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Generalization

Learning from exercise
with a teacher to guide us
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Applying what we learn to
the real world
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Gender
Height
< Complex
Eye color System
Fingers length
Weight
Height Simple
Weight System
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Uncertain
predictions

Better

predictions
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Diabetes risk
prediction system




Balance the classes
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Undersampling Oversampling
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Data augmentation

Synthetic Minority
Oversampling Technique

transform = transforms.Compose |
transforms.RandomHorizontalFlip

transforms.RandomRotation/ 10

’

transforms.RandomR dCrop( 22

transforms.ToTensor

transforms.Normalize(mean=[@
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Original Image

De-texturized

De-colorized

Edge Enhanced

Salient Edge Map

Flip/Rotate
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Data splitting

Training Test

Ilterate from
here !

Train set
(70 %)

Validation set
(15 %)

(((

Test set
(15 %)

N epochs

=SS

Training

=SS

Validation

C Update model

Train

" evaluation

Validation

~ evaluation

=SS

«Final» model
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Dataset improvement
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On a dataset scale :
— Split your dataset (train, test, val)
— Manage your misproportions and
irregularities
— Use data augmentation to have more
diversity
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Data improvement
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On a per data scale :
— Scale features
— Clean bad data

— Select features
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Difficulties to converge

Gradient Descent

2024-2025

Start :
Random Initialization
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loss

Expectation

Test loss = Train loss

100 200

iterations
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Reality
é Test loss
: Generalization issue
y Train loss
Train loss
loea Slow convergence

I 1 | | | I

100 200 iterations

Convergence
toward a local
minimum

loss

100 200 iterations




Residual connections
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Forward

‘ Gradient / Backward

Residual Block “{“1]]“‘

f Initaal Deep
Layers Layers

Vanishing Gradient issue
without skip connections

No Vanishing Gradient issue
with skip connections

‘\.

2024-2025 DL Course - Training Neural Networks




Model parameters initialization
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« Xavier Initialization
The Blessing of Dimensionality : : Un'fomlﬂ
* norma
« Kaiming Initialization
« uniform
* normal

NEARBY PATHS
T0 CONVERGENCE

, By default in PyTorch:
a2 P & | « Best initialization algorithm
wnitinondy’ | 7 Ry vescen § T s -‘ depending on the type of layer
3 :}ww f ' - (linear, convolutional,
& | transform, ...).
; « Today, it is no longer necessary
to try to optimize the initialization.

FINDING A MINIMA BECOMES A “LOCAL" CHALLENGE
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Normalization
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Normalization improves both the speed and stability of deep learning models, making training more efficient and robust

Batch Norm Layer Norm Instance Norm
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Batch Normalization

Input: = : N x D
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Lij =
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N
i Z Per-channel mean,
N <~ shape is D

N
1 2

Per-channel var

— a’/' )
N z_: Ly shape is D
Tij — H;

Normalized x,

\/ I g Shape is N x D




Batch Normalization
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1 N
Input: x: N X D L — r. . Per-channel mean,
H N Z ") shapeis D
Learnable scale and 1 X
hift ¢ _ T2 e Z(w — U )2 Per-channel var,
sSni parame ers. 7 N — 2, J shape is D
N Z:
Y, b D .
Ti; = aY . Normalized x,
\/ 4 & Shape is N x D
Yijg = Vidij+Bj oo

Shapeis N x D
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Batch Normalization
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FC Usually inserted after Fully
. Connected or Convolutional layers,
! and before nonlinearity.

tanh

'

FC

v
BN (k) — zF) — E[x(k)]

v
o v/ Var[z(F)]
:
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Batch Normalization for CNNs
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Batch Normalization for

Batch Normalization for convolutional networks

fully-connected networks (Spatial Batchnorm, BatchNorm2D)
x° N x D X: NXxXCxHXW
Normalize l Normalize l l l
H,0: 1 x D H,0: 1xCx1lxl
¥,B: 1 x D ¥,B: 1xCxlxl

y = yY(x-u)/o+p y = y(x-u)/o+B
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Layer Normalization for fully-
connected networks

Same behavior at train and test!
Can be used in recurrent networks

Layer Normalization

Batch Normalization for
fully-connected networks

X: N x D X: N x D

Normalize Normalize
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Instance Normalization
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Batch Normalization for Instance Normalization for
convolutional networks convolutional networks
Same behavior at train / test!

X: NxXCxHxW X: NxXCxHxW
Normalize l l l Normalize l l

U,0: 1xCx1lxl U,0: NxCx1lxl
¥/B: 1xCx1lxl v,P: 1xCx1x1

y = y(x-u)/o+p vy = y(x-u)/o+p
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Learning rate decay
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Compare Learning Rate Curves Generated from Different Schedulers Comparing Model Accuracy
05 1 = Constant LR
~ Time-based Decay .
\ —— Step-based Decay 270 | ‘
- Exponential Decay
—_|inear Decay N\
ad “\ M
065 -
¥
g 037 \ g J
o \ -
\ 2
— s
g - {
L > 080 g
3 021 g '
g |
\ 053
01 1 \ ’
— Constant i
Time -dased
—— Step decay
00 1 - 050 { — Exponential decay
T T T T Y T 6 i ” é 80 100
0 20 0 — &0 80 100 i
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Learning rate scheduler
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Problem: Early iterations have too much effect on the model (large loss, high gradients,
bias, ...),
high learning rate can cause high instability or divergence

LR Scheduler Goal: gradually increase the learning rate to avoid the risk of
divergence at the start of learning

Learning
Rate

01 4—----mmmm- .

Wam up sl

0.5 1 2 3 Epochs
untrusted gradients
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Learning rate
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Cyclical Learning Rates for Training Neural Networks - Leslie N. Smith 2017

il Parameters :
— Step_size : x *epoch(2 < x < 10)
—t— — Base_Ir = > min convergence value
Max Ir — max_Ir => max value before divergence
Succesions of warmups
and learning rate decays
Min Ir
#
Step size
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Learning rate
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05 Single Model o 95 Snapshot Ensemble

04 Standard LR Schedule [\ 04~ Cyclic LR Schedule - ///\
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SNAPSHOT ENSEMBLES: TRAIN 1, GET M FOR FREE

Gao Huang, Yixuan Li, Geoff Pleiss
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One cycle learning rate

Cifar10, Resnet-56
| I |

92.4%
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91.2%

=] k=035

= LR 1-3

1

N

Iteration
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Learning rate
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StepLR ConstantLR PolynomialLR (Power 1) CosineAnnealingLR CyclicLR (triangular) OneCycleLR
0.0010 noT 0.0010 rmm 0.0010 0.0010 0.0010 | 0.0010 1
0.0008 0.0008 0.0008 0.0008 4 0.0008 0.0008
Q .1 QV Q o @
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’
0.0000 0.0000 +-——vr R v R 0.0000 $+—r¥ - . 0.0000 0.0000 +-——veev v R R 0.0000
0 0 8 16 24 32 0 8 16 24 32 0 0 8 16 24 32 0
Steps Steps Steps Steps Steps
MultiStepLR LinearLR PolynomialLR (Power 2) CosineAnnealingWarmRestarts CyclicLR (triangular2) OneCycleLR (linear)
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Learni ng rate Eaxa CENTRALE
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StepLR

import torch.optim as opt Q0N fany
scheduler = opt.Ir_scheduler.StepLR(optimizer, step size=5, gamma=0.1) & o
for epoch in range(100): 4 _

train(...)

validate(...) v

SChedUIGF.Step() 0.0000 , .
import torch.optim as opt

OneCycleLR

scheduler = opt.Ir_scheduler.CyclicLR(optimizer, base Ir=0.01, max_Ir=0.1) 00010

0.0008

0.0006

for epoch in range(10):
for batch in data_loader:
train_batch(...)
scheduler.step() 0.0002

Learning Rate

0.0004
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Learning finder
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Goal: Find the optimal learning rate values for his model, especially for the maximum value of a cyclic scheduler

102 1 Run your model over a few
step/epochs by increasing
its learning rate
(with/without model reset)

10! 1 « Start of decline in loss
— min learning rate

« Start of loss variation
— max learning rate

Loss

100 -

0 P VUTRTE L4 L] g o e BB L L4 ) gn AD M M YN L L] \ o B B AR R Il L L A g AR Y B L L] rrvorvrTyey T 14 LA A A AL | L L vrorvorrry

10°° 1073 10~4 103 102 1071 10° 101
learning rate

2024-2025 DL Course - Training Neural Networks



Regularization
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Key Aspects of Regularization:
« Reduces Overfitting — Prevents the model from learning noise and unnecessary details.
. Improves Generalization — Helps the model perform well on new, unseen data.
« Controls Model Complexity — Encourages simpler models that are more robust.

— Regularization is crucial for achieving a balance between bias and variance, ensuring the neural network learns meaningful
patterns rather than just memorizing the training data
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Regularization: L1 & L2
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O = O=1 Ve[ ATiyi) + A R(O})]

Weights

Weights . . .
Updated Learning , Cost o Regularization, Regularizatio
weights o— before e rate * Gradient [ function Predlctuon’ Label + rate >Ig function before

update update

Weight update equation

L1 : LASSO L2 : Ridge
* L1 Regularization

e L2 Regularization |O| ©2
 Max norm Regularization

* Regularization with the cost function

* Dropout
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Regularization: Gradient clipping
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Without clipping With clipping Problem : Exploding gradients
e Large increase in the norm of the gradient during
—_— _— training

* Produce unstable network, the gradient descent step
Impossible to execute

J(w.b)

Gradient clipping solution :

The error derivative is changed or clipped to a threshold
during backward propagation through the network. The
clipped gradients is used to update the weights.

Other solutions : Regularization, weight-decay

Without gradient clipping With gradient clipping
Vel - :
L K| \ +
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Regularization: Dropout

Output
Layer

"( g

Input
Layer

\/
00

Original network
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Output
Layer

O.X® O
" Hidden
Layers

X :
Input
Layer

drop out networks
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Regularization: Dropout
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hands

- Hidden
Layers

drop out networks

(a) Husky classified as wolf (b) Explanation
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Optimizers

SGD
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The optimizer is the algorithm that drives the
N gradient descent and the search for minimum with

XV e
,//}': *0"\4--\\.: - the aim of optimizing the learning time and the final
metric.

. '//'//" " ‘ ;}}/II;;‘

“\\\\‘-\Q’lllll' X
Eoel

S e “““‘:‘:}}\“";‘:('\;;;:'4 " .
" I//// \ \\\“y : QAN oo
A\ =

- -

-~
-

e

- -

| Batch size and learning rate adaptable to conflicting
g needs:
» Exploration to find the best local minimum
* Gradient descent acceleration

-
T ™ e e e e
e

-
- - - —~

SGD = Stochastic Gradient Descent
Gradient calculation and weight update at each
batch
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Optimizers

SGD with momentum

SGD without momentum SGD with momentum
O Momentum Factor Goal: Consider previous gradients for
F— faster gradient descent.

mog —
mizﬁ*mz‘—l"‘(l—ﬂ)*gz‘ 0.85 < 8 < 0.95
9i=9i_1—a*mi

+ Allows you to converge faster
- No guarantee that the momentum will take us in the

right direction
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Rather than driving the gradient descent

“ SGD (no momentum) manually with the learning rate...

B SGD (with momentum)

B Adam We can adapt the learning rate for each
weight of the model according to the gradient,
B e———— | the gradient2, or the norm of the weights of the
} T u*, HIHTT ~ J) - T
"7'"'_;;7;;?.“ T 7' - 3 layer!!
IR 7717 71T /]
W " 2
. B Examples :
« AdaGrad,
« AdaDelta,
 RMSprop
« Adam
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Adam
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m; = B *xm;—1 + (1 — ,31) * gi First moment: moving average
2 - :
U; = 52 * Vi—1 (1 — 52) * g Second moment: sliding uncentered variance
" m;
1 — /le Correction of the s ; Damped Oscillations
. biases of the first <
A~ U; _ . o i +A
V; — . iterations °
1 — 5 < E _
84 x & x
91 — Up—1 * My 3 A,
\/’Ui + € | 1T 2T 3T 4T 5T 6T 7T
Time (s)
Parameters :

B1 & B2 = Regression rate (1 =0.9 & 2 = 0.999)
¢  — Very small value to avoid division by zero
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Optimizers
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- SGD
w— Momentum
w— SDG - NAG
w— SGD with Momentum ‘ A 4y — :gangd
| adelta
AdaGrad . 1 o
RMSprop | e
Adam S N S

;;;;;;;

optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
optimizer
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Weight decay
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Beginning

— A neural network that converges and

generalizes correctly (neither underfitting nor

overfitting) generally has weights that tend to
the same value.

End

Weight distribution during
learning
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Evolution of weight decay: Decoupled weight
decay (decoupled from momentum!!)

Weight decay & decoupled weight decay

ADAM ADAMW
Fori=1to... Fori=1lto... « SGD and Adam with the weight decay
g = Vofi(Bi1 )} Mics 9i = Vofi(0i-1) « SGDW and AdamW with decoupled weight
m; = Brxmi-1 + (1—P1) * g m; = B xmi-1 + (1 - B1) * g; decay
v; = Py *vi_1 + (1 - 52) * !1? Vi = P2 *vi—1 + (1 ok 52) * !/;*)
" m; X m;
m; = 1 51. m; = 1 i
_— ” b SGD and SGDW are roughly equivalent in
Ui = —— Ui = —— erformance.
1_ g 1B P
O : Q "
0; = 61 — —— *1m; 0; = 0;-1 — ——= *my— aM; However AdamW is noticeably better than
V; + € \V Vi + €
Adam!!
Return 6, Return 6;
Weight decay Decoupled weight decay
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Weight decay & decoupled weight decay

.4
&

import torch.optim as opt
SGD_optimizer = opt.SGD(params, Ir, momentum=0, weight_decay=0, nesterov=False, ...)
import torch.optim as opt
ADAMW
ADAM _optimizer = opt. AdamW(params, Ir=0.001, betas=(0.9, 0.999), weight_decay=0.05,..)
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Batch size

SMALL
Batch Size Pros Cons
BATCH SIZE
Small Batch (<32) Better generalization, less memory usage Noisy updates, slower convergence
Medium Batch (32- Balance between stability and Requires careful tuning
512) generalization
Large Batch (>512) Faster training, stable updates Poor generalization, risk of
overfitting

o Small batches introduce more noise in updates but help avoid local minima.

o Large batches stabilize learning but may generalize worse (overfit to training data).

Good Practices:
. Start small and scale up if training is too slow.
« Check generalization — Don't just focus on training accuracy.
« Monitor memory usage — Large batches may crash the GPU.
. Tune learning rate when increasing batch size.

— Try 32 or 64 as a starting point, and adjust based on memory limits, training speed, and validation performance.
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Gradient accumulation
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Use Case :
* Not enough memory to have a normal Batch Size
 Reduces the number of communication between

GPU ;
________________________________________________________________________________ host and device (accelerator)
______ > MINI-BATCH N MINI-BATCH N MINI-BATCH N MINI-BATCH
0 1 2 3
b 4 NV i 4
grado gradl grad2 grad3

R S

GLOBAL BATCH GRADIENTS
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Training tricks
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Checkpointing

A
Error
@ save checkpoint
: : n © load last best checkpoint
Validation g best checkpoint
— <+ checkpoint interval
Training ___o—o

. >
early stopping Epochs

Epochs
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Transfer Learning
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Lower size
dataset
(task specific
or not)

g huggingface.co

Largest possible Learning / Lealining (¥ HuggingFace O Search models, datasets, users... s Models ~ Datasets Spaces ® P
dataset (so that Task — B
its distribution on Ias

contains all the
others)

+ New Following 0~

Models Datasets Spaces Papers Collections Community Posts

Learning

edelland Upvotes  Likes Articles
on TaSK & Profile
s Inbox (0) NEW Welcome to Inference Providers on the Hub ¢ ) &
= Settings
Pre- Learning s Billing
training on Task > Gt o NEW Follow your favorite Al creators O RefreshList X

® huggingface - Leading platform for sharing Al models Follow
Organizations

® meta-llama - Creating powerful open-source language models Follow
Learning ¢ Create New

€ briaai - Specializing in advanced image editing models Follow
on Task

Hugging Face: Models & datasets available
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Experiments tracking: Weights & Biases

e MRl - 0

€« > C 23 wandb.aifedelland/pytorch-wandb-example/runs/gvaz3btt/workspace?nw=nwuseremmanueldellandrea W % _N e 3 | g

dellandrea

edelland Projects 2o pytorch-wandb-example Runs mnist-run-1 Workspace

©) = Emmanuel-dellandrea's run workspace @Personalworkspace < Autosaved just now o00
Overview

Q Search panels with regex oo 33 Settings + Newreport BEEW.GEEENEIE
Workspace

& v Charts 1 & B3 eeo
System

Training Loss

Logs

0.8
E] 0.6
Files
0.4
0.2
0 10 20 30 40
v System 10 1-6 of 10 > & £ eeo
Network Traffic (Bytes) Disk 1/0 Utilization (MB) Disk Utilization (GB)
2 ®
29.1
1.2e+7
le+7 1 29.09
8e+6 29.08
0 ¢
e 29.07
4e+6
1 29.06
2e+6 /_."’____/——0
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Some useful references
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Fidle - Deep Learning Introduction (https://www.fidle.cnrs.fr/w3/)

CS231n: Convolutional Neural Networks for Visual Recognition (http://cs231n.stanford.edu)
Neural Networks and Deep Learning (http://neuralnetworksanddeeplearning.com)

Deep Learning (http://www.deeplearningbook.org)

PyTorch (http://pytorch.org)

Weights & Biases (https://wandb.ai/site/)

Hugging Face (https://huggingface.co/)
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