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Abstract

This thesis aims to study the possible improvement of objectecentric image encoders by enhance
ing them with actionecentric representations derived from videos of actions. Firstly, we study a
method to distill the representations of a preetrained Video Masked Autosencoder (Video MAE)

to the representations of two stateeofstheeart image encoders in an objectecentric manner. This
method is evaluated in the task of a ordance categorization  using a smallsscale dataset that we
created using the SomethingeSomething v2 (SSV2) dataset. Experiments show that the repree
sentations of the Video MAE contain information that could be useful to the image encoders,

and we test some methods to enrich them with this information. The experiments show that the
methods produce a marginal yet consistent enhancement. Further experimentation with larger

scale model implementations and datasets could potentially unlock additional improvements.
Furthermore, we propose and study a method based on the Slot Attention objectecentric repres
sentation learning framework. The e ectiveness of the method is also evaluated in the task of

a ordance categorization and it presents competitive results while also achieving automatic sege
mentation of the images and a substantial reduction in pereobject representation size. Finally,

we propose a method to combine objectecentric representations from a sloteattentionebased
model to produce a at representation vector for an image with the aim of learning visuomoe
tor policies. This method is evaluated in a robotic simulation task and presents better results
compared to other outeofedomain representations. We also show that the slot representations’
performance in the simulated robotic manipulation can be improved when nestuning the model

with videos of actions from the SSV2 dataset. By creating actioneobject associations in the repe
resentations of objectecentric image encoders, this study seeks to contribute to the development

of more e ective vision perception systems for robots and arti cial agents, enabling them to

better understand the semantics and dynamics of agenteobject interaction.

Keywords : Objectecentric Representation Learning, Vision Transformer, Masked Autoeencoder,
Slot Attention, A ordance Categorization, Robotic Perception, Robotics Simulation



Perblhyh

O skopic aut ¢ the diplwmatik ¢ ergasbac ebnai h diereOnhsh thc eltbwshc thc apotelesmati-

kithtac twn antikeimenokentrik,n kwdikopoiht,n eikinac me teqgnikec enswmtwshc plhroforbac
estiasmenhc se dr’seic. Pr ton, dokim“zoume mia antikeimenokentrik mejodo gia thn apistaxh

twn anaparast’sewn enic pro-ekpaideumenou Video Masked Autoeencoder (Video MAE) stic ana-
parast’seic dOo statesofstheeart kwdikopoiht,n eikinac. H axiolighsh gbnetai p“nw sto priblh-

ma kathgoriopobBhsh prosferimenwn dunatot twn antikeimenwn (a ordance categorization) . Sthn
axiolighsh gbnetai gr sh enic sunilou dedomenwn, mikr ¢ kibmakac, pou dhmiourg jhke gia ta
peirmata thc diplwmatik ¢ aut ¢, grhsimopoi ntac we “sh to sOnolo dedoménwn Somethinge
Something v2 (SSV2) . Ta apotelésmata debgnoun iti oi anaparastseic tou Video MAE , periégoun
gr simh plhroforba gia touc kwdikopoihtéc eikinac kai dokim"zoume merikéc mejidouc gia na e-
mploutbsoume tic anaparast’seic twn kwdikopoiht,n eikinac. Oi méjodoi parousbasan mia mikr

eltbwsh all” Bswec greiastoOn prosarmogéc megalOtera sOnola dedoménwn gia thn kalOterh a-
xiopoBhsh aut,n twn anaparast’sewn. Epipléon, meletoOme mia méjodo asisménh sthn antikeime-
nokentrik mejodo ekmjhshc anaparast”sewn Slot Attention . H apotelesmatikithta thc mejidou
axiologebtai epbshc sto priblhma thc kathgoriopobhshc prosferimenwn dunatot twn kai parou-

si"zei antagwnistik™ apotelésmata, en, epitugq nei epbshc autimath tmhmatopobhsh twn eikinwn

kai shmantik mebPwsh tou megejouc thc anapar“stashc an™ antikebmeno. Teloc, proteBnoume
mia mejodo gia na sundu”soume antikeimenokentrikec anaparastseic api éna montelo asisméno

sth mejodo slot attention gia na parag”goume mia sunolik anapar“stash api mia eikina, me

stigo thn ekm’jhsh  optikokinhtik, n politik,n . Aut h mejodoc axiologebtai se mia prosomobwsh
ompotiko® geirismoO kai sta peir'mata pou pragmatopoi jhkan parousi“zei kalOtera apote-

lésmata se sOgkrish me “llec anaparast’seic. Dhmiourg,ntac susgetbseic drshc-antikeiménou

stic anaparast™seic twn kwdikopoiht,n eikinac, aut h diplwmatik epidi kei na sumb’lei sthn

an"ptuxh pio apotelesmatik,n susthm"twn irashc gia ompit kai teqnhtoOc pr’ktorec, epi-

trépont’c touc na katanooOn kalOtera th shmasiologPa kai th dunamik thc allhlepBdrashc
pr-ktora-antikeimenou.

Lexeic kleidi©  : Antikeimenokentrik Ekm“jhsh Anaparast™sewn, Vision Transformer, Masked

Autoeencoder, Slot Attention, Kathgoriopobhsh Prosferimenwn Dunatot twn Antikeimenwn, Pro-
somoPwsh Rompotiko® QeirismoO.
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1 Ektetaménh Perblhyh sta Ellhnik

1.1 KbBnhtro

'Enac asikic stigoc tou tomea thc irashc upologist,n ebnai h dhmiourgba gr simwn anapara-
st"sewn kai h an"ptuxh tegnik,n gia thn apotelesmatik exagwg touc. To pedbo thc ompotik c,
egei poll” anoikt™ probl mata pou melet,ntai aut th stigm [6, , 2, 22, 23]. Gia arket”

api aut” ta probl mata, h exagwg optik,n anaparast”sewn mésw mejidwn pro-ekpabdeushc me
optik® dedomena (Sq ma 1) ebnai poll” uposgimenh, epeid mei nei ton grino ekpabdeushc kai
elti,nei thn apidosh kai thn ikanithta genbkeushc, se sOgkrish me mejidouc pou ekpaideOoun
oliklhro to montelo api thn arq kai api "kro se “kro [52, 61, 95, ]. Autéc oi anapa-
ast’seic a prépei na mporoOn na ePnai gr simec se mia poikilba api ergasbec kai idanik™ na
apaitoOn el"gisth epanekpabdeush [95, 70].

Sgma 1: Optik pro-ekpabdeush gia ompotik™ sust mata. Phg : [52]

Mba oikogéneia mejidwn optik ¢ pro-ekpabdeushc pou parousi“zei arketi endiaféron ta te-
leutaba qgrinia ebnai h antikeimenokentrik ekm’jhsh anaparast’sewn . O stigoc twn mejidwn
aut,n ebnai h anapar’stash sOnjetwn skhn n diagwrBzont™c tec se shmasiologikéc enithtec pou
onom’zontai antikebmena. Autéc oi mejodoi, ePnai sumbatéc me ton tripo pou oi “njrwpoi epe-
xerg“zontai ta optik™ s mata organ,nont’c ta se antikebmena [77] kai parousi"zoun prooptik
eltbwshc twn ikanot twn genbkeushc, exhghsimithtac kai apodotikithtac wc proc ta debgmata
kat™ thn ekpabdeush twn montélwn [67, 8, 3].

H antikeimenokentrik ekm’jhsh anaparast”sewn mporeb na antl sei @mpneush api ton toméa
thc yugologPac, ipou egei up’rxei ekten ¢ meléth gia to p,c oi "njrwpoi majabnoun na allh-
lepidroOn me to perib’llon touc, susgetbzontac dr'seic kai léxeic me antikeDmena. Peirmata
sthn anaptuxiak yuqologba debgnoun iti ta réfh pr.ta esti"zoun stic susgetbseic dr'shc-
antikeiménou, en, oi susqetbseic lexewn-antikeimenou gbnontai shmantikec argitera sthn anptux
touc [24]. Oi periorismoB stouc upologistikoOc pirouc, sta sOnola dedoménwn kai stic mejo-
dologbec tegnht ¢ ekmjhshc empodbzoun ta sust mata tegnht ¢ nohmosOnhc na akolouj soun
pist™ ta st'dia thc anjr pinhc an"ptuxhc. Wstiso, oi tomebc autoD mporoOn na apotelésoun
eémpneush gia algirijmouc pou epidi,koun na pro-ekpaideOsoun tegnht™ sust mata antblhyhc
upodeiknOontac thn kateOjunsh gia mijhsh tOpou curriculum learning  [5, 100], h opoPa arqik
esti"zei sthn exagwg anaparast’sewn api dr'seic kai sth sunégeia sth m“jhsh asismenh sth
gl.ssa. H diadikasba aut progwr™ api thn ekmjhsh anaparast’sewn gamhloO epipédou proc
anaparast’seic uyhloO epipédou, esti°zontac stadiak”™ se pio sOnjeth kai afhrhménh plhro-
orba. Epbshc, h ekmijhsh aut k'nei prta gr sh auto-epiblepimenwn tegnik,n se sOnola
dedoménwn pou ePnai pio prosit”, ipwc mh epishmeiwména sOnola Bnteo kai sth sunégeia gbnetai
gr sh epishmeiwménwn sunilwn dedoménwn, ta opoPa teBnoun na ePnai megalOterou kistouc.
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Aut h diplwmatik epikentr,netai se tripouc me touc opobPouc oi dr'seic mporoOn na su-
sgetistoOn me antikeDmena. H prospijeia aut asbzetai se etik™ apotelésmata mejidwn pro-

ekpabdeushc pou esti"zoun sth montelopobhsh draseokentrik ¢ plhroforbac [87, 54, 61, 73, 69]
grhsimopoi,ntac sOnola dedoménwn pou katagr*foun ton tripo me ton opoBo oi “njrwpoi droun
kai allhlepidroOn me antikePmena [36, 17]. Aut” ta sOnola dedoménwn mporoOn na grhsimopoih-

o0n gia na ekpaideOsoun ta sust mata irashc kai na d,soun stouc pr'ktorec éna prob“disma
sthn katanihsh twn allhlepidr’'sewn me antikeDmena ston pragmatiki kismo.

B"sei twn parap™nw, o kOrioc stigoc aut ¢ the diplwmatik ¢ eDnai na exereun sei mejidouc
pou mporoOn na elti, soun touc antikeimenokentrikoOc kwdikopoihtéc eikinac, mésw montelo-
pobhshc sunilwn dedoménwn pou esti"zoun stic dr'seic kai ston tripo allhlepPdrashc twn an-
r,pwn me antikebmena. H pr,th ergasba pou grhsimopoiebtai gia thn axiolighsh thc apote-
lesmatikithtac aut,n twn anaparast”sewn ebnai h kathgoriopobhsh prosferimenwn dunatot twn
antikeiménwn (a ordance categorization) . H anagn,rish prosferimenwn dunatot twn mporeb na
ohj sei ta sust mata na probléyoun kai na sgedi"soun, parégontac plhroforbec gia pija-
nec allhlepidr'seic me antikeBPmena kai me to perib’llon. Epipleon, h apotelesmatikithta twn
anaparast“sewn axiologeBtai mésw miac prosomoiwménhc ergasPac ompotikoO geirismoO.

1.2 Suneisforéc
Oi suneisforec thc diplwmatik ¢ ePnai oi ex c:

1. Something's A ordances: sullog enic sunilou dedoménwn mikr ¢ kilbmakac gia
to priblhma kathgoriopobhshc dunatot twn antikeiménwn. To Something's A ore
dances ebnai éna mikr ¢ kiPmakac sOnolo dedoménwn pou epektebnei to sOnolo dedoménwn
SomethingeSomething v2 (SSV2) [35] kai esti"zei sthn kathgoriopoBPhsh prosferimenwn du-
natot twn antikeiménwn. Api to argiki sOnolo dedoménwn, epilégjhke éna mikri uposOnolo
kathgori,n dr'sewn me “sh thn ikanitht” touc na dokim“soun tic mejidouc ekm’jhshc
anaparast’sewn. Oi etikétec prosferimenwn dunatot twn ex gjhsan api tic statistikec
tou sunilou dedoménwn. To sOnolo auti prosférei éna perib’llon dokim,n mikr ¢ kiPma-
kac gia apléc ulopoi seic orismenwn mejidwn, wc pr,to  ma prin api thn klim"kwsh se
sOnola dedoménwn me megalOterec upologistikéc apait seic.

2. Antikeimenokentrikic Kwdikopoiht ¢ Prosanatolismeénoc sth Dr'sh. Diex"goume
ekten peiramatismi me mia méjodo apistaxhc dr"shc-proc-antikeBmeno pou prospajeb na
metaférei tic gn,seic enic pro-ekpaideuménou Video Masked autosencoder se kwdikopoihtéc
eikinac. Aut h mejodoc epigeireb na kwdikopoi sei tic dr'seic mésa api to Video MAE
kai na tic sundései me thn apeikinish twn antikeimenwn pou ebnai sto epbPkentro twn dr'sewn
aut,n. Ta apotelésmata debgnoun iti oi anaparast’seic tou Video MAE periégoun gr simec
plhroforbec kai dokim"zoume merikéc mejidouc gia na emploutbsoume tic anaparast’seic
twn kwdikopoiht,n eikinwn me autéc. Oi méjodoi parousbasan mia mikr eltbwsh all”

PBswec greiastoOn prosarmogéc  megalOtera sOnola dedoménwn gia thn kalOterh axiopoBhsh
aut.n twn anaparastsewn.

3. Slot Attention anaparast’seic gia kathgoriopobhsh dunatot twn [3] . AxiologoOme
tic anaparast™seic antikeiménwn grhsimopoi,ntac éna montélo pou axiopoieb thn argite-
ktonik  Slot Attention . Api éna montélo pou égei ekpaideujeb se dedoména Bnteo ex"goume
antikeimenokentrikéc anaparast™seic statik,n antikeiménwn kai proteBnoume mia méjodo gia
ton emploutismi twn dianusm“twn anapar“stashc twn antikeiménwn me epipléon draseoke-
ntrik plhroforba. To montélo parousi“zei antagwnistik epbdosh se sgésh me ta upiloipa
montela pou dokim”sthkan se aut th diplwmatik , en, epitugg™nei epbshc autimath tmh-
matopobhsh twn eikinwn kai shmantik mebPwsh sto megejoc anapar”stashc an™ antikeBmeno.

12



1.3 Jewrhtiki Upibajro

Epipléon, h ikanithta tou montélou na anigneOei kai na kathgoriopoieb pollapl” antikeBme-
na se mia skhn, par” to gegonic iti égei ekpaideuteb me etiketec kai dr'seic pou esti"zoun
se éna antikeDmeno an” par“deigma, anadeiknOei th dunatitht™ tou gia genbkeush.

4. Slot Attention  anaparast’seic gia ompotiki €legqo. Parousi"zoume mia mé&jodo pou
sundu“zei tic gwrikec  slot anaparast’sewn tou montélou  SOLYV [3] gia th dhmiourgba anapa-
ast’sewn eikinwn gia gr sh se mia prosomoPwsh ompotikoO geirismo0. AxiologoOme thn
apidosh autoO tou kwdikopoiht eikinac se antipar’jesh me “llouc pro-ekpaideumeénouc
kwdikopoihtec. Ta apotelesmata, mac debgnoun iti h proteinimenh mejodoc se genikéec gram-
meéc, epitugq nei kalOterh apidosh se auti to perib’llon, aux"nontac imwc thn upologi-
stik poluplokithta.

1.3 Jewrhtiki Upibajro

H enithta Jewrhtiki Upibajro aposkopeb na esei tic ewrhtikec “seic aut ¢ thc diplwmatik c
ergasbac pareqontac to aparabthto plabsio pou afor” tic proteinimenec mejidouc kai peir'ma-
ta. To uliki pou parousi'zetai antleb plhroforbec api di“forec phgéc, all” kurbwc api ta
parak’tw :

" Christopher M. Bishop «  Pattern Recognition and Machine Learning  [7]

lan Goodfellow, Yoshua Bengio, Aaron Courville ¢ Deep Learning [32]

Marco Gori's Machine Learning: A ConstrainteBased Approach [33]

Peter Norvig, Stuart J. Russell = Arti cial Intelligence: A Modern Approach [93]

" Sergios Theodoridis « Machine Learning: A Bayesian and Optimization Perspective [107]
" Shai ShaleveShwartz, Shai BensDavid ¢ Understanding Machine Learning: From Theory to
Algorithms [98]

1.3.1 Mhganik M’jhsh

H Mhganik Mjhsh ebnai o episthmonikic tomeac pou epikentr,netai sthn an"ptuxh mejodologi-

.N pou epitrépoun sta upologistik™ sust mata na ekteloOn ergasbPec majabnontac api dedoména,
antb na akoloujoOn htéc odhgbec. H ikanithta twn algorBjmwn mhganik ¢ m“jhshc na majabnoun
api dedomena egei apodeigjeb exairetik™ apotelesmatik se tomebc ipwc h anagn, rish eikinac kai
h epexergasPa usik ¢ gl,ssac, ipou oi "njrwpoi kai genik™ oi iologikoP organismoD mporoOn

na ekteloOn sOnjetec ergasPec, all” ePnai dOskolo na ekfrastoOn ta mata pou emplékontai se
autéc se morf algirijmou. Epipléon, h mhganik m’jhsh égei petOqei se ergasPec pou ePnai
dOskolo adOnato gia stouc anjr,pouc na tic ektelésoun, ipwc h an’lush meg’lwn posot twn
dedoménwn.

H di"krish an"mesa se sumbolik kai upo-sumbolik Tegnht NohmosOnh [49, 33] anadei-
knQOei touc tomebc pou h mhganik mjhsh égei parousisei shmantik™ epiteOgmata. H sumbolik
tegnht nohmosOnh epikentr,netai sth gr sh mejodologi,n pou exart,ntai api thn epexergasba
sumbilwn, prospaj,ntac na proseggbsei ta probl mata programmatbzontac upologistéc na mi-
moOntai thn anjr,pinh logik . Autéc oi méjodoi éqoun to pleonékthma thc ermhneusimithtac,
kaj,c to megalOtero komm™ti twn diadikasi,n ePnai katanoht api touc anjr,pouc. Wstiso,
epeid ta sumbolik™ sust mata grhsimopoioOn sOmbola kai anaparastseic uyhloO epipédou,
sugn” apaitoOn shmantik anjr,pinh summetoq kai duskoleQontai se dunamik™ perib’llonta
pou diakateqontai api as"feia kai orub,dh dedoména.

Api thn “lIh, o toméac thc irashc upologist,n asqolebtai me probl mata pou ePnai kurbwc
upo-sumbolik ¢ Oshc, epeid ta dedoména se morf pixel den egoun sumbolik shmasba kai oi
sumbolikoB kaninec den mporoOn na efarmostoOn eOkola. H upo-sumbolik tegnht nohmosOnh,
h opoba perilamb™nei tic perissiterec sOggronec proseggbseic mhganik ¢ m’jhshc, grhsimopoieb
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mejidouc ipwc h statistik ektbmhsh kai h majhmatik eltistopobhsh gia na dhmiourg sei mo-

ntéla api dedoména. Aut™ ta montéla mporoOn na ekfrastoOn wc parametrikéc sunart seic kai

h diadikasba ekm’jhshc perilamb’nei th eltistopobhsh twn paramétrwn grhsimopoi, ntac dedo-

mena. Autec oi mejodoi den garakthrbzontai api thn ermhneusimithta twn mejidwn sumbolik ¢
tegnht ¢ nohmosOnhc kai aut h adiaf"neia éqgei odhg sei ston garakthrismi touc wc maOQra kou-
ti" . Gia ton ligo auti égei anaptugjeb o tomeac thc epexhg simhc mhganik ¢ m“jhshc, o opoboc
epikentr, netai se tegnikéc pou paréqoun exhg seic gia tic diadikasbec kai ta apotelésmata twn
montélwn mhganik ¢ m7jhshc [71].

H paragwg montelwn mhganik ¢ m°jhshc sugn”™ apaiteBD meg’lo arijmi parametrwn, oi
opobec apaitoOn meg’lo igko dedoménwn kai upologistik,n pirwn gia na ekpaideujoOn. Ta teleu-
taba grinia, oi teqnologikéc exelbxeic sto hardware , ipwc oi GPUs kai oi TPUs kai h diajesimithta
meg’lwn sunilwn dedomenwn éqoun ohj sei sthn upérbash aut,n twn empodbwn, odhg,ntac se
shmantikéc proidouc kai prowj,ntac thn éreuna ston toméa. EpBshc, ta teleutaba qgrinia, u-
p°rgei endiaféron gia ubridikéc proseggbseic pou sundu“zoun tiso thn upo-sumbolik iso kai
th sumbolik tegnht nohmosOnh, melet ntac mejidouc pou den ePnai mino apotelesmatikéc all®
kai pio ermhneQOsimec.

Taxinimhsh & Palindrimhsh. Ta probl mata sth mhganik m’jhsh katat’ssontai se dOo
kOriec om*dec. E™n h epijumht éxodoc ePnai mia suneq ¢ metablht, to priblhma anafére-

tai wec priblhma  palindrimhshc . 'Otan h éxodoc ebnai énac peperasmenoc arijmic kathgori,n,
to priblhma onom“zetai  taxinimhsh . H taxinimhsh se dOo kathgorbec ePnai gnwst wc duadik
taxinimhsh . H taxinimhsh se treic perissiterec kathgorbec anaferetai wc polukathgorik
Taxinimhsh . 'Otan o stigoc ebnai K'je debgma na epishmabnetai me pollapléc, mh apokleistikéc e-
tikétec, h ergasba onom’zetai Poluetiketik ~ (multislabel) Taxinimhsh. 'Ena par"deigma multielabel
taxinimhshc ebnai h kathgoriopobhsh prosferimenwn dunatot twn antikeiménwn . Gia autn thn
ergasba, k'je deDgma ePnai éna antikeDmeno kai o stigoc ePnai na problefjoOn oi mh apokleistikéc
prosferimenec dunatithtéc tou (p.q. mia mp~la mporeb na ePnai kuliimenh kai sumpiésimh).

SOnola Dedoménwn.  To sOnolo dedoménwn pou ePnai diajésimo gia éna priblhma sun jwc qw-

Pzetai se trba xeqwrist” uposOnola: train set, validation set, test set . Kajéna api aut” ta
uposOnola ekteleb énan sugkekriméno ilo stic mejidouc mhganik ¢ mijhshe. To train set
grhsimopoiebtai gia th eltistopobhsh twn paramétrwn tou montelou. To validation set grhsimo-

poiebtai gia epbbleyh kat" th di“rkeia thc ekpabdeushc gia to p,c apodbdei to montélo se "gnwsta
dedomena. H epbbleyh aut grhsimopoiebtai gia thn prosarmog twn parametrwn thc diadika-
sbac ekpabdeushc, pou anaférontai wc uperparmetroi , qwrBc na ephre”zetai arnhtik™ h telik
axiolighsh. To test set grhsimopoiebtai gia thn telik axiolighsh, parégontac mia ektbmhsh thc
apidoshc tou montélou se "gnwsta dedomeéna.

Uperprosarmog & Upoprosarmog . 0 kbrioc stigoc twn mejidwn mhganik ¢ m'jhshc ePnai
na par’goun montéla pou apodbdoun kal~ se "gnwsta dedoména pou proérqontai api thn Bdia
katanom dedoménwn. Aut h ikanithta ePnai gnwst kai wc ikanithta genbkeushc. H genbkeush
axiologebtai me thn ekpabdeush enic montélou, “sei metrik,n apidoshc pou upologbzontai sto
train set , all” axiolog,ntac to sto test set. Epipléon, h ikanithta genbkeushc enic montélou e-
phre“zetai api th  gwrhtikitht™  tou (capacity) , h opoba ebnai h ikanitht™ tou na prosarmizetai se
polOploka sOnola dedoménwn proseggbzontac polOplokec sunart seic. H meg’lh qwrhtikithta
mporeb na abnetai argik”™ wc pleonekthma, all” aut h euelixba mporeb na odhg sei se éna ai-
nimeno pou onom"zetai uperprosarmog , ipou to montélo prosarmizetai uperbolik™ sto sOnolo
ekpabdeushc, mei,nontac thn apidos tou se “gnwsta dedoména. H upoprosarmog sumbabnei
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itan montela gamhl ¢ gwrhtikithtac éqoun gamhl apidosh, epeid h poluplokithta thc erga-
sbac apaiteD megalOterh ikanithta anapar’stashc. Se orisména montéla Mhganik ¢ M’jhshc,
ipwc ta neurwnik™ dbktua, o ajmic uperprosarmog c¢ ephre”zetai epbshc api uperparamétrouc
ekpabdeushc ipwc h di‘rkeia ekpabdeushc, o ujmic m“jhshc k.l.p. [32].

Mejodoi Mhganik ¢ M7jhshc. Oi paraktw meéjodoi mhganik ¢ m'jhshc kajorbzontai api
touc diaforetikoOc tOpouc epBbleyhc stouc opobouc éqoun prisbash ta montéla kat” th di“rkeia
thc ekpabdeushc:

Epiblepimenh M7jhsh. Se auti ton tOpo mhganik ¢ mijhshc, oi mejodoi grhsimopoioOn
an“drash upi th morf etiket,n. 'Ena epishmeiwméno sOnolo dedoménwn perilamb™nei mia

Mh Epiblepimenh Mjhsh. Sth Mh Epiblepimenh M"jhsh, den up“rgei "mesh anatrofo-
dithsh pou na kajodhgeb th diadikasba ekpabdeushc. Ta montéla prospajoOn na entopBsoun
motBba sta sOnola dedoménwn gqwrBc th gr sh etiket,n.

Auti-epiblepimenh M7jhsh. Aut h proseggish mhganik ¢ m’jhshc, genik™ ewrebtai u-
pokathgorba thc mh epiblepimenhc m“jhshc, kai to montélo par“gei th dik tou epbbleyh
api ta dedoména. Aut h tegnik grhsimopoiebtai sugn” gia thn pro-ekpabdeush montélwn
kwdikopoiht,n pou sth sunéqeia eltistopoioOntai grhsimopoi,ntac epiblepimenh m’jh-

sh. Oi auto-epiblepimenec méjodoi pou grhsimopoioOn montéla kwdikopoiht,n neurwnik,n
diktOdwn an koun sto plabsio endiaférontoc aut ¢ the diplwmatik ¢ kai exet"zontai me pe-
issiterh leptomereia sth sunéqeia.

Enisqutik M7jhsh. Sthn enisqutik m“jhsh, ta montéla majabnoun allhlepidr,ntac me éna
perib’llon kai h anatrofodithsh pabrnei th morf miac sun’rthshc antamoib c. Autic o
tOpoc mhganik ¢ m“jhshc eBnai empneusmeénoc api ton tripo pou oi “njrwpoi majabnoun kai
allhlepidroOn me ta perib’llont™ touc kai égei polléc efarmogéc ston toméa thc ompoti-

k c. H enisqutik m“jhsh parousi“zetai me perissiterh leptomereia se epimeno kef’laio.

Méetra Apidoshc kai Sunart seic Kistouc. Ta metra apidoshc ebnai sunart seic pou poso-

tikopoioOn thn apidosh tou montélou kai apoteloOn shmantiki méroc thc ewrbac kai twn mejidwn
Mhganik ¢ MTjhshc. Gia ergasbec duadik c taxinimhshc, ipou kje deBgma mporeb ebte na an kei
(yi = 1), ebte iqgi (yi = 0), se mba mino kathgorba, orismenec api autéc tic sunart seic asbzontai
stouc akiloujouc arijmoOc:

" True Positives (TP): O arijmic twn deigm™twn giata opoba y;=1kai h (x;)=1

" True Negatives (TN): O arijmic twn deigm™twn giata opoPa y; =0kai h (x;)=0

" False Positives (FP): O arijmic twn deigm™twn giataopoPa y; =1 kai h (x;)=0

" False Negatives (FN): O arijmic twn deigm™twn giataopoPa y; =0kai h (xj)=1

Me “sh aut”, mporoOn na upologistoOn di*fora métra apidoshc, ipwc:

TP+ TN

Accuracy = 100 %
TP+ TN + FP + FN

TP
Recall = ———— 100%
TP+ FN

. TP
Precision = ———— 100%
TP + FP
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Precision Recall
F1=2 . 4)
Precision + Recall

Oi sunart seic kistouc  ePnai mia upokathgorba twn meétrwn apidoshc pou axiologoOn piso
apegoun oi probleyeic tou montéelou api tic pragmatikéc etiketec kai eBnai sun jwc diaforbsimec
wc proc tic paramétrouc twn montélwn. Se apl~ grammik™ montéla, epitrépoun thn ektbmhsh
twn parameétrwn, grhsimopoi ntac analutik diafirish kai IOseic kleistc morfc. Se pio
polOploka mh grammik™ montéla, epitrépoun thn efarmog mejidwn eltistopoPhshc ipwc oi
epanalhptikob algirijmoi thc oikogéneiac Gradient Descent

1.3.2 Baji" M'jhsh

H aji” mijhsh ebnai énac klI"doc thc mhganik ¢ m“jhshc pou parousi“zei polléc epitugbec ta
teleutaba grinia se tomebc ipwc h irash upologist,n kai h epexergasba usik c gl,ssac. 'Ena
api ta kOria pleonékthma twn tegnik,n aji‘"c m'jhshc ePnai h ikanitht” touc na majabnoun
autimata anaparast’seic api ta dedomena.

H aji” m'jhsh asbzetai stouc algirijmouc ekm’jhshc neurwnik,n diktOwn . Ta neurwnik
dbktua apoteloOntai api pollapl” epPpeda. K'je epPpedo grhsimopoieD mh grammikoOc metasgh-
matismoOc gia na epexergasteD thn eDsodi tou kai par"gei mia @xodo pou metadbdetai sto epimeno
epbpedo. To pr,to kai to teleutabo epPpedo anaférontai wc epPpeda  eisidou kai exidou antbstoiqa,
en, ta endi'mesa epBpeda onom"zontai kruf® epPpeda. To joc tou neurwnikoO diktOou ebnai o
arijmic twn epipedwn pou periegei kai to pl'toc tou ebnai to mégejoc twn kruf,n epipedwn tou.

H aOxhsh tou pl'touc kai tou “jouc enic neurwnikoO diktOou genik™ enisqOei thn ikanitht” tou
na proseggbzei pio polOplokec sunart seic. Wstiso, auti apaiteD epPshc perissitera dedoména
kai upologistikoOc pirouc gia th eltistopoPhsh twn paramétrwn.

Stochastic Gradient Descent . O algirjmoc autic kai oi parallagéc tou ebPnai oi pio eu-
éwc grhsimopoioOmenoi algirijmoi eltistopobhshc sth aji- mjhsh. Ta “rh tou montélou
enhmer,nontai epanalhptik™, grhsimopoi,ntac kibseic thc sun’rthshc kistouc wc proc tic pa-
amétrouc. O upologismic pragmatopoiePtai se mikr™ tugaba uposOnola dedoménwn pou ono-
m°zontai minisbatches . H kibsh, kaj.c ePnai éna di'nusma pou debqgnei proc thn kateOQjunsh thc
tagOterhc anidou thc sun’rthshc ap, leiac, grhsimopoiebtai gia thn enhmeérwsh twn paramétrwn

tou diktOou.

Vision Transformer. Se aut th diplwmatik , dbnetai kOria @mfash sta montéla pou asbzontai

sthn arqgitektonik tou Transformer [111]. O kwdikopoihtc  Vision Transformer (ViT) efarmizei
thn argitektonik transformer se eisidouc se morf eikinac Bnteo. To kOrio pleonékthma thc
argitektonik ¢ aut c ebnai h ikanitht™ thc na epexerg”zetai tic akoloujpec dedoménwn par’lihla,

gwrbc na asbzetai p'nw se domikéc upojéseic gia th morf thc eisidou ipwc “llec epikratoOsec
argitektonikec, santo  Convolutional Neural Network . Auti epitrépei sta  transformer montéla na
ekpaideOontai se perissitera dedoména se ligitero grino, na klimak nontai se pol® megalOtera

megeéjh kai na ekmetalleOontai kalOtera tic makriéc exart seic sta dedomeéna.

Me “sh thn argitektonik aut, h eikina qwrbzetai se tm mata (patches) stajeroO megéjouc
kai k'je tm ma apoteleD éna  token. O ViT epexerg zetai to sOnolo twn tokens grhsimopoi, ntac
thn tegnik tou selfeattention . H éxodoc tou ViT apotelebtai api dianOsmata anapar’stashc,
K'je ena argikopoihméno me “sh éna  token . To k'je teliki di"lnusma anaparast™sewn dunhtik”
emperiégei plhroforba api upiloipa tokens thc eikinac. Oi Transformers mporoOn na ekpaideu-
toOn grhsimopoi,ntac epishmeiwména sOnola dedoménwn se éna plabsio epiblepimenhc mjhshc,
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all” grhsimopoioOntai epbshc se plabsia auto-epiblepimenhc mjhshc anaparast’sewn. Ta pe-

issitera montéla pou sgetbzontai me aut th diplwmatik akoloujoOn thn teleutaba proséggish

kai, pio sugkekriména, th méjodo thc  auto-kwdikopobhshc ipou o kwdikopoiht ¢ tou transformer
akoloujebtai api enan  apokwdikopoiht  pou prospajeb na anakataskeu"sei thn eDsodo.

1.3.3 Ekm’"jhsh Anaparast’sewn

H ekm’jhsh anaparast’sewn ePnai o toméac pou stogeOei sthn an“ptuxh mejidwn me tic opobec

ta montéla ex"goun autimata qr simec anaparast’seic api ta dedoména eisidou. Sth aji°

m’jhsh, oi me&jodoi ekm’jhshc anaparast™sewn sugn” grhsimopoioOn auto-epiblepimenh mjh-

sh, ekpaideOQontac kwdikopoihtéc se  prokatarktikéc ergasPec  (pretext tasks) pou den apaitoOn
epishmeiwmeéna sOnola dedomeénwn.

Auto-kwdikopoiht c. H auto-kwdikopobhsh ebnai mba api tic epikratésterec mejidouc ek-
m’jhshc anaparast"sewn me gr sh auto-epiblepimenhc m’jhshc. Genik”, h mjhsh anapa-

ast’sewn stogeQei sthn ekpabdeush enic kwdikopoiht e . D! Z pou apeikonbzei dedomena
eisidou, x 2 D, se gr sima dianOsmata anapar’stashc, z 2 Z. Stouc auto-kwdikopoihtéc, h
ebsodoc anakataskeu“zetai api mia mon“da pou onom“zetai apokwdikopoiht ¢, h opoba mporeb na
ekfrasteD wc sun“rthsh g : Z ! D . Mia sunhjisménh sun’rthsh ap,leiac gia thn ekpabdeush
auto-kwdikopoiht,n ebnai h  ap,leia anakataskeu c , pou sun jwc orbzetai we h diafor™ metaxO

thc eisidou kai thc anakataskeuasménhc exidou (ExBswsh 5).

l )@
L=< ki gle(xi)k (5)
N i=1
Oi pio euréwc grhsimopoioOmenoi auto-kwdikopoihtéc ePnai autob pou onom"zontai  upopl reic

(undercomplete) oi opobPoi epigeiroOn na anakataskeu’soun thn ebsodo afoQ thn metaféroun
pr.ta se énan g,ro anapar“stashc shmantik™ mikriterhc distashc. Gia na wj soun ta montela
na ex'goun qr simec anaparast™seic, eqoun protajeb di“forec tropopoi seic tou upopl rouc
auto-kwdikopoiht . DOo axioshmebwtoi tOpoi ePnai oi  ApojorubopoihtikoD  (Denoising) kai oi auto-

kwdikopoihtec mejidou apikruyhc (Masked Autoeencoders) .

Oi Apojorubopoihtikob Auto-kwdikopoihtéc  (Denoising Autoencoders) majabnoun api dedomena
pou eqoun alloiwjeb api irubo. Mia orub,dhc ekdoq thc eisidou, X, trofodoteBPtai ston
kwdikopoiht , kai to montélo kalebtai na anakataskeu’sei thn argik ebsodo, x. H ap,leia

anakataskeu c se aut thn perbptwsh ePnai:

R N
L=< ki gle(xik (6)
N ._
i=1

Oi auto-kwdikopoihtec mejidou apikruyhc (Masked Autoeencoders) epigeiroOn na anakata-
skeusoun mia ebsodo, X, thc opobPac k“poia merh eqoun krufteD. Sthn irash upologist,n, ta
montéla aut” ebnai idiabtera apotelesmatik™ tiso sthn kwdikopobhsh eikinac, iso kai Bnteo
kai apoteloOn ta kOria montéla pou grhsimopoioOntai se aut th diplwmatik . Perissiterec

leptomereiec kai sugkekriménec tegnikec parousi"zontai se epimeno kef'laio.

Antikeimenokentrikéc anaparastseic. H antikeimenokentrik ekm’jhsh anaparast™sewn
ebnai énac anaptussimenoc tomeac sthn irash upologist,n, ipou o stigoc ePnai h tmhmatopobhsh
optik,n eisidwn se antikebDmena kai h exagwg anaparast’sewn me “sh aut”. Oi méjodoi autéc
ePnai sumbatéc me ticargéc omadopoBhshcapi thn yugologba, oi opoPec exhgoOn p,c oi “njrwpoi
epexerg“zontai optik™ s mata organ,nont’c ta se antikebmena [77].
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H antikeimenokentrik ekm’jhsh anaparast™sewn elti,nei thn ikanithta genBkeushc kai thn
apodotikithta twn montélwn wc proc ta debgmata ekpabdeushc kai elti,nei thn ermhneusimith-
ta. Sto pareljin imwc, autéc oi tegnikéc asbzontan sto montélo thc epiblepimenhc mTjhshc kai
periorbzontan api th duskolPa kai to kistoc thc epis manshc sunilwn dedomenwn. Ta teleutaba
grinia, argitektonikec ipwc to Slot Attention , oi opobec ePnai auto-epiblepimenec kai exaireti-
k™ klimak,simec, éqoun epitagOnei tic exelDxeic se autin ton g,ro ekmetalleuimenec meg’la mh
epishmeiwmeéna sOnola dedoménwn eikinwn kai Bnteo [67, 8, 3].

Ekm’jhsh anaparast’sewn sth ompotik Ston toméa thc ompotik c, ta teleutaba qgrinia
egei entajeb to endiaféron se proseggbseic asismenec se mejidouc mhganik c kai aji"c m’jh-
shc. H metafor™ gn,sewn api thn epitughménh efarmog thc ekm’jhshc anaparast”sewn sthn
epexergasba usik ¢ gl ssac kai thn irash upologist,n pabzei kentriki ilo se autec tic pro-
spjeiec.

Oi anaparastseic eikinac pabzoun kajoristiki ilo sta probl mata ompotik .n geirism,n,
ipou h katanihsh tou perib’llontoc tou ompit ebnai kajoristik . Eidikitera, me thn priodo
thc aji"c mijhshec, h irash upologist,n enisqOjhke me apotelesmatikéc tegnikéc exagwg c
anaparast’sewn. Oi tegnikec autéc ebnai h “sh gia k™poiec api tic pio epitughmenec mejidouc
ekm’jhshc optikokinhtik,n politik,n (Sq ma 2) [64, , 61, 95, ]. Oiroc optikokinhtikic
epishmabnei iti to di"nusma kat"stashc pou dbnetai wc ebsodoc sto montelo politik ¢ sunduzei
anaparast’seic eikinac me éna di"nusma pou perilamb™nei plhroforbec gia thn kat"stash tou
ompit, ipwc h ésh oi tagOthtec twn arjr,se,n tou.

Sgma 2: Ekm’jhsh anaparast’sewn me auto-kwdikopoiht me méjodo apikruyhc eikinac gia
ton elegqo ompit. Phg : [87].

Oi tegnikeéc auto-epiblepimenhc mjhshc ebnai polO shmantikéc sthn ekm’jhsh anaparast’se-
wn gia ompit, kaj,c epitrepoun thn axiopobhsh meg~lwn mh epishmeiwménwn sunilwn dedomenwn.
'Ena endeiktiki par"deigma ebnai h epitugba twn auto-kwdikopoiht,n eikinac se prosomoiwmeénec
[87] kai pragmatikoO kismou [88] ompotikéc ergasPec. Sth “sh pro-ekpaPdeushc, oi kwdiko-
poihtéc ekpaideOontai grhsimopoi,ntac eikinec api proswpokentrik® (egocentric) sOnola dedo-
meénwn, ipwc to Ego4D [36] kai to EPICeKitchens [17], kaj,c kai sOnola dedoménwn epikentrwména
se dr’seic, ipwc to  SomethingeSomething [35]. Sth sunéqeia, oi par"metroi twn kwdikopoiht,n
meénoun stajeréc kai oi anaparast’seic touc grhsimopoioOntai gia thn ekm”jhsh optikokinhtik,n
politik,n eléggou.

1.4 Apistaxh Gn,shc api Dr'sh se Antikebmeno

Se auti to meroc, proteBnoume kai peiramatizimaste me mia diadikasba apistaxhc gn,shc (knowle
edge distillation) dr"sh-se-antikeBmeno pou metaférei th gn,sh api énan kwdikopoiht Video MAE
se enan kwdikopoiht eikinac. To apotélesma thc diadikasPac aut ¢ ebnai énac Antikeimenoke-

ntrikic Kwdikopoiht ¢ Prosanatolisménoc sth Dr'sh (Object Actionecentric Encoder «OAcCE) . O
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stigoc tou OACE ebnai na montelopoi sei ton g,ro anaparast’sewn Pnteo pou periéqoun dr’seic
p’nw se antikebmena, pou ebnai arqik™ prosb”simoc mino api to montélo Video MAE . Qrhsimo-
poi,ntac diatropik apistaxh gn,shc (crossemodal distillation),  stogeOoume na k’noume autéc
tic anaparast”seic prosb”simec mesw statik,n eikinwn antikeimeénwn.

O OACE apotelebtai api dOo kOria merh:

~ 'Enan Kwdikopoiht Eikinac pou metasghmatbzei mia eikina api ton g,rotwn  pixel se énan
pukni g,ro anapar”stashc eikinac, | 2 Zimg. Sta parak’tw peir'mata, grhsimopoioOntai
dOo diaforetik™ pro-ekpaideuména montéla wc Kwdikopoihtéc Eikinac, o CLIP[86] kai o
Image MAE [45].

~ 'Ena Montélo AntistoBgishc , to opobo antistoigbzei ton q,ro anapar“stashc eikinac ston
draseokentriki g,ro anapar’stashc Bnteo, R2Zac.

Diaisjhtik”, aut h méjodoc ebnai prospTjeia kwdikopobhshc twn empeiri.n dr'shc kai su-
sgetis c touc, mesw thc gr shc apistaxhc gn,shc, me thn apeikinish twn antikeimenwn pou ebnai
to epPkentro twn dr'sewn aut,n. Mia mellontik kateOjunsh a mporoOse na perilamb™nei th
susgetish twn empeiri,n twn Bdiwn twn praktirnn me ta antikebmena.

Sgma 3: Par’deigma tou OAcE kwdikopoiht wc méroc montélou ekm”jhshc politik, n.

Oi OACE anaparast™seic a tan dunhtik” qr simec wc ma pro-ekpabdeushc se mba antikei-
menokentrik méjodo ekm“jhshc politik, n, ipwc sto Sq ma 3. Mia “llh pijan grhsimithta thc
enswm’twshc draseokentrik ¢ plhroforbac a mporoOse na ePnai h parogq meétrwn omoiithtac
se éna perib’llon an"kthshc paradeigm™wn, ipwc sth diadiktuak “sh dedoménwn ompotik,n
geirism,n pou prot’jhke sto [117]. Téloc, k'poia parimoia idéa a mporoOse na efarmosteb se
efarmogéc Epauxhménhc Eikonik ¢ Pragmatikithtac, ipou oi eikonikoB ohjoB a mporoOsan
na paregoun upost rixh, kai Bswc na qreiasteD na anakt soun kai na pareqoun paradeBgmata
dr'sewn [83].

0 kOrioc stigoc aut ¢ the peiramatik ¢ enithtac ePnai na diereun sei an o OACE mporeb na su-
gkrijeb kai dunhtik™ na elti_sei, orisménouc api touc sOggronouc kwdikopoihtéc eikinac. Prin
api thn parousbash thc peiramatik ¢ mejodologbac kai twn apotelesm™twn, h epimenh enithta
parousi“zei to ewrhtiki upibajro pou enépneuse aut th meléth, mazb me ta pro-ekpaideumena
montéla pou grhsimopoioOntai.
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1.4.1 Apistaxh Gn,shc

H apistaxh gn,shc ( Knowledge Distillation « KD ) [34, 53, 90] ePnai mia méjodoc sumpbeshc neu-
wnik, n diktOwn, sthn opoba éna montélo majhtc ( student model ) ekpaideOetai na anaparaggei
th leitourgba enic megalOterou kai pio sOnjetou monteélou dasklou ( teacher model ). Aut h

mejodoc prot'jhke, mazb me “llec tegnikec mePbwshc montelwn ipwc to  Network Pruning [14, 91,
], gia na kalOyei thn an"gkh gia montéla pou ePnai exDsou apotelesmatik™ me ta meg’la aji”
montéla, all” leitourgoOn se suskeuéc me periorisménouc upologistikoOc pirouc, ipwc kinht™
thiefwna autokBnhta. To montélo majht ¢ den majaBnei mino api to sOnolo dedoménwn, all’
kai apotup,nei thn ikanithta genbkeushc tou dask’lou [48].
Ta teleutaba grinia, éqoun protajeb arketec parallagec thc apistaxhc gn,shc [34, 53]. Oi
kathgorbec pou sqgetbzontai me ta peir'mata aut ¢ thc diplwmatik ¢ ebnai oi ex c:

" FeaturesBased Apistaxh : Se aut thn kathgorPa algorbjmwn KD, h metaferimenh gn,sh
ebnai se uyhlitero epbpedo se sOgkrish me tic  Response+Based knowledge methods |, ipou to
montélo majht ¢ stogeQei tic pijanithtec taxinimhshc tou montélou dask’lou. H Features
Based meéjodoc eqei debxei enjarruntik™ apotelésmata wc méjodoc ekm”jhshc anaparsta-
shc [112, 26, 28].

Diatropik Apistaxh (crossemodal distillation) . Auti shmabnei iti h ebsodoc tou da-
sk’lou ebnai diaforetik ¢ morf ¢ api aut tou majht . Sthn proséggis mac, o d"skaloc
kwdikopoieB Bnteo kai 0 majht ¢ prospajeb na apost™xei tic plhroforbec pou sgetbzontai

me th dr’sh se eikinec twn antikeiménwn. Auti empBptei sthn kathgorba thc apistaxhc Bnteo

se eikina metafor’c gn,shc [92, 80, 65].

Sgesiak ( Relational ) Apistaxh : Aut h parallag esti"zei sth metafor” twn sqesewn
metax® deigm™twn ston g,ro anapar’stashc tou montélou dask’lou. H sgésh twn deig-
m"twn posotikopoiebtai sun jwc mésw dOo tOpwn sun’rthshc ap leiac [79]: ap, leia “sei
apistashc ( distanceswise loss ) kai ap,leia “sei gwnbac ( angleswise loss ). Sthn ap,leia
“sei apistashc, oi Euklebdeiec apost’seic metaxO eug,n deigm’twn upologbzontai, enjar-
Onontac ton majht na diathreD sgéseic apost’sewn parimoiec me autéc tou dask’lou.

H ap.leia “sei gwnbac epiqeireD mia pio leptomer metafor” sqgesiak ¢ plhroforbac,

wij,ntac ton majht na diathr sei tic gwnbec pou sghmatbzontai api tri"dec paradeigm™twn.

1.4.2 Kwdikopoihtéc eikinac

CLIP. To montela CLIP [86] ebnai api touc pio epitughménouc kwdikopoihtec eikinac , ison
afor” th genbkeush, thn euelixPa kai thn apodotikithta. Ta montéla aut™ ekpaideOontai se

éna sOnolo dedoménwn pou apotelebtai api epishmeiwménec eikinec. H ekpabdeush asbzetai sth
méjodo antijetik ¢ m7jhshc ( contrastive learning framework ). To montéla CLIP apoteloOntai
api ena eugri ( Transformer encoders ), ipou o énac kwdikopoieb eikinec kai o “lloc kebmeno.
Oi anaparast’seic katal goun se énan koini g,ro ston opobPo h ekpaBdeus stogeQei na érei

ta swst™ eug’ria pio kont”, en, tautigrona na apomakrOnei ta Ijoc eug’ria, ta opoPa ebnai

tugaboi sunduasmob keiménou-eikinac. 'Ena pro-ekpaideumeno montélo CLIP epilegjhke wc énac
api touc kwdikopoihtéc eikinac sto OACE, ligw thc apodedeigménhc tou apotelesmatikithtac.

Image Masked Autosencoder . H kwdikopoiht c eikinac Image Masked Autoeencoder (MAE)[45]
asbzetai sthn auto-kwdikopobhsh me th méjodo apikruyhc (masked autoeencoding) . H asik
idea pbsw api th méjodo aut ePnai iti an éna montélo mporeb na anakataskeu“sei éna deBgma
me orismena api ta mérh tou krummena, tite o kwdikopoiht ¢ tou mporeb na exaggei uyhl ¢
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poiithtac anaparast™seic. H méjodoc ekpabdeushc tou Image MAE asbzetai sthn argitektonik
Kwdikopoiht -Apokwdikopoiht , ipou kai ta dOo montéla égoun argitektonik ViT. O kwdiko-
poiht c epexergzetai thn ellip ebsodo kai par"gei anaparast’seic pou egoun enswmat,sei
plhroforba gia oliklhrh thn eikina. O apokwdikopoiht ¢ prospajeb na anakataskeu”sei thn

argik eikina kai h sun’rthsh ap leiac ePnai to méso tetr'gwno sf’lma metax® twn anakata-
skeuasmenwn kai twn argik,n tim,n twn pixel sta token pou éqoun apokrufieb.

1.4.3 Kwdikopoiht ¢ Bnteo

Video Masked Autosencoder . To montelo Video MAE pou grhsimopoiebtai se aut” ta peir'mata
parousi”sthke sto [109]. H méjodoc pou protebnetai antimetwpbzei tic prokl seic pou parousi-
"zoun ta dedomeéna se morf Bnteo, se sOgkrish me tic morféc keiménou kai eikinac. H pr,th
priklhsh ePnai h auxhménh poluplokithta pou eis"getai api th di"stash tou grinou. H deOterh

priklhsh ebnai iti, stic perissiterec peript,seic, to qr simo s ma ePnai mino éna mikri poso-

sti the sunolik ¢ eisidou. Téloc, itan apokrOptontai kommtia tou Bnteo, h uyhl gronik
susgétish metax® twn frame mporeb na odhg sei se diarro plhroforDac se mérh tou Bnteo me
periorisménh kbnhsh. Gia na antimetwpistoOn autéc oi prokl seic, oi suggrafeBc proteBnoun th
gr sh miac tegnik ¢ swihnoeidoOc apikruyhc (tube masking) , ipou oi gronikobB gebtonec enic
token ebnai epbshc krummenoi. Epipléon, gia na anagk™soun to montélo na esti"sei sto qr si-
mo meéroc tou s matoc kai na apofOgoun tic yeudeBc susgetbseic, apokrOptetai to 90-95% twn
sunolik,n token .

Ta montéla pou ekpaideOthkan me aut th méjodo par"goun statesofethesart apotelésmata
sthn downstream ergasPa anagn,rishc dr'shc . 'Ena api ta sOnola dedoménwn pou grhsimo-
poioOntai gia thn axiolighsh twn Video MAEs ebnai to sOnolo dedoménwrnSomethingsSomething
v.2. Auti to sOnolo dedoménwn epilégjhke we “sh gia to kOrio méroc twn peiram’™twn autoO tou
meérouc, kaj,c ePnai elafrO kai parégei Pnteo epikentrwména se dr'seic. 'Ena Video MAE pro-
ekpaideuméno se auti to sOnolo dedoménwn grhsimopoieBbtai we montélo dask’lou sth diadikasPa
apistaxhc.

1.4.4 Prosferimenec Dunatithtec Antikeimenwn

Sto plabsio twn optik,n anaparast”sewn, h ennoia twn prosferimenwn dunatot twn antikeimenwn
(a ordances ), h opoba sundeei thn antblhyh twn antikeiménwn me tic dunatithtec dr’shc, paregei
mia polOtimh optik gia tic mejidouc ekmjhshc anaparast™sewn, kaj,c katalamb™nei ton g,ro
metax® auto® pou ePnai antikeimenik” parathr simo (garakthristik™ antikeiménwn) kai auto®
pou i netai upokeimenik™ (anaparast’seic) [76, 13]. O James J. Gibson upost rixe iti gia touc
anjr,pouc kai ta ,a, ta antikebmena den gbnontai apl,c antilhpt”™ wc sunjeseic twn qarakthri-
stik,n touc (sq ma, gr,ma, uf ), all” wc sunjéseic twn dunatot twn dr’shc pou paréqoun [30,

1.

Ta asik™ probl mata pou sgetbzontai me aut th diplwmatik orbBzontai parak™tw.

~ KathgoriopoBhsh prosferimenwn dunatot twn: Aut perilamb™nei th multislabel taxinimh-
sh twn eikinwn se éna sOnolo diajésimwn prosferimenwn dunatot twn. Aut h ergasba ePnai
sun jwc “sh gia pio sOnjetec ergasbec anagn, rishc prosferimenwn dunatot twn.

~ Anbgneush prosferimenwn dunatot twn: Sthn ergasba aut ta montéla prépei na entopbsoun
kai na kathgoriopoi soun ta antikeBbmena me “sh tic prosferimenec dunatithtéc touc.

H kathgoriopobhsh prosferimenwn dunatot twn ePnai eénac kalic upoy fioc gia thn axioligh-
sh anaparast™sewn antikeiménwn pou proorbzontai gia ompotik . Auti ofebletai sto gegonic iti
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0 entopismic dunhtik,n dr'sewn se éna perib’llon mporeb na ohjsei to ompot na sgedi“sei
kai na sunergasteb me anjr,pouc “lla ompit [13, 42].

1.4.5 SOnolo Dedoménwn

Ta Something's A ordances  ePnai @na mikr ¢ klbmakac sOnolo dedoménwn pou asPzetai sto sOno-
lo dedoménwn SomethingeSomething v.2 [35]  grhsimopoi,ntac k™poiec api tic bounding box e-
pishmei,seic tou sunilou Something*Else [72]. Oi kathgorbec dr'shc sto  SomethingeSomething
v.2 éqgoun dhmiourghjeb me stigo na ohj soun ta montéla, na embajOnoun thn katanihs touc gia
ton usiki kismo kai na anaptOxoun mia morf koin ¢ logik c. Oi anaparastseic tou Videoe
MAE apodBbdoun kal” se auti to sOnolo dedoménwn kai sunep,c, ePnai pijani na égoun apotup, sei
mia uyhl ¢ poiithtac draseokentrik plhroforba.

To Something's A ordances esti"zei sto priblhma thc kathgoriopobhsh prosferimenwn du-
natot twn. Gia thn axiolighsh twn mejidwn upi exétash epilégjhke &na mikri uposOnolo kathgo-
i,n dr'shc. Oi kathgorbec autéc kai oi antbstoiqec prosferimenec dunatithtec parousi“zontai
ston parak’tw pPbnaka.

A ordance SomethingsSomething action labels # video samples
Foldable Folding something, Unfolding something 1620
Rollable Rolling something on a at surface, Letting something 2913

roll up a slanted surface, so it rolls back down, Letting
something roll down a slanted surface, Letting
something roll along a at surface
Squeezable Squeezing something 2202
Containment Pouring something out of something, Pouring something 2289
into something until it over ows, Pretending to pour
something out of something, but something is empty,
Showing that something is empty
Tearable Tearing something just a little bit 1620

Table 1: Oi kathgorbec dr'shc tou  Something's A ordances kai oi antbstoigec prosferimenec
dunatithtec.

'Enac api touc periorismoOc sthn exagwg bounding box antikeiménwn api éna sOnolo dedo-
ménwn Bnteo ebnai iti poll” debgmata periéqoun paremboléc api géria “lla antikebmena. Gia
na elagistopoihjeb auti to thma, oi eikinec antikeiménwn ex gjhsan api ta pr.ta 10 frame
twn Dnteo, ipou ta antikebmena sun jwc emfanbzontai mina touc. Epipléon, ligw thc kBnhshc
thc K'merac twn qgeri,n, K"poia api ta bounding box periégoun meroc tou antikeiménou em-
anbzoun motion blur . Auti érgetai se antbjesh me “lla sOnola dedoménwn kathgoriopoBhshc
prosferimenwn dunatot twn, ipwc to [55], pou periéqoun kajaréc eikinec antikeiménwn. An kai
auti mporeb argik™ na abPnetai wc éna meionékthma, autéc oi alloi,seic mporoOn na prosomoi-
.soun ta apotelésmata tegnik,n aOxhshc eikinac, oi opobec grhsimopoioOntai tegnht™ gia na
elti,soun thn ikanithta genbBkeushc twn montélwn [116].

ParomoBwc me to sOnolo dedoménwrSomethingsElse [72], orbzoume to uposOnolo frequent obe
jects , to opobo apotelebtai api ta antikeBPmena pou emfanbzontai perissiterec api 20 orec sta
Pnteo. Auti gbnetai gia na diasfalisteb iti ta antikebmena emfanbzontai se arket™ paradebgmata,

,ste na mporeb na exaqgjeb plhroforba prosferimenwn dunatot twn api ta statistik™ tou sunilou
dedomeénwn. Sunolik”, to sOnolo dedoménwn apotelebtai api  11;235 Bnteo, api ta opoba ex"gontai
123 ;434 bounding boxes antikeiménwn. Gia k'je antikePmeno sto sOnolo  frequent objects upolo-
gbzoume thn katanom sugnithtac twn dr'sewn. Api aut n thn katanom sugnithtac, ex"goume

tic multislabel prosferimenec dunatithtec gia k'je antikebmeno, efarmizontac éna kat fli stic
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sugnithtec me tripo ,ste na apofeQgontai ta antikePmena pou grhsimopoioOntai me asun ji-
sto tripo. Gia pardeigma, h katanom sugnithtac drshc kai oi multislabel  prosferimenec
dunatithtec gia to antikebmeno bottle parousi"zontai ston paraktw pPnaka:

foldable | rollable | squeezable | containment tearable
frequency distribution 2 575 156 178 1
a ordance 0 1 1 1 0
Table 2: H katanom sugnithtac dr'shc kai oi multielabel prosferimenec dunatithtec gia to

antikebmenabottle.

To sOnolo dedoménwn qwrbzetai me dOo tripouc:

1. Diabresh “sei Bnteo (  SAevb): To sOnolo dedoménwn qwrbzetai se trba sOnola train, valie
dation, test exasfalbzontac iti oi eikinec api to Bdio Pnteo an koun sto Bdio sOnolo.

2. Diabresh “sei antikeimenwn ( SA«0b): Aut h diabresh stogeQei sth sunjetik genbkeush
compositional generalization [72] , diair ntac ta antikeDmena se dOo sOnola, to  Set A kai
to Set B. To Set A grhsimopoiebtai gia thn ekpabdeush, en, to Set B grhsimopoiebtai sta
sOnola validation kai test .

Ta akilouja peirrmata apoteloOntai api dOo st'dia. Sto argiki stdio, o kwdikopoiht c

OACE ekpaideQetai grhsimopoi,ntac eikinec antikeiménwn wc eisidouc kai anaparast’seic Bnteo
api ton Video MAE wec stiqouc. Gia na epitaqunjeb aut h diadikasba, oi anaparastseic tiso
tou Kwdikopoiht Eikinac iso kai tou Kwdikopoiht BBnteo, ex"gontai ek twn protérwn, kaj,c
mino to Montélo AntistoPgishc upob’lletai se ekpabdeush. Sto deOtero st'dio, o ekpaideuménoc
kwdikopoiht ¢ dokim“zetai sthn kathgoriopobhsh prosferimenwn dunatot twn grhsimopoi,ntac
touc multielabel stigouc pou perigr-fhkan parap™nw.

1.4.6 Peiramatik méjodoc

H argitektonik kai h mejodoc ekpabdeushc tou OACE apeikonbzetai sto Sqma 4. O OAcE
lamb™nei wc ePsodo, eikinec antikeimenwn, ta opoba ex"gontai grhsimopoi,ntac ta bounding boxes
api to sOnolo dedoménwn Something*Else . Ta Bnteo twn dr'sewn an koun sto  Something's
A ordance . Giak’je eikina antikeiménou, 0 OAcE ekpaideOetai gia na par°gei mPa anapar’stash
ston draseokentriki g,ro anapar’stashc .

Kwdikopobhsh api ton d"skalo. To montélo d"skaloc ebnai to pro-ekpaideuméno  ViTeS Video
MAE api to [109]. JewroOme ta Bnteo sto sOnolo dedoménwn  Something's A ordances  wc
XS');i 2 [1:N], kajéna api ta opoPa apotelebtai api TO frames (ExBswsh 7). Taframes éqoun

stajeri Oyoc 224  pixels kai metablhti pl'toc. Prin api thn eisagwg sto Video MAE , metasgh-
matbzontai se stajer an’lush 224 224 (H = W = 224). Epipléon, ta Bnteo upobllontai se

gronik upodeigmatoleiyba, katal gontac se video clip me 16 frame (Exbswsh 8). ToVideo MAE

epexerg“zetai ta video clip kai oi anaparast’seic F® proérqontai api to  average pooling twn

tokens tou ViT . To mégejoc aut,n twn dianusm™twn anapar”stashc ebnai d; = 384.

Videos: X = fxy;:i:; xp0g2 RO H W 3 (7)

Video Clips: V) = fvy;:1:; vigg2 R H W 3 (8)

Teacher representations: F(@)=teacher (Vt(i)) 2 R% 9)
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Sgma 4: Object ActioneCentric Encoder : arqgitektonik kai mejodoc ekpabdeushc

Kwdikopobhsh eikinac. DOo proekpaideuménoi kwdikopoihtéc eikinac grhsimopoi jhkan se
aut n thn peiramatik enithta, énac CLIP [86] kai énac Image MAE [45]. O Image MAE ekpaideOthke
epipleon stic eikinec tou sunilou dedoménwn  Something's A ordances gia 100 epogéc.

'Opwc anaferjhke prohgoumenwc, gia na mei,soume thn optik parembol , ta apokommeéna
antikeBmena, Ct () (Exbswsh 10), ex"gontai api ta pr,ta 10 frame twn Bnteo, grhsimopoi,ntac ta
boudning boxes api to sOnolo dedoménwn Something+Else . Ta apokommeéna antikeDmena upob’I-
lontai sth sunéqeia se epexergasba api ton pro-epexergast k'je kwdikopoiht eikinac. Kai oi
dOo kwdikopoihtéc déqontai eikinec sqmatoc H W  3,ipou H =W = 224. O kwdikopoiht ¢
eikinac epexerg'zetai ta apokommeéna antikeDmena gia na par’gagei tic anaparast™seic eikinac

1t®. Kai stic dOo peript,seic, to megejoc twn dianusm”twn anapar’stashc eikinac ebnai d; = 512.
] n . .0
Object crops: €= cl;:i; cl) 2RO W 3 (10)
Image representations: It(i) = image_encoder (C((i)) 2 R% (12)
Antistobqish ston draseokentriki g,ro anapar“stashc. H antistobqish api tic anapara-

st”seic eikinac, It(i), stic anaparast’seic OACcE, Rt(i), par'getai api ena  MLP (ExBswsh 12) pou
apotelebtai api ta akilouja str,mata, sundedemena se seir”:

1. 'Ena grammiki epPpedo me megejoc eisidou 512 kai mégejoc exidou 512

2. 'Ena epbpedo energopobhshcRelLU

3. 'Ena epbpedo @ropout)

4. 'Ena grammiki epPpedo me megejoc eisidou 512 kai megejoc exidou 384

OACE representations: ~ R{" = mapper (1 0y 2 R (12)
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Apokwdikopobhsh se epbpedo anaparast’sewn. Gia thn ekpabdeush tou OACE, oi anapara-
st’seic apokwdikopoioOntai gia na anakataskeu"soun tic anaparast’seic Video MAE (ExBswsh
13) kai tic anaparast’seic Eikinac (ExDswsh 14). H anakataskeu kai twn dOo anaparast™sewn

od ghse se IDgo kalOtera apotelésmata api to na égei o OACE wc stigo mino ta garakthristik”

tou Video MAE.

Teacher representation (TR) reconstructions: Ift(i) = TR decoder (Rt(i)) 2 R% (13)

Image representation (IR) reconstructions: ft(i) = IR_decoder (Rt(i)) 2 RY (14)

Sunart seic Ap, leiac. To Montélo AntistoBgishc kai oi dOo apokwdikopoihtéc eltistopoioOntai
grhsimopoi,ntac treic diaforetikéc sunart seic ap,leiac:

1. Ap,.leia anakataskeu c anaparast"sewn dask’lou : Aut ebnai h Ap, leia Méesou Te-
tragwnikoO Sf'lmatoc ( MSE) pou upologbzetai metaxO twn stigwn anaparast’sewn api to
Video MAE gia K'je Pnteo kai twn anakataskeuasménwn anaparast’sewn twn antBstoiqwn
antikeiménwn sto Bdio Pnteo. Gia énabatch B meN debgmata bnteo:

1 X

N d, Lwse (F ©; 'ft(i)) (15)

Lr =
i=1 t=1

2. Ap,leia anakataskeu c anaparast’sewn eikinac : Aut ebnai h MSE pou upologbzetai
metax® twn anaparast sewn eikinac api ton Kwdikopoiht Eikinac kai twn anakataskeua-
sménwn anaparast’sewn eikinac. Gia éna batch B meN debgmata antikeiménwn:

1 XX

(). 70)
L (Rl 16
N d, mse(ly/;177) (16)

Lr =

i=1 t=1

3. Ap,leia sgesiak ¢ apistashc : Aut ebnai h Angleswise Relational Knowledge Distillae
tion Loss (RKDe+A) ipwec prot’jhke sto [79]. Gia mPa tri"da deigm™twn, h sqesiak dunamik
gwnbac posotikopoieb th gwnba pou dhmiourgebtai api ta trba debgmata se éna q,ro anapa-
ast’sewn:

A(Ri;Rj;Rk) = COS\RiRjR = (gj; &)
t; tj tx tj (17)

h = ——— § = ————
e & T e ke M T ke tke

H ap,leia RKDe<A metr" th diafor" sth sgesiak dunamik gwnbac metaxO twn anapara-
st’sewn tou OACE kai twn anaparast”sewn tou dask’lou:

X
1
RKD-A = ]C_sj Lmse( a(Ri;Rj;Re); a(Fii Fis Fu)) (18)
(Ci;Cj;ck)2C?

Gia na perioristeD h aOxhsh thc upologistik ¢ poluplokithtac pou eis"gei aut h ap, leia,
to C® ebnai éna sOnolo 50 tri"dwn, pou epilégontai tugaba api k'je batch .
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Diadikasba Ekpabdeushc. 'Ola ta montéla ekpaideOthkan gia 20 epogéc grhsimopoi,ntac
learning rate scheduler  kai ton Adam optimizer [56]. O learning rate scheduler perilamb™nei
duo “seic [3]: mia argik grammik projérmansh méqri Ir = 0:001, akoloujoOmenh api ekjeti-

k mebwsh tou Ir. Aut h proséggish stogeQei na elti sei th sOgklish kat™ thn ekpabdeush.

1.4.7 Axiolighsh

H axiolighsh pragmatopoi jhke grhsimopoi,ntac dOo mejidouc: (i) linear probing kai (ii) ek-
pabdeush miac kefal ¢ taxinimhshc MLP p°nw api tic pagwmeénec anaparast’seic OACE . O
stigoc thc peiramatik ¢ axiolighshc ebnai na dokimsei e'n o kwdikopoiht ¢ OACE mporeb na

enisqOsei dOo kwdikopoihtéc eikinac: CLIP kai Image MAE . EDnai shmantiki na shmeiwjeD iti oi
anaparast’seic  CLIP den éqoun ekpaideuteb sth “sh dedoméenwn pou grhsimopoi jhke gia axio-
lighsh, en, sto Image MAE égei pragmatopoihjeD neetuning se aut th “sh dedomenwn. Oi
axiologhménec mejodoi ebnai oi ex c:
1. GT: To ground truth  apotélesma proékuye ekpaideOontac touc taxinomhtéc stic anapara-
st’seic tou dask’lou. EPnai san ta montéla na eqoun prisbash stic "téleiec" anamn seic
twn energei.n pou sgetbzontai me k’je antikePmeno. Auti anadeiknOei to gr simo s ma stic
anaparast’seic tou montelou tou dask’lou.
2. OACE se CLIP: Ekpabdeush taxinomht,n stic anaparast™seic OACE , me to CLIP wc kwdi-
kopoiht eikinac.
3. CLIP: Ekpabdeush taxinomht,n stic anaparast™seic CLIP .
4. OAcE se IMAE : Ekpabdeush taxinomht n stic anaparast™seic OACE , me to Image MAE wc
kwdikopoiht eikinac.
5. IMAE : Ekpabdeush taxinomht,n stic anaparastseic Image MAE .
6. OACE + IMAE : Ekpabdeush taxinomht,n stic suggqwneumeénec anaparast’seic tou Image
MAE kai tou OACE.

Linear probing. To linear probing éqgei grhsimopoihjeb wc prwtikollo axiolighshc anapara-
st"sewn se di*forec melétec, sumperilambanoménwn twn [86, 45]. Perilamb’nei thn ekpabdeush
enic grammikoO taxinomht p'nw api tic anaparast’seic. Sto plabsio tou sunilou dedoménwn
Something's A ordance , h multislabel taxinimhsh apaiteb thn ekpabdeush pénte duadik,n gram-
mik,n taxinomht,n - énan gia k'je kathgorba prosferimenhc dunatithtac. O taxinomht ¢ pou
epilégjhke gia auti to peiramatiki tm ma tan h Logistik Palindrimhsh, h opoba ebnai éna
genikeumeno grammiki montélo. Ta apotelésmata parousi“zontai stouc PPnakec 3 kai 4.

Con guration Recall Precision F1 Score | Accuracy
GT 0.7508 0.9444 0.8349 0.8774
OACcE on CLIP 0.7275 0.9224 0.8116 0.8610
CLIP 0.7217 0.9147 0.8050 0.8561
OACE on IMAE 0.6514 0.8986 0.7512 0.8256
IMAE 0.6863 0.8942 0.7740 0.8364
OACE + IMAE 0.6964 0.8973 0.7821 0.8411

Table 3: Linear Probing metrikéc apidoshc gia ton diaqwrismi “sei Bnteo tou sunilou dedo-
menwnSomething's A ordance

Kefal Taxinimhshc MLP. To linear probing ebnai éna gr simo prwtikollo axiolighshc, den
mporeb na ekmetalleuteD mh grammikéc anaparast”seic. Mia mikr ¢ kibmaka kefal MLP ekpai-
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Con guration Recall Precision F1 Score Accuracy
GT 0.6256 0.6240 0.5543 0.6845
OACE on CLIP 0.6360 0.6404 0.5707 0.6980
CLIP 0.6256 0.6240 0.5543 0.6845
OACE on IMAE 0.5575 0.5853 0.4821 0.6341
OACE + IMAE 0.5994 0.5931 0.5341 0.6722
IMAE 0.5984 0.5907 0.5301 0.6681

Table 4: Linear Probing metrikéc apidoshc gia ton diagwrismi “sei antikeiménou tou sunilou
dedomeénwnSomething's A ordance

deOthke gia thn axiolighsh proc aut thn kateOjunsh. H argitektonik thc kefal ¢ taxinimhshc
ebnaihexc:

" Grammiki str,ma (eisidou  d; = 384, exidou = 1024 )

" Str,ma energopobhshc Relu

" Grammiki str,ma (eisidou: d; = 1024, exidou = 5)

~ Sigmoeid ¢ EnergopoBPhsh se k’je éxodo

H ekpabdeush tou neurwnikoO diktOou akoloOjhse mia parimoia proséggish me to montélo
OACE Mapper , grhsimopoi,ntac ton algirijmo Adam [56] kai énan learning rate scheduler me
meégisth tagOthta mjhshc  0;001. Gia thn telik taxinimhsh, efarmizetai grsh katwflBou
(thresholding ) stic exidouc tou teleutabou str,matoc tou taxinomht, oi opoPec rbskontai entic
tou diast matoc  [0; 1] ligw thc sigmoeidoOc energopobhshc. To kat,fli ujmPzetai sto validation
set, se k’je mia api tic pénte kefaléc xeqwrist”, gia ha megistopoi sei to skor F1 tou taxinomht .
Ta peiramatik™ apotelésmata parousi“zontai stouc PPnakec 5 kai 6.

Con guration Recall Precision F1 Score | Accuracy
GT 0.8265 0.9380 0.8776 0.9045
OACE on CLIP 0.8467 0.8782 0.8611 0.8878
CLIP 0.8195 0.8858 0.8505 0.8817
OACE on IMAE 0.8138 0.8173 0.8145 0.8493
AcE + IMAE 0.8051 0.8331 0.8174 0.8538
IMAE 0.7785 0.8359 0.8046 0.8458

Table 5: Metrikéc apidoshc thc ~ MLP taxinimhshc gia ton diagwrismi “sei Bnteo tou sunilou
dedomenwnSomething's A ordance

Con guration Recall Precision F1 Score | Accuracy
GT 0.7508 0.9444 0.8349 0.8774
OACE on CLIP 0.6870 0.6834 0.6723 0.7820
CLIP 0.6840 0.6742 0.6598 0.7720
AcE on IMAE 0.5271 0.6574 0.5656 0.7136
AcE + IMAE 0.5501 0.6656 0.5838 0.7218
IMAE 0.5410 0.6633 0.5763 0.7186

Table 6: Metrikec apidoshc thc  MLP taxinimhshc gia ton diagwrismi “sei antikeiménwn tou
sunilou dedoménwn Something's A ordance
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1.4.8 Sumper’smata kai mellontikéc kateujOnseic

Genik™, oi anaparastseic tou Video MAE parousi“zoun kalOterh apidosh se sOgkrish me touc
kwdikopoihtéc eikinac. Aut h eltbwsh a mporoOse na ofePletai sto iti oi kwdikopoihtéc ei-

kinac ekpaideOontai se dedomeéna ektic tou pedbou, en, to  Video MAE égei ekpaideujeb sto sOnolo
dedomeénwnSSv2. Gia na to diereun soume auti pragmatopoioOme neetuning tou Image MAE se
eikinec api to sOnolo dedoménwn. Wstiso, sta peirmata o kwdikopoiht ¢ CLIP exakoloujeb na
upertereb tou Image MAE Kkai éna pio oristiki apotélesma a apaitoOse kai to neetuning  enic
montélou CLIP, grhsimopoi,ntac to sOnolo dedoménwn  SSv2.

Wstiso, ewroOme to gegonic iti oi anaparast™seic Video MAE parousi“zoun kalOterh a-
pidosh wc éndeixh iti up“rgei gr simo s ma stic anaparast’seic autéc kai ta peirrmat™ mac
parousi"zoun mia prosp’jeia na to axiopoi soume. Oi Video MAE anaparast’seic abnetai na
egoun shmantik™ mh grammik™ garakthristik™, kaj,c h apidos touc elti netai shmantik
sthn taxinimhsh me gr sh  MLP. Genik”, h proteinimenh mejodoc  OAcE paregei mia mikr eltbw-
sh stouc kwdikopoihtec eikinac. Aut h eltbwsh ebnai pio emfan ¢ ston diagwrismi tou sunilou
dedoménwn me “sh ta antikebmena. Autic o diagwrismic me “sh ta antikeDmena parousi“zei mia
megalOterh priklhsh gia ta montela, kaj,c eis"gei "gnwsta antikePmena test set .

Sunolik’, to  OAcE meCLIP parousi“zei kalOterh apidosh, plhsi“zontac tic Video MAE . Sthn
perbptwsh tou Image MAE , to OACE den parebqe p'nta elti,seic api mino tou. Sunoybzontac, oi
mejidoi pou dokim”sthkan parousi"zoun mba periorisménh apotelesmatikithta, wstiso endégetai
na grei“zontai tropopoi seic stic mejidouc megalOtera sOnola dedoménwn gia na pragmatopoi-
hjeb gr simh metafor” plhroforbac api th dr'sh sto antikebmeno.

Periorismob thc mejidou axiolighshc. H trégousa axiolighsh periorbzetai se éna mikri
sOnolo dedoménwn me IDgec kathgorbec dr'sewn. Se mellontikéc éreunec, perissiterec kathgorbec
dunatot twn a mporoOsan na exagjoOn api auti to sOnolo dedoménwn. Mia pio oloklhrwménh
axiolighsh a periel'mbane th gr sh megalOterwn sunilwn dedoménwn ipwc to Ego4D [36] kai
to EPICeKitchens [17]. Wstiso, mia shmantik priklhsh a tan h ekpabdeush tou Video MAE
ViT, enic enallaktiko® montélou dask’lou se aut™ ta megalOtera sOnola dedoménwn, ligw twn
meg~iwn gronik,n diarkei n kai thc uyhliterhc an“lushc twn Bnteo.

Epipléon, ipwc shmei,jhke prohgouménwec, sta peir'mat™ mac o kwdikopoiht ¢ eikinac CLIP
upertereb tou Image MAE , parilo pou o kwdikopoiht ¢ CLIP ekpaideOetai mino se dedoména
ektic tou pedbou ( outeofsdomain ). Gia na enisqujeb to epigebrhma gia th méjodo anapar”stashc
drshc-se-antikePmeno, ebnai aparabthto na pragmatopoihjoOn peirmata kai me k’poio CLIP
montélo ekpaideuméno se eikinec api to Bdio sOnolo. Wstiso, dedoménou iti den ebnai diajésimoc
0 epbshmoc k,dikac gia thn ekpabdeush tou CLIP , h diadikasba aut anab’lletai gia mellontik
diereOnhsh.

Periorismob thc argitektonik ¢ montélou. 'Enac api touc periorismoOc tou ~ OAcE ePnai h
ex'rths tou api éna montélo anbgneushc antikeiménwn (p.q. YOLO [89], SAM [57], EgoHOS
[123], Mask ReCNN [44] ) gia thn exagwg twn antikeiménwn api ta Bnteo. Gia ta peirmata autoO

tou mérouc apofasbsthke na qrhsimopoihjoOn ta bounding boxes tou sunilou Something+Else
kai sth sunegeia na diereunhjeb mba mejodoc ekm”jhshc anaparast”sewn pou ex’gei autimata
antikeDmena kai anaparast™seic api mia skhn . Aut h méjodoc ePnai to Slot Attention , kai to e-
pimeno keflaio katagrfei mia prosp-jeia katanihshc twn kOriwn ide, n the kai na axiolog sei

tic anaparast™seic pou prokOptoun.
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1.5 Anaparastseic Slot Attention
1.5.1 Jewrhtiki Upibajro

Slot Attention. Auti to kef'laio epikentr netai sthn antikeimenokentrik meéjodo Slot Attene
tion pou mporeb na diagwrbsei autimata mia eikina éna bnteo se antikeBPmena. Se auti to
pebrama, oi anaparast’seic antikeiménwn proérqontai api to montélo SOLV [3]. Auti to montélo
epitugq nei epitug, c ton diagwrismi pollapl,n antikeiménwn se Bnteo ex"gontac anaparast’seic

gia k'je éna api ta antikeDmena. Qrhsimopoi,ntac to sOnolo dedoménwn Something's A ordances
me ton diagwrismi me “sh Bnteo, stogeQoume na axiolog soume autéc tic anaparastseic sthn
ergasba thc kathgoriopobhshc prosferimenwn dunatot twn. Prin api thn parousbash thc mejo-
dologbac kai twn peiramatik,n apotelesm™wn, parousi“zontai orisména api ta pio shmantik
stoigePa tou montélou.

H mejodoc Slot Attention [67], ePnai mia argitektonik asismenh sth meéjodo attention . O
stigoc thc ePnai na sundései antikeDmena api mia optik eBPsodo se éna sOnolo api upodogéc
(slots). Pio sugkekriména, h méjodoc aut dégetai mia eikina eisidou pou éqei diairejeb kai
kwdikopoihjeD se N dianOsmata garakthristik,n me kwdikopoPhsh éshc kai ta epexerg’zetai gia
napargei K dianOsmata upodog,n. Ta dianOsmata upodog,n mporeD na argikopoioOntai tugaba

na ebnai par"metroi proc ekm’jhsh, ipwc sto SOLV. Aut h mejodoc epitrepei se k’je upodoq
na exeidikeOetai se énan sugkekriméno genikeuméno tOpo antikeiménou.

H méjodoc aut sun jwc grhsimopoieBtai se upopl reic auto-kwdikopoihtéc kai ta dianOsma-
ta upodoq,n trofodotoOntai se énan api-kwdikopoiht Spatial Broadcast Decoder [113], ipou
anakataskeuzei thn argik ebsodo, ebte se epbpedo pixel, ebte se epbpedo anaparast’sewn. 'Etsi,
h ekpabdeush gbnetai me gr sh thc ap,leiac anakataskeu c (reconstruction loss)

Invariant Slot Attention . H arqitektonik Invariant Slot Attention (ISM) [8] epidi kei thn e-
pexergasPa tou optikoO s matoc me tripo pou diagwrbzei thn emf nish tou antikeiménou api th
st’sh (pose) tou antikeiménou ( ésh, prosanatolismic kai kiIbmaka). H ISM efarmizei kwdiko-
pobhsh éshc sta dianOsmata garakthristik n twn tokens me “sh to sgetiki plabsio anafor’c
k'je upodog c. H mejodoc  ISA mporeb na sundu”zei ametablhtithta wc proc tic treic idiithtec thc
st’shc enic antikeiménou: metatipish, klbmaka kai peristrof . Ta kalOtera apotelésmata epi-

tugqg”nei to montelo pou eis"gei thn ametablhtithta wc proc th ésh kai thn kiIPmaka: Translation
and Scaling Invariant Slot Attention (ISA-TS) kai auti grhsimopoiebtai sto  SOLV.

Selfesupervised Objectscentric Learning for Videos (SOLV)[3] . O stigoc autoO tou montélou
ebnai na diagwrbzei Pnteo tou pragmatiko® kismou se antikeDmena. H méjodoc SOLV (Eikina
5) to epitugg™nei auti efarmizontac gwro-qgronik ( spatialstemporal) Slot Attention . Arqgik’,
k'je frame pern“ei api qwriki Slot Attention tOpou ISM, ipou upologPzontai ta antikePmena
kai oi anaparast’seic touc. Sth sunégeia, k’je upodoq enisqOetai me gronik plhroforba

dbnontac prosoq stic antbstoigec upodogéc se geitonik™ frame. To montelo ekpaideOetai wc
auti-kwdikopoiht ¢ me apikruyh, anasunjétontac to kentriki frame tou Bnteo se epbpedo ga-
akthristik,n, proergimeno api ton kwdikopoiht DINOv2 [75] .

O kwdikopoiht ¢ DINOV2 [75] ePnai to pr,to uposOsthma sthn alusDda epexergasPactou  SOLV.
Lamb’nei wc ePsodo éna Bnteo men + 1 frame , qwrbzei k'je frame se N = HW=P? mh epikalu-
ptimena token megéjouc P (ExDBswsh 71), efarmizei apikruyh se k'poia api ta token kat™ th
di"rkeia thc ekpabdeushc) kai kwdikopoieb K’je token . To epimeno uposOsthma ePnai to Spatial
Binder , to opobo efarmizei ISATS se k'je frame anex'rthta. Auti par'gei 2n+1 K dianOsmata
upodoq,n.

Ta arqik™ dianOsmata upodoq,n ePnai par'metroi proc ekm’jhsh. Dedomeénou iti ta geito-
nik” frame éeqoun parimoia optik plhroforba kai ta apeikonizimena antikeBmena den all"zoun
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drastik™ api to éna sto epimeno, ewroOme iti stic perissiterec peript,seic oi upodogéc me ton

Ddio debkth a sundéontai me ta Bdia antikePmena se ila ta frame . 'Etsi to uposOsthma Temporal
Binder pou akoloujeb ebnai énac kwdikopoiht ¢ morf ¢ transformer , o opoboc enisqQei tic ana-
parast’seic twn upodoq,n me plhroforba api tic upodogéec api ta upiloipa frame . Gia K'je
upodog, h monda Selfsattention epexerg’zetai ta 2n + 1 dianOsmata upodog,n, pargontac
éna teliki di'nusma upodog ¢ pou periégei gronik plhroforba. Sta dianOsmata upodog,n tou

K'je frame eéqei prostejeb kwdikopobhsh gronik ¢ éshc (temporal positional encoding), gia na
axiopoihjeb to s ma gronik c aitiithtac pou ebnai diajésimo sta dedoména Dnteo.

Sth sunégeia, to uposOsthma  Slot Merger upologBbzei dunamik™ ton eéltisto arijmi upodog,n
gia K’je eikina kai omadopoieb ta dianOsmata grhsimopoi ntac ton algirijmo Agglomerative
Clustering (AC) . Teloc, énac Spatial Broadcast Decoder [113] lamb™nei ton meiwmeéno arijmi dia-
nusm’twn kai anakataskeuzei ta qarakthristik™ tou kentrikoO frame , me “sh to opobo upolo-
gbzetai h ap, leia anakataskeu c (reconstruction loss)

Sunolik”,to  SOLV ex"gei anaparast”seic antikeimenwn anakataskeu“zontac to kentriki frame
se epbpedo anaparast”sewn, en, grhsimopoieb plhroforbec api oliklhro to Bnteo. Endiaféeron
parousi“zei to gegonic iti oi m“skec tmhmatopobhshc ( segmentation masks ) antikeiménwn pro-
kOptoun wc upoprodin aut ¢ thc auti-epiblepimenhc diadikasbac. Se aut thn peiramatik
enithta dokim"zoume éna “llo upoprodin aut ¢ thc diadikasbac ¢ tic anaparast’seic twn upo-
doq,n ¢ kai th grhsimitht™ touc gia thn kathgoriopobhsh twn prosferimenwn dunatot twn twn
antikeimenwn.

Sgma 5: H argitektonik tou montelou SOLV . Phg : [3]

1.5.2 Peiramatik Méjodoc

Sthn peiramatik enithta aut, axiologoOme tic anaparastseic upodog,n tou SOLV sthn ka-
thgoriopoBhsh twn prosferimenwn dunatot twn twn antikeiménwn, grhsimopoi,ntac to sOnolo
dedoménwnSomething's A ordances . Se antbjesh me ta peir'mata me tic anaparast’seic tou
Video MAE ipou o kwdikopoiht ¢ OAcCE deqitan wc ebsodo mba eikina antikebmenou, to montélo
SOLV ebnai ikani na epexerg”zetai oliklhrh th skhn kai na thn tmhmatopoieb autimata.

Argik”, pragmatopoi jhke neetuning tou montelou SOLV me Pnteo api to train set thc
diabreshc “sei Bnteo tou Something's A ordances gia 100 epogéec. O k,dikac ekpabdeushc pa-
egetai api to sumplhrwmatiki uliki tou [3]. Ligw thc poluplokithtac aut ¢ thc ekpabdeushc,
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Sgma 6: H ekpabdeush tou OACE sto Spatialstemporal Binder  tou montélou SOLV. Prosar-
misthke api: [3]

epikentrwnimaste apokleistik™ sth diabresh “sei Pnteo, SAsvb, tou sunilou dedoménwn kai h
meleth sth diabresh “sei antikeiménwn metatbjetai se mellontik éreuna.

O arjrwtic sgediasmic (modular design) tou montélou SOLV epitrepei thn exagwg anapara-
st’sewn me antikeimenokentrik proséggish se di“fora epPpeda o ¢ thc plhroforbac. Ta dOo
shmeba estbashc twn peiram™twn ebnai oi dianusmatikec eéxodoi twn Spatial Binder kai tou Tempoe
ral Binder . EPnai shmantiki na shmeiwjeb iti, pariti o Spatial Binder epikentr,netai sta qwrik”
garakthristik® se epbpedo  frame, éqei ekpaideuteb wc méroc enic sunolikoO sust matoc pou e-
pexergzetai Bnteo. Ta dianOsmata tou Spatial Binder  eltistopoioOntai gia na parakoloujoOn
meéswattention dianOsmata twn geitonik,n frame kai epoménwc mporoOn na ewrhjoOn méroc thc
eurOterhc kathgorbac mejidwn metafor’c gn,shc api Pnteo (videostoeimage knowledge distillae
tion) se eikina kai api dr’sh se antikeBmeno .

Paromobwc me thn proséggish tou prohgoOmenou kefalabou, epigeiroOme na susgetbsoume
kpoia plhroforba sgetik me tic dr'seic me ta dianOsmata anapar“stashc twn antikeiménwn.
Auti gbnetai me th gr sh enic  MLP, to opoPo lamb™nei ta dianOsmata upodog,n api to kentriki
frame enic Pnteo kai ekpaideOetai na problépei ta dianOsmata pou dhmiourgoOntai api to a-
potélesma tou Temporal Binder , ipwc abnetai sto Sqma 6. Auti to MLP ekpaideOetai se éna
sOnolo dedoménwn api Pnteo dr'sewn kai onom“zetai OAcEgoy. To montélo OAcEso v &qei thn
akiloujh argitektonik :

Linear Layer 1 : Linear( Dgot, 4 Dgot)
ReLU Activation : ReLU(inplace=True)
Linear Layer 2 : Linear( 4 Dgot, Dsiot)
Dropout : nn.Dropout(p=0.1)

Residual Connection  : output += input

To train set tou sunilou dedoménwn apotelebtai api 62,330 Bnteo. Ligw thc auxhménhc
poluplokithtac tou montélou auto®, se k'je epoq lamb netai &éna mikritero tugabo uposOnolo
megejouc 306 Bnteo, qwrbc epanatopojethsh. H ekpabdeush tou  OAcEso v diex’getai gia 10
epogéc, grhsimopoi,ntac  batches megejouc 18 kai learning rate scheduling  pou perilamb’nei
mba argik grammik projermansh meqri na t'sei Ir = 0:0004, akoloujoOmenh api ekjetik
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mePwsh. H sun’rthsh ap leiac pou parousbase ta kalOtera apotelésmata tan h Smooth L1
Loss .

1.5.3 Axiolighsh

Gia na axiolog soume tic anaparast’seic twn upodoq,n tou SOLV, tic ekpaideOoume sto epish-
meiwmeéno sOnolo dedoménwrSAsvb, grhsimopoi ntac ta  bounding boxes thc “shc dedoménwn
Something*Else . H kefal kathgoriopobhshc prosferimenwn dunatot twn, (A ordance Categoe

rization Module sACM) , ebnai énaMLP me thn akiloujh argitektonik :
~ Batch Normalization Layer [50]: BatchNorml1d( Dgqt)
Linear Layer 1 : Linear( Dgq, 1024)

RelLU Activation : ReLU(in place=True)

Linear Layer 2 : Linear(1024, 5)

Dropout : Dropout(p=0.1)

Sigmoid Activation  : Sigmoid()

O algirijmoc ekpabdeushc tou  ACM (Algirjmoc 3) xekin® me thn epexergasba twn eikinwn
tou sunilou dedoménwn mesw tou SOLV kai ton upologismi twn anaparast’sewn upodog,n kai
twn antbstoigwn attention maps . Sth sunégeia, autéc pernoOn mésw Slot Merger Module to opobo
sundu”zei orisménec upodogéc me “sh thn omoiitht™ touc.

Oi attention maps grhsimopoioOntai gia thn paragwg mask,n tmhmatopoPhshc (segmentas
tion masks ), anajétontac to k'je  pixel sthn upodoq me to megalOtero attention p°nw tou. Sth
sunégeia entopbzetai h upodoq sthn opoba eqoun anatejeb ta perissitera pixel entic tou bounde
ing box tou antikeiménou. Ta dianOsmata anaparast’sewn twn upodog,n aut,n antistoigbBzontai
me tic etiketec prosferimenwn dunatot twn, en, mPa tugaba epilegmenh upodoq api tic upiloi-
pec antistoigbzetai se etikéta arnhtik ¢ kathgoriopobhshc se ilec tic prosferimenec dunatithtec.

Sth sunégeia, to ACM ekpaideOetai grhsimopoi ntac aut™ ta eOgh eisidou-etikétac.

H ekpabdeush tou ACM perilamb™nei ekpabdeush gia 20 epoqgec, grhsimopoi,ntac batches
megeéjouc 18 kai learning rate scheduling  pou perilamb™nei argik grammik aOxhsh meqri to
Ir = 0:001, akoloujoOmenh api ekjetik mePwsh. P7li h sun’rthsh ap leiac pou parousbase
ta kalOtera apotelésmata tan h Smooth L1 Loss . Posotik™ apotelésmata parousizontai ston
Pbnaka 23 kai poiotik™ apotelesmata sta Sq mata 44 kai 45. Sta poiotik™ apoteléesmata, oi
m“skec tmhmatopobhshc twn upodoq,n apeikonbzontai me diaforetik™ qr,mata kai oi etiketec
kathgoriopoPhshc topojetoOntai sto kéntro “rouc thc m"skac tmhmatopobhshc kje upodoq c.

Con guration Recall Precision F1 Score | Accuracy
GT 0.7570 0.9407 0.8378 0.8793
OACEsoLy 0.7109 0.9470 0.8103 0.8631
SOLV Spatial 0.7065 0.9476 0.8076 0.8614
Table 7: H apidosh twn anaparast”sewn upodoq,n tou SOLV sto sOnolo dedoménwn SA Vb

1.5.4 Parathr seic

Argik”, oi anaparast”seic twn upodoqg,n parousi"zoun sugkrbsima apotelésmata me tic anapa-
ast’seic twn montélwn tou prohgoOmenou kefalabou. Auti sumbaPnei par” to gegonic iti ePnai
mikriterec se mégejoc ( Doace, oy = 128, Doace = 384) kai pragmatopoioOn autimath tmhmato-
pobhsh, h opoba eis"gei k’poio irubo sth diadikasba.
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Ta apoteléesmata debgnoun iti oi anaparast™seic pou proérgontai api ton Temporal Binder
tou SOLV, mporeb na periéqoun k™poio gr simo s ma pou den up’rqgei stic anaparast™seic tou
Spatial Binder . To montélo OAcCEso .y prospajeb na ekmetalleuteb auti to gr simo s ma kai
égei wc apotélesma mia mikr eltbwsh. ParathroOme iti h metrik precision den elti netai
stic anaparast’seic  GT kai OACEgoLy. Auti pijanitata sumbabnei epeid to sOnolo dedoménwn
perieqgei shmantik™ perissiterec arnhtikéc etikétec api etikéc, kajist,ntac protimitero gia ta
montéla na ebnai sunthrhtik™ stic probléyeic touc. Wc apotélesma, h metrik F1 prosférei mia
pio gr simh eikina thc apidoshc tou montélou.

Teloc, ta poiotik™ apotelesmata debgnoun iti parilo pou h diadikasba ekpabdeushc perilam-

"nei éna antikePmeno an” skhn, to montélo mporeDb na anigneQei kai na kathgoriopoiePb swst®
pollapl” antikebmena an™ skhn. Epipléon, se orismeénec peript,seic, éna mino antikebmeno
mporeb na anatbjetai se polléc upodogéc. Aut h pio leptomer ¢ tmhmatopobhsh mporeb na ebnai
epijumht se orisména sen’ria, all” igi se “lla. Stic perissiterec peript,seic, ilec oi upodogéc

pou antistoiqoOn sto Bdio antikeDmeno kathgoriopoioOntai swst”.

1.5.5 Sumper’smata kai mellontikéc kateujOnseic

Se aut thn enithta melet same di*fora montéla pou grhsimopoioOn thn argitektonik Slot
Attention kai dokim®same tic anaparast’seic tou montélou SOLV sto sOnolo dedoménwn SA
Vb. To montélo SOLV ePnai uyhloO endiaférontoc gia th diplwmatik aut ligw tou arjrwtoO
sgediasmoO tou, pou epitrépei thn exagwg antikeimenokentrik,n anaparast’sewn api eikinec

kai Bnteo.

Me th gr sh twn uposusthm™twn Spatial kai Temporal Binder , to montelo SOLV égei th du-
natithta na epexergasteb oliklhrec skhnéc, paréqontac antikeimenokentrikec anaparast™seic.
Debgnoume iti oi anaparast’seic Bnteo api to Temporal Binder éqoun éna mikri pleonékth-
ma sthn kathgoriopoPhsh dunatot twn se sOgkrish me tic statikéc anaparast’seic eikinwn a-
pi to Spatial Binder . Peiramatist kame me mia parallag tou Object Actionecentric encoder,
OACEso,v, pou epigeireb na sundései k™poiec plhroforbec tou Temporal Binder me tic anapara-
st’seic tou Spatial Binder . Oi anaparast™seic tou OACEso,v, epitugg™noun mia mikr eltbwsh.
Epipléon, prokOptoun etikéc endebxeic gia thn ikanithta tou montélou gia genBkeush kaj,c to
montelo kathgoriopoieD pollapl” antikeDmena se mia skhn , en, ekpaideOthke se skhnéc me éna
epishmeiwmeno antikebmeno.

Periorismob tou sunilou dedoménwn. Mia pio oloklhrvmeénh axiolighsh a peril"mbane th

gr sh megalOterwn sunilwn dedoménwn, ipwc to Ego4D [36] kaito EPICeKitchens [17] . Epipléon,
a tan endiaféron na diereunhjeb h enswm’twsh aut,n twn anaparast’sewn se argitektonikéc

pou stogeOoun sthn epblush problhm™twn, ipwc h Pribleyh Dr'shc ( Action Anticipation) [127].

Anaparast™seic gia ton élegqo. To priblhma thc kathgoriopobhshc twn prosferimenwn du-
natot twn mporeD na ebnai pol® grsimo se ompotik™ sust mata gia sgediasmi mellontik,n
dr'sewn. Idanik”, oi Bdiec anaparast’seic a prépei na ePnai gr simec stic ergasPec ompotikoO
elegqou. Parila aut”, mia anapar’stash pou apodbdei kal” se probl mata anagn,rishc den
apodbdei aparabthta kal® stic ergasbec elegqou [78]. Sto epimeno kef'laio, dokim“zoume tic
anaparast’seic tou  SOLV se éna apli priblhma prosomoiwménou ompotikoQ geirismoO.

1.6 Anaparast’seic Slot Attention gia ompotiki elegqo

Se auti to meroc, melet"me mia mejodo gia na sundu”soume tic anaparast’seic upodog,n tou
montélou SOLV, gia th dhmiourgba anaparast”sewn eikinwn gia éna priblhma prosomoiwmenou
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ompotikoO geirismoO. Sugkekriména, aut h meéjodoc efarmizetai se mia prosomoiwménh o-
mpotik ergasba api to  Train O ine, Test Online (TOTO) benchmark [128]. SugkrBnoume thn
apidosh tou kwdikopoiht eikinac pou asbzetai sto SOLV se me “llouc pro-ekpaideuménouc kw-
dikopoihtec eikinac. Ta apotelesmat™ deBgnoun iti to SOLYV genik” epitugq™nei kalOterh apidosh

se auti to perib’llon. Parila aut”, ta apotelesmata ebnai se ena prosomoiwmeno perib’llon

pou mporeb na mhn metaférontai ston pragmatiki kismo kai auti apoteleb mba api tic asikec

prokl seic sthn éreuna thc ompotik ¢ [128]. 'Omwec, h axiolighsh sthn prosomoiwmeénh ergasba
prosférei éna pr,to ma sth dokim thc mejidou mac prin api th met"bash se peir'mata ston

pragmatiki kismo  (realsworld testing)

Sqma 7: H prosomoiwménh ergasba ompotik ¢ geirismoO tou  TOTO[128]

1.6.1 Jewrhtiki Upibajro

Enisqutik Mjhsh. SOmfwna me touc Russell kai Norvig [93], énac prktorac ePnai mia o-
ntithta pou allhlepidr™ me ena exwteriki perib’llon me skopi thn epbteuxh enic stiqou. Oi

algirijmoi Enisqutik c M7jhshc (Reinforcement Learning « RL)  stogeQoun sthn an’ptuxh pra-
ktirwn pou allhlepidroOn me éna exwteriki perib’llon me tétoio tripo ,ste na megistopoioOn

to anamenimeno s ma antamoib ¢ pou lamb™noun api auti to peribllon [104]. Aut h allhle-

pPdrash sun jwc montelopoiebtai grhsimopoi, ntac Markobianec Diadikasbec Apof'sewn  (Markov
Decision Process « MDPs) : O prktorac allhlepidr™ me to perib’llon se mia seir” diakrit,n

gronik,n hm“twn, ipwc aPnetai sto Sq ma 8.

Sg ma 8: Markobianéc Diadikasbec Apof'sewn. Phg : [104]

Se K'je groniki ma, o priktorac lamb™nei plhroforbec sqetik® me thn kat"stash tou
peribllontoc, sy 2 S, kai epilegei mia dr'sh, a; 2 A. Aut h dr'sh, me th seir” thc, ephre“zei
th met’bash se mia nea kat"stash, si+1 2 S, kaj,c kai th | yh k™poiac antamoib c, r+1 2 R.
Oi metab”seic twn katast"sewn exart,ntai api th dunamik tou sust matoc kai tic pijanithtec
met"bashc pou sumbolbzontai we P : (S A)? | [0;1]. Oi pijanithtec metbashc P(s%rjs;a)
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ekfr’zoun thn abebaiithta thc | yhc thc antamoib ¢ r kai thc met"bashc sthn kat"stash s% api
thn kat’stash s itan ektelebtai h dr'sh  a. H strathgik tou pr°ktora gia thn epilog dr'sewn
ekfr'zetai mesw thc sun’rthshc politik ¢ :S! A, hopoba antistoigbzei katast™seic se dr"seic
[104].

M’jhsh mésw MPmhshc  (Imitation Learning). Se antbjesh me thn enisqutik m7jhsh ipou o

pr'ktorac majabnei allhlepidr,ntac me to perib’llon, sth m“jhsh mésw mPbmhshc, h ekm’jhsh
gbnetai mésw k“poiou dask’lou, pou o priktorac prospajeP na mimhjeD. Me th mejodo aut
den grei"zetai exereOnhsh tou perib’llontoc kai auti ePnai polO gr simo se peript seic pou to
kistoc kai o kbndunoc peiram™twn ebnai uperbolik™ uyhl”, ipwc sthn autinomh od ghsh kai sth
ompotik [29].

Sgma 9: M’jhsh mésw MPmhshc. Phg : [29]

'Opwc kai sthn enisqutik mTjhsh, h politik ebnai mba parametropoihménh sun’rthsh pou
antistoigbzei katast™seic se dr'seic:

;S A (19)

H diadikasba ekm’jhshc mia politik c mésw mPmhshc parousi“zetai sto Sq ma 9. Mia po-
litik eqei paramétrouc , 0i opoPec antiproswpeOoun tic metablhtéc pou prosarmizontai kat®
th di‘rkeia thc m’jhshc. Stic perissiterec peript,seic, o algirjmoc den mporeb na égei "mesh
prisbash sthn politik tou dask’lou , epeid apaiteb gn,sh thc eswterik ¢ tou kat"stashc,
kai etsi h ekm”jhsh gbnetai me gr sh paradeigm™twn.

Behavioral Cloning. H méjodoc tou Behavior Cloning ePnai énac api touc pr touc kai aploO-
sterouc algorbjmouc m’jhshc mésw mPmhshc [29, 9]. Qrhsimopoieb thn tegnik thc epiblepimenhc
m’jhshc gia na ekpaideOsei thn politik problépontac thn pio pijan enérgeia dedoménhc miac
kat"stashc, dhlad arg maxP(ajs), grhsimopoi,ntac se &na epishmeiwmeno sOnolo dedoménwn pou
dhmiourg jhke api ton d"skalo.

'Ena meionékthma tou Behavior Cloning eDbnai iti se polOploka probl mata, oi politikéc tou
duskoleOontai na genikeOsoun. Auti sumbabnei epeid h politik tePnei na apotugq nei itan
sunant™ katast’seic pou den up“rqoun sta paradeigmata tou dask’lou. Wstiso, h tegnik
aut grhsimopoiebtai apotelesmatik™ gia thn ekkbnhsh thc ekpabdeushc enic priktora prin thn
efarmog miac mejidou Enisqutik ¢ M7jhshc [29, 9].

Se aut th diplwmatik , efarmizoume Behavior Cloning se mia apl ompotik prosomobwsh
gia thn axiolighsh mejidwn ekm“jhshc optik,n anaparast™sewn.
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1.6.2 SOnolo dedoménwn

TOTO. To TOTO [128] ebnai éna ompotiki benchmark pou an kei se mba prosp’jeia pou
gbnetai ston toméa thc ompotik ¢ na antimetwpisteb h elleiyh tupopobhshc an"mesa sta ereu-
nhtik® kéntra. To TOTO pareqei prisbash se ompotiki exoplismi kai dedoména gia oine
ekpabdeush. To sunolo dedoménwn apotelebtai api ompotikec trogiec pou sullegjhkan mésw
thlegeirismoO tou ompit, emploutisménec me irubo kai diadroméc pou dhmiourg jhkan api
pr-ktorec ekpaideuménouc mésw Behavioral Cloning (BC) . To benchmark epikentr netai se dOo
ergasPec geirismoQ: to “deiasma ulikoO api dogebo se dogePo (pouring) kai th gr sh koutalioO
(scooping) .

To TOTO prosférei éna prwtikollo gia thn axiolighsh tiso twn optik,n anaparastsewn,
iso kai twn mejidwn ekm’jhshc politik c. Se aut thn ergasba, epikentrwnimaste apoklei-
stik™ sthn axiolighsh twn optik,n anaparast’sewn, dokim"zont"c tec me th mejodo ekm’jhshc
politk c  BC, h opoba ePnai mba mejodoM jhshc mésw MPBmhshc (Imitation Learning) .

Prosomobwsh.  To TOTO perilamb™nei éna perib’llon prosomoi,sewn gia thn ergasba ékqushc
kai éna sOnolo dedoménwn me 108 porePec thlegeirismoO. Aut h prosomoBwsh grhsimopoi jhke
gia na axiologhjeb h mejodoc aut ¢ thc enithtac. H prosomobwsh proorbzetai gia tic argikec
dokimec stic mejidouc mejidouc touc kai den apoteleD meroc tou epbBshmou prwtokillou axio-
lighshc TOTO. 'Opwc anaféerjnke nwrbtera, ta apoteléesmata thc prosomobwshc mporeb na ePnai
paraplanhtik™ kai h uperprosarmog sto prosomoiwmeéno perib’llon mporeb na empodbsei th
genbkeush stic pragmatikéc sunj kec. Parila aut”, h gr sh thc prosomobwshc apoteleb éna
polOtimo argiki ma prin api th diexagwg peiram™twn ston pragmatiki kismo.

H prosomobwsh grhsimopoieb to logismiki prosomobwshc  MuJoCo [108] . O prosomoiwmeénoc
ompotikic ragbonac ebnai ePnai tOpou Franka Emika Panda [41] me 7 ajmoQOc eleujerbac, me
k'je “rirwsh na periorbzetai se sugkekriméno eOroc ésewn. O periorismic autic aplopoieD
IBgo to priblhma, surrikn,nontac ton q,ro elegqou, all” gbnetai kai gia ligouc asfalebac se
pragmatikéc efarmogec.

'Opwc abnetai sto Sq ma 7, o ompotikic ragbonac xekin“ei krat,ntac éna dogebo gem’to me
12 mikrec sfabrec. O stigoc ePnai na adei“sei iso to dunatin perissiterec sfabrec se éna “llo
dogebo. Oi argikéc éseic twn arjr,sewn kai h topojesPa tou stiqou pothrioQ argikopoioOntai
tugaba gia k“je pebrama. Mba dokim ewrebtai epituq ¢ an toul"giston mba sfabra katal xei sto
dogebo stigoc. H metrik antamoib c ePnai to pososti twn sfair,n pou égoun katatejeb epituq,c
sto dogebo stiqoc.

To sOnolo ekpaPdeushc apotelebtai api tic 82 trogiéc pou ePnai epitugebc. Prin api thn ek-
pabdeush, ilec oi eikinec tou sunilou ekpabdeushc kwdikopoioOntai me ton optiki kwdikopoiht
gia na axiologhjoOn. Epeid o optikic kwdikopoiht ¢ ebnai pagwmeénoc kat™ th di‘rkeia thc
BC ekpabdeushc, auti epitagOnei thn ekpabdeush, kaj,c diaforetik™ oi eikinec a éprepe na
kwdikopoihjoOn xan” gia k'je epoq .

Kat™ th di‘rkeia thc ekpabdeushc, o algirjmoc BC ekpaideOei éna neurwniki dbktuo pou
leitourgeD wc h politik tou prktora. To dbktuo politik ¢ lamb nei we ebsodo to dianOsma
optik ¢ anapar“stashc se sunduasmi me tic treqousec gwnbec twn arjr,sewn tou ompit kai
par'gei touc stigouc gia tic gwnBec twn arjr,sewn. Autéc sth sunégeia trofodotoOntai ston
elegkt MuJoCo , o opoboc kineb ton ragbona tou ompit. H di"stash eisidou ebnai inp_dim =
R_dim + 7, ipou R_dim ePnai h di’stash tou dianOsmatoc anapar’stashc eikinac. H di’stash
exidou ebnaiout_dim =7 h,ipou h ebnai o orbzontac twn energei.n pou prépei na problépontai
K'je or". Sta epimena peir'mata, h = 10. H argitektonik tou diktOou politik c ePnai h ex c:
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Normalization (Input)
Input  inp_mean

inp_std

norm_output =

Linear Layer 1 : Linear(inp_dim, hidden_dim)
RelLU Activation : ReLU(inplace=True)

Dropout : nn.Dropout(p=0.1)

Linear Layer 2 : Linear(hidden_dim, hidden_dim)
ReLU Activation : ReLU(inplace=True)

Dropout : hn.Dropout(p=0.1)

Final Linear Layer : Linear(hidden_dim, out_dim)
Rescale Output

actions = out_mean + out_std nal_layer_output

Oi par'metroi  inp_mean, inp_std, out_mean, and out_std upologbzontai api to sOnolo ekpab-
deushc kai apojhkeOontai se proswrinéc metablhtéc entic tou montélou. H kanonikopoBhsh aut
knei pio dbkaih th sOgkrish diaforetik,n kwdikopoiht,n pou parégoun eisidouc se diforec

morfec. Epipléon, antb na par"gei ‘mesa to di"nusma dr"shc, to dbktuo problépei pisec tupikéc
apoklbseic ebnai h éxodoc api ton méso iro twn dr'sewn. Aut h proséggish mei nei th diakOmansh
kat™ thn ekpabdeush.

1.6.3 Peiramatik méjodoc

Sg ma 10: O kwdikopoihtc  OcEsgpy .

Se aut thn enithta, eis"goume mia mejodo gia ton sunduasmi twn antikeimenokentrik,n ana-
parast’sewn tou montélou  SOLV, gia th dhmiourgba anaparast”sewn eikinwn gia thn ekpabdeush
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optikokinhtik, n politik,n. H proteinimenh mejodoc ebnai paremfer c me mejidouc pou qrhsi-
mopoioOn antikeimenokentrikéc anaparastseic gia ekm’jhsh optikokinhtik,n politik,n ipwc to

VIOLA (Visuomotor Imitation via Objectecentric LeArning) [129] kaito POCR (PreeTrained Objecte
centric Representations) [99]

H POCR pr,ta upologbzei to {po0} rbskontai ta antikePmena. Sth sunégeia efarmizei éna mo-
ntélo tmhmatopobhshc thc eikinac gia thn exagwg mask,n gia ta antikebmena. Oi suntetagménec
aut,n twn mask, n apoteloOn to {poO} tou antikeimenokentriko® dianOsmatoc anapar’stashc.

Sth sunegeia upologbzetai h anapar”stash pou afor” to {ti} twn antikeiménwn. Gia k'je m"ska
antikeiménou, upologbzetai h anapar’stash tou antikeiménou me énan pro-ekpaideumeno kwdiko-
poiht eikinac. Sundu“zontac ta dianOsmata {poQ} kai {ti} gia k'je antikePmeno, h méjodoc aut
dhmiourgeD antikeimenokentrik™ dianOsmata anapar”stashc, ta opoba sth sunéqeia grhsimopoio-
Ontai sthn ekm’jhsh politik c.

Me parimoio tripo, grhsimopoioOme to pro-ekpaideuméno montélo SOLV [3], to opobo éegine
nestune sta Pnteo dr'sewn tou Something Something , gia na parag"goume énan kwdikopoiht
eikinwn, pou onom”"zoume OCcEsco,y. To pleonékthma tou SOLV ebnai iti mporeb na par“gei tau-
tigrona tiso dianOsmata {ti} iso kai {poO} mésw tou upologismoO twn dianusm’twn twn upodoq,n.

Sth dik mac perbptwsh, h ekpabdeush tou TOTO apaiteDb ena epbpedo di'nusma gia k'je eikina
kai den perilamb”nei énan kwdikopoiht transformer ikani na epexergasteD pollapl” dianOsma-
ta antikeimenwn. Gia na dhmiourg soume ena epbpedo di"nusma anapar”stashc gia k’je eikina,
ex"goume énan stajeri arijmi upodog,n an” eikina, par"goume ta dianOsmata {ti} kai {poO} gia

K'je antikebmeno kai ta sundu”zoume se mba eniaba anapar“stash.

'Opwec suzht jhke sto prohgoOmeno kef'laio, h argitektonik SOLV perilamb”nei mia mon“da
Slot Merger pou suggwneQOei upodogéc me “sh thn omoiitht™ touc. Se aut thn enithta, diamor-
,houme ton algirijmo Agglomerative Clustering gia na suggwneOsei tic argikéc 8 upodogéc se
4,

Ta 4 dianOsmata upodog,n, me di'stash  Dypar = 128, antiproswpeQoun ta dianOsmata {ti}.
'Opwc anaferjhke prohgoumeénwec, an kai to SOLV grhsimopoieb Invariant Slot Attention , ta dia-
nOsmata upodog,n exakoloujoOn na periéqoun k™poia plhroforba éshc ligw the kwdikopobhshc
eshc tou kwdikopoiht DIVOv2 .

Belti,noume thn apidosh tou kwdikopoiht eikinac emploutbzontac tic plhroforbec gia thn
esh twn antikeiménwn mesw tou attention thc kje upodoq c. To  attention mask k’je upodoq ¢
egei argik"sgma  hyy W =24  36. Mei,noume to mégejic thc se hgn wgn =10 10 grh-
simopoi.ntac bilinear interpolation . Sth sunéqeia, efarmizoume sun’rthsh softmax stic m”skec
prosoq ¢ meiwmeénou megejouc. Ta dianOsmata éshc pou prokOptoun, me di*stash Dwhere = 100,
sundu’zontai me ta dianOsmata upodog,n gia na paragjeP mia epPpedh anapar’stash gia oliklh-

h thn eikina me mégejoc D =4 (128 + 100) = 912.

1.6.4 Axiolighsh

Se aut thn enithta, ekpaideOsame priktorec me th méjodo BC qrhsimopoi,ntac di“forouc
sOggronouc kwdikopoihtéc eikinac: (i) BYOL [38], (ii) CLIP [86], (iii) DINOv2 [75], MoCo [46],
Resnet50 [43] . Epipleon, axiolog same tic anaparast’seic tou pro-ekpaideuménou montélou
SOLV pou parégetai api [3], to opobo ekpaideOthke sto sOnolo Bnteo YoutubeeVIS 2019 [118]
Aut h axiolighsh ebge wc stigo na elegxoume e™n to nestuning tou montélou SOLV me Bnteo
api to Something Something égei etik epbdrash. O kwdikopoiht ¢ pou asbzetai sto pr,to
montélo emfanbzetai sta apotelésmata pou akoloujoOn we OcEsoLv _vT-

K'je prktorac ekpaideOetai gia 80 epogéc. Gia na d,soume mia pio xek’jarh eikina, ekpai-
deOoume 5 prktorec gia k’je kwdikopoiht eikinac kai axiologoOme k’je énan se 100 tugaPa
argikopoihménec trogiéc thc ompotik ¢ ergasbac. Ta apoteléesmata parousi"zontai ston PBnaka
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8.

Representation size Success Rate | Mean Reward
BYOL 512 0.46 o005 17.48 240
CLIP 512 0.49 o006 18.61 4.09
DINOv2 768 0.55 o004 18.72 178
OCESOLV_SS 912 0.61 0.04 25.25 2.95
OCESOLV_YT 912 0.46 006 15.07 224
MoCo 2048 0.31 o004 94 216
ResNet50 2048 0.56 o011 21.15 560

Pbnakac 8: SOgkrish twn pro-ekpaideuménwn anaparast’sewn ston ompotiki geirismi tou
TOTO [129] .

K poiec parathr seic gia ta parap™nw apoteléesmata:

" To montlelo OcEsp vy parigei kal™ apotelésmata, parila aut™ kai “lloi kwdikopoihtéc

ipwc DINOv2 kai Resnet50, par"goun pr'ktorec me kaléc epidiseic.

'Ena meionekthma thc proteinimenhc mejidou ebPnai iti egei auxhmenh upologistik polu-
plokithta kaj,c asbzetai se poll” epPbpeda pou asbzontai sth mejodo attention

To netuning tou montélou SOLV se Pnteo tou sunilou dedoménwn Something Something
egei etik epbdrash stic anaparast™seic.

Sta apotelésmata peiram’twn pragmatikoO kismou pou parousisthkan sto [128], oi kw-
dikopoihtéc eikinac MoCo kai BYOL emfnisan kalOterh apidosh. Auti upogrammbzei
thn asunépeia metaxO twn apotelesm™twn thc prosomoBwshc kai twn pragmatik,n apotele-
sm’twn.

1.6.5 Sumper’smata kai mellontikéc kateujOnseic

Sthn enithta aut, parousi"zoume mia meéjodo sunduasmoO twn anaparast’sewn twn upodog,n

tou montélou SOLV gia thn paragwg anaparast’sewn eikinac gia thn ekm“jhsh optikokinhti-

k.n politik,n. H proteinimenh méjodoc efarmizetai se mia prosomoiwmeénh ergasba ompotikoQ
geirismo0. Ta peiramatik™ apotelésmata deBgnoun iti o kwdikopoiht ¢ OACcEsoLy epitugq nei ka-
I apotelésmata kai iti h diadikasba netuning se Bnteo dr'sewn elti nei tic anaparast’seic.
Sumperasmatik”, h proteinimenh méjodoc emfanbzei enjarruntik™ apotelésmata gia dokim se

pio sOnjetec ompotikéc ergasbec kai sunj kec pragmatiko® kismou.

Sto meéllon a tan endiaféron na epektajeb h meléth se pio polOplokec ergasbec pou apaitoOn
sgediasmi se perib’llonta pollapl,n antikeimenwn, ipwc aut™ pou paréqontai sta perib“llonta
Franka Kitchen [39] kai Metasworld [120]

O kwdikopoiht ¢ eikinac pnw ston opobo asbzetai to SOLV ebnai oDINOv2 [75]. Mia en-
diaférousa mellontik kateOjunsh a mporoOse na perilamb nei th meléth miac argitektonik ¢
parimoiac me to SOLV pou na ex"gei anaparast”seic upodog,n api optikec anaparast™seic eidi-
k™ ekpaideuménec gia ompitikouc geirismoQOc, ipwc ta R3M [73] kai LIV [69], pou ekpaideOthkan
se meg’la sOnola dedomeénwn, ipwc to  Ego4D [36] kai to  EpicKitchen [17]
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1.7 Sumper’smata kai mellontikéc kateujOnseic

O kOrioc stigoc aut ¢ thc diplwmatik ¢ ergasbPac tan h diereOnhsh mejidwn gia th eltbwsh

twn antikeimenokentrik,n kwdikopoiht,n eikinac, esti"zontac se mejidouc pou dhmiourgoOn su-
sgetbseic antikeiménwn-dr'sewn, “sei dedoménwn pou proérgontai api Bnteo dr'sewn. Autob
oi kwdikopoihtéc eikinac, pou anaptOgjhkan mésw optik ¢ pro-ekpabdeushc, proorbzontai gia
gr sh sta sust mata antblhyhc ompit kai tegnht,n praktirwn.

Sthn pr.th peiramatik enithta diereun same mia méjodo pou stogeQei sthn kwdikopoBhsh
twn empeiri,n dr’shc, grhsimopoi ntac énan pro-ekpaideuméno Masked Autoeencoder gia Pnteo,
kai th susgétis touc, mésw Apistaxhc Gn shc, me thn apeikinish twn sgetik,n antikeimenwn.
Prospaj same na enisqOsoume dOo pro-ekpaideuménouc kwdikopoihtéc eikinac: (i) CLIP [86] kai
(i) Image MAE [45]. Autec oi anaparast™seic axiolog jhkan sthn ergasba thc kathgoriopobBhshc
prosferimenwn dunatot twn antikeiménwn , grhsimopoi,ntac éna sOnolo dedoménwn mikr ¢ kPma-
kac, pou dhmiourg same grhsimopoi ntac to sOnolo dedoménwn SomethingsSomething v2  [35].
Ta peir'mata deBgnoun iti oi mé&jodoi par"goun mia mikr all* stajer eltbwsh. To kOrio
meionékthma aut ¢ thc pr,thc mejidou ePnai h ex’rths thc api éna sOsthma anbgneushc anti-
keiménwn. Sunep,c, sth deOterh peiramatik enithta epikentrwj kame se éna montélo asisméno
sth méjodo Slot Attention [67] pou ex"gei autimata ta antikebmena.

Sth deOterh peiramatik enithta, oi anaparast™seic antikeiménwn antl jhkan api to montélo
SOLV[3], to opobo epitugq nei thn tmhmatopobhsh kai exagwg anaparast™sewn pollapl,n anti-
keiménwn se DBnteo. To montélo SOLV ebnai uyhloO endiaférontoc gia th diplwmatik aut , ligw
tou arjrwtoO sgediasmoO tou, pou epitrépei thn exagwg antikeimenokentrik,n anaparast”sewn
api eikinec kai Bnteo. Qrhsimopoi same p’li to Bdio sOnolo dedoménwn kathgoriopobhshc dunato-
ttwn gia thn axiolighsh twn mejidwn mac. H méjodoc parousi“zei antagwnistik™ apotelésmata,
en, epitugq nei epbshc autimath tmhmatopobhsh twn eikinwn kai shmantik mebPwsh sto mégejoc
thc anapar”stashc an™ antikebmeno. Epipléon, proékuyan etikéc endebxeic gia thn ikanithta tou
montélou gia genbkeush, kaj,c to montélo kathgoriopoieb pollapl” antikebmena se mia skhn,
en, ekpaideOthke se skhnéc me éna epishmeiwmeéno antikeDmeno.

Sthn trbth peiramatik enithta, melet same mia meéjodo gia na sundu"soume tic anapa-
ast’seic upodoqg,n tou montelou SOLV, gia th dhmiourgba anaparast’sewn eikinwn gia éna
priblhma prosomoiwménou ompotikoO geirismoO. AxiologoOme thn apidosh autoO tou kwdiko-
poiht eikinac enanti “llwn pro-ekpaideuménwn kwdikopoiht,n eikinac kai ta apotelésmat™ mac
deBgnoun iti h mejodic mac epitugg nei genik™ kalOterh apidosh. H proteinimenh méjodoc em-
anbzei enjarruntik™ apotelésmata gia dokim se pio sOnjetec ompotikéc ergasbec kai sunj kec
pragmatikoO kismou.

Dhmiourg,ntac susgetbseic dr'shc-antikeiménou stic anaparast™seic twn kwdikopoiht,n ei-
kinac, aut h diplwmatik epidi ,kei na sumb’lei sthn an"ptuxh pio apotelesmatik .n susth-
m'twn irashc gia ompit kai teqnhtoOc priktorec, epitrépont™c touc na katanooOn kalOtera
th shmasiologba kai th dunamik thc allhlepbdrashc priktora-antikeimenou. Wc mellontik
kateOjunsh, mia pio oloklhrwmeénh axiolighsh aut,n twn mejidwn a mporoOse na perilamb’nei
megalOtera sOnola dedoménwn ipwc to Ego4D [36] kai to EPICeKitchens [17], kaj,c kai perai-
térw peiramatismi me diaforetikoOc tripouc montelopobhshc thc gr simhc plhroforbac pou
periegetai se aut”. Epipleéon, oi mejodoi optik ¢ pro-ekpabdeushc gia th ompotik a prepei
na pareqoun anaparast’seic pou na ebnai gr simec se mia poikilba api ergasbec. Sunep,c, a
tan gr simo oi antikeimenoketrikéc anaparastseic na axiologhjoOn se di“forec ergasbec geiri-
smo0, sgediasmoO kai anagn,rishc. Téloc, a tan endiaféron na melethjoOn parimoiec méjodoi
sto plabsio thc SuneqoOc ( Continual ) kai Diagronik ¢ ( Lifelong ) M7jhshc, kai na exereunhjoOn
tegnikéc pou epitrépoun stouc priktorec na kwdikopoioOn kai na dhmiourgoOn susgetbseic “sei
twn dik,n touc energei,n kai empeiri n.
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2 Introduction

2.1 Motivation

A key objective of computer vision is to develop techniques that extract meaningful visual repe
resentations of the world. Robotics manipulation [6], planning [125], as well as humanerobot
interaction [2, 22, 23], are areas with many open problems being studied at the moment. The
extraction of visual representations through visual prestraining methods (Figure 11) is promise
ing because it reduces training time and improves performance and generalization, compared
to endstoeend learning methods[52, 61, 95, ]. These representations should be able to be
utilized in a variety of downstream tasks and require minimal retraining [95, 70].

Figure 11: Visual PreeTraining for Robotics. Source: [52]

An emerging framework within visual preetraining methods is objectecentric representation
learning , where the goal is to represent complex environments in terms of objects, rather than
treating the entire scene as a single entity. These methods are compatible with the way humans
process visual signals by organizing them into objects [77] and show the potential to improve
the generalization capabilities, explainability and sample e ciency of models [67, 8, 3].

Objectecentric learning could draw inspiration from the eld of psychology, where there has
been extensive study in the way humans learn to interact with their environment by associate
ing actions and words to objects. Experiments in developmental psychology show that infants
rst learn actioneobject associations, with word associations becoming more important later in
development [24]. Developing robotic agents would potentially struggle to exactly follow human
development due to limits in computational resources, datasets, or experimental constraints.
However, this can inspire algorithms that seek to preetrain robotic perception systems through
a form of curriculum learning [5, ] to rst focus on extracting representations from obe
served actions and then transition to learning from languagesbased supervision. This approach
transitions from utilizing selfesupervised learning on more easily accessible datasets, such as
unlabeled videos, to the use of datasets that are annotated, which tend to be more costly. Addie
tionally, it progresses from learning lowereorder representations to highersorder representations.

Thesis Objective. This thesis focuses on ways that actions can be associated with objects,
following the positive results of visual prestraining methods that focus on modeling actionscentric
information. Examples of this approach apply visual prestraining methods [87, 54, 61, 73, 69]
using datasets that capture the way humans interact with objects [36, 17]. These datasets can
be used to train the vision systems of agents and give them a head start in understanding the
agenteobject interaction dynamics of the real world.
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2 Introduction

Based on the above, the primary aim of this thesis is to explore methods for improving objecte
centric image encoders by focusing on methods that generate actioneobject associations based
on knowledge sourced from videos of actions. The rst task used to evaluate the e ectiveness
of these enhanced representations is a ordance categorization, which is an appropriate assesse
ment of actionecentric representations. In the elds of Computer Vision, Robotics and Arti cial
Intelligence recognizing a ordance can help systems anticipate and plan by providing informae
tion on possible interactions with objects and the environment. In addition, the e ectiveness of
these representations is assessed through a basic simulated robotic manipulation task.
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2.2 Contributions

2.2 Contributions

This thesis o ers the following contributions.

1. Something's A ordances: Curating a SmallsScale A ordance Categorization Dataset.
Something's A ordances is a smallescale dataset that extends the Something+Else dataset
and focuses on aordance categorization. Its goal is to provide a proof of concept for
the proposed methods which are aimed at enhancing image representations through the
distillation of knowledge present in videos of actions. From the original dataset a small
subset of action categories was selected based on their ability to test the representations.
The multislabel a ordance targets were extracted from the statistics of the dataset. The
dataset o ers a smallsscale testing environment for simple versions of some of the methods,
as a rst step before scaling to bigger datasets with larger computational requirements.

2. The Object Actionecentric Encoder. We have experimented with an actionetosobject
distillation process that transfers the knowledge of a preetrained Video MAE to an image
encoder. This framework attempts to encode (Video MAE) action experiences and associate
them with the depiction of the interacting objects present in those experiences. Experie
ments show that the representations of Video MAE contain useful information that could
be useful to the image encoders, and we test some methods to enrich them with this ine
formation. The methods tested show some limited capability but may need adjustments
or larger datasets to e ectively capture this information.

3. SOLYV [3] representations for a ordance categorization . We evaluate the image repree

sentations of objects using a model that utilizes the Slot Attention architecture. We utilize

the model's modular design to extract image objectecentric representations from images

and we propose a method that attempts to associate some extra information about the ace

tions with the object representation vectors. The model presents competitive results while

also achieving automatic segmentation of the images and a substantial reduction in the
persobject representation size. Furthermore, the model's ability to detect and categorize
multiple objects in a scene, despite being trained with one object per scene, highlights its
robustness and potential for generalization.

4. SOLV [3] representations for control. We introduce a method to combine the spatial
slot representations of the SOLV model to generate image representations for a simulated
robot manipulation task. We evaluate the performance of this SOLV<based image ene
coder against other prestrained image encoders that were trained on outeofedomain data.
Our results demonstrate that SOLV generally achieves better performance in this setting,
although it comes at the cost of increased computational complexity.
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3 Theoretical Background

This Theoretical Background section aims to present the theoretical foundations of this thesis by
providing the necessary context and focusing on key topics relevant to the proposed methods and
experiments. It draws insights from various sources, but mainly from:

" Christopher M. Bishop's  Pattern Recognition and Machine Learning  [7]

lan Goodfellow, Yoshua Bengio, and Aaron Courville's Deep Learning [32]

Marco Gori's Machine Learning: A ConstrainteBased Approach [33]

Peter Norvig and Stuart J. Russell's  Arti cial Intelligence: A Modern Approach [93]
Sergios Theodoridis' Machine Learning: A Bayesian and Optimization Perspective [107]
Shai ShaleveShwartz and Shai BeneDavid's Understanding Machine Learning: From Theory
to Algorithms [98]

Figure 12: A Venn diagram illustrating the relationships between di erent elds relevant to this
thesis.

3.1 Machine Learning

Machine Learning (ML) is a eld of study focused on developing methodologies that enable come
puter programs to perform tasks by learning from data, instead of following explicit instructions.
The ability of ML algorithms to learn from data without prede ned instructions has proven highly

e ective in elds like computer vision and natural language processing, where humans and bie
ological systems can perform complex tasks, but it is di cult to articulate the steps involved in
accomplishing them. Furthermore, ML has seen success in tasks that are di cult or impossible
for humans to perform, such as analyzing large amounts of data or making predictions based
on complex patterns.

A concept that highlights the tasks in which ML excels at, is the symbolic vs. subssymbolic
dichotomy within the eld of Arti cial Intelligence (Al) [49, 33]. Symbolic Al is the branch of Al
that focuses on methodologies that are highly dependent on the manipulation of symbols and
attempt to approach tasks by programming computers to emulate humanelike reasoning. These
methods have the advantage of interpretability, as most of the reasoning process is transparent
and understandable by humans. However, because symbolic systems use humanedesigned
highelevel representations, they often require signi cant human involvement and struggle in
tasks that involve ambiguity, noisy data, or dynamic environments.
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3.1 Machine Learning

Notation Description
D Domain set (set of all possible inputs)
Xirain Training set
Xval Validation set
Xiest Test set
VA Latent or internal representation space
T Target/decision space
O Final output space
e:D!'Z Encoder function (maps domain inputs to latent space)
f:Z!'T Decision function (maps latent space to target space)
g:T!'0O Posteprocessing function (maps decisions to nal output)
h =g f e | Complete ML model
Parameters of the ML model
H Hypothesis space
p:0 O! R | Performance measure

Table 9: Machine Learning (ML) Notations

Computer vision tasks are mostly of subssymbolic nature, because inputs at the pixel level
have no semantic meaning and symbolic rules cannot easily be applied. Subesymbolic Al, which
includes most modern ML approaches, uses methods such as statistical learning and mathemate
ical optimization to generate models from data. These models can be expressed as parameterized
functions, and the learning process involves optimizing the functions' parameters using data.
These methods do not have the interpretability of symbolic Al methods and this opaqueness has
led to their characterization as  black box models . This has led to the development of  explainable
ML, which focuses on techniques that provide explanations of the processes and results of ML
models [71].

Producing useful ML models often requires a large number of parameters, which requires
a large amount of data and computational resources for training. However, technological ade
vances in hardware, such as GPUs and TPUs, and the availability of large datasets have helped
overcome these bottlenecks, leading to signi cant advancements and furthering research in ML
algorithms. Furthermore, in recent years, there is growing interest in hybrid approaches that
combine both subesymbolic and symbolic Al, that study methods that are not only e ective but
also more interpretable.

Formalizing Machine Learning Tasks and Models. Let us de ne a formalism for a generic
ML task, model and learning, as presented in [33, 98]. The domain set , D, represents the set
of elements that an ML model, h , is designed to process, producing outputs that belong to the
output space, O. For example, in the task of object classi cation, the domain set D consists of
images of objects that we aim to classify into a prede ned set of categories, O, such as "cup",
"chair", and others

An ML model can be formalized as a composition of three functions: h =g f e Many
ML models require a simpler formulation, in which some of the functions g; f; e are the identity

functions. The encoder function e:D!Z |, maps the domain inputs to the latent space, also
known as the internal representation space. The eld that focuses on training such encoders

is called representation learning. This topic will be explored further in a next chapter, as it
constitutes a primary focus of this thesis. For example, the encoder can take images of objects,
where each image i 2 D = R" W 3 (with height H, width W and 3 color channels) and encode
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them into representation vectors z = e(i) 2 Z. The internal representation vectors aim to
reduce the input size and transform the input into a useful form, preserving the most important
information.

The function f : Z! T  expresses the process that takes the internal representation 227,
and produces a decision, t = f(z) 2 T, in the target space of the task. Finally, the poste
processing function, g : T ! O , expresses the mapping of the decision to the nal output,

o = g(t) 2 Oin the space of the nal taskespeci c output by applying activation functions,
thresholding, or scaling.

In line with the previous example of the object classi cation task, the decision space can
include vectors of assigned probabilities to each class. These probability vectors represent the
model's con dence that the input belongs to each class. The posteprocessing function g could
then apply transformations such as selecting the class with the highest probability or applying
a threshold to produce a nal result.

The class of models and the function, h , is chosen from the set of all possible models H.
H is called the hypothesis space, as this choice represents the designer's hypothesis and prior
knowledge about the task and domain set, which introduces certain restrictions to the learning
process. These restrictions are known as inductive bias [98, 93].

Classi cation & Regression. If the target output is a continuous variable, the ML task is
referred to as a Regression task. When the output is a nite number of categories, the task is

called a Classication task. Classi cation into two categories is known as Binary Classi cation
Classi cation into three or more categories is refereed to as Multieclass Classi cation . When
the goal is for each sample to be labeled with multiple, nonexclusive labels, the task is termed
Multislabel Classi cation . An example of multielabel classi cation is A ordance categorization , a
task that is within the scope of this thesis. For this task, each sample is an object, and the goal

is to predict its nonexclusive a ordances (e.g. a ball can be rollable and squeezable).

Datasets.  In most of the tasks in which ML methods are used, the domain sets are in nite or
nite but vast. For example, if D represents all RGB images of size 10 10, then a sample i 2D
would be an element in  [0;255]%° 10 3 where each pixel has 3 color channels (red, green, blue)
and intensity in the range  [0;255]. The cardinality of this domain setis  jDj = 2563 1, Itis
clear that in most cases we cannot realistically train or test an ML model on the entire domain
set, nor can we attempt to label every possible element.
ML methodologies are applied to subset datasets that are sampled from the domain set.
The challenge is to develop models that learn from these datasets but can generalize to unseen
data. This highlights the importance of sampling methods and the quality of the dataset. In
many theoretical frameworks for ML, like probably approximately correct (PAC) learning [98],
the assumption is that the sampling from the domain set takes place in an independently and
identically distributed (i.i.d.) manner. However, this i.i.d. assumption is often not strictly true in
practice. Understanding how this assumption is violated in realeworld applications is important
for developing e ective ML models [122].
The datasets sampled from the domain set are usually split into three separate datasets: the
train validation and the test set. Each of these sets performs a speci c role in ML methods. The
train set is used to optimize the parameters of the ML model according to the learning algorithm.
The validation set is used to provide feedback during the training on how the model performs
on unseen data. This feedback is used to adjust the training process' parameters, referred to as

1For comparison, recent studies have estimated the age of Universe is approximately 8 107 seconds [40]
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3.1 Machine Learning

hyperparameters, without compromising the nal evaluation. The test set is used for the nal
evaluation, providing an assessment of the model's performance on unseen data.

Over tting & Under tting. The main aim of ML methods is to produce models that perform
well on unseen data drawn from the same domain set (or distribution), what is known as gene
eralisability. Generalisability is measured by training a model based on performance metrics
computed on the training set but evaluating it on the test set. In this context, the i.i.d assumps
tion on the data generating process is important , as it allows statistical learning theory through
the concept of Empirical Risk Minimization  [98] to draw some conclusions on how the model's
performance on the train set will a ect its performance on the test set. [32].

Furthermore, a model's generalizability is a ected by its capacity , which is its ability to t
complex datasets by approximating complex functions[32]. At rst glance, the improved capacity
may seem as an advantage, but this exibility can lead to a phenomenon called over tting ,
where the model ts the training set too tightly, diminishing its performance on unseen data.
Under tting is when lowecapacity models underperform because the complexity of the task
requires a greater amount of expressive power (Figure 13). In some ML models, like neural
networks, the amount of over tting is also a ected by training hyperparameters like training
duration, learning rate, etc. In recent years, there has been extensive research in nding
methods that optimize the model's capacity and training methods to avoid over/under tting
and improve generalization.

Figure 13: Model capacity, over tting and under tting. Source: [32]

Machine Learning Protocols. There are three main ML protocols that are determined by the
di erent types of feedback that the models have access to during training.

" Supervised Learning. In this type of ML, the methods uses feedback in the form of labels.
A labeled dataset includes a label for every sample, X = f(xg;y1)i::0 (Xm:Ym)9 where
xi 2 D and y; 2 O. The performance of the model is quanti ed using a performance
measure function p : O O! R thatis used to compare the model predictions with the
ground truth labels. During training a performance measure function is used to optimize
the model parameters using the train set, Xiain - In the evaluation phase, performance
measure functions are used on the labels of the test set, Xiest » and these functions can be
di erent from the ones used in training.

Unsupervised Learning. In Unsupervised Learning, there is no explicit feedback that ine
forms the training process, and models attempt to discover patterns in datasets. Density
estimation, clustering, and dimensionality reduction algorithms fall into this category.

Selfesupervised Learning. This ML approach, generally considered a subcategory of unsue
pervised learning, where the model generates its own supervision feedback from the data.
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This technique is commonly used to prestrain encoder models that are then neetuned
using supervised learning. Selfesupervised methods using neural network encoder models
fall within the scope of this thesis and are discussed in more detail in the next chapters.

Reinforcement Learning. In Reinforcement Learning the models learn by interacting with
an environment, and the feedback takes the form of a reward function. This type of ML
is inspired by the way that humans learn and interact with their environments and has
many applications in the eld of robotics. RL is presented in greater detail in a following
chapter.

Probabilistic methods. Probability theory is a common theoretical framework on which many
ML methodologies are based on. It models the uncertainty and variability of the domain set, data
generating process and model parametrization and provides a systematic approach handling
noisy and incomplete data, incorporating prior knowledge to the learning process and updating
the models using new information [107, , 32].

Using the probabilistic framework, the uncertainty in the datasets is quanti ed using probe
ability distributions. Supervised learning can be seen as an attempt to estimate the conditional
distribution  p(yjx) using parameterised functions by observing random variables X;y. This leads
to two approaches for using the feedback of labels y: generative and discriminative learning. In
discriminative learning the conditional distribution p(yjx) is modeled directly, learning a mape
ping between input x and output Yy and focusing on the boundaries of the classes. On the other
hand generative learning models the joint distribution p(x;y) and uses the product rule of probs
ability to make predictions (Equation 20). Generative models acquire a deeper understanding
of the underlying distributions but usually require more complex parameterized functions and
learning methods to achieve this.

= POX) _ op(ix)
P(yjx) = =1 —
p(x) y P(y:x)
In the context of probabilistic models, Maximum Likelihood Estimation (MLE) and Maximum
A Posteriori (MAP) are two common methods for estimating the model parameters. MLE assumes
that the parameters are xed but unknown and attempts to nd the parameter values that
maximize the likelihood of the observed data without incorporating any prior beliefs about the
parameters. MAP estimation extends MLE by incorporating prior knowledge of the parameters
through a prior distribution p( ).

(20)

Performance Measures. Permanence measures are functions that quantify the model's perfore
mance and are an important part of ML theory and methods. For binary classi cation tasks,
where each can either belong ( y; = 1), or not ( y; = 0), to a single category, some of these functions
are based on the following numbers:

" True Positives (TP): The number of samples for which y; =1and h (x;)=1

" True Negatives (TN): The number of samples for which y; =0and h (x;) =0

" False Positives (FP): The number of samples for which y; =1 and h (x) =0

" False Negatives (FN): The number of samples for which y; =0and h (x|) =1

Some common performance measures for the supervised learning tasks will be examined
next.

Accuracy (Equation 21) is the percentage of correct predictions by the model. It provides an
assessment of the general performance of the model and the same formula can be generalized
for multieclass classi cation tasks with the numerator being the sum of the samples classi ed
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correctly. In multislabel classi cation tasks there exists an accuracy variant know as Subset
Accuracy , which is the percentage of samples that had all their labels predicted correctly. A
disadvantage of this metric is that it might be misleading in imbalanced datasets. For example,
if 90 % of the samples in a dataset have labels y = 0, then a models that predicts always h(x)=0
will have Accuracy = 90%.
TP+ TN
Accuracy = 100 % (21)
TP+ TN+ FP + FN

Recall (Equation 22) is the percentage of accurate positive predictions to the total samples
with groundstruth positive labels.

TP
Recall = ——— 100% (22)
TP +FN

Precision (Equation 23) is the percentage of the model's accurate positive predictions to the
total samples predicted as positive.

P
Precision = ———— 100% (23)
TP + FP
In a multisclass setting, recall and precision are computed individually for each class. If the
recall is 100 %, the model has predicted all samples belonging to this class correctly ( FN = 0).

This might be misleading, as the model might be too aggressive and assign many other classes
incorrectly. However, if the cost of FP is small and cost of FN is high, this behavior may
be preferable. For example, when designing smoke alarms, it is preferable to have increased
sensitivity (in the literature, sensitivity is another term for recall), even if that increases the
number of false alarms.

On the other hand, if the precision is 100 %, when the model assigns this class to a sample,
its always correct ( FP = 0).This might be misleading, as the model might be very cautious
with respect to this class and only assign only the obvious samples. In certain scenarios, this
cautious approach may be preferable, particularly in applications such as diagnosis of medical
conditions.

Taking the above into account, there is a clear need for a performance measure that combines
recall and precision.  Flescore (Equation 24) is a function that meets this requirement and is
widely used. This metric is the harmonic mean of recall and precision and is equal to 100 %
when both metrics are 100 % and 0 % if either of themis 0 %.

Precision Recall
F]_ =2 — (24)
Precision + Recall

In multieclass and multielabel settings, the above pereclass metrics are averaged to produce
a total performance measure for the model. The averaging can be performed in many ways, the
most widely used are macro, micro and weighted averaging [82, 97]. Macroeaveraging computes
the pereclass metrics and then calculates their unweighted mean. This handles each class
equally, regardless of their samples. Weightedeaveraging uses the number of samples of each
class as weights to calculate the weighted mean of the persclass metrics. Finally, microsaveraging
computes the global TP;FP;FN and combines them into a global metric using the previously
described equations.

Loss functions. Loss or cost functions are a subcategory of performance measure functions
that assess how far the model's predictions are to the ground truth labels and are usually di ere
entiable with respect to the parameters . In simple linear models, they allow for estimation of
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the parameters using analytical di erentiation and closed form solutions. In more complex none
linear models they allow for the application optimization methods like the iterative algorithms
in the Gradient Descent family. Some common loss functions are presented next.

Cross Entropy Loss (CEL) (Equation 25) is a loss function mostly used in classi cation tasks
and can be theoretically derived from the MLE principle. Suppose that h is a the model function
that assigns class probabilities to the samples of the dataset. Then CEL measures the di erence
between a predicted class probabilities, h (%), and the ground truth labels.

1 A .
CEL= — yilog(h (x)) (25)
N oy

Mean Squared Error (MSE) (Equation 26) is a loss function mostly used in regression tasks
that measures the squared di erence between the predicted values and ground truth values.

The squaring of the error penalises larger errors more and MSE is often referred to as the L,
loss function because it uses the L, norm of the error vector. Interestingly, in some cases, MSE
can be used for MLE when we assume that the dataset is i.i.d. and the distribution p(yjx) is

Gaussian distribution[32].

1 )@
MSE =S (i h ()’ (26)
i=1
Mean Absolute Error (MAE) (Equation 27) is a loss function mostly used in regression tasks
that measures the absolute di erence between the predicted values and ground truth values.
MAE linearly handles all errors and therefore larger errors are not disproportionately more
costly. As a result, training with MAE is less sensitive to outliers and dataset noise. MAE is
often referred to as the L; loss function because it uses the L, norm of the error vector.

R :
MAE = = jyi h (x)j (27)
N iz
Smooth L; Loss (SL;) is a function that combines the MSE and MAE using the parameter
It produces squared error if the absolute elementswise error falls below beta and an absolute
error otherwise. Its outlier sensitivity falls between the MSE and MAE losses.

8 2
| Zop bl ifjy;  h (x)j<
| 'BjYi h (x;)j 0:5; otherwise
(28)

SL, =

Regularization. As seen above loss functions main goal is to guide the learning process to
statistically estimate the parameters to produce predictions that are close to the ground truth
labels. To minimize the capacity of the model and thus avoid over tting, some penalty terms
can be added to the loss function. This technique is known as regularization. The penalty
terms create a competitive optimization problem that prevents the model from fully optimizing

the objective of the original cost function [32]. Two common regularization methods are L1 and
L2 (Equations 29 and 30).

L, regularization term j il (29)
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X
L,regularization term z (30)
i=1
With  being the parameter that controls regularization strength and i the model paramee
ters.
Logistic Regression. Goodfellow et al. [32] make the observation that in most cases machine

learning frameworks require four components: a dataset, a loss function, an optimization algoe
rithm and a model. Choosing the instantiation of each component requires careful consideration

of the task at hand and experimentation. In this section, we will focus on Logistic Regression, a
fundamental ML algorithm. This algorithm is within the scope of this thesis because it is used

as a evaluation approach for the proposed representation learning methods.

In order to provide context for the experiments that follow, suppose that we have two encoder
models e; and e,, and we want to compare their performance on a classi cation dataset X =
f(x1;y1);::7; (Xn:yN)G The output vectors of the encoders 7 = e(X;) are of size D,. The Logistic
Regression model will take the weighted sum of the representation vectors z; as described in
Equation 31. The weights w and the bias term b are the parameters of the model. tj is called
the logit and is transformed into the probability that this sample belongs to the class using the
Sigmoid function (Equation 32). In order to make the nal classi cation, a threshold must be
set, usually at 0 :5 over which the sample is classi ed as belonging to the class [18].

ti = %z WjZi;jé’ b (31)
=1

. 1
plyjxi) = ()= T+ev (32)
In the multisclass variant of Logistic Regression, ti is a vector of logits, one for every class.
The logits are transformed into class probabilities using the Softmax function (Equation 33).

. etl;c
p(ycjxi) = softmax () = Pr—— (33)

=1 eti;c

During model training, the crosseentropy loss is minimized by estimating the parameters
using Maximum Likelihood Estimation (MLE). As logistic regression is a generalized linear model
(with logits originating from a linear function), the loss function is convex, ensuring the presence
of at most one global minimum. The optimal parameters that achieve this global minimum
can be found using optimization algorithms. Gradient descent iteratively changes the weights
in the direction that minimizes the loss function using the gradient of the loss with respect
to the weights. Alternatively, the Limitedememory BroydeneFletchersGoldfarbeShanno (L*BFGS)
algorithm [11] approximates the inverse Hessian matrix to achieve faster convergence, especially
in highedimensional problems.

After training and evaluating the performance of the two classiers, we can draw some
conclusions about the representation vectors produced by the two encoders. Methods that
use linear models (such as classi ers or regressors) on top of frozen encoders to evaluate their
representations are termed linear probing [86, 45].
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3.2 Deep Learning

Deep learning is a branch of ML that has achieved many successes in recent years in elds such
as computer vision and natural language processing, and tasks such as image and speech recoge
nition, autonomous driving, and healthcare. In the deep learning framework, models can take
various forms, including feedforward neural networks (Figure 14), recurrent neural networks
(RNNSs) for sequential data, and convolutional neural networks (CNNs) for image processing.
Each architecture is designed to approximate functions in di erent domains and introduce dife
ferent inductive biases. Their main advantage of deep learning techniques compared to other
ML methods is their ability to automatically learn representations from raw data, eliminating
the requirement for handecrafted representations [62].

Neural networks are made up of multiple layers. Each layer uses nonelinear transformations
to process its input and produces an output that is transmitted to the next layer. The rst and
last layers are referred to as  input and output layers respectively and the intermediate layers are
called the hidden layers. The depth of the neural network is the number of layers it contains
and its width is the size of its hidden layers. Increasing the width and depth of a neural network
will generally enhance its capacity and ability to approximate more complex functions. However,
this also requires more data and computational resources to optimize the parameters.

Figure 14: The architecture of a feedfore

ward neural network with two hidden and Figure 15:  The backward dierentiation
the equations of the forward pass that dee ow and equations of the  backward pass
scribe how the values are computed at each of the backpropagation algorithm. Source:
layer to produce the model's prediction. [62]

Source: [62]

As shown in Figure 14, the layers of a feedforward neural network are made up of neurons.
Each neuron in a layer is connected to neurons in the next layer through weighted connections
wj. The input to eaclg neuron is a weighted sum of the outputs of the previous layer H,
represented by z; = oy Wjy; + b (the bias term b is omitted from the gure for simplicity).
This sum is then passed through an nonelinear activation function f (z;) to produce the neuron's
output. This nonelinearity allows the neural network to learn complex patterns [32, 62]. Some
common activation functions are the following.

" The Sigmoid : function maps inputs to values between 0 and 1,

1
l+e?

f(z) =

(34)
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" The Hyperbolic Tangent (tanh) that maps inputs to values between 1 and 1.

e’ e’
f(z)——ez+eZ

(35)
" The Recti ed Linear Unit (ReLU) is a computationally simple and widely used activation
function.

f (z) = max (0; z) (36)

In deep learning, optimizers are mainly iterative gradientsbased algorithms. This is because
the nonelinear nature of neural networks results in noneconvex loss functions. As a result,
there is no guarantee that the training process will converge to a global minimum. One of the
most common loss functions in deep learning is the crosseentropy loss, with the output of the
output layer being conditional probabilities p(yjx) with the use of sigmoid or softmax activation
functions.

Stochastic Gradient Descent. Stochastic Gradient Descent (Algorithm 1) and its variants are

the most widely used optimization algorithms in deep learning. The algorithms iteratively update

the weights of the model using gradients, g, computed on small random subsets of data called
miniebatches. This estimates the gradient that would result from the whole dataset and as a

result can display some variability, making the optimization process noisy. This provides SGD

with its stochastic nature that can help avoid convergence to local minima. The gradient g,
being vector that points in the direction of the most rapid ascent of the loss function, is used to

update the network's parameters with the rule presented in line 5 of Algorithm 1, where K is
the learning rate at iteration k. This learning rate may vary according to a schedule to ensure
stable convergence. Various extensions of SGD, such as momentum SGD, AdaGrad, and Adam,

have been developed to address issues like slow convergence and oscillations near local optima

[32].

Algorithm 1 Stochastic gradient descent (SGD). Adjusted from: [32]

Require: Learning rate schedule 1; 2500t

Require: Initial parameters

1: k 1

2: while stopping criterion not met  do

3 Sample a miniebatch of m examples, BP—- f(x1;y1);::0; (Xm; Ym)gfrom the training set  Xiain
4 Compute gradient estimate:  §  2r —  L(f(x®; );y®)

5: Apply update: S|
6

7

k k+1
end while

Backpropagation (Figure 15) is one of the most important building blocks of neural network
training as it allows for an e cient computation of the gradient, g, of the loss function with
respect to each weight in the network. The algorithm consists of two stages: the forward pass
and the backward pass . In the forward pass, input data is passed through the network to
produce the model's predictions. During this pass the computation graph  of the network is used
to track the ow of data and compute intermediate values for each operation. The loss is then
computed with the use of the ground truth labels and the loss functions. In the backward pass,
the algorithm calculates the gradient of the loss with respect to each weight using the chain rule
of di erentiation . The gradients are propagated backwards through the network's computation
graph, quantifying how each parameter contributes to the nal loss [18, 32, 62].
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Regularization for Deep Learning. As discussed in the previous chapter, regularization teche
niques aim to improve the model's generalizability by introducing some constrains or penalties

in the learning process. Regularization is important for neural networks to prevent over te

ting caused by their exibility and their ability to model complex functions. Some of the most
important regularization techniques for deep learning are presented next.

Parameter Norm Penalties include penalty terms introduced to the loss function, like the Ly
and L, regularizers that were previously discussed. Both methods introduce a preference
for simpler models. L, regularization works well for most models and L; regularization

is useful in cases that require sparse models, as the optimization objective it introduces
tends to push some parameters to zero.

Dataset Augmentation includes methods that increase the size of the training dataset by
modifying the existing data. Methods that fall into this category have been proven pare
ticularly successful in image classi cation, object detection and segmentation. Common

image augmentations include random rotations, ips, translations, scaling, adding noise

to the original images or combining images from di erent categories. For the tasks of

object detection and segmentation some techniques combine di erent backgrounds with
objects. Building upon these concepts, certain techniques use generative models to proe
duce synthetic data that mimic the original dataset's statistical properties.

Multitask Learning involves training a model on multiple tasks simultaneously. As a result
the model learns representations that are useful for all the tasks, which makes it less
likely to overt to any one particular task.

Early Stopping is a method that utilizes the validation loss to stop the training before
over tting occurs. In general, training and validation loss decrease during training until a
certain point at which the validation loss begins to increase again. This is a strong indicas
tion that the model has started to overt by learning the noise and spurious correlations
of the training set and the model's ability to generalize will not improve further.

Parameter Sharing is a form of regularization that forces a set of neurons to share weights.
This reduces the amount of learnable parameters and is a way to introduce a preference
for simpler models and domain knowledge into the frameworks. In computer vision, Cone
volutional Neural Networks (CNNs) are an architecture that successfully exempli es this
method by applying the same convolutions lters across an image, taking advantage of
the translation invariance of this domain.

Dropout [101] is a simple but e ective regularization technique. During training, at each
iteration, each neuron and its connections are retained with probability p. During testing,
all the neurons are on, with their weights scaled by p. This allows the network produce
the same expected output in both cases and reduce over tting by preventing its heavy
reliance on a small set of neurons.

Convolutional Neural Networks. Convolutional Neural Networks (CNNs) were one of the rst
deep learning architectures to demonstrate the potential of deep learning. In the eld of come
puter vision, CNNs have long been the predominant neural network architecture, accomplishing
numerous breakthroughs and pushing the boundaries of what was previously thought possible

in the eld. Their ability to automatically learn hierarchical features from raw image data has
transformed tasks such as image classi cation, object detection, and segmentation.
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As discussed previously, this architecture utilizes the parameter sharing technique that
makes the model and its representations equivariant to translation. This allows CNNSs to recoge
nize patterns regardless of their position in the image, as shifting the input equivalently shifts
the output. This is a characteristic successful example of the use of inductive bias to improve
computational e ciency [32].

However, in recent years, selfeattention based architectures such as the transformer have
been gaining popularity in computer vision, showcasing that largesscale training with minimal
inductive bias outperforms inductive bias [21]. This aligns with Sutton's observation in Al
research [103], which highlights that models leveraging scalable computation tend to eventually
outperform those relying heavily on humaneengineered features or domainespeci ¢ knowledge.
In recent years, hybrid CNNeTransformer methods have emerged, such as [126, 66], especially
when large datasets are unavailable. In this thesis, the primary emphasis is placed on models
based on the transformer architecture. As a result, the next section will introduce the main
transformer tool for computer vision, the Vision Transformer .

Vision Transformer. The Transformer [111] is a neural network architecture that was origie
nally proposed for the task of machine translation. Recurrent neural networks (RNNs), such as
long shorteterm memory (LSTM), were previously considered the stateeofstheeart in processing
sequential data for natural language tasks. The transformer architecture's main di erence to
these models is its ability to process the sequences in parallel. This allows transformers to
be trained on more data in less time, scale to much larger sizes and better exploit longerange
dependencies in the data.

Figure 16: The Vision Transformer and Transformer Encoder architectures. Source: [21]
The Vision Transformer (ViT) applies the transformer encoder architecture to image inputs 2,
The key idea is to split an image into patches of xed size. Each patch is a token, and the entire

set of tokens is processed using  selfeattention , like words in a sentence.

More formally, given an input image x 2R W € where H and W are the height and width of
the image, and C is the number of color channels, the image is divided into N = HW=P?2 patches,
Xp of size P2C. Each patch, x,(,'), is transformed into a  patch embedding z®, by being attened
and projected into a D dimensional space using a learnable linear projection, E. A vector of
learnable parameters, termed positional embedding, Epos. is added to the transformed patches

2ViTs for video inputs are discussed in subsequent sections of the thesis.
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to provide information about the spatial structure of the image. Finally, [class], a special D
dimensional vector of learnable parameters, is prepared as part of the input to model's the next
processing stage. [class] serves as the initialization of a vector that at the end of the model's
computation provides a representation for the whole image. It is bene cial to conceptualize all

the patch embeddings as being combined into a matrix z 2R+ D,

20 = x,E + Epos 2R°; 8i 2N (37)

Subsequently, L identical layers process the patch embeddings. Each layer consists of the
following components:
" Layer Normalization [63]: X = LN (2)
MultieHead Attention : MHAX)
Residual Connection: X = X + MHAX)
Layer Normalization : X = LN(X)
MultisLayer Perceptron : MLRX) = W, f(W; X+ by)+ b, where W; and W, are weight
matrices, b; and b, are biases, and f is the activation function.
Residual Connection : x = x + MLRX)
In all steps x 2 RN*1 D,

Multihead selfsattention , which is the core module of the transformer architecture. Given the
patch embedding matrix  z, the selfeattention mechanism at the head h computes the attention
scores for each token using the query matrix gn 2 RN+ de the key matrix  k, 2 RN*1 Pr and
the value matrix v, 2 RN+1) Dn

Oh = ZWgn; Kn = zWin;  Vh = zZWyp (38)

Where Wqp; Wieh ; Wy 2 RP P are learned projection matrices, and Dy, is the dimension of the
key and query vectors which typically is Dn = D=H, in a multishead attention module with H
heads. The attention matrix for every head is computed in the following way:

!

k T
Aq (qh; Kn: Vh) = softmax EBDé Vp (39)
h
SA, = AnVy (40)
The attention weights ~ A;; symbolize the importance that token i allocates to the patch eme

bedding of token j when computing its representation. In multishead attention, each head is set
to capture di erent relationships in the input data. The outputs from each attention head are
concatenated and projected back into the Dedimensional space.

MHA = [SA;; 1 SA4]Wo (41)

Where Wo 2 RH Pn) D js a learned projection matrix.
The output of the ViT model consists of N + 1 contexteaware representation vectors, Xi.
Here, X, corresponds to the representation vector of the [class] token, which can be used as
a representation of the entire image. Transformers can be trained using labeled datasets in a
classi cation setting but are also in selfesupervised representation learning settings. Most of
the models relevant to this thesis employ the latter approach and, most speci cally, the method
of Autoeencoding where the transformer encoder is followed by a decoder module that attempts
to reconstruct the input. The next section provides an analysis of the autoeencoder framework
and other representation learning techniques.
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3.3 Representation Learning

Representation learning is the eld that aims to develop methods by which models automatically
extract useful representations from raw input data. These learned representations are then
used for downstream tasks. Outside of ML, Al methods are based on handecrafted features and
algorithms, which is known as  feature engineering . In traditional computer vision, this includes
methods such as edge detection, color histograms, or descriptors such as SIFT (ScalesInvariant
Feature Transform) [68] and HOG (Histogram of Oriented Gradients) [16]. These methods relied
on domain expertise and the process was often timeeconsuming and in exible [74].

In contrast, representation learning in ML, especially after the latest advances in neural
network methods, automates this process by allowing models to learn representations directly
from the data. This endstoeend learning process reduces the need for human intervention and
often leads to better generalization and performance. In deep learning, representation learning
methods often utilize selfssupervised learning, training encoders in pretext tasks that do not
require labeled datasets.

The success of deep learning is often attributed to the ability of neural networks to learn
the nonelinear manifolds in the data distributions. These advancements have given rise to
the manifold hypothesis , which suggests that highedimensional data, such as images, audio,
or text, are concentrated in regions with fewer dimensions. In the ML literature, the term
manifold ° loosely refers to a lowersdimensional space within a highersdimensional space, where
a connected set of points can be approximated using fewer degrees of freedom than the highere
dimensional space. [4, 32]

Autoeencoders. One deep learning method that takes advantage of the ideas outlined by the
manifold hypothesis is the  autoeencoder (AE). The AE framework falls into the selfesupervised
learning paradigm as it attempts to reconstruct the input. In general, representation learning

aims to train an encoder e :D!Z that mapsraw inputdata, x 2 D, to representation vectors,
z 2 Z. In AEs, the reconstruction of the input is created by a module called the decoder, that
can be formalized as a function g :Z ! D . A common loss function for training AE is the
reconstruction loss , typically de ned as the di erence between the input and the reconstructed

output (Equation 42).

L=k glela)k (@2)
i=1

The most widely used AEs are those termed undercomplete (Figure ??), which attempt to
reconstruct the input after mapping it to a representation space of signi cantly smaller die
mensionality. To push models to extract useful representations, various modi cations of the
undercomplete AE have been proposed. Two notable types are the Denoising AEs and Masked
AEs [121].

Denoising Autoeencoders (DAEs) [32] learn from data that has been corrupted by noise. A
noisy version of the input, X, is fed into the encoder, and the model is tasked with reconstructing
the original input,  x:

X
ka gle(xi)k (43)

i=1

1

L = ﬁ

Masked Autoeencoders (MAESs) [121] attempt to reconstruct an input, X, that has some parts
hidden. In computer vision, MAEs are particularly e ective both in image and video processing

3 A more rigorous de nition of the concept of a manifold can be found in the mathematical Topology literature.
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and are some of the main modules of the models used in this thesis. More details and speci ¢
techniques are discussed in Chapter 4.

Objectecentric representation learning. Objectecentric representation learning is a develope
ing paradigm in ML, where the goal is to represent complex environments in terms of objects,
rather than treating the entire scene as a single entity and extracting a single representation.
This paradigm is compatible with the proposed "principles of grouping"” (Figure 17) from psychols

ogy and cognitive science, which account for how humans process visual signals by organizing
them into objects [77].

Objectecentric representation learning has shown the potential to improve the generalizas
tion capabilities and sample e ciency of models as well improve interpretability. However, in
the past, these techniques were hindered by the di culty and cost of dataset annotation when
learning in a supervised manner. In recent years, this potential has been unlocked by archie
tectures like Slot Attention that are selfesupervised and highly scalable. As a result, they can
use large unlabeled image and video datasets [67, 8, 3]. The Slot Attention architecture is a key
focus of this thesis and is discussed further in chapter 5.

Figure 17:  Principles of grouping (or Gestalt laws of grouping): some of the factors that govern
which visual elements are perceived by humans as going together. Source: [77]

Humanealigned representations and saliency methods The growth and success of deep
learning in recent decades have increased interest in explainability and its alignment with hue
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man preferences. Useful techniques interpret the model's decisions by highlighting which parts
of the input were most in uential [37, 47]. In robotics, being able to predict and align with
where humans pay attention is critical to improving humanerobot interaction and collaboration.

Attention and saliency are two terms that are useful in this context. In general, attention is
a topedown process that incorporates expectations and preconceived knowledge to process the
sensory signal by highlighting areas of importance. On the other hand, saliency is mainly a
bottomeup process that uses lowslevel characteristics of the input to identify regions of potential
importance [25, , 59, 58].

Deep learning supervised methods have proven to be highly successful in predicting human
generated saliency maps using multiemodal data [60, , 20]. Recently, selfesupervised ape
proaches utilizing video data have demonstrated the ability to align with human saliency and
produce humanealigned representations without requiring ground truth maps for training [80].

Figure 18: Image masked autosencoder representation learning for robot control. Source: [87].

Representation learning for robot perception. In the eld of robotics, recent years have
witnessed an increased focus on datasdriven approaches derived from ML for problems such as
manipulation and planning, shifting away from analytical methods due to their generalization
disadvantages [51]. The transfer of insights from the successful application of representation
learning in natural language processing and computer vision plays a central role in these e orts.

Image representations play a crucial role in robotic manipulation tasks, where understanding
of the environment is key to success. In particular, after the deep learning revolution, computer
vision was equipped with e ective representation extraction techniques that drove the paradigm
of visuomotor policy learning (Figure 51) to produce many signi cant results [64, , 61, 95,

]. The term visuomotor emphasizes that the at state vector input to the policy model
combines image representations with a vector that includes information about the robot's state,
such as its pose or joint speeds.

Selfesupervised learning techniques have gained traction in robotics representation learning,
as they allow robots to leverage large amounts of unlabeled data. An indicative example is the
success of Image Masked AEs in simulated[87] and realesworld robotic tasks [88]. In the pres
training phase encoders were trained using images from egocentric datasets such as Ego4D [36]
and EPICeKitchens [17] and  Handeobject Interaction and actionecentric datasets like Somethinge
Something dataset [35]. The encoders are then frozen and used to learn control policies in
various tasks (Figure 18).
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4 Action to Object Knowledge Distillation

4.1 Introduction

Based on the positive results of visual prestraining methods that focus on modeling actione
centric information, this thesis focuses on ways that modeling of datasets that capture the way
humans interact with objects [36, 17, 35] can be incorporated in objectecentric representations
[67]. In this section we explore a method that aims to encode action experiences and associate
them, through the use of video(of action)stosimage(of object) KD, with the depiction of the objects
present in those experiences. In the following experiments the action experiences are in the
form of videos of human actions from the Something Something v2 dataset [35], however similar
techniques could be used to encode and create associations using the agents' own interactions
with the objects.

These representations, can potentially be useful as a prestraining step in an objectscentric
modular learning framework such as that in Figure 19, where the individual object representas
tions are becoming contexteaware through a transformer module.

Figure 19: Example of AcE as part of a robotics modular learning framework.

Another potential usefulness of actionecentric encoding could be to provide similarity mete
rics in an example retrieval setting, such as in the cloud database for advanced manipulation
intelligence (Figure 20) proposed in [117]. The aim of such a database is to provide examples
and information about certain tasks, with the examples being performed by humans or robots.
When a robot is assigned a new task, it can retrieve examples from the database and also post
information after completing a task. Object, representations can be used to retrieve useful exe
amples. A similar idea could be applied to Augmented or Virtual Reality applications, where
virtual assistants could provide a ordance information and support, and might need to retrieve
and provide action demonstrations [33].

The actionstoeobject distillation process transfers the knowledge of Video MAE to an image
encoder, named the Object Actionscentric Encoder (OACE). The objective of OACE is to model the
representation space of videos featuring human actions on objects, originally accessible only by
the Video MAE model. Using crossemodal distillation, we aim to make these representations
accessible through a di erent modality, static images of objects (object crops).

The OACE consists of two main modules:
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Figure 20: Cloud database for advanced manipulation intelligence. Source: [117]

" An Image Encoder , that transforms an image input from pixel space, to a dense image
representation space, | 2 Zing. In the following experiments, two di erent prestrained
models are used as Image Encoders, CLIP [86] and Image MAE [45].

" A Mapping Module that maps from the image representation space to the actionscentric
video representation space, R 2 Z ..

The primary goal of this experimental section is to explore if the OAcCE can be compared
with, and potentially enhance some of the state of the art static image encoders. The di erent
methods are evaluated based on their performance in the task of a ordance categorization.
Before discussing the experimental methodology and results, the following section presents the
theoretical background that inspired this study, along with the prestrained models used as
modules in the proposed framework.

4.2 Theoretical Background
4.2.1 Knowledge Distillation

Knowledge distillation (KD) [34, 53, 90] is a method of neural network compression in which
a student model is trained to replicate the performance of a larger and more complex teacher
model (Figure 21). This method was introduced, along with other modelsreduction techniques
like Network Pruning [14, 91, 31] to meet the need for models that are as e ective as large deep
models but run on devices with limited computational resources, such as mobile phones or
autonomous cars. The e ectiveness of the student model arises from the fact that it not only
learns from the dataset, but also captures the ways that the teacher model generalizes. The
implicit knowledge transferred is usually referred to as dark knowledge . This knowledge is
usually acquired as a side e ect of the training process and is not immediately obvious in the
standard evaluation metrics, such as accuracy and recall. It can be observed in the way the
model assigns (log) probabilities to the classes and includes nuance patterns in the training data
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that help the model's decision making and generalization abilities, which cannot be acquired by
simply training the smaller model on the dataset directly [48].

Figure 21: The generic teacherestudent framework for knowledge distillation. Source: [34]

In recent years, several variations of KD were proposed, and extensive studies have explored
the strengths and limitations of these frameworks [34, 53]. The KD categories that are relevant
to the OACE experiments are the following:

" FeaturesBased KD : In this category of KD algorithms, the transferred knowledge is at
a higher level compared to the ResponsesBased knowledge methods, where the student
model targets the class probabilities of the teacher model. FeatureeBased KD has shown
promising results as a representation learning method [112, 26, 28]. Given its potential
to capture and transfer the intricacies and transformation invariant aspects of the object
and action recognition tasks as well as the actioneobject dynamics, it was considered a
promising method to explore in this thesis.

O ine Distillation : This means that the teacher is prestrained prior to the distillation.
This is the case with the Object Actionscentric Encoder training procedure being attempted
in this thesis, as the teacher is a prestrained VideoMAE. However, since the training of the
VideoMAE is selfesupervised, potentially the same system could be applied in an online
distillation manner, where the teacher and student learn simultaneously.

CrosseModal distillation . This means that the teacher's input is of a di erent modality
than the student's. In our framework we attempt crossemodal distillation as the teacher
encodes videos and the student attempts to distill the actionecentric information into
images of the objects. This falls in the category of video to image distillation or knowledge
transfer [92, 80, 65].

Relational Knowledge Distillation : This KD variant focuses on transferring the mutual
relationships between data examples, as these relationships emerge in the representation
space of the teacher model. The relationship of the samples is usually quanti ed through
two types of loss function [79]: distanceswise loss and angleswise loss. In distancesbased
loss, the Euclidean distances between pairs of samples are calculated in the output space,
promoting the student to preserve distance relationships similar to those of the teacher.

In anglesbased loss, the angles formed by triplets of examples are considered, allowing a
more detailed transfer of relational information.
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Figure 22: CrosseModal Distillation. [34]

4.2.2 Image Encoders

The architectures and training methods of the image encoders used in these experiments are
presented in the following sections.

CLIP [86]

The CLIP models presented by Radford et al. in "Learning transferable visual models from nate

ural language supervision" [86] and this section presents some key elements from this study.

CLIP models are among the most successful image encoders, in terms of generalization, exibile

ity, and e ciency. They are trained on a dataset that consists of captioned images and use the
natural language's expressive ability to enrich a contrastive learning framework. The CLIP model

is a pair of Transformer encoders  fing;foe (Figure 23), one for each modality. Both inputs are
rst encoded in separate representation vectors Zimg 2 Rdims; 7. 2 R%ms and then transformed to
the multiemodal representation vectors, [: T 2 Rdmm using the learnable transformation matrices
Wipg 2 Rdmm dina: W, 2 RYm 9o and L, Normalization as described in Equations 44.

| = LoNormalize (Wing fimg (i) »
T = L,Normalize (Wy¢ fix (1)) (“44)
During training, for each batch, all images are combined with all text captions, generating
N N data points, of which N are positve N2 N negative examples. The main goal of the
training process is to bring the correct pairs closer while simultaneously pushing the incorrect
pairs apart. This is achieved by computing the dot product “ of all possible pairs of images and
text, and minimizing a symmetric contrastive loss [124] between the similarities and the labels.
The symmetry between the two modalities is achieved by computing two losses, the imagestos
text contrastive loss (Equation 45) and the textetosimage contrastive loss (Equation 46), both
using the Softmax CrosseEntropy Loss [85].

\
N expli Ti)
mg = log (45)
o N exp(; T))
i=1 j=1 p ! J
4This computes the cosine similarity because the multismodal representations are unit vectors due to the L, normale

ization in Equations 44.
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. X exp(; T)
xt = log
N
i=1 =1 equj TI)
As depicted in Figure 23 the positive examples are in the diagonal of similarity matrix, where
i =j. The loss minimized during training is the mean of these two losses:

Leur = Cimg + "t )=2

A preetrained CLIP model was chosen as one of the Image Encoder modules in OACE due to
its proven e ciency and taskeagnostic characteristics. Another important takeaway from this
paper is the detailed discussion on the evaluation of the representations. The authors make
a strong case for zeroeshot classi cation and linear probing (the tting of a linear classi er on
top of the representations) as evaluation metrics on the robustness and generalizability of the
representations. The main advantage of these methods is that they are less likely to exploit
spurious correlations, compared to other methods used to test representations on downstream
tasks like the endetoeend nestuning of models. Linear probing is used as one of the evaluation
methods of the OACE representations.

Figure 23: The CLIP contrastive framework. Source: [86]

Image Masked Autosencoding [45]

The Image Masked Autoeencoder (MAE) that is used in the following experiments was proposed
in the paper "Masked Autoencoders Are Scalable Vision Learners" [45] and this section presents
some key elements from this study. Masked autosencoding, is a selfesupervised learning method

that has been very successfully in the domain of natural language processing, shaping the

training process of models like BERT [19]. The Image MAE aims to apply the method in the
(static) image modality.

The key idea behind the MAE framework is that if a model can reconstruct a sample with
some of its parts masked, then its encoder is likely to have learned highequality representations.
However, there are some important di erences between language and vision that He et al.[45]
address. Speci cally, language, being a humanegenerated signal, is more information dense
and as a result allows low masking ratios (15 %) to su ce in producing useful representations.

In contrast, images have high information redundancy, requiring higher masking ratios (75
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%) for the MAE to perform successfully. Furthermore, unlike BERT style models, where the
decoder of the MAE is relatively simple, the Image MAE decoder is more complex and plays a
more signi cant role in determining the quality of the learned representations, as it needs to
reconstruct the input at pixel space, which is at a lower semantic level.

The Image MAE framework is based on the EncodersDecoder Framework (Figure 24) with
both modules adopting a ViT architecture. The encoder processes the tokens by linearly transe
forming them at rst, then adding positional encoding, and nally passing them through several
Transformer blocks. Unlike classical autosencoder frameworks, the encoder only processes the
unmasked tokens of the image input. This approach allows for e cient training by minimizing
the data processed by the encoder.

Figure 24: The image MAE framework. Source: [45]

The decoder, on the other hand, is designed to reconstruct the original image from both
the encoded visible tokens and the masked tokens, which are added back after the encoding
process. Each masked token is the same learnable vector that represents a patch that needs
to be predicted. The decoder takes the encoded tokens, appends the mask tokens, applies
positional encoding to all of them, and then processes this full set through its own series of
Transformer blocks. The decoder is rarely needed after the selfesupervised training process, and
as a result its implemented as a smaller ViT model compared with the encoder. The encoder is
the primary focus of the process and is designed to take up > 90% of the computation load per
token.

The loss function in the Image Masked Autosencoder (MAE) is the mean squared error (MSE)
between the reconstructed and original pixel values 5, calculated only on masked patches. This
approach is similar to the method used in BERT [19], where the loss is calculated only on the
masked tokens. Focusing the loss calculation on the masked patches encourages the model to
learn meaningful representations by reconstructing the missing parts, leading to better perfore
mance compared to using a loss function that includes all tokens.

The MAE framework has demonstrated strong transfer performance in downstream tasks
such as object detection and segmentation. The encoder extracts image features either through
the token class [21] or by averaging the token representations, with both approaches being
equivalently e ective.

5In recent years, some methods have proposed MAE frameworks that incorporate reconstruction of the input at
feature level, through feature distillation. An example is MR*MAE (Mimic before Construct Masked Autosencoder) [28],
which adds a mimic loss that pushes the MAE to reconstruct the CLIP and DINO representations of the unmasked
features. These methods not only improve encoder performance in downstream tasks, but also improve training speed
by learning highelevel and lowslevel semantics simultaneously.
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4.2.3 Video Encoders

Video Masked Autoeencoding

The Video MAE model used in these experiments was introduced by Tong et al. at "VideoMAE:
Masked Autoencoders are Data*E cient Learners for SelfeSupervised Video PreeTraining" [109]
and this section presents some key elements from this study.. This paper presents a teche
nique for extracting representations from videos using the selfssupervised masked representas
tion learning method. The authors address the challenges presented by the video modality,
compared to the text and image modalities. The rst challenge is the increased complexity ine
troduced by the time dimension. The second challenge is that, in most cases, the useful signal
is only a small percentage of the total input. Finally, when masking the tokens, the high teme
poral correlation between frames can lead to information leakage in parts of the video with little
motion. To address these challenges, the authors recommend the use of a tubular masking
technique (Figure 25) where the temporal neighbors of a token are also hidden. Additionally,
to force the model to focus on the useful portion of signal and avoid spurious correlations they
mask 90+95% of the total tokens.

Figure 25: Video MAE. Source: [109]

The models trained with this method produce statesofstheeart results in the downstream
task of action recognition. One of the datasets used for evaluating the Video MAEs is the
SomethingeSomething v.2 dataset. This dataset was chosen as the basis for the main part of
the experimentation of this project, as it is lightweight and provides nesgrained actionscentric
information. A more inedepth discussion of the Something Something dataset can be found in
corresponding section of this report. As a result, a Video MAE pre-trained on this dataset is
used as a teacher model in the distillation process.

Masked Video Distillation [112]

In [112] Wang et al. introduce a multisteacher KD technique to further improve the repres
sentations of the Video MAE. The authors propose a twoestage selfesupervised representation
extraction technique (Figure 26):

" Stage 1: Training two Masked AutosEncoder  teacher models
~ Stage 2: Distill the representations of the teacher models to a student model

As teacher models , two di erent MAEs are used: one that produces image representations
(MIM: Masked Image Modeling) and one that produces video representations (MVM: Masked
Video Modeling). The paper presents experiments showing that the distillation of the MIM
teacher improves the performance of the student model on problems where spatial information
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Figure 26: An overview of Masked Video Distillation framework. Source: [112]

is important (Kinetics 400) and the distillation of the MVM teacher improves the performance
on problems where signi cant information is needed in the temporal dimension (Somethinge
Something v2). The results are better when the KD process includes both teachers. This
approach is reminiscent of results in the Action Recognition literature, inspired by biological
studies, that demonstrate the bene ts of a twoestream design: one stream focusing on spatial
information and the other on temporal information. The rst stream applies sparse temporal
sampling with high resolution, while the second uses low resolution with denser sampling [27].

One of the main takeaways from this paper for this project was the e ectiveness of features
based knowledge transfer at the representation level. Additionally, a variant of the multisteacher
paradigm is used in the training of OACE.

4.2.4 A ordance Categorization & Understanding

In the context of actionecentric visual representations, the concept of a ordances, which links
object perception and action possibilities, provides a valuable perspective and inspiration for
representation learning methods, as it occupies the space between what is objectively observable
(object characteristics) and what is subjectively experienced (representations)[76, 13].

James J. Gibson suggested that for humans and animals, objects are not simply perceived
as compositions of their qualities (shape, color, texture), but more crucially their a ordances
[30, 76]. The term a ordance was coined by J.J.Gibson in 1977 and since then it has been
used among researchers and students in many elds including psychology and neuroscience.
According to Gibson [30]: "The a ordances of the environment are what it o ers the animal, what
it provides or furnishes, either for good or ill. The word a ordance implies the complementarity
of the animal and the environment." Another important formalization of the term came from
Sahin et al. [94], in which the authors aimed emphasise the fact that a ordances can be viewed
from di erent perspectives: the agent's, the observer's, and the environment's. According to
them, all three must be taken into account when attempting to develop autonomous robotic
agents.

The key terms relevant to this thesis are de ned below.

" Aordance Categorization . This involves the multielabel classi cation of input images
into a set of available a ordances. This task usually acts as the foundation for more
complex a ordance recognition tasks.
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4 Action to Object Knowledge Distillation

~ Aordance detection: The task of localizing and classifying objects based on the a ors
dances. For n bounding boxes X = fxi;x,;::;x,0 the learning process should produce
the function: f : X ! Y, where Y =fyj;yo;:5yngand y; = (ri; 1) with r; representing the
location of the bounding box and li the a ordance label or a set of a ordance labels.

A ordance categorization is a suitable candidate for evaluating object representations ine
tended for robotics. This is due to the fact that identifying potential actions in an enviroment
can help the agent plan and collaborate with humans or other robots [13, 42].

4.3 Datasets
4.3.1 Somethingesomething v2

The SomethingeSomething v.2 dataset [35] presents a neesgrained approach to the Action Recoge
nition task. It consists of 220 ;847 videos that belong to 174 categories of actions. The dataset
creation protocol allowed the people creating the videos to choose an action label and then pere
form it on an object of their choice, resulting in a diverse range of scenarios and actioneobject
pairs. In the process of dividing the dataset into training and test sets, videos created by an
individual are included either entirely in the training set or in the test set.

(a) A sample from the Something Something dataset with the action label: "Letting
something roll along a at surface".

(b) A sample from the Something Something dataset with the action label: "Squeezing
something".

Figure 27: Samples from the SomethingeSomething dataset [35]

The action categories are curated with the aim of pushing the models to deepen their une
derstanding of the physical world and develop a form of "common sense". To perform well in
this data set, the models need to distinguish between genuine and fake actions. For example,
the models are required to learn to distinguish between "Putting something behind something”
and "Pretending to put something behind something (but not actually leaving it there). Video
representations that perform well in this dataset are likely to have captured a highequality
actionscentric signal from the videos. The statesofstheeart performance of VideoMAE [109] and
MVD [112] in this dataset is presented in Table 10. These models were considered to be good
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candidates for the role of Teacher Models in the process of videostosimage knowledge distillation.
From the models shown in Table 10, only the ViT+S and ViT+B versions of the VideoMAE frames
work were accessible as prestrained models from the authors. Ultimately, the ViTeS variant
was deemed su cient for the proofeofeconcept experiments of this thesis, as the performance
improvement of the larger ViT was only marginal.

Method Backbone Topel | Tope5
MVD ViTS 70.7 92.6
MVD ViTeS 70.9 92.8
MVD ViTB 72.5 93.6
MVD ViTB 73.7 94.0
MVD ViTeL 76.1 95.4
MVD ViTeL 76.7 95.5
MVD ViTeH 77.3 95.7

VideoMAE ViTeS 66.8 90.3
VideoMAE ViTeB 70.8 924
VideoMAE ViTeL 74.3 94.6
VideoMAE ViTeL 75.4 95.2

Table 10: Performance comparison of MVD and VideoMAE models with di erent backbones and
con gurations on the Something Something dataset. Sources: [109, ]

The initial experiments were conducted using a small subset of the dataset, which was
manually annotated using the Supervisely Computer Vision Platform [102]. During this phase,
a small subset of videos was selected, and bounding boxes were annotated around the interacting
objects. During the main phase of the experiments, the bounding boxes and annotations from
the Something<Else [72] dataset were used, which is an extension of the Somethingesomething
dataset.

4.3.2 Something*Else

The SomethingeElse [72] dataset is an extension of the SomethingeSomething dataset that ine
troduces new annotations (Figure 28) and data splits. This extension provides bounding boxes
of the hands and objects involved in the action, which was essential in assessing the OAcE
model. The main goal of the dataset is to test models on the task of compositional action recoge
nition, that enhances the action recognition task by focusing on compositional generalization.
The compositional generalization ability of a model is its ability to adapt and recompose knowle
edge acquired in the past to novel and unfamiliar contexts [72, ]. In the context of action
recognition that means that the dataset challenges models to recognize actions with unseen
combinations of verbs and nouns.

To achieve this, the category of frequent objects (the objects that appear more than 100 times
in the dataset) is split into two disjoint groups A and B, and action categories are divided into
groups 1 and 2. The training set combines action group 1 with object group A, and action group
2 with object group B (1A+2B), while the validation set ips this (1B+2A). For example, in the
training set, the model might learn actions such as "Pick up Cup" and "Place Book" (Group 1 with
Group A), as well as "Open Phone" and "Close Pen" (Group 2 with Group B), while the test set
challenges the model with new combinations like "Pick up Phone" and "Place Pen" (Group 1 with
Group B), along with "Open Cup" and "Close Book" (Group 2 with Group A). Drawing inspiration
from this concept, one of the splits of the dataset presented in the following section attempts to
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4 Action to Object Knowledge Distillation

test the models generalization ability in predicting the a ordance of unseen categories of objects.

Figure 28: Something*Else annotations. Source: [72]

4.3.3 Something's A ordances: Curating a SmalleScale A ordance Categorization Dataset

Something's A ordances is a smallescale dataset that extends the Something+Else dataset and
focuses on aordance categorization. To provide a proof of concept for the proposed methe
ods, which are aimed at enhancing image representations through the distillation of knowledge
present in videos of actions, a small subset of action categories was selected based on their
ability to test the representations. For instance, the action 'Putting something on a surface’
translates into a ordances like 'graspable’ or ‘'movable,’ which are applicable to almost all obe
jects in the dataset. Conversely, actions like 'rolling an object on a at surface' are more useful
for demonstrating whether the model has learned speci ¢ characteristics that make an object
rollable." The selected action categories and the corresponding a ordances are presented in
Table 11.

A ordance SomethingsSomething action labels # video samples
Foldable Folding something, Unfolding something 1620
Rollable Rolling something on a at surface, Letting something 2913

roll up a slanted surface, so it rolls back down, Letting
something roll down a slanted surface, Letting
something roll along a at surface

Squeezable Squeezing something 2202

Containment Pouring something out of something, Pouring something 2289

into something until it over ows, Pretending to pour

something out of something, but something is empty,
Showing that something is empty

Tearable Tearing something just a little bit 1620

Table 11: Something's A ordances labels and the corresponding action labels from the
SomethingeSomething dataset.

One of the limitations of extracting object crops from a video dataset is that many samples
contain interference from hands or other objects To minimize this issue, object crops were
extracted from the rst 10 frames of the videos, where the objects typically appear on their own.
Furthermore, due to camera or handsobject movement, some of the object crops only depict part
of the object or exhibit motion blur (Figure). This is in contrast to other a ordance categorization
datasets, such as [55], which contain clear, unobstructed images of objects. Although this may
initially seem like a drawback, it can actually be bene cial. These variations can simulate the
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e ects of image augmentation techniques, which are used to arti cially make trained models
more robust [116].

In line with the Something*Else dataset [72], we de ne the frequent objects subset, witch
consists of the objects that appear more that 20 times in the videos. This is to ensure that the
objects appear in enough examples that a ordance information can be extracted from the dataset
statistics. In total the dataset consists of 11 ; 235 videos, out of which 123 ;434 object crops are
extracted. For every object in  frequent objects set we calculate the frequency distribution of
the actions. From this frequency distribution, we extract the multielabel a ordance targets for
each object, by thresholding the frequencies in a way to avoid objects that are utilized in an
uncommon manner (outlier scenarios). For example, the action frequency distribution and the
multielabel a ordance targets for the object "bottle" are presented in Table 12.

The dataset is split in two ways:  Videoesbased split and Objectesbased split

1. Videoebased split : In this split, the dataset is divided into three sets (train, validation,
test), ensuring that images from the same video belong to the same split.

2. Objectebased split : This split targets (compositional) generalization by dividing the objects
into two sets, Set A and Set B. Set A is used for training, while  Set B is used in the
validation and test splits.

foldable | rollable | squeezable | containment tearable
frequency distribution 2 575 156 178 1
a ordance 0 1 1 1 0

Table 12: Example of the action frequency distribution and multislabel a ordance targets for
the object "bottle".

The objects belonging to each a ordance and their division into the two sets are presented in
Table 13.

'lemon’, 'something’, 'wallet’,
'toothpaste'

A ordance Set A Set B
'‘paper', 'mat’, 'book’, 'bag’, 'sock’, ‘cloth’, 'napkin’,
Foldable ‘blanket’, 'handkerchief', 'kerchief', 'envelope’,
'wallglt', 'Iettgr', ‘towel' 'newspaper’, 'shirt'
, mar e w ° Itape, ) ‘bottle’, 'tumbler’, ‘pencil’,
battery', ‘tomato’, ‘lemon’, P \
Rollable , C L . box', ‘cap’, ‘jar', 'marker’,
crayon’, 'ballpen’, 'plastic o NI
AR can', ‘container’, ‘pen
container, 'lipstick
'sponge’, ‘paper’, 'plastic
bag', 'bag’, 'tube’, 'ball' ‘tissue’, 'bottle’, 'pillow’
Squeezable 9. bag, ' ! ' P '

'plastic’

Containment

‘bowl’, 'mug’, ‘glass’, 'bag’,
‘basket’, ‘wallet',
‘'something’, ‘pot', ‘plate’,
'plastic container', 'cup’

'bottle’, 'tumbler', 'box’,

‘container’

'vessel', 'cap', 'jar', 'can’,

Tearable

'letter’, 'paper’

‘envelope’, tissue’,
'newspaper’, 'leaf'

Table 13: The objects belonging to each a ordance and their division into Sets

A and B.

The following experiments consist of two stages. In the initial stage, the OACE encoder is

trained using object crops as inputs and video representations from Video MAE as targets. To
accelerate this process, both the Image Encoder and the Video Encoder modules' representations
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are preeextracted, as only the Mapping Module undergoes training. In the second stage, the
trained encoder is tested in a ordance categorization using the multielabel a ordance targets
outlined above.

In the next section, we present a simple method to test whether the video representations
extracted from the Video MAE encoder can enhance the a ordance categorization performance
of an image encoder. In Chapter 5, we use this dataset to evaluate the representations extracted
by a Slot Attention model [67], which processes images in an objectecentric manner and does
not require the object bounding boxes provided by the Something+Else dataset.

4.4 Proposed Method
4.4.1 Object Actionecentric Encoder

The architecture and training method of the the Object Actionecentric Encoder (OACE) is depicted

in Figure 29. The OACE takes as input object crops, which are extracted using the bounding box

annotations from the Something-Else dataset. The videos of actions belong to the Something's
A ordance subset. For every object crop input, the OACE is trained to produce a representation

vector in the actionecentric enhanced representation space.

Model Patch Size Embed Dim Depth Num Heads Pretrained Source
Video MAE ViTeS 16 384 12 6 [109]
CLIP ViT+B 32 512 12 8 [86]
Image MAE ViT+B 32 512 12 8 [45]

Table 14: Preetrained model speci cations for Video MAE, CLIP, and Image MAE.

Teacher encoding. The teacher model is the preetrained ViTS Video MAE, provided by [109].
The model speci cations are presented in Table 14. Let us denote the N videos in the Something's
A ordances dataset as Xt(');i 2 [1:N], each one consisting of TO frames (Equation 48). The
frames have a xed height of 224 pixels, but variable width. Before the frames are introduced to

the Video MAE, they are preeprocessed to a xed 224 224 shape (H = W = 224). In addition,
the videos are temporally downsampled to a length of 16 frames, which we refer to as video clips
(Equation 49). The Video MAE processes the video clips, and the actionecentric representations

F®, are obtained by average pooling the encoder's token representations. The size of these

representation vectors is d; = 384.
videos: X = fxy;:i: xp0g2 RO H W 3 (48)
Video Clips: V) = fvy;::1; vigg2 R H W 3 (49)

Teacher representations: F(@)= teacher (Vt(i)) 2 R%: (50)
Image Encoding. Two preetrained image encoders were used in this experimental section, a
CLIP [86] and an Image MAE [45] (Table 14). The Image MAE was neetuned in the images of
the Something's A ordances dataset for 100 epochs. _

As mentioned previously, to reduce interference, the object crops, Ct(') (Equation 51), are
extracted from the rst 10 frames of the videos, using the bounding boxes from the Somethinge
Else dataset's annotations. The object crops are then processed with the speci ed presprocessor
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Figure 29: Object ActionsCentric Encoder: Knowledge Distillation process and architecture

of each image encoder. Both encoders accept images of shape H W 3,where H=W =224,
The image encoder processes the object crops to produce the image representations It('). In both
cases, the size of the image representation vectors is d; = 512.

: n Nej
Object crops:  C!)= CY;::; cl) 2RO H W 3 (51)
Image representations: It(i) = image_encoder (Ct(i)) 2 RY (52)
Mapping to the Actionscentric Representation Space. The mapping from the image repree

sentations, It('), to the OACE representations, Rt(i), is produced by an MLP (Equation 53) consisting
of the following modules, connected sequentially:

1. Alinear layer with input size 512 and output size 384

2. A RelLU activation layer

3. A dropout layer

4. A linear layer with input size 384 and output size 384

OACE representations: Rt(i) = mapper (I t(i)) 2 RY (53)

Tests involving MLPs with additional layers were carried out, and the outcomes are detailed in
the ablation section.
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Feature level decoding. To train the OACE the actionecetric representations are decoded to
reconstruct the Video MAE representations (Equation 54)and the Image representations (Equae
tion 55). Targeting both features helped enhance the Image Encoder's capabilities and led to
better results than having the OACE target only the features of the Video MAE.

Teacher representation (TR) reconstructions: If[(i) = TR_decoder (Rfi)) 2 R% (54)

Image representation (IR) reconstructions: fti) = IR_decoder (Rt(i)) 2 R% (55)

Losses. The Mapper Module and the two decoder are optimized using three distinct loss funce
tions:

1. Teacher representations reconstruction loss . This is the Mean Squared Error (MSE)
Loss calculated between the target representations from the Video MAE for each video and
the reconstructed representations of the corresponding object's crops in the same video.
For a batch B with N video samples:

1 AR =0
Lk = N d Lwse(F O, FY) (56)
Ui=1 t=1
2. Image representations reconstruction loss . This is the Mean Squared Error (MSE) Loss
calculated between the image representations from the Image Encoder and the recone
structed image representations. For a batch B with N object crop samples:
1 X (). 76)
Lr = Lwse(le 5 1¢7) (57)
N d i=1 t=1

3. Relational KD loss : This is the Angleswise Relational Knowledge Distillation Loss (RKD+A)
as proposed in [79]. This loss is complementary to the previous featuresbased losses and
improves the model's performance by focusing on interesample relationships. For a triplet
of samples, the angleswise relational potential quanti es the angle created by the three
samples in a feature space:

A(Ri;Rj; Ry) = cos\RiRjR« = (&j; &)
t; tj tx tj (58)
where | = = = —
G ki tiko
The RKD+A loss measures the di erence in angleswise potential between the OACE repree
sentations and the teacher representations:

X
1
RKD-A = FroeH Lmse( a(Ri;Rj;Re);  a(Fii Fjs Fy)) (59)
] (Ci;Cj;ck)2C

To restrict the increase in computational complexity that this loss introduces, C® is a set
of 50 triplets, randomly selected from each batch.
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The total loss is the sum of the above losses:

L= LTR + I—IR + RKD-A

Ablation tests and experiments with the individual losses being combined in di erent ways
are presented in the loss function ablation section.

Training. All models were trained for 20 epochs with the use learning rate scheduler and the
Adam optimizer [56]. The learning rate scheduling involved a twoephase approach [3]: an initial
linear warmeup until  Ir = 0:001 that lasts for 5% of the total training steps, followed by expoe
nential decay. This approach aimed to stabilize the training process and improve convergence.

4.4.2 Evaluation of representations

The evaluation was carried out using two methods, both tested on the multielabel a ordance
targets of the Something's A ordances dataset: (i) linear probing and (ii) training an MLP classie
cation head on top of the frozen OACE representations. The aim of the experimental evaluation
is to test whether the OACE encoder can enhance two statesofstheeart image representations:
CLIP and Image MAE. It is important to note that the CLIP representations have not been trained
on the dataset used for evaluation, whereas the Image MAE has been nestuned on this dataset.

All the performance metrics were  macrosaveraged , treating all the a ordances equally ree
gardless of the number of samples present in them.

The evaluated representations are as follows:

1. GT: Ground truth was created by training classi ers on the target teacher data, as if the
model had access to "perfect” memories of the actions associated with each object. This
highlights the valuable signal in the teacher model's representations.

2. OAcCE on CLIP: Training classi ers on the OACE representations, with CLIP as the image
encoder.

3. CLIP: Training classi ers on the CLIP representations.

4. OAcE on IMAE: Training classi ers on the OACE representations, with Image MAE as the
image encoder.

5. IMAE: Training classi ers on Image MAE representations.

6. OACE + IMAE: Training classi ers on concatenated representations of Image MAE and
OACE (on IMAE).

Linear Probing. Linear probing has been used as a representation evaluation protocol in a
variety of studies, including [86, 45]. It involves training a linear classi er on top of the repe
resentations. In the context of the Somethig's A ordance dataset, multislabel classi cation
requires the training of ve binary linear classi ers « one for each a ordance. The classi er choe

sen for this experimental section was Logistic Regression, which is a generalized linear model.
The Scikitelearn [82] implementation of the LeBFGS+B [11] largeescale boundesconstrained optie
mization algorithm was used to train the classi ers on the data. The results presented in Tables

15 and 16.
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Con guration Recall Precision F1 Score Accuracy
GT 0.7508 0.9444 0.8349 0.8774
OACE on CLIP 0.7275 0.9224 0.8116 0.8610
CLIP 0.7217 0.9147 0.8050 0.8561
OAcE on IMAE | 0.6514 0.8986 0.7512 0.8256
IMAE 0.6863 0.8942 0.7740 0.8364
OACE + IMAE 0.6964 0.8973 0.7821 0.8411

Table 15:
dance dataset

Con guration Recall Precision F1 Score Accuracy
GT 0.6256 0.6240 0.5543 0.6845
OACE on CLIP 0.6360 0.6404 0.5707 0.6980
CLIP 0.6256 0.6240 0.5543 0.6845
OACE on IMAE 0.5575 0.5853 0.4821 0.6341
OACE + IMAE 0.5994 0.5931 0.5341 0.6722
IMAE 0.5984 0.5907 0.5301 0.6681

Table 16:
dance datase

MLP Classi cation Head.

Linear Probing performance metrics for Videoebased split of the Something's A ore

Linear Probing performance metrics for Objectebased split of the Something's A ore

Linear probing, is a useful evaluation protocol, but it misses the
opportunity to learn from strong but nonlinear representation spaces. To further test the OACE

representations in that respect, a smallsscale MLP head was evaluated on the same task. The

classi cations head architecture is the following:

PwidhPRE

The neural network training followed a similar approach to the OACE Mapper module, using the
] and a learning rate scheduler with a maximum learning rate of 0
classify the results, thresholding is applied to the outputs of the classi er's last layer, which fall

Adam optimizer [

Linear layer (input
Relu activation layer
Linear laye (input:
Sigmoid activation on each output

d; = 384,output = 1024)

d; = 1024, output = 5)

:001. To

within the [0; 1] range due to the sigmoid activation. The thresholding is tuned on the validation
set, on each one of the ve heads separately, to maximize the F1 score of the classier. The
experimental results are presented in Tables 17 and 18. Additionally, the Figures 30 and 31

show the F1 score di erent a ordance labels.
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Con guration Recall Precision F1 Score Accuracy
GT 0.8265 0.9380 0.8776 0.9045
OACE on CLIP 0.8467 0.8782 0.8611 0.8878
CLIP 0.8195 0.8858 0.8505 0.8817
OACE on IMAE 0.8138 0.8173 0.8145 0.8493
AcE + IMAE 0.8051 0.8331 0.8174 0.8538
IMAE 0.7785 0.8359 0.8046 0.8458

Table 17: MLP Classi cation performance metrics for the Videosbased split of the Something's
A ordances dataset

Con guration Recall Precision F1 Score | Accuracy
GT 0.6900 0.7737 0.7080 0.8058
OACE on CLIP 0.6209 0.7191 0.6562 0.7688
CLIP 0.6154 0.6912 0.6304 0.7472
AcE on IMAE 0.5271 0.6574 0.5656 0.7136
AcE + IMAE 0.5501 0.6656 0.5838 0.7218
IMAE 0.5410 0.6633 0.5763 0.7186

Table 18: MLP Classi cation performance metrics for the Objectebased split of the Something's
A ordances dataset

Figure 30: F1 score for the dierent aore Figure 31: F1 score for the dierent aore
dance labels when tested on the Videosbased dance labels when tested on the Objectebased
split. split.

MLP Depth Ablations. We tested for the impact of varying MLP depths on the performance

metrics. The top performance metrics were achieved using a twoelayer MLP, as presented earlier
and the performance degrades with the increase of depth as seen in Figures 32 and 33 where
the width of the layers is presented in Table 19.
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# Layers Layers # Learnable Parameters
2 [512, 384] 804,608
3 [1024, 512, 384] 1,592,064
4 [2048, 1024, 512, 384] 4,215,552
5 [1024, 2048, 1024, 512, 384] 5,789,440
6 [512, 1024, 2048, 1024, 512, 384] 6,052,096

Table 19: MLP Architectures and Learnable Parameters

Accuracy | Precision Recall | F1 Score
All Losses 0.8868 0.8834 0.8370 0.8586
Ltr + RKD-A 0.8878 0.8782 0.8467 0.8611
Ltr 0.8850 0.8801 0.8355 0.8567
Ltr + Lir 0.8875 0.8845 0.8371 0.8597
RKDeA 0.8759 0.8644 0.8289 0.8454

Table 20: Loss functions ablation results for the OACE on CLIP con guration tested on the
Videoebased split.

Figure 32: Performance Metrics for di erent Figure 33: Performance Metrics for di erent
MLP depths tested on the Videosbased split. MLP depths tested on the Objectebased split.
Loss function Ablations. Tables 20 and 21 show the results of the ablation study on the three

previously discussed loss functions. In the VideosBased split the di erence is negligible between

the di erent losses. In the Objectebased split the relative loss, RKDeA, produces good results

alone, while the incrorporation of the other two losses marginally increases the performance.

We further tested all the losses computing the L; and Smooth L1 loss (in place of the MSE).
These degraded the performance of the representations.

Qualitative Results. Figure 34 presents a collection of successful examples from the test set
of the objectebased split, using the OAcCE on CLIP model. One important observation is the
models ability to classify objects from blurry, obstructed or incomplete crops. We hypothesize
that this capability can be credited to the fact that the training set is derived from realsworld
videos. Figure 35.
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