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ITepiindm

Me v avdntuén twv apyttextovixedv Paddc pdidnone éyouvv emteuydel afloonueinwtec emddoelc oe Oid-
popa TEoBMipata/epyaciec TNg GpUONG UTOAOYISTMY, CUUTEPLANOPBOVOUEVNS TNG ovaYVOPLONG Jpdoemy xat
YELROVOULOY. 3TOY0G ATV TV TPoBANUdTey eivon Vo eZdyouy onuaclohoyixd yehotun Thnpopopia and ontixd
oedoyuéva. Ou yevodoroyieg, mou mpotelvovTal, Yol TNV OVAYVOPLOT, DEAOCEWY XAl YELPOVOULLY ETUXEVTRWVOVTAL
OTNV EPAUPUOYT VEWY opyttextovxdy Pordid udidnong yio Ty eniteudn xahdtepnmv emdOoENY, EVE AVTIUETWTI-
Couv autd ta medBinua Eeywetotd. ‘Oune, autd ta mpoliiuata Beloxouy epopuoyy| ot Sldgopous Touelc 6Tou
AmALTELTAL 1) OVALY VEPLOT| TOGO TWV JPACEWY 6C0 Xl TV YELROVOULLOY, OIS YL TUPABELY IO OTOUS POUTOTIXNO00C
unoPondolc, oe GUC THUATO ETTARTIONE 1} OTNV AUTOVOUT] 0BT YNOY) OTIOU ETUBLOKETAL O EVIOTUOUOS XoU 1) aviy VEUST
avuxetévev/avipodnwy Tautdypova. Enopéves, n odinhoeuxdhudr, mou €youv autd to tpofAfuorto Snuoupyel
TNV VY XN Yiot TNV om0 %0tvol en{AueY) Toug, pe T Snuloupyio ahyopliuwy XL dEYITEXTOVIXGY, TTOU To ETLADOLY
TOUTOYPOVAL.

Emniéov, 1 avdntugn wovtéhny Bothde udidnong anaitel T culhoyr) yeydiou dyxou dedouévmv, To onolo eivon
oLy V8 doxoho xou ypovoBdpo. T'a autd éxouv npotaldel evolhoxtixés Tou a&lonololy TV TANeoopio and ToA-
hamhég epyaoieg yior ) Behtiwon tng amddoong tewv wovtéhwy Potide uddnone. Mia and auvtée etvan 1 "uddnon
TOAMATAGY gpyootdv", émou molhamhée epyooiec/npofAiuato padaivovton vo emAbovtan omd %xowvo, Lotpdlov-
Tag mhnpogopia petald toug. H uddnon mollamhodv gpyaoidv €xel eopuootel pe emtuylo oe mpofhuota e
Bivteo, mou anewovilouvy avipdmiveg XVACELS, OTWE 1) AVOLY VORLoT dpdoewy xou 1) extiunon néloc, xododg xaL oe
TpoPBAfuaTa Ye SeSOUEVA YEPOVOULODY, To 0Tl GUVBLALOLY TNV VoY VEOELOT) XOL EVTOTULOUS YELROVOULOV.

Ye auth) TV epyaoia, aToyevoupe va del€oude OTL Ol EpYAGIES AVOY VRLONS BRACEMY XoL YELROVOULLY UTopoUV
VO AVTHIETOTIOTOUY e TN Xprom woc evwiodag apyttextovixic. Koataoxeudlouue Sopopetind povtéha udinong
TOAMOTADY EPYOCLOY, OOV Ol EpYUOIEC AVOYVOPLONG BRACEWY Xl YELLOVOULOY pardalvovTton and xotvol. A&
ohoYOUUE TNV Am6B0CT] TWV TEOTEWVOUEVWY UOVTIEAWY GE GUYXELOT UE Ta avTloTolya YovTéAa povic epyaoiag.
To anoteréopata Belyvouv OTL Ta TEOTEWVOUEVY HOVTEAL ETUTUYYAVOUY XAAUTERY AmOBOCT G GUYXELON HE T
povTéla povic epyaoctag, delyvovtoac Ta 0PERN NG UdINone TOAATAGY ERYACLOY YLo TNV TauTOYEeoVY eniAucoT
TWV TEOBANUETLY TNE ovary vedpLong dedoewmy xou yelpovouldy. Emmiéov, enextelvoupe auth tn pédodo yio va
avomTOEOUPE Vol TOANUTEOTIXG LOVTEND UddNoNE TOANATAGY EQYAOLADY, 6TV BlapopeTixol TUTOU dedouéva, cuY-
XEXPEVL DEBOUEVOL OO EYYPWUES XAUEPES Xau anoUnThpe Bddoug, umopoly va exTaudelovTaL and xolvol GTo
{8Lo wovTéNo, Yol VoL ETLTUYOUY XaAUTERY amdBOOT OE GUYXELOT HE TA LOVTENX LOVNG EpYOoias Xal TIC avTio TOLYES
TOAUTPOTUXEC TpooeYYioelS Toug.

AgZeic KAewdid —  Poadid pdidnom, 6paon UToAOYLOTOY, ovayVHOELoT SpAoENY, avVoryVMPLoT| YELROVOULDY,
paINom TOANATAOY EQYACUOY

vii






Abstract

The recent advances in deep learning have revolutionized the field of computer vision. Deep learning models
have achieved state-of-the-art performance in various tasks, including action and gesture recognition. These
two human-centric tasks involve the recognition of human actions and gestures in videos, aiming to mathe-
matically model the human perception of actions and gestures. The current state-of-the-art models for action
and gesture recognition focus on applying novel deep learning architectures to achieve better performance,
while handling each task separately. However, these tasks find application in various fields where the recog-
nition of both actions and gestures is required, as it arises for example with robotic assistants, surveillance
systems, or autonomous driving, where object/human detection and recognition are required simultaneously.
Therefore, these problems show great overlap, requiring common algorithms that address both of them at
the same time.

Recently, alternative approaches of learning methods have been proposed to improve the performance of deep
learning models, without requiring the development of novel architectures or the collection of more data. One
of these approaches is "multi-task learning", where multiple tasks are learned jointly, sharing information
between them. Multi-task learning has been successfully applied to various computer vision tasks. Tasks
including actions, such as action recognition and pose estimation have been shown to benefit from multi-task
learning. While in the field of gesture recognition, multi-task learning has also been applied to tasks such as
hand gesture recognition and segmentation, achiving remarkable results.

In this thesis, we aim to show that the tasks of action and gesture recognition can be learned jointly, benefiting
from each other. We constuct different multi-task learning models, where the tasks of action and gesture
recognition are learned jointly. We evaluate the performance of the proposed models on the respective single-
task learning models for action and gesture recognition. The results show that the proposed models achieve
better performance compared to the single task models, demonstrating the benefits of multi-task learning
in action and gesture recognition. Moreover, we extent this method to develop a multimodal multi-task
learning model, where different modalities, specifically rgb and depth data, can be learnt jointly in the same
framework, to achieve better performance in comparison to single task models and multimodal approaches.

Keywords — deep learning, computer vision, action recognition, gesture recognition, multi-task learning
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.1 Ewayowyn

1.1.1 Kivntpo AwmAwupatixic Epyaciog

To tehevtala ypovia, to medlo tng Babide Mdiinong éxet Set yior onuavtiny ovdmtun xon onuavtixd onoteréo-
pator o€ Sldpopot TEOBANUATO. X TOV TOUEN TNE OPACTC UTOAOYLO TGV, TEOBAUAT OIS 1) ovaty vadploT| Spdoewy
XOlL 1) OVOLY VRLOT YELPOVOULOY EYOLY EVIoYUUEL 0md TNV EQUPUOYT) CUYYEOVKY TEXVIX®Y, 0dNYOVTIC o TANdMea
eQoppoY®y ot didpopec mtuyée tne xadnuepwvic poc Cwdc. H oautédvoun odrynon dev o elye mpooeixloel
To (810 evdlapépov av dev elyav avantuyvel adydprdpol avayvmplong dedoewy, vt ol pounotixol Bondol dev
Yo umopoloay vor xatahdBouy Tig eVTOAEC Twv avlpdmwy av dev elyov avantuydel alydprduol avayvodpeiong
YetpovouLedy. Autd ta 800 mpoBifuata eivon avipnnoxevipixd xodog tepthauBavouy Ty avary vopelan aviednivey
XIVOEWY XL YELPOVOULMY, 0hAG oG X0l GHUERN VEWEOUVTAL ¢ EEXWELOTA TRoBAAUTA XaTd TNV exnaldeuon
evOS veLpwYLXOU dxthou.

Fevixd, ot ahyopripor pdinone unyovic dnuovpyodvtar Yol vor avtxatonteilouv Tov Tpomo oxédne Twv av-
Ypwnwyv. ‘Otav éva dropo avtipetwnilel éva tpdBAnue, xenolonolel YvoHon and OAeC T TEOTYOVUEVES GYETIXES
xatoo tdoelg oTic omoleg €xel Bpedel. o va emiteuydel auth 1 cupnepLpopd ot unyavixy) wéinom, €xouy avamtuy-
Vel Sidpopec TeXVIXES Bloolpaopol TANEOPORLOY PETAED BlapopeTix®y TpoPfAnudtwy. Mia dnuopiivic pédodoc
Yo TOV SLOOLROoUS TANEOPORLMY elval 1 UaUNoYn TOAATAGY epYaol®dy.  3Tn pdidnoy TOANATAGY EQYAOLOY,
oYX TpolApaTa exntandebovton and xowvol, BonddvTog To éva To dAho var emTOYOUY XAADTERN ATOTEAEGHUATOL
%O VO LYXAVOLY TLO YEHyopa ot BéERTIoTES AUCELC.

To yeyovog 6tL oe npoBAfpaTo avary vodeLone dpdoemy oL dpdoels Tepthopfdvouy cuy vd YELpOVOWLES XaL opoiwe o
TEOPBAAUATO AVALY VOPLOTC YELROVOULMY Ol YELPOVOUIEC TEPLAOUBAVOUY GUY VA BpdoEls, Ko OB YNoE OTO EPWTNUA
oV UTOPOUY VoL EXTIAOEUTOUY TAUTOYEOVA OE €VOL VEUP®VIXS dixTuO.

1.1.2 Xvuveiocpopd AinAwpatixrs Epyaociog

Ytéyoc authc e dimhwpatiic epyaoiac eivon va a&tohoyniel 1 anoteleopatindTnTa TV ohyoplduwy udinong
TOAATAWY EQYAUCLOV OTO TEOBAAUATA AVaYVOPELOTS BRACEWY XaL avayvaelong yewpovouloy. Ta va emteuydel
oTOC 0 GTHYOC, TEUYUAUTOTOLE(TOL Lol EXTEVAC AELONGYTON) DLUPOPETIXV UPYLTEXTOVIXWY PAUNoNG TOAUTAGDY
EQYOOLWYV, XD XOL Ol EMTTWOOELC SLUPOPETIXDY PEFOBWY UTOAOYLOUOU TG CUVAETNOTNG CQPUAUNTOS TOANATAGY
epyootwy eéetdlovtar. Emmiéov, 1 diepedvnon auty enextelveton yia v agloloyndel tde pnopolv va yenouylonot-
ndolv BlaopeTixol TONOL BEBOUEVWY OE War apylTexToVXY uddnong molamhwy gpyaotwy. Ilo ouyxexpuéva,
npotelveton €va OVTERO UEUNONS TOMATAGDY EpYUOLOV ot ETEEEPYoiag TOMATAGY TOUTKWY dedoUEveY yia de-
dopévo RGB xou Bddoug pe tpomo, mou vo exmoudeboviar and xotvod xol Vo YenoulomolodyvTon xou ot 800 tonol
dedouévev xatd tn dladixacta a€lohdynone. Luvontixd, ot x0pleg GUVELSQOPES aUTAHS TG epYaolog TeplypdpovTtal
TOEOXATE.

o AZohoyolpe av 1 udidnon tolamhodv gpyactdy urnopel va ypnoytonondel yior TNy xowvh extaideuor twv
EPYOUOLOY QVOLY VEPLOTS BPACEWY X0l YELPOVOULMY.

o AZL0MOYOUUE TIC EMNTOOCELS DLUPOPETIXWY UPYLTEXTOVIXWY YAUNoNE TOANATAGY EpYOUOIOY 0TO TEOBANU
XOWVNAG EXTALBEVCTC TWY EQYACLOV OVALYVOPLONG BRACEWY X0l YELOOVOULEDY.

o AZL0MOYOUUE TIC EMTTAOGELS BLPOPETIXGY HEYOBWY UTONOYLOROU TNG CUVEPTNONG CPIAUNTOS TOANUTAGDY
EPYUOLY GTO TEOBANUA XOWVAS EXTIAUBEVGTC TWV EQYUCLMV OVOLYVWOPELOTC BRACEWY XAl YELPOVOULAV.

o llpotelvouye €va HOVTELD UEUMGTE TOMNATIADY EQYIOLOY Ko TONNATIAGLY TUTLV BEBOUEVHY YLOL VO EXTIULOEU-
o0V and xoivol dedopéva RGB xou Bdoug, xan var yenotpomololvtar xou oL 800 tonol dedouévmvy yio
dladuaota e agloAdynong.




1.2. Oewpnuxd TndBadeo

1.2 Oewentixd TroBadeo
1.2.1 ’'Opaocrn YrohoyioTodv

H 'Opaon Troloyiotdv (Computer Vision) eivar 1 entotiun, Tou aoyoleltol Pe TNV avdTNnTo TwV UTOAOYLOTOVY
vo BAénouv. Xtdyoc authc TG ETOTAUNG Elvor Vo TpocouoiwoEel Tig aveTNTeg TNg dpaomng TwV BLOAOYIXDY
OVIOTATWVY. LUYXEXPWEVA, O UTOAOYLOTHG XAAElTon PE YpeYiom aoUnTipmy Tou T0COTXOTOLUY TO TPOCTINTOY
QuS xaL pe godnuotixole alyopituoug vo avtiingdel to aviixelyevo Yipw Tou, 6w €voc opyavioude urnopel
va Blaywploel tor avtixelpeva oto TepBEANOY TOU amd TO PWE, TOU OVTAVAUXALTOL Tovew oTo avTixelueva xou
ELoEPYETAL OTA OPY VL OPUOTC TOU OPYAUVIOUOU qUTOV.

Ewodvec xouw Bivteo

Mo elxdvar efvon iol OTTIXT] oVOTOEAGTAOY) Lo EVVOLAS TOU XOOUOU, TOU BNULOVEYEITOL UECK TNG XATOYedPhC
Ol oVOTORUY WY NS Tou peToc. H Sadixaocior dSnuiovpylac plag exdvag mepthauBdvel ) yenorn gwtosvolodntwmy
aoUnTipwY, TOU GUAAEYOUY PO artd TO TEPUSHANOY Kol TA UETUTRETOLY GE PNPLOXE GTHLATOL Lol TNV OVOTORAY WY N
toug. TNt Toug uohoyioTéS, Ui EOVE EPUNVELETAL (¢ EVac TiVaXaG, TOU amOTEAE(TOL amd €V TENERUOUEVO
apliud otolyelwy, ta onola avtiotolyilovtal oe VEGE 08 €va XoPTESLOVO ETUNEDO UE CUVTETAYUEVES T,y XOU
N TWH TOUC avVTLOTOLYEL OTNY €VTUOT TOUC YPWUATOS NS eovae oe autd to onuelo. Do mopdderypa, yio
AOTEOUAVEES EMOVES, xdde otolyelo Tou mivoxa avtiotolyel oe wa Ty évtaone e yxpllac andypwone e
ewxovac Ye Ty Tir 0 va avtiotolyel oto podpo xou Ty TWih 255 vo avtiotolyel 6to Aeuxd. Ouolng, yio €y ypmueg
exoveg xde otolyelo Tou Tvaxa AvVTIGTOLYEL OE W TELEDA THIWY, TOU UTOBEIXVOEL TNV €VTACT] TOU YPOUATOS
e ypwpatnod xavahiod. Ot éyypwueg eixdveg avanopiotavtol cUVATKC UE TELADSAS XoVOALDY, BNAUDY| TLVAX WY
TIOU QVTLOTOLYOUV OE TWEC Ypdpatog, 6nwe to RGB, 6nou xdlde xavdil avtiotolyel otnv évtact tou xéxxuvou,
TOU TPAOLYOU XaL TOU UTAE YPWUAUTOC avTloTolya, xadie Ue auTh TNy Telddo umopel vo avomapactadel xdde
ATOYPWOT| A6 TO PACUA TOU YPOUATOSC. JUVETKS, Ol EIXOVES TERLYPAPOVTAL HodNUATXG wE Tivaxee BlaoTdcEwY
(C,H,W), émou C dnhdvel Tov apldd TeV XAVoAdY TOL YENOULOTOLOUVTAL YL TNV OTEXOVIOY TOU YEMUOTOS,
H dnhédver tic ypappés xou W dnhadvel tic otiieg tou mivoxa. Auth 1 xatavonon enextelveton otny epunvela
v Blvteo, 6mou yivovtar avtiknnrol we por oxoloudia edVeOV xol TEPLYPAPOVTAL HodNUaTXd ¢ Tivaxeg
drastdoewy (D, C, H, W), 6énou 1 emniéov didotacn D dnhdvel Tov aptdud Twv edvmy Tou Yenotlonotodvio
Yia TNV Xatooxevy| tou Blvteo.

IMeoBARpata xo E@opuoyeég

H 'Opoor Trohoyotdv eotdler oty eniluon npolAnudtny, ye yeron padnuotixady ahyoplduny, tou encé-
epydlovtan emdvee xau Bivreo. Kdmow and ta mo dnpo@uny) tpoBiruata, tou avtipetwniloviar otov topéa autod
napouctdlovtal oxolovdne.

e H Tagwoéunorn Ewxxévev xou Bivteo
elvan {owg to o dnpouréc TedPBAnua oty ‘Opaon Troloylotdy, xadog xou auté 6To onolo ExEel Tpay-
patomoiniel n teplocdTepn épeuva. XTtoY0¢ aUToU Tou TEoBAUATOC elvar 0 adydprduog Vo TagvouroeL Wia
exova 1 éva Blvteo oe wa and Tic tpoxadoplouéveg xaTtnyopleg, Tou €youv oploTel.

e H Aviyvevon Aviixeipéveyv
OTOYEVEL OTNY AV VEUOY TNG CUYEXPHIEVWY AVTIXEWEVWY OF o Exdva 1 éva Bivieo, xododg xan otny
napoy | Thanciwy yUpw amd Ta avTixelyeva autd, 6tav autd evtonilovta.

e 0 Evtonmiopdg Inpavtixng IIAneogopiag
OTOYEVEL TNV aviyveuon Tng onuavTixic TAnpogoplac ot wio exéva 1 éva Blvteo, dnhady 1 edpeon Twv
pixel mou avrxouy ot avlp®TIVES LOPPES 1) oE avTxelueva evdlapépovTtog, xadopilovtag ue autd Tov TpoTo
ot oUvVopd Toug.

H 'Opoorn Trohoyiotdv epoapuéletor oe moAholg topelc e xadnuepvic {whc, xdmotol and Ttoug omoloug
TopoVaLElovTon ToPUXETE.

o H aAAnienidpact avOpwymou - uToAoYLoTY
eoTdlel 0TO OYEDAOUS DLEMAPY, OV EMUTEETOLY TNV ATOTEAECUATIXT] XOU QPLAXT| TOOC TOV YPNOTY| ETUXOLV-
wvio petal avipndnou xo utohoylo . Me ) yeron ahyoplduwy dpaonc LTOAOYIO TV AUTESC OL SIETOPES
Ta€YOLY TEPLOCOTERES AELTOURYIEC %ot BLEUXOADVOUY aXOUN TEPLOCOTERY TN YPNON TWV UTOAOYLOTWV.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

H Encauinuévn xow Eucovixn Ipaypatixotnto

elvan teyvohoyleg, mou enexteivouy v avtiindn tou yeriotn, tpociétovtag Pmelaxéc TAnpogoplieg, dmwe
exovee, xelpevo 1 3D yovtéla, otov mpaypotixd xéopo. H EmavEnuévn Hpaypatxdtnra npocdétel
dnpraxéc TAnpopoplec oTov Tpaypatixd x60uo, eve 1 Eucovue Hpaypatxdtnta dnuovpyel éva eviehg
ngproxd meptBdhhov, ato onolo o xeHotne Unopel va oAnAenidpd e to mepBdihov autd.

To Avtovopo OyAupato

elval oyfpata, mou unopolyv vo mthonyndoly xou vo Aettovpyfoouv ywelc tnv avipomivn napéuBacr. To
QUTOVOUA OYHUATA YENOLOTOLOUY aAYORLIIOUE OpUOTC UTOAOYLOTAOVY YIoL TNV AVl VEUDT) TWV AVTIXEWEVWY
YUpw TOUG Xl TNV TAOHYNOTN TOUG GTO TEPLBAANOY TOUG.

H Enttrenon xou Acpdieia

TEPLAUBEVOUY CUCTAUATA, TTOU ATOGXOTOVY GTNY TEOCTAGIO TWV aVIPMTLVKY XaL EVIOYVOVTOL UE TEYVIXEG
6pUCTC UTOMOYLOTWY, 0ol xorhoTolv Oho ol AlydTepo avayxafo Tov avip®mivo TapdyovTo ylol TNV
EMTAENON TWV TEPBUANOVTWV.

Eidn Acdopévewyv

Yy ‘Opaon Troloyiotoyv 1 encéepyasio exdveny xou Bivieo yiveton endve oe dedopéva dlopdpwy eldwy. Ta
7o dnpoghy ldn dedopévev napouctdlovan tapaxdte [1].

To RGB 8edopéva

n oAl Red Green Blue eivon euxévee 1 Bivteo, nou €youv xoataypapel ané RGB xduepec, ye oxond va
VaTOEACTACOLY aUTd Tou BAEnouy To avdpdmive pdtia. Autd Ta Sedopéva cUAAEYOVTAL E0XOR, OUWS
N yeon alyoplduwy mdve oe autd elvon amontnTXr AOYw TWY SLIXUUAVOEWY TOV POVIWY, TWV YOOV
VEAoNS, TOV UAUIHWY TRV aVIPOTWY XL TWY CUVINXOY PWTIOUOV.

Toa dedopéva Bddoug (Depth)

elvon exdveg, Tou ol TWES TV pixel aviinpocwnedovy TNV andoTACN TV ONUEILY TG OXNVAC amd TNV
xdpepa. To Sedopéva Bddouc mapéyouy aéldmioteg Thnpoopies Yo v 3D Bour xat to Yewueteixd oy
e oxnvic. H ouoia tne xataoxeuric evog ydetn Badoug elvan va petatpanoly ta 3D dedopéva oe pio 2D
avamapdotaoy exovac. To dedouéva Bddoug uropolv va anoxtrdodv ye ) yerion xaueendv Bddoug 1 pe
™V gpapuoyy ahyoplduwy extiunone Bddoug o RGB dedouéva.

To dedopéva Lxeletol

AWOXOTIOOUY TIC TROYES Twv oplpticewy Tou avipmmivou chpoatoc. Ta dedouéva autd umopolv va
amoxtnloly Ue cuoTARATA XoTayeapnc xivnong N ue TNy epopuoyy) ahyoplduwy extiunong Yéong oe RGB
1} Depth ewdvec.

To Infrared 8edopeva
elvou ewxdveg, mou xataypdpovTal and xduepes Yeppxnnc dpaone. To dedopéva autd napéyouy TAneogopleg
yior Ty Yeppoxpacia Twv avTIXEWWEVKDY TG oxnvic xou elvar avlextind ot odhayéc pwtiouol [2].

To dedopéva Ontinrc Poreg

QVATIOELOTOOY TO TEOTUTIO TNE PULVOUEVIXAC XIVNONG TV OVTIXELUEVMY, TWV ETLPUVELDY Xl TV OXUWY OF
plar oty oxnvy), mou mpoxohelton and N oxeTr) xivnon peto€d evog moapoatnent xan pag oxnvic. H
ontxn pon elvon éva Siodldotato Stovuopotind tedlo, dnou xdie didvuoua elvon €vo BLdvuoHA HETATOTLONG,
nou delyvel Ty xivnor Twv onuelov and v mpdTn ewdva oty deltepn. H omtxn pon €xel moAhég
eQapuoYeéc oe medla dnwe 1 aviyvevon xan 1 Topaxoiolinon avixelwévwy, 1 otadeponolnon Bivieo xau 7
aviyvevon xivnone [3].

IToA& mpoPifpata ‘Opaong Trohoylo v Yenoltonololy TOANATAY (01 Sedouévmwy Yo Vo €lvol Lo OTOTEAEC-
potind. H Siobixasio ouvBuoouoiy Sagpopetindy elddbv dedouévwy ovoudletar Iloauvtpominh Tuvévwon (Multi-
modal Fusion). Ot mo Snpogiheic uédodol ouvévwong etvon n Apyx|, 1 Meoador xou 1 Telhnr) Zuvévwon.

H Apywxf Xuvévwon (Early Fusion)

avopépeTal 0T Bladxacia CUVEVKONG TV EWB®Y dedouévwy oty apyn Tou akyoplduou. Me autd Tov
Te6TO BIVETAL EUQACT) OTNV EXUAUNOY YOPUXTNELOTIXWY omd Bldpopeg TNYES dedopévwy. 01600, aUTH N
npocéyyLon unopel va unv emitpéder o xdle eldog dedouévev va pdilel oTo péYLoTo yopaxTNELoTIXG artd
v €lcodd Tou.




1.2. Oewpnuxd TndBadeo

e H Meocaia Yuvévworn (Mid-Level Fusion)
AVOPEPETOL TN DLaBIXAGIA CUVEVWOTC TWV EWBGY dEBOPEVWY OE Xdmoto evdideco onuelo Tou alyopituou.
Avth 1 npocéyylon evdd emitpénel oe xdde eldoc Sedopévwv va uddel yapaxnelotixd and tnv elcods tou,
olhd umopel va elvan Sboxolo va npocdloptotel To BEATIOTO ONUElD YIa TN CUVEVKOT).

e H Telux¥ Zuvévwon (Late Fusion)
avopépetal oTr) dladxacior cuVEVWONS TwV WMV dedopévwy oto Téhog tou alyoplduov. Auth 1 tpooéy-
yion emtpéncel oe xdle eldog dedopévev va udidel yapaxtneiotixd and Ty elcodd tou, aAAd uropel va uny
OMOTUTIMVEL TIE AAANAETULOPAOELC HETAED TWV BLUPOPETIXWY TNYWY SEBOUEVWYV.

H emhoyn tng xatdhining pedodou cuvévwone efoptdton amd Tig analthoels tne epyactiog xar Tt @bon Twv
Bedopévv e1cbd0L.

1.2.2  Mnyavixy Mdodnon

H Mnyovixi Médnon (Machine Learning) eivou évac topéac tne Teyxvnthic NonuooUvne (Artificial Intelligence),
TIOU Aoy ONElTaL HE TNV avETTUEY ahyoplwY XaL TEYVIXMY, TOU ETUTEENOUY OE VALY UTOAOYLOTY| VAl YPNOYLOTOLN-
oel dedopéva yior var udel vor Tapvel amogdoels, Omwe oxéptetal évag dvipmnoc. Avdhoya e Tov TpdTO, TOU
oL ahyoprduot Soyeipilovton Ta dedouéva, xodag xou TN OO TwV dedoUévemy, Tou divovton, 1 unyovixy péinon
uropel va ywplotel otig Tpelc axdhoudee xatnyopiec [4].

e H =smpArendpevn pddnon (supervised learning) exmoudelel poviého oe dedopéva, dmou pépouy
eTxéTeES, TOU yopoxtneilovy To eidoc Tou dedopévou. Xtdyoc evig alyopiduou auThC TS xaTnyopiog
elvon va pdrder v avtiotoryilet to Sedopéva oTiC ETIXETES TOUC.

e H un emiBrendpevn pddnon (unsupervised learning) acyoleiton pe tnv ebpeon yotifov xou
OYECEWY OE BEBOUEVA, |UT) OVOUATOTOINUEVAL.

e H evioyvutixh uddnor (reinforcement learning) exmoudelet poviéha oe dedopéva un ovopatonon-
péva, pe évay TedTo avtauolBric-tovic. Xtoyog evoc alyoplduou authc Tne xatnyoplag efvon vor pddet vo
TafpVel amo@doel, Tou Vol TOU ETPECOUV TN UEYOADTERT BUVATY VIO,

H emfBArendyevn pddnon elvow n mo Sadedopévn xotnyopio e pnyovixic pddnong, xadde oL meplocdtepes
e@apuoYéc Tne unyavixrc wdinone anatody tny Umopdr etixetodv ota dedopéva. H mopodoo dimhwyatinn ep-
yoola, aoyohelton pe TpoBAfuata, Tou undyovial oTtny emPBAenduevn uddnon, énote Yo mpénel vo epunveutody
oL axéhoudol dpoL.

Bdor Acdopévwy (Dataset)

Ye xdde mpdBAnua unyavixic wdinone, ot alyoprdpol ypetdlovton dedouéva yio vor uropécouy va avtaneEéhdouy
070 TedPBANua. Autd to dedouéva pmopel va elvorn BlapopeTinot TiTou, 6mwe aptiuntixd 1 xatnyopixd. To alvolo
TV dedouévwy, Tou yenotporoteiton yio Ty extaideuct evde ahyopiduov, ovopdleton Bdor dedopévwy (dataset).
H Bdon dedouévwv, ywpeileton oe tpla utoohvola, Ta onola dev emixaAbTTovTal. Auty 1 Silpeon yenolponotelton
yia vo SlaopaitoTel, 6Tl 0 ahydpLiuog dev Yo pdder anhd Ta dedouéva Tng exmaldevong oAk Yo uddel va yevixedel
Tic Aoelg Tou ot véa dedouéva. H Bdon Sedouévev, ywplletoa ota axdrouda tpio untocivoha dedouévwy.

e To cOUvolo exnaideuorg (train set), ypnowonotelton yior Ty exnoideuon tou govtéhou xou elvat To
peYahiTEPO UTOCUVOAO TN Bdong BedoUEVKV.

e To ocOvolo emxlpwone (validation set), ypnowonoeiton xotd Tt didpxeia e dodixaoiog ex-
nofdevone xon oToyeVEL TNV XAGOPIOUO TWV UTEPTULOHUETEWY TOU HOVTEAOUL - ETUTAEOV TUPHUETEOL, TOU
enneedlouv 1N Swodixacio exnaidevong.

e To cOvolo eléyyou (test set), ypnowonoteitor yia Ty afloAdynoT ToL Loviélou, Tapouctdlovtdc
Tou Véa delypata, yio Ta onola meénel va tpofBAédel to emuunTd amoteAécuaTOL.

Yuvéetnorn Koéortog (Loss Function)

e éva npdfinua unyavixic pdinong, yia tTny exnoldeuoy evoc LOVTEAOU YENOLLOTOLE(TAL Ul CUVEETNOT], TOU
ouyxplvel Ty TEdBAedn Tou Hovtéhou Ye TNV TpaypaTiny Ty Tou delypatoc. Auth 1 ouvdptnon ovoudleton
ouvdptnon xéotoue (loss function) xow o otdyoc tne elvan va edoytotonomiel, xodde 1 é2086¢ e delyvel
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T0 o@dhua oty EoBAedn tou poviéhou. H ehayiotomoinom tne cuvdptnong x6GTOUS, EMITUYYAVETOL UE TNV
TPOGOPUOYY) TWV Tapopétewy Tou Hovtélou. H emhoyn tng cuvdptnong xéotoug, e€aptdtar and tov TOno Tou
npofAiuatog, mou npoonodel va Aooel to povtého. Oplouéveg amd Tic mo BLadeSOUEVEC CUVUPTAHTELS XOOTOUC,
TOU YPENOHLOTOL00VTOL, TOEOUCLAloVToL THPAXETw.

e H cuvdpetnon wéocou tetpaywvixold cpdipatoc (mean squared error - MSE)
xenotponoteiton ot TpohAuata mohvBpdunone (regression), 6mouv 1 é£0d0¢ TOL HOVTENOL Elvor o SUVEY S
Tun. Eivor wa peteud, mou divel Baphtnta otny axpeifeio tv npofiédewy tou poviehou. ‘Oco mo noAd
anéyel wa mpoPhedr, téoo yeyokltepo Vo elvon To opdiua.

e H cuvdetnon pwéong andivtne tiwAc (mean absolute error - MAE)
yenowonoleitoan o mpoPfAfuato naAvdpounone, émou 1 é€odoc Tou povtéhou elvar Pl cuveXhc THN.
Topéyer wa pétenon e péong amdhutng dlapopds PETAUED TwY TEOBAETOUEVLY XUl TWYV TEOYUXTIXOY
oy y. To MAE eivau hiydtepo euaiodnto ot axpata onueia ond to MSE, xadoe dev nepthopfdvel to
TETPEYWVO TWV CQUAUITWY.

e H cuvdetnon Aoyoptduixod ocpdipatos (log loss)
xenotonoteiton oe mpoBhfuata tadivéunone (classification), 6mov 1 é€0doc Tou Yovtélou elvon duadny
xaTNYopxr) LeToBAnTH.

e H cuvdptnon andieiog evrponiog (cross-entropy loss)
xenotponoteiton oe npohiuarto tadvounone, émou 1 é€odog tou povtéhou eivon mopoamdve and 800 xaTh-
yoplec.

Aryéprdpol Bedtiotonoinorg (Optimization Algorithms)

INo v enihuom, cLVETADC, VS TEOBAAUATOC UNyovixAc uddnong, apol xadoplotel To eldog Tou mEoPAfuaTog
xou emheydel gt xatdAnhn cuvdpetnon xdotoug, mou Yda ehaylotonomndel to xdoToC TNE, SUUPWVL PE TIC
TpoPAédelc Tou povtélou xou To Belypata, mou mopéyovion and TN Bdon dedouévwy, ypedletol va oplaTel xou
évag alyoprdpoc PBehtiotonoimone. O akydprduol Bektiotonoinone puduilel tic mapouétpous tou poviéiou,
“ote va ehaylotonoindel 1 cuvdpTnon xd6oTouE, BNANDY aAAALEL TUALVBEOUIXE TIC TWES TOV TOPUUETEWY TOU
povtéhou, Tpog TNy xatebuvon TN eEAGYLoTNS TS TNS cLVAETNOTE x6aToug. O alydpriuol Beltiotonoimong,
TOU YPNOWOTOLOUVTAL YLot TNV EVEECT] TWV BEATIOTWY TUPUUETEWY TOL HOVTENOV, elvar oL axdroudoL.

e Ou AAyoprduor Beltiotonoinong Ipwrtou Baduwol
yeetdlovtol HOVO TIC TPMTEC TOPUYWYOUS TV TUROUETPWY TOu WovTélou, yia va xadopicouv tny
xatebduvon g evnuépwong touc. O mo dadedopévog aryoprduog Behtiotonolnong npdtou Poduot elvou
o akybprduoc xatdPBaone touv xhiong (gradient descent).

o Ou AAyoprdpor BeAtiotonoinong Acsbtegov Badpot
YENOWOoTololV TNV TANeopopia TNE SEVTERNC TAEAYMYOL TWV TUPUUETEWY TOU LoVTEAOL, Yo va xadoplcouy
v xatedduvon TG eVNEépwong TOUG. DUYXEXPWEVA, Yenolonololy tov mivaxa Hessian, mou avtinpoow-
neeL TG BEVTEPES TOPAYWYOUS TNG CUVEPTNONS XOGTOUC WS TPOS TIE TUPUHUETPOUSC TOU HOVTEAOL.

e Ov AAvyoprdpol BeAtiotonoinong Xweic Iapaywyoug
XEMOWOTOLOUY TNV TANEo@opla TNS GUVARPTNONG XOGTOUS, Ywelg Vo amontoly TNy UTUEEN TUPAYOYWY TNG.

O mo ddedopévoc alybpLduoc Pedtiotonoinone npodtou Poduod eivon o ahydprduoc xhione xadédou (gradient
descent). O ahydprduoc auTdC, EVNUEPMVEL TIC TOPAUUETEOUC TOU LOVTEROU, UE TNV xatelduvor tne aviidetne
¢ *Along TNE cUVEETNONE xEGTOUE, OTWE TEPLYPAPETAL XAk Ad TNV axdAoLDT) GUVEETNOT

07 =0V — Ve L(f(2i:07 V), y) (12.1)

6Tou To T SNAdVEL TV ypovxd oTiypr Tne enavdhndng, to 6(7) Bnhdvel To Bidvuopa TwV TopaPéTEwY, TOU
EVNUEPOVETAL XOTA TNV ETAVEANYN T, To 1 dnhwvel to pudud pdidnone otov akyderduo xhiong xodddou, to
VoL (f(2i;0771), y;) Snhdver Ty mopdyyo T ouVERTNONS XEGTOUC, WC TPOS TIC TOPUUETEOUS TOU OVTEROY,
ue tée 0D tou mpoxinTouy and T meonyoluevn etavéhndn, o f(z:; 0 ) Snhdver v TedBhedn tou
LovTélou yia To Belypa x;, pe Tpée mopauétewy 7Y xau to y; SnhdVEL TNV TEoYUOTIX T,
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Metpuxéc A&ioréymone (Evaluation Metrics)

Ou yetpuxée aglohoynong elvon ToGOTE UETEA, TOU YPNOWOTOLOUVTOL Yiot Vol a&LoAOYRGOUY TNV anddooy evog
povtéhou oe éva cLYXEXPWEVO TEOBANUA.  Autéc ol yetpixéc Bondolv oto va nocotixomoindel téco Al
yvevixelel éva povtého oe Gyvwota dedopéva evoc mpofAfuatoc, oto onofo exnawdedtnxe va Aboel. H emhoyn
NS ouVdpTNoNe Tou Yenowdomolelton yio Ty aflohéynom e€aptdton and Tov TOTO TOU TEOBAAUTOS UNYAVIXHS
uddnone (.., Ta&vounon, Takvdpdunom) xou Toug otdyous Tou poviéhou. T mapddetypo, pepnéc and Tic
o Sladedouéveg uetpég alohdynone ot TeoBAfpaTa TaElVOUNoYC TapoVGdloVTaL TUPUXATE.

e H ITocootiaiat Enidoorn (Accuracy)
HETPA TO T0G0GTH 10V GWOTOY TEOPAEYewY o oyéan e T0 GlVoho TwY TEOBAEPEwWY.

e H AxpiBeia (Precision)
HETPA TO TOGOGTO TWV OWOTWY VeTix®V TpoBAéPewy oe oyéon Ue To GUVOAO OAWV TwV TRoPBAEPewy, Tou
xatavepiinxoay oty xatnyopio v Yetedv npoBAiédeny.

e H Avdxinon (Recall)
HETPA TO MOCOGTO TWV CWoTWV YeTiX®V TEOPAEYewv oe oyéon Pe TO GUVOAO OAWV TWV TEAYUATIXOV
VETIXOY TOPADELYUATWV.

e To Fl-score
ouvdudlel v axpifelo xan TV avdxhnon oe éva uévo pétpo. Elvow 1 appoviny uéon tne axplBelac xan tng
avéxhnone, TapEYovTac (Lol looppomia PETA) auTtdv Twv petpxdy. To Fl-score eivon Wbuwidtepa ypriowo
OE XUTAOTAOELS, OTOU UTAPYEL AVIGOPEOTHA UETAUED TWV UASCEWY.

H Exnaidesvon Moviéhwyv Mnyavixniec Mddnong
O ahydprdpor Mnyovixic Mdidnong oyedidlovton ougwve ue ta oxdhovdo Briwarta.

1. H Yulhoy? Acdouévev
elvar n mpddn Blodixacio, mou amawtelton yiow TNV exnaideuon evog wovtéhou Mnyoavixic Mdédnong. H
TOLOTNTA XOUL 1) TOGOHTNTA TWVY dEBOUEVLV ETNEEALOLY ONUAVTLXE TNV ATOB0CY) TOU UOVTEAOU.

2. H Ilpoeneicpyacia Acsdouevny
nepthaufdvel v xadaplopd xan TNy mpoetolacio Twy dedouévwy Yl Ty exnaidevon. Autd to Brua
TEPLAUBAVEL TNV AVTIUETOTION TWV ATOVCLALOUCHY THIMY, TWV UXEUlWY TIHOV XL TNV UETATEOTYH TV
OEBOUEVLV OF Lol XUTEIAANAT Wop®n Yo TOV ETMAEYUEVO alydprduo.

3. H EmtAhoy?" ANyopidpou
elvan éva xplowo By, xadde o alydpripoc mou emhéyetar ennpedlel v anddoor tou povtélou. Ot
ahyoprdpol umopoly vo elvon dlapopeTixol, avdhoyo Ue Tov TOTO TOU TEOBAAUATOS XAl TA YoEUXTNELOTIXE
TWV OEBOUEVLV.

4. H Exnaidevon Tou Movtéhouv
nepLAoUPBAVEL TNV TIEOCUPUOYT) TWV TUPUUETEWY TOU LoVTéAOU aTta dedouéva exnaidevone. Kotd tn Sidpxeia
e exnoldevong, To Yovtélo yodalvel To TpdTUTTAL Xal TI OYECELS UETUED TeV SEBOUEVWV, TTIROXEWUEVOUL Vol
npofAédel tic emduuntéc Tpée.

5. H AZwoA6ynon Tou Moviéhou
elvon to tedeutaio Bripa, mou a&loroyel TNy anddoon Tou YovTENoL oe Eva GUVOLo Bedouévmy eréyyou. Ot
HETPWEC AELOAGYTONS YENOYLOTIOLOUVTAL Yiat VO 0ELOAOYHOOUY TNV andB00T] TOU LOVTENOL Xal VO GUYXRIVOUY
¢ TPOBAEPELC TOU LOVTENOU PE TIC TROYUOTIXES TLIEC.

1.2.3 Badid Mdadnon

H Bodd Mdidnon eivar éva utooivoro tne Mryaviic Mddnong, mou yenowonolel YeTaoy NUATIoONo0S Xal
YEAPOUS, TEOXEWEVOL VO XoTaoXEVdoeL Tolven{nedo Yovtéha udidnong, yvwotd we Podid vevpwvixd dibtua
(DNNs). e éva tumxd ahydprduo Mryovichc Mddnone, ta dedopéva divovton ot popeh Slavuopdtny petoBh-
oy (axépanor 1 nporypatixol aprduot). Etol, dedopéva dnwe mymuxd ofpata ¥ exdvee ypewdloviar xdmota
TpoeToaolo ey Bovolv we €lcodol 0TO YOVTEAD. BUYXEXPUIEVA, T YORUXTNRICTIXG Tou evblapépovtog Yo
npénel vo e€otydoUv, TPOXEWEVOL VoL oY NUATIOTOVUY To Slaviopote. AUt 1) TPOGEY YL GTOYEVEL GTNY XATACKELT
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YUEUXTNPLO TIXWY OO ToL U1 ENeEepYUOUEVOL BEBOUEVA, €€ OO TNV JEYLTEXTOVIXTY] TOU HOVTEAOU. And Ty dhAY,
ot ahydpriduol Babdide udinong emtuyydvouy Ty e€aywyn YAPAXTNELOTIXWY UE AUTOUOTO TEOTO UECH GTO HOV-
ko Touc. Av xou 1 Badd Mddnon ypeeidletor peydho 6yxo BedoUEveV xol UTOAOYLOTIXOUS TOHPOUE Ylot TNV
exmaldevoT TV YOVTEAWY, €xel emdel€el e€oupeTixy anbdoon oe TOANE TEOBAAUATY, OTWE 1) AVAY VORLON GOVIS,
1 AVaY VORLOY ElXOvVwy xa Bivteo.

Badid Nevpwvixd Aixtuo (DNNs)

O ahySprdpol tne Bahde Mddnone, yvwotol xaw we Teyxvntd Nevpwvixd Alxtua (Artificial Neural Networks
- ANNs), arotehodvion and ToAd emineda opyavouévmy oy otolyeiny, tou ovopdlovtar veuphvee. O
VELUROVAC 1 oA perceptron, tpotdidnxe and tov Rosenblatt [5]. To perceptron hapBdver éva ¥ neptocdtepa
ofuorTa €Lo6d0L, Tal onola TolhamhactdlovTta Ue To BN Toug xou 6Ty cLVEYELX TpoaTidevTal, Yia Vo Tpox el Ye
QUTO TOV TEOTO EVAC YPUUUXOS GUVBLICUOS TOV ELGOB®Y AUTOY. AUTOC 0 YRUUUIXOS GUVBLICUOE TWY ELGOBWY
TEEVA amd Pl GLUVEPTNOT), TOU TEOCPEREL EVOL (A1) YRS UETACYNUATIONO, Yiol VoL Topdyel Ty TeAxt| €€odo,
OTw¢ QduveTon xou 6To Lyruo 1.2.1.

Weights

Constant 1 — =
\
Wo
R \m Activation oo
; T s
Inputs : Wy / y
ol T /
T Wy

Figure 1.2.1: Nevpdvog ¥ Perceptron (ané [6])

Ta enineda, ot omolo opyav@vovToL oL VEvpwves UTopel va elvar Tela: To eminedo elc6dou, To xpuUPd eninedo
xot to eninedo e€6dou. To eninedo eicd6d0u Aopfdvel tor Sedopéva ELGOBOU Xal ToL UETATEETEL GE YOp®Y, TOU
unopel va enelepyaotel To veupwvixd dixtuo. To xpued enineda eivan exciva, mou enelepydlovton tor dedouéva
xou e€&youv tar yopoxtnetotxd touc. Télog, to eninedo e€6d0v mapdyel Ty tehxr é€080 Tou povtélou.

Ou ouvapthioeic evepyomolioels (activation functions) ypnowonotolvron otn Bohd Mddnon yio va eladyouy un
YOOUULXOTNTO GTO LOVTEROD. €TOL OOTE BEBOUEVA, OTWE ELXOVES XAl )Y OUC, VoL UETATEUTOVY GE LopY| Slopoplolun
OC TPOC TIC TOPUETPOVS ToU LovTiéhou [T7].

Kénotec and e no dwdedouévee ouvapthoelc evepyonoinone [8] napovsialovton axolodiinc.

¢ H Rectified Linear Unit (ReLU) cuvdetnom
YENOWOTOLEITOL YLl VoL APAULEETEL TG OPVNTIXES TWES, OTWE apYNTIXOVE XALOELS, GTAV TO XATOPAL Elvol 0TO
UNOEY.

e H YrepBolixr epantopnévn (tanh) cuvdetnon
yenowonotelton yio va yetotpédel Tic Tiwée oe éva edpog yetolh —1 xau +1. Auth 1 cuvdptnon evep-
yomolnong yenowonoleltan dtav 1 apvnuixt| xAlor elvar onuovTt.

e H Ziypoeddc cuvdetnon
Yemnowdonoleiton yior vor eTatpédel T Tiég oe éva e0pog uetagl 0 xou 1, xpatdvtog e autd tov tpdTo
v Thnpogopla oe VeTinéc cuVEOUEVES TIUEC.

e H Softmax cuvdpetnon
Onuloupyel yio draxptt| xotavop mavotitwy. Auth 1 cuvdpTtnon evepyonolnone yenoltonole{tor dtov
1 é€0d0¢ Tou HovTélou ypetdleTon Vo elvon xaTnyopLxt).

To Bohd Nevpwvixd Aixtuo (DNNs) ywpiloviar oe tpeic xatnyoples, avdloya ye tov 1p6no pe tov onolo
dapolpdletar 1 TAnpogoplo uéoo ota enineda TV veLpwVIx®Y dixTiwv: To Nevpwvixd Alxtua Eurpdothag
Tpogodbtnone ( Feedforward Neural Networks - FNNs), ta Zuvehixtixd Aixtuo (Convolutional Networks -
CNNs) xou ta Avadpound Nevpwvixd Aixtua (Recurrent Neural Networks - RNNs) [9].
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1.2. Oewpnuxd TndBadeo

Nevpwvixd Aixtua Epunpdéodag Teogpodotnong (Feedforward Neural Networks - FINNs)

To Nevpwvixd Aixtua Eurpdotoc Teogoddtnone (FNNs) eivor évog T0T0¢ VEupmvixdy Sixtiwy, éTou 1) enclep-
yoolo Twv dedopévmy yiveton udvo Tpog T euTpoe, and To eninedo eloddou mpog To eninedo e£68ou. O veupveg
oe aUTO TO €lB0¢ BIXTUWY OPYAUVMVOVTUL GOE GTEMUOTA Xal avaAoya e Tov optdud twv oTpwudtwy, to FNNs
yweilovtow oe dvo xatnyoplec: T Movoeninedo Nevpwvixd Aixtua (Single-Layer FNNs) xou to ITohveninedo
Nevpwvixd Aixtua (Multi-Layer FNNs). Ta Movoenineda Nevpwvixd Alxtua anotehodvtor and éva eninedo
elo6d0uL xau €va eninedo e£680v, Omwe alveton oto Lyfua 1.2.2a. And tnv dAin, to Ilohvenineda Nevpwvind
Afxtua anotehobvton and meplocdTepa and dVo enineda, 6nwS @aiveton 6to Xyfua 1.2.2b, ye xdde eninedo nou
vo. Bploxetan avdpeoa oto eninedo eo6dou xou To eninedo e€68ou, vo ovopdletar xpupod eminedo. Ta xpupd
eninedo YENOLLOTOIOUVTAL Yol TNV AVEAUGT) TLO TOAOTTAOXWY AVATORAC TACEWY TV BEBOUEVKV ELGOBOL.

() [

Outputs
Inputs Outputs Inputs

N Ny

Input Layer Output Layer Input Layer Hidden Layer Output Layer
(a) (b)

Figure 1.2.2: (a) Movoeninedo Nevpwvind Alxtua. (b) Iloiveninedo Nevpwvind Alxtua (ard [10])

Emmiéov, ta FNNs umopolv va ywelotolv oe dhkeg d0o xatnyopleg, avdhoyo pe tov Teémo pE TOV omolo
oL veuphves ouvdéovton petoll tous: to IMjpwe Luvdedepéva Nevpwvixd Alxtua (Fully-Connected Neural
Networks), 6mou éhot oL vevp@veg ot éva entinedo cuVBEovTal P GAOUC TOUS VEUROVES 0TO ENOUEVO ETNEDO, %ot
o Mepuade Buvdedepéva Nevpwvind Aixtue (Partially-Connected Neural Networks), 6mou ot vevpdoves oe éva
eninedo ouvdéovtal pe €va UTOGUVOAD TWV VEURKOVWY OTO ENOUEVO eNiNEdO.

Yuvehixtixd Nevpwvixd Aixtua (CNNs ¥ ConvNets)

To Zuvehixuxd Nevpwvind Aixtua (Convolutional Neural Networks - CNNs ¥ ConvNets) eivon pior xatnyopia
FNN, nou eivor edixd oyedacuévo yio Ty enclepyaoio dedouévwy TAEYUOTOS, OTwe EOVES, xadme Eyouv T
duvartdtnTa va e€dyouy yeriotda yopoxTnelo Txd amd autd ta dedouéva, ywelc va ypeetdleton xdmola npoenedep-
yooio. To ConvNets anoteholvtan and pior oelpd emmédny, dnwe gaivetar oto Xyfua 1.2.3, tou elvar oe Véon
VoL peTatpéouy to dedoyéva, eninedo e eninedo, o ¥AJoELS Yiol TNV Tovounon 1 oe dAAT Yeroudn Thnpogopia.

convolution
w/ReLu pooling fully-connected

e Wan W o

O Ul el

fully-connected
w/ ReLu

Figure 1.2.3: Mo anhf Sopr; Zuvehxtinold Nevpwvixod Awtdou aroteholuevn ond 5 eninedo (and [11])




Chapter 1. Extetapévn Ieplindn oto EXAnvixd

Yuverxtix6 Eninedo (Convolutional Layer) To Yuvelxtxé Erninedo (Convolutional Layer) yenot-
pormoteiton yiar Ty e€aywyn yopoxtneloTixey and ta dedouéva. To eninedo autd anoteheiton and €va clvoro
olAtpwy, Ta omolo elvon uxpdTepa and TNV €l0080 Xol PETOXLVOUVTOL TEVE GE QUTHY, TEAYUAUTOTOLWVTAS GUVENE-
elc Yetoll tov gihtemy xou NS e1o6d0L Tou emnédou. To anotéheoya elvar €vag YdpTne YoEaXTNELO TIXGY, TOU
TEQLEYEL YPNoW TAnpogopia pordnuatixd avanapio TOUevn Yo Ty elcodo. To Yuvelxtxd Eninedo amoteheiton
and tpio Boowd otouyeio: v eioodo, ta piktpa xou to Brue (stride), mou xadopiler Ty andotaon petalld
TV QiATewY xatd TNV epapuoyy Toug otny eloodo. To Xuvekxtind Eninedo unopel va nepihaudver xan dAheg
TOEAUUETEOUS, OTwE To péyevog Tou gihteou, To uéyedog Tou BAuatog xa 1 wédodog cuumifpwong (padding) tne
elo6dou, Tpoxelévou va dlatnendel n didotaon e elo6dou oty €€080. Avdhoya Tig SLoc TAoELS TwV SeBOPEVELV
16600V, SlapopeTixol THTIOL PilTpa HTopoVY Vo Yenooromdoly, 6nwe disdidotata (2D) 1 tpsdidotata (3D)
pihtea, Yo Y e€aywYn Ywexhc 1 Ywpoypovixic Thnpogopluc avTioTolywe, dtwe @aivetal 6To Lyfuo 1.2.4.

Temporal

pi A

|

Figure 1.2.4: 2-D Yuvehixtnd Eninedo (apiotepd). 3-D Zuvehetind Eninedo (8e€id). (and [12])

T ot ewéva pe draotdoeig (C, H, W), érnouv C eivor o apidude twv xavolay e exdvae, H elvon 1o Udog
xou W oelvon to mhdtog, xou évar gpidtpo pe dwotdoec (F, F'), émou F elvar oL ywexée dlaotdoelc tou gihtpou,
10 amoTéAecpa Tou TopdyeTal elvon 1 cUVEMEN Tou @iATEou Ue TNV exdva elg6dou. To @giitpo ohodalvel ndve
oty €lcodo, xou UTOAOYILETOL TO ECWTEPIXS YIVOUEVO TV PopdV TOU GIATEOU HE TIG YWEXES TWES TNS ELXOVOG.
Yuvenwg, dnuovpyeiton €vag ydeTng evepyonolnong, Tou aVTITPOCWREVEL TNV EVERYOTOINGT Tou (QIATEOL Ot
xdde onueio g exodvoc. 3TN cuvéyela, xou dhho piktea epapudlovial 0TV EXOV, TAEAYOVTAS TEPLOCOTER-
oug Ydpteg evepyonoinorng, ol onolol oto téhog cuvbudlovtal oe €vay TELEBLAoTATO OYXO EVEpYOoTOlnNoNe, TOU
AVTITPOOWTEVEL TNV €£680 TOU GUVEAXTIXOU ETUTESOL.

H;,, +2 - padding _height — filter _height
stride__height +

Win + 2 - padding _width — filter _width
stride _width +

Hout = 1

(1.2.2)

Wout = 1

Enopévac, 1 é€odog Yo éyel draotdoeic (N, Hout, Wout), 6m0L T0 N glvon o TARB0C TV @iktewy, xon Hoyr, Wou
elvar oL ywpxée dlaotdoels, mou urtohoyilovton olugwva pe v EZlowon 1.2.2.

‘Ocov agopd éva Bivieo ye dotdoec (C, D, H, W), énou to D avuotowyel oto thfidoc twv frames tou Bivteo,
xdde xuPBud delypo Tou Blvieo cuvelicoeTal Ue €va TELOBLEOTOTO QIATEO XoU TO AMOTEAECUO TEOXVUTTEL OO TO
dpolopa TV empépous oTolyelnwy, 6twe utodexvietal and to Lyhua 1.2.5.

®@ﬁ@\@aﬁ
> — )

Input Kernel Partial Sum

Figure 1.2.5: Egoppoyh Tuvehextno Emnédou oe 3-D elcodo (and [12])

Y tpwodidototn ouvéAEr, howdy, to @ihtpo olMoboivel xatd uixoc twv frames tou Bivteo, xau oyl xatd
UAXOC TV XOVOALLY TNG EXOVAS, OTwe oTY SLodLEoTATY GUVENEY), XPATMOVTAS YE AUTO TOV TPOTO TNV YPOVIXH
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1.2. Oewpnuxd TndBadeo

TAnpogopia. H €€0doc Va éyel diaotdoec (N, Dout, Houts Wout), 60U T0 N 1600t0n e to TAfYoc tov giltpnv
ot Doty Houts Wour €lvan oL ywpoypeovixég dlaotdoelg, tou npoxtntouy alugwva ye tnv E¢icwon 1.2.3

Dy, + 2 - padding _frames — filter _frames

Dou - - 1 ,
¢ stride__ frames *
Hin + 2 - padding _height — filter _height
Hou = - - — 1 s 1.2.
! stride _height + (1.2.3)
W, = Win + 2 - padding_width — filter _width 1o

stride _width

onou to filter _size elvan ol dlaotdoelg Tou xUPwod @ilTeou, to stride elvar to B pe To omolo ohioVaivel
T0 @ihteo TAve oo PBlvteo xou to padding elvan emmpdoveteg TWéS, ouvidng (oeg pe to 0, xatd uhxog Ohwv
TWV BOTACEWY TNE ELGOB0L Yo Vo xpotniel cuyxexpiuévn emuunty thnpogopla.

Emniinedo Suyxévripwone (Pooling Layer) Xe éva cuvehxtixd vevpwvixd dixtuo, évo cuvekxtixd
eninedo cuvHdwe axoroudeiton and éva eninedo cuyxévipnaong. Eva eninedo cuyxévrpwong yetacynuatilel vy
eloodo ye TéTolo TPOTO MOTE Vo UEWOOEL TIC BlaoTAOELS evOC YdpTr evepyomoinone, xadode xou Tl TopoéTeous
Tou Bixthou. Xuyxexpiuéva, unodelypatolnmtel Ty elcodo pe tétoto Tpdno hate va agapelel xdde thcovdlovoa
nnpogopla. T topdderypo ot éva Bivteo pe dwotdoeis (C, Dip, Hin, Win), 1 €€080¢ Yo tpoxdder obupuva pe
v axéiovdn E&lowon 1.2.4 :

D;,, — filter _frames

Dou - 3 1 B
i stride__frames +
H;, — filter _height
Hyy = ; = 1, 2.
! stride__height + (124)
W, = Win — filter _width 1

stride__width

Sy mpd&n yia pior povoxavahixy exovo, dnhadt aompduouen (greyscale) pe Swotdoeic (1,4, 4) xou éva eninedo
CUYXEVTPWOTNG HE Tupval 2 X 2 ue stride = 2, o muprvag Yo eQapUocTel OTIC YPOUATIOUEVES TETPABES, TTOU
gatvovton oto Lynpa 1.2.6, e€dyovtoc wo Tiun yio xdie TeTpddo, oOUPOVA UE TNV TEXVIXT| TNE CUYXEVTEWOTNG
nou yenowonoteiton. Ot mo Sladedopéveg TeEXVIXES YLol ETUMESA CUYXEVTPWOTG ElvVal 1 CLYXEVTPWOT UEGOL GPOU
(average pooling) xou 1 cuUYXEVTpwoT PéyioTou 6pou (max pooling), dTwe TEPLYPAPOVTIL TOPAUXATE.

e H Yuyxevtpwon Méoou ‘Opou unoroyilel v uéon tiun oe dha to ototyela Tou muphva. Auth 7
uédodoc Aetoupyel we @iltpo eoudhuvong, aAld Tautdypova Yohwvel Ty elcodo.

e H Yuyxévrtpwon Méyiotouv 'Opou vnoloyilel ) péyiotn iy oe 6Aa to oToLElo ToL TUEHva,
tovilovtag pe autd TO TPOTO TIC TO ONUAVTIXES TANPOPOplES.

Pooled feature map 1 Pooled feature map
) ’ )
25[27] a al7

[ Avarage(3, 4,1,2)= 2.5 | Max(3, 4,1, 2) =4

(a) (b)

ym-h

W | o oo n
L YL B

w o | N
= |~

T [
yen.n-

Figure 1.2.6: (a) Tuyxévtpwon Méoou Opou. (b) Zuyxévipwon Méyiotou ‘Opov. (and [13])

Ta enineda cuyxévipwong mépa and TNV Uelwon ToU LTOAOYLOTIXO) XOGTOUC TOU VEURKWLXOU BLxTlou, Yenot-
poToloUVTAL Xou Yl Tov ENeYYo Tne unepnpocauoyfic (overfitting). H uneprpocopoyy) eivar évor Tohd cuyvd
TEOBANUa, Tou avTieTwrilouy o povtéla Bothde udinong, xatd to onolo o alydprduog puduilel ta Bden tou
pE TETOWO TEOTO OTE Vo UTopEl VoL BMCEL GO TH andvTINoy wévo oe BelyUoTta TOL GUVOAOL EXTUBEVONS, Ywelc
Vo Umopel Vo YEVIXEUOEL TIC ANMAVTAGELS TOU XAl OE &y VWG ToL SEDOUEVAL.
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

Eninedo Kavovixonoinorne ITaxétwy (Batch Normalization Layer) ‘Otav exnowdeteton éva Bardi
VEUPWVIXG oVTEND, Tol Selypata Twv cuvblwv dedouévewv (datasets) mnepvdve and to uévielo oe ouddeg, mou
xohoOvtow axéta (mini — batches). Me autd tov 1pé10 TO TOXETO OMOTEAEL ULt xpoYpapia TOU GUVONOUL
OEBOUEVMV X0l O UTOAOYLOUOS TN THPAYYOU TOU GYIMIATOS WG TEOS TO TUXETO E(VOL TLO OVTITPOCKWTEVTIXOS
TOU GLUVOIOL, UE TNV oxpifela auTAS NG avTioTolylong va awdvetar 660 auidveton xon To Péyedog ToU TAXETOU.
‘Ouwg, 6tay 1 xatavour Twv delYUdTwy dev elvon opolduop@n TOTE auTH N TEOCEYYLoT UTopel Vo 0dnyHoel o
Mooelg Tomxol ehayloTol xat oyt ohxol. Abon oe autd To TEOPBANUA Bivel To eninedo xavovixonoinong ToarETwy
[14], mou xavovixorotel ta dedopéva Tou TaxéTo, xdvovtag TN wéon Tun lom ue To 0 xou TNV TUTIXH amOXAOT)
lon pe 1, 6mwe neptypdpeton amd v axdiovin E€lowon 1.2.5.

1 m
’UI:E;x’L )

1
O—:E;(xifﬂ)z ) (1.2.5)
A Ty — W
Vol+e
yi=yzi+ 5

onou z,y elvon 7 eloodog xou 1 €£0060¢ TOU EMTEBOU HAVOVIXOTOINONG TOXETWY Yo EVOL CUYXEXPUEVO M mini-
batch, g efvou 1 uéon Ty Tou mini-batch, o eivon 1 Tumixy andxiion Tou the mini-batch, 3,y elvon napduetpol
Ao xou peTatomong, mou padaivovton xatd Ty exmaldeucy), xau € elvon pa pxer| otadepd mou mpootiveTon
oty TUTXT omdxMoT yio vor omogeuyOel 1 Sodpeon e to undév [15].

II\pwe Xuvdedeuéva Enineda  Ta tekeutala eninedo evdg vevpwvixol dixtiouv Babde Mddnong, mou
peTaoyNUotilouy TOUS VEUPMVES TOL TEONYoUUEVOU eTUEdoL oTo TAiloc Twv e€68wV Tou LoVTERoU, xaholVToL
IIpwe Xuvdedeuévo Eninedo. Autd to enineda déyovian otny £lcodd toug HOVOBIAGTOTOUS TiVAXES Xo TR
youv otny €€086 Toug enione LovodLAG TarToug Tivaxes, Ouwe dtapopeTiniic Sidotaone. o oawtd To Aoyw 1 €€odog
Tou ponyoluevou otadlou meénel va Yetatpanel oe yia Sidotaoy. Auth n yetatpont| ovoudletar flattening xou
odnyel 610 MPWTO eNiNESO TANPWC CUVBEDEUEVWV VELPWVLY, OTWS alvetal oTo Lyfua 1.2.7.

Flatten
Layer
Fully
Connected
Layer

Figure 1.2.7: II\jpwe Luvdedepéva Enineda (and [16])

Avodpopixd Nevpwvixd Alxtua

Ta Nevpwvixd Alxtua ota onola ot cuvdEaelg petald Twv Boapdy dnuoveyoly Bedyyouc ovopdlovtol Avadpouixd
Nevpwvind Aixtua (Recurrent Neural Networks - RNNs). Autt| 1 Sour twv RNNs toug emitpénet va datnpoiv
UVAUN TV TEONYOVUEVWY ELGOBWY, XEVoVTdS Ta txavd va xetptlovton axohouvdiec dedopévemy, dnwe ofjuata fyou,
vomapAoTAoELS axohovhdv AéEewv 1 Bivteo, avanopaotdoeis axoloudody edvev. Qotdco, anhéc dopéc RNNs
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1.2. Oewpnuxd TndBadeo

avTeTLTlouv To TEOBANU TNS EEAPAVLONG TWY TOPOYMYWY, EVVOOVTAS OTL Ol TWES TOV Tapay®Y®y Utopel vo
yivouy TOAY Uixpéc xatd TNV exnaideuon Tou dxTUoV, XEVovTag TNV EXPAINCT LoxEDY oaxolouiv BedouEvny
npofinuotixy. Abon oe oautd To TMEOBANUA TEOCPEROLY evalhaxTixés Bopéc avadpowxoy BixTiwy, dnwe To
povtéha Bpoyyeiac Maxpde MvAune (Long Short Term Memory - LSTM) xou povtéha Movddwy pe IToheg
(Gated Recurrent Units - GRUs).

AN doph Avadpourxod Nevpwvixod Awxtdov (RNN) Mo anhi dopry RNN houfdver we elcodo
¢ W oxoroutia Sedopévwy xar emioTeépel war axohoutia xpupny xatactdoewy hy xou e€60wv yr. H xpuen
xotdotooy hy unoloyletal and TNV mponYolUEVY xpu@N xaTdoTooT hi—1 xou TNV Tpéyouca elcodo Tt, EVM N
¢Zodog Y unoroyiletor amd TV TEéEYOLCY XEUPY xotdotaon hy. H xpugy xotdotaon hy mepvd oto endpevo
BAua, 6mou yenowomoLe(Tal Yia TOV UTOAOYLOMS NG ENOMEVNC XpUPAC xatdotaons iy, xou oltwe xadedc.
Me autd Tov tpdémo Tat RNNs xpatdve tnv mAnpogoplo xatd v exnoldevon.

S S A

Figure 1.2.8: AnhA Sour Avadpouixod Neupwvixod Aixtiou Eedimhouévn oe Béddoc enavolfdewy (and [17])

Ané to Eyrua 1.2.8 gaivetar and ta Souind otoyela twv RNNs nwe 1 eloodoc x4 nepvd 6ty xpuph| xotdotaon
hi, n onola tepvd oty €€0d0 y;. Autde o unyaviopoes umopel va Statumwiel pe tic axdlovdec elodoelc:

hy = tanh(Wyphe—1 + Whaay +by)

(1.2.6)
Yt = Whyht + by )

6ToU TO t BNADVEL TNV XATAGTACT TOU YovTéNoU, To Wy, Snhdvel To Bdpoc Tng mponyoluevng xpupic xatdo-

TG, T0 Wha SMAGVEL T0 Bdpog tne Teéyouoous ewabdou, To Wy, Snhdvel To Bdpog tng é€odou, xau to tanh(-)

elvon 1 ouvdpTNOY evepyonoinong, Tou eQupUblETAL.

Movtéha Beayyeiog Maxpdc MvAurne (LSTM) Ta poviéha Beayyeloe Moaxpdc MvAunc (LSTM)
anoteroly o e€EMEN Twv anhev RNNs, nou npociétouy éva douxd ototyelo, to onola umopel vo amodnxedoet
dedopéval Yo ueyohltepa ypovixd Swotrhuate and to amhd RNNs. H Sopn avtr Swyeipileton and tpelg moeg:
v 1I0An Eweédou, v IIoAn Afdng xan tny 110N EE6B0u, 6nwe gaiveton oto Lyrua 1.2.9b.

@ X

Figure 1.2.9: (a) RNN Sowxé otoyeio. (b) LSTM douxd otouyxeio. (¢) GRU Souwxé otoryelo (and [18])

H IIvAn Ewébov (Input Gate) xadopilel moleg mhnpogopiec Yo etcéAdouy 610 dowxd otolyelo, yiol va TpononoLf-
COUY TN PVAUTN. DUYXEXEWEVA, 1) GLYHOEWNC cuvdpTnor anogacilel moleg Téc Vo Tepdoouy, £V 1 cLVAETNON
tanh 8ivel Bdpog oTic TWég oL mEEVOLY, anogacilovtag to eninedo onuaciog Toug.

H ITiAn Andng (Forget Gate) xodopilel moiec mhnpogopiec Yo Eeyootoly and Ty uvhun Tou dowxod ctolyeiou
xon Toteg Yo amovnxeutoly. H andpaon Aopfdveton and yia orygoedr cuvdptnot, 1 onolo e€etdlel TNy TporyoL-
pevn xatdotaot (hi—1) xou Ty eloodo () xou emotpéper évay aprdud petall 0 (Topdherdm) xar 1 (drothpnon)
yia xdde aprdud oty xatdotaon e uhiung Cy—1.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

H IIAn E&6ov (Output Gate) xodopilel molec mhnpogoples Yo e€ory oy and tnv wvhun tou dopxot ctotyeiou
xan Yo topadodolv otny €€odo. H andpoaon Aopfdvetar and yio oLypoeidr; cuvdptno, 1 onolo ano@actlel moleg
Tiéc Yo mepdoouy, eved 1 cuvdptnon tanh xadopllel T onpacia mouv Yo doldel oe auth TV TAnpopoplia.

Movtéha Movddwv pe ITOAeg (GRUs)  To yovtéha Movddwv pe ITOhec (GRUS) anoteholv yio eZEMEN
v yoviédwv LSTM, nou mpoopépouv nopduota Aettovpydtnta pe wxpdtepo apldud napauétpwy. H Sour
twv GRUs, énwe galvetar oto Xy 1.2.9¢, anoteheiton and dVo noieg: tnv ITOAN Evnuépwonc xou tny IIOAN
Emoyhc. H IIOAn Evnuépwone anogacilel noleg mhnpogopieg Yo dlatnendody otny xpuen xatdotaoy, eve 1
IToAn Emoyc anogaocilel moeg mAnpopopieg Ya tepdoouv atny é€odo. Me autd tov tpéno ta GRUs unopotv
Vo Slatneoouy uviur yio peyohltepa yeovixd Swothpata and tor anAd RNNs, ywplc vo anoutody téc0 peydio
oprdud mopauétewy 6nwe ta LSTM [9)].

H Exnaidcvor Badiwv MoviéAwy Mddnong

Ye éva Badb povtého pdldnong, ol napduetpol Tou wovtéhou avaPBaduilovton ue napduolo TEOTO PE EVa HOVTENOD
Mnyavixic Mdidnone vrohoyilovtac v xhion tne ouvdptnone x6ctoug. ‘Onwe avagéotnue Teomnyouuévng,
To Barhd povtéra udldnong €xouv TOA) TEQIGOOTEREC TUPUUETEOUS OO TO UOVTEAA UNYaVIXAC Hddnong, xdtu
mou xohoTd TNy exnaidevon Toug TOAD Mo amouTNTXH UTOAOYLoTixd. Enouévwe, 1 anAy e@apuoyn tou ahyo-
plduov xhione xad6dou (gradient descent) eivon avepdppootn yio o fordid povtéda uddnone. Ltnv npdén, n
exntafdeuot tev Padiddv wovtédny pdinong yivetow ue ) xeron mo noAbmioxwy uedédwy Beitiotonoinong, ot
omnolec amoteAoUV Lo topaAloryy) Tou aniol adyopiduou xhione xodddou.

Yroyxaoctixi KAion Kad6dou (Stochastic Gradient Descent - SGD)

H Ytoyoaotid Khion Kadédou (Stochastic Gradient Descent - SGD) efvoun o nopodhary | Tou ahyopiduou xhiong
xod6bou, mou yenowdonoleiton yia TNy exnoldevon Paddy wovtédwy pdinong. Auty 1 nopailoyy| Tou alyopit-
pou xAiong xadodou avti va yenouonolel 0AOXANEO TO GUVOAO TwV JeBOUEVLV Yiol Xdie emavdhndr, emAéyel
Tuyoda Evol UTOoUVONO TwY dedopévey, Yvwotd we naxéto (batch), v tov uroloyoud tne xhiong xou tnv
EVNUEPWON TWV TUPUUETEMY TOL HovTEAoU. Autr N Tuyadtnta Tou elodyetan ot dadxacio BedtioTonoinong,
e&nyel Tov 6po "otoyaocTixy" otov titho Tou alyopituou. Opiouéva and Tor TAEOVEXTAUATO TNS LTOYACTIXNAC
K\long Kadébou elvon 1 toyhtnta xan 1 omodotixdtntd tne. And tny dAAr, n SGD umopel va xdvel tn Sladixaocto
BehtioTomoinong Ayotepo otadepr xou vor 0dnyHoeL o TohavTwoel Yopw and To eAdyioto. Enlong, urnopel va
yeetaotel TeplocdTEPES ETUVOAAPELS Yiot VO CUYXAIVEL 6TO ENdYLoTO, XaddC EVNUEROVEL TIC TOPUUETEOUS Ylot
xdde Selyuo exnoidevone Eeywplotd. Emmiéov, n emhoyy| tTou puduod uddinong pmopel va elvon xpioun otny
SGD, xadoe 1 yeron evég udhnrod puduol pdidnone uropel vo odnyroel tov akyderduo va unepPel to eNdyioTo,
EVQ N YeNoT EVOC younhol puduol udldnong umopel va xaduoteproel ) obyxhior. Téhog, Aoyw Twv Tuyoiwy
evnuepnoewy, 1 SGD unopel vo uny cuyxiivel 6To oxpBéc ohxd eAYLOTO xou VoL OBNYNOEL GE Uidl UTOBEATIOTN
Ao, oV xOL UTO PTOPEL VO AVTWETOTIOTEL UE TN YEHON TEYVIXWY, OTWS 1) TEOYEUUHATIoNEVY pUlulon Tou
puduol wdinong.

Adaptive Moment Estimation (Adam)

O ahybprduog Adam eivon évog alyoprduog Bedtiotonolinong mou unopel vo yenoulonoindel avtl Tng otoyaotixic
hong xad6dov, xadode n SGD diatneel éva wdvo pudud pdinone yio Ohec Tic evnuepoels Bapdy xou o puiudc
pédnone dev adhdler xatd tn Sidpxeio e ddixacioc exnaidevone [19]. Tuyxexpwéva, o Adam elvou évag
ouvduaouds 800 GAAWY enEXTdoEwY NG atoyaoTxne xhione xoddou, tne AdaGrad xou tne RMSProp, pe
OXOTO TNV EXUETAAAEUCT] TV OQEANDY TwV 800 ohyoplduwy, OTee TeplypdpovToL ToEUXATw.

e O Adaptive Gradient Algorithm (AdaGrad) oAyoéprOpoc Swtnpel évav pudud pddnone mou
npocapuéleton yioo xde TopdUETEO TOL pOVTEROUL, BeATidvovTac TV anddoon ot TpoBAAUNTY YE opoud
dedoyéval.

e O Root Mean Square Propagation (RMSProp) aAydetdpoc
dratneel puduoic pdinong mou tpocapuolovtal Yio x8Ve ToEdUETEO UE BAoT ToV PEGO 6PO TWV TEAEUTAILY
Boarduidwv tTwv Bapdv Tou HOVTEAOU TOU HOVTENOU.
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1.2. Oewpnuxd TndBadeo

Avtioctpogr Awddoor (Backpropagation)

Yy Babid Mddnon, n ovola tng Saduaciog exnaideuong eivor 1 BeATioToN0MON TV TOPUUETEWY TOU LOVTENOL,
OOTE 1) CLVAETNOT X6aToUG Vo ehaylotontondel. Autdg 0 oTdYO¢ EMTUYYAVETAL UE TN YeHoN EVOC alyoplduou
Behtiotomoinong, 6mwg o SGD 1 o Adam, yio Ty evnuépwaon twv Baptdv Tou HOVTEAOU UE EMUVIAOUBUVOUEVO
teémo. T va evnuepwdoly ta Bdpen, meénel vo umohoyloTtel N ¥Alon TG cLVEETNONES (OCTOUC WS TPOS TIC
TOEOPUETEOUS TOU HOVTEAOU, BNhadY| ol mapdywyol tng. Autd yivetaw ye ) ypron tou alyoplduou avticteopng
diuddoone (backpropagation), o onoloc amoteheiton amd 800 otddla, To oTEda e eunpdodhac dddoone xou
otddlo tne avtiotpogpne diddoong Thnpogoplag.

e Ytnv Epnpdéoda Awddoor (Forward Pass)
7 TAnpopopia diadidetar Yéoa 6To dixtuo pe xatedduvorn and to eninedo eloddou poc To eninedo e€630L.
Kotd ) dudpxeio authc tne dadcasiog, utoloyiletar 1 é€odog xdie emnédou, ue Bdon ta tpéyovta Bden
tou povtéhou. H €Zodog tou teheutaiov emmédou elvon 1 é€obog Tou duxtbou.

o Ytnv Avtictpoyr Aiwddoor (Backward Pass)
7 TAnpopopla péet péoo 6To dixtuo ue xatediuvon and to eninedo e€6dou npog To eninedo elob6dou. Kotd
didpxeta auThe TNg Stadixaciog, utoroyileton 1 TaEdYWYOC TNE CLVAPTNONE XOOTOUS WS PO To. BdpT TOL
povtéhou. Me auth ) mapdywyo, 6tav yenowonointoly ol padnuatixol TomoL, Tou TEpLYpdpouy xdide
eninedo tou dwtlou, xou e yeRon tou xavéve e ahuotdac (chain rule), dnuovpyolvrar pardnuoatixol
TOTOL Yol TNV eVNu€pnon Twv Bapdy 6Aou Tou dxtlou.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.3 Xyt BiBAoypapia

1.3.1 Avayvopion Avipomivey Apdoewy xol XELEOVOULOY
Avayvopion Avipomivev Apdoewy

H avayvopion twv avilpodmivey dpdoenmy elval éva TedBAnuo Tou andoyohel EVIATIXG TNV EEUVHTIXY XOLVOTNTA
To tehevutaio ypovia. Mia dpdon avagépeton o Wa cLYXEXEWEVY xivnon Tou extelel éva unoxeipevo, cuvitng
éva dtopo, oe éva Bivteo. [ napddelyyo, dpdoele umopel vo elvor To mepmdTnua, To dAua, To didBocua, To Vo
el xdmoto pouvoxd Gpyavo x.Ar. Kdéde wa and autég tic dpdoelc mepthauBdvel évol UYXEXEWEVO TPOTUTIO
xivnong ue v mdpodo Tou Ypoévou, To oTolo UTOPEl VO avoyVWELoTEL WE TNV avdiuot tng oxohouvdlag Twy
eovwy tou Blvteo.

‘Onwg xan 0Ty 6paoT) UTOAOYIGTOV YEVIXOTEQQ, 1) AVAYVOELOY Dpdoewy elvon Yerouln ot éva eupl Qacpa E(oo-
poy®y, cuurnepthapPoavouévwy tne emthenong Bivieo xou e adAnienidpaone avipwnouv-utoroyioth. H avay-
vopLoT dpdoeswy elvon Wiaitepa onuavTe Yo THY xotavénor tng avipdmivng ouuneplpopds o Blvteo, xan yio
TNV EVERYOTOINGCT) TWV UNY OV VO XATAVOOUY XAl VoL avTamoxpivovtol oTig avipmniveg dpdoels.

Avayvopion Avipomiveyv Xelpovoulmy

H avoayvopon yewpovouiody eivar éva axdpo onuovtixd mpolAnue otov Topéa tne 6paone vmohoylotwv. Ou
yetpovouieg opllovtan we pia eldixr xotnyopia xvioewy, Tou uropolv vo Yewpniody »g Wio Lop@h Un-YAwooxhc
emXoVOVIOC oTNY OTolo 0pATES CWUATIXES EVERYELEC YPNOWOTOLOOVTOL YLol VO ETUXOWWVHCOUY CUYXEXPUIEVOL UT)-
voparo. Ot yewpovopiec unopolyv va yenouonotdoly yia vo UETASWo0UY €va eUpD PACUN TANEOPOELLY, CUUTER-
thapBovouévwy cuvaloInudTwy, Teodéceny xaL EVIOAGY. XTo TAAOL0 TNG 6pdoTE UTOAOYIGTMOV, 1) AVAY VORLON
YELPOVOULOY AVAPERETAL GTO TEOBANUOL TN OVALY VEORIONE XL EQUNVELNS TWV avIpOTIVWY YELPOVOULY 0o OTTIX
oedouéva. I mapdderyya, ol yewpovouleg umopel var tepthaBavouy xVACELS TV YEELOY, TEOCWTIXEC EXPEACELS,
OTACELC COUATOS XU GARAL UN-YAWGOOIXS Ghpata. AUTH 1) €pYACId ETUXEVTPOVETOL GTNY AVOLYVOPLOY XIVACEWY
yeptwv ota Bivieo. Topodelypoata xivhcewy yepidv oe Bivieo unopel vo mepthoBAvouy To VoL YOoLEETd, TO Vol
delyvel, To YElPOoXEOTNUA Xl GANES HIVACELS TWV YEQLAOV.

H avayvdpeior yelpovol®y €yel TOMES EQUpUOYES, CUUTERLAOBAVOUEVNE NG oAAnAeniBpaong avipdmou-
UTIOAOYLOTY|, TNG VALY VRELONG VONUATIXASC YADOCOUS Xol TNG EXOVIXNAS TEOYHATIXOTNTOG.

IMewTapyixég MéBodol Enthvong IlpoBAnudteny Avayvodeplong Apdoswy xol XELPOVOUL®Y

Ot pédodot, TOL YENOWOTOLOUVTAY GTA TP GTEBLL TNS HEUCTC UTOAOYLOT®Y, aX0AOUT00CHY TNV TOEUXATE
dladuactar yia TV eniAuor TEOBANUATOY, OTWS 1) avayvOELoT DEdOEWY XL YELPOVOULWY: OpYLXd, €TPETE Vol
EVTOTILOTOVY TOL YUPAUXTNELOTIXG TOU EVOLAPEROVTOS OTAL OTTLXA DEGOUEVDL, GTY GUVEYELDL AUTA TOL YOEAXTNELOTIXG.
owTd e€dyovTay, HETE BNUOLEYOUVTAY EVOC YEETNG UETUE) TWV YUPUXTNPLGTIXDY X0l TWV OVITIPUCTICEWY TOUS
%o TENOC ypenotonotolvTay évac Tallvounthc yior T diéxpior toug petadd dlapopeTindv xhdoewy [20], 6nwe
palvetar oto Lyfua 1.3.1.

Local Descriptor
E.g.: ESURF, Cuboid
Descriptor, N-jet

Dense Feature Detector

E.g.: Hessian Detector,
Dense Sampling, V-FAST

Feature
STIP Detectors _> Descriptor Global Descriptor
Sparse Feature Detector 0G3D. HOG/HOF
N .

E.g.: Harris3D, Cuboid Eg: ;|D R Tr:amsform NI\‘IMF
Detector, STISM l ‘
Supervised Model BOW Based Model

E.g.: SVM
Vocabulary
« Bu‘lder State Space

Based Model
E.g.: HMM, DBAN

Unsupervised Model

E.g.: pLSA, LDA

Figure 1.3.1: Adypoppo Medédwv Enthuone pofinudtwy Avayvdplone Apdoewmv xou Xetpovoudv (amd [20])
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1.3. Xyetxn Biphoypogpia

Eva yopoxtneiotixd evolopépovtog elvon gla TEpLoy ) TN ElxOvag, Tou Tepéyel TANpopopleg yior To avTixeluevo
7 T Spdom, mou emduolue va avayvoploouvde. Ta yopoxtneiotind unopolv va elvon ywvieg, onpeio évapéng 1
TEQUATIONOU YRoUoY, onuelo e uéylotn B ehdytlotn évtaon ot dhha. T to Blvteo, ta yopoxtnelotxd etvon
enione Yveotd we onuela evBlapépovtog Ywpoypovixdy neploy®y (spatio-temporal interest points - STIP).

Io tv aviyvevon yapoxtneloTndy, yenotdomototvto alydprdpor STIP, nou unopolv vo xatnyogtonoindoly
o€ dLo €ldT), TuxvoLg xou opotodg.

o Ou ITuxvol Aviyveutég XopaxTneloTixwy

evromilouv yopaxtneloTixd o wa ewdva oe xdde pixel | o évav muxvd mAéypa authc. Me autd Tov
om0 e€aopoMleTon OTL To YOPOXTNELOTIXG OVLYVEVOVTOL OUOLOUORPA GE OAN TNV EXOVA, TOREYOVTIS UL
TEPLEXTIXNY aVAToEdoTaon Tou Tepleyopévou mou oameixoviletan. 'Evoc and toug mo dnuogiielc muxvoic
oLy VeuTée yopaxtnetoTixmy eivar o Hessian Aviyveutc [21], nov Boaoileton otov nivaxa Hessian, o onolog
elvon éva TeETpaY VXGOS Tivaxag SEVTEPNE TEENG LERXOY TUPAY YWY TS CUVEETNONG EVTNONS TNG EOVIC,
TUEEYOVTAE TANEOPOPIES YO TNV XAUTUAOTNTO TNG EMPAVELNS EVTUONS TNS EXOVIS, XAVOVTOS TOV YOO
YioL TV oviy VEUOT) TIERLOY Y UE OMuavTixég UETABOAES €vTaong 6mwe blobs.

e Ou Apornol Aviyveutég Xopaxtnelo Tixwy

evtonilouv YapaxTnELoTIXd OE W ExdVa 0 oLYXEXPWEVES Teployéc. AuTo To eldog aviyVEUTOVY YENot-
pomoteiton otay 1 e€aYYT YARUXTNELOTIXGY and OAN TNV exdva elvor utepPolxd oY) xou ypovoPdpea.
‘Evag and toug mo dnuo@ihfic aponolc aviyveuTtés yapoxtneloTixy eivon o Harris Aviyveutfc [22], 6mou
YENOWOTOLELTAL YIol TNV OViYVEUST] YWVLOY GE Uit VAL, xodde xat 1) enéxtacy| Tou ot Bivteo, o Harris3D
[23]. Ou ywvieg elvon onueio oe wa exdvo dmou 1 éviaoy odhdlel onuavtind oe ToAéC xateudivoelc.
'Etot, o nivaxog xhlong e ouvdptnong évtaorng e edvag voloyileton otic xateLdOVoELS X XaL y, ond
tov omofo unopel va mpoxOet 1 midoavdtnto éva pixel va elvon pépog wac ywvioe.

Io v e€ayoYN YoEoXTNELOTIXGY, YENOLOTOLOOVTOL TERLYPUPNTES YULUXTNELOTIXWY, OL OTOlOL AVATUPLGTOUY
TOL YUEUXTNELOTIXG TOU EVIOTOTNXAY OTo ONTd dedouéva. Ot TEPLYPUPNTES YOLUXTNELOTIXWY UTOEOUY Vol
Ywetotolv og dUo xatnyoples, TOUg TOMXOVE X TOUS YEVIXOUC.

e Ot Tonuxol Ilepiypapnteég
VOTAELOTOOY WOVO TOTUXES 1) OTATIXES TTANPOPORIES, Yiol TORADELY A TO YW 1 TNV LYY TNe ewdvag. To
OY A0 XOUL OL OXUES TV OVTIXEWUEVLV YPNOLLOTIOLOOVTOL YLot TNV XoJOpLOUS TV TOTUXMY YoPUXTNELC TIXWYV.
Optopévol amd toug o dnpogLieic Tomxolg teplypapntéc eivan o Heprypapnthc Metaoynuatiopol Xopox-
plotxav Avedptntoc Khpaxac (Scale Invariant Feature Transform - SIFT) [24] xou o Ileprypagpntic
Emtayyvuévev Aviexuxav Xoapaxtnpiotixdv (Speeded Up Robust Features - SURF) [25].

1. O SIFT nepiypagpnthc petaoynpatilel pio etxdva o€ Wiot GUAROYT) TOTUXODY BLIVUCUATIXOV YUpaXTNELo-
TIXWY, to omola Bev emnpedlovtan amd TNV XMUAXWGT 1 THY TERLoTEOPN TN, xodwe Paciletar otny
xatavout| e xhlong e ewxdvoc oe tomxég yeltovie. Autd to yapaxTnelo Tixd Yenoldonotodval
YLOL TNV OVOLY VERLOT] AVTIXEWEVWY OE BlapopeTixéc mpoforéc wag oxnvic. To xlplo mAcovéxtnua Tou
SIFT etvon étu etvon oviiextindg oe mopagoppoels, Tpoodfixn YoplfBou xou ahhayéc oTov PWTIOUS.

2. O SURF mneprypagpntic elvon pior e€éMEn tou SIFT, addd elvan toydtepoc xou mo aviextixde otic
HETAOYNUATIONO0S NG exovag. Xuyxexpéva, o SURFE yenowomnolel éva Slopopetind tpdmo umoh-
oylopol Twv xAloewvy, xadde emhlel wia Teooceyylo Ty Aoon Tou mpolAfuatoc TN xhlong ue
Xe1 oM TOU BLUXELTOU UETACY NUATIOUOV TNE EXOVACS.

e Ou I'evixoi Ilepiypagpntéc
oVaTaELOTOOY TN BuvoXY] TANEoQOopial TWV OTTIXWY dedouévwy, Omwe oAlayés xAluaxag, oAlayég
POTION00, PETATOMIOTN xou TeploTeogy. Kdmolol and toug mo dnuoguielc yevixolc meplypapnTéc slvou
ta Iotoypdppata Hpooavatohouévne Kilone (Histogram of Oriented Gradients - HOG) [26] xou to
Iotoypdppara Ontixfic Pore (Histogram of Optical Flow - HOF) [27].

1. O HOG mepiypagntic YenoWomolelton Yol TNV avAmopdoTaot TS SOUNC Xou TNG EUPAVIONS TGV
OVTIXEWWEVODY GE plal exova. Autog 0 TEplYpa@nTAC XENOWOTOLEL THY XATAVOUT TwV XAIGEWY TwY
YOOV TNE EXOVOS YLOL TNV OVUTURECTAOT) TWV AVTIXEWEVWY.

2. O HOF mepiypapnthic yenoWoToLElTal Yio THY oVOTApdoTaoT) TV XvnTxdy wotiBwy ot éva Bivteo.
Avutoc o meptypapnTAc XeNolpoTotel THY XATavoUT| TwV xateUdiVoE®Y Xal TV UEYEVMY TNS OTTiXrg
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

PONS YLl TNV AVATUEAGTACT] TWV XIVNTIXGY LOT(Bwv.

21N CUVEYELDL TOL YUPOXTNELOTIXG TEETEL VoL AVTIOTOLY OV PE TG VOMOPdoTAoELS TOUG. AUuTd Umopel vor yivel
elte pe 1 yphion evéc Movtéhou Edxou Aéfewv (Bag of Words - BoW) (28] eite pe ) yprion evéc Moviéhou
Xaopov Kataotdoewy.

e O Ydxoc AéEewv (Bag of Words - BoW)
elvan pior uédodog xwdxomnoinomng yopaxtnelotixwy tou Basileton otny encéepyasio Quoic YAOoooc. Yto
nhadoto e dpoomne utohoylotdy, 0 BoW avagépetoar ouyvd we O Ldxoc Ontixdyv AéZewv (Bag of Visual
Words - BoVW). Auth) 1 uédodoc xwdixonotel wa euxdvo avtixadotdvtog x8de Tomxd yapaxtnetotind Ye
NV TAnolEoTepr omTixh AEEN and évav mpoxadoplouévo Aegihdyto. H eixdva avanaplotaton 6T cUVEYELD
WS LOTOYPAUUUO TNG CLUYVOTNTOC ERPOVioNS TV OTTXMDY AEEEWY, Ylal TNV OTTIXOTOMNGY TS XATAVOUNG TWY
YOLOXTNELOTIXV.

e Ta Movtéha Xwpouv Katactdoewy
elvor SuvoLXd GUGTAUATA, TOU ATOTEAOVVTOL OO ULdl GELEE XATAGTACEWY, TOL eEEAIGCOVTAL UE TOV YPOVO.
‘Evo eupéwe dladedopévo poviého ywpou xatactdoeny elvar 1o Kpupd Mopxofioavd Movtého (Hidden
Markov Model - HMM) [29]. 'Eva HMM eivou éva oTatiotind HOVIENO TOU YENOWLOTOLE(TOL YioL TNV
TEPLYPOPT, SUVOIXOY CUCTAUATWY, OTOL 1 XATAOTUOYN TOU CUCTAUNTOS eEehlooeTon UE TOV YPOVO Xou
nopaTnee(Ton HECW HETENOEWY.

Téhog, yenowwomoteiton €vag to€vountic yiow T ddxplon PeTald BlopopeTxdv xhdoewv. Avdhoyo e To
TeoBAnua, yivetan yenon eite uedodwy emPBrenduevne pdinone elte uetddwv un - emBrenduevng pddnong.

e Ytnv EmPBAenouevny Mdaddnon

oL ahyOpLipoL EXTIUBEVOVTOL GTO GUVORO TWV YARUXTNELOTIXGY TOU eEGYOVTOL Old TA TEOYNYOUUEVA GTABLA,
YioL TNV XATAUVOUT| ToUG Ot Slapopetixéc xAhdoels. ‘Evog and toug mo dnpogilelc ta€ivountée yio autd to
oxond eivon 0 Mnyaviopde Awavuoudtev Troothelne (Support Vector Machines - SVM) [30]. To
SVM xotaoxeudlet évo unepeninedo B évo olvolo umepemmédwy oe €vay Yo Ldniic ddotoaong yia
TN BLdxELoT) SLOPORETIXAY XAJOEWY BEBOUEVKY. 2Toy0g Tou SVM elvan va Beet to BéhtioTo unepeninedo
mou ueylotonolel 1o meptddElo PETOED TV MO XOVTIVOY GNUEIDY TV XAACEWY, YVWOTH WS SlavOoUTA
unoothplEng.

e 31t Mn EniBAendpevn Mddnon
oahybprduol 6nwe o Teopuuindc Avehuthc Axertdv XLuviotwomy (Linear Discriminant Analysis - LDA)
[31] %o 0 Avautric Kopiwv Suviotwodv (Principal Component Analysis - PCA) [32] yenoworotobvton
yia T Ueleon TE Do TATIXOTNTAS TOU YOPOU YUPAXTNELOTIXMY XL YId TNV EVPECT] TWYV TLO CTUAVTIXOY
YOEAXTNELOTIXWY TTOU UTopolY va. yenotponolnldoly yia T didxpior uetoll TV xAdoewy.

Yty nogelo auth 1 pédodoc enthuong mpofinudtwy dpacnc uToloyloTOY avixatacTRdNxe and v Badd
Médnom, n omolo urnopel vor APBer w¢ elcodo dedouéva, 6mwe exdves xou Biveo, xar vor eE8YEL YUpaXTNEIo TIXG.
MOV TNE TOAVETUMEDNE BOUNE TNG. DUYXEXPWEVA, OTwS (alvetal oTo Myfua 1.3.2, ta npwta enineda evég CNN
e€dyouv Yaunhol emmédou YapaxTNELoTIXd, OTwe axués, Ywvieg xau blobs, evd to ueoaio enineda e€dyouv yopax-
Tneloxd Yeoalou emmédou, Omwe pdtia, WOTES Xou oTépaTa ot Tol teheutaio enineda e€dyouy yapaxtnelo Tixd
vPnhol eminédou, OTKC BOUES TEOCMTOU.
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1.3. Eyetu Bihoypogpia

Layer 1

N VUINSEZIW e

Figure 1.3.2: TOnot Xopaxtnptotiney mou e€dyovtal and Atagpopetixd Enineda evoc Yuvehixtinot Nevpwvixob
Auwtou (amd [33])

1.3.2 Egapuoopéveg Apyitextovixég Nevpwvixoyv Awxtiny

To povtého Badide Mddnone avtixatéotnooy toug eEmTepixols TEQLYRUPNTES YUPUXTNPIOTIXMY KoL YENol-
pomotinxay eUupEng Yol TNV e€aywYn YUpaxXTNRlo TIXWY and exoveg, Bivieo xau dAloug TOoUC Bedouévwy.
H tumun Soun) evég Badiod veupwvixol Bixtdou, Tou Yenoonoleiton Yiol TNV EEAYMYT YORUXTNEIo TXWY ANtd TA
dedopéva, ovoudletar Paocxd poviého (backbone). To backbone eivon cuvitng pio apyrtextovixnd] Tuvehxtixol
Nevpwvixol Awxtouv (CNN), 7 onolo unopel var tpononoindel yio vo tpocappoctel oTic avdyxes e epyoaoiog
n wote va npotadolv véeg yedodoroyiec. H avoyvidpion dpdoewy xal Yelpovopdy elvon 800 SLapopeTinés gp-
yooieg, mou avixouv xaL ol dVo oty xatnyopla tng Tadwounong Bivieo oty dpaon unoroylotdyv. ‘Etol, ta
Baowxd vevpwvixd dixtua Tou yenotdomololvTal yia xdie epyaoia etvon mopduota, av xat Exouy tpotadel apxetéc
QPYLTEXTOVIXES Yiat XAAUTERY amddooT ot xde epyooio. XUYXEXQUEVO, TNV AvaYVOELOT| SpdceEwY Ol dpYLTEX-
TOVIXEC UTopolV Vo ETLTUYOUY XOAT] anOd00T) EXUETAAAEUOUEVES TIC TANPOYopiec Tou mapéyovton and to RGB
o€, oxouo xau pe Selypota Bivieo younihc TOOTNTIC, EVE GTNY AVAYVOPELOT YELROVOULDY Ta LOVTEAL LY VA
amoutolv dedouéva LPNAAC avdhuong, xodoe xou emmiéov TANEoopleg Tou TopéyovTal and dedopéva Badoug 1
OXENETOU, AOYW TNG OUOLOTNTAG UETAED TWY XAACEWY YELPOVOULDY. € AUTAY TNV EVOTNTO TapoualdlovTal Uepixd
amo T O ONUOPIAT Baowd VEURKVIXE BIXTUA TOU YENOWLOTOLUVTOL Yid Ti¢ epyacieg Tagivounong Bivteo.

Teiodidta Luvehxtind Aixtua (3D Convolutional Network - C3D)

Ta teiodidto cuvehxTixd dixtua efvon pio apyttextovinr tou Pootletor 0TV WEa OTL Tol TELODLATA CUVENXTIXG
eninedo unopoly va yenotonotdoly yio T oy Wy YWeoYeoVIXOY Yopoxtnelo Ty and Bivteo. To tpiodidto
ouvelixtixd dixtuo, 1 C3D, npotdidnxe and tov Tran xou dhhouc oo [34], we evodhaxtixh hoon ota Siodidta
ouvehxTixd Bixtua. Mta povtéha C3D, ol Aettoupyleg CUVENENC XL CUYHEVTEWOTNE EXTEAOUVTOL YWEOYEOVIXA,
eV oToL SLoBLATO GUVEMXTIXG BixTUR EXTEAOUVTAL UOVO Yweixd. Xuyxexpwéva, 1 cuvélEn 2D nou egappdleton
oe pla exxdva Yo Bdroel g €000 wa emdva, 1 cuvENEN 2D ou epapuoleton o TOAAES eixdveg Va ddoel eniong
po exdva. 'ETol, tar Siodidtor ouveAXTnd BiXTuo YEVOUV T YeoVixt| TANeo@opia Tou el0dBoU AUECKE UETE and
xdde Aettovpyio cuvEMENG. Movo 1 tpladidtn cuvéMEN Slatneel 0 Ypovixt| TANpopopia TwY ELoOdWY, divovTag
w¢ €€000 évav 6Yx0, Qouvopevo Tou egapudleton enione ota pooling enineda.

Yto Eyfua 1.3.3 napovoidleton 1 apyitextovixty tou C3D. To C3D anoteheiton and 8 cuveltind enineda,
5 eninedo ouyxévipwong, 2 Thipws cuvdedeuéva enineda xar éva eninedo softmax loss yio v mpoBredn twv
eTUXETWYV dpdoewv. ‘Oha tar TeiodLdta cUVEMX TG TUPHVES Exouy uéyedog 3 x 3 X 3 ue Briua 1 1600 oTic Yweixéc
600 %o oTg yeovixég dotdoelg. ‘Ola o eninedo cuyxEvtpwong €xouy uéyedog 2 X 2 X 2 ue Brua 2 x 2 x 2,
eXTOC and To TMPWTo oL €xel péyedoc muprvar 1 X 2 X 2 xan BrApa 1 X 2 X 2 pe v mpdideon vo Satneroet
yeovxr Thnpogopia otny apyf. Kdde nhipwe ouvdedepévo eninedo éxet 4096 povadeg e£650u.
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Figure 1.3.3: C3D apyttextoviny (and [34])

Autéd 10 cuVEAXTIXG BIXTUO EPUPUOCTIHE OE EpYAoleg TOCO aVaYVOPLONG BPUCEWY OGO XAl YELPOVOULRDY, UE
emtuyio. Suyxexpwéva, oto [34] or cuyypageic epdppocay to C3D oto npdfinua tne avoyvoplone dpdoewmv
xat métuyay anotehéopato mou Eemépacay Ta TOTe state-of-the-art amoteléopota oe 800 SapopeTinéc Bdoelg
dedopévwy, to Sports-1M [35] xaw to UCF-101 [36]. Xto [37] ou ouyypageic epdpuocav to C3D oo npdBinua
NG VLY VOPLONS YELPOVOULLY OTIOL Xou omédELEaY TNV EQUPUOCILOTNTA TOU LOVTEROU Xo OE oUTH TO TEOBANUAL.

Avo Poov Aixtua (Two Stream Network - TSN)

Muoc xon €va Bivteo efvar wa axoroudla and exxdvee, tdTte unopel vo amodountel ota Ywetnd xou yeovixd otolyelo
tou. To yweixd P€pog, o LoPPY) EUPAVIONG TV EXOVWY, HETAPEREL TANEOPORIES VIOl TS OXNVESC Xol TOL oVTLXEL-
peva tou amewoviCovtan oto Bivteo. To ypovind pépog, oe poppr| xivnong UETUZ) TWY EXOVGY, HETUPEREL TNV
%x{vnom Tou ToeaTNEnTA, TNS XAUEEOS XAl TWV AVTIXEWEVLY. AxoloudmvTag auThy TNV tapathenoT, ol Simonyan
xou Zisserman oto [38] mpdtewvay v apyttextovixd v Amtiny Ao Podv (TSN), 1 onola anoteeiton and
BV0 EexwploTd BixTua, EVol Yol TIC YWRXES XoL €VOL YA TIC YPOVIXEC TAMpo@opieg, OTwe Qalveton 6To Xyrua
1.3.4. Kdle por} vhonoteitan yenorponodvtog éva fadd ConvNet, oxohoudolduevo and po cuvdpetnon softmax,
TOL AMOTENEGUOTOL TwV ool cuvdudlovton Ye TNV TexvixY| TN Tehxfic cuvévworg (late fusion).

Spatial stream ConvNet

T
convl (| conv2 || conv3 || conv4 || convs | fulle full?
Tu7xB6 ||5x5x256 (| 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
slngle frame  |P0o! 22 [|pool 2x2 | class

-, 4score

- - Temporal stream ConvNet usion

' convl (| conv2 || conv3 || conv4 || convs | fulls full?
Tx7x96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stnde 2 || stride 2 || stnde 1 || stride 1 || stnde 1 || dropout || dropout
norm. ||pool 2x2 pool 2x2
multl-frame pool 2x2

Figure 1.3.4: Abo Podv Aixtua (ané [38])

Y10 dpdpo ue to omolo ewonydnxe to TSN, oL cuyypapeic epdpuocay TNV CEYLTEXTOVIXY GTNV OVAYVHOELOT
dpdoewv ot Bivteo, yenotwomowdviog RGB edvec yio v e€aymdyn Ywpxdy YopoxTnelo TX)Y Xl TNV OTTXY
pon Yot TNV €YWYY YEOVIXWY YUQUXTNOLOTIXWY. DUYXEXPWEVA, TN YwexY por), oL EEUVNTEC EPIOUOCOY
AVOLYVWELOT] BRACEWY amd OTATIXEG EOVES, O avtlleon Ue TN ypeovixy pot, 1 omola yenowonoinoe ctoBoy-
HEVEC OTTINEG POEC UETAE) UPXETWV GUVEYOUEVKY Xapé Lo TNV amdxTnon Thnpooplidy xivnong. Ou cuyypagpeic
a€LOAOYNOUY TNV TROTEWOUEVT], apyLTEXTOVIXY ot 800 PBdoelg dedouévwy, to UCF-101 xou to HMDB-51, »ou
néTuyav ouyxplolo anoteréopata oe olyXploT UE To TOTe state-of-the-art anotehéopota oe xan ¢ d0o Bdoelg
Bedopévev.

Ané v & mhevpd, o Chen xou dhhot oto [39] mpdtetvay pa napodhayy| tne apyitextovixic TSN yio v
VLY VEIPLOT) YELPOVOULOY. € AUTAY TNV Epyacia, oL EpeuVNTES Yenotdonoinoay éva BITAG xWOLXOTONTY Yid TNV
avtetonon twv RGB dedopévey xan twv yaptdv deppoxpaciac. O Bimhdg xwdixonontic aroteieiton and
oV0 Eeywplotols xwdixomountée, éva yioo o RGB dedouéva xou éva yia toug ydpteg Yepuoxpasiog, ol onolot
ouyywvebovtal oto TEhog Tou Btiou. O xwdxomoNTAC Elvol Wal AEYLTEXTOVIXY VEUP®VYLXOL BXTUOU Tou
hoBdvel pior elcodo xon eEAYEL ol YUPAUXTNELOTIXY] OVATORAGTAON TNG ELGOBO0L.

Residual Nevpwvixd Aixtua (Residual Network - ResNet)

To povtéha Badide Mdinong €youv tny tdomn va e€dyouy mo mohdTAoxo YapaxTneloTixd ota o Badid enineda
Tou dixthov, 6Twe &Ny Rinxe ot vwpltepa. 20T600, N TpocUxY TeplocdTERWY ETUTEdWY o€ €va Bodl veupwvixd
dixTuo dev odnyel mdvta oe xoAUTeE anddoor). Avtideta, n anédoon Tou Bixtdou unopel va yetwdel, arvéuevo
YVwotd e TedBinua utofdduone (degradation problem). T vor avtigetowmotel To npdfinua vroBdduone, o
Kaiming He xou dM\ot npdtetvay ) yefon wog dopfic udidnong, yvwot we Residual Souxd otouyelo (Residual
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Block) [40], 6nwe goivetar oto Tyhue 1.3.5. H Soun aut éyxet ) Suvatdtnta vo petagpépet mAnpogopia and o
eloepydpeva oto e€epydpeva enineda, tapahhelntovrog Ta cuvehxtxd enineda evéc Badol vevpwvixol dixtbou,
HEUTWVTAG UE QUTO TOV TEOTO AvVaAAOlWTY TNV TANeogopeia TNg elc6dou.

identity

Figure 1.3.5: Residual Aouwxé Erouyelo (and [40])

Ov ouyypageic mpotewvav t yeron twv Residual Blocks yia v exnaldevon Baddv veupwvixdv dixtinv,
emitpénovtag Ty exnaldevon dixtiwy ue neploodtepa and 100 eninedo. H mpooifixn neplocdtepnwy emmédwy
oe éva PBadd veupwvixd dixtuo umopel va odnyHoel o xah0TERY AVATOEICTAOY) TwV dedopévwy, aAAd urnopel
eniong va 0dnyfoel o npofAfuata 6mwe To TedBinua vrofdduong. To nedfBinua urnoPdtuiong tpoxintel and
TO YEYOVOS OTL M) Tpoo XN TEPLOCOTEPWY ETUTMEDWY UTOPEL Vo EXUNDEVIOEL TEOGEYYLOTIXE TNV TopdYwYO TN
CUVEETNONEG CPIAYATOC UE AmOTEREOUA VoL uny exmtandeleTon To dixtuo. To Residual douixd otoiyeio Avel awtd
T0 TEOPBANUN ELGGYOVTUS CUVBESELS TOPdAELPNE, Ol omoleg ETTEENOLY TN BIdBOCT TNG ToEAY)YOL avollolwtng
o€ TPONYOUUEVA ETUTEDN. DUYXEXPUEVA, Ol GUVDECELS TORAAELPNE AVTIOTOLYOLY O TNV TeoaUfxn TN £L6GB0U TOU
emmédou oty €000 Tou ENESOU, Ywpelc Vo UTOGTEL XATOLO PETACY NUATIOWS.

Enopévwe, to Residual veupwmvixd dixtuo (ResNet) elvon éva eldog cuvelxtixol veupwmvixol dixtbou (CNN), tou
unopel Vo xoTaoXEVAoEL apylTEXTOVIXES UeYdhou Badoug, ywelc va utogépel and to Tpofiruata unofdduiong
xan g e€apdviong tng xhiong. Avdhoya pe to Bddoc tou Bixtdou, propolv va dnuoupyndolv Sdpopa LovTéha
ResNet. Kdmnow and 1o mo dnpo@iryy wovtéha ResNet eivon ta ResNet-18, ResNet-34, ResNet-50 xaw ResNet-
101 pe 18, 34, 50 xou 101 enineda avtiotorya. I'a mopddelyua, 1 apyttextoviny) tou ResNet-18 anoteleiton and
4 otédu, ye xdde otadio va nepiéyel 2 Residual Blocks. Kdéie Residual Block anotehelton and 2 cuvelxtind
enineda, to onolor axolovdolvton and €va eninedo xovovixomoinone moxétwy xou éva eninedo evepyonolnong
ReLU, 6nw¢ @aiveton oto Myfua 1.3.6.
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Figure 1.3.6: ResNet-18 apyttextovinf (ané [41])

Yto dpdpo oto omolo mpotdinxe 1 oapyitextovixr] tou ResNet, ol cuyypageic ypnowonoinoav to dixtuo yla
v Tagvéunon exdvev oto ImageNet, uiag peyding xifpaxag Bdor dedouévey ye 1,2 exatoupidoia exdveg xou
1.000 x\doeic. Apydrepa, o Kensho Hara xow dhhot npdtewvay wa 3D éxdoor tou ResNet oto [42], v epyaoiec
To€vounone Bivieo. Xuyxexpéva, to 2D cuvehixtxd enineda, xodde xou onoeadrrote dAkec 2D Aertoupyiec,
avTortaotdinxay and 3D cuvelnTind enineda, eved 1 UTOAOLTY AEYLTEXTOVIXY] TUPEUELVE (Bla.

To ResNet €yive ypriyopa dnuogiléc oe epyoaoieg Tagivounong Bivieo xou yior mowdior pedodwy xal HOVTEA®Y
yenowonolnoav to ResNet w¢ backbone. Ytnv avoayvopion dpdoewy, ta poviéha ResNet elvan téco dnuoguiy
“ote va €youy yenowlonoindel oe ToAAEC spyaoieg xaL Vo €youv EMTUYEL avTarywVLoTXd anoteléopata. Ouolng
oTNY avay vopeLoT yewpovouldy, ta poviéha ResNet yenowwomorodvton cuyvd, ahhd cuvidwe cuvdudlovtor ye
SAAEC apYLTEXTOVIXES Ylol Vo ETULTUYOUV xoADTEPN amddoor. Lo mopddelyuo, apxetée noporhayéc Tou ResNet
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doxwdotnxay 6to olvolro dedopévwy EgoGesture, éva olvoho dedopévwy e 83.000 Bivteo xou 50 xAdoeig
YELRPOVOULOY, X0l TETUYOY AVTAYWOVLOTXG amoTteAéopata Ue to state-of-the-art tng emoyrg, amodewxviovtoag v
anoteheopatixotnTa TV ResNet yoviéhwy oe gpyaciec avayvadelong YElpovouLy.

1.3.3 Metagopd I'vidorne (Transfer Learning)

H Metagopd I'voyong elvan pior teyvix| unyovixic wdinong, 6mou ol mapduetpol evoc YovTélou, Tou €YEL ex-
Toudeutel oe éva TEOBANUN UeTapépovion oE Eval GANO HOVTEND, To omolo Po emAloeL Eva oyeTIxd TEOBANUA UE
auTH 01O oTolo EXTAUBEUTNXE TO apyxd. AUTA 1 TeVIX Aettovpyel EMEd| To yopaxTnEoTixd Tou pardaivovTon
and éva mpdPBAnua lvon ouyvd yerowa yio éva dhho teofBinue. ‘Etot, to va exnandedoouue €va oviého o €val
HEYGAO GUVONO BEBOUEVMV XAl GTN GUVEYELOL VO YPTOUWOTIOLACOUUE Tol Bdp TOU UOVTENOU Yld VoL EXTULOEVCOUYE
évar N0 YoVTENO o éva UixpoTEpo oUVOAO Bedouévmv, cuvitng odnyel oe xahltepn anddoot), xoodg xaL o
Tor0TEEY CUYXALOT), AN TO VoL EXTTUBEVCOUPE TO BEVTERO UOVTERD amd TNV apyY).

Pre-trained VGG-19
on ImageNet

Convolutional Layers Fully Connected Layers

‘Transfer’ Pre-trained
convolutional layers on
our own dataset

Figure 1.3.7: Avonopdotaon Metagopds I'vidong (and [43])

I v emtuyy e@apuoy? e Tex Ve e Metagopd I'vidong oe éva mpdBinua, elvon onpavtind vo emAeyolv
Ol OWOTES TUPGUETEOL TOU HOVTEAOU, Tou Vo ueTapepoly. Mta apyixd enineda evog Barthod veupwvixol dixthou
e€dyovton Yoaunhol eMTESOU YORUXTNELOTIXG, OIS YRUUPES Xou oy uaTe, VG oTa TeAxd enineda eEdyovto
vPnhol emmEBOL YoPUXTNELOTIXG, dTwe avTixelyeva xat oxnvéc. Etot, av to tedfBinua 610 onolo exnadeltnxe To
apy 6 wovtého elvan TapbduoLo Ye To TpoAnua oto onoto Yo exnardeutel To devtePO YoVTEND, THTE Elvon xaAbTERO
vo. petageptoly tepiocdTepa enineda Tou apyixol povtélou. Avtideto, av to npofifuata dev lval 1660 xovTd
onuactoloyxd, tote elvar xaAlTtepo va yetapepdolv Aydtepa enineda tou apylxol povtéiov. Emmiéov, elvon
ONUOYTIXO VoL ETAEYOUY TA OWOTH en{medo Tou dpyixol poviéhou, mou Vo petapepdoiyv, xaldng 1 uetoapopd
TOAWY ETUTESWY UTopEl VoL OONYNOEL OE 0EVNTIXA AMOTEAECUOTA. MUVETMS, 1) EMAOYY TwV EMTEdNY oL Vo
petapepdolv elvar xplown yio Ty emtuy” eQopuoy Tne Texvxne tne Metagopds I'vidong xou e€aptdtar dueca
and TNV oUOLOTNTA TWV TEOBANUATMDY.

MeTagopd I'vedyong otnv Avayvoeion AvOpdnivey Apdoewy

O Kensho Hara xou d\hot oto [44] napovciacav Tic enddoeic petapopdc yvwone and to Kinetics cOvolo de-
dopévwy ota ohvora dedopévwy UCF-101 xaw HMDB-51, yia Sidpopeg moporhayéc Tou ResNet. Xuyxexpuuéva,
oL ouyYpagelc exnaidevoay didpopec moapariayéc Tou ResNet 6to clvolo dedopévwy Kinetics xou otn cuvéyela
yenowonomoay to exmoudevpéva Bden yior vo extoudeboouy Ta (Bl povtéla ota obvola dedouévev UCK-101
xar HMDB-51. Yto newpdpota mou de&hydnoav, ol cuyypagelc exnoidevcay poévo to teleutaio eninedo, to
TARPWS CUVDEDEUEVO €TMEDD, TV EXTAUBEUUEVKY HOVTEAWY, WAC Kol DOXUWES, OTOU EMETPETAY TNV EXTA(dEUOT
TEPLOOOTEPWY EMNEBWY TV LOVTEAWY, Oev Edwoav xahbtepa anoteAéopata. Ta anoteléopato €deilov 6TL Ta
povtéha mou exnandedTnxay Yetapépovtog ta Bdern and to Kinetics ohvolo dedouévwy elyav xolltepn anddoon
and to LOVTEAA TOU eXTAdEdTXaY amd TNV apy Y, OTwe napouctdleton otov Ilivaxa 1.1. Autd anodewcviel T
AMOTEAECUATIXOTNTO TNG PETUPORAS YVWONG GTNV AVAYVORLoY Bedoewy amd cUVOAX BEBOUEVLV Bpdoewy ol OTL
TOL EXTOUOEUMEVA HOVTER UTOPOLY VoL Yenotuomoindoly we povtéha Baomng Yo Th SoXu| VEWY dpYLTEXTOVIXMY.
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Movtého UCF-101 | HMDB-51
ResNet-18 (from scratch) 42.4 17.1
ResNet-18 84.4 56.4
ResNet-34 87.7 59.1
ResNet-50 89.3 61.0
ResNet-100 88.9 61.7
ResNet-152 89.6 62.4
ResNet-200 89.6 63.5
DenseNet-121 87.6 59.6
ResNetXt-101 90.7 63.8

Table 1.1: Emddéoeic mpoexnaudeuuévemy poviéhny otic Bdoeis dedopévey UCF-101 xou HMDB-51 (ané [44])

Mezagopd I'vioong otnv Avayvoeion Avipdniveoy Xelpovoulmy

H petagopd yvoong éyet enione yenowonomdel pe emtuyio oty avaryvopion yelpovoudy. Sto [45] ov ouy-
yeagelc yenowonomoay éva npoexnoudeupévo poviého oto ImageNet olvoho, oe éva mpdBAnua avayvoelong
YELROVOULOY, UE & XAdoEIC. Luyxexpéva, ol cuyypageic yenowwonoinoav to yovtého AlexNet, éva duxtuoxd
HOVTENO PE B cuVENXTIXS entineda xou 3 TANpwe cuvdedepéva enineda. Ou ouyypageic exmaldevoay To Teheutalo
TARPWS oLVOEDEUEVO eNinedo TOU UOVTEAOU GTO GOVOAD BEBOUEVRY TWV YELOOVOULDY X0l TETUY OV ATOTEAEGHUATOL
mou Eenépaoay to state-of-the-art tng emoyng. To amoteléopoata auTd AMOBEWVIOLY TNV ATOTEAECUATIXOTNTA
NG UETAPORAS YVWOONG GTNY 0VOLY VRLOT YELROVOULWY Xal TNV o&iol TNG YeHoNS TEOEXTIUBEVPEVWY LOVTEALY 1
povtéha Bdong yior TNV EXTABEVCT) VEDY LOVTEAWY.

Emniéov, oo Noha Sarhan xou Simone Frintrop oto [46], €deiloav 6Tt 1) HETAPORE YVOONG omd THY avary veeLom,
BEACEMY GTNY OVOLYVWPLOT] YELROVOULMY EVOL ETLONE AMOTEAECHATIXT. DUYXEXQUIEVA, Ol CUYYRAYEIC YenoLonoln-
ocav éva mpoexmatdeLUévo wovtéro oto Kinetics obvoho dedopévmv, oe Eva TeOBANUO avary VidRLoNS YELPOVOULEY
vonuatixic YAwoooc. To yovtého, mou emhéydnxe, itav to InceptionV1, to onolo exnadettnxe oto Kinetics
cUVORO BeBOUEVLVY o Tor exmandeupéva Bder yenotponotinxay yio Ty exnaideuot evée poviéhou oto ChalLearn
IsoGD olvoho 8edopévwy, éva cUVORO BEBOUEVGY YId TNV avary Viplon yelpovouloy. Tao anoteAéopato €det&ay
6Tl To YovTélo mou exntandedTnxe pe T exmondevpéva Bder elye xahitepn anddoon and Ta state-of-the-art yov-
TENA TNG EMOY NG, AMOBELXVOOVTAS TNV AMOTEAECUATIXOTNTO TNG KETAPORES YVWONS Amd TNV AVay VMRLoY) Spdoewy
TNV OVAYVOPLOT| YELOOVOULOV.

1.3.4 Bdoeic Acdopévwy
Bdoeig Acdopevoy Avayvoelonsg Avipdnivey Apdoewy

Yy avayvapeton avipndmivey dpdoewy, undpyouy ToANES BAoelc SEBOUEVWY, UE DLUPORETIXE YOLOXTNELOTIXG,
o6mwe To Péyevog, o apliud TV XAACEWY, TO €1B0¢ TWV dPAoEWY, 1 ToLUAlL TwV POVTWY xou dAla. Elvon éva
TedPBAnuato to onofo Bloétel ToES Bdoelc SeBOUEVLY, UE XATOIEC and AUTEC UAALGTA VoL EXOUV TOAD HEYEAO
TAloc Bedouévev xat Tohhég xhdoels. Auth 1 towdia fdoewy Sedopévwy xel 0dnynoel otV avdnTuEr TOANGDY
HOVTEAWY o LETOBWY Yia TNV avary VORLoT| avipdmivwy Spdoewy. Kdmola and tig mo yvwmotég Bdoeig dedopévuwv
avaryvapetong dpdoewy etvon ta Kinetics, UCF-101, NTU-RGB+D, HMDB-51.

¢ H Kinetics [47] Bdor dedopévemy
elvou gLor HeYSdhn BdoT BeBoUEVLY avaryVIpLomg Bpdoewy, TOU TEQLEYEL TOAES BLUPORETINES HAACELS, EVE) T
Bivteo éyouv mpoéhdel and to YouTube. Xuvende, ta Bivico autd elvon epaoiteyvind xan €xouv peydieg
BLUXVPAVOELS OE POVTA, POTIONS, OTNY TOLOTNTA Xl OTIC XIVACELS TNG XOUEPAC Ko ARG YOPUXTNELOTIXA.
H Bdon auty| éyel tpelc Slapopetinég exdoyés, to Kinetics-400, to Kinetics-600 xou to Kinetics-700.

1. H Kinetics-400 nepiéyet nepimou 240.000 Bivieo ywetouéva ot 400 xAdoelg, dmou xdde xAdor nepléyel
Touhdytotov 400 Bivteo.

2. H Kinetics-600 nepiéyel nepinou 360.000 Bivteo ywpiopéva oe 600 xhdoelg, 6mou xdde xAdor nepiéyel
TouvAdytotov 600 Bivteo.

3. H Kinetics-700 nepiéyet nepinou 650.000 Bivteo ywpiopéva oe 700 xAdoelc, 6Tou xdide xAdon nepiéyel
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TouvAdytotov 700 Bivreo.

e H UCF-101 [36] Bdom dcdopévemy
anoteAelton and 13.320 Bivteo cukieyuéva amd to YouTube xou ywplouéva oe 101 xhdoeic, nepiéyov-
Ta¢ dpdioelc Omwe MVACELS cwUATog, aAANAemdpdoel; aviporou-avipnnou, oAkniemdpdoelc avipdhrou-
avTIXELEVOL, adhfuaTo xan pouotxd dpyava. Xta Bivieo autd dev UTdEy oLV TEploploUol OTO POVTO Xol
OTO QWTIOUOS, EVEK 1) TOLOTNTA TWV EMOVKY Elvol o YaunAod eninedo.

¢ H NTU-RGB+D [48] Bdor dcdopévmv
elvon Lo yeydn Bdon, mou dnuootedidnxe oe 8o exdoyée, v NTU-RGB+D 60 xou tnv NTU-RGB+D
120.

1. H NTU-RGB+D 60 nepiéyel 56.800 Bivteo ywplopéva oe 60 xhdoewg, extelolueveg and 40 dlapope-
TIXd dtoya.

2. H NTU-RGB+D 120 nepiéyer 114.480 Bivteo ywplouéva oe 120 xhdoelc, extehobueveg and 106
dlapopeTind dropa. 600 Bivteo.

H NTU-RGB+D Bdon nepthayfBdver dpdoeic dmwe xodnueptvéc xvAoELS, XIVACELS OYETW OUEVES UE TNV
vyela Tou avlpdnou xar ahAnAemidpdoceig avipwtou-avipdTou o avipnrtou-aviixewévou. Ta Bivieo
MpUnxoy yéoo oe epyacThplo €xovioag oTadépeg GUVINKES PWTIOLOY XaL GPAVTOU, EVE YENCULOTOL UV
TEELC SLopopeTnés xduepec Yo T M twv Bivteo. Hapdhinia, to Bivieo autd tepéyouv t6co 1o RGB
600 xau 10 Bddoc TwV ewmdVeY, xS xou TapEyovton dedoUEVa oXEAETOD.

¢ H HMDB-51 [49] Bdom dcdouévwy
anoteAeltan anod 6.766 Bivieo ywplouéva oe 51 xhdoeig, Tou tepEyouy dpdoelg dTwe adifuata, Yopol, xuvh-
oelc oopatog xat dhec. Ta Pivteo autd mpoépyovtar amd Towvieg xou o SLodixTuo xaL TEpLEY oLV UEYHAES
BLUXVUAVOELS OE POVTA, POTIOUO, TNV TOLOTNTA XOL GTLC XIVACELS TNG XAUEEOC Xol GAAAL YOEAaX TNELO TIXG.

Bdoeigc Acdopévoy Avayvoelong Avipdnivey XelpoVouloy

Yy avayveplon avlpdTvey Yelpovoulny, to tARloc Twv Bdoswv dedopévev dev elvol TOGO eXTEVES ol
HEALGTOL OCOUaL Xalk 1) TOLOTNTOL TV SEGOUEVWY BV efvat TdvTaL xavoonTxy), xahoTOVTIC To TEOBANU AUTO TLO
ML TNTLIXG omd OTL MO Aoy and v @bom tou. Ilapdho autd, undpyouv pepixéc Bdoelc dedouévmv, Tou yenot-
HOTIOLOUVTOL GUYVEL Yo TNV avayvopLon yelpovoulwy, 6nwe 1 ChaLearn IsoGD, n NVGesture, n EgoGesture
xou 1 Jester.

¢ H Chalearn IsoGD [50] Bdom dcdouévwy
elvan pLor ueydhn Bdom SeBouevwy yio TNV avory voeLoT YetpovouLoy, ue dedouéva RGB-D, rgb xou Bddouc. H
Bdom auty) meptéyet 47.933 Bivteo ywpetopéva oe 249 xAdoele, Tou tepléyouv yelpovouieg arnd 21 SlapopeTixd
dropa. Ou yewpovouieg autéc TpogpyovTal amo Bidpopouc ToYElc, 6TWE 1) VONUATIXY YAWCOA, Ol XUUNUEQLVES
YELPOVOULES xat GANEC.

e H NVGesture [51] Bdon dedouévwv
elvar yior Bdom SeBOUEVKDV Yl TNV oVAYVOPELOT YELPOVOULWY, TOU TEPLEYEL dedopéva amd moAAAmAOUC
aodntipeg, dnwe ypdua, Bddoc xat otepeo-IR. H Bdorn auth neptéyel 1.532 duvopxéc yeipovouleg ywelo-
uévec oe 25 xhdoelc, mou mpoépyovial and 20 Supopetind dtoyo. It T cUAAOYYH TwV Bedouévwy, ol
Svipwnol exteholoay yewovopies pe to Se&i Toug YEpL, EVE TO JPIoTERO TOUC YEPL XPATOUCE EVal THLOVL.

e H EgoGesture [37] Bdor Scdopévmy
elvan o ueydhn Bdor Sedouévev, OTou T BElYHATE TNG TEOEPYOVTUL And THY TEWTY TEOCWTIXY| OTTLXN
yovioa. H Bdon auth nepiéyet 24.161 RGB-D delypota ywpliopéva oe 83 xhdoelg, TOU TEPLEYOUY OTATIXEG
X0l SUVOUIXES YELPOVOUIES, EWBLXA Yiol TNV aAANAETIBpaoT UE POPETE CUGTAHUATAL.

e H Jester [52] Bdomn dedopévmyv
elvon war peydhn Bdon dedopévwy, amoteholuevn amd 148.092 Bivieo ywpiouéva oe 27 xhdoelg, mou
TEQLEYOLY YELPOVOULEC amd 25 BLaQOPETIXES UAAOELS YELPOVOULOY X0t BUO XAJGEL TOU OEV TEQLEYOUV
yelpovoplec.  Elvor éva peahloTind cOVOLO BeBOUEVWV YLoL TNV OVOYVMPELOTN YELCOVOULKY, TOL TEPLEYEL
dedoyuéva mou €youv Angldel and v 036Vn UTOAOYLOTY|, TEOGOUOLWLVOVTAS TNV XAUNUECVY YEHoN TV
YELPOVOULMY, UE BLUPOPOTIOATELS GTO YPOVTO, OTO PWTIOUS Xoh OTNV %{VNoT TNG AAUERIC.
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1.4. Mddnon Holoamhov Epyactdyv

1.4 Modidnon IlloAhanAwv Epyacioyv

1.4.1 Middnon IToAanAdv Epyaoiody (Multi-task learning - MTL)

H Mddnon Horhanhé>v Epyacidv (MTL) npotddnxe and tov Caruana oto [53], xatd tnv onolo moAhamhéc
epyaoiec Aovovtan TauTdYEOVa, EXUETOAAEVOUEVES TaL XOLVA oTotyela xou Tig dapopés uetald Toug. H Mdnon
Ioaomhov Epyooidv avuxoatonteilelr tov tpémo mou ol dvipwnol oxépovion xalbtepa and tn pdinorn wloc
uovo epyaoioc. Kdde @opd mou évag dvipwnog npoonadel vo udidel xdti véo, ypnouylonolel éva tepdotio 6yxo
TEONYOVUEVRY YVOOEWY. AvTioTolyo, To VEURpVIXA BIXTUO AmotTOOY TETOLOV TEPAOTIO optdd TopadeLYUdTLY eX-
naidevong xou yedvo urtohoylopol, 6tay dev yenouonoteltal xayio Tponyoluevy Yvaor. ‘Etot, ol apyitextovixée
MTL auv&dvouv v anodotuxdtnta Twv dedouévmy xaL UTopel Vo 0dnyfoouy oe tayUTepy ToyUTNnTa Uddnong,
Bondwvrac va petwdel 1 avdyxn yio ueydheg anantioelc SEBOPEVWY X HEYSAOUS UTOAOYIC TiXOUC THROUS.

Optop6c Epyacioc (Task)

Mo epyaota eivon €vo ouyxexeluévo TedBANua pdinone, e tn dixr TS cLVAETNCT GTAYOU Xl TO BiX6 TS GUVOAO
dedopévev, 1o omolo mpénel va Aooel €va povtého. Mia epyaoio prnopel va oplotel we xatnyopia mpofiruotog
unyevixnc wdinong, omwe N tagivounon # 1 tovdpdunon. o napddetypa, otic epyaciec 6paone UTOAOYLOTOY,
oL gpyooiec pnopel va etvon 1) Tagvéunom exdvac Bivieo # 1 aviyveuon aviixeyévou. Emnhéov, wa epyooto T
ouvidwe cuvodeletan amd éva ohvoho exnaldevone D' mou anoteheiton amd n' delypora exnaldeuone, dnhody
Dl = {x;, y;} v j =1,...,n%, érou l‘; € R elvor 10 j-0016 delypa exnaidevornc oto D xou y; elvou 1 eTeéTal Tov.
OpiCouye pe X; tov tlvaxa dedouévev exnaidevone yio v epyaoto T, dnhadh, X' = (x4, ..., x}, ), 6nwc opileta
and toug Zhang xou Yang oto [54]. 'Etol, o gpyasiec propolv enione va daxprdoly avdhoyo pe 1o cOvVoha
BedoPEVLV TOUG, xodDC xou TOV TUTO TV BEBOUEVKY TIou Yenotpwornotoly. Lo mopddetyua, dlagopeTixd chvola
OEBOUEVHY UTOPOUY VAL UTOBNADVOUY DLIUPORETIXES EQYUGIES XoUL DIAPOPETIXES EpYAOlEC UTOPOVY VAl YENOLLOTIOLOUY
dlapopeTinéc xatnyopleg dedopévwmy, 6w rgh, Badoc.

TOrolw Mddnong IToAhanAoy Epyaciody

‘Onwe avapépinxe mponyoupéveg, ol epyacie Ynopolv va Sloxetdoly avdhoyo ue o cvola Sedouévmy Toug,
Tov T0no TV dedopévwy Tou yenotponololy xa TiC cuvapthoelc otdyou touc. ‘Etol, oi pédodol udidnone
TOMNATADY €pYACLOV UTOPOUV VO YWELOTOVUY G 800 TUTOUS, AVAAOYX UE TOV TUTO TWV EPYACLOY TOU AUVOUY,
oTIC opoYEVElC XaL OTIC eTEpOYEVElC Epyaoiec.

e 3TNV opoYEVY LEAUNCYN TOANATTAGDY ERYACLLDYV
oheg ot gpyoaoieg elvon (Blou TOTOU TEOBAAUNTOS, SNAADT YLt TUEABELYUA GTNY OPUCT) UTOAOYLOTWY, OAEC
ol epyooiec unopel vo elvon epyaciec talvounone exdvac/Pivieo.

e 3TNV eTepoyYeVY UAUNOT TOANATA®Y ERYACLOV
oL gpyaoleg elval BlapopeTixoy TOUTOL, SNAUDY] VLo TUPADELYUO GTNY 6EUGCT] UTOAOYLOTMY, UL EpYaaio unopel
va efvan epyaoio Tavéunong emdévoc/Bivieo, eved wa dAAn epyaota unopel vo elvon epyaocia aviyveuong
AVTIXELUEVOU.

Emniéov, ol yédodol udinong norhamAny epyaotdy unopolyv va dlaywetotoly ot 800 TOnoug, avdhoyo Ye Tov
TUTO TV BeBOUEVLV TTOL YENCULOTOLOUY, GE OUOYEVY] YOLOUXTNELOTIXWY XUl ETEPOYEVY] YURUXTNELOTIXDY uddnom
TOANATADY EQYAUCLAV.

® 3TNV OUOYEVOV YARAXTNELOTIXOY ATNCY TOAANATADY ERYASLOV
TOL YOEAXTNELOTIXE oV YenolponololvTal ot xdle epyaoia elvar Tou (Blou tOnou, dnhady yia delyyata d;
ané D; xou dj omd Dj, d; woobton ye d; yio xdde ¢ # j. Do mopdBerypor oty 6poor UTOAOYLOTOY, OAES
oL epyoaoiec punopel va yenoilonololy dedouéva rgh.

¢ 3TNV ETEPOYEVOV YARAKTNELOTIXWY AVTNCT TOANATTADY ERYACLHOV
TOL YOPOXTNELOTIXG TOL YenolponololvTal ot xdie epyaoio elvon SlapopeTixol thmov, dnhady| yio delyuora
d; omé D; xon dj and Dy, d; dev ioovton pe dj v xde ¢ # 7. Lo Topddetyuo 6Ty 6pacT UTOAOYLOTOY,
po epyaoia propel va yenotdonotel dedopéva rgh, eved pia AN epyacto umopel vo yenoutonolel dedopévo
OXEAETOV.

25



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Axéya, ot pédodol pdinone moAamhodv gpyactdv purnopolv va dlaywpetotolv oe 800 Timoug, avdloyo Ue To
oUVORL BEBOUEVWY TIOU YENOWOTOLOUY, O PAINGCT TOANUTAGY €pYUOLOV YE TO (Blo GUVORO DEDOUEVWY XAl UE
BLaPopETIXd GOVONO BEBOUEVWLV.

o XTnV nAVNOY TOANATADY ERPYACLOV UE TO (Blo cUVOAO JSESOUEVLY
OAeg oL gpyaoiec yenoulonololy ta delypata Tou (Blov cUVOAOU BEBOUEVWLV.

e 3TNV pAINOTN TOANATADY ERYACLOV KE SLAPOPETIXE CUVOAA SEBoUEVWLWY
oL epyaoieg yenotwonololy delypata and SlapopeTind cUVOAA BEBOUEVWY.

Eniioy? Epyaciov yia Kowy Madnon

Av xou 1 pdinomn TOAATAGY EQYACLOY UTOPEL VoL elvol wPEMUN O TOMAES TEQITTAOCELS, 1) UAUNGT EVVOLWY Yid
nolanhéc epyaoieg gépvel duoxohies, Tic onoleg 1 udinon plag uévo epyacioc dev avtwetwmilel. Xuyxexpyéva,
xdmoleg epyaoleg Unopel var €Y0oUV AVTIXPOUOUEVES AVAYXES. XE QUTHY TNV NEpINTWoT), 1 adénon tne anédoorg
evog povtéhou oe uio epyooio Vo BAdder v anddoor oe ula epyacio pe BlpOpeETIXES AVAYXES, OBNYOVTOC
OUVETC OF YELPOTERY GLUVOMXH antéBooT. Autd To Qouvouevo ovoudletar apvnuikr] petapopd (negative transfer)
1) kataotpogikn] mapéuPacn (destructive inference). H apvntins] petopopd unopel vo. ouufel 6toav ol gpyaoies
dev elvan oyetixée petadd toug, B 6tav ol epyaciec elvan oyetinée petald toug, aAAd 1 Yédodoc Blauolpaouol
Bapwv mou yenowonolelton 6to poviého MTL Sev elvan xotdhAnin vy tic gpyaoie. ‘Etotl, mpoxdntouv dvo
EpWTNTELC.

o IToiec epyacieg nepénel va pddouyv pali;
O gpyaoiec mpénel va elvan oyetnée petadd Toug, HOTE To OVTEAO Vol UTOPEL VoL EXPETUAAEUTEL TOL XOLVAL
%o TLC OLopopéc petoll Toug.

o ITwg mpénel va wddouv pali ol epyoaocics;
H pédodoc dupolpaouold Papody mpénet vo elvon XaTdAANAN Yot TG epyasies, MOTe TO YWOVTEAO Vo umopel
VoL EXUETOAAEUTEL Tot XOLVEL %ot TIE Dlapopég UETAED TOUG.

‘Ouwe 1 andvinor oe autég Tic epwToels dev etvan duadixr. H andvinon e€aptdton and t¢ epyooies, to chvola
dedouévev, T uédodo dioolpacuol Bapwyv mou yenowonoieitoan oto poviého MTL, xaddg xar 0 cuvolur
QEYLTEXTOVIXY %ol TIC UEVOBOUE TIOU YENOULOTOLOUVTOL Yo T BEATIOTOTOMOY TWV TOROUETPWY TOU HOVTEAOU.
'Etot, av d0o gpyaoiec npénel vo uddouv pali i dyt, elvon pio epdtnom mou npénel vo anovtniel avd meplntwon.
Axdpo xan oy oupPel apynTin yetagpopd, dev onuaivel 6tL o wovtého MTL dev elvan yprowo. Evog tpénog yia
VO AVTHIETWOTLOTEL 1) dpvrTixy| petapopd elvon va otoduiotody anwhieleg xddeg epyaoiag, Hote ol epyasies vo uny
emxpatoly 1 pla TS AR Aoy dtagopdv xhipoxac anwieldv [55]. Eriong, éyouv dieloydel norhéc épeuveg
OYETE PE TN OYETOTNTA TOV EPYACLAY, OTWE 1) épeuva Twv Standley xou dhhwv oTo [56], 6Tou tpdTetvay éval
Thaiolo yior TNV xodoploud TN IO WEEAUNG OPABOTOMONG ERYACLOY YLa EVal GUVOAO EQYACLOV.

1.4.2 Médodol Awapotpacpol ITapauétpwy

Kotd tn oyedloon yiog apyttextovixic pdinone ToAATAGY epYaoLdY, UTdEY 0Ly Tohhol SlapopeTixol Togdyovteg
Tou mEénel voL Angloly uTéYn, OTWE TO TOCOCTO TWV TUPUPETEWY TOU LOVTEAOU ToU Vo Lolpao ToUV YeTadd Tev
EEYAOLAY, XUV XA TOV TPOTO TUPUHUETEOTOINONG Xl CLUYBVUCHOU TwV epyacliv. TToANES and Ti¢ TpoTevdueveg
apyttextovixég yioo Ty MTL mpoonodolv va loopponricouv to Badud tineogopiyv nou polpdlovton Yetald Tev
gpYoLWY, xodods ToAle dlapolpacuds o 08nyroel oe apvNTIXT HETAPORd Xou Urtopel Vo TPOXAAETEL YELRdTERT,
anédoon twv wovtéhwy MTL and ta povtéha nou exnadebovion Eeywplotd yia xdde epyaoia, eved tohd Ayog
drapolpaodc Bev EMLTEENEL OTO HOVTEAD VO EXPETUAAEUTEL AMOTEAEGUOTIXS TLS TANPOPORIEC HETAEY TWV EQYAGLAY.
IMopdho mou undpyouv ToAhol TEOTOL Yior TNV XOWvY YpHon TANEOPOELOY HETAED TWV EPYAOLOY, oL o cuvnto-
pévol ebvan 0 ohxde Sopolpaoude mapouétewy (hard parameter sharing), o pepix6c dloapolpaopoE TOEAUETEOY
(soft parameter sharing) xou 1 Spopohdynon epyaoctdv (task routing).

OAuxdc Avaporpacpods Iopapétpwy (Hard Parameter Sharing)

O olwde Bopotpoaoide Tapapétewy, Tou Tpotdinxe and tov Caruana oto [53], elvon 1 o cuvnhouévn pédodoc
yia To Biootpoud TAnpogopiag eTaEd TwV epyaotdv ot éva wovtého MTL. Yuvidwe epopudletal ue Tov xoLvod
BLLOLEOOUS TWV XELPWY ETUTEDWY PETOED OAWV TWV EPYACLLY, EVE dlatnpolvton dlapopetind ta enineda e£6d0u
yior xqle epyaoia, 6mwe @aivetor oto NyAuo 1.4.1. To xowvd eninedo exnoudebovion amd xoivol o OAeC TS

26



1.4. Mddnon Holoamhov Epyactdyv

epyaoiec, eved Ta eninedo e£680u exnandevovtar aveEdptnta yioo xde epyooio. To xowvd enineda cuvrlog eivou
Ta TP T en{nedo Tou BixTvov, eve T eninedo e€600u elvon tar tedeutaia eninedo Tou Bixtvou. H hoywr niow
and aUTHY TNV TEocEYYior elvan 6Tl Tar Xotvd eninedo Yo udouv yopuxTneEloTixd oL elval YeNotua Yo OAeC Ti¢
epyooiee, xadog ta TedTa enlneda evoc Sixtvou udinone wodaivouy o YEVIXA YapaxTNeloTXd, eve to enineda
£Z6d0u Yo pddouy yopoxtneloTnd mou elvan yprota povo Yo Ty xdde epyaocia.

[ _tmout_|
fgerm_ |
Specific -

Layers

I | | | | |
| | !

| Task 1 | | Task 2 | | Task 3 |

Figure 1.4.1: Apyitextovixs; Olxol Awoporpacuol Hapopétpny (and [57])

Mepwxdc Avopoipacpédc Hopopétpwy (Soft Parameter Sharing)

O yepnde SLopolpaopos TapoHETEWY EIVOL Lo THO EVENXTY TPOCEYYIOT] YLOL TO DLolpaod Thnpogoplac uetalld
TV epyaoty oe éva wovtého MTL, pioc xou emitpénel ouyxexpyévn mAnpogopla vo Yolpaotel Petall Tev
EPYAOLOY, AN xou TeplocdTepn TANpopopia Vo elva ey Yiol X8V epyacia. LUYXEXPWEVD, GTOV Uepixd Bi-
QLOLPAOUO TAUPAUUETEWY, Xdde epyaota el To Bixd NG LOVTEND UE TIC BIXEC TNE TUPUUETEOUC, OAASL OL TIOPGUETEOL
TOV LOVTEAWOY TV epYdoloV elval cuvdedeuévee UeTadl TOUC PECL EVOC XOLVOU UNYOVIGHOD XOVOVIXOTOiNoNG,
onwe gatveton oto Uyfua 1.4.2. O pnyoaviopog xavovixornoinong unopel va etvon 1 Ly vépua, 1 Lo vépua, 1 vépua
Tou {yvou (trace norm) R dAhot unyaviopol xavovixonoinone. O pnyaviouds xavovixoroinong etvan pudopévog
oMo Lo UTEPTIORAUETPO A, TOU EAEYYEL TO TOCT TANpopopla polpdletan UeTald tev epyaoidy. ‘Oco yeyolitepn
elvon 1 T g unepnapapétoou A, téco meplocdTepY TANEOoOopio polpdletar YETAED TWV ERYAOLOY, Xol TOCO
Aydtepo elvon To evdeyouevo tou overfitting otny apyxn epyaocto.

| Input || Input || Input |
l | |
I e B s
Constrained 1 1 l
Layers
A I s
| 1 | | | | P
pecific
Layers
l | l
[ 7ask1 | [ Task2 | [ Tasks |

Figure 1.4.2: Apyrtextovind Mepixol Awopolpoacpol Hoapapétpnvy (and [57])

Mt oo tic mo dadedouéves uetddoug Yepixol dlauolpacol mapopéteny eivon to detda Cross-Stitch, mou
TpoTddnxay and tov Misra xou dhhoug oo [58]. Ta dixtua Cross-Stitch anotehodvton and éva tAfdog poviéhwy,
éva yia xdde epyaoio, Tou cuvbéovton uetagl Toug péow povadwy Cross-Stitch, dnwe paiveton oto Lyfua 1.4.3.
Or povddeg Cross-Stitch exmoudebovton amd xowvol pe to undioino dixtuo, xou 1 BEATIOTN cuvduaoTixy| é€obog
TV d00 Buxtiwv podoalveton xatd tnv exnaidevorn tou povtéhou. Ta eninedo, mou cuvdéovton pE HOVEDBES
Cross-Stitch, dev elvan amapaitnTo Tar (Bl yioo Ohec Tig epyooiec. [ mapddelyya, oty apyixy| epyacia Twv
oLYYEAUPEWY, EapudoTXay Lovddeg Cross-Stitch yetd and xdlde cuvelrtnd enilnedo xou uetd and xde eninedo
ouyxévipwong, xat Beédnxe 6t ol povddec Cross-Stitch petd and to enlnedo cuyxévtpwong elyav xoAlTepn
anédoor. Emniéov, pubullovtag Tic mapauétpous twy povidwy Cross-Stitch, urnopel va eheyydel to nocooctd
e TANeogoplac Tou poLpdleTol HETOEY TWV EPYOOLOV.
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convl, pooll conv2, pool2 convd  convd  convh, poals e fed =

= EJ o Cross-stiteh ‘ E/
£ o [y s ¥ [} \ ’

Figure 1.4.3: Movddelc cross stitch oto AlexNet (éva yveotd cuvedxtixd veupwmvixd dixtuo) (arnd [58])
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Apoporoéynon Epyaocudv (Task Routing)

O Strezoski xou dAhot oto [59] mpdTelvay Yot TPOGEYYIOT YLl TNV XOWH UAdNoY TOAMATAGY EpYAGIOY, TOU
ovopdleton Aixtua Apopohéynone Epyooiwdv (Task Routing Networks). H mpocéyyion auth emitpénel 1o
dopolpaod TapaéTewy UETUED TV EPYAOLOY O ENINEBO YopoXTNELOTIXGY, avtl ot eminedo emMTEdWY, 6L
OTOV OAXO DLOHOLRUOUS TUPOUETEWY, XL EMLTEETEL TNV exnoldeuoy evog uTo-dixtdou yia xdde cpyacia, mou
potpdleton mopopétpous Ue To umbhotna uno-dixtua. H Bpopordynor twv gpyactdyv emituyydvetol péow NG
eQapUOYNC EVOC BIXTUOU BpoUONOYNONE EQYAOLOY, TOU ETUAEYEL Ol YAEAUXTNELOTIXA Fo LolpaoTody YeTadl TwV
EQPYUOLWY, OTwE Qalveton oto Lynua 1.4.4.

TASK ROUTES (MASKS) ROUTING MODULE TASK SPECIFIC MASK

flaaaaaasaaaas
[CO0000000000)

Figure 1.4.4: Evepyonolnor cuyxexpluévwy cUVEAXTIXOY ETLTED®Y Yio T Spopohéynon epyacioc (and [59])

Avutéc oL udoxeg, mou eqopudlovian oo enineda, Yo vor Blaywpelcouy Ta YopoxTNELoTd ot epyacieg Sev ex-
nawdedovton, ahhd apyxonotovvTon Tuyaka oty apyn TNe exmaldeuorg xou nopauévouy otadepéc. Av xou ye autd
oV TpOTO TEpLOplETol O OYEBLUCUOS SLOUOLEACUOD TORUUETEMY UETAED TWV EPYACLNY, TO HOVTEAO EYEL AXOU
ToV €AeyY0 TOL Porduol Blarolpaool HETOEY TWV EPYACLOY PUECW TNG XPNONG EVOC UTERTIORAUUETEOL T, YVw-
othc w¢ mocootd daotpacpol. H uneprapduetpoc o naipvel twée petold 0 xou 1, xadopilovtac to nocootd
TWV HovVadwy ot xdle eninedo, mou eivon cuyxexpéveg Yo xdle epyacio. ‘Oco peyolitepn elvar n Tiwh e
UTEPTORAUETEOU 0, TGO TeplocdTERT) TANPopopia potpdletal UeTo) TV EpYUOLOY.

IMpoywenuéveg MeBodor Awaporpacol Iapopetpmwy

Ot yédodol dLopolpacpol TaPUUETEWY, TOU TEQLYRAPNXAY THRATAVE, £XOLV XATOLOUE TEPLOPLOHOUS, TOU EUTOD(-
Couv Tal HOVTEND VO EXUETOAAEUTOVY OMOTEAECUOTIXG TLC TANEOPOpRieg HETAEY TwV gpyaotwy. T autd To AodYo
€youv mpotoel To TEOYWENUEVES UEV0ODOL BLUUOLRUCUOU TOPUUETEWY, TOU TEOCTHIOUY VoL amo@UYouY auTolg
Toug neploptopole. Mia and autée elvon 1 uédodoc Exudinone Awoporpacpot Bopdv (Learned Weight Sharing
- LWS), nou mpotédnxe and tov Prellberg xou dhhoug oto [60]. Etdyoc authc tne uedddou eivon vo udider noto
olvoro Popwv Yo diaporpdleton v xdde epyaoio. o mapddeirypa oto Uyruoa 1.4.5 amewxovilovton didpopes
TEYVIXES Dlololpaopol Tapauétewy Yoo Ty enthuon evog npofifuatoc MTL ue tpec epyaoiec. Kdde xouti
amexovilel éva eninedo SuxTvou xou To YEdUUoTo UTOdNAGYOLY SapopeTind Bden. Ta ypwuatiouéve tpnuota
oe xdde xoutl exxovilouv moleg epyaoiec popdlovton Bdern yia awtd to eninedo. H LWS padaivel, cuvende,
woe avdeon Bopddv ouyxexpyévn oe xde eninedo pe Bdor xdde epyaoto, xdvovtde Ty mo suéhixtn and Tug
Tponyolpeves pedodoug, plag xar e€aptdton and Tig epyooies, mou exmaudevovton amd XowvoU, xou Oyt amd Ta
Bedopéva, TOU YPNOLULOTOLOVVTAL.
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No sharing Full sharing Learned sharing
i
[A B C] [A A A]
! |
[D E F] [B B B]
! |
[6 H 1] [c c c]
| |
[ kL] [D b b]
! |
[M N 0] [E F G]
+ )

Figure 1.4.5: Awgpopetixéc pédodol Slopolpacol Topalétewy HETol LoVTEALY EBXGY Yot xdde epyaoio (amd
[60])

Do tn dnulovpyla evéc poviéhou LWS nolhanAdy epyaolddy, eMAEYETOL OTOLUDATOTE ARYLTEXTOVLXY] VEUPWVIXOU
owtOou W Poony| apyttextovixh xou avtiypdpeton wla gopd yia xdde cpyacia. To teheutaio eminedo xdde
povtélou tpomonolelton yior vor €xel Tov xotdhhnho aptdpd e€60wv Yo Ty epyacia, otny onola avtioTolyel.
INo to xowvd eninedo dnupovpyeitar éva cvoho K Popdv xou 6ha tor N enineda tov dixtiwy epyooiog avii-
otoylCovtan oe éva PBdpog and to avtiotoryo cbvoro K. Me to va avtcstoylletoan to (Blo Bdpog oe mOAAG
enineda duxtLWY gpyooiag, emtuyydveTton o Sopolpaouds Bapwv. To TEdBANUE CUVETKS aVAYETL OTNY EVEEST
XOAOVY avTioTotyioewy PeTall TV Bopdy Xot TwV ETTESWY TwV JiXTOWY EPYAOIUC XL THLTOYPOV VO EXTIOUOEL-
To0v Ta (B Tor Bdpn. Do var emiteuydel owtd, or cuyypageic tpoteivouv va yenotworomdoiy dvo alyoprduot
Behtiotomoinong, €vag Yo To meéBANua TG avTio tolyiong xou €vag yia T BeAtiotonoinomn 1wy Poapmy ot (Blot.
Suyxexpiéva, To nedfinua tng avddeone dlapolpacod TV Bapdv oTic avtioTolyeg spyaoieg Advetan pe Tov
oahyoprdpo Ltpatnyfic Puowic EEéhEne (Natural Evolution Strategy - NES) xou v BeAtiotonoinon twv Bapdv
pe tov odybprdpo Btoyootinfic Khone Kadédou (Stochastic Gradient Descent - SGD).

O alydprduog NES avagépeton oe wo xAdon olyopiduwy Beltiotonoinong, mou evUepVOUY [ld XATOVOUT
mdovétTnTac mpoc Y xatebduvor g LPNAGTEENC AVUUEVOUEVNS AOBOCTC, YENOWOTOLOVTIS T QUOLXT XAlon
(natural gradient) tne avapevéuevne anddoone. H guowd whion elvon piar tapohhory? tne xhoaouxfic xhiong, mov
AofBdvel LTOPYN TNV HAPUTVAGTNTO GTO YDPO TWY TUPUUETEWY, dNAUDY| Tic BEUTERES TAPAYYOUS TNG CUVEETNONG
AMWAELNC WS TPOS TLG TUPUUETPOUC, Yio VoL Tpocapudoel To puiud udinong yio xdie mopduetpo.

Enopevwe, n avalAtnomn xohodv avtiotolyioenmy YeTagld Twv Bopdy Xol TV ETTEdWY TwV dixTtimy xdie epyaciog
tooduvael pe éva TpdPAnua Bektiotonolnong nou meptypdpeton pardnuatind weg egng:

min f(0, a), (1.4.1)

Nej

omou 10 f : © x A = R elvon 1 ouvdptnon anwielog Tou poviélou, 1o 0§ € O elvon 10 UVOAO TWV Baptdv
TOU YOVTENOL xal TOo & € A elvar T0 6UVORO TV avTloTolyloewY PETHED TwV Bup®dv Xol TV EMTEdWY TWV
dutbwy gpyaociog. H obvaptnon ogdhpatoc f elvan Siapoplowun we mpog ta Bdpn 0, dyt OUne xou w¢ TEog Tig
avtiotolyloeg a. 'Etol, ol cuyypageic mpotelvouv pla oToyaoTix exdoyr| Tou TeoBAAUATOS, ELOAYOVTOS [lo
xotovour|) mbavétnTag T mévew oTo 6UVoAo SAwY TwV TavOY avtioTolylcewy Boptdv oto eninedo Twv SixTiwY
epyaoiog A, ue tuxvétnra mdavotnroag p(a|T) - wa otatiotind éxgpaot mou opllel pla xotavour mdavdtntog yio
plor cuveyry Tuyador ueTaBANTY, Tou onuaivel 6Tl N mhavoTnTa TNg Tuyalag YETUBANTAC Vo TéoEl oE omoLodNoTE
CUYXEXPWEVO EVPOC TV Umopel Vo UTOAOYLOTEL UE TNV OAOXAPwoT TNg TuxvéTNTaS TdavdTnTaC Tdvw OE
aut6 To £0poC.

To Bektiotonomtnd npdBinua teptypdgpetal ToTE WC e&XC:

min J (0, 7) = E.[f(6,a)]. (1.4.2)

,TT

H otoyootx) Swtinworn tou mpoflifuatoc emitpénel Tic avtiotolyloec vo Bedtiotonoindolv péow Tng
TUPUUETEOU T yenolponoldviac Tov okydprduo NES, odld anoutel tn derypotondia twv avtiotolyicewy yio
TOV UTOAOYIOUO NG XhloNe we mpog Ty mogdueteo 0. Me autd tov TpéTmo To Sloxpltd, un dlapoplotud TedBinua
TOV AVTIOTOLYICEWY (@ YETATPENETOL OE €V CUVEYES, OLUPOPLOILO TEOBANUA WS TEOS TNV TUPAUETEO T. LTNV
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TedEy, avtl va emhéyovtan aneudelac ol avtioTolyioels, o ahyoplduoc EMAEYEL TIC TOPUUETEOUS TNG XATUVOUNAS
T %o ol avtiotolyioelg emhéyovton ot cuvéyela Ye Bdomn Ty xoatavour) mdavétntag, mou opiletan and auTég
Ti¢ mopopéteous. H Beltiotonoinoyn tou mpofhiuotoc emituyydvetar pe tny evoahhayn petadd twv axdolovdwy
Brudtwy Beitiotonolnong:

BeAtiotonoinon Avadeong Bapoyv oty Bektiotonoinon g xatavoung midavétntoc m eved ta Bden
0 nopopévouy otadepd, EMAEYOVTAL OL AVTLOTOLYIOES TV BApWdY a1, ..., @), TOU XATAVEUOVTUL CUUPOVA UE TNV
mdoavétnta p(a|m) xou vroloyilovtan oL Tpée e ouvdptnone anwiews i; = f(6, ;) oe éva batch dedopévev
exmaldevong yio Oheg Tig avTiototyioeg. Ou ouyypagelc mpotelvouy T yeror evée extunth) Movté Kdpho, ue
péyedog mhnduouol A, tng xAlong g oLUVEETNONG UMMOAELNS KOS TEOS TNV TUPAUETEO T e eENXG:

A
1 2=
VJ(0,m) ~ o E u; Vo log p(ay|m), (1.4.3)

T =1

6mou To u; ONAGOVEL TIC TWEC YpnotwdTnTog, oy dnutovpyolvtar Yot va xad{oTtaton o ohydprdpoc aveEdoTn-
To¢ ambd TNV ¥Algoxa TN ouvdptnong amwhieiag. Ot Tiwée andielog [; UETATEENOVTOL O TWES YENOWOTNTAS
YENOWOTOLOVTAG TNV axdhoudn Exgppaon:

li—1
Ar—1

w=2- ~1 (1.4.4)

H x\ion yenowonoleltol 61N GUVEYELR YLOL TNV EVNUERMOY) TWV TUPUUETEWY TNG XaTtavouns T pe pudud uddnone
N, OOpPWYAL U To axdhoudo Bua oty xatevduvon e V. J (6, 7):

T4+ 0V J(0,7). (1.4.5)

BeAtiotonoinon Boapwyv T'a ) Bertiotonoinon tov Bopdy § eved ol tiwée tng xatavounc mdavotntag m
Tapouévouy otadepés, ol ouyypagelc axoroutolv o Moévte Kdpho npocéyyion. Luyxexpiéva, ol avTio Tolyi-
oElg TV Paptdy oTa eninedo Twv dXTOWY gpyaciac ai, ..., ay, dtavégovior clhupwva e Ty mdavétnta p(a|r)
xo exteheltan o alyoprduog avtiotpopng duddoone opdhuatoc Yo xdde delyua. Ou xAloec mou mpoxdnTouy
Vof (0, ;) péow e dadixaciag authg, eivar 0 péoog bpog dAwv Twv avtoTolyioewy, Hote 1 Tehxt| xhlon va
neptypdpeTton and v axdrlovdn e&lowon:

Ao
1
Vo J(0,7) = iV E Vo f(0, ). (1.4.6)
i=1

H »Mon yenowwonole(tar 0Tn CUVEYELX VLol TNV EVIUEPWOT] TWV TopopéTewy 0 ue pLudud uddnong ny, cLPELVYL
ue To oxohoudo PBrpo:

0 — 16V J(0,7). (1.4.7)

1.4.3 Medodol Yrohoyiopol XpdApatog xatd T Mdadnor oA ariwy Ee-
YACLOV

‘Evoag and toug o ongavTixols TopdyovieES Tou TEETel Vo An@dolv umodhn xatd To oyEdIUoUO WG UPYLITEX-
Tovixic Pdinone ToAhamAGY gpyaotdy elvat 0 TpbéTog e Tov onolo utohoyiletol to o@dipa Tne pdinone moh-
AV epyoaotdv. O 6pog GRIAU TOAATAGDY ERYACLOV AVAUPERPETAUL GTO GUVORXO GPAIAULO TOU THpdYETAL ot TO
HOVTENO Yio OAEC TIC epyaoieg, To omolo Ypnouonoleltal Yl THY EVNUEPKOT) TWV TUPUUETEMY TOU LOVTEAOU YLt
ohec Tic gpyaoieg. Ou mo ocuvnhopévee pédodol Yol TOV UTOAOYIOUS TOU GOANLATOS TOAATADY EQYUCIOV Efval
0 LTOAOYIOUOS TOU PECOL Gpou TwV opuiudtey (average loss), N afeBaudtnta oty otdduion TV opaludtey
(uncertainty in weighing losses) xat 0 Suvaixée péoog dpoc twv Popdv (dynamic weight average).

30



1.4. Mddnon Holoamhov Epyactdyv

Méococg 'Opoc Tov TgoaApdtomy

To opdipa TOMATAOY epYAoLOV Unopel VoL UTOAOYLOTEL WE 0 PECOC 6ROC TWV CPIAUATOV OAWY TWV EPYUCLMYV.
Avth) n yédodoc elvan N o amh xou o ameuvdeiog YLol TOV UTONOYIOUS TOU GPIAUATOC TOMMATALY EQYOOLAY,
xadoe Yewpel Ohec Tic gpyaoiec wodTwes. Qotdoo, dev Aapfdver unddn ) duoxohia xdde epyaoiog, yYeyovoe
mou unopel va odnyroel o un Bértiota anoteréopota. H poadnuotin datdnwon tou utohoyiopol tou pécou
TOV oQaALdTLY elval:

N
1
Lurr = ) L (1.4.8)
=1

6mou to N elvor To TAY0C TwV gpyaotmy xat To L; elvar To opdhyo tng -00THS epyacioc.

‘Evog emnAéov TpOTOE Yiol TOV UTOAOYLOUS TOU GPAAUATOC TOAAATADY £pYaotdY elvan 1) Ypron evéc Bdpoug yia
xde epyaoia, Tou avTimpocwreVEL T onuacia Tng xdie epyooiog 0To cuVokd TEdBAinua. Av xou oauth 1 pédodog
hoPBdver uTodn T Buoxoiio xdde epyaciog, ol Baduol onuacioc xadopllovton Ex TWV TEOTEPWY X TUPUUEVOUY
otadepol xatd TN BLdpxeln TNG EXTAUBEVONE TOU HOVTEAOU, YEYOVHE TToU XxaHloTd auUTY TNV TEOGEYYLOT AEXETA
audalpetn xou Tuyala Yoo TRV ebpeot e BérTioTng Adorg.

ABefoundtnTar 0TN BTATULOT TRV JQPAARATODY

Iot var Angdel unddiy xou n duoxola xdde epyaciog, npénet va avatedoly Bden oe xdie epyooia, otadulloviog
pe oautd tov tEémo TN PopvnTa xdde cpyaoiac oTo cUVORXS TEOBANUA. e auth T uédodo 1 andédoor Tou
povtéhou e€optdton oNavTIXd amd TNV emAoYY Tev Popdy yia xdie spyacia, eved 1 avalAtnoyn Twv BEATIOTWY
Bapdv etvon ypovoPopa xou anattel TOAD UTOAOYLOTIXG YEOVO.

O A. Kendall xou dMot oto [61] npdtewvay pia uédodo yio Tov UTOAOYLOUG TOU CPAMINTOS TOARATAGDY ERYACLAY,
Baolouévn oty aBefondtnTa TNE oTATULONG TWV EPYACLOY, TOU ONUalVEL OTL 1) YVMOT Yol TO ToL epyaoio elvol To
onuoyTX yioe Ty eniteudn tne BEATIOTNE Abang BEV Elval YVWOTH EX TWV TROTERWY XAl TRENEL Vo udrdeTton xortd
N Budpxeiol TG exTaldevong. Luyxexpiuéva, 1 aBefoudtnta 6T oTdiplon TwV opoipdtwy opiletal wg N avddeon
evoc Bdpoug oe xdle epyaoio, mou podalveton xatd T Sidpxeta g exnaidevong, Boaotopévo otn ehaytoTomolnon
NS OLUVOALXY) CLVAETNONC o@dAUatoc. AuTth 1) Tpocéyylom e€aptdtal and Tig epyasieg xou Oyt and to dedouéva,
TIoU Yenodonolovvtal, dnhady tpoonadel vo fehtioTonolnon uia TocdTNTA oL Topapével oTadepr| Yior dhot To
dedopéva el06d0U xou Blopépel PeTalD BlapopeTixy epyaotdv. H podnuoti Swatdnwon tou unoloyiogol tou
OQPAALATOS TOAAATAWY EPYIOLOY, Bactouévn otny ofefadtnta oty otdiuon tewv cpaiudtony, eivo:

1 1
Lyrn(w,ar,a2) = gﬁl(w) + ?ﬁg(w) + log(ay) + log(az) (1.4.9)
1 2

6ToU TO o oL To arp elvan o Bdier affefondnTag yia Tig dvo epyaoieg, eivon Yetixol aprduol, mtou epunvedovton
we N VYeppoxpacio oe pio xatavour) Boltzmann, émou 1 xhipoxa peyédoug autdv twv nopauéteny xadopilel
1660 opotdpopyn (eminedn) elvon 1 Slonpity| xorTovour| xou To w elval oL TOPAUETEOL TOU LOVTEAOL.

Koatd tn vhomoinoyn auvthc tng pardnuatiic éxgeaong, To dixtuo mpolAénel To hoydpuduo tng Swonopds, o; 1=
log(a?), v va elvor mo aprduntind otadepd amd to vo mpofBhémel TN daomopd, xadhe we autd Tov TEOTO
amogelyovtal Swoupéoelc pe to undév. Ilopdho, mou napéyel Evay Tpomo yio TNV emA0YY xahdTERwY Bopdv Yia
Ti¢ gpyaoieg, xatd tny exnaidevorn, 1 podnpotixr vhomoinoy Sev elvon Béltiotn, xadde odnyel oe opvnTIXéC
TIES Yl TN Blaomopd, Tou dev elvon anodextéc oto mhalolo tng extiunong e oaffefardtntag. Adon oe autd To
TedPBAnua TpoTeiveta 6To [62] and tov Liebel xar dhhoug, 6Tou oL GUYYEAPEIS TPOTOTOLOUY TOV UTOAOYLOUS TOU
opdhpotog affeBautdTNTog Yol vor ano@euyBoly apvnTIXéS TWES Yiot TN BlaoTopd, UETATREENOVTAS TOV HpO log(a?)
oe log(1 + a?).

Yuvenng, 1 véa yadnuotixny Slatdnmon Tou UToAOYLoRoU Tou opdhuatog alefoudtnTog Yia 800 pyasies, avapep-

OUEVT WE AUTOPATY OTAVULOT) CQPAAUETLDY Elvor:

1 1
Ly (w,aq, ) = ﬁﬁl(w) + ?ﬁg(w) +1log(1 + a?) + log(1 + a%) . (1.4.10)
1 2
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Avuvopixog Méocog 'Ogog Bapdv

O Buvouxdc péooc Gpoc Twv Papdy [63] clvar yio uédodog Yyl TOV UTOAOYLOUS TOU COEANUATOS TONNATAGY
gpYOoLWY, oL avadéTel éva Bdpog oe xdle epyaota, Baoiloyevo oto puiUS PETABOAAC TOU GPIAUATOS Yio xGDE
epyaoia xatd tic mponyolueves emavolfdels. Eivaw ebxoho vo vhomomnlel, xadde omoutel uévo tig apriuntixée
TWES TV oQaludTeY X8Ve epyacio oTic TEEYouoes xou Tteonyolueves enavolfdels. H padnuatnd diatdnwon
TOU UTOAOYLOUOD TOU Buvoxol Ecou 6pou Bapdv elvou:

k
Lyre =Y Me(t)Li,
i=1 (1.4.11)
_ K exp(wi(t —1)/T) Ly(t—1)

MO = ottty TR D =)

onou 1o Ly, elvon To ogdhpa e k-ootrg epyaotag, To T elvar o 6pog Veppoxpaciog mou eréyyel TNy ouotopopplo
oTN OTEVULOT] TV EPYOOLDY, UE UEYOAES TWES VoL 00N YOUY GE TILO OUOLOUOPYPY] XOTAVOUT| HETOEY TWV ERYOOLAOY,
to wi(t — 1) elvar to Pdpoc tne k-oothc epyacioc oto ypovixd onueio t — 1 xou to Ag(t) elvon to Bdpoc tne
k-oothc epyvaoioc oto ypovind onucio t.

Env vhornoinon, n T Touv opdipatoc L (t) unohoyiletou we o péooc bpog and apxetéc enavalfPels, HELDOVOV-
TAG UE TS TOV TEOTO TNV ofBeBotdTNTa XUTA TOV UTOAOYLOUS TNS OTOY Ao TG Xhiong xotddou, xododg xal Tnv
Tuyaio emhoyn dedopévwy exnaidevone. T t = 1,2 ta Bden w(t) cpyixonowdviar oto 1, ohhd onowdritote
GhAn apyixonoinoy Paciopévn oe TEONYOUHUEVES YVWOELS EXTaldEUoTC TOoL BxTUoL Yo unopolcoe eniong va elooy-
Vel.

Yy npdén, 1 wédodoc Tou duvauixol uécou 6pou Baphyv Fo avodtéoel yeyalbtepa Bdpn oe epyociec Ye youn-
ANotepo puiud opdlpatog, mEdypo mou onuaivel 6Tl To pOVTENO Vo ECTIACEL TEPLOCOTERO OE EQYUOCIEC TOU
Behtidvovton To apyd, TEOXEWEVOL Vo ETUTOYEL XOUAUTERT) CUVORLXT AndBOOT).

1.4.4 TIIpornyolueveg Egapuovég tne Mddnong IloAhaniov Epyaciohy

H pdidnon moAAamhdy epyaotdy €yel e@upuootel 6 TEONYOUUEVES EQYAOIOC YLl TNV OVALYVEORICT) avilp®dTveLy
BPACEMY XAl YELROVOULWY, UE oxond TN Bertinon Tne anédoorng Twv adyopiluwy. Xe autTh) Ty eVOTNTO TUPOUsCLd:-
Covton uepixég amd TIC O GNUAVTIXES EQUPUOYES TNE UAdNoNE TOAAATAMY EpYACLOY, TIOU €Y0LV yenoldoroindel
OTNY aVaY VORLoT| avlp®OTIVGY Spdoewy XAl YEROVOULWY.

Avayvopion Avipdmiveyv Apdoewy

‘Evog teémog yia va enwgeAndolye and tn uddnorn ToAhamA®y epYaotey eivol vor eXToude0coVUE Eva LoVTEAD o
dlapopeTind cUvoha Bedopévmv, Tou €youv Tov (BLo Tirto dedopévwy. Ou Karen Simonyan xou Andrew Zisserman
oo dpdpo toug [38] mpdtetvay T Bnuopuny apyttextovixf) Two-Stream Convolutional Neural Network (TSN),
Vv omnola xou agloAdynoay oe éva TpoBAnua avoryvapelong avipnnivey dpdoewy. Autd to poviélo amoutoloe
HEYAhO 6Yx0 Bedopévwy exnaideuong yia vo emttOyel xoAh anddoor, aAAd ol Bdoelc dedopévwy tng enoyhc dev
fray apxetd peydhec. o va avugetoniotel autd 1o {ATNUA, TEOTELVAY Uid TROCEYYLON UAUNoNS TOANATAGY
EQPYUOLOY, OOTE TO LOVTENO Vo umtopel vor exmondeutel oe dedopéva and BlapopeTind GUVOAL BEBOUEVWLYV.

Suyxexpéva, 1o dixtuo exmoudedtnxe oe dVo clvoha dedouévev, ta UCF-101 xou HMDB-51, ta omnoia
anoteholvtay and Bivieo dpdoewv, Ye xdmoleg and autég Vo Undpyouy ol ota dbo clvoha. ‘Etot, yio amhy
CUVEVKOY TV BU0 CUVOAWY BEBOUEVLY BeV MTay eQXTH, AOYW Tou OTL LUy xatnyoplec Spdoewv moOu
emxaAUTTOVTOY.  Avtl yia autd, TEdTEVAY Lol TEOCEYYLON YAUNoNC TOMNATAGOY EQYACLOY, OTOU TO UOVTIEAO
poLpdleTal TIC TUPUUETPOUSC TV TEMTWY ETUTEIWY TOL dXTVOU, AN €xel Eeywptotd Ta TeheuTala emineda, Yot
VO AVTLOTOLYOVUY OTO BlapopeTixd cUvoha dedouévwv. Kdde éva and ta Siapopetind enineda €xel T duxy) Tou
oLVAPTNOT GPIAUATOS, IOV AetTovpYel HOVO aTa BIVTED TOU TPOEPYOVTAL OO TO AVTIGTOLYO GUVOAD BEBOUEVLY.
To cuvohixd cpdipa exmaldevone voloyileton we GYEOLCUL TOV CRUNIATWY TWV BLUPOPETIXWY EQY UGV XAl OL
PGy YOl TV Bapdv Tou dixtiou unopoly vo utohoyloToly ye 1 uédodo tne avtiotpogne dddoorne (back-
propagation). Ta anotehéopota Edet&ay 4Tt TO JinTUO UTOPOUCE Vo YEVIXEUGEL XaNDTERX OE xavoLpLYL DESOUEVA,
oe olYXpLoN PE TNV TEPIMTWON ToL EXTUBELOTAY 0 xdUe GUVORO Bedouévwy EeXwEIoTY, AmOdEVOOVTUS T
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0QéNT TN HAINONE TOMAATAGY EQYUCLOY GTNY OVALYVORLOT avIp®Tivwy dpdoewy Ue TNy (Bla pop@r) dedopévwy,
ARG e BLapopeTNd GUVOAIL BEBOUEVMV.

‘Evog oxdun teénog yia vo enw@ernolue amd tn udinoyn TOAATADY EQYACUOY €Vl Vo EXTALBEOCOUUE €Vl
wovtélo va extelel SapopeTnéc epyaoiec B vo yenowonotel dwpopetinée puedddouc. Lto dpdpo twv [64],
oL ouyypapelc mpdTeEVaY €vo ovTéro Udinong TOAUTAGY gpyootey yia Ty extiunon 2D ¥ 3D avipodnivwy
oTdoEwY xou TNV Tavdunon dpdoewy and axoloudle Bivteo. Lxondg autrg Tng uedddou elvon vo avTIHETOI-
OEL TNV EXTIUNON GTACEWY XAl TNV AVAYVORLOY SpdCEWY ©¢ €val X0lvo TEOBANUa, eV TapdAAnha YeNoHLOTOLEL
T exTiuNUéves Télec otV vy vidplon Spdoewy, xou Enw@eleitol xatd TN didpxela e exmaldevone and To
dloolpaod Twv Bapdv YeTa€d Twy BV0 EpYACLOV.

Avayvopion Avipdnivewy Xelpovoulmy

Xy avaryvopelon YELROVOILOY, 1 pdidnor molamhov gpyactdv €yel yenowonotndel yio tny and xowvol ex-
TUSEVOT) BIPOPETINMV EPYACLV. LuyXexpyéva, oto dpdpo [65], ot cuyypageic TpdTEVAY évar poviéNo pddnong
TOMNATADY ERYACLOV YioL TNV antd xovol Blayelplon TS avayvoplone Yetpovoudy (gesture recognition) xou
e TeNpoTonoinone Tonodeoudy yelpovoplny (gesture segmentation). Evo cuvelxtind vevpwvixd dixtuo ex-
ToudevTNXE oTNV TUNUATOTONGT ToTo¥EaLOY YeElpovolwy e Bdor ta Bedopéva Bddoug, mou yenoiuomolinxay
XOTA TNV EXTUBEVGT, TOU HOVTEROU, eV XATd T Bidpxeta Tng alohdynone yenotdonotdnxay ubvo to dedouéva
RGB. To povtého enétuye xoAlTepa anotehéouota and Tig TOTE XaAOTEPES UEVHBOUE, amodeXvIOVTIC ToL OQEAT,
NS PAINONS TOAAATAGY EPYACLV GTNV VALY VLT YELPOVOULMY.

Yuvduacwog pe tn Metagopd I'vorong

Kotd m uddnon noAhamhedv epyaciidv, ol epyooieg padaivovton napdhinio xotd ) Sidpxela tng exnoldevong,
ATMAUTWOVTOG TLC TOPOUETEOUE TOU LOVTEROU Vo elval eEXTTadEVOLIES XAt TN BLdexela ohdxAneng g diadixactiog
exmaldevonc. Amd v dAAT, 0T UETAPORE YVOONE, €V LOVTENO EXTIOUOEVETAL TPMTA OE WOl EpYOCiol Xou oTn
CUVEYEL YIVETOL ETAVADLOUOPPWOT] OE pLoL DEVTERT] EQYAO(O, AMOUTWOVTAUS XATMOIEC AN TIC MUPUUETEOUSC TOU UOV-
TENOU Vo uny elvon exmoudedolpes xotd TN didpxela g exmaldevone tne deltepng epyaoiog, yio va xpotndel 1
TAnpogopia, Tou YodelTnXe and TNV TeonYolUEVT exntafdeuoy xan Vo uetwVel o ypdvog exmaldeuong tng dedtepng
epyaociog.

Ly epyaoia [66], oo cuyypagelc mpdtetvay éva wovtého uddnone TOMOTAGY EpYAoLiY, TOu cUVBUALEL TN
HEINoYN TOMNATADY EPYACLOY PE TN METAPORE YVHOONG, Yiot Vo BEATIOOEL TNV omod0CT TOU HOVTEAOU. Buy-
XEXPWEV, TO POVTENO exmoudeleTon o BU0 @doelc. XNy mpWdTn QAo exnoudeletal ot TOAATAEC epyaoieg
TowTéYPoVa, olupwva PE TN Vewpio TS PAINONC TOAUTADY EQYACUDY, XUl OTY) GUVEYELNL AUTO TO UOVTEAO
YENOWOTOLETOL (¢ TEO-EXTUDEUMEVO UOVTEAD YLaL TNV EXTAUOEUCT) Wog HOVO gpyaciag, Tou yenoulonoifinxe
X0l GTNY TEAOTN QAcT, axohoLIMVTaC €ToL Uiol TPOGEYYIoN HETaPopds Yvhong. To anoteréopata €deay ot 7
Tpotewouevy Yédodog emituyydvel xahltepn anddoor) and TNy exnaldeucy) plac povo epyaocioc, xadoe xou and
TNV eXTUBEVOT TOMAATADY EQYAUCLAOY, Yl TIC epyaoies.

1.4.5 IIpotewvopevn Medodohoyia

Avty) 1 Simhopatixn epyooia e€eTtdlel TNV AmOTEAECUATIXOTNTA TNC PAUNONC TOMATAWY EQYACLOY GTOV CUV-
BuaoUd TWV ERYUCLMV AVYVOELONG ovIpOTIVGOY Bpdoewy xou yewpovopldy. Kaldde n andvinon oto epdtnuo
€4y 1 Udinom TOAAATAGY €pYAOoLOY uropel Vo yenotwomoiniel yia Tnv xowvi exnaidevon dUo epyaoudy dev eivan
BuAdLXY, BLAPOPES APYITEXTOVIXES UAINONG TOANUTADY ERYAUCLOY UAOTOLOUVTOL Xou SoxiudlovTon, Yo vor afi-
ohoynlel 1 amod0cH ToUG. DUYHEXPWEVA, OL TRELC DLUPOPETIXES UPYITEXTOVIXEG HAUNOTNG TOAAAUTALY ERYOOLOY,
Tou VhomoUay, axoloudoly dlapopeTinég HeYEBoUE BLUOLPACHOY TWY TUPAUETEWY, ot AUTES elval 0 OALXOC
OLOUOLPAOUOC TUPAUUETEWY, O UERIXOS DLOHOLRUCHUOS TOROUETEWY Yol Wial o ToAumhoxn uédodog, mou cToyelel
vor expeTorAeUTEl Tol TAEOVEXTAUOTA Xat TwV V0 pedddwy, avtiotowya. H mpotewduevn npocéyylon pdidnone
TOAMOATAWY EPYAOLOY EUTINTEL 0TV xaTnyopld TS PAINONS TOAATAWY EQYACLOV BLOPOPETIXWY GUVOAWY Oe-
dopévey, xodwe ol 800 epyacies exmoudevovial oe SLopopeTind cUvola dedouévwy. Eniong, unopel va Jewendel
¢ Wla Tpocéyyion udinone TOAATAMY EQYACLOY OpoLOUopdNe Wdinone, xodoe ol dbo epyaoieg etvar tou (Blou
TOTOL, TAEVOUNONG, Kol CUYXEXEILEVY Elval epyacieg avayvdptone. Téhog, 1 npotevopuevn Tpocéyyior Unopel va
xaTnyoplomoinlel wg TEOCEYYLON Uddnong TOAATAGY ERYUCLOY OPOLOULORHNE UAINONSC YARAXTNRLO TIXGY, XIS
oL dVo epyaociec yenotwonolovy dedopéva RGB w¢ eloodo.
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Emnmiéov, 1 e€etaldpevn 1déa enexteiveton yior var atohoyrioel Ty enidoor twv ueddduwv molhamhic uddnone
otay Suayelpilovton dedouéva SlapopeTinod TUTOU. JUYXEXPWEVA, Ol TEELC DIUPORETIXES APYITEXTOVIXEC Uddnong
TOMATAGY €pYAOLDY, TOU LAOTOLAUNXOY, AELOAOYOUVTOL GTNY AVAYVOELOY| YELPOVOULOY, YPNOULOTOLWMVTAS O-
dopéva Bivieo RGB xou Bivteo Badoug. Auth n evolhoxtixn tpocéyylon eumintel otny xatnyopia tng uddnong
TOMAATAGY EQYACLOY BLAPORETIXWY TUTWY dedOoPEVWY, xadde ol 800 epyaoieg exnmaudedovion ot SLapopeTNolg
TUnoug dedouévwy, RGB xou Bddouc. Emniéov, punopel va dewpndel we wla mpocéyyion pddnone molhaniddv
EPYUCLOV OpOLOPOPPNE uddnong, xodwe ol 800 epyaoieg elval Tou (Blou TOTOU, TAEWOUNONC, Kol CUYXEXPLUEVA
elvon epyaociec avayvapiong. Télog, 1 npotewoduevn npocéyyion unopel vo xotnyoptonoinlel ¢ TEOGEYYLoN
pddnone ToANATAGY epyactdy (Blou cuvéiou Bedouévmv, uiag xou to dedouévo RGB o Bédoug avixouv oto
{8lo oUvoho Bedopévwy.

EneZepyacia Bivteo

Yy dpaon unoroyloTdY Ta wovtéha udinong Bohdc udinong 8éyovton otny elcodd toug otadepol ueyédoug
dedoyuva, eve Ta Pivteo uropel va €youy uetaBAnTté uixoc. ‘Etot, ta Bivteo npénel va npoeneepyaotody HOTeE v
€youv otatepd uixog. Optouéveg amd Ti¢ mo cuvhouéveg pedddouc npoeneepyaociog Blvteo elvar vo dlanpedel

x&de Bivteo oe xhm ye otadepd mAfdog exxdvwy 1 vo derypatodnmrniel évag otadepdc aptdude emdvev and
xdqde Bivteo.

e 311 Auwaipeom Bivteo o Khin

xdde Bivteo dionpelton oe A ue otadepd urixog. ‘Eva otdvtap uhxog xAn F' emAEyeTon xou 0T GUVEYELD
10 mhlog Ty xhm avd Bivieo urnoloyiletar Bloanp®dvTag TO0 GUVORXO apliud ewdvwy tou Pivieo ue To
UAXOC TOU XA X0l GTEOYYUAOTOLOVTAS TIEOG TO HEYAAUTEQO OXEQOLO. T GUVEYELNL T XALT ONLouEYOOVTOL
nafpvovtag Tic tpwteg F exdveg tou Blvieo, ot ouvéyela Tig endueves Fexdveg xan o0to xadelhc, uéyel
0 téhog tou Bivteo. To Bua petald e apyfc EvOg XAT xaL TNG dpY S TOU ETOUEVOU XAT elvan duvortd
vo unv etvon (00 pe to prixog Tou xAur, ondte dnutovpyolvton emtxaAuTTépEVe XA, Axolovddvtag auth
N ueYodo dnurovpyolvton TOANS delypata amd xdde Bivieo, ta omolo yenowwonolobvton we delyyoto yio
T0 POVTENO, 0BNYWVTAS ot 800 Uevdddoug a&loAdynone TN anddoang Tou Uoviehou, avd Bivieo xau ovd
YT

1. Katd tnv agwohoymnorn Avd Bivteo 1o poviého exnawdetetan xou ofloloyeiton ota xhin xdde
Bivteo Eeywetotd. H npdBiedrn tou poviédou yia xdie Bivieo e&dyeton ye tov Yéco 6p0 Twv mpof-
Aewv Twv ¥MT Tou.

2. Katd tnv agtohéymon Avéd KA to poviého exmaudeleton xou alohoyeiton oe xdde xhin
Eeywprotd. H medfBredm tou govtéhou yia xdie xhin opilel T cuvokixr Tou anddoot).

Avuth n uédodog €xel To TAEOVEXTNUA TNG YENONG OAOXANEOU ToL BIVTED WS ELGGB0U GTO WOVTEND, AAAd
€)EL TO PELOVEXTNHA TNS BNtoupyiog ueydiou aprdpol deryudtwy, Tou unopel vo 0dnyHoEL G UTOAOYLIGTIXY
AVETEPXELL.

o Ytnv EmiloyA Acivypatoc Ewxxoveyv
évag ototepdg apldudg ewdvev N derypoatodnmreitor and xdde Bivico. Av to Bivieo €yel Myodtepeg and
N ewdvee, 16T 10 BIVIEO GUUTANEMVETAL UE TNV TEAEUTALA EXOVA TOU BIVTEOD, dNULOLEYOVTAS Vel GTATIXG
Bivteo petd to Bivteo. Auth n uédodog €xel to mAcovéxtnua tng dnuiovpyiog evog otaldepol aptiuod
delypdtwy and xdie Bivico, oAAd Exel TO UELOVEXTNUA TNG OTOAELS TANpopoplag and To Pivteo.

Ye auth ) Simhwpotixn epyacio, 1 uédodog detypatolndiog emdvwy yenoiwonoteiton yioo v mpoeneéepyaoio
Twv Bivieo, Aoyw e unohoyioTixig amhéTnToag Tng uedddou xal TNg emTUYIUS TNG OE TEOTNYOVUEVES EQYATIES
ywelc va ennpedlel v anddoon tou poviéhou. To mhidoc twv emdvwv N emhéyetar va eivon 32, to onolo
elvon éva ouvndiopévo mAndoc exdvwy ou yenotwonoleital oe gpyooieg Taglvounong Bivteo.

Bdor Acdopévewy Mddrnorng IloAhanhorv Epyaciky (Multi-task Dataset)

H Béor dedopévwy udinonc toAamAody epyaciwy, Tou YenoWoToleltal o€ auTH T SITAwUATXT epyacio, axolou-
el v (B dopr| pe tn Péon Sedouévwy pdidinone ToAMATA®Y epyaciay, Tov yenotponotfinxe otny epyooio [60].
Yuyxexpiuéva, ot J. Prellberg xou O. Kramer dioywpilouv tn Bdor dedouévev oe UnocUvola, MOTE Vo SNULOVEY T
couv olvoha ewdixd yio xd0e epyaocio xou oTn cUVEYELL cLVBLALOLY AUTA Ta cUVOAX GE €va GUVOAO BeBOPEVWY,
omou xde delyua Tou cuvORou Bdedouévmv eivor Evo Aeixd, Ue XAEBLE TOU aVTITPOCWTEVOLY TiC EpYUsies xou
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TWES TOU AVTITPOCWTEVOUV T DE(YUAUTA TWV EQYUOLOY, OTWS Qafveton Yiot €va Topddelypa dV0 €pyaoUdvV GTO
Syhuo 1.4.6.

task A : batched samples
task B : batched samples

Multi-task
Dataset

task A : batched samples
task B : batched samples

Figure 1.4.6: Bdon Aedopévwv Mddnone Iohhaniddv Epyaouidv

Nevpwvixd Aixtuva Md&dnong IToAhaniov Epyacidv

Ou pédodol dlopolpaouod TwV TUEOUETEWY, TOU YENCHLOTOLOVVTAL Yot TNV VAOTOINGY HovTéAwy pddnone moh-
AATAGY EQYACLOY, UTOPOVY Vi EQUPUOCTOUY O onoladinote apyttextovixt| Bathde uddnong. e auth tn Simho-
potix) epyaoia, To povtélo tou yenowonoteiton we Bacixd poviého (backbone) yia tny vAomoinon TwV LOVTEAWY
pddnone toAhamhwy epyaotdy etvar to ResNet-18 3D. H apyitextovixr) ResNet-18 3D emhéydnxe yiotl etvon Lot
apyLTEXTOVIXY oL Yemoulomoteitoan evpéng yia epyaoieg tagivounone Bivieo xou undpyouv TOAAEC TopORAAYES
NG TOU UTopoUV v Yenothoroindolv ylor xoA0Tep TpocupUoY T Twv dedouévwy. Emmiéov, 1 apyltextovixy
ResNet-18 3D éyel dnpdola drardéoipa npo-exmandevpéva Bden oto cbvoro dedopévwy Kinetics-400, to onola
umopoly va yenotponotnloldy yio xahdTepn anddoon oTig epyaoieg.

Average Pooling

3IKTHT conv, 64

Figure 1.4.7: ResNet-18 3D apyltextovixy

To ResNet-18 3D déyeton otnv €lcodd tou évay 5D tavuoty (tévoopa - tensor), nov aviinpocwredel évay 4D
6yxo 1) éva Blvteo. O dlaotdoelc nepthopfdvouy to uéyedog tou batch, tov aprdud twv xavaiidy, to TAfdog
TWV EXOVOY, To VPog xaL To TAGTOS TwV dedopévey eleddou. ‘Onwe aneixovileta oto Lyhua 1.4.7, to povtélo
ResNet-18 3D eivon éva cuvehxtind vevpwvixd dixtuo, mou anoteAeiton and 18 enineda, cupneptiopovouévewy 17
OUVEAXTIXGDY ETTESLY Xou 1 TAHpws cuvdedeuévo eninedo. Kdle oudda ypwpaTiopévemy CUVEAXTIXGDY ETLTEDLY
070 oy aviinpoownelel éva ResNet-Layer, to onolo elvan éva ohvoho Residual Sopuxdyv otolyelwy. Xuvendoe,
x&e Residual Block eivou éva ohvolo cuvelxtixddv emnédwv, mou cuvdéovtan pe Wia oOvdeoT mapdxaudne
(skip connection). Kdéde cuvedxtixd eninedo axohovdeiton and éva eninedo xoavovixonoinone noxétwv (batch
normalization) xou wa cuvdptnom evepyonoinonc ReLU, to onola dev aneixoviovton oto oyfue yior anhoTnta.
Ou ouvbéoelg Topdxopdng yenotdomolobvTon yia vo tpoctedel 1 elcodog evog emnédou atny €080 evog EmTEDOU
TO XATwW 07O d{xTUO.

Emouévee, auth 1 apyttextoviny) Tpomonolelton xatdAAnio Ye Bdorn Tic diapopeTtixée uedodoue Blauolpaouol
TV TOEoETEWY Yia va dnioupyndody ta avtiotolyo povtéda pddnone TOANATADY EpYaoi®dY. Xe OAEC TiC
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TAPUANAYES TG HAOINONS TOMAATAGY EQYACLAY, TO TEWTA ETUTESA YENOLLOTOLOUV Tpo-exTandeLpéva Bdpn and To
olvolo dedopévwy Kinetics-400, eved to teheutalo enineda exmoudedovion amd Ty apyn, 6Tws avanoplotatol Ye
xOXUVO YpOUAL XL TEdoLvo Ypouo avtiotolya. Autd yiveton yio Vo EXUETOIAAEUTOVUE TOL TAEOVEXTHUOTO TNG
HETAPORAC YVOONG, EVE ETUTEENETOL 0TO HOVTEAD va emwpehndel and tn Ydinorn TOANATAGY EpYACLOV.

OAxdc Avoporpacpodc IMapapétpwy (HPS) T ty ulonoinon tne pedédouv Olxol Atopotpaspol
Hopopétpewv (HPS), to poviého ResNet-18 3D Swporpdler 6ho tar xpu@d eninedd touv oe dhec tig epyooieq,
exTo¢ and To TeAeutaio eminedo, To onolo elvan BlapopeTind yia xdde epyacia, dnwe Qalveton oto Xyfuo 1.4.8.

Paooling

[3x3x3 conv, 128

5]
=
=
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o
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3xTxT conv, 64

Average

Figure 1.4.8: Olxéc Awaporpoouédc Hopopétpwmv (HPS) ResNet-18 3D

Mepwxog Avapotpacoc Hapauétpwy (SPS)  Ta ty uhonoinon e uedddou Mepixol Atopotpaocuol
Mopopétpwy (SPS), dnuovpyolvton téoa dixtua ResNet 3D doec elvon xou o1 gpyaoiee, to onola cuvdéovton
uE povadeg cross-stitch, 6nwe gaiveton oto Yynua 1.4.9. 'Etot, ta dixtua yropolv vo potpdlovion mAnpopopieg
peTagh Toug, EVE TauTOypova extoudebovtal aveldpTnTa.
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%3 conv, 512|

3x7x7 conv, 64
B3x3x3 conv, 128
3%3x3 conv, 128

3%3x3 conv, 256

Figure 1.4.9: Mepwoc Awoporpacudc Mopapétpwv (SPS) ResNet-18 3D

Expd9norn Awoporpacpol Bapgdv (LWS) Tty vhonoinon tne petddou Exudidnone Awoporpacpol
Bopdv (LWS), dnuioupyoivton dtagpopetind dixtua ResNet-18 3D yia xdide epyoaoio, to onoio potpdlovton xdmota
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Bdipn avd eninedo petall toug, omwe gofvetar oto Lyrua 1.4.10. Me autéd tov Tpémo Tt dixTUN PmOPOlV Vo
Bpouv v xahbtepn avdleon yio Ta Bden Toug, eved ToawTtdypova vo BeATIoTONOMOOUY ot TIC TWES TwV Bapdy
Toug Ue TNV evolhayn Twv Bektiotonomtdyv NES xou SGD, onwe avahiinxe mponyouuéveg.
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Figure 1.4.10: Exuddnorn Awpolpacpod Bopmv (LWS) ResNet-18 3D

Exnaidcsuon MovtéAwyv Mdadnorng IToahaniodyv Epyoaoiohy

Mo Bdor deBopévemy yia Ty exnaldevor evog poviéhou pag epyaciog anoteheltar and naxéta (batch) dedouévwy,
to omofa tepvolv and To wovtéro. H dadixaoio exnaideuong autold tou wovtéhou Yo tepthouBavel Ty evuéewaon
TV Bopwy Tou povtéhou e Bdon to meéBinue BeitioTonolnone Tou wovtéhou, Tou eival 1) elaytotonoinon g
andAelag PETOEY TwV TEOBAEPEWY TOU LOVTENOU XUl TWV TROYUATIXOV TYOV TwV dedopévewy. Auth 1 Swobixacta
610U GAa ToL ToxETaL BELYHATWY NG Bdomg Sedouévmv Tepvoly and To YoVTENO wLol popd ovoudletal enoyr. Auti
7 Sodixaoio emavohouBdveton yia évoy apldud emoy v, Uéypel To HOVTERD Vo cuyxhivel ot BéATioTn Ao,

M Bdiomn dedopévev yior TNy exnaideucn evog HOVTEAOU uddnone TOAAATAGOY EpYACLOY amoTEAE(THL And TAXETA
BedOUEVOV oo BlapopeTind ohvola BeBOUEVKY, Ta ontola avTLoTolyolV OTIC dlaopeTixéc epyaoiec. Autd ta
cUvoha dedopévwy umopel va amoteholvTon and BlaopeTixd apldud derypdtwv. Xuvenng, av oxohoudndel 1
dladixacia exmaidevone, Tou xenoWLoToLelTaL Yl TS HOVES EpYAOiES, TO WovTERO Vo eEXTAUBEUTEL OE BlaPopETIXG
aprdud Belypdtov and xdle epyasia, mou unopel vo odnyHoel oe Aovdacpévo anoteAéopata oty a&lohGYNo
Tou povtéhou. Autd cupPaiver yiotl tor povtéha pdinong tolamhodv epyaotdy Yo cuyxerdoly pe ta yovtéia
uddnone plog epyaotoc. Av 7 Swbixacio exnaideuong mou axohoudeltan elvon ye enoyée, To poviého Va dlavioel
Oha tor delyporta Tou PEYAADTEROU GUVOAOU BEBOUEVLY [l Popd ot e ETOYN, EVE YLl TO Uxp6TERO GUVOAO
dedouévev xdmoto delypato Yo Sloavutolv Teplocdtepes popéc otny Bia enoyy|. ‘Etol, av déhouvpe va cuyxpl-
VOUUE TNV amdd0CT] TV HOVTEAWY UdINCTE TOAATANOY EQYACLOV UE Ta HOVTEAX Uddnong uiag epyaciag, auth 1
TPOGEYYLoT Uunopel va 0dnyfoel o hAavdoouéva amoteAéopatd, Sivovtog TNy evIUTwan OTL To Wovtéla udidnong
TOAMOTADY gpyoot®dV elvar xaAdTepa and tor povtéha pdinone wlac epyaoioc, odld n oirdelo Yo elvan 6TL ta
povtéha Yo €xouv del TeplocdTepa delyuota otny (Bla enoyn.

INo vo amogevydel autd To TeoBinua, epapudletar yior evolhoxtixr] dladixacio exmaldeuone, 1600 yia Tig Yedo-
Boug udinone TOAATAGY EpYACLOY 660 ot YLo Ti¢ pedddoug wdinone wac epyosiac, OTOL TO LOVTENO EXTOUOEVE-
Ty évo optdpd emavalPewy, avtl yio emoyéc. Xe xdde emavddndn, éva maxéto dedopévwy eEdyeTar and
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Bdion dedopévwy Yainomne ToANATAGY EpYAoLOY xou divetar oto povtéro. Ta Bden Tou povtélou evnueptvovtal
yioe xdde noxéto, cUUPwVO PE To TEOBANUL BektioTonoinong Tou wovtéhou. Auth 1) Sladixacia emovolouBdvetol
yior évay apldud emavolideny, UEypl To wovtélo va cuyxAlvel o wa BéAtiotn Abon. Auth 7 Swdixacia ex-
naidevong emTEénel 6To poviElo va del To (Blo TAfdog Belyudtwy ot xdde enavdindy, Oote vo unopolue vo
ouyxplvoupe TNy anddoon Twv Ledodwy udinone ToANATADY epYaoLOY e T peVddous wdinone wac epyaoctag,
xadéde To povtého Ya éxel det To (Blo mhdog detypdtwy ooV (Blo apriud enovahiPewy.
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1.5 Ileipdpota

1.5.1 Amrnoteléopata Ileipapdtwy Movrc Epyaciog

INo ta telpdparta mou Siehydnoay ye oxond va anodeyVel 1 ANOTEAECUATIXOTNTO TWV TPOTEWOUEVKDY LOEGDY,
1 anddoon xdde poviéhov uddnone molhaniayv epyacidy (MTL) da cuyxperdel pe to povtéha péidnone povic
epyaoioc (STL), nov exmoudedovton Eeywpiotd ot xdde epyacio. T v epyacia e avayvodpione dpdoewmv
yenoonoloUvtal 80o cUvora dedouévwy, to UCF-101 xou to NTU-RGB+D, eved ylo v gpyoscia tne avay-
VOPLOTG YELROVOUL®Y Yenotonololvo enlong 80o cbvola dedouévwy, To IsoGD xat to NVGesture. H anéddoon
TV poviédwy Yo afloloyniel yenowonowwvtag ) peteiny) g axpifelag, dnAady UE TO TOGOGTO TWY CWOTA
Tadivounuévwy derypdtwy. Téoo ta poviéha udinone wovrc epyooiag 600 xan Tor LOVTEAX UEUNoNC TOANATAGY
gpyootwy Yo exnardeutoly yia 20.000 emavoridels, yio var umdpyet po xowvy| Bdorn olyxelon yetall toug.

To Paocixd dixtuo mou emhéyeton va yenowonowndel ota netpduato STL xou MTL eivan n apyitextoviny ResNet-
18 3D. H apyitextovixr] ResNet-18 3D emhéyeton SLOTL elvol Lol EUREWS YENOWOTOLOVUEVY] UOYLTEXTOVLXY GTNY
Tagvounon Bivteo xat LTdEYOLY TOAAEC TaPUAAAYES TNG, TOU UTopOLY Vo Yenotwomotndoly ylo XHAUTERT TPocae-
poyn twv dedopévwy. Emmiéov, n apyitextoviny) ResNet-18 3D éxel Swadéowo npo-exnawdevpéva Bden oto
cUvoho bedopuévwy Kinetics-400, ta onola pmopolyv va yenoiworointoly yia xahitepn anédoon oTic epyaoies.

Yuyxexpyéva, oftohoyeitar 1 anddoor tne apyttextovixic ResNet-18 3D ota cUvoha dedopévewy UCF-101,
NTU-RGB+D, IsoGD xoa NVGesture yio Siapopetinn apyxonoinomn Bapdv yia 1 ¥ehHon Tpo-eXTUIEUUEVHY
Bapwyv oto cbvoro dedopévwy Kinetics-400, 6mou Blapopetinde optduods TopouéTeny oprvetol exnotdelollog
xoTd TN Bidpxeta e exnaidevong. Kdlde nivoxag neprypdgpet tov aptdud tewv emmédwy nou exnadedoviol Tne xdie
HovTéAOU, TIC EXTIUBEVOLUES ToRoETEOUS Xou TNV axpifeia Tou LoVTENOL 6T0 avTioTolyo 6UVOAO Bedouévwy. XTn
OTHAT eXTAUBEDOUWY ETUTEDWY, AVAPEROUACTE 0TOV apliud Twv emnédwyv Residual mou agrivovton exnandedoyua,
ondte To layer 1 avagépetan oto mpwto eninedo Residual, to onolo mepthopfdver 4 cuvelutind eminedo 6mwS
egnyNinxe mponyoupéveg, xa €tol cuveyiletal To TEGTUTO.

ResNet otn Bdon UCF-101

YoV nivaxa mou axohovdel, ntapouaidleton 1 amddoom g apyttextovixic ResNet-18 3D oto ohvoho Sedouévwy
UCF-101 vy tnv npdtn ddpeon tov ocuvdrou dedopévewv (split-1). And ta anoteléopata, nopotnpeiton ot
N xoh0tepn om6d00Y) EMTUYYAVETAUL TV To Bdpn opyLXOoTolUVTL UE To Tpo-exnandeuuéva Bden 6to abvoho
dedouévev Kinetics-400.  Zuyxexpipéva, n oxpiBela tou povtéhou auvédvetoar 600 TEpLooOTEPR ETTEDA alp-
Y@omololvTaL Ye To Tpo-exmandeuuéva Bden xon xpatolvton otadepd. H xohltepn anddoon emtuyydveton oty
Olo Tor eMineda EXTOG amd TO TEAELTAUO TAPWS CUVOEDEUEVO ETUTEDO OEYIXOTOLOUVTAL UE TO TEO-EXTOUDEVUEVL
Bdipm xou xporovvton oTortepd, MOTE VoL UNY EVNUERWVOVTAL XATd T1) Bidpxela Tng exmaldeuonc. Auty n Tpocéyylom
emTUYYGveL ot udhmi axpiPeta Tou 85.33% oty Tpdtn dadpeot) Tou cuvdlou dedopévev UCF-101, Noyw tou
YEYOVOTOC OTL Tol Tpo-exnandevuéva Bden oto cUvoho dedopévwy Kinetics-400 eivon xovtd ota Béhtiota Bden
Yo To cUvoro dedouévewy UCFE-101.

Ipoexnaldevor | Exnoudetowa Eninedo | Iopduetpor | Anddoon
from scratch - 33,218,085 23.82
Kinetics-400 ALL 33,218,085 24.12
Kinetics-400 layers 1, 2, 3, 4 + fc 33,189,733 32.45
Kinetics-400 layers 2, 3, 4 + fc 32,746,853 41.27

Kinetics-400 layers 3, 4 + fc 31,189,093 58.26
Kinetics-400 layers 4 + fc 24,960,613 77.32
Kinetics-400 fc 51,813 85.33

Table 1.2: Anotehéoparta npoexnoudeupévou ResNet-18 otn Bdon UCF-101.

ResNet otn Bdon NTU-RGB+-D

Ané v exnaidevon tou yoviého ResNet-18 3D oto clOvoro dedopévwy NTU-RGB+D gotvetar 6T 1 ap-
yomoinomn Twv Bopdv ue Ta tpo-exmoudeupéva Bdpn oto cbvolo dedouévwy Kinetics-400 enwgelel Ty anddoon
TOU HoVTENOL, OTe eaxpBdvetar xou and to amoteréoyata Tou napaxdte mivoxa. Ta 800 cOvola dedopévewv
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elvan o ouyxplowo péyedoc xou Ta mpo-exnaudevuéva Bdern oto clvolo dedouévnv Kinetics-400, av xow xovtd
ota Béltiota Bden v to cUvoro dedopévwy NTU-RGB+D, dev eivon Bértiota. ‘Etot, avth n apyttextovins
yeetdleton meploobtepa exnatdedoldo eninedo yia va TeocoppooTel oto civolo Sedopévwy NTU-RGB+D. H
xOAOTERT] anddooT) emttuyydvetan dTay povo to tehevutalo eninedo Residual xou to mifpwe cuvdedeyévo eninedo
aprivovTton exoudelolud, EVE ToL UTOhoLTa imeda apyixomololvTal Pe Ta Tpo-exmoudeupéva Bden xou xeatolv-
Tou otodepd. Auth 1 Tpooéyylon emtuyydvel pa axp{Peta Tou 56.68% oTn Siadpecn ToU CUVOAOU UTIOXEWEVKY

NTU-RGB+D.

Ipoexnaidevor | Exnoudetowa Eninedo | Iopduetpor | Andédoon
from scratch - 33,227,832 12.76
Kinetics-400 ALL 33,227,832 12.91
Kinetics-400 layers 1, 2, 3, 4 + fc 33,199,480 22.78
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 48.18

Kinetics-400 layers 3, 4 4 fc 31,198,840 55.29
Kinetics-400 layers 4 + fc 24,970,360 56.68
Kinetics-400 fc 61,560 23.45

Table 1.3: Anoteréoparta npoexnaudevuévou ResNet-18 otn Bdon NTU-RGB+D vy RGB 6edoyéva.

ResNet otr Bdon IsoGD

Ytoug axdhovdouc mivoxeg avaypdpovtol to amoteAéopota TG exnaideuong tou poviéhou ResNet-18 3D oo
olvoro dedopévev IsoGD, yio dedopéva RGB xaw Badoug, otov mpdto xou oto debtepo mivoxa avtiotolyne.
Ta anoteréoyata elvon mopdupota, xadodg xon To 800 LOVTEAN ENWPEAOUVTAL ONO TNV TANEOPORIN TOU UETAPERETAL
and Ta npo-exnoudevpéva Bdpn oto cUvoro dedouévwv Kinetics-400. H xohbtepn anddoorn emituyydveton dtov
To tekeutaio eninedo Residual xan to mhpws cuvdedeuévo eminedo aprvovtol eXTAdENOIUN, EVE TO UTOAOLTIOL
enineda opyLxomololVTAL UE Tol TpOo-exXToUdELUEVAL Bdpn xou xpotolvTal otadepd. Auth 1 TpocéyyLor emtTuyydveL
ot axpifetar Tou 26.92% oto clvolro dedouévev IsoGD yia ta dedopévo RGB o pior oxpifeta tou 29.8% o tat
dedoyuéva Badouc. Auth n cupnepipopd ogeiketon oto YeyYovoc 6Tl To ohvolo dedopévwy IsoGD elvon éva peydho
oUVOAO BEBOPEVRY XAJCEWY YELPOVOULOY Xl TO cUvoho Bedopévev Kinetics-400, oto omolo exmaudedtnxe To
povtého ResNet, anotehelton and xhdoelc dpdoewyv. 'Etol, to poviého ypetdletoun nepiocdtepa exmaudeloo

enineda yio va TpooappooTel 0To VEo oOVOAo BEBOUEVWY.

Table 1.4: Anotehéopato npoexnoudevuévou ResNet-18 otn Bdon IsoGD vyt RGB dedopéva.

Table 1.5: Anoteréopata npoexnaudeuvuévou ResNet-18 otn Bdor IsoGD yia Sedopéva Bddouc.

Ipoexnaidevon | Exnoudebowa Enineda | Iopduetpor | Anddoon
from scratch - 33.294.009 14
Kinetics-400 ALL 33.294.009 1.5
Kinetics-400 layers 1, 2, 3, 4 + fc 33.265.657 7.91
Kinetics-400 layers 2, 3, 4 + fc 32.822.777 18.42

Kinetics-400 layers 3, 4 4 fc 31.265.017 25.67
Kinetics-400 layer 4 + fc 25.036.537 26.92
Kinetics-400 fc 127.737 11.75

Ipoexnaldevor | Exnoudetowa Entnedo | Iopduetpolr | Anddoon
from scratch - 33.294.009 2.2
Kinetics-400 ALL 33.294.009 2.6
Kinetics-400 layers 1, 2, 3, 4 + fc 33.265.657 14.64
Kinetics-400 layers 2, 3, 4 + fc 32.822.777 19.63

Kinetics-400 layers 3, 4 + fc 31.265.017 23.19
Kinetics-400 layer 4 + fc 25.036.537 29.8
Kinetics-400 fc 127.737 10.6
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ResNet otn Bdon NVGesture

H enidoorn tou yoviéhou ResNet-18 3D otn Bdor dedouéveov NVGesture yia ta 6edoyévo RGB xou Bddoug
napovatdlovtar oToug mopaxdte mivaxes. To anoteléopato eivon TapOUOLN HE TO ATOTEAECUATA TOU GUVOAOU
oedouévev IsoGD, 6mou 1 xahltepn anddoon emtuyydveton 6tay To Teheutaio eninedo Residual xau to mApwe
GUVOEDEUEVO ETITEDO APVOVTOL EXTIOUOEVCLUA, EVE TOL UTOAOLTIAL ETTED APYLXOTOLOOVTOL UE TOL TEO-EXTAULOEUUEVOL
Bdemn o xpotovvton otodepd. Auth 1 Tpocéyyion emtuyydvel pio oxpifela Tou 25.52% oto chvoro dedouéverv
NVGesture v to dedopévo RGB xou pior axpiferar tov 32.29% vyio 1o dedopéva Bérdouce.

Ipoexnaldevon | Exnoudeboa Enineda | Iopduetpor | Anddoon
from scratch - 33.182.972 1.1
Kinetics-400 ALL 33.182.972 1.3
Kinetics-400 layers 1, 2, 3, 4 + fc 33.150.745 4.15
Kinetics-400 layers 2, 3, 4 + fc 32.707.865 18.26

Kinetics-400 layers 3, 4 4 fc 31.150.105 20.54
Kinetics-400 layer 4 -+ fc 24.921.625 25.52
Kinetics-400 fc 12.825 8.3

Table 1.6: Anoteléoparta npoexnoudevuévou ResNet-18 otn Bdon NVGesture yio RGB 8edopéva.

Ipoexnaidevon | Exnoudeboa Enineda | Iopduetpor | Anddoon

from scratch - 33.182.972 3.01
Kinetics-400 ALL 33.182.972 3.24
Kinetics-400 layers 1, 2, 3, 4 + fc 33.150.745 7.02

Kinetics-400 layers 2, 3, 4 + fc 32.707.865 23.12
Kinetics-400 layers 3, 4 + fc 31.150.105 28.71
Kinetics-400 layer 4 + fc 24.921.625 32.29
Kinetics-400 fc 12.825 14.52

Table 1.7: Aroteréopata npoexnandevuévou ResNet-18 otn Sdon NVGesture yio dedopéva Bddoug.

Avaipeon tng Baone NTU-RGB+D o cUvola S£80UEVELY BpACEWY XAl YELEOVOULLDY

H Bdéon NTU-RGB+D eivon o peydin Bdor dedouévmv, mou nepiéyel éva Yeydho apidud xAdoewyv, cumep-
thapBoavouévey 16c0 xAdoewy dpdoewv 600 xou yelpovoulwy. Ilpoxeiévou va aélohoyndoly to mpotevdueva
povtéha MTL, ta onola e€etdlouv €dv oL EpYasiES TNG avary VEPLONS BPAoEMY XL YELPOVOULMY UTOPOUY VoL EX-
ToudeLTOUY TawTdyEova, 1 Bdon NTU-RGB+D dwnpeiton oe 800 uépr, £vo tou nepléyet pévo T xAdoels dpdoewy
%ol €VOL TOU TEPLEYEL LOVO TLC XAAOELC YELROVOULWV.

H Swalpeon auth yivetar yelpoxivita emhéyovtac Tic xhdoeig mov Yewpolvton xAdoelc dpdoewmy xaL Tic XAAoElS
mou Yewpolvtar xhdoelg yetpovouldv. Auth 1 audoipetn Siadpeon uropel v dlapépet xadde xdmoteg xhdoelg
unopel va Yewpnioldy xon w¢ *AAoELC BRACEWY Xl WG XAAOELS YEWOVOULWY. X auTyh TNV gpyocia, oL xAJoEg
yetpovouLdvy mou emhéyovtar and ) Bdon NTU-RGB+D eivar ov €€ic: clapping (A10), hand waving (A23),
pointing to something with finger (A31), rub two hands together (A84), salute (A38), put the palms together
(A39), cross hands in front (say stop) (A40), use a fan (with hand or paper)/feeling warm (A49), point
finger at the other person (A54), handshaking (A58), hush (quite) (A67), thumb up (A69), thumb down
(A70), make ok sign (A71), make victory sign (A72), snapping fingers (A77), apply cream on hand back
(A86), shake fist (A93), hands up (both hands) (A95), cross arms (A96), arm circles (A97), arm swings
(A98), high-five (A112), finger-guessing game (playing rock-paper-scissors) (A120).

Yuvenoe, yioo va aglohoyniolv ta mpotewvéueva povtéha MTL, to povtého ResNet exmoudeveton otn Bdon
NTU-RGB+D yua tn Swdpeon mou mepiéyel pévo tig xhdoelg dpdoewy (NTU _ar) xau tn Swiipeon nou nepiéyet
HOVO Tic XAEOELS YELOVOWADY, 1) omola cuvBLALeTon pe Tor olvoha yewpovoudy IsoGD (NTU _gr IsoGD) xou
NVGesture (NTU _gr NVGesture )avtiotoiya. ‘Otav ouvdudlovtar oL xAdoels yepovoultdy and tn Bdon
NTU-RGB+D e tic Bdoei dedouévewv IsoGD xar NVGesture, xdmoteg xAdoeig eivan xouvég petald tov Bdoewy
dedopévev. Ou xowvég xhdoelg elvon yior To ouvduoaoud Twv NTU-RGB+D xou IsoGD eivau ou ok sign, victory
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sign eved vl To ouvdvaoud Twv NTU-RGB+D xow NVGesture eivon ou ok sign, thumb up. Xta véo cOvola,
TIOU TEOXUTITOLY, AUTEC Ol XAACELS TPOTOTOLOUVTAL DGTE Vo TEPLEY oLV delyuota xou and ) Bdon NTU-RGB+D
xou omo Tic Bdoele dedopévwy IsoGD xar NVGesture, avtiotolya.

Tao arotehéopota, TOU ToPOLCLELOVTUL OTOUG TUPUXET TUVAXES, Yol TIC JdpECEL 0 UTOCUVORA SEBOUEVLV
YELROVOULOY, BELYVOUY TOEOUOLN CUUTERLPORA UE Ta TponYoUUeva Telpduata. o To wovtého mou exmandedeTon
oTi¢ xMdoelg dpdoewvy tng Bdong NTU-RGB+D, 1 xakltepn anddoor emtuyydveton dtay to teheutalo eninedo
Residual xo To mAjpec cuVdEdEUEVO einedo aprivovTol eXTALdEOOUUN, EVE) ToL UTOAOLTA ETENEDA Y IXOTOLOVYTAL
e ta tpo-exmoudeupéva Blipn xou xpatolvton otadepd. Auth 1 Tpocéyyion emTuyydver pa axplPeta tou 58.72%
oTn Salpeon Tou cuvoiou Bedouévwy NTU-RGB+D Yy tic ¥Adoelc dpdoewy. o To povtého mou exnondedeton
oTic xhdoelg yewpovopdy tne Pdone NTU-RGB+D oe cuvbuaouéd pe tic Bdoeic IsoGD xoa NVGesture, 7
xohOtepn amddoon emTuyydveTan Otav Tar tedeutalio 2 emineda Residual xou to mAvjpwe ouvdedepévo eninedo
aprivovran exmoudevoya, emtuyydvovtag oxplBeio 42.68% xou 67.23% avtiotolyne.

Ipoexnaldevor | Exnoudetowa Eninedo | Iopduetpolr | Amddoon
from scratch - 33,227,832 16.88
Kinetics-400 ALL 33,227,832 18.12
Kinetics-400 layers 1, 2, 3, 4 + fc 33,199,480 29.93
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 51.33

Kinetics-400 layers 3, 4 4 fc 31,198,840 58.72
Kinetics-400 layers 4 + fc 24,970,360 60.94
Kinetics-400 fc 61,560 31.95

yioe RGB 8ebopéva.

Table 1.8: Anoteréopata npoexnaudevyévou ResNet-18 oto cOvoho dedouévmv dpdoewy tng Bdong NTU _ar

Ipoexnaldevor | Exnoudetowa Eninedo | Iopduetpor | Anddoon
from scratch - 33,227,832 4.82
Kinetics-400 ALL 33,227,832 6.33
Kinetics-400 layers 1, 2, 3, 4 + fc 33,199,480 9.38
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 39.72

Kinetics-400 layers 3, 4 + fc 31,198,840 42.68
Kinetics-400 layers 4 + fc 24,970,360 42.6
Kinetics-400 fc 61,560 29.49

NTU gr IsoGD.

Table 1.9: Anoteléopata mpoexnoudeupévou ResNet-18 oto ghvoho dedopévev yelpovoplny tne Bdong

Ipoexnaldevor | Exnoudetowa Eninedo | Iopduetpor | Anddoon
from scratch - 33,227,832 24.23
Kinetics-400 ALL 33,227,832 29.67
Kinetics-400 layers 1, 2, 3, 4 + fc 33,199,480 41.07
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 56.55

Kinetics-400 layers 3, 4 + fc 31,198,840 67.23
Kinetics-400 layers 4 + fc 24,970,360 65.96
Kinetics-400 fc 61,560 43.19

Table 1.10: Anoteléopata mpoexnudeupévou ResNet-18 oto chvoho dedopévmv yelpovoplny tne Bdong
NTU gr NVGesture.

Y 0Ovodn anoterecudtwy ResNet-18 3D

e avth Ty evotnta, aohoyfidnxe 1 anddoon e apyttextovixfc ResNet-18 3D ota oUvola dedopévev UCFE-
101, NTU-RGB+D, IsoGD xow NVGesture. Ta anoteréopota detyvouv 6Tt 1 xahltepn anddocy) emituyydvetan
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6Tay xdmola and Tor eninedo aprivovTol eXTULdEdOLUA, EVE To LTOAOLTO EMIMEDN APYIXOTOLOVOVTOL UE TA TEO-
exnoudeupéva Bdpn oto olvoro dedopévwy Kinetics-400 xon xpatodvton otodepd. Me autd tov tpémo, Yio v
a€lonointoly T6G0 T OYERT TNE UETAPORE. YVOONS OG0 Xl TNG PAUINGTE TOAATADY EPYIUOLOY, T TEOTEWVOUEVA
povtéha MTL da €youv ta tedeutala 2 enineda Residual xou 1o mhipwe cuvdedeuévo eninedo exnardedouda, eved
TaL UTONOLTIOL ETETED AL 0P Y IXOTIOLOVVTOL PE ToL TEO-EXToudEVUEVaL Bdien xou xpoatobvtar otodepd. Aut 1) Sour| axolou-
Yeltan dote 1 pédodog udinone TOAAATAGY EpYUCLOV Vo AELTOLPYToEL ot TEAeUTalo extoudedola eninedo, Tou
padatvouy o meplmAoXa YopaXTNEOTIXG oL aPopolY TNV epyacia, eve Ta TeKTA enineda, Tou podulvouy To
YEVIXA YOROXTNELOTIXE TRV EQYACIOY, v Ja eviuepwdoly xatd tn Sudexela tng diadixaciog exmaldevong, ahhd
Yo oploTolV GlUPwva Ue Ta Tpo-exnatdeuuéva Bdpn oto civolo dedopévwy Kinetics-400.
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Figure 1.5.1: Emdéoeic ResNet-18 3D yio ta povtéra povic epyaociog
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1.5.2 Arnoteréopata [leipapdtwy oe Mddnon twv Epyaciedv tng Avayvwe-
wong AvOipwnivey Apdoewy %ol TV XELROVOULLY

IMo va 8ei&oupe v amotekeopatixdtnto g mpotevouevng pedodov MTL oty and xowvol exmaldevon twv
EQPYOOLOV TNG OVOLYVWELOTGS oVpOTLVWY BRdoE®Y oL YELPOVOULKDY, LAoToloUUe 3 BlagopeTixéc uetdédouve MTL
xot 3 SLopopeTnolg TEOTOUC UTOAOYIOHOU TNE GUVEETNONE xOGTOUC NS Wdinone moAhamAdy epyaoiwy. ‘Etot,
TEOXVUTTOUV 9 BlopopeTixd TELpduaTa Yiol XxdUe CUVBUAOUS TWV CUVOAKY BEBOUEVKY BRACEWY Kol YELPOVOULMY.
Io g pedddoue MTL, emdéyovton ot uédodor Ohxol Awpolpacuol Hapoyétpwy, Mepixolb Atoyolpaouol
Hapopéteny xou Exuddnone Awpolpacpold Bapdy. ‘Ocov agopd toug tpémouc Lnoloyiopod Tou GUVOAX00
OQANLATOS TNE YEINOTE TOAAATAWY gpyaotiy emAéyovtan ol uédodolr Mécou ‘Ogou, ARefadtntog oty Ltdduion
TV Lpoludtoy xa o Auvvauxde Mécoc ‘Opoc Bapdv.

Ou emdboeic Tou poviéhou ResNet-18 3D pe povh udinom epyaoiddyv, xpatevtag ta teheutaio 2 eninedo Residual
%ot T0 TApwe cuVBEdEPévo eminedo extoudedola, cuvoilovton axorolting.

e UCF-101: 58.26%

e IsoGD: 25.67%

e NVGesture: 20.54%

e NTU ar (NTU-RGB+D action classes): 58.72%

e NTU gr IsoGD (NTU-RGB+D gesture classes + IsoGD): 42.68%

e NTU gr NVGesture (NTU-RGB+D gesture classes + NVGesture): 67.23%

Enlone elvon onupavtixd vo avagepdel 6TL yioo auth T dour| Tou ResNet-18 3D, 1o clvohro twv exnoudeboiuwy
Topopétewy elvor tepinou 35 exatopudpla. Autr 1 TAnpogopia elvon onuovTX? Yio T cOYXELON UE To LOVTERY
pddnone TOAATADY epYacLOY ToL oxoAoudoly, Wote vo uny odnyndolue oe havioouéva anoteAéopato OTL To
povtéha MTL efvon xahbtepa amAd eTELDT| £YOUV TEPLOCOTEPES EXTIOUOEVOLUES TORUUETEOUC, OANS Vo eTuxeVTEwUEl
HOVO GTNY ANOTEAECUATIXOTNTA TOU VO LOLeELoVTol YVAOOT UETOED TWY ERYUOLIV TOU EXTOUSEVOVTAL.

OAixbdc Avoporpocdc Hapapétpwyv (Hard Parameter Sharing - HPS)

Ta povtéha Olxod Awopoipacpol Topauéteny elvar aniéc napaAloyéc Twy ovTélwy udidnong ulag epyaoiag,
xodwg Blapépouv wévo oo TekeuTaio eminedo Tou apopoly TNV exdotote epyaoio. Etol, to napaxdte wovtéla
€xouv Aiyo mepLocdTERES TaHPAUETEOUS amtd T LovTéha wdinong ulac epyooiac.

‘Otav n pédodog Ohixod Awpolpacpol Hopauétpwy yenowwonoteitar ota ohvoha dedouévwy UCF-101 xou IsoGD,
TO HOVTENO TOMNATAOY EPYUOLOV ETLTUYYEVEL ot axpifeta Tou 57.36% xou 25.45% avtioTouya, e T0 xohiTepo
anotéheopa. Autr n anédoon elvon mepinou (Bio ye to povtého pdinong ploc epyaciog, mou onualvel 6T auTy 1
pédodog dev etvon 1 xahOTeET ETLAOYN Yiot aUTO TO GOVONO BEBOUEVLV.

Bdon Aedouévwy
UCF-101 | IsoGD
Mddnon Movrc Egyaoioc

- | 5826 [ 25.67
Ohixde Avaporpaoude Topouétpwy

Spdhyot

average 54.16 20.49
dwa 57.36 25.45
uncertainty 60.53 20.02

Table 1.11: Amoteréoparto Olxol Awopolpacuot Hapopétewy npoexnoudevuyévou ResNet-18 otic Bdoeig
UCF-101 xou IsoGD.

And v G, dtav n pédodog Ohwol Auwapolpacpol Iapauétpwv yenowlomolelton ota cOvolo BEBOUEVLY
UCF-101 o NVGesture, 10 povtého TOMATAOY epYaoIOY ETLTUYYEVEL plar axpifBetor Tou 66.24% xou 33.68%
avtiotolya, ¢ To xaAUTEPO amoTéheoua, Ue xenor e ofefodtnrag ot otdduion o@aAudTwy we uédodog
uToAoYLoPoU ToL Adouc TOANATAGY epyactdv. Auth 1 anddoon eivan xahdtepn and Ta wovtéla udinone wloc
gpyaoiog xou yio T 800 Ghvola deBOUEVLV.
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Bdion Aedouévmv
UCF-101 | NVGesture
Mddnon Movrc Epyaoctoc

Ypdhua

- | 5826 [ 20.54
Olunde Avaporpaoude Hopouétpwy
average 64.34 27.86

dwa 58.6 25.57
uncertainty 66.24 33.68

Table 1.12: Anoteréopata Ohxol Atopotpacuot Iopopétpwy mpoexnaudeupévou ResNet-18 otic Bdoeig
UCF-101 xon NVGesture.

INo Ty eqapupoyn authg tng pedodou ota alvora dedopévwy NTU-RGB+D xa IsoGD, to yovtého noAlamhev
epyaody emTuyydver pa axp{Beto Tou 70.65% xon 60.25% avtiotouya, dtav unohoYilel To GUVORIXS GPANUL S
TO UECO OPO TWV GPUAUATOV TWV EQYACLOY, ETTUYYAVOVTOSC XAADTEQH AMOTEAEGUATO Ad Ta HOVTEAA uddnong
ulog epyaotiog xou yia to 800 chvola BEBOUEVWV.

Bdon Aedouévwyv
NTU_ar [ NTU_gr_IsoGD
Mdinon Movrc Epyactog

Spdhuot

- | 5872 | 42.68
Ohixde Avapolpaoude opouétpwy
average 70.65 60.25
dwa 64.25 58.87
uncertainty 49.42 56.57

Table 1.13: Anoteréopato Ohxol Awagotpaopol Iopauétpny tpoextaudeupévou ResNet-18 ota cuvdha
oedopévev NTU ar xoo NTU gr IsoGD.

Ouolwce, 1 epappoyn tne pedddou OAxol Alopotpacpot Tagauétewy ota obvora dedopévwy NTU-RGB+D xou
NVGesture, emtuyydvet pio oxpifela Tou 72.53% xou 74.33% avtiotouya, dtav utohoyilel To cuvohxd cpdhua
WS T0 PECO HPO TV CRUNIATOY TWY EPYACLOY, ETULTUY YAVOVTUSC XUAVTERX ANOTEAECUATO Od ToL LOVTEAA Uddnong
ulog epyaoiog xan yio to 800 cUvVoAa dedoEvwy.

S ko Bdon Aedopévwyv

PI NTU_ar [ NTU_gr_NVGesture
Mdinon Movic Epyaoctog
- | 5872 | 67.23
Olxde Avapotpaoude Hopoyétpwy

average 71.91 74.33

dwa 72.53 73.85

uncertainty 72.51 72.80

Table 1.14: Anoteréopata OAxod Awpoipacuol Hapopétpwy mpoexnudevpévou ResNet-18 ota abvola
oedopévevy NTU ar xouo NTU gr NVGesture.

Yuyxevtpntnd, ta poviéha OAixol Atauolpacuol Hupauétewy, YenoHloToldVToS BlaPopETIXOUC CUVBLACUOUG
CUVOAWY BEBOUEVOV ol PEYODBWY LTOAOYIOUO) TOU GPIAUATOC TOANATAWY EQYACLOY, UTOPOLY Vo 08NYHoOUV
oe Péltiota anoteAéopata, X GAOL Ol GUVOLAOUOL UTEPTEPOLY TWV HOVTEAWY uddnong ulag epyaoiag,
ATOBEUYVOVTOG TNV AMOTEAECUATIXOTNTA TOU dlaolpaclol Topadétomy. Autd ta povtéha €youv Aiyo meplo-
ocbtepeg exnandedolues TopoéTeoue and To povtéha udinone wloc epyaotac, ohhd e&axohlovdolv va unept-
gpolv, bivovtoc toyveée Bdoelg yio v menolinon 6t o diopolpaoudc Bapwyv ogelel Tig epyaoiec Twv av-
Fpdmvwy SpdoewY xou TV YEWOVOUL®MY. Movo éva and toug cuvBLAcUoVS CUVORWY BeBoUEVwY, TO GUVOAO
dedopévev UCF-101 xou IsoGD, 8ev undpeoe vo nethyel xohbtepa anoteréopata, xadis T0 6UVOAO SeBOUEVLY
TOV YELLOVOULOY NTAY OEXETA UEYUNITERO Omd TO GOVOAO BEBOUEVLV TWV BRACEWY, UE UTOTEAECUO TO LOVTENO
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vou unv unogel vo uddel 1o cOVoho BEBOUEVKY TWV dpdoEWY WO TY

Mepwxoc Awoporpacuodc Iopopétpwy (Soft Parameter Sharing - SPS)

INo to Mepid Awoporpooud Hoapouétpwy, emhéyovton ta dixtua cross-stitch, to omolo anantodyv tnv vhomoinon
BTOWY Yl xdde epyaoion xol OTN CUVEYELX T1 GUVEVKGY) TOUG YPTOULOTIOLWMVTAS Wlal Lovada cross-stitch. Auth n
douy elvon mo toAdTAoxn amd o povtéha udinone wog epyaciog, £Tol To TARY0C TLV EXTUBEDCLULY THPUUETEMWY
elvon vdmAdtepo and ta povtéra pdinone plac epyooiog, nepinov dimhdoto (70 exatopplpta), xadde to woviého
Yo uddel 80o epyaoiec. Emnhéov, otn wovdda cross-stitch, yenowonoieiton n napduetpog o yia vor eAéyEel tny
TOCOTNTA TWV TANEOPOELOY ToL Uolpdlovtal HeTaEd Twv gpyaotdy. ‘Onwg avagpépeton 6To dpdpo Toug, N emhoyy
dev pmopel va elvon audaipetn, ohhd mpénel va emheyel eumelpnd Yo xdde clvoho dedopévwy. ‘Etol, neipoua-
TlopacTe e DAPOPETXES TIWES TOU 0 i v Bpolyue T Bértiot) Yo xdde olvolo dedouévwy, emhéyovtog
petagd 0.2 xou 0.8.

‘Otav ta dixtua cross-stitch ypnowomowolvtar v to cbvoro dedopévewy UCF-101 xou IsoGD, n xohiteen
anédoor emTUYYGveTon 6Tay 1 Tapduetpoc o opileton oto 0.8, pe T uédodo umoloylouol Tou GYIAUATOS Vo
elvon 1 afefoudtnra ot otdduion touv o@dhpatos, emttuyydvovtoe axpiBeto 70.24% xou 35.79% oavticTouyo.
Avtr) n anddoon elvon xohUTepn and To povtéla pdinong wiag epyasiog, ot GUUTERLPOEE oL dev TapaTneTinXe
yia ) pédodo Ohxol Awaotpacpot Hopopétpwy.

Bdion Aedouévmv
UCF-101 | IsoGD
Mdinon Movic Epyactog

- | 5826 [ 25.67
Cross-Stitch (s=0.2)
average 67.64 26.6

dwa 62.2 30.96
uncertainty 67.62 26.25
Cross-Stitch (s=0.8)
average 64.22 26.78
dwa 63.1 32.03
uncertainty 70.24 35.79

Ypdhuat

Table 1.15: Anoteléoparto Mepixol Awapoipaouol Iopauétpwy mpoexnadeupévou ResNet-18 otic Bdoeig
UCF-101 xou IsoGD.

Emmiéov, dtav ta dixtua cross-stitch ypnowomototvtan yior 1o cOvoro dedopéveyv UCFEF-101 xaw NVGesture,
N xo\0tepn anddoor) emTUYYAvETH 6Tay 1) mopduetpog o opileton oto 0.2, ye ) wéYodo unoloylouol Tou
odhpatog vo ebvon 1 ofefoubdtnTar 0T oTdduion Touv oedhpatos, emTuyydvovtog oxpeifela 71.66% xou 43.24%
avtioTolya.
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Sodhua Bdoei Aedopévemv
P UCF-101 | NVGesture
Mddnon Movrc Epyaoctoc
- | 5826 [ 20.54
Cross-Stitch (s=0.2)
average 69.94 36.17
dwa 71.66 37.42
uncertainty 71.66 43.24
Cross-Stitch (s=0.8)
average 73.14 35.76
dwa 67.94 34.93
uncertainty 68.75 39.09

Table 1.16: Anoteréopata Mepiwol Atopolpaouol Hapouétpwy npoexnondevuévou ResNet-18 otic Bdoelc
UCF-101 xon NVGesture.

IMo to oOvola dedopévwy NTU-RGB+D xou IsoGD, 1 xahbtepn anddoon emituydveTton 0Ty 1) TUpdUETROS O
oplletan oto 0.2, e tn uédodo unoloyiopol tou opdipgatog vo elvan 1 oeBotdtnTa TN oTddion Tou opdiuatoc,
emTuyydvovtag oxpifela 74.45% xan 62.14% oaviiotouyo.

, Bdiorn Agdopévwv
SIS RTT ar FNTUigr_IsoGD
Mddnon Movrc Egyactoc

- | 5872 ] 42.68
Cross-Stitch (s=0.2)

average 72.27 60.13

dwa 71.84 60.91

uncertainty 74.45 62.14
Cross-Stitch (s=0.8)

average 71.82 59.3

dwa 72.02 60.55

uncertainty 73.66 60.8

Table 1.17: Anoteréopata Mepiol Aloporpacpod Hapapétpwy mpoexnoudeupévou ResNet-18 ota oOvora
dedopéveyv NTU ar xoo NTU gr IsoGD.

Téhog, v to oUvora dedopévery NTU-RGB+D xan NVGesture, 1 xahOteen anodoor emtuyydveton dtay 1)
napduetpog o opiletan oto 0.8, e ) pédodo unoroyiopol Tou cdipatog va elvar 1 afeBondtnTa ot otdduion
TOU o@EAaTOC, ETTUYYAvovTac axpiPela 75.51% xou 74.03% avtioTouyo.
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Bdion Aedouévwv

pdhpt NTU_ar [ NTU_gr_NVGesture
Mddnon Movrc Epyaoctoc

- \ 58.72 \ 67.23
Cross-Stitch (s=0.2)

average 74.2 74.49

dwa 73.51 74.59

uncertainty 74.17 73.9
Cross-Stitch (s=0.8)

average 72.65 74.21

dwa 74.03 75.51

uncertainty 72.25 73.54

Table 1.18: Anoteréopata Mepuwol Awaporpaopol Hapapétpwy npoexnadevpévou ResNet-18 ota clvora
dedopéveyy NTU ar xow NTU gr NVGesture.

Yuvodilovtag, yio T uédodo Mepixol Awapotpacpol Iopauétpwy, 6Aot oL GUVBUAGHOL GUVORWY BESOUEVLV Xal
ued68wY LUTOAOYIGHOL TOU GPAAUNTOS TOANATALY EQYACLOV UTERTEPOLY TwV HOVTEAWY udidnong ulag epyaoiag,
delyvovtag 6Tl 1) pédodog auty elvon amotedecpatixy yia TNy exnoldeuon Tou Yovtéhou oTig epyaoieg Tng ovary-
vopione avlp®mvwy Bpdoewy xal TwV yelpovouldy. Emmiéov, n ofeBaidtnta otn otdidulon tou o@diuaTtog
elvon 1 xoAOTERT UEVOBOC UTOAOYIOHOU TOU GOAINLAUTOC TOANATALY EQYACLOV Yiol To OOVOA BEBOUEVWV TWV
avIpOTIVGLY BRAOEMY XAl TWVY YELPOVOULMY, EVE 1) TIH TNG TOEoETEOU 0 avdAoya UE Ti¢ Bdoels dedouévwy.

ExpdOdnorn Awoporpacpol Bapdv (Learned Weight Sharing - LWS)

INo ) dnwovpyio evée povtéhou e exudinor dlagolpacuold Bopdv, uhonololvtal dixtua yio xdde epyaota,
odNymvTac ot éva poviého pe évav aprdud exnadelowy noapapétewy nepitouv dinhdoto (70 exatoppdplar),
xodde To povtéro Va uddel dOo epyaoies.

‘Otav n pédodog Exudidnone Awopolpacuot Bapdv yenoylomoteiton ata ahvora dedopéverv UCF-101 xan IsoGD,
TO HOVTEAO TOMAATAGOY ERYAOLOVY ETULTUYYAVEL pior axp{Betar Tou 70.58% xou 34.9% avtiotoya, e 1o xohiTepo
anotéheopa, Ue Tr péPodo UTOAOYIOUOU TOU GPANIATOS Vo elvol 0 Buvaixde YECOC 6pOC TV CQUAUATLY
TOANATADY EQYACLAV.

Bdion Aedouévwv

290 GCFI01 | IsoGD
Mdéinon Movic Epyaoctog
- | 5826 | 25.67
Expdinon Awporpaopod Iopapétpny
average 64.39 35.2
dwa 70.58 34.9
uncertainty 64.79 28.7

Table 1.19: Anoteréoparto Exudinone Awoporpacuod Hapauétpwy npoexnoudeuyévou ResNet-18 otic Pdoeic
UCF-101 xou IsoGD.

INo e Bdoeig dedopévoy UCF-101 xow NVGesture, to xoAUtepo anotéheoya emituyydveton otav 1 wédodog
UTOAOYLOMOU TOU GQAALTOC efvon 0 Suvouixds HECOC 6p0C TV CPUAATWY TOANATAGY £pYoLOY, Ue oxp(Bela
71.42% xon 43.04% avticTouyo.

48



1.5. Iewdporo

Bdoei Aedopévemv

Xpiha UCF-101 | NVGesture
Mddnon Movrc Epyaoctoc
- | 5826 [ 20.54
Expdinon Awporpaopod Iopapétpny
average 69.73 39.62
dwa 71.42 43.04
uncertainty 72.27 37.21

Table 1.20: Anoteréopato Exudinone Awoporpacuod Hapauétpwy npoexnoudevyévou ResNet-18 otic Pdoeig
UCF-101 xon NVGesture.

I ta oOvora Bedopévey NTU-RGB+D xaw IsoGD, to xolltepo anotéheoya emtuyydvetar 6tav n uédodog
UTOAOYLOUOU TOL GdAUaTog elvon 0 éoog bpog Twv opahudtwy, we axpiBela 73.03% %o 56.27% oavtiotouya.

Bdon Aedopévwy
NTU_ar [ NTU_gr_IsoGD
Mddnon Movrc Egyaoioc

Spdhuot

- | 5872 ] 42.68
Exudinon Awopoipacpot Iopapétonmy
average 73.03 56.27
dwa 72.6 53.64
uncertainty 72.48 53.07

Table 1.21: Anoteréopata Expdidnone Awporpaopod Bopdv tpoexmaudeupévou ResNet-18 ota olvola
oedopévev NTU ar xoo NTU gr IsoGD.

Télog, yio Ta abvora dedopévwy NTU-RGB+D xou NVGesture, 1o xaAltepo anotéheopa emtuyydvetar dtov
N L€Y0B0¢ UTOAOYLOHOU TOU CPIAUATOC EIVOL O BUVUIXOG UECOS 6POC TWV CPOAMLATLY TOMATAGY EQYACLOY, UE
oxpifeta 73.41% xou 75.47% avtioTouya.

Sodhua Bdon Aedouévwy

I NTU_ar [ NTU_gr_NVGesture
Mddnon Movrc Egyaoioc
- | 5872 | 67.23
Expdidnon Awoporpacpot Iopapétomy

average 73.45 74.43

dwa 73.41 75.47

uncertainty 72.96 76.4

Table 1.22: Anoteréopato Exudidnone Awporpaopod Hapapétpwy npoexnoudevuévou ResNet-18 ota olvola
oedopévev NTU ar xouo NTU gr NVGesture.

Enopévwe, v m pédodo Expdinonc Awpoipacpold Bopdv, dlot or cuvduaopol cuvélwv dedouévev xou
uePE0wY LTOROYIOUOL TOU CYPIAUUTOSC TOARATAWY EQYACLOV UTERTEPOLY TWV HOVTEAWY udidnong ulag epyaoiag,
AmOBEXVVOVTOC TNV ANOTEAEGUATIXOTNTA TNE HEOBOL AUTAC YLl TNV EXTTABEUCT] TOL UOVTENOU GTLC EpYaoieg TNg
VLY VORLoNG avilp®OTVWY SRECEWY XAl TWY YELPOVOULOV.

Y0Ovodrn Anotereoudtwyv Medo6dwv Madnong IToAhanAwy Egyaocioy

Ou xahOtepeg embddoelc yio xdile cuVBUAOUS CUVORWY BEBOPEVWY Xt HEVEDWY UTOAOYLOHOU TOU GPAAUATOC
TOMATAGY gpyacliv tapovatdlovton ato Myfua 1.5.2.
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Figure 1.5.2: Anoteléopota Médnone ITodaniodv Epyacudv: (a) UCF101-IsoGD, (b) UCF101-NVGesture,
(¢) NTU ar-NTU gr IsoGD, (d) NTU_ ar-NTU gr NVGesture.

'Onwe gaivetar and autd to dlorypdupata, 1 ETA0YH TS Yedodou UTOAOYIoUO) TOL CYIAUATOS TOAAATAWY Ep-
yool)v dev elvar SeBouévr), ahhd galveton 6Tl o mohdmhoxeg U€vodol, onwe 1 ofefoudtnta otn otdiuorn Tou
OPIAUATOC X0 O BUVOHIXOS HECOS 6POC TWV CPUAUGTMY TOANUTADY EQYAOLDY, EVOL TLO ATOTEAECUATIXES omd
1 p€dodo Tou YEGOL GPOL TWV CPUAUATLY TOAAATAGY epyaolwy. Emniéov, 1 emhoyy| tng yedodou udinone
TOMATAGY epyaolny eivon onuavted. apatneeitar 6t n uédodoc Mepixol Awpopacuol Iupapétenmy elvor o
amoteheopatin and TG dhheg uedddoug, pe ™ pédodo Exudinone Awuolpacpod Bopdv va gépvel ouyxpiowa
amote éopata ue autr. And tnv dAAn, n uédodoc Olixol Awapoipaouol Hapopétewy av xou elvon 1 Aydtepo
anoteAecpatixy, e€oxohovdel va elvan xahbTepn and to TeplocdTERa Hovéha uddnone povic epyaoiag, ye e&-
alpeom TNV MepINTWOT TOU TO GUVOAO BEBOUEVWY TWV YELROVOULMY elvol HEYAAUTERO amd To GUVOAO SedBopévuv
TWV dpdoewY. XUVOAIXA, oL uEYodoL Uainomne TOAAATAWY EpYAoLOY eival anoTEAEOUATIXES Yo TNV eXTaiBEVOT) TOU
HOVTENOL GTA GUVOAX BEBOUEVLV TV BRACEWY XAl TWV YELPOVOULNY, XM UTERTEPOVLY TWV UOVTEAWY Udinong
povic epyaociog.
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1.5.3 Arnoteréocpata Ileitpapdtwy oe Mddnon MovieAwv Awayeipiong At-
APORETIXWY Acdopeévey yia Acsdopéva RGB xow Depth

To Poaowxd poviéro ResNet-18 3D tponomoieltan yia va d€yeton Biopopetixod tOnou dedopéva wg elcodo,
dnpLovEYWVTAS 800 xAdBoug BlapopeTixdy emnédwy Residual, éva yia to dedopéva RGB xou éva yia to dedopéva
Badouc. H €€0Bog auttv TwV XAABWV cUYYWVEVETOL YPNOoWonolwvTag mo uédodo cuyywvevong péong Tuhc
070 TEAOC TOU HOVTEAOU, dNUioupY®VTC €Tol TNV Tehixy medBAiedn. Autd to povtého exnawdedetar oTa GOVORY
oedouévev IsoGD xow NVGesture, émou ta dedouéva RGB xan Bdoug etvon dardéoipa. To povtého exmoudedeton
yioe 20.000 emavoriderg, yia vo propel va cuyxpwdel pe to povtélo pdinong moAAamAGyY epyactiv. ‘Omeg xou
OTA TPONYOVUEVA TELOUOTA, 1 ArdBOCT ToL YoVTEAOU a€LONOYELTAL YPNOULOTOLWVTAS TN UeTpixY| axpifetag, eved
Tor po-exnoudevpéva Bdern and to ohvolo dedopévwy Kinetics-400 yenoiwomololva yia TNy agytxonolnon.

ResNet otn Bdon IsoGD

INo v neplntwon e dayeiptong dlapopeTindy TOTWY dedouévwy g Bdone IsoGD, to wovtého ResNet-18 3D
TOEOUGIALEL TUPOUOL GUUTERLPORE UE TN uddnom evoc uévo TOmou Bedouévwy, 0K PaiveTal GTOV TOROXATE
mivaxa. Emmiéov, onwg avauevdtay and ) BiBAoyeapio, o woviého autéd mapouctdlel BeAtiwuévn anddoaon
oe oy€on Ue To oVTENX Ue Evay TUTO dedopévwy, xotidg to Yovtého pmopel va pddel and toug Vo TiTOLC
dedopévwy xat Vo LY YwVEDoEL TIC TANEoYOopies ot wa uévo tpdfBiedn. H xolbtepn anddoon emtuyydvetar dtay
To TeAeutata 800 emineda Residual xan to mhfpwe ocuvdedeuévo eninedo agprvovtal eXTUdEVoLU, ETLTUYYAVOVTAS
axpifela 30.61% ot Bdomn dedouévemv IsoGD.

Ipoexnaldevor | Exnoudetowa Eninedo | Iopduetpor | Anddoon
from scratch - 33.294.009 8.76
Kinetics-400 ALL 33.294.009 9.87
Kinetics-400 layers 1, 2, 3, 4 + fc 33.265.657 14.26
Kinetics-400 layers 2, 3, 4 + fc 32.822.777 25.85

Kinetics-400 layers 3, 4 + fc 31.265.017 30.61
Kinetics-400 layer 4 + fc 25.036.537 28.91
Kinetics-400 fc 127.737 15.34

Table 1.23: Anoteléopata ResNet-18 Mdinong Awagopetindy TOnwv Acdouévev ot Bdon IsoGD yia RGB
dedopéva xou dedopéva Badouc.

ResNet otn Bdon NVGesture

To povtého ResNet-18 3D mou exnaudeltnxe otn Bdor dedouévwv NVGesture yla tny mepintwon g Slayeipiong
BLAPOPETIXWY TUTWYV Bedouévey Tapouotdlel tTny (Bla cuurteplpopd ye 1 Bdon dedopévwy IsoGD, dnwe palveton
oTOV TopaxdTe mivoxa, e TNV xaAbTERY Sour| va elvon auTy) mou agrjvel To teheutaio eninedo Residual xan to
TAMpwc cuVdEdEUEvo eninedo exnandelotua, emttuyydvovtoag oxplfeia 46.49%.

Ipoexnaldevor | Exnoudetowa Eninedo | Iopduetpor | Anddoon
from scratch - 33.182.972 5.19
Kinetics-400 ALL 33.182.972 5.22
Kinetics-400 layers 1, 2, 3, 4 + fc 33.150.745 9.95
Kinetics-400 layers 2, 3, 4 + fc 32.707.865 28.82

Kinetics-400 layers 3, 4 4 fc 31.150.105 32.57
Kinetics-400 layer 4 + fc 24.921.625 46.49
Kinetics-400 fc 12.825 24.69

dedouéva xoun dedouéva Badouc.

Table 1.24: Anoteréopata ResNet-18 Mddnone Awgopetixwdy TOnwyv Aedopévwy ot Bdon IsoGD yio RGB
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Y0vodr anoteAecudtwy noAutpomixmyv ResNet

Ye auth ™ evénra, adoroyiinxe n anddoon tou poviéhou ResNet-18 3D ota ohvoha dedopéverv IsoGD xan
NVGesture, yia 0 dioyelpion Sopopetinod tOnou dedopévwy oto (Blo vevpwvind dixtuo. Tao amoteréoyota
delyvouv Bertiworn oe oyéon ye to povTéAa e évay TUTo dedopévwv. Ta v alloAdynon tou npotetvduevou
HOVTENOU UGUINONEC TOANATALY EPYACLIY UE BLAPORETIXOUEC TUTOUC BEBOUEVLV, 1) Bour| TOL HOVTENOL ETUAEYUNXE
vou elvan 1) {Blar ue Tar Tponyolueva povtéha, 6mou ta teheutaia 2 enineda Residual xou to mhpws cuvdedeuévo
eninedo aprvovton exmoudelotua, eve to dhoina enineda opyLxomoloUvToL UE To TRO-EXTAUSELUEVA Bden xou
xpatolvtol oToepd.
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1.5. Iewdporo

1.5.4 Arnoteréopata Ilsipapdtwy oce Mdadnorn IloAhaniov Epyaciowv yia
Acdopéva RGB xou Depth

Ye auth v evétnta, napouctdlovta ta amotehéouata TS UEUNoNe TOAATAGY €pYacLdY Yot Ta oUVOAA dOe-
dopévev IsoGD xow NVGesture, yenowonowdvrog ta dedopéva RGB xou Bddoug. Luyxexpiuéva, uhonololvton 3
dlapopeTixéc uetddoug Pdinone TOAATADY EpYAOLOY Xl 3 BLUPOPETIXES PEVHBOUE UTOAOYIGHOL TOU GOANUAUTOC
TOAMTAGY epyaoioy. ‘Etat, npoxdntouy 9 Slapopetind nelpduota yio xdde cvoho dedouévwy. T tig pedodouc
padnone TOAATAGY pYaol®dY, ETAEYOVTAL oL UEY0B0L OAXOL BLaUOLpACUOD TORUUETEWY, HERIXOD BLUOLEUCHOY
TAUPAUUETEWY X0 EXUdINCNG Blootpaouold Bopddy, eved Yol Tig UEDOBOUC UTOAOYIOHOU TOU GPIAIUTOS TOMNNATACY
EPYUOLOV, YPNOWOTOLOUVTOL 0 UEGOS 6p0¢, 1) aBefondTnta 6T OTEVULOT TOU GYIAYATOS XAl O BUVAUIXOS UG0S
6poc.

Ou embdoeic Twv poviédwy povic epyacioc ResNet, ye ta tedeutalo 2 enineda Residual xan to mAfpwe ouve-
edeuévo eninedo va aprivovtal exTondedoLa, EVE) ToL UTOAOITY ETENEDA AEYIXOTOLOOVTAL PE TO TEO-EXTAUOEUUEVOL
Bdpn xau xpatovvton otordepd, Topouctdlovian ot GUVEYELD.

e IsoGD (RGB): 25.67%

IsoGD (Depth): 23.19%

IsoGD (RGB + Depth): 30.61%

NVGesture (RGB): 20.54%

NVGesture (Depth): 28.71%

NVGesture (RGB + Depth): 32.57%

IToAutpomixry MdOnon IToAanAoyv Egyacidv yia Acdopéva RGB xow Depth otn Bdon
IsoGD

Ta nepduota TOALTEOTIXAS UddNoNg TOAUTAGY gpyaoldY 6To olvolo dedouévwy IsoGD naupoucidlovto oe
ot TV evotnTa Yo tar dedopévo RGB xau Bddouc. Ta amoteléoparta mou mapouctdloviol GTov TopoxdTe
mivaca Belyvouv OTL yior GAaL TOl TELPGUATA, TO TEOTEWVOUEVO TAa(oLo PdINoNe TOMAATAWY EQYACLOY UTEPTEQEL
TOU JovTélou udinong uiag epyociog xal Tou tolutponixol yovtéhov. H xahltepn anddoon emtuyydvetar dtav
n pédodoc dlapolpacuold mapauéTewy emAéyeton va elvon 1 u€dodog pepxol Slopolpacol TUpUUETEWY, UE TNV
vhorolnon cross stitch yir 0 = 0.8 xou ) Yédodo umoroyioHOL TOU CEIAUATOC Vo elval 0 BUVOULXOS UEGOC
bpoc, ue axpiBeo 48.91%, n omola elvan nepinouv 15% xohlteprn and to povtého udinone ploc epyaoiog xou to
ToAUTEOTIXO JOVTENO.

Mdidnon Horhomhodv Epyaotdv Spdhuot Anddoon
Olixdc Avapolpoaopoc Hapopétpwy average 43.82
Olxde Atopotpaopdc Hopopétpwy dwa 44.33
Oluxde Avaporpaopde Hopopétpwy | uncertainty 46.09

Cross-Stitch (s=0.2) average 46.95
Cross-Stitch (s=0.2) dwa 43.66
Cross-Stitch (s=0.2) uncertainty 45.72
Cross-Stitch (s=0.8) average 43.45
Cross-Stitch (s=0.8) dwa 48.91
Cross-Stitch (s=0.8) uncertainty 45.34
Exudidnon Awpoipacpol Bapdy average 46.42
Exudidnon Awpolpacpod Bapdyv dwa, 47.3

Exydinon Awpolpacpod Bopdv | uncertainty 46.04

Table 1.25: Anoteréopata ResNet-18 Mddnone Horhamhdv Epyactdyv xow Mddnong Awagopetinedy TOmwy
Aedouévwv ot Bdon IsoGD yio RGB dedouéva xou dedopéva Béadoue.
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ITohutpomixyy MdOnoy Ilodhaniov Epyaociov yia Acsdopéva RGB xouw Depth otn Bdon
NVGesture

Ta melpdpoato tohutpomxric uddnong TOANATAGY EpYAoLDY 0To cUVOLo dedouévewy NVGesture nogovoidlovton
oe auTh Ty evotnTa Yo Ta dedopéva RGB xou Bddous. To anotehéopato nou napouctdlovtal 6ToV Topoxdte
nivoxar Belyvouv 6T yiow dhat TOL TELPAUOTO, TO TPOTELVOUEVO TAXGLO PAINONS TOANATAWY €pYACLIV UTERTEREL
Tou povtéhou pdinong wlag spyactiog xou Tou tohutpomxol povtéhou. H xolbtepn amddoon emTuyydveTal OToy
n pédodoc dlapolpacuol mapauétewy emAéyetan va elvon 1 uédodog pepxol Slopolpacol TUpUUETEWY, UE TNV
vhornolnon cross stitch yia o = 0.8 xou ™ pédodo unoroylouol Tou cpdipatog va elvar 1 ofeBatdTnTo ot
otéduion tou ogpdiuatoc, pe axpifBeio 75.51%, 1 onola eivon nepinou 10% xakltepn ond To woviédo pddnong
plog epyaoctiog xou to moAutponixd poviéro.

Mdédnon Horhamhdv Epyactoy Ypdhuor Anébddoon
Oluxde Alopotpaopdc Hopopétpwy average 50.41
O unde Aropotpaopde Hopopétpwy dwa 46.47
Oluxde Avapotpaoude Hapauétpwy | uncertainty 45.23

Cross-Stitch (s=0.2) average 52,7
Cross-Stitch (s=0.2) dwa 54.98
Cross-Stitch (s=0.2) uncertainty 51.87
Cross-Stitch (s=0.8) average 51.66
Cross-Stitch (s=0.8) dwa 55.6
Cross-Stitch (s=0.8) uncertainty 62.66
Expdidnon Awpolpacpod Bapdov average 54.77
Exuddnon Awporpacpol Boapdy dwa 50.41

Expdidnon Awpolpacpod Bapdy | uncertainty 51.24

Table 1.26: Amotehéopato ResNet-18 Mddnong Ilolanhédyv Epyooicyv xon Méinong Alapopetindyv Tomwv
Acdopévwy otr Bdon NVGesture yioo RGB 6edoyéva xan dedopéva Bddouc.

YOvodhrn Arotereopdtwy Tou Moviéhouv IToAutponixric Madnong ITIoAhanAwy Epyacioy
v Aedopéva RGB xaw Depth

Yuvodilovtag, T0 TEOTEWVOUEVO TAGioI0 UdINoNS TOMATADY EpYAOLOV Elvol ATOTEAECUATIXG Yot To. GUVORA
dedopévev IsoGD xar NVGesture, xodddc to poviédo pnopel vo pdder and toug 800 tOMOUC BeBOUEVELV XoL
Vo oLYYWVeDoEL TIC TANpopopieg ot Wi uovo tpoBhedn. H xolltepn anddoon emituyydvetor dtav 1 pédodog
BLoLOLEOOUOU ToPAUETEWY EMAEYETOL Vo elvon 1 pé¥od0og UepiXol DLUUOLPaoUOU TUPUUETEWY, UE TNV LAOTO(MGT
cross stitch yio 0 = 0.8 xau ™ yédodo umohoylopol ToU GPIAUATOS VoL Elval 0 BuVUUIXOC UECOC GPOC XoL 1|
afefordtnTa 0T otdduLor Tou opdipatog yia Tt ovoha dedouévev IsoGD xaw NVGesture, avtiotoiya, 6mwg
palvetar and to Lynuo 1.5.3.
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1.6. X0vodm xar Melhovtixr Epyooia
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Figure 1.5.3: ITohutpomixty Mdédnon Ilodamhédv Epyactdv yia dedopévo RGB xou Bédoue: (a) IsoGD (b)
NVGesture
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1.6 X>X0vodn xaw Merhovtixn Epyacia
1.6.1 3Xuvodn

Ye outh N dimhwpatiny gpyaocia, afloloyeltal 1 oTOTEAEOUATIXOTNTA TNE TEOTEWVOUEVNS UdUNoTG TOANATAGDY
EQPYOOLOY YLOL TNV OVOLY VEPLOT) BpdoewY ol YeElpovoulay. Ta chvola BeBOUEVKOV TOU YENOLLOTOLOUVTOL VLol AUTES
Ta mpoPAfpata elvor avipmToxevTexd, E0TIELOVTAS GTNY AVALY VOELOT, avIpOTIVWDY dEEOEWY ol YELPOVOULKY OE
Bivteo. Evd molkéc egappoyéc otny npaypotxd) {or amoutody Ty avaryvodplon xot Twv 800 EpYACLOY, 1) EpE-
VT xovoTNTAL avTieTenilel autd To tpoPiruata Eeyweiotd. To mpotewduevo mhalolo pdinong ToAUTAG)Y
EQPYOOLWY GTOYEVEL GTO VoL BIVEL T BUVATOTNTA VoL AVTIHETOTUG TOVY %ot Tal 500 TpoBAaTe THUTOYEOVA Omd [l
HOVO UEYLTEXTOVIXTY).

To npotetvoyevo poviého udinone torhamAody epyooldy aflohoyeliton oe BLdpopa TELEGUATI, XENOLLOTOLOVTAS
BlapopeTind cUvoha dedouévmv xar uedodoue udinone. H movaiio oe Sopopetind chvora dedopévwy dpdoewv
X0 YELPOVOULAY, xS %o oL Sldpopeg YEdodol Slopolpacod TUPAUETEWY TOU LAOTIOLAUNXAY, GE GUVBLUCUO
pe Tig dldpopes peYOB0UC UTOAOYLOUOU TOU GUVOMXOU GOIAATOS, TapéYOouV Uit cuvohxY alohoYNoT Tou
TPOTELVOUEVOLU TAcLGiou udinone moAamAwy epyoaotody. Ta newpduata, mou Tpaypatoroidnxay delyvouy Tl To
TPOTELVOUEVO UOVTENO ETUTUYYAVEL XAAVTERY AmdBOCT) O GUYXELOT UE To WoVTERX povic epyaoiag, delyvovtag
ToL OQEAT) TG HAONONE TOAAUTADY EPYOUCLIY GTNY OV VMELOT) BEAOEWY Ol YELPOVOULOY.

Emuniéov, avantiydnxe éva mohutpomixd Yovtého udidnone morhamhdy epyaotdyv, 6mou ta dedopéva RGB xou
Depth podaivovtan and xowvol. Eva yeydho niidog npoBAnudtwy otny 6pacT) LTOAOYIGTOV YeNoylomoLel To-
Autpomixd dedopéva, xadie TUpEYouy CUUTANELUATIXEG TANEooplec. AV xou autd To dedouéva cuvdudlovia
yior TNV TEMXT TEOPBAEdT), Ol TEPLOGOTERES TPOCEYYIGELS BEV YPENOWOTO0Y Eva XOLV6 HOVTENO exmaideuong yia
Tat 800 dedopéva. To mpotewdpevo povtého otoyelel oto va dellel Tt 1 pudldnon xar Twv dVo dedouévev and
xowvoU umopel vo Behtdoet Ty anddoor Tou povtélou. Autéd to dixtuo adlohoyeitar oto avtioTolyo Lovtéla
pdinong wovic epyactag xordidg xon 6To TOAUTEOTUXS LOVTERD XENOWOTOLOVTOC OAES TIC pedodoug Slauolpacpod
TUPAUETEWY Kol UTOAOYLOUOU GPIAUATOC TIOL YENOULOTOUATXOY YLol Tl TIELGUTA UAdnomG TOANATAWY EQYACLOV.
Ta anoteréoporta Selyvouv 6Tl TO TEOTEWVOUEVO TOAUTEOTUXS HOVTEND UdUNoTG TOANATAGY epyaotdY elval anote-
Aeopatnd yia o dedouéva RGB xou Depth, xodoe¢ umopel va exmoudeutel towtdypova yia dlapopeTinold TOnou
dedoyuéval xat Vo cUYYWVEDOEL TIC TANPOPORIES VLo Vo xdvel Uit xohltepn TedBAedn.

1.6.2 MeAlovtixy Epyacia

H péinon mtolhamiodv gpyoaotov elvar éva tedio tne unyavixnie wdinone pe tolhéc evahhaxtixéc npooeyyloelg
xon pedédouc. e auth) T SimAoyoatiny epyaota, tpaypatonoidnxe wa e€epedivnon Twv Baoxdy tng udinone
TOANATADY EPYACLY GTO TAAUCLO TNG AVALYVOPLONE DPACEWY XU YELPOVOULWY. 26TdC0, UTdpyoLY TOANES dAAES
ntuyée e wdinone molhamhdy gpyaoiiy mou Yo yropoloay va eEepeuvnioly o pehhovnt| epyacia.
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‘Eva mdavé yovondtt yior yehhovtiny) epyooio elvan va e€epeuvniel o cuvduooude e pdinons morhamhedy
EPYOUOLOY OTO TAXOLO GAAWY OYETIXWV EQYAOLNY, OTWC 1) EVIOTUOUOS BRICEWY, N aviYVEUST] BEACEWY XalL 1|
Tunuatonolnon dpdoewv. Emmiéov, Yo urnopoloav va yenoipomolnolv xou dhheg apyltextovixés, 6mwe ta 3D
CNNs, yio va e€epeuvnioly xol oL ETUTTWOELS OE SLUPOPETINES APYLTEXTOVXES BIXTUWY.

‘Eva dhho mdavéd povormdt yio yehhovuxt| epyaoia eivon va e€epeuvniel 1 duvatdtnta TopdAAnine extaidevong
BLapopeTIX0U TOTOU EpYAOLHY XadNS xaL TOTOU dedopévewy. Auty 1 undleon odnyel otny WEa dnutovpyiog evie
HOVTENOU HAINONG TOMATADY EPYUOLOV Xol TOAUTADY TUTWY BEBOPEVKY Tou unopel vor udldel omd ToAhaTAd
oUVOAA BEDOUEVLY Xall TOANATAEG EpYaoieg TauTOY POV

Emnmiéov, autd tor Lovtéla uddnong ToOAATADY EQYACLOV XENOLOTOI00Y w¢ elcobo oTny extiunom Ty epyacia
Tou delyyatog mou mpoxetton vor tpofhegiel. Autd Yo unopoloe vo elvon to endpevo Briwa oty eEEMEN aUTOY
TV LOVTEAWY, xo0DS TO YovTého Yo unopoloe vo pddet Ty epyacio Tou BelyUaTog XaL Vo YENOULOTOLAGEL QUTES
TIC TANEOPORIES Yiol Vo XAVEL Uit XaAUTERT TEOBAEM.

Téhog, umopel va dieaydobv neplocdTepes €peuvec 1o TAaioLo TOU TAALGIOU YAINCTNC TOANATAGY EPYUGLIY Xo
TOAATADY TUTWY BeBOUEVKV, EEEEELVOVTAS TOUS BLUPORETIXONE UNYAVIOUOUE CUYYWVEUCTC.
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Chapter 2. Introduction

2.1 Motivation

Lately, the field of Deep Learning has seen a significant growth in the development of algorithms, as well
as remarkable results in various tasks. In computer vision, tasks such as action recognition and gesture
recognition have been revolutionized by applying modern techniques, consequently leading to a wide range
of applications in various aspects of our daily lives. Surveillance and autonomous driving would not have
received the same attention if it was not for the advancements in action recognition, while robot assistants
would not have been able to understand human commands if it was not for the growth in gesture recognition
algorithms. These two tasks are human-centric as they involve the recognition of human actions and gestures,
but still to this day they are treated as separate tasks when training a neural network.

In general, machine learning algorithms are inspired by the way humans think. When a person tackles
a problem, knowledge from all previous related situations is used. To achieve this behavior in machine
learning, different information sharing techniques between different problems have been developed. One
popular method to share information between different tasks is the field of Multi-task Learning. In Multi-
task Learning, related tasks are trained jointly, helping each other to perform better and converge faster to
optimal solutions.

Since the tasks of action and gesture recognition are related, the question whether they can benefit from a
simultaneously trained model is generated. For example, the task of action recognition can benefit from the
task of gesture recognition, as gestures are often used to convey information about actions. This observation
motivated this work to evaluate the effectiveness of multi-task learning algorithms in the tasks of action
recognition and gesture recognition, by training a single model to solve both tasks simultaneously.

2.2 Contributions

In this thesis, the main goal is to evaluate the effectiveness of multi-task learning algorithms in the tasks of
action recognition and gesture recognition. To achieve this goal, an extensive evaluation of different multi-
task learning architectures is performed, as well as the effects of different multi-task loss calculation methods
are tested. This comprehensive evaluation is performed to determine whether the tasks of action recognition
and gesture recognition can be trained jointly, and if so, how this can be achieved. Moreover, the hypothesis
is extented to evaluate how different modalities can be used in a multi-task learning framework. To be more
precise, a multi-task multi-modal learning framework is proposed to handle the modalities of rgb and depth
data, in a way that share information during training, while using both modalities for the inference process.
In summary, the key contributions of this paper are summarized bellow.

e We evaluate whether multi-task learning can be used to jointly learn the tasks of action recognition
and gesture recognition.

e We evaluate the effects of different multi-task learning architectures on the joint training problem of
action and gesture recognition tasks.

e We evaluate the effects of different multi-task loss calculation methods on the joint training problem of
action and gesture recognition tasks.

e We propose a multi-task multi-modal learning framework to share knowledge between different modal-
ities during training, while using both modalities for the inference process.

2.3 Thesis Outline

The rest of the diploma thesis is structured as follows.

e In Chapter 3 the theoretical background of computer vision, as well as machine and deep learning, is
explained.

e In Chapter 4 the field of action and gesture recognition is analyzed, the popular datasets and architec-
tures are presented and related methods are discussed.
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2.3. Thesis Outline

e In Chapter 5 the field of multi-task learning is analyzed, the knowledge sharing methods and multi-task
loss calculation methods are explained. Moreover, related work on multi-task learning for action and
gesture recognition is presented. Lastly, the the proposed idea is stated.

e In Chapter 6 the experiments for this thesis are presented and the results are analyzed.

e In Chapter 7 the conclusions of this thesis are presented, as well as the future work that can be done.
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Chapter 3. Theoretical Background

3.1 Computer Vision

Computer vision is the science of endowing computers or other machines with the ability to see. But what
exactly does it mean for a computer to see? Seeing is more than the process of recording light in a form
that can be played back, like the recording of a video camera. For a biological creature vision is a way to
make inferences about the world from the light impinging upon it. So, this field of artificial intelligence aims
to mathematically model the processes of visual perception in living beings and to generate algorithms that
allow the simulation of these visual abilities using the capacity of computers.

3.1.1 Images and Videos

An image is a visual representation of a concept of the world, that is created through the capture and
reproduction of light. The process typically involves the use of imaging devices, such as cameras or sensors,
which gather light information from the environment. The capture of light is crucial in forming an image, and
various technologies are employed to achieve this. In traditional photography, for example, light-sensitive
chemicals on film react to light exposure to create a latent image, which is then developed into a visible
photograph. In digital imaging, sensors convert light signals into digital data, which can be processed and
stored electronically.

For computers, an image is interpreted as a matrix composed of a finite number of elements, each of which has
a position on a Cartesian plane with x,y coordinates, and a value associated with the intensity of the colour
of the image at that point. These elements are called elemental points of the image or pixels. Each pixel
contains information about colour, intensity, and brightness. For grayscale images, each pixel is represented
by a single value, while for coloured images, each pixel is represented by a combination of values, for example
for the RGB representation three values are used, which encode its colour as a combination of the amount
of red, green and blue, as shown in Fig. 3.1.1.

[90, 0, 53]

[213, 60, 67]

Figure 3.1.1: How computers see an RGB-image (from Lena)

So, computers see an image as a matrix of dimensions (C, H, W), where C denotes the channels used to depict
the colour, H denotes the rows and W denotes the column of the vector. This understanding is expanded to
the interpretation of videos. To be more precise, videos are a sequence of images. So computers see a video
as a matrix of dimensions (D, C, H, W), where the extra dimension D denotes the numbers of images used
to construct the video.

3.1.2 Tasks and Applications

Computer vision focuses on solving tasks, with mathematical algorithms, that process visual data. Some of
the most common tasks for computer vision are presented below.

e Image and Video Classification
is perhaps the most well-known and widely researched area of computer vision. Image classification
is the process of categorizing an entire image into a specific class. The goal is to teach a computer
algorithm to recognize and differentiate between different objects or scenes within an image, as shown in
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3.1. Computer Vision

Fig. 3.1.2. Video classification on the other hand, extends the concept of image classification, in order
to assign labels to videos, indicating the main content or activity captured in the video. Some of the
most popular tasks falling into the category of Video Classification are Action and Gesture Recognition.

e Object detection
aims to detect instances of semantic objects of a certain category, such as humans, buildings, or cars, in
images and videos. This task aims to provide information about the presence and location of multiple
objects within the scene. The primary goal is to draw bounding boxes around each object and assign
a corresponding class label to indicate the type of object, as shown in Fig. 3.1.2.

e Semantic Segmentation
is the partition of the image pixels into subgroups called image segments. Practically it means to
delineate the boundaries of the desired area. In the case of instance segmentation, each of the objects
is drawn independently, as shown in Fig. 3.1.2. During semantic segmentation, the algorithm segments
the images based on the pixels, so a semantic label is assigned to each of the pixels. Thus, this method
does not only identify the object itself but marks its boundaries as well.

A OutputzBOG,___
Classification =

Object

 mam /' detection
~ Instance

Input image \segmentation
Semantic

segmentation

Figure 3.1.2: Comparison of image classification, object detection, instance and semantic segmentation
(from [67])

Computer vision applies in many aspects in real life, some of which are described below.

e Human-computer interaction (HCI)
focuses on the design and interaction between humans and computers. The goal of HCI is to create
systems and interfaces that facilitate effective and user-friendly communication between humans and
computers. Computer vision plays a significant role in enhancing HCI by enabling systems to perceive
and interpret visual information, facilitating more natural and intuitive interactions between humans
and computers.

e Augmented and Virtual Reality

overlays digital information, such as images, text, or 3D models, onto the real-world environment in
real-time. AR enhances the user’s perception of the physical world by adding contextual and interactive
elements to it. On the other hand, Virtual Reality creates a completely immersive, computer-generated
environment that users can interact with. VR typically involves the use of a headset to block out the
real world and replace it with a simulated, three-dimensional environment. Computer vision plays a
crucial role in both AR and VR by enabling systems to understand and interact with the surrounding
environment, track user movements, and enhance the overall user experience.

e Autonomous vehicles
also known as self-driving vehicles, are vehicles that can navigate and operate without human inter-
vention. These vehicles use a combination of sensors, actuators, and advanced algorithms, including
computer vision, to perceive their environment, make decisions, and navigate safely.

e Surveillance and security
involve the monitoring, analysis, and protection of people, property, and assets to prevent and respond
to potential threats or incidents, tasks that without the help of computer vision would be unfeasible.
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3.1.3 Modalities

In computer vision, the term modality refers to the type of data used to represent the input. The most
common modalities used in computer vision are listed below [1].

e RGB
or Red Green Blue modality generally refers to images or videos captured by RGB cameras, which aim
to recreate what human eyes see. RGB data are usually easy to collect and contain rich appearance
information of the captured scene context. However, the use of RGB data is often challenging, owing
to the variations of backgrounds, viewpoints, scales of humans, and illumination conditions. Besides,
RGB videos have generally large data sizes, which can be beneficial to handling a variety of tasks but
also leads to high computational costs when modeling the spatio-temporal context for video data.

e Skeleton
modalities encode the trajectories of human body joints, which characterize informative human motions,
as shown in Fig. 3.1.3b. The skeleton data can be acquired with motion capture systems or by applying
pose estimation algorithms on RGB or Depth maps. Human pose estimation, in general, is sensitive to
viewpoint variations, while motion capture systems that are insensitive to view and lighting can provide
reliable skeleton data.

e Depth
maps refer to images where the pixel values represent the distance information from a given viewpoint
to the points in the scene. The depth modality, which is often insensitive to variations of color and
texture, provides reliable 3D structural and geometric shape information of human subjects. The
essence of constructing a depth map is to convert the 3D data into a 2D image representation. The
depth modality can be obtained by using depth cameras or by applying depth estimation algorithms
on RGB videos.

e Infrared

modality comes from the collection of RGB data with cameras demand proper illumination to function
effectively. Thermal infrared (IR) cameras generate images based on the heat radiated by the body,
thereby do not need to rely on external ambient light. This feature of thermal IR cameras makes them
particularly suitable for monitoring all day, including night time. Moreover, thermal IR cameras are
robust to illumination changes and can capture the heat information of human subjects. However,
these type of cameras can be affected by the changes in the temperature and the captured images are
usually of low resolution and low contrast [2].

e Optical Flow
is the pattern of apparent motion of objects, surfaces, and edges in a visual scene caused by the relative
motion between an observer and a scene. Optical flow can be estimated by using optical flow estimation
algorithms on RGB or Depth maps. Optical flow is a 2D vector field, where each vector is a displacement
vector showing the movement of points from first frame to second. Optical flow has many applications
in areas like object detection and tracking, video stabilization, and motion detection [3].
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(d)

Figure 3.1.3: Modalities Samples. (a) RGB (from [68]) (b) Skeleton ((from [69])) (¢) Depth (from [70]) (d)
Infrared (from [2])

In computer vision tasks, usually more than one modalities are used, in order to achieve better performance.
This process is called Multimodal Fusion. The term Fusion, in general, refers to the process of combining
information from multiple modalities or sources, such as outcomes from different classifiers, to improve the
overall performance of a system. The most commonly used fusion methods are Early, Mid-Level, and Late
Fusion.

e Early Fusion
refers to the process of combining the modalities at the beginning of the algorithm. This allows the
network to learn features that capture interactions between the modalities. However, this approach
may not allow each modality to independently learn features from its input.

e Mid-Level Fusion
refers to the process of combining the modalities at some intermediate point in the algorithm. This
approach allows each modality to independently learn features from its input and capture interactions
between the modalities. However, it may be difficult to determine the optimal point in the network to
perform the fusion.

e Late Fusion
refers to the process of combining the modalities at the end of the algorithm. This allows each modal-
ity to independently learn features from its input, but it may not capture interactions between the
modalities.

The choice of the fusion method depends on the specific requirements of the task and the nature of the input
data.
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3.2 Machine Learning

3.2.1 Definition

In the latest decades, the field of Machine Learning (ML) has engendered remarkable advancements, revo-
lutionizing scientific researches as well as reshaping the way complex problems across various domains are
approached. To be more precise, Machine Learning is a branch of artificial intelligence (AI) and computer
science, which focuses on the use of data and algorithms to imitate the way that humans learn. It is con-
sidered easier to explain the nature of an object or a concept by showing examples, rather than trying to
formulate explicit rules that define it. Machine learning builds upon this statement creating algorithms, also
known as neural networks or neural models or simply models, that leverage the information given from the
data formulating rules to make predictions or decisions [4].

3.2.2 Machine Learning Types

Machine learning can be broadly categorized into three types according to the nature of the data provide and
the way algorithms handle this information: supervised learning, unsupervised learning and reinforcement
learning. In supervised learning, models are trained on labeled data, learning to map data to their corre-
sponding labels. Unsupervised learning involves discovering patterns and relationships in unlabeled data.
Reinforcement learning, while working on unlabeled data, focuses on training models to make sequences of
decisions by rewarding desired behaviors.

Supervised Learning

In supervised learning, algorithms are trained on labeled data as input variables, often referred to as features.
Specifically, a dataset is provided, that contains input-output pairs, where the input is the data, for example
vectors of integers or real numbers, and the output is the corresponding label, for example a type of an
animal. The goal of supervised learning is to learn a mapping from inputs to outputs, allowing the algorithm
to make predictions or decisions on unseen data, once the model has been successfully trained.

Moreover, according to the type of the output variables of the machine learning algorithm, supervised learning
can further be divided into two major categories of problems, classification and regression problems [71].

e Classification problems have ouputs, which are a categorical class and can be furthermore distin-
guished into two categories:

— binary classification, where the output can be represented only by two classes,
— multi-label classification, where the output can be represented by multiple classes.

e Regression problems have ouputs, which consist of continuous variables and can be similarly distin-
guished into two categories:

— univariable regression, where the output is a single continuous variable,

— multivariable regression, where the output is a set of continuous variables.

Unsupervised Learning

In unsupervised learning, the training data consist of a set of input vectors without any corresponding target
labels. Algorithms are trained to discover patterns in these unseen data without any labels or specifications.
Unsupervised learning can further be divided into three major categories, according to the problem that the
algorithms handle, which are clustering, dimensionality reduction and density estimation.

e Clustering aims to find structural information of interest, such as groups of elements that share similar
properties.

e Dimensionality Reduction aims to project the data from a high-dimensional space down to two or
three dimensions for the purpose of visualization.

e Density Estimation aims to determine the distribution of data within the input space.
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Reinforcement Learning

In reinforcement learning, algorithms aim to find suitable actions to take in a given situation in order to
maximize a reward. Here the learning algorithm is not given examples of optimal outputs, in contrast to
supervised learning, but must instead discover them by a process of trial and error. Typically, the problem
to be solved in reinforcement learning (RL) is defined as a Markov Decision Process (MDP), meaning there
is a sequence of states and actions in which the learning algorithm is interacting with its environment. In
many cases, the current action not only affects the immediate reward but also has an impact on the reward
at all subsequent time steps. An RL problem includes four elements such as Agent, Environment, Rewards,
and Policy. This type of machine learning algorithms can be further splited into Model-based and Model-free
techniques, according to the existence of the policy network.

e Model-based is the process of inferring optimal behavior from a model of the environment by per-
forming actions and observing the results, which include the next state and the immediate reward.

e Model-free techniques does not use the distribution of the transition probability and the reward
function associated with MDP.

3.2.3 Machine Learning Terminology

This diploma thesis focuses on supervised learning problems, where the machine learning algorithms can be
formulated as an optimization problem. This approach typically involves minimizing a loss function L, that
measures the discrepancy between the predicted output f(z) and the true output y. The choice of the loss
function depends on the specific task (e.g., regression, classification) and the desired properties of the model.
The optimization problem can be stated as follows [72]:

J(0) = mein%ZL(f(xi;G),yi) , (3.2.1)

where z denotes the input data, y denotes the output data, 6 denotes the parameters of the model, f(-)
denotes the output predicted by the model, and L denotes the loss function.

So, in order to solve a machine learning problem the following aspects will be used.

Dataset

In Machine Learning, the algorithms perform different calculations, either mapping, searching for similarities
or aiming towards a goal. All these calculations require data, that will lead the algorithms take the correct
steps, in order to find the desired output. These data could be a variety of different types, for instance
numerical or categorical. In order to correctly tune its parameters and perform better on unseen samples,
machine learning algorithms require big amount of samples of data. The collection of all the data samples
is called dataset. The dataset is further divided into 3 subsets, that do not overlap, with each set used for a
different purpose in the algorithm. This division is used to ensure that the model does not simply memorize
the exemplar data but learns to generalize to unseen examples. To be more precise, the dataset is divided
into the 3 sets of data, the train set, the validation set and the test set.

e Train set is used for the model’s training and it is the largest subset, as it is used to optimize the
model’s parameters through optimization methods, that aim to minimize the difference between the
predicted and the actual outcomes.

e Validation set is used during the training procedure and aims to determine the model’s hyperparam-
eters, which are additional parameters that affect the training procedure, as it provides an unbiased
evaluation of the model during this phase of the algorithm.

e Test set, this set of data is used to evaluate the model, as it simulates a real-world scenario, where
the model encounters new instances for which it needs to use to make the desired outcomes.
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Loss Functions

As described in the general representation of a machine learning problem in 3.2.1, the purpose is to minimize
a loss function, because by this way the learning algorithm adjusts its parameters so that improves the
model’s performance. The loss function is a scalar function differentiable w.r.t. the model’s parameters, that
calculates the loss of the model on a given dataset according to the distance between the labels y and the
model’s outputs y. According to the type of machine learning task and the data available, a different loss
function can be used. Some of the most common loss functions used are described as follows.

Regression Problems

e Mean Squared Error (MSE)
This loss function calculates the average squared difference of the labels y and the model’s outputs 7.
It provides a quantitative measure of how well a regression model is performing. The lower the MSE,
the better the model’s predictions align with the true values. MSE penalizes larger errors more heavily
due to the squaring operation, making it sensitive to outliers. The mathematical expression of MSE is

described as follows:

1 X
Lyse = -~ Z(yz —0:)° . (3.2.2)
i=1

e Mean Absolute Error (MAE)
This loss function calculates the average absolute difference between the predicted values and the
actual values in a regression problem. It provides a measure of the average magnitude of errors without
considering their direction (i.e., whether the predictions are too high or too low). A lower MAE indicates
better alignment between the predicted ¥ and true values y. MAE is less sensitive to outliers than MSE
since it does not involve squaring the errors. The mathematical expression of MAE is described as
follows:

I )
Lyag = o Z lyi — 0| - (3.2.3)
i=1

Classification Problems

e Binary Cross-Entropy (Log Loss)
This loss function calculates the dissimilarity between the predicted probabilities for the positive class
and the true binary labels. This loss function is suitable for models that output probabilities and
is especially used in logistic regression and neural networks for binary classification. The formula
comprises two terms. The first term penalizes predictions when the true label is 1, and the second
term penalizes predictions when the true label is 0. The negative sign ensures that the overall loss is
minimized. The mathematical expression of BCE is described as follows:

n

Lpce = —% Z [yi log(9;) + (1 — y;) log(1 — 4;)] - (3.2.4)
i=1

e Categorical Cross-Entropy
This loss function calculates the the dissimilarity between the predicted class probabilities and the
true class labels. Categorical Cross-Entropy is an extension of Binary Cross-Entropy for situations
where there are more than two classes. The formula calculates the negative log likelihood of the true
class, penalizing predictions based on how confident they are in the correct class. The mathematical
expression of CCE is described as follows:

n C
1 N
Lecr = - Z Z Yiclog(gic) - (3.2.5)
i=1 c=1
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Optimization Methods

After the selection of a certain machine learning algorithm to perform a desired task in a dataset, this model
needs to tune its parameters so that it fits the dataset. In order to fit the weights of the model in the given
dataset, the outcome of the loss function needs to be minimized. In machine learning, the way of minimizing
the loss function is by iteratively give cetrain values in the model’s parameters and update them towards
the minimum loss. The methods used to iteratively update the weights of the model are called optimization
methods. From the perspective of the gradient information, the optimization methods can be divided into
the three categories explained below [73].

e First-order optimization methods only require first-order derivatives of the model’s parameters.

e second-order optimization methods use second-order information, specifically the Hessian matrix,
to guide the optimization process. The Hessian matrix represents the second-order partial derivatives
of the objective function with respect to the parameters being optimized.

e heuristic derivative-free optimization methods seek to overcome the computational challenges
involved in dealing with the Hessian matrix, as it is computationally expensive.

The most commonly used first-order optimization methods are mainly based on gradient descent. Gradient
descent is an iterative optimization algorithm used to minimize a function by moving in the direction of the
steepest descent. The algorithm is based on the observation that if the function is defined and differentiable
in a neighborhood of a point, then the function decreases fastest if one goes from that point in the direction
of the negative gradient of the function at that point. The gradient descent algorithm is formulated as follows
3.2.6

o) — 00D _ g uL(fla: 07 D).y) (3.2.6)

where 7 denotes the updating iteration, §(7) denotes the model variable vector # updated via iteration 7 (at
7 = 0, vector # denotes the initial model variable vector), VoL(f(x;;0("~1)) denotes the derivative of the
loss function regarding the variable # based on the complete training set and the variable vector value ("=,
obtained from the previous iteration, and 7 denotes the learning rate in the gradient descent algorithm, which
is usually a hyper-parameter with a small value.

Such an iterative updating process continues until convergence, and the variable vector 6 achieved at conver-
gence will be outputted as the (globally or locally) optimal variable for the machine learning model.

Evaluation Metrics

Evaluation metrics in machine learning are quantitative measures used to assess the performance of a model
on a given task. These metrics help to quantify how well a model generalizes to unseen data of a problem
trained to solve. The thing that distinguishes evaluation metrics from loss functions is that evaluation metrics
are not used to optimize the model, so the function chosen does not require to be differentiable w.r.t. the
model’s parameters. The choice of the function used for evaluation depends on the type of machine learning
task (e.g., classification, regression) and the specific goals of the model. For instance, some of the most widely
used metrics in classification problems are presented underneath.

e Accuracy
measures the proportion of correctly classified instances out of the total instances. Mathematically,
accuracy is expressed as follows:

Number of Correct Predictions
Total Number of Predictions

Accuracy = (3.2.7)

e Precision
measures the accuracy of positive predictions. It is defined as the fraction of correctly predicted positive
instances out of all instances predicted as positive. Precision is particularly relevant in situations
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where false positives (incorrectly predicted positive instances) are costly or need to be minimized.
Mathematically, precision is defined as follows:

True Positives
Bresicion ) 3.2.8
recision True Positives + False Positives ( )

Recall

also known as Sensitivity or True Positive Rate, measures the ability of a model to capture all the
positive instances. It is defined as the fraction of correctly predicted positive instances out of all actual
positive instances. Mathematically, recall is expressed as follows:

True Positives
Recall = . 3.2.9
eea True Positives + False Negatives ( )

F1-score

combines precision and recall into a single value. It is the harmonic mean of precision and recall,
providing a balance between these two metrics. The fl-score is particularly useful in situations where
there is an imbalance between classes. Mathematically, the fl-score is defined as follows:

Precision x Recall
F1 =2 . 2.1
Score % Precision + Recall (3.2.10)

3.2.4 How Machine Learning Works

The process of developing Machine Learning algorithms may be decomposed into the following five steps.

1.

Data Collection
acquiring the relevant data needed for the machine learning task is the first step. The quality and
quantity of the data significantly impact the model’s performance.

. Data Preprocessing

cleaning and preparing the data for training. This step involves handling missing values, addressing
outliers, and transforming the data into a suitable format for the chosen algorithm. Feature scaling,
normalization, and encoding categorical variables are common preprocessing tasks.

. Algorithm Selection

choosing an appropriate machine learning algorithm based on the nature of the problem (classification,
regression) and the characteristics of the data. Different algorithms may be suitable for different types
of tasks and data distributions.

. Algorithm Training

training the selected algorithm on the prepared dataset. During training, the model learns patterns and
relationships within the data, adjusting its parameters to minimize the difference between its predictions
and the actual target values.

. Algorithm Evaluation

assess the performance of the trained model on a separate dataset not used during training. The evalua-
tion metrics depend on the nature of the problem (accuracy, precision, recall, F1 score for classification;
mean squared error for regression, etc.). The goal is to ensure the model generalizes well to new, unseen
data.
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3.3 Deep Learning

3.3.1 Definition

Deep learning is a subset of machine learning, which employs transformations and graph technologies simul-
taneously in order to build up multi-layer learning models, known as deep neural networks (DNNs). In a
traditional machine learning algorithm the data are given in the form of vectors of variables (integers or real
numbers). So, data like audio signals or images will need some preparation before given as inputs to the
model. Specifically, features of interest will need to be extracted in order to form the vectors, that are passed
through the model. This approach aims at constructing features from raw data, outside architecture of the
model. On the other hand, deep learning algorithms feature extraction is achieved in an automatic way
throughout the deep learning algorithms, as illustrated in Fig. 3.3.1. For example, in image processing with
deep learning, lower layers of the model may identify edges, while higher layers may identify the concepts
relevant to a human such as digits or letters or faces, while in traditional machine learning these features will
need to be extracted "by hand" using external algorithms.

Classification
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o B | ororocessin Features Features <:‘ -
i ca ) 9 Extraction Selection "4

Deep Learning Classification
b
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“i = — Deep Learning Model < = i

Machine Learning

Figure 3.3.1: Traditional Machine Learning and Deep Learning Comparison (from [74])

Even though computationally demanding, Deep Learning has obtained outstanding performances across a
variety of challenging tasks, including audio and speech recognition, natural language processing, image and
video processing and recognition.

3.3.2 Deep Learning Neural Networks

In Deep Learning, the algorithms used are commonly known as Artificial Neural Networks (ANNs). ANNs
are computational models inspired by the structure and function of the human brain, specifically designed
to process information and perform tasks such as pattern recognition, classification and regression. The
basic building block of ANNs is a processing unit called artificial neuron or perceptron. The perceptron,
first introduced by Rosenblatt [5], receives one or more inputs, processes them and produces an output.
The output is determined by a mathematical function applied to the weighted sum of inputs, that is passed
through an activation function, as illustrated in Fig. 3.3.2.
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Figure 3.3.2: Neuron or Perceptron (from [6])
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The mathematical expression that describes how a neuron calculates its output is defined as follows:

N

y=0() (wiz; +b) (3.3.1)

=0

where x denotes input of the neuron, w denotes weights per inputs, ¢ denotes activation function and y
denotes output of the neuron.

In every artificial neuron of the output layer of a Deep Learning model, a function is applied, providing
non-linear transformations, which is called Activation Function. The output of the nodes in the last layer
of a neural network has come from simple linear transformations, thus it is just a polynomial of degree one.
So, if an activation function were not to be applied on this polynomial, the neural network will resemble
a Linear Regression model with simple yet limited performance. Deep Learning architectures are designed
to handle more complicated types of data, such as images, videos or audio signals. For this activation
functions are needed so that these neural networks are capable of differentiate complex data, that can not
be classified linearly [7]. Moreover, acrivation functions can be classified into saturated, where the output of
the activation layer ranges between finite boundaries, and non-saturated, where the output tends to infinite.
The non-saturated activation functions have many advantages compared to saturated activation layers. For
instance, the non-saturated layers can significantly help in the exploding/vanishing gradient problem of the
backpropagation algorithm, which is one of the main problems when training a Deep Learning neural network.
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Figure 3.3.3: Activation Functions: (a) ReLU (b) Tanh (c) Sigmoid (d) Softmax
(from [75])
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Some of the most commonly used activation functions [8], as shown in Fig. 3.3.3, are explained beneath.

e Rectified Linear Unit (ReLU) is a non-saturated activation function that is mainly used to remove
any negative values, for example negative gradients when the threshold is at zero.

e Hyperbolic Tangent (tanh) is a saturated activation function that is commonly used when a negative
gradient is important. It outputs a number in the range of [—1,+1].

e Sigmoid is a saturated activation function, where the input is a real number and the output is a
number in the range of [0,1]. This function is used when the output of the neural network needs to be
continuous.

e Softmax produces a discrete probability distribution vector. Though similar to the sigmoid activation
function, this function is used when the output of the neural network needs to be categorical.

Artificial Neural Networks consist of a number of neurons connected with each other through synaptic weights
or weights in short. So, ANNs are divided into 3 categories according to way the information flows through
the layers of neurons: Feedforward Neural Networks (FNNs), Convolutional Networks (CNNs) and Recurrent
Neural Networks (RNNs) [9].

Feedforward Neural Networks (FNNs)

In Artificial Neural Networks, where information travels in one direction, from the input layer to the output
layer, without forming cycles or loops, are called Feedforward Neural Networks. The neurons inside of a
FNN are arranged in the form of layers. Depending on the number of layers, these model can be divided
into 2 categories: Single-Layer and Multi-Layer. Single-Layer FNNs, as depticted in Fig. 3.3.4a, consist only
of 2 layers of neurons, including the input layer. In this architecture computations are only performed in
the output layer. On the other hand, Multi-Layer FFNs, as depticted in Fig. 3.3.4b, consist of more than
2 layers. Specifically, every layer between the input and the output layers is called hidden layer and the
neurons in these layers hidden neurons. The purpose of hidden layers is to help the model decompose more
complex representations of the input data.

Outputs
Inputs Outputs Inputs
Input Layer Output Layer Input Layer Hidden Layer Output Layer

(a) (b)

Figure 3.3.4: (a) Single-Layer Feedforward Neural Network. (b) Multi-Layer Feedforward Neural Network
(from [10])

In the exemplar Fig. 3.3.4 above, all neurons in one layer are connected to the next layer and so on for the
next layer, thus forming a Fully-Connected Neural Network, often referred to as Multi-Layer Perceptron. If
some of the synaptic connections were missing, the network would be called as Partially-Connected Neural
Network.

Convolutional Neural Networks (CNNs or ConvNets)

Convolutional Neural Networks, although falling into the category of Feedforward Neural Networks, where
information travels only in one direction, without creating cycles, these models are specifically designed for
tasks involving grid-like structures efficiently, such as images. The capability of automatically discovering
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essential features from the input without the need for external feature extractors makes them more powerful
than a traditional network. Moreover, as shown in Fig. 3.3.5 ConvNets consist of a series of layers, as
shown in 3.3.5, that makes them capable of converting the original input layer by layer into class scores for
classification and other purposes.
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Figure 3.3.5: A simple CNN architecture, comprised of just 5 layers (from [11])

Convolutional Layer A Convolutional Layer is used to extract features in convolutional neural networks.
In CNNs, different types of dimensions are used, depending on the type of data the model is trained on. For
example, 2-D Convolutional Layers are used to capture spatial information, while 3-D Convolutional Layers
can be applied on videos (sequence of images), to capture spatiotemporal information as shown in Fig. 3.3.6.
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Figure 3.3.6: 2-D Convolutional Layer (left). 3-D Convolutional Layer (right). (from [12])

Given an image with dimensions (C, H, W), where C' denotes the channels of the image, H denotes the height
and W denotes the width of the image, and a 2-D filter with dimensions (F, F'), where F denotes the spatial
dimensions of the filter, the output produced will be the result of the convolution operation between the
input and the filter. The filter slides through the input, and the dot product between the filter’s weights and
the input’s spatial values is calculated, resulting into a 2-D output, called activation map. Then more filters
are applied to the input, producing more activation maps. These activation maps are stacked to produce a
3-D output.

H;,, +2 - padding _height — filter _height
stride _height +

Win + 2 - padding _width — filter _width
stride _width +

Hout = 1

(3.3.2)

Wout = 1

So the output produced will have dimensions (N, Hyyt, Wout), where N equals to the number of filters applied
and the spatial dimensions are calculated as described in Eq. 3.3.2.

In the case of videos, with dimension (C, D, H, W), where D denotes the number of frames of the video, each
sampled cube is convoluted by a 3-D filter with dimensions (F, F, F') and the convolutional result is obtained
by summing the total partial sum, as illustrated in Fig. 3.3.7. In 3-D convolution, each feature map in a
cube is connected to multiple adjacent consecutive frames, so temporal information can be extracted.
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Figure 3.3.7: Convolutional Layer applied on 3-D input (from [12])

The output produced will have dimensions (N, Doy, Hout, Wout), where N equals to the number of filters
applied and the spatiotemporal dimensions are calculated as described in Eq. 3.3.3.

Dy, + 2 - padding _frames — filter _frames

Dou - 3 1 ;
! stride__frames *
H;, + 2 - padding height — filter height
Hout = = - = 1 3.
i stride _height + (3:33)
Wiy = Win + 2 - padding _width — filter width 1

stride _width ’

where filter size (representing the cubic filter) is the size of the window of the layer, stride is the step the
window takes to perform the next transformations and padding is an addition of values, most usually zeros,
in all dimensions of the input.

Pooling Layer In most cases, the convolutional layer is followed by a pooling layer. This type of CNN
component performs transformations in order to reduce the dimensionality of the feature maps, produced
from the previous step, as well as the network’s parameters. To be more precise, it downsamples values of the
vector, in spatial dimensions for images and in spatiotemporal dimensions for videos, leading to dimensionality
reduction, as shown in Fig. 3.3.8.
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Figure 3.3.8: Pooling Layer applied on 3-D input (from [12])

For example, for a video input to the model with dimensions (C, D;y,, H;y,, Wiy ), with C representing Chan-
nels, D;, the input’s Depth, meaning the total number of frames and H;,, W;, representing the spatial
dimensions Height and Width, then the output’s dimensions will be :

Dy, — filter _frames

Dou = . 1 ’
K stride__ frames *
H;, — filter height
Hou = . — 1 5 3.4
i stride _height + (3.3.4)
W,., = Win — filter _width

stride _width
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In practice, given a greyscale image, with dimensions of (1, 4, 4) and a 2x2 pooling kernel with stride 2, the
kernel will perform the downsampling across the coloured blocks in Fig. 3.3.9. Some of the most popular
pooling operations are average pooling and max pooling, as described below.

e Average Pooling calculates the average value across all elements in the selected window. This method
operates as a smoothing filter, but simultaneously blurs the input.

e Max Pooling keeps the max value across all elements in the selected window. This method emphasizes
the most relevant information.
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Figure 3.3.9: (a) Average Pooling Operation. (b) Max Pooling Operation. (from [13])

Pooling layers besides reducing the computational cost of the network aim to control overfitting, a very
common problem faced in Deep Learning, where the model’s weights are tuned to handle samples only from
the training set and cannot generalize at unseen data will a good performance.

Batch Normalization Layer When training a Deep Learning neural network samples of the dataset
are passed through the model in groups, called mini-batches, instead of passing them one at a time. This
approach is more practical in the training process, as the gradient of the loss over a mini-batch is an estimate
of the gradient over the whole training set, which quality of estimate improves as the batch size increases,
and moreover computation over a batch can be much more efficient, due to the parallelism afforded by the
modern computing platforms. Even though this approach might be useful, if the distribution of non-linearity
inputs is not stable then it is possible for the optimizer to get stuck in the saturated regime and the training
would slowed down. Solution to this problem provides the Batch Normalization algorithm [14] described in
Eq. 3.3.5, which normalizes the input by keeping zero mean and unit standard deviation. To be more precise,

1 m
HZE;O% )

1
7= ;)(m -’ (3.3.5)
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where x,y are input and output of batch normalization layer for a specific m mini-batch, p is the mean of
the mini-batch, o is the variance of the mini-batch, 3,~ are scaling and shifting transformations variables,
which are learned during training and € is a small constant to avoid division by zero [15].

Fully Connected Layer In a Deep Learning architecture the last layers, also known as head of the model,
are transformations which map the neurons of the previous step with the number of the outputs of the model
and are called Fully Connected layers. These layers take as input 1-D vectors and produce 1-D vectors in the
output. So the output of the previous step, the last hidden layer of the model, has to be converted into a
1-D vector. For instance, the output of the last hidden layer of a model that takes images as inputs will have
to convert a 3-D vector to 1-D, where a model that takes videos as inputs will have to convert a 4-D vector
to 1-D. This transformation is called flattening and it leads the first fully connected layer of the model, as
illustrated in the Fig. 3.3.10.
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Figure 3.3.10: Fully Connected Layer (from [16])

Recurrent Neural Networks

In Artificial Neural Networks, where the connections between the weights create loops are called Recurrent
Neural Networks (RNNs). This design of the RNNs allows them to maintain a memory of previous inputs,
making them capable of handling sequential data, like audio signals, representing sequences of words, or
videos, representing sequences of images. However, standard recurrent networks are dealing with the issue of
vanishing gradients, where the gradients of the loss function become very small, as they are backpropagated
through the network, and exploding gradients, where the gradients of the loss function become very large,
as they are backpropagated through the network, making the learning of long data sequences challenging.
Solution to this problem provide RNN varients like Long Short Term Memory (LSTM) models and Gated
Reccurent Units (GRUs).

RNNs Vanilla RNNs take as input z; a sequence of data and returns a sequence of hidden states h; and
outputs y;. The hidden state h; is calculated by the previous hidden state h;_; and the current input x;,
while the output y; is calculated by the current hidden state h;. The hidden state h; is passed to the next
step, where it is used to calculate the next hidden state h¢41, and so on. This way, RNNs remember the

context while training.
RSN
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Figure 3.3.11: RNNs neurons unfolded per iterations (from [17])

As shown in Fig. 3.3.11, the RNNs cells unfolded according to the number of iterations, show how the input
x; is passed to the hidden state h;, which is then passed to the output y;. This mechanism can be formulated
with the following expressions:

hy = tanh(Whhht,l + Whaxt + bh) s

(3.3.6)
Yt = Whyht + by )

where ¢ denotes the state of the model, W}, denotes the weight at previous hidden state, W}, denotes the
weight at current input state, W}, denotes the weight at the output state and tanh(-) denotes the activation
function, that implements a non-linearity that squashes the activations to the range[-1.1].
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Long Short Term Memory (LSTM) Long Short Term Memory (LSTM) models consists of a memory
cell, that can store data for longer periods than vanilla RNNs, while the flow of information in and out of
this cell is managed by different gates: Input Gate, Forget Gate and Output Gate, as shown in Fig. 3.3.12b.

Figure 3.3.12: (a) RNN cell. (b) LSTM cell. (¢) GRU cell (from [18])

The Input Gate determines which information should enter the cell state, to modify the memory. Specifically,
the sigmoid function decides which values to let through 0, 1 , while tanh function gives weightage to the
values which are passed deciding their level of importance ranging from -1 to 1. The calculates performed in
the input gate can be mathematically expressed as follows:

i = o(W; - [he—1, 2] + b;)

~ (3.3.7)

Ct = tcmh(WC . [htfl,.’ﬂt] + bC) s
where 7; denotes the input gate, CN't denotes the candidate value to be added to the cell state, W;, W denote
the weights of the input gate and the candidate value, h;_1,x; denote the previous state and the content
input and b;, bc denote the biases of the input gate and the candidate value.

The Forget Gate determines what information from the previous state cell will be memorized and what
information will be removed, as it is no longer useful. To make the decision a sigmoid function is used, which
looks at the previous state (h;—1) and the content input (x:) and outputs a number between 0 (omit this)
and 1 (keep this) for each number in the cell state Cy_1. The calculates performed in the forget gate can be
mathematically expressed as follows:

fe=0(Wy-[he_1,2] +bf) (3.3.8)

where f; denotes the forget gate, Wy denotes the weights of the forget gate, hs_1,z; denote the previous
state and the content input and by denotes the biases of the forget gate.

Regulates the The Output Gate controls the amount of information from the cell state that is exposed to the
hidden state and subsequently to the output. To be more precise, the sigmoid function decides which values
to let through 0,1 , while tanh function gives weightage to the values which are passed deciding their level
of importance ranging from -1 to 1 and multiplied with output of sigmoid. The calculates performed in the
output gate can be mathematically expressed as follows:

o = O'(WO . [ht_l,xt] + bo) 5 (339)

hi = o x tanh(C)
where o, denotes the output gate, W, denotes the weights of the output gate, hy_1,x; denote the previous
state and the content input, b, denotes the biases of the output gate, h; denotes the output of the LSTM
cell and C; denotes the cell state.

Gated Reccurent Units (GRUs) Another RNN variant that handles the vanish gradient problem is the
Gated Reccurent Units (GRUs), which uses gating methods to control and manage information flow between
cells in the neural network. The GRU’s structure, as shown in Fig. 3.3.12c, enables it to capture dependencies
from large sequences of data in an adaptive manner, without discarding information from earlier parts of the
sequence. Thus GRU is a slightly more streamlined variant that often offers comparable performance and is
significantly faster to compute [9].
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3.3.3 How Deep Learning Works

In Deep Learning, the parameters of the models are update with similar approach as a traditional Machine
Learning model, with the help of gradient descent. As mentioned before, in machine learning the gradient
descent algorithms iters through the entire trainset in order to update the model’s weights. In deep learning,
networks can have a tremendous number of parameter, for example hundreds of millions, as the depth of
the model increases, as well as the complexity of the data given as input becomes more advanced. So, the
standard gradient descent algorithm is computationally unfeasible for a deep learning network. Solutions to
this problem provide complex optimization methods, which alter the standard gradient descent method.

Stochastic Gradient Descent (SGD)

This variant of Gradient Descent instead of using the entire dataset for each iteration, only a single random
training example, also known as a small batch, is selected to calculate the gradient and update the model
parameters. This random selection introduces randomness into the optimization process, hence the term
“stochastic”. Some of the advantages of Stochastic Gradient Descent are its speed and memory efficiency.
On the other hand, SGD might make the optimization process less stable and lead to oscillations around the
minimum. Also, it may require more iterations to converge to the minimum, since it updates the parameters
for each training example one at a time. Moreover, the choice of learning rate can be critical in SGD since
using a high learning rate can cause the algorithm to overshoot the minimum, when the algorithm passes the
minimum and starts to move away from it, while a low learning rate can make the algorithm converge slowly.
Finally, due to the random updates, SGD may not converge to the exact global minimum and can result in
a suboptimal solution, although this can be mitigated by using techniques such as learning rate scheduling
and momentum-based updates.

Stochastic Gradient

Figure 3.3.13: Comparison of Stochastic Gradient Descent (left) with Gradient Descent(right) (from [76])

Adaptive Moment Estimation (Adam)

Adam is an optimization algorithm that can be used instead of the stochastic gradient descent, as SGD
maintains a single learning rate for all weight updates and the learning rate does not change during the
training procedure [19]. Specifically, Adam is a combination of two other extensions of stochastic gradient
descent, AdaGrad and RMSProp, in order to leverage the benefits of both algorithms, as described below.

e Adaptive Gradient Algorithm (AdaGrad)
maintains a per-parameter learning rate that improves performance on problems with sparse gradients.

e Root Mean Square Propagation (RMSProp)
maintains per-parameter learning rates that are adapted based on the average of recent magnitudes of
the gradients for the weight.

Instead of adapting the parameter learning rates based on the average first moment (the mean) as in RM-
SProp, Adam also makes use of the average of the second moments of the gradients (the uncentered variance).
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Backpropagation

In Deep Learning, the essence of the training process is the optimization of the model’s parameters, so that
the loss function is minimized. This goal is achieved by using a complex optimization algorithm, such as
SGD or Adam, to update the weights of the model iteratively. In order to update the weights, the gradient
of the loss function with respect to the model’s parameters needs to be calculated. This is done by using the
backpropagation algorithm, which consists of two stages, the forward pass and the backward pass.

e In Forward Pass
data flows through the network in the forward direction, from the input layer to the output layer.
During this process, the output of each layer is calculated, based on the current weights of the model.
The output of the last layer is the output of the network.

e In Backward Pass

data flows through the network in the backward direction, from the output layer to the input layer.
During this process, the error of each layer is calculated, based on the output of the previous layer.
The error of the first layer is the error of the network. The error of each layer is then used to calculate
the gradient of the loss function with respect to the weights of the layer. This gradient is then used
to update the weights of the layer. This gradient can be used with the chain rule as well as with the
mathematical expressions that describe each layer of the model, to formulate the partial derivatives of
the loss function with respect to the model’s parameters, in order to update them.

80



Chapter 4

Related Work

4.1

4.2

4.3

4.4

Action and Gesture Recognition . . ... ... ... ... ... 0000 82
4.1.1 Action Recognition . . . . . . . . . L L 82
4.1.2  Gesture Recognition . . . . . . . ... Lo 82
4.1.3 Traditional Learning for Action and Gesture Recognition tasks . . . . . ... ... 82

Baseline Architectures . . . . . . . .. . L o L e e e 86
4.2.1 3D Convolutional Network (C3D) . . . . . .. ... ... ... ... ...... 86
4.2.2 Two Stream Network (TSN) . . . . . . .. ... . 86
4.2.3 Residual Network (ResNet) . . . . . ... ... ... ... ... 87

Transfer Learning . . . . . . . . o 0 0 0 i i it i e e e e e e e e 89
4.3.1 Transfer Learning on Action Recognition . . . . ... ... ... ... . ...... 89
4.3.2 Transfer Learning on Gesture Recognition . . . . . . .. ... ... ... ... ... 90

Benchmark Datasets . . . . . . .. ... 0 i e e e 91
4.4.1 Action Recognition . . . . . . . ... o 91
4.4.2 Gesture Recognition . . . . . .. ..o o Lo 94

81



Chapter 4. Related Work

4.1 Action and Gesture Recognition

4.1.1 Action Recognition

Recognition of human actions in videos is a challenging task which has received a significant amount of
attention in the research community. An action refers to a specific behavior or activity performed by a
subject, usually a person in a video. For example, actions could include walking, jumping, drinking, reading,
playing an instrument etc. Each of these actions involves a specific pattern of movement over time, which
can be recognized by analyzing the sequence of video frames.

As in computer vision in general, action recognition is useful in a wide range of applications, including
video surveillance, human-computer interaction, and content-based video retrieval. Action recognition is
particularly important for understanding human behavior in videos, and for enabling machines to understand
and respond to human actions.

4.1.2 Gesture Recognition

Alongside action recognition, gesture recognition is another important task in the field of computer vision.
Gestures are defined as a form of non-verbal communication in which visible bodily actions are used to
communicate particular messages. Gestures can be used to convey a wide range of information, including
emotions, intentions, and commands. In the context of computer vision, gesture recognition refers to the
task of identifying and interpreting human gestures in video data. For example, gestures could include
hand movements, facial expressions, body postures, and other non-verbal cues. This thesis focuses on the
recognition of hand gestures in videos. Hand gestures examples could include waving, pointing, clapping,
and other hand movements.

Gesture recognition has a wide range of applications, including human-computer interaction, sign language
recognition, and virtual reality.

4.1.3 Traditional Learning for Action and Gesture Recognition tasks

In the early stages of computer vision, where Deep Learning architectures were not yet introduced, the process
of solving problems, such as image video classification, included first the detection of features of interest in
the visual data, after that these features were extracted, then a map between the features and representations
was created and finally a classifier was used to discriminate them between different classes [20], as shown in
Fig. 4.1.1.
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Dense Feature Detector
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Feature
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3D R Transform, NNMF
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Figure 4.1.1: Flowchart of traditional recognition of actions and gestures (from [20])

To begin with, a feature of interest may be a specific structure in the image such as a corner, an isolated
point (where intensity is maximum or minimum), an end point of a line, point of a curve (where curvature
is maximum), or blobs (regions that are either brighter or darker than the surrounding area). For videos the
features are also referred to as spatio-temporal interest points (STIP).
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For the detection of features, (STIP) detectors are used, which can be broadly categorized into two types,
dense and sparse.

e Dense Feature Detectors

are algorithms that identify features from an image at every pixel or in a dense grid across the image.
This approach ensures that features are detected uniformly across the entire image, providing a com-
prehensive representation of the content visualized. One of the most popular dense feature detectors
is Hessian Detector [21] which relies on the Hessian matrix, which is a square matrix of second-order
partial derivatives of the image intensity function, providing information about the curvature of the
image intensity surface, thus making it useful for detecting regions with significant intensity variations
such as blobs.

e Sparse Feature Detectors

are algorithms that identify features from an image at specific locations. This approach is more compu-
tationally efficient than dense feature detection, as it only processes a subset of the image. One of the
most popular sparse feature detectors is Harris Detector [22]|, where it is used to detect corners in an
image, as well as its extension to videos, the Harris3D [23]. Corners are points in an image where the
intensity changes significantly in multiple directions. So, the gradient of the image intensity function
is calculated in both the x and y directions, that can be used to describe the likelihood that a pixel
is part of a corner. Pixels with large gradient magnitudes in both directions are good candidates for
being corners.

For the extraction of features, feature descriptors are used which represent vectors that provide a detailed
characterization of the local appearance around a detected feature point. They encode the essential infor-
mation about the surroundings of the feature, so that it is robust to changes in scale, rotation, illumination,
and viewpoint. Feature descriptors can be divided into two categories, local and global.

e Local Descriptors
capture only local or static information, for example the color or the texture of the image. The shape
or edge relevant data of objects are used for determining the local features. Some of the most popular
local descriptors are the Scale Invariant Feature Transform (SIFT) [24] and the Speeded Up Robust
Features (SURF) [25].

1. The SIFT descriptor transforms an image into a collection of local feature vectors, each of which
is invariant to any scaling or rotation, because it relies on the distribution of the image gradient
in local neighbourhoods. These features are used to identify matching objects in different views
of a scene. The main advantage of SIFT is that it is robust against distortion, addition of noise
and change in illumination.

2. The SURF descriptor is based on similar properties with SIFT but is faster and more robust to
image transformations. Specifically, SURF uses a different method to calculate the gradients, as
it fixes as reproducible orientation based on information from a circular region around the point
of interest. Then, it constructs a square region aligned to the selected orientation and extracts the
features from it.

¢ Global Descriptors
capture the dynamic information of the visual data, for example scale changes, illumination changes,
speed variation or phase variation. The global information points towards the description of flow or
motion of a video. Some of the most popular global descriptors are the Histogram of Oriented Gradients
(HOG) [26] and the Histogram of Optical Flow (HOF) [27].

1. The HOG captures the structure and appearance of objects by computing the distribution of
gradient orientations in localized portions of an image. It provides a compact and informative
representation that is particularly useful for identifying and recognizing objects within images.

2. The HOF represents the distribution of motion directions and magnitudes within localized regions
of a video frame, providing a compact summary of the motion patterns.

After the features are extracted, they are used to create a map between the features and their representations.
This can be done other by using a Bag of Words (BoW) [28] or a state space model.
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e Bag of Words (BoW)
is a feature encoding method inspired by natural language processing. In the context of computer
vision, BoW is often referred to as the Bag of Visual Words (BoVW). This method encodes an image
by replacing each local feature with the nearest visual word from a predefined vocabulary. The image
is then represented as a histogram of visual word occurrences, capturing the distribution of features in
a simple yet efficient manner.

e State Space Model

is mathematical frameworks used to model dynamic systems, where the system’s state evolves over
time and is observed through measurements. One of the most commonly used state space models is the
Hidden Markov Model (HMM) [29]. An HMM is a statistical model used to describe a system where
the state of the system is hidden and cannot be directly observed, but can be inferred from observable
outputs. HMMs are particularly useful for modeling sequential data where the underlying states evolve
over time according to probabilistic transitions, and each state generates observable outputs with certain
probabilities.

Finally, a classifier is used to discriminate between different classes. According to the problem that these
features will be used, the algorithms can be divided into two categories, supervised and unsupervised.

e In Supervised Learning
algorithms are trained on the set of features extracted in the previous steps, and in order to distribute
the features into different classes. One of most commonly used classifier in the traditional computer
vision is the Support Vector Machines (SVM) [30]. SVM constructs a hyperplane or set of hyperplanes
in a high-dimensional space to separate different classes of data points. The goal of SVM is to find
the optimal hyperplane that maximizes the margin between the closest points of the classes, known as
support vectors.

e In Unsupervised Learning
algorithms like the Linear Discriminant Analysis (LDA) [31] and the Principal Component Analysis
(PCA) [32] are used to reduce the dimensionality of the feature space and to find the most important
features that can be used to discriminate between the classes.

Later, these hand-crafted mathematical models for feature extraction were replaced by Deep Learning ar-
chitectures, which could take as input raw data, like images and videos, and extract features due to their
multi-layer structure, while found to be more powerful and achieved better performance. To be more precise,
as depticted in Fig. 4.1.2, the first layers of a CNN extract low-level features, like edges, corners, and blobs,
while layers in the middle extact mid level features, like eyes, noses, and mouths and the last layers extract
high-level features, like facial structure. So, the deeper the layer, the more abstract the features extracted.
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Figure 4.1.2: Features extracted in each layer of a CNN. The input is the 3-D vector representation of an
image (from [33])
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4.2 Baseline Architectures

Deep Networks replaced handcrafted feature descriptors and were used widely to extract features from im-
ages, videos and other types of data. The standard structure of a deep neural network, that is used to extract
features from the data, is called backbone. The backbone is usually a Convolutional Neural Network (CNN)
architecture, which structure can be altered to fit the needs of the task or so that new methdologies can be
proposed. Action and Gesture Recognition are two different tasks, both falling into video classification cate-
gory of computer vision tasks. So, the baseline neural networks used for each task are similar, though several
architectures have been proposed for better performance in each task. Specifically, in action recognition
architectures can perform well leveraging the information provided by RGB frames, even with low quality
video samples, while in gesture recognition models often require high resolution data, as well as additional
information, given from depth or skeleton data, due to the similarity between gesture classes. In this section,
some of the most popular baseline neural networks used for video classification tasks are presented.

4.2.1 3D Convolutional Network (C3D)

This architecture is based on the idea that 3D convolutional layers can be used to extract spatio-temporal
features from video data. 3D Convolutional Network, or C3D, was proposed by Tran et al. in [34], as an
alternative to 2D Convolutional Networks. In C3D models, convolution and pooling operations are performed
spatio-temporally while in 2D ConvNets they are done only spatially. To be more precise, 2D convolution
applied on an image will output an image, 2D convolution applied on multiple images also results in an image.
Hence, 2D ConvNets lose temporal information of the input signal right after every convolution operation.
Only 3D convolution preserves the temporal information of the input signals resulting in an output volume,
a phenomenon also applicable for pooling operations.

As depticted in Fig. 4.2.1, the proposed C3D has 8 convolution layers, 5 pooling layers, 2 fully-connected
layers and a softmax loss layer to predict action labels. All 3D convolution kernels are of size 3 x 3 x 3 with
stride 1 in both spatial and temporal dimensions. All pooling layers are of size 2 x 2 x 2 with stride 2 x 2 x 2,
except for the first one which has kernel size 1 x 2 x 2 and stride 1 x 2 x 2 with the intention of preserving
the temporal information in the early phase. Each fully connected layer has 4096 output units.

= = = = | fc6 || fc7
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Figure 4.2.1: C3D architecture (from [34])
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In the original paper, the authors evaluated the proposed architecture on two datasets, Sports-1M [35] and
UCF-101 [36]. Sports-1M is a large-scale dataset with 1.1 million videos and 487 classes of sports videos,
while UCF-101 is a smaller dataset with 101 classes, as mentioned before. The authors used the first 1
million videos of Sports-1M for training and the rest for testing. For UCF-101, they used the around 9,000
videos for training and the remaining videos for testing. The classification model consisted of the C3D
architecture, used to extract features from the videos, and a linear SVM classifier, used to classify the videos.
The model achieved state-of-the-art accuracies on both datasets, at the time, showing its ability to capture
spatio-temporal features from videos.

This architecture quickly became popular in action recognition tasks and a variety of methods and state-of-
the-art models used it as a backbone. The popularity of this model led Zhang et al. in [37] to evaluate it
on the EgoGesture dataset, a dataset with 83,000 videos of 50 gesture classes, proving its applicability in
gesture recognition tasks.

4.2.2 Two Stream Network (TSN)

A video is a sequence of frames, thus it can be decomposed into spatial and temporal components. The spatial
part, in the form of individual frame appearance, carries information about scenes and objects depicted in the
video. The temporal part, in the form of motion across the frames, conveys the movement of the observer,
the camera, and the objects. Following this hypothesis, Simonyan and Zisserman in [38] proposed the Two-
Stream Network (TSN) architecture, which consists of two separate streams, one for spatial and one for
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temporal information, as shown in Fig. 4.2.2. Each stream is implemented using a deep ConvNet, followed
by a softmax activation, the outputs of which are combined by late fusion.
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Figure 4.2.2: Two-Stream architecture (from [38])

In the original paper, the authors implemented the TSN architecture using RGB frames, for the spatial
stream, and optical flow frames, for the temporal stream. Specifically, in the spatial stream, the authors
performed action recognition from still images, in contrast to the temporal stream, which used stacked optical
flow displacement fields between several consecutive frames to capture motion information. The authors
evaluated the proposed architecture on two datasets, UCF-101 and HMDB-51, and achieved promising results
in comparison with the state-of-the-art results, at the time, on both datasets.

Moreover, Chen et al. in [39] proposed a variant of the TSN architecture for gesture recognition tasks. In
this work, the authors used a dual encoder to handle RGB data and keypoint heatmaps. The dual encoder
consists of two separate encoders, one for RGB data and one for keypoint heatmaps, which are fused at the
end of the network. An encoder is a neural network architecture that takes an input and outputs a feature
representation of the input.

4.2.3 Residual Network (ResNet)

It was observed from the early stages of machine learning, that Deep neural networks extract more complex
features in the later layers, as mentioned before. The question that naturally generated from this observation
was whether the levels of features can be enriched by the number of stacked layers, improving the performance
of the network as more layers are added. However, it was observed that the performance of the network
saturates or even degrades as the number of layers increases. This phenomenon is known as degradation
problem. Unexpectedly, this problem is not caused due to overfitting and adding more layers to a suitably
deep model leads to higher training error. To address the degradation problem Kaiming He et al. proposed
the use of a deep residual learning framework, known as Residual Block in [40], as shown in Fig. 4.2.3. The
residual block is able to transfer the data from one layer to another, without any transformation, using skip
connections, thus keeping the information intact.

identity

Figure 4.2.3: Residual building block (from [40])

The authors proposed the Residual Block to solve the degradation problem, allowing deeper networks to be
trained, simultaneously solving another problem, the vanishing gradient problem. The vanishing gradient
problem is caused by the fact that the gradient of the loss function with respect to the input of a layer is the
product of the gradients of all the layers that follow it. As the number of layers increases, the gradient of the
loss function with respect to the input of the first layer becomes exponentially smaller, causing the network to
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train very slowly or not train at all. The Residual Block solves this problem by introducing skip connections,
which allow the gradient to be directly backpropagated to earlier layers. To be more precise, skip connections
reffer to the connections that skip one or more layers, connecting the input of a layer to the output of a later
layer, using an identity mapping, convolutional layers that do not perform any transformations.

So, a Residual Neural Network (ResNet) is a convolutional neural network (CNN) that uses skip connections
to allow the network to be deeper without suffering from the degradation problem and vanishing gradient
problem. According to depth of the network, various of ResNet models can be created. Some of the most
popular ResNet models are ResNet-18, ResNet-34, ResNet-50 and ResNet-101 with 18, 34, 50 and 101 layers
respectively. For instance, the ResNet-18 architecture consists of 4 stages, with each stage containing 2
residual blocks. Each residual block consists of 2 convolutional layers, each followed by a batch normalization

layer and a ReLU activation layer, as illustrated in Fig. 4.2.4.

In the original paper, the authors proposed a neural network architecture for image classification, ResNet-18,
and evaluated it on the ImageNet, a large-scale dataset with 1.2 million images and 1,000 classes. Later,
Kensho Hara et al. proposed a 3D version of ResNet in [42], for video classification tasks. Specifically, the

2D convolutional layers, as well as any other 2D operations, were replaced by 3D convolutional layers, while
the rest of the architecture remained the same.
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Figure 4.2.4: ResNet-18 architecture (from [41])

This architecture quickly became popular in video classification tasks and a variety of methods and state-
of-the-art models used it as a backbone. In action recognition specifically, ResNet variants are so popular
due to their ability to extract spatio-temporal features from RGB frames, without the need of additional
information, such as depth or skeleton data. In gesture recognition tasks, ResNet variants are also used, but
they are often combined with other architectures, such as ConvLSTM, to achieve better performance. For
instance, several ResNet variants were evaluated on the EgoGesture dataset, a dataset with 83,000 videos of
50 gesture classes, and achieved competitive results with state-of-the-art, at the time, on the dataset, proving
the effectiveness of ResNet variants in gesture recognition tasks.
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4.3 Transfer Learning

In machine learning, transfer learning is a technique where a model trained on one task is re-purposed on
a second related task. This technique works due to the fact that features learned from one task are often
useful for another task. So, training a model on a large dataset and then using the weights of the model to
train another model on a smaller dataset, often leads to better performance, as well as faster convergence,
than training the second model from scratch. Another term related to transfer learning is fine-tuning, which
refers to the process of using a pretrained model and training only the some of the last layers of the model,
instead of training the whole model from scratch.
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Figure 4.3.1: Transfer Learning illustration (from [43])

It should be noted that in transfer learning, the decision of which layers to fine-tune is crucial. As mentioned
before, the first layers of a neural network extract low-level features while the last layers extract high-level
features. So, if the task that the model was pretrained on is similar to the task that the model is used for,
then it is better to fine-tune only the last layers of the model, as the low-level features are already useful for
the new task. On the other hand, if the tasks are not similar, then it is better to fine-tune more layers, as
the low-level features are not useful for the new task. For instance, if a model is pretrained on ImageNet, a
dataset with images of objects, and is used for action recognition, then it is better to fine-tune only the last
layers, as the low-level features of the pretrained model are useful for the new task. On the other hand, if a
model is pretrained on Kinetics, a dataset with videos of actions, and is used for gesture recognition, then
it is better to fine-tune more layers, as the low-level features of the pretrained model are not useful for the
new task. All in all, the decision of which layers to fine-tune depends on the similarity of the tasks that the
model was pretrained on and the task that the model is used for.

4.3.1 Transfer Learning on Action Recognition

Kensho Hara et al. in [44] presented the results of transfer learning from the Kinetics dataset, to the UCF-
101 and HMDB-51 datasets, for 3-D ResNet variants. To be more precise, the authors trained several 3-D
ResNet variants on the Kinetics dataset and then used the pretrained weights to train the same models
on the UCF-101 and HMDB-51 datasets, two popular datasets for action recognition. In the expirements
conducted, the authors fine-tuned only the last layer, the fully connected layer, of the pretrained models,
since the experiments that allowed the fine-tuning of more layers show worse results. The results showed that
the pretrained models outperformed the models trained from scratch, as presented in table 4.1, proving the
effectiveness of transfer learning in action recognition from action datasets and that the pretrained models
can be used as backbone models for testing new architectures.
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Model UCF-101 | HMDB-51

ResNet-18 (from scratch) 42.4 17.1
ResNet-18 84.4 56.4
ResNet-34 87.7 59.1
ResNet-50 89.3 61.0
ResNet-100 88.9 61.7
ResNet-152 89.6 62.4
ResNet-200 89.6 63.5
DenseNet-121 87.6 59.6
ResNetXt-101 90.7 63.8

Table 4.1: Accuracy of pretrained models on UCF-101 and HMDB-51 datasets (from [44])

4.3.2 Transfer Learning on Gesture Recognition

When it comes to gesture recognition, transfer learning can also be used to improve the performance of
models. In [45] the authors used a pretrained model on the ImageNet dataset, a benchmark dataset for
image recognition consisting of 1.2 million images with 1000 classes, to train the model on a small set of
gestures, consisting of images categorized into 5 classes. The pretrained model was the AlexNet model
[77], a popular deep convolutional neural network consisting of 5 convolutional layers and 3 fully connected
layers. The authors fine-tuned the last layer of the AlexNet model on the small set of gestures and achieved
remarkable results, showing that transfer learning can be used to improve the performance of convolutional
neural networks on gesture recognition tasks.

Noha Sarhan and Simone Frintrop in [46], showed that transferring spatiotemporal features from action
recognition datasets is highly valuable to gesture recognition tasks, such as sign language recognition (SLR).
To be more precise, the authors used the InceptionV1 model [47], a popular deep convolutional neural network,
to extract spatiotemporal features from the Kinetics dataset. The authors then used the extracted features to
train a model on the ChaLearn IsoGD dataset, a dataset for gesture recognition consisting of videos of people
performing gestures. The results showed that the model trained on the extracted features outperformed the
at the time state-of-the-art models, proving the effectiveness of transferring spatiotemporal features from
action in gesture recognition tasks.
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4.4 Benchmark Datasets

4.4.1 Action Recognition
Kinetics

The Kinetics dataset [47] is a large-scale, high-quality dataset designed for human action recognition in
videos, as it covers a diverse range of human actions. Some of the action classes that are included in the
dataset are:

e Person Actions, for example drawing, drinking, laughing
e Person-Person Actions, for example hugging, kissing, shaking hands
e Person-Object Actions, for example opening present, mowing lawn, washing dishes

The clips are sourced from YouTube videos. Consequently, for the most part, they are not professionally
filmed or edited, and thus exhibit considerable variation in camera motion, illumination, cluttered background
and appearance of different actors and objects, as shown in Fig. 4.4.1.
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Figure 4.4.1: Sample frames for some action classes of Kinetics-700 (from kinetics-700 homepage)

The dataset has three versions:

¢ Kinetics-400
which consists of around 240,000 video clips covering 400 human action classes with at least 400 video
clips for each action class.

e Kinetics-600
which consists of around 360,000 video clips covering 600 human action classes with at least 600 video
clips for each action class.

e Kinetics-700
which consists of around 650,000 video clips covering 700 human action classes with at least 700 video
clips for each action class.

UCF-101

The UCF-101 dataset [36] is used for action recognition consisting of videos with realistic actions, as the data
are collected from YouTube. This dataset has 101 action categories and contains 13,320 videos and is an
extension of previously released datasets UCF-50 and UCF-101 dataset, which have 50 with and 101 action
categories respectively. The 101 categories of the UCF-101 dataset can be divide into 5 action types:

e Body motion, including actions like pull ups, push ups, swing
e Human-human interactions, including actions like shaking hands, hugging, kissing

e Human-object interactions, including actions like apply eye makeup, drying hair, pizza tossing
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e Playing musical instruments, including actions like playing guitar, playing piano, playing violin
e Sports, including actions like baseball pitch, basketball shooting, bench press

As mentioned before the dataset is composed of web videos, which are recorded in unconstrained environ-
ments, leading to videos exhibit camera motion, cluttered background, various lighting conditions, partial
occlusion, as well as low quality frames, as shown in Fig. 4.4.2.
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Figure 4.4.2: Sample frames for some action classes of UCF-101 (from [36])

In the original paper, the authors suggested three different train-test splits to evaluate the performance of
action recognition models. Each split has its own training and test sets, and are provided in the official
website of the dataset.

NTU-RGB-+D

The NTU-RGB+D dataset [48] is a large-scale dataset for RGB - D human action recognition. The original
dataset was introduced in the paper [78] and it was composed of 56,880 samples of 60 action classes collected
from 40 subjects. Later, the dataset was extended to the NTU-RGB+D 120 dataset, which contains 114,480
samples of 120 action classes performed by 106 subjects. The actions can be generally divided into three
categories:

e Daily actions, which contain 82 classes, including actions such as eating, writing, sitting down

e Health-related actions, which contain 12 classes, including actions such as blowing nose, staggering,
falling down

e Mutual actions, which contain 26 classes, including actions such as handshaking, pushing, hugging

Some examples of the action classes can be seen in Fig. 4.4.3.
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Figure 4.4.3: Sample frames for some action classes of NTU-RGB+D (from [79])

The actions were captured using three cameras with different horizontal imaging viewpoints, namely -45°,
0°, and +45°, while the vertical heights of the cameras, the distances of the cameras to the subjects, the
locations and the background all vary, leading to 32 different collection setups. Also, the dataset provides
multi-modality information for action characterization, including depth maps, 3D skeleton joint position,
RGB frames, and infrared sequences.

Moreover, the authors proposed a benchmark for the evaluation of action recognition models, which includes
a cross-subject and a cross-view evaluation.

e Cross-subject evaluation, where the 106 subjects are split into training and testing groups, according
to the authors with each group consisting of 53 subjects

e Cross-view evaluation, where the samples with even collection setup IDs are used for training and
those with odd setup IDs are used for testing

HMDB-51

The HMDB-51 dataset [49] is a large collection of realistic videos from various sources, including movies and
web videos. The dataset is composed of 6,766 video clips divided into 51 action categories. These categories
can be grouped in five action types:

e General facial actions, including actions like smile, laugh, talk

e Facial actions with object manipulation, including actions like smoke, eat, drink

e General body movements, including actions like cartwheel, clap hands, climb

e Body movements with object interaction, including actions like brush hair, catch, draw sword
e Body movements for human interaction, including actions like fencing, hug, kiss

The HMDB-51 dataset contains actions, from daily acitvities as shown in Fig. 4.4.4 which vary in motion
rather than static poses and can thus be seen as a valid contribution for the evaluation of action recognition
systems as well as for the study of relative contributions of motion and static appearance information.
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Figure 4.4.4: Sample frames for some action classes of HMDB-51 (from [80])

4.4.2 Gesture Recognition
Chalearn IsoGD

The Chalearn IsoGD dataset [50] is a large-scale dataset for RGB-D gesture recognition. The dataset was
derived from the ChaLearn Gesture Dataset [81] by isolating the gestures in order to have one gesture per
video. The dataset contains 47,933 RGB-D gesture videos, with 249 gesture labels performed by 21 different
individuals. This variety of gestures is drawn from different domains, such as sign language for the deaf,
underwater sign language, helicopter and traffic signal, pantomimes and symbolic gestures, Italian gestures,
and body language, some examples of which can be seen in Fig. 4.4.5. This dataset provides a challenging
benchmark for gesture recognition due to the large number of gesture classes, as well as the presence of rgh
and depth information.

Figure 4.4.5: Sample frames for some gesture classes of Chalearn IsoGD (from [82])

NVGesture

The NVGesture dataset [51] is a large multi-modal dynamic hand gesture dataset captured with color,
depth and stereo-IR sensors. This dataset is composed of 1,532 dynamic gestures performed by 20 subjects,
categorized into 25 classes, intended for human-computer interfaces and recorded by multiple sensors.

For the collection of data, the subjects performed several types of gestures indoors in a car simulator with
both bright and dim artificial lighting. The subjects performed gestures with their right hand, while observing
the simulator’s display and controlling the steering wheel with their left hand, as can be seen in Fig. 4.4.6.
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Figure 4.4.6: Sample frames for some gesture classes of NVGesture (from [51])

EgoGesture

The EgoGesture dataset [37] is a large-scale dataset for the task of egocentric gesture recognition. Specifically,
the dataset is designed to address the challenges of recognizing gestures in a first-person perspective, in
contrast to the more commonly studied third-person perspective. This dataset contains 24,161 RGB-D video
samples frames from 50 distinct subjects, categorized in 83 classes of static or dynamic gestures specifically
for interaction with wearable devices.
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Figure 4.4.7: Sample frames for some gesture classes of EgoGesture (from [37])

Jester

The Jester dataset [52] is a large-scale, real-world dataset for dynamic gesture recognition. The data have
been collected with the help of 1,376 different subjects performing gestures in front of a laptop camera or a
webcam in their unconstrained environments, thus providing a significant variation in the background and
appearance among actors, as shown in Fig. 4.4.8.
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Figure 4.4.8: Sample frames for some gesture classes of Jester (from [83])

This dataset consists of 148,092 video clips in total categorized into 27 classes, which include 25 gesture
classes and two classes, that should not be recognized as any particular movement, one "No Gesture" and
one "Doing Other Things" class. From the 25 gesture classes, 5 classes are considered as static gestures,
for instance "Thumb Up", "Thumb Down", while the remaining classes require distinguishing between fine-
grained visual details, for example "Zooming Out With Two Hands", "Zooming In With Full Hand". The
"No Gesture" category presents a video of a person sitting or standing still, while the "Doing Other Things"
category is a collection of various activities, that a user of a human-computer interface might perform without
intending to communicate with the system. This approach makes the system more robust to false positives,
as it is less likely to confuse a gesture with a non-gesture class.
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5.1 Overview

Multi-task learning (MTL) is a subfield of machine learning introduced by Caruana in [53], in which multiple
tasks are solved simultaneously, while exploiting commonalities and differences across tasks. Multi-task
learning reflects the learning process of human beings more accurately than single task learning (STL). Any
time that a human attempts to learn something new, tremendous amount of prior knowledge is brought to the
table. Similar to humans, neural networks require such numerous training examples and computation time,
when none prior knowledge is used. So, MTL architectures increase data efficiency and can potentially yield
faster learning speed, helping to reduce the need for large-scale data requirements and large computational
resources.
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Figure 5.1.1: Comparison of single task learning (left) with multitask learning (right) (from [84])

5.1.1 Task Definition

Before diving deeper into the details of MTL, a definition of what a task is essential. A task is a specific
learning problem, with its own objective function and its own set of data, that a model needs to solve. A task
can be defined as a category of machine learning problem, such as classification or regression. For example,
in computer vision tasks could be image/video classification, object detection or semantic segmentation.
Moreover, a task T* is usually accompanied by a training dataset D? consisting of n’ training samples, i.e.,
D' = {z%,ys}, for j =1,...,n’, where 2 € R is the jth training instance in D* and y/ is its label. We denote
by X the training data matrix for 7%, i.e., X" = (2, ..., 2, ), as defined by Zhang and Yang in [54]. So, tasks
can be also distinguished by their datasets, as well as the type of data they use. For example, different dataset
can denote different tasks and different tasks can use different modalities, such as rgb, depth, skeleton.

5.1.2 Multi-task Learning Types

As mentioned before, tasks can be distinguished by their datasets, types of data they use and their objective
functions. So, multi-task learning methods can be split into two types, according to the type of tasks they
solve, in homogeneous and heterogeneous MTL.

e In Homogeneous MTL
or same-domain MTL, all tasks are of the same type. For example in computer vision, all tasks could
be image/video classification tasks.

e In Heterogeneous MTL
or cross-domain MTL, different tasks are of the different type. For example in computer vision, one
task could be an image/video classification task, while another task could be an object detection task.

Also, multi-task learning methods can be divided into two types, according to the type of data they use, in
homogeneous-feature and heterogeneous-feature MTL.

e In Homogeneous - feature MTL
or same-modality MTL, the features, used in each task, are of the same type, meaning that for samples
of d; from D; and d; from Dj, d; equals d; for any i # j. For example in computer vision, both tasks
could use rgb features.
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e In Heterogeneous - feature MTL
or cross-modality MTL, the features, used in each task, are of the different type, meaning that for
samples of d; from D; and d; from Dj, d; does not equal d; for any ¢ # j. For example in computer
vision, one task could use rgh features, while another task could use skeleton data.

Moreover, multi-task learning methods can be further categorized into two types, according to the datasets
they use, in same-dataset and cross-dataset MTL.

e In Same-Dataset MTL
all tasks use the samples of the same dataset.

e Cross-Dataset MTL
different tasks could use samples from different datasets.

5.1.3 What tasks to share?

Though multi-task learning may be beneficial in many cases, learning concepts for multiple tasks does bring
difficulties, which single task learning is not dealing with. In particular, some tasks may have conflicting
needs. In this case, increasing the performance of a model on one task will hurt performance on a task with
different needs, leading consequently to inferior overall performance. This phenomenon is called negative
transfer or destructive interference. Negative transfer can occur when the tasks are not related to each other,
or when the tasks are related to each other, but the weight sharing method used in the MTL model is not
suitable for the tasks. So, two questions arise.

e Which tasks should be learned together?
The tasks should be related to each other, so that the model can exploit the commonalities and differ-
ences across tasks.

e How should the tasks be learned together?
The weight sharing method should be suitable for the tasks, so that the model can exploit the com-
monalities and differences across tasks.

But the answer to these questions is not binary. The answer depends on the tasks, the datasets, the weight
sharing method used in the MTL model, as well as the overall architecture and methods used to optimize the
parameters of the model. So, whether two tasks should be learned together or not, is a question that needs to
be answered on a case by case basis. Even if destructive interference occurs, it does not mean that the MTL
model is not useful. One approach to alleviate negative transfer is to weight each of the losses to prevent
tasks from overpowering others due to loss scale differences [55]. Also, several research on task relatedness
has been conducted, such as Standley et al. in [56], where they proposed a framework to determine the most
beneficial task grouping for a given set of tasks.
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5.2 Weight Sharing Methods

When designing a multi-task learning architecture, there are many different factors to consider, such as the
portion of the model’s parameters that will be shared between tasks, and how to parameterize and combine
task-specific and shared modules. Many of the proposed architectures for MTL try to balance the degree of
information shared between tasks, as too much sharing will lead to negative transfer and can cause worse
performance of joint multi-task models than individual models for each task, while too little sharing does not
allow the model to effectively leverage information between tasks. Though, there are many different ways to
share information between tasks, the most common ones are hard parameter sharing, soft parameter sharing
and task routing.

5.2.1 Hard Parameter Sharing

Hard parameter sharing, introduced by Caruana in [53], is the most commonly used approach to MTL in
neural networks, due its simplicity and effectiveness. It is generally applied by sharing the hidden layers
between all tasks, while keeping several task-specific output layers, as can be seen in Fig. 5.2.1. The shared
layers are trained jointly on all tasks, while the task-specific layers are trained independently on each task.
The shared layers are usually the first layers of the network, while the task-specific layers are the last layers
of the network. The intuition behind this approach is, that the shared layers will learn features, that are
useful for all tasks, as early layers in a neural network learn more general features, while the task-specific
layers will learn features that are only useful for their specific task.
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Figure 5.2.1: Hard Parameter Sharing scheme (from [57])

Hard parameter sharing greatly reduces the risk of overfitting, as proven by Baxter in [85]. In particular,
the risk of overfitting the shared parameters is an order NV - where N is the number of tasks - smaller than
overfitting the task-specific parameters, i.e. the output layers. This observation can be explained as that the
more tasks are learned simultaneously, the more the shared layers are forced to learn a representation that
captures all of the tasks, and the less is the chance of overfitting on the original task. Obviously, learning
more and more tasks underlies the risk of negative transfer, as the shared layers may learn a representation
that is not useful for any of the tasks. This is why it is important to choose the right amount of tasks to be
learned simultaneously, as well as the right amount of shared layers.

5.2.2 Soft Parameter Sharing

Soft parameter sharing, in contrast to hard parameter sharing, is a more flexible approach to MTL, that
allows for more information sharing between tasks, as well as more task-specific layers. To be more specific,
in soft parameter sharing, each task has its own model with its own parameters. The distance between the
parameters of the model is then regularized to be similar to each other, as shown in Fig. 5.2.2. This is achieved
by adding a penalty term to the loss function, that penalizes the difference between the parameters of the
shared layers. Various regularization terms have been tested. For example, Yang and Hospedales used the
trace norm in [86], which is the sum of the singular values of a matrix, while usually the regularization term is
the L1 norm or the Ly norm of the difference between the parameters of the shared layers. The regularization
term is oftern weighted by a hyperparameter A, that controls the amount of information sharing between
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tasks. The higher the value of A\, the more the shared layers are forced to learn a representation that captures
all of the tasks, and the less is the chance of overfitting on the original task.
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Figure 5.2.2: Soft Parameter Sharing scheme (from [57])

One of the most popular soft parameter sharing methods are the Cross-Stitch Networks, introduced by Misra
et al. in [58]. The authors proposed the Cross-Stitch Networks as solution to experimenting with different
share representations according to the hard parameter sharing method. As mentioned in the previous,
different amount of sharing tends to work best for different tasks, so to evaluate multi-task learning between
to tasks, every possible combination of shared layers should be tested. This search of optimal weight sharing
of a model’s layers demonstrated using the hard parameter sharing method in Fig. 5.2.3, still lacks control
of the amount of information shared in each layer.

Generic Network Reducing sharing between tasks — Specific Network

All Parameters Shared No Parameters Shared

Split fc8 Split fc7 Split fc6 Split convh Split conv4 Split convd Split conv2

Figure 5.2.3: Different shared layers according to the hard parameter sharing method (from [58])

In particular, Cross Stitch Networks consist of a stack of N networks, one for each task, that are connected
by cross-stitch units, as shown in Fig. 5.2.4. The cross-stitch units are trained jointly with the rest of the
network, and the optimal combination of the outputs of the two networks is learned automatically. The
layers that are connected by cross-stitch units are not necessarily the same for all tasks. For example, in the
original paper, the authors experimented on AlexNet [87] applying cross-stitch units after every convolution
activation map and after every pooling activation map, and found the latter performed better.
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Figure 5.2.4: Cross stitch units applied on AlexNet (a popular CNN model) (from [58])
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Cross-Stitch units try to find the best shared representations for multi-task learning. Each cross-stitch unit is
a differentiable module, aiming to learn the optimal linear combination for a given set of tasks, as depticted
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in Fig. 5.2.5.
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Figure 5.2.5: Cross Stitch Unit (from [58])

For instance, for two tasks, cross-stitch units are applied between layers of the task-specific models. At each
layer of the network, these units learn a linear combination of the activation maps of the two tasks. For two
activation maps x4, rp from layer [ the cross-stich unit learns linear combinations T 4, T, parameterized
by «. In particular, at location (4,7) in the activation map the following equations hold:

[zﬂ = {O‘AA O‘AB} [wﬂ (5.2.1)

g aBA QBB| |xpg

where a44 and apgp can be renamed as ag, the same-task values, since they weigh the activations of the
same task, while a4p and ags can be renamed as ap, the different-task values, since they weigh the
activations of another task. By varying ag and ap values, the unit can decide between shared and task-
specific representations, or choose a middle ground if needed.

5.2.3 Task Routing

A more flexible approach to MTL proposed by Strezoski et al. in [59] is Task Routing Networks, which allow
for fine-grained parameter sharing between tasks, that occurs at the feature level instead of the layer level.
The novel component of this architecture is the Task Routing Layer, which applies a task-specific binary mask
to the output of a convolutional layer, to which it is applied, zeroing out a subset of the computed features
and effectively assigning a subnetwork to each task which overlaps with that of other tasks, as illustrated in
Fig. 5.2.6.

TASK ROUTES (MASKS) ROUTING MODULE TASK SPECIFIC MASK

aaaaaaaaaaas
000 0000

Figure 5.2.6: Activation of task specific convolutional layers according to task routing layer (from [59])

The binary masks are not learned, instead they are randomly initialized at the beginning of training and
fixed from that point on. Although this random initialization does not allow for the possibility of a principled
parameter sharing scheme between tasks, the user still has control over the degree of sharing between tasks
through the use of a hyperparameter o, known as the sharing ratio. The parameter o takes values between 0
and 1, specifying the proportion of units in each layer, which are task-specific, and the random initialization
of the binary masks in each layer are executed in a way to fit this constraint.

A Task Routing Layer (TRL) contains a task specific binary mask applied over the input of a convolutional
layer, performing a conditional feature-wise transformation, that generates a masked output, which is then
propagated to the next convolutional block. The feature-wise transform applied to the convolutional output
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can affect the local running mean and variance, so the TRL is placed right after the batch normalization
layer if present, as shown in Fig. 5.2.7.

’ i | CONVOLUTION |
CONVOLUTION | *
¢ | BATCH NORMALIZATION |
l BATCH NORMALIZATION | +
¢ | TASK ROUTING LAYER (TRL) |
’ ACTIVATION (RELU) | +
* | ACTIVATION (RELU) |

Figure 5.2.7: Task Routing Layer placement within a convolutional block (from [59])

5.2.4 Advanced Weight Sharing Methods

Besides the aforementioned weight sharing methods, there are more advanced ones, that try to combine the
advantages of hard and soft parameter sharing. One of them is the Learned Weight Sharing (LWS) method,
introduced by Prellberg et al. in [60], aiming to define an algorithm to learn the assignment between a shared
set of weights and task-specific layers.

In Fig. 5.2.8 some different weight sharing techniques to solve a three-task MTL problem are shown. Each
box depicts a network layer and the letters denote different weights. Colored partitions in each box illustrate
which tasks share weights for that layer. So in a brief overview, this approach aims to liberate the weight
sharing from restrictive approaches like hard parameter sharing, where all tasks share the same weights for
a layer, or soft parameter sharing, where all tasks share the same weights for a layer, but with a penalty
term to encourage similarity. Instead, LWS learns a task-specific assignment of weights to tasks, which is
a more flexible approach, converting MTL into a task-assignment problem from previous data-dependent
approaches.

No sharing Full sharing Learned sharing
i
[a B C] [aA A a]
[DE F] [B B B]
l |
[ H 1] [c c ]
l |
[0k L] [D b p]
[M N o] [E F G]
] ]

Figure 5.2.8: Different weight sharing methods between task specific neural networks (from [60])

In particular, to create a LWS multi-task model any neural network architecture is chosen as the base
architecture and is duplicated once for each task to create task-specific networks. The last layer of each
task-specific network is modified to have the appropriate number of outputs for the task, similar to the hard
parameter sharing method. For the shared layers, a set of K weights is created and all of the N task-specific
network layers are assigned a weight from its corresponding set. By assigning the same weight to multiple
task-specific networks, weight sharing is achieved. The problem is now to find good assignments between
the weights and task-specific network layers and at the same time train the weights themselves. To achieve
this, the authors propose to use two optimization algorithms, one for the assignment problem and one for
the weight optimization. Specifically, the assignment problem is solved with the Natural Evolution Strategy
(NES) algorithm and the weight optimization is solved with Stochastic Gradient Descent (SGD) algorithm.

Natural Evolution Strategy refers to a class of black-box optimization algorithms, that update a search
distribution in the direction of higher expected fitness using the natural gradient of the expected fitness.
The natural gradient is an alternative to the standard gradient, that takes into account the curvature of the
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parameter space, i.e., the second derivatives of the loss function with respect to the parameters, to adjust
the learning rate for each parameter.

The search for good assignments and layer weights is cast as an optimization problem, expressed as follows:

min f(6, a), (5.2.2)

0,

where f : @ x A — R is the loss over all tasks, 8 € O is a vector of all layer weights, and a € A is an assignment
of weights to task-specific network layers. The loss function f is differentiable wrt. 6, but black-box wrt.
a. So, the authors propose a stochastic version of the problem, by introducing a probability distribution 7
over the set of all possible assignments of weights to task-specific network layers A with a probability density
function p(a|m) - a statistical expression that defines a probability distribution for a continuous random
variable, meaning that the probability of the random variable falling within any particular range of values
can be computed by integrating the probability density function over that range. The optimization problem
is then described as follows:

min J(0,7) = E;[f(0,a)]. (5.2.3)

0,7

This stochastic formulation makes the assignments able for optimization through 7 using the NES algorithm,
but requires to sample assignments for the calculation of the gradient wrt. 6. The idea here is to turn
the discrete, non-differentiable optimization problem over the assignments « into a continuous, differentiable
optimization problem over the parameter m. This is done by introducing a probability distribution over
the assignments and optimizing the parameters of this distribution. In practice, this means that instead of
directly choosing the assignments, the algorithm chooses the parameters 7, and the assignments are then
sampled from the probability distribution defined by these parameters. The optimization problem is then
solved by alternating between the following optimization steps.

Assignment Optimization

In order to optimize m while keeping 6 fixed, the assignments of weights ay, ..., ay distributed according to
p(alm) are sampled and their loss values I; = f(0, ;) are calculated on the same batch of training data for
all assignments. The authors then propose to use a Monte-Carlo estimate, with population size A, of the
gradient of the loss function wrt. 7 as follows:

A
1 s
VeJ(0,m) ~ o E u; V. log p(ay|m), (5.2.4)

T =1

where u; denote the utility values, which are created by fitness shaping to make the algorithm invariant to
the scale of the loss function. Loss values [; are transformed into utility values using the following expression:

li—1
Ar—1

u=2- 1. (5.2.5)

The gradient is then used to update the parameters of the probability distribution 7 with learning rate 7,
according to the following step in the direction of V. J (0, 7):

T4+ 0V J(0,7). (5.2.6)

Weight Optimization

In order to optimize 6 while keeping 7 fixed, the authors used a Monte-Carlo approximation. In particular,
the assignments of weights to task-specific network layers ay, ..., ay, distributed according to the pdf p(«|r)
are sampled and backpropagation is performed for each sample. The same batch of training data is used for
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the backpropagation step throughout this process for every assignment. The resulting gradients Vg f (6, ;)
are averaged over all assignments, so that the final gradient is described by the following equation:

Ao
Vo J(0,7) ~ %Zng(@,ai). (5.2.7)

i=1

Using this gradient, 0 is updated by SGD with learning rate 7y, according to the following step:

0 —neVJ(O, ). (5.2.8)

So, the LWS algorithm by alternating between the assignment optimization step and the weight optimization
step finds the optimal assignment of shared weights to task-specific network layers and the optimal weights
for each layer. For instance, in Fig. 5.2.9, given a total of N = 12 layers and K = 3 weights per weight set,
the most probable assignment of weights is depticted, which is used for inference.

Base Layer Task-specific Task-specific Task-specific
architecture  weights network 1 network 2 network 3
A B C m=[0.1, 0.2, 0.7] n=[0.1, 0.1, 0.8] [A]m=l05,02 03]
D [D]m=10.7,0.2,0.11 [E]m=l0.3. 06, 011 [E]mo=10.1, 05, 04]
G [G]m=(0.8. 01,011 [H]m=(0.1,08 011 [G]mi=(0.6.03 0.2]
J [K]m=004.05,011 [J]me=10.4,03, 03] n:,=10.2, 0.2, 0.6]
N/A C ] [ ] L |

Figure 5.2.9: Example of how learned weight sharing shares information between task specific neural
networks (from [60])

105



Chapter 5. Multitask Learning on Action and Gesture Recognition

5.3 Multitask Loss Calculation Methods

Another important factor to consider when designing a multi-task learning architecture is how the multitask
loss is calculated. The term multi-task loss reffers to the total loss combining the losses across all tasks,
which is used to update the parameters of the model for all the tasks, as shown in Fig. 5.3.1.

Liotart = Z w;L; Multitask
(oo o oo oo {2

Task Specific
Network A

Task Specific
Network B

Task Specific
Network C

Figure 5.3.1: Multi-task Loss Calculation scheme

The most common methods for calculating the multi-task loss are the average loss calculation, the uncertainty
in weighing losses and the dynamic weight average.

5.3.1 Average Loss Calculation

The multi-task loss can be calculated as the average of the losses of all tasks. This method is the simplest
and most straightforward way to calculate the multi-task loss, as it treats all tasks equally. However, it does
not take into account the difficulty of each task, which can lead to suboptimal results. The mathematical
formulation of the average loss calculation is:

N
1
Lure = > L, (5.3.1)
i=1

where NNV is the number of tasks and £; is the loss of the i-th task.

Another way to calculate the multi-task loss is to use a weighted average, where each task is assigned a weight
based on its importance. Although this method takes into account the difficulty of each task, the weights
are decided in advance of the training of the model and do not change during training, making this approach
quite arbitrary.

5.3.2 Uncertainty in Weighing Losses

In order to take into account the difficulty of each task, weights need to be assigned to each task. Following
this method, the performance of the model depends heavily on the selection of weights, while searching for
these optimal weightings is computationally expensive and time-consuming, especially for large models with
numerous tasks.

In [61] A. Kendall et. al. propose a method to calculate the multi-task loss based on the uncertainty of
weighing each task, meaning that the knowledge of which task is more important, in order to reach the
optimal solution, is not known in advance and needs to be learned during training. To be more specific, the
uncertainty in weighing losses method is defined as assigning a weight to each task, which is learned during
training, based on the minimization of an objective function, that describes the model.

This method for calculating the multi-task loss is based on the idea that the uncertainty of each task can
be used to determine the weight of the task. This approach falls under the category of task-dependent or
homoscedastic uncertainty, which captures the uncertainty with respect to information which our data cannot
explain but is independent on the input data. It is a quantity, which stays constant for all input data and
varies between different tasks, that is why it can be described as task-dependent uncertainty.
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The mathematical formulation of the uncertainty loss calculation for two tasks is:

1 1
Lyrrn(w, ay,az) = gﬁl(w) + ?ﬁz(’LU) +log(ay) + log(as) (5.3.2)
1 2

where a1 and s are the uncertainty weights for the two tasks, positive scalar, interpreted as the temperature
in a Boltzmann distribution, where magnitude of these parameters determines how uniform (flat) the discrete
distribution is and w is the model’s parameters.

In practice, the network predicts the log variance, o; := log(a?), in order to be more numerically stable than
regressing the variance, as the loss avoids any division by zero. Although, providing a way to choose better
weights for the tasks, while training, the mathematical implementation is not optimal, as it leads to negative
values for the variance, which is not acceptable in the context of uncertainty estimation. Solution to this
problem is suggested in [62] from Liebel et. al., where the authors alter the uncertainty loss calculation to
avoid negative values for the variance, by converting the regularization term log(a?) to log(1 + a?).

So, the new mathematical formulation of the uncertainty loss calculation for two tasks, referenced to as
automatic weight loss, is:

1 1
Lyrr(w, aq,a0) = ﬁﬁl(w) + ?ﬁg(w) +log(1 + a2) +log(1 +a3) . (5.3.3)
1 2

5.3.3 Dynamic Weight Average

Another method for calculating the multi-task loss is the dynamic weight average calculation [63], which
assigns a weight to each task based on the rate of change of loss for each task during during previous
iterations. It is easily implemented as it requires only the numerical values of the losses of each task at the
current and previous iterations.

The mathematical formulation of the dynamic weight average loss calculation is:

k
Larr =Y Me(t)Lk,

i=1 (5.3.4)
Lot —1)

_ Kexp(wg(t—1)/T) k
Ly(t—2) "~

2 exp(wi(t =1)/T)

>\k (t) 5 with wk(t — 1) =

where Lj, is the loss of the k-th task, T is the temperature term which controls the softness of task weighting,
with large values resulting in a more even distribution between different tasks, wy(t — 1) is the weight of the
k-th task at time ¢ — 1 and A\ (t) is the weight of the k-th task at time t.

In the implementation, the loss value Lk (t) is calculated as the average loss over several iterations, so it
reduces the uncertainty from stochastic gradient descent and random training data selection. For t = 1,2 the
weights wy (¢) are initialized to 1, but any non-balanced initialisation based on prior knowledge could also be
introduced.

In practice, the dynamic weight average method will assign higher weights to tasks with lower loss rates,
which means that the model will focus more on tasks that are improving more slowly, in order to achieve a
better overall performance.
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5.4 Other Approaches

Multi-task learning methods have been used in the past for action recognition and gesture recognition tasks,
to improve the performance of the algorithms. In this section, some of the most important multi-task learning
approaches, that have been used in action and gesture recognition, are presented.

5.4.1 Previous Work on Multi-task Learning in Action Recognition

On way to leverage from multi-task learning is to train a model on multiple datasets, that have the same
modality. Karen Simonyan and Andrew Zisserman in their work [38] proposed the popular Two-Stream
Convolutional Neural Network (TSN) architecture, which achieved remarkable results in video classification.
This model needed a great amount of training data to achieve good performance, but in action recognition,
where it was tested, the benchmark datasets of the time were not large enough. To address this issue, they
proposed a multi-task learning approach so that the model could be trained on data from different datasets.

In particular, the network was trained on two datasets, the UCF-101 and the HMDB-51 datasets, which
consist of videos of mostly different human actions, but they have the same modality, which is RGB data.
So, a simple combination of the two datasets was not feasible, due to the fact that the datasets had action
categories that overlapped. Instead, they proposed a multi-task learning approach, where the model shares
the parameters of the first layers of the network, but has separate branches for the last layers, corresponding
to the different datasets. Each of the layers is equipped with its own loss function, which operates only on
the videos, coming from the respective dataset. The overall training loss is computed as the sum of of the
losses of the individual tasks and the network weight derivatives can be found by backpropagation.

The results showed that the network was able to generalize better on both datasets, compared to training on
each dataset separately, thus showing the benefits of multi-task learning in cross-dataset action recognition
with the same modality.

Another way to benefit from multi-task learning is to train a model to perform different tasks or using
different modalities. In the work of [64], the authors proposed a multi-task framework for jointly estimating
2D or 3D human poses from monocular color images and classifying human actions from video sequences.
The goal of this multi-task method is to jointly handle pose estimation and action recognition, prioritizing
the use of predicted poses on action recognition, while benefiting from shared computations between the two
tasks. An overview of the multi-task learning framework is shown in Fig. 5.4.1.
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Figure 5.4.1: Overview of the multi-task network (from [64])

The multi-task network can operate into two distinct modes, so it can handle both poses and actions. In the
first mode, the single frame processing mode, the network processes a single frame to estimate poses so only
the layers related to pose estimation, the layers corresponding to the blue arrows in the figure above, are
active. In the second mode, the video clip processing mode, the network processes a video clip to estimate
poses and classify actions, so all the layers are active. In this mode, the information flow from single frame
processing layers, corresponding to pose estimation, and from video clip processing layers, corresponding to
action recognition, are independently propagated from one prediction block to another.

The prediction block perfmors computations to handle multimodal data (single frames and video clips) in a
unified way, in order to predict poses and actions simultaneously and re-injected these predictions into the
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network for further refinement. To be more precise, the prediction block consists of three tensors : a tensor
of single frame features, which is propagated from one prediction block to another, a tensor of video clip
features, exclusively used for action predictions, also propagated from one prediction block to another and a
tensor of multi-task (single frame) features used for both pose and action. The tensor of multi-task features
performs upscaling, downsampling computations as well as convolutions, to handle the multimodal data in a
way that the network can integrate high level pose information with low level visual features.

5.4.2 Previous Work on Multi-task Learning in Gesture Recognition

In gesture recognition, multi-task learning has also been used to combine different tasks. To be more precise,
in the work of [65], a multi-task learning framework to handle gesture segmentation and gesture recognition
was proposed. A convolutional neural network is used learn segmentation information with depth modality
supervision during the training process, while requiring only RGB modality during inference. The depth
modality contains prior information for the location of the gesture, thus it can be used as the supervision for
gesture segmentation. The proposed architecture achieves better results than the state-of-the-art methods of
the time, proving the benefits of multi-task learning in gesture recognition.

5.4.3 Previous Work on Multi-task Learning with Transfer Learning

As mentioned in the previous sections, in multi-task learning tasks are learned in parallel during training,
requiring the parameters of the model to be trainable during the whole training process, while in transfer
learning a model is trained on a source task and then fine-tuned on a target task, requiring some of the
parameters of the model to be "frozen", not trainable, during the training of the target task. Although, these
two methods are different, they can be combined to improve the performance of the model.

In [66] the authors proposed a multi-task learning framework, that combines multi-task learning with transfer
learning, to improve the performance of the model. To be more specific, the model is trained in two phases.
In the first training phase the model is trained on multiple tasks simultaneously, according to the multi-task
learning theory, and then this model is used as a pre-trained model for single-task learning on the tasks, that
were used in the multi-task learning part, thus following a transfer learning scheme. The results showed that
the proposed method outperformed the single-task learning, as well as the multi-task learning, performances
for the tasks.
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5.5 Proposed Method

This diploma thesis experiments on the effectiveness of multitask learning in combining the tasks of action
and gesture recognition. Since, the answer to the question of whether multitask learning can be used to jointly
train two tasks is not binary, different multitask learning architectures are implemented and tested, to evaluate
their performance. Specifically, the three different MTL models, that were implemented, follow different
weight sharing methods, hard parameter sharing, soft parameter sharing and a more complex method aiming
to leverage the advantages of both hard and soft parameter sharing, respectively. The proposed multitask
learning approach falls into the category of cross-dataset, since the two tasks are trained on different datasets.
Also, it can be considered as a homogeneous multitask learning approach, since the two tasks are of the same
type, classification and specifically they are recognition tasks. Lastly, the proposed approach can be further
categorized as a homogeneous-feature multitask learning approach, since the two tasks use RGB data as
input.

Moreover, the proposed idea is extented to evaluate the three different MTL architectures on combining the
tasks of gesture recognition using different modalities, RGB and Depth data. This alternative approach falls
into the category of cross-modality multitask learning, since the two tasks are trained on different modalities,
RGB and depth. Also, it can be considered as a same-dataset multitask learning approach, since the two
different modalities are of the same dataset. Lastly, the proposed approach can be further categorized
as a homogeneous multitask learning approach, since both modalities are used for the same task, gesture
recognition.

5.5.1 Video Preprocessing

In computer vision, deep learning models have a fixed input size, but on the other hand, videos could have
variable length. So, the videos need to be preprocessed to be of a fixed length. Some of the most common
methods to preprocess videos are to split each video in clips of fixed frame length or to sample a fixed number
of frames from each video.

Video Split in Clips

In this approach, each video is split into clips of a fixed frame length. A standard frame length F' is chosen
and then the number of clips per video is calculated by dividing the total number of frames of the video by
the length of the clip and rounding up to the nearest integer. After, the clips are created by taking the first
F frames of the video, then the next F' frames and so on, until the end of the video. The step between the
start of a clip and the start of the next clip is possible to not be equal to the length of the clip, so overlapping
clips are created. Following this splitting technique, each video corresponds to a number of clips. These clips
are then used as samples for the model, leading to two methods to evaluate the model’s performance, per
video and per clip.

e Per Video: The model is trained and tested on the clips of each video separately. The model’s
prediction for each video is extracted by the average of the predictions of its clips.

e Per Clip: The model is trained and tested on each clip separately. The model’s prediction for each
clip defines and its performance.

This approach has the advantage of using the whole video as input to the model, but it has the disadvantage
of creating a large number of samples, which can lead to computational inefficiency.

Video Sampling

In this approach, a fixed number of frames is sampled from each video. A standard number of frames N is
chosen and then the frames are downsampled or upsampled to match the number of frames to N. A common
method to downsample frames is to sample the frames uniformly, while a common method to upsample
frames is to let the video complete and the missing frames are filled with the last frame of the video, creating
a still video after the video.

This method has the advantage of creating a fixed number of samples for each video, which leads to compu-
tational efficiency, but it has the disadvantage of lowering the video’s temporal information clarity.
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In this diploma thesis, the video sampling method is used to preprocess the videos, due to its computational
efficiency and previous work successfully used it without hurting the performance of the model. The number
of frames NN is chosen to be 32, which is a common number of frames used in video classification tasks.

5.5.2 Multi-task Dataset

The two proposals for the multi-task learning approach on action and gesture recognition and on RGB and
Depth require samples of different datasets and different modalities respectively. So, the standard dataset
structure, where batches of samples are created from the same dataset of the same modality, is not applicable.
Instead, the dataset is implemented according to the multi-task learning dataset structure implemented in
[60]. Specifically, J. Prellberg and O. Kramer first split the dataset into subsets to create task specific
datasets. Then, they combined these task specific datasets into a dataset, where each sample is a dictionary,
with keys representing the tasks and values representing the samples of the tasks, as can be seen for a two
task example in Fig. 5.5.1. This dataset structure is a multi-task dataset and is followed in this diploma
thesis.

task A : batched samples
task B : batched samples

Multi-task
Dataset

task A : batched samples
task B : batched samples

Figure 5.5.1: Multi-task Dataset Structure

For the multi-task dataset consisting of actions and gestures the action and the gesture datasets were combined
as explained before, so that each sample of the multi-task dataset is a dictionary with keys representing the
tasks of action and gesture recognition and values representing the samples of the tasks, correspondingly.
For the multi-task dataset consisting of RGB and Depth modalities, using a similar approach led to each
sample of the dataset to be a dictionary with keys representing the modalities of RGB and Depth and values
representing the samples of the modalities, respectively.

5.5.3 Multi-task Learning Architectures

The weight sharing methods used to achieve the joint parameter optimization of the two tasks as multi-task
learning literature suggests are hard parameter sharing, soft parameter sharing and learned weight sharing.
These methods are so robust that any deep learning architecture can be used as a backbone model for the
multi-task learning framework. In this diploma thesis, the model used as a backbone model is the ResNet-18
3D. The ResNet-18 3D architecture is chosen because it is a widely used architecture for video classification
tasks and many variants of it exist that can be used for better fitting the data. Also, the ResNet-18 3D has
publicly available pre-trained weights on the Kinetics-400 dataset, which can be used for better performance
on the tasks individually.
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3XTXT conv, 64
3x3x3 conv, 256

Figure 5.5.2: ResNet-18 3D architecture

To be more specific, the ResNet-18 3D takes as input a 5-D tensor representing a 4-D volume or video clip.
The dimensions typically include the batch size, the number of channels, the depth, the height and the width
of the input data. As illustrated in Fig. 5.5.2, the ResNet-18 3D model is a 3D convolutional neural network
architecture, which is a variant of the ResNet architecture, that is designed to work with 3D data, such as
video data. Specifically, the ResNet-18 3D architecture consists of 18 layers, including 17 convolutional layers
and 1 fully connected layer. Each group of coloured convolutional layers in the figure represents a ResNet-
Layer, which is a set of Residual Blocks. Consequently, each Residual Block is a group of convolutional layers,
that are connected by a skip connection. Each convolutional layer is followed by a batch normalization layer
and a ReLU activation function, which are not depticted in the figure for simplicity. The skip connections,
on the other hand, are used to add the input of a layer to the output of a layer further down the network, so
downsampling is performed on the input of the residual block to match the dimensions of the outputs using
a max pooling layer. The skip connection allows the gradient to flow through the network more easily, which
helps to prevent the vanishing gradient problem.

So, this architecture is altered to fit the different weight sharing methods in each multi-task learning approach
tested. In all three multi-task learning approaches, the first layers use pretrained weights from the Kinetics-
400 dataset, while the last layers are trained from scratch, as represented with a red colour outline and green
colour outline correspondingly, as can be seen in Fig. 5.5.3, Fig. 5.5.4 and Fig. 5.5.5. This is done to leverage
the advantages of transfer learning, while also allowing the model to benefit from multi-task learning.

Hard Parameter Sharing

As mention before, the hard parameter sharing method is achieved by sharing some of the hidden layers
between all tasks, in order to let all tasks optimize these layers’ parameters jointly, while some layers are
implemented to be task-specific and are trained independently on each task. According to this hypothesis,
the ResNet-18 3D architecture keeps all but the last layer the same and the last layer is replaced by two
task-specific output layers, as can be seen in Fig. 5.5.3. So, weights are shared between the two tasks up to
the last layers, which are task-specific.

3xTxT conv, G4

Figure 5.5.3: Hard Parameter Sharing ResNet-18 3D Architecture
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Soft Parameter Sharing

In the soft parameter sharing method, task specific neural networks are created and connections between
certain layers are used, thus allowing the tasks to share information. The ResNet-18 3D architecture is
altered to fit the soft parameter sharing method, as can be seen in Fig. 5.5.4. Two task-specific ResNet-18
3D architectures are created and cross-stitch units are used to connect the two architectures, so that the
tasks can share information between them. So, the weights between the two networks are jointly optimized,
with the help of the cross-stitch units, while the weights inside each network are optimized independently.
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Figure 5.5.4: Soft Parameter Sharing ResNet-18 3D Architecture

Learned Weight Sharing

In the learned weight sharing method, task specific neural networks are created and some of the layers are
shared between the networks. The ResNet-18 3D architecture is adjusted to fit the learned weight sharing
method, as can be seen in Fig. 5.5.5. As explained before, a set of weights is assigned to the shared layers to
achieve weight sharing. This set of weights as well as the weights of the model are optimized during training,
by alternative optimization steps from the Natural Evolution Strategy (NES) algorithm and the Stochastic
Gradient Descent (SGD) algorithm.
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Figure 5.5.5: Learned Weight Sharing ResNet-18 3D Architecture

5.5.4 Training Scheme

A standard dataset structure for a single task learning problem consists of batches of samples, that are drawn
from the dataset and fed through the model. A standard training scheme for a dataset like this, would be to
take all the batches of the dataset pass them through the model one by one and update the model’s weights
for each batch, according to the optimization problem of the model, which is to minimize the loss between
the model’s predictions and the ground truth labels. This process where all the batches of the dataset are
passed through the model once is called an epoch. This training process is repeated for a number of epochs,
until the model converges to an optimal solution.

The Multi-task Dataset structure used in this diploma thesis does not follow the standard dataset structure,
since the batches of the dataset consist of samples of different tasks, consisting of datasets with unequal
number of samples. This uneven distribution of samples can lead to false results in evaluation, since the
multi-task learning methods will be compared to the single task learning methods. If a training scheme that
has epochs were to be used, the performance of the model cannot be compared to the single task learning
methods, since the model in one epoch will iter through all the sample of the bigger dataset once, but for
the smaller dataset some samples will be iterated more than once in the same epoch. So, if we were to
compare the performance of the multi-task learning methods to the single task learning methods for the
same number of epochs, this approach might lead to false results, giving the impression that the multi-task
learning methods are better than the single task learning methods, but the truth will be that these models
will have seen more samples in the same number of epochs.

To avoid this problem, an alternative training scheme is implemented, for both multi-task and single task
learning methods, where the model is trained for a number of iterations, instead of epochs. In each iteration,
a batch of samples is drawn from the multi-task dataset and fed through the model. The model’s weights are
updated for each batch, according to the optimization problem of the model. This process is repeated for a
number of iterations, until the model converges to an optimal solution. This training scheme allows the model
to see the same number of samples in each iteration, so the performance of the multi-task learning methods
can be compared to the single task learning methods, since the model will have seen the same number of
samples in the same number of iterations.
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6.1 Baseline Architectures Results

In order to prove the effectiveness of the proposed ideas, the performance of each of the multi-task learning
(MTL) models will be compared against the baseline models. The baseline models are single-task learning
models (STL) trained separately on each task. The task of action recognition will be represented by two
datasets, the UCF-101 and the NTU-RGB+D dataset, while the task of gesture recognition will also be
represented by two datasets, the IsoGD and the NVGesture dataset. All models are trained using only the
RGB modality of the data. The models that are trained on gesture datasets are trained also using the depth
modality of the data, to have a baseline for the multi-modal models. The performance of the models will be
evaluated using the accuracy metric, where the accuracy is the percentage of the correctly classified samples.
Both single-task learning and multi-task learning models will be trained for 20,000 iterations, to have a fair
comparison between them.

The baseline neural network chosen to be used in the STL and MTL experiments is the ResNet-18 3D
architecture. The ResNet-18 3D architecture is chosen because it is a widely used architecture for video
classification tasks and many variants of it exist that can be used for better fitting the data. Also, the
ResNet-18 3D has publicly available pre-trained weights on the Kinetics-400 dataset, which can be used for
better performance on the tasks individually.

To be accurate we evaluate the performance of the ResNet-18 3D architecture on the UCF-101, NTU-RGB+D,
IsoGD, and NVGesture for different weight initialization for the use of pre-trained weights on the Kinetics-
400 dataset, were different amount of parameters are left trainable during the training process. Each table
describes the number of fine-tuned layers of each model, the trainable parameters and the accuracy of the
model on the respective dataset. In fine-tuned layers column, we refer to the number of Residual Layers
that are left trainable, so layer 1 refers to the first Residual Layer, which includes 4 convolutional layers as
explained before, and so the pattern goes on.

6.1.1 ResNet on UCF-101

In the following table, the performance of the ResNet-18 3D architecture on the split-1 UCF-101 dataset is
shown. From the results, it can be seen that the best performance is achieved when the weights are initialized
with the pre-trained weights on the Kinetics-400 dataset. In particular, the accuracy of the model increases
as the more layers are initialized with the pre-trained weights and keeping these weights fixed. The best
performance is achieved when all layers but the last fully connected layer are initialized with the pre-trained
weights and kept "frozen", so that they are not updated during training. This approach achieves a high
accuracy of 85.33% on the split-1 of UCF-101 dataset, due to the fact that the pre-trained weights on the
Kinetics-400 dataset are close to the optimal weights for the UCF-101 dataset.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33,218,085 23.82
Kinetics-400 ALL 33,218,085 24.12
Kinetics-400 | layers 1, 2, 3, 4 + fc 33,189,733 32.45
Kinetics-400 layers 2, 3, 4 + fc 32,746,853 41.27

Kinetics-400 layers 3, 4 + fc 31,189,093 58.26
Kinetics-400 layers 4 + fc 24,960,613 77.32
Kinetics-400 fc 51,813 85.33

Table 6.1: Accuarices ResNet-18 on UCF-101 Dataset with Fine Tuning Pretrained Model on Kinetics-400

6.1.2 ResNet on NTU-RGB-+D

The ResNet-18 3D architecture is trained on the NTU-RGB+D dataset and the results are shown in the fol-
lowing table. it can be seen that using the pre-trained weights of the Kinetics-400 dataset for the initialization
of the ResNet-18 3D architecture on the NTU-RGB+D dataset results in the better performance. The two
datasets are in comparable size and the pre-trained weights on the Kinetics-400 dataset even though they are
close to the optimal weights for the NTU-RGB-+D dataset they are not optimal. So, this architecture needs
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more trainable layers to be able to adapt to the NTU-RGB+D dataset. The best performance is achieved
when only the last 2 Residual Layers and the fully connected layer are left trainable, while the rest of the
layers are initialized with the pre-trained weights and kept "frozen". This approach achieves an accuracy of
55.29% on the subject split of the NTU-RGB+D dataset.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33,227,832 12.76
Kinetics-400 ALL 33,227,832 12.91
Kinetics-400 | layers 1, 2, 3, 4 + fc 33,199,480 22.78
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 48.18

Kinetics-400 layers 3, 4 + fc 31,198,840 55.29
Kinetics-400 layers 4 + fc 24,970,360 56.68
Kinetics-400 fc 61,560 23.45

Table 6.2: Accuarices ResNet-18 on NTU-RGB+D Dataset RGB Data with Fine Tuning Pretrained Model
on Kinetics-400

6.1.3 ResNet on IsoGD

In the following tables, the performance of the ResNet-18 3D architecture on the IsoGD dataset is shown.
On the first table, only the RGB data of the IsoGD dataset are used, while on the second one, only the
depth data of the IsoGD dataset are used. The results are similar, since both models leverage from the
information transferred from the pre-trained weights on the Kinetics-400 dataset. The best performance is
achieved when the last Residual Layer and the fully connected layer are left trainable, while the rest of the
layers are initialized with the pre-trained weights and kept "frozen". This approach achieves an accuracy of
26.92% on the IsoGD dataset using the RGB data and an accuracy of 29.8% on the IsoGD dataset using the
depth data. This behavior is due to the fact that the IsoGD dataset is a large dataset of gesture classes and
the Kinetics-400 dataset, on which the ResNet model was trained, consists of action classes. So the model
needs more trainable layers to be able to adapt to the new dataset.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33.294.009 1.4
Kinetics-400 ALL 33.294.009 1.5
Kinetics-400 | layers 1, 2, 3, 4 + fc 33.265.657 7.91
Kinetics-400 layers 2, 3, 4 + fc 32.822.777 18.42

Kinetics-400 layers 3, 4 + fc 31.265.017 25.67
Kinetics-400 layer 4 + fc 25.036.537 26.92
Kinetics-400 fc 127.737 11.75

Kinetics-400

Table 6.3: Accuarices ResNet-18 on IsoGD Dataset RGB Data with Finetuning Pretrained Model on

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33.294.009 2.2
Kinetics-400 ALL 33.294.009 2.6
Kinetics-400 | layers 1, 2, 3, 4 + fc 33.265.657 14.64
Kinetics-400 layers 2, 3, 4 + fc 32.822.777 19.63

Kinetics-400 layers 3, 4 + fc 31.265.017 23.19
Kinetics-400 layer 4 + fc 25.036.537 29.8
Kinetics-400 fc 127.737 10.6

Table 6.4: Accuarices ResNet-18 on IsoGD Dataset Depth Data with Finetuning Pretrained Model on
Kinetics-400
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6.1.4 ResNet on NVGesture

The ResNet-18 3D architecture is trained on the NVGesture dataset for the RGB and depth modalities
separately and the results are shown in the following tables. These experiments are similar to the ones on the
IsoGD dataset, since the best performance is achieved when the last Residual Layer and the fully connected
layer are left trainable, while the rest of the layers are initialized with the pre-trained weights and kept
"frozen". This approach achieves an accuracy of 25.52% on the NVGesture dataset using the RGB data and
an accuracy of 32.29% on the NVGesture dataset using the depth data.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33.182.972 1.1
Kinetics-400 ALL 33.182.972 1.3
Kinetics-400 | layers 1, 2, 3, 4 + fc 33.150.745 4.15
Kinetics-400 layers 2, 3, 4 + fc 32.707.865 18.26

Kinetics-400 layers 3, 4 4 fc 31.150.105 20.54
Kinetics-400 layer 4 + fc 24.921.625 25.52
Kinetics-400 fc 12.825 8.3

Kinetics-400

Table 6.5: Accuarices ResNet-18 on NVGesture Dataset RGB Data with Finetuning Pretrained Model on

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33.182.972 3.01
Kinetics-400 ALL 33.182.972 3.24
Kinetics-400 | layers 1, 2, 3, 4 + fc 33.150.745 7.02
Kinetics-400 layers 2, 3, 4 + fc 32.707.865 23.12

Kinetics-400 layers 3, 4 + fc 31.150.105 28.71
Kinetics-400 layer 4 + fc 24.921.625 32.29
Kinetics-400 fc 12.825 14.52

Table 6.6: Accuarices ResNet-18 on NVGesture Dataset Depth Data with Finetuning Pretrained Model on
Kinetics-400

6.1.5 ResNet on NTU-RGB-+D - split in sets of actions and gestures

The NTU-RGB-+D dataset is a large dataset containing a large number of classes including both action classes,
such as sitting down and standing up, and gesture classes, such as hand waving and clapping. In order to
evaluate the proposed MTL models, which evaluate whether the tasks of action and gesture recognition can
be learned simultaneously, the NTU-RGB+D dataset is split into two parts, one containing only the action
classes and the other containing only the gesture classes.

The split is done manually by selecting the classes that are considered as action classes and the classes that
are considered as gesture classes. This arbitrary split can vary as some classes can be considered as both
action and gesture classes. In this work, the gesture classes chosen from the NTU-RGB+D are the following:
clapping (A10), hand waving (A23), pointing to something with finger (A31), rub two hands together (A84),
salute (A88), put the palms together (A39), cross hands in front (say stop) (A40), use a fan (with hand or
paper) /feeling warm (A49), point finger at the other person (A54), handshaking (A58), hush (quite) (A67),
thumb up (A69), thumb down (A70), make ok sign (A71), make victory sign (A72), snapping fingers (A77),
apply cream on hand back (A86), shake fist (A93), hands up (both hands) (A95), cross arms (A96), arm
circles (A97), arm swings (A98), high-five (A112), finger-guessing game (playing rock-paper-scissors) (A120).

So, in order to evaluate the proposed MTL models, the ResNet model is trained on the NTU-RGB+D dataset
for the split containing only the action classes (NTU _ar) and the split containing only the gesture classes
from the combinations of the NTU-RGB+D dataset with the IsoGD (NTU _gr IsoGD) and NVGesture
(NTU _gr NVGesture) datasets. When combining the sets of gesture classes from the NTU-RGB+D
dataset with the IsoGD and NVGesture datasets, some of the classes are common between the datasets.
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The common classes are ok sign, victory sign for the combination of NTU-RGB+D with IsoGD and ok sign,
thumb up for the combination of NTU-RGB+D with NVGesture. In the new sets of NTU-RGB+D with
IsoGD gesture classes and NTU-RGB-D with NVGesture gesture classes, these classes have samples from
the NTU-RGB+D dataset and the IsoGD and NVGesture datasets, respectively.

The results presented in the following tables show similar behavior to the aforementioned experiments. For
the model trained on the action classes split, the best performance is achieved when the last Residual Layer
and the fully connected layer are left trainable, while the rest of the layers are initialized with the pre-
trained weights and kept "frozen". This approach achieves an accuracy of 58.72% on the subject split of
the NTU-RGB+D dataset. For the model trained on the gesture classes split with the IsoGD dataset, the
best performance is achieved when the last 2 Residual Layers and the fully connected layer are left trainable,
while the rest of the layers are initialized with the pre-trained weights and kept "frozen". This approach
achieves an accuracy of 42.68% on the subject split of the NTU-RGB+D dataset. For the model trained
on the gesture classes split with the NVGesture dataset, the best performance is achieved when the last 2
Residual Layers and the fully connected layer are left trainable, while the rest of the layers are initialized
with the pre-trained weights and kept "frozen". This approach achieves an accuracy of 67.23% on the subject
split of the NTU-RGB+D dataset.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33,227,832 16.88
Kinetics-400 ALL 33,227,832 18.12
Kinetics-400 | layers 1, 2, 3, 4 + fc 33,199,480 29.93
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 51.33

Kinetics-400 layers 3, 4 + fc 31,198,840 58.72
Kinetics-400 layers 4 + fc 24,970,360 60.94
Kinetics-400 fc 61,560 31.95

Table 6.7: Accuarices ResNet-18 on NTU ar RGB Data with Fine Tuning Pretrained Model on

Kinetics-400

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33,227,832 4.82
Kinetics-400 ALL 33,227,832 6.33
Kinetics-400 | layers 1, 2, 3, 4 + fc 33,199,480 9.38
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 39.72

Kinetics-400 layers 3, 4 + fc 31,198,840 42.68

Kinetics-400 layers 4 + fc 24,970,360 42.6

Kinetics-400 fc 61,560 29.49

Kinetics-400

Table 6.8: Accuarices ResNet-18 on NTU gr IsoGD RGB Data with Fine Tuning Pretrained Model on

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33,227,832 24.23
Kinetics-400 ALL 33,227,832 29.67
Kinetics-400 | layers 1, 2, 3, 4 + fc 33,199,480 41.07
Kinetics-400 layers 2, 3, 4 + fc 32,756,600 56.55

Kinetics-400 layers 3, 4 + fc 31,198,840 67.23
Kinetics-400 layers 4 + fc 24,970,360 65.96
Kinetics-400 fc 61,560 43.19

Table 6.9: Accuarices ResNet-18 on NTU gr NVGesture RGB Data with Fine Tuning Pretrained Model
on Kinetics-400
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6.1.6 Summary of the ResNet baseline models

In this section, the performance of the ResNet-18 3D architecture on the UCF-101, NTU-RGB+D, IsoGD,
and NVGesture datasets is evaluated. The results show that the best performance is achieved when some
of the layers are left trainable, while the rest of the layers are initialized with the pre-trained weights on
the Kinetics-400 dataset and kept "frozen". To be able, to leverage both outcomes of transfer learning and
multi-task learning the proposed MTL models will have the last 2 Residual Layers and the fully connected
layer left trainable, while the rest of the layers will be initialized with the pre-trained weights and kept
"frozen". This structure is followed so that the multi-task learning method can work in the last trainable
layers, that learn the task-specific features, while the first the layers, that learn more common features of the
tasks, will not be updated during the training process, but will be set according to the pre-trained weights
on the Kinetics-400 dataset.
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Figure 6.1.1: Single-task learning results for the ResNet-18 3D architecture
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6.2 Action and Gesture Recognition Multi-task Learning

In order to prove the effectiveness of the proposed multi-task learning for action and gesture recognition, 3
different multi-task learning methods and 3 different multi-task loss calculation methods are implemented,
thus resulting to 9 different experiments for each pair of action and gesture datasets. For the multi-task
learning methods, the hard parameter sharing, the cross-stitch and the learned weight sharing methods are
chosen, while for the multi-task loss calculation methods, the average, the uncertainty in weighing loss and
the dynamic weight average are used.

The accuracies of the single task learning ResNet models, with the last 2 Residual Layers and the fully
connected layer left trainable, and the rest of the model initialized with the pre-trained weights and kept
"frozen", are summarized as follows.

e UCF-101: 58.26%

e IsoGD: 25.67%

e NVGesture: 20.54%

e NTU ar (NTU-RGB-+D action classes): 58.72%

e NTU gr IsoGD (NTU-RGB+D gesture classes + IsoGD): 42.68%

e NTU gr NVGesture (NTU-RGB+D gesture classes + NVGesture): 67.23%

Also, it is important to mention that the trainable parameters of the single task learning models are ap-
promaximately 35 million, for the chosen structure of this neural network. This aspect is important to be
compared with the trainable parameters of the multi-task learning models, in order to avoid leading to the
conclusion that the MTL models are better just because they have more trainable parameters, but focus only
the effectiveness of sharing knowledge between the tasks.

6.2.1 Hard Parameter Sharing (HPS)

Hard Parameter Sharing model are simple alternatives to single task learning models, since they differ only
in the last task-specific layers, thus the parameters of the following models are a little bit more than the
single task learning models.

When the hard parameter sharing method is used on the UCF-101 and the IsoGD datasets the multi-task
learning framework achieves a performance of 57.36% and 25.45% respectively, as the best result. This
performance is appromaximately the same as the single task learning model, meaning that this method is
not the best choice for this set of datasets.

Dataset
UCF-101 | IsoGD
Single Task Learning

- | 5826 | 25.67
Hard Parameter Sharing
average 54.16 20.49
dwa 57.36 25.45
uncertainty 60.53 20.02

Loss Method

Table 6.10: Accuarices of Hard Parameter Sharing (HPS) ResNet-18 on UCF-101 and IsoGD Datasets

On the other hand, when the hard parameter sharing method is used on the UCF-101 and the NVGesture
datasets the multi-task learning framework achieves a performance of 66.24% and 33.68% respectively, as the
best result, for the uncertainty in weighing loss as the multi-task loss calculation method. This performance
is better than the single task learning model for both datasets.
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Dataset
UCF-101 | NVGesture

Single Task Learning

Loss Method

- | 5826 [ 20.54
Hard Parameter Sharing
average 64.34 27.86
dwa 58.6 25.57
uncertainty 66.24 33.68

Table 6.11: Accuarices of Hard Parameter Sharing (HPS) ResNet-18 on UCF-101 and NVGesture Datasets

For the multi-task learning framework on the NTU-RGB+D and the IsoGD datasets the best performance
is achieved when the hard parameter sharing method is used with the average loss calculation method, with
an accuracy of 70.65% and 60.25% respectively, outperforming the single task learning model performances
by over 10% for both datasets.

Dataset
NTU_ar [ NTU_gr_IsoGD
Single Task Learning

Loss Method

- | 5872 | 42.68
Hard Parameter Sharing

average 70.65 60.25

dwa 64.25 58.87

uncertainty 49.42 56.57

Table 6.12: Accuarices of Hard Parameter Sharing (HPS) ResNet-18 on NTU _ar and NTU _gr IsoGD

For the multi-task learning framework on the NTU-RGB+D and the NVGesture datasets similar behavior
is observed, as the best performance is achieved when the hard parameter sharing method is used with the
average loss calculation method, achieving an accuracy of 72.53% and 74.33% respectively.

Dataset
NTU_ar | NTU_gr_NVGesture
Single Task Learning

Loss Method

- | 5872 | 67.23
Hard Parameter Sharing

average 71.91 74.33

dwa 72.53 73.85

uncertainty 72.51 72.80

Table 6.13: Accuarices of Hard Parameter Sharing (HPS) ResNet-18 on NTU _ar and NTU _gr NVGesture

All in all, hard parameter sharing models, using different combinations of datasets and loss calculation
methods, could lead to optimal results since all the combinations outperform the single task learning model,
thus proving the effectiveness of weight sharing. These models only have a little bit more trainable parameters
than the single task learning models, yet still achieved better results. Only the combination of the UCF-101
and the IsoGD datasets could not outperform its STL counterparts, due to the fact that the gesture dataset
was quite bigger than the action dataset, thus the model was not able to learn the action dataset properly.

6.2.2 Soft Parameter Sharing (SPS)

For the soft parameter sharing method, the cross-stitch networks are chosen, which require to implement
task-specific networks, and then combine them using a cross-stitch unit. This structure is more complex
than the single task learning models, thus the number of trainable parameters is higher than the single task
learning models, appromaximately twice the size (70 million), since the model will learn two tasks. Moreover,
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in the cross-stitch unit, the parameter o is used to control the amount of information that is shared between
the tasks. As mentioned in the original paper the choice can not be arbitrary, but it should be chosen
emperically for each dataset. So, we experiment with different values of ¢ to find the optimal one for each
dataset, choosing between 0.2 and 0.8.

When cross-stitch networks are used for the set of UCF-101 and IsoGD datasets, the best performance is
achieved when the parameter o is set to 0.8, with the loss method to be the uncertainty in weighing loss,
achieving an accuracy of 70.24% and 35.79% respectively. This performance is better than the single task
learning models, a behavior that it was not observed for the hard parameter sharing method.

Dataset
UCF-101 | IsoGD
Single Task Learning

Loss Method

- | 5826 [ 25.67
Cross-Stitch (s=0.2)

average 67.64 26.6

dwa 62.2 30.96

uncertainty 67.62 26.25
Cross-Stitch (s=0.8)
average 64.22 26.78
dwa 63.1 32.03
uncertainty 70.24 35.79

Table 6.14: Accuarices of Soft Parameter Sharing (SPS) ResNet-18 on UCF-101 and IsoGD Datasets

Moreover, for the UCF-101 and the NVGesture datasets, the best performance is achieved when the parameter
o is set to 0.2, with the loss method to be again the uncertainty in weighing loss, with an accuracy of 71.66%
and 43.24%.

Dataset
Loss Method 53167 T NvGesture
Single Task Learning
- | 5826 [ 20.54
Cross-Stitch (s=0.2)
average 69.94 36.17
dwa, 71.66 37.42
uncertainty 71.66 43.24
Cross-Stitch (s=0.8)
average 73.14 35.76
dwa 67.94 34.93
uncertainty 68.75 39.09

Table 6.15: Accuarices of Soft Parameter Sharing ResNet-18 on UCF-101 and NVGesture Datasets

For the datasets of NTU-RGB+D and IsoGD, the best performance is achieved for the soft parameter sharing
method, when the parameter o is set to 0.2, with the loss method to be the uncertainty in weighing loss,
with an accuracy of 74.45% and 62.14%.
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Dataset
Loss Method NTU_ar [ NTU_gr_IsoGD
Single Task Learning
- | 5872 ] 42.68
Cross-Stitch (s=0.2)
average 72.27 60.13
dwa 71.84 60.91
uncertainty 74.45 62.14
Cross-Stitch (s=0.8)
average 71.82 59.3
dwa 72.02 60.55
uncertainty 73.66 60.8

Table 6.16: Accuarices of Soft Parameter Sharing (SPS) ResNet-18 on NTU ar and NTU gr IsoGD

For the datasets of NTU-RGB+D and NVGesture, the best performance is achieved for the soft parameter
sharing method, when the parameter o is set to 0.8, with the loss method to be the dynamic weight average,
with an accuracy of 74.03% and 75.51%.

Dataset
Loss Method NTU_ar | NTU_gr_NVGesture
Single Task Learning
- \ 58.72 \ 67.23
Cross-Stitch (s=0.2)
average 74.2 74.49
dwa 73.51 74.59
uncertainty 74.17 73.9
Cross-Stitch (s=0.8)
average 72.65 74.21
dwa 74.03 75.51
uncertainty 72.25 73.54

Table 6.17: Accuarices of Soft Parameter Sharing (SPS) ResNet-18 on NTU ar and NTU _gr NVGesture

To sum up, for the soft parameter sharing method, all the combinations of datasets and loss calculation
methods outperform the single task learning model, which leads to the conclusion that the soft parameter
sharing method is an effective approach for training the model on the action and gesture recognition. To be
more precise, the uncertainty in weighing loss method is the best choice for most of the combinations, while
the value for the parameter ¢ differs for each dataset.

6.2.3 Learned Weight Sharing (LWS)

For the implementation of a learned weight sharing model, task-specific networks are implemented, thus
leading to a model with a number of trainable parameters appromaximately twice the size of the single task
learning models (70 million), since the model will learn two tasks.

When the learned weight sharing method is used on the UCF-101 and the IsoGD datasets, the best perfor-
mance is achieved when the loss method is the dynamic weight average, with an accuracy of 70.58% and
34.9%.
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Loss Method

Dataset

UCF-101 | IsoGD

Single Task Learning

- 58.26 \ 25.67
Learned Weight Sharing
average 64.39 35.2
dwa 70.58 34.9
uncertainty 64.79 28.7

Table 6.18: Accuarices of Learned Weight Sharing (LWS) ResNet-18 on UCF-101 and IsoGD Datasets

For the UCF-101 and the NVGesture datasets, the best performance is achieved again when the loss method
is the dynamic weight average, with an accuracy of 71.42% and 43.04%.

Dataset
UCF-101 | NVGesture
Single Task Learning

Loss Method

- | 5826 [ 20.54
Learned Weight Sharing
average 69.73 39.62
dwa 71.42 43.04
uncertainty 72.27 37.21

Table 6.19: Accuarices of Learned Weight Sharing (LWS) ResNet-18 on UCF-101 and NVGesture Datasets

For the NTU-RGB+D and the IsoGD datasets, the best performance is achieved when the loss method is
the average loss calculation, with an accuracy of 73.03% and 56.27%.

Dataset

Loss Method NTU ar ‘ NTU gr IsoGD

Single Task Learning

- 58.72 | 42.68
Learned Weight Sharing

average 73.03 56.27

dwa 72.6 53.64

uncertainty 72.48 53.07

Table 6.20: Accuarices of Learned Weight Sharing (LWS) ResNet-18 on NTU _ar and NTU _gr IsoGD

When the learned weight sharing method is used on the NTU-RGB+D and the NVGesture datasets, the best
performance is achieved when the loss method is the dynamic weight average, with an accuracy of 73.41%
and 75.47%.
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Dataset
NTU_ar [ NTU_gr_NVGesture
Single Task Learning

Loss Method

- \ 58.72 \ 67.23
Learned Weight Sharing
average 73.45 74.43
dwa 73.41 75.47
uncertainty 72.96 76.4

Table 6.21: Accuarices of Learned Weight Sharing (LWS) ResNet-18 on NTU ar and NTU gr NVGesture

So, for the learned weight sharing method, the best performance is achieved when the loss method is the
dynamic weight average, for most of the combinations of datasets. This leads to the conclusion that the
learned weight sharing method is effective for training the model on the action and gesture datsets.

6.2.4 Summary of the MTL methods results

So, for the action and gesture recognition datasets, the best performances for each combination of sets with
the best multi-task loss calculation method are summarized in the Fig. 6.2.1.
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Figure 6.2.1: Results of the MTL methods for action and gesture datasets: (a) UCF101-IsoGD, (b)
UCF101-NVGesture, (c) NTU ar-NTU gr IsoGD, (d) NTU ar-NTU gr NVGesture.

As can be seen from these representations, the choice of the multi-task loss calculation method is not standard,
but it is shown that more complex methods, like the uncertainty in weighing loss and the dynamic weight
average, are more effective than the average loss calculation method. Moreover, the choice of the multi-task
learning method is also important, as the soft parameter sharing method outperforms the other methods.
The Learned Weight Sharing method is also effective, yet still achieves lower results than the cross-stitch
networks. The hard parameter sharing method is the least effective, but due to its simplicity and the fact
that has appromaximately the same number of trainable parameters as the single task learning models, it
is still a good choice for training the MTL model with action and gesture datasets. Overall, the multi-task

126



6.2. Action and Gesture Recognition Multi-task Learning

learning methods are effective for training the model on the action and gesture datasets, as they outperform
the single task learning models, especially when the action dataset is greater in size than the gesture dataset,
thus proving the effectiveness of sharing knowledge between the tasks.

127



Chapter 6. Experimental Results

6.3 RGB and Depth Modalities Multi-Modal Results

The ResNet-18 3D baseline architecture is altered to accept multimodal data as input, by creating two
branches of different Residual Layers, one for the RGB data and one for the depth data. The output of these
branches is then fused using an average fusion at the end of the model, thus creating the final prediction
is made. This model is trained on the IsoGD and NVGesture datasets, where RGB and Depth data are
available. The model is trained for 20,000 iterations, to set a common ground for comparison with the
proposed multi-task multi-modal learning framework. As in the previous experiments, the performance of
the model is evaluated using the top-1 accuracy metric, while pretrained weights from the Kinetics-400 dataset
are used for initialization.

6.3.1 ResNet on IsoGD

For the multimodal data of the IsoGD dataset, the performance of the ResNet-18 3D follows the same
pattern as the single modality case, as shown in the following table. Moreover, as described in literature,
the multimodal model performs better than the single modality models, as the model can learn from both
modalities and fuse the information to make a better prediction. The best performance is achieved when
the last two Residual layers and the fully connected layer are left trainable, while the rest of the model is
"frozen". A structure that achieves an accuracy of 30.61% on the IsoGD dataset.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33.294.009 8.76
Kinetics-400 ALL 33.294.009 9.87
Kinetics-400 | layers 1, 2, 3, 4 + fc 33.265.657 14.26
Kinetics-400 layers 2, 3, 4 + fc 32.822.777 25.85

Kinetics-400 layers 3, 4 + fc 31.265.017 30.61
Kinetics-400 layer 4 + fc 25.036.537 28.91
Kinetics-400 fc 127.737 15.34

Table 6.22: Accuarices ResNet-18 on IsoGD Dataset RGB and Depth Data with Finetuning Pretrained
Model on Kinetics-400

6.3.2 ResNet on NVGesture

The ResNet-18 3D model trained on the NVGesture dataset for the multimodal case presents the same
behavior as the IsoGD dataset, as can be seen in the following table, with the best structure to be leaving
the last Residual layer and the last fully connected layer trainable, achieving an accuracy of 46.49% on this

dataset.

Pretrained Fine Tuned Layers | Trainable Parameters | Accuracy
from scratch - 33.182.972 5.19
Kinetics-400 ALL 33.182.972 5.22
Kinetics-400 | layers 1, 2, 3, 4 + fc 33.150.745 9.95
Kinetics-400 layers 2, 3, 4 + fc 32.707.865 28.82

Kinetics-400 layers 3, 4 + fc 31.150.105 32.57
Kinetics-400 layer 4 + fc 24.921.625 46.49
Kinetics-400 fc 12.825 24.69

Table 6.23: Accuarices ResNet-18 on NVGesture Dataset RGB and Depth Data with Finetuning Pretrained
Model on Kinetics-400

6.3.3 Summary of the ResNet multimodal models

In this section, the performance of the ResNet-18 3D multi-modal model on the IsoGD and NVGesture
datasets was evaluated. The results show imporevement in comparison to the single modality models. For

128



6.3. RGB and Depth Modalities Multi-Modal Results

the evaluation of the multi-task multi-modal learning framework, the structure of the model is chosen to be
the same as previous models, where the last 2 Residual Layers and the fully connected layer are left trainable,
while the rest of the model is kept "frozen".
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6.4 RGB and Depth Modalities Multi-task Learning

In order to prove the effectiveness of the proposed multi-task learning for action and gesture recognition, 3
different multi-task learning methods and 3 different multi-task loss calculation methods are implemented,
thus resulting to 9 different experiments. For the multi-task learning methods, the hard parameter sharing,
the cross-stitch and the learned weight sharing methods are chosen, while for the multi-task loss calculation
methods, the average, the uncertainty in weighing loss and the dynamic weight average are used.

The accuracies of the single task learning ResNet models, with the last 2 Residual Layers and the fully
connected layer left trainable, and the rest of the model initialized with the pre-trained weights and kept
"frozen", are summarized as follows.

e IsoGD (RGB): 25.67%
IsoGD (Depth): 23.19%

IsoGD (RGB + Depth): 30.61%
NVGesture (RGB): 20.54%
NVGesture (Depth): 28.71%
NVGesture (RGB + Depth): 32.57%

6.4.1 Multi-Modal Multi-Task Learning on IsoGD

The multimodal multitask learning experiments on the IsoGD dataset are presented in this section for the
RGB and Depth modalities. The results presented in Table 6.24 show that for all the experiments, the
proposed multi-task multi-modal learning framework outperforms the single task learning model as well as
the multi-modal model. The best performance is achieved when the parameter sharing method is chosen
to be the soft parameter sharing method, with the cross stitch implementation for o = 0.8 and the loss
calculation method to be the dynamic weight average, with an accuracy of 48.91%, which is more than 15%
better than the single task learning model and the multi-modal model.

Multi-task method Loss Method | Accuracy

Hard Parameter Sharing average 43.82
Hard Parameter Sharing dwa 44.33
Hard Parameter Sharing | uncertainty 46.09
Cross-Stitch (s=0.2) average 46.95
Cross-Stitch (s=0.2) dwa 43.66
Cross-Stitch (s=0.2) uncertainty 45.72
Cross-Stitch (s=0.8) average 43.45
Cross-Stitch (s=0.8) dwa 48.91
Cross-Stitch (s=0.8) uncertainty 45.34
Learned Weight Sharing average 46.42
Learned Weight Sharing dwa 47.3

Learned Weight Sharing | uncertainty 46.04

Table 6.24: Accuarices of Multimodal Multitask ResNet-18 on IsoGD Dataset for the RGB and Depth Data

6.4.2 Multi-Modal Multi-Task Learning on NVGesture

The multimodal multitask learning experiments on the IsoGD dataset are presented in this section for the
RGB and Depth modalities. The results are presented in Table 6.25 show that for all the experiments, the
proposed multi-task multi-modal learning framework outperforms the single task learning model as well as
the multi-modal model. The best performance is achieved when the parameter sharing method is chosen
to be the soft parameter sharing method, with the cross stitch implementation for ¢ = 0.8 and the loss

130



6.4. RGB and Depth Modalities Multi-task Learning

calculation method to be the uncertainty in weighing losses, with an accuracy of 48.91%, which is more than

10% better than the single task learning model and the multi-modal model.

Multi-task method

Hard Parameter Sharing

Hard Parameter Sharing

Hard Parameter Sharing

Cross-Stitch (s=0.2)

Cross-Stitch (s=

Cross-Stitch (s=0.

(s=0.2)
Cross-Stitch (s=0.2)
(s=0.8)
(s=0.8)

Cross-Stitch (s=

Cross-Stitch (s=0.8)

Learned Weight Sharing

Learned Weight Sharing

Learned Weight Sharing

Loss Method | Accuracy
average 50.41
dwa 46.47
uncertainty 45.23
average 52,7
dwa 54.98
uncertainty 51.87
average 51.66
dwa 55.6
uncertainty 62.66
average 54.77
dwa 50.41
uncertainty 51.24

Table 6.25: Accuarices of Multimodal Multitask ResNet-18 on NVGesture Dataset for the RGB and Depth

Data

6.4.3 Summary of Multi-Modal Multi-Task Learning Framework

So, the proposed multi-task multi-modal learning framework is effective for the IsoGD and NVGesture
datasets, as the model can learn from both modalities and fuse the information to make a better prediction.
The best performance is achieved when the parameter sharing method is chosen to be the soft parameter
sharing method, with the cross stitch implementation for ¢ = 0.8 and the loss calculation method to be the
dynamic weight average for the IsoGD dataset and the uncertainty in weighing losses for the NVGesture
dataset, but all the other methods also perform well, as can be seen from Fig. 6.4.1.
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Figure 6.4.1: Multimodal Multi-task learning for RGB and Depth data: (a) IsoGD (b) NVGesture
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7.1 Summary

In this thesis, the effectiveness of the proposed multi-task learning for action and gesture recognition is
evaluated. The datasets used for these tasks are human-centric, focusing on the recognition of human actions
and gestures in videos. While many real life applications require the recognition of both actions and gestures,
the research community handles these tasks seperately. The proposed multi-task learning framework aims to
address this issue by learning both tasks simultaneously.

The variety in different actions and gestures datasets used, as well as the different weight sharing methods
implemented, with the combination of different loss calculation methods, provide a comprehensive evaluation
of the proposed multi-task learning framework. The experiments conducted demonstrate that the proposed
multi-task learning framework is effective for the tasks of action and gesture recognition. The results show
that the proposed models achieve better performance compared to the single task models, showing the benefits
of multi-task learning in action and gesture recognition.

Moreover, a multi-modal multi-task learning model is developed, where RGB and Depth data, are learned
jointly. A variety of problems in computer vision uses multi-modal data, as different modalities can provide
complementary information. Though these modalities combine for the final prediction, most approaches learn
from each modality separately. The proposed multi-modal multi-task learning framework aims to show that
learning both RGB and Depth data jointly can improve the performance of the model. The proposed model is
evaluated on the respective single task learning models as well as the multi-modal model using all the weight
sharing methods and loss calculation methods, that were used for the multi-task learning experiments. The
results show that the proposed multi-modal multi-task learning framework is effective for the RGB and Depth
data, as the model can learn from both modalities and fuse the information to make a better prediction.
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7.2 Future Work

Multi-task learning is a field of machine learning with numerous alternative approaches and methods. In this
thesis, an exploration of the baselines of multi-task learning in the context of action and gesture recognition
has been conducted. However, there are many other aspects of multi-task learning that could be explored in
future work.

One potential avenue for future work is to explore the potential of multi-task learning in the context of
other related tasks, such as action localization, action detection, and action segmentation. In addition, the
potential of multi-task learning in the context of other architectures, such as 3D CNNs, could be explored.

Another potential avenue for future work is to explore the potential of leveraging the knowledge learned
across different datasets and different modalities. This hypothesis leads to the idea of creating a multi-modal
multi-task learning model that can learn from multiple datasets and multiple modalities simultaneously.

Moreover, these multi-task learning models use as input in the inference the task of the sample to be predicted.
This could be the next step in the evolution of these models, as the model could learn the task of the sample
as well. This could be achieved by adding an additional attention mechanism to the model, which could learn
the task of the sample and use this information to make a better prediction.

Finally, more research could be conducted on the multi-task multi-modal learning framework, exploring the
different fusion mechanisms.
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