EoNIKO METTYOBIO ITOATTEXNEIO

Y XOAH HAEKTPOAOTON MHXANIKON KAI MHXANIKON YTIOAOTIESTON
TOMEAS TEXNOAOTIAY IIAHPOSOPIKHE KAI YTIOAOTISTON

Large Language Models and Multimodal Retrieval for
Visual Word Sense Disambiguation

DIPLOMA THESIS
by

Anastasia Kritharoula

EnBAEnwv: Teapyiog Ltdpou
Kodnyntic E.M.IL

Adhva, OxtodBperoc 2023






P2
55

9
=
A€ I
X, T S
NI
v HE

¢
1 $=?
r

Edvixé Metodfio Ilohuteyvelo

Yyon| Hhextpohdywv Mryavixddv xan Mnyoavixodv Troloylotdv
Tougoc Teyvohroyioc IIAnpogopiniic xar YTrohoylotddv
Eeyoaothplo Yuotnudtewy Teywntrig Nonuooivng xow Mddnong

Large Language Models and Multimodal Retrieval for

Visual Word Sense Disambiguation

DIPLOMA THESIS
by

Anastasia Kritharoula

EnBAenwv: Tedpyiog Stduou

Kodnyntic E.M.IL

Evyxpldnxe and v teiuels) e€etaotny| emitpony) Ty 26" OxtwfBplou, 2023.

Ge,rgioc St mou Ajan sioc Boul dhmoc

Kajhght ¢ E.M.P. Ep. Kajhght ¢ E.M.P.

Miq Ihc Bazirgi nnhc
Kajhght c Ecole Polytechnique

Adhva, OxtodBperoc 2023



ANAITAIIA KPIOAPOYAA
Amhopotovyoc Hhextpordyoc Mryovinde
xaw Mnyovixog Trohoyiotov E.M.IIL

Copyright (©) — All rights reserved Anastasia Kritharoula, 2023.
Me em@OIaEn TOVTOS BLXAUDOUATOC.

Arnayopebeton n aviypagt, anodrixeuon xou Slovopr] Tne tapovoag epyactag, €€ oAoxhipou Y TUAUITOS AUTAS, Yid
eunopd oxond. Emtpéneton 1 avatinwot), amodixeuct) xou Siovour| Yol oxomd U xepdooxomuxd, EXTOUEVTIXAC
1) EEELYNTXAC PUOTC, UTO TNY TEoUTOVEST Vo avapépeTal 1) TYY) TPOEAEUOTC %ol VL BLTNEELTOL TO THPOV UAVUUAL.
Epwtiuata mou agopolv 1t yerion tne epyaociog yio xepdooxomxd oxond npénel vo aneudivoviol Teog Tov
CLUYYPAPEA.

Ou amderc xa o CUUTEPAOUATO TTOU TEPLEYOVTOL GE AUTO TO EYYRUPO EXPRELOUY TOV CUYYEAUPEX Xou EV TRETEL
va epunvevdel 6Tt avuinpoownedouy Ti¢ enionueg Yéocig Tou Edvixod Metodfiou IToduteyvelou.



Per-lThyh

H Anocaghvion Onuxav Evvoidv (Visual Word Sense Disambiguation - VWSD) efvou évar xawvolpio medBinua
pe mohhéc mpoxAfoels, mou unopel vo tonodetndel oty tou peta€d Tou TEOBAAUNTOS ATOCUPTVIONG YAWO-
OOV EVVOLWV X0l TOU TEOPBAAUATOC avdXTNong EOVey and xeyevixés meplypopés. Me auth 1 el Yo
EMLYELENIOOVUE €V TEWTO OLUCLUC TG BAUC TEOEC TNV AVULYVMELOT] XAl AVTHIETOTLOT TOU VEOU aUTOV TEofBARUITOC,
eapuélovtog éva euph alvoho pedddwy. O tpdogates e€ehifelc xou xouvotoplec otov touén Twv Ontixoyiwo-
oxédv Metaoynuatiotdv (VL Transformers) nopousiolouv vlonowioels ye evioppuvtind amoteléoyarto, To
onola wotdo0o unoctNeilovue 6Tl Propoly va evicyudoly nepoutépw. o To Adyo autd, mpotelvoupe xdmoleg
TEYVIXES EVIoYUONG YVWONE TOU €Y0UV GXOTO Vo BEATIOCOUY TNV anddocT) avdxTnone Twv OnTixoyAwooixmy
Metaoynuatiotédv pe xpfion Meydhwv Mwoowxdv Movtéhwy (Large Language Models - LLMs) «¢ Bdoewg
I'vooewy. Iho cuyxexpyéva, entyelpo0Ue TNV avdxTnon e Yvoone mou eivon anodnxeuuévn adopuPa ota Bden
TV ONT0YAWOOXOY METAGY NUATIO TOY, EMEPWTMOVTAS T HE XATIAANAES PEACELS, TTOU XaholUUe Protropte, oe
ouvifxeg undevixnc pldmong- ywelc T xerom xdmotag Saduxaciog TEOEXTABEVONE 1 XATOWY AVTITPOCKTEU-
TIXoV xatevuvthplwy topadetyudtwy. Emmiéov, yeletdue to mpéBinua tng Anocagrivione Ontixody Evvounv
elte and v oty evég mpoPhiuatoc Avixtnone Ewdvev and Ewdvee, elte evéoc npoPAfuatog Avdxtnong
Kewévou and Kelpevou €10l doTte Vo SleUpeUVACOUNE TATIPWS TIC BUVATOTNTES TWV TLO CUYYPOVLV XAUVOTOUWY
HOVTEAWY TOU YENOWOTOUVTOL Yol TNV eniAucT Twv TEoBANudtwy aut®y. Erudiouda, exmoudebouue €va
Movtého Expdidnone Koatdtagng pe oxomd vo cuvBudoouye Tig SLopopetixés tpooeyY(oelc uag, emTuyydvovTog
LV TOULY OVLO TIXEL ATOTEAECUALTAL.

Emnpdoveta, yeatpénovpe to npoinua Anocaprviong Ontixey Evvoldv oe éva opyedg YAwooxd medBinuo
Epdtnone-Andvinong, dewpdvtag tig mopoyoueves Aeldvtes twv LTOPAPLOY EMOVOV ¢ UTOPRPIES amavTh-
OEl¢ TOMATATC ETAOYAC. LTEATNYINES YPNONE TEOTEOTOY YE UNBeVIXT) BOAA-Y0RIC TNV EVOWUATWOT) EVOELXTILV
TOEOOELYPETWV- 1) TOMATAY, BOAT-UE EVOWUATOOT HEPIXDY EVOEXTIXWY TUPUdELYUATOV- TpocTidevTon oTa TElpd-
HOTE, HOlG TTPOXELLEVOL VoL EEEPEVVHCOUNE TAPWS TN BUVITOTNTA EVOC TETOLOU PETACYNUATIOUOD Ylot TO TedBANUL
autd. IHoapdhhnha, 1 yeron npotpon®dv AACIBWTAC-ExEPNG pe UNdevixr-BoAr) pag anoxahOTTEL To ECWTERIX
Briuarta culhoyioTixic mou axoloudel éva Meydho Mwoowxd Movtého yior va emhéZel Ty xotdhAnhn urodr-
(Lo EXOVOL.  LUVOMXE, 1 TeoGEYYLon Tou mapoucialouue elval 1 TEMTN TOU AvohDEL TOL TAEOVEXTAUATA TNG
a€lonoinong yvoong nou Peloxeton anodnxevuévn ota Meydha [Mhwoowxd Movtéha ye Blapopetinolic tpémoug
yioe TV enthuom tou mpofifuatog tng Anocagriviong Ontxdv Evvouoy.

Lixeic-kleidi — Arnocagivion Ontuxdv Evvouwdv, Iohutpomnd) Avéxtnon Ewévac-Kewévou, Om-
TwoyAlwowol Metaoynuatiotée, Meydio I'hwoowxd Movtéha, Meydha I'hwoowxd Movtéla we Bdoeg I'vdoewy,
Sulhoyiotin Awdixacio oe Meydha [hwoowxd Movtéha






Abstract

Visual Word Sense Disambiguation (VWSD) is a challenging task that lies at the intersection of linguistic
sense disambiguation and fine-grained mulitmodal retrieval. In this task, the goal is to retrieve the appropriate
image from a set of competitive candidates, given a word within a given context. In this thesis, we aim to
make a substantial step towards unveiling this interesting task. As a starting point, we propose some recent
state-of-the-art visiolinguistic (VL) transformers with promising baseline performance. We suggest the use
of Large Language Models (LLMs) as Knowledge Bases, which could better the retrieval performance of
VL transformers via knowledge-enhancement, in order to improve these baselines. Specifically, we utilise
appropriate prompts to query the LLMs and retrieve the knowledge which is stored in their weights, thereby
accomplishing performance improvements. We also study VWSD as a unimodal problem by converting
to text-to-text and image-to-image retrieval, in order to thoroughly investigate the capabilities of relevant
models. To combine our various modules, we train a learn-to-rank (LTR) model on a dataset derived by
combining the features of the aforementioned techniques.

Moreover, we transform VWSD into a text-only question-and-answer (QA) problem. To achieve this, we
designate each image with a generated caption and use the captions as potential multiple-choice textual
answers. To reveal the potential of such a transformation, we employ zero-shot and few-shot strategies, as
well as Chain-of-Thought (CoT) prompting in the zero-shot setting, in order to evoke the internal reasoning
steps an LLM employs to select the most suitable candidate and to provide internal explanations for this
selection. Overall, this thesis is the first one that attempts to analyse the merits of leveraging knowledge
stored in LLMs in various ways to solve VWSD.

Keywords — Visual Word Sense Disambiguation, Multimodal Retrieval, VL. Transformers, Large Lan-
guage Models, Language Models as Knowledge Bases, Reasoning in Large Language Models
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1.1 Jewrhtiki Upibajro

H Aposaf nish Optik.n Ennoi,n  (Visual Word Sense Disambiguation - VWSD) ePnai éna kainoOrio priblnma
me arketéc prokl seic. Skopic tou probl matoc autoO ePnai dojebsac miac diforoOmenhc l&stigou entic
enic keiménoupou égei to rilo enoiologikoO plaisbBou, na anakthjeb h kat'llhlh eikina api tic upoy fiec

h opoPa antiproswpeOei kalOtera thn énnoia thc Iéxstiqou [67]. Gia pardeigmah fr’sh To déntro an-
dromédaperiégei thn amfbshmh léx$tigo andromédasunodeuimenh api to kebmeplabsio déntro to opobo
kai thn aposafhnBzei MetaxO twn 10 upoyhfbwn eikinwn pou parousbzontai sthn eikina.1.1, éna sOsthma
sgediasmeno gia thn epBlush tou probl matoc Aposaf nishc Optik,n Ennoi,n epigeireD na anakt sei thn
eikina ekebnh pou anaparist™ to déntro gnwsti wc androméddn opoba epishmei netai me plaBsio

Figure 1.1.1: Par"deigma tou probl matoc Aposaf nishc Optik,n Ennoi.n

Pariti to priblnma thc Aposaf nishc Optik,n Ennoi,n ebnai ousiastik™ éna polutropiki priblhma ank-

thshc Eikinac -Keiménopup“rqoun k™poiec jemeli,seic diaforéc . Gia par"deigma parathr,ntac tic upoy fiec
eikinec sthn eikina 1.1.1, oi opobec me k™poio tripo ebnai sgetikec me thn amfbshmhadgdtomedgmporeb na
ePnai ebte asterismieDte eDdoc yario@ntrou, erpetoO ktl), éna epitughméno sOsthma an“kthshc prépei na
ebnai leptomeréc kai idiabtera euabsjhto sthn topojéthsh thc amfBshmhc Iéstiqou sto ennoiologiki plab-
sio. Se aut thn perbptwsh, to plabsio déntro prépei na ebnai arket™ emfanéapi thn optik tou sust matoc
an“khthshc- prokeiménou na mporeD na aposafhnBsei th éniag llhla imwe , auti to sOsthma an“kthshc
den prépei na basbzetai apokleistik™ sto ennoiologiki plabsiodéntro: sthn perbptwsh aut eikinec pou per-
iegoun louloOdia kai pr'sino grasbdi eis"goun k’poia anamenimenh merolhyPa sth diadikasPa an’kthkht
me autin ton tripo Pswc epilegjeb h eikina pou éqei th megalOterh pijanithta na periéqgei éndéntro, ag-
no,ntac thn amfBshmh énnoiandroméda Fusik™ , ebnai pijani kai to sen’rio to montélo an"kthshc na mhn
egei ekpaideuteb poté me thn amfbshmh énhaspaniithta twn ennoi,n pou qarakthrbzei to lexiligio twn
léexewn-stigwn auxnei thn pijanithta to sOsthma an“kthshc na basisteD apokleistik™ sto gnwsti se auti
ennoiologiki plabsio, me apotélesma thn eisagwg shmantik c tuqaiithtac kat™ th diadikasba epilog c. Gia
to ligo auti , h axiopistba thc Aposaf nishc Optik,n Ennoi,n apoteleb éna krbsimo shmeBxx nontac thn
an“gkh gia epexhg seic kat™ th diadikasba epilog ¢ kai epPlushc

Aut h diatrib perilamb™nei &éna sOnolo proseggBsewn gia to priblhma thc Aposaf nishc Optik,n Ennoi,n
MetaxO aut,n perilamb™netai h gr sh sOggronwn Metasghmatist.n Eikinac -KeiménouVL Transformers)
wc susthm™wn an“kthshc, h gr sh Meg'lwn Glwssik,n Montelwn  (LLMs) wc b"sewn gn,shc gia thn
aposaf nish thc léxhc -stiqou kaj,c kai h metatrop tou probl matoc se priblhma Er,thshc -Ap“nthshc
fusik c gl.ssac  -ex"gontac keimenikéc perigraféc gia tic upoy fiec eikinec kai h gr sh AlusidwtoO Sul-
logismoQ gia thn epex ghsh twn apant sewn



1.2 Proteinimenec Preseggbseic

1.2.1 Suneisfor”

Oi suneisforéc aut ¢ thc diplwmatik ¢ ergasbPac ePnai pollapléc mporoOn na sunoyistoOn wc ex ¢

AxiopoioOme ta Glwwsik™ Montéla (LLMs) wc b"seic gn,shc gia na emploutDsoume tic dojePsec fr'-
seic, enswmat,nontac peraiterw ennoilogiki perieqimeno me skopi h Iéxhkstigoc na aposafhnisteb,
antimetwpbzontac me autin ton tripo kai peript,seic pou h amfbshmh Iexh ebnai "gnwsth sto sOsthma
an"kthshc.

Metatrépoume to priblhma Aposaf nishc Optik,n Ennoi,n se monotropiki priblhma , dhlad apok-
leistik™ glwssiki apokleistik™ optiki priblhma . Pio sugkekriména se priblhma An"kthshc Eikinac
api Eikina , An"kthshc Keiménou api Kebmenkaj,c kai priblhma Er,thshc  -Ap“nthshc me skopi na
exereun soume pl rwe tic duantithtec pou ta sgetik™ montéla mporoOn na prosféroun.

QrhsimopoioOme ta garakthristik™ pou ex"goume api tic proanaferjeDsec tegnikéc gia na ekpaideOsoume
ena montelo Ekm’jhshc Kat“taxhc (LTR), epitugg'nontac antagwnistik™ apotelésmata an’kthshc .

Enswmat,noume ton Alusidwti Sullogismi sto priblhma Er,thshc  -Ap"nthshc me §kopi thn kateu:
junimenh paragwg apant sewn, en, parousi’zoume ta endi"mesa b mata sullogismoO pou leitourgoOn
wc epexhg seic thc diadikasbac an“kthshc

1.2.2 SOnolo Dedoménwn

To sOnolo dedoménwn gia to priblhma thc Aposaf nishc Optik,n Ennoi,n pou afor™ thn agglik gl,ssa

apotelebtai api 12869debgmata ekpabdeushc4&s debgmata dokim &"je deBgma apotelebtai apl0 upoy -

fiec eikinec. To m koc thc dojebsac fr'shc parousi“zei amelhtéec diaforéc me th suntriptik pleioyhfba twn

frisewn na apoteloOntai api 2 Iéxeic. To sOnolo dedoménwn kai oi epPshmoi diagwrismob mporoOn na brejoOn
sto https://raganato.github.io/vwsd/.  Ta sunolik™ statistik™ tou sunilou dedoménwn parousi“zontai ston

akiloujo pbnaka:

Diagwrismic | # Debgmata M koc frshc

1word 2lexeic 3léxeic 4 léxeic
Ekpabdeush | 12869 0 12868 0 0
Dokim 463 1 445 17 1

Table 1.1: Statistik™ Sunilou Dedoménwn

1.2.3 Mejodoc

AkoloujoOme 6 tegnikéc gia na exereun soume to priblhma thc Aposaf nishc Optik,n Ennoi,n api arketéc
diaforetikec optikéc gwnbec 'Olec oi tegnikec mac eéqoun dokimasteb apokleistik™ sthn agglik gl,ssa .

An“kthsh Eikinac -Keimeénou me VL Transformers wc EpPpedo Anafor'c

Ulopoi same éna apli sOsthma an“kthshc eikinac-keiménou wc epPpedo anafor’c gia na axiolog soume tic
dunatithtec twn up“rgontwn proekpaideumenwrVL transformers sto priblnma thc Aposaf nishc Optik,n
Ennoi,n. Oi VL transformers prob’lloun tiso tic eikinec i iso kai tic glwssikec friseic  t ston Bdio
majhmatiki q,ro . H an’kthsh thc katallhliterhc eikinac i me b"sh th dojeDsa glwssik fr'sh t gbnetai me
b“sh ton akiloujo bajmi omoiithtac

score(t; i) = max(sim(t;i)) (1.2.1)

gia ton upologismi tou opobou epilegoume na grhsimopoi soume thn omoiithta sunhmitinou
Oi VL Transformers pou grhsimopoioOme aparijmoOntai parak’tw
" CLIP[65], me toViT-base[15] wc kwdikopoiht



" CLIP, me toViT-large wc kwdikopoiht , sumbolbzetai méLIP-L

~ CLIP _ai0n , ekpaideumeéno stb AION-2B aggliki uposOnolo tou LAION-5B

~ ALIGN[25]

" BLIP[41], me toViT-base wc kwdikopoiht , ekpaideuméno st&€OCO[45], sumbolbzetai wBLIP ¢
BLIP, me toViT-large wc kwdikopoiht , ekpaideumeno st€OCO, sumbolbzetai wBLIP-L ¢

BLIP, me toViT-base wc kwdikopoiht , ekpaideuméno stélickr30k[93], sumbolbzetai wBLIP ¢

BLIP, me toViT-large wc kwdikopoiht , ekpaideuméno st&lickr30k, sumbolbzetai waBLIP-L ¢

Epipléon, peiramatizimaste me thn enswm’twsh enic suntelest poin cp(i), ipwc perigr-fetai sto [11] étsi
,ste na prosarmisoume thn protbmhsh an"kthshc twn eikinwn pou parousizoun uyhli bajmi omoiithtac
sim(t;i) me polléc frseic t. H poin upologbzetai gia k'je eikina wc o mésoc iroc omoiithtac metaxO
thc eikinac kai ilwn twn glwssik n fr'sewn sto sOnolo dedoménwn kanonikopoihménoc api th sugnithta
emfnishc thc eikinac sOmfwna me ton akiloujo tOpa
I
card(i)
maxi,, 21 card(im)

v 270 simed 1.2.2
p(i) = mtkﬂslm(k,l) (1.2.2)

ipou T ePnai to sOnolo ilwn twn fr'sewn, | ePnai to sOnolo ilwn twn eikinwn kai to card(i) antistoigeP
ston arijmi twn deigm“twn sta opoba emfanbzetai h eikina

Se aut thn perbptwsh, o bajmic omoiithtac pabrnei thn akiloujh morf

score(t;i) = sim(t;i) p(i) (1.2.3)

LLMs gia ton emploutismi tou ennoiologikoO plaisBou

Epilégoume na dokim“soume éna sOnolo apLMs wc b’seic gn shc gia na emploutbsoume tic sOntomec
fr’seic t me perissiterec letoméreiec se mia rOjmish mhdenik ¢ bolqwrbc thn enswmtwsh endeiktik,n
paradeigm™twn, par"gontac emploutisménec fr'seic te, kai sth sunégeia axiopoioOme to sOsthma an’kthshc
eikinac-keiménou pou perigr-fthke sthn prongoOmenh par"grafo Epipléon, epigeiroOme kai p’li na enswmat, -
soume ton suntelest poin ¢ p(i) kat™ to st"dio thc an"kthshc , sOmfwna me ton akiloujo bajmi omoiithtac ,
égontac enswmat, sei ton emploutismi gn,shc:

scorg(te; 1) = sim(te;i)  p(i) (1.2.4)

'‘Olec oi protropec (prompts) me tic opobec eperwt'me talMs ebnai sgediasménec me b“sh geirokbnhta
kataskeuasména pritupa basismeéna sth diabsjhsh iti to na zht"c api to montélo plhroforbec me th morf
odhgi,n égei apodeigjeb wfelimd30].

Oi protropéc pou grhsimopoioOme parousi“zontai parak tw

Prompt name Prompt template
exact <phrase>
what_is What is <phrase>?
meaning_of What is the meaning of <phrase>?
describe Describe <phrase>.
write_description Write a description of <phrase>.
to_describe To describe <phrase> | would say that
could_describe | could describe <phrase> as

Table 1.2: Protropéc gia emploutismi tou ennoiologikoO plaisPou mésw.LMs

Oi dunatithtec twn LLMs ebnai anlogec me to mégejoc touaposthrbzontac iti ta montéla péra api mia
sugkekrimenh kibmaka mporoOn na periegoun pio prohgméenec gnEeét"zoume e™n o isqurimic autic ePnai



epbshc eustaj ¢ gia gia ton emploutismi gn,shc, peiramatizimenoi me montela meqri K8 disekatommurbwn
parametrwn irio to opobo antistoiqeb sto irio twn upologistik,n pirwn pou diajetoume , kaj,c kai LLMs
t"xewn megéjouc megalOterg175 disekatommOria parameétrojidiajésimwn mésw dhmosbiRls, ta opoba kai
parousi“zoume parak’tw:

"~ GPT-3[9] (text-davinci-003) mel75 disekatommOria paramétrou& GPT-3.5-turbo
GPT2-XL[64] mel.5 disekatommOrio paramétrouc

" BLOOMZ-1.7B & BLOOMZ-3b [58]

" OPT-2.7B & OPT-6.7B [97]

~ LLAMA-7B [83]

" Vicuna-7B & Vicuna-13B [99]

" Galactica-6.7B [80]

Exagwg Keimenik,n Perigraf,n api tic Eikinec gia An"kthsh Keiménou api KeBmeno

Enswmat,noume tic metrikec enic monotropik ¢ an“kthshd apokleistik™ glwssik ¢ optik ¢ ), ekmetalleui-
menoi sOgqgronouitansformers gia na metatreyoume tic eikinec se keimenikec perigrafec;. Pio sugkekrimeéna
ta montela (captioning transformers) pou grhsimopoboume gia to skopi auti ePnai

" BLIP Captions [41] me toViT-base[15] wc kwdikopoiht

BLIP Captions me toViT-large wc kwdikopoiht sumbolbzetai wadBLIP-L
" GIT [88] me toViT-base wc kwdikopoiht

GIT me toViT-large wc kwdikopoiht , sumbolbzetai m&iT-L

" ViT-GPT2 [34], to opobo grhsimopoieb WiT-base wc kwdikopoiht kaito GPT-2[64] wc apokwdikopoi-
ht

Gia ila ta parap™nw montéla, epigeiroOme tiso anaz thsh désmh¢beam search)poluwnumik ¢ deigmatol-

hybac mB desmec gia na ex"gounte=10 perigraféc an” eikina i, kaj,c kai “plhsth anaz thsh  (greedy

search). SumbolDzoume ofethn k-ost perigraf thc eikinac i, ipwc prokOptei api thn anaz thsh désmhc(h

“plhsth anaz thsh epistréfei mia mino perigraf an” eikina ). Sthn perbptwsh thc anaz thshc désmhcooi 10

perigraféc upob’llontai epbBshc se mia epipléon epexergaspPlaj,c orismenec api autéc ebnai panomoiitupec
uposumboloseiréc megalOterwn

ExereunoOme dOo epilogéc gia thn apikthsh twn dianusmatik,n anaparast’sewn twn perigraf nc; kai twn
fr'sewn t. Sthn prth perbptwsh, oi dianusmatikec anaparast'seic ex"gontai me gr sh twn BdiwvL Trans-
formers ipwc sthn polutropik an“kthsh . Sthn deOterh perBptwshgrhsimopoioOme éna sOnolo api amig.c
glwssikoOc transformers prot’sewn, oi opoPoi égqoun ekpaideuteD peraitérw sthn shmasiologik omoiithta
[68]. AutoD aparijmoOntai parak’tw.

distilroberta-base & xIm-r-distilroberta-paraphrase
stsb-roberta-base, stsb-distilroberta-base & stsb-mpnet-base
~ all-MiniLM-L6, all-MiniLM-L12 & all-mpnet-base
multi-ga-distilbert-cos & multi-ga-MiniLM-L6-cos

sentence-t5-base, sentence-t5-large, gtr-t5-base & gtr-t5-large

'Epeita, kai stic dOo peript,seic, grhsimopoioOme omoiithta sunhmitinou euklbdéi@anhattan apistash
gia ton upologismi tou score(t; ck), anakt,ntac étsi to pio imoio (me thn pio meg’lh omoiithta antDstoiga
mikr apistash ) di"nusma perigraf ¢ gia k'je di'nusma fr'shc . Diex"goume peir'mata tiso gwrbc iso kai
me ton emploutismi twn fr'sewn me gr sh twn Glwssik,n Montélwn .



Wikipedia & Wikidata gia An’kthsh Eikinac api Eikina

H Ankthsh Eikinac api Eikina ebnai énac akima tripoc proseéggishc tou probl matoc Aposaf nishc Op-
tik,n Ennoi,n mésw polutropik,n anaparast'sewn . Gia to skopi auti , akolouj,ntac thn idéa tou [11]
grhsimopoioOme taVikipedia API gia na anakt soume argik” ila ta sgetik® me th dojebsa fr’'sh t “rjra
kai sth sunégeia krat"'me thn prwtargik eikina iy gia kajéna api aut™ . 'Epeita, epexergazimaste to anak-
thméno sOnolo eikinwn jewr,ntac éna mégisto apik = 10 Wikipedia eikinec gia kje fr’'sh  t. Thn Bdia
diadikasba epanalamb®oume kai gia\dikidata[85]. Gia thn exagwg dianusmatik,n anaparast’sewn gia tic
anakthmeénec eikineig,, kaj,c kai gia tic upoy fiec eikinec i, grhsimopoioOme touc Pdidic Transformers me
thn polutropik an“kthsh . Téloc, anazhtoOme tic anaparast’seic pou brBskontai pio kont™ metaxO touc ston
dianusmatiki g,ro (qrhsimopoi ntac omoiithta sunhmitinou euklebdidmanhattan apistash ) sOmfwna me
to bajmi omoiithtac score(iy;i).

Montélo Ekm“jhshc Kat“taxhc

Parimoia me to[11], ulopoioOme &na montélo ekm’jhshc kat“taxhc pou axiopoieD garakthristik™ pou ex"gjhkan
api ta dik® mac proanaferjénta peirmata . Wc montélo ekm’jhshc kat'taxhc grhsimopoioOme tohGBM-
Ranker me tolambdarank objective!, ulopoihméno p nw stogradient boosting framework[29].

Ta epilegména garakthristik™ gia to montélo Ekmjhshc Kat'taxhc anaparistoOn sgéseic metaxO k’je do-
jebsac fr'shc kai twn upoy fiwn eikinwn , ipwc autéc ex'gontai k’je for™ api k“je mia api tic 4 pro-
hgoOmenec teqnikéPio sugkekriména ta akilouja b mata (a)-(e) égoun epilegjeP gia th dhmiourgba garak-
thristik,n pou antistoiqoOn sthn perBptwsh anaforc :

() score(t;i)

() max(score(t;i))
() mean(scorg(t;i))
() dierence a-b

(") dierence a-g

Me parimoio tripo , ta b mata (a)-(e) epanalamb™nontai gia touc bajmoQcscore(te; i) (emploutismic fr'sewn
me gr sh LLMs), score(t;cX) (ankthsh Keiménou api KebPmeno me exagwg perigraf,n api tic eikingc
score(te; c) (an"kthsh Keiménou api KeDmeno me exagwg perigraf,n api tic eikinec kai emploutismi fr'sewn
méswLLMs) kai score(iy ;i) (an"kthsh Eikinac api Eikina ). EkpaideOoume to montélo ekmjhshc kat'taxhc
se arketoOc sunduasmoQOc aut n twn qarakthristik.n. Epipléon, metaxO aut,n twn sunduasm_n epigeiroOme
na grhsimopoioOme omoiithta sunhmitinou kai eukleBdianhattan apistash wc metrikéc omoiithtac, en, axi-
ologoOme kai th suneisfor™ tou suntelest poinc p(i) (exDswsH.2.3)tiso sthn basik perBptwsh anaforc

iso kai sthn polutropik an"kthsh me emploutismi tou enn0|log|k00 plaisbou mesw LLMs. Prokeiménoyna
enisqOsoume peraitérw thn apidosh tou montélouepigeiroOme epBshc na sundu"soume qarakthristik™ twn
emploutisménwn fr'sewn proergimenwn api diaforetik™ LLMs protropéc .

Priblhma Er, thshc -Ap“nthshc kai Alusidwtic Sullogismic

Metatrépoume to priblhma Aposaf nishc Optik,n Ennoi,n se éna priblhma Er.thshc  -Ap"nthshc, antis-
toigbzontac tic keimenikec ekfrseid se erwt seic Q sOmfwna me b"sh geirokbnhta kataskeuasmena pritupa
protrop,n (Pbnakad.3).

Ta peir'mat™ mac perilamb™noun tiso rOjmish mhdenik ¢ bol ¢, iso kai rOjmish pollapl,n bol,n . Kai sta
dOo sen’rig ta LLMs pou eperwt, ntai eDnai toVicuna-13B[99] kai to GPT-3.5-turbo mel75 disekatommOria
parameétrouc Kaj.c ta LLMs proc to parin mporoOn na diageiristoOn mino keimenikéc kai igi kai optikéc
eisidouc, prépei na metaboOme se apokleistik™ keimenikéc anaparast™seic tiso gia tic eikindciso kai gia
tic fr'seic t. Gia to ligo auti enswmat,noume kai p’li teqgnikéc exagwg c perigraf,n api eikinec gia na
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Prompt Prompt template

name

think (greedy) Q: What is the most appropriate caption for the <context>? Answer choices: (A) <caption
for image 1> (B) <caption for image 2> ... A: Let's think step by step.

think (beam) Q: What is the most appropriate group of captions for the <context>? Answer choices:
(A) <captions for image 1 (separated with comma)> (B) <captions for image 2> ... A:
Let's think step by step.

CoT <think_prompt> <response of llm with think prompt> Therefore, among A through J,
the answer is

no_CoT Q: What is the most appropriate caption for the <context>? Answer choices: (A) <caption

(greedy) for image 1> (B) <caption for image 2> ... A:

no_CoT (beam) Q: What is the most appropriate group of captions for the <context>? Answer choices:

(A) <captions for image 1> (B) <captions for image 2> ... A:

choose no_CoT You have ten images, (A) to (J), which are given to you in the form of captions.(A) <caption
(greedy) for image 1>...(J) <caption for image 10> You should choose the image, and therefore the
caption that could better represent the <phrase>. What image do you choose?

choose no_CoT You have ten images, (A) to (J), which are given to you in the form of captions.(A) <cap-
(beam) tions for image 1 (separated with comma)>. .. (J) <captions for image 10 (separated with
comma)> You should choose the image, and therefore the set of captions that could better
represent the <phrase>. What image do you choose?

choose CoT | You have ten images, (A) to (J), which are given to you in the form of captions. (A)
(greedy) <caption for image 1> ... (J) <caption for image 10> You should choose the image, and
therefore the caption that could better represent the <phrase>.

Use the following format: Question: What image do you choose? Thought: you should
always think about what you choose. Result: the result of your thought Final Answer: the
image that you choose.

Begin! Question: What image do you choose?

choose CoT | You have ten images, (A) to (J), which are given to you in the form of a set of captions. (A)
(beam) captions for image 1 (separated with comma) ... (J) captions for image 10 (separated with
comma) You should choose the image, and therefore the set of captions that could better
represent the <phrase>.

Use the following format: Question: What image do you choose? Thought: you should
always think about what you choose Result: the result of your thought Final Answer: the
image that you choose

Begin! Question: What image do you choose?

Table 1.3: Protropéc Er ,thshc -Ap"nthshc gwrbc Alusidwti Sullogismi

epitOgoume to metasghmatismi autiparégontac perigraféc ¢ gia k’je upoy fia eikina i. Ta montéla pou
epilégoume gia thn exagwg twn perigraf,n api tic eikinec ePnai taGiT-L[88] BLIP-L[41]., ta opoPa kai ta dOo
apoteloOntai api to ViT-large[15] wc kwdikopoiht , kai ViT-GPT2[34], to opoPo grhsimopoieD iT-base
wc kwdikopoiht kai to GPT-2[64] wc apokwdikopoiht .

Oi sullogistikéc ikanithtec twn  LLMs mporoOn na xekleidwjoOn mes, tou legimenou AlusidwtoO Sullo-
gismo(QJ30, 89],kat” ton opoDo ta LLMs zhteBtai na par’xoun mia seir” api endi"'mesa sullogistik™ b mata
pou odhgeb logik™ sthn telik touc ap™nthsh . Pariti o Alusidwtic Sullogismic egei grhsimopoihjeb wc

epi to plebston se probl mata me pollapl” b mata sullogismoO , mporeP epbshc na parégei katanohtéc gia
em”cepexhg seic sqetik™ me thn epilog thc katallhliterhc upoy fiac eikinac i gia Kje fr'sh t. Gia to
skopi auti ta 5 pr.ta pritupa tou pPnaka 1.3 pou égoun uiojethjeD api to [30], apoteloOntai api mia pro-
trop "sullogismoQ" ("Let's think step by step/think protropéc api ton PPnaka1.3) anakt” to sullogistiki
monop“ti pou brbsketai apojhkeuméno stbLM, kai epeita mia protrop "ap“nthshc" ("Therefore, among A
through J, the answer is " protrop tou PPnaka 1.3) pou epistréfei thn telik ap"nthsh se mia epijumht

morf . Oi upiloipec protropéc (protropéc me to inoma“choose") ePnai empneusménec api tic protropéc tou
LangChain[35].

Protropec mhdenik ¢ bol ¢ . Se rOjmish mhdenik ¢ bol ¢ eis"goume mia epilegménh protrop api ton
PPnakd.3sto LLM ( ebte toVicuna-13B ebte toGPT-3.5-turbo), to opobo kai par"gei thn ap”nthshA mazb me
mia epex ghsh thc epilog ¢ aut c. H paragimenh ap™nthshA mporeb na ePnai ebte mia api tic perigraféc twn
upoyhfbwn eikinwnA-J éite mia d lwsh iti de mporeb na oristeb ap™nthshse K'je perbptwsh, h paragimenh
ap’nthsh A sugkrbnetai thn perigraf thc eikinac pou pragmatik™ antistoiqeb sth dojePsa fr'sh gia na



katal xoume e"n h strathgik protrop ¢ mhdenik c bol ¢ odhgeb se epitugba apotugba

Protropéc pollapl,n bol,n . Epiprisjeta , peiramatizimaste me th rOjmish protrop ¢ pollapl,n
bol.n sth jésh thc rOjmishc mhdenik ¢ bol ¢ pou perigriyame prohgouménwc Sthn perBptwsh aut epilé-
goumek no_CoT protropéc (Pbnakad.3), sunodeuimenec mazb me thn alhjin ap™nths tout, sghmatbzontac
me auti ton tripo QA in-context paradebgmataO arijmic twn in-context paradeigm™twnk apofasbzetai api

to grsth . Sgedi"zoume3 diaforetikoOc tripouc epilog ¢ twn Kk in-context paradeigm™wn Sth basik
perDptwsh anafor'c, ta k paradeBgmata epilégontai tugaba api to sOnolo dedoménwn ekpabdeusiiso ,
dedoménou iti h sun“feia twn epilegmeénwn paradeigm™twn se sqgésh me to dojén debgma ebnai shpé@htik
kaj.c kai h seir” twn paradeigmtwn [53], sqedi"zoume dOo tegnikéc epilog ¢ paradeigm’twn basisménec sthn
omoiithta, tic opoPec kaloOmi@p kai inverse-top. Kai oi dOo tegnikéc epilog ¢ grhsimopoioOn tic dianus-
matikéc anaparast™seic twn fr'sewn t pou sumperilamb”nontai sticQA protropéc, kai pro ljan me gr sh tou
ALIGN[25] VL Transformer. Ta k kontinitera dianOsmata me to di"nusma thc dojePsac fr'shd anaktintai
apotelesmatik™ me th bo jeia thc omoiithtac sunhmitinou kai thc biblioj khc  FAISS[27]. Sth sunéqgeia h
teqnik onimati top topojeteD to pio sgetiki par“deigma pr.to , akoloujoOmeno api to 20 pio sgetiki , méqri
kai to k-osti pio sgetiki par"deigma sthn k-ost jesh . Api thn “llh pleur”™ | hinv-top tegnik antistréfei

th seir” aut topojet,ntac to pio sqetiki par"deigma sthn k-ost jesh . H epilog tou k poikbllei metaxO
twn diafirwn peiram™wn , an’loga me to m koc thc protrop ¢ kai touc periorismoOc ligw twn diajésimwn
upologistik,.n pirwn , kai orbzetai ston Pbnaka.4.

Captioner Model Captioner Strategy k
GIiT-L / BLIP-L / VIT-GPT2 greedy 5
GiT-L beam 2

BLIP-L beam 1

ViT-GPT2 beam 2

Table 1.4: Epilog thc parametrou k



1.3 Peiramatiki Méroc

Sthn enithta aut parousi"zoume ta apotelesmata ektetamenwn peiram™twn pou diexag game sta plabsia twn
6 tegnik,n pou dokim“same prokeiménou na diereun soume pl rwc to priblhma thc Aposaf nishc Optik,n

Ennoi,n. Gia thn axiolighsh twn apotelesm™wn basizimaste stic akiloujec metrikéc

Reciprocal Rank (MRR).

1.3.1 LLMs gia ton emploutismi tou ennoiologikoO plaisbBou

. Accuracy kai Mean

Stouc PPnaked..5 kai 1.6 parousi’zoume ta apotelésmata pou prokOptoun api thn polutropik an’kthsh me
gr sh VL Transformers, me qwrbc thn enswm™twsh tou suntelest poin c p(i) antbstoiga Ta Baselines
, dhlad polutropik ¢ an"kthshc mésw VL Transformers qwrbc ton
emploutismi twn fr'sewn api ta LLMs.

anaferontai stic peript,seic anafor’c

Table 1.5: Apotelésmata polutropik ¢ an“kthshc me thn enswm™wsh tou suntelest poinc p(i). Ta

shmeiwména me antistoiqoOn sta kalOtera apotelésmata an™ metrik , en, ta ta shmeiwména méntonh
grammatoseir” sta kalOtera apotelésmata gia k'je LLM.

CLIP CLIP-L CLIP raion ALIGN BLIP ¢ BLIP-L ¢ BLIP ¢ BLIP-L ¢
acc. MRR | acc. MRR | acc. MRR acc. MRR | acc. MRR | acc. MRR | acc. MRR | acc. MRR
Baseline 63.28 76.27 62.85 76.24 71.06 8150 | 68.90 80.00 60.91 74.33 64.58 77.51 60.48 73.87 69.76 80.42
exact 53.88 69.51 56.32 71.12 57.45 7253 | 53.35 69.57 47.52 63.67 47.95 64.49 41.90 59.79 50.54 66.96
what_is 61.22 74.89 61.44 75.83 64.58 77.61 | 63.93 76.33 57.02 70.42 57.67 71.7§ 51.62 67.7§ 61.34 74.42
< meaning_of 60.82 75.00 65.58 77.55| 65.23 78.04 | 64.15 76.65 58.75 72.64 59.18 73.27 52.92 68.27 63.07 75.96
'(_\'.I describe 57.58 72.38 60.82 74.82 65.01 77.17 | 58.10 72.67 54.43 68.78 53.78 69.38 47.73 65.08 57.24 71.80
?D' write_description | 58.90 72.87 62.42 75.63 63.28 77.11 | 60.26 74.37 50.76 67.19 54.21 69.57 48.60 65.12 60.04 73.43
to_describe 59.74 73.8§ 62.34 75.55 63.50 76.40 | 59.40 73.46 52.92 67.80 53.35 68.86 48.16 64.47 55.94 70.67
could_describe 57.08 71.87 59.26 73.23 65.01 76.87 | 58.10 72.49 52.05 68.22 55.08 70.18 46.87 64.44 57.02 72.03
exact 61.44 74.5Q0 64.92 77.42 66.52 7850 | 65.87 77.60 64.58 76.28 65.66 77.13 59.18 72.7Q0 67.39 78.67
~ what_is 63.71 76.41 66.74 78.92 69.98 80.67 | 65.44 77.65 63.28 75.95 65.23 77.68 58.32 72.06 66.52 78.30
S | meaning_of 62.63 76.3§ 65.01 78.17 69.33 80.69 | 66.74 78.27 63.50 76.44 65.44 78.29 58.53 72.50 68.25 79.74
gl describe 64.72 77.21 64.07 77.47 69.98 81.40 68.90 80.28 61.34 75.61 64.36 77.45 58.53 72.41 66.74 78.81
8 write_description | 62.61 76.00 65.93 78.07 68.90 80.13 | 68.68 79.7Q 60.04 73.52 64.58 77.13 57.02 71.19 67.17 78.66
@ | to_describe 63.20 76.36 66.45 78.20 69.11 80.13 | 70.41 80.7Q 64.15 76.77 66.95 78.66 57.88 72.20 68.25 79.81
could_describe 64.86 77.13 63.99 77.10 66.95 79.11 | 69.33 79.96 62.42 75.65 65.87 78.17 58.10 72.47 68.47 79.89
exact 62.85 76.00 62.85 75.93 71.06 81.46 68.68 79.89 61.12 74.46 64.58 77.41 60.26 73.73 69.76 80.36
what_is 60.98 74.85 66.30 78.10 66.95 78.99 | 63.28 75.95 60.91 74.43 66.31 77.8§ 57.24 71.15 67.70 78.58
@ | meaning_of 62.15 75.6Q 65.25 77.45 69.11 80.56 | 65.66 77.54 61.99 75.35 63.93 76.88 58.32 71.65 65.44 77.69
<'_\.‘ describe 61.05 74.75 66.08 78.14 68.03 79.89 | 64.79 77.62 61.77 74.73 66.31 77.57 57.67 71.48 68.03 79.03
% write_description | 56.44 71.82 63.37 76.52 68.03 80.34 | 65.44 77.68 61.99 74.65 62.42 75.29 54.64 69.49 64.79 76.70
to_describe 62.53 76.07 65.17 78.02 68.03 79.77 | 64.15 76.92 63.07 75.22 61.99 7491 57.02 70.74 65.44 77.33
could_describe 59.83 73.7Q 56.99 72.31 67.39 79.06 | 68.68 80.41 65.23 77.44 66.09 77.44 57.45 71.88 68.25 79.57
exact 61.26 74.59 62.99 76.18 67.82 79.31 | 66.52 78.3§ 60.48 73.13 63.28 76.00 57.02 71.23 65.66 77.49
what_is 64.36 76.82 68.25 79.82 71.92 81.78 67.39 78.72 61.34 74.94 66.95 78.47 59.61 73.35 68.47 79.58
5 meaning_of 65.58 77.96 67.32 78.76 70.63 81.47 | 68.47 79.14 63.71 76.52 66.31 78.55 59.40 73.60 68.03 79.26
E describe 62.01 75.38 65.28 78.071 70.84 81.11 | 66.09 78.6Q 62.85 75.65 67.39 78.71 57.24 71.72 67.82 79.20
8 write_description | 65.73 77.16 66.81 79.16 68.90 79.86 | 68.68 80.07 62.85 76.23 64.36 77.61 58.53 72.21 67.39 79.17
D to_describe 64.79 77.49 68.03 79.21 68.68 79.94 | 70.19 80.66 65.23 77.45 66.31 78.1§ 60.69 73.92 68.68 79.81
could_describe 65.23 77.40 65.66 78.09 69.33 80.80 | 69.11 79.87 65.23 77.3§ 67.17 78.75 61.34 73.87 69.33 80.18
exact 62.63 75.84 62.20 75.54 70.63 81.15 | 67.82 79.24 60.91 74.23 64.79 77.58 59.83 73.40 69.11 79.94
what_is 61.79 75.70 64.63 77.68 68.03 79.41 | 64.79 77.23 61.77 75.01 63.07 76.16 57.88 71.79 65.87 77.77
@ | meaning_of 62.17 75.84 63.61 77.19 69.55 80.79 | 66.74 78.47 63.28 75.93 65.44 77.43 59.83 72.96 68.03 78.75
E describe 64.43 76.91 65.73 78.24 70.84 81.19 65.23 77.89 61.12 74.67 63.93 77.07 56.16 71.30 66.09 78.38
% write_description | 60.38 74.4§ 60.61 75.19 69.76 80.90 | 64.58 77.04 57.02 71.13 61.34 74.24 53.13 68.91 64.58 76.70
to_describe 63.98 76.77 61.14 75.49 66.31 78.74 | 68.03 78.95 61.77 74.73 60.26 74.38 55.51 70.23 65.87 77.70



could_describe 58.59 73.21 61.45 74.6Q0 66.31 78.27 | 65.44 77.7§ 63.07 75.34 64.36 76.09 58.32 71.86 65.23 77.28
exact 49.66 66.59 56.24 71.44 55.72 71.25 | 52.48 68.45 43.21 60.82 50.32 66.95 41.90 59.68 54.00 70.23
m | what_is 60.13 74.40 62.78 76.11 65.66 77.73 | 62.63 75.50 57.88 72.62 61.12 74.59 53.56 68.73 64.79 76.81
E meaning_of 60.09 74.69 62.20 74.80 68.68 80.24 | 60.32 75.04 61.56 74.57 61.34 74.99 52.27 68.02 61.99 75.49
_S describe 59.61 74.04 60.48 75.13 63.93 77.78 | 62.20 75.8Q 55.51 70.74 56.59 71.25 52.92 68.13 58.96 73.49
S | write_description | 58.54 73.10 60.75 74.93 65.01 77.73 | 57.88 72.64 55.72 70.27 56.16 70.83 49.24 64.97 60.91 74.25
(_‘8 to_describe 57.78 73.32 59.75 74.52 63.28 76.21 | 56.16 71.45 55.29 70.42 55.72 70.92 51.19 66.89 60.26 74.05
could_describe 62.45 75.98 63.97 76.62 67.60 79.44 | 58.10 72.89 55.51 70.00 56.59 71.3§ 49.24 66.15 60.48 74.29
exact 55.08 70.7Q 57.45 72.23 62.20 76.04 | 60.48 74.1Q 52.92 68.76 54.00 69.51 48.81 65.54 58.10 72.33
what_is 64.92 77.26 67.10 78.93 68.90 79.07 | 66.55 80.48 68.03 68.03 66.95 78.48 58.75 73.29 70.84 80.84
2 | meaning_of 61.76 76.12 62.90 76.53 67.82 80.11 | 65.66 78.49 60.26 74.40 62.42 75.71 54.00 69.84 65.87 78.19
<§i: describe 64.21 76.80 66.81 79.04 72.14 82.02 | 69.76 80.34 64.79 76.58 66.09 77.99 58.53 72.44 69.11 80.15
< | write_description | 62.28 76.0Q 63.84 76.77 71.27 81.62 | 69.76 80.59 67.17 77.86 65.87 77.80 59.40 73.34 68.47 79.55
= | to_describe 65.54 77.8Q 66.32 79.24 68.68 79.93 | 60.91 74.71 61.34 74.32 61.77 74.77 54.00 69.65 63.07 75.97
could_describe 60.34 74.1§ 65.02 76.30 64.15 76.40 | 61.56 74.36 54.00 68.67 57.45 71.65 52.27 67.00 61.34 74.50
exact 58.10 72.46 59.18 73.63 61.99 74.95 | 64.58 77.2Q 55.94 70.98 59.83 73.52 53.56 69.18 62.20 75.68
what_is 66.02 77.82 69.05 80.1§ 68.25 79.76 | 69.76 80.49 66.74 78.00 69.33 80.00 61.34 74.61 70.84 81.00
2 | meaning_of 65.14 77.85 67.76 79.49 69.76 80.25 | 70.41 81.13 65.87 77.84 66.31 78.43 62.20 74.73 68.03 79.40
<zl( describe 65.44 78.01 68.47 79.97 70.41 81.18 | 72.79 82.26§ 68.25 79.09 70.41 80.85 62.20 75.09 73.43 82.45
8 write_description | 63.83 76.61 67.32 79.40 68.47 80.24 | 72.14 81.17 65.23 77.3§ 67.39 79.03 58.53 73.03 70.63 80.73
> | to_describe 64.47 77.04 68.20 79.61 67.82 79.40 | 69.98 81.07 63.93 76.32 64.15 76.84 57.88 72.27 68.03 79.26
could_describe 65.44 77.46 65.23 77.83 68.25 79.69 | 72.14 82.16 63.93 76.32 65.01 76.84 57.67 72.27 68.90 79.26
exact 60.61 74.49 62.12 75.60 64.15 77.10 | 67.60 79.48 60.69 73.98 65.01 77.46 54.86 69.91 66.74 78.74
what_is 65.44 77.63 69.98 80.58 70.84 81.05 | 72.14 81.69 67.82 79.01 69.11 79.87 59.18 73.48 73.43 82.91
§ meaning_of 65.43 78.25 68.26 79.83 70.63 81.03 | 70.63 81.33 67.82 78.70 69.76 80.66 61.99 75.08 71.71 81.80
<Zi: describe 64.36 77.01 63.28 76.85 66.74 78.64 | 69.98 80.7Q 61.12 74.73 66.95 78.57 56.16 71.10 67.17 79.11
8 write_description | 65.35 77.71 66.45 78.70 70.41 81.60 | 71.71 82.0) 66.31 77.95 67.39 78.74 61.34 74.70 69.98 80.87
S | to_describe 65.86 78.17 69.58 80.49 70.19 80.88 | 71.27 81.32 63.71 76.04 65.01 77.12 58.32 72.17 68.68 79.42
could_describe 63.08 76.10 63.30 76.87 68.03 79.26 | 66.74 78.98 63.28 75.26 63.93 76.57 55.94 69.90 66.74 78.28
exact 58.86 72.09 60.18 72.73 64.36 75.38 | 62.42 74.43 57.02 70.7§ 59.18 72.32 52.92 67.40 63.07 74.65
(Lg' what_is 66.52 78.81 69.35 80.51 70.63 81.46 | 70.41 81.42 67.60 78.5 68.47 79.67 60.91 74.30 71.71 82.02
£ | meaning_of 67.76 79.76 69.06 80.55 73.65 82.71 | 70.41 81.38 66.52 78.59 66.52 79.16 58.53 73.31 69.98 81.46
© | describe 67.32 78.95 69.28 80.31 73.22 82.50 | 73.22 82.73 69.33 79.90 70.41 80.80 59.83 73.65 70.63 81.29
exact 61.98 74.9Q 64.07 76.58 68.03 78.41 | 66.52 78.37 60.48 73.99 64.15 76.58 59.61 72.91 65.23 77.06
‘E what_is 67.92 79.27 70.73 81.57 72.35 82.19 | 71.71 82.27 68.25 78.93 68.90 79.91 60.48 74.24 69.11 80.25
% meaning_of 68.07 80.08 69.84 81.56 73.65 83.52 | 74.95 84.09| 66.74 78.37 71.71 81.55 62.63 7555 72.35 82.28
describe 68.25 79.4Q0 68.72 80.26 70.63 81.05 | 72.57 8252 64.58 76.75 68.25 79.35 61.34 74.03 69.33 80.47
Table 1.6: Apotelésmata polutropik ¢ an“kthshc gwrbc thn enswm’twsh tou suntelest poinc p(i). Ta
shmeiwména mez  antistoiqoOn sta kalOtera apotelésmata an™ metrik , en, ta ta shmeiwména méntonh
grammatoseir” sta kalOtera apotelésmata gia k'je LLM.
CLIP CLIP-L CLIP Laion ALIGN BLIP ¢ BLIP-L ¢ BLIP ¢ BLIP-L ¢
acc. MRR | acc. MRR | acc. MRR acc. MRR | accc MRR | acc. MRR | acc. MRR | acc. MRR
Baseline 59.18 72.94 60.69 74.42 67.82 79.50 | 65.66 77.48 57.24 60.91 61.34 64.58 57.67 60.48 65.01 69.76
exact 49.45 66.24 53.66 69.09 54.64 70.54 | 51.19 67.22 44.28 61.19 45.57 62.60 35.85 55.50 47.52 64.43
what_is 58.61 72.59 58.61 73.62 63.28 76.56 | 60.91 74.25 54.21 68.22 53.56 69.03 46.00 64.08 55.94 70.71
52 meaning_of 58.44 7297 62.55 75.60 64.58 77.08 | 61.56 72.54 55.08 70.24 54.64 70.76 50.32 66.74 57.02 72.54
'<_\'1 describe 54.76 70.24 56.49 72.14 62.20 75.37 | 55.94 70.55 50.97 66.20 50.11 66.62 44.71 62.21 55.51 70.07
% write_description | 54.51 69.99 59.34 73.54 62.20 75.99 | 57.45 71.77 47.52 64.76 48.16 65.10 45.36 62.79 56.16 70.50
to_describe 54.11 70.00 59.52 73.81 61.77 74.84 | 57.02 71.67 50.32 65.60 49.89 66.08 42.33 60.39 53.56 68.46
could_describe 51.85 68.28 55.77 70.84 62.42 7497 | 54.64 69.73 48.81 65.20 51.19 66.97 42.76 61.44 53.13 68.74




exact 58.82 72.23 61.66 75.03 63.71 76.53 | 63.28 75.5 59.18 72.96 62.85 74.99 56.37 70.60 63.50 76.20
| what_is 62.42 75.30 65.01 77.33 67.60 79.04 | 63.07 75.58 59.40 73.50 62.85 76.0Q 56.16 70.54 65.23 77.26
S | meaning_of 58.75 73.78 64.15 77.03 66.52 78.70 | 64.36 76.44 60.48 74.34 61.99 76.13 56.16 70.61 65.01 77.89
gl describe 60.82 74.68 62.99 76.0§ 67.60 79.54 | 66.52 78.51 59.83 74.59 62.63 76.47 53.56 69.84 63.71 77.06
8 write_description | 59.29 73.49 64.82 77.0§ 67.82 78.85 | 66.31 77.86 57.67 71.6] 61.34 74.7 52.48 68.47 64.36 76.72
@ | to_describe 59.96 73.99 63.64 76.37 67.82 78.96 | 68.03 78.94 61.56 74.87 64.79 77.09 55.94 70.84 66.31 78.34
could_describe 60.74 74.63 60.52 74.64 66.95 78.72 | 67.17 78.20 60.69 74.14 63.50 76.46 55.72 70.94 66.31 78.54
exact 58.96 72.77 60.26 74.15 67.82 79.47 | 65.66 77.48 57.45 72.19 61.12 75.77 57.24 71.6§ 65.01 77.90
what_is 58.31 7291 62.75 75.47 65.44 77.60 | 61.12 73.94 59.83 73.13 61.12 74.54 53.35 68.71 63.50 76.22
@ | meaning_of 58.19 7297 62.99 75.79 67.60 79.28 | 64.58 76.48 59.18 73.3§ 60.26 74.7Q 54.86 69.43 62.42 75.86
"_}' describe 59.08 72.95 63.89 76.31 65.87 78.09 | 62.20 75.80 59.83 73.28 62.20 75.17 54.43 69.8G 63.28 76.28
% write_description | 54.95 70.44 59.16 73.87 66.31 78.85 | 63.50 76.13 56.80 71.49 59.83 73.3§ 50.76 66.97 63.07 75.67
to_describe 61.21 74/61 62.27 75.92 65.01 77.78 | 60.69 74.45 58.75 72.16§ 58.75 72.69 53.56 68.09 61.56 75.02
could_describe 56.77 71.43 54.37 69.93 66.74 78.42 | 66.74 78.48 61.56 75.25 62.42 75.56 54.43 69.98 65.01 77.61
exact 56.93 71.53 59.52 73.78 64.15 76.98 | 63.93 76.15 58.10 71.77 59.61 74.06 54.86 69.66 61.12 74.99
what_is 62.20 75.39 65.66 77.88 69.11 80.03 | 62.85 75.51 61.34 74.3§5 65.01 77.32 57.24 71.85 68.03 79.12
5 meaning_of 61.69 75.51 64.94 77.171 68.25 79.73 | 66.31 77.62 61.77 74.92 62.42 76.27 57.02 71.79 65.23 77.21
§ describe 60.04 73.83 62.88 76.11 68.68 79.47 | 63.50 76.35 60.48 73.87 62.85 76.06 54.86 70.48 65.66 77.64
8 write_description | 62.26 74.83 63.56 77.02 67.39 78.64 | 65.87 77.7§ 60.91 74.43 62.42 75.68 55.51 70.35 65.01 77.40
D to_describe 61.34 74.87 64.15 76.57 65.66 77.92 | 66.95 78.53 62.20 75.50 63.28 76.23 56.80 71.73 65.23 77.70
could_describe 61.56 74.9 61.77 75.50 68.03 79.62 | 66.95 78.10 62.85 75.85 65.23 77.2§5 57.24 71.49 67.82 79.06
exact 58.75 72.63 59.61 73.86 67.60 79.33 | 64.15 76.57 57.24 71.96 61.12 75.83 56.80 71.40 64.79 77.66
what_is 60.48 74.10 62.45 75.89 66.95 78.61 | 61.77 75.18 57.88 72.27 61.77 74.89 52.92 68.83 61.99 75.23
@ | meaning_of 59.28 73.77 62.17 76.04 68.03 79.61 | 63.71 76.31 52.92 74.37 61.99 75.47 55.94 70.67 65.01 77.27
"‘_? describe 60.74 74.28 63.12 76.19 69.55 79.99 | 63.28 76.26 59.40 73.03 58.96 73.86 52.92 69.1§ 62.63 76.13
% write_description | 56.60 71.61 57.31 72.84 67.39 79.14 | 62.85 75.52 55.08 69.43 58.32 71.93 49.68 66.35 60.48 74.51
to_describe 60.90 74.51 58.29 73.30 65.87 78.12 | 65.87 77.33 60.26 73.65 57.24 72.5Q0 54.21 69.13 60.69 74.78
could_describe 55.29 70.73 59.25 72.95 65.44 77.56 | 62.20 75.18 60.04 73.27 59.83 73.5Q 52.70 68.52 60.26 74.46
exact 45.35 63.57 53.97 69.58 54.21 69.84 | 49.89 66.30 38.66 57.14 47.08 64.40 38.01 56.83 50.76 67.94
m | What_is 56.61 71.74 59.91 73.82 64.79 76.92 | 60.91 74.12 55.72 70.32 58.75 72.82 52.27 67.77 61.77 74.84
& | meaning_of 56.69 72.21 56.24 72.63 65.44 78.46 | 58.96 72.64 55.72 70.79 56.37 71.65 50.11 66.57 58.32 72.90
_S describe 56.80 71.45 58.53 73.31 61.56 75.76 | 59.61 73.85 53.56 69.03 51.40 67.91 50.97 66.30 54.43 70.60
S | write_description | 55.65 71.09 57.21 72.4Q 62.85 76.12 | 54.64 70.47 50.11 66.71 51.62 67.61 43.84 61.69 57.88 72.33
'_(_‘.)‘ to_describe 54,32 70.73 56.30 72.15 60.69 74.35 | 52.05 68.27 51.40 67.87 50.97 67.77 46.87 63.77 54.21 70.28
could_describe 60.26 74.07 62.23 75.20 65.23 77.64 | 54.86 69.99 54.21 68.60 54.21 69.24 45.57 63.44 58.32 72.09
exact 53.13 68.98 56.16 70.7§ 60.91 74.66 | 56.80 71.06 52.05 67.33 50.54 66.81 47.86 64.17 54.86 69.66
what_is 63.18 75.98 64.71 77.3) 67.60 79.19 | 66.31 78.23 64.36 76.30 64.36 77.00 56.37 71.90 68.47 79.43
2 | meaning_of 57.24 72.84 60.41 74.79 62.85 76.63 | 66.09 78.60 58.75 72.70 58.53 73.12 52.70 68.03 62.42 76.07
<§t describe 61.39 74.97 63.77 76.99 70.41 81.20 | 66.74 78.84 64.15 76.25 63.50 76.4Q 58.10 72.58 68.25 79.36
< | write_description | 58.71 73.22 61.61 74.97 70.19 80.72 | 66.09 78.63 64.15 76.09 62.20 75.74 56.16 71.1§ 67.17 78.73
—' | to_describe 60.62 74.88 63.99 77.52 66.52 78.42 | 58.96 73.13 59.18 72.83 58.32 72.59 51.62 67.48 59.83 74.11
could_describe 57.39 72.11 61.58 74.15 63.28 75.49 | 59.61 72.67 52.02 66.83 52.92 68.56 49.03 64.34 58.32 72.55
exact 54.86 70.01 57.45 71.92 61.99 75.30 | 58.96 72.68 52.70 68.00 56.16 71.2§ 50.32 66.75 60.04 74.04
what_is 64.94 76.70 65.58 77.93 68.47 79.28 | 64.58 77.37 64.79 76.50 66.52 78.11 57.88 72.77 67.17 78.98
2 | meaning_of 61.66 75.77 65.80 78.11 69.11 80.13 | 68.25 79.18 63.28 75.79 63.07 75.96 59.18 72.8§ 64.36 77.09
<Zt describe 63.07 76.19 65.87 77.91] 71.06 81.17 | 68.25 79.74 66.09 77.78 68.90 79.63 60.69 73.97 70.19 80.69
3 | write_description | 61.22 74.95 66.01 78.02 68.90 80.11 | 66.74 78.81 63.28 76.12 63.71 76.43 55.29 70.7§ 69.11 79.45
> | to_describe 62.06 75.24 65.79 77.99 67.60 79.55 | 65.44 77.85 62.85 75.44 62.63 75.72 54.86 70.73 63.28 76.48
could_describe 62.20 75.40 63.07 76.10 71.06 81.24 | 65.66 77.8§ 60.69 73.94 61.56 74.99 57.24 71.41 65.87 77.58
exact 56.93 71.67 58.44 73.1Q0 65.23 77.73 | 61.56 74.91 58.60 71.48 60.69 74.43 51.19 66.95 63.28 76.68
what_is 62.85 75.51 66.74 78.55 70.63 80.71 | 68.68 79.42 65.44 77.22 68.47 79.14 58.96 73.22 68.90 80.27
§ meaning_of 63.70 76.64 65.87 78.38 68.90 80.18 | 67.60 78.99 65.66 77.62 66.31 78.31 58.96 73.19 68.03 79.64
é describe 60.48 75.79 60.69 74.88 67.82 79.14 | 64.58 77.12 57.67 72.47 62.20 75.75 52.27 68.72 63.50 76.66
3 write_description | 62.72 75.84 64.47 77.04 69.55 80.57 | 68.03 79.55 64.15 76.37 65.23 77.1§ 57.02 72.32 66.31 78.85
>



to_describe 63.89 76.59 66.74 78.50 68.25 79.41 | 68.68 79.50 61.99 74.95 62.63 75.4Q 56.59 71.33 65.23 77.50
could_describe 60.66 74.35 61.32 75.06 64.58 77.33 | 65.01 76.99 59.40 72.74 61.77 74.81 53.78 69.1 65.44 76.81
exact 56.89 69.85 57.11 70.39 62.20 73.38 | 60.48 72.15 54.43 68.33 56.80 70.42 51.50 65.6§ 58.32 71.11
3 what_is 65.00 77.11 65.87 78.11 69.55 80.51 | 67.82 79.52 64.15 75.91 65.87 77.7§ 58.10 72.32 68.03 79.36
£ | meaning_of 65.14 77.6) 67.10 79.07 72.57 82.05 | 68.47 79.87 63.93 77.05 65.66 78.33 63.93 72.23 68.25 80.17
© | describe 65.80 77.26 66.67 78.47 72.57 81.78 | 70.84 81.16 65.44 77.57 69.11 80.20 58.96 72.66 67.60 79.47
exact 59.88 73.38 61.68 74.91 66.74 77.22 | 64.79 76.27 58.96 71.92 60.48 74.02 55.72 70.34 62.42 75.04
"'_.’ what_is 66.51 77.67 68.15 79.3§ 71.06 81.12 | 69.55 80.22 63.28 75.56 65.01 77.4Q 56.59 71.54 67.82 79.03
% meaning_of 66.52 78.37 68.96 80.26 73.00 82.89 | 72.57 82.29 65.87 77.56 69.55 80.26 60.26 74.26 70.41 81.09
describe 67.30 78.5Q 68.25 79.81 69.55 80.15 | 71.27 81.21 63.93 75.8] 66.31 77.74 58.96 72.62 67.17 78.93

ParathroOme iti o emploutismic tou ennoiologikoO plaisPou me gr sh twi.LMs bohj” sthn upérbash tou ac-
, anex’rthta api thn enswm’twsh

curacy kai tou MRR anafor”c itan grhsimopoioOntai kat'llhlec protropéc

tou suntelest poinc
akOmansh sqgetik™ me to poiéc protropéc odhgoOn se kalOtera apotelésmata emploutismo® diaforetikéc
protropéc na éqoun kalOterh geiriterh apidosh metaxO twn diaforetik.n LLMs. Auti epibebai nei ton
isqurismi iti oi protropec den ebnai metabib“simealhlad mia protrop pou éqgei kal apidosh se sunduasmi me

ena sugkekriméno montélo den ebnai aparabthto iti ja apodE)dei}o bdio kal” itan grhsimopoihjeb se k™poio “llo
"exact" fabnetai na ebnai m’llon h pio adOnamh wc proc thn ekmabeush thc aparabththc
gn,shc pou mporeD na enisqOsei peraitérw thn polutropik an’kthsh kaj,c se arketéc peript seic oi metr -

montelo. H protrop

p(i)-

'‘Oson afor™ thn epilog twn protrop,n

, parathroOme mia endiaférousa di-

seic pou antistoiqgoOn se fr'seic emploutisménec me qr sh thc protrop ¢ aut ¢ parousi’zoun akima kai timéc

K'tw api tic metr seic anafor’c

. Api thn “lIh pleur”

pio isqur protrop pou epigeir jhke

apidosh anaforc stic perissiterec peript,seic

tou GPT-3 mazb me OLIP LAION
an“kthshc exasfalbzei ta béltista apotelésmata .

Epiprisjeta , mia endiaférousa parat rhsh ebnai iti ta montéla Vicuna-7/13B apodbdoun sugkrbsima me ta

, h protrop

"meaning_of" fabnetai na apoteleb thn

, odhg,ntac se axioshmebwtec belti seic apidoshc sugkritk™ me thn

. Sunolik™ ,

o sunduasmic tou emploutismoO fr'sewn meésw
(me enswmatwmeno to suntelest poin @(i)) wc polutropiki montelo

montelaGPT-3/3.5 par” to gegonic iti ePnai t'xeic megéjouc mikritera. Auti ePnai enjarruntiki apotélesma
pou upodhl, nei iti 0 emploutismic fr'sewn mesw LLMs Bswaa mporeb na ektelesteb me epitugba kai me pio

elafri”

LLMs. Wstiso , stic perissiterec peript,seic pouta LLMs me poIO mikriterh kiIPmaka qrh3|mop0|oOn-

tai gia emploutismi me néa gn,sh ta apotelésmata an’kthshc duskoleOontai arket” na antagwnistoOn ta

apotelémata anafor’c, qwrbc prosj kh gn,shc , apokalOptontac mia mh amelhtéa sqésh metaxO thc kiD-

makac kai twn dunatot twn beltbwshc gn,shc Gia par"deigma o emploutismic meésw toDPT-6.7B odhgeb se
apotelésmata elafr,c gamhlitera api ta apotelesmata anafor"c gwrbc epiprisjeth gn,sh stic perissiterec
. Ta mikritera montela GPT2-XL (1.5B)

kai BLOOMZ-1.7B parousizoun orisménec belti seic se sOgkrish me ta antbstoiga apotelésmata anafor’c
itan den grhsimopoiebtai 0 suntelest ¢ poin ¢, me ta sgetik™ apotelésmata wstiso na paramenoun gamhl” se
sOgkrish me aut™ twn megalOterwn glwssik.n montélwn

peript,seic , anex’rthta api thn enswm™twsh tou suntelest poin c

1.3.2 Exagwg Keimenik,n Perigraf.,n api tic Eikinec gia An’kthsh

Keimenou api Kebmeno

Paraktw parousi"zoume ta apotelémata pou prokOptoun metatrépontac to priblhma thc Aposaf nishc Op-
tik,n Ennoi,n se priblhma An“kthshc Keiménou api Kebmeno metaxO twn exagménwn perigraf,n api tic
Stouc pPnaked.7 kai 1.8 parousi"zoume ta apotelés-
mata me tic dianusmatikéc keimenikéc anaparastseic pou prokOptoun me qr sh WnTransformers kai twn
amig,c glwwsik,n transformers ekpaideuménwn sthn shmasiologik omoiithtaTo No-LLM anaféretai sthn
perbptwsh pou de grhsimopoioOme emploutismi twn fr'sewen, oi upiloipec peript,seic antistoiqoOn se
emploutisménec fr'seic me gr sh protrop,n pou parousi’zontai ston PPnaka 1.2. Se ila ta apotelésmata

upoy fiec eikinec ¢ kai twn dojéntwn fr'sewn t.

pou parousi“zontai to LLM pou eperwt'tai ePnai toGPT-3, kaj,c parousbase thn an terh apidosh kat™ twn

emploutismi frisewn . An kai wc metrikéc omoiithtac égoume grhsimopoi sei tiso thn omoiithta sunhmitinou
iso kai thn euklebdia kaimanhattan apistash , parak™tw parousi’zoume apotelesmata me gr sh apokleistik™
thc apistashc manhattan, kaj,c f'nhke na exasfalbzei thn kalOterh apidosh sthn pleioyhfba twn perip-

t,.sewn .

(Analutik™ apotelesmata kai me tic upiloipec metrikec omoiithtac parousi“zontai sthn Enithta



5.2.2).

Table 1.7: Apoteléesmata api thn an"kthsh Keimeénou api Kebmengne qwrbc ton emploutismi frsewn
meésw touGPT-3) me qgr sh thc apistashc manhattan wc metrik omoiithtac, gia ta diaforetik® VL

montéla
BLIP BLIP-L GiT GiT-L ViT-GPT2
acc. MRR | acc. MRR | acc. MRR | acc. MRR | acc. MRR
Greedy Search
No-LLM 1361 32.89 | 1490 34.00 | 1555 34.67 | 18.57 36.70 | 14.47 33.37
exact 10.80 30.16 | 12.31 31.88 | 9.94 29.31 | 11.88 30.58 | 11.02 29.46
what_is 10.58 29.79 | 13.17 32.38 | 11.02 30.07 | 11.23 30.70 | 10.15 29.05
describe 9.94 29.26 | 12.31 31.22 | 10.58 29.67 | 11.66 30.51 | 10.58 29.89
o | meaning_of 10.58 30.02 | 12.96 32.07 | 9.29 28.91 | 9.94 30.14 | 10.37 29.60
o Beam Search
No-LLM 14.04 33.24 | 1577 3519 | 16.63 35.70 | 17.71 36.52 | 14.47 33.91
exact 10.80 30.57 | 10.37 29.76 | 10.37 30.04 | 10.15 30.46 | 12.74 31.75
what_is 13.39 32,60 | 10.15 30.31 | 12.74 32.00 | 10.37 30.47 | 11.66 31.02
describe 1145 31.15| 11.02 30.22 | 11.23 30.41 | 10.58 30.61 | 12.31 31.40
meaning_of 10.37 30.96 | 10.37 30.10 | 9.72 30.16 | 10.80 30.74 | 13.17 33.08
Greedy Search
No-LLM 36.50 56.58 | 41.25 58.18 | 36.93 5557 | 39.09 56.98 | 26.78 46.51
exact 4521 63.28 | 47.60 63.26 | 43.41 60.58 | 45.51 62.14 | 25.75 46.00
what_is 4496 63.88 | 46.60 63.48 | 48.01 63.91 | 48.24 64.68 | 34.43 5281
describe 47.87 65.46 | 48.82 64.84 | 4834 64.90 | 53.08 67.90 | 28.44 49.29
a | meaning_of 46.78 64.70 | 46.56 63.47 | 44.35 62.07 | 48.34 64.99 | 33.48 52.48
O Beam Search
No-LLM 41.04 58.45| 4471 61.70 | 41.68 59.16 | 43.84 60.14 | 29.59 49.30
exact 4790 64.16 | 50.60 67.08 | 48.20 63.93 | 49.10 64.70 | 32.63 52.13
what_is 49.18 65.23 | 55.04 70.18 | 51.05 66.74 | 49.18 65.81 | 36.77 55.08
describe 46.92 6450 | 57.35 71.63 | 54.03 68.52 | 54.98 69.84 | 35.55 55.07
meaning_of 46.56 64.01 | 52.55 68.57 | 49.00 65.45 | 50.55 66.27 | 37.47 55.65
Greedy Search
No-LLM 38.01 57.95| 4190 60.49| 39.96 57.78 | 45.36 62.24 | 28.94 48.00
_, | exact 44.61 62.07 | 4521 62.40 | 43.11 60.71 | 46.11 63.33 | 28.74 47.68
a | what_is 43.09 61.97 | 47.31 6483 | 4473 62.32 | 50.59 66.57 | 31.62 50.46
O | describe 45.97 63.01 | 48.34 65.36 | 46.45 63.40 | 49.29 65.05 | 27.49 48.35
meaning_of 45.01 63.42 | 4745 64.70| 4501 63.42 | 50.33 67.02 | 31.49 50.19
Beam Search
No-LLM 42.12 60.12 | 4752 6543 | 43.11 61.85| 4536 62.95| 27.65 48.12
exact 48.80 64.89 | 51.20 67.12 | 43.11 61.85| 49.70 65.13 | 32.04 50.97
what_is 49.41 65.88 | 54.10 70.17 | 49.18 65.85 | 51.05 67.35| 35.83 54.31
describe 46.45 63.57 | 5450 70.82 | 48.82 65.37 | 52.61 68.64 | 36.02 54.45
meaning_of 47.89 65.37 | 5255 69.29 | 4590 64.44 | 51.22 67.35| 32.82 52.16
Greedy Search
No-LLM 40.82 59.47 | 46.22 63.72 | 38.88 57.00 | 43.84 61.74 | 32.18 51.15
exact 40.82 58.17 | 43.20 60.76 | 39.52 56.45 | 41.47 59.42 | 33.26 51.29
what_is 42.12 60.14 | 45.79 63.26 | 42.33 59.32 | 4557 63.02 | 35.85 53.45
z describe 4255 60.55| 46.00 63.22 | 39.09 58.00 | 45.36 62.68 | 32.04 52.06
< | meaning_of 46.65 63.01 | 47.30 64.27 | 39.31 5791 | 46.22 63.41 | 3521 52.77
o Beam Search
8 No-LLM 46.00 62.43 | 47.30 65.14 | 43.20 60.20 | 46.65 63.66 | 32.83 52.24
exact 44.06 60.97 | 47.08 63.31| 4190 58.63 | 46.65 62.78 | 29.37 50.28
what_is 47.30 63.86 | 51.62 67.12 | 44.28 60.67 | 49.24 65.24 | 33.05 53.42
describe 46.00 62.80 | 51.84 6754 | 4514 61.11 | 49.24 6552 | 31.32 5251
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meaning_of 47.08 63.66 | 51.62 67.47 \ 4557 61.61 | 48.38 65.09 | 33.05 53.44
Greedy Search
No-LLM 40.60 59.82 | 48.38 64.71 | 4492 62.19 | 4860 65.30 | 28.29 48.73
exact 44.06 61.16 | 50.32 64.51 | 45.14 61.40 | 50.76 65.63 | 28.29 48.05
what_is 47.73 64.65| 50.32 66.29 | 4795 64.32 | 54.64 69.27 | 34.77 53.33
describe 47.08 64.31 | 51.40 66.87 | 46.87 63.98 | 54.43 69.11 | 31.97 51.27
S meaning_of 50.54 66.93 | 53.78 68.79 | 50.54 66.38 | 57.02 70.92 | 33.48 51.96
| Beam Search
< ["No-LLM 46.65 63.48 | 54.64 69.92 | 4536 62.87 | 54.00 68.47 | 33.05 52.52
exact 46.87 63.94 | 53.13 68.22 | 46.22 62.88 | 53.35 67.79 | 33.91 52.33
what_is 49.68 66.77 | 61.12 74.14 | 51.40 66.93 | 57.67 71.49 | 37.15 55.86
describe 52.48 67.89 | 59.83 73.42 | 52.27 68.00 | 58.75 72.02 | 33.26 53.84
meaning_of 49.89 67.42 | 62.42 75.67 | 55.51 69.99 | 59.61 73.21 | 36.72 55.98

Table 1.8: Apotelésmata api thn an"kthsh Keiménou api KebDmengne ton emploutismi fr'sewn mésw tou
GPT-3) me gr sh thc apistashc manhattan wc metrik omoiithtac, gia ta diaforetik™ glwwsik™ montéla

ekpaideuména sthn shmasiologik omoiithta

Greedy Beam
BLIP BLIP-L GIiT GiT-L BLIP BLIP-L GiT GiT-L

acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR

exact 38.66 56.78| 38.88 57.05| 36.93 54.85| 42.33 59.19| 42.55 59.35 42.98 60.78 41.04 58.83| 48.16 63.82

8 what_is 41.68 58.96/ 39.09 57.36| 41.68 58.12| 43.20 60.53| 44.92 62.06| 45.36 63.27| 42.12 59.99| 50.11 65.65
%g describe 39.96 58.52| 42.98 59.69| 41.04 58.48| 45,57 62.19| 43.41 60.34| 46.44 63.53] 44.06 61.57| 48.60 64.99
- meaning_of 41.47 59.13| 41.04 59.03| 39.96 57.64| 44.28 62.26| 44.49 61.76| 47.73 64.63| 4557 62.30| 53.13 67.83
exact 38.88 56.84| 40.39 58.95| 42.33 59.11| 40.39 58.95| 40.17 57.47| 45.36 61.89] 43.20 59.87| 45.36 61.95

g what_is 40.60 5851 44.06 61.87| 39.74 58.31| 44.06 61.87| 42.98 59.92| 44.71 63.28| 44.06 61.24| 47.73 64.56
%g describe 4255 60.03| 40.17 57.58| 42.12 59.63| 45.14 62.17| 42.98 60.04| 47.95 65.14| 45.14 62.48| 47.73 64.66
= meaning_of 45.14 61.37| 40.17 58.30| 41.04 59.02| 46.65 63.33| 43.63 61.02| 49.46 66.34| 43.20 61.61] 49.89 66.24
exact 36.50 54.82| 38.88 56.45| 39.52 57.27| 36.93 56.61| 38.23 56.15| 46.00 62.39| 41.47 58.30| 41.68 58.72

g what_is 37.58 56.76| 38.88 57.49| 40.39 57.71| 42.33 59.96| 40.17 58.15| 46.65 64.31 41.68 59.28| 44.49 61.41
€ § | describe 36.93 56.10| 42.55 59.51] 39.96 57.50| 43.41 60.55| 41.47 58.89 47.73 64.76] 41.90 60.25 47.73 63.33
= 8 meaning_of 37.80 56.97| 41.68 59.40| 40.39 57.80| 43.41 60.67| 39.74 58.31| 49.89 66.33| 43.84 60.83| 46.00 63.03
exact 36.50 56.07| 41.04 58.82| 41.25 59.10| 43.63 60.66| 40.60 58.75 46.87 64.34| 43.41 61.26| 46.00 62.31

3 o what_is 40.39 58.92| 42.33 60.80[ 42.55 60.90| 45.14 62.40] 43.41 61.05 49.68 66.47| 45.14 62.24| 49.46 65.19
é.fé; describe 42.12 60.14| 43.41 60.90| 44.06 61.67| 49.89 65.66| 43.20 61.66| 47.08 65.61] 47.52 64.19| 50.11 66.02
meaning_of 41.25 59.56| 43.84 62.06| 44.49 62.28| 50.76 66.00] 44.06 61.86| 50.11 67.09] 47.52 64.08| 50.76 66.71

exact 42,55 59.89| 45.36 62.33| 41.04 59.53| 45.14 61.81| 42.98 60.78 49.24 65.45/ 43.41 61.58| 49.24 64.92

% what_is 4449 61.49| 44.71 62.44| 45.79 62.51| 46.22 63.57| 42.55 61.10| 48.60 66.17| 47.52 64.16| 50.76 66.74
.YEES describe 43.41 61.08] 44.49 62.29| 41.04 59.91| 49.03 65.22| 43.63 61.43| 50.11 66.96| 42.55 61.56] 49.24 66.29
meaning_of 42.12 60.09] 45.79 63.28| 44.92 62.26| 45.57 63.12| 43.84 61.46| 49.03 66.81| 45.79 63.37| 51.84 67.58

exact 39.52 57.99| 46.22 62.19] 40.60 59.30| 42.98 60.83| 41.04 60.16| 48.81 65.19] 42.55 60.67| 48.60 64.91

E what_is 40.39 59.02] 43.63 61.88| 41.68 60.14| 46.00 63.36| 42.76 61.36| 48.81 66.42| 44.71 61.97| 49.46 66.10
§§ describe 40.60 59.33| 44.28 61.94| 41.90 60.48| 47.73 64.36| 42.12 61.47| 48.38 66.11| 44.49 62.40| 51.40 67.73
meaning_of 40.60 59.37| 43.41 62.00| 43.20 61.37| 47.52 64.20| 42.76 61.46| 50.54 67.42| 46.44 63.33| 49.46 66.37

exact 42,55 60.63| 44.71 62.80| 42.98 61.06| 46.22 63.00] 42.98 61.72| 50.76 66.84| 47.08 63.90| 50.32 66.39

3 o what_is 4255 61.56| 46.22 64.69| 45.79 63.20| 49.24 66.13| 43.41 62.80| 54.43 70.45| 46.65 64.33| 50.97 67.57
é‘_‘ﬁ describe 42.76 61.40| 46.00 64.07| 43.63 61.87| 48.60 65.58 44.06 62.54| 52.70 68.71] 45.36 63.52| 52.27 68.36
meaning_of 43.84 62.12| 49.03 66.06| 45.57 62.82| 48.81 65.87| 44.92 63.55| 54.43 70.37| 48.38 65.30] 50.54 67.68

exact 40.60 59.86| 43.41 60.81| 42.33 60.13| 42.55 60.73| 42.98 61.53| 49.03 65.71| 42.98 61.51] 49.24 65.35

5 what_is 41.47 60.90] 44.06 62.50| 47.52 63.33| 46.22 64.01| 44.71 63.42| 50.11 67.47| 47.73 64.83] 49.46 66.49
%w describe 4190 60.71 42.76 61.00] 47.73 63.65 46.65 63.76| 4255 61.81| 49.24 66.61| 46.87 64.17| 50.11 66.96
S 3 meaning_of 42,55 61.11] 44.71 62.70| 45.79 62.61| 46.65 64.59| 45.57 63.70| 50.97 68.08/ 45.57 63.66| 50.76 67.46




multi-qa
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exact 39.09 57.37| 40.60 58.07| 40.39 58.64| 41.25 59.06| 42.55 60.68 47.52 64.10| 39.96 58.96| 44.06 61.66
w» | what_is 40.82 59.40| 42.76 60.14| 40.82 59.49| 43.84 61.65| 44.28 62.08| 49.24 66.57| 41.90 61.13| 46.87 64.42
S | describe 38.23 57.35| 42.33 59.58| 39.74 58.84| 45.14 62.05| 41.68 60.51) 48.38 65.32| 40.82 59.65 47.30 64.50
3 meaning_of | 40.39 59.04| 42.33 60.46| 41.68 60.05| 45.57 62.92| 42.33 61.35] 48.60 65.93] 42.33 61.26| 49.89 66.55
exact 39.74 59.01 41.68 60.16| 39.52 58.88| 42.76 60.50| 42.98 60.79 47.30 64.34| 41.90 59.86
% what_is 41.25 59.57| 45,57 62.66| 41.47 59.73| 45.36 63.04| 44.49 62.61] 52.92 68.35 44.71 62.50
ﬁ describe 4212 60.87| 47.52 63.63] 42.98 61.17| 49.03 65.37| 44.06 62.14| 52.92 68.66] 46.00 63.14
= | meaning_of | 44.28 62.02| 45.36 63.02| 42.76 60.73| 47.52 64.92| 44.49 62.61| 53.35 69.15| 45.79 63.18
exact 40.60 58.94| 42.76 60.61 40.17 58.41| 46.65 63.08| 43.84 61.44| 48.81 65.22| 44.06 61.32
S | what_is 41.47 60.24| 4795 63.77) 40.60 59.06| 47.95 64.69| 46.65 63.26| 53.56 69.46| 48.60 64.63
;‘.ﬁ describe 42.33 60.99| 47.30 64.14| 40.82 59.82| 52.27 67.49| 46.22 63.25] 51.84 68.13| 47.08 64.22
| meaning_of | 44.71 62.40| 48.30 64.94| 43.20 60.32| 51.84 67.44| 49.46 65.12| 52.92 69.43| 46.87 64.17
exact 4471 61.47| 44.28 62.11| 42.33 60.17| 47.08 63.21| 45.57 62.99| 49.03 66.35| 46.22 63.08
® what_is 43.41 61.73] 45.14 62.86| 44.49 62.20| 47.30 63.85 47.52 64.23| 49.46 67.20| 47.30 64.22
@ | describe 44.28 61.99] 46.65 63.36| 45.14 62.44| 49.24 65.32| 47.52 64.42] 52.70 68.95| 46.65 63.60
= meaning_of | 44.06 62.08] 45.57 62.88| 41.90 60.55| 47.52 64.25| 46.65 64.27| 51.84 68.64| 47.08 64.17
exact 41.68 60.12] 44.49 61.76| 41.47 59.94| 47.73 64.05| 44.92 62.17| 52.70 68.39| 48.16 64.31
o what_is 4428 62.55) 46.00 64.00 45.79 62.64| 48.38 64.98| 46.65 64.35 53.35 69.95| 49.24 65.79
g describe 46.00 63.91] 45.79 63.78 46.65 63.57| 51.40 67.31| 48.38 65.20| 54.00 70.30] 51.19 66.46
~ | meaning_of | 44.28 62.59| 45.36 63.76| 44.49 61.82| 49.03 65.61] 49.03 65.69| 55.29 70.96| 48.38 65.58

ParatroOme iti o emploutismic twn fr'sewn me gr sh LLMs enisqQei thn apidosh thc ankthshc Keiménou
api Kebmenasugkrinimenh me thn antbstoigh peertwsh anafor‘gwrbc th gr sh LLMs- sthn pleoyhfba twn

peript. sewn . Parila aut” paraménei pPsw api thn kalOterh epbdosh pou éqoume epitOgei meéqri stigm ¢ me

ton sunduasmi polutropik ¢ an“kthshc kai emploutismoO twn fr'sewn mésw tou GPT-3. Upojétoume iti
auti ofebletai sthn ap,leia plhrofori,n pou prokalebtai me th metbash api optik se keimenik plhroforba
kat™ thn exagwg perigraf,n gia tic eikinec

Genik, h pleionithta twn VL Transformers (ektic tou BLIP to opoBo fabnetai na duskoleOetai arket™ na
entopPsei sgéseic metaxO twn fr'sewremploutisménwn  mhkai twn perigraf,n twn eikinwn ) apodbdoun
kalOtera sthn paragwg dianusmatik.n anaparast’sewn gia ta kéimena sugkritik® me touc amig,c glws-
sikoOc transformers, pariti oi teleutaboi éqoun ekpaideuteD rht™ ekpaideuteD sth shmasiologik omoiithta
metaxO keiménwEidikitera , to ALIGN epitugq nei accuracy 62.42%xeper,ntac to béltisto accuracy pou
epitugg noun oi amig,c glwssikobtransformers, kai sugkekriména togtr-t5-large kat™ 7% (55.29%).

1.3.3 Wikipedia & Wikidata

Ston PPnakal.9 parousi"zoume ta apotelésmata pou prokOptoun api an’kthsh Eikinac api Eikina, dhlad

thc an"kthshc twn upoyhfBbwn eikinwni me b’sh tic sgetikec eikineci,, pou éqgoume entopbsei api to diadbktuo
Apito 463debgmata tou sunilou dokim cto Wikipedia API kai to Wikidata API epistrefoun apotelésmata
gia 460 kai 324 fr'seic antbstoiqa .

gia An"kthsh Eikinac api Eikina

CLIP ALIGN

Similarity Image source acc. MRR acc. MRR
Cosine V\/_ik_idatz_i Images 34.26 50.13 31.11 47.84

Wikipedia Images 53.26 68.14 53.26 68.44

Wikidata Images 33.64 49.24 30.83 47.52
Euclidean Wikipedia Images 52.17 66.95 53.48 68.40

Wikidata Images 33.02 48.75 31.11 47.66
Manhattan Wikipedia Images 52.82 67.25 53.26 68.27

Table 1.9: Apotelésmata api thn an"kthsh Eikinac api Eikina

ParathroOme iti akima kai ta kalOtera apotelésmata thc an“kthshc Eikinac api Eikina den ePnai ikan®
na antagwnistoOn aut”™ twn prohgoOmenwn teqnik,n Upojétoume iti auti ofePletai sto gegonic iti oi



apokleistik™ optikéc anaparast’seic den ePnai arket™ ekfrastikéc gia na diakrBnoun leptomeéreiec metaxO
shmasiologik™ sqgetik,n upoyhfbwn .

1.3.4 Montelo Ekm“jhshc Kat"taxhc

Ston pPnakal.10 parousi"zoume apotelésmata api to montelo ekm“jhshc kat“taxhc, grhsimopoi ntac to
ALIGN wc montelo an"kthshc. Perissitera apotelésmata tou montélou ekm’jhshc kat"taxhc me qgr sh
tou ALIGN, all” kai tou CLIP wc montélou an"kthshc parousi"zontai analutik™ sthn enithta 5.2.4. Oi
sunduasmob garakthristik,n pou parousi’zontai perilamb”noun ta akilouja :

Baseline | LLM-enhance Text retrieval features Image retrieval feat. Metrics
p(i) Prompt p(i) Captioner Embedding Similarity Phrase Embedding Similarity Acc. MRR
- - - - - - - - - 63.93 76.33
X - - - - - - - - 68.90 80.04
X meaning_of - - - - - - - 73.22 82.79
X meaning_of X - - - - - - 75.16 84.13
X exact X - - - - - - 70.41 81.10
X what_is X - - - - - - 7171 81.52
X describe X - - - - - - 73.00 82.84
X all prompts X - - - - - - 73.87 83.96
X all-except X - - - - - - 74.30 83.80
exact
X meaning_of X - - - - - - 74.30 83.86
+ describe
X all-except X - - - - ALIGN manhattan | 76.09 85.36
exact
X all-except X - - - - ALIGN cosine 76.52 85.29
exact
X all prompts X - - - - ALIGN cosine 76.52 85.70
X all prompts X BLIP-L-beam ALIGN cosine t ALIGN cosine 77.61 85.90
X all prompts X BLIP-L-beam ALIGN cosine all te +t ALIGN cosine 77.17 86.08
X all prompts X BLIP-L-beam ALIGN cosine tmeaning_of ALIGN cosine 76.52 85.63
X all prompts X BLIP-L-greedy ALIGN cosine all te + t ALIGN cosine 78.48 86.65
X all prompts X GiT-L-greedy ALIGN cosine t ALIGN cosine 77.83 86.30
X all prompts X GiT-L-greedy ALIGN cosine tmeaning_of ALIGN cosine 77.39 85.92
X all prompts X GiT-L-greedy ALIGN cosine all te +t ALIGN cosine 79.35 87.23
X all prompts X GiT-L-greedy ALIGN cosine all te +t ALIGN euclidean 76.96 85.85
X all prompts X GiT-L-greedy ALIGN cosine all te +t ALIGN manhattan | 76.96 86.00
X all prompts X GiT-L-beam ALIGN cosine al te +t ALIGN cosine 76.96 85.92
LTR of [11] (best results) 77.97 85.88
SemEval organizers' baseline 60.48 73.87

Table 1.10: Apotelésmata tou Montélou Ekm“jhshc Kat'taxhc , me gr sh tou ALIGN wc montelou

Ekm’jhshc Kattaxhc . Ta epishmeiwména mez antistoiqoOn sta kalOtera apotelésmata, en, ta

epishmeiwména gwtonh grammatoseir™ antistoiqoOn se apotelésmata pou xepernoOn ta kalOtera
apotelésmata tou [11].

1. Basik™ Qarakthristik® : epilog gia enswm™twsh ( igi ) tou suntelest poinc p(i) sto score(t;i) gia
thn polutropik ankthsh

2. Qarakthristik™ api ton emploutismi me gr sh LLMs: protrop gia thn paragwg emploutisménwn
fr'sewn te ( @na sOnolo n protrop,n pou odhgeb se pollapl” t.) kai epilog gia enswm’twsh ( iqi )
tou suntelest poinc p(i) sto score(te;i)

3. Qarakthristik™ api thn an"kthsh Keiménou api Kebmeno: montélo gia thn exagwg twn perigraf,n ¢
api tic eikinec, se sunduasmi me to montélo pou grhsimopoiebtai gia thn exagwg twn dianusmatik,n
anaparast’sewn twn keimenwn kai th metrik omoiithtac(omoiithta sunhmitinou, euklebdifmanhattan



apostseic ), kaj,c kai h fr'sh pou grhsimopoiebtai (prwtituph t, emploutisménhte, éna sOnolo
emploutismenwn frisewnt, exagmenwn me diaforetikCLMs protropéc )

4. Qarakthristik™ api thn an"kthsh Eikinac api Eikina  : montélo gia thn exagwg twn dianusmatik,n ana-
parast’sewn twn eikinwn kai metrik omoiithtac (omoiithta sunhmitinou, euklebdiamanhattan apos-
t"seic)

Gia ila ta peir'mata tou PPnaka 1.10 grhsimopoi same tic akiloujec uperparamétrouc: n_estimators: 500,
early_stopping: 100, learning_rate: 0.03, feature_fraction: 0.25, max_bin: 100, min_child_samples:
50 and reg_alpha: 0.05. Epipléon, grhsimopoijhke énac diagwrismic 80-20 sto sOnolo ek-
pabdeushepikOrwshg topojet,ntac 2514 debBgmata sto sOnolo epikOrwshc

Genik’, h enswm’twsh tou emploutismoO fr'sewn me gr shLLMs faPnetai na ePnai exairetik™ wfelimhexas-
falbzontac beltistec epidiseic se sOgkrish me touc upiloipouc sunduasmoQOc garakthristik,n tic upiloipec
tegnikéc pou égoume parousi‘seiSunolik™ , ta kalOtera apotelésmata exasfalDzei h gr sh tou A LIGN wc
montélou polutropik ¢ an“kthshc égontac enswmat,sei ilouc touc sunduasmoOc garakthristik.n . Aut eb-
nai mia endiaférousa parat rhsh idiabtera e’n analogistoOme iti h autinomh an“kthsh Keiménou api KeBmeno
kai Eikinac api Eikina den exasfalbzoun idiabtera antagwnistik™ apotelésmata Epiprisjeta , o sunduasmic
pollapl,n qarakthristik,n fabnetai na ebnai arket™ wfélimoc . Auti fabnetai tiso sto sunduasmi diafore-
tik,n protrop,n  (p.g. h epilog all prompts sundu”zei ta garakthristik™ api th qr sh ilwn twn protrop,n

texact ; twhat s ; tdescribe tmeaning  of ), 15O Kai Sto sunduasmi twn garakthristik n api diaforetikéc ekdogec
thc an“kthshc Keiménou api Kebmeffp.q. h epilog all te+ t anaféretai sto sunduasmi garakthristik n api

th gr sh twn emploutisménwn fr'sewn kai me tic 4 proanaferjebsec protropéc, sun thn prwtituph dojebsa
fr’sh t).

1.3.5 Priblhma Er,thshc -Ap nthshc kai Alusidwtic Sullogismic

Ston Pbnaka 1.11 parousi"’zoume to accuracy pou epitugg'noume me th metatrop tou probl matoc
Aposaf nishc Optik,n Ennoi,n se éna priblhma Er,thshc  -Ap nthshc (me qwrBc th gr sh AllusidwtoO
SullogismoO (CoT)), ebte se rOjmish mhdeniklol ¢ (zero-shot) pollap,n -bol,n (few-shot).

Captioner Zero-shot Few-shot Few-shot Few-shot
(random) (top) (inv.top)
no_CoT CoT choose no_CoT  choose CoT [ no_CoT | no_CoT [ no_CoT
GPT-3.5-turbo
GiT-L (greedy) 44.49 47.30 51.84 52.27 51.19 51.40 53.56
GIT-L (beam) 40.82 36.50 50.54 49.68 46.12 47.83 45.61
BLIP-L (greedy) 4795 4384  49.46 44.06 48.16 48.81 50.32
BLIP-L (beam) 38.01 34.13 50.97 50.97 40.91 40.49 40.49
ViT-GPT2 (greedy) 28.94 25.05 32.40 29.81 31.32 31.45 28.91
ViT-GPT2 (beam) 30.24 25.92 32.83 33.05 32.03 28.73 23.64
Vicuna-13B
GiT-L (greedy) 34.34 27.65 20.52 20.52 31.89 33.63 36.30
GIT-L (beam) 11.02 7.91 19.44 11.23 <2 <2 <2
BLIP-L (greedy) 30.02 23.76 20.95 21.81 35.56 36.08 36.48
BLIP-L (beam) 9.41 6.27 12.74 8.64 <2 <2 <2
ViT-GPT2 (greedy) 21.60 21.17 17.49 15.33 24.83 24.94 26.11
ViT-GPT2 (beam) 11.45 6.91 16.85 12.74 2.81 3.89 4.75

Table 1.11: Accuracyapi th metatrop tou probl matoc Aposaf nishc Optik,n Ennoi,n se priblhma
Er thshc -Ap°nthshc.

Genik’, up“rgei mia emfan c diafor” sthn apidosh tou GPT-3.5-turbo me toVicua-13B, upogrammbzontac to
rilo pou plizei h kiPmaka tou montélou sthn perbptwsh aut, se sOgkrish me tic prohgoOmenedEd, ta
mikritera glwssik™ montéla fabnetai na mh diajétoun thn aparabthth gn,sh sullogistikéc ikanithtec gia

thn exagwg thc swst ¢ ap™nthshc , anex’rthta api thn epilog thc protrop ¢ th rOjmish mhdenik ¢
pollapl,n -bol.n . Auti sumfwneD me thn parat rhsh tou [30] iti oi sullogistikec ikanithtec twn LLMs



anadOontai sOmfwna me thn kiIPmak™ tougpiprisjeta , den up’rgei kpoio xek’jaro motbbo gia to e™n h
“plhsth anaz thsh h anaz thsh désmhc kat™ thn exagwg twn perigraf,n twn eikinwn ebnai pio apoteles-
matik gia thn ekmabeush thc kat’llhlhc gn,shc api to LLM: sthn perBptwsh twnGiT-L kai BLIP-L up’rgei
mia kajar uperoq thc “plhsthc anaz thshc itan aut™ sundu“zontai me tic  CoT kai no_CoT protropéc.
Eidik™ gia to Vicuna-13B aut h uperoq ebnai polO garakthristik epiduknePontac shmantik pt sh apidoshc
itan h anaz thsh désmhc paPrnei th jésh thc “plhsthc anaz thshc. Wstiso , gia to ViT-GPT2 isqQei to
antbjeto. P"ntwc h apidosh me gr sh anaz thshc désmhc fabnetai na parousi“zei axioshmebwth pt,sh itan
sundu’zetai me rOjmish pollapl,n -bol.n . Tautigrona , oOte oi"choose" protropéc fabnetai na parousi’zoun
k’poio xeqwristi motbbo itan sunduastoOn me tic dOo mejidouc anaz thshcSunolik™ , to GiT-L faPnetai
na ebnai to pio uposgimeno anaforik™ me tic dunatithtéc tou sthn exagwg perigraf,n api tic eikinec sthn
pleioyhfba twn apotelesm™twn tou PPnakal.11,en, to BLIP-L ( me “plhsth anaz thsh) fabnetai na ebnai pio
ikani se rOjmish pollapl,n -bol,n se sunduasmi me to Vicuna-13B.



1.4 Sumper'smata

Parousi"same mia jemeli,dh an’lush me ekten peir'mata gia to priblhma thc Aposaf nishc Optik,n
Ennoi,n. Pio sugkekriména grhsimopoi same arket™ api ta pio epitughmena montéla thc epog c mac gia
polutropik an“kthsh , jétontac isqur” apotelésmata anafor’c , parousi"same ta pleonekt mata tou em-
ploutismoO twn amf®shmwn fr'sewn me exwterik gn,shapojhkeuménh sta b’rh twn LLMs kai epitOgame
antagwnistik™ apotelésmata ekpaideOontac éna elafrO montélo an“kthshc grhsimopoi,ntac garakthristik™
pou ex'game api ta anex'rthta peirmata pou diex’game Pio sugkekriména h tréqousa ergasba ebPnai h
pr.th pou axiopoieD thn ploOsia gn,sh pou ebnai apojhkeumeénh stad.Ms meésw thc gr shc diaforetik n
protrop.n . Akolouj ntac to par"deigma tou LLM-as-KB kataférame na enisqOsoume thn apidosh anafor’c
twn montelwn anafor’c. Epiprisjeta , exet'same thn apidosh thc apokleistik™ keimenik ¢ optik ¢ an"k-
thshc, kaj,c kai thn apidosh thc metatrophc tou probl matoc thc Aposaf nishc Optik,n Ennoi,n se éna
amig,c keimenikoO probl matoc Er,thshc-Ap™nthshc, sta plabsia tou opoPou antikatastbsame tic upoy fiec
eikinec me keimenikéc perigrafécTéloc, mésw protrop,n AlusidwtoO SullogismoO xedipl same th sullo-
gistik diadikasba twn LLMs pbsw api to priblhma thc Aposaf nishc Optik,.n Ennoi,n kai tonBsame tic
ermhneOsimec api ton “njrwpo ptugéc epex ghshc sgetik™ me th diadiaksba exagwg ¢ gn,shc api taMs.
Sunolik™ , h an”lus mac apokalOptei th shmasPa thc kIPmakac enic glwssikoO montélou gia thn ektélesh er-
gasi.n sgetik,n me thn exagwg gn,shc kai sullogismi . Ta apotelésmat™ mac xepernoOn arketéc sOggronec
ulopoi seic kai ta argik™ apotelesmata anafor’c , en, dbnoun to énausma gia kainotimec ulopoi seic

KlePnontac aut th diatrib ja jelame na proteBnoume merikéc kateujOnseic gia peraitérw beltbwsh aut ¢
thc ergasPac pou Pswc empneOsoun kai gia endiaférousec diaforetikéc proseggbgedik™ , ja mporoOse
na direunhjeb h gr shsoft prompting gia thn peraiterw beltbwsh kai emploutismi thc diajesimhc gn, shc
Par’llhla , ja mporoOsan na dokimastoOn kai ubridikéc proseggPseic sunduzoritavis me meg’lhc klDmakac
grfouc gn,sewn pou ja mporoOsan na bohj soun sthn peraitérw aposaf nish twn amfBshmwn fr’sewn . Epi-
pléon, ptugéc sgetikéc me thn epex ghsh tou probl matoc Aposaf nishc Optik,n Ennoi,n ja mporoOsan na
apotelésoun néa pedba éreunaBnamfbbola mia se b7joc an”lush twn apotugi,n an"kthshc pou parousi™-
zoun oi peiramatismoP ja mporoOsan na d,soun endiaférousec plhroforDec kai na odhg soun sto drimo gia thn
beltbwsh kai epPlush aut,n Teloc, basiki periorismi , pou mellontik™ ja mporoOse na xeperastePapoteleD
kai o peiramatismic kai me tic upiloipec gl,ssec tou sunilou dedomenwn twn italik,n kai twn persik,.n
péra api ta agglik® , sta opoba epikentrwj kame sth sugkekriménh diatrib.






Chapter 2

Introduction

Visual Word Sense Disambiguation (VWSD) is a recently proposed challenging task. In this task, the goal is
to identify the correct image from a set of competing candidates, given an ambiguous target word within a
given context [67]. For instance, the phraseandromeda tree contains the ambiguous target wordandromeda
accompanied by the contexttree which clari es this ambiguity. Among the 10 candidates presented in Fig.
2.0.1, a VWSD framework attempts to retrieve the ground truth image, denoted with border.

Figure 2.0.1: An example of the VWSD task.

Even though VWSD can be classi ed as a text-image retrieval task, there are certain inherent distinctions.
For instance, upon examing the candidates presented in Fig. 2.0.1, which are somehow associated with
the ambiguous word andromeda (which can refer to either a constellation, sh species, tree, reptile etc),
an e ective retrieval system should possess a high level of granularity and be exceptionally sensitive to the
contextualization of the ambiguous target word. In this example, it is important for the context word tree to

be su ciently visible, as viewed from the perspective of the retrieval module, in order to e ectively resolve
any misunderstanding. Simultaneously, it is important for the retrieval module to avoid over-reliance on the
tree context. This is because images that feature owers and green grass can introduce a visual bias that
in uences the retrieval process. Consequently, the image with the highest likelihood of containing a tree
may be chosen, disregarding the potentially ambiguousandromeda attribute. It is worth considering that
there may be instances where a retrieval model has not been trained on a particular ambiguous word. In
such cases, the infrequency of the concepts associated with the target word vocabulary raises the likelihood
of solely depending on the context word, leading to a notable level of unpredictability during the selection
process. To this end, the trustworthiness of VWSD also emerges as a pivotal aspect, hence necessitating the
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development of solutions that can be e ectively explained.

In this thesis, a comprehensive range of implementations for Visual Word Sense Disambiguation (VWSD) is
presented. Several experiments were undertaken for each of the proposed methods, resulting in one of the
initial comprehensive contributions to this intriguing task:

We exploit Large Language Models (LLMs) as knowledge bases to enrich given full phrases, so that the
target word is disambiguated by incorporating more context, addressing even cases that the ambiguous
word is unknown to the retrieval module.

We convert VWSD to a unimodal problem: retrieval (text-to-text and image-to-image) and question-
answering (QA) to fully explore the capabilities related models have to o er.

Features extracted from the aforementioned techniques are used to train a learning to rank model,
achieving competitive retrieval results.

Chain-of-Thought (CoT) prompting is leveraged to guide answer generation, while revealing interme-
diate reasoning steps that act as explanations for retrieval.

Parts of the approaches and experiments presented in this dissertation are also published in [31] and [32].
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3.1 Large Language Models (LLMs)
3.1.1 Background

Language Models (LMs) are computational models that have the capability to understand and generate
human language. More specically, a language model is a probability distribution over word sequences,
having the ability to predict the likelihood of these sequences or generate new text based on a given input.

The fundamental methodology for probabilistic language modeling since 1980's has beengrams models .
These models are grounded on the Markov chain rule, assuming that the probability of the coming word in a
word sequence depends only on a xed size window of previous words. Hence a bigram model considers one
previous word, a trigram two, and in general a n-gram n-1 previous words.

For example a bigram language model models the probability of the sequence;;w-;:::wy, as:

P (w1 wz;iiiwn) = P(wz;w1) P (wsjwsz) P (Wnjwn 1) (3.1.1)

where the conditional probability P(wgjwyk 1) can be estimated the proportion of occurrences of the word
wi 1 followed by the word wy in the corpora. The estimation of these probabilities constitutes the training

of an n-gram model on text corpora in one or more languages. However, given that a language can be used
to express an in nite variety of valid sentences, an n-gram model struggles to assign non-zero probabilities to
word sequences that may never be encountered in the training corpora. To address this problem, a variety
of smoothing techniques has been proposed over the years.

Subsequently, the advancements in the development of neural networks suggest the neural language models,
which was rst introduced with simple feedforward neural language models by [7]. A feedforward neural
language model is a simple feedforward network that takes a sequence of previous words as input and gives
a probability distribution over possible next words as output. Therefore, similarly to a n-gram LM, the
feedforward neural LM is trained to predict the probability of a word considering the n-1 previous words.

A major di erence between n-grams and feedforward neural language models is found in the way the two
models represent the sequence of input words. An n-gram model assigns the word identityto each word

w; included in the prior word sequence which should be represented. On the contrary, a feedforward neural
language model mainly uses an embedding vector for each word. Thus, the latter generalizes better to unseen
word sequences of the test set.

While feedforward language model introduced many of the important concepts of neural language modeling,
modern neural language models use more powerful architectures like the recurrent networks or transformers
networks.

Recurrent neural network (RNN) language models [56] analyse input sequences in a sequential man-
ner, analyzing one word at a time. The aim to predict the subsequent word by considering the current word
and the previous hidden state. Consequently, RNNs do not face the limited context problem observed in
n-gram models, nor do they su er from the xed context constraint found in feedforward language models,
since the hidden state can in principle represent information about all of the previous words all the way back
to the begging of the sequence.

All of the aforementioned models are examples of conventional supervised learning systems for NLP, in which
a word sequencex is used as an input and a text outputy is predicted using the the conditional probability

P (yjx). In order to estimate this conditional probability we train a model using a dataset with pairs of inputs
and outputs. However, in this way it becomes necessary for any task to have supervised data, which for many
of them is extremely di cult to be found in large amounts. To address this, the standard evolved to pre-train
and ne-tune, in which a xed architecture is pre-trained as a language model, predicting the probability of
observed textual data. Because the raw textual data required to train LMs is abundant, these LMs can be
trained on enormous datasets, acquiring robust general-purpose properties of the language they modeling.
Then, the pre-trained LMs will be modi ed to various downstream tasks by introducing new parameters
and ne-tuning them with task-speci c objective functions. Within this paradigm, the emphasis shifted to
objective engineering, which involved de ning the training objectives employed throughout both the pre-
training and ne-tuning stages. In recent years, the pre-train and ne-tune paradigm has been supplanted



by the pre-train, prompt and predict paradigm. Rather that adapting pre-trained LMs to downstream tasks
through objective engineering, downstream tasks are reformulated to look more line those completed during
the original LM training using a textual prompt. For instance, if we select the prompt "English: This is a
sentence in english. Greek: ", an LM has the potential to o er a Greek translation to complete the missing
text. By picking the relevant prompts, we may adjust the model behaviour to the point where the pre-trained
LM can anticipate the correct output without any extra task-speci c training. The bene t of this approach

is that a single LM trained in a totally unsupervised manner can be utilised to solve a wide range of tasks
when provided with a set of proper prompts. However, as with most conceptually appealing prospects, there
is a catch: this method necessitates prompt engineering (section 3.1.4), which involves determining the most
appropriate prompt to allow an LM to tackle the task at hand.

3.1.2 Transformer

Large Language Models (LLMs) are advanced language models with vast parameter sizes and remarkable
learning capabilities that are typically pretrained on large unstructured text corpora. All modern LLMs are

now built on Transformer architecture [84], which eschews recurrence and instead relying entirely on an
attention mechanism to draw global dependencies between input and output. Theencoder and decoder are

the two major components of the Transformer architecture. These components are employed in sequence-
to-sequence operations like machine translation, where the encoder processes the input sequence and the
decoder generates the output sequence.

The Transformer architecture is summarised below:

1. Input Representation : The input sequence is rst embedded into continuous vector representations.
Positional embeddings are added to these embeddings to provide information about the position of each
token in the sequence.

2. Encoder : The encoder consists of a stack of identical layers. Each layer has two sub-layers:

~ Multi-Head Self-Attention : This sub-layer computes a weighted sum of embeddings, allowing each
word to focus on di erent parts of the input sequence. Multiple attention heads run in parallel,
capturing di erent relationships between words.

Position-wise Feed-Forward Neural Network After the attention mechanism, each token's rep-
resentation is passed through a position-wise feed-forward neural network. This introduces non-
linearity and further re nes the token representations.

Residual connections[22], followed by layer-normalization[5] are employed around each of the sub-layer.
3. Decoder : The decoder also consists of a stack of identical layers, each containing three sub-layers:

" Masked Multi-Head Self-Attention: This sub-layer acts similar to the corresponding encoder's
sub-layer, but with a mask applied to prevent attending to future positions during training.

~ Multi-Head Encoder-Decoder Attention: This sub-layer focuses on the encoded input sequence,
allowing the decoder to consider the relevant parts of the input during sequence generation.

"~ Position-wise Feed-Forward Neural Network Similar to the encoder, this sub-layer follows the
attention mechanisms.

As with the encoder, residual connections are used around each sub-layer, followed by layer-
normalization.

4. Output Generation : The output of the nal decoder layer is transformed into probability distri-
butions over the output vocabulary using a linear transformation followed by a softmax activation.
Throughout the training process, the model is fed with a word sequence as input to predict the subse-
quent word.

Several architectural variations of the Transformer have been proposed since it was rst introduced by [84].
The masking pattern used on the inputs, which acts as contextual information for the model to generate a
prediction, is a key distinction between these systems.



Encoder-Decoder.  As previously indicated and originally proposed, the Transformer consisted of two
stacks (Fig. 3.1.1): the encoder and the decoder. The encoder processes the input sequence and generates
context-rich representations, which are used by the decoder to generate the output sequence step by step.
Notable pretrained language models using an encoder-decoder architecture include BART[38] and T5 [66].

Figure 3.1.1: The Transformer - model architecture . The original Transformer follows this overall
architecture using stacked self-attention and point-wise, fully connected layers for both the encoder and
decoder, shown in the left and right halves of gure respectively[84]

Decoder-Only.  While the encoder-decoder design serves as the foundational variation of the Transformer
model, contemporary LLMs predominately employ a decoder-only architecture. These models have the
capability to train as a conventional language model, wherein they learn to predict the next token in a
given sequence. Decoder-only models lack the ability to process or represent the input sequence and output
sequence separately. All tokens are treated equally during processing, and conditioning is only dependent
on prior tokens due to the casual masking pattern, implying that the representation of any conditioning
text is intrinsically weaker. However, this produces a simpler architecture that is well-suited to a standard
autoregressive next-step-prediction pretraining objective. Notably, this architecture is the foundation of the
GPT series of models [64, 9] as well as numerous other recent LLMs [92, 10, 81].

Encoder-Only.  As an aside, there is an additional prevalent architectural variant that employs only a
Transformer encoder layer stack. This model architecture serves as the foundation for the ubiquitous BERT
[12] and its derivatives.

Overall, Transformers have revolutionised the eld of NLP due to their capacity to e ciently manage se-
guential data, enabling parallelization and capturing long-range dependencies in texts. Using the attention



mechanism to establish dependencies between input and output data, demonstrate that there is no require-
ment for convolutions or recurrent units to achieve state-of-the-art performance in linguistic tasks.

3.1.3 Pretraining Objectives

Pretraining is a crucial phase in the construction of LLMs, wherein the model undergoes training on an
extensive, unlabeled dataset through the process of self-supervision. The selection of a pretraining objective
can have a substantial in uence on the subsequent applicability of the LLM. In this section, we provide an
overview of the fundamental concepts behind the prevalent token-level pre-training objectives that have been
extensively studied and documented in academic literature.

Maked Language Modeling (MLM) was proposed by [12]. Encoder-only models are commonly pre-
trained with a masked language modeling objective. In the input text, either individual tokens or sequences
of tokens are substituted with a designated mask token. The model is then trained to predict the omitted
tokens.

Casual Language Modeling (CLM) is used to train autoregressive models, like encoder-decoder or
decoder-only models, by predicting the next token given a prior sequence. This process enforces a causal
relationship, where the model only attends to tokens that come before the predicted token in the sequence.

Next Sentense Prediction (NSP) attempts to predict whether a given pair of sentences is consecutive or
not. This objective mainly serves as a supplementary task in the pre-training phase of encoder-only models
and facilitates the model's acquisition of sentence associations.

3.1.4 Prompt Engineering

As previous stated, Language Models have traditionally been pre-trained on extensive text corpora and
then ne-tuned on smaller labelled datasets, in order to address longstanding problems in NLP. The process
of increasing the scale of language models to encompass billions of parameters, known as Large Language
Models (LLMs), facilitates the emergence of novel model capabilities that may be e ectively conveyed through
prompting [47]. Prompt engineering is a crucial technique involving the meticulous design and formulation of
prompts to guide the behaviour of models and achieve the desired outcomes. E ective prompt engineering is
crucial to improving the performance and adaptability of language models for a variety of applications. It is
imperative to initially consider the shapeof the prompt and then determine the appropriate method, either
manual or automated for generating prompts of the desired shape.

Prompt Shape

There are two primary types of prompts: cloze prompts which require the model to Il in the blanks
of a string, and pre x prompts, which extend a given string. The selection of the appropriate option is
contingent upon both the nature of the task, and the speci ¢ model employed to address the problem. For
tasks involving generation or those being solved using a conventional auto-regressive LM, pre x prompts are
typically preferable because they align well with the left-to-right orientation of the model. Cloze prompts are
well-suited for tasks that employ masked language modeling (MLM) objective due to their near resemblance
to the form of this objective. Full text reconstruction models are more exible and can be utilised with either
cloze or pre x prompts.

Manual Template Engineering

Manually creating intuitive templates based on human intuition is perhaps the most natural way for generat-
ing prompts. For instance, in their study, [9] developed a set of manually constructed pre x prompts that can
e ectively address a variety of tasks, such as question answering, translation and common sense reasoning.

Automated Template Engineering

Manually template creation is intuitive, enabling a certain level of accuracy in addressing diverse tasks.
However, this approach is not without its limitations, as it requires a signi cant investment of time and
knowledge in order to maximise the prompt's e cacy. To resolve these issues, a number of methods to



automate the template design process have been proposed. Particularly, the automatically induced prompts
can be further divided into discrete prompts where the prompt is an actual text string, and continuous
prompts, where the prompt is described directly in the embedding space of the underlying LM.

Discrete Prompts.  Research e orts focused on the automated discovery of discrete prompts, also known
as hard prompts typically involve the search for templates within a discrete space. This discrete space is
often representative of natural language phrases. Several proposed techniques are enumerated below:

Prompt Mining, wherein extensive text corpora are scraped to identify intermediate words or depen-
dency paths between inputs and outputs, which are then incorporated into the template[26].

Prompt Paraphrasing, which takes an initial seed prompt and generates a collection of alternative
prompts, from which the prompt that yields the maximum training accuracy on the desired task is
selected. This can be accomplished in a variety of methods, such as translating the prompt into
another language and back [26].

Gradient-based Searchwhich uses a gradient-based search over actual tokens to uncover short sequences
that can activate the pre-trained LM to predict the desired target [86].

Prompt Generation, which considers the prompt generation as a text generation task that is accom-
plished using standard language generation models [17].

Prompt Scoring, wherein a set of prompt templates is created as candidates, then a uniderictional LM
is used to rate these prompts, and nally the one with the highest probability is selected[16].

Continuous Prompts. As the purpose of prompt generation is to motivate an LM to perform a task, no
human-interpretable natural language is required. Motivated by this, a variety of approaches to continuous
prompts, also known assoft prompts, have been investigated. In particular, continuous prompts eliminate
both the requirement that the embeddings of template words be native language and also the restriction
that template's parameters must match those of pre-trained LM. In lieu of this, soft prompts have their
own learnable parameters that can be adjusted based on training data from the downstream task. Several
representative methods are highlighted below:

Prompt Tuning. The central concept of prompt tuning is that prompt tokens have their own,
independently-updated parameters. Thus, you can maintain the parameters of the pretrained model
unchanged and only update the gradients of the prompt token embeddings. The results are comparable
to the conventional method of training the entire model, and the e cacy of prompt tuning scales with
model size [37].

Figure 3.1.2: Prompt Tuning [37]

" Pre x-Tuning The technique of pre x tuning was speci cally developed for the purpose of enhancing the
performance of Natural Language Generation (NLG) tasks on GPT models. Pre x tuning is a technique
that has resemblance toprompt tuning. It involves adding a sequence of task-speci c vectors to the



input, which can be trained and modi ed independently while keeping the remaining parameters of
the pretrained model unchanged. One notable distinction is in the placement of the pre x parameters,
which are incorporated into every layer of the model. In contrast, prompt tuning solely introduces
the prompt parameters to the model's input embeddings. The optimisation of the pre x parameters
is achieved through a distinct feed-forward network (FFN). The FFN is no longer used once the soft
prompts have been updated [43].

Figure 3.1.3: Pre x Tuning [43]

" P-tuning. P-tuning is an automated process that explores prompts throughout a continuous space in
order to address the disparity between Generative Language Models and Natural Language Under-
standing (NLU) applications. The process of P-tuning involves utilising a limited number of continuous
free parameters as prompts, which are then provided as input to pre-trained language models. Subse-
guently, the continuous prompts are optimised through gradient descent as a viable alternative to the
process of discrete prompt searching[48].

Figure 3.1.4: P-tuning [48]

In many cases, prompting methods can be used without explicit training of the LM for the downstream task;
rather, an LM trained to predict the probability of text P(x) can be applied as-is to populate cloze or pre x
prompts de ned to specify the task. This is commonly referred to as thezero-shot setting as there is no
training data for the desired task. However there are methods, in which few-shot examplars are provided to
the LM to guide answer-generation [9]. This is referrd to asfew-shot setting Speci cally, in-context learning
(ICL) is a novel few-shot paradigm which involves utilising a small number of sample demonstrations from
the dataset to retrieve the related knowledge stored in the LLM without updating any parameters [14].



This technique is inspired from the way humans learn from analogy [91] and has been e ectively applied
ever since to serve several NLP tasks [72, 75, 73, 63, 101]. Another technique that draws inspiration from
human thinking is known as Chain-of-Thought (CoT), where the LM is encouraged by the prompt phrasing
to generate rationales together with the predicted answer [30, 89]. Overall, prompting might be considered
analogous to querying knowledge graphs in the context of traditional knowledge retrieval.

3.1.5 Language models as Knowledge Bases

Knowledge Bases (KBs)are structured repositories of information that store facts, relationships, and concepts

in a way that computers can understand and query. These repositories serve as organized reservoirs of
knowledge, often in the form of entities and their attributes, connected by semantic relationships. Knowledge
Bases play a crucial role in various elds, including NLP, providing a foundation for systems to access and
reason about information, aiding in tasks such as question answering, information extraction, and knowledge-
driven decision-making. By consolidating data into a structured format, KBs facilitate the extraction of
meaningful insights and the development of intelligent systems that can better understand and interact with
the world. Knowledge Graphs (KGs)can be seen as a specialized form of KBs that employ a graph structure
to represent and capture relationships and context between entities and information. With a pronounced
emphasis on entity relationships, Knowledge Graphs have found extensive application in applications that
require complex and contextual knowledge representation, such as semantic search, recommendation systems,
guestion answering, and semantic reasoning.

Language models as Knowledge Bases is a novel paradigm that harnesses the implicit knowledge stored in
neural weights of Language Models (LMs) similar to how explicit knowledge of Knowledge Graphs (KGs)
has served related applications [61, 2]. LLMs pretrained on extensive web-based corpora have demonstrated
the capacity to inherently encompass various forms of knowledge within their parameters, without requiring
human supervision. These forms includes commonsense [44], factual [62], temporal [13] and beyond. Such
knowledge access is pivotal for LMs to achieve state-of-the-art performance on a range of downstream tasks.
Nevertheless, as is typical with many neural systems, the knowledge encoded within LMs is di used, rendering
interpretation challenging and updates complex. Consequently, this complexity presents challenges when
utilizing them in real-world scenarios in contrast with KBs, which can access and update relational knowledge
easier than LMs.

The question about how we can control the knowledge stored implicitly in LM's weights was initially raised
by [61]. This work was among the rst to analyze the accuracy and limitations of language models as a source
of structured knowledge in comparison to traditional knowledge bases. Subsequently, numerous studies have
delved into the LM-as-KB scenario. For instance, [87] examines the idea of viewing LMs as open Knowledge
Graph and proposed a method to extract structured triples from the Im's responses to queries, e ectively
transforming it into a knowledge graph, while [77] explores the potential of LMs to serve as biomedical
knowledge bases.

The scale of models has unveiled unprecedented capabilities of language models (LMs) in various aspects,
including di erent types of reasoning. [3] attempts to address the challenge of solving math word problems
using arithmetic reasoning, while [8] presents an extensive survey on commonsense reasoning and generation.
[40] delves into the exploration of causal reasoning in popular pre-trained language models by leveraging
counterfactual conditionals, which force the models to predict unusual consequences based on hypothetical
propositions. Furthermore, [90] explores how generating ahain of thought a series of intermediate rea-
soning steps improves the ability of large language models to perform complex symbolic, commonsense
and symbolic reasoning. However, certain related research questions still remain open, such as whether these
models simply overt extensive data or genuinely possess human-like reasoning capabilities [23]. More re-
cently, the LM-as-KB paradigm has been favored by the VL community to enhance popular VL tasks [55,
82, 19, 20, 52, 98] (section 3.2.4).



3.2 Visual-Linguistic (VL) Learning

Both the Natural Language Processing (NLP) and Computer Vision (CV) communities have shown interest

in vision-language tasks. For example, Image Captioning [94, 45, 71], seeks to generate a sentence or textual
phrase that describes the context of an input image. Visual Question Answering (VQA) [1] seeks to provide
an accurate natural language answer given an image and a natural language question about the image. Visual
Commonsense Reasoning (VCR) [95] necessitates the model be able not only to answer the commonsense
question but also to choose a supporting rationale for the answer." Text-Image Retrieval [28] attempts to
retrieve the most relevant image based on a given text, or vice versa. As can be seen, the essence of VL
learning consists of the presentation and interaction of visual and linguistic representations.

3.2.1 Linguistic Representation

Throughout the years, numerous works for text representations strategies have been propose8tatic Word
Embeddings Recuurent Architectures, and Transformers are three of the major milestones in the history of
linguistic representations.

Static Word Embeddings . Natural Language Processing (NLP) has been signi cantly in uenced by the
evolution of word embeddings, which are frequently employed as initialization for other methods. The evo-
lution of word embeddings has signi cantly in uenced the development of Natural Language Processing
(NLP). Rooted in the hypothesis that words appearing in similar contexts share semantic meaning, ealry
attempts such as latent semantic analysis laid the foundation for the representation fo words as vecotrs in
high-dimensional spaces. Word2Vec [57] marked a signi cant advancement by employing neural network
architectures to learn word embeddings by predicting neighboring words. GloVe [60] followed this methodol-
ogy and incorporated global word co-occurrence statistics into the embedding process. Doc2Vec [36], as an
extension of Word2Vec, is capable of generating vector representations for a collection of words.

Recurrent Neural Networks . Recurrent Neural Networks (RNNs), designed to e ectively handle sequen-
tial data (i.e. one word at a time), enabled the creation of dynamic word embeddings by considering the
order of words in a text. This architecture allowed for the capture of contextual information and inter-word
dependencies, representing a signi cant improvement over conventional word embeddings. However, early
RNNs encountered di culties in modelling long-range dependencies due to gradient vanishment problems.
To address them, later extensions such as LSTMs, GRUs etc have been proposed.

Language Transformers . Transformers revolutionised Natural Language Processing (NLP) by addressing
context and dependency more e ectively. This innovative architecture [84] replaced sequential processing
with a self-attention mechanism, enabling words to interact directly regardless of their proximity in the text.
This innovation facilitated the ability of transformers to more e ciently capture extensive dependencies
compared to conventional approaches and RNNs. Multiple Language Transformers have been utilised as text
encoders for a variety of VL tasks. Among them, BERT [12] has become a golden standard, while other
implementations utilize variants such as RobERTa[49], GPT2[64], T5[66] and BART[38].

3.2.2 Visual Representation

The representation of the visual modality has a far lower level of variation in comparison to text encoding.
The majority of works in the eld predominantly utilise Convolutional Architectures with few changes. It is
only in recent years that some works have made e orts to utilise visual encoders based on Transformers.

Convolutional Neural Networks . Convolutional Neural Networks have become the cornerstone of mod-
ern Computer Vision for visual representations. These architectures marked a signi cant departure from
handcrafted fetaures by leveraging the power of deep learning to automatically learn abstract visual features
from raw pixel data. Visual representations can involve image-level or object-level features. CNNs, such as
AlexNet [33] and VGG [74], ushered in a new era of image analysis and representation by obtaining remarkable
performance in benchmark image classi cation tasks. The subsequent development of deeper architectures
such as ResNet [21] and Inception [78] addressed gradient vanishing and computational e ciency challenges,
allowing for the extraction of even more ne-grained visual details. Many works rely on CNN based classi ers
such as them, while others prefer more ne-grained local representations supported by object detectors, such
as Fast-RCNN[18] and Faster-RCNN[69].



Image Transformers . The introduction of transformers, which were originally designed for natural language
processing but have since been adapted for computer vision, has resulted in a revolutionary transformation
of visual representations. This revolutionary change marked a departure from conventional Convolutional
Neural Networks (CNNs) by employing self-attention mechanisms to capture long-range dependencies and
relationships in visual data. Vision Transformer (ViT) [15] suggests dividing images into xed-size patches
and treating them as token sequences, allowing transformers to process visual information. This strategy
revolutionised tasks such as image classi cation and demonstrated transformers' capacity to comprehend and
represent complex visual content. Swin Transformer [50] is a more e cient implementation due to the use of
self-attention only in non-overlapping local image patches, which results to linear computation complexity as
opposed to quadratic computation complexity to image size, resulting from the computation of self-attention
globally.

3.2.3 Multimodal Representation

In the eld of vision and language intersection, conventional approaches involved the utilisation of core distinct
neural network models that independently processed visual and textual data. These models were subsequently
integrated to resolve the downstream vl task. In particular, the task-speci c model was ne-tuned for the
downstream task by directly utilising the two separate backbones for visual and text representations. Thus,
this ne-tuning process did not involve any form of generic visual-linguistic pretraining. Consequently, the
nal model may be susceptible to over tting, while the pretraining of the model fails to e ectively capture
complex interactions and dependencies between visual and textual features and produce comprehensive visual-
linguistic representations that could prove valuable for relevant downstream tasks.

Despite their limitations, these traditional approaches underscored the need for more comprehensive and
integrated methods that can better exploit the inherent multimodality of vl tasks, and the requirement for
aligning visual and textual features in a shared embedding space. Inspired by the success of pre-trained models
in NLP, such as BERT [12] and GPT [64, 9], which signi cantly elevated the performance of various NLP
tasks, researches began recognizing the importance of cross-modal pre-training and joint representations, and
numerous cross-modal pre-training models have been developed. Similar to NLP, research, focuses mainly
on two aspects, excluding pre-training data: Model Architecture and Pretraining Objectives.

Model Architecture . The majority of related works are based on di erent variants of Transform-
ers[84]. VILBERT[51] and LXMERT[79] introduced the two-stream architecture, where two Transform-
ers are applied to images and text independently, and then these ones are fused by a third Transformer
producing the joint representations. On the contrary, VisualBERT[42], Unicoder-VL[39], VL-BERT[76]
proposed thesingle-stream architecture where a single Transformer is applied to both images and text.

" Pretraining Objectives . Inspired by the pretraining objectives in text models, several crucial pre-
training objectives have been proposed, among them the following:

Masked Language Modelingand consequentlyMasked Region Maodelings1], which force the model
to predict the masked out tokens or image regions respectively

Image-Text Matching [51, 76], which aims to align the visual and textual embeddings in a shared
space. It encourages the model to understand the correspondence between images and their
associated textual descriptions, facilitating cross-modal understanding

Word-Region Alignment, which nds correlations between image region and words
Masked Region Classi cation, which predicts the object class for each masked image region

The methods described above constituteSupervised Learning where labels are either inferred from the input
(known as self-supervised) or obtained from a labeled dataset, usually consisting of image-text pairs. A
signi cant milestone is the adoption of Contrastive Learning for text-image representations, which is followed
by certain models. Contrastive Learning is employed to autonomously learn visual-semantic embeddings.
The fundamental concept involves creating an embedding space where similar pairs are positioned close to
each other, while dissimilar pairs are distanced from one another. Noteworthy models that have been trained
using this strategy include CLIP[65] and ALIGN[25].



The CLIP model comprises two distinct sub-models: a text encoder and an image encoder, both of which
map text and images, respectively, into a shared embedding space. Guided by the principles of Contrastive
Learning, these encoders are trained to assign high similarity scores to well-matched image-text pairs and
low similarity scores to mismatched pairs (as illustrated in Figure 3.2.1). ALIGN employs a dual-encoder
approach, focusing on aligning visual and language representations within image-text pairs. The encoder is
trained with a contrastive loss function, formalized as a normalized softmax.

Figure 3.2.1: CLIP. Contrastive pre-training.[65]

In various works, these learning strategies are frequently amalgamated, such as BLIP[41], a multimodal
fusion of encoder-decoder architecture that undergoes training encompassing both contrastive and supervised
modeling objectives. Speci cally, BLIP represents a uni ed vision-language model capable of operating within
three distinct functionalities (as depicted in Figure 3.2.2):

1. A unimodal encoder, trained with an Image-Text contrastive objective, facilitating the alignment of
vision and language representations.

2. An image-grounded text encoder, incorporating additional cross-attention layers to model interactions
between vision and language. This encoder is trained with a Image-Text Matching objective to distin-
guish between positive and negative image-text pairs.

3. An image-grounded text decoder, which replaces the bidirectional self-attention layers with causal self-
attention layers. This decoder shares cross-attention layers and feedforward networks with the encoder.
Its training involves a Causal Language Modeling objective, generating captions based on provided
images.

3.2.4 VL Learning with knowledge

Recent advancements in visiolinguistic (VL) learning have facilitated the development of multiple models and
technigues, o ering impressive implementations that presently address a variety of tasks necessitating the
fusion of vision and language. These advancements have paved the way for transformative implementations,
bringing together the realms of vision and language to tackle challenges that range from image captioning
to visual question answering. Despite these remarkable achievements, the datasets commonly employed for
VL pretraining are not without their limitations. These datasets, while valuable, possess a nite reservoir of
visual and linguistic knowledge, creating a bottleneck that restricts the potential generalization capabilities

of many VL models.

To bridge this gap and enable VL models to transcend their existing limitations, researchers have turned to



Figure 3.2.2: Pre-training model architecture and objectives of BLIP[41]

external sources of knowledge. Knowledge graphs (KGs), which organize information in a structured manner
by de ning entities, relationships, and semantic descriptions, have emerged as a potent tool for supplementing
VL models with a richer understanding of the world. Similarly, the rise of Large Language Models (LLMs)
has highlighted their prowess in capturing relational knowledge from linguistic data during pretraining. This
paradigm, known as the LM-as-KB scenario, presents an intriguing approach where LLMs serve as dynamic
repositories of information that can be accessed and queried to provide missing context and connections. The
integration of external knowledge into VL models has led to the emergence of hybrid architectures, where
traditional VL expertise collaborates seamlessly with the insights extracted from KGs and LLMs.

Notably, despite the extensive VL knowledge amassed during pretraining and ne-tuning, contemporary
transformer-based VL models struggle to generalize across various concepts and scenarios requiring common-
sense knowledge, abstract entities understanding, factual comprehension, and real-world event recognition.
This outcome is somewhat expected, given that neither pretraining nor ne-tuning VL datasets necessitate
the understanding of concepts beyond visual descriptions. Consequently, the inclusion of external knowledge,
introduced at earlier or later stages of the pretraining/ ne-tuning phase, becomes imperative to amplify the
capabilities of VL models, enabling them to adeptly respond to more intricate real-world tasks. Such external
knowledge is typically organized in structured Knowledge Graphs (KGs), employing entities, relationships,
and semantic descriptions [24]. Language Models (LMs) have demonstrated the capacity to retain relational
knowledge learned from linguistic data during their pretraining phase, leading to the concept of LM-as-KB
[61]. This knowledge can be retrieved by constructing queries in the form of [l-in-the-blank statements,
which the LM is tasked with completing. Subsequent works further establish the prowess of LMs for storing
and retrieving world knowledge while showcasing their scalability corresponding to the augmentation in the
number of parameters [87]. Successful deployment of LMs as knowledge bases requires meeting certain pre-
requisites, including accessing data similarly to KG querying, updating outdated facts without succumbing to
catastrophic forgetting, unlocking their latent reasoning capabilities, and gauging their level of interpretabil-

ity and explainability[2]. Despite these challenges, the remarkable achievements of Large Language Models
(LLMs) in diverse linguistic tasks o er inspiration for their potential role as comprehensive and expansive
knowledge bases (KBs), augmenting VL learning.

Presently, few surveys in VL learning comprehensively explore the synergy between knowledge and deep
learning in VL models. An extensive exploration of knowledge-enhanced VL (KVL) was rst introduced in
[54]. Subsequent research [55] shifts the focus towards state-of-the-art initiatives involving transformer models
for VL representation, resulting in hybrid methodologies through the integration with external knowledge.



Chapter 4

Approach

In this section, we present a wide range of implementations for VWSD. Multiple experiments are conducted
for each of the implemented methods, resulting in one of the rst substantial contributions to the VWSD

task.

Primarily, we highlight the main contributions of this thesis, and then we provide an in-depth explanation of
the implemented approaches, following the [31] and [32].
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4.1 Contributions

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

" We exploit Large Language Models (LLMs) as knowledge bases to enrich given full phrases, so that the
target word is disambiguated by incorporating more context, addressing even cases that the ambiguous
word is unknown to the retrieval module.

We convert VWSD to a unimodal problem: retrieval (text-to-text and image-to-image) and question-
answering (QA) to fully explore the capabilities related models have to o er.

Features extracted from the aforementioned techniques are used to train a learning to rank model,
achieving competitive retrieval results.

Chain-of-Thought (CoT) prompting is leveraged to guide answer generation, while revealing interme-
diate reasoning steps that act as explanations for retrieval.

4.2 Dataset

VWSD Dataset

The VWSD dataset for English language consists of 12869 training samples and 463 test samples, with
10 candidate images per sample. There are negligible dierences in phrase length, with the vast ma-
jority of phrases consisting of 2 words. The data samples and the ocial splits can be found in
https://raganato.github.io/vwsd/. Additionally, the statistics of the VWSD dataset are presented bellow:

Split #Samples Phrase length

1word 2words 3words 4 words
Train | 12869 0 12868 0 0
Test 463 1 445 17 1

Table 4.1: Dataset statistics



4.3 Method

We followed 6 approaches to investigate the VWSD task from several di erent perspectives. All our ap-
proaches were tested exclusively on English.

Figure 4.3.1: Method Outline

4.3.1 Image-Text similarity Baseline

As a start, we implemented a simple multimodal (VL) retrieval baseline to evaluate the capabilities of existing
pre-trained VL transformers on the VWSD task. VL transformers place both imagesi and textual phrasest
in a joint embedding space. The retrieval of the most appropriate image with respect to a given text phrase
t relies on a similarity score:

scorg(t;i) = max(sim(t;i)) (4.3.2)

which can be computed using various similarity measures, such as cosine similarity or euclidean/manhattan
distance. In this approach we exclusively experimented with cosine similarity.

The VL transformers used are reported bellow:
"~ CLIP with ViT[15] base encoder !
" CLIP with ViT large encoder, denoted as CLIP-L ?
" CLIP_aion  [70] (LAION/CLIP ViT-H/14), trained on LAION-2B English subset of LAION-5B 3
"~ ALIGN[25] *

Lhttps://huggingface.co/openai/clip-vit-base-patch32
2https://huggingface.co/openai/clip-vit-large-patch14
3https://huggingface.co/laion/CLIP-ViT-H-14-laion2B-s32B-b 79K
4https://huggingface.co/kakaobrain/align-base



" BLIP[41] with ViT base encoder, trained on COCO[45] and denoted as BLIR °
"~ BLIP with ViT large encoder, trained on COCO and denoted as BLIP-L¢ ©
BLIP with ViT base encoder, trained on Flickr30k[93] and denoted as BLIP: ’

BLIP with ViT large encoder, trained on Flickr30k and denoted as BLIP-L ¢ 8

We also conducted experiments with the penalty factorp(i) described in [11] to modulate the retrieval
preference of images that represent high similarity scoresim(t;i) with multiple phrases t. The penalty is
computed for each image as the average similarity between that image and all the phrases in the dataset,
normalized by the frequency of image occurrence, using the following formula:

!
X card(i)

p(i) = T sim (ti; i) maxi,, z; card(im)
t2T

(4.3.2)

in which T is the set of all phrases,| is the set of all images, andcard(i) denotes the number of samples in
which imagei appears.

In this case, the similarity score obeys to the following:

scorg(t;i) = sim(t;i) p(i) (4.3.3)

4.3.2 LLMs for phrase enhancement

We utilize a diverse range of LLMs as knowledge bases to augment the short phrasesy providing more
details in a zero-shot manner, resulting in enhanced phrases. Then, VL retrieval, described in the previous
section 4.3.1, is facilitated. In addition, as in the baseline case, we attempt to include the penalty(i) during
the nal VL retrieval step, according to the following knowledge-enhanced similarity score:

score(te; i) = sim(te;i)  p(i) (4.3.4)

All prompts provided to LLMs are designed upon manually crafted templates, based on the intuition that
instructively requesting speci ¢ information from the model has been proven to be bene cial [30].

Prompt templates used for zero-shot LLM knowledge enhancement of textual phrasessare reported bellow:

Prompt name Prompt template
exact <phrase>
what_is What is <phrase>?
meaning_of What is the meaning of <phrase>?
describe Describe <phrase>.
write_description Write a description of <phrase>.
to_describe To describe <phrase> | would say that
could_describe | could describe <phrase> as

Table 4.2: Prompts for phrase enhancement via LLMs

Emerging capabilities of LLMs, such as multiple types of reasoning, are analogous to model size [30, 90],
indicating that models beyond a particular scale may contain more advanced knowledge. Experimenting
with models up to 13B parameters, which corresponds to the upper limit of our hardware, as well as orders of
magnitude larger language models (175 parameters) accessible via public APIs, we investigate whether this
assumption also holds true for knowledge enrichment. The LLMs we utilized are reported bellow:

Shitps://huggingface.co/Salesforce/blip-itm-base-coco
6https://huggingface.co/Salesforce/blip-itm-large-coco
https://huggingface.co/Salesforce/blip-itm-base- ickr
8https://huggingface.co/Salesforce/blip-itm-large- ickr



" GPT-3[9] with 175B parameters, speci cally text-davinci-003 & GPT-3.5-turbo °
"~ GPT2-XL[64] with 1.5B parameters 1°

" BLOOMZ-1.7B 1! & BLOOMZ-3b [58] *?

" OPT-2.7B 3 & OPT-6.7B [97] 4

"~ LLAMA-7B [83] 15

" Vicuna-7B 6 & Vicuna-13B [99] */

" Galactica-6.7B [80]*®

4.3.3 Image Captioning for text retrieval

We leverage the metrics of unimodal retrieval by exploiting state-of-the-art image captioning transformers to
convert imagesi to textual captions ¢;. In particular, the following captioning models are used:

"~ BLIP Captions [41] with ViT-base[15] encoder*®

BLIP Captions with ViT-large encoder, denoted as BLIP-L Captions 2°

" GiT [88] with ViT-base encoder %!

" GIiT with ViT-large encoder, denoted as GiT-L %2

"~ ViT-GPT2 [34] which uses ViT-base as encoder and GPT-2[64] as decodé?

For all image-captioning models we exploit both beam-search multinomial sampling with 10 beams to obtain
k=10 captions per imagei, as well as greedy search. We represent & the k-th caption for image i, as
obtained from beam search (greedy search returns only one caption). In the case of beam search, as some of
the 10 captions are identical or substrings of longer ones, they are post-processed, in order to end up with
only distinct ones.

We investigate two possibilities for obtaining embedding representations for the captions; and the phrases
t. In the rst scenario, embedding representations are generated using the same VL transformers as in
multimodal retrieval. In the second scenario, we exploit an assortment of purely textual sentence transformers
that are ne-tuned for semantic similarity [68]. These are illustrated bellow:

" distilroberta-base?* & xIm-r-distilroberta-paraphrase 2°

stsb-roberta-base?®, stsb-distilroberta-bas€’’ & stsb-mpnet-base®
" all-MiniLM-L6 2°, all-MiniLM-L12 % & all-mpnet-base®!

9https://platform.openai.com/docs/models/gpt-3
10 https://huggingface.co/gpt2-x|
11 https://huggingface.co/bigscience/bloom-1.7B
12 https://huggingface.co/bigscience/bloomz-3b
13 https://huggingface.co/facebook/opt-2.7b
14 https://huggingface.co/facebook/opt-6.7b
15 https://huggingface.co/decapoda-research/llama-7b-hf
16 https://huggingface.co/TheBloke/Wizard-Vicuna-7B-Uncensored-HF
17 https://huggingface.co/TheBloke/Wizard-Vicuna-13B-Uncensored-HF
18 https://huggingface.co/facebook/galactica-6.7b
19 hitps://huggingface.co/Salesforce/blip-image-captioning-base
20 https://huggingface.co/Salesforce/blip-image-captioning-large
21 https://huggingface.co/microsoft/git-base
22 https://huggingface.co/microsoft/git-large
23 https://huggingface.co/nlpconnect/vit-gpt2-image-captioning
24 https://huggingface.co/distilroberta-base
25 https://huggingface.co/sentence-transformers/xim-r-distilroberta-base-paraphrase-v1
26 https://huggingface.co/sentence-transformers/stsh-roberta-base-v2
27 https://huggingface.co/sentence-transformers/stsb-distilroberta-base-v2
28 https://huggingface.co/sentence-transformers/stsh-mpnet-base-v2
29 https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
30 https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
31 https://huggingface.co/sentence-transformers/all-mpnet-base-v2



" multi-qa-distilbert-cos 32 & multi-ga-MiniLM-L6-cos 32
" sentence-t5-bas#, sentence-t5-largé®, gtr-t5-base®® & gtr-t5-large 3’

Then, in both cases, we use cosine similarity or euclidean/manhattan distance to calculatscore(t; ck), re-
trieving the caption embedding that is most similar to each phrase embedding. Experiments were conducted
both with and without LLM-based phrase enhancement.

4.3.4 Wikipedia & Wikidata image retrieval

Image-to-image retrieval is another unimodal representations-based approach that we engaged with for the
VWSD task. Consequently, in accordance with the idea of [11], we utilize Wikipedia API in order to retrieve
all the relevant articles with respect to the provided phraset, and then we retain the primary imagei,, from
each article. Then, we post-processed the retrieved image set by considering a maximumilof 10 Wikipedia
images per phraset. The same process is repeated for Wikidata[85]. Using the same VL transformers
as in multimodal retrieval, we obtained embedding representations for both the retrieved images,, and
the candidate imagei. Ultimately, we search for the embeddings that are closer to one another within
the embedding space. To this end, we employed either cosine similarity or euclidean/manhattan distance,
according to scorg(iw;i).

4.3.5 Learn to Rank

Inspired by [11], we implement a Learning to Rank (LTR) model that incorporates features derviced from
our aformentioned experiments. LGBMRanker with lambdarank objective®®, implemented upon the gradient
boosting framework [29], is chosen as the LTR module.

The input features chosen for the LTR model captures the associations between each given phrase and the
candidated images, and derived from each one of the 4 previous methods separately. More speci cally, the
features crafted from the baseline case, are extracted with the following steps (a)-(e):

(&) scorg(t;i)

(b) max(scorg(t;i))
(c) mean(scorg(t;i))
(d) dierence a-b

(e) dierence a-c

In a similar way, the steps (a)-(e) are repeated for each one of the other methods, with only replacing the
scorg(t; i) with the proper score equation. Particularly, instead of scorg(t; i), for LLM-enhancement we use the
scorg(te; i), for caption-phrase retrieval the scorg(t; c¥), for enhanced caption-phrase retrieval thescore(te; c¥),
and nally for the image retrieval the scorg(iy;i). As a result, we end up with a 5-feature-addition into our
nal feature vector for each method we leverage.

We train the LTR module on several combinations of the designed features. In order to further advance
LTR performance, we also attempt to combine features from enriched phrases. derived using di erent
prompts. Furthermore, di erent similarity (cosine) and distance (euclidean/manhattan) scores are exploited

32 https://huggingface.co/sentence-transformers/multi-qa-distilbert-cos-v1
33 https://huggingface.co/sentence-transformers/multi-ga-MiniLM-L6-cos-v1
34 https://huggingface.co/sentence-transformers/sentence-t5-base

35 https://huggingface.co/sentence-transformers/sentence-t5-large

36 https://huggingface.co/sentence-transformers/gtr-t5-base

37 https://huggingface.co/sentence-transformers/gtr-t5-large

38| GBMRanker docs



in conjunction with these combinations, while the contribution of considering penalty factor p(i) is evaluated
both in baseline VL retrieval (eq. 4.3.3), as well as in the LLM-enhanced VL retrieval module (eq. 4.3.4).

4.3.6 Question Answering for VWSD and CoT prompting

We transform VWSD to a question-answering (QA) task by converting the textual phrasest to questions Q
that adhere to manually crafted prompt templates. The prompts, we experimented with, are illustrated in
Table. 4.3.

Prompt Prompt template

name

think (greedy) Q: What is the most appropriate caption for the <context>? Answer choices: (A) <caption
for image 1> (B) <caption for image 2> ... A: Let's think step by step.

think (beam) Q: What is the most appropriate group of captions for the <context>? Answer choices:

(A) <captions for image 1 (separated with comma)> (B) <captions for image 2> ... A:
Let's think step by step.

CoT <think_prompt> <response of lIm with think prompt> Therefore, among A through J,
the answer is

no_CoT Q: What is the most appropriate caption for the <context>? Answer choices: (A) <caption

(greedy) for image 1> (B) <caption for image 2> ... A:

no_CoT (beam) Q: What is the most appropriate group of captions for the <context>? Answer choices:

(A) <captions for image 1> (B) <captions for image 2> ... A:

choose no_CoT You have ten images, (A) to (J), which are given to you in the form of captions.(A) <caption

(greedy) for image 1>...(J) <caption for image 10> You should choose the image, and therefore the
caption that could better represent the <phrase>. What image do you choose?

choose no CoT You have ten images, (A) to (J), which are given to you in the form of captions.(A) <cap-

(beam) tions for image 1 (separated with comma)>. .. (J) <captions for image 10 (separated with

comma)> You should choose the image, and therefore the set of captions that could better
represent the <phrase>. What image do you choose?

choose CoT | You have ten images, (A) to (J), which are given to you in the form of captions. (A)
(greedy) <caption for image 1> ... (J) <caption for image 10> You should choose the image, and
therefore the caption that could better represent the <phrase>.

Use the following format: Question: What image do you choose? Thought: you should
always think about what you choose. Result: the result of your thought Final Answer: the
image that you choose.

Begin! Question: What image do you choose?

choose_CoT You have ten images, (A) to (J), which are given to you in the form of a set of captions. (A)
(beam) captions for image 1 (separated with comma) ... (J) captions for image 10 (separated with
comma) You should choose the image, and therefore the set of captions that could better
represent the <phrase>.

Use the following format: Question: What image do you choose? Thought: you should
always think about what you choose Result: the result of your thought Final Answer: the
image that you choose

Begin! Question: What image do you choose?

Table 4.3: QA prompts with and without CoT.

Our experimentation includes both zero-shotand few-shot prompting. In both scenarios, the Vicuna-13B[99]
and the 175B GPT3.5-turbo are suggested as LLMs to be prompted. Since, the LLMs, and so the aforemen-
tioned ones, currently handle textual but not VL inputs, we need transition to text-only representations both
for imagesi and phrasest. Therefore, image captioning techniques are utilised to accomplish this transfor-
mation, with captions ¢ being provided for each candidate imageé. The models chosen for captioning are
GiT-L[88] and BLIP-L[41], which are both based on ViT-large [15] encoder, and ViT-GPT2 [34], which uses
ViT-base as the encoder and GPT-2 [64] as the decoder.

Reasoning capabilities of LLMs can be unlocked using a technique known as Chain-of-Thought (CoT) prompt-
ing [30, 89], in which the LLM is prompted to produce a series of intermediate reasoning steps that logically
leads to its answer. Even though CoT prompting has been predominantly utilised for multi-step reasoning
tasks, it is also capable of providing human-understandablexplanations regarding the selection of the most
suitable prospective imagei for each phraset. To this end, the rst 5 templates and prompting pipelines of
Tab. 4.3 are adopted from [30], where a "reasoning" prompt (Let's think step by step/think prompts of Tab.



4.3) retrieves the reasoning path stored in the LLM, followed by an "answer" prompt (‘Therefore, among A
through J, the answer is " CoT prompt of Tab. 4.3) that returns the nal answer in an appropriate format.
The rest of the templates ("choose" prompt names) are inspired from LangChain prompts [35], with "choose
CoT" prompt also attempting to retrieve a reasoning path, which supports the answer of the LLM.

Zero-shot prompting

In the zero-shot scenario, a speci ¢ prompt from Tab. 4.3 is provided as input to either the Vicuna-13B or
GPT-3.5-turbo language model. Subsequently, the language model generates the answer, designatedfas
along with an accompanying explanation for this particular section. The answerA can correspond to either
one of the caption options A-J or a statement that indicates that no answer can be determined. In any
case, the generated answeh is compared to the ground truth caption to assess the e ectiveness of zero-shot
prompting approach under investigation.

Few-shot prompting

In addition, we conduct experiments with few-shot prompting instead of the previously describedzero-shot
prompting. In this case, we selectkk no_CoT prompts (Tab. 4.3) along with their corresponding ground
truth answer A, thereby creating QA in-context samples The number of in-context samples, denoted as
k, is determined by the user. We devise three di erent methods for selecting these k in-context examples.
In the baseline case, the k samples are randomly chosen from the training dataset. Nonetheless, because
the relevance of selected samples relative to a chosen sample [46] and sample ordering [53] is signi cant,
we develop two similarity-based sample selection algorithms, namelyop and inverse-top. Both selection
methods utilize embedding representations of full phrases included in QA prompts, which are acquired using
ALIGN [25]. The retrieval of the k nearest embeddings to a given phrase embedding is easily accomplished
through the utilisation of cosine similarity using the FAISS library [27]. The proposed top ordering technique
involves arranging samples in descending order of similarity, with the most similar sample being placed rst,
followed by the second most similar sample, and so on until the k-th most similar sample is positioned in
the k-th position. Conversely, the inverse-top technique involves reversing the order by positioning the most
similar example in the k-th position. The choice of k varies among the di erent experiments, contingent
upon factors like as the length of the prompt and restrictions in computer resources. This information may
be found in Table 4.4.

Captioner Model Captioner Strategy k
GiT-L / BLIP-L / VIT-GPT2 greedy 5
GiT-L beam 2

BLIP-L beam 1

ViT-GPT2 beam 2

Table 4.4: k Value Selection



Chapter 5

Experiments

In this section, we will present the results of various experiments we conducted, in order to investigate
the VWSD task from several di erent perspectives, following the [31] and [32]. Firstly, some preliminary
information will be presented about the computational resources, hyperparameters and metrics to be utilized
and then we present the evaluation results for our 6 di erent approaches. In addition to the quantitative
results, we will present insights for a more intuitive understanding of our approaches.

Contents

5.1 Preliminaries . . . . . . . . e 44
5.1.1 Computational RESOUICES . . . . . . . . . i e e e e 44
5.1.2 Hyperparameters . . . . . . . .. e e e e 45
5.1.3 MetriCS . . . . . e e 45

5.2 Results . . . . . 47
5.2.1 LLMs for phrase enhancement . . . . . . . . . . .. ... ... 47
5.2.2 Image Captioning for textretrieval . . . . . . . .. .. ... .. ... ... 57
5.2.3 Wikipedia & Wikidata image retrieval . . . . . . .. ... ... ... .. ... 65
5224 Learnto Rank . . . . . . .. 65
5.2.5 Question Answering for VWSD and CoT prompting . . . . . . ... ... ... .. 68

43



5.1 Preliminaries

5.1.1 Computational Resources

In Tab. 5.1 we analyze the resources used throughout our experiments, as well as the time needed for inference
on the entire test set of 463 samples. Regarding captioners, we demonstrate the time needed for one batch

of 1000 images. As for LTR training time refers to the train split exclusively (12869 samples).

Model \ Hardware \ Time (hours)
VL Transformers for retrieval
CLIP GPU - NVIDIA Tesla K40 12GB 00:10 h
CLIP-L GPU - NVIDIA Tesla K40 12GB 00:15 h
CLIP Laion GPU - NVIDIA Tesla K40 12GB 00:40 h
ALIGN GPU - NVIDIA Tesla K40 12GB 00:08 h
BLIP GPU - NVIDIA Tesla K40 12GB 00:20 h
BLIP-L GPU - NVIDIA Tesla K40 12GB 00:45 h
LLMs for phrase enhancement
GPT2 XL 1.5B GPU - NVIDIA Tesla K40 12GB 00:30 h
OPT 2.7B GPU - NVIDIA Tesla K40 12GB 01:45 h
OPT 6.7B 2 x GPU T4 14.8GB 02:00 h
BLOOMZ 1.7B GPU - NVIDIA Tesla K40 12GB 00:15 h
BLOOMZ 3B GPU 12.8GB 00:20 h
Galactica 6.7B 2 x GPU T4 14.8GB 02:15 h
LLAMA 7B 2 x GPU T4 14.8GB 01:00 h
Vicuna 7B 2 x GPU T4 14.8GB 01:15 h
Vicuna 13B 2 x GPU T4 14.8GB 02:00 h

Image Captioners

BLIP (batches with 1000 images each)
BLIP-L (batches with 1000 images each)
GIT (batches with 1000 images each)
GIiT-L (batches with 1000 images each)
ViT-GPT2 (batches with 1000 images each)

GPU - NVIDIA Tesla K40 12GB
GPU - NVIDIA Tesla K40 12GB
GPU - NVIDIA Tesla K40 12GB
GPU - NVIDIA Tesla K40 12GB
GPU - NVIDIA Tesla K40 12GB

02:00 h / 1000 images
03:00 h / 1000 images
03:00 h / 1000 images
04:00 h / 1000 images
02:00 h / 1000 images

Sentence Transformers

xIm-r-distilroberta NVIDIA TITAN Xp 12GB < 00:08 h
stsb-roberta-base NVIDIA TITAN Xp 12GB < 00:08 h
stsb-distilroberta-base NVIDIA TITAN Xp 12GB < 00:04 h
stsh-mpnet-base NVIDIA TITAN Xp 12GB < 00:07 h
all-MiniLM-L6 NVIDIA TITAN Xp 12GB < 00:03 h
all-MiniLM-L12 NVIDIA TITAN Xp 12GB < 00:04 h
all-mpnet-base NVIDIA TITAN Xp 12GB < 00:06 h
multi-QA-distilbert NVIDIA TITAN Xp 12GB < 00:06 h
multi-QA-MiniLM-L6 NVIDIA TITAN Xp 12GB < 00:04 h
LTR
LTR training CPU - 16GB RAM 00:20 h
LTR prediction CPU - 16GB RAM <00:01 h

Table 5.1: Resources used for our experiments and time needed



5.1.2 Hyperparameters

In this section we report the hyperparameters used and insights for each model among the di erent ap-
proaches, we followed.

LLMs for phrase enhancement

For each LLM model we tested as enhancer for the given phrases, we use a max of 70 tokens as text output
length, in order to t with the text input length constraint for CLIP VL transformer and its versions. Except
from max_tokens parameter, for GPT-3 ns GPT-3.5 turbo models we further set the parameters shown in

Tab. 5.2 and Tab. 5.3 respectively.

Parameter Value
temperature 0.0
top_p 1.0
frequency_penalty 0.0
presence_penalty 0.6

Table 5.2: GPT-3 Hyperparameters

Parameter Value
system_message | "You are an intelligent assistant.”

Table 5.3: GPT-3.5 turbo Hyperparameters

Image Captioning for text retrieval

For each captioner we used to extract captions for the candidate images, we use a max of 50 tokens as text
output (caption) length.

Learn to Rank

As learning to rank model we used LGBMRanker from lightgbm library with the hypeparameters shown in
Tab. 5.4.

Hyperparam Value
n_estimators 500
early_stopping_patience 100
learning_rate 0.03
feature_fraction 0.25
max_bin 100
min_child_samples 50
reg_alpha 0.05

Table 5.4: LTR model Hyperparameters

5.1.3 Metrics

The methods to be tested ultimately output ranked list of the the most similar candidate imagesi for a given
phraset. Therefore, the following metrics were be used:

Accuracy
Accuracy is one metric for evaluating classi cation models. It is de ned by the following formula:

number of correct predictions
— (5.1.1)
total number of predictions

accuracy =



Informally, we could say that accuracy is the fraction of predictions our model got right.

In our case, we de ne a prediction as correct, when the ground truth image among the 10 candidate images
of a sample, predicted indeed as the most appropriate image for the corresponding phrase.

Mean Reciprocal Rank (MRR)

Mean Reciprocal Rank (MRR) is a measure to evaluate systems that return a ranked list of answers to
queries.

For a single query, the reciprocal rank is ﬁ where rank is the position of the highest-ranked answer
(1;2;3;:::;;N) for N answers returned in a query. If no correct answer was returned in the query, then the
reciprocal rank is 0.

For multiple queries Q, the Mean Reciprocal Rank is the mean of theQ reciprocal ranks.
1®

MRR = 6i:1 m (512)

In our case, each sample of the dataset corresponds to one single qu&y with rank be equal to the position
in which the ground truth image was predicted in the ranked list of the most similar candidate images.



5.2 Results

5.2.1 LLMs for phrase enhancement

Quantitative results. In Tab. 5.5 and Tab. 5.6 we present results regarding LLM-based phrase enhance-
ment involving all VL retrieval models with and without penalty p(i) respectively. Baselines refers to VL
retrieval with non-enhanced phrasest.

Table 5.5: Results for zero-shot LLM-based enhancement with penaltyp(i). Colored instances denote
overall best results per metric, whilebold numbers indicate best results for each LLM.

CLIP CLIP-L CLIP Laion ALIGN BLIP ¢ BLIP-L ¢ BLIP ¢ BLIP-L ¢
acc. MRR | acc. MRR | acc. MRR acc. MRR | acc. MRR | acc. MRR | acc. MRR | acc. MRR
Baseline 63.28 76.27 62.85 76.24 71.06 81.50 | 68.90 80.00 60.91 74.33 64.58 77.51 60.48 73.87 69.76 80.42
exact 53.88 69.51 56.32 71.12 57.45 72.53 | 53.35 69.57 47.52 63.67 47.95 64.49 41.90 59.79 50.54 66.96
what_is 61.22 74.89 61.44 75.83 64.58 77.61 | 63.93 76.33 57.02 70.42 57.67 71.78 51.62 67.78 61.34 74.42
> meaning_of 60.82 75.00 65.58 77.55| 65.23 78.04 | 64.15 76.65 58.75 72.64 59.18 73.27 52.92 68.27 63.07 75.96
'cﬁ describe 57.58 72.3§ 60.82 74.82 65.01 77.17 | 58.10 72.67 54.43 68.78 53.78 69.38 47.73 65.08 57.24 71.80
% write_description | 58.90 72.87 62.42 75.63 63.28 77.11 | 60.26 74.37 50.76 67.19 54.21 69.57 48.60 65.12 60.04 73.43
to_describe 59.74 73.8§ 62.34 75.55 63.50 76.40 | 59.40 73.46 52.92 67.80 53.35 68.8G 48.16 64.47 55.94 70.67
could_describe 57.08 71.87 59.26 73.23 65.01 76.87 | 58.10 72.49 52.05 68.22 55.08 70.18 46.87 64.44 57.02 72.03
exact 61.44 7450 64.92 77.42 66.52 78.50 | 65.87 77.60 64.58 76.28 65.66 77.13 59.18 72.7Q 67.39 78.67
g what_is 63.71 76.41 66.74 78.92 69.98 80.67 | 65.44 77.65 63.28 75.95 65.23 77.6§ 58.32 72.06 66.52 78.30
8 | meaning_of 62.63 76.3§ 65.01 78.17 69.33 80.69 | 66.74 78.27 63.50 76.44 65.44 78.29 58.53 72.50 68.25 79.74
%‘l describe 64.72 77.21 64.07 77.47 69.98 81.40 68.90 80.28 61.34 75.61 64.36 77.45 58.53 72.41 66.74 78.81
8 write_description | 62.61 76.00 65.93 78.071 68.90 80.13 | 68.68 79.7Q 60.04 73.52 64.58 77.13 57.02 71.19 67.17 78.66
@ | to_describe 63.20 76.36 66.45 78.20 69.11 80.13 | 70.41 80.7Q 64.15 76.77 66.95 78.66 57.88 72.20 68.25 79.81
could_describe 64.86 77.13 63.99 77.10 66.95 79.11 | 69.33 79.96 62.42 75.65 65.87 78.17 58.10 72.47 68.47 79.89
exact 62.85 76.00 62.85 75.93 71.06 81.46 68.68 79.89 61.12 74.46 64.58 77.41 60.26 73.73 69.76 80.36
what_is 60.98 74.85 66.30 78.10 66.95 78.99 | 63.28 75.95 60.91 74.43 66.31 77.8§ 57.24 71.15 67.70 78.58
@ | meaning_of 62.15 75.60 65.25 77.45 69.11 80.56 | 65.66 77.54 61.99 75.35 63.93 76.88 58.32 71.65 65.44 77.69
'<_\.' describe 61.05 74.75 66.08 78.14 68.03 79.89 | 64.79 77.62 61.77 74.73 66.31 77.57 57.67 71.48 68.03 79.03
% write_description | 56.44 71.82 63.37 76.52 68.03 80.34 | 65.44 77.6§ 61.99 74.65 62.42 75.29 54.64 69.49 64.79 76.70
to_describe 62.53 76.07 65.17 78.02 68.03 79.77 | 64.15 76.92 63.07 75.22 61.99 74.91 57.02 70.74 65.44 77.33
could_describe 59.83 73.7Q 56.99 72.31 67.39 79.06 | 68.68 80.41 65.23 77.44 66.09 77.44 57.45 71.88§ 68.25 79.57
exact 61.26 74.59 62.99 76.18§ 67.82 79.31 | 66.52 78.3§ 60.48 73.13 63.28 76.00 57.02 71.23 65.66 77.49
what_is 64.36 76.82 68.25 79.82 71.92 81.78 67.39 78.72 61.34 74.94 66.95 78.47 59.61 73.35 68.47 79.58
% meaning_of 65.58 77.96 67.32 78.76 70.63 81.47 | 68.47 79.14 63.71 76.52 66.31 78.55 59.40 73.60 68.03 79.26
E describe 62.01 75.3§ 65.28 78.04 70.84 81.11 | 66.09 78.6Q 62.85 75.65 67.39 78.71 57.24 71.72 67.82 79.20
8 write_description | 65.73 77.1§ 66.81 79.16 68.90 79.86 | 68.68 80.07 62.85 76.23 64.36 77.61 58.53 72.21 67.39 79.17
@ to_describe 64.79 77.49 68.03 79.21 68.68 79.94 | 70.19 80.66 65.23 77.45 66.31 78.16 60.69 73.92 68.68 79.81
could_describe 65.23 77.40 65.66 78.09 69.33 80.80 | 69.11 79.87 65.23 77.3§ 67.17 78.75 61.34 73.87 69.33 80.18
exact 62.63 75.84 62.20 75.54 70.63 81.15 | 67.82 79.24 60.91 74.23 64.79 77.58 59.83 73.40 69.11 79.94
what_is 61.79 75.70 64.63 77.68 68.03 79.41 | 64.79 77.23 61.77 75.01 63.07 76.1§ 57.88 71.79 65.87 77.77
@ | meaning_of 62.17 75.84 63.61 77.19 69.55 80.79 | 66.74 78.47 63.28 75.93 65.44 77.43 59.83 72.96 68.03 78.75
'“_? describe 64.43 76.91 65.73 78.24 70.84 81.19 65.23 77.89 61.12 74.67 63.93 77.07 56.16 71.30 66.09 78.38
% write_description | 60.38 74.46 60.61 75.19 69.76 80.90 | 64.58 77.04 57.02 71.13 61.34 74.24 53.13 68.91 64.58 76.70
to_describe 63.98 76.77 61.14 75.49 66.31 78.74 | 68.03 78.95 61.77 74.73 60.26 74.3§ 55.51 70.23 65.87 77.70
could_describe 58.59 73.21 61.45 74.60 66.31 78.27 | 65.44 77.7§ 63.07 75.34 64.36 76.09 58.32 71.86 65.23 77.28
exact 49.66 66.59 56.24 71.44 55.72 71.25 | 52.48 68.45 43.21 60.82 50.32 66.95 41.90 59.68 54.00 70.23
m | What_is 60.13 74.4Q 62.78 76.11 65.66 77.73 | 62.63 75.50 57.88 72.62 61.12 74.59 53.56 68.73 64.79 76.81
g- meaning_of 60.09 74.69 62.20 74.80 68.68 80.24 60.32 75.04 61.56 74.57 61.34 74.99 52.27 68.02 61.99 75.49
‘S describe 59.61 74.04 60.48 75.13 63.93 77.78 | 62.20 75.80 55.51 70.74 56.59 71.25 52.92 68.13 58.96 73.49
g write_description | 58.54 73.10 60.75 74.93 65.01 77.73 | 57.88 72.64 55.72 70.27 56.16 70.83 49.24 64.97 60.91 74.25
T(B to_describe 57.78 73.32 59.75 74.52 63.28 76.21 | 56.16 71.45 55.29 70.42 55.72 70.92 51.19 66.89 60.26 74.05



could_describe 62.45 75.98 63.97 76.63 67.60 79.44 | 58.10 72.89 55.51 70.00 56.59 71.38 49.24 66.15 60.48 74.29
exact 55.08 70.70 57.45 72.23 62.20 76.04 | 60.48 74.10 52.92 68.76 54.00 69.51 48.81 65.54 58.10 72.33
what_is 64.92 77.26 67.10 78.93 68.90 79.07 | 66.55 80.48 68.03 68.03 66.95 78.48 58.75 73.29 70.84 80.84
2 | meaning_of 61.76 76.12 62.90 76.53 67.82 80.11 | 65.66 78.49 60.26 74.40 62.42 75.71 54.00 69.84 65.87 78.19
§ describe 64.21 76.8Q 66.81 79.04 72.14 82.02 | 69.76 80.34 64.79 76.58 66.09 77.99 58.53 72.44 69.11 80.15
< | write_description | 62.28 76.0Q 63.84 76.779 71.27 81.62 | 69.76 80.59 67.17 77.86§ 65.87 77.8Q 59.40 73.34 68.47 79.55
= | to_describe 65.54 77.80 66.32 79.24 68.68 79.93 | 60.91 74.71 61.34 74.32 61.77 74.77 54.00 69.65 63.07 75.97
could_describe 60.34 74.16 65.02 76.30 64.15 76.40 | 61.56 74.3§ 54.00 68.67 57.45 71.65 52.27 67.00 61.34 74.50
exact 58.10 72.46 59.18 73.63 61.99 74.95 | 64.58 77.20 55.94 70.9§ 59.83 73.52 53.56 69.18§ 62.20 75.68
what_is 66.02 77.82 69.05 80.16 68.25 79.76 | 69.76 80.49 66.74 78.00 69.33 80.00 61.34 74.61 70.84 81.00
2 | meaning_of 65.14 77.85 67.76 79.49 69.76 80.25 | 70.41 81.13 65.87 77.84 66.31 78.43 62.20 74.73 68.03 79.40
é describe 65.44 78.01 68.47 79.97 70.41 81.18 | 72.79 82.26 68.25 79.09 70.41 80.85 62.20 75.09 73.43 82.45
8 write_description | 63.83 76.61 67.32 79.40 68.47 80.24 | 72.14 81.17 65.23 77.3§ 67.39 79.0§ 58.53 73.03 70.63 80.73
> | to_describe 64.47 77.04 68.20 79.61 67.82 79.40 | 69.98 81.07 63.93 76.32 64.15 76.84 57.88 72.27 68.03 79.26
could_describe 65.44 77.44 65.23 77.83 68.25 79.69 | 72.14 82.1§ 63.93 76.32 65.01 76.84 57.67 72.27 68.90 79.26
exact 60.61 74.49 62.12 75.6Q0 64.15 77.10 | 67.60 79.48 60.69 73.98 65.01 77.46 54.86 69.91 66.74 78.74
what_is 65.44 77.63 69.98 80.58 70.84 81.05 | 72.14 81.69 67.82 79.0) 69.11 79.87 59.18 73.48 73.43 82.91
§ meaning_of 65.43 78.25 68.26 79.83 70.63 81.03 | 70.63 81.33 67.82 78.70 69.76 80.66 61.99 75.08 71.71 81.80
<Z'( describe 64.36 77.01] 63.28 76.85 66.74 78.64 | 69.98 80.70 61.12 74.73 66.95 78.57 56.16 71.10 67.17 79.11
8 write_description | 65.35 77.71 66.45 78.70 70.41 81.60 | 71.71 82.0) 66.31 77.95 67.39 78.74 61.34 74.70 69.98 80.87
S | to_describe 65.86 78.12 69.58 80.49 70.19 80.88 | 71.27 81.32 63.71 76.04 65.01 77.12 58.32 72.17 68.68 79.42
could_describe 63.08 76.1Q 63.30 76.87 68.03 79.26 | 66.74 78.98 63.28 75.26 63.93 76.57 55.94 69.90 66.74 78.28
exact 58.86 72.09 60.18 72.73 64.36 75.38 | 62.42 74.43 57.02 70.78 59.18 72.32 52.92 67.40 63.07 74.65
3 what_is 66.52 78.81 69.35 80.51 70.63 81.46 | 70.41 81.42 67.60 78.56 68.47 79.67 60.91 74.30 71.71 82.02
£ | meaning_of 67.76 79.76 69.06 80.55 73.65 82.71 | 70.41 81.38 66.52 78.59 66.52 79.1§ 58.53 73.31 69.98 81.46
© | describe 67.32 78.95 69.28 80.31 73.22 8250 | 73.22 82.73 69.33 79.90 70.41 80.80 59.83 73.65 70.63 81.29
exact 61.98 74.90 64.07 76.58 68.03 78.41 | 66.52 78.37 60.48 73.99 64.15 76.58 59.61 72.91 65.23 77.06
°|_? what_is 67.92 79.27 70.73 81.57 72.35 8219 | 71.71 82.27 68.25 78.93 68.90 79.91 60.48 74.24 69.11 80.25
% meaning_of 68.07 80.08 69.84 81.56 73.65 83.52 | 74.95 84.09| 66.74 78.37 71.71 81.55 62.63 75.55 72.35 82.28
describe 68.25 79.4Q 68.72 80.26 70.63 81.05 | 72.57 8252 64.58 76.79 68.25 79.3§ 61.34 74.03 69.33 80.47
Table 5.6: Results for zero-shot LLM-based enhancement without penaltyp(i). Colored instances denote
overall best results per metric, whilebold numbers indicate best results for each LLM.
CLIP CLIP-L CLIP raion ALIGN BLIP ¢ BLIP-L ¢ BLIP ¢ BLIP-L ¢
acc. MRR | acc. MRR | acc. MRR acc. MRR | accc MRR | acc. MRR | acc. MRR | acc. MRR
Baseline 59.18 72.94 60.69 74.42 67.82 79.50 | 65.66 77.48 57.24 60.91 61.34 64.58 57.67 60.48 65.01 69.76
exact 49.45 66.24 53.66 69.09 54.64 70.54 | 51.19 67.22 44.28 61.19 45,57 62.6Q 35.85 55.50 47.52 64.43
what_is 58.61 72.59 58.61 73.62 63.28 76.56 | 60.91 74.25 54.21 68.22 53.56 69.03 46.00 64.08 55.94 70.71
52 meaning_of 58.44 72.97 62.55 75.60 64.58 77.08 | 61.56 72.54 55.08 70.24 54.64 70.7§ 50.32 66.74 57.02 72.54
<'_\'| describe 54.76 70.24 56.49 72.14 62.20 75.37 | 55.94 70.55 50.97 66.20 50.11 66.62 44.71 62.21 55.51 70.07
% write_description | 54.51 69.99 59.34 73.54 62.20 75.99 | 57.45 71.77 47.52 64.79 48.16 65.10 45.36 62.79 56.16 70.50
to_describe 54.11 70.00 59.52 73.81 61.77 74.84 | 57.02 71.67 50.32 65.60 49.89 66.08 42.33 60.39 53.56 68.46
could_describe 51.85 68.28 55.77 70.84 62.42 74.97 | 54.64 69.73 48.81 65.20 51.19 66.97 42.76 61.44 53.13 68.74
exact 58.82 72.23 61.66 75.05 63.71 76.53 | 63.28 75.56 59.18 72.99 62.85 74.99 56.37 70.60 63.50 76.20
- what_is 62.42 75.30 65.01 77.33 67.60 79.04 | 63.07 75.58 59.40 73.50 62.85 76.0Q 56.16 70.54 65.23 77.26
8 | meaning_of 58.75 73.78 64.15 77.03 66.52 78.70 | 64.36 76.44 60.48 74.34 61.99 76.13 56.16 70.61 65.01 77.89
gl describe 60.82 74.68 62.99 76.05 67.60 79.54 | 66.52 78.51 59.83 74.59 62.63 76.47 53.56 69.84 63.71 77.06
8 write_description | 59.29 73.49 64.82 77.08§ 67.82 78.85 | 66.31 77.8§ 57.67 71.6) 61.34 74.7§ 52.48 68.47 64.36 76.72
o | to_describe 59.96 73.99 63.64 76.37 67.82 78.96 | 68.03 78.94| 61.56 74.87 64.79 77.09 55.94 70.84 66.31 78.34
could_describe 60.74 74.63 60.52 74.64 66.95 78.72 | 67.17 78.20 60.69 74.14 63.50 76.46 55.72 70.94 66.31 78.54




exact 58.96 72.771 60.26 74.13 67.82 79.47 | 65.66 77.48 57.45 72.19 61.12 75.77 57.24 71.68 65.01 77.90
what_is 58.31 7291 62.75 75.47 65.44 77.60 | 61.12 73.94 59.83 73.13 61.12 74.54 53.35 68.71] 63.50 76.22
@ | meaning_of 58.19 72.97 62.99 75.79 67.60 79.28 | 64.58 76.48 59.18 73.38 60.26 74.70 54.86 69.43 62.42 75.86
;\_.‘ describe 590.08 72.95 63.89 76.31 65.87 78.09 | 62.20 75.80 59.83 73.28 62.20 75.17 54.43 69.8G 63.28 76.28
% write_description | 54.95 70.44 59.16 73.87 66.31 78.85 | 63.50 76.13 56.80 71.49 59.83 73.35 50.76 66.97 63.07 75.67
to_describe 61.21 74/61 62.27 75.92 65.01 77.78 | 60.69 74.45 58.75 72.1§ 58.75 72.69 53.56 68.09 61.56 75.02
could_describe 56.77 71.43 54.37 69.93 66.74 78.42 | 66.74 78.48 61.56 75.25 62.42 75.56 54.43 69.98 65.01 77.61
exact 56.93 71.53 59.52 73.7§ 64.15 76.98 | 63.93 76.15 58.10 71.77 59.61 74.06 54.86 69.66 61.12 74.99
what_is 62.20 75.39 65.66 77.88 69.11 80.03 | 62.85 75.51) 61.34 74.35 65.01 77.32 57.24 71.85 68.03 79.12
'c'? meaning_of 61.69 75.51 64.94 77.17 68.25 79.73 | 66.31 77.62 61.77 74.92 62.42 76.27 57.02 71.79 65.23 77.21
S | describe 60.04 73.83 62.88 76.11 68.68 79.47 | 63.50 76.35 60.48 73.87 62.85 76.06 54.86 70.4§ 65.66 77.64
8 write_description | 62.26 74.85 63.56 77.03 67.39 78.64 | 65.87 77.75 60.91 74.43 62.42 75.68 55.51 70.35 65.01 77.40
@ to_describe 61.34 74.87 64.15 76.57 65.66 77.92 | 66.95 78.53 62.20 75.50 63.28 76.23 56.80 71.73 65.23 77.70
could_describe 61.56 74.96 61.77 75.50 68.03 79.62 | 66.95 78.10 62.85 75.85 65.23 77.25 57.24 71.49 67.82 79.06
exact 58.75 72.63 59.61 73.8§ 67.60 79.33 | 64.15 76.57 57.24 71.9§ 61.12 75.83 56.80 71.4Q 64.79 77.66
what_is 60.48 74.1Q 62.45 75.89 66.95 78.61 | 61.77 75.18 57.88 72.27 61.77 74.89 52.92 68.83 61.99 75.23
@ | meaning_of 59.28 73.77 62.17 76.04 68.03 79.61 | 63.71 76.31 52.92 74.37 61.99 75.47 55.94 70.67 65.01 77.27
'“_? describe 60.74 74.28 63.12 76.19 69.55 79.99 | 63.28 76.26 59.40 73.03 58.96 73.86 52.92 69.18§ 62.63 76.13
% write_description | 56.60 71.61 57.31 72.84 67.39 79.14 | 62.85 75.52 55.08 69.45 58.32 71.93 49.68 66.35 60.48 74.51
to_describe 60.90 74.51 58.29 73.3Q 65.87 78.12 | 65.87 77.33 60.26 73.65 57.24 72.50 54.21 69.13 60.69 74.78
could_describe 55.29 70.73 59.25 72.95 65.44 77.56 | 62.20 75.18 60.04 73.27 59.83 73.50 52.70 68.52 60.26 74.46
exact 45.35 63.57 53.97 69.58 54.21 69.84 | 49.89 66.30 38.66 57.14 47.08 64.40 38.01 56.83 50.76 67.94
o | what_is 56.61 71.74 59.91 73.82 64.79 76.92 | 60.91 74.12 55.72 70.32 58.75 72.82 52.27 67.77 61.77 74.84
& | meaning_of 56.69 72.21 56.24 72.63 65.44 78.46 | 58.96 72.64 55.72 70.79 56.37 71.65 50.11 66.57 58.32 72.90
§ | describe 56.80 71.45 58.53 73.31 61.56 75.76 | 59.61 73.85 53.56 69.03 51.40 67.91 50.97 66.30 54.43 70.60
.§ write_description | 55.65 71.09 57.21 72.4Q 62.85 76.12 | 54.64 70.47 50.11 66.71 51.62 67.61 43.84 61.69 57.88 72.33
g to_describe 54.32 70.73 56.30 72.15 60.69 74.35 | 52.05 68.27 51.40 67.87 50.97 67.77 46.87 63.77 54.21 70.28
could_describe 60.26 74.07M 62.23 75.20 65.23 77.64 | 54.86 69.99 54.21 68.60 54.21 69.24 45.57 63.44 58.32 72.09
exact 53.13 68.9§ 56.16 70.7§ 60.91 74.66 | 56.80 71.06 52.05 67.33 50.54 66.81 47.86 64.17 54.86 69.66
what_is 63.18 75.98 64.71 77.31 67.60 79.19 | 66.31 78.23 64.36 76.30 64.36 77.0Q 56.37 71.90 68.47 79.43
2 | meaning_of 57.24 72.84 60.41 74.79 62.85 76.63 | 66.09 78.60 58.75 72.7Q0 58.53 73.12 52.70 68.03 62.42 76.07
§ describe 61.39 74.97 63.77 76.99 70.41 81.20 | 66.74 78.84 64.15 76.25 63.50 76.4Q 58.10 72.58 68.25 79.36
< | write_description | 58.71 73.22 61.61 74.97 70.19 80.72 | 66.09 78.63 64.15 76.09 62.20 75.74 56.16 71.1§ 67.17 78.73
= | to_describe 60.62 74.8§ 63.99 77.57 66.52 78.42 | 58.96 73.13 59.18 72.83 58.32 72.59 51.62 67.4§ 59.83 74.11
could_describe 57.39 72.11 61.58 74.135 63.28 75.49 | 59.61 72.67 52.02 66.83 52.92 68.56 49.03 64.34 58.32 72.55
exact 54.86 70.07 57.45 71.92 61.99 75.30 | 58.96 72.68 52.70 68.00 56.16 71.2§ 50.32 66.75 60.04 74.04
what_is 64.94 76.7Q 65.58 77.93 68.47 79.28 | 64.58 77.37 64.79 76.50 66.52 78.11 57.88 72.77 67.17 78.98
2 | meaning_of 61.66 75.77 65.80 78.11 69.11 80.13 | 68.25 79.18 63.28 75.79 63.07 75.96 59.18 72.8§ 64.36 77.09
é describe 63.07 76.1§ 65.87 77.91 71.06 81.17 | 68.25 79.74 66.09 77.78 68.90 79.63 60.69 73.97 70.19 80.69
3 | write_description | 61.22 74.95 66.01 78.02 68.90 80.11 | 66.74 78.81 63.28 76.12 63.71 76.43 55.29 70.78 69.11 79.45
> | to_describe 62.06 75.24 65.79 77.99 67.60 79.55 | 65.44 77.85 62.85 75.44 62.63 75.72 54.86 70.73 63.28 76.48
could_describe 62.20 75.4Q 63.07 76.10 71.06 81.24 | 65.66 77.89 60.69 73.94 61.56 74.99 57.24 71.41 65.87 77.58
exact 56.93 71.67 58.44 73.1Q0 65.23 77.73 | 61.56 74.91 58.60 71.48 60.69 74.43 51.19 66.95 63.28 76.68
what_is 62.85 75.51 66.74 78.55 70.63 80.71 | 68.68 79.42 65.44 77.22 68.47 79.14 58.96 73.22 68.90 80.27
§ meaning_of 63.70 76.64 65.87 78.38 68.90 80.18 | 67.60 78.99 65.66 77.67 66.31 78.31 58.96 73.19 68.03 79.64
<Zi: describe 60.48 75.75 60.69 74.88 67.82 79.14 | 6458 77.12 57.67 72.47 62.20 75.7§5 52.27 68.72 63.50 76.66
3 write_description | 62.72 75.84 64.47 77.04 69.55 80.57 | 68.03 79.55 64.15 76.37 65.23 77.1§ 57.02 72.32 66.31 78.85
S | to_describe 63.89 76.59 66.74 78.50 68.25 79.41 | 68.68 79.50 61.99 74.95 62.63 75.4Q 56.59 71.33 65.23 77.50
could_describe 60.66 74.35 61.32 75.06 64.58 77.33 | 65.01 76.99 59.40 72.74 61.77 74.81 53.78 69.1 65.44 76.81
exact 56.89 69.85 57.11 70.3§ 62.20 73.38 | 60.48 72.15 54.43 68.33 56.80 70.42 51.50 65.6§ 58.32 71.11
3 what_is 65.00 77.11 65.87 78.11 69.55 80.51 | 67.82 79.52 64.15 75.91 65.87 77.7§ 58.10 72.32 68.03 79.36
£ | meaning_of 65.14 77.6) 67.10 79.07 72.57 82.05 | 68.47 79.87 63.93 77.05 65.66 78.33 63.93 72.23 68.25 80.17
© | describe 65.80 77.26 66.67 78.42 72.57 81.78 | 70.84 81.16 65.44 77.57 69.11 80.2Q 58.96 72.66 67.60 79.47




GPT-3

exact 590.88 73.38 61.68 74.91 66.74 77.22 | 64.79 76.27 58.96 71.92 60.48 74.02 55.72 70.34 62.42
what_is 66.51 77.67 68.15 79.3§ 71.06 81.12 | 69.55 80.22 63.28 75.56 65.01 77.4Q0 56.59 71.54 67.82
meaning_of 66.52 78.32 68.96 80.26 73.00 82.89 | 72.57 82.29 65.87 77.5 69.55 80.26 60.26 74.26 70.41
describe 67.30 78.5Q 68.25 79.81 69.55 80.15 | 71.27 81.21 63.93 75.8] 66.31 77.74 58.96 72.62 67.17

75.04
79.03
81.09
78.93

It is evident that the utilisation of LLM-based enhancement consistently improves both baseline accuracy
and MRR scores, when appropriate prompting is employed, regardless of the incorporation of VL penalty
p(i). In terms of prompt selection, it is noteworthy that there is a notable heterogeneity in the e ectiveness of
prompts in enhancing results. Di erent prompts exhibit varying degrees of success or failure across di erent
models. This observation conrms that prompts lack transferability, meaning that a prompt that yields
satisfactory results when used with a certain model may not yield equally satisfactory results when used with
a di erent model. Upon closer examination, it appears that the "exact" prompt be rather weak towards
triggering the necessary knowledge to further drive VL retrieval, as in several cases metrics corresponding to
phrases enhanced using the "exact" prompt exhibit lower performance compared to the baseline. In contrast,
"meaning_of" demonstrates the higher level of robustness and e ectiveness among the prompts attempted,
leading to signi cant improvements in performance relative to the baselines in the majority of cases.

One intriguing nding is that performance of Vicuna-7B/13B is comparable to that of GPT-3/3.5 models,
despite being orders of magnitude smaller. This is a promising result indicating that LLM-based phrase
enrichment may be performed successfully with more lightweight LLMs that do not adhere to a limited pricing
plan, which would hinder large-scale experimentation. However, in the majority of cases where lower-billion
scale LLMs are used for knowledge enhancement, retrieval results are unable to compete with knowledge-
free baselines, indicating a signi cant relationship between scale and knowledge-enhancement capabilities.
Speci cally, GPT2-XL (1.5B), OPT-2.7B/6.7B, and Galactica-6.7B enhancements result in marginally lower
scores than non-enhanced baselines in the majority of cases, regardless of the inclusion of the penalty factor
in the VL retrieval module. The smaller language models BLOOMZ-1.7B/3B and LLAMA-7B exhibit some
advances over their respective baselines, even in the absence of a penalty, but the results are still inferior to
those of larger language models.

As for the penalty factor, its utilisation appears to improve retrieval performance in the majority of exper-
iments, both in knowledge-free baseline and knowledge-enhancement cases, especially when combined with
CLIP-like models.

Finally, according to the various VL transformer models employed, CLIP s on  Showcase the greatest results
in the vast majority of cases, followed by ALIGN, CLIP, and CLIP-L. The various variants of BLIP produce
mediocre results, with their best results obtained when combined with Vicuna-7B/13B and the penaltyp(i).
Overall, the optimal results are achieved by combining GPT-3 phrase enrichment withCLIP |a0n  (With
penalty p(i)) as the VL retrieval module.

Qualitative results. We showcase some LLM-enhancement examples on given phrases, accompanied by
the label prediction ranking (the leftmost label is the top-1 choice of the VL model).

In Fig. 5.2.1 candidates corresponding to the phrase "greeting card" are presented, with candidate C being the
correct ground truth answer. The baseline predicted label ranking from CLIP is: ['G','C" ,'D', 'E','J", 'B', 'I',

'F', 'H', 'AT; therefore, the golden label is ranked second. Then, we construct the enhancements for "greeting
card" using GPT-3 and Vicuna-7B, which are presented in Tab. 5.7 and Tab. 5.8 respectively, accompanied
by their label predictions using CLIP. According to Tables 5.7, 5.8, enhancements can be advantageous
("like describe" prompt enhancement by GPT-3 and "meaning_of" prompt enhancement by Vicuna-7B),

or detrimental (like "meaning_of" prompt enhancement by GPT-3 or "describe" prompt enhancement of
Vicuna-7B) in terms of prediction. However, by qualitatively evaluating those enhancements, we view them
as highly sensible and informative, excluding the "exact" phrase enhancement which is truncated either using
GPT-3 or Vicuna-7B.

In Fig. 5.2.2, the ambiguous phrase "suede chamois" illustrates another instance of LLM-enhancement. The
baseline CLIP label prediction is ['A’, ,'C,'E', "I, 'BY, 'F', 'J', 'H', 'DY], ranking the golden candidate
image G in the second position; the baseline CLIPyon label is [G', 'F', 'B', 'I', 'C', 'J', 'E', 'D, ‘A", 'HT,
ranking the golden image in the rst position; and nally the baseline ALIGN label is [ ,'C,'E', 'F, T,



A B C (Gold image) D E

F G H | J

Figure 5.2.1: Candidate images for the phrase "greeting card".

Prompt Enhanced phrase

name
greeting card Dear [Name],| hope this card nds you in good health and spirits. | wanted to take a

exact . .
moment to let you know how much | appreciate you and all that you do. You are an amazing person
and | am so lucky to have you in my life.Thank you for always being there for me, for your kind
words and support, and for the countless
CLIP predictions: ['G', ,'BY'E HL T, T DY F AT

what is What is gr_eeting card? A greeting card is a card with a message of celebratic_m, congratu_lations, or

- other sentiment, typically sent to someone on a special occasion such as a birthday, anniversary, or

holiday. Greeting cards often feature artwork, photographs, or illustrations, and are usually printed
on high-quality paper stock.
CLIP predictions: ['G', 'D', 'B', 'J', 'E', 'H', FL T A

describe Descri_be greeting card. A greeting_card is a small, dec_orated card t_hat is sent to someone to express
a sentiment or to celebrate a special occasion. Greeting cards typically feature artwork, a message,
and sometimes a small gift such as a token or trinket. They are often sent on holidays, birthdays,
anniversaries, and other special occasions.
CLIP predictions: [ ,'G, 'D, 'B','F, 'E, I', 'H, 'J, 'Al

. What is the meaning of greeting card? A greeting card is a card sent to someone to express congrat-

meaning_of ulations, best wishes, or other sentiments. It typically includes a message of celebration or goodwill,
and may also include an image or design.
CLIP predictions: ['G', 'B', 'D', 'H', 'E', 'J', 1 F A

Table 5.7: Enhanced phrases for "greeting card" using GPT-3.

'H', 'B', 'I', 'A', 'D'], ranking again the golden image in the rst place. Table 5.9 contains the results following
GPT-3 enhancement. We observe that enhancements are highly relevant to the meaning of the ambiguous
phrase, and that the consistency of the enriched phrase provided by various prompts is satisfactory. When
CLIP is used as the VL retriever between the enhanced phrasé. and the candidate imagesi, however,
the retrieval results for various prompts vary. This is not the anticipated behaviour of the VL retriever,
as semantically similar phrases should produce similar (or ideally identical) rankings. Therefore, we verify
the need for retrieval explanations and conclude that the robustness of VL models -at least for the task
of multimodal retrieval- should be of paramount signi cance, when designing and deploying such models.
However, this behavior appears to be more limited in CLIR o on  and ALIGN, which comprehend the term

of "suede chamois" in the rst place.

A third example is presented in Fig. 5.2.3 regarding the ambiguous phrase "retard maneuver". The baseline
label predictions for BLIP¢, BLIP ¢c-L, BLIP ¢, BLIP ¢-L and CLIP | aon  are:

BLIPc: [, 'B, D, 'E, ‘A, 'F, G HY.

BLIP-L¢: [I', 'E', 'D', 'H', 'G', 'B', IR AT,



Prompt Enhanced phrase
name
greeting card 1greeting card 2greeting card 3greeting card 4greeting card 5greeting card 6greeting
exact card 7greeting card 8greeting card 9greeting card 10greeting card
CLIP predictions: ['G', 'J, 'H', 'D', 'I', 'B', 'E', 'F', , ‘Al
. What is greeting card? A greeting card is a piece of card stock or paper that is designed for writing
what_is a message or greeting on. They are often decorated with images, photographs, or illustrations, and
may contain envelopes for mailing. Greeting cards are a popular way to express feelings of love,
friendship, and appreciation.
CLIP predictions: ['G', 'H', ,'D, B I T E AT
describe Describe greeting car_d. Greeting c_ard is a small piece of _cardboard or paper that is used _to convey
a message of goodwill or celebration to someone. Greeting cards are often decorated with colorful
images, patterns, and text, and may contain a message of congratulations, sympathy, or condolence.
CLIP predictions: ['G', 'B', 'H', 'J', 'D', 'E', 'I', ,'FL AT
. What is the meaning of greeting card? A greeting card is a card sent to someone as a means of
meaning_of wishing them a happy occasion or event, or simply to express good wishes or gratitude. The card
may be handwritten or printed, and often includes a message or verse inside.
CLIP predictions: [ 'C', 'G', 'F', "I, 'D', 'B', 'E', 'H', 'J', ‘A1
Table 5.8: Enhanced phrases for "greeting card" using Vicuna-7B.
A B C D E
F G (Gold image) H | J
Figure 5.2.2: Candidate images for the phrase "suede chamois".
BLIP¢: ['I', 'D, 'G', 'J, 'B', 'H, AL EL R,
BLIP-Lg: ['I', 'E', 'D', 'J, 'G", 'B', 'A, ,'F''HY;

CLIP Laion - [C','HY I, 'BY 'EY FL T A DY G

with BLIP-like VL transformers ranking the golden image C either in seventh or eighth position, and
CLIP Laion  in the rst position. Results after GPT-3, GPT-3.5 or BLOOMZ-1b7 enhancement are pre-
sented in Tab. 5.10, Tab. 5.11 and Tab. 5.12 respectively. We observe that CLIRjon Seems to know
the meaning of the phrase "retard maneuver”, while the BLIP-like models probably haven't "met" it before.
However, we observe that even for CLIRAon , Which "knows" the term "retard maneuver”, a misleading

or irrelevant enhancement such as GPT-3.5 enhancements, can deviate it from its original prediction. Also,
we can observe, and this could be a more generic observation derived from our experiments, that BLIP-like
models are struggling more to retrieve the golden image among the candidates, in case that they are ignorant
of the ambiguous phrase in the rst place, even if the LLM used achieves to produce an informative enrich-
ment for the given phrase. Finally, we notice that smaller LLMs, such as BLOOMZ-1b7, could be promising,
as long as a deliberate prompt is used, as they are appeared to include the knowledge needed, at least for a
subset of the dataset's samples, yet with its extraction be more intricate.



Prompt

Enhanced phrase

name
suede chamois Suede chamois is a type of leather that is made from the hide of a sheep. It is known
exact for its soft, velvety texture and is often used to make clothing, shoes, and other accessories. It is also
used in upholstery and automotive detailing.
CLIP predictions: ['A, ,'CL 1L 'EL L Y B DY HY
CLIP Laion  predictions: ['G', 'F', 'I', 'B', 'C', 'J', 'E', ‘A", 'D', 'H
ALIGN predictions: [ ,'ELCL LT CHL R, DY B A
. What is suede chamois? Suede chamois is a type of leather that has been treated to give it a soft,
what_is velvety texture. It is often used for making clothing, shoes, and other accessories. It is also used for
cleaning and polishing surfaces, such as cars and furniture.
CLIP predictions: ['C/, AL 'ESFL Y 'BY DY 'HY
CLIP Laion  predictions: ['G', 'F','I', 'C', 'J', 'B', 'E', 'D', 'A’, 'H
ALIGN predictions: [ ,'CL L EL T CHY, DY B F A
describe Descripe suede chamois. _Chamois is_ a type of so_ft, suede leather that is made fro_m the_ hide of a
chamois, a type of mountain goat. It is known for its softness and absorbency, making it ideal for
use as a cleaning cloth or for polishing leather goods. It is also used to make clothing, such as gloves
and hats.
CLIP predictions: ['F', 'A', ,'EL'CL T CHY B DY
CLIP Laion  predictions: ['G','F, 'I', 'C', ‘A", 'J', 'E', 'B', 'H', 'D]
ALIGN predictions: [ ,'F,'C,'E', 'H', 'J', 'A", 'D', 'I', 'B
meaning_of What is the meaning of suede chamois? Suede chamois is a type of leather that has been bu ed to

create a soft, velvety texture. It is often used to make clothing, shoes, and other accessories.

CLIP predictions: [ AL CL T R EY B 'Y HY DY

CLIP Laion  predictions: ['G', 'F, 'B', 'I', 'C', 'E', 'J', 'A", 'D', 'H

ALIGN predictions: [ 'G', 'E','J, 'C,'F, I, 'B', 'H', 'D', 'A]

Table 5.9: Enhanced phrases for "suede chamois" using GPT-3.
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Figure 5.2.3: Candidate images for the phrase "retard maneuver".



Prompt Enhanced phrase
name
retard maneuver A retard maneuver is a type of driving technique used to slow down a vehicle. It
exact involves pressing the brakes rmly and then releasing them quickly, repeating this process several
times in order to reduce speed gradually. This technique is often used when approaching a stop sign
or tra c light, or when slowing down for a turn.
BLIP ¢ predictions: ['J, ,'ELFL T G DY A B 'HY
BLIP-L ¢ predictions: ['E', ,'GL LT R CHY, DY B A
BLIP ¢ predictions: ['C', I, 'J, 'B', 'G', ‘A", 'D', 'E', 'H', 'F]
BLIP-L ¢ predictions: ['C', 'E', 'G", 'J",'I','F', 'D', 'B', 'H', 'A’]
CLIP Laion  predictions: ['C', 'E', 'J, 'F', 'H', ‘A", 'B', 'I', 'G', 'D']
. What is retard maneuver? Retard maneuver is a term used to describe a maneuver that is performed
what_is too slowly or with too much caution. It is often used in aviation to refer to a pilots failure to take
timely action when responding to an emergency situation.
BLIP ¢ predictions: ['A', 'J', 'E', 'I', 'F', 'D', ,'G', 'B', 'HT]
BLIP-L ¢ predictions: ['E', 'I', 'J', 'F', 'A’, 'G', 'D’, , ‘B, 'HY
BLIP ¢ predictions: ['A', 'J', 'I', 'E', 'G', ,'D', 'B', 'F', 'H]
BLIP-L ¢ predictions: ['E', ‘A, 'I', 'J', 'F', 'G/, ,'D', 'B', 'H
CLIP Laion  predictions: ['A', 'E', 'J', 'I', 'F', ,'G', 'B', 'D', 'H
describe Descr_ibe retard maneuver. A retard_maneuver is a type of c_;lriving technique used to sIov_v down
a vehicle in a controlled manner. It involves gradually releasing the accelerator and applying the
brakes in a smooth, progressive manner. This technique is often used when approaching a stop sign
or tra c light, or when slowing down for a turn. It is also used to reduce speed on slippery roads or
when visibility is poor.
BLIP ¢ predictions: ['J, ,'EL T, DAY B ‘G FY HY
BLIP-L ¢ predictions: ['E', G H R B DY A
BLIP ¢ predictions: ['C', I, 'J, 'B', 'G', ‘A", 'D', 'E', 'H', 'F]
BLIP-L ¢ predictions: ['C','E', 'I', 'G', 'J', 'D', 'B', 'F', 'H', 'A]
CLIP taion  predictions: ['C', 'E', 'J, 'F, 'I', 'H', ‘A", 'B', 'G', 'D']
. What is the meaning of retard maneuver? Retard maneuver is a term used in aviation to describe a
meaning_of

maneuver that reduces the speed of an aircraft. It is typically used when an aircraft needs to slow
down quickly, such as when approaching an airport or during an emergency situation.

BLIP ¢ predictions: ['J', 'F', 'E', ‘A", 'I', 'D', 'G', 'B', , 'HT
BLIP-L ¢ predictions: ['E', 'J', ‘A", 'F, 'I', 'G', 'B", 'D', , 'H1
BLIP ¢ predictions: ['A’, ' G B DY R H
BLIP-L ¢ predictions: ['E', ‘A", 'J', 'F, 'I', 'G', ,'D', 'B', 'H1
CLIP Laion  predictions: ['A', 'E', 'J', 'F', 'I', ,'B', 'H', 'G', 'D

Table 5.10: Enhanced phrases for "retard maneuver" using GPT-3.



Prompt Enhanced phrase
name
exact retar_d maneuver I' m sorry, I_don't understand what you mean by retard maneuver. Can you please
provide more context or clarify your request?
BLIP ¢ predictions: ['H', 'E', 'J', 'I', 'G', 'D', 'B/, A F
BLIP-L ¢ predictions: [H', 'E', 'F, 'J", 'I', 'D', 'G', 'A', 'B' ]
BLIP ¢ predictions: [H','l', 'D', 'J', 'B', 'G', A E F
BLIP-L ¢ predictions: ['I', 'H', 'E', 'J, ,'G', 'D', 'B', 'F', 'A1
CLIP Laion  predictions: ['I', 'E', ,'B', 'H', 'D', ‘A", 'G', 'J', 'F]
. What is retard maneuver?Im sorry, but retard maneuver is not a recognized term in the elds
what_is of transportation, aviation or engineering. Can you please provide more context so | can better
understand the term you are referring to?
BLIP ¢ predictions: ['J', 'F', 'E', 'G', 'I', 'A', 'D’, , 'B', 'H
BLIP-L ¢ predictions: ['E', 'J', 'F, 'G', 'I', 'A'", 'H', 'D', , 'B]
BLIP ¢ predictions: ['A', 'J', 'G', 'I', ,'D', 'E', 'B', 'H', 'F]
BLIP-L ¢ predictions: ['E', 'G', ‘A", 'J", 'F', 'I', ,'H', 'B', 'D']
CLIP Laion  predictions: ['AY, 'E', 'I', 'J', 'F', 'B', 'H', 'D', eyl
describe Describe r_etard maneuver.l 'm sorry, but | cannot comply with your request. The ter_m retard
maneuver is not a commonly used or acceptable term, and | cannot provide an appropriate answer
without more context or information. Its important to use respectful and appropriate language in
all circumstances. Please provide me with more information or a di erent inquiry.
BLIP ¢ predictions: ['J', 'F', 'H', 'I', 'E', 'B', 'G', , 'D', 'AT
BLIP-L ¢ predictions: ['H', 'F', 'I', 'E', 'J', 'G', 'D', 'B', 'A, ]
BLIP ¢ predictions: ['D’, 3 CAL HY, B G FY CET
BLIP-L ¢ predictions: ['I', 'E', 'H', 'J', 'F', 'D", 'G/, ,'A', 'B
CLIP (aion  predictions: ['1', 'E', 'J', 'D', ,'B', 'H, AL G 'F
. What is the meaning of retard maneuver? | 'm sorry, but retard maneuver is not a commonly used
meaning_of

term and its not clear what you 're referring to. Can you please provide more context or details
about where you encountered this term?

BLIP ¢ predictions: ['B', 'J', 'I', ,'HL B AL G R DY
BLIP-L ¢ predictions: ['H', 'I', 'J', 'E', 'D', 'F', 'G', 'B, ‘A
BLIP ¢ predictions: ['I', 'D’, ,'H, B AL YT G EY F
BLIP-L ¢ predictions: ['I', 'H', 'E", 'J, ,'D,'F, "G, 'B', ‘A1
CLIP Laion  predictions: ['I', 'E', 'D', 'B', 'H', AL G F

Table 5.11: Enhanced phrases for "retard maneuver" using GPT-3.5 turbo.



Prompt name Enhanced phrase

exact retard maneuver retard maneuver is a technique used to slow down the speed of a vehicle

BLIP ¢ predictions: [T, 'J, ,'E' 'R, AL G B DY HY

BLIP-L ¢ predictions: [, 'J, 'E', ,'F,'G', 'H', 'D', 'A', 'B]

BLIP ¢ predictions: [C", I, J','G', 'A", 'B', 'E', 'D', 'H', 'F

BLIP-L ¢ predictions: ['I', 'J', ,'E','F', 'G', 'H', 'D', 'A', 'B1]

CLIP Laion  predictions: ['C', ', 'E', 'J', 'F, 'A’, 'H', 'B', 'D’, 'G']

What is retard maneuver? a maneuver in which a ship is forced to slow down

what_is BLIP ¢ predictions: [F, J, ‘G, T, E, D, B H, A

BLIP-L ¢ predictions: [F', 'G', 'l', 'E', 'J', 'D', 'H', ‘A, , ‘BT

BLIP ¢ predictions: ['G', 'I', 'J', 'E', ‘A", 'D', 'H', 'B’, , 'F1

BLIP-L ¢ predictions: ['F', 'G', 'J', 'E', 'I', 'D', ‘A, , 'B', 'HT

CLIP taion  predictions: ['F', 'E', ‘A, 'I', 'H', 'J', 'G', 'B', 'D’, ]

Describe retard maneuver. describe the hand that is being used to perform the retard manoeuvre.

describe BLIP ¢ predictions: [J, T, 'E,, F, H, B, D, G, Al

BLIP-L ¢ predictions: [, 'H', 'E', 'F', 'J', 'G', 'D', ‘A, , ‘BT

BLIP ¢ predictions: [I', 'E', J, 'H', 'F, 'G, D', 'A’, ‘B, ]

BLIP-L ¢ predictions: [I', 'E', 'H', J, 'F, 'G', D', ‘B, ‘Al

CLIP Laion  predictions: ['I', 'E', 'F', 'H', 'J', 'B', 'A", 'D', 'G', ]

What is the meaning of retard maneuver? slow motion

meaning_of BLIP ¢ predictions: ['I', 'E', , 3, 'D HYL G R B A

BLIP-L ¢ predictions: [I', 'E', 'H', 'F', 'J, ,'G', 'D', 'B', 'A1]

BLIP ¢ predictions: ['I', 'D', 'B', 'E’, ,HL L AL G F

BLIP-L ¢ predictions: ['I', 'E', 'J', 'H', 'F', ,'D', 'G', 'B', 'AT

CLIP Laion  predictions: ['I', 'E', ,'HY L3 B DY A G

To describe retard maneuver | would say that it is a very di cult manoeuvre to perform.

to_describe

BLIP ¢ predictions: [J', 'G', 'E', 'H", 'I', 'F', 'B', ‘A", 'D’, ]
BLIP-L ¢ predictions: [H', 'I', 'G', 'F', 'J', 'E', 'D', 'B', , A
BLIP ¢ predictions: ['I', 'H', 'D', 'J', 'F', 'G', 'E', 'B', 'A’, ]
BLIP-L ¢ predictions: ['E', 'l', 'H', 'G', 'J', 'F', 'D', 'B', A1
CLIP taion  predictions: ['I', 'E', 'H', 'F', ,'B,'G', 'J, ‘A", 'D]
could describe | could desc!rib.e retard maneuver as a maneuver that is used to slow down a vehicle.
- BLIP ¢ predictions: ['J','l', 'F', 'E', ,'G', 'A', 'D', 'H', 'B]
BLIP-L ¢ predictions: ['E','l', 'J', 'F', 'G/, , 'H', 'D', 'B', 'A]
BLIP ¢ predictions: ['C','J,'I', 'G', 'A', 'D', 'B', 'E', 'H', 'F]
BLIP-L ¢ predictions: ['E', 'J, I, ,'F','G', 'D', 'H', 'A', 'B]

CLIP Laion  predictions: ['C', 'I', 'E', 'J', 'F', ‘A", 'H', 'D', 'B', 'G']

Write a description of retard maneuver. retard maneuver is a special manoeuvre in which the aircraft

write_description is forced to slow down to a low speed and then to slow down again.

BLIP ¢ predictions: ['A', I, '3, 'H', 'E', 'F', 'B', 'D', ,'G1
BLIP-L ¢ predictions: ['H', 'E', 'I', 'F', 'J', 'A", 'G', 'D’, , 'B]
BLIP ¢ predictions: ['A",'I', ,'J,'E, D, ‘B, 'G', 'H', 'F]
BLIP-L ¢ predictions: ['E', ‘A, 'I', 'F', 'G', 'H', 'J', ,'D', 'B1
CLIP Laion  predictions: ['A’, 13 EL R, B HY G DY

Table 5.12: Enhanced phrases for "retard maneuver" using BLOOMZ-1B?7.



5.2.2

In this section we present results on text retrieval between extracted image captiong; and given phrases

t, which are achieved using cosine similarity, euclidean or manhattan distance as similarity measures. In
Tab. 5.13 and Tab. 5.14 we present results with textual representations via VL models and purely linguistic
semantic similarity models respectively. The No-LLM row refers to the case that no phrase enhancement is
performed, while the rest of the cases correspond to prompts designed as per Tab. 4.2 towards enhanced
phraseste. In all results presented, GPT-3 is selected as the LLM to be prompted, as it demonstrated
superior knowledge-enhancement performance.

Image Captioning for text retrieval

Table 5.13: Results on phrase-caption retrieval (with and without GPT-3 enhancement) for di erent VL
models. Colored instances denote overall best results per metric, whildold numbers indicate best results

for each VL model.

BLIP BLIP-L GiT GiT-L ViT-GPT2
acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR
Cosine Similarity - Greedy
No-LLM 12.74 3261 | 1425 3363 | 15.77 3453 | 18.36 37.02 | 13.17 32.46
exact 9.94 29.68 | 12.31 31.65 | 9.72 29.53 | 11.88 30.59 | 10.37 29.51
what_is 9.94 29.65 | 13.39 3284 | 1145 3042 | 1210 31.26 | 10.37 29.29
describe 99.4 29.37 | 11.88 31.13 | 9.72 29.16 | 11.66 30.83 | 10.58 29.70
meaning_of 9.94 29.84 | 1253 31.71| 9.29 28.94 | 11.02 30.78 | 10.80 29.60
Cosine Similarity - Beam
No-LLM 13.82 33.36 | 13.82 34.21| 13.82 34.21| 17.71 36.70 | 13.82 33.54
exact 10.58 30.63 | 10.80 29.69 | 10.58 30.11 | 9.94 30.45 | 13.61 32.21
what_is 12.10 31.96 | 9.94 30.10 | 11.66 31.25 | 10.15 30.49 | 13.17 32.35
describe 11.45 31.00 | 10.58 29.65 | 9.94 29.87 | 10.80 30.76 | 11.45 30.96
meaning_of 1145 31.69 | 11.02 30.46 | 11.02 30.80 | 10.80 30.74 | 13.82 33.31
Euclidean Distance - Greedy
No-LLM 13.17 32.80 | 1469 33.79 | 1555 34.67 | 17.71 36.56 | 13.61 32.51
exact 9.94 2958 | 12.31 31.77 | 9.29 29.33 | 1253 30.96 | 10.58 29.56
what_is 10.15 29.72 | 13.17 32.68 | 9.29 29.33 | 12.10 31.22 | 10.15 28.93
describe 10.15 29.42 | 11.88 31.19 | 10.15 29.32 | 10.58 30.03 | 10.15 29.41
o | meaning_of 9.72 29.68 | 12.31 31.56 | 9.72 29.14 | 11.23 30.89 | 10.37 29.23
o Euclidean Distance - Beam
No-LLM 1447 33.60 | 1490 34.73| 17.71 36.18 | 17.71 36.58 | 13.61 33.67
exact 10.37 30.47 | 11.02 29.85| 10.80 30.12 | 9.94 30.19 | 1296 31.85
what_is 12.10 31.78 | 9.94 29.89 | 11.02 31.05| 10.58 30.76 | 12.53 31.76
describe 10.58 30.43 | 10.80 29.82 | 10.15 29.97 | 10.58 30.61 | 11.45 31.00
meaning_of 11.23 3140 | 11.02 30.52 | 10.37 30.48 | 10.37 30.53 | 14.25 33.33
Manhattan Distance -Greedy
No-LLM 13.61 32.89 | 1490 34.00 | 1555 34.67 | 18.57 36.70 | 14.47 33.37
exact 10.80 30.16 | 12.31 31.88 | 9.94 29.31 | 11.88 30.58 | 11.02 29.46
what_is 1058 29.79 | 13.17 32.38 | 11.02 30.07 | 11.23 30.70 | 10.15 29.05
describe 9.94 29.26 | 12.31 31.22 | 10.58 29.67 | 11.66 30.51 | 10.58 29.89
meaning_of 10.58 30.02 | 12.96 32.07 | 9.29 28.91 | 9.94 30.14 | 10.37 29.60
Manhattan Distance -Beam
No-LLM 14.04 33.24 | 15.77 35.19| 16.63 35.70| 17.71 36.52 | 14.47 33.91
exact 10.80 30.57 | 10.37 29.76 | 10.37 30.04 | 10.15 30.46 | 12.74 31.75
what_is 13.39 32.60 | 10.15 30.31 | 12.74 32.00 | 10.37 30.47 | 11.66 31.02
describe 1145 31.15| 11.02 30.22 | 11.23 30.41 | 10.58 30.61 | 12.31 31.40
meaning_of 10.37 30.96 | 10.37 30.10 | 9.72 30.16 | 10.80 30.74 | 13.17 33.08




Cosine Similarity - Greedy

No-LLM 33.26 50.76 | 28.73 46.64 | 28.94 47.13 | 30.02 47.96 | 22.03 41.47
exact 37.72 5534 | 38.02 54.82| 36.83 53.74 | 35.33 53.07 | 22.75 41.77
what_is 37.24 5591 | 37.24 5450 | 38.41 55.03 | 38.17 55.40 | 26.00 45.19
describe 39.34 5790 | 45.02 60.39 | 44.08 59.27 | 41.23 57.73 | 23.70 44.66
meaning_of 38.14 56.35| 3437 5259 | 35.25 53.03 | 39.02 5548 | 27.05 45.52
Cosine Similarity - Beam
No-LLM 31.97 49.96 | 39.09 55.97 | 32.40 50.72 | 30.89 48.48 | 24.41 43.72
exact 4222 5873 | 4431 6192 | 4042 56.99 | 40.72 55.99 | 27.54 46.58
what_is 4145 5842 | 46.14 6239 | 4192 57.88 | 38.17 55.33 | 29.51 48.63
describe 40.76 58.20 | 50.24 66.27 | 46.45 62.07 | 41.71 58.13 | 28.91 4852
meaning_of 39.02 56.91 | 4479 6157 | 4279 5842 | 38.14 54.77 | 28.38 47.60
Euclidean Distance - Greedy
No-LLM 35.85 53.63 | 3240 50.51 | 32.83 51.61 | 33.69 5145 | 24.62 43.99
exact 4341 61.63 | 4431 60.05| 4281 59.67 | 43.11 60.31 | 24.85 44.71
what_is 4426 62.13 | 4450 60.57 | 43.79 60.37 | 44.26 61.15 | 30.44 49.44
describe 48.34 64.95 | 47.39 62.68 | 47.87 63.17 | 49.76 64.50 | 31.28 49.01
o | meaning_of 4457 62.38 | 43.02 59.86 | 40.80 58.94 | 4457 61.05 | 29.05 48.32
o Euclidean Distance - Beam
No-LLM 36.93 54.85| 43.20 60.12 | 37.58 55.30 | 38.88 55.42 | 26.78 46.21
exact 46.11 62.86 | 52.10 67.77 | 4491 61.12 | 4820 63.25 | 34.13 52.55
what_is 47.78 63.67 | 55.04 69.60 | 48.95 64.45 | 46.60 62.91 | 33.96 53.31
describe 42.65 61.87 | 58.29 72.28 | 53,55 67.52 | 51.66 67.28 | 33.65 52.93
meaning_of 4590 62.72 | 52.11 67.36 | 4856 64.52 | 4590 62.39 | 31.49 51.66
Manhattan Distance - Greedy
No-LLM 36.50 56.58 | 41.25 58.18 | 36.93 55.57 | 39.09 56.98 | 26.78 46.51
exact 4521 63.28 | 47.60 63.26 | 43.41 60.58 | 45,51 62.14 | 25.75 46.00
what_is 4496 63.88 | 46.60 63.48 | 48.01 63.91 | 4824 64.68 | 34.43 5281
describe 47.87 65.46 | 4882 64.84 | 4834 6490 | 53.08 67.90 | 28.44 49.29
meaning_of 46.78 64.70 | 46.56 63.47 | 4435 62.07 | 48.34 64.99 | 33.48 52.48
Manhattan Distance - Beam
No-LLM 41.04 58.45 | 4471 61.70 | 41.68 59.16 | 43.84 60.14 | 29.59 49.30
exact 4790 64.16 | 50.60 67.08 | 48.20 63.93 | 49.10 64.70 | 32.63 52.13
what_is 49.18 65.23 | 55.04 70.18 | 51.05 66.74 | 49.18 65.81 | 36.77 55.08
describe 46.92 6450 | 57.35 71.63 | 54.03 68.52 | 54.98 69.84 | 35.55 55.07
meaning_of 46.56 64.01 | 5255 6857 | 49.00 65.45 | 50.55 66.27 | 37.47 55.65
Cosine Similarity - Greedy
No-LLM 3261 51.28 | 31.97 49.48 | 30.67 48.63 | 31.10 49.30 | 21.60 41.51
exact 35.33 5338 | 36.83 5449 | 3593 53.18 | 34.13 52.73 | 21.26 41.54
what_is 36.53 5541 | 3841 5533 | 37.00 5444 | 37.24 5540 | 27.87 46.90
describe 3791 5586 | 38.86 57.39| 39.81 56.24 | 40.76 57.42 | 24.17 43.76
meaning_of 38.14 56.00 | 36.81 54.32 | 36.36 53.56 | 36.14 54.69 | 23.50 43.77
Cosine Similarity - Beam
No-LLM 35.64 5269 | 37.80 55.75| 3456 52.87 | 3542 52.64 | 22.46 42.89
exact 43.11 58.87 | 42.22 59.53 | 36.83 54.83 | 38.92 55.96 | 28.14 46.67
what_is 41.22 57.77 | 44.03 61.02 | 39.34 56.80 | 37.70 55.53 | 30.21 48.46
describe 40.28 57.13 | 47.39 6494 | 43.60 59.62 | 40.76 5852 | 30.81 49.36
meaning_of 4124 5785 | 4279 60.02 | 37.25 5544 | 37.25 54.78 | 28.16 47.18
Euclidean Distance - Greedy
No-LLM 3477 5444 | 3477 5291 | 36.93 54.65| 38.66 5550 | 26.13 45.12
_, | exact 41.02 58.78 | 39.52 57.62 | 40.12 57.93 | 42.81 60.52 | 2455 44.64
&' what_is 41.22 59.58 | 43.33 60.61 | 43.09 60.53 | 46.37 62.60 | 28.10 47.74
O | describe 44.08 60.67 | 44.08 61.51 | 4597 61.35| 47.39 62.69 | 23.22 43.89
meaning_of 42.79 60.64 | 41.02 58.67 | 4390 60.39 | 45.23 61.72 | 27.49 46.85




Euclidean Distance - Beam

No-LLM 40.82 57.62 | 4471 6220 | 41.68 59.01 | 42.98 59.30 | 24.41 45.48
exact 46.11 62.19 | 4760 6491 | 4251 60.55 | 46.11 62.52 | 30.24 49.24
what_is 45.43 62.62 | 50.82 67.65| 47.78 63.89 | 46.14 63.59 | 35.36  53.48
describe 4550 61.20 | 53.08 68.81 | 4455 62.72 | 50.24 65.66 | 33.65 51.69
meaning_of 46.78 63.40 | 51.22 67.59 | 4545 62.89 | 45.23 62.13 | 31.26 50.65
Manhattan Distance - Greedy
No-LLM 38.01 57.95| 4190 60.49| 39.96 57.78 | 45.36 62.24 | 28.94 48.00
exact 44.61 62.07 | 4521 6240 | 43.11 60.71 | 46.11 63.33 | 28.74 47.68
what_is 43.09 61.97 | 47.31 6483 | 4473 62.32 | 50.59 66.57 | 31.62 50.46
describe 45.97 63.01 | 48.34 65.36 | 46.45 63.40 | 49.29 65.05 | 27.49 48.35
meaning_of 4501 6342 | 4745 64.70 | 4501 63.42| 50.33 67.02 | 31.49 50.19
Manhattan Distance - Beam
No-LLM 42.12 60.12 | 4752 6543 | 43.11 61.85| 4536 62.95| 27.65 48.12
exact 48.80 64.89 | 51.20 67.12 | 43.11 61.85| 49.70 65.13 | 32.04 50.97
what_is 49.41 65.88 | 54.10 70.17 | 49.18 65.85 | 51.05 67.35| 35.83 54.31
describe 46.45 6357 | 5450 70.82 | 48.82 65.37 | 52.61 68.64 | 36.02 54.45
meaning_of 47.89 65.37 | 5255 69.29 | 4590 64.44 | 51.22 67.35| 32.82 52.16
Cosine Similarity - Greedy
No-LLM 38.23 57.22 | 4298 60.11 | 38.66 56.00 | 41.90 58.54 | 30.89 49.73
exact 38.88 56.52 | 39.52 56.95| 36.93 54.64 | 36.93 55.26 | 31.53 50.12
what_is 40.60 58.60 | 41.68 58.88 | 40.39 57.43 | 39.52 57.82 | 32.61 51.42
describe 41.04 58.93 | 41.47 58.62| 3650 55.68 | 41.25 58.65 | 31.75 50.64
meaning_of 43.84 60.65| 43.63 60.33 | 39.31 56.89 | 40.39 58.61 | 33.48 51.82
Cosine Similarity - Beam
No-LLM 43.20 60.78 | 4428 6257 | 4298 59.23 | 4298 60.46 | 32.83 52.22
exact 4255 59.66 | 47.08 62.13 | 38.88 56.07 | 42.33 59.39 | 30.67 50.75
what_is 45.14 61.65| 50.76 65.28 | 43.20 58.91 | 4557 61.86 | 31.75 52.60
describe 4471 61.79 | 49.03 64.66 | 4492 60.24 | 46.22 62.44 | 3240 52.93
meaning_of 47.73 63.08 | 49.03 64.74 | 42.33 58.99 | 46.00 62.09 | 32.83 52.94
Euclidean Distance - Greedy
No-LLM 38.01 57.04| 4255 59.89 | 38.23 55.77 | 41.90 58.53 | 30.67 49.59
exact 38.66 56.37 | 39.31 56.81 | 36.50 54.42 | 36.93 55.26 | 31.32 49.96
what_is 40.60 5854 | 41.68 58.83 | 40.17 57.28 | 39.52 57.81| 3240 51.26
z describe 40.82 58.77 | 41.25 58.47 | 36.07 55.46 | 41.25 58.64 | 31.32 50.41
< | meaning_of 43.63 60.49 | 43.41 60.18 | 38.88 56.67 | 40.39 58.60 | 33.26 51.66
o Euclidean Distance - Beam
8 No-LLM 43.63 61.04 | 4428 6257 | 4255 59.06 | 42.76 60.35 | 32.40 51.94
exact 42.76 59.73 | 46.87 61.98 | 39.09 56.17 | 42.12 59.28 | 30.24 50.53
what_is 4536 61.75 | 50.54 65.18 | 43.41 59.07 | 45.36 61.75 | 31.53 52.45
describe 4492 61.87 | 48.81 6456 | 45.14 60.38 | 46.00 62.33 | 31.97 52.68
meaning_of 48.16 63.26 | 48.81 64.64 | 4255 59.10 | 4579 61.98 | 32.61 52.79
Manhattan Distance - Greedy
No-LLM 40.82 59.47 | 46.22 63.72 | 38.88 57.00 | 43.84 61.74 | 32.18 51.15
exact 40.82 58.17 | 43.20 60.76 | 39.52 56.45| 41.47 59.42 | 33.26 51.29
what_is 42.12 60.14 | 45.79 63.26 | 42.33 59.32 | 45,57 63.02 | 3585 53.45
describe 4255 60.55 | 46.00 63.22 | 39.09 58.00 | 45.36 62.68 | 32.04 52.06
meaning_of 46.65 63.01 | 47.30 64.27 | 39.31 5791 | 46.22 63.41 | 3521 52.77
Manhattan Distance - Beam
No-LLM 46.00 6243 | 47.30 65.14 | 43.20 60.20 | 46.65 63.66 | 32.83 52.24
exact 44.06 60.97 | 47.08 63.31| 4190 58.63 | 46.65 62.78 | 29.37 50.28
what_is 47.30 63.86 | 51.62 67.12 | 44.28 60.67 | 49.24 65.24 | 33.05 53.42
describe 46.00 62.80 | 51.84 67.54 | 45.14 61.11 | 49.24 65,52 | 31.32 5251
meaning_of 47.08 63.66 | 51.62 67.47 | 4557 61.61 | 48.38 65.09 | 33.05 53.44




ALIGN

Cosine Similal

rity - Greedy

No-LLM 31.97 5041 | 3952 55.00| 36.93 5351 | 41.04 57.67 | 19.44 39.23
exact 3499 5189 | 38.66 5451 | 38.44 5442 | 43.41 58.79 | 20.09 39.12
what_is 38.23 55.02 | 41.68 56.75| 41.25 57.19 | 46.44 61.45| 23.54 42.03
describe 36.93 5393 | 40.82 56.19| 41.68 57.33 | 44.28 60.39 | 19.87 39.93
meaning_of 39.74 56.14 | 42.33 57.87 | 43.20 58.92 | 48.60 63.49 | 22.46 41.63
Cosine Similarity - Beam
No-LLM 37.37 54.29 | 46.65 63.21 | 40.39 57.04 | 47.30 6259 | 22.89 42.24
exact 3952 56.05| 52.05 66.33 | 4255 58.69 | 46.44 61.49 | 24.41 42.88
what_is 40.60 57.80 | 56.16 70.00 | 47.52 62.39 | 51.19 65.76 | 25.70 44.48
describe 4190 58.05 | 54.64 69.22 | 48.60 63.34 | 50.11 65.20 | 25.05 43.72
meaning_of 42.33 59.06 | 57.02 70.66 | 50.11 64.65 | 59.92 67.18 | 26.57 45.33
Euclidean Distance - Greedy
No-LLM 38.88 57.17 | 44.28 60.60 | 43.84 61.30 | 44.92 62.67 | 24.84 44.88
exact 43.63 59.57 | 44.06 59.99 | 45.14 60.86 | 51.19 65.38 | 25.70 44.39
what_is 4795 63.85 | 48.60 63.73 | 47.52 63.73 | 52.92 67.55 | 29.59 48.23
describe 4557 62.18 | 47.52 6291 | 46.65 63.80 | 54.21 68.32 | 27.00 46.35
meaning_of 50.32 65.58 | 50.11 65.21 | 52.05 66.61 | 56.59 70.03 | 28.73 46.84
Euclidean Distance - Beam
No-LLM 45.14 61.17 | 50.76 67.62 | 44.92 62.49 | 50.97 66.23 | 28.29 48.11
exact 46.22 62.40 | 54.86 69.37 | 47.08 62.81 | 50.32 65.78 | 27.86 46.95
what_is 49.46 65.40 | 60.69 74.05| 51.84 67.11 | 55,51 70.31 | 31.97 50.23
describe 50.54 65.78 | 59.40 73.46 | 5248 67.97 | 57.67 71.28 | 30.45 49.00
meaning_of 50.11 66.46 | 62.20 75.35| 55.51 69.68 | 58.75 72.23 | 32.61 50.76
Manhattan Distance - Greedy
No-LLM 40.60 59.82 | 48.38 64.71 | 4492 62.19 | 48,60 65.30 | 28.29 48.73
exact 4406 61.16 | 50.32 64.51 | 45.14 61.40 | 50.76 65.63 | 28.29 48.05
what_is 47.73 64.65 | 50.32 66.29 | 47.95 64.32 | 54.64 69.27 | 34.77 53.33
describe 47.08 64.31 | 5140 66.87 | 46.87 63.98 | 54.43 69.11 | 31.97 51.27
meaning_of 50.54 66.93 | 53.78 68.79 | 50.54 66.38 | 57.02 70.92 | 33.48 51.96
Manhattan Distance - Beam
No-LLM 46.65 63.48 | 54.64 69.92 | 45.36 62.87 | 54.00 68.47 | 33.05 52.52
exact 46.87 63.94 | 53.13 68.22 | 46.22 62.88 | 53.35 67.79 | 33.91 52.33
what_is 49.68 66.77 | 61.12 74.14 | 51.40 66.93 | 57.67 71.49 | 37.15 55.86
describe 52.48 67.89 | 59.83 73.42 | 52.27 68.00 | 58.75 72.02 | 33.26 53.84
meaning_of 49.89 67.42 | 62.42 75.67 | 55,51 69.99 | 59.61 73.21 | 36.72 55.98

Table 5.14: Results on phrase-caption retrieval (with GPT-3 enhancement) for di erent linguistic semantic
similarity models. Colored instances denote overall best results per metric, whiléold numbers indicate
best results for each model.

Greedy Beam
BLIP BLIP-L GIiT GiT-L BLIP BLIP-L GIiT GiT-L

acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR

Cosine Similarity
exact 42.33 60.45 45.36 62.44| 41.90 60.32| 48.81 64.70| 44.49 61.72| 50.32 66.43| 43.41 61.55] 51.40 66.71
what_is 4536 62.97| 46.65 64.04| 44.71 62.69| 48.81 65.68| 46.87 64.44| 52.05 68.83| 45.14 63.24| 51.84 67.80
describe 4428 61.86| 45.36 62.46| 47.08 63.44| 51.40 66.74| 46.22 63.13| 53.35 68.53| 44.49 62.37| 53.13 68.34
meaning_of 4579 62.84| 46.65 64.22| 43.20 61.41| 48.81 65.69 47.52 64.63| 53.56 69.30 | 43.41 62.38| 53.35 68.77

§ Euclidean Distance
Q | exact 38.44 56.57| 40.17 57.99| 38.01 56.94| 42.12 59.54| 41.25 58.02| 45.79 62.18 38.01 56.71| 43.41 60.59
% what_is 38.88 57.66| 40.82 59.51| 39.96 58.75| 43.84 61.52| 39.96 58.10| 44.71 63.52| 45.14 63.24| 47.52 63.11
8 | describe 38.88 57.59| 40.39 58.58| 42.76 60.16| 45.36 62.15| 41.47 58.73| 47.73 64.42| 41.68 59.47| 46.22 63.12
% meaning_of 40.39 58.93| 43.20 61.00 43.41 60.53| 44.49 61.90] 40.60 58.69| 46.00 64.20] 41.25 59.50| 47.52 63.61

©



Manhattan Distance

exact 39.52 56.71] 39.09 57.43| 38.66 56.94| 41.04 58.99 39.52 57.34| 46.22 62.29| 37.37 56.04| 44.49 60.81
what_is 40.17 57.96] 41.04 59.18| 41.25 59.24| 42.33 60.21| 39.31 57.56| 47.52 64.63| 40.39 58.35 45.79 62.07
describe 38.44 57.30| 40.39 58.50| 42.12 59.68| 44.92 61.78| 42.12 58.67| 47.52 64.47| 40.82 58.79| 48.38 64.02

meaning_of | 38.23 57.62| 42.98 60.57| 42.33 60.11| 44.49 61.85 43.20 59.84| 45.57 63.57| 40.39 59.05 47.30 63.38

Cosine Similarity

exact 38.44 56.99| 39.52 57.45| 38.44 57.34| 44.06 60.35 43.20 59.87| 44.28 61.67| 40.82 59.02| 45.57 62.37
what_is 39.52 58.96| 41.04 58.45| 40.82 58.92| 43.63 60.90] 43.20 61.06| 47.52 64.94| 41.04 59.60 48.16 64.84
describe 42.12 60.39] 43.63 60.42| 41.25 59.15| 46.00 62.51] 42.76 60.92| 44.49 62.73| 43.20 61.16| 48.38 64.90

meaning_of | 43.20 60.20| 39.96 58.87| 41.25 58.63| 47.08 63.64| 44.49 61.90| 46.87 64.35 42.76 61.12| 49.89 66.17

Euclidean Distance

exact 38.88 56.70| 38.88 56.85| 38.23 56.07| 43.84 60.31] 41.90 59.48 42.33 60.66| 40.82 58.80| 48.81 64.17
what_is 40.17 58.37| 39.31 57.68| 40.17 57.44| 43.20 60.28| 44.92 61.76| 45.57 63.61] 42.55 60.07| 49.46 65.20
describe 40.17 58.84| 42.12 59.33| 40.60 58.07| 46.00 62.48| 43.41 60.89| 45.36 63.38| 44.71 61.94| 50.54 65.82

meaning_of | 40.60 58.74| 40.39 58.68| 40.17 57.91 46.00 62.97| 44.92 61.79] 48.38 65.29| 44.71 62.06| 52.48 67.30

Manhattan Distance

xlm-r-distilroberta-paraphrase

exact 38.66 56.78| 38.88 57.05| 36.93 54.85| 42.33 59.19| 42.55 59.35| 42.98 60.78| 41.04 58.83| 48.16 63.82
what_is 41.68 58.96| 39.09 57.36| 41.68 58.12| 43.20 60.53| 44.92 62.06| 45.36 63.27| 42.12 59.99| 50.11 65.65
describe 39.96 58.52| 42.98 59.69| 41.04 58.48| 45.57 62.19] 43.41 60.34| 46.44 63.53| 44.06 61.57| 48.60 64.99

meaning_of | 41.47 59.13| 41.04 59.03| 39.96 57.64| 44.28 62.26| 44.49 61.76| 47.73 64.63| 45.57 62.30] 53.13 67.83

Cosine Similarity

exact 38.88 57.50| 42.33 60.48| 42.98 60.15| 42.33 60.48| 40.17 58.46| 45.14 62.68| 40.39 59.46| 47.08 63.37
what_is 39.52 58.44| 45.36 62.14| 42.55 59.93| 45.36 62.14| 42.98 60.71) 48.60 65.81| 42.98 61.24| 49.46 65.67
describe 42.98 60.56] 41.25 59.21| 44.92 61.69| 44.28 62.21| 43.84 61.21| 47.95 65.65| 46.65 63.78| 47.95 65.02

meaning_of | 43.41 61.13| 42.12 60.16| 41.25 59.64| 48.16 64.44 44.28 61.64| 47.95 65.36| 43.63 61.84| 51.84 67.71

Euclidean Distance

exact 39.74 57.26| 40.39 58.94| 41.25 58.71| 40.39 58.94| 40.39 57.80 44.28 61.31| 42.55 59.68| 45.36 61.79
what_is 40.82 58.82| 44.06 61.39| 39.96 58.32| 44.06 61.39| 43.84 60.24| 45.79 64.12| 43.63 61.45 47.73 64.26
describe 42.33 59.66| 40.60 57.78| 42.12 59.57| 44.71 62.16| 43.41 60.36| 46.00 64.30| 46.22 63.20| 47.08 64.32

meaning_of | 44.49 60.94| 40.60 58.56| 41.47 59.57| 46.44 63.14| 44.92 61.88 48.81 66.11| 43.20 61.35| 49.46 65.98

stsb-roberta-base

Manhattan Distance

exact 38.88 56.84| 40.39 58.95| 42.33 59.11| 40.39 58.95| 40.17 57.47| 45.36 61.89| 43.20 59.87| 45.36 61.95
what_is 40.60 58.51] 44.06 61.87| 39.74 ©58.31] 44.06 61.87| 42.98 59.92| 44.71 63.28| 44.06 61.24| 47.73 64.56
describe 42.55 60.03] 40.17 57.58| 42.12 59.63| 45.14 62.17| 42.98 60.04| 47.95 65.14| 45.14 62.48| 47.73 64.66

meaning_of | 45.14 61.37| 40.17 58.30| 41.04 59.02| 46.65 63.33| 43.63 61.02| 49.46 66.34| 43.20 61.61] 49.89 66.24

Cosine Similarity

exact 39.96 58.26| 41.04 58.75| 41.25 59.09| 41.04 59.11) 4255 59.58 47.52 63.67| 42.12 60.02| 44.28 61.28
what_is 41.68 58.89| 44.28 61.35 39.74 58.61| 44.28 61.87| 42.98 60.74| 49.24 66.65| 42.55 60.47| 48.81 65.16
describe 41.25 59.51| 42.98 60.87| 40.82 59.80| 46.00 62.66] 43.41 60.91| 49.68 66.13| 44.28 61.74| 49.24 65.37

meaning_of | 42.33 60.62| 43.63 61.56| 42.55 60.41| 47.08 64.00| 44.06 61.07| 50.54 67.20 | 43.84 61.52| 47.73 65.01

Euclidean Distance

exact 35.42 54.31 36.93 55.51] 39.31 57.10| 38.44 57.27| 39.31 56.63| 46.44 62.60| 41.68 58.45 41.90 58.92
what_is 36.50 55.99| 39.96 58.01] 39.96 57.63| 42.55 60.27| 41.04 58.92| 46.87 64.50| 41.68 59.55| 44.92 61.68
describe 37.80 56.48/ 41.90 58.81] 40.39 57.75 43.63 60.84| 42.76 59.41| 48.16 65.08| 42.33 60.31| 46.65 62.98

meaning_of | 38.23 56.99| 39.96 58.48| 39.74 57.38| 42.33 60.51| 40.17 58.76| 50.32 66.23| 43.20 60.47| 45.36 62.77

Manhattan Distance

stsb-distilroberta-base

exact 36.50 54.82| 38.88 56.45| 39.52 57.27| 36.93 56.61| 38.23 56.15 46.00 62.39| 41.47 58.30| 41.68 58.72
what_is 37.58 56.76| 38.88 57.49| 40.39 57.71| 42.33 59.96| 40.17 58.15 46.65 64.31| 41.68 59.28| 44.49 61.41
describe 36.93 56.10] 42.55 59.51] 39.96 57.50| 43.41 60.55| 41.47 58.89 47.73 64.76| 41.90 60.25 47.73 63.33

meaning_of | 37.80 56.97| 41.68 59.40| 40.39 57.80| 43.41 60.67| 39.74 58.31 49.89 66.33| 43.84 60.83| 46.00 63.03




Cosine Similarity
exact 36.93 56.41| 40.82 58.69| 41.04 59.18| 44.49 61.25 40.17 5854 47.30 64.77| 42.76 61.00| 47.08 63.53
what_is 38.66 58.15| 42.98 60.61| 41.47 59.89| 46.00 62.89 44.71 62.03] 48.60 66.10 44.71 62.59| 49.89 65.87
describe 39.96 58.93| 43.41 60.82| 44.28 62.03| 49.03 65.09 43.84 61.62] 49.03 66.54| 46.22 63.31| 51.19 66.79
meaning_of | 40.39 59.12| 45.36 62.04| 42.33 61.27| 49.89 65.87| 44.49 62.22| 50.54 67.74| 48.60 64.82| 50.32 66.89
% Euclidean Distance
2 | exact 36.07 55.57| 40.60 58.48| 41.47 59.35 42.33 60.18| 41.04 58.68 45.14 63.56| 43.20 60.64| 47.08 63.16
95’_ what_is 38.66 55.57| 42.98 61.03| 41.04 60.16| 47.30 63.51| 42.98 61.27| 49.24 66.62| 45.79 62.95 49.24 65.53
£ | describe 40.17 58.93| 42.33 60.28| 43.41 61.43| 48.81 64.90| 44.71 62.23| 47.30 65.41] 46.65 63.85 50.76 66.68
-'(;, meaning_of | 39.52 58.50| 45.36 62.35| 43.84 62.06| 51.62 66.62| 44.92 62.34| 49.68 67.04| 49.03 64.85 50.54 66.77
3 Manhattan Distance
exact 36.50 56.07| 41.04 58.82| 41.25 59.10| 43.63 60.66| 40.60 58.75 46.87 64.34| 43.41 61.26| 46.00 62.31
what_is 40.39 58.92| 42.33 60.80| 42.55 60.90| 45.14 62.40| 43.41 61.05 49.68 66.47| 45.14 62.24| 49.46 65.19
describe 42.12 60.14| 43.41 60.90 44.06 61.67| 49.89 65.66| 43.20 61.66| 47.08 65.61] 47.52 64.19| 50.11 66.02
meaning_of | 41.25 59.56| 43.84 62.06| 44.49 62.28| 50.76 66.00| 44.06 61.86| 50.11 67.09| 47.52 64.08| 50.76 66.71
Cosine Similarity
exact 44.28 61.03| 46.44 62.86| 41.90 60.17| 45.14 62.36] 43.41 61.20| 49.03 65.76| 44.92 62.23| 50.32 65.88
what_is 4557 61.96| 45.79 62.92| 46.22 63.38| 46.22 63.48| 43.63 62.16| 50.32 67.57| 47.08 64.20| 52.05 67.50
describe 4471 62.02| 4492 62.84| 44.06 62.20| 49.68 65.73| 42.98 61.40| 50.32 66.91| 45.14 63.01| 49.68 66.77
meaning_of | 44.71 61.59| 45.79 63.59| 44.71 62.38| 46.00 63.48 43.63 61.66| 49.03 67.05 46.22 63.45 50.97 67.47
© Euclidean Distance
< | exact 43.84 60.78| 46.00 62.65 41.25 59.85| 44.92 62.23| 43.84 61.40| 49.03 65.76] 44.92 62.23| 50.32 65.88
3 what_is 45.14 61.71) 4557 62.77| 45.79 63.13| 46.00 63.39| 44.06 62.34| 50.32 67.57| 47.08 64.20| 52.05 67.50
-'§_ describe 44.06 61.70| 44.71 62.70, 43.41 61.88| 49.46 65.60| 43.20 61.44| 50.32 66.91| 45.14 63.01| 49.68 66.77
(=;5 meaning_of | 44.28 61.33| 45.36 63.37| 44.28 62.12| 45.79 63.35 43.84 61.73] 49.03 67.05 46.22 63.45 50.97 67.47
Manhattan Distance
exact 4255 59.89| 45.36 62.33| 41.04 59.53| 45.14 61.81] 42.98 60.78| 49.24 65.45| 43.41 61.58| 49.24 64.92
what_is 44.49 61.49| 44.71 62.44| 45.79 62.51| 46.22 63.57| 42.55 61.10| 48.60 66.17| 47.52 64.16| 50.76 66.74
describe 43.41 61.08) 44.49 62.29 41.04 59.91| 49.03 65.22| 43.63 61.43| 50.11 66.96] 42.55 61.56| 49.24 66.29
meaning_of | 42.12 60.09| 45.79 63.28| 44.92 62.26| 45.57 63.12| 43.84 61.46| 49.03 66.81| 45.79 63.37| 51.84 67.58
Cosine Similarity
exact 40.82 59.01| 46.00 62.45 42.12 60.31| 44.71 62.09] 41.47 60.39| 49.68 65.70] 43.63 61.19| 48.81 64.84
what_is 40.17 59.46| 44.06 62.41 42.98 61.08| 45.14 62.87| 42.98 61.81| 49.68 67.27| 45.57 62.75| 49.68 66.07
describe 40.60 59.62| 44.49 62.44| 42.76 61.17| 47.52 64.43] 41.68 61.36| 47.08 65.43| 46.00 63.08| 50.32 67.29
meaning_of | 40.39 59.46| 43.41 61.94| 43.63 61.63| 48.16 64.40 4255 61.74| 49.89 67.38| 46.00 63.56| 50.76 66.99
o~ Euclidean Distance
:I: exact 40.17 58.68| 46.00 62.13| 41.47 59.99| 44.49 61.95 41.47 60.39| 49.68 65.70| 43.41 61.09| 48.81 64.84
§ what_is 39.74 59.21| 43.63 62.20| 42.55 60.83| 44.92 62.76| 43.20 61.85 49.68 67.27| 45.57 62.75 49.68 66.07
€ | describe 39.96 59.29| 44.06 62.22| 42.12 60.85 47.08 64.22| 41.90 61.36| 47.08 65.43| 45.79 62.97| 50.32 67.29
E meaning_of | 39.96 59.21| 42.98 61.72| 42.98 61.31| 47.95 64.27| 4255 61.70| 49.89 67.38| 45.79 63.45 50.54 66.88
® Manhattan Distance
exact 39.52 57.99| 46.22 62.19| 40.60 59.30| 42.98 60.83| 41.04 60.16| 48.81 65.19| 42.55 60.67| 48.60 64.91
what_is 40.39 59.02| 43.63 61.88| 41.68 60.14| 46.00 63.36] 42.76 61.36| 48.81 66.42| 44.71 61.97| 49.46 66.10
describe 40.60 59.33| 44.28 61.94| 41.90 60.48| 47.73 64.36| 42.12 61.47| 48.38 66.11| 44.49 62.40| 51.40 67.73
meaning_of | 40.60 59.37| 43.41 62.00] 43.20 61.37| 47.52 64.20| 42.76 61.46| 50.54 67.42| 46.44 63.33| 49.46 66.37
Cosine Similarity
exact 42.76 60.99| 44.49 62.64| 44.49 62.50 46.00 63.23] 42.98 61.69| 49.24 66.16| 46.00 63.37| 51.40 66.81
what_is 43.20 61.85| 45.36 64.19] 47.08 63.94| 49.89 66.25| 43.41 62.81| 52.05 68.78| 47.08 64.63| 50.76 67.57
describe 4298 61.67| 45.36 63.81| 44.06 61.76| 50.76 66.97| 44.28 63.20| 52.27 68.00| 46.00 63.67| 50.97 67.65
meaning_of | 44.92 62.71| 46.87 64.70| 47.30 64.20| 48.81 65.95 44.06 63.15 52.70 69.14| 47.52 64.98| 51.19 68.22
§ Euclidean Distance
2 | exact 42.12 60.66| 44.06 62.43| 43.84 62.18| 45.79 63.09| 43.41 61.85 49.24 66.16] 46.00 63.37| 51.40 66.81
g what_is 42.76 61.60| 44.92 63.98 46.65 63.69| 49.68 66.13| 43.84 62.99| 52.05 68.78| 47.08 64.67| 50.76 67.57
€ | describe 42.33 61.35| 4492 63.59 43.41 61.43| 50.54 66.83| 44.49 63.34| 52.27 68.00| 46.00 63.67| 50.97 67.65
©



meaning_of | 44.49 62.46| 46.44 64.48| 46.87 63.95 48.60 65.83| 44.49 63.36| 52.70 69.14| 47.52 65.01| 51.19 68.22
Manhattan Distance
exact 42,55 60.63 44.71 62.80 42.98 61.06| 46.22 63.00 42.98 61.72| 50.76 66.84| 47.08 63.90| 50.32 66.39
what_is 42,55 61.56| 46.22 64.69 45.79 63.20 49.24 66.13| 43.41 62.80| 54.43 70.45| 46.65 64.33| 50.97 67.57
describe 42.76 61.40 46.00 64.07| 43.63 61.87| 48.60 65.58 44.06 62.54| 52.70 68.71| 45.36 63.52| 52.27 68.36
meaning_of | 43.84 62.12| 49.03 66.06| 45.57 62.82| 48.81 65.87| 44.92 63.55| 54.43 70.37| 48.38 65.30] 50.54 67.68
Cosine Similarity
exact 41.47 59.77| 44.49 61.92| 43.20 60.49 42.98 61.01| 42.98 61.39| 48.38 65.41| 43.63 61.76| 49.68 65.92
what_is 42,55 61.32| 44.06 62.68 49.89 64.65 47.52 64.91| 44.49 63.14| 50.32 67.75 47.52 64.78) 49.89 67.11
describe 42.12 60.85 44.71 62.51| 47.52 63.49 46.44 64.01| 43.63 62.47| 48.81 66.44| 46.00 63.82] 50.11 66.91
o | meaning_of | 42.12 61.17| 44.49 62.79| 46.87 63.21| 46.44 64.48| 43.84 62.90 49.89 67.70 46.87 64.41) 51.40 68.09
8 Euclidean Distance
E exact 41.04 59.52| 44.06 61.71 42.56 60.17| 42.76 60.91| 43.41 61.57| 48.38 65.41] 43.41 61.65) 49.68 65.92
= | whatis 42.12 61.07| 43.84 62.54| 49.46 64.40 47.30 64.82| 4492 63.32| 50.32 67.75 47.30 64.67| 49.89 67.11
S | describe 41.47 60.53| 44.28 62.29| 46.87 63.17| 46.22 63.88 43.84 62.54| 48.81 66.44| 45.79 63.68 50.11 66.91
8— meaning_of | 41.90 60.99| 44.06 62.57| 46.44 62.96| 46.22 64.36| 44.28 63.08/ 49.89 67.70| 46.65 64.31 51.40 68.06
E= Manhattan Distance
€ | exact 40.60 59.86| 43.41 60.81| 42.33 60.13| 42.55 60.73| 42.98 61.53| 49.03 65.71| 42.98 61.51] 49.24 65.35
what_is 41.47 60.90 44.06 62.50 47.52 63.33| 46.22 64.01| 44.71 63.42| 50.11 67.47| 47.73 64.83| 49.46 66.49
describe 41.90 60.71) 42.76 61.00 47.73 63.65 46.65 63.76| 42.55 61.81| 49.24 66.61| 46.87 64.17| 50.11 66.96
meaning_of | 42.55 61.11| 44.71 62.70| 45.79 62.61| 46.65 64.59| 45.57 63.70| 50.97 68.08| 45.57 63.66| 50.76 67.46
Cosine Similarity
exact 39.96 58.60| 42.76 59.65| 40.17 58.66| 42.55 60.19| 41.68 60.27| 47.73 64.53| 40.17 59.23| 46.00 63.19
what_is 40.82 59.76| 42.55 60.37| 41.90 60.63| 44.71 61.93| 43.84 62.01| 49.68 66.91| 39.52 59.68| 48.81 65.37
describe 39.31 58.99| 42.33 59.99| 40.82 59.36| 46.00 62.63| 42.12 61.42| 48.38 65.87| 39.96 59.33| 48.38 65.46
@ | meaning_of | 41.25 60.06] 42.98 60.83 41.68 60.14| 46.00 62.95| 41.90 60.99 49.68 66.74] 42.12 61.20) 49.89 66.72
O‘f Euclidean Distance
- | exact 39.52 58.35| 42.33 59.43| 39.52 58.34| 42.33 60.06| 42.12 60.47| 47.73 64.53| 40.17 59.23| 46.00 63.19
= what_is 40.60 59.59| 42.12 60.16| 41.47 60.38 44.49 61.83| 44.28 62.27| 49.68 66.91| 39.74 59.78| 48.81 65.37
é describe 38.88 58.76| 41.90 59.78| 40.17 59.04| 45.79 62.50| 42.33 61.49| 48.38 65.87| 39.86 59.33| 48.38 65.46
cg_ meaning_of | 40.82 59.83| 42.55 60.62| 41.25 59.88| 45.79 62.83| 42.12 61.13| 49.68 66.74| 42.12 61.20| 49.89 66.72
= Manhattan Distance
2 | exact 39.09 57.37| 40.60 58.07| 40.39 58.64| 41.25 59.06| 42.55 60.68/ 47.52 64.10| 39.96 58.96| 44.06 61.66
what_is 40.82 59.40| 42.76 60.14| 40.82 59.49 43.84 61.65 44.28 62.08 49.24 66.57| 41.90 61.13| 46.87 64.42
describe 38.23 57.35| 42.33 59.58| 39.74 58.84| 45.14 62.05| 41.68 60.51 48.38 65.32| 40.82 59.65| 47.30 64.50
meaning_of | 40.39 59.04| 42.33 60.46| 41.68 60.05| 45.57 62.92| 42.33 61.35/ 48.60 65.93| 42.33 61.26| 49.89 66.55
Cosine Similarity
exact 40.17 59.23 42.98 60.81| 41.04 59.65 43.20 61.06| 44.28 62.51| 52.48 68.68 47.08 64.16
what_is 41.68 60.09 45.79 62.73| 42.12 60.04| 45,57 62.96| 44.28 62.20] 52.05 67.85| 45.79 62.79
describe 42,98 61.24| 48.38 64.40 43.84 61.89 48.81 65.27| 44.71 62.73| 52.48 68.42| 4557 62.96
o | _Mmeaning_of 42,98 61.34| 45.36 62.78 42.55 60.54| 48.60 65.31| 44.28 62.51| 52.48 68.68 47.08 64.16
A Euclidean Distance
ﬁ exact 39.52 58.91| 42.55 60.59| 40.39 59.32| 42.98 60.92| 44.28 61.63| 47.30 64.74| 43.20 60.51
S | what_is 41.04 59.76| 45.36 62.51| 41.47 59.72| 45.36 62.84| 44.49 62.24| 52.05 67.85 4557 62.68
% describe 42.33 60.91| 47.95 64.19 43.41 61.64) 48.60 65.13| 44.92 62.85 52.48 68.42| 4557 62.93
g meaning_of | 42.33 61.01| 44.92 62.57| 41.90 60.21| 48.38 65.18| 44.49 62.61 52.48 68.68| 46.87 64.05
o Manhattan Distance
exact 39.74 59.01| 41.68 60.16| 39.52 58.88| 42.76 60.50| 42.98 60.79] 47.30 64.34| 41.90 59.86
what_is 41.25 59.57| 45.57 62.66| 41.47 59.73| 45.36 63.04| 44.49 62.61) 52.92 68.35 44.71 62.50
describe 42.12 60.87| 47.52 63.63| 42.98 61.17| 49.03 65.37| 44.06 62.14| 52.92 68.66| 46.00 63.14
meaning_of | 44.28 62.02| 45.36 63.02| 42.76 60.73| 47.52 64.92| 44.49 62.61 53.35 69.15| 45.79 63.18




Cosine Similarity

exact 41.04 59.18| 43.63 61.17| 41.04 59.02| 46.22 62.66| 43.84 61.29| 48.60 65.45 43.84 61.15
what_is 41.68 60.46| 47.95 64.09 42.33 59.89| 48.60 64.93| 45.79 63.27| 53.56 69.47| 47.95 64.39
describe 43.63 61.78| 47.52 64.41 40.60 60.01| 52.27 67.40| 45.57 63.22| 52.92 68.61| 48.38 65.26
o meaning_of | 43.41 61.77| 49.24 65.54| 43.84 61.10| 53.13 68.11| 49.24 65.16| 54.00 69.75| 48.16 64.82
=) Euclidean Distance
C—L{.‘: exact 40.39 58.85| 43.20 60.95 40.39 58.69| 46.00 62.52| 43.84 61.26| 48.38 65.34| 43.63 61.05
o | whatis 41.25 60.21) 4752 63.88 41.68 59.57| 48.38 64.80| 45.79 63.27| 53.56 69.47| 47.95 64.39
% describe 4298 61.46| 47.08 64.19 40.17 59.75| 52.05 67.27| 45.79 63.33| 52.92 68.61| 48.38 65.26
E meaning_of | 42.76 61.45 48.81 65.32| 43.20 60.77| 52.92 67.97| 49.46 65.27| 54.00 69.75| 48.16 64.82
n Manhattan Distance
exact 40.60 58.94| 42.76 60.61 40.17 58.41| 46.65 63.08| 43.84 61.44| 48.81 65.22| 44.06 61.32
what_is 41.47 60.24| 4795 63.77| 40.60 59.06| 47.95 64.69| 46.65 63.26| 53.56 69.46| 48.60 64.63
describe 42.33 60.99| 47.30 64.14| 40.82 59.82| 52.27 67.49| 46.22 63.25| 51.84 68.13| 47.08 64.22
meaning_of | 44.71 62.40| 48.30 64.94| 43.20 60.32| 51.84 67.44| 49.46 65.12| 52.92 69.43| 46.87 64.17
Cosine Similarity
exact 43.63 61.04| 44.28 62.07| 43.20 60.76| 47.73 63.86| 45.57 63.09| 48.81 66.32| 45.14 62.63
what_is 4428 62.13| 46.87 63.94| 44.92 62.30| 48.38 64.25| 46.65 63.84| 50.54 68.02| 46.87 64.20
describe 4471 62.29| 46.65 63.74| 46.00 62.76| 50.32 66.19| 45.36 63.33| 53.56 69.66 | 48.16 64.68
meaning_of | 42.76 61.31| 48.38 64.82| 44.92 62.30| 50.11 65.58 46.65 63.84| 50.54 68.02] 46.87 64.20
Euclidean Distance
% exact 4298 60.72| 43.84 61.85 4255 60.44| 47.52 63.72| 45.79 63.16| 48.81 66.32| 45.14 62.63
fr?) what_is 43.84 61.88| 46.44 63.73| 44.28 61.98| 47.95 64.04| 46.87 63.89| 50.32 67.91| 46.65 64.09
; describe 44,06 61.96| 46.22 63.52| 45.36 62.43| 49.89 65.97| 45.36 63.25| 53.56 69.66| 47.95 64.57
© | meaning_of | 42.12 60.98| 47.95 64.60] 43.84 61.62| 49.68 65.37| 45.79 63.88| 50.11 67.84| 47.30 64.17
Manhattan Distance
exact 4471 61.47| 44.28 62.11 42.33 60.17| 47.08 63.21| 45.57 62.99| 49.03 66.35 46.22 63.08
what_is 43.41 61.73| 45.14 62.86| 44.49 62.20| 47.30 63.85| 47.52 64.23| 49.46 67.20| 47.30 64.22
describe 4428 61.99| 46.65 63.36| 45.14 62.44| 49.24 65.32| 47.52 64.42| 52.70 68.95| 46.65 63.60
meaning_of | 44.06 62.08/ 45.57 62.88| 41.90 60.55| 47.52 64.25 46.65 64.27| 51.84 68.64| 47.08 64.17
Cosine Similarity
exact 4298 61.08| 45.79 62.72| 44.92 61.78| 46.22 63.33| 45.57 62.96| 52.70 68.38| 48.16 64.54
what_is 46.00 63.81| 46.22 64.36| 47.30 64.13| 48.81 65.47| 46.87 64.70| 54.21 70.46| 50.54 66.86
describe 46.44 64.25| 47.08 64.53| 46.87 63.76| 52.05 67.74| 47.08 64.85 54.64 70.56| 50.11 66.05
meaning_of | 46.22 63.97| 46.22 64.33| 47.30 63.76| 49.03 65.73| 49.89 66.59 55.08 71.06| 49.68 66.58
Euclidean Distance
qév exact 4255 60.83| 45.36 62.51| 44.28 61.45 46.00 63.19| 45.79 63.00| 52.70 68.38| 47.95 64.44
‘—Lr.‘: what_is 45.36 63.48| 45.79 64.15 46.65 63.81| 48.60 65.33| 47.08 64.77| 54.00 70.35/ 50.54 66.86
; describe 4579 63.92| 46.65 64.31 46.22 63.44| 51.84 67.60| 47.30 64.92| 54.43 70.45| 50.11 66.05
()]

meaning_of | 45.57 63.65| 45.79 64.12| 46.65 63.43| 48.81 65.59 50.11 66.67| 54.86 70.95 49.46 66.47

Manhattan Distance

exact 41.68 60.12| 44.49 61.76| 41.47 59.94| 47.73 64.05| 44.92 62.17| 52.70 68.39| 48.16 64.31
what_is 44.28 62.55| 46.00 64.00 45.79 62.64| 48.38 64.98| 46.65 64.35 53.35 69.95 49.24 65.79
describe 46.00 63.91] 45.79 63.78| 46.65 63.57| 51.40 67.31| 48.38 65.20] 54.00 70.30| 51.19 66.46

meaning_of | 44.28 62.59| 45.36 63.76| 44.49 61.82| 49.03 65.61| 49.03 65.69] 55.29 70.96| 48.38 65.58

We observe that the utilization of LLM-based enhancement provides performance boosts in text-to-text
retrieval compared to the No-LLM baseline, in most cases. Nevertheless, it still stays behind the best
performance have achieved by GPT-3-enhanced VL retrieval. We assume that the reason is the information
loss induced when converting from the visual to the textual modality during captioning.

Concerning the VL transformers, BLIP appears to struggle to identify correlations between the phrases -
whether enriched or not - and the captions, whereas the others display encouraging results. ALIGN obtains
the highest performance, outperforming CLIP by 4%, and then CLIP, CLIP-L, and CLIP  AION follows.
Regarding the similarity metric, the manhattan distance appears to perform better when combined with VL



models.

As for the linguistic semantic similarity models, all employed models appear to produce comparable results,
with highest accuracy scores ranging between 49% and 55%. The lowest accuracy corresponds to multi-qa-
MinLM-L6-cos, while the highest accuracy corresponds to gtr-t5-large. With these models, all similarity
metrics are su ciently near, with cosine similarity and manhattan distance are associated with the highest
scores.

Finally, regarding the captioning models, BLIP-L and ViT-L appear to generate the most appropriate and
useful captions for text-to-text retrieval for VWSD, with beam search providing an additional boost.

An intriguing observation is that VL transformers, which are trained to handle both textual and visual
modalities, perform better in producing textual embeddings, than sentence similarity embeddings, despite the
fact that the latter have been explicitly tuned on semantic textual similarity. Overall, ALIGN VL transformer
achieves 62.42% accuracy, outperforming the best accuracy score of sentence similarity embeddings (namely
gtr-t5-large) by 7% (55.29%).

5.2.3 Wikipedia & Wikidata image retrieval

In Tab. 5.15 we present results regarding image-to-image retrieval between candidatesand web retrieved
imagesiy,. Out of the 463 samples of the test set, Wikipedia APl and Wikidata API returned results for 460

and 324 phrases respectively.

CLIP ALIGN

Similarity Image source acc. MRR acc. MRR
Cosine V\/_ik_idatg Images 34.26 50.13 31.11 47.84

Wikipedia Images 53.26 68.14 53.26 68.44

Wikidata Images 33.64 49.24 30.83 47.52
Euclidean Wikipedia Images 52.17 66.95 53.48 68.40

Wikidata Images 33.02 48.75 31.11 47.66
Manhattan Wikipedia Images 52.82 67.25 53.26 68.27

Table 5.15: Image-to-image retrieval results

The Wikidata API retrieval acquired images for 324 test samples, as previously mentioned. In contrast,
the Wikipedia API assured that corresponding images existed for the entire test set, so that the entire
set could be included in the image-to-image retrieval. The best results achieved using the ALIGN VL
transformer. However, we observe that even best results for image-to-image retrieval are not competent
against our previous approaches; we infer that exclusively visual representations are not expressive enough
to distinguish ne-grained details between semantically related candidates.

5.2.4 Learn to Rank

In Tab. 5.16 and Tab. 5.17 we showcase the results using CLIP and ALIGN as VL retriever respectively.
Each column of these tables corresponds to each one of the methods combined in order to produce the nal
feature vector. The presented feature combinations, are constituted by the following:

1. Baseline features the option to incorporate (or not) the penalty p(i) in scorg(t;i) for VL retrieval

2. LLM-enhancement features the prompt to generate enhanced phrases. (or an ensemble of prompts
leading to multiple t¢) and the option for incorporation (or not) of p(i) in scorg(te;i)

3. Text retrieval features: the captioner to generate captionc;, along with the text embedding model
and the similarity metric (cosine/euclidean/manhattan) for text-to-text retrieval, as well as the phrase
(original t, or enhancedt,, or an ensemble of enhanced phrases derived from the usage of di erent
prompts)

4. Image retrieval features image embedding model and similarity metric (cosine/euclidean/manhattan)
for image-to-image retrieval.



Baseline | LLM-enhance Text retrieval features Image retrieval feat. Metrics

p(i) Prompt p(i) Captioner Embedding Similarity Phrase Embedding Similarity Acc. MRR
- - - - - - - - - 63.93 76.33
X - - - - - - - - 68.90 80.04
X - - - - - - - - 62.85 75.88
X - - - - - - CLIP cosine 70.87 81.36
X - - - - - - CLIP euclidean 70.22 81.09
X - - - - - - CLIP manhattan | 69.78 80.95
X - - GiT-L-greedy CLIP cosine t - - 62.85 76.08
X - - GiT-L-beam CLIP cosine t - - 63.07 76.14
X - - GiT-L-beam CLIP euclidean t - - 62.85 75.85
X - - GiT-L-beam CLIP manhattan t - - 62.85 76.11
X - - Blip-L-greedy CLIP cosine t - - 61.77 75.48
X - - Blip-L-beam CLIP cosine t - - 62.85 75.94
X all X - - - - - - 70.37 81.65
X meaning_of - - - - - - - 65.85 78.67
X meaning_of X - - - - - - 66.52 79.21
X exact X - - 65.57 78.25
X what_is X - - - - - - 67.45 79.55
X describe X - - - - - - 70.14 80.75
X all X - - - - CLIP cosine 72.05 8281
X all X Blip-L-beam CLIP cosine t CLIP cosine 72.05 82.61
X all X GIiT-L greedy CLIP cosine t CLIP cosine 70.81 82.28
X all X GiT-L-greedy CLIP cosine all tet+t CLIP cosine 73.91 83.53
LTR of [11] (best results) 77.97 85.88
SemEval organizers' baseline 60.48 73.87

Table 5.16: LTR results using feature combinations as extracted from our previous 4 approaches (baseline,
LLM enhancement, text retrieval, image retrieval). CLIP is employed as the VL retriever.

For all experiments of Tab 5.16 and Tab. 5.17 we utilized the following hyperparameters con guration:
n_estimators: 500, early_stopping: 100, learning_rate: 0.03, feature_fraction: 0.25, max_bin: 100,
min_child_samples: 50 and reg_alpha: 0.05. Also, an 80-20 train/validation split was followed, allocat-
ing 2514 samples in the validation set.

In general, the incorporation of LLM-based phrase enhancement in LTR yields signi cant advantages, provid-
ing optimal metric results in comparison to the alternative feature combinations, or our alternative approaches
outlined in Tab. 5.5, 5.6, 5.13, 5.14. The best results are obtained by employing ALIGN as the VL retriever
and incorporating all features, as indicated by the colored instances in Table 5.17. This is an intriguing
observation since standalone text retrieval (Tab. 5.13, 5.14) and image retrieval (Tab. 5.15) experiments
did not produce competitive results. However, it is worth noting that incorporating the corresponding fea-
tures in the training of LTR model improves performance. Furthermore, the integration of features through
ensembling is also tremendously advantageous. This approach is applicable to both combining the LLM-
enhanced prompt features, such as incorporating features frorteyact ; twhat i ; tdescribe ; tmeaning  of ,» denoted
as all prompts, and combining phrase features for text-to-text retrieval. In this context, all te + t refers to
the combination of features from all four aforementioned enhancements, along with the original given phrase
t. As illustrated in Table 5.17, the majority of ensemble feature combinations exhibit superior performance
compared to baselines and alternative implementations [11].



Baseline | LLM-enhance Text retrieval features Image retrieval feat. Metrics
p(i) Prompt p(i) Captioner Embedding Similarity Phrase Embedding Similarity Acc. MRR
- - - - - - - - - 63.93 76.33
X - - - - - - - - 68.90 80.04
X - - - - - - ALIGN cosine 71.96 82.46
X - - - - - - ALIGN euclidean 72.17 82.34
X - - - - - ALIGN manhattan 72.61 82.84
X - - BLIP-greedy ALIGN cosine t - - 68.47 79.88
X - - GiT-greedy ALIGN cosine t - - 68.25 79.53
X - - BLIP-L-greedy ALIGN cosine t - - 68.47 79.65
X - - GiT-L-greedy ALIGN cosine t - - 68.47 79.68
X - - GiT-L-greedy ALIGN euclidean t - - 68.68 79.69
X - - GiT-L-greedy ALIGN manhattan t - - 68.47 79.69
X - - BLIP-beam ALIGN cosine t - - 68.90 79.85
X - - GiT-beam ALIGN cosine t - - 68.47 79.76
X - - BLIP-L-beam ALIGN cosine t - - 68.47 79.60
X - - BLIP-L-beam ALIGN euclidean t - - 68.03 79.62
X - BLIP-L-beam ALIGN manhattan t - - 68.47 79.98
X - - GiT-L-beam ALIGN cosine t - - 67.60 79.42
X meaning_of - - - - - - - 73.22 82.79
X meaning_of X - - - - - - 75.16 84.13
X exact X - - - - - - 70.41 81.10
X what_is X - - - - - - 71.71 81.52
X describe X - - - - - - 73.00 82.84
X all prompts X - - - - - - 73.87 83.96
X all-except X - - - - - - 74.30 83.80
exact
X meaning_of X - - - - - - 74.30 83.86
+ describe
X all-except X - - - - ALIGN manhattan | 76.09 85.36
exact
X all-except X - - - - ALIGN cosine 76.52 85.29
exact
X all prompts X - - - - ALIGN cosine 76.52 85.70
X all prompts X BLIP-L-beam ALIGN cosine t ALIGN cosine 77.61 85.90
X all prompts X BLIP-L-beam ALIGN cosine all te+t ALIGN cosine 77.17 86.08
X all prompts X BLIP-L-beam ALIGN cosine tmeaning_of ALIGN cosine 76.52 85.63
X all prompts X BLIP-L-greedy ALIGN cosine all te + t ALIGN cosine 78.48 86.65
X all prompts X GiT-L-greedy ALIGN cosine t ALIGN cosine 77.83 86.30
X all prompts X GiT-L-greedy ALIGN cosine tmeaning_of ALIGN cosine 77.39 85.92
X all prompts X GiT-L-greedy ALIGN cosine all te+t ALIGN cosine 79.35 87.23
X all prompts X GiT-L-greedy ALIGN cosine all te +t ALIGN euclidean 76.96 85.85
X all prompts X GiT-L-greedy ALIGN cosine all te +t ALIGN manhattan | 76.96 86.00
X all prompts X GiT-L-beam ALIGN cosine all te +t ALIGN cosine 76.96 85.92
LTR of [11] (best results) 77.97 85.88
SemEval organizers' baseline 60.48 73.87

Table 5.17: LTR results using feature combinations as extracted from our previous 4 approaches (baseline,
LLM enhancement, text retrieval, image retrieval). ALIGN is employed as the VL retriever. Colored

instances denote best results overall, whildold instances highlight instances that outperform best results

of [11].



5.2.5 Question Answering for VWSD and CoT prompting

In Tab. 5.18 we present accuracy scores occuring from transforming VWSD to QA using zero-shot (with and
without CoT) and few-shot (without CoT) prompting.

Captioner Zero-shot Few-shot Few-shot Few-shot
(random) (top) (inv.top)
no_CoT CoT choose no_CoT  choose CoT [ no_CoT | no_CoT [ no_CoT
GPT-3.5-turbo
GiT-L (greedy) 4449 4730  51.84 52.27 51.19 51.40 53.56
GiT-L (beam) 40.82 36.50 50.54 49.68 46.12 47.83 45.61
BLIP-L (greedy) 47.95 43.84 49.46 44.06 48.16 48.81 50.32
BLIP-L (beam) 38.01 34.13 50.97 50.97 40.91 40.49 40.49
ViT-GPT2 (greedy) 28.94 25.05 32.40 29.81 31.32 31.45 28.91
ViT-GPT2 (beam) 30.24 25.92 32.83 33.05 32.03 28.73 23.64
Vicuna-13B
GiT-L (greedy) 34.34 27.65 20.52 20.52 31.89 33.63 36.30
GiT-L (beam) 11.02 7.91 19.44 11.23 <2 <2 <2
BLIP-L (greedy) 30.02 23.76 20.95 21.81 35.56 36.08 36.48
BLIP-L (beam) 9.41 6.27 12.74 8.64 <2 <2 <2
ViT-GPT2 (greedy) 21.60 21.17 17.49 15.33 24.83 24.94 26.11
ViT-GPT2 (beam) 11.45 6.91 16.85 12.74 2.81 3.89 4.75

Table 5.18: Accuracy scores for VWSD as a QA problem with and without CoT prompting.

In the context of the VWSD as QA scenario, there is a noticeable di erence in performance between GPT-
3.5-turbo and Vicuna-13B. This indicates that model scale does matter , i.e. the size of the model plays

a signi cant role, contrary to previous cases involving VL retrieval with LLM-based enhancement. Smaller
models lack the requisite knowledge and reasoning capabilities to accurately deduce the correct answer from
captions in the QA setting, regardless of the prompt template used or the choice between zero-shot and few-
shot strategies. This nding is consistent with the observation made by [30] that LLM reasoning capabilities
become apparent when operating at a largescale Furthermore, it remains unclear which approach, beam
or greedy captioning, is more e ective in eliciting the required knowledge. Speci cally, when considering
GIiT-L and BLIP-L, there is a distinct inclination towards employing greedy decoding alongside CoT and
no_CoT prompting. Particularly, in the case of Vicuna-13B, this preference exhibits a notable distinction, as

it showcases substantial decreases in performance when beam decoding is utilised instead of greedy decoding.
However, the opposite holds for ViT-GPT2. The performance deteriorates more when beam decoding is
utilised in conjunction with a few-shot method. Simultaneously, the "choose" prompts do not exhibit a
discernible pattern in relation to the decoding strategy. Overall, GiT-L (greedy) exhibits the most promising
captioning capabilities in the majority of Tab. 5.18 results, while BLIP-L (greedy) appears more capable in
the few-shot prompting setting of Vicuna-13B.

Zero-shot prompting and CoT reasoning . The accuracy of zero-shot QA prompting is not always en-
couraging, particularly when compared to the enrichment results of Tables 5.5, 5.6. One possible fundamental
reason is the conversion of images to text via captioning; this intra-modality conversion may result in errors
and information loss that negatively a ects the nal performance. Obviously, when CoT is utilised, lower

e cacy will also impact the quality of the produced explanations.

We explore this scenario by presenting an example in which the use of CoT results provides an incorrect
answer, whereas the no_CoT case is successful. In Fig. 5.2.4 the candidates for the phrase "tender embrace
are showcased. By employing GiT-L (greedy) as the image captioner, we form the question Q as follows:



Q: What is the most appropriate caption for the tender embrace? Answer Choices: (A) a small boat
sitting on top of a dock. (B) a group of people walking on a green hill. (C) a student gets a hug from
a student. (D) a large y laying on a rock in the water. (E) the bus stop at the station (F) a train is
parked at a station. (G) a crowd of people watching a concert. (H) a train station with a sign on the side
of it. (I) a black and red train on a track. (J) a man laying in the sand on top of a surfboard.

A B C (Gold image) D E

F G H | J

Figure 5.2.4: Candidate images for the phrase "tender embrace".

Table 5.19 displays the results of GPT-3.5-turbo with and without zero-shotCoT. After observing the captions
G generated by GiT-L, we validate that they accurately describe the context and are therefore acceptable
answer choices. However, when prompted with CoT in a zero-shot manner, GPT-3.5-turbo cannot de ne
what "tender embrace" alludes to without additional information. In contrast, it successfully returns the
correct response when no_CoT is provided. This discrepancy indicates that although the phrase "tender
embrace" is stored in the LLM, it cannot be activated by zero-shot CoT prompting. This can be regarded
as an inherent problem of CoT prompting, at least in the zero-shot setting, since the only variable that
distinguishes successful reasoning from unsuccessful reasoning is the prompt itself.

no_CoT

Q: What is the most appropriate [...]
A: The most appropriate caption for the tender embrace would be: (C) a student gets a hug from a
student. X

CoT

Q: What is the most appropriate [...]

A: Let's think step by step.

First, we need to understand what the tender embrace is referring to. Once we know that, we can look
at the answer choices and nd the one that best matches the subject of the photo. Therefore, without
further information about the photo, it is not possible to choose the most appropriate caption. Could
you please provide more context or information about the photo?

Therefore, among A through J, the answer is not applicable without more information about the photo"
X

Table 5.19: Example of VWSD as QA for candidates corresponding to "tender embrace" given phrase.

Conversely, there are cases, where the zero-shot CoT prompting can provide valuable insights, such as the
one presented in Fig. 5.2.5 with candidates corresponding to the phrase "metal steel".

By again using GiT-L as the captioner, the question Q is formed as:



Q: What is the most appropriate caption for the metal steel? Answer Choices: (A) a chocolate bar with
three sides (B) [unusedO] and [unusedQ] at the concert in 2007 (C) a guitar and a guitar are displayed in
front of a speaker. (D) frosty patterns on a window (E) gold in the rocks - - (F) a black piece of metal
with a large black square in the middle. (G) a jar of honey on a wooden table. (H) a close up of a metal
plate with a pattern of lines. (l) a large white quartz rock with a clear base. (J) gold jewelry from the
late 19th century.

F G H (Gold image) | J

Figure 5.2.5: Candidate images for the phrase "metal steel".

Then, the GPT-3.5-turbo produces the results shown in Table 5.20. In this instance, CoT initiates the correct
reasoning path for selecting the correct caption option (H) "a close-up of a metal plate with a pattern of
lines" for the corresponding image (Fig. 5.2.5), while the no_CoT prompting case is readily misled by the
semantically similar caption (F) containing the concept "metal" ("a black piece of metal with a large black
square in the middle"). Simultaneously, CoT prompting elicits the appropriate behaviour of GPT-3.5-turbo,
instructing it to di erentiate between the semantically similar phrases "metal steel" and "black piece of
metal." This ne-grained capability is a crucial requirement for VWSD systems, and it appears to be related
to CoT reasoning.

no_CoT

Q: What is the most appropriate [...]
A: The most appropriate caption for the metal steel would be (F) a black piece of metal with a large
black square in the middle. X

CoT

Q: What is the most appropriate [...]

A: Let's think step by step.

First, we need to understand what metal steel is and what its characteristics are. Steel is a hard and
strong metal alloy made mainly of iron and carbon. It is often used in construction, machinery, and
transportation. Based on this information, the most appropriate caption for metal steel would be (H) a
close up of a metal plate with a pattern of lines. This caption describes the texture and appearance of
steel, which is often characterized by its distinctive pattern of lines. The other options do not accurately
describe steel or its unique qualities.

Therefore, among A through J, the answer is (H) a close up of a metal plate with a pattern of lines." X

Table 5.20: Example of VWSD as QA for candidates corresponding to "metal steel" given phrase.

Finally, "choose" CoT/no_CoT prompts seems to have a performance advancement against standalone
CoT/no_CoT prompts, especially when GiT-L and BLIP-L are used as captioners, as in the example shown
in Fig. 5.2.6, with candidates corresponding to the phrase "trotting appendix"”.

In Tab. 5.21 the results of GPT-3.5-turbo using standalone CoT/no_CoT and "choose" CoT/no_CoT
prompts and and employing GiT-L (greedy) as the image captioner are showcased. We can observe that
"choose" prompts succeed in contrast to standalone CoT/no_CoT prompts, which both fail to provide the
right answer, underlying the importance of prompt engineering for eliciting LLM knowledge and reasoning.
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