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va epunvevdel 6Tt avuinpoownedouy Ti¢ enionueg Yéocig Tou Edvixod Metodfiou IToduteyvelou.









ITepiindm

H napotoa duateldr) epfodivel otov toAbmhoxo topéa tou virality xou mapoydviwy nou to xadopilouvy, ectidlov-
tag ota Bivieo tou YouTube. Ta elooywynd xepdhono Y€touy Tig BACELS Yo TNV XATAVONGCT| TNE TEOTEWVOUEVNS
uedédou, avaibovtog Paocwég Evvoleg Tng Yemplag yeapnudtwy, Tng avdiuong cuvaotipatog, Tou image cap-
tioning, g onNpactohoYIXg OUOLOTNTOG Xo TWV EENYHOEWY UE AVTIIUPABELY A, EpYUAElX YPNOLLOTOLOOVTAL Yid!
TNV XUTACXEVT| EVOS OAOXANpwUEVou Thatciou avdhuong tou viral nepieyouévou. 1o cuyxexpyéva, ta Pooixd
otolyelo g Yewplac Yedpwy mapéyouv To douixd Yeuéhio, Tovilovtag nHg oL Ypd@oL UTopoly Vo avardpao T -
couv TOAOTAOXES OYEoElS o EEUPTAOELS EVTOC TOU Tepleyopévou Twy Bivteo. E&etdlovton teyvinég avdhuong
oUVALOINUOTOC YLot TNV XATOVONOY) TOU TEOTOU UE TOV OOl To BEBOUEVA XEWWEVOL YIVOVTOL aVTIANTTA amd TO
XOWVO Xl TOV CUVACONUATIXOV aVTIBEAoEWY Tou Teoxaloly. To xepdhaio oyetxd ue to image captioning
OVUAVEL TNV EVOWUATOGN TNG UTOAOYIoTIXAS Gpaong xaL Tng encéepyaoiog QuOLXic YAWOCAUC YL THY GUTOUITY
TEAY WYY TEPLYPAPIXDY PETAUOESOUEVWY Yia eixdvec and thumbnail Bivteo. Xpnoiwwonoeiton enlong n onua-
OLONOYIXY] OUOLOTNTA TEOXEWEVOU VoL Efval BUVITH 1) CUYXELOT| XEEVIXGY BESOUEVRDY ol Ypnoulonoleital évag
ONUACLOAOY KOG avTimapadeTinde ahyOpLIHOS Yiot TOV UTONOYIOUS TwV Slapop®dy Xl NG anécTtaons YeTald d0o
YEOUPNUATLY.

Y1oyoc e mopovioag dimhwpatixic epyaciog elvar vo evtonioel Pooixols napdyovieg mou enovoalauBdvovtal
oe 6o ta viral Bivteo xou va xotaoxeudoel évo framework mou Yo mopéyel oToug dnuloupyols Tepleyopévou
yerowee ouufouréc yio va auéroouy tig mdavétntee Ta Bivied Toug va yivouv viral. H mpotewvouevn uédodog
nepthofBdvel T Snuiovpyla £vOC TROCUPUOCUEVOLU GuVOAoL Bedouévwy e Bdorn to YouTube Trending Video
Dataset, tn yetatpont| v dedoyévev mou oyetilovton pe Bivieo oe ovamapaoTEoEl; Yedpwy xou T yeHon
ohyopiduwy avTimopoBolic Yedpwy Yiol T oUYXELoT Toug PETOEY TOUC XAl TOV EVIOTUOUO TeV BAcX®Y GuV-
TEAEGTOV Tou odnyoly éva Bivieo and non-viral oe viral xatdotoorn. AeEdyovial TERGUATA, OTOXAEICTIXA
oe ouyxexpévee xatnyopleg Bivieo xadde xou oe éva uixté ohvolo dedouévev. Ol emxpaTESTERES BLoPopES
petoll non-viral xou viral Bivieo avodetxviovtor péow oTaToTiXAG AVEAUOTNS XaL 1) TOLOTIXH AvdAUCT) TROTELVEL
ahhayég o€ non-viral napadelypota Bivteo xan diepeuvd To Buvartd xon adUvorta onpeia Tou framework. Luvolud,
1 mapovoa datelfn mapéyel éva loyued TAAIOLO Yior TNV XaTavonon xou THY evioyuoT tou virality Tou mepieyoué-
vou oto YouTube, evowpoatdvovtag Yewpentixés YVOOELS UE TEUXTIXEC EQUOUOYES YLOL VO TPOCPEREL TOADTIIES
OTEATNYIXEC YLoL TOUC dMulovpyols TEpLEOUEVOL, TIC EMLyElpNoel;, Toug influencers x.o. mou ctoyebouv ot
peyloTonolnoy Tne euBérelac xou Tou avtixTuTol TOuC.

AéZeig-xhedid — T'pdpol I'vddong, Bivieo Youtube, EEnyAoei ye avtimapddetypo, Virality
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Abstract

This thesis explores the complex field of content virality and its determinant factors, specifically focusing
on YouTube videos. The introductory chapters cover fundamental ideas in the essential concepts of graph
theory, sentiment analysis, image captioning, semantic similarity, and counterfactual explanations, which
are used to construct a comprehensive framework for understanding viral content. More specifically, graph
theory basics provide the structural foundation, highlighting how graphs can represent complex relationships
and dependencies present in video material. Sentiment analysis techniques are examined to understand the
perception of and emotional response towards textual data. The chapter on image captioning demonstrates
the integration of computer vision and natural language processing to automatically generate descriptive
metadata for video thumbnails. Semantic similarity is also utilized in order to be able to compare textual
data and a semantic counterfactual algorithm is issued to calculate the differences and distance between two
graphs.

The objective of this thesis is to identify key factors that are recurrent across viral videos and construct a
framework that will provide content creators with useful advice to increase their videos’ chances for viral-
ity. The proposed method involves creating a customized dataset from YouTube Trending Video Dataset,
transforming video-related data into graph representations, and employing graph counterfactual algorithms
to compare them with one another and identify key elements that drive a video from non-viral to viral status.
Experiments are conducted, in specific video categories and in a mixed dataset as well. The most prevalent
differences between non-viral and viral videos are highlighted through statistical analysis and a qualitative
analysis suggests changes to non-viral example videos and explores the framework’s strengths and weaknesses.
Overall, this thesis provides a robust framework for understanding and enhancing viral YouTube content,
combining theoretical insights with practical applications to offer valuable advice for content creators, busi-
nesses, influencers, etc aiming to maximize their reach and impact.

Keywords — Knowledge Graphs, YouTube videos, Semantic Counterfactuals, Virality
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Euyaplotieg

O fideha Vo eExPEdow TNV ELAXELYY HOU ELYVOUOCUVY Gt GAOUC eXElVOUC oL GUVEBUAXY GTNY OhOXATPwON
autol Tou épyou. Ipdta an’ dha, suyoptotd Yepud tov xodnynth wou, x. I'edpylo Ltduou, yio Tnv TordTn
xadodrynon xou utootipllr Tou we emPBrénwy. Enlong, euyopiotd toug Iedpyio Phavdplovd xar Kwvotavtivo
Owud, yiow ™V xadodHyNoT TOUC Xal Ylo TO YEYOVOS OTL Uolpdotnxay pall Wou TNV €peuvd TOUg ot TG LOEEg
TOUG.

Téhog, Go Hdeka VoL exPEdc TNV ELYVWHOGHVY] HOU GTNY OLXOYEVELYL X0l TOUG QIAOUC Lou Yot TNV Puyiny) oThHEEN
xou TNV evOdppUVoT Tou wou mapelyay xo’ 6N TN Bidpxela auTthe e tpoondlelac. H aydmn xon n unoothpEn
TOUG ATV avVeXTIUNTES Yiar HEVaL.

KioOpa Iedvva, Iobhog 2024
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Extetoapevn Ilepiindn oto EAAN VX



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.1 Oewentixd urdéBadpo

1.1.1 Baowd otoiyeia Yewplag yedpwy

‘Evag ypdgoc, tou cupBoiiletar ye G, elvan pio Sour; mou yenouonoteltat yio ) poviehonoinon oyéoewy {ebywy
avuxetévav. Opileta w¢ éva Ledyog G = (V, E), 6nou:

o V elvan éva 6Ovoro xopupmv Y xOuPwv.
o E elvan éva obvolo oy ¥y cuvdéoumv, represented as unordered pairs of vertices.

xa avomoplotaton we W dtatetorypéva Lebyn xopupnv. Edv 1 oelpd twv xopuedv oe xdlde oxun €yer onuaoctio,
o Ypdpoc ovoudleton xoteuduvouevos Yedpoc 1 dlypdpoc xat xdde oxur| ovamaploTaTon W €vo JUTETAYUEVO
Celyog e = (u,v). EB®, u xou v elvon 1 ovpd xou 1 xeafy Tng oxunc, avtiotoiya. O xateuduvoueves axués
uropoly eniong vo avagpépovtar we té&a [99].

X BBhoypagia, o 6poc "ypdpoc" avagpépeton cuvihwe oe évav anhd Yedpo, o omolog €xel To TOAD uio ooy
HETOEY BU0 x0pLPWY, Ywelc va éxel auto-Ppdyouc.

| Vertex [ Adjacent to

- ° : 53 01 1 0 0
) 5 5 10110
/T 3 121 1 1.0 10
é |\ 1 2,3, 5 01 101
® 5 4 00 0 1 0

(a) Oruxh avarapdotooy (b) Adjacency List (¢) Adjacency Matrix

Figure 1.1.1: Representation of undirected graph [9].

Ou ypdgpol umopolv va meplypapoly e TN Ypron poc Aotag yeltviaong 1 evog mivaxa yettviaong. Mia Alota
verrvioong anaprduel xdde xopuen axolouvBoluevn and Tig yeltovxég Tne xopugéc. Evag nivaxac yertvioong
elvan évag mivaxag n X n 6mou 1 eyypapn otn yYeopun ¢ xou ot oty j elvon 1 edv undpyet oxur peToll Tev
XOPUPAY V; o Vj, xat 0 SrapopeTixd. Ou Aoteg yertviaong elvor mo anodoTixéc o€ YPOo Yio opond YRopUaTd,
EVG %ol Ol BUO AVATUPACTAOELS E(VOL TUPOUOLES YLOL TUXVEL Y ROPHUATOL.

"Evo. ypdpnua Tou omolov oL xopupéc elvar ovopaopéves ovoudletal entonuacpévo yYedenua (labeled graph). H
yertond N (u) wog xopughc u elvat 10 GOVORO Twv YELToVXOY XOuBwy. O Badude wiog xopuphc eivon o aptdude
TOV TPOCTUTTOUGWY UXUOV.

‘Eva otadpiopévo yedgnuo éyel oxuée ue aprduntixée tipée nou ovopdlovton Bden. Autd pmopel vor avTinpocw-
TedoLY amoCTICELS, X0 1 dhha pétpa. e évav mivaxa yertvioong, ta Bden avtixadiotodv Ty Tiwd 1 yio va
ONAWMGOLY TNV UTOEEN WG oxung.

O ypdpol povtehonololy nohOThoxec oy€oelg o€ TOPEl OTMWC N EMOTAUY TWV UTONOYLOTAYV, 1) UNYOVIXT, N
Brohovyio xon oL XOVWVIXES ETOTAUES. XENOWOTOLOOVTOL GTNY AVIAUCT]) XOLVWVIXKDY BixTOwY, ot Bektiotonoinon
HETAPOPWY %ot TN dlayelplon TN BixTuaxhAc xuxAopoplog.
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1.1. Oewpnuxd vndBadeo
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(a) Tpdyoc Tou avanaploTtd dixTUo LTONOYLETOV
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b) I'edwoc mou avamoptoTtd xovwvixd dixtuo
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(c) Tpdpoc mou avamaplotd dixtuo YeTapopds

Figure 1.1.2: Iopoadelyyota avanapaoTIoeEmy Yedpuwy

1.1.2  Awepeic ypdgot xar To Minimum Weight Full Matching npoBAnuo

‘Evo ypdgnuo G = (V, E) eivou Sipepéc av To o0volo xopupdy tou V' unopel va dianpedel oe d0o Eéva unocivola,
U xou W, étol dote xoplor o) var Unv ouveEel xopupég evtdg Tou (Blou uroouvorou. H wbdtnta auth elvon
xerown oe didgopes epapuoyés [63).

Ta Buuepy| YEUPHUATI YENOLLOTOLOUVTOL G TROBAAUTA AVTIoTolyloNg, OTou 0 oTdyog elval Vo avTioTolyicouue
xopupéc 610 U pe xopuéc oto W. 'Eva npéBinua etvor To minimum weight full matching, to onolo nepthay-
Bdver Ty elpeom Tou BEATIOTOU TEoTOU aVTIoTolyioN oTolElwY 800 CUVOAWY E€TOL DOTE TO GUVOAXS XOCTOC
Vo eharyLo Tomole(Tou.




Chapter 1. Extetapévn Ieplindn oto EXAnvixd

Figure 1.1.3: "Evo mopddelypo diuept] yedpou [63]

Opioués HpopAnuatos Minimum Weight Full Matching: Aedopévev 80o cuvorwv U xa V' ue axpéc E, to
xadéva pe éva Bdpoc w(u,v), Beeite éva talpuaopa M C E nou avtiotouyilel xdde otoiyeio tov U pe éva oTo0
V', ehayloTtomowwvtog to dpolopa Twv Popdv.

MaOnpanixn datinwon:

umé TNy TpoLnddeon Ot
[M| = min(|U], [V])

IToAhol alyobpriuol emhbouv autd To TEOBANU

e O a\ydprduoc Hungarian (4 ahydprdpoc Kuhn-Munkres): ITohuwvupie| ypovixd nodumhoxétnta O(n?)
[52, 65].

o Toappindc tpoypoppatiopdc: [18].
o Alyébpuduoc drponpacioc: O(n?) [8].

O oyoprdpoc touv Karp [46] emtuyydver avapevouevn ypovixh tolvmhoxdtnia O(mnlogn) yenotponowviac
0LEEC TPOTEQAUOTNTAG, TTEOCPEPOVTAS CNUAVTIXES BEATUOCELS Yia YeYdha TpoBhuata avddeonc.

1.1.3 T'pdyor yvwong
I'evixéc nAnpogopicg

‘Evog yedpog yvaong elvon €vag ypdpog Bedopévwy Tou €xel oyedLIoTEL Yo VoL AVATAPLO T T1) YVWOT) CYETIXG e
TOV TPAYUoTiXd xbopo, 6Tou ol xéuPBot cugforilouy ovtdtnTes xat ol axuég anewovilouy oyéoec. To obyypovo
eVBLOPEPOV Y1 TOUC YPAPOUS YVOOTE EeExivnoe Ye Tov Yedpo yvaone tne Google to 2012 [28], nou avamtiydnxe
and mnyéc 6mwe 1 DBpedia xou 1 Freebase [2, 11].

Ou ypdpot YvOoNg EVOWPATWVOUY TOAUTAOXES OYETELS BEdOoUEVLY, BedTidvovtag Ty axpifelo Tng avalitnong
X0 TWYV EQPAUPUOYOY TeEXVATAC vonuoolvne. Kwdixomololy onuactohoyixéc oyéoels, TopéyovTas XatavonoT tou
context mou efvon amopaltnTn Yot eapuoyéc énwe to chatbots xou ol euxovixol Bondol. Ot ypdgot yvdong etvon
EMEXTACLUOL XOL EVEALXTOL, YEYOVOG Tou Toug XahoTtd Wavixols yia ToV Yelplowd cUVIETWY EpOTNUATWY OE
Topelc 6w N vyetovouxy tepidaldn xou TaL OLXOVOULXG.
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1.1. Oewpnuxd vndBadeo

A

type type type
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caplta|—> Chl[e
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(a) T'pdypoc DEL

_4-borders__

(Santiago : City)—capital—b-(Chile : Country) (Perﬁ g Country)
“borders¥

(b) Etepoyevic ypdpoc

Figure 1.1.4: Aedopévoa yio TpeTEVOUOES X YWpES ot évar ypdpnua del xou éva etepoyevée ypdpnua [41].

Iapd Tic BuvatdtnTég TOUE, 1) dNULIOLEYIN XU 1] EVOWHATWGCT YVOONE oA TOAATAES TNYEC OE VALY GUVEXTIXO
Yedpo mapauéver npdxhnon. [71].
Resource Description Framework

Xpnowonotolpe to Resource Description Framework (utgp: mhaiolo neplypaphic tépwv) we Loviélo dedouévev
vy Toug yedgoug yvwons. To RDF, tunonomuévo and to W3C, meplypdgel BeBopévo Y pnOLLOTOLWOVTAS
TEUAETES (UTOXEIUEVO, XOTNYOPNUO, AVTIXEIUEVOD), ETUTEENOVTAS TONOTAOXES ovaopao Tdoels oyéoewy [T1, 33,
27].

IMapdderywo: 'a v avarapdotacy "John Smith created a webpage":
e Troxeipevo: http://www.example.org/index.html
o Katnybpnuo: http://purl.org/dc/elements/1.1/creator
o Avtuxelpevo: http://www.example.org/people/JohnSmith

To RDF yenowonoiel URIs vyl Tov povadind Teoodloplogd TwV UTOXEWEVKDY Xdl TV XaTtnyopnudtwy. To
avTtixe{pevo unopet va etvon URIs A xuptohextind-literals (cupfBohooeipéc, aprduol, nuepounviec). [57, 71, 27].

Kevol xouBor: O xevol x6pfol avtinpoownebouy tépous ywelc global avayvwplotixd, xa efvon yeroiuot ylo
rohOmhoxec dopée dedopévwy [57, 71, 27].

I'edipoc RDF': M cuhhoy and teimhétec RDF oynuatilel éva ypdgnuo RDF, emitpénovtog ty evowpdtwon
ocOvdetwy dedopévev [57, 71, 27].

http://example.com/subject

http:/fexample.com/book45

http://fexample.comditle

http:/fexample.com/name
http:{fexample.com/wrcte

“John Smith Autobiography” “John Smith”

Figure 1.1.5: ITapddelyua yedgpou RDF
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.1.4 Ewcaywy”n otnv avAALCT CLUVOUCUNUATOS

H avdhuorn cuvauotuatoc (sentiment analysis), ¥ e£6puEn yvoune (opinion mining), etvon pa teyvixy NLP yio
TOV EVTOTULOUO Yol TNV EEXYWYT| UTOXEWEVIXDY TANGOPOELOY o6 XEUEVO, TUELVOUMVTAS TO (G VETIXO, dpVNTIXO
1 oudétepo. Avahlel Ta cuvanodiuota, T amdelc xar Ty diddeon, mopéyovtac TANPOPoplEC OYETXXE UE TN
dnuéoto avtikndm xou ) cuvenoInuatixnd avtidpaon anévovtt oe éva xefuevo [79)].

1.1.5 Egoappoyvég tng avAAuorg cuvacUIULatoq
H avéluon cuvaicdfuoros epopudleton oe Sidgpopouc toueic [55]:

Enuyeipriosig: Ou emyelpfoelc XpnoWonolody TNy avdAUGT GUVALGUUATOS VLot VoL AVUAUGOLY Tal Oy oML
TOV TEAATOV, TIC XELTIXEC TWV TEOIOVTWY TOUC X0l TIC TACELS NG ayopds, Vo TapaxoAovdoly TN @hHun g
pdpxag Toug xau va a€lohoyoly Ty ixavoroinom Twy tehatdyv. Eletdlovtog to péoo xovemvixrg dixtinong xou
TG BlodeTuoKES XPLTIXES, Umopoly va aflohoyRoouy To xovd alo¥nua xol Vo TEoCUpUOCOUY TIC GTEUTNYIXES
MAOXETLVYX TOUG.

IToAvtix®: Ltnv moltiny, 1 avdhuon cuvalcUAuaTog GUUBAAEL oty avTidndn Tng xoWng YVeUNg Yo Tohl-
TiXéc, TOMTXE mpdowna xau yeyovota. Bondd touc avelutéc va xatavoroouv to alotinua twv Ynpopodpwy,
VoL TP OAOUITIC0UY TIC OANXYES TNG XOLVAC YVOUNC Xat Vo oXedidioouy otpatnyxés. H avdhuon twv yéowy
XOWWVIXAG BIXTOMONG XL TV EWONCEOYRUPIXWY Splpwy UTopel Vo amoxaAlPel TANPOYOpRie Ylal TN CUUTEPLPOES
TV PNpopdenv ot vo TeoBAEPEL Ta EXAOYIXA OTOTEAEGUOTAL.

Yyeiovopuxn neplidaidn: H avdiuorn cuvanodiuatoc Behtiodvel ) gpovtido twv actdevdy avahbovtag ta
oy Ok and €peuveg, Uéoa xovwvixre dixtiwong xou pdpoup. Bondd toug napdyou uyelovounhc tepldordng
va evtonilouv Topeic mpog Bertinon xou vo xatavoolv Tic eumelples Twv aovevdv. Iapaxoloudel enlone to
xowo aioUnua oxetxd pe Tic toMtxég xou Ti¢ Yepaneieg vyelag.

1.1.6 Teyvixég avdiuong cuvoucIRUATOog
Ty avdhuon ouvorsdfuatog yenotponotolvtan Sidpopes mpooeyyioeis [79]:

Méedodot tov Bacilovton otnv xeron Aedixol: O cuyxexpéves uédodol Pacilovton oe mpoxadoplo-
péva Ae&ind Aé€ewv avtoTolylouévey ot cuvatofuata, arnodidovtae Baduoroyin cuvacdiuatoc oe Méeic 1
(PEACELC YO TOV TPOCOLOPLOUS TOU GUVOALXOU cuvacUfpoatog. otdoo, unopel va BUGXOAELTOVY UE TA GUY-

peoalbueva Xl TIC YAWOOXES OMOYPWOELS, OTWS O CUPXACUOSC XaL Ol WBLWUATIOUOL.

MedodoL mouv YeNoikonoloLy pnyavixy pwadnon: Autéc or uédodol mepthaufBdvouy v exnoidevon
ohyoplduwy oe cOvoha dedopévwy ue eTixéteg Ye oxomd v mpofBiedn tou cuvacinuatoc. Kotaypedgpouy
ocuvdeta potiBo xou Aopfdvouv urdédn to context. Ou cuvhdelc npoceyyioelc nepthaufdvouv:

EmpAenduevn pdinon: Alybdprduol 6nwe o Naive Bayes, SVM xat veupwvixd dixtua exmoudedovton oe chvola
OEDOUEVLV UE ETIXETEC.

Mn emplenduevn uddnon: Auvtéc o yédodor mpoodiopilouv To cuvaicOnuo ywelc emonuocuéva dedouéva,
XENOWOTOLOVTOE TEYWXES opadonolnong 1) poviehomoinong Yepdtwmy.

YBedixéc méBodor: Tuvdudlouv mpooeyyioeic Pootoyéves oe Aeld xar otn pnyavixs udinon xou étol
Behtiddvouv Ty axp(Belo afLoToLOVTAS To TAEOVEXTHUATO Xot TV V0.

1.1.7 TIIpoxAfioelg oTnV AVAALCY] CUVAULCUNUATOG
Mopd ™ xenowdtntd tne, n avdivon cuvaodfuotos avuyetwnilel apxetéc Tpoxiioes [79, 14, 55]:

EvTtomiopdég capxacpo: O copxaouds cuyvd expedlet éva cuvaiotnua avtideto 6To xUPLOAEXTIXG VO,
HUNOTOVTOUS BUGXOAN TN owoTY epunveia Tou and toug alyoplduouc.

Katavénorn tou nhawciouv-context: OuAé€elc unopel va €xouv dlapopetinn onuocio avdhoyo ue to context
oto onolo Bpioxovian. To yeyovdg autd emnpedlel v epunveia Tou cuvanodruatog. o mopddelyua, n AN
"great" umopel vo elvon Vet oty mepintwon "great job" ohhd apvnTixh otny neplntwon "great, just what I
needed" (copxactxd).




1.1. Oewpnuxd vndBadeo

Y roothelEn ToOANARAGY YAwoowv: H avdntuln poviéAny mou Aettovpyolv e BlaQopeTnES YAOOOES XAl
dlahéxtoug elvor TOAOTAOKN AOY L TWV UOVIDIXWY YAWOOIXMY YOLUXTNELCTIXWY X0l TWV TOATIOULXOY TAUGIWY.

My experience The productis v " ‘
so far has been ok | guess e supplo eamis
. useless
fantastic!
POSITIVE NEGATIVE

Figure 1.1.6: ITapdSerypa avdhuone cuvarotiuatog [64]

1.1.8 VADER: Valence Aware Dictionary for Sentiment Reasoning

To VADER elvon éva epyaelo avdiuone cuvoncfuatog Boclopévo oe XAVOVES XoL TPOCUPUOCUEVO GTol XElUeval
TV PEowY xovovixic dtinone. Avortdydnxe and toug C.J. Hutto xou Eric Gilbert [44] xou Swyeipileton
TNV avenionun YAWCO, TIC CUVTOUOYEApIEC Xou Tor emoticons.

AvdntuEn Aegixol

To he€&wxd cuvanotiuatog VADER avomtdydnxe egetdlovtag undpyouvoeg "tpdnelec hé€ewv cuvanaifpartoc”
onwe LIWC, ANEW xaw GI [72, 12, 82]. "Encita enextdidnxe yio vo cUUTERINEPEL yopaxtnelotixd o elvon
xové ota microblogs, énwe Ta emoticons, Tor axpwVOULYL X0 1) 4pYX0, UE amOTENESUA Vo TEOXOPOUY Tavw ord
7.500 emxvpwpévo AeElthoynd yapoxtnetotixd mou alloloyhinxay and avipodnivous Badpohoyntéc Y€ow Tou
Amazon Mechanical Turk.

IT&dg Aevtovpyel

To VADER ocuvdudlet éva Ae&ixd cuvatotiUortog Ue YeouoTixols Xal cUVTOXTIX00E XAVOVES Yio Vol Tpocdlopilel
To cuvaloUnua evog xewévou. Egapudlel eupetinol xavoveg yio T oTi€r), TNy xe@oiotononoy, Toug TpoTonoL-
ntéc Badpol, Toug cuvdéopoug xou TV dpvnon. To VADER nopdyel téooepic Baduoloyiec-scores (pos, neu,
neg, compound), TOL AVTITPOCWTEVOUV BLUPOPETINES TTUYES TOU CLUVOLTUAUATOC.

Scores:

Pos (Positive): ITocootd tou xepévou mou Yewpelton Yetixd.

Neu (Neutral): ITocooté Tou xewwévou Tou Yewpeiton oudétepo.

Neg (Negative): IIocootd tou xewévou mou Yewpeiton opvnTind.

e Compound: Kavovixonounpévn, otoaduiouévn odvietn oduohoyia mou xupoivetan and -1 (mo apyntixn)
éwc +1 (o Yetnn).

Epunveia tou Compound Score:
o Octiké guvoliké ovvaioOnua: Compound score peyarltepo touv 0.05.
o Oudérepo ovroliké ovvaioOnua: Compound score petold -0.05 xar 0.05.

o Apvnuiké ovvodiké ovvaioinua: Compound score pxpotepo tou -0.05.
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Chapter 1. Extetopévn Iepihndn ota EAAnvid

Anoé8oon xou ITAeovexthipaTa

To VADER eivar anoteAeopotind yio TV av@AUoT GUVTOU®WY, AVETIONUWY XEWEVKY, 0K tweets xat avapTioelg
oto Facebook, pe embddoeig e€loov xaréc B xan xohdtepeg amd toug avipdmvoug aloloyntéc xan oxp{Bela
tagvéunone F1 {on pe 0,96 [44]. H npocéyyion tou, tou Boaoiletoa oe xavdvee, elvon utoloyiotxd anodotixy,
HOUOTOVTOC TNV XUTIARNAT Yot AVAAUGT] CLVALGUNUITOS GE TTEAYUoTiXd YpoVo.

1.1.9 Image captioning

Image captioning ovopdleton 1 maporywyy xewwévou mou meptypdpel 6,tL aneixovileton oe uio exdva. AZomolel
TEYVIXES OPAOTC UTOAOYIGTWY Xou eneéepyaciog uotxic YAwooog. Eivar {otxhig onuaciog yio epoapuoyéc 6mwg
7 nopoyn Poridelag oe dropa pe mpoPirfuata dpaong, 1 evioyvon g avalhmmong exovwy oto Tvtepvet, 7
auTouatoToinoT Tou content creation xou 1 Pedtiovorn e odinienidpaone avdpdnov-vnoloyioty [91].

A person riding a Two dogs play in the grass. A skateboarder does a trick A dog is jumping to catch a
A frisbee.

motorcycle on a dirt road.

Two hockey players are A little girl in a pink hat is A refrigerator ﬂlled.wilh lots of
fighting over the puck. blowing bubbles. food and drinks.

§

A close up of a cat laying
on a couch.

A red motorcycle parked on the A yellow school bus parked
side of the road. “==in a parking lot.

| Descrives withminoremors | Somewnatrlated tothe image | NN

Figure 1.1.7: Topdderyua anoteleoudtwy image captioner opodonoinuéva ue Bdorn tny nowdtnta [91]

Teyvixéc xot LoviEAa

To image captioning povtela éyouv e€ehiydel and template-based ueddédoug oe npoceyyioeic Badide uddnone
nou nepthafdvouy CNNs xou RNNs. To poviého "Show and Tell" twv Vinyals et al. (2015) ypnowonotet
éva. CNN yio tyv e€oywyr yapaxtnptotixey xo éva LSTM yio ) dnuovpyla Aeldvtag. Autd to poviélo
hertovpyel oe tplor Bruota [91]:

EZaywyn yapaxtneiotixov: Eva npo-exnadeupévo CNN onwe to InceptionV3 e€dyet yapoxtnpiotind
EXOVOC.

IMapoywyh Aeldvrac: Eva LSTM nopdyel ) Aeldvto &N mpog AéEN ue Bdon autd Tor YapaxTnetoTixd.

Exnaidevon: To poviého extoudeleton o olvola dedopévwy 6nwe to MS COCO [80].
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Metpixéc afltoAoyYNnone

Ta image captioning povtéia aflohoyolvtal cuyxplvovtag Tic mopayoueves heldvieg pe Tic AeCavTes avapopdc
yenowornouwdvtoc yetpixéc 6nwe BLEU, METEOR, ROUGE xo CIDEr. Autéc ol yetpixéc petpolv to n-gram
overlap, v oxpifewa, TV avdxhnon xou T onuaclohoyx opodtrta [91].

ITpoxAfoeig

Ot Booxée mpoxifoelc mou avuuetonilel o image captioning nepthopBdvouv:

ITowchopoppia oTo ONTING TERLEXOUEVO: XEPloUOE HEYIANG TOLUAING AVTIXEWEVODY XoL GHNVEV.

Katavonon nhaiciov-context: Katavonomn towv oyéoewy uetold tov avixeyéveny mou eggoaviCovron xau
NG CUVOAXAC OXNVAC.

IMapoy wyh xewpévou: Hopoywyh edyAOTToV Xon Ypapuotind 0opddv tpotdoewy [91].

1.1.10 GIT: A Generative Image-to-text Transformer

GIT (Generative Image-to-text Transformer) evornolel tic epyasiec dpaone-yhdooog, eotidloviac oto image
xou video captioning xou otny amdvtnon epwthoewy. To GIT avantdydnxe and tn Microsoft xau ypnoylonoet
Evay LOVO XWOLXOTIOLNTY EXOVOC ol €V UOVO ATOXMOLXOTIOMNTY) XEWEVOU, UTAOTOWVTOS TNV UEYLTEXTOVIXT
[94].

ApyitexTovixnr Loviélou

Anlonoinuévn Sown:

Kwoéicorontnig exdvas: 'Evoc petaoynuatiotic dpaong tomouv Swin npo-exnawdeupévog oe (ebyn exdvag-
HELLEVOU.

Arnoxwodiorontis keiuévov: Alxtuo transformer yio Tnv nopory ey XEWEVOU Amd YOEUXTNELOTIXG EXOVOS.

ITpo-exnaidevon

To GIT npo-exnawdeltnxe ot 0,8 Sioexatopudpla Lebyn edvac-xelévou amd alhvoha dedouévmy omwg ta COCO,
CC3M, SBU Captions, Visual Genome, CC12M xon ALT200M.

YtoyoL exnaldevong:
Andea yAwooikis povredonoinons (LM): Avtiotolyiorn emdvwy elobdou OE TEPLYPUPES XEWEVOL.

Avulenikr) npo-exmaidevon: Exuddnomn toyupdv avonapaotdoeny exovmy.

Fine-tuning yia cuyxexpipéveg epyacisg

To GIT eivon deytel fine-tuning yio epyaoiec 6nwe image captioning xou visual question answering (VQA).
INo epyaoieg mou agopoby Blvieo, yiveton detypatoindio xou xwdxonolnorn TOAAATADY XapE.

Scaling wovtélou xou Beltiotonoinoyn enddéoswy

Scaling Up:

Meyalttepa povtéda xar dedopéva: To GIT xhpoaxdver ta dedouévo npo-exmaldeuone xou to péyedoc tou
HOVTEAOU Ylal VoL BEATIOOEL Tig EMBOTELS, EMTUYYAVOVTOC Xopugalo anoteléouata oe didpopa benchmarks.

A&woN6ynor xow Benchmarking

To GIT EZenépaoe g emddoelc TpoNYOLUEVLY LovTéAwY ot benchmarks ywr image captioning, VQA xou ep-
yooiec mou agopolv Bivieo, Zenepvavtoe Tic avipmnivee emddoelc oto TextCaps [94].
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y ] 7
Pred: a close up of Pred: a close up of Pred: the back of a Pred: the front of Pred: a hand hold-
a grey piece of fabric a yellow object on a package of food with a jar of chicken light ing a black calculator
with a seam. white background. the cooking instruc- salad dressing on a with a screen.

tions. kitchen counter.

F

Pred: a container of Pred: the top of a Pred: a black bot- Pred: a grey and Pred: a black tele-
old fashion hard can- microwave with but- tle of moisture rich black cat with a pink wvision screen on a
dies on a table. tons on it. shampoo on a white collar laying on a wooden table with a
blanket. couch. grey object.

L o )

Pred: the top of a Pred: the top of a Pred: the top of a Pred: a blank white Pred: the top of a
box of frozen dinner box of pretzel bread box of healthy choice piece of paper on a package of canadian
on a wooden table.  on a counter. mediterranean  bal- couch. bacon.
samic garlic chicken
frozen dinner.

Pred: the top of a Pred: the front Pred: the top of a Pred: a hand hold- Pred: the front of a

green bottle of liquor cover of a catalog for caleulator with white ing a piece of paper white box for a cell

with a label. 2012 catalog. buttons on a table.  with a grocery list.  phone.
”, .

-
Pred: a blue sweater Pred: the top of a Pred: the top of a Pred: a bottle of or- Pred: a bottle of 14
with a blue scarf box of fettuccine al- christmas tree with ganic apple cider tea hands red wine on a
hanging on a hanger. fredo. lights on it. sitting on top of a table.

IR

Figure 1.1.8: AnoteMéopata tou poviéhouv GIT model [94]
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1.1. Oewpnuxd vndBadeo

Boaowxég cuvelcpopég xau xarvotowpieg

Evonowmuévn Apyitextovixy: Anlonolnon oe évoy xwOXOmoinT EXOVIC oL EVOV ATOXWOLXOTONTY
EWEVOU.

Exnaidcsvon and dxern oc dxpern: OAOxAnpo to dixtuo exmaudeltnxe oe peydAia cUvolo Sedouévwy,
emTLYYdvovTag VPNAéS embdoELS.

To&wvounon pe Bdon tn yevid: Hopdyel etTnéte xhdoewy auto-tolvdpouxd (auto-regressively) avti vo
yenowonole! tpoxaoptopéva AeEhoyia.

IMTpoxAfioeic o LEANOVTIXTA gpyacia

IMpoxAnoeic: 'Eheyyoc twv napayoduevoy Aeldviwy xou in-context pdinomn ywelc evnuéowaon nopopétewy.

Kowwvixdg aviixtunog: Bektiwon g npooBaciudtntag ue tautdypovn dloyelplon miavnc Tolinhc YAwo-
o0 08 GUVOAA BEBOPEVRY TTPO-EXTULBEVOTC.

1.1.11  XYnpoctoloyixr) opolotTnTa

H onuacioroyixni ogoldtnta 1 onuacloloyix| andotacy yetpd ndéco otevd oyetilovion d0o Aé€eig 1) évvoleg.
Eivon deyehwdne epyacio otnv NLP e eqapuoyéc otny avdx o Thnpopopldy, otny TaivouncT XEWEVLY ol
o)L wévo.

IMapadooiaxés npooeyyiosic: OL npwteg uédodol yenoiwonooboay dounuévee hedlhoyixéc Bdoelc de-
dopévwv émwe To WordNet [60], opyavivovtoc Tic AEelc oe cUvola ot o tepopy x| douh. Métpa dnwe autd
tou Resnik [76] Bacilovtav oTo mAnpopoploxd TEPLEYOUEVO TV KOOV TROYOVWY.

IMeoxAfosic: Autéc ol uédodol e€optdvton and Ty Thnpdtnta xar Ty axpifeta tne Ae€uxic Bdone dedopévmv
xa efvo oToTnég, amoTUYYEvoVTaG Yo GUARGBOLY TIC onuacieg mou egapT@vTol and To cuupEaldpeva.

Egappoyéc:
o Avdxtnon minpogopidv: Beltiwon twv unyavodv avalAtnone Yo TNV avexTnon onUaclohoYixd CUCYE-
Tulouevwy eYYEAPLY.

o Talivéunon xewévou: Opadonolnon eyypdpwy e Bdon To nepleyOUEVO.

o Andvinon epwthoewv: Elpeor oyeTnty anavTAcEmY XATAVOOVTOS TNV CNUAGLOAOYIXT] OUOLOTNTOL.

1.1.12 Embeddings: 30AAn)n onpacioloyixnc andcTaong

Tao embeddings moapéyouv Wior TUXVY, CUVEXT AVATAEAOTICT, TV AEEEWY TOL OMOTUTMVEL TIC CNUACLONOYIXES
Toug évvoleg pe Bdom o cuppealdueva.

T eivo Too embeddings;

Ta embeddings efvor Slavuouatixée avandpaoTdoelS TV AEEEWY OE €Vay CUVEYY| XWEO, TOU UTOTUTLVOUY TIE
ONUOCLONOYIXES OYEaEls PeTadD Toug xau emitpénouy Ty el Bddog avdhuon toug. Me Bdon v distributional
hypothesis, ot evowpatdoeg Tonodetolv AMéEelg pe mopdpolor cuUPealoueva xovTd 1 wio oty dAAY 6To dlavuo-
HATXO Y GQO.
IIweg dnpiovpyolvTtar ta embeddings;
Médodol yio Tnv dnuiovpylo embeddings nepiiaufdvouy:

e Word2Vec: Xpnowonotel vevpwvixd dixtua pe apyttextovinés énwg CBOW xou Skip-Gram [59).

e GloVe: Avollel moryxdoma oToTloTind oTolyela cUV-ePPEvIoNS AEEEWY Yial TN dNULOVEYid EVOLOUUTWOENY
[73].

e Contextual Embeddings: Movtéia énwe to BERT Snuioupyodv evonuatdoei mou alkdlouv avdhoya
HE Tot oUUPEalOUEVAL, YENOULOTIOLOVTAS pla dpyttextovxy| transformer yio oppidpoun xotavénon [22].
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

I'ati xpnoiwpnonoloLue embeddings;
Ta embeddings npoc@épouv:
o Melwor dlotdoewy: muxvd daviouata xadotody Toug LTOAOYLOUOUE AModOTIXOUG.
o Ynuoctoroyixde IThovtoc: Koataypapr) oOvietwv oyEoenmy OTwE GUVEVUUO XAl AVTOVUUAL.

o Erniyvwon twv cupgealouevov: Ilpocapuoyr| oe Saupopetinég évvoleg Aé€ewv avdhoyo pe ) Xpnon.

Eg@appoyés Twv embeddings
o Avdxtnon minpogopidv: Evioylouv tic unyavéc avaldtnong yio onuactoloyix ouoldTnTd.
o Talivéunon xewwévou: Behtdvouy tny anddoon Tavountev e TAOUCLEC GTUACLONOYLXES UVATOPIO TAOELS.

o Metdgppaon: Aieuxoldvouy tig oxeieic uetagppdoelg e tn cUMNIN TwV onuacldy Tou oyetilovtal Ye Ta
ouppeoaldueva.

1.1.13 To npéfAua twv Vanishing Gradients Aoyw twv Lovodv xopeopmol tng
OLVAETNOYS CLVNULTOVOU

To vanishing gradients anoteholv wa ongavtixy npdxinon ot Bathd uddnon, Witepa otn Betiotonolnon
twv embeddings xewévou pe T cuvdptnor cuvnutévou [40, 54].

H ouvdptnon cuvnuitdévou petpd v ogoldtnta petadd twv embeddings xewwévou, n onola opiletor we e€rc:

A-B

cos®) = AT

6mou A xou B eivan Stovioporta embedding. O {dveg xopeopol epgavilovton 6tav cos(f) ~ £1, odnydvtog oe
UXEES HALOELS Xo aPYEC EVIUEQWOELS TTUPUUETEWY.

1.1.14 Angle-Optimized Embeddings Keipévou

To unihc mowbtnroac embeddings xewévou Behtidvouy Ti¢ epyooies onuaciohoyixic opodtnrag xeyévou (STS).
To AnglE, tou mpotddnxe ond toug Li xou Li [54], avtiwetwniler to vanishing gradients BeAtiotonoudvtog Tig
ywvieg otov wyadixd ywpeo. o ouyxexpiévae, to AnglE eiodyel ) Bektiotonolnon ywviody yio va BeAtidoet
N pon} xou TN BedtioTonolinoy twv gradients, yetpidlovtag Ti¢ LMVES XOPEGUOV TNS CUVEETNONG CUVNULITOVOL.

Medodoroyio

Ytpopa etcodou: Xpnowonoweiton padding yia tic npotdoeLls, ol onoleg énerta avuiotolyiovtar ot évay d-
ddoTato xohpo xou tepvolv péoa and évay xwdoromnt (BERT, RoBERTa, LLaMA) vy Tic avanapactdoeLs
oLUPEAlOUEVWLV.

Cosine Objective: Metpd tn onuactoloyxr| opoldtnta avd LeOyn, UE 0THYO TN YUEYLOTOTOMOY TNS OUOLOTNTOG
yioe Lebyn LPniric opoldTnTaC Yo TNV ehaytoTonoinot tne Yo Lebyn younhiic oyotdTnTas.

In-Batch Negative Objective: BeAtudvel v anddoon ye tov eviomoud VYetixdy detypdtwy evide evig
batch, peidvovtac to Yopufo and Aavioaouévo ETLoNUUCUEVE dEVNTIXA.

Angle Objective: BeAtiotonolel Tic Slapopég Ywvlag otov uyadixd yweo, BEATIOVOVTAS T pot] Twv gradient
xou TN BetioTomoinom.

AZloroyTom

Extetauéva newpdpata delyvouy 6t to AnglE uneptepel twv alyypovev poviédwy ot epyaoiec STS, ouunep-
INBOVOUEVLY TV gpYaotdy clvtouou xewévou (short-text STS), peydhov xewévou (long-text STS) xou
domain-specific epyaoicv.

Ano6doomn o STS Tasks

12



1.1. Oewpnuxd vndBadeo

Short-Text STS: To AnglE-BERT nétuye uéon cuoyétion Spearman 73,55%, Zenepvavtag to 68,03% tou
SBERT.

Long-Text STS: To AnglE-RAN eiye xahOtepeg endooelc o€ GUVOAA FEBOUEVLV UEYENOU UNXOUS XEWWEVOL OTtd
to GitHub Issues, avadeixviovtag TNV anoTeAEoUATIXOTNTE TOU GTOV XELRLOUS GUVIETOV XEWEVLV.

Domain-Specific xaw LLM-Supervised Learning H AnglE anod{de. xohd oe domain-specific oevdpia pe
TIEPLOPLOUEVD ETMLOTIHOCUEVD DEdOpEVA, xat BeATIdvETOL TEpanTépw Ue udinomn pe enifiedn ané LLM.

Ablation Study Bpédnxe 6t 1 Behuotonoinon tng ywviag eivan xplown, xodog ywelc autiv ol emdodoelg
HELOVOVTAL ONUOVTIXAL.

Transfer »xow Non-Transfer Tasks To AnglE Eenepvd povtéha onwe to SimCSE téoo oe transfer 6co xou
oe non-transfer tasks, anodeixviovtog toyuet| yevixevon.

Model STS12 STS13 STS14 STS15 STS16 STS-B  SICR-R Avg.
Unsupervised Models
GloVe (avg.) t 55.14 70.66 59.73 68.25 63.66 58.02 53.76 61.32
BERT-flow I 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERT-whitening 1 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERT i 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
CT-BERT ¢ 61.63 76.80 68.47 77.50 76.48 74.31 69.19 72.05
ConSERT-BERT 64.64 78.49 69.07 79.72 75.95 73.97 67.31 72.74
DiffCSE-BERT 72.28 84.43 76.47 83.90 80.54 80.59 71.23 78.49
SimCSE-BERT 68.40 82.41 74.38 80.91 78.56 76.85 72.23 76.25
LLaMA2-7B % 50.66 73.32 62.76 67.00 70.98 63.28 67.40 65.06
Supervised Models

InferSent-GloVe 52.86 66.75 62.15 72.77 66.87 68.03 65.65 65.01
USE 7 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
ConSERT-BERT 74.07 83.93 77.05 83.66 78.76 81.36 76.77 79.37
CoSENT-BERT x 71.35 77.52 75.05 79.68 76.05 78.99 71.19 75.69
SBERT f 70.97 76.53 73.19 79.09 74.30 77.03 72.91 74.89
SimCSE-BERT 75.30 84.67 &0.19 85.40 80.82 84.25 80.39 81.57
SiImCSE-LLaMA2-7B +  78.39 89.95 84.80 88.50 86.04 87.86 81.11 85.24
AnglE-BERT 75.09 85.56 80.66 86.44 82.47 85.16 81.23 82.37
AnglE-LLaMA2-7B 79.00 9056 85.79 89.43 R87.00 88.97 80.94 85.96

Figure 1.1.9: Evaluation results for transfer STS tasks [54]

Model MRPC STS-B QQP QNLI GitHub Issues.

Avg.

test test validation  validation test
SimCSE-BERT  48.13 76.27 65.84 33.00 60.38 56.72
SBERT 46.19 84.67 73.80 65.98 69.50 68.03
AnglE-RAN 58.70 80.23 74.87 63.04 71.25 69.62
AnglE-BERT 62.20 86.26 76.54 72.19 70.55 73.55

Figure 1.1.10: Evaluation results for non-transfer STS tasks [54]
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

1.1.15 Eppnvevoipndtrnta (interpretability) xou e€nynoipnodtnta (explainability)
otnv Texyvnty Nonpooivn

H epunvevowotnra tng TN xou 1) enednynoydnta yenodomololvol oLy Ve eVOAAGEN WS LGOBUVOUES EVVOLES,
aAAGL €y ouv BlopopeTIné EVVOLES.

Epunvevoipotnta

H epunveuoiudtnta e TeXVNTAC VONUOCUVNE TEQLAOUBAVEL TNV XATAVONOT TNS CUUTEPLPORAC TWY UOVTIEAWY
unyovixhc uddnong, divovtac éugacy oto WovTéha oL elval amd Tn QUOY TOUC OmAd XL EpUNVELCLUA, OTKS 1|
yeoppx Taktvdpdunon, Ta dévtpa anogdoswy 1\ to povtéha tov Pacilovtar oe xavovee. Eivor {wtinhc onpaciog
Y1 oEVApLaL OTIOL 0L XENOTES TPETEL VoL EUTIGTEVOVTAL XoU VoL Xatavoolv To povtého e Bddoc [34]. H mpduinon
éyxerton otny e£l00pEdTNOT TNE TOAUTAOXOTNTAC TOU HOVTENOU X0t TNS EpunvevotpdTnTas [48].

High
il Linear
Interpretabili
" t):h O Regression
— Decision
Trees
Logistic
Regression
Interpretability | . Naive
3 .. Bayes
E K-Nearest
e, Neighbors
Support
. Vector
*.. Machine
L Ensemble
1 Methods
/ T
Neural
v Y
Poor Networks O
Interpretability < »
ol
- @ 1@ ,
Poor . High
Performance Pe ance Performance

Figure 1.1.11: Interpretability versus performance trade-off given common ML algorithms [48§]

EEnynownoétnta

H enegnynuanxdtnra otny TN emxevipdvetar oto vo xatactioel Tig dtadixaoies AMdne ano@pdoewy twv wov-
Aoy TN Bagovels, mopéyovtag cageic e€nyhoelc Yla ToV TEOTO PE TOV ONO(0 TMEOXUTTOUV GUYXEXQLUEVA
anoteréopata. Elvar Lotxre onuacioc yia ) Slaogdiion tng Aoyodooiag, Tng EUTOTOCUVNG Xol TG XUVOVLO-
TUNAC CLUPUOPPWONG, WBiwe Ye ToAlThoxa LovTéla 6nwe To fardid veupmvixd dixtua. Xenotworowolvtal post-hoc
pédodot, 6mwe o Poduoloylec onuaciog TWV YoEAXTNELOTIXGOY KoL OL AVTLRUEUDELYUoTiXéS EENYHOELS, Yiot Vo
dleuxpvio el 1 cuUTEELPOEd Tou wovTéhou [48].
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1.1. Oewpnuxd vndBadeo

1.1.16 E&nynocic UE AVTITARAOELY A

O e€nynfoeic ye avumopddetypa mopéyouv Thnpogopies napouctdlovtos Lrodetxd cevdpla Tou Selyvouv Te
HxpEc alhayég ot dedouéva ela6dou Vo Umopoloay Vo 0dNYNCOUY GE BLUPORETIXA ATOTEAEGHATA, EVIGYDOVTOC
™ dlapdvele xan TNV epmoTooivn ota cuothdata Texvntic vonuooivne [62]. T napdderyua, delyvovtoe étu
€va DAvelo VoL eYXELYVOTAY OV TO ELCOBNUA TOU ALTOUVTOC HTay ehapeddc Ldmidtepo xorhotd T Sadixacio Aidng
anoPdoewv dionoUn Ty,

ITpoxAAoeig xauw eZehilelg

O npoxhfioeic nepthopfdvouy T Slac@dAoT 6Tl Tol avTinapadelyUota elvor PENOTIXG, EQUOUOCUIO X0l UTOA-
oyloTid epuetd. Ou mpbopates eZehifelc ypnotwonooly texvixéc onwe ta GANs v ) dnwovpyla peolio-
TIXDV EXOVWY OVTITAUPUOELY ATV ot THY avanTuéy uedddwy tou epopudélovton oe Bidpopes epyaoies Unyavixhc
uddmone [90].

Eg@appoyés oTOV NMpay Latind xO6CUO

Ou e€nyRoElc UE AVTITOPEDELYUA YENOLLOTOLO0VTOL OTO YENUATOOXOVOUXS Yiat TNV EEAYNON TWV TOTOTXOV
ATOPACEWY, TNV Uyelovouxh tepldahdn yiot TNy xotovdnor Tev Slory veoTixey ovTéAny xot yivovtal TpéTuno
yio post-hoc e€nyfoeic poviéhev [36].

1.1.17 Conceptual Edits wg €€nyrocic pe avIinapddety o

O Filandrianos et al. [30] npoteivouv 1 dnurovpyia enyfoewy pe avtimopddelypo pe T ypfon conceptual
edits. To concepts (EVVOLEC) AVTITPOCWTEVOUY YEVIXEUUEVES LOPYES OVTIXELUEVDY OTO dedouéva ELGGBOL, TToL
ouvdéovtan Ye e€wTepiny) YVoom Sounuévn we tepapyleg concepts.

To framework npooBiopilel tic ehdyiotec enelepyaoiec evvoudv (eAdylota concept edits) yio va ahAd&el n
npoPAedn evde Tadivounty paveou xoutiol. Ilodlanhéc e€nyRoeic ue avTinapddeLyl Unopoly Vo EXTIULHCOUY ULol
"ouvohu\" eERYNOT Yo Lot TEPLOY Ty CUVOAOU BEBOPEVLV Xau Wt TEEN-0THYO.

Ezplanation Dataset: To clvolo dedouévwv anoteheitar and miewddec (z;, C;), 6mou x; elvon éva delypa xou C;
elvan éval 6OVOAO EVVOLOY TTOU TERLYEAPOLY TO delyuoL.

Conceptual Distance: H evvolohoyix andotacy (dr) eivon n cuvtoudtepn Swobpoph petald dbo evvolby ot
évav yedpo TBox.

Concept Set Edit Distance: H Concept set edit distance (andotoor enelepyosiog cUVOAOL EVVOLDY) UETEN
TO EAGYLOTO XOOTOG PETATPOTAC EVOC GUVOROL EVVOLKY oe éva dAlo, to omofo elvan Lwtxrc onuociog yio
OnpLovpYid OUCLACTIXDY AV TLTUEABELYUSTWY.

Ynuaoia pag petatponris: H onuacio e petatponic evée delypotoc o dhho nocotonote(tar we e€he:

_ |F(za) = F(z)]
o(a,b) = Dr(Co.Cy)

onou F elvan o tagivountic xow Dp elvan 1 concept set edit distance.

Kataokevn ypdgpov: Katooxevdletar évac xoteutuvduevos Ypdpog 6mou ol xoufol aviinpocwnebouv delyuota
X0l Ol OXUES OVTLTPOOWTEVOUY UETACY NUATIONOVS, STAMHLOUEVOUC YE TO avTIOTEOPO TNG OMUAVTIXOTATAS TOUC.

Tomkés ka1 yevikevpéves e€nynoeg pe avurnapdoerypa

Tomuxée e€nyHoelc pe avTLmopddelypa: SUYXEXPUIEVES OANAYEC TTOU amatToUvTOL Yial €Vol H6vVo Selypa WoTeE va
emitevyvel N emduunty ta€ivounon tou.

Fevixevpévee e&nyfoels pe avumapdderypo: Luvadpolon Twv Tomxdy eEnyfioewy yia vo culheydodv Thnpo-
(Qoplec OYETIXG UE TIC XOLVEC OAAAYEC TTOU AMOUTOVVTOL GE €Val UTOGUVOARO BEDOUEVLY.
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

Explanation Dataset Features

Black Box
{laptop, computer.n.01, Classifier -
person, mamal.n.01,
e, prsn) o om0 -+ [Computer Room |
\ / -}
'.
Tbox
| {laptop, computer.n.01,
| cat € mammal.n.01
{aptﬂgeg;!rson TR s ATy lperson‘ marnal.n,(.’gi 0,
laptop € computer.n.01 aptop, computer.n.01,
teddy bear C plaything Ctoy -}
\
{cat, teday baar, {cat, mamal.n.01,
' N oy boar,playthi -+ erariars Ofice
/ toy, ...
) // . .
/’/ . \\\ |
e FY
{bed, teddy bear} {bed, furniture.n. 01
teddy bear, toy, .. Target Image
. Local Counterfactual
v Explanations
Target Label T Cuncaplual Edit
ey — cat
Inputs Outputs

Figure 1.1.12: Conceptual Edits as Counterfactual Explanations framework [30].

IMoapaywyn eENYACEWY UE AVTITARASELY O
Ou e€nyfoeig ye avunopddetypo TopdyovTal ws e&ng:

Troloyiouds amootdoewy evvowdy: Métpnoyn twv anoctdoewy UeTalh EVVOLDV YENOLLOTOLOVTOS T1 CUV-
Topotep dSwdpopr] oto TBox.

Concept Set Edit Distance: TToAOYIOUOS TOU EAEYLOTOU XOGTOUS OV OOULTELTOL YIoL T1) HETATEOTY) EVOS GUVOROU
EVVOLOVY GE €val GANO.

Kavaokevr; ypdpov: Kotaoxeur| evée ypagphAuatog enelriynone ve x6ufouc mou avinpocwrelouy GTolyeld
GUVOROUL BEBOUEVHV HOU OXUES TIOU AVTLTIPOCWTEVOUY UETACY NUATLOUOVS.

Troloyiouds tomikdy eEnyroewy ue avumapdderyua: Elpeorn tng cuvtopdtepne Sodpopric oto ypedpnuo
e€Nynone yio var oAAGEeL 1 Tovdunom evéde delypartog.

Troloyiouds yevikevuévwy e€nyrioewy pe avunapdderypa: Luvdpolon TOAATAGOY ToTxOY EENYHOEWY Yo
ATOATNOT) EVPVTEPWY YVWOEWY.

AeTTOUERNS AVAAUCTY] ATOTEAECUATWY

Hepdpata pe xprion tov CLEVR-Hans3: H pédodoc evtomioe mpoxatahiel oe évav tolvounts mou ex-
ToudevTnxe oto abvoho dedouévey CLEVR-Hans3, evtoniCovtag étol e emituyla mpoxatalideig ot dedouéva
exmaldevong.

Iewpdpata pe xprion tov COCO: H pyédodoc napriyaye e€nyrioeic yio yetafdoelc uetalld xhdoewy oto alvolo
dedopévewy COCO. Emonudvinxay ot Bacixéc évvoleg xan ot mdovée mpoxatahiPelc Twy TaglvounTay.

1.1.18 Ouoiotnta yYedpwy

H opoldtnta yedgwy yetpd néco duola etvan 800 ypagpruota 660V agoed TN doun xou Tig WioTNTég Toug. Elvan
Lotxhc onuaciag oe Touels OTwe 1 BLOTANEOPOEIXY, 1) AVEAUGT] XOLVWVIXWY BIXTOWY XoL 1) YNUELOTANEOPOEIXY,
omou elvan cuvAing 1 clYxELon TOAOTAOXWY BXTVWY.

16



1.1. Oewpnuxd vndBadeo

Boaowxég €vvoieg xou wédodotl

Ioopopgprouds ypdpwv Abo yeagphuota G xou G elval LoOUop@IXE €AV UTEOYEL Widt AUPLLOVOCHUAVTY] OVTLO-
Tolynomn UeTAl) TwV GUVOAWY XOPLPEY Toug ToL Blatneel T YeiTviaon. O éheyyog TOU LoPoPPLoHOD elvor WLaL
UTOAOYIO TiXY) TEOXANGT), B Yo UeYdhaL i Ypaphipoto e Sopopés, €0t o ixpés [3].

Arndotaon enekepyaoias ypagpnudtwv (Graph Edit Distance-GED) To GED petpd tov eldyioto optdud
tpornonotficewv-edits (eloaywyés, dlorypoupéc, AVTIXUTACTAGELS) TOU AMUTOVVTAL YLo T UETATPOTY| EVOC YT
potog o évar dhho, emitpénovtog dapopetinolc Poduoie avopodtnras [32]. Xenowonoteiton otny avaryvépelom
TPOTOTWY X0 GTNV OPACY| UTOAOYLO TEV.

Ioopopproués vroypdepwy Ilpoodiopilel av évac ypdpoc mepéyeton oe €vav dAho we axpBhc avtiotouyio, xau
elvaw NP-mAfieng epyaoio [88]. ZuvAdng otn ynUeELOTANEoQopxt| Yial TOV EVTOTUOUS XOLVMY UTOB0UMY GE Ubpla.

Paopatikés pédodor Loyxplon TV Paoudtov (IBLOTWOY) Tvdxwy Tou oyetilovion pe ypagpuata, OTwe o
nivaxag yertviaone # o mivoxae Laplacian. ITapduola @dopate utodniavouy mopduotes dopxéc Widtntee [16].
Avtéc ol pédodol yepllovton amoteleopatind Yeydhous Ypdpoue.

ITuprives ypdpwy Xaptoypedpnon Yeopnudtwy ot va xhpo VPNAGOY SLc TAGEWY YLol TOV UTOAOYIGHO TG OUOLOTH -
Tog HE yprion ouvapThAcewy Tuphva, 6mwe o muphvag Weisfeiler-Lehman [92].  Xpnowonoteltan evpéwe ot
unyeviery udinon yio Sedouéva mou Bacilovtal oe yedpouc.

Méfobor mov xpnouornooty embeddings Avanapdotaoy Yed@wy »S SLyOoUOTA UE TN YEHOoT TEYVIXOV OTWE TO
node2vec, to DeepWalk xou tor ouvelitxd dixtua ypdgwy [38, 49]. Entpénel tov anodotuxd unohoyioud e
OUOLOTNTOC O XAWLOXWOIUOTNTA.

Egappoyéc xou onpoacio
H opodtnta ypapnudtwy elvon xaiplac onuaciog oe:

/7

e BionAnpogopixnh: Eiyxplon Sixtiny aAANAETBpoong TEWTEVOY 1 YEVETIXWY pUIUIGTIXGOY BiXTO®Y
[78].

o Avdhuom xovevixdv dixtLwv: Koatavonon tne Souic xou tne e&éhéne pac xowvdtnrac [5].

¢ XnuerwonAnpogpopixy (Cheminformatics): ITpooSloplonds TapOUOIY YNUXOY EVOCEWY PE GUYXE-
LOT) HOPLOXADY YpapnudTey [75].

e Avdxtnom nAnpogopimv: Beltinon twv unyavedy avalitnong uéow e alyxeions Sopdy eyypdpny
¢ ypapnudtov [7].

1.1.19 Graph Edit Distance
‘Onwe avagpépinue tponyouuévns, o GED nocotixonotel v avopoldtnta petald ypdpwy unoloyilovtag tov
ehdyloto optdud npdlewv enelepyaoiac TOU ATOUTOVVTOL Yiol TN HETATEOTN EVOC YPUPHUATOS OE €val dAhO.
IMedZelc eneepyaciog

o Foaywyn) kopueng: Ilpootxn wlag véac xopuprc 6To yedgnua.

o Awaypagr) kopupns: Aworypopt| piog Ldpyoucos xopUPHS antd TO YEAPUA.

o Avtnicatdotaon kopuveris: Avtixatdotooy plog xopughc and wla GAAN.

o FEoaywyn) axunig: Ipoohiun ulag véa oxuic oto ypdpnua.

Awaypagn) axpng: Awrypopt| plog LTdEy0UCHS AXUAC ATd TO YEAPNUAL.

o Avtikatdotaon axung: Aviixatdotaon plog Utdeyoucos oxuic amd wio GANT.
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Kdde hettoupyia éxer éva ouyxexpyévo x6otoc xou to GED oobton pe to ddpolopa awtdv twv xbéotwy [77].
To GED petagd tov yeogpnudtwy G xou G elvou:

k
GEDGLG = Sy 2

(€1, i—1

YuvdeTtnor x6cTOoLg

H ouvdpetnon xbéctoug ¢ unogel vo Tpocopuootel avdhoya YE TIC anaTHoELS TNG epapuoyhc. o nopddetypa, 1
QVTIXATACTOOT] (LG X0PLUPNG UTopel var lval AydTERO damavney| amd T1 BlayeopT) Xou TNV ELOAYWYY) Lo VEOCS.
Yroloyiowég GED

O unohoyloude touv GED nepthaufdver v ebdpeon tng axoroudiog twv npdewy enclepyacioc pe 1o eAdyloto
oLVOAXG xboTog, évar NP-mApec mpdPinua. T peyolbtepoug Ypdpoug yenolonolodvTal TEOCEYYLOTIXES
pédodot, 6nwe ot ahydprdpor Hungarian, Hausdorff xaw BP-Beam [52, 31, 66].

Figure 1.1.13: Graph Edit Distance yeto€0 800 ypdoov. [6]
To ehdytoto GED anoutel 3 npdéelc enclepyaciog, ol omolec extiudvton va €xouy x66To¢ 3 oTny TEpInTWoT Tov elval
wooBapeic.

Mo tpocéyyion nou Bacileton otn yetatpony| TV Yeapnudtwy oe abvoha xat o matching diuepodv yYpapnudTwy
amhonotel Tov vnoroyiopd tou GED [20]. To cuvdedepéva ototyelo petatpénovia oe oOvVola Ue TNy avadithwon
TwV POAWV OE concepts, amhOTOLOVTAS TO TEOBANUA GTOV UTOROYLOUS TNG AnbCTAONG ENEEEpYATias CUVORWY.
Avuté emhbeTan yprowonowwvtac To framework yio T mopay YR EENYHOEDY UE AVTITUPADELY O XENOLLOTOLOVTAS
conceptual edits.

1.1.20 TIIpo6BAedm "virality" yia Bivieo oto YouTube

O 6pog "virality" agopd tnv toryeio xou evpela SudBoon mepieyouévou, onwe Bivteo 1 dpdpa, ot dmgLoxés That-
(popUES, WBIKC UEoW TWV UECWY xovwVixhg dxtiwong. Iho cuyxexpiuéva, To povdpevo autd agtonotel Tn Shvoun
TWY XOWOVXOY OTOWY Yia vor dnioupyNoel onuavtixy) ahknienidpaon xar teoPfoln, cuyvd yweic Ty yeron
napaBootoxiic SlaphLong, xoo TOVTAC TO Lol OLXOVOULIXE amodoTixy| otpatnylxr] marketing, andxtnong @hunc
xau doxnone emppofic [85].

To YouTube, nou 8plinxe tov Pefpoudplo tou 2005 and touc Chad Hurley, Steve Chen xow Jawed Karim,
elvan par xopugaior TAat@opua dlauotpaciol Bivieo. Apyixd npooplldtay »E LoTOGEADA YVWEWLGDY PE TNV YeHoT
Bivteo, ahAd tehixd e€ehiydnxe ot pla yevixn mhat@opua xowvoroinong Bivieo. H Google e€aydpace to YouTube
tov Noéufeto tou 2006 évavtt 1,65 Sioexatoupuplowy dohaplev ot UeToYES, EVIOYUOVTIC ONUAVTIXG TOUE TOPOUS
e [101, 17]. To YouTube Partner Program, nou eiofiydn 1o 2007, enitpénct oTouc dnuiovpyolc TEPLEYOUEVOU
Vo exeToAEVOVTOL Ta BIVTES TOUC, UETATEENOVTOC TNV TAATQOoUA O xEEBOPOEO Yeo Yia Toug yenotes. To
YouTube cuvéyioe vo xouvotopel pe yopoxtnelotxd émwe 1 {eviovy porf xal cuVSEOUNTIXEC UTNEESIES OTWG
70 YouTube Premium xou to YouTube Music [42]. Thpepa, eCunnpetel Sioexatoupdpla YpHotes Toyxooplne,
Topapévovtac xevtpde xépPoc uyaywyiog, extaideuone xou avtalhoyfic TAnpogopldy [42].

O 6poc "virality" oto YouTube avagépeton otnv tayelo xou eupela xowvonoinom Bivieo, n onola yapoxtneileton
and onuavixy xou Eopvixr) adinom twv TeoBoAiny, TV xowonooewy, twv likes xou Twv oyoAiwv péoo oe
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oUvTopo ypovixd ddotnua. O akydprduoc Tou YouTube mpowdel to "viral" nepieydpevo evioylovtog ta Bivieo
Tou BEyovton e€apyc HEYEAT TpocoyT], dnutoupY®VTAS évay Bedyo avatpo@oddTnone Tou EVIOYUEL TEQUTERW
v euféheta Toug [98, 1.

YYETIXES €PEVVEG

H avdluorn tne SNUOTIXOTNTOSC TOU TEPLEYOUEVOU EYEL CUYKEVTRMOOEL OTUAVTIXG EQEUVNTIXG EVDLAPEROV. Apyixég
perétee, 6mme 1 [96], elyov teploptopéva peyédn deiyuatoc. Ot Deza et al. [23] evidmooy ontind yapoxtnplotixd
mou ennpedlouy Tic mbavdéTe Yio virality wog ewdvoac. O Jiang et al. [45] e&étaoav ta viral Bivieo xau
TROTEWVAY EVa HOVTENO Yol TNV TeoBhedm tne Nuépag omou to Bivico Yo deytel Tov u€yioTo aptipd TEoBormy.
Ou Broxton et al. [13] avoxdiuday 6Tt tar dnpogihh Bivieo tapouctdlouy andTOPES diyéc Xol TTOOELS GTOV
aprdud mpofohdv. Ou Vallet et al. [89] avéhuoay Touc napdyovies mou xahotody dnuoguly ta tweets o o
Bivteo oto YouTube, avanticcovtog éva mAciolo mpoBAedng YenoUOmoLOVToS YopaxXTNELoTXd and ToANUTAES
mhatpdpuec. O Pinto et al. [74] €deiav 6TL ov pelovtiée npoforéc evic Bivieo oto YouTube pnopodv
va tpoPhegioty oflontoidvtag ta apyxd potifo tpofoidv tou. Ou Dubey et al. [25] npdtevay éva yweixd
transformer govtélo yio tnv npdPredn e dnuotixdtnTac Wwag exxdvoc yYenouonolwvtag ontxég evdelielc. Ot
Stokowiec et al. [81] npoéfBiedory Tn SNUoTIXGTNTA SLaBXTUAXOD TEPLEXOUEVOU YPNOWOTIOLIVTAS UOVO TOV TITAO,
eved ou Chen et al. [15] eworyayov wa tolvtpomuxy pédodo mpdPredme yio micro-videos. Ou Zhang et al.
[103] cuvdlaocoy OTTIXES, XEWEVIXES Xou TANEOQORIES YpNnoTwv ot éva attention model yio Ty mpdPBredn tne
dnuotixdtnrag edévwy tou Flickr. Ou Trzcinski et al. [86] mpdteivay éva support vector regression povtéo yia
v medPhedn e dnuotdTnTac Twv Swadxtuaxdy Bivteo. Ou Bielski et al. [10] ewofiyoryav éva mokutpomixd
self-attention povtélo yua v mpdBredn tne dnuotixdtntoc Bivieo. O Kong et al. [51] avéntuav to HIPie,
éva dadpaotind clotnue ontixonoinone tou yenoylonotel tn Hawkes Intensity Process (HIP) vy v npdfiedn
e dnuotxdtnTac Bivieo oto YouTube.

IIio npdopotes ueréte oxeTd pe TV TEdBAedn g dnuotixdtnTog Bivieo €xouv BlepeLVACEL XUVOTOUES TPOG-
evyloeic. O Bacic xou Gilstrap [4] yenotponoinoay Blogetpnd dedopéva xon pnyovixd uddnon yia va tpoBrédouv
) déopeuon twy Yeatdv Bivieo xou Ty dnuoTixdTnta, emTuyydvovToas axpifela dve tou 80%. Mo GAAn uehétn
yenowonoinoe wa eqappoyr) PyTorch tou VIVIT vy v npdPiedn tou virality oe Bivieo tou TikTok [39].
Ou Wang x.4. [93] ewofiyayay éva framework nou ofonoinoe tn duvopuxy| petalld YouTube xou Twitter yio tnv
TedPBhedn e dnuotixdtntog Bivieo e vdhmiy) axp{Bela ypnoylomoldvtag wovo pla nuépa dedouévwy exmaldevong.

1.2 Ilpotewvéuevo Framework

1.2.1 3uveicpopd
Ot ouvelogopéc authc tne dimhwypatixnc epyooiac elvol ToAamhéc xou urnopolv vo cuvodLoTolv we eEhc:

e H mo a€loonueintn cuvelopopd autrg g SateiBng elvan 1 avdntugn evog oloxhnpnuévou mAaciov Tou
EVOOUOTOVEL TOAATAES TEONYUEVES OVIAUTIXES TEYVIXES YIOL TNV XATAVONOT) Xl TNV TeoBAedn Tou virality
1oV Bivteo oto YouTube. To mhaioio cuvdudlel tn Yewpla ypopnudtwy, Ty avdiuoy cuvalcuatog, To
image captioning, embeddings xou Tic e€nyRoeic Ye avTimopddelyua, ue 6ha va Stadpopatilouvy xadoplotind
EOAO GTNY OMOTIXY avdAuoY) Tou TEplEYOUEvou Twv Blvteo.

e Graphs for Relationship Modeling: H yeYion tng dewploc yedpwy yia tn povielonoinon twv oyéoewy
petadld Slapdpwy otoyeiwy petadedopévev Bivieo (dmwe tags, thumbnails) egapudotnxe e8¢ TpdTn POEA.
Ta yeagphuota Tapéyouy €val omTixd xou Jornuatixd PESO Yl TNV XATOVONOT TwV TONITAOXWY OAAT-
hemdpdoewv xan e€opthoewy Tou cuUPdAlouy oty dnuoTtixdtnTa evoc Bivieo.

o AZonooeg yvwoele: H ouuneplindn e&nyfoewy pe avtimopddetypo mopéyel afLOTOLOWES YVOCELS,
delyvovtag moe uixpéc tpomonotfioelc ot otouelo Bivieo (m.y. tithog, tags) pmopolv va EMNEEACOLY
onpovTixd TNy tnAedéaon xou T cLPPETOYX. AUTH 1M TTUYY eVioyUeEL TNV TEAxTiXY XeNodTNTA TOU
framework yia Touc druloupyolc TepleyOUéVou.

1.2.2 TIIpoteiwvopevn pnédodog

Tiot Ty avadiudm twv napoydvtewy tou widolv cuvndiouéva Bivteo va yivovtow viral sensations, Yo ypetaotodye
éva TPOCUPUOOUEVO GUVOAO dedouévwy and viral Bivieo mou da mepiéyel T eixdvec thumbnails toug xou to
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petadedopéva xetwévou Toug. And autd o Bedopévar dNULOVEYOVUE OVATUPAGTACELS YPAPWY, GToU oL x6uBol xou
oL axpég xwdomololy didpopeg WLOTNTES TV Bivieo. Xpnotwonolobvton ahyderdpol Baclouévol oe Ypdpoug xou
onpactohoyés avtinapadetinéc YeYodoL Ylo TOV YELPIOUO XaL TNV AvaAUGT QUTGY TWY BOUMY YEap®Y.

YouTube Trending Video Dataset

H napotoa datpi3) ypnousonotel 1o ohvoro dedopévev YouTube Trending Video Dataset e Kaggle!, o onolo
EVNUEPWVETAL XAOMUERLVE Yol VoL avTavaehd i teheutaieg tdoelc oto YouTube. To cOvolo dedouévwy mapéyel
TAnpogopiec oyeTixd ye Ta trending Blvieo oe didpopeg meployéc avd Tov xOouo, Ue €ng xan 200 xatoywenuéva
trending Bivteo avd nuépa. Ioapéyel Aentopepn yetadedouéva yio xdie Bivieo xou Tig YeTprioelc ETBOGEWY TOU,
To omolor cuAEYovtan yenowponowdvtoag to API tou YouTube.

Ot othhec Tou anoterolvTOL Omd Tal EENC YOPAUXTNELOTLXAL:

Video ID: Movadixd avayvepliotixd yia xdie Blvieo.

Title: O tithoc tou Pivteo.

Published Date: Huepounvia xou dpa dnpocievong tou Biveo.
Channel ID: Movadixd avayvoploTixd Tou xavollol dnuocicuong.
Channel Title: ‘Ovopa tou xavaiiol dnupoacievone.

Category ID: Avayvopiotnd yia tnv xatnyopio tou Bivteo.
Trending Date: Huepounvia xotd tnv onola to Bivieo Ytav "tdon".
Tags: Etxétec nou oyetilovta pe to Bivteo.

View Count: Apiduoc mpofohdv.

Likes: Aptdudc twv likes.

Dislikes: Aptdudc twv dislikes.

Comment Count: Aptdudc oyohwy.

Thumbnail Link: ¥0vdeouog npog tnv eixdva thumbnail tou Bivteo.
Description: X0vtoun nepiypagy| Tou Bivteo.

Comments Disabled: Aciyvel av ta oydha elvon anevepyomoinuéva.

Ratings Disabled: Aciyvel av ol a€lohoyroelc elvar anevepyonotnuéveg.

To nmpooopooUeEVO GVUVOAO BESOUEVLY TOL BNULOLEYNOUULE

EMjpinooay ano@doelc oyeTnd Ue Ta YopoxTNEloTiXd ol Ta METAUOEdOPEVA Tou €npeme vo datnendoly A va
ayvondolyv, ye Bdon Tov avtixTUTd TOUC GTOV GTOYO HAC:

Video ID: Awtneeiton yia ) povadixy tautonoinon xdide Bivteo.

Title: Awtnpeiton xodde elvon and toug Paocixole nopdyovieg mou xodopillouy to av évac yerotng Yo
emhé€el va el éva Blvteo.

Published Date: YXnuovtixd yio tnv allohéynon tou virality ye tnv ndpodo tou ypbdvou.

Channel ID & Title: Aev Swtnpolvrtar xodog dev elvon yprioyo yia v evioyvon tou virality, 6tav
TO XaVEAL BeV elval YVOOTO.

Category ID: Awatnpelton yior TELOGUATO TOU APOPOVY GUYXEXPWEVESC XATNYOpRIES.
Trending Date: Awtnpeiton yior 0 Y€tenor TeV TEOBOANOY OE CUYKEXQWIEVES YEOVIXEC OTLYUEC.

Tags: Awtnpolvtar xadde emnpeedlouy TNV avory vwpelotudTnto Xou to virality.

Lhttps : //www.kaggle.com/datasets/rsrishav/youtube — trending — wvideo — dataset/data?select =
U Syoutubesrendingqata.csv

20


https://www.kaggle.com/datasets/rsrishav/youtube-trending-video-dataset/data?select=US_youtube_trending_data.csv
https://www.kaggle.com/datasets/rsrishav/youtube-trending-video-dataset/data?select=US_youtube_trending_data.csv

1.2. Ilpotewvépevo Framework

e View Count: Kiplog xadopliotindc napdyovtoag tou virality, cuvende Slatnpeiton ylor vo umopolpe va
ouyxplvouue Bivteo petald Toug.

o Likes & Dislikes: Aev Swtnpotvtat, xade eivon post-viral petprioeic.

e Comment Count: Aev Swtnpeiton xadde dev elvon opatde ey amd To xAix xou elvon eniong post-viral
uétenon.

e Thumbnail Link: Awtnpeiton xadoe anotelel xplowwo ontxd otolyelo.

e Comments Disabled & Ratings Disabled: Aiwtnpoivian xodode emnpedlouy Tic duVaTOHTNTES AN
AeniBpaong Tou xenoty pe To PBivieo.

e Description: Aev datnpeiton xoddc dev anotelel TpwTapy XS ToEdYOVTA AN6PACTS Yo Toug YeaTég.

To clvoho Bedopévmy yog €xel Tavew and 240.000 xatoyweioel, ye nepimou 43.000 povadixég xatayweloelg. To
oprdunTixd dedopéva Topauévouy avalholwTa, v Tor xatnyopxd dedopéva (tithog xou tags) xou ta thumbnails
anoutoLy TEpatTépw avahuoT xou enelepyaoio.

H avéluor tou tithou nepthapfdvel:

o ESaywyh Aeewv-xAetdimv: Anoudxpuvon stopwords xou onuelwy oti&ne, yetatpony| oe neld ypdy-
HOLTaL.

e Avdiuom cuvoucOfpatog: Xpnon tou poviéhou VADER yia v e€aywyn odvietng Baduoroyiog
(compound score).

o Snpeia oti&ng: Katauétpnon ouyxexpévwy onuelwy oting.
o Mxocg: Métpnon tou aplduold twv hEewv.

o Kegaraio nmpmhto vedupa npotdoewv: EXéyite av to mpdto ypduuo xdde npdtaone eivon xe-
pohaio.

o Avalovio xeparaiwy Aeewv: Troroyilel v avoroyio twv MEewy Ypoupévey Ue xepohala Yed-
portat Tpog Tie AéEele Ypouuévee pe neld.

To thumbnails avokbovtar ye ) yprion touv poviéhou GIT yio ) dnuouvpyio Aeldvtwy. Eneta e€dyouue xou
dtatnpolyue Aé€elc-xheldid amd autée T Aeldvtec.

I to tags yenowwomolope v teyvixf; Term Frequency - Inverse Document Frequency yio va e€dyoupe ta
Baowd éuata mou xuplapyolv atny mhetodnela toug. Alatnpolue eniong Tov aptdud tev dlapopeTixty tags
mou mepiéyel To PBlvieo.

MeTatponn o Yedgpoug YVOONQ

Ou yovadixég oelpéc Tou GUVOROU BEBOUEVKY UETATEETOVTOL GE YRAPOUS YVMONS Yenotuonowwvtog to Resource
Description Framework (RDF). Ou ypdgor avarapiotodv ta Boaocixd otouyeio x&de Bivico we Eexmplotéc ov-
TOTNTES UE TIC WIOTNTEC TOUC XWOXOTONUEVES ¢ oyéoelc. Aev cuunepihdfBoue to view count, published date
xou trending date ota ypagpruato, xoadde autd Go yenowworoindoldy yio T oUYXELoT TwV BiVTEo xou Sev UTdEYEL
AOYOC Vo cuyxplvouue TIC Nuepounvieg mou to Bivteo dnuooielTnxay xou €yvay enionua TEoEC B Tov aptdud
TeoPBohy. Autd Ta yapaxtneioTixd datneRinxay povo yio va ywploouue apydtepa To GUvoho Bedouévwy oe
pxpotepa obvola. ‘Eva napdderyuo ypophuatoc tapovoldletar otny exdva 1.2.1.

YOyeiom

I v mapdyouye Aoyixéc mpotdoels yia 0 Behtiotonolnon tou nepleyouévou evdg dodévtoc ypdpou YouTube
Bivteo, 1o ouyxpivoupe pe xdde ypdpnuo 6To cUvoko dedopévwy yoc. EmAéyetol 0 UETAOYNUATIONOS UE TO
Younhétepo xéotoc. H BiBhodinn cece [20] ypnowomoleiton yYior TOV UTOROYIOHS TWV BLopopddy Xa TNV TopoyT
TPOTACEWY AAAXYQVY Yia TNV evioyuon Tne dnpotixdtnToc Tou dodévtog PBivteo.
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Figure 1.2.1: Iapddelyya yedgpou yvoong evoe Bivieo tou YouTube

Koo 1 odyxeion oAdxhnpev yeagpnudtwy oy utepBohxd unoloyiotixd xootoBdea, ywetloupe Toug Ypdpoug
oe Ttpla wxpdTepa ypapruato: tithog, thumbnail xou tags. To xadéva and autd teptéyet povo g Aelc-xheldid
mou eEROnxay Yl auTd, TPOXEWEVOL Vo GUYXEIVOUPE TOUS Ypdpous amoxAelotixd pe Bdon to Véua. Autol ol
yedepol mapovctdlovtal oTig eixoveg 1.2.2, 1.2.3, 1.2.4. Tt va Bpodue to mo Yepatind ouoto Bivieo 6to ahvolo
dedouévev pac pe to dodéy, Yo cuyxplvoupe tithoug pe tithoug, thumbnails ye thumbnails xou tags ye tags.
T'ioe v olyxpelon, ol ypdgol petatpénovton o queries. §2¢ ex TolTou, xdde Bivieo avtimpoowneletan and Teio

queries xot TO X6GTOG YETAOY NUATIOHOD AUTAOY Twv queries unohoyileton yia vor Beedel o mo napduoto Bivieo
670 cUvoho dedouévev. Ta Tpla queries yia To moEddeLYUd Hog:
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tithoc: ['google’, ’assistant’, "features’, "android’]
thumbnail: ['woman’, wearing’, ’green’, ’striped’, ’top’, ’showing’, ’computer’; ...|

tags: [android’, ’smart’, ’google’, ’apps’|

google

mentions

mentions . mentions .
# android

=
=
@

assistant =

mentions

features

Figure 1.2.2: Iapddelyya tou ypdpou tou tithou
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Figure 1.2.3: Ioapddelyua tou ypdpou tou thumbnail
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android smart

Figure 1.2.4: ITopddelyua Tou Ypdpou Twv tags

Agob urnoloylooupe Ta Mo mapbduola Yeophuota we Bdorn to Vépa Toug, yenowonotolue Eavd tn BBAod1xm
cece poli pe duég yag ouvapTHOELS Yia Vo utohoyioouye Tig Blapopés petadd twv dUo Bivteo xau va npotelvouue
oalhayég yioe To Bovéy Bivteo, wote va avirooupe Ti¢ mdavdtnTeg Tou va yivel viral. Ou odhayég tepthauBdvouy
alhayéc ota tags, oto T Selyvel 1 exdva tou thumbnail, otg Aéeig tou tithou, oty otlén, otnv xepoiala
Yoo x.AT. xa3d¢ xAvouue Yprion OAWY TwV TANEOQPOPLOY oV €Youle EEAYEL UEYPL OTLYUNS.

1.3 Ileipapotind Meépog

Eb¢ G neprtypdoupe tar mELpdOTA TOU ROy HATOTOCUUE Yenolonoldvtos to framework mou xotaoxevdooye
“ote vo mpoodloplooupe TS dlapépouv ta viral Bivteo tou YouTube oamd exelva pe moAd wixpdtepo aptdud
TeoBoAdY. XTéY0¢ pag elvor vor evionicoude xoLvd potiBo xou YapaxTNeloTxd Tou evicyLouv To virality twv
Bivteo o Bidopes xatnyoplec AN xoL GUANOYLXEL.

1.3.1 Tevixd nelpdpota

HexiVACOoUE TO TELRAUATS LOC UE UL YEVIXT) TROGEYYLOT), XPTOWOTOLOVTAS TO X Td GOVOAD BEBOUEVWY Ui, Ywelc
va To ywelooupe oe Blapopetixés xatnyopiec. Autd éyive oe wa mpoonddeia va evtonicoupe xodolxéc tdoelg
ol YAeaxTNELoTIXd Twv viral Bivieo. Aebopévou 6Tt o aprdude Twv Teofohdyv YeTaEl TwV SELYUdToY pog ExEl
OEXETA UEYAAES BLopopEg, HTay BUVITO VA YENOLLOTOLCOUUE TO GUVOAO BEBOUEVKV UaC Xal YLol T1) dnutovpyla
TV dedopévey doxhc. Ilo ouyxexpwéva, e€iyaue dha to Bivieo pe touvkdytotov 5.000.000 tpoPoréc péoa
oc wa eBdoudda Yl Vo TaL YPeNOWOTOWOOVPE w¢ cUvolo viral dedouévwy pac. Ilpdxeitan yio mepinou 4500
Bivteo. E&Ayoue eniong ta 4500 PBivieo ye to pxpdtepo aptdud mpoBordy evidc wag eBBouddag yio var Ta
YENOWOTOAoOLPE K¢ dedouéva doxtumy. T'a o 1pidTto chvolo dedouévwy o eEAdyLoTOC apliuds TEOBOAGOY elval
5.002.539, eved Yo To Beltepo 0 PEYLOTOC apltud TEoBoAdy elvan 325.458. H Siopopd elvon apxetd ueydAn,
ondTe elvon AoYxo var aELONOYHOOUUE TIC AVOUOLOTNTES TOUC.

Ta otationxd anoteréoyata and To nelpaud poc napouvctdlovton otoug mivaxeg 11.1, 11.2, 11.3.

Fevixd, mpénet vo TovioTtel 6Tl UTdpy oLV Xahég ot Xaxés avtiotolyles petald Bivieo mou éywvay e tn pédodo
pog. Ou xohég apopotv Bivieo tou cuvohou Boxhc mou oyetilovtal Pe xowvd, yevixd {nthpata 1 dnHopiin
Yéparto. o autd ta Bivteo, elvon euxolotepo va Bpedel pia avtioTtolyio 610 olvolo Bedopévwy Yag, xodng elvou
o mdavé tétola Yépata va €youv culntnidel xou and viral Bivieo. I Bivieo, wotéc0o, mou €youv e&onpetind
ouyxexpwéva 1 agavh Yépata elvor ToAD mo ddoxoro. (l¢ ex To0TOU, OTIC MEPLOCOTEPES MEPLTTWOELS, QUTH
ta Bivteo avtiotoryiCovton ye éva Belypa oto oUVOAo dedouéviv ye To omolo dev polpdlovtar ToAAE xolvd
YOLOXTNELOTIXG.
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Feature Increased | Decreased Remains the
same
Title length 32.5% 59.9% 7.6%
Title’s capital words ratio 30.2% 48.2% 21.6%
Title’s compound score 36.2% 34.6% 29.2%
Number of exclamation marks in title 11.9% 20.8% 67.4%
Number of question marks in title 2% 4.7% 93.3%
Number of full stops in title 9.5% 15% 75.5%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 17.5% 21.7% 60.8%
Number of hyphens in title 27.9% 14.9% 57.2%
Number of different tags 37.3% 60.9% 1.8%

Table 1.1: Ytatiotind anotehéopora yio aprduntxd dedouéva

Feature True->False | False->True True->True | False->False
Ratings disabled 1% 0.8% 0% 98.2%
Comments disabled 2.7% 1.4% 0.1% 95.8%
First letter capitalization in title 12.5% 18% 66.3% 3.1%

Table 1.2: XtaTioTind ATOTEAECUATA YO XATNYOREIXS DEDOUEVAL

Elvan mpogavéc and ta nopamdve oTaTloTixd otolyela 6ti, oe olyxpion ue ta Bivieo ye Aiydtepeg mpoBolée, ta
viral Bivteo éyouv uixpdtepoug tithoug, hyotepeg Aé€elc Ue xe@ohalar YOdUUOTa ot ALY OTEQA XUl TILO ECTLUCUEVA.
tags. ‘Ocov apopd to av ot Tithol Toug £xouy VeTxn 1) apvNTxT| Xeotd, To anoteAéouota elvan e€{00OU LolpaoUEVa.
Ytg neplocdtepeg neplnTwoels, Ta onpela otlEng Sev yenowonololvTal meayuaTied xou 1 cLUPouly) eivon vo
pewwdel n yenorn toug.

Ané tov mivaxa 11.2 urnopolpe var xatokdBoupe 6Tl to teptocdTepa BIVIED BlaTNEOUY EVERYOTONUEVD TOCO TA
oyoMa 600 xou tic oélohoyhoele, aveldptnta and tov aptdud Twv TeoBordy touc. To Blo toylel xou yia T
XEPAUAALOTOINGT) TOL TEWTOU Yeduuatog xdie npotaong. Ilpayuoatonoeiton oTny TAELOVOTNTA TV MEQITTHOOEWY,
ewxd oto olvoho dedouévwy pag yia to viral Blvteo. ‘Otav autd dev ocupPaivel, to mdavdtepo elvar 6Tt o
ahyopriude pog Yo ouyfoukeloel va e@apuooTeL.

Top 5 thumbnail edits/additions Top 5 tags edits/additions
man video
person game
game trailer
movie music
poster diy

Table 1.3: Trtotiouxd anoteAéopoto yio thumbnails xou tags

Avaovtac tic ouyvotepec TpotewoUeves olhayéc ota thumbnails Swmotddnxe 61t o1 mo cuvndiouévec
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npooUrixes fitay ot AMéeic "man" xou "person", xou enlone N mAeloPn@la TV YETUCYNUATIOUDY ETUXEVTEOINXE OE
héZeic omwg autég. Auto delyvel 6T 1) eupdvion avipwrwy oto thumbnail avgdvel tn dnpotxdnta evog Bivieo
xou Tic mdavotnteg vo tpoPBAndel. O undhotnes mo dnuogiielc enelepyaoiec Tpoépyovtay amd Tic HEYUNDTEPES
xatnyopleg Bivieo ota dedopéva, Tic onoleg Yo avodUGOUUE GTY CUVEYELIL.

‘Ocov agopd to tags, dev unhpyay ahhayEg dpXeTd CUYVES Xl onuovTixée Gote va afilel va avagepdolv. Ot
dnpogikeic TpomonooElg TPOEPYOVTAY Yot TEAL amtd TNV apdovial BELYUSTWY OPIOUEVWV XATNYOPLAOV.

1.3.2 Ileipdpata Bdoel TNy xatnyopic
Yuvolxd, undpyouv 15 xotnyopleg Bivieo oto chvoho dedopévwy poc. Autég elvol:
o Category ID = 1: Tawviec & Kivoupéva oyédia (1703 Selypato)
o Category ID = 2: Autoxivnta & Oyfuato (876 delyparta)
e Category ID = 10: Mouvow, (6899 deiypata)
e Category ID = 15: Kotowidia & Zma (190 delypora)
e Category ID = 17: AYintiopdc (5614 deiyporta)
e Category ID = 19: Toidix & Exdnhdoeic (255 delyporta)
e Category ID = 20: Gaming (8787 deiypora)
e Category ID = 22: Avipwnol & Blogs (3769 delyporta)
e Category ID = 23: Kopndia (2121 deiypota)
e Category ID = 24: Yuyayonyle (8539 deiypota)
e Category ID = 25: Ewfioeic & ITohtint| (1574 delyporta)
e Category ID = 26: Howto & Style (1122 deiypora)
e Category ID = 27: Exnaideuon (1032 delypora)
e Category ID = 28: Emotrun & Teyvohoyia (1319 delyporta)
e Category ID = 29: Mn xepdooxomxol opyaviopol & Axtfiopde (19 Selypota)
Oat TELPAUATIOTOVYE PoVo Ue 5 amd autéc: Mouvouxn, Adintiopde, Gaming, ‘Avipwnot xaw Blogs xou Wuyorywyla,
)¢ Tol udhotma €youv TOAD iy BelyuaTa YLol Voo UTOPEGOUUE VoL TOL YPNOWLOTIOLACOUUE TOGO Lol TO 6OVOAO

OeBOUEVOV 000 oL YLOL TIG DOXIES XL VO €Y0UV ONUAVTIXY Blopopd 6Tov optdud Twv TEOBOAGY, MOTE T
TELPGUATOL VO EOUV VOTIUAL.

Movouxn

Avty) 1 xonyoplo anoteheitar and yovowd Pivteo, enionua xAn gouowodv Bivieo xou Bivieo ye otiyoug. Ae-
dopévou OTL €yel 6899 delypata, dnuiovpyolue éva cUvoho Bedouévev mou mepéyel Ta 2000 delypota pe tig
neploo6tepeg npofBoréc. To chvolo dedopévwy doxunc pag anoteheltan and ta 2000 pe T Aydtepeg npoolég.
Tao oTATIOTIXE ATOTEAEGHUATA AUTOU TOU TELEGUATOC ToEOLGLELOVTOL GTOUC TVOXES.
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Feature Increased | Decreased Remains the

same

Title length 44.4% 46% 9.6%

Title’s capital words ratio 45.3% 24.1% 30.5%
Title’s compound score 27.6% 30.1% 42.3%
Number of exclamation marks in title 1.2% 2.9% 95.9%
Number of question marks in title 0.9% 1.1% 98%
Number of full stops in title 13.3% 16.9% 69.8%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 5.5% 4.5% 90%
Number of hyphens in title 19.4% 19.9% 60.7%
Number of different tags 60.4% 35.8% 3.8%

Table 1.4: Ytatiotind anotehéopora yio aprduntxd dedouéva

Feature True->False | False->True True->True | False->False
Ratings disabled 0.6% 0.7% 0% 98.7%
Comments disabled 0.4% 0.3% 0% 99.3%
First letter capitalization in title 8.5% 8.6% 81.5% 1.4%

Table 1.5: Ytatiotxd anotehéouata YLoL XoTnyopLxd dedouéva

Ytoug mivaxeg 1.4, 1.5 umopolue va dodue 6Tl otoug tithoug Twv viral Bivieo pag umdpyel ueyohltepn avoroylo
M€ewv pe xepataia mpog meld ypdyupota oe oOYxplon pe To olvoho dedouévwy doxunc. Ko ndht, 6cov agopd
To onuela otlEng Ta 800 cUVoha Bev polveTal Vo SLapEpouy TOAD. TNV TAELOVOTNTA TWV OVTLGTOLYLOY CUVIGTATOL
entong vo auénldel o apriudc twv dlagopeTinwy tags. H tdor va ypdgetar ye xeparolo To TpdTo Yeduua xdde
TpdTaonG oTov TTtAo elvar mOAD VPN xou ota dVo clvoha. Emmhéov, 6mwe xa 0TO GEVIPLO TWV UIXTOV
XOUTNYOPLOVY, Tat oGO xou oL aElohoynoels elvar evepyomotnuéva xat oto 300 GUVOAL.

Top 5 thumbnail edits/additions Top 5 tags edits/additions
person music
man video
group new
standing bts
woman entertainment

Table 1.6: Xrtotiotuxd anoteAéopoto yio thumbnails xou tags

‘Ocov agopd to thumbnail, gaiveton and i mo dnpoguielc eneepyaciec otov mivaxo 11.6 6TL undpyer wa
npotlunon va anexoviler avilponous, mdavdtata Tov XOAMTEY YN 1} TouC XUAALTEYVES o dnuLolEYNoaY TO
TeayoUdL. 3T oTHAN tags tou mivaxa, PAémoupe 6T Ta Mo BNHOPIAY xou Yewixd tags mepléyouv Tic Aé€elg
"music", "video", "new" xou "entertainment". Qotéco, cuvAdwe mpotelvovtal eniong eTixéteg Tou mERIEyOUY
T0 bvoya evée dnpopiholc cuyxpothpatog ayoptdv "BTS". Autd ogelhetar oo yeyovée 6t dev unipye tpdmoc
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VoL GUYXEVTEWIOUY ToL OVOUOTO OAWV TV XAUAALTEY VAV X0 TWV CUYXPOTNUATWY, DOTE VoL anoTeanel 0 ohydpLipog
oo TO VO UETAUTEETEL TOL OVOUOTA TWV XUAMTEY VOV €10600U oe awtd. Autd elvon éva yevind mpdinua oe ot
Vv xotnyopla, xadog dev €xel xopla ovsia va mpoteivetar 1 ahhay) Tou Tithou evig Bivieo mou elvon Tpayoldl
N 1 GAAoy) TOU OVOUATOG TOU XAAAMTEY VY. Enopévwe, 1 ebpeor ouclaoTix®y avTioTolylny YeTal HoUoLXMY
Bivteo eivon 80oxoA, pe v évvola 6Tl o tithog, to thumbnail A ta tags otic neplocdTEpEC MERINTWOELS BEV
TEELYPAPOLY TNV ouaia Tou Tparyoudlol, To €lBOg Tou xaL T cUVOoAXT evépyela xou "atudopopa” Tou.

A9AnTIopOS

Avth) n xotnyopla anoteleiton and Bivieo mou agopody tov adintiopsd. Aedopévou ot €xer 5614 delyuorta,
onuLovpyolue éva ohvolo dedouévwy mou mepiéyet T 2000 ue Tic neplocdTepeg TeoBoAiéc. To clvoho dedopévwv
doxnc poag anoteelton and to 2000 ue Tic Ayotepeg mpoforéc. Ta otatiotind anotehéoyato ouToL TOU
Telpdpotog mopovatdlovtal otoug mivaxes 1.7, 1.8, 1.9.

Feature Increased | Decreased Remains the
same
Title length 40.6% 51.5% 7.9%
Title’s capital words ratio 49.8% 31.8% 18.4%
Title’s compound score 30.9% 30.2% 38.9%
Number of exclamation marks in title 7.7% 14.9% 77.3%
Number of question marks in title 1.2% 4.5% 94.2%
Number of full stops in title 20.2% 19.0% 60.8%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 48.5% 21.9% 29.6%
Number of hyphens in title 16.1% 16.6% 67.2%
Number of different tags 42.7% 53.9% 3.4%

Table 1.7: Ytatiotxd anotehéopora yio aprduntxd dedouéva

Feature True->False | False->True | True->True | False->False
Ratings disabled 0.3% 0.8% 0% 98.9%
Comments disabled 0.4% 0% 0% 99.6%
First letter capitalization in title 18.8% 12.8% 64.4% 4.1%

Table 1.8: L1aTioTind AmOTEAEGUATA YO XATNYOPXS DEDOUEVL

Ytoug mivaxeg 1.7, 1.8 umopolue va 8odue 6Tl otoug tithoug Twv viral Bivieo poag undpyetl yeyokitepn avoroylo
MeZewv ue xegahaior mpog meld yeduuota oe oUyxpLon e To cOvoho dedouévwv doxhc. Ko mdhi, écov
apopd ta onueior otiEne to 8o cUvoha dev gaivetar va Stapépouv TOND, exTéC amd Tic xddeTec Ypopués, oL
omnoleg oUPPLVA Ue TI¢ anavthioelg Ya énpene va elvan auEnuéveg ota plod Bivieo tng Soxunc. Me éva ehappddc
HEYAUAUTERO TTOGOGTO AVTIGTOLYLOY TpoTelveTal eniong va yetwdel o aprdude tov dlopope Ty tags oe olyxplon
pe 1o va auéniel. H tdon va yedgpeton pe xepoialo T0 mpdto Yeduua xdde npdtacng otov Titho elvon xou T
VPN o ot 800 GlvVoa, av xou e YeYaAiTepo aptdud eoupéoewy ot auth TNy xatnyopio. Emniéov, 6mme xou
OTO GEVEELO TWV UXTOV XATNYORLWY, To oydha xat ot alohoyhoels elvan evepyomonuéva xol oTta dUo chvoAa.
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Top 5 thumbnail edits/additions Top 5 tags edits/additions
player game
players league
game basketball
football highlights
basketball nba

Table 1.9: Ertoatiotuxd anoteAéopoto yio thumbnails xou tags

‘Ocov agopd to thumbnail, xou mdhl mpotwdror va amewxovilel avlp®dnoug, xol CUYXEXEWEVE GE oUTH THY
xatnyoplo, maixteg. Luviotwvton eniong eOVeS Tou eV Aoy aIAAUATOS, UE UEEIXOUE antd TOUg Lo dNUo@LAelc
petaoynuatiopols va efvon mpog to "moddopoupo" xau to "undoxet", to omolo elvon avoppleBritnTa Ta mo
onpoun adrfuata otic HITA, 6mou culhéydnxay ta Sedopéva. Autod elvon avopuevouevo, xodoe 1 TAslovoTnTa
1660 TOU GLVOIOL BeBoUEVLY Twy viral Blvteo 660 xou Tou cuvéloL Bedopévwy doxtunc Yo apopd auTd Ta o
adMAuorta. o ta Bivieo mou oulntoly mo dyvwoto adAiuota undpyet 1 miavoTnTa Vo uny Bpouv éva xoho
tofpl yia v ouyxprloly. Ou mo dnpoguieic petaoynpatiouol Yepdtwy tags elvan mpog yevinolg adintieoic
6poug, ahAd xat TOTOUS IANUETOV.

Gaming

Avt) n xatnyopla anotekeiton and mepleyduevo mou oyetileton pe Prvteonanyvidia, cuunepthauBovouévmy, ev-
dexTixd, Tou gameplay, xplTixy, tutorials xau ewdroewy g Prounyaviag. Eivow n xatnyoplo ye tov yeyarbtepo
aprdud derypdtwy (8787 Belypata). Anulovpyolue éva chvoho dedopévev Tou Tepiéyet o 2500 pe Tic meplo-
obtepeg npoPoréc. To doxpoaotixd pog cOvoho dedopévev arnoteieiton amd to 2500 ue tig AMydtepe TpoBoléq.
Ta otatiotnd anoteréopata autod Tou nelpdpatos tapovatdlovtol otoug mivaxeg 1.10, 1.11, 1.12.

Feature Increased | Decreased Remains the
same
Title length 34.8% 55.0% 10.2%
Title’s capital words ratio 30.6% 44.7% 24.7%
Title’s compound score 38.4% 33.9% 27.7%
Number of exclamation marks in title 15.3% 22.6% 62.1%
Number of question marks in title 2.0% 5.4% 92.6%
Number of full stops in title 14.3% 13.9% 71.8%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 8.8% 13.0% 78.3%
Number of hyphens in title 14.0% 18.0% 67.9%
Number of different tags 38.3% 56.9% 4.8%

Table 1.10: Ytatiotxd anotehéopota yio dprduntixd dedouéva

T 6AAN piar popd, TEoTWOVTOL WixpdTepol Tithol xou Ayotepeg Aéelc ue xegaraio. To onpelo otléng otov
T{TAO UTdPYOLY OE PXPd TOCOGTSO TMWV BELYUATMV X0l CUVLGTETOL O opLIUOC TOUC VO UELVETA 0TI TEPLOCOTERES
nepintdoelc. O aprdude tov tags elvon eniong yevind pixpdtepog oe obyxpLom Ue Tov dpidud tev tags ota Bivieo
TOU GUVOLOL Bedopévwy doxrc. e xde Bivieo Tou cuVOAOU BeBOUEVLV pog palveTol 6TL TOG0 oL a€loNoYATELS
600 o ToL GY OO E(VOL EVEQYOTOINUEVA X0 GUVLGTATAL TAVTOL VOL ELVOL EVEQYOTOLNUEVA X0 GTO GUVOAO BEBOUEVMV

29



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

doxwunc. H xepadaonolnor tou medtou yedupoatog o xdie mpdTaon tou TiThou elval eNioNg XOLVY| TEOXTIXT

%ot Yo Tt 800 GUVORa BEBOPEVWY.

Feature True->False | False->True True->True | False->False
Ratings disabled 1.8% 0% 0% 98.2%
Comments disabled 2.6% 0% 0% 97.4%
First letter capitalization in title 15.9% 19.7% 60.3% 4%

Table 1.11: XtatioTixd anoTEAECUATO YLOL XATYOELXA DEBOUE VL

Top 5 thumbnail edits/additions Top 5 tags edits/additions
game minecraft
video game
series battle
man clash
screenshot fortnite

Table 1.12: ¥tatiotxd anoteAéopata yioo thumbnails xou tags

‘Ocov agopd ta thumbnails, ot mo dnuoguielc alloyég elvon Tpog ewdveg oTiyULoTUTILY 0U0dVNE amd Brvteomay vi-
Bl xou eniong amelXovioelg avdpeny, EVOEXOUEVWS TWY SNULOURYMY TOU TERLEYOUEVOL, 1 TwV dPuTap TOU YeNol-
poroove. Ta tags mou mepiéyouv Tic Aéeic "manyvidt" xou "pdyn" etvor enlong dnupoguielc, woll e didgpopa
eunopxd Brvteomouy vidia, dnhadr Minecraft, Fortnite. Autéd onuaivel 6t ToAAG Selypota og aut) TNV xoTnyopla,
EWOXE AUTA UE TIC TEPLOCHTERES TEOBOAES, apopolY Tal To SNUOPIAY) BrvTEomaLy ViDL, TEAYUA OVOUEVOUEVO.

"AvOpwnot & Blogs

Avtn 1 xatnyopio mepthauBdver €va eupd PACUA TEPLEYOPEVOU TOU TEPLOTEEPETAL YORW ONO T TPOCKTUXES
eunelplec, TV a@RyNom LoTopl®dy, Tov TeoTo Lwhc xou TNV oAANAeTiBpaoT pe Ty xowvdtnta. Acdopévou dTL auth
N xotnyopio €yel 3769 povadxd delypata, dnuovpyolue éva cUvoho dedouévmv Tou mepteyel tor 1000 delyuota
ue Tic meploobtepeg mpoPoréc. To clhvolo Bedouévev doxurng wog amoteheiton amd ta 1000 pe Tic Avydtepeg
npoforéc. Ta otatiotnd anoteréopota autod Tou TElRduaToc tapouctdlovtal otoug mivaxes 1.13, 1.14, 1.15.
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Feature Increased | Decreased Remains the
same
Title length 39.0% 52.3% 8.7%
Title’s capital words ratio 26.8% 45.6% 27.5%
Title’s compound score 40.4% 26.5% 33.0%
Number of exclamation marks in title 13.7% 31.3% 55.0%
Number of question marks in title 3.2% 5.4% 91.4%
Number of full stops in title 11.5% 16.6% 72.0%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 10.7% 11.4% 77.9%
Number of hyphens in title 9.9% 9.1% 81.0%
Number of different tags 30.5% 50.9% 18.6%

Table 1.13: Ytatiotxd anotehéopota yio aprduntixd dedouéva

Feature True->False | False->True True->True | False->False
Ratings disabled 0.3% 2.3% 0.1% 97.3%
Comments disabled 2.3% 1.2% 0% 96.5%
First letter capitalization in title 14.7% 22% 58% 5.4%

Table 1.14: YtatioTind anoTeAéOUOTA VIOl XOTIYOPIXA dedouéval

Tot GAAT) Lot (opdt TROTULWVTOL UXEOTEROL TITAOL AT EXELVOUC TRV BOXUACTIXWY DEBOPEVWY, xoMC XaL ALY OTERES
e&eic yoouuévee pe xe@oahala. Emmiéov, ta dedopévo Soxiung @alveton vo mepiéyouy neptoaotepa YauuaoTind
ané ta delyyota Tou cuvohou Bedouévev poag. O aprdude Twv tags telvel enlong va elvon pxpdtepog yia To
cUvoho dedouévev pag. ‘Onwe xou oe dha tar dhha cUvola dedopévwy, ol a€LOAOYNOELC Xl ToL Oy OALL Elval
evepyornomuéva. H xepaiatonolnomn Tou npodTou yeduuatog 6Tov Titho elvar eniong eugoavic xat ota 800 chvola
dedopévwy, ahhd udpyet éva wixpd Tuiua (22%) tou cuvdlou dedopévmv doxtuhc 6Tov autéd TapaPidleto.

To thumbnails tou viral cuvohou dedopévey yag, oe avtideon pe autd Tou GUVOAOU BEBOUEVLV BOXIUNAC, ATELXOV(-
Couv &vdpec xou yuvalxeg, mou xddovtal 1 xpatody XdTL, X Uiol EXOVaL [OWE ULoG OLXOYEVELNS 1) EVOC ATOUOU OE
dlaxonéc. Me dhha Adyia, Too thumbnails tetvouv va Selyvouv avipdtoug oe xaldnuepvéc xataotdoec. O mo
dnuopuiic petaoynuatiowds tags etvon mpog Yéuata ouxoyévelag xar Lonfg, vlogs xou tags mou mepléyouy tn hEn
funny (aotelo).

Top 5 thumbnail edits/additions Top 5 tags edits/additions
man family
woman real
holding life
picture funny
sitting vlogs

Table 1.15: Ytatiotd anoteréoyata yio thumbnails xon tags
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Wuyoywylio

Avt) 0 xatnyopla nepthauBdvel yio mowxhlor mepleyopévou mou amooxonel oty dlaoxédaot), TNV Puyaywyio xou
™V xAwoT Twv Yeatody. Autd umopel vo xoAOTTEL TOAASE UTOELDY), amd XwUwdio xou dpdua péypl edNoELS
draonuothtwy. Ilepiéyer 8539 Selyporta xou elvon 1 deltepn peyahbtepn xotnyopio. Anuoupyolue éva cbvoho
dedopévey yenoudomowdvtag to 2500 Belyparta ye tov uPnhodtepo aprdud teooidv. Anuiovpyolye eniong éva
6UVORO BOXUUACTIXGDV dedopévwy Tou anoteAeltar omd to 2500 delyyata e Tov younhétepo optdud npoPforic.
Tao otatiotxd anoteAéopoto and To nelpdpata tapoustdlovtar otoug nivaxeg 1.16, 1.17, 1.18.

Extéc and to urixog tou tthou, To onolo To anoTEAECUAT HaC GUVIOTOUY va elval YeVIxd uixpdTtepo and 6,TL
elvan otar Belypoto doxipng, Bev UTEEYOUY GAAES LoYLEES YEVIXEC XATELDDOVOELC GTOUG BV0 TPdhTOoUg Tivaxeg.
Avuté propel va e€nyndel and tov tono e xatnyoploc mou e€etdloupe. e auth) TV xatnyopla, dedopévou
OTL 0oy OAElTAL UE EWBNOELS BDIAOTUOTATWY, Xwuwdla xou dpdua, ta Bivieo mou Aaufdvouy tn ueyaAlTeRT, TEOBOAY
elvou elte autd Tou cLlNTOUV TEEYOVTA YEYOVOTA X0l XOUTCOUTIONY, E(TE elvar TOAD Hovadixd xou SLooxedaoTind
e Tov TPOTo Toug. Autéd onpalvel OTL BEV UTHEYEL TEAYHATIXG Lol HUCTIXT] POPUOUAD TTOU TOL XAVEL VoL TETUYOLY,
OAAG GTNV TRAYUATIXOTNTA EXEL VO XAVEL TEPLOGOTERO UE TOV GUYYPOVIOUO o TNV atopudtnta. (g ex ToUTOoL,
elvar TOAD Boxolo Vo TanptdEouy ta un viral Bivteo pe ta viral Bivteo pe tedmo mou Yo Bondnoel oty adénon
e IMNUOTIUSTHTAC TOUC.

I owth) Ty xatnyopla, too thumbnails tefvouv xou méAL v ameixoviCouv avipmdnoug xaw mpdéowna. Tao tags
TeplEyouy yevixd tic héeic "aotelo", "diy" (xdve to wbvoc cov), "oupPoukéc" x.AT. xau mpoteivovTor cuyvd
ahhayég mpog tétolou elboug tags amd Tic eENYNOELC UE AVTLTUPADELY L.

Feature Increased | Decreased Remains the
same
Title length 36.0% 55.3% 8.6%
Title’s capital words ratio 36.2% 37.4% 26.4%
Title’s compound score 36.4% 36.8% 26.8%
Number of exclamation marks in title 13.0% 19.4% 67.6%
Number of question marks in title 3.3% 5.8% 90.9%%
Number of full stops in title 9.5% 12.4% 78.1%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 22.1% 19.0% 58.9%%
Number of hyphens in title 14.9% 14.1% 71.0%
Number of different tags 43.2% 50.3% 6.5%

Table 1.16: Ytatiotixd anoteAéopota yio oprdpntixd dedouéva

Feature True->False | False->True | True->True | False->False
Ratings disabled 0.4% 0.4% 0% 99.2%
Comments disabled 1% 1% 0% 97.9%
First letter capitalization in title 14.1% 16% 66% 3.9%

Table 1.17: E1aTioTind anoTeEAECUATA VLol XOTIYOPIXA DedouEva
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Top 5 thumbnail edits/additions Top 5 tags edits/additions
man funny
person diy
woman tips
movie activities
face challenge

Table 1.18: Ertoatiotxd anoteréopata yio thumbnails xou tags

1.3.3 ZuyYXevipwTixd CTATIOTIXE ATOTAECUATA

H evdeheync e€étaomn twv viral Bivieo oto YouTube oe oyéon ue ta Bivieo ye yoaunid opudud mpofordyv ot dud-
(POPES NATNYOPIEC OmOXAALYE Uil OELRS amd XOLVE HOTIBA XL YUPUXTNPEIG TIXA TOU BLIPOPOTIOLOVY TO EMTUYNUEVO
VA6, Ou ouvtopdtepol tithol, ouyvd ue Aydtepec Aé€elc e xeqoala xou Ay onuela oti€ne, anotehody xolvd
Yopaxtnelo ixd Twv viral Bivieo, avtoavonhdvTag Wa TeoTUnoT Yo cagrivela xal cuvtouio Tou TtV oneu-
Yoveton ot éva euplTepo xowvd. To onuela otidng, omwe YoupaoTind, epwTNUATIXG xou TEAElR, YproyLonotodvTa
ME QPEW® xan o apliude Twv tags Telvel va elvon wxpdtepog adid mo eoTiacuévos. Tédoo ol Paduoroyiec oo
xalL Tl oY OMaL ETTEéTOVTUL OYeddY TdvTa oo viral Bivieo, yeyovog mou urtodnidvel 6Tl To viewer engagement
xai 1 ahAnhenidpaomn elvan onuavtixol mopdyovieg yio Ty emtuyio v Bivieo. Emmhéov, elvon xowvh mpoxtixy
VoL YEAPETAL PE XEQUAAO TO TPMTO YPAUUL TOV TEOTACEWY TwV TITAWY, xoide TpoodiBel enoyYEAUATIOUS Xalt
EANVOTIXOTNTAL

Emuniéov, n dnpotxdmmra twv viral Bivieo eloptdtoun oe peydro Bodpd and ta thumbnails toug, xou éva
enavahopfoavouevo Béuo elvon 1 anedvion Twv avitpodnwy, Wing ot xadnuepvés 1 Yvadptues xataotdoeic. Eivou
mdavé 6Tl auTy 1) OTTIXY TPOCEYYLoN TeooeAXVEL TOUG Peatés dnuiovpYdVTag Ui aloUnor TeptépYelas 1 olXeloTr-
tag. Emnpoo¥étwe, eupela, yeviude ayomntd Yépata dnwe "wovowr", "mouyvidl", "aotelo", "owoyéveia" xou
"Cwn" yenowonolovvton cuyva oto tags Twv emtuynuévey Bivieo, xodde eivon mdavéd va xevipicouv to evoL-
apépov VO PEYSAOU XxOLVOU.

Ta potifa avtd Beédnxav va toybouv yio didgpopec xatnyopleg Bivieo, dnwe n Puyaywyio, ol dvipwnol & ta
blogs, o adAntioude, 1 wouoixr| xou to gaming. O Suvopxdg xan mowdhog yopaxTheas Twv woucixwy Bivieo
avtiatonte(letar ot yeyahltepn avahoyla Aé€ewv e xepohafor xou 0To TEPLOGOTEPY tags oTnV xotnyopld
Movow. To adnuxd Bivteo €divav mpotepandtnta ot tithoug mou tévilav onpavtixols 6poug dnwe "maixtng"
xon "oy viSL", ue peyohltepn avoroyio xepoiainwy Aégewy xou Myotepo tags. Ilopdpoleg tdoeic yropoloay
va. mopatnendoly ota gaming PBlvteo, to onolo napousiolav xuplwe yYvwotolc tithoue énwe to Fortnite xou
to Minecraft. to thumbnails xou o tags mou agopoloav ta Bivieo tng xatnyoplac People & Blogs étetvav
vor euvooly Yépata xodnpeptvic {ofc xor owxoyévetag. H peydhn mowuhia mepleyopévou mou moapatneeiton ot
Bivteo uyaywyiag -and xwpwdies éwe eldnoelc Slaonuotitev- avadetxviel Ty aglot ToU GUYYPEOVIGHOD %ot TNG
HOVAdLXOTNTAS, TOU XahoTOUY o BUGXOAO TOV EVIOTUOUS ULag LoVadixc cuvTayhic emTuylag.

Yuvohixd, 1 €peuvd pog Oelyvel éti, aveldptnta and v xotnyopio nepleyouévou evoc Bivieo, 1 mpooexTixd
pehetnuévn emhoy tags, n €€umvn ddplpwon tithwy xau ta cuvopractixd thumbnails eivon Boowd otoiyela
mou evioyVouv to virality Twv Bivteo. H amhdétnta xou n oyxetixdtntar anoteroly Booixd cuotatind oauthg
e Sopatixnc pedodoroyiac mou Bondd toug dnUovEYols TEPLEYOUEVOU Vo BIELPUVOUY TO XOLVO TOUC XUl TOV
avtixtuno twv Blvteo toug.

1.4 Xvunepdopota
1.4.1 Xul7tnon

H nopoloo dimhwpatixn epyocia Slepgeuvd Toug TepiTAOXOUS UNyaVIoHoUE ToU ETNEEACOLY TNV BNUOTIXOTNTA TWV
Bivteo oty mhatgodppo tou YouTube. AZionowioope mponyuéva avohutixd epyaheio, omwe 1 Yewplio yeopn-
pTwyv, 1 avdAuon cuvaloIfuaTog Xt oL eENYNOELS YE AVTLTOPADELY U Xal EVTOTICUUE BAUCIXE YoUpoXTNELG TIXE TTOU
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aw&dvouv Tic mbavotnteg emtuyiog Twv Bivieo. Iho cuyxexpéva, 1 épeuvd pag avadexviel T onuacia Tev
CUVOTITIXAVY Xall EVOLAPEROVTOV TITAWY, TwV edvwy thumbnail mou aneixovilouv avipotoug xaL Twv ecTioGc-
pévwyv tags. H mapoyr tne duvatoétntag otoug yprotee va oyohdlouv xou va Podpohoyolv Pivieo éyel enlong
anodetydel 6T evioylel Tt dnuoTixdtnTa TwV Bivieo.

Iporyyotonoiooyue YLot GeLed omd YEVIXS TELRGUATOl XAl TELOSUATA G GUYXEXPWEVES XATNYORLES YLl VoL ovoeoh -
ouye Ta potiBa mou Eeywpellovy ta Bivieo pe vPNAé aprdud TEoBoAdy and exelva pe Aydtepec TpoBoiéc. Xuy-
xexpléva, otny xatnyopia ye titho "Movow" ta PBlvieo ye meploodtepa tags xan Aéelc e xe@ahaio oTov
titho Telvouy va €youv xaAUtepeg emdboelc. XLTny xotnyopla Ye titho "AVntioudc" to tags telvouv va glvon
o oxpPn xou Aydtepa. Lty xatnyopla pe titho "Gaming" Snuogihy ovéyota Prvteomonyvidiidy xotéhaBov
Ta tags xou to thumbnails toug cuyvd anewoviCouv otiyyidtuno oddvng and ta ev Adyw mouyvidia. To Biv-
te0 mou Bpédnxav oty xatnyopia "People & Blogs" teivouv vo moagoucidlouv xadnueptvéc xatao TUoEC GTA
thumbnails touc xou €youv tags nou oyetilovtar ye Féuota oxoyévelag xan xonuepwrc Lone. Ta Bivieo otny
xatnyoplo "Wuyaywyia", éyouv mowilo mepieyduevo xar toviCouv Ty ofio Tou cuyyeoviopol ue Tic egeiielc
TNV TEAYUATIXOTNTA XL TNG HovadxoTnTac yia Ty eniteuéy virality.

H épeuvd pag vroypopuiler ndéco xplown elvar 1 yeron thumbnails xaw tags yio tv npocéixuon Yeatdv. Iho
ouyxexpwéva, dmotdinxe 6t ta thumbnails tou anewovilouv avipdrous, Wine ot oYETXES XATACTIOELS,
TelVouV va Tpoceixbouy peYahitepn mpocoyy. Emniéov, ta dnuogihy xou yevixd tags ameudivovton o upl
%00, augdvovtag €t g mlavoTnTeS v xowvorolndel xou vor cuctniel éva Bivteo.

Av xou n pehétn owt mpoopépel mohbTes TANpogoples, avtiyeTwrilel opiopévous meploptopols. To yeyovde
oL avamtOEope X EXTEAEGOUE TOL xWBOxd pag oto Google Collab cuvendyetow 6Tl dev elyope 0 duvaToHTATA
vou exTeAéCOLUE TEldUoTa Ye oOvoAa Bedouévwy peyarvTepa amd 5000 delyuata, xodode to anoteAéopata Yo
yeetdlovtay mohl ypovo Yo va mopaydoliv. Emmiéov, to olvolo dedouévev yog neplelye dedouévo povo ylo
To (Bl T Blvteo xan Gyt vy yeyovota mou Adufovoy yohpd oty Teoydatixétnta Ty (Bla tepiodo, ta onola Yo
unopoloav va Bonicouy GToV EVIOTIOUS TWV OLTUOY YLo TIC OTOlEg €Val CUYXEXELEVO BIVTED EYLvE BNUOPLAES
o Wa ouyxexpévn yeovixh oty Télog, n uehétn pog mepoplotnxe oe dedopéva and tc HITA.

Yuunepoaopoatixd, 1 nopodoo dimhwuatixyy epyacio cuufdiier otn Baditepn xaTavonon TWV TUEUYOVIKY TOUL
wdolv éva Bivteo va yiver viral. Ou yvooeg mou anoxoulooye and TN HEAETN Hag EVOLUPECOUY O)L UOVO
TOUG oxadNUoix0leC epeLYNTES, ahhd XL OTOLOVOHTOTE aoyoheltar Ue Tn dnuiovpyio xat To PdpXeTvYX {PneLoxol
neple)ouévou, xadde Yo umopel va Behtidoetl TNV avd T Tou va opdyet Bivieo pe uPnAd apriud TeEoBordv,
houPBdvovTog uToYn Tar eVpHATA Xt Tig cuoTdoel pog. Koadog ta ¢nelaxd uéoa cuveyiCouv va eehiccovta,
oL dpyéc mou meplypdpovTol oTny Topolon €peuva Yo Tapouelvouy oyetixég vl Ty eniteuén emituylag otov
avTay VLo o xéopo tou YouTube.

1.4.2 Melhovtixéc KateuOOvoelc

Keivovtag tnv mapoboa dwatelfn, Yo G€haue vor SOCOVUE UEQIXEC TEOTATELS Yial HEANOVTIXES BEATIOOELS TN Ep-
yoolog pog ¥ yio SlapopeTnés epeuvnTinés xateudivaels. Apyxd, n avdluon twv thumbnails 6wy Twv Bivteo
tou YouTube pmopel va Bertiwdel onuavtind. IIo cuyxexpiuéva, avti yior Tnv amhr dnuiovpyio plag Aeldvtog
TOU TEQLYRAPEL TNV EWOVA, UTopoUY Vo YIVOUV TOANG 6OV aopd TNV avAAUGCT] YPOUATOS, TNV aviYVEUCT av-
TIXEWEVOVY 1) axOUN XU TNV OVIAUGT] CUVALCTAUATOC TWY TROCKTWY TWY AVIp®T®WY TOU UTHEYOLY TNV EXHVOL.
Oa elye peydho evdiagépov vo e€etactel xatd TOGOV AUTEC OL AETTOPERELES €YOLY TPAYUATIXG AVTIXTUTO GTNV
onpoTOTNTA, X umopel xavelc dlanoINTnd va oxe@tel 6TL To YWTEWVOTEPA YpwuaTo Yo uTtopoloay Vo Tea-
Bri€ouv Ty npocoy | Tev VeaTdY To eUXOAA Xl YERYORa 1) OTL OL GUYXAOVIG TIXES EXPRACELS TGV aVIpOTWY GTHY
exova vtplyxdpouy toug deatée, avayxdlovide toug va e€epeuvricouv oplopéva Bivieo. Evoc dhlog tpdmog
pe Tov omolo Ymopolv va evowuatwioly ewdveg otny avdhuon tou virality Yo rav va unv e€etdleton uévo
to thumbnail, 0AA& xou oTiywédTuna 0¥éVNC and to clvoro Tou Bivteo, Wilwg and ta mpwta deutepdhenta. H
aVAAUGT) TV €V AOY® CTYMOTUTILOY oldvng Ya propoloe vo 8ol ToAAES evilapeépouaee hemtopépeieg. Lo
ToEddeLYUa, GV To Bivteo amoteheiton amd €va dTOPO TOU WALEL Yiol €val cUYXEXEWEVO Véua, 1) avdhuon Tng
Exppaohc Tou xod’ Ohn TN didpxeia TS oplAag Tou Yo unopolce va pog daoel evielEel Yol To yiatl To Guy-
xexplévo Bivieo métuye t600 UYeydin dnpotixétnta. Me dhha Adyla, To av éva dtouo elvar eviouoliddes xa
Comped xad’ 6An T Sidpxelo Tou Bivieo B feepo xou cuyxpatnuévo Yo unopodoe va delel yiatl ouyxévitpwoe
peydho oprdud mpoBolnv 1 OxL, xadde 1 evépyela Tou atdpou Tou WAdEL oiyoupa emnpedlel TOV TEOTO UE TOV
onolo yivetar avtAnmth 1 owiia. Eva dAko povorndtt mpoc to omolo pnopel va emextodel 1 €peuvd poc elvon
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1 CUVEXTIUNOY YEYOVOTWY TOU TRUYUATIXOU XOOUOU oL AopBdvouy ywea Tepimou Ty (Bila ypoviny| nepiodo ue
™V nuepopnvia avdptnong twyv Bivieo. Autd éyel ueydhn onuacia, xadog, yio mapddelyua, 1 meofoln evig
ONuoLA00g ENELC0DI0L TNAEOTTIXAC OELRAC HE EVal CUYXEXPLMEVO TpayoLdL w¢ soundtrack pnopel va Tpoxahéoel
abEnom Tou aptduod twv TeoBoldy tou enlonuou Bivieo Tou ev Aoyw tpayoudiol oto YouTube. ‘Ao nopadely-
HOTOL TNG ETULEPONC TV YEYOVOTWY TOU MEAYRATIX00 xOGHoL oty dnuotdtnta Twv Bivieo oto YouTube eivon
oL ToANéC TepimToels Bivieo pe edroels Sonuotitwy. H dnpotixdnta tétowwy Bivieo dev nnydlet anioe and
70 (610 T0 PBivieo, ARG xaL amd TN SNUOTIXOTNTA XoU TN GUVAPELX TwV SlaoUoTHTwY Iou culntolv. Emmiéov,
0 ouyypovioude tallel yeydho pdho oe tétola oeVdpLA, XM, OTIC TEPLOCOTERES TEPLTTWOELS, To BlvTEO TOU
avePBaivouv medta toalpvouy TN ueplda Tou Aéovtog Twv npoPoiwy. Enouévwe, Sev mpénet va Aopfdvovtar unddn
HOVO TOL UEY AN XOWVWVIXE YEYOVOTA, GAAG xou 1) eyYOTNTa TV Bivieo oe autd elvon apxetd onupoavtixy. Télog,
1 €peuvd poc teplopiotnxe oty e&étaon dedouévev pévo and tic HITA. ¥to péhhov da npénel vo e€etactolv
xou Bedopéva amd GANES YWPES.
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Chapter 2

Introduction

In today’s digital age, virality is a state chased by all content creators and influencers. In Youtube, viral
videos specifically constitute a cultural phenomenon, capturing the attention of viewers and influencing or
even sparking trends across social media platforms. Videos with the ability to become viral sensations are of
great interest and value not only for content creators and influencers but also for marketers and businesses all
over the world. Understanding the mechanics behind a video’s virality potential can help improve successful
content creation, so that it connects better with viewers, encourages interaction and reaches a large audience.

YouTube is objectively one of the largest video-sharing platforms and therefore receives more than two billion
monthly visits from logged-in users. As a result, it constitutes the perfect space for a video to gain exposure
and plays a significant role in the viral video phenomenon. YouTube videos that go viral are often turned
into cultural icons, shape public opinion, establish trends and sometimes even have an actual impact on
world events. In YouTube, common, everyday people can be elevated to celebrity status and new or already
established brands can gain unheard-of visibility.

The importance of viral videos extends beyond the satisfaction of accumulating large view counts. For content
creators and influencers, achieving virality often leads to financial rewards through ad revenue, as well as
offers for sponsorship deals and increased channel popularity and subscribers, which will in turn augment their
chances of achieving virality again in the future. For businesses, viral marketing campaigns drive sizeable
sales growth, as well as brand recognition and establishment, which in turn leads to customer loyalty. For
social movements or non-profit organizations, going viral equates to amplified support and advertisement of
their cause which takes them closer to accomplishing actual social change. The rapid and extensive sharing
of viral videos often leads to a cascade of effects, where their impact and reach are significantly boosted in a
way that traditional marketing methods miss.

Despite the widespread fascination with viral videos, the underlying factors that drive their success are
still quite obscure. Though their content can greatly vary, from humorous sketches and emotional stories
to educational tutorials and breaking news, common elements should exist among these categories. Such
elements could include compelling narratives, high production quality, relatability, and emotional resonance.
Additionally, the timing of the video’s release, the use of strategic keywords and tags, and the engagement
metrics (likes, comments, shares) could play crucial roles in increasing a video’s popularity. Recognizing and
understanding these factors is critical for anyone aiming to produce videos with the same or even higher
chances to captivate viewers.

This thesis seeks to develop an understanding of the factors that contribute to the virality of YouTube videos.
Analyzing video metadata and their impact on viewership, our goal is to discover patterns that set highly
viewed videos apart from those that receive less attention. We make use of sentiment analyzers, image
captioners, embedding representations and counterfactual explanations to construct a detailed framework
and become cognizant of the dynamics of video popularity.

The structure of this thesis includes several core sections. Initial chapters introduce essential concepts which
we will be utilizing to create our framework. More specifically, these chapters include graph theory, sentiment
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analysis, image captioners, semantic similarity, graph similarity and counterfactual explanations. These
chapters are indispensable in order for the reader to be able to fully comprehend the methodologies applied
in our research.

Graph theory allows us to represent and analyze the network of connections between the various metadata
of our videos. More specifically, knowledge graphs will be used to visualize and understand how certain
videos gain traction and spread across the platform. Sentiment analysis is used to help identify positive
or negative connotations present in metadata, providing insights into how positive or negative sentiments
influence viewer engagement. Image captioners aid in exploring thumbnail images and turning them into
textual representations, which are much more easily compared and understood. Semantic similarity is the
tool which we use to compare and contrast the textual information in our metadata in order to identify
differences between videos in our dataset. Counterfactual explanations help us calculate the minimum graph
edit distance through a framework developed by Filandrianos et al in [30]. They also grant us the advantage
of being able to directly view the changes made in turning one graph into another, providing actionable
recommendations for content creators to optimize their videos for maximum virality.

By combining the above information we construct a framework of video comparison in order to gather
information specific to viral videos. In the section of the experiments, we discuss the trials we executed to
test the framework and gather the results we desired. We explain and interpret the statistical findings in
detail, as well as their implications. More specifically, we first examine a dataset of mixed video categories
so as to identify universal trends. Moving forward, we divide our analysis into category-specific datasets and
look for distinct traits that influence the virality potential of each category.

The factors taken into consideration are multiple. To begin with, the title is analyzed in many different ways.
We extract keywords, apply sentiment analysis, track the use and multitude of punctuation, check for the
percentage of words in capital form and whether or not the first letter of each sentence is capitalized and
also take the title’s length into consideration. The thumbnail is analyzed as well, using image captioners to
produce a description of what is depicted. The tags are counted and keywords are extracted as well. These
detailed analyses provide a comprehensive view of what drives a video to become viral. By comparing the
aforementioned characteristics for each video we aim to identify trends present within them. This analysis
will help us understand common patterns and variations in the content, such as the frequency of certain
keywords, images, tags, and the overall effectiveness of different video formats.

All in all, this thesis not only improves our understanding of viral videos academically, but it also delivers
practical strategies in order to improve online video content. More specifically, our findings underscore the
importance of title optimization, engaging thumbnails and effective tag usage to boost viewer engagement.
The insights gained from this study can help shape the future of digital content creation, offering a roadmap
for achieving greater visibility and impact in the crowded online landscape.

Apart from contributing to the field of digital content analysis, this thesis also lays the groundwork for future
studies in this ever-evolving area. More precisely, as new data analysis techniques continue to evolve, they can
easily join the study of YouTube video virality, resulting into better insights. Artificial intelligence offers some
very exciting possibilities for the future of digital content creation and distribution. Moreover, our research
highlights the importance of understanding viewers’ behavior and preferences. Therefore, the analysis of
viewer interactions, such as likes, comments, and shares, could potentially produce some even deeper insights
into the factors driving virality. Additionally, understanding the role of social media algorithms in promoting
content is crucial to maximize a video’s reach. Platforms like YouTube use complex algorithms to determine
which videos are recommended to users, and by aligning content with these algorithms, creators can increase
the likelihood of their videos being seen by a broader audience.

Besides, the implications of our research extend beyond the realm of online video content. In actuality, the
methodologies used and the results found can also be applied to many different areas of digital media and
marketing, becoming a blueprint for achieving success in various digital platforms. The understanding of the
concept of virality through our work can aid content creators, businesses and influencers to better navigate
the digital landscape. In other words, the principles and strategies uncovered here can be adapted with ease
to a wide range of contexts, which ensures that they continue to stay relevant throughout the ever-evolving
digital landscape. Through our work, we aspire to inspire content creators of all backgrounds and kinds with
the tools and knowledge necessary to harness the full potential of virality.
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In conclusion, this thesis not only sheds light on the intricacies of what makes a video go viral but also provides
a comprehensive framework for leveraging these insights in practical applications. The detailed examination
of various factors, combined with advanced analytical techniques, makes this research a valuable resource
for anyone involved in the digital media space. By understanding and applying the principles outlined in
this study, content creators and marketers can significantly enhance their ability to produce viral content,
ultimately achieving greater success in the competitive world of online video.
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Chapter 3

Graphs

A graph is a pivotal structure in mathematics and computer science, which provides a powerful framework
for modeling relationships between objects. A graph G consists of vertices (nodes) and edges (links) that
connect pairs of vertices. This chapter starts by exploring the fundamental concepts of graph theory, de-
tailing how graphs are defined, represented, and utilized to solve various problems. We delve into different
types of graphs, such as undirected and directed graphs, and their respective applications. Furthermore, we
discuss bipartite graphs and their significance in solving matching problems, highlighting algorithms like the
Hungarian method. Finally, the chapter introduces knowledge graphs, which extend traditional graphs by
incorporating semantic information, making them indispensable in artificial intelligence and data integration
applications. Through this comprehensive overview, we aim to highlight the versatility and importance of
graphs in numerous fields.
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Chapter 3. Graphs

3.1 Graph Theory Basics

A graph, denoted G, is a mathematical structure used to model pairwise relations between objects. A graph
is defined as a pair G = (V, E), where:

e V is a non-empty set of elements called vertices or nodes.
e F is a set of unordered pairs of distinct vertices, called edges or links.

Each edge e € E is represented as e = {u, v}, where u and v are vertices in V. If the order of the vertices
in each edge matters, the graph is called a directed graph or digraph, and each edge e is represented as an
ordered pair e = (u,v). In such graphs, an edge e is sometimes called a directed edge or arc. If e = (u,v),
then the vertices v and v are known as the tail and head of the edge e, respectively. The edge e can also be
referred to as an outgoing edge from u or an incoming edge to v [99].

In academic literature, the term "graph" typically refers to a simple graph, which is defined as a graph that
does not contain self-loops (edges that connect a vertex to itself) and has at most one edge between any two
vertices.

An example of an undirected graph can be seen in Figure 3.1.1a. This graph can also be described using an
adjacency list or an adjacency matrix. An adjacency list of a graph consists of each vertex listed separately,
followed by a list of vertices to which it is connected. An adjacency list of a graph is a collection where
each vertex is listed in a separate row, followed by a list of vertices to which it is adjacent. Conversely, an
adjacency matrix of a graph G with vertex set {v1,...,v,} is an n x n matrix. In this matrix, the entry
in row ¢ and column j is 1 if there is an edge between vertices v; and v; in G, and 0 otherwise. Each method
of representation has its own computational advantages and disadvantages. For graphs with relatively few
edges, known as sparse graphs, an adjacency list is more space-efficient than an adjacency matrix. In contrast,
for graphs with many edges, referred to as dense graphs, the space usage of both representations is similar.
Representing a graph with a drawing is often advantageous, as one of the main appeals of graph theory is
that graphs can be visually depicted and analyzed.
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‘:/ — '\,\ 4 2.3.5 0O 1 1 0 1
® 5 4 00 0 1 0
(a) Visual Representation (b) Adjacency List (¢) Adjacency Matrix

Figure 3.1.1: Representation of undirected graph [9].

A graph whose vertices are named is called a labeled graph. The neighborhood N(u) of an entity w in a
graph is defined as the set of nodes adjacent to it. The number of edges that are incident to a vertex is called
the degree of the vertex.

A weighted graph is a type of graph in which each edge has an associated numerical value, called a weight.
These weights can represent various attributes such as distances, costs, capacities, or any other measure that
applies to the connection between two vertices. In the adjacency matrix, instead of displaying the value 1 to
signify the existence of an edge, weighted graphs display the weight of each edge.

Graphs are indispensable tools in various fields due to their ability to model complex relationships and
structures. Their flexibility and the wealth of algorithms developed for them make them suitable for solving
a wide range of problems in computer science, engineering, biology, social sciences, and more. Whether it’s
for analyzing social networks, optimizing transportation routes, or managing network traffic, graphs play a
crucial role in many modern applications. Some examples of graph models are depicted in Figure 3.1.2.
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Figure 3.1.2: Graph reprentation examples

3.2 Bipartite Graphs and Minimum Weight Full Matching Problem

A graph G = (V, E) is termed bipartite if its vertex set V can be split into two disjoint subsets, U and W,
in such a way that no edges connect vertices within the same subset. This property makes bipartite graphs
particularly useful in various applications across computer science, mathematics, and related fields. The
division (U, W) is known as a bipartition of G. Figure 3.2.1 depicts an example of a bipartite graph [63].
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Figure 3.2.1: An example bipartite graph [63]

A graph is termed equally bipartite if it is bipartite and the bipartition results in subsets X and Y having
the same number of vertices [99].

A bipartite graph G = (V, E) with vertex sets partitioned into U and W is called a complete bipartite graph
if each vertex in U is connected to every vertex in W [63].

Bipartite graphs are frequently used in matching problems where one needs to pair vertices in U with vertices
in W. One such problem is the problem of determining a minimum weight full matching, also known as
the rectangular linear assignment problem, a fundamental issue in combinatorial optimization. This problem
involves finding the optimal way to match all elements of two sets such that the total cost is minimized.

Problem Definition: Given two sets U and V' with potentially different sizes and a set of edges E connecting
elements of U to elements of V', each edge (u,v) € E has an associated weight w(u,v). The goal is to find a
matching M C FE that pairs each element of U with exactly one element of V' (and possibly vice versa) such
that the sum of the weights of the edges in M is minimized.

Mathematical Formulation: The problem can be formulated as follows:

subject to:

|M| = min(|U|, |V])
This ensures that the number of edges in the matching M is equal to the smaller of the sizes of U and V,
guaranteeing that each element in the smaller set is matched to exactly one element in the larger set.
Several algorithms have been proposed to solve this problem, such as:

e Using the Hungarian algorithm (or else the Kuhn-Munkres algorithm): A method to find the optimal
assignment in polynomial time. The time complexity of the Hungarian algorithm is O(n?) [52, 65].

e Using Linear Programming: Formulating the problem as a linear program and solving it using standard
techniques. This displays exponential worst-case scenario time complexity|[18].
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e Using the Auction Algorithm: A decentralized algorithm that iteratively improves the assignment by
mimicking an auction process. The worst-case time complexity of the auction algorithm is O(n?) [8].

However, the solution that we are interested in is Karp’s algorithm [46]. In his research, Richard M. Karp
introduces an efficient method for addressing the assignment problem. The proposed algorithm achieves an
expected time complexity of O(mnlogn) by utilizing priority queues and assuming the independence of edge
costs as random variables. This approach offers a significant improvement in computational efficiency for
large assignment problems.

3.3 Knowledge Graphs

3.3.1 General information

The term "knowledge graph" has a range of definitions, some of which conflict with one another, spanning from
specific technical descriptions to broader, more general interpretations. Despite the term "knowledge graph"
being cited in literature since at least 1972 [97], its modern significance emerged with Google’s announcement
of the Google Knowledge Graph in 2012 [28]. Their Knowledge Graph was developed using data from DBpedia
[2], Freebase [11], and other sources. The Google Knowledge Graph effectively complemented Google’s
string-based search, and its success popularized the term "Knowledge Graph" in the online community.
This announcement sparked a wave of similar initiatives from companies Facebook [87], LinkedIn, Airbnb,
Microsoft, Amazon, Uber [97] and eBay [67]. Knowledge graphs have been implemented across multiple
fields, from social sciences [70, 84, 47] to music [19] to medicine [102], demonstrating their versatility and
utility. Additionally, the application of knowledge graphs in assisting machine learning models with various
tasks has consistently yielded positive results [21, 19, 102].

A data graph is the foundation of every knowledge graph. For our purposes, we follow Hogan et al. [41] and
define a knowledge graph as a data graph designed to collect and represent knowledge about the real world.
In this graph, nodes symbolize entities of interest, and edges depict various possible relationships between
these entities. This data graph adheres to a graph-based data model, which could be a directed edge-labeled
graph, a heterogeneous graph, a property graph, or similar structures. Generally, the terms "knowledge
graph" and "knowledge base" are considered synonymous and used interchangeably.

The graphs which we utilize for our endeavor are heterogeneous directed edge-labeled knowledge graphs.

Directed edge-labeled graph: A directed edge-labeled graph (or del graph) is defined as a set of nodes connected
by directed labeled edges. In knowledge graphs, nodes represent entities and edges represent binary relations
between these entities. This structure allows for flexibility in integrating new data compared to traditional
relational models, as it doesn’t require predefined schemas [41].

Heterogeneous graph: A heterogeneous graph ([100], [43], [95]) is a graph where each node and edge has a
specific type. These graphs are similar to del graphs, as they use edge labels to denote types, but differ in that
the node types are part of the graph model itself rather than being represented as a special relationship. For
example, an edge is called homogeneous if it connects two nodes of the same type (e.g., borders); otherwise, it
is called heterogeneous (e.g., capital). Heterogeneous graphs are useful for partitioning nodes by type, which
is beneficial for machine learning tasks. Unlike del graphs, heterogeneous graphs typically have a one-to-one
relationship between nodes and types, but there can be nodes with zero types and nodes with multiple types.

Knowledge graphs are essential for integrating and organizing complex data relationships in a machine-
readable format, enhancing data integration, search accuracy, and Al applications. They encode semantic
relationships, providing deeper contextual understanding crucial for chatbots and virtual assistants. Their
flexibility and scalability allow easy adaptation to new information, making them ideal for handling complex
queries in fraud detection, drug discovery, and supply chain management. By revealing hidden patterns and
connections, knowledge graphs improve decision-making processes, benefiting fields like healthcare, finance,
and education. As data volume and complexity grow, the role of knowledge graphs in unlocking data value
and enhancing decision-making becomes increasingly vital.

Given the crucial role of knowledge graphs in processing diverse information in a machine-readable format,
substantial research has been ongoing in this area over the past few years. Knowledge graphs have been
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employed in various Al systems [50], including recommender systems, question-answering systems, and in-
formation retrieval. They are also widely used across numerous fields such as education and healthcare to
improve human life and society [83], [71].

However, research on knowledge graphs still faces notable technical challenges. For instance, gathering
knowledge from multiple sources and integrating it into a coherent knowledge graph is quite a difficult task
using today’s technologies. Hence, while knowledge graphs hold great promise for modern society, their
development is still fraught with technical difficulties [71].
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“borders¥

(b) Heterogeneous graph

Figure 3.3.1: Data about capitals and countries in a del graph and a heterogeneous graph [41].

3.3.2 Resource Description Framework

We will utilize the Resource Description Framework (RDF) as the data model for our knowledge graphs.
RDF, a standard by the World Wide Web Consortium (W3C), was initially created to serve as a metadata
data model. It has since evolved into a general-purpose method for describing and exchanging graph data.
RDF utilizes a simple yet effective model based on triples (subject, predicate, object) to represent data,
allowing it to describe complex relationships and integrate data from various sources.

RDF is especially significant in knowledge graph construction and management. It enables the merging of
data even when underlying schemas differ, facilitating seamless data integration and interoperability. This
capability is crucial for applications in artificial intelligence (AI), where knowledge graphs enhance systems like
recommender engines, question-answering systems, and information retrieval tools. By providing structured
and semantically rich data, RDF supports advanced data analytics and machine learning tasks, including
node classification and link prediction.

Additionally, RDF offers various serialization formats, with Turtle being the most popular due to its human-
readable syntax. RDF-star, an extension of RDF, introduces the concept of quoted triples, allowing for more
complex and nested data representations, which further enhances its utility in sophisticated data mining and
AT applications.

Research continues to address the challenges and opportunities in RDF’s application, focusing on areas such
as knowledge graph completion, knowledge fusion, and reasoning. These efforts aim to improve the quality
and comprehensiveness of knowledge graphs, making RDF a cornerstone of modern data representation and
analysis [71], [33], [27].

At its core, RDF uses a simple structure known as a triple to represent data. Fach triple consists of three
components:

e Subject: The resource being described.

e Predicate: The property or relationship of the subject.
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e Object: The value of the property or another resource linked to the subject.
For example, to represent the fact that "John Smith created a webpage," the RDF triple would look like this:
e Subject: http://www.example.org/index.html
e Predicate: http://purl.org/dc/elements/1.1/creator
e Object: http://www.example.org/people/JohnSmith

Or to represent the knowledge that the book named "John Smith Autobiography was" written by John Smith
and is about John Smith, the needed RDF triples could be the following:

First:
e Subject: http://www.example.com/book45
e Predicate: http://www.example.com/title
e Object: "John Smith Autobiography"
Second:
e Subject: http://www.example.com/book45
e Predicate: http://www.example.com/subject
e Object: blank node
Third:
e Subject: blank node
e Predicate: http://www.example.com/wrote
e Object: http://www.example.com/book4b
Fourth:
e Subject: blank node
e Predicate: http://www.example.com/name

e Object: "John Smith"

http://example.com/subject

http.//example.com/book45

http:/fexample.comfitle

http:/fexample.com/name
http:{fexample.comiwrcte

“John Smith Autcbiography” “John Smith”

Figure 3.3.2: RDF example graph

URIs and Literals: RDF uses Uniform Resource Identifiers (URIs) to uniquely identify subjects and
predicates. Objects can be either URIs or literals (data values such as strings, numbers, or dates). This
system allows RDF to describe any resource, whether it is a web page, a person, or an abstract concept [57],
71], [27].

Blank nodes: Blank nodes in RDF (Resource Description Framework) are used to represent resources that
do not have a global identifier (URI) or when the specific identity of the resource is not important. They are
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useful for modeling complex or nested data structures, providing a way to represent intermediate nodes or
anonymous resources without the need to generate unique URIs [57], [71], [27].

RDF Graph: A collection of RDF triples forms an RDF graph, a directed labeled graph where nodes repre-
sent subjects and objects, and edges represent predicates. This graph structure enables complex relationships
and data integration across different datasets [57], [71], [27].
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Chapter 4

Sentiment Analysis

Natural Language Processing (NLP) has made significant strides, particularly with the development of large
language models (LLMs) that exhibit advanced comprehension and reasoning abilities [35, 68, 37]. Among
various NLP tasks, sentiment analysis, stands out for its exceptional accuracy [29]. Sentiment analysis,
often referred to as opinion mining, is a significant technique in the field of Natural Language Processing
(NLP) that focuses on identifying and extracting subjective information from text. This technique involves
categorizing the sentiment conveyed in a piece of text as positive, negative, or neutral, providing valuable
insights into people’s emotions and opinions.

Sentiment analysis is widely used in various sectors such as business, politics, healthcare, and social media
monitoring to gauge public sentiment, monitor brand reputation, and improve customer experiences. This
chapter explores the fundamental principles of sentiment analysis, its diverse applications, and the method-
ologies employed, including lexicon-based approaches, machine learning techniques, and hybrid methods.

Additionally, we discuss the tool VADER (Valence Aware Dictionary and sEntiment Reasoner) which is
particularly effective for analyzing sentiments in social media texts. By understanding these concepts, we
aim to highlight the importance of sentiment analysis in harnessing the power of human sentiment for strategic
decision-making and enhanced interaction with digital content.
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4.1 Introduction to Sentiment Analysis

Sentiment analysis, also referred to as opinion mining, is a Natural Language Processing (NLP) technique
aimed at identifying and extracting subjective information from text. This process involves determining the
sentiment expressed in a piece of text, classifying it as positive, negative, or neutral. By analyzing emotions,
opinions, and attitudes, sentiment analysis provides valuable insights into public perception and emotional
response [79].

4.2 Applications of Sentiment Analysis

Sentiment analysis has widespread applications across various domains [55]:

Business: In the business sector, sentiment analysis is crucial for understanding customer feedback and
market trends. Companies use it to monitor brand reputation, assess customer satisfaction, and analyze
product reviews. For instance, by examining social media posts and online reviews, businesses can gauge
public sentiment towards their products and services, enabling them to make informed decisions and tailor
their marketing strategies.

Politics: In politics, sentiment analysis is used to measure public opinion on policies, political figures, and
events. It helps political analysts and campaign managers understand voter sentiment, track changes in
public opinion, and devise strategies to address public concerns. By analyzing social media discussions and
news articles, sentiment analysis can reveal insights into voter behavior and predict election outcomes.

Healthcare: In the healthcare industry, sentiment analysis plays a role in improving patient care and ser-
vices. By analyzing patient feedback from surveys, social media, and online forums, healthcare providers can
identify areas for improvement, understand patient experiences, and enhance the quality of care. Sentiment
analysis can also monitor public sentiment regarding health policies and medical treatments.

Social Media Monitoring: Sentiment analysis is extensively used in social media monitoring to track
and analyze user sentiments. Social media platforms generate vast amounts of unstructured data containing
valuable opinions and emotions. Sentiment analysis tools can process this data to understand public reactions
to events, brands, and topics. Companies, governments, and organizations leverage this information to
respond to public sentiment, manage crises, and engage with their audience effectively.

4.3 Techniques in Sentiment Analysis

Several approaches are employed in sentiment analysis [79]:

Lexicon-based Methods: Lexicon-based methods rely on predefined dictionaries of sentiment-laden words.
These dictionaries assign sentiment scores to words or phrases, which are then used to determine the overall
sentiment of a text. While straightforward, lexicon-based methods can struggle with context and the nuances
of language, such as sarcasm and idioms.

Machine Learning Methods: Machine learning methods involve training algorithms on labeled datasets to
predict sentiment. These methods can capture more complex patterns and context within the text. Common
machine learning approaches include:

Supervised Learning: Algorithms are trained on annotated datasets where the sentiment is already labeled.
Examples include Naive Bayes, Support Vector Machines, and neural networks.

Unsupervised Learning: These methods identify sentiment without labeled data, often using clustering or
topic modeling techniques to infer sentiment from patterns in the data.

Hybrid Methods: Hybrid methods combine lexicon-based and machine learning approaches to improve
accuracy. By leveraging the strengths of both methods, hybrid approaches can achieve better performance in
sentiment classification. They use lexicons to handle common sentiment words and machine learning models
to capture contextual information and complex patterns.
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4.4 Challenges in Sentiment Analysis

Despite its utility, sentiment analysis faces several challenges [79], [14], [55]:

Sarcasm Detection: Detecting sarcasm is a significant challenge in sentiment analysis. Sarcastic statements
often express a sentiment opposite to the literal meaning of the words, making it difficult for algorithms to
interpret correctly. Advanced NLP techniques and contextual understanding are required to address this
issue effectively.

Context Understanding: Understanding the context in which words are used is crucial for accurate
sentiment analysis. Words can have different meanings based on their context, and sentiment can change
depending on the situation. For example, the word "great" can express positive sentiment in "great job,"
but negative sentiment in "great, just what I needed" (sarcastically). Capturing this nuance is challenging
for sentiment analysis models.

Multilingual Support: Developing sentiment analysis models that work across different languages and
dialects is complex. Each language has unique linguistic features, idioms, and cultural contexts that affect
sentiment expression. Multilingual models must be trained on diverse datasets to handle these variations
effectively.

My experience The product is v " ‘
so far has been ok | guess el SUppT eamis
. useless
fantastic!
POSITIVE NEGATIVE

Figure 4.4.1: An example of sentiment analysis [64]

4.5 VADER: Valence Aware Dictionary for Sentiment Reasoning

VADER (Valence Aware Dictionary and sEntiment Reasoner) is a rule-based sentiment analysis tool specif-
ically attuned to social media texts. Developed by C.J. Hutto and Eric Gilbert at Georgia Institute of
Technology [44], VADER is designed to handle the informal language, abbreviations, and emoticons com-
monly used in social media contexts.

4.5.1 Lexicon Development

To develop the VADER sentiment lexicon, the researchers began by examining existing sentiment word-
banks such as LIWC [72], ANEW [12], and GI [82]. They expanded this list by incorporating lexical features
common in microblogs, including Western-style emoticons (e.g., ":-)" for a smiley face), sentiment-related
acronyms and initialisms (e.g., LOL and WTF), and commonly used slang (e.g., "nah," "meh," and "giggly").
This initial list comprised over 9,000 lexical features.

Next, they assessed the applicability of each feature using a wisdom-of-the-crowd (WotC) approach, gathering
intensity ratings from ten independent human raters through Amazon Mechanical Turk (AMT)*. Each feature
was rated on a scale from -4 (Extremely Negative) to +4 (Extremely Positive), resulting in over 90,000 ratings.

! Amazon Mechanical Turk. (n.d.). Retrieved June 9, 2024, from https://www.mturk.com
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They retained features with non-zero mean ratings and standard deviations less than 2.5, refining the list to
over 7,500 validated lexical features.

The validated lexicon includes examples such as "okay" (0.9), "good" (1.9), "great" (3.1), "horrible" (-2.5),
the frowning emoticon ":(” (-2.2), and "sucks" (-1.5). This gold-standard list, with associated valence scores
indicating sentiment polarity and intensity, forms the core of the VADER sentiment lexicon [44].

4.5.2 How it works

VADER combines a sentiment lexicon with a set of grammatical and syntactical rules to determine the
sentiment of a text. The lexicon includes a list of words, acronyms, initialisms, and emoticons, each assigned
a sentiment intensity score. VADER then applies five heuristics to account for the nuances of sentiment
expression in text:

1. Punctuation: Exclamation points increase sentiment intensity.

[\

. Capitalization: Words in ALL-CAPS are given more weight.

3. Degree Modifiers: Words like "very" or "extremely" modify the intensity of the sentiment.
4. Conjunctions: The word "but" signals a shift in sentiment polarity.

5. Negation: The presence of negation words flips the sentiment polarity.

When a sentence is analysed using VADER, 4 scores (pos, neu, neg, compound) are produced and each one
represents different aspects of the sentiment expressed in the text. Here’s a breakdown of what each score
signifies:

Pos (Positive): This score indicates the proportion of the text that is perceived to be positive. It is a float
value between 0 and 1, where higher values indicate a stronger presence of positive sentiment in the text.

Neu (Neutral): This score represents the proportion of the text that is neutral. Like the positive score, it
is a float value between 0 and 1. A higher value indicates that a larger portion of the text is neutral, meaning
it does not strongly convey positive or negative sentiment.

Neg (Negative): This score indicates the proportion of the text that is perceived to be negative. It is also
a float value between 0 and 1, with higher values indicating a stronger presence of negative sentiment.

Compound: The compound score is a normalized, weighted composite score that takes into account all the
other scores (positive, neutral, and negative) to provide a single sentiment score. It ranges from -1 (most
extreme negative) to +1 (most extreme positive). This score is calculated by summing the valence scores of
each word in the text, adjusted according to the heuristics, and then normalized to be between -1 and 1.

Interpretation of Compound Score:

Positive Sentiment: If the compound score is greater than 0.05, the sentiment of the text is generally
considered positive.

Neutral Sentiment: If the compound score is between -0.05 and 0.05, the sentiment is considered neutral.

Negative Sentiment: If the compound score is less than -0.05, the sentiment is generally considered negative.

4.5.3 Performance and Advantages

VADER is particularly effective in analyzing sentiments expressed in short, informal texts such as tweets
and Facebook posts. It has been shown to perform as well as, and in some cases better than, human raters
and other sentiment analysis tools, with an F1 classification accuracy of 0.96 compared to 0.84 for individual
human raters [44]. VADER’s rule-based approach allows it to be computationally efficient, making it suitable
for real-time sentiment analysis on streaming data. With its lexicon-based and rule-based approach, VADER
offers a robust solution for analyzing sentiments in social media texts, providing high accuracy and efficiency
without the need for extensive training data.
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4.5.4 Why it was chosen

We chose to use VADER for this thesis due to its special attunement to social media texts. More specifically,
we needed a sentiment analysis tool that would be able to determine the sentiment of informal texts written
by people on YouTube, which are expected to be very similar to texts written in other social media platforms.
VADER also takes into account capitalization, punctuation and emoticons to calculate its scores, which is
very useful again in the context of YouTube videos.
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Chapter 5

Image Captioners

Image captioning is a sophisticated task that merges the fields of computer vision and natural language
processing to generate descriptive text for images. This task necessitates a deep understanding of visual

content and the ability to produce coherent, contextually relevant textual descriptions.

The significance of image captioning is evident in its diverse applications, ranging from aiding visually im-
paired individuals and enhancing image search engines to automating content creation and improving human-
computer interactions. This chapter delves into the evolution of image captioning techniques, highlights the
advancements brought by deep learning models, and discusses the evaluation metrics and challenges faced in
this domain.

Special attention is given to innovative models like GIT (Generative Image-to-text Transformer), which have
set new benchmarks in unifying vision and language tasks, showcasing the latest strides in image captioning

technology and its potential future directions.
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5.1 Overview

Image captioning is a complex task that involves generating a textual description of an image. This task
lies at the intersection of computer vision and natural language processing, requiring models to understand
and interpret visual content and subsequently generate coherent and contextually relevant descriptions. The
importance of image captioning spans across various applications, including assisting visually impaired in-
dividuals, enhancing image search engines, automating content creation, and improving human-computer
interaction [91].

5.2 Techniques and Models

The development of image captioning systems has evolved significantly over the years. Early methods relied on
template-based approaches, where predefined templates were filled with detected objects and their attributes.
However, these methods were limited by their rigidity and inability to generalize well to diverse images.

With the advent of deep learning, particularly convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), more sophisticated approaches emerged. CNNs are used to extract visual features from
images, while RNNs, particularly Long Short-Term Memory (LSTM) networks, are employed to generate
sequences of words based on these features.

A landmark model in image captioning is the "Show and Tell" model developed by Vinyals et al. (2015).
This model uses a CNN to encode the image into a fixed-dimensional feature vector, which is then fed into
an LSTM to produce the caption. The process can be summarized in three steps [91]:

Feature Extraction: A pre-trained CNN, such as InceptionV3, extracts features from the image.

Caption Generation: An LSTM network generates the caption word-by-word, conditioned on the extracted
features.

Training: The model is trained end-to-end using a dataset of images paired with corresponding captions,
such as the MS COCO dataset [80].

5.3 Evaluation Metrics
Evaluating image captioning models involves comparing the generated captions to reference captions. Com-
mon metrics include BLEU, METEOR, ROUGE, and CIDEr. These metrics, borrowed from machine transla-

tion and text summarization tasks, measure the n-gram overlap between the generated and reference captions,
assessing aspects like precision, recall, and semantic similarity [91].

5.4 Challenges

Despite significant progress, image captioning remains a challenging task due to:
Diversity in Visual Content: Images can contain a wide variety of objects, scenes, and activities.

Contextual Understanding: Generating accurate and contextually appropriate descriptions requires a
deep understanding of the relationships between objects and the overall scene.

Language Generation: Producing fluent and grammatically correct sentences is crucial for usability [91].
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Figure 5.4.1: A selection of image captioner results, grouped by human rating [91]

5.5 GIT: A Generative Image-to-text Transformer for Vision and
Language

GIT (Generative Image-to-text Transformer) is a novel model developed to unify vision-language tasks,

particularly focusing on image and video captioning as well as question answering. Developed by a team at

Microsoft [94], GIT simplifies the architecture of vision-language models by using a single image encoder and

a single text decoder. This streamlined design contrasts with the complex structures of previous models that

typically involve multiple encoders and decoders along with external modules like object detectors and OCR
systems [56, 69].

5.5.1 Model Architecture
Simplified Structure
GIT’s architecture consists of:

Single Image Encoder: A Swin-like vision transformer is used as the image encoder, pre-trained on a large
dataset of image-text pairs using a contrastive task to learn robust image representations.

Single Text Decoder: The text decoder is a transformer network responsible for generating text descriptions
from image features. This unification of various vision-language tasks into a single language modeling task
simplifies the design and training process.

5.5.2 Pre-training Approach

Dataset GIT was pre-trained on a massive dataset of 0.8 billion image-text pairs. This dataset includes:

e COCO (Common Objects in Context)
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e Conceptual Captions (CC3M)

e SBU Captions

e Visual Genome

e Conceptual Captions (CC12M)

e ALT200M, plus an additional 0.6 billion web-crawled image-text pairs
Training Objectives

Language Modeling (LM) Loss: The primary task during pre-training is to map the input image to its
associated text description using a language modeling objective.

Contrastive Pre-training for Image Encoder: The image encoder is pre-trained with a contrastive task to
learn strong image representations.

5.5.3 Fine-tuning for Specific Tasks

Image Captioning

The same LM task used during pre-training is applied to fine-tune the model on image captioning datasets.
Visual Question Answering (VQA)

During fine-tuning, the question is treated as a prefix to the text description, and the model generates answers
in an auto-regressive manner.

Video Captioning and Question Answering

For video tasks, multiple frames are sampled and encoded independently. These frame features are concate-
nated and passed through the text decoder.

5.5.4 Model Scaling and Performance Optimization
Scaling Up

Larger Models and Data: GIT scales up the pre-training data and the model size to improve performance
significantly. Larger datasets and more extensive model architectures have shown to boost performance across
various benchmarks.

Comparison with Prior Models: GIT achieves new state-of-the-art results, surpassing previous models by a
large margin on several tasks.

5.5.5 Evaluation and Benchmarking

Benchmarks GIT was evaluated on a wide range of benchmarks for image captioning (COCO, nocaps,
VizWiz-Caption, TextCaps), VQA (VQAv2, TextVQA, VizWiz-VQA), and video tasks (MSVD, MSRVTT,
VATEX).

State-of-the-Art Performance

GIT outperformed previous models on many of these benchmarks, including surpassing human performance
on TextCaps with a CIDEr score of 138.2 compared to the human score of 125.5.

5.5.6 Technical Approach
Image Encoder

The image encoder uses a Swin-like vision transformer pre-trained on image-text pairs using a contrastive
task, which helps in learning robust image representations without relying on object detectors.

Text Decoder
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The text decoder employs multiple transformer blocks with self-attention and feed-forward layers to generate
text descriptions from image features.

Pre-training Task

The model is trained to map input images to their associated text descriptions using a language modeling
objective.

5.5.7 Key Contributions and Innovations

Unified Architecture

GIT’s architecture is simplified to just one image encoder and one text decoder, which contrasts with the
complex structures of previous models that often involve multiple encoders and decoders.

End-to-End Training

The entire network is trained end-to-end on large-scale datasets, enabling it to achieve strong performance
across various vision-language tasks.

Generation-Based Classification

GIT introduces a new scheme for image classification, where the model generates class labels in an auto-
regressive way rather than relying on predefined vocabularies.

5.5.8 Challenges and Future Work

Generative Challenges

Generative models, like GIT, have inherent challenges, such as controlling the generated captions and per-
forming in-context learning without parameter updates.

Societal Impact

GIT aims to improve accessibility for visually impaired individuals, but care must be taken to manage the
potential for toxic language in pre-training datasets.
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Figure 5.5.1: Visualization of the GIT model on random test images of VizWiz-Captions [94]
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5.5.9 Why it was chosen

We chose to use the GIT model in our thesis as it is reasonably fast and its accuracy in describing details
present in the images is of great value. The analysis of image 7?7 is an example of its dominance over other
models we tested.

Figure 5.5.2: An example of a thumbnail image from our dataset

The GIT model produces the caption "a man with a cast on his leg playing basketball", which is very
descriptive and accurate. Another model we experimented with, Blip [53], generates the caption "a man
standing on a basketball court with a ball", which is again quite good, but fails to notice the cast on the
man’s leg. We also tested the vit-gpt2 model [61], which generated the caption "a man holding a tennis
racket on a tennis court", which is not accurate. From this enlightening example, it is obvious that GIT tests
better in general.
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Chapter 6

Semantic Similarity

Semantic similarity, also referred to as semantic distance, measures the degree to which two words or concepts
are related in meaning. This foundational concept in natural language processing (NLP) is essential for
various tasks, including information retrieval, text classification, and question answering. By quantifying
how closely related different pieces of text are, semantic similarity enables machines to interpret and process
human language more effectively. This chapter explores the core principles of semantic similarity, delves into
traditional and modern methods for measuring it, and highlights the challenges and advancements in this
field. Through the use of embeddings, particularly, we examine how semantic relationships can be captured

and utilized in computational models, enhancing the capabilities of NLP applications.
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6.1 Introduction

Semantic similarity, also known as semantic distance, measures how closely related two words or concepts are
in meaning. It is a fundamental concept in natural language processing (NLP) that has broad applications in
information retrieval, text classification, and other NLP tasks. This chapter delves into the general concept
of semantic distance and explores embeddings, a powerful method to quantify and utilize semantic distance
in computational models.

6.2 Semantic Similarity: An Overview

Semantic similarity is crucial for understanding and processing human language computationally. It provides
a way to quantify the similarity between words, phrases, or larger text units, enabling machines to mimic
human-like understanding of language.

Traditional Approaches: Early methods for calculating semantic distance relied on structured lexical
databases such as WordNet [60]. These databases organize words into sets of synonyms (synsets) and arrange
these synsets into a hierarchical structure. Semantic similarity between two words can be computed based
on the distance between their synsets in this hierarchy. For instance, Resnik [76] proposed a measure based
on the information content of the common ancestor in the hierarchy.

Challenges: Despite their utility, traditional methods have limitations. They depend heavily on the com-
prehensiveness and accuracy of the lexical database, which may not cover all possible words or usages.
Additionally, these methods are static and do not capture context-dependent meanings of words.

Applications: Semantic distance is used in various applications, including;:

e Information Retrieval: Improving search engines by retrieving documents that are semantically related
to the query.

e Text Classification: Grouping documents into categories based on their content.

e Question Answering: Finding the most relevant answers by understanding the semantic similarity
between questions and potential answers.

6.3 Embeddings: Capturing Semantic Distance

Embeddings are a significant advancement in NLP, providing a dense, continuous representation of words that
capture their semantic meanings based on context. They address many limitations of traditional methods by
learning from large text corpora and adapting to context-specific nuances.

6.3.1 What Are Embeddings?

Embeddings are vector representations of words or phrases in a continuous vector space. Unlike traditional
representations that might use one-hot encoding (where each word is represented as a binary vector with
only one position marked as 1 and all others as 0), embeddings represent words as dense vectors of real
numbers. These vectors capture semantic relationships between words, allowing for more nuanced analysis
and manipulation.

The central idea behind embeddings is the distributional hypothesis, which states that words that appear in
similar contexts tend to have similar meanings (Harris, 1954). By analyzing large corpora of text, embedding
models learn to place words with similar meanings close to each other in the vector space.

6.3.2 How Are Embeddings Created?

Several methods have been developed to create embeddings, including:

e Word2Vec: This model, introduced by Mikolov et al. [59], uses neural networks to learn word vectors.
It has two main architectures:
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1. Continuous Bag of Words (CBOW): Predicts a target word from a surrounding context.
2. Skip-Gram: Predicts surrounding context words from a target word.

Both architectures aim to maximize the likelihood of context words given a target word, thereby cap-
turing the semantic relationships between words.

e GloVe (Global Vectors for Word Representation): Developed by Pennington et al. [73], GloVe creates
embeddings by analyzing global word-word co-occurrence statistics from a corpus. It constructs a large
co-occurrence matrix and then applies matrix factorization techniques to generate word vectors that
capture both local and global semantic information.

e Contextual Embeddings: Unlike static embeddings like Word2Vec and GloVe, contextual embeddings
change based on the word’s usage in different sentences. Models like BERT (Bidirectional Encoder Rep-
resentations from Transformers) generate these embeddings by considering the entire context in which
a word appears [22]. BERT uses a transformer architecture to understand the context bidirectionally,
providing more accurate and context-aware word representations.

6.3.3 Why Use Embeddings?

Embeddings offer several advantages over traditional methods:

e Dimensionality Reduction: Dense vectors reduce the dimensionality of the word representation, making
computations more efficient.

e Semantic Richness: They capture complex semantic relationships between words, such as synonyms,
antonyms, and analogies.

e Context Awareness: Contextual embeddings adapt to different meanings of a word based on its usage,
providing more accurate representations.

6.3.4 Applications of Embeddings

e Information Retrieval: Enhances search engines to understand and retrieve documents based on se-
mantic similarity rather than mere keyword matching.

e Text Classification: Improves the performance of classifiers by providing rich semantic representations
of texts.

e Machine Translation: Facilitates more accurate translations by capturing the contextual meanings of
words, leading to coherent and contextually appropriate translations.

6.4 The challenge of vanishing gradients due to the saturation zones
of the cosine function

6.4.1 Introduction to the Problem

In the realm of machine learning and neural networks, the issue of vanishing gradients is a significant challenge,
particularly in deep learning models. This problem occurs when the gradients used for updating the network
parameters during backpropagation become exceedingly small, effectively stalling the training process. One
specific context where this issue arises is in the optimization of text embeddings using the cosine function
[40], [54].

6.4.2 Cosine Function in Text Embedding

Text embeddings are numerical representations of text data that capture semantic information and are
crucial for various natural language processing tasks, including Semantic Textual Similarity (STS). The
cosine function is commonly used to measure the similarity between these text embeddings. The cosine
similarity metric is defined as:
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A-B

<os(8) = &8

(6.4.1)

where A and B are the embedding vectors, and 6 is the angle between them. This function effectively captures
the semantic similarity by measuring the cosine of the angle between two vectors in a multi-dimensional space.

6.4.3 Saturation Zones in the Cosine Function

The saturation zones of the cosine function refer to regions where the derivative (or gradient) of the function
approaches zero. These zones typically occur when the angle 6 is close to 0 or 7 radians, corresponding to
cosine values near 1 or -1. In these regions, changes in the input vectors produce minimal changes in the
cosine similarity value, leading to very small gradients. Mathematically, this can be visualized as:

Gradient of cos(6) =~ 0 when cos(f) ~ +1 (6.4.2)

6.4.4 Impact on Optimization

When the gradients are near zero, the update steps for the parameters during backpropagation become
extremely small. This phenomenon significantly hinders the learning process, as the model’s parameters
get updated at an exceedingly slow rate, if at all. Consequently, the model may struggle to converge to an
optimal solution, leading to subpar performance in tasks that depend on fine-tuned embeddings.

6.5 Angle-Optimized Text Embeddings

High-quality text embeddings are crucial for improving semantic textual similarity (STS) tasks, which are
essential components in large language model (LLM) applications. Traditional text embedding models often
face challenges with vanishing gradients due to their reliance on the cosine function in the optimization
objective, which has saturation zones that impede gradient flow and hinder the optimization process. To
address this issue, a novel angle-optimized text embedding model called AnglE has been proposed by Li and
Li [54].

6.5.1 Core Idea

The core idea of AnglE is to introduce angle optimization in a complex space. This approach effectively
mitigates the adverse effects of the saturation zone in the cosine function, enhancing the gradient flow and
improving the optimization process. By optimizing the angle difference between embeddings, AnglE ensures
more robust and effective training.

6.5.2 Methodology

Input Layer: The model first applies padding to ensure a consistent length for input sentences and maps each
word to a continuous d-dimensional space to produce word embeddings. These embeddings are concatenated
to form the model input, which is then passed through an encoder such as BERT, RoBERTa, or LLaMA to
obtain contextual representations.

Cosine Objective: The cosine objective function is used to measure the pairwise semantic similarity between
representations. It aims to maximize the cosine similarity for high similarity pairs and minimize it for low
similarity pairs. However, due to the saturation zones of the cosine function, this approach can lead to
vanishing gradients.

In-Batch Negative Objective: To further improve performance, the model integrates an in-batch negative
objective. This involves identifying and assigning positive samples within a batch, reducing potential noise
from incorrectly labeled negatives and enhancing the generalization of the model.

Angle Objective: To counteract the limitations of the cosine function, AnglE introduces an angle objective.
This involves dividing the text embedding into real and imaginary parts in a complex space and computing the
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angle difference between these parts. By normalizing and optimizing this angle difference, AnglE effectively
mitigates the saturation zone issues of the cosine function, leading to better gradient flow and improved
optimization.

6.5.3 Evaluation

Extensive experiments on various tasks, including short-text STS, long-text STS, and domain-specific STS
tasks, demonstrate that AnglE outperforms state-of-the-art ST'S models that ignore the cosine saturation
zone.

Performance on STS Tasks

Short-Text STS: AnglE was tested against several state-of-the-art (SOTA) models using short-text STS
datasets. The results showed that AnglE outperformed other models significantly. For example, AnglE-
BERT achieved an average Spearman correlation of 73.55

Long-Text STS: A new dataset, collected from GitHub Issues, was introduced to evaluate the model’s per-
formance on long-text STS tasks. AnglE demonstrated superior performance on this dataset as well, partic-
ularly with the AnglE-RAN variant, which performed better in long-text scenarios than AnglE-BERT. This
highlights the model’s ability to handle long and complex texts effectively, which is crucial for real-world
applications like legal documents and technical reports.

Domain-Specific and LLM-Supervised Learning

The study also evaluated AnglE’s performance in domain-specific scenarios with limited labeled data. The
results were promising, showing that AnglE could still perform well even with less annotated data. The
introduction of LLM-supervised learning, where large language models are used as annotators, further im-
proved AnglE’s performance. The ensemble of LLMs yielded the best results, indicating the robustness and
effectiveness of this approach in overcoming data scarcity issues.

Ablation Study

An ablation study was conducted to understand the contributions of different components of the AnglE model.
The results revealed that the angle optimization component was critical for the model’s superior performance.
When the angle objective was removed, there was a more significant drop in performance compared to
the removal of the in-batch negative (ibn) objective. This emphasizes the importance of optimizing angle
differences in a complex space to mitigate the saturation zone issues of the cosine function.

Transfer and Non-Transfer Tasks
AnglE’s performance was evaluated in both transfer and non-transfer settings:

Transfer Tasks: In transfer tasks, AnglE was trained on NLI datasets (like MNLI and SNLI) and evaluated
on various STS benchmarks. AnglE-BERT and AnglE-LLaMA consistently outperformed previous SOTA
models such as SImCSE-BERT and SimCSE-LLaMA, with gains of 0.80

Non-Transfer Tasks: In non-transfer tasks, AnglE outperformed models like SimCSE and SBERT even when
trained on smaller datasets. This indicates that AnglE is highly effective in learning high-quality embeddings
within the same dataset context.

These results highlight the effectiveness of angle optimization in generating high-quality text embeddings and
its practical utility in diverse NLP scenarios.
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Model STS12 STS13 STS14 STS15 STS16 STS-B  SICR-R  Avg.
Unsupervised Models
GloVe (avg.) 1 55.14  70.66 59.73 68.25 63.66  58.02 53.76 61.32
BERT-flow I 58.40  67.10 60.85  75.16  T1.22  68.66 64.47 66.55
BERT-whitening 1 57.83  66.90 6090 75.08 T71.31 68.24 63.73 66.28
IS-BERT £ 56.77  69.24  61.21 7523 70.16  69.21 64.25 66.58
CT-BERT ¢ 61.63 76.80 6847 77.50 76.48 T4.31 69.19 72.05
ConSERT-BERT 64.64 7849  69.07 79.72 7595  73.97 67.31 72.74
DiffCSE-BERT 72.28  84.43  76.47 83.90 80.54  80.59 71.23 78.49
SimCSE-BERT 68.40 8241 7438 8091 7856  76.85 72.23 76.25
LLaMA2-7B % 50.66  73.32  62.76  67.00 7098  63.28 67.40 65.06
Supervised Models
InferSent-GloVe 1 52.86  66.75  62.15 7277 66.87 68.03 65.65 65.01
USE 64.49  67.80 64.61 T76.83 7318  T74.92 76.69 71.22
ConSERT-BERT 74.07 8393 77.05 83.66 7876  81.36 76.77 79.37
CoSENT-BERT * 71.35 7752 75.05 79.68 76.06 78.99 71.19 75.69
SBERT f 7097 76.53 73.19 79.09 7430 77.03 72.91 74.89
SimCSE-BERT 75.30  84.67  80.19 8540 80.82  84.25 80.39 81.57
SimCSE-LLaMA2-7B«  78.39  89.95 8480 88.50 86.04 87.86 81.11 85.24
AnglE-BERT 75.09 8556 80.66 86.44  82.47  85.16 81.23 82.37
AnglE-LLaMA2-7B 79.00 90.56 85.79 89.43 87.00 8897 8094 85.96
Figure 6.5.1: Evaluation results for transfer STS tasks [54]
Model MRPC STS-B QQP QNLI GitHub Issues. Ave.
test test validation  validation test

SimCSE-BERT  48.13 76.27 65.84 33.00 60.38 56.72
SBERT 46.19 84.67 73.80 65.98 69.50 68.03
AnglE-RAN 58.70 80.23 74.87 63.04 71.25 69.62
AnglE-BERT 62.20 86.26 76.54 72.19 70.55 73.55

Figure 6.5.2: Evaluation results for non-transfer STS tasks [54]
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Chapter 7

Counterfactual Explanations

Counterfactual explanations are an essential technique within interpretable AI, providing insights by illus-
trating hypothetical scenarios that highlight how slight modifications to the input data could alter a model’s
decision. This chapter delves into the differences between Al interpretability and explainability, emphasizing
the need for transparent and comprehensible Al systems. Counterfactual explanations offer a user-friendly
approach to understanding Al decisions by answering "what if" questions, which helps users grasp the minimal
changes required to achieve different outcomes. The chapter further explores the challenges and advancements
in creating effective counterfactuals, including ensuring realism and actionability. Additionally, it introduces
the concept of using conceptual edits for generating counterfactual explanations, which leverages external
knowledge graphs to provide more meaningful and intuitive explanations. Through practical applications
in finance and healthcare, the chapter demonstrates the growing importance and utility of counterfactual

explanations in enhancing the transparency and trustworthiness of AI models.
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7.1 Artificial Intelligence Interpretability and Explainability

Often the terms Al interpretability and Al explainability are used interchangeably. However, there are
significant differences between the two.

7.1.1 Al Interpretability

AT interpretability, involves understanding and making sense of the behavior of machine learning models. It
refers to the extent to which a human can comprehend the cause-and-effect relationships within a model.
Interpretability is about building models that are inherently understandable, either through their simplicity
or through methods that allow humans to gain insights into how the model works. Interpretability emphasizes
model design and selection, preferring models that are straightforward and interpretable by nature, such as
linear regression, decision trees, or rule-based models. This is important for scenarios where users need to
trust and understand the model thoroughly [34].

In AI interpretability the challenge lies in balancing model complexity and interpretability. While simpler
models are easier to interpret, they may not capture complex patterns in the data as effectively as more
complex models [48].
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Figure 7.1.1: Interpretability versus performance trade-off given common ML algorithms [48]

7.1.2 Al Explainability

AT explainability refers to the ability to describe the internal mechanisms of a machine learning model in
a way that is understandable to humans. It focuses on making the decision-making processes of Al models
transparent and comprehensible by providing clear, logical explanations of how specific outputs are derived
from given inputs. Explainability is often associated with complex, "black-box" models like deep neural
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networks. The goal is to explain how these complex models arrive at specific decisions. It is crucial for
ensuring accountability, trust, and regulatory compliance in Al systems, which are demanded for high-stakes
decisions in fields like healthcare, finance, and legal systems. To achieve explainability post-hoc methods such
as feature importance scores, partial dependence plots, and counterfactual explanations are used to elucidate
the model’s behavior after it has been trained.

One of the main challenges of Al explainability is ensuring that the explanations are accurate and meaningful
without oversimplifying the model’s behavior. Explainability is crucial for gaining user trust and meeting
regulatory requirements [48].

7.2 Counterfactual Explanations

Counterfactual explanations are a key technique within the field of interpretable AIl. They provide insights by
presenting hypothetical scenarios that illustrate how slight changes to the input data could lead to different
outcomes. Essentially, they answer "what if" questions, helping users understand the minimal changes
required to alter a model’s decision [62].

For example, a counterfactual explanation might show that if a loan applicant’s income were slightly higher,
their application would be approved instead of rejected. This type of explanation is intuitive and aligns with
human reasoning, making it easier for users to comprehend and trust AI systems [62].

Counterfactual explanations enhance transparency by demystifying the decision-making process of AI models,
turning them from opaque "black boxes" into more transparent systems that users can understand and
interact with more confidently. They are particularly valuable in scenarios where users need to know not just
the decision but the factors influencing it and how changes in those factors could alter the outcome.

7.2.1 Challenges and Advancements

Creating effective counterfactual explanations involves several challenges. These include ensuring that the
counterfactuals are realistic and actionable, maintaining minimal changes to avoid confusion, and addressing
computational complexities associated with generating these explanations [90].

Recent advancements have focused on improving the feasibility and relevance of counterfactuals. For instance,
techniques such as using Generative Adversarial Networks (GANSs) to create realistic counterfactual images
have been explored. Moreover, the field is working towards unifying terminology and developing methods
applicable across different types of machine learning tasks, including regression and classification.

7.2.2 Real-World Applications

Counterfactual explanations are being applied across various sectors to enhance the interpretability of Al
systems. In finance, they help explain credit decisions, providing transparency and facilitating regulatory
compliance [36]. In healthcare, they assist in understanding diagnostic models, thereby improving patient
trust and outcomes. These explanations are becoming a de-facto standard for post-hoc model explanations,
bridging the gap between complex AI systems and human understanding.

7.3 Conceptual Edits as Counterfactual Explanations

Filandrianos et al. [30] introduce a theoretical framework for generating counterfactual explanations
using conceptual edits. Within this framework, concepts represent the generalized forms of objects
found in the input data and are associated with external knowledge structured as concept hierarchies
[dimitriou2024grapheditscounterfactualexplanationslymperaiou2023counterfactual, 20, 24]. An
overview of the proposed framework is illustrated in Figure 7.3.1.

This paper addresses the "black-box" problem by providing counterfactual explanations, which clarify how
a model’s decision could be altered. The proposed method leverages external knowledge graphs to provide
more meaningful explanations.
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7.3.1 Framework overview

The framework identifies minimal concept edits that change the prediction of a black-box classifier to a desired
class. By accumulating multiple counterfactual explanations, it can also estimate a "global" explanation for
a dataset region and a target class.

Here’s an in-depth look at the framework’s core components and their functionality:

Explanation Dataset

The framework requires an explanation dataset, which is a set of tuples (x;,C;). Each tuple consists of a
sample x; that the classifier can process and a semantic description C;, which is a set of concepts describing
the sample. For example, in an image classification task, x; could be an image, and C; could be a set of
labels describing objects within the image.

Conceptual Distance

The framework introduces the concept of a TBox, a terminology box that organizes concepts into a hierarchy.
The TBox graph represents these concepts and their relationships. Conceptual distance (dr) is defined as the
shortest path between two concepts in the TBox graph. This distance helps determine how closely related
two concepts are.

Concept Set Edits and Edit Distance

A concept set edit involves operations like replacing, deleting, or inserting concepts within a set C;. Concept
set edit distance measures the minimal cost of transforming one set of concepts into another using these edits.
This distance is crucial for generating meaningful counterfactuals that reflect small yet significant changes.

Significance of Transformation

The significance of transforming one sample into another is quantified as

|F(za) — F(ap)|
o(a,b) = ————F—— 7.3.1
(0= "D o) (731
where F is the classifier, a = (x4, C,),b = (2, Cy) and Dy is the concept set edit distance. High significance
indicates that small conceptual changes lead to significant changes in the classifier’s output, making it a
useful metric for generating impactful counterfactual explanations.

Graph Construction

The framework constructs a directed graph where each node represents a sample from the explanation
dataset, and edges represent possible transformations between samples, weighted by the inverse of their
significance. Dijkstra’s algorithm is used to find the shortest path in this graph, providing the optimal
counterfactual explanation by identifying the sequence of minimal conceptual edits needed to change the
classifier’s prediction.

Local and Generalized Counterfactual Explanations

Local Counterfactual Ezplanations: These provide specific changes needed for a single sample to achieve a
desired classification. It focuses on the minimal conceptual edits necessary for this change.

Generalized Counterfactual Fxplanations: These extend the local explanations by aggregating them to offer
insights into common changes required across a subset of the dataset. This helps understand broader patterns
and common biases in the classifier.
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Figure 7.3.1: Conceptual Edits as Counterfactual Explanations framework [30].

7.3.2 How the counterfactual explanations are generated

In the "Conceptual Edits as Counterfactual Explanations" framework, counterfactuals are generated through
a series of methodical steps that integrate conceptual understanding with machine learning. Here is an in-
depth explanation of the process:

Concept Distance Calculation

Concept Distance is a measure of how far apart two concepts are within a given taxonomy (TBox). The
distance is determined using the shortest path in an undirected graph representation of the TBox. For
instance, in a TBox where "Cat" is a subclass of "Mammal" and "Mammal" is a subclass of "Animal," the
distance between "Cat" and "Dog" (another subclass of "Mammal") is 2, traversing through "Mammal."

Concept Set Edit Distance

Concept Set Edits: Transformations involve replacing, deleting, or inserting concepts in a set. Each operation
has a cost based on the concept distance. For example, replacing "Cat" with "Dog" has a cost equal to the
distance between these two concepts.

Edit Distance Calculation: This involves computing the minimum cost required to transform one set of
concepts into another. It uses a bipartite graph to match concepts from two sets and computes the minimum
weight full matching using Karp’s algorithm [46] to determine the cost.

Graph Construction

Ezxplanation Graph: Each element in the explanation dataset is represented as a node. Edges between
nodes represent the possible transformations with weights based on the inverse of the significance of the
transformation, defined as the change in classifier output divided by the concept set edit distance.

Algorithm Implementation: The explanation graph is constructed by iterating through pairs of elements in
the dataset, calculating their concept set edit distances and associated transformation significances.
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Finding Counterfactual Explanations

Local Counterfactual Explanations: The goal is to find the shortest path in the explanation graph from a
given sample to any sample in the desired class. This path represents the sequence of edits needed to change
the classification of the sample.

Generalized Counterfactual Explanations: These are statistical summaries of multiple local counterfactual
explanations within a specified region of the dataset. They highlight the most frequent edits that lead to a
change in classification, providing broader insights into the classifier’s behavior.

7.3.3 Detailed Analysis of Results
Experiments with CLEVR-Hans3

Objective: To detect biases in a classifier trained on the CLEVR-Hans3 dataset, where the training set
contains biases (e.g., all Large Cubes are Grey).

Method: The authors created two explanation datasets, one from the training set to compare with the FACE
algorithm, and another from the test set to detect training biases.

Findings: The proposed counterfactual algorithm effectively identified the biases, consistently suggesting the
addition of a "grey cube" to change classifications to the biased class.

Experiments with COCO

Objective: To apply the method to a more intuitive task using the COCO dataset, which contains real-world
images annotated with objects linked to external knowledge (WordNet).

Method: They used a pre-trained scene classifier and generated explanations for transitions between classes
like "Bedroom" to "Kitchen" or "Veterinarian’s Office."

Findings: The generalized counterfactual explanations successfully identified key concepts (e.g., adding a
"cat" to classify a "Bedroom" image as a "Veterinarian’s Office"). This highlighted potential biases and
provided insights into the classifier’s decision-making process.
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Chapter 8
Graph Similarity

Graph similarity measures the structural and property-based resemblance between two graphs, playing a
crucial role in various fields such as bioinformatics, social network analysis, and cheminformatics. Un-
derstanding how similar two graphs are can reveal important insights about the underlying systems they
represent, whether it be protein interaction networks, social structures, or molecular compounds. Various
methods are employed to measure graph similarity, including graph isomorphism, graph edit distance, sub-
graph isomorphism, spectral methods, graph kernels, and embedding-based techniques. Each method offers
unique advantages and is suitable for different applications, ranging from exact structural matches to more
flexible and scalable approximate comparisons. This chapter explores these key concepts and methods, their
applications, and the specific challenges and solutions associated with computing graph similarity.
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8.1 Introduction

Graph similarity is a measure of how alike two graphs are in terms of their structure and properties. This
concept is crucial in various domains, including bioinformatics, social network analysis, and cheminformatics,
where comparing complex networks is a common task.

8.2 Key Concepts and Methods

8.2.1 Graph Isomorphism

Two graphs G; and G5 are isomorphic if there exists a bijection between their vertex sets that preserves
adjacency. Essentially, Gy can be transformed into G5 simply by renaming its vertices [26]. Checking graph
isomorphism is computationally challenging and is not suitable for large or slightly differing graphs [3].

8.2.2 Graph Edit Distance (GED)

GED measures the minimum number of edit operations (insertions, deletions, substitutions of vertices or
edges) required to transform one graph into another. It provides a flexible way to measure similarity, allowing
for varying degrees of difference [32]. Used in pattern recognition and computer vision to compare shapes
and structures.

8.2.3 Subgraph Isomorphism

Determines if one graph (subgraph) is contained within another as an exact match. This is more stringent than
graph isomorphism and is computationally NP-complete [88]. Common in cheminformatics for identifying
common substructures in molecules.

8.2.4 Spectral Methods

These methods compare the spectra (eigenvalues) of matrices associated with graphs, such as the adjacency
matrix or Laplacian matrix. Similar spectra indicate similar structural properties [16]. Spectral methods can
handle large graphs efficiently and are useful for approximate similarity measures.

8.2.5 Graph Kernels

Graph kernels map graphs into a high-dimensional space where their similarity can be computed using kernel
functions. Popular graph kernels include the Weisfeiler-Lehman kernel and the shortest-path kernel [92].
Widely used in machine learning for graph-based data, such as molecular activity prediction.

8.2.6 Embedding-Based Methods

These methods represent graphs as vectors in a continuous vector space using graph embedding techniques like
node2vec, DeepWalk, and graph convolutional networks [38, 49]. They enable efficient similarity computation
and are scalable to large datasets.

8.3 Applications and Importance

Graph similarity is pivotal in numerous applications:

e Bioinformatics: Comparing protein-protein interaction networks or genetic regulatory networks to
identify functional similarities [78].

e Social Network Analysis: Understanding community structure and evolution by comparing social
graphs [5].

e Cheminformatics: Identifying similar chemical compounds by comparing molecular graphs [75].
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e Information Retrieval: Enhancing search engines by comparing document structures represented as
graphs [7].

8.4 Graph Edit Distance

Graph Edit Distance (GED) is a versatile and widely used measure of similarity between two graphs. It
quantifies the dissimilarity by computing the minimum number of edit operations required to transform one
graph into another. These operations typically include the insertion, deletion, or substitution of vertices and
edges. GED is particularly useful in applications where structural differences and similarities need to be
rigorously analyzed, such as in pattern recognition, bioinformatics, and cheminformatics.

8.4.1 Edit Operations

e Vertex Insertion: Adding a new vertex to the graph.
e Vertex Deletion: Removing an existing vertex from the graph.
e Vertex Substitution: Replacing a vertex with another vertex.

¢ Edge Insertion: Adding a new edge between two vertices.

Edge Deletion: Removing an existing edge.

Edge Substitution: Replacing an edge with another edge connecting different vertices.

Each of these operations is associated with a specific cost, and the total cost of transforming one graph into
another is the sum of the costs of the individual operations. The general formal definition of GED, based on
the paper that introduced it [77], can be seen in 8.4.1. The Graph edit Distance between the graph pair G
and G is denoted as GED(G1,G2), the edit operations are e;, their costs are c(e;) and P(Gy1,G2) denotes
the set of edit paths transforming the first graph to an isomorphic of the second.

k
GED(G1,Gs) = min(GhGQ) Z c(e;) (8.4.1)

(e1,...,ex)EP ‘
=1

8.4.2 Cost Function

The cost function ¢ defines the cost of each edit operation. This function can be adjusted depending on
the specific requirements of the application. For instance, in some cases, substituting a vertex might be less
costly than deleting and then inserting a new vertex.

8.4.3 Computation of GED

The process of calculating GED involves finding the sequence of edit operations that has the minimum total
cost. This problem can be formulated as an optimization problem and is known to be NP-complete [32]. As
a result, exact computation is feasible only for small graphs, and approximate methods are often used for
larger graphs.

Accurate algorithms for GED computation typically try to reduce the cost of the edit path from one graph
to the other. Pathfinding search or shortest paths are the methods used for this computation and they
frequently make use of the A* search algorithm. GED belongs to the APX-hard complexity class since its
approximation is likewise in a challenging class. Numerous graph edit distance approximation techniques have
been proposed, most of which achieve cubic complexity. Among the most well-known ones are Hungarian
[52], Hausdorff [31] and BP-Beam [66].
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Figure 8.4.1: Graph Edit Distance Between Two Graphs. [6]

Minimum GED requires 3 edit operations and if they were all equally weighted its value would be 3.

An approximation based on converting graphs into sets and bipartite graph matching is examined in
this thesis [20]. To manage the complexity of GED computation, the paper proposes simplifying the
problem by converting graphs into sets of sets of concepts. The connected components of exemplars
on the ABox graph are converted into sets by rolling up the roles into concepts. Specifically, new
concepts of the form Fr.C' are defined for each pair of role name r and concept name C. These are
then added to the labels of nodes in the ABox graph. An exemplar with a connected component such
as  {Exzemplar(e),depicts(e,a), depicts(e,b), depicts(e, ), Cat(a), eating(a,b), Fish(b),in(b,c), Water(c)}
would be represented as sets of labels like {{Cat,3eating.Fish},{Fish,3in.Water}, {Water}}. After
converting the connected components into sets, the problem of computing counterfactual explanations
reduces to solving a set edit distance problem. This problem is solved using the framework for generating
counterfactual explanations using conceptual edits described in the previous chapter.
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Chapter 9

Virality Prediction of YouTube videos

The phenomenon of virality, where content rapidly spreads across digital platforms, plays a significant role in
the modern digital landscape. YouTube, since its inception in 2005, has been a pivotal platform for such viral
content, enabling videos to reach millions of viewers within days. This chapter delves into the mechanisms
of virality on YouTube, exploring how certain videos achieve widespread popularity and the various factors
influencing this process. It reviews pioneering studies that examine video virality and discusses advanced
methodologies for predicting viral success. By leveraging a combination of early viewing patterns, visual
attributes, and cross-platform dynamics, researchers have developed models that provide insights into what
makes a video viral, offering valuable tools for content creators and marketers alike. This comprehensive
exploration highlights the evolution of predictive models and the latest innovations aimed at understanding
and forecasting the viral potential of YouTube videos.
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9.1 Virality

Virality refers to the phenomenon where content, such as videos, images, or articles, spreads rapidly and
widely across digital platforms, particularly through social media sharing and other online channels. This
rapid dissemination is often driven by users sharing the content within their own networks, thereby creating a
chain reaction that amplifies its reach. Virality leverages the power of social networks to generate significant
engagement and visibility, often without the need for traditional advertising, making it a cost-effective strategy
for increasing brand exposure and customer engagement [85].

9.2 YouTube

YouTube is a prominent online video-sharing platform that was founded in February 2005 by Chad Hurley,
Steve Chen, and Jawed Karim, three former employees of PayPal. The initial idea was to create a video
dating site named "Tune In, Hook Up," but it evolved into a general video-sharing platform where users
could upload, share, and view videos. The domain name "YouTube.com" was activated on February 14,
2005, and the first video, titled "Me at the zoo," was uploaded by Karim on April 23, 2005 [101, 17].

The YouTube platform quickly grew in popularity, reaching over 100 million video views per day by the
summer of 2006. In November 2006, Google acquired YouTube for $1.65 billion in stock, significantly boosting
its resources and infrastructure [101].

In 2007, YouTube introduced the YouTube Partner Program, enabling content creators to monetize their
videos, which transformed the platform into a lucrative venue for many users. Over the years, YouTube has
continued to innovate with features like live streaming and subscription services such as YouTube Premium
and YouTube Music [42]. Today, it serves billions of users globally, remaining a central hub for entertainment,
education, and information sharing [42].

9.3 Viral videos

In the context of YouTube videos, virality refers to the rapid and widespread sharing of video content across
the internet, particularly on social media platforms. This phenomenon is characterized by a significant and
sudden increase in views, shares, likes, comments, and overall engagement within a short period. For a
YouTube video to be considered viral, it often needs to reach hundreds of thousands or even millions of views
in a matter of days or weeks [98].

Virality leverages the network effect, where the value and reach of a video expand exponentially as more
people view and share it. The YouTube algorithm also plays a crucial role in promoting viral content by
boosting videos that show high initial engagement, such as rapid increases in views, likes, and shares. This
feedback loop can further amplify a video’s reach, making it visible to an even larger audience [1].

9.4 Predicting video virality

The analysis of content popularity has garnered significant interest recently. One of the initial studies examin-
ing the factors influencing internet video popularity is presented in [96]. However, this study’s limited sample
size hinders its generalizability. Deza et al. [23] identified various visual attributes impacting image virality.
Characteristics of viral videos were also examined in [45], where the authors examined viral videos, which
gain popularity through extensive internet sharing. The study introduced the CMU Viral Video Dataset, a
large open benchmark for researching viral videos. The dataset was analyzed to verify existing observations
about viral videos and discover new characteristics. They also propose a model for predicting the peak view
day of viral videos, which is valuable for planning advertising campaigns and viral marketing strategies.
Broxton et al. [13] also analyzed YouTube viewing patterns, revealing that popular videos experience sharp
spikes and declines in view counts, unlike less popular videos. More complex interdependencies between cross-
platform content were explored in [89], where the authors analyzed factors that help popularize both Tweets
and the YouTube videos they mention. The study collected data on tweets containing YouTube links and
corresponding video metadata to identify properties that make videos both popular and viral. The authors
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developed a prediction framework using features from both platforms, achieving high accuracy with minimal
training data. They concluded that cross-system prediction of video popularity and virality is feasible and
that features related to user engagement on YouTube are particularly effective for predicting virality.

While researchers have sought to understand content popularity factors, several methods have been developed
to predict online content popularity. In [74], it was demonstrated that future views of a YouTube video
could be forecasted using its early viewing patterns. This study trained a regression model to predict
the total future views based on past patterns, although collecting view counts at different times posed a
significant challenge. This method also doesn’t consider video attributes, thus failing to correlate viewership
with video quality. Using visual cues, a spatial transformer model was proposed in [25] to predict image
virality. Additionally, [81] predicted online content popularity using only the title, and [15] introduced a
multimodal prediction method for micro-videos, leveraging social, visual, acoustic, and textual modalities.
However, the popularity definition in this model is ad-hoc, and it cannot predict view counts. A similar
multimodal approach for images is discussed in [58]. Zhang et al. [103] proposed combining visual, textual,
and user information in an attention model for predicting Flickr image popularity. In [86], a support vector
regression model was proposed to predict online video popularity. Furthermore, a multimodal self-attention
model for video popularity prediction is introduced in [10]. Finally, Kong et al. [51] introduced HIPie, an
interactive visualization system designed to help users understand and predict the popularity of YouTube
videos. Utilizing the Hawkes Intensity Process (HIP), a state-of-the-art model for online popularity, HIPie
retrieves video metadata and historical popularity data to provide insights and forecasts. The tool allows
users to identify potential viral videos, simulate the impact of promotions, and compare video popularity
through various interactive visualizations. This system aims to empower both content creators and consumers
by making data-driven predictions accessible and understandable.

More recent studies on predicting video virality have explored various innovative approaches. One such study
by Dinko Bacic and Curt Gilstrap [4] used biometric data and machine learning to predict video viewer en-
gagement and virality. They employed physiological data, including facial expressions and skin conductance,
to create a predictive model with over 80% accuracy, highlighting the significant role of subconscious re-
sponses in understanding video popularity. Another study focused on a PyTorch implementation of ViViT
to predict the virality of TikTok videos, showing the continuous advancements in deep learning applications
for this purpose [39]. Another study by Wang et al. [93] presented a framework for predicting the viral-
ity and popularity of videos using minimal training data. The authors introduced a method that utilizes
cross-platform dynamics, specifically between YouTube and Twitter, to accurately forecast which videos will
become popular or viral. The key contribution was the ability to predict video virality with high accuracy
using only a single day of training data, highlighting the framework’s efficiency and effectiveness in real-world
applications.
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Chapter 10

Proposal

In this section, we propose the method with which we will tackle the problem of optimizing video metadata
to help increase popularity and determining what makes a YouTube video go viral.

We first highlight the main contributions of this thesis and then explain the proposed method in detail.

10.1 Contributions

The contributions of this dissertation are multiple and can be summarized as follows:

e The most notable contribution of this thesis is the development of a comprehensive framework that
integrates multiple advanced analytical techniques to understand and predict the virality of YouTube
videos. The framework combines graph theory, sentiment analysis, image captioning, embeddings, and
counterfactual explanations, each of which plays a crucial role in the holistic analysis of video content.

e Graphs for Relationship Modeling: The use of graph theory to model the relationships between various
video metadata elements (such as tags, thumbnails) is innovative. Graphs provide a visual and math-
ematical means to understand the complex interactions and dependencies that contribute to a video’s
virality.

e Actionable Insights: The inclusion of counterfactual explanations provides actionable insights by show-
ing how slight modifications to video elements (e.g., title, tags) can significantly impact viewership and
engagement. This aspect enhances the practical utility of the framework for content creators.

10.2 Proposed Method

The process of transforming ordinary YouTube videos into viral sensations remains a complex and ever
evolving challenge. The core of our suggested approach is the development of a customized dataset made up of
YouTube video thumbnails and the textual metadata that goes with them. To enable a thorough analysis, we
maintain a dataset that encompasses a range of content elements, engagement indicators, and video attributes.
Then, graph representations are created from these video-related data. When it comes to expressing the
complex relationships and dependencies present in video content, viewer interactions, and external factors
that impact virality, graphs provide an organized and adaptable framework. For this transformation, nodes
and edges that encode different video properties, viewer actions, and contextual data must be defined. The
study then moves into the field of graph counterfactual algorithms, where the main goal is to identify the
crucial elements that cause a video to go viral from non-viral to viral. The created graph structures are
manipulated and examined using graph-based algorithms and semantic counterfactual methods. To do this,
it is necessary to investigate speculative scenarios, alter graph elements, and pinpoint crucial interventions
that enhance the virality of videos.
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10.2.1 YouTube Trending Video Dataset
Dataset Description

In this thesis, I utilize Kaggle’s YouTube Trending Video Dataset!, which is an extensive dataset updated
daily, ensuring that it remains current and reflective of the latest trends on YouTube. This dataset is
curated to provide insights into trending videos on YouTube across multiple regions. It includes a wealth
of information that is valuable for analyzing trends, popularity metrics, and content characteristics on the
platform.

Dataset Overview

The YouTube Trending Video Dataset contains records of trending videos from various countries, including
the United States, Canada, Great Britain, Germany, France, India, Japan, South Korea, Mexico, and Russia,
with up to 200 listed trending videos per day. Each entry in the dataset represents a video that has appeared
on the trending page of YouTube, providing detailed metadata about the video and its performance metrics.
The data is collected utilizing the YouTube API and the dataset is the structurally improved version of the
Trending YouTube Video Statistics dataset?.

Attributes and Features

The dataset comprises several attributes that encapsulate various aspects of each trending video. Key features
include:

e Video ID: A unique identifier for each video.

e Title: The title of the video.

e Published Date: The date and time when the video was published on YouTube.
e Channel ID: The unique ID of the channel that published the video.

e Channel Title: The name of the channel that published the video.

e Category ID: An identifier for the category to which the video belongs.

e Trending Date: The date when the video was recorded as trending.

e Tags: Tags associated with the video.

e View Count: The number of views the video has garnered.

e Likes: The number of likes the video has received.

e Dislikes: The number of dislikes the video has received.

e Comment Count: The number of comments on the video.

e Thumbnail Link: A link to the video’s thumbnail image.

e Description: A brief description of the video content.

e Comments Disabled: Indicates whether comments are disabled for the video.

e Ratings Disabled: Indicates whether ratings are disabled for the video.

10.2.2 Ouwur Dataset

After making the decision on which dataset was to be used as a base to construct our own viral video dataset,
the challenge was to decide which characteristics and metadata should be kept, analyzed further, or ignored.
These vital choices were made while considering the impact they would have on our goal. Below we explain
the reasons why we preserved or not each feature:

Lhttps : //www.kaggle.com/datasets/rsrishav/youtube — trending — wvideo — dataset/data?select =
U Syoutubesrendingqata.csv
2https : [ /www.kaggle.com/datasets/datasnaek /youtube — new
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e Video ID: The column containing the video ID is preserved in order to identify each video uniquely.

e Title: The column containing the title of the video is preserved, as the title is a significant contributor
to the choice of whether to click on a video. It is one of the first things one can see when encountering
a new video on the platform. In addition, intuitively one can comprehend that a good title, with good
syntax and appropriate use of punctuation and capital letters, can help persuade a viewer to click on
a certain video.

e Published Date: The date when a video was published is relevant to this study as virality is often
judged not only by the number of views a video has accumulated but also by the days in which it
achieved such results.

e Channel ID: The ID used to uniquely identify a channel is also of no use to us, as the channel’s title
is a unique identifier alone.

e Channel Title: We did not preserve the title of the channel that shared the specific video, as, even
though it is a characteristic that is visible to the viewer before the video is clicked and could possibly
sway someone toward watching the video if, for example, the channel is well-known, it can not help
turn another video viral. More specifically, in comparing a random video to a viral video in order to
give advice for valuable changes in the random video’s data to increase its popularity, it would be quite
useless to suggest the title of the random video’s channel be changed to the title of the popular video’s
channel. In addition, for unknown channels, it is reasonable to assume that a channel’s title plays little
to no role in whether a video will achieve virality. As a result, it would be impractical to try to extract
valuable information from a video’s channel title.

e Category ID: The category is not something visible to the viewer, however, it can easily be deduced
from other information available. Moreover, it will be useful in order to perform experiments focused
on specific categories. Therefore, we decided to preserve it.

e Trending Date: As with the Published Date, we decided to keep the feature so as to be able to
measure the number of views a video had in a specific moment in time.

e Tags: The tags help the users come across the video when their search contains certain keywords. As
a result, they greatly influence a video’s chance to go viral and therefore we chose to include them.

e View Count: The view count is one of the main determinants of virality so this feature is maintained.
In this way, we are able to measure just how viral a video is.

e Likes & Dislikes: The number of likes and dislikes a video has. These features were calculated after
the video went viral and they are therefore impertinent to our study.

e Comment Count: This is not visible to the user before clicking, so it is not used in our study.
Moreover, it is not a feature that could be influenced by the content creator in any way.

e Thumbnail Link: The thumbnail is the first thing anyone sees when encountering a new video. As a
result, it is imperative that we include it in our research.

e Comments Disabled & Ratings Disabled: Whether or not the users can interact with the video
by commenting and rating it is expected to be quite relevant to its popularity. In many viral videos
the comments are overflowing, and many passionate or even heated conversations take place in the
comment section. In other videos, comments and ratings are turned off and this is something possibly
preferred for some cases. Moreover, turning on or off the ratings and comments in a video is managed
by the content creator and is therefore something that can be changed if deemed helpful.

e Description: The description of the video is partially visible before clicking the video only on the
search page (not on the start page, or the recommended columns). We decided against keeping it since
its size and details are not generally something a user will turn to in order to choose whether they will
watch a video.

It should also be mentioned that by simply examining this dataset, we perceived that there are no missing
(null) values, except for the column that contains the videos’ description and tags, as there are some videos
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that do not have one or both of them. We also noticed that several videos are included more than once, with
a different number of views, likes and dislikes.

This dataset contains over 240000 entries, including duplicates. The unique entries are around 43000.

The numerical data was not altered, however, the categorical data (title and tags) as well as the thumbnail
images needed to be analyzed and processed so that meaningful and mostly comparable information could
be extracted. Below we elaborate on the analysis of each one of these features:

Title

The title of a video is one of its most important characteristics and a lot of information can be extracted
from it. More specifically, our analysis includes:

e Keyword Extraction: We use a specific function to erase all stop words as well as punctuation marks
from the title. The remaining words are turned into lowercase ones and assembled in a list. This is
done to facilitate theme comparison between titles.

e Sentiment analysis: We use the VADER model introduced in chapter 4 to get the sentiment analysis
of the full title. From the results, we only keep the compound score in order to have a single descriptive
score. The title’s sentiment is undeniably important and affects how the user perceives it.

e Punctuation marks: We count the number of specific punctuation marks included in the title.
Specifically, we search for six punctuation marks: full stop, exclamation mark, question mark, quotation
mark, hyphen, vertical line. These six marks were chosen among all punctuation marks firstly because
it would be too computationally intensive to account for all existing punctuation marks and secondly
because they are considered the most eye-catching ones that alter the effect of the title and influence
human perception of it.

e Length: We count the number of words the title consists of as the length of the title could be a factor
affecting its virality status.

e First letter capitalization: We check whether the first letter for each sentence included in the title
is capitalized. A feature is added corresponding to 1 if the first letter of each sentence is capitalized
and 0 if not.

e Capital words ratio: We calculate the number of words written in capital letters in the title and
divide it by the total number of words in the title.

Thumbnail

The thumbnail of a video is probably the first feature anyone sees upon encountering it. In order to get useful
information from the thumbnail link provided in the dataset we have to load each image and use an image
captioner to inspect them. Consequently, we use the GIT model to provide a caption for each image in the
dataset. Afterward, we erase all stop words from the caption as well as punctuation marks and gather the
remaining words in a list. The list therefore contains words describing objects, people and actions apparent
in a thumbnail image.

Tags

Some videos contain a lot of tags while others contain none. We can not modify the ones that have no tags
in any way, but we can adjust the ones that do. We observed that in many cases tags are repeated, or very
similar tags are involved with the same video. Some tags are also subsets or subwords of other tags. It is also
common that a video has a very large number of tags. Upon realizing the above, we opted to extract a set
number of keywords using the Term Frequency — Inverse Document Frequency technique from the union of
all tags and also keep the number of different tags included. This was imperative as the very large number
of tags would make the comparison between videos overly and needlessly computationally intensive without
actually having a lot to offer. Repetitive tags would not actually help in matching the videos and it was
deemed better to just maintain the most common themes among tags and their total number.
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10.2.3 Transformation to Knowledge Graphs
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Figure 10.2.1: An example YouTube video knowledge graph

We continued by transforming the unique rows of the above dataset into knowledge graphs. We did not
include the view count, the published date and the trending date in the graphs, as the graphs will be
used for the comparison of videos and there is no point in comparing published and trending dates or view
count. These features were only retained in order to divide the dataset into smaller datasets later on. For
the representation of graphs, we used the Resource Description Framework (RDF) through python’s rdflib
library. Each one of the main elements of a video is a separate entity. A different URI was created for the
relationships between the nodes named "properties". Keeping only the names of the relationships and the

87



Chapter 10. Proposal

nodes (not the whole URI) an example graph can be seen in 10.2.1.

10.2.4 Comparison

In order to produce viable suggestions for content optimization our goal is to compare a given random
YouTube video graph with each and every graph in our dataset. The cost to transform this random graph
into each and every graph in our dataset is calculated and the transformation with the lower cost is selected.
This graph will be for the video that is the most similar one to the random input video. By examining their
similarities and differences we can understand what made the video in our dataset go viral instead of the
random one.

In order to compare the video graphs with one another we will use the cece library created by Filandrianos
et al. [30] and analyzed in chapter 7. For this, we created our own object distance, object addition and
object removal functions. The cost of exchanging categorical nodes equals the semantic distance of the
words they contain, as measured using AnglE embeddings to represent the words and a scaled version of
cosine similarity to calculate their distance. The cost of exchanging numerical nodes equals their numerical
difference. Since all graphs contain a fixed number of nodes in addition to a volatile number of nodes, which
consist of the thumbnail description nodes whose multitude differs among videos, we prohibit the exchange
of different types of edges, as with the numerical nodes it could cause mistakes in the cost calculation. An
example of this can be seen in 10.2.2. In this case, if trading different types of edges was allowed, the
cheapest way to go from the first graph to the second would be to change the edge (title, length is”~5) into
(title, number of exclamationmark~4) and the edge (title, number of exclamationmark~2) into (title,
length is~2) which would have a total cost of 14+0=1. However, the actual cost to transform the first
subgraph to the other would be 34+2=5 by turning the edge (title, length is~5) into (title, length is~2) and
the edge (title, number of exclamationmark~2) into (title, number of exclamationmark~4).

AT LANTS
o \8005

. number _of exclamationmark . number_of exclamationmark
title > 2 title >

Figure 10.2.2: An example of bad cost calculation when trading of different edge types is allowed

Our first thought was to compare entire graphs, however, this approach proved overly computationally
intensive. This was because the algorithm compares every node with every other node and every edge with
every other edge when contrasting two graphs. This resulted in an immense number of comparisons, most of
which were pointless, since we are not interested in exchanging edges of different types. The decision was then
made to divide the graphs into smaller ones. Specifically, each video was now comprised of three graphs, one
for its title, one for its thumbnail and one for its tags. In this way, we compare tags with tags, thumbnails
with thumbnails and titles with titles. Moreover, the choice was made to not include all nodes that do
not contain information about the video’s theme in the search for the pair with the lowest transformation
cost. This is because we aim to find the most similar pair thematically and understand why their different
presentations caused one to succeed and the other not. As a result, the difference in presentations will be
examined only for the most similar pair at the end of its computation. The three graphs that represent each
YouTube video and take part in the search for the most similar pair in the dataset can be seen in 10.2.3,
10.2.4, 10.2.5.

Even though we originally used the cece graph interface to compute the graph edit distance for all graphs,
after dividing the graphs into smaller ones, we no longer needed it. Instead, we could treat the graphs as
queries instead. This is possible due to the structure of the graphs. More specifically, all three graphs that
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we will compare have a node at the center with whom all other nodes are connected. In addition, there is no
edge between the rest of the nodes. In other words, the graphs resemble star schemas and the center node
is the same for all videos. Therefore, it makes more sense to simply create three queries using all the nodes
from each graph, except the center ones and compute their semantic distance. As a result, the three graphs
are finally transformed into:

title: ['google’; ’assistant’, 'features’; ’android’]

thumbnail: ['woman’, wearing’, ’green’, 'striped’, ’top’, ’showing’, ’computer’; ...]

tags: ["android’, ’smart’, 'google’, 'apps’|

We create 3 datasets using cece. Omne for all the title queries in our dataset, one for all the thumbnail
queries and one for all the tags queries. Each random input video is converted to the above form and the
cost to transform its title query to every title query in the dataset is computed. The same is done for its
thumbnail and tags. In the end, the costs are added for each transformation pair and the total costs to
transform the random video’s queries to each query in the dataset are computed. We should note here that
it was engineered so the title is the most important feature to match, followed by the tags and finally the
thumbnail, by adjusting the costs in the total addition. From these total costs the lowest one is selected and
the corresponding video in the dataset is returned. Afterward, we use the cece library again along with our
own functions to compute the differences between the two videos and suggest changes for the random input
video to increase its potential for virality. The changes include changes in tags, in what the thumbnail shows,
in the title’s words, punctuation, capitalization etc, as we use all the information extracted so far.
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Figure 10.2.3: An example of the title’s graph
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Figure 10.2.4: An example of the thumbnail’s graph
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Figure 10.2.5: An example of the tags’ graph
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Chapter 11

Experiments

This chapter describes the tests that were carried out to determine what makes viral YouTube videos unique
from those with far lower view counts. We aim to identify common patterns and characteristics that enhance
video virality in different categories by utilizing a mixed dataset. Using a dataset of 4500 films with at least
5,000,000 views in a week, paired with an equal number of videos with the lowest view counts, the trials
start off with a generic methodology. This significant variation in viewership offered a solid foundation for
analyzing the differences and similarities in video elements. Then, in order to guarantee meaningful results,
we expand our study to include particular categories including Music, Sports, Gaming, People & Blogs, and
Entertainment. Each of these categories had a sizable number of samples. The results gathered from these
studies are presented in comprehensive tables that include information on interaction metrics, thumbnail
preferences, tag usage, and title formatting.
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11.1 General Experiments

We began our experiments with a more general approach, using our mixed dataset, without dividing into
different categories. This was done in an effort to identify universal tendencies and characteristics of viral
videos. Since the number of views among our samples have quite big differences it was possible to use our
dataset to create the testing data as well. More specifically, we extracted all videos with at least 5.000.000
views within a week to use as our dataset. This was about 4500 videos. We also extracted the 4500 videos
with the least amount of views within a week to use as our testing data. For the first dataset the minimum
number of views is 5.002.539, while for the second the maximum number of views is 325.458. The difference
is quite big, so it makes sense to evaluate their dissimilarities.

The statistical results from our experiment our shown in tables 11.1, 11.2, 11.3.

In general, it should be highlighted that there are good and bad matches between videos made by our method.
The good ones involve test videos that are concerned with common issues or popular subjects. For these
videos, it is easier to find a match in our dataset, as it is more likely such subjects were discussed by viral
videos too. For videos, however, that have very specific subjects it is much more difficult. Therefore, in most
cases, these videos get paired up with a sample in the dataset that is not a very good parallel or close to
them thematically.

Feature Increased | Decreased Remains the
same
Title length 32.5% 59.9% 7.6%
Title’s capital words ratio 30.2% 48.2% 21.6%
Title’s compound score 36.2% 34.6% 29.2%
Number of exclamation marks in title 11.9% 20.8% 67.4%
Number of question marks in title 2% 4.7% 93.3%
Number of full stops in title 9.5% 15% 75.5%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 17.5% 21.7% 60.8%
Number of hyphens in title 27.9% 14.9% 57.2%
Number of different tags 37.3% 60.9% 1.8%

Table 11.1: Statistical results for numerical data

Feature True->False | False->True True->True | False->False
Ratings disabled 1% 0.8% 0% 98.2%
Comments disabled 2.7% 1.4% 0.1% 95.8%
First letter capitalization in title 12.5% 18% 66.3% 3.1%

Table 11.2: Statistical results for categorical data

It is obvious from the statistical data above that, in comparison to the videos with fewer views, viral videos
have shorter titles, fewer capital words and fewer and more focused tags. When it comes to whether or not
their titles have positive or negative connotation, the results are equally divided. In most cases, punctuation
marks are not really used and the advice is to decrease their occurrences.

From the table 11.2 we can understand that most videos keep both comments and ratings enabled, regardless
of their number of views. The same goes for the capitalization of the first letter of each sentence. It is
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practiced in the majority of cases, especially in our viral videos dataset. When this is not the case, it is most
likely that our algorithm will advise against it.

Top 5 thumbnail edits/additions Top 5 tags edits/additions
man video
person game
game trailer
movie music
poster diy

Table 11.3: Statistical results for thumbnails and tags

By analyzing the thumbnail edits it was found that the most common additions were "man" and "person",
and also the majority of the transformations were focused on words like these as well. This indicates that
showing people in the thumbnail increases a video’s popularity and its chances of being clicked on. The rest
of the most popular edits sourced from the largest categories of videos in the data, which we will analyze
later on.

When it came to tags there were no edits often and meaningful enough to be worth mentioning. The popular
edits once again originated from the abundance of samples from certain categories.

11.2 Experiments based on category

In total, there are 15 categories of videos in our dataset. These are:

Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =
Category ID =

1: Film & Animation (1703 samples)

2: Autos & Vehicles (876 samples)

10: Music (6899 samples)

15: Pets & Animals (190 samples)

17: Sports (5614 samples)

19: Travel & Events (255 samples)

20: Gaming (8787 samples)

22: People & Blogs (3769 samples)

23: Comedy (2121 samples)

24: Entertainment (8539 samples)

25: News & Politics (1574 samples)

26: Howto & Style (1122 samples)

27: Education (1032 samples)

28: Science & Technology (1319 samples)
29: Nonprofits & Activism (19 samples)

We will test only for 5 of them: Music, Sports, Gaming, People & Blogs and Entertainment, as the rest have
too few samples to be able to use for both the dataset and the tests and have a significant difference in the
number of views, for the experiments to be meaningful.
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11.2.1 Music

This category consists of music videos, official music video clips and lyric videos. Since it has 6899 samples,
we create a dataset containing the 2000 ones with the most views. Our test dataset is comprised of the 2000
ones with the fewest views. The statistical results from this experiment are shown in the tables.

Feature Increased | Decreased Remains the
same
Title length 44.4% 46% 9.6%
Title’s capital words ratio 45.3% 24.1% 30.5%
Title’s compound score 27.6% 30.1% 42.3%
Number of exclamation marks in title 1.2% 2.9% 95.9%
Number of question marks in title 0.9% 1.1% 98%
Number of full stops in title 13.3% 16.9% 69.8%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 5.5% 4.5% 90%
Number of hyphens in title 19.4% 19.9% 60.7%
Number of different tags 60.4% 35.8% 3.8%
Table 11.4: Statistical results for numerical data
Feature True->False | False->True True->True | False->False
Ratings disabled 0.6% 0.7% 0% 98.7%
Comments disabled 0.4% 0.3% 0% 99.3%
First letter capitalization in title 8.5% 8.6% 81.5% 1.4%

Table 11.5: Statistical results for categorical data

In tables 11.4, 11.5 we can see that in our viral videos’ titles there is a higher ratio of words in capital to
lower case in comparison to the test dataset. Again, when it comes to punctuation marks the two sets do not
appear to be very different. In the majority of matches it is also advised that the number of different tags be
increased. The tendency to capitalize the first letter of every sentence in the title is very high in both sets.
Moreover, just like in the mixed categories scenario, comments and ratings are enabled in both sets.

Top 5 thumbnail edits/additions Top 5 tags edits/additions
person music
man video
group new
standing bts
woman entertainment

Table 11.6: Statistical results for thumbnails and tags

For the thumbnail, it seems apparent from the most popular edits in table 11.6 that there is a preference for
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it to depict people, probably the artist or artists who created the song. In the tags column of the table, we
can see the most popular and general ones contain the words "music", "video", "new" and "entertainment".
However, tags containing the name of a popular boy band "BTS" are also commonly proposed. This is
because there was no way to list the names of all artists and bands in order to prevent the algorithm from
transforming the input names of the artists to those. This is a general problem in this category as there is
really no point in suggesting that the title of a video that is a song be changed, or that the artist’s name be
changed. Therefore, finding meaningful matches between music videos is tricky, in the sense that the title,
the thumbnail or the tags in most cases do not describe the essence of the song, its genre and overall energy
and "vibe".

11.2.2 Sports

This category consists of videos concerning sports. Since it has 5614 samples, we create a dataset containing
the 2000 ones with the most views. Our test dataset is comprised of the 2000 ones with the fewest views.
The statistical results from this experiment are shown in the tables.

Feature Increased | Decreased Remains the
same
Title length 40.6% 51.5% 7.9%
Title’s capital words ratio 49.8% 31.8% 18.4%
Title’s compound score 30.9% 30.2% 38.9%
Number of exclamation marks in title 7.7% 14.9% 77.3%
Number of question marks in title 1.2% 4.5% 94.2%
Number of full stops in title 20.2% 19.0% 60.8%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 48.5% 21.9% 29.6%
Number of hyphens in title 16.1% 16.6% 67.2%
Number of different tags 42.7% 53.9% 3.4%

Table 11.7: Statistical results for numerical data

Feature True->False | False->True | True->True | False->False
Ratings disabled 0.3% 0.8% 0% 98.9%
Comments disabled 0.4% 0% 0% 99.6%
First letter capitalization in title 18.8% 12.8% 64.4% 4.1%

Table 11.8: Statistical results for categorical data

In tables 11.7, 11.8 we can see that in our viral videos’ titles there is a higher ratio of words in capital to
lower case in comparison to the test dataset. Again, when it comes to punctuation marks the two sets do
not appear to be very different, apart from the vertical lines, which the answers suggest should be increase
in half of the test videos. In a slightly higher percentage of matches it is also advised that the number of
different tags be decreased in comparison to being increased. The tendency to capitalize the first letter of
every sentence in the title is again high in both sets, though with a higher number of exceptions in this
category. Moreover, just like in the mixed categories scenario, comments and ratings are enabled in both
sets.
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Top 5 thumbnail edits/additions Top 5 tags edits/additions
player game
players league
game basketball
football highlights
basketball nba

Table 11.9: Statistical results for thumbnails and tags

Concerning the thumbnail, it is again preferred to depict people, and specifically in this category, players.
Images of the sport in question are also recommended, with some of the most popular transformations being
toward "football" and "basketball", which are arguably the most popular sports in USA, where the data was
collected. This is expected as the majority of both the viral video dataset and the test dataset will be about
these two sports. For videos that discuss more obscure sports there exists the possibility they won’t find a
good match to be compared to. The most popular tag theme transformations are towards general sports
terms, but also types of sports.

11.2.3 Gaming

This category consists of content related to video games, including but not limited to gameplay, reviews,
tutorials, and industry news. It is the category with the largest number of samples (8787 samples). We
create a dataset containing the 2500 ones with the most views. Our test dataset is comprised of the 2500
ones with the fewest views. The statistical results from this experiment are shown in the tables.

Feature Increased | Decreased Remains the
same
Title length 34.8% 55.0% 10.2%
Title’s capital words ratio 30.6% 44.7% 24.7%
Title’s compound score 38.4% 33.9% 27.7%
Number of exclamation marks in title 15.3% 22.6% 62.1%
Number of question marks in title 2.0% 5.4% 92.6%
Number of full stops in title 14.3% 13.9% 71.8%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 8.8% 13.0% 78.3%
Number of hyphens in title 14.0% 18.0% 67.9%
Number of different tags 38.3% 56.9% 4.8%

Table 11.10: Statistical results for numerical data

Once again, shorter titles are preferred and fewer capitalized words. Punctuation marks exist in a small
percentage of samples and it is advised that their number decreases in most cases. The number of tags is
also generally smaller in comparison to the number of tags in videos of the test dataset. In every video in
our dataset it appears that both ratings and comments are enabled and it is always recommended that they
are enabled in the test dataset too. The capitalization of the first letter in each sentence in the title is also
common practice for both datasets.
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Feature True->False | False->True True->True | False->False
Ratings disabled 1.8% 0% 0% 98.2%
Comments disabled 2.6% 0% 0% 97.4%
First letter capitalization in title 15.9% 19.7% 60.3% 4%

Table 11.11: Statistical results for categorical data

Top 5 thumbnail edits/additions

Top 5 tags edits/additions

game

video

series
man

screenshot

minecraft
game
battle
clash

fortnite

Table 11.12: Statistical results for thumbnails and tags

When it comes to thumbnail images, the most popular edits are screenshot images from video games and also
depictions of men, possibly the content creators or the avatars the use. Tags containing the words "game"
and "battle" are also popular, along with several commercial video games, namely Minecraft, Fortnite. This
means that many samples in this category, especially the ones with the most views, concern the most popular

video games, which is expected.

11.2.4 People & Blogs

This category encompasses a wide range of content that revolves around personal experiences, storytelling,
Since this category has 3769 unique samples, we create a dataset
containing the 1000 ones with the most views. Our test dataset is comprised of the 1000 ones with the fewest

lifestyle, and community interaction.

views. The statistical results from this experiment are shown in the tables.

Feature Increased | Decreased Remains the
same
Title length 39.0% 52.3% 8.7%
Title’s capital words ratio 26.8% 45.6% 27.5%
Title’s compound score 40.4% 26.5% 33.0%
Number of exclamation marks in title 13.7% 31.3% 55.0%
Number of question marks in title 3.2% 5.4% 91.4%
Number of full stops in title 11.5% 16.6% 72.0%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 10.7% 11.4% 77.9%
Number of hyphens in title 9.9% 9.1% 81.0%
Number of different tags 30.5% 50.9% 18.6%

Table 11.13: Statistical results for numerical data
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Feature True->False | False->True True->True | False->False
Ratings disabled 0.3% 2.3% 0.1% 97.3%
Comments disabled 2.3% 1.2% 0% 96.5%
First letter capitalization in title 14.7% 22% 58% 5.4%

Table 11.14: Statistical results for categorical data

Once again shorter titles than those of the testing data are preferred as well as fewer capital words. In
addition, the testing data seem to contain more exclamation marks than the samples from our dataset. The
number of tags also tends to be smaller for our dataset. Like all other datasets, ratings and comments are
enabled. First letter capitalization in the title is also prominent in both datasets, but there exists a small
portion (22%) of the testing dataset where this is violated.

The thumbnails of our dataset in contrast to the ones of the testing dataset depict men and women, sitting or
holding something, or a picture perhaps of a family or a person on vacation. In other words, the thumbnail
images tend to show people in everyday situations. The most popular tag transformation is to tags with
family and life themes, vlogs and tags that contain the word funny.

Top 5 thumbnail edits/additions Top 5 tags edits/additions
man family
woman real
holding life
picture funny
sitting vlogs

Table 11.15: Statistical results for thumbnails and tags

11.2.5 Entertainment

This category includes a variety of content aimed at amusing, entertaining, and engaging viewers. This can
span multiple subgenres, from comedy and drama to celebrity news. It contains 8539 samples and is the
second largest category. We create a dataset using the 2500 samples with the highest view count. We also
generate a test dataset consisting of the 2500 samples with the lowest view count. The statistical results
from the experiments are shown in the tables.

Apart from the title’s length, which our results recommend should be generally shorter than it is in the test
samples, there are no other strong general directions in the first two tables. This can be explained by the type
of the category we are examining. In this category, since it deals with celebrity news, comedy and drama,
videos that get the biggest exposure are either ones that discuss current events and gossip, or are very unique
and entertaining in their own way. This means that there isn’t really a secret formula that makes them
succeed, but really it’s most about timing and individuality. Therefore, it is very hard to match non-viral
videos with the viral ones in a way that will help increase their popularity.

For this category, the thumbnail images tend to again depict people and people’s faces. The tags contain
in general the words "funny", "diy" (do it yourself), "tips" etc and these edits are what the counterfactual
explanations suggest.
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Feature Increased | Decreased Remains the
same
Title length 36.0% 55.3% 8.6%
Title’s capital words ratio 36.2% 37.4% 26.4%
Title’s compound score 36.4% 36.8% 26.8%
Number of exclamation marks in title 13.0% 19.4% 67.6%
Number of question marks in title 3.3% 5.8% 90.9%%
Number of full stops in title 9.5% 12.4% 78.1%
Number of quotation marks in title 0% 0% 100%
Number of vertical lines in title 22.1% 19.0% 58.9%%
Number of hyphens in title 14.9% 14.1% 71.0%
Number of different tags 43.2% 50.3% 6.5%
Table 11.16: Statistical results for numerical data
Feature True->False | False->True | True->True | False->False
Ratings disabled 0.4% 0.4% 0% 99.2%
Comments disabled 1% 1% 0% 97.9%
First letter capitalization in title 14.1% 16% 66% 3.9%

Table 11.17: Statistical results for categorical data

Top 5 thumbnail edits/additions

Top 5 tags edits/additions

man

person

woman
movie

face

funny
diy
tips
activities

challenge

Table 11.18: Statistical results for thumbnails and tags

11.3 Cumulative Statistical Results

Our thorough examination of viral vs low-view YouTube videos in a variety of genres revealed a number of
common patterns and traits that set successful material apart. Shorter titles, frequently with fewer capitalized
words and little punctuation, are a common feature of viral videos, reflecting a preference for clarity and
brevity that likely appeals to a broader audience. Punctuation marks such as exclamation points, question
marks, and full stops are used sparingly, and the number of tags tends to be smaller but more focused. Both
ratings and comments are consistently enabled in viral videos, suggesting that engagement and interaction
are important factors in video success. Additionally, it is common practice to capitalize titles’ sentences’ first
letter, as it adds professionalism and appeal.

Furthermore, the popularity of viral videos is largely dependent on their thumbnails, and one recurring theme
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is the portrayal of humans, particularly in everyday or relatable situations. It is possible that this visual
approach draws viewers in by creating a sense of curiosity or intimacy. Broad, well-liked subjects like "music,"
"game," "funny," "family," and "life" are frequently used in successful films’ tags because they are likely to
pique the interest of a large audience.

These patterns held true for a number of areas, such as Entertainment, People & Blogs, Sports, Music, and
Gaming. The dynamic and varied character of music videos is reflected in the larger ratio of capitalized words
and more tags in the Music category. Sports films prioritized names that emphasized important terms like
"player" and "game," with a higher proportion of capitalized words and fewer tags. Similar trends could be
seen in the gaming videos, which mostly featured well-known titles like Fortnite and Minecraft. Thumbnails
and tags pertaining to People & Blogs videos tended to favor daily life and family themes. The wide variety
of content seen in entertainment videos—from comedy to celebrity news—highlights the value of timing and
uniqueness, making it more difficult to identify a single recipe for success.

Overall, our research indicates that, regardless of the content category of a video, carefully considered tag
selection, clever title structuring, and captivating thumbnails are essential components that boost video
virality. Simplicity, relatability, and engagement are key components of this insightful methodology that
helps content creators expand the audience and impact of their videos.

11.4 Qualitative Results

In this section we will present examples of matching between video graphs made by our framework. As we
mentioned earlier, there exist some "good" and some "bad" matchings. This distinction is based on their
quality or in other words the actual similarity of the two videos and the value of their comparison. We will
explore one "good" example and one "bad" example.

11.4.1 Example of a "good" matching

We will first explore a "good" case of video comparison. Table 11.19 contains the characteristics of a video
included in the test dataset from the experiment carried out for the category "People & Blogs". These
are its features exactly as the "YouTube Trending Video Dataset" incorporates them in its columns. Table
11.20 contains the characteristics of the video included in our dataset from the experiment carried out for
the category "People & Blogs" with which the previous video is matched by our framework. Images 11.4.1,
11.4.2 depict the knowledge graphs constructed by our framework for these two videos.

Simply by looking at the characteristics of these two videos it is quite easy to pick up on why they were
matched by our framework and why we would consider this match a "good" one. More specifically, the videos
share the same exact theme: A new baby’s gender reveal. Their difference in views is large, with the test
video having 462.406 total views, while the video from our dataset has 2.194.817 views.

video id title published At channelld
sbxEL3UTXEO Finding Out The 2022-09-30T23:16:33Z | UCtPqR1gumPRaMLh
Gender Of BABY #2! STILn5nw
channelTitle categoryld trending date tags
The Herberts 22 2022-10-05T00:00:00Z [None]
view count likes dislikes comment count
462406 13618 0 695
thumbnail link comments disabled ratings disabled description
https://i.ytimg.com/vi/ False False We are so excited! Come
sbxEL3UTXEQ/default. along with us to find out
ipg the gender of baby #2!

Table 11.19: Metadata for the video from the test data
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video id title published At channelld
J1TshEz8yq4 Finding out the gender | 2023-04-21T16:00:17Z | UC3zZX4ttC52HlqVis7
of our baby eQ-Hg
channelTitle categoryld trending date tags
Matt & Abby 22 2023-04-27T00:00:00Z finding out the

gender|gender
reveal|pregnancy|doctors
appoint-
ment|vlog|finding out
the gender of our baby
vlog|family|pregnant|
surprise pregnancy|matt
howard|abby
howard|matt and abby

view count likes dislikes comment _count
2194817 73112 0 4456
thumbnail link comments disabled ratings disabled description
https://i.ytimg.com/vi/ False False Follow us on Instagram:
J1TshEz8yq4/default. @abbyelizabethoward
jpg @ matt howard

Table 11.20: Metadata for the video from our data

As we explained before, we do not compare entire graphs with one another, but rather we break them up
into 3 smaller graphs: one for the title, one for the thumbnail and one for the tags. Afterwards, these graphs
are turned into 3 separate queries. The queries created from our graphs are the following:

For the video from the test data:

title: [finding’, ’gender’, "baby’, '2’|

thumbnail: [hand’, "'woman’, ’sitting’, "hospital’, 'bed’, "tv’]

tags: [|

And for its match from our dataset:

title: [finding’, ’gender’, *baby’|

thumbnail: ['book’, couple’, ’car’]

tags: [finding’, 'gender’, pregnancy’, ‘matt’|

To calculate the edit distance between the title queries, we notice that one is a subset of the other. In other
words, all that needs to be done is remove the word ’2’ from the test title. The test tags are an empty query,
therefore all words from the match should be added. For the thumbnail queries our framework calculates the
four words with the shorter semantic distance from the four words that the match thumbnail contains and
the cost to delete the rest. Adding the costs calculated (with the appropriate scaling explained before), we
get the total cost of this transformation, which was the minimum from the entire dataset. After uncovering

this minimum cost transformation, our framework outputs the suggestions for the test video to elevate its
view count:
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Features advised to change

Initial value

Suggested final value

number of different tags
cap_words_ratio_is
number of exclamationmark
title keyword

thumbnail depiction
thumbnail depiction
thumbnail depiction
thumbnail depiction
thumbnail depictions
thumbnail depictions
thumbnail depictions

tag

tag

tag

tag

0
1.0
1
727
"woman"
"tV"
"hand"
"woman"
"bedﬂ
"hospital"
"sitting"

12
0.0
0
"couple"
"book"
n

"car

"couple"

finding
gender
pregnancy

matt

Table 11.21: Suggested changes

Based on the above table, it is suggested that the thumbnail picture is altered to depict a couple with a book
in a car, instead of a woman in a hospital bed. It is also suggested that 12 different tags be added, with
themes surrounding pregnancy, finding the gender and matt. Last but not least, it is recommended that all

capital words in the title become lowercase words and that the exclamation mark be deleted.

Our framework was evidently successful in pairing up these two videos and comparing their differences. The
owner of the test video could benefit from the suggestions made and modify their video’s characteristics in
order to increase its chances of becoming viral. Clearly, not all of these suggestions are valuable and some
may not even affect the video in any significant way. This is for the user to decide while operating with

critical thinking and staying true to what their video and channel represent.
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Figure 11.4.1: The complete graph of the video from the test dataset
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finding
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ratings_disabled
12
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Figure 11.4.2: The complete graph of the video from our dataset

11.4.2 Example of a "bad" matching

We will now explore a "bad" case of video matching. Table 11.22 contains the characteristics of a video
included in the test dataset from the experiment carried out for the category "People & Blogs". These
are its features exactly as the "YouTube Trending Video Dataset" incorporates them in its columns. Table
11.23 contains the characteristics of the video included in our dataset from the experiment carried out for

the category "People & Blogs" with which the previous video is matched by our framework. Images 11.4.3
11.4.4 depict the knowledge graphs constructed by our framework for these two videos
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video id title published At channelld
v3MkXz2S5Ww Building a 5 Acre Pond! | 2022-05-29T23:31:11Z | UC8ha6SsRNvDGkwcP
(Baby Ducks Hatched) TCXkW3g
channelTitle categoryld trending date tags
BamaBass 22 2022-06-04T00:00:00Z [None]
view _count likes dislikes comment __count
420151 22920 0 1329
thumbnail link comments disabled ratings disabled description

https://i.ytimg.com/vi/ False False Building a 5 acre pond
v3MkXz2S5Ww /default for our two pet bass!
jpg Subscribe for weekly

pond build videos:
http://bit.ly/Bama__
Bass Check out the
Butcherbox grilling
bundle here:
https://bchrbox.co/
BamabassGrillBBBuild-
ing a 5 acre pond for our
two pet bass! Day 1...

Table 11.22: Metadata for the video from the test data

video id title published At channelld
SXQ9I0lqYEuI WHAT’S THE 2021-12-26T18:36:15Z | UCWeqRSPFvAxebBj2
CAPITAL OF USA?! 4PpDbaw
channelTitle categoryld trending date tags
Cloutom 22 2022-01-04T00:00:00Z [None|
view count likes dislikes comment count
1895054 28647 0 663
thumbnail link comments_disabled ratings disabled description
https://i.ytimg.com/vi/ False False NaN
SXQ90lgYEul/default
-JPg

Table 11.23: Metadata for the video from our data

A simple and quick overview of the two tables indicates that this is not a good matching. From the title alone
it is obvious that the two videos are very different thematically, as one discusses the creation of a pond for
some duck hatchlings, while the other presents itself with the simple question of what the capital of the USA
is. By inspecting further and searching the videos on YouTube, we realize that the video with the question
is actually a humoristic video of a public survey in a mall where an interviewer asks passersby to answer this
question. On the other hand, the test video tells the story of how a five-acre pond was created for ducks.
At first glance, this matching puzzles us, however, by examining the graphs corresponding to these videos,
while also considering our knowledge of our dataset’s characteristics, the reasons behind it become apparent.
To begin with, the duck video is extremely specific and through a keyword search in the dataset we built for
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the category "People & Blogs" where the experiments took place, we realized that there are no other videos
concerning ducks, or ponds. Therefore, our framework had to look further away for a match. The video
with the interviewer asking people what the capital of USA is has no tags, just like the duck pond video.
Moreover, they both have 3 thumbnail keywords in total, which means there will not be any extra cost to
add or subtract a keyword, only to transform them. Additionally, both videos’ titles contain exactly one
exclamation mark and no vertical lines, quotation marks or hyphens. Their compound scores are also equal
to each other. All in all, while these two videos do not actually resemble one another, the cost to transform
one into the other is lower than other videos, especially since the test video is quite specific. If our dataset
was expanded, more similar videos would be included and cases like this one could get eliminated.

view
aerial 2]
L
%,
J'O(s‘
number_of_tags .
0 - tags thumbnail depicts > |ake
ys has
comments_disabled ratings_disabled
0 < video > 0
has 0
und
building v% y’
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title
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yiewuonsenb jo Jaqunu

Figure 11.4.3: The complete graph of the video from the test dataset

106



11.4. Qualitative Results

street
person g
%,
/c{l‘,'
number_of tags deni
0 h thumbnail epicts » girl
comments_disabled ratings_disabled
< video »
has 0
und
i Mepy: po
length_is
title
usa

mewuousenb";o",laqmnu

Figure 11.4.4: The complete graph of the video from our dataset
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Features advised to change Initial value Suggested final value
cap words ratio_is 0.0 1.0
length is 8 5
number of questionmark 0 1
title keyword "building’ "capital’
title keyword "acre’ ‘usa’
title keyword "baby’ -
title keyword "hatched’ -
title keyword 5’ -
title keyword 'pond’ -
title keyword "ducks’ -
thumbnail depiction "view" "person"
thumbnail depiction "lake" "street"
thumbnail depiction "aerial" "oirl"

Table 11.24: Suggested changes

In the table above, the changes suggested by our framework are visible. It is obvious that these changes have
no value to us, apart from participating in gathering accumulative statistical results regarding the differences
between viral and non-viral videos.
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Conclusion

12.1 Discussion

This thesis explores the intricate mechanisms that influence video virality on the YouTube platform. We have
leveraged advanced analytical tools, such as graph theory, sentiment analysis and counterfactual explanations
and identified key characteristics that increase the chances for video success. More specifically, our research
highlights the importance of concise and compelling titles, thumbnails depicting people and focused tags.
Giving the ability to users to comment and rate videos has also been shown to enhance viewer engagement
and video popularity.

We conducted a series of general and category-specific experiments to uncover distance patterns that set
highly viewed videos apart from those with fewer views. Specifically, in the category titled "Music" videos
with more tags and capitalized words tend to perform better. In the category titled "Sports" tags tend to be
more precise and fewer. In the category titled "Gaming" popular video game names took over the video tags
and their thumbnails frequently portray screenshots from said games. Videos found in the "People & Blogs"
category are inclined to showcase everyday situations in their thumbnails and have tags related to family and
life themes. Videos in the "Entertainment" category, have diverse content and highlight the value of timing
and uniqueness in achieving virality.

Our research underscores how critical the use of thumbnails and tags is in order to attract viewers. More
specifically, it was established that thumbnails showing people, particularly in relatable situations, tend to
draw more attention. Moreover, popular and general tags appeal to a wide audience, thus increasing the
chances that a video will be shared and recommended.

While this study offers valuable insights, it is not without limitations. Developing and running our code in
Google Collab entails that we did not have the ability to run experiments with datasets larger than 5000
samples, as the results would take too long to be produced. Moreover, our dataset only contained data about
the videos themselves and not about concurrent events, which could help pinpoint the reasons that a specific
video was made popular at a specific time. Lastly, we limited our study to data from the USA.

In conclusion, this thesis contributes to a deeper understanding of what makes a video go viral. The insights
gained from our study interest not only academic researchers but also have practical implications for anyone
involved in digital content creation and marketing, who can enhance their ability to produce highly viewed
videos by considering our findings and recommendations. As the digital media landscape continues to evolve,
the principles outlined in this research will remain critical for achieving success in the competitive world of
YouTube videos.

12.2 Future Work

In closing this thesis, we would like to give a few suggestions for future improvements on our work or different
research pathways. To begin with, the analysis of the thumbnail images of all YouTube videos can be greatly
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improved. More specifically, instead of simply generating a simple caption describing the image, a lot can be
done regarding color analysis, object detection or even sentiment analysis of the faces of humans present in
the picture. It would be of great interest to examine whether or not such details have an actual impact on
virality, as one can intuitively think that brighter colors could get viewers’ attention more easily and fast, or
that shocked expressions of people in the image intrigue viewers, compelling them to explore certain videos.
Another way images can be incorporated in this field would be to not only include the thumbnail image, but
also screenshots from the entirety of the video, especially the first seconds. The analysis of said screenshots
could give many interesting details. For instance, if the video consists of a person talking about a certain
subject, the analysis of their expression throughout their speech might give us hints about why this particular
video achieved such high popularity. In other words, whether a person is enthusiastic and lively throughout
the video, or calm and reserved could indicate why they accumulated a large number of views or not, as the
energy of a person speaking certainly impacts the way the speech is perceived. Another path our research
can be expanded towards is taking into account real-world events taking place at approximately the same
time as the upload date of videos. This is of great significance as, for instance, the airing of a popular TV
series episode featuring a specific song as a soundtrack can cause an increase in the number of views of the
official video of said song on YouTube. Other examples of the influence of real-world events on YouTube
video popularity are the many cases of celebrity news videos. The popularity of such videos does not source
simply from the video itself, but also from the popularity and relevance of the celebrities they discuss. In
addition, timing plays a big role in such scenarios as, in most cases, the videos that get uploaded first get the
lion’s share of the views. Therefore, not only should major social events be considered, but also the proximity
of the videos to them is quite important. Lastly, our research was limited to examining data only from the
USA. In the future, data from other countries should be examined as well.
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