Convolutional Neural
Networks

INTELLIGENT SYSTEMS FOR PATTERN RECOGNITION (ISPR)
DAVIDE BACCIU — DIPARTIMENTO DI INFORMATICA - UNIVERSITA’ DI PISA

DAVIDE.BACCIU@UNIPLIT



Lecture Outline

o Introduction and historical perspective

o Dissecting the components of a CNN
e Convolution, stride, pooling

o CNN architectures for machine vision
e Putting components back together
e From LeNet to ResNet

o Advanced topics

e Interpreting convolutions Split in two
e Advanced models and applications lectures
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Introduction

Convolutional Neural Networks
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Introduction

Convolutional Neural Networks

Destroying Machine Vision research since 2012

I ———————————————————
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Neocognitron

o Hubel-Wiesel (‘59) model of brain

e Complex cells pooling responses of
simple cells for invariance

Ug, Y : )
S/‘ % U, visual processing
(o= _ _ .
“”’-.l | Yes e Simple cells responding to localized
U@K 5 {y features
IR

input

— P remeacnas @\

' o Fukushima (‘80) built the first
edges recognition  hjerarchical image processing
higher-order . . .
features architecture exploiting this model

Trained by unsupervised learning
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CNN for Sequences

ouwuﬂ mer o Apply a bank of 16 convolution kernels
3x9

16 input

L bidden to sequences (windows of 15 elements)
9 E!a‘,lfer . - .
T 'r o Trained by backpropagation with
® 1 ﬁ// || bidgen parameter sharing
3 . 5 o Guess who introduced it?
ﬁ |
% INPUT ...yeah, HIM!
|

S

15
Time delay neural network
(Waibel & Hinton, 1987)
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CNN for Images

INPUT C1: feature maps C3: feature maps
32x32 b@28x28 $2: feature maps 16@10x10
GAUSSIAN

b@14x14
‘ FULL CONNECTIONS

CONVOLUTIONS SUBSAMPLING CONVOLUTIONS SUBSAMPLING CONNECTION

S4:f. maps C5:layer Fg: layer OUTPUT
16@5x5 120 84 10

[]

First convolutional neural network for images dates back to 1989 (LeCun)
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Dense Vector Multiplication

Processing images: the dense way
32x32x3 image
.—» i T

v Reshape it into An input-sized weight vector
BN . cctor for each hidden neuron
X f _: N w
3072
T 100x3072
Wx

Each element contains

the activation of 1 neuron |© 100
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About invariances

MLPs are positional

We (most likely) need
translation
invariance!

* If we unfold the two images into two vectors, the features
Identifying the cat will be in different positions

* But this still remains a picture of a cat, which we would like to
classify as such irrespectively of its position in the image
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An inductive bias to keep in mind

ay 4
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Nearby pixels are
more correlated
than far away
ones

The input
representation
should not
destroy pixel
relationships (like
vectorization
does)




Convolution (Refresher)
o
[ — > e

/ sum 25 multiplications + bias
32x32

Matrix input preserving
spatial structure
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Adaptive Convolution

c1 = wi+wsz + 2wy + 3ws +4wg + wy + wg

1101
2 | 314 > [ G
110]1

\ 101
\ 01276 I Y N I it B
\ 101
Co = Wi+ w3 + 2w + wy + Wy
T
Wx2,2 WTx97

Convolutional filter (kernel) with
wy | ws | we (adaptive) weights w;
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Convolutional Features

:> T Convolution
U > features

32x32 28x28

Slide the filter on the image computing
elementwise products and summing up
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Multi-Channel Convolution

Convolution filter
has a number of
slices equal to
the number of
image channels

5x5x3
32x32x3
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Multi-Channel Convolution

J

All channels are typically convolved together
o They are summed-up in the convolution
o The convolution map stays bi-dimensional

28x28
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

stride=1
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

stride=1

DAVIDE BACCIU - ISPR COURSE 20




Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

stride=1
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

o Can define a different stride
e Hyperparameter

stride =2
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

o Can define a different stride
e Hyperparameter

stride =2
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

o Can define a different stride
e Hyperparameter

stride =2
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

o Can define a different stride
e Hyperparameter

stride =2
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Stride

o Basic convolution slides the filter

on the image one pixel at a time
o Stride=1

o Can define a different stride
e Hyperparameter

stride =2
Works in both directions!
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Stride

o Basic convolution slides the filter
on the image one pixel at a time
o Stride=1

o Can define a different stride

e Hyperparameter

o Stride reduces the number of

stride =3 multiplications
e Subsamples the image
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Stride

o Basic convolution slides the filter
on the image one pixel at a time
o Stride=1

o Can define a different stride

e Hyperparameter

o Stride reduces the number of

stride =3 multiplications
e Subsamples the image
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Stride

o Basic convolution slides the filter
on the image one pixel at a time
o Stride=1

o Can define a different stride

e Hyperparameter

o Stride reduces the number of

stride =3 multiplications
e Subsamples the image
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Activation Map Size

What is the size of the image after application of a filter with a given

size and stride?
W=7

Take a 3x3 filter with stride 1
K=3, S=1

H

7 v

Output image is: 5x5




Activation Map Size

What is the size of the image after application of a filter with a given

size and stride?
W=7

Take a 3x3 filter with stride 2
K=3, S=2

H

7 v

Output image is: 3x3




Activation Map Size

What is the size of the image after application of a filter with a given
size and stride?

W=7
General rule
H=7 W' = -, 1
= |
H—-—K
H' = F 1




Activation Map Size

What is the size of the image after application of a filter with a given

size and stride?
W=7

Take a 3x3 filter with stride 3
K=3, S=3

H

7 U
Output image is: not really and
image!




Zero Padding

Add columns and rows of zeros to the border of the image
W=7

0 0 00| 0O0]J]0O0O]J]O0O]|O0]|O
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Zero Padding

Add columns and rows of zeros to the border of the image

W=7 (P=1)

0 0 0 0 0 0 0 0 0 K=3 S=1

0

0 V
H=7 2 Output image is?
(P=1) —

W —K+ 2P

0 W' = + 1

0 S

0

7x7
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Zero Padding

Add columns and rows of zeros to the border of the image
W=7 (P=1)

0 0 0|l 0)J]0O0O]J]O0O]JO0O]|O0]|O

Zero padding serves to retain
the original size of image

0 K—-1

H=7 | p=— "

(P=1) | 2
0 Pad as necessary to perform
0 convolutions with a given

0 stride S
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Feature Map Transformation

wal-’j +b max(O, wai'j + b)

— —

32x32x3 32x32 32x32

o Convolution is a linear operator

o Apply an element-wise nonlinearity to obtain a transformed feature map
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Pooling

o Operates on the feature map to make the representation

e Smaller (subsampling)
e Robust to (some) transformations

W=4
1(1(2 |4 W’'=2
516|718 Max pooling 6 | 8
H=4 > H'=2
312|110 2x2 filters 3 4
1121314 stride =2 booled map

feature map
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Pooling Facts

o Max pooling is the one used more frequently, but other forms are
possible

e Average pooling
e L2-norm pooling
e Random pooling

o Itis uncommon to use zero padding with pooling

W—-K

W' =
S

+1
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The Convolutional Architecture

To next layer

(| o An architecture made by a

Convolutional layer
hierarchical composition of the
"(f;’;i;‘)g basic elements
$ o Convolution layer is an
Nonlinearity abstraction for the composition
(R;Lu) of the 3 basic operations
Convolutional Filters o Network parameters are in the
St ad;pt”e oI convolutional component

|
Input
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A Bigger Picture

CL4
CL3

CL2

CL1

Input

CL -> Convolutional Layer

FCL1

FCL 2

Output

Contains several convolutional filters
FCL -> Fully Connected Layer with different size and stride

DAVIDE BACCIU - ISPR COURSE
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Convolutional Filter Banks

Feature map

+ nonlinearity
Dy convolutional Pooling

filters of size K X K

= =/ =

K X K X D; X Dy

H" x W' x Dg

/ H' X W' X Dg \
Number of model parameters due Pool?ng ?S often (not always)
to this convolution element (add applied independently on the Dy

Dy bias terms) convolutions
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Specifying CNN in Code (Keras)

Number of convolution filters D, Define input size (only first hidden layer)

model = Sequential ()
model.add (Conv2D (32, kernel size=(5, 5),/strides=(1, 1),
activation='relu',
input shape=input shape))
model .add (MaxPooling2D (pool size=(2, 2), strides=(2, 2)))
model.add (Conv2D (64, (5, 5))
model.add (Activation="relu'))
model.add (MaxPooling2D (pool size=(2, 2)))
model.add (Flatten())
model .add (Dense (1000, activation='relu'))
model.add (Dense (num_ classes,

activation='softmax'))

Does for you all the calculations to determine the final size to the
dense layer
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A (Final?) Note on Convolution

o We know that discrete convolution between an image I and a
filter/kernel K is

(I *K)(i,j) =2mrnl(i—m,j —n)K(m,n)
and it is commutative.

o In practice, convolution implementation in DL libraries does not
flip the kernel

(I*K)(i,j) =2m2nl(i+m,i+n)K(m,n)

Which is cross-correlation and it is not commutative.




CNN as a Sparse Neural Network

Let us take a 1-D input (sequence) to ease graphics

A A A A
b
a b b

b
c CAa c/\a cab

Convolution amounts to sparse connectivity (reduce parameters)
with parameter sharing (enforces invariance)
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Dense Network

N0
o'
7\
RN
CH
A

The dense counterpart would look like this




Strided Convolution

Make connectivity sparser

ONENORENO

Strided
convolution




Max-Pooling and Spatial Invariance

A feature is detected even if it is spatially translated

syojoJoyo s
: e

A
Feature map ... U o o

N oyoYo¥o.

v A v.v
Feature map ... o o U e
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Cross Channel Pooling and Spatial Invariance

Large response Large response
in pooling unit in pooling unit
Large

response
in detector in detector

Large
response

unit 1 unit 3

Feature Feature Feature Feature
map 1 map 3 map 1 map 3

L, S
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Hierarchical Feature Organization

The deeper the larger the receptive field of a unit

0 0G G




Zero-Padding Effect

Assuming

Without zero :
no pooling

sy
NN
dégggéoooddégsgb

L] 00/0/0/00000000eeee |

C&OOOOOOOOO@%{J)\}.
%%OOOOOOOOOMJ)&

¢

ggboooooooooééé@%b

With zero
padding
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CNN Training

Variants of the standard backpropagation that account for the fact that
connections share weights (convolution parameters)

The gradient Aw; is obtained by
summing the contributions from all
connections sharing the weight

Backpropagating gradients from convolutional layer N to N-1 is not as simple
as transposing the weight matrix (need deconvolution with zero padding)
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Backpropagating on Convolution

Convolution

K=3, S=1 Input is a 4x4 image
Output is a 2x2 image

j‘> Backpropagation step requires
going back from the 2x2 to the
4x4 representation

Can write convolution as dense multiplication with shared weights

wp,0 Wo,1 W02 0 wi,0 wWi,1 W12 0 Wz W21 W32 0 0 0 0 0
0 wWo,0 Wo,1 Wo,2 0 wi,0 Wi,1 W12 0 wa,0 W21 W22 0 0 0 0
0 0 0 0 wWo,0 Wo,1 Wo,2 0 wi,0 Wi,1 W12 0 Wa g W21 W22 0
0 0 0 0 0 wp,0 Wo,1 Wo,2 0 wi,0 wWi,1 W12 0 w20 W21 W22

Backpropagation is performed by multiplying the 4x1 representation to the
transpose of this matrix
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Deconvolution (Transposed Convolution)

We can obtain the transposed convolution using the same logic of the forward
convolution

K=3, S=1, P=0

-

If you had no padding in the forward convolution, you need to pad much
when performing transposed convolution
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Deconvolution (Transposed Convolution)

If you have striding, you need to fill in the convolution map with zeroes to
obtain a correctly sized deconvolution

K=3, S=2, P=1

https://github.com/vdumoulin/conv arithmetic
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https://github.com/vdumoulin/conv_arithmetic

LeNet-5 (1989)

o

o

o

O

INPUT C1: feature maps C3: feature maps
32x32 6@28x28 52: feature maps 16@10x10

S4: f. maps C5:layer Fg: layer OUTPUT
6@14x14

16@5x5 120 84 10

‘ ‘ ™~ f GAUSSIAN
FULL CONNECTIONS
CONVOLUTIONS SUBSAMPLING CONVOLUTIONS SUBSAMPLING CONNECTION

Grayscale images

Filters are 5x5 with stride 1 (sigmoid nonlinearity)
Pooling is 2x2 with stride 2

No zero padding
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AlexNet (2012) - Architecture

ImageNet Top-5:15.4%

EN - R
s 3 |X EAV I y
----- — ' 3\
Cor 192 192 128 2048 2048 \dense
13 13
Y AN
224 N - i ! 3| |+ R R
. NS 13 dense dense
3 1000
192 192 128 Max || |
Max 38 Max pooling 2048 2048
pooling pooling

48

o RGBimages 227x227x3
o 5 convolutional layers + 3 fully connected layers
o Splitinto two parts (top/bottom) each on 1 GPU
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Data Augmentation

Key intuition - If |
have an image
with a given label,
| can transform it
(by flipping,
rotation, etc) and
(b) Crop and resize  (c¢) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter) the resultin g

SRRy s NS
- e --“ ,f. :':

image will still
have the same
label

(f) Rotate {90°, 180°,270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering

1 j _'l’.")
UNIVERSITA DI P1SA
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AlexNet - Innovations

EN - R
s 3 |X EAV I y
----- — ' 3\
Cor 192 192 128 2048 2048 \dense
13 13
Y AN
224 N - i ! 3| |+ R R
. NS 13 dense dense
3 1000
192 192 128 Max || |
Max 38 Max pooling 2048 2048
pooling pooling

48

o Use heavy data augmentation (rotations, random crops, etc.)
o Introduced the use of Relu
o Dense layers regularized by dropout
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ReLU Nonlinearity

Lo sigmoid " RelU
1 P B
. o(2) _lje;‘/ B R(z) =maax(0, z)
- -~
iﬁ > -~ : 6
P ' Non zero- :
: 04 | 4 | Dead Units!!!
Saturation < - | centered _ - nd p
S : -
2 2 = et /7
N ‘ 7
oo ) \A | 0 il - 7 g
10 -5 0 5 10 -10 -5 0 5 10 //
o Relu help counteract gradient vanish 7

e Sigmod first derivative vanishes as we increase or decrease z L’
e Relu first derivative is 1 when unit is active and 0 elsewhere 7
e Relu second derivative is 0 (no second order effects)

o Easy to compute (zero thresholding)
o Favors sparsity
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AlexNet - Parameters

224 sl |

Max 128
pooling

48

o 62.3 millions of parameters (6% in convolutions)

Y

2048 704 \dense

ENS g 8
7 3 X EAV It
yra ' I N
S 192 192 128
13 13
?\' -
3|
IR 13
192 192 128 Max
Max pooling
pooling

dense | [dense

1000

2048 2048

o 5-6 days to train on two GTX 580 GPUs (95% time in convolutions)
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VGGNet — VGG16 (2014)

N ImageNet Top-5 : 7.3%

D=128

D=512

D=512

“ D=4096 D=4096 D=1000
f I | ) —
224x224  112x112 56x56 28x28 14x14 FC FC FC + Softmax

o Standardized convolutional layer

e 3x3 convolutions with stride 1

e 2x2 max pooling with stride 2 (not after every convolution)
o Various configuration analysed, but best has

e 16 Convolutional + 3 Fully Connected layers
e About 140 millions parameters (85% in FC)
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GooglLeNet (2015)

ImageNet Top-5:6.7% 1 E‘E ﬂﬁl
A A ame Algdd
1 o1 a1 dangandiiagglgghs
e ggiiiiiiﬂﬂﬁ' TR
palaa]uiiyiiy By oA at
VR Ml R el B e 04 B8
Bf 514 ug M . Hisa
fgee
@ e Kernels of different size to
capture details at varied
Why 1x1 ot | Inception Module P
. scale
convolutions?
3x3 convolutions 5x5 convolutions 1x1 convolutions o Aggregated before Send|ng to
1x1 convolutions [} ‘ } ‘ [} | next Iayer

* Average pooling

* No fully connected layers
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1x1 Convolutions are Helpful

Take 5 kernels
—
—

1x1x64
56x56x64 56x56x5

By placing 1x1 convolutions before larger kernels in the Inception module, the
number of input channels is reduced, saving computations and parameters
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Back on GooglLeNet

4 4
A A gag Ayl
syl
Bhia (it (A HALRLE
‘ | KT RS "~

Auxiliary outputs
to inject gradients

o 12X less parameters than AlexNet at deeper layers
o Followed by v2, v3 and v4 of the Inception module

e More filter factorization

o Only 5 millions of parameters

e Introduce heavy use of Batch Normalization
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Batch Normalization

o Very deep neural network are subject to internal covariate shift
e Distribution of inputs to a layer N might vary (shift) with different minibatches (due to
adjustments of layer N-1)
e Layer N can get confused by this

e Solution is to normalize for mean and variance in each minibatch (bit more articulated
than this actually)

Np X; — Up y=yX+pf Scale and shift

B o f = Tt
Ko Ny, 4 ' gg + € Trainable linear transform potentially

allowing to cancel unwanted zero-
centering effects (e.g. sigmoid)

of = —Z(xi — 1up)?  Normalization
i=1

Need to backpropagate through this!
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ResNet (2015)

| 0007 2

3

jood 8ne

21§ ‘AUOD EXE

A

216G ‘AU0D EXE

TS ‘AUDD €Xg

7'y

TGS ‘AUOD EXE

| 15 'Au0o gxg

A )

| 2/ 'z1s ‘nuodexe

uuuuuuu

957 ‘MU0 £XE

ImageNet Top-5:3.57%

A

95T ‘AUOD EXE

957 ‘AUOD £XE

A

957 ‘AUOD EXE

95T ‘AUOD £XE

A

967 ‘AUOD EXE
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Kerations

1

lterations

ok Gunues |

"t this working

Why wasn
before?

Gradient vanishes when backpropagating too deep!

68
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ResNet Trick

‘
/
J
’
’
'
.
s e el f el [ ] e e e e M e e et [ el e ] [ el [ el [ ] e et e ] e F—
v
'
.
~ o o o
~ < o> = e <+ e 0 -] co 0 00 0 wlll™ [t} o 0 =3 0 [t=} 0=} [t} 0 w0 0=} o o~ o~ o~ o~ o~
- 2 2 o 2 @ b s o0 o~ ~ ~ ~ ~ o ~ o n n n 1 1 Il n Il i n n o~ — ~ — ~ —
& ~ ! ; % ) a — — — — — — — b o~ o~ ~ o~ o ~ o ~ o~ ~ o b n n wn n n 5 o
w a = = = = = b 1S . = B - ! SELS - - - - - . - ~ . -kl = & - -
- = > > > = = = > B = > = = > = > > > = = > > = o e
& s 2=y ] 5 5 S s 5 S St = cHp T = = = St € = =8> = c = = £ = = c Sl € c = = = o S
= = O o o O O P = o o o =] Q o (=] c o o o o o o (=] o o Q Q = Q =] =] =] Q [
= S 2 o i s = o =] (=) (=] O < o =} 5 (=] < [=] < o (=] =} (=] =] < =} 5] < o o o (5] > L
N 13 R IR] 3] 2] (=] 121 (2] (2] 1=] (2] 121 (8] |a] (8] 12] (2] 12] (8] 1] (2] 1] (2] 12 (2] (of 12] (2 (2] (8] |2 ®
kS m a0 23] o m m, i 15 o o o] ™ 0 0 fag) o o 5} o 3} 2} A [} 15 o o ) [} a @ oA (5}
3] o ]

F(X)+X The input to the block X bypasses the

o convolution and is then combined with its
) | el residual F(X) resulting from the convolutions

Residual 3 ReLu X
block

When backpropagating the gradient flows in full
through these bypass connections
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ResNet & Batch Norm

1 2 3

lfl JJ\WEE lf2 ]',LW:; 11.1

When connecting several Residual Blocks in series, one need to be
careful about amplification/compounding of variance due to the
residual connectivity

e Batch norm can alleviate this effect
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MobileNets

M
D Making CNNs efficient to run on mobile
Dk N> . .
5 ool devices by depthwise separable
q convolutions
Dk
Dk —M—

() Detiwise Comoltions i Basically run channel-independent
convolutions followed by 1x1
convolutions for cross-channel mixing

— N —
(c) 1 x 1 Convolutional Filters ¢ lldP twseC tion in the con-

text o fDepthwseSp rable Cor

arxiv.org/pdf/1704.04861.pdf
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arxiv.org/pdf/1704.04861.pdf

CNN Architecture Evolution

Inception-v4
80 A1 v
Xception
L basan Reshel N VGG-16 VGG-19
ResNet-34
MobileNet=V2
- MobileNet-v1
X 707 Q ResNet-18
>
O GooglLeNet
- ENet
O 65 P fd-MobileNet
i
& BN-NIN
= ShuffleNet
60 - 5M 35M 65M 95M 125M 155M
SqueezeNet
BN-AlexNet
35 1 . AlexNet
50 T T T T )
0 10 20 30 40 50

Operations [G-Ops]
I EEEEE—
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Transfer learning

REMFISETE
U hae” R SR
VT EE L

I

i
ig'i?gﬁiﬂ output

» Bl
Large public dataset
Transferred learning weights
| /i
S
(.7
= O, O

output

Image
preprocessing

Small dataset

Use (part of) a model
trained (pretrained) by
someone on large dataset
as a “feature-extractor”
on problems with fewer
data, fine tuning only the
predictor part



hidden dense layer

https://cs.stanford.edu/people/karpathy/chnnembed/
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Interpreting Intermediate Levels

o What about the information captured in convolutional layers?

o Visualize kernel weights (filters)

e Naive approach
e Works only for early convolutional layers

o Map the activation of the convolutional kernel back in pixel space

e Requires to reverse convolution
e Deconvolution

Zeiler&Fergus, Visualizing and Understanding Convolutional Networks, ICML 2013
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Deconvolutional Network (DeConvNet)

4 224x224 224x224

Max T
A/ pooling _..---""

L

Max
| i [ npoolin
; ax.. oolin ooling
oolin o eimeeesm meesmmereesssssssee
in cee "
p

o Attach a DeConvNet to a target layer
o Plug aninput and forward propagate activations until layer
o Zero activations of target neuron

o Backpropagate on the DeConvNet and see what parts of the reconstructed
image are affected
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Inspect Deconvolution Layers

Deconv 14x14 Pooling Deconv 28x28

(d)

()
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Filters & Patches — Layer 1

M 1
1|
mun

A
il
r
s

4
&

-

L
m
1
L
3
«
e
=
1
_
4

Reconstructed filters in pixel space

Corresponding top-9 image patches

Zeiler&Fergus, Visualizing and Understanding Convolutional Networks, ICML 2013
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Filters & Patches — Layer 2
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Zeiler&Fergus, Visualizing and Understanding Convolutional Networks, ICML 2013
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Filters & Patches — Layer 3
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Zeiler&Fergus, Visualizing and Understanding Convolutional Networks, ICML 2013
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Filters & Patches — Layer 4

Zeiler&Fergus, Visualizing and Understanding Convolutional Networks, ICML 2013
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Filters & Patches — Layer 5

. :::.‘

Zeiler&Fergus, Visualizing and Understanding
Convolutional Networks, ICML 2013
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Occlusions

o Measure what happens to feature maps and object classification if we
occlude part of the image

o Slide a grey mask on the image and project back the response of the best
filters using deconvolution
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cclusions

True Label: Afghan Hound
T

Zeiler&Fergus, Visualizing and Understanding Convolutional Networks, ICML 2013
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Dense CNN

Dense Block 1

¥
UOIIN|OAUOD)

Huang et al, Densely Connected Convolutional Networks, CVPR 2017

~® v0 vO v0 | >

UoINOAUOD)

I Nl [ ] Prediction
Dense Block 2 o Dense Block 3
g 2 g -OU ': “ ”
Sl O 0 v@ vo v@ | >3 >(Si» @ v® vO ¥® |23 > ‘horse
>

.

Transition layers
batch normalization + 1X1 convolutional +

2%X2 average pooling layer

batch normalization + ReLU + 3x3 conv

o Gradient flows well in bypass connections
o Each layer in the dense block has access to

all information from previous layers

R
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Causal Convolutions

Preventing a convolution from allowing to see into the future...

time

OOOOQ@@@O@QQ@@Q/@W
9944444444444 ¢9Pm
SO 0800068 6 0 —
oo¢o$$‘3§¢oo¢ -

Problem is the context size grows slow with depth
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Causal & Dilated Convolutions

(I*K)(i,j) =2m2nl(i—Im,i —In)K(m,n)

OOOOOOOOOOOOOOOQ

O O O O O O O O O O 0 O O 0,9
ooo/ooom;

A

Similar to striding, but size is preserved

Oord et al, WaveNet: A Generative Model for Raw Audio, ICLR 2016
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Semantic Segmentation
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Traditional CNN cannot be used for this task due to the
downsampling of the striding and pooling operations

DAVIDE BACCIU - ISPR COURSE 89




Fully Convolutional Networks (FCN)

convolution
H/4 x W/4 H/8 x W/8 H/16 x W/6 H/32 x W/32 Hx W

Convolutional part to extract
interesting features at various
scales

Learn an upsampling function of the fused
map to generate the semantic
segmentation map

/

Fuse information from feature maps of different scale

Shelhamer et at, Fully Convolutional Networks for Semantic Segmentation, PAMI 2016
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Deconvolution Architecture

Convolutional Encoder-Decoder

Input

Output

__ir - v Pooding Indices

RGB Imagez | I Conw + Batch Normalisation + Rell ‘ Segmentation

., B Fociing [ Upsampling Softmax
v

7
7

v e
”’
Maxpooling indices transferred to decoder to improve the segmentation
resolution.

Badrinarayanan et al, SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation, PAMI 2017
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SegNet Segmentation

Demo here: h

mi.eng.cam.ac.uk/projects/segnet
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U-Nets (Big on Biomedical Images)

Few convolutional
layers at different
resolutions

input
image
tile

572 x 572
570 x 570
568 x 568

¥
¥

164 64

maps

/ Pooli
128:i8 /
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ng layers

Low level information transfer by
concatenation of early feature

High level
visual features

512 256 '

Pixel mask in output
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segmentation
212 & & map
EEE

256 128 .
Upconvolution

(Deconvolution)

1962
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copy and crop
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Use Dilated Convolutions

Always perform 3x3 convolutions with no pooling at each level

Level 1 Level 2 Level 3

Context increases without
o Pooling (changes map size)
o Increasing computational complexity

Yu et al, Multi-Scale Context Aggregation by Dilated Convolutions, ICLR 2016
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Segmentation by Dilated CNN

Dilated CNN Dilated CNN

Yu et al, Multi-Scale Context Aggregation by Dilated Convolutions, ICLR 2016

DAVIDE BACCIU - ISPR COURSE




Object Detection




Object Detection: Faster R-CNN

I 2k scores I | 4k coordinates | S

cls layer ‘ ’ reg layer

| 256-d |

intermediate layer

t
S

sliding window

conv feature map

Generate bounding boxes

proposals
* X,y position
* size

 confidence

k anchor boxes

Claccification Roaiindino-hnv
classitication (“,'\,)U'\u?,-\i;:‘n,)r\

Rol pooling

loss regression loss

proposals

\

Crop, fuse and
polish bounding
boxes proposals

Region Proposal Network b5

feature map

Any CNN of your
choice that can

produce a feature CNN
map y /

Source: S. Yeung, BIODS 220




Software

o CNN are supported by any deep learning framework (Keras-TF,
Pytorch, MS Cognitive TK, Intel OpenVino, ...)

o Caffe was one of the initiators and basically built around CNN

e Introduced protobuffer network specification

e ModelZoo of pretrained models (LeNet, AlexNet, ...)
e Support for GPU

e Project converged into PyTorch now
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Caffe Protobuffer

name: "LeNet"

layer {
name: "data"
type: "Input"

input_param { shape: { dim: 64 dim: 1 dim: 28 dim: 28 } }
}
layer {

name: "conv1"

type: "Convolution"

bottom: "data"

convolution_param {
num_output: 20
kernel size: 5
stride: 1
weight_filler {
type: "xavier"

}
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Other Software

o Matlab distributes its Neural Network Toolbox which allows
importing pretrained models from Keras-TF

o Want to have a CNN in your browser?
e Try ConvNetlS (https://cs.stanford.edu/people/karpathy/convnetjs/)
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https://cs.stanford.edu/people/karpathy/convnetjs/

GUIs

Major hardware producers have GUI and toolkits wrapping Caffe,
KeraS-TF to play W|th CN NS Intel OpenVino
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Take Home Messages

o Key things
* Convolutions in place of dense multiplications allow sparse connectivity and weight
sharing

* Pooling enforces invariance and allows to change resolution but shrinks data size
* Full connectivity compress information from all convolutions but accounts for 90% of
model complexity
o Lessons learned
* RelU are efficient and counteract gradient vanish
* 1x1 convolutions are useful
* Need batch normalization
* Bypass connections allow to go deeper

o Dilated (a trous) convolutions
o You can use CNN outside of machine vision
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Next Lecture

Gated Recurrent Networks

o Learning with sequential data  ParTI

o @Gradient issues -

o Gated RNN

e Long-Short Term Memories (LSTM)
e Gated Recurrent Units (GRU)

o Advanced topics I

e Understanding and exploiting memory encoding

e Applications
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