ECOLE POLYTECHNIQU
FEDERALE DE LAUSANNE

EPFL CS-328: Numerical
Methods for Visual Computing

2018

Neural Networks for Visual
Computing

Dr. Helge Rhodin



Reading material for today's topics

Neural Networks and Deep Learning
Chapter 1-2 (online book)

NeuralNetworksAndDeeplearning.com

Michael Nielsen
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http://NeuralNetworksAndDeepLearning.com

Neural networks In practice

Neural networks (NNS) are a widely used — a tool to learn patterns from large databases.

Natural language processing
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Neural networks In practice

Neural networks (NNS) are a widely used — a tool to learn patterns from large databases.

Computer vision, image segmentation
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Neural networks In practice

Neural networks (NNS) are a widely used — a tool to learn patterns from large databases.
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Neural networks In practice

Neural networks (NNS) are a widely used — a tool to learn patterns from large databases.
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Neural networks and visual computing

Convolutional NNs are particularly suited to extract semantic information from images.

Object and person detection [Redmon 2016]
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Neural networks and visual computing

Convolutional NNs are particularly suited to extract semantic information from images.

Object and person detection [Redmon 2016] 3D Human pose estimation [Mehta 2017]
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Neural networks and visual computing

Convolutional NNs are particularly suited to extract semantic information from images.

3D Human pose estimation [Mehta 2017]
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Neural networks and visual computing

Convolutional NNs are particularly suited to extract semantic information from images.

19

Shaded results

Shading time Deferred shading buffers

Computer Graphics, rendering [Nalbach 2017] Animation, character control
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Biological neural network

The name, but also the network structure, is inspired by our understanding of real brains.

MRS ey b
Macroscopic scale Microscopic slice 3D reconstruction

(human brain) (neocortex) (dendrite and surrounding)
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Biological neural network

The name, but also the network structure, is inspired by our understanding of real brains.
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Biological neural network

The name, but also the network structure, is inspired by our understanding of real brains.
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Artificial neural network




Artificial neural network — a graph

NNs are composed of simple primitives, neurons with multiple inputs and a single output.

Input Hidden Output
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Artificial neural network — a graph

NNs are composed of simple primitives, neurons with multiple inputs and a single output.

Input Hidden Output Neuron

X,; Input

h  activation function
W; weights

b Dbias
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Artificial neural network — building blocks

neuron: affine map + activation function, neuron w/o activation function = linear map

Neuron




Artificial neural network — building blocks

neuron: affine map + activation function, neuron w/o activation function = linear map

Activation function Neuron

 Sigmoid

~ RELU

1
siemoid(x) =
g ( ) 1+ exp(—x) h (Z W;X; 1+ b)

relu(z) = max{0, z}



Artificial neural network — building blocks

neuron: affine map + activation function,

Activation function

neuron w/o activation function = linear map

Neuron

] Sigmoid :
RELU
gmoid(z) 1
sigmoid(z) =
5 1 + exp(—x)

relu(z) = max{0, z}

Fully-connected NN

Input Hidden Output

agl) =h <WS%X1 + WS%XQ + Wg?))Xg + bg”)

ol = b (it + wih + withey +14)

ol = (i + il + i+ 4))
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Artificial neural network — building blocks

neuron: affine map + activation function, neuron w/o activation function = linear map

Activation function Neuron Fully-connected NN
oy — In;?ut Input Hidden Output
SlngId l.'/xl\\l Neuron
U /»&‘ @
B W2 h (z‘: WX, + b) @
N /
I © ey
/
RELU \’:'// W3
-
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N4
: : 1 ) — (w4 wilxa + wilxs + 5(0)
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relu(aj) — maX{O, x} ) agl) —h (W )Xl + Wé];%XQ + WS%X;), + bg1)>
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3,1
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wall s wila) s wihal) 4 1f?

Linear without activation function!

a® = w(wilx, + wilhes 4wl +600) 1 ... 4 b
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Artificial neural network — a function

NNs are general they can be used as a black-box function that maps input to output.

Input
domain
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Artificial neural network — a function

NNs are general they can be used as a black-box function that maps input to output.

Input
domain
Examples
Hello world Re4F, 57
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Approximation power — universal

Four neurons can form a box-function, multiple boxes can approximate continuous functions.

}, -1 agl) = relu(x — u)
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RELU
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Approximation power — universal

Four neurons can form a box-function, multiple boxes can approximate continuous functions.

}, -1 agl) = relu(x — u)
DS & R v
! ! L@ _ )
1 1 2

ol - u . )
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Approximation power — universal

Four neurons can form a box-function, multiple boxes can approximate continuous functions.

}, -1 agl) = relu(x — u)
@\ / aél) = relu(x — v)
1 B 8(2) = a(l) — a(l)
1 1 2
o ) ’LL VU -
agl) = relu(z — u) |
1 1 ‘, ,
//§ ay = relu(v —v) - [ Boxfunction |
|
EONe I
K % a’) = relu(z - d) ] | \
2 1 1 1 1 |

U, v ‘ c,d

Step function

Approximation
f(x) =xN2

Mathematical prove in [Hornik et al., 1989; Cybenko, 1989]
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Approximation power — universal

Four neurons can form a box-function, multiple boxes can approximate continuous functions.

Step function

() — relu(x — u)

N ay”) = relu(r —v)
! ! L@ _ )
1 =3 2

agl) = relu(x — u) r
1 ‘, _

X = relu(z — v) . | Box function |

o |

( |

a?

1
/ :
e
a;’ = relu(x —c)
a,’ =relu(x —d | |
1 o T — : oz
| Approximation in 2D | |
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Approximation
f(x) =xN2

[neuralnetwofksanddeeplearning.com] , —
Mathematical prove in [Hornik et al., 1989; Cybenko, 1989]
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Artificial neural network — structure

It is common and efficient to group neurons in layers and to use matrix-vector notation.

Neuron

Input
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Artificial neural network — structure

It is common and efficient to group neurons in layers and to use matrix-vector notation.

Neuron Network Layered network
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Artificial neural network — structure

It is common and efficient to group neurons in layers and to use matrix-vector notation.

Neuron Network Layered network
Input Hidden Output Input Hidden Output
)
2) p(2) /\
w w3
4 LD Ne)
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\_/
\_/

aj") = h (Wfixl + ngxz + WS%X?) + b&”) al) = B(WWx + b))
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Linear and affine transformations

An affine map is a linear map plus an offset = alinear map with an augmented vector.

Linear
f(x) = ZWz‘Xi
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An affine map is a linear map plus an offset = alinear map with an augmented vector.
Linear Affine Cw [+
. X
f(x) = Zwixi f(x) = Lwixi + b
= W- X =W X+ b
—W - X




Linear and affine transformations

An affine map is a linear map plus an offset = alinear map with an augmented vector.
Linear Affine Cw [+
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with w = (W1, Wo, ..., W,,b) 2:C

and X = (X1,X2,...,Xp, 1)
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Linear and affine transformations

An affine map is a linear map plus an offset = alinear map with an augmented vector.
Linear Affine [Cw [ + e
. X
f(x) :ZWiXi f(x)=> wix;+b )
=W - X w o | [ ]
_— ) |
X with w = (W1, Wo, ..., W,,b)
L and X = (X1,X2,...,Xpn, 1) .
Multidimensional _ S
f(x) = Wx F(x) =W - % "
Wi1 Wi2 ... Wi, b
X with W = (w2,1 Wap .. Wap bz) W b | |1
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Artificial neural network — matrix notation

Layered NNs are simply a chain of matrix multiplications and activation functions.

Neuron

Matrix representation
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Artificial neural network — matrix notation

Layered NNs are simply a chain of matrix multiplications and activation functions.

Neuron Linear layer
In9ut
l"/;(\\ Neuron Input Output
1 |
\ o &
o W2 (h(Zw.x,+b) N /D
|'/x A \V/ W,b
X2 ) w2
N s
/_-‘-,\ N
| X3 N
\__/
h(w - x + b) a=h(Wx+Db)
= h(linear(x, W, b))
Matrix representation
I . X
[+
W "+ |p




Artificial neural network — matrix notation

Layered NNs are simply a chain of matrix multiplications and activation functions.

Neuron

Linear layer

Matrix representation

s ]+

Input Output

N
(o

X

Wb

Layered network

N

N

Input

)

a=h(Wx+b)
= h(linear(x, W, b))

Hidden

2

a()

Output

(@)




Artificial neural network — matrix notation

Layered NNs are simply a chain of matrix multiplications and activation functions.

Layered network

uuuuuuuuuuuu
7N
7
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w® w2
NV
\_/

al) — h(W(l)X 4+ b(l))
a® = p(W@al) 4 p@)
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Artificial neural network — matrix notation

Layered NNs are simply a chain of matrix multiplications and activation functions.

Layered network

7
7
X NE a®
The shape of W wol  |w®
defines the
network structure
N
NI
al) = ,(Wx + b))
a® — B(W@a) 4 )
T+ 5
(2) X (1) (2)
(1)
W h w47 ]+
I 1
| GO |




Artificial neural network — matrix notation

Layered NNs are simply a chain of matrix multiplications and activation functions.

Layered network

)

N

X a(l) a(z)
The values of W The shape of W wo|  |lwe
define the functionality. defines the
network structure

N>

\_/

al) — h(W(l)x 4+ b(l))
a® = p(W@al) 4 p@)




Deep

Chaining many (more than 1) hidden layers yields a deep neural network.

Shallow Learning

RGL

CVL
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Hidden
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Deep

Chaining many (more than 1) hidden layers yields a deep neural network.

Shallow Learning N
)
| o] (a@
wil o (wi®
N
N>
N>
M Input Hidden Hidden Hidden Output
Deep Learning NN N
7
X a1 a(2) a3 @
w w2 w3 W&
N
N

N
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Deep

Chaining many (more than 1) hidden layers yields a deep neural network.

Functional representation

nn = linear(- - - A(linear(x, W b)) ... WD pld)

Matrix representation

N1l —

RGL

h

CVL

(a)
W
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Neural network playground (classification)

O ’I L | L " ) recuiaris eaual i L I AL ARRN ;!
OO0.000 0.03 v Tanh v None v 0 v Classification

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT

-0
1S

l
ufslaisip

REGENERATE

http://playground.tensorflow.org
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http://playground.tensorflow.org

Deeeeeeep

Very deep networks of hundreds of layers can be formed but require special architectures.

- Residual network, more than 100 layers
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FaceApp

Very difficult tasks can be modeled. Such as changing the age or gender of a photo.
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Image to image translation

[Everybody dance now. Chan et al. 2018]
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Image to image translation

[Everybody dance now. Chan et al. 2018]
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My research on human motion capture

[Rhodin et al. 2018]
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My research on human motion capture

[Rhodin et al. 2018]
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Learning from examples

The vast amount of NN parameters can’t be defined by hand. It is learned from data.
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Big data and deep learning

Training neural networks require huge amounts of data — coined big data.

Human3.6M

a dataset by Catalin lonescu, Dragos Papava, Olaru and Cristian Sminchisescu

Human3.6M
(14 million image-class pairs) (3.6 million image-3D pose pairs)

RGL CVL P\ CS-328 39
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Big data and deep learning

Training neural networks require huge amounts of data — coined big data.

Human3.6M

. o '7-1";1’“" S
" v L o - - ""’\—-—-
-: =i V‘H;. 4 = —2‘ , et .

mage net
(14 million image-class pairs)

Baiing o Dast.  Aelygious TN Py g s Larene Tty pas Fenn ag —— ey P .

S R, BEESSAE cho-IERS ¢ BESs
BT 7 e S L BT SR SRR
-meﬁﬂm
ﬂ&ﬁ. *‘h m- ,;m
MPII human pose
(40 thousand image-2D pose pairs)

RGL

ECOLE POLYTECHNIQUE
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a dataset by Catalin lonescu, Dragos Papava,

Olaru and Cristian Sminchisescu

Human3.6M

(3.6 million image-3D pose pairs)

Madam President , I should like to draw your attention to a case
It is the case of Alexander Ni@@ ki@@ tin .

Frau Prisidentin ! Ich méchte Sie auf einen Fall aufmerksam mache
Das ist der Fall von Alexander Ni@@ ki@@ tin

Europarl translation dataset
(60 million words per language)

CS-328 39
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Sampling?

In high dimensions, the course of dimensionality prevents regular sampling. Splitting each
dimension in half causes exponentially many cells. It is impossible to create large enough
datasets that samples all these dimensions.

- Sampling, course of dimensionality

1D 2D 3D 784D
2 cells 4 cells 8 cells 2784 cells
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Sampling?

In high dimensions, the course of dimensionality prevents regular sampling. Splitting each
dimension in half causes exponentially many cells. It is impossible to create large enough
datasets that samples all these dimensions.

- Sampling, course of dimensionality

1D 2D 3D 784D
2 cells 4 cells 8 cells 2784 cells

- Non-convex problem

- Newton’s method, BFGS, or gradient decent solver?
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Neural network — a parametric function

NN: A parametric function, but with more parameters & higher complexity than seen before.

Input
domain
nn =
Function Parameters
Linear regression f(x)=w-x w € R"
Polynomial regression  f(z) =w-(L,z,2%,... 2" w € RF
Neural Networks linear(- - - h(linear(x, W b)) ... WD pd) (WO, WO ... WD b1 b@ ... b}

W(’L) E Rmz XMmg;—1
b() € R™

)
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Neural network — a parametric function

NN: A parametric function, but with more parameters & higher complexity than seen before.

Input
domain
1111 =—
Function Parameters
Linear regression f(x) =w-x w € R" ‘} iIncrease
Polynomial regression  f(z) =w-(L,z,2%,... 2" w e R"
Neural Networks linear(- - - h(linear(x, W b)) ... WD pd) (WO, WO ... WD b1 b@ ... b}

W(’L) E Rmz XMmg;—1
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Neural network — a parametric function

NN: A parametric function, but with more parameters & higher complexity than seen before.

Input
domain
11 =
Function Parameters
Linear regression f(x) =w-x w € R" ‘} iIncrease
Polynomial regression  f(z) =w- (1, z,2% ..., 2"} w e R ‘1 increase
Neural Networks linear(- - - h(linear(x, W) b)) ... WD pld) (WO, WO ... WD b1 b@ ... b}

W(’L) E Rmz XMmg;—1
b() € R™
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An optimization problem

Optimize the parameters such that the predicted values are as close as possible to the labels.

arg mein E(D,0) 0= {WO W ... W@ bD) p@ ... b}
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An optimization problem

Optimize the parameters such that the predicted values are as close as possible to the labels.

arg mein E(D,0) 0= {WO W ... W@ bD) p@ ... b}

Akin to optimization problems in previous lectures
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An optimization problem

Optimize the parameters such that the predicted values are as close as possible to the labels.

arg mé}ﬂ E(l)7 0) ={WO w2 ...

Y "R
—»@ — » > 3
P - e

Loss function

gl (distance metric) ¢s-328 44
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P - e
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An optimization problem

Optimize the parameters such that the predicted values are as close as possible to the labels.

Parameter

arg HllIl E(D 6")(\ o={Wi W3 ...

Loss function

RG AP (distance metric) ¢s-328 44



Objective and loss function

The difference between prediction and label — a compromise of tractability and realism.

arg m@in E(D,0)
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Objective and loss function

The difference between prediction and label — a compromise of tractability and realism.

General form
arg m@in E(D,0)
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Objective and loss function

The difference between prediction and label — a compromise of tractability and realism.

General form
arg m@in E(D,0)

Separable sum

E(D.0)= )  l(on(x",6),y")
(x(1) y(D)eD
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Objective and loss function

The difference between prediction and label — a compromise of tractability and realism.

General form Loss functions
arg m@in E(D,0)

2.0 4

Separable sum

E(D.0)= )  l(on(x",6),y")
(x(1) y(D)eD

1.5 1

1.04

0.5 1

— | 2(x.0)=(x-N"2
0.0 4 I_1(x,l)=abs(x-1)

—l' S —IYO —(; s OYO O'S 110 1'5
Quadratic loss

l2(y,1) = (y —1)°
l(y,0) = |y =1

)
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Objective and loss function

The difference between prediction and label — a compromise of tractability and realism.

General form Loss functions
arg m@in E(D,0)

Separable sum

E(D.0)= )  l(on(x",6),y")
(x(1) y(D)eD

MNIST digit example W
E(D.§) = (1) gy _ 42 O
( ’ ) Z (nn(X ’ ) S ) Quadratic loss
(x() ,y(D)eD ,
:(nn( 9) L 7)2 l2(yal) — (y o l)
+(nn(H,0) —8)°. .. l1(y,1) = ly =1
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Classification vs. regression

Classification Regression
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Classification vs. regression

Classification Regression
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Classification vs. regression

- Regression

. works for continuous values
nn(x) -y €R
ZQ(ya l) — (y — l)2

)
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Classification vs. regression

- Regression

. works for continuous values
nn(x) -y €R
ZQ(ya l) — (?J — l)2

. Classification

@
. discrete classes ® © ‘::
- probabilistic interpretation o o o
(probability of class) ® o°
® O o
nn(x) —y € [0, 1] @

la(y,1) = [ly =17
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Classification vs. regression

- Regression

. works for continuous values
nn(x) -y €R
ZQ(ya l) — (y — l)2

. Classification

. Probability @3 @
. discrete classes o 0°%°
0.6

- probabilistic interpretation 04

(probability of class) -
nn(x) —y € [0, 1] j&; Z% é S

lo(y,1) = [ly — 1|3
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eural network playground (regression)

REGENERATE

RGL

000,000

FEATURES

CVL

0.03 v Tanh v None v 0 v Classification
+ — 2 HIDDEN LAYERS OUTPUT
Test loss 0.667
) Y = Training loss 0.663
4 neurons 2 neurons
L4 »
D LR
- .}.C..b.:-
. ""#"s‘. .
'».:-‘:'.‘v\ 2
.* o
|’ b
S
nowa;1
: 0
" I ing 2 -
valu !
D L gala [:]

(L

ECOLE POLYTECHNIQUE
FEDERALE DE LAUSANNE
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Training a NN

.. requires 1) a representation, 2) dataset, 3) objective function, 4) NN model and 5) solver.

1) Representation (i/o domain)

. o 8

Input image Label
c RQSXZS cR

ECOLE POLYTECHNIQUE
FEDERALE DE LAUSANNE
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Iraining a NN

.. requires 1) a representation, 2) dataset, 3) objective function, 4) NN model and 5) solver.

2) Dataset D

ONVNPEPOONMAQY T¢I
AR~ O-YA==y>rT
Fraon=unoldnuin
VWO ~hxrsI9Qa¢
heolbedAS~r\mwQue
_-r Qe ~FunIdon D
A R L ALEL RN
O =DhmIToMeam
NI~ ANO T~ Quemin
S0P MO N oo ol e

ANTErN UM s~ b
SDeme—Neviind—
~NY ~dhmmnrd e -
CONTQWO~~VUMN~-
AOT*QOM—svmed

rOrg7ofMmn~ra~n
=RRNOA~=T POV
TRy eroc—nne~—
rcraYNTFr=rnS0w
Ol admprosuny
AOwrNmhsTgoten
BIFEIN~e~fla~d lrgQ
NMNNAEMOT~drOdle
PO~ =N~
TOS~AMNYCESom
FINVNNYI NS Uacd g
FNOONV P~
rAQfe—Yr~Wdhe
TMCINQH~==N~=Um
BOa~NPT~~ MW e~
FE OV VVOV WY
SWIQDCCTRO~nNn—"I N

[IMNIST]

1) Representation (i/o domain)

8
Label
c R

Input image

c R28X28

CS-328 49
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2) Dataset D

ONVNPEPOONMAQY T¢I
A O-YA==yrT
Fraen=ununaOneXin
VWO ~hxrsI9Qa¢
heolbeASNr\.mQue

—_-r Qe ~FurnIhon o
O ~G VI N QN
FON=DhmIoMem
NS ANOQ T~
SEMP MO N0 ol

ANTErN UM s~ b
>SDemes—Neviin—
~NY ~dhmmnrd e -
PONEQUWO ~~VM N~
AOT>QOM—~svmel
TOr7ofMmM n~ra~n
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[IMNIST]

.. requires 1) a representation, 2) dataset, 3) objective function, 4) NN model and 5) solver.

1) Representation (i/o domain)

Iraining a NN

8
Label
c R

Input image

c R28X28

(D, 0)

min F
%%

(nn(x", 0) — y(*))?

Objective arg

3)
E(D,8) =

2

(x() y(D)eD

CS-328 49

L

FEDERALE

CVL

RGL

DE LAUSANN



2) Dataset D
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[IMNIST]

.. requires 1) a representation, 2) dataset, 3) objective function, 4) NN model and 5) solver.

1) Representation (i/o domain)

Iraining a NN

8
Label

Input image

cR

c R28X28

(D, 0)

min F
%%

(x(’b) ,y(’b))ED

Objective arg

3)
E(D,8) =
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2) Dataset D

OWXOON MDY T I
A~ O-yYA=-=y>rT
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[IMNIST]

.. requires 1) a representation, 2) dataset, 3) objective function, 4) NN model and 5) solver.

1) Representation (i/o domain)

Iraining a NN

8
Label

Input image

cR

c RQSXZS

Objective arg mmi/n E(D,0)

)

3
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lterative solver

~ [Wikipedia]

| / f \ \ \ \ | |
I : | ' 4 \ \ \ | |
| | \ . |
N [ a
() | | | ] l
1 L
| | L\ | ||
| | | | \ s | ' | I ’
\ \ \ ) ‘ , |
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Stochastic gradient descent

Iteratively optimizing over subsets of the dataset is efficient and works surprisingly well.
At each iteration a new subset is chosen to decent closer to the minimum of the full energy.

51



Stochastic gradient descent

Iteratively optimizing over subsets of the dataset is efficient and works surprisingly well.

At each iteration a new subset is chosen to decent closer to the minimum of the full energy.

. Start with a random initialization

W, ; ~U(—c,c), with U(—c, c) the uniform distribution over |—c, c|.

51
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ing over subsets of the dataset is efficient and works surprisingly well.

At each iteration a new subset is chosen to decent closer to the minimum of the full energy.

IMmiz

Stochastic gradient descent

Iteratively opt

MRS rvoQI NNOVW R0 FOoN P~ oW
TUAN~PWRRNPFOANY ~\N Qoo o

NV O~ OO IR APN D ~—o0 D~
I TFOTANT O~~~ rad~J =0 —29 |
PR~ OM T TNV TANTAN~= O «d v o
T POIT0RQI2rRNYTQ o R d N
NG LENODN rARsNDVF DN Hm N
N PO W TO TN~ r ===~ in> D
Norwpervrdeamnbimbnvro v~
S TYOM~0 ~VETON 770050 N\ 02
O -~y —0N~NOO ‘=~

M M® =N~ D 0" e
NTOUNO SN SNTN Y N
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1011 over
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in
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ing subset (mi

IN
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. Start with a random initialization
Select a tra
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ing over subsets of the dataset is efficient and works surprisingly well.

At each iteration a new subset is chosen to decent closer to the minimum of the full energy.
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Stochastic gradient descent

Iteratively opt
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Select a tra

VoL

- Compute gradient with respect to parameters

. Start with a random initialization
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ing over subsets of the dataset is efficient and works surprisingly well.

At each iteration a new subset is chosen to decent closer to the minimum of the full energy.
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Stochastic gradient descent

Iteratively opt
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g(t+1)
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1011 over
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in
B = {(xV,yW), ..., (x{me) ylms))}

ing subset (mi
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,0)

U (—c,c), with U(—c, ¢) the uniform distribut

B

(

t,]

Select a tra

VoL

- Compute gradient with respect to parameters

- Start with a random initialization
- Update weights with learning rate «
P+ = 9l) — oV E(B,6)
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ing over subsets of the dataset is efficient and works surprisingly well.

At each iteration a new subset is chosen to decent closer to the minimum of the full energy.
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- Compute gradient with respect to parameters

- Start with a random initialization
- Update weights with learning rate «

Iterate on a new minibatch



Simplistic stochastic gradient descent

In the most simple case we choose a single sample per iteration and use the squared loss.

Full energy
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Simplistic stochastic gradient descent

In the most simple case we choose a single sample per iteration and use the squared loss.

on |

Approximation at iterat
B(D,§) ~ B((x?,y®),0)

(nn(x", ) —y*))?

(x(9),y())eD

:(nn(v 0) — 7)2

Full energy
E(D,0) =

(nn(x'", ) —yV)?

—(un(H.0) — 7)°

E((x",y'"),0)

+(nn(HE, 0) —8)*...

7
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Differentiation

The NN consists of simple matrix operations — apply chain rule with matrix-vector notation.

NN function
nn = linear(h(linear(x, W b)) W) p(2)

h

(1)
b

nn — | w’ h w'
S

Toy example, a scalar NN

nn(z, wt, w?) = wHh(we)

o nn

Ow L)

(z, w) w(2)) _ w(Q)h/(w(l)x)CC
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Differentiation

The NN consists of simple matrix operations — apply chain rule with matrix-vector notation.

NN function
nn = linear(h(linear(x, W b)) W) p(2)

.
nn — W h w || [ # | 4 )
\ o
NN Jacobian matrix
Jinear Jj{b J‘lzi\rflear

wo (X) = [ ] _

RGL CVL . CS-328 54



Jacobian matrices

Two of the three involved Jacobian matrix types have sparse structure, we exploit that later.

ON
J/ = ﬁ _ a%q
P 0
_8X1
RGL CVL

f1°

0%,

Ofm

0X,, -

ECOLE POLYTECHNIQUE
FEDERALE DE LAUSANNE
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Jacobian matrices

Two of the three involved Jacobian matrix types have sparse structure, we exploit that later.

function to differentiate...

Of _

J/ =
* 0 0x

‘

O
8X1

| 8X1

...with respect to x

RGL

CVL

f1°

0%,

Ofm

0X,, -

ECOLE POLYTECHNIQUE
FEDERALE DE LAUSANNE
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Jacobian matrices

Two of the three involved Jacobian matrix types have sparse structure, we exploit that later.

function to differentiate... - _
!
o opy = relux) — S B ,
Ji:%: (%;(1 . a};n _ : W)
Ofm — Ofm
| 0X1 0X,, -

...with respect to x
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Jacobian matrices

Two of the three involved Jacobian matrix types have sparse structure, we exploit that later.

function to differentiate... - _
!
o opy = relux) — S B ,
Ji:%: (%;1 . a};n _ : W)
Ofm — Ofm
| 0X1 0X,, -

...with respect to x ] _

linear(x, VV7 b) —Wx+b — Jinear(x,w,b) _

RGL CVL . €S-328 55



Jacobi matrices

Two of the three involved Jacobi matrix types have sparse structure, we exploit that later.

On O
0x 0X,,
Jf _ ﬁ _ : 1 . : J%:i)nea,r(x,W,b) _
S T P
_8X1 8xn_ i |

)
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Jacobi matrices

Two of the three involved Jacobi matrix types have sparse structure, we exploit that later.

of
JI = ﬁ — 83.(1
X Ox T .
Ofm
_8X1
RGL CVL

0f1° I |
0x,, ( )
: linear(x, W, b
: Jy —
of,,
0X,, -

Jlinear(x, W,b)
W —
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Jacobi matrices

Two of the three involved Jacobi matrix types have sparse structure, we exploit that later.

o
JI = ﬁ _ a}-q
X IOx :
Ofm
_8X1
RGL CVL

Of17

0x,,

: b
dfm

0X,, -

Jlinear(x, W, b) _

Jlinear(x, W,b)
W —

L(x,v) = Z(XZ —v;)?

(
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Automatic differentiation — forward mode

In forward mode, Jacobian matrices are multiplied from back to front, i.e., in the same way
as x passes through the network in the forward pass.

X

[ ] =1 ][ ]

E L - h linear
JSw J T Ix Tw
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Automatic differentiation — forward mode

In forward mode, Jacobian matrices are multiplied from back to front, i.e., in the same way
as x passes through the network in the forward pass.

X

[ ] =1 ][ ]

E L - h linear
JSw J T Ix Tw
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Automatic differentiation — forward mode

In forward mode, Jacobian matrices are multiplied from back to front, i.e., in the same way
as x passes through the network in the forward pass.
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Automatic differentiation — forward mode

In forward mode, Jacobian matrices are multiplied from back to front, i.e., in the same way
as x passes through the network in the forward pass.
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Automatic differentiation — forward mode

In forward mode, Jacobian matrices are multiplied from back to front, i.e., in the same way
as x passes through the network in the forward pass.

X

[ ] =1 ][ ]

E L - h linear
JSw J T Ix Tw

JE [ ] number of rows
W (1) .
= layer width
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Automatic differentiation —reverse mode

In reverse mode automatic differentiation Jacobi matrices are multiplied from front to back.

E I - h linear
Jw J T J Iw

X X
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Automatic differentiation —reverse mode

In reverse mode automatic differentiation Jacobi matrices are multiplied from front to back.

T Jy  Jimear J Jw e
[ | = [ ][ ]
_f_/
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Automatic differentiation —reverse mode

In reverse mode automatic differentiation Jacobi matrices are multiplied from front to back.

T Jy  Jimear J Jw e
[ | = [ ][ ]
N
S
N —
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Automatic differentiation —reverse mode

In reverse mode automatic differentiation Jacobi matrices are multiplied from front to back.

T Jy  Jimear J Jw e
[ | = [ ][ ]
N
S
—/_/

JEo | ]
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Automatic differentiation —reverse mode

In reverse mode automatic differentiation Jacobi matrices are multiplied from front to back.

T Jy  Jimear J Jw e
[ | = [ ][ ]
_f_/

single row JZo |
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Forward vs. reverse mode

Reverse accumulation is more efficient for NNs since the objective function is a scalar.

Forward accumulation
] I [——— }
L mlll .°:J
\ ]
I ——

Forward accumulation is more
efficient for functions that have
more outputs than inputs.

RGL CVL

Reverse accumulation

Reverse accumulation is more
efficient for functions that have
more inputs than outputs.
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Forward vs. reverse mode

Reverse accumulation is more efficient for NNs since the objective function is a scalar.

Forward accumulation Reverse accumulation
S

| —
-
_ | Iy A | —

A smaller row dimension

| p— |
\I—I

LAY — IS more efficient.
Forward accumulation is more Reverse accumulation is more
efficient for functions that have efficient for functions that have
more outputs than inputs. more inputs than outputs.
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Backpropagation — a special case

Creating the Jacobian matrices is expensive. Instead, matrix products can be simplified.

Backpropagation through activation function

[ '
h/
h/ — [ Jf ]*[h/h/h/h/h,h/]
h/
h(H) i . f T
Jx 4 element-wise multiplication
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Backpropagation — a special case

Creating the Jacobian matrices is expensive. Instead, matrix products can be simplified.

Backpropagation through activation function

[

JE

]

Backpropagation through linear layer

[

JE

]

RGL

h/

h/

B
Jx

X

h/

h/

CVL

X

—1

JL ] >k [h’h’h’h’h’h’]

f

element-wise multiplication

Jlinear(x, W, b) |: * :|
W
— |l
X
= 14

needs to be flattened
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Backpropagation of a two hidden layer NN

Backpropagation is a form of reverse automatic differentiation, where the Jacobi matrix is
not explicitly computed. The gradient is propagated by simpler equivalent operations.

Jacobian formulation

E L ~ h linear
JSw J T J Iw

X X

Compact backpropagation
- T
| | =1 ]*[ W) ]*[h’h’h’h’h’h’] = 7]

E L

X
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NN in a nutshell

Successful training of NNs requires well chosen yet simple building blocks.

OVN*OONAPMAQVWITtInY A o
AR O-YA~=TYrTr~—v
Fran=uaoOneiAo9 w3
PRTFr\N~hhxrsI9Q035 (9 =
hoeobeANr\mQVeryes
=0 =TIV O T NN
RO~ VIA TN QANTADS
=D yTomemnd Qg
NI ~ANQQTE-~TQw NS Q>0
SeEMmPromINemN—=QF~ ¢

~NY r~dmamrdnd b= e
PONEQUWO~~V NN~ ——m~
AOT L OM—sevMeS Mh—ym
FrOr7 oM~ ra~2xL1LTvs
=R RNOA~=T VIO IV
TOR=Smyeoc—nNNe—rvrO
rraYANT =Nl 0w dd ~
FOAeAd R TITrOsYV—N~
A wprOMmisT oo ~—~
BIFEN~Ne~flo~d QI N~ —
NN T~darONbhed v
AU~ =AXN =~~~ T
TOI~LAMNYCEIoTrm—TIN
INNY NS oloan N NSO L)
FNOONA P =—smaTITA~S
rAQXo—gr~W+rhornoMm

TMCINQ™==N=Uhmnmao
BOoa~NPeT~cMmwd~OAN~N T
rFrEArFOVEVVVIWVIF~=0ONS
SWIQIrCrTO~NA— "I NN +=
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NN in a nutshell

Successful training of NNs requires well chosen yet simple building blocks.

OVNPEOOAPAQVT Y A o
AR O-YA~=TYrTr~—v
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IoN

t and output representat

1. Problem definition
* INpU
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NN in a nutshell

Successful training of NNs requires well chosen yet simple building blocks.
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AR O-YA~=TYrTr~—v
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IoN

t and output representat

2. Dataset

1. Problem definition
* INpU

f desired input and output

* pairs o
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NN in a nutshell

Successful training of NNs requires well chosen yet simple building blocks.

OVN*OONAPMAQVWITtInY A o

Fre=n=\ NOONH RS )
PRTFr\N~hhxrsI9Q035 (9 =
hoeobsASNr\nlYerkres
=0 ~nI0n 0T T NN
=M~ AVIA TN QINTADS
=D yTomemnd Qg
NI~ ANOT-~TOw A NS Q>0
SeEMmPromINemN—=QF~ ¢

~NY r~dmamrdnd b= e
PONEQWOA~~VMmNn

AOTPOM—seMelS Ne—yVm
FOrTOEML~r9~xLTws
=R RNOA~=T VIO IV
TOh=Smyeoc—nNNe—rvwrO

FOAeAd R TITrOsYV—N~
A wrMmASsT oo ~—~
BIFEN~Ne~flo~d QI N~ —

AA~r=rNA T~~~ T

NOCESoTrm=—TIN
INNY NS oloan N NSO L)
FNOONA P =—smaTITA~S
QX -y~ FhoncMmMo
TMCINQ™==N=Uhmnmao
Boa~NvT~rcMmmwbr~oA~N T
FEPFTOVRVVVWV F~=ONS
SWIQIrCrTO~NA— "I NN +=

- input and output representation

1. Problem definition
2. Dataset

- pairs of desired input and output

L(nn(x¥, 9) — y@)

(x(D,y())eD

3. Objective and loss function

- sum over loss on dataset samples
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NN in a nutshell

Successful training of NNs requires well chosen yet simple building blocks.

OVN*OONAPMAQVWITtInY A o
AR O-YA==TYrTr~—v
Fre=n=\ NOONH RS )
PRTFr\N~hhxrsI9Q035 (9 =
hoeobsASNr\nlYerkres
=0 ~nI0n 0T T NN
=M~ AVIA TN QINTADS
=D yTomemnd Qg
NI~ ANOT-~TOw A NS Q>0
SeEMmPromINemN—=QF~ ¢

~NY rlmnmTd nd b= o
PONEQWOA~~VMmNn
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FOrTOEML~r9~xLTws
=R RNOA~=T VIO IV
TOh=Smyeoc—nNNe—rvwrO

FOAeAd R TITrOsYV—N~
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FA~Ne~flro~d gV N~ —

AR~ =ArN T ~—re~~o
NOYCEISoTm—TIN

INNY NS oloan N NSO L)
FNOONA P =—smaTITA~S
QX -y~ FhoncMmMo
TMCINQH~==N~=Ummao
BOoa~NPeT~cMmwd~OAN~N T
FEPFTOVRVVVWV F~=ONS
SWIQIrCrTO~NA— "I NN +=

- input and output representation

1. Problem definition
2. Dataset

- pairs of desired input and output

L(nn(x¥, 9) — y@)

3. Objective and loss function

Hidden Hidden

Hidden

- sum over loss on dataset samples

a®

w®

a®

w®e)

a®

w®)

4. NN model

- stack of linear and non-linear layers
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NN in a nutshell

Successful training of NNs requires well chosen yet simple building blocks.

OVN*OONAPMAQVWITtInY A o
AR O-YA==TYrTr~—v
Freon=uroOnMeiAo9 v
PRTFr\N~hhxrsI9Q035 (9 =
hoeobsASNr\nlYerkres
=0 ~nI0n 0T T NN
=M~ AVIA TN QINTADS
=D yTomemnd Qg
NI~ ANOT-~TOw A NS Q>0
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FrOr7 oM~ ra~2xL1LTvs
=R RNOA~=T VIO IV
Th=Smyeoc—-no
rTraYANTE~>rn So0wndd ~
FOAeAdmpTosYV—n~
A wrOmAsT oo ~—~

AR~ =ArN T ~—re~~o

INNY NS oloan N NSO L)
FNOONDV P =TIV TA~S
QX -y~ FhoncMmMo
TMCINV==N=Uhnma b
doa~Nvas~r~Mmmw PN
FrE VRNV VVF~=O0ONS

- input and output representation

1. Problem definition
2. Dataset

- pairs of desired input and output

3. Objective and loss function

- sum over loss on dataset samples

a®

w®

a®

w®e)

a®

w®)

N N N

4. NN model

- stack of linear and non-linear layers

> ()

5. Optimization procedure (solver)

- iterative gradient descent approximation
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Convolution, Filters

Filtering of images with local kernels has a long history, for instance for edge detection.

.- Local kernel

[_o

1 0 -1

N

kerne
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[T 77777
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Convolution, Filters

Filtering of images with local kernels has a long history, for instance for edge detection.

.- Local kernel

1 0 -1

N

S
sysss
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kernel

inm

ST ST
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Convolutional Neural Networks

Convolutional NNs apply convolutions with trainable weights — weight sharing.

- Local operations, weights shared

45\
o~

16

128
16 :"o:“ 128
ng
» Max 64 a8

32 =20x20

High-level
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Data dependent filter

NNs capture the training examples. A network has different features on a different dataset.

Mid-level

High-level
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Recurrent neural networks

Network structures can be complex, e.g. the input at time t can be the output of time t-1.

Stacking multiple NNs

t-1 4

t

RGL

<

’

CVL
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Recurrent neural networks

Network structures can be complex, e.g. the input at time t can be the output of time t-1.

Stacking multiple NNs

t-1 4

t

RGL

9

’

CVL

Gated Recurrent Units
(GRU)

’}z
7 =i
>QOUT

- A simplification of Long-term
Short-Term Memory (LSTM)

= o
A

- [l | ; 7
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Generative adversarial networks (GANs)
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Generative adversarial networks (GANs)
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Neural style transfer

Networks can disentangle style and content, recombinations lead to artistic pieces.

RGL CVL I [Gatys et al.] CS-328 69
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Neural style transfer

The style transfer works on many different styles.




Understanding neural networks

By optimising the input image instead of the network weights, the learned patterns are revealed.

Horizon

Towers & Pagodas
RGL Realistic Graphics Lab, CVIL Computer Vision Lah HK(AU CS-328 71
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AlphaGo

Training NNs requires well defined environments, such as the strict rules of a GO game.

ALPHAGO

++200:00:48

e e

O O
SO
O, A,

0

AlphaGo

Google DeepMind

RGL

CVL
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Dangerous or of merit?

- Social impact
- Replaces repetitive jobs
- Creates new jobs
- Dangers
- Fake news
- Bias of data

- General artificial intelligence (GAI)

Open Letter on Artificial Intelligence
- Stephen Hawking, Elon Musk, and dozens of artificial intelligence experts
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Virtual dubbing

synthesia

| G
)/R (I N

[www.synthesia.io]
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Virtual dubbing

synthesia
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)/R (I N

[www.synthesia.io]
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Homework 5

Building a neural network to classify fashion items from their pictures.

0 10 20
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10 4

204

10 a’
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10
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0 10 20
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w0 10 10 10 10 10 |
0 10 20 0 10 20 0 1o 20 0 10 2'0 ] 10 20 0 10 20 0 10 2'0
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10 20
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