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[IANPOPpOPIEC MABNUATOC

Qpaplo:
Ocwpia: Kade Tpitn 09:00-13:00 - AiGovoa 207

Eoyaothpio: 13:00-14:00 EPFé (oOppwva peE TO
TTPOYPAMHA TTOL gival avapTnuevo oto eclass)

Eoyaoieg
1 project — Ouadeg £€wg 2 aropwv — 80%
EpyaoTnpiakég aocknoeg — 20%

[pooaTtrairovueva: Kaveva



[eplexOuevo MabnuaToc

Elcdyooyn oTn Mnxavikn Maenon TI €ival, YIGTI Hag evllapEpel,
TTAPAdEYUATA TTIOORANUATWV, N UNXAVIKN abnon wg avalntnon,
LTTOBECN ETTAYWYIKNG HABNONG

Eme€epyaoia eicodou — Meiwon SIacTaTikoTnTag- AfioAoynon
MeBoS0I eTTIBAETTOUEVNG HABNONG

Nevpavika AikTva

EEeAIKTIKN) MABNoN — MeveTiKoi ANYOPIOUOI

Mnxavikn MaBnon Baoi{ouevn o€ Kavoveg

EvioxuTikn MaBnon

MaBnon AvattapaoTaong

E€EopLEn Acdopevav



Eicaywyn ota NevpwVvIKG AIKTLG

181aiTEPN TTOPOCEYYION OTN SNUIOLEYIA CLOTAPATWY PE VONUOOLVN
Aev avattapIioToLV PNTA TN YVWOoN
Agv LIOBETOLV €I6IKA OXeSIATUEVOLCS aAyopiBuoLe avalnTnong
BacilovTtal o€ BIOANOYIKG TTOOTLTTA

MaBnon kal pvnun PaciovTtal oTn YETAPOAN OTNV AYWYIUOTNTA TWV
oLVAYEWY



loTopIkKn Avadpoun

H avammuén Twv VELPWVIKWY SIKTOWV XOOVOAOYEITAl ATTO Tlg APXEG TNG
SekaeTiac Tov 1940. H SNuoTIKOTNTA TOLS ALENBNKE OTA TEAN TNG SEKAETIAC TOL
1980. ALTO NTAV ATTOTEAECHA TNG AVAKAALYNG VEWYV TEXVIKGWYV KAl £EEAIEedV Kal
TNC YEVIKNG TTOOOS0L OTNV TEXVOAOYIA TOL LAIKOU TGV LTTOAOYIOTV.

Opiopéva NN eival HOVTEAD BIOAOYIKGV VELPGVIKWY SIKTOWY KAl OPICHUEVA OXI,
AAAQ IOTOPIKA, PEYAAO PEOOG TNG EUTTVELONG YIA TOV TOPEA TV NN TTOONAOE
ATTO TNV €mMBLUIA VA TTAPAXBOLY TEXVNTA CLOTAUATA IKAVA YIA eEEAIYUEVOLC,
I0WG KAl ELPLEIG, LITOAOYICUOLG TTAPOHOIOLE PE ALTOLG TTOL EKTEAEI OCLVNOWG
O AVOPWTIIVOG EYKEPAAOG, KAl £€TC1 EVOEXOUEVWS VA PREATIWOE N KATaAvonon
UAG YIA TOV AvOPWTTIVO EYKEPAAO.

Ta mepioocoTepa NN £xouv KATTOIOL €i6OLC Kavova ekTTaidevbong. Me AAAC
Aoyia, Ta NN paBaivouv amo mmapadsypara (OTreg 1a maidia pabaivovy va
avayvwpEi{oby CKOAOLG ATTO TTAPASEIYUATA OKOLA®V) kKal TTapovoialovyv
KATTOIA IKAVOTNTA YEVIKELONG TTEPA ATTO Ta 6edopEva ekTTaibdevonc.

Ol VELPWVIKOI LTTOAOYIOTEG Sev TTEETTEl VA BePOLVTAI AVTAYWVIOTEC TV
OLUPATIKWV  LTTOAOYIOTWYV.  AvTiBeta, Ba  Tpeme va  BewpeiTal
CLUTTANPWUATIKOC, KOBWG Ol TTIO EMTLUXNUEVES VELPWVIKEC ADCEIC NTAV EKEIVEG
TTOL AEITOLPYOLOAV Of CLVOLACHO HE TIG LTTAPXOLOEG, TTAPASOCIAKEG
TEXVIKEG.



Ti eival Ta Nevpwvika Aiktua ?

MOVTEAD TOL EYKEPAAOUL KAl TOL VELPIKOL CLOTHUATOC
E€aipeTikG TApAAANAG

EmmegepyadovTal TANOOPOPIES TTOAD TTEQICCOTELO OAV TOV
EYKEPAAO, ATTO O,TI EVAC CEIPIAKOS LTTOAOYIOTNG

Mabnon

[MTOAD QTTAEC QPXEC
[TOAD COVOETEC CLUTTEPIPOPES

Epapuoyeg
Qc 10XLEOI AVTEC TTPORANUIATWV
Q¢ PBIOAOYIKAO HOVTEAQ



Texvikéc Nevpwvikwyv AikTOwv

OI LTTOAOYIOTEC TTEETTEI VA TTPOYPAupaTICovTal pNTa
AVOAOOTE TO TTOOPANUA TTOL TTEETTEI VA ETTIALOEI.
foAQWTE TOV KWOIKA € UIA YAWOOA TTOOYQAUWATIOHOV.

Ta VELPWVIKA SIKTLA PJABaivoLy ATTo TTAPAdEYUaATa
Aev ATTAITEITAl PNTN TTEQIYP AP TOL TTEOORANUATOC.
Aev QTTAITEITAI TTOOYPAUUATIOTNG.

O VELPWVIKOG LTTOAOYIOTNG TTROCAPUOLlETAl KATa TN SIAPKEIT
MIAC TTEQIOOOUL EKTTAISELONG, WE PACN TTAPASEIYUATA TTALOUOIWV
TTPORANUATWY, AKOPN KAl XWEIG TNV emMBouunTtn Abon o& KABE
TTOPORANUA. META aAmmO_ ETTAPKN  EKTTAISELON O VELPWVIKOG
LTTOAOYIOTNG Elval Og Beon va QLOXETIOE TA_ 6gdopeva TOL
TTOPORANUATOG WE TIC AVCEIG, TIG EI0060LG HE TIG €€060LG, KAl OTN
OLVEXEIQ Elval O BECN VA TTPOOCPEPE! WA PBIWOIUN ALCN O€ Eva
OAOKQIVOLPYIO TTOORANUA.

Eival o€ Beon va yevikeLel N va xelpidetal eANTTH dedopéva.



NNs vs Computers (1/2)

Wnpiakoi LTTOAOYIOTEG

YOUTTEQLATUATIKOG CLANOYICHOG. Eppappuoloupe YVWOTOUC KAVOVEG
o€ debopéva €eil00600L YIA VA TTAPAYOLUE ATTOTEAECUATA.

O LTTOAOYIOUOG €IVAI CLYKEVTPWTIKOG, CLYXPOVOG KAl CEIPIAKOG.

H pvAun €ival TTOKETAPIOUEVN, KOPIOAEKTIKA ATTOBNKELUEVN KAI E
duvaTotTnTa sievbuvvoiodoTnoNg BEoNG.

Aev £xel avoxn o€ opaAuaTta. Eva toavdioTop XaAdel Kal v
AEITOLPYEI TTAEOV.

AKpPIPeIq.
YTATIKA oLVEECIUOTNTA.

Eqpapuodletal av LTTAPXOLY KAAQ KOBOPIOUEVOI KOVOVEG UE AKPIBN
Sedoueva €iI00600.



NNs vs Computers (2/2)

NevpwVIKa SiKTLO

EmaywyIkn CLUAAOYIOTIK). AESOUEVWY TV SESOUEVEIV EI0OS0L KAl
£€000UL (TTAPAdEYUATA EKTTAISELONG), KATAOKELACOLUE TOLG
KAVOVEG.

O LTTOAOYICHOC Eival TLAANOYIKOG, ACLYXPOVOG KAl TTAPAAANAOG.

H pvAun gival KaTavepnuevn, E0WTEPIKELUEVN, PPAXLTTPOBECUN KAl
e dSuvaToTNTa S1IELOLVOIOSOTNONG TTEPIEXOUEVOU.

AVOXN O CPAAIATA, TTAEOVAOUOC KAl KATAMEQIOUOG ELOLVV.

AVakpIPNG.
ALvVauIKn cvvéecIuOTNTA.

Eqpappoletal eQv O KAVOVEG gival AyVOTOI N TIERITTAOKOI N €AV TA
dedbopeva gival BopuvPwdn N HEPIKA.



Epappoyéc Nevpwvikwyv Aiktowyv (1/2)

Tagivounon
MAOPKETIVYK: TOEIVOUNON TV KATAVAAWTIKWV SATTAVV
ApLVa: Tagivounon EIKOVWY PAVTAP KAl COVAP
[ecopyia Kal aAigia: TOEIVOUNON PPOVTWY KAl AAIELHUATWV
lOTPIKN: EIKOVA LTTEPNXWV/NAEKTOOKAPSIOYOAPHUATOC
TA&IVOUNON, NAEKTPOEYKEPAAOYPAPNUATO

AvVAYV®PEION KAl TOLTOTTOINON

[eVIKN TTANPOMOPIKN KAl TNAETTIKOIVVIEG: OMIAIQ,
LDTTOAOYIOTIKN OPACN, KAl AVAYVWPEIONS YPAPNC

OIKOVOUIKQA: ETTAOANBELON LTTOYPAPNC KAl ETTAANBELON
TOATTE(IKWV XOPTOVOUIOUATWV



Epappoyéc Nevpwvikwyv Aiktowyv (2/2)

AfloAoynon

MNXAVIKN: TTApAKOAOLONON KAl EAEYXOG
ETMBOEONONG TTOOIOVTWYV

ALLVA: EVTOTTIONOG OTOXWY

AOCQAAEIQ: AVIXVELON KIVNONG, EMTNENON WE
KAUEPEC, TALTOTTOINOT SAKTLAIKGV ATTOTLUTTWUATWV

[MoOyvwon Kal TTOORAEWN

YTA OIKOVOMIKA: TTIOOPRAEWN CLVAAAQYUATIKGWV
ICOTIMIV KAl JETOXWV

XTr}\yeoopyig: TOORAEWYN TG aTTOS00NC TWV
KAAAIEQYEIV

YTO MAPKETIVYK: TTOORAEWN TTWOANCEWY
X TN METEDEOAOYIA: TTOORAEWN KAIOOL



BioAoyikn Eunveuon

Ta {wa cival oe BEon va avTibpoLV TTOOCAPUOOCTIKA OTIC AAAAYEG
TOL EETEQIKOL KAl TOL EO0WTEPIKOL TOLG TTEPIPAANOVTOC KAl
XPNOIUOTTOIOVY TO VELPIKO TOLC CLOTNUA YIA VA EKTEAECOLY AULTEG

TIC CLUTTEQIPOPEC.

‘Eva KATAOAANAO HOVTEAO/TTOOCONOICN TOL VELPIKOL CLOTAUATOC
Oa TEETTEl VA eival og BEon va Tapayel TTAPOPOIEC AvTISPACTEIS KAl
OLUTTEPIPOPES OE TEXVNTA CLOTNHATA.

TO VELPIKO CLOTNUA SOMEITAI ATTO OXETIKA ATTAEC HOVASES, TOLG
VELDOQWVEG, OTIOTE N AVTIYPA®Pn TNG OLUTTEQIPOPAC KAl TNG
AEITOLPYIKOTNTAC TOLG BA TTPETTEI VA €ival N Avon,.



BioAoyika NNs (1/3)

Ta TepIoTEPIA WG €16IKOi oTNV Texvn (Watanabe et al. 1995)
Meipapa:
MepioTepl o€ KoLTi Skinner
[Napovciaon TVAK®WY {YPAPIKNS SVO SIAPOPETIKWV KAANTEXVWV

EmPoaPevon otav mapouoiadetal EVAG OCLYKEKPIUE
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BioAoyika NNs (2/3)

Ta TTEQIOTEPIA PTTOPEC AV VA SIAKPIVOLY PETAEL Bav MKOYK Kal XAyKAA
ue akpipeia 25% (0Tav TOLG TTAPOLOIACTNKAY EIKOVEG OTIC OTTOIEC EiXAV
EKTTAISEVLTEI).

H Siakpion eEakoAoLBOLOE Va €ival €TTITLXNG KATA 85% VYIA TTIVAKES TV
KAANITEXVV TTOL &€V €iXxav &€l TTOONYOLHEVWG

TA TTEQIOTEPIA §EV ATTOUVNUOVELOLY ATTAGWGS TOLC TTIVAKEG
MT1TopoULV va e€ayouy Kal va avayvwpeilovv YoTiRa (TO «OTLAY)
[EVIKELOLV YIA VA KAVOULV TTPORAEWEIC



BioAoyika NNs (3/3)

EvykeEpaAoc: repiTTou 100 SICEKATOUHILOIA VELPWVEC. KOBE VELPWVIKO KOTTAPO

XPNOIUOTTOIEI BIOXNUIKEC AVTISPACEIC YIa va AauPavel, va emme€epyadetal Kai va
UETaSISEl TTANOOPOPIEGS.

K&B¢ TeouaTIKO KOLUTTI CLVEEETAI UE AAAOLC VELPWVEG METK EVOC MIKOOL
XAOoUATOG TTOL ovopaleTal cuovayn.

To 6evépITIKO &6EVTPO TOL VELPWVA CLVEEETAlI PE  XINASEC  YEITOVIKOLC
vaupo’ovag. '‘OT1av &vag amo GUTOL')Q TOLC vaupo’ovag TTLEOSOTEITAI, Eva OETIKO N
apvNTIKO cpopTlo )\ouﬁoveml aTTo &vav orro Toug 6av6p|T£c_; @] avmoalg OAGV




BioAOYIKOC NeLPWVAC

Ta oAUATA EICEQXOVTAI OTO CWUA TOL VELPWVA Kal cuvévalovTal

AV TO ATTOTEAECUA EETTEOVA EVA OLYKEKPIPEVO KATWPAI, TOTE S1adideTal
UECE TOL AEova O AANOLC VELPWVEG

Axon from another cell

Synapse

Dendrite Axon

Nucleus
Synapses

Cell Body or Soma



BioAoyikol NeELOWVES

Y€ VA AVOPWTTIVO EYKEPAAO DITAPYXOLV TeplttoL 100 SioekaTtoupbla
VELPWVEG.

KaBe vevpwvag cuvéeeTal TTEQITTOL e AANOLS 1000 vevpPWVES

YTrapxouv 1eRITToL 100 TOICEKATOUULPIA CLVAWYEIC TTOL ETTNEEACOLYV
TN AEITOLEYIA TOL EYKEPAAOL

H avTtiyoagn TS S0uNG KAl AEITOLPYIAS TOL EYKEPAAOL TE TETOIC
KAIJOKQ eivar advvaTtn

Ta HOVTEAQ TTOL KATAOKELAJOVTAI EXOLV MEPIKES XINIASES TEXVNTOUG
VELPWVEG, TTEQITTOL 1 EK. CLVAYEIC KAI TTOAD TTEQIOPICUEVN AEITOLPYIKOTNTA

O eykepAAOC cival o€ BEoN va TTAPEI TTOADTTAOKEC ATTOPATEIC TTOAD
YPNYOPEA AV KAl O XPOVOC ATTOKPIONC TGV VELPWV®V Eival TNG TAENG
TWV Msec

MpokeTal yia TTapAAANAO KAl KATAVEUNHWEVO CLOTNHIA KABWE N
LTTOAOYIOTIKN IKOVOTNTA KAI N TTANPOPOPIA Eival SIauoIpacuévn o€
OAO TOL TOV OYKO



Texvnta NNs: Baogika otoixeia

Ta ANN evopaTVvoLy Ta V0 BePENISN CLOTATIKA TV RIOAOYIKWY
VELPWVIKWV SIKTOWV:

Nevpovec -> Koupol
oLvVAYeEIc -> BAapn

Eva TexvNTO VELPWVIKO SIKTLO ATTOTEAEITAI ATTO TTOANOULG TEXVYNTOLG
VELPWVEC TTOL CLVEEOVTAI METAEL TOLC COUPWVA PE PIA CLYKEKQIUEVN
APXITEKTOVIKN SIKTOOL. O GTOXOC TOL VELPWVIKOL SIKTLOUL €ival va
LETATOEWEI TIC E1I0060LC T€ €€060LC E VONUQ.



TexvnNToc Nevpwvac

YTTOAOYIOTIKO POVTEAO PE JEON TTOL AVTIOTOIXOLY OE€ ALTA TOL
BIOAOYIKOL VELPWVA

AEXETAI KATTOIO ONUATA EI0080L TTOL AVTIOTOIXOLV O€ TULVEXEIC
UETAPRANTEC (O€ AVTIOEDON UE TOLG NAEKTPIKOUG TTAAUOUC TOL £YKEPOAAOUL)

To oNua €1I0060L PETARAAAETAI ATTO IA TIUN PAEOLC TTOL £XEI TOV POAO
AVTIOTOIXO MIAG cLuvawngG. H Tiun pmopei va gival BeTIkN 1 apvNnTIKN
AVTIOTOIXICOMEVN ME TNV ETTITAXLVTIKN N ETTIREASLVTIKN AEITOLEYIA TNG
ovvaync

To Cua TOL VELPWVA XWEI(ETAI € SLO PEPN

ABpoIoTNG: TPOOCHBETEI TA CNUATA €I0050L PE PApN Kal TTApAyel TNV S
TTOCOTNTA

JovapTNON EVELYOTTOINONG N KATWPAIOU, N YOAUUIKO (PIATOO TTOL
SIaUOPPWVEl TNV TEAIKN TIWN TNG €EO60L Y O CLVAPTNON WE TNV TTOCOTNTA S



Texvnta NNs: Baoika otoixeia

ATTQITEITAI EVAC APIBUOC VELPWV WYV, Ol OTTOIOI TTPETTEI VA OLVEEOOLY PETALD
TOLC O¢€ VA VELPWVIKO SikTLO. OI VELPWVEC SINTACCOVTAI O OTEWUATA.

Inputs  Weights

El |::>—@\ z f OU'l'pU'I' z
2 B (W2 ( =—=>> 0O=) Wpi+Dbias
Ps ':>—@/ Z

o>

Bias

KaBe vevpwvag oTo SIKTLO €ival CLVNBWC PIA ATTAN POVA_a €TTEEEPYATIAC
TTOL SEXETAI HIA N TTEQICTOTEPES EI0OSOLC KAl TTAPAYEI MIa £€€060. Ye KOBE
VELPWVA, KOBE €ic080C £xEl VA OXETIKO PAPOC TO OTTOIO TOOTTOTTOIE TNV
10XV KAB¢ el00600L. O vELPWVAC ATTAQ TTPOTOETEI OAES TIG EI0OSOLCS KAl
LTTOAOYICEl pIa £€060 TTOL Ba peTaRIBACTEI.



Texvnta NNs: Baoika otoixeia

ToopobdoTnon SES0UEVWY HECE TOL SIKTLOU:

E€050C = (1.0x0.32) + (0.5x0.46) + (0.7x0.81) = 1.117

MepIoPIoUOG TNG £€060L PETAEL TOL eLPOLG O -1

1

IR = 0.466




TpowodoTtnon NNs

Ta dedopgva mapovoiadovTal OTO SIKTLO PE TN HOPPN EVEQYOTTOINTEWY
OTO OTPWHA €I0060V.

Napadeiypata
‘EvTaon €IKOVOOTOIXEIOL (YIA EIKOVEG)

TIEC pETOXV (YIA TTOORAEWN XPNHATIOTNEIOL)
Ta debopéva ammaIrovy ocLVNBWCS TTPOETTEEEPYATIA

[1OC va avarmapaoTHOOLUE TTIO apnEnuEva §60UEVA, TT.X. VA OVOUQ;
EmAe€Te Eva porTiPo, TT.X.
0-0-1 yia 1o «Chrisy»
0-1-0 yia 10 «Beckyy.



TexvnNTOC NevLPWVAC

Inputs

(s) a4

Activation
Function

Weights



LOVAPTNOEIC EVEQPYOTTOINONG

H cuvaptnon evepyottoinonNg TTEQIYOAMPEN TN CLUTTEQIPOPA €EO60UL
TV VELPWVWYV. [eVIKA €ival un ypauuikn. O YOAUUIKEC CLVAPTNOEIC
EIVAI TTEQIOPIOUEVEG ETTEISN N £€€060C eival aTTAG avaAoyn TNG €10060V.

i | da

A AV:-" v

o > 1l EHE [T

o R

a = purelinin) a = hardlims{n) a = satlinin)
Linear Transfer Function Symmetric Hard Limit Trans. Funct. Satlin Transfer Function
i a a
1.0 -
s . L 0.5 M
Y mn T
a = tansig(n) a = logsig(n) a = radbas(n)

Tan-5Sigmoid Transfer Function Log-Sigmoid Transfer Function Radial Basis Function



TOTTIKEC ZLVaAPTNOEIC EvepyoTTtoinong

Bnuarikn (step): Sivel otnv £€060 atmmotéAeoua (cbvNBWC 1) yovo oTav
N TIKA €I0080UL Eival TTAVE ATTO £vA KATWQAI T

[Mooonuov (sign): ivel oTnv £€060 apvNTiKn (BeTIKN) TIuN (+/-1) av n
TIUN EI0060L TTOL TTAPEXEI © ABEOICTNG Eival MIKEOTEPN (MEYTALTEPN)
ATTO £VA KATWPAI T

Jiyuoeibng (sigmoid): ekppadetal ato TN GOPUOLAQ:
D (S)=

l+e™®

OTTOL A €iVAl O CLVTEAECTNC PLBUIONG TNG TAXLTNTAG YETARAONG HETAEL SVLO
ACLUTITOTIKWV YOAUU®WV

TTAPEXEl PN YOAUWIKOTNTA OTO VELPWVA



A bias value allows you to shift the activation function to the left or right, which may
be critical for successful learning

Consider this 1-input, 1-output network that has no bias:

Input Output
X siglwg ¥ x)

®

The output of the network is computed by multiplying the input (x) by the weight
(wg) and passing the result through an activation function (e.g. a sigmoid
function.)




Dutput

T T T

1.2 |- SiguE. Sl
=igTl o B
SiguE. %D

—1a = =] =1
Input

Here is the function that this network computes, for various values of w,,

1@



Changing the weight w, essentially changes the "steepness" of the sigmoid. That's
useful, but what if you wanted the network to output O when x is 2? Just changing
the steepness of the sigmoid won't really work -- you want to be able to shift the

entire curve to the right.

That's exactly what the bias allows you to do. If we add a bias to that network

Input

Output
siglv, *x +w *1.0)



The output of the network becomes sig(w,*x + w;*1.0). Here is what the output of
the network looks like for various values of w,

Dutput

1.

=

T
sigdl.B%= + —
=igel. %= +
sigdl.B%= +

1a



TexvNTa NELPWVIKA AIKTLO

YLOTNWATA €TTECEPYATIAC SeSOUEVY ATTOTEAOLIEVA ATTO TTANBOG
TEXVNTWYV VELPWVWYV CE SOUN TTAPOUOIA PYE ALTH TOL AVOPWTTIVOL
EYKEPAAOL

Opyavwon o€ oe1pd anmo oTpwuaTta / emimeda (layers)

To TTPWTO £TTITTESO, TO ETTITTESO €1I0050VL, XPNTIPOTIOIEITAI VIO EI0AYWYN
SedSopEvV

AEV £XEI VELPWVEC KAI §EV EKTEAEI DTTOAOYIOUOUVG
EmTeiTa LTTAPXE PIA CEIPA ATTO EVOIAUECA N KPLPA ETTITTESA

TENOG LTTAPXEI TO TTITTESO £EOS0L



TexvnNTa NELPWVIKA AIKTLA

‘Eva KoLPO ETTITTESO PYABQAiVEl VA ETTAVAKWSIKOTIOIEN (1 VA TTAPEXE! UIC
AvVATTapAcTACN YIA) TIC eil0060LC. MTTOPOLY VA XPNCIUOTTOINBOLY
TTEQLICCOTEPA ATTO £€VA KPLPA OTOWUATA.

AULTA N APXITEKTOVIKN Eival TTIO IOXLPEN ATTO TA SIKTLA EVOC ETTITTESOUL:
UTTOPEI VA atTodeIxOel OTI OTTOIAONTTOTE ATTEIKOVION UTTOPEI VO JaBeuTel,
5e60UEVAYV SVLO KPLPWV ETTITTES V.

Hidden Layer

I Inputs Qutputs
\_>. Q\
NZ

|:>.
Single Layer ANN ANN with hidden layer




TexvNTa NevpwVvika AiKToa — TNA




XapakTnEIoTIKA TNA

O1 VELPWVEC O€ KABE OTOWPA PTTOPEI VA Eival EITE:

[TANPGC CLVEESEUEVOIL: CLVEEOVTAI UE OAOLG TOLG VELPWVEC TOL ETTOUEVOL
ETITTESOL

MEDIKGWC TLVEESEUEVOIL: CLVEEOVTAI E UEQIKOVGS VELPWVEC TOL ETTOUEVOL
ETTITTESOL

AVO €ibn TNA:

ATTANC ToopoboTtnong (feedforward): oI cuvEETEIC AKOAOLOOLY UOVO TNV
TEOOBIa KaTteLBLYONG

AvaTtpopobotnoncg (feedback): ol cuvéeoelC UTTOPEI va EXOLV KAl OTTICBIa

KaTevLOLVON. ETTIONG, UTTOPEI VA LTTAPXOLY CLVEETEIC METAEL VELPWVWYV TOL
i510L €MTTESOL



XapakTNEIOTIKA TNA

TNA avaTpopodotnong:
YTTOAOYIOUOG SIapOPWV HEYEDWY YiveTal o€ 2 oTAdIq:

MNowT0 OTASIO: LTTOAOYICHOC HEYEBWY e PAcn cLVEETEIC ATTANG
T00p060TNONG

AeOTEPO OTASIO: LTTOAOYICHOGC UeYEOWY pe PACN CLVEETEIC
avaTtpopodotnong

O1 TTepIco0TEPES epapuoyES TNA avTioToixoLv oe TNA atrAng
TOOPOSOTNONG



APXITEKTOVIKEC

Ta feed-forward ANN emTEETTOLY OTA CHUATA va TAEISELOLY TTPOC
Uia poOvo KaTtevbbuvon: amo TNV €codo otnv €€0d0. Agv LTTAPXE!
avatpopodotnon (Ppoxol), SnAadn n €050 oTToIOLONTTOTE ETITTESOL
dev emrnpeadlel 1o id1o emimedo. Ta feed-forward ANN Teivouv va eivai
ammAa  Siktba TTOL  oLvéeoLvy  TIC  €0060LC e TIC  €E060OULC.
XPNOIUOTTOIOLVTAI EVPEWS OTNV AVAYVWEION TTPOTLTTWV.

Inputs Outputs

Flow of Information



APXITEKTOVIKEC

Ta SikTva AvaTPOPOSOTNONG PTTOPOLY VA EXOLY CHUATA TTOL TAEIGELOLY
KAl TTOOG TIC VO KATELOLVOEIC EI0AYOVTAS BEOXOLE OTO SiKTLO. Ta SiKTLA
AvaToopodoTNOoNG &ival TTOAD 1I0XLEA KAl UTTOPOLY VA YiVOLY eEQINETIKA
TeQITTAOKA. Ta SiKTua AvaTPOPOdOTNONG €ival SLVAUIKA- N KKATACTACT)
TOLC OAANCCEl CLVEXWC MEXPlI VA (PTACOLV C€ €vA ONUEIO 1ICOPPOTTIAC.
[NapAuEVOLY OTO CNUEIO ICOPPOTTIAC €S OTOL AANAEEl N €icod0C Kal
TTPETTEI VA PPEBE pia veEQ I000EOTTIA

Inputs Outputs



MaBnon kal AvakAnon o€ TNA

Ma6non / Exkmaibevon: diadikaoia TpotrotroinoNng TIMNG Papwy TNA
WOTE PE PACN EVA OLYKEKPIUEVO SIAVLOUA EI0OS0L VA TTAPAXOE
EVA OLYKEKQIUEVO SIavLoua €060V

AvakAnon: S1a8iKacia LTTOAOYICHOL SIAVOOUATOS €€060L e Baon
eva SiIavuoua il0060L KAl TIG TIWES PAPV (TTOL £XOLV UABELTEI)



MaBnon og TNA

3 Eibn MaBnong TNA:

Errayovyikn uaénon: disovtal (evbyapia SIaVLOUATWY eiI0060L-£EOS0L YIa
eKTTaiSeLON. APXIKQ, Ol TIMEC PApwV Sev TTApAyouLy TNV €mBouunTt €€060. H
S1IaPpoPA TTOPAYMATIKNG PE TTAPAYOuEVNGS €€060L ovouadleTal CPOAAUA. Me
Baon avTh YiveTal N AVATTOOCAPUOYN TV PAPWY.

BaBuoAoynuévn uabnon: n €é€060¢ xapaktniletal ye PAcn KA KAIUOKA G
KAAN N Kakr. O XapakTNPIoPOG ALTOG 0dnyei TNV AvaTTIPOCAPHOYN PAPWY.

Mn eTayyikn uaénon: avto-opyavwon TNA pe Baon 1a SiavLouaTa
£1I0060L. H e0wTEPIKN OpYAVON TTPAYHATOTTOIEITAI £€TC1 WOTE EVAG POVO
VELPWVAG Va avTiSpd oBevapd o€ éva oLVOAO eiI0060L. Ta CLVOAQ
£1I00600L €ival oI TTPAYMATIKES EVVOIEG TTOL TO TNA Ba TTPETTEl va PABEl



MaBnon oe TNA

KOpI0 €i60GC pabnong: emaywyikn. O TTERICCOTEPES EPAPUOYEC TNV
LIOBETOLV.

4 aAyOPIBUOI ETTAYWYIKNG pabnong TNA

MaBnon Kavova AeATa: To AOBOGC eAAXICTOTTIOIEITAI HEC K SIASIKATIAG
EAAXIOTWV TETOAYWDVWYV

AvaoToopnc Metaboong AABoLG: O JETAOXNUATIOWOG TV PApwy e€apTaTal
ATTO TO PEYEBOG TNG CLVEICPOPAG TOLG OTO CLVOAKO AABOC

AVTAQY@VIOTIKNG MAaBnong: ol TexvNToi VELPWVESC cubvaywviovTal YETAEL TOULG.
O vELPWVAC HE TN MEYAADTEPN ATTOKPION (OTNV TREXOLOA €iI0060) TOOTTOTTOIEI
Ta RApn TOL

Toxaiac MaBbnong: O PETAOXNHATIOUOG TWV PAPWYV YIVETAI PJE TOXAIO TOOTTO. AV
N €€060C PEATIOVETAI (AViXVELON PECW KPITNEIWYV SISOUEVYV ATTO TO XPNOTN),
TOTE O YETAOXNUATIOMOC LIOOETEITAIN



/NTOLHEVO MABNoNC

A © A A o
°s o ° 2 X
° (o]
(o]
Q
> > >
YTTO-TTpOCapuoyn YTTEQ-TTPOCAPUOYN KaAn mpocapuoyn

(under-fitting) (over-fitting)



EmmAcov XapakTNEIoTIKO MaBnongc

H ekTaibevon PUTTOEEN VA Yivel 0€ KOKAOLC UE OVOUAOTIA ETTOXEC
(epochs)

MTropéei va TTpaypaToTtoin®ei pabnon 6éoung, avénTikn uaBnon N
oLVSLACPOC ALTWYV

TEOUATIOUOC: KOITNPIO EAEYXOL TTOIOTNTAC TNA HEYOADLTEQO ATTO £Va
KATW)AI

KpoIThpIa eEAEYXOL TTOIOTNTAG TTOL PTTOPOLY VA XPNOIUOTTOINBOLV:
Méoco opaAua

METAROAN TOL PECTOL TPAAIATOG



[IAeovekTNUATA TV TNA

l[KOVOTNTA OPYAVWONG TNG TTANEOPOPIAC eI0060L OE SIAPOPES
XPNOIUES HOPPES / HOVTEAD

l[KavOTNTA ABNONG HEC K TTAPASEIYUATWOV

IKOVOTNTA KATAVEUNUEVNG IVAUNG KAI UVAING CLOXETIONG

KaTavepunuévn pvAun: KQSIKOTTOINKEVN TTANECOPOPIa o OAA TA PApN TNG
oLVEECUOANOYIAG evOg TNA

MvNAUN CLOXETIONG: ATTOBNKELEI TTANEOPOPIa CLOXETICOVTAG ATTOONKELUEVA
Sebopéva PETAEL TOLGS eV N AVAKANCN TTANPOPOPIAG YiveTaAl Ye PACN TO
TTEQIEXOMEVO.



TTpopAnuaTtiopoi oxediaopou

[loia cuvapPTNON EVEQYOTTOINONG TTEETTEI VA
XpNnolyoTtToinGei;

[100eC el00650LG xPEIAleTal TO SIKTLO;

[Noca KpLPA OTPWHATA XEelIaleTal TO SIKTLO;
[MOCOI KPLPOI VELPWVES AVA KOLPO ETTITTESO;
[10CeC €€060LG TTEETTEI VA £XEI TO SIKTLO;

Agv LTTAPXEI TOTTOTTOINMEVN UEBOSOAOYIA YIa TOV
MOOCSIOPICHO ALTWY TV TIUWY. AKOUN KAl AV
LTTAPXOLY KATTOIA EVPETIKA TNUEIQ, Of TEAIKEG TIUEG
kaBopilovtal ue TN SiadiIkaoia SOKIUNG KAl OPAAUQATOC.




[IAeovekTNUATA TV TNA

ATIAN poppn TNA

ATToTeAoLVTal aTTO 1 €miTedo €1I0060v, 1 €060V Kal TTPOAIPETIKA 1 N
TTEQICOOTERA KPLPA ETTITTEST

MaBnon: KLPIWGS ETTAYWYIKN

TottoAoyia:

Noca KpLPAQ €TTITTESA KAI TTOCOI VELPWVES AVA ETTITTESO; INMoIa gival n
oLVEECUOAOYIC;

Ta debopéva eilc060L-£€060L PoNBOLY OTOV LTTOAOYICHO TOL APIBUOL TWV
VELPWVWV AVA €TTITTESO



[IAeovekTNUATA TV TNA

MeyaAn avoxn o€ GPpAAUATA
Ta TNA €ival QVeKTIKAO O€ JIKOOAAAQYEC EI00S0L

AANQ Kl o€ SOUIKA OPAAUATA (TTX. KATAOTOOPN VELPWVWY N CLVEETEWY)
AOY® TNG SiIaxLoNG TNG TTANPOPOEIAC.

MeEyEBOC OPAAUATOG AOYG SOUIKWYV TPAAUATWY €ival AVAAOYO TOL
TTOCOOTOL TWV KATEOTPAUMEVWV OTOIXEIWV

TNA vAOTTOINHEVA O€ KOKAWUA 1I6AVIKA YIO XPNOoN € ALUTOUATICHOVG
AVOEKTIKOLG O€ avTIEOEC CLVONKEG (TTX. XWEOI YE padlevepyeiQ)

l[KOVOTNTA AvayvwEIoNS TTPOTLTTWV



Percepiron

MNpwTtn Moootyyion TNA

ATTOTEAEITAI ATTO £€VA VELPWVA KAl XPNOIUOTIOIE TNV PNUATIKN
ouvapPTNON,.

YI00€ETE ETAYWYIKN HABNON YIA EKTTAISELON.
AANYOPIOUOC PETAROANG PapwvV:
Emavéhafe pExpl va ikavotroinBei n ouverkn tepuaTiopou
['a k&Be (cuyapi dlavuopaTog £106d0u X Je emBuunTA £¢0d0 t
YmoAdyioe 10 y
Av y=t, T01€ unv KAveIg aAAayn

Av y I=t, 101¢ TpoTTOTIOINGE TA BAPN TWV EVEPYWV YPAUPWY (QUTWV Pe onpa != 0) kata Aw=d*(t-
y)*™X WaTE 10y va TTANO1ACEl TO t

H mapauetpog d eival o puBuog uabnong



Percepiron

Can a single neuron learn a task?

m [n 1958, Frank Rosenblatt introduced a training
algorithm that provided the first procedure for
tramning a simple ANN: a perceptron.

m The perceptron 1s the simplest form of a neural

network. It consists of a single neuron with
adjustable synaptic weights and a hard limiter.



Percepiron

Single-layer two-input perceptron

Inputs

Linear

X1

Hard
Limit
e Qutput
I
A
0

Threshold




Percepiron

The Perceptron

m The operation of Rosenblatt’s perceptron 1s based
on the McCulloch and Pitts neuron model. The
model consists of a linear combiner followed by a
hard limaiter.

m The weighted sum of the mputs 1s applied to the
hard limiter, which produces an output equal to +1
1f 1ts mput 1s positive and —1 1f 1t 1s negative.



Percepiron

m The aim of the perceptron 1s to classify mputs,

Xy, X5, . . ., X,, Into one of two classes, say

A, and 4,.
m In the case of an elementary perceptron, the n-
dimensional space 1s divided by a hyperplane into

two decision regions. The hyperplane 1s defined by
the linearly separable function:

n
inwi — 9 — 0
=




Percepiron

Linear separability in the perceptrons

JEz.l

Class Ay

Class A, > X

e

%
‘ xywyp +xows Fx3wy —0=0

xywy txow5, —0=20 %

(a) Two-mput perceptron. () Three-input perceptron.




Percepiron

Perceptron ~
Output
Input T < >_.
/
Xo= 1. W,
X, Percepitron
% o {I'l if Z‘:wax,-}o
i—1 orherwise
xn

ST owx
Lgi=0 {770

The McCullogh-Pitts model

The perceptron calculates a weighted sum of inputs and
compares it to a threshold. If the sum is higher than the
threshold, the output is set to 1, otherwise to -1.

Leamning is finding weights w;,



Percepiron

Perceptron

The equation below describes a (hyper-)plane in the
input space consisting of real valued m-dimensional
vectors. The plane splits the input space into two
regions, each of them describing one class.

decision
region for C1

1X1 4+ W2X2 + WO == O

E 'WiX. +W, = 0| decision -': e

= boundary _ s K2 i=". C,
o....o e ‘....' 5
Cz.o.o o.o o. '. x1

W X{ + WoXs + Wy =0



Percepiron

Perceptron Learning

We have either (-1) or (+) as the output and inputs are either 0 or 1

There are 4 cases
= The output is suppose to be +1 and perceptron returns +1

» The output is suppose to be -1 and perceptron returns -1
»The output is suppose to be +1 and perceptron returns -1
« The output is suppose to be -1 and perceptron returns +1

If Case 1 or 2, do nothing since the perceptron returns right resuit

If Case 3 Wo+WXi+WaXor....+WrXy>0 we need to increase the weights so that
the left side of the equation will become greater than O

If Case 4, the weights must be decreased

So we can use following update rule that satisfies this

Aw. — ( ) { is the target output, o is the output generated by the
Wo= 77 (—0 x,‘ perceptron and 1) is a positive constant known as the
learning rate.



Percepiron

How does the perceptron learn its classification
tasks?

This 1s done by making small adjustments 1n the
welghts to reduce the difference between the actual
and desired outputs of the perceptron. The mitial
welghts are randomly assigned, usually 1n the range
[—0.5, 0.5], and then updated to obtain the output
consistent with the training examples.



Perceptron’s fraining algorithm

Step 1: Initialisation
Set 1nitial weights w, w,,..., w_and threshold 0
to random numbers 1n the range [-0.5, 0.5].

[ the error, e(p), 1s positive, we need to increase
perceptron output Y(p), but 1f 1t 1s negative, we
need to decrease Y(p).



Perceptron’s fraining algorithm

Step 2: Activation

Activate the perceptron by applying mputs x,(p),
x>,(),---, x,(p) and desired output Y, (p).
Calculate the actual output at iteration p = 1

=1

Y (p) = step |:Z x;, (p)w;(p)— GJ

where 7 1s the number of the perceptron mputs,
and s7ep 1s a step activation function.



Perceptron’s fraining algorithm

Step 3: Weight training
Update the weights of the perceptron

wi(p+1)=w;(p)+Aw;(p)

where 1s the weight correction at iteration p.

The weight correction 1s computed by the delta
rule:

Aw;(p)=a-x;(p)-e(p)

Step 4: Iteration
Increase iteration p by one, go back to S7ep 2 and
repeat the process until convergence.




XapaKTNEIOTIKA Perceptron

AVTIHETOTTIEI TTOORANUATA YOAUUIKWC SIOXWEICIUA (TTX. LTOIXEIWSNGS AOYIKEC
TTOAEG)

~, 1 MovTtelotroinon
AND

-
1 X

AN OxI SIaPOEETIKA TTOORANUATA SIOTI TOTE attaiTeital TNA pe Koupa
emmiTTeda (1x. TTePITTon AoyikNG TTOANG XOR)



XapaKTNEIOTIKA Perceptron

Example of perceptron learning: the logical operation AND

Inputs Deswred TInatial Actual | Error Final
Epoch output weights output weights |
X1 X2 Yd '|-V1 ]-1’2 ¥ e 11:1 -|_,|_-2
1 o | o 0 03 | —0.1 0 0 03 |—0.1
o |1 0 03 |-0.1 0 0 0.3 [-0.1
A | il 0 03 |-01 1 --f 02 |01
1|1 1 0.2 |-0.1 0 1 03 | 0.0
2 0 | o 0 03 | 00 0 0 03 | 00|
o |1 0 03 | 00 0 0 03 | 00
1 |0 0 03 | 00 1 -1 02 | 0.0
1 |1 1 02 | 00 1 0 02 | 0.0
3 0| o0 0 02| 00 0 0 02 | 00|
o | 1 0 02| 00 0 0 02 | 00
1 | o 0 02| 00 1 4 01 | 0.0
1 |1 1 01| 00 0 1 02 | 01
4 0 | o 0 02 | 01 0 0 02 | 01|
o |1 0 02 | 01 0 0 02 | 01
1 |0 0 2| 01 1 ~1 01 | 01
1|1 1 01| 01 1 0 01 | 01
5 o | o 0 01 | 01 0 0 01 | 01
o |1 0 01| 01 0 0 01 | 0.1
1 |0 0 01| 01 0 0 01 | o1
: 1|1 1 01| 01 1 0 01 | 01|
Threshold: 6 = 0.2; learning rate: o= 0.1




XapaKTNEIOTIKA Perceptron

Finding Weights Analytically for the AND Network

We have two weights w; and w, and the threshold 6, and for each training pattern we

need to satisty

out = sgn(wyin, +w,in, — 6)

So the tramning data lead to four imnequalities:

in; in, out

0 0 0 w, 0 +w,0 — 0<0 g 310
w,0 tw, 1 — 8 <0 w; < 6

N ! 0 == 4 i = w, < 6

1 0 0 w;1 +w,0 —08<20 1

I 1 1 w,1 +w,1 — 020 w;+tw, 2 6

It 1s easy to see that there are an infinite number of solutions. Similarly, there are an

infinite number of solutions for the NOT and OR networks.



XapaKTNEIOTIKA Perceptron

Convergence of Perceptron Learning

The weight changes Aw; need to be applied repeatedly — for each weight wj; 1 the
network, and for each training pattern i the training set. One pass through all the

weights for the whole training set 1s called one epoch of training.

Eventually, usually after many epochs, when all the network outputs match the targets
for all the training patterns, all the Aw; will be zero and the process of training will

cease. We then say that the training process has converged to a solution.

It can be shown that if there does exist a possible set of weights for a Perceptron which
solves the given problem correctly, then the Perceptron Learning Rule will find them in

a finite number of iterations

Moreover, it can be shown that if a problem 1s linearly separable, then the Perceptron
Learning Rule will find a set of weights 1in a finite number of iterations that solves the

problem correctly.



XapaKTNEIOTIKA Perceptron

Presentation of Training Examples

« Presenting all training examples once to the
ANN is called an epoch.

 In incremental stochastic gradient descent
training examples can be presented in
— Fixed order (1,2,3...,M)
— Randomly permutated order (5,2,7,...,3)
— Completely random (4,1,7,1,5,4,......)



XapaKTNEIOTIKA Perceptron

Limitations of the Perceptron

o Only binary input-output values
e Only two layers
o Separates the space linearly



XapaKTNEIOTIKA Perceptron

Only two layers

o Minsky and Papert (1969) showed that
a two-layer Perceptron cannot
represent certain logical functions

o Some of these are very fundamental, in
particular the exclusive or (XOR)

o Do you want coffee XOR tea?



XapaKTNEIOTIKA Perceptron

Learning XOR

Mot Linearly Separable
Input 1

(0.1 (1,1}

Input 2

(0.0) (1,00



XapaKTNEIOTIKA Perceptron

Learning XOR

MNat Linearly Separable
Input | ~

-
(00 \ (1.0



Perceptron

Limitations of Simple Perceptrons

We can follow the same procedure for the XOR network:

m; in, out

0O 0 O w; 0 +w,0 — 6 <0 6 >0

0 1 1 w,0+w,1 -6020 w, =2 60
= = w, =2 6

1 @ ] w,1 +w,0 — 020 ;2

1 1 0 w,1 +w,1 —08<0 w,tw, < 60

Clearly the second and third mmequalities are incompatible with the fourth, so there is in
fact no solution. We need more complex networks, e.g. that combine together many

simple networks, or use different activation/thresholding/transfer functions.



Perceptron

Solution to Linear Inseparability

«Use another training rule (delta rule)

«Backpropagation



Perceptron — Delta Rule

Delta Rule e oy ou

Ad(]“ﬂe, - \—®[ Teacher é
Least Means Square g
Change from Perceptron j\ err h

Perceptron Learning Delta Rule




AANYOpPIBuUOC Kavova AEATa

ATTOTEAEI YEVIKELON TOL AAYOPIBUOL eKTTAISELONG TOL perceptron
Aev uttopei va epappooTel o€ TNA pe Koupa eTTitreda
EAQXICTOTTOIEI TO UECO TETOAYWVIKO OPAAUQ:

OTTOL p gival Ta dlavoopaTa elcodou Kal f, N emBountn £€€060G yia TO
SIavuopua elcodou k

2
P

E:lz { —@(Zn:wigxij
i=1

P k=1



AANYOPIBUOC Kavova AEATa

H petaPBoAn otnv Tiun PAoug pe PAcn 1O TREXWY SIAVLOUC
ekTTaideLONG eival N €ENG:

Aw,. = Witew) ~ Witola) = d (t - O (szxz j) X
I=1

AOYIKN: AKOAOLOBOLUE TNV APVNTIKN KAION TNG ETTIPAVEIAS OPAAUATOC
UE KaTELBLVON TTPOC TO EAAXIOTO TNG



Gradient Descent

Gradient Descent

o [raining error of a hypothesis:

E(‘_".): l_z o —n.)

& de’'D

D is the set of training examples,
T4is the target output for training example d,
and o, is the output of the linear unit for training example d.



Gradient Descent

How to find Aw?

Derivation of the Gradient Descent Rule

\V/ E( ‘f',) — { JE JE oE } Direction of the steepest descent along the

dw, ow, ow, | omorsurface

WeW+AW  where Aw=-nVE(W)
The negative sign is present as we want to go in the direction that decreases E.

For the i component:
, , oE
WI- (——W;- +A\ft,: where Aw = —f)—



Gradient Descent

How to find Aw?

oE d 1 > 1 J .
= = I —~03) =— —\t,—0,)
dw; dw; 2 dsD( - ¢ ) 2 é dw, ( g 4 )
oE 1 Nt,—o, e — i
—a‘ = 2(rd—od) (Z) d):z(fd_od) (d d)
Y 2ap W d=D W
oE

AR Z(f o )(_ ¢ ) Where X,, s the single input component x; for
o’ T D' 4 gin for training example d



Gradient Descent

Gradient-Descent Algorithm

« Each training example is a pair of the form
{x.r) where
x is the vector of input values, and t is the target output value and
n is the learning rate (e.g. 0.5)

« Initialize each w; to some small random value

« Until the termination condition is met, Do
— Initialize each Aw, to zero.
— Foreach (Xt) in training examples, Do

« Input the instance x to the unit and compute the output o
« For each linear unit weight w;, Do
Aw, «— Aw, + 1t —o)x,

» For each linear unit weight w;, Do

W —w +Aw



Training Strategies

Training Strategies

e Online training:
— Update weights after each sample
e Offline (batch training):

— Compute error over all samples
- hen update weights

e Online training “noisy”
— Sensitive to individual instances
— However, may escape local minima



AANYOPIBUOC Kavova AEATa

Online versus batch learning

+ Batch learning does + Online learning zig-zags
steepest descent on the around the direction of
error surface steepest descent

constraint from
training case 1 \

w1 wl

constraint from
w2 — training case 2

w2



Mnxavikn Mabnon & E€Eopuén Nvewoncg

EowTtNoE€IC
?
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