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Timetable

Niloy lasonas Paul Nils Leonidas
Introduction 9:00 X
Neural Network Basics ~9:15 X
Supervised Learning in CG ~9:50 X
Unsupervised Learning in CG ~10:20 X
Learning on Unstructured Data ~10:55 X
Learning for Simulation/Animation ~11:35 X

Discussion 12:05 X X X X X
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Problems in Computer Graphics

* Feature detection (image features, point features) Rmxm 7

* Denoising, Smoothing, etc.
* Embedding, Metric learning
* Rendering

* Animation

* Physical simulation

e Generative models

CreativeAl: Deep Learning for Computer Graphics
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Goal: Learn a Parametric Function

f@ZX%Y

6 : function parameters X :source domain Y : target domain

Neural networks: choice of functional form
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Linear classification problem

O fo : R" — {0, 1}
i ® ° fo(2) 1 fwxr+b6>0
T ) —
o ° e ’ 0 ifwz+b<0
= o
2 O O
S e * . 0 = {w,b}
g ® ® O -
§ ¢ Each data point has a class label:

® ] i 1 (‘)
o X y{() (@)

Feature coordinate
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Beyond linear functions

DO: x— o(x) C
o
“features” @
@ o ¢ ©
@ @
o |©® o
o ° ° o ©® . e
® . O ® o
O ® ¢ ® O
° o ) O ) ®
o ® ©
o ®
@

. o
Not linearly-separable in R? Linearly-separable in R

Neural networks: learn the features!
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Neural networks: function composition

basic building block
‘Neuron’: Cascade of Linear and Nonlinear Function

Rectified Linear Unit
(RELU)

g(a) = max(0, a)

function | Sigmoidal (“logistic”)
derivative | | 1

| gla) = 1 + exp(—a)

CreativeAl: Deep Learning for Computer Graphics 1/‘7



A two-layer neural network
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A two-layer neural network
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A two-layer neural network

CreativeAl: Deep Learning for Computer Graphics

V g W h A
X, — a, — Z, — b, = Yn

b= Wz

Outputs

Hidden layer &y



Nonlinear mapping R* — R?

Evolution of isocontours as parameters change

] T
1F

Y = 9(w1,1$1 + W1,2T2 w1,3)

Yo = g(wa 121 + Wa 0x2 + Wa 3)

0.5

L1
X = 955,
1

y = g(Wx)

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

0.5 F

-1 —l L L L | L L L L L L L L | L | L L |
-1 0.5 0 0.5 1
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From non-separable to linearly separable

Non-linearly Data mapped to

Decision function
separable data

learned space

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

- _'1 s o s i— http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Hidden Layers: intuitively, what do they do?

Intuition: learn “dictionary” for objects

“Distributed representation”:
represent (and classify) objects by mixing & mashing reusable parts

[00 1000010011001 0...]truckfeature

Creativ



Deep Learning = Hierarchical Compositionality

] 7)

car

CreativeAl: Deep Learning for Computer Graphics
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Deep Learning = Hierarchical Compositionality

Low-Level
Feature

CreativeAl: Deep Learning for Computer Graphics

|

Mid-Level
Feature

High-Level
Feature

Slide Credit: Marc'Aurelio Ranzato, Yann LeCun

Trainable
Classifier

Iz




Training and Optimization
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Training Goal

Our network implements a parametric function:

fo: X —Y g = f(x;0)

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

m@in L(0)

Example: L2 regression loss given target (xi, yz) pairs :

Z\If z';0) — y' |13

CreativeAl: Deep Learning for Computer Graphlcs



Gradient Descent Minimization Method
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Update: 0,41 = 0; — o'V f(0;) LA

We can always make it converge for a convex function

Neural network’s loss: non convex objective
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Multiple Local Minima, based on initialization

J(eﬂ’el) ) =

0,

Empirically all are almost equally good (current research)

CreativeAl: Deep Learning for Computer Graphics



All you need is gradients

Forward
X

ﬁ

Backward

oL
0X
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Chain Rule

I

dL dL

dx

dy

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

CreativeAl: Deep Learning for Computer Graphics



Chain Rule

I

dL

dx

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

I

dL dL

dx

dy

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

db _dL day
dx dy dx
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Toy example: single sigmoidal unit

1

Jlw,z) = 1 4+ exp(—(woxg + w11 + W3))

Composition of differentiable blocks:

f@)=1 = fla)=—
fe(x)=c+x — fi(z)=1
flx)=e* — fl(x)=¢"
fo(z) =ax — f'(z)=a

CreativeAl: Deep Learning for Computer Graphics



Computation graph & automatic differentiation
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Parameter Updates & Convergence

CreativeAl: Deep Learning for Computer Graphics



(S)GD with adaptable stepsize

f(w)

w’ W w’ W
Too small: converge Too big: overshoot and
very slowly even diverge

CreativeAl: Deep Learning for Computer Graphics

flw)

w” W
Reduce size over time

C
eg €t :;



(S)GD with momentum

Main idea: retain long-term trend of updates, drop oscillations

(S)GD W1 =W, — ¢ VwL(W)

(S)GD + momentum
Vitr = pVi+ (1= p)VwL(Wy)
Wit1 =W — €& Vi

CreativeAl: Deep Learning for Computer Graphics



Step-size Selection & Optimizers: research problem

* Nesterov’s Accelerated Gradient (NAG)

- Reprop
* AdaGrad RSO G
* RMSProp qe-SVRG
* AdaDelta \\

* Adam \\

® -~
seo
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Overfitting and Regularization

CreativeAl: Deep Learning for Computer Graphics



Overfitting, in images

Classification
just right

Underfitting

Overfitting

Regression

CreativeAl: Deep Learning for Computer Graphics
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1980’s solution: 12 Regularization

Regularization: preference for small parameters

W) = =301y 9) + SN S (WL,)3

k. m

Per-sample loss Per-layer regularization

Integration with gradient-descent: “weight decay”

CreativeAl: Deep Learning for Computer Graphics



2010’s solution

X —
A

O
w’ 4 ‘, >

SMANAN

\ ‘ A
]

X< /)

(R

X
@ 2
YL AN

g

Dropout

) ‘.’
W

DX

h\‘"

(b) After applying dropout.

(a) Standard Neural Net

During training, process each sample by a ‘decimated’ net

CreativeAl: Deep Learning for Computer Graphics



Test Classification error %

Test time: Deterministic Approximation

1.35

¢—¢ Monte-Carlo Model Averaging B OO SO SOOI SO

— Approximate averaging by weight scaling
1.30F : {

™
(=)

1.25.1 - | E.Withoﬁt..dropout. .

°
o
1.20k 5
S
1.15¢ 3‘51.5_. A . : .....................
\ : ..\, - With dropout
1.10f * l\‘\A’ "\”’" R A/ o ‘ \
PRV AN O A 2 8 5
v ¢ VY ‘“?‘/’;&3 \"0@&;; “\9‘ é’i‘v*'\ "’( ’f A
Y TTIRGAN P RBYPROATAWANA VA,
Lodl H 1111 l Lok i b WKV G IO
1.005 >0 30 80 30 100 120 0 500000 200000 600000 500000 1000000

Number of samples used for Monte-Carlo averaging (k) Number of weight updates

PW
Present with Always
probability p present

(a) At training time (b) At test time
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Convolutional Neural Networks (CNNs/ConvNets)

Input layer (S1) 4 feature maps

(C1) 4 feature maps (S2) 6 feature maps (C2) 6 feature maps

convolution layer sub-sampling layer convolution layer sub-sampling layer | fully connected MLP
| l pling lay l Y | pling lay | Y |

C3:f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5

INPUT
6@28x28
32x32 S2: f. maps

6@14x14

5 1aYeT Fe: jayer OUTPUT

—
Full conAection Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

CreativeAl: Deep Learning for Computer Graphics
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“Fully-connected” layer

Y1 w1 W2 W3 W4 ... W1 K L1
Y2 Wwz1 W22 W23 W24 ... WK 0,
Y3 w31 W32 W33 W34 ... WIK L3
Ya o Wqg1 W42 W43 Wa4 ... WHK L4
Yk @ WK1 WK2 WK3 WK4 ... WKK | | TK _

slow, big, prone to overfitting

CreativeAl: Deep Learning for Computer Graphics



ldea: repeat a local operation (image is stationary)

#tof parameters: size of window

oy, wg wi w0 0 | [ =
Y2 0 wyp w1 wo 0 T2
Y3 0 0 Wwog W1 0 X3
Y4q — 0 0 0 Wy 0 XL 4

YK | 0 0 0 0 ... wy 1| ok |

fast, small, regularized

CreativeAl: Deep Learning for Computer Graphics



ldentical to convolution operation

But with learnable weights!

FM/,I_

CreativeAl: Deep Learning for Computer Graphics



Convolutional layer: multiple output channels

CreativeAl: Deep Learning for Computer Graphics
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Convolutional layer composition

#input channels

h,” = max | 0,

output input feature  kernel
feature map map

Conv.
layer

CreativeAl: Deep Learning for Computer Graphics
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Pooling layer

CreativeAl: Deep Learning for Computer Graphics Slide Credit: Marc'Aurelio Ranzato, Yann LeCun _]7’



Pooling layer

CreativeAl: Deep Learning for Computer Graphics

Max- or Average-based
neighborhood activation summary:
compact & invariant

Combine with decimation!



Receptive field




Receptive field: layer 1




Receptive field: layer 2




Receptive field: layer 3




Receptive field: layer 4




Receptive field: layer 5




Receptive field: layer 6




Receptive field: layer 7




Receptive field: layer 8



What is in the network??

Visualizing deep convolutional neural networks using natural pre-images,
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What is in the network??

Visualizing deep convolutional neural networks using natural pre-images,
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What is in the network??

Visualizing deep convolutional neural networks using natural pre-images,
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What is in the network??

. | AlexNet “black swan” |

VGG M “frog” VGG M “black swan”

Visualizing deep convolutional neural networks using natural pre-images,

CreativeAl: Deep Leayning fios Seampuies Sgaphics




Modern Architectures: going deeper

CreativeAl: Deep Learning for Computer Graphics



CNNs, late 1980’s: LeNet

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

TN
|T_

32x32 S2: f. maps
6@14x14

C5: layer
190 F6 layer OUTPUT

NN

FuII coanectlon Gaussnan connections
Convolutions Subsampling Convolutlons Subsamplmg Full connection

Gradient-based learning applied to document recognition.
Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. 1998

CreativeAl: Deep Learning for Computer Graphics
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What happened in between?

@ artificial intelligence ® deep learning gpu
Search term Search term Search term
Worldwide ¥ 2004 - present ¥ All categories ¥ Web Search ¥

Interest over time @

Al e R = s — = = ST
FE— e - — —_— —
Avelrage

Jan 1, 2004 Jul 1. 2008

deep learning = neural networks (+ big data + GPUs)

CreativeAl: Deep Learning for Computer Graphics

® data science ® big data

Search term Search term

+ a few more recent tricks!
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CNNs, 2012

192 192 128

128

55 27

- -
’ ’ - -~
’ - .- N
-
’ ’ o ‘e - .
- .« &
.’ ’ *s ..
~ SO

3 - .

-
-~ -
- ~
- o .
- . -
-~ « - o
- > <l

—————>
13 dense dense

-‘-!‘_'j:ﬂ_ 3[ ’.'-.'-"‘. e
155 - 1000
N 192 192 128 Max

pooling 2948 2048

{Stride Max 128 Max
“of 4 pooling pooling
3 48

AlexNet
Alex Krizhevsky, Ilya Sutskever, Geoffrey E. Hinton:
ImageNet classification with deep convolutional neural networks. Commun.

ACM 60(6): 84-90 (2017)

CreativeAl: Deep Learning for Computer Graphics
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CNNs, 2014: VGG

XIZX022 1 1x1%4096 1 %1 x 1000

r’—I_] convolution+ReLU
[" 1 max pooling

fully connected+RelLU

| softmax

Karen Simonyan, Andrew Zisserman (=Visual Geometry Group)
Very Deep Convolutional Networks for Large-Scale Image Recognition, arxiv, 2014.

CreativeAl: Deep Learning for Computer Graphics
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CNNs, 2014: GooglLeNet

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov,
Dumitru Erhan, Vincent Vanhoucke, Andrew Rabinovich
Going Deeper with Convolutions, CVPR 2015

CreativeAl: Deep Learning for Computer Graphics



CNNs, 2015: ResNet

3 3comv, 128.2
Y
I 3comw, 128

7x7 comv, 64, 2
Y
pool, /2
303 conw, 256, 2
Y
33 cony, 256

33 comw, S12. 2

33 conw, 512

ResNet

Kaiming He, Xiangyu Zhang, Shaoqging Ren, Jian Sun,
Deep Residual Learning for Image Recognition

CVPR 2016

CreativeAl: Deep Learning for Computer Graphics

33 conw, S12

33 conw, 512

33 conw, 512

33 conw, 512

avg pool

fc 1000

8



CNNs, 2017: DenseNet

Densely Connected Convolutional Networks, CVPR 2017

Gao Huang, Zhuang Liu, Laurens van der Maaten, Kilian Q. Weinberger

Input

Dense Block 1

UOGN|OAUOY)
Y

better performance/parameter ratio

—a&— ResNets
—a&— DenseNets-BC

ResNet-34

DenseNet-121
ResNet<50

DenseNet-169

validation emor (%)
N
F oS
n

DenseNet=201 ResNet-101
ResNet~1521

DenseNet-264
1 2 3 = 5 6 7
#parameters x 10"

CreativeAl: Deep Learning for Computer Graphics

"M P

Q Dense Block 2
- O
< o
Q{2 - =9 9 90
- - _
8~ e
-
275 - .
—&— ResNets
ResNet-34 —a— DenseNets-BC
26.5 :
£255
g DenseNet-121
o
5 24.5 ResNet-50
o
O
= 235
>
ResNet-101
225 ResNet~152 1
DenseNet-264

1 125 15 175 2 225 25

#flops x 10"

UOHNIOAUOD

Buljood

Dense Block 3
=D 90 9O

Bulood

eaun

Prediction

“horse”




The Deeper, the Better

* Deeper networks can cover more complex problems
* Increasingly large receptive field size & rich patterns

Revolution of Depth

[ 152 layers
A
\
\
\
\
\
\
\
22 Iayers 19 Iayers
\ 6.7
3 >7 I I 8 layers 8 layers shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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Going Deeper

* From 2 to 10: 2010-2012
* RelLUs
* Dropout

Revolution of Depth

28.2
‘ 152 layers
A
\
\
\
\
\
\
\
22 Iayers 19 Iayers
\ 6.7
3 >7 I l 8 layers 8 layers shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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Going Deeper

* From 10 to 20: 2015
e Batch Normalization

Revolution of Depth

28.2
‘ 152 layers
A
\
\
\
\
\
\
\
22 Iayers 19 Iayers
\ 6.7
3 >7 I l 8 layers 8 layers shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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External Covariate Shift: your input changes
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“Whitening”: Set Mean =0, Variance =1

Photometric transformation: I > al+ b

* Make each patch have zero mean:

Mkl |
e S

Original Pat(h and Intensity Values

Z(x.y)=1(r.y) — p
H * Then make it have unit variance:

Brightness Decreasec

)
g~ =
T *Z( 2
e Z(xy

Contrast increased,

y e 5 EL(J]F]%gGRAPHIGS EG Course Deep Learning for Graphics




Internal Covariate Shift

Neural network activations during training: moving target

time = 1

time = N

layer i

time = 1

time = N



Batch Normalization

Whiten-as-you-go: .
y g np 4 %Zr, // mini-batch mean
« Normalize the activations ol w r i
. . . o O — Z(:c, Lg) // mini-batch variance
in each layer withina mini- ', B
batch. - Veste |
Yi ¢« YT; + 8 = BN, 3(z;) // scale and shift

e |Learn the mean and

2[ 2 ]| 85%
variance (7, 8) of each VAN X [ P
layer as parameters SN | S | P

(b) Without BN (¢) With BN

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shiit
S loffe and C Szegedy (2015)

EG Course Deep Learning for Graphics




Batch Normalization: used in all current systems

 Multi-layer CNN’s train
faster with fewer data

samples (15x). P it .
9 [ T
 Employ faster learning f " —
rates and less network ,' — D
regularizations. e .

number of mini-batches

 Achieves state of the art
results on ImageNet.

£ F;I_"'.'-"AEUROGRAPHIGS EG Course Deep Learning for Graphics
el 2018




Going Deeper

* From 20 to 100/1000
e Residual networks

Revolution of Depth

28.2
‘ 152 layers
A
\
\
\
\
\
\
\
22 Iayers 19 Iayers
\ 6.7
3 >7 I l 8 layers 8 layers shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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Plain network: deeper is not necessarily better

* Plain nets: stacking 3x3 conv layers

* 56-layer net has higher training error and test error than 20-layer net

CIFAR-10
train error (%) test error (%)

20( W | 201
V\ J\f'\ S56-layer
|| 56-layer
1 \,\’\, \J |
P 20-layer

20-layer

CreativeAl: Deep Learning for Computer Graphics



esidual Network

* Naive solution

* |f extra layers are an identity
mapping, then training errors can
not Increase

CreativeAl: Deep Learning for Computer Graphics

7x7 conv, 64, /2

4

3x3 conv, 64

\ 4

3x3 conv, 64

3x3 conv, 64

v

3x3 conv, 64

3x3 conv, 128, /2

\ 4

3x3 conv, 128

\ 4

3x3 conv, 128

\

3x3 conv, 128

Y

3x3 conv, 256, /2

4

3x3 conv, 256

\ 4

3x3 conv, 256

4

3x3 conv, 256

\ 4

3x3 conv, 512, /2

\ 4

3x3 conv, 512

\

3x3 conv, 512

A 4

3x3 conv, 512

fcl

o

00

l 7x7 conv, 64, /2 I

4

I 3x3 conv, 64 I

\4

I 3x3 conv, 64 I

¥

| 3x3 conv, 64 |

v

I 3x3 conv, 64 I

I 3x3 conv, 64 ]

\ 4

I 3x3 conv, 64 ]

| 3x3conv,128,/2 |

v

[ 3x3 conv, 128 I

\ 4

|  3a3conv,128 |

v

3x3 conv, 128

3x3 conv, 128

v

|  3x3conv,128 |

\ 4

3x3 conv, 128

\ 4
3x3 conv, 128

| 3x3conv,256,/2 |

“extra” ¥

I 3x3 conv, 256 l

\ 4

I d ye I'S | 3x3conv,256 |

\ 4

3x3 conv, 256

3x3 conv, 256

4
| 3x3conv,256 |

\ 4

| 3x3conv,256 |

| 3x3conv,256 |

\

| 3x3 conv, 256 |

Y
[ 3x3 conv, 256 ]

\ 4

[ 3x3 conv, 256 ]
\ 4
I 3x3 conv, 256 l

L

| 3x3cony,512,/2 |

-

| 3x3conv,512 |

»

|  33conv,512 |

»i

|  3x3conv,512 |

L.
| 3x3conv,512 |
\ 4
I 3x3 conv, 512 ]
4
| fc 1000 |




Residual Network

* Plain block

e Difficult to make identity
mapping because of multiple
non-linear layers

CreativeAl: Deep Learning for Computer Graphics

weight layer

weight layer

relu

H (x)



Residual Network

e Residual block

* |f identity were optimal, easy to set
weights as O

X
* |f optimal mapping is closer to \
b ° ° o o h I
identity, easier to find small welght Tayer

relu identity

weight layer X

Hx)=F(x) +x &

fluctuations F(x)

Appropriate for treating perturbation
as keeping a base information

CreativeAl: Deep Learning for Computer Graphics 1/'7



Residual Network

* Deeper ResNets have lower training error

_1/\‘
ResNet-18 VSN NNAAN,
- ResNet-34 34-layer
2 I 1 1 | 1
qO 10 20 30 40 50
iter. (1e4)

CreativeAl: Deep Learning for Computer Graphics



Residual Network: deeper is better

CIFAR-10 plain nets CIFAR-10 ResNets
20 ~ 20
ResNet-20
. | ResNet-32
56-Iayer —R:N:—H
. w—=ResNet-56
‘ £ 44-layer | —ReoNer110 o
| - -layer
3 P~ —— 32-layer < Y
= 10 e = . =10 " -lave
: __ 20-layer - 32-layer
_ o WAL A 44-layer
sH m— . - 3 s "\’;7"::'\ 56-|ay€f
plain-32 '
—plain-4 ’ solid: test N 110-layer
_'Dl.am-g : . . g . . N 1 L N i T N L WL T P
00 1 2 3 4 5 5 dashed: train 00 1 p) 3 4 5 &
iter. (le4) iter. (1e4)
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CNNs for Image Understanding

CreativeAl: Deep Learning for Computer Graphics



Fully-convolutional Neural Networks for X

forward /inference

—————————-

-/
backward/learning .

21

J. Long, E. Shelhamer, and T. Darrell. Fully convolutional networks for semantic segmentation.CVPR, 2015



Fully-convolutional Neural Networks

CreativeAl: Deep Learning for Computer Graphics
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Fully-convolutional Neural Networks

CreativeAl: Deep Learning for Computer Graphics
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Fully-convolutional Neural Networks

CreativeAl: Deep Learning for Computer Graphics
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Fully-convolutional Neural Networks

CreativeAl: Deep Learning for Computer Graphics
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Fully-convolutional Neural Networks

»4’.

Fast (shared convolutions)
Simple (dense)

= FCN

CreativeAl: Deep Learning for Computer Graphics
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Deeplab v1,v2,v3: FCN based semantlc segmentatlon

DeeplLab V3 xceptynon —cityscapes.tiaint
Prediction time: 4‘1“91ms (2.4 Il

il fLIKR
," il
|

W-’
g s o NIMINII |

g |
N U T 1T 1T (717
' e TT T |||

lllllr KRR

]

DeeplLab: Semantic Image Segmentation with Deep Convolutional Nets, Atrous Convolution, and Fully Connected CRFs
Liang-Chieh Chen, George Papandreou, lasonas Kokkinos, Kevin Murphy, Alan L. Yuille, ICLR 2015
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Object Detection: Fast(er)-RCNN

e Fast/Faster R-CNN

v' Good speed

v' Good accuracy
v’ Intuitive
/1
v Easy to use
A ﬁ vV
/’/////
//j///: /
"V RolPool | g
///// % r’
d vdile L
2d8%g / L/
///// %
Ve /

Ross Girshick. “Fast R-CNN”. ICCV 2015.
Shaoqing Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.
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Mask R-CNN

e Mask R-CNN = Faster R-CNN with FCN on Rols

Faster R-CNN

/
>
A j /
,j:;jﬂ RolAlign|
' conv
. J
Y
FCN on Rol

CreativeAl: Deep Learning for Computer Graphics







DensePose: dense image-to-body correspondence

DensePose-RCNN Results

ResNet50
FPN
T

/ﬁRﬂmgn
)

v

CreativeAl: Deep Learning for Computer Graphics

DensePose COCO Dataset

y

DensePose-RCNN: ~25 FPS

R. A. Guler, N. Neverova, |. Kokkinos
“DensePose: Dense Human Pose
Estimation In The Wild”, CVPR’18



DensePose estimation HEINES by-frame

_ . A B/ ‘ —_

1"‘"'!\
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3D Pose Estimation: VNECT

96

Convolution

Deconvolution

1x1 || 3x3 || 1x1 4x4 With RelLU Without ReLU
v
o G G N 1x1 || 3x3 |[ 1x1 =S
2 % s O = O | o || © T 3x3 |[ 1x1
Z E lllllllll Ln N m
He e matiEth| < 3
X a = — || <
S N \ y
1x1 4x4 H,X,V,/
N !
AX,AY,AZ BL skeleton joint heatmap

and 3d positions
VNect: Real-time 3D Human Pose Estimation with a Single RGB Camera, Mehta et al., SIGGRAPH 2017
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mlb‘ion frame-by-frame

do§ Ariel Al ~ Ot wis, Al -
Ig)?ose: Holistic 3D Human Reconstructiondn=the-Wild, Ax'Guler and I. Kokkinos, CVPR 2019



Main frameworks

¥ Tensor Keras
(Python, C++, Java) (Python, backends support other languages)
PYTHRCH Catte
(Python) (C++, Python, Matlab)

Currently less frequently used

Ch?;er theano < Caffe2 CNTK -\ MATiAs @xnet -+

(Python) (Python) (Python, C++) (Python, (Matlab) (Python, Java,  (Python, C++,
C++, CH) Scala) and others)

CreativeAl: Deep Learning for Computer Graphics 127‘



Course Information (slides/code/comments)

http://geometry.cs.ucl.ac.uk/creativeai/

CreativeAl: Deep Learning for Computer Graphics




Back-propagation Algorithm

CreativeAl: Deep Learning for Compu
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Chain rule

xiuiy

y is affected by x through intermediate quantity, u:

u=g(z) y=f(u
casuss: (f(9(2)))' = f(9(x))g/ ()

Rewrite:

@_ dy du
dr  du dx




Chain rule of differentiation— multiple variables

X(t),y(t) coordinates: given by GPS
z=f(x,y) given by map
Q: what is your speed in the vertical direction?

-~

/

—

SCOTLAND //J ENGLAND

Chollerford Heddon-on
. -the-Wall
Gilsland

Haltwhistie” Newcastle

L]
Bowness Brampton Upon Tyne

on-Solway

{:} Roman Fort & Musem
North Pennines A Castle

+ Priory

https://www.math.hmc.edu/calculus/tutorials/multichainrule/




Chain rule of differentiation— multiple variables

X(t),y(t) coordinates: given by GPS
z=f(x,y) given by map
Q: what is your speed in the vertical direction?

-~

/

—

SCOTLAND //J ENGLAND

Chollerford Heddon-on
. -the-Wall
Gilsland

Haltwhistie” Newcastle

L]
Bowness Brampton Upon Tyne

on-Solway

{:} Roman Fort & Musem
North Pennines A Castle

+ Priory

https://www.math.hmc.edu/calculus/tutorials/multichainrule/




Chain rule of differentiation— multiple variables

Let x = z(t) and y = y(t) be differentiable at ¢ and suppose that z = f(z,y)
is differentiable at (x(¢),y(t)). Then z = f(x(t),y(t)) is differentiable at ¢ and

dz 0z dx

@t ordt oydt

X(t),y(t) coordinates: given by GPS
z=f(x,y) given by map

Q: what is your speed in the vertical direction? v
X

/

SCOTLAND % / ENGLAND
Chollerford Heddon-on
. -the-Wall
Gilsland Wallsend
alton
. Haltwhistie” Newcastle d d 2
Brampton Upon Tyne t d t

{:} Roman Fort & Musem

North Pennines Nl Castle
Lake + Priory
District

https://www.math.hmc.edu/calculus/tutorials/multichainrule/




Chain rule of differentiation— multiple variables

Let x = z(t) and y = y(t) be differentiable at ¢ and suppose that z = f(z,y)
is differentiable at (x(t),y(t)). Then z = f(x(t),y(t)) is differentiable at ¢ and

dz _9zdv  9zdy
dt Oz dt Oydt

Let z = 2%y — y? where x = t? and y = 2t. Then
dz Ozdxr 0Ozdy

dt Ox dt * Oy dt \
= (2zy)(2t) + (2* — 29)(2)
= (267 -2t)(2t) + ((¢7)* — 2(21)) (2) dx
= 8t +2t* — 8t it

10t — 8t.

https://www.math.hmc.edu/calculus/tutorials/multichainrule/




Chain rule of derivative — multiple variables

Let x = z(u,v) and y = y(u,v) have first-order partial derivatives at
the point (u,v) and suppose that z = f(x,y) is differentiable at the point
(x(u,v),y(u,v)). Then f(x(u,v),y(u,v)) has first-order partial derivatives at
(u,v) given by

% 0z Ox N 0z Oy
ou Oxr Ou Oy Oou

% 0z Ox N 0z 0y
ov Ox Ov Oy ov’

https://www.math.hmc.edu/calculus/tutorials/multichainrule/




Multi-Layer Perceptrons

Ui =g ( Z Wk i g ( Z Wi,k Um =+ bk:) +b7;>

kEN (4) meN (k)

outputs

hidden
layers

4—‘ input vector

Slide credits: G. Hinton



Multi-Layer Perceptrons (~1985)

Compare outputs
with correct answer
to get error signal

<« oOutputs

hidden
layers

\/ 4—‘ input vector

Slide credits: G. Hinton




Chain Rule

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




Chain Rule

I
dL dL

dx E

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




‘another brick in the wall’

I
dL dL

dx E

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




A neural network for multi-way classification
V g W h A

Hidden layer




A neural network in forward mode:

Hidden layer




A neural network in forward mode: p)

1

Hidden layer




A neural network in forward mode: p)

Hidden layer




A neural network in forward mode: p)
exp(by)

Hidden layer




Training objective, multi-class classification

One-hot label encoding:

Likelihood of training sample:
P(y'|x";w) =

Optimization criterion:

vy’ log (g.(x, W))

Parameter estimation: Gradient of L with respect to W




Objective for multi-class classification




Objective for multi-class classification




Derivative of loss w.r.t. top-layer neurons

y
0
1

0

Ground
truth

C
) ==Y yclog (fc(x; W))

c=1




A neural network in backward mode: 44

y
0
1

-0

Ground
truth

C
) ==Y yclog (fc(x; W))

c=1




Softmax in forward mode: all for one

exp(be)
22:1 exp(bL.)

@A/c:

o

Je
®
®




Softmax in backward mode?

B exp(be)
22:1 exp(bL.)

= Jj. D

Je
® «—
® «—

® ¢




Softmax in backward mode?

B exp(be)
22:1 exp(bL.)

= Jj. D

Je
® «—
® «—

® ¢




Softmax in backward mode: one from all

B exp(be)
22:1 exp(bL.)




A neural network in backward mode: 44
exp(by)

This we want Znl This we compute

Je ovd = 24 a5lby, |~ Yk T Yk




In backward mode?

Z oL 07,
0 exp(b.)
Oby.

S exp(be) (35 exp(ber))?

_ lc = k] exp(bi) exp(b.) exp(by)

Zc’ eXp(b/C) 25:1 eXp(bc’) Zgzl exp(bc/)

= klyx — 9.9k = ([c = k] — §c) Uk
C

c=1




A neural network in backward mode: 44




A neural network in backward mode: 44
exp(by)

This we want Zn1 This we computed

Je ovd = 24 a5lby, |~ Yk T Yk




A neural network in backward mode: 44
Hidden layer




A neural network in backward mode: 44
Hidden layer




Linear layer in forward mode: all for one

H

E ZhWh,m

h=1




Linear layer in backward mode: one from all

0L b, O
abc 82h B

c=1 c=1




Linear layer parameters in backward: 1-to-1




A neural network in backward mode: 44
Hidden layer

Ol




A neural network in backward mode: 44
Hidden layer

his we haWi"his we computed

ol Wob,, ol
f— —w-m




A neural network in backward mode: 44
Hidden layer




A neural network in backward mode: 44
Hidden layer




Chain Rule

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




Chain Rule

I
dL dL

dx E

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




‘another brick in the wall’

I
dL dL

dx E

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




