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Introduction to Neural Networks



Goal: Learn a Parametric Function

fQZX—>Y

6 : function parameters, X :source domain Y :target domain
these are learned

Examples:
f@ :RthXC — {0,1,...,]@‘—1}

w X h x ¢ :image dimensions k : class count

: ] X h X
Image Synthesis: fo : R" — R¥77C
n : latent variable count w X h X ¢ :image dimensions

Image Classification:
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Machine Learning 101: Linear Classifier

D (
;ﬁ 1 fwx+b>0
@ fo(z) =19
£ 0 fwr+b<0
— \
§ o
> © o 6 ={w,b}
) @
S
LL ® Each data point has a class label:
(
yi _ 1 (e)
Feature coordinatex 1 0 (o)
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Nonlinear decision boundaries

X X
g: X — X’ * .
o. e, 0 o :
o -~ O
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O

0 ifwglx)+b<0
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Building A Complicated Function

Given a library of simple functions

Compose into a

' ,

complicated function

l: B35 EUROGRAPHICS
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Building A Complicated Function

Given a library of simple functions

ldea 1: Linear Combinations
Compose into a

' ,

. . A Kernels
complicated function

A é

flx) = Z o gi ()

%‘N:

A Boosting

l: B, EROGRAPHICS
Sk 2018



Building A Complicated Function

Given a library of simple functions

ldea 2. Compositions
Compose into a

' ,

complicated function

A Decision Trees

A Deep Learning
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Building A Complicated Function

Given a library of simple functions

ldea 2. Compositions
Compose into a

' ,

complicated function
A Deep Learning

A Decision Trees

A Grammar models
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e

*@® synapse
axon from a neuron
woL(

Sigmoidal activation

i (Z wW;T; + b) '
f output axo;

activation ‘
function

cell body

sz‘l”i +b

w1

Wo L9

| Fay | |
-6 -4 =2 0 2 4 6
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Activation functions

—— function
—— derivative

S

S -0.5 |

{ 0§ SLI 6 & LIS NOSLIRNMPRY £ 0 dypdroplig targdni Reétified Linear Unit

| (RELU)
o) = { 0 a<0 o(a) exp(a) — exp(—a)

1az0 Y7 T epra 1Y @ rexp(ca) 9 Tm0:0)

Image Credit: OlivigBriseland Charle©llion
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Perceptronso ¢ n Qa v

Apple Orange XOR: perceptron killet

output units e.g.
class labels L9

non-adaptive

hand-coded
features
Fixed
mapping Input units

e.g. pixels
g.p T1

E2 = EUROGRAPHICS
gescrddfit: G. Hinton
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Multi -LayerPerceptrong(~1985)

Z Wk, 49 Z Wi,k Um + br | + b;
keN (i) meN (k)

G OUtpUtS

hidden
layers

4 Input vector

EG Course Deep Learning for Graphics
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Reminder: Nodinear decision boundaries

This is what the hidden layers

X should be doing! “ X,
o g X — X/ ” . ..
1 1f w g (at) »

0 ifwg(lx)+b<0
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Nonlinear mappingR* — R?

Evolution of isocontours as parameters change

05

-0.5

1t
-1

B EUROGRAPHICS

el 2018

l_l

I
0.5

Il
0.5

Y1 = 9(w1,1$1 T W1,2X2 T w1,3)

Y2 = 9(w2,1$1 T W2 272 T w2,3)

y = g(Wx)

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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From nonseparable to linearly separable

Non-linearl o |
bl dy t Data mapped to Decision function
Separable data learned space
\ / { !
\ / I I
_-\\ /f -y o
\\ N // _ \\\ N— //’
\
\ 7 J I’
\ / \
\\ // \\ //
N "4 \ /

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Linearizing a 2D classification task (4 hidden layers)

1 _I T T '\ T
\
05} T TN \
| yad N
0r / / /I _
| ( ,
q \ //
N
-0.5 \ ‘h\ ",4/
\
1 0.5 0 0.5 1 http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Linearization: may need higher dimensions

l_l

0.5F

-0.5

_l_l'

sl 2018

2 =" -EUROGRAPHICS

1
-0.5

1
0.5

Points in 1D,
Decision in 2D

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Linearization: may need higher dimensions




Linearization: may need higher dimensions

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Hidden Layers: intuitively, what do they do?

LYGdzZAGA2YY £ SFNY GRAOQOUAZ2YI NBE FT2NJ 202
G5AA0NAOdzSR NBLINSaSYUl GAZ2Yy €Y
represent (and classify) objects by mixing & mashing reusable parts

[0010000100110010...]truckfeature

a

......




Deep Learning = Hierarchical Compositionality

EZ . EUROGRAPHICS
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Deep Learning = Hierarchical Compositionality

High-Level Trainable | N car O

Low-Level Mid-Level
— -
Feature Classifier

Feature Feature
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MLP Demoplayground.tensorflow.org

Q-

DATA

Which dataset do
you want to use?

Ratio of training to
test data: 50%

—e

p

Moise: 0

Batch size: 10

—e

REGENERATE

. .EUROGRAPHICS
2018

Epoch

000,000

FEATURES

Which properties do
you want to feed in?

Learning rate Activation

Reqularization

0.03 - Tanh - Mone
+ — 2 HIDDEN LAYERS
+ - —
4 neurons 2 neurons
'.
2

The outpuis are
; va
weights, sho

by the thickness of

the lings.

|EpEp Ny

This is the output
from one neuron
Hover fo see it

larger.

Regularization rate Problem type

0 - Classification -

OuUTPUT
Test loss 0.501

Training loss 0.518

Colors shows -|
data, neuron and ! !

weight values. . - !

[ Showtestdata [] Discretize output

EG Course Deep Learning for Graphics


http://playground.tensorflow.org/
http://playground.tensorflow.org/
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Training and Optimization
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Neural Network Training: Old & New Tricks

Old:

Backpropagation algorithm

020Kl a0A0O DNIYRASY(O 5Sa0Syiz az2yYSy
New: (last 56 years)

Dropout

RelLUs

Batch Normalization
Residual Networks

FES . EUROGRAPHICS
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Training Goal

Our network implements a parametric function:
Jo : X — Y g = f(x;0)

During training, we search for parameters that minimize a loss:

mgin L (0)

Example: L2 regression loss given taiget y*) pairs :

Ly(®) = _1f@"0) =l
L:. E EURDGRAPHICS 2



Gradient Descent Minimization Method

We can always make it converge fozanvexfunction

tf(z1) + (1 —t) f(z2)
f(tml +(1-— t]mg)

flz1) |-

2 =" -EUROGRAPHICS
Sk 2018

Initialize: 6
Update: 0,11 = 0; —aVf(0;)

i -20
T -10
tr1 + (1 — t)mg 2
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Multiple Local Minima, based on initialization

J(00,0,)

) 6 ‘—,—T:. v,v_.:t»--(; . "‘“". —~—— L .nn h ()1
0 Y

Empirically all are almost equally good
Central research topic: how can this happen?

S [UROGRAPHICS On tO the gradlent5|
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All you need Is gradients

Forward

X

_

Backward

oL
0X
-

0L
0/




Chain Rule

I.
dr. drL.

dx

dy

Given y(x) and dL/dy,
What is dL/dx ? -




Chain Rule

I.
dr. dL

dx dy

Given y(x) and dL/dy, dl. _dL dy

What is dL/dx ? dx ~ dy dx

EE : lwll\\
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NN

dL

dx

Given y(x) and dL/dy,
What is dL/dx ?

dL
dy

dL _ dL dy
dx dy dx




Toy example: single sigmoidal unit

1

flw,z) = 1 4+ exp(—(woxg + w11 + Wwo))

Composition of differentiable blocks:

f@)=> = fa)=-
fe@)=ct+az — [fl(z)=1

f@)=¢ = flo)=c"

fu@)=ar — f(x)=a

l:t EUROGRAPHICS
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Computation graph & automatic differentiation

) 2.00
* - -
0.20

JD _4.00
0.20

W-| '3.'\_-.'\.-.

SV W T P WX
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Multi -LayerPerceptrons

Z Wk ;9 Z Wi,k Um + bk + bz
keN (i) meN (k)

G OUtpUtS

hidden
layers

4 Input vector

EG Course Deep Learning for Graphics
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Multi -LayerPerceptrons

Compare outputs
with correct answer
to get error signal

Back-propagate
error signal to get «= outputs
derivatives for
learning
hidden
layers
4 Input vector

f_ﬁ"’f-EHITgGRAPHIGS EG Course Deep Learning for Graphics




Backpropagation Algorithm

b B FIROGRAPHICS
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Training Goal

Our network implements a parametric function:
Jo : X — Y g = f(x;0)

During training, we search for parameters that minimize a loss:

mgin L (0)

Example: L2 regression loss given taiget y*) pairs :

Ly(®) = _1f@"0) =l
L:. E EURDGRAPHICS 2



A Neural Network for Multtiway Classification
ananiznﬂbngﬁn

Znl

Parameters:@ — {V7 W}
Hidden layer

=1 {ﬁ'—"EH?gBHAPHICS EG Course Deep Learning for Graphics




A Neural Network in Forward Modép

Hidden layer

I Das” -EUROGRAPHICS EG Course Deep Learning for Graphics

ey 2018



A Neural Network in Forward Modép

Hidden layer

I Das” -EUROGRAPHICS EG Course Deep Learning for Graphics
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A Neural Network in Forward Modép

Hidden layer

5= -EUROGRAPHICS EG Course Deep Learning for Graphics
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A Neural Network in Forward Modép

Hidden layer

I Das” -EUROGRAPHICS EG Course Deep Learning for Graphics
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Objective for linear regression

Outputs

Ground
> C truth
nl ~ -
(§,5) =) (ye— )

F=har EH?SBHAPH'CS EG Course Deep Learning for Graphics




Objective for multiclass classification

exp(bk)

InD . yn(7~ O

z Qi | |

e Y1 | ()
Outputs -

Ground
truth

C
Znl A~ A~
0(y,y) = ZYclOg(Yc) ‘Cross-entropy
c=1

52 -EUROGRAPHICS EG Course Deep Learning for Graphics
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Neural network in forward mode: recap

Network output: 57' — f(X; vV, W)

Loss (prediction error): [(F,y)

ol(y,y) Oly,y)

What we need to compute for gradient descent:
6V7; aWj



A Neural Network in Backward Modat<

EG Course Deep Learning for Graphics




A Neural Network in Backward Modat<

Hidden layer

This we want 2,1

ol

— ?

RS EUROGRAPHICS )
Es e 2018 awjk




A Neural Network in Backward Modat<

Hidden layer

This we want z,;

=] EH?EGHAPH'CS azj




Linear Layer in Forward Mode: All For One

H

bm — E <hWh m

h=1
<1 PS

N,

7

Z",_' ‘EB?EGRAPH'CS EG Course Deep Learning for Graphics




Linear Layer in Backward Mode: One From All

H

bm — E <hWh m

h=1

— oL
< o,
PR

-
-

OL  ~OL b, 0L
0z, N 1(9[?0 8Zh_ ob.,

c= c=1

Z 1' El(J]I?gGHAPHICS EG Course Deep Learning for Graphics




Linear Layer Parameters in Backwardtdt1l

H

bm — E <hWh m

h=1
® oL

EG Course Deep Learning for Graphics



A Neural Network in Backward Modat<

Hidden layer

This we want zZpinis we haV‘?’his we computed

8[ Z (0 8[
e & p— p— —Z .
: ?;'."Eg?gGHAPHICS aw]k — 3 A 8bm J EG Course Deep Learning for Graphics




A Neural Network in Backward Modat<

Hidden layer

This we want zZpinis we haV‘?’his we computed

ol ol 100, Ol
e G g — ob Wi,m
f=d g Egr]agaﬂﬂpmcs c‘?zj — 2 ‘ (9,2 . — m EG Course

Dee

p Learn

ing for Graphics



A Neural Network in Backward Modat<

Hidden layer

2B, EUROGRAPHICS

=4 TR eep Learning for Graphics




A Neural Network in Backward Modat<

Hidden layer

0l 0l 0a,k 0l
__ = — 1,

FES . EUROGRAPHICS .. .. . _ _
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Neural Network Training: Old & New Tricks

Old:

Backpropagation algorithm

020Kl a0A0O DNIRASY(l 5Sa0Syiz az2yYSy
New: (last 56 years)

Dropout

RelLUs

Batch Normalization

l: B35 EUROGRAPHICS
Sl 2018



Training Objective for N training samples

L(W):%Zl g +Z)\zz )

Per-sample loss
Per Iayer regularization

Gradientdescent: Wy = Wy — eVwL(Wy)

(I,k,m) element of gradient vector:

oL 1
oW, . N =

I-th example

If N=10° , we will need to run back-prop 10° times to update W once!

2. [ UROGRAPHICS
s 2018
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Stochastic Gradient Descent (SGD)

Gradient: Batch: [1..N]

oL

i'*z'

1=1

Noi sy (6St oc haMinibatchoBele@enssd{ ¢ ht : b(2), é

yb() Ab(z‘))

0L
o

z:l k,m

Epoch: N samples, N/B batches
E E EUROGRAPHICS

_ 1 i o L2\, W
oW, N OW cT keym

| 2)\ZW§<,m

b( B) :



Code example

Gradient Descent
VS
Stochastic Gradient Descent



Regularization in SGD: Weight Decay

Gradient: Batch: [1..N]

Noi sy (6St oc haMinibatchOBele@Gensd{ ¢ht : b(2), ¢é, Db(B):

Back-prop on minibatch O00Wei gh decayo6b6
Epoch: N samples, N/B batches

g F-;_l-'.'-"‘EUR[JGRAPHICS
e e 2018
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Learning rate

A
loss

N

low learning rate

high learning rate

good learning rate

>
epoch

'_ﬂ;f;;:’;g“-'EURUGRAPHlGS ‘ ‘ t—|—1 — ‘ » t EWL( »» t) EG Course Deep Learning for Graphics
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Gradient Descent

VAVAVAV;

: i—é-:'-‘EHl?SBHAPHlCS EG Course Deep Learning for Graphics




(S)GD with adaptablstepsize

fiw) Jfow) |\ / fiw)
/

w W w’ w w* W
Too small: converge Too big: overshoot and Reduce size over time
very slowly even diverge

C
€t — —
L

2= -EUROGRAPHICS

=4 IEtr EG Course Deep Learning for Graphics



(S)GD with momentum

Main idea: retain longterm trend of updates, drop oscillations
(S)GD Wit = W; — EtVWL(W)
(S)GD + momentum

Vipr = pVi+ (1= p)VwL(Wy)
Wt_|_1 = W, — €t‘ft—l—l

.-_,.-j-_.;;fg.’.EURUGRAPchs
e e 2018
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Code example

Multi - layer perceptron classification



Step-size Selection & Optimizers: research problem
w b S a i SAd@Ier&ed Gradient (NAG®

w R-prop | AdaGrad
w AdaGrad A ai—-SGD
“/' \ - ASGD
| Prox—-SAG
W RI\/ISProp \-\ Prox-SVRG
w AdaDelta \ - Seb
\
w Adam \ S
w X A\ ‘.
N\ \ )
\‘-\\ \ ./\ I°~._
\""‘-. b ‘/ \ / .\.
--.\ -‘. .
\
\\ — — -

l: B, EROGRAPHICS
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Neural Network Training: Old & New Tricks

ht RY o0y nQao

{020KIFa0A0O DNIYRASY(Ol 5SaoSyidcz
New: (last 56 years)

Dropout

RelLUs
Batch Normalization

azYSy



Linearization: may need higher dimensions

a:VX ZnH b:WZ

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/

SR FROGRAPHICS
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Reminder:Overfitting, in images

Classification

just right

Underfitting s Overfitting

Regression

E l‘-ElUquGRAPHIES EG Course Deep Learning for Graphics



Previously: I2 Regularization

LW) =+ Y139 + S A S (W,)°
1=1 [

k,.m
Per-sample loss Per-layer regularization

l:t EUROGRAPHICS
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Dropout

\>
N

(2
6

!‘.ﬂaﬂwﬂw’.&dﬂ#
.__.‘ LA A + u‘_ 4.9 L)
INIAY ‘u IRV
/ o S\@ 0N

/]

.mﬁ uﬁ.,mﬁ E__‘.
5&%& ’.,.%ﬁ X

ot
A

/ J \ .N‘_.«_, W\
I\ o\
o.'/o"/o

A

(b) After applying dropout.

Standard Neural Net

Eae
&

Odeci mat e

a

processed by

S

sampl e |

Each

Decimated nets: distinct classifiers

But: they should all do the same job

%, FROGRAPHICS
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Dropout block

(a) Standard network

(b) Dropout network
Figure 3: Comparison of the basic operations of a standard and dropout network.

'rgl) ~ Bernoulli(p),
z_(Hl) _ wglﬂ)yl n bz(.lH), y(l) — (0 y(l),
yfﬂ) _ f(zgﬂ)), Zi(l+1) _ W§z+1)§z i b§z+1)’
u o= ).
-; EUROGRAPHICS EG Course Deep Learning for Graphics

2018 OFeature nol singo



Test Classification errar %

Test time: Deterministic Approximation

1.3‘_‘h T L T T L
#—4 Monte-Carlo Model Averaging
i Approximate averaging by weight scaling
1.30F .
L |
1.25}
|
|
1200 |
[ ]
|
1.15¢ ||
1|
1.10f
ll:lr_ll I ]| gy, IEEFYEr .
il ||||||]| " ST e eetel L4l 1
1.005 20 40 &0 a0 100 120

Number of samples used for Monte-Carlo averaging (k]

W
Always
present EG Course Deep Learning for Graphics

Present with
probability p
(a) At training time (b) At test time



Dropout Performance

20 . WlthOUt dropout

= g

: Il $ ol ool e

g | /\W “ 'M}JMM%?

£ \\‘F. A ,  With dropout

SNVEME 5\*{/’\1’ Adn/L \
PO AN R
1.0k o WV AR rﬂ‘;"‘d‘i
0 20{]'00'0 t‘lﬂﬂlﬂﬂﬂ Eﬂﬂiﬂﬂﬂ BDUICIGG 1000000

S geas F | R0GRAPHICS
5 2018

Number of weight updates

Figure 4: Test error for different architectures

with and without dropout. The net-
works have 2 to 4 hidden layers each
with 1024 to 2048 units.

EG Course Deep Learning for Graphics



Neural Network Training: Old & New Tricks

ht RY o0y nQao

{[020KIFIaGdAO DNIYRASYUl 5Sa0Syiusx azyYSy
New: (last 56 years)

Dropout

RelLUs
Batch Normalization



Wh SdzZNRP Y QY /a0l RS 2F [ A

*@® synapse
axon from a neuron
woT 0

cell body f (Zwm 4 b)
output axo;

activation
function

W2x2

Sigmoidal (Al ogi sgetfiddLinear Unit (RELU)

o) = 1 o g(a) = max(0, a)

{22 5. EUROGRAPHICS

2 3
=4 CEEnEE EG Course Deep Learning for Graphics




Reminder: a network in backward mode

Py k= 1+ eX —
Yy
Tnp () YnC' O -
T () Ynk <— 1
o1 o —

Outputs

Gradient signal ®
from above <nl

o ol 0z, Ol Ol
Dar ; 0z, Dap — oold )L — glar))

] il EHE[SIGHAPH\CS EG Course Deep Learning for Graphics

scaling: <1 (actually <0.25)




Vanishing Gradients Problem

Gradient signal
from above scaling: <1 (actually <0.25)

8ak 8zm Oap — m:

Do this 10 times: updates in the first layers get minimal
¢2L) fLeSN) 1y26a 6KIO G2 R2Z 7

0.6

Sigmoidal Unit: Signal is not getting through!

0.4

0.2

Weighted sum

o~ '."  EBRQGHAPH‘CS EG Course Deep Learning for Graphics




Vanishing Gradients ProbleniRelL.USolves It

Gradient signal Scaling: {0,1
from above O 90

ﬁ B ol 0z,
Oay, 8zm Oar — m

g(a) = max(0, a)

earning for Graphics



Neural Network Training: Old & New Tricks

ht RY o0y nQao
{[020KIFIaGdAO DNIYRASYUl 5Sa0Syiusx azyYSy
New: (last 56 years)

Dropout
RelLUs

Batch Normalization

P t%-_'Hp\][;Hf’al]Hi}fi
e et 2018



xternal Covariate Shift: your input changes

10 am 2pm /pm

X :‘-“EH%GHAPMCS EG Course Deep Learning for Graphics




G2 KAUGSYAYy3IEY {SG aSly T
Photometric transformation: |- al+Db

w Make each patch have zero mean:

1
= T Z [(_.i?_'.‘,_ -y)

Ty

Original Patch and Intensity Values

Z(x,y) =1z, y) — p
H WMW‘.._ w Then make it have unit variance:

Brightness Decreased
o - § 2
N

;i UL — Z()

ZN(z,y) =
: _—- g EUROGRAPHICS EG Course Deep Learning for Graphics

Contrast increased., a
} 2018



Internal Covariate Shift

Neural network activations during training: moving target

time = 1

time =M

layer i

time = 1

time =M

EE e



Batch Normalization

Whiten-as-you-go: S PR
* Normalize the activations ERUE L 5 T S T —
in each layer withina mini- = —
batch. VA -
i — 7T; + § = BN, alx;) A scale and shift
* Learn the mean and . , =] P
. |'.:"x_.-- e cnn B o |
rarlance (7, 8) of each N VAN O I |
ayer as parameters 0 LN ) NS | P

(b) Without BN (c) With BN

Batch Mormalization: Accelerating Deep Network Training by Heducing Internal Covariate Shift
2 loffe and C Szegedy (2015)

 ~ 'TE qugGHAPHICS EG Course Deep Learning for Graphics



Batch Normalization: used in all current systems

* Multi-layer CNN's train
faster with fewer data

samples (15x).

* Employ faster learning
rates and less network
regularizations.

 Achieves state of the art
results on ImageNet.

RS FUROGRAPHICS
=8 2018

orecision & 1

number of mini-batches

EG Course Deep Learning for Graphics



Convolutional Neural Networks



Fully-connected Layer

Example: 200x200 image
40K hidden units
‘ ~2B parameters!!!

- Spatial correlation is local
- Waste of resources
- we have not enough training samples anyway..

52 -EUROGRAPHICS EG Course Deep Learning for Graphics
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Locally-connected Layer

—

= =) xample: 200x200 image

40K hidden units
Filter size: 10x10
4AM parameters

Note: This parameterization is good
when input image is registered (e.g.,
face recognition).

EG Course Deep Learning for Graphics




Locally-connected Layer

200x200 image

40K hidden units

Filter size: 10x10
4AM parameters

Example

Note: This parameterization is good
when input image is registered (e.g.,
face recognition).

g foe EH?gGRAPHICS EG Course Deep Learning for Graphics



Convolutional Layer

: 4 # ( Share the same parameters across

y P different locations (assuming input is
; 2R stationary):
) I onvolutions with learned kernels

-

EG Course Deep Learning for Graphics



Convolutional Layer




Convolutional Layer




Convolutional Layer




Convolutional Layer




Convolutional Layer

NN R\




Convolutional Layer




Convolutional Layer

NMANMRAA




Convolutional Layer

D\ AN A




Convolutional Layer




Convolutional Layer

NAARN'AN,




Convolutional Layer




Convolutional Layer




Convolutional Layer




Convolutional Layer

SN S X0




Convolutional Layer
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Fully-connected layer

#of parameters: K?

Y1 w1 w12 w13 W14 ... WK L1
Y2 w21 W22 W23 W24 ... W2 K L2
Y3 w31 W32 W33 W34 ... WIK I3
Ya o Wyq1 W42 W43 W44 ... WY K L4

. YK _ | WK1 W2 WKg3 WK4 ... WKK | | TK _
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Convolutional layer

VS, EUROGRAPHICS
=28 2018

#of parameters: size of window

Y1
Y2
Ys
Y4

Wo W1
0 Wo
0O 0
0 0
0O 0

0 1
0 i)
0 X3
0 T4
Wo LK
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Convolutional layer
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Code example

Learning an edge filter



Convolutional layer

Learn multiple filters.

E.g.: 200x200 image
100 Filters
Filter size: 10x10
10K parameters

EG Course Deep Learning for Graphics



Convolutional layer

#input channels

h! = max < 0, Z h?_l X W P

? 1]
/ \ ]:1/ / y
output Input feature Kkernel
feature map map

Conv.
layer
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Convolutional layer

#input channels

h? = max < 0, > R wlh b

? 1]
/ \ ]:1/ / y
output Input feature Kkernel
feature map map

nt 1
hy
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Convolutional layer

#input channels

h! = max < 0, Z h?_l X W P

? 1]
/ \ ]:1/ / y
output Input feature Kkernel
feature map map

nt 1
hy
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Pooling layer

Let us assume filter is an “eye” detector.

Q.: how can we make the detection robust to
the exact location of the eye?




Pooling layer

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

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

X E= EUROGRAPHI
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Pooling layer: receptive field size

If convolutional filters have size KxK and stride 1, and pooling layer
has pools of size PxP, then each unit in the pooling layer depends
upon a patch (at the input of the preceding conv. layer) of size:
(P+K-1)x(P+K-1

L SENENT O
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Pooling layer: receptive field size
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