Mo ecoaywyn otnv Babla
MaBnon (Deep Learning)

lwavvnc Xatl{nAvyepoudnc
(Atookeun diadpavelwv NikoAaouv 'kopykoAn)



[1p00OLOPLOUOC

* [Medio TNC HNXOVLIKNC HABnong

* Baoiletal oto teEXVNTA
VEUPWVLKA Siktua

Neural Network

e XpAON EKTETOUEVWV
QPXLTEKTOVIKWY KOl TTOAAQTIAWVY
avanapoaotacewy. (21 13]

Deep Learning
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KUpLow XapaKTnpLOTIKOL

Why deep learning

Deep learning

* State of the art anoteAeopata o
dladpopouc TouElc.

* Augouaoa povotovia tng enidoong
e to nAnBoc¢ twv dedopevwy Kal
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'[wv UT[OAOVLGIJ.U)V Amount of data

° ZUVOLI)L El. 6LOLC|’)OpCl O'TCIXGLCX How do data science techniques scale with amount of data? i
TIPOETIECEPYAOLOC.

* MAewoPndikd (Oxt amokAELoTIKA) Machine Learning
avapeEpeTal o€ ETUPBAETIOUEVN Gap \-% . o e e -
uaencn nput oatuine & }.Itn . | h. o ® Cuitput

* YtoAoyloTika akppn dtadikooia

Deep Learning
* AuvnTikd SUoKOAN eppnveia Twv 4]
SLadLkacLwy. - Ot — e



AAlyoplBuolt Mabnong



Gradient Descent Overview @

MeBodoc eAaxlotomnoinong * (Batch) Gradient Descent:
* [(0): aVTIKELLEVIKN cuvapTnon 0 =0 —nVe/(0)

* OeR%: mopApeTpOL

e Stochastic Gradient Descent:

* n: otaBepa pabno . .
n pa paonong 6 =0 —UVQ](Q,X(O,}’(O)

* n: neyeboc naptidog

* Mini — batch Gradient Descent:

>UuBaon: o 0poc SGD ocuvnBwc 0 =6 —nVy)(, x(i:i+n),y(i:i+n))

avadepetatl otn Mini — Batch GD.




AAyoplBuot Mabnonc (1) 8

* Momentum
U =y U1 +1 Vg ](0) (update vector)

0 =0 —u; (update rule)
Extevnc meplypadn: [8]

* Nesterov Accelerated Gradient
U=y U1 +1 Vg ]J(O —y -us_q) (update vector)

0 =0 —u; (update rule)
Extevnc meplypadn: [8]

« Adagrad !
gei = ng(ﬁu-) (parameter 8;,timestep t)

n

It
/Ggi + €

—~

9t+1,i — Qt,i -



AAyopLlBuot Mabnonc (2) 8
RMSProp

* RMSprop and Adadelta have both been developed independently
around the same time stemming from the need to resolve Adagrad’s
radically diminishing learning rates.

E[g?] = 09E[g?_ ;] + 0.1gf

9t+1,i = 9t,i -




AAyoplBuot Mabnonc (3) 8
Adam

* Adaptive Moment Estimation (Adam) is another method that computes
adaptive learning rates for each parameter.

* |n addition to storing an exponentially decaying average of past squared
gradients v; like Adadelta and RMSprop, Adam also keeps an exponentially
decaying average of past gradients m;, similar to momentum:

my = fyme_q + (1 —B1)g:
Ve = Bove—q + (1 = B2)g¢

1
Orr1i =0 — Mg
v Y T te




AAyoplBuol Mabnong (4) &

Nopddelypa cUyKALONG
o€ saddle point.

(Vf = 0, 6xt BéAtLoto)

Mnyn: ¥

- SGD

- Momentum
- NAG

- Adagrad
Adadelta
Rmsprop

1.0




AAlyoplBuolt MaBnonc - Tips

* AnpodiAeotepol: Adam, RMSprop

* AEN undpyet kaBoAkd kaAutepog alyoplBpog pabnong 10
(KAtoloL YEVIKEVOUV KAAUTEPQA, KATTOLOL GUYKALVOUV ypnyopoTepa
KTA.)

* E¢aptnon kataAAnAotntac aAlyopiBuou amo to mpoBAnua tou
eTAVETALL.

o Aapkwc e€ehtooopevo medio (BA. Nadam 1 k.a.).



>UVOPTNOELC Evepyorolnong



- 1 2

YuvaptnoeLc Evepyomotnonc

* [MpoodepouV pN YPOAUULKOTNTO —
OTO MOVTEAO.
(OLadopeTIKA TOL VEUPWVLIKA Bal retivation
LITOpOoU oV VOL TIPOCEYYLOOUV function
LLOVO YPOUMULKEC CUVOPTNOELC)

* PuBuidouv kot Stapoppwvouv
NV £€€060 TWV KPUDWV > /]
ETUTEO WV.

e Emnpeadouv avtiotolya tnv
ekrtaitdevtikn Stadkaoia.



2UVOPTNOELC Evepyomoinong —

2LYHLOELONC (AoyLoTIKN) N

1
S(x) = "7
( ) 1 + e —X ,.-*';

* Melovektipota:

* Mn ocuppeTpla wg mpogto 0 —
UTTOAOYLOTIKEC OUOKOALEC

e XapOaKTNPLOTLKA:
* Mn ypappikn
* Juvexeg nedio TLHwWY evepyomoinong

o JXETLKA Nl KALon. , ,
X i A e Kat’ emektaon, e€aocbevion Twv

e APKETA HLKPN KALON yloL AKPOLEG TLUEG

* Eupogmediou Tipwv: (0, 1) TOPOYWYWV LECW TWV AAAETAAANAWV
* Epdaveic anokAioelg oto diaotnua [-2, noA/uwv katad to backpropagation.
+2] (apa kataAAnAo ya classification) e Auvntka SuokoAevel / kaBuotepel tn

nabnon



2uvVapPTNoELC Evepyomolnong —

4 /
YT[E p SOALK r.] E d) an-[o MEV r Hyperbolic Tangent Function
X —x |
e - e 0.50
tanh (X) — 0.25
ex -I_ e_x 0.00
* XOPOKTNPLOTIKA 050
e tanh(x) = 2 * sigmoid(x) — 1 075
* Mapopola pe AOyLOTLKN, OVAKEL OTNV -1.00
OLKOYEVELQ OLYLOELOWV. -4 -2 0 2 4

* Nedlo evepyomoinong: (-1, +1)

* EpdaviCel peyahutepn kAion os
OXEON HUE ™ AoyLoTikn.
* Exel wg kEvipo ouppeTpiog to O.

* MelovekTnpuata:
* Vanishing Gradient

* KaBuotepel / SuokoAeveL Tn
oUYKALon (avtiotolya e AoyLoTIKA)



Vanishing Gradient

e AvadEpETaL OTNV EMAYWYLKN
LELWON TWV TMOPAYOUEVWY TOTILKWV
KALOEWV KATA TNV ekmaidevon tou
SIKTUOU.

* OL aAAemtaAAnAot
noAAarAaclacpol KAloswv tou
gvpouc TLpwv [0, 0.5) peocw
Gradient Descent, ekdpuAilouv TNV
ekmaidbevon Twv Papwv.

e Elval YapaKTNPLOTLKO TOOO TNC
AOYLOTLKAC, OO0 KoL TNC
uTtEPPBOALKNC EPATITOUEVNC.

1.0

0.8

0.6

0.4

0.2

0.0

— sigmoid

Sigmoid and respective gradient

sigmoid gradient



YuvaptnoeLc Evepyomotlnonc
Rectified Linear Unit (Relu) .~

Rectified Linear Unit Activation

f(x) = max(0, x) 2

0

e XQPOAKTNPLOTLKA:

-1

° Mr] ypOLLLLLLKn -4 -2 0 2 4
(f(=D+f (1) =1, ,
f(-=1+1) =0) * MelovektTnuata:

* ApaLOTEPEC EVEpVO'J"[OI.r"]GEI.Q— e Agv elval Avw PppayuEVN
UTTOAOYLOTLKQ EVVOLKN * [l apvr]tLKeq napauerpouq, N TOTILKN

* 16avikn yia Babla diktua napavwvoq elva 0, enouequ dev

QVTOTTIOKPivVoVTOL KOTA TNV
eknaidbevon (dying Relu problem)



2UVOPTNOELC Evepyomoinong —

Leaky Relu

axx, eavx <0
x, eavx >0

-]

* XOPOKTNPLOTLKA:

* AntoteAel mpoomnaBela SLOpOBwonNnc
tou dying Relu problem.
* APKETA TTOpOpOLA UE TNV Relu

* Méow tou teEAeoTn a
omod)suyovrou Ol UNOEVLIKEC
TOTILKEG TTOPAYWYOL.

—— leaky Relu

Leaky Relu,

a=0.5



Yuvaptnoelc Evepyomotlnonc - Softmax

e * XapOKTNPLOTLKA:
softmax(x); =
f (%); K e’ * Amewovilel éva Stdvuopo
J NPOYMOTIKWY aplOpwy otov
rBavotiko xwpo [0, 1].
* A\ElTOUpPYEL WG yeVikELON TNG
1.0 0.220 AOYLOTIKNC YLot TIOAAEC SLOOTAOELC.
e softmax(| 2.2 |) =(0.730 * Epappoletat mpwv Ty mapaywyn
—0.5. 0.049 e€odou kata to multiclass

classification.

e KataokevaleL pLla KATOVOUN TWV
npoPBAsPewv Baon twv logits.



2UVOPTNOELC Evepyomoinong —
[TapatnprnoeLC

* H kataAAnAotepn €miAoyn TNC cuvApTNONCS KOoTtouc SladeEpel
avaAoya HE To TPOPAnuQ.

* YITOPXEL L0 YEVLKN TIpOTiUNoN w¢ mpoc tn Relu we¢ apxkn
TIPOCEYYLON.

* |Slaitepn npoooxn wc¢ npoc to mpoBAnua Vanishing / Exploding
Gradient (xpnon texvikwyv gradient monitoring, gradient clipping).

* > multiclass classification, xprion tn¢ cuvaptnong Softmax mpv tnv
nopaywyn tng e€o6dov.



Yuvaptnon Kootoucg



Yuvaptnon Kootouc — levikn Mepypodn

* JKOTIOC: XpNon TnC ouvaptnong
KOOTOUC TIOU OVTLKATOTITPLLEL
KatdAAnAa to poPAnua. o

* KUplog Staxwplopoc: MpoBAedn E = loss
SLOKPLTAC 1 CUVEXOUC TLUNAC.

(classification / regression) e




xuvaptnon Kootouc - Regression Loss

* Mean Squared Error : * Mean Absolute Error:

n n

1 ) 1
MSE=EZ(YL-—YL-)2= MAE_—Z\Y v | =
-1y @ ZIEI
ary (E})

=1

* lowg n 1o ouvnBLopEVN * Avtarmokpivetal amodoTIKOTEPA OF
TPOCEYYLON. nepittwon moA\wv outliers.

* |Savika otav ta dedoueva
aKOAOUBOUV KAVOVLKI) KOTAVOUT).



Yuvaptnon Kootouc - Regression Loss —
[Tapadeyua

MSE vs MAE

validation mse
validation mae

20 40 60 80 100



Yuvaptnon Kootouc - Classification Loss

* Categorical Cross — Entropy

1
CE = — —Z Z tseclog(sec)
N SES

ceC

¢ Xtnv otjlo'ba,l U)rtvov'LZEL T0 0PAAMA TNC TAPAYOUEVNC KATOVOUNC OE OXECHN HE TNV KATAVOUN TWV TIPAYHOTIKWVY
Twuwv (labels).

* Anotelel TNV KUPLA cuvVAPTNON KOoToUuG yia multiclass classification.
* Anautel one — hot encoding twv labels.

* Sparse Categorical Cross — Entropy
* KatdAAnAn otav ol KAACOELG WG uTtooUVOAa elval EEva petall toug (mutually exclusive)

. Afy anattel one — hot encoding twv labels, Asttoupyel pe pn SlavuopATIKY AKEPOLO AVATIAPACTACH TWV
KAQOEWV.

* Qdelel apkeTa TNV ekMaLdeuTIKn Sladikaoia otav umapxeL LeyaAo TANB0g KAACEwWV.

* Ekteving mepypadn ko mapaAAayeg: [13] ) https://keras.io/losses/



Avadpoputka NEUPWVLKAL
ALKTUOL



Avaopoutka Nevpwvika Aiktua-ANA (Recurrent
Neural Networks-RNN) — Baowkn Aoun

XpNoLoToLEL TtponyoU HEVN

Q nAnpodopia (dedoucva) otnv ht = J(Wxt + Uht—l)

eknaidevon.

aiii:

AvadumAwpevo ANA




Avodpoutka NeupwVLKa AlKTuo —
Neplypadn

hy =ocWx; +Uh;_q) * Baolko XapaKtnPLOTIKO: N
£€060¢ TOU KpUupOoU emunedou
(hs) tpododoteital

* X;: €l0060G TOU OIKTUOU KATA TO GUMTIANPWHLOLTIKA LE TN VEQL
xpovofnua t. £{0060 (x;41) 0TO KPUPO

* hy: €€060G TOU KPUPOU eninedo.
erunedou (hidden state) kata 1o « To Siktuo amoktd “puvApn”,
XxpovopBnpa t. kaBlotatal £Tol KATAAANAO yLa

* y,: £€060¢ tou Siktvou (hidden NV enetepyaoia oakoAouBLOKWY
state) kata to xpovofnua t. bedOpEVWV.

W, U: Mntpwa Bapwv.



Avoopoputka Neupwvika Alktuo —
Kivntpo

©&Aoupe va tpoPAEPoupe TNV teAeuTala AEEn otnv mpotaon:
«The ships move on the »

[lot vaL UIOopEL val YIVEL aUTO TIPETIEL VAL TIPETIEL VOL OTNPLXTOUE OTLG
NPONYOUEVEC AEEeLC, omoTe va KataAnéouvpe otn AE€n «sea». AUTO Agyetal
short-term dependence.

Av twpa B€Aovpe va tpoPAEPoupe TN A&€N otn mpotaon:
«George speaks fluent »

Ta npaypota eivat Suckolotepa. OL mponyoupeveg Aeéelg dev pac fonbouv
KOLL TUPETTEL VAL AVOLTPEEOUE OE TIPONYOUEVEC TIPOTAOELG: «George lives in
Greece», onote kKataAnyoupe otn Ae€n «Greek».

Autad elval katL tou ta ouvnBn NA dev purmopouv va kavouv. To kavouv ta ANA.



Aduvaopilo Makpoxpoviwyv E¢éaptnoewyv

e Onwc kot ta armAa NA, o ANA

elvalL universal function estimators.

* OeWPNTLKA, EXOUV TNV LKOWVOTNTA
amnepLopLotTng “puvuncg”.

o AMeTAAANAOL TTOA/IOL TOTILKWV
kKAloewv (PA. vanishing gradient
problem) — aduvatouv va
OUYKPOATAOOULV pakpoXpoviec (long
- term) e€aptioclc.

e Q)¢ amavinon xpnoLlomnolouvtal

QVETITUYHEVEC OLPYLTEKTOVLKEC KoLl
TEXVLKEC KavoVvLKoTolnong.

Sigmoid and respective gradient




Long Short — Term Memory Units (LSTM)

Baowko ANA LSTM [14, 16]
Yt | hy
Ct_ C
/ \ h«t: t—1 ? 0 t
it tan
o (x) f; . O
- - * Al .
X¢ Xt

KOpla mnyn: [14]




LSTM — Mepypadn (1)

.« f, =
¢ i, =
e C, =
c 0, =

O-(Wf ¢ [ht—l' xt]‘l'bf )
o(W; - [h¢—q, x]+b; )
tanh(W¢ - [he_q, x¢]+bc )
U(Wo [he—1, X¢]+b, )

*Co=fr*Comq +ip % Cy
o ht — Ot * tanh(Ct)

* KUpla rtnyn: [14]

|:| NN Layer

—
Metadopa

Sltavuopartog

O Znuelo oUVOETIKAG

nmpagng

Metadopa
avtypadwv

. -
»

Slavuopatwyv

I
T Juvévwon

Baowkn pon minpogopiag (Cell state)

C |

Ct—1

(2)

»
»

(1) Erminedo emhektikng
ovykpatnong (forget
gate layer) — ITowo

HEPOG NG >\
TPOTYOVHEVIG

AN poeopiog h o

fe

&
|

(6) Ct
fk —O— >
I (5) 8&_,(')601),. ng HEPOG
Ot MG HVTIHNG Ya

~ @ © TOALOTAQGIOCTEL
E LLE TO O,..
tanh E;r

| he

OMOOEGUEVETOL. >

(3) Exinedo moAng
glodo0v (Iinput gate
layer) — oo pépog g
TPEYOVGOG TANPOPOPING
TOPAUEVEL GTT] LY.

|

o

Xt
4_’

4) Eninedo tanh si6650v  (7) Zrypoedég eninedo
(tanh layer) — Anpuovpyia €€080v (6) — IIpocdiopiopog
S10vOGLOTOC VEMY Tiudy  THIRATOG £16030v hy; Yo
Y10, TpocOfkn ot pviun.  TPo®inon oty £odo hy

(eloodog 610 EMOUEVO): 0.



LSTM — Mepypadn (2)

® ® &
1 1
- D @ D @ N
—»—cf e -
A ¢ A
RELEIATIN L

&) & &)

The key to LSTMs is the cell state, the horizontal line running through the top of the diagram.
The LSTM does have the ability to remove or add information to the cell state, carefully

regulated by structures called gates. Gates are composed out of a sigmoid neural net layer
and a pointwise multiplication operation.



LSTM — Mepypadn (3) E :

LSTM Operation (x)
1. The forget gate layer decides what information we’re going to throw away from the cell state (f):
ft =0 (Wg-[he—1,2¢] + by)
2. The input gate layer decides what new information we’re going to store in the cell state (i;).
ie = 0 (Wi-[hi—1, 2] + b;)
3. Atanh layer creates a vector of new candidate values (¢ ) that could be added to the state.
C, = tanh(We - [hi—1,2¢] + be)
4. We multiply the old state by f;, forgetting the things we decided to forget earlier. Then we add i * ¢:. This is
the new candidate values, scaled by how much we decided to update each state value. So, the new cell

state is produced: O, = fowChi 4+, ¥0,

5. The output is a filtered version of the cell state.
e First, we run a sigmoid layer which decides what parts of the cell state we’re going to output.
o =0 (Wy [hi—1,2¢] + bo)
* Then, we put the cell state through tanh (to push the values to be between -1 and 1) and multiply it
by the output of the sigmoid gate, so that we only output the parts we decided to

hy = o * tanh (C})



Gated Recurrent Units (GRU)

ze =0 (W, - [hy—1,2¢])

* H apxttektovikr GRU 171 -
re =0 (W [he—1,74])

QTTOTEAEL LLLOL ATTAOTIOLNLEVN
nopdn tng LSTM.
* Aev mteplexel cell state.

hy = tanh (W - 1y % hy—q, x¢])

h.-t = (1 — Zt) * ht—l + Z3 * f-"f

el 4 \
’ ! [ToAn evnuépoong  [TOAn emavexkivnong
. Anapu(eralt OO L update Ko o e et
p.LOL reset T[U}\r] . Zvuyydvevon input
ko forget gates.

* Kot ot U0 APXLTEKTOVLKEC
Gewpo()vrat lGdELEQ KOLL E&GOU Ewkova armo: https://colah.github.io/posts/2015-
, 08-Understanding-LSTMs/
dNUoPLAELC.



https://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://colah.github.io/posts/2015-08-Understanding-LSTMs/

[TpoxwpnUEVEC APYLTEKTOVIKEC —
Bidirectional RNN

* MapAAAnAa LLE TNV KAVOVLKH
avayvwon tTwv 0e0oUEVWY, Eva
e&tpa kpuPpo emninedo
eneepyaoiac dexeton TNV
eloobo ue avtiotpodn oepa. Ot
£€odoL Twv KPpUPWV EMUITEOWV
OUVEVWVOVTOL O ULOL KOV
£€odo.

e Kat’ auto to tpormo to diktuo
dNULOUPYEL CUOXETLOELC OXL LOVO
le ta mapeABovtika dedopeva,
aAAQ KOl LE QUTA TIOU ETTOVTOLL.




Avoopouka Nevpwvika Atktua -
XpNoLuotL 2UvOECHOL

XpnoluotL cuvdeopot:

* https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-
recurrent-neural-networks

* https://colah.github.io/posts/2015-08-Understanding-LSTMs/

e https://playground.tensorflow.org/



https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
https://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://playground.tensorflow.org/

Teyvikec Kavovikomolnonc



Texvikec Kavovikomolnonc — Dropout (1)

* To dropout 18 aqrtoteAet tn
BooLkn TEXVLKN KAVOVIKOTIOLNONG
VEUPWVLIKWV OLKTUWV.

* Tuyatia ertAeypevol koppot
QTIEVEPYOTIOLOUVTAL KOTA TNV
ekrtaitdevtikn Stadkaoia.
Amtodelyetal £T0L EVOEXOUEVO
overfitting. f

{

(a) Standard Neural Net (b) After applying dropout.

Elkova amno tn dnuocicuon [18].



Texvikec Kavovikomolnonc — Dropout (2)

* TNV TEPLITTWON TWV
aVAOPOULKWYV VEUPWVLIKWY , TO
dropout mpoteivetal vo A
UAOTTOLELTOL LOVO OTLC N P L

avadOPOULKEC CUVAYPELC, yLa TN
KataAAnAn dtatpnon tng
niAnpodoptiac (BA. [19]).

Eltkova armo tn dnuooievon [19].



Texvikec Kavovikomolnong —

Gradient Clipping

* Epapupoletal we avw ppayua
oTN TN TwV VTTOAOYL{OEVWV
TOTILKWV KALOEWV KATA TNV
ekmaidevon, yla tnv anoduyn
Tou gradient explosion kau

ypnyopotepn cUYKALON.

* JuvnBwc¢ vAomoLeltaL uéow
KQVOVLKOTIOLNONG TNG TLUAG TNG
kKAloewg, otav n L, vopua ¢
EEMEPAOEL TO OPLOUEVO AVW

ppayua.

C

t [[VLletippea

, vz
C

Ewkova amo: https://stanford.edu/~shervine/teaching/cs-
230/cheatsheet-recurrent-neural-networks



https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks

Convolutional Neural
Networks
(ZuveAkTika NevpwviKQ
AlKkTuQ)



[poBAnpota Alktuwv EpmpooBloc Tpodpodotnonc
(FNN) yLa avayvwplon €Kovac

H A ;))\nq OUVOEOLUOTNTA HETAED VEUPWVWY TWV SLAOOXIKWVY ETILITEOWV EXEL WG
QTTOTEAEC A TOV TIPOCOLOPLOU WYV TIAPO TIOAAWV TIHWV Bapwv.

Eotw po aompopaupn ewkova elcodou 64X64 pixels, pe peyebog kavaAwou (channel

size) 1, dnA. 1 tipny/pixel (= andxpwon ykpl ano 0-255), xoupe 64X64X1 = 4.096
TLLEC stooﬁou KOlL ETIOMEVWC ELOOOOUC.

AG UTIOBECOULE OTL TO TPWTO KPUPO eTtimedo EZS(EL 500 veupwvec. TOTe AGHE YL
4,096 X 500 = 2.048.000 TLHEG fapwV yLa TPOOOLOPLOHO. AEGOUEVWV KOL TWV
UTIOAOLTTWV KPUDWV ETIIMTEO WV, 0 APLOUOC ALUTOC VLVE'EO(L QKON LEYAAUTEPOC.

AUTO KQVEL TNV ekTtabEVON TOU SLKTUOU XpovoBopa Kat au§avel Tnv rubavotnta yla
urtepeknaidevon (overfitting). H kataotaon yivetal XELpOTEPN OTNV MEPLTTWOTN
Tplodlaoctatwy KOVWY omtou channel size = 3 (3 TIHEC XpwHATWYV Yo KABe pixel).

Eva aAo rpoPAnpa ivat OtL 2-6100TATEG ELKOVEG QVATIAPLOTAVOVTOL WG

novodiaotata Stavuouata.



Convolution Neural Networks (CNNs)

Eva mAnpecg 6iktuo CNN prtopel va BewpnBet oTL amoteAeital and dvo pepn:

* Eva 6iktuo CNN mtou rtepthapPavel ta CUVEALKTLKA emtimedo cuvOUAOUEVA KOl
e AAAouC TUTIOUC ETULITES WV

* Eva ANN (TNA), cuvnBwc epmpooBloc avatpododotnonc, mou armoTeAeLToL
armo €va ) mepLocotepa Asyopeva mukva enineda (dense layers)

CNN part ANN part
) E— o) r; r‘—\ '
O
Input / o < S O %
Image | — > Bl ( )
e O
~— e | | R

Convolution Max-pooling Flatten Dense Output
layer layer layer layer layer



Convolution Neural Networks - lMeplypadn

Artotehovv feed — forward diktua, omwc Ta
MLP’s.

* ‘Exouv TNV Lkavotnta vol avakaAUTITOUV XWPLKEG
KOLL XPOVLIKEG EEQPTIOELC.

* Melwvouv Katd oAU TLG EKTIOULOEVOHUEVEG
MOPOUETPOUG TOU LOVTEAOU KaL TLG TIBavVOTNTEG
overfitting.

* H eloodoc Bewpeital we Eva apyeio elkovac.

* Katnyoplec emuumedwv:
* Input
e Convolutional
* Pooling
* Flatten
* Fully — Connected (Dense)

Convolutional layer

(1 1

V7

Multimodal
input images

Pooling layer

R O 7 e
Convi .lmi«%/

Vectorize

hidden units ook

-
~
~

Hidden units

Dense layer

Qutput
units

Baown neplypadn twv Convolutional NN, and Machine
Learning and Medical Images, 2016 26

To input layer 6€xetal elcodo we eva 2-6taotato dtavuopa, OnA. Eva dtodlaotato
rilvaka. AUTO €XEL WG ATTOTEAECHOL KOAUTEPN EKUETAAAEUCT TWV XWPLKWV OXECEWV

HeTaL Twv pixels.



Convolutional Layers (1)

. Xpnmuonmei diktpa (kernels),
TOL oTtolal touovpacbouv TNV
eloob0 LECW oUVEXWV
ouveAiéewv (convolutions) ya

"

TNV avakaAu P n TomKwy —=00000
XOPOLKTNPLOTIKWV. =

e ArtapTileTal oo TPELS KUPLEC /
MAPOUETPOUC: =

w |

* Number of filters
e Kernel size

¢ Padding Napadeypa Input — Convolutional Layers, yla
lia elkova Staotdoswy : (32x32x3). MnynA:
http://cs231n.github.io/convolutional-networks/




Convolutional Layers (2)

H elkova elo06ou amoteAeital ano TPELS
6lLaoTaoELG: (UnKkog, TAdatog, Babog). To
BaBoc avadepetal ota channels (1 ywa
grayscale, 3 ywa rgb k.a..)

Ta ototyeia Tou mivaka eival akepatot
OUYKEKPLUEVOU gupoug (. [0, 255]),
IOV QVTUTPOOWTIEVOUV TNV EVTAOHN TOU

XPWHATOG.

O kernel anoteAeital amnod gva nivaka
OUVTEAEOTWY, 0 OTOLOG GLATPAPEL TOTILKA
TNV ELKOVQL (sowtspmo ywopevo kernel
KaL LEPOG TOU Ttivakay), LeTatorniovtag
KaBe popa, optlovtia 1 KABeTa, KaTA
stride o€ T[?\n o¢ pixels.

Ma k ¢iktpa, mpokumtouy k
avanapaotaocelg (feature maps).

Kernel Shape: (2x2x1)

p1 P2 DP3  Pa
Pe P7 Ps P9
P11 P12 P13 P4
Pie P17 Pig P19
P21 P22 P23 D24

Input Image: (5x5x1)

Ps

P1o
P1s
P20
P2s



P1

Pe
11
16

21

P1

Convolutional Layers (3)

P2 D3 P+ Ds P1 P2 P33  Pa
P7  Ds Po  P1o Pe | P7 Ps P9
Pi2 P13 Pisa Pis P11 | P12 P13  DPis
P17  Pis P19 P20 Pie |P17 P18 P19
P22 P23 P24 P25 P21 P22 P23 D24

P1 D2

1 0 Kernel

0 0
Ps P1 P2 P3  DPa
P10 Pe P77 DPs  Po
P1s ner P11 P12 P13 Pi1a
P20 Pie P17 DP1g P19
P25 P21 P22 P23 D24

Convolutions, mapadstlypa pe
stride = (1,1)

P1 P2 P3 DPa
Pe P7 DPs Do
P11 P12z P13 P14
Pie P17 Pig D1

Ps

P10
P1s
P20
P2s



Convolutional Layers (3)

pl p2 p3 p4 P5
p6 p7 p8 p9 | pl0
pll | pl2 | pl13 | pld | pl5
plé | pl17 | pl18 | p19 | p20
p2l | p22 | p23 | p24 | p25

PO

pl4

Kernel

stride = (1,1) or
stride=1

feature map



Convolutional Layers (3)

pl p2 p3 p4 P5
p6 p7 p8 p9 | pl0 1 0
Kernel
pll | p12 | p13 | p14 | p15 0
plé | pl17 | pl8 | p19 | p20
p21l | p22 | p23 | p24 | p25 stride = (2,3)
pl | p3

feature map




Pooling Layer

* XpAon: 2uvnBifetatva * Eidn: Ta Kuplotepa ival ta
TOTIOOETELTAL OVAUEDA ATIO Average kal Max. ZuvnBiletatl max
dladoyka convolutional layers. pooling, evw ta kernel size kol

e IKOMOC: Zuvtehel otn pelwon Twv stride loa pe (2, 2) ko 2.

dlaotacewv Twv feature maps Ko
OTNV KATATIOAEUNON TOU

L pr P2 P3s P« Ps
overflttlng. max(p;, max(ps,
o nEPlea(PI"]: I'Ipavuato,nmeirat Pe DP7 DPg P9 DPio vy P13) ey P15)
ETILONG HE,O-(—‘) an TQT[Lan P11 P12 P13 Pia Pis
epappoyng evog eptAtpou, mou , max(py;, max(ps3,
uetatorniletal peocw stride. Mmopel | Pie | P17z | Pis | P19 P20 vy D23) s P25)

va XapaKktnpLobeil wg va emutAcov
ﬁonvollution, LLE LN YPOLLLULKO
ernel.

P21 P22 P23 D24 DP2s

Noapadelypa yia max pooling, pe
pool_size=(3, 3) ka stride=2.



Padding

* BonBa otn puBuion tTwv

, o 0 0 0 0 o0 0
dlaotacewyv Twv output feature
maps. [Mpaypotonoleital mavia 0 Pr P2 P3 DPs Ps O
p.éow |J.I']6€VlK(bV. 0 Pe D7 Pg DP9 P10
e XpNOLUOTIOLELTOIL TOOO OTO el e e b
Convolutional 6co kot oto Pooling
sttutedo. 0 Pie P17 Pis P19 D20 O
° ECI)ale.C')ZETOLL CXVC')L)\OVOL LLE TLC 0 P21 D22 P23 P2a P25 0
Sdlaotaoelc tou feature map nou o o O O 0 o0 O
emilBupou e, avaloya e to stride.
(no padding, half padding, same Simulation

padding, full padding etc.) 128!

https://training.galaxyproject.org/training-
material/topics/statistics/tutorials/CNN/tutorial.html



Flatten

e To enimebo flatten Bploketal petaév tou CNN kot tou ANN Kat n 6oUAgLa Tou
elval va petatpemnel tnv €€o06o tou CNN o€ pa elocodo mou pmopet va
eneepyaotel to ANN.

* To enimedo flatten xpnolpomnoleital ya Tn LETATPOTIN TOU XAPTN XOPOKTNPLOTIKWV
(feature map) nov €AaPe amo to eninedo max-pooling og pla popdn nmou
LLTTOPOUV VAl KATAVOoouV Ta Ttukva otpwpata (dense layers).

* Evag XApTNC XOLPAKTNPLOTIKWY ELVOL OUOLAOTLKA £VOC TTOAUSLAOTATOC TIVAKOC TIOU
TIEPLEXEL TLUEC pixel. Ta MUKVA oTpwpOTA AALToUV pLa povodiaotatn dtataén wg
eloodo yla emetepyaotia. Etol, to enunedo enimedo xpnoLLLOMOLELTAL VIO TNV

LLETATPOTIN TWV XOPTWV XOPAKTINPLOTIKWY OE €vav HovoOLAOTOTO Ttivaka yLo To
TIUKVO CTPWHLOLTAL.



Flatten

e To dlaypappa deixvel otL to enimedo flatten AapBavel

XOPTEC XOPOKTNPLOTIKWY WC EL00SOUC aro To eninedo Input Output
max-pooling. OL XAPTEC XOPOKTNPLOTLKWY UTTOPOUV val Rattened layer output of
éxouv tov tumo (Yoc, MAdtoc, B&Boc) 6mou to'YPog x evtremans o R i
MAQTOC AVTILTPOCWTIEVEL TNV TTUKVOTNTA shaps:(2,2:2) i
ELKOVOOTOLXELWV EVOC XAPTN XOPOKTNPLOTIKWY KL TO 3] T
BaBoc deixvel Tov aplOuo tTwv xoptwv TiEe .
XOPOKTN PLOTLKWV. > B

e JTn OUVEXELX, dpa EMAVAANTITIKA TIAVW ATTO TOUG 5|9 S
XOPTEC XOPAKTNPLOTLKWY KOl ELOAYEL TLG TLUEC TwV pixel 4|7 -
lia tpocg pia o€ €vav mivaka ou £xeL peyebocg oo e .

Y oc x MAdatog x BabBocg.

Mnyn: https://www.educative.io/answers/what-
is-a-neural-network-flatten-layer




Fully Connected Layer & Output

* [La TNV mapoywyn €odou:
* TO TIPOLOV TWV SLAOOX LKWV
Convolutional kat Pooling

eTUMES WV OEXETOL KATAAANAN
Stapopdwon SlaoTACEWV.

e JuvnOiletau va tpododoteital oe
eva MANpw¢ cuvdedepevo eninedo
He KatdAAnAn cuvaptnon
gvepyomnoinonc.

* Eav mpokettal yia classification
task, n €€odoc napayestal pEcw
gvoc TeALkoU Softmax eruedovu.




Convolutional Neural Networks —
Y NUELWOELC

* MNeploootepa convolutional emtinteda cuvteAouv otnv avakaAudn Ko
apalpeON TPOXWPNUEVWY OOUWV KOL YVWPLOUATWY TWV ELKOVWV.
Auvéavouv enlong Kata oAU TNV TOAUTIAOKOTNTA TOU OLKTUOU.

e JuvnOiletal ta enineda cuveAiéewv va akoAovBouvtal amo Pooling
enineda, yio tn pelwon TAG dlaotatikotntag, tnv adaipeon Bopufou kat
nv amtoduyn overfitting. Aev eival avaykaio, aAAd otnv Kplon Tou
oxeblaotn tou OLKTUOoU.

* Av kat ouvnBiletal, oUTe N xprion Tou TIARPWG oUVOESEUEVOUL ETUITEOOU
glval avaykala. JUyKeKpLUeva, oTo state of the art povteAo ResNet, o€
XpndOlIJ?TIOLELTOLL AvtikaBlotatatl pe Global Average Pooling (BA. [271, case
studies).

* evika mpotipdral n pEBodog kavovikornoinong Batch Normalization (31
avti tnc Dropout ota Convolutional Neural Networks (BA. 139]),



[Tapaderypo CNN

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution S /—M
r N
(5 I)'(dS) k:;'.'el Max-Pooling (5 “ 5) kernel Max-Pooling (with
valid padding (2x2) valid padding (2x2) ‘ o

'a A ' /—M - A N & k. ‘ ‘0
W 0~01

! .‘:::.-' 1 ‘ \‘ 2
INPUT nl channels nl channels n2 channels n2 channels . \‘ 9
(28 x 28 x 1) (24 x24 x n1) (12x 12 x n1) (8x8xn2) (4x4xn2) | _ |

'/ © OUTPUT

Mnyn: https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the- n3 units
eli5-way-3bd2b1164a53



Apyttektovikec CNN (1)

AlexNet

‘ LeNet GoogleNet DenceNet
VGG Channel
Boosted CNN

O O O

ResNet EfficientNet I‘Inyrﬁ:
https://www.v7labs.com

/blog/convolutional-
neural-networks-guide

Inception ResNeXt
V2V3Vv4



Apyttektovikec CNN (2)

LeNet

This was the first introduced convolutional neural network. LeNet was trained on 2D images,
grayscale images with a size of 32*32*1. The goal was to identify hand-written digits in bank
cheques. It had two convolutional-pooling layer blocks followed by two fully connected layers for
classification.

AlexNet

AlexNet was trained on the Imagenet dataset with 15 million high-resolution images with
256*256*3. RelLU activation function was used between convolution layers and pooling layers for
the first time as well as the overlapping pooling with stride < window size. It had five
convolutional-pooling layer blocks followed by three fully connected dense layers for
classification.



Apyttektovikec CNN (3)

VGGNet

VGGNet came with a solution to improve performance rather than keep adding more dense layers in the
model.

The key innovation came down to grouping layers into blocks that were repetitively used in the architecture
because more layers of narrow convolutions were deemed more powerful than a smaller number of wider
convolutions.

A VGG-block had a bunch of 3x3 convolutions padded by 1 to keep the size of output the same as that of
input, followed by max pooling to half the resolution. The architecture had n number of VGG blocks followed
by three fully connected dense layers

GooglLeNet

This architecture has Inception blocks that comprise 1x1, 3x3, 5x5 convolution layers followed by 3x3 max
pooling with padding (to make the output of the same shape as the input) on the previous layer and
concatenates their output.

It has 22 layers, none of which are fully connected layers. It requires a total of 4 million parameters which is
still 12 times fewer parameters than previous architectures like AlexNet.



Apyttektovikec CNN (3)

ResNet

It was observed that with the network depth increasing, the accuracy gets saturated and eventually degrades.
Therefore, data scientists proposed a solution of skip connections.

These connections provide an alternate pathway for data and gradients to flow, make training fast, and enable
skipping one or more layers. The idea of residual blocks was proposed which was based on the fact that
deeper models should not produce higher training error than their shallow counterparts.

As a matter of fact, a deeper network was made from shallow networks by setting other layers in the deeper
network to be identity mapping.

DenseNet

A limitation that was seen in ResNet was that of vanishing gradients. The key solution was to create short
paths from early layers to later layers to train deep networks. All layers were connected directly to each other.

ZFNet

It is a modification of AlexNet. The major difference is that the architecture of ZFNet uses 7x7 filters, whereas
AlexNet uses 11x11 filters based on the thought that bigger filters might lead to loss of information. These
changes proved effective and improved efficiency.



Convolutional Neural Networks —
XpNoLuotL 2UvOECHOL

 Official Tensorflow Introduction to CNN:
https://www.tensorflow.org/tutorials/images/cnn

e Stanford CS231n:
https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-
convolutional-neural-networks [27]

* “A Guide to Convolution Arithmetic for Deep Learning”, [Dumoulin &
Visin, 2018]: https://arxiv.org/pdf/1603.07285.pdf (28]



https://www.tensorflow.org/tutorials/images/cnn
https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-convolutional-neural-networks
https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-convolutional-neural-networks
https://arxiv.org/pdf/1603.07285.pdf

Autoencoders
(AUTOKWOLKOTIOLNTEC)



Autoencoders —
“Unsupervised” Neural Networks (1)

* Epappoletal og unlabeled
dedopeval.

* OLdlaotaoeLg tou emunedou
£L0060U LOOUVTAL HE TLG
dlootaoelc tou munedou e€odou.

* Edpappoye:
* Meiwon tng dlaotatikotntag yia data
visualization (T[OLpOp.OLOL ue PCA)

* Denoising elkovwv N akoAouBLwv
* Generative learning models

e Athovotepn popdn:
* Feedforward
e Fully Connected




Autoencoders —

“Unsupervised” Neural Networks (2)

* JKOTIOG €lval n s—:&oéoq y va Looutal
Le tnv eloodo X.

Y = hW,b(f) ~ X

(Mpooeyyllel TN TOUTOTIKA
ouvaptnon)

* Antaptifetal amo duo KupLa HEPN:
* Encoder - MabBaivelL tn véa
avanapaotoon Z.

* Decoder — AvakataokevaleL Ta
debopéva amod tnv avanapaotaon Z.

o —

Decoder

Cl‘
CCt..

Encoder

Latent
Representation z

(Code)



Autoencoders —
“Unsupervised” Neural Networks (3)

* Méow TepLOPLOPWV (TT.X.
SLadpopEeTIKA SLOLOTATLKOTNTAL),
riapayovtol SLoPOPETIKEC
QVATOLPAOTACELS, hyy 5 (X), TNG
elcodou.

e Avaloya pe To MpoBAnua rou
eTLAVETOL, Ol encoder — decoder
Utopouv va amnaptifovral amno
DNN, LSTM, CNN kot dAAa.

* [1payUOTOTOLE(TAL LECW
backpropagation kat Gradient
Descent.




Autoencoders-Hyperparameters

* Code size (0 aplBuOC veEupWVWYV TOU KWOLKO)
* Number of layers (o0 aplOLOC TwV eMUMES WV
otov encoder kot otov decoder) S 7
* Number of nodes per layer (0 aplBuoc twv | (= |
VEUPWVWV ava emninedo)

 Loss function (Xpnowpuomolovpue eite peco
TETPOYWVLKO odpaApa-mse eite Suadikn
dlaotaupoU eV eviporia- binary
crossentropy.

05 2
\//\\/
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OL UTOKWOLKOTIOLNTEC EKTTALOEVOVTAL LLE TOV LOLO TPOTIO OTIWC TAl
ANN peow backpropagation.



TumotL Autoencoders

* Undercomplete Autoencoder
* Sparse Autoencoder

* Contractive Autoencoder

* Denoising Autoencoder

* Convolutional Autoencoder

e \Variational Autoencoder



lapaodewypa: Convolutional Autoencoder —
Mnist Image Denoising 321 (1)

 MNIST dataset 32l: cOvolo

XElpoypadwv grayscale elkovwv ﬂ

akepaiwv Tou gvpouc [0, 9].

* KaBe slkOva avamaplotatol amno
£VOV TAVUOTH SLO0TACEWV
Sdlootaoelc: (28, 28, 1)

* ELoaywyn Bopufou.

e Kataokeun kata@AAnAou
Convolutional Autoencoder.



lapaodewypa: Convolutional Autoencoder —
Mnist Image Denoising 1331 (2)

Encoder Decoder
input: ?, 28,28, 1 input: | (?,7,7,32)
EncoderConv1: Conv2D P ( ) DecoderConv1: Conv2D 177 32
output: | (?, 28, 28, 32) l output: | (?, 7,7, 32)
l input: 2,7, 7,32
input: | (?, 28, 28, 32) DecoderUpSampling1: UpSampling2D opt : f )
EncoderMP: MaxPooling2D output: | (7, 14, 14, 32)
output: | (?, 14, 14, 32) l
input: ?, 14,14, 32
l DecoderConv2: Conv2D | @ 14, )
input: | (?, 14, 14, 32) output: | (?, 14, 14, 32)
EncoderConv2: Conv2D
output: | (?, 14, 14, 32)
_ . ) ) input: | (?, 14, 14, 32)
l DecoderUpSampling2: UpSampling2D output. | (2, 28, 28, 32)
) input: | (?, 14, 14, 32)
EncoderOutput: MaxPooling2D
output: (?,7,7,32) Y
input: | (?, 28, 28, 32
l DecoderOutput: Conv2D e ( )
output: | (?, 28, 28, 1)




lapaodewypa: Convolutional Autoencoder —
Mnist Image Denoising 33! (3)

* Exmaidevon tou Convolutional

Autoencoder: s \
* Training set = (noisy training 0.4 |
images, training images) 0a \
* Validation set = (noisy validation 05

images, validation images) — T T T

e AntoteAEopata:

> ‘-:-.:-'--,: :::=- :-"=_.:,. -':.r. -' | B SR e
? Ill:F-ﬂ ox
I'lII
[l




Autoencoders — Xpn ool 2UVOECOL

* Deep Learning book, 2016, Goodfellow et al, Chapter 14,
https://www.deeplearningbook.org/contents/autoencoders.html [34]

e Keras official tutorials on Autoencoders, 2016, Francois Chollet,
https://blog.keras.io/building-autoencoders-in-keras.htmi(33]

e Sparse Autoencoders lecture notes, Andrew Ng, Stanford University
https://web.stanford.edu/class/archive/cs/cs294a/cs294a.1104/spars
eAutoencoder.pdf 135

e “Auto — Encoding Variational Bayes”, Kingma et al, 2014
https://arxiv.org/pdf/1312.6114.pdf (30!



https://www.deeplearningbook.org/contents/autoencoders.html
https://blog.keras.io/building-autoencoders-in-keras.html
https://web.stanford.edu/class/archive/cs/cs294a/cs294a.1104/sparseAutoencoder.pdf
https://web.stanford.edu/class/archive/cs/cs294a/cs294a.1104/sparseAutoencoder.pdf
https://arxiv.org/pdf/1312.6114.pdf
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