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Computer Vision Tasks

Classification : : Instance
+ Localization

Object Detection

Classification Segmentation

CAT, DOG, DUCK  CAT, DOG, DUCK

AN A
Y Y

Single object Multiple objects




How Would You Describe This Image?
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How Would You Describe This Image?

“person” label

T

Appea_rance Lo
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d Age : <
O Expression o 8
Q Clothes =S




Object Descriptors

Many approaches over the years...
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Edge detection

Histograms of S—
Oriented Gradients Optical Flow



Object Descriptors

Many approaches over the years...

Horizontal

oniverica o[} =) € §J5 T
L=e¢ s

="K ROMC
. Templates tested

Haar Wavelets C) " image

BEEEEn (e, convolution
BEEEE kemels)

How to represent and
detect an object?

Gabor filters m)» L?;S;ﬁegoséx



Convolution Kernels

Convolution
kernels

Response maps



Object Descriptors

Many approaches over the years...

Convolutional Neural Network (CNN)

InputImage

' Lion(0.2)

"> More details about CNNs is coming...

... and we will also talk about visual
transformers in coming weeks...

ANd Imaaes are more than a list or obiects
' \RA\" ARl »J s CAl o (1OIe U ldal A iy Wi A Wi,



One representation, lots of tasks

https://github.com/facebookresearch/detectron2



https://github.com/facebookresearch/detectron2

Facial expression analysis

FPS: 23

Action Units
[ Classification Regression

AUDL - Inner Brow raiser |
AUO4 - Brow lowerer | —
AUQ2 - Quter Brow raiser
AUD4 - Brow lowerer
AUL2 - Lip corner puller | [ AU05 - Upper lid raiser
AUO6 - Cheek raiser ]
AUOS - Nose wrinkler
AULS - Lip corner depres
AU10 - Upper lip raiser [l
AU12 - Lip corner puller | -
AUZ3 - Lip tightener

AU14 - Dimpler |

AULS - Lip corner depres

AU28 - Lip suck AULT7 - Chin Raiser
AU20 - Lip Stretcher
AU25 - Lips part [H

AU4S - Blink Be==

AU26 - Jaw drop m

[OpenFace: an open sourcefacial behavior analysis toolkit, T. BaltruSaitiset al., 2016]



Articulated Body Tracking: OpenPose

Realtime Detections

https://github.com/CMU-Perceptual-Computing-Lab/openpose


https://github.com/CMU-Perceptual-Computing-Lab/openpose
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The 1ssue of MLP

Input: all pixels

Not efficient!

200 x 200 image
requires
40,000 X n parameters

(where n is size of kernel)

And it may learn different kernels
for different pixel positions

"
i
IR

Output: kernel responses o _
(response map) $ Not translation invariant



The 1ssue of MLP

2 Data Points — Which one is up?

@ @ » MLP can easily learn this task

(possibly with only 1 neuron!)

What happens if the face is slightly translated?

» The model should still be able to classify it

[“"AnNnvantinnes ML moae
¥ ./[ /ﬁ 4 -

» But CNNs are kernel-based, which helps with translation
iInvariance and reduce number of parameters



Convolution Neural Layer

(response map)

y=Wx

Input: all pixels

Output: kernel responses

Example with
1D kernel:

Wy [ Wy | W3

X

Convolution
kernel



Convolution Neural Layer

(response map)

y =Wx

Modification 1: Sliding window — Only apply

the kernel to a small region

Input: all pixels

Example with
1D kernel:

Wq

%)

W3

N

Output: kernel responses

Convolution

kernel




Convolution Neural Layer

Modification 2: Same kernel applied to
all sliding windows

Input: all pixels

e oo () (0) (o) (o) Example with
1D kernel:

W1 W W3

~ ; v ) (v.) (wa by
I. L I > 5
j}\\h Output: kernel responses
h\ A Convolution

(response map) kernel

y =Wx



Convolution Neural Layer

Modification 2: Same kernel applied to
all sliding windows

Wy W, Ws 0 0 0 Example with
0wy wy 0 00 \ 1D kernel:
0 0 w 0 0 0
0 0 O ws 0 0
| \ 000 - wy wy 0
Output 0 0 0 W, Wy, W
\"{‘:(\
N
RS | -
(feSpornise mar) Can be implemented efficiently on GPUs

y=Wx W will be 3D: 3 dimension allows for multiple kernels



Convolution Neural Layer

Kernel Channel #1

l

308

Kernel Channel #2

|

—498

+

0 0 0 0 0 ] 0 0 0 0 0 0 0 0
156 | 155 | 156 | 158 | 158 0 167 | 166 | 167 | 169 | 169 163 | 165 | 165
153 | 154 | 157 | 159 | 159 0 164 | 165 | 168 | 170 | 170 164 | 166 | 166
149 | 151 | 155 | 158 | 159 o | 160 | 162 | 166 | 169 | 170 o | 156 | 158 | 162 | 165 | 166
146 | 146 | 149 | 153 | 158 o | 156 | 156 | 159 | 163 | 168 o | 155 | 155 | 158 | 162 | 167
145 | 143 | 143 | 148 | 158 0 155 | 153 | 153 | 158 | 168 ] 154 | 152 | 152 | 157 | 167

Input Channel #1 (Red) Input Channel #2 (Green) Input Channel #3 (Blue)
1111 1 0 0
0 11|-1 1(-1]-1
0 1 1 1 0| -1

Kernel Channel #3

164 +1=-25

l

Bias=1

I

Output

-25

https://medium.datadriveninvestor.com/convolutional-neural-networks-3b241a5da51e



https://medium.datadriveninvestor.com/convolutional-neural-networks-3b241a5da51e

Predefined vs Learned Kernels

Predefined kernels Learned kernels
i B 0 0 Convolutional Neural Network (CNN)
= ; ) - — Linearly
L= ¢y ool | titore) | e | separatl [—
=" 3 O] e
Haar Wavelets i ::
B B B
===l =]l =][=]¢]
S
EENENOEAE o P e A R e e
ESENNImZAaE VGG-16 Convs_3

Gabariierns E> With CNNs, the kernel values are

learned as model parameters



Learned Filters (a.k.a. Convolution Kernels)

Edges (layer conv2d0)

>
"

https://distill.pub/2017/feature-visualization/

AT

Objects (layers mixed4d & mixed4e)


https://distill.pub/2017/feature-visualization/

Convolution in Digital Signal Processing

GREEILE: B — i — Hik — X

Input Signal, F Impulse Response, G
2 2
1 I | 1 R
0 0
y[n] — (x * h) [n] 10 5 5 10 5 5 10
0 i i Conhvolution Live Operation

=kZoox[k]h[n—k] ;ﬁ /,\

0 -8 6

%nnv&% uti nnDLive (?Jutpu# 6 8 10

40
20
0 A
-10 -8 i) -4 =2 0 2 4 6 8 10

https://quincyaflint.weebly.com/academic-material/discrete-
convolution



Cross-Correlation in Digital Signal Processing

BEXAZEIE: Hi— FH — Hik — KA

Txygl] = (xxy) [n] =

k=—o0

= 2 Al ie=nl T~

Convolution Neural Networks are indeed

i https://gfycat.com/brownquickisabellineshrike
Correlation Neural Networks




Paddings, Strides

No padding, no strides  Arbitrary padding, no strides ~ Half padding, no strides  Full padding, no strides

FRay
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No padding, strides Padding, strides Padding, strides (odd) No padding, no stride, dilation
https://browse.arxiv.org/pdf/1603.07285.pdf



https://browse.arxiv.org/pdf/1603.07285.pdf

Paddings, Strides

2-D discrete convolutions (N = 2),

square inputs (i; = iz = 1), Relationship 6. For any i, k, p and s,
square kernel size (k1 = ko = k), V +2p — kJ .
S L SN
s

same strides along both axes (s; = so = ),

same zero padding along both axes (p1 = ps = p).

https://browse.arxiv.org/pdf/1603.07285.pdf



https://browse.arxiv.org/pdf/1603.07285.pdf

The entire architectures

Repeat several times:

= Start with a convolutional layer

* Followed by non-linear activation and pooling
End with a fully connected (MLP) layer

RELU RELU RELU RELU RELU RELU
CONVlCONVl CONVlCONVl CONVlCONVl
by by
o 2

car
truck

=| B3

airplane

ship

[

horse

|
=
3
=
=
g
=
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Pooling Layer

Response map subsampling:
Allows summarization of the responses

224x224x64 Single deoth sli
112x112x64 = epth slice
poe 11124
X max pool with 2x2 filters
OO 7 | 8 and stride 2
l I 3 | 2 NG ]
4

 J

11 2 I8
> S 112
224 downsampling
112

224 Y




Pixel-wise tasks

224x224 224x224

1x1 lll

Unpooling Unpooling

T \Enpooling AL
Unpoolin
\ p g A
~Unpooling
\




Unpooling

switch
switch
variables Q Q variables
M \
por%lgg input
' ' - unpooled
map

Pooling Unpooling

Convolution Deconvolution



Transposed convolution (fractionally-strided convolution, deconvolution)

The transpose of convolving a 3 X3 kernel over a5 X5 input
padded with a 1 X 1 border of zeros using 2 X 2 strides (i.e., i=
5 k=3,s=2andp =1). Itisequivalent to convolvinga 3 X 3
kernel over a 3 X 3 input (with 1 zero inserted between inputs)

padded with a 1 X 1 border of zeros using unit strides (i.e., i’ =
5,k'=k,s'=1landp’ = 1).

https://browse.arxiv.org/pdf/1603.07285.pdf



https://browse.arxiv.org/pdf/1603.07285.pdf

Common architectures

Neocognitron

Ky

K. Fukushima

Neocognitron, an early geometric neural network

Fukushima 1980



Common architectures

Neocognitron

* Deep neural network (7 layers tested)

Local connectivity (“receptive fields”)

Nonlinear filters with shared weights (S-layers)

* Average pooling (C-layers)

ReL.U activation function

”Self-organised” (unsupervised) — no backprop yet! K. Fukushima

Fukushima 1980 https://www.rctn.org/bruno/public/papers/Fukushimal980.pdf


https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf

Common architectures

LeNet-5

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

32x32 s S2: f. maps
6@14x14

|
| | Full com{ection I Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

LeNet-5 classical CNN architecture

MNIST digits dataset

LeCun et al. 1989




Common architectures

Prrs: =7 \dense
48 128 208t 2048
5
\ 13
5 y = ”,'7"—_1‘:_‘_"
224 P
\ . o 13 dense dense|
mN .“5'55 1000
il X 128 Max L_| L
e i 204 2048
224\lfstride Max 128 Max pooling
of 4 pooling pooling
3 48

AlexNet architecture

Alex Krizhevsky llya Sutskever Geoffrey E. Hinton

Nvdia GTX 580 GPU capable of
~200G FLOP /sec

Krizhevsky et al. 2012



VGGNet

Used for object classification task
= 1000-way classification task
= 138 million parameters

224 x 224 x 3 2324 x 224 = Gd

112 x]112 % 128

56| 56 x 256
28 x 28 x 512 TxTx512

" 1% 1% 4096 1x1x 1000
f 1 T 't ]

ﬁ convolution+ Rel.LT
1 max pooling

| fully connected4+HelL

1] softmax




Residual Networks (ResNet)

Adding residual connections

weight layer
f(x) l relu

weight layer

X

identity

ResNet (He et al., 20195)
 Upto 152 layers!
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Visualizing the Last CNN Layer

PCA, tsne, etc

%
S
I
s ]

Alex Net

s

.4 /4
—— M- |
P =y =
13x13x384 13 13x384 13,13 x 256
56

Embed high dimensional data
points (i.e. feature codes) so
that pairwise distances are
conserved in local
neighborhoods.




CAM: Class Activation Mapping [CVPR 2016]

terrier
GAP

i alele)

// @%\r— Australian
e e R
o 19

-4 o g
<Z00
<200

2%

\ /

Class Activation Mapping

Class
Activation

Map

. (Australian terrier)

c L & ik
Leam = Zka
k
| S

linear combination

—~—

T eaw T W ®

-

http://cnnlocalization.csail.mit.edu/Zhou_Learning_Deep_Features CVPR_2016_paper.pdf



http://cnnlocalization.csail.mit.edu/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf

Grad-CAM [ICCV 2017]

Rectified Conv FC Layer
Feature Maps Activations

RelLU

C | Tiger Cat
Grad-CAM
global average pooling
*
1 8yc l
c __ = k
oi= =X, T Laacany=ReLl | Y a4
- 0A?Y.
i j ) k
v N~ N~ -4
gradients via backprop linear combination

https://browse.arxiv.org/pdf/1610.02391.pdf


https://browse.arxiv.org/pdf/1610.02391.pdf
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Modeling Temporal and Sequential Data

How to represent a video sequence?

One option: Recurrent Neural Networks



3D CNN

3D CNN

Input as a 3D tensor
(stacking video images)

First layer with 3D kernels



Output Volume (3x3x3)
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https://www.kaggle.com/code/mariuszwisniewski/3d-cnn-2-for-alzheimer-disease-poc
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