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[MepiAnwn

H duhopotikny ovt) epyacio aoyoreitonr pe tnv avdmtuén evog poviéAov aviyvevong bot
Aoyaplaoudv oto Twitter pe teyvicég unyovikng pabnone. To Twitter eivarl éva PEGO KOWOVIKNG
OIKTUMONG TO OTOI0 EMTPEMEL TV OAANAETIOPACT) TV YPNOTAOV LECH CUVIOU®V UNVUUATOV T OTTola
ovoudlovtan tovttg (tweets). 'Eyetl edpaiwbei otny onuepvi] Kovavia og £va omd o Kuplopyo HEsa
KOW®VIKNG SIKTVMOOTG EVD GLYVA TOPOUOIALETOL G Ui ‘ToyKOoio epnuepida’ 1) onoia ennpedlet To
KOW®VIKOTOMTIKO yiyvesOot Kot dtapopemvel Ty ko yvoun. H dvBion avt BéPata tov Twitter
avtet@nicOnke cov goukaipio omd ToALODS ¥PNOTES 01 00101 TPOGTAON GV VO EKUETAAAEVTODY TNV
SUVOUT TOL Yot VO DAOTOGOLV S1KOVG TOLG, GLYVA KOKOTPOUIPETOVS GKOTOVG. €2 emakorovbo,
epeoviotnioy to bots dnAadN ¥PNOTEG Ol 0010l TPOKVTTOLV OO CVTOUOTOTOMUEVO AOYIGHIKA KOl
QOGKOTOVV GTNV LITOVOELOT| TG aflomioTiog Kot avelaptnoiog tov Twitter.

Boaowd yopaxtnplotikd tovg, to omoio Kafiotovv TNV aviyveuon Tovg TOAD OmoLTnTIKY, £ival M
mowlopoppios kot 1 €EEMOCIUOTNTA TOLG. Awnpopetikd €idn Bot a&lomowobv  drapopeTikd
YOPOKTNPIOTIKA Ko pésa Tov Twitter mpoxeévov va tpowdncovy v atlévta tovg. Kdamotot tomot
embéoemv givar o1 akOAoVOOL: SIAVELOVY KOKOPBOLAOVG GUVOEGIOVG, TPOGTOLOVVTINL TOVE KOVMVIKODG
@IAOVG OE YPNOTEG Y10 VO OMOCTAGOLY EMKIVOUVEG Kot {npoydveg mAnpogopies, avadnuosiedovy
EONOEIC UE UEPOANTITIKO TEPIEYOUEVO TPOKEUEVOL VO EXNPEACOVY TNV KON YvoduN KTA. [Tapdiinia
T bot g€ghiccovtan cuvéyela dote va Eemepvoldv ta €10M vIapyovTo HETPA aviyveuong aAAd Kol Yo
va avopadpicovv v aAnBoedvelo Tovg Kol ®g emakOAovo va avEnoovy v emppon tove. Me tov
Kopd A0V YivovTol OAO KOl L0 EVPLT], TPOGOUOIDVOVTAG TNV GUUTEPLPOPE PEAACTIKMV YPNCTOV.

H epyooia aviyvevong bot Aoyoplacudv gival oAb ovcldong kot amottntikr. Ot H01 LEAPYOVGES
pébodot yevikd pmopovv vo dwopebodv og 600 katnyopieg: pébodor mov Pacilovior oty Unyovikn
eEoymyNg YOpaKTNPIOTIKOV Kot pEBodol mov ypnotpomolovy diktva Pabidg pddnong. Ot mpoteg
e&AyouV TO YOPUKTNPICTIKO TV XPNOTOV amd T, tweets Kol omd TNy TANPoeopio. TOV AOYUPIIGHOV
TOVG KoL TO TPOPOSOTOVV G€ KAUGIKOVS TavounTég unyavikng pénong evad ot peténeita otnpilovat
o€ apPyLTEKTOVIKES Pabidv vevpovikdv diktowv. Tlapd 1o apykd Oetikd amotérecpa, N avalitnon
€VOGC HOVTEAOL oL Ba avTiueTOTIEL OMOdOTIKA TIC AmOTHOEL Tov {NTAHOTOG Ko Ba YeViKeDEL GTNV
Tpaypatikn oeaipa tov Twitter mapoapével ovoryty. 10 LOVIEAO TOV TPOTEIVOVLE Y¥PNGILOTOLOVLE
TOPOAANAC TOAVTPOTIKEG TANPOQOPIEG Y KAOE ypNoTn YOPIC UNXOVIKY YOPOKTIPICTIKOV.
Yvvdvalovpe teXVIKEG emPAETOUEVNG KO U EMPAETOUEVNC UNXOVIKNG LABNong obTmg dote va
KOTNYOPLOTOUCOVIE TOVG ¥pnoteg oe Bot 11 yviiclovg ypnotec. Idwitepa epapupdlovpe poviéia
Eneéepyaciog Pvowmneg Noooag (Natural Language Processing), @ote va emitevydei n elaymyn
mAnpogopiag amd adounteg mnyég dedopévov (tweets) Kot vevpmvikd diktva yio va Ppodue tnv
AVOTOPACTOCT) TOV YOPOKTNPLOTIKAV KAOE ¥pNoTh, ETMAEYOVTOC 0VTE TOV BEATIGTOTOLOVY TO LOVTEAD
pog. Akolo0Bmg, Kataokevdlovpe Evav ETEPOYEVT YPAPO TTOV KOAVDTTEL TIG OYECELS AKOAOLONGN G TOV
avartvccovtal oto Twitter (follower kot following) kot e@appolovpe SOUES VEVPOVIKOV SIKTVWMV GE
vpdoovg (Graph Neural Networks) obtwc ®ote va cupmepthdfovpe otV TPOPAEYN HAG KOl TNV
KOW@VIKY| dpactnplotta tov xpnotev. Télog, faciopévol 610 0AoKANPOUEVO GUVOAO dedoUéEvmV
Twibot-20 7mov amotelel omnueio avoEOPAg EKTEAOVUE TEWPAUOTA  TOV  AVOOELKVOOVV TNV
OTOJOTIKOTNTO, TOV HOVTEAOL HOG KOl TNV OVTIOY®VIGTIKN TOV €MIO00T| G GYEOT LE TIG VIOPYOVOES
VAOTOMGELC.
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Abstract

This thesis aims to the development of a bot account detection model on Twitter using machine
learning techniques. Twitter is a social media platform that allows users to interact through short
messages called tweets. It has become firmly established in today's society as one of the dominant
social media platforms and is often referred to as a "global newspaper" that influences social and
political events and shapes public opinion. The rise of Twitter, however, was seen as an opportunity
by many users who tried to exploit its power for their own, often malicious, purposes. As a result, bots
emerged, which are users generated by automated software aiming to undermine Twitter's credibility
and independence.

Key characteristics that make bot detection challenging are their diversity and adaptability. Different
types of bots leverage different features and means within Twitter to promote their agendas. Some
types of attacks include distributing malicious links, impersonating social friends to extract dangerous
and harmful information, reposting biased news to influence public opinion, and more. Bots
constantly evolve to surpass existing detection measures and enhance their authenticity to increase
their influence. Over time, they become increasingly intelligent, simulating the behavior of real users.

The task of bot account detection is crucial and demanding. Existing methods can generally be
categorized into two groups: methods based on feature extraction and methods using deep learning
networks. The former extracts user features from tweets and account information and feeds them into
traditional machine learning classifiers, while the latter relies on deep neural network architectures.
Despite initial positive results, finding a model that efficiently addresses the challenges of the issue
and generalizes to the real Twitter sphere remains an open question. In the proposed model we utilize
multi-modal information for each user without relying solely on feature engineering.We combine
supervised and unsupervised machine learning techniques to categorize users into bots or genuine
users. Specifically, we apply Natural Language Processing (NLP) models to extract information from
unstructured data (tweets) and neural networks to find representations of user features, selecting those
that optimize our model. Subsequently, we construct a heterogeneous graph that covers the following
relationships that develop on Twitter: follower and following. We apply Graph Neural Networks
(GNN ) to include social activity in our predictions. Finally, based on the integrated Twibot-20 dataset
that serves as a reference point, we conduct experiments that highlight the efficiency of our model and
its competitive performance compared to existing implementations.

Keywords — Twitter , Bot , Social Media Platforms , Graph Neural Networks , Natural Language

Processing , tweets , Machine Learning






EuxapiaTieg

H dumhopotikn avty onpatodotel tn ANEN evog kepaiaiov ot (o Hov, avTod TOV QOTNTIKGV LoV ¥POVEOV
ot oxoA] HMMY tov EMIL. Méoa og didotnpa Tévie 10V, Ploca Tpatdyvopeg EUmEpies - dyyn, aywvieg,
aALG KOl OTIYUEG €VOOLOLOGHOD KOl YOPAg - YVOPLoO EKTANKTIKOVG avOp®OTOVG Kot PIAOVG, amoKOUIoo
YVOGELG KOl OVOLUVIGELG TTOV SOUOPPDGOV TO GTOLO OV Eifat GNUEPA, YPAPOVTASG OVTO TO KEIEVO.

Apywd, Bo Beka va gvyoploto® tov KOpLo Ackovvr Anuntpn , kabnynt g Lyoing HAiektpodoymv
Mnyavikedv kot Mnyoavikedv Ymoloyiotdv tov Efvikod Metoofiov [ToAvteyveiov, o onoiog vinpée emPrénmv
NG SIMAMUOTIKNG VTG EPYOCING KAl OV £0maE TNV gukatpia va aoyoAnBd pe Eva 1060 evolopépov BEpa.

"Enerta, opeil® éva gvyopiotd otov HAia Aovkd, epevvntig tov gpyactnpiov Zvotpudteov YmootipiEng
Amo@doemv Kot Atoiknong, o omoiog pov mopeixe dlapkn kabodnynon kot oNPiEn Katd v eKkmdvNon ™G
epyaciog péoa og va TveLLO EENPETIKNG CVVEPYOGING.

11 ouvExELd, VIOB® TNV OVAYKT VO, ELYAPIOTNCM TOVG PIAOVG TOV EKOVO, GTI GYOAT GAAG KoL TNV OIKOYEVELD
pov wov PBpickovray whvta dimha pov yia va pe otnpifovv.
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Ke@aAaio 1
Eicaywyn

1.1 Koivwvika Aiktua kal Méoa Koivwvikng AIKTuwong

Ta koivwvika diktua (online social networks) gival KOIVwWVIKEG BOPEG 01 OTToiEG aTrapTifovTal aTrd
droya Ta otroia cuvdéovTal | deoueUovTal UETAEU TOUG ME €vav I TTEPICCOTEPOUG TUTTOUG
AAANAECAPTNONG OTTWG N QIAIA, N CUYYEVEIQ, TA KOIVA evBIAQEPOVTA 1 TIG OIKOVOUIKEG CUVAANQYEG.
O 6pog akouoTnke yia TTpwTn @opd atod Toug Durkheim kai Tonnies [1] o1 omroiol TTpowBoUGav
TNV 1I0£Q TWV KOIVWVIKWYV SIKTUWYV OTIG Bewpieg TOUG Kal TNV £€PEUVA TWV KOIVWVIKWY OPEdwyv. ZTa
Xpovia 1Tou akoAouBnoav o Touéag €AaBe pEYAAn avayvwpion epooov ouvdEBnke Aueca PE TNV
SlauopewWaon TNG avBpwITIivinG TTPAKTIKNAG KAl TNG KOIVWVIKAG TaUuTOTNTAG , QTAVOVTAG £TAI OTOUG
Walker et al. [2], o1 omToiol 6pIoav WG KOIVWVIKG IKTUO TO ABPOICHA TWV TTPOCWTTIKWY ETTAPWV
MéOW Twv OTToiwv TO GTOMO dlaTnEEi TNV KOIVWVIKA TOU TAUuToTNTa, AaUBAvel ouvaiGONUATIKN
UTTOOTAPIEN, UAIKA £vioxXuon KAl CUPHETOXN OTIGC UTTNPETIEG, €XEl TTPOCRACH OTIG TTANPOPOPIES KAl
ONUIOUPYEI VEEG KOIVWVIKEG ETTAPEG.

H koivwviky dIkTUwon Bprke Tpdoeopo £0a@og Kal €dpaiwbnke oTnv  TTPAyUaTIKOTATA
EKATOMMUPIWY XpnoTwv oTav ouvdédnke pe To OIadiKTUO. ZT0 OIAdIKTUO XPENOIYOTToIoUVTal
I0TOOENIDEG YVWOTEG WG I0TATOTTON 1] TTAATQOPHES KOIVWVIKAG OIKTUWONG Ol OTTOIEG AEITOUPYOUV WG
EIKOVIKEG KOIVOTNTEG XPNOTWYV TTOU ETTITPETTOUV OTA ATOUA VA TTAPOUCIACOUV TOUG £aUTOUG TOUG, va
avaTTuéouv TNV KOIVWVIKI Toug OIKTUWON, KabBwg Kair va dnuioupyhoouv A va diatnprjoouv
OUVOEDEIG UE GAAAOUG XPNOTEG PE TOUG OTTOIOUG HoIpdlovTal KoV evOla@EPOVTA, XOUTTI ,TTONITIKEG
memoIOnoeig KTA. ‘Ekavav Tnv gu@dvior) Toug 10 2002 pe 10 Friendster evy ota eréueva xpovia
yvwpioav TEPAOTIA avATITUEN PBEATILOVOVTOG CUVEXEID TNV EUTTEIpIO Kal TIG dUVATOTNTEG TWV
xpnotwv. OI Mo yVWoTEG atrd auTég TIG 1I0TooeAideG eival To Facebook, To Twitter, To Instagram,
10 LinkedIn kai 10 Pinterest. Md&AioTa, n kaBiépwar) Toug otnv OIATTAACn dIATTPOCWITIKWYV
OX£0ewWV OAAA Kal TO YeYovOg OTI aTTOTEAOUV avaTTOOTIAOTO KOUUATI TNG avBpwTTivng £KQPaong
KaBioToUv Ta PEoa KOIVWVIKAG SIKTUWONG TTNYEG TTANPOQYOpPIag yia avaAucon Tng Yuxoouveeong
TWV atopwy [3],[4].



1.2 Twitter

To Twitter , To otroio amroTeAei Kal TO HECO KOIVWVIKAG BIKTUWONG TTOU Ba Pe aTTaoX0ACEl OTNV
Tapouca OITTAWMATIKA epyaacia, eivalr €éva PECO KOIVWVIKAG OIKTUWONG TTOU ETTITPETTEI OTOUG
XPNOTEG TOu va OTéAvouv Kal va dlaBdlouv oUvTopa unvUPOTa Ta OTToid OVORAZovTal TOUITG
(tweets). Anuioupyndbnke Tnv 21 MapTtiou Tou 2006 amd Tov Tlak NTOpOoEi kal onuepa apiOuei
mavw amd 200 SioekaToPpUpIO XPHOTEG TTAYKOOMIWG  Kal Trepitou 140 exatopuupla tweets
nuepnoiwg. H Baciki 16éa yUpw ATTO TOV CUYKEKPIYEVO IOTOTOTTO Eival AUTH TWV AKOAOUBWV
(followers). Otav emAéyel 0 xprRoTnNg va cuvdebei pe évav GAAov , TOTE Ta tweets Tou deUTEPOU
eM@avidovTal Ye avTioTpoPn XPOVOAOYIKN OEIpd OTNV KEVTPIKA 0eAida Tou TTpwTou. To TTEPIEXOUEVO
Twv tweets ptmopei va ek@pAadel TNV TTPOCWTTIKI ATTOWn TOU XPNOTN VYIa KATIOIO ETTIKAIPO
WUXAYWYIKO, KOIVWVIKO I TTOMITIKO YEYOVOGS, TNV avattapaywyn KATTolag TTpdo@aTng €idnong n tnv
evnuépwon yla Katolo ¢rTnua.

Zuyxvd ol xprioteg Tou Twitter xpnoipotroloUv hashtags ota tweets Toug dnAadn Aégeig | ppdoelg
TToU EekivoUv pe To GUMPBOAO #, Kal XpnoldoTroloUvTal yia TV opadoTroinon Twy tweets pe Bdon 1o
Béua Toug Kal mentions dnAadr A£Ceig TTou TTEPIEXOUV TO CUHPBOAO @ akoAouBoUpevo atrd éva
ovopa xpAoTn o katolo tweet woTe va OTEAVETAI TO OUYKEKPIPEVO tweet kaTeuBeiav oe autov To
xpnotn. Emiong utdpxel n duvardotnra éva tweet va tepidapfavel pwroypagieg, Bivieo kai
ouvdéopoug. O kaBe xpAoTng akoAouBei (Following) Ta dtopa yia Ta otroia BEAEI va evnuEPWVETAI
otav Onuooielouv éva tweet kal avTioTOiXwG akoAouBeital kal autdg atrd AGAANOUG XPROTEG
(Followers). O1 xpoTeg £xouv Tn duvaTtdTNTA Va aTTavTrioouv ota tweets GAAwv xpnoTwy (reply) A
va Ta avadnuoaoieloouv (retweet) evw uttapyel N duvaTdTNTa yia avTaAAayr atmreubeiag IDIWTIKWY
MNVUMATWY PETaCU Twv xpnoTwy (direct messages).

H diagopotroinon tou Twitter atro Ta UTTGAOITTA PECO KOIVWVIKAG SIKTUWONG KAl N TIPWTOTUTTIO
TTOU TTAPOUCIALEl OTOV TPOTTO avAdPACNG KAl EVAUEPWONG TWV XPNOTWV £XEl €dpaIwaEel TNV BEon
TOU OTNV Kolvwvia w¢ Hia ‘Traykéopia epnuepida’ n otroia eTNPeAlel TO KOIVWVIKOTTONITIKO
yiyveaBal. NMAnBwpa avadnuocietoewyv €1I0A0EwV aAAG Kal TTOAUTTOIKIAEG avaAUCEIS GUPBAAAOUV
OTnNV TTOAUTTAEUPN EVNUEPWON TWV XPNOTWV KAl TNV SIANOPPWON TNG KOIVAG YVWUNG.

1.3 Bots(software robots) o Koivwvikd AikTua

Me Tov Opo Bot trepiypd@oupe pia TTOIKIAIG QUTOUATOTTOINUEVWY AOYIOUIKWY YEVIKOU 1 €181KOU
oKoTToU OTTWG TA QUTOMATOTIOINMEVA CUCTAMATA OXEDIAOUEVA va OUVOMIAOUV HE avBpuwIToug
(ChatBots) [5]. MapdAha autd oTa TTAQICIO TNG CUYKEKPIMEVNG SITTAWMATIKAG PaAG evOla@EéPOUV Ta
Bot 1Tou Aeitoupyolv oTta koivwvikd Oiktua (Social Bots). MNa autd tov Adyo atraitodvrtal TTio



OUYKEKPIYEVOL Opol yia va Trpoadiopicoune TOCO TNV 1I81IAITEPOTNTA TOUG QAAG Kal Tnv
Toikilopopgia  Toug. O1 Morstatter et al. [6] Tepiéypayav  Ta  KOIVWVIKG Bot oav
AUTOPATOTTOINKEVOUG AOYOPIGOPOUG Ol OTToiol dpouv O KATTOIO OIAdIKTUAKO HMECO KOIVWVIKNAG
OIKTUWwaoNG. Me TTapduolo TpoTTo TTepiEypayayv ol Forelle et al. [7] Ta koivwvikd Bot oto Twitter cav
UTTOAOYIOTIKA TTPOYPAPUATA TA OTT0I0 GUVOMIAOUYV, TTOOTAPOUV Kal aveRalouv tweets katd Tnv BIKr)
Toug BouAnon. Merémreita, ol Grimme et al. [8] TTpoTeivav évav kaivoupio opioud yia Ta Social
Bots. Ta Trapopoiacav pe aveédptnta TTPOYPAUPOTa OXeSIOOUEVA VA EKTTANPWOOUV €vav
OUYKEKPIUEVO OTOXO MEOW TNG BIAdPACAG TOUG PE TOUG XPHOTEG OTA KOIVWVIKA dikTud. TEAOG, OI
Ferrara et al. [9] katd@epav va Ta TTEPIYPAWOUV OAOKANPWHEVA KAl  CUUTTEPIANTITIKA
UTTOYPAUidovTag OTI €ival Aoyapiaopoi TToU TTPOKUTITOUV ATTO UTTOAOYIOTIKOUG OAYOPIOUOUG Kal
TTaPAyouv TTEPIEXOMEVO Kal OAANAETIOPOUV HE TOUG UTTOAOITIOUG XPHOTEG TTPOCTIABWVTAG VO
MINNBOUV TNV avBpwITTIV CUPTTEPIPOPA.

Kabwg Aoirdv 1o péoa KOIVWVIKAG SIKTUWONG OTTOKTOUV OAO PEYOAUTEPN dUVOUN Kal KOIVWVIKA
ETMPPON, MEPOVWUEVA ATOPA 1 OAOKANPOI Opyaviopoi TTPOOTTAB0oUV va  EKPETOAAEUTOUV TIG
OuvaTéTNTEG AUTEG YIA va UAOTTOINCOUV BIKOUG TOUG, OUXVA KAKOTTPOQIPETOUG, OKOTTOUG. Na autd
onuioupyouvTal Ta Social Bot. I1d1aiTepa k&TToIa ATTO TA €idN TWV KAKOBOUAWY KOIVWVIKWY bot TTou
éxouv aviyxveubei eival Ta akdhouBa. O1 Wang et al. [10] avagépBnke ota bot Tmou diavéuouv
KakoBouloug ouvdéopoug (links) kai avemBuunta unvopata. Or Elyasar et al. [11] epiéypayav
Mia katnyopia bot TTOU TTPOCTTOIOUVTAI TOUG KOIVWVIKOUG @IAOUG O€ XPROTEG OUTWG WOTE Va
armmooTrdoouv eTmiKivOuveg Kal {nuioyoveg TAnpogopieg. O1 Abokhodair et al. [12] avagépBbnke oTa
bot TTou TTpooTTaBoUV va €TNPEGCOUV TNV KOIVI) YVWUN TTAVW o€ TTONITIKG ¢nTAMaTA Kal SIaudxeg
avadnuooIelovTaG €IOACEIG YE MEPOANTITIKO TTEPIEXOUEVO | JE AAAOIWPEVES TTANPOPOPIES YIa va
amrotrpooavartoAioouv Toug xproTes. O1 Ratkiewicz et al. [13] mepiéypawav 1a Social Bots 1mou
TPOCTIOB0UV va £TTNPEAOOUV TA EKAOYIKGA OTTOTEAEOUATA avadnuooislovTag Weudeig eIOROEIS 1
KAvovTag ouvexoueva tweet deixvovrag Tnv oTAPIEN Toug TTPog K&TTolo uttownR@lo. TéAog, o Cresci
[14] avixveuoe ouvToviouéveg ouddeg ammd Bot 1a omoia TTpowBoUlv PETOXEG MIKPAG agiag oUuTwg
WOTE Va ETTNPEACOUV TNV XPNHOTIOTNPIAKI ayopd.

MdAioTa pe Tov kaipd Ta Social Bot e€eAicoovtal ouvexdueva Kal TTapdAAnAa yivovTtal 1o ugun
TTPOCONOIWVOVTAG TNV CUMPTTEPIPOPA YVNOIWV XPNOTWY C€ ETTITTESO TTOU N dIAKPIOT] TOUG TOCO ATTO
TOoug aTrAoUG XPrRoTeG 600 Kal atrd Toug aAyopiBuoug avixveuong cival aduvarn. E@décov Aoirov
€UBOKIJOUV 0TO TTEPIBAANOV TWV OIOBIKTUOKWY KOIVWVIKWY BIKTUWV CUXVA Ol ETTITITWOEIG TTOU
TIPOKUTITOUV atmd Tnv pdaan Toug eTTNPEeAlouv TNV KOIVA YVWHUN Kal wg eTakOAouBo Tnv TTopeia
NG Kolvwviag. 1diaitepa cUppwva pe Toug Cresci et al. [15] katd Tnv SIGPKEIQ TwV BNUOTIKWV
ekhoywv otnv Pwun 10 2014 avixveubnkav Tavw ammd 1000 Bot Tou xpnaoigotroinkay atré Evav
UTTOWNQIO yIa va dnUOCIOTTOINCEl TRV TTOAITIKA Tou péow Tou Twitter. 210 didoTnua petagu 2014
ka1 2017 oupewva pe Toug Broniatowski et al. [16] koivwvikd Bot cuppeTteixav oe dlaAdyoug TTou
agopoucav 1o eUfoAio kata Tou 100 Covid-19 TpowBwvTag avTieuBoAIacTIKEG TTETTOIBNCEIG. To
2019 mravw atro 5000 Bot avixveubnkav oto Twitter ta otroia ATav utrép Tou Trump Kai
TTapdTPEIVAV TOV KOOUO va diapaptupnBei atrévavTi atnv amarn NG “Russiagate”. EmimAéov, oTig
TTpoedpIkéS ekAoyEg Twv HIMA 10 2016 ,0Up@wva e Toug Bessi kai Ferrara [15], xIAiddeg Bot oTo
Twitter cuvéBalav otnv ekAoyr Tou Trump eite eTe1dn £deIxvav TNV OTAPIEH Toug oToV Trump €iTe
ME TO va €mMITIBEVTAI OTOUG TTOAITIKOUG TOU QVTITIAGAOUG.



1.4 Avrikeipevo TNG AITTAWMATIKAG

H tmapolca SITTAWUATIK €pyaoia ETTIKEVTPWVETAI OTNV avixveuon Twv Bot Aoyaplaocuwv 110U
Oopouv oTto Twitter pe xpron ypdoewv. MNpooeyyioTikd, Ta Bot avrimmpoowtrevouv 10 8.5% Twv
OUVOAIKWY xpnoTtwv Tou Twitter éTmwg atrokdAuwe o idlog o 10TéToTTOq [18] evn pia épeuva oTa
Social bots avédeife o1 amd OAoug Toug AyyAdpwvoug xprioteg Tou Twitter , 10 9% pe 15%
TTapoUsIAdel CUPTTEPIPOPA TTapouola pe auTh Twyv Bot [19]. Baciopévol o€ éva ekTeEVEG OUVOAO
Oedopévwyv TToU TrEpIAaUBAvel TIG TTANpogopieg XINAOdWY XPNOTWV OTTWG AUTEG TTPOKUTITOUV
ameuBeiag amo Tnv TAaT@Opua  Tou Twitter(Twitter Application Programming Interface)
eQapuOloupe TEXVIKEG ETTIBAETTOMEVNG KAl PN ETTIBAETTOUEVNG UNXAVIKAG PABNONG oUTWG WOTE va
KATNYOPIOTTOIOOUNE TOUG XProTeg o€ Bot 1] yvoloug xproTeg. 1diaiTepa, yia Tov OKOTTO auTo,
xpnoigotrolouvtal povtéda Emegepyaciag Puoikig MNwooag oe ouvduaoud pe aAlyopiBuoug
ouoTadotroinong (clustering algorithms), woTte va emrteuxBei n eEaywyn TTAnpogopiag artod
adounTeg TMyéEg dedouévwy (tweets) kal veupwvikd dikTua yia va Bpouue TV avatrapdoTtacn Twv
XOPOKTNPIOTIKWY KABe XpAoTn , €mMAEYOVTAG AQUTA TTOU BEATIOTOTTOIOUV TO HOVTEAO POG. TEAOG
EQAPUOlOUPE DOUEG VEUPWVIKWY OIKTUWV O ypA®oug oUTwWG WOTE va ouptrepIAGBoupe oTnv
TTPORAEWN PaG Kal TNV KOIVWVIKE 0pacTnpIdTnTa TWV XPNOTWVY KAl OUYKPIVOUKE Ta aTTOTEAEOHATA
HOG PE OUYXPOVEG Kal avTaywVIOTIKEG UAOTTOIACEIG. O1 KUPIEG CUVEICPOPEG OGS CUVOWICOVTal WG
€gng:

e [lpoTteivoupe €va TTPWTOTTOPO POVTEAO YIO TNV TTPAYUATOTIOINGT YEVIKEUUEVNG AVIXVEUONG
bot oto Twitter. H apxitektovik) pag cival €éva Aaiolo end-to-end 1Tou XpnoidoTToIEl ATTO
KOIVOU ONHOCIOAOYIKES , IDIWUATIKEG Kal TTANPOYOPIES YEITOVIAG TWV XPNOTWV XWwpIig TNV
avaykn yia Jnxavikr XapoKTnPIoTIKWY.

e Baoifdpevol otnv apxitekTovik Tou povréAdou BotRGCN [20] egeAicooupe Tnv €1Tido0T| Tou
Kal Tnv dpaon Tou epapuolovTag aAyopiBuoug clustering yia Tnv opadoTtroinon Twy tweets
o¢ BepaTikéG ouddeg. IdIaiTepA, N €peuva auth €I0AyeEl TO TTPWTO HOVTEAO TO OTT0IO
ouvduddel alyopiBuoug cuotadotroinong (KMeans clustering) pe veupwvikd diktua o€
ypag@oug (GNN) TrpokeIuévou va EVOWMPOTWOEl PE PEYAAUTEPN EKPPAOCTIKOTNTO TNV
KOIVWVIKA &paaTneIidtnTa TWV XPNOTWV Kal va avapaduicel Tnv £1mmidoon TG avixveuong
bot.

o AIEVEPYOUUE EKTEVEIGC TIEIPAMOTIKEG MENETEG O€ €va TTEPIEKTIKO OUVONO BedOoPEvwV
Twibot-20. Ta amoteAéopaTta Ocixvouv OTI TO HPOVTEAO MOG €U@AVICEl AVTAYWVIOTIKEG
emMOOOEIG UTTEPTEPWIVTOG TWV TIEPICOOTEPWY TTPOTEIVOUEVWY  HEBOdWY. EmimTAéoy,
TEPAITEPW  av@Auon  emBeBaiwovel TNV ATTOTEAECHOATIKOTNTA  TNG  OUVOUOOTIKNG
OPXITEKTOVIKNG.



1.5 Opydvwon Keipévou

H epyacia diapBpwvetal ae €€ diakpitd ke@dAaia. To KepdAaio 2 TTapéxel oTOV avayvwoTn 10
ATTaPAITNTO BEWPNTIKO UTTORABPO avapopIKA PE TIG BACIKEG APXEG TNG MNXAVIKAG NABNoNG Kal Ta
OOMIKA OUCTATIKA TWV VEUPWVIKWVY OIKTUWV , TrEpIypagel poviéda Etregepyaociag Duoikng
Mwooag atrd Tnv TepIoX TG BaBidg MaBnong kai avaAdel Tnv AEIToupyia TEXVNTWVY VEUPWVIKWV
OIKTUWV O¢ ypdgoug . 210 KepdAaio 3 TrapouaidlovTal kai avaAuovTal Adn utrdpxouoes péBodoI
Kal HovTéAa TTou atrookotroUv oTnv avixveuon bot oto Twitter . Z10 Ke@dAaio 4 trepiypd@eTal n
peBodoAoyia TTou aKoAOUBAOAUE YIa TNV AVATITUEN TG APXITEKTOVIKAG SIKTUOU TOU HOVTEAOU HOG.
210 KepdAaio 5 TapoucidalovTal Ta TTEIPAUATA KAl TO ATTOTEAECHATA POG , CUVOOEUSEVA ATTO TOV
KATdAANAO oxoAiaouo . TéAog, To KepdAaio 6 TTapéxel pia TEAIKA olvown TnNG £pyaciag, KaBuwg Kai
MEANOVTIKEG ETTEKTACEIG TNG ATTO TNV ETTICTNHOVIKI KOIVOTNTA.



KepaAaio 2

OewpnTIKO YTTORO6PO

2.1 Mnxavikq Maénon

H Mnxavikry Maénon civai évag kA&dog tng Texvntrig Nonuoouvng (Al: Artificial Intelligence) kai
™G Emotiung Twv YTTOAOYIOTWY TTou €0TIAZEl oTn Xprion O€douéVwY Kal aAyopiOuwy yia Tn
Miunon Tou TPOTTIOU HWE TOV OTToio paBaivouv ol avBpwTtrol Ye oTadlakd BeATiwvouevn akpifela,
Oixwg pntd Tpoypauuationd [21]. Z16xo¢ TG Mnxavikig Mdbnong ceival n ekmaideuon
CUOTAPATWY TA OTTOI0 UTTOPOUV VA KATAVOROOUV Kl VO XEIPIOTOUV atTodOTIKA TEPACTIOUG OYKOUG
adouNTWyv OedOUEVWV HE ATTWTEPO OKOTTO TNV eKTEAEan KATTolAG TTPORAEWNS €ite TNV ARwn
ammopdoewv. Meviki apx TAvw oTNV OTToi0 BEPEAIWVOVTAI TO GUCTHUATA QUTA €ival n eKNABnon
Méow TnG “eutteipiag”’. Me GAAa AOyia, n €mmidoon Toug BeATiwveTal 600 OTTOKTOUV PEYAAUTEPN
euTTEIpia oTnVv ekTéAeon piag diepyaciag, xwpig va atmaiteital avBpwtrivn utroforiénon f kamola
TTpoypapuaTioTiky] avddpaon. Méow Tng "ema@ng" Toug pe éva TTARBOG SIAPOPETIKWY €1I00dWV
TTaPAyouV aTTOTEAECUATA Kal JE BAaN auTd, aveCapTATWS TG 0pBATNTAG A KN TWV ATTOTEAECUATWV
TOUG, QUTOREATILOVOVTAI, £WG OTOU VA TTAPAYOUV OG0 TO SUVATOV KOAUTEPO ATTOTEAECHA TTAVW OTNV
epyaaia yia Tnv otroia dSOUAEUOUV.

H Mnxaviky M&0non kai ol €mMOTNUOVIKEG KAIVOTOUIEG TTOU €I0AYEI ATTOTEAOUV KUPIAPXO KOUUATI
TTOU OTTaOXOAEi TNV oUyxpovn €MOTNPOVIKN KovoTnTa. H TepdaoTia avayvwplion kal eEEAIEN TTou
éxel AaBel opeileTal TOOO OTIG TTPOOTITIKEG TNG OCO Kal OTIG TePAoTiEG Bdoelg dedopévwy TTOU
éxoupe ofuepa otnv 61a8eoh pag. MNMANBwpa cuvolwv dedopévwy Ta OTTOI GXETICOVTAI E EIKOVA,
Keigevo | fxo Tpo@odoTtouvtal ot aAyopiBuoug Mnxavikic MdAbnong upe okommd Tnv elpeon
HoTiBwv Ta otroia Ba odnyrRoouv 1o cUoTnUa oTnV AYn BEATIOTWY amo@daoewyv. MaAioTa, OTTwg
Toviouv ol €18IKoi oTnv €moTAUN dedopévwy (data scientists), n 1IBlIopopPia TTou cuvodeuel TV
Mnxaviky Mdbnon civar 611 dev uttdpyel KATToIog aAyoépiBuog TTou va Alvel BEATIoTa OAa Ta
mpoBAAuaTa. To €idog Tou aAyopiBuou TTOU XpnoldoTrolsiTal €EapTdTal atmd TO €id0OG TOU
TPoBAANATOG, ToV apIBud Twv YeTaBANTWY, To €ido¢ Tou PovTéAou TTou Ba Tou Taipiale KaAUTEPQ



Kal oUTw KaBefng. H toikihopopeia Aoimmdv TTou cuvodelel Tnv Mnxavikry Madenon éxel odnynocel
oTnv dnuioupyia TTOAAATTAWY HOVTEAWV KAl APXITEKTOVIKWY WABNONG, Twv OTToiwV Ol apXEg
AgIroupyiag Ba avaAuBouv akoAoUubwg.

21ov Topéa NG Mnxavikic Mdaénong, Ta TTpoBARuaTa TagIVoPoUvVTal O EUPEIEG KATNYOPIEG UE
Baon 10 WG paBaivel €va uTToAOYIOTIKO oUCTNUA Kal TO €i00¢ TNG avadpaong Tmou AAuPBAvel.
Mapakdtw avaAvovTtal ol o dladedopeves KATnyopieg HABnong Tou KAGdou.

(1) EmiBAeTépevn Maénon (Supervised Learning)

v emPBAeTTopevn HABNon, éva oucTnua Tpo@odoTeital Pe €va oUvoAo Ocdopévwy Ta
Tapadeiypata Tou otroiou €xouv eTIKETEG (labels). KaBe deiyua Aoimmdév avmioTolxiletal o€ pia
ETIKETA n oTroia avdloya ue Tnv dlepyacia PTTopEl va atroTteAei TNV Katnyopia, Tnv KAACN R
otroladnTToTE AAAN 1816TNTA TOU OEiyMaTOG. ZKOTTOG AoImTOv oTnv €mMBAETOMEVN MABNON €ival n
onuioupyia evog aAyopiBuou o oTroiog pabaivel hia ouvapTnon aTTEIKOVIONG ATTo TNV €i00d0 oTNV
£€odo.

Y = F(X) (2.1.1)

X :ueraBAntég ei06dou, Y:uetaBAntés eéodou, f:ouvdprnon ameikévions

Emopévwg, n emidoon Tou aAyopiBuou e€aptaTal Aueaa atrd To TTOCO KAAG Ba TTPOCEYYIOOUME TNV
ouvapTtnon atreikoviong f woTe yia kaBe deiyua €106d0ou va utropoUpe va TTpoBAEWouuE TNV opon
METABANT €¢6dou. H diadikacia Tng pdabnong akoAouBei Tnv €EAG pon: Apxikd Xwpilouue TO
oUvoAo dedopévwyv o€ éva alvolo ekTTaideuong (training set) kai o€ éva oUvoAo afloAdynong (test
set). Kard tnv ekmmaideuon tpo@odotolpe TO training set otov aAyopIOUo Pnxavikng padnong o
otroiog AauBdvel eravaAnTmika TTpoRAEWeIC TNG €€6d0U Kal TTpofaivel e BIOPOWTIKES KIVIOEIG HE
OTOXO Tn Meiwon Tou o@AApaTtog. H pabnon teppaTiCel HOAIC 0 aAyopiBuog @Tdcel oe €va
IKAVOTTOINTIKG  €TTITTEDO  ATTOdO0NG KOl OTNV CUVEXEID EAEYXETAI N €TTIOOCI TOU KAVOVTAG
TTpoBAEweIg TTAvw oTo test set.
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2xnua 2.1.1: Pon epyaciwy otnv emiBAsmouevn uaénon [22].

Ta TrpopAAuata  emBAeTTOPEVNG PABNONG Olakpivovtal o€ dU0 KATNyopieg: Ta TTPORARUATA
Tagivopnong (classification problems) kai Ta mpoBAfpaTa TaAivdopdunong(regression problems).
Ta mpwTta agopolv oTnv TPORAEWN Twv KATNyopIwV 1 KAACEWV TToU avAKEl dia AyvwoTn
TTapaTApNon evw Ta SEUTEPA APOPOUV OTNV ATTEIKOVION £vOG DEiYUATOG £I0000U O€ Wia ouveXNS
TIUA €€600u, OTTWG £vav AKEPAIO 1 MIG TIMN KIVITAS UTTOOIOOTOANG.

(a) Taéivéunon (B) NMaAivépdunon

2xnua 2.1.2: MNpoPBAfuara emBAemouevns Mnxavikic Maénong.



() Mn EmiBAerépevn Mdadnon (Unsupervised Learning)

2NV un €mMBAETTOPEVN PABNON TO OUVOAO BedOPEVWIV BEV TTEPIEXEI TIG ETIKETEG TWV OEIYUATWY. Mg
GANa AOyia, o XpAoTng £xel oTnv d1dBeor Tou POVO TO OUVOAO Twv OIOVUOUATWY EKTTAIdEUONG X
XWPIC TNV avTigToiXiIon g€ KATToIa TIPA oTOX0. H un €mPBAETTOPEVN HABNGN PEAETA TOV TPOTIO HE
TOV OTT0I0 TA GUCOTAMATA TEXVNTAS vonuooUuvng UTTopouv va pabouv va avatrapioTouv poTifa T1a
oTToia avtavakAoUVv TNV OTATIOTIKA douR Twv dedoPévwY €10000U XWPIG TNV UTTAPEN KATTOIOG
avadpaong agloAdynong [23].

KaBuwg 1a un emonuacuéva dedopéva eival e peyaAlTepn agBovia ammd T1a €mMonUacuéva, n
MEBOSOI PNXavIKAG MABNONG TToU ETTICTPOTEUOUV TEXVIKEG MN ETTIBAETTOMEVNG PABNONG eival
1ID10iTepa WEEAIPES. Kupiapxn epapuoyr] Bpiokouv OoTnv eKNABnon Kal TTapaywyr) TTPOTUTTWV Kal
xapaktnpioTikwy (feature learning and engineering) ammé 10 oUvoAo dedouévwy, Ta oTroia oTnNV
OUVEXEIQ ETTITPETTOUV GTNV UTTOAOYICTIKA UNXOVA va BPEl TIG avaTTapaoTACEIS TTOU aTTaITouvTal yid
TNV Tagivopnon toug. H peyaAdTtepn utrokatnyopia TPoRANUATWY TNG KN €MBAETTOMEVNG HABNONGg
givar n ouctadotmoinon (Clustering). 2tnv oucTtadotoinon diaipoUue TO OUVOAO TwV [N
EMONUACUEVWY OeBONEVWY € oUOTAdEG (clusters) €101 WOTe TTApOPoIa onueia dedopévwy va
avikouv oTnv idla ocuoTtdda. Me atrAd Adyia, o oTdxog TnNG dladIKagiag auTrg gival va dlaxwpioel
OMGdEG pE TTAPOUOIa XAPAKTNPIOTIKA KAl VA TIG AVTIOTOIXIoEl 0€ OUOTASEG.

O mmo didonuog aAyopiBuog cuaTtadotroinong eival o K-Means. H diadikacia akohouBei évav
€UKOAO Kal atTAd TPATTO yIa va TAEIVOUNOElI TO OUVOAO BeBOPEVWIV OE €VaV CUYKEKPIUEVO apIBud
ouoTddwv. A@ou Aoitov kabopicoupe Tov apiBud cuoTddwv OTn ouvéxela KaBe deiyua Tou
ouvohou dedopévwy avTioTolxideTal Tuxaia o€ kamola cuoTada. H kupia 1déa Tou aAyopiBuou eival
va BpoUpe Ta KEVTPA TWV CUCTAdWYV TTou opadoTtrolouv BEATIOTA Ta dedopéva pag. Q¢ KEVTPO
opifoupe TNV péon TiUA Twv delyudtwy TToU €Xoupe avaBéoel oe katrolo cluster. Na Tov koo
auTd, o aAyoépIBuog eTavaAnTiTiké avaBétel kaBe deiyua Tou ocuvoAou dedouévwy oTnV cuoTada
ME TO TIANCIECTEPO KEVTPO KAl ETTAVAUTTOAOYICEl TNV TIMA Twv KEVIPWVY MEXPI auTtd va
oTaBepotroinBouv 1 To UYWog TNG METAPBOANG TOUG va gival PIKPOTEPO ATTO Hia TIMA KATw@Aiou
(threshold).



Algorithm 1 K-means Algorithm

Input: Data Matrix 4 € RM*Y number of clusters (K) and number of iterations (I).
Output: K clusters with its centroids (cntd).
1: Initialization Randomly selects K number of elements from the matrix A, Imitially set
them as entd® = Ay, for k = 1 to K. Initially ¢ltr* is a null vector for k =1 to K.
2: fori + 1to [ do
3 for j+ 1to N do

4 for £+ 1 to K do
5: A = argmin |[4; — r_‘.m‘.cf;"|3
it end for
cltrt = [r:ffr*_fll,-]
end for

9. deRM* =0
100: for k+ 1to K do

11: for j « 1 to size(cltr®) do
12: d=d-+ (:Etrj."

13: end for

14: entd® = dfsize(cltr®)

15:  end for
16: end for

2xnua 2.1.3: YAorroinan rou aAyopiBuou K-means [24].
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2xhua 2.1.4: Omrrnikorroinan tng ouoradorroinons péow K-Means [24].

() Hui-emiBAerépevn Mdadnon (Semi-supervised Learning)

H Hui-empBAemopevn unxavikn padnon ouvouddel TIG TEXVIKEG TNG EMIPAETTOMEVNG KAl TNG MN-
eMPRAETTOPEVNG HABNONG TTPOKEINEVOU VA ETTIAUCEI TIG BepEMIWDEIG TTPOKAACEIG Toug. H Bacikh 16éa
gival OTI ekKTTAIOEUOUUE €Va APXIKO MOVTEAO O€ UEPIKA OeiyuaTa PE ETIKETA KAl, OTN OUVEXEIQ, TO
£QaPUOLOUE ETTAVAANTITIKA OTOV HEYOAUTEPO apPIBUS OEDOUEVWV XWPIG ETIKETA.



MdaAioTa oTnv  TEPITITWON TOU €XOoUuue €va OUVOAO Oedouévwy TO OTIOIO €ival €V PéPN
ETMONUACHEVO TA TTAEOVEKTAMUATA TTOU ATTOKTOUUE ATTO TNV EQAPHOYA TEXVIKWYV NUI ETTIBAETTOMEVNG
pMaBnong cival ouxvad TIOAU KapTro@opa. Ze avTiBeon He TNV PABNON xwpic emipAewn, n
NUI-ETTIBAETTOMEVN PHABNON AciToupyei yia pia TToikIAia TTPORANUATWY aTTd TNV TAgIVOUNOoN Kal TNV
TTaAIVOPOUNoN €wg TNV opadoTroinon Kal Tn CUCXETION evw TauTdxpova TTapouciddel uywnAd
etmimeda yevikeuong (generalization) kai Tpocapuoyng (adaptation). ETriong, o€ avtiBeon e v
ETTOTITEUOMEVN PABNON, N PEBOSOG XpNOIPOTIoIE MIKPEG TTOCOTNTEG OEOOUEVWV HE ETIKETA KOl
ETTIONG MEYAAEG TTOOOTNTEC DEDOUEVWV XWPIG ETIKETA, YEYOVOC TTOU Pag atmmaAAdooel  atmd Thv
etTitrovn O1081Kacia TNG avABeONG ETIKETWY KAl HEIDVEI TOV XPOVO TTPOETOINACIOG DEDOUEVWV.

Labelled
Data

Feature Extraction

}

Selection of Multiple Sizes
of Features l

l >

Unlabelled BNy Feature M KoMaona - -
Classification
Data Extraction Clustering Prediction

Zxnua 2.1.5: Pon epyaaoiwv atnv nui-emBAeTéuevn uabnon [25].

(IV) Evioxutiki Md0non (Reinforcement Learning)

H EvioxuTiki Mdénon eival évag Topéag t1ng Mnxavikig Maenong o o1roiog aoXOAEiTal PE TO TTWG
ol TTPAKTOPEG AoyIoMIKOU (software agents) Trpémel va avaAaufdvouv evépyeleg péoa oe €va
TTEPIBAANOV WOTE va PEYIOTOTTOINOEI KATTOIO £VVOIO QVTAUOIBAG. ZTNV ETTIOTAMN TWV UTTOAOYIOTWY,
£vag TTPAKTOPAG AOYIOMIKOU gival éva TTPOYPAUPA UTTOAOYIOTH TTOU eVePYED yia évav XprAoTn fj dAAo
TPOYPAPUA HE pIa oxéon avTiTpoowTreiag. H Baoik doun Twv POVTEAWY auTwv TTEPIAaPBAVEI
évav TETOI0 TTPAKTOPA AOYIOUIKOU O OTT0iog CUVOEETAI UE TO TTEPIBAAAOV Tou Péow dpdong N
avTiAnwng. Ze kaBe Bripa aAAnAeTTidpaong o TTpdkTopag Aappavel ocav €icodo Katrola EvOEIEn TNG
TpEXOUOAG KatdoTaong Tou TTePIBAANOVTOG Kal OTn CUVEXEIa €TTIAEyel pia evépyela. H evépyeia
auTh aAAdCel Tnv katdotaon Tou TTEPIBAAAOVTAG KAl N PETOBOAA auTr) avaTpo@odOoTEITal OTOV
TPAKTOPa HECOW €vOG onuatog evioxuong (reinforcement signal). Z16x0o¢ Aoimmév eival va
ETMAEYOVTOI EVEPYEIEG Ol OTTOIEG TEIVOUV VA LEYIOTOTTOIRCOUV TO HAKPOXPOVIO ABPOIoHA QUTWY TWV
ONPATWV gvioxuong. To JOVTEAO EKTTAIOEUETAI TNV OAOKANPWOT TOU TTAPATTIAVW OTOXOU PEOW TNG



OUOTNMATIKAG OOKIUAG Kal Tou o@AaAuatog. O oxediaoTAg Tou TTPORAANOTOS opilel TNV TTOAITIKN
AVTOUOIBNAG eV dev divel OTO PHOVTEAO UTTODEIEEIG ) TTPOTACEIG VI TO TTWG va AUCEl TO TTPOBANUA.
Me 10 TENOG TNG O1AdIKAGIOG TO POVTEAO TTPETTEI VO KATAAGBEI TIWG va EKTEAETEI TNV £pyadia yia va
MEYIOTOTTOINCEI TNV AVTAUOIPI KAl TEAIKA VA QQOUOIWOEl ECENIYUEVES TOKTIKEG.

'J Agent Il
state reward action

Rt+1 (

S.. | Environment ]4—

\

2xnua 2.1.6: Aigypauua Evioxurikng Maénong.

2.2 Babid Mabnon

H BaBid Md&bnon ouviotd kKAGdo Tng Mnxavikrig Maénong o otroiog aglotrolei TToANd eTTiTreda un
YPOAMMIKAG  eTTeCepyaaiag TTANpo@opiwy  yia  emRAeTTOuevn 1 pn  emPBAeTTOpevn  e€aywyn
XOPOKTNPICTIKWY, YIa avayvwplion TTPoTuTTwyY aAAd kai yia Tagivounon. Baoiletal o€ aAyopiBuoug
ol oTT0i0I PHaBaivouv TTOAUETTITTEDEG AVATTAPACTACEIG TTPOKEIPNEVOU VA OVTEAOTTOINOOUV OUVOETEG
OX£OEIG TTOU avaTTTuooovTal JETAEU Twv dedopévwy. O1 dUO KupiapxeS aITieg TTou 0drynoav atnv
paydaia avaTrTuén apxITekTovikwy BaBidg MaBnong cival apXikd o TEpAOTIOS OYKOG TwV CUVOAWY
0edOPEVWYV TTOU OI KAQOIKEG TEXVIKEG MNXAVIKNG pabnong aduvatouoav va XEIPIOTOUV aTTOd0TIKA
oA\a Kal Ta  XAapaKTNPIOTIKG uwnAou emmrédou Tou Trapdyel. E@dcov 1o poviéda autd
TePINAPBAvOUV TTOAAQTTAG €TTITTEDO PN YPOUMIKAG ETTEEEPYAOIAC TOU OUVOAOU BEBOPEVWV EXOUV
TNV duvatoTNTA va TTAPAYOUV TTIO QVTITTIPOCWTTEUTIKEG AVATTOPACTACEIS XOPAKTNPIOTIKWY Kal va
avaoAUouv oe peyaAlTepo BABog TIg oxéoelig TTou avamTlooovtal PETaEU Twv OeOOUEVWIV,
TTapouciadovtag €101 onPavTikh BeAtiwon atrd Ta povréAa TTapadociokAg INXavikAg udénong Ta
OTTOIO XPNOIKOTIOIoUV XaPaKTNPIoTIKA XaunAou emmirédou. H avBion tng Babidg uddnong cuvéRaAe
KaBopIoTIKG aTnv TTpdodo Topéwy, OTTwG eival N "Opaacn YtoAoyioTwy, n Emegepyacia Puaikig
Mwaooag kal n Avayvwpion Pwvng.

2.2.1 Neupwvikd AikTua

O BepeMwdng AiBog tTng BaBidg Mdabnong eivar ta Texvntd Neupwvikd AikTua, TTEPITTAOKA
UTTOAOYIOTIKG HOVTEAQ OXeSIQOMEVA WOTE VO TTPOCOMOIWVOUV TN A€IToupyia Twv avepwTivwy
VEUPWVWY. H éutrveuon AoItTév yia Ta VEUPWVIKA BiKTUO TTPOEPXETAI APXIKGA ATTO PEAETEG TWV
MNXaviouwy eTreEepyaciag TANpo@opiwyv oTa PBIoAoyikd veUpIKA CuOTAUATA Kal 18IaiTEPa OTOV



avOpPWITIVO €YKEPOAO €V TTPAYMATI PJEYAAO WEPOG TNG TPEXOUCAG £PEUVAG OTOUG aAyopiBuoug
VEUPWVIKWY DIKTUWV ETTIKEVTPWVOVTAI 0TV ATTOKTNON BaBUTEPNG KATAVONONG TNG £TTEEEPYOTiag
TANpogopiwy o€ Biohoyikd cuoTthuaTa. ‘Eva mpowBnTiké veupwvikéd dikTuo (feedforward neural
network) utropei va BewpnBei wg PIa PN YPOUUIKA HAaBNPaTIKA ouvapTnon TToU JETAoXNUaTicel éva
OUVOAO METABANTWYV €10000U O€¢ €va oUvoAo peTaBAnTwyv €§6dou. H akpifrig popery Tou
METAOXNUATIOMOU BIETTETAI OTTO £va OUVOAO TTAPAUETPWY TTou ovopadlovTtal Bapn (weights) ol Tipég
TWV oToiwv TTpocdlopifovtal KAatéd To OTAdIO TnG ekPABnong (learning phase). H diadikacia
TTPOGOIOPICHOU AUTWYV TWV TINWY TWV TTGPAPETPWY OUXVA €ival UTTOAOYIOTIKG akpIfr) TTapoAa autd
MOAIG kKaBoploTouv Ta véa dedopéva eTegepyadovTal atro To SiKTUO TTOAU ypryopa.

Biological Neuron versus Artificial Neural Network

impulses carried .
toward cell body i W
rd # branches It
dendrites 9 “fl" ./ of axon ) “.“\,__ _
I\ W, N |
W L P —
Wy Vet = = axon Inputs P— Z f - -
) 1 Rete g — -
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2xnua 2.2.1: Aeikovion Twv BIOAOYIKWY VEUPWVWY (APICTEPG) Kal TNG LUaBnuUatikng POTUTTOTTOINCNS TOUS
(6€éia) [26].

KdBe Neupwviké Aiktuo atraptifetal ammd Tpia pépn: 1O €TTiTedo €106060U OTO  OTIOIO
TpopodoTouvTal Ta dedouéva I06d0ou X, £va ) TTePIcOOTEPO KPUPA ETTiTTEDA hi, Kal éva eTTitredo

ttdelololl] Y. Ta Ocdopéva €10006ou cuvdudlovtal e dlaQopeTIKA Bapn Ta OTfoia OTnV ouadia

uttodnAwvouV Tnv €midpacn Tou kKaBe veupwva. Kard tn diddoon Twv TIHWV PEaa oTo NeEUupwVIKO
Aiktuo o¢ KABe eTTiTredo avdAloya pe Tnv €icodo evepyoTrolciTal KGBe Qopd évag veupwvag atrd
KA0Be emmitredo péow piag Zuvaptnong Evepyotroinong (Activation Function) . Mepikég atrd TIG TTIO
OUVNBEIC OUVAPTNOEIG EVEPYOTTOINONG Ba TTAPOUCIACTOUV OTNV ETTOUEVN EVOTNTA.

H Bepehiwdn povada mavw oTnv otroia Bacifovial OAEG O TTPOXWPENMEVES Kal TTEPITTAOKEG
apxITekTOVIKEG Neupwvikwyv AIKTUWV eival To perceptron. To perceptron gutrveloTnKe atmd Tov
Rosenblatt [27] kai atroTeAei TNV TTIO ATTA] HOPQr VEUPWVIKOU OIKTUOU ME POVO éva Kpupd
emimedo. O1 duvatdTNTEG TOU ATAV TTEPIOPIOPEVEG €POCOV AEITOUPYOUOE ATTODOTIKA HOVO Of
YPOUMIKWG Slaxwpiciga ouvoAla SedoNEVWY TTAPOAD aUTA N KAIVOTOPO HaBnuaTikr Tou BepeAiwon
€dwaoe To Evauoua yia TNV PeTETEITa paydaia e€EAIEN Tou TouEq.



Activation
function

> g >

2xnua 2.2.2: H apxitekTovikr Tou perceptron [27].

Ta Ocdopéva €10000u AoiTTév X, TToAaTTAacidlovtal pe Ta Bdpn TOUG w. 2TV OUVEXEID

aBpoifovral uttohoyiovtag €101 TO oTaBUICHEVO GBpoicpa (weighted sum) To oTToi0 aKoAOUBWG
OlEpyeTal Péoa aTmd pia ouvapTnon evepyoTroinong Aappavovtag TeAiké Tnv £0d0.

Mpokelyévou va povteAoTToINBoUV TTEPITTAOKEG OOMEG BEDOPEVWV Kal va dnuioupynBouv povTéAa
IKavVd va PABouv un YPAUMIKEG OUVOPTACEIS KAl VO OTTOdWOOUV KAPTToUG o€ TTPORARuaTa
MNXavikng Hadnong, oxedIdoTnKavV OPXITEKTOVIKEG TTOU OuvOudldouv TeXvNToUG veupwves. H
ammAoUoTepn TTEPITITWON TETOIWV QPXITEKTOVIKWY €ival To TTOAUETTiTTEdO perceptron (Multi-layer
Perceptron - MLP), 10 oOT0i0 0Tnv oucia atroTeAeital ammd TTOANG  eTrireda  perceptron
ToTroBeTnéva 1o €va KATw atmd 1o dAANo. KdaBe kéuBog 1000 Tou Kpu®ou eTTITTEdOU OGO Kal TOU
emTédoU £EOGO0U XPNOIKOTIOIET Hia PN YPAPUIK) OUVAPTNON EVEPYOTTOINONG 1 OTTOIO OTTOTEAE TO
KA€IDi TNV a1rodO0TIKA ETTECEPYATia UN YPAUMIKWY dlaxwpicidwy ocuvoAwv dedouévwy. ‘Eva MLP
TO OTToi0 aTTOTEAEITOI ATTO TTEPICOOTEPO ATTO £va Kpupd eiTreda, cuvioTd éva Babu Neupwviko
AikTuo (Deep Neural Network- DNN). H T1poo8rkn TTOAQTTAWY KPUQWV ETITTEOWY Padi JE TIG Un
YPOUMIKEG OUVOPTATEIG EVEPYOTTOINONG TTOU CUPTTEPIAGUPBAVOUY POG ETTITPETTOUV va £EAYOUE ATTO
Ta O£dOUEVA AVATIOPAOTACEIS XAPOKTNPIOTIKWY UWPNAGTEPOU £TITTESOU Kal £TCI VO AVOAUOOUE O€
MEYOAUTEPO BABOG TIC OXETEIG KAl T YOTIBa TTOU avaTTUGoOVTal HETAEU TWV OEOOUEVWV.
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Sxnua 2.2.3: Apyirextovikni MoAu-Emiredou perceptron(MLP) [28].

2.2.2 2uvaptioeig Evepyotroinong(Activation Function)

2TV OUYKEKPIPEVN evOTNTA  avaAUovTal Ol TTI0  ONUOQIAEIC PN YPOUMIKEG OUVAPTHOEIG
EVEPYOTTOINONG KAl TTAPOUCIAZOVTAI KATTOIO ATTO TA TTAEOVEKTAUATA KAl TA HEIOVEKTAUATA TOUG.
levikd Oev UTTAPXEI KATTOIQ OUYKEKPIUEVN OUVAPTNON €VEPYOTTOINONG OI oTToia va eyyudTtal
BEATIOTO atToTEAéOPATA KAl N ATTOBOTIKOTNTA TNG £6apTATAl TOOO ATTIO TO OUVOAO dEDOUEVWV OO0
kar amd Tnv Olgpyacia TTou BEAoupe va ekTeAéooupe. Tautdxpova, N GUMPBOAN Toug OTnv
HOVTEAOTTOINGN HN YPAMMIKWY  QAIVOPEVWY KAl CUCTAMATWY €ival KaBopIoTikr. Xwpig Tnv
TTApouUaia Toug To ofua £€600U Ba ekPUAICOTAV O€ Jia atTAn ypauuIKhR cuvaptnon.

(I) Ziypoei1dng Zuvdaprnon (Sigmoid Function)

H oiypogidig ouvaptnon gival pia pabnuariki ouvaptnon 1rou divetal atrd Tov akdAouBo TUTTO:

S(x) = (2.2.1)

—X

1+e



H cuvdptnon auth déxetal oav €i0000 OTTOIOdATIOTE TTPAYMATIKA TIMA Kal TV CUMTTIECEl OTO
oiaotnua [0,1.0]. Ooo peyaAutepn cival n TiPA €10680u TOCO TTI0 KOVTa aTNV Yovada Ba eival n TiuA
€€000U evw avTiBeTa 600 TTIO PIKPA €ival N TIMA €l0680U TOOO TTIO KOVTA OTO UNdev Ba €ivail n TN
€€6dou. Xpnaoiyotrolgital cuvABwG yia pJovTEAa OTTou TTPETTEN va TTPORAEWOoUE TNV TTIBavETATA WG
£€000. Aegdopévou OTI n mBavéTnTa avikel oTo €Upog O kal 1 n CIydoegIdng ouvapTnon €ival n
owoTn €mAoyl Adyw Tou eUpoug Tng. QoToéco, ot kABe oupd oto 0 3 oto 1, OI TINEC TNG
TTapaywyou Tng eivalr oAU pIkpEG, ouykAivovtag oTto 0. Qg ek TouTou, Ta dlavUuopaTa KAiong
"eCagavitovtal" (@aivéuevo vanishing gradient), tepiopioviag TIG duvaTtdTNTEG PABNONG Tou
MovTéAou.

10

= sigmoid
— derivative

2xHua 2.2.4: H ypagikni Tng o1yuogidng ouvaptnong Kai NS mapaywyou tne [29].

(1) Zuvaptnon YmepBoAikng Egpamropévng (Hyperbolic Tangent)

H ouvdpTtnon utrepBoAikrg epaTrTopévng divetal ammd Tov akOAouBo pabnuaTikd TUTTO:

X —X

tanh(x) = —= (2.2.2)

—x
e te

Eivar mapéuoia pe Tnv OIlydoeidny ouvaptnon Pe TNV Povn diagopd ot n €€000¢ GUMTTIECETAI OTO
Oidotnpa [-1.0 , 1.0]. Emopévwg, 600 peyoAUuTepn cival n TiuA €106d0u TOCO TTIO KOVTA OTNV
povada Ba eival n TIPA €€660u evwy avTiBeTa OGO TTIO PIKPA €ival n TIPA €1I0600U TOGO TTIO KOVTA



oTnv apvnTikr povdda Ba ival n TN €€6dou. Baoikd TAeovékTnua TG tanh givar 611 n €€000¢ TNG
gival Kevipapiopévn oTo PNdév. ZuvhBwg XPNOIYOTIOIEITalI WG OuvdapTNON EVEPYOTTOINONG
QTTOKAEIOTIKA OTA KPUPA €TTITTEDA TWV VEUPWVIKWYV BIKTUWY KaBwg Bonbdel 0To KEVTPAPICHA TWV
oedouévwy (centering data) kal wg eTTakOAoUBO dlEUKOAUVEI TNV BIOBIKATIO TNG EKPABNONG Twv
eTOPEVWY eITTEOWYV. MMapdAa autd, opoiwg Pe TNV OIyPoEIdy ouvdApTnon, £mRapuveral amo Ta
mpoBAAuaTa Tou undeviopoU TNG TTapaywyou oTa akpa Tng (vanishing gradient) kai emmmAéov n
TTapaywyog NG eBivel o atréToua.

= tanh
- derivative

0.5

0.5}

=1.0Lb

2xnua 2.2.5: MNpagikn tn¢ urepBoAikng eparmrouévng (tanh) kai tng mapaywyou tn¢ [29].

(Il Zuvaptnon RelLU ( Rectified Linear Unit)

H ouvdptnon ReLU divetal atmd Tnv akdAoubn oxéon:

f(x) = max(0, x) (2.2.3)

OuciaoTiKa atroTeAei Eva Katw@AI TnG €1008ou 010 PNdev. MNMapdAo TTou PoIAdel Je Pia YPaUMIKA
ouvdapTtnon n Tapdywyog tng emtpétrel Tnv otricBia diddoon (back propagation) kai TapdAAnAa
gival uttohoyioTikd atrodoTiKA. H kupiapxn 10€a Tng RelLU cival 0TI dev evepyoTTolEi TAUTOXPOVO
OAOUG TOUG VEUPWVEG €QOOOV eveEPYOTTOIOUVTAlI MOVO QUTOi TTOU €Xouv OeTikG OTOBUIoUEVO
aBpoicpa. ‘Etol Tpoo@épel  ypriyopn OUyKAION Kal  TTApAAAnAa KatavaAwvel  eAAXIOTOUG
UTTOAOYICTIKOUG TTOPOoUG. To Bacikd TNG MEIOVEKTNHA OPWG gival OTI yia OAEG TIG apVNTIKEG E1I0080UG
n Tapdywyog undevidetalr yeyovog TTou duoxepaivel TRV duvaTtdTnTa TOU CUCTAMUATOG OTNV
MovTeAoTToinan Twv 6edouévwy KaTd Tnv diadikaacia Tng ekuddnong.



RelU activation function Derivative

5 5
4 4
3 31
2 2
1 1
0 0
-4 -2 0 2 fIJ -4 -2 0 2 -

2xnua 2.2.6: F'pagikn tng ouvdprnong RelLU (apioTtepad) kai Tng mapaywyou 1ng (0€éia) [29].

2.2.2 AAyopiBuog OTricBiag Aiadoong (Backpropagation)

O aAyépiBuog Backpropagation xpnoigotroicital eupéwg oTtnv dladikacia ekTTaideuong Twv
VEUPWVIKWY OIKTUWV (training process). H ekmaideuon civar pia emavaAnTmikr diadikagia pe
ATTWTEPO OKOTTO TNV €Upecn Twv BEATIOTWY TTapauéTpwy (weights) o1 oTroieg eAaxioToTToI0UV
KaTToIa ouvdpTnon KooToug L. KaBe emmavaAnyn trepidapBavel dUo @Aaoelg: ApXIKA eKTEAEITAI N
mpocBia diadoon (forward pass) n otroia emTPETTEI TRV POA TNG TTANPOQopiag amod Tnv €icodo
oTnVv £€000. ZTNV ouvéxela ekTeAETal N oTTioBia diddoon oTnv oTroia N Pon TNG TTANPOYOoPIas €XEl
avTifeTn kateuBuvaon dnAadn atmd Tnv £E000 TTPOG TNV €i00d0 evw TTapGAANAa avavewvovTal ol
TIMEG TwV Bapwy. MNa va gival eQIKT OPWG auTA N avavéwaon TwV TIPWY OTTAITEITAI O UTTOAOYIOHOG
TTAPAYWYWV aTTd TTEPITTAOKEG KAl GUVOETEG pABNuATIKEG eKPpAoelS. MapoAa autd o aAyopiBuog
Backpropagation [30] kata@épvel va TiIg uttoAoyioel peBOBIKG Kal atmodoTikd Bacifouevog oTov
Kavova Tng aAucidag. O kavovag Tng aAucidag avadelkvUel TOV TPOTTO PE TOV OTT0I0 UTTOAOYiovTal
avadpodikad ol Trapdywyol amd Wi ouvBetn ocuvdptnon. MNa Tnv avavéwon Twv Bapwv Tou
OIKTUOU, HeETd amd K&Be utToAoyIoNO TnG ouvapTnong kooTtoug L, utroAoyidovtal ol UEPIKOI

TTAPAUETPOI TNG CUVAPTNONG KOOTOUG WG TTPOG Ta Bdpn g—fv [31]. O 1pdTTOG ME TOV OTIOIO

QAVAVEWVOVTAI Ol TINES TWV Bapwv TTPOKUTITEI ATTO TOUG aAyopiBuoug BeATIOTOTTOINONG 01 oTToio! Ba
avaAuBoulv oTnv emmouevn evotnTa. Me autdv Tov TPOTTO TO POVTEAO eKTTAIOEUETAI BEATIWOVOVTAG
OUVEXWG TNV €1TIdOOT) TOU.



2.2.3 BeAnioTtotroinon (Optimization)

BeAtioToTroinON €ival n dladikagia KATA TV OTToia EKTTAIOEUOUE €va OVTEAO ETTAVAANTITIKG OUTWG
waoTe va 0dnynBei oTnv PeyIoTOTTOINON KATTOIOG ouvapTNoNng aglohdéynong. OTmwg avagépaue Kal
TTPONYOUHEVWG OTA VEUPWVIKA OikKTud, KATA TNV EKTTAI®EUOn €VOG MOVTEAOU, Ol TTAPAUETPOI
avavewvovTal emavaAnmTIKGd €wg OTou va ehayioTotroinBei kdamola ouvdaptnon kdotoug. Ol
aAyopiBpol BeATioToTTOINONG KOaBOpPI(ouv TOV TPOTTO PE TOV OTToi0 TTpocapudlovTal Ta Bapn Tou
OIkTUOU. H 1Mo dnpo@iAcig katnyopieg TETolwy aAyopiBuwyv oTtnpiovtal g€ UTTOAOYIOHOUG KAICEWV
(gradients) Tng ouvdptnong ké6oToug. AlaioBnTIK& avavewvouue Ta BdApn TTPOG TNV avTiBetn
KaTelBuvon ammd auth Tou diaviopartog KAiong Trpooeyyifoviag KATToIo eAGXIOTO TNG OUVAPTNONG
k6oToug. O1 KupldTEPOI aAyOpIBuoI BeATIOTOTTOINONG avaAUovTal akKoAoUBwG.

(I) KaBodog KAiong (Gradient Descent)

O aAyopiBuog KaBodog KAiong utroloyiCel Tnv KAion TG ouvapTnong KOGTOUG yia OAOKANPO TO
OUvoAo Oedopévwyv O OXEON ME TIC TTAPAUETPOUS B Tou povTélou o€ kéBe emmavaAnyn [32]. H
HaBnuatikh oxéon avavéwaong Twv Bapwyv gival n akdéAoudn:

0 =06 — NV, J(0) (2.2.4)

H petaBAnTA n oupPBoAicel Tov puBuod padnong ,6nAadr 1o TOco PeydAa Bripata katdfaong Ba
ekTeEAOUVTal o€ K&Be avavéwon Bapwv. H ouvdaptnon J(0) ouuPoAilel kdmoia cuvdptnon
k6oToug. O aAyopiBpog Gradient Descent dev eyyudTtal oUyKAION o€ OAIKO eAAXIOTO OAAG pTTOPET
va eykKAwBIoTEl o€ KATToI0 TOTTIKG €AdxIoTo. ETITTAéov TTapd TNV €UKOAN UAOTTOINGT) Tou Ogv givai
UTTOAOYIOTIKG aTTOd0TIKOG £QOCOV YIa HeEYAAA oUVOAQ SEOOUEVWV O UTTOAOYIOHOG TOU OQAAUATOG
yla k&Be deiypa eivar xpovoBopog. IdiaiTepa o aAyopiBuog eu@avilel xpovik TTOAUTTAOKOTNTA
O(kn?) 6mou k 10 TARBOG Twv eTavaAfWewv Kal n 10 TTARBOG TWV JEIYPUATWY OTO GUVOAO
oedopévwy.



Cost

Learning step

Minimum

Random W W
initial value

Zxnua 2.2.7 : AA\yopiBuog BeAtiotomroinong Gradient Descent [32].

(1) ZroxaoTik KaBodog KAiong (Stochastic Gradient Descent-SGD)

O aAyopiBuog Stochastic Gradient Descent épxetal va dwoel AUOn otV UWnAfR XPOVIKN
moAuTTAoKkéTNTa TTou epavifel o Gradient Descent. Epgavifouv tTapopolia Acitoupyia pe Tnv
Olapopd o1 o SGD xpnoiuotrolei éva UTTOOUVOAO Twv OeIlYUATWY yia va eAAXIOTOTTOINOEI TNV
ouvapTtnon kéoToug. H aToxaoTIKOTATA TOU GTNV TTPAYHATIKOTNTA BacileTal aTov TTIBavoBewpnTIKO
TPOTTO ME TOV OTIoi0 €TMIAEyel Tuxaia Ta Ociyuata TTou Ba Xpnoiyotroifoel. MaBnuaTtikd n
ouvAapTNON avavéwaong Twv TTOPAUETPWY €ival N akéAoudn:

6 =0 — -V 6 x ) (2.2.5)

OTTOU X €ival Ta €TTIAEYPEVA DEIYPATA KAl Y O QVTIOTOIXEG ETIKETEG Toug. BERaia n péBodog auth
TTAAI Ogv €yyudTal CUYKAION o€ KATTOI0 OAIKG eAdxioTo. ETTTaxuvel OJws Tnv oUYKAIoN YEYovOog
TTOU EUVOEI TNV XPrion MEYAAWY OUVOAWYV OEOOUEVWV.

Algorithm 8.1 Stochastic gradient descent (SGD) update at training iteration k

Require: Learning rate e.
Require: Initial parameter 8
while stopping criterion not met do
Sample a minibatch of m examples from the training set {azu), oy ,m(m)} with
corresponding targets y(i).
Compute gradient estimate: g < +ﬁl Vo) ; L(f(;c(i) :0), y(ﬂ)
Apply update: 8 «+ 0 — eg
end while

2xnua 2.2.8: O aAydpiBuocg Stochastic Gradient Descent [32].



(1) Adam (Adaptive moment estimation)

O aAy6piBuog BeAtioTotroinong Adam arroteAei eméktaon Tou Stochastic Gradient Descent kai
TeAeuTaia €xel uloBeTNOei oe eapuoyég Babidg pddnong Kupiwg oToug Toueig TNG PUOIKAG
Emeéepyaciag MNwooag kal otnv Opaon YmoAoyiotwy. H kupia diagopd Tou civar o1 dev
XpPnoiyoTrolgi éva otaBepd pubud ekpABnong, Kovo yia TRV avavéwon AWV TWV TTOPARETPWV.
AvTiBeTa, €vag puBudg ekpdbnong diatnpeital yia KABe Bapog Tou SIKTUOU Kal TTPoCapuoleTal
gexwplotd KaBwg e€eAiooetal n padnon. O1 BeAtiototrointég Adam ,Adagrad, Adadelta kai
BertAdam cival eupéwg XpnoIMOTToIoUPEVOl AOYW TNG ATTOBOTIKOTNTAC TOUG AAAG Kal Adyw Twv
XAMNAWVY ATTAITACEWY O€ JVAUN.

2.2.4 >uvaptioeig KooTtoug (Loss Functions)

O1 ouvapTtAoeig k6oToug (Loss Functions) cival éva amd Ta TTO ONUAVTIKE KOPPATIO Twv
VEUPWVIKWY OIKTUWV, £QO0OOV gival UTTEUBUVEG YIO TNV EKTTAIBEUON TWV HOVTEAWV KAl TNV CWOTH
agopoiwon Tou ouvohou Oedopévwy. H yeviki apxfy Twv OuvapTnoEwv QuTwv Egival va
TTOOOTIKOTTOIROOUV TNV €1TiId00N TOU &IKTUOU OTNV POVTEAOTTOINON TWV OeOOPEVWY EKTTAIdEUONG,

OUYKPIVOVTOG TNV TIUA OTOXO Yy ME TNV TTPOPRAETTOMEVN TIUA ; . H emAoyr Tng cuvapTnong k6oToug
eCaptdral amd TOV TUTTO ALITOUPYIAG TOU VEUPWVIKOU BIKTUOU Kal Xwpilovtal o€ U0 PEYANEG
katnyopieg: O1 ouvaptAoElg KOOTOUG TTou eival KATAAANAES yia TTpofARpaTta TTaAivopdunong
(regression problems), é1Tou n £€£060¢ cival pia cuvexAg TIUA Kal Ol cuvapTAOEIG KOOTOUG TTOU gival
KaTAAANAEG yia TTpoBAAuata Tagivopnong (classification problems), é1rou n €€0d0¢ cival atrAd pia
eTIkéTa. O1 Mo dNUOPIAEIC CUVAPTATEIG KOOTOUG AVOAUOVTAI OTNV CUVEXEIQ.

(I) Méoo Terpaywviké X@dApa (Mean Square Error - MSE)

H ouvdptnon Méoou TeTpaywvikoU Z@AAPATOG €ival icwg n 1o didonun ouvaptnon KGoToug N

oTroia UTtoAoyilel TNV PEaN TETPAYWVIKL Ola@opd PETASU TNG TIWAG OTOXOU Y Kal TNG TTPORAEWNS ;
H paBnuartiki Tng ékppacon cival n akdAoudn :

NG

MSE =%§ Y =y ) (2.2.6)

i=0

O1ToU N oupPoAiCel To TARBoG Twv delyudtwy Tou ocuvolou ektraideuong. H diagopd cival
UYWPEVN OTO TETPAYWVO, TIPAYUA TTOU Onuaivel o1l dev €xel onuaacia av n TTPORAETTONEVN TIWA
gival TTavw 1 KATw atod TNV TIKA oTOX0 Kal To o@aAua Ba gival TTavra pia 8eTikn Tiun. ETimALoy, ol
TIMEG PE pEYAAO OQAAPa TIHWpPOUVTAl TTEPICTOTEPO AdYW TOU TETPAYWVICHOU TNG d1agopds Toug.
‘Eva onuavTik® TTAcovéEKTNMG gival 6Tl n ouvdpTnon auth eivar kupt de éva EekdBapa



OIaKEKPINEVO OAIKO eAdXIOTO. Apa PTTopoUlE €UKOAA va agloTroifjooupe Tov aAyopiBuo Stochastic
Gradient Descent yia va avavéwaon Twv TTAPAPETPWY Tou BIKTUOU. MapdAa autd £éva onuavTIKo
MEIOVEKTNUA TG eival 0TI To o@aAua aufavetar paydaia yia TIC AKPGIEC TIUEG TOU GUVOAOU
oedopévwy. ETTopévwg, ouxvd aduvartei va ouykAivel o€ KATTOI0 eAAXIOTO Kal €TTITTAéOV Ta BApn
TOU BIKTUOU ATTOKTAVE TTOAU UWNAEG TIPEG, yeyovog TTou duoxepaivel TRV duvaTdTnTa TOU DIKTUOU
oTnVv JovTeAOTTOINON TOU OUVOAOU OedouéVWV KATAARYOVTaG £T01 O€ UTTEPEKTTaiIdeuan (overfitting).
Yo auTtég TIg OUVBRKeG gival avaykaia n TTpocBrikn KATTOIoU OPOU KAVOVIKOTTOINONG oUTwG WOTE
Ol TIHEG TWV BApWV VA TTAPAPEVOUV XAUNAEG.

() Méoo AmréAuto Z@dApa (Mean Absolute Error - MAE)

H cuvdaptnon autr uttoAoyilel Tnv péon TIFA TG AtTOAUTNG dIagopdc PETAEU TNG TIMAS OTOXOU Y
Kal TNG TTPORAETTOMEVN TIMAG ; H paBnuartiki TG ékppaan eival n akéAoubn:

L I 0 ~()
MAE =—% |y~ —vy | (2.2.7)
i=0

H ouvdptnon auth €xel TTapouola Asitoupyia Pe TNV TTponyouuevn JE TV povn diagopd Tl dev
givar T600 €uaiocbntn OTIC aKkpaieg TIWEG. Adyw TnNG ATToUCiag TOU TETPAYWVIOHUOU Ta HEYAAA
oQAAPaTa dev TIHWPOUVTAI Kal £TOI XOPAKTNEICETAlI KATAAANAN yia cUvoAa dedopévwyv Ta oTroia
mepIAapBavouy TTOAAEG akpaieg TINEG (outliers). MapdAa auTd, éva onUavTIKO PEIOVEKTNKA TNG Eival
OT1 N TTapdywyodg NG dev opidetal kovta o1o 0.

(IZ@dApa Huber (Huber Loss)

H ouvdptnon kéoTtoug Huber cuvduddel Ta BeTIKA Twv cuvapTAoewv MSE kai MAE. I1diaitepa eival
Mia dikhadn ocuvdaptnaon O1Tou opiloupe £va KATW@AI CEAAPATOG & KATW ATTO TO OTT0I0 £PAPPOZETal
n ocuvapTtnon MSE evw yia TINEG o@AAPaTOg peyaAuTepeg Tou & e@appoletal n ouvdptnon MAE. H
HaBnuartikh TNG Ekepaacn cival n akdAoudn:

1y . ~ ;
SO0 e -39
Huber loss = "
1 . .
= |y(’) _ ’y‘(l)| otheriwise
n;=1 (228)

(I AmrékAion Kullback Leibler (KL Divergence)

H amokAhion Kullback Leibler civalr pia otamoTiki pétpnon eutveucuévn ammd tnv Bewpia Tng
TTANPOPOPIOG N OTToI0 TTOCOTIKOTIOIEI TNV ATTOKAION PETAEU SUO OTATIOTIKWY KATAVOPWY . 1diaitepa



METPAEI TNV OXETIKN EVTPOTTIA PETAEU TWV KATAVOUWY OKOAOUBWVTAG TNV TTAPOKATW HOBNUATIKA
oxéon:

Dy PN 14(0) = T p(ins (2.2.9)

Kupia epapuoyn Bpiokel otnv TmapakoAouBnon povrédou (model monitoring). H TTapakoAouBnon
MovTéAoU gival éva AIToupylkd oTadIo oTov KUKAO {WwNG TNG INXAVIKAG HABNoNG TTou £pxeTal PETA
TNV avaTTuén Tou POVTEAOU. ZUVETTAYETAI TNV TTapakoAouBnon Twv poviéAwv ML yia aAlayég
OTTWG N uTroRABuIoN Tou MOVTEAOU, N METATOTTION OEBOPEVWYV, N METATOTTION EVVOIWV KAl N
Olao@AaAion OTI TO JOVTEAO pag dlaTNPET Eva ATTOOEKTO ETTITTEDO ATTOdOONG.

(IZ@daApa AlaoTaupoupevng Evrpotriag (Cross Entropy Loss)

H ouykekpiyévn ouvdptnon KOOTOUG £QapuoleTal uévo og TTPOoRARHaTa TagIVOUNONG KOl ATTOTEAEI
e€ENIEN Tng oTaTioTikAG PéTpnong KL Divergence. Mg Tov 6po evipoTria ava@epduaoTe aTo TTARB0G
TwvV bits TTou atraitodvTal yia TNV PETAPOPA evOG TUXAiOU YeyOvATOG aTTO Wi OTATIOTIKA KATAVOT).
To Cross Entropy Loss Aoitov Baagiletal aTnyv 16€a TnG EVTPOTTiag atrd Tn Bewpia TTANPOQOpIWwY Kal
uttoAoyicel Tov apiBud Twv bit TTou amaitouvtal yia Tnv avatmapdotaocn i T PeTddoon evog
YEYOVOTOG aTTO MIO KOTAVOUA O OUYKPIon ME MIa GAAN. H pabnuatiki oxéon amod Tnv otroia
SléTTeTan gival N akdAoudn:

M N

CE Loss = — LZ Yy . log(p.) (2.2.10)
"izti=1 Y Y

otTou 1O yi], ava@épeTal oTnv KAAon TTou avhkel To Ociyua i evw TO pij Vv mMBavétnTa TOU

Ociypatog i va avAkel otnv kAAon j. Amapaitnta TTpoUuttdBeon eival o1 €TIKETEG MAG va
KwdikoTToinBouv duadiké oe 0 kai 1 (one hot encoding). To Cross Entropy Loss £xel KuplapXAoel
oTIG YéPEG o€ TTpoBAAuaTa Tagivounong Adyw Tng aTtrodoTIKOTNTAG TOU.

2.2.5 Metagopd Mdabnong (Transfer Learning)

O1w¢ avagEpape Kal TTPONYOUUEVWGS , 01 aAyopIBuol unxavikAg pdénong cival oAU guaicBnrol
oTa Oedouéva €106dou. IdlaiTepa atraiTouvTal TEPAOTIA OUVOAQ OedOUEVWV OUTWG WOTE VO
ekTTaIdeVooUNE éva oUOTNUA TO oTToio Ba TTapoucidlel uwnAn atrdédoaon. MapdAa autd cuxvda dev
éxoupe Tnv duvarotnTa TpdoBacng oe TEToIA oUVOAA OeBONEVWV OUTE TOUG UTTOAOYIOTIKOUG
TTOPOUG TTOU OTTAITOUVTAI YIO TNV €TTEEEPYATia TOUG. ZTIC TTEPITITWOEIS AUTEG ETTIOTPATEUETAI N
TEXVIKA TG MeTagopdg Mdabnong (Transfer Learning).



H petapopd pdbnong Aoimmdv ammoTteAei onuavtikd €pyaAgio TG PNXavikng uddnong Tou
ouveloQépel oTnV €TTIAUCH TOU BePeAIWdOUG TTPORARUATOS TNG EAAEIYNG IKAVOTTOINTIKWY CUVOAWV
ektraideuong. MpooTrabei va YeTa@Eépel TNV yvwaon a1rd £va TTPOEKTTAIOEUMEVO HOVTEAO Kal va TNV
aglotroioel oto TPOBANPA oTdX0, XOaAapwvovTag £T101 TNV Paoikf uttéBeon TNG PNXAVIKAG
MABNoNG KaTtd Tnv oTroia Ta deiypata Tou ouvOAou eKTTaI®EUONG Kal Tou auvolou €E0AGynong
avtAouvtal ave€apTnta ammo Tnv idla Tuxaia katavou. Me dAAa Adyia XpnOIUOTTOIOUE TNV yVwWon
TTOU OUYKEVTPWOE €va POVTEAO KATA Tnv eKTTaideuct) Tou o€ éva TTPOBAnuUa -TTnyn Kal tnv
evowpatwvoupe (fine tuning) oto TTPOPRANUa-oTéX0. ETOl eKTTAIBEUOUNE HOVTEAQ ME TTPOTEPEN
yvwaon Ta oTToia TTapouaiadouv uWnAn yevikeuon Kal onUavTiKAa BeATIWUEVN aTTddoaon.

Transfer Learning

Task 1

Model1 ]—P[ Head Predictions1

Knowledge transfer

Task 2

Y

New A
Model1 ]—b[ e Predictions2

—

2xNua 2.2.9 : Pon gpyaoiwv otnv Metagopd MaBnong [33].

2.2.6 H apxitektovikr) Twv Transformers

H apyitekToviki Tou dikTUou Transformer mpotdBnke atd Toug Vaswani et al. [34] emiTuyxdvovTag
avwTEPEG ETTIOOCEIC O OXEON ME TIPOTEPEG OPXITEKTOVIKEG OAAA KAl MIKPOTEPEG XPOVIKEG
amaITACEIG OCovV a@opd Tnv eKTTaideucn Tou HOVTEAOU. ZTnpieTal OTNV  GPXITEKTOVIKI)
Encoder-Decoder dnAadry oe pia doprp KWOIKOTTOINTA KAl aTTOKWOIKOTToINTA. AVOAUTIKOTEPA O
KwOIKOTTOINTAG €EAYEl XOPAKTNPIOTIKA, dnAadr) OUveXEiC avaTTapaoTAcElg, atmd Mia akoAoubBia
€10000U KOl O OTTOKWOIKOTIOINTAG XPNOIYOTIOIEl TO XOPAKTNPIOTIKA auTtd yia va Trapdyel pia
akoAouBia eE6dovu.

The Transformer

Inputs M features Outputs

2xnua 2.2.10 : H apyitektovikn Tou uovréAou Transformer.




H otoifa Kwdikotroint (Encoder Stack) amorteAcital ammd ToAATTAG emiTreda KwAIKOTTOINONG TA
oTToia gival TTavopoIoTUTTIA PETaEU Toug. KdBe etmitredo Trepidaupdvel éva unxaviopéd multi-head
QUTOTTPOCOXNG Kal £vav PNXaviouod o otoiog kKwdikoTrolei TNV Béon kdABe oToixeiou €106d0U
(positional encoding mechanism). AvaAoya pe Ta yUpw oToIxeia/AéEelg, kGBe oToIxEiO/AEEN UTTOPEI
va €xel TTEPICOOTEPEG aTTO pia onuacioloyikéG Aeimoupyieg. Q¢ €k TOUTOU, O MNXAVIOWOG
QUTOTTPOCOXNG XPNOIUOTTOIEI TTOANATTAEG KEQOAES (OKTW TTAPAAANAOUG UTTOAOYIOUOUG TTPOCOXNG)
€701 WOTE TO POVTEAO va PTTOPEl va agloTTolNoel SIaPOPETIKOUG UTTOXWPOUG TWV EUPUTEUNATWV.
Ooov agopd 10 delTEPO UTTOGTPWHA gival éva aTTAd position-wise fully connected feed forward
OikTuo. H TeEXVIKA TNG uTTOAEITTOEVNG oUvdeong (Residual Connection) [35] emoTparteleTal £TioNg
yUpw a1rd KABE UTTOOTPWUA PETAPEPOVTAG OTNV OUCIA T TTPONYOUUEVA AEKTIKA EJPUTEUPATA OTO
akpIBwG emmopevo emiTredo. TEAOG PeETA aTmd KABe UTTOAEITTOMEVN OuvdeEan €QapuoleTal £va
ETTITTEDO KAVOVIKOTTOINONG TTOU OKOTTEUEl OTNV QVTIUETWTTION TNG ApVNTIKNAG €Tidpacng TTou
EM@EPEl KATTOIO aAAQYA GTNV KaTavour Twv dedopévwy €iloc6dou (Covariate shift). ETropévwg, n
€€0do¢ kABe umrooTpwpuatog eival LayerNorm(x + Sublayer(x)), 6mou Sublayer(x) eival n
ouvdapTnon TToU £QAPHOCE! TO iDI0 TO UTTOOTPWHA.
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2xnua 2.2.11: OmTIKoTToinan NS E0WTEPIKNS APXITEKTOVIKAS TS aToiag Tou kwoikotrointr [36].



H otoiBa Amokwdikotroint) (Decoder Stack) arroteAcital opoiwg amd ToAAATTAG eTmmiTTeda
ATTOKWOIKOTTOINONG Ta OTToi €ival TTAVOUOIOTUTTA PETAEU Toug. KdaBe emmiredo ep@avidel opoia
QPXITEKTOVIKNA UE Ta avTiaToixa emiTreda Tou Encoder pe tnv diagopd OTI TTPoaTiBETAI KAl éva TPITO
UTTOOTPWHA TTPOCOXNAG TTNYRG-OTOXOU (source-target attention). H source-target rpocoyn €ivai
otnv oucia AGAo éva emimedo multihead Tpoooxng TO OTOI0 €QAPPOETal MPETALU TwV
XOPOKTNPIOTIKWY TTou €&dyel o Encoder kai tng €E66ou kd&Be emimmédou Tou Decoder. TéAog,
eQapUOCeTal £va €id0g PYAOKAG OTOV UNXavioud autoTTpoooXAG, WaoTe N TTPORAsWn TnG B€ong va
MNVv e€aptaTal atrd TIS KPUPES KaTaoTdoelg Hidden States).

I am a student

)

. 1 3
[ ENCODER ) > [ DECODER J
) )

[ ENCODER J [ DECODER ]
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[ ENCODER ) [ DECODER ]
) )

[ ENCODER J ( DECODER J
) )

[ ENCODER ) ( DECODER ]
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( ENCODER J [ DECODER J
. A J

Je suis étudiant

2xnua 2.2.12: Omrikorroinon Tn¢ Asiroupyia¢ tou Transformer . O Encoder kai o Decoder mrepiAaufdvouv
&61 etitreda o kabévag [36].
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2xnua 2.2.13: H avaAurtikn apxitekTovikn Tou povréAou Transformer [37].

2.3 Etre€epyaoia duoikic Nwooag (Natural Language
Processing)

H Emregepyacia Puoikng Nwoaoag (Natural Language Processing) cival évag Topéag €peuvag Kai
£QPAPUOYNG TTOU BIEPEUVA TOV TPATTO PE TOV OTTOIO Ol UTTOAOYIOTEG YTTOPOUV va XPNoIJoTToInBouv
yla TNV Karavonaon Kal Tov XEIPIOPO KEIPEVWV 1 TNG OMIAIOG QUOIKAG YAWOOoag. ZuuTrepIAapBAvel
OIAQOPEG UTTOAOYIOTIKEG TEXVIKEG YIA TV AvAAUCH Kal TNV avatmmapdoTacn QUOIKWY KEINEVWY O€
éva 1 TTeEPIOOOTEPA ETTITIEdD YAWOOIKNAG AvAAUONG ME ATTWTEPO OKOTTO TnVv €TeCepyacia Tng
avBpwrivng yhAwaooag. To 1edio Tou NLP, Aoimmdv, €0Tiddel o€ dU0 EEXWPIOTEG TTPOCEYYIOEIG: TV
ETTECEPYATia KAl TNV TTAPAYWYN TNG QUOIKAG YAWOOOG. H TTpwTtn TTEPITTTWON avagEpETal oTnv
avaAuon TG QUOIKAG YAWOOOG ME OKOTTO TNV TTAPAYywYyr HIOG QVTITTIPOCWTTEUTIKAG
avatrapdoTacng, €vw TO TEAEUTAIO ava@EépeTal OTnv TTapaywyrn ¢ yYAwoodag atmd Jia
avartrapdoTtaon.

H Aeitoupyikiy doun Twv cuotnudtwy NLP ptTopei va xapaktnpioTei atmd KATTola UTToTTpoBAAuaTa
TO OTTOIO AVTITTIPOCWTTEUOUV ETTITTEdA avAAUCNG Kal KaAouvTal ‘eTTiTreda YAwooag'. H KevTpikn 10€a



Baoiletal oTO yeyovog OTI KGBe eTmiTredo ouvelo@épel akoAouBiakd oTnv  dladikacia Tng
Katavonong Kai €pooov o1 AvBpwTTol XpnoIPoTToloUV OAa T YAWOOIKA TTiTTeda, éva ouoTtnua NLP
gival mo atodoTikdé 600 TEPIoOOTEPA YAWOOIKG eTTiTreda aflotrolei. Mapakdtw avaAvovTtal Ta
yAwooikd emitreda Tou KAddou:

e Phonology: 10 TiTTed0 AUTO ACXOAEITAI PE TNV €PPNVEIA TOU QUGIKOU AGyou HETASU Twv
AéCewv . EQapuddeTal povo étav n Tnyr eVOg KEINEVOU gival O TTPOYPOPIKOG AGYOG.

e Morphology: aoxoAeital e TNV oUVOETN QUON TwV AEEEWV OI OTToiEG aTTOTEAOUVTAI OTTO
Hoporiuara. To cuotnua tou NLP avaAlel Tnv AéEn oTa OUVOETIKA TNG Kal £TC1 ATTOKTA
AVWTEPN KATAVONOT Kal TTOPAYEl avaTTapaoTACEIG UPNAOTEPOU ETTITTEDOU.

e Lexical: 1o TpiTO €TTITTEDO AGXOAELITAI YE TNV KATAVONGON OIOKPITWY Aé€ewv Pe BAan Tn Béon
TOUG OTOV AGYyO, Tn Onuacia Kal Tn ox€on Toug PE AAAEG AECelg. e KABe AEEN Aoimov
avaTifeTal yia TIKETA ava@opIKA PE TNV XPAON TNG Kal TO JéPOG ToU AGyou. ZTTAvIa KATToIx
AEEN ival povoonuavTn Kal €701 TO GUOTNUA ATTOKTA JEYAAUTEPN €UEAIEiaL.

e Syntactic: Auto 1o eTTiTTed0 €0TIAdElI OTNV avAAuan Twv AéCewv o€ pia TTPATACH, WOTE VO
QATTOKOAUWEI TN YPOHUATIKH SOMN TNG TTPOTACNG.

e Semantic: H onpacioloyikh emme€epyaaia kaBopilel TIC mMOAvEG £vvoieg PIag TTPOTACNS
€0TIACOVTOG OTIG AAANAETTIOPACEIG HETAEU TWV CNPACIWY TWV A£gewy oTnV TTPATACH.

e Discourse:Eviy n ouUviaén kai n onuacioAoyia Asitoupyolv HE HOVADEG WMAKOUG
TIPOTACEWYV, TO £TTITTES0 AOYOU aUTO AsITOUpYEi JE HOVADEG KEIPEVOU PEYOAUTEPES ATTO MIA
mpoTacn. AnAadr, Oev epunvevel TA KEiMeva TTOAAQTTAWY TTPOTACEWV WG ATTAWG
OUVOUOOEVEG TTPOTACEIG, KABepia atrd TIG OTTOIEG WTTOPEl va EPUNVEUTEI UEPOVWUEVA.
AvTiBeTa €0TIGCEl OTIG 1010TNTEG TOU KEIYEVOU WG OUVOAOU TTOU METAQEPOUV vOnua Kal
dnMIoupyouv CUVOETEIS .

e Pragmatic:Autd 10 TeAeuTaio €TTiTTEdO AOXOAEiTAl PE TN OKOTTIUMN XPAON TNG YAWOoOAG o€
KATaoTAOEIG Kal XpnoIJoTTolEl TTAdioio TTépa atmd Ta TrepIEXOUEVA Tou Kelévou. O oTOX0G
gival n €ERynon Tou TIWG TO ETITTAéoV vonua Ol0BACeTal OTA KEipeva Ywpig va
KWOIKOTTOIEITAI TTPAYUATIKA OE QUTA.

Morphological

Semantic

|

Discourse > Pragmatic

ZxNpa 2.3.1 : Ta wvoAoyikd eTtireda yAwooag evog NLP [38].



2.3.1 NN \waooikég Avatrapaotdoelg (Word Representations)

Me Tov 6p0 YAWOOIKEG avaTTapacTAoEIG avapepouaoTe otn dladikaaia avTioToixiong K&Be Aégng
o€ KATToIa PaBNPaTIKR) avatmmapdoTacn oUTwg WOTE va XpnoiuoTroindei akoAoUuBwg wg €icodo o€
MovTéAa pdaBnong yia Tnv emiAucon NLP 1mpoBAnudTwy. ZU0yxpoveg TTPOCEYYIOEIC TOU XWEOU,
QVTIMETWTTICOUV  KABe A£EN evog Aggihoyiou w¢ SIAVUOUATIKEG avaATTOPAOTACEIG, Ol OTTOIEG
ovoudadovTal eugutedpata Aé€ewv (word embeddings). O kUpiog oTdX0G €ival va €EAYOUME
QVTITTIPOOWTTEUTIKA  SlavUouaTa  Ta  OTIoia  KATAQEPVOUV VA  XAPAKTNPIoOUV TO VONMUATIKO
TEPIEXOUEVO TwV AfEewv. [0€a KA€Idi OTIC TTPOCEYYIOEIGC AUTEG €ival o1 AEEEIC PE KOVTIVO
TTEPIEXOMEVO VA €XOUV KOVTIVA E€UQUTEUPATA OTO OIAVUCMATIKO XWPO TWV QVATTAPACTACEWV,
€QaPUOLoVTaG KATTOIO KPITHPIO OUOIOTNTOG.

YTdpxouv 000 KUPIEG TTPOCEYYIOEIS YIA TNV KATAOKEUR TwV YAWOOIKWV avaTTapaoTdocwy. H
TTPWTN, YVWOTH wg dnAWTIKN onuaacioAoyia (denotational semantics) avTiyeTwiCel KGBe AéEN cav
EexwpioTod oUPPOAO, dNUIOUPYWVTAG £TOI APAIEG AVATIAPACTACEIC XWPIG VA EVOWNATWVEI KATTOIO
évvola opoloTnTag. AvtiBeta otnv onuacioloyia katavoung (distributional semantics) n AekTikn
avatmrapdoTtacn MoBaivere pe Pdon Tnv xprnion g AéEnc. Autd emiTpétrel o€ AEEEIC TTOU
XpnoigotroloUvTal  PE  TTOPOMOIOUG  TPOTTOUG VA €XOUV  TTAPOMOIEG  AVATTAPOOTAOEIG,
OUANQUBAVOVTOG QUOIKA TO VONUA TOuG. TNV oUuvéXela avaAuovTal KATToleg ouyxpovesg péBodol
€UPEDNG TWV AEKTIKWY EUPUTEUNATWV.

(l\Word2Vec

O1 TTpWwTEG TTPOOTIABEIEG KATOOKEUNG AEKTIKWY EUQUTEUMATWY OTNPIXTNKAV O MIa  Oc€Ipd
OUXVOTIKWV HEBOBWY HE OTOXO TNV OTATIOTIKN TTEQIYPAPN TwV AECEWV OTTWG AUTH TTPOKUTITEI ATTO
TNV xprion Toug péoa oTo keiyevo (One-Hot Vectorization, Count Vectorization, TF-IDF
Vectorization, Window based co-occurrence,vectorization kAt.). MNMapoAa autd or diadikaagieg
QUTEG ATAV UTTOAOYIOTIKGA OKPIBEG KAl KATAOKEUAZOV OPKETA APAIEG AVOTTAPAOTATEIG Ol OTTOiEG OEV
frav ammodoTikéS. MNa autd Tov AOyo GTNV GUVEXEIQ UIOBETHBNKAY Ol ETTAVAANTITIKEG JEBOSOI OTTWG
n Word2Vec. BaoikA 16€a Twv TTpOCEYYioEwY auTwyv gival OTI AEEEIC PE TTAPOUOIO ONUACIOAOYIKO
TTEPIEXOUEVO €XOUV KOIVA OUP@palOpeva Kal Gpa TTIPETTEl VO €XOUV YEWMETPIKA KOVTIVEG
OIOVUCOMOTIKEG avatrapaoTacelg. Me GAAa Adyia TTPETTEI va avaTTAPIoTWVTAI KOVTA N Mia TV AAAN
OTOV XWPEO TWV EPQUTEUNATWY (embedding space).

H Word2Vec cival pia otamioTik PEB0BOG yia TNV ATTOTEAECUATIKA EKPABNON WIag autévoung
AEENG TTOU EVOWUATWVETAI ATTO £va owpa Kelévou. AvatrTuxenke atmd tov Mikolov [39] To 2013
KAl yIa OPKETA Xpovia gixe Kuplapxnioel otov Topéa Tou NLP yia Tnv TTapaywyr) €MQUTEUUATWY.
2NV YEBOdO aUTH XPENOIYOTTOIOUVTAI TPIA ETTITTEDN VEUPWVIKWY DIKTUWV: TO ETTITTEO0 €£10000U OTO
o1T0i0 TpoodoTETal £va peydAo owpa Aégswv (corpus text), To emiTredo TTPOROAAG (projection)
OTO OTT0i0 TO MOVTEAO ekTTaIdeleTal PE BAon T YAWOOIKA CUP@PAZOMEVA TwV AEEEWV Kal TO
etmitredo €€6dou. H péBodog diatrepvd 10 WA AEGewv ETTAVOANTITIKG oUTWG WOTE VA PJABel T
ouoxETion PeTagu Twv Aé€ewv Baai{duevn OTnV UTTOBEaN OTI KOVTIVG GNUOCIOAOYIKEG AECEIC EXOUV
YEWMETPIKA KOVTIVEG DIOVUOUATIKEG AVOTTAPAOTACEIG. H péTpnon TNG opoIdTNTAG YiveTal e XpAon
TNG METPIKAG OPOIOTNTAG CouvnuITévou (cosine similarity). ZTnv TpaypaTikdTNTa aTTAG JETPAPE TO
ouvnuiTovo TNG ywviag TTou oxnuatifouv Ta Siavuopata Twv AéEewv. Ma KovTIvéG AEEeIg



oToxeUoupe O€ ywvia Tou TTpooeyyiel To undév KAl wg €TAKOAOUBO O€ CGuUVNUITOVO TTOU
Tpooeyyifel Tnv povada. H pébodog Word2Vec ouvdudlel duo TTPOPRAETITIKEG pEBSOOUG: TnV
CBOW (Continuous Bag of Words) kai Tnv Skip-Gram. "O1rwg @aiveTal kal 6To akdAoubo axfiua o
pnxaviopog CBOW emmixelpei va TTpoBAEWel TNV "KeVTPIKA" AEEN SeBOUEVWIV TWV CUNQPAOHEVWY,
evwy o Skip-Gram pnxaviopog TrpootraBei va TTpoBAEwel T cup@paddueva doBEvTog TNV
"KevTpIikn" AEEN.

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

w(t-2) A ‘ w(t-2)

w(t-1) / /( w(t-1)
/’ /
s
//
w(t) w(t) > ~
\_\\\
, \ \
wi(t+1) [ / \ w(t+1)
w(t+2) ( 4 wtr2)
CBOW Skip-gram

2xnua 2.3.2 : O1 unxaviouoi CBOW kai Skip-Gram otn ué6odo Word2Vec [39].

() GloVe

O aAyépiBuog GloVe [40] (Global Vectors) atroteAei emméktaon mng peBodou Word2Vec yia o
atmodoTIKA eKPABNON Twv YAWOOIKWY avatrapactdoewyv. H kupia diagopd Tou civalr 611 dev
QgIOTTOIEI ATTOKAEIOTIKA TO TOTTIKG OTATIOTIKA ,0NAAdH Ta TOTTIKA CUP@paldueva Aégewy, aAAd kal Ta
oAIka (Global) oTaTIoTIKG yia TNV €0pean TWV AEKTIKWV EUPUTEUMATWY. H alotroinon Tou cuvoAou
TOU KEIMEVOU AOITTOV YIVETAI E TNV KATAOKEUN €VOG TTiVAKA OUVATIAPENG (coocurrence matrix) KaBe
OTOIXEIO TOU OTTOIoU Aij uttodnAwvel 160G QopEG N AEEN | Xl eppavioTel padi ue Tn AéEn j . 'ETol,
aQou apxikotroinBouv Ta dlavuouata avamapdoTaong &ekivagl n emavaAnTrmiky diadikaoia
EKMABNONG YE OTOXO TNV €AAXIOTOTTOINON KATTOIOG OUVAPTNONG KOGTOUG N OTroia ouvABwg gival To
MEOO TETPAYWVIKO OQAApA. Me auTtdv Tov TPOTTO, TO POVTEAO Q&IOTTOIE TO KUPIA OQEAN TWV OAIKWV



OTATIOTIKWY, METPWVTAG CUVEUQPAVIOEIG AECEWV, EVWD OUYXPOVWG XPNOIMOTIOIE Kal aTTOdOTIKEG
YPOUMIKEG UTTOBONEG, 6TTwG To Word2Vec.

€ Vi

0]
. Wi
[ |1

W=w; w, .wy] wrT
—— ——
~T J. ; —~—

0 We w w; ,] ij“;f

one-hot

2xnua 2.3.3 : H apxirektovikrj Tou povréAou Glove [40].

2.3.2 MNMpoektraideupéva MovtéAa yia Etregepyaoia Puoikic MNwooag

Ta mpoekTTaideupéva povTéAa (pretrained models) yia emegepyaoia @uaoikhg yAwooag (NLP) gival
MovTéAa BaBidg udbnaong Ta oTroia £€xouv EKTTAIBEUTEI O€ TEPAGTIA OUVOAQ SEOONEVWY TTPOKEINEVOU
va ekTEAOUV pia ouykekpipévn epyaacia. ‘Exouv Tnv duvardtnta va pobaivouv KaBOAIKEG YAWOOIKEG
AvVOATTAPACTACEIG, APOU eKTTAIOEUOVTAI O€ TEPAOTIO cwUATA AéEEWV OTA OTToId O XPAOTNG EiTe deV
éxel mpoéoPBacon eite dev dIaBETEI CUVABWG TOUG ATTAPAITATOUG UTTOAOYIOTIKOUG TTOPOUG, YEYOVOG
TTOU Ta KOBIOTA TIOAU XpAoINa o€ didgopeg epapuoyés NLP OTTwg n olvoywn Kelpévou, n
avayvwplion OVOUACTIKAG ovToTNTAag, N avaAucn GuvaioBnuaTtog, n €mMOrUavon PEPOUG Tou
Adyou, n upetappacn yAwooag, n onuioupyia keiwévou KTA.. AuTO efaleipel Tnv avdaykn va
eKTTaIOEVUETE €va vEO MOVTEAO atrd Tnv apxn KABe gopd. Me GAAa Adyia, Ta TTPOEKTTAIOEUPEVA
MovTéAa pTTOpoUV va Bewpnbolv wg €TAVAXPNOCIYOTIOINCIMG HJOVTEAQ TIOU WTTOPOUV va

QgIOTTOINCOUV Ol TTPOYPAUUATIOTEG YVIA VA dNUIOUPYIOOUV YPRYOoPa Kal TTIO OTTODOTIKA EQPAPUOYES
NLP.

H pon Twv gpyaciwv gival ogipiakr Kal TTapdAAnAa xapaktnpifetal atmd pia iepapxia ¢e1dikeuonc.
AVOAUTIKOTEPA, TO YAWOGIKO MOVTEAO TPOPODJOTEITAI TIPWTA HE €va PeydAo apiBud un



emonuacuévwy  dedopévwy  (yia Trapadeiyua, n TAApNG BiPAIoBAkn Tou Wikipedia). Auto
EMTPETTEI OTO POVTEAO va PABel TN Xprion dIa@opwy AECEWV Kal YEVIKA VA OQOUOIWOTEl TNV doUN
™G YAWooag eEdyovTag TTOAU aTTOOOTIKEG KOl AVTITIPOOWTTEUTIKEG OIAVUCUATIKEG AVATTAPACTACEIG.
21NV ouvéxeld, To JovTéAo Tpo@odoTeiTal e Eva AANO PIKPOTEPO OUVOAO OEBOUEVWY OUTWGS WOTE
va €CeidikeuTei o€ pIa ouykekpipgévn epyaoia NLP. 1o Bripa autd ekTeAeital pia akpiBig
mpocapuoynh (fine tuning) Twv TTAPOUETPWY TOU 10N EKTTAIBEUPEVOU WOVTEAOU HE OKOTTO TNV
TeAEIOTTOINON TOU TTAVW OTNV TrpoavagepBbeica epyaaia. Me Tov TpOTTO QuTd TTPOCTIABOUNE va
OUYKEKPIPEVOTTOIOOUNE TIG YEVIKEC Kal KABOAIKEG avaTTAPAOTACEIG AEEEWV TTOU £XOUV TTPOKUYEI
KaTaAAyovTag €101 o€ POVTEAA UWNARG atmmddoong. TNV cuvéxela avaAuovTtal Ta onUavTIKOTEPA
TTPOEKTTAIDEUHMEVA HOVTEAQ .

Large corpus (like Task-specific
Wikipedia) dataset (like Q/A) Test dataset
Y L J y
Language Fine tuning o
Model the model Final Model

2xHua 2.3.4 : Pon epyaciwyv otnv XpHon mpoekmaIdeuuévwy povréAwyv MNwooag

() To yovrédo BERT(Bidirectional Encoder Representations from Transformers)

To povtého BERT avattixbnke atmd pia oudda gpsuvntwy TG Google Al 1o 2018 kai atmotéAeoe
KOUBIKO onpueio TTou ouvEéPepe KABOPIOTIKA OTNV €€EAIEN TOU TOUED TNG ETTECEPYATIAG TG QUOIKNAG
YAOOQG. 2TNV TTPAYMOTIKOTNTA, N KukAogopia Tou povréAdou BERT onuatoddtnoe tnv évapén
MIag véag emoxng otov Xwpo Tou NLP Adyw Tng atrodoTikOTNTdg Tou aAAG Kal TG TayxuTnTag
EKTTAiIdEUONG TTOU TTAPOoUOIAdel. H Badikr TEXVIKI KAIVOTOUIA TOU gival N Epapuoyr TNG au@idpoung
eKTTaidEUONG OTNV apxITeKTovIKA Tou Transformer emituyxdvovtag €101 pia BabuTtepn aicbnon Tou
YAWGCOIKOU TTAQIGIOU Kal avwTePn KaTavonon Twv PoTiBwy TTou diETTouv TV YAwooa. Kal 6Aa autd
0¢ OUVOUQOWPO ME TO YEYOVOG OTI eKTTAIOEUTNKE O €va TEPAOTIO OUVOAO OeDOMEVWYV TTOU
mepieAdUBave Tdvw amd 3.3 dioekatopuupla Aégeig(Wikipedia ~2.5B AéEeigc kai Google’s
BooksCorpus ~ 800M A£E€iG).

H mpwTn oTpatnyikni Pe Tnv otoia ekTTaIdeUTnKe TO PovTéAo ovoudletal "Masked Language
Modeling" (MLM). Z10 ev Adyw 1TpoéBAnua, to 15% 6Awv Twv WordPiece evdeifewv (tokens) kaBe
mpoTaong "kpuBetal" e TuxXaio TPOTTO (Xpenoiuotroiwvtag To token [MASK]) kal 10 povTéAO
emyelpei va TTPORAEWEl TNV APXIKA TIMA TwV KAAUPUEVWVY Aégewv, pe BAon To TTAQICIO TTOU



Tapéxetal ammd TIG AAAEG, PN KOAUMMEVEG, AEEeIc TNG TTPOTaONG. Texvikd autd yivetal pe Tnv
TIPOCONAKN £VOG TTITTEDOU TAgIVOUNONG oTnVv £€080 Tou Encoder.

H d&eltepn oTpatnyikn Pe Tnv otroia ekTTaidelTnke 1O PovTéAo ovopdadetal "Next Sentence
Prediction” (NSP). To povtéAo Aoimrév AapPavel Celyn TTPOTACEWV WG €i0000 Kal pabaivel va
TPoBAETTEl €Av n delTEPN TTPOTACN OTO (eUyog gival n €TTOPEVN TTPOTACHN OTO APXIKO £yypaq@o.
Katd 1 didpkeia Tng ekmaideuong, 10 50% Twv giopowv eival €va Ceuydpl 0To OTTOI0 N deUTEPN
TTPOTACN €ival N ETTOUEVN TTPOTACH OTO APXIKO £yypago (emmionuacuévn wg IsNext), eviy oto GAAO
50% pia Tuxaia TTpéTacn ammo 1o cwua (emonuacpévn wg Not Next). H utréBeon givail 611 n Tuxaia
TPoTaCN Ba ammoouvdeBei atmd Tnv TTPwWTN TTPOTACT. Kartd Tnv didpKeIa eKTTaidEUONG TOU JOVTEAOU
o1 OUO auTEG OTPATNYIKEG UAOTTOIOUVTAI TTAPAAANAG KAl O OKOTTOG gival N EAAXICTOTTOINCN TOU OTTO
KOIvoU OQAAUATOG.

m: Mask LM Mask LM NLI /%D Start/End Spah
DS E 5

L - - >t

- TR - P

BERT N CEC R R Ll CRCRCH BN Dl BERT
=51 (& Eall&]- &)
\_'_I \_l_l
Masked Sentence A Masked Sentence B Question Paragraph
> *
\\ Unlabeled Sentence A and B Pair / \\\ Question Answer Pair J

Pre-training Fine-Tuning

2xnua 2.3.5 : O1 diadikaoies mpoekmaideuong kai fine-tuning tou povréAou BERT [41].

[MASK] [MASK]
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2xhua 2.3.6 : Avamrapdoraon eic6dou rou BERT. Ta suguretuara eic6dou eivai 1o dBpoioua Twv
EUQUTEUUATWY TV tokens, Twv TUNUATwV TPoTaongs Kai 1ng 6éong [37].



210 apXIkd apBpo TTapoucidoTnkayv dUo ekdoxEG Tou poviédou BERT. To BERTBASE 1Tou diaBérTel
12 otpwpata otn oTtoifa Tou kKwdikotroinTh kai To BERTLARGE pe 24 otpwuata. Ol
apxitektovikégc  BERT  (BASE kai  LARGE) éxouv  emiong  peyaAutepa  SikTua
TPO0BIaG-TPoPodOTNONG (UE 768 Kal 1024 KPUPEG JOVADEG AVTIOTOIXA) KOl TTEPICTOTEPQ KEPAAEG
TPocoxns (12 kar 16 avtioToixa) amd TNV TPWTOTUTIN apXITEKTOVIKN Twv Transformers. MNavw
oTnv apxITektoviky Tou BERT éxouv Bepuehiwdei pia oeipd atmd TTPOEKTTAIOEUPEVA HOVTEAD Ta
ONMAvTIKOTEPA €K TWV OTToiwV avagépovtal akohoUubwe: CodeBERT, OpenNMT, RoBERTa, ELMo,
XLNet, ULMFit.

2.4 Neupwvika Aiktua oe I'pdgpoug

O1 ypagol cival éva €idog douAg dedopévy TTOU POVTEAOTTOIEI £va GUVOAO QVTIKEIMEVWY, TTOU
ovopadovTal KOUBOI, Kal TIG OXEOEIG KAl AAANAETIOPACEIS TTOU avaTTTUCoOVTAl JETOEU TOUG (AKUEG).
Ta TeAeuTaia xpovia, £peUveg TTAVW OTNV AVAAUCH YPOPNUATWY PE UNXAVIKR Jadnon Aaupdvouv
OAO Kal PeyaAUuTePn TTPOCOXN AOYW TNG MEYAANG EKYPACTIKNG TOUG dUVANNG OAAG KAl TWV OXECEWV
TTOU PTTOPOUV VO EVOWUATWOOUV. 'Exouv epapuooTei o€ dIAQPOPOUG TOUEIG CUNTTEPIAAUPBAVOUEVWY
TWV  KOIVWVIKWV €TTIOTNPWY [42], TIG Quolkés emoTthpeg [43], Ta Siktua aAAnAeTTidpaong
TpwTEivNG-TTpwTEivng [44], ypagruaTta yvwong [45] kai TTOAEG GANEG pEUVNTIKEG TTEPIOXEG [46].
Eomidlel kupiwg oe epyacieg O6TTwg n Tagivounon kouBwv, n TPORBAEWn OuvdECHWYV Kal N
opadotroinon. H kUpia TTpwToTuTria TTOU €I0Ayel gival 0TI oTnv KAaoik Mnxavikp MdaBnon
emmegepyalduaote EukAeideia dedouéva Ta oTToia Bewpouvtal avegdpTnTa PeTaglu Toug. MapdAa
auTd ol ypd@ol aTToTEAOUV OKAVOVIOTEG OOMEG XWPIG KATTOIA CUYKEKPIMEVN YEWUETPIO Kal  ME
KOMBoug o1 otroiol TTAéov aAANAETMIOPOUV PETAEU TOUG PE SIAPOPOUG TUTTOUG OUVOECHWY. ZTNV
ouvéxela TTapouaidloupe TNV Asiroupyia Babitov veupwvIKWY JIKTUWY G€ YPAPOUG.

2.4.1 Baoikd Zroixeia @swpiag Mpanuatwy

Mpagog N ypdenua (graph) civar yia doury Tou amoteAsital atrd éva ouvolo kopupwy (vertices) i
KOUBwvV (nodes) TTou cuvdiovTal PETAEU TOUG PE €va oUvoAo akpwy (edges) A ypaupwv (lines).
KdaBe ypdopog opiletal wg éva feuyog G=(V,E) émou V civar 1o TARBog Twv KOuBwv kai E 10
TARBOG Twv akuwy. To TTARBOG TWV KOUPBWYV evog ypdgou cuuBoAideTal ue n= |V| kal ovopddeTal
TaEN (order) Tou ypdgou. To TTANB0G Twv akuwyv cuuBoAiletal ye m =|E| kai ovouddleTtar péyebog
(size) Tou ypdgou. H rukvéTnTa (density) evog ypdeou, opifetal atrd T0 GUVOAO TWV AKUWY TOoU
KAl TwWV KOUBwV Tou. Edv duo ypdgol éxouv Tnv idia Tagn, aAAd dIa@opeTikd PéyeBog, TéTE £XOUV
OIAQOPETIKN TTUKVOTNTA (O YPAPOG PE TO PEYAAUTEPO HEYEBOG AépE OTI gival TTIO TTUKVOG aTrd auTév
ME TO PIKPOTEPO WEYEDOG).



Aedopévng piag akuAg (u, v), o KOuBog u ovouddetal yeitovag Tou KOPPBou v. H yeirovia
(neighborhood) evog k6uBou u cuuPoAiletal pe N(u) kai gival To oUvoAo Twv KOUPwWYV TTou opileTal
amdé v oxéon : Nu) = [u € V (G)|(u, v) € E(G)]. To TTARBOG TWV YEITOVWV-OKUWY TTOU
TTIPOCTIITITOUV OTO KOUBO u, ovouddletal BaBuog (degree) Tou KOPPBoU u Kal cupBoAideTal pe d(u).
Av yia kdrtroiov kOpBo 1oxuel d(u) = 0, o kOuBog ovoudletal armropovwuévog (isolated) kai
avTtioToixa, av ioxuel d(u) = 1, o kOuPog ovoudletal eEKKpEMRS (pendant). "Evag ypdeog, yia Tov
oTroio kGOt KOuPog Tou €xel Pabud d ovopdaletal d-kavovikog. Evag ypagog G Aéyetal
OuVvOEBENEVOG ) OUVEKTIKOG, €AV UTTAPXEI HOVOTTATI TTOU VO cuvdéel OAa Ta Celyn KOUPBwWY PETAEU
TOUG.

O1 ypdgol avaéloya pe TV KoTeUBuUvon Twv OaKPWwv Olakpivovral g dUO KATNYOopPiEg : TOUG
KaTeuBuvopevoug ypagoug (directed) kai Toug pn kateubuvouevoug ypagoug (undirected). Evag
YPAQPOg ovoudaletal KateuBuvouevog, eav TTEPIAAUBAVEI OTTOKAEIOTIKA KaTEUBUVOUEVEG aKpéG. Ol
OKPEG €VOG ypAgou ovopddovtal KaTeuBuvopeveg, Otav Ta Celyn TwWV OKPWY (U, V) Kal (v, u)
AapBavovtar wg diatetaypéva, dnAadn (u, v) # (v, u). ZTnNV TIEPITITWON TIOU Ol OKUEG Oev
BewpouvTtal dlaTeTaypéveg, TOTE ovoudalovtal un OIOTETAYMEVEG 1 OTTAEG. AvTIOTOIXA, OTOV Wn)
KaTeuBuvopevo YpAgo ep@avifovTal HOVO aTTAEG AKUEG.

(a) (b)

2xhua 2.4.1 :'Evag un KateuBuvouevo ypdgog (apioTepd) Kal £vag KaTeubBuvouevog (0€€1d).

EmtAéov o1 ypdgol diakpivovtal pe BAaon Tov TUTTO TWV KOPPBWV Kal TWV AKPWY TOUG OE OJOYEVEIG
(Homogeneous graph) kai etepoyeveic (Heterogeneous graph). ‘Evag opoyevig ypd@og sival évag
YPAQPOG oTOV OTT0iI0 OAOI O KOUBOI Kal GAeG oI akpéG ival Tou idlou TUTTOU. TMa TTapddeyua, ot
évav OHOYEVH] YPAQPO KOIVWVIKAG BIKTUWONG, OAol oI KOPPBOI UTTopEi va gival AToua Kal Ol OXECEIG
TTOU avaTTiooovTal PETAEU TOUuG va cival ox€oelg @IAiag. AvtiBeta oe €vav eTepoyevr) ypdg@o
MTTOpEl va €xoupe KOUPBouUg 1 ouvdiaelg diagopwy TUTTwY. MNa TTapddeiypa, o€ évav €TEPOYEVA
YPAQPO KOIVWVIKAG BIKTUWONG, Ol KOPPBOI PTTopEl va avTITTpoowTTelouv Oxl HOVO AToua, aAAd Kai
OpYQVIOUOUG Kal OPAdEG €V Ol OXEOEIGC TTOU TOUG OUVOEOUV WTTOPEI va eival @IAiag, Koivd
evOlaQEPOVTA Kal GAAQL.



Homogeneous Heterogeneous
Network Networks

2xNua 2.4.2 : Ouoyevic ypdeog (apioTepd) Kai évac ETEPOYEVIS YPAPOC (OeEIA).

TéAoG, n ToTToAOYIKA TTANPOPOpIa Tou ypapou G=(V,E) repiypd@etal atmo Tov Mivaka Feirviaong
(Adjacency Matrix) o otroiog gival évag |V|x|V| mivakag 1Tou opiletal atrd TNV akdAoubn oxéon:

A=(a) = {1,if(i,))EE, Vi je, ., n and0,otherwise } (2.4.1)

ij “nxn

O Adjacency Matrix yia pn kateuBuvéuevous ypA@oug €ival CUPHETPIKOG VW) TA OTOIXEID TNG
dlaywviou eivar TTavta pndevikd. Ze TTEPITITWON TTOU Ol aKUEG eival oTabuiopéveg (weighted)
opiCetal o avrioToixog lMivakag Bapwv (Weighted Matrix) 6mmou kGdBe oToIxEio w, aTtreikovidel 1o

Bapog TG akung TTou cuvoéel Tou KOUPOUG i Kal j.

2xnua 2.4.3: Mapddeiyua ypdeou rou dikTuou the polbooks network [47].



2.4.2 Neupwvika Aiktua og 'pdgoug (Graph Neural Network’s - GNN)

Ta GNN (Graph Neural Networks) avAkouv oTnv €upUTEPN KAAON TWV VEUPWVIKWY BIKTUWY Kal
givalr oxediaopéva yia va emregepyddovtal kal va avaAlouv dedopéva Ta oTroia gival dounuéva oe
YPAQPOUG. ZKOTTOG TOUG Eival va UABoUV EKQPACTIKEG AvaTTAPAcTACEIS (representations) yia Toug
KOUBOUG EVOWHATWVOVTAG TNV TTANPOQOPIa TTOU TTPOKUTITEI ATTO TOUG YEITOVIKOUG KOUBOUG.
Alakpivovtal o€ dU0 YEYANEG KATNYOPIES:

e H yxwpIkR Tpooéyyion ypapnuarog (spatial based graph) cival oA kai Asitoupyei
oTnNV TOTTOAOYIO YPOQPAMUOTOG CUYKEVTPWVOVTAG TTANPOQOpieg atmd Tnv  YEITovid TOU
KOuBou. O1 TexvikéG TTOU BacifovTal o€ XWPIKA YPOaPRUATA TTPOTIMWVTAI KABWG gival TTOAU
ATTOOOTIKEG KAl TAUTOXPOVA ENPAVICOUV UIKPF UTTOAOYIOTIKA TTOAUTTAOKOTNTA.

e To @IATpdpioua ypapRuatog pe Bdon 1o @doua (spectral based graph filtering)
Baoicetal og pia ammoouvBeon Eigen Tou Tivaka Laplacian Tou ypa@rjuoTog TToU ETTITPETTE
TOV PeTaoyxnuaTiopnd Fourier Tou ypa@ApaTtog. MpoTiydral Kupiwg otnv avaAuon onuatwy
OTTOU N PETAPOPA OTO TTEDIO TG CUXVOTNTAG AEITOUPYEI TTIO ATTOTEAECHUATIKA.

H Baoikr 18éa otnv otroia oTtnpidovtal gival n peTafifaon pnvupdrtwy (message passing) n
OTToia TOUG ETTITPETTEI VO AEIOTTOINCOUV TIG OXEOEIG KAI TIG OUVOECEIG TTOU avaTITUoCOVTAl OTOUG
ypagoug. AvaAuTikéTtepa , opifoupe Evav ypdgo G=(V,E) étrou TTepiAaupavel éva oUvolo KOPBwv
SEV o1 omoiol TepidapBdvouv eTIKETEG dNAAd Tnv KAGON OTNv OTroia avrikouv. ApXIKd Ta
olaviagpaTta Twv KOPPBWY apxIKOTTOIOUVTal e €va SIAVUOUA XOPAKTNPIOTIKWY TO OTToI0 UTTOPEi va
oupTtrepIAapuBavel KATTOIEG 1IBIOTNTEG TWV OVTOTATWY TIOU QVTIKATOTITPI(OUV oI KOPBOoI OTTwg
apIBUNTIKA 1 KOTNYOPNMHATIKA XAPOKTNPIOTIKA. TNV OUVEXEla yia KABe kduPo utroloyidetal o
UTTOAOYIOTIKOG ypd@og (computational graph). O1 utrohoyioTikoi ypd@ol civalr évag TUTTog
KATEUBUVONEVWYV YPOPWYV TTOU AIOTTOIEITAI VIO TRV avaTTapdoTaon HABNUATIKWY EKPPATEWY aAAd
KQl yIO va OTTTIKOTTOIRCEI TNV POr| TNG TTANPOYOPIiag 0ToO message passing.

TARGET NODE .“,

A

Y0 0® o

INPUT GRAPH

Neural networks

2xnua 2.4.4 : O umoAoyioTikéS ypaeog Tou kouPBou A o€ éva GNN 2-emirédwy [48].



2TV OUuVEXEla TTapouaidadoupe TNV por TTou akoAouBeitalr katd Tnv TTpdobia diddoon (forward
propagation) 1Tou kaBopilel Tov TPOTTO WE TOV OTTOI0 N TTANPOQOpIa PETAPEPETAI aTTd TNV €i0000
oTnv €6000 TOU VEUPWVIKOU BIKTUOU. Z& KABE Aoimrdv emmavaAnyn 10 veupwvikd OiKTUO yia ThV
peTaBifaon pnvupdTwy ouvdudlel (aggregates) Tnv TTANPo@oOpia TTOU TTPOKUTITEI QTTO TOUG
YEITOVIKOUG KOUBOUG Kal PEoW Miag ouvapTnong avavéwong Trapdyel Ta TeAIKE embeddings.
AVOAUTIKOTEPO XpPNOIYOTIOIoUNE Mia ouvdpTtnon(aggregation function) yia va cuvdudoouue Tnv
TTANPOPOpPIa TTOU TTPOKUTITEI ATTO TOUG YEITOVIKOUG KOUBoUG. H cuvapTnon auTr PTTopEi va givai n
MEonN TIUN, TO GUVOAIKG dBpoloua ) KATTola oTaBUICHEVN MEON TIWA. ZTNV CUVEXEID TO ATTOTEAECUA
OiEpyetal ammod €va fully connected layer (MLP) yia va trapdyoupe Tnv TeAIK avatrapdoTaon yia
Tov KOUBOo. H pabnuaTiki oxéon mmou akohouBeital yia 1o I-layer Tou GNN eival n €§AG:

I 1 [ N A
hv = G(W > w hu + B -hv ) (2.4.2)
UueN(v)

610U G €ival N hN ypauMIKh ouvaptnon evepyotroinong, N(v) To GUVoAO Twv KOUBWYV TTOU aviKouv

oTnV YeIrovid Tou KOPBou v Kal w' : Bl gival To Tpog ekpdadnon Bdapn. O 6pog Bl-hf;_1 givar atmAda

¢va  self-loop, &nAadry n avamapdotacn Tou KOPBOU Vv TOU  TTPONYOUMEVOU  ETTITTESOU

ToAAaTTAaCIaouéVO PE €vav Trivaka Bapwyv. Na onueiwBei 611 n ouvdptnon cuvduacuoU TTou
1
INWI -~

aglotroindnke gival N géon TP yia auTtd Kail 0 OpOg KAVOVIKOTToINoNG

Layer-U
Layer-1 @& XA

TARGET NODE .“‘ @ XC

/ “

INPUT GRAPH

2xnua 2.4.5 : O1 urroAoyiaTikoi ypdeol yia kG kouBo Tou SIkTUou [48].

2mv ouvéxela amAd ouvdudloupe oeciplakd TTOAOTTAG eTTireda GNN. KdbBe emimedo 10U
TpocBEéToupE augdvel To BdBog Tou computational graph kai To €UpOg TwV YEITOVWY TTOU AEIOTTOIET
KABe kOPPBOG yia va e€dyel TNV TEAIKN Tou avatrapdoTacn. AvaAuTikOTepa KABe layer avTioToixei
oTo BApa (step) TTou aglotroicitar dnAadn yia 1 layer agiotmroioUue TNV TTANPOQOPIa TTOU TTPOKUTITEI



aTTod TOuG yeiToveg Tou KOuPou (step 1) evw yia 2 layer aglotroiouue MITTAEOV TNV TTANPOPoOpia atrd
Toug yeitoveg Twv yermrévwy (step 2). H emAoyry Tou TTARBoug Twv layers TpéTTel va yiveTal
TIPOGEKTIKA KABWG yia uwnAd apiBud emmimmédwyv UTTapxel 0 Kivduvog va aAlolwBei n TAnpogopia
KAl va ETTIKPATAOEI Jia opolopop@ia OTIg TEAIKEG avaTTapaoTACEIS TWV KOPPBWV.

H exmaideuon Twv GNN akolouBei Ta KAACIKG TTPOTUTIA TNG MNXAVIKAG WABnong, opilovtag
KAmola ouvaptnon KOOTOUG TNV OToid TTPOCTIOB0UNE VA  EAAXIOTOTTOINCOUNUE HECW Hiag
ouvapTtnong BeAtioTotroinong (optimization function).
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2xnua 2.4.6 : H apyirekrovikn evos GCN 2-emimrédwv [49].

Aldgopa €idn GNN éxouv TTpoTabei Ta oTToIa BIAPOPOTTOIOUVTAI KUPIWG OTOV TPATTO UE TOV OTTOI0
ekTeAEiTal TO aggregation Ta 1o dnuo@IAf eival : Ta Graph Convolutional Networks (GCN) [49],
GraphSAGE [50] ka1 ta Graph Attention Networks(GAT) [51] Ta omroia 1TpooBéTouv Kal évav
HNXavIOUO TTPOCOXNG.



KepaAaio 3
[MpoTepn AouAcia

2TNV  OUYKEKPIPEVN €VOTNTA TTAPEXOUME MIa  OAOKANPWHEVN €TIOKOTINON TNG UTTAPXOUCOG
BiBAloypagiag, MeEAETWV KAl TTPONYUEVWY eEeAiEEwv o1 oTToie¢ oxeTiCovral Pe TO BEépa TTou
gpeuvaTtal dnAadry Tnv avixveuon bot Aoyapiacpwv. [Meplhaufdver pia  eUTTEPIOTATWHEVN
avaBewpnon Kal oUvBeon TwWV TTPONYOUUEVWY EPEUVWIV YEYOVOG TToU CUUBAAAEI 0TNV TOTTOBETNON
TNG OUYKEKPIUEVNG €pyaciag aAAd kal aTnv avadeifn NG ocuuBoAng Tg. @a akoAoubrjooupe pia
XPOVOAOYIK OeIpd WoTe va emonudvoude Tnv Aoyikr €EENIEN TwWV  APXITEKTOVIKWY TTOU
aglotroinenkav aAAd Kal TIG KAIVOTOUIEG TToU €10 yayav. [eviké To cUVOAo Twv PeBSdwWVY PTTopE va
OlaipeBei o€ OUO karnyopieg: (i) péBodor Tou oTtnpifovial TNV PNXAVIKA  €Eaywyng
xapaktnpioTikwy (feature based methods) kai (ii) péBodol n omoieg ALIOTTOIOUV QPXITEKTOVIKEG
BaBidg pabnong (Deep Learning Methods).

3.1 Feature Based Methods

To ouUvoho Twv TIpoTEIVOUEVWY HEBOBOAOYIWY TTOU OTNnEIovTal OTAV  MNXAVIK €EAYWYNG
XOPOKTNPIOTIKWY alOTToIoUV TEXVIKEG ETTIBAETTOMEVNG Kal PN €TMBAETTOPEVNG PHABNONG, ME TNV
CUVTPITTTIKA TTAEIOWPN@ia va avhKel TNV TTPWTN KAThYopia.

3.1.1 MéBodoi Trou Bacifovtal e TexvikéC ETTIBAeTTOMEVNSG M&BNONG

O1 Lee et al. [52] mpdTeivav pia amd TIC TTPpwTeG PEBOSOUS avixveuong Twv bot oto Twitter.
AvoAuTIKOTEPQ, avéTTTuéav €vav TagivounTt Tov oTtroio ovopacav Decorate o otoio cuvduade
TTANPOPOPIEG TTEPIEXOUEVOU , AOYapIACUOU Kal OTATIOTIKA XOPAKTNEIOTIKA TTOU TTEPIYPAPOUV ThV
XPAoN Kal dpacTnpIdéTNTA TOU AoyaplaouoU TTavw o€ £va oUVOAO dedONEVWYV TTOU TTapryayay ol
idlo1. lMpokeluévou va avTAOOUV QVTITIPOOWTTEUTIKA TTPO@IA bot €8ecav dIAPOPES KOIVWVIKEG
TTayideg oTa HEOA KOIVWVIKAG BIKTUWONG oI OTToieg Ba TTpocéAKUAV TNV AEITOUpYia TOUg Kal aTnV
OUVEXEID EKTEAWVTAG Mia OTATIOTIK avAAUcn Twv XOPAKTNPIOTIKWY TOUug aveéTTTuéav évav
TaglvounTr) 0 0TToi0g Ba €iXe ATITA ATTOTEAECUOTA OTOV TTPAYHATIKO KOOWO Tou Twitter. Z¢ rapduola
TAaiola kivriBnkav kai ol Wang et al. [11] o1 otroiol 6pwg Aaufdvouv Ta XapakTnpIoTIKA Jovo atrd
Ta TeEAeuTaia 20 tweets Twv xpnoTwv Kai aglotrolouv éva TagivounTtn Naive-Bayes.



21a xpévia TTou akoAouBnoav n epeuvnTikh KovoTnTa £0woe €u@acn oTnv aglotroinon Kai
eCaywyn EKTEVECTEPWVY DIAVUCUATWY XAPAKTNPIOTIKWY PE TTAPAAANAN HEYOAUTEPN EKPPACTIKOTNTA
TTpoKeINéVOU va avafabuioouv 1o emmiredo emidoong Twv HovréAdwv Toug. O1 Chu et al. [53]
Tapathpnoav Tn OloQopd METAEU avOpwTwy Kal bot 6cov ag@opd Tn CUPTTEPIPOPA OTIG
QVOPTACEIG, TO TTEPIEXOPEVO TWV AVAPTHOEWYV Kal TIG 1I010TNTEG TOU AOYOPIAoHOU KAl TTPOTEIVOUV
éva ouoTnua Tagivounong Tmou TTePIAAUBAvEl Ta TTAPAKATW WEPN: €va oToixeio Baciouévo otnv
EVTPOTTIA, €va OTOIXEIO avixveuong avemBuunTwy avapTAcewy, éva OToIXEio 18I0TATWY Tou
AoyaplaopoU kai évav TeAkd TagivounTtr) RandomForest. ‘Evav xpdvo apydtepa ol Yang et al. [54]
BeAtiwoav aképa TTEPICCOTEPO TNV AKPIBEIO TOU POVTEAOU XPNOIKMOTTOIWVTAG TOV idI0 TagIvOuNnTA
OANG XAPOKTNPIOTIKA PEYOAUTEPNG EKPPACTIKOTNTAG OTTWG O TPOTTIOG £100d0U TOU XPAHOTN OTNV
TAaT@Opua Twitter 4 TNV TAKTIKOTNTA TNG avapTnong tweet atmd Tov XpAoTn. MapdAAnAa avéAucav
TNV AQVOEKTIKOTNTA TWV XAPOKTNPIOTIKWY AAAG Kal TNV SIAKPITOTNTA TTOU CUVEICPEPOUV.

O1 Cresci et al [65] povrteAoTmoincav TV CUUTTEPIPOPA TWV XPNOTWV PECW MIAG YNPIAKAG
aAugidag DNA (Digital DNA Modelling). Ztnv oucia dnuioupyei pia Bdon DNA ol otroia TrepIéxel
éva aA@dpnTo TToUu avTioToixEl o€ dpdoelg Tou XpHoTn (user_activities) kai €101 povTeAoTTOIET TNV
opacTnpIoTNTa KABE XPpAoTn HEow evdg string TTou TTEPIEXEl TO akoAouBlokd Tou dedopéva. H
aAugida auty AoIttév XPNCIKOTIOIEITAI yIa TNV KATNYOPIOTIoiNGn Twv XpnoTwy Baci{ouevol aTnv
10éa 611 Ta spam bots, Ta oTToia TTapdyovTal aTmé auTodaToTToINUEVA AoYIoMIKE, Ba gugavidouv
MEYGAN opolopopgia oto ynelakd DNA Toug. ‘'ETo1 e@dppooe TV PETPIKA TNG MeyaAuTepng Koiviig
YTtroakoAouBiag (Longest Common Subsequence - LCS) Trpokeipgévou va avixveuoel TTpOTUTIa KAl
opoIoTNTEG. Me AAAa Adyia WAXVEl Yo OPAdES XPNOTWYV o1 oTToieg epgavifouv peydho LCS. H 16éa
Tou Cresci eg@dvioe apkeTd uwnAda emmireda ammédoong. MNapoAa autd oe cUvoAa dedouEvwy TTOU
ePTTEPIEXOUV DlaPOpwV €10WV Bot’'s aduvarei va avixveloel oyoldtnTeG aTTOdO0TIKA.

O Davis 10 2016 [56] TTapouciace 1o BotOrNot pia apxITekTovikr) n otroia TTapdyel TTavw oTrd
1000 XapaKTNEIOTIKA Yyia KABE XPAOTN Kal OTNV OUVEXEID avayeTal o€ €va KAAOIKO TTpORAnua
Tagivounong (classification problem) 61mou n €€086¢ Tou eival n MBavATATA évag XPAOTNG Va gival
bot (bot likelihood). Eival n rpwtn péB0d0g N oTToia €10 yaye TOTTOAOYIKA XOPAKTNEIOTIKG TA OTToia
EVOWMATWVOUV TIG OUVOETEIG Kal GAANAETTIOPATEIG TTOU AVATITUCOOVTAI JETAEU TWV XPNOTWV. ZTNV
ouvéxela Ta OlovVUOUATO XAPOKTNPIOTIKWY Twy XPNoTwv TrpowBouvTal g€ €vav aAyopiBuo
HNXAVIKAG HABNoNG Kal ouykekpipgéva oTov aAyopiOuo RandomForest aglotmmoiwvTag Eexwpiotd
TagivounTr yia KABe TUTTO XapaKTnEIoTIKWY. Eva peydAo TTpoBAnua TNG ouykekpipgévng HeBodou
givar 6T aut N XelpokivnTn egaywyn xapaktnpioTikwy (handcrafted features) gu@avilel peydAn
UTTOAOYIOTIKA TTOAUTTAOKOTNTA. 1BIAITEPA OTOUG YPAPOUG TTPETTEI VA EavauTroAoyifovTal KABe gopd
TTOU TTPOCTIBETAI évag Kavouplog xpnoTtng N yivetal éva kaivoupio follow epdoov aAAdlel n doun
TOU YPAQPOU KATI TTOU TTPOPAVWG eV gival ATTODOTIKO.

O1 Gilani et al. [57] uloBétnoav pia dla@opeTIKA PeBodoloyia n oTToia BacioTnke T TTOAUUETIKA
oToIxeia TTou TrepIEXouv Ta tweets. IMpokelyévou va BeATILWOOUV TNV €TTIOOCT TOU JOVTEAOU TOUG
Olaipecav To GUVOAO dedopévwy OE TECOEPIC KATNyopieg dnUOTIKOTNTAG avaloya Pe 1o TTARBOG
TWV OKOAOUBWYV TwV XPNOTWYV Kal 0TNV oUVvéXEla epdppooav évav TagivounTt RandomForest. ZTig
TTEIPAMATIKEG TOUC OOKIUEG, BPEOBNKE OTI XPNOIKMOTIOIWVTAC TNV TTAPATTAVW avATIapAGOTACT] Yia TOUG
XPAOTEG ival TTI0 dUCKOAO va avixveuBei éva bot peTagl Aoyapiaouwy TTou £xouv AlyOTEPOUG aTTO
XiAloug akdAouBoug.



O1 Hayes et al. [58] kwdikoTroioUv TTAAI TO I0TOPIKO dnpocicuong evog Aoyapiagou oto Twitter wg
Mia akohouBia xapaktipwyv Péow TnG wnoelakhg aAucidag DNA. H Baoikr Toug 16éa oTnpixOnke
oTnv umméBean 6Tl n HAKPOTTPOBETUN CUUTTEPIPOPA evoC bot Aoyapiacuou eival AilydTepo Tuxaia
amdé TNV OCUMPTTEPIPOPA €vOG yvholou xpriotn. H pérpnon autig g TuxXaidotnTag Kai
atrpoBAewIudTNTAG £yive PEOW TNG aglotToinong evog aAyopiBuou ocuptrieong (compression
algorithm) péow Tou oToiou €Edyel KATTOIO OTATIOTIKA OTOIXEIQ OTTWG TO MEYEBOG TNG HN
oupTtTieopévng akohouBiag DNA, 1o péyebog Tng cuptmieopévng akohouBiag DNA kai Tnv Tiuf Tou
TT0000TOU CUUTTIEGNG. AUTA Ta XOPAKTNPIOTIKA XENOIUOTTIOINCE OTNV TASIVOUNON TWV XPNOTWV O€
YVAOIOUG Kai bot.

O1 Bacciu et al. [59] ora TAciolia Tng epeuvnTikhg epyaciag Tou PAN 2019 mavw oTtnv
okiaypdenon ouyypagikol TTpo@ih oto Twitter Tapouciacav Tnv diIkid Toug PéBodo TTavw OTNV
Tafivounon Twv XPNoTwv o€ YvAoioug Kol bot. Baociopévol otnv  pnxavikh egaywyng
XOPOKTNPIOTIKWY UAOTTOIOUV [ia  eKTevr) TIpoeTTeCepyaaia Twv OedOPEVWY  TTPOKEINEVOU VA
KataAngouv oT1o TEAIKO dIAVUCHA XOPAKTNPIOTIKWY. AVOAUTIKOTEPA £GAYOUV XOPAKTNPIOTIKA aTTd TA
tweets péow TOU PETPOU OMOIGTNTAG OUVNUITOVOU, TNG avdAuong ouvaicBnudaTwy (sentiment
analysis) kal TG TTAPAPOPPWONG KEIMEVOU. ZTNV CUVEXEID QEIOTTolIoUV €va Tagivountr 600
EMTTEdWY TTPOG €TTIAUCN TOU {NTANATOG. ZTO TTPWTO layer xpnaoipotroiolv évav SVM Tagivounth pe
TTUprvVa TNV ouvapTNON AKTIVIKNAG Baong kai évav Adaboost 30 Tagivountwv. 210 €MOUEVO layer
atmAd ouvduddouv TIG TTPOPRAEYEIC TWV ETTINEPOUG TAGIVOUNTWY PECW VOGS TAGIVOUNTA WE XaAapr)
wneoopia (soft voting classifier) yia va avTtAjoouv 1o TeAIKO aTToTéEAET Q.

H tpooéyyion Twv Loyola-Gonzalez [60] amookotrei otnv avdamTuén evog kartavontol  Kal
ETMEENYAOIYNOU POVTEAOU TAGIVOUNONG Yia Tnv avixveuon Twv bot oto Twitter. To povtéAo TToOU
elodyouv  eivar  Baociopyévo o€ potiBa  avmidiaoToAng (contrast pattern_based model).
AVOAUTIKOTEPO Ta WOVTEAG QUTE XpnoldoTrolouv dia cuAdoyh atmd poTifa avTidiaoToARS yIa va
avaTITu¢ouv €vav TagIvoUNTr] O OTToi0G Ba avTIOTOIXEI KATTOIO £PWTNHA O€ Wia TTpokaBopiouévn
katnyopia. MapdAAnAa yia K&Be xprAoTn cuvdudlel TTANPOPOPIES oI oTToieg eEdyovTal aTrd TO
TepiEXOuEVO Twv tweets, Tov Aoyapiaoud Toug Kal atrd Tnv availuon cuvaioBriuaTtog (sentiment
analysis) Tou Trepiexopévou Toug. H Trapatmdvw pEB0dOG eupavidel avtaywvioTiKA amoédoon.
EmmA£ov, n Kupiapxn cuveio@opd Tng €ival n emeEnynUaTIKOTNTA TTOU OUVOdEUEl KABE aTTdéPacn
TOU MOVTEAOU KAl N OUUBOAN Tng oTov TIPOodIoPIoPd TOu TI Bewpeital wg Pn avepwrrivn
opacTtnpIoTnTa o€ €va online dikTuoO.

O1 Rodriguez-Ruiz et al. [61] avayvwpioav OTI BACIKr TTpoUTI60e0n Kal TTAOpAAANAa TTEPIOPIoPOG
TToU ouvodelel TRV xpRon Tagivountwy TToAAwvV kKAdoewv (multi-class classifiers) civai n Ommapgn
QVTITTPOOWTTEUTIKOU OUvOAoU ekTTaideuong. MaAioTa otnv TTepiTTTwon Twv bot n epyacia yiverai
aKOua TTIO ATTAITATIKN €QOCOV N AViXVEUOH] TOUG Eival apKETA OUOKOAN KOl OTTQITEI EKTETAUEVEG
emkupwoels. ‘Etol, mpoteivouv pia peBodoloyia n otroia oTtnpietal o€ évav TagivounTn Miag
KAdong (one-class classifier) avripetwiridovrag tTnv TPOkKANoN TnG avixveuong Twv bot cav éva
mPORANUa avixveuong avwuaAiwv (anomaly detection problem). [Meipapartidovral AoITTov Ue
OIAQOPOUG TOEIVOUNTEG Ol OTTOIOI PHOVTEAOTTOIOUV TNV CUNTTEPIPOPE YVHAOIWV XPNOTWV Kal TNV
OUVEXEIO avIXVEUOUV Ta bot oav XprioTeS Ol OTToiol aTToKAIiVOuV atrd TNV cupTtTeEpIipopd auTh. ‘Eva
BooikG TTAEOVEKTNUA TNG TTPOCEYYIONG QUTAG Eival OTI BpiokeTal o€ B€on va avixveloel VEOUG
TUTTOUG bot evy o1 duadikoi TagivounTég Ba cival og Béon va dlakpivouv pévo bot idiou TUTTOU e
auTd TTou Xpnoldotroiénkav katd Tnv diadikaagia ektraideuong Tou TagivounTh. O TagivounTig TTou
AeitoUpynoe BEATIOTa oTnv UTTOBe0N auTh gival o Bayes pe ToAU uynAd emrireda etridoonc.



O1 Shevtsov et al. [62] mapoucidlouv pia véa peBodoloyia PBaoiopévn ot éva TTAQioIo
empBAeTéuevng Mnxavikag Mdaonong yia Tnv avayvwplion bot évavTt yvAoiwv xpnoTtwv oTo Twitter.
ZUYKEKPIMEVA TO TIPOTEIVOUEVO OUCTNUA CUPTTEPIAAUPBAvVEl TNV  €€aywyn  HIag TTANBwpPag
XOPOKTNPIOTIKWY TA OTTOI0 KAAUTITOUV ATTO XAPAKTNPIOTIKA TTPOPIA KAl TTEPIBAAAOVTOG £WG XPOVIKA
Kal XapakTnpIoTIKA aAAnAemidpaong. lMeipapaTikd atrodeikviouv OTI TO BEATIOTO POVTEAO OF€
OUVOUOOWO ME TO OET TWV XOPOKTNPIOTIKWV tival To XGBoost n apxITeKTovikr) Tou OTToiouU
otnpifetar oTnv evioxuon kAiong (gradient boosting). Ztnv ouvéxela eAéyxouv Tnv duvatoTnTa
YEVIKEUONG TOU 0TO O0UVOAO dedouévwy US Elections 2020 1o otroio TrTapouaciddel uwnAn etridoon
Kal avaAUouv Tnv €TTEENYNUATIKOTATA TOU POVTEAOU, OTTOKAAUTITWVTAG ONUAVTIKEG €lI0NYNOEIG aTTd
TNV ammoyn avaAuong dedouévwy Tou Twitter.

3.1.2 MéBodol ttou Baaoilovtal o€ Texvikéc Mn-ETtiBAeTtépeEVNG MABnong

H 1Tpwtn péBodOg un emBAeTTOMEVNG HABNONG TTPoTABNKE TOo 2012 atd Toug Ahmed kai Abulaish
[63]. MpodTevav Tn xpron Tou aAyopiBuou Markov clustering yia Tov evToTrIond opddwy UTTOTITWY
Aoyaplacuwy TToU TTPpowBoUv avetmBuunTo TTEPIEXOMEVO (spam). ApXIKG dnuioUpynoav éva un
KateuBuvopevo, TTAAPWG ouvdedeévo ypd@o OTTou KABE KOPBOG avTITTPOCWTTEUEI KATTOIO XPAOTN.
AuTég 0 ypd@og TrepIAapBavel TO BAPOG Twv CUVOECUWY, TTOU gival n ouoidTNTa PETALU Twv
AOYOPIQOPWY  XPNOIMOTIOIWVTAG  XAPOKTNPIOTIKA  TTEPIEXOMEVOU  Twyv tweet. 2Tn  Ouvéxela,
eQapuoleTal o aAyépIBuog cuoTadoTToiNoNG TWV XPNOTWYV AvTIMETWTTI(OVTAG Ta bot oav akpaieg
TIHEG TwV opdGdwyv (outliers of the clusters).

To 2014 Trapoucidotnke atrd Tov Miller [64] pia apXITEKTOVIKA PNXAVIKAG MABNoONG n otroia
OTTOOKOTTOUCOE KUPIWG OTNV avixveuon PNVUMATWY JE KAKOPBoUAo Trepiexduevo (spams). O Miller
QVTIMETWTTIOE TNV TTPOKANCTN TNG aviXveuong Twv spammers cav éva TTPORAnUa avixveuong
avwuaAiwv (anomaly detection problem). AvaAuTikoTepa e@dpuoae ahyopiBuoug opadoTroinong
(Clustering) oTtoug aAnBivolg xproTeG Kal Bewpnoe TOUG spammers oav akpaieg TINES (outliers)
OnAadr xprnoTeg o1 oTToiol EP@Aviouv ATTOKAION ATt TNV TTPOCOOKWHEVN CUMPTTEPIPOPA. a Tov
okotté autd ouvduace dUo aAyopibuoug clustering Tov DENstream kai Tov StreamKM++ 1révw
oTa akoAouBlakd dedopéva. H unxavikni XapaktnpIoTIKWY TrepieAGUBave KatTola atrAd apiOunTika
XOPaKTNPIOTIKA TTou TTpoEKTUTTaV aT1rd To APl Tou Twitter v Ta uttdAoITTa 95 TTPOEKUTITAV ATTO
TNV emmegepyacia Twyv tweets péow Tou kwdika ASCII.

O Chavoshi [65] TTapatpnoe o1 €ival TTOAU atTiBavo va avadnuooieloouv TToAAoi XprioTeg éva
pAvupa oe Aiyotepo ammd 20 SeutepOAeTTTa PETA TN OnuUOCieuar] Tou, f va dnuocieloouy éva
MAVUMO PE OXETIKO TPEVTIVYK BEpa T1o id10 akpiBwg deutepdAertto. MNa va 1o atrodeigel auto,
aglotroinoe pia TeXVIKA KaTtd TNV otroia AapBaverar uttdéwn n kabBuaoTépnon (lag-sensitive hashing
technique) kar pia pérpnon  avmioToixiong avegdptntn amoé Tov Xpdvo (warping-invariant
correlation measure) TTPOKEINEVOU VA OPYaAVWOOUV TOUG XPHROTEG Ot OuAdeg avopBoddia
OUOXETIOMEVWY Aoyapliaopwy. H kipia uttéBeon BacideTal 0To OTI XPAOTES 01 OTTOI0I CUCXETICOVTAI
avopBodota eival TTOAU TmOavoe va  XEIpi(ovial OTTO0  AuTOPATOTTOINUEVA  TTPpoypduuaTa. Ta
ammoteAéoparta €5€1Eav OTI, OTAV Ol AOyapIaCHOi XPNOIUOTToOIoUVTal YIA Va SNUOCIEUCOUV OXETIKA [E
10 i610 TPEVTIVYK Bépa o€ PIKPO Xpovikd TTAaiolo, evrotriCovtal ouddeg bot yia 1o Twitter pe uwnAn
akpiBeia.



3.2 Deep Learning Methods

2Auepa oTtnv emoxA Twv Big Data [66] éxoupe oTnv d1dBeor pag évav TEPACTIO OYKO SESOUEVWIV TO
oTToia  xapaktnpifovral amd ueyaAn €vracn Kal TTolkINopopgia. [diaitepa éoov agopd Tnv
avixveuon Twv bot oto Twitter umtdpxouv TepdoTia kal TTAApN cUvoha &edopévwy Ta oTroia
EMTPETTOUV TNV ETTEEEPYAOIA TOUG PE TEXVIKEG BaBIdg pddnong [67]. Baoikd xapakTnpIiOTIKO Twv
TEXVIKWYV aUTWV gival 6Tl dev ammaiTouv Kapia pnxavikn €€aywyng xapaktnpioTikwy. O aAyoépiBuol
QUTOI JITTOPOUV VA ATTOPPOPOUV Kal va eTTeEEpydlovTal un dopnuéva dedopéva, OTTWG KEIPEVO Kal
€IKOVEG, auTopaToTTolWVTag Tnv Oladikacia eaywyng MoTiBwyv. ‘Exouv Tmrpotabei  apkeTEG
peBodoAoyieg o1 oTToiEG TTPOCTTABOUY Va AVTIHETWTTIOOUV atmodoTiké To (ATNHA TNG avixveuong bot
oTo Twitter oI apPXITEKTOVIKEG TWV OTTOIWV PTTOPOUV va diaipeBolv OTIG akOAOUBEG KATNYOPIEG:
MéBOSOI TToU  ypnoiyoTrololv  emmavaAaupBavoueva veupwvikd Oiktua (RNN), péBodor TtTou
XPNOIUOTTOIOUV  VEUPWVIKA OUVEAIKTIKA OikTua o€ ypdgeoug (GCN) kai uéBodol ol otroiol
Xpnoiyotrolouv transformers..

3.2.1 MéBodoi 1Tou xpnoiuoTroiouv RNN

O1 Kudugunta et al. [68] xpnoiyotroincav éva BaBu avadpouiké veupwvikd diktuo Long Short
Term Memory (LSTM) oUTwg WOTE va a&IoTToINoouV TNV TTANPOPOPIa TTOU EPTTEPIEXETAI OTA tweets
ME MeyoAUTEPN ek@PaoTIKOTATA. AvaAuTiKOTEPA PE TNV Xprion Tou LSTM Bpiokel akoAouBiakég
OOUEG OTO e0WTEPIKG TWV tweets KATAPEPVOVTAG £TOI VO OKIAYPAPROEl TO POTIBO ouyypagng Tou
KaBe xpAoTn. Mia TTOAU onuavTiK CUVEICPOPAG ToU €ival TO yeyovog OTI aTTEDEICE TTWG PTTOPOUE
va avamTuéoupe  povTéAa  pe  uwnAR  atrédoon  aglotroivtag  éva eAdXIoTO  TTAB0G
XOPOKTNPIOTIKWY. ETITTAéOV  €ival n TTPWTN TEXVIKN TTOU TTPOTABNKE n oTroia KAvel TTPORAEwn o€
emimedo Twv tweets. ETreidr) Ta dataset mou eixe otnv d1dBeon Tou amoteAdolvTav ammo XIAIASEG
XPNAOTEG OANG aTTd ekaTOpMUpIa tweets atro@doloe va avTioToIxioel TIG €TIKETEG oTa tweets. H
apxITeKTOVIKAy TTou TrpoTeiveTal KaAeitar ContextualLSTM. AvaAutikétepa kwdikoTrolei Ta tweets
Méow Tou TTpoekTTaIdeUévou povtéAou GLOVE kai otnv ouvéxela Ta TTpowdei og éva LSTM duo
emTédwv. To TeAeuTaio Bripa gival autd TTou xapakTnpeilel Tnv apxitektovik wg Contextual kaBwg
EVOWMATWVEI 0TNV TEAIKA TagIivOunon Kal TNV TTANPo@opia Tou AOyapIacuoU TwV XPNOTWV.

O1 Wei et al. [69] mpodTteivav pia apxITEKTOVIK) n oTtroia aglotrolei éva au@idpouo LSTM
(Bidirectional LSTM-BILSTM). Au@idpopo onuaivel 611 Acitoupyouv TTapdAAnAa &0o0 Kpugd
eTmiTTeda yia TNV idla £€60d0 OUTWG WOTE VA AgIOTTOIEITAI TOOO N TTAPEABOVTIKY 600 Kal n HEAAOVTIKNA
TTAnpogopia. lNa tTnv e0peon Twv embeddings Twv tweets XpNOIUOTTIOIEITAI TO TTPOEKTTAIOEUNEVO
povTéAo GLoVe kal otnv ouvéxela Tpo@odoTtolvTal o1o BILSTM 1piwdv emimmédwv. H apxXITEKTOVIKN
auTr €ival N TTPWTN N OTToia dEV EVOWMATWVEI TO XAPAKTNPIOTIKA Twv XpnoTtwv atmrd 1o API Tou
Twitter otnv TeAIKR TagIvounon.



O1 Feng et al. [70] pdéteivav 10 SATAR TToU €ival n TTpWTN PEBODBOG AUTO-ETTIBAETTOMEVNG
pHaBnong. Aev atmaitei Kavévav PNXaVIOPO €EaYWYNAS XAPOKTNPIOTIKWY OAAG KWOIKOTTOIED TNV
ONMACIOAOYIKI KOl TOTTOAOYIKF) TTANPO®Opia PECW TTPOEKTTAIOEUNEVWY HOVTEAWY. H OuvoAIKn
QPXITEKTOVIKA aTtrapTifeTal atrd TE0OoEpa KOMUATIA: ZTO TTPWTO KOMUMATI epapudlouv LSTM e
MNXaVIOPOUG TTPOCOXNG YIa VO avaTTopaoTHoOoUV TOCO TNV ONPOCIOAOYIKA TTANpo@opia UETAEU
Twv tweet Twv xpnotwv (tweet level) aAAd kal og eTmiTedo Aé€wyv yia va avaTrapacTiioouV TNV
AeCINoyIki Tou cupTtTEpIPopd (word level). Z1o €TTOPEvVO eTTITTESO AEIOTTOIET TA XAPAKTNPIOTIKA TWV
XPNOTWV TToU TTPOKUTITouV atrd T0 API Tou Twitter evw oTO TpiTO HEPOG dnuIoupyei Eva BiKTUO
(Cpdpog) pe ouvdéoelg akoAoluBNong kai €EAyel TNV TOTTOAOYIKA TTANPOQOpPia PECW KATTOIOV
HETOOXNUATIOPWY, XWPIG TNV XPHon VEUPWVIKWY DIKTUWYV. TEAOG Ta TTOAUTPOTTIKA XOPAKTNPIOTIKA
ouvoualovTal péow Tou Co-influence Aggregator 1o o1roio uttoAoyilel TNV YETAEU TOUG CUCXETION
MEOW TTAPAUETPWY TTPOCOXNG. H OUVOAIKA apXITEKTOVIKA EKTTAIOEUETAI PE QUTO-ETTIBAETTOMEVN
pgabnon. AnAadrl TO OUVOAIKO MOVTEAO  ekTTaIdEUETAl TTPWTA TIAVW OTO  CAPa  Tou
#1TARBoug_Followers kal oTnv cuvéxeia BeATIOTOTTOIET TIG TTAPAUETPOUG TTAVW OTO {NTOUNEVO TNG
avixveuong Twv Bot. To peydAo TTAcovéEKTNUA TNG OUuyKeKpIpévng PeBSdoU eival OTI epgavidel
avTaywVIOTIKA eTTiTTeda amédoong evw TTapdAAnAa yevikelel (generalization) kai TTpocapuoleTal
(adaptation) TTOAU KoAd oTOV TTPAYHATIKO KOGUO Tou Twitter.

3.2.2 MéBodoi 1Tou xpnoiuoTroiouv GCN

O1 Alhosseini et al. [71] TTpdTEIVAV TNV TTPWTN APXITEKTOVIKA N OTToia afIoTToIEi VEUPWVIKA SikTud
oe ypdeoug yia va ouutrepIAGBel TNV TOTTOAOYIKN) TTAnNpo@opia Tou ypd@ou. AvaAuTikéTEPA
EQPAPHUOOE CUVEAIKTIKA veupwvika dikTua oe ypdgoug (Graph Convolutional Networks - GCN) Ta
otroia  eKPETAAAEUOVTaI TOOO TA XOPAKTNPIOTIKA TOUu XPnoTn OTTwG auTd TTpokUTITouV atro 1o API
Tou Twitter aAAG kai TNV TTANpogopia armd Tnv dour Tou ypdeou.O ypd@og £xel oav OUVOETEIG
MOVO TIG Ox€0€Ig akoAoUBou evw yia To apxikd didvuoua Tou KABe XpAOTN XpnoldoTtrolouvTal 7
low-level xapaktnpioTikd. To GCN 1mou YpnoiyoTrolgital £xel 2-emmieda. H aglotroinon teEXvnTwv
VEUPWVIKWY BIKTUWV 0€ YPAQPoug TTAvw OTA KOIVWVIKA diKTua £@epe Wia eTavaoTacn Adyw Tng
MEYAANG EKPPACTIKOTNTAG TTOU £XOUV OTO VA QVATIGPICTOUV TV TOTTOAOYIKI) douf Tou S&IKTUOU.
MapdAAnAa cuvodeuovTal atrd oAU uWnAEg eMOOOEIG Kal PIKPA TTOAUTTAOKSTNTA.

O1 Feng et al. [20] TrpdTEIvav pia apXITEKTOVIKA N otroia BEATIWVEI TNV AVTIOTOIXN TTPOCEYYION TOU
[71] kar epgavifel peyoAUuTepn TTANPOTNTA. AVAAUTIKOTEPA avaBdBuioe Tov ypd@o woTe va
eUTTEPIKAEiEl OedOPEVO TTOU AVTATTOKPIVOVTAl TTANCIEOTEPA OTIG PEANIOTIKEG OUVOECEIG TTOU
avaTITiooovTal 0Ta PECA KOIVWVIKAG SIKTUWONG PETAEU Twv XxpnoTwyv. Baciletal Aoimmov o€ évav
TTAéOV KATEUBUVOUEVO €TEPOYEVH] YPAPO O KOUPBOI TOU OTTOIOU aVTIKATOTITPI(OUV TOUG XPAHOTES Kal
ol ouvdéoelg TTou avaTrtuooovTal eivar duo: followers kar followings. To didvuoua Twv
XPNOTWV-KOUPwWYV TTEPIKAEiEl BIdpopa XapakTnPIoTIKG TTou Trepypd@ouv Tov Aoyapiaopud Twv
XPNOTWV OANG Kal TO Treplexouevo Twv tweets. MNa va emegepyacTei Tov ypd@o atrodoTikd
E@dapuooe ZuoxeTioTika ZuveAIKTIKa Neupwvika Aiktua o€ 'pdgoug 2 emrirédwv( Relational Graph
Convolutional Networks- RGCN) .



O Lei et al. [72] péTeivav pia péBodo n otroia emiTpéTTel TNV PaBId Kal yoviun aAAnAetTidpaon
METOEU TWV APXITEKTOVIKWY ETTEEEPYATiag KeEIPEVOU Kal YPAQPOU Ol OTTOIEG TTPONYOUNEVWG
AciToupyouoay  OTTAQ CUPTTANPWHATIKA  XWPiG Kauia ouoxéTion. EmmAéov  evromiel Tnv
oNPacIoAoyIKA cuvéTTEIa PETAEU TwV tweets Tou kGBe xproTn. To BIC povTtéAo atroteAeital amé M
emiTreda kKabéva atmmd Ta otroia TepIAauBavel U0 AEITOUPYIKEG POVADEG: (i) TNV aAAnAeTTidpaon
METAEU Kelpévou kal ypdgou Kai (i) TNV avixveuon onPacIoAOYIKAG CUVETTEING. 2ZTO TTPWTO KOMUATI
Aoimév 10 dikTUO MOBaivel Tn OXETIKA onuagia Twv OU0 HOPPWYV KEIYEVOU Kal ypdgou
EQPAPPOLOVTOS OAANAETTIOPACTIKEC AVATIOPACTACEIS ME MNXAVIOUOUG TTpoooxAs. To OeuTePO
KOUMATI XpnolyoTrolei Ta Bdpn TTPOCOXAG atrd TO TTPoeKTTaIdEUNEVO HovTEAO YAwooag RoBERTa
yia va aviXveuoel TIG AAANAOECOPTACEIG KAl TN CUVETTEIO JETAEU TWV avapTriioewv oT1o Twitter. O
OUVOUQONOG autdg Trapoucidalel ToAU uwnAd emmitreda  €1TidO0ONG KAl TAUTOXPOvA HEYAAN
EKPPOOTIKATNTA.

3.2.3 MéBodol TTou xpnoiyoTrolouyv transformers

O1 Garcia-Silva et al. [73] TpoTteivav TRV TTPWTN PEBOOO N oTToia AVTIUETWTTICE TO {ATNUA TNG
avixveuong bot pe xprion Tou dikTUoU transformers. AvaAuTiKoTEpa TTapaTApnoav 0TI n BEATIOTN
pUBuIoN TTapapéTpwy o€ yevvnTikoUg transformers (finetuning in generative transformers) ptopei
va odnynoel o€ onuaavtikh BeAtiwon Twv €mddcewv Tou MovTéAou. AvéAucav AoItév Ta
OPXITEKTOVIKA oToIxeia Twv poviéAwv BERT_base kai GPT kai peAetnoav 10 atmoTéAeOpa TG
pPUBUIONG TWV TTOPAPETPWY OTIG KPUPESG TOUG KATAOTACEIG KAl OTIG AVATIOPAOTACEIG ££000U. TNV
ouaia TTPOCoBETOUV €va YPAUMIKG ETTITTEDO TTAVW OTNV TEAEUTAIO KPUQI] KOTACTACN TOU TEKUNpPIou
Tagivopnong yia va ekmaidsloouve Evav TagivounTh softmax. AvaAlovTag TIG KPUQPEG KATAOTACEIG
KAl Twv dUO POVTEAWV OTNV epyaacia avixveuong bot, diatmioTwoav 0TI Ol KPUPEG KATAOTACEIG TOU
GPT ouvéBahav otnv ekudbnon o akpifwy Tagivountwy ammd 1o BERT, oe 6Aa 1a emitmeda.
EmmAéov avédeiGav o1 ol Kpu@ég KataoTdoelg Tou BERT kKwdikotrolouv AyOTEPES YPANPATIKES
TTANPOYOPIEG ATTO TO TTPOEKTTAUOEUPEVO HOVTEAO, 1DIAITEPO OTA TEAIKA ETTITTEDA, EVW TA YAWOOIKA
EMQUTEUPOTA OpoyEVOTTOIOUVTAl aPKETA PETA TO fine tuning.

Niyo apyotepa ol Martin Gutiérrez et al. [74] peAétnoav TeEXVIKEG UETAPOPAG PABNONG péow
Ioxupwv povtéAwv NLP 6mmwg o1 Transformers, yia Tnv €€aywyf CUPTTOYWY TTOAUYAWOOIKWY
AVOTTAPACTACEWY TWV XAPOKTNPIOTIKWY PaCIOPEVWY OE KEIPUEVA TTOU OXETI(OVTaI ME TOUG
Aoyaplaopolg Twv XpNoTwy OTTWG N TTEPIYpa@r] Toug Kal Ta tweets. H Baoikn Toug uttéBeon RTav
va EETTEPACOUV TOUG TTEPIOPICHOUG TTOU €OETAV TTPONYOUHEVEG UEAETEG TIAVW OTNV aVATITUEN
QVTITTPOCWTTEUTIKWY BIAVUCUATIKWY YAWOCOIKWY avaTTapaoTACEWY atrd TTOAUYAWOCOIKA KEipeva.
MeipaparioTnkav Pe dIAQOPOUG CUVOUAOHUOUG AEKTIKWY EUPUTEUPATWY, EUPUTEUPATWY EYYPAPWYV
kar povTéAwv Transformers(BERT kai RoBERTa), tpokeiyévou va Bpouv Tnv BEATIOTN
KWOIKOTTOINGN TOU KEIYEVOU, TA OTroia ouvdlaoav PE PETAOEDOUEVA TWV XPNOTWYV CE £V TTUKVO
VEUPWVIKO BikTUO TToU ovoudoTtnke Bot-DenseNet. Ao 1a amoteAéopartd Toug atmmodeixTnke OTl TO
BéATIOTO povTédo Goov agopd TNV aATTOdoon Kal TNV atrAdTNTd Tou aAAG KAl Tnv dnuioupyia
AVOEKTIKWY YAWOOIKWY avaTrapaoTacewy ATav 1o ouvdualopevo pe To ROBERTa.



O1 Feng et al. [75] rpéTeivav éva kaivoTépo TTAaiolo avixveuong bot oto Twitter n apxITEKTOVIKA
Tou omoiou PBacifetar otnv e@apuoyn Twv transformers ce ypagoug. ExkuetaAAevetal Tnv
TOTTOAOYIKI)  &OMI TOU TIpaAyuaTikou KOoupou Tou Twitter kai Tnv  TTOIKIAOPOP@Ia  Twv
OAANAETTIOPACEWY KATAOKEUALOVTOG £vaV ETEPOYEVH] YPAPO HPE TOUG XPNOTEG WG KOPPBOUG Kal
TTOAUOPQPEG OXETEIC WG OKPEG. AVAAUTIKOTEPA Ol OXETEIC YE TIG OTTOIEC TTEIPANATIOTNKE €ival Ol
oxéoeig akohouBnong ( ‘follower’,’following’) , o1 oxéoeig avadnuoaoicuong tweet(retweet) kal o
atrokAEIop6G AAAwv xpnoTwv (block). 21N ouvéxela, agiotroiouv Toug transformers (Relational
Graph Transformers-RGT) yia va povteAotroiqoouv Tnv €viacn Tng €TTIPPEONAS Kal va pdbouv Tig
avaTTaPACTACEIG KOUBWYV. TEAOG , XPNOIKOTTOIOUV OiKTUA PE PNXAVIOUOUG TTPOCOXNG TTPOKEINEVOU
va yivel n diapifaon Twv PNVUPATWY KATd PAKOG TOou ypd@ou Kal va KataAffoupe oTnv TEAIKA
Tagivéounon. H pébodog autr egpavioe TTpwTo@avr) eTiTTeda akpiBeiag Kal eTITTAEOV ATAV N TTPWTN
TToU avaBdabuice Tov YpA@Qo o€ ONUEIO TTOU TTPOCOWOIAZEl TOV TTPAYUATIKO KOO0 Tou Twitter kai Tig
OX£OEIG TTOU ONUIOUPYOUVTAI.

O1 Loukas et al. [76] eiorjyayav TNV TTPWTN YEAETN TTOU XPNCIUOTIOIEI JOVO TO TTEDIO TTEPIYPAPAS
TOU XPHOTN KAl TIG €IKOVEG TPIWV KAVOAIWY TTOU UTTOBNAWVOUV TOV TUTTO KAl TO TTEPIEXOPEVO TWV
tweets TTOU dnuoOCIcUOUV oI XPNOTEG. APXIKA, KATOOKEUAouv wnolakés akohouBieg DNA, TIg
OTTOIEC METATPETTOUV OE TPIOOIACTATEG EIKOVEG . 2TNV CUVEXEID, EQAPNOCOUV TTPO-EKTTAIDEUMEVQ
HovTéAa Tou Topéa TnG 6paong, cuutrepidapBavopévwy Twy EfficientNet, AlexNet, VGG16, K.ATT.
AKOAOUBWG, TTPOTEIVETE I TTOAUTPOTTIKA TTpoo€yyion, otou aglotroieital To TWHIN-BERT yia v
aTTOKTNON TNG KEIYEVIKAG avattapdoTacng Tou Trediou TTepIypa®ng Tou xpriotn kai 1o VGG16 yia
TNV ATTOKTNON TNG OTITIKAG QvVATTOPACTACNG YIA TNV €IKOVIKI TTAeUpd. TEAOG , TreipapaTidovTal Pe
TPEIG DIAPOPETIKEG PEBOOOUC ouyxwveuong, dnAadr ouvévwan, €voTnTa TTOAUTPOTTIKAG TTUANG
(gated multimodal wunit) kai dlaocTalpwon TPOooxAS (crossmodal attention) peTagld TwWV
OI0QOPETIKWY MEBOdWV Kal ouykpivouv TIG €mMOO0EIG Toug. Ol TTPOTEIVOUEVEG TTPOCEYYIOEIG
EMQAVICAV TTOAUTIUO TTAEOVEKTHATA KOl TTOAU uWwnAR akpipela.



KegaAaio 4
[MpoTteivouevn MEBodocg

4.1 Kupia 16¢éa

TNV OUYKEKPIPEVN €voTnTa Ba €iodyoupe Kal Ba BepeAIDOOUUE IO VEQ TTPOCEYYION N OTToia
eMaviCel avTaywvioTikA €TTidoon oTnv avixveuon bot Aoyapiaouwyv oto Twitter. H apxITEKTOVIKA
TTOU TTPOTEIVOUMPE KOAEITAI va QVTIMETWTTIOEI OUO VEEC TTPOKANCEIC TTOU £QEPAV TA CUVEXWG
peTaBaAAOueva péoa KoIvwvIKAG DIKTUWONG: yevikeuon ( generalization) kai Tnv ToT00£TNON TNG
KOIVWVIKAG dpaoTnpidtnTag Twv bot (community).

H mpokAnon tng yevikeuong oTtnv avixveuon Twv bot ota koivwvikd péoa amaitei ammd Toug
QVIXVEUTEG va avayvwpilouv Tautoxpova bot TTou emiTiBevtal e TTOAAOUG SIaPOPETIKOUG TPOTTOUG
Kol eKPETAAAEUOVTOI BIGPOPa XapakTNPIOTIKA oTo Twitter. OTTwg TTEPIYypAWAPE OTO UTTOKEPAAAIO
1.3 ummdpyouv d1apopeg oPAdes bot o1 oTroieg TTpooTTaBoUV va TTNPEACOUV TV AKEPAIGTNTA TOU
Twitter agloroiwvtag didgopa péoca OTTWG aTrdreg o€ avadnuooieloelg (retweet), KakOBouAn
mpowOnon hashtag kai avemBounTwv ouvdéopwyv URL, pignon auBevTiKwv XPNOTwv KTA.
EmAéov, pe Tnv TTGpodo TOu XPOVOU Kal TTPOKEIMEVOU VA ATTOPEUYOUV TO UTTAPXOVTO METPA
avixveuong T1a bot Teivouv va TTPoCOPOIGlouV TNV CUMPTTEPIPOPAG PEAANICTIKWY XPNoTwv OAO Kal
TTEPICCTOTEPO EVOWHATWVOVTAG OIAPOPA XAPOKTNPIOTIKA OTTWG WEUDEIG QWTOYpaPieG TTPOQIA,
augnuéves TTANPOQOpPIEG TTPOQPIA oI OTToiEG TTPOKUTITOUV atrd AAAOUG XproTeg KTA. ETTopévwg n
QPXITEKTOVIKA] TOou OIKTUOU TIPETTEl va g€ival avOeKkTIK OTnV TTOIKIAOPOP@Ia auThi Kal oTnv
METOU@ieon Twv bots oUTwG woTe va €xel OUCIOOTIKY €TTIOPACN OTOV TTPAYMATIKO KOOUO TOU
Twitter. MapdAAnAa, uttdpxouv TTOAAG bots Ta otmoia av e€eTaocToOUV PEPOVWPEVA TTPOTOHOIALOUV
TNV CUUTTEPIPOPA PEAAIOTIKWY XPNOTWV aAAG OTnV TTPAYMATIKOTNTA A£IToupyoUV o€ OUAdEG
TIPOKEIMEVOU va TTPOWONOOUV TOUG KOAKOBOUAOUG OKOTTOUG TOUG, OTTOQEUYOVTaG Ta METPA
avixveuong. Emopévwg, o0 XOapaktnpiopudg Twv  XPENOTWV  HECW TNG  KOIVWVIKAG  TOUG
OpaCTNPIOTNTAG KAl N EVOWUATWON TWV AAANAOETTIOPATEWY TOUG OTTOTEAET aTTapaiTnTO £AdIO YIa
évav aTTodOTIKO QVIXVEUTH.



Mpokeiuévou AOITTOV va QVTIMETWTTIOOUWE TIG TTPOAvVAPEPBEITEG TTPOKARCEIG TTPOTEIVOUUE €va VEO
TAaiolo 1O oTtoio Paoietal oTto representation learning (udBnon péow  dlAVUCPATWV
avaTrapdoTaong). ZUYKEKPIPEVA, KWOIKOTTOIEI TAUTOXPOVA TNV TTANPOQYOPIa TTOU EUTTEPIEXETAI OTA
tweet, TNV TTANpoOQoOpia TOU XPAOTN KAl TN YEITOVIKA TTANPO@OPIa TwV XPNOTWV XWEIS UNXAVIKN
xapakTnpioTikwy (feature engineering ) yia va TpowOroel Tn yevikeuon Tng avixveuong. Eival éva
end-to-end povtéAo TTOU ouvdudadel PEBOBOoUG ETTIBAETTOMEVNG KAl WN-£TTIRAETTOMEVNG PABNONG
TTPOKEIUEVOU VA QVTIMETWTTIOEI OTTOTEAECUATIKA TNV TTOIKINOMOP®Ia Kal TNV WETABANTOTATA TTOU
XapakTtnpifouv Tnv @UOn NG epyaciag. H GUVOAIKN QpXITEKTOVIKN @aiveTal Kal aTo akOAouBo
oxnua:

« TRAVISSCOTT

¥ ¥ ; D
g [
4§ i = ,
] “g\ ol i~ i b p
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pretrained NLP

RoBERTa

- = ;n ) @

goes i
through a-
unique FC
layer

2xnua 4.1.1: Emokornon tou povréAou uag. O uof,KOKKIVES, UTTAE Kal TTPACIVES IOVAOES uTTOONAWVOUY
Karnyopika ueradedouéva, Teplypapn Xpnorn, apiBuntika ueradedouéva Kai tweets.

4.2 Opiopocg MpoBAjuaTtog

2TO OUYKEKPIPEVO UTTOKEPAAQIO Ba TTAPOUCIACOUNE TO XAPAKTNPIOTIKA Kal Ba B€coupe Ta BepéAia
Tou TTPOBAANATOG TNG avixveuong bot Aoyapiacpwv oto Twitter. 'EoTw évag xpAotng U Tou
Twitter, n TTAnpo@opia Tou otroiou diaxwpileTal oe Tpia TTAGICIO: CNUAGCIOAOYIKA TTAnpogopia
(semantic) T, 1diwpartikr TTAnpo@opia (property) P kal TTAnpogopia yeirovidg (neighborhood) N. H

onpacioAoyikh TTAnpogopia repiAapBavel To cuvoho Twv M tweet kGBe xpriotn T = {ti}?i v KdBe

tweet tiz{wi, ...... , w;} TTEPIEXEI Qi Aé€eic. H 1diwpaTik  TTAnpogopia  Tou  XpnoTn

softmax

follower

following

aggregation



P={p b P} TEPIAAUBAVEI aPIBUNTIKA KAl KATNYOPNHOTIKG XAPAKTNPIOTIKG OTTWG auTd
TpokUTITouv amé 10 APl Tou Twitter kaBwg kal TTAnpogopia n oTroia TTPOKUTITEI ATTO TNV
TepIypagr] Tou XpHotn (user description). TEAOG n TTAnpo@opia TG yeITovidg N = {Nf , Nt} o1ToU
N = {N{, N; ........ , Ni} gival o1 XprioTeg TTOU akoAouBei o xproTng Kal N'= {Ni, N;, ........ , Ni} gival ol

XPNOoTeG TOU TOv akoAouBouUv. Emopévwg ptmopolue va Bewpriooupe 10 TIPORANMA TNG
avixveuong bot oto Twitter wg éva TpoRANpa duadikig Tagivounong otrou K&Be xproTNG ival €iTe
TTPpayuaTikog (y=0) eite bot (y=1).

Problem: Twitter Bot Detection Given a Twitter user
U and its information T, P and N, learn a bot detection
function f: f(U(T,P,N)) — 1, such that § approximates
ground truth y to maximize prediction accuracy.

2xhua 4.2.1 : Opioudg NMpoBAnuarog

4.3 Apxitektovikr) AikTuou - MeBodoAoyia

2T0 OUYKEKPIYEVO KeEQAAaIo Ba TTapoucidooupe avaAuTIKE TNV OUVOAIKHA QAPXITEKTOVIKY TOU
HovTéAou pag. Egeooov aglotrololpe Kal ouvOUAdoupE TTOAUTPOTTIKG XOPAKTNPIOTIKA dIaKPIiVOUUE TO
akOAouBa utrodikTua: (i)Znuacioloyikd uttodikTuo (Semantic sub-network), (i) [diwpaTikd
YTmrodiktuo (Property Sub-network), (iii) Ymodiktuo leitovidg (Neighborhood Sub-network)

4.3.1 Semantic Sub-network

2T0 OUYKEKPIMEVO UTTODIKTUO eKTEAETal n emmegepyaoia Twv tweets kdbe xprotn. MNa va
KwoIKoTToINoouuE Ta tweets kABe xpAoTn kal va Bpouue Ta embeddings Toug XPNOIUOTTIOIOUME TO
TTpoekTTaIdEUpPéVO povTéEAo ROBERTa. Zuvettwg apxikd T1a tweets dAwv Twv xpnoTtwy diépxovTal
Héow Tou ROBERTa 1TpokeIyévou va Bpouue TV JaBnuatikh Toug avatrapdoTacr). AvaAuTikéTepa
KABe AEEN avTioToixiCeTal o€ éva HaBnuaTiKG SIAvUoUa Kal TNV CUVEXEIa UTToAoyifoupEe TNV PEON
TIMF TOUG.

t = RoBERTa(w}"), teR™™ (4.3.1)



Trou t OUMBOAICel Tnv avatrapdoTtacn evog tweet, Q, 10 TARB0G Twv Aé€ewyv TToU TTEPIAAPPBAVEI

éva tweet kai Ds gival n diladoTaon Tou diavuopatog Twv embedding.

2NV ouvéxela ekTeAoUpE Tov aAyopiBpo cuotadoTtroinong (clustering algorithm) KMeans ouTtwg
woTe va diaxwpiocoupe T0 oUvoAo Twv tweets o€ Aoyikég opddeg. KaBopiloupe 10 BEATIOTO
TTARB0G opddwv (clusters) ol otroieg pag divouv TNV BEATIOTN DIAKPITOTNTA PETALU TOUG WECW TNG
av@Auong “‘oidouétag’” (silhouette analysis). O ouvteAeOTAG OIAOUETAG 1) OKOP OIAOUETAG TOU
KMeans cival éva PETPO TTOU HETPAEI TTOCO TTaPOUOIO gival éva dedouévo onueio yéoa og pia
opdada (cohesion) oe oUyKpIon TIG UTTONOITTEG OPAdEG (separation). Me Bdon TV TTAPAKATW
yPa@IKr BAETTOUNE OTI TO BEATIOTO TTARBOC OpAdwWY eivar 5 .

Silhouette analysis For Optimal k
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Values of

the optimal value of k 5

2xhua 4.3.1 : AvdAuon oidouérac yia tnv e0pean Tou BéATiaTou mAnBoug ouadwy (k=5)



ZUVETTWG epapuoloupe Tov ahyopiBuo KMeans yia 5 clusters.

MNa kd@Be xpriotn utroAoyifouue Tnv péon TP Twy tweets Tou avdAloya pe To cluster GTo oTTOIO
avikouv Kal TeAIKA Ta Tpoodotoupe oe éva fully-connected layer, EexwploTd yia kaBe cluster,
TIPOKEINEVOU VA BPOUNE TNV avaTTapAdoTaor| TOUG.

t_a, = average({zeci}) , t_a e R™*! (4.3.2)

otTou t.n péon TR Twv embeddings Twv tweets evdg XpAoTn TTOU avikouv oTnv KAdon c Kai ¢

=(c o€ 5) TO TTARBOG TWV KAGoEWV

r = cp(Wm,- t +b ) T e R”Y

t,ci

(4.3.3)

610U Wm,,bta_ gival TTapduETPOl TTPOG €KPAONON yia K&Be cluster kal @ n PN YPAMMIKA

ouvdapTtnon evepyotroinong RelLU.

4.3.2 Property Sub-network

2TO OUYKEKPIYEVO UTTOBIKTUO AIOTTOIOUME TNV TTANPOQOPIa TWV XPNOTWV OTTWG AUTH TTPOKUTITEI
ameuBeiag amd 10 APl Tou Twitter. AvaAuTikOTepa éxoupe oTnv O1G0ear pag pia TTANBwpa
XOPOKTNPICTIKWY Ta OTToia TTEPIYPA@ouV TOG0 TO TTPO@IA 600 Kal TV dpaaTnEIéTATA TWV XPNoTWV
oto Twitter. ZUpgewva pe Toug Kudugunta et al. [68] n aglotmmoinon peydAou apiBuol TETOIWV
OTATIKWYV XOPAKTNEIOTIKWY Oxl MOvo Otv BeATiwvel aigBntd Tnv emidoon Tou HOVTEAOU OAAG
emTTAéOV auédvel eKBETIKG TNV TTOAUTTAOKOTATA TOU. ZUVETTWG MTTOPOUME VA OXNUATIOOUME
ammodoTIKG JOVTEAD ME éva  €AAXIOTO QpIBUO  XOPAKTNPIOTIKWY. Ta XAPAKTNPIOTIKA TTou
XPNOIUOTTOIOUKE BlakpivovTal O apIBUNTIKA , KATNYOPNMATIKA KOl autd TTou €EAYOUpE atrd Tnv
TTEPIYPAPN TWV XPNOTWV. AKOAOUBWG TTEPIYPAPOUHE TOV TPOTTO AVAAUCTH G TOUG.

i) ApIBUNTIKA XOPAKTNPICTIKA
Ta apiBunTIKA XOPAKTNEIOTIKA TToU €TTIAEyOUlE TTPOKUTITOUV atreuBeiag amd 1o APl tou Twitter

XWPIG va aTTaITeiTal KATTOIO PNXAVIKA XApaKTNPIOTIKWY Yia TNV egaywyr Toug (feature engineering)
OTTWG QaiveTal Kal 0Tov akOAouBo Trivaka.



Mivakag 4.3.1 : To oUvoAo Twv apiBUNTIKWY XAPAKTNPICTIKWY TTOU AfIOTTOINCANE OTO JOVTEAO HaG

Feature Name

Description

#followers number of followers
#followings number of followings
#favorites number of likes
#statuses number of statuses
active days number of active days

screen_name length

screen name character count

2TNV CUVEXEID TO KAVOVIKOTTOIOUNE JECW TOU Z-score OUTWGS WOTE VA £XOUV UNOEVIKA €N TIUE Kal
povadiaia diacTropd kal akoAouBwg Ta TpopodoTouue o€ €va fully-connected layer yia va Bpoupe

TNV avatmmapdoTach Toug.

T = (W

p,num p,num

pe W ,
p,num p
RelLU.

ii) Katnyo ATIKA XOPOAKTNPIOTIKA

pnum?’’ paum

) T e R”"

b numnapdpupm TTPOG eKPABNON Kal @ N N YPOUMIKA ouvdpTnon evepyoTroinong

(4.3.4)

Ta KaTNYopNMATIKA XOPAKTNPEIOTIKA, TTapopoIa YE Ta apiBunTikd, TTPOKUTITOUV atTeubeiag atrd 10
APl Tou Twitter xwpi¢ va amauTeital KATTOIO PNXAVIKA XOPOKTNPIOTIKWY YIa TV £EAywyr] TOUG
(feature engineering) 0TTWC QaiveTal Kal 0Tov akOAoUBo TTivaka.



Mivakag 4.3.2 : To oUvVOAO TwV KATNYOPNUATIKWY XOPAKTNPICTIKWY TTOU GIOTTOINCAUE GTO HOVTEAO JOG

Feature Name

Description

protected

protected or not

geo_enabled

enable geo location or not

verified

verified or not

contributors_enabled

enable contributors or not

is_translator

translator or not

is_translation_enabled

translation or not

profile_user_background_image

have background image or not

has_extended_profile

have extended profile or not

default_profile

the default profile

default_profile_image

the default profile image

profile_background _tile

the background tile

XpnoigotroloUhe  one-hot-encoding yia va 1o KWOIKOTTOINOOUPE KAl 0TV OUVEXEID T
TpogpodoTtouue o€ éva fully-connected layer yia va BpoUue Tnv avatmmapdoTacr Toug.

D/N

)

r
cat p,cat p,cat

rplcat = cp(met - p (4.3.5)

pe W b TTAPAUETPOI TTPOG EKPABNGCN Kal @ N PN YPOUMIKA OuvapTnon EVEPYOTTOINONG

pcat’ " p,cat

ReLU.

iii) XapadKTNPIOTIKA TTOU TTPOKUTITOUV dTrd TNV TTEPIYPOPNA TTPOW@IA

Mapodpoia e Tnv emefepyacia Twv tweets XpNOIMOTIOIOUPE TO TTPOEKTTAIOEUPEVO HOVTEAO
RoBERTa yia va Bpolpe 1a epputeupaTa (embeddings) TG TTEQIYPAPAS TWV XPNOTWV.

— _ Qi — Dsx1
Piose = RoBERTa({wdeSCi}izl) , p (4.3.6)

desc



otTou W desc gival ol Aégeig Tou TTEPIAAUBAvEl N TTEPIYPA®A Tou KABe xproTtn kal Qi 1o TTARBog

TOUG. ZTNV Ouvéxela TTpowBolue Ta dlavuouata autd péow evog fully-connected layer yia va
Bpouue TNV avatrapdoTacr TouG.

D/N

), (4.3.7)

= ¢ (W rp,desc

T . b
p,desc p.dec pdesc + p.desc

ME Wp dose? bp descnapdpupm TIPOG EKPABNON KAl @ N PN YPAUMIK CuvqadpTnNOn £VEPYOTTOINONG

RelLU.

4.3.3 Neighborhood Sub-network

H Trpoteivouevn apxITeKTOVIKA €ival oxedlaopévn OTO va afloTrolEi Kal vOo EVOWMATWVEL TNV
TTANPOPOpIa  TTOU  TIPOKUTITEL ATTO TNV KOIVWVIKA  YEITOVIA Twv XPpnoTwv onAadni TIg
OAANAETIOPACEIG TOUG Kal TNV KOIVWVIK Toug dpaoctnpidtnta. AANMwoTe oUp@wva pe Tov Cresci,
uTtdpyouv bot Aoyapiacpoi ol otroiol e&v avaAuBolv aTopIK& TTPOCONOIAOUV TNV CUMPTTEPIPOPE
PEONICTIKWV XPNOTWV OAAd OTNV  TTPAYHOATIKOTNTA €vEPYOUV O OPAdEG yIa va TTETUXOUV
KakOBouAoug okotrouc. Kataokeudloupe AoImTov évav KATEUBUVOUEVO €TEPOYEVH] YPAPO aTrd TO
Oiktuo Tou Twitter ka1 akoAoUBwg e@apudloupe Zxeolakd ZuveAikTikG Neupwvikd AikTua o€
pdooug (Relational Graph Convolutional Networks - RGCN) vyia va egfayoupe TIG
QVATTOPOOTACEIG TWV XPNOTWV .

210 TTAQioIO TOU KOTEUBUVOUEVOU ETEPOYEVI] YPAPOU QVTIMETWTTICOUNE TOUG XPrOTEG 0av KOUBOUG
(nodes) kai o1 cuvdéoelg TTou avatrTucoovTal JeTagl Toug (links) gival Tou akéAouBou(follower) kai
auTou TTou akohouBw (following).

R={rl, 12 }={ ‘following’ , ‘follower’ }

E@ooov ol akuég Tou ypdgou gival dUo 10wV KABe XprioTng oxnuatifel dUO YEITOVIEG:

er(u) = Nf(u) yia Tnv oxéon following kai er(u) =N (u) yia Tnv oxéon follower.

Mpotou Tpoxwpriooupe otnv e@appoyl Tou RGCN karaokeudloupe T0 GUVOAIKO Oldvuoua
XOPOKTNPIOTIKWY YIa KABE XpAOTN CUVEVWVOVTAG Ta SIAPOPA £idn XAPOAKTNPIOTIKWY OE £V KOIVO
O1Idvuoua TO OTT0I0 GTNV CUVEXEIa TpoPodoToUue o€ éva TToAueTTiTTedo perceptron (MLP) yia va
Bpouue TNV GUVOAIKN avaTTapdoTacT TOUG.

(4.3.8)

r = concat(r r r r
( pnum’ pcat’ pdesc’ t,c0’



xl@ = (p(W1 ot b1)’ xfo) e R” (4.3.9)

ME Wl, blnapdpanm TIPOG EKPABNON KAl @ n Un YPAMMUIKN ouvdptnon evepyotroinong RelU.

21V ouvéxela epapuoloupe 1o I-th emritredo Tou RGCN.

+1
.

_ O] 1 O +1) Dx1
=0, % tX ¥ Jgre %, x  ER (4.3.10)

: r€R JEN (i) J .

6mou O c¢ival o Trivakag TIPoPoANG (projection matrix). Merd amo L emimeda RGCN
peTaoxnuaTioupe TRV avatmmapdoTacn Twv Xpnotwy péow evog MLP(Multi layer Perceptron).

’+b). h erR™” (4.3.11)

1

— ol
h = cp(W2 X

i

ME Wz’ b2 TTAPAPETPOI TTPOG EKUAONON Kal hi N TEAIKN avaTrapdoTaon Twv XpnoTwy .

4.4 EkTraidcuon kal BeAtiotoTroinon

Mpokelyévou va OdleCdyoupe TNV TEAIKN TOEIVOUNON Twv XPENOTWV OE TIPAyUATIKOUG 1 bot
Baoiouévol aTig avamtapacTdoelc Twy XpNoTwy TTou TTpoékuywav atmo 1o R-GCN |, epapudloupe
éva fully-connected layer ue cuvdpTtnon evepyotroinong Tnv €kBETIKN (softmax layer).

;i = softmax(W -h +b) (4.4.1)

ME WO , bO TTAPAUETPOI TTPOG EKUAONON.

H ocuvdpTtnon KOOTOUG TTOU XPNOIKOTTOIOUUE gival To Z@aApa AlaoTaupoupevng Evrpotriag (Cross
Entropy Loss) tmou Oiémetal ammd TNV akOAouBn pabnuatikp oxéon kal wg aAyopiBuo
BeATioTotroinong emAéEape Tov Adam.

L=—3[ylog() + (L -y )logl =y)] 1% w’ (4.4.2)

ey weo

oTToU Y, gival n TIPAYMOTIKA ETIKETO TWV XPNOTWV, KAl B TO OUVOAO Twv UTTO €KUABNON

TTAPAUETPWY TTOU €XEI TO OIKTUO.



Ke@aAlaio 5

[Meipduara kalr ATtoteAéopaTa

5.1 ZUvoAo dedopévwy Twibot-20

H épeuvd pag diegdyetal Tavw o€ Eva oAokAnpwuévo auvolo dedouévwy TTou KaAeitalr Twibot-20
[77]. To Twibot-20 atroteAei onueio avagopds AWV TWV EPEUVNTIKWY E£PYOCIWV TTAVW OTNV
avixveuon bot Aoyapliacpwyv amd 10 2020 Kol peTETEITA AOyw TnNG TANPATNTOG TTOU TO
xapakTtnpilel. MepihauPavel 229.580 xprioteg Twitter, 33.488.192 tweets kai 33.716.171 cuvdéoeig
Kal KOAUTTTEI OXEOOV OAEG TIG TTOIKIAIEG bot TTou evepyouv oTa Koivwvikd dikTua. MapdAAnAa eival To
Hovadike uwnAnig TmoIdTNTAG GUVOAO OEDOHUEVWY TTOU TTAPEXEI TTANPOPOPIES YPOAPNUATWY OUTWG
WOTE Ol APXITEKTOVIKEG TTOU TTPOTEIVOUUE va gival eQapuodaipes. AkodouBoupe Tig idlEg dlaIpETElg
Tou TTpoBAEéTTovTal oto Twibot-20, WoTe Ta ATTOTEAECUATA POG VA €ival AUECA CUYKPIOIUA WE
TTPONYOUEVEG EPYOOIEG.

ZUpQwva AoITTov e TIG dlaipéoelg TTou opidel To oUVOAO dedouévwv Exoupe: To train_set yia Tnv
ekTTaideuon Tou povTélou, To dev_set yia va TTapakoAouBoupue Tnv diadikagia TNG eKTTaideuong Kal
va BEATIOTOTTOINOOUNE TIG TTAPAPETPOUG TOU PovTEAoU, TO test set yia va aglohoyouue 10 JovTEAO
Kal To support_set 10 omoio TrepIAauBAvel XpAOTEG Xwpig eTIKETEG (unlabeled) o1 otroiol aTTAd
TAQICIWVOUV TOV YPAQPO. AVOAUTIKEG AETTTOUEPEIEG YIO T UTTOOUVOAQ auTtd @aivovTal OTIG
OKOAOUBEG €IKOVEG.



Info of the df train

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 8278 entries, © to 8277

Data columns (total 5 columns):

Info of the df _dev

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 2365 entries, @ to 2364

Data columns (total 5 columns):

#  Column Non-Null Count Dtype #  Column Non-Null Count Dtype
@ 1ID 8278 non-null  inte4 e 1ID 2365 non-null  inte4
1 profile 8278 non-null object 1 profile 2365 non-null  object
2 tweet 8223 non-null  object 2 tweet 2358 non-null  object
3 neighbor 7524 non-null object 3  neighbor 2141 non-null  object
4 label 8278 non-null  inte4 4 label 2365 non-null  inte4
dtypes: int64(2), object(3) dtypes: inte4(2), object(3)

2xhua 5.1.1: AvaAuTtikéS TTANPOQOPIES yIa TO TTEPIEXOUEVO TwV OUVOAwY dsdouévwy df train kar df_dev

Info of the df_test Info of the df_support
<class 'pandas.core.frame.DataFrame'>
RangeIndex: 1183 entries, @ to 1182
Data columns (total 5 columns):

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 217754 entries, @ to 217753
Data columns (total 5 columns):

#  Column Non-Null Count Dtype #  Column Non-Null Count  Dtype
@ 1ID 1183 non-null  int64 @ 1D 217754 non-null object
1 profile 1183 non-null  object 1 profile 217746 non-null object
2 tweet 1173 non-null  object 2 tweet 194297 non-null object
3 neighbor 1074 non-null  object 3 neighbor 1185 non-null object
4 label 1183 non-null  inte4 4 label 9 non-null object
dtypes: int64(2), object(3) dtypes: object(5)

2xNua 5.1.2: AvaAuTikéc TAnpo@opies yia 1o TTEPIEXOUEVO TwV OUVOAwY dsdouévwy df test kai df _support

AkoAoUBwg TTapaBéToue KATTOIO TTAPAdEIYUATA XPNOTWV OUTWG WOTE VA €XOUUE Wia TTANpEoTEPN
ETMIOKOTINON TOU OUVOAOU OeDOUEVWV KAl TWV TUTTWV TWV XAPOKTNEIOTIKWY TTou TTapéxel. Na
onpeiwoouue o1 otnv oTAAN ‘profile’ avrikouv pia TTANBWPEA XaPAKTNPICTIKWY OTTO TA OTTOIa EUEIG
ETMAEYOUPE TA APIBUNTIKA, KATAYOPNUATIKA XOPAKTNPICTIKG KABWG Kal TNV TTEPIYPAPr Tou XPHOoTN.
2mv oTAAN ‘neighbor’ TepiéxeTal N TTANPOPOPIA YIG TNV KOIVWVIKA YEITOVIA Tou KABe XpnoTn
onAadry 1600 o1 akdéAouBoi Tou 60O Kal QUTOUG TTOU OKOAOUBEl TTpdyua TTou ETTITPETTEI TNV
dnuIoupyia Tou ETEPOYEVOUG YPAPrUATOG.



D profile tweet neighbor

1630890068  {id": 1630890068 ', 'id_str': '1630890068 '.... [@sethgoldberg17 @jaysonst Fan interference? I... {'following": ['237453978', '462581299', '1706...
9580757536768 ({id" '713519580757536769 ', 'id_str': '71351... [@C130Matt | think | heard a voice from out in... {'following': ['36991422', '32567081', '133983...
93345260 {'id": '93345260 ', 'id_str": '93345260 ', 'na... [@savage_esquire That's unfuckingbelievable\n... {following': [714636670268792832", '23341114...

1749309397  {lid" 1749309397 ', 'id_str': '"1749309397 ',... [@Jomboy_ Doesn't want to pull anymore Hammys\... {following": ['3124065581", '413364940", '211...

50471224 {lid": '50471224 ", 'id_str": '50471224 ", 'na... [The sports card market is unreal right now. P... {'following": ['4202878276", '63721624%', 129...

2xnua 5.1.3: Ta XapakTnpIoTIKA TTOU TTEPIEXEI TO OUVOAO SEOOUEVWY VI TOUS TTPWTOUS TTEVTE XPHOTES

The population of each class in the Twibot-20 dataset

6000

5000 A

4000 A

label

3000

2000

1000

real user

user

2xnua 5.1.4; Bar_plot rou avadeikvuel 10 TARBOS Twv pEAAIGTIKWY xpnNaTwV Kai Twv bot 010 aUvoAo
OcdouEVWY

5.2 AttoteAéopaTta kal ETtidoon Movtélou

Exmraidetoupe Aoimtév 10 POVTEAO POG Kal agloAoyoupe Tnv €Tmidoor] Tou TTévw OTO GUVOAO
oedopévwy Twibot-20. Av BewpnBolv wg True Positives Ta deiypata mmou TagivouRdnkav opbuwg
o€ Jia KAdon, wg False Positives ta dciyyarta mmou Tagivoundnkav o€ pia KAGoN aAAG ec@aAuéva,
wg False Negatives ta dciyparta mmou £TTpeTe va TagivounBouv og pia KAGon aAAG dev 1o ékavav



kai wg True Negatives 1a &ciyuata mmou opbwg dev Tagivoundnkav o€ pia KAGon, TOTE n)
agloAdéynon Tng eTTidoong Tou PovTEAOU YiveTal pe BAon TIG KATWOI PETPIKEG:

TP + TN
Accuracy = <5 SINeEN (5.2.1)

TP

Precision = —5— (5.2.2)

TP
Recall = TPIFN (5.2.3)
Flscore = 2 - Precision- Recall (5.2.4)

Precision +Recall

Mapouaidloupe apyIK& TNV YPAQIKH KAUTTUAN €KPABNONG OUTWG WOTE VA OTITIKOTTOINCOUME TNV
por TNG ekTTaideuongc.

Learning Curve
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2xnua 5.2.1: H kautruAn ekudbnong tou povréAou uag.



H kauTruAn authi avadeikviel Tov TPOTIO E TOv OTToio PETABAAAoOVTal TO KOOTOG EKTTAI®EUONG
(training_loss), n akpifela médvw o010 OUVOAO ekTTaiIdeuong (training_accuracy) kai n okpifeia
mavw oTo oUvoAo emiKUpwang(validation_accuracy). Eival onuavtiké va TovioOupe TTWG TO
MOVTEAO TTOU avapéveTal va yevikeuel BEATIOTa aTo test set eival autd Pe TRV peyaAuTeEPN akpipela
oT0 OUVOAO eTmmKUpwong. Omwg @aiveTar oto didypaupa 1600 TO training_loss 600 kai 10
training_accuracy Teivouv va BeATILOVOVTAI OUVEXWGS KATA Tnv TTopeia Tng ekmraidsuong . MapdAa
QuTd TO €MBUPNTO POVTEAO Bev gival AUTO PE TIG EAAXIOTEG TTPOAVAPEPOEITEG PETPIKEG KABWG TOTE
Ba eixaue UTTEPEKTTAIOEUTEI TTAVW OTA OedOoPEva EKTTAIOEUONG KAl TTAPAAANAG Ba eixaue XaunAn
emidoon TAvw o©TO0 OUVOAO Odokipwy. ‘ETol Aomrév katd Tnv diadikaoia Tng ekTTaideuong
atmmobnkevoupe KABe @opd To PovTéAO PE TO uWNAGTEPO validation accuracy 1o oTToio @aiveTal va
TTpooeyyifoupe pEoa o€ TTEPITTOU 60 ETTOXEG.

TNV OUVEXEId TTAPOUCIAJOUNE Tnv ETTIOOCN TOU MOVTEAOU WOG KAl TNV OUYKPIVOUUE MHE TIG
0aKOAOUBEG UAOTTOINCEIG:

» O1 Miller et al. [64] e€dyouv 107 xapakTneioTiKG atmd Ta tweet evdg XpoTn Kail Ta JeTadedouéva
TOUG KaI TTPAyHOTOTTOI0UV aviXveuon bot oto Twitter wg avixveuon avwpaiog.

* O1 Cresci et al. [55] xpnoiyotroioUv pia wneiakry ocipd DNA yia va KwdIKOTToIRoouV Tnv
akoAouBia Tng online dpacTnpPIGTNTAG EVOG XPHOTN.

» To Botometer [56] €ival éva dnudoia d1aBEaiuo epyaAeio TTOU EKUETAAAEUETAI TTEPICOOTEPA ATTO
XiAia XapaKTNPIOTIKG.

+ To SATAR [70] mpoteivel éva aQuTOETIBAETTOUEVO WOVTEAO avaTTApAcTACNG ME TNV KOIVN
agloTToinaN TTOAUTPOTTIKWY XAPAKTNPIOTIKWY TOU XPROTN. ZTN CUVEXEIQ, KaTnyopIoTrolEi Ta bot pe
AeTTTOpEPEIQ.

» O1 Kugugunta et al. [68] TTpoTeivOUV Y1 OPXITEKTOVIKI TTOU EKPETAANEUETAI cUVOUAOTIKG Ta tweet
evOG XpNOTN Kai TIS TTANPOPOPIES TOU Aoyapiacuou.

* O1 Wei et al. [69] TrpoTeivouv éva povTéNo avixveuong bot péow evog BILSTM Ttpiwv emirédwy
yia TNV KwdikoTtroinon Twv tweet.

* O1 Alhosseini et al. [71] xpnoiyomoiotv GCN yia Tnv PABnon Twv avatrapaoTACEwy TwV
XPNOTWVY Kal TNV Katnyoplotroinon Twv bot.

» To BotRGCN [20] dnuioupyei pia apxitektovikr) Baciouévn o Zxeolakd Neupwvikd AikTua o€
YPAPOUG Kal agloTTolEi atrd Kolvou Ta tweet Twv XpnoTwyv Kal Tpia €idn HETAOEDOUEVWV.

* O1 Lei et al. [72] rpoTeivav 10 BIC povtédo 1o oTToio avamTuooel pia BaBid aAAnAettidopacon
METOEU Kelgévou Kal YyPAQPoU Kal avixVeUEl TNV ONUACIOAOYIKI COUVETTEID PETAEU Twv tweet Twv
XPNOTWV.

* To RGT [75] ekueTaAAeUeTal TO YPAPO OXETEWV KOl ETTIPPONG YIA VA TTPAYUATOTTOINCEI avixveuon
bot.



lMivakag 5.2.1: Or petpikéc aloAdynong Tou povréAou Lag.

Evaluation Metrics Values(%)
Accuracy 85.55
Precision 81.31

Recall 95.16
F1-score 87.69

True Positive Rate
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2xhua 5.2.2: H kauuAn Roc tou povréAou uag.




Mivakag 5.2.2: Nivakag oUyKpiongS Twv amToTEAECUAGTWY Lag e nén UtTapxouaes ueBéodoug.

Method Accuracy F1-Score Precision Recall
Miller et al. 64.50 74.81 60.71 97.44
Cresci et al. 47.76 13.69 7.66 64.47
BotOrNot 53.09 55.13 55.67 50.82
Kudugunta et 59.59 47.26 80.40 33.47
al.
Alhossini et al. 59.92 72.09 57.83 95.72
BiLSTM 70.23 53.61 62.74 46.83
BotRGCN 83.27 85.26 81.39 89.53
SATAR 84.02 86.07 81.50 91.22)
RGT 86.57 88.01 85.15 91.06
BIC 87.36 88.88 84.76 93.44
My_Model 85.55 87.69 81.31 95.16

ATTO Tov TTapaTTAvw TTIVOKA O OTTOI0G CUYKPIVEI TNV £TTIOOCN TOU OVTEAOU pagG We GAAG aUyXpova
MovTEAD KATAARYOUUE O€ KATTOIO CUMTTEPAOUOTA:

To PovTEAO HOG TTAPOUCIAZEl avTaYyWVICTIKA €TTido0n oTnv avixveuon bot Aoyaplaopwv
OUYKPITIKG PE GAAEG oUyxpoveG PEBOOOUG. AVOAUTIKOTEPA ONUEIWVEl TNV TPITA KOAUTEPN
emidoon Cemmepvwvtag OAeG TIG UTTAPYXOUOES PHEBOBoUG ekTOG atmd 1o BIC povtélo kal 1O
RGT.

ZUYKPITIKA pe ueBOdOUG o1 oTroieg Pacifovial o€ OTATIKA XAPAKTNPIOTIKA Ta oOTToia
TTPOKUTITOUV PECW MNXAVIKAG €6aywyng xapaktnpioTikwy (feature engineering) 61mwg Tou
Cresci kai BotOrNot onpeiwvel cagwg avwTtepn emidoon. Auté divel E4@acn OTo YEYovOg
OTI TTapadoolakd HOVTEAA PNXavikng pdaénong Tta otmoia Bacifovial 0TV PNXOVIKA
XOPAKTNPIOTIKWY aduvatolVv va TTAQICILOOOUV TNV TIOIKIAOPOP®Ia TTOU XapaKTnpeiCel To
¢ATNMAa TNG avixveuong bot.

Zuykpitikd pe 10 BotRGCN, 10 OT0i0 XPnNOIUOTIOIEI OMOIWG ZXETIOKA ZUVEAIKTIKG
Neupwvikd Aiktua o pd@oug yia va O@OUOIWCEN TNV KOIVWVIKY TTANpogopia KABe
XPNAOTN, ehgaviCel onuavTikr] BeAtiwon. EidikoTepa 10 povTéAo pag Eetrepvael To BotRGCN
o€ OAeg TIG WETPIKEG gp@avifovTag 2,3% BeATiwon oTtnv akpieia (accuracy) yeyovog TTou



avadeikviel TV a1rodoTIKOTNTA Kal Tnv  KAaBopIoTiK) ouveicpopd Tou aAyopibuou
ouoTadotroinong (clustering) otnv emegepyaoia Twv tweet.

e TENOG, OUYKPITIKA pE PeEBOdOUG o1 oTToieg BacifovTal o€ avaTpoPOdOTOUNEVA VEUPWVIKA
OikTua(RNN) ka1 1Bd1aitepa o LSTM émmwg tou Kudugunta [68] kal Tou Alhosseini [71]
eM@aviel TTANI avwTePeS €TMIOOCEIG TTPAYUA TTOU BEUEAILOVEI TNV CUVEIGPOPA TWV TEXVNTWV
VEUPWVIKWYV OIKTUWV o€ ypdpoug (GNN’s) otnv avaBdaBuion Tou povTédou. IdiaiTepn
mpocoxn atiCel va dwoouue oTo PovTéAdo SATAR 1o otroio Baciletan TTAAI o LSTM aAAG
eMgaviCel avwtepn etmidoon ammo 1o BotRGCN T0 otroio BagileTal 6TTwG TTPOavVAPEPANE OF
TEXVNTA VEUPWVIKA dikTua o€ ypd@oug. To povTého pag etrepvael kal To SATAR divovtag
éuepaon yia GAAn pia @opd oTnv PEYAAN atrodoTIKOTNTA TOU CUVOUACOHUOU Twv OUOo
pEBGdwV: Clustering kar GNN’s.

5.3 Meipdpata

2TO OUYKEKPIUEVO UTTOKEQPAAQIO TTOPOUCIACOUME TNV TTEIPAUATIKA dIadIKaoia TTou akoAouBrnoaue
yild VO OPICOUME KATTOIEG UTTEPTTOPAMETPOUG TOU MOVTEAOU OAAQ Kal yia va OIEPEUVIIOOUME
TTEPAITEPW TOV TPOTTO AEITOUPYIAG TOU.

ApXIKG TTeipapaTifOpacTe Ye dlIapopeTikO apiBuo emmmmédwv RGCN kal eAéyxoupe Tnv €Tidpacn
TOUG OTNV CUVOAIK atmédoon Tou PovTéAou. Mvwpidoupe TTwg 0 apIBUog Twy emTédWY opilel TO
eUpOg TNG yermovidg Tou KABe xpnotn. MNa Tapddeiypa pe 1-layer o xpriotng agiotmoiei poévo
TTANPOPOpIia a0 TOug aTreudeiag yeiTovég Tou evw vyia 2-layer aglotroicital €ITTAEOV N
TTANPOPOpIa aTTd TOUG YEITOVEG TWV YEITOVWYV. ZUVETTWGS O OUVOAIKOG apIBUOG eTTITTEDWV TTPETTEI VA
KIivnBei o€ PIKPES TIMEG aANILOG UTTAPXEl O KivOuvog aAAoiwaong TNG TTANPOYopPIiag Tou ypageou Kal
opoyevotroinong OAwv Twv XpnoTwv-kKOuBwv. Ta atroteAéopatd pog @aivovtal 010 akOAouBo
O1dypauPa GUPPWYA PE TO OTTOI0 £XOUNE BEATIOTN ATTOOOGN AV XPNOCIUOTIOINCOUNE AKOAOUBIaKG 2
emimeda RGCN 1a otmoia pag mpoo@épouv TTapAAANAa pIKPO apiBud TTApaUETPWY Kal Apa JIKPN
TTOAUTTAOKOTNTA.
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2xnua 5.3.1: Aidypauua akpifeiag (accuracy) Tou povréAou pag ouvaprion twv emmédwy RGCN
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2xnua 5.3.2: Aiaypauua e UETPIKAS F1-score Tou povréAou uag auvaprion Twv emmédwv RGCN

2tV ouvéxela OlEpEUVOUNE €AV TTPAYMATI N OUVOAIKN  KwAIKOTIoiNON  TTOAUTPOTTIKWV
XOPOKTNPICTIKWY YIa KABE XprioTn BEATILOVEI TO HOVTEAO KAl OONYEI O€ TTI0 AVOEKTIKOUG TALIVOUNTEG.
Extraudetoupe AOITTOV JOVTEAD PE MEIWPEVA OET XAPOKTNPIOTIKWY KAl TTApOoUCIAfouE ThV ETTIOOCN



TOUG OTO akOAouBo didypapua. OTTwg cival eu@avég emPBeRaiwveTe OTI KABE KOPMPATI TNG
TTANPOPOPIaG TOU XPNOTN Eival ATTAPAITNTO YIA TNV AVATITUEN JOVTEAWY PE UYNAR atTédoon.
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Evaluation Metrics

W Use of every type of features
® Only use of semantic features(tweets)

1 Only use of property features(numerical,categorical,usr decription)

2xhua 5.3.3: Bar plot Tou mapoucialel TIC HETPIKES TOU LIOVTEAOU Ua¢ yia dIA@OPETIKO ouvOUaouo
XAPAKTNPIOTIKWV

2TV OUVEXEID OTTITIKOTTOIOUNME TNV Agitoupyia Tou aAyopiBuou cucotadotroinong KMeans Trou
éxoupe epappooel ota tweets. IN'vwpifoupe 611 aTTOTEAEI AVATTOOTIAOTO KOPPATI TNG APXITEKTOVIKAG
ToU OIKTUOU, BEATILWVOVTAG TNV CUVOAIKA £TTIOOCH TOU £QPOCOV TTAPOUOIEG APXITEKTOVIKEG Ol OTTOIEG
Baoifovtal ce RGCN aAAd atmAd Trepiopifovtal oTnv KwdIKoTroinon Twv tweets péow €vog
TIPOEKTTAIBEUPEVOU POVTEAOU eTTECEPYATiag QUOIKNG YAwooag (0TTwg To BotRGCN) Trapouaialouv
KaTwTepn €1midoon. MAAIoTa 1o TTapaTTdvw oudTTépacpa emBefaiwveral kal ammd 10 ZxAua 5.3.6
OTTOU CUYKPivOuue TNV €TTiIOOCN TOU JOVTEAOU pag PE TNV avTioTolxn €TTidoon Tmou Ba gixaue €av
gixaue agaipéoel 1o clustering. AiaicbnTiké péow Tou clustering xwpiloupe 1o oUVOAO Twv tweets
oe 5 Begpatikég KAAoEIG Kal yia KABe XpnoTn Bpiockoupe TNV PEON ATToWr TOU yia KABE BeUaTIKN
ouada. H acuvétteia TTou xapaktnpilel Ta bot epdcov ouvhBwg TTepiopifovTal O KATTOIO BEPATIKO
€UPOG TTPOKEIMEVOU VA TTETUXOUV TOUG KAKOBOUAoug oTdxoug Toug KaBIoTd Tnv TTapatrdvw péBodo
atrodoTik). EmmTAéov oUp@wva pe Toug Hansen kai Larsen [78] n xprion un €mMBAETOPEVWV
MEBOSWVY OTTWG TO clustering cuuBdaAAel kaBopioTik& oTnv avaBaduion Tou emMITTEDOU YeVIKEUONG
TOU POVTEAOU KAl OTNV duvaATOTNTA ETTEKTACNG TOU O¢ véa dedopéva. MapakdTw TTapabEéTOUlE TIG
YPAQIKEG Ol OTTOIEG OTITIKOTTOIOUV TNV AgiToupyia aAyopiBuou cucTtadotroinong KMeans. 18iaitepa



otnv OeUTEPN YPOAWIKN @aiveTal va UTTAPXEl dIaKPITOTNTA PETAEU Twv bot kal Twv PeaMIOTIKWY

XPNOTWV.

Visualization of clustering in tweets
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2xnua 5.3.4: Omrikorroinon ¢ auaradorroinong (clustering) ora tweets

Visualization of clustering in tweets where + symbolizes bots and v symbolizes genuine acounts
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2xhua 5.3.6: Bar plot twv uetpikwv aéloAdynang rou povréAou uag e xpnon Clustering aAAd kai xwpic

MMivakag 5.3.1: PUBuion twv YImEPTTapauéTowy TOU LIOVTEAOU uag

Hyperparameters Values
number of RGCN layers 2
graph module input size 416

text module input size 768
epochs 100

early stop epoch 68
dropout 0.5
learning rate 1¢7*

L2 regularization 1¢7°

optimizer RAdamW






KepdAaio 6
ETTiAoyog

6.1 ZUvown Kal ZupPTrepdopara

ZuvoyifdovTag n avixveuon bot Aoyapiacpwyv ota péoa KOIVWVIKAG SIKTUWONG TTPOCEAKUEI GAO Kal
MeyaAUTepn TTpoooxn. Eival éva ¢itnua aufavéuevng onuaciag Kal BapuTnTag TO OTTOI0 KAAEITaI
vVa TTPOOTATEUCEl TNV aveéapTnaia Kal TNV agloTmoTia Twy JECWV KOIVWVIKNAG dIKTUwoNG. H épeguva
HOG €TTIKEVTPWVETAI YUpw atrd 1o Twitter, pia kupiapxn TTAATQOPUA KOIVWVIKAG BIKTUWONG TTOU
QOKEl AUEDT KOIVWVIKNA ETTIPPON Kal SIGUNOPQWVEI TNV KOIVA yvwun. H BeueAicodng B€on Tou kai n
KOIVWVIKA Tou dUvaun odniynoe otnv eu@avion bot Aoyapliaopwv ol otroiol TpooTrabouv va
EKMETAAAEUTOUV TOUG TTOPOUG TOU YIA VA TTETUXOUV IDIOTEANG OKOTTOUG.

O1wg mrpoava@épape, Ta bots gival Aoyapiaopoi o1 oTToiol TTPOKUTITOUV ATTO AUTOPOTOTTOINKEVA
Aoyiopikd. [Mpokelyévou va ammokTAoouue PaBuTtepn yvwon oTov TPOTIO  AEIToupyiag Tou
TTAPOUCIACAHE Ta BACIKA XOPAKTNEIOTIKA TOUG aAAG kal Ta pECQ TTOU XPNOIKMOTTOIOUV OTIG
emMOEoeIg Toug. H atraitnTIkOTNTA TNG AViXVEUOTG TOUG OTNPICETAI OTNV TTOIKINOPOP®Ia KAl OTNV
eEENIOOINOTNTA TOUG. Ala@opeTika €idn Bot alotroiolv dia@opeTikd XapakTnpPIOTIKG Kol HECO TOU
Twitter mpokeigévou va TpowBAcouv Tnv atfévia Toug. Kdémoiol TUTTOI €mMBECEWV €ival ol
ak6AouBol: dlavépouv KaKOBOUAOUG OUVOEOUOUG, TTPOCTTOIOUVTAl TOUG KOIVWVIKOUG @QIAOUG O€
XPAOTEG YIA VA ATTOCTIACOUV ETTIKIVOUVEG Kal {NPIOYOVES TTANPOQPOpPIES, avadnuoaieUouV EI0MOEIG
ME HEPOANTITIKG TTEPIEXOUEVO TTPOKEINEVOU VA ETTNPEACOUV TNV KoIvh yvwpun KTA. MapdAAnAa ta
bot egeAicoovTal ouvéxela waTe va EeTTepvoUV Ta €i0N UTTAPYXOVTA PETPA aviXVeuong aAAd Kal yia
va avapadpioouv Tnv aAnBo@dveia Toug Kal wg eTTaKOAOUBO va au¢Aoouv Tnv €mmippon Toug. Me
TOV KAIPO AOITTOV yivovTal OAO Kal TTI0 EUQUH, TTPOCOUOILVOVTAG TV CUPTTEPIPOPA PEANIOTIKWV
XPNOTWV.



AkoAoUBwG TTpoTEiVoUE TO BIKO JAG PMOVTEAO TO OTTOI0 GUVOUALEI TEXVIKEG ETTIBAETTOMEVNG KAl [N
emBAeTTONEVNG NABNONG TTPOoKEINEVOU va avixvelel Ta bot oto Twitter. ‘Exovrag kdvel mpwra pia
eKTEVA avdaAuon Twv AdN UTTOPYXOUCWY HEBOdWY Ol aPXITEKTOVIKEG Twv oTToiwv PBaagilovTal €iTe
OTNV UNXAVIKI XOPOKTNPICTIKWY €iTe 0TV BaBid uddnon Tpootrabolpe va avatrTUugoupe Eva TTio
QVOEKTIKO PovTéEAO To OTToio Ba EeTTEPVA TIG AdUVAUIEG TTOU €U@AVICOUV Ol TTPOTEPEG OOUAEIEG. H
OPXITEKTOVIKA} TOU OIKTUOU pOg ouvouadel TTOAUTPOTTIKA XOPAKTNEIOTIKA yia KA&Be XpAoTn
EVOWUATWYOVTOG TNV TTANPOQOpia atmd Tnv KOIVWVIK Tou dpaoTnpiotnTa. AVOAUTIKOTEPO
KwoIKOTToIoUNE Ta tweets KkK&Be xprAoTn HEOW TOU TIPOEKTTAUIOEUUEVOU HOVTEAOU QUGIKAG
emegepyaoiag yMwooag RoBERTa kal otnv ouvéxela epapudloupe évav alyépiBuo clustering yia
va Ta Xwpiooupe o€ BepaTikEG evdTNTEG. AKOAOUBWG OuvOUAloupe T  ONUACIOAOYIKG
XOPAKTNPIOTIKA TTOU QVOQEPAPE TTPONYOUHEVWG HE AAAA XOPOAKTNPIOTIKA TA OTToia TTPOKUTITOUV
ameuBeiag ammo 1o APl Tou Twitter, Xwpig PNXOVIKA XOPAKTNPIOTIKWY, KAl TTEPIYPAPOUV TOV
Aoyaplacpd Twv XpnoTwy. Tpo@odoToUpe TO OUVOAO TWV XOPAKTNPIOTIKWY Of€ €VA ZXEOIOKO
ZuveAIKTIKO Neupwvikd Aiktuo 2- emmédwv (RGCN) 10 o110i0 €vepyei TTAVW O€ évav €TEPOYEVA
YPAQPO TTOU KOAUTITEI TIG OXE0€IG akoAouBnong. TéAog, ekTeAoUUE Sldgpopa TTEIPGUATA Ta OTToid
avadelkvUiouv TNV ATTodoTIKOTATA TOU MOVTEAOU HOG KABWGS Kal TNV avTaywvioTIKI) Tou €TTidoor).
MapadAANAQ, ATTOTUTTWVOUV TNV QTTOTEAECUATIKOTNTA TOU cuvduaopou clustering kai GNNs otnv
avaBabuion Tou JovTéEAou.

6.2 MeANOVTIKEG ETTEKTACEIC

To épyo TnG TTapoucag JITTAWMATIKAG a@rvel TTEPIBWPIA YIO JEANOVTIKEG ETTEKTACEIG. EVOEIKTIKG
ava@épovTal ol akKOAoUBeC KaTEUBUVOEIS TTOU UTTOPOUV VA OTTOTEAECOUV onueio avagopdg yia
ETTOMEVOUG EPEUVNTEG:

e O eTepoyevAg YPAQOG TTou KATAOKEUAZOUNE KAAUTITEI HOVO TIG OX€o€lg akoAouBnong. Ol
OUVOECEIC TTOU  avaTITUOOOVTOl METOEU Twv XPNOTWV-KOPPWY €ival Tou akoAouBou
(‘follower’) kar auti Twv XpnoTwv TTou akoAouBouv (‘following’). MapoAa autd yia va
QvVaTTAPIOTOUME TTANPWS TNV KOIVWVIKN dpacTtnpidtnTa KABe XprioTn TTPETTEI O YPAYOoGS va
XOPOKTNEICeTal aTTO YeyaAuTepn TTANPSOTATA. Me GAAa AOyIa PTTOpPE va KOAUTTTEL KAl GAAEG
OX£0€IC TTOU avatrTuooovTal PeETagy Twv XpnoTwv Omwg To retweet, oI ava@opég
(‘mention’) kTA. 'ETOI N avaBdaBuion Tou ypd@ou Ba odnyroel o€ pia TTANPECTEPN EIKOVA TNG
OpacTNPIOTNTAG TWV XPNOTWV.

e 3TNV APXITEKTOVIKA) TTOU TIpOTEivOoupE e@apuoloupe éva aAyopiBuo cuotadotroinong
(clustering) ota tweets woTe va Ta xwpicouue o€ OepaTikéG evOTNTEG KAl OTNV CUVEXEIQ
a@ou utroloyiooupe TNV péon TIUA TOUug Ta TTpowbBouue otov ypd@o oTo didvuoua
XOPOAKTNPIOTIKWY Tou K&Be xpnoTn. MNMapdAa autd ptropei va avatTuyBei yia mo Babid kai
ouoiwdng aAAnAettidpaon peTagu clustering kai GNNs wWoTe va XPENOIYOTIOINCOUNE OTO
ETaKPo T O@EAN TOUG. QG MEANOVTIKA €TTEKTOON AOITTOV evOEiKVUTAl N AVATITUEN €VOG
MovTéAou TTou Ba cuvdéel o€ BABog TIg dUo PeBGOOUG e BIadPACTIKEG AVATTAPACTACEIG.

e H peBodoloyia TTOU TTpOTEiVAPE dUvATAl VO E£QPAPHUOCTEI Kal 0€ AAAG HECQA KOIVWVIKNG
OIKTUWONG 01w Facebook kal Instagram. MaAioTa evdeikvuTal n avaTtuén evog JovTéAou



EKTTaIBEUPEVO TTAVW Kal OTa Tpia Kupiapxa PEoa KOIVWVIKAG OIKTUWONG WoTe va eCayBei
évag KaBOAIKOG aviXveuTng bot Aoyaplacuwy .

ATTapaitnTo €QOdIO TTOU TTPETTEI va TTANPEl KABe POVTEAO PNXavikng udadnong eival va
eM@aviCel uynAd etrireda egnynoipudétnTag (explainability) oUTwe woTe va €xoupe pia Babid
ETTIOKOTTNON TNG €0WTEPIKNG AEITOUPYIOG TOu Kal TTapAAANAa va uttdpxel n duvaroTnta
evdeAexoug avdAluong Twv aduvopiwy TOU TIPOG AVATITUEN MOVTEAWV HE HPEYAAUTEPN
atrodoTikéTnTa. Na Tov Adyo autd evdeikvuTal 0 oUVOUAOHOG TOU POVTEAOU pE pEBBOOUG
e€nynoiuotnTag (explainability methods) 6mwg LIME kair Grad-CAM [79],[80].

E€etdloviag 10 TTWG Aaufdvoviar TTOAAEC ammo@dacel ammd  avBpwTToug, OTTaviwg
eCaptwvtal amo éva Povo onueio dedopévwv i pia yovadikh 1Ty TTAnpogopiwy. Autd
vonuatodoTei TNV évvola TNG ouvévwong TTANPOPOPIWY aTTO dIAPOPES TTNYEC OTO TTAQICIO
TNG TOAUTPOTTIKAG MNXAVIKAG MdéBnong. Ztnv ueBodoloyia TTou TTpoTEivOUE aTTAd
OUVEVWVOUUE TA TTOAUTPOTTIKG XOPOKTAPIOTIKA TWV XPNOTWV Kal BPICKOUPE TNV KOIVA
avaTrapdoTach Toug WE TNV XPron veupwvikwy OIKTUwv. ETtol, evdeikvuTal n avamTuén
€VOG TTOAUTPOTTIKOU HOVTEAOU pE BIdgpopeg peBOSOUG Kal ETTITTESO CUVEVWONG TWV TINYWV
TTANPOPOPIaG WOTE va UTTAPXEl Mia 1Mo ouaiwdn Kai Babid amd Koivou aglotroinar Toug
[81], [82], [83], [84], [85], [86].
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