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Context

Big Data

® Superabundance of data: images, videos, audio, text, use traces, etc

e [k
i
) 1 B’ 5
BBC: 2.4M videos Facebook: 350B images 100M monitoring cameras
1B each day

® Obvious need to access, search, or classify these data: Recognition

® Huge number of applications: mobile visual search, robotics, autonomous
driving, augmented reality, medical imaging etc

e |eading track in major ML/CV conferences durin
— f - =3 K

the last decade

(2 A
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Recognition and classification

¢ Classification : assign a given data to a given set of pre-defined
classes
e Recognition much more general than classification, e.g.

e Ranking for document indexing
o Localization, segmentation for image understanding
e Sequence prediction for text, speech, audio, etc

® Many tasks can be cast as classification problems
= importance of classification
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Focus on Visual Recognition: Perceiving Visual World

e Visual Recognition: archetype of low-level signal understanding
e Supposed to be a master class problem in the early 80's

¢ Certainly the most impacted topic by deep learning

® Scene categorization

Potala Palace . mountain

® Object localization

 Context & Attribute
recognition

® Rough 3D layout,
depth ordering

¢ Rich description of

scene, e.g. sentences f&n :
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Recognition of low-level signals

Challenge: filling the semantic gap

What we perceive vs
What a computer sees

® |llumination variations
® View-point variations
® Deformable objects
® intra-class variance

® etc
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Deep Learning (DL) & Recognition of low-level signals

e DL: breakthrough for the recognition of low-level signal data
e Before DL: handcrafted intermediate representations for each task

e © Needs expertise (PhD level) in each field
o © Weak level of semantics in the representation

VISION
SIFTHOG ] KMeans/ |l acsitier f— s
pooling car
fixed unsupervised supervised

SPEECH

() Mixture of .
nw‘m 4““%})& -] MFCC || Gaussians [~ classifier = \'q & p\
\ |
fixed unsupervised supervised

@Kokkinos
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Deep Learning (DL) & Recognition of low-level signals

e DL: breakthrough for the recognition of low-level signal data
e Since DL: automatically learning intermediate representations

o @ Outstanding experimental performances >> handcrafted features
e @ Able to learn high level intermediate representations
o ® Common learning methodology = field independent, no expertise

VISION

max (0, W' x) (0w n") W' n

SPEECH @Kokkinos

1 2
4 Hl\ | by X ; h ) h 5 v
il Y L i (0,1 x) x (0, W h') » v
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Deep Learning (DL) & Representation Learning

e DL: breakthrough for representation learning
o Automatically learning intermediate levels of representation

NLP

This burrito place
is yummy and fun!

NLP

This burrito place , X
is yummy and fun! e

oL
® Ex: Natural language Processing (NLP)
OO0
BEFORE DL
Psayrrs“eag::e =>1 n-grams =i classifier j=—p « + oD
fixed unsupervised supervised _
SINCE DL
"' i 0
max (0, W' x) (0, h' W' «—
@Kokkinos 000
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@Socher
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Deep Learning (DL) & Representation Learning

This course: five weeks on deep learning
Ressources: http://cedric.cnam.fr/~thomen/cours/US330X/index . html

Week 1: Deep learning and ConvNets
e TP1: Back-prop "a la mano"
Week 2: Deep Revolution
e TP2: Keras and manifold untangling
Week 3: Architecture, optimization and transfer
e TP3: Deep Features and fine-tuning
Week 4: Embeddings and recurrent neural networks (RNNs)
e TP4: RNNs for sequential data
Week 5: Open Issues and perspectives
e TP5: Vision and language
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e Neural Nets

TRIED - US330X / Deep Learning 11/ 72


mailto:nicolas.thome@cnam.fr

Neural Nets
0®0000000000000000000000

The origins

1943: The formal neuron [McCulloch and Pitts, 1943]

1958: First perceptron [Rosenblatt, 1958]

1974: Backpropagation algorithm [Werbos, 1974]

1980: First deep feedforward network [Fukushima, 1980]
1989: First convolutional neural network [LeCun et al., 1989]

The formal neuron, basis of the neural networks

X1

X;: inputs

w;, b: weights

f: activation function
y: output of the neuron

Xm

y=f(w'x+b)
Figure: The formal neuron - credits: R. Herault
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Neural Networks

e Stacking several formal neurons = Perceptron
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Perceptron and Multi-Class Classification

e Soft-max Activation:

ek

K

Z eSk/

k'=1

¢ Probabilistic interpretation for multi-class classification:
e Each output neuron < class
° Vi~ P(k[x,w)

= Logistic Regression (LR) Model !
o @

Vi = f(sk) =

)

5
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Beyond Linear Prediction

X-OR Problem

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

layer

e | R: limited to linear decision boundaries
e X-OR: NOT 1and 2 ORNOT 2 AND 1

Inpt 1

ol®@

e X-OR: Non linear

ORFunction

Inpt 1

decision function

XOR Function

Input 2 1

nicolas.thome@cnam.fr

Inpurt 2 1
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The Multi-Layer Perceptron (MLP)

Figure: Perceptron with 1
hidden |ayer — Credits: R. Herault

hidden layer 1 hidden layer 2 hidden layer 3

Figure: Stacking more layers,
toward “deep learning” - credits:
M. Nielsen

nicolas.thome@cnam.fr

Basis of the “deep learning” field

Principle: Stacking layers of neural
networks to allow more complex
and rich functions

With a hidden layer, can
approximate any function given
enough hidden units

[Cybenko, 1989]

Can be seen as different levels of
abstraction from low-level features
to the high-level ones

TRIED - US330X / Deep Learning 16/ 72


mailto:nicolas.thome@cnam.fr

Neural Nets
000000e00000000000000000

The Multi-Layer Perceptron (MLP)

¢ Neural network with one single hidden layer = universal
approximator [Cybenko, 1989]

e Ex for classification: any decision boundaries can be expressed
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Training Multi-Layer Perceptron (MLP)

® Input x, output y
* A parametrized model x = y: f,(x;) =y}
Supervised context: training set A = {(Xi7Y7)};€{1 2,...,N}

o A loss function £(y;,y;) for each annotated pair (x;,y})

Assumptions: parameters w € R? continuous, £ differentiable

Gradient V, = %: steepest direction to decrease loss £
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MLP Training

e Gradient descent algorithm:
o Initialyze parameters w

o Update: |w(t*) = () — oL

o Until convergence, e.g. ||[Vu||* ~ 0

4

L(w) Initial /! __— Gradient

Global cost minimum
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MLP Training: loss function

- *
Yi Yi
P(cat) = 0.80 P(cat) =1.0
P(dog) =0.15 P(dog) = 0.0
P(bird) = 0.05 P(bird) = 0.0

* Input x;, ground truth output supervision y;

® One hot-encoding for y7:

. 1 if cis the groud truth class for x;
yc,i = .
0 otherwise
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MLP Training

® Loss function: multi-class Cross-Entropy (CE) ¢cg
® /ce: Kullback-Leiber divergence between y and §;

K
Cce(9i,y7) = KL(Y,9i) = = ) vi ilog(c.i) = —log(Jc+ i)
c=1

® KL asymmetric: KL(9i,y;") # KL(y;,9i)
*

Y, Yi

1.0 0.80
0.0 > 0.15
0.0 0.05

KL(y;.9i) = —log(§c ;) = —log(0.8) ~ 0.22
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MLP Training: Backpropagation

1 N Ak 1 N ~
* Lce(W,b) =5 E:IBCE(yi?yi) =7 ;1 log (Jc+,i)

* {ce smooth convex upper bound of £/,
= gradient descent optimization

e Gradient descent: W(t+1) = w(t) _ "788&%
(b(t+D) = p(®) _ n%)

* Computing =5 aECE = N Z EMCE ?

= Backpropagatlon of gradlent error!

o _oxdy
0z 0Oyo0z

= Key Property: chain rule —
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Chain Rule

| o _0to
Ox ~— 09 Ox

- | Olce _ Olce 0 Os;
¢ Logistic regression: W a—yﬂa_s,a_w

o ”- RS
Os; % Otce
oW 85; 8Yi
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Logistic Regression Training: Backpropagation

%ZVCVE = 8;%3—23—5\/{/, Lce(Yi,y}) = —log(Yc+ i) = Update for 1 example:

o | e _ -1 _ -1

i T Yeri 0

© dc,c+

ol *
® O;E:yifyi :5|y

o | Olce — XiT5i>/

oW
Xi Si yi
(1,m) (1,K) (1K -
Osi Oy Olce
OW  Js; Oy
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Perceptron Training: Backpropagation

® Perceptron vs Logistic Regression: adding hidden layer (sigmoid)
e Goal: Train parameters WY and W" (4bias) with Backpropagation

= computing %f,vcf = ﬁ Z 3665 and 859[\;\75 = % < OWh
i=1 i=

X, u, h, v, V.,
c)?fj\:l:h B §hx' ;}Ti = awy syh g—fl = 5|y = yi — yl*
* Last hidden layer ~ Logistic Regression
* First hidden layer: ‘%—C’,f _x,Taggf = computing % GECE _sh

TRIED - US330X / Deep Learning
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Perceptron Training: Backpropagation

e Computing ‘9(5% = 0! = use chain rule: —B,SE.E = —aéﬁE%%

. Leading to:

e = gh =0 "W @ o' (h) =6 TWY © (hi© (1-hy))

>

ﬂTn n‘“‘ =

ac _ sh, T oc y _
wWh &' xi o =4 GW! =& h Bv, = 6; ¥i— yn
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Deep Neural Network Training: Backpropagation

® Multi-Layer Perceptron (MLP): adding more hidden |ayers

e Backpropagation update ~ Perceptron: assuming 6U| - = = A1
known
° BW’“ HITAH:l

o | Computing %l = Al (=AM Twit o Hi © (1 -H,) sigmoid)

oL T Ah
] W:le A,

H U H U H

-1 | | 1+1 I+1

aL aL oL
awl 8y, awl+1  9Uia
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Neural Network Training: Optimization Issues

* (lassification loss over training set (w):
1Y 1Y
Lce(w) = N Y Lee(¥inyi) = N > log(Pc+.i)
i-1 i-1

® Gradient descent optimization:

8£CE
w =W n 9 (W ) =W nVy ’ )

N -
o Gradient v = 5y W (W(t)) linea..,
i-1

scales wrt:

e w dimension
e Training set size

= Too slow even for moderate dimensionality & dataset size!
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Stochastic Gradient Descent

e Solution: approximate V(t) N Z M (w(t)) with subset

= Stochastic Gradient Descent (SGD)
® Use a single example (online):

v . Olce(yi,y7) (W(t))

ow
® Mini-batch: use B< N examples:

(t) WCE(VHY, ) (t)
i= 1
Full gradient SGD (online) SGD (mini-batch)

nicolas.thome@cnam.fr TRIED - US330X / Deep Learning 29/ 72


mailto:nicolas.thome@cnam.fr

Neural Nets
0000000000000000000e0000

Stochastic Gradient Descent

e SGD: approximation of the true Gradient v,, !
e Noisy gradient can lead to bad direction, increase loss
e BUT: much more parameter updates: online x/N, mini-batch x%
e Faster convergence, at the core of Deep Learning for large scale

datasets
Full gradient SGD (online) SGD (mini-batch)
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Optimization: Learning Rate Decay

e Gradient descent optimization: w(t*1) = w(t) — nv&,t)

® 7 setup 7 = open question

® Learning Rate Decay: decrease n during training progress

learning rate

Exponential Decay (o =0.1, A=0.15)

nicolas.thome@cnam.fr

008

0.06

004

002

0.00

o Inverse (time-based) decay: 7, =

e Exponential decay: n; =0 e

o Step Decay ny=mo - rw ...

— learning rate

&0 &0 100
epoch

Mo
Tio, r decay rate
*\‘ — leamning rate

|
i
;\

sl = ||

20 60 80 100

epoch

Step Decay (o -0.1, r=05, t,-10)
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Generalization and Overfitting

® Learning: minimizing classification loss £cg over training set
e Training set: sample representing data vs labels distributions
e Ultimate goal: train a prediction function with low prediction error
on the true (unknown) data distribution

Training set Test set
10 — 10
L]
b °
5 = S 5 e \®
L J
e \\ . ‘/r . \\
0 0 o/ .
. » s% . ® . °e
3 /0 / [
—s5k—" . —sj..—*7
L
b PY L4
-105 -1 0 1 2 105 1 0 1 2

= Optimization # Machine Learning!
= Generalization / Overfitting!
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Regularization

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

* Structural regularization: add Prior R(w) in training objective:
L(w) = Lce(w) + aR(w)

* [? regularization: weight decay, R(w) = ||w|?
e Commonly used in neural networks
e Theoretical justifications, generalization bounds (SVM)

® Other possible R(w): L1 regularization, dropout, etc
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Regularization and hyper-parameters

® Neural networks: hyper-parameters to tune:
e Training parameters: learning rate, weight decay, learning
rate decay, # epochs, etc

o Architectural parameters: number of layers, number
neurones, non-linearity type, etc

¢ Hyper-parameters tuning: = improve generalization:
estimate performances on a validation set

Error

\ Validation

Training

>
Stop training
nicolas.thome@cnam.fr

Number of epochs
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Outline

© Convolutionnal Neural Networks
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Fully Connected Networks: Limitations

® Scalability issue with Fully Connected Networks (MLP)

Example: 1000x1000 image
1M hidden units
) 10"12 parametersll

256 weights
/\J}\\zs wheights
( \

(D
)

N

Input Image =~ : 4
16 = 16 \(:f\ >/
100 hiden unit
25600 + 100 + 2600 +26 = 28326

= # Parameter explosion even for a single hidden layer !
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Limitations of Fully Connected Networks

¢ Signal data: importance of local structure

e 1D signals: local temporal structure
e 2D signal data: local spatial structure

4¢3 g 4

|

! l‘ 7
4 ””’1";‘### lmhhfﬁ " =
E’:
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Limitations of Fully Connected Networks

e BUT: vectorial representation of inputs: dimensions arbitrary!

Initial Images Permuted Images
B e E|E B EE B
O on i ]
B2 B &% &
3 B B B o
HE ERED
H EEEEGIE RS E 8
O B M E E B
e B O B
2 E B B
B B M R B
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Limitations of Fully Connected Networks

e MNIST ex: same performances with initial and permuted images!
e However, local information obviously useful

Initial Images Permuted Images
EiaeeE|E & B 8 8
AONODNnQp H -
B [
B B o
B EE S
BEE N
A HdHAdQODN B E E B
B K S
B E B =
B R E R
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Fully Connected Networks: Limitations

e Fully connected networks: no assumption on data structure

o Structure can be learned but need lots of annoatated data
o Prior knowlege on data structure = useful

e Example: MLP training for shape recognition from color images

rressssees m-- .- - Teessssssse esssssesee -
L} ! L} ' L

] ' ' ' L)

I I Gir ] | | ) I

: « Circle . Triangle ;

] | ] ' L) . .
= i § — i Input image encoding:
' ! 1} 1}

: : - : ! * Color (RBG) ?

! ' ' ' [

| i Square | | Star | * Grayscale

i I ] i | = R+B+G 7
ol L meen g [ = —3 !

r - r * a2

] | ] i

] | ] I

] | ] )

: _ . Rectangle | Heart !

| I | |

' ' v ' [
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Fully Connected Networks: Limitations

* Invariance and robustness to deformation (stability)
® What we expect:
e Small deformation in input space = similar representations
e Large transfo in input space = very dissimilar representations

® Example (image): impact of a 2 pixel shift

%
!

154 input change
from 2 shift left

77 : black to white
77 : white to black

@LeCun
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Fully Connected Networks: Limitations

Conclusion of MLP on raw data

® Brute force connection of images as input of MLP NOT a good idea

e No Invariance/Robustness of the representation because topology of
the input data completely ignored
= e.g. indifferent to permutations of input pixel

o Nb of weights grows largely with the size of the input image

Example: 1000x1000 image
1M hidden units
m) 10"12 parametersl!

= How keep spatial topology?
= How to limit the number of
parameters?

..'OO
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Taking advantage of structure: Convolution

How to limit the number of parameters?

@ Sparse connectivity: hidden unit only connected to a local patch
e Weights connected to the patch: filter or kernel
e Inspired by biological systems: cell only sensitive to a small sub-region

of the input space (receptive field). Many cells tiled to cover the
entire visual field

Example: 1000x1000 image
1M hidden units
) 10712 parametersi

Example: 1000x1000 image
1M hidden units

Filter size: 10x10
100M parameters

oncoo

Ranzato CVPR'13
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Taking advantage of structure: Convolution

How to limit the number of parameters?

@ Shared Weights
e Hidden nodes at different locations share the same weights
@ Substantially reduces the number of parameters to learn

o Keep spatial information in a 2D feature map (hidden layer map)

Example: 1000x1000 image
1M hidden units

Filter size: 10x10
100M parameters

Share the same paraneters across
different locations:
Convolutions with lefrned kernels

Ranzato CVPR'13

=

= Computing responses at hidden nodes equivalent to convolving input
image with a linear filter (learned)
= A learned filter as a feature detector
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Convolution: Scalar Images

® 2D convolution with a Finite Impulse Response (FIR) h of size d (odd):

d-1 d-1
2 2
fl(’7./) (f*h) 7./)_ Z Z f(i_n7j_m)h(n7m)
d-1 d-1
n=-5= m=—3=

* Simply centering filer h in pixel (x,y) = weighted sum

xo
030 & & .

Gontercmonf e ot e o v 7
s e sass et x0 i
o acpied s vt ooy e, 0X0 -2 B
o1 i

F [

New pixel value (destination pixel)

® Qutput for 1 filer (resp. K filters): 1 2D map (resp. K 2D maps)
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2D Convolution vs Cross-Correlation
e 2D Convolution:
f'(i,j) = (f » h)(i,j) = X f(i=n,j—m)h(n, m)
e Cross-Correlation: n
f'(i,j))y=(fFh)(i,j) =X f(i+n,m+j)h(n,m)

e Cross-Correlation ~ Convolution without symmetrizing mask!

-4 0 O 4 0 O
h=] 0 0 0 |=g=| 0 0 O
0 0 4 0 0 -4

Sounce pixel

Convolution kernel
(emboss)

New pixel value (destination pixel)
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2D Convolution / Cross-Correlation: Example

® Cross-Correlation: output maps < location in input
image similar to mask

X Input W kernel or filter
I —— — -

_ * —

— —

—

—A—
Local recptive field T
1 | 3 | Hidden neuron

| 0ol3 . (Freature map)
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Convolution: Example for Gradient Computation

* Gradient: E(x,y)=( % % )T=( Ix ly )T

¢ Convolution approximation: I ~ [ x My, I, ~ [ x M,

1 -1 0 1 -1 -2 -1
M, = i -2 0 2 -1 0 0 O
1 2 1

M, =

D=

-1 0 1

lo = Ix? + Iy?
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Convolution Layer

® 2D convolution: each filter = 2D map (image)

e Convolution Layer: staking maps from multiple Filters
= Tensor: multi-dimensional array

Apply Filter 1 Apply Filter 2 Apply filter 3 Apply Filter 4

Stack results into a 3D volume
(depth 4)
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Convolution Layer

e Tensor: stacking several filters outputs

o Depth < # filters

e Each spatial position: output for the different filters
® Ex: 2D conv with gray-scale images, input tensor depth=1
¢ Convolution on color images / hierarchies:

e Convolution on tensors!

o Input Tensor = output Tensor
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Convolution Layer for Tensors

K S G
f(i,j) = (f*h)(i,j)= Z > o f
k=1 =2t m=- "7

e Convolution: linear, bias b = affine

J
7
VAT

Filter o

Output

Input

T, Df‘})

¢ Filtering on depth: correlation between feature maps

nicolas.thome@cnam.fr

TRIED - US330X / Deep Learning

<

height

i—-n,m-j,k)h(n,m k) + b


mailto:nicolas.thome@cnam.fr

ConvNets
00000000000000000e00000000000

Convolution Layer for Tensors

Ex: input color image

&PM&(/H?
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Convolution Layer for Tensors

Natural extension for multiple filters

ot | ,
z H
|
[
et | |
Va [
s,
InpUt Filter,
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Convolution Layer for Tensors

Ex: input color image
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Pooling Layers

How to gain (local) shift invariance ?
e Spatial agregation for each layer
® |f stride s > 1, sptial resolution decreases (subsampling) =
gaining invariace to local translations
hidden neurons (output from feature map)

max=pooling units

oo ]
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Pooling Layers

By “pooling” (e.g., taking max) filter

responses at different locations we gain
robusiness to the exact spatial location
of features.

Slide credits: M. A. Ranzatto
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Pooling Layers: Examples

Max-pooling:
n HHE n—1/—_ _—
h}‘(x9y)_max.ie.\-’lx]‘}E.V(y:-hj (x,7)

Average-pooling:

L2-pooling:
n aiai ,' A=l =32
hf(x’y)_v ZiE.\’lIJ,j‘E.‘V[}-I h! (x’y)

L2-pooling over features:
— —1 2
1 (x, 2= b (3, 9)

Slide credits: M. A. Ranzatto |
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Max Pooling & Translation Invariance

—
* Translation invariance wrt vector T = (4, t,)" if:

N

e T = new largest element at pooling region edge
—

e T =+ remove max from pooling region

® Ex: 5x5 conv map, 3 x3 max pooling centered at 15:
max =15,

® |nvariance

1 -5 1 -2 0
113 0 0 |5
C=| 8|4 15 -10|4
86 5 3|7
3 0 -2 9 3
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Max Pooling & Translation Invariance

—
* Translation invariance wrt vector T = (4, t,)" if:

N

e T = new largest element at pooling region edge
—

e T remove max from pooling region

® Ex: 5x5 conv map, 3 x3 max pooling centered at 15:
max =15,

¢ Invariance KO: right translation t, = +1 px

= max =17
1 -5 1 -2 0
113 0 0 |5
C=| 8|15 4 -10|4
8|16 b 3 |7
3 0 -2 9 3
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Max Pooling & Translation Invariance

® Max pooling: partial translation invariance (under some

conditions)
o At least local stability: every value in bottom changed, only
half values in top changed = Distance after pooling decreases

POOLING STAGE
@ @ @ & QOutputs of maxpooling
v? 2
: o ° o ° - &— Qutputs of nonlinearity
DETECTOR STAGE
POOLING STAGE
v’ i
DETECTOR STAGE

From [Goodfellow et al., 2016]
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Convolutional Neural Networks (ConvNets)

® An elementary block: Convolution + Non linearity + pooling
* Stack several blocks: Convolutional Neural Networks (ConvNets)

k learnt filters

IV

i

Input Convolution Pooling
Figure: Important building blocks in CNN
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Convolutional Neural Networks (ConvNets)

e Generally, Feature maps stacked together at one point = fully
connected layers

'weightﬁ
Input Class
) labels
Sub-:«ampling%&mvoluﬁtm Sub-sampling \
— — — — Ny —
Er—
Convolution
. Poolin . .
Coding g Coding Pooling

Figure: Important building blocks in CNN
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ConvNets: Conclusion
¢ Crucial step for tacking advantage of structure = local processing

e Useful for many data types and applications:

o Low-level signal, e.g. image, audio (speech, music)
e More semantic data, e.g. modern text embedding (word2vec) or RNN

* Block [Convolution + Non linearity + pooling | intuitive for modeling
hierarchical information extraction

CEICEHC -
: ; ®

- (g

. O il
WES
Pz 2ARU, yHiE>
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Case Study: LeNet Model
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Outline

@ Case Study: LeNet Model
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Case Study: LeNet Model
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Deep Learning: Trends and methods in the last four decades

80's: 15 Convolutionnal Neural Networks

® LeNet 5 Model [LeCun et al., 1989], trained using back-prop

Gl maps 16@10:10

Lrgpsug Eé ‘ea'-ure maps S4: 1, maps 16@5:5
4 S2: 1. maps 05 layer
| S@1ax1a | i ! Fe: ayer ouTeuT
FL" connectian Gaussiar
Canvelutions Subsampling Convolutions  Subsampling Full conneciion

Input: 32x32 pixel image. Largest character is 20x20

® 2 successive blocks [Convolution + Sigmoid + Pooling (+sigmoid)]
Cx: Convolutional layer, Sx: Subsampling layer

e C5: convolution layer ~ fully connected

2 Fully connected layers Fx
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Case Study: LeNet Model
00®0000000

80's: LeNet 5 Model

C1 Layer

GC3: 1. maps 16@10x10
54: 1. maps 16@5x5

C1: feature maps
GEEE2E

INFUT
F2x32

S2:f. maps
GE14x1s

Full connection Gaussiar
Convolutions Subsampling Conveolutians  Subsampling Full connection

e Convolutional layer with 6 5x5 filters = 6 feature maps of size
28x28 (no padding).
 # Parameters: 52 per filer + bias = (5+5+1) %6 = 156

o If it was fully connected: (32*32+41)*(28%28)*6 parameters
5~10° !
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80's: LeNet 5 Model

Gl maps 16@10:10
INPUT 1 1ea'.une maps 5411, maps 16@35x5

GEDZE
| e 3

FL" connectian Gaussiar
Canvelutions Subsampling Convolutions  Subsampling Full conneciion

Subsampling layer = pooling layer
® Pooling area : 2x2 in C1

Pooling stride: 2 = 6 features maps of size 14x14

® Pooling type : sum, multiplied by a trainable param + bias
= 2 parameters per channel

Total # Parameters: 2 x 6 = 12
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Case Study: LeNet Model
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80's: LeNet 5 Model

C3 Layer: Convolutional
® (C3: 16 filters = 16 feature maps of size 10x10 (no padding)

GC3: 1. maps 16@10x10
IMEUT %Zigﬁgge maps 54: 1. maps 16@5x5
F2x32 S2:f. maps
GE14x14

Full connectian Gaussiar
Canvelutions Subsampling Convolutions  Subsampling Full conneciion
1]- 1 2 3 4 "-l’ ’j, T8 9 10111213 1-4 li‘
* 5x5 filters connected to a subset of S2 maps 1 xx xix S x¥Nx %
= 0-5 connected to 3, 6-14 to 4, 15 connected to 6 ¢ x ‘j oo } N ' X
a X X X X X X X X X X

® # Parameters: 1516
(5#5%3+1)%6+ (5x5%x4+1)+9+ (5*5x6+1)=456+909+ 151
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80's: LeNet 5 Model

Gl maps 16@10:10
INPUT 1 1ea'.une maps 5411, maps 16@35x5

GEDZE
| e 3

FL" connectian Gaussiar
Canvelutions Subsampling Convolutions  Subsampling Full conneciion

Subsampling layer = pooling layer
® Pooling area : 2x2 in C3

Pooling stride: 2 = 16 features maps of size 5x5

® Pooling type : sum, multiplied by a trainable param + bias
= 2 parameters per channel

Total # Parameters: 2 x 16 = 32
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80's: LeNet 5 Model

C5 Layer: Convolutionnal layer

Gl maps 16@10:10

L"ﬂg (E;é) 1ea'.une maps 5411, maps 16@35x5
4 S2: 1. maps 05 layer
| S@1ax1a | i ! Fe: ayer ouTeuT
FL" connectian Gaussiar
Canvelutions Subsampling Convolutions  Subsampling Full conneciion

120 5x5x16 filters = whole depth of S4 (+ C3)

Each maps in 54 is 5x5 = single value for each C5 maps

C5 120 features map of size 1x1 (vector of size 120)
= spatial information lost, ~ to a fully connected layer

Total # Parameters: (5+5 %16+ 1) » 120 = 48210
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Case Study: LeNet Model
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80's: LeNet 5 Model

GC3: 1. maps 16@10x10
IMEUT %Zigﬁgge maps 54: 1. maps 16@5x5
F2x32 S2:f. maps
GE14x14

Full connection Gaussiar
Convolutions Subsampling Conveolutians  Subsampling Full connection

F6 Layer: Fully Connected layer

¢ 84 fully connected units.
® # Parameters: 84*(120+1)=10164

F7 Layer (output): Fully Connected layer

® 10 (# classes) fully connected units.
® # Parameters: 10*(844-1)=850
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Case Study: LeNet Model
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80's: LeNet 5 Model

Fey /79064
o : 67578634%¢
Evaluation on MNIST 2 arnlasre
® Total # parameters ~ 60000 A 79 [ 8394
. ALy dd 1540
e 60,000 original datasets: test error: 0.95% 189265% 1499
e 540,000 artificial distortions + 60,000 222334450
L A DA3 8073657
original: Test error: 0.8% Olatybo2ed
7728069806/

e Successful deployment for postal code reading in the US

Q| Lever s Lmcnesmen

answer: 6
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