Lecture Notes V — Residual and Convolutional Neural Networks,
Transformers and attention
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Convolutional networks (Convnets)

Residual networks (Resnets)

Some (convolutional) neural network breakthroughs

Transformer networks

Reading HTF Ch.: 11.3 Neural networks, Murphy Ch.: (16.5 neural nets), Bach Ch.: —, Deep
Learning Book (Goodfellow, Bengio, Courville) 6.1-4, ResNet 7.6, ConvNet 9., Autoencoders
14.1, Dive Into Deep Learning 4.1-4.3.
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ConvNets — Convolutional Networks

» discrete convolution let f,g : Z — R
Z = all integers

(Fxg)(t) = D _f(t—i)e(i) 1

i€Z
» convolution as Toeplitz matrix vector multiplication

» in ConvNets, Z is replaced by 1 : m, f is padded with 0’s

» g is a (smoothing) kernel
> ie g(i)=g(—i) >0and |[suppg| =2s+1 <K m > g(i)=1
» Convolutional layer f < x input, g <+ w weights, s output

t+s

s()= > wis(t — i) )

i=t—s

» Pooling
a symmetric function like max,y ...
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Discrete convolution

= Discrete convolution

oo

y( = Z x(Bw(i — t)

t=—en

= Multidimensional convolution
AN = D D X tIwl — ) — £2)

E{=—co tz=—o0o
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Example: Edge Detection

= Consider a grey scale image

= Detect vertical edges: v(i,j) = x(i,j) — x(i — 1, )

Ly =6ty =
wii — . —tz) = Ly =1— Lz =7
otherwise
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Convolution for feature extraction
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Gabor filters

" Gabor filters: common feature maps inspired by the human vision

2 system
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Pooling

! Pooling: commutative mathematical operation that combines
several units

= Examples:

* max, sum, product, average, Euclidean norm, etc.

= Commutative property (order does not matter):

Ex.: max{a, b) = max(h,a)
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Example: Digit Recognition

s s, e s, ™ u;
input feature maps  feature maps. feature maps feartire maps output
. .

Nx3 Bx28 14x14 10 10 Ixd
Y

3

e N
comatiion: N maxpooling  convolution ] NN oy N

\ max pooling NN, comnecied  \

feature extraction classification
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Parameters
* # of filters: integer indicating the # of filters applied to each
window.

* kernel size: tuple (width, height) indicating the size of the
window.

= Stride: tuple (horizontal, vertical) indicating the horizontal and
vertical shift between each window.

* Padding: “valid” or “same”. Valid indicates no input padding.
Same indicates that the input is padded with a border of zeros to
ensure that the output has the same size as the input.
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Benefits

* Sparse interactions
* Fewer connections

* Parameter sharing
* Fewer weights

* Locally equivariant representation
* Locally invariant to translations

* Handle inputs of varying length
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OOBOO ==
A

a &M Pooling layer

ofofc :
@)

Detector layer: Nonlinearity
e.g., rectified linear

WANSTANN 1

E;Céé;g E;éé:; Convolution layer:
OO0O Affine transform

000 HOOOOOOOOOOOOOCHLe® :

o%cL%éooooooooob%cL& [nput to layers
o%J)%éoooooooooEj%J;&
o%é%éooooooooob%é&

from www.deeplearningbook.org Chapter 9




___________________________________________________________________________|]
Training

* Convolutional neural networks are trained in the same way as
other neural networks

* E.g., backpropagation

* Weight sharing:

* Combine gradients of shared weights into a single gradient

Bg) UNIVERSITY OF
CSABWEB0 Winter 2023 - Lecture 12 - Pascal Poupart. PAGE 15 %1 WATERLOO
R




Architecture design

* What is the preferred filter size?

* VGG (Visual Geometry Group at Oxford, 2014): stack of small
filters is often preferred to a single large filter

* Fewer parameters

* Deeper network

* Picture
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Resnets — Residual networks

Idea What is the “simplest” input-output function? f(x) = x
» Hence, a NN layer should learn the difference w.r.t. identity fy
(1) — B(’)¢(W(/)x(/))+x(/)

Here we must have my 1 = my
Generalization DenseNet

®3)

» Layer | gets inputs from [ — 1,/ — 2,.... These inputs are in parallel hence m;, m;_1,...

need not be equal

Residual Networks

* Problem: very deep networks can perform worse than shallower
networks (due to local optima & other stationary non-optimal
points)

* Solution [He et al., 2015]: introduce residual connections (a.k.a.
skip connections) to make blocks optional

* Picture:
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Acoustic Modeling in Speech Recognition

Architecture of a DNN-HMM hybrid
TABLE I system

A comperisor: of the Percertage Vard Brror Rates wsing DNN-HMMs ard GMM-MMs on five differsnt large vocabeary tasks. ~— Transiton Probiakillies
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Image Recognition

* Convolutional Neural Network
* With rectified linear units and dropout
* Data augmentation for transformation invariance

pooing oo ing

=
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ImageNet Breakthrough

" Results: ILSVRC-2012
* From Krizhevsky, Sutskever, Hinton

Model ‘Top-1 (val) | Top-5 (val) | "Top-5 (test)
SIFT + FVs 7] 26.2%
TCNN A0.7% 18.2% —

5 CNNs 38.1% G 16.4%
TCNN™ 39.0% —

7 CNNs? 36.7% 15.3%

Table 2: Comparison of crror rates on ILSVRC-2012 validation and
test sets. Tn talicy are best results achizved by o . Madzls with an
asterisk® were “pre-trained™ (o classily the eotire ImugeNel 2011 Fall
release. Sec Scetion 6 for details.
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ImageNet Breakthrough

* From Krizhevsky, Sutskever, Hinton

ligure 4; (Left) Tight ILSVRC-2010 test images and the five lakels considersd most protable by our model.
The correct labzl is veritten undar each image, and the prohability assigned to the correct label is alsa shown
will a red bar {i it happens o be in e op 51, (Right) Five ILSVRC-2010 test images in the frst column, The
remaining colwmns show 1he six training images that produce fezture vechors in the last hidden layer with the
sinallest Evelidean distance from the Featune veclor for (e st inuge.
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Transformer networks: Why we need attention

Attention Is All You Need

Ashish Vaswani® Noam Shazeer” Niki Parmar* Jakob Uszkoreit"
Google Brain Google Brain Google Rescarch ~ Google Research
avaswaniGgoogle. con le.com nikipOgoogle.com usz0google.com
Llion Jones Aidan N. Gomez* Lukasz Kaiser*
Google Rescarch University of Toronto Google Brain
llion@google.com  aidan@cs.toronto.edu  lukaszkaiser@google.com
Illia Polosukhin* *

i1lia.polosukhindgnail.com

We propose a new simple network architecture, the
Transformer,based solely on attention mechanisms,
dispensing with recurrence and convolutionsentirely.

Wir schlagen eine neue einfache Netzwerkarchitektur,
den Transformer, vor, die ausschliel3lich auf
Aufmerksamkeitsmechanismen basiert und auf
Wiederholung und Faltung vollstandig verzichtet.

HAMEE T —FET A E LA ML 4 --Transformer, 5T
LEFERONE, METBEAMER.
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> mapping sequences to sequences (structured prediction)
» both long and short range dependencies
» range depends on input sequence




Basic architecture

Qutput
Probabilities

Fead
Forward
£ AR Nowm Jo
2 Mult-Head
: e
A Forward Nx
z
5 '™ Add & Norm
- Masked
£ Multi-Head Muti-Head
E Attention Altention
¢ ) ) T F T )
> » inputs x1, x2, ..., outputs y1, y», ... from discrete set . &
e (e.g. words in English, Chinese) Positional g Positionz
s . . : Encoding Encoding
& » continuous internal representations I Tt I Ut |
8 » embedding modules map input or output space to Embedding Embeddrg
5 . .
£ continuous representations (prelearned)
s Inputs Qutputs
8 ishifted riahty
= » recurrence/auto-regression y; depends on xy.r and
g

Yi:it—1

» encoder, decoder, encoder-decoder modules
(which use attention)
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How to implement attention

» queries, keys and values

> all learned

> Idea: query g matches key k results in selecting the corresponding value v
» g depends on current context, k depends on v

> g,k € R%

> Q, K, V matrices of queries, keys, values

1

MQKT) (4)

A(Q, K) = softmax(

» Ay selects value v for the best matching key for each g
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Transformer architecture

» D,E,DE modules: each have N = 6 layers of Attention + Feed-forward (FFW) networks of
same d = 512

» FFW, A are ResNets

FFW is W5 max(W;x,0), Wi > with identical rows

A is multihead attention
» h = 8 parallel attention layers, concatenated

vy

> advantages — implements long distance dependencies with fixed (small) number layers, and
parallel computations




Attention mechanism in Transformer

Qutput
Probabilities

» encoder-decoder

P queries from previous decode layer

P keys, values from current encoder output
» encoder — self-attention (=previous

encoder layer)
> decoder

P self-attention, masked

Feed

z Forward P only from outputs before current step
&
F ———F— | | ooz nom
5 Multi-Head
i Feed Attention
2 Forward Nx
[
% N e Add & Norm
¢ LAdd & Norm |
5 orm T
ki Multi-Head Multi-Head
& Attention Attention
& A } LY }
\ | ) \_ _IJ
2 Paositional A Positions
s Encoding Encoding
2
8 Input QOutput
- Embedding Embedding
: I
E Inputs Qutputs

ishifted riahti
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