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Abstract

Computer Vision is a field of Artificial Intelligence that aims in enabling computer systems to derive important
information from visual inputs, such as images and videos, in order to take actions or make recommendations
based on them. It has had applications on a variety of areas and industries, like transportation, education,
healthcare, security systems and smartphones, for that reason it’s advancement is deemed necessary. An-
other area where computer vision has submerged is in studying children interactions through the analysis of
video data, which is crucial for understanding how children develop social, emotional, and cognitive skills,
particularly in early childhood. Key to these interactions is the child’s engagement, which is a valid indicator
of how focused the child is during its interaction and how different approaches change its behaviour. En-
gagement from a visual perspective is often measured through behaviors like gaze, which indicates attention
and focus. Understanding child engagement is crucial for assessing their learning, social interactions, and
cognitive development. Gaze estimation, as a key aspect of non-verbal communication, plays a pivotal role
in interpreting attention levels and identifying atypical behavioral patterns, such as those seen in children
with Autism Spectrum Disorder (ASD).

This thesis leverages state-of-the-art computer vision techniques to automatically track and assess children’s
gaze and engagement levels. In addition to that, it studies the effectiveness of Temporal Segment Net-
works (TSN), in improving the capabilities of the proposed models in those tasks. We create and implement
frameworks for both the engagement estimation and gaze tracking and test them with visual data using
only RGB data as input, from really challenging datasets that capture children interacting freely in different
environments. Finally, we create a different kind of network that combines the engagement and gaze esti-
mation networks, while using the TSN method, into a new architecture to further improve the engagement
estimation.

By utilizing machine learning models, the thesis aims to provide an accurate and scalable solution for real-time
analysis of these behaviors. The findings contribute to the growing body of research in early childhood devel-
opment, offering potential tools for professionals to better understand and support children’s developmental
needs, particularly in identifying early signs of disorders such as ASD.

Keywords — Computer Vision, Machine Learning, Engagement, Gaze tracking, TSN, Convolutional Net-
works
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Euyaplotieg

H napoloa dimhwyatiny épeuva pou €8woe tny euxaipla vou aoyohndc ue uio gupeior Yegotoroylor tou topéa
e Mnyovixic Mddnong, xon ouyxexpéva tng ‘Opaone Trohoylotdv. Méoca and authv, xatdpepa vo ev-
TELPTOW TEPALTERE UE TNV EpEUVNTXT Bladixacia, Yvwpllovtag xahUTEpa T0G0 Tig YeTNéC 600 XoL TIG OEVNTIXES
otiypéc g, Ou Aleha va exppdon Tic mo Yepuéc pou euyaploties oty cuvemPBArénovod pou Nixn Euvduuiou,
petodaxtoper| gpeuvritelor tou EMIIL, yio tn yerown xadodriynon xou othipiln tng xoddin tn didpxeio tng
dimhwpotixic pou epyacioc. Ot otoyeupéves cUUBOVAESC Xl TEOTECELS TNE TV TOMITIUES YIaL TNV EMITUYNUEVT,
OROXATIPWON TNS EPEUVOC KOV, OAAL X0t TNV ETLOTNHUOVIXY pou e&éMEN. Erniong, da emdupodoa va evyopio thow
tov emPBAénovta xodnynTh pou x.Ilétpo Mapayxd, xodnyntd E.M.IL., mou to épyo tou xau 1 Sdaoxoiia Toug
Aoy xolplog ToedyovTaS MOTE Vo LoU XAAMERYHCEL TOGO TO VBLPEREOY G0 ot TNV eTIUPlol Yol Vo Ao OATOC
pe tov touéa e ‘Opaom Trohoyio v, xadog xot TNV SUVOTOTNTO VA EXTOVAGL AUTHY TNV SITAGOUATIXY UTO
v emiBhedr) Tou.

Téhog, ywelc v Bordela Tng OXOYEVEWNC X0 TWV QIAWY UOU 1) TopElol WOU GE AUTO TO TEVTAETES QPOLTNTIXG
Tag{BL Bev Yo Arav 1 Biat, apod ota ebxoha xou aTor SOoxoAA HTay TévTa dimhat Lou TopEyovTag Lou oTHplEn xou
xadodriynon émote 1o ypelalbuouy.

Mnevétoc Nixdhaog
OxtedfBprog 2024
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Extetouevn neplAndn ota EAANVIXd

Eiwcaywyn

H pelétn twv aAnlenidpdoewy Twv moudldv elvar xplowun ylot TNV xatavonoy Tou TeoTou YE TOV oTolo avon-
TUOGOLY XOWWVIXES, CUVOLOUNUATIXES Xal YVWO TXES BeEloTnTeg, WBlodtepa TNy My mondixh nAwda. Ou ohhn-
Aemdpdoelc Ue PeovTIoTES, GLUVOUNALXOUS Xou Baoxdhoug Bondoly oTn BlaudePnon TNS IXAVOTNTIC TOU ToUdLOV
vo emxovovel, vo emAbel npofBirfuata xan va xtilel oyéoeic. To teheutola ypovia, 1 Adknienidpaon Houdiol-
Pounét (Child-Robot Interaction, CRI) éyet avadewydel we onpovtixds Togéas peuvas, TpooPEROVTIS VEES
YVOOEIC OYETIXE UE TO TS Tol ToudLd oAAnhemdpolv pe tnv teyvolroyio. Ta poundt mou oyedidlovtar yio ex-
nandeuTeolg 1) YepaneuTtixolc oxonole UTopoUY VoL AELToLRYHoOLY we dladpactixol cuvepydtes, Pondwvtag ta
TaudLd vor Lordoalvouy UECE Ty VIBLOU XAk XOWWVIXADY avTohAaydv. Kevipind onuelo autdv tev aAARAeTdpdoewy
elvon 1 otoyompooHlwon (engagement) tou Toudlov, 1 omola amoTEAEL Evay EYxLpO BEiXTN YLl TO TOCO GUYXEVTE-
wUévo elvan to oudi xatd Ty odAAnAeniBpaot Tou xa TS SlopopeTixés npooeyyioelc ahhdlouy TN GUUTEPLPOEd
tou. H otoyonpoorhworn ontixd unopel modkég gopég va yivel avtlnmty péow evdelenv omwe to BAéuud,
TOU UTOBEXVUEL TNV TPocoy T ot TN cLyxévipwon. Ta pot{Bo tou PAéupatoc amoxohintouy KOS Tor ToUdLd
eneepydlovtan T TANpopopleg xou to eninedo cuuueToyNC Toug oty ahAnienidpacr. H xatavénon tne oto-
YOTEOCHAWONE xou Tou BAEUUATOC TOCO OTIC AAANAETDRACES avlp®TKY 600 XaL PoUTdT Umopel vor evioyOoEL
TOV oy edlaopud TUPEUPBAoENY TOL TEOGYOLY TN UdINoY), TNV XoKLVIXoToiNoT Xou TNV cuvalcYNUaTiXY) avdmTugn.
Avtn n yvodon unopel vo odnyroel oe Behtiwuéva anoteréopata oty exnoideuoy, T Yepomela xou Tig cuvVep-
yoaoiee nondlol-pounoT, ok xou oty TapaThenon Tadldv pe dotapayr Tou auTioxol @dopatoc (ASD) xou
0T0 TS IAANAETOEOVY BLAPOPETIXG GE CUYXELON UE TA XAVOVIXE avamTtucooueva moudid. To moudid pe autioud
oLUY VA aVTETWTILOUY TEOXANCES OTNY XOWKOVIXY 6TOYOTEOCHAWOT], TNV ETUXOWVGVIA XOU TNV TEOCOYY, Xoi To
POUTOT oL €xouy oyedlacTel Yiol EXTaudELTIXOUE 1) VepaneuTxols oxomolE TEOGHPEPOUV [Uidl LOVADLXY|, Ywelc
xpLTt), TAoTOpUa OAANAETBpooNng. AUTE To POUTOT UTOPOUY VO TEOYEUUUTIOTOOY YId Vo TROoGupp6lovTol
oTIC aToUXéS avdyxes, Bonddvtog Ta moudld ue auTlopd Vo eE0OHOVVTOL OE XOWWVIXES CUUTEPLPORES GE EVal
BouNUEVO o EAEYYOUEVO TIEPUBEANOV.

2 T0oY0NPOCHAWCY] OTLG AAANAETULOPACELS TALOLWOY KO POUTOT

H otoyonpochhwon avagépetar otov Padud npocoync, MeplépyYelas, EVOLAQEPOVTOC XUl CUUHMETOYHC TOU ETL-
BewxvieL €val dTOMO OE o CUYXEXPWEVY dpaotnetdtnTa ¥ adAnienidpaon. Elvou pio moAudldo taty évvola Tou
unopel vor TEpLhoBAvEL GUVOLCUNUATIXG, YVOOTIXA X0l CUUTEQLPOELXE GTOLYEld, OTOU TO ATOUO GUUUETEYEL EV-
gpYd ) emevdleToL VonTd oty mapoloa epyacio. H otoyonpooriwon elvan xployn yior TNV Togory Yo TnTo Xon
Ny emtuyla oe Sldpopa mhaiota, and Ty exnaideuon xal TNy epyaoio éwe TIC TpoowTXES oyéoelg. XTn pdinon,
Yo mopddelypa, 1 LPniY otoyonpocHiwan cuvitng odnyel oe xahiTeEY AMOPEOPNOT| YVWCEWY XL ATOXTNOT
delloThTwY, evd 1) ENeWYn otoyonpooihwone propel v eunodioel Ty npdodo xou v avdntuln [62].

H otoyonpoohilwon oty Alnlenidpaoy Iadiod-Poundt (CRI) elvon wa xatdotaon oty omola évor moudi
emdexviel evdlopépov, mepLEpyel xou eviouctooud xatd Ty oAnienidpact| tou ue éva popmdt [6]. Autd
nepthopfdvel To mondl var eaTidlel TV TPOGOY R TOU OTIC EVEPYELEC Xo TG OAANAETOPAOELS TOL poUndT, VoL GuY-
HETEYEL EVERYT, £lTe EExvidvVTAG ElTE avTamoXpLVOUEVO 6T epediouota Tou poundt. Emimiéov, n otoyonpocniwon
yopaxtnelleton enlong and Lol CUVULGUNUOTIXY OTOXELOT], OTWS YENLO, YOUOYEAA 1) eExppdotl; evouvaioUnong,
Tou LTOBNAGVOLY Wwa BadiTtepr obvdeon pe Ty eumeipla. Evo onuovTind YopaxTNelo TXd NS 6TOYOTEOCHAWONC
elvon 1) emovy}, 6Tou To Toudi cuveyilel vor IAANAETUOPS Yiat TOPATETUUEVO YPOVIXO DAoTNUA, Selyvovtag Sopxéc
evOLopépoy o CUPPETOYY). Trdoyouv TOARG VeTixd amoTEAECUATA AMd TN CTOYOMPOCHAWGT TOU ToUdloV xotd
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™V oAAnAeniBpoon pe dAhoug, cuumepthauBavouévng tne dieuxdiuvone e udidnone xou g e€epebivnong VEwy
1OEDY, EVVOLWY 1 Se€loTHTWY, oL TEAXA GUUBIAAOUY GTNV TAUPAYOYIXOTNTA, TNV IXAvVOToiNoT XaL TNV eunuepia
Tou. 'Evog onuavtindg otdyoc oTny €pELVA OYETIXG UE T CTOYOTEOCHAWOT EVOL VO XATAUPEROVUE VO PTACOUUE
oe éva onpeio 6mou éva POUTOT VoL UTOPEL VoL VoY Vploel 6o Td To ETUNEBO GTOYOTPOCHAMGTS, XATL TTOL OULE
uropel vo glvon e€anpeTind SOoxoho, xadne elvor Lot ECHTEPLXH VONTIXT XATdo Taom Xat dev umopel va napatnerniel
Speoa [46], apol to poundT neplopiletor OTNY EXUETIMNEVCT] EEMTERPIXMOY OTTIXMY H OXOUC TGOV EVOEIZEWY YiaL
vor extiufoet To enined6 tne [18].

ITopaxoroOdnor Touv BAEupatog

H napaxorotinon tou PAéupartog elvon éva toyupd epyahelo yia Ty xotavonorn xou avdiuor twv otiBov
onturc meocoyrc. Hapaxohovdmvtag xou xataypdpovtoac Ty xatebduvor xat Ty ectioor tou Bréupatog evog
ToubLov, oL EpELYNTEC UTOPOLY Vol ATOXOULCOUY ONUOVTIXEC TANEOPORIES VLo BLAPORES YVOOTIXES AL XOLVWVIXES
dladixaoies, 6mwe To TG Tor Toudid avTihaBdvovTar xou aAAnAemidpoly pe to mepBdAiov Touc. Lto mhaiclo
TWV aVOmTLELKOY UEAETAY, 1) TopoxohovdnoT tou Bréuuotog umopel va amoxahOPel oNUavTinég TTuyYES TeV
XOWOVXOY OEELOTATOY EMLXOLVOVING TOU Tadloy, TNE BIIEXELNG TPOCOYNE Xl TWV LodNoLaX)Y CUUTERLPOEMY
[55]. ZuvAdoc, yia va avtetoniotel To TEdPAnua e Topaxohovdnone tou Préupatoc ye emtuyion xou UPNAA
oxpifela, anartovvtar eydia cucsthuata Toapaxoholinone xou melpopatixés puluioec [41]. T autolc toug
Aovoug, otn perétn poc Yo emxevipwdolue oe mpooeyyioelc mou Pooilovtan oe Blvieo xotaypopéc xotd ™)
dudpxetor Lwvtavey odniemdpdoeny. Autéc ou pédodol yia v extiunon tou Bréupotog dev €youv @tdoel
oxoUn 0TV xopupaia Toug AnddooY), TUEOAO TOU To TEAEUTUiR YEOVLOL Ol 0AYOELIUOL Yo GUVOPY TEOBAAUTA
povteromoinong avip®dnwy, OTwe 1 napaxohoUINoY TN OTACNE TOU COUATOS Xl Tou Teooktou ot 2D, éyouv
ONUELOOEL EVTUTIWOLOXY ETLTUY (o a€loTold VTS T1) Suvaix] Twv Bordiddy GUVEMXTIXWY VELPWVIXGDY BixTOwY pall ue
TOND peydha oyolMaopéva oivoha dedopévev [11, 27, 34]. Autd ogeileton xuplwe ot loT e Tapaxolotdnong
ToU BAEUPATOC GE PUOKES GUVDNXES, OTIOL UTOPEL VoL LTLdEYEL UEPLXN 1) TARENG ATOXEUPT TV LHATIOV V) aXOUT] X0l
TOU TPOGHTOU TOU atdpou, xadoTtdvtog e€alpeTind S0GX0N0 YLl TOUC Unyaviopols poviehonoinong vo uddouy
xou va tpoPhédouy mdve oe autd. Emmiéov, yia va avtipetwniotel ye emtuylo autd to ouyxexplpévo €pyo,
yeetdletan enlong axeiBric xou ToAD mowiAn culhoyn dedouévev BAéuuatog pe andhuty arfdeta, Wine é€w and
TO €pYUOTAHPLO, 4Tl TOL cLVATWS amoTehel Piot SUGXOAN TEdXANGCT).

Aratopayr Tou AvticTtixod Pdopatoc (AAP)

'Onwe avagpépdnxe nponyoupévne, unopel va tpoxtouv Torhd Yetixd anoteréopata and TNy ETTUYT LEAET TOV
oMniendpdoewy twv toududv. Eva and autd umopel v ivon 1 Snurovpyio opyttextovindv mou eviomilouv ye
emTuyla Toudid e Statopayh autioxol gdopatoc. H Awatapoyr Avtictxol ®dopatoc (AAP) elvon par ToAl-
TAOXY) VEUPOAOYLXY o avarmTuEloy) Brartarpary ) mou yopoxtnelleTton and TEOXANCELS OTNV XOWVOVIXT] ETUXOVLVIX,
TNV CAANAETBPAOT, xS 1o amd Uiot TAOT YLl TERLOPLOUEVES Xou emavahaufovoueveg cuunepipopéc. O auTiopog
eXBNAGVETUL BlapopeTixd o€ xdUe dToo, YE EVEY QPAOUO CUUTTOUATWY Xat ETULTEDWY coPBapdTnTog, Xatho TOVTIS
Tov o datoparyr| @douatog. Kowvd onuddio mepthopBdvouy Uelwuévn onTixy nagr, TEQLOPIOUEVES EXPRACELS
TOU TROGWTOU, BUGXOAD TNV XATAVONOY) XOWODVIXGDY CNUATWY Xl GTUTEC AvTIOPAoELC ot alodnTnelaxd epedio-
pato. Autd tor eMhelpuato oty xovwvixr] emxoveovio Utopoldy va 0dNyHoouY Ge oNUAVTIXES BUOXOAESC oTn
onplovpyio oy€oewy, GTN CUUHETOYY O TUTIXEC XOUNUEPLVES BRACTNELOTNTES Xl OTNY EMTUY 0 o8 Topadootaxd
exTadeLTIXd TERIBEANOVTOL.

H éyxonpn aviyvevon tou autionol eivan xplown yia didgpopoug Adyouc. H mpwuun mapéufoor éyel anoderyvel
otodepd 6Tt Pertiddvel tar avamtuEtond anoteréopota oe moudd pe AAP [77, 86]. Méow tne avoryvdplone tne
drartopory e xorTd Tar xplolo TEMTo YEdVIL AVATTUENS TOU EYXEPIAOU, UTopolY VoL EQUOUOCTOVY GTOYEVUEVES
Yepamnelec xou EXTAUBEVTING TEOYPGUUATOL VIO VO AVTILETWTLO TOUY CUYXEXPWEVES TpoxhNoelc. Autég ol Topeu3d-
OELC UopolY Vo EVIGYVO0LY ONUAVTIXG TS BEELOTNTES EMXOWVKVING TOU Tondlo, TS XOWWVIXES IANNAETIdpEoELS
X0t TN OLVOAXY) TTOLOTNTOL LWAC, UELDVOVTOS TLC HaXPOTPOUECUES ETUTTMOELS TNG dlartoporyfic.

Emniéov, 1 €yxoupr oviyVeuor EMITEENEL OTIC OXOYEVELEC VO XATAVOYIOOLY XOADTEPA TIC AVEYHES TOU TALdLOV
TOUG, Vo YOV TPOGPuoT GTIC XATIAANAES UTNEEGIES UTOCTAPIENS Hol VoL ABAVOUY EVIUERWUEVES OTOPACELS YLl
Ny exnaidevon xou T eovtida Tov. Bondd enlong oty eAdppuvon Tou Yovixol dyyouc, TUpEYOVTAS CUpHVELYL
xou xotelUVOT), ETLTEETOVTOSG OTOUS YOVEIS VoL GUUPETEYOLY EVERYS 0To avamtullond Tadidt Tou tadlol Touc.

Aedouévev Twv Badidy emmtdoewy Tou auTiogol otn {w1 TOU ATOUOU, GANG XUl GE XOLVWVIXO X0l OLXOYEVELIXO
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eninedo, N mpdN Bidyvwon dev elvor wévo enw@elic oAAd arnopaitnTn. Anuiovpyel tn Bdon yio napeuBdoels
IOV UToEOLY Vo ahAEEouY TNV avamTuEiaxy) Topela Tou TudLoU, EVIGYVOVTOG TNV AUTOVOULN Xol TNV EVOWUATKGT
oty xowvwvia. Ta xowvewvixd poundt €youv 181 eloaydel otn dadixacior avoryvaplong maudidy pe Atatopoy
Avtiotinol Pdopatoc (AAD) f padnolaxéc SUoXOAES, YIot TNV AVTUETOTLON TV CUVETELDY X0l T6V TPOXNACENDY
aUTGOY TV datapoydv [74, 40], xou undpyouy enione edudopdpa anoteréopata and TN ¥EHON POUTOT Yo TNV
UTOGTAPLEN TNS XOLVWVIXAC X cuvatoUMuaTixhc avdntulne by pe AAD [70, 69, 2]. Koadde 1 épeuva
ouvey(lel va e€ehiooetan, N avdmtuln axplBécTEpwY XL O TEOGLTHY YEVOBMY EyXoupNg oVl VEUONG TUPUUEVEL
%x0opLQala TEOTEPAUOTNTO GTOV TOHEN TNG EPELVAS XAl PEOVTIBUG TOU AUTLOHOU.

Ytoyxonpoohiwon otnv Aviyvevon Auticpol

H otoyompochrwon nailel xodoplotind poAo GTNy aviyVEUGY TOU AUTIOUOY, XordiE Ta ToUdLAL UE AUTIOHO GUY VA
eugpavilouv duoxohiec oty xovwvxy emxovwvia xon OANAETSpooY, dTWE UELWUEVY OTTIXY) ETUPY|, TEPLOP-
IOUEVES EXPRACEL, TPOCMTOU Xl TEOXANCEC TNV AndXELoY Ot xovwvixd ofuota. Eriong, eivan cbvndec va
Topovatdlouy dTuma TEOTUTA BAERUATOS, OTWC UELWUEVT TpoCoY N O xowwvixd epediopata, dnwe tpdowna 1
MLl TEOT VAL ETUXEVTPWVOVIUL OF CLYXEXPWEVA avTixelueva avti yia avipdmoug. O teyvoloyieg avayvmplong
NG OTOYOTPOCHAWONE TEOCPEPOUY e UTOGYOUEVT] TROCEYYLOT] YL TNV AVIYVEUST] QUTKOV TV CUUTERLPORWY,
TUPEYOVTOC OVTIXEWEVIXG X0l TOCOTIXE YETEOL TWV XOWVWVIXOV X0l ETUXOWVOVIOXGY CUUTERLPOPMY TWV TOUSLOV.
Avutéc oL TeYVONOYIEC TPOCPECOUV LAl OLXOVOULXE UTOBOTIXY] X0l XALUAXOUUEVY) UEV0BO0 BLoAoYHC UEYAAWY TTA-
nduoudy toudodv, xahotdviac Ty €yxoupn aviyveuor tou autiopol o Tpootth xou dtadedopévn [17, 53].

ITapaxohoVOrnorn BAéppatog otnv Aviyveuor AuTticpoU

H teyvohoyia tapoxorolinone BAéupotoc uropel va elvar e€atpetind ToAUTIUY 0TNV TawTonolinon dtunwy LotiBwy
BAréppatog mou unopel va umodnidvouv avantuéloxéc dlatapayés, onwe 1 Aatapay’ Autiotxol ®douatog
(AAD). T napdderypa, o moudid pe AAP cuyvd epgavilovy acuvidota potia BAEUUOTOS, GTKC LEWWPEVT
onTuxn emapr] 1 ueyaAUTERT eotioon o avtxelpeva mopd ot avipwroug. H mopoxorolinor BAéuuatog yéow
avdAueng Bivieo emTEENEL THY AVTIXELUEVIXT] HETENOY AUTOY TWV CUUTERLPORWY, TAUpEYOVTAS Hlal U Toeepfortixn
xat axelBh u€dodo yio TNV aELoAGYNOT TNG CTOYOTPOCHAWONG XAk TNG XOWVKOVIXASC OAANAETBpaoNE TV ToUdL)Y ot
puowéc cuvifxec [35, 50]. Q¢ ex To0ToL, €xel oNUAVTIXH TEOOTTXY YioL TNV Eyxoupr aviyveuon, Tnv TopéuBact
X0l T1) CUVOMXT| XUTAVONOY) TWV AVATTUELOXDY BUGKOADY TGV TOUBLOV.

Ytoy oL %ol Sopn) TNG REAETNG

‘Oho T mopomdve  xatadeevoouy T onuacia t6oo g extiunone g oToYOMEOCHAWONE 600 Xl NG
nopoxohobinone tou BAéupatoc oe Bivieo oddniemdpdoswy maudidv.  Autég ol Teyvoloyieg pmopolv va
anodelydolyv eapeTixd TONITIUES, TOOO MC AUTOVOUES EQUOUOYES, 0O XAl WS UEPOG WIS ELPVTEPNC ELXOVAC,
OTOY YENOWOTOLOLYTOL (¢ EPYOAElR Yot TNV TAUTOTOMON AVATTUELIXADY BlaTtapay @V, OTwe 1) dlatopoyy) AuTLo-
o0 @dopatoc (AAP). T Tov Aéyo autd, 1 Tapoloo PENETY UMOOXOTEL Vo EPEUVAOEL TGS Tal TPoBAAuaTa
AVOLY VERLOTG O TOYOTROOHAWGONE Xou Ttapaxorovinone PAéupatos uropolyv va yenotdonondolyv oe ontixd cOvola
BEBOUEVLV, UE TOLOUC TPOTOUC 1) amddoact] Toug Yo propoloe vo PBedtindel nepoutépw, xan Tde 1 Tapoxorolinon
Bréupotog unopel vor cuuTAnedoel TV extiunom déoueuong, OoTe Vo TapayVoUY XoNITERA OTOTEAEGUATA.

Ipoonadolye va emtdyouvpe autdv ToV %0VEL0 GTOYO Pac, TNV eVioyLoT NS exTiunone e déoueuong aAAS xou
e mapaxoAotinone Tou PAEUUATOC TRV TSV PE UTOTEPO OXOTE Vo yenoilonondody oe apyLTEXTOVIXNG
VALY VORLOTE ToudLedY We avartuélonés duoxohles, axoloulnvtag to &g Prpota:

1. Yuyxevtpwvoupe morlkéc Thnpogoplec oxetxd pe xdde mpdBAnua Eeywelotd, cuunepthopfovouévwy Tpo-
NyolueEvLY pedodwy xou ahyoplduwy Tou yenoonofinxay yio Ty enlAucy| Toug, dtwe uPBedd dixTua
XWEOYPOVIXNS avEAUONG Xl VAOTIOGELS TOALBLACTATNG GUVTINENG YAPOXTNELO TIXWY.

2. Anuovpyolue éva aviextixd mhaiolo extiunone e otoyonpochworng, anoteholuevo and éva 3D Con-
vNet, vionompévo yenotponowdvtag TNV apyttextovixf Tou Awxtiou Xpovixov Tunudtwy (TSN).

3. Xpnowonololue éva 701 exmoudeupévo dixtuo napaxohotinong BAEUUATOC, TO OTOlO TO UETATPETOVUE WOTE
vo. uropet var avtame€éldel oto medPBAnua tne mapoxohovinone BAéupatoc ot eheliepa nepBdiiovTa, oe
OANANAETLOPAOELS TV TOUBLAY UE TLS UNTEPES TOUG, OTOU LTEPYOUY OTOYOL EVOLOUPELOVTOG WG ETIXETES YIAL TNV
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extiunon tou BAéppatoc avti Twv ouvteTaYUEVWY TS xatebuvong Tou BAEUHATOS, TOU YENOLLOTOL00V T
ocuvidwe.

4. Aol avTETWTIOOVYE ETUTUYAOC TIC EPYACIES AVALY VOPLOTS G TOYOTEOCHAWONE X0l Topaxoholinone BAéy-
potog Eexwelotd, anopacilouye Vo YpnNotuonoiooude to dixtuo mapaxololinone BAEUUTOS Yio Vo
BEATUOOOLYE TEPAUTERL TO AMOTEAEGUATA GTO TEOBANUA TNS EXTIUNONS TNS CTOYOTPOCHAWACTC.

Avtr) n SwotpBr) ywelleton oe 5 xepdhato. Axohoudel pior cUvtoun mepthndn Tou mepieyouévou Toug:

o Y10 xe@dhouo 1, tapouctdletal To aVTIXE(UEVO AUTAC TNE MEAETNG, IOV EMIXEVTPWVETIL TNV Extiunon e
Ytoyonpoorhwong xou Ty Ilopaxorodinon Bhéupatog xatd tn didpxela v alniemdpdoewy Taudicdv,
yiatl efvon onuovtind vo Bedtiwtolv xou e uropoly va Bondicouy ce ddpopouc Touelc.

e Y10 xe@dhouo 2, mapoucidleton to Yewpentnd undBaldpo auThC TN UEAETNG, EENYMVTAC ONUAVTIXES SOUEC,
pedodohoylec xou Yovtéla mou yenotgonotovvion ot mapdpol tpoifuata ‘Opoaong Yrohoylotdy, xadde
%o AAYOELIHOUC oL TIRUXTIXES TIOU YENotoTololvTal 0Ty exnaideuoT woviédwy Mnyavixhc Mddnonc.

o Y10 xe@dhouo 3, mopouctdleton W eXTEVAC HEAETN TN oyetxic BiBhloypaglioc otoug topelc tng avay-
VORLOTNE TNG OTOYOTEOCHAWONE Xal TN Tapaxohovinong BAEUUATOS, HE EUPAUOT) OE DLOPORETIXES APYITEX-
TOVIXEC UOVTEAWY XAl VAOTIOLACELS Tou €youv avamtuydel xou mode autég mpoonadoly v avTUETWTooLY
o avtioTolya TeofBhiuaTa.

e 1o xe@dhouo 4, mpdhTa nopoucidlovial ol uédodol Tou TEOTEIVOUUE Yiol VoL AVTILETWTLOTOUY Ta TEOPBAT-
portat Tne Extipnone te Ltoyonpooiiwone xou tne Hopoaxorolinone Bréupatoc. Autée mepihopfdvouy
HLOL ORYLTEXTOVLXY) EXTIUNOTNE TNE OTOYOTMPOCHAWONG, Tou anoteheitan and éva yovtého backbone xou
pédodo TSN, wo viomolnon extipnong PAéuuatog xou TENog Wiar cLYBUAGPEVT LAomoinom extiunong e
oTtoYompocHiwone xou BAéupatog mou cuvdudlel dedopéva tapaxohoUNoNC BAEUHATOC Xl GTOYOTEOCHA-
woNe. LN oLvEyeld, avahOOUPE T TElpduaTa Tou diedhydnoay oe auty T dateld) xou ToEoucLdlouye
o anoteréopatd Toug. Autd mepthapBdvouy vdniy anddoor 6To TEOBANU eXTIUNONS TNG GTOYOTEOCTA-
wong, oxpr extiunon Bréupatog o maudid oe puotxd mepBdihovta, xodng xou tepartépn Bedtivon g
am6dooNe EXTUNONG TNG OTOXOTEOCHAWONS PESK TNE oUVTNENG TWY BWTOWY TS CTOYOTEOGHAWGNG Xol
napaxorovinong Bréupartoc.

o Y10 xepdhato 5, mporypartonoweitar Yot oOvodn tng LeAétng awthg, TopouctdlovTag To GUUTERPAGHOTA oo
T TELRAPATA GTOUS BVO UTOUS TOPELS XOlL TLC OPYLTEXTOVIXES HOVTERWY oL avamTOYOnxoy, xou ETTAEOV
BLTUTTCVOVTAL TPOTACELS Yior WeAhovTixy €peuva ou umopel va Booiotel oto napouctalouevo €pyo.

Oeswpentixd YroRadeo

Yuvehxtixd Nevpwvixd Aixtua
O vevpnvog

H deyehddne povddo enclepyacioc evog Nevpwvixod Awtdou, o veuphvag, elvon eUmveuouévn amd v
TopoTAENoT TN Bopng Tou eyxepdiou. ‘Omwg axeiBde xo oTov eyx€Qaho, OTOU oL VEupWveg oynuatilouy
évar TOANOTTAOXO, dxpKS BlacLVOESEUEVO BIXTUO X GTEAVOUY NAexTEd ofuata Yetadd Toug Yo va Boniocouv
Toug avitp®Toug Vo ETeEepYac TOUY TANEOPOE(ES, ETOL XL Ol VEURKOVES TWV VEUPWVIXADY BxTO®Y cuvepydlovTal
v TV eniiuon evOC %x0vol TEOPBAAUATOS, YENOULOTOLOVTOS UTOAOYIOTIXG CUCTHUNTA Yiol Vo ADCOUV ot
HOTIXOUS UTOROYIOHOUG. LUYXEXPUEVA, O VEURMVOG EVOC VELpWYLXOL Bixtiou enelepydletal plat Tomxy neployn
TWV EloepyOpEVLY dedouévmy, yenoulomolel exmoudeolpa Bden yio va unoloyloel éva otaduiouévo dlpoloud,
npoo¥étovtag enlone po exnoudetolun peporndio, epupudlel i cuvdptnom evepyonolnong xou cUPBEAAEL GTo
OYNUATIOUS YapToY Yapaxtnelotxwy. H cuvdptnon evepyonoinong mou epapudleton epunvedel To AnOTEAECU
X0 TO TOPOUOLALEL HE OUCLAC TS TEOTO, ELOAYOVTAS CUYVE UN-YROUUXOTNTA 6TO diXTUO, EMITEENOVTAC TOL Vo
povtelonotel mo cbvieta TpdTUTAL.




(Inputs)—| — f

ypred\c‘ted

(Activation function)

(Summation function)

(Weights)

Figure 0.0.1: H opyttextovixn Tou vEup@Va, 0 VEURGOVIS BExeTal 0¢ elcodo To otalduolouévo ddpoloua Twv
dedouévmv elo6Bou ot TV exnatdelony Bopdvy, tpocdétel pla extoudelowun uepoindia, epopuolet wia
ouVdpTNoN evepyomoinong xou Topdyel TNV TN €€odo and [67].

Yuvaptioeic Evepyonoinong

‘Onwe avapépinue mopandvw, oL GLVAPTACELS EVEpYOTOINoNG Elval GUVAPTACELS TOU e@apuoélovtal 6To oTadulo-
Hévo dfpoloua TWY ELCEPYOUEVLY ONUATWY UE T Bdpn TOU VEURMVO X0 GUY VA ELGEYOUV UT-YRUUIXOTNTO GTOV
unoAoylopd tou amoteréopatos. Mepixée amd TIC oLVUPTAOELS EVERYOTOINONG ToU YenoidonololvTal cuvidwg
ebvau:

ReLU Auty ) ouypn n o XenoilonoloVyevn oTov xocpo, 1} ReLU éyel xatdgil oto undév ye ty €€odo:

f(z) = max(0, x) (0.0.1)

Avut n ouvdptnon vhornoteitar edxola xou e€ahelpel To TEOBANUL Tou saturating gradient. Evo {Atnua e owti
TN ouvdpTnom elval 6TL 6Aeg oL apyNnTIXéS TWéS Tou divovtal we €lcodog Yivovton oauécne UNdEV, YEYOVOE ToU UE
™ oelpd Tou EMNEEGLEL To AMOTEAEGUOTA XoWME BEV YUPTOYEUPEl GLOTY TIG VEVNTIXES TUIEG.

Leaky-ReLU H Leaky-ReLU npoonadei vo avtigetonioet to npéfinua e ReLU noloamhoacidlovtag Tic

apVNTLXES ELOGBOUC PE plal uixpn) otadepd, avtl vor undevilel mhpwe Tig apvnTixée Tiuéc:

flz) =W(z < 0)(az) +W¥(zx > 0)(x) (0.0.2)

Sigmoid Auth n ocuvdptnon evepyomoinong yenowonoteitan xuplwe Aoyw tou ot Peloxeton petalld 0 xou
1. Enopévec, yenowwomoteitar Wiaitepa oe wovtéla émov mpénel vo mpofiédoupe ty mdoavétnta we €€odo.
Acedouévou 6Tl 1 mdavotnTa oTdrToTe undpyel wovo oto ebpog 0 éwg 1, 1 sigmoid elvon 1 xatdAANAT emhoyy.
O timog e elvan o e€he:

(0.0.3)
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An issue with this function is that it can cause a neural network to get stuck at the training time. "Eva
TeéBANUaL ue ot TN cuvdeTnon elvon 6Tl PTopEl Vo XOMAOEL TO VEUPWVIXG BixTUO XaTd TN BidpXelo TNS EX-
naidevong.

Tanh H ocuvdptnon tanh eivon pio Bedtiwpévn éxdoor tng sigmoid, oAl elvar undevixd xevipoplopévn 6mwe
gaiveton oto Lyfue 0.0.2. H tanh yaptoypagel vy eloodo oto evpoc [—1, 1], avti yio [0, 1], pe tov axdhoudo
ToTo:!

tanh(x) = so(2z) — 1 (0.0.4)

05| Tanh 7

f(x)
(=)

Figure 0.0.2: Sigmoid vs Tanh ané [24].

Qotéo0, unopel xou AL Vo Tpoxahécel TNV xopeoud Tou gradient.

Nevpwvixd AixTuo

To Nevpwvixd Aixtua [43] anotehobvion ond oTpdOUATo SLUcUVIEBEUEVLY VELPMOVKY, TOU cuveRYALOoVTAL Yiol
vo enelepyaoctolv dedouéva eloddou, va avoryvewpicouy potiBo o va MPBouv amogdoeilc 1 npoBiéderc. To
TPOTO ond To oTPMOUATA, To omolo AauPdver Ta oxatépyaota dedopéva, elvon To eninedo eio6dou (input layer),
axohoutoluevo amd mohhd evdidyeca otpduate, mou ovoudlovta Keugpd Ytpduata (Hidden Layers), émou
oL veuptvee emelepydlovton aveldptnTa TIC Elo6doUC xat avtyvebouv potiBa. Autd ta otpdpata exTEAODV
peTaoyNUaTIowols ota dedouéva xar dev elvan anevdeiog napatnerotua and to efwtepxd. Téhog, to teAixd
eninedo, mov ovoudletan eninedo e£6Bou (output layer), mapdyer tic npoPfrédelc ¥ T anogdoelc Touv dxTOOU
xa 1) Sour| Tou eZoptdton and v gpyaocia (.., TaEvéunon, nakwvdpdunon). T vo eviuepwdolv ta Bden twy
VELEWVIXOY BIxTOWY clupwva Ue Tov ahyoplluo backpropagation, elvon anapaitnto to gradient tng andiclog.
H ondiew (loss) unohoyiletar yenowponowdvtas yiot cuvdptnon oanodhels, n omola ouyxpeivel Ty é£o8o tou
TEAELTAHOU CTPMOPUTOC PE TNV Tparypate| T (ground truth).

JUVAPTACELS ATWAELAG

H yevixeupévn eglowomn yio T cuvdptnon andAetog elvou:

1
J(U}T,b> = E

ST LEY, YD) (0.0.5)
i=1




6mou w elvou ot Béien, b n peporndio (bias), m o suvokinds apldudc onueinwy dedouévev Tou cuvdlou exnaidevong,
7 elvon 1 TEoBAedm xou Y 1 meaypoTiny) T,

Méoco Tetpaywvixd Addog (Mean Squared Error) H mo Snpogulic ouvdptnon ondAelog, mou
unoloyilel ) Blapopd PeTAED TNG TEAYHATIXNAG TWAS Xl TN TEOBAETOUEVNS THNG, TNV LPGVEL 0TO TETEAYWVO
xou 0To TéA0G UToAOYILEL TOV PEGO Gpo:

m

1
MSE = E Z(yactual - ypredicted)2 (006)

=1

To petovexthpoatd tou eivon 6TL ennpedleton and axpaiec tée (outliers) xaw dtt dev pnopel va yenourorondel
Yoo TNV dueon epunveia ) odYXELoN YE TNV TEOYUOTIXT TUN.

Cross Entropy Loss H Xuvdpton Andieiog Cross Entropy eivon mia cuvdptnon am@Aelog mouv yenot-
pototelton xuplwe yior tpolAfuata TaEvounong, HETEOVTS TN Slopopd wetadh SVo xatavouny mtavothTov: TnNg
TPOPAETOUEVNE XATOVOURC XL TNS TROYUATIXAC XUTAVOURS TV ETKETMY (CUYVE avomoplo Tdton w¢ one-hot en-
coded vectors). Ta xdde xatnyoploa, uvnohoyilel 1o apvnTxd Aoydprduo tne mpoPlendpevne mdavétntag Tou
AVTIO TOLYEl OTNV TEAYUATIXY XaTNYOopio Xol TEOGUETEL QUTE ToL AMOTEAECUATA Yid OAES TIC XATNYOpleS:

L=- Zyi log(#;) (0.0.7)

To yeyovdg 6TL elvon Lol OPOAT XOUL THEAY (YUY CLYEETNOT), TOU TaEEYEL YENOoLES XAloELS Yo udinom xou elvat o
ATOTEAEOUATIXY OTOV YELPLoPS THOVOTHTWY XoTNyopLdy, Ty xadlotd tpotiuntéa oe meoBhiuata tagivounong,
og oUYXELOT PE GAAEC OUVOPTACELS amMALLoS, 6Tk To mean squared error (MSE).

H Beltiotonoinon (optimization) - Gradient Descent

H Peltiotonoinoy (optimization) eivon 1 Sadixacio tpocopuoyhc Twv Topauétenmy evoc poviéhou (Bapdv) yia
v elaytotonoinon A ueytotonoinon pg ouvdptnone otdyou, cuviidwe e cuvdptnone anwietac. Autd
unopel vo emteuydel pe yerjon tou Gradient Descent, evéog alyopidpou Beitiotonoinong mou mpoomadel vo
ENOYLOTOTOACEL HLOL GUVERTNOT TNYAUiVOVTOG ETOVUANTTIXG TRog TNV To andTour xatevduvern xodddou, dmwe
oplletan and To apvnTixd tou gradient.

0=0—nVyJ(0) (0.0.8)

omou 1 elvan 0 pudude pddnone (learning rate). To Gradient Descent eivon 1 diodixacior emovehoyuBovépevne
a&loAdynone Tou gradient xan otn cuvEyeLd N EXTEAEST] ULOG EVIUERPWONS TWYV TTHPUUETEWY.

AXyéerdpog backpropagation

O olydprdpog backpropagation efvan pio eup€nc yenolonolobuevy uédodog yia TNV eXTOUBEVCY) TEYVITWY VELE-
OVXOY BIXTUWY, EAAYICTOTOLOVTAUS TO GPIAUN HETOEY NG TpofBienduevng e€600U xoL TNG TEUYUATIXNAC TWAC
otoyov. IlephopPdver Tov unohoyloud tou gradient tng cuvdptnone amdAieloc we npog xdde Bdpog yenot-
HOTIOLOVTOC TOV XAvOvaL TS aAuaidoc, TpowddvTag anodoTnd Ta oQIALITA TPOS Td Tiow YESH and To G TEMUATI
Tou dxtbou. Auth 1 Badooio emtpénel oto povtého vo tpocapudlel Ta BN TOU Yol VoL UELVEL TO QAU
TeoBAedng, BehTiddvovtog Tehixd TNV anddoon Tou, xadde oTo HEYSha VELpwVIXE dixTua 1) oyéomn xdmoLwY Bapv

7



Extetopévn nepihndn ota Exknvixd

ME TN ouvdpTNnoN anwAclog eivar Tohd Buoxolo va Beedel. O adydprduoc Backpropagation Aettovpyel uéow 8o
BLUPOPETIXWY BIEAEUCEMY, TOU ENAVONPBAVOVTOL Yo XATOLEG EMOYES, TNV TPOWUNCT TEOC TA EUNPOS X TNV
avtiotpopn tpodinom.

Yty npoddnon npog ta gunpde, extvdue tpowdhvtog o dedouéva eLl06B0U 6To ETUTEDO ELGOOOV, TERPVHVTUC
ané To XPLPA CTEMUATA, YETEMVTAS TIC TEOBAEPELS Tou BixTOoL amd to eninedo e£680u xou téhog unoloyilovtac
T0 opdAda Tou dxtdou pe Bdon tic npofBiédelg mou €xave. Mo utohoylotel To Gpdiua Tou dixtlou, N Qdom
TeoMUIMONE TEOS Tl EUTEOS EXEL TEAELWOEL xou EExvd 1) avTloTeogn Teotdno.

Yy avtiotpogn mpodinom, 1 pon avTloTeégeTal, ZextvidvTagc and Tov utohoyiopd tou gradient tne cuvdptnong
AmOAELS S TROG TNV €000 xaL oTN GUVEYELX EQaPUOlETOL O XUVOVAS TNG dAUGIBAC Yiot TOV UTOAOYLIOHG TOU
gradient Tng ouVdETNONE ATDAELIC KC TEOS TLC TUPAUETEOUS XAl TIE ELGODOUE xdde oTEOUUTOS, Ye Tar gradients
Vo TpowdolvTol TEog To Tiow GTO BIXTUO Yiat TNV EVNUEPWOT) TWV BapV.

IMpta, unoloyilouye To Gradient tng Anwiciag we mpog o Bdpen tou Eninedou EE68ou:

oL, 9L 9O
aWoutput N 80 8I/Voutput

(0.0.9)

omou L elvon 1 andheia, W tor Bden xow O 7 é€odoc.

Y1 ouvéyela, tpowdolue T0 GQAMIA TEOG TA TOW YPNOHLOTOWVTAS TOV Xovova TNng aluaidag, ondte yia éva
%®eLpo oTpwua h €youye:

0L, 9L, 90 dh
Wy — 90 Oh oW,

(0.0.10)

Kavovixornoinon (Regularization) O otdyoc evig vevpwvixol dixtiou elvon va pddet pa ovtio totyla omd
v eloodo otnv €060 and Ta Bedopéva EXTABEUONC XolL VoL TNV EQUEUOCEL GTa Bedopéva Boxulwy. Emouévag, ei-
VO GNUAVTIXG VoL UTopel Vol yevixeboel Ta Bdpn Tou xou v uny pdidel ouyxexpuuéva topadelypoto and ta dedouéva
exnaldevone. ‘Otav éva yovtéro podaivel Tov F6pufBo xou Tig AETTOPEREIEC TwV OEBOUEVLY EXTaldEVCTC OF Té-
010 Padud mov anodidel doynuo oe véa, dyvwoTta dedopéva, autd ovopdleton unepmpoocappoyr (overfitting). H
xovovixonolnoy elval gL TEX VXY Tou yenotdonolelton ot Badid uddnom yio TNV anOQUYN TNG UTEETEOCARUOYAS,
TEOGVETOVTOG (L0l TOLVY) OTH GUVERTNOT AMWAELNG XATE TN Bidpxelar TNE exofdeucng Tou Lovtéhov, anoBappivov-
Ta¢ unepPBolxd neplmhoxa povtéha xou evioppivovtog amholotepd, o YEVIXEOOUO LOVTEAN. XUYXEXPULEVA,
npoc¥éTel €val EMNTAEOV CUCTATIXG OTY) CLVAETNOT AmWAELS Tou eunodilel Ta Bdern vo avédvouy unepBoiixd to
HEYEDOC TOUC Xal €TOL VO EVIUELOVOVTAL UE EVOY ALYOTERO EVEANXTO TPOTO.

Kavovixornoinon L1 (L1 Regularization) Xtnv xavovixornoinon L1, v xdde Bdpoc w npocdétoupe tov
6p0 A1|w| o1tn ouvdptnon anmdietoc. Eyet tnv evdagpépovoa diotnta 6Tt 0dnyel To Slaviopota fopdv vo yivovto
apand xatd tn Pedtiotonoinon (Snhodr, Tohd xovtd oto undév). Me dhha AoyLa, 0L VEUPOVES UE xovovixomoinom
L1 »oatoAfyouv vo YenoWonoloby g6vo €vo opold UTOGUVOAD TV THO CNUOVTIXMY ELGOBWY TOUS Xot YivovTol
oeddV avarlolnwTol oTov "YopuBddn" eloepyduevo 6Yxo Bedoutvev. LNy medén, av 0ev wac andoyohel N pnt
ETAOYY YAUEUXTNRLOTIXGY, 1 xavovixoroinon L2 unopel va avapévetan vo Sooel avitepn anddoon o oyéan Ye
v L1.

Kavovixornoinon L2 (L2 Regularization) H xavovixonoinon L2 eivou {owe n mo xowd poppy| xavov-
iomonong. Mmopel va e@apuocTel Ue TNV TOLVIXOTIOMGT TOU TETPAYWVIXOU PEYEVOUS OAWY TWV TURUHETEWY
anevdelog ot ouvdptnon anodhets. Anhad, v xdde Bdpoc w oto dixtuo, mpootidetan o dpoc 1Aw? ot
ouvdptnon ammhelac, 6Tou A ebvan 1) 1oy OS TN xavovixonoinone. O moapdyovtac & ypnowonoelta £ToL HoTe
to gradient tou 6pou va eivon amhd Aw. H xavovixormoinon L2 éyer tnv Siuodnuixny spunveio tng Boetde
Towixonoinong twv "ayunedv" dlavuopdtwy Bapdv xon tne mpotiunong didyuTtwy Stavuoudtwy Popnyv. Autod
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€xEL TNV EAXVOTLXN WBLOTNTO Vo eviapplVEL TO BIXTUO Vo Yenotdonolel and Alyo OAeg Tig el06doug Tov, avtl Yo
pepég eloddoug oe peydho Badud. Emmiéov, xatd vy evnuépwon twv napopétewy otn gradient descent, 7
¥erion tne xavovixononone L2 tehixd onpalver 611 xdde Bdpog anocuvtideton ypouwxd: w+ = —A X w mpog 1o
undév. Elvor duvatéy va cuvdudoete tny xavovixoroinon L1 pe tnv xavovixonoinon L2: A1jw| + Aaw?.

Dropout H teyvixr) tou Dropout elvan piar dnpo@uiic uédodog yior TNV XovVOVIXOTIONGY TV VEURKVIXOY
dutdwy. Katd tn didpxela xdde enavdhndne exnaidevong, to dixtuvo "agporpel" tuyalo éva tocootd veuphvwy
(uoli pe Tic ouvdésels Toug) amd To dixtuo. Auté avayxdlet To dixtuo va podaivel o aviexTixd yopaxTELoTIXG
xat Letdvel Ty mdovotnta urepBolnic e€dpTNomg and GUYXEXPULEVOUS VEUPMVEC 1) SLadbpouéc Héow Tou dxThou.
Mrnopel va Yewpniel we "derypatondla evog veupwvinol Bixtlou péoo GTo TAHEES VEUPWWIXS BixTUOo, Xou
EVNUEPOYOVTOL HOVO Ol TUPAUETEOL TOU DELYUATOANTTAREVOL SIXTUOU BAoEL TwV Bedouévwy ELlaOB0L.

Enalinorn Acdopévev (Data Augmentation) Mo teyxvixd xatd v onola dnplovpyolvtal eTTAéoy
Topodelypota exnaldevone TpononoldvTaC To apytxd dedouéva exnaldevone (1., TEPLOTEOPN, AVICTEOYY, XOTN
exévwy). Bondd to povtého va yevixelel xahltepa podaivovtag and wa peyahitepn mowhio Topadelyydtwy,
HELOVOVTAS €TOL TNV UTEPTROCUPUOYT. 2UYVE epapudletor o AYOTEQO AVTITPOCWTEVOUEVES XATNYORlEC TOU
cuvOhou Bedoutvev exnaldevong wote va Yetwldel 1 Slapopd pe T xotnyopleg mhetodmeplog.

Mévyedog naptidac (Batch size)

To péyedoq naptidaug elvan war xplown UTEPTUPGUETEOC TOU AVAPERETAL OTOV APLUUS TWV TOPUDELYUATWY EX-
na{deuone mou yenowonoolvtar ot xdde pio npoddnorn/aviictpogn tpodinon péow tou poviéhou. ‘Etot, o
HOVTENO TpOTA XAveL T TEOPBAEYel Tou oe Oha tar Belyportor xdde mapTidog xow apol TEAEWDOEL UE OUTO, UT-
ohoyilel To o@dhua cuyxpivovtag Tic avauevopeves UetoBAnTtéc e€6d0u ue Tic mpoPAédec. H T tou yeyédouc
TopTidag pmopel va mowdhhel xau 1 emAoY TS xATIANANG enneedlel Ty andbooy Tou UOVTENOU, TOV YpOVO
exmalBevone xat To 600 xahd yevixelel oe dyvwota dedopéva. Evo pixed péyedoc noptidac mapéyet pior mo
axplB1) extiunon tou gradient xou Bondd otny anoguyn tomxdy ehayictwy, elodyovtag Tteplocdtepo YopufBo ot
dladuaota gradient descent, aAAd enlong odnyel oe mo apy1| exnaideucn Aoyw AYOTERO OTOBOTIXWY UTOAOYLO-
MOV X0 OTOLTEL WO LY VES EVIUEPOOELS TWY TOEOUETEWY TOU HOVTENOLU. ATd v dAAn, éva yeydho péyedoc
noptidag aglonolel TApWS TG TUPSAANAES OPYLTEXTOVIXES UAXOD, OdNYMVTIC 08 ToyUTEPOUS UTOAOYLOUOUE, XoL
TOREYEL TILO OUOAES Xol G ToERES EVNUEPWOELS TwY gradients, ah\d punopel va 0dnyioel o PTwyoTepn YeVixeuon
AOYW TO OUOAGDY XOUUTUADY OTWAELDY Xl EVOEYOUEVKDC EYYAWPLOKOU GE ambTOp TOTIXA EAAYLOTA.

YuvéhEn (Convolution)

H ouvéhdn [25] elvon pior pardnpotind; mpdén mou eopudleton oe 8o cuvapthoels (6mwe éva giktpo f Tuphva
xou piot €ood0o) yia var mapory el ot tpltn cuvdpTtnom mou exgedlel THS TO oYU TNG WoC TpoTonote{Ton and
Vv GhAn. e anholotepous bpoug, elval €vog TpdToc epappoYhc evic giltpou () tuprva) ot wa elocodo yia va
onLovpyNlel évag YAETNG YOEUXTNELOTIXWY TOU AVAOEIXVOEL OPLOUEVES TTTUYES 1) YOROXTNELOTIXG TNE ELodBou.

Pi71 Qt_l
ol = tanh(by; + >0 3" 3wty R (0.0.11)

m p=0 ¢=0

6mou to tanh eivon 1 unepBolixn egantouévn, to b;; elvan 1 petatémon (bias) yio autdy TOV YhETN YAPUXTNELO-

TGV, To m elvon 10 BelxTng Tévw 010 ohVolo TWY YUPTHOV Yopax TP TiXGOY 670 (i - 1)o oTpdua Tov cuvdéetal
. ’ . pq , ’ , .

ME TOV TpEYOVTAL XEPT XAPUXTNRIOTIXGY, TO wijy, ebvat 1 Ty 0T 1()5‘?7] (p, q) Tou TuptivaL ToU CUVOEETOL UE TOV

ko ydotn yapaxtneloTixdy, xou ta P xan @Q; elvan To Uoc xon To mhdtog tou muphva, avticTotya.

O nuprvag elvar Ywpexd uixedtepog and TNy exdva, aAAd €xel yeyalitepo Batog. Autd onuaivel 6ti, av 1 exdva
anotereitan and tpio xavdho (RGB), to Uoc xau to TAdTOC Tou Tuprvar Yo elvan yweixd wixpd, ahhd to Bédog
eEXTE(VETOL G OAOL TO XAUVAALAL.
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Figure 0.0.3: Ontixonoinon e cuvéhine and [9).

H ouvéhén yenowwonoeiton ot CNN yioo v enedepyacion plag etxOvag ol THY oVAYVOPLOT) GUYXEXPUIEVKY
YOEUXTNELOTIXWY o auTh. e avtideon ue €va xovovixd veupwwixd dixtuo, ta otpwuata evog CNN €youv
VELpOVES BlateTaypévous oe Tpels dlaoTdoels: mAdTog, Uog, Bédoc. Ot veupdves oe éva oTpmua cUVIEOVTIL
HOVO UE Uit UiXEY) TERLOYT] TOU TEONYOUPEVOU GTRWOUATOS Xl O)L HE ONOUS TOUC VEURPMVES UE TAHPMS CUVOESEUEVO
teémo. ‘Eva anhd CNN elvon yio axohoudior oTpwudtov, xon xdUe GTEmU HETATPETEL EVAY OYXO EVEQYOTOLCEWY
oe €vay dhho péow Wwag Slapopioung ocuvdpetnong. Ot TOTOL GTEWUETWY TOU YPNOWOTOLOUVTOL Yiot T1) dnplovpyia
e apyrtextovixic evoe CNN neplapfBdvouy: to Tuvehxtind Ltpdpa (Convolutional Layer), to Ytpdua
Troderypatorndioac (Pooling Layer) xou to IIfpwe Tuvdedeuévo tpdua (Fully-Connected Layer).

Aoy tou yeydhou oprduol pixel oe wa exova, xdle veupdvag €xel éva tedio unodoyric Tou egapudleTton povVo
ota avtiotolya otpwuata. Enopévee, éyel w x h X ¢ Bder, 6mou w X h elvan to nedio utodoyrc xau to ¢ eivor o
aptiUdC TWV XOVOMGY TN EOVIC El06dou. Autdg elvon xon 0 AOYOC TOU Tol CUVEMXTLIXG VEUR®VIXA BixTua BeV
oLy VeDoUY TGO ETOPXMOEC TNV TEPLEYOUEVIXT, TANEOQOpia 600 oL unyoviouol Tpocoy ¢ (attention mechanisms).
To Bddog Tou piktpou e xdde muprjva, UTOdEXVUEL OTL UTdEY oLV TOANOL VEUPWVES TIoL eQapuolovTal 6To (Blo
XOUpdTL TNG ewdvog elcodou. Enouévng, n eixdva e€6dou elvan enione tplodidotaty, pe Pédoc (oo ue to Bddog
tou glhtpou. O oxondc TwV TOMATAOY Bladoy DY QiATewY elvol Vo oviyVEUoLUY TOAAATAS Y opaXTNELOTIXE
pe éva ouveltind otpdpa. Ilopd to yeyovde 6tL xdlde vevpwvag €yel ouyxexplévo nedlo uTodoync, Ye TNV
ohlodnom Tou gihtpou xou Tov UToAOYIoUOS TNE E£6B0L amd xdlde TPR TNS EWdVOS ELGOBOL, eV UTEEYEL ovay XN
yioe ToAamAoUE vevpdvee yia xdde tuua. H ohioOnon xabdopileton and to stride tou giktpou, mou unodexviel
néoa pixel yetonavelton to @ikteo xatd urxog g edvog Tty emavaknedel N egopgpoyr Tou. Emmiéoy, oxdun
ulo onuovTiny mapdueteog elvar to padding, to omolo unopel va dlabpopatioel oNUAVTING PONO GTOV EAEY YO TWV
dlaotdoewy g e€6dou. To padding avagépeton otny npocdrixn emniéov pixel yipw and tnv ewdva eloédou,
ouvidwe undevixd, to omolo €yel we amotéheopa TNV AOENOYN TOL TEMXOU YHETH YUPUXTNELOTIXGY OE YoM
pe ) yenon yoelc padding. Téhog, edv €yovue wa €lcodo w X w X D xou Doyye optdud TupHvey PE YweLxd
péyedog F, stride S xou mocotnta padding P, téte 1o péyedog tou dyxou e€ddou unopel va tpocdlopiotel e
Tov axdérovdo tomo: W + 1L

Ytpopa Troderypatoindioc (Pooling Layer)

To otpodua voderypotolndlag yenotloTolelTa Yior VoL avTixaTtao THoEL TNV €£080 TOU BIXTVOU GE GUYXEXPUUEVES
Yéoeie, egdyovtac Wwa otatiotxr] obvodr and Tic xovtvég e€bdouc. Autd Bondd ot pelwon tou yweold
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HEYEDOUS TN AVATOEACTACNG, TO OTOL0 UELDVEL TNV OMALTOVUEVY TOGOTNTA UTOAOYLoU®Y xai Boapdv. H Aet-
Tovpyia uroderypotolndlag exteheiton oe xdde Péta TG avanopEdoTaoNg EEYXWELETA.

Trdpyouv Tohkéc cuvapThioelg unoderyyatoAndlag, onwe o Yéoog dpog Tng optoywviae neploync, N vopua L2
e opBoydviag TepLoy e xou o oTaduiopévog uécog épog Bdoel Tng ambdotaone and To xevipwd pixel. {dotédoo,
7 o dnpo@uirc dradxaota elvar To max pooling, mtou cUAEYEL TN U€yioTrn €£080 and 1) YELTOVL EVOC TUpTvaL.

Kavovixonoinon Katd ITaptideg (Batch Normalization)

H xavovixonolnon xatd noptideg yenoiuomoleltal Yo vor TUTOTIOLACEL TIC ELGABOUC OE OTIOLODNOTE GUYXEXPLIEVO
otpwpa. Autd onuaivel 6tL 1 eloodoc €xel undevixr) péom T xou povadioda Saxdpavon. To otpdupa BN
petaoynuatiler xdde eloodo oto Tpéyov mini-batch agopdvtac tn uéorn T eloddou oto TEéyov mini-batch
%o DlonpdvTac T Ue TNV Tumxy] andxhion. QoTéc0o, Bev €xel anodeiyvel 6Tl Tol povTEAA amodidouy xahlTep
pe undevixyy péomn tin xon povadialo Stoxbpaven. Mropel var anodiBouv xahbTepo Ye xdmolor GAAY HEor TYT o
dlocduavor. Emouévwg, to otpwpa BN eiodyel enlong 800 exmoudebolyeg nopauétpoug Tic ¥ xou 3, ot onoleg
npocapu6louv TN UEoT) T Xou TN BLaXOUaVoT).

IM\hpwec Xuvdedepévo Xtpwpa (Fully Connected Layer)

310 TApws GUVOEBEUEVO GTRPOUA, Ol VEUPWVES €Y0UV TAYer CUVBECLUOTNTA UE GAOUC TOUC VEVPWYVES GTO TRO-
NYOUUEVO XOL TO EMOMEVO OTpOUY, 6mwe @olveton ota xavovixd FCNN. Autde eivon o Adyog mou unopgel va
unohoYLo Tl Ue TOV oUVTHOUEVO TEOTO HECW EVOC TOMAATAUCIAOUOU UNTE®Y, 0xohoutoluevou and uia enidpao
petatomong (bias). To atpdpe FC Bondd otnv avtiotolyion tne avanapdotacns UeTall tne e10680u xou g
egodou.

AixTuo ypovix®v tunudtwy (Temporal Segment Network)

To Jixtuo YEOVIXMY TUNUETWY, TO OTO0 TOPOUCLACTNXE YL TEWTY Qopd oto [75], elvon Wi apyLTEXTOVIXA 1|
omnola npoonadel vo emAUoEL To TEOBANUA TV cUVIETWY dpdoewy, dTwe ol atinTés dpdoelg, mou haufdvouv
YOO OE TOMATASL GTEBLL KoL EXTE(VOVTOL OE GYETIUE PEYIAO YpOVIXO DIACTNUA, YPNOULOTOLOVTAS TNV OTTIXY
TAnpogopia oAdXANEeY TwY PBivieo yia va tpayupatonooel teoPfAédels oe eninedo Blvieo.

H Apyitextovixn

H apyitextovint] xpovixcdv Tunudtev, 6mee xot dAAeS Ywpoypovixéc uédodot, anoteheltar and ConvNets ywpixic
ponc xar ConvNets ypovixfc porc. QQotéoo, avtl vo Aettoupyel e pepovLUEva Xapé ¥ OpddeS xape, TO dixTuo
YEOVIXODY TUNUATWY Aettovpyel oe wia oxohoudior GUVTOUWY AnOoTACUATEY ToU AauPdvovton apoud and oAdxANeo
10 Bivteo. Kdle amdomacpo oe auty v oxohouvdla Yo mapdyer ) dix) Tou mpoxaTapxTixY) TEOBAedn Twy
XUTNYOPLOV Opdone.  Xtn ouvéyela, Vo eouydel po ouvaiveon peta€d TV anooTtaoudtny we tedlAiedn ot
eninedo Bivteo, 6nwe gaiveton oto Ny npa 0.0.4. Lt Srodixacia exyddnong, ot Tiwéc andietas Twv npofrédewy oe
eninedo Bivteo, xou oyl autéc twv npofiédeny ot eninedo anoomacudtwy Tou yenotponototvtay ot ConvNets
000 POV, BEATIOTOTOLOUVTOL UE T1 OTABLOXY| EVIUERWOT) TWY TUPAUETEWY TOU LOVTEAOU.

Video Snippets Temporal Segment Networks

E Sealdililh |
i I

Figure 0.0.4: Apyttextovind) Awtiov Xpovixadv Tunpdtwy and [75].
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Yrolewppotixy wddnon (Residual Learning)
YroAewppatixé Mnriox (Residual Block)

H vrokewpatinf uddnon (Residual Learning) napousidotnxe yia npdtn gopd oto Lyfua [30], tpoxewévou va
avTpetonioet to tpdBinue unoPdduone (degradation problem). Av Yewpricoupe to H(z) w¢ pio unoxeipevn
oLVEpTNON ToU TpocupUéleTon and pepd dadoyxd otpdpata (OyL amapaitnta OAGXANEO TO BixTUO), YE TO X
Vo AVOPERETAL OTIC ELGABOUE TOU MEWTOU Amd AUTH To OTEOUOTA, TOTE 1) LTOAELUUaTiny) wdinorn unodéter ot
TOL TOANATTAG Y1) YOUUULXE CTEMUATA UTOPOVY ACUUTTWTIXG VoL TPOGEYYICOUV TIC UTOAEHATIXES GUVAPTNTELS,
dnhadf H () — 2 (vrodétovtac bt oL glcodol xau oL €€odot Exouv Tic (Bieg dotdoels). Etot, avtl to dadoyixd
otpwpata vo tpooeyyilouvv to H(x), Toug emtpéneton vo mpooeyy(louv dueca Wiot UTONEWUOTIN GUVEETNOT,
F(z):= H(x) — z. H apyu cuvdptnor yiveton enopévoc F(x) + =, unodétovtac enione ot elvon euxohdtepo
va Beltiotonowmiel 1 UTOAEWUATIX AVTIOTOLYLOY ONO 6,TL 1) AEYIXT|, K1) OVUPECOUEVT] AVTIGTOLYLO).

X

Y

weight layer
F(x) 1 relu «
weight layer identity

Figure 0.0.5: Ynohewpotuxd Mrrox ané [30].

H Swtdnwon tov F(x) + o unopel va emteuydel uéow 1p0@odotindv veupwvixwy dixtiwy (feedforward neural
networks) pe «ouvdéoelc ouvtéueuoncy (shortcut connections) nou dev tpoo¥€Touy 0UTE EMTAEOY TOPOPETEOUS
o0te unohoyio Tixr] ToAuthoxdtnTe. Emimiéoyv, To Sopixd otolyelo unopel va avtinpoonmnedel TOAATAS GUVEALX-
TIXG oTpoUaTo xat uropel va yenouwlonowmiel dueoa av or o TACES 10630V xou e€680L elvan (Biec. Ao v
SAAY), av oL Blao tdoels Tou X xat Tou F Sev elvan {oeg, elte unopel var mpootedel padding elte vor mpaypatonoimndel
wot yeopuxr teofolh Wy ndvew oto x.

y=F@,W;)+Ws x (0.0.12)

3D ConvNets
3D XuveAigelg

Yta dwodidotata CNNs (2D CNNs), ou ouveliZelc epopuélovion otoug 2D ydpTec YapaxTnELo TIXMY Yol VoL UT-
OhOYLETOUY YUPAXTNELOTIXG WOVO antd Ti¢ ywewéc dlaotdoelc. T'a autdy tov Adyo, dtav yenoiuomoolvial o
TpofAAuata avdAuong Bivteo, Bev xatagéovouy vo GUANIBOLY TiC TANEOPORIES XIVNOTE TOU XWOXOTOLOVVTOL OE
TOMNNATAE GUVEYOUEVA X0, %4t ou ebvon edupnTd. ¢ anotéreopa, ot 3D cuveliZewc npotddnxay [36] yia vo
exterolvTal ota oTddla cuvehilewy twv CNNs, dote va unohoyilovton yopoxtnetoTixd Téo0 ond T YWEXES
660 %o and g yeovixég dotdoe. H 3D ocuvéh&n emtuyydvetan ye ) cuvéM&n evog 3D nupriva otov x0Po
nou oynuatiletor ye tn otolyion TOAATAGY cUVEYOUEVWY Xopé. Me auTtdV Tov TpOTO, Ol YEPTEC YoPUXTNELo-
TIXWV CUVENEEWDY GTO CUVEAMXTIXG GTEWUO CUVOEOVTOL UE TOANATAGL GUVEYOUEVI XOPE GTO TEONYOUUEVO OTEOUA,
xatarypdpovtas TAnpogopies xivinone. H ouvdptnon mou Siver tnv T ot Yéon (x, ¥, z) otov j-o0td Ydp
YOLOXTNELO TGV OTO -00Td oTpdua elvar:
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Pi-1Qi—1R;—1

ol = tanh(by + >0 30 S0 Y Tt p ey (0.0.13)

m p=0 ¢g=0 7r=0

6mou to tanh(-) elvon 1 unepBolunr| eQanToUéVn, TO b;; lvon 1) LETATOHTUON Yiot VTGOV TOV YEET YOUEUXTNELOTIXGDY,
To m elvon Jelxtng Téve 0TO GUVOAO TWV YAPTHOV YapaxTNEloTix®y oto (i-1)o otpdpo mou cuvdéetar Ye Tov
TEEYOVTA YGETN YOUXTNELOTIXWY, TO w7, elvor N T ot Véomn (P, q, T) TOL TUEYVEL TOU GUVBEETAL PIE TOV My,
YGETN YUEAXTNELOTIXWY GTO TEONYOUUEVO OTEOUA, ot Ta [, P; xan Q; elvan to péyedoc tou 3D muprva xotd

pixoc e ypovixhc dldotaong, To UPog Xt TO TAATOC TOU TUEHVA, AVTIGTOLYA.

C3D

T va Peedel o xah apyttextovind) 3D ConvNet oto [72], tobadhav uévo to ypovixd Bddoc tou muphvae twv
CUVEAIXTIXWY CTPOUATWY, EVE xpatoloay oTadepes dheg Tic dhheg xowvég puduioelg, xou melpauatioTXayY e
800 TOTOUC dPYLTEXTOVIXOY: 1) opotoyevéS ypovind Béddoc: dha Tor cuVEMXTIXG GTpOUATA €YOUV TO (Bl Ypovixd
Bédoc muphva. 2) uetafAnTéd ypovixd Pddoc: to ypovixd Béddoc tou muphva adhdlel ot xdde otpdua. Metd
Y EXTUBEVOT, AUTAY TV BxTOWY XatéANEoy oTo cuumépaopa 0Tl 1 opotoyevic plluon PE ouVEAXTIXO0C
mupvee 3 X 3 x 3 elvon 1 xahbteen emhoyy yia 3D ConvNets, xdtt mou elvor cOPPWYO Ue ToEOUOLYL EVETUTOL
ota 2D ConvNets [65]. "Etol, oyedidotnxe éva 3D ConvNet e 6houg toug 3D ocuvehixtixolc muprives Tou va
éyouy péyedoc 3 x 3 x 3 pe Prua (stride) 1 x 1 x 1. Emnhéov, n opyttextovixt] Tou dxtiou anotehodvtay
ond 8 cuveMxTXd oTpduaTa, b oTpouate uroderypatoindioc (pooling layers), axoloudolueva and dvo TAfpwe
cLUVOEDBEUEVA OTEMUATA Xa Eva oTpOUa eE600L softmax. H apyitextovinr| Tou ductdou Tapovoidletar oto LyAua
0.0.6 xou ovoudleton C3D. Enlong, 6ha ta 3D otpdpota unoderypatolndlac tou elvar yeyédoug 2 x 2 X 2 ye
Brwo 2 X 2 X 2, exté¢ and o pooll mou €yel péyedog muprvar 1 x 2 X 2 xou Bua 1 X 2 X 2, ye oxomnd 1
BLLTAENOT TV YPOVIXWY TANEOQOELOY aTNY oyt @don. Téhog, xdlde TAhpwe cuvdedeuévo otpdpa Exel 4096
povédec e€6d0v.

Input: [4, 3, 16,112, 112]
=Tz Convia(Pool1)
M2 14, 64,16, 56, 56]
= g
56 ~___ Conv2a (Pool2)
/’\ | 14,128, 8,28, 28]
—t L Conv3a

T [4,256,8,28,28]

28 T . Conv3b (Pool3)
// [4, 256, 4, 14,14]

Convéa
T [4,512,4,14,14]

/-//l
W _
el ~___ Conv4b (Pool4)+Conv5a
. ~
= = [4,512,2,7,7]

7 T Convsb (Pool5) Flattened
- T [4,512,1,4,4]
>

kernel size = (3, 3, 3), padding = (1,1,1)

Figure 0.0.6: C3D apyttextovin| omé v 2D ontixy (spatial).
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EnavolopBavopeva Nevpwvixd Aixtua (Recurrent Neural Networks - RNNs)
ApyttexToVixn

To Enovahopfovéueva Nevpwvixd Aixtua (Recurrent Neural Networks - RNNs) etvan évog T0mog veupmvixov
ditOwv Badide pdinone mou éyouv oyediaotel yia va avoryvewpilovy potifa o axoloudiec dedopévwy, dmwe
Yeovooelpée, outhia, xelpevo, Bivieo xou dilo axohoudioxd dedouéva. e avtideor Ue Ta TUpAdOCLoXd VEVPWVIXS
dixtua tpo@oddtnong (feedforward neural networks), ta RNNs €youv ouvbéaeic mou yupilouy niow otov eautd
Toug, EMTEENOVTAS Toug va dlatneoly o "uvAun" twv mtponyoluevwy eloédwy, xdtl mou elvar xplowo ylo
gpyooiec 6mou 1) oelpd 1) To mhaioto €yel onuaoia.

To xbpto yapaxtnelotind g apyltextovixnc twv RNNs elvon 1 xpupr| xatdotao, n onolo Aettovpyel we wopph
pviune Tou amotnxedel mAnpogopiec Y 6,1 éxel eneepyootel uéypt otiyuic (Tic Tponyolpeves eilcddouc). e
xdde Briwo o axorouvdog, 1 xpupy xaTdoTaoY EVNUERWVETAL UE Bdom Téo0 TNV Teéyouoa (codo 660 xaL TNV
TponyoLpevn xpuet xatdotacy. ‘Etol, 6tav to RNNs xdvouv tnv npoPredn toug, yenowomoodyv té6co v
Tpéyouoa £lcod0 660 xou TNV anoUnxeLUEVY HVAUN Yo Vo TpoBiédouy Ty enduevn axoloudio. Autd xadotd
oo RNNs ueavd v Slatnpolv minpogoplec oe Sladoyixd yeovixd Briuata.

ITegropiopol

Iopbéro mou ta RNNs €youv anodelydel moAbTipa epyoaheio yio axohovthoxd mpoBAfuata, 6w oL EQUOUOYES
eneepyaciog guoic Yhdoous (NLP), éyouv axdua apxetolc Teptoptopole:

1. EZagpovilouevn xhion (Vanishing Gradient) H xAiorn (gradient) mepiypdeper tnyv evanodnoio tou puduod
opdALaTOC TOU YoviEhou oe oyéor e Ti¢ TapauéTtpouc Tou. H wAlon umopel vo avanopactodel and
v xhion oe évav Aogo- 660 ueyahitepn 1 xAlor, 1600 mo amdToun 1 *&Y0odog, xol TOCO T Y1 Yopd
ohoxhnpdveton 1) exnaidevot). To mpdBinua e e€acdevnuévne xiione npoxdntel 6tav ol TWwée Tne xAlong
vivovtow ToAD uixpéc, xou oL avtiotolyes xhloelg 1600 eninedec, xatd TNy exnaidevot, xdvovtac to RNNs va
ATOTUYYAVOUV V. UAYOUV ATOTEAECUATIXG amd TO BEDOPEVO EXTUBEUCTC, OONYWVTG GE UTOTPOGUQUOYY.

2. Exprxtixf; xhion (Exploding Gradient)

Ané v dAAN, 1 exprxTind xhion mpoxintel otav 1 xhion awEdvetan exdetind uéypl to RNN va yivel ao-
tadéc. ‘Otav ou xhioeic yivovta anepidplota yeydies, 1o RNN cuunepipépetan axovoviota, pe anotéheoua
npofAfuata 6Twe 1 unepnpocapuoyn. H unepnpocapuoyr elvar éva gouvépevo 6mou to poviého unopel vo
npofAéncel pe axpifeia ota dedouéva exnaidevong, aAld Sev unopel Vo To xdvel Ue BeBoUEva TEayUATIXOD
xOOUOL.

3. Apydc ypdvoc exmaideuong

Toa RNNs anoutodv peydAn umoloylotxr Loyl, Y®eo UvAUNS o Yedvo Ylo vor EXTOUOEUTOOY, xarddg
xeedovton va anotnxedouy Tic Teonyolueveg elcddoug xau va Tic encéepydlovton xatd Tn Sidpxelo Tou
Yeoévou exmaideuomg.

Aixtua Maxpdc Beayvnpddeounc MvAurnc (Long Short-term Memory - LSTMs)

Tao LSTM elvon pro mapohharyry twv RNN, mou enitpénet 610 povtého va emexTelvel T WA Tou OoTE Vo Unopel
vau drayetptleton yeyohitepo ypovixd opllovta. ‘Eva RNN umopel vo dupdton uévo v auuéows nponyoluevn
eloodo tou, enopévwg dev unopel va yenolwomolfoel elo6douc and TeonyolUeveg axohoutieg yia vo BeATiwoeL
™V nedPAedr| Tou, ot avtideon pe To LSTM.

H opyitextovier) tou LSTM mepihoufBdver to xehl pviung, to omolo eréyyetar and Teeig mOAEC: TNV mUAN
€l06d0v, TNV TOAN Afing xaw Ty nOAn €€66ou. Autég ol thAeg anogacilouv toleg Thnpogoples Yo tpostedoiv,
Yo Btarypapolv 1 Yo e€dyovton amd to xehl pvAung.

ITOA A¥97n< (Forget Gate)

H nOAn Mine anogooilel moleg mAnpogopiec VYa Siorypapoly and tny xotdotascy) Tou xeAov. AauPdvel we elcodo
™V Tponyoluevn xpueh xatdotaon (hi_1) xou v tpéyouca eloodo (), xou Tic ToNhamhaowdlel pe mivaxeg
Bopwv, axoloudolueves and v npdodeon e mpoxatdhndne (bias). To anotéheoya TeEpVE 6T CUVEYELD amd
Lo ouvdpTnon evepyonoinong, N onola mapdyetl Wi €€odo eite 0 elte 1 yia xdde aprdud otnv xatdotoon tou
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xehol Cy_1. Miot try 1 onuaiver "Swotipnoe mhipeg awtd", eved wia tur) 0 onuaivel "Eéyace mhipwe autd". H
mOAn MOng opileton and v e&ric e€iowon:

fo=0(Wy - [hy_1, 2] + by) (0.0.14)

onouv Wy elvan o mivocag Bopdv yia v mOAN Mdng, to by elvan o 6pog tng mpoxatdindmg, To o elvar  cuvdptnon
evepyonoinone sigmoid xou to [hi—1, o] SMAGVEL TN CUVEVWON TNC TREYOVCUC ELTODOU Yol TNS TEONYOUMEVTC
XPLPNC HUTAOTACTG.

ITOAM Ewc6dou (Input Gate)

H nOAn eto6d0u xodopilet noteg tipéc Ya evnuepwolv otny xotdotaot tou xehol. Arnotehelton and dlo yéen: to
eninedo nTUANC eLe6B0oL xal €vo entinedo mou dnutovpyel éva Sldvuoua VEwY LTOPRPLLY TV Tou Yo uTtopoboay va
npootedoly otny xatdotacy. To eninedo niAng eloddou yenowonotel tn cuvdptnon sigmoid yio va QuATEdpEL
T Tée mov Yo Swotnendoly, mapbéupoila pe TRV TOAN ARONG, XENOWOTOLOVTAS TIC €166doue hy—1 xou x¢. To
eninedo VEWV LTOPAPLOY TIOV BNULOVEYEL Eval SLAVUGHO XENOLOTOLWYTAS TN cuvdptno tanh, mou divel é€0do
and -1 éwe +1, nepiéyovrag dhec tic mbavée Twwée and hi_g xou ¢ Tehxd, ol tipéc tou davidouatog xaL oL
putuouéveg Tiwée tolhamiaotdlovton Yo vo tpoxUdel N yenowun thnpogopio. H e&icwon yio tny miAn eto6dou
elvou:

iy = O'(WZ . [htfl,l't] + 61) (0015)

Cy = tanh(W, - [hy_1, 4] + b.) (0.0.16)

IoAhamhaotdlovye TNV TEOTNYOUUEVY] XUTACTUOT UE fi, OYVOWVTOC TIC TANPOQORlEC TOU ELYOUE TEONYOUREVHS
emhé€el vo aryvoriooupe. Xt ouvéyela, tpootdétouye i O Cr. Autd avunpoownelel Tic EVNUEpWUEVES UTOPYPLeC
TIWES, TEOCUPUOCUEVEC GTT)V TOCOTNTA TOU ETMAEEOUE VoL EVIUEROCOLYE Xdde Ty XATAGTAOTS.

Ci=fi®C1+i, @ Cy (0.0.17)

ITOAT EE6Sou (Output Gate)

H nOhn €€660u anogacilel mota Yo elvon 1) enduevn xpuen xoatdotoon he, 1 onola Yo yenowonoinel tdéco yia
T0 endpEvo Ypovixd PBriua oo xau yio TNV €£0do Tou TEéyovtog xehou. lpdta, dnuoupyeitan éva Sidvucua
epappolovtag n ouvdptnon tanh oto xell. Xtn cuvéyeln, ol mAnpogopieg pLBUilovTal YENOYOTOLOVTIS TN
ouvdptnom sigmoid xou guATpdpovton amd TG TWES Tou Vo YUUOUACTE, YENOWOTOIWVTAS TIC EL06B0UE A Xou
x¢. Téhog, ol Twég Tou dlaviopatog xou ol putulouéveg TWES Tohhaniactdlovton Yo va yenotwormotndoly e
€€080 xa w¢ eloodoc yia to enduevo xehl. H e&iowon mou neptypdper tnv ndAn e£6d0u eivow:

[ U(Wo . [ht—l, Z't] + bo) (0018)
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Extetopévn nepihndn ota Exknvixd

Yxetxn BiBAoyeapio
Aviyvevorn Xtoyonpooiiworng(engagement)

To nedfAnuo e 6ToY0TEOGHAWONE TWV TUdLOY ExEl TpooeYYLoTel Ye SLdpopes UEVOBOUC XaL TEYVIXES YLOL TNV
a€lonoinon TV BLPopETIX®Y TTUYGY Tou. Adyw Tng Suvouxhic @oong tou mpofliiuatog, mou TeplhauPdvel
YOEWES XalL YPOVIXEC BLOCTATELS, AUTEC OL UETV0BOL YPNOUOTOLOUY XUplwE YweoyeoVIXd VEupwVIXd dixtua. Autd
anoteAolvToL amd BVOo xopla UEEN: TO TEWTO EEAYEL YWELXA YUPUXTNELOTIXG On6 BESOUEVA OTWC EXOVES 1| XOPE
Bivteo, eved to deltepo e€etdlel T ahhay) TV TANPOPORLOY GTOV Ypovo. Xenotponotovvton didpopa dixtua
6nwe RNNs [63], LSTMs [32], GRUs [14] xow TCNs [5], mou elvon oyediaouéva yio T Slayeipion oaxohouvdaxcyv
dedopEVLY xat yeovixwy e€apthoewy. TEAOC, Ta yweixd xaL Ypovixd yoeaxTneloTixd cuvdLAlovTal Ue SLdpopoug
tpéTouE, 6mwe to 3D Convolutional Networks xaw ConvLSTM Networks.

Xwpoy poVvixég onTixEg eVoeilelg

‘Ocov agopd v aviyvevon tne otoyompochlwone, oto [3], mpoteiveton ma véa apyttextovixf mou Pooile-
T 6TO YwpoyEovxd cuvelxtxd umhox R(24+1)D yia v avayvdpion dpdoewyv. Autéd to umhox amoteheltan
amd Y weoYpoVIXEC GUVEAEELS Tou exTEAOUV Blobido Totn cUVEAET 0To eTinedo Tou Yweou axoloudoluevn omd
HOVODBLAG TorTy) GUVEALEN XaTd Prxog Tou dEova Tou Ypdvou. AUTEC ol Ywpoypovixés cuveMEeLC enavalaufdvovTton
800 opéc xan ouvdudlovtar ot éva utohelpatind (residual) pmhox. To dixtuo anoteleiton ond Tévte dado-
Y8 emineda Tou dnoveYolvIoL amd aUTA To YwEOYEOVIXE Uthox. Ol xwpeoyeoVIXES CUVENXTIXESC OTPWOELS
axoloudolvton and éva eninedo npocappootixiic ouyxévipwone (adaptive pooling layer) xou téhog éva TAfpws
ouvdedeuévo eninedo. H otaduouévn ouvdptnon andietog (weighted CE loss function) yenowonoteiton yio
TOV UTOAOYIOUS NS amdAeloc Tou dixtiou. Audgopa melpduata Sleiydnoay yenoLLoTOLOVTNS oXATERYIT To
dedouéva RGB, wo obuntnén dedouéveoy RGB xou Bddoug, xadodg xon pla cOUTTNEN axatépyaoTwy Sedopévev
RGB xou 8edopévwv ontinic pofc. Extoc and autd, uehetidnxe xou 1 oburtnén twv dxtiny RGB xow ontixic
poNc T660 o€ TEWOLO 6CGO XL OE UETAYEVECTEPO GTABLO TOU BIXTVOU, UE TO UETUYEVESTERO Vo ElVOL TpLY amtd TO
TeEAeLTHO TAPWC CUVDEBEUEVO ETUNEDO %O TO MEWLHO UETE TO TEWTO ANd TA TEVIE YWEOYPOVIXE GUVENXTIXG
enineda. Téhog, mpoéxudov evitoppuvtind anotehéopota oe GAa Tot GUVORA BESOUEVLY GTo ontold BOXIUACTNXE
1 dEYLTEXTOVIXY|, PE TO dlxTUO Tou cuvédeoe ta axatépyasto RGB xou tnv ontr pory oe mpdigo otddlo v
el Tov xah0TEPO cUVdLUOUS axpiBelac (accuracy, fl-score xou otoduiouévne axpifeloc (weighted precision) oe
oUYXELOT| UE TOL GAAAL

RGB - E
R(2+1)D layer 2 g
\\‘* 2 % g

Cl
15 II'E;;QS » R 1Dlayr — % i ) Engagement|
6 secs g & Level

Dptical é c
Flow H
> R(2+#1)Dlayer _— T

Figure 0.0.7: Aixtvo yia tnv extiunorn tou engagement ypnoULOTOWOVTAUSC YWEOYPOVIXEC CUVENEELS Xall
ouuntuocovtog to dedouéva RGB xan ontixic poric o npwipo otddlo.

Resnet xouw TCN YBeouxd Aixtuo

Y10 [1], viornoteitan par véa apyttextovixy veupwvixol dxtiou Residual Network (ResNet) xouw Temporal Con-
volutional Network (TCN) yio tnv aviyvevon tou emmédou epmioxfic (engagement) twv padntodv oe Bivteo.
Ye auth v apyttextovixn, to 2D ResNet e€dyer ta ywpind yopaxtplotixd and pla oxohoudio oaxatépy o twy
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xapé Tou Pivieo (frames) xow oty cuvéyea To TCN avahdet Tic ypovixée ahhayéc ot autd Yo var aviyveudel to
engagement. To TCN emnAéyeton xoddg LTEREYEL TN LOVTENOTOINGT] 0XONOUILLY PEYOAUTEPOL WAXOUE XOU OTN
SlaTripnom UVAUNG TOU Lo TopXoL G oUYXELoN UE YeVixég enavahauBoavoueves apyttextovinés énwe to LSTM xou
GRU. Ernlong, 6nwe avagéodnxe xol TponYOoUUEvwe, ETLAEYETOUL XL GTY) CUYXEXPWEVY HEAETY] €VaS GUVBLUCUOS
EVOC YWEOL %ol EVOC YeoVIX0o) HOVTEROU, xad(S To engagement efvol pLol YwEOYEOVIXT) CUVOLGTUNUATIXY XATdHO-
Taor mov haufdver ydpo oe dladoyixd xopé Bivieo pe v mdpodo tou ypdvou. H opyitextovinr tou uBeidixol
duxtdou mapovaldleton oto Lyrua 0.0.8.

(3 = 224 = 224) (1=512)
frame 1 b,
(3 =224 = 224) (1=502}
frame 2 ResNet hs
(3%224 ~229) (1=512)
frame L h engagement level

Figure 0.0.8: ResNet+TCN network architecture.

CNN xou Avadpouix6é Aixtuo (Recurrent Network)

Y7o [19] npotelveton pla tpocéyyion Badide wddnone yia Ty extiunon tov engagement and axoroudiec Biveo,
7 onola amoteheitar and U0 xVELEC EVOTNTES: WA CUVEALXTIXY) EVOTNTA TOU EEAYEL YORUXTNELOTIXG EXOVOS OVdL
xopé (frame) xou piar avodpopn| evétnta mou cuvadpoilel ta yapoxtnelotixd Twy frames ye v ndpodo Tou
XEOVOU Yol VO THRAYEL EVAY YEOVIXG BlavioUd YopaxTneloTixwy Tng dpdong oto Bivteo.

To cuvehxtind A Tou povtédou elvar éva ResNetXt-50 Zuvelntind Nevpwvind Aixtvo (CNN) [81] mou
el mpo-exnaudeutel 6To cUvoho dedopévwy ImageNet [20]. To yopoxtneiotixd tou xdde frame hopfdvovran
amd TNV evepyonoinon Tou TeAeuTtaiou TAYpwe cuvdedeuévou eminédou Tou CNN, ue didotaon 2048, mewv and to
softmax eni{nedo. And tnv dAn, n avadpopixn (recurrent) evétnta eivon éva Avadpouxd Aixtuo Mviune Moxpdc
Bpayunpddeoune Awdpxetoc (LSTM) [31] pe 2048 povddec axoloudoiuevn and éva IIMpwe Xuvdedepévo (FC)
eninedo peyédoug 2048 x 1. To LSTM Aaufdvel wg eicodo wa axorovdo yopoxtnelotxwyv ané w frames
TOU TROEEYOVTOL OO TN CUVEMXTIXH EVOTNTA XOL TORAYEL, UE TN OELpd TOU, €Vl BLAVUCHUA YUPUXTNELOTIXY
TIOU AVTITPOCKTEVEL OAOXANEN TNV axoloudio twv frames, (MOTE Vo ATOTUTWOEL TN YEOVIXY] CUUTEPLPORE TLV
avidpodnwy evtdg Tou ypovixol mopottpou w. To ypovixd yopoxtneiotxd mepvolv and to FC eninedo ue
ouvdpTnom evepyornolnone sigmoid 6To TéAOC Yo TNV TOEUYWYYH) TWV TEAMXOV TWOV extiunone BAepudTwy.
Katd tn Sdpxeia twv newpopdtwy, To otpdpa tou CNN eivon otadepd, eved To avadpopixn TUAUC EXToudEVETOL
yia vo tpofBAEnel TIC TWEC Tou engagement omd TIC TOPEYOUEVES ETIXETES TWV BELYUATWY.

17



Extetopévn nepihndn ota Exknvixd
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Figure 0.0.9: Eniox4mnon tne mpoTelvOUeyNS ooyt TEXTOVIXTS.

Ta anotedéopato auThC NG PEAETNS €Bel&av OTL N cuYXEXEEVT apyttexTovixy) Bathde pdinone 0o otadlwy,
exmadevuévn oto olvoro dedopévey TOGURO, elvan éva xatdAAnho unoloyioTixd ovtélo Ylo TNV anoTun-
won e eyYevols avilpomvne epunvelac e eumioxrc (engagement). Oyt pévo autd, ahhd unogei enione va
epappootel ue emituyla oe éva evieAn dlapopeTnd Gevdpto, xodig eivol apxeTd YEVIXO, dTwe aTo GUvoho Be-
dopévwv UE-HRI [8], napouctdlovtag Ty EQuppoctudtnTa ToU HOVTENOL ot BlopopeTind TeptBdihova, e éva
OLOPOPETING POUTIOT UE BLUPOPETINT XAUEPA XOU UE DLAPORETIXEC epyaoieg xou avlp®roue.

Extiunon touv BAguupatog

H wavotnta xotavonong tou onueiov oto onolo xoitdlel éva dtouo, Yot wg aviyveuon BAEuatog, TopEyEl
avextiunteg mhnpogoplec oe dldpopoug topelg épeuvag, onwe M aAAnienidpoaor avipodnou-vokoylots, oL un-
oo TnpxTéC TEYVohoYieS, 1 Juyohoyia xou To wdexeTivyx. Ot apyitextovixéc mou oyedidlovton yla TNV Ex-
tiunon e xoateduvone tou BAéppatog cuyvd yweilovton oe BVo xatnyopies: Tig pedodoug mou Pooilovton
oty eugdvion (appearance based methods) xou ¢ yed6doug nou Booilovtou oe povtéha (model-based). Ou
pédodol mou Pocilovion GTNY EUPAVIOT| YENOUOTOLOUY YoRUXTNELOTIXE EXOVAS XAl LOVTEN Unyovixic uddnong
yia vor extigioouy v xatebuvern tou Bréupatoc, eved ol pédodol mou Bacilovion oe wovtéla ypnoldonotody
YEWUETEXE LOVTEAA TOU HaTlol Yl vor oloyioouv tnv xatedduvor Tou BAEUPATOC YpNoWonolWwVTaS onueio
avapopdc Tou pattod. Xtny mopoloa HeRETN, Yo emixevipwiolue ot ueddédoug ou Pocilovton oty epgdvion,
oL omoleg TEdCATA £Y0UV BEATUOCEL ONUAVTIXG TIC EMBOCELS TWV CUGTNUATWY aviyveuong, Aoyw twv egehifewv
ot Bardid pdinom xon oTIC APYLTEXTOVIXES TG UTOAOYLOTIXTG OpooNS.

Movtéro Gaze360

Yy épeuva [39] mpotelveton éva poviélo nou yenowdornotel appibpopec xddoukec Long Short-Term Memory
(LSTM) yior v avtipetonioet 1o npdBinua tne extiunone tou Bréupatoc. e autd 1o poviélo, n €€0do¢ ov
TapdyeToL Yl €val oTolyelo €apTdToL TO6CO Omb TIC TEOTNYOUUEVEC 6GO %ok Amd TIC UEANOVTIXES EL0ODBOUE, XaddS
o oxoroudior 7 xopé yenotponoteitar yia var tpofiéder to BAéuua Touv xevtpixol xoapé. Kadéva amd o 7 xoapé
TOU amoTEAOUV TNV £{0000 TOU HOVTEAOU Elvol Uiol AMOXOTY TOU XEQUALO) TOU ATOUOU, Tou omolou To BAéuua
TpdxELToL Vo aviyveuldel, oL 0To TPMTO OTABI0 TOU UOVTEROL, xdVE €val amd autd encéepydleTal UELOVWUEVA
and €va GUVEAXTIXG VEUPLVIXOG dixtuo (backbone). H éZodoc tou backbone eivon to yopaxtnpiotind vgnhol
emnédou 256 SlaoTtdoewmvy yio xdde xupé, TOU GTN CUVEYELN Ypnoldonolotvtal w¢ eloodog yio To aupidpouo
LSTM, to onolo anoteheito and dbo otpiyata nou eneepydlovron TNy ahknhouyio ue TEog To EUTEOS %L TEOC
To Tlow Soviopata. Télog, autd to SlaviouaTto evEvovTol Xou TEpVOLY amd €val TANpw cLVOEBEUEVO ETiTEDO
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yio vau mapoydovv 800 €€odot: M medBAedn tou BAéuuatog xau 1 extiunon tococTiofou o@dhuatog. H npdBiedm
TOU PAEUPOTOC TOREYETOL OE CQOUUPIXEC CUVTETUYHEVES Xou 1) exTiunon nocootwiou opdiyatoc (o) elvan éva
pétpo N Slopopdc petald Twv 10 xou 90 T0GOCTOY XL TG AVOUEVOUEVNS TIAC.

Gaze direction Quantile

Fully Connected Layer

LSTM LSTM LSTM LSTM LSTM LSTM LSTM

LSTM LSTM LSTM LSTM LSTM LSTM LSTM

Backbone Backbone Backbone Backbone Backbone Backbone Backbone

Figure 0.0.10: H apyitextovix| tou poviéhou Gaze360.

VGG-16 xou RNN

To mpotewvduevo poviéro otny [57] ywelleton oe 3 otédior: (1) Atouxd, (2) Tuyydvevon xa (3) Xpovixd.
Mpddta, n Atownh utopovdda podaiver yapoxtneloixd amd xdve ontny| vdelln Eeywplotd (Tpdowno xou Pd-
o). Anotedeiton and éva CNN 800 podv, 6mou 1 uiot pon elvan aglepwuévn otny xavovixornomuévr por emdvoc
TEOCMTOL XAl 1) GAAN OTNV %0LvY] xovovixoTonuévn ewdva patiov. Kdde por) tne Atopxrc uroyovadag Baotle-
tou oto Bodd dixtuvo VGG-16 [60], mou amoteheiton and 13 cuvehwtind eninedo, 5 eninedo max pooling xou
1 mihpwe ouvdedepévo (FC) eninedo pe evepyonouioeic Rectified Linear Unit (ReLU). Xtn ocuvéyewa, n un-
opovddo Xuyydvevong cuvdudlet to eEoryOUeva YapaxTneloTixd xdde poric oe éva povo didvuopo poall e Tig
XAUVOVIXOTIONUEVES CUVTETAYHEVES TwV onueiwy avagopde (facial landmarks). To Atouxd xou to oédi0 Luy-
ywvevong, xatopilovy 1o Ltatid povtého, xou egappolovia o xdde xapé (frame) tne axohoudioc. Téhog, Ta
Topory GUEVOL BlarvOoUoToL Yapax TNeto Ty xdde xopé divovton we elcodog ot Xpovixr unopovada tov Bacileto
oe évo many-to-one enavohopBavouevo dixtuo. Autr 1 urtouovdda expetolheVeTon TN dtadoyixr Thnpopopia yia
va tpoPrédet Tig xavovixononuéves 2D ywvieg BAéupatog Tou teheutaiou xopé Tne axohouvdiog, yeNoLLOTOLOVTAG
éva eninedo ypouuxric moakvdpounong mou tpoctideton Tdvew TNg.

Kotd v didpxeia tne exnaldevong, n eloodog tou poviéhou amotehelton and s = 4 dadoyxd xapé, ye To
povtého va mpoonadel va extiurioet Ty xatedduvorn Tou BAéupatog Tou teheutaiov xapé. Emmiéov, to dixtuo
exTUdEVETOL OF OTadLXE, EEXLVAOVTAC UE TNV EXTABELOT) TOU BTartino) LOVTENOL Xalt TOL EMTESOU TUALVdPOUNONG
(regression layer) and dxpn ot dxpn oe xdle pepovwpévo xapé twv dedopévmy exnaidevone npdta. Enlone, ta
ouVEAXTIXG umhox elvon Tpoexnaudeupéva pe to oivoro dedopévwy VGG-Face [60], evdd toa FC exnoudedovton
and v apyh. ‘Eneita, xatd tn didpxeia Tou teAixol otadiou e exnaideuong, Ta yopoxTNeloTixd xdde xopé
e axohoudiog e€dyovtar amd v "maywuévn" tdpa Atouixy) UTOPOVADA, XL TEOPOBOTOVVTNL OTIC GTPWOELS
Yuyywvevone 6mou xdvouv fine-tuning, eved nopdhinio exnadebouy ) Xpovixy) uToUoVAda, oG Xol TO VEO
TeEAx6 eninedo nahivdpdunong and v aey .
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Figure 0.0.11: H apyitextoviny) tou npotewvopevou Recurrent CNN Sixtiou.

Multi-Clue Gaze (MCGaze)

H pédodoc Multi-Clue Gaze [26] eivan piar Swapopetinf mpocéyyion mou mpotelveton yiot TV extiunon g
xatevduvong Tou BAéuuatoc ot PBivieo, péow TG TAPATARNONG TOL Yweoyeovixod Thatciou aAAnienidpoong
HETAEY XEQPAUALOY, TPOCKTOU XAl UATLOV XeNOLHoToIOVToC o query-based uédodo. H Boaoixr| déa tng apyitex-
Tovixfc Tou ovtéhou gatveton oto NyApe 0.0.12. Tl xdde ewoayduevo xhur Pivieo (I € RT#3*HEW) 6 nodito
Briwo etvan 1 e€orywy) TwV YopaxTNEoTIXGY and xdde xapé Tou, TpogodotwvTac Ta ot éva backbone, dhote va
oynuotiotel évae TavuoThg yopoxtneto Tixdy Bivieo (F € RT=CxH'zW"y "¢ backbone mtou ypnowonoteltan elvon
to ResNet-50-FPN [30], npoexnoudeupévo oto ImageNet-1K [20] xou pe tnv tih tne napopétpou N oplopévn
oe 4. XN ouvéyela, o eE0YOUEVI YURUXTNELOTIXG Tpo@odotolvTon otny query-based apyitextovixy, 1 onola
extehel N enovadideig xou anoteheiton amd 800 Poaocixd TuAdoTe: TNV oAANAenidpaoT YwpoyeovixdY queries xou
ta eedinevpéva xepdhia (heads) yio to exdotote épyo (m.y., clue localization head xou gaze fusion head).
Ye xde emavdhndn, to queries yio to clues xe@ohiol, TpoomTou o patiod evipepdvovtal xou to clue local-
ization head mpofBAémel tnv meployn Tou xe@akiol, mpoownou xou patov. Tautdypova, to gaze fusion head
xadopllel Ty xatevduveor tou avdpdmvou Bréuuatog and ta clues xepoiiol, npoctrou xa patiod. To BAéuua
mou meoPAéneton and TNy TeAeuTala enavdAnd yenoylomoleltal ws 1 €£080¢ TOU HoVTELOU.

Iot vor GUAAGBEL Tl YUPaX TNELO TIXG TOU UTIOXEWEVOU, 1) CUYXEXEWEVY TIROGEYYLoT eQopUolel queries TOAUTAGDY
clues quue € RTC, clue € xepdh, npéowno, udtt. Kéde query amoteheiton and T evowpatdosic (embeddings)
ue Sdotaon yopoxtneto Ty C, ye xdde embedding vo emixevTpveETOL YEVIXE GTNY AVATAEAC TAGT] YAEAUX TNELO-
TV Tou avticTolyou xapé. Emmiéov, umdpyouy TeoTEWOPEVE x0T Pewe € RT* mou avtioTotyolv ot xdde
query, Ta ool UTOdEVOOLY TI¢ ToTo¥eaieg TOU XEPUALOU, TOU TEOGKOTOU Xk TOU UATIOU TOU UTOXEWEVOL GTOV
YopTn YopoxTElo TiXY. Ot TOPAUETEOL TWV Gelye X Deiye EVOL exmandevduevee (learnable). T xdde mirien
TEOMUNCT TEOG TOL EUTPOS, EVNUEPWVOVTOL UE ETOVOANTTIXG TEOTO Yiol VAl ETUTUYOLY amoTteheouatint| e€aywyn
TV clues-otéywy xat Twv exTiuNoewy g xatebduvong tou BAéupotoc.

Emniéov, n tomuo-xadolnn (local-global) yweoypovixt| wovtehonoinon elvon yeydhng onuaciog yio ty uehétn
npoPAnudtov ot Bivieo [79], [33], étol oe authv N pelétn oyedidotnray enione cuyxexpluéva queries yio To
tplo Baowxd clues Tou avtixelwévou. Luyxexpléva, Yenouonoinooy uia Hovido aAANAETBRUoNS Y WeOYEOVIXY
queries [82] yio xahUTEPO EVIOTUOUS TwV Lepapy eV clues xat Tn dnplovpyia pag anoteheopatxic avtohhayhc
TANPOPORLAY YLl AVUEXTIXES AVATUPAC TAOELS BAEUHATOC. M auThy TN wovdda, 1 xwewxt] ahknienidpaon yetald
TOV queries xeQahlo0, TEOGHTOL Xl HATIOU GTO (BLo Xapé ETUTUYYAVETOL UECWL TNE XPHONE EVOC Y weLx0\ TOAUXE-
pahxol otpmpatoc autorpocoyfc (spatial multi-head self-attention layer) [73], xadiotdvtac ta queries vo
drodétouv téo0 xodohxéc (global) 660 xon TOTUXES YWEWES TEOOTITIXES YL TOV YOPAUXTNPLOUS TOU PAEWUUO-
t0c. Emniéov, epappdleton éva otpidypa avtonpocoyic (self-attention layer) mou emtpénel tnv ahAnienidpaom
TV queries xatd phAxog g ypovuxic didoTaong, N omolo Pondd otn povielomoinon axoloudlauc Blaxpitidv

20



YORAXTNELO TIXWY, OTWE 1 UETUBOAY TNg oTdong xou 1 x{vnoTn Twv ATV, xou DIEUXONDVEL TN YeOoVIXT] CUVETELY,
odnywvTog oe avlexTtixd eviomioud clues xou extiunon Bréuporog.

Clue localization head

Proposal boxes BT 354

Head score

Rol features .
Face score

Update

||m ries

F:RT=CxW xH" D \‘.—b -
@ \ O—P]Itall predict BT

\R‘rag
gTHIxE \lltad confidence R7*1 i

MLP -
O—lvl"uu.' predict RV —p @—s| |—

Face confidence R7*L

Eyes score

Input video clip

MLP d
O—b Eyes predict BT —» /Fnsiun Gaze Predict gaze

Temporal Eyes confidence RT*Y feature “"i:_:_"r'““ R
\ Queries Spatial-temporal queries interaction Gaze fusion head XN
O Query for head clue O Query for face clue O Query for eye clue

Figure 0.0.12: The proposed MCGaze architecture.

CrossGaze

e avtideon e mponyolueves mpooeyyioels, 1o CrossGaze [12] dev anoutel eZeldneupgévn apyitexTtovixy, yenol-
HOTIOLOVTOS 101 XUHECWUEVO LOVTEND TTOU EVOWUATMOVOVTAL O Wial ApYITEXTOVIXY TOU TEOGUPUOLETOL GTO €070
e extiunong 3D Bréupatoc. H eloodoc oto yovtého eivon pia exdva "in-the-wild", and tnv onola e€dyovian
Ol TEQLOYEC TOU TPOCMTOU X0 TWV UATLOV YPNOUOTOLWVTAS Vel HOVTERO OViYVEUCTC TROGKOTOU. X T1 GUVEYELY,
7 X6V TOL TPOoWTOU Tpogodote{tan ot évay encoder mou anotundvel o xadolxd (global) yapoxtnpiotind
TOU BAEUHATOC, EVE OL EXOVES TWV PATLOV TPoPodotolvTa v elcodog otov encoder potidyv, o onolog e&dyel
Tomixd yopoxtnelo Tid. ot var Angdel wo npofBredn Bréupoatog mouv AopPdver unddm xou tar wdtiar, tor e€aryoueva
YOeaXTNEWOTIXE TV 3 edvey cuvdudlovTal uéow Wloc Povddoc cross-attention. O mpoxintwv cuvduaouog
YORAUXTNELO TIXOY TEEVA amd enedepyaoia and €va Ypouxd otpmua tou e&dyet Ty xateduvern tou 3D Bréuua-
T0¢. Le o0YXPLON UE GAAEC HEAETEC TIOU YENOWOTOOUY TOMXES GUVTETAYHEVES (¢ EEABOUC Yior TNV EXTaiBELOT),
oe authv TV gpyacia damotddnxe 6T dev undpyel Bedtioorn oe olyxplon Ye TN XEROT XAVOVIXOTIONUEVLY (X,
¥: 2) 1600 ¢ e£680oug 660 xa w¢ etixéteg (labels). T'ot tn ddixaoia exnoidevong yenoylonoidnxe n andeta
cuvnutévou (cosine loss) TOU AVTITPOCWTEVEL TO GUUTAHPWHO TNS OUOLOTNTUS cuVTUTOVoL (cosine similar-
ity) xou enione mpoocappdéotnxe o ahybprduoc RandAugment [16] we puédodoc enadinone dedouévewy xotd v
didpxeto e exmaldevong yio TV aOEnon e ovieEXTIXGTNTOS TOL HovTéAou extiunong BAéupoToC.

INa v amogaoiotel towo backbone va ypnowonowmdet, éyvav nelpduata e Swapopetind CNN backbones, 6mwe
to EfficientNet [52], to ConvNeXt [49], To Inception ResNet [68] xou éva backbone Poasciouévo otny tpocoyn
(attention-based) (Swin Transformer [48]). Amd ta amoteléoyatd Touc XATEANZOY GTO GUUTERAUOHUO OTL 1)
apyrtextoviny| Inception ResNet emtuyydvel to younhdtepo péco yovioxd o@dipa we tyr 10.91 yia tuyolo
apyxomoinon xou 10.82 yio tpoexnoudevpéva Bdern oto ImageNet. Autd to anotehéopota delyvouv TNV XoTohAn-
AotnTa g apyttextovixtc Inception ResNet yio v enc€epyaoio Tou mpoodhmou: 1 ixavétnta vo eneepydleton
Ny eloodo oe moAamAéS xhipaxeg oe xdde oTpwua Bondd To YOVTEAD VO ETUXEVTPWVETOL TOCO GTNV MEQLOYT
TOV YTV 660 ot oTny Tep-oplaixy| teptoy )| Yo Ty TedBredn tou Bréupatoc. Emniéov, nelpapatiotnxoy
e SloupopeTind mpoexmoudevuéva Bdpn yia Ty apyttextovixy Inception ResNet, Soxiudlovtdg to oto ImageNet
[20], o Casia-WebFace [83], xou to VGGFace2 [10]. To povtého elye xohldtepy anddoon o1o YeYallTEPO
olvoho dedopévewv (VGGFace2) and to poviého nou eiye npoexnadeutel oto Casia-WebFace Aoyw tne avin-
pévne mocdTTaS dedouévmy exmaldevone. Eve to Casia-WebFace nepiéyet neplnov 500K ewxdvee, 1o VGGFace2
mepLéyel 3.3M euxdveg, e anotéheopo éva 10.02 péoo yowioxd opdlua oe olyxplon ue to 10.26.
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Extetopévn nepihndn ota Exknvixd

IMewpdpota

Y Uvola Aedopévwy 6To TedBAnua TN cToY0TEooHAWwOoTS (engagement)

e Pinsoro cUvoho dedouévwyv

To clvoho dedopévmv Pinsoro [44] eivon éva chvoho dedopévmv eldind oyedlaouévo yio vor xataypdet
TV XOWWVIXTH IAANAETBRoT TWV ToUdLOY xatd TNy extéleot epyaot®y. H xatavénon autdv Twv xoiv-
WXV oAMnhemdpdoewy elvar e€onpetind onuovtiny otov topéa tnge AAnienidpoonc Avipdnou-Poundt
(Human-Robot Interaction, HRI), eldd oe neployéc émou haufdvouy ympa poxpoypdviee ahhnhemded-
oelg, Omwe 1 vyelovout Ttepldoldn xou 1 exnaideuot. Xe avtolc Toug Topels, elvan onuovTnd To poundt
Vo UTopel Vo ovory VepioeL xon VoL EPUNVEVCEL TIC XOLVWVIXES CUUTEQLPORES TV TOUBLOY PECK OTTIXWOV 1
oxoVa TV eVOelEewy. o tar melpduortar ot weAéTy pog Yenotponotolue Bivieo and autd to ahvoro de-
Bopévev Yo va Bpolue évay axplfn xo alOToTO TEOTO AVAYVMELOTC TNE CTOYOTEOCHAWONG TWV ToUOLVY
XUTA TNV EXTENEOY) UXPOV EQYACLOY YUPw amd €val PeYdho BladpaoTtind Teaméll. Luyxexpluéva, emihé-
youue 25 Bivieo mawdlidv mou ahAANAETOEOUY pE EoundT amd TNV GAAY TAeupd tou Tpamellol, xadhe To
oUvolo dedouévwy Pinsoro mepihopfBdver eniong xou ahhniemdpdoeic mondi-rtoudi. O adkniemdpdoeic ota
Bivteo éyouv emonuaviel oe tpelc BlaopeTixolc GEOVES: GTOYOTEOCHAWONG OTNV EPYAOIA, XOWWVIXY
G TOYOTPOGTAWGTE X0 XOWWVIXY| GTAOY). LT MEAETY) AUTH TELPAUATI OUACTE UOVO GTOV GEOVA TNG GTOYO-
npochwaong oty epyaocia, o onolog elval ywplopévoe oe téooepa eninedo 6 TOYOTEOCHAWONG: Un-Tiowy VL,
avaltnon eviilxa, doxomnr ahAnAenidpaon xou otoyeuuévn epyacio. Adyw tou yeyovotog dti To eninedo
e 0ToYOTPOoHAWONG Yiar aval itnoT evihixa etvar eZLEETIXE OTIEVLO, TO AMOXAEOUPE amd 1) HEAETH HoC.

ASD Games oclOvoro dedopévev To clvoho dedopévey ASD Games [4] elvoaw éva oOvolo dedopévey
Tou cUAEYOMxE xatd TN Bidpxeta Tou épyou BabyRobot [21], xau anotehelton and Bivieo ota onola to
ToudLd TOU GUPHETEYOLY avTYEeTWToUY Slartapayy| Tou auTiloTxol @dopatoc (uéon nhxio 10.6 etdv). e
outd to Bivteo, xdde moudl cuppeTéyel o Téooepa dlapopeTxd matyvidio Ye dVo pounot: Aeie pou v
Kivnor, Exgpdoov, Hoavrtopiua xoaw Mévtede to Avtixeipevo. Kdde moudl otéxeton unpootd ota poundt
xot oMnhemidpd ehediepa poali Toug, eved xiveltar oTo Swpdtio dmwe emdupel, xou Tagvoueiton ot Tpla
enineda otoyonpochlwone (engagement): auétoyoc, nadntnd| Tpocoyt (1 evépyelo ywplc Tpocoyh) xo
engaged.

YOVOAa BEBOUEVWY TTOL YRYCLLOTOLOUVIAL GTNV TtapaxoAoVdnoy BAEupatog

e WiDo olvolo dedopévwy T'o tn yehétn auth avogpepbuacte oe autd T0 Ovoho dedopévev we WiDo [59,
58], xadode elvan éva mholoto eumhouTiIouévo oUVoRo dedouévwy, mou amoteheiton and 17 Bivieo moududyv
pe oOvdpopo Williams xou Down (WiDo), ahhd xon xovovixd avantuoodueve toudld, mou ahhnhentdpoly
pe Tic untépec toug. Emiéyouue autd 1o oOvolo Bedopévwy mapdio mou mepléyel Toudld ue obvdpoud
Williams xou Down, eved €youue avagpepdel extevidg o moudld Ue auTiopd, xordde aUTEC oL BLUTAROYES
0dnyolv Ot MUPOUOLEC CUUTIERLPOREC OTIC OTTIXEC TOUC amoxploelc Ue exelvec TwV Mudldy UE oUTIOUO,
xatd g oA NAemdpdoelg Toug. Autd To £ldog Bedouévwy elvan TOAD onuovTXd Yiot THY oVATTUEN TWV oh-
yoplduwv poc. To cOvoro dedouévwv WiDo mepiéyelr moAléc mAnpogoplec yia Bidgpopes epyasiec dpaoTg
UTIOAOYLO TV, OTWE OVALYVWPLoT cuvatoUNUdTwy, Tapaxolobinon BAéuuatog, avoryvoelor ouhnty, tono
Ty VLo, x0T EVERYELNS, HETAED dhAwy. Ye xdde Blvteo undpyel éva moudl ue Tn untépa Tou TOU oAAY-
hemdpolv ehediepa petah Toug xou Ue didpopa avTixelteva xou Touyviblo 6To omitt Toug, éva YWeo OToL
ao¥dvovtor ToA eEotxetwpévol, xahoTdvtag dUoxohn Ty avdrntuln alyoplluwy bpacne UTONOYIGTCOV
nou enelepydlovtol xou HOVIENOTOOUY TIC GAANAETIOPAOELS TOUE, XoU(S UTEEYOUV TOAAES TEQLTTOOELS
OTOU TA TEOCWTO XU TO G TOUS elvol Uepx®ds 1 TApwe xpuupéva. 2T UeAétn pag, Yo 6 TLIOOUYE
otny napaxohoLinon BAéuuatog, yio Ty onola To chVOAo dedouévwy Tepléyel 6 dlapopeTinée xatnyopleg:
(i) Aev xoitdlel toudevd cuyxexpyéva R Ty xduepa, (i) Kowtdlel éva avtixeipevo nou yenowonotel pévo
70 moudl oAAd by untépa, (iii) Koutdler éva avtixeipevo mou yenotponoeitar oty odAnienidoaoy pe
untépa, (iv) Kottdlel xdnoto yépog tou omuatog tne untépas, (v) Kowtdlel to npbowno e untépoc odAd
Oy o péria xon (vi) Kowtdler tn pnrépa ota pdtio
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ITootewvopeveg MeBoodol

Extipnon tng Xtoyonpooriwong
Apyrtextovixr TSN

H opyitextovind twv Temporal Segment Networks (TSN) odldlet tov tpémo pe tov omolo to delyparta Bivieo
enc€epydlovron and ta poviéda. Avtl va napéyetan wg elcodog oto Yovtého wio axoloudio cuveyduevwY xapé
amd €va delypa Bivieo xan to yovtého va meoPAénel Ty xatnyopio Tou, oty apyttextovix’) TSN ta Slxtua
Aettovpyolv oe axohouiec GUVTOUWY AMOCTUCUATMY TTOU DELYHATOANTTOUVTAL dpaid and oAdxANeo To Bivieo.
3t ouvvéyew, Ta anoteléopata yio xdde ambéonaoua mopdyovton and to backbone povtéha xou oto Téhog
ouvdudlovton oha woll yior vor TpoxVPEL 1 TEMXY X0V exTiunom tng xatnyoplog.

Apyrtextovixr Movtélou yenoiwponotwviog tnv TSN uédodo

H npotewvopevn apyttextovinyy yovtéhou mou yenowonolel to mhaiclo tou Temporal Segment Network
napovotdletan oto Lyhue 0.0.13. O apripdc twv tunpdtwy emnpedlel Tov aptdud TwV GUVEYOUEVWY OUAdWY
xapé mou Yo emAeyoly and xdie delypa Bivieo didpxeioc 10 deuteporéntwy, EVE Ta xopé avd TuRua etneedlouy
™ didpxela, oe xopé, mou Vo Exel xdle uio and autég Tic ouddeg. Mnopolue va SoUUe OTL GUUPOVL UE TNV op-
yrtextovin) TSN, o dataloader mou Snuiovpyriooue Ya emié€el Tov xodoplouévo aprdud Tunudtwy xad’ 6An
dudpxeta Tou delypatog Bivieo, o xotévo anoteholbuevo amd tov xodoplopévo aptdud xopé, xou Yo TpoPodoTy-
oel auTd Ta xopé w¢ elcodo oto backbone poviého. Amé exel, to backbone Yo nopdyel Ta yopaxtnelo TIXG
eZ6dou (features) yio x&de xopé, to omola Yo xatevduvdolv oto TSN head mou Yo nopdyer Ty el €€0d0
TUEWVOUNONC UECW EVOC UNYaVIoHO) GUVOIVEGTE TIOU £QUEUOLETAL GTA YUPUXTNELOTIXE TV XOOE.

1segment = frames
1 per segment

Backbone

Cls_head
(Consensus Mechanism)

Qutput Backbone:
[total_frames, features]

Input to backbone:
[batch size, (num_of_seg * frames_per_seg), 3, img_size, img_size]

Singleclip |~ ® Numberof
(~300 frames) || segments

Figure 0.0.13: Ilpotewvéuevn apyttextovixr LOVTENOUL Yia TO TEOBANU TNG eXTUNONG TNC OTOYOTEOGHAWONC,
yxenowonowdvtac v pédodo TSN.
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Final output:
[batch size, 3]



Extetauévn meplindn oto EAAnvind

Extignorn touv BAéupatog

‘Onwe eldope oe mohhéc yeréteg mou mpooeyyilouv to mpoBAinua tng aviyvevone BAéupatog, TEoxelwévou ta
BlxTLa Vo AVTLHETWTIOO0LVY XAAUTERA TO TEOBANUO X0l VoL THPAYOUY TILO CTOYEUUEVES EXTIUNOELS, TEEMEL VoL TPO-
(pOBOTOUVTOL UE CUVEYOUEVES TEPIXOTES TPOCMTOU TWYV LTOXEWEVWY WS ELOGI0UE, Xou O)L Ue OAdxANpa %apé [39,
26, 12]. "Etot, ot eloodol 6t0 poviého pac Ya eivar xdde @opd 7 GUVEYOUEVES TIEPIXOTES TEOCHTOL TOU Toudlov
oe x&de Bivteo, 6mwe gaivetan oto Uy 0.0.14. To yovtéro pag Vo Paciletar o autd mou npotelvetal oTo
[39], To omolo hopPdvel xdde xapé eil0b6dou, o onolo To mpoenelepydletan tpdTa évo backbone Resnet. Y
CUVEYELY, TA EEAYOUEVA YORaXTNELC TXE Tpopodotolvtal ot éva woviého LSTM to onolo ta eneepydletar ot
YEOVIXY| BLICTAUOY) Xl TOEAYEL TOL TEMXE YUEUXTNRIOTIXA Yiot OAAL T XopE EL06BOL, amd To OOl XEATHUE UOVO
aUTé oL aVTIG ToLY 0V 010 pecaio xopé (To 40). LN cuvEXEL, QUTE TPOPOBOTOUVTIL HEGE TOU TENXOU TANPKS
GUVOEDEUEVOL ETITEDOU XAl THEAYOUY TOUS BLavUCHATIX0UE TEOGUVUTOMOUOUE BAéuuatoc. Xonollomololue autd
To BlovhoUATo TEOCAVATOAOUOU BAEuuaTog yia vor ehéyEoupe av 1 xatedduvon tou Bréuuotog Tou toudlod dlao-
TAUpGOVETUL PE Xdmola omd Tor xouTid evdlagpépovtoc (bounding boxes) oto petodhaypévo npdBANs oc. Auvtd
TO ETUTUYYAVOUUE SNUIOVRYOVTOC MO YROUUY UE TNV XAloT TNg vo TpoxUnTel and Ti¢ cuvtetayuéveg dx xou dy
xou v opyt (0, 0) va etvon To onpeio exxivione tou BAéupatos Tou Tadiol. Av Slao TaupdveEToL UE XxdmoLo and
Ta XOLTWH, TOTE 1) TEOBAedr anodideton otnv avtioTolyn xatnyoplot xouTloU, ahhLtS amodideToL TNV XoTNnYOopld
"ahho0".

Output features Output coordinate

for all frames directions (dx, dy) Check for

bounding boxes

Keep only for intersections
4th frame (mid)

snoasnn

Figure 0.0.14: Eqopuoouévn apyltextovixn yia extiunon BAEppatog 6mou Ypnoidonoleiton T0 TeoeXTUdEUIEVO
povtého and [39] npoodétovtac évay éheyyo xatnyoplog oto TéhoC.

Evowpdtwon dedopévwy aviyvevong PAépupatog otny Extiunon Epunioxvg

‘Exovtag peletoel xou avTiuetwniosl Eexmplotd To TEOBARUATA TNG oVOyVOELoNS TNS OTOYXOTEOONAWONG XAl
e aviyvevong BAéuuotoc, avopnTioyaote av Yo unopodoe vo emnpeactel Yetixd 1 anddoorn oto mpoBinua
TN OTOYOTMEOCHAWONE OTAV EVOWUATOOOUNE TNV LAoToinon tng aviyvevone BAéuuatog. I to Adyo oautd,
ONUoLEYOoUUE Wi Véa opyLTeEXTOVIXT BixTO0L Tou GUYBLALEL Ta 800 poVTELA ToL Ypnotonotinxay oTic @doels
VALY VORLOMG eUTAoXTE xou aviyvevong BAéuuatog, yenowwonowwvtag T uédodo TSN.

To mpotewvduevo GUVBLUCUEVO HOVTEND GToYOTEOGHAWONS ot BAéupotoc gaiveton oto Xynua 0.0.15. Onwg
BAémouye, mopoUold XAl UE TO TEOBANUA TNC OTOYOTEOCHAWONS, TE(OTA cUUPWVY Ue TNV Lionoinon TSN, o
véog dataloader mou dnuloupyolue emAEyel Evay CUYXEXPIUEVO oEtdud TUNUdTLY o)’ AN T Oldpexelo Tou
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x\um (Belypatog) xan yio x8de tuiua évol Toob oUVEYOUEVWLY XapE, UE Ta onolo Tpogodotel T entinedo elo630u
Tou Backbone. Xtn cuyxexpyévn apyitextovint) 6ung, to poviéro BAéupartog Yo tpogodoteiton eniong e Tic
TEPXOTES TIPOTOTOU TWV TPATKLVY 7 xopé xdde tufuartoc (segment). Xto nelpopd yoc yenotponooue 4 tufuora,
étol 1o poviého BAéupatoc thpa Ya tpogodoteiton pe 4 elwdBouc, napdyovtac 4 clhvola yopoxtnplotixdv (fea-
tures) ywo Ty peoaio exxdva ond 1o tedeutaio LSTM eninedd tou. Kdde obvolo yapoxtnplotixdy anoteheiton
and 512 yopoxTneloTixd, Tou eival auTd ToL TapdyovToL Yio To Uecato xapé xdde axolouvdiag, €Tol GuVOAXS Yo
Ta 4 cUvola mopdyouue 2048 yopoxTneloTixd. AuTd Tol GUVOAI YAUPUXTNEIO TIXWY GTY) GUVEYELX TPOPOBOTOUYTOL
oto backbone, pali ye Tic eixdveg e16ddou. Lt GUVEXEL, CUYYWVEDOVTAL UE TOL ENMMESA YALOXTNELT TIXCY TOU
TapdryovTal YeTd o TeAeutaio cuvelxTixd eninedo tou backbone xou tpogodotolvta ot axdrouto Tpla enlneda
fc 6ha pall. Xto téhog, To povtélo Va mapdyel Ty €€080 TOL YE BAON TA CUYYWVEULEVO YOROXTNELOTIXG, T
omnoia Yo tpogodotniolv oto cls head xaw 1 To€wounon Yo mpaypotonomiel.

1segment = frames
per segment GAZE MODEL

7 first frames
‘1 Backbone

OUTPUT

FEATURES
GAZE OUTPUT

Singleclip | ®Numberof
(~300 frames) | segments

Backbone
Input to backbone:

L [batch size, (num_of_seg * frames_per_seg), 3, Img_size, Img_size] Output Backbone
+

Final output:
[batch size, 3]

[Gaze features]

BACKBONE FUSION

Gaze
features

5 Conv output { fconcat]
layers features

Figure 0.0.15: H apyitextovixr tou dixtbou EngagementPlusGaze, e evowudtwon yopoxtnolotindy
TOPOY OUEVLY amd To povTélo extiunone Bréupatog [39] pe ta yopoxtnetoTixd napaydueva and 1o Teheutaio
ouvehtxd otpdpa Tou backbone tou wovtélou tng extiunong g otoyonpocHAKGTG.

Aldpopec LAOTIOTELS GUYYWVEUCTE TWY YUROXTNELOTIXWY BOXUAoTNXAY, cuuneptlopfavopévng tng ouy-
YWOVEVONC TWV YAeaXTNELOTIXGY Ue TI¢ €6Bouc Tou mopdyovton Yetd to backbone, npiv tpogodotndolv oto
cls head. Ta xohOtepa amotehéopota duwe emttedy oy Ue TNV TUEATEVL LAOTOMOT.

IMTepapatind Anoteréopata otnyv Extiunorn Xtoyonpochiwong
ITpoenegepyaaio

T var unopéoouye va exmoudedoouyue T emAeyuévo wovtéha pe tny uédodo TSN, yenoylomoldviag Ty opyttex-
Tovixy) Tou mapouactdletar oto oyfua 0.0.13, npénel npdta vo npoeneéepyactobue Ta Blvieo pwoc. Xe autol tou
eldoug tar ohvola dedopévwy, 1 dladixacio tpoenelepyastiac etvar apxetd SOoxoln, xododg To cUVORa Sedopévev
anotelolvTon and Bivieo xou apyela emonuewdoewy Yo xdde moudl. e xdde apyelo EMONUELDOENY, TO Onolo
elvar oe popen csv oto Pinsoro cOvoho 8edopévemv, ol etixéteg divovian yia xdle xopé oe xdde ypouur, xou
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Extetopévn nepihndn ota Exknvixd

dnuiovpyolpe x@dixa mou SaBdlel xon dnwovpyel Ta cuveydueva TRt Yoo xdlde xatnyopla (m.y. ond to
803 ¢wc o 2300 ot etixéteg eivan goaloriented). Lt cuvéyela, hopPdvouye xdle cuveyduevn ouddo xapé Tou
avixouy ot pla uévo xatnyopio xar TNy yweiloupe oe dacthgate twv 10 deuteporéntnv (nepinou 300 xopé).
To dudotnua twv 10 deuteporéntwv emhéydnxe xodoe éyel Bpedel 6Tl elvan wa uéor neplodoc xatd v onola
To eTNEDO OTOYONEOCHAWONS TOL Taudlo¥ Pmopel var aviyveudel.

‘Eneita, xdde xhn didpxetac 10 deuteporéntwv Yempelton we Eeywplotd delyua, xou dnutovpyolue évo cOVoAo
dedouévev oe véo woppth mou Ya elvon mo €dyenoTn Yiol TNV EXTAUBELTIXY DLadxaciol TWV UOVTEAWY Xol TOU
dataloader. Kdle xatnyopia €xel évav @dxelo o onolog nepLéyetl péoo Tou €va pdxeho yio xdde xMm Bidpxelog
10 BeuTEPOAETTWY TTOL AVAXEL OE AUTOV, Xol XAUE PAXEAOC XAT TEQIEYEL GhaL ToL XAPE TOU.

Koatd tnv exnaldeuvon, o xoadopiopévoc apldudc cuvorixmy xapeé, tou e€optdtol and Tig TYES Tou emAEYovToL YLot
Tov optdpd Ty Tunpdtey (segments) xou tor xopé avd tTuiue (frames per segment) (cuvohixd xopé = aprdude
TUNUdTLy * xopé avd tuhua), Yo emhéyeton and xdde Evay and toug goxéhoue (cuvidwe byt teptocdtepa omd
40 xapé ouvohixd) xou Vo yenotwonoteitar ©¢ elcodog 0To LOVTEND Yiol TO CLUYXEXPLEVO delyua.

Emniéov, mpayuotonojoaue enadinon dedopévwv otig Aydtepo mAnduoploxd xatnyoplec "aimless" xou
"no play", xadwc n Sipopd delypdtwy oe clyxplion pe v "goaloriented" ftav opxetd ueydin. ‘Etot,
onpovpyHinxav véa xiim didpxelac 10 Seuteporéntwy Yior xde €val amd Ta UTHEYOVTA Xl TEOCTEVNXAY OTOUG
avtiotoloug 500 PAXEAOUC XATNYORLLY, OVTITPOCWTEVOVTOS T VEX DElYHATO VLol TNV EXTOUDELTIXY) Sladixacio.
Ou teyvinée emadinone nou yenowwornoydnxay Yitav HorizontalFlip, GaussianBlur, ElasticTransformation, »ou
Salt and Pepper.

ITewpdpata e Backbone Resnet-50 - Apyitextovixyy TSN

Eexuvdye To Telpduotd wag ypnotponowwvtag To Resnet-50 we backbone yia tnyv e€aywyn yopaxtnpiotindy. Ta
NV VAOTO{NGoY TOU %WBIXd oG, Yenotwonotovue tn Bihiodrxn mmaction xou ta moxéta tng. [N to backbone
Resnet-50, ypnowonotoue mpoexnaudevpéva Bden nou npoépyovta and to torchvision. Aoxidlovye auth tnv
vhoTolNoN YENOHOTOLOVTAS SLdpopous cuVBLACHOUS Twv TapopuéTewy TSN xou g exmaudeutixfc dladxastiag,
X0l TOL AMOTEAECUATO TOU Tapdyovtow (atvovton otov Ilivaxa 1.

Resnet-50

Number of segs Frames per seg Image size Optimizer Learning rate Gamma Step size Accuracy w. F1 w. Precision

4 7 224 Adam 0.01 0.2 8 49.48 48.71 -

4 7 224 Adam 0.005 0.2 8 47.06 45.11 48.14
4 7 224 SGD 0.01 0.2 8 52.20 50.88 52.8
3 10 224 SGD 0.01 0.2 8 52.62 51.98 52.51
4 10 190 SGD 0.01 0.2 8 49.48 46.59 49.69
4 10 224 SGD 0.01 0.2 8 46.12 45.83 46.13
5 8 224 SGD 0.01 0.2 8 51.57 50.75 52.24
4 10 224 SGD 0.01 0.22 6 53.46 51.18 53.54

Table 1: Enidoon tou Resnet-50 oto Pinsoro cUvoho 8edouévwv [44] yenottonotdvTae Ty opyltextovixy
TSN, pe BlapopeTIXES TWES TUPAUUETOWY.

To anoteréopota nou napryoye to backbone Resnet-50 ypnowonowdsvtag v apyitextovixy TSN ¥tav eAmid-
0popa, ahhd Oyt to xohUtepa. ‘Evag Boaoixde Aéyog yia autod elvon 6Tt T0 wovtéro Suoxolehtnxe va npofAédel
Tic xotnyoplec pewodnpioc. To vdnhétepo Fl-score mou emtedydnxe oy 51.98%, pe axpiBeio 52.62% o
oxpifeta 52.51%. T autd unopel va euthoveton to yeyovie 6Tt to Resnet-50 dev givan apyttextovind, poviélou
Tou eneepydleTal TO CUVEYOUEVA XORE YPOVIXY, ETOUEVWE UTOREL VoL UNY XOTOYPAPEL XahdL T YPOVIXT| BuvaULXn
TOV DLAPOPWY XATTYOPUOV.

O nivaxag olyyuone (confusion matrix) Tou xaNOTEPOL AMOTENEGHATOS YLOL AUTAY TNV APYLITEXTOVLXT| TtopoUsLELe-
tou 010 Byhue 0.0.16. ‘Onwe urnopolye va olye, To povtého elvon oe Véon vo npofiédet to 46.6% tev cuVoRxGOY
Tunudtwv "no play" xou to 35.8% twv tunudtov "aimless", oe clyxpion pe to 69.6% nou emtedydnxe ota
Tuuata "goaloriented" (xatnyopia mhetodmeplac).
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Figure 0.0.16: O mivaxog obyynong yio ta xoahOtepa anoteréopota tou ResNet-50 otnv extiunon e
0T0Y0TPOCHAWOTG 010 oUVOAo dedopévwy Pinsoro. [44]

ITewpdppata e Backbone C3D - TSN Apyitextovixy

I var tpooToticoupe Vo Topdy OUUE XAUADTEPX ATOTEAEGHATA, ATOPAGICOHE Vo Yenolponoliooupe éva backbone
dixtuo mou anoteheiton and 3D cuvehixtinée povddes, to poviého C3D [71]. To C3D pmopel va poviehonor-
OEL TAUTOY POV TOTUXES XAl YPOVIXEC TANEOQOplES, YEYOVOS Tou To Bondd cuvilng vo unepéyel oe oyéon ue
dMheg apyrtextovixéc 2D ConvNet oe Bidpopa xodrxovto avdhuone Bivieo. o to newpdpatd pag, Eexwvriooue
TPOTIOTIOLVTAS TLE (Bleg LTEPTIOPAUETEOUE oV Yenoylomolinxay yia to Resnet-50, xou apob Berixaue évay cuv-
BLUCUO TOU TOEHYAYE To XUNDTEPU AMOTEAECUAT, TIC XPATHOUUE oTodepéc Xol TEOoTOCUUE Vo SOUUE av Tal
anoteréopata Yo Behtidvovtay ahhdlovtag Alyo tnv opyitextovixr tou yoviédou. To anoteAéopata mou ey-
gavilovton otov Ilivaxa 2 napdyovton ypnowomowdvtog péyedoc exdvog 112 (to apywd yéyedoc ewoddou tou
povtéhou), tov Behto oot SGD, apyxd pudud uddnone 0.01 ye gamma 0.22 xou Bua peyédoug 6.

To backbone C3D, apyixd tpogodoteitar ue 16 xapé cuvolixd, To onolo Boxiudouue oYX YENOULOTOLOVTOC
v apyrtextovix derypatoindlac TSN, emhéyovtog 2 Tuhpoata tov 8 xapé and xdde i (deiypa). Metd and
QUTYH) TNV AEYIXT) EXTENEDT), ATOPAUCICUUE VO TOOTOTOCOUKE AlYO TO HOVTERO WOTE Vo Umopel var tpopodotniel
HE peyohOtepee eloddoue, xon avti yia 16 xapé cuvohixd, yenowonotioope 32, ywpeilovtde to og 4 Tuiuota Twv
8 xapé 1o xadéva. Ltnyv medTn vhonoinom dev ahhdlope Tov aptdUd TV GUVENXTIXGY UTAoX B TV TAYwS
oLVOEDEUEVWY ETITEDWY, OAAG amhd aAAdEoue TNV €{l00dO TOL TEWMTOU TAHPWS cLVBEBEUEVOL emmédou and 8192
oe 16384, wotbéc0 autd emdelvwoe to anoteréopata. Lt debtepn vAomolnoy ahhdEaue axdua TEPLOGOTERO TIC
eloddoug xat T e€680UC TV BUo TAHPwE cLVEEdEUEVWY emnédwy and 8192 —> 4096 —> 4096 oe 16384 —>
8192 —> 4096.

Yty tehxn) pog vhomoinoy, mou gaivetow oto Lyhua 0.0.17, anogacicoue vo tpocécouue évar axdua Thipwg
ouvdedeUEvo eninedo, TEOXEWEVOL Vo ENeEEPYUTTOVUE TEROLTER Tal YapaxTnetotixd. ‘Etat, ol véeg elcodol xou
€€000L TWV TELOY TAHEWS cLVBEBEUEVWY ETTESKY Thpa elvar 16384 —> 8192 —> 4096 —> 4096.

'Onwe prnopolye vo dolpe and to anotehéopata otov Iivaxa 2, ol apyitextovixés tou dixtiou C3D unepéyouv
onpavVTIXd oe oyéan Pe Ta xaAUTEpa anoteAéopata Tou Resnet-50, avadeixviovtog tn dUvaur twv 3D cuvehix-
TV VELPWVIXGY BxTVwY. Emmiéov, mopatnpolue 6Tl mopdho TOU Ol TWES TWV UETPIXDV HELWINMXOY opyixd
otav auéhoaue Tov aptlud TV ELCEPYOUEVDY XUPE, OTO TENOC XATUPEPOUE VA TIC BEATUOOOVUE TPOTOTOLVTAS
Ta Thipwg cuvdedepéva emineda. Ta xahbtepo anotehéoyato TEoExuday amd TNV TEAXY TPOTOTOMUEVY op-
yrtextovixy) tou C3D, 1 omolo Aapfdvel cuvolxd 32 ewoepydueva xapé, ywetopéva ot 4 turuota, TapdyovTag
€€0d0 LPnhoTeEpNE BldoTaoNC YETA TO TeEAeUTAlO CUVEAXTIXS ETNEBO, AAAG OTY) GUVEYELX YENOLLOTOLEL 3 TAT WS
ouvdedepéva eninedo yia var TN pelwoeL oTadloxd ota TeEAxd 4096 yopoxtneioxd. ‘Ohot awtd odnyoldv oe éva
HOVTENO UE PEYUAUTERO dpldUd TOLOUETEWY TTOU PTopolY Vo exTtatdeuTtoly, Bondovtac to va pddel to épyo oe
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Figure 0.0.17: Apyttextovixn povtéhou C3D pe 32 xopé we eloodo xou 3 fully connected enineda.
C3D
Number of segs Frames per seg FC layers Feature Dimensions Accuracy w. F1 w. Precision
2 8 2 8192, 4096, 4096 61.85 61.24 62.72
4 8 2 16384, 4096, 4096 59.75 57.2 64.4
4 8 2 16384, 8192, 4096 64.15 62.81 65.37
4 8 3 16384, 8192, 4096, 4096 68.52 65.28 72.82
Resnet-50
3 10 52.62 51.98 52.51

Table 2: Eniboon diapopetindy tpononolicewy tou woviéhou C3D yenowonowdvtog v TSN apyitextoviny
oto Pinsoro chvolo dedopévev

vdnidTepo eninedo.

Yto Eyfua 0.0.19 ymopolue vo dolue Tov mivaxo clyyuong yio Tor xohlTepa anoTeAéouota Tou o |y dn-
oav YENOWOTOLOVTAS TNV TelT| Tpontoronuévn apyttextovixr) C3D. ‘Onwe Brénoupe, 1o poviého métuye e&-
oupeTix? amédooT oTNY avayvaplon e TAEodNngic xatnyoplac (oToyeuwévo Touyvidl) xou tautdypova UT-
epdimAaciaoe TNV xavoTNTd Tou Vo avary vwpllel Ty xatnyopia "aimless" oe clyxplon ye to anoteAéoUATO TOU
yenowonolotoay to povtéro Resnet-50. Ilopatnpodue enlong pio pixp nTodaon oty extiunon e xatnyopiog
"no play", mou eivon amotéreopa g onuavtxic adEnong otig dAieg do xatnyopies.
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Figure 0.0.18: Ilivaxoc clyynone yia to anoteréopoto tou C3D otnyv extiunomn e oToYonpOcHAWGONS GTO
cUvoho dedouévwy Pinsoro, yenuonouwdvtag cuvokixd 32 xapé we eloodo xou 3 fully connected enineda.

YOvxpion AnoteAecudTwY

Iot v 0 tohoyiooude xohOTERA TNV ATOBOOT TV APYLTEXTOVIXWY YOS, TIC GUYXEIVOUUE YE TOL ATOTEAEGUOTO TTOU
ropiyOnoay otic perétec [3] xou [7], 800 pehétec Tou avTpeTORIoNY TO TEOPANUA TN exTiunone e oToyo-
npooAwaong 6to clvoho dedouévwy Pinsoro.

Model Comparison

Model Accuracy w. F1 w. Precision

majority class 38 20.55 14.85
ResNet-50 40.52 34.32 35.05
R(2+1)D RGB + Depth [3] 62.49 59.87 59.36
R(2+1)D RGB + Flow (Late) [3] 66.78 65.30 65.32
R(2+1)D RGB + Flow (Early) [3] 68.40 67.11 68.50

- Resnet50-TSN (ours) 5262  51.98 5251
C3DI3D-TSN-original (ours) 61.85 61.24 62.72
C3DI3D-TSN (ours) 68.52 65.28 72.82

Table 3: XUyxpiom enldoomng SLOPORETIXDY UPYLTEXTOVIXDY GTO TEOBANU TNG eXTUNONG NG
oT0Y0TmEOGHAwoNE 0To Pinsoro olvolo dedopévwy.

Ané m obyxpion andédoone otov Iivaxa 3, Brénoupe 6L povo 1 apyttextovixt R(24+1)D pe mpdn odvinin
v 6edouéveov RGB xou ontixig poric uneptepel tou mhauctov C3D-TSN poc. Qotéoo, eivor onuovtind va
avapépouUe OTL 1) LAomolnon uac dev amantel 1600 oxatépyoaoTa dedouéva 600 xou dedopéva omTIXAC poNg,
Tpdyua mou onualvel 6Tl unopel v e€oixovounoel ypdvo 1660 oTn Pdon mpoemelepyaciog 600 xou XAt TNV
exmaldevor. Emmiéov, elvon onuoavtind va onpeidooupe ) onuovtiny Bektiwon otny amdédoon Tou poviéhou
Resnet-50 6tav yenowomoelton pe v apyttextovixyy TSN oe clyxplon ye 10 autévouo Uoviého, xadog n
otoduopévn Badpohoyio F1 audidnxe and 34.32% oc 51.98%. Autd to anotehéopota deiyvouv opyixd toe 1
apyrtextovix) TSN unopel va BEATIOOEL AUTOVOUES aPYLITEXTOVIXES LOVTEAWY Yol ETUTAEOY TWE To poviého C3D
pe tnv opyttextovixr) TSN unopgel vo yepupdoet to xevd petald tng yerone povo axatépyaotov xapé RGB xou
e Xerong téco xoupé RGB 600 %o xopé ontxhc porg.
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IMewpapatind AnoteAéopata otnyv Extiunon BAguuatog

Exnoaidcsuorn tou mhouciouv extipnong PAéppatog oto XOvolo AEcdopévwy
WiDo

IMTpoeneZepyaocio

‘Onwe xou ot ohvoha dedouévewv nou eoTldlouv aTo €pYo NG 0ToYONEOCNAWGNS, T0 cUVolo dedouévewy WiDo
elvou éva Wi tepa amontnund chvolo yio enelepyasia Xt anoteheouotixny exnaldeuor 6To €pyo napaxohovinong
BAéuparog.

Xy npdTn @dom, OTwe xa oTa Teonyolueva 800 cbvola dedopévwy Tou yenoidorotiinxay oTto épyo extiunong
NG OTOYOTEOCHAWONG, TEEMEL VoL BNULOVPYHOOUPE TIC ETULONUELDOEL Tou Yo ypnowdoroinioldy. Ye autd To
oUVOAO BEBOUEVLV, Ta apyEld ETLONUEIDCENY elval o Tapduola pop@h pe To chvoho dedouévwy ASD Games,
omou xdie Bivieo ywpeileton oe ypovixd tufuata pe axpifelo €we xat YLALoo TV Tou deutepoiéntou. (QoTtb600, oTa
TpofAiuata togoxorolUnone BAéupaTog, ol elcodol Tou Yovtélou anotelolvion and cUVEYY xopé Tou PBlvteo,
oo xoL oy Bev avixouy otny Bl xatnyopia. T autd t0 Adyo, To cloTnua apyeiwy pac dev elvar to (Blo
pe autd mou eldope oTo MEOBANUA extiunone eumioxic: €8 amAd e&dyouue dha ta xapé xdde Bivieo oe évav
(pdxeho pe to dvopa Tou Bivteo.

Emniéov, n apyttextovixr Tou goviéhou mou Yo Yenotuomotjoouue o auty T Uehétn elvon mapduoLlo Ue outh
nou potelvetar 670 0.0.14, to onolo déyetan we elcodo 7 cuveydueva xapé xou ntpoAénel To BAéuua Tou yeoalou
xopé. Tt autd To AdYOo, Yiot Vo SNULOUPYICOUUE TIC ETUONUEWDOELS, TEPVAUE amd to xapé xdde Bivieo pe Brua
TWV TEVTE X0, xou dnuLovpyolue xdide delypa emonuelwong va anotehelton and to dvopa tou Bivieo oto onolo
AVAXEL, TO JPYIXO XoPE Ao T EMTE Xal TNV xaTnyoplor oty onola avixel 1 xoteduvon Tou BAéupatog, dnAadt
TNV xatnyopla mov avixel To pecato xopé, 1 onola BeloxeTon omd ToL TUARATO YPOVIXOY CTLYUOV.

‘Onwg €youye Bel o mOANEG pehétec mou mpooeyyilouv To mpoBinua mapaxolobinong PAEuaToc, Yo Vo ov-
TIETWT{OOLY XOAUTERA TO TEOBANUA X0 VoL TPy OUV XAADTERES EXTIUNOELS, Tal BixTUN TEENEL VoL TEOPOBOTOUVTAL
UE CUVEYOUEVES TERIXOTEC TPOCAOTMV TWY UTOXEWEVOV WG ELOEPYOUEVE Xou OYL HE ONOXATpa xope [39, 26, 12].
IMo awtd 10 AOYO, TEETEL Vo GUAAEEOUPE TIC TEPIXOTEG TROCWTWY ARG TO CUYXEXPHIEVO GUVOAO BEBOUEVLY.
Qo1600, MEOXVTTEL Wiot TEOXANON AOYW NS PUONE TWV EMONUEWWCEWY Tou €pyou mapaxololinong Bréuuo-
T0¢ oto oUvoho dedopévwy WiDo oe obyxpion ye dhia cOvolo Bedouévev mou ecTIAlOUY CGUYXEXPUEVO GTO
TeoBAnua topaxohobinone BAéuuatoc. Xto WiDo, ol etixéteg anotehobdvian amd xatnyopiec xatedduvone tou
BAréppatog, eved oe dhha cUVola Bedouévnv anoterolvTal and dlaviouato xatedduvone tou Bréuuatoc. ‘Etot,
070 B6 g cUVOAO dedouévwy dev apxel amhie vo mpoBiédoupe T Soviouata xatedduveng tou Bréuuo-
T0¢, ol Go mpénel emlong va ehéyEoupe o molo xatnyopio and Tic €L avrixel autr N xotevduvorn. T va
BleuxohdVoUUE AT TN CUCYETION PETAED TOU BlavioUATOC BAEUUOTOC XAl TV XATHYOPLWY, OTOPAUCICUUE TEWT
VoL GUYYWVELOOUPE xdmoleg and T xatnyoplec. 'Etol, avtl va éyouue €& Siapopetinés xatnyopleg, Twpa T0
oOvoho dedouévey pag anotehelton and teewc: (i) Kortdlet xdmoto pépoc tou ohpatoc tne untépac, (i) Kortdlet
10 npbowTo TNe untépac xou (i) Kortdler xdmov odhol. Qotéoo, edaxohouvdolue vo ypetalSUocTe T CUVTE-
Taypéveg Tou onueiou exxivnone tou BAEUUATog TOU TTadlo, TOU XEQOMOD TNC UNTEROS XUl TOU CWUATOS TNG

unTépoc.

Xy mpddTn QAcT), Yol VoL AVl VEUCOUKE TO TERLY QU TNE UNTEROS XAl TOL Taudlol e xdde xapé, YeNolLoToloUUE
t0 povtého YOLO [38]. T va yiver i Sudixpion tou o€ noov avixel xéde nhafoto (untépa 1 moudl) Pdoel tev
CUVTETAYHEVWY Ty, in Xdde meplypdupatoc xou molo dtouo elvon ota apotepd. Lo autd 1o Adyo, mpémel vo
elpaote Witepa mpooexTixol xou v Tapaxohoudolue xdie Alyec exatovtddes xapé xdde Bivieo 1 oyetiny
Véomn uetadl TNe UnTépag xou Tou Toudlol ot TEpITTWor Tou oAAGEEL, xadde ota Bivteo dev undpyouv oTadepég
Véoeic pntépoc-tandiol. Aol culhédoupe Ta dlo meplypdupata, yenotwonowolue To mhaiolo MediaPipe [51]
Yo VoL aVLY VEUGOUPE Tal OTUEld 0pOCTUAL TOU TEOGKOTOU X0k TOU OWUATOS xdde atépou xou va e€orydyouUe To
TEQLYPUUUOTO TOU TPOCMTOU XAl TOU CWUIATOS TNG UNTERUS Xal To dpyd onuelo Bréupatog tou toudol. To
apy 6 onueio PAéuUoToc Tou Tawdlol utoAoYILeTal WS 0 LECOC 6POC TWY CUVTETAYUEVLY TOUL 0ptaTEROD xot BeELov
patiol mou Peioxovtal ot onuela opdomnua Tou TEOGKTOV Tou TudLOY. AToUNXEVOUYE AUTES TIC CUVTETUYUEVES
yioe xdde xapé oe éva apyeio avtioTolytone mov aviiotolyel o Bivieo/xopé 6To GUVONO TKV CUVTETUYUEVGY TOU,
To onolo Yo nepdoel 6ToO HOVTERD XaTd TN Sldpxela TNE exnaidevang yia va To Pondnoet va xdvel Tic tpofrédelg
Tou.

Téhog, dnuiovpyolue éva apyelo avtioTolylone mou cuoyetilel xdle xupé Ye TIC CUVTETAYUEVES TOU XEPUAOU
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X0l TOU OOUATOS TNG UNntépag xan To onueio exxiviong tov Bréupatos tou mawdlod. Autd to apyelo mopéyeTo
otov dataloader poli ye ta opyeio eMLONUELOCEWY, £TOL DOTE XAUTA TN BLdEXELR TN EXTALBEVONG VoL TOPEYEL OTO
povtého ta eloepyouevo xopé wall Ue TIC avtloToLYEC CUVTETAYUEVES TWV UECOLWY XOPE.

YAonoinom npoexnadeLuévou povtéhouv Gazed60 yia tnv extipunon BAEupa-
TOog

'Onwe avapépaue oTny TEONYOVUEVT EVOTNTA, TO £0YO0 TNE TEPALTERL EXTALBELVGTC TOU GLVOAOL Bedouéveny WiDo
Y T nopaxohoLUnon BAéupatog umopel va elvon moAd amantnTind Aoy TS PUomMe Tou TEoBARuATOC, Xt
X0 TOU YEYOVOTOC OTL oL eTéteg Oev elvon cuvtetaypéveg xatebuvong. o autd to Aéyo, we enduevo Brua
NG UEAETNG WO BNLoLEYOUNE Eva Topouolo TAaolo, AauBavovTagc OAOXANEO TO TPOEXTALBEVUEVO UOVTEND GTO
oUvolo bedopévev Gaze360, tpoclétovioag T Hovada eAEYYOU BlacTadPMGNS TERLY PUUUATWY Xt doxuudlovtog
nog Yo anodooel, ywplc neputépw exnaldevorn oto clvoho dedopévwy WiDo oto npdfinua nopaxorotinone
BAEUUATOC UE TOL TEQLYPOUUITA XEPAUALOD XL COUATOS TNG UNTERACS.

To anoteléopora Tou npoéxuday Aoy onpavTd BeAtimuéva xou eppavilovtal TopoxdTe:

Accuracy w. F1 w. Precision

68.33 69.36 72.08

Table 4: Enidoon oto mifipws mpoexnawdeupévo povtéro extipnong tou Bréupatoc oto WiDo alvolo
Bedopévev yia 3 xatnyoples.

Elsewhere
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Figure 0.0.19: Iivaxoc olyylong vy tny extipnon Bréupotoc oto WiDo 60voho SeBouévmy yenolponoudvtog
3 xatnyopleg xou To TAHEKS TpoexToudeLPEVO povtého Gaze360.

‘Onwe BAémouye, 1 axpifeia mou emitedydnxe XL oTIC TEELC Xatnyoplec €xel BeATiwdel onuavTind, uTodelviovTag
Twg 1 VAomoinon Tou dxtbou Yog uropel va yenowonondel yio éva 1660 anontnTnd €pY0, OTWE AUTO.

Extipnon BAéppatog ypnowponoiwviag 4 xatnyopieg

Qoté00, v va dlepeuviooude TeparTépe Tol LOTRot PAEUUATOC TV ToUdLOY TOU BEV AVATTUGCOVTOL TUTILXG,
Yo ypelaotel enione vo eEETACOVUE OTIC UEAETES MG TOCO ECTIACUEVD ELVOL GTO €pYo/avTIXE(UEVO UE TO oTolo
aoyoholvton. Autd eivon onuavtind, xadoe to toudid pe avtiopd (ASD) telvouv va ydvouv Ty eotioon and v
OAANAETBPUOT XoU VoL ATOCTWVTOL TILO EUXOAN Ad AN avTixelueva o oy€om Ue T ToudLd OV AVUTTUGCOVTAL
xovovixd. I'iot autdv Tov Aoy, Thpa dionpolue Tepatépw TNV xatnyopta «Kdnou aAlol» mou yenoonotooye
oTNV TEONYOUUEVY EVOTNTA, Xl TO TRPOBANU Hoc anotelelton and Tic e€Xc Téooeplc xotnyoplec:
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Extetopévn nepihndn ota Exknvixd

1. Aev xoitdlel xdmou ouyxexpuéva § v xduepa / Koitdlel éva avtixeluevo mou ypnowonotel pévo to
moudi xon 6y 1 pntépa (Néa xotnyoplor "Kdmou ahhod™)

2. Kowtdlel éva avtixelyevo mou ypnowdonolelton otny olnienidpaon ue ) pntépa
3. Koutdlet xdnoto pépog Tou oOUATOE TS UNTERaC

4. Koitdlel 1o xe@dhl tne untépoc

Exnaidsuorn YOLO yia aviyveuorn avTiXELUEVLY

INo vo unopécouvye vo cuveyioouye Pe Tov 0Toyo Wog va teoPBiédoupe to BAéuuo tov nadwy pe Bdon tig 4
TEOTYOLUPEVES XaTNYopleg, TpoxinTel éva npdPfinua. To npdPfinua elvon 6Tt To cuYXEXEWEVO GUVORO BEBOUEVLY
OEV TEPLEYEL TIC CUYXEXPULEVES CUVTETAYHUEVES TV AVTIXEWEVWY OV Yenollonolodvtal otny exodva. ‘Etot, yio
VO UTIOPEGOUNE VoL BIEPEUVHCOUUE TO TTROBANUN YOG YENOHLOTOLOVTAS TN HEY0D6 ag Tou TEQLYRAPETOL GTO Ly fud
4.2.2, Ya yperootel vor GUANAEEOLUE TIg GUVTETAYUEVES TwV Touy VIBLWY. 1Mo var 1o tethyoupe autd, ohoxAnedvouue
emnhéov exnaideuon oto povtého yolo, BNULOUEYMVTIS Ta BId oS Wxed cUVOIY BEBOUEVOV TWV AVTIXELUEVLV
Tou YENOLUE VoL VLY VEVCOUUE, YENOLLOTIOLOVTAS EXOVESC Tou emionpaivoupe ol (Blot. Ipaypatonolobye authy
TNV aviyveuon avTxelpévwy oe didpopa TuApaTa Bivieo 5 maudidv and to ohvolro dedopévwy WiDo.

Arnoteléopata Extiunong BAEuuatog o 4 xatnyopicg

Agot éyoupe mpoeneepyaotel ta Selypato xou CUAAEEEL TIC AMALTOUPEVES cLVTETAYPUEVES, doxiudloupe Ty (Blat

apyttextovixy dixtbou énwe oty mponyoluevr evotnta. To anotehéoyota nou mapdyovtan eygavilovior 6to
Syua 0.0.20.

Elsewhere

Toy

True Label

Mother's body

Mother's head

2 iy
< 5°
\‘\
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Figure 0.0.20: AnoteAéopota mou mapdydnxay yia aviyvevon BAéupatoc oe T€00eple xatnyoplec 610 GUVOAO
oedouévev WiDo.

‘Onwe BAémouye, 10 BixTuo omodidel TOAD xahd, xotapépvovTag vo dlaxpivel Ta delypota petafd Twyv Tecodpwy
BLUPOPETIXWY XATNYORLOY HE VYNASG TocooTd. Ol Tiéc Twv YeTpixody mou emtelydnxay e auvth ) pédodo
epgoviCovtan otov Ilivoxa 5, e toAd udgmhi axpiBeto 69.24% xan évo Luyiopévo F1 score 72.34%. Eivou xplowo
vou yvewptloupe av to toudi xottélet To mouyvidt (avtixeiyevo alknhenidpaonc) ¥ xdnoto dhho avtixeipevo Yipw, xou
O ATAOS oy XOLTALEL XATOLO UEEOS TOU GHOUATOS TNS UNTEROS TOU, xodde autde elvan évog Tpdmoc va daxpivouue
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o ToudLd pe ASD amd tor xavovixd avoamtucodpeva, xodde TeElVouv va amoomdvTot ToAD UXO0A omd dAAa
avtixelpeva 1) avipmroug oto TepBdhhov Toug. ‘Etol, 6nwg gaiveton and tov mivoxa alyyuong, EmTuYyEvouue
éva ToAD udmMAo6 Tocooté 80.5% oty aviyvevon tne xatnyopioc "xdmou akhol", Tou UTOBEIXVVEL TIC GTLYPES
nou to moudi anoondron. Iopdha autd, to wovtého dev eivon axodua téhelo, xadde To TEdPAnua topaxololinong
Brépparog, edixd oe Bivieo 6mou undpyel peydhn xivnor and Toug avilp®Toug Tou GUUPETEYOLY, UTopel Vo elval
Wiadtepa anoutnTind. o mopddetypa, pnopel Vo UTEEYOUY CTIYUES TOU TO AVTIXE(UEVO TIOU AMOGTA TNV TEOCOY T
va Beloxetan tlow and To manyvidl X T untépa, ondTe, nopdro Tou To BAéuua TapdYETUL OWO T, To Belyuo UTopet
vo to€ivopniel Aaviaopéva oe dAAN xotnyopld.

Accuracy w. F1 w. Precision

69.24 72.34 80.50

Table 5: Enidoon tng nifpwe npoexnandevuévne apyttextovixnc extiunong tou BAéupotoc oto WiDo alvolo
Bedopévv ywplopévo oe 4 xatnyoplec.

Yto EyAua 0.0.21 napoucidlovye pepixéc and Tic tpoPAédeic BAEUUATOS TOU TapdyoVToL omd AUTAY TNV PYLTEX-
Towxr 670 TEOBANUL Tou amoteheitan and TECOEPLS XATNYORIES, YPNOULOTOLWVTAS X0pE Amd DLUPOPETING ToUdLd.
‘Onwe BAénoupe, ou tpoPAiedelg elvon apxetd axplBelc, x4t mou eivon amopaitnTo, EWBXE Yiol TEQITTWOELS OTOV TO
mAaiolo elvol uxpdTepo, OTWS VLol TUEADELYUA TO XEPAAL TNC UNTERIC.

Figure 0.0.21: Anoteléoparta mou nopdydnxay yio Tnv aviyveuor PréUpatog o TECOEPLS XATNYORIEC OTO
oUvolo dedopévwy WiDo.

IMewpapatind AnotesAéopata yio T 2uyywvevorn Extiunong
Ytoyonpocniwong xou BAEuuatog

Agot viomojoaye to dixtuo Engagement Plus Gaze mou mpotelvaye, to onolo ouvdudlel to yapaxtneio Tixd
aviyvevone Bréppatoc and to povtéro BAéupatoc, uall Ue To YOpUXTNELOTIXE OTOYOTPOCHAWONG TOU Tapd-
YOVTOL OO TNV APYLTEXTOVIXT| TOU LOVTENOL GToYOTpoaihwong, cuveyilouye e Tic doxéc. ‘Onwe avapépoue
TEONYOUHEVWCS, TO SOXILICUUE YENOLLOTIOLOVTOS DLUPORETIXES TEYVIXES CLYYWOVELOTC, SuUTERLAAUBovVOUEVNC TNS
CUYYWVEUCTC TV YOQUXTNPIOTIXOY UE TA AMOTEAECUATO TOU TUEAYOVTUL UETE TNV OE)ITEXTOVIXY, TELV TEO-
podotnolv oto tsn head, ahhd Ta xahbtepa anoteléopato mapdydnxay Ue TV LAomolnomn Tou QafveToal GTO
Syhua 0.0.15. O mivaxag obyyvone yio autd ta xahbtepa anoteréopata eppaviletor oto LyAue 0.0.22.
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Extetopévn nepihndn ota Exknvixd

Goaloriented 12.7%

No play 21.6%

True Label

Aimless 25.0%
@5 Q\fo‘\ \e@"
‘\?}\ o \<°
© N v
&

Predicted Label

Figure 0.0.22: O nivaxog clyyuong yio T xoahOTERA OTOTENEGUATO TTOU TOEAYUNXAY YPNOLLOTOUIVTAS TO
nhadoto EngagementPlusGaze oto cOvoho dedopévemv Pinsoro [44].

‘Onwe Brénovye, 1 xatovopr] Twv teoBAédewy €xel Behtiwdel onpavtixd. Hapdho mou nopatneoldue yelworn otny
axpifBeta TNg xotnyoplag "tpocavatohlouévng oto 6téyo0", autod eicoppomneltan amd TRV alENOY TNG XATAVOURC
yioe Ty xatnyopla "ywplc mouyvidt" (no-play), n onola fray Tohd younih ota Tponyolpeve anoteléopota. Auth
N ab&nom elvor TOAD onpavTixny, xotodg To dixTuo umopel va Blaxpivel Tig Tpelc xatnyopleg ye ueydin BeBadtnro.

Ytov Illvoxa 6, pmopodue vo SOUUE TO AMOTEAECUITO TWV UETEXOY Tou poviélou Engagement Plus Gaze
oe oUyxplom Ue To yovtého g Evétnroc 4.4, émou to poviého aviyvevone BAEupatoc dev mepthoyufovotay.
Mmnopolue va mapatnericoude o uelworn otny axpifelar xou Ty precision, xuplwg Aoyw g uelwone oty
xoTnyoplol TPOCAVATONGUEVY 0TO 0TOYO, 1 onolo €xel T meptocdTepa delypata. 20tdoo, T0 O oNUAVTIXS
anotéheopa elvar 1y al&nom tne Tiung tou Luylouévou F1 score, mou elvon 0 xbplog Belxtng YeTEIXAS UoC.

Model Comparison

Model Accuracy w. F1 w. Precision
C3DI3D-TSN-original (ours) 61.85 61.24 62.72
C3DI3D-TSN (ours) 68.52  65.28 72.82
C3DI3D-PlusGaze-TSN (ours) 66.25 66.15 67.95

Table 6: LOyxpion emBOCEWY TWVY TEUOY DLAPOPETIUDY HAS APYLITEXTOVIXWY 01O TEOBANUA TNE eXTUNONE TNG
0T0Y0TmEOGHAWONE 0To Pinsoro alvolo dedopévwy.
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Chapter 1. Introduction

Studying child interactions is crucial for understanding how children develop social, emotional, and cognitive
skills, particularly in early childhood. Interactions with caregivers, peers, and teachers help shape a child’s
ability to communicate, solve problems, and build relationships. In recent years, Child-Robot Interaction
(CRI) has emerged as an important area of research, offering new insights into how children engage with
technology. Robots designed for educational or therapeutic purposes can serve as interactive partners, helping
children learn through play and social exchanges. Key to these interactions is the child’s engagement, which
is a valid indicator of how focused the child is during its interaction and how different approaches change
its behaviour. Engagement from a visual perspective is often measured through behaviors like gaze, which
indicates attention and focus. Gaze patterns reveal how children process information and their level of
involvement in the interaction. Understanding engagement and gaze in both human and robot interactions
can enhance the design of interventions that foster learning, socialization, and emotional development. This
knowledge can lead to improved outcomes in education, therapy, and child-robot collaborations, but also
in observing children with autism spectrum disorder (ASD) and how they interact differently compared to
normally developing ones. Children with autism often face challenges in social engagement, communication,
and attention, and robots designed for educational or therapeutic purposes offer a unique, non-judgmental
platform for interaction. These robots can be programmed to adapt to individual needs, helping children
with autism practice social behaviors in a structured, controlled environment, as well as possibly identifying
them.

1.1 Engagement in Child-Robot Interaction

Engagement, in a general sense, refers to the degree of attention, curiosity, interest, and involvement that an
individual exhibits in a particular activity or interaction. It’s a multidimensional concept that can involve
emotional, cognitive, and behavioral components, where the individual is actively participating or mentally
invested in the task at hand. Engagement is crucial for productivity and success in various contexts, from
education and work to personal relationships. In learning, for instance, high engagement typically leads to
better knowledge retention and skill acquisition, while disengagement can hinder progress and development
[62].

Engagement in CRI, is a state in which a child exhibits interest, curiosity, and enthusiasm during its interac-
tions with a human or even a robot [6]. This involves the child focusing their attention on the robot’s actions
and interactions, actively participating by initiating or responding to the robot’s prompts. In addition to
that, engagement is also characterized by an emotional response, such as laughter, smiles, or expressions of
empathy, which indicate a deeper connection with the experience. Moreover, a key aspect of engagement is
persistence, where the child continues to interact over an extended period, demonstrating sustained interest
and involvement. There can be lots of positive outcomes from the child being engaged when interacting with
others including facilitating the child’s learning and exploration of new ideas, concepts, or skills, ultimately
contributing to their productivity, satisfaction, and well-being. An important goal in the engagement task is
to reach a point where a robot can correctly identify the level of engagement, just like it has been achieved in
other tasks, like the creation of a CRI system with the joint capability of both action and emotion recognition
[22]. That goal can be challenging as engagement is an internal mental state and cannot be easily directly
observed [46], since the observing robot stays confined to the exploitation of external vision or audio cues to
estimate its level [29, 18].

1.2 Gaze tracking

Gaze tracking is a powerful tool in understanding and analyzing visual attention patterns. By monitoring
and recording the direction and focus of a child’s gaze, researchers can gain insights into various cognitive
and social processes, such as how children perceive and interact with their environment. In the context of
developmental studies, gaze tracking can reveal important aspects of a child’s social communication skills,
attention span, and learning behaviors [55]. Usually, in order to tackle the gaze tracking problem successfully
and with high precision, large tracking devices and experimental set-ups are required [41]. For these reasons,
in our study we are going to focus on approaches that are based on video recordings during live interactions.
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1.3. Autism Spectrum Disorder (ASD)

These kind of methods for gaze estimation have not yet reached peak performance, even though in recent
years, methods for related human modeling problems, like 2D body pose and face tracking have achieved
impressive success by leveraging the representational power of deep convolutional neural networks along with
very large annotated datasets [11, 27, 34]. This is primarily due to the nature of the gaze tracking in the
wild task, where there might be partial or total occlusion of the person’s eyes or even the face, making it
extremely hard for the modeling mechanisms to learn and predict on them. In addition, for the specific task
to be tackled successfully there also needs to be precise and highly varied collection of gaze data with ground
truth, particularly outside of the lab, which usually is a challenging deed.

1.3 Autism Spectrum Disorder (ASD)

Like mentioned before, there might be lots of positive outcomes by being able to study successfully child
interactions. One of them might be to be able to build frameworks that identify successfully children with
Autism Spectrum Disorder. Autism Spectrum Disorder (ASD) is a complex neurological and developmental
disorder characterized by challenges in social communication, interaction, and a tendency toward restricted
and repetitive behaviors. Autism manifests differently in each individual, with a wide range of symptoms
and severity levels, making it a spectrum disorder. Common signs include reduced eye contact, limited facial
expressions, difficulty understanding social cues, and atypical responses to sensory stimuli. These social
communication deficits can lead to significant difficulties in forming relationships, engaging in typical daily
activities, and succeeding in traditional educational settings.

The early detection of autism is crucial for several reasons. Early intervention has been consistently shown
to improve developmental outcomes in children with ASD [77, 86]. By identifying the disorder during the
critical early years of brain development, targeted therapies and educational programs can be implemented
to address specific challenges. These interventions can significantly enhance a child’s communication skills,
social interactions, and overall quality of life, reducing the long-term impact of the disorder.

Moreover, early detection allows families to better understand their child’s needs, access appropriate support
services, and make informed decisions about their education and care. It also helps in alleviating parental
stress by providing clarity and direction, enabling parents to actively participate in their child’s developmental
journey.

Given the profound implications of autism on an individual’s life, as well as the societal and familial levels,
early diagnosis is not just beneficial but essential. It lays the foundation for interventions that can alter the
trajectory of a child’s development, fostering greater independence and integration into society. Social robots
have already been introduced in the process of identifying children with Autism Spectrum Disorder (ASD)
or learning difficulties to tackle consequences and challenges of such disorders [74, 40|, and not only that,
but also there are promising results in the use of robots in supporting the social and emotional development
of children with ASD [70, 69, 2]. As research continues to evolve, developing more accurate and accessible
early detection methods remains a top priority in the field of autism research and care.

1.3.1 Engagement in Detecting Autism

Engagement plays a crucial role in detecting autism, as children with autism often exhibit difficulties in
social communication and interaction, such as reduced eye contact, limited facial expressions, and challenges
in responding to social cues. Additionally, it is common for them to demonstrate atypical gaze patterns, such
as reduced attention to social stimuli like faces or a tendency to fixate on specific objects rather than people.
Engagement recognition technologies offer a promising approach to detecting these behaviors, providing
objective and quantitative measures of children’s social and communicative behaviors. These technologies
offer a resource-efficient screening method, allowing for a cost-effective and scalable approach to screening
large populations of children, making early detection of autism more accessible and widespread [17, 53].
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Chapter 1. Introduction

1.3.2 Gaze tracking in Detecting Autism

The technology of gaze tracking can be potentially extremely valuable in identifying atypical gaze patterns
that may be indicative of developmental disorders, such as autism spectrum disorder (ASD). For instance,
children with ASD often exhibit unusual gaze patterns, such as reduced eye contact or more focus on objects
rather than people. Gaze tracking in video analysis allows for the objective measurement of these behaviors,
providing a non-invasive and precise method for assessing a child’s engagement and social interaction in
naturalistic settings [35, 50]. As such, it holds significant potential for early detection, intervention, and the
overall understanding of developmental trajectories in children.

1.4 Goals and structure of this study

All the above demonstrate the importance of both the engagement estimation and gaze tracking in video
interactions of children. They are technologies that can be proved extremely valuable both as standalone
implementations, but also as part of a bigger picture, when used as tools in identifying developmental
disorders, such as autism spectrum disorder (ASD). For this reason, this study aims in investigating how
the engagement recognition and gaze tracking tasks can be used on visual datasets, in what ways their
performance could possibly be further improved, and how could the gaze tracking help complement the
engagement implementation in order to produce better results.

We try to achieve our main goal of enhancing the children engagement estimation using gaze tracking data
by taking the following steps:

1. A lot of information is gathered about each problem separately, including previous methods and algo-
rithms used to tackle them, like spatiotemporal hybrid networks and multi-feature fusion implementa-
tions.

2. We build a robust engagement framework consisting of a 3D ConvNet implemented using the Temporal
Segment Network (T'SN) architecture.

3. We use an already pretrained gaze tracking network, integrating it on a more general and into the
wild gaze tracking problem focusing on child interactions with their mothers, which consist of having
bounding boxes as labels and not the coordinates of the gaze direction, that are formally used.

4. After tackling successfully both the engagement recognition and gaze tracking tasks separately, we
decide to use the gaze tracking network to further improve the results on the engagement estimation
problem.

This thesis is separated in 5 chapters. Below, follows a brief summary of their contents.

e In chapter 1, the focus of this study is introduced, which centers on Engagement Estimation and Gaze
Tracking during children’s interactions, why they should be improved and how they can help in different
areas.

e In chapter 2, the theoretical background of this study is presented, explaining important structures,
methodologies and models used in similar Computer Vision problems, as well as algorithms and practices
used in the training of Machine Learning models.

e In chapter 3, an extensive study of related work on the areas of engagement recognition and gaze
tracking is presented, featuring different model architectures and implementations built and how they
try to tackle each one of their respective tasks.

e In chapter 4, first we present the methods that we propose to tackle the Engagement Estimation and
Gaze Tracking problems. Those include an engagement estimation architecture consisting of a backbone
and the TSN method, a gaze estimation implementation and finally a combined engagement and gaze
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1.4. Goals and structure of this study

implementation that fuses gaze tracking and engagement data. Then we analyze the experiments
that were conducted in this thesis and the results that they produced are presented. Those include
a high level performance on the engagement estimation problem that is up there with other recent
architectures, an accurate gaze estimation on children into the wild and a further improvement of the
engagement estimation performance by fusing the engagement and gaze tracking networks.

In chapter 5, a synopsis of this study is conducted, presenting the conclusions of the experimentation
with these two fields and the model architectures that were constructing, and additionally suggestions
are made about possible future research work that can be conducted based on the presented work.
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Chapter 2. Theoretical Background

2.1 Convolutional Neural Networks

2.1.1 The neuron

The fundamental processing unit of a Neural network, the neuron, is inspired from the observation of the
brain’s formation. So just like in the brain where the neurons form a complex, highly interconnected network
and send electrical signals to each other to help humans process information, the neurons of the neural
networks work together on a common problem, using computing systems to solve mathematical calculations.
Specifically, a neural network’s neuron processes a local patch of input data, uses learnable weights to compute
a weighted sum also adding a learnable bias, applies an activation function, and contributes to the formation
of feature maps. The activation function that is being applied interprets the result and presents it in a
meaningful way, often introducing non-linearity into the network, allowing it to model more complex patterns.

| f —»

@“’\‘
(Inputs)—

(Summation function)

predicted

(Activation function)

(Weights)

Figure 2.1.1: The neuron architecture, the neuron takes the weighted sum of the input data and the
learnable weights, adds a learnable bias, applies an activation function and produces the final output from
[67].

Activation functions

Like mentioned above, activation functions are functions that are applied to the weighted sum of the input
signals with the weights of the neuron and often they introduce a non-linearity to the computation of the
result. Some activation functions that are usually used are:

ReLU Currently the most used in the world, ReLu thresholds at zero by outputting:

f(z) = max(0, x) (2.1.1)

This function is easily implemented and eliminates the problem of the saturating gradient. An issue with
this function is that all the negative values given as input become zero immediately, which in turns affects
the results by not mapping the negative values appropriately.

Leaky-ReLU Leaky-ReLU tries to encounter the issue with ReL.u by multiplying the negative inputs with
a small constant, instead of completely zeroing negative inputs:
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2.1. Convolutional Neural Networks

f(z) =Kz < 0)(ax) + ¥(x > 0)(x) (2.1.2)

Sigmoid This activation function is mainly used, due to the fact, that it exists between 0 to 1. Therefore,
it is especially used for models where we have to predict the probability as an output. Since probability of
anything exists only between the range of 0 and 1, sigmoid is the right choice. Its formula is the following:

(2.1.3)

An issue with this function is that it can cause a neural network to get stuck at the training time.

Tanh The tanh function is an improved version of the sigmoid one, but being zero-centered as shown in
2.1.2. Tanh maps input to the range [—1, 1], instead of [0, 1], with the following formula:

tanh(z) = so(2z) — 1 (2.1.4)

—Sigmoid |

f(x)

Figure 2.1.2: Sigmoid vs Tanh activation functions from [24].

However, it still may cause the gradient to saturate.

2.1.2 Neural Networks

Neural Networks [43] are consisted of layers of interconnected neurons, which work together to process input
data, recognize patterns, and make decisions or predictions. The first of the layers, which receives the raw
data is the input layer, followed by multiple intermediate layers, called Hidden Layers, where neurons process
inputs independently and detect patterns. These layers perform transformations on the data and are not
directly observable from the outside. Finally, the final layer, called the output layer, produces the network’s
predictions or decisions and its structure depends on the task (e.g., classification, regression). In order for
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the weights of the neural networks to be updated according to the backpropagation algorithm, the gradient
of the loss is needed. The loss is calculated using a loss function, which compares the output of the last layer
to the ground truth.

Loss functions

The generalized equation for the loss function is:

J(w”,b) = L(§?,y™) (2.1.5)

NE

1
ms

1

where w are the weights, b the bias, m is the total number of training set data points, g is the prediction
and y is the ground truth.

Mean Squared Error The most popular loss function calculating the difference between the actual value
and the predicted value, squaring it and in the end taking the mean of it:

m

1
MSE = E Z(y(wtual - ypredicted)2 (216)

=1

Its disadvantages are that it is affected by outliers and that it can’t be used to interpret or compare directly
with actual value.

Cross Entropy Loss The Cross Entropy Loss is a loss function especially used for classification tasks,
measuring the difference between two probability distributions: the predicted probability distribution and the
actual distribution of the labels (often represented as one-hot encoded vectors). For each class, it calculates
the negative log of the predicted probability corresponding to the actual class and sums these across all
classes:

L= nyi log(9;) (2.1.7)

The fact that it is a smooth and differentiable function which provides useful gradients for learning and is
more effective in handling class probabilities makes it preferable in classification tasks compared to other loss
functions, like mean squared error (MSE).

Optimization - Gradient Descent

Optimization is the process of adjusting the parameters of a model (weights) in order to minimize or maxi-
mize some objective function, typically the loss function. This can be achieved using Gradient Descent, an
optimization algorithm which tries to minimize a function by iteratively moving towards the steepest descent,
as defined by the negative of the gradient.

0=0—nVyJ(0) (2.1.8)
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where 7 is the learning rate. Gradient Descent is the procedure of repeatedly evaluating the gradient and
then performing a parameter update.

Backpropagation Algorithm

The backpropagation algorithm is a widely used method for training artificial neural networks by minimizing
the error between the predicted output and the actual target output. It involves computing the gradient
of the loss function with respect to each weight by the chain rule, efficiently propagating errors backward
through the network layers. This process allows the model to adjust its weights to reduce prediction error,
ultimately improving its performance, as in large neural networks the relationship of some weights and the
loss function is very hard to find. The Backpropagation algorithm works by two different passes, that are
repeated for some epochs, the forward pass and the backward pass.

In the forward pass, we start by propagating the data inputs to the input layer, go through the hidden layer(s),
measure the network’s predictions from the output layer, and finally calculate the network error based on
the predictions the network made. Once the network error is calculated, then the forward propagation phase
has ended, and backward pass starts.

In the backward pass, the flow is reversed so that we start by computing the gradient of the loss function with
respect to the output, then applying the chain rule is iteratively to compute the gradient of the loss function
with respect to each layer’s parameters and inputs and in the end the gradients are propagated backward
through the network to update the weights.

\
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Figure 2.1.3: The forward and the backward pass from [64].

So, firstly we compute the Gradient of the Loss with Respect to Output Layer Weights:

0L; oL, 00

Woutput 00 Wowiput (2.1.9)

where L the loss, W the weights and O the output.

And then we propagate the error backwards using the chain rule, so for a hidden layer h we have:
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dL;  9L; 90 Oh
Wy~ 90 dh oW,

(2.1.10)

Regularization

The goal of a neural network is to learn a correspondence of input to output from training data and apply it
on test data. Thus, it is important to be able to generalize its weights and not learn specifically the examples
from the training data. When a model learns the noise and details of the training data to such an extent that
it performs poorly on new, unseen data it is called overfitting. Regularization is a technique used in deep
learning to prevent overfitting, by adding a penalty to the loss function during model training, discouraging
overly complex models and encouraging simpler, more generalizable models. Specifically, it adds an extra
component to the loss function which prevents the weights from increasing excessively their magnitude and
thus update in a less flexible way.

L1 regularization In L1 regularization, for each weight w we add the term A\;|w| to the loss function. It
has the intriguing property that it leads the weight vectors to become sparse during optimization (i.e. very
close to exactly zero). In other words, neurons with L1 regularization end up using only a sparse subset of
their most important inputs and become nearly invariant to the “noisy” inputs. In practice, if you are not
concerned with explicit feature selection, L2 regularization can be expected to give superior performance over
L1.

L2 regularization L2 regularization is perhaps the most common form of regularization. It can be im-
plemented by penalizing the squared magnitude of all parameters directly in the loss function. That is, for
every weight w in the network, the term %)\w2 is added to the loss function where A is the regularization
strength. The factor of % is used so that the gradient of the term is simple Aw. The L2 regularization has the
intuitive interpretation of heavily penalizing peaky weight vectors and preferring diffuse weight vectors. This
has the appealing property of encouraging the network to use all of its inputs a little rather than some of its
inputs a lot. Additionally, during gradient descent parameter update, using the L2 regularization ultimately
means that every weight is decayed linearly:w+ = —\ X w towards zero. It is possible to combine the L1
regularization with the L2 regularization: \i|w| + Aaw?.

Dropout Dropout [Sriv+14] is a popular technique for regularizing neural networks. During each training
iteration, the network randomly "drops out" a fraction (dropout probability) of neurons (along with their
connections) from the network. This forces the network to learn more robust features and reduces the
likelihood of over-reliance on specific neurons or paths through the network. It can be thought as sampling a
Neural Network within the full Neural Network, and only updating the parameters of the sampled network
based on the input data.

Data Augmentation A technique where additional training examples are created by modifying the original
training data (e.g., rotating, flipping, or cropping images). It helps the model generalize better by learning
from a wider variety of examples, thereby reducing overfitting. Often it is performed in less populated
categories of the training dataset in order to close the gap on the difference with the majority categories.

Batch size

The batch size is a critical hyperparameter that refers to the number of training examples utilized in one
forward /backward pass through the model. So, the model first makes its predictions to all the samples of
each batch and after it is finished with that calculates the error by comparing the expected output variables
with the predictions. The value of the batch size can vary and choosing the appropriate one affects the
model’s performance, training time, and how well it generalizes to unseen data. A small batch size provides
a more accurate estimate of the gradient and helps avoid local minima by introducing more noise in the
gradient descent process, but also results in slower training due to less efficient computation and requires
more frequent updates to model parameters. On the other hand, a large batch size makes full use of parallel
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hardware architectures, leading to faster computation, and also provides smoother and more stable gradient
updates, but can lead to poorer generalization due to smoother loss landscapes and potentially getting stuck
in sharp local minima.

2.1.3 Convolution

Convolution [25] is a mathematical operation applied on two functions (such as a filter or kernel and an
input) to produce a third function that expresses how the shape of one is modified by the other. In simpler
terms, it is a way of applying a filter (or kernel) to an input to create a feature map that highlights certain
aspects or features of the input. Formally, in discrete 2-D convolutions the value of an unit at position (x,
y) in the jth feature map in the ith layer, denoted as vij, is given by the following formula:

v = tanh(by; + Y Z Z w? J*ﬂfﬁ*‘”) (2.1.11)

m p=0 ¢=0

where tanh is the hyperbolic tangent function, b;j is the bias for this feature map, m indexes over the set
of feature maps in the (i - 1)th layer connected to the current feature map, wffk is the value at the position
(p. q) of the kernel connected to the k;h feature map, and P; and @Q; are the height and width of the kernel,
respectively.

The kernel is spatially smaller than an image but is more in-depth. This means that, if the image is composed
of three (RGB) channels, the kernel height and width will be spatially small, but the depth extends up to all
three channels.
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ource pixel 0 | A 3 0
510 7]
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Figure 2.1.4: Convolution Visualization. The filter (kernel) is applied on an area of the input every time
calculating a single point of the feature map from [9].

The convolution operation is used in CNNs to process an image and recognize on it specific characteristics.
Unlike a regular Neural Network, the layers of a CNN have neurons arranged in 3 dimensions: width, height,
depth. The neurons in a layer will only be connected to a small region of the layer before it, instead of all of
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the neurons in a fully-connected manner. A simple CNN is a sequence of layers, and every layer of a CNN
transforms one volume of activations to another through a differentiable function. The types of layers used
to build a CNN architecture include: Convolutional Layer, Pooling Layer, and Fully-Connected Layer.

fc_3 fc_a
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | /—A
5 x 5) kernel : 5 x 5) kernel ' .
:fa.l'jﬂ ;adding Max-Pooling |£a.'id g.ladding Max-Pooling . (with
(2x2) (2x2) AP dropout)
INPUT . nlchannels nl channels n2 channels n2 channels || E g
(28%28 x 1) (24 x 24 x nl) (12 x 12 x n1) (8 x 8 xn2) (4x4xn2) | oUTPUT

n3 units

Figure 2.1.5: Convolution Network architecture from [64].

Due to the large number of pixels in an image, every neuron has a receptive field and is applied only to the
corresponding layers. Therefore, it has w x h X ¢ number of weights, where w x h is the receptive field and
c¢ is the number of channels of the input image. That’s why convolutional neural networks do not detect
as sufficiently as attention mechanisms contextual information. The depth of the filter in each kernel, for
example nl and n2 in Figure 2.1.5 indicates that there are multiple neurons applied to the same patch of the
input image. Therefore, the output image is also 3-dimensional with a depth equal to the depth of the filter.
The purpose of multiple stacked filters is to detect multiple characteristics with one convolutional layer. Even
though every neuron has a specific receptive field, by shifting the filter and computing the output of every
patch there is not need for multiple neurons for every patch of the input image. The shifting is specified
by the stride of the filter which indicates how many pixels the filter is slided across the image before it is
reapplied. Additionally, another important hyperparameter is the padding, which can play an importat role
in controling the output dimensions even more. It refers to adding extra pixels around the input image,
usually zeros, which results in the increase of the final feature map compared to using no padding. Finally,
assuming if we hace an input of w x w x D and Dout number of kernels with a spatial size of F with stride

S and amount of padding P, then the size of output volume can be determined by the following formula:
W—F+2P
e aac e T

S

2.1.4 Pooling layer

The pooling layer is used to replace the output of the network at certain locations by deriving a summary
statistic of the nearby outputs. This helps in reducing the spatial size of the representation, which decreases
the required amount of computation and weights. The pooling operation is processed on every slice of the
representation individually.

There are several pooling functions such as the average of the rectangular neighborhood, L2 norm of the
rectangular neighborhood, and a weighted average based on the distance from the central pixel. However,
the most popular process is max pooling, which reports the maximum output from the neighborhood.
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2.1.5 Batch Normalization

Batch normalization is used to standardize the inputs to any particular layer. That entails the input to have
zero mean and unit variance. BN layer transforms each input in the current mini-batch by subtracting the
input mean in the current mini-batch and dividing it by the standard deviation. However, it is not proven
that the models performs better with zero mean and unit variance. It might perform better with some other
mean and variance. Hence the BN layer also introduces two learnable parameters y and 3 which adjust those
parameters.

2.1.6 Fully connected layer

In the fully connected layer the neurons have full connectivity with all neurons in the preceding and succeeding
layer as seen in regular FCNN. This is why it can be computed as usual by a matrix multiplication followed
by a bias effect. The FC layer helps to map the representation between the input and the output.
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2.2 Temporal Segment Network

Temporal segment network, first introduced in [75], is a video-level framework that tries to resolve the problem
of complex actions, such as sports actions, taking place on multiple stages spanning over a relatively long
time, by utilizing the visual information of entire videos to perform video-level prediction.

2.2.1 The Framework

The temporal segment framework like other spatiotemporal methods is also composed of spatial stream
ConvNets and temporal stream ConvNets. But instead of working on single frames or frame stacks, temporal
segment networks operate on a sequence of short snippets sparsely sampled from the entire video. Each
snippet in this sequence will produce its own preliminary prediction of the action classes. Then a consensus
among the snippets will be derived as the video-level prediction as shown in Figure 2.2.1. In the learning
process, the loss values of video-level predictions, other than those of snippet-level predictions which were
used in two-stream ConvNets, are optimized by iteratively updating the model parameters.

Video Snippets Temporal Segment Networks

High Jump

Class Score
Fusion

— ——— — e

Figure 2.2.1: Temporal Segment Network Architecture from [75]
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2.3 Residual Learning

2.3.1 Residual Block

Residual learning was first introduced in [30], in order to address the degradation problem. If we consider H(x)
as an underlying mapping to be fit by a few stacked layers (not necessarily the entire net), with x denoting
the inputs to the first of these layers, then residual learning hypothesizes that the multiple nonlinear layers
can asymptotically approximate the residual functions, i.e. H(z) — z (assuming that the input and output
are of the same dimensions). So instead of the stacked layers approximating H(z), it explicitly lets these
layers approximate a residual function F'(z) := H(xz) — z. The original function thus becomes F'(z) + z,
also assuming that it is easier to optimize the residual mapping than to optimize the original, unreferenced

mapping.

b
weight layer

F(x) lrelu

weight layer

4

X
identity

Figure 2.3.1: Residual learning block from [30].

The formulation of F(z) 4+ = can be achieved by feedforward neural networks with “shortcut connections”
that add neither extra parameter nor computational complexity. In addition to that, the building block can
represent multiple convolution layers and can be used right away if the input and output dimensions are the
same. On the other hand, if the dimensions of x and F are not equal, either padding can be added or a linear
projection Wy can be performed on x.

y=F(,W;)+Ws-x (2.3.1)

2.3.2 Residual Networks

Resnet [30] is a deep residual learning framework that accomplishes its goal of addressing the degradation
problem (‘Vanishing Gradients’), by adopting residual learning to every few stacked layers. As we can see in
the Resnet-50 architecture in Figure 2.3.2 shortcut connections have been added which turn the plain network
to its counterpart residual version. As mentioned above the identity shortcuts can be directly used when the
input and output are of the same dimensions (solid line shortcuts in 2.3.2). When the dimensions increase
(dotted line shortcuts in 2.3.2), two options are considered: (A) The shortcut still performs identity mapping,
with extra zero entries padded for increasing dimensions. This option introduces no extra parameter; (B)
The projection shortcut in 2.3.1 is used to match dimensions (done by 1x1 convolutions).
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Figure 2.3.2: Resnet-50 architecture from [30]. Solid lines represent shortcuts with the same input and
output dimensions, while the dotted lines, shortcuts with dimensions increase.
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2.4 3D ConvNets

2.4.1 3D Convolutions

In 2D CNNs, convolutions are applied on the 2D feature maps to compute features from the spatial dimensions
only. For this reason, when they are used in video analysis problems, they don’t really capture the motion
information encoded in multiple contiguous frames, which is what is desired. As a result, the 3D convolutions
where proposed [36] to be performed in the convolution stages of CNNs to compute features from both spatial
and temporal dimensions. The 3D convolution is achieved by convolving a 3D kernel to the cube formed by
stacking multiple contiguous frames together. In this way, the convolution feature maps in the convolution
layer are connected to multiple continuous frames in the previous layer, capturing motion information. The
function that gives the value at position (x, y, z) on the jth feature map in the ith layer is:

1Qi—1R;—1

vf]yz = tanh(b Z Z_ Z Z wpqr Efip)n(lyﬂ)(zw)) (2.4.1)

r=0

where tanh(-) is the hyperbolic tangent function, b;; is the bias for this feature map, m indexes over the set
of feature maps in the (i-1)th layer connected to the current feature map, wy,. is the value at the position
(p, q, r) of the kernel connected to the myy, feature map in the previous layer, and R;, P; and @Q; are the size
of the 3D kernel along the temporal dimension, the height and the width of the kernel, respectively.

(a) 2D convolution

temporal

Figure 2.4.1: Comparison of 2D and 3D convolutions from [36]
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24.2 C3D

In order to find a good 3D ConvNet architecture in [72], they only varied kernel temporal depth of the convo-
lution layers while keeping all other common settings fixed, and experimented with two types of architectures:
1) homogeneous temporal depth: all convolution layers have the same kernel temporal depth; and 2) varying
temporal depth: kernel temporal depth is changing across the layers. After training those networks they
concluded that the homogeneous setting with convolution kernels of 3 x 3 x 3 is the best option for 3D
ConvNets, which is consistent with a similar finding in 2D ConvNets [65]. So, a 3D ConvNet was designed
that has all its 3D convolution filters sized 3 x 3 x 3 with stride 1 x 1 x 1. In addition, the architecture
of the network consisted of 8 convolution layers, 5 pooling layers, followed by two fully connected layers, and
a softmax output layer. The network architecture is presented in Figure 2.4.2 and is called C3D. Also, all
its 3D pooling layers are 2x2x2 with stride 2x2x2 except for pooll which has kernel size of 1 x 2 x 2 and
stride 1 x 2 x 2 with the intention of preserving the temporal information in the early phase. Finally, each
fully connected layer has 4096 output units.

Input: [4, 3, 16, 112, 112]
—J= Convila(Pooll)
[4, 64,16, 56, 56]

o T~ Conv2a(Pool2)
) 14,128, 8, 28, 28]
o Conv3a

. [4,256,8,28,28]
>

_—

T Conv3b (Pool3)
T [4, 256, 4,14, 14]
/
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T . [4, 512, 4,14, 14]

T __Conv4b (Poold)+Conv5a
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Figure 2.4.2: C3D architecture from the 2D point of view (spatial).
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2.5 Recurrent Neural Networks

2.5.1 Architecture

Recurrent Neural Networks (RNNs) are a type of deep learning neural network designed to recognize patterns
in sequences of data, such as time series, speech, text, video, and other sequential data. Unlike traditional
feedforward neural networks, RNNs have connections that loop back on themselves, allowing them to maintain
a "memory" of previous inputs, which is crucial for tasks where context or sequence matters.

The arcitecture of the RNNs is shown in Figure 2.5.1. Their main feature is their hidden state, which acts as
a form of memory that captures information about what has been processed so far (the previous inputs). At
each step in a sequence, the hidden state is updated based on both the current input and the previous hidden
state. So when the RNNs make their prediction, they use both the current input and the stored memory to
predict the next sequence. This makes RNNs capable of retaining information across time steps.

Input layer

Hidden Igyer

\Q Odtput layer

Bk

[/

Figure 2.5.1: RNNs architecture, consisting of an additional hidden state which acts as a form of memory
from [54].

2.5.2 Limitations

Even though the RNNs have been proven valuable tools for sequencial problems, such as natural language
processing (NLP) applications, they still have plenty limitations:

1. Vanishing gradient

The gradient describes the sensitivity of the error rate of the model that corresponds to the model’s
parameters. The gradient can be imagined as a slope, the larger the gradient, the steeper the slope,
the more quickly the system can roll downhill to the finish line and complete its training. The van-
ishing gradient is a problem where the gradient values get too small, and their corresponding slopes
so flat, during training, making the RNNs fail to learn effectively from the training data, resulting in
underfitting.

2. Exploding gradient

Exploding gradient on the other hand, occurs, when the gradient increases exponentially until the RNN
becomes unstable. When gradients become infinitely large, the RNN behaves erratically, resulting in
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performance issues such as overfitting. Overfitting is a phenomenon where the model can predict
accurately with training data but can’t do the same with real-world data.

3. Slow training time

RNNs require massive computing power, memory space, and time to train as they need to store previous
inputs and process them too during training time.

2.5.3 Long Short-term memory Networks (LSTMs)

Long short-term memory (LSTM) is an RNN variant, that enables the model to expand its memory capacity
to accommodate a longer timeline. An RNN can only remember the immediate past input, so It can’t use
inputs from several previous sequences to improve its prediction, compared to the LSTM.

The LSTM architecture involves the memory cell, which is controlled by three gates: the input gate, the
forget gate, and the output gate. These gates decide what information to add to, remove from, and output
from the memory cell.

Figure 2.5.2: LSTM network architecture. To the left the forget gate, in the middle the input gate and to
the right the output gate from [56].

The Forget Gate

The forget gate decides what information to discard from the cell state. It takes as input the previous hidden
state (hy — 1) and the current input (x;), and multiplies them with weight matrices followed by the addition
of bias. Their results is then passed through an activation function, which produces an output of either 0 or
1 for each number in the cell state C;_;. A value of 1 means "completely keep this" while a value of 0 means
"completely forget this." The forget gate is defined by the following equation:
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fe=0Wy - [he—1,24] + by) (2.5.1)

where Wy is the weight matrix for the forget gate, b; is the bias term, o is the sigmoid activation function
and [ht—1, z¢] denotes the concatenation of the current input and the previous hidden state.

The Input Gate

The input gate determines which values will be updated in the cell state. It consists of two parts: the input
gate layer and a layer that creates a vector of new candidate values that could be added to the state. The
input gate layer uses the sigmoid function to filter the values to be remembered similar to the forget gate
using inputs h;—1 and x;. The new candidates layer creates a vector using the tanh function, which gives an
output from -1 to +1, that contains all the possible values from h;_; and x;. At last, the values of the vector
and the regulated values are multiplied to obtain the useful information. The equation for the input gate is:

= O'(WZ . [ht—laxt] + bz) (252)

Cy = tanh(W, - [he_1, 4] + be) (2.5.3)

Where the C; represents the candidate vector amd tanh is the tanh activation function.

We multiply the previous state by f;, disregarding the information we had previously chosen to ignore. Next,
we include i; x C;. This represents the updated candidate values, adjusted for the amount that we chose to
update each state value.

Co=f0C1+i0C (2.5.4)

Where ® denotes element-wise multiplication.0

The Output gate

The output gate decides what the next hidden state h; should be, which will be used for both the next time
step and the output of the current cell. First, a vector is generated by applying tanh function on the cell.
Then, the information is regulated using the sigmoid function and filtered by the values to be remembered
using inputs h;—; and x;. Finally, the values of the vector and the regulated values are multiplied to be used
as output and as input to the next cell. The equation that describes the output gate is:

Oy = O'(WO . [ht_1,$t] + bo) (255)
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Chapter 3. Related Work

3.1 Engagement detection

The children engagement problem has been approached with a wide variety of methods and techniques in
order to benefit from its different aspects. Because of the problem’s dynamic nature having both spatial
and temporal aspects, these methods mostly use spatiotemporal neural networks, which mostly consist of
two components, the first a network that is used for extracting spatial features from data, such as images
or frames in a video, capturing local patterns and textures. The second one, deals with the temporal aspect
of the data, capturing how the information changes over time. Some of the different networks used for this
component might be Recurrent neural networks (RNNs) ’[63], long short-term memory networks (LSTMs)
[32], gated recurrent units (GRUs)[14], or more recently, temporal convolutional networks (TCNs) [5]. These
models are designed to handle sequential data and maintain temporal dependencies. Finally, the spatial and
temporal features produced by the two components are combined or fused effectively in various ways (3D
Convolutional Networks, ConvLSTM Networks etc.)

3.1.1 Spatiotemporal Visual Cues

Regarding engagement detection, in [3], they propose a novel architecture built using the spatiotemporal
convolutional block R(2+1)D for action recognition, which is made of spatiotemporal convolutions that
perform a two dimensional convolution over the spatial plane followed by a one dimensional convolution along
the time axis. These spatiotemporal convolutions are repeated twice and combined in a residual block. The
network is consisted of five consecutive layers created from these spatiotemporal blocks. The spatiotemporal
convolutional layers are followed by an adaptive pooling layer and finally fully connected layer. The weighted
CE loss function is used to compute the network loss. Different experiments were conducted using raw RGB
data, a fusion of RGB and depth data and also a fusion of raw RGB and optical flow data. In addition
to those, the fusion of rgb and optical flow networks during both at a late and an early network stage was
investigated, with late being before the last fully connected layer and at an early after the first of the five
spatiotemporal convolutional layers. Finally, promising results were produced in all the datasets that the
architecture was tested on, with the network that fused the raw Rgb and the optical flow at an early stage
having the best combination of accuracy, fl-score and weighted precision compared to the others.
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Figure 3.1.1: Network for engagement estimation using spatiotemporal visual cues, and fusing the raw RGB
and optical flow data at an early stage. [3]
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3.1. Engagement detection

3.1.2 Resnet and TCN Hybrid Network

In [1], a novel end-to-end Residual Network (ResNet) and Temporal Convolutional Network (TCN) hybrid
neural network architecture is created for students’ engagement level detection in videos. In this architecture
the 2D Resnet extracts the spatial features from a sequence of raw frames and then a TCN network analyzes
the temporal changes in them to detect the output level of engagement. The TCN is chosen as it is superior
in modeling sequences of larger length and retaining memory of history in comparison to generic recurrent
architectures such as LSTMs and GRUs. Also, like it was mentioned before a combination of a spatial and
a temporal model is chosen in this architecture too, as the engagement is a spatio-temporal affective state
that takes place in consecutive frames of video over time. The architecture of the hybrid network is shown
in Figure 3.1.2.
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Figure 3.1.2: ResNet+TCN network architecture. First each frame is processed individually by the
backbone and then all of their features temporally by the TCN module. [1]

In Figure 3.1.3 we can see the results produced in this study. A really important observation to be made here,
is that a common problem in the existing student engagement detection datasets is the highly imbalanced
distribution of engagement levels. That results in a challenge to detect the minority engagement level, which
can be seen from the fact that even though the model (n) has the highest accuracy, in its confusion matrix
(g) it can be seen that it makes no correct prediction in the 0 and 1 classes.

To tackle this problem a weight term is added to the loss function, and indeed more minority level samples
are detected but at the cost of more false alarms (reducing the overall accuracy). Additionally, the prediction
distribution improves a bit after a weighted sampling and cross entropy loss is used, but with the same cost
of worsening the accuracy.
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Figure 3.1.3: Engagement-level confusion matrices of different methods on the DAISEE dataset [28], (a)
C3D feature extraction [72], (b) C3D fine tuning [72], (c) C3D + LSTM [61], (d) C3D averaging + LSTM
[61], (e) ResNet + LSTM (proposed), (f) C3D + TCN (proposed), (g) ResNet + TCN (proposed), (h)
ResNet + TCN with weighted sampling and weighted loss (proposed).
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3.1. Engagement detection

3.1.3 Multi-dimensional feature fusion (Mediapipe, VGG16 and ResNet101)

In [80], an Online Facial-Based Engagement Recognition System framework is created, which integrates
three major indicators -human eye movement, human posture, and student expression— at the feature level
to accurately assess student engagement in the classroom.

This framework is consisted of three parts. The image preprocessing module, which transforms video se-
quences to a series of consecutive frame images highlighting the most representative facial features. Secondly,
the feature extraction module, which adopts the Mediapipe, VGG16 and ResNet101 structs extracting eye-
mouth behaviour, facial expressions and head pose estimation respectively. The third part is the feature
fusion module, which leverages multiple dimensions of data by using a Backpropagation Neural Network
(BPNN) having an input layer of 12 nodes (7 emotions, roll, pitch, yaw, mouth aspect ratio and ear aspect
ratio) and an output of three engagement levels: Not Engaged, Nominally Engaged, and Very Engaged.
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Figure 3.1.4: Overview of framework architecture to classify ASD and TD based on learned features. [80]
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3.1.4 CNN and Recurrent Network

In [19] a deep learning approach for the estimation of human engagement from video sequences, is proposed
that is consisted of two main modules: a convolutional module which extracts frame-wise image features and
a recurrent module that aggregates the frame features over a time to produce a temporal feature vector of
the scene.

The convolutional module is a ResNetXt-50 Convolutional Neural Network (CNN) [81] that is pre-trained on
the ImageNet dataset [20]. The frame features are obtained from the activation of the last fully connected
layer of the CNN, with dimension 2048, before the softmax layer. The recurrent module on the other hand, is a
single layer Long-Short Term Memory (LSTM) [31] with 2048 units followed by a Fully Connected (FC) layer
of size 2048 x 1. The LSTM takes in input a sequence of w frame features coming from the convolutional
module and produces, in turn, a feature vector that represents the entire frame sequence, to capture the
temporal behavior of humans within the time window w. The temporal features are passed through the FC
layer with a sigmoid activation function at the end to produce the final gaze estimation values. During the
experiments the CNN layer is fixed, while the recurrent module is trained to predict engagement values from
the provided annotations.
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Figure 3.1.5: Overview of the proposed architecture from [19]. First each frame is processed spatially by the
CNN and then their features are processed temporally by the LSTM.

The results in this study showed that this two-stage deep-learning architecture, trained to the TOGURO
dataset is a suitable computational regression model to capture the inherent human interpretation of engage-
ment. Not only that, but it can also be successfully applied in a completely different scenario, as it is generic
enough, the UE-HRI dataset [8], showing the applicability of the model also in different environments, on a
different robot with a different camera, and with different tasks and people.
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3.1. Engagement detection

3.1.5 VGG Face CNN

The Engagement recognition framework constructed in [84], tries to overcome the problem of the small and
not really diverse children engagement datasets, by utilizing a pretrained model, VGG Face CNN [60], which
will help the network learn general features related to face identification problem.

Firstly, for the training procedure they use only facial images in order to prevent the model from focusing
on the background information and as result lower its accuracy on test datasets with different backgrounds.
Then, T facial images are fed into the VGG Face network one after another, and their low level features
are extracted at the last convolutional layer. After that, these low-level features are passed into a temporal
dynamics module comprising of a mixture of convolutional layers and pooling layers to produce a high-level
feature. Finally, this high-level feature is passed through a fully connected layer, a ReLU layer, a dropout
layer, an another fully connected layer and a softmax layer with K classes to get the final output.
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Figure 3.1.6: Overview of the engagement recognition framework using VGG Face.[60]
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3.2 Gaze tracking

The ability of understanding of where a person is looking, known as gaze tracking, provides invaluable insights
across various domains of research such as human-computer interaction, assistive technologies, psychology
and marketing. The architectures designed to estimate the gaze direction are often divided into two cate-
gories, the appearance based methods and the model based methoda. The appearance-based ones are using
image features and machine learning models to estimate gaze direction, while the model-based ones built on
geometric models of the eye to calculate gaze direction using eye landmarks. In this study, we are going to
focus on the appearance based ones, which recently have greatly improved the performance tracking systems,
due to the advancements of deep learning and computer vision architectures.

3.2.1 Gaze360 model

In [39] a model that uses bidirectional Long Short-Term Memory capsules (LSTM) is proposed in order to
tackle the problem of gaze estimation. In this model, the output that is produced for one element is dependent
on both past and future inputs, as a sequence of 7 frames is used to predict the gaze of the central frame.
Each one of the 7 frames which is the input of the model is a head crop of the human, whose gaze is going
to be tracked, and at the first part of the model, each one is individually processed by a convolutional neural
network (backbone). The output of the backbone are the high-level features with dimensionality 256, that
are then used as input to the bidirectional LSTMs, that consist of two layers which digest the sequence within
forward and backward vectors. Finally, these vectors are concatenated and passed through a fully connected
layer to produce two outputs: the gaze prediction and an error quantile estimation. The gaze prediction is
produced in spherical coordinates and the error quantile estimation (o) is a measure of the difference between
the 10 and 90 quantiles and the expected value.

Gaze direction Quantile

Fully Connected Layer

LSTM LSTM LSTM LSTM LSTM LSTM LSTM

LSTM LSTM LSTM LSTM LSTM LSTM LSTM

Backbone Backbone Backbone Backbone Backbone Backbone Backbone

t-2

Figure 3.2.1: The Gaze360 model architecture using a backbone to process the frames spatially and a
LSTM model for their features’ temporal processing.|[39]
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3.2. Gaze tracking

3.2.2 Recurrent CNN architecture

The proposed model in [57], is divided in 3 modules: (1) Individual, (2) Fusion, and (3) Temporal. Firstly,
the Individual module learns features from each appearance cue separately. It consists of a two-stream CNN,
one devoted to the normalized face image stream and the other to the joint normalized eyes image. Each
stream of the Individual module is based on the VGG-16 deep network [60], consisting of 13 convolutional
layers, 5 max pooling layers, and 1 fully connected (FC) layer with Rectified Linear Unit (ReLU) activations.
Next, the Fusion module combines the extracted features of each appearance stream in a single vector along
with the normalized landmark coordinates. Then, it learns a joint representation between modalities in a
late-fusion fashion. Both Individual and Fusion modules, further referred to as Static model, are applied to
each frame of the sequence. Finally, the resulting feature vectors of each frame are input to the Temporal
module based on a many-to-one recurrent network. This module leverages sequential information to predict
the normalized 2D gaze angles of the last frame of the sequence using a linear regression layer added on top
of it.

For the training, the input sequence is composed of s = 4 consecutive frames, whose gaze direction target is
the gaze direction of the last frame. In addition, the network is trained in a stage-wise fashion, starting with
training the Static model and the final regression layer end-to-end on each individual frame of the training
data first. Also, the convolutional blocks are pre-trained with the VGG-Face dataset [60], whereas the FCs
are trained from scratch. Then, during the final training procedure the features of each frame of the sequence
are extracted from a frozen Individual module, then they fine-tune the Fusion layers, and train both, the
Temporal module and a new final regression layer from scratch.
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Figure 3.2.2: The Recurrent CNN proposed network.[57]
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3.2.3 Multi-Clue Gaze (MCGaze)

Multi-Clue Gaze [26] is a new method proposed to facilitate video gaze estimation by capturing spatial-
temporal interaction context among head, face, and eye in an end-to-end query-based learning way. The main
idea of the method is shown in 3.2.3. For each input video clip (I € RT#3*HzW) the first step is to extract its
per-frame features, by applying a backbone, in order to form a video feature tensor (F € RT*C*H W' The
backbone used is the ResNet-50-FPN [30], pre-trained on ImageNet-1K [20] and with the iteration time N set
to 4. After that, the extracted features are fed into our query-based architecture, which iterates N times and
consists of two main components: the spatial-temporal query interaction and the task-specific heads (i.e.,
clue localization head and gaze fusion head). In each iteration, the queries for the head, face, and eye clue
are updated, and the clue localization head predicts the clue region of the head, face, and eye. At the same
time, the gaze fusion head determines the direction of the human gaze from the head, face, and eye clue. The
gaze predicted by the last iteration is used as the output of the model.

In order to capture the subject’s corresponding clue regions and gaze representations this approach applies
multi-clue queries qeue € RTC, clue € head, face, eye. Each query comprises T embeddings with a feature
dimension of C, with each embedding generally focusing on the feature representation of the corresponding
frame. Additionally, there are proposal boxes peue € RT* that correspond to each query, which indicate the
locations of the subject’s head, face, and eye in the feature map. The parameters of both g.ue and pejye
are learnable. For each complete forward propagation, they will be updated in an iterative way to achieve
effective extraction of target clues and gaze representations from it.

Additionally, local-global spatial-temporal modeling is of great importance for the video task [79], [33], so in
this studied the also designed specific queries for the three key clues of their task. Specifically, they used a
spatial-temporal queries interaction module [82] to better localize the hierarchical clues and build effective in-
formation exchange for robust gaze representations. In this module, the spatial interaction among head, face,
and eye query within the same frame is enabled by the usage of a spatial multi-head self-attention layer [73],
leading the queries to be of both global and local spatial perspectives for gaze characterization. In addition,
they apply a self-attention layer to enable temporal interaction for each query along the temporal dimension,
which promotes sequential modeling of distinctive features, such as pose variation and eye movement, and
facilitates temporal consistency, leading to robust clue localization and gaze estimation.
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3.2.4 CrossGaze

Unlike previous approaches, CrossGaze [12] does not require a specialized architecture, utilizing already
established models that are integrated in one architecture that adapts to the task of 3D gaze estimation. An
overview of the proposed architecture is shown in 3.2.3. The input to the model is an in-the-wild image, from
which bounding boxes of the face and eye regions are derived using a face detection model. Then the face
image is fed into an encoder that captures global gaze features, while the eye images are given as input to the
eye encoder which extracts local features. To obtain an eye-informed gaze prediction, the extracted features
of the 3 images are combined through a cross-attention module. The resulting combination of features is
averaged and processed by a linear layer that outputs the 3D gaze direction. Compared to other studies
that use polar coordinates as outputs and labels for training, in this one they found out that there is no
improvement in comparison to the use of normalized (x, y, z) as both outputs and labels. For their training
procedure they utilized the cosine loss which represents the complement of the cosine similarity and also
adapted the RandAugment algorithm [16] as training time augmentation to increase the robustness of the
gaze estimation models.

In order to decide which backbone to use they experimented with different CNN backbones such as Efficient-
Net [52], ConvNeXt [49], Inception ResNet [68] and an attention-based backbone (i.e. Swin Transformer
[48]). From their results they concluded that the Inception ResNet architecture obtains the lowest mean
angular error with a value of 10.91 for random initialization and 10.82 for ImageNet pretrained weights.
These results demonstrate the suitability of the Inception ResNet architecture for processing the face: the
capability to process the input at multiple scales in every layer helps the model focus both on the eyes region
and on the periocular area for the gaze prediction. In addition to that, they experimented with different
pretrained weights for the Inception ResNet architecture testing it on ImageNet [20], Casia-WebFace [83],
and VGGFace2 [10]. The model performed better on the larger dataset (VGGFace2) than the model pre-
trained on Casia-WebFace due to the increased amount of training data. While Casia-WebFace contains
approximately 500K images, VGGFace2 contains 3.3M images, resulting in a 10.02 in mean angular error
compared to 10.26.
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Figure 3.2.4: Overview of the CrossGaze architecture. Two encoder a face and an eye are used to produce
the face and eye features respectively, which are then fused to be processed for the final gaze estimations.
[12]
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3.2.5 Dilated-Convolutions

In [13] a new architecture is proposed, called Multi-region Dilated-Net, which is inspired by iTracker [42], but
takes advantage of the Dilated convolutions in order ti improve previous results. This architecture takes an
image of the face and images of both eyes as input and feeds them to a face network and two eye networks,
respectively.

The face network is a VGG-like network [65], consisting of four blocks of stacked convolutional layers (Conv)
followed by a max-pooling layer, as well as two fully connected layers (FC). The weights of the first seven
convolutional layers are transferred from the first seven layers of VGG-16 pre-trained on the ImageNet dataset.
Additionally, a 1x1 convolutional network (Network in Network [47]) is inserted after the last transferred
layer to reduce the number of channels.

The two eye networks have identical architecture and share the same parameters in all convolutional and
dilated-convolutional layers. The network starts with four convolutional layers with a max-pooling layer in
the middle, followed by a 1 x 1 convolutional layer, four dilated-convolutional layers (dilated-Conv) and one
fully connected layer. The weights of the first four convolutional layers are also transferred from the first four
layers of VGG-16 pre-trained on the ImageNet dataset. Also, the dilation rates of the layers are (2, 2), (3, 3),
(4, 5) and (5, 11), respectively. These dilation rates are designed according to the hybrid dilated convolution
(HDC) in [76] so that the RF of each layer covers a square region without any holes in it.

In order to combine the features of the three different networks, the output of their final fully connected
layers are concatenated and fed to FC-2 and in the end the output layer. In this study, the also tried to show
the improvement achieved by dilated convolutions, by using a deep CNN that has similar architecture but no
dilated-convolutions. It replaces the four dilated-convolutional layers by four convolutional layers and three
max pooling layers located at the beginning, in the middle and at the end of the four convolutional layers,
respectively. The size of the final feature maps is the same as the one in Dilated-Nets, and this CNN has
the same number of parameters as the corresponding Dilated-Net. The results showed as that indeed the
Dilated-Net can estimate the gaze better in both the Columbia Gaze [66] and the MPII Gaze [85] datasets,
as the use of dilated-convolutions allows the network to extract high level features at high resolution from
eye images so that the network can capture small variability.
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Figure 3.2.5: Overview of the multi-region Dilated-Net architecture, consisting of 2 networks one for the
face images and one for they eye images. [13]

70



3.3. Autism Detection

3.3 Autism Detection

Autism detection refers to the process of identifying signs and symptoms indicative of Autism Spectrum Dis-
order (ASD) in individuals, particularly in young children. This process involves a combination of behavioral
assessments, developmental screenings, and clinical evaluations designed to observe social communication
skills, repetitive behaviors, and sensory sensitivities. Traditional methods of autism detection often rely on
standardized questionnaires and observational tools administered by healthcare professionals, such as pedi-
atricians, psychologists, and developmental specialists. In recent years, advancements in technology have
introduced new ways to detect autism by analyzing atypical patterns in eye movement, facial expressions,
and interaction behaviors. In this way, methods such as gaze tracking and engagement recognition can be
valuable in detecting autism.

3.3.1 Based on Gaze-Following

A novel deep neural network (DNN) model, which extracts discriminative features and classifies ASD and TD
children on single images, is proposed in [23]. The data used in this study are produced by an eye tracking
experiment where images from the GazeFollow dataset were showed to the children and their visual attention
maps were collected.

In order to achieve their final goal of classifying ASD children, firstly the DoF density maps are predicted,
using a SAM-ResNet [15], which is pretrained on SALICON [37] dataset, to extract coarse feature maps and
then a LSTM network to process saliency features recurrently, to enhance the prediction. In addition, the
locations of eyes and gaze points in images are highlighted and smoothened with a series of Gaussian kernels.
Then, these Gaze-following prior maps and feature maps learned by the LSTM are combined in a fusion layer
to produce the features (512x1x1 dimensional vectors extracted from each fixation location). The first 12
fixation points for each subject in each image are preserved ([12, 512, 1, 1] per person per image). After
that, they are flattened to (6144,1) and fed to two fully connected (FC) layers with units of 1024 and 128
respectively (dropout ratio of 30% for the first) to finally produce the desired prediction.

Dilated Convolutional Network Classification . )
_ I Attentive LSTM Network Fixation Map
1024
////// Extracted features 4 128
=z ]
TR — ~2
/ — E )
4 —
J ASD D ASD

Stimul 12%512x1x1

Filter the eye and the gaze locations

Gaze-followin
using a Gaussian kemel (o = 6% ! =

prior map
Discriminative Saliency Features Extraction

S12x30x40 Cony 1x1 DoF Map

Figure 3.3.1: Overview of framework architecture to classify ASD and TD based on learned features from
[23].
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3.3.2 Machine learning approach to ASD diagnosis based on identifying specific
behaviors from videos

In [78], they first introduce a large-scale video dataset of children’s social interaction with manual labeling of
behaviors that are clinically significant for ASD diagnosis. Then they propose a machine learning framework
which consists of two stages: behavior detection and ASD prediction based on statistical features of behaviors.
For behavior detection which consists of four different categories, look face, smile, look object and vocal, they
propose two baseline deep-learning techniques, one based on end-to-end training on raw video frames, while
the other relies on facial features of the child subject. They achieve significant performance, even though the
specific dataset is challenging due to the fact that the child’s face is often in a non-frontal position due to
the camera position. Moreover, face occlusions by toy objects or head movement frequently occur and lead
to failed face detections. In addition, they achieve low sensitivity for the vocal task, which indicates that
this model is not well suited for detection of vocalization task since a frame based approach cannot make use
of the motion of lips. For ASD prediction, they investigated feature selection, class rebalancing, and neural
network classifiers to link the statistics of behaviors to ASD diagnosis. The combined rebalancing scheme
produces the overall best results based on the F1 scores and accuracy.

Figure 3.3.2: A video frame along with the facial keypoints and gaze (above) and the snapshot of ground
truth (blue) vs predicted labels (red) for look face on a test video (below), from [78§].
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Chapter 4. Experiments

4.1 Datasets

4.1.1 Datasets used in engagement
e Pinsoro Dataset

The Pinsoro Dataset [44] is a dataset specifically designed to capture the social interaction of children,
while executing tasks. The understanding of these social interactions is really important in the field of
Human-Robot Interaction (HRI), especially in areas where longer-term interactions are taking place,
such as healthcare and education. In these areas, it is important for the robot to be able to recognise and
interpret the social behaviours of children given visual or audio cues. For the experiments in our study,
we use video recordings of this dataset in order to find an accurate and robust way of recognising the
engagement of the children, while executing small tasks taking place around a large interactive table.
Specifically, we select 25 videos of children interacting with robots on the other side of the table, as the
pinsoro dataset also contains and child-child interactions. The interactions on the videos are annotated
on three different axes: task engagement, social engagement and social attitude. For this study, we
experiment only on the task engagement axis, which is split into four different engagement levels: no-
play, adult-seeking, aimless and goal-oriented. Due to the fact that the adult-seeking engagement level
is extremely rare we exclude it from our study.

Figure 4.1.1: Pinsoro dataset [45] frame examples.

e ASD Games Dataset

The ASD Games Dataset [4] is a dataset collected during BabyRobot project [21], that consists of
videos in which the children that participate face autism spectrum disorder (mean age 10.6 years old).
In these videos, each child participating, plays four different games with two robots: Show me the
Gesture, Express the Feeling, Pantomime and Guess the Object. Each child stood in front of the
robots and interacted freely with them, while moving in the room as they wanted and it is classified on
three levels of engagement: disengaged, passive attention (or act with no attention) and engaged.
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4.1.2 Datasets used in gaze tracking
e WiDo Dataset

For this study we will refer to this dataset as WiDo [59, 58], as it is a richly populated dataset, consisting
of 17 videos of children with Williams and Down disorders (WiDo), but also normally developing ones,
while interacting with their mothers. We select this dataset containing children with Williams and
Down disorders, even though we have talked extensively about children with ASD, as these disorders
lead to children having similar behaviours in their visual responses with the ones with ASD, during
their interactions with their mothers. So, this kind of data are really important for the development of
our algorithms. The WiDo dataset contains plenty of information for different computer vision tasks,
such as Emotion, Gaze tracking, Speaker recognition, Play type, Action purpose among others. In each
video, there is a child with its mother, freely interacting among each other and with different objects and
toys in their house, a place where they feel really familiar, making it challenging in developing computer
vision algorithms that process and model their interactions, as there are plenty of cases where their
faces and bodies are partially occluded. In our study, we are going to focus on the task of gaze tracking,
for which the dataset contains 6 different categories: (i) Not looking somewhere exactly or the camera,
(ii) Looking at an item that only the child is using but not the mother, (iii) Looking at an item that is
used in the interaction with the mother, (iv) Looking at some part of the mother’s body, (v) Looking
at the mother’s face but not on the eyes and (vi) Looking at the mother in the eyes.

e Gaze360 Dataset

The Gaze360 Dataset [39] consists of 238 subjects in indoor and outdoor environments with labelled
3D gaze across a wide range of head poses and distances. It is the largest publicly available dataset
of its kind by both subject and variety, made possible by a simple and efficient collection method. In
Figure 4.1.2 the diversity of the dataset in environment, illumination, age, sex, ethnicity, head pose and
gaze direction is shown.

Figure 4.1.2: Gaze360 dataset samples from [39].

75



Chapter 4. Experiments

4.2 Proposed Methods

4.2.1 Engagement Estimation
TSN Architecture

The Temporal Segment Network architecture alters the way that video samples are being processed by the
models. Instead of just providing as input to the model a sequence of continuous frames of a video sample
or a number of frames sampled throughout the whole video and the model predicting its class, in the TSN
architecture the networks operate on sequences of short snippets that are sparsely sampled from the entire
video. Then the outputs for each short snippet are produced by the models, which are in the end combined
using a segmental consensus function to obtain a consensus of class hypothesis among them. Based on this
consensus, the prediction function predicts the probability of each class for the whole video sample.

Model Architecture using TSN

The proposed model architecture that utilizes the Temporal Segment Network framework is shown in Figure
4.2.1. The number of segments value affects the amount of continuous groups of frames that are going to
be selected from each 10 sec video clip sample, while the frames per segment value, affects the length, in
frames, that each one of those groups is going to be. We can see that according to the TSN architecture
the dataloader will select the specified number of segments, throughout the video sample, each consisting
of the specified number of frames, and feed the total frames as the backbone model’s input. From there
the backbone, for which different kinds of models are tested, will produce its output features for the frames
of each segment, and those will be directed to the TSN head. There the TSN head will produce the final
classification output, through a consensus mechanism being applied on the frame features.

1segment = frames
— per segment

Backbone

Output Backbone:
[total_frames, features]

Cls_head
(Consensus Mechanism)

Input to backbone:
[batch size, (num_of_seg * frames_per_seg), 3, img_size, img_size]

Singleclip || ® Number of
(~300 frames) || segments

Figure 4.2.1: Model architecture that is proposed for the engagement estimation problem, using the TSN
method.
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4.2. Proposed Methods

4.2.2 Gaze Estimation

Like we saw in numerous studies that approach the gaze tracking problem, in order for the networks to
better tackle the problem and produce better estimates, they need to be fed with continuous face crops of
the subjects as the inputs, and not the whole frames [39, 26, 12]. So, our inputs to the model are going to be
every time 7 continuous face crops of the child in each video, shown in Figure 4.2.2. Our model architecture is
based mainly on the Gaze360 model proposed in [39], which is consisted of three main parts. Fristly, it takes
each input sample consisted of 7 frames and preprocesses each one of the frames using a Resnet backbone
model. There the local features for each frame are going to be extracted, and then are going to fed into the
second part a LSTM model, which processes the derived features in the temporal dimension. From there,
the final features are going to be produced for all the input frames. From the total features only the ones
corresponding to the mid frame (4th one) are being kept. Those are fed into the third part a final fully
connected layer which produces the gaze direction vectors. Then in order to be able to use this model in
our problem, where we don’t just need the gaze direction, but we also want to make the gaze estimation of
the category to which the child is looking we had to create a check module. This check module takes these
gaze direction vectors produced by the previous step and uses them to check if the gaze direction of the child
crosses any of the bounding boxes of interest in our altered problem, by creating a line with its gradient being
derived from the dx and dy coordinates (of the gaze direction) and the origin (0, 0) being the starting point
of the child’s gaze. If the gaze direction crosses any of the bounding boxes, then the prediction is assigned
to the corresponding box class, else it is assigned to the "elsewhere" class.

Output features
for all frames

Output coordinate

directions (dx, dy) Check for

bounding boxes

Keep only for intersections
4th frame (mid)

onoannn

Figure 4.2.2: Implemented architecture for Gaze prediction classification where the pretrained model
proposed in [39] is used with a check module added in the end.
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4.2.3 Integration of Gaze tracking data into Engagement Estimation

Having studied and tackled both the engagement recognition and gaze tracking tasks separately, we can’t help
but wonder how would the performance on the engagement problem alter, if we integrate the gaze tracking
implementation into it. For this reason, we create a new network architecture that combines the previous
two models used at the engagement and gaze tracking phases, while using the TSN method.

The combined engagement plus gaze model is shown in Figure 4.2.3. As we can see, just like in the engagement
problem, first according to the TSN implementation, the new dataloader that we create, selects a specific
number of segments throughout the clip (sample) and for each segment an amount of continuous frames, with
which it feeds the input layers of the Backbone. In order to be able to combine the TSN method with the
gaze model too, we decide to create our architecture so, the gaze model is also fed with the face crops of the
first 7 frames of each segment. In our experiment, we use 4 segments so the gaze model now will be fed with
4 inputs of 7 frames each, producing 4 sets of features from the last LSTM layer. Each set is consisted of 512
features, being the ones that are produced for the mid frame of each sequence, so in total for the 4 different
segments 2048 features are produced. These total features are then fed into the backbone of the engagement
estimation problem, along with the input images. We finally fuse them with the flattened features produced
after the last convolutional layer of the C3D backbone (used in our best engagement model) and fed to the
following three fc layers all together. At the end the backbone model will produce its output feature based
on the fused features, which will be fed into the TSN head and the classification will be made.

1segment = frames
per segment GAZE MODEL

7 first frames
OUTPUT

FEATURES Last
GAZE OUTPUT
Layer

Backbone

Singleclip . ® Number of
(~300 frames) | segments

Backbone

Input to backbone:

- [batch size, (num_of_seg * frames_per_seg), 3, Img_size, Iimg size] Output Backbone
+

[Gaze features]

Final output:
[batch size, 3]

BACKBONE FUSION

Gaze
features

5 Conv W Output [concat]
layers features

Figure 4.2.3: The EngagementPlusGaze network architecture, fusing Gaze tracking features produced by
the frozen Gaze360 model [39] with the features produced by the last convolutional layer of the backbone of
the engagement model.

Different fusion implementations were tested, including fusing the features with the outputs produced after the
backbone, before being fed to the TSN head. The best results though, were achieved using the implementation
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above.

4.3 Evaluation Metrics

To assess the performance of our engagement recognition framework, we are going to use the weighted F1-
score, the accuracy and the weighted precision metrics. As our main indicator though we will consider the
F1-score as it takes in consideration both precision and recall using their harmonic mean, and maximizing the
F1 score implies simultaneously maximizing both precision and recall. The F1-score is given by the following
formula:

Precision - Recall
=2 4.3.1
! Precision + Recall ( )

The weighted Fl-score is the weighted average of the F1-score of the different classes and respectively, the
weighted precision is the weighted average of precision of different classes. Additionally, we don’t choose
the accuracy as our main metric, because it can often be misleading, for example in cases where there is a
majority class and if the model just assigns all the samples to that class it achieves a really high accuracy,
which might get it stuck in local minima and prevent it from further exploring the training space.

4.4 Experimental Results on Engagement Estimation

4.4.1 Preprocessing

In order to be able to train the selected models with the TSN architecture, using the framework shown in
Figure 4.2.1, we firstly need to preprocess our videos. In these kind of datasets the preprocessing procedure
is a really challenging one, as the existing parts of each dataset are the pairs of a video and an annotation
file for each child. In each annotation file, which is in csv format, the labels are given for each frame in every
row, and we create code that reads and creates the continuous segments for each category (eg. from 803 to
2300 the labels is goaloriented). After that, we take each continuous group of frames that belong to a single
class and we split it in 10 second intervals (about 300 frames). The 10 second interval was chosen as this was
found out to be the period during which the child’s expressed engagement level can be detected.

Now, each 10 second clip is considered as a separate sample, and we create a dataset in a new format that
will be easier for the models’ training procedure and the dataloader. Each category folder contains a folder
for every 10sec clip belonging to it, and each 10 sec clip folder contains all its frames in it.

During training the specified amount of total frames, which depends on the values selected for the number
of segments and frames per segment (total frames = num of seg * frames per seg) will be selected from each
one of the folders (usually no more than 40 frames in total) and will be used as input to the model for the
specified sample.

Additionally, we performed data augmentation on the less populated categories of "aimless" and "no play",
as the sample difference compared to the "goaloriented" one was really large. So, new 10 second clips
were created for each one of the existing ones and were added in their corresponding two category folders,
representing the new samples for the training procedure. The augmentation techniques that were used were
HorizontalFlip, GaussianBlur, ElasticTransformation, and Salt and Pepper.
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4.4.2 Experimenting with Resnet-50 backbone - TSN Architecture

We start our experiments by using the Resnet-50 as our backbone for the feature extraction. To implement
our code we use the mmaction library and its packages. For the Resnet-50 backbone, we use pretrained
weights derived from torchvision. The implementated model using the Resnet backbone is shown in Figure
4.4.1. We test this implementation using different combinations of the TSN and the training procedure
parameters and the results produced are shown in Table 4.1.

1segment = frames
per segment

Backbone (Resnet-50)

Output Resnet:
[total_frames, 2048,4,4]

Input to backbone:
[batch size, (num_of_seg * frames_per_seg), 3, img_size, img_size]

Singleclip |- Number of
(~300 frames) | segments

Cls_head (TSNHead)

Figure 4.4.1: ResNet-50-TSN architecture used for the engagement estimation problem on the Pinsoro

dataset [44].
Resnet-50
Number of segs  Frames per seg Image size Optimizer Learning rate Gamma Step size Accuracy w. F1 w. Precision

4 7 224 Adam 0.01 0.2 8 49.48 48.71 -

4 7 224 Adam 0.005 0.2 8 47.06 45.11 48.14
4 7 224 SGD 0.01 0.2 8 52.20 50.88 52.8
3 10 224 SGD 0.01 0.2 8 52.62 51.98 52.51
4 10 190 SGD 0.01 0.2 8 49.48 46.59 49.69
4 10 224 SGD 0.01 0.2 8 46.12 45.83 46.13
5 8 224 SGD 0.01 0.2 8 51.57 50.75 52.24
4 10 224 SGD 0.01 0.22 6 53.46 51.18 53.54

Table 4.1: Performance of Resnet-50 on Pinsoro dataset [44] using TSN architecture, for different
hyperparameter values.

The results produced by the Resnet-50 backbone using the TSN architecture were promising, but not the
best. A main reason for that, is because it was hard for the model to predict the minority classes. The
highest Fl-score achieved was 51.98%, having accuracy of 52.62% and precision of 52.51%. This outcome
could be due to the fact that the Resnet-50 isn’t a model architecture that processes the continuous frames
temporally, so it might not capture well the temporal dynamics of the different categories.

The confusion matrix of the best result for this architecture is provided in the Figure 4.4.2. As we can see,
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4.4. Experimental Results on Engagement Estimation

the model is able to predict 46.6% of the total no play segments and 35.8% of the aimless ones, in comparison
to the 69.6% that it reached in the goaloriented segments (majority class).

Goaloriented 13.8%
K]
r

- No play 23.3%
=
=

Aimless 35.8%

(.s_@b \’5\ \6"‘,

Z o &
& S ®
&

Predicted Label

Figure 4.4.2: ResNet-50 best results for engagement estimation on the Pinsoro dataset. [44]

4.4.3 Experimenting with C3D backbone - TSN Architecture

In order to try to produce better results, we decided to utilize a backbone network that consists of 3D
Convolutions, the C3D model [71]. The C3D can model appearance and motion information simultaneously,
which helps it usually in outperforming other 2D ConvNet model architectures on various video analysis
tasks. For our experiments, we started by modifying the same hyperparameters used for the Resnet-50 and
after we found a combination that produced the best results, we kept them constant and tried to see if the
results would improve by changing a bit the architecture of the model. So, the results shown in the Table
4.2 are produced using image size 112 (the size that the model originally has as input), the SGD optimizer,
starting learning rate 0.01 with gamma 0.22 and step size 6.

The C3D backbone, originally is fed with 16 frames in total, which we tried testing first using the TSN
sampling architecture, by selecting 2 segments of 8 frames from each clip (sample). After this initial run,
we decided to modify the model a bit so that it can be fed with larger inputs, and instead of 16 frames in
total we used 32, splitting them in 4 segments of 8 frames each. In our first implementation of this model
with increased input, we didn’t change the number of convolutional blocks or fully connected layers, we
just changed the input of the first fully connected layer from 8192 to 16384. This as we can see in 4.2, led
to worse results, probably because of the sudden drop to the fully connected features. So, in our second
implementation, shown in Figure 4.4.3, we changed even more the input and output features of the two fully
connected layers from 16384 —> 4096 —> 4096 to 16384 —> 8192 —> 4096.
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Figure 4.4.3: C3D model architecture with 32 frames as input and 2 fully connected layers.

In our final implementation, shown in Figure 4.4.4, we decided to add another fully connected layer in between
the other two in order to process the features even more. So the new inputs and outputs of the three fully
connected layers now are 16384 —> 8192 —> 4096 —> 4096.

C3D
Number of segs  Frames per seg FC layers Feature Dimensions Accuracy w. F1 w. Precision
2 8 2 8192, 4096, 4096 61.85 61.24 62.72
4 8 2 16384, 4096, 4096 59.75 57.2 64.4
4 8 2 16384, 8192, 4096 64.15 62.81 65.37
4 8 3 16384, 8192, 4096, 4096 68.52 65.28 72.82
Resnet-50
3 10 52.62 51.98 52.51

Table 4.2: Performance of different implentation of the C3D model using TSN architecture on the Pinsoro
dataset

As we can see from the results in Table 4.2, the C3D network architectures significantly outperform the best
Resnet-50 results, indicating the power of the 3d convolutions. In addition, we can see that even though
the metric values dropped when we first increased the number of input frames, in the end we were able to
improve them by modifying the fully connected layers. The best results were produced by our final modified
C3D network architecture, taking in a total of 32 frames input, divided in 4 segments, producing a higher
dimension output after the last convolutional layer, but then using 3 fully connected layers to steadily reduce
it to the final output of 4096 features. All these result in the model having a higher number of trainable
parameters, helping it to be able to learn the task at a higher level.

In Figure 4.5.3 we can view the confusion matrix for the best results produced using the final C3D modified
network architecture. As we can see, the model has achieved great performance in its ability to recognize the
majority class (goaloriented), and at the same time, more than doubling its ability to recognize the aimless
class, compared to the results using the Resnet-50 model. We also notice a small drop in the estimation of
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Figure 4.4.4: C3D model architecture with 32 frames as input and 3 fully connected layers.

the no play category, that comes as an outcome of the significant increase on the other two categories.

Goaloriented 0.0% 8.3%

No play 34.7% 35.2% 30.1%

True Label

Aimless 14.2% 11.7%
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Figure 4.4.5: C3D results using on engagement estimation on the Pinsoro dataset, using a total of 32 frames
as input and 3 fully connected layers .
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4.4.4 Results Comparison

In order to better evaluate how well our architectures perform, we compare them to the results produced in
[3] and [7], two studies that tackled the engagement estimation problem on the Pinsoro dataset.

Model Comparison

Model Accuracy w. F1 w. Precision

majority class 38 20.55 14.85
ResNet-50 40.52 34.32 35.05
R(2+1)D RGB + Depth [3] 62.49 59.87 59.36
R(2+1)D RGB + Flow (Late) [3] 66.78 65.30 65.32
R(2+1)D RGB + Flow (Early) [3] 68.40 67.11 68.50

o Resnet50-TSN (ours) 5262  51.98 5251
C3D-TSN-original (ours) 61.85 61.24 62.72
C3D-TSN (ours) 68.52 65.28 72.82

Table 4.3: Performance comparison of different architectures on engagement estimation on the Pinsoro
dataset.

From the performance comparison in Table 4.3 we can see that only the R(2+1)D architecture with an early
fusion of the RGB and the optical flow data outperforms our C3D-TSN framework. It is significant to mention
though that our implementation doesn’t need both raw and optical flow data, which means that it can save
time at both the preprocessing phase and during training. Additionally, it is really important to mention the
great improvement of the performance of the Resnet-50 model when used with TSN architecture compared
to the standalone model, as the weighted F1-score was increased from 34.32% to 51.98%. These results firsty
show how the the TSN architecture can improve standalone model architectures and additionally, how the
C3DI3D model using TSN architecture can overcome the gap betwen using only Raw RGB frames and using
both RGB frames and optical flow frames.
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4.4.5 Training time Comparison

In Figure 4.4.6 we compare the train and validation losses, the accuracy and the F1-score, that were produced
during the training of the two different architectures. We can notice that the architecture using the C3D
model, achieves a high performance from an early stage during training and even though the train loss
continuous to decrease after 10-12 epochs the validation loss stays pretty level meaning that the model starts
to overfit. When we compare it to using the Resnet-50 backbone we can see that in that case the train and
validation losses stay pretty close during the whole training. So, we can conclude that the C3D backbone is
a really strong model and can achieve high results in the engagement detection task without needing a long
time of training (20-30) epochs.
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Figure 4.4.6: Comparison of the losses, accuracy and F1 score of the two different models during training.
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4.4.6 Experimenting on ASD Games Dataset

In order to test even further the performance and robustness of our proposed architecture, we decided to
evaluate it on one more dataset the ASD Games Dataset.

Preprocessing and training settings

In the ASD Games Dataset the annotations are in a different format, so we have to create new code for
preprocessing to adapt to it. The annotations split each video into timesteps, with time values in milliseconds,
and then they assign a category from one timestep to another. So, for every video we first extract every one
of its frames to a folder, then we collect all the videos’ annotations and after that we combine the consecutive
timestep segments that belong to a single category to one segment. Finally, we iterate over each annotation
and after we convert them to frame numbers, we then split each continuous segment into clips of a chosen
6 second interval this time, as there weren’t a lot of large segments consisting of continuous frames of the
same class in this dataset. This means that each 6 second clip, having a frame rate of 30fps, will consist of
180 frames. During training the specified amount of total frames, depending on the values selected for the
number of segments and frames per segment, is selected from each one of those clips (usually no more than
40 frames in total) and is used as input to the model for the specified sample.

Additionally, in this dataset we perform data augmentation on the less populated categories in order to
tackle the problem of the big sample difference. The augmentation techniques that were used this time were
RandomRotate90, Transpose, ShiftScaleRotate, Blur, OpticalDistortion, GridDistortion, HueSaturationValue
from the albumentations library.

Results

The performance of C3DI3D model with TSN architecture in this dataset, reached similar results with the
PInSoRo dataset. Those results, include a 69.8% accuracy, a 70.67% weighted precision and a 68.02% {1
score. These results indicate how robust the proposed network is, as it can be used for engagement detection,
between different datasets, that include different settings.

Accuracy w. F1 w. Precision

69.8 68.02 70.67

Table 4.4: Performance of C3D-TSN model on the ASD games dataset.
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4.5 Experimental Results on Gaze Estimation

4.5.1 Training of Gaze Estimation framework on WiDo Dataset
Preprocessing

Just like the datasets that are focusing on the engagement task, the WiDo dataset is a really demanding
dataset to process and efficiently train on it for the gaze tracking task.

In the first phase, just like in the previous two datasets used in the engagement estimation task we have to
create the annotations that will be used. In this dataset, the annotation files are in a similar format with
the ASD Games Dataset, where each video is split in time segments with up to milliseconds accuracy. In the
gaze tracking problems though, the inputs to the model are consisted of continuous frames of the video even
if they don’t belong to the same category. For this reason, our file system isn’t the same as we saw on the
engagement problem, instead here we just extract all the frames of each video in a folder that is named as
the video.

Additionally, the model architecture that we will be using in this study is similar to the one proposed in 4.2.2,
which takes as input 7 consecutive frames and predicts the gaze of the central one. For this reason, in order
to create the annotations we iterate over the frames of each video, with a step of five frames, and we create
every annotation sample to consist of the video name that it belongs to, its starting frame of the seven and
the category that the gaze direction belongs to, that is the category that the mid frame belongs to, which is
found from the timestep segments. An example of the annotations format, that we create is shown below:

WiDo_MiniDV-01,8990,2
WiDo_MiniDV-01,8995,2
WiDo_MiniDV-01,9000,2

Like we saw in numerous studies that approach the gaze tracking problem, in order for the networks to
better tackle the problem and produce better estimates, they need to be fed with continuous face crops of
the subjects as the inputs, and not the whole frames [39, 26, 12|. For this reason, we have to collect the
face crops of the specific dataset. However, a challenge arises due to the nature of the annotations of the
gaze tracking task of the WiDo dataset compared to other datasets specifically focusing on the gaze tracking
problem. In the WiDo dataset the labels are consisted of categories of the gaze direction, while in other ones
they are consisted of the gaze direction vectors. So, in our dataset it won’t be enough to just predict the gaze
direction vectors, but we will also need to check to which category of the six that gaze direction belongs to. In
order to be able to make that association between the gaze vector and the categories easier, we decided first
to converge some of the categories together. So, instead of having six different categories now our dataset
consists of three: (i) Looking at some part of the mother’s body, (ii) Looking at the mother’s face and (iii)
looking somewhere else. But we still will need to know the coordinates of the child’s gaze starting point, the
mother’s head and the mother’s body.

In the first phase, to be able to detect the bounding box of the mother and the child in each frame, we
utilize the YOLO (You Only Look Once) model [38], which is a real-time object detection model known for
its speed and accuracy. Unlike traditional models, which use sliding windows or region proposals, YOLO
treats object detection as a single regression problem, predicting both class probabilities and bounding boxes
simultaneously. This allows it to process an entire image in one go, making it very fast. YOLO divides
the image into a grid and predicts bounding boxes and class probabilities for each grid cell. It’s highly
efficient for tasks requiring real-time detection, such as video analysis. After, we have extracted the human
bounding boxes each frame we make the distinction of which bounding box belongs to whom, based on the
Tmin coordinates of each bounding box and which person is to the left. For this reason, we have to be really
careful and look at every few thousand frames of each video the relative position between the mother and the
child in case they change. After we collect the two bounding boxes we use the mediapipe framework [51] to
detect the facial and body landmarks of every person and extract the mother’s face and body bounding boxes
and the child’s starting gaze point. The child’s starting gaze point is calculated as the average of the left and
right eye coordinates found in the child’s facial landmarks. We store these coordinates for each frame in a
mapping file that corresponds video/frame to its coordinates set, which will be passed to the model during
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training time to help it make its predictions. A few examples of frames from the datasets and the coordinates
sets found are shown in the Figure 4.5.1.

Figure 4.5.1: Example images from the WiDo dataset with detected bounding boxes and starting gaze point.

Finally, we create a mapping file that makes an association between each frame and the coordinates of the
mother’s head and body and the starting point of the child’s gaze. This file is provided to the dataloader
along with the annotations files, so during training, the dataloader selects from it the respective coordinates
corresponding to the mid frame of each input to give to the model along with the input frames.

Experiments and Results

As a first step we tried training the framework shown in Figure 4.2.2 even further, by using the pretrained
weights only for the backbone model. The best results that were produced using this implementation are
shown in 4.5.2. We can see that it reaches a high accuracy on predicting the elsewhere and the mother’s body
categories. That being said though we can also notice that its predictions are mostly towards the "elsewhere"
category, which isn’t desirable. Sadly the results aren’t as good as we would like, as the nature of this modified
problem in this kind of dataset where there is a high amount of movements by the children is challenging. In
addition to that, the fact that some samples may be classified correctly in the class "elsewhere", but the gaze
produced by the model still may not be correct can result in messing up the training. For this reason, we
aren’t going to continue our study by trying to train a gaze model even further on this dataset, but instead
we will be using a pretrained model as a whole. Finally the values of the metrics achieved by this method
are the following:

Accuracy w. F1 w. Precision

54.94 50.82 62.34

Table 4.5: Performance of gaze tracking architecture after training in gaze estimation on the WiDo dataset.
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Figure 4.5.2: Confusion matrix of the results produced for Gaze detection classification of 3 categories on
the WiDo dataset.

4.5.2 Pretrained Gaze360 model implementation for Gaze estimation

As we mentioned in the previous section, the task of training even further the WiDo dataset on gaze tracking
can be really challenging due to the nature of the problem and also the fact that the labels aren’t coordinate
directions. For this reason, as a next step of our study we create a similar framework, by taking the whole
pretrained model on the Gaze360 dataset adding the module of the check of the bounding boxes intersection

and testing how it will perform, with no further training on the WiDo dataset on the problem of gaze tracking
with the mother’s head and body bounding boxes.

The results produced were really improved and are shown below:

Accuracy w. F1 w. Precision

68.33 69.36 72.08

Table 4.6: Performance of fully pretrained gaze tracking architecture in gaze estimation on the WiDo
dataset for 3 categories.
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Figure 4.5.3: Gaze tracking results on WiDo dataset for 3 categories, using the fully pretrained model from
Gaze360.

As we can see the accuracy achieved in all 3 categories has improved significantly, indicating at how our
network implementation can be used for such a challenging task, as this one. In addition to that, it can
be really useful in implementations in which we want to be able to model the different gaze patterns be-
tween children with autism (similar social interactions with children with Williams and Down disorders) and
typically developing ones, as they don’t look as much at the other people participating in their interactions.

In Figure 4.5.4, we can see some examples of the output produced by the model on the WiDo dataset. As
we can see the model’s predictions are really close to the real gaze directions of the children and by using the
bounding box check module to assign them to each category, we achieve our goal at a higher performance.

Figure 4.5.4: Examples of Gaze tracking predictions on the WiDo dataset.
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4.5.3 Gaze Estimation using 4 categories

In order to further investigate the gaze patterns of children not typically developing, we will need to also
investigate in our studies how focused they are on the task/object that they are occupied with. This is
important as children with ASD tend to lose focus from the interaction and get distracted by other objects
easier than normally developing ones. For this reason, now we further divide the "Elsewhere" category that
we used in the previous section and our problem consists of the following four categories:

1. Not looking somewhere exactly or the camera / Looking at an item that only the child is using but not
the mother (New Elsewhere category)

2. Looking at an item that is used in the interaction with the mother
3. Looking at some part of the mother’s body
4. Looking at the mother’s head

Yolo training for object detection

In order though to be able to continue with our goal to predict the gaze of the children based on the 4 previous
categories a challenge arises. This challenge consists of the fact that the specific dataset doesn’t contain a
single object that is fixed in all frames so we have its specific coordinates, but instead there are multiple
different toys that are used in each interaction and their positions are evolving during the development of
the interaction. So, in order to be able to investigate our problem using our method described in 4.2.2 we
will need to collect the toy coordinates. To achieve that, we use the YOLO model, to which we perform
additional training for 200 epochs, by creating our own small datasets of the objects we want to detect, using
images that we annotate. A few examples of the object detections we performed are shown in Figure 4.5.5.
We carry out this object detection in different segments of 5 of the children of the WiDo dataset.

- ol |

Figure 4.5.5: Examples of pink stuffed toy detection on images of the WiDo dataset.
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Gaze Estimation results on 4 categories

After we have preprocessed the samples and collected the coordinates needed, we test the same network
architecture as in the previous section. The results produced are shown in Figure 4.5.6

Elsewhere

Toy

True Label

Mother's body

Mother's head

Predicted Label

Figure 4.5.6: Results produced for four category gaze detection on the WiDo dataset.

As we can see the network performs really well, being able to distinguish the samples between the four
different categories at a high rate. The metric values achieved by this method are shown in Table 4.7, with a
really high accuracy of 69.24% and a weighted F1 score of 72.34%. It is crucial to know whether the child
is looking on the toy (object of interaction) or at some other object around, and not just if it’s looking at
some part of the body of its mother or not, as it is a way to distinguish children with ASD with the normally
developing ones, as they tend to get distracted really easily, by other objects or people in their environment.
So, as it can be seen from the confution matrix, we achieve a really high percentage of 80.5% on the detection
of the elsewhere class, which indicates the moments that the child gets "distracted". That being said, the
model is still not perfect as the gaze tracking problem especially in videos where there is a lot of movement
by the people participating in them can be really challenging, for example there might be times when the
object of distraction could possibly be somewhere behind the toy or the mother, so even though the gaze is
correctly produced, the sample can be wrongly classified to another category.

Accuracy w. F1 w. Precision

69.24 72.34 80.50

Table 4.7: Performance of fully pretrained gaze tracking architecture in gaze estimation on the WiDo
dataset for 4 categories.

In Figure 4.5.7 we present some of the gaze predictions produced by this architectures in the problem consist-
ing of four categories using frames from different children. As we can see, the predictions are pretty accurate,
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which is needed especially for situations where the bounding box is smaller, for example the head of the
mother.

Figure 4.5.7: Results produced for four category gaze detection on the WiDo dataset.

93



Chapter 4. Experiments

4.6 Experimental Results on Fusion of Engagement and Gaze Esti-
mation

After creating the Engagement Plus Gaze network proposed in Section 4.2.3, that combines the gaze tracking
features from the gaze model, together with the engagement features produced by the backbone of the
engagement model, we continue on testing it. Like mentioned before, we tested it using different fusion
techniques, including fusing the features with the outputs produced after the backbone, before being fed

to the cls head, but the best results were produced with the implementation shown in Figure 4.2.3. The
confusion matrix, for these best results is shown in Figure 4.6.1.
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Figure 4.6.1: The confusion matrix for the best results produced using the EngagementPlusGaze framework
on the Pinsoro dataset [44].

As we can see the distribution of the predictions has improved greatly. Even though we can notice a decrease
in the accuracy of the goaloriented category, that is balanced by the increase of the distribution for the no

play one, which was really low in the previous results. This increase is really important as the network can
distinguish the three categories with high certainty.
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Figure 4.6.2: Examples of the gaze estimations produced on the Pinsoro dataset [44].

In the Table 4.8, we can see the metric results of the engagement plus gaze model compared to the model
from the Section 4.4, where the gaze tracking model wasn’t included. We can notice that we have a decrease
in the accuracy and the precision, mainly because of the drop in the goaloriented category which has the
most samples. That being said though, the most important outcome is the increase of the weighted F1 score
value, which is our main metric indicator.

Model Comparison

Model Accuracy w. F1 w. Precision
C3D-TSN-original (ours) 61.85 61.24 62.72
C3D-TSN (ours) 68.52 65.28 72.82
C3D-PlusGaze-TSN (ours) 66.25 66.15 67.95

Table 4.8: Performance comparison of our three different architectures on engagement recognition.

4.7 Discussion

With our work in this thesis, firstly we demonstrate how the Temporal Segment Networks (TSN) method can
be implemented in model architectures for challenging tasks, like the engagement estimation, as it has mostly
been used for action recognition problems in past research. Here, we show that its addition can be useful,
as combined with a 3D convolution model, it can achieve significant results, just by using RGB data for
training. In addition to that, we show how gaze tracking model architectures can be implemented effectively
into more challenging into the wild gaze estimation problems, like gaze classification ones, where we have to
decide whether a child is looking at an object or person of interest and not just to provide the gaze vectors.
Finally, we propose a new way that the gaze tracking architectures can be used, this time with them being
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a helping tool for further improve the results produced on the engagement estimation task, like we show on
Table 4.8, by implementing a fusion between the features produced by the gaze model and the ones produced
by the engagement backbone.
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5.1 Brief Summary and Conclusion

Studying child interactions is crucial for understanding how children develop social, emotional, and cognitive
skills, particularly in early childhood. Being able to estimate the engagement of children especially is cru-
cial, because it provides valuable insights into how individuals interact with tasks, environments, or social
settings. In fields like child development or therapy, especially for children with developmental disorders like
autism, engagement estimation offers important clues about social and cognitive development. By tracking
attention and emotional responses, caregivers and professionals can better support a child’s growth and adapt
interventions accordingly.

For the reasons above, in this study we first tackled the task of the engagement estimation, building and ex-
perimenting with different architectures, implemented using the Temporal Segment Networks (TSN) method,
which splits each video clip into segments and processes a specific number of segments individually first and
then combines their results, to also learn from the temporal dynamics of each clip. For backbones we exper-
imented with different ones, including the Resnet-50 and C3D models, and we concluded to the importance
of 3D convolutions for video based problems, as the networks that included the C3D architecture produced
the best results, almost reaching the performance of networks that combined RGB and optical flow data, by
just using RGB data and the TSN method.

Additionally, as a next step in our goal to better understand children interactions, we decided that it would
be crucial to experiment with the Gaze tracking task, as it could be benefitial for understanding where each
child’s focus is. Firstly, we were successful in creating a network architecture, which distinguished between 3
categories of the WiDo dataset (Elsewhere, Mother’s body, Mother’s head). This architecture consisted of an
already pretrained gaze estimation model combined with an implemented "check module", which received the
gaze vectors and decided whether or not the gaze direction crossed one of the bounding boxes that represented
the mother’s head and body. After this first implementation, we concluded that it would be important to also
know when the children are looking at the objects used in the interactions or are distracted, so we performed
the same procedure for the WiDo dataset but using 4 categories, splitting the elsewhere category into "Toy"
and "Elsewhere".

Finally, after seeing how successfully gaze tracking methods can be implemented into visual children interac-
tion problems, we decided to try integrating gaze tracking data with our engagement estimation model and
test out how it would perform on the Pinsoro dataset. The results produced where significant as this fusion
of gaze tracking and engagement features, further improved the performance on the engagement estimation
task.

In short, the contributions of our work in the research community are the following:

1. Development of engagement estimation framework and demonstration of how the Temporal Segment
Networks (TSN) method can be implemented along with it.

2. Studying of how gaze architecture can be implemented effectively into more challenging into the wild
gaze estimation problems, during free interactions of young children with developmental disorders and
their mothers

3. Proposal and experimentation of how the engagement estimation and gaze tracking problems can be
fused to further improve the engagement estimation task.

5.2 Future Work

In future work, there is a number of possible directions that research could move towards to firstly further
improve the current network architectures on the engagement and gaze estimation tasks, but also try and
use them focusing on higher goals:

e Use the proposed network of the C3D model combined with the TSN architecture, but train it with
both optical flow and Raw RGB data, which can prove benefitial in videos where the environment
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stays constant especially, which is the case on the Pinsoro dataset, so crucial information can also be
extracted from the movements of the children.

For the EngagementPlusGaze network, experiment with different more complex fusion techniques, for
example multi-head attention mechanisms. In this way, the fused features could possibly provide more
meaningful information and further improve the engagement estimation.

Use the proposed engagement estimation architecture to identify children with Autism Spectrum Dis-
orders, by extracting their different engagement and gaze patterns produced, compared to the typically
developing children.
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