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Convolutional Neural Networks
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>uveALEn (convolution)

* JuvnOwc edbappoletal ota Sedopeva LGOS0V XPNOLUOTIOLWVTOC EVa
diktpo ouveAEnc (convolutional filter) yla tnv mapaywyn €vog xaptn
XOLPOKTNPLOTKWYV (feature map).
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>uveALEn (convolution)
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>uveALEn (convolution)
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>uveALEn (convolution)

Arntelkovilovtal 2 feature maps kata to Unko¢ th¢ dtaotaonc tou Badouc




RelLU (Rectified linear activation function)

MNopadoolaKkEC CUVAPTACELG LN YPOULKN G EVEPYOTIOLNONG
* ouVAPTAOELC olypoeldouc (sigmoid) kot
* umnepBoAlknic edbamtopevng evepyornoinoncg (hyperbolic tangent)

[lvovtal KOPEOUEVEG: Ol LEYAAEC TIMEC KOUUTTWVOUV oTo 1,0 Kol oL UKPEC TIMECG oTo -1 1] 0 yLa to
tanh kot to olyposldEC avtiotoLya.

ErtutA€ov, ol CUVOPTNOELG Elval TIPAYUATIKA EVaioONTEC LOVO o€ aAAYEC YUPW OTTO TO LECO
onueio etoodou toug, onwce 0,5 yia owypoeldec kat 0,0 yia tanh.

Mo va xpnotpornolnBel n stochastic gradient descent pe avtiotpodn dtadoon obaApdtwy yla tnv
eknaidevon twv DNNs armalteltal cuvaptnon evepyomnoinong mou poldlel Kol AELTOUPYEL WG
YPOLLLULKI) ouvaptnon oAAQ OTNV TIPAYHATIKOTNTA €ival PN YPOUULKA CUVAPTNON TIOU ETUTPETIEL
TNV eKnAONon MoAUTIAOKWY oXEoewV ota dedouéva




RelLU (Rectified linear activation function)

e MOt TUNMOTIKA YPOLULULK CUVAPTNON EVEPYOTIOLNONG
f(x) = max(0,x)

e E¢ayel ameuBeloc tnv elcodo av eival Betikn, dStapopeTika undEv.

* Elvol n mpoemAeyLEVN oUVAPTNON EVEPYOTIOLNONCG YL TLOAAOUC
turtouc NNs

* Eva povteo mou tnv XpNOLUOTIOLEL Elval TtiLlo eUKOAO otnV ekmtaibevon
KOLL CUXVQ ETILTUYXAVEL KAAUTEPN amodoon



Stride & padding
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Stride & padding

stride=2 ...
padding = 1
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| 4x4 output
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Av B€Aoupe va Slatnprioou e TV idla StaoTatikoTNTA, UITOPOUUE va XpnoLuomnotooupe padding ywa va
neptBairlouvpe tnv eicodo pe pndevika



YuyKevtpwon - Pooling

* Melwon tou aplBpol Twv MAPAUETPWV
* JUVTOMEUGON TOU XPOVoU ekmaidevong
e KatamoAgunon tou overfitting

* [Mlo ouvnBLopEVOC TUTTOC CUYKEVTPWONG: max pooling
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Yriep-mapAUETPOL

MéyeBoc¢ dpiltpou: cuvnBw xpnotlpomolov e dpiktpa 3x3, aAld xpnotpomnolovvtal eniong 5x5 n
7x7 avaioya pe tnv epappoyn

AplOuog piktpwv: Suvapn tou SVo omoudnmote petay 32 kat 1024,
* Hxpnon neplocotepwV PIATpwVY £XEL WC ATTOTEAECHA £VA TILO LOXUPO HOVTEAO, OAAA KIvOUVEVUOUE e
overfitting AOyw tou auénpeEvou aplOpol TTOPUUETPWV.
* JuvnBwc EeKVAE PE ULIKPO aplBO PIATpWY OTA APXLKA CTPWHATO KoL UEAVOUUE OTAOLOKA TOV
apLOuo Kabwc mpoxwpape Babutepa oto diktuo.

Stride: mpoemnAeypévn tiun 1

Padding: cuvbwc¢ xpnotpomnolwoV e padding



Fully Connected (FC) layers

* Meta ta enineda cuveALEnc & ouykevtpwoncg npooBetouvpe pepika FC
entiirneda yLa vo oAOKANPwWooUE TNV apxLtektovikn tou CNN.

* MTpokeltal ya tnv dla apyttektovikn mAnpwc cuvdedepuevou ANN

* H £€000C TOOO TWV EMUMESWV CUVEALENC 000 KOl TWV ETUIMTEOWV
OUYKEVTIPWONG €lval TplodLaotatol oykol, aAAd eva TANPWC cUVOESEUEVO
eniinedo avapevel eva dtavuopa aplBuwyv 1D:

* E€lowvoupe tnV £€€060 TOU TEAEUTALOU OTPWLLATOC OUYKEVTPWONC O€ €va Slavuoua
e AUTO yivetal n elcodoc oto MANPwWC ocuvOedEUEVO OTPWUAL.

* H oomedwon eivat amAwc n SLevBETnon Tou TPLoSLACTATOU OYKOU apLlOUWY O Eval
dtavuopa 1D



Dropout
 [La tnv amoduyn tnc unepBoAikng mpoocapuoyng (overfitting)

e Kata tn dtapkela tng ekmaidevonc, oe kabe smavaAnyn, evog
veupwvag "mePTeL” MpoowpLva 1 AmEVEPYOTIOLELTAL HE TIBavoTnTa p

* H umtepmapapeTpoc p ovopaletol puduoc amoxwpnon¢ (eivat cuvnBwc evag
apLlOpoc yupw oto 0,5 rou avtiotoxei oto 50% TwvV VEUPWVWV TIOU
QTIOXWPOUV g @

OO0
X\ X

No Dropout With Dropout



Exnmatdevon - Training

* To CNN ekmatdevetal pe tov idlo Tpomo onwc kot to ANN:
backpropagation e gradient descent.

* OL e€LOWOELC TIPOKUTITOLV HE TtapopoLla Stadkaoio Otwe ota
noAvdilaotata Perceptron (ANNS).

* >tnVv ekmnaidbevon tou CNN €xoupe Kol TTAAL TNV EUMTPOOBLAL
evepyomnoinon (Forward activation) kat tnv onttoBodpoptkn dtadoon
Tou opaiuatoc (Error backpropagation).



Gradient Descent

e EAaxtotomoinon tn¢ loss function
e Xpnon tn¢ napaywyou tnc loss function — akpfn npaén

 Stochastic gradient descent (SGD):

e gmAéyovtal tuxaia delypota amod to training set wote vol UTTOAOYLOTEL (L
NPOOEYYLON TNG AP ayWwyou

> >
L g >

Aplotepd: yia peyalo a (learning rate) yivovtal peyaAa aApato EEMepVWVTOC TO OALKO EAAXLOTO

AelLd: pkpotepec Slopbwoelc ota fapn odnyoupevol o EAAXLOTO



Softmax Activation Function

* H softmax function xpnotuomnoteitat we n teAevtaia activation function evog NN:

* yla TNV Kavovikomoinon tng €€odou tou SLKTUOU o€ piol Katavour mlavotntag navw OTLG
npoPAenopevec katnyopieg e€o66ou (output classes)

* Mpw TNV edappoyn tnc softmax, karmowa LEPN TOLU SLOVUCUOTOC UTTOPEL val givall
apvntka n peyaAvtepa tou 1, ko propel va pnv abpoilouv oe 1.

* Metd tnv epappoyn tne, kKabe apOpoc Ba eivat oto (0,1), kat Ba aBpoilouv oe 1,
£TOL WOTE va Urmopouv va AnpOouv we miBavotnteg

Output
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Softmax Activation Function

where,

S(y)i = exp(y:)

n

exp(y;)
j=1

Y

is an input vector to a softmax function, S.
It consist of n elements for n classes (possible
outcomes)

Yi

the i-th element of the input vector. It can
take any value between -inf and +inf

exp(y:)

standard exponential function applied on y;.
The result is a small value (close to 0 but never
0) if y; < 0 and a large value if y; is large. eg

o exp(h5H) = 7.69e+23 (A very large value)

o exp(—55) = 1.30e-24 (A very small
value close to 0)

Note: exp(x) is just e* where e = 2.718, the
Euler’s number.

eXp(fl/j)
=1

A normalization term. It ensures that the val-
ues of output vector S(y); sums to 1 for i-th
class and each of them and each of them is
in the range 0 and 1 which makes up a valid
probability distribution.

Number of classes (possible outcomes)




CNN povteAa: LeNet-5

e LeNet (LeCun, Bottou, Bengio, & Haffner, 1998)

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

6@28x28 S2: 1. maps oe
f. ‘layer ga.
r 120 F864_|ayer 013TPUT

T,

INPUT
32x32

|
| Full coanection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection



AlexNet

* AlexNet (Krizhevsky, Sutskever, & Hinton, 2012)

227 3
CONV
11x11,
stride=4, 96
96 kernels
r—._...'._.'.'
11 (227-11)/4 +1
i Ul =ss
11
227

CONV
3x3,pad=1

384 kernels
(13+2°1-3)1
+1 =13

13

13

Overlapping Overlapping
Max POOL CONV Max POOL CONV
3x3, 9 5x5,pad=2 3x3, 3x3,pad=1
stride=2 256 kernels stride=2 384 kernels
(27+2°2-5)/1 (27-3)/2 +1 (13+2*1-3)/1
(_52'73"2 "1 +1 =27 =13 +1 =13
- 27 13
e O] |O
CONV Max POOL

33pad= e 33, 256 O
256 kernels stride=2

e

(13+2*1-3)11 (13-3)/2 +1 FC : FC

+1 =13 S . :
& ‘ Ol 10 O
6
9216 O O 1000
Softmax

4096 4096

e




VGG

* VGG (Simonyan & Zisserman, 2015)

224 x224x3 224x224x64

112 X]112 x 128

X 56 X 256
28x28x512 r1/'2><7><512
Vo Taar. 1x1x4096 1x1x1000

—

@ convolution+ReLLU

@ max pooling
. 1“ fully connected+ReLU

(1 softmax




ResNet — Residual Neural Network

* K. He, X. Zhang, S. Ren, and J. Sun, Deep Residual Learning for Image
Recognition. 2016

B
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DenseNet: Densely Connected Convolutional
Networks

Layers Output Size DenseNet-121 DenseNet-169 DenseNet-201 DenseNet-264
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 X 3 max pool, stride 2
Dense Block [ 1 x 1conv | [ 1x1conv ] [ 1x1conv | [ 1 x 1conv |
56 x 56 6 6 6 6
) # | 3x3conv | <% | | 3x3conv | *° | [ 3x3conv | X7 | [ 3x3conv | *
Transition Layer 56 x 56 1 x 1conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block [ 1 x 1conv | [ 1x1conv | [ 1x1conv ] [ 1 x 1conv |
28 x 28 12 12 12 12
2) x _3x3conv_x _3x3conv_x | 3 x 3 conv i _3x3conv_x
Transition Layer 28 x 28 1 x 1 conv
2) 14 x 14 2 x 2 average pool, stride 2
Dense Block [ 1 x 1conv | [ 1x 1conv ] [ 1 x 1conv [ 1 x 1conv |
14 x 14 24 32 48 64
3) x _3><300nv_>< _3><3<:onv_)< _3><300nv_X _3><3conv_><
Transition Layer 14 x 14 1 x 1 conv
3) 1% 2 x 2 average pool, stride 2
Dense Block [ 1x 1conv | [ 1x1conv | [ 1x1conv | [ 1x 1conv |
%7 16 32 32 48
) - _3><3conv_>< _3x3conv_x | 3 x 3 conv i _3><3conv_><
Classification 1 x1 7 x 7 global average pool
Layer 1000D fully-connected, softmax
Dense Dense Dense Dense
Block 1 Block 1 ? Block 3 Block 4
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CNN Models

Architectures Total Parameters

[1] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet Classification with Deep Convolutional Neural Networks,” in Advances in Neural Information Processing Systems (2012).

[2] K. Simonyan and A. Zisserman, “Very Deep Convolutional Networks for Large-Scale Image Recognition.” (2015).

[3] K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition.” (2016).
[4] G.Huang, Z. Liu, L. Van Der Maaten, and K. Q. Weinberger, “Densely Connected Convolutional Networks,” in 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2017, pp.

2261-2269, doi: 10.1109/CVPR.2017.243
[5] Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learning applied to document recognition,” Proc. IEEE, vol. 86, no. 11, pp. 2278— 2324 (1998).
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| SqueezeNet i SqueezeNet
. T

fire2/squeeze1x1

227x227x3 50x50x1

fire2/relu_squeeze1x1

fire2/expand1x1 fire2/expand3x3
fire2/relu_expand1x1 fire2/relu_expand3x3

SqueezeNet SqueezeNet

Conv10 Conv10

GlobalAvgPool GlobalAvgPool
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SqueezeNet Modification
a5 T

fire2/squeezelx1

fire2/relu_squeezelx1

fire2/squeeze1x1 Squeeze Ratio: 0.25 (V1)

ﬁre2/re|u_squeeze1x1
fire2/expand1x1 fire2/expand3x3 ‘ Squeeze Ratio: 0.50 (V2)

fire2/relu_expand1x1 fire2/relu_expand3x3

\ e

fire2/concat

\_ J

SqueezeNodule-Net V1: Decreasing # parameters while attempting to preserve accuracy
* Replace 3x3 filters with 1x1 filters

Squeeze Ratio: 0.125

fire2/expand3x3

fire2/relu_expand3x3

* Decrease the number of input channels to 3x3 filters (number of input channels) x (number of filters) x (3x3)

SqueezeNodule-Net V2: Maximizing accuracy on a limited budget of parameters

* Downsample late in the network so that convolution layers have large activation maps.

M. Tsivgoulis, T. Papastergiou, V. Megalooikonomou, Machine
Learning with Applications, 2022

FN landola, S Han, MW Moskewicz, K Ashraf, W) Dally, K Keutzer. SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and <0.5MB model size (2017) 27



RNN povtela

* [La tpoPAnpata mov Sev UMopouV va peTtacxnpoatiotouv o€ fixed
length inputs and outputs

* .x. speech recognition ] time series prediction
* Orntou amatteitat n arnoBrnkevon kat xpnon context information

* Omovu eivai duokoho/aduvarto va xpnotpornolnBet fixed content
window



RNN povteAa

* Too RNNs rtaiipvouv tTnv tponyoupevn €€060 1 KPUPEC KATOLOTAOELG
wC¢ eLlcodouC

* H ouvBetn elocob0C TN XPOVLKN OTLYHN t EXEL KATIOLO LOTOPLKN
nAnpodopla OXETIKA LE TA YEYOVOTO TTOU CUVERNCAV TN XPOVLKN
otyun T < t!

e >ta RNNs oL evélapeoec TLHEC TouC (kataotaon) amodnkevouv
nAnpodopla OXETIKA ME TIC TTaPEABOVTIKEC ELo0OdOUC yLaL UL XPOVLIKN
OTLyHN 1ou O€v elvol KABOPLOUEVN €K TWV TIPOTEPWV



RNN povteAa

Noapadeypa feed forward network (FFN):



RNN povteAa

Nopadetypo RNN:



RNN povtela

Nopadetypo RNN:
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RNN povteAa

ArtAO RNN cell:



RNN povteAa

ArtAO RNN cell:

ArtAO RNN forward:

xt
h, = tanhW( ]
ht—l

Y, =F(h)
C, =Loss(y,,GT)



RNN povteAa

ArtA0 RNN forward:

Ta Bapn potpalovtal e TV
napodo tou xpovou!

OuoLlaotikad, dnpoupyouvtol
avtiypada tou kuttapou RNN pe
NV mapodo Tou XPOvou
(EeTOAY MO/ EESUTAWML), HE
SLapopETIKES EL0OOOUC o€
SLOPOPETIKEC XPOVIKEC OTLYLEG

(BAuata)

xt
h, = tanhW

-1
y, =F(h,)
C, =Loss(y,,GT)

indicates shared weights



RNN povteAa
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RNN povtela: mpoBAnpata
* MpoBAnua tou vanishing/exploding gradient:

* Ta backpropagated opaApata oe kaBe enimedo noAAamAaocidlovtal, LE ATTOTEAECUO EKOETIKA LELwON
(av n mapaywyoc eival pkpn) N avénon (av n mapaywyoc eivol Heyain).

* KaBiotd oAU SUokoAn tnv eknaidevon Bablwv SikTuwv A amAwyv ertovalapfovopuevwy SIKTUWV yLa
TLOAAQ XpOVLIKQ Bripata.

* MpoBAnua twv long distance dependencies:
* oAU duokoAo va ekmatdevooupe ta RNN va dtatnpouv mAnpodopiec yia ToAAG XpOVIKA Brpoata.

* oAU duokoAn n ekpddnon RNN mou xetpilovrtal e€aptrioelg o LEYAAEC ATIOOTAOCELC, OTIWCE N
oupdwVvia UTTOKELLEVOU-PUATOC.

®» ® ® ®) €
1 TGTQT

A —»

5 &




LSTM (Long Short Term Memory) povteAa

e LSTM povtéda, mpooBEtouv smumA€ov gating units oe kdBs memory cell:

* Forget gate
* I|nput gate
* Qutput gate

* AnotpEmnouv to npoBAnua tou vanishing/exploding gradient ko emitpémouv oto Siktuo va dtatnpet
nAnpodoplec katdoTaonc yLot LEYAAUTEPEC XPOVLIKEC TIEPLOSOUC



LSTM (Long Short Term Memory) povteAa:
APYLTEKTOVLKN

GTD D, ®

~ N\ ( N R
- —® @ > —>
CGanh>
A 1 8 ¢ A
I?Ilclrllta;hlljl
—> —> —>
\ _J G _J \_ J

Neural Network Pointwise Vector
Layer Operation Transfer



LSTM (Long Short Term Memory) povteAa:
Cell State

* Alatnpel eva dtavuopa C, tou €xeL tnv Wbla dtaotaon Ue thv Kpudn
kataotaon, h,

* MAnpodopiec pumopouv va npootebBouv N va dtaypadolv amod auTo To
Slavuopa KATAoTaoNnG HEow TwV TVAwV forget kat input.




Graph structured data

US.A.

A lot of real-world data does not “live” on grids
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* slide from Thomas Kipf, University of Amsterdam



Graph Neural Networks

Notation: G = (A, X)
Hidden layer Hidden layer . Adjacency matrix A c RNXN

) , « Feature matrix X € RVXF

Input ® o ® o

Main Idea: Pass massages between pairs of nodes and agglomerate

Alternative Interpretation: Pass massages between nodes to refine node
(and possibly edge) representations



Graph Neural Networks: Types

Graph Convolutional Networks (GCNs) are similar to traditional CNNs. It learns features by inspecting
neighboring nodes. GNNs aggregate node vectors, pass the result to the dense layer, and apply non-
linearity using the activation function.

Graph Auto-Encoder Networks learn graph representation using an encoder and attempt to reconstruct
input graphs using a decoder. The encoder and decoders are joined by a bottleneck layer.

Recurrent Graph Neural Networks(RGNNs) learn the best diffusion pattern, and they can handle multi-
relational graphs where a single node has multiple relations.

Gated Graph Neural Networks (GGNNs) are better than the RGNNs in performing tasks with long-term
dependencies.



Graph Neural Networks: Types of tasks




