a#444




dlojz.py — Checkpoint & Report

chrono.stop()
if idr_torch.rank == 0:
chrono.display()
print(">>> Number of batch per epoch: {}".format(N batch))
print(f'Max Memory Allocated {torch.cuda.max memory allocated()} Bytes')

Report: timings + max GPU
# Save last checkpoint
if not args.test /and idr torch.rank == 0: memory

checkpoint_path = f"checkpoints/{os.environ['SLURM JOBID']} {global_batch_size}.pt"
torch.save(model.state dict(), checkpoint path)
print(“"Last epoch checkpointed to " + checkpoint_path)

Checkpoint saved at the end of training (not in test mode)

\ Trained model weights

16




TPO: Set up your environment
@ e Open a terminal and clone the repository

local:~$ ssh jean-zay

jz:~% cd $WORK
jz:~$ git clone https://github.com/idriscnrs/dlojz_tp/

e Open Firefox
e (o to jupyterhub.idris.fr

20



TPO: JupyterHub

e Log in with your

JupyterLab instance will be launched on a Jean Zay frontal node. Globally, the resources are limited to one CPU and

H 5 GB of memory for each user.
training account
Time (--time) (in hours) Notebook directory (--ServerApp.notebook_dir)
8 /gpfswork/idris/for/cfor032
() Ad d a hew in Sta nce Root directory of the JupyterLab file explorer is also set to this
path

List of Jupyterl_ab instances EnVironment Variables (One pel' Iine)

Every user may have 10 JupyterLab server(s) with names. This allows the |
WHOAMI=JUPYTERHUB

Add New JupyterLab Instance

Instance name URL Node type Yy

Custom environment variables can be defined here. Subshells are
not supported

e Select the spawner
‘Interactive’

Interactive SLURM

e Fill in the configuration

21

e Start



TPO: Notebook

@

Open the notebook DLO-JZ Jour1.ipynb

Select the kernel pytorch-gpu/py3/2.8.0 (top right)
if it is not detected

Choose a pseudonym

Submit a first job

Explore the reference script and its options

22



