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Abstract

Image-text models have become essential in machine learning, leading to the development of several state-
of-the-art architectures, such as CLIP, DALL-E, and Stable Diffusion, among others. These foundational
models can be applied to various tasks, often different from their initial training objectives. This versatility
arises from their ability to use each modality to infer knowledge about the other, enabling them to function
without specific task-related data. However, these architectures are also very expensive to train, typically
requiring millions of image-text pairs. Therefore, the use of these extensive foundational models often involves
finetuning them rather than training them from scratch. Additionally, these models can be used directly for
inference, serving as the foundation upon which more complex pipelines can be built. Moreover, multimodal
generative models have taken the world by storm, providing exceptional capabilities for image captioning.
These models can generate meaningful descriptions and high-quality responses regarding visual concepts. We
believe that a dialogue between a user and a generative model about a given image can offer an additional
perspective on the image-text pair.

Initially, we study the problem of training a third tower for a new modality given a pre-trained CLIP model.
This additional component can be used to incorporate other modalities into the model pipeline. In our
framework, called CLIP-3Modal, we consider the use of a model such as BLIP-2, which provides us with
a dialogue centered around the image. We evaluate our model in the setting of image and text retrieval,
and compare it against the regular image and text based one. Then, we abandon the third tower approach
and focus on fine-tuning the original CLIP to adapt to question-answer style textual inputs. We introduce
DRAFT (Dual Representation Adaptive Fine-Tuning), a method based on contrastive learning and
distribution alignment, designed to adapt CLIP-like models to out-of-distribution textual descriptions, such
as dialogue. We conducted extensive experimentation and ablation studies to demonstrate the advantages
and benefits of our method over the baseline model. Our experiments primarily focused on Visual Question
Answering tasks, where our method significantly improved CLIP’s performance.

Keywords — Contrastive Learning, Self-supervised Learning, Multimodal Learning, Generative AI, Deep
Learning, Neural Networks, Machine Learning
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Baowd anoterécpata yenoiponoinviag to CLIP-3Modal poali ue to BLIP-2
Yo TNV mapaywy” dtahdéyou. To CLIP-3Modal Behtiodver tny avdxinor oc oyedov xdde
nepintwon. H aglohdynon yivetaw oto MSCOCO o 1660 oL xwdwonontéc exdvos 660 xou
xewévou €youv npoexnoudeuvtel oto LAION-2B Dataset. . . . . . . . ... ... ... ... ...
Ou vdniég TIES TNG ToEAURETEOL avAULENG BeATiddvouy TNV anddoom, v
oL UIXEOTERES YELPOTEREVOLY TNV eNiBocT TOL KOVIEANOU, plyVovTag TN %XATw®
and to Baocixd poviéro. To S unodnhdver v mopdueteo Bdpoug avduine. To wxpd Bdpog
OTOV XOOLXOTOUNTY TUPUYWYNHC AEXTIXWDV TEQLYRUPOY WPEREL TIC CUYYWVEVUEVES EVOWUAUTWOELS
BLATNEMVTOG TG OEYIXES TANEOPORIES A0 TO TEOEXTOUOEUMEVO UOVTENO XaL EVIOYVOVTAS TEG UE
BLPOPETIXECS BLUTEPOTNTES TNE ELGOBOL SLohdyou. To xahitepa anoteAéopata ELPovicTNHAY VLo
B=0.9 o oo
O tpitog xwdwxomownTthc w@eAeitar pwovo Otav Aeitovpyel mpoocVetixd. H
npocopuoy” BAdmtel T mAnpogopla mou €yel pdlel to povtého and TNV mpoexmaldeucy, GTov
tplto xwdononth. oT600, ToEEYEL VEEC TANPOYORIEC GTOV UPYIXO XWOLXOTONTY XEWWEVOU TOL
unopolV va topatnendoly yetd tn ouyyhveuot| toug. * Ipoexnoudedtnxe oto LAION-400m.

H avTtixatdotaocr tou BLIP-2 pe to LLaVA BeAtiovel tnyv anddoom 1660 GTig
TEPINTWOELS E 000 %ol X welc avduerdn. * XpnoWomoouue TO TROEXTUOEUUEVO UOV-
t€ho oto LAION-400m oavti tou LAION-2B. Biénouye 6t to LLaVA xou to véo potifio mopay-
WYHS TEOCPEEOLY XANOTEPX OMOTENECUOTA GTNY AvIXTNOY. AxOuo xou To Yoviélo PBoociopévo
oto ViT-H-14 urneptepel tou Baoxol yoviéhou, xdtl tou dev emitedydnxe ye to dedopéva mou
napdyovton amd to BLIP-2. . . . . ..o
To 5edopéva mou napdyovial e to LLaVA BeAtikdyvouv eniong tnyv anddoon
Tou Teitou xwdixomolnTH 6Ty Asttoupyel wovog tou. Eivou eugpavéc 6Tl to de-
dopéva mou mopdyovton and to LLaVA xou to mpédtuno epwtiioemv-anavtioeny Bondolv to
TPOEXTIAOEVUEVO XWOXOTONTY XEWEVOU VO DLATNETOEL TEQIGCOTEREC TANEOPORIES amd TNV TREOEX-
TOUBEUCT TOU. . . o o v o
To CLIP-3Modal BeATimvel Ty anddoor o x&Ue TUTO AVAXTNONG E UNBEVIXT
neocopoy”. Iupaxdtw napovcidlovton to poviéha Ye Ty xakltepn anddoor. Biénouye bt
10 Yovtéro pog uneptepel Tou Baokob OpenCLIP oe xdle nepintwon. . . . . . . . .. ... ..
H péd0d6¢ pag xepdiletl to Bacwixd CLIP otic apnenuéves oxnvég tou VQAvL,
pe xou xwelc avauegn. To Boaowd yovtého CLIP, nou napéyeton and to OpenCLIP xou
exnoudelTnxe 610 oOvoho Bedouévwy LAION-400M, emtuyydver axpifBeior 10.68%. To 8uixd uog
povtého auidvel tny axp(Beta xotd tepinou 1.7% pe Ty avduellr) ToU TPOCUPUOGHEVOU Xl TOU
apyxou xwdixonotntn xewwévou (ue § = 0.9). Xepnowonowdvrac tn pédodo npocupuoyhc pac, 1o
povTéNO QalveTouva €yel W onuavtix avénon oty anddoor| Tou 6to VQA medfinue. . . . . .
H péd0do6¢ pag BerTtidvel TNy axpiBeia oTig TpayaTtixég eixdves Tou VQAv1
RECL TNG AVAUELENG TV xwdixonomnToy xewprevou. To poviéro Pacinic cbyxplong
CLIP, nou nopéyetan and to OpenCLIP xou exnoudedtnxe oto ohvoro dedouéveov LAION-400M,
elye apywd axpiPela 23.6%. Qo1600, Ye TNV AVAPELET TOU TPOCUPUOGHEVOU XOIXOTOWTH XEWE-
VOU PE TOV apyxd xwdxomonth xeyévou (ue S = 0.9), Pedtidoape onuavtixd v oxpifeia, 6To
28.3%, mou vreptepel Tou CLIP xotd 2.1%. . . . . . .. ...
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5.1

5.2

9.3

5.4

5.5

5.6

5.7

5.8

5.9

H enidpaocn tnc Andisiag MMD otnyv anddoocy TOU TEOCAQIOCUEVOU
xwdixonont) xeipeévou. H evowpdtwon tne anwdheiog MMD otny exnaideuon emitpénel
0T0 povtého pac vo Eemepdoel to Baowd poviého CLIP-VIT/B-32 otic agnenuévec oxnvéc
tou VQAvl. Toa yovtéla mou exmoudedtnnay ywelic v omdiewor MMD, nogd 1 yerion
peyahitepou ueyédoug mapTidag Yo BeEATIOUEV udinoT ue avTBlac ToAY), €delay yauniotepa
10600t axp(Pelag oe adyxplorn Ue T avTloTOLY o HOVTEAN TOU EXTAUOEDTNXONY UE TNV ATWOAEL
MMD. Evo 1 avéyein (blending) égpuage v anddoon, Sev avtiotdduioe TAfpws Ty amoucio
e amdietag MMD, delyvovtag €tal Tov xployo péro tng otn Bedtinon tng anddoong oto VQA
TEOPBANUOL © © o v v ot e
2 0OyxpLomn anddoong o epYacieg avaAxINoNng xwelc npocappoyn. H npocéyyion
o ureptepel Tou Baoixol CLIP-VIiT/B-32 oe dhec tic petpwéc avixtnone. Me tn Swtrienon
e anodielag CLIP xatd tn didpxeta tng exnaldevong, n uédodog pog dlatneel Ty ixavotntd tng
YeEVIXELOTC EVE BEATIOVEL TNV andd0o0T HECW TNG AVAUEENS TWV EVOOUATOOEWY. . . . . . . . .

Base results using CLIP-3Modal along with BLIP-2 for captioning. CLIP-3Modal
improves recall on almost every zero-shot retrieval task. Evaluation is done on MSCOCO and
both image and text encoders were pre-trained on the LAION-2B Dataset.. . . . . . . . . ..
High values of the blending parameter improve performance, while smaller drop
the evaluation scores lower than the baseline. In this figure # denotes the blending
weight hyperparameter. Smaller weight on the generated captions encoder benefits the fused
embeddings by preserving their initial information and enhancing them with different aspects
of the input. The best results were occurred for 6=0.9. . . . . . . ... ... ... ... ...
The third benefits only when it operates additively. The fine-tuning harms the infor-
mation learned from pre-training on the third-tower. However, it provides new information to
the original text encoder which can be seen after their fusion. * Pre-trained on LATION-400m.
Replacing BLIP-2 with LLaVA improves the performance for both blending and
not blending cases. * We used the pre-trained model on LAION-400m instead of LAION-2B.
We can see that LLaVA and the new generation pattern provides better results for retrieval.
Even the ViT-H-14 based model out-performed the baseline model, which was not achieved
with the BLIP-2 genearated data. . . . . . . . . . . . . ... ... ... ...
Generated data with LLaVA also improve the performance of the third tower
alone. It is visible that LLaVA generated data and the QA-pair pattern help the pre-trained
text encoder to maintain more information from its pre-training. . . . . ... .. .. ... ..
CLIP-3Modal improves recall on every zero-shot retrieval task. Here are the models
with the best performance. We see that our model outperforms the baseline OpenCLIP on
EVETY CASE. . o v o v vt e e e e e e e e e e e e e e e
Our method surpasses the baseline CLIP on VQAv1 abstract scenes, with and
without blending. The baseline CLIP model, provided by OpenCLIP and pre-trained on
the LATON-400M dataset Our model, trained with a batch size of 1536, increased the accuracy
to 10.68% . By blending the adapted and original text encoders (with 8 = 0.9), we further
improved accuracy of the baseline model by almost 1.7%. This demonstrates a significant
performance boost in the VQA task using our adaptation method. . . . . ... ... .. ...
Our method enhances accuracy on VQAv1 real images through blended text en-
coders. The baseline CLIP model provided by OpenCLIP and pre-trained on the LAION-
400M dataset. Our model, trained with a batch size of 1536 for only 2 epochs, initially reached
an accuracy of 23.6% . However, by blending the adapted text encoder with the original text
encoder (using 8 = 0.9), we significantly improved the accuracy to 28.3%, which out-performed
CLIP by 2.1% . . . . o o o o
Impact of MMD Loss on the performance of the adapted text encoder. The in-
clusion of MMD loss in training enables our model to surpass the baseline CLIP-ViT/B-32 in
VQAv1 abstract scenes. Models trained without MMD loss, despite using a larger batch size
for enhanced contrastive learning, showed lower accuracies compared to their counterparts
trained with MMD loss. While blending mitigated some performance reduction, it didn’t
fully compensate for the absence of MMD loss, highlighting its crucial role in improving VQA
performance. . . . . ... L e e e e e e e e e
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5.10 Performance comparison in zero-shot retrieval tasks. Our approach surpasses the
baseline CLIP-ViT/B-32 across all retrieval metrics. By keeping the CLIP loss during train-
ing, our method preserves its generalization capability while enhancing performance through
embedding blending. . . . . . .. Lo 52
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Extetouevn Ilepiindn ota EAAN VX

AvTo-emifBAcopevn Mdadnon

H Avuto-emfBAenduevn Mddnorn otoyelel otny napoyr TAOUCIWY AVATUPACTAGEWY XL YoEoXTNELOTIXWY Borthdg
expdinone amogedyovtag T XeNon EMCNUELUEVLY dedopévey Onwe otnv EmPienduevn Mddnon. H yeron
TWV EMONPELOUEVLY dedouévwy elvar autr mou xadopllel tn duoxohion Tne mpaxtxhc epopuoyic e Badhde
Mddnone ofjuepa. Autéc ol pédodol onuelwooy paydalor Tpdodo ta TeEAeUTHla YPOVLO, XATAUPEPVOVTOS ETOL Vol
ouyxerdoly, we TEog TNV anddoaoT), Ue TIC TAews emPBienduevec uedodouc npo-exmaldevone. Apxetéc Qopég
pdhiota, ta anoteréopatd Toug Eenepvoly TNV anddoon Ty emPBAenduevey Ledodwy [42, 24].

H épeuva yioe tny awto-eniBredrn Eextvonoe and to mpofAnuotiond mou UTHEYE WS TEOS TO XOGTOS TNE YELPOoXiv-
NTNC EMONUAVONS TV CLVOALY dedopévwy. Me T auto-emPBienduevec Yedo8oug Umopolue va oyedldcouue
Tpoemheypévec epyaociec (pretext tasks) yio va amoxthicoupe etixétec npog yerfiomn xatd tn didpxeta Tne emontelog
oty exmaldeuot evog Bodod veupwvixdu Bixtlou. Buyxexpéva, Umopolue vo exmoudeloovpe Badiéc ava-
TOROC TAGELS YORUXTNELO TV YWelg TN XPHOoN ETIXETWY, ETOL HOTE VoL EXTAULOEVGOUUE €var Bardd veupwvIxd BixTuo
oTo va MNooelL pla petayevéotepn epyaoio (downstream task) yenoulomohviac cuyxplixd AMySTERH ETUCNHEL-
wuéva dedopéva oe oyéon Ye Ny emPBAenduevn pdinon.

‘Onwe avopépoye mapandve, Ye v oquto-emBAendpevn udinorn padaivouue epyaociec mou amoutody v nedf-
hedm evoe pépouc g elo6dou 1 TNV e€oywYT WlaC ETXETAC omd dhho U€pog TNg eloddou. Mnopolue va dolue
ot 1 avto-eniBredm épyeton oe avtideon pe v emBrendyevn udinon. Me v emfBhenduevn pdidnon mpoono-
Yolue va npofrédouye eva oToY0-€€080 ToL pog diveton. Me dAAa Aoyia, EXTUSEVOUUE €Val LOVTENO VoL EXTLUSL
TNV TUXVOTNTO TWY ELOEPYOUEVWY Bedouévey 1 va podaiver va mopdyet autd. Kdde uédodoc auto-eniBiedng
dlapépetl otn oTpatnynf) edaywyNc eTixeT®dy. Auth 1 emhoyn e mpoemheypévne epyaocioc xadopilel néco
anoteAeopatixéc Go efval xaL oL TEoXUTTOUCES Avanapao TACELC oE SLdpopeg YeTayevéo Tepes epyaoiec. Oplouéva
ATOTEAEGUATA UTOONAWYOLY OTL Ttépal 06 TNV TROETUAEYUEVY epyacia, 1 TOLOTNTA TN avandpdoTaong eivar enlong
Lo Aoyoprduiny cuvdptnon Tou Yey€douc TV Un enionuacUévwy dedouévey. Edv aut n unddeon woylel, 6T
UTOPOUUE Vo EMITUYOUNE XUAUTERT, AMOBOOT], OTAL, UE TN XENoTN UEYOAITERWY CUVOAWY Tpo-exmaideuong. Kdtu
Tétol0 Vo umopoloe vo mpayuatoromdel and Ti¢ BehTitdoelc 0T cUAAOYT Sedouévwy xou Ty avaBdduion tne
uroloytotixic toydog [29].

Ogiopol

Apywd mpénet va oploouye To medBAnua mou mpoomadel va Aooel 1) auTo-emBAETOUEVY pddnoT xou VoL To CUY-
xplvoupe pe Tic 1dN yvwotéc pedddouc udidnone 6nwe n emBrendpevn xou 1 prremBiendpevn uddnon [24].

Definition: EmiBAenéouevn MdOnon

‘Ectw éva enlonuacuévo cbvolo dedouévwy D; = {xz(-t), yl(t)}f\[:1 6mov N elvon 0 aptdudc Twv BeELYPATWY.
Trodétouye 6TL €youue €va TEOBANUY, TO OTOLO XUTAPERVOUNE Vo AOGOLUE 0TO Dy dNUoLEYOVTAC €val
npoPAentind poviého, § = f(x) mou extwd v euxéra y. T egappoyéc Badide uddnone omwe 1
O pog, To mpofAentind wovtého anoteheiton amd yio Aettovpyla e€oywYNG OVITOLUCTACEWY Ay Xal Uio

Aertovpyia TaELVOUNoNg 1) TaALYOPOUNONE gt

f(@) = go(ho(z)) (0.0.1)

XXV



List of Tables

Pseudo-Label Self-Supervised Downstream

Setup Generation Process Pre-Training Task Adaptation

Unlabelled Source Dataset

g - B-o-b

SN

Labelled Target Dataset Update Update
X,y

y
x
® [0

(Update) Update ‘

|

Figure 0.0.1: Avto-emBAenopevn Mdadnon. H por| epyaciag tng auto-enonteuduevng udidnong Eexivd
UE €VOL UT) ETULONUICUEVO 0pYIX6 GUVONO BEBOUEVMVY ol EVAL ETULONUACUEVO GUVONO BEBOUEVLY OTOYOL. XN
CLUVEYELN, HEOW TNG TROETUAEYUEVNG Epyaoiag dnutovpyolvion Peudo-eTIXETES TIROYPOUUATIOTIXG ANd TO WU

emoNUoouévo Uvoro. Ot TpoxinTouces €lcodoL, & xou oL PeUBO-ETIETES Z YENOULOTOLOUVTAL Yiol TNV
Tpo-exnaidevomn tou povtéhou k. (he(-)) — mou anotelelton and tov e€aywyéa YoUpOXTNEICTIXOY hg o TIG
e€60oug ky — yiot Ty enlhuon tng mpoemAeyUévng epyaciog. Metd v oloxhipwaon tng mpo-exmaldevong, Ta
Bdpn 6* mou éuade o e€aymyéac YoupaxTNELOTXOY hg~ peTAPEPOVTAL X0t Ypnollonotovvta wall ue éva véo
povtého e€680u g4 Yl TNV enihuoT Tne petayevEsTepnS epyacioc oTéyou.[24]

‘Etot, exmoudebovye To Hoviého pag vo ehaytotonolel wa cuvdptnon anielag L:

argmin 3 Llgp(ho(ai”),4")) (0.0.2)
’ o

i Jq
To Boowd mpdBAnua autic Tne Teocéyylong elvol 6Tt T0 hg UTOREL VoL £YEL EXATOVTADES EXATOUUDPLOL TOPOUETEOUS
TPO¢ eXTaldEVTT), To omolo amontel exatoupdpla emonuacuéva delyuota 6To cUvoho dedouévev Dy.

Definition: Mn EnipArenédpevn Mddnon

e avtiveon pe vy emPrenduevn pddnor, n un emBrenouevn uddnon npoonodel vo uddet and urn emior-
HooUEVAL BEBOUEVL EXTIHMVTOS Uiol CUVIETNON TUXVOTNTAC THAVOTATAS AV OTA ELCEQYOUEVA DEBOUEVA
7 ONUIoLEYWVTAG €val YEVETIXO WovTiého. Autéc ol teyvixég mowxihouv amd ta Melyuato I'xaovotovedy
(Gaussian Mixture Models) [33] éwc 1o Tevetind Aviayoviotind Alxtue (GANs) xo toug Autox-
wdxoromtéc MetafBordv (Variational Autoencoders) [27]. ‘Alkec npooeyyioeic emxevipdvovton oTny
expdinon Aovdovousdv avanapas tdoewy 6nwe 1 custadonoinon (clustering) xou oL autoxwdxorolnTée
(autoencoders) [27]. Axolouddvtoc T mponyoluevn onueloypopio pog, utodétoune 6Tl éxouue évay
QUTOXWOXOTIOUNTY], O GTOYOC Wog €Vl VO EAXYLO TOTOLACOUUE TNV AMWAELN AVOXATUCHEVHE:

arg neu'n g E(gw(hg(acl(-t)), ajgt))) (0.0.3)
e
(=")eD;

6moL 0 hg €EAYEL Ulal AVATOPAGTACT) YULAXTNELOTIXWY X0k O g, AVUXATACKEVALEL TNV ElcoB0 2 BeBoUEVNS
e avanapdotoons he(z).

Tdpea, unopolue va dolpe Ty auto-emPBAenouevn uddnon wg wio el nepintwon un emBienouevng udidnong
61U BeV YEELALETOL VOL OVIXATUOKEVACOUPE TNV 0080 ) VoL eXTINCOLUE plat TuxvoTnTa mdavotnroc. Avtideta,
ONULOVEYOUUE ULol TEOETUAEYHEVY epyaciot P TOU eXUETOAREVETOL TN YVWOT OYETIXE UE TOL BESOUEVAL.

Definition: Avuto-emiBAendpuevn MdaOnon
‘Eotw D, = {xgs)}?il évo un emonpacuévo chvolo dedouévwv tnynig, étov M > N (to un emorn-

HOOUEVO GUVORO JEBOPEVLV EVAL ONUAVTIXG UEYOAUTEPO OO TO EMONUACUEVD), O OTOYOS Hog elvorn Vo
xenowonoiooupe 10 Dy xou to Dy poli yia vor uddoupe éva ntpoBhentixd yovtéro f(x) = g,(ho(x)).
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Anuovpyolue uio Swaduascio P o¢ Ty npoemheyuévn epyacia pog €10l WOTE Vo Tapdyouye Tic (Peudo-
ETETEC ol €Vl GTOYO Yl VoL xardodnyrioouue Ty expdinor. Aedouévou Tou GuVOLOL BESOUEVKLY TNYAC
D, mapdyouye peudo-etixétec 2 xou onpeia dedopévewv P(Ds) = {4, 2},

Eotw Dy = P(Dy) = {4, 2 111, 10 véo peudo-emonuacuévo ohvoho Sedouévmv xau k., 1o Tpoemheypévo
povtéro. Ilpoonadolye vo Bertiotonoticouye Tov auTo-eBAETOUEVO GTOYO GTO VEO GUVONO BEBOUEVLY
Dy:

0" = argmin Z L(k~(ho(x:),2i)) (0.0.4)
6,y
(zi,2:)EP(Ds)
Téhoc, apopolue TN Aertovpyio mpoemhoyhic Ky xou xpatdue uévo 11 Behtio Tomounuévn Aettoupyior ovo-
napdoTacng hg«. Xenowwomowolue to hg« we Yeper) Abon Yo vou Aocouue to TedBANUa-cTéY0 Yenol-
HOTIOLOVTOC TO LOVTEND gy (hg=(+)).

Enedy| ot mapdpetpeol 6% elvar xahd mpocoppocuévol, TeEnel vo pddoupe LoVo Uid hixey) TOGOTNTA TUPUUETEMWY YLot
vor hOsoupe TNy UeTtayevéoTepn epyacia. Trdpyouv 500 xoivég uédodol yiol Voo \OGOUPE TO TORAUTdvVe TEOBANUL
yenowonouvtag to 0%, 1 Aemtouepns mpooapuoyr (fine-tuning) xou v ypapupiky avdyrvoon
(linear-readout).

Supervised Learning

X,y

Unsupervised Learning

|

X

N«

Self-supervised Learning

X ———» ?—»\'.:—» F—> /[

EhsA

Figure 0.0.2: Mot ene&nynupotiny cOyxeion petalld tng Avto-emBAenopevne Mdadnong,
e EmBAendpevne MdOnong xouw tng Mn Enrendopevng Madnone.

ITpoemiheypéveg Epyaociec (Pretext Tasks)

‘Onwe avagépaue, N emhoyh g npoemheYuévng epyooiog elvon xployn Yo THY TOLOTATA TNE AVATUPACTACTG.
Ou npoemiieyuéveg epyaoieg umopoly va ywpeloToly ot téacepls x0pleg xotnyopies: TpoBAedr UeTaoyNUATIoHOU,
TeoBAed e udoxa, SLdxplon TopadElYIATOS X0l CUCTABOTOMO).

IMe6BAedn Metaoynpaticnol Autég ol uédodol npoonadolv vo npoBiédouy évay YVwoTod PETAT) T
patiopd mou eapudletar otny elcodo.  Ioapadelypata meplopBdvouv v medBredn meploTEOQOY, TNV
OVOXATAGXEVT] EXOVLY 1 TNV TROBAEdT TV YewudTeVy plog gray-scale edvog.

IMebBAedm pe pdoxo EdGD, n epyooio civar to poviého va mpoBréder tic xpuppévee (1 udoxaplouéveq)
Tég oe pa eloodo. Auth n uédodog eivan Snpopuhic otny eneepyaoio guoinic yawooag (m.y. BERT) xou otic
EQUpUOYES bpooTC.

Avdxpion Iopadeivypuatoc H dudxpion napadelypatog nepihopfBdvel tnv tedBiedmn av éva {ebyog eloddwv
avixel oTtny (Bl xatnyopio avti vo tpoBiénel Ty axplB xatnyopio Tou avixouv ta 6o delyuata eloddou.

Yvotadornoinomn O pédodor cuotadomoinone mapadootaxd emxevipwvovTal oty dialpeon Twv eloo6dwyY o
ouddec pe LPNAA opotdTHTA EVTOC TNG OUABC xou YounAy LeTaEl Twv ouddwy (m.y. K-Means). Qotéoo, otic
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EQOPUOYES oWTO-EMPBAETOUEVNG WEUNONG, OTOYEVOUY GTNV EXHAINOY EVOC XUAOU EEAYWYEN YURUXTNELOTIXOVY
avtl v avadéoelg cuotadomoinong.

Pseudo-Label Generation Processes

= | - 'ﬁﬁ &

B

Transformation Prediction Masked Prediction Instance Discrimination
=900 L - | | | =
- N 1 2 3
o 1, £ A Ty
AP B < iy I EY
[ — 1 » X - 1
o \ J | ¥
Y- ' Clustering Contrastive Instance Discrimination
Bl
y. N ¢ .
[ §
lo N
r—".,,. o
- i /4 Pull =1
! /2 <: Together

~ E i::n> 2=0
*
E ‘ >
| . ;

Figure 0.0.3: Awadixoocio ITapaywyns Peuvdo-etixetov. Hopadelyuota napaywyhc Peudo-eTixetdy
OTLC TECCEPLC OWOYEVEIES TPOETUAEYUEVWY EpYAOLOV: TROPBAedn uetaoynuotionol, npdBiedn ye udoxa,
ddpLomn mapadelypatog xan cuotadonoinor. IlepihouBdveTar o TedoVeTn anexdvion Tng SNUoPLthole

nepintwong g dudxptong mapadelyuatog yenowonouwwvtog pdinon e avudootorr). Ta tetpdywva
AVOTAELOTOVY TLE EL0GBOUE & EVE Ol X0OXAOL AmEXOVI{OUY TOUS BLOVUCUATIXOUE YMOPOUS TWYV ELGOBWY QUTHOV,
he(x).[24]

Oewpentixd YTroRadeo

Mdidnon pe AvTLOLGTOAY

H pdidnomn pe avtidlao Torr, e évo UTOGUYOAD TN AUTO-ETBAETOUEVNE UEUNoNG, €XEL AMOTEAEOEL ULl CNUAVTIXT
TEYVIXH TIOU Ypnoulonoteitoan ot mpdogota state-of-the-art povtého unyavixfic udidnone, omwe to CLIP [64].
Baoiletow ot Yo TOAATAOY oNUACLOAOY X oyeTWOUEVWY BELYUATOVY TwV oTolwy oL avandpao Tdoelc Yo
TEETEL VoL Ylvovton 660 TO Buvatov mio moapouoles. Autd ovoudlovtar Yetixd Selyparto, xan oLy Ve TpoépyovTal
amd to (Bto delyya, ahhd éyouv unooTel dlaopeTinole petaoy nuatiogols. Extoc and tig ddeig Tou Brou delyuo-
T0¢, ot uéYodoL PE aVTIBLUO TOAY Yenothonololy enlong apvntixd delyuoata, Ta omolo YewpolvTtol oNUACLOAOYIXE
BLopopeTind amd To apyixd. Autd ouyvd hauBdvovton and tuyoio delyparta uéoa otny (Bl moptida (batch) [13] A
omd €va Lo Topxd detyUdTey Tou povtéhou [36]. Xenotponowdvrag autd ta apvntixd delyparta, To Yovtého unopel
Vo BEATIOOEL TIC avamopao THoEL; Tov, dodalvovtog vor Sloxplvel uetadd BelyUdTwy Tou elvon BlapopeTixd HeTagld
Toug. AuTH N HopPY| exUdiNoNe Avamapao TAoEWY EYEL YIVEL EEUEPETING DNUOPINAS OE UOVTEND ELXOVIG-XEWWEVOL,
AmOTENDVTAC €V avamOoTaoTo oTolyelo ToAGY state-of-the-art doukewhv oe autd to Topéa [64, 97].
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Optouoc

H pdidnon ye avudiootorn éxel yivelr dnuoging teyvien yior T un emPBAenoyevn udidnon to tedeutaio ypovid.
O 6bpoc "uadnon pe avudctory’ eworiydn apynd and tov Arora [6] we ot ahybprduol Tou Yupilovy 1o Yvwotd
word2vec [58], 1o onolo expetodhedeton T dnurovpyio YeTxndv (LYY TOU TEPLEYOUY ONUACLONOY XS THPOUOLES
AVATOPAGTYOELS X0l TV apVATIXMY deryudtwy. Trodétovye tnv Unapén evic Yetxol Ledyoug (o, 27) ~ Dy,
xou k aveZdotntov xan towtdonuev (id.d) aevnuxdy devypdtwy x1, x5, ..., Ty ~ Dpeg TOU TROQPAVGS OEV
oyetilovton pe 1o z. To Yetnd Levyn pmopodv va npoxihouy hauBdvovtag 800 aveEdptnteg Tuyaio EVioYUUEVES
npoPolréc (augmented views) tou (diov delypatog, T.y. 300 anoxoméc tne Blac exdvoc. O xbplog oTdy0C NS
pddnong pe avTdlaoTohy elval Voo UEYLOTOTOGEL T1) ONUACIOAOYIXY ouoldTnTa Tou Yetnol {ebyoug xou Vo Thy
ehaylotonolioet Yo Oha tor dhha Levyn mou oynuotilovton and to apvntixd detyporta. H cosine similarity éyiwve
1 TLO XOLVY] CUVEETNOY| OUOLOTNTAC YLOL QUTEG TIS ERYAUCIEC AOYW TNE AMAOTNTAC TNC.

. x'y
COSSZm(X,y) = m (001)

Mo dhhn 6m tne pddnone pe avudotor divetoan méht and [6], otnv onola oymuatiloupe havddvouoes xatn-
yopleg xou xdde TpoBoAr) mou dnuloupyolue avixel otny xatnyoplo Tou opllel To apyixd delyuo. 3TN cuvéyeld,
0 ot6)0¢ Yo aLTH TNV gpyacio elvon va ehayloTomolniel 1 amMAEL LG TUVPOUPEVNG EVTPOTOC OE OAEC TIC
xoTnyopleg.

Yuvdetnon AndAeiac ne Avtidiactolyy (Contrastive Loss)

Me tov (8lo tpdmo, opilouye TNV CUVEETNG ATWAELNG KE AVTLOLUCTOAY (G ULol TUPAUANAY T TNE ONUOPIAOVE AmWAELOC
draotowpoluevne evipomiog (cross-entropy loss). Mua eUpénc YeNOUOTOLOVUEYY CUVEPTNOT AWAELNS YLot uddnom
e avTdlao TN Tou yenowlomowdnxe ot apxetéc dovhetée ([13, 79, 92, 59]) elvan n NT-Xent (Kavovixonounuévn,
Andhero Awotoupolpevne Evtponioc pe Osppoxpasia). Ac utodéoouue dti éyoupe pa pixporaptida peyédoug
N xou éva 9etind Lebyog (x4, ;) xou xdde dhho Lebyog unohoyiletar e apvntind, TéTe 1 amdiewa oplleton we:

NT—Xent __
4,J -

o exp(sim(x;, x;)/T) 0.0.2)

g ;
Zszl Lz exp(sim(zs, v1) /T)

6mov T elvan plor mopduetpoc Yepuoxpactoc. H mopandve andielo umopel vo dewendel weg pior mopahioym
pag dhne dnpogihole andAetas yio udidnon pe avudotord, ™y InfoNCE, 1 onola mpotddnxe and [59] xou
epopudotnxe omd [100] yio udidnon avamopdotaone Levydv (ewdvag, kauérov) ye avudaoTor o€ LTELXT
amewxovion. H cuvdptnon andieiag InfoNCE opileton oq:

[[nfoNCE _ 140 exp(sim(zi, 2;)/7) (0.0.3)

Sy exp(sim(z, xy,) /7)

ITéh unodétoupe Ot éyoupe wa wxpomaptido peyédouc N xau 1o (z;, x;) elvon évor Yetind Lelyog eved bha Ta
Mo Lelym Yewpolvton dpvnTixd.

Evduypdupion & Oupolopoppia

Y dovked toug, oo Wang xou Isola [91] eioriyoryay 800 Booixée Bldtntes tne anmielas pe avtdiaoTorr: 1)
myv evBuypdupion, 2) v oporopop@ia. Autéc ol 00 Elvol TOCOTIXOTONUEVA LETEOL TNG TOLOTNTOS TNG
oVATOEAOTAONG. LUyXeXpWéva, 1 evBuypduuion diacgaiilel 6Tt oL ovanapaoTAoELS xot TeVY U0 JelyUdTewY Tou
Yetxol Lebyoug Yo avTloToLy00V GE XOVTLVA YOpaXTNELOTIXG Xt 1) opotopopgia Staopoliler 6Tt Ta diavioparta
YAUEUXTNELOTIXDY Yo BlaTnEovY 0G0 TO BUVATOV TEPLOGOTEPES TANREOYORIEC TV BEBOPEVKY, Xl Tpénel va
xoTavéuovTol Tep(mou opolouoppa oTny povadlalo utepo@aioa.

Definition: Téreiaw EvQuypdupion

Mrnopolyue vo tolpe 6T évoc xwdixonomthc f elvon TéAdera evBvypaupiopnérvog av f(z) = f(y)
oyedbv alyoupa Mévw and (2,Yy) ~ Dpos.
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Definition: TéAeiae Opolopoppio

Mrnopolue v tolpe 6TL évac xwdixomonthc f eivon Tédera oporépoppog av 1 xotavour| tou f(x)
Y10 & ~ Dypos €LV 1) OUOLOPOEQT XOTAVOUR, Opp—1 07N S™1, d10u 1 S™ 1 elvan évag ydpoc Borel.

Biénouye 6T dev umopolue va €youue Téheta eLBUYEAUULCT) XL TEAELX ouolopop@lo TauTOY pova, xalwg auTtd To
oEVApPLO UTOBNAGVEL 6Tl xdde evioyupévn TeoBolt| evog onueiou dedouévwy Yo meénel va €xel To (Lo didvuoua
YORAUXTNELOTIXGY Yia VoL €yel Téhela evduypduuon. Qotdéco, autd dev oynuatilel Uia OUOLOUOPYT XATAVOUT),
€TOL BEV IXAVOTIOLOUUE TOV TEPLOPLOUS NS ouotopop@loc. ITocoTixonoldvTag TI¢ Topamdve WBIOTNTES, Unopolue
VoL AOXTACOVPE Toug axdAovloug Vo Uetpxols delxteg:

Definition: AndAsia Evduypdppiong

H andheto evduypdppong oplleton e 1 avapevopevn andotoon petafd twv detixdv Levyav (z, z1):

laign(f30) 2 B [lf(@) = f@Hll5], a>0 (0.0.4)

(z,z+)~Dpos

omou f elvan évag xwdixomonthig xou 10 Dpos 1 xatovoun ndve ota Yetind Ledyn.
Definition: AndAsia Opotopoppioc

H ondieta ogolopoppiog opiletar we o Aoydprduog tne ouvdptnong tou péoou dyepolc I'xaousctavold
BUVIUXOV:

lum’form(f?ﬂ = log E |:eft\|f(z)ff(y)H§:| , t>0 (005)

Dol @l
(z,y)~Dggta

omou f elvon évag xwdwononthe, 10 Dygtq lvon 1 xotavoun mdve ota dedouéva xon o I'xaovoioavog
mprivac (Radial Basis Function (RBF) kernel) opieton we Gy : 8% x 8% — R, [17, 9]:

Goluyv) £ e thumvllf = 2eTvm2e (0.0.6)

Ot ouyypageic anédelay 6ti 1 andieto ye avtdaotoh Bektiotonotel acLUTTOTIXE TouTdY POV Yio EUYUYEAUULON
%o opolopop@la xan Berppay Loyue cup@evio ueta€d TV 800 UETEXOY XaL TNG ANdB00NG OTr UETAYEVESTER
epyooia. 'Eotw Leontrastive 1) ATOAELL UE AVTIBLAGTOAY, T Lol napdpetpoc Yeppoxpaoios, f évae xwdxonontic
X0 TO ECWTEPKO YIVOUEVO () 1 ouvdpTnom opoldtntac. Téte, acupntwtind yioo M opvntind delypota éyouye:

3 1 T x)/T

lim Leontrastive —log M = —— E [f(T)Tf(l'Jr)] + E log E €f( )" f(@)/ :| (007)

M—roo T (z,2t)~Dypos z~Dyata z~Dgata
6mou,

exp (£(@)T F(z")/7)

»Ccon ras ive(f; T, M) = E — log — (008)

trast (L,ﬁ)ngdpus exp (f(z)T fa+)/7) — 3, exp (f(z; )Tf(l,;k)/T)
{z; }iZ1 ~""% Dyata

BAénouye 6T1 0 Tpwdtog 6pog ehaytotonoteitar av xat wovov av o f elvon télelar evduypaptouévog xon o dedTEPOS
6p0C av ol Hévov av o f elvan évac TEAEL OUOLOPOPPOC HMBLXOTONTAS.

IToAuTpomixy) Mddnon

H épeuva mévew otn toAutpomixt| uddnon elvat 6to Tpooxivio yia méve and 50 ypovio tpocnad®dvTos va oYeddoeL
TEAXTOPEC Ue EEUTVEC LXAVOTNTES OTWE 1) XATAVONTTY), 1) Aoy xoL 1 uddnon ue tov (Blo tpdno mou évag
dvipwrog Yo exteroloe Tic Bleg dicpyaoicc. H nohutpomxn udinom eivon éva mohd evepyd epeuvntind medio xou
dievplvetan oe ToAég emotiues. H Bodid pddnom xatéxtnoe tov x6cp0 v mepacuévr dexaetio, xou éxave Eovd
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ONUOPLAY TNV €PELVA GTOV TOAUTEOTIXO TOPEX, BivovTag To epyaAeia yiot Vo EEXAEBOCOUYE VEES SuvaTdTNTES MO
TPOOTTIXES TWV OTOLElWY oL YenotwonotolvTal ot unyavxh) uddnon. O xlpiec tpomxdtntes (modalities)
IOV YENOWLOTIOLOUVTAL Yol THY EEELVAL GTT) UMYVt pdinom elval: YAMOO®, 6pOCT), AXOLCTIXT, AQT], PUTLOAOYIXA
ofpartor xou xvnTixdTTe.  ALdQOopes EPapRoYES OTwe Tal autdvopa avtoxivita [93], ol texvoloyies xewwévou-
oe-ophio [5], 1 xatavémon Biveo [81], n mopaywyh emdvac xou xewévou [67, T7], oL EVOWUATWHEVOL TEEXTOPES
[10], n molvarodnnelonh cuyydvevon [47] pac @épvouy To xovtd oTov 6TéY0 Uac Yo EEUTVE cLOTAUATO OE
Topelc 6w N pounotixny, N vyetovouxy tepldoddm xou 1 adknhenidpaot avipwrou-utoloyioT.

Kdde tpomuxdtnra el 3 Baowéc apyée: etepoyére, ovvbéoes xou aAdniembpdoers [52] mou €yxouv odnyfoet
oe emoaxdloudeg xawvotopleg. Ou tpomixdtnteg elvon ETEPOYEVEIC AOYW TNG MOAOG TNE TOLOTNTOC XU TNG
dounc e mAnpogoplac. o mapdderyua, 1 6paoT CUY VA XATAYEAPETAUL WS EXOVEC EVE 1) YAWOOoA W Xeluevo
ONUOVEYNUEVO amtd €val GOVONO YopoxXTHpwY. YUVOEDEUEVES EVOL Ol TEOTIXOTNTES OV cuy VL oyetilovton xou
potpdlovton xoLvd oTolyelo, T.y. 1 axoVSTIXT Xal 1) YAWooo elvor cuvdedepéves dtav €youpe éva delypa optilag
X0l TG amopayviTogwvioelg Tou. Télog, ol TpomxdTnieg aAANAETBEO0Y Yl Vol amodhoouy véee Thnpogopleg
yior TNV oy wyY cupTEpaoUdT®Y. Autéc oL apyéc odhynoay Touc gpeuvnTéc ot wa Tadvéunon [52] Tou mediov
Tou TEpLEYEL TIC 6 TpoXAAoE oTNY oUyyeovr Tolutpomxy udinor: avamapdotaon, evluvypdupion, Aoy,
Tapaywyn, HETaPopd xoL TOTOTIKOTOINaT).

Mddnon AvoanapacTACEWY

H avanopdotaon twv dedopévwy, oe poppy mou vo unopel va yenotwonoindel and éva unoloyloTxd uoviéro,
AToy TEVTOL (ol TEOXANCT TNV XovoTNTa TN Unyovixic udinong. H mohutpominy) pdinor avanapao tdoewy
MEAETE TOUC TEOTOUC oL umopel vor avanopactadel xou vo cuyxpotniel n Tohutpomixy TANEoYopia MOTE Vo
avtixatontpllel TNV etepoYEvela Xou TIC dLacLVOETELS UeTall TV Tpomxotitwy. 201600, AUTH N TEOXANON
nopouotldlel TohAéc Buoxohieg OTWE TO TS VA GUVOUACOUUE BLUQOPETIXES TROTUXOTNTES, TS VoL OVTLUETOT-
coupe tov BopuBo 1 TME Vo SLloyelplo ToVPE Tor EAALTY) Bedouéva. H ixavotnta va avanapactadody ta dedouéva
HE éVav 0oUCLICTIXG TEOTO Tou TepIEYEL Xplowes TAnpoopieg Yo TN QOO NG xdlde ovioTNTAC OmOTEAEL TN
paryoxoxahld xdde molutpomixol povtélou wdinone. T va xohOdoupe v mopandve TedxAnor, dlouupolue
to nedlo o 3 umo-npoxfioeic [52]: ouyydvevon avarnapactdoewy 6mou o dpLIUOC TV TEOTIXOTATWY £ivol
HEYOADTEROC amtd TOV aptld TwV EEYWPLO TV AVITUPUC TAGEWY, TUVTOVIOUOS avanapaotdoewy OTou BlaTneolye
Tov {Blo oprdud avamapac tdoewy oAld eviapplvouue tn adAnienidpoon petal Y TV TpoTIXOTHTWY XaL daipeon
avanapactdoewy 6moL o apldUdE TWVY AVANMUPACTICEWY elval UeYOAUTEROG and T DOCUEVEC TEOTUXOTNTES Xal
mpoomoel vo xatarypdiper T Sowx) mAnpogoplor Twyv dedouévev. Xto Lyhuo 0.0.4 napoucidlovye oynuotixnd
TIC TTOPOTAVE UTO-TPOXANCELS.

Representations

Fusion Coordination Fission

\
J
\

\

J

Modalities

Figure 0.0.4: IToAuTtponixy MdOrnon AvanoapacTdoewy: Juyy®veuot, Luvtoviouds, Alalpeon
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Yxetxn BiSAtoypapia
CLIP

Ilpbopates dovlelée €youv amodeilelr bt 1 Padid uddnon éxel @épel enavdotacn otny Hpacy UTONOYLOTAOV.
Qotéoo, eaxoloudolv vo UTdPYOLY oNUAVTIXE TEOPAfuaTa, Xadde auTéS oL TPooeYYioels anoutoly TepdoTia
oUVoha dedopévwy e yewoxivhtn emonuelnon. Tautdypova, o TUTXE povtéha dpaong elvon xahd oe plo uévo
epyooia xou amontody onuavtiny tpoonddela yia Vo Tpocaploctoly oe uia véa. ot var avTigetomio todyv autd to
npoPAuate, o Radford xou ov cuvepydtec Tou ewofyayay to CLIP (Contrastive Language-Image Pretraining)
[64]. To mapamdve veupwvixd dixtuo exnandedeton o plar PeYdAn mowhio eévey ue enonteio and QuoxA
yAwooo mou elvon dladéouun and to Badixtuvo. Tuyxexplpéva, yio vor uddel and to oxatépyacTto xelpevo, n
epyooia npo-exmaldevorc tou elvan va tpoPréder ot heldvta avtiotolyel oe molo exxéva. Amodelytnxe 6Tt
TOROTAVE TEOTUON ElVol EVOC ATOTEAEGHATIXOS XOl ENEXTACHLOC TEOTOG Yia Vo wddoupe Ty SOTA avanapdo taom
poc eodvac. Metd tny mpo-exnaldeuar), 1 QuoX| YADCOW YENOLLOTOLEITOL YIol TNV AvapoEd BLUPORETIXWY OT-
TIXWV EVVOLOY, ETLTRETOVTAS €TOL T1) UETAPORE YVWONEC TOU LOVTEAOU YWELS TNV eEXVECT] TOU ot dedopéva oyeTixd
pe v epyaoia mou extehel. To CLIP aohoyfiinxe oe nepiocdtepa and 30 clvoha dedouévenv UTONOYIo TiXAC
bpoome xat ol towhia epyaotdy onwe OCR, (avayvodplon yopaxTipwy avTIXEWEVKV), avayVOpLoT dpdoewy oe
Bivteo, YEWEVTOMOUOS XAl TOAROUC TUTOUG AETTOUERDY TOEWVOUHCEMY.

Text
Text — » T, T, ses Ty
Encoder
Iy lyeTy 1, T, ese I, Ty
[ l, oT, |l Ty sne I, Ty,
Image

Image . . . . .

Encoder : : : * H
In lyoTy| Iy eT, sss Iy ¢ Ty

Figure 0.0.5: CLIP: Contrastive Language-Image Pre-training

EniBAedn peow Puvowxrnc 'Nbooag

H npo-exnaidevon pe axatépyacto xeluevo épepe enavdotoor oto touéo Tou NLP to tehevtala ypdvia. Aud-
(popol ooy oL exntaldeuone, OTwS 1 TEOBAEYY EVOC UOOHIUPIOUEVOU TIEQLEYOUEVOU X0 1) QUTOUATY] YAWGGOIXY| HOV-
tehonolnon, éywav mo enextdool. Emmhéov, ol apyltextovixéc ywelc e€edixeuon epyaotdv e€dheroay tnv
avdyxn v e€edixeuuéveg e€680UC OTA VELPWVIXE BiXTUO PETA TNV avdnTuéy Tou "xeluevo-Tpog-xelyevo" wg
dienapt| elo6dou-eZ6dou. T napdderypa, To GPT-3 [11] éyive éva evpéwe dnuopuhéc cUOTNUA OmOBEXVIOVTUS
6Tl AUTE Tot CLOTHUOTA Efva TAEA AVTAYWVIC TS, O TOAAES epyaoiec amontidvtac Ayo émg xaddhou e€edixgupéva
oedouéva yia exnaidevon. e dhhoug Touelc 0TS 1 UTOAOYIGTIXY Gpao), vl oXOUoL Lol XOVY] TEAXTIXT| Vol
exmadebovTal HovTéAX UE GUVOAA BEBOUEVWY Tou ornueldvovTal yewpoxivita. H mpotewduevn 1déa ftay, av to
CUC TAUATO UTOAOYLOTIXAC Hpoone Propoly vo uddouv anculdeloc and xeluevo tou dladxtiou e Tov (Blo Tpéno
onwe oto NLP. Trdpyouv evioppuvtinég epyaoiec xan adloonueiwta mheovextipato avthic tng Wwéag. Ilpdtoy,
elvon o elxolo va enextadel 1 enontelo Puoic YAWOGCUE 08 GUYXELON HE TIC ETIXETEC TTOU TPOEEYOVTOL amtd
oavlpdToug yiot TNV TEEVOUNOY EXOVeY, xadKS 1 QuotxY| YAhooo dev anoutel onueinon. Emniéov, n enonteio ye
QUOIXAC YADOGUG AmoBIBEL XUADTEPES AVUTAPAC TAGELS 06 TLC ENOTTEVOUEVES O AUTO-ENOTTEVOUEVES LeDHBOoUC,
OLOTL CUVDEEL TNV AVATUPAC TAUOT) UE TN YAWOOO X0 EMLTEETEL EVENXTY] UETAPORE TNS YVWOTG.

MéSodoc

To CLIP axoloudel tnv epyasio tou CMC [83], otny onola anodelydnxe 6Tt évac avtidetinde otdyoc anodidel
®OAOTEPES avamapaoTdoelg and €vav mpoPientind otdyo. Luyxexpwéva, to CLIP yenowonowel pdidnon ue
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avtdlaotohn xou mpoornadel va mpoPréder molo xelpevo "we cbvoho" elvon oculevyuévo ue Wwa exdva avtl vo
mpoPiénet tic "oxpBelc” Aé€eig, mou elvon pla dVoxohn epyacia. Aedouévng wag naptidoc N (euydv exdvag-
xelyevou, to CLIP npoonadel vo npofAéder motol amd toug N X N ouvduaouols elvar ot owotol. Tt va to
xdvet auto, to CLIP podoivel évay TOAUTEOTUIXS YOEO YAUPUXTNELOTIXDY UE XOLVY] EXTABEVCT] EVOC XWBXOTOINTH
ELXOVAC Xal EVOC XWOLXOTOUNTY xeWwévou. O oxondg Tou elvor VoL UEYLOTOTOLACEL TNV OUOLOTNTA GUVIULTOVOU TV
OVOTIOPAOTACEMY TNG ELXOVAC X0 TOU XEWEVOL TV N Tporyotixdy (EUY OV, EVE TAUTOYROVA VoL EAXYLOTOTOLOEL
™V opoldTNTa cuVNULTOVOU Ty N (2 — N) eoc@olpévev (euydv. Q¢ otéyo TEénel va BEATICTOTOAOEL Wiat
CUMUETEXN AMMOAELN BLACTAVPOVUEVNS EVTPOTNG TdVW O AUTOUE TOUG OEIXTEG OUOLOTNTOG, TUPOUOLN UE TNV
npooappoy e anmdiews InfoNCE [59] yio Lebyn (ewdva, xelpevo) oto ConVIRT [100]. Zuyxexpwéva, yio
e moptida N Leuydv exdvac-xelpevou (v, vl),i = 1,..., N, urohoyilouue v andiewe CLIP énoe gaiveto
TP ATe:

I T
lz(I—>T) ~ _log Jsxp (vz 1;2 /72 (0.0.1)
2 k—1€XP (Ui "V /7)
T . 1
ll(_TﬁI) — _log A(:XP (vl 7;1 /T? 0.0.2)
D p—1 XD (Ui : vk/T)
L QA (4(T) | ()
_ L (=T | (T=1 ) 0.
Lorrp QN;(l +1; (0.0.3)

Kotd ) didpxeio Tng exnaideuong, 1 uévn evioyuon dedoyévev mou epopudletar elvol guor Tuyaior TETRAYWVLXN
TEQIXOTN OO EXOVEC e aAAayUéveg Slaotdoelc. Katd tny wdpa tng aflohdynong, o exmoudeutévos xwotxomolnThc
XeWEVOU SUVIETEL Evay Ypopund talivounth undevixfic Bolvc (zero-shot) péow tne avanapdotaons Ty ¥AAcEwWY
TV EMOVLY 0ToYwv. XTa Lyuoato 0.0.5 xou 0.0.6 undpyouv oYNUATIXES AVITAUPACTACELS TNS EXTTAUBEVOTC KoL
e a€lordynone tov CLIP avtictouya.

dog

cat
Text

Encoder

T, Tz wee Ty

I l; o Ty 1 Ty e l; o Ty

Y

a photo of

@ gat

Figure 0.0.6: AZwoA6ynomn neoBAedng undevixrng Boing tou CLIP. Metatpénouye 6heg T xhdoelg
evoc cuvohou dedopévwy oe Aeldvtes dnwe "uia pwtoypapia wac ydtoc" xou ntpofAénouvpe Ty xhdon tng
heCavtoc mov to CLIP extiwd dti tonptdler xohltepa e yio dSedopévn euxdva elodbou.

Transformers

Ou Transformers eivou povtého nov Baocilovtar uévo oe pnyaviopolc autonpocoytc (self-attention) [88], xwelc
va yenotponoov CNN A RNN. Mrogotue va toug tadvopfioovue oe 3 Paoxéc xatnyoplec: 1) autoencoding
Transformers, mou eivon ot oToifor and xwdixonomtée, 2) auto-regressive Transformers, mou eivon yiot oToifo
and anoxwdornomtée, xou 3) sequence-to-sequence Transformers, mou eivon yio otolfa and xwdonointéc
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axolouvdolyuevn amd o otoifa and anoxwdixonomtéc. H eloodog evog Transformer elvon pio evowudtwon twv
MZewv (word embeddings), wotbéoo oty nepintwon seq-to-seq ypelalbuacTe xou Wt EVOOUATOON T Véong
(positional embedding). Ou xwdxonomntéc amotehodvTon omd €Vl GTEOUA QUTOTPOCOYAS Xl EVOL VEURLVIXG
dixtuo. Kdle xwdixonomntic nepvd tny €€066 tou we elcobo otov enduevo xwdonowmnty ot otoifBa. Ot anox-
WOXOTONTES, and TNV GAAY TAEURd, TEQLEYOLY €Vl OTEOUN QUTOTEOCOYNS, OXONOLVOUUEVO amd €VO OTEWUL
TEOGOY S XWOLXOTOLNTH-ATOXWIXOTONTH %ot Vel VEUPWVIXO 3iXTUO. AUTH 1) dpYLTEXTOVIXT EXEL WG ATOTENECU
SOTA eqopuoyéc xou Ypnyopdtepoug ypdvoug exnaldeuong and tig napadoctoxés apyttextovinés CNN xoaw RNN.
To BERT [20] (Bidirectional Encoder Representations from Transformers) mpénel va dempelton plar and Tic
o yapaxtneloTixéc apyttextovixée Transformer otn Bihoypagio. To BERT eivon pio yevixic yerione ope-
yrtextoviny) Baotopévn oe Transformer nou emtuyydver SOTA anoteléopata oe Bidpopee epyaoieg xar chvoa
dedopévayv Enclepyacioc Puowhc [hdooac. Emnhéov, unopoiue va Yewprioouye 1o BERT we évay Bodd auepi-
dpouo autoencoding Transformer. Ilio cuyxexpiuéva, xdie eioepyduevn AEN avamaplo ToTol WS Yo EVOWUATKOT
Toxev (token embedding), wa evowydtwon tufuatog (segment embedding) xou pio evowudtwon Yéong (po-
sitional embedding). Kotd v exnaidevon, to BERT xahUnter tuyoio éva pixpd TuAud TV EICEPYOUEVHDV
EVOWUATOOENDY Xl 0 OTOYO0G VAL VoL CUUTATPOOEL TIC XOUAVUUEVES AEEELC EXTTUBEVOVTUS TOUG XWOXOTONTES
autonpocoyfc. Télog, n avanapdotacn e£680u anoteeltar and TNV XPUPH XATACTUCY TOU TOXEV TUEWVOUNONS
ToL YpNnotpelel we elcodog otV xepalf) TaEvéunong tou mpocapudleta mévew oto BERT.

Mnyavicpoi ITpocoyhc (Attention)
AvTonpocoyn

To povtéha Transformer nporypatonololy UTOAOYIGUOUS THPEAATAL, XENOULOTIOLOVTAS UThox auToTpocoyc [88],
ot avtideon pe ta nopadoctoxd oxohoLtoxd LOVTEAN TTOL TEAYUATOTOLOUY GAOUS TOUE LTOAOYIGHOVS Bladoyixd.
Ye auté To pépog, TEETEL VoL 0ploOLUE TG AeLTovpyel o unyavioude Autonpocoyfc. Ac unodéooupe T Exoupe
gl Te6TaoY oL TERLEYEL N AEZELS.  EEXWVUE OVOMOPLoTOVTOC TiC 7 AEEEIC oTNV TPOTUOT], YENOLULOTOLOVTOC
EVOOUUTOOELS MEEwY, €10l To anotéheopa Tpénel va elvan évar d-Bidotato ddvuoua x; € RY. H npbtact poag do
ebvow o wivaxac nx d X = [z1,...,2,]" € RO, Eneidr autd 1 avamapdotaon dev hapBdver unddm ) yertowd
x&de AEnc otny mpoTaoY, N auToTEocoy Y| utoloyilel mopdAAnAa 1 avanopac Tdoelc autonpocoyc Ai, ..., A,
v Tic 1 MEeic. T x&e evowpatwpévn MEn z; € R uroloyiloupe éva epdtnua ¢; € R, éva xheidi k; € R
xon W T v; € R% mou avamoplotavton we ypoppée tou tivaxa X, Q, K xoa V, ue ypopuxd tpoBord tou X
OTOV d-DLACTATO YWEO TWV ELHTNUATGDV, XAEWBLWOY XOL THOV OTKE PAUVETOL ToHEUXAT:

Q=XWqy, K=XWgk, V=XWy (0.0.4)

pdei

q; = :EiWQ, hi =2 Wk, v; =x;Wy (005)

onou Wo, Wi xan Wy elvon expardnuévol mivaxeg d X d xou ov q;, k; o v; €lvan oL i-e¢ YRUUUES TWVY TVaXwy @,
K xou V' nxd. ¥t ouvéyea unoroyiCoupe v avanapdotacn autonpocoyhic A; wg to softmax tou ecwtepod
Yivopévou UETaED Tou g; xou Tou kj; (xou ot do éyouv didotaon di) Y j = 1,...,n TOANATAACLIOUEVO UE TIC
Téc v; (Sdotaone dy).

exp(qik;

Ai(qi, K, V) = i
(4 ZZequz i

(0.0.6)

av utohoyloouue to ddpoloua Yiot OAES TIG 1 AEEELG, EYOUPE ULa XAMUAXOVUEVT) TEOCOY T UE TP OVTO XAWUAXWONG

1 ’ ’ ’
—== OTIW ALVETAL TTAURAXAT:
Jdr G @ P

A(X) = Attention(Q, K, V') = softmax <QKT> 14 (0.0.7)
= VK, V) = NG 0.
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Figure 0.0.7: Mnyaviocpnoés AuTonpocoynic

IMToAux€gain Ilpocoyn

H nohuxégaln npocoy )| nparypoatonotel autonpocoyt tohhéc gopéc. Avl yio ecmTepixd YIVOUEVDL, To SLovOoUoTaL
EPWTNUATOVY, XAEWBLOV Xo TGOV ToAAoTAacldlovTol Ye mivoxeg W,?, WE, WY v x89e xeodh h = 1,...,m
X0l Ol OVOTORUGTACELS TOAUXEPUANC TEOGOYNC Elvan:

WRQWEKT

Ap(X) = Attentiony, (Q, K, V) = Attentiony, (W*Q, W K, W\ V) = softmax < T
k

) vV (0.0.8)

yioe xdde evowpoatwpévn AEN i. Ov m avanapactdoeic nohuxépoing mpoooyfic An(X) vy h =1, ..., m ouyxev-
TEOVOVTAL X0l TOANATAAGLALOVTOL:

MultiHead(X) = Concat (A;(X), ..., A (X)) WO (0.0.9)

omou t0 WO elvan évac expodnuévoc mivaxac md x d. T va utohoyicouue Ty ToAUXEQUAT TEOGOYA, TEMTA
unohoyi{louue 1o ddpolopa tng evowpatouévne axoroudicg X Swotdoeny n X d xo tne xwdonolnong Yéong
P w¢ eloodo. Xt cuvéyela, yio xde xeqolh tpocoyfic, vroloyilovpe ta cpwthuata (), Ta xhewid K xon Tig
Tiée V mou avamapiotavton and nivaxec d X d, ol omolol eloépyovial 6To eninedo g TOAUXEPUANC TPOCOY NS
Tou onolou 1 €€odog elvon dlaotdoewy n X d.

ApyrteExTOoViXA

A€edopévou Tl £YOUPE TEOTACELS ATOTENOVUEVES amd EVOWPATOUEVES MéEele, évae Transformer uropel va yenot-
pomowndel yia Sdpopec epyaoie Onwe N xaTAVONGN QUOXNC YADGCOUC, 1) TUPUYWYN XEWEVOU XAl 1) HETAPEAOT
o mpotaone and pla yAdooo oe plo dAAN. Evoc Transformer amotelelton and ynhox xwdixomounth ¥ amox-
wdLxoToNTY 1 xou Tat dYo.

Kwdiwxonoinon Ocong

H 9¢on twv MEewv anaiteltar Yo ToV UTOhOYLOUS Tou oxop Tpocoyrc. Ou Yéoelg Twv Aé€ewv otny mpdTIoT
vamoplo TV TOL WG Uial XwBLXoToinom Y€ong and NULTOVOELBElC XU GUVNULTOVOELBE(C GUVIPTHOELS XL TpocTidevTon
oto X [88]. Ilio cuyxexpyéva, o nivaxos xwdxonoinone Yéone P elvan évac mivaxac n X d xou opileton and:
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Secaled Dot-Product Attention Multi-Head Attention

Figure 0.0.8: IIpocoy" vs IToAux€gain ITpocoyr. Apotepd: H Khpoxoluevn Hpocoyh Ecwrepixot
Twopévou. Ae€id: To Movtého ITohuxégpaine Ilpocoyrc. (88|

. pos pos
Ppos2i =sin | ———=7 |, Ppos,2i+1 = €08 | ———¢ 0.0.10
pos:2 <100002d) pos2it (10000%) (0.0.10)

6mou pos elvar 1 Véomn e AéENe oty mpdTaoy, To d elvar 1) BIAOTUOT TWV EVOWOUATOOEWY AEEEWY XL TO
it = 1,...,d elvar o delxtne ddotaone. IlpooBétovtac v xwdxomoinon Béone P oto X emtpénoupe oTo
HOVTENO Vo UGEL VoL ETUXEVTROVEL T TPOCOYY| OE GYETXES VETELC.

KwdiuxonoinTthc

To unhox xwdwononth malpvel w¢ eloodo évav mivaxo X evowpatwpévwy Aéewyv. H xwdixomoinor Héong
npootideton 0TI evowpaTwpévee AEEelc yia va oynuatioel Ty eloodo X + P. Y11 ouvéyela, unoloyilovpe to
gpwTALaTo @, Tor xAewdid K xon Tic Tég Vo oxon to Tepvaue YEC amd Wid OTEWOT TOAUXEPUANE Teocoy NS TNG
omolog 1 €€0doc Tpogodoteital ot Eva veupwvixd dixtuo tpowinaong. I'a va dnulovpyricoupe évay xwdoront,
TO UTAOX TOU anOTEAELTOL OO TN TOAUXEPONT TEOCOY T X TO VELURKWXO BixTuo TpodInong enavokouBdvetol
TOMNES QOpEC.

AnoxwdixonolnTnig

H ¢Z080¢ toU %wdLXOTOWNTH TPOPOBOTE(TOL GTO UTAOX OTOXWOLXOTOWNTH, TO OTolo TPOBAENEL TNV PETAUPEUC-
uévn mpotaoy. O anoxwdonontrg eniong anoteielton omd TOMAATAL UTAOX TOALXEPUANS TEOGOY NS, TOU TEO-
(@odoTOUVTAL OE VEUPOWLXS dixTua mpodinong o mpocUétouy xwdwonooelc Véong otig eloddous. Tédoo o
XWOXOTIONTAG OGO 0L O ATOXWOLXOTOWNTAC Umopel Vo amoTehobVTaL and UTOAEIUATIXEG CUVOETELS UETAUE) TwWY
UTAOX X0l VO TEOGVETOUY GTPWOELS XAVOVIXOTOINONE TpLy amd Tol Veupwwxd dixtua mpowinone. H €€odog
TOU OOXWOIXOTONTY TPOPODBOTEITHL UECL WS YRUUUXNE TeoBoAAc axoloudoluevng and uio otpwon soft-
max. Kotd m ddpxeta e mopaywyrc, o anoxwmdixonomntic tpoBiénel véeg AéEelg, Ve xatd T Sidpxela Tng
exnaideuong, o anoxwdixonointic TeoBAénel xahupuévee héeic and tny elcodo. H apyitextovins xwdixomownth-
anoxwdixomolnth gatveton oto Uy 0.0.9.

Exnaidsvon

H npo-exnaldevor evée Transformer efvon unoloyiotxd Samavney| xar cuyvé Tepthopfdvel tepdoTtior UeYEd un
emoNUAoPEVLDY dedouévewy. Ot mo cuvrdiouévol atoyol BehtioTonolnong yio TNV TEo-eXTUBEVCT) YAWOOLXWY
povtéhwy eivan 1) 1 medBhedn xohuuuévey MZewy, Tou elvon 1 TpdPBiedn wog Tuyaios Sieypoupévne Aédne oe
wa tpbtaon A n tedPredn tne endpevne Aéne xon 2) 1 mpdPhedn edv dbo mpotdoeic axoloutolv 1 pio Ty
AN 1 Oyt. Autd To umoloyioTd Bomavned Briua cuvdwg Teaypatorolelto wa Qopd, oxohoudoluevo omod
éva oyeTd yeriyopo Bripa tpocoppoyrc. Katd tnv npocapuoyy|, to npo-exnadeupévo Loviélo mpocopuoleTtol
OE €VOL GUYXEXPLEVO GOVOAO BeBOPEVWY xat cLYxexplévn epyacio. H npocopuoyr) unopel va mpoyuyotononiel
TOA) amoBoTixd og éval oyetxd uixpd cOvolo Bedouévwy yia war cuyxexpévn yenon. H mpo-exnaideuvon
axolouolUEvn and TNV TEOCUPUOYT AVAPERETAL WS UETAPOEY. uddnong.
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Figure 0.0.9: H apyttexTtovixy Tou povtélou Transformer [8§]

Vision Transformers

Ou Vision Transformers [22] (ViTs) anoteholv pio onpoaviind tpdodo oTov Touén Tne UTOAOYLIOTIXAS 6paong,
eQopU6LovTaG TIC dpYEC TwV apyitexTovxwy transformer anéd v enelepyaocia puowic yawooog (NLP) néve
ot exoveg. Me tny alomolnom tev unyoviopoy autorpocoyhic, ol ViTs éyouv avablopgoppnaoet Tig SuVATOTNTES
X0l TNV ANOBOCT] TWV UOVTEAWY OVOLY VMPLOTG EOVOCS, ETLTUYYAVOVTOS ETOL EXTANXTLIXG AnOTEAEGUATA OE SLdpopa
benchmarks xou e@apuoyéc.

ApyrtexTovinig

H Boower xawotoplor Twv Vision Transformers eivon o punyaviopds autonpocoyfc, o onolog EmTEéNEL GTO HOV-
ého vo Quyiler ) onuooio TwY BlapopeY UERMY TWV EloEpyOuEVLY dedouévmy duvauixd. T pior encdvo Tou
ywetleton oe tuiuato (patches), o unyovioude avtonpocoyfc unohoyilel Tic oyEoel YETAUED TV TUNUATOV YidL
VO XATAYONOEL TNV EOVAL ¢ oOvoro. 2to Xyrfua 0.0.10 tapovoidletar 1 Swobixacio Tou TeplypdpeTon TUpandve.

Aedopévne puac e106dou edvag x € REXWXC 1y eidvo yowpiletan oe N = Y tufuata peyédoue P x P.

4 I z z ¢ 2. 7 7 z Ié
Kéde tufiga o, o1 ouvéyelo petatpénetor oe didvuoua o, € R Autd o TuAuoto UetotpémovTon Yoouuxd
OF EVOWUATOUAT

26 = Wpaszi, + by, (0.0.11)

’ 2 r ’ ’ ’ 7 z
6mov W, € RPXFP7C yq1 b, € RP. "Evo téxev tefivéunone 20 mpootidetor o axoloudio TV eVOOUATOUEVLY
TunudTey. Btn cuvéyela tpootidevior evowpatdpata Véong Epys € RIVTUXD vig vy oynuatiotel étol to

20 = [2Q5205 -3 20" + Epos (0.0.12)

H oaxoloudla zy enclepydleton and L otpwupata evdg xwdixonowntr Transformer. Kdéde otpodua anotehelton
ond wo Kavovionoinon Etpdpotoc (Layer Normalization), o Iloduxégain Autonpocoyr) (MHSA), xa éva
Aixrvo Ipoddnorne (FFN). Tuyxexpiuéva, n enelepyacio péoa o xdide otpdpa opileton we:

Z¢o—1 = LayerNorm(z,_1), (0.0.13)
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Figure 0.0.10: ViT. Enoxénnomn tou povtéhou [22]

2y = 21 + MHSA(2_1), (0.0.14)

xou
z¢ = 2z + FFN(LayerNorm(z})) (0.0.15)

Meté amd to L otpduata xwdxonownt Transformer, to téxev todvéunone 2 yenowwonolelton yiar v tehixd
to€vounon. To amotéheopa hopfdveton epapudlovtac Kavovixonoinorn Ytpduoatog axolouvdoluevn and éva
VEUPWYIXG dixTuo (ot MLP xeqohd):

21, = LayerNorm(zr,), (0.0.16)
ol
y = MLP(27), (0.0.17)
6Tou
MLP(.’E) = 2Whead + bhead (0018)

Yuvoruxd, o Vision Transformer ynopel va diatunemdel we
y = MLP(LayerNorm(z?)), (0.0.19)

omou zy, elval TO amoTéREoud META omd Ta L otpouata xwdxonownth Transformer nou eqopudlovion otny
axoloudio TV TUNUdTeY e edvoe pall e to tpooTliéueva evowyoatoduata Yéomne.

Aextixy] Ileprypagy Euxovey

H hextind nepiypaprn exovev eivor YeTagd Twv Paoixdy YpHoeEny TeVv BaciX®y HOVIEADY TOU YENOLIOTOL00Y
1660 JOVTENA EXOVOS OGO XAl XEWEVOL.

Definition: Aextix? Ilepiypapr) Euxxdveyv
Aexnixij Ieprypagr) Eucovwy eivon 1 Slodixacio 1) omolol TeplypdpouUe TO OTTIXO TEQLEYOUEVO LIS ELXOVAS

oE QUOLXY| YADOOW, YENOWOTOWOVTIC EVal GUCTNUA OTTIXAC Xatovénong uall ye éva YAWood HoVTEAO
TIOU UTOPEL VO THPAYEL CUVTAXTIXG GWOTES XA VONUATIXG OUCLACTIXES TPOTACELS Yot TN SedoPEvr Evvola.
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O x0plog otd)0¢ auToU Tou TEdiou elvar va Beedel 1 To anoteleouatixy dladixacia 1 ool pnopel var xotovoroet
TG OMTIXES TTANPOPOPIEC OV TEPLEYEL 1) ELXOVAL, VO TLC OVOOPAUCTACEL Xl Vo TI¢ petatpédel oe plar axohoudia
XEWEVOU TIOU VO ATOTUTOVEL TLC CUVOECELS UETAED TWV OTTIXMY X0 XEWEVIXWDY EVVOLOV.

To tehevtoda ypovia, d0o poviéha €xouv daxprdel oe autd to topéa. To mpdto eivar to Flamingo [1], éva
HOVTENO TIOU AELTOUPYE! EVOOUATOVOVTAS EVUARGE edva xat xelyevo. Autd emitpénel 6T0 HOVTENO Vo TapdyEL
neptypopéc ue pla xadodnyoduevn npotpont (prompt), cuvdudlovtag o oTouyelor TG emdvag pe exelva Tng
npotponfic oe pla eviada oxohoudio. To dedtepo poviého eivon to BLIP-2 [50], 1o onolo ypnowonotel éva emt-
nhéov transformer povtého (nov ovoudleton Querying Transformer) yio vot GUVBUGOEL TIC OTTIXES KO KELUEVIXES
TEOTUXOTNTES TWVY UTOXEUEVODY HOVTEAWY, ETUTEETOVTAS ETOL TNV TOEAYWYT) TERLYPUPHOY UECW TNG UETAPOPAS
TANPOYOPLAY amtd TO 0TS HOVTENO 0TO YAwooxd woviého. Auth 1 dwdixacio axolovdel To mapddetypo Tewv
VEUEAWOWY HOVTEAWY, XIOC TUAUOTO TV UEYSAWY TPOEXTUOEUUEVKY UOVTEADY UTOPOUY VA XeNoLponoinoly
OC XOPPETLO OE oPYLTEXTOVIXEC Yo Ddpopes epyacies, Ye wovo évo wixpd xopudtt (ty Quering Transformer)
v mpootideton yioo va emiteédel v ahhnAeniBpaon petald twv dvo. Emmiéov, o&ilel va avagpepdolue xou
oto LLaVA [55], o onolo cuvdéel évav xwmdixonomnty| dpaomne %o €vol HEYENO YAWOOXS UOVTIENO oL TOL EX-
ToudeVeL e Tpocappoy odnylody (instruction tuning) mévew ot mapoydueve dedopéva. To LLaVA yenowonotei-
TOL YLO T YEVIXOU GXOTOU XATAVONGT YADOGUS Xl Spaong Xl TopoUCLALel EEUEETIXES IXAVOTNTEC TOAUTEOTUXAC
ouvophioc.

Arndvinorn Ontixeyv Epwithoswy

H Andvinon Ontuxédv Epwthoewy (Visual Question Answering - VQA) elvon éva Siemotnuovind nedio mou
ouvdudlel Ty utoloylotxn dpao xou TNy enelepyacia puoic YAOooas (NLP) yia ) dnpiovpyia custnudte:v
IXAVEY VOL TAVTOUY GE EPWTACELS OYETXE Ue exdves. O otdyoc Tou VQA elvan vo emitpédel oTic pnyavés va
XTavooUV ot va cUANOYILoVTaL OYeTIHd UE TO OTTIXO TEPLEYOUEVO WG EXOVIS, UE TPOTO OV Vo TpoceYY(LeL
™y avipdniv xatovénorn. Autd meplhoufavel Oyt UOVO TNV avoy VEORLOT) OVTIXEWWEVGLY Xol GXNVOY UECO OE
Lol eedvoL, aAAG xou TNV gpunveia ouTod TOU OTTIXOU TANEOPOELIXOL TEQLEYOUEVOL (OTE VoL TOREY 0LV axplBelc
ATAVTACELS O XEWEVIXEC EPWTHOELS.

Definition: Andvtnor Ontixedyv Epwthoswy (VQA)

Andvtnon Onukdy Epwtrjoewy eivan 1 Sladixacior tng avdntuEng custnudteny Texyntic vonuoosivng Tou
UToEoUV Vo TopEy oLy axplBelc xaL OYETINES ATAVTHCELS OE EPWTHOELS ToU TIeVTaL OYETIXE UE ELXOVEC.

H avdntuén twv cvotnudtwy VQA éyel unoxivniel and ti¢ mpoddoug ot Podid udidnor, biaitepa otar cuvelix-
Ted veupwvind dixtuo (CNNs) yia T enelepyacio etxdvmy xat ta ovadpaotind veupwvixd dixtuo (RNNs) # toug
transformers yio T Swayelpion tou xewwévou. Ta mpdta povtéha VQA Baotlovtay xuplwe otny eloywy yopox-
TNELO TV OO EIXOVES X0 EPWTAHOELS AVEEAPTNTA, TELY GUYYWVEVCOLY QUTES TIC TANPOPOPIES Ylal Vol Topdy oLV
anavtices. Me tov xoupd, avamtiydnxay o eEehlyEVES apyLTEXTOVIXES OL OTIOlEC YPNOLLOTOLO0Y UNYOVIOUOUS
TEOGOY 1S, TOAUTEOTILX EVOWHUATWHUATA Xl CTRUTNYIXES OO XOWVOU eXTAdELONS Yia Vo xatarypdhouy xohbTERA
TI¢ TEP(MAOXES OYETELS UETAUED OTTIXV X0l XELUEVIXADY DESOUEVV.

Apyittextovixy Jvotnudtwyv VQA

‘Eva cbotnua VQA omoteleltan and Sidgpopa otddior: TNV EEAY WY X OEAXTNELC TIXMY ELXOVAS, TN
XWILAOTOINOT EPWTAUATOS, TN TOAUTEOTUXY] CLYXWVELOT X TN TEoBAedn andvinons. To
meoto Bua oe éva clotnua VQA nepilopfdvel tnv e€aymyn SNUOVIIXOY YOQUXTNELOTIXOY ond TV elooyd-
pevn exova.  Autd emtuyydvetow cuVATKC e TN YeNon TEoxaOpIGUEVDY XWOXOTONTOVY EXOVAS, OTWS T
CNNs (ResNet[34], VGG [76]) ¥ ov Transformers (ViT [22]), to onola mopdyouy pior TAoUOL avomopdo tao,
e exovac. Emmiéov, to xewevind epmtnua eneepydleton yia vor dnwovpyniel wio ovomapdo oo Y opox-
TNELO TV TIOU Vot SLAMUBAVEL TN onuactohoyix Tou évvola. TTohhéc epyaoiec ypnotpwonoodv RNNs (6nwe ta
LSTMs [39], GRUs [16]) | povtéra Baciopéva otoug transformers (énwe to BERT [20]), to onolo propoldv va
XWOLXOTOAOOLY TO epOTNUA o€ éva oTadepol urixoug didvuopa 1 wia axohou o EVEOUATOOE®Y. XTN CUVEYELL,
1 Boow nedxinon oto VQA elvol 1 anoTEAEGUATINT CUVEVWOT] TWV OTTIXWOY XL XEWEVIXWV YARUXTNELO TLXWV
v vor dnovpy el o cUVEXTIXT avamopdo Taoy Tou Unopel va yenotponomdel yio Ty e€aywy Tne andvinone.
"‘Eyouv npotodel S1dpopec TEYVIUES CUYYWVEUTOTS, CUUTERLAAUSOVOUEVWY TWV:
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e JUVEVWOTN: 'AUECT] GUVEVWOT] TWV SLAVUGHUATOV YOPUXTNELOTIXMY o6 TNV EXOVA XL TO EROTNUAL.

o Ytowyewwdng Ipdodeon/IIoNNanhaciacnos: Extéleon otouyeindonv mpdlemy Yyl 0 ouy-
YWVEUOT) TWV YAQOXTNELO TIXDV.

e Mnyaviopol ITpocoyrs: Egupuoyn mpocoyhc v Ty eotiaon ot onuavtixd uéen e emdvac ye
Bdomn to gpdytnua, evicybovtoag TNV ahAnhenidpaon UETAE) TV TEOTWY.

IToAutpomixoi Transformers: Xprion opyitextovindyv transformers mov eneepydlovton xou
EVOOUOTMVOLY TAUTOYPOVOL OTTIXES XOlL XEWEVIXES TANPOpOplES.

Télog, 1 CLYYWVELUEVY TOAUTEOTIXY] AVATUPACTACY] TEEVAEL HEoO amd Eval 1) TEPLOTOTERN TANPWS CUVOEDEUE VYL
OTPWHATA EVOS VEUP®VLXOU BixTOou Yla TNV TpoBhedn tne amdvinone. To otpdpa e£6d0u yenowonotel cuvitng
fLot oLuVdpETNOT evepyoToinong softmax yio var mapdryel W xatavour| mdavotntoc oe éva tpoxadopiouévo ahvoho
mdavOY AnaVTAOEWY.

Image — o Dog
Feature > § |
Extractor : l 2 | Yes |
— © 1
- Multimodal = N
Fusion > 2 N
Algorithm 0 .
nY :
i (0]
- - - Question Q
Is there a river in this Feat - c_..’..
image?? : eature 1. g -
Extractor : = Play

Figure 0.0.11: M tumuny] atpyitextovixny VQA.

I[Tcotewvoueveg Medodou

Tao povtéha exovag-xeldévou €youv Yivel Vepehiddn ot unyavixy wdinor, SnUovpY®VTaS dpXeTéc sota op-
yrtextovixée, 6nwe to. CLIP, DALL-E xou Stable Diffusion, peto€l ddhwv [64, 67, 68, 71]. Autd ta depehicddn
povtéha unopolv va yenoionoindoly ot uio TouaAla epyaot®y, cuvHwe SlaopeTix®y and exelves yia Tig
omnoleg exmoudevTnxav. Autd ouufaivel eneldn ypnotwonolovy TNy xdde tpomxdTnTa Yiar vor eEAYOUV YVMOT Yid
TNV TEOTYOVUEVT), ETTEETOVTASC TOUG ETOL VoL AELTOURYOUV Ywpelg Vo €xouv el BEBOUEVA YId TN CUYXEXPWEVY Ep-
yooio. Tavtdypova, autég ol apyltextovixég eivan eniong oAb xooToBopeq yia v exmoudeutoly. H exnaideuon
yivetar cuyvad ot exatouulpta Lebyn emdvac-xeldévou. ¢ ex ToUTOU, Yl TN YENOT AUTWV TV UEYIAWY VeUehl-
0BOY HovTEA®Y cuyvd yiveta (Ao At npocaproyh (fine-tuning) touc, avti va to exnondedoupe
and T opyn. Autd To povtéla pmopoly eniong va yenowdomomdoly amnhd yia e€aywyr Thnpogoplag xou va
xenowonomndoly wg to onueio exxivnong yipw and to onolo unopel va xataoxevaotel €vo ueyohltepo wovtého.

Eviocyvon tou CLIP pe Awdroyo: Ilpocéyyion pe Teito Kwdiuxonownti

To xivntpo nlow oamd Tn Boukeld pag mpoépyeton amd TNV LUTOAOYLOTIXY HEUOT, Xou TN YENHON EMTEOCVETWY
TpoPoldv [51, 94] tou (Blou aVTIXEWWEVOU Yior TNV AOXTNOY TEPIOOGTERWY TANPOPOPLDY CYETIXA UE TO YOPOX-
metoTixd Tou.  Auth 1 WBéa mpocapuboTixe oTn wdinon pe avtdiaotorr) and to CMC [84], émou yenot-
pomotdnxay emnpoécieteg acUntnelaxés npoBoiéc g Blag ewdvag yio Ty evioyuorn g avTeTing ex-
naidevong. Me tov (Blo tpdmo, yia TN neplntwon Twv (euyody exdvac-xelévou Beloxoupe uia eminpbéodetn
TpofoAn} 6TouC BLEAGYOUE IOV BNULOLEYOUVTOL ANd THPAYWYLXA WovTéAd. Autd Ta emnpdodeta cUVIETIXG de-
dopéva Vo elvan o€ pop@n xeyévou, ahhd diapopetiniic lone oe cUYxpLon e Tic Aeldvteg Tou Yenotdomoinxay
and TOV XWOOTOWNTH XeWévou xatd v exnaidevon tou CLIP. 'Etot, Yewpolue autd to Bondntixd chvola
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BEBOUEVKV XEWEVOL, OTKC TA UETADEDOUEVAL, TOUC BIAAGYOUC GYETIX UE Lol EXOVAL 1) TIC AETTOUERELES TTPOIOVTWLY
o€ ot Bdor Sedouévwy »g ETnpOcUeTES TROTXOTNTES.

Ye autéd 1o mhalolo, e€eTdloVUE TN YENoT EVOS TEITOU X WBIXOTOLNTY O QUTEC TIC UPYLTEXTOVIXES ELXOVAC-
xewévou. H mpoodinn tou tpitou uropel vo gavel oto Xyhuo 0.0.12. Ectidlouye ) yehétn yag o€ éva Lovtého
CLIP exroudevpévo and to OpenCLIP [41], to onolo evioyloupe pécw evic emmpdoVeTov xmdoTOMNTY, UE
anotéreopa v opyttextovixy CLIP-3Modal [86]. Autéc o xwdixomounthic yenotuelel otn EVOOUATKOON
eMTEOCVETWY TPOTUXOTATWY OTNV £(G0B0, ETUVAUYENOWOTOLWYVTAS GTOLYEl and YeueAiddn poviéda. Xe avtideon
HE TponyolpeveS Souketéc Tou eetdlouy TN ypefom evoc Teitou xwdixonomt oty dpyttextovixy [44], Yewpolue
ENTA TOV TElTO XWBLXOTONTY HOE WS AELTOUPYOUVTA OE Lol BLAPORETIXY TROTUXOTNTA, TEEA o6 TG CUVADELS ELXdVaL
nou xelpevo. 21 8N pag TepinTwon, Yewpolpe TNy emnpdoUeTr TEOTUXOTNTA WS TO BLEAOYO eVOC YeNOTN HE EVal
HovTENO hextiic Teptypaphc exdvey 6nwe to BLIP-2 [50]. Me autdv tov 1pémo, 6ToYEVOUUE VoL EVIoYUCOUUE
T TANPoPopieg and Ta SedouEva ELGOBOU oG PE TIC EEABOUC EVOC FeUeMMBOUSC LOVTEAOU.
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Figure 0.0.12: H npotewvopevn apyitextovixn pog CLIP-3Modal. Ilpoteivoupe tnv evowpdtwon
evéc tpitou xwdixomontyh oto govtého CLIP, o onolog emextelvel Toug UTAPYOVTES XWBXOTOLNTES EXOVAS XOUL
xewévou. Autdg o emnpdoietog xwdonointic unopel va yenowonoiniel xotd v agloAdynon tou woviéiov,

poll e Toug UTAPYOVTES XWBXOTONTES.

Xenhon tou BLIP-2 yia Aextixy Ilepiypapr

It vt EVOWUATOCOUUE TOV TRITO TPYO GTNY OPYLTEXTOVIXY UOC, TEENEL VAL CUUTERLAGBoUUE Wia TelTn TeoTXO TN T
ot dedopéva etoddou pac. Ta va to xdvouue autd, yenowonotolue to BLIP-2 [50] étol dote va enexteivoupe
évol oUvolo Bedopévmv emdvac-xewévou e wa emnpdodetn tpomdtnra. Emhéyoupe to CC3M [74] we to
oUVOAO BedoUEVWY Tou eumAouTi{ouE HE AeXTXAEG TEPLYPOpES TOU BnuiovpyolvTan and to BLIP-2. 'Etol,
napéyoupe xdde exdva we eloodo oto poviého BLIP-2. ¥tn cuvéyela, divouue tic axdroudeg 80o epwtroels,
HE TN o€lpd, 6T0 wovTéAo:

“Tu BAénelc o auTHY TNV ewxovay”
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“T xdver auTiy TNV ewdvaL Lovodixt;”

Avuto propel entong vo gavel oto Lyfua 0.0.13. Autd 1o Leuydpl epwtioewy napéyel uio Bacxr Lopey| dlahdyou
peTaEl EVOC XeHoTn xon Tou wovtéhou. Emmiéov, dtav nopéyouue N Seltepn £pMTNOYN GTO UOVTIEND AEXTIXOV
TEPLYPAPY, TOu Bivoupe emiong xaL TNV omdvInoyn TNg TeWIng £prTNone «¢ elcodo. Autod emtpémel oTny
andvtnoT e Beltepng EpWTNONG VAl EXYETOAAEVTEL Tal cUUPEAlOUEVA antd TNV ANMAVTNoT TOU UOVTEAOU OTNV
TEWTN EPATNOT).

BLIP2

Figure 0.0.13: Xpniorn touv poviélouv BLIP-2. Ot gpwtioelg pe ti¢ onoleg npotpénetal To Hoviého
napéyouy wa Baowxr] woppt| Slahdyou, 1 onola yenoulonotelton we wa Teltn TpomxdTNT.

EnueLdVoudeE €86 6Tl To povtého mou dnulovpyel Ty Teltn TpomxdTnTA Bev Aopfdvel w¢ elcodo to xeluevo
a6 ta Lebyn exovag-xelévou. Autod onpalvel 6T, Tapohou Tou 1 TelTn TEOTXOTNTA elvol XaL AUTY € Lop@n
XEWEVOL, TO Tpaydotixd mepleyduevo dev e€aptdton dueca and tny umdpyouco Aeldvta g edvoc. Autd
emitpénel oto yoviého BLIP-2 va napéyel véeg mhnpogopleg Yo autd T0 cuyxexpiuévo delyua.

Exnaidcsvuon tou Teitou Kwdiuxonownty

Topa otoyeboupe va extoudevooupe uia apyttextovixry CLIP mou evowpatdvel évay tpito xwdixomounty otnv
APYLETEXTOVIXY TNS, XPNOWOTOLWVTIC TEPLYPAPESC TapaydUeveS and to BLIP-2 w¢ eloodo. T'ia vo To xdvouue
T, Eexwvdue and éva mpoexnudeupévo povtého CLIP mou mopéyetan amd to OpenCLIP. Ou xwdonountée
EOVOG XU XEWEVOL ATd AUTO TO UOVTEAO YIVOVTAL OL XWBLXOTOINTES ELXOVOG XOU XELUEVOU YLOL TNV HEYLTEXTOVIXT
pog. T vo xataoxeudooupe ToV TpITO XWBLXOTONTY TNG UPYLTEXTOVIXNG Hog, EEXLVAUE XdvovTag €va avtlypapo
TOU TPOEXTIOUBEVYEVOL XWOXOTONTH XEWEVOU. 3TN GUVEYELX TIOLYWVOUUE TOUS 0pYLXOVUC XMODLXOTIOUNTES ELXOVAS
X0 XEWEVOU, Xou EXTABEOOUUE UOVO TOV TEiTo XWOIXOTONTY OTo exTETAUEVO cUVolo Bedouéveov CC3M. H
oUVEETNOT ATOAELNS oG Elvol TOEOUOLOL UE QUTY| IOV YENOLOTOLE(TAL 0TNY Xavovixy| exnaldeucr Tou CLIP:

~—
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1 —a) oxp (T(ys) "G (2:)/7)
log
Z j 1 exp(T(y]

N
—
Q
—
N
&
~
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~—

6mov (i, y;, z;) elvon évo amd ta delypord poc xou I, T, G givar oL xOXOTONTES EOVAC, XEWEVOL XoL TopoLy G-
pevou dlahdyou avtiotolyo. 3To Topamdvew, To a elva Yo TUPdUETEOC avapEEne UETOEY TV BV0 AMWAELDY.
Ocwpnuixd, Vélovye t0 a va elvon apxetd LYNAG Yl vor evidppUVEL TN CWOTH CUUTERLPORE TNG AVATUPdo-
TAUONG TNG TOEAYOUEVNG TEplypapic o oyéan pe TNy avtloTtolyn avanapdotaon e exovas. Tavtdypova, dev
V€houpe ot TOAD LPNAY T ToL a, xadde auTd Vo OBNYNOEL ATADC GTNY AVTIXATAC TAOT] TOU TROEXTAULBEVUEVOU
©OXOTONTH XEWEVOL PE TOV Tp(To Xwidomownt. H mpocextinn avddeon tne napauétpou a prnopel vo odnyroet
Tov Tpito xwdixomonT 6To Vo haPdvel udd xan Tic SVO dPYIXES TPOTUXOTNTES.
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Evioyvon tou CLIP pe Aiwdhoyo: Ilpoceyyion ue Ilpocappoyr) Touea

To CLIP-3Modal [86] mapelye xdmotor moAd xahd amoteréopata, xodoe Behtiwoe to anoteléoporto ot alohoY -
oelc ye zero-shot retrieval tou Baoixol povtéhouv CLIP (8eite AZiohdynom tou Teitov Kwdixonomty). Ilopd
v emtuylo Tou oty evioyuor tou CLIP ye neplocdtepr) YVooT YEow xouvolploy TURAUYOUEVGDY XELUEVLXY
onpdtwv, to CLIP-3Modal €6eiée moAd younAy andédoon otny andvinoy ontixwy epnthoewy. Ilicteboupe 6T
oL xatavouéc tewv Aelovtdv tou CC3M xat Tou TopayOUEVOU SLOAGYOU €YOUV ULol ONUAVTIXY UETATOTLON XoL
1 apLTEXTOVIXY UE ToV Tp(To xwdixomounty, woll Ue TNV AmOAEL AVTLOLIC TOANC, OEV XATAPELVOLUY Vo TEOCUE-
HOCTOUY O aUTHY. X auTéd To TAaiolo, eyxataheinoupe Ty Tpocéyylon ue Tov Teito mhpyo xaL BlaTNEOVUE TNV
apyrtextovixy) tou CLIP énwg ebvan. O x0pldc pac otodyoc twea elvon vo ntpocopudécouue to CLIP oe Sidhoyo
(xopic va BA&dovpe T yevixeuon) Eexwvovtoae and xeevixéc neptypagéc. Ipoteivoupe to DRAFT (Dual
Representation Adaptive Fine-Tuning) wc pio véo TeX VX TPOCUPROYAC OPYLTEXTOVIXOY TUPOUOUDY PE
to CLIP oe xewevixée el06boug tOMoL Blaidyou.

‘Olot mpémel var ouppwvoly 6Tl o Keluevo xan o Awddoyog elvon xon tor dbo wépn tne Enelepyociog Puoic
IM\&oocog, alid eivon SopopeTind. Buyxexpyléva, o didhoyog elvon mo duvauxodg and to xeluevo. H ypovunr
dudta€n oTov Bidhoyo elvar xplown xow TOAD onuavTixy, oAl oL oto xelyevo, To omolo eivor oTaTXd xou Oyt
1600 axohovdaxd. Emmnhéov, o Sidhoyog éyel ahhnhenidpaon. Auth n oAAnien(Spoaon emBdihel oTOYOUS HoU
pLoe oxorovdia, mou duwe dev undpyouv oto xelpevo. Télog, o Bidhoyoc unopel va elvol TEQLOPLOUEVOS GTO
TEQLEYOUEVO, AAAG elvol TAOLCLOTEPOS 0Tl CLUUPEALOUEVE Omd TO AMAd Xelpevo. AuTég oL WBLOTNTESC UTopoLY Vo
elvon opatéc ota mapadelypota Tou Tapovotdlovtar oto Lyhua 0.0.15.

Oewpolye autd To TEOBANUL WS Eva TEdBANUA TPocUpUoYHC ToUéd, dTou To tnyalo tedio elval ot Aeldvtes xan To
nedio oTdyog eivon o AidAoyog. O teplocdtepes Bouleléc Tou aoyohoUvTal Ue T Tpocaploy | touéa yia to CLIP
eotdlouv o€ UETATOTIOELS OTIC XATOVOUES TOV EXOVLY, XATL ToU XooTd To TEOBANUE o ApXETA LoVadiX.
I nopdderypa, to CLIPood [75] mpoomoel péow tou xewévou vo YEVXEDOEL OE EIXOVES EXTOC XATAVOURC
EXYETAMAEVOUEVO TIG ONUICLONOYIXEC Oyéoelc UeTall Twv xatnyoplwy. Emmiéov, ywelc ™ yxenorn tou teltou
xWOXOTONTY, E0TIALOVYE T BOUAELS YOG 0T AETTOUERT] TROCUPUOYT TOU UTEEYOVTOC XWOXOTONTY XEWEVOU
600 otic Aeldvtec 600 xan 0TI £l06doug dahdyou. Me autd to TpoTO, TEOoTUVOVUE Vo TPOCUPUOCOUNE TOV
XxwOXOTOUNTY XeWWEVOU oTaL Bedopéva Slohdyou ywplc va BAddoupe TNy anddocT ToU TEOEXTUDEVUEVOU LOVTENOU
oc TEBAAUATO EVTOC XUTAVOUTC.

Xenon LLaVA vy tnyv napaywyn Epwthoswy

Axolouddvtog tn dovkeld pag oto CLIP-3Modal, ypewdleton va tepihdBouye yiot teltn tpomixdtnTa otol dedouéva
elo6dou pac. Qotdoo, avti va yenowonotodue to BLIP-2, tédpa yenowonooue to LLaVA v1.5 [55, 54] étou
OoTe va emexte(vouue To LTLdpyYov clvolo dedopévev CC3M [74] dnuroupydvrag tohhamhéc epwtioels pall pe
Tic anavtioels Toug yia xdle elcodo. Ilo cuyxexpwéva, moapéyouue xdle emdva Eexwplotd we elcodo oto
povtého LLaVA xa otn cuvéyewa tou {ntdpe va napdier 3 Jepehiddelc epwtAoE OYETIXE UE aUTAY, OTKC
pofveton oto Lyfua 0.0.14. Avutd to delypota Stohdyou gaivetar vor mop€youy xahOTERES TEQLYPAUPES VLol TNV
exova elo6d0ouL and Tic undpyovoes Aeldvtec xan mapdiinia tpoc¥étouy véeg TANpoopiec amd auTéC Tou 1N
undpyouv. ‘Eyouue uia avaroyio 1:3 yetold Aelaviddv xou Blahdywy, ondTe Ue TNV ENEXTACY YaS TO GOVOAO
exnaldevone Tpimhacidotnxe oe Yéyedog. Oplouéva napadelypata napouvoidlovion oto Lyfua 0.0.15.

ENUELGVOUUE TIAL OTL TO HOVTEAD TaPAYWYNS AEXTIXWY TERLYpap®y Bev hauBdvel Ty apyixh Aeldvta we eloodo
XoTd TN dnplovpyio TWV TUPANEVL EpWTHOEWY.

Exnaidcsvon via Ilpocoappoy?r Topea pe tn wédodo DRAFT

Mddnon pe AvtwdiacTtorl Topa Félovue va mpocapudoovue €vo mpoexmoudevyévo poviého CLIP
OE ELGOBOUC XEWEVIXAC TEPLYPUPHEC TOTOU gpwTHoEWY-amavThoewy. ‘Onwe otnv Ilpocéyyion ue tov Teito
Koduwonomnts, Eexwdue and éva mpoexnawdevpévo poviého CLIP mou mopéyetoar ané to OpenCLIP. ¥t
CUVEYELL, TIOLYWVOUPE Tol Bdpn TOU XWOLXOTONTH EXOVAC EVE XPATAUE TOV XWBXOTONTY) XEWEVOU TAHPWS EX-
nawdedolo. Exmoudedouye €0l p6VO TOV XWOLXOTOWNTH XEWEVOL GTO EMEXTETUUEVO GUVORO OESOUEVRY UG
Iopéyoupe 1600 Tic Aeldvtec 600 xan T LebyT EpWTHOEMV-UTAVTACEWY WE E(00B0 GTOV XWOIXOTONTY XEWEVOU
o TNV EOva w¢ elcodo 0Tov TaywPEVO xwdoTonTh exovac. Apyxd, opllovue pa epyaoia avTidlo TOMS,
mapouola pe autr tov CLIP, ye ouvdptnor anwieiog:
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LLaVA v1.5

Image: u

Q: "Give me 3 fundamental questions
about this image, along with their answers."

{Q: question 1,

A:answer 1,

A Q: question 2,
' A: answer 2,
Q: question 3,

A: answer 3}

Figure 0.0.14: Xprjon Tou povtéhou LLaVA-1.5. Ta {euydpio epwTHOEWV-anavTHCEWY TTOL ONUlovpYEl
TO LOVTENO TIOREYOUY XOUVOUPLEC XEWEVIXES UTOBE(EELS %ot YpMoyloTololvTal we TElTN TEPOTUXOTNTY GTNY
TPOGEYYLOY) TPOGUEUOY TS TOUED.

N T
o exp(I(x;) T(zi)/7)
28 N T T
CQ-a) N, exp((@) T(y)/7)
Nl SN exp(I(;)TT(9)/7)

Econtrastive = _N
(0.0.2)

, a€[0,1]

omov (i, Y4, z;) elvon éva and to delypatd poc xon I, T elvor ot xwdxomontéc exdvos xou XEWEVOU avTioToLYa.
To mpdto pépog elvon 1 anwieta avtdlaoToAAe LeToll TS EXdVaS xou Tou delypatoc SlaAdyou, eve To Seltepo
pépoc elvan 1 amdheLor avTdlaoTolAc HeTaED edvog xou xewévou (andietr CLIP). Emnhéov, ypnoionolodue
Evoy TORAYOVTOL AVAUEENS @ YLdL VO LOOPPOTACOLUE TIC dVo amwhielec. Puod, Féhovye 0 a va elval dpxeTd
vdPnide yior var eviappivoupe To LOVTERD VoL TOPAYEL YPNOWES AVOTORUOTACELS Yia TOV DIGAOYO GE avTioTolyla
HE TIC OVOTORUCTACELS TWY EWOVEY. Me T BelTeRT An®AELR, TEOCTOHOUUE VoL UNY AP OOUUE TOV XWOLXOTOLNTH
xeWévou va Eeydoel Ty Tpoexntaldeuct| Tou xau va Bhddel tn yevixeuon mou Exel o1 anoxthcel. Me mpooexTixy
avéieor tng UTEETUEOPETEOV @, UTOPOUUE VOl TPOCUPUOGOUUE TO XWOLXOTOLNTH XEWEVOL GE ELGOBOUC BLahOYOU
X0l THUTOYEOVAL VAL BLATNEHOOUKE T YEVIXEUDT) TOU TpoexTaudeLUEévou poviéhou CLIP.

Mévyiotn Méorn Andxiion, (MMD) ‘Eyer anodewydel ot n andhetor ovudiactoric e€aopariler 6T o
XATAVOUES TWY 2 TRPOTUXOTATWY OV GUUPETEYOUY oTny ommdhelo (exdvo-heldvta A emdva-Sidhoyoc) da eudu-
yeopuotoov (B Evduypduuion & Ouowopopyia). Qotéoo, auth 1 biétnta Sev eyyudton 6Tl Ol XATOVOUES
Twv Aeldvtwy xar Tou dlahdyou Jo euduypopuiotoly enlong. AmoQedYOUUE VoL YENOWOTOICOUUE AmMAELYL oLv-
Tlo ToAAC peto€l toug. H Sododnon poc umodnidver dti wa emmAéov anmheio avudlactorric Yo BAddel tov
YWOEO TV oVoTapao TaoewY xadme Yot Aeldvta dev polpdleton amopaitnta Ty (Blat onuociohoyixy) oyéon Ue To
didhoyo. Xe autéd To mhaiolo, 6TéY0C Yag etval vo eLHUYEOUUICOUUE TNY XUTAVOUT] OUOLOTNTOC EUOVIC-OLUAGYOU
ME TNV XATOVOUY OPOLOTNTOG EOVIG-Ae{AVTOC EAXYLO TOTOLOVTOS (o AMOCTAOY AV OF AUTEC TS XUTUVOUEC.
Tuyxexpyéva, tpoonadolye va eloylotonoiooupe ) Mévyiotn Méorn Andéxiion (MMD) (Maximum
Mean Discrepancy), 1 onofo utohoyiler v andxhion tev U€owy Twy xotavopny ot éva yohpeo Hilbert xau
evduypoppilel T oploxés xatavopés Twy 800 eloédwv. H andotacn MMD dwtunodveto wg e€hc:

2
1 1 &
MMD? (X, &) = || = > o(a]) = — > o(a)) (0.0.3)
=1 tj=1 "y
omou X xou Xy elvan tor Belyporta Wag xatavouic TNyRS %o JLog XATOVOUNG OTOY0U, avTioToly . Ns Xol 7 EVoL

o optdude TV avtioTolywy SeLYUdTeY xou 1 ¢ lvor 1 avTIOTOLYIO TV YUPUXTNPLOTIXMY TOU EVOWOUATEVEL T
deiypata oe évav avamopayouevo yopo Hilbert (RKHS) H.
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# catches a touchdown reception

Caption: all the details on hosting a party Caption: against army during the first half of
a college football game .

QA #1: what is the main focus of the image? X X
Answer: The main focus of the image QA #1: What is the player wearing?
" is a table filled with various Aniwar: The player 1s wearlng: a
snacks, including bags of popcorn and s football 1.l:.n.1.fom, which typically

occkiag: includes a jersey, pants, cleats, and
a helmet.
QA #2: Mhat 13 the table satting for? QA #2: What is the main action in the image?

Answer: The table setting appears to
be for a Halloween party, as
indicated by the presence of

Answer: The main action in the image
is a football player catching a
football during a game.

Halloween decorations and the overall
festive atmosphere. QA #3: Who is the player in the image?
Answer: The player in the image is a

QA #3: What is the table covered with? football player, specifically a wide
Answer: The table is covered with a receiver.
tablecloth.

Figure 0.0.15: ITapadeiypota ToU ETALENUEVOL GUVOAOU SESOUEVELV. Y10 TéVK HEPOS UTEEYOUY
ELXOVES Xou %ATw amd avtéc ot Aeldvtec and to clvoro dedouévwy CC3M xou tar avtiotolya Levyn
EPOTNONC-ANAVTNONG ToL dnuioveyHinxay arnd to LLaVA.

Tehwxry Anoieia Exnaidevone Xy nepintwor pag, otdyoc elvar vo cuvdudcoupe v dadixaoia
paInoNg Ue avTLBLaG TOAY Xou TNV ehayioTonoinan tng andctaong Méyiotng Méong Andxhiong dnwg neprypddope
napandve. H tehnd] andieta Siatundvetar wg e€ng:

exp(I(z;) " T(z)/7)

N
a
£cont7‘astive = X IOg
N; Soimy exp(I(x;) TT(2:)/7)

1 N N 1 N N
Lanp = || 53 D D () TT(wi) /1) = 575 D2 Y o (w5) T T(=)/7) (0.0.4)

i=1 j=1 im1 =1 o
ACDRAFT = Ccontrastive + ['MMD (005)

omou (x4, Yi, 2;) elvon éva amd o delypord pac xou I, T efvon o1 xwdxonontée exdvac oL XEWEVOU avTioToLyd.
a elvon 1 TapdueTeoc avduelne uetafld Twv 800 anwieldy avuldlaoTtorfc. Téhog, 1 ¢ elvon wa avtiotolynon
YOPOXTNPLOTIXDY TOL, GTNV TEPITTLoY Wag, elvan wo Xuvdptnon Muphva Axtivixdic Bdone (RBF) [90]. M
cuvolxn mopousiaon e uedddou pog mapovotdleton oto Ly fua 0.0.18.
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Who is the player in the image?
nswer: The player in the image is|
a football player, specifically a
wide receiver.

# catches a touchdown reception
against army during the first half of
a college football game .

Matching Samples

Answer: The table is covered with a

What is the table covered with?
tablecloth.

all the details on hosting a party ]

Unmatching Samples

Figure 0.0.16: Onuxy avanapdotaon tne dtadixaciog wodnong we avtidiactoAr. Ta Jetnd Lebyn
(MpdoLvo, UMAE) CUYXEVTPMVOVTOL XOVTE EVE Tor apynTixd Selypata (toptoxahl) anopaxpivoviot. 310
TEOBANUS Hog, oL VECELS TWV AVATUPAOTACEWY ElxoOVaC elvan otadepée. Xtn ouvéyela, tpoonadolue vo

evduypoppicovpe Tic avamapootdoelg hAeldvtag xat SlthdYou Ye autég EeywploTd.

Hilbert Space W

]‘ Input Feature Space I Iy PSP
» i
I|I \
f o i W\
A I ‘ AN
[ Wy A LY
! / .3 4. sx2e
Source Domain _ Target Domain 5 : - i
N & /" MMD Distance % o N e W
% x| mhty Minimization Kox® o
w3 )&X » ] 0. ™ : | - xe
X% e LN
XX X

o

Figure 0.0.17: AndAsia Méyiotne Méong Andxiiong. Acdouévev d0o xoatavouny, 1 MMD
npoonadel vo euduypopuioet Tov yéoo xdde xatavourc. Me autdv Tov 1pdT0, unopolue va eviappdvoupe To
povtého pac va euduypaU{oEL TNV OpLaXT] XUTAVOUT] OHOLOTNTOG EXOVAC-Re{AVTOG UE TNV OpLUXT] XOTUVOUN
ouoldTNTaC EMOVOC-BlahGYOoU.
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i What is the main action in the
image?
Answer: The main action in the
image is a football player
Ell:ch:Lng a football during a game.

What is tha playar wearing?
Answer: The player is wearing a
football uniform, which typically
includes a jersey, pants, cleats,
and a helmet.

1against army during the first hal
of a college football game .

# catches a touchdown reception ]
£

Answer: The player in the image is
a football player, specifically a
wide receiver.

1 Who is the player in the Llngn?]

L

Text

Encoder

Dy D, see Dy Ty To see Ty
Iy ly#Dy |, oDy e 1; #Dy Iy liaTy 10T, e 1, oTy
3
£
% I, I; D4l # D! see I, *Dy I lreTy[lz®Ts see I # Ty
o
. . . . - . . . . -
. . . . - . . . . -
. . . * . . . . * .
Iy Iy #Dy| y # Dyl oo Iy *Dy Iy IneTy|lyeTe eee Iy Ty
Image-Dialogue Similarity Image-Text Similarity

Maximum Mean

Discrepancy

Figure 0.0.18: DRAFT: IIpocapuoy? tou CLIP ctc e10680ug xelpevixnc neplypapne TOToL
gpwThceswv-anavtiocwyv. [lpotelvoupe ) yeron andielog avidiaotolic Eeywetotd yia ta {ebyrn Ty
OVATUPUOTAOEWY EXOVOC XAt TwV 800 xeWévwy tapodhaydv pall pe wo andiet andotaons (MMD) méve otic
ONUACLONOYIXES XATAVOUES OUOLOTNTAC EMOVOC-AELAVTOS Xou EXOVAC-OLOAGYOL.

ITeipopoatind ArtoteAécpota

YOvola Acdopévwy

Ye auth v evotnra, Yo neprypdpouye tor ohvoha dedopévewy ota onola Ya aloroyroovye T pedddous pog.
Oa yenowonotficoupe to MSCOCO [53] yio netpdpota avdxtnone ywelc Tpocaproyn xot To0 civoho dedouévmv
VQAVL [4] yiot Tnv 0€lohbéyNnon oe andvtnom onTix)y EpWTAOEMY.

MSCOCO

To Microsoft Common Objects in Context (MSCOCO) [53] dataset eivon €var peydine xhipoxos cOvolo de-
BOUEVWY OYEDLICUEVO Yial EpYOCIEC AV VEUONC OVTIXELUEVLY, XATATUIONG Xou AexTinhc Tepypaprc. To dataset
nepthauBdvel téve amd 200.000 euxdvee, nepinou 1,5 exatoppdplo ENIONUELDOELS oVTIXEEVLDY Xou 80 xatnyopleg
AVTIXEWEVOVY OTwg dvipwrot, {oa, oyfuata xou xonuepwd avtixelyeva. Ilapéyovton axpifeic xotatuioec yo
x&de avtixelpevo, poll ye avaryvoploTixd onueio yio Ty extiynon e avilpdmivne nélac. Kdéde ewxdva cuv-
odevetan and mévte heldviee, npoc@épovtas Touxiles mepLypapéc.

To MSCOCO vunootnpilel apxetéc cpyaoies, cuUTeptAUUBoVOUEVODY TNG aviYVEUONC AVTIXEWEVWY, TNG XATYT-
HLOMG, TNG EVIOTUGUOU YOQUXTNEIO TIXOY OMUElWY, TNG AEXTIXNG TERLYPAPNC EXOVWY XOL TNG TUVOTTIXAS XATAT-
pone. To obvoho Bedopévewv elvar mowxiho, ye exdves and war eVpelor YHGUA XUINUERVOY OXNVEY ard OAO TOV
xbopo, napouotdlovtac avTixelyeva oe puotxd neptBdhhovto avti va efvon amopovwuéva. Autd napéyel éva peah-
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10 TG 6OVORO Bedopévemv Yo TNV extaldeuon Lovtéhmy. Ot avagpopés elvar LPNATC TOLGTNTOS XL ETLONUELWOUEVES
and avipwnoug, eacparilovtag étol axplPr) exnaideuon xou aflordynorn. H ewxdva 5.1.1 napoucidlel xdmota
napadetypota tou dataset MSCOCO.

Figure 0.0.19: ITopadeiypota Tou cLVOAoL dedopévewy MSCOCO.[53]

VQAv1

To Visual Question Answering vl (VQAv1) dataset [4] elvor éva clvolo dedopévewv oyedlacuévo yia épeuval
OTOV TOUEN TNG OMEVTNONG OTTIXWY EpwTACEWY. AUT6 TO GUVOLO Sdedouéviv cuVBUAlEL TO OmTiXd TEpLEY SUEVO
plag eleovog Pe TNy emegepyacio UOAC YAWMOoAS, XAMGTMOVTAS TO WS Vel TOAITILO gpYahelo yiot TNV avamTudn
HOVTEAWY TEYVNTAC VONUOCUVNG TOU UToPOVY VAl XATUVOTIOOUY XOU VO OXEPTOUY TEAYHATO OYETIXG UE ELXOVEC.

To clvoho dedouévwv VQAVI mepihaufBdver 500 BlopopeTinolc TUTOUG EXOVWV: TEAYHATIXES ELXOVES Omd TO
oUvoro dedopévey MSCOCO xa agpnenuéves oxnvéc. Kat ol 8o tinol e€unnpetolv povadixols 6xonols oty
exmaldevon xou a€lohéy o Twy wovtéhwy VQA. Ot nparypatinés emdveg elvar uYmAnc TotoTnTag, QUOLKES EXOVES
ToU xatarypdpouy xadnueptvéc oxmvéc pe xowvd avtxelyeva. Eivaw mhololeg oe Aemtopépelec , nopousctdlovtag
oL PWTIOUOY, YOOV X POVIWY. Ol EpWTACEL Yl TEAYHATIXES ELXOVEC OmAUTOUY omtd Tol LOVTEAN VL
xaTovorioouy mepimhoxec omtixée mAnpogoples xan oyéoeic. Avtideta, ou agnenuévec oxnvéc oto cUVOAO Oe-
dopévey VQAV] eivan ouvdetinéc exdvee xoptoldv mou dnuoveyRdnxay yenowonowvtac clip art. Autéc ou
APNENUEVES OXNVES OYEDACTNNAY YIO VAL EAEYYOUV GUYXEXPUIEVES TTUYEC TNG OTIXNGC XATOVONONG ot oxEPNG
Ywelg TNY TOAUTAOXOTNTA TWY EXOVKY TOU TeayUaTxol xdouou. O apnenuéves oxnvég elval Ayotepo omtixd
TOAUTAOXEG, UE Capr] xaL dloxpLtd avTixelpeva xat dpdoelc. Auth 1 aTAOTNTA ETUTEENEL TOV TUO EUXOAO EAEY YO
%ol TNV AGAANAETIBEAOY) CUYKEXQIIEVLY GTOLYEIWY UECO OTNY OXNVT VLo TNV dNplovpyic G TOYELUEVLY EpWTHOEWY.
Ot apnenuéveg oxNVEC EMXEVTROVOVTOL GTO VoL OTOUOVIOCOLY CUYXEXPWEVES OTTIXEC V) VONTIXEC epyaoles, OTwC
T XOTAVONOTN TWV OYECEWY UETAUED AVTIXEWEVLV 1| 1) Baoint] avary vadpton avTixeiuévay. Hopoadelyuota epwthoeny

7

yioe agpnenuéveg oxnvég eivon "Tu xdver o oudl;" A "TL xoitder o dvtpag;".

Ou anavtricelc 010 cOvoho dedopévewy VQAVL mowdhhouvv oe popph xat TOmo, xoAUTTOVTaS Vol eupl (pdoua
BUYNTIXWY EPWTACENY TOU PTopoVY v yivouv yia wot emédva.  Autég ol anavthioelg ywpllovion oe opxetéc
xatnyople: Amavtijoas Nai/Oxt elvon amhég duadnéc omavtAoES GE EpWTACELS OYETIXE UE THY Topovaia,
v xatdotoon 1) TRy evépyela mou anewxoviletar oty eodva. Ov Apiunuicés Aravtioes elvon anavifoelc
o€ epWTAOELS OV TEPLAUBAVOLY TNV UETENom avTelévay 1 T xadopioud nocothtwy (t.y. "Iléou and ta
eNdpror xoyrovvton;" xou 1 amdvinon Yo unopoloe va eivar "Eva"). Ov Xdvroues Anavtijoes eivan oOvtopes
TEQLYPAUPLXES UTAVTHOELS TTOU TaPEYOUY TANEOPORIEC OYETIX UE DLdpOopES WOOTNTES, EVERYELEC 1) avTixelueva otV
eovo (t.y. "TIpoc ol deiyver to moudl;" ("Mapd"), "Tu dOinuo xdvouy;" ("Mnrélunor")). O Anavtioes
Avorytov TUmou elvan mio moAOTAOXES AmMAVTHOELS OV unopel var tepthouPBdvouy oxédm 1 epunveio Tng oxnvic
nou anewxoviletow oty edva. o mapdderyua, pnopolue va €youue wo epdtnon tou tonou "Tatl teéyel o
Svipwrog;" xou n amdvtnon va elvar "T'io vor tpordfBet To Aewpopelo". Autd ta mopadelyuorta gaivovta eniong
oty ewdva 0.0.20.
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: —
Q: Where is the kid pointing? Q: What sport are they playing?

() yes (b) no

(a) yes (b) no (@1 2 ()3 4

@1 (42 (®)3 4 (g) white (h) red () blue (i green

Ez)) ;‘:‘r‘f ::‘)’u';" E'r;;""‘fm ot :J:)gs’::”sople dorit get vt 5 i (k) tennis (1) bodily functions (m) scissors  (n) mississippi and meade
(0) down (p) mom () pharos (1) ketchup pickle relish mustard (o) baseball (p) frisbee (q) soccer (r) its advertising object

Q: What is the man in gray pant's job?

Q: How many people are in the picture on side of refrigerator?
- (a) yes (b) no
(a) yes (b) no @1 (@2 (@3 04

@1 (d)2 €3 (04 () white (h) red ) blue (i green
(g) white (h) red () blue () green (k) cop (1) umpire (m) snowflake  (n) banker

(k) 108 mph (1) banana, apple (m)7  (n) 10 many (o) chef (p) speedboat  (q) 10: 32 (r) males

(o) fruitsalad (p) fullswing (@) 5 (r) vattenfall strom fur gewinner

Q: What is the color of freebee? Q: Is this person's face painted?

(a) yes (b) no (a) yes (b) no

1 (2 (e)3 4 1 (d) 2 (e)3 M4

(g) white (h) red (i) blue (i) green (g) white (h)yred () blue () green

(K) brick (1) peach (m) hill (n) vitamin ¢ (k) 4496 ) not (m) camera film (n) keyboard, mouse, booklet
(o) brown (p) christleton  (q) bonsai tree  (r) black (o) stairs (p) n200  (q) public storage () pasta, sauce, meat

Q: How old is the child? Q: How many umbrellas are in the photo?

(a) yes (b) no (a) yes (b) no

1 (d2 (e)3 Ha 1 )2 (@3 M4

(g) white (h) red (i blue @) green () white (h) red (i) blue (j) green

W6 12 (m) 10 () mechanics (i 20 UEN (m) max payne  (n) 62

(05 (p)waithere  (q) mad (r) recording studio (0) 12 (p) dresses (q)3to5 (1) two way traffic
Q: How many of the deer are sleeping? Q: Where is the blanket?
() yes (b) no (a) yes (b) no
©1 (d)2 (€3 Ma (@1 2 (e)3 M4
(g) white (h) red @ blue () yellow 3 | (g) white (h) red () blue () yellow
W5 () leftofpond (m)13  (n) plants and cat (k) fat (1) lying down  (m) bed (n) utensils
(0) tree base _ (p) cement (@) 0 (r) green, blue and yellow (0) on bed (p) grass (@) ground (1) watching child

@ What type of wildlife is this park overrun with? Q: What is for dessert?

(a) yes (b) no (a) yes (b) no

@1 (d) 2 [CH M4 ©1 (d) 2 (@3 M4

(g) white (h) red (i) blue () yellow (g) white (h) red (i) blue () yellow

(k) eating (I) deer (m) mosquitoes  (n) soup (k) cake ) pie (m)a (n) doll and dollhouse
(0) birds (p) ants (q) girl's (F) woman on right (o) ice cream  (p) yellow book (q) cheesecake  (r) there are no fish

Figure 0.0.20: ITapadeiypate Tou cOVoOAo dedouévwy VQAVL . Epwthiocic TOMATAGY EMAOYOY
poli pe tic mbovéc anavTACELS TOUS Yiol TRy UATIXES Xol OPNENUEVES oxnvéC.[4]

AZlLoroymom tou Teitou Kwdixonownty
MeéOdodogc AZordyTnone

T v aglohéynon tov CLIP-3Modal emxevtpwifixape oe epyooiec avdxtnone emdvac and xelpevo xou to
avtiotpopo ywelc Ty éxdeon Tou povtélou ot dedouéva Tou cuVOLoU aElohoYNoNC. XENOUWOTOCAUE SLdPopES
apyrtextovinég tou CLIP mou nopéyovion and to OpenCLIP w¢ Bdon yio v aglohoynon yoc. Exteréooue ta
nelpdutd pog ot apyttextovixég pe ViT xwduconointéc edvag xan BERT 1 TH w¢ xwduonomtée xewévou. Autd
TOL TPOEXTALBEVUE VY LOVTER EXTUBEDTIXAY oF 32 Bloexatopulpta delyuota Tou cuvérou dedouévev LAION-2B
[73]. Auté pog mapéyer éva xahd onueio exxivnong vy Tov tpito xwdixonomnt pac. T Ty tapduetpo Pdpouc
a o1 CUVEETNOY ATWAELAS pag, yenotwonololue a = 0.65. Ilopoatneriooue 0Tl YEVIXE TO UOVTEAO S TNYolvel
%xaAOTEROL 6TAY TO BAPOC TNG UTOAELS UETOEY ELXOVOG X0 TIORAY OUEVEV AEXTIXWV TEQLYPAPAOY EIVOL PEYOAUTERO
ané 0.5.

Metd Ty exnaldeuct) Tou WOVTEAOU HOG, CUYYWVEDOUUE TIC EVOWUATOOELS TOU XEWEVOU XUl TWV TOQOYOUEVLV
REXTIXAY TEPLYPAPEY, VLol VoL ABOLUE Lol TEMXT evowudtwon Yo To xelyevo. Ta ) ouyydveuor twv e£68wy
TalpVoupE €vay GUPOLOUN TWY EVOWUATMOEWY TOU TUEEYOVIOL OO TOUSC XMOLXOTOINTES TOU XEWEVOU oL TWV
TOEAY OUEVLY AEXTIXOV TEQLYQAPEYV:

Xensemple =0T + (]. - ﬁ) -G, B e [O7 1] (001)

omou T xou G elvol To EVOWOUATOUATE TOL TOEAYOVTOL ON6 TOUC XWOLXOTOWTES TOU dpyixol XEWWEVOU XoL
TOV TOEAYOUEVWY AEXTIXWY TEPLYEaPOY. Me TNy xatdAAnAn emhoyy tou Bdpouc, o Tpltog xwdixomointhic Yo
XAUTOUPEREL VO EVOWUATMOOEL ETUTAEOY TANPOQOplEC oL eVioyVouV Tic TpofBAédelc mou €xel KdN pddel to Pooixd
povtéro. Xe authv v mepintwaon, yenotponotolue napdueteo avduene S = 0.9. H 1déa nlow and authy v
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LPNAY T Tou B elvar 6Tl YENOUUE TOL EVOOUATOUITO TOU TRITOU XWOLXOTONTH VoL EMNEEGCOUY TO ANOTENEGUA,
oA TapdhAnhar oL odhoryég mou Vo TpoxaAEoouY Vo efval PXEES £0TL WOTE Vol BLATNENCOUUE dpXETO UEPOS TNG
apyic TAnpogoplac. Mia perétn mdvew otny TapdueTpo avduelEng napouotdletal otov mivaxa 2.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/B-32 39.7 65.4 75.6 56.3  79.8 87.1
C3M-ViT/B-32 40.2 65.9 75.9 57.0 80.6 87.5
CLIP-ViT/L-14 46.5 71.1 79.8 63.3 84.0 90.8
C3M-ViT/L-14 46.8 T71.2 80.0 63.6 84.1 91.0
CLIP-ViT/H-14 49.4 734 81.5 66.0 86.1 91.9
C3M-ViT/H-14 49.1 733 81.5 66.0 86.2 91.9

Table 1: Baowxd anoteAécpata yenoiponotwvtag To CLIP-3Modal poali ue to BLIP-2 yia
TNV nopaywy” Stahéyou. To CLIP-3Modal Beltidvel tny avdxinon oe oyeddv xdde neplntworn. H
a&tordynon yiveta 6to MSCOCO xat 1600 oL xOXOTONTES EXGVIC OO0 XAl XEWEVOL EYOUY TEOEXTIUOEUTEL
oto LAION-2B Dataset.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

Baseline (8 =1) 39.7 65.4 75.6 56.3  79.8 87.1
B8 =0.95 39.9  65.7 75.8 57.1 804 87.3
B8 =0.90 40.2 65.9 75.9 57.0 80.6 87.5
8 =10.80 40.0 65.6 75.8 56.3  79.6 86.2
B8 = 0.60 38.7  63.8 73.8 53.7  75.6 84.8

Table 2: Ov vdnAéEg TILES TNG TOEAUETEOL AVAULENG BEATLOVOULY TNV AT6B500T], EV® OL
UIXPOTERPES YELPOTEREVOLY TNV ENIBOOY TOL LOVIEAOL, plyVovIog TN XdATw ATO TO
Baowxd povtero. To [ unodnidver Ty napdpeteo Bdpoug aviwine. To wixpd Bdpog 6Tov xwdxonointh
TAPAY WY NG AEXTIXWY TEPLYPAPOY WPEREL TIC CUYYWVEVUEVES EVOWUATOOELS DLUTNEWVTOC TLE ApYLXES
TANEOQYOEIEC UTO TO TPOEXTIUDEVUEVO HOVTENO Xol EVLOYVOVTAS TEC UE DIUPOLETIXES IOLUTEPOTNTEG TNG ELOOOOU
dlahdyou. To xaldtepa anoteréoparta eppaviotnxay yio S = 0.9.

YAoroinom

Exnoudedooye tov tpito mipYo Omwe MEpLYpdpeTol TUpandvw, YENOWOTOLMVTIS ¢ BAon BlapopeTixd Tpoex-
noudeupéva povtéha CLIP (oto LAION-2B) Bociopéva oe ViTs, yia T xdxomoinot twy emévey (Topéyovot
and 1o OpenCLIP). H exnaidevorn tou tpitouv xwdixonomti oto CLIP-3Modal-ViT/B-32 Swpxel nepinou 1
opa avd enoy oe ploo GPU, mou elvon onpavtixd Aydtepog ypdvog and tny exnoldeuor tou Bactxol poviéhou.
Bootoope v aZohdéynon poc oto MSCOCO [53] peretdvtac v anddoon avdxinone ywelc npocopuoyy| ot
oWTO TO GUYXEXPWEVO GUVOAO BEBOUEVWY, YPNOWOTOLOVTIS TNV (Bl ueTeixy| aglohdynong mou yenolponoirinxe
ané to OpenCLIP. Katagépoue vo Eenepdoouye to poviého tou OpenCLIP oty avdxtnoyn t6co exdvag 6co
X0 XEWWEVOU Ywplc TpoocapuoYT, pe teprddplo ond 0.3% éwe 0.8%. Iepioodtepes hentouépeies mopouoldlovTol
otov Iivaxa 1.

Agaipetinég MeAéteg

Xowpic Avauegn llpooditepa npoteivoye éva ayfuo avdpeiEne yio tnv allohoynon tou CLIP-3Modal
otV avdxtnon yweic tpocapuoyn. Ilopd ta unooyodueva amoteréopata, VEAOUPE Vo BOUUE AV O TROTELVOUEVOS
Tpitoc xwdonomtic unopel va otadel pévog tou ywele avduellrn. ‘Onwe uropolye vo Solue otov Ilivaxa
3, o Tpltog xwdononTtig Bev anodidel TOAD xohd dtav aflohoyelton povog tou. Autod elvon Aoywnd emeldy| 1
TpooapuoyY BAdntel TN yevixeuon mou elye o xwdononthc and TNy mpoexnaldevon tou. I'a autdv Tov Adyo,
XENOWOTOLOUUE TOV TEITO XWOLXOTOLNTH OE GUYOUAOUS UE TOV dEYIXO XWOLXOTOLNTY XEWEVOL.
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Image Zero-Shot Retrieval

Text Zero-Shot Retrieval

R@1 R@5 RQ@10 R@1 R@5 R@10
CLIP-ViT/B-32* 342 60.0 70.6 52.4  76.3 84.3
C3M-ViT/B-32LLaVA 34.9 60.7 71.2 52.9 77.1 84.7
C3M-ViT/B-32LLeVA (only 3rd)  27.5 51.3 62.4 39.8  66.9 76.5
CLIP-ViT/L-14 46.5 T1.1 79.8 63.3 84.0 90.8
C3M-ViT/L-14 46.8 T71.2 80.0 63.6 84.2 91.0
C3M-ViT/L-14 (only 3rd) 35.8 61.4 71.8 44.3  69.8 80.1
CLIP-ViT/H-14 49.4 73.4 81.5 66.0 86.1 91.9
C3M-ViT/H-14 49.1 733 81.5 66.0 86.2 91.9
C3M-ViT/H-14 (only 3rd) 19.9 413 52.3 31.0  57.0 68.9

Table 3: O Tpitoc xwdxonoinTthc weeieiton LovVo 6Tav Asittovpyei npocVetind. H
TpocopUoYY PAANTEL Tr TANPOYOoplo Tou €xel Ydlel To YovTENO and TNV TpoexTaldeuon 6Tov TplTo
xwdononth. 201600, TaPEYEL VEEC TANEOPORIEC OTOV AEYIXO XWOLXOTOLNTY XEWEVOU TOU UTOPOLY VoL
rapatnendoly petd ) cuyyvevon toug. * lpoexnoudedtnxe oto LAION-400m.

I'evetixd Movtého Xty Evotnra npoteivaye éva véo potiBo mopaywync yia ta cuvietnd delyuata
dlakdyou. Ilo ouyxexppéva, avtl yioa to BLIP-2, ypnowonowoaue to LLaVA v1.5 yio tnv napayoyn dtahdyou.
Emniéov, alhd€ape tnv arinienidoaon pe to povtéro. Avtl va xdvoupe 800 dlaboyixéc epwTHOELS OYETIXG UE
™V exdvoL xou Ty povaldixdtntd tne (BLIP-2), {ntdye ond to yoviédo (LLaVA v1.5) va Peet tpelc epwtioels
TIOU TEPLYPAPOLY TNV ELXOVA XAl VOL TLC ATOVTHOEL.

o v agloddynon twv VEoV eloddwy, evdvoupe oo to (ebYn epdTnong-andvinone. XTr oUvEyEld, To
TopEYoLUE we eloodo oto povtého CLIP-3Modal. ‘Onwe pnopodue vo dodue otov Ilivaxa 4, to cuvdetind
dedopéva mou dnuovpydnxay pe to LLaVA v1.5 xou 0 véa alnienidpoomn ye 1o Yovtého BeATidVOuY TNy
anédoor tou CLIP-3Modal oe xdie nepintwor. Xtov Ilivaxa 5

Image Zero-Shot Retrieval Text Zero-Shot Retrieval

Generative Model R@1 R@5 R@10 R@1 R@5 RQ10
CLIP-ViT/B-32* - 34.2  60.0 70.6 52.4  76.3 84.3
C3M-ViT/B-32 LLaVA 34.9 60.7 71.2 52.9 T77.1 84.7
CLIP-ViT/H-14 - 494 734 81.5 66.0 86.1 91.9
C3M-ViT/H-14 BLIP-2 49.1 73.3 81.5 66.0 86.2 91.9
C3M-ViT/H-14 LLaVA 49.6 73.5 81.7 66.6 86.5 92.1

Table 4: H aavtixatdotaocm tou BLIP-2 pe to LLaVA BeAtiodvel Tnyv anddoorn 1600 oTiC
TMEPLNTWOELG E 6000 xou X welc avdueldn. * Xpnoonoooue 10 TEOEXTUSEVPEVO LOVTEND GTO
LAION-400m ovt{ tou LAION-2B. BAénoupe 611 to LLaVA xou to véo potifo napaywyrc npocpépouv
XUAUTEPA AMOTEAESHATA OTNV avdxTNon. Axdua xou to povtélo Bootopévo oto ViT-H-14 uneptepel tou

Baowxol povtéhou, xdtL mou dev emtelydnxe Ue Ta dedouéva mou mapdyovton amd to BLIP-2.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval

Generative Model R@1 R@5 R@10 R@Q1 R@5 RQ10
CLIP-ViT/H-14 - 494 734 81.5 66.0 86.1 91.9
C3M-ViT/H-14 BLIP-2 19.9 41.3 52.3 31.0 57.0 68.9
C3M-ViT/H-14 LLaVA 30.4 55.5 66.5 46.0 71.7 80.3

Table 5: Ta dedopéva tou tapdyovtal e tTo LLaVA BeAtidvouy enlong tnv anddoor Tou

Teltou xwdixomownTyH 6Tay AstTtovpyel Lovog Tou. Elva eugoavéc 6Tl tar Bedouéva mou mopdyovTol

ané to LLaVA xou to npdtuno gpwtiocwv-anaviioeny Bondoldy 10 TpoexTaldeudévo xeBLXOTOINTY XEWEVOU
VoL Slatne|oeL TEPLOGOTERPES TANEOYOplEC and TNV TEOEXTALBEVST ToU.
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Arnoteléopata

Metd and npocextt| e&étaon xdde nelpdpotoc mou Sielhyoue ToEoLCLECOUUE THY XUADTERY XATOYEYROUUEVN
an6doon xdde CLIP-3Modal povtéhou otov Ilivaxa 6. Biémouye 6ti 1 pédoddc poc, evioyupévn ue to QA-
Cevydpta mou mapdyovton and to LLaVA mapéyet, to xahbtepa anoteléopata ot Eenepvd To Pooixd poviého
CLIP »ou v magorhayt tou CLIP-3Modal nou yernowonotel to yovtého BLIP-2.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@l R@5 R@10 R@l R@5 R@10

CLIP-ViT/B-32 39.7 654 75.6 56.3  79.8 87.1
C3M-ViT/B-32 40.2 65.9 75.9 57.0 80.6  87.5
CLIP-ViT/L-14 165 711 798 633 84.0 90.8
C3M-ViT/L-14 46.8 71.2 80.0 63.6 84.1  91.0
CLIP-ViT /H-14 194 734 815 66.0 86.1 91.9
C3M-ViT/H-14LLaVA 496 73.5 81.7 66.6 86.5  92.1

Table 6: To CLIP-3Modal BeAti®vel TNy anddoon o x&0e TOTO AVEAXTNONG E UNBEVIXTA
npocapoyn. llapuxdtw napovsidlovton to wovtéha ye tnv xahitepn anédoaon. Biénoupe oti to povtéro
pag uneptepel Tou Baoctxol OpenCLIP oe xdde neplntwon,.

AZiohoynon DRAFT
MéOdodog AZordynone

Yty Evétnra , npotelvoupe pior evadhoxtixny| npocéyylon nou npocopuoler to CLIP oe xeevinég eioédoug
He woppn dlakdyou. Ta var mopatneicouUe TNV omOTEAECUATIXOTNTA TN Uedddou pag, v allohoyhoaue ot
epyaoiec Andvinone Ontixdv Epwtioewy (Visual Question Answering - VQA) ypnowonoudvtog 1o olvoro
oedopévey VQAv1. H aflohdynon tewv yoviéhwy tomou CLIP ot tétolou eldoug epyacieg nepihopfdvel tn peto-
Teomh} Tou tpoPifuatoc VQA oe npdBAnua avixtnong e undevixr Tpocdployy|. LUyXexpLuéva, dedouévne Wiag
ELXOVAC, PLOC EPMTNONG XAl OAWY TV N TdovodY anavTACEWY, CUVEVMVOLUE XA¥E andvInon Ue TNy epwINnoT Tng
yio vor dnuiovpyiooupe N Leuydpia epdtnonc-andvinone. Xtn ouvéyela TeoBAEmouUe T0 owoté (evydpL evToni-
Covtog moto Leuydipt Exel T UeYUADTEPT OUOLOTNTO CUVNULTOVOU PE TNV exova. Auth n dadcacio aneixovileto
oto Yyfua 0.0.21.

Evé xdmolol npotelvouy ) Aentouepn mpocopuoyr tou CLIP oto chvoho exmaldevong npty and tnyv agloAoynom,
TEOTWOVUE Vo aflohoYOUUE Tal HovTéha Uoc Ywele xopla éxdeon oe Selypato tou cuvérou dedopévwy VQA.
Avuty| 1) mpocéyylon aflohoyel xahhTepd TNV TEOGUPUOYT) TOU HOVTEAOU YENOWOTOLWMVTAS To UVIETIXE Bedouéval
dlahdyou and to LLaVA. Emniéov, oto Myrua 0.0.21 gaiveton 6TL ta Leuydipla eptdTnong-andvTnone 6To aOvoho
dedopévwy aflohdynong elvor dlaopeTind amd Tar eXTEVY) LEUYEELO EPOTAOEWV-UTOVTACEWY TOL TAEdYOVTOL Xt
TN Sudpxela TNE exnaldevong.

Agob mpocapudoouue To YovtERo pag Yo eloodoug Epdtnonc-Andvinong, axoloudolue tny mopamdves Si-
adocior YPTOULOTOLWVTIS TO TPOCUPUOCHUEVO XWOXOTONTY XEWEVOU YLO VO EVOWUATOCOUNE TO CUYYWVEUUEVL
Cevydpta epdtnonc-andvinone. Emniéov, ypnowonotolye tny teyvixnh avdue&ne and to Agordynon tou Teitou
Kwodixomounty, n onolo cuvdudlel ToV TPOCUpUOCHEVO XWOXOTONTY XEWWEVOU UE TOV dPYIXO XWOLXOTONTY| and
70 Bacxd CLIP. Iliotebouye bti 1 npocéyyion npocopuoyhc Touéa unopel vo Beltidoet Ty anddoon VQA dtav
ouvdudletan pe to Baoxd CLIP. A&ohoyrioouue T0 LOVTENO GE TPAYHATIXES ELXOVES XOl OPNENUEVES OXNVES OO
0 VQAvI.

Anoteléocpata

Exnoudetooue 1o yovtého pag yenoylomoldvtog wa opyttextovixs) CLIP Baciouévn oto ViT-B-32 nou napéyeton
an6 to OpenCLIP. To Bacwd yoc poviého exnoudeltnxe oto cuvolo dedopévwy LAION-400M. O netpayotiopol
pog degnydnoay eite ye 2 1 pe 4 GPU A100, pe ypdvoug exnaldevong meplnov 16 Aemtd xan 9 Aentd ovd
enoyn, avtiotoyo. H anddoon tne uedddouv pac oe agpnenuéves oxnvéc VQA goiveton otov Hivaxa 7, evd ta
anoteréopata Yoo VQA oe mpaypoatixéc exxodves mopovoidlovtar otov Iivaxa 8.
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Question: "What is the man looking at?" Question: What is the man looking at?
Answer: monkey bars

Posible Answers: "monkey bars",
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Figure 0.0.21: Mé€908og aZiohdynong VQA yia povtéra tumou CLIP. Yuvevdvouue xdde mdovn
ATAVTNGT| UE TNV EPWTNOT| XAl YENOLLOTOLOVUE TNV EOVAL YLal Vo Bpolue To {euydipl eptdTnonc-andvTInong To
E)EL TN UEYOAUTERT OUOLOTNTA GUVNULTOVOU UE TNV ELXOUAL.

‘Onwe @atvetol, 0 TEOCUPUOGUEVOS XWBIXOTONTAE XEWEVOU BEATIOVEL ONUAVTIXG TN SUVATHTNTA TOU UOVTEAOU
VoL anavtdeL epwTHOELS Pactopéves ot emdves. AUTd To amoTENECUATA AVTITPOCWTEVOLY éva Biuo Tpoddou oTny
avenBrentn mpocapuoyn twv woviéhwy CLIP oe véec yhwoowéc vnodeileic. To poviého yog unepéyel tou
apyol CLIP ot epyaoiec VQA pe onuovtind neprdoplo, ywelc va et et delypota and 1o chvolo Sedopévwy
VQA. Auth n Behtlwon tovilel v cuvelo@opd g Yeddd0u TEOCUPUOYHS HAC KoL TWY TURAYWUEVLY BEBOUEVLY
oty avgnon tne axplBetag Touv CLIP oty andvinomn epwthioewy.

Visual Question Answering (VQAv1)
Abstract Scenes

Model Epochs  Accuracy
CLIP-ViT/B-32 - 9.88%
Ours-ViT/B-32 6 10.68%

Ours-ViT/B-32+blend 12 11.54%

Table 7: H pn€8086¢ pag xepdilel to Baocwxd CLIP ot agnenuéves oxnveég Touv VQAVI, pe
xou yweic avauerdn. To Bacixd poviého CLIP, tou napéyeton and to OpenCLIP xou exnoudedtnxe oto
oOvoho dedopévev LAION-400M, emtuyydver axpifBeio 10.68%. To 8ixd poc povtého avddvel Ty oxpifela

xotd mepinou 1.7% pe v avduelln Tou TpocHpUOGHEVOU XL TOU dpYIX0U XwdxoTonTn xewwévou (ue 8 = 0.9).

Xenowonolvrog T u€Bodo TpocopUoYNc HaG, TO HOVTEAOD QalveTouva €Yel Wi onuavTix adénon oty
an6doo1| Tou oto VQA mpdfBinuo.

Agpoupetinég Meléteg

Andiera MMD T vo aglohoyriooude v enidpaotn tne Andhetoc Méyiotne Méone Andxhone (MMD),
TEAYUATOTOL|OUUE TIELOGUOTO APAULEECEWY EXTOUOEVOVTAC TO UOoVTéAO pog wévo pe tov avtetixd otdéyo. O
nivoxag 9 avadeviel Tov xplowo péro tne anwietag MMD ot Behtiwon g anddoong tou CLIP oe VQA
npoPBAfuara. To suphuotd pag unoypauuilouv T onuocio e evowpdtwone e andielac MMD ot Swobixaocta
TPOGUPUOYNC.
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Visual Question Answering (VQAv1)
Real Images

Model Epochs  Accuracy
CLIP-ViT/B-32 - 26.2%
Ours-ViT/B-32 2 23.6%
Ours-ViT/B-32+blend 3 28.3%

Table 8: H wé¥08dbg pog Bertidvel TNy axpifeia 0Tig Tpayatixés etxdveg Tovu VQAv1
UECW® TNG AVAUELENG TV xwdxoTownTHV xethévou. To yoviélo Baoixrc obyxpione CLIP, nou
nopéyetar and 1o OpenCLIP xou exnoawdebtnne 610 cUvoro dedopévwy LAION-400M, elye opyixd axp{Beta
23.6%. Qotboo, ye TV aVIUEET TOL TEOCUPUOCUEVOU XOIXOTONTH XEWEVOU PE TOV 0PYIX6 XOIXOTONTY
xewévou (pe S = 0.9), Behtidooye onuovtind v axpifet, oto 28.3%, mou vneptepel tou CLIP xotd 2.1%.

Visual Question Answering (VQAv1)
Abstract Scenes

Model Epochs Batch Size Accuracy
CLIP-ViT/B-32 - - 9.88%
Ours-ViT/B-32 6 1536 10.68%
Ours-ViT/B-32-+blend 12 1536 11.54%
Ours-ViT /B-327° MMD 6 6144 9.46%
Ours-ViT/B-32-+blend"> MMD 12 6144 10.24%

Table 9: H enidpact tng Anwieiog MMD ctnv andé8007 TOL TPOCAPOCEVOL
xwdixonointh xelpévou. H evowpdtwon e andietag MMD otnyv exnoideuor enttpénel 6to HoVTéNO Uog
vo Eemepdioel To Paod poviého CLIP-VIiT/B-32 otg agnenuéves oxnvéc tou VQAvL. To yovtéla mou
exnoudel Ty Ywelc v anwieioe MMD, napd tn yerion yeyaridtepou yeyédoug naptidog yio Behtiwuévn
uddnon e avTtdlasToAy, Edetlay younidtepa tocootd axplBeloc oe olyxplon Ye Ta avtioTolyo LovTENA Tou
exnoudeltnxoy pe v andietr MMD. Evd 1 avdpeln (blending) éptiade tnv anddoon, dev avuotdduce
TAewe TNV anouacia g anwAietag MMD, Selyvovtac €tol Tov xplowo pdho tne otn Bertiwon tne anddoorg
oto VQA mpdBinua.

Avdxtnon ywelc tpocogoY”

I va Bel€ouue oL 1 pédodog pwog dev BAdntel T yevixeuon tou poviehou CLIP, tnv a€iohoynooue ot epyaoleg
avdxtnong ywelc tpocapuoyy) xou cuyxpivoue ta anoteréopato ue to CLIP xou v Beitiwuévn pog pédodo, to
CLIP-3Modal. H obyxplon gaiveton otov mivaxa 10. To povtého pog Bedtiwoe tigc fodtuohoyieg avdxinong tou
Baowolb CLIP o 6heg Tic epyaoiec avdxtnong xa ehagppng uneptepel Tou CLIP-3Modal o opioyévec epyasieg
AVEATNONG AELWEVOU.

Yvpnepdopata xaw MeAhovtixeg Ilpoextdoelg

Y UUTERAOUATA

Mmnopolue vor Solue €66 OTL N yprion Uiog EMTAEOV TEOTXOTNTOC Elval €vag epixtdg TeoTog Peltiwong twv
HOVTEAWY exdvoc xou xelévou. O mapaywywde didhoyog, mou elvon mhololog oe emnpdodetec TAnpoopieg
X0 CUUPEOCOUEVA, UOC EVETVEUCE VO TOV EVOWHATWOOUUE OTIC OPYITEXTOVIXEC ExOVac-xewévou.  Apyxd
EVOWUATOOUUE EVaY ETUTAEOV XwBXoTOWTH oTNy apyttexToVXn Tou CLIP povtélou yio va cupneptidBoupe véeg
TEOTUXOTNTES XUTA TN Bldpxela TNS dladuxaciag exmaldeuong, enextelvoviag €Tl TO UTEEY WY HOVTEND EOVOC-
xewévou. Emmiéov, napovoidoaue ) uévodo DRAFT, pla xoawvotéuo uédodo Yo TNy TeoCUpUoYT) LOVTEAWY
tonou CLIP o€ Sidpopa xewevixd otuk (.., Sidhoyoc) yenouwomoudvtas wdinon ye avudlao Tohf xat gudu-
yeduuon xatovoumy. Migoluevol tny npocéyylon exnoideuvong tou CLIP xou evduypappllovtoc Tic xatavouée
OUOLOTNTOG TOV BLUPORETIXWV XEWWEVIXMDY ELOOBWY UE TIC avTioTolyes emdvee, emdellaye BeATiwuévn anddoon oe
EPYUOIEC AMAVTNONE OTTIXWY EPWTACEWY EVE TAVTOYPOVA SLUTNENCUUE TNV IXAVOTNTA YEVIXEUOTC TOU LOVTEROU.
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Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/B-32 342 60.0 70.6 524  76.3 84.3
C3M-ViT/B-32LtaV4 34.9 60.7 71.2 52.9 77.1 84.7
Ours-ViT /B-32+blending 34.8  60.4 71.0 53.1 76.6 84.8
C3M-ViT/B-32L%V4 (only 3rd) 27.5 51.3 62.4 39.8  66.9 76.5
Ours-ViT /B-32 254 49.0 60.6 36.7  64.3 75.5

Table 10: X 0yxpion anddoorng oc gpyacicg avdxtnong ywels npocapuoyr. H npocéyyior pag
ureptepel Tou Paoctxol CLIP-VIT/B-32 oe 6hec Tic yetpnéc avixtnone. Me 1 dthipnon tne andietoc CLIP
xoTd TN Bidpxeila TNe exnaidevong, 1 wEVodoC Yag Slatneel TNV tavdTNTA TNS YeViXEuomg Ve BeATudvel TNV
amod00T PECW TNE AVAUEENE TWY EVOWUATOOEWY.

Emuniéov, dmotdooue étt 1 andhete Maximum Mean Discrepancy (MMD) eivar WSioaitepa amoteleopotind
TNV TEOCUPUOYT] TV XATAVOUMY OUOLOTNTAS, XEVoVTds TNy xploo ototyelo tne uedoddou mpocopuoye Hac.
Téhog, dellope 6Tl N avapelln TV TUEOHETEWY TOL BAcIN0) HOVTEAOU UE QUTES TOU TEOCUPUOGUEVOL XWOIXOTOL-
Nt xewévou Behtiidvel nepontépw TNV anddoon).

MeArovTixég Ilpoextdoelg

Yto péhhov, oToyedoupE Vo OVOAUGOUUE TEQPULTERW TNV EVOWHUATWOY TOoU Teltou xwdxononth oTa Yoviéia
tomouv CLIP xau va e€etdoouye evolhoxtinég emhoyég yia T Teltn tpomxdtnta. Kou yia Tic 800 mpooeyyi-
oelg, oyeddloVUE Vo TELPUUATIOTOVUE Ue Dldpopa YEVETIXE HOVTEAA Xou SLdpopa GTUA Yyl TN dnutovpyia Tev
TP YOUEVLDY XeWEvwy. Emmhéov, Vo Sieldyouue nepatépw mewpdpota yia T wédodo DRAFT, cupnepiloy-
Bovouévng tng adpyixAc TREOCOPUOYT G TOU UOVTENOU Ttply amtd TNy o€loAOYNOT OF EQYACIEC AMAVINGNG OTTLXEDY
EPWTHOEWY, aXOAOUTOVTISC TO TPOTEVOUEVO TpwTdXoAAo a&lohéynone. ‘Eva nolld unooyduevo enduevo €pyo
nepthapfaver Ty egapuoyy) g uetdédov DRAFT o povtéha xwdixononthi-anoxwdxononth avti yio anhd wov-
Tého xwdwonomnt énwe to CLIP. Téhog, 1 évvoia g avdueine mopaétpwy TpocpEépel €va TOAD EVOLUPECOY
medio €pELVAC AOYW TWV CHHAVTIXWY OPEANDY TNE Yo TI¢ uevddoug exnaidevong pog. Ta va fertidooupe tnv
OVAUELET), CHEPTOUUCTE VAl TELPOUATIO TOUYE UE TLO QUVOXEC TPOCEYYIOELS, OTWS 1) XWOVUEYY U€om Tyr, avti
yioe TNV amhr} tpécdect) Tou TeoTdinxe ot aUTAY TNV gpyaoid.
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Chapter 1. Introduction

1.1 Self-supervised Learning

1.1.1 Overview

Self-Supervised Learning aims to provide rich representations and deep feature learning avoiding the use of
annotated data as in Supervised Learning which defines the difficulty of practical deployment of Deep Learning
nowadays. These methods made rapid advancements in recent years leading them to be comparably efficient
to fully supervised pre-training methods and sometimes even surpassing their efficiency [42, 24].

Research on self-supervision motivated by the cost of manual annotation on datasets. With self-supervised
methods we can design pretext tasks in order to obtain free labels to use on supervision for training a
discriminative deep model. Specifically, we can train deep feature representations without annotation in
order to train a deep neural network to solve a downstream task using comparatively little task specific
annotated data compared to supervised learning.

As we mentioned above with self-supervised learning we are learning tasks that require to predict one part
of the input or derive a label given another part of the input. We are able to see that self-supervision
is in contrast with supervised learning. With supervised learning we try to predict a manually provided
target output. In other words we train a generative model to estimate the density of the input data or
learn a generator of them. Each Self-supervised method differs on the strategy for deriving labels to predict.
This choice of the pretext task determines how effective the obtained representations will be in different
downstream tasks. Some results suggest that besides the pretext task, the representation quality is also a
logarithmic function of the amount of the unlabeled data. If this suggestion holds then we can achieve better
performance just by the use of larger pre-training sets that would be allowed by the improvements in data
collection and computing power [29].

These methods became popular across a variety of modalities such as image, text, speech, video and graphs.
They managed to improve the sample efficiency of learning across the above modalities and also, boost
diverse downstream tasks including: simple recognition, detection & localization [29], dense prediction [29],
anomaly detection [25]. Furthermore, they lead to improvements on data efficiency of transfer learning [27,
28], semi-supervised learning [87] and active & meta learning [18§].

Pseudo-Label Self-Supervised Downstream
Generation Process Pre-Training Task Adaptation
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Figure 1.1.1: Self-supervised learning pipeline. The self-supervised workflow starts with an unlabelled
source dataset and a labelled target dataset. As defined by the pretext task, pseudo-labels are
programmatically generated from the unlabelled set. The resulting inputs, x and pseudo-labels z are used
to pre-train the model k. (hgy(-)) — composed of feature extractor hg and output k, modules — to solve the
pretext task. After pre-training is complete, the learned weights 8* of the feature extractor hy- are
transferred, and used together with a new output module g, to solve the downstream target task.[24]

1.1.2 Definition

At first we have to define the problem that self-supervised learning tries to solve and contrast it to the already
known learning methods such as supervised and unsupervised learning [24].




1.1. Self-supervised Learning

Definition 1.1.1: Supervised Learning

Let a labeled dataset D; = {acgt)7 yz(t)}i]\él where D; where IV is the number of samples. Assume we have
a problem, which we manage to solve in D; by building a predictive model, § = f(x) that estimates the
label y. For deep learning application as ours, the predictor is composed of a representation extractor
function hg and a classifier or regression function g.:

f(@) = go(ho(z)) (1.1.1)

So, we train our model to minimize a loss function L:

argmin 3" Llge(ho(xi”), ")) (1.12)
T @ u)eD;

i

The main problem on this approach is that hy may have hundreds of millions trainable parameters to fit
which requires millions of labeled samples on dataset D;.

Definition 1.1.2: Unsupervised Learning

In contrast to its supervised counterpart, unsupervised learning tries to learn from unlabeled data by
estimating a density function over the input data or building a generative model. These techniques vary
from Gaussian Mixture Models [33] to Generative Adversial Networks and Variational Autoencoders
[27]. Other approaches focusing on learning latent representation such as clustering and autoencoders
[27]. Following our previous notation, assume we have an autoencoder, our objective is to minimize a
loss of reconstruction:

argmin 37 L(gg(ho(;”), (") (1.1.3)

(wif'))eDi

where hg extracts a feature representation and g, reconstructs the input x given the representation
h9 (:E)

Now, we can see self-supervised learning as a special case of unsupervised learning where we don’t have to
reconstruct the input or estimate a density probability. Instead we build a pretext task P that exploits
knowledge about the data.

Definition 1.1.3: Self-supervised Learning

Let Dy = {acgs)}i]‘il be an unlabeled source dataset, where M > N (unlabeled dataset is significant
larger than the annotated), our objective is to make use of D; and Dy s together to learn a predictive
model f(z) = g,(ho(z)). We create process P as our pretext task in order to generate pseudo-labels
and an objective to guide learning. Given the source dataset Dy we generate pseudo-labels z and data
points P(Dy) = {z;, 2z} M.

Let Dy = P(Ds) = {xi, 2}, be the new pseudo-labeled dataset and k., be the pretext model. We
try to optimize the self-supervised objective on the new dataset D,:

9*:argng’ivn S Llky(ho(:), 2)) (1.1.4)
(xi,2:)€EP(Dys)

Finally we discard the pretext function k, and keep only the optimized representation function hg-.
We use hg- as a partial solution to solve the target problem using model g, (hg-(-)).

Because parameters 6* are well fitted, thus we have to learn only a minority of parameters in order to solve
the downstream task. There are two common ways to solve the above problem using 8%, fine-tuning and
linear-readout.
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Figure 1.1.2: An illustrative comparison between Self-supervised Learning, Supervised
Learning and Unsupervised Learning.

1.1.3 Pretext Tasks

As we noted before, the pretext task determines the nature of the self-supervised method. We can divide the
literature in four broad families of tasks: masked prediction, transformation prediction, instance discrimina-
tion, clustering.

Masked Prediction

For masked prediction tasks the process P removes a part of the input data and we train our model to fill in
the missing data. [46] proved that masked prediction is not restricted only in natural language application.
In particular, they took a source instance :cgs) and produced two new views x; and z; containing parts of the
source. They showed that if there is a conditional independence between x; and z; given the downstream
label, then by estimating that label we can predict z; from the source xgs). There are various examples of
tasks across all modalities. We can hide words for language modeling as in BERT [20], hide time-slots in

speech [7] or hide a region of an image for inpainting [61].

Transformation Prediction

Assume the input has a canonical view and we applied a certain transformation to change it. We have to train
the model to predict which transformation applied on the input. In computer vision, we can apply rotations
to the raw images and requiring the network to predict the rotation angle [26]. In temporal data, such as
videos, speech or other time-series we can shuffle the temporal order of the signal and train the network to
predict the original order [72, 95].

Instance Discrimination

In this family, each input on the dataset is treated as its own class. The model is trained to discriminate
between different instances. There are a few variations of this technique. The most straightforward way to
manage the problem is to one-hot encode each instance on the dataset and with a categorical cross-entropy
predict the correct instances [21]. However, the use of categorical cross-entropy loss become intractable for
large datasets. Researchers suggested a more efficient way to approximate this loss by using contrastive
methods. Specifically, they inspired by metric learning and contrastive estimations [32] and the core idea
is to predict if a pair of inputs belongs to the same class instead of predicting the exact class. There are
a lot established self-supervised frameworks in this family. For vision applications there are MoCo [31] and
SimCLR [13], for speech we have CPC [59] and for multimodal applications, such as visuo-linguistic, there is
CLIP [64].
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Clustering

The clustering based methods traditionally focused on dividing the input data into a number of groups
with high intra-group and low inter-group similarity (e.g. K-Means). However, in self-supervised learning
applications, they aim to learn a good feature extractor instead of clustering assignments. Major examples
in this category include ODC [12] for vision and XDC [2] for multimodal.

Pseudo-Label Generation Processes
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Figure 1.1.3: Pseudo-label Generation Processes. Illustrative examples of the way pseudo-labels are
generated in the four families of pretext tasks of our taxonomy: transformation prediction, masked
prediction, instance discrimination and clustering. An additional depiction is included of the popular
version of instance discrimination using contrastive losses. Squares represent inputs x while circles portray
the feature vectors of those inputs, hg(z).[24]
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Chapter 2. Theoretical Background

2.1 Contrastive Learning

2.1.1 Overview

Contrastive learning, as a subset of self supervision, has been a major technique in recent state-of-the-art
machine learning models, such as CLIP [64]. It relies on the use of multiple semantically related samples
whose representations are then made as similar as possible. These are called positive samples in this context,
and are often derived from the same underlying sample, under different transformations. Aside from views
of the same sample, contrastive methods also make use of negative samples, which are considered to be
semantically different from the original one. These are often obtained from random samples within the same
batch [13] or from a past history of samples from the model [36]. By using these negative samples, the model
is able to improve its representations, by learning to distinguish between samples which are different to each
other. This form of representation learning has become immensely popular in the context of image-text
models, being an integral element of several state-of-the-art works in this setting [64, 97].

2.1.2 Definition

Contrastive learning has become a popular technique for unsupervised learning in the past few years. The
term ’contrastive learning’ originally introduced by Arora et al. [6] as algorithms that remind of the well-
known word2vec [58] that advantages the form of positive pairs containing semantically similar data points
and negative samples. In a more formal way, we assume the existence of a positive pair (x,x%) ~ Dy, and
k ii.d. negative samples x|, %5, ..., ¥, ~ Dpeg which are presumably unrelated to z. The positive pairs can
obtained by taking two independently random augmented views of the same sample e.g. two crops of the
same image. The main objective of contrastive learning is to maximize the semantic similarity of the positive
pair and minimize it for all other pairs formed by the negative samples. Cosine similarity became the most
common similarity function for these tasks as a result of its simplicity.

. x' -y
COSS'Lm(X,y) = m (211)

Another perspective of contrastive learning given again by Arora et al. [6] in which we form latent classes
and each augmented view belongs to the class the original data point defines. Then the objective for this
task is to minimize a cross-entropy loss across all classes.

2.1.3 Contrastive Loss

In the same way, we define the contrastive loss as a variation of the popular cross-entropy loss. A widely
used loss for contrastive learning which used in previous works [13, 79, 92, 59] is the NT-Xent (Normalized
Temperature-Cross Entropy Loss). Suppose we have a mini-batch of size N and a positive pair (z;,z;) and
every other pair counted as negative then the loss defined as:

exp(sim(x;, x;)/T)

SO Ly exp(sim(zi, x1.) /7)

NT—Xent __
li,j = —log

(2.1.2)

where 7 is a temperature parameter. The above loss can be seen as a variation of another popular loss for
contrastive learning objectives, the InfoNCE which proposed by [59] and applied by [100] for contrastive
representation learning of (image,text) pairs on medical imaging. The InfoNCE loss defined as:

InfoNCE _ _ exp(sim(zi, z;)/7) (2.1.3)
d Zivd exp(sim(x;, xx)/T)

Again we suppose we have a mini-batch of size N and (x;,z;) is a positive pair while all the other pairs
assumed negative.
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2.1.4 Alignment & Uniformity

In their work, Wang and Isola [91] introduced two key properties of contrastive loss: 1) alignment, 2)
uniformity. These two are quantified measures of the representation quality. In particular, alignment
assures that the representations of both samples of the positive pair will map to nearby features and uniformity
secures that feature vectors are preserving as much information of data as possible because they should be
roughly uniformly distributed on the unit hypersphere.

Definition 2.1.1: Perfect Alignment
We can say that an encoder f is perfectly aligned if f(z) = f(y) a.s. over (x,y) ~ Dpos.
Definition 2.1.2: Perfect Uniformity

We can say that an encoder f is perfectly uniform if the distribution of f(x) for x ~ D, is the
uniform distribution ¢,,_; on S™~!, where S™~! is a Borel space.

We can see that we can’t have perfect alignment and perfect uniformity at the same time, that scenario
implies that each augmented view of a data point should have the same feature vector to have perfect
alignment. However this does not forms a uniform distribution, thus we not satisfy the uniformity limitation.
Quantifying the above properties we can obtain the following two metrics:

Definition 2.1.3: Alignment Loss
Alignment loss is defined as the expected distance between positive pairs (x, x1):

laign(fia) £ B [lf(@) = f@ll5], a>0 (2.1.4)

(z,xt)~Dpos
where f is an encoder and D, the distribution over the positive pairs.
Definition 2.1.4: Uniformity Loss

Uniformity loss is defined as the logarithm of the average pairwise Gaussian potential:

luniform(f;t) £log  E [e‘t“f(”“')‘f(y)”g} , t>0 (2.1.5)

Bollo@h

(z,y)~Dgata

where f is an encoder and Dg,¢, the distribution over the data and Gaussian kernel (Radial Basis
Function (RBF) kernel) is defined as G; : S x 8¢ — Ry [17, 9):

Gi(u,v) = e tlu=vllal = 2eulv=2t (2.1.6)

They proved that contrastive loss optimizes for both alignment and uniformity asymptotically and found
strong agreement between both metrics and downstream performance. Let L ontrastive D€ the contrastive loss,
T a temperature parameter, f an encoder and inner product (-) the similarity function. Then, asymptotically
for M negative samples we have:

1 _
lim 'Ccontrastive - logM = - E [f(x)Tf(x+)] + E log E ef(x )Tf("c)/‘r:| (217)

M—o0 T (xvx+)NDpos z~Dagata r~Dgata

where,

e — . exp (£(2) T f(z1)/7)
Lcontrastwe(fa 7M) (z,ﬁ%ﬁippos 1 g exp (f($)Tf($+>/T) — ZZ exp (f(x;)Tf(xj)/T)

{7 ¥M ~3id Dy,

| ei




Chapter 2. Theoretical Background

We can see that the first term is minimized if and only if f is perfectly aligned and the second term if and
only if f is a perfectly uniform encoder.

2.1.5 Applications in Computer Vision

The most popular frameworks for contrastive learning are focusing on visual representations. Two of the
most well-known frameworks of the field are SImCLR [13] and CLIP [64]. Another interesting work on the
field of computer vision is Contrastive Multiview Coding (CMC) [83]. CLIP is analysed in the next chapter
as one of the fundamental components of our work.

CLIP

Radford et al.[64] made a large step forward in multimodal learning for image-text data with their CLIP
(Contrastive Language-Image Pre-training) model. Their work proposed a contrastive learning scheme to
embed both the image and text in a shared multimodal representation space. CLIP made major progress
in zero-shot image classification and multiple challenging distribution shifts. A more extensive analysis on
CLIP is available on Section 3.1.

SimCLR

SimCLR showed that the composition of multiple data augmentation operations is crucial in order to yield
effective image representations via a predictive task. In this specific work proposed a series of transformations
which achieve a good performance. In particular, they crop the input image and resize it back to the original
size, then they used random color distortions and finally a random Gaussian blur. After the augmentation
stage they used ResNet [34] as a base encoder for feature extraction. For the prediction task they formed
a mini-batch of size N and augmented every sample inside it, which formed 2N data points. They did not
use negative sampling as in other works, but they simply treated the augmented pairs as positive and every
other pair as negative, resulting to N positive pairs and 2(IN — 1) negative pairs. As mentioned before, they
use cosine similarity to measure the semantic similarity between two data points. Finally, for the prediction
task, they used the NT-Xent contrastive loss across all positive pairs in the mini-batch (both (z;,z;) and

(), ;).

Maximize agreement

Zi - Zj
ol o0)
h; <— Representation —» h;
F0) fC)

Figure 2.1.1: SimCLR [13]

2.1.6 Applications in NLP

Most recent works on NLP approaches of contrastive learning focused on sentence or phrase representations
and text generation . In particular, we have to mention CoNT (Contrastive Neural Text Generation) [3]
and SimCTG [80] for text generation, Quick-Thoughts [57] which proposed an efficient way to yield sentence
representations and UCTopic [49] which focused on phrase representation and phrase mining. Notably for the
text generation methods, CoNT samples examples from its own predictions which exposes the model on its
own mistakes, using an N-pairs contrastive loss and incorporate the learned sequence similarity score directly

10
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Unmatching view

Matching views

Figure 2.1.2: Contrastive Multiview Coding framework [83]

to inference stage. SImCTG encourages the model to learn discriminative and isotropic token representations
and introduces contrastive search as a decoding method.

2.2 Multimodal Representation Learning

2.2.1 Overview

Multimodal research has been on the spot for over 50 years trying to design agents with intelligent capabilities
such as understanding, reasoning and learning in the same way a human does. Multimodal learning is a very
active field of research in many disciplines. Deep Learning took the world by storm the past decade which
popularized again the research on the multimodal domain giving the tools to unlock new capabilities and
perspectives of elements used in machine learning. The main modalities used for machine learning research
are: language, vision, acoustics, touch, physiological signals and mobility. Various applications such as self-
driving cars [93], text-to-speech technologies [5], video understanding [81], image and text generation[67, 77],
embodied agents [10], multisensor fusion [47] are bringing us closer to our goal for intelligent systems in
domains such as robotics, healthcare and multimedia affective computing and human-computer interaction.

Each modality has 3 key principles: heterogeneity, connections and interactions [52] which have driven
subsequent innovations. Modalities are heterogeneous due to the diversity of the information’s qualities and
structure, for example, vision often captures as images while language as a text created by a set of characters.
Connected are the modalities that are often related and share commonalities, e.g. acoustics and language
are connected when we have a speech sample and its transcripts. Finally, modalities interact to yield new
information for task inference. These principles lead researchers to a taxonomy [52| of the field containing 6
challenges in recent multimodal learning : representation, alignment, reasoning, generation, transference and
quantification.

2.2.2 Representation Learning

Representations of raw data in a format that a computational model can work with has always been a challenge
in the machine learning community. Multimodal representation learning studies the ways to represent and
summarize multimodal information to reflect the heterogeneity and the interconnections between individual
modalities. However this challenge shows many difficulties such us how to combine different modalities, how
to deal with noise or how to deal with missing data. The ability to represent data in a meaningful way that
contains crucial information about the nature of the entity forms the backbone of every multimodal learning
model. In order to cover the above challenge we divide the field in 3 sub-challenges [52]: representation
fusion where the number of modalities is greater than the number of separate representations, representation
coordination where we keeping the same number of representations but we encourage the cross-modal inter-
action and representation fission where the number of representations is greater than the given modalities

11
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and tries to capture structural information of the data. In Figure 2.2.1 we present schematically the above
sub-challenges.

Representations

Fusion Coordination Fission

Modalities

Figure 2.2.1: Multimodal Representation Learning: Fusion, Coordination, Fission

2.2.3 Fusion

Representation fusion aims to learn a joint representation space that enhance the cross-modal interactions
between different modalities and at the same time effectively reducing the number of separate representations.
We can divide approaches by the stage in which the fusion takes place. As a result we have early fusion
and late fusion. In early fusion we fuse representation at very early stages with minimal pre-processing.
Sometimes, early fusion even involves raw modalities themselves. The most common early fusion technique is
a simple concatenation of the feature vectors. On the other hand in late fusion suitable unimodal encoders are
applied to capture separate representations of every individual modality followed by several building blocks
for fusion in order to learn the joint representation space.

Early Fusion Late Fusion

Fusion » Fusion >
Modaity q *»—/

Figure 2.2.2: Fusion Stages: Early Fusion and Late Fusion

2.2.4 Coordination

Representation coordination aims to learn contextualized multimodal representations that are coordinated
through their interconnections. Coordination tries to keep the number of representations the same as the
number of modalities in a way that enhances the ability to capture multimodal context. At first we have
strong coordination that enforces the equivalence between the modalities. In this category of coordination
contrastive learning techniques are the main subject of study. For example CLIP [64] tries to encourage
the representations of a picture of a dog and the word "dog" be close (semantically correlated) and in
the meanwhile the pair between the picture of the dog and every other word except "dog" (semantically
uncorrelated) should be far apart. Other works showed that contrastive learning provably captures redundant
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information across two views but fails to capture non-redundant [83]. In addition to contrastive learning,
other approaches focusing on learning a mapping of corresponding data from one modality to another in order
to learn the coordinated space [78, 23|. If we want to capture more general connections between modalities we
have partial correlation. Now our approaches do not try to make the two views equivalent, but to coordinate
them in matter of order, hierarchy or other relationships beyond similarity. Works on partial correlation
used CCA (canonical correlation analysis) [82], ordered or hierarchical spaces [89] and semantic relationships
between modalities [98].

—_ e

Closer Further
—/_ [ e
Strong Coordination Partial Coordination
Equivalence Correlation Order Hierarchy Relationships

Figure 2.2.3: Representation coordination: Strong & Partial Coordination

2.2.5 Fission

Finally, representation fission aims to create new decoupled representations, more than the initial modalities,
that exploit internal structure knowledge such us clusters or independent factors of variation. In comparison
with joint and coordinated representation, fission allows a careful interpretation of the multimodal element
and robust controllability of its properties. Depending the degree of the detail represented on the decoupled
vectors, fission methods can be divided into modality level fission and fine-grained fission [52]. In modality
level fission, at first we factorize into independent modality specific information and after into multimodal
information redundant in both modalities. We can see fission as a problem of disentanglement representation
learning, that tries to learn a variation of the data given independent latent variables, where given the
modality specific vectors and the redundant multimodal vector encourages the independence between them
[38, 8]. A suitable technique when its not easy retrain the disentangled model, for example when we have a
large pretrained model, is post hoc representation disentanglement. Works lying in this category using EMAP
(empirical multimodal additive function) [37] in order to retrieve the effects of unimodal interactions given
the cross-modal interactions. Now, fine-grained fission attempts to break deeper into modalities by retrieving
more information like clustering. Recent works suggested clustering approaches like, k-means algorithm
combined with self-supervised contrastive learning in videos [14] or application of k-means algorithm in
representations yielded by unsupervised audiovisual learning [40].

—— [ e

\! >
Modality b —> Modality b %_P_

Modality Level Fission Fine-Grained Fission

Figure 2.2.4: Representation Fission categorization: Modality Level Fission & Fine Grained Fission
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3.1 CLIP

3.1.1 Overview

Recent works have proven that deep learning has revolutionized computer vision. However, there are still
major problems as these approaches require enormous manually annotated datasets and the typical vision
models are good at one task only and require significant effort to adapt to a new one. To address these
problems Radford et al. introduced CLIP (Contrastive Language-Image Pretraining) [64]. The above neural
network is trained on a wide variety of images with natural language supervision available from the web.
Specifically, in order to learn from raw text its pre-training task is to predict which caption goes with which
image. It proved that the above proposal is an efficient and scalable way to learn SOTA image representation.
After the pre-training, natural language is used to reference different visual concepts, enabling zero-shot
transfer of the model on the downstream task. CLIP was evaluated on over 30 computer vision datasets and
a variety of tasks such as OCR (object character recognition), action recognition in videos. geolocalization
and many types of fine-grained classification.

Text
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Encoder
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Image . . . . .
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Figure 3.1.1: CLIP: Contrastive Language-Image Pre-training

3.1.2 Natural Language Supervision

Pre-training from raw text revolutionized NLP the past few years. Various task-agnostic objectives, such
as masked prediction and autoregressive language modeling, became more scalable. Furthermore, task -
agnostic architectures removed the need for specialized output heads after the development of "text-to-text"
as an input-output interface. GPT-3 [11] for example became a widely popular system proving that these
systems are now competitive across many tasks requiring little to zero task specific data for training. In
other domains such as computer vision it is still a common practice to train models with crowd labeled
datasets. The proposed idea was if computer vision systems can learn directly from web text the same way
as in NLP? There are encouraging works and notable strengths of this perception. At first, is easier to
scale natural language supervision compared to crowd-sourced labels for image classification since, natural
language does not require annotation. In addition, supervision with natural language approaches yields better
representations than supervised and self-supervised methods for the reason that connects the representation
to language and enables flexible zero-shot transfer.

3.1.3 Method

CLIP follows the work of CMC [83] in which it was shown that a contrastive objective yields better represen-
tations than the predictive objective. Specifically, CLIP uses contrastive learning and tries to predict which
text "as a whole" is paired with image instead of predicting the "exact" words, which is a difficult task.
Given a batch of N pairs of image-text , CLIP tries to predict which of the N x N pairings occurred. In
order to do this, learns a multimodal embedding space by jointly train an image encoder and a text encoder
to maximize the cosine similarity of the image and text embeddings of the N true pairs, while minimizing
the cosine similarity of the N (2 — N) incorrect pairs. As a task it has to optimize a symmetric cross-entropy
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loss over these similarity scores similar to the InfoNCE loss’ [59] adaption for (image,text) pairs for medical
imaging in ConVIRT [100]. Specifically, for a batch of N image-text pairs (v ,v!),i = 1,..., N, we calculate
CLIP loss as it shows below:

I, T
ZEIHT) ~ _log ;xp (vl ";z /Tj? (3.1.1)
> k=1 XD (Uz’ " Vg /7)
T, 1
1(T2D = _log — P (v! - /TI) (3.1.2)
2 k—1€XP (Ui : Uk/T)
L QA (1) | (o)
_ ‘I—>T AT—>I
Levip = 5N ; (ll +1; ) (3.1.3)

During training time, the only data augmentation applied is a random square crop from resized images. At
evaluation time, the trained text encoder synthesizes a zero-shot linear classifier by embedding the descriptions
of the target image classes. In Figures 4.3.1a and 3.1.2 there are schematical representations of the training
and evaluation of CLIP respectively.
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Figure 3.1.2: CLIP’s zero-shot prediction evaluation. We convert all of a dataset’s classes into
captions such as “a photo of a cat” and predict the class of the caption CLIP estimates best pairs with a
given image.

3.1.4 Model Selection

For the image encoder two architectures taken into consideration. The first is a modified version of ResNet-
50 [34] as the baseline image encoder due to its proven performance and capabilities. Specifically, the
authors used the ResNet-D improvements [36] and the antialiased rect-2 blur pooling from Zhang’s work [99].
They also replaced the global average pooling layer with an attention pooling mechanism. The alternative
architecture proposed used a ViT (Vision Transformer) [22] as the image encoder. For the text encoding they
used a transformer architecture with modifications proposed by Radford et al. in [63].

3.1.5 Limitations

As the authors observed [64], there are still many limitations to CLIP. While CLIP’s performance on common
object recognition is well, it struggles on more abstract objects or more systematic tasks. In particular,
counting the number of objects or predicting the depth of an object in the image are tasks that CLIP
underperforms. On these tasks, zero-shot CLIP slightly outperforms random guessing. Furthermore, it
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struggles compared to task-specific models on fine-grained classification tasks such as telling the difference
between car model, dog breeds or flower species. CLIP also has poor generalization to images that are
not covered in its pre-training dataset. For example, while zero-shot CLIP is evaluated on MNIST it only
achieves 88% accuracy, well below 99.75% of humans. Finally, it was observed that CLIP’s zero-shot classifier
is sensitive to words and phrases and requires trials and error prompt engineering in order to perform well.

3.1.6 OpenCLIP

In our work, we use the pre-trained CLIP model provided by the OpenCLIP codebase [41]. OpenCLIP is an
open source implementation of OpenAl’s CLIP which enabled the training of CLIP models on a variety of
data and compute budgets.

3.2 Transformers

3.2.1 Overview

In this chapter we will have a look on Transformer models, which have took the world by storm the last 7 years
since their original proposal by Vaswani [88]. At this time Transformers have state-of-the-art performance
across may tasks and datasets in a broad range of domains such as Natural Language processing, Computer
Vision, Audio Processing. Their advantage over traditional methods is that Transformers can be trained
using vast unlabeled data. As a result, very large Transformer models and improvements in the usage of
unlabeled have led to applications that supersede their supervised counterparts and give valuable solutions
in real-world problems.

Transformers are models that are based only in self-attention mechanisms [88|, without using any CNNs or
RNNs. We can classify them in 3 basic categories 1) autoencoding Transformers which are a stack of encoders,
2) auto-regressive Transformers that are a stack of decoders and 3) sequence-to-sequence Transformers which
is a stack of encoders followed by a stack of decoders. The input of a Transformer is a word embedding,
however in the seq-to-seq case we need a positional embedding as well. Encoders consist of a self-attention
layer and a neural network. Each encoder passes its output as input to the next encoder in the stack. Decoders
on the other hand, contain a self-attention layer, followed by an encoder-decoder attention layer and a neural
network. This architecture results in SOTA applications and faster training times than the traditional CNN
and RNN architectures. BERT [20] (Bidirectional Encoder Representations from Transformers) should be
considered one of the most characteristic Transformer architectures in literature. BERT is a general purpose
transformer-based architecture that achieves SOTA results in various Natural Language Processing tasks
and datasets. Furthermore, we can consider BERT as a deep bidirectional autoencoding Transformer. More
specifically, each input word represented as a token embedding, a segment embedding and a positional
embedding. In training time, BERT randomly masks a small segment of input embeddings and the goal is
to complete the masked words by training the self-attention encoders. Finally, the output representation
consists of the hidden state of the classification token which serves as an input in the classification head that
is fine-tuned on top of BERT.

3.2.2 Attention
Self-Attention

Transformer models perform computations in parallel using self-attention [88] blocks, unlike the traditional
Sequence Models that perform all computations sequentially. In this part, we have to formally define how the
Self-Attention mechanism works. Let us have a sentence containing n words. We start by representing the
n words in the sentence by using word embeddings so the result should be a d-dimensional vector z; € RZ.

So, our sentence should be the n x d matrix X = [z1,...,2,] € R("*d)  Because this representation does
not take into account the surroundings of each word in the sentence, self-attention calculates in parallel n
self-attention representations A, ..., A, for the n words. For each embedded word z; € R% we calculate a

query ¢; € R%, a key k; € R%* and a value v; € R% represented as row vectors of the matrices X, @, K and
V', by linear projecting the X into the d-dimensional space of the queries, keys and values as shown below:

18



3.2. Transformers

Q=XWqy, K=XWg, V=XWy (3.2.1)

and

q; = $iWQ7 hl = LUZ'WK, v; = .TiWV (322)

where Wg, Wik and Wy are learned d x d matrices and g;, k; and v; are the i-th rows of the @), K and V
n X d matrices. Then we compute the self-attention representation A; as the softmax of the inner product
between ¢; and k; (both of dimension dj) for j = 1,...,n multiplied by the values v; (of dimension d,).

exp( Qz i)
mK [ 2.
(V) Z >, explgiky) (32.3)

if we calculate the sum for all the n words, we have a scaled dot-product attention with scaling factor ﬁ

as it shows below:

A(X) = Attention(Q, K, V') = softmax <Q T> Vv (3.2.4)
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Figure 3.2.1: Self Attention Mechanism

Multi-head Attention

Multi-head attention performs self-attention multiple times. Instead of inner products, the query, key and
value vectors are multiplied by matrices W,? , W,f{ , W}Y for each head h = 1,...,m and the multi-head
attention representation are:

WREQWEKT

Ap(X) = Attention, (Q, K, V) = Atten‘cionh(VV}?Q7 WEK, WYV) = softmax < NG
k

) Vo (3.2.5)

for each embedded word i. The m multi-head attention representations Ay (X) for h = 1,...,m are concate-
nated and multiplied:
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Secaled Dot-Product Attention Multi-Head Attention

Figure 3.2.2: Attention vs Multihead Attention. Left: The Scaled Dot-Product Attention. Right: The
Multi-Head Attention module. [88]

MultiHead(X) = Concat (A (X), ..., A, (X)) WO (3.2.6)

where WO is a learnable md x d matrix. In order to compute the multi-head attention, we first calculate
the sum of the embedded sequence X of n x d dimensions and the position encoding P as input. Next, for
each attention head, we compute queries ) , keys K and values V represented by d x d matrices, which are
passed to the multi-head attention layer whose output is of dimension n X d.

3.2.3 Architecture

Given sentences of embedded words, a Transformer may be used for diverse tasks such natural language
understanding, text generation and translation of a sentence from one language to another. A Transformer
consists of encoder or decoder blocks or both.

Positional Encoding

The position of words is required for the computation of the attention score. The positions of the words in
the sentence are encoded as a position embedding by sine and cosine functions and added to X [88]. More
specifically, position embedding matrix P is a n X d matrix and defined by:

. pos pos
Ppos2i =sin | ———7 |, Ppos,2i+1 = €08 | ———+ 3.2.7
pos;2 <100002d’) pos2it (100003) (38.27)

where pos is the position of the word in the sentence, d is the dimension of the word embeddings and
it =1,...,d is the dimension index. By adding the positional embedding P to X allows the model to learn to
attend to relative positions.

Encoder

The encoder block takes as input a matrix X of embedded words. The position encoding is added to the
embedded words to form the input X + P. We then compute the queries @, keys K and values V and pass
the through a multi-head attention layer whose output is fed to a feed-forward neural network. In order to
create an encoder, a block consisting of multi-head attention and a feed-forward neural network is repeated
multiple times.

Decoder

The output of the encoder is fed to the decoder bock, which predicts the translated sentence. The decoder also
comnsists of of multiple blocks of multi-head attention, which are fed into feed-forward neural networks and add
positional embeddings to the inputs. Both the encoder and the decoder may consist of residual connections
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between blocks and add normalization layers before the feed-forward neural networks. The output of the
decoder is fed through a linear layer followed by a softmax layer. During generation, the decoder predicts
new words, whereas during training , the decoder predict masked words from the input. The encoder-decoder
architecture is shown in Figure 3.2.3
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Figure 3.2.3: The Transformer-model architecture [88]

Training

Pre-training a Transformer is computationally expensive and most often involves vast amounts of unlabeled
data. The most common optimization objectives for pre-training language models are 1) masked word
prediction, which is predicting a random deleted word in a sentence or predicting the next word; and 2)
classifying whether two sentences follow each other or not. This computationally expensive step is usually
done once , followed by a relatively fast fine-tuning step. In fine-tuning, the pre-trained model is tuned on
a specific dataset and task. Fine-tuning may be performed on a relatively small dataset very efficiently for
specific usage. Pre-training followed by fine-tuning is referred to as transfer learning.

Transformer models

Transformers may be roughly split into three classes. At first we have autoencoding transformer models that
only use an encoder and they are suitable for natural language understanding. These encoder transformers
perform well in tasks such as question answering, sentence classification and other tasks that require to un-
derstand the whole sentence. In this category we include BERT [20] and its improvements such as RoOBERTa
[56]. BERT is based on the Transformer architecture and uses a mask token for training but not for testing.
BERT predicts multiple mask tokens in parallel without modeling direct dependencies between different pre-
dictions. RoOBERTa improves on BERT’s training and results by fine-tuning hyperparameters. Next, we have
auto-regressive transformers that use only a decoder. These architectures are suitable for text generation. In
this category we can fine models such as GPT [62], GPT-2 [63] and GPT-3 [11]. Finally, architectures that
have both an encoder and a decoder called sequence-to-sequence transformers. In this category we can find
models like BART [48] and T5 [65]. Such models are suitable for translation, summarization, paraphrasing
and question answering by generation.
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Figure 3.3.1: ViT. Model overview [22]

3.3 Vision Transformer

3.3.1 Overview

Vision Transformers [22] (ViTs) represent a transformative advancement in the field of computer vision,
applying the principles of transformer architectures from natural language processing (NLP) to image data.
By leveraging self-attention mechanisms, ViTs have redefined the capabilities and performance of image
recognition models, achieving state-of-the-art results across various benchmarks and applications.

The journey of transformers began in NLP with models like BERT [20] (Bidirectional Encoder Representa-
tions from Transformers) and GPT [11] (Generative Pre-trained Transformer). These models revolutionized
language processing by effectively capturing contextual relationships within text data through self-attention
mechanisms. Inspired by this success, researchers adapted the transformer architecture to handle visual data,
leading to the development of Vision Transformers. This adaptation involves processing images in a manner
that enables the model to learn and infer complex visual patterns and relationships.

3.3.2 Architecture

The core innovation of Vision Transformers is the self-attention mechanism, which enables the model to
weigh the importance of different parts of the input data dynamically. For an image divided into patches, the
self-attention mechanism calculates the relationships between patches to understand the image as a whole.
In Figure 3.3.1 is presented the process that described above.

HW
P2

is then flattened into a vector x, € R” *-C These flattened patches are linearly transformed into embeddings

Given an input image z € RT*WX*C the image is divided into N =

patches of size P x P. Each patch z,

26 = Wp), + by, (3.3.1)

where W, € RP*F *C and b, € RP. A classification token z{ is added to the sequence of patch embeddings,
and positional embeddings Ep,s € RWADXD are added to form

20 = [28§Zé§-~-;zév_1] +Epos (332)
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The sequence zq is processed by L layers of a Transformer encoder. Each layer consists of Layer Normalization,
Multi-Head Self-Attention (MHSA), and a Feed Forward Network (FFN). Specifically, the processing within
each layer is defined as:

hatze—1 = LayerNorm(zp_1), (3.3.3)
Zé = 2[71 + MHSA(@[,l), (334)

and
2 = zy + FFN(LayerNorm(zy)) (3.3.5)

After L Transformer encoder layers, the classification token 2{ is used for the final classification. The output
is obtained by applying Layer Normalization followed by a Multi-Layer Perceptron (MLP) head:

21, = LayerNorm(zy,), (3.3.6)
and
y = MLP(39), (3.3.7)
where
MLP(LE) = 2Whead + bhead (3.3.8)

In summary, the Vision Transformer can be formulated as

y = MLP(LayerNorm(z?)) (3.3.9)

where zy, is the output after L Transformer encoder layers applied to the sequence of image patches with
added positional embeddings.

3.3.3 Applications of Vision Transformers

Vision Transformers have achieved state-of-the-art performance in image classification tasks, surpassing tra-
ditional CNN-based models on benchmark datasets like ImageNet [19]. By leveraging their ability to capture
global context, ViTs can accurately classify images across diverse categories. In object detection and seg-
mentation, Vision Transformers excel by attending to relevant regions of an image and understanding their
spatial relationships. This ability leads to precise localization and segmentation of objects, even in cluttered
or complex scenes. ViTs are also used in image generation and understanding tasks, such as image synthesis,
image captioning, and visual question answering. By modeling the joint distribution of images and textual
descriptions, ViTs facilitate multimodal interaction and content generation.

3.3.4 Challenges

Regardless of their impressive capabilities, Vision Transformers face several challenges. The quadratic com-
plexity of the self-attention mechanism can be computationally expensive, especially for high-resolution im-
ages. Techniques like sparse attention and efficient transformers are being explored to mitigate this issue.
Furthermore, Vision Transformers typically require large amounts of training data to achieve optimal perfor-
mance. Enhancements in data augmentation and semi-supervised learning can help reduce this dependency.
Finally, understanding the decision-making process of Vision Transformers can be challenging due to their
complex architecture. Research in explainable Al aims to make these models more transparent and inter-
pretable.

3.4 T5

3.4.1 Overview

The T5 model [65], or "Text-To-Text Transfer Transformer," is a transformative neural network model
developed by researchers at Google Al Introduced in 2019, T5 is designed to handle a wide variety of natural
language processing (NLP) tasks within a unified text-to-text framework. This groundbreaking approach
involves converting all NLP tasks into a text generation problem, allowing T5 to utilize a single model
architecture to address tasks such as translation, summarization, question answering, and classification.
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3.4.2 The Text-to-Text Transfer Transformer Framework

The primary innovation of T5 is its text-to-text framework (Figure 3.4.1). Traditional NLP models often
require task-specific architectures and loss functions. For instance, classification tasks typically use models
that output a probability distribution over classes, while translation tasks generate sequences of words. T5H
simplifies this by converting all tasks into a text generation problem, creating a more flexible and cohesive
approach to NLP.

[ "translate English to German: That is good."

"Das ist gut."

"cola sentence: The
course is jumping well."

"not acceptable"]
"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi..”

"six people hospitalized after
a storm in attala county."

Figure 3.4.1: Diagram of the T5 framework [65]

In T5, both inputs and outputs are sequences of text. This means that the model can be trained on a
single objective and can handle various tasks by interpreting and generating text strings. For example, for a
translation task:

Input: "translate English to French: How are you?"
Output: "Comment ¢a va 7"
For a summarization task, in the same way we have:
Input: "summarize: The quick brown fox jumps over the lazy dog"
Output: "The fox jumps over the dog"
Finally in a question answering task, we could ask the model a question as it is shown below:

Input: "question: Who wrote 'Pride and Prejudice’? context: 'Pride and Prejudice’ is a novel by Jane
Austen."

Output: "Jane Austen".

This text-to-text paradigm simplifies the process of training and fine-tuning the model across different tasks,
leveraging a consistent training objective. Moreover, it enables the use of transfer learning, where the
knowledge gained from one task can be beneficial to another, improving overall performance.

3.4.3 Architecture and Training

T5 is based on the Transformer architecture, specifically employing the encoder-decoder structure originally
introduced by Vaswani et al. [88]. The Transformer architecture is known for its self-attention mechanisms,
which allow the model to weigh the relevance of different parts of the input data dynamically.

The T5 model as a Sequence-to-Sequence Transformer pertain to Encoder-Decoder architecture category,
as we discussed in Section 3.2.3. An example of the model stracture is given in Figure 3.4.3. The encoder
processes the input text sequence and transforms it into a set of context-rich representations, consisting of
multiple layers of self-attention and feed-forward neural networks. The decoder generates the output text
sequence based on the encoded representations and the previously generated tokens in the output sequence. It
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also consists of multiple layers of self-attention and feed-forward neural networks and attends to the encoder’s
output representations as a sequence-to-sequence transformer.

T5 was trained on a massive corpus derived from the C4 dataset (Colossal Clean Crawled Corpus) [65],
which is a cleaned and filtered version of web-crawled text data. The training process involved multiple
phases. First, the model was pre-trained. TH uses a denoising autoencoder objective where spans of text
are masked, and the model is tasked with reconstructing them (Figure 3.4.2). This encourages the model to
understand the context and generate coherent sequences. After that, during fine-tuning and generation, T5
uses a technique called teacher forcing. In this approach, the model receives the correct sequence of previous
tokens as input during training, which helps stabilize and speed up the training process. For text generation
tasks, TH often employs beam search, a decoding strategy that maintains multiple hypotheses at each time
step and selects the sequence with the highest overall probability. This approach helps produce more accurate
and coherent outputs.

Original text

Thank you fef inviting me to your party [ast week.

Inputs
Thank you <X= me to your party <v-> week.

Targets
<> for inviting <v> last <7~

Figure 3.4.2: T5 pre-training unsupervised objective. In the original text, some words are dropped
out with a unique sentinel token. Words are dropped out independently uniformly at random. The model is
trained to predict basically sentinel tokens to delineate the dropped out text. [65]

Implementation Details

T5 is available in multiple sizes, ranging from small models like T5-Small with 60 million parameters to
large models like T5-11B with 11 billion parameters. This range allows users to balance performance with
computational resources. Key hyperparameters include the number of layers, the size of hidden states, the
number of attention heads, and the learning rate are fine-tuned to optimize performance across various tasks.
Furthermore, there is available a multilingual variation of the T5 model, called mT5 [96].
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Figure 3.4.3: T5 Architecture. The T5 structure is just a standard vanilla encoder-decoder transformer
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3.4.4 Applications

T5 has demonstrated state-of-the-art performance across a wide range of benchmarks and tasks. Some
notable achievements and applications include language translation, summarization, question answering, and
text classification.

In machine translation, T5 can translate text between numerous language pairs with high accuracy, often
matching or surpassing the performance of specialized translation models. In summarization, it produces
concise and coherent summaries of long texts, making it valuable for applications like news aggregation and
report generation. For question answering, T5 excels in extracting and generating accurate answers from
given contexts, performing well on benchmarks like SQuAD (Stanford Question Answering Dataset) [66]. In
text classification, by converting classification tasks into text generation problems, T5 can label text data
effectively, such as identifying sentiment or topic categories. Additionally, T5’s versatility allows it to handle
tasks like text completion, paraphrasing, and dialogue generation, making it a highly flexible tool for various
NLP applications.

T5’s versatility makes it suitable for various real-world applications. In healthcare, TH can summarize
lengthy medical reports, making it easier for healthcare professionals to review patient information quickly.
Additionally, T5 can provide accurate answers to medical questions based on large medical text corpora,
aiding in patient care and research. In the legal industry, T5 can analyze and summarize legal documents,
helping lawyers and legal professionals save time and reduce manual effort. It can also provide answers to
legal questions by referencing relevant statutes and case law, enhancing legal research. In customer service,
T5 can be used to generate responses to customer queries, improving the efficiency and accuracy of customer
service operations. By classifying the sentiment of customer feedback, T5 can help organizations better
understand and respond to customer needs.

3.4.5 Challenges

Despite its versatility and performance, T5, like other large language models, faces several challenges. First,
training and fine-tuning T5 require substantial computational power and memory, which can be a barrier
for many researchers and organizations. The large model size and the need for high-performance hardware
make it less accessible. Second, T5 can inherit biases present in the training data, leading to biased or unfair
outputs. Continuous efforts are necessary to identify and mitigate these biases, especially when deploying the
model in sensitive applications. Third, understanding the decision-making process of T5 remains a complex
task, making it difficult to explain why the model generates certain outputs. This lack of interpretability can
be problematic in applications where transparency is crucial. Finally, the ability of T5 to generate human-like
text raises concerns about its potential misuse, such as generating misinformation or deepfake text.

3.5 Multimodal Transformer (MulT)

3.5.1 Overview

Instead of modeling language and vision independently, multi-modal transformers introduced techniques
to use these modalities together with various applications in multimodal sentiment analysis, search and
generation. For example, DALL-E [67] is a generative model that is trained jointly in text and images. Then
the model receives a text description of an image as its input and generates an image that matches that
description. Another example of multi-modal transformer is MulT [85]. A sequence-to-sequence transformer
used for modeling human language time series. MulT fuses the two modalities using a cross-modal attention
unit. The cross-modal transformer serves to repeatedly reinforce a target modality with low-level features
from another source modality. One of the advantages of MulT is that it performs exceptionally for unaligned
sequences while at the same time it captures long-range dependencies across deifferent modalities.

3.5.2 Core Idea

More specifically, MulT merges unaligned multimodal time-series via feed-forward cross-modal attention. Let
two modalities o and 8 with two unaligned sequences from each denoted as X, € RL=*d> and Xg € REsxds
respectively. L) represents the lenght of the sequence and d() the feature dimension. In the original paper,
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3.6. Image Captioning

the authors inspired by the decoder architecture introduced by Vaswani [88] for Neural Machine Translation,
which translates one language to another. In the same way the proposed cross-modal attention on MulT tries
to fuse cross-modal information by latent adapting the one modality to the other. The overall architecture
is shown on Figure 3.5.1 taken from the original paper [85].
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Figure 3.5.1: Overall MulT architecture on modalities (L, V, A). The crossmodal transformers, which
suggest latent crossmodal adaptations, are the core components of MulT for multimodal fusion. [85]

3.5.3 Cross-modal Attention

For the cross-modal attention unit we define Querys, Keys and Values as Qo = XoWq,,, Kg = XgWk,
and V3 = XgWy, respectively. Where Wg,, € R¥%*d Wi € R% > and Wy, € R%>*4 . Cross-modal
attention is the latent adaption from modality 8 to a presented as CMg_o(Xq, Xg) € RE«Xdv From now
on, we define Yy, :== CMp_,o(Xq, X) for easiest notation. It is noticeable that Y, has the same length as Q,,
however it is presented in the vector space of V3. Because cross-modal attention is basically a cross-attention
mechanism we can easily derive that:

oK} X Wo WE XF
Y, = softmazx (?/de) - Vg = softmax (W) - XgWy,

Now is more clear that Y, computes a score matrix with the softmax(-) € RF=*Ls function which in the
(i,7) position contains the attention given between the ¢ — th timestep of modality « to the j — th timestep
of modality 8. Finally, the cross-modal transformer can be a deep stacking of several cross-attention blocks.

3.6 Image Captioning

3.6.1 Overview

Image captioning is among the key uses of foundation models that employ both image and text models.

Definition 3.6.1: Image Captioning

Image Captioning is the task where we describe a visual content of an image in natural language,
by using a visual understanding system along with a language model that can produce syntactically
correct and meaningful sentences about the given concept.

The main goal of this field is to find the most effective pipeline that can understand the visual information
the image contains, represent it and transform it in a text sequence which captures the connections between
the visual and textual concepts.
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Figure 3.5.2: The left picture illustrates the crossmodal attention CMg_., (X, Xp) between sequences
Xa, X from modalities «, 5. The right picture depicts the deep-stacking of crossmodal attention blocks
that form the multimodal transformer. [85]

In recent years, two models have been prominent in the context of image captioning. The first is Flamingo
[1], a model that operates by interleaving image and text tokens. This allows the model to perform captioning
with a guided prompt, by combining the image tokens with those of the prompt into a single sequence. The
second is BLIP-2 [50], which uses an extra transformer module (called a querying transformer) to combine
the image and text modalities of the underlying models, allowing image captioning by passing information
from the visual module to the language model. This follows the paradigm of foundation models, in that
parts of the large pretrained models can be used as modules in architectures for a variety of tasks, with
only a small part added to enable interaction between the two. Moreover, we shall also notice LLaVA
[65], which connects an vision encoder and a large language model and trains them on produced data while
uses instruction tuning. LLaVA is used for general purpose language-vision understanding and presents
outstanding multimodal conversational abilities.

3.6.2 BLIP-2 (Bootstrapping Language-Image Pre-training)

BLIP-2 [50] represents a significant advancement in the field of vision-language pre-training. It introduces
an efficient and scalable method to combine visual and textual information using pre-trained models. The
core innovation lies in its ability to leverage off-the-shelf frozen image encoders and large language models
(LLMs) to achieve state-of-the-art performance in various vision-language tasks while significantly reducing
computational costs.

Architecture

The central module of BLIP-2 is the Querying Transformer (Q-Former), which serves as a bridge between
the frozen image encoder and the LLM. The Q-Former comprises two transformer submodules: one for visual
feature extraction from the image encoder and another that functions as both a text encoder and decoder.
This architecture allows for the extraction of fixed output features from images regardless of their resolution,
facilitating more efficient and focused learning. This can also be seen in Figure 3.6.1.

Two-Stage Pre-Training Process

BLIP-2 employs a two-stage pre-training process. In the first stage, the Q-Former is connected to a frozen
image encoder and trained using image-text pairs. This stage employs three main pre-training objectives:
Image-Text Contrastive Learning (ITC), which aligns image and text representations by maximizing mutual
information; Image-grounded Text Generation (ITG), which trains the model to generate text based on visual
inputs, forcing the Q-Former to capture essential visual features; and Image-Text Matching (ITM), which
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3.6. Image Captioning

enhances fine-grained alignment between image and text representations through a binary classification task.
This process is illustrated in Figure 3.6.2
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Figure 3.6.1: BLIP-2 overall architecture. It uses the lightweight Q-Former to bridge the gap between
image and text modalities.[50]
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Figure 3.6.2: First stage of BLIP’s pre-training. Model architecture of Q-Former and BLIP-2’s
first-stage vision-language representation learning objectives. BLIP-2 jointly optimizes 3 objectives that
encourage the Q-Former’s queries extract image representation most relevant to the text.[50]

In the second stage, the Q-Former, along with the frozen image encoder, is connected to a frozen LLM. This
setup utilizes the generative capabilities of the LLM, with the Q-Former providing crucial visual context
through projected query embeddings. This stage is crucial for tasks that require generating text based on
visual inputs, such as image captioning and visual question answering. Figure 3.6.3 provides a visualisation
of the second stage of BLIP’s pre-training.

Output Text | a cat wearing sunglasses

LLM Decoder

Bootstrapping from a

- .
Decoder-based ﬁ&' e

Large Language Model

Fully
Connected

_.

(e.g. OPT) i
J oo-o0o oo-@oo
Input Image Learned Queries

St Tt

Encoder-Decoder-based g. Fully ™ m
Large Language Model i r I Encoder [ % LLM Encoder #: LLM Decoder
=

(e.g. FlanT5)
,

Input Image Learned Queries Prefix Text

Bootstrapping from an

Figure 3.6.3: Second stage of BLIP’s pre-training. We can see how BLIP-2 bootstrapping a
decoder-based LLM on top while an encoder-decoder-based LLM on bottom. The fully-connected layer
adapts from the output dimension of the Q-Former to the input dimension of the chosen LLM.[50]

BLIP’s contribution

BLIP-2’s architecture and training approach make it highly versatile for a range of applications, including
image captioning, visual question answering, and image-text retrieval. Its novel approach of bootstrapping
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from frozen pre-trained models sets a new standard for vision-language pre-training. By reducing the need for
extensive computational resources and focusing on efficient feature extraction and alignment, BLIP-2 paves
the way for more accessible and powerful vision-language applications.

3.6.3 LLaVA (Large Language and Vision Assistant)

LLaVA (Large Language and Vision Assistant) [55] represents a significant advancement in the fusion of
language and vision models. It builds upon the foundational architecture of Vicuna [15], a large language

model known for its robust instruction-following capabilities, and integrates it with a visual encoder from
CLIP [64].

Visual Instruction Tuning

The training process of LLaVA involves a novel approach called Visual Instruction Tuning. This method
combines language and vision by leveraging pre-existing, text-only large language models like GPT-4 [60] or
ChatGPT to generate instruction-following data based on visual content. The visual data is encoded using
symbolic representations such as captions and bounding boxes, which describe the visual scene and localize
objects within it. This enables the creation of a rich dataset consisting of three types of instruction-following
samples: conversations, detailed descriptions, and complex reasoning tasks.

For instance, the conversation samples involve designing a dialogue where an assistant answers questions about
an image, as if it is interpreting the visual content in real time. Detailed descriptions provide comprehensive
narratives about the image, while complex reasoning tasks require deeper logical inference based on the visual
content. This method has resulted in a collection of 158,000 unique language-image instruction-following
samples, enhancing the model’s ability to understand and respond to multimodal queries

Language Response Xa . . .

Language Model f¢

Projection W Z. H, qu

Vision Encoder Xv Image Xq Language Instruction

Figure 3.6.4: LLaVA architecture. For an input image X, the pre-trained CLIP visual encoder provides
the visual feature Z, = g(X,). Then, we apply a trainable projection matrix W to convert Z, into language
embedding tokens H,, which have the same dimensionality of the word embedding space in the language
model. Thus, we have a sequence of visual tokens H, along with the instruction embeddings H, to feed in
the LLM.

Evolution: LLaVA v1.5

LLaVA has undergone several iterations, with LLaVA v1.5 [54] marking a significant milestone. This version
improves upon the original by incorporating a more sophisticated vision-language connector, transitioning
from a simple linear projection to a multi-layer perceptron (MLP). This change has enhanced the model’s
ability to represent and process visual information. LLaVA v1.5 also benefits from an expanded dataset,
including additional academic-task-oriented VQA datasets, which further boost its performance across various
benchmarks.
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3.7 Visual Question Answering (VQA)

3.7.1 Overview

Visual Question Answering (VQA) is an interdisciplinary field that combines computer vision and natural
language processing (NLP) to create systems capable of answering questions about images. The goal of VQA
is to enable machines to understand and reason about visual content in a manner that is similar to human
comprehension. This involves not only recognizing objects and scenes within an image but also interpreting
and contextualizing this visual information to provide accurate answers to textual questions.

Definition 3.7.1: Visual Question Answering (VQA)

Visual Question Answering is the task of developing Al systems that can provide accurate and relevant
answers to questions posed about images.

The development of VQA systems has been fueled by advances in deep learning, particularly in convolutional
neural networks (CNNs) for image processing and recurrent neural networks (RNNs) or transformers for
handling text. Early VQA models primarily relied on extracting features from images and questions inde-
pendently before merging this information to generate answers. Over time, more sophisticated architectures
have been developed that utilize attention mechanisms, multimodal embeddings, and joint training strategies
to better capture the complex relationships between visual and textual data.

3.7.2 VQA System Architecture

A VQA system comprises several stages: image feature extraction, question encoding, multimodal
fusion and answer prediction. The first step in a VQA system involves extracting meaningful features from
the input image. This is commonly achieved using pretrained image encoders, such as CNNs (ResNet[34],
VGG [76]) Transformers (ViT [22]) which produce a rich representation of the image in the form of feature
maps. Furthermore, the textual question is processed to create a feature representation that captures its
semantic meaning. Many works using RNNs (like LSTMs [39], GRUs [16]) or transformer-based models (like
BERT |[20]), which can encode the question into a fixed-length vector or a sequence of embeddings. Next,
the core challenge in VQA is to effectively combine the visual and textual features to generate a coherent
representation that can be used to infer the answer. Various fusion techniques have been proposed, including:

e Concatenation: Directly combining the feature vectors from the image and question.
¢ Element-wise Addition/Multiplication: Performing element-wise operations to merge the features.

e Attention Mechanisms: Applying attention to focus on relevant parts of the image based on the
question, enhancing the interaction between modalities.

Multimodal Transformers: Utilizing transformer architectures that simultaneously process and in-
tegrate visual and textual information.

Finally, The fused multimodal representation is passed through one or more fully connected layers to predict
the answer. The output layer typically uses a softmax activation function to produce a probability distribution
over a predefined set of possible answers.

3.7.3 Datasets and Benchmarks

Several datasets and benchmarks have been created to evaluate the performance of VQA systems.

VQA Dataset

The VQA dataset [4] is one of the largest and most widely used benchmarks for evaluating VQA models. Tt
contains real-world images sourced from the COCO dataset [53], accompanied by human-annotated questions
and answers. The dataset covers a wide range of question types, including object recognition, counting, and
common-sense reasoning. Some examples of VQAv1 dataset are shown in Figure 3.7.2a.
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Figure 3.7.1: A typical VQA architecture

Visual Genome

The Visual Genome dataset [45] provides detailed annotations of objects, attributes, and relationships within
images, making it a valuable resource for training and evaluating VQA models that require a deeper under-
standing of scene context and interactions.

CLEVR

CLEVR dataset [43] is designed to test the compositional reasoning abilities of VQA models. It consists
of synthetic images and questions that require understanding of spatial relationships, counting, and logical
operations.

3.7.4 Challenges

Despite significant progress, VQA systems still face several challenges. Current VQA models often struggle
with questions that require compositional reasoning, such as those involving multiple objects and their rela-
tionships. Improving the ability of models to understand and reason about complex scenes remains a key area
of research. Furthermore, VQA models are susceptible to biases present in the training data, leading to poor
generalization to unseen questions or images. Techniques such as adversarial training and balanced datasets
are being explored to mitigate these biases. Finally, understanding the decision-making process of VQA
models is crucial for building trust and reliability. At this time VQA systems lack explainability. Research
in explainable AI aims to develop methods for visualizing and interpreting the reasoning paths taken by the
VQA systems.

3.7.5 Considerations

Visual Question Answering represents a significant step towards creating Al systems that can understand
and interact with the world in a human-like manner. By combining advances in computer vision and natural
language processing, VQA systems have achieved impressive results across a variety of tasks and applications.
However, challenges remain in areas such as compositional reasoning, bias mitigation, and explainability.
As research in VQA continues to advance, it holds the potential to transform how machines perceive and
understand visual information, paving the way for more intelligent and interactive Al systems. As the field
evolves, VQA stands out as a promising and rapidly advancing area of artificial intelligence that bridges the
gap between vision and language.
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Figure 3.7.2: VQA dataset examples.
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4.1 Introduction

Image-text models have become fundamental in machine learning, giving rise to several state-of-the-art
architectures, such as CLIP, DALL-E and Stable Diffusion, among others [64, 67, 68, 71]. These foundational
models can be used in a variety of tasks, usually different than the one they were trained on. This is because
they use the each modality to infer knowledge for the former, therefore allowing them to operate without
having seen data for the specific task at hand. At the same time, these architectures are also very costly
to train. Training is often done on millions of image-text pairs. As such, using these large foundational
models often becomes a task of finetuning them, rather than training them from scratch. These models
can also be used simply for inference, and use them as the starting point around which a larger pipeline can
be constructed.

4.2 Augmentation via MulT

In our first approach to enhance CLIP, we use MulT [85] to extract a new multimodal embeddings based
on the image-text pair along with the two vectors the original modalities yield. At first, in order to create
the fused multimodal embedding vectors we have to split the image into patches which are suitable as an
input for MulT. MulT uses 1D positional embeddings, so as a way to not interfere with MulT’s positional
embedding we flatten our image in different axes in order to create additional vectors. We choose to use the
same 1D positional encoding since there are not significant performance gains from using 2D-aware positional
embeddings, as stated in ViT paper [22].

By creating different views of the same image-text pair we can enhance our data with augmentations of
the same object. We project the new vector(s) on the joint multimodal embedding space along with the
image and text embeddings. We follow CLIP’s training pipeline by jointly training the MulT, image and
text encoders to maximize the cosine similarity of the N true pairs and minimize the cosine similarity for
the rest. Our new task is to optimize a weighted sum of each pair’s symmetric cross-entropy loss score over
these similarities. The overall architecture is shown on Figure 4.2.1.
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Figure 4.2.1: Augmentation via MulT. Overall architecture of the augmented CLIP model via MulT.

4.2.1 Multimodal Fusion

For a deeper understanding of the method’s mechanics, assume an image z; € R¥*XW>x¢ and a text sequence
o € R¥,where (H, W) is the resolution of the image, C is the number of channels and L is the length of
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the sentence. As in CLIP, we create minibatches X; € RVXHxWxCand X7 € RVNXL of aligned images and
texts. These minibatches serve as input for the image encoder and text encoder respectively. We project the
output of each encoder on a joint multimodal space. Assume we have z; € RV*P1 and zp € RV*P7 on the
output of each encoder and W; € RP*Pr and Wy € RPT*PE two learned projections of each modality to
the joint embedding space. Dr is the output dimension of the text representations, D; is the dimension of
the image representations and Dp is the dimension of the joint embedding space. So we obtain two vectors
vy = 2pWp =T € RVXPr and vy == 2;W; =1 € RN*D5,

Because of the Multimodal Transformer’s need to receive a sequence of each modality we reshape our initial
image z; on a sequence of 2D flattened patchesz; € RM* (P Q'C), where P is the size of the rectangle patches
and M = I?QV is the length of the sequence of patches. For the text, we simply use our initial sequence of
token embeddings z7 as an input on MulT. Let zy; € RN*P¥be the output of the Multimodal Transformer
and Wy, € RPvXxPrg Jearned projection to the joint multimodal space. The fused multimodal vector occurs
to be the vy = zpy Wy = M € RN*Dr,

4.2.2 Training MulT

As we showed before, we yield three vectors for each image-text pair. These vectors serve as views of the
pair. Specifically we have I: image embeddings, T: text embeddings and M: MulT embeddings. Similarly

to ConVIRT [100] at training time we sample a minibatch of N input triplets (v, v!, v™) where (v}, v}, vM)

i Y Y

is the i-th triplet on the batch. The loss between text and image is the same as CLIP loss, which is a
symmetric contrastive loss for image-to-text and text-to-image. We use the same formulation as in Equation
3.1.3 for CE(I,T) = Lcprp- In the same way we can derive CE(T, M) and CE(M,I). As our training loss

we propose a weighted sum of the three symmetric cross-modal losses.

LI, T,M)=a-CE(I,T)+b-CE(T,M)+ (1—a—b)-CEM,I) (4.2.1)

Parameters a, b must be 0 < a,b <1 and a+b < 1 . CE(-) stands for the symmetric cross-entropy loss
score.

After further experimentation, this method did not yield significant results. Despite its lack of effectiveness,
it provided us with the foundational insights for the subsequent works presented in the following sections.

4.3 Enhancing CLIP with Generative Dialogue: Third Tower Ap-
proach

The motivation behind our work is derived from computer vision and the use of additional views [51, 94]
of the same object in order to obtain more information about its characteristics. This idea was adapted on
contrastive learning by CMC [84], where additional sensory views of the same image where used in order to
enhance contrastive training. In the same way, in the case of image-text pairs we find an additional view in
dialogues generated by generative models. This extra synthetic data will still be text but of a different nature
compared to the captions that were used for the text encoder. We thus consider auxiliary textual datasets like
metadata, dialogues about an image or product details obtained from a database to be additional modalities.

Within this context, we examine the use of a third tower in these image-text architectures. The addition of
the third tower can be seen in Figure 4.3.1. We focus our study on a CLIP model trained by OpenCLIP [41],
which we augment via an additional encoder, resulting in our CLIP-3Modal [86] architecture. This encoder
serves to add additional modalities to the input, in a way that is consistent with the paradigm of reusing
elements from foundation models. In contrast to previous works that examine the use of a third tower in the
architecture [44], we explicitly consider the third tower as operating on a different modality, aside from the
usual image and text ones. In our setting, we consider the additional modality to be the dialogue of a user
with an image-captioning model such as BLIP-2 [50]. With this, we aim to augment the information from
our input data with the outputs of a foundation model. We evaluate the performance of this addition to the
CLIP architecture via retrieval performance on an image-text retrieval task.
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Figure 4.3.1: Our proposed CLIP-3Modal architecture. We propose incorporating a third tower in
the CLIP model, which extends the existing image and text ones. This extra tower can be used during the
evaluation of the model, along with the existing ones.

4.3.1 Using BLIP-2 for Captions

To incorporate the third tower into our architecture, we need to include a third modality in our input data.
To do this, we use BLIP-2 [50] to expand an image text dataset with an additional modality. We choose
CC3M [74] as the dataset that we enrich with BLIP-2 generated captions. For each image, we provide it as
input to the BLIP-2 model. We then provide the following two questions, in sequence, as our prompt:

“What do you see in this image?”
“What makes this image unique?”

This can also be seen in Figure 4.3.2. This pair of questions provides a basic form of dialogue between the
model and a user. Moreover, when providing the second question to the captioning model, we also give
it the response to the first question as input. This allows for the response to the second question to be
contextualized by the model by its own response to the first one.

We note here that the model that generates the third modality does not take the text from the image-text
pairs as input. This means that, despite the third modality being provided to the training process in text
format, the actual content is not directly dependent on the existing caption of the image. This allows the
BLIP-2 model to provide new information about this particular sample.

4.3.2 Training the Third Tower

We now aim to train a CLIP architecture that incorporates a third tower in its construction, using BLIP-2
captions as input. To do this, we start from a pretrained CLIP model provided by OpenCLIP. The image
and text towers from this model become the image and text towers for our architecture as well. To construct
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BLIP2

"What do you see in this image?"

"What makes this image unigque?"

Figure 4.3.2: Use of BLIP-2 model. The questions with which the model is prompted provide a base
form of dialogue for use as our third modality.

the third tower of our architecture, we start by making a copy of the pretrained text tower. We then freeze
the original image and text towers, and train only the third tower on our extended CC3M dataset. Our loss
function is similar to the one used in regular CLIP training:

_a N exp(I(x;) T G()/7)
S DI SV exp(I(z;)T G(z:)/7)
(L-a) gy, exp(T(y) G(z)/7)
N g S S exp(T(y;) T Gz)/7)

where (z;,v;,2;) is one of our samples and I,T,G are our image, text, and generated dialogue towers re-
spectively. In the above, a is a blending hyperparameter between the two losses. Intuitively, we want a to
be high enough to encourage proper behavior of the generated caption representations with respect to the
corresponding image representation. At the same time, we don’t want too high value of a, since this will just
lead to simply replacing the pre-trained text encoder with the third tower. Careful assignment of parameter
a can lead to the third tower taking into account both original modalities.

(4.3.1)

, a€[0,1]

4.4 Enhancing CLIP with Generative Dialogue: Domain Adapta-
tion Approach

CLIP-3Modal [86] provides very promising results where it improved the zero-shot retrieval scores of its
base CLIP model (check Results). Despite its success to enhance CLIP with more knowledge from the new
generated textual cues, CLIP-3Modal showed very poor performance on Visual Question Answering tasks.
We believe that CC3M captions and the generated dialogue have a significant distribution shift and the third
tower architecture along with the 3-way contrastive loss is unable to adapt to it. In this context, we give up
the third tower approach and we keep CLIP architecture as it is. Our main task is to adapt CLIP’s text tower
to dialogue (without harming the generalization). We propose DRAFT (Dual Representation Adaptive
Fine-Tuning) as a new adaptation technique for CLIP-like architectures on dialogue textual inputs.

Everyone should agree that Text and Dialogue are both part of Natural Language Processing, but they are
different. Specifically, dialogue is more dynamic than text. The time sequencing in dialogue is critical and
very important, but not in text which is static and not so sequential. Furthermore, dialogue has interaction.
This interaction imposes targets and sequencing, however none of these exists in text. Finally, dialogue may
be limited in content but is richer in context than a simple caption. These properties can be visible on the
examples presented in Figure 4.4.2

We consider this problem a domain adaptation problem where the source domain is the Captions and the
target domain is the Dialogue. Most of the works that focus on domain adaptation on CLIP are focusing
on distribution shifts on images, which makes our problem significantly unique. For example, CLIPood [75]
tries to generalize to out-of-distribution images by exploiting semantic relations between classes through
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text. Furthermore, without the use of the third tower we focus our work on fine-tuning the existing text
encoder on both captions and dialogue inputs. With this, we try to adapt the text encoder on the dialogue
data without harming the in-distribution performance of the pre-trained model. Again, works like FLYP
(Fine-tune Like You Pre-train)[30] proposes that by mimicking the contrastive training during fine-tuning
(on visual distribution shifts) can preserve the generalization and achieve better results on out-of-distribution
datasets, but it also aims at image distribution shifts.

4.4.1 Using LLaVA for generating Questions

Following our work on CLIP-3Modal, we need to include a third modality in our input data. However, instead
of using BLIP-2, we utilize LLaVA v1.5 [55, 54] to expand the the existing CC3M [74] dataset by generating
multiple questions along with their answers for each input. Specifically, for each image, we provide it as
input to the LLaVA model and then ask the model to generate 3 fundamental questions about this image as
it shows in Figure 4.4.1. These dialogue samples seem to provide better descriptions about the given image
and add new information to the existing caption. We have a 1:3 caption per dialogue ratio, so with our
augmentation the training dataset was tripled in size. Some examples are presented in Figure 4.4.2.

Again, we note that the captioning model does not take the original caption as input when it is generating
the above questions

LLaVA v1.5

Image:

Q: "Give me 3 fundamental questions
about this image, along with their answers."

{Q: question 1,

Az answer 1,

A: Q: question 2,
i A: answer 2,
Q: question 3,

A answer 3}

Figure 4.4.1: Use of LLaVA-1.5 model. The question-answer pairs the model generates provide textual
cues for use as our third modality on the DA approach

4.4.2 Training for Domain Adaptation with DRAFT
Contrastive Objective

Now, we want to adapt a pre-trained CLIP model on the Question-Answer style textual descriptions of
images. As in the Third Tower Approach, we start from a pretrained CLIP model provided by OpenCLIP.
Then, we freeze the weights of the image tower while we keeping the text tower completely trainable. We
train only the text tower on our LLaVA-extended dataset by giving both captions and QA-pairs as input
on the text tower and the image as input on the frozen image tower. First, we constructing a contrastive
objective, similar to CLIP, with loss function:

eXp (@) "T(2:)/7)

> my exp(I(w;)TT () /7)

1—a eXp I(x:) "T(y:)/7)
log

Z s exp(I(a;) TT(ys)/7)

Econtrastive — T AT E log

(4.4.1)

, a €[0,1]

where (z;,y;, 2;) is one of our samples and I, T are our image and text towers, respectively. The first part is
the contrastive loss between the image and the dialogue sample, while the second part is the contrastive loss
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Caption: all the details on hosting a party

QA #1: wWhat is the main focus of the image?
Answer: The main focus of the image
is a table filled with various
snacks, including bags of popcorn and
cookies.

QA #2: What is the table setting for?
Answer: The table setting appears to
be for a Halloween party, as
indicated by the presence of

# catches a touchdown reception
Caption: against army during the first half of
a college football game .

QA #1: What is the player wearing?
Answer: The player is wearing a
football uniform, which typically

includes a jersey, pants, cleats, and
a helmet.

QA #2: what is the main action in the image?
Answer: The main action in the image
is a football player catching a
football during a game.

Halloween decorations and the overall
festive atmosphere. QA #3: Who is the player in the image?
Answer: The player in the image is a

QA #3: What is the table covered with? football player, specifically a wide
Answer: The table is covered with a receiver.
tablecloth.

Figure 4.4.2: Examples of the augmented dataset. On top there are images and below are the captions
from the CC3M dataset and the corresponding question-answer pairs generated by LLaVA.

between image and text (CLIP loss). Furthermore, we use a blending parameter a to balance the two losses.
Naturally, we want a to be high enough in order to encourage the model to yield meaningful representations for
the dialogue in correspondence with the respective image representations. With the second loss, we try to do
not let the text encoder forget its pre-training and harm its generalization abilities. With careful assignment
of the hyperparameter a we can adapt the text tower to dialogue inputs and preserve generalizaton of the
CLIP model.

Maximum Mean Discrepancy (MMD)

It is proven that contrastive loss assures that the distributions of the 2 modalities that take part in the loss
(image-caption and image-dialogue) will be aligned (see Alignment & Uniformity). However, this property
does not guarantee that the distributions of the captions and the dialogue are aligned too. We avoid to use a
contrastive loss between them. Our intuition suggests that an extra contrastive loss will harm the representa-
tion space because the caption does not necessarily share the same semantic relation. In this context, our aim
is to align the image-dialogue similarity distribution with the image-text similarity distribution by minimizing
a distance over these distributions. Specifically, we try to minimize the Maximum Mean Discrepancy
(MMD) which computes the deviation of their specific means and aligns the marginal distributions of the
two input domains. MMD distance is formulated as:

I . 1

MMD (2, ) = || - 3" () — > olat) (1.4.2)
=1 t =1 ”

where X5 and X; are the source and target domain samples, respectively. ng and n; are the number of samples

in the source and target domains and ¢ is the feature map that embeds the samples into a reproducing kernel
Hilbert space (RKHS) H.
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Who is the player in the image?

gainst army during the first half of

# catches a touchdown reception
a
a college football game .

Matching Samples

Answer: The table is covered with a

What is the table covered with?
tablecloth.

all the details on hosting a party ]

Unmatching Samples

Figure 4.4.3: Visual representation of the contrastive objective. The positive pairs (green,blue) are
concentrated together while the negative samples (orange) are pushed away. In our problem the positions of
the image representations are fixed. Then, we try to align the caption and the dialogue representations with

them separately.

&

Hilbert Space W

]‘ Input Feature Space I o Latent Space
¥ I
|||I I\
| ¢ : RV
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Figure 4.4.4: Maximum Mean Discrepancy Loss. Given two distributions, MMD tries to align the
average embedding of each distribution. In this way, we can encourage our model to align the marginal
image-caption similarity distribution with the marginal image-dialogue similarity distribution.
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Final Training Loss

In our case we aim to combine the contrastive objective and the minimization of the Maximum Mean Dis-
crepancy distance as we described above. Our final loss is formulated as:

a exp I(2:) "T(zi)/7)
Z >y exp(I(a;) TT () /7)

_U—a) g~ o) Ty)/7)
¥ S exp(I(z;) (i) /7)

ﬁcontrastive =

, a €10,1]

N N
1
Lyyp = |73 Z Z T(yi)/7) — Nz Z Z o(I(x;) " T(2)/7) (4.4.3)
i=1 j=1 i=1 j=1 u
‘CDRAFT = Econtrastive + LMMD (444)

where (x;,y;, 2;) is one of our samples and I, T are our image, and text towers respectively. a is the blending
hyperparameter between the two contrastive losses. Finally, ¢ is a feature mapping that, in our case, is a
Radial Basis Function Kernel (RBF) [90]. An overall presentation of our method is presented in Figure 4.4.5.

What is the main action in the
image?
Answer: The main action in the

image is a football player
Ell:ch!.ng a football during a game.

What is tha playar wearing?
Answer: The player is wearing a
football uniform, which typically

1against army during the first hal

# catches a touchdown reception ]
£

includes a jersey, pants, cleats,
and a helmet.

of a college football game .

Answer: The player in the image is
a football player, specifically a

wide receiver.

1 Who is the playar in the l.mgn"‘]

P S

Text

Encoder

Dy D, see Dy Ty To see Ty
Iy ly#Dy |, oDy e 1; #Dy Iy liaTy 10T, e 1, oTy
3
£
% [ I, #Dy| I 8Dy s I, 8Dy [ lbeTy(l;eT, v I #Ty
o
. . . . - . . . . -
. . . . . . . . . -
. . . bd - . . . hd -
In Ipy# D4 Iy #Dy eee Iy *Dy Iy IyeTy|lyeTy e Iy Ty
Image-Dialogue Similarity Image-Text Similarity

Maximum Mean

Discrepancy

Figure 4.4.5: DRAFT: Adapting CLIP on Question-Answer style text inputs. We propose the use
of contrastive loss between image representations and textual variations separately along with a distribution
distance loss (MMD) over the semantic similarity distributions of images-captions and images-dialogue.
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5.1 Datasets

In this section, we will describe the datasets that we will evaluate our methods. We will use MSCOCO [53]
for zero-shot retrieval experiments and VQAv1 [4] dataset for the evaluation on Visual Question Answering
tasks.

5.1.1 MSCOCO

The Microsoft Common Objects in Context (MSCOCO) [53] dataset is a large-scale, richly annotated image
dataset designed for object detection, segmentation, and captioning tasks. The dataset contains over 200,000
images, around 1.5 million annotated object instances, and includes 80 object categories such as people,
animals, vehicles, and everyday objects. Precise instance segmentations are provided for each object, along
with keypoint annotations for human pose estimation. Each image is also paired with five captions, offering
diverse descriptions.

MSCOCO supports several tasks including object detection, segmentation, keypoint detection, image cap-
tioning and panoptic segmentation. The dataset is diverse, with images taken from a wide range of everyday
scenes around the world, presenting objects in natural contexts rather than isolated. This provides a realistic
dataset for training models. The annotations are high-quality and manually annotated, ensuring accurate
training and evaluation. Figure 5.1.1 shows some examples of the MSCOCO dataset.

I
ih

Figure 5.1.1: MSCOCO dataset examples.[53]

The dataset is split into a training set with over 118,000 images, a validation set with about 5,000 images,
and multiple test sets with tens of thousands of images used for competitions and evaluation purposes. It is
widely used in computer vision research for developing and benchmarking new algorithms and training deep
learning models for tasks such as object detection (e.g., Faster R-CNN [70], YOLO [69]), segmentation (e.g.,
Mask R-CNN [35]) and captioning.

5.1.2 VQAvl

The Visual Question Answering vl (VQAv1) dataset [4] is a comprehensive dataset designed for research in
the field of visual question answering. This dataset combines visual content with natural language processing,
making it a challenging and valuable resource for developing Al models that can understand and reason about
images.

VQAv1 dataset includes two distinct types of images: real images sourced from the MSCOCO dataset and
abstract scenes. Both types serve unique purposes in training and evaluating VQA models. The real images
are high-quality, natural images capturing everyday scenes with common objects. They are rich in detail
and context, featuring varied lighting, angles, and backgrounds. Questions about real images require models
to understand complex visual information and contextual relationships. For example "What is the person
holding?" or "Is it raining in the image?". On the other hand, the abstract scenes in the VQAv1 dataset
are synthetic, cartoon-like scenes created using clip art. These abstract scenes are designed to test specific
aspects of visual understanding and reasoning without the complexity of real-world images. Abstract scenes
are less complex visually, with clear and distinguishable objects and actions. This simplicity allows for easier
control and manipulation of specific elements within the scene to create targeted questions. Abstract scenes
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focus on isolating particular visual or reasoning tasks, such as understanding relationships between objects
or basic object recognition. Examples of questions for abstract scenes may be "What is the child doing?" or
"What the man is looking at?".

The answers in the VQAv1 dataset vary in format and type, covering a broad spectrum of potential queries
that can be asked about an image. These answers fall into several categories: Yes/No Answers are simple
binary responses to questions about the presence, state, or action depicted in the image. Number Answers
are numerical responses to questions that involve counting objects or specifying quantities (e.g. "How many
of the deer are sleeping?" and the answer could be "One"). Short Answers are short descriptive responses
that provide information about various attributes, actions, or objects in the image (e.g. "Where is the kid
pointing?" ("Mom"), "What sport are they playing?" ("Baseball")). Open-ended Answers are more complex
responses that may involve reasoning or interpretation of the scene depicted in the image. For example we
can have a question about "Why is the person running?" and the answer to be "To catch the bus". These
examples can also be seen in Figure 5.1.2.

Q: Where is the kid pointing? Q: What sport are they playing?

(@) yes (b) no
(a) yes (b) no ©1 (@2 ©3 04

@1 (d) 2 (e) 3 (4 (9) white (h) red (i) blue (j) green

SE)) ;vahr:e ::'))uf;d g:. )b‘«‘\far ot ?:)Bsfoff:"eople dortt get wet S5 (k) tennis {1y bodily functions (m) scissors  (n) mississippi and meade
Gapare D e e oo (o) baseball (p) frisbee (a)soccer  (r) its advertising object

Q: What is the man in gray pant's job?

Q: How many people are in the picture on side of refrigerator?

(a) yes (b) no
(a) yes (b) no 1 (d)2 @3 4
(1 (d)2 (@3 [LE] (g) white (h) red (i) blue (j) green
(g) white (h) red (@) blue  (j) green (k) cop (1) umpire (m) snowflake  (n) banker
(k) 108 mph (1) banana, apple (m)7 () 10 many (0) chef (p) speedboat  {q) 10: 32 (1) males
(o) fruit salad  (p) full swing (@) 5 (1) vattenfall strom fur gewinner
Q: What is the color of freebee? Q: Is this person's face painted?
(a) yes (b) no (a) yes (b) no
©1 (d2 (e)3 Ha < @1 )2 (e)3 a4
(g) white (h) red (i) blue (i) green (g) white (h)red (i) blue (j) green
(k) brick (I) peach (m) hill (n) vitamin ¢ (k) 4498 ) not (m) camera film (n) keyboard, mouse, booklet
(o) brown (p) christleton  (q) bonsai tree  (r) black (0) stairs (p) n200  (q) public storage  (r) pasta, sauce, meat

Q: How old is the child? Q: How many umbrellas are in the photo?

(a) yes (b)no (a) yes (b) no
1 (d)2 (e)3 4 1 (d) 2 ()3 H4
(9) white (h) red (i) blue (i) green (9) white (h) red (i) blue (j) green
) 6 mi2 (m) 10 (n) mechanics (k) 20 54 (m) max payne  (n) 62
(0) 5 (p)waithere  (q) mad (1) recording studio (0) 12 (p) dresses (@305 (1) two way traffic
Q: How many of the deer are sleeping? Q: Where is the blanket?
(a) yes (b) no (a) yes (b) no
(1 (d)2 (e)3 4 (1 )2 (@3 M4
(g) white (h) red (i) blue () yellow = = | (9 white (h) red (i) blue (j) yellow
W5 () leftof pond  (m) 13 (m) plants and cat (10 fat (1) lying down  (m) bed (n) utensils
(o) tree base () cement (@ 0 () green, blue and yellow (o) on bed (p) grass (q) ground (r) watching child

Q: What type of wildlife is this park overrun with? Q: What is for dessert?

(@) yes (b no (a) yes (b) no

©1 (42 (@3 M4 ©1 ()2 ©3 M4

(g) white (h) red (i) blue () yellow (g) white (h) red (i) blue () yellow

(k) eating (I deer (m) mosquitoes ~ (n) soup (k) cake ) pie (m)a (n) doll and dollhouse
(o) birds (p) ants (q) girl's () woman on right (o) ice cream () yellow book _ (q) cheesecake (1) there are no fish

Figure 5.1.2: Examples of the VQAv1 dataset. Multiple-choice questions along with their answers for
real and abstract scenes.[4]

5.2 Third Tower Evaluation

5.2.1 Evaluation Method

For the evaluation of CLIP-3Modal we focused on zero-shot retrieval tasks between image and text due to
CLIP. We used multiple architecture of CLIP provided by OpenCLIP as the baseline for the evaluation. We
run our experiments on architectures with ViT image encoders and BERT or T5 as text encoder. These
are the same models used as the foundation of CLIP-3Modal. The aforementioned pre-trained models were
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trained on 32 billion samples of the LAION-2B dataset [73]. This provides us with a good initial point for
our third encoder. For the weighting hyperparameter a in our loss function, we use a = 0.65. We observed
that overall our model performs the best when the weight of the loss between image and generated captions
is higher than 0.5.

After training our model, we fuse the output embeddings of the text and the generated captions encoders, to
obtain a final embedding for the text. For the fusion of the outputs we take a weighted sum of the embeddings
provided by the text and the generated captions towers:

Xensemble = /8 T+ (1 - /8) . G7 B S [07 1] (521)

where 7" and G are the output embeddings of the original text and the generated captions tower. By weighting
the two outputs appropriately, the third tower will incorporate additional information that enhances the
predictions learned by the original model. In this case, we use a blending parameter of g = 0.9. The insight
for this high value of 3 is that we want the embeddings from the third tower to influence the output, but we
still want the changes to be small so as to not lose their initial valuable information. An ablation study on
the blending parameter is presented in Table 5.2.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/B-32 39.7 65.4 75.6 56.3  79.8 87.1
C3M-ViT/B-32 40.2 65.9 75.9 57.0 80.6 87.5
CLIP-ViT/L-14 46.5 T71.1 79.8 63.3 84.0 90.8
C3M-ViT/L-14 46.8 71.2 80.0 63.6 84.1 91.0
CLIP-ViT/H-14 49.4 734 81.5 66.0 86.1 91.9
C3M-ViT/H-14 49.1  73.3 81.5 66.0 86.2 91.9

Table 5.1: Base results using CLIP-3Modal along with BLIP-2 for captioning. CLIP-3Modal
improves recall on almost every zero-shot retrieval task. Evaluation is done on MSCOCO and both image
and text encoders were pre-trained on the LAION-2B Dataset.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

Baseline (5 =1) 39.7 654 75.6 56.3  79.8 87.1
B8 =10.95 39.9  65.7 75.8 57.1 804 87.3
8 =0.90 40.2 65.9 75.9 57.0 80.6 87.5
B8 = 0.80 40.0 65.6 75.8 56.3  79.6 86.2
B8 = 0.60 38.7  63.8 73.8 53.7 75.6 84.8

Table 5.2: High values of the blending parameter improve performance, while smaller drop the
evaluation scores lower than the baseline. In this figure § denotes the blending weight
hyperparameter. Smaller weight on the generated captions encoder benefits the fused embeddings by
preserving their initial information and enhancing them with different aspects of the input. The best results
were occurred for 8 = 0.9.

5.2.2 Implementation

We trained our third tower as described above, using different ViT based CLIP models pre-trained on LAION-
2B (provided by OpenCLIP) as our foundation. For our training, on ViT-B-32 based architecture, we used
batch size 1024, learning rate 1072, weight decay 0.1 and trained our model for 2 epochs on our custom
dataset.For the small CLIP models (e.g. ViT-B-32) we train all the third tower while for the bigger we only
train the last few layers (2 or 3 last layers). The training of the third tower on CLIP-3Modal-ViT/B-32
takes approximately 1 hour per epoch on a single GPU for, which is significantly less than the training time
of the foundation model. We based our evaluation on MSCOCO [53] by studying the zero-shot retrieval
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performance on this specific dataset, using the same evaluation metric provided by OpenCLIP. We managed
to outperform the OpenCLIP’s model in both image and text zero-shot retrieval, with a margin of 0.3% to
0.8%. More details are presented in Table 5.1. For the bigger ViT based architectures we used different batch
size due to their larger size. More specifically, for both ViT-L-14 and ViT-H-14 we had batch size 768 and
learning rate 1073.

5.2.3 Ablation Studies
No Blending

Above we proposed a blending scheme for the evaluation of CLIP-3Modal on zero-shot retrieval. Despite its
promising results we want to see if the proposed third tower can stand alone without blending. As we can
see in Table 5.3 the third tower is not performing very well when it is evaluated alone. That’s makes sense
because the fine-tuning harms the generalization that the tower had from its pre-training. For this reason,
we use the third tower in addition with the original text tower.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/B-32* 342 60.0 70.6 524 76.3 843
C3M-ViT/B-32LLaVA 34.9 60.7 71.2 52.9 77.1  84.7
C3M-ViT/B-32ELeVA (only 3rd)  27.5  51.3 62.4 39.8  66.9 76.5
CLIP-ViT/L-14 465 711 79.8 633 84.0 90.8
C3M-ViT/L-14 46.8 71.2 80.0 63.6 84.2  91.0
C3M-ViT/L-14 (only 3rd) 35.8 614 71.8 443 69.8 80.1
CLIP-ViT/H-14 49.4 73.4 81.5 66.0 86.1 91.9
C3M-ViT/H-14 491 733 81.5 66.0 86.2  91.9
C3M-ViT/H-14 (only 3rd) 19.9 413 52.3 31.0 57.0 68.9

Table 5.3: The third benefits only when it operates additively. The fine-tuning harms the
information learned from pre-training on the third-tower. However, it provides new information to the
original text encoder which can be seen after their fusion. * Pre-trained on LAION-400m.

Generative Model

In Section 4.4 we proposed a new generation pattern for the synthetic dialogue samples. More specifically,
instead of BLIP-2 we used LLaVA v1.5 for dialogue generation. In addition to that we changed the interaction
with the model. Instead of asking two sequantial questions about the image and its uniqueness (BLIP-2) we
ask the model (LLaVA v1.5) to find three questions that describe the image and answer them.

In order to evaluate the new inputs, we concatenate all three question answer pairs. Then we provide it as
input to the CLIP-3Modal model. As we cam see in Table 5.4 synthetic data generated with LLaVA v1.5
and the new prompt improve the performance of CLIP-3Modal in every case. In Table 5.5

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
Generative Model R@1 R@5 R@10 R@1 Ra@5 R@10

CLIP-ViT/B-32* - 34.2  60.0 70.6 92.4 76.3 84.3
C3M-ViT/B-32 LLaVA 34.9 60.7 71.2 52,9 7T7.1 84.7
CLIP-ViT/H-14 - 494 734 81.5 66.0 86.1 91.9
C3M-ViT/H-14 BLIP-2 49.1 733 81.5 66.0 86.2 91.9
C3M-ViT/H-14 LLaVA 49.6 73.5 81.7 66.6 86.5 92.1

Table 5.4: Replacing BLIP-2 with LLaVA improves the performance for both blending and not
blending cases. * We used the pre-trained model on LAION-400m instead of LAION-2B. We can see that
LLaVA and the new generation pattern provides better results for retrieval. Even the ViT-H-14 based
model out-performed the baseline model, which was not achieved with the BLIP-2 genearated data.
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Image Zero-Shot Retrieval Text Zero-Shot Retrieval
Generative Model R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/H-14 - 494 734 81.5 66.0 86.1 91.9
C3M-ViT/H-14 BLIP-2 19.9 413 52.3 31.0 57.0 68.9
C3M-ViT/H-14 LLaVA 30.4  55.5 66.5 46.0 71.7 80.3

Table 5.5: Generated data with LLaVA also improve the performance of the third tower alone.
It is visible that LLaVA generated data and the QA-pair pattern help the pre-trained text encoder to
maintain more information from its pre-training.

5.2.4 Results

After careful consideration of every experiment we performed we present the best performance of every CLIP-
3Modal in Table 5.6. We can see that our method enhanced with the LLaVA generated QA-pairs gives the
better results and outperform the baseline CLIP model and its variant that utilizes the BLIP-2 model.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/B-32 39.7  65.4 75.6 56.3  79.8 87.1
C3M-ViT/B-32 40.2 65.9 75.9 57.0 80.6 87.5
CLIP-ViT/L-14 46.5 T1.1 79.8 63.3 84.0 90.8
C3M-ViT/L-14 46.8 T71.2 80.0 63.6 84.1 91.0
CLIP-ViT/H-14 494 734 81.5 66.0 86.1 91.9
C3M-ViT/H-1411aVA  49.6 173.5 81.7 66.6 86.5 92.1

Table 5.6: CLIP-3Modal improves recall on every zero-shot retrieval task. Here are the models
with the best performance. We see that our model outperforms the baseline OpenCLIP on every case.

5.3 DRAFT Evaluation

5.3.1 Evaluation Method

In Section 4.4, we proposed an alternative approach to CLIP-3Modal that adapts CLIP for dialogue textual
inputs. To assess the effectiveness of our method, we evaluated it on Visual Question Answering (VQA) tasks
using the VQAv1 dataset. Evaluating CLIP-like models on such tasks involves converting the VQA problem
into a zero-shot retrieval problem. Specifically, given an image, a question, and all possible N answers, we
concatenate each answer with the question to create N question-answer pairs. We then predict the correct
pair by identifying which pair’s embeddings have the highest cosine similarity with the image. This process
is illustrated in Figure 5.3.1.

While some suggest fine-tuning CLIP on the training set before evaluation, we prefer to evaluate our models
without any exposure to VQA dataset samples. This approach better evaluates the model’s adaptation using
generative dialogue data from LLaVA. Additionally, Figure 5.3.1 shows that the QA pairs in the test dataset
are distinct from the extensive question-answer pairs generated during training.

After adapting our model for Question-Answer style inputs, we follow the above process using the adapted
text encoder to embed the concatenated QA pairs. Moreover, we employ the blending technique from Third
Tower Evaluation, which blends the adapted text encoder with the original encoder from the baseline CLIP.
We believe that the domain adaptation approach can enhance VQA performance when it is combined with
the base CLIP. We evaluated the model on both real images and abstract scenes from VQAv1.

5.3.2 Results

We trained our model using a ViT-B-32 based CLIP architecture provided by OpenCLIP. The baseline model
was pre-trained on the LAION-400M dataset. Our experiments were conducted on either 2 or 4 A100 GPUs,
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Question: "What is the man looking at?" Question: What is the man looking at?
Answer: monkey bars

Posible Answers: "monkey bars",
[ Question: What is the man looking at?
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Figure 5.3.1: VQA evaluation method for CLIP-like models. We concatenate each possible answer
with the question and use the image to find the QA pair with the highest cosine similarity.

with training times of approximately 16 minutes and 9 minutes per epoch, respectively. The performance of
our method on abstract VQA scenes is shown in Table 5.7 , while the results for VQA on real images are
presented in Table 5.8.

As demonstrated, the adapted text encoder significantly enhances the model’s ability to answer questions
based on specific image inputs. These results represent a step forward in the unsupervised adaptation of
CLIP models to new textual cues. Our model outperforms the original CLIP on VQA tasks by a substantial
margin without having seen samples from the VQA dataset. This improvement highlights the effectiveness
of our adaptation method and the generated data in boosting CLIP’s accuracy in answering questions.

Visual Question Answering (VQAv1)
Abstract Scenes

Model Epochs Accuracy
CLIP-ViT/B-32 - 9.88%
Ours-ViT/B-32 6 10.68%

Ours-ViT/B-32+blend 12 11.54%

Table 5.7: Our method surpasses the baseline CLIP on VQAv1 abstract scenes, with and
without blending. The baseline CLIP model, provided by OpenCLIP and pre-trained on the
LAION-400M dataset Our model, trained with a batch size of 1536, increased the accuracy to 10.68% . By
blending the adapted and original text encoders (with 8 = 0.9), we further improved accuracy of the
baseline model by almost 1.7%. This demonstrates a significant performance boost in the VQA task using
our adaptation method.

5.3.3 Ablation Study
MMD Loss

To evaluate the impact of the Maximum Mean Discrepancy (MMD) Loss, we conducted ablation experiments
by training our model solely on the contrastive objective. Table 5.9 highlights the crucial role of the MMD
loss in enhancing CLIP’s VQA performance. Our findings underscore the significance of incorporating MMD
loss in the adaptation process, as evidenced by the results.
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Chapter 5. Experimental Results

Visual Question Answering (VQAv1)
Real Images

Model Epochs  Accuracy
CLIP-ViT/B-32 - 26.2%
Ours-ViT/B-32 2 23.6%
Ours-ViT/B-32+blend 3 28.3%

Table 5.8: Our method enhances accuracy on VQAv1 real images through blended text
encoders. The baseline CLIP model provided by OpenCLIP and pre-trained on the LAION-400M dataset.
Our model, trained with a batch size of 1536 for only 2 epochs, initially reached an accuracy of 23.6% .
However, by blending the adapted text encoder with the original text encoder (using 8 = 0.9), we
significantly improved the accuracy to 28.3%, which out-performed CLIP by 2.1% .

Visual Question Answering (VQAv1)
Abstract Scenes

Model Epochs Batch Size Accuracy
CLIP-ViT/B-32 - - 9.88%
Ours-ViT/B-32 6 1536 10.68%

Ours-ViT/B-32-+blend 12 1536 11.54%
Ours-ViT /B-32"° MMD 6 6144 9.46%
Ours-ViT /B-32-+blend™® MMD 12 6144 10.24%

Table 5.9: Impact of MMD Loss on the performance of the adapted text encoder. The inclusion
of MMD loss in training enables our model to surpass the baseline CLIP-ViT/B-32 in VQAv1 abstract
scenes. Models trained without MMD loss, despite using a larger batch size for enhanced contrastive
learning, showed lower accuracies compared to their counterparts trained with MMD loss. While blending
mitigated some performance reduction, it didn’t fully compensate for the absence of MMD loss, highlighting
its crucial role in improving VQA performance.

5.3.4 Zero-shot Retrieval

To demonstrate that our method does not harm the generalization of the CLIP model, we evaluated it on
zero-shot retrieval tasks and compared the results with CLIP and our improved method, CLIP-3Modal. The
comparison is shown in Table 5.10. Our model improved the recall scores of baseline CLIP across all zero-shot
retrieval tasks and slightly outperformed CLIP-3Modal on some text retrieval tasks. This suggests that the
generated data enhance CLIP by providing more information about images, as evidenced by the improved
retrieval performance.

Image Zero-Shot Retrieval Text Zero-Shot Retrieval
R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT/B-32 342 60.0 70.6 524 76.3 843
C3M-ViT/B-32LLaV A 34.9 60.7 71.2 529 77.1 84.7
Ours-ViT/B-32+blending 34.8  60.4 71.0 53.1 76.6 84.8
C3M-ViT/B-32FTaVA (only 3rd) 27.5 51.3 62.4 398  66.9 76.5
Ours-ViT/B-32 254 49.0 60.6 36.7  64.3 75.5

Table 5.10: Performance comparison in zero-shot retrieval tasks. Our approach surpasses the
baseline CLIP-ViT/B-32 across all retrieval metrics. By keeping the CLIP loss during training, our method
preserves its generalization capability while enhancing performance through embedding blending.
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Chapter 6. Conclusion & Future Work

6.1 Conclusion

We can see here that the use of an extra modality is a viable way to improve upon an image and text model.
Generative dialogue, rich in supplementary information and context, inspired us to creatively integrate it into
image-text architectures. We initially incorporated an additional tower to the model’s architecture to include
new modalities during the training process, thereby extending existing image-text models. Moreover, we
introduced DRAFT, a novel method for adapting CLIP-like models to various textual styles (e.g., dialogue)
using contrastive learning and distribution alignment. By mimicking CLIP’s training approach and aligning
the similarity distributions of the different textual inputs with the corresponding images, we demonstrated
improved performance on visual question answering tasks while maintaining the model’s generalization ability.
Additionally, we found that the Maximum Mean Discrepancy (MMD) loss is highly effective in adapting
the similarity distributions, making it a crucial component of our adaptation method. Finally, we showed
that blending the parameters of the base model with those of the fine-tuned text encoder further enhances
performance.

6.2 Future Works

In the future, we aim to further analyze the integration of a third tower in CLIP-style models and explore al-
ternative choices for the third modality. For both approaches, we plan to experiment with different generation
models and various styles for the generated textual cues. Additionally, we will conduct further experiments
on the DRAFT method, including initial fine-tuning of the model before evaluation in visual question answer-
ing (VQA), following the suggested evaluation pipeline. An exciting follow-up project involves applying the
DRAFT method to encoder-decoder models instead of just encoder models like CLIP. Finally, the concept of
parameter blending presents a very interesting area for research due to its significant benefits for our training
methods. To enhance blending, we are considering experimenting with more dynamic approaches, such as
moving average, instead of the simple summation proposed in this thesis.
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