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RDFIA - 14 SESSIONS

Course outline

02

Intro to computer vision and machine learning

Intro to neural networks + ML theory Today
Neural nets for image classification

Large ConvNets

Vision transformers

Segmentation, transfer learning, domain adaptation

Vision-language models

Explaining VLMs

Self-supervised learning in vision
Generative models with GANs
Control

Diffusion models

Bayesian deep learning

Uncertainty, robustness

Jan 07, 2027
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PART 1 / 3

Introduction
to neural nets

01 Introduction to neural nets
02 Training deep neural networks

03 Introduction to statistical decision theory
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NEURAL NETS - 1943

The formal neuron

= Basis of neural networks
= Input: vectorx € R™,i.e.x = {Z; }ic(1, . m)

= Neuron output g € R: scalar

Output
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NEURAL NETS - 1943

From x to §: two steps

01 Linear (affine) mapping: s =w'x+b

W

2,

Inputs Weight Summation and Bias

Activation

02 Non-linear activation f: g = f(s)

Output
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FORMAL NEURON

Linear mapping

= Linear (affine) mapping:s =w'x+b=> " wiz; +b
e w: normal vector to a hyperplane in R™ = linear boundary

 b: bias, shifts the hyperplane position
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FORMAL NEURON

Activation function

9 = f(w'x +b), f: activation function

Bio-inspired choice — step (Heaviside) function:

Hz) = {1 if2>0

0 otherwise

Popular choices: sigmoid, tanh, ReLU, GELU, ...

Sigmoid: o(z) = (1 + e—az)—l
» a 1: closer to the step function (step: a — o)

e Linear and saturating regimes

Hiz)

t Tt
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FORMAL NEURON

Step function: connection to biological neurons

I wy

*@® synapse
axon from a neuron
woT

cell body |\ (Zur»rx : b)

I

-

output axon

Zw,-z, +b

activation

Wo Ty function

= Formal neuron, step activation: § = H(w'x + b)
o =1 (activated) e w'x > —b
o § = 0 (unactivated) ® w'x < —b

= Biological neurons: output activated < input
weighted by synaptic weight > threshold
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FORMAL NEURON

Application to binary classification

Binary classification: label input x as class 1 or O

1
1+ e—a(w'x+b)

Neuron output with sigmoid: y =

Probabilistic interpretation = § ~ P(1 | x)
» Class1if P(1|x) > 05w/ x+b>0
° Class 0if P(1|x) <05 w'x+b<0

= = sign(w'x + b): linear decision boundary in input
g
space

'!b’~
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TOY EXAMPLE - BINARY CLASSIFICATION

Result of the linear mapping

= 2D example: m = 2, x = {x1, 22} € [—5;5] %
[—5;5]

= Linear mapping: w = [1;1] and b = —2

= Result: s=w'x+b
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TOY EXAMPLE - BINARY CLASSIFICATION

Sigmoid activation: effect of a

- -1
g = (1 4 ealw x—l—b)) ,withw = [1;1], b= —2

N\
£

g

(N
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NEURAL NETS

From formal neuron to neural networks

= Formal neuron:

* Asingle scalar output

 Linear decision boundary for binary classification

= Single scalar output: limited for several tasks
» e.g. multi-class classification: MNIST or CIFAR

’—tc

I
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MULTI-CLASS CLASSIFICATION

The perceptron

= Formal neuron: limited to binary classification

= Multi-class: use several output neurons instead of one
= Perceptron

= Input x € R™; output neuron g, is a formal neuron:
« Linear (affine) mapping: s, = w x + by,
» Non-linear activation: gx = f(sk)

» Parameters: wi, = {wig, ..., Wnk} € R™, b € R
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MULTI-CLASS CLASSIFICATION

Perceptron as a matrix product

= Input x € R™ (1 x m), output y: concatenation of K
formal neurons

= Linear (affine) mapping ~ matrix multiplication: s =
xW + b

o W: matrix of size m x K — columns are wy,

e b: bias vector of size 1 x K

= Element-wise non-linear activation: y = f(s)

14



MULTI-CLASS CLASSIFICATION

Soft-max activation

e’k

U = f(Sk) = —%——
& Zﬁ:leskl

= f(sx) depends on the other s: the arrow is a functional
link

= Probabilistic interpretation for multi-class
classification:

o Each output neuron < class
¢ ykNP(k|x’w)

= Logistic Regression (LR) model
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TOY EXAMPLE - 3 CLASSES
2D multi-class classification
x = {x1, 22} € [-5;5] x [-5;5], y: 3 outputs (classes)

wi=[1;1], bi=-2

Linear mapping per
class: sy = W] x + by

Soft-max output: P(k |
x, W)

w2=[0;-1],

b2=1

ws=[1;-0.5],

b3=10
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TOY EXAMPLE - 3 CLASSES

Class prediction

Soft-max output: P(k | 1

x, W)

CLASS PREDICTION

k* = arg max P(k|x, W)
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BEYOND LINEAR CLASSIFICATION

The X-OR problem

= Logistic Regression (LR): NN with 1 input layer & 1 output layer

= LR: limited to linear decision boundaries

= X-OR: (NOT 1 AND 2) OR (NOT 2 AND 1) = non-linear decision function

OR Function XOR Function

Ol. ' 0 .

hput 2 ~

i
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BEYOND LINEAR CLASSIFICATION

Solution: add a layer

LR: limited to linear boundaries

Inputx e R™, eg.m=4

Output y € RX (K classes), e.g. K = 2

Hidden layer h € RF
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BEYOND LINEAR CLASSIFICATION

Multi-Layer Perceptron (MLP)

Hidden layer h: projection of x into a new space R

Neural net with > 1 hidden layer: Multi-Layer
Perceptron

h: intermediate representation of x for classification

h = f(xW; + by), f non-linear activation
= s = hWj + by, y = SoftMax(s)

= Mapping x — y: non-linear boundary = non-linear f is
crucial
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BEYOND LINEAR CLASSIFICATION

Deep neural networks

= Adding more hidden layers: Deep Neural Networks (DNN) = basis of deep learning
= Each layer h! projects layer h!~! into a new space

= Gradually learning intermediate representations useful for the task

) hidden layer 1 hidden layer 2 hidden layer 3
input layer

B . N
—_— AN A e
N s NP A

o - e g o S output layer

o

S N, '.*.‘ 3 2 _—ar N
— i 3 =
s -‘_"—\5‘. o T~ 0 e
— -— 4 — — N — o

— e i .

Ay

21



PART 1 - TAKEAWAYS

Conclusion

= Deep neural networks: applicable to classification
problems with non-linear decision boundaries

= So far: visualize predictions from fixed model
parameters

= Reverse problem: supervised learning
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Training deep
neural networks

01 Introduction to neural nets
02 Training deep neural networks

03 Introduction to statistical decision theory
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TRAINING

Training a Multi-Layer Perceptron

A parametrized (w) model x = y: fw (x;) = ¥

Supervised context:

o Training set A = {(x,9}) }icq1,... v}

e Loss £(y;,y;) for each annotated pair

* Goal: minimize the average loss £(w) = 1 SN (G, y)

Assumptions: w € R? continuous, £ differentiable

Gradient Vy, = 2: steepest direction to decrease £(w)
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TRAINING

MLP training: gradient descent

L(w) Initial ;o Gradient
/

01 Initialize parameters w
. t+1) __ t oL
02 Update: wittl) = w(t) — 0L

03 Until convergence, e.g. ||V ~ 0 Global cost minimum

v
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SUPERVISED LEARNING

Multi-class classification

Logistic regression for multi-class classification
S; = XZ'W + b
Soft-max: g ~ P(k | x;, W,b) = <=

k/
K=1€

Supervised loss: £L(W,b) = + Zf\il Uy y7)

. 1 if cis the ground-truth class of x;
yc,i = o
0 otherwise

Input x;, ground-truth supervision y;, one-hot encoded:

N *
Yi Y,
Flcat) = 0.80 Plcat) = 10
P{dog) = 0.15 P{dog) = 0.0
P{bed) = 0.05 Plbed) =00
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LOGISTIC REGRESSION
Training formulation: cross-entropy

= Loss function: multi-class Cross-Entropy (CE) ¢

= {cg: Kullback-Leibler divergence between y; and y;

KCE(yi,yz) KL me@ - Zyczlog ycz = _IOg(gc*,i)
* A
Yi yi
: . . . 1.0 0.80
vote KLisasymmetric: K L(y;,y;) # KL(y!,¥:) 0.0 0.15
0.0 0.05

KL(y;.$9:) = —log(¥c- i) = —log(0.8)

~ (.22
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LOGISTIC REGRESSION

Training by gradient descent

N .
= LCE(W b) N Zz 1 KCE(y“ yz) % Zizl lOg(yC*,i)
= {og: smooth convex upper bound of £, /; = gradient descent optimization

= Gradient descent: W+l = W) _ naécchE (b(t+1) =bl) — naﬁﬁE)

= Main challenge: computing % MCE =W Zl 1 %g\?é; .

KEY PROPERTY - CHAIN RULE

or Oz 8y
0z 6y 0z

= Backpropagation of the gradient error
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BACKPROPAGATION

Chain rule

x — 9 /

ot 0ty y - -

or ay Oz 0 (1
Ox

-

S1s

(1 m) (1, K)

—_—

(1, K)

Logistic regression:

olce Olcr Oy Os;

Js;. 0)"‘, 6
oW 85. OY.
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BACKPROPAGATION - LOGISTIC REGRESSION

Update for one example

Oley _ Doy 05\ 0 o o
OW — ayl 8Si aw: CE\Yi Y Z\Ycx i

aEC’E _ A—l _ —Al @ (Scc

0y Yer i yi (1 m)

ey . . o

o Js;. 8Y, 86 Jbce
w8y - ¢

oW i 0; ()W ds' ()Y.




BACKPROPAGATION - LOGISTIC REGRESSION

Whole dataset, in matrix form

= Data matrix X (IV x m), label matrices Y, Y* (N x K)

e A
= Lop(W,b) = —% 3 log(fes), e = %en O 05

0Lce &
=Y -Y*=AY
0S
a‘CC'E T AY
W X'A
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BACKPROPAGATION - PERCEPTRON

Adding a hidden layer

= Perceptron vs logistic regression: adding a hidden layer (sigmoid)

= Goal: train W¥ and W" (+ bias) with backpropagation = compute 2%z — L 3~ Slen ang Okce — 1§~ Slcr

i OWh

X ui h Vi
(1,0)

= Last hidden layer ~ logistic regression
= First hidden layer: $&& = x| %22 = compute %22 = §7
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Gradient w.r.t. the hidden layer

= Computing %2 = §? = use the chain rule: 9z = Olce Ovi o
ou; u; Ov; 0Oh; Ou;

= ... leading to:

0lcr

gu, — 0l = EW 00/ (h) =W © (b © (1 - b))




BACKPROPAGATION - DEEP NETWORKS

Deep neural network training

= Multi-Layer Perceptron: adding more hidden layers

= Backpropagation update ~ perceptron: assuming 52 = A'*! known

% T Al % — Al = AWt T OH O (1-H)

oL

OW! H A

H U H

I [+1

oL oL oL aL
awl  oU, awl+1 90U,
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Recap MLP
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PART 3 / 3

Introduction to
statistical
decision theory

01 Introduction to neural nets
02 Training deep neural networks

03 Introduction to statistical decision theory
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STATISTICAL DECISION THEORY

Setting

= X € RP: real-valued random input vector
= Y € R: real-valued random output variable
= f:function from R? to R (e.g. fw with parameters w, or a deep neural network)

= Y is the prediction for Y: X RN g f(X)

How to find the best function f ?

01 Measure the difference between f(X) and Y: define a non-negative, real-valued loss L(Y, f(X)) that penalizes
prediction errors
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STATISTICAL DECISION THEORY

Common loss functions

SQUARED ERROR

L(Y, f(X)) = (Y - f(X))

0-1 LOSS

LY, f(X)) = {

1
0

ifY # f(X)
ifY = f(X)

CROSS-ENTROPY -
CLASSIFICATION

Y one-hot vector, ¢* index of the
correct class

L(Y, f(X)) = —log(¥z:)
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STATISTICAL DECISION THEORY

Expected prediction error: the risk

02 Random variables = assume a joint distribution P(X,Y) exists. The criterion to minimize is the Expected

Prediction Error, or Risk:

R(f) = EPE(f) = Epixy) [L(Y, f(X))]
/ (¥, £(X))dP(X,Y)

Example —for L = (Y — f(X = [[(y — f(z))?p(z,y) dz dy
(Final) goal: find a hypothesis f* among a fixed class of F* = Argmin R(f)
functions F for which the risk is minimal fer
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STATISTICAL DECISION THEORY

Cannot solve (1)? The machine learning solution

Problem: P(X,Y) unknown = R(f) cannot be computed

SOLUTION SUPERVISED LEARNING

= Fix F to a parameterized family fy, w € R? = Training set Ay = {x;, y; }s=1..n: implicit use of

= Learn from examples to approximate R(fw) P(X,Y) byiid. sampling

"X, —> fw(xi) = QZ — Y;
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STATISTICAL DECISION THEORY

Empirical Risk Minimization (ERM)

Approximate R(f) by averaging the loss function on Ax:

/ (Y, f(X))dP(X,Y)

= ERM(fw) = NZL Yiy fu (%))

Requirement: {x;,y;} ~ P(z,y) and N large = "good" approximation

NEW OBJECTIVE

w* = Argmin ERM (fw; An) = Argmin — Z L(yi, fw(xi))

weRd weRd?

Supervised learning algorithm to solve this optimization problem.

41



OPTIMIZATION

Optimization depending on £L(w)

= Depending on £L(w), optimization is not always easy
= In this course, £(w) is (supposed) differentiable for w € R?

= Definition — gradient: VL = (9%) € R¢
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OPTIMIZATION

Gradient descent algorithm

Initialize w(®

REMARK - CONVERGENCE

0< E(w(t+1))

[

IN

first-order approximation = local convergence

Repeat W(t+1) = W(t

_ nVL(W(t))

(
(t
(

—nVL(w))
nVﬁ( )TV L(w!
— || VLw )2

)

Until

|V L (w!

t+1))||2 ~ 0

43



OPTIMIZATION

Gradient descent: the learning rate
Update rule: w1 = w® — n & * ) learning rate

Convergence ensured? = provided a "well chosen" learning rate n

L(w) L(w)

w* w w' w
Too small: converge Too big: overshoot and
very slowly even diverge
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OPTIMIZATION

Global minimum?

Convex (a) vs non-convex (b) loss £(w)
L(w) Initial

Gradient

Global cost minimum

a) Convex function

b) Non-convex function

Muur.; pe.

Local mimma

Global mmnima
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OPTIMIZATION

Neural network training: optimization issues

Classification loss over the training set (vectorized w, b ignored): Log(w) =
N S N .
% 21:1 Lo (Yia Yy ) = - % =il IOg(yC*,i)

Gradient descent: w(t™) = w(t) — p2kce (w(t)) = — v

w

Gradient Vi) = L ™V erlVuyl) (1)) scales linearly with:
e w dimension

e training set size

= Too slow even for moderate dimensionality & dataset size

46



OPTIMIZATION

Stochastic Gradient Descent (SGD)

Solution: approximate V) = 1 SN %erlinyi) (w (1)) with a subset of examples

SINGLE EXAMPLE - ONLINE

VO ~ 6€CE8(S’Z', y;) (w®)
W

MINI-BATCH -

B < N EXAMPLES

B
1 0lep(Yi,y7)
®) ~ — CeE\Yi,Y; ()
Vi B Z ow (W)

i=1

Full gradient SGD (online)

SGD (mini-batch)




SGD: an approximation of the true gradient

= Noisy gradient can lead to a bad direction and increase the loss

= But: many more parameter updates — online x NV, mini-batch x %

= Faster convergence: at the core of deep learning for large-scale datasets

Z Z

Full gradient SGD (online) SGD (mini-batch)
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OPTIMIZATION

Learning rate decay

= Gradient descent: w(ttl) = w(®)

= Learning rate decay: decrease 7 as training progresses
« Inverse (time-based): n; = 1+T ;» T decay rate
o Exponential: 7, = n - e

e Stepiny =1 - plt/td

w— raming rate
008 4
\
\
lI
w 006 1}
‘ 1
3 \
€ \
£ 004 \
3 \
X \
\
002 \
000 —
¥ 4 ¥ ¥
2 O @ 0 )
epoch

Exponential decay (ne = 0.1, A = 0.1)

— nV‘(f,) — how to set n? = open question

ooe

000

—— jearnng rate

Step decay (no

L8 100
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GENERALIZATION

Generalization and overfitting

= Learning: minimizing the classification loss Loy over the training set

= Training set: a sample representing the data vs labels distribution

= Ultimate goal: low prediction error on the true (unknown) data distribution

Training set
10 .
5
.
.
/ o
0
o “ae
o . d
—Shi——" ©
b e
-3 -1 0
L_train = 4 - L_test = 15

= Optimization # machine learning

10

-~10

~sl_*

-2

- L_test

= Generalization / overfitting

Test set
- "
.
.« *
>
-1 0

=13




GENERALIZATION

Regularization

Regularization: improving generalization, i.e. test (# train)
performance

Structural regularization: add a prior R(w) to the training
objective: L(w) = Lep(W) + aR(w)

L? regularization — weight decay: R(w) = ||w||?
e Commonly used in neural networks

» Theoretical justifications, generalization bounds (SVM)

Other possible R(w): L' regularization, dropout, etc.
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GENERALIZATION

L? regularization: interpretation
"Smooth" interpretation of L? regularization — Cauchy-Schwarz:
((w, (x = x)))" < [lw]]? lx — x|

= Controlling ||w||?: "small" variation between inputs x and x’ = small variation in the neuron prediction

(w,x) and (w, x’)

= Supports simple, i.e. smoothly varying, prediction models
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GENERALIZATION

Regularization and hyper-parameters

= Neural networks: hyper-parameters to tune

Training: learning rate, weight decay, learning rate decay, #
epochs, etc.

Architecture: number of layers, number of neurons, non-
linearity type, etc.

= Hyper-parameter tuning = improve generalization:
estimate performance on a validation set

Error

Stop training

Validation

Iraining

Number of epochs
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NEXT - LECTURE 3

Neural nets for image classification

Clement Rambour

clement.rambour@sorbonne-universite.fr

clementrambour.github.io/teaching-rdfia
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