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Per—lhyh

Η Αποσαφήνιση Οπτικών Εννοιών (Visual Word Sense Disambiguation - VWSD) είναι ένα καινούριο πρόβλημα
με πολλές προκλήσεις, που μπορεί να τοποθετηθεί στην τομή μεταξύ του προβλήματος αποσαφήνισης γλωσ-
σικών εννοιών και του προβλήματος ανάκτησης εικόνων από κειμενικές περιγραφές. Με αυτή τη διατριβή θα
επιχειρήσουμε ένα πρώτο ουσιαστικό βήμα προς την αναγνώριση και αντιμετώπιση του νέου αυτού προβλήματος,
εφαρμόζοντας ένα ευρύ σύνολο μεθόδων. Οι πρόσφατες εξελίξεις και καινοτομίες στον τομέα των Οπτικογλωσ-
σικών Μετασχηματιστών (VL Transformers) παρουσίαζουν υλοποιήσεις με ενθαρρυντικά αποτελέσματα, τα
οποία ωστόσο υποστηρίζουμε ότι μπορούν να ενισχυθούν περαιτέρω. Για το λόγο αυτό, προτείνουμε κάποιες
τεχνικές ενίσχυσης γνώσης που έχουν σκοπό να βελτιώσουν την απόδοση ανάκτησης των Οπτικογλωσσικών

Μετασχηματιστών με χρήση Μεγάλων Γλωσσικών Μοντέλων (Large Language Models - LLMs) ως Βάσεις
Γνώσεων. Πιο συγκεκριμένα, επιχειρούμε την ανάκτηση της γνώσης που είναι αποθηκευμένη αθόρυβα στα βάρη
των Οπτικογλωσσικών Μετασχηματιστών, επερωτώντας τα με κατάλληλες φράσεις, που καλούμε protropŁc, σε
συνθήκες μηδενικής ρύθμισης- χωρίς τη χρήση κάποιας διαδικασίας προεκπαίδευσης ή κάποιων αντιπροσωπευ-
τικών κατευθυντήριων παραδειγμάτων. Επιπλέον, μελετάμε το πρόβλημα της Αποσαφήνισης Οπτικών Εννοιών
είτε από την οπτική ενός προβλήματος Ανάκτησης Εικόνων από Εικόνες, είτε ενός προβλήματος Ανάκτησης
Κειμένου από Κείμενου έτσι ώστε να διευρευνήσουμε πλήρως τις δυνατότητες των πιο σύγχρονων καινοτόμων

μοντέλων που χρησιμοποιούνται για την επίλυση των προβλημάτων αυτών. Επακόλουθα, εκπαιδεύουμε ένα
Μοντέλο Εκμάθησης Κατάταξης με σκοπό να συνδυάσουμε τις διαφορετικές προσεγγίσεις μας, επιτυγχάνοντας
ανταγωνιστικά αποτελέσματα.

Επιπρόσθετα, μεατρέπουμε το πρόβλημα Αποσαφήνισης Οπτικών Εννοιών σε ένα αμιγώς γλωσσικό πρόβλημα
Ερώτησης-Απάντησης, θεωρώντας τις παραγόμενες λεζάντες των υποψήφιων εικόνων ως υποψήφιες απαντή-
σεις πολλαπλής επιλογής. Στρατηγικές χρήσης προτροπών με μηδενική βολή-χωρίς την ενσωμάτωση ενδεικτιών
παραδειγμάτων- ή πολλαπλή βολή-με ενσωμάτωση μερικών ενδεικτικών παραδειγμάτων- προστίθενται στα πειρά-
ματά μας προκειμένου να εξερευνήσουμε πλήρως τη δυνατότητα ενός τέτοιου μετασχηματισμού για το πρόβλημα

αυτό. Παράλληλα, η χρήση προτροπών Αλυσιδωτής-Σκέψης με μηδενική-βολή μας αποκαλύπτει τα εσωτερικά
βήματα συλλογιστικής που ακολουθεί ένα Μεγάλο Γλωσσικό Μοντέλο για να επιλέξει την κατάλληλη υποψή-

φια εικόνα. Συνολικά, η προσέγγιση που παρουσίαζουμε είναι η πρώτη που αναλύει τα πλεονεκτήματα της
αξιοποίησης γνώσης που βρίσκεται αποθηκευμένη στα Μεγάλα Γλωσσικά Μοντέλα με διαφορετικούς τρόπους

για την επίλυση του προβλήματος της Αποσαφήνισης Οπτικών Εννοιών.

LŁxeic-kleidi� — Αποσαφήνιση Οπτικών Εννοιών, Πολυτροπική Ανάκτηση Εικόνας-Κειμένου, Οπ-
τικογλωσικοί Μετασχηματιστές,Μεγάλα Γλωσσικά Μοντέλα,Μεγάλα Γλωσσικά Μοντέλα ως Βάσεις Γνώσεων,
Συλλογιστική Διαδικασία σε Μεγάλα Γλωσσικά Μοντέλα
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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 Jewrhtikì Upìbajro

H Aposaf nish Optik¸n Ennoi¸n (Visual Word Sense Disambiguation - VWSD) eÐnai èna kainoÔrio prìblhma
me arketèc prokl seic. Skopìc tou probl matoc autoÔ eÐnai dojeÐsac miac diforoÔmenhc lèxhc-stìqou entìc
enìc keimènou, pou èqei to rìlo enoiologikoÔ plaisÐou, na anakthjeÐ h katˆllhlh eikìna apì tic upoy fiec ,
h opoÐa antiproswpeÔei kalÔtera thn ènnoia thc lèxhc-stìqou [67]. Gia parˆdeigma, h frˆsh To dèntro an-
dromèdaperièqei thn amfÐshmh lèxh-stìqo andromèdasunodeuìmenh apì to keÐmeno-plaÐsio dèntro to opoÐo
kai thn aposafhnÐzei. MetaxÔ twn 10 upoyhfÐwn eikìnwn pou parousÐzontai sthn eikìna1.1.1, èna sÔsthma
sqediasmèno gia thn epÐlush tou probl matoc Aposaf nishc Optik¸n Ennoi¸n epiqeireÐ na anakt sei thn
eikìna ekeÐnh pou anaparistˆ to dèntro gnwstì wc andromèda, h opoÐa epishmei¸netai me roz plaÐsio.

Figure 1.1.1: Parˆdeigma tou probl matoc Aposaf nishc Optik¸n Ennoi¸n

Parìti to prìblhma thc Aposaf nishc Optik¸n Ennoi¸n eÐnai ousiastikˆ èna polutropikì prìblhma anˆk-
thshc Eikìnac -Keimènou, upˆrqoun kˆpoiec jemeli¸seic diaforèc . Gia parˆdeigma parathr¸ntac tic upoy fiec
eikìnec sthn eikìna 1.1.1, oi opoÐec me kˆpoio trìpo eÐnai sqetikèc me thn amfÐshmh lèxhandromèda(mporeÐ na
eÐnai eÐte asterismìc, eÐte eÐdoc yarioÔ, dèntrou, erpetoÔ ktl ), èna epituqhmèno sÔsthma anˆkthshc prèpei na
eÐnai leptomerèc kai idiaÐtera euaÐsjhto sthn topojèthsh thc amfÐshmhc lèxhc-stìqou sto ennoiologikì plaÐ-
sio. Se aut  thn perÐptwsh, to plaÐsio dèntro prèpei na eÐnai arketˆ emfanèc-apì thn optik  tou sust matoc
anˆkhthshc- prokeimènou na mporeÐ na aposafhnÐsei th ènnoia. Parˆllhla ìmwc , autì to sÔsthma anˆkthshc
den prèpei na basÐzetai apokleistikˆ sto ennoiologikì plaÐsiodèntro: sthn perÐptwsh aut  eikìnec pou per-
ièqoun louloÔdia kai prˆsino grasÐdi eisˆgoun kˆpoia anamenìmenh merolhyÐa sth diadikasÐa anˆkthshc, kai
me autìn ton trìpo Ðswc epileqjeÐ h eikìna pou èqei th megalÔterh pijanìthta na perièqei ènadèntro, ag-
no¸ntac thn amfÐshmh ènnoiaandromèda. Fusikˆ , eÐnai pijanì kai to senˆrio to montèlo anˆkthshc na mhn
èqei ekpaideuteÐ potè me thn amfÐshmh ènnoia: h spaniìthta twn ennoi¸n pou qarakthrÐzei to lexilìgio twn
lèxewn-stìqwn auxˆnei thn pijanìthta to sÔsthma anˆkthshc na basisteÐ apokleistikˆ sto gnwstì se autì
ennoiologikì plaÐsio, me apotèlesma thn eisagwg  shmantik c tuqaiìthtac katˆ th diadikasÐa epilog c. Gia
to lìgo autì , h axiopistÐa thc Aposaf nishc Optik¸n Ennoi¸n apoteleÐ èna krÐsimo shmeÐo, auxˆnontac thn
anˆgkh gia epexhg seic katˆ th diadikasÐa epilog c kai epÐlushc.

Aut  h diatrib  perilambˆnei èna sÔnolo proseggÐsewn gia to prìblhma thc Aposaf nishc Optik¸n Ennoi¸n .
MetaxÔ aut¸n perilambˆnetai h qr sh sÔgqronwn Metasqhmatist¸n Eikìnac -Keimènou(VL Transformers)
wc susthmˆtwn anˆkthshc , h qr sh Megˆlwn Glwssik¸n Montèlwn (LLMs) wc bˆsewn gn¸shc gia thn
aposaf nish thc lèxhc -stìqou kaj¸c kai h metatrop  tou probl matoc se prìblhma Er¸thshc -Apˆnthshc
fusik c gl¸ssac -exˆgontac keimenikèc perigrafèc gia tic upoy fiec eikìnec- kai h qr sh AlusidwtoÔ Sul-
logismoÔ gia thn epex ghsh twn apant sewn.



1.2 Proteinìmenec PreseggÐseic

1.2.1 Suneisforˆ

Oi suneisforèc aut c thc diplwmatik c ergasÐac eÐnai pollaplèc mporoÔn na sunoyistoÔn wc ex c:

ˆ AxiopoioÔme ta Glwwsikˆ Montèla (LLMs) wc bˆseic gn¸shc gia na emploutÐsoume tic dojeÐsec frˆ-
seic, enswmat¸nontac peraitèrw ennoilogikì perieqìmeno me skopì h lèxh-stìqoc na aposafhnisteÐ,
antimetwpÐzontac me autìn ton trìpo kai peript¸seic pou h amfÐshmh lèxh eÐnai ˆgnwsth sto sÔsthma
anˆkthshc .

ˆ Metatrèpoume to prìblhma Aposaf nishc Optik¸n Ennoi¸n se monotropikì prìblhma , dhlad  apok-
leistikˆ glwssikì   apokleistikˆ optikì prìblhma . Pio sugkekrimèna, se prìblhma Anˆkthshc Eikìnac
apì Eikìna , Anˆkthshc Keimènou apì KeÐmeno, kaj¸c kai prìblhma Er¸thshc -Apˆnthshc me skopì na
exereun soume pl rwc tic duantìthtec pou ta sqetikˆ montèla mporoÔn na prosfèroun.

ˆ QrhsimopoioÔme ta qarakthristikˆ pou exˆgoume apì tic proanaferjeÐsec teqnikèc gia na ekpaideÔsoume
èna montèlo Ekmˆjhshc Katˆtaxhc (LTR), epitugqˆnontac antagwnistikˆ apotelèsmata anˆkthshc .

ˆ Enswmat¸noume ton Alusidwtì Sullogismì sto prìblhma Er¸thshc -Apˆnthshc me skopì thn kateu-
junìmenh paragwg  apant sewn, en¸ parousiˆzoume ta endiˆmesa b mata sullogismoÔ pou leitourgoÔn
wc epexhg seic thc diadikasÐac anˆkthshc.

1.2.2 SÔnolo Dedomènwn

To sÔnolo dedomènwn gia to prìblhma thc Aposaf nishc Optik¸n Ennoi¸n pou aforˆ thn agglik  gl¸ssa
apoteleÐtai apì 12869deÐgmata ekpaÐdeushc kai463 deÐgmata dokim c. Kˆje deÐgma apoteleÐtai apì10 upoy -
fiec eikìnec. To m koc thc dojeÐsac frˆshc parousiˆzei amelhtèec diaforèc me th suntriptik  pleioyhfÐa twn
frˆsewn na apoteloÔntai apì 2 lèxeic. To sÔnolo dedomènwn kai oi epÐshmoi diaqwrismoÐ mporoÔn na brejoÔn
sto https://raganato.github.io/vwsd/. Ta sunolikˆ statistikˆ tou sunìlou dedomènwn parousiˆzontai ston
akìloujo pÐnaka:

Diaqwrismìc # DeÐgmata M koc frˆshc
1 word 2 lèxeic 3 lèxeic 4 lèxeic

EkpaÐdeush 12869 0 12868 0 0
Dokim  463 1 445 17 1

Table 1.1: Statistikˆ Sunìlou Dedomènwn

1.2.3 Mèjodoc

AkoloujoÔme 6 teqnikèc gia na exereun soume to prìblhma thc Aposaf nishc Optik¸n Ennoi¸n apì arketèc
diaforetikèc optikèc gwnÐec. 'Olec oi teqnikèc mac èqoun dokimasteÐ apokleistikˆ sthn agglik  gl¸ssa .

Anˆkthsh Eikìnac -Keimènou me VL Transformers wc EpÐpedo Anaforˆc

Ulopoi same èna aplì sÔsthma anˆkthshc eikìnac-keimènou wc epÐpedo anaforˆc gia na axiolog soume tic
dunatìthtec twn upˆrqontwn proekpaideumènwnVL transformers sto prìblhma thc Aposaf nishc Optik¸n
Ennoi¸n. Oi VL transformers probˆlloun tìso tic eikìnec i ìso kai tic glwssikèc frˆseic t ston Ðdio
majhmatikì q¸ro . H anˆkthsh thc katallhlìterhc eikìnac i me bˆsh th dojeÐsa glwssik  frˆsh t gÐnetai me
bˆsh ton akìloujo bajmì omoiìthtac :

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

gia ton upologismì tou opoÐou epilègoume na qrhsimopoi soume thn omoiìthta sunhmitìnou.

Oi VL Transformers pou qrhsimopoioÔme aparijmoÔntai parakˆtw:

ˆ CLIP[65], me toViT-base[15] wc kwdikopoiht 



ˆ CLIP, me toViT-large wc kwdikopoiht  , sumbolÐzetai meCLIP-L

ˆ CLIP LAION , ekpaideumèno stoLAION-2B agglikì uposÔnolo tou LAION-5B

ˆ ALIGN[25]

ˆ BLIP[41], me toViT-base wc kwdikopoiht  , ekpaideumèno stoCOCO[45], sumbolÐzetai wcBLIP C

ˆ BLIP, me toViT-large wc kwdikopoiht  , ekpaideumèno stoCOCO, sumbolÐzetai wcBLIP-L C

ˆ BLIP, me toViT-base wc kwdikopoiht  , ekpaideumèno stoFlickr30k[93], sumbolÐzetai wcBLIP F

ˆ BLIP, me toViT-large wc kwdikopoiht  , ekpaideumèno stoFlickr30k, sumbolÐzetai wcBLIP-L F

Epiplèon, peiramatizìmaste me thn enswmˆtwsh enìc suntelest  poin cp(i ), ìpwc perigrˆfetai sto [11] ètsi
¸ste na prosarmìsoume thn protÐmhsh anˆkthshc twn eikìnwn pou parousiˆzoun uyhlì bajmì omoiìthtac
sim(t; i ) me pollèc frˆseic t. H poin  upologÐzetai gia kˆje eikìna wc o mèsoc ìroc omoiìthtac metaxÔ
thc eikìnac kai ìlwn twn glwssik¸n frˆsewn sto sÔnolo dedomènwn kanonikopoihmènoc apì th suqnìthta
emfˆnishc thc eikìnac sÔmfwna me ton akìloujo tÔpo:

p(i ) =
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jT j
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t k 2 T

sim(tk ; i )

!

�
card(i )

max i m 2 I card(i m )
(1.2.2)

ìpou T eÐnai to sÔnolo ìlwn twn frˆsewn , I eÐnai to sÔnolo ìlwn twn eikìnwn, kai to card(i ) antistoiqeÐ
ston arijmì twn deigmˆtwn sta opoÐa emfanÐzetai h eikìnai .

Se aut  thn perÐptwsh, o bajmìc omoiìthtac paÐrnei thn akìloujh morf  :

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

LLMs gia ton emploutismì tou ennoiologikoÔ plaisÐou

Epilègoume na dokimˆsoume èna sÔnolo apìLLMs wc bˆseic gn¸shc gia na emploutÐsoume tic sÔntomec
frˆseic t me perissìterec letomèreiec se mia rÔjmish mhdenik c bol c-qwrÐc thn enswmˆtwsh endeiktik¸n
paradeigmˆtwn-, parˆgontac emploutismènec frˆseic te, kai sth sunèqeia axiopoioÔme to sÔsthma anˆkthshc
eikìnac-keimènou pou perigrˆfthke sthn prohgoÔmenh parˆgrafo. Epiplèon, epiqeiroÔme kai pˆli na enswmat¸-
soume ton suntelest  poin c p(i ) katˆ to stˆdio thc anˆkthshc , sÔmfwna me ton akìloujo bajmì omoiìthtac ,
èqontac enswmat¸sei ton emploutismì gn¸shc:

score(te; i ) = sim(te; i ) � p(i ) (1.2.4)

'Olec oi protropèc (prompts) me tic opoÐec eperwtˆme taLLMs eÐnai sqediasmènec me bˆsh qeirokÐnhta
kataskeuasmèna prìtupa, basismèna sth diaÐsjhsh ìti to na zhtˆc apì to montèlo plhroforÐec me th morf 
odhgi¸n èqei apodeiqjeÐ wfèlimo[30].

Oi protropèc pou qrhsimopoioÔme parousiˆzontai parakˆtw:

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> I would say that �
could_describe �I could describe <phrase> as �

Table 1.2: Protropèc gia emploutismì tou ennoiologikoÔ plaisÐou mèswLLMs

Oi dunatìthtec twn LLMs eÐnai anˆlogec me to mègejoc touc, uposthrÐzontac ìti ta montèla pèra apì mia
sugkekrimènh klÐmaka mporoÔn na perièqoun pio prohgmènec gn¸seic. Exetˆzoume eˆn o isqurimìc autìc eÐnai



epÐshc eustaj c gia gia ton emploutismì gn¸shc, peiramatizìmenoi me montèla mèqri kai13 disekatommurÐwn
paramètrwn, ìrio to opoÐo antistoiqeÐ sto ìrio twn upologistik¸n pìrwn pou diajètoume , kaj¸c kai LLMs
tˆxewn megèjouc megalÔtera(175 disekatommÔria paramètrouc) diajèsimwn mèsw dhmosÐwnAPIs, ta opoÐa kai
parousiˆzoume parakˆtw:

ˆ GPT-3[9] (text-davinci-003) me175 disekatommÔria paramètrouc& GPT-3.5-turbo

ˆ GPT2-XL[64] me1.5 disekatommÔrio paramètrouc

ˆ BLOOMZ-1.7B & BLOOMZ-3b [58]

ˆ OPT-2.7B & OPT-6.7B [97]

ˆ LLAMA-7B [83]

ˆ Vicuna-7B & Vicuna-13B [99]

ˆ Galactica-6.7B [80]

Exagwg  Keimenik¸n Perigraf¸n apì tic Eikìnec gia Anˆkthsh Keimènou apì KeÐmeno

Enswmat¸noume tic metrikèc enìc monotropik c anˆkthshc(apokleistikˆ glwssik c   optik c ), ekmetalleuì-
menoi sÔgqronouctransformersgia na metatrèyoume tic eikìneci se keimenikèc perigrafècci . Pio sugkekrimèna
ta montèla (captioning transformers) pou qrhsimopoÐoume gia to skopì autì eÐnai:

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

ˆ BLIP Captions me toViT-large wc kwdikopoiht  sumbolÐzetai wcBLIP-L

ˆ GiT [88] me toViT-base wc kwdikopoiht 

ˆ GiT me toViT-large wc kwdikopoiht  , sumbolÐzetai meGiT-L

ˆ ViT-GPT2 [34], to opoÐo qrhsimopoieÐ toViT-base wc kwdikopoiht  kai to GPT-2[64] wc apokwdikopoi-
ht 

Gia ìla ta parapˆnw montèla , epiqeiroÔme tìso anaz thsh dèsmhc(beam search)poluwnumik c deigmatol-
hyÐac me5 dèsmec gia na exˆgoumek=10 perigrafèc anˆ eikìna i , kaj¸c kai ˆplhsth anaz thsh (greedy
search). SumbolÐzoume meck

i thn k-ost  perigraf  thc eikìnac i , ìpwc prokÔptei apì thn anaz thsh dèsmhc(h
ˆplhsth anaz thsh epistrèfei mia mìno perigraf  anˆ eikìna ). Sthn perÐptwsh thc anaz thshc dèsmhc, oi 10
perigrafèc upobˆllontai epÐshc se mia epiplèon epexergasÐa, kaj¸c orismènec apì autèc eÐnai panomoiìtupec
  uposumboloseirèc megalÔterwn.

ExereunoÔme dÔo epilogèc gia thn apìkthsh twn dianusmatik¸n anaparastˆsewn twn perigraf¸nci kai twn
frˆsewn t. Sthn pr¸th perÐptwsh , oi dianusmatikèc anaparastˆseic exˆgontai me qr sh twn ÐdiwnVL Trans-
formers ìpwc sthn polutropik  anˆkthsh . Sthn deÔterh perÐptwsh, qrhsimopoioÔme èna sÔnolo apì amig¸c
glwssikoÔc transformers protˆsewn , oi opoÐoi èqoun ekpaideuteÐ peraitèrw sthn shmasiologik  omoiìthta
[68]. AutoÐ aparijmoÔntai parakˆtw:

ˆ distilroberta-base & xlm-r-distilroberta-paraphrase

ˆ stsb-roberta-base, stsb-distilroberta-base & stsb-mpnet-base

ˆ all-MiniLM-L6, all-MiniLM-L12 & all-mpnet-base

ˆ multi-qa-distilbert-cos & multi-qa-MiniLM-L6-cos

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

'Epeita, kai stic dÔo peript¸seic , qrhsimopoioÔme omoiìthta sunhmitìnou   euklÐdeia/manhattan apìstash
gia ton upologismì tou score(t; ck

i ), anakt¸ntac ètsi to pio ìmoio (me thn pio megˆlh omoiìthta   antÐstoiqa
mikr  apìstash ) diˆnusma perigraf c gia kˆje diˆnusma frˆshc . Diexˆgoume peirˆmata tìso qwrÐc ìso kai
me ton emploutismì twn frˆsewn me qr sh twn Glwssik¸n Montèlwn .



Wikipedia & Wikidata gia A nˆkthsh Eikìnac apì Eikìna

H Anˆkthsh Eikìnac apì Eikìna eÐnai ènac akìma trìpoc prosèggishc tou probl matoc Aposaf nishc Op-
tik¸n Ennoi¸n mèsw polutropik¸n anaparastˆsewn . Gia to skopì autì , akolouj¸ntac thn idèa tou [11]
qrhsimopoioÔme toWikipedia API gia na anakt soume arqikˆ ìla ta sqetikˆ me th dojeÐsa frˆsh t ˆrjra ,
kai sth sunèqeia kratˆme thn prwtarqik  eikìna i w gia kajèna apì autˆ . 'Epeita, epexergazìmaste to anak-
thmèno sÔnolo eikìnwn jewr¸ntac èna mègisto apì k = 10 Wikipedia eikìnec gia kˆje frˆsh t. Thn Ðdia
diadikasÐa epanalambˆoume kai gia toWikidata[85]. Gia thn exagwg  dianusmatik¸n anaparastˆsewn gia tic
anakthmènec eikìneci w , kaj¸c kai gia tic upoy fiec eikìnec i , qrhsimopoioÔme touc ÐdioucVL Transformers me
thn polutropik  anˆkthsh . Tèloc , anazhtoÔme tic anaparastˆseic pou brÐskontai pio kontˆ metaxÔ touc ston
dianusmatikì q¸ro (qrhsimopoi¸ntac omoiìthta sunhmitìnou   eukleÐdia/manhattan apìstash ) sÔmfwna me
to bajmì omoiìthtac score(i w ; i ).

Montèlo Ekmˆjhshc Katˆtaxhc

Parìmoia me to[11], ulopoioÔme èna montèlo ekmˆjhshc katˆtaxhc pou axiopoieÐ qarakthristikˆ pou exˆqjhkan
apì ta dikˆ mac proanaferjènta peirˆmata . Wc montèlo ekmˆjhshc katˆtaxhc qrhsimopoioÔme tonLGBM-
Ranker me tolambdarank objective1, ulopoihmèno pˆnw stogradient boosting framework[29].

Ta epilegmèna qarakthristikˆ gia to montèlo Ekmˆjhshc Katˆtaxhc anaparistoÔn sqèseic metaxÔ kˆje do-
jeÐsac frˆshc kai twn upoy fiwn eikìnwn , ìpwc autèc exˆgontai kˆje forˆ apì kˆje mia apì tic 4 pro-
hgoÔmenec teqnikèc. Pio sugkekrimèna, ta akìlouja b mata (a)-(e) èqoun epileqjeÐ gia th dhmiourgÐa qarak-
thristik¸n pou antistoiqoÔn sthn perÐptwsh anaforˆc :

(� ) score(t; i )

(� ) max(score(t; i ))

(
 ) mean(score(t; i ))

(� ) di�erence a-b

(" ) di�erence a-g

Me parìmoio trìpo , ta b mata (a)-(e) epanalambˆnontai gia touc bajmoÔc: score(te; i ) (emploutismìc frˆsewn
me qr sh LLMs), score(t; ck

i ) (anˆkthsh Keimènou apì KeÐmeno me exagwg  perigraf¸n apì tic eikìnec),
score(te; ck

i ) (anˆkthsh Keimènou apì KeÐmeno me exagwg  perigraf¸n apì tic eikìnec kai emploutismì frˆsewn
mèswLLMs) kai score(i w ; i ) (anˆkthsh Eikìnac apì Eikìna ). EkpaideÔoume to montèlo ekmˆjhshc katˆtaxhc
se arketoÔc sunduasmoÔc aut¸n twn qarakthristik¸n . Epiplèon, metaxÔ aut¸n twn sunduasm¸n epiqeiroÔme
na qrhsimopoioÔme omoiìthta sunhmitìnou kai eukleÐdia/manhattan apìstash wc metrikèc omoiìthtac, en¸ axi-
ologoÔme kai th suneisforˆ tou suntelest  poin c p(i ) (exÐswsh1.2.3) tìso sthn basik  perÐptwsh anaforˆc
ìso kai sthn polutropik  anˆkthsh me emploutismì tou ennoilogikoÔ plaisÐou mèsw LLMs. Prokeimènou, na
enisqÔsoume peraitèrw thn apìdosh tou montèlou, epiqeiroÔme epÐshc na sunduˆsoume qarakthristikˆ twn
emploutismènwn frˆsewn proerqìmenwn apì diaforetikˆ LLMs   protropèc .

Prìblhma Er¸thshc -Apˆnthshc kai Alusidwtìc Sullogismìc

Metatrèpoume to prìblhma Aposaf nishc Optik¸n Ennoi¸n se èna prìblhma Er¸thshc -Apˆnthshc , antis-
toiqÐzontac tic keimenikèc ekfrˆseict se erwt seic Q sÔmfwna me bˆsh qeirokÐnhta kataskeuasmèna prìtupa
protrop¸n (PÐnakac1.3).

Ta peirˆmatˆ mac perilambˆnoun tìso rÔjmish mhdenik c bol c, ìso kai rÔjmish pollapl¸n bol¸n . Kai sta
dÔo senˆria, ta LLMs pou eperwt¸ntai eÐnai toVicuna-13B[99] kai to GPT-3.5-turbo me175 disekatommÔria
paramètrouc. Kaj¸c ta LLMs proc to parìn mporoÔn na diaqeiristoÔn mìno keimenikèc kai ìqi kai optikèc
eisìdouc, prèpei na metaboÔme se apokleistikˆ keimenikèc anaparastˆseic tìso gia tic eikìneci ìso kai gia
tic frˆseic t. Gia to lìgo autì enswmat¸noume kai pˆli teqnikèc exagwg c perigraf¸n apì eikìnec gia na

1LGBMRanker docs



Prompt
name

Prompt template

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
(greedy)

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

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

You have ten images, (A) to (J), which are given to you in the form of captions.(A) <cap-
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
(greedy)

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

You have ten images, (A) to (J), which are given to you in the form of a set of captions. (A)
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: Protropèc Er¸thshc -Apˆnthshc   qwrÐc Alusidwtì Sullogismì .

epitÔqoume to metasqhmatismì autì, parèqontac perigrafèc ci gia kˆje upoy fia eikìna i . Ta montèla pou
epilègoume gia thn exagwg  twn perigraf¸n apì tic eikìnec eÐnai taGiT-L[88] BLIP-L[41]., ta opoÐa kai ta dÔo
apoteloÔntai apì to ViT-large[15] wc kwdikopoiht  , kai ViT-GPT2[34], to opoÐo qrhsimopoieÐ toViT-base
wc kwdikopoiht  kai to GPT-2[64] wc apokwdikopoiht .

Oi sullogistikèc ikanìthtec twn LLMs mporoÔn na xekleidwjoÔn mes¸ tou legìmenou AlusidwtoÔ Sullo-
gismoÔ[30, 89], katˆ ton opoÐo ta LLMs zhteÐtai na parˆxoun mia seirˆ apì endiˆmesa sullogistikˆ b mata
pou odhgeÐ logikˆ sthn telik  touc apˆnthsh . Parìti o Alusidwtìc Sullogismìc èqei qrhsimopoihjeÐ wc
epi to pleÐston se probl mata me pollaplˆ b mata sullogismoÔ , mporeÐ epÐshc na parèqei katanohtèc gia
emˆcepexhg seic sqetikˆ me thn epilog  thc katallhlìterhc upoy fiac eikìnac i gia kˆje frˆsh t. Gia to
skopì autì ta 5 pr¸ta prìtupa tou pÐnaka 1.3 pou èqoun uiojethjeÐ apì to [30], apoteloÔntai apì mia pro-
trop  " sullogismoÔ" ( "Let's think step by step/think protropèc apì ton PÐnaka1.3) anaktˆ to sullogistikì
monopˆti pou brÐsketai apojhkeumèno stoLLM, kai èpeita mia protrop  " apˆnthshc" ( "Therefore, among A
through J, the answer is " protrop  tou PÐnaka 1.3) pou epistrèfei thn telik  apˆnthsh se mia epijumht 
morf  . Oi upìloipec protropèc (protropèc me to ìnoma"choose") eÐnai empneusmènec apì tic protropèc tou
LangChain[35].

Protropèc mhdenik c bol c . Se rÔjmish mhdenik c bol c, eisˆgoume mia epilegmènh protrop  apì ton
PÐnaka1.3sto LLM ( eÐte toVicuna-13B eÐte toGPT-3.5-turbo), to opoÐo kai parˆgei thn apˆnthshA mazÐ me
mia epex ghsh thc epilog c aut c. H paragìmenh apˆnthshA mporeÐ na eÐnai eÐte mia apì tic perigrafèc twn
upoyhfÐwn eikìnwnA-J èite mia d lwsh ìti de mporeÐ na oristeÐ apˆnthsh: se kˆje perÐptwsh, h paragìmenh
apˆnthsh A sugkrÐnetai thn perigraf  thc eikìnac pou pragmatikˆ antistoiqeÐ sth dojeÐsa frˆsh gia na



katal xoume eˆn h strathgik  protrop c mhdenik c bol c odhgeÐ se epituqÐa   apotuqÐa.

Protropèc pollapl¸n bol¸n . Epiprìsjeta , peiramatizìmaste me th rÔjmish protrop c pollapl¸n
bol¸n sth jèsh thc rÔjmishc mhdenik c bol c pou perigrˆyame prohgoumènwc. Sthn perÐptwsh aut  epilè-
goumek no_CoT protropèc (PÐnakac4.3), sunodeuìmenec mazÐ me thn alhjin  apˆnths  toucA , sqhmatÐzontac
me autì ton trìpo QA in-context paradeÐgmata. O arijmìc twn in-context paradeigmˆtwnk apofasÐzetai apì
to qr sth . Sqediˆzoume3 diaforetikoÔc trìpouc epilog c twn k in-context paradeigmˆtwn. Sth basik 
perÐptwsh anaforˆc, ta k paradeÐgmata epilègontai tuqaÐa apì to sÔnolo dedomènwn ekpaÐdeushc. Wstìso ,
dedomènou ìti h sunˆfeia twn epilegmènwn paradeigmˆtwn se sqèsh me to dojèn deÐgma eÐnai shmantik [46]
,kaj¸c kai h seirˆ twn paradeigmˆtwn [53], sqediˆzoume dÔo teqnikèc epilog c paradeigmˆtwn basismènec sthn
omoiìthta , tic opoÐec kaloÔmetop kai inverse-top. Kai oi dÔo teqnikèc epilog c qrhsimopoioÔn tic dianus-
matikèc anaparastˆseic twn frˆsewn t pou sumperilambˆnontai sticQA protropèc , kai pro ljan me qr sh tou
ALIGN[25] VL Transformer. Ta k kontinìtera dianÔsmata me to diˆnusma thc dojeÐsac frˆshct anaktìntai
apotelesmatikˆ me th bo jeia thc omoiìthtac sunhmitìnou kai thc biblioj khc FAISS[27]. Sth sunèqeia, h
teqnik  onìmati top topojeteÐ to pio sqetikì parˆdeigma pr¸to , akoloujoÔmeno apì to 2o pio sqetikì , mèqri
kai to k-ostì pio sqetikì parˆdeigma sthn k-ost  jèsh . Apì thn ˆllh pleurˆ , h inv-top teqnik  antistrèfei
th seirˆ aut  topojet¸ntac to pio sqetikì parˆdeigma sthn k-ost  jèsh . H epilog  tou k poikÐllei metaxÔ
twn diafìrwn peiramˆtwn , anˆloga me to m koc thc protrop c kai touc periorismoÔc lìgw twn diajèsimwn
upologistik¸n pìrwn , kai orÐzetai ston PÐnaka1.4.

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 1.4: Epilog  thc paramètrou k



1.3 Peiramatikì Mèroc

Sthn enìthta aut  parousiˆzoume ta apotelèsmata ektetamènwn peiramˆtwn pou diexagˆgame sta plaÐsia twn
6 teqnik¸n pou dokimˆsame prokeimènou na diereun soume pl rwc to prìblhma thc Aposaf nishc Optik¸n
Ennoi¸n. Gia thn axiolìghsh twn apotelesmˆtwn basizìmaste stic akìloujec metrikèc : Accuracy kai Mean
Reciprocal Rank (MRR).

1.3.1 LLMs gia ton emploutismì tou ennoiologikoÔ plaisÐou

Stouc PÐnakec1.5 kai 1.6 parousiˆzoume ta apotelèsmata pou prokÔptoun apì thn polutropik  anˆkthsh me
qr sh VL Transformers, me   qwrÐc thn enswmˆtwsh tou suntelest  poin c p(i ) antÐstoiqa. Ta Baselines
anafèrontai stic peript¸seic anaforˆc , dhlad  polutropik c anˆkthshc mèsw VL Transformers qwrÐc ton
emploutismì twn frˆsewn apì ta LLMs.

Table 1.5: Apotelèsmata polutropik c anˆkthshc me thn enswmˆtwsh tou suntelest  poin c p(i ). Ta
shmeiwmèna meroz antistoiqoÔn sta kalÔtera apotelèsmata anˆ metrik  , en¸ ta ta shmeiwmèna meèntonh

grammatoseirˆ sta kalÔtera apotelèsmata gia kˆje LLM.

CLIP CLIP-L CLIP LAION ALIGN BLIP C BLIP-L C BLIP F BLIP-L F

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

G
P

T
2-

X
L

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
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
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 73.86 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

B
LO

O
M

Z
-1

b7

exact 61.44 74.50 64.92 77.42 66.52 78.50 65.87 77.60 64.58 76.28 65.66 77.13 59.18 72.70 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
meaning_of 62.63 76.38 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
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
write_description 62.61 76.00 65.93 78.07 68.90 80.13 68.68 79.70 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 80.70 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

O
P

T
-2

.7
B

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 77.86 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 77.68 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 74.91 57.02 70.74 65.44 77.33
could_describe 59.83 73.70 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

B
LO

O
M

Z
-3

b

exact 61.26 74.59 62.99 76.18 67.82 79.31 66.52 78.36 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
describe 62.01 75.38 65.28 78.07 70.84 81.11 66.09 78.60 62.85 75.65 67.39 78.71 57.24 71.72 67.82 79.20
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
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 77.38 67.17 78.75 61.34 73.87 69.33 80.18

O
P

T
-6

.7
B

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
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 74.38 55.51 70.23 65.87 77.70



could_describe 58.59 73.21 61.45 74.60 66.31 78.27 65.44 77.76 63.07 75.34 64.36 76.09 58.32 71.86 65.23 77.28

G
al

ac
tic

a-
6.

7B

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
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
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
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
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
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 71.38 49.24 66.15 60.48 74.29

LL
A

M
A

-7
b

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
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 76.80 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 76.00 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 77.80 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 74.36 54.00 68.67 57.45 71.65 52.27 67.00 61.34 74.50

V
IC

U
N

A
-7

b

exact 58.10 72.46 59.18 73.62 61.99 74.95 64.58 77.20 55.94 70.98 59.83 73.52 53.56 69.18 62.20 75.68
what_is 66.02 77.82 69.05 80.16 68.25 79.76 69.76 80.49 66.74 78.00 69.33 80.00 61.34 74.61 70.84 81.00
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
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
write_description 63.83 76.61 67.32 79.40 68.47 80.24 72.14 81.17 65.23 77.36 67.39 79.05 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

V
IC

U
N

A
-1

3b

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
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
write_description 65.35 77.71 66.45 78.70 70.41 81.60 71.71 82.01 66.31 77.95 67.39 78.74 61.34 74.70 69.98 80.87
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 76.10 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

G
P

T
-3

.5

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
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 79.16 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

G
P

T
-3

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 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 75.55 72.35 82.28
describe 68.25 79.40 68.72 80.26 70.63 81.05 72.57 82.52 64.58 76.75 68.25 79.35 61.34 74.03 69.33 80.47

Table 1.6: Apotelèsmata polutropik c anˆkthshc qwrÐc thn enswmˆtwsh tou suntelest  poin c p(i ). Ta
shmeiwmèna meroz antistoiqoÔn sta kalÔtera apotelèsmata anˆ metrik  , en¸ ta ta shmeiwmèna meèntonh

grammatoseirˆ sta kalÔtera apotelèsmata gia kˆje LLM.

CLIP CLIP-L CLIP LAION ALIGN BLIP C BLIP-L C BLIP F BLIP-L F

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

G
P

T
2-

X
L

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
meaning_of 58.44 72.97 62.55 75.60 64.58 77.08 61.56 72.54 55.08 70.24 54.64 70.76 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 64.76 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 74.97 54.64 69.73 48.81 65.20 51.19 66.97 42.76 61.44 53.13 68.74



B
LO

O
M

Z
-1

b7

exact 58.82 72.23 61.66 75.05 63.71 76.53 63.28 75.56 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 76.00 56.16 70.54 65.23 77.26
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
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
write_description 59.29 73.49 64.82 77.08 67.82 78.85 66.31 77.86 57.67 71.61 61.34 74.76 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

O
P

T
-2

.7
B

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 71.68 65.01 77.90
what_is 58.31 72.91 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 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 69.86 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 72.16 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

B
LO

O
M

Z
-3

b

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 74.35 65.01 77.32 57.24 71.85 68.03 79.12
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
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
write_description 62.26 74.85 63.56 77.02 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

O
P

T
-6

.7
B

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 69.18 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 73.30 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

G
al

ac
tic

a-
6.

7B

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
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 72.40 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

LL
A

M
A

-7
b

exact 53.13 68.98 56.16 70.76 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 77.00 56.37 71.90 68.47 79.43
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
describe 61.39 74.97 63.77 76.99 70.41 81.20 66.74 78.84 64.15 76.25 63.50 76.40 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 71.16 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

V
IC

U
N

A
-7

b

exact 54.86 70.07 57.45 71.92 61.99 75.30 58.96 72.68 52.70 68.00 56.16 71.28 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
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 72.88 64.36 77.09
describe 63.07 76.16 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
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 75.40 63.07 76.10 71.06 81.24 65.66 77.86 60.69 73.94 61.56 74.99 57.24 71.41 65.87 77.58

V
IC

U
N

A
-1

3b

exact 56.93 71.67 58.44 73.10 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
describe 60.48 75.75 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
write_description 62.72 75.84 64.47 77.04 69.55 80.57 68.03 79.55 64.15 76.37 65.23 77.18 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 75.40 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 69.16 65.44 76.81

G
P

T
-3

.5

exact 56.89 69.85 57.11 70.36 62.20 73.38 60.48 72.15 54.43 68.33 56.80 70.42 51.50 65.68 58.32 71.11
what_is 65.00 77.11 65.87 78.11 69.55 80.51 67.82 79.52 64.15 75.91 65.87 77.78 58.10 72.32 68.03 79.36
meaning_of 65.14 77.61 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 80.20 58.96 72.66 67.60 79.47

G
P

T
-3

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 77.62 68.15 79.38 71.06 81.12 69.55 80.22 63.28 75.56 65.01 77.40 56.59 71.54 67.82 79.03
meaning_of 66.52 78.32 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 78.50 68.25 79.81 69.55 80.15 71.27 81.21 63.93 75.81 66.31 77.74 58.96 72.62 67.17 78.93

ParathroÔme ìti o emploutismìc tou ennoiologikoÔ plaisÐou me qr sh twnLLMs bohjˆ sthn upèrbash tou ac-
curacy kai tou MRR anaforˆc ìtan qrhsimopoioÔntai katˆllhlec protropèc , anexˆrthta apì thn enswmˆtwsh
tou suntelest  poin c p(i ). 'Oson aforˆ thn epilog  twn protrop¸n , parathroÔme mia endiafèrousa di-
akÔmansh sqetikˆ me to poièc protropèc odhgoÔn se kalÔtera apotelèsmata emploutismoÔ, me diaforetikèc
protropèc na èqoun kalÔterh   qeirìterh apìdosh metaxÔ twn diaforetik¸n LLMs. Autì epibebai¸nei ton
isqurismì ìti oi protropèc den eÐnai metabibˆsimec, dhlad  mia protrop  pou èqei kal  apìdosh se sunduasmì me
èna sugkekrimèno montèlo den eÐnai aparaÐthto ìti ja apodÐdei to Ðdio kalˆ ìtan qrhsimopoihjeÐ se kˆpoio ˆllo
montèlo. H protrop  "exact" faÐnetai na eÐnai mˆllon h pio adÔnamh wc proc thn ekmaÐeush thc aparaÐththc
gn¸shc pou mporeÐ na enisqÔsei peraitèrw thn polutropik  anˆkthsh, kaj¸c se arketèc peript¸seic oi metr -
seic pou antistoiqoÔn se frˆseic emploutismènec me qr sh thc protrop c aut c parousiˆzoun akìma kai timèc
kˆtw apì tic metr seic anaforˆc . Apì thn ˆllh pleurˆ , h protrop  "meaning_of" faÐnetai na apoteleÐ thn
pio isqur  protrop  pou epiqeir jhke , odhg¸ntac se axioshmeÐwtec belti¸seic apìdoshc sugkritkˆ me thn
apìdosh anaforˆc stic perissìterec peript¸seic . Sunolikˆ , o sunduasmìc tou emploutismoÔ frˆsewn mèsw
tou GPT-3 mazÐ me toCLIP LAION (me enswmatwmèno to suntelest  poin cp(i )) wc polutropikì montèlo
anˆkthshc exasfalÐzei ta bèltista apotelèsmata .

Epiprìsjeta , mia endiafèrousa parat rhsh eÐnai ìti ta montèla Vicuna-7/13B apodÐdoun sugkrÐsima me ta
montèlaGPT-3/3.5 parˆ to gegonìc ìti eÐnai tˆxeic megèjouc mikrìtera . Autì eÐnai enjarruntikì apotèlesma
pou upodhl¸nei ìti o emploutismìc frˆsewn mèsw LLMs Ðswcna mporeÐ na ektelesteÐ me epituqÐa kai me pio
elafriˆ LLMs. Wstìso , stic perissìterec peript¸seic pou ta LLMs me polÔ mikrìterh klÐmaka qrhsimopoioÔn-
tai gia emploutismì me nèa gn¸sh, ta apotelèsmata anˆkthshc duskoleÔontai arketˆ na antagwnistoÔn ta
apotelèmata anaforˆc , qwrÐc prosj kh gn¸shc , apokalÔptontac mia mh amelhtèa sqèsh metaxÔ thc klÐ-
makac kai twn dunatot twn beltÐwshc gn¸shc. Gia parˆdeigma o emploutismìc mèsw touOPT-6.7B odhgeÐ se
apotelèsmata elafr¸c qamhlìtera apì ta apotelèsmata anaforˆc qwrÐc epiprìsjeth gn¸sh stic perissìterec
peript¸seic , anexˆrthta apì thn enswmˆtwsh tou suntelest  poin c . Ta mikrìtera montèla GPT2-XL (1.5 B)
kai BLOOMZ-1.7B parousiˆzoun orismènec belti¸seic se sÔgkrish me ta antÐstoiqa apotelèsmata anaforˆc
ìtan den qrhsimopoieÐtai o suntelest c poin c, me ta sqetikˆ apotelèsmata wstìso na paramènoun qamhlˆ se
sÔgkrish me autˆ twn megalÔterwn glwssik¸n montèlwn.

1.3.2 Exagwg  Keimenik¸n Perigraf¸n apì tic Eikìnec gia Anˆkthsh
Keimènou apì KeÐmeno

Parakˆtw parousiˆzoume ta apotelèmata pou prokÔptoun metatrèpontac to prìblhma thc Aposaf nishc Op-
tik¸n Ennoi¸n se prìblhma Anˆkthshc Keimènou apì KeÐmeno metaxÔ twn exagmènwn perigraf¸n apì tic
upoy fiec eikìnec ci kai twn dojèntwn frˆsewn t. Stouc pÐnakec1.7 kai 1.8 parousiˆzoume ta apotelès-
mata me tic dianusmatikèc keimenikèc anaparastˆseic pou prokÔptoun me qr sh twnVL Transformers kai twn
amig¸c glwwsik¸n transformers ekpaideumènwn sthn shmasiologik  omoiìthta. To No-LLM anafèretai sthn
perÐptwsh pou de qrhsimopoioÔme emploutismì twn frˆsewn, en¸ oi upìloipec peript¸seic antistoiqoÔn se
emploutismènec frˆseic me qr sh protrop¸n pou parousiˆzontai ston PÐnaka 1.2. Se ìla ta apotelèsmata
pou parousiˆzontai to LLM pou eperwtˆtai eÐnai toGPT-3, kaj¸c parousÐase thn an¸terh apìdosh katˆ twn
emploutismì frˆsewn . An kai wc metrikèc omoiìthtac èqoume qrhsimopoi sei tìso thn omoiìthta sunhmitìnou
ìso kai thn eukleÐdia kaimanhattan apìstash , parakˆtw parousiˆzoume apotelèsmata me qr sh apokleistikˆ
thc apìstashc manhattan, kaj¸c fˆnhke na exasfalÐzei thn kalÔterh apìdosh sthn pleioyhfÐa twn perip-
t¸sewn . (Analutikˆ apotelèsmata kai me tic upìloipec metrikèc omoiìthtac parousiˆzontai sthn Enìthta



5.2.2).

Table 1.7: Apotelèsmata apì thn anˆkthsh Keimènou apì KeÐmeno(me   qwrÐc ton emploutismì frˆsewn
mèsw touGPT-3) me qr sh thc apìstashc manhattan wc metrik  omoiìthtac , gia ta diaforetikˆ VL

montèla.

BLIP BLIP-L GiT GiT-L ViT-GPT2
acc. MRR acc. MRR acc. MRR acc. MRR acc. MRR

B
LI

P

Greedy Search
No-LLM 13.61 32.89 14.90 34.00 15.55 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
meaning_of 10.58 30.02 12.96 32.07 9.29 28.91 9.94 30.14 10.37 29.60

Beam Search
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 11.45 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

C
LI

P

Greedy Search
No-LLM 36.50 56.58 41.25 58.18 36.93 55.57 39.09 56.98 26.78 46.51
exact 45.21 63.28 47.60 63.26 43.41 60.58 45.51 62.14 25.75 46.00
what_is 44.96 63.88 46.60 63.48 48.01 63.91 48.24 64.68 34.43 52.81
describe 47.87 65.46 48.82 64.84 48.34 64.90 53.08 67.90 28.44 49.29
meaning_of 46.78 64.70 46.56 63.47 44.35 62.07 48.34 64.99 33.48 52.48

Beam Search
No-LLM 41.04 58.45 44.71 61.70 41.68 59.16 43.84 60.14 29.59 49.30
exact 47.90 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 64.50 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

C
LI

P
-L

Greedy Search
No-LLM 38.01 57.95 41.90 60.49 39.96 57.78 45.36 62.24 28.94 48.00
exact 44.61 62.07 45.21 62.40 43.11 60.71 46.11 63.33 28.74 47.68
what_is 43.09 61.97 47.31 64.83 44.73 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 45.01 63.42 47.45 64.70 45.01 63.42 50.33 67.02 31.49 50.19

Beam Search
No-LLM 42.12 60.12 47.52 65.43 43.11 61.85 45.36 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 54.50 70.82 48.82 65.37 52.61 68.64 36.02 54.45
meaning_of 47.89 65.37 52.55 69.29 45.90 64.44 51.22 67.35 32.82 52.16

C
LI

P
LA

IO
N

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 45.57 63.02 35.85 53.45
describe 42.55 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 57.91 46.22 63.41 35.21 52.77

Beam Search
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 41.90 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 52.51



meaning_of 47.08 63.66 51.62 67.47 45.57 61.61 48.38 65.09 33.05 53.44

A
LI

G
N

Greedy Search
No-LLM 40.60 59.82 48.38 64.71 44.92 62.19 48.60 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 47.95 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
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 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 1.8: Apotelèsmata apì thn anˆkthsh Keimènou apì KeÐmeno(me ton emploutismì frˆsewn mèsw tou
GPT-3) me qr sh thc apìstashc manhattan wc metrik  omoiìthtac , gia ta diaforetikˆ glwwsikˆ montèla ,

ekpaideumèna sthn shmasiologik  omoiìthta.

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

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

di
st

il-
ro

b
er

ta
ba

se

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

st
sb

ro
b

er
ta

ba
se

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

st
sb

-d
is

til
ro

b
er

ta
ba

se

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

st
sb

m
pn

et
ba

se

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

al
l

M
in

iL
M

L6

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 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

al
l

M
in

iL
M

L1
2

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

al
l

m
pn

et
ba

se

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

m
ul

ti-
qa

di
st

ilb
er

t
co

s

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



m
ul

ti-
qa

M
in

LM
L6

-c
os

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

se
nt

en
ce

t5
-b

as
e

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

se
nt

en
ce

t5
-la

rg
e

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 47.95 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

gt
r-

t5
ba

se

exact 44.71 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

gt
r-

t5
la

rg
e

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

ParatroÔme ìti o emploutismìc twn frˆsewn me qr sh LLMs enisqÔei thn apìdosh thc anˆkthshc Keimènou
apì KeÐmeno, sugkrinìmenh me thn antÐstoiqh perÐptwsh anaforˆc-qwrÐc th qr sh LLMs- sthn pleoyhfÐa twn
peript¸sewn . Parìla autˆ paramènei pÐsw apì thn kalÔterh epÐdosh pou èqoume epitÔqei mèqri stigm c me
ton sunduasmì polutropik c anˆkthshc kai emploutismoÔ twn frˆsewn mèsw tou GPT-3. Upojètoume ìti
autì ofeÐletai sthn ap¸leia plhrofori¸n pou prokaleÐtai me th metˆbash apì optik  se keimenik  plhroforÐa
katˆ thn exagwg  perigraf¸n gia tic eikìnec .

Genik ,̂ h pleionìthta twn VL Transformers (ektìc tou BLIP to opoÐo faÐnetai na duskoleÔetai arketˆ na
entopÐsei sqèseic metaxÔ twn frˆsewn-emploutismènwn   mh- kai twn perigraf¸n twn eikìnwn ) apodÐdoun
kalÔtera sthn paragwg  dianusmatik¸n anaparastˆsewn gia ta kèimena sugkritikˆ me touc amig¸c glws-
sikoÔc transformers, parìti oi teleutaÐoi èqoun ekpaideuteÐ rhtˆ ekpaideuteÐ sth shmasiologik  omoiìthta
metaxÔ keimènwn. Eidikìtera , to ALIGN epitugqˆnei accuracy 62.42%xeper¸ntac to bèltisto accuracy pou
epitugqˆnoun oi amig¸c glwssikoÐtransformers, kai sugkekrimèna togtr-t5-large katˆ 7% (55.29%).

1.3.3 Wikipedia & Wikidata gia Anˆkthsh Eikìnac apì Eikìna

Ston PÐnaka1.9 parousiˆzoume ta apotelèsmata pou prokÔptoun apì anˆkthsh Eikìnac apì Eikìna , dhlad 
thc anˆkthshc twn upoyhfÐwn eikìnwni me bˆsh tic sqetikèc eikìneci w pou èqoume entopÐsei apì to diadÐktuo.
Apì to 463deÐgmata tou sunìlou dokim c, to Wikipedia API kai to Wikidata API epistrèfoun apotelèsmata
gia 460 kai 324 frˆseic antÐstoiqa .

CLIP ALIGN
Similarity Image source acc. MRR acc. MRR

Cosine
Wikidata Images 34.26 50.13 31.11 47.84
Wikipedia Images 53.26 68.14 53.26 68.44

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

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

Table 1.9: Apotelèsmata apì thn anˆkthsh Eikìnac apì Eikìna

ParathroÔme ìti akìma kai ta kalÔtera apotelèsmata thc anˆkthshc Eikìnac apì Eikìna den eÐnai ikanˆ
na antagwnistoÔn autˆ twn prohgoÔmenwn teqnik¸n. Upojètoume ìti autì ofeÐletai sto gegonìc ìti oi



apokleistikˆ optikèc anaparastˆseic den eÐnai arketˆ ekfrastikèc gia na diakrÐnoun leptomèreiec metaxÔ
shmasiologikˆ sqetik¸n upoyhfÐwn .

1.3.4 Montèlo Ekmˆjhshc Katˆtaxhc

Ston pÐnaka1.10 parousiˆzoume apotelèsmata apì to montèlo ekmˆjhshc katˆtaxhc, qrhsimopoi¸ntac to
ALIGN wc montèlo anˆkthshc. Perissìtera apotelèsmata tou montèlou ekmˆjhshc katˆtaxhc me qr sh
tou ALIGN, allˆ kai tou CLIP wc montèlou anˆkthshc parousiˆzontai analutikˆ sthn enìthta 5.2.4. Oi
sunduasmoÐ qarakthristik¸n pou parousiˆzontai perilambˆnoun ta akìlouja :

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 - - - - - - 71.71 81.52
X describe X - - - - - - 73.00 82.84
X all prompts X - - - - - - 73.87 83.96
X all-except

exact
X - - - - - - 74.30 83.80

X meaning_of
+ describe

X - - - - - - 74.30 83.86

X all-except
exact

X - - - - ALIGN manhattan 76.09 85.36

X all-except
exact

X - - - - ALIGN cosine 76.52 85.29

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 1.10: Apotelèsmata tou Montèlou Ekmˆjhshc Katˆtaxhc , me qr sh tou ALIGN wc montèlou
Ekmˆjhshc Katˆtaxhc . Ta epishmeiwmèna meroz antistoiqoÔn sta kalÔtera apotelèsmata , en¸ ta
epishmeiwmèna meèntonh grammatoseirˆ antistoiqoÔn se apotelèsmata pou xepernoÔn ta kalÔtera

apotelèsmata tou [11].

1. Basikˆ Qarakthristikˆ : epilog  gia enswmˆtwsh (  ìqi ) tou suntelest  poin c p(i ) sto score(t; i ) gia
thn polutropik  anˆkthsh

2. Qarakthristikˆ apì ton emploutismì me qr sh LLMs : protrop  gia thn paragwg  emploutismènwn
frˆsewn te (  èna sÔnolo n protrop¸n pou odhgeÐ se pollaplˆ te) kai epilog  gia enswmˆtwsh (  ìqi )
tou suntelest  poin c p(i ) sto score(te; i )

3. Qarakthristikˆ apì thn anˆkthsh Keimènou apì KeÐmeno: montèlo gia thn exagwg  twn perigraf¸n ci

apì tic eikìnec , se sunduasmì me to montèlo pou qrhsimopoieÐtai gia thn exagwg  twn dianusmatik¸n
anaparastˆsewn twn keimènwn kai th metrik  omoiìthtac(omoiìthta sunhmitìnou, eukleÐdia/manhattan



apostˆseic ), kaj¸c kai h frˆsh pou qrhsimopoieÐtai (prwtìtuph t,   emploutismènhte,   èna sÔnolo
emploutismènwn frˆsewnte exagmènwn me diaforetikL̂LMs   protropèc )

4. Qarakthristikˆ apì thn anˆkthsh Eikìnac apì Eikìna : montèlo gia thn exagwg  twn dianusmatik¸n ana-
parastˆsewn twn eikìnwn kai metrik  omoiìthtac (omoiìthta sunhmitìnou, eukleÐdia/manhattan apos-
tˆseic )

Gia ìla ta peirˆmata tou PÐnaka 1.10 qrhsimopoi same tic akìloujec uperparamètrouc: 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. Epiplèon, qrhsimopoi jhke ènac diaqwrismìc 80-20 sto sÔnolo ek-
paÐdeushc/ epikÔrwshc, topojet¸ntac 2514deÐgmata sto sÔnolo epikÔrwshc.

Genik ,̂ h enswmˆtwsh tou emploutismoÔ frˆsewn me qr shLLMs faÐnetai na eÐnai exairetikˆ wfèlimh, exas-
falÐzontac bèltistec epidìseic se sÔgkrish me touc upìloipouc sunduasmoÔc qarakthristik¸n   tic upìloipec
teqnikèc pou èqoume parousiˆsei. Sunolikˆ , ta kalÔtera apotelèsmata exasfalÐzei h qr sh tou A LIGN wc
montèlou polutropik c anˆkthshc èqontac enswmat¸sei ìlouc touc sunduasmoÔc qarakthristik¸n . Aut  eÐ-
nai mia endiafèrousa parat rhsh idiaÐtera eˆn analogistoÔme ìti h autìnomh anˆkthsh Keimènou apì KeÐmeno
kai Eikìnac apì Eikìna den exasfalÐzoun idiaÐtera antagwnistikˆ apotelèsmata. Epiprìsjeta , o sunduasmìc
pollapl¸n qarakthristik¸n faÐnetai na eÐnai arketˆ wfèlimoc . Autì faÐnetai tìso sto sunduasmì diafore-
tik¸n protrop¸n (p.q. h epilog  all prompts sunduˆzei ta qarakthristikˆ apì th qr sh ìlwn twn protrop¸n
texact ; twhat � is ; tdescribe tmeaning � of ), ìso kai sto sunduasmì twn qarakthristik¸n apì diaforetikèc ekdoqèc
thc anˆkthshc Keimènou apì KeÐmeno(p.q. h epilog  all te + t anafèretai sto sunduasmì qarakthristik¸n apì
th qr sh twn emploutismènwn frˆsewn kai me tic 4 proanaferjeÐsec protropèc, sun thn prwtìtuph dojeÐsa
frˆsh t).

1.3.5 Prìblhma Er¸thshc -Apˆnthshc kai Alusidwtìc Sullogismìc

Ston PÐnaka 1.11 parousiˆzoume to accuracy pou epitugqˆnoume me th metatrop  tou probl matoc
Aposaf nishc Optik¸n Ennoi¸n se èna prìblhma Er¸thshc -Apˆnthshc (me   qwrÐc th qr sh AllusidwtoÔ
SullogismoÔ (CoT)), eÐte se rÔjmish mhdenik c-bol c (zero-shot)   pollap¸n -bol¸n (few-shot).

Captioner Zero-shot Few-shot
(random)

Few-shot
(top)

Few-shot
(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) 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 1.11: Accuracyapì th metatrop  tou probl matoc Aposaf nishc Optik¸n Ennoi¸n se prìblhma
Er¸thshc -Apˆnthshc .

Genik ,̂ upˆrqei mia emfan c diaforˆ sthn apìdosh tou GPT-3.5-turbo me toVicua-13B, upogrammÐzontac to
rìlo pou pˆizei h klÐmaka tou montèlou sthn perÐptwsh aut , se sÔgkrish me tic prohgoÔmenec. Ed¸ ta
mikrìtera glwssikˆ montèla faÐnetai na mh diajètoun thn aparaÐthth gn¸sh   sullogistikèc ikanìthtec gia
thn exagwg  thc swst c apˆnthshc , anexˆrthta apì thn epilog  thc protrop c   th rÔjmish mhdenik c  
pollapl¸n -bol¸n . Autì sumfwneÐ me thn parat rhsh tou [30] ìti oi sullogistikèc ikanìthtec twn LLMs



anadÔontai sÔmfwna me thn klÐmakˆ touc. Epiprìsjeta , den upˆrqei kˆpoio xekˆjaro motÐbo gia to eˆn h
ˆplhsth anaz thsh   h anaz thsh dèsmhc katˆ thn exagwg  twn perigraf¸n twn eikìnwn eÐnai pio apoteles-
matik  gia thn ekmaÐeush thc katˆllhlhc gn¸shc apì to LLM: sthn perÐptwsh twnGiT-L kai BLIP-L upˆrqei
mia kajar  uperoq  thc ˆplhsthc anaz thshc ìtan autˆ sunduˆzontai me tic CoT kai no_CoT protropèc .
Eidikˆ gia to Vicuna-13B aut  h uperoq  eÐnai polÔ qarakthristik  epidukneÐontac shmantik  pt¸sh apìdoshc
ìtan h anaz thsh dèsmhc paÐrnei th jèsh thc ˆplhsthc anaz thshc . Wstìso , gia to ViT-GPT2 isqÔei to
antÐjeto. Pˆntwc h apìdosh me qr sh anaz thshc dèsmhc faÐnetai na parousiˆzei axioshmeÐwth pt¸sh ìtan
sunduˆzetai me rÔjmish pollapl¸n -bol¸n . Tautìqrona , oÔte oi"choose" protropèc faÐnetai na parousiˆzoun
kˆpoio xeqwristì motÐbo ìtan sunduastoÔn me tic dÔo mejìdouc anaz thshc. Sunolikˆ , to GiT-L faÐnetai
na eÐnai to pio uposqìmeno anaforikˆ me tic dunatìthtèc tou sthn exagwg  perigraf¸n apì tic eikìnec sthn
pleioyhfÐa twn apotelesmˆtwn tou PÐnaka1.11, en¸ to BLIP-L ( me ˆplhsth anaz thsh ) faÐnetai na eÐnai pio
ikanì se rÔjmish pollapl¸n -bol¸n se sunduasmì me to Vicuna-13B.



1.4 Sumperˆsmata

Parousiˆsame mia jemeli¸dh anˆlush me ekten  peirˆmata gia to prìblhma thc Aposaf nishc Optik¸n
Ennoi¸n. Pio sugkekrimèna qrhsimopoi same arketˆ apì ta pio epituqhmèna montèla thc epoq c mac gia
polutropik  anˆkthsh , jètontac isqurˆ apotelèsmata anaforˆc , parousiˆsame ta pleonekt mata tou em-
ploutismoÔ twn amfÐshmwn frˆsewn me exwterik  gn¸sh, apojhkeumènh sta bˆrh twn LLMs kai epitÔqame
antagwnistikˆ apotelèsmata ekpaideÔontac èna elafrÔ montèlo anˆkthshc qrhsimopoi¸ntac qarakthristikˆ
pou exˆgame apì ta anexˆrthta peirˆmata pou diexˆgame. Pio sugkekrimèna, h trèqousa ergasÐa eÐnai h
pr¸th pou axiopoieÐ thn ploÔsia gn¸sh pou eÐnai apojhkeumènh staLLMs mèsw thc qr shc diaforetik¸n
protrop¸n . Akolouj¸ntac to parˆdeigma tou LLM-as-KB katafèrame na enisqÔsoume thn apìdosh anaforˆc
twn montèlwn anaforˆc . Epiprìsjeta , exetˆsame thn apìdosh thc apokleistikˆ keimenik c   optik c anˆk-
thshc, kaj¸c kai thn apìdosh thc metatrophc tou probl matoc thc Aposaf nishc Optik¸n Ennoi¸n se èna
amig¸c keimenikoÔ probl matoc Er¸thshc-Apˆnthshc , sta plaÐsia tou opoÐou antikatastÐsame tic upoy fiec
eikìnec me keimenikèc perigrafèc. Tèloc , mèsw protrop¸n AlusidwtoÔ SullogismoÔ xedipl¸same th sullo-
gistik  diadikasÐa twn LLMs pÐsw apì to prìblhma thc Aposaf nishc Optik¸n Ennoi¸n kai tonÐsame tic
ermhneÔsimec apì ton ˆnjrwpo ptuqèc epex ghshc sqetikˆ me th diadiaksÐa exagwg c gn¸shc apì taLLMs.
Sunolikˆ , h anˆlus  mac apokalÔptei th shmasÐa thc klÐmakac enìc glwssikoÔ montèlou gia thn ektèlesh er-
gasi¸n sqetik¸n me thn exagwg  gn¸shc kai sullogismì . Ta apotelèsmatˆ mac xepernoÔn arketèc sÔgqronec
ulopoi seic kai ta arqikˆ apotelèsmata anaforˆc , en¸ dÐnoun to ènausma gia kainotìmec ulopoi seic.

KleÐnontac aut  th diatrib  ja jèlame na proteÐnoume merikèc kateujÔnseic gia peraitèrw beltÐwsh aut c
thc ergasÐac pou Ðswc empneÔsoun kai gia endiafèrousec diaforetikèc proseggÐseic. Arqikˆ , ja mporoÔse
na direunhjeÐ h qr shsoft prompting gia thn peraitèrw beltÐwsh kai emploutismì thc diajèsimhc gn¸shc.
Parˆllhla , ja mporoÔsan na dokimastoÔn kai ubridikèc proseggÐseic sunduˆzontacLLMs me megˆlhc klÐmakac
grˆfouc gn¸sewn pou ja mporoÔsan na bohj soun sthn peraitèrw aposaf nish twn amfÐshmwn frˆsewn . Epi-
plèon, ptuqèc sqetikèc me thn epex ghsh tou probl matoc Aposaf nishc Optik¸n Ennoi¸n ja mporoÔsan na
apotelèsoun nèa pedÐa èreunac. AnamfÐbola, mia se bˆjoc anˆlush twn apotuqi¸n anˆkthshc pou parousiˆ-
zoun oi peiramatismoÐ ja mporoÔsan na d¸soun endiafèrousec plhroforÐec kai na odhg soun sto drìmo gia thn
beltÐwsh kai epÐlush aut¸n. Tèloc , basikì periorismì , pou mellontikˆ ja mporoÔse na xeperasteÐ, apoteleÐ
kai o peiramatismìc kai me tic upìloipec gl¸ssec tou sunìlou dedomènwn, twn italik¸n kai twn persik¸n ,
pèra apì ta agglikˆ , sta opoÐa epikentrwj kame sth sugkekrimènh 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 treecontains 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 colored 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:

ˆ 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.

ˆ 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.

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

ˆ 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 speci�cally, 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 beenn-grams 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 sequencew1; w2; : : : wn as:

P(w1 ; w2 ; : : : wn ) = P(w2 ; w1) � P (w3 jw2) � � � � � P (wn jwn � 1) (3.1.1)

where the conditional probability P(wk jwk � 1) can be estimated the proportion of occurrences of the word
wk � 1 followed by the word wk 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 identityi to each word
wi 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 output y 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:

ˆ 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.

ˆ 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:

ˆ 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.

ˆ 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.

ˆ 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-
quential 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 �ll 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�c 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:

ˆ 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].

ˆ 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].

ˆ Gradient-based Search, which 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].

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

ˆ 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:

ˆ 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]

ˆ 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]

ˆ 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-
quently, 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,
question 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 lm'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 achain 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 over�t 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 proposed.Static 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.

ˆ 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.

ˆ 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 Modeling[51], 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
techniques, 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 �ll-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:

ˆ 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.

ˆ 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.

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

ˆ 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 di�erences in phrase length, with the vast ma-
jority of phrases consisting of 2 words. The data samples and the o�cial splits can be found in
https://raganato.github.io/vwsd/. Additionally, the statistics of the VWSD dataset are presented bellow:

Split #Samples Phrase length
1 word 2 words 3 words 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 imagei with respect to a given text phrase
t relies on a similarity score:

score(t; i ) = max(sim(t; i )) (4.3.1)

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:

ˆ CLIP with ViT[15] base encoder 1

ˆ CLIP with ViT large encoder, denoted as CLIP-L 2

ˆ CLIP LAION [70] (LAION/CLIP ViT-H/14), trained on LAION-2B English subset of LAION-5B 3

ˆ ALIGN[25] 4

1https://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-b79K
4https://huggingface.co/kakaobrain/align-base



ˆ BLIP[41] with ViT base encoder, trained on COCO[45] and denoted as BLIPC
5

ˆ BLIP with ViT large encoder, trained on COCO and denoted as BLIP-L C
6

ˆ BLIP with ViT base encoder, trained on Flickr30k[93] and denoted as BLIPF
7

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

We also conducted experiments with the penalty factor p(i ) described in [11] to modulate the retrieval
preference of images that represent high similarity scoressim(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:

p(i ) =

 
1

jT j

X

t k 2 T

sim(tk ; i )

!

�
card(i )

max i m 2 I card(i m )
(4.3.2)

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

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

score(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 phrasest by providing more
details in a zero-shot manner, resulting in enhanced phraseste. 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 penaltyp(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�c information from the model has been proven to be bene�cial [30].

Prompt templates used for zero-shot LLM knowledge enhancement of textual phrasest are 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> I would say that �
could_describe �I 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:

5https://huggingface.co/Salesforce/blip-itm-base-coco
6https://huggingface.co/Salesforce/blip-itm-large-coco
7https://huggingface.co/Salesforce/blip-itm-base-�ickr
8https://huggingface.co/Salesforce/blip-itm-large-�ickr



ˆ GPT-3[9] with 175B parameters, speci�cally text-davinci-003 & GPT-3.5-turbo 9

ˆ GPT2-XL[64] with 1.5B parameters 10

ˆ BLOOMZ-1.7B 11 & BLOOMZ-3b [58] 12

ˆ OPT-2.7B 13 & OPT-6.7B [97] 14

ˆ LLAMA-7B [83] 15

ˆ Vicuna-7B 16 & Vicuna-13B [99] 17

ˆ Galactica-6.7B [80]18

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 ci . In particular, the following captioning models are used:

ˆ BLIP Captions [41] with ViT-base[15] encoder 19

ˆ BLIP Captions with ViT-large encoder, denoted as BLIP-L Captions 20

ˆ GiT [88] with ViT-base encoder 21

ˆ GiT with ViT-large encoder, denoted as GiT-L 22

ˆ ViT-GPT2 [34] which uses ViT-base as encoder and GPT-2[64] as decoder23

For all image-captioning models we exploit both beam-search multinomial sampling with 10 beams to obtain
k=10 captions per image i , as well as greedy search. We represent asck

i 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 captionsci 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:

ˆ distilroberta-base24 & xlm-r-distilroberta-paraphrase 25

ˆ stsb-roberta-base26, stsb-distilroberta-base27 & stsb-mpnet-base28

ˆ all-MiniLM-L6 29, all-MiniLM-L12 30 & all-mpnet-base31

9https://platform.openai.com/docs/models/gpt-3
10 https://huggingface.co/gpt2-xl
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 https://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/xlm-r-distilroberta-base-paraphrase-v1
26 https://huggingface.co/sentence-transformers/stsb-roberta-base-v2
27 https://huggingface.co/sentence-transformers/stsb-distilroberta-base-v2
28 https://huggingface.co/sentence-transformers/stsb-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



ˆ multi-qa-distilbert-cos 32 & multi-qa-MiniLM-L6-cos 33

ˆ sentence-t5-base34, sentence-t5-large35, gtr-t5-base36 & gtr-t5-large 37

Then, in both cases, we use cosine similarity or euclidean/manhattan distance to calculatescore(t; ck
i ), 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 image i w from
each article. Then, we post-processed the retrieved image set by considering a maximum ofk = 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 imagesi w and
the candidate image i . 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 score(i w ; 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 objective38, 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):

(a) score(t; i )

(b) max(score(t; i ))

(c) mean(score(t; i ))

(d) di�erence a-b

(e) di�erence a-c

In a similar way, the steps (a)-(e) are repeated for each one of the other methods, with only replacing the
score(t; i ) with the proper score equation. Particularly, instead of score(t; i ), for LLM-enhancement we use the
score(te; i ), for caption-phrase retrieval the score(t; ck

i ), for enhanced caption-phrase retrieval thescore(te; ck
i ),

and �nally for the image retrieval the score(i w ; 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 phraseste 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-qa-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 LGBMRanker 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
name

Prompt template

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
(greedy)

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

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

You have ten images, (A) to (J), which are given to you in the form of captions.(A) <cap-
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
(greedy)

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

You have ten images, (A) to (J), which are given to you in the form of a set of captions. (A)
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 images i and phrasest. Therefore, image captioning techniques are utilised to accomplish this transfor-
mation, with captions ci being provided for each candidate imagei . 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-understandableexplanations 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�c 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, designated asA ,
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 answerA 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 selectk 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, namelytop 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.
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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) GPU - NVIDIA Tesla K40 12GB � 02:00 h / 1000 images

BLIP-L (batches with 1000 images each) GPU - NVIDIA Tesla K40 12GB � 03:00 h / 1000 images
GiT (batches with 1000 images each) GPU - NVIDIA Tesla K40 12GB � 03:00 h / 1000 images

GiT-L (batches with 1000 images each) GPU - NVIDIA Tesla K40 12GB � 04:00 h / 1000 images
ViT-GPT2 (batches with 1000 images each) GPU - NVIDIA Tesla K40 12GB � 02:00 h / 1000 images

Sentence Transformers
xlm-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
stsb-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:

accuracy=
number of correct predictions
total number of predictions

(5.1.1)



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 1
rank , 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.

MRR =
1
Q

QX

i =1

1
rank i

(5.1.2)

In our case, each sample of the dataset corresponds to one single queryQ, 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 C BLIP-L C BLIP F BLIP-L F

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

G
P

T
2-

X
L

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
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
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 73.86 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

B
LO

O
M

Z
-1

b7

exact 61.44 74.50 64.92 77.42 66.52 78.50 65.87 77.60 64.58 76.28 65.66 77.13 59.18 72.70 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
meaning_of 62.63 76.38 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
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
write_description 62.61 76.00 65.93 78.07 68.90 80.13 68.68 79.70 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 80.70 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

O
P

T
-2

.7
B

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 77.86 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 77.68 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 74.91 57.02 70.74 65.44 77.33
could_describe 59.83 73.70 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

B
LO

O
M

Z
-3

b

exact 61.26 74.59 62.99 76.18 67.82 79.31 66.52 78.36 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
describe 62.01 75.38 65.28 78.07 70.84 81.11 66.09 78.60 62.85 75.65 67.39 78.71 57.24 71.72 67.82 79.20
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
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 77.38 67.17 78.75 61.34 73.87 69.33 80.18

O
P

T
-6

.7
B

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
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 74.38 55.51 70.23 65.87 77.70
could_describe 58.59 73.21 61.45 74.60 66.31 78.27 65.44 77.76 63.07 75.34 64.36 76.09 58.32 71.86 65.23 77.28

G
al

ac
tic

a-
6.

7B

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
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
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
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
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
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 71.38 49.24 66.15 60.48 74.29

LL
A

M
A

-7
b

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
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 76.80 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 76.00 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 77.80 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 74.36 54.00 68.67 57.45 71.65 52.27 67.00 61.34 74.50

V
IC

U
N

A
-7

b

exact 58.10 72.46 59.18 73.62 61.99 74.95 64.58 77.20 55.94 70.98 59.83 73.52 53.56 69.18 62.20 75.68
what_is 66.02 77.82 69.05 80.16 68.25 79.76 69.76 80.49 66.74 78.00 69.33 80.00 61.34 74.61 70.84 81.00
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
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
write_description 63.83 76.61 67.32 79.40 68.47 80.24 72.14 81.17 65.23 77.36 67.39 79.05 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

V
IC

U
N

A
-1

3b

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
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
write_description 65.35 77.71 66.45 78.70 70.41 81.60 71.71 82.01 66.31 77.95 67.39 78.74 61.34 74.70 69.98 80.87
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 76.10 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

G
P

T
-3

.5

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
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 79.16 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

G
P

T
-3

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 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 75.55 72.35 82.28
describe 68.25 79.40 68.72 80.26 70.63 81.05 72.57 82.52 64.58 76.75 68.25 79.35 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 LAION ALIGN BLIP C BLIP-L C BLIP F BLIP-L F

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

G
P

T
2-

X
L

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
meaning_of 58.44 72.97 62.55 75.60 64.58 77.08 61.56 72.54 55.08 70.24 54.64 70.76 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 64.76 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 74.97 54.64 69.73 48.81 65.20 51.19 66.97 42.76 61.44 53.13 68.74

B
LO

O
M

Z
-1

b7

exact 58.82 72.23 61.66 75.05 63.71 76.53 63.28 75.56 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 76.00 56.16 70.54 65.23 77.26
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
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
write_description 59.29 73.49 64.82 77.08 67.82 78.85 66.31 77.86 57.67 71.61 61.34 74.76 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



O
P

T
-2

.7
B

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 71.68 65.01 77.90
what_is 58.31 72.91 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 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 69.86 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 72.16 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

B
LO

O
M

Z
-3

b

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 74.35 65.01 77.32 57.24 71.85 68.03 79.12
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
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
write_description 62.26 74.85 63.56 77.02 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

O
P

T
-6

.7
B

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 69.18 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 73.30 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

G
al
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tic

a-
6.

7B

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
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 72.40 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
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A
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b

exact 53.13 68.98 56.16 70.76 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 77.00 56.37 71.90 68.47 79.43
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
describe 61.39 74.97 63.77 76.99 70.41 81.20 66.74 78.84 64.15 76.25 63.50 76.40 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 71.16 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

V
IC

U
N

A
-7

b

exact 54.86 70.07 57.45 71.92 61.99 75.30 58.96 72.68 52.70 68.00 56.16 71.28 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
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 72.88 64.36 77.09
describe 63.07 76.16 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
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 75.40 63.07 76.10 71.06 81.24 65.66 77.86 60.69 73.94 61.56 74.99 57.24 71.41 65.87 77.58

V
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U
N

A
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3b

exact 56.93 71.67 58.44 73.10 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
describe 60.48 75.75 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
write_description 62.72 75.84 64.47 77.04 69.55 80.57 68.03 79.55 64.15 76.37 65.23 77.18 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 75.40 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 69.16 65.44 76.81

G
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T
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.5

exact 56.89 69.85 57.11 70.36 62.20 73.38 60.48 72.15 54.43 68.33 56.80 70.42 51.50 65.68 58.32 71.11
what_is 65.00 77.11 65.87 78.11 69.55 80.51 67.82 79.52 64.15 75.91 65.87 77.78 58.10 72.32 68.03 79.36
meaning_of 65.14 77.61 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 80.20 58.96 72.66 67.60 79.47



G
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T
-3

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 77.62 68.15 79.38 71.06 81.12 69.55 80.22 63.28 75.56 65.01 77.40 56.59 71.54 67.82 79.03
meaning_of 66.52 78.32 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 78.50 68.25 79.81 69.55 80.15 71.27 81.21 63.93 75.81 66.31 77.74 58.96 72.62 67.17 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 con�rms 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, CLIPLAION 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 LAION (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', 'A']; 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', 'G' , 'C', 'E', 'I', 'B', 'F', 'J', 'H', 'D'], ranking the golden candidate
image G in the second position; the baseline CLIPLAION label is ['G' , 'F', 'B', 'I', 'C', 'J', 'E', 'D', 'A', 'H'],
ranking the golden image in the �rst position; and �nally the baseline ALIGN label is [ 'G' , 'C', 'E', 'F', 'J',



A B C (Gold image) D E

F G H I J

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

Prompt
name

Enhanced phrase

exact
greeting card Dear [Name],I hope this card �nds you in good health and spirits. I wanted to take a
moment to let you know how much I appreciate you and all that you do. You are an amazing person
and I 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', 'C' , 'B', 'E', 'H', 'I', 'J', 'D', 'F', 'A']

what_is
What is greeting card? A greeting card is a card with a message of celebration, congratulations, 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', 'C' , 'F', 'I', 'A']

describe
Describe greeting card. A greeting card is a small, decorated card that 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: [ 'C' , 'G', 'D', 'B', 'F', 'E', 'I', 'H', 'J', 'A']

meaning_of
What is the meaning of greeting card? A greeting card is a card sent to someone to express congrat-
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', 'C' , 'I', '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 phrasete 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 CLIPLAION 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 C , BLIP C -L, BLIP F , BLIP F -L and CLIP LAION are:

BLIP C : ['I', 'J', 'B', 'D', 'E', 'A', 'F', 'C' , 'G', 'H'];

BLIP-L C : ['I', 'E', 'D', 'H', 'G', 'B', 'C' , 'J', 'F', 'A'];



Prompt
name

Enhanced phrase

exact
greeting card 1greeting card 2greeting card 3greeting card 4greeting card 5greeting card 6greeting
card 7greeting card 8greeting card 9greeting card 10greeting card
CLIP predictions: ['G', 'J', 'H', 'D', 'I', 'B', 'E', 'F', 'C' , 'A']

what_is
What is greeting card? A greeting card is a piece of card stock or paper that is designed for writing
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', 'C' , 'D', 'B', 'J', 'I', 'E', 'F', 'A']

describe
Describe greeting card. Greeting card 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', 'C' , 'F', 'A']

meaning_of
What is the meaning of greeting card? A greeting card is a card sent to someone as a means 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', 'A']

Table 5.8: Enhanced phrases for "greeting card" using Vicuna-7B.

A B C D E

F G (Gold image) H I J

Figure 5.2.2: Candidate images for the phrase "suede chamois".

BLIP F : ['I', 'D', 'G', 'J', 'B', 'H', 'C' , 'A', 'E', 'F'];

BLIP-L F : ['I', 'E', 'D', 'J', 'G', 'B', 'A', 'C' , 'F', 'H'];

CLIP LAION : ['C' , 'H', 'I', 'B', 'E', 'F', 'J', 'A', 'D', '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 CLIPLAION 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 CLIPLAION , 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
name

Enhanced phrase

exact
suede chamois Suede chamois is a type of leather that is made from the hide of a sheep. It is known
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', 'G' , 'C', 'I', 'E', 'F', 'J', 'B', 'D', 'H']
CLIP LAION predictions: [ 'G' , 'F', 'I', 'B', 'C', 'J', 'E', 'A', 'D', 'H']
ALIGN predictions: [ 'G' , 'E', 'C', 'J', 'I', 'H', 'F', 'D', 'B', 'A']

what_is
What is suede chamois? Suede chamois is a type of leather that has been treated to give it a soft,
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', 'G' , 'A', 'I', 'E', 'F', 'J', 'B', 'D', 'H']
CLIP LAION predictions: [ 'G' , 'F', 'I', 'C', 'J', 'B', 'E', 'D', 'A', 'H']
ALIGN predictions: [ 'G' , 'C', 'J', 'E', 'I', 'H', 'D', 'B', 'F', 'A']

describe
Describe suede chamois. Chamois is a type of soft, suede leather that is made from 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', 'G' , 'E', 'C', 'I', 'H', 'B', 'D', 'J']
CLIP LAION predictions: [ 'G' , 'F', 'I', 'C', 'A', 'J', 'E', 'B', 'H', 'D']
ALIGN predictions: [ 'G' , '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: [ 'G' , 'A', 'C', 'I', 'F', 'E', 'B', 'J', 'H', 'D']
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.

A B C (Gold image) D E
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Figure 5.2.3: Candidate images for the phrase "retard maneuver".



Prompt
name

Enhanced phrase

exact
retard maneuver A retard maneuver is a type of driving technique used to slow down a vehicle. It
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 C predictions: ['J', 'C' , 'E', 'F', 'I', 'G', 'D', 'A', 'B', 'H']
BLIP-L C predictions: ['E', 'C' , 'G', 'J', 'I', 'F', 'H', 'D', 'B', 'A']
BLIP F predictions: [ 'C' , 'I', 'J', 'B', 'G', 'A', 'D', 'E', 'H', 'F']
BLIP-L F 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
What is retard maneuver? Retard maneuver is a term used to describe a maneuver that is performed
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 C predictions: ['A', 'J', 'E', 'I', 'F', 'D', 'C' , 'G', 'B', 'H']
BLIP-L C predictions: ['E', 'I', 'J', 'F', 'A', 'G', 'D', 'C' , 'B', 'H']
BLIP F predictions: ['A', 'J', 'I', 'E', 'G', 'C' , 'D', 'B', 'F', 'H']
BLIP-L F predictions: ['E', 'A', 'I', 'J', 'F', 'G', 'C' , 'D', 'B', 'H']
CLIP LAION predictions: ['A', 'E', 'J', 'I', 'F', 'C' , 'G', 'B', 'D', 'H']

describe
Describe retard maneuver. A retard maneuver is a type of driving technique used to slow 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 C predictions: ['J', 'C' , 'E', 'I', 'D', 'A', 'B', 'G', 'F', 'H']
BLIP-L C predictions: ['E', 'C' , 'I', 'G', 'J', 'H', 'F', 'B', 'D', 'A']
BLIP F predictions: [ 'C' , 'I', 'J', 'B', 'G', 'A', 'D', 'E', 'H', 'F']
BLIP-L F predictions: [ 'C' , 'E', 'I', 'G', 'J', 'D', 'B', 'F', 'H', 'A']
CLIP LAION predictions: [ 'C' , 'E', 'J', 'F', 'I', 'H', 'A', 'B', 'G', 'D']

meaning_of
What is the meaning of retard maneuver? Retard maneuver is a term used in aviation to describe a
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 C predictions: ['J', 'F', 'E', 'A', 'I', 'D', 'G', 'B', 'C' , 'H']
BLIP-L C predictions: ['E', 'J', 'A', 'F', 'I', 'G', 'B', 'D', 'C' , 'H']
BLIP F predictions: ['A', 'C' , 'I', 'J', 'E', 'G', 'B', 'D', 'F', 'H']
BLIP-L F predictions: ['E', 'A', 'J', 'F', 'I', 'G', 'C' , 'D', 'B', 'H']
CLIP LAION predictions: ['A', 'E', 'J', 'F', 'I', 'C' , 'B', 'H', 'G', 'D']

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



Prompt
name

Enhanced phrase

exact
retard 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 C predictions: ['H', 'E', 'J', 'I', 'G', 'D', 'B', 'C' , 'A', 'F']
BLIP-L C predictions: ['H', 'E', 'F', 'J', 'I', 'D', 'G', 'A', 'B' 'C' ]
BLIP F predictions: ['H', 'I', 'D', 'J', 'B', 'G', 'C' , 'A', 'E', 'F']
BLIP-L F predictions: ['I', 'H', 'E', 'J', 'C' , 'G', 'D', 'B', 'F', 'A']
CLIP LAION predictions: ['I', 'E', 'C' , 'B', 'H', 'D', 'A', 'G', 'J', 'F']

what_is
What is retard maneuver?Im sorry, but retard maneuver is not a recognized term in the �elds
of transportation, aviation or engineering. Can you please provide more context so I can better
understand the term you are referring to?
BLIP C predictions: ['J', 'F', 'E', 'G', 'I', 'A', 'D', 'C' , 'B', 'H']
BLIP-L C predictions: ['E', 'J', 'F', 'G', 'I', 'A', 'H', 'D', 'C' , 'B']
BLIP F predictions: ['A', 'J', 'G', 'I', 'C' , 'D', 'E', 'B', 'H', 'F']
BLIP-L F predictions: ['E', 'G', 'A', 'J', 'F', 'I', 'C' , 'H', 'B', 'D']
CLIP LAION predictions: ['A', 'E', 'I', 'J', 'F', 'B', 'H', 'D', 'C' , 'G']

describe
Describe retard maneuver.I 'm sorry, but I cannot comply with your request. The term retard
maneuver is not a commonly used or acceptable term, and I 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 C predictions: ['J', 'F', 'H', 'I', 'E', 'B', 'G', 'C' , 'D', 'A']
BLIP-L C predictions: ['H', 'F', 'I', 'E', 'J', 'G', 'D', 'B', 'A', 'C' ]
BLIP F predictions: ['D', 'C' , 'I', 'J', 'A', 'H', 'B', 'G', 'F', 'E']
BLIP-L F predictions: ['I', 'E', 'H', 'J', 'F', 'D', 'G', 'C' , 'A', 'B']
CLIP LAION predictions: ['I', 'E', 'J', 'D', 'C' , 'B', 'H', 'A', 'G', 'F']

meaning_of
What is the meaning of retard maneuver? I 'm sorry, but retard maneuver is not a commonly used
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 C predictions: ['B', 'J', 'I', 'C' , 'H', 'E', 'A' , 'G', 'F', 'D']
BLIP-L C predictions: ['H', 'I', 'J', 'E', 'D', 'F', 'G', 'B', 'C' , 'A']
BLIP F predictions: ['I', 'D', 'C' , 'H', 'B', 'A', 'J', 'G', 'E', 'F']
BLIP-L F predictions: ['I', 'H', 'E', 'J', 'C' , 'D', 'F', 'G', 'B', 'A']
CLIP LAION predictions: ['I', 'E', 'D', 'B', 'H', 'C' , 'A', 'G', 'J', '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 C predictions: ['I', 'J', 'C' , 'E', 'F', 'A', 'G', 'B', 'D', 'H']
BLIP-L C predictions: ['I', 'J', 'E', 'C' , 'F', 'G', 'H', 'D', 'A', 'B']
BLIP F predictions: [ 'C' , 'I', 'J', 'G', 'A', 'B', 'E', 'D', 'H', 'F']
BLIP-L F predictions: ['I', 'J', 'C' , 'E', 'F', 'G', 'H', 'D', 'A', 'B']
CLIP LAION predictions: [ 'C' , 'I', 'E', 'J', 'F', 'A', 'H', 'B', 'D', 'G']

what_is
What is retard maneuver? a maneuver in which a ship is forced to slow down
BLIP C predictions: ['F', 'J', 'G', 'I', 'E', 'D', 'C' , 'B', 'H', 'A']
BLIP-L C predictions: ['F', 'G', 'I', 'E', 'J', 'D', 'H', 'A', 'C' , 'B']
BLIP F predictions: ['G', 'I', 'J', 'E', 'A', 'D', 'H', 'B', 'C' , 'F']
BLIP-L F predictions: ['F', 'G', 'J', 'E', 'I', 'D', 'A', 'C' , 'B', 'H']
CLIP LAION predictions: ['F', 'E', 'A', 'I', 'H', 'J', 'G', 'B', 'D', 'C' ]

describe
Describe retard maneuver. describe the hand that is being used to perform the retard manoeuvre.
BLIP C predictions: ['J', 'I', 'E', 'F', 'H', 'C' , 'B', 'D', 'G', 'A']
BLIP-L C predictions: ['I', 'H', 'E', 'F', 'J', 'G', 'D', 'A', 'C' , 'B']
BLIP F predictions: ['I', 'E', 'J', 'H', 'F', 'G', 'D', 'A', 'B', 'C' ]
BLIP-L F predictions: ['I', 'E', 'H', 'J', 'F', 'G', 'D', 'B', 'C' , 'A']
CLIP LAION predictions: ['I', 'E', 'F', 'H', 'J', 'B', 'A', 'D', 'G', 'C' ]

meaning_of
What is the meaning of retard maneuver? slow motion
BLIP C predictions: ['I', 'E', 'C' , 'J', 'D', 'H', 'G', 'F', 'B', 'A']
BLIP-L C predictions: ['I', 'E', 'H', 'F', 'J', 'C' , 'G', 'D', 'B', 'A']
BLIP F predictions: ['I', 'D', 'B', 'E', 'C' , 'H', 'J', 'A', 'G', 'F']
BLIP-L F predictions: ['I', 'E', 'J', 'H', 'F', 'C' , 'D', 'G', 'B', 'A']
CLIP LAION predictions: ['I', 'E', 'C' , 'H', 'F', 'J', 'B', 'D', 'A', 'G']

to_describe
To describe retard maneuver I would say that it is a very di�cult manoeuvre to perform.
BLIP C predictions: ['J', 'G', 'E', 'H', 'I', 'F', 'B', 'A', 'D', 'C' ]
BLIP-L C predictions: ['H', 'I', 'G', 'F', 'J', 'E', 'D', 'B', 'C' , 'A']
BLIP F predictions: ['I', 'H', 'D', 'J', 'F', 'G', 'E', 'B', 'A', 'C' ]
BLIP-L F predictions: ['E', 'I', 'H', 'G', 'J', 'F', 'D', 'B', 'C' , 'A']
CLIP LAION predictions: ['I', 'E', 'H', 'F', 'C' , 'B', 'G', 'J', 'A', 'D']

could_describe
I could describe retard maneuver as a maneuver that is used to slow down a vehicle.
BLIP C predictions: ['J', 'I', 'F', 'E', 'C' , 'G', 'A', 'D', 'H', 'B']
BLIP-L C predictions: ['E', 'I', 'J', 'F', 'G', 'C' , 'H', 'D', 'B', 'A']
BLIP F predictions: [ 'C' , 'J', 'I', 'G', 'A', 'D', 'B', 'E', 'H', 'F']
BLIP-L F predictions: ['E', 'J', 'I', 'C' , 'F', 'G', 'D', 'H', 'A', 'B']
CLIP LAION predictions: [ 'C' , 'I', 'E', 'J', 'F', 'A', 'H', 'D', 'B', 'G']

write_description
Write a description of retard maneuver. retard maneuver is a special manoeuvre in which the aircraft
is forced to slow down to a low speed and then to slow down again.
BLIP C predictions: ['A', 'I', 'J', 'H', 'E', 'F', 'B', 'D', 'C' , 'G']
BLIP-L C predictions: ['H', 'E', 'I', 'F', 'J', 'A', 'G', 'D', 'C' , 'B']
BLIP F predictions: ['A', 'I', 'C' , 'J', 'E', 'D', 'B', 'G', 'H', 'F']
BLIP-L F predictions: ['E', 'A', 'I', 'F', 'G', 'H', 'J', 'C' , 'D', 'B']
CLIP LAION predictions: ['A', 'C' , 'I', 'J', 'E', 'F', 'B', 'H', 'G', 'D']

Table 5.12: Enhanced phrases for "retard maneuver" using BLOOMZ-1B7.



5.2.2 Image Captioning for text retrieval

In this section we present results on text retrieval between extracted image captionsci 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
phrases te. In all results presented, GPT-3 is selected as the LLM to be prompted, as it demonstrated
superior knowledge-enhancement performance.

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, whilebold 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

B
LI

P

Cosine Similarity - Greedy
No-LLM 12.74 32.61 14.25 33.63 15.77 34.53 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 32.84 11.45 30.42 12.10 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 12.53 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 11.45 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 14.69 33.79 15.55 34.67 17.71 36.56 13.61 32.51
exact 9.94 29.58 12.31 31.77 9.29 29.33 12.53 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
meaning_of 9.72 29.68 12.31 31.56 9.72 29.14 11.23 30.89 10.37 29.23

Euclidean Distance - Beam
No-LLM 14.47 33.60 14.90 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 12.96 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 31.40 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 14.90 34.00 15.55 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
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 11.45 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



C
LI

P

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 55.34 38.02 54.82 36.83 53.74 35.33 53.07 22.75 41.77
what_is 37.24 55.91 37.24 54.50 38.41 55.03 38.17 55.40 26.00 45.19
describe 39.34 57.90 45.02 60.39 44.08 59.27 41.23 57.73 23.70 44.66
meaning_of 38.14 56.35 34.37 52.59 35.25 53.03 39.02 55.48 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 42.22 58.73 44.31 61.92 40.42 56.99 40.72 55.99 27.54 46.58
what_is 41.45 58.42 46.14 62.39 41.92 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 48.52
meaning_of 39.02 56.91 44.79 61.57 42.79 58.42 38.14 54.77 28.38 47.60

Euclidean Distance - Greedy
No-LLM 35.85 53.63 32.40 50.51 32.83 51.61 33.69 51.45 24.62 43.99
exact 43.41 61.63 44.31 60.05 42.81 59.67 43.11 60.31 24.85 44.71
what_is 44.26 62.13 44.50 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
meaning_of 44.57 62.38 43.02 59.86 40.80 58.94 44.57 61.05 29.05 48.32

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 44.91 61.12 48.20 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 45.90 62.72 52.11 67.36 48.56 64.52 45.90 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 45.21 63.28 47.60 63.26 43.41 60.58 45.51 62.14 25.75 46.00
what_is 44.96 63.88 46.60 63.48 48.01 63.91 48.24 64.68 34.43 52.81
describe 47.87 65.46 48.82 64.84 48.34 64.90 53.08 67.90 28.44 49.29
meaning_of 46.78 64.70 46.56 63.47 44.35 62.07 48.34 64.99 33.48 52.48

Manhattan Distance - Beam
No-LLM 41.04 58.45 44.71 61.70 41.68 59.16 43.84 60.14 29.59 49.30
exact 47.90 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 64.50 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

C
LI

P
-L

Cosine Similarity - Greedy
No-LLM 32.61 51.28 31.97 49.48 30.67 48.63 31.10 49.30 21.60 41.51
exact 35.33 53.38 36.83 54.49 35.93 53.18 34.13 52.73 21.26 41.54
what_is 36.53 55.41 38.41 55.33 37.00 54.44 37.24 55.40 27.87 46.90
describe 37.91 55.86 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 52.69 37.80 55.75 34.56 52.87 35.42 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 64.94 43.60 59.62 40.76 58.52 30.81 49.36
meaning_of 41.24 57.85 42.79 60.02 37.25 55.44 37.25 54.78 28.16 47.18

Euclidean Distance - Greedy
No-LLM 34.77 54.44 34.77 52.91 36.93 54.65 38.66 55.50 26.13 45.12
exact 41.02 58.78 39.52 57.62 40.12 57.93 42.81 60.52 24.55 44.64
what_is 41.22 59.58 43.33 60.61 43.09 60.53 46.37 62.60 28.10 47.74
describe 44.08 60.67 44.08 61.51 45.97 61.35 47.39 62.69 23.22 43.89
meaning_of 42.79 60.64 41.02 58.67 43.90 60.39 45.23 61.72 27.49 46.85



Euclidean Distance - Beam
No-LLM 40.82 57.62 44.71 62.20 41.68 59.01 42.98 59.30 24.41 45.48
exact 46.11 62.19 47.60 64.91 42.51 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 45.50 61.20 53.08 68.81 44.55 62.72 50.24 65.66 33.65 51.69
meaning_of 46.78 63.40 51.22 67.59 45.45 62.89 45.23 62.13 31.26 50.65

Manhattan Distance - Greedy
No-LLM 38.01 57.95 41.90 60.49 39.96 57.78 45.36 62.24 28.94 48.00
exact 44.61 62.07 45.21 62.40 43.11 60.71 46.11 63.33 28.74 47.68
what_is 43.09 61.97 47.31 64.83 44.73 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 45.01 63.42 47.45 64.70 45.01 63.42 50.33 67.02 31.49 50.19

Manhattan Distance - Beam
No-LLM 42.12 60.12 47.52 65.43 43.11 61.85 45.36 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 54.50 70.82 48.82 65.37 52.61 68.64 36.02 54.45
meaning_of 47.89 65.37 52.55 69.29 45.90 64.44 51.22 67.35 32.82 52.16

C
LI

P
LA

IO
N

Cosine Similarity - Greedy
No-LLM 38.23 57.22 42.98 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 36.50 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 44.28 62.57 42.98 59.23 42.98 60.46 32.83 52.22
exact 42.55 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 45.57 61.86 31.75 52.60
describe 44.71 61.79 49.03 64.66 44.92 60.24 46.22 62.44 32.40 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 42.55 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 58.54 41.68 58.83 40.17 57.28 39.52 57.81 32.40 51.26
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

Euclidean Distance - Beam
No-LLM 43.63 61.04 44.28 62.57 42.55 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 45.36 61.75 50.54 65.18 43.41 59.07 45.36 61.75 31.53 52.45
describe 44.92 61.87 48.81 64.56 45.14 60.38 46.00 62.33 31.97 52.68
meaning_of 48.16 63.26 48.81 64.64 42.55 59.10 45.79 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 35.85 53.45
describe 42.55 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 57.91 46.22 63.41 35.21 52.77

Manhattan Distance - Beam
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 41.90 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 52.51
meaning_of 47.08 63.66 51.62 67.47 45.57 61.61 48.38 65.09 33.05 53.44



A
LI

G
N

Cosine Similarity - Greedy
No-LLM 31.97 50.41 39.52 55.00 36.93 53.51 41.04 57.67 19.44 39.23
exact 34.99 51.89 38.66 54.51 38.44 54.42 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 53.93 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 62.59 22.89 42.24
exact 39.52 56.05 52.05 66.33 42.55 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 41.90 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 47.95 63.85 48.60 63.73 47.52 63.73 52.92 67.55 29.59 48.23
describe 45.57 62.18 47.52 62.91 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 52.48 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 44.92 62.19 48.60 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 47.95 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
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, whilebold numbers indicate

best results for each model.

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

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

di
st

ilr
ob

er
ta

-b
as

e

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 45.36 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 44.28 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 45.79 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
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
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
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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
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
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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

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
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Cosine Similarity
exact 39.96 58.26 41.04 58.75 41.25 59.09 41.04 59.11 42.55 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
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



st
sb

-m
pn

et
-b

as
e

Cosine Similarity
exact 36.93 56.41 40.82 58.69 41.04 59.18 44.49 61.25 40.17 58.54 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
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
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

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
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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 45.57 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 44.71 62.02 44.92 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
what_is 45.14 61.71 45.57 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
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 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 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
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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 42.55 61.74 49.89 67.38 46.00 63.56 50.76 66.99

Euclidean Distance
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
meaning_of 39.96 59.21 42.98 61.72 42.98 61.31 47.95 64.27 42.55 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
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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 42.98 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
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
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 44.92 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
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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
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

Euclidean Distance
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
what_is 42.12 61.07 43.84 62.54 49.46 64.40 47.30 64.82 44.92 63.32 50.32 67.75 47.30 64.67 49.89 67.11
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
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

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
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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

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
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
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
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
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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 45.57 62.96
meaning_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

Euclidean Distance
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
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 45.57 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 45.57 62.93
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

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



se
nt

en
ce

-t
5-

la
rg

e

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
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
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
what_is 41.25 60.21 47.52 63.88 41.68 59.57 48.38 64.80 45.79 63.27 53.56 69.47 47.95 64.39
describe 42.98 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
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

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 47.95 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
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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 44.28 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 44.71 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 42.98 60.72 43.84 61.85 42.55 60.44 47.52 63.72 45.79 63.16 48.81 66.32 45.14 62.63
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 44.71 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

gt
r-

t5
-la

rg
e

Cosine Similarity
exact 42.98 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
exact 42.55 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
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 45.79 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 L 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 candidatesi and web retrieved
imagesi w . Out of the 463 samples of the test set, Wikipedia API and Wikidata API returned results for 460
and 324 phrases respectively.

CLIP ALIGN
Similarity Image source acc. MRR acc. MRR

Cosine
Wikidata Images 34.26 50.13 31.11 47.84
Wikipedia Images 53.26 68.14 53.26 68.44

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

Manhattan
Wikidata Images 33.02 48.75 31.11 47.66
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 score(t; i ) for VL retrieval

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

3. Text retrieval features: the captioner to generate caption ci , 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 enhancedte, or an ensemble of enhanced phraseste 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 82.81
X all X Blip-L-beam CLIP cosine t CLIP cosine 72.05 82.61
X all X GiT-L greedy CLIP cosine t CLIP cosine 70.81 82.28
X all X GiT-L-greedy CLIP cosine all te+ 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 fromtexact ; twhat � is ; 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

exact
X - - - - - - 74.30 83.80

X meaning_of
+ describe

X - - - - - - 74.30 83.86

X all-except
exact

X - - - - ALIGN manhattan 76.09 85.36

X all-except
exact

X - - - - ALIGN cosine 76.52 85.29

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, whilebold 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
(random)

Few-shot
(top)

Few-shot
(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) 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 largerscale. Furthermore, it remains unclear which approach, beam
or greedy captioning, is more e�ective in eliciting the required knowledge. Speci�cally, when considering
GiT-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 I 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
ci 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) [unused0] and [unused0] 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. (I) a large white quartz rock with a clear base. (J) gold jewelry from the
late 19th century.

A B C D E

F G H (Gold image) I 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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