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ITepiindm

Yto olyypovo tormio NG wodag, 1 oUyxAon TEYVOAOYIUS Yol BNULOLVEYIXOTNTAS EYEL ONULIOVEYTNOEL VEEG EU-
xaupleg xou avadpoporoyfioer ta mpdtuma Tng Brounyavias. Xto mpooxhvio authc e eZéhéne Peloxeton 1
EVOWUATWON NS UTOAOYLOTIXAG OpUOTS %o TNG TEXVNTAS VONUocOivng, TeowddvTag T wédo péoo and xouvo-
Topla, amodoTixdTNTA xou oxel3T| anoUnTL.

Avty) 1 Satplf3n dlepeuvd petodohoyieg yio T dnuloupyio EEUTOULXEVPEVWY TIEPLYRUPEDY LOBOE YENOULOTOLWVTAS
800 Broprtd Meydha Moviéha Mhdooac (LLMs) xou éva povtého Stable Diffusion yio tn dnproupyia etxéveov.
Eocndlovtag oty amodotuxdtnta xou TV TPocopUosTixoTta ot dnwoupyio uodac pe t yeRon texvntic
VONHOGUYNG, AMOPUXPUVOUACTE OO TS TORABOCIAUXES TPOCEYYIOEIC XOU ETUXEVTPWVOUIUC TE OTIC TEYVIXEC prompt-
ing. Kevtpxé onuelo tne pedodohoyiag pog elvan n Retrieval-Augmented Generation (RAG), eunhoutilovtag
TOL LOVTERA [UE TIEPLEYOUEVO amd TEELOBLXS UODAG, Lo TONGYLA Xo SARES TNYES Yl Vo eE0GPUAICOVUE TNV TEOCUE-
HOYT] TOU HOVTENOL OTLC oUYYPOVES Tdoelc g wodac. H aliohdynomn cuvdudlel mocotixés petproelc 6mwe To
CLIPscore ye molotixy) avitpodmvy xplom, avadelxviovTag TI¢ SUVATOTNTES OTY| SNULOVEYIXOTNTA, TN CUVOYT Xol
Y oI T ekxuoTid Tt ot dldpopa oTuk. H ouyxpitir avdluor Selyvel TNV AmOTEASOUATINOTNTA TEY VXY
onwe N wdinon Few-shot xou n RAG pe PDFs oty napaywyy neprypopodyv. H ooty alohdynon yéow ov-
Yowmvng aZlohdyNomg amoxaAOTTEL TPOOGBOUS GTOV PEAAGHOS o THY OTTiXY Tolxthopop@la, Tou urtoctneilovTo
ané ) yevodoroylo Chain-of-Thought.

AgZeig-xhedid —  Meydha yAwoowd poviéha, Ilpotpony), Ltadepn Adyuon, Eyyvon I'vdone, Enavin-
uévn Fewd Avéxtnong, Avlpdmivn AZoidynon, Moda
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Abstract

In the contemporary landscape of fashion, the convergence of technology and creativity has catalyzed a
transformative shift, ushering in new opportunities and redefining industry standards. At the forefront of
this evolution lies the integration of computer vision and artificial intelligence, revolutionizing fashion through
innovation, efficiency, and refined aesthetic precision.

This thesis investigates methodologies for generating tailored fashion descriptions using two distinct Large
Language Models (LLMs) and a Stable Diffusion model for image creation. Emphasizing efficiency and
adaptability in Al-driven fashion creativity, we depart from traditional approaches and focus on prompting
techniques, such as zero-shot, one-shot and few-shot learning as well as Chain-of-Thought. Central to our
methodology is Retrieval-Augmented Generation (RAG), enriching models with insights from fashion mag-
azines, blogs, and other sources to ensure accurate and contemporary fashion representations. Evaluation
combines quantitative metrics like CLIPscore with qualitative human judgment, highlighting strengths in cre-
ativity, coherence, and aesthetic appeal across diverse styles. Comparative analysis demonstrates the efficacy
of techniques such as Few-shot learning and RAG with PDFs in producing descriptions and images tailored
to specific fashion variables. Qualitative assessment reveals advancements in realism and visual diversity,
supported by the Chain-of-Thought methodology.

Keywords — Large Language Models, Prompting, Stable Diffusion, Knowledge Injection, Retrieval-
Augmented Generation, Human Evaluation, Fashion
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Chapter 1

Extetoapevn Ilepiindn oto EAAN VX



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

1.1 Oewentixd urdéBadpo

H o0y ypovn uéda Beioxeton oe pio neplodo plixcyv adhayddv Adyw tne alyxhong teyvoloyiog xou dnuovpyLxotn-
TG, avolyovTag VEOUS BpOHoUS Yol UETALOPPOVOVTAS TOV YWEOo TN Uodag. Xty auyur avthg tng e€éMéng Belo-
XETAL 1) EVOWUATWOY] TNC UTOAOYIOTIXNG OpaoTE Xl TNS TEXVNTAC VONUoolvng, Tou enavanpocdlopilouvy Toug
ToEAB0CLOX0VE xovdveS xal TpowPoly TN wéda e Wa enoyy) xawvotouiog xou axpifBelog.

Auth n ButpBy] e€etdler didpopee pedodoloyiec npotpomic (prompting) yi Ty amoteesyotin| dnulovpyia
TEQLY APV UODOC TROCUPUOCUEVKY OE CUYXEXPUIEVES TopaUéTeous. Emxevtpwvouacte otn yprion dVo dapope-
Ty Meydhov Thwoowmdy Movtéhwy (LLMs) vy ) Snulovpyio meplypapdy oYETHMY UE TO OTUN, TOV TUTO
OOUATOS Xl TNV TEPIOTAOY. 3TN CUVEYELN, YENOUWOTOLOUUE QUTA To ATOTEAECUATA Yial TN dnuloupyio exdvwy
uodag pe tn Bordeia Twv Movtéhwy Stable Diffusion.

H perétn pog ouyxplvel Sidpopes teyvixée mpotpomie, avadeixviovtac T UetdfBaot and tny nopadoctaxt| Tpocey-
yior "pre-train, fine-tune" oe auty nou ovopdlouye "pre-train, prompt, predict". Anogedyovtag T cupBatd
dladuxaota exnaldevone xou fine-tuning, dlvoupe éugaon otny xododrynon TwV LOVTEAWY ATOXAELOTIXA UEOW
Tpotpomy. Lo vo avTigetwticoude ta xevd Yvmong, teotelvoude Ty €yyuon yvwong, eEaopoiilovtog 6T Ta
MOVTENA HOC THRUUEVOUY EVNUERWHUEVA X0 XV

oty anotekeopatixyy éyyvon yvoong, Poaoclopacte otn wédodo tng Retrieval-Augmented Generation
(RAG), n omnola anotelel ) Paowr npooéyylon tne pehétne poc. Auth n wédodoc mepthaufBdver v dueon
EVOWUATOOT OYETXOY TANEOQOELOY and Tothec TNyée, Omwe meplodixd wédac, WoToAdyla xou oyetxr BUBAL-
oypaepio. Xtdyoc elvon var EUTAOUTICOUUE T WOVTEAN YOG UE WAL CQOLELXY) XATAVONOY) TV CUYYPOVWY TACEWY,
OTUA ot amoyphoewy tTne wodog, eEaopaiiloviac étol Ty oxp{Bela xaL T CUVAQELL TWV TOEOYOUEVLY TERL-
YOAUPAV.

Avtr 1 SwteBn mpoopépet wa eig Bddog avdiuom twv pedodwy tpotponhc, dnuiovpyiag EOVLY xan €yyuong
yvaong, tovifovtag T onuacia g anodoTxdtnTag Twv ndpwy. E&etdlel tnv anoteieouatixotnta twv LLMs
oTlc gpyaoieg dnuovpyloc Xewévou xou TNy e@apuoyy| Toug o cuvduaoud e ta Movtéha Stable Diffusion yia
TN dnwovpyio exdvwy uédag, wo Ayotepo diepeuvnuévn egapuoyt otn Bifhloyeagpia. Eminiéov, uiodetolue pla
B\ oTpaty| aEloNOYNONG YIoL TNV EXTIUNOY] TNG AMOTEAECUATIXOTNTAC TN Tpooéyyionc pac. A&loloyolyue
TIC Tapayoueveg meplypaéc ue dhha LLMs xou yeipdypapoug ehéyyoug yia Ty enairdevorn unodéoewy, xou
Yenouomololpe o&loAdyNon and avipdnous xol THPUBOCIUXES PETEIXES YLl TNV EXTIUNGCT TWY TUpoYOUEVHY
eXOVLYV ot Teplypapmy. To chvolo dedouévwy mou dnurovpyeltal unopel va yenotgonoinidel peAhovTixd xou ylot
dhheg epyaoiec.

1.1.1 Mevydra 'Nwoouxd MovTtéla

To yAwoouxd povtéha elvol UTOAOYLOTIXG GUGTARATO TOU UTOPOUV VO XUTUYOOUY X0l VO THpdyouv avipddmivn
yAOooo, teofAénovtac B dnuiovpywvTag axohoudieg Aéewv ye Bdon mdavotntes. H Boaoun pédodog yio awtd
Ta povTéAa elvon Ta n-gram, To onola yenolponotody tny alvaida Markov yio va tpoBAédouv Ty enduevn héEn
Baowloueva otic teonyolueveg n-1 Aé€elc.

Ou adybprdpor Mnyavixic Mddnone, nou yenotwonotobvton and to Meydho 'hwoowxd Movtéla uropodv va
xatnyoplonotnolv Bdoel tne eumetplag mou Aopfdvel To povtélo xatd Ty exnaidevon. Ou teeig xbptol TonoL
elvou:

EnBrenopevn MdOnon To poviéro padoivel va tpoBrénet o Tipf-otéyo (y) ond éva 6OVONO YopoxTnpto-
v (), ye Bdon nopadelypota. Xenowonoteltar ot TalVoUROELS, TUAVIPOUATELS Xou TeoPAEdeLC.

Mn EmpBAenouevy Mddnon Ou ahydprduol yadaivouv tn Sour; Tou cuvorou dedouévmy ywpeic vo xenot-
HoTOOUY ETETES. XENOLLOTOLOUVTAL OF OUADOTOLACELS ol UElt)on) BlaoTdoEwY.

Hut-emiBrendpevn Madnon Edo yenowonoeitar évo pxpd cOvoho SeBouevnv ue eTixéteg o€ GLVBLICUS
HE MEYAAO OYXO U1 ETUXETOTONUEVKY BeBOPEVLY, Yia xahibtepn axplBela. Kowvée epapuoyéc nepthauPdvouy tnv
TpEoPAedn cuvdEouwy ot YpapruoTa xaL TNV aviyvevon andtng.

Avto-emiBArenouevn MdaOnon Autr n uédodog yenowonotel un etixetonoinuéva dedouéva xou aflonotel
(eudo-eTixéteg yio vor pddel T dopn Twv dedouévev uéow tpo-xeluevwy epyactdyv. Autéd Bondd to poviého va
emAdoeL dAAeC epyaoieg.




1.1. Oewpnuxd vndBadeo

Mddnon Evicyvong To poviého haufBdver avotpopodotnon and to mepiBdhhov tou. Auth 1 xatnyopia dev
egetdleton ot datelBN.

Ta YAwoowd Yovtéla mou yenowonotobvton oe auty TN Sty €youv Ty woppt Transformer. Evog Trans-
former amoteleiton and to e€¥ic 800 oTEdLAL

o Kuwdwomonthc: O xwdixonomnthc hopPdver pior elcodo xou dnwovpyel wio avamopdotaorf e (Tor yopox-
e TXd Tov). Autd ornuoivel 6Tl To LOVTENO eivol PEATIOTOTOMNUEVO YioL VoL OOX TS XOTavONoT and Ty
eloodo.

o Anoxwdwonomtic: O anoxwdixonomthc yenowonoel Tty avomapdoTtaon  (yopaxTtneloTixd) Tou
xwdixomonty pall ue dAheg €10dBoUG Yo Vo dnplovpyhHoel Yt oxohovdia otdyo. Autd onuaiver 6Tl o
povtého eivon Behtiotomomuévo yia T dnuloupyior e£63wV.
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Figure 1.1.1: H apyttextovix| Tou Transformer|52]

Prompting

To prompt-based learning elvan gl véa mpocéyyion otn unyavied uddnon mou yenoiwomolel YAWGOoWwE Hovtéia
yioe TV dueot dnpoveyla miavdétntag xewévou. Avtl vo exmoudelel wovtéha yia teoPBAédel, UETATEENEL Tig
el06douC o€ XelUeva TPOTPOTAC UE XEVA TOU CUUTAMEOVOVTAL Om6 To YAWOOWE poviéha. Auth n uédodog
EXYETOAAEVETOL TNV TEOEXTIAUBEVOY) HE TERAOTIOL TOCH BEBOUEVOV XOU ETMLTEETEL ToUTATY) TEOCUQUOYT] OF VEEC
epyaoiec pe Aya ¥ xadéhov mopadelypota, xahotdviog TNy eVEAXTN xau anodoth.[33, 20]

H dwaduxaota pe Ty onola exteeltar To prompting etvon 1 e€ng:
o lIpooVvun Ilpotponrc: Metatpony tng €l0680U GE TRPOTEOTY UEGW ULOC TEOXAVOPIGUEVNE BOUTC.

o Avalhtnon Andvinone: Elpeon e andvinong pe v uPniotepn mdavotnra.
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

o Xoptoypdpnon Amdvinone: Metatponr) g evlidueong amdvinong oty tehxr €€odo, edv elvou
amapa{tnTO.
O\ mpotponéc(prompts) urnopolv va eivar ototixée 1 duvopuxée, xou Swaxpivovtar oe dVo xatnyoplec: "oxhnpéc”

(Broxprtéc) xon "pohoaxéc" (ouveyeic). H npocappoynh tev "uahoxdv" npotpondy eivon euxohdTepn ahhd o TepeiTo
BlapaveLag.

H teyvi tne npotponic tepthapBdver uedddouc 6mwe zero-shot [31] oto omolo dev diveton xavéva nopdderyua,
one-shot xau few-shot learning ota onola divovton €va 1y mapamdve mapadelypata avtiotorya xou chain-of-thought
[54] 670 omolo napouctdletan Ghoc 0 curhoyiopde. H emhoyy xou o oyedlacudc Twy npotdnwy (templates) eivou
xplowa yio ty emtuyla Tou prompting, xadae dagopeTind npdTuna 0dNYoLY ot SlapopeTind anoteréoporta.[H3]

Translate English to French: task description

Cheege == II'J:"O(T’W){

Figure 1.1.2: Zero-shot prompting [6]

Translate English to French: task description
sea otter => loutre de mer examples
Translate English to French task description peppermint => menthe poivrée
sea otter => loutre de mer example plush girafe => girafe peluche

cheese => prompt cheese => prompt

(a) One-shot prompting [6] (b) Few-shot prompting [6]

Standard Prompting Chain-of-Thought Prompting

Model Input Model Input —\
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11, The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The

Cnsweris 9 Y,

Model Output
A: The answer is 27. x ) A: The cafeteria had 23 apples originally. They used

Figure 1.1.4: Chain-of-thought [55]

Trdpyouv Sdpopa epyoheia Tou Bleuxollivouy Tov oyedlaod TpoTteondy, étwe To OpenPrompt[12], to Chain-
Forge[3], to PromptMaker [28], to PromptAid [39], o BotDesigner[61] ot To Promptfoo[46], to xadéva pe
TIC BIXEC TOU BUVATOTNTES XAl EPUOUOYEC.

Knowledge Injection

To yeydho yAwoowxd poviéha (LLMs) anotedolv amodnxevuéves mhnpogopies, €xouy npoxadopiotel otatinés
xol U1 eEEBIXEVPEVES YiaL oLYXEXPLEVOLC TopE(c.[42]

Io var avtipetomiotody autol ol teptoplopol, elvar amapaltnto va evioyudel 1 yvoorn tou poviéhou. H eiooy-
oYY yvoong tepthopfdvel pedodouc yia Ty tpoctixn 1 TNV evuéenon Tne TANeopoplac péoa ot éva TpoEX-
TUOEVUEVO HOVTENO, (DOTE VO TUPUUEVEL ETIXALEO Xou €8S Ylol TOV ExdoToTE Topéa. Mo anoteleoyotixy
npooéyylon elvau 1 Retrieval-Augmented Generation (RAG) [32], n omoio ypnowlomotel teyvinéc avixtnong
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1.1. Oewpnuxd vndBadeo

TANEOYOPLAY Yo Vo Behtidoet T xavétntee twv LLMs, evowyatdvovtog eEmtepixéc mnyEc yvaons otnv
noporywyY) xewévou. To RAG Behtdvel tic Suvoatdtnteg twv LLMs, eidixd yior xoadxovta mou amontody Ueydhn
rocotnTa Yvoong. H apyitextovind) RAG hertoupyel evionilovtog €yypagpa yéoa o pa Bdon yvoong mou elvou
TUEOUOLOL UE TO ELCEPYOUEVO EPMTNHA. AUTH Tl £YYEOPO EVOWUATOVOVTOL GTY) GUVEYELXL OTO EQOTNUL, TUPEYOVTAC
670 Wovtého mpdodeto TAaloo OYETIXE Ye To YEUA TOU EPWTHUATOC.

IMot voe vhomoindel autog o unyaviopog, arontelton i fonintinn Bdomn yvodong xat €vol TpoeXTUBEVUEVO HOVTENO
EVOWUATOONG. 210 TeKhTo Priua, dnuiovpyeiton Wa Tuxve avanopdoTaoT Slavuoudtny yia xdde €yypapo. ‘Oleg
AUTEC Ol EVowUaTwoelc anodnxedovio oe €va didvuoua. Otav haufdvouue éva gpwtnua, vrohoyilouue tnv
EVOOUATOOT TOU o avoxtolue Toug xopugaloug K minoiéotepoug yeltoveg ue Bdon pa Baduoroyia ogodtnrag,
1 omolat 0T CUYXEXPWEVT TERITTWOT Elvo 1) XUTATAEN TOU ECWTERXOD YIVOUEVOL. TN CUVEYELN, EVIUEPLVOUUE
TO EPATNUA CUVEVOYOVTOG TO PE TLS OYETIXES TANEooples xou To petofiBdlovue oto LLM.

Q: Who is the
current US
A: I'm sorry, but | president as of

don't have real-time November 20232 A: Joe Biden.
information

Cleaned Wikipedia Data
Base Model

&

Updated Model

@

Knowledge Injection via Auxiliary Knowledge Bases

Anatomy: “The main components are the joint capsule, articular mandibular..” Datasets

Astronomy: ‘Earth is the third planet from the Sun and the only astronomical o g :6
Biology: “Animals are multicellular, eukaryotic organisms in the biological..” Astronomy  Ansiomy  Biology
Chemistry: “The periodic table, also known as the periodic table of the..”

Recent Events: “..from August to October 2023, wildfires in Louisiana..”
Chemistry  Recent Events

Figure 1.1.5: Mw ontxonoinon e ewoaywyhc yvodone (Knowledge Injection) [32]

1.1.2 TITopaywyixd Moviéla

H ékevom TV Topay Y)Y LOVIEAWY 0TIV TEYYNTH VONUOCUVT EXEL QEREL ENAVAOTACT] GTY dNtovpYio exdvag.
Ta tehevtaia yedvia Exouvv onueiwdel onpavTixéc npdodol, ONWS 1) UETAPEOOT] EXOVIS OE EXOVA, 1) UETAUPORS
OGTUA XOL 1) UTER-AVIAUCT), UE EQUQUOYES OTNY XAUANLTEY VXY EXPEACT), TNV LUTELXY] ATELXOVLOT|, TOV OYEBIAOUS
xan Ty Yuyayeyio. H dnploveyla exdvev and xelyevo, av xou tpoxhntixg Adyw tng obvietne oyéong petald
YADOOUC XU EXOVOC, YENOWOTOLEl LOVTEA YADOOUS, HOVTEND 0pdoEmE ol YEVETXE HovTéha 6mwe T GANSs
o Tor U-nets yiar vo emttiyel qutr] T UETATEOTH.

E&etdloupe Tic onuoavtixée e€elilelc xon Tic xadoploTiée ouBOAEC Tou €youv Tpowifioel TNV Tpdodo o aUTHV
ToV Topéa.

To Variational Autoencoders (VAESs) yenoulonotolv pio: Soun xm3omomT-omoxmdIXoTon T Yio Vo ETLTOY 0LV
petworn SlaoTdoewy xou Vo dnuLovpyHoouy véa dedouéva, aAAd avTeTwnilouy Teploplonols OTWS 1) ATOAELL
TANEOYOELMY Xat 1) dnuiovpyio Yok exdvev. To Generative Adversarial Networks (GANs) cuvdudlouv évav
YEVVATOPO Xoi EVory BLaxpLTh] yLot Vo tapdryouy UPNAAC ToTOTNTOG EXGVES HECW ULag avTaywvioTixc dladixaaciog
exmofdevong, ov xau Tapouctdlouy TPoxhAoels 6Ty exntaideuon xat ) otadepdtnTaL[5).

Ta Diffusion Models eiodyouy $6puBo oto dedopéva xatd TNV EXTAUBEUCT] Xl TOV APAULEOUY XUTA TNV TOQUYWYT),
Tpocpépovtag otadept exnaideuon xou LPNAY ToldTNT EdVaC. Lmuavtixd napadelypota nepthopBdvouy to De-
noising Diffusion Probabilistic Models (DDPMs), ta Score-Based Generative Models (SGMs) xou ta Stochastic
Differential Equations (Score SDEs). Ta DDPMs ypnowwonowtv Bruotiotés Markov yio va tpoctétouv xan
vau aonpoly Bopufo, emttuyydvoviac €tol T dnuiovpyia xadopdy emdvwy. Qotdoo, anutodv TOANE Briuata
v var emtOyouy 1o emduuntd anotéheoua. To SGMs xou ta Score SDEs enextelvouv tnv npocéyylon auth
YENOWOTOUOVTAG Slapopixés eELOMOELS Yia VoL eTTOYOUY LPNAY ToTHTNTO Mot oAl GTUN OTLS TOEAY OUEVES
eovec.[5].




Chapter 1. Extetapévn Ieplindn oto EXAnvixd

Destructing data by addi

Probability of perturbed data

Data <——— Generating samples by denoising Noise One denolaing siop

Figure 1.1.6: Diffusion models[59]

Téhoc, ta Consistency Models[50] éyouv oyedaotel yia va Eenepdoouy tov apy6 pudtud twv Diffusion Models,
emitpénovrtog Tayelo Tapaywy exovewy o éva wdvo Briua ywelc vo xdvouv onuavtind yopaxtnetotixd. Autd to
HOVTEND TPOGPEROUY LooppoTia peTal ToldTNnTog Belypatog xou ToAoYIoTIXNE Loy bog xou urtootneilouy dueson
eneepyaoio Twv dedouévwy.

H dnpioveryio euxxdvev and xeipevo (text-to-image generation) eivou évoc cuvapmaoTixde Touéog
€PEUVOC TOU GTOYEVEL OTN YEQUPWOTN TOU YAOUUTOS UETOED (QUOIXMYV TEPLYPUPMY Xl dnuloveylag omtxod
nepleyouévou. T povtédo Aopfdvouy xeyevixée meplypapéc we lcodo xan mopdyouy avtioToLYES ElXOVEq.
Avty) n teyvoloyia €xel peydheg dBuvatoTnTeS OE SLAPOPES EQUPUOYES, OTWCS 1) dnuiovpyio tepleyopévou, 1 un-
oforinon oyedlaouol xou N evioyuor tng npocPoactudTnToc yio dtopa pe npoAfuata 6pacng. O egeielc oe
teyvixée Padhde pddnone, émwe ta Generative Adversarial Networks (GANs) xaw ov apyrtextovxéc ye Bdom
toug Transformers, €youv BeATOOEL GNUAVTIXG TNV TOLOTNATA X TY] PEAALO TIXOTNTOL TWV TORAYOUEVWY EXOVWYV.

Kdémoia and o mo onuavtixd govtéla dnuiovpylag edvag and xelyevo elvan ta e€hc:

Imagen

To povtého Imagen [49] ypnowonotel €vay xwBXOTONTY XEWEVOL Yiol TN UETEPEOAOT) TOU XEWEVIXOD ELOGIOU
OE A OEPd EVOWUATWOOEWY, Ol OTOIEC GTY) CUVEYELN ELCAYOVTAL O UL aXOAOUD{o DLOOPPWTIXWDY UOVTEAWY
BLdyUONG TOU TG UETATEENOLY oTodlod ot ewdvee udhnidtepng avdhuone. Xenowonotel yio apyttextovixt| U-
Net yio 0 Slaudppwon tou xelwévou ot exdva 64x64 xon LOVTENX BIdUOTNG UTER-AVEAUOTNG YLOL TNV AVIAUGT)
64x64 oe 256x256 xou 256x256 oc 1024x1024.

DALL-E

Y10 apyxd oTtddio, évac Saxprtindc avtopatoc xwdixonomthc (AVAE) exnondeldeton yia vo yoptoypagproet
wor exdva o 32x32 tokens, UEWOVOVTAC TN DIAOTAOY TWV OEBOUEVODY €XXOVAG.  XTN CUVEYEL, TO Xeluevo
xwdxornolelton oe tokens peyédoug 256, to omolor cuvdudlovton ye to tokens tng ewxdvoc xau elodyoviol oe
évay anoxwdxonowntr) Transformer yia v UTOAOYLE TLXT XATAVOUY) XEWEVOU XOUL ELXOVWY.

Promptify

To Promptify [43] eivon éva Stadpaotind clotnua tou Bondd toug xerotes va e€epeuvicouy xat va BEATLOCOUY
To LovTéNa dnoupyiog ewdvey and xeluevo. IlepihauBdver pio unyov TeoTtdoenmy yio dnplovpyio TeoTeomy
%ol SLAPopa YAPUXTNELOTIXG. Yidt TN GUVUEST) TPOTEOTICY, TNV AUTOUATY TROTUOY) TROTEOTWY, TNV 0PYAVKLOY) Kol
oUaBOTIOINGCT TWV THUPAYOUEVHV ELXOVY XAl TNV LGTOP TEOTEOTIV.

1.1.3 Mobda xou Teyxyvnty) Nonpooivn

H p6da avtinpocwnedel Tov t1p0T0 Ye TOV omolo Tol droyua mopouctdlovTal oty xotvwvia, TtepthauBdvovtog Tig
emhoyéc evdupooioc o poxtytdl mou xodopllouv 1o TpocwTxd GTUA xan Staxplvouv to dropa. 3TN obyypovn
xowvevio, 1 podo mallel oNpavTind poho ot Blaudppwon tTng TautoTnTag evdg atouou. Hapdhhnia, n obyxhion
e vnoroylotixdc Gpaone (CV) xou tne teyvntic vonuooivne (Al) enavoototel Tt Bropnyavia te uédoc,
OdNYOVTAC OE XOUVOTOUIEC TOU EXTE(VOVTAL OO TO NAEXTEOVIXG EUNOPLO XoL TO EEATOULXEVPEVO OTUN UéXpL TG
drodixaoiec oyedlaouod podac. H €Zunvn ubda, 6nwe avagépeton oto [7], elvon pia tpdxhnomn Aoy tng eYyevois
HETOBANTOTNTOC TOU GTUA XL TOU OYEBLAOHOD T®V WMV HOdIG, XoME X0l TOU ONUavTXo) XEVOL UeTald
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1.2. Tlpotewvépevo Movtélo

TOV UTOAOYLGIUOVY YoUNAOL ETUTEDOU YOPAXTNELOTIXGY Xl TV avTioTolywv LYNACD ETUTESOU GNUACLONOYLXEV
EVVOLOV.

O xlplec xatnyoplec TwV TPONYOUUEVWY EQYUOLWY GTOV Touéa TG Eunyng wédoc elvou:

o Avdivomn Modag: Avayviplom YapaxTtneio Xy evOudtwy, exydddnon oTuk xou tedBAedn dnuotixdtn-
ToC.

o Aviyvevorn MoéSag: Aviyveuon onuelwy avopopds, avaAUeT UGBS XoL AVAXTNOT AVTIXEWWEVOVY.
o 3XUvieon Mobag: Metagopd oTUA, petaoyuationds T6lag oL PuUOLXY| TEOGOUOIWaT).

Iponyolpeves epyaoies xou e€elifelc oTov Topén g dnuiovpyiog exdvey wddog napouctdlovton avaluTixd ot
CUVEYELL.

‘Evo. onpavtixd épyo eivon to Fashion-Gen [48], to onolo mopovsioce éva civoho dedopévmv pe 293,008
vPnig avdhuong edvec podag, cUVOBELOUEVES amd Aemtouepelc Teplypapés and enayyeipatice otukiotec. Ou
gpeuvnTég avédellav T Baoés emdooelc oe 800 xadfixovto: T dnwovpyia exdvLY UPNAAS avdAuone xaL T
onuovpyio eOVLY BACLOUEVOY OE TEQLYQUPES HEWEVOU.

‘Ao ohvoha Bedopévwy Exouv enlong dnuovpyndel yia T Sleuxohuvon Tne dnuovpyiag EOVLY Uodag ¥ dAhwY
CLVIPHY EpYAOLOY, OTwe to Fashionpedia [26], DeepFashion [34], Prada [64] , Fashion-Diffusion [60], FIRST
[25], Dress Code [40], ModaNet [63] xou iMaterialist [22].

H npocéyyion tou FashionSAP [23] npoteivel wio teyvixy| yiat AETTOUERT| TPO-eXTAUUBEUCT, bpaome Xol YAOCGUC
oTn poda, yenotwonowwvtag to mhalolo Fashion Symbols and Attributes Prompt. Eiwodyouv ta fashion symbols
WG Eva VEO aalpeTIXG EMUMEDO Yl TNV AVATUEAoTAON Bldpopwy WY Podag xou mpotelvouv tny attributes
prompt yédodo yio TNy xododhynon Tou LOVTEAOU Vo UAdEL CUYXEXPULEVOL YORUXTNPLOTIXG TV EBMY LOBIC.

To Be Your Own Pradal64]ypnowonotel yevetnd| aviayoviotixf pdinon yio va dnwoupyricetl véa polya
yio éva dtopo. Alvovtag pla etxdva xou Lol Teplypopy) EVOS BLapOopETIXOU GUVOAOU, TO LOVTERD «EOVAVTUVELY TO
dtouo BlaTne®VTaG TN OTdoN XaL TNV TOUTOTNTA Tou.

Adhec epyaoieg emxevipdvovion ot dnulovpyia edvev uddoc Eexvovtoe amd pio pwtoypapia evoc Uov-
éhov. H epyaocia [62] avtpetwniler v npdxhnorn tne dnwovpyiac pealox®y, oTUMLUPIOUEVLY EXGVOV
uodac oto avipdmivo owua pe Baorn neprypapéc xewwévou. To apyttextovind yovtého anotelelton and dvo oTd-
Ol 0TO TPWTO GTABLO, €Vac CUVBUNOUOS BLIVUCHUATWY TERVEEL ONb GTEMAOELC GUYXAICNC 0L ATOXAUIXWONG
yiar v dnutovpyniel éva evbidueso tensor, eve oto dedTepo O TAdLO, plor cUVOEOT skip emitpénel T Satrienomn
YOPAXTNELO TIXWY TNG ELCAYWYIXAC EXOVAS.

1.2 Ilpotewvéuevo MovTélo

1.2.1 Xvuvelcpopd
Ou ouvelopopég autic TNe SimAwuaTXhAc epyasiag elval TOAMATAES xou Uropoly Vo GUVOPLGTOUY w¢ eENG:

o Eiodyouue yio oMOXANPOUEVT AUTOUOTOTOLNUEVY) Bladixaota oV Vo dnuLovpyel elxOves Podag Tou Oyl
povo evduypoppilovton ye éva xodoplopévo oTUN ok xan Toupldlouy XoTdAANGL OE [lal CUYXEXEWEVN
neplotaon xou oe évay TOUTO aTéRoL. AUTH 1) GUVELGPOPE TEOAYEL ONUAVTIXG TOV TOUEN TPOCPELOVTIS WL
L0 eEUTOUXEVPEVT X0 ELALCINTOTONUEVT (C TPOS TO TAA(OLO TROGEYYLOT GTN BNUOVEYIX EXOVKY UOBUG.

o XpnowonotoUue eehiyuéves texvixéc mpotponic (prompting) yio vo xadodnyHoouue To YOVTENO TPOC
NV ToEay YN TwV emtupn Tty €680V, aflonoldvTog T SOvoun TwV CUREEILOUEVHY XL TWV YAOTOIXOY
TEOTEOTMY YLot TNV anoteheopatixy xadodrynon tne diadixaciog dnuovpyiac. Emniéov, evowuatdvouue
unyaviopole éyyuone yvaoewy (knowledge injection) yio vor Stac@oahicovpe Tt To LOVTENO WoiC THPUUEVEL
EVNUEPWUEVO XOL OYETIXO OE €val GUVEY QS EEENOCOUEVO TOTO 6B, EMLTEENOVTAC Tou va tpocapudleTol
OE AVOBUOUEVEC TACELC Xl TEOTWNOELS OTUA.

o Anuovpyolue €vol GUVORO BeBOPEVWY UE EXOVEC POBAG, CUVOBELUOUEVES amtd avTioTolyT TEPLYEAUPY), Xo-
Ve xan mAnpogoplieg yia To xadoplouévo GTUA, TNy TeploTaon ot Tov TUTO TOU ATOUOL TOU TO (PopdEL,
eumioutilovtag T0 oUVORO BEBOUEVWV UE TEPLEXTXG UETABEBOMEVAL TTOU EVIGYDOLY TN YENoOTNTE TOU

7



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Yio SLEPORES EQEUVITINES O TPAXTIXEC EQPUPUOYEC GTOV TOUEN TNG AvAAUoTS HOdAC xou NG dnuoupyiog
EUOVOV.

o Xpnowonotoue napadootoxés petproelg poli ue avipdnivn aflohdynon Yo Vo EXTRCOUKE TNV ToldTnTa
X0l TT) GUVBPELN TWV TUPAYOUEVGY EXOVKY POd0G, Blac@arilovTag 1600 TNV TOGOTIXH 0G0 Xl THY TOLOTIXY
eMOPWOT TNG TEOCEYYLONC Hog. EmnAéov, napéyouue exTETUUE VO TELOUUOTIXG ATOTENECUATA Xal AVAAUOT)
Y1 VoL amtodEIEOVUE TNV AMOTERECUATIXOTNTOL X0l TNV AVIEXTIXOTNTO TNG TEOTELVOUEVTS OUTOUATOTONUEVNC
Sladixaciag dnulovpylog exdvey poédoc.

1.2.2 Movtéio

To npotetvouevo povtého pog aneixoviletaw oto Lynua 1.2.1. H elcodog anoteheiton and yetoBAntéc tpiddeq.
Yo melpdpatd pag, yenowonowolue dVo TUmoug TEWdwy: "oTuk, mepiotaoy, @UAC" xou "otuk, meplotoom,
tomoc". H petafinti "tinoc" nepthapPdver téc0 tov OO odpatog 660 ot To YUAO Tou Qopéa, OTwe "o
HXEOXOUWPEVT AeTTT] Yuvaixa". AuTOC 0 oYEDIOUOC YO ETLTEENEL VOL TUPATNEOVUE TS TO LOVTERO EXTROCWLTEL
T0 QUNO xou mpooapudleton oe Sapopetnols TOMoUE owpatoc. Autég oL TELddeg ypmollonolobvTol Yol Vol
GUUTANEWGCOULY £VOL TPOCUPUOCUEVO TROTUTO TPOTEOTNHC, TO OTOl0 SLUPEREL AvAAOYA HE TNV TEY VXY TeoTEOTNC,
v vor dnurovpyniel 1 tehix] mpotpomh. Auth N mpoTpoTh 6T cuvéxeln elodyetar o éva Meydho Mwoowd
Movtého (Large Language Model, LLM), xaw 1 €€086¢ tou, mou mepthoWBdvel v meptypopy| ToU oUVOAOU
polywY, yenoielel w¢ eloodog oe éva I'evetxd Movtého (Generative Model), to onolo telxd napdyer v
TUEAY OUEVT] EXOVAL.

Ta LLMs nou yenolomolo0vToL Yid TNV TapaywY TS Teplypagnc Tou cuvéiou polywy elvar to Mistral-7B
[27] xou To Falcon-7B [2], ta omola elvor yhwoowd povtéla ye 7 dioexatoupdpto nopouétpouc 1o xodévae. T
to 'evetind Movtého, yenowonooaue éva povtélo Stable Diffusion.

INo vae mopdyoupe emduuntd anotehéopota, dev yenolponolfoaue olte exnaidevon olte fine-tuning. Xenot-
HOTIOACOUE SLaPOpETIXES TEYVIXES TTPOTEOTNAG Yiot VoL xa}odNYOOUUE TO LOVTEAD ol EYYUOT YVOCEWY YLOL VO TO
BLATNEHOOVUE EVINUERWUEVO.

Tt wndevixr wddnom (zero-shot learning) axohovdficaye axpiBne ™ diadixacio Tou gaiveton oto Lyrua
1.2.1.

It expddnor pe AMyao nopadeiypata (few-shot learning), cuunephdPBope oto template Véoeic yio ta
oyetxd mapadelypoto Tou Yenotwomotidnxay yia va xododnyricouv to povtéro. I'a va Swacpaiicouvue 6ti to
TopadelyuorTar efvon SloxELTd Xal Vo DLPORPOTIOLACOUNE CAPHE TO EPOTNU ANd TNV ANAVINGCT], T LORPOTOLNCUUE
we e€hc:

Epotnuo: [epdtnual

Ardvinon: [andvinor)
Ye auth T poppn, 10 [cpdTnua] TEPLEYEL EPOTAUATO TUPOUOLOL ME To dxd pog, xou To [amdvinorn] nepléyel
TEQLYPAUPES CUVOAWY pOUY MV OV ovTATOXE(VOVTAL XOAL GTO SeBOUEVO EpMTNUAL.

Extéc and tn dadaotia mou meptypdgetar oto Lyfua 1.2.1, evowpatwoope pio Bdorn dedouéveyv pe 20 ma-
podElY AT o EVOY ETUAEXTY) TTHPUBELYUATWY YIa VO ETLAEYOUUE Tl TopadelyUaTa TOU HotdlouY TEPLOCOTERO UE
TO BEBOUEVO EPWTNUOL.

H Bidixacio mou axoloudeiton yio v exuddnon pe Ayo napodeiypoto (few-shot learning) mopovoidleton
oto Lyfua 1.2.2. Anuiovpyooue €voy TPOCUPUOCUEVO ETUAEXTY TTUPUDELYUATOY, BACLOMEVO OTNY OUOLOTATA
ouvnutévou (cosine similarity) v va Bpolue o napadeiypata Tou podlouv neplocdtepo e Ty eicodo.

INo v mpocéyyion Chain-of-Thought xododnyYioaue to poviého péoa and dvo Prparta:
1. Anurovpyio ypwUdTev xon LEMY.
2. Anulovpyla meptypogpiic ouvdrou poly LY.

Tt T dnovpyio ypwudtokv/uedy, yenouonotoaue Ty expddnon ye Myo nopadeiypata (few-shot learning).
Y10 enbpevo Briua, YENOULOTOCOUE TO YEMUATO Xl TIC UPES ToU dNuloupyHinxoy yia VoL CUUTANEOCOVUE TO
npotuno yia To CoT. Buvolwnd, 1 Swodixacio tou axohoudinxe mogovoidletar oto Lyhua 1.2.3.
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1.2. Tlpotewvépevo Movtélo

INo vor EVOWUATOOOUPE YVOoT oTo wovtého uog, yenowonowjoaue Retrieval Augmented Generation
(RAG) émwe gaiveton oto Lyfua s1.2.4. Ipaypoatonoiooue RAG ye 800 diapopetinéc mnyés dedouévev:
apyeta PDF e dpdpo uédac xou Siodixtuvaxéc oehideg omd fashion blogs. To mpétumo mou yenowdonoudnxe
€xeL 80o Béoeic yia placeholders, pla yia to mhaloo xou plo yior Ty epdnon. Me dido AoyLa, elooydyoue €val
oTolyElo AVAXTNONS TANEOPORLDY oV YeNotdomolel TNV elcodo Tou yeNoTN Yla Vo aVTAHOEL TROTA TANEOQOpieg
amd yio Véo Ty 8EdoUEveY. Tlol vor avoXTHCOUUE TIC TO OYETIXES TANPOPORIES UE TO EPWTNUA, XPTNOULOTOLCUUE
vectorDB xou dnuovpyfioaue embeddings. To epdytnua Tou Yot xou oL oyeTxés Thnpogopieg do9nxay pall
oto LLM.

/ \
Fo===========
Style —4—> !
|
! L
Occasion ——— > Prompt Template : Large Language Model Diffusion Model
" ; i
Ger Yy p |
\ /
Figure 1.2.1: Boowxé yovtého yio dnutovpyia exdvwy uédog
Examples Database
"question”: "You are an expert in fashion design. Write a
description for a fashion outfit in casual style appropriate
for a man at a concert. Be sure to address the colors and
the textures.”
“answer”: "For a man at a concert, envision a sleek black
leather jacket over distressed skinny jeans. Combine it with
an oversized charcoal graphic tee for an edgy but classic
‘touch. Complete the look with black ankle boots, silver
accessories, and tousled waves for a cool and confident
stage presence.”
N
— Example Selector
—
r,,l ,,,,,,,,,
Style ) !
I
Occasion 1 Prompt Template . Large Language Model Diffusion Model
i
! I
7777777777777 I
\ ya

Figure 1.2.2: Movtélo yio few-shot
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Chapter 1.

Extetapévn Hepiindmn ota EXAnvixd

Color Examples Database

Texture Examples Database

a coffee date?
Response:red, lavender, beige

Question: wWhat colors would you use for a fashion
outfit in vintage style appropriate for a single woman at

Question: What textures would you use for a fashion

a coffee date?
Response:uool, opaque

outfit in vintage style appropriate for a single woman at

[ Large Language Model Colors
Textures
J

Style !
I
Occasion Prompt Template
|
-~ a
A
style
Occasion
Gender/bodytype
(iaiaitiiettt -
» i l
1 Query |
>  PromptTemplate |
l I
— !

(

Outfit
Description

[atadichitnaly

Diffusion Model

/
/

=

Fashion Documents
Database

—
RAG Component %
-

Context

Large Language Model

Diffusion Model

/

Figure 1.2.4: Movtélo vy RAG

1.3 Ileipapotixd Mepog

1.4 30volo Acdopévwy xaw Metpixeg

To oUvoho dedopévwy Tou yenowonotfdnxe oe auth T doteiPr elvon to "fashion-style-instruct" [16]. Efvou éva
o0OVORO BEBOUEVELY TIPOTACENMY GTUA TIOU TEPLEYEL TELEDES ELGOBOL (TUTOC GOUATOS X0l TPOCWTUXG GTUN EViUOTC),
ouyxelpevo (mhaioto exdhlwong) xou andvinone. O amavticelc elvon TpoTdoelc cUVBUUOUOY EVBURAT®Y ToU
onuovpyHinxav andé to GPT 3.5, 6edouévou tou eloay®Yxol TOTOU GOUATOC Xol TOU TEOCKTIXO0) GTUA XL
e OTOYEVONG / CUYXEWEVOU TNS EXBHAWOTC.
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1.4. X0volo Aedopévwv xow Metpinéc

input completion context
string string string
I'm a tall, athletic man with broad Outfit Combination 1: - Top: Fitted U S N S
shoulders and a narrow waist. L. white linen shirt - Bottom: Slim-.. g g .
I'm a medium height woman with a Outfit 1: - Top: A loose, Tlowy I'nm going to nature retreat
soft, round figure. I love bohemia.. peasant blouse in a vibrant floral.. g g )
I'm a petite, slender man with a Outfit Combination 1: Top: A light- I'm soins to a nature retreat
youthful appearance. I gravitate.. colored linen short-sleeve shirt.. g g )
I'm a plus-size woman with a peazr Qutfit 1: - Top: A flowy, printed .

P P P yo P I'm going to a nature retreat.

shape, carrying most of my weight.. tunic in earthy tones that falls..
I'm a short, curvy man with a

muscular build. I opt for relaxed,..

Qutfit 1: - Top: A loose,

. . . . I'm going to a nature
lightweight button-up shirt in a.. g g

retreat.

Figure 1.4.1: O npteg oelpéc Tou ypenotponontévioc cuvOLou BedoPévmy.

Ye auth v epyoaoia, enegepydoTAXAUE TO GUVORO BeBopévmy yia Vo eEGYOUUE TOUS TUTOUS GOUATOS Xl TLG
neploTdoelS. T'lal Vo XAUTAOKEVACOUPE TIC TEMXES TELAOES, YeNolonolioaue dVo anholc TUTOUS aVlpOTWY Tou
dapopornotolvtan uévo and to guro toug ("dvdpac”, "yuvaixa") xou 800 clvdetouc TOTOLE AVipdTWY TOU
EVOWUOTOYOLY TOV TUTO ohUaTog exTOS and To gUAo Toug ("uxpbowun, henth yuvaixa", "xovtde, ebomuog
Gvdpag pe puoddn xataoxeui"). Xpnowonoooue enlone déxa mepiotdoels, dnwe @ofvetar otov Ilivaxa 1.1,
xou mévte OTUA, émwe @alveton otov Ilivaxo 1.2, Yto meipdpatd yoc, dnuiovpyroope 6Aoug toug duvatolcg
ouVBUAGOPOUE Yo QUTES TIC TELAOES, Ue amoTtéleopo 100 teLddec pe anhole tinoug xan 100 pe obvietoug Thnoue.

ITepiotdoeic

‘Eva pouoixd gectiBéA

Mo emyetlpnuatins) cuvavtno

Mo anogoitnon

‘Eva et epyévndwy / epyévicoac
M Yeartpuxh; mopdotaoy / cuvauli
Mo cuvévteugn yio SouAeld

‘Evo etoupixd / ypopetand YeYovoe
Awoxonéc oe Tpomixd U€pog

Muat xpovaliépa

"Evac yduoc

Table 1.1: Aéxa nepiotdoelg mou yenoigomolinxay yio vo dnuiovpyndody ol TeLddeg

YITUA

#xhaoLx6
yotThixd
UTOEW
xardnueptvo
adAnTINd

Table 1.2: IIévte otul Tou yenowonolinxay yio vo dnpovpyndoly ol TeLddeg
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

I vo aglohoyooupe To PovTERO pac, Ypnouylonotiooue Tapadoctoxés UETpixés, scripts mou eAéyyouv ov
TANEOUVTOL XATOIES GUVINXES ot avDp®TvY aflohdynon U€ow Bidpopwvy melpaudtwy. H aflohdynorn mpay-
patonoydnxe oe 800 Bruoto—

o AZolbynon twv anotelecpdtwy tou LLM
o AZiolbynom Tne mopayOUEYNS ELXOVOG

Emniéov, npaypatonotfdnxe clyXplon TV SLUPORETIXMOY TEXVIXWY prompting and Toug CUUUETEYOVTES OTNV
gpeuvaL.

IMapadoociaxéc Metpixéc Xpnowwonojdnxe to CLIPscore, uia nopadootoxt| yetpuxh mou oftohoyel tnv
eLOLYPAUHULOT] XELEVOL-ELXOVOG.

Scripts AvantO&ape scripts oto ChainForge yio va enahndedoovpe 6t 1 meptypagpy tepthapBdver Tig Bootxée
peTABANTéc= OTUA, TEPIOTAON X0t TOAUTTAOXOTNTOL.

LLMs w¢ Kputég Xpnowonowjoaue to Mistral-7B yio va a€lohoyricouye ta anoteréoparto Ye plo Baduoroylo
amd 1 éwe 10, hayPdvovtoc unddn to GTUA, TNV TeploTaom Xou TO EONO TOU ATOUOU.

Iepwypap”n Ewdvag Hapdydnoay Aeldvteg ewdvog xou ouyxpldnxoay ye Ti¢ apyixéc TeQLYpdpéc Yerol-
HOTIOLWVTOS TN CUCYETION ouvnutévou. Qotdoo, umhpée onuavting andiew TAnpogoplos, xadoTdvias Ta
anotehéopora un aflomota yia diegodixy| magovaioon.

AvOpomivy AZL0ANOYTON Apynd, Ol GUUUETEYOVTES TaPEYOUV TANPOPOPIES dNUOYRUPIXOL YopaxTpa. 3TN
ouvéyewa, Yo oupuetdoyouvy oe tpio Eeywplotd mewpdpata. To 8o mpdrto mewpduota Yo nepthoufBdvouy T
a&LoAOY Mo EWOVOC Xal TEPLY PAPC EVOG VTUGIHATOC UOBAS YPNOHLOTOWMVTAS YEY0B0 amdhuTng aEloAdynong xou
npoxadoplouéva xplthipla. 2to Tplto melpopa, ol cuuuetéyovteg Ya {ntndoldy va cuyxpivouv xat vo xatatdEouy
To anoTeEAéopaTa and Sidpopeg uetddoug.

Yto npwto nelpapo napéyeTal Pl exedva vivotpatog uddoc xou {ntelton and Toug CUPHETEYOVTES Vo aéLohOYCOLY
Ny ontxn} NG €AEY, CUVAYELN, BNUOLEYLXOTNTA, CUVOYT Xou cuVolxT evTOnwon. TepihauBdver Tic axdroudeg
EPWTAOEIC=

1. Ye xhpoxa and 1 éwc 5, ndéco xard touptdlel To VTOOLWO UE TO GTUM;

e ahaxo and 1 €wg 5, m6c0 xatdhhnho elvon To VTOoWo yia TNy neploTaoT;

e rhipaxo and 1 €we 5, té6co xatdhinio elvon To vriowo ylo Tov Tono;

e xhipaxo and 1 éwe 5, téco dnulovpynd elvan to vTiowo;

e whipoxa and 1 éwe b, alloloyfiote v awodntxr éAEN Tou vTuoipatoc.

e ullpoxo and 1 éwe 5, téco xohd Tawpldlouy ta polya xou aEecoudp 0TO VTUOIO;

Trdpyouv acuvriiota ¥ avTipotixd ototyelo otny exdva;

© N o W

Av n andvnon oty tponyoluevn spcdtnom frav vou= Ilapd tuydv avwpaiies ¥ aviipdoelg, motelete 6Tl
1 ewdva Yo umopolioe va yenotponoiniel we Eunveuoy) yia évay oyedlaoTr Lodac;

Y10 Beltepo melpaud, Ol GUUHETEYOVTEC TAPOUCLALOVTaL UE Wa TEQLYPUQT) VTUG{HaTog odag xou {nrelton and
aUTOUC VoL a€lOAOYHOOLY TN GagnVEL, TN cuVoYY| xou TN cuvdgeld tg. IlepihopBdvel Tic axdhovdeg epwthioelc:

1. Xe xhlpoxa and 1 €wg 5, ndéoo xatavonty elvar 1 TeEpLYpapY;
. e Mo amd 1 €wg 5, méoo cuvexTiny| elvon 1) TEQLYpOPT;

. Xe xhlpoxa amd 1 €wg 5, t6c0 xatdAAnho eivor To VTUOLWO TOL TERLYPAPETAL Yo TNV TepioTao;

. e xhlpoxa and 1 €ng 5, 1600 xahd Tanpldlel To VTIUOLUO TIOU TEPLYPAPETAL UE TO GTUA;

2

3

4. e xhpoxa and 1 éwg 5, ndéco xatdAAnho elvar To vTowo mou meplypdpeTat yia évay Tono;

5

6. Xe xhipaxo and 1 éwg 5, T6oo xatdhhnio elvon Ta YE®UATA TOU YENOWOTOLOLYTAL Yia TNV TeploTaon;
7

. Xe xMpoxa and 1 €wg 5, ndéco xatdAAnha elvon To YpdUATA TOU YENOWOTOL0UYTAL Yo €vay TOTO;
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1.5. Tlepiypapn Iewpopdtwy

8. Xe xhlpaxa amd 1 €wg 5, 600 ®UTEIAANAN ELVAL TAL YEWUTO TOU YENCLLOTOLOUVTOL Yid VAl GTUA;
9. Ye xhipaxo and 1 éwg 5, T600 xatdhhnieg elvon oL UPES Tou yeNoLwoToLVVTHL Yia TNV TeploTaoT;
10. Xe sxhlpoxa amd 1 €ng 5, 000 XATEAANAES €VaL OL UPES TOU YENOLLOTOLOUVTAL Yo Evay TOTO;
11. Xe xhlgoxa and 1 €ng b, 1600 XATIAANAES EVAL OL UPES TIOU YENOLLOTOLOUVTAL Yol EVaL GTUA;

Y to tpito melpoya, oL CUPPETEYOVTES XONOUVTAL VoL GUYXEIVOLY VTUGTUATH HOBAS TOL TTHPdYOVTOL Amtd TO YEVVNTIXOG
MOVTENO UE TEQLYPUPES TTOU TOEAYOVTOL OO 5 DLUPORETIXES TEYVIXES.

1.5 Ilepvypopn Iepapdtwy

XENOWOTOLOVTAE TO LOVTEAO WoC, dNUoupYNooUE Vel GUVOAXS GOVOAO BEBOUEVWY TOU amoTEAE(TOL Ond 2 YOV-
téha, 4 toinoug, 5 otul, 10 neplotdoeig xan 5 pedddoue, ue anotéheoua cuvohxd 2000 delypota exdvVLY Lo-
dac. Kdbe delyua mepthauBdver yior hemtouepy| meptypa@r xan €va cOVORO TEWOY Baondv UeTaBANT®Y. Autod
T0 exTEVEC GUVOAO BeBouévmv e€aopolilel pior ToUASTNTA Xol Loy UPY] AVTITPOCOTEVST] BlapopwY cEVARlwY Uo-
BaC, EMTEENOVTAS TNV TATET Soxaur) xou Emx0p®OY TNE XAVOTNTAS TOU YOVTEAOU UOC VoL Topdyel oxp3eic xou
oyetixéc neptypagéc. H mowdia oe povtéha, tOmoug, oTul, TEploTAoElS Xl Pe3OB0UC AmOTUTAOVEL Wia EUpEla
Yo SUVOTOTATLY 0T UOBAL, EVIOYVOVTOS TNV EQUPHOCLATNTA X TNV aZloTio Tlot TOU GUVOROL BEBOUEVLV.

‘Onwe avagépdnxe NdN, N apyixy) neplotaot xow o TOTog Tou Popéa TpoAday and To GOVOAO BEBOUEVKV, EVE
Tt 6TUA dnovpyRinxay and to yoviého GPT, to onolo avayviploe o & o dounuéva xou dNUOPINY OTUA.
Avtn 1 uédodoc dnuovpyiog oTul eacparilel 6Tl oL TepLYPAUPES avTavoxhoUY TIC TEEYOVCES TACELS OTY UOdA
X0l TG OMuopihelc emAoyég, xdvovtag T0 oUVOlo BEBOUEVWY TLO OYETIXS Yo TN cUYYeoVN avdAucy wodas. Ot
TNYES YOl TNV EVOWHUATWON YVOCEWY ETAEYINXAY VL0l VO AV TAVAXAODY TO £pOTNUAL, AN Fo umopoloay ebxoAd
VoL OV TIXOTACTOI 00V UE TILO EVNUEPWUEVES TNYEQ.

Io va Sraopoiotel 1) totdtnta xan 1 axp(Belo Twv meptypapdy, xdde and tic 2000 teptypopéc allohoyinxe and
€voL ueydro Yhwoowd povtého (LLM) xou e€eTdoTnxE YENOHOTOLOVTOS €vay TposopUoauévo xmdixa JavaScript.
O xdixag JavaScript oyedidotnxe yia va ehéyyel v nepthaBovopev ota TedTuUNa TELOY PAoxdy peTofA-
V= oTUA, neploTaon xou tohvmhoxdtnte (anhde f toddnhoxog TOToc). AutH 1 avtopatoromuévn dadixascio
emBefoiwong Borinoe va Satnendel 1 cUVETELX XL 1) CULUOEYKWOT| TEOC Ta TEOXAVOPLOUEVA XpLTHPLY OE OAEC
TG TEPLYPApEC.

Emnnmiéov tne o€lohdynone and to LLM xou tov 3o JavaScript, xdie ewdvo xar 1 avtiotolyn neptypoph
e a€ohoyninxay yenowonowbdvtag to CLIP score. Me autryv tn pédodo a&lordynong, dwopoiicoue 6Tl ot
neplypapéc TepthAaufdvouy Oyl novo Tic anopoltnTeg UETABANTES A ot axEBME AVATUELoTOUY TO TEQLEYOUEVO
TWV EXOVWY. AUt 1 SITA Tpocéyylon a€lohdYNome - cUVBUALOVTAC AUTOUATOTONUEVOUS EREY Y OUS KoL OVEAUGT)
CLIP score - evioyuoe v aflomotion xou 0 OYETXOTNTO TOL GUVOAOL BEDOPEVLV oG,

1.5.1 Awnoteléopata
Yuvoixny Anddoon

IMo vae a€lohoyfooupe v andboon tou yevvntixol yoviéhou, yenowdomotioaue to uetpxd CLIPscore yio va
0ELONOYHCOUUE TNV TOLOTNTA TWV TEELYPUPEY TOU ToRdyOoVTol UE BLapOpETiXoUs TPOTOUS, CLUYXPIVOVTAC TEC UE
T avtiotoyeg emdveg toug. Ta amotehéopota, to omolo Setyvouv v amoteieopatdtnTa Xdde pedddou,
Tapartidevtan avaAuTixd Topoxdtw. No onueiwdel dti Ta anoteréopota g avipdmivne alohdynone amoxohin-
TOUV PEYAAUTERN ELVUYPAUULOY TNS EXOVOC UE TIC UETOBANTES Tou epwTiuatog ot oUyxplon pe To CLIPscore,
oOTwS olvetol 6To Lynuo 1.3.

Arnoteléopata Avipanmivng AStohdynong

Ta anoteréopata e avidpodmivrg allohdynong Teocpépouy TOAUTIHN OYONA YLot ToL TAEOVEXTAULOTA YOl TIC
aduvopleg tng anddoong Tou Yoviélou, mapéyovtag Wwa xplowun mpoontixr] Tou Bonddel oty TeAelonoinon xou
Behtiwon g cuvolxrc moldTNTAC Tou TapaydUEVOU Tepleyopévou uédac. H mopaxdte:y evétnTa avallel ta
OY OO TOV GUUUETEYOVTWV Xl ToL xVplot eVpnaTal omd aUTHY TNV oLoNGYNoT).
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Simple Type Complex Type

Zero-shot 0.31 0.30
Few-shot 0.31 0.30
CoT 0.31 0.31
RAG with PDFs 0.29 0.3
RAG with BLOGs 0.3 0.3

Table 1.3: CLIPscore yia meplypagéc mou dnovpyidnxay e diapopetixés yedodoug

Anpoypapixd anoteAéopata Eivol anapaltnto va eetdoouye avaluTixd To undPoatpo xon ta dnuoypeapixd
YOLOXTNELOTIXG TV CURPETEXOVTWY, XS ol TN GUVIECT TOUC Ue TOUS Topel TG WOBAC Xou NS TEXVNTAS
vonuoolUvne. Xto mapaxdte dlorypdupota tapovotdlovTal Thnpogoplec oyetnd Pe To £0pOC MAXLOY TOUC, TO
(pUNO, TO EMAYYEAUA XA TN OYECT) TOUG PE TN WOBO Xou TNV TEYYNTY VONUooUVr. Xuvolxd, cuyxevtphinxay
79 Selyparta and toug cugpetéyovieg yia va aflohoyrioouv 10 eixdveg oto mpdto nelpaya, 10 neplypapéc oto
deltepo melpopar xou var ouyxpivouy 5 exévee Yo xdde and ta 10 Swopopetind teldupa oTul, meploTaong xou
TOmoL opéa. ‘Omwe galveton, 1 TAELOVOTNTA TWV CUPUETEYOVTWY elvon VEoL evihixeg xan éva pxed TococTd
ané autolc efvon petal 31 xou 60 ettdv. Emniéov, oyeddv iodprdpol cuppetéyovtes elvan dvdpes xan YUVUXeS.
Ot cUHUETEYOVTEC €YOUV DLUPOPETNE EMAUYYENLOTA, UE TOUC TEPLOCOTEPOUS VAL ELVOL (QPOLTNTES oL XETOLOUG Vol
gpydlovton TANPOUS AmUCYOANONG. LYEGOV XAVEVOC DEV EYEl XVPLO EMEYYEMUA OYETIXO YE TNV TEYXVT], YEYOVOC
nou neptopilel Ty ewixeuct] Toug oTov Topéd TNS Wodas. 20T6C0, ToEd TO YEVIXA AUENUEVO EVOLUPEPOY VLol T
HODBAL, 1) CUUUETOYT] OE BRUCTNELOTNTEC OYETIXESC UE TN OB Elvol YAUNAT), UE TOUC TEQLOOOTEQOUC CUUPETEYOVTES
VoL XAYOUV BpaoTNELOTNTES OIS AYOPES, TEQLAYNOT, OE NAEXTEOVIXE XAUTUCTAULNTO Xl TogoxoloLUncy wodag
po opdt TNy efdoudda, ondvia ¥ xadéhou. I vor xotavoricoupe o LTOBadEO TWV CUUUETEYXOVTWY Xl TNV
IXOVOTNTA TOUS Vo amovTHooLY oy €peuva, elvor avayxaio va eEetdoouye Tig ayyAxée Toug de€iotnteg xadag
X0 TNV TEONYOoUUEVT] EUTELplal TOUC 6TNY amdvTNnon TETolwy epeuvdy. Ol TEpLGHTEROL GUUUETEYOVTES BEl) VoLV
endpxelol 0T Ay YAd, eV Aydtepol T Yewpoly evildueon. Télog, oyeddv 0o Tplta TV GUUUETEYOVTWY
Bev €youv cupUETdoYEL O €PEUVES TEXYNTNC VONUOCUVNG 6TO TapeAldy, evdd Aydtepo and 1 otoug 5 €youv
CUUUETAOYEL OF €QPEUVEC OYETXES UE T1) LoD

Prefer not to say

70
60
50
40

Male

30
20

Female

18-30 31-40 51-60 Q 5 10 15 20 25 30 35 40 45 50

(a) Hhxla ouppeteyovtomy (b) ®UNo cuppeTEXOVTWY

Unemployed . .

Is primary occupation related to art?

Student
Self-employed
Retired 60

PhD Student 40
Employed part-time
Employed full-time

0 10 20 30 40 50 No Yes

(a) Kopuo amacydinon (b) Eyéon xlplac anacydAnone pe Ty téxvn
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1.5. Tlepiypapn Iewpopdtwy

0 Not familiar at all Very familiar

Basic Intermediate Nativeffluent Not proficient Proficient

(a) EZowelwon cupueteydviwy pe v Teyxvn
Nonuooivn (b) Eninedo Ayyhuxmv

/ . , s 0 .
(a) EVO(OXO)\T]O'Y] GUUUETEYOVTIWY UE OYETIXEC YE TN }.LOOO( Not at all interested Veryinterested
dpaotnpLoTNTES (b) Ev3iop€pov cupetexovTwy yia 1 noda

No No Yes

(a) Buupetoy oe dhhec épeuvee Teyvntic Nonpooivneg (b) Tuppetoyn oe dhhec épeuves podaC

IMowro Ileipapa Y10 mpwto melpaua, oL GUPUETEXOVTES XANINXAY VO ATAVTACOUY GE EPWTHCELS Yo Vo
ATMOXTHOOUV Lol ELXOVA Yidl TIS dnutovpyMuéves edvec. ‘Onwe galvetar oto oyfuo 1.5.6, to amotehéoyota
oELOAOYNONE AMOXUAUTTOUY EVBLOPEREOVTES avTIAELS Yiar Tal poUYA TOU ToEOUCLALOVTaL GTIC BNULOURYNUEVES
eovee. Me péon Boduohoyio 4,1 oe xhlpoxa amd 1 €we 5, elvon @avepd 6Tl oL TEPLOCHTEROL CUUPETEYOVTES
Berixay 10 oTUA TV eVOLPATLWY Vo Tatpldlel xahd pe Tov oyEdlaoud Tou emdidxovtay. H xatodAnidmnta twy
eVOUUGTWY Yiot Bldpopeg meploTdoele AuPBave péor Poduoroyia 3,5, unodnidvovtag uétpla cuupwvia Yetagd
TWV CUUPETEYOVTIWY OE auT6 To GéuoL.

Emuniéov, n avuotolyion twv evdupdtwy ye tov tomo gopéa €hafe uhniy uéon Poduoroyia 4,4, delyvovtog
ouvalveor oe auth TV avtuotolylon. ‘Ocov agopd T dnuiovpydTNTa, TNV awodnTxr EAEN xou T cuvoyy, N
TAELOVOTNTA TWV CUUUETEYOVIWY aELOAGYNOE Ta EVOOUOTA WS UETELX €W TOAD Bnplovpyixd. Emmiéov, oyedov
ohot oL ouppeTéyovteg Yewpnoay 6Tl Ta SLdpopa evdloTa xa afecoudp Tauptdlouy xahd Petad Toug, GUUPBEA-
AOVTOC OF [LOL CUVEXTLXY) X0l EAXUGTIXY) GUVOALXY| ELXOVAL.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

4.5

3.5

2.5

1.5

0.5

Style alignment Occasion alignment Type alignment  Creativity Aesthetic appeal  Coherence

Figure 1.5.6: AZoloynon Euxdvog

Yyetxd ye v moldTnTa e dnuovpynuévne exédvas, to 78% Twv avtamoxpvopévey dhhwooy 6Tl dev
nopathonooy xopio avepaiio ¥ aouvénelr, onwe goivetar oto Lyfhua 7.3.7a. Avtideta, to 22% twv ocvype-
TEYOVIWY EVIOTLONY XATOLES AVETMAEXELES OTNY Edva. 201600, elvon onuavtind va TovloTel 6Tl avdueoa oe
oWTOUC TOU TopATHENOAY OUTES TLC AVETdPXELES, 1) Xuplapyn Thetodnpla Tic Yedpnoe wixpés xaL Un onNuavTixég
Y1 VoL LELWOGOUY TNV a€{ol TOU EVOUHATOROYIXOU GUVOAOU WE TNYY EUTVEUGTC YLdl TOUS GYEDINC TES UODIG.

Emniéov, ol eviomiopéves avwpaiies oyetilovtay xupltg Ue Ta YopoXTNEloTiXd TOU TPOCMTOU XL TV XLV
Tou Qopéa, Topd pe Ta (Biar Tor evdlpata. Autr) 1 Budxpton etvon xploy, xaddc VTOBNAGYVEL 6TL 0 OYEBLICUOS Xa
N oLUV¥eoN TV EVOLUATWY YeEVIXd elyay YeTixr| unodoyn xar Yewprdnxay cuvextixol, pe Ta wixpd TpolAuoTa
vo meptopilovton oe mepLpepelaxd ototyela Tne emdvag Tou dev ennpedlouy dueca TN cuvolx o&ia éunvevong
oTOV Topén TNG LOBAC.

I don't know
9%

No
22%

Yes

22%
Yes
69%

No
78%

(b) Eunvevon yia Eyedaotéc Modag Iopd tig
Avopoliec= Autd o ddypaupa ntitag Selyvel tny
(a) To Budypopuo delyveL TO TOGOGTS TWV EXOVOY PE XKoL XAUTOVOUY TWV OTAVTHOENDY GYETIXA PE TO €8V OL GYEDINOTES
xoplc avwuaies cOUEWVL Ue TOUG GUUUETEYOVTES uédac Peloxouy éunveuon mopd TG avepahies.

Agol anoxthooye Evay TAYE1) XATOUVOTTIXG OO TOL TOEAY OUEVOL ATOTEAECUATA, Elvol THEA YENOWWO Vo eEeTdo0uUE
TIC OLOPOPETIXES AMAVTHCELS TWV CUPHUETEYOVTWY YL TIC EXOVES TOU THEAYOVTOL YENOHLOTIOLOVTOS TEQLYPUPES
Tou mopdyovTal and ddpopec uedddouc. Auth n e&étaon unopel va mapdoyel mo Badiéc eloithiplec 0To TS
dlapopetixéc mpooeyyloeig neplypaphc enneedlouy Ty avtiAndn TV CUUUETEXOVTLVY xaL TNV o€LOAGYNoN TeV
EXOVOV.

Me 10 Vo oUYXEIVOUPE TIC OMAVTAOEL, OE EXOVEC TOU ToEAYOVTOL omd OLOUPORETIXES TEXVIXES TEQLYPAUPNS,
UTOPOUPE VoL ovary VWpIoOUUE TPGTUTAL Xoit TEOTWAOELS METAED TV CUUHETEYXOVTLY. Ta mopdderypa, wo uédodog
evdéyetan vo tpooépel udmidTepes Boduoroylec oTn SNUOLEYIXOTNTO Xou GUVOYN, EVE Uiol GAAT EVOEyETAL VL
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1.5. Tlepiypapn Iewpopdtwy

OX0pdPEL XUAVTERO OGOV APOEE TNV AVTIOTOLYLOT YE TO ETVUUNTSO GTUA 1 TNV XATAAANASGTNTA Yiol OLdpopES TEQL-
otdoeic. Auth n olyxpeion Ya poc Bondrioel vo xatavoricoude ntoieg uédodol neplypophic Eival TLO ATOTENEGUATIXES
o dnploupyio EGVEY TIOL IXOVOTOLOVUY TIC TPOGBOXIEC XOUL TIC TPOTIUNOELS TWY CUUUETEXGVIWY.

Cohesion

Aesthetic Appeal

Creativity
Wearer's Type Suitability
Occasion Suitability

Style Alignment

RAG with BLOGS RAG with PDFs CoT FS mZS

Figure 1.5.8: X0Oyxpion twv emxévmy mou mopdydnxay pe ) yefon Teplypapey Tou dnutovpy iy
XENOWOTOLOVTOC BlapopeTixés uedodoug

‘Onwe gaiveton oto 1.5.8, oL nepiypagéc mou dnuovpyinxay yéow few-shot anédwooav xohltepa and To zero-
shot oTic meploodTepee nepintwoelc. ‘Ooov agopd v evduypduuion podywy - oTul, To FS elye otatiotxns
dlapopd x? = 27,58, p = 0,0035 pe 1o ZS 9.1 xou 660V agopd TNy euduypduon polywy - teplotacne xépdloe
v ety Véon yetoll tig dhiec pedodouc.

Kotd ) yétpnomn e dnuovpyixdtntog Tou VIUG{HaTog, oL GURHETEYOVTES TpoTIHoVouy uedddoug dnwe To RAG
xot To CoT. Edixd 1o CoT Eemépooe to ZS pe x? = 25,87, p = 0,0559.

To FS xav RAG ye PDF xow BLOG {melotnxay eniong idaitepa yior THY Topoywy TERLYRAPOY TOU EYOY WS
anotéheopa awodnTind evydpiotec exdvec. 1o ouyxexpyéva, 10 FS oe olvyxpion pe to ZS elye x*= 27,99, p
= 0,0317.

‘Ooov agopd T cuvoyH| Tou viusipotos (té6co Taptdlouv ta polya xou ta a&ecovdp), n F'S ¢nplotnne xahltepn
and Tig dAhec uedddoug Eenepvirvtag ) Sevtepn xatd oewpd CoT xaw napovsidlovtog otatiotxy| dlapopd X2 =
35,48, p = 0,0034 petall toug, 6mwe gaiveton otov Ilivaxa 9.6.

AcUtepo Ieipapa H aloddynomn e noldmntac twv SNULovpyNUéVmY EXOVeY UECK TV AVTIOPEOEWY TWV
CUPUETEYOVTWY TPOT@Epel TONOTWIES ELoAYWYES, 0ARd o o euPeldnc mpooéyylor evepyel 0TO Vo avaAUGEL
duECH TG ATMAVTACELS TOUG OTIG TapayOueEveS Teplypd@éc. Auth 1 uédodog emiTpénel Uiol TO EUNEQPLOTATWUEY
a€LOAOYNOT TOU TEOTOU UE TOV OO0 TO YAWOOIXO HOVTERO PETADIBEL EVVOLES YOl YOEUXTNELOTIXE TNG HOBAC
HECW YRATTAY TEQLYPAUPOV.

Méow g e€étaong Twv aloAoYNoEWY TWY CUUUETEYOVIWY YIol TTUYEC OTWE 1 XATOVONTOTNTA, 1) CUVOYN, N
XATOAANAOTNTA YIOl TEQIO TATELS, 1) EVTUYPAUUION UE TO GTUA XalL 1) XATIAANAGTNTA TWV YPWUATOY XL VPOV, ATOX-
TOUUE Ui TO GOPT| EAVOL YLOL TNV an6d00Y ToU YAWoowoL yoviélou. Auth 1 afloAdynon mapéyel eloaywyEés
Yia TO Toleg PePodoUC MEpLYpapic - OTwS 1) Wdinom ue Alya mopadelypata, 1 undevixy) uddnon 1 mhoaclodextixnd
mhauowwpéveg npooeyyioelc onwe RAG pe PDFs xaw BLOGs - yetadiBouy anoteheoyotind autés T nTuyéc
OTOUC GUUMETEYOVTES.

Emmiéov, emxevipwvOoUuevol OTIC aVTIORAOEL TV CUUPETEYOVIWY OTIC TEQLYPAUPEC ETUTEEMEL U0l AETTOUEQT
oUyxplon UeTald BlopopeTindy uedédwy. Bondd otov evtomoud edv opiopéves pédodol mopdyouv GUVETGOS
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

TEQPLYPAPES TIOU OL GUUUETEYOVTES VEWPOVY TO XATUVONTES, CUVEXTIXES Xall XUTIAANAES YOl CUYXEXPWEVES TEQL-
otdoelc, TOnoug xou oTVh. Auth 1 Tpocéyyion Oyl wévo Bonldd otnv TeAetonoinon xou TN BedtioTtonolnoy Twv
TEYVIXOV Baocloyévey oe YAWooWwd Yovtéla ylo 1 dnuovpylo meptypapmdy Uodag, aAld mpoo@épet eufprdelc
ELOAYWYES YLOL TNV TEAXTIXY) EQUPIOYT] TOUC OTOV OYESLIOUO UOBUC XAl TIC TEOTUUNACELS TWV XUTAVUAWTOV.

‘Onwe galveton oto oyfua 1.5.9, ol cuyuetéyovieg €dwoay LPniéc Boduoloyiec otnv xoatavonTdtnTa xoL TN
CUVOYY| TV OMULOVPYNUEVWY TEpLYpap®y, PE TWéS mepinou 4,3 xatd péoo 6po oe GAo To TMELRPGUATO XOL TG
pedddouc. EWduxdtepa, o ouuuetéyovies nou autoadlohoyfinxoay we ewxol 1 dntaotol ot Ayyhind €dwooy
ouvohxd udmidtepee Baduohoyiee oe obyxpion ue exelivoug mou dev elyav tdon automenolinon yio T¢ YAWO-
owég toug xavotntee. Autr 7 Sudxpion unoypopuilel T onpacion TS YAWGOWNAC xavdTNTaC oY SLodixacia
aELONOYNONG %ol UTOBNAMVEL OTL OL TEPLYPOUPES NTAV YEVIXA XUAG XATUOXEVAGUEVES Yol EUXONOL XATOVONTES YLt
TOUG TEPLOGOTEPOVUS GUUUETEYOVTEC.

[Tépol amd TNV XATOVONTOTNTO XAl T1 GUVOYT, Ol CUUUETEYOVTES 0ELONGY oY ENLONC TIC TIEPLYPUPES TWVY EVOUUATLY
Bdoel TNE XATAAANASTNTAS TOUE Yo TOV TUTIO TOU POUYOU, TO GTUA xou TNy Tepio taor. To dnuovpynuéva evouua-
ToAOYWE GOVOAA améEdwaay xahd o auTéS T hetofantéc. Idadtepa, N xatodknidtnTa Yoo Ty Tepio taoT EAaPe
éva Wialtepo LYNAG oxop xovtd oto 4,5. Auth 1 Baduoroyio elvon onuavtixd uPnioteen and tig aglohoyhoeic
yioe TV eVBUYPGUULOT TEV EVOURATWY TOU TAUPOLGLAoVTOL 0TI ELXOVES HE TNV TeploTaon. Auth 1 obyxplon un-
oypaup{lel TNV OMOTEAECUATIXOTNTA TWV TEPLYQUPHOY OTO VoL UETABIBOUY XATIAANAA EVOUHATOAOYIXE GUVOAA Ylot
BLAPOPEC TEPLOTAOELS, UTOBELXVOOVTAC OTL Ol YPANTES TEQLYQUPES NTAY TILO ETUTUYNUEVEC OTO VoL LXAVOTIOLOUY TIG
TEOGBOXIEC TWV CUUUETEYOVIWY OE GYECT| PE TIC OTTIXEC amexovioels. Ol cugpeTtéyovieg Pernay TiC TEPLYPUpES
LVPNAE XxaTdAANAES Yior TOV TUTO TOU poUY 0L, UTOBEXVOOVTOS (Lol LoYUEY avTioToly (ol UE TOUG TEPLYpaPOUEVOUC
TOnoug cwuatdiny. Enlong, n xatadiniotnta yio to otul éhofe udmiéc Baduoloyieg, delyvovtag euduypduuion
e to emduntd wovtéa wédoc. To ypduato tou mepypdpnxay eniong emtebydnxay xaAd, UE TOUC CUUUETEYOV-
Te¢ v ol Yewpoly xatdhinha TG0 yiot TNV TEPOTACT) 6GO XAl VLo TOV TUTO, OVTOVOXAWVTAC ULOl OXETTIXY Xl
XUTAAANAY emhoyT| yeouatoc. Emmhiéov, 1 xatodAnAoTnTa TV Yewpdtenv Yo To oTuk altohoyhinxe detixd,
delyvovtac appovio YeTall TV ETAOYOY YPOUATOS Xol TOV TEPLYEUPOY UODUC TOU TEQLYPAPOVTOL.

‘Ocov agopd tig upée, ol Boduoroyies frav e&loou udniéc. Ol cuupeTéyovTeg EViwoay OTL Ol TEpLYPAPElS LUPEQ
AToy XUTIAANAES VLol TNV TEPLOTAOTY), UTOBEVUOVTOS OTL Ol VYES HToy XUTIAANAES Yo DLdpopeg putuloetg. Ou
upEg Vewprimnray eniong xahmg TURIACPEVES UE TOV TOTO, UTOSNADVOVTOC OTL OL TERLYPAPEIC UPEC GUUTATIPCVOLY
anoTteAecHATIXG BLdpopouc TUTOUE cwPATBiwY ¥ TpocwmxdTNTeS Podag. TéNog, 1) XATHAANASGTNTA TV VPV YLot
10 oTUA éhafe uPniéc Baduoroyies, emPefondvovtac Tl oL UPEC EVTACCOVTAY XU EVIOYUOY TOL TEPLYPAUPOUEVAL
podac otUA.  Xuvolwrd, ot uhniéc Baduoroyiec oe avtd Tar xpiThpL ovtovoxholy e JeTnr umodoyy xou
UTOBELXVOOUVY OTL OL TEPLYPAUPES NTAV UTOTEAECUATIXES GTO VO UETABDCOLY TIG EMVVUNTES HODAUC EVVOLEC.
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Figure 1.5.9: A&wohdynon Ieprypapddv

H ouyxpituer avdhuon towv uedodwy, 6twe tapovoidletar oto Ly 1.5.10, yia tn dnuovpyla meplypapv
polY Y LOBC anoxaAUTTEL apxeTég Paoinég yvhoele. To meplocdtepa xeithpla oc dheg Tig pedodoue Ehofoy

7

Baduoroylec xovtd B mdvew and to 3, uTOBEXVOOVTOC ol YEVIXE XOAT anddoor oTr) dnuovpyio oyeTdy Xl
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1.5. Tlepiypapn Iewpopdtwy

XUTAAANAGY TERLY APV UEDAC.

Metagl twv xopugaiwy emdoéoewy, 10 RAG pe BLOG xou to RAG pe PDF nétuyoav otodepd upniéc Bad-
pohoyiec oe 6ha oxedov ta xprthpta. Autéc ol pédodol aflomololy peydha cOVola BEBOUEVKY amd Lo TOMGYLOL Xou
PDF, Swogparilovtac 6T oL meptypapéc mou dnuovpyolvta etvor tholotes, axplBelc pe Bdon ta oupgppaldueva xou
TPOCUPUOCUEVES GTLC CUYXEXPWEVES ovary e oTU, TOToL xau teplotaong. Opolwe, To CoT (Chain-of-Thought)
xat 1o FS (Few-Shot) anédwoav Yavpdowa. To CoT diénpede Wioitepa we npoc tn cuvoyr, unodnidvoviag 6Tt
pLot cLAAOYLO TIXT TIpoGEYYLom Briua Tpog Briuc uropel vo Bektidoel Ty hoyixy por] twv neptypapy. To FS €deiée
dUvaU”N oE TOMNOUG TOUELS, Yoo TOVTOS TO Wit LoYURY| ETAOYT Ylat T1) Snuiovpyia teplypapdy vPniic totdtnTag.

Qot6o0, undpyouv topelc Y Behtinon, Wioitepa Yo ) pédodo ZS (Zero-Shot). Auth n uédodog yevind vo-
TepoloE GE OYEoT UE TIC dAAeg, edixd 010 «KatoahAnhdtnto v Ypwudtonv yio Ty neplotaony xou «Kotohhn-
AotnTar Tou polyou Yia Tov TOnoy. O yaunidtepeg Padporoylec unodnidvouv 6Tl 1 ZS unopel vo duoxolebeTon
HE OLUYXEXPWEVES ATOYPMOOELS TOU TERUBEANOVTOC, UTOBEVOOVTAS TNV avdyxn Yo Tepantépw Bedtiwon yio
Behtlwon tne andboonc Tng oe auToLE Toug ToUE(S.

‘Ohec oL u€dodol anéduwoay oyETNd Xohd ond Ao GUVOYHC XL XUTAVONTOTNTAS, oV Yol TAUPATNENUNXAY Toe-
odayée. Ta ZS xan 1o RAG onueiddnxoy yioo v udnhy Badpohoyio toug ¢ mpog 0 cuvoyh YE UEYAAES
OTATIOTIXEG Blopopéc Omwe gatveton otov Iivaxa 9.8.

Kdde pédodoc npoogépel ouyxexpiuéves wéec. Iho ouyxexpiuéva, 6cov agopd TNy eviuypduulor polywy, To
FS Badpohoyridnxe uvdmidtepa we to otatiotind Tou p-value xou chi-square oe oyéomn ye 1o RAG pe PDF mou
ftav To dedtepo xohltepo (x? = 35,42, p = 0,004). To teheutaio mapoucioce peydhn otatiotnd dloopd ue
TIg averTeEpeS edddoug Tou oTov Topéa TNg euduypdupione polywv-teplotaone pe X2 = 46,5 , p = 0,001 ue ZS
xon X2 = 41,71, p = 0,0042 pe RAG pe BLOGS, énoc gaivetor otov Hivonca 9.9.

Ye oyéon pe v euduypdUULoY TOU TUTOU TOU ATOUOU TOU QOpd Tol POUYO, Ol CUUUETEYOVIES €Bwaay TNV
xohOtepn péon Baduoroyia 610 RAG pe BLOGS axoloudoluevo ané 1o FS ue otevi ototioti dagopd x2
= 9,6, p = 0,384 petof0 touc. To RAG pe BLOG wotéoo unepelye oe olyxplon ue to ZS (x? = 57,41, p =
0,000000067) %ot to CoT (x? = 36,48, p = 0,00003) énec poiveton otov Mivexa 9.10.

‘Ocov apopd TNV xotahANAOTNTA TOU POUY 0L Yiol TO cUYXEXELEVO oTUA, To RAG ye BLOG éhofie udnidtepen
Barduoroyio xou mapouciace onuavtixd ototiotind dopopd pe to RAG ue PDF (x? = 36,44, p = 0,003). Etvau
entone evdilogpépov va onuelwdet 61t n ZS Eenépaoe to FS pe x? = 59,17, p = 0,0000003, énwe goivetor ooy
IMivoxa 9.11.

‘Ocov agopd t0 eptdtnua mou oyetileton Pe TNV eVdUYRGUULOYN TWV YEWUATWY PE TNV Teplotoaon, unopel va
ouvaydel o ouurépacya 6t to CoT Badporoyhdnxe v avdrtepo éyovtac X = 24,85, p = 0,0156 pe RAG
pue BLOG. Exmbogépa anoteréopata 8édUnxav and 1 Boduoroyio twv ZS xa FS tou Eenépacav to RAG ue
BLOG pe x? = 57,56, p = 0,0000013 xou x? = 37,53, p = 0,000000183 avticToya, dnwe gaiveton oto 9.12.
Awmotadinxe 6t to ZS elye vPnhotepn Baduolroyio wg TV xATEAANAGTATA TV YpWUETWY Yia Eva dedopévo
oTUL, 6T amodevieTon onb Tic petproelc x? = 32,67 p = 0,0011 ye RAG pe BLOG xow x? = 36,6, p =
0,0006 pe FS, 6nwe gaiveton otov ivoxa 9.14.

Aiepeuvivtag Tt cucyétion petofl ugprc xou meplotaong, to CoT Badpohoyrinxe vdmidtepa amd to dhha,
delyvovtag x? = 23,92 p = 0,02 pe to FS mou Arav deltepo oty xotdtaly, éxoviag Tov Blo péco dpo ue 1o
RAG pe 1o BLOG. To FS elye xakltepn anédoon o autd t0 1edlo and 10 ZS cOUQVIL UE TOUS CUUUETEYOVTES
e otatioTixd dapopd x? = 34,52 p = 0,0006, 6mec goiveton otov Ilivoxa 9.15. Emmiéov, oe authv tnv
nepintwon to anotehéopota RAG pe BLOG nétuyay peyolitepee Paduoloyiec and 1o RAG pe PDF pe x? =
41,58 p = 0,00046.

‘Ocov apopd Tlc epOTACELS GYETIXA YE TO TOLEC LPES elvol xAADTERES Yiat BLopopeTinole TOTOUC YENoTeY, 1 ZS
Tétuye eviunwotoxée Paduoloyiec tepvivtac to RAG pe BLOG pe x? = 38,8 p = 0,0000054. To RAG pe
BLOG emituyydver tn deltepn xohitepn péon Paduoroyia Eemepvivtac 1o CoT pe x? = 45,09 p = 0,000134
xou FS pe x2 = 95,32 p = 0,00000000000026 énewe gpaiveton oo 9.16.

Téhog, yior Ty evduypduuion oTuh-uphc, ol ZS xou CoT xépdioay v npwtn Yéom uetald Twv pedddwy pe Tég
X xou p oL UTOBNAGVOULY UeYEA oTaTloTd Blapopd oTic xotavopéc uetald ZS xa FS, ZS xou RAG (elte pe
PDF eite ye BLOG) xau petagd CoT xouw RAG 6nwe gaiveton otov Hivoxa 9.17.
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Yuunepaopatixd, 1 oflohdynon uroypoupiler to Suvatd onpeio xou toug topelc yia T Bedticoon Twv Sapope-
TIXWV Pedodmy mou YpnotwonolovTal yior T dnutovpyio mepypapmy polywy podas. To RAG pe BLOG xou
PDF ovobeviovTol we oL Lo ANOTEAECUATIXEG TPOCEYYIOELS, TUPEYOVTOS TEQLEXTIXES XOl OYETIXEC UE TOL GUU-
pealoueva neptypapéc. To CoT xou to FS napoucidlouv enlong toyupéc Suvatdtnieg, ewdixd 6cov agopd T
oLVOY T xou TNV TPocupHocTOTNTA. 201600, N ZS, av xar ToANS unooyduevr, ypeetdletar nepattépw Beltinon
yior vor BEATLOGEL THY XATavoNnon TV cUUPEalopévwy Xl TN GLVORXT TNE anddoon

Suitability of the textures for the style

Suitability of the textures for the type

Suitability of the textures for the occasion

Suitability of the colors for the style

Suitability of the colors for the type

Suitability of the colors for the occasion

Suitability of the outfit for the style

Suitability of the outfit for the type

Suitability of the outfit for the occasion

Coherence

I —
I ——
I —
I —
Comprehensibility
I ——

(=]

0.5 1 15 2 2.5 3 3.5 4 4.5 5

RAG with BLOGS RAG with PDFs CoT FS HEZs

Figure 1.5.10: X0Oyxpton Iepiypagpov nou napdydnooay pe dlapopetixés pedddouc

Z0YxpLon TwV ANOTEAECUATOY Ty LLMs

To xepdhono autd cToYEVEL OTNY 0ELOAGYNOT) XU CUYXELOT) TWY OTOTEAECUATOY TeV LovTéAwy Falcon xou Mistral
Baolopévo TNy avaTeo@oddTNoY TWV CUUHETEYOVTWY ToU GUAAEYONxXEe uéow tng épeuvag. H yehétn availel Tic
aVTAAPELS XOU TIC TIPOTIUNOELS TWV YENOTWY OYETIXA UE TIC TEPLYPUPES TOU TORIYOVTOL And AT Tal LOVTERY
Y10 VoL DLMLOTMOOEL TOLO HOVTENO TapdyeL amoTteAéopata Tou avihaufdvovton ot ovlpdmivol afloAoYNTES WS Lo
oxpB3n), EUANTTA X0t GUUPEALOUEVOL XUTANATAAL.

Emuniéov, extoc and tny e€ETAoT TV ANOTEAEOUATOY TNG EQELVAS OYETIXG YE TN CUVOY T, TNV XATAVONOT) XOL TNV
evduypduuion ue ddpopec peTaBANTéC, auTd TO xEPIAAO Vot EETAOEL THS AUTE TAL YOEAXTNELOTIXG ETNEEGLOVTOL
and TO UAXOC TWYV TEQLYPUPWYV.

LNy ouyxpLT avdhuoT TV anoTEAECUATOY avlpdmivng a&loAdynong mou galveton otny exova 1.5.11, yio tig
TEpLYpopéc evBuUdTwy podag mou dnuoupyHiNXay and dVo ueydha Yhwoowd povtého (LLMs), o Falcon xou to
Mistral, a€iohoyrioope TOMATAG %ELTrELd, CUUTEQLAUUBAVOUEVWY TNG XATAVONCLOTNTOC, TNG CUVOYNAS XL TNG
euduypduulone HE TO GTUA, TNV teploTtaon xat Tov TOmo tou gopéa. H afiohdynom tne xotavonoydtnrog €deile
ot 1o Falcon éhofe yevixd udmidtepec Baduoroyies, ye peyolitepo tocootd Pigwy yia tnv Boduoroyia 5,
UTOBEYUOVTAC OTL OL TIEPLYPAUPES TOU HTAY EUXOADTERES OTNY XoTavonor. ‘Ocov agopd tnv cuvoyr, To Mistral
€deiée umepoy ), xepdilovtag udhnidtepee Baduoroyieg xou Yeyahdtepo T0cooTo PRPwy otig avitepes Baduidee,
avTatonte(lovtag xahiTtepn Aoyixy] pot) xau cuVETel, evéd To Falcon éhafe eniong moAiég drigoug yia v
Barduoroyia 4, anodelxvbovTtog emapxy) anéd00). LNy eVdUYPdUULOT TwV EVOLUATWY UEe TNV tepioTtaoT, To Falcon
uneployuoe onuavtixd tou Mistral, Wiaitepa otic uPnidtepes Baduoloyies, UToBeVbOVTC AVDTERT XoTAVOTO)
tou mhaustou. Ilapouoiwe, to Falcon Siénpede otny suduypduuion tev evBuudTtwy Ue Tov TOTO TOU QOpPEX, UE
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1.5. Tlepiypapn Iewpopdtwy

vdPnAdTepo T0G0GTH Priprv Yl Tic xopugaies Baduoroyies, vroypapuilovtag Tic PekTiwpéves duvatoTNTES TOU
otnv e€atoyuixevon. Ko ta 600 LLMs Belticddnxay otny euduypdupion twy evduudtonvy pe xadoplouéva oTul
xodog ot Boduohoyieg avgridnxay, adihd to Falcon elye afloonueiwto npoPddioua. Xtnv evduypduulon Tov
Yewudtwy ue v neplotaon, 1 unepoyn tou Falcon Wtav eygavic, Wdtepa otic udpmidtepes Paduideg, xdtu
TIOU TV GUVETEG %ol 0TV EVDLYRGUULOT TWV YpWUETWY UE TOV TUTO Tou Qopéa xat To otuh. H alloddynon
e eLBUYRAUULIONE TWV UGV UE TNV TeploTaoT], TOV TUTO TOU (POPEN XAl TO GTUA UTOYQEOUULOE TEQUUTERW
™y avateen anédoon tou Falcon, pe uvdpnidtepes Boduoloyieg xon yeyohdtepo m0600Td PPV OTIC AVOTERES
Borduildeg. Xuvohixd, eved to Mistral €6eile SUVAUELS OTN SNULOVEYIO XUTAVONTOV Xl GUVEXTIXWY TERLY PUPWY,
to Falcon Sionpldnxe otn dnulovpyia neptypapdv nodos mou elval cuPQEalOUEVO CYETIXEC XU EENTOUIXEVUEVEC,
AopBdvovtag otadepd udpmidtepes Badpohoyies xan peyahlitepo T060aTd LPNAGY Prigry, Wiadtepa oTa xpLThpLa
evduypdupLong.
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Percentage of Toal Vtes %)
)

(a) Loyxpion e xatavénone twy (b) Zoyxplomn Tne cuvoyhc TV (c) Z0yxplon tne evduypdpuione
TEQLY PAPEV TEQLY PAPEV Tou vtuoiyatog pe Ty neplotoom

(d) B0yxpion e evduypduuiong
Tou vtuciyatog ye tov TUno Tou (e) Z0yxpion e evduypdpuiong (f) Toyxpron tne suduypduione
Qopéa TOL VTUCLUATOC UE TO OTUA TOV YPOUETOV UE TNV TEploTaoN

[

Percentage o Toal Vtes %)
[
ool Votes ()

Percentage of ot votes (%)
5 )

///

Grades

Grades Grades

(g) Loyxpion tne euduypdupiong
TRV XPOUATOY YE TOV TUTO TOU (h) Z0yxpion e evduypduuiong (i) Toyxpromn tne euduypdumong
popéa TOV YPWUSTOV YE TO GTUA TV VPOV UE TNV TeploToom

Percentage of Toal Vtes %)
] s

s

(j) Toyxeron tne suduypdumone (k) Z0yxpion tne evduypduuiong
TOV LPWY UE TOV TUTO TOU POPEN TOV VPOV UE TO GTUA

Figure 1.5.11: X0yxpion tov anoteAecpdtwy avdphdmvng alohdynong yia to 80o LLMs

Teito IMeipopoa

Ané 1o tplto melpopa, 6mou ol cuppetéyoviee {nthdnxay va emAéEouy To GUVOAO TOU TEOTWOUY PETAED TWY
GUVOAWY TOU TR INXAY YENOWOTOLOVTOS TNV TERLYPPY| Tou dnwovpyRinxe ye 5 SopopeTinég uedddoug,
UTOPOVPE Vo EEQYOUNE CUUTEPAOUATA OYETIX HE TNV auoUNTiX] EAEN TwV emdVwY e oyéon Ue TNV meplotaon,
TO GTUA X0l TOV TUTO TOU POREUATOC. XE AUTO TO TElpoPa, TEAYHATOTOIELTOL GUYXELOT TWY AMOTEAECUATWY TWVY
dlapopeTixwy Yetddwy. Kodng 1o novtého mapaynyng exovey Tou yenoulomolinxe Ytav to (8o yia Ok Ta
TELPdUATA, To CLUTEPdOPATA aopoly TN wéYodo Tou yenowonotidnxe yio to LLM.

Yto Tyfuo 1.5.12, upmopel va moapatnenlel 6TL oL ewdveg mou BnuovpyAUNXaY and TIC TEPLYPUPES TOU
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onwovpyhinxay e RAG e PDF xau autég mou dnurovpyiinxay pe FS mpotiurinxay and toug cupuetéyovteg
xau xatéxtnooy Ty teadtn Yéon. H RAG ye mnyéc BLOG enlong eméydnxe wg n xahbtepn emhoyy, wotdoo,
oyl téoEC Popéc.

Few-shot learning
RAG with BLOGs
RAG with PDFs

Figure 1.5.12: Médodol nou Eeyplony aviueco oTic FJAAES GOUPWVAL UE TOUS CUUUETEYOVTES

Avutéc oL yélodol Eeydptoay enlong avaueoso oTig dAAES, oxOua xou 6Tay dev xépdloav TNy Tedh Ty Yéor. Ta 10
detypata, 1 RAG pe PDFs xau 1 pdidnon hiywv oxédewv dev emhéydnxov noté we 1 yewpdteen emhoyr. Ta
cLVoAXd amotehéoporta yio autd tar 10 Selyparto nopouotdloviol 6to ddypoypoe 1.5.13.

1STEI ECE ZSTF ACE 3RDPLACE ATH PLACE 5TH CE

Axis Title

b 7 210-5hot learning === Few-shot learning seesChain-of-thought s=e= RAG with PDFs s=ll== RAG with BLOGS

Figure 1.5.13: Auté to didrypaypa delyvel mooec popéc xde puédodoc Ynplotnxe otig Véoelg and v 1n €ng
v 5. Kdle ypopun avunpoowneder o uédodo, ye onueio mou delyvouv tov apidud tewv Phewy yio xdde
Véom.

Ané To dudypoppa mapatneeiton 6Tt n RAG pe PDFs nopdyer xolUtepa anoteléopata and v RAG pe BLOGs
o€ TepLocOTERES TepiTwoel;. Emnhéov, to ZS xan to CoT amoxtolv v (Bia Snuotixdtnta wetadd tewv ouuue-
TEYOVIOV.

ITotoTixd AnoteAéopata

Téhog, Yo e€etdooupe oployéva OnTXd AnoTENECUOTA TOU HOVTENOU YA, ONAadY| ELXOVEC TTIOU TROEPYOVTAL And
TEQLYPAPES oL BNuLovpY My pe 5 BlapopeTtinée pedddous. Xtig exdveg 1.5.14 xan 1.5.15, napouoidlovtan
exovee mou mapyUnoav ue T yeron tne uedddou Stable Diffusion pe mepiypagéc mou Snuiovpyridnxay pe 5
dlapopeTixéc pedodoug.
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IMopatnpeiton 6Tl oL €xXOVEC TOU TP INXAV YENOLLOTOLOVTIC TS TEPLYPUPES TOL ONoupYHUNXaY Ue T
pedodoroyla chain-of-thought eppavilouv peyaridtepn Tovahion YEEUATOY Xo VYLV o GUYXELOT Ye dAheg UeVS-
doug. Auth 1 evioyuuévrn mowhopoppia opelietar oty dladixacia chain-of-thought, émou ta ypduato xou to
VAot SNUIOLEYOUVTAL TEMTA XoL €NELTA TO LOVTEAD xardodnyelTol Yl VoL EVOWUATMOEL aUTd Tol oTolyela
oV TEAY TEptypapr. Me TNV TPOTEpAOTNTA AUTMY TWV ONTIXOV AETTOUEQRELDOY OTNV dpyT Tne dladaciog
dnuoupyiag, To wovtého mopdyel TAouoldTepes xat o Towxieg omTixég e€6d0uc.

Emuniéov, napatneeiton 611 moAAég exodveg meplhapdvouy Bloxpltixd tnv meplotacn oto mapooxhvio. L
TEABELY O, UTOVOELTOL €Var XX YE €Val TTdPXO0, Lol YEWEPLVY| SLOXOTES UE EVOV YLOVIOUEVO TOT{o Xou €val QeEo-
TR pe Ty mapovaio dAAwy avipedtey. Autd Ta TEplEOUEVA GTO TUPAOXAVIO eUTAOUTILOUY TNV aPHYNOY XoL
ToEEYoLY Wa To evieAeYY| eunelpio oTov Yeatr], Bondwvtag oTny ayxdAaoy Tng Teplypapnc Hodac Uéco oe Eval
PEAMO TIXG GEVECLO.

Qot600, avayvepiotnxay xdmolec elhel(elc oyeTixd Ye To YopoxTneloTxd tewv goviéiwyv. H eugdvion tov
HOVTEAWY BEV TEQLYPAPNHE EXTEVAIC OTLC OONYIES, EXTOHC OO HATOLEC AETTOUEPELES YL TOL UAUAALSL o TO ontyLdl
Toug. AuTH N ENAELPN AETTOUERELOY TIEPLEYEL UEPIXEC PORES AVTIQPAOELS GTNY EUPAVLOT| TV HOVTEAWY. {26T600,
7 TAELOVOTNTA TV GLUVOAWY BeV eppavilouv avwuahies 1 avTpdoeLls, xatadexvbovtag 6Tl o eotioon oto polya
%ol GTUAOTNOY NToV YEVIXE XORS EXTENECUEVY).

Ye oplopéva delyporta, mopoustdlovTtal ToAaTAéS EmAOYES Yia TO (Blo TelBuuo Tev petafintady. Auth n towdiia
TEOXUTTEL EMELSY) OL TOPAYOUEVES TEQLYPAPES UTOPEL VoL TPOCPEEOLY TOAATAES EMAOYEC Yiar eVOUUOTAL, YpWUaTaL
N vpéc. T mapdderypa, plo neptypopy| unopel va xadopilel "xotAé 1 unel mavtekovia", "xhaoxd Aeuxd 1
yxpL mouxdoo" 1 "ouvduaouévo ue otevd xahoypoppéva chinos N yoxt", | "Sepudtivo ¥ xaotdevo coxdn".
Avtéc o emhoyéc avtixatontpilovy Ty evel&io TOU LOVTEAOU ot TOV TAOUTO TOU TOPOY OUEVOL TEPLEYOUEVOU,
Tap€yovTog ToAANAES duvatétnTeg styling oe ula neptypapn.
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Zero-shot learning Few-shot learning Chain-of-thought RAG with PDFs RAG with blogs

Style: sporty | Occasion: winter vacation | Type: woman

Figure 1.5.14: Ewdveg mou napriydnoav anéd Stable Diffusion ue nepiypoapéc mou Snuioveyidnxay pe 5
dlapopeTixéc pedodouc
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Zero-shot learning Few-shot learning Chain-of-thought RAG with PDFs RAG with blogs

]

Style: casual | Occasion: a play/concert | Type. a small-framed, delicate woman

A | TR e
S‘tyle sportyl Qccasion: a semi-casual event | Type: man

Style: gothic | Occasion: a play / concert | Type: woman

Figure 1.5.15: Ewdveg mou napriydnoav anéd Stable Diffusion ue nepiypoapéc mou Snuoveyidnxay pe 5
dlapopeTixéc pedodouc
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Falcon-7TB Mistral-7TB

Occasion: a casual gathering | Style: casual | Type: woman

"This casual fashion outfit is perfect for a woman attending a gathering with friends
and family. The outfit is composed of a light-colored, flowy blouse made of soff coffon
material with a delicate floral paftern embroidered on the chest. The blouss is paired

with & high-waisted, dsrk wash denim skirt that has a relaxed fit and a slight A-line
sithouette. To add some texture and dimension to the outfit, a light beige cardigan with

"The fashion outfit consists of a taupe, oversized i, crewneck
swealer paired with dark-wash skinny jeans and cognac

Description lesther ankie boots. The ensembie is completed with a cream, & faux-leather frim is \ayered over the blouse. The cardigan also features a subtie
faux-fur shawi drfsped :_?Iegan.rry around the meck, and a goid embroidery defail on the chest, which ties in perfectly with the blouse. For footwear, 8
nec.'q'ace with a g.lmp}e pendant T‘he co}ors. biend pair of nude-colored strappy sandsls with a block heel are the perfect choice. The
harmaniously, creating a cozy yet chr‘c Iook suitable for a sandals add a touch of elegance to the outfit while keeping it casual. To accessonize, &
Zero-shot casual gathering. dainty gold neckiace with a delicate pendant and a matching bracelet are the perfect
learning touch. A small, structured bag in light brown leather completes the outfit, providing 5
practical yetf styiish option for carrying essentials.”
Image
QOccasion: winter vacation | Style: bohemian | Type: a small-framed, delicate woman
. . . . "A bohemian-style winter outfit for & small-framed, delicate woman would be a dreamy
"Fora wm.rervaca.rron,. consider a I:lohemr_an—sty}e outfit that and etheresl ensemble that captures the essence of the season. The outfit would
complements your delicate frame. Start with & warm, earthy- feature a soft, flowing dress in a muted color palette of pastels, such as a delicate
toned base, such as a rich, deep red or a warm, neutral color shade of lavender or & soft pink. The dress would have s fitted bodice and & full, flowing
like: camel or cream. Layer a cozy, oversized sweater over a skirt that falls just above the knee, creating a feminine and playful silhoustte. To add
Description delicate blouse or top. A pair of high-waisted, wide-leg texture and warmih to the outfit, a cozy cardigan in a rich, earthy color such as
Few-shot trousers in & soft, earthy hue, paired with ankle boots or flats, burgundy or olive green would be a perfect addition. The cardigan would be made from
learning completes the look. Accessorize with delicate, bohemian- a soft, plush fabric such as cashmere or wool, and wuu}_d feature 8 ._shaw.' collar that
style jewelry, such as & pendant neckisce or a bracelet with q'rspes elegantly over the shoulders. For foofwear, a pair ofank_}e—hrgh, suede boots
intricate details. Don't forget to add & warm, woolen scarf or with a_Iow heel would be the perfect chmc«_a. The boots wuu}_d be in a neutral color such
& cozy, oversized hat to keep your head and ears warm."” as beige or taupe, and w?;f;::g;adﬁ;ﬁ?omi:g g;::rg?zrplaffonn to add 5 touch
Image

Occasion: a job interview | Style: classic | Type: woman
"Awoman attending a job interview in classic style would exude confidence and
sophistication in this fashion outfit. The foundation of the outfit is a tailored navy blue tweed
blazer, which adds structure and a touch of formality fo the ensemble. Pairing the blazer

“For a classic and professional look, opt with a cream-colored silk blouse elevates the look with a touch of elegance, while also

Chain-of-  Description
Thought

for a navy tailored suit with a cream
blouse, black tailored trousers, and &

black and cream silk tie. Accessorize with

black pumps and & cream handbag.

providing a pop of contrast against the darker tweed. The botiom half of the outfit is a black
pencil skirt made of a rich silk fabric, which adds a touch of luxury and sophisfication. The
skirt iz tailored fo fit perfectly, with a slim fit through the hips and a flared skirt at the bottom,
which adds movement and visual interest. To complete the look, the woman can
accessorize with a pair of black strappy heels, which add a touch of edge and sophistication

to the outfit. A simple black clutch, made of a smooth silk fabric, can be camied as a final
touch to the outfit, adding a touch of polish and professionalism. Overall, this classic style
outfit is perfect for a woman attending a job interview, as it exudes confidence.”

Figure 1.5.16: Iepiypagéc xou eixdvec mou mapdyovtan and to Stable Diffusion ye nepiypoagpéc mou napdyovtou
and 2 Swpopetind LLMs vy tny Mndevinr) Mddnon (Zero-shot learning), tmv Muxer Mddnon (Few-shot
learning) xo v Ahuoido Exéne (Chain-of-Thought) (apioteph otiin i o yovtédo Falcon-7B, 8e€id

oThAn vl To wovtého Mistral-7B).

Image
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Occasion: a beach | Style: gothic | Type: a small-framed, delicate woman

"The delicate woman siands at the beach, her small frame

adormed with .fnff_icate gothic details. Her dark hair is styled in "4 small-framed, delicste woman would look stunning in & gothic-
loose waves, framing her heart-shaped face. A blsck velvet dress style outfit for a beach setting. The outfit should feature a flowing,
with intricate lace detailing is paired with a long black cloak, its lightweight dress with a cinched waist and a full skirt that

Description edges frimmed with intricate silver embroidery. The cloak is billows in the breeze. A cropped leather jacket or & denim vest couid
fastened with a large silver clasp at the neck, adding fo the gothic be added for extra warmth and profection from the sun. Accessories
aesthetic. The woman's delicate festures are accentusted by the like & wide-brimmed hat, sunglasses, and a statement necklace can

dark makeup and gothic jewelry, including & silver necklace with a add s touch of glamour and .spphf'sﬁcaﬁon to the outfit. A pa.f'! of

RAG with pendsnt in the shape of a skull. The ensemble is completed with strappy sandals or espadriles would complete the look
PDFs bilsck ankle boots, adding to the overall gothic vibe.”
Image
QOccasion: a cocktail party | Style: bohemian | Type: woman

"A bohemian style outfit for s woman aiffending a cockiail parly
"The delicate woman in the bohemian outfit looks effortiessly chic could include 2 fowy midi dress with intricate floral patterns or

and stylish. The ensemble consists of a vintage-style, floral-print lace details, paired with delicate sandals or strappy heels.

D inti dress paired with a cream-colored, tailored blazer. The dress Accessories such as statement earrings, a dsinty necklace, and a
escrniption festures a fie-neck detail and a fiared hem, while the blazer has a crossbody bag can add some edge fo the look. A chic
single button and subtie ispels. To complete the look, she clutch or handbag can complete the outfit, adding a touch of
wears a pair of round-foed, block-heel pumps in & neutral color. sophistication. The key is to keep the overall look relaxed and
The outfit is perfect for a cocktail party or any other formal event.” effortiess while still looking polished and put together. ™
Image

Figure 1.5.17: Ilepiypagéc xou euxévee mouv mopdyovtal and to Stable Diffusion pe nepiypagpéc mou
dnwovpyolvton and 2 dapopetxd LLMs yio to RAG pe nnyéc and PDFs xaw ané BLOGs (apiotep| oThln
yio To povtého Falcon-7B, 8elid othin v To povtého Mistral-7B).

1.6 Xvpnepdopata
1.7 XulHnon

Avuty| 1 Swotplfn Biepeuvd pedoboroyleg Yo T dnutovpyio TEPLYEUPOY LOBUC TEOCUOUOCUEVEC OE CUYXEXPUIEVES
HETUBANTES, YPNOWOTOUdVTOS d00 BlapopeTind HovTENS peydhwy YAwoo®y (LLM) xou évoa poviého Etadepric
Awgyvone (Stable Diffusion) yio tn Snurovpyio exdvey uédoc. Eexivivtoc and Tic Tapadoclaxés npoceYyioels,
1 ueAétn Bivel éugoot oTic TexVixée "tpo-exnaideuong, dusong xou medBredng" Evavtl g cupPotixrc pedodou
"npo-exnaldevong, teieononong”. Auth 1 adlayn umoypouuilel TNV ATOTEAECUOTIXOTNTO Xl TNV TEOCU-
HOC TIXETNTOL TOL TPOoPEREL 1 TpoTeonh (prompting), Tou cuuTAnemveTon ond Ty €yyuon yvoone(knowledge
injection) yior vor SLorTnEOUYTAL To LOVTEN EVIUEPWHEVIL X0l EUTIELPR OTOV ToYEWS EEEMOCOOUEVO TOPEN TG UOBOC.

Kevtod otoiyelo e yerétng elvon 1 uédodoc Retrieval-Augmented Generation (RAG), n onola alonotel
TANeopoplec and dldpopes TNYES, OTWE TMEELODIXA UOBAC Xt LoToAOYL.  AuTh 1 mpooéyylor eumhoutilel ta
povtéha e wa Bahd xatavonon twv cLYYEoVeRY TACEWY XUl ATOYEWOEWY, EVIOYVOVTOS T CUVAQELL XoL TNV
axp(Belal TV BNULOUEYOUUEVWY TERLYRUPOY HOBAS.

H 0€loAdyNnom Tev YEVETIXWY HOVTEAWY Yenotdonoinoe o BithY Teocéyyior, Tou cUVBUALEL TOCOTIXES UETPHOELS
xou toloTixy| avitpomivn xplor. Ilocotixd, n uétenon CLIPscore nopelye mAnpogopieg oyetixd pe Ty ToLoTNTO X!k
™V eUdUYEAUULOT TEV BNULOLEYOUUEVKY TERLYEPMY UE To emdlwxdpeva unvopoata. H avipdrivn allodynon
EMXVPWOE TEPAULTERE OUTE TOL EVRHHUATA, OIVOVTAC EUQUCT] 0T BUVATE ONUEL TV HOVTEAWY OTT SNULOVEYIXOTNTA,
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1.8. Meihovtixéc Kateudivoeic

™ ouvoyh) xou Ty awoOnuixy) éAEn.  Ou oupuetéyovieg Baduohdynooy Ue CUVETEW TIC TEPLYPAUPES YLoL TNV
IXAVOTNTA TOUS VAl AMOTUTVOUY Bidpopa oTotyela Tne uodag, utoyeauilovtag Ty XavdTNTo TWV HOVTEADY Vo
avTanoxplvovtol o€ BlaPOoRETIXEC GTUMOTIXES TROTIUNOELS Xol TOMTIOTIXG TAX(OLAL.

Ou ouyxploeic UETAED BLOPORETIXWY TEPLYPAUPXADY HEYOBWY LTOYRdUULoAY Tig dlapopéc oTtny anddooT. Teyvixég
onwe 1 expdidnon Few-shot xou 1o RAG pe apyeio PDF 8iénpedov otadepd otnv napaywyy| Teplypapdy XoL
exovwy mou evduypaupllovtor otevd e xadopiopéve uetaAntéc, embewcviovtag oTiupdTnTa oe Bldpopa
xprthpta adtohdynonge.

H mototxr} avdhuom Twv eixdvev mou dnuoveyinxay aroxdiude a€iénouvn tpdodo 6Tov peahlowd xou TNV OTTXY
Touhouoppla, Wioltepa evioyupévn and T uevdodoroyior Chain-of-Thought. O ewdveg oy udvo €deryvay Eva
£0pOC YPWUATOV X VYLV, dAAd ETIONC EVOWUATHOOAY BLoxpLTixd oTolyElol TOU LTOBEVOOLY TNV TEeploTUo.
IMopd Tic TEPLOTACLIXES ACUVETELES OTIC EUQPAVIOELS OV dnplovpyolvTaL omd YovTéla, 1 eotioor ota polya
%ol To oTUA amédde oTadepd omTIXd EAXUCTIXG amoTEAéoUATA OV elyoy XOAH amiyNom oToug avipdmivoug
o&lohoyntéc.

Yuvolxd, auth N PEAETN avTinpoownelel Eval oNuavTiXd PBrpc TEog To EUnEds otnv oflomoinon TwY HOoV-
téhwv LLM xou Stable Diffusion yia t dnuiovpyla mepieyouévou podag. Alvovtag EugocT oTIC XOUVOTOUES
TeViXEC prompting xou oTr cuveyT| €yYUon YVOONS, 1) €peuva €xel delel antéc Petidoec oty axpifeia,
ONULOVEYIXOTNTA XL T CUVAPELX TWV ATOTEAECUATOV UOBOC TOU SNULOLEYOUVTAL Amd TNV TEXVNTY VONUOCUVY.
Avutéc ou e€ehielc Oyl povo umoypopifouy Tig BuvatdTNTES TG TEXVATAC VONUOGOVNG OTN SLoR(LaCT TOU
péAhovTog tng wédoc, oAld enlone avolyouv To dpduo yia nepartépw e€epelivnom xou Bektinon oe dnuiovpYxéc
Blrounyavieg mou Pastloviar oty teXVNTY VONULOoHVY.

1.8 Melrovriixéec KatevIddvoelc

E€etdlovtac tic yelhoviixéc xateuvdivoelc yia ) Bektiwon e mopaywyrc nepleyouévou uddoc péow mpo-
NYUEVWY UedoBohoyLdy TeXVNTAC YONUOoUVNG, o6 TO EVPHUATA TNG TEEYOUCUS UEAETNG TEOXUTTOUV TOAAES
unooyoueveg odol. Ilpchto xan xOpto eivan 1 BeATlwon NG CUVETELNS TWV YORUXTNEIO TIXOY TWV UOVTEAWY O
TPOEXTIUDELUEVAL LOVTERD TRy WY NS EMOVaS. H avTETOTION TV AOUVETELDY GTIC ToRAYOUEVES EIXOVES LOBIS
Yo unopoloe vo emtevyVel péow texVxdY Oonwe fine-tuning. Autr n uédodog croyelel anotundoel xoAlTERY
TIC OTIALOTIXEG OMOYPWOELS, TIC UPES TOV VQPAOUATOY Xol TLC TOLELIo TEC EVOURAT®Y, armodibovtag éTol o axpl3h
O OTITIXG, EAXVOTIXG AMOTENECUATO.

Mt dAhn mohhd umooydpevn xatedduvern mepthoaufBdvel TNy eméxtoon Tou Tedlou egapuoync tou Retrieval-
Augmented Generation (RAG) népa and Tic napadootoxéc tnyéc Omwe To TEpLodInd UOdC Xou Ta Lo TOAGYLAL
Me v eVoOUAT®ON TOLUAWY TNYOY, OTKE TAATPOPUES HECWY XOVWVIXTE BixTOwoNe, apyela wddac 1 tepley -
HEVO Tov dnplovpyeita amd yeNoTeS, Ta HovTERa Yo UTOpOoUCAY VoL EUTAOUTICOUY TIC AVAPORES TOUG UE EVPUTERES
OTUNOTIXEC ETUPPOEC X0 TOMTIOTIXES YVWOELS. AUTH 1) TpOoGéYYLoTn )l HOVO EVIOYVEL TNV Towthopop@lor xou
TN CUVAQELD TOU TOEAYOUEVOU TEPLEYOUEVOL HOBuC oAAG entiong BedTichvel TNV tpocopuos TndTnta 6TIC eEEMO-
COPEVES TAOELC Xol TIG EEELBIXEVUEVES TPOTWNOELS.

Extéc and eupltepec mnyéc dedouévev, pehoviiny €peuva Yo unopoloe Vo SLEEEUVAOEL TNV EVOWOUITWOTN EVOC
eLPUTEPOL PACUOTOC TPOTEOTIWY ol YETOPBANTOY nodac mépa and T Teéyouces exTUoEl; teploTaoTg, TOTou
yerotn xau otuh. Ilopdyovieg énwe ol emoytaxéc Tdoels, Tar xELTHpLol PLWCUOTNTAS, O TOATIOMXOS GUUBONLO-
u6c B o ouvaoUnpatxd mhaioto Tov oyetilovton Ye Tig emAoyéc podac Yo Unopoloay Vo ENTAOUTIOOUV TG
TOEOPETEOUS ELG6B0L. AUty 1) enéxtacn Yo uropoloe vo 08N yNoeEL GE o SLUPOPOTONUEVES Xol EEUTOUXEVUEVES
TEPLY PAUPES Xal EOVES UOBAC, XOADTITOVTAS TLC DIUPOPETIXES TPOTLUNTELS TWV XATAVUAWTAY xou NHeolg Adyouq.

H evowudtwon ovtoloyuodv f ypagpnudtwy oxnvic oto RAG avtimpoownetet o AN onpovtier euxonplo. Autég
oL SoUNUEVES AvVamopao TAoELS Vol UTOPOUCAY VAl EVIGYVGOUY T1) GMUACLONOYIXY XATOVONOT %o TS OUVATOTNTES
TEAY WY NS XWOXOTOUOVTAC LEpUpYIXEC o)EoEls HETAED oToLYElWwY WoBACS, WBLOTHTKY Xou Thatotwy. Auti 1 ntpocéy-
yiom Bo umopoloe vo BEATIOCEL TOV PEAALOUS XUl T1) CUVOYT] TWV TUPAYOUEVKY OTOTEAECUATWY, XATOYPAPOVTIC
nepimhoxeg AEMTOUEREIES OYETIXA UE TIC CUVIEDELS poUY WY, TIC Ywpewéc puluioels oTa polya ¥ Ta TepBolhovTixnd
Tholota.

H npodinon teyvixdy tolutponxtic cOvVIning, 6mou oL Teptypapés xewévou ennpedlouy T dnutoupyio exdvev
xot To avtiotpogo, Yo unopoloe va BeATidoel Tepautépw TOV oLYYPOVIOUS PeTadl T meptypagixic oxp{Belag
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

%ot TNE OmTLXC o TOTNTAC. OL SLadpao TIXEC BLETAPES TTOL EMUTEENOUY OTOUC YPeNOTES Vo BEATIOGOUY Ta ooy 6-
MEVOL ATOTEAECUATO UE BAOT TPOCKHTUXES TPOTWHACELS 1) CUYXEXPUEVA XpLtrpta Yot HItopolcay VoL EVIGYUGOLY T
OECUEVOT XAl TNV LXavoTolnoM.

Yuvontixd, To péAlov TNe dnuiovpyloc TEPLEYOUEVOU UABOC YE YVMUOVA TNV TEXVNTY VONUOCUVT] EYEL TERIOTLES
duvaTéTNTEC AavoToplog o Bidpopa UEtwno. Me TNV EVOWUATWOY TEONYUEVWY TEYVIXWY HOVIEAOTOMONC,
TNY EMEXTAUOY), TWV TNYOV BEBOUEVKY, TNV EVIOYUCT] TNG ONUACIONOYIXAC XATAVONONEC XU TNV OVTWUETWOTION
NV xpLtneiwy, oL epeuynTég unopoly v avol€ouy To BEoUo Yio o EEEMYUEVES, TEQIEXTIXES XU TTONTLOMIXS
CLVOPETUCTIXES EQapUoYES oty Plounyovia tng u6dac. Autéc ol tpoondielec UTOGYOVTAL VA ETMAVATEOGOLOPIGOUY
Tig dmuLovpyég Sabixacieg xol Vo EVBUVOOCOUY TOUC YENOoTES UE EEUTOUXEVUEVES X0 CUVOPTIUCTIXES eunelpleg
16dac mou odnyolvTon and teyvoloylec AL
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Chapter 2

Introduction

In the dynamic realm of contemporary fashion, the fusion of technology and creativity has precipitated a
revolutionary paradigm shift, unveiling unprecedented opportunities and transforming the landscape of the
industry of fashion. At the forefront of this wave stands the symbiotic integration of computer vision and
artificial intelligence, redefining conventional norms and propelling the fashion domain into an era marked
by innovation, efficiency, and unparalleled aesthetic precision.

In this thesis, our aim is to delve into various prompting methodologies to effectively generate fashion descrip-
tions tailored to specific variables. Our focus lies in directing two distinct Large Language Models to craft
intricate descriptions pertinent to style, body type, and occasion. Subsequently, we leverage these findings
to create fashion images utilizing Stable Diffusion Models.

Our study centers on comparing various prompting techniques amidst a shifting paradigm from the tradi-
tional "pre-train, fine-tune" approach to what we term as "pre-train, prompt, and predict." Eschewing the
conventional training and fine-tuning process, our emphasis lies in guiding our models solely through prompt-
ing. To tackle the challenge of evolving knowledge gaps, we advocate for knowledge injection to ensure our
models remain current and adept in this dynamic field.

To ensure effective knowledge injection, we rely on the retrieval-augmented generation (RAG) method, which
stands as the prevailing approach in our study. Our methodology revolves around directly infusing pertinent
insights gleaned from a diverse array of sources, including but not limited to fashion magazines, blogs, and
relevant literature from the fashion domain. By leveraging this multifaceted pool of knowledge, we aim to
enrich our models with a comprehensive understanding of contemporary fashion trends, styles, and nuances.
This approach not only ensures the relevance and accuracy of generated fashion descriptions but also fosters
adaptability and agility in navigating the ever-evolving landscape of fashion.

This thesis offers an in-depth examination of prompting, image generation, and knowledge injection, empha-
sizing their facilitating role and the imperative of resource efficiency. It underscores the efficacy of Large
Language Models (LLMs) in text generation tasks and explores their utilization in conjunction with Stable
Diffusion models for fashion image generation—an application less explored in existing literature, which pre-
dominantly focuses on fashion item retrieval. Additionally, to assess the efficacy of our approach, we adopt a
dual evaluation strategy. Firstly, we assess the quality of generated descriptions using other LLMs as judges,
supplemented by hand-written scripts to validate various hypotheses. Secondly, we employ human expert
evaluation, alongside traditional metrics, to appraise the generated images, thereby offering a comprehensive
evaluation framework for our proposed methodology.

The outline of this thesis is as follows:

e First, we will furnish all the necessary background information and related work concerning basic
generative algorithms and concepts, as well as Large Language Models, to adequately expound upon
our pipeline. Subsequently, we will offer a comprehensive description of the pertinent techniques relevant
to this study.
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Chapter 2. Introduction

e We will offer an intricate definition of Knowledge Injection, with a specific focus on Retrieval-Augmented
Generation (RAG), and delve into its significance within our study.

e We will propose our model for automatic fashion images generation and compare the different techniques
used.

e Lastly, we will create a dataset from our results and use human evaluation on them to draw conclusions
based on their creativity, relevance and aesthetic appearance.
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Chapter 3

Large Language Models (LLMs)

Language Models (LMs) are computational models that have the capability to understand and generate
human language. More specifically, 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 cornerstone methodology for probabilistic language modeling has been n-gram models. These models
operate on the basis of the Markov chain rule, assuming that the probability of the next word in a word
sequence depends solely on a fixed-size window of preceding words. Thus, a bigram model considers one
preceding word, a trigram considers two, and in general, an n-gram considers n-1 preceding words. For
instance, a bigram language model represents the probability of the sequence wl, w2, ..., wn as follows:

P(wy,wa, ..., wy,) = Plwy,wy) - Plws|ws) -+ P(wy|wn—1) (3.0.1)

Here, the conditional probability P(wy|wg_1) can be estimated as the proportion of occurrences of the word
wg_1 followed by the word wy in the corpora. Estimating these probabilities constitutes the training of an
n-gram model on text corpora in one or more languages.

However, given that a language can express an infinite variety of valid sentences, n-gram models struggle to
assign non-zero probabilities to word sequences that may never be encountered in the training corpora. To
mitigate this issue, a variety of smoothing techniques have been proposed over the years.

Subsequently, advancements in neural network development have led to neural language models, initially
introduced with simple feed-forward neural language models [4]. A feed-forward neural language model is
a basic feed-forward network that takes a sequence of preceding words as input and provides a probability
distribution over possible next words as output. Thus, akin to an n-gram LM, the feed-forward neural LM
is trained to predict the probability of a word considering the n-1 preceding words.

A notable difference between n-gram models and feed-forward neural language models lies in how they
represent input word sequences. While n-gram models assign unique word identities to each word in the
preceding sequence, feed-forward neural language models primarily utilize embedding vectors for individual
words. As a result, the latter demonstrates superior generalization to unseen word sequences in the test set.

Although feed-forward language models contributed significantly to neural language modeling, contemporary
neural language models leverage more advanced architectures like recurrent networks or transformer networks.

Recurrent neural network (RNN) language models [38] analyze input sequences sequentially, processing one
word at a time. Their objective is to predict the next word by considering the current word and the previous
hidden state. As a result, RNNs overcome the limited context issue inherent in n-gram models, and they do
not encounter the fixed context constraint present in feedforward language models. This is because the hidden
state can theoretically encapsulate information about all preceding words, dating back to the beginning of
the sequence.
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Chapter 3. Large Language Models (LLMs)

In our pursuit, we utilize decoder-only Transformers, thus it is pertinent to make a separate reference to
them.
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3.1. LLMs Categories

3.1 LLMs Categories

Machine Learning algorithms can be categorized according to the experience the model is provided with
during training. The three broad types of machine learning algorithms are supervised, unsupervised and
reinforcement learning, while semi- and self- supervision can be considered variants of the above.

Supervised Learning

In this type of learning the input data, comprised of multiple features, is associated with a label or target.
Let the feature vector be x and the target be y, the model will learn to predict y from z using an array
of examples. In most cases, this is achieved by learning the distribution function p(y|z). Some of the most
prominent supervised learning tasks are considered to be classification, regression and forecasting.

Unsupervised Learning

Unsupervised learning algorithms do not take labels attached to feature vectors of the dataset into account.
Instead, they attempt to implicitly or explicitly learn the probability distribution of the entire dataset p(z)
and in turn give insight about the underlying structure of data. Popular tasks of this category include
clustering and dimensionality reduction.

Semi-supervised Learning

Semi-supervised learning can be considered a special type of supervised learning where most samples of the
dataset used for training are not associated with targets. Semi-supervised learning (SSL) leverages both
labeled (Dl) and unlabeled (Du) data, with the labeled data often being a small fraction of the total dataset.
The goal is to use the unlabeled data to train a more accurate model than one trained solely on the labeled
data, ideally nearing the performance of a fully labeled dataset. SSL exploits the unlabeled data to better
understand the data distribution and refine decision boundaries. The approach began with self-training
methods, where an initial model trained on labeled data iteratively labels and incorporates unlabeled data.
[41]

Self-supervised Learning

Self-supervised learning is a learning category lying between supervised and unsupervised. It makes use of
unlabeled data and leverages supervision signals stemming from the structure of the data itself, by using
pseudolabels. This form of learning mostly consists of solving pre-text tasks, i.e. tasks specifically crafted to
help a model learn the inner-workings of a dataset, and using the rich information obtained by the originally
unlabeled data to later solve other downstream tasks, like the ones mentioned in previous sections.

Reinforcement Learning

In reinforcement learning the dataset is not fixed, but rather it receives feedback from changes in its envi-
ronment. This type of learning will not be considered in this thesis.

3.2 Transformers

Broadly, they can be grouped into three categories:
o GPT-like (also called auto-regressive Transformer models)
e BERT-like (also called auto-encoding Transformer models)

e BART/T5-like (also called sequence-to-sequence Transformer models)
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Chapter 3. Large Language Models (LLMs)

Architecture of Encoder-Decoder model
The model is primarily composed of two blocks as shown in 3.2.1:

e Encoder: The encoder receives an input and builds a representation of it (its features). This means
that the model is optimized to acquire understanding from the input.

e Decoder: The decoder uses the encoder’s representation (features) along with other inputs to generate
a target sequence. This means that the model is optimized for generating outputs.

Quiput
Probabilities

Linear

Fesd
Forward
'S 1 ™\ | Add & Norm :
g Mutt-Head
Feed Attention
Forward 7 7 Nx
\
Nx Add & Norm
f-.‘l Add & Norm | Nasked
Multi-Head Multi-Head
Attention Attention
1t it
A J O\ —
Positional & ] § Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

Figure 3.2.1: Transformer Architecture [52]

Encoder-Only

Encoder models use only the encoder of a Transformer model. At each stage, the attention layers can access
all the words in the initial sentence. These models are often characterized as having “bi-directional” attention,
and are often called auto-encoding models.

The pretraining of these models usually revolves around somehow corrupting a given sentence (for instance,
by masking random words in it) and tasking the model with finding or reconstructing the initial sentence.

Encoder models are best suited for tasks requiring an understanding of the full sentence, such as sentence
classification, named entity recognition (and more generally word classification), and extractive question
answering.

Decoder-Only

Decoder models use only the decoder of a Transformer model. At each stage, for a given word the attention
layers can only access the words positioned before it in the sentence. These models are often called auto-
regressive models.
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3.3. Prompting

The pretraining of decoder models usually revolves around predicting the next word in the sentence.

These models are best suited for tasks involving text generation.

3.3 Prompting

Prompt-based learning represents a paradigm shift in machine learning, departing from the conventional su-
pervised learning approaches. Unlike traditional methods that rely on training models to predict outputs
based on inputs, prompt-based learning harnesses the power of language models to directly model the prob-
ability of text. At its core, this approach involves transforming an original input into a textual prompt,by
using a template wherein certain slots remain unfilled. These slots serve as placeholders for the language
model to generate the missing information, resulting in a final string that informs the desired output.|[33]

One of the defining features of prompt-based learning is its ability to leverage pre-trained language models
that have been exposed to massive amounts of raw text data. This pre-training equips the models with
a robust understanding of language and enables them to infer missing information in prompts effectively.
Moreover, by crafting suitable prompting functions, these models can adapt to new tasks with remarkable
flexibility, often requiring only a few examples (few-shot learning) or even none at all (zero-shot learning).

This framework offers several advantages over traditional approaches. Firstly, it capitalizes on the vast
amount of unlabeled text data available, enabling models to capture intricate linguistic patterns and nuances.
Secondly, it empowers models to swiftly adapt to novel scenarios, making it well-suited for tasks where
labeled data is scarce or costly to obtain. Overall, prompt-based learning emerges as a potent methodology,
revolutionizing the landscape of machine learning with its versatility, efficiency, and scalability.

Compared to conventional fine-tuning that expensively updates the massive LM parameters for each down-
stream task, prompting concatenates the inputs with an additional piece of text that guides the LM to
generate the desired outputs. [§]

3.3.1 Prompting Methodology

The primary challenge with supervised learning lies in the requirement for annotated data to train a model P
(y]x; 9 ). This data is often scarce for many tasks. Prompt-based learning techniques in NLP aim to address
this challenge by training a language model (LM) that estimates the probability P (x; 9 ) of text x itself, thus
enabling the prediction of y without the need for extensive labeled datasets. More specifically, prompting in
its original form predicts the highest score in three steps.[33]

e Prompt Addition: Initially, a prompting function is used to convert the input text into a prompt. A
template is designed, that incorporates two slots - one input slot [X] and an answer slot [Z] that will
include the intermediate answer which be finally mapped to the answer y. Subsequently, the slot [X] is
filled with the input text.

e Answer Search: In this step, the answer with the highest score is searched. For this task, we define the
set of possible values and then a function that fills the slot [Z] in the prompt with the potential answers
z. Afterwards, by measuring the probability of the filled slots the highest-scoring answer is computed.

e Answer Mapping: To ensure the highest output is achieved, there may be occasions where it’s necessary
to map the answer z to the output y. For instance, in sentiment analysis, potential answers like
"excellent," "good," and "beautiful" might need to be mapped to the final output "++." However, in
tasks like text generation, such mapping might be unnecessary.

3.3.2 Prompt Categories

The prompting function can take two forms, either being the same for each input -thus called static-, or
generating a different template for each input -thus called dynamic. In addition to this distinction, the
prompts have different types [33]:

e Discrete Prompts (a.k.a. hard prompts): specific, hand-crafted text-based prompts in human-
interpretable natural language
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Figure 3.3.1: Prompting Typology [33]

e Continuous Prompts (a.k.a. soft prompts): prompting directly in the embedding space of the model

Although, tuning soft prompts is popular due to their amenability to gradient descent, this method lacks
interpretability since embedding vectors are difficult for humans to comprehend. In addition to this, they are
incompatible to use with other LLMs [56] and are generally expensive to use or unavailable for LMs deployed
with only inference APIs.

3.3.3 Prompting Techniques

Instruction tuning, in which the models can learn new tasks based on natural language instruction only,
has been proposed and used broadly [13]. Some of the most permanent methods include zero-shot learning,
one-shot learning, few-shot learning and chain-of-thought. At the zero-shot prompting, the instruction is
given directly to the model without any examples of what it should do.

Translate English to French: task description

cheese => prompt

Figure 3.3.2: Zero-shot prompting [6]

In the second and the third method, one and several examples are given respectively. The few-shot technique
involves presenting the model with k exampled of context and completion, followed by a final example of
context, for which the model should provide completion. [31].

Translate English to French: task description
sea otter => loutre de mer examples
Translate English to French: task description peppermint => menthe poivrée
sea otter => loutre de mer example plush girafe => girafe peluche
cheese => prompt cheese => prompt
(a) One-shot prompting [6] (b) Few-shot prompting [6]
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3.3. Prompting

Finally, chain of though is a series of intermediate reasoning steps, which, when presented, significantly
impoves the ability of LLMs to perform complex reasoning.|[54]

Standard Prompting

Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought & more, how many apples
do they have?

Chain-of-Thought Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

Model Qutput
A: The answer is 27. x

Figure 3.3.4: Chain-of-thought [55]

Model Output
A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The

\answeris 9. v Y,

3.3.4 Template Engineering

The structure used for input examples, known as the prompt template, holds significant importance in
contextual learning, though it’s frequently underestimated. A suboptimal template selection can diminish
even the effectiveness of advanced models and inference techniques to mere random guessing. Moreover,
what works as an optimal template in one scenario may not translate well to others. Consequently, there’s
no universally ideal template for any specific task, necessitating experimentation and adaptation..[53]

Comparing prediction
‘methods

Demonstrations (z.y) Templates Formatted demonstrations Comparing models

v,: text: {a}

v, target: {C[y]}
€= (positive, negativ
Intra-sep: % inter-se;

Direct:
Channel: ~ 0.75 &
Calibration: 0.88 &

text: Worst film ever target: negative
©) text: Awesome, I like it target: positive
o

LLaMA 2 70B: 0.65 &
Falcon 40B:  0.90 &

vy input: {2}

v, Ttwas {C[o]}.

€= (positive. negative)
Intra-sep: “Wn’ inter-sep: “\n”

LLaMA 2 70B: 0.94 &

Falcon40B: 094 @ | | Choamek 051 @

Calibration: 0.94 &

Direct: 094 & ‘

Figure 3.3.5: An example template transformation for two demonstrations. Different prompt formats lead
to different rankings both for models and ICL methods, and the best template for one method can be
suboptimal for others. [53]

Several approaches exist for crafting a template tailored to a particular task. One straightforward method
involves employing minimal templates or universal terms such as "input/output". Alternatively, task-specific
templates can be designed. Furthermore, the selection of examples and their sequence are crucial factors
influencing the quality of outcomes.

3.3.5 Prompting Tools

Although guiding large language models (LLMs) through prompts might seem easy, crafting successful
prompting tactics entails recognizing the situations in which these models make errors, developing strategies
to address them, and methodically evaluating the efficacy of those strategies. [61] Hence, the utilization
of prompt design tools becomes essential. The predominant tool in use is OpenAl Playground, featuring a
straightforward "plain text" input interface. Nevertheless, the widespread requirement for methodical prompt
evaluation leads to the adoption of alternative toolkits. In this context, we’ll mention some such tools, with
one being selected for implementation in this thesis.

OpenPrompt is a versatile toolkit facilitating prompt-learning with Pre-trained Language Models (PLMs).
It enables the integration of various PLMs, task formats, and prompt modules within a unified framework.
The toolkit includes components like Template, which defines or generates textual or soft encoding templates
for input manipulation, and PromptModel, responsible for training and inference. OpenPrompt supports
multiple tasks (classification and generation), PLMs (MLM, LM, and Seq2Seq), and prompt modules, allowing
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flexibility in experimentation. It leverages additional context with masked tokens to mimic PLMs’ pre-training
objectives, enhancing model performance. Tokenization and template design, central to prompt-learning, are
streamlined processes in OpenPrompt, reducing complexity and potential errors.[12]

ChainForge is an open-source visual toolkit for prompt engineering and on-demand hypothesis testing of
text generation LLMs.The graphical user interface can be used to compare outputs of different models and
prompts. It incorporates functions such as model selection, prompt templated design, systematic evaluation
and improvisation. It is also the first tool to include cross-LLM comparison. [3]

= Commands

> Whether "LOL" starts the response ¢/ © [ /[

Prompt Node v/ = (]
{comand) ¢ )

{input)

Num responses per prompt: 3 il Success of prompt injection

z

odels to query groupby: LiMs (1
aP1as v @

®GPTa & v @

® Caude 411 o @ 0

@ PalM2 (.05 ®

@

Figure 3.3.6: The ChainForge interface [3]

PromptMaker [28] assists users in generating prompts using few-shot examples. The authors noted that
users encountered challenges in systematically evaluating their prompts and expressed a desire for the ability
to score responses, which tended to be highly specific to individual use cases rather than universally applicable
metrics.

PromptAid [39] utilizes an NLP paraphrasing model to modify input prompts with semantically similar
rephrasings. The modified prompts are then submitted to a single LLM, and evaluation scores are plotted.

BotDesigner [61] supports the design of chat models based on prompts. However, its evaluation was
predominantly structured around a specific task, such as creating an Al professional chef.

Promptfoo [46] serves as an evaluation framework resembling testing frameworks, where users write con-
figuration files specifying prompts and expected outputs. Tests are executed via the command line. While
most systems support prompt templating, few enable the simultaneous submission of each prompt to mul-
tiple models. Among those that do support cross-model comparison, such as Vellum.ai, they are typically
playgrounds testing single prompts, making systematic comparison cumbersome.

3.4 Knowledge Injection

Large language models (LLMs) encapsulate a vast amount of factual information within their pre-trained
weights, demonstrating an impressive ability to answer diverse questions across various domains [30, 29, 45].
However, integrating new information or refining the capabilities of LLMs using external datasets poses a
significant challenge due to three primary limitations. Firstly, the knowledge within these models is static,
meaning it does not update over time. Secondly, it is non-specific and may lack the nuanced expertise required
for particular domains. [42, 35]. Moreover, reasoning [44, 20| and hallucination [21] challenges related to
LLMs as knowledge bases are critical towards their successful employment in practice . These limitations
were previously addressed by using Knowledge Graphs as knowledge-enhancers, which however pose different
challenges related to their non-flexible nature [36, 10].

To address these limitations, it is essential to enhance the model’s knowledge. Knowledge injection involves
methods for adding or updating information within a pre-trained model to ensure it remains current and
domain-specific. One common approach to augment a model’s knowledge is fine-tuning, which involves
training the model on new data to refine its existing knowledge base. Another method is in-context learning,
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which enhances the model’s capabilities by providing it with contextually relevant information during the
generation process. A notable form of in-context learning is retrieval augmented generation (RAG). RAG
employs information retrieval techniques to enable LLMs to obtain relevant information from a knowledge
source and incorporate it into the generated text.

This chapter delves into the concept of knowledge injection, examining how these methodologies can address
the static and non-specific nature of LLM knowledge and ultimately improve the model’s performance across
various domains. Furthermore, the significance of RAG and other mechanisms will be underlined, and its
mechanism will be explained in detail.

Map-tuning

In [42], researchers investigate methods to improve the flexibility and efficiency of knowledge injection by
reusing existing downstream models. The study explores a novel paradigm called plug-and-play knowledge
injection, where knowledge bases are integrated into pre-existing downstream models without modifying their
parameters, using a knowledge plugin. The proposed injection method, termed map-tuning, trains a mapping
of knowledge embeddings to enrich model inputs with these mapped embeddings, while keeping the model
parameters frozen. This approach addresses the time-consuming and resource-intensive nature of retraining
models, emphasizing the need for a flexible and efficient injection paradigm.

To achieve this goal, the paper outlines two settings for plug-and-play knowledge injection:

e General Plug-and-Play Knowledge Injection: This setting aims to inject knowledge into all
downstream models (trained from a particular pre-trained language model) using a general plugin
without any task-specific training

e Task-Specific Plug-and-Play Knowledge Injection: In this setting, knowledge plugins are trained
to better adapt to specific downstream tasks while keeping the downstream models frozen.

The core of the paper’s contribution is the introduction of map-tuning, a preliminary exploration of learning
knowledge plugins. This involves training a lightweight mapping network that augments model inputs with
mapped knowledge representations.

Retrieval Augmented Generation

Retrieval Augmented Generation (RAG) [32] is a method that enhances the capabilities of LLMs, particu-
larly for knowledge-intensive tasks, by leveraging external knowledge sources. Initially, this approach required
additional training for each specific task. However, recent research by has shown that using a pre-trained
embedding model can yield improved performance without the need for further training. The RAG architec-
ture operates by identifying documents within a knowledge base that are similar to the input query. These
documents are then incorporated into the input query, providing the model with additional context about
the query’s subject.

In order to implement this mechanism, an auxiliary knowledge base Bg and a pre-trained embedding model
M, are required. In the first step, a dense vector representation b is created per document. All these
embeddings are stored in a vector. When receiving a query q we compute its embedding, we retrieve q’s
top-K closest neighbors based on a similarity score, which in our case is dot-product ranking. We then update
the query by concatenating with the relevant information and pass it to the LLM. [32]

In comparison to fine-tuning, a significant advantage for RAG is evident. While fine-tuning generally enhances
the performance of the base model, it often falls short when compared to the RAG approach. Several factors
contribute to this difference. Firstly, RAG not only adds new knowledge to the model but also integrates
context relevant to the specific query, a capability that fine-tuning lacks. Additionally, fine-tuning can
inadvertently affect other aspects of the model’s performance due to the phenomenon known as catastrophic
forgetting.
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Figure 3.4.1: A visualization of the knowledge injection framework [32]
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Figure 3.4.2: A visualization of Retrieval-Augmented Generation [1]
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Chapter 4

(zenerative Models

In the realm of artificial intelligence, the advent of generative models has sparked a revolution in various
domains, including text to image generation. This chapter delves into the fascinating intersection of generative
AT and image generation, exploring the advancements, challenges, and implications within this burgeoning
field.

The application of generative Al in image generation has witnessed significant progress in recent years,
with breakthroughs in areas such as image-to-image translation, style transfer, and super-resolution. These
advancements have not only propelled the boundaries of artistic expression, like fashion design, but have also
found practical utility in domains like medical imaging, computer-aided design, and entertainment.

“A sunset behind
a mountain range”

Supe 1] Style

Figure 4.0.1: Examples of common tasks for image generation, including super-resolution (left),
text-to-image generation (middle) and style change (right). Super-resolution enhances the image by adding
more details and generates the output with high fidelity. Style change transfers the image to another
domain with mutual information. Text-to-image generates high quality images that are well aligned with
user input. [5]

Text-to-image generation, a process that transforms textual descriptions into corresponding images, is a
widely discussed topic due to its potential applications across various fields. However, its implementation
is challenging due to the intricate relationship between human language and visual representation, which
are distinct domains in computer science. To facilitate text-to-image generation, a combination of tools and
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models is essential. This includes language models for interpreting text inputs, vision models for analyzing
image data, and generative models like GANs and U-nets for generating images. Additionally, VAE models
can be utilized to map image features to a latent space. [5]
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4.1. History of Generative Models

4.1 History of Generative Models

This chapter provides a comprehensive overview of the historical trajectory of text-to-image generation models
within the context of artificial intelligence and computer vision research. Tracing the evolution of this field
from its inception to its current state, we examine pivotal developments and seminal contributions that have
propelled its advancement.

2015.11 2016.5 2021.2 2021.10 2022.06 2022.08

AlignDraw GAN-CLS DALLE VQ-Diffusion PARTI Stable Diffusion

First TTI First TTI model that achieves First TTI model using First TTI model A scaled-up, large autoregressi An open-s latent diffusion

model using visually plausible result using autoregressive using Diffusion Transformer TTI model, with model, widely used for content

deep learning. | GAN. Transformer, with sirong | method, based on | VQ-GAN structure for image creation in research and commercial
ability in generating VQ-VAE. processing, demonstrating top- products, leveraging the capabilities
zero-shot images. tier results in TTI generation. of large models like BERT and CLI

L]

2017.6| |2018.10 2021.2 2021.6 2022.10

Transformer BERT CLIP VQ-GAN ChatGPT

First model using pure- A Ti First languag A model that merges the efficiency of GAN with A conversational large language model for
attention e, for wvision model that the expressive power of Transformer based on dialogue system and question-answering,
opening up text encoding capability, | learns the modality | VQ-VAE, extensively employed as an image which could be potentially integrated with
opportunities for large widely employed as a text| between language | encoder and decoder for TTI models. TTI models to leverage its strong prompt
vision/language models. encoder in TTI models. | and image features. generating ability

Figure 4.1.1: The milestones of text-to-image (TTI) models and large models. The upper part in light
purple shows the key TTI models with high impacts, and the lower part in light yellow shows the progress
of large models that provide the stimuli for the development of TTI models. [5]

4.1.1 Variational Autoencoders (VAE)

A VAE, or variational autoencoder, is a type of autoencoder designed with regularization techniques during
training to ensure that its latent space exhibits desirable properties for generating new data. The term
"variational" originates from its strong connection to variational inference methods in statistics, highlighting
the regularization’s role in shaping the model’s behavior.

More specifically, VAE comprises of an encoder-decoder structure [5] in order to achieve dimensionality
reduction. The encoder compresses data from the initial space to the encoded space (latent space), thus
producing a new representation by extracting or selecting from the old features. Then the decoder performs
the opposite function and regenerates the original feature. This compression and decompression of the data
can lead to loss of information to the encoding stage that cannot be retrieved during the decoding phase.

encader decoder -

e d |

d(e(x))

initial dat encoded-decoded data
sack in the initial space R

Figure 4.1.2: The encoder-decoder model [51]

The objective of dimensionality reduction is to obtain the optimal model from a specified set of encoder/de-
coder pairs. which strive to generate a set of new independent features, denoted as n., through linear
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combinations of the original ng features. These new features are constructed to closely mimic the original
data when projected onto them, aiming to preserve their Euclidean distance properties. In essence, PCA
seeks to pinpoint the most effective linear subspace within the original space, defined by an orthogonal basis
of these new features. The goal is to minimize the error in approximating the data when represented through
their projections onto this selected subspace.[51]

encoded dimension 1

== initial ® encoded (projection) e information lost

Figure 4.1.3: [51]

If the latent space exhibits a well-defined structure, random points sampled from it can be decoded to
generate synthetic content. However, there’s no assurance that the encoder will organize the latent space in a
manner conducive to the desired generative process. The autoencoder’s high degree of freedom often leads to
overfitting, resulting in some points in the latent space lacking meaningful interpretation upon decoding. To
utilize the autoencoder’s decoder effectively for generative tasks, it’s imperative to ensure the latent space’s
regularity. One approach to achieve this regularity is by incorporating explicit regularization during training.
A VAE is an autoencoder equipped with such regularization techniques, aiming to prevent overfitting and
ensure desirable properties within the latent space for generative processes. However, to enforce regularization
within the latent space, a slight modification is made to the encoding-decoding process: Rather than encoding
an input as a single point, it’s encoded as a distribution across the latent space. Thus, data diversity is
increased, noise is handled [5] and continuity and completeness are achieved [51].
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Figure 4.1.4: [51]

VAE models encounter certain constraints. In the context of image generation, directly sampling from a
Gaussian distribution consistently yields blurry images. Additionally, information is lost during the data
projection process to a lower dimension. Consequently, VAEs demonstrate comparatively lower efficacy in
image synthesis when compared to GANs and Diffusion Models.

4.1.2 Generative Adversarial Networks (GANSs)

Generative Adversarial Networks pair a generator, which learns to produce the target output, with a dis-
criminator, which maximises the accuracy to distinguish the input images from the synthesised images with
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a binary output. The generator learns the image distribution from the training samples and tries to minimize
the possibility to be classified as fake by the discriminator. Both are neural networks.

In essence, the discriminator functions as a classifier tasked with discerning real data from fake ones. It trains
on a combination of real data samples, treated as positive examples, and synthetic data generated by the
generator, considered as negative examples. The loss function of the discriminator penalizes misclassifications,
whether it’s a real instance mistaken for fake or vice versa. Weight adjustments in the discriminator occur
via backpropagation, wherein the discriminator network is updated based on the incurred discriminator loss.

On the other hand, the generator component of a GAN is responsible for generating synthetic data, guided
by feedback from the discriminator. Its objective is to produce outputs that the discriminator perceives as
genuine. Generator training necessitates a closer interaction between the generator and the discriminator
compared to discriminator training. At its core, a GAN typically accepts random noise as input, which the
generator subsequently processes into coherent output.
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Figure 4.1.5: GAN structure[18]

The training process is alternating and consists of a minmax algorithm. Training consists of two alternating
phases:

e Discriminator training

e Generator training
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(a) Generator Training [18] (b) Discriminator Training [18]

In order to reach convergence, the generator tries to minimise the following function while the discriminator
tries to maximise it:

E.[log(D(2))] + E[log(1 — D(G(2))]

where D(z) is the discriminator’s estimate of the probability that real data instance x is real,E, is the
expected value over all real data instances.G(z) is the generator’s output when given noise. D(G(z)) is the
discriminator’s estimate of the probability that a fake instance is real. E, the expected value over all random
inputs to the generator (in effect, the expected value over all generated fake instances G(z) ).

In contrast to VAEs, GANs produce images with superior fidelity. However, GANs struggle to derive an
explicit representation of the data density P(zx), and training them poses challenges due to their slower
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convergence rate. Additionally, achieving a balance between the discriminator and generator performance
is crucial to prevent mode collapse, wherein the generator repetitively generates identical samples from the
input noise. [5]

4.1.3 Diffusion Models

Typically in Diffusion Models noise is introduced to alter the data during the training phase, and then this
noise is removed using learned parameters during inference. [5].

Data Deatructuw data by adding noise ——— Noise

iii

Probability of perturbed data

One denoising step

Figure 4.1.7: Diffusion models smoothly perturb data by adding noise, then reverse this process to generate
new data from noise.[59]

Currently, research is focused on three types:

e Denoising Diffusion Probabilistic Models (DDPMs) is a diffusion model which uses discrete time steps.
It consists of a forward and a reverse Markov chain process. The forward process adds noice to the
input image, until it becomes a Gaussian noise:

qo(x¢|20) = N(24,Va * 20, (1 —a) x I) (4.1.1)

The reverse process samples the data to reduce the noice:

po(wi—1lwe) = N(we1, po(wr,t), »_(24,1)) (41.2)

DDPM employs a time-sensitive U-net as its foundational network, which processes the noisy data
z; and the timestep t as inputs. The network’s output is the predicted noise, matching the input’s
dimensions.

Compared to GAN, DDPM demonstrates a significantly more stable training process while maintaining
high image fidelity. However, the initial noise sampling in the first stage of the diffusion process often
inadequately approximates xy. Consequently, numerous iterative steps are typically required to refine
the sampled noise and effectively denoise the data in the correct direction. [5]

e Score-Based Generative Models (SGMs) consist of a more general process than DDPM that uses dif-
ferential equations.

o Stochastic Differential Equations (Score SDEs): DDPMs and SGMs can be extended to scenarios with
infinite time steps or noise levels, where the perturbation and denoising processes correspond to solutions
of stochastic differential equations (SDEs). This approach, termed Score SDE [264], utilizes SDEs for
both noise perturbation and sample generation. The denoising process involves estimating the score
functions of noisy data distributions.

A great advantage of diffusion models is that in addition to high fidelity of the generated image, they provide
a variety of styles to the output. Moreover, they do not excel only in computer vision tasks but also to
natural language processing, temporal data modeling, multi-modal modeling and robust machine learning.
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4.1.4 Consistency Models

Consistency Models are designed to overcome the slow rate that is caused by the iterative sampling process
of the diffusion models. The main goal is to create a generative model that permits efficient generation in
a one step without losing important features of iterative sampling. More specifically, they allow trade-offs
between sample quality and compute, and zero-shot editing. Their training can be conducted in isolation or
in distillation. [50]

Data _ Nise

Figure 4.1.8: [50]

4.2 Text-to-Image Generation

Text-to-image generation is a fascinating area of research that aims to bridge the gap between natural lan-
guage descriptions and visual content creation. In this process, textual descriptions serve as input to a model,
which then generates corresponding images that match the given descriptions. These generated images can
range from simple scenes to complex compositions, depending on the capabilities of the model and the
richness of the textual input. Text-to-image generation holds great potential in various applications, includ-
ing content creation, design assistance, and enhancing accessibility for individuals with visual impairments.
Moreover, advancements in deep learning techniques, such as Generative Adversarial Networks (GANs) and
Transformer-based architectures, have significantly improved the quality and realism of generated images,
paving the way for more sophisticated and versatile text-to-image generation systems.

The following diagram illustrates a timeline depicting the evolution of text-to-image (TTI) model develop-
ment.
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Figure 4.2.1: Timeline of TTI model development, where green dots are GAN TTI models, blue dots are
autoregressive Transformers and orange dots are Diffusion TTI models. Models are separated by their
parameter, which are in general counted for all their components. Models with asterisk are calculated

without the involvement of their text encoders. [5]
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Let’s delve into the analysis of two prominent text-to-image (TTI) models.

4.2.1 Imagen

The Imagen model [49] comprises a text encoder responsible for translating textual input into a series of em-
beddings. These embeddings are then fed into a sequence of conditional diffusion models, which progressively
transform them into images of higher resolutions.

“A Golden Ketriever dog wearing a blue
‘ checkered beret and red dotted turtleneck.’

-
Pext-to-Image
Diffusion Model

{li—l % 64 Tmage

256 x 256 Image

Super-Resolution
Diffusion Model

1024 x 1024 Image

Figure 4.2.2: Visualization of Imagen. Imagen uses a large frozen T5-XXL encoder to encode the input text
into embeddings. A conditional diffusion model maps the text embedding into a 64x64 image. Imagen
further utilizes text-conditional super-resolution diffusion models to upsample the image 64 x64—256 x 256
and 256 x256—1024x1024.[49]

More specifically,the scientists utilize a U-Net architecture as the foundation for their 64x64 text-to-image
diffusion model. This model is conditioned on text embeddings, which are combined with diffusion timestep
embeddings. They enhance the model by incorporating cross-attention over the entire sequence of text
embeddings at multiple resolutions, alongside implementing Layer Normalization for text embeddings in
the attention and pooling layers to boost performance. For super-resolution tasks from 64x64 to 256x256,
they adapt a U-Net model and make several enhancements to improve memory efficiency, inference speed,
and convergence rate. Their modified U-Net variant, named Efficient U-Net, achieves significantly faster
processing. In the 256x256 to 1024x1024 super-resolution model, they train on crops of the 1024x1024
image and utilize text cross-attention. During inference, the model takes low-resolution images as inputs and
generates upsampled images as outputs, while still leveraging text cross-attention.

4.2.2 DALL-E

In the initial phase, a discrete variational autoencoder (dVAE) DALL-E is trained to map an image into
32x32 tokens, where each grid can take on a possible value from a set. This compression step reduces the
image data into a much smaller dimension. Subsequently, text is encoded using byte pair encoding (BPE) into
tokens of size 256, which are then concatenated with the image tokens. The combined tokens are inputted
into a decoder-only autoregressive Transformer to compute the joint distribution of text and images. This
Transformer incorporates self-attention layers with a casual mask for text attention, and either row, column,
or convolution mask for spatial image attention.
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4.2.3 Promptify

Promptify [43] is an interactive system that assists users in exploring and refining text-to-image generative
models. It incorporates a suggestion engine for prompt generation. The system’s Ul includes features
such as Stable Diffusion Controls for prompt composition, Automatic Prompt Suggestions for brainstorming
subject matter and style keywords, Image Layout and Clustering for organizing and grouping generated
images, Minimap for visual cues and navigation, Clustering Controls for positioning and grouping images,
and Prompt History for toggling previous prompts on/off.
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Figure 4.2.4: The user workflow with the Promptify system [43]
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Chapter 5

Fashion and Al

Fashion represents how individuals present themselves to society, encompassing attire and makeup choices
that define personal style and set individuals apart. In contemporary society, fashion plays a vital role in
shaping one’s identity. Concurrently, the convergence of computer vision (CV) and artificial intelligence
(AI) is revolutionizing the fashion industry, leading to innovations spanning electronic retailing, personalized
styling, and fashion design processes. Intelligent fashion as referred to in [7] is a challenging task due to
the inherent variability in fashion items’ style and design, as well as the substantial semantic gap between
computable low-level features and their corresponding high-level semantic concepts. [7]

In [7], previous intelligent-fashion-relevant works have been categorized in four different aspects:
e Fashion analysis contains attribute recognition, style learning, and popularity prediction

e Fashion detection includes landmark detection, fashion parsing, and item retrieval

Fashion synthesis involves style transfer, pose transformation, and physical simulation

Fashion recommendation comprises fashion compatibility, outfit matching, and hairstyle suggestion.

La deark Detection
SNIG Transfer
— Fashion Parsing
PDSE Trar’sfnrmatmn
Item Retrieval

Physntal Slmu\atlon

Hairstyle Suggestion

J\llr\hule Fecnm tion
Fashion Compatibility
" ‘:\!,-\elearmn
Outfit Matching
Pcpulamtv Pri et\ ction

Figure 5.0.1: Intelligent fashion research topics|7]

In this section, we will define some of these tasks, while in the next section, we will delve into a detailed
discussion of previous work in fashion images generation.

Fashion Analysis

Fashion analysis encompasses a diverse range of tasks aimed at understanding, categorizing, and predicting
trends within the ever-evolving world of clothing and style.

Clothing attribute recognition is a multi-label classification problem focused on identifying which elements of
clothing correspond to a set of n predefined attributes.
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Style learning seeks to examine the distinctive characteristics of various styles and identify the features that
establish a style as a trend.

Popularity Prediction aims to identify potential fashion trends based on current and past data. These data
can be derived from social media, fashion magazines or other sources.

Fashion Detection

Fashion Detection is prominent in many tasks such as landmark detection, fashion parsing and item retrieval.

More specifically, landmark detection in fashion identifies key points on clothing to highlight functional regions
and define bounding boxes, aiding in the distinction of design, pattern, and category, thereby enhancing
fashion image analysis.

/" 25- -Way 3 Shot Landmark Detectlon Task 1

Figure 5.0.2: Landmark Detection|[19]

Fashion parsing is a specific type of semantic segmentation where the labels correspond to clothing items like
dresses or pants. This task differentiates itself from general object or scene segmentation.
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Figure 5.0.3: Examples of semantic segmentation[58]

The goal of image-based fashion item retrieval is to find similar or identical items from a gallery based on
a given query. Although many online shopping sites offer keyword-based searches, numerous visual charac-
teristics of fashion items are difficult to describe with words. This issue has garnered significant attention
from research communities, leading to the development of cross-scenario image-based fashion retrieval tasks
designed to match real-world fashion items with online shopping images. In some cases, conversational
interfaces can be used for this task. [57]

Initial top search results Refined top search results

= AN P\ » i (At

“mara .'?:f'm.w than thesa® Ahmmr than thasa®

Figure 5.0.4: Item Retrieval[3§]
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Fashion Recommendation

The need for personalized outfit, makeup, and hairstyle suggestions has emerged with the increasing emphasis
on individual expression and style diversity in today’s fashion landscape. As consumers seek to curate unique
looks that reflect their personalities and preferences, the demand for tailored recommendations has become
paramount. Whether it’s for special occasions, everyday wear, or professional settings, individuals aspire to
effortlessly discover ensembles, makeup palettes, and hairstyles that resonate with their individuality.

Fashion Compatibility is a field that studies models which examine how compatible are different garments of
clothing in order to form a qualitative fashion outfit.

Outfit Matching, meaning creating a stylish outfit, involves selecting complementary items like tops, bot-
toms, shoes, and accessories. However, achieving harmonious fashion coordination is challenging due to the
subjective nature of fashion concepts, the multitude of attributes used to describe fashion, and the complex
relationships between fashion items.

Outfit #1 Qutfit #2 Outfit #3 Outfit #4 Outfit #5

\ f;? = A
» r ';/H.{. %4'\ ‘%,f )

l

| !'M; » 11

4
o | |
Capsule pieces

Figure 5.0.5: Outfit Matching[24]

Fashion Synthesis

Fashion image synthesis can be defined as the creation of a realistic image of a fashion outfit, of a model
wearing a fashion combination, of a person wearing a makeup or a hairstyle.

Style Transfer is a wide area of interest. An input image is given and an output image is produced. For
example, a goth fashion outfit can be transferred to a classic fashion outfit or an image of a person without
makeup can be transferred to an image of a person with an elaborate makeup.

Pose Transformation is another field that is incorporated in the task of Fashion Synthesis. An image of a
person that has a specific pose is transformed into one or more images of the same person with the same
characteristics but with a shifted pose.

GCoarse Rofined

{a) DeecpFashion

Condition image

7

Target pose seguence

il o & H

() Generating from a sequence of poses

Figure 5.0.6: Pose transformation [37]

Physical Simulation is based on the 3D domain in order to enhance the results with more detailed represen-
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tation. Especially in the field of fashion, it provides information about the movement of clothing according
to the movements of the wearer, as well as the materials and fabrics used.

5.1 Fashion Images Generation

In this section, our focus will be on the generation of fashion images. Previous work and advancements on
this field will be discussed thoroughly.

Numerous initiatives have emerged in the realm of fashion image generation, with Fashion-Gen [48] being
one of them. A dataset is unveiled, featuring 293,008 high-definition fashion images, each accompanied by
detailed item descriptions from professional stylists. Baseline outcomes are demonstrated for two tasks:
generating high-resolution images and generating images based on provided text descriptions. Fashion-Gen
research team launches a challenge of text-to-image generation by using their dataset.

Other datasets have also been created to facilitate fashion images generation or other fashion-related tasks.
Some of them are Fashionpedia [26], DeepFashion [34], Prada [64], Fashion-Diffusion [60], FIRST [25], Dress
Code [40], ModaNet [63] and iMaterialist [22].

FashionSAP’s [23] approach suggests a technique for fine-grained fashion vision-language pre-training, em-
ploying the Fashion Symbols and Attributes Prompt framework to capture detailed multi-modal fashion
attributes and traits. Initially, they introduce fashion symbols, a novel abstract layer aimed at representing
various fashion items and improving the modeling of fine-grained attributes. Secondly, they propose the
attributes prompt method to guide the model in explicitly learning specific fashion item attributes, utilizing
appropriate prompt templates tailored to the fashion data format. The models architecture consists of an
encoder, a text decoder and a feature fusion module, as multiple cross-attention layers from transformer.
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Figure 5.1.1: Architecture of FashionSAP [23]

Be Your Own Prada [64] provides an approach utilizing generative adversarial learning to create new
clothing for a wearer. Given an input image of a person and a descriptive sentence of a different outfit, the
model "redresses" the individual as specified, while maintaining the wearer’s original pose and identity. The
model takes the input image and the description and generates a segmentation map S using the first GAN.
Then, it renders the new image with a second GAN and the guidance of the segmentation map S.

56



5.1. Fashion Images Generation
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Figure 5.1.2: Architecture of 'Be Your Own Prada’ model [64]

Other works also focus on fashion images generation by starting from a given photo of a model. [62] addresses
the challenge of generating realistic, stylized fashion images on the human body based on text descriptions.

The women

The women - The women The women
- . Wears a . red -
Original wears a blue wears a red wears a
o= multicolor whi
image wiute
coat. dress. coat.

coat.

Figure 5.1.3: Examples of text-to-fashion image generation. Given a user’s photo and different text
descriptions, they generate stylized and realistic virtual try-on images for this user with the target garment
according to the text description and meanwhile preserving the posture and human body shape.[62]

This model’s architecture consists of two stages as shown in figure 5.1.4. In the first stage, a design vector is
combined with a Gaussian distribution vector and processed through convolutional and deconvolutional layers,
along with a conditioned image, to generate an intermediate tensor. Batch normalization and LeakyReLU
are used throughout, except in the final layers. In the second stage, a skip connection between the encoder
and decoder allows the model to retain input image features and address gradient issues. The encoder and
decoder each have eight layers with batch normalization and ReLU applied, except in the first and last layers.

L
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e \ Stage II 0.1}
Stage IT Generator Discriminator

Figure 5.1.4: Model Architecture[62]
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Chapter 6

Proposal

As evidenced by prior research, the field of automatic fashion image generation has not achieved significant
advancements. This thesis seeks to address this gap by developing an automated process for generating
fashion images that align with a specified style, match a particular occasion, and suit an individual wearer.

In this section, we propose a model designed to create aesthetically appealing fashion outfits. The pipeline
integrates a Large Language Model and a Generative Model, utilizing prompting techniques to achieve the
desired results.

We first highlight the main contributions of this thesis and then explain the proposed model in detail.

6.1 Contributions

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

e We introduce a comprehensive automated process capable of generating fashion images that not only
align with a specified style but also appropriately match a particular occasion and suit an individual
wearer. This contribution significantly advances the field by offering a more personalized and context-
aware approach to fashion image generation.

e We utilize sophisticated prompting techniques to steer the model towards producing the desired out-
puts, harnessing the power of contextual cues and linguistic prompts to guide the generation process
effectively. Additionally, we incorporate knowledge injection mechanisms to ensure our model remains
up-to-date and relevant in an ever-evolving fashion landscape, enabling it to adapt to emerging trends
and style preferences.

e We create a dataset of fashion images, each accompanied by a corresponding description, as well as
information on the specified style, occasion, and type of wearer, enriching the dataset with compre-
hensive metadata that enhances its utility for various research and practical applications in the field of
fashion analysis and image generation.

e We use traditional metrics along with human evaluation to assess the quality and relevance of the
generated fashion images, ensuring both quantitative and qualitative validation of our approach. Ad-
ditionally, we provide extensive experimental results and analysis to demonstrate the effectiveness and
robustness of our proposed automated fashion image generation process.

6.2 Proposed Model

Our proposed model is illustrated in Figure 6.2.1. The input consists of variable triplets. In our experiments,
we use two types of triplets: "style, occasion, gender" and "style, occasion, type." The "type" variable includes
both the body type and the gender of the wearer, such as "a small-framed delicate woman."This design allows
us to observe how the model represents gender and adapts to different body types. These triplets are used
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to complete a custom prompt template, which varies depending on the prompting technique, to form a final
prompt. This prompt is then fed into a Large Language Model, and its output, which consists the outfit
description, serves as the input to a Generative Model, ultimately producing the generated image.

The LLMs, which are used in order to produce the outfit description, are Mistral-7B [27] and Falcon-7B|2],
both being 7-billion-parameter language models. For the Generative Model, we used a Stable Diffusion model.

In order to produce desirable results, we did not use neither training nor fine-tuning. We used different
prompting techniques to guide it and knowledge injection to keep it up-to-date.

For zero-shot learning we used a simple template as shown in the table 6.1 and followed exactly the process
shown in 6.2.1.

For few-shot learning, we included placeholders for the relevant examples used to guide the model, as
shown in the table 6.1. To ensure the examples are distinct and to clearly differentiate between the query
and the answer, we formatted them as follows:

Question: [question]
Answer: [answer]

In this format, [question] contains queries similar to ours, and [answer| contains outfit descriptions that
respond well to the given question.

In addition to the process described in Figure 6.2.1, we incorporated a database of 20 examples and an
example selector to choose the examples that most closely resemble the given query. The process that is
followed for few-shot learning is given in Figure 6.2.2. We created a custom example selector, based on cosine
similarity to find the examples that most resemble the input. Here is the code for the example selector:

class CustomExampleSelector (BaseExampleSelector):
def __init__(self, examples):
self .examples = examples

def add_example(self, example):
self .examples.append (example)

def select_examples(self, input_variables):
new_word = input_variables["input"]
new_word_emb = model.encode(new_word, convert_to_tensor=True)

# Initialize variables to store the best match and its length difference
best_match = None
minimum_cos = -1

# Iterate through each example

for example in self.examples:
example_emb = model.encode(example["question"], convert_to_tensor=True)
# Calculate the length difference with the first word of the example
cosine_similarity = util.pytorch_cos_sim(new_word_emb, example_emb)

# Update the best match if the current one is closer in length
if cosine_similarity > minimum_cos:

minimum_cos = cosine_similarity

best_match = example

return [best_match]

Listing 6.1: Example Selector

For the Chain-of-Thought we guided the model through two steps:
1. Generation of colors and textures.
2. Generation of outfit description

For the generation of colors/textures, we used few-shot learning and this template:

60



6.2. Proposed Model

"[Examples]

Imagine you are an expert in fashion design.

What colors/textures would you use for a fashion outfit in [style] style appropriate for a [type] at a [occasion]?
Generate only three colors/textures separated by commas."

At the next step, we used the colors and the textures generated to fill in the template presented in the table
6.1 for CoT. Overall, the followed process is presented in 6.2.3.

In order to inject knowledge to our model, we used Retrieval Augmented Generation (RAG). We
conducted RAG with two different data sources: PDF files of fashion articles and online pages of fashion
blogs. The template used has two placeholders as shown in table 6.1, one for the context and one for the
question. In other words, we introduced an information retrieval component that utilizes the user input to
first pull information from a new data source. In order to retrieve the most relevant information to the query,
we used vectorDB and we created embeddings. The user query and the relevant information were both given
to the LLM.

Style —4—> |
|
I
Occasion ————» Prompt Template : Large Language Model Diffusion Model
I
I
I

Ger ytyp

Figure 6.2.1: Baseline model for Fashion Image Generation

Examples Database

"question”: "You are an expert in fashion design. Write a
description for a fashion outfit in casual style appropriate
for a man at a concert. Be sure to address the colors and
the textures.”

"answer”: "For a man at a concert, envision a sleek black
leather jacket over distressed skinny jeans. Combine it with
an oversized charcoal graphic tee for an edgy but classic
touch. Complete the look with black ankle boots, silver
accessories, and tousled waves for a cool and confident
stage presence.”

—
— Example Selector
—
style F==2====="""5
Occasion

Large Language Model Diffusion Model

Figure 6.2.2: Pipeline for few-shot
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Color Examples Database

Question: wWhat colors would you use for a fashion
outfit in vintage style appropriate for a single woman at
a coffee date?

Response:red, lavender, beige

Texture Examples Database

Question: What textures would you use for a fashion
outfit in vintage style appropriate for a single woman at
a coffee date?

Response:uool, opaque

——>  PromptTemplate Large Language Model Colors
| ! Textures
— 0
N J
style
Occasion
Ve \
=TT
A I
i .
\ Prompt Template - Diffusion Model
|
I
e |
AN
Figure 6.2.3: Pipeline for CoT
Fashion Documents
Database
RAG Component
style
Context
Occasion
Gender/bodytype

Large Language Model DT e

Figure 6.2.4: Pipeline for RAG
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Prompt
Technique

Prompt Template

Zero-shot learning

Few-shot learning

Chain-of-Thought

RAG

Imagine you are an expert in fashion design. Write a description for a fashion outfit
in [style] style appropriate for a [type] at a [occasion]. Be sure to address the colors
and the textures.

[Examples] Question: Imagine you are an expert in fashion design. Write a
description for a fashion outfit in [style] style appropriate for a [type] at a
[occasion]. Be sure to address the colors and the textures Answer:

Imagine you are an expert in fashion design. Write a description for a fashion outfit
in [style] style appropriate for a [type| at a [occasion]. Be sure to use these colors :
[colors] and these textures: [textures].

[INST] <> Imagine you are a fashion expert. Always be creative and innovative. If

the answer is not present in the context, make up one by yourself <> CONTEXT :
[context]<> REQUEST : [question][/INST]

Table 6.1: Prompt templates used for different prompting techniques

Sources

Encyclopedia of Clothing and Fashion [14]

Different Clothes for Different Occasions [11]

A Study on Category of Female Body Shapes and their Clothing [47]
Fashion and Style Reference Guide [15]

Table 6.2: Sources used for RAG
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7.1 Preliminaries

7.1.1 Dataset

Fashion Style Instruct

The dataset which we used in this dissertation is "fashion-style-instruct" [16]. It is a style recommendation
dataset that contains input (body type and personal clothing style), context (event context) and response
triplets. The responses are GPT 3.5 generated outfit combination recommendations given the input body
type and personal style prompt and the target / context event.

input completion context
string string string

I'm a tall, athletic man with broad Outfit Combination 1: - Top: Fitted U S N S
shoulders and a narrow waist. L. white linen shirt - Bottom: Slim-.. g g .
I'm a medium height woman with a Outfit 1: - Top: A loose, Tlowy

soft, round figure. I love bohemia.. peasant blouse in a vibrant floral.. 1'm going to a nature retreat.

I'm a petite, slender man with a Outfit Combination 1: Top: A light- I'm soins to a nature retreat
youthful appearance. I gravitate.. colored linen short-sleeve shirt.. g g )
I'm a plus-size woman with a pear Outfit 1: - Top: A flowy, printed , .

shape, carrying most of my weight.. tunic in earthy tones that falls.. 1'm going to & nature retreat.
I'm a short, curvy man with a Qutfit 1: - Top: A loose, o (oFIneL T (L R e
muscular build. I opt for relaxed,.. 1lightweight button-up shirt in a. g g )

Figure 7.1.1: First rows of the dataset used.

In this work, we processed the dataset so as to extract the body types and the occasions. In order to construct
the final triplets we used 2 simple types of people only differentiated by their gender ("man","woman"), 2
complex types of people which incorporated their body type in addition to their gender ("a small-framed,
delicate woman", "a short, curvy man with a muscular build") and 10 occasions shown in table 7.1. We also
used 5 styles shown in table 7.2. In our experiments we did all the possible combinations for these triplets

resulting in 100 triplets with simple types and 100 with complex types.

Occasions

A music festival

A business meeting

A graduation

A bachelorette / bachelor party
A play / concert

A job interview

A work / office event

A tropical vacation

A cruise

A wedding

Table 7.1: 10 occasions used in order to create the triplets
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Styles

classic
gothic
bohemian
casual

sporty

Table 7.2: 5 styles used in order to create the triplets

7.1.2 Evaluation Methods

Evaluating generative models is challenging due to the complexity and variability of their outputs. Unlike
traditional models, generative models require nuanced assessments of diversity, coherence, and realism. The
lack of standardized benchmarks further complicates the process, necessitating specialized evaluation tech-
niques [17, 9]. In order to evaluate our model we used traditional metrics, scripts that checked if some
conditions are fulfilled and human evaluation through different experiments. Evaluation was performed in
two steps:

e LLM results evaluation
e Generated image evaluation

Moreover, comparison of the different prompting techniques was conducted by the participants of the survey.

Traditional Metrics

A traditional metric used to evaluate text-image alignment is CLIPscore. CLIP is a pre-trained network to
evaluate the similarity between images or between image and text. It uses a contrastive learning approach.
During training, CLIP is provided with a large dataset of images paired with corresponding text descriptions.
The model consists of two neural networks: a text encoder and an image encoder. The text encoder converts
text descriptions into fixed-length vectors, while the image encoder converts images into fixed-length vectors.
Through contrastive learning, CLIP learns to bring matching text and image pairs closer together in the
embedding space and push non-matching pairs farther apart, using a contrastive loss function to maximize
the similarity of correct pairs and minimize that of incorrect ones. During inference, a new image and text
description are passed through their respective encoders, producing two vectors which are then compared
using cosine similarity. This similarity measure, ranging from -1 (completely dissimilar) to 1 (completely
similar), indicates the degree of alignment between the text and image. Higher cosine similarity values
denote a higher degree of alignment, facilitating tasks such as image retrieval, text-based image search, and
caption generation

Scripts

To verify that the generated description effectively addressed the input query, we developed scripts in Chain-
Forge using JavaScript. These scripts ensure the description includes the three key variables: style, occasion,
and complexity (simple or complex type). The code is provided below:

function evaluate(response) {
wordsToCheck = [response.var['occasion'], response.var['role']l, response.var['style']l]

>

const text = response.text.tolLowerCase(); // Convert text to lowercase for case-
insensitive matching
let count = 0;

wordsToCheck.forEach(word => {
// Check if each word is present in the response text
if (text.includes(word.toLowerCase())) {
count ++;

}
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B

return count;

e e e

1
5 ¥
Listing 7.1: Testing with scripts

LLMs as Judges

In order to gain a general understanding about the quality of our results, we used LLMs to evaluate them.
More specifically, we used Mistral-7B with this given prompt: "Respond with a score from 1 to 10 considering
if the response addresses the style, the occasion and the role of the person wearing the outfit. Consider it an
advantage if it offers a variety of colors and textures”.

Image Captioning

One method we used in order to examine the alignment of the generated image with the description is to
produce image captions. After obtaining the image captions, we compared these captions to the original
descriptions using cosine similarity. Cosine similarity is a measure of similarity between two non-zero vectors
of an inner product space that measures the cosine of the angle between them. In this context, the vectors
represent the textual content of the captions and descriptions, typically derived from their word embeddings
(e.g., using models like Word2Vec, GloVe, or BERT). The cosine similarity scores were used to quantify
the alignment between the generated image and its description. Higher similarity scores indicated better
alignment, suggesting that the image accurately represents the provided description. However, there was
a significant information loss in this process, especially in the step of image captioning. The automated
captioning system may not capture all the details and nuances of the image, leading to incomplete or overly
generic captions. Image captioning models often prioritize generating plausible and fluent sentences over
retaining specific details, which can result in captions that omit critical aspects of the image. Due to the
information loss at each stage, the similarity scores derived from this process may not accurately reflect the
true alignment between the images and descriptions. The generated captions might miss key descriptive ele-
ments, leading to lower similarity scores even if the images are well-aligned with the descriptions. Conversely,
generic captions that happen to use similar terminology to the descriptions might yield artificially high simi-
larity scores despite poor alignment in substance. Given these limitations, the results of using image captions
and cosine similarity to evaluate alignment were not robust enough to present thoroughly. The significant
information loss throughout the process made it difficult to draw reliable conclusions about the alignment
quality, prompting the need for alternative or supplementary evaluation methods.

Human Evaluation

Initially, participants provide demographic information to elucidate their background. Subsequently, they
will engage in three separate experiments. The initial two experiments will involve evaluating both the image
and description of a fashion outfit using an absolute rating method and predefined criteria. In the third
experiment, participants will be tasked with comparing and ranking the outcomes of various methods.

In the first experiment a fashion outfit image is provided and participants are asked to evaluate its visual
appeal, relevance, creativity, coherence, and overall impression. It includes the following questions:

1. On a scale of 1 to 5, how well does the outfit align with the style?
. On a scale of 1 to 5, how suitable is the outfit for the occasion?

. On a scale of 1 to 5, how fitting is the outfit for the type?

. On a scale of 1 to 5, rate the aesthetic appeal of the outfit.

2

3

4. On a scale of 1 to 5, how creative is the outfit?

5

6. On a scale of 1 to 5, how well do the clothes and accessories match in the outfit?
7

. Are there any abnormalities or inconsistencies in the image?
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8.

If the answer in the previous question was yes: Despite any abnormalities or inconsistencies, do you
believe the image could serve as inspiration for a fashion designer?

In the second experiment, participants are presented with a fashion outfit description and asked to assess its
clarity, coherence, and relevance. It includes the following questions:

1.

© »® N e W N

—
o

On a scale of 1 to 5, how comprehensible is the description?

On a scale of 1 to 5, how coherent is the description?

On a scale of 1 to 5, how suitable is the outfit described for the occasion?
On a scale of 1 to 5, how suitable is the outfit described for a type?

On a scale of 1 to 5, how well does the outfit described align with the style?
On a scale of 1 to 5, how suitable are the colors used for the occasion?

On a scale of 1 to 5, how suitable are the colors used for a type?

On a scale of 1 to 5, how suitable are the colors used for a style?

On a scale of 1 to 5, how suitable are the textures used for the occasion?

. On a scale of 1 to 5, how suitable are the textures used for a type?

11.

On a scale of 1 to 5, how suitable are the textures used for a style?

In the third experiment, participants are asked to compare fashion outfits produced by the generative model
with descriptions generated with 5 different techniques.

Style: classic
Occasion: music festival

Type: woman

Which outfit do you prefer?

Figure 7.1.2: Example of the comparison used in the third experiment

7.2 Model Experiments

Using our model, we created a comprehensive dataset consisting of 2 models, 4 types, 5 styles, 10 occasions,
and 5 methods, resulting in a total of 2000 samples of fashion images. FEach sample includes a detailed
description and a set of three key variables. This extensive dataset ensures a diverse and robust representation
of various fashion scenarios, allowing for thorough testing and validation of our model’s capability to generate
accurate and relevant descriptions. The diversity in models, types, styles, occasions, and methods captures
a wide range of fashion possibilities, enhancing the dataset’s applicability and reliability.

As mentioned in the proposal (6), the initial occasion and wearer’s type were derived from the dataset, while
the styles were generated by the GPT model, which identified the 5 most dominant and popular styles. This
method of style generation ensures that the descriptions reflect current fashion trends and popular choices,
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making the dataset more relevant to contemporary fashion analysis. The sources for the knowledge injection
were chosen to reflect the query, but could be easily replaced with more up-to-date sources.

To ensure the quality and accuracy of the descriptions, each of the 2000 descriptions was assessed by a large
language model (LLM) and examined using a custom JavaScript code. The JavaScript code was designed to
check for the inclusion of the three key variables: style, occasion, and complexity (simple or complex type).
This automated verification process helped maintain consistency and adherence to the predefined criteria
across all descriptions.

In addition to the LLM and JavaScript assessments, every image and its corresponding description were
evaluated using the CLIP score.By employing this evaluation method, we ensured that the descriptions
not only included the necessary variables but also accurately represented the content of the images. This
dual-layered evaluation approach—combining automated checks and CLIP score analysis—strengthened the
reliability and relevance of our dataset.

However, due to limited time and availability of participants, only a small percentage of these images and
descriptions were presented for human evaluation. The images were randomly selected across different cate-
gories to ensure a representative sampling of every style, method, occasion, and model. This approach aimed
to maintain a balanced and comprehensive assessment while accommodating the practical constraints of the
evaluation process. Despite the reduced sample size for human evaluation, the random selection process and
the diversity of the chosen samples provided meaningful insights into the model’s performance in generating
relevant and accurate fashion descriptions.

7.3 Results

7.3.1 Overall Performance

To assess how well the generative model performs, we used the CLIPscore metric to evaluate the quality of
descriptions generated in different ways, comparing them with their respective images. The results, which
demonstrate the effectiveness of each method, are detailed below. It should be noted that the results of human
evaluation reveal a greater alignment of the image with the prompt variables compared to the CLIPscore, as
shown in Figure 7.3.6.

The table highlights the performance of five different generative approaches: Zero-shot, Few-shot, Chain-of-
Thought (CoT), Retrieval-Augmented Generation (RAG) with PDFs, and RAG with BLOGs. Notably, the
Zero-shot and Few-shot methods achieved a CLIPscore of 0.31 for simple types and 0.30 for complex types,
indicating a consistent performance across these methods. The CoT approach maintained a high CLIPscore
of 0.31 for both simple and complex types, reflecting its robustness in generating accurate descriptions. On
the other hand, the RAG methods showed a slightly lower performance, with RAG with PDFs scoring 0.29
for simple types and 0.30 for complex types, and RAG with BLOGs scoring 0.30 for both types.

However, it is important to consider the human evaluation results, which provide a more nuanced under-
standing of the model’s performance.

Simple Type Complex Type

Zero-shot 0.31 1 0.30 1
Few-shot 0.31 1 0.30 1
CoT 0.31 1 0.31 1
RAG with PDFs 0.29 1 037
RAG with BLOGs 0.3 1 037

Table 7.3: CLIPscore for descriptions generated with different methods
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7.3.2 Human Evaluation Results

The human evaluation results offer valuable feedback on the strengths and weaknesses of the model’s perfor-
mance, providing a critical perspective that aids in refining and improving the overall quality of the generated
fashion content. The following section details the participant feedback and key findings from this evaluation.

Demographic analysis

It is imperative to delve deeper into the background and demographics of the participants, as well as their
connection to the fields of fashion and artificial intelligence. In the following charts, information about
their age range, their sex, their occupation and their relation with fashion and AI are presented. In total,
79 samples were collected by the participants in order to evaluate 10 images in the first experiment, 10
description in the second experiment and to compare 5 images for each of 10 different triplets of style,
occasion and wearer’s type. As it can be observed, the majority of participants are young adults and a small
percentage of them are between 31 and 60 years old. In addition to this, almost equal is the participation
of males and females. Participants have different occupations, with most of them being students and some
full-time employed. Almost neither of them has a primary occupation related to art, a fact that limits their
expertise in the field of fashion. However, even tho the interest in fashion is above average, the engagement in
fashion-related tasks is low with most of the participants doing activities like shopping, browsing in e-shops
and watching fashion shows once a week, rarely or never. In order to comprehend the background of the
participants and their ability to answer the survey, it is imperative to examine their English skills as well as
their previous experience in answering such surveys. Most of the participants showcase proficiency in English,
while less consider themselves to have intermediate level. Finally, almost two thirds of the participants have
not participated in Al surveys in the past, while less than 1 out of 5 participants have participated in
fashion-related surveys.
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First Experiment

In the first experiment, participants were asked questions in order to gain a perspective about the generated
images. As it can be observed in 7.3.6, the evaluation results reveal insightful perceptions about the outfits
presented in the generated images. With a mean rating of 4.1 on a scale from 1 to 5, it is evident that most
participants found the style of the outfits to align well with the intended design. The suitability of the outfits
for various occasions received a mean rating of 3.5, indicating moderate agreement among participants on
this aspect.

Additionally, the alignment of the outfits with the wearer’s type received a high mean rating of 4.4, showing
a strong consensus on this match. When it comes to creativity, aesthetic appeal, and coherence, the majority
of participants rated the outfits as moderate to very creative. Moreover, nearly all participants felt that the
different garments and accessories matched well with each other, contributing to a cohesive and appealing
overall look.
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Figure 7.3.6: Image evaluation

Regarding the quality of the generated image, 78% of respondents indicated that they did not observe any
abnormalities or inconsistencies, as shown in Figure 7.3.7a. Conversely, 22% of the participants identified
some inconsistencies within the image. However, it is important to highlight that among those who noted
these inconsistencies, the overwhelming majority considered them to be minor and not significant enough to
detract from the outfit’s potential as a source of inspiration for fashion designers, as shown in Figure 7.3.7b.

Furthermore, the detected abnormalities were predominantly associated with the wearer’s facial features and
limbs, rather than the clothing itself. This distinction is crucial, as it suggests that the design and composition
of the outfits were generally well-received and considered coherent, with the minor issues being confined to
peripheral aspects of the image that do not directly impact the overall fashion inspiration value

I don't know
9%

No

Yes 2204
22%

Yes
69%

No
78%

(b) Inspiration for Fashion Designers Despite
(a) This pie chart illustrates the percentage of images  Abnormalities: This pie chart shows the distribution of
with abnormalities and without abnormalities according responses regarding whether fashion designers find
to the participants inspiration despite abnormalities

Having gained a comprehensive understanding of the generated results, it is now beneficial to delve into the
different responses from participants to images generated using descriptions produced by various methods.
This examination can provide deeper insights into how different descriptive approaches influence participant
perception and evaluation of the images.

By comparing responses to images generated from different descriptive techniques, we can identify patterns
and preferences among participants. For instance, one method might yield higher ratings for creativity and
coherence, while another might score better in terms of aligning with the intended style or suitability for
various occasions. This comparison will help us understand which descriptive methods are most effective in
generating images that meet the participants’ expectations and preferences.
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Figure 7.3.8: Comparison of images generated by descriptions created using different methods

As shown in 7.3.8, descriptions generated through few-shot learning performed better than zero-shot in most
cases. Regarding outfit - style alignment, FS had a statistical difference of x? = 27.58, p = 0.0035 with ZS
9.1 and regarding outfit-occasion alignment it gained first place among the other methods.

When measuring the creativity of the outfit, participants favored methods including RAG and CoT. Especially
CoT outperformed ZS with x? = 25.87, p = 0.0559.

FS and RAG with PDFs and BLOGs were also voted highly for producing descriptions resulting in aestheti-
cally pleasing images. More specifically, FS compared to ZS had x? = 27.99, p — 0.0317.

Regarding the coherence of the outfit (how much the clothes and the accessories match), FS was voted better
than the other methods surpassing the second in order CoT and presenting a statistical difference of x? =
35.48, p = 0.0034 with each other, as shown in Table 9.6.

Second Experiment

While evaluating the quality of generated images through participant feedback offers valuable insights, a
more insightful approach involves analyzing their responses to the generated descriptions directly. This
method allows for a thorough assessment of how effectively the language model conveys fashion concepts and
characteristics through textual descriptions.

By examining participant ratings for aspects such as comprehensibility, coherence, occasion suitability, align-
ment with style, and appropriateness of colors and textures, we gain a clearer understanding of the LLM’s
performance. This evaluation provides insights into which descriptive methods—such as few-shot learning,
zero-shot learning, or prompt-driven frameworks like RAG with PDFs and BLOGs—effectively communicate
these aspects to participants.

Moreover, focusing on participant reactions to descriptions enables a nuanced comparison between different
methods. It helps identify whether certain methods consistently produce descriptions that participants find
more understandable, coherent, and appropriate for specific occasions, types, and styles. This approach not
only aids in refining and optimizing LLM-based techniques for generating fashion descriptions but also offers
deeper insights into their practical application in fashion design and consumer preferences.

As shown in 7.3.9, participants rated the comprehensibility and cohesion of the generated descriptions highly,
with both aspects receiving an average score of around 4.3 across all experiments and methods. Notably,
participants who identified as proficient or native/fluent in English provided overall higher scores compared to
those who were less confident in their English skills. This distinction underscores the importance of language
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proficiency in the evaluation process and suggests that the descriptions were generally well-crafted and easy
to understand for most participants.

In addition to comprehensibility and cohesion, participants also rated the outfit descriptions based on the
suitability of the outfit for the type, the style, and the occasion. The generated outfits performed well
across these variables. Notably, the suitability for the occasion received a particularly high score of almost
4.5. This score is significantly higher than the ratings given for the alignment of the outfits presented in
the images with the occasion. This comparison highlights the effectiveness of the descriptions in conveying
appropriate outfits for various occasions, suggesting that the textual descriptions were more successful in
meeting participants’ expectations than the visual representations. Participants found the descriptions highly
suitable for the type, indicating a strong match with the described body types. Similarly, the suitability for
the style received strong ratings, showing alignment with the intended fashion styles.The colors described
were also well-received, with participants considering them appropriate for both the occasion and the type,
reflecting thoughtful and appropriate color selection. Moreover, the suitability of colors for the style was
rated positively, demonstrating harmony between the color choices and the fashion styles described.

When it comes to textures, the ratings were equally high. Participants felt that the textures described were
suitable for the occasion, indicating that the textures were appropriate for different settings. The textures
were also considered well-matched with the type, suggesting that the described textures complemented various
body types or fashion personas effectively. Finally, the suitability of textures for the style received strong
ratings, affirming that the textures were seen as fitting and enhancing the described fashion styles. Overall,
the high ratings across these criteria reflect a positive reception and suggest that the descriptions were effective
in conveying the intended fashion concepts.
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Figure 7.3.9: Evaluation of Descriptions

The comparative analysis of methods, as presented in Figure 7.3.10, for generating fashion outfit descriptions
reveals several key insights. Most criteria across all methods received ratings close to or above 3, indicating
a generally good performance in generating relevant and appropriate fashion descriptions.

Among the top performers, RAG with BLOGs and RAG with PDFs consistently achieved high scores across
almost all criteria. These methods leverage large datasets from blogs and PDFs, ensuring that the generated
descriptions are rich, contextually accurate, and tailored to the specific needs of style, type, and occasion.
Similarly, CoT (Chain-of-Thought) and FS (Few-Shot) performed admirably. CoT particularly excelled in
coherence, suggesting that a step-by-step reasoning approach can enhance the logical flow of the descriptions.
FS showed strength in several areas, making it a robust option for generating high-quality descriptions.

However, there are areas for improvement, particularly for the ZS (Zero-Shot) method. This method generally
lagged behind the others, especially in "Suitability of the colors for the occasion" and "Suitability of the outfit
for the type." The lower scores suggest that ZS might struggle with specific contextual nuances, indicating a
need for further refinement to improve its performance in these areas.

75



Chapter 7. Experiments

All methods performed relatively well in terms of coherence and comprehensibility, though variations were
observed. ZS and RAGs were noted for their high rating in coherence with great statistical differences as
shown in Table 9.8.

Each method offers specific insights. More specifically, when it comes to outfit-occasion alignment F'S was
rated higher with its p-value and chi-square statistics in relevance to RAG with PDFs which was the second
best (x? = 35.42, p = 0.004). The latter showed great statistical difference with its superior methods in the
field of outfit-occasion alignment with x? = 46.5 , p = 0.001 with ZS and x? = 41.71, p = 0.0042 with RAG
with BLOGS, as shown in Table 9.9.

In relevance to outfit-wearer’s type alignment, participants gave the best average score to RAG with BLOGS
followed by FS with narrow statistical difference of x2 = 9.6, p = 0.384 between them. RAG with BLOGs
however excelled when compared with ZS (y? = 57.41, p = 0.000000067) and CoT (x? = 36.48, p = 0.00003)
as shown in Table 9.10.

Concerning the suitability of the outfit for the given style, RAG with BLOGs received a higher rating and
presented a significant statistical difference with RAG with PDFs (x? = 36.44, p = 0.003). It is also interesting
to note that ZS outperformed FS with x? = 59.17, p = 0.0000003, as shown in Table 9.11.

Regarding the question relevant to the alignment of colors with the occasion, it can be concluded that CoT
was rated as a superior having x? = 24.85, p = 0.0156 with RAG with BLOGs. Promising results were given
by the rating of ZS and FS which outperformed RAG with BLOGs with y? = 57.56, p = 0.0000013 and x?
= 37.53, p = 0.000000183 accordingly, as shown in 9.12. It was found that ZS had a higher rating as the
suitability of the colors for a given style, as demonstrated by the metrics x? = 32.67 p = 0.0011 with RAG
with BLOGs and x? = 36.6, p = 0.0006 with FS, as seen in Table 9.14.

Investigating the correlation between texture and occasion, CoT was rated higher than the others, showing
x? = 23.92 p = 0.02 with FS which was second in ranking, having same average with RAG with BLOGs.
FS performed better in this field than ZS according to the participants with a statistical difference of % =
34.52 p = 0.0006, as shown in Table 9.15. Moreover, in this case RAG with BLOGs results’ achieved greater
scores than RAG with PDFs with x? = 41.58 p = 0.00046.

As for the questions about which textures are best for different wearers’ types ZS achieved impressive ratings
by passing RAG with BLOGs with % = 38.8 p = 0.0000054. RAG with BLOGs achieve the second best
average score surpassing CoT with x? = 45.09 p = 0.000134 and FS with x? = 95.32 p = 0.00000000000026
as shown in 9.16.

Lastly, for the texture-style alignment ZS and CoT gained the first place among the methods with y? and
p values indicating great statistical difference in the distributions between ZS and FS, ZS and RAG (either
with PDFs or with BLOGs) and between CoT and RAGs as shown in Table 9.17.

In conclusion, the evaluation highlights the strengths and areas for improvement of different methods used in
generating fashion outfit descriptions. RAG with BLOGs and PDFs emerge as the most effective approaches,
providing comprehensive and contextually relevant descriptions. CoT and FS also show strong potential,
especially in coherence and adaptability. However, ZS, while promising, needs further refinement to improve
its contextual understanding and overall performance.
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Figure 7.3.10: Comparison of descriptions generated with different methods

Comparison of LLMs’ results

This chapter aims to evaluate and compare the outputs of Falcon and Mistral models based on participant
feedback gathered through the second experiment. The study analyzes user perceptions and preferences
regarding the descriptions generated by these models to ascertain which model produces outputs perceived
as more accurate, fluent, and contextually appropriate by human evaluators.

In addition to examining the survey results related to coherence, comprehensibility, and alignment with differ-
ent variables, this chapter will investigate how these aspects are influenced by the length of the descriptions.
By exploring the impact of description length on user perception, the study aims to provide insights into the
optimal length for generating effective and well-received descriptions using Falcon and Mistral models.

In each figure of 7.3.11, the horizontal axis represents the grades given by the participants to the outfit
descriptions. These grades range from 1 to 5, with 1 being the lowest and 5 being the highest. The vertical
axis shows the percentage of participants who assigned each grade. The criterion used by participants to
assess the descriptions is specified in the caption of each figure. The blue color represents grades for outfit
descriptions generated by Mistral, whereas the pink color is for outfit descriptions generated by Falcon.

In our comparative analysis of human evaluation results for fashion outfit descriptions generated by two large
language models (LLMs), Falcon and Mistral, we assessed multiple criteria, including comprehensibility,
coherence, and alignment with style, occasion, and wearer’s type as shown in Figure 7.3.11. The evaluation
of comprehensibility showed that Falcon generally received higher scores, with a greater percentage of votes
for score 5, indicating its descriptions were easier to understand. In terms of coherence, Mistral demonstrated
superiority, garnering higher scores and a larger proportion of votes in the upper range, reflecting better logical
flow and consistency, whereas Falcon also received many 4 votes demonstrating an adequate performance. For
the alignment of outfits with the occasion, Falcon outperformed Mistral significantly, particularly at higher
scores, suggesting superior contextual understanding. Similarly, Falcon excelled in aligning outfits with the
wearer’s type, with a higher percentage of votes for top scores, highlighting its enhanced personalization
capabilities. Both LLMs improved in aligning outfits with specified styles as scores increased, but Falcon had
a noticeable lead. In the alignment of colors with the occasion, Falcon’s dominance was evident, especially
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in the highest score ranges, which was consistent in the alignment of colors with the wearer’s type and style.
The evaluation of texture alignment with the occasion, wearer’s type, and style further underscored Falcon’s
superior performance, with higher scores and a greater percentage of votes in the upper ranges. Overall, while
Mistral showed strengths in creating comprehensible and coherent descriptions, Falcon excelled in generating
contextually relevant and personalized fashion recommendations, consistently receiving higher scores and a
greater proportion of high votes, particularly in alignment metrics.

Following the comparative analysis of human evaluation results, it is essential to delve deeper into an addi-
tional aspect that can significantly influence user perception: the length of the descriptions generated by the
Falcon and Mistral models. Understanding how the length of descriptions affects user satisfaction and percep-
tion can provide further insights into the strengths and weaknesses of each model, and guide improvements
in generating fashion outfit descriptions.
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Figure 7.3.11: Comparison of human evaluation results for the two LLMs
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LLMSs’ results in relation to the length of the descriptions

Before analyzing the results of the second experiment in relation to the lengths of the descriptions, it is
imperative to examine the length of the descriptions generated by the two LLMs when using different tech-
niques. As shown in Figures 9.1.1 and 9.1.2 in Appendix 9, Mistral tends to generate lengthier descriptions,
typically around 1000 characters, with some reaching up to 1400 characters. In contrast, Falcon produces
more concise texts, averaging around 500 characters. However, when Falcon employs Retrieval-Augmented
Generation (RAG), the description length increases significantly, occasionally reaching up to 4000 characters
due to the inclusion of unnecessary information from its sources.

As shown in Figure 7.3.12, lengths have been categorized in three bins (small length, average length, big
length) in order to compare the scores of descriptions in relation to their length. According to Figure
7.3.12a, descriptions with lengths between 400 and 800 characters (average length) were considered slightly
more comprehensible and coherent by the participants. For the alignment of the outfits described with
the occasion, the style and the wearer’s type, lengthier descriptions were voted higher as shown in Figure
7.3.12b. The same applied for the alignment of the colors and the textures with the different variables, as
demonstrated in Figures 7.3.12c¢ and 7.3.12d.

Variables
m= Comprehensibilty
= Coherence

- suitability t for the occasion
= Suitability of the outfit for the style
m= suitability of the outfit for the type.

0400 401'800 8011100 0400 401800 8011100
Length Bin Length Bin

(a) Comparison of Mean Comprehensibility (b) Comparison of Mean Outfit Alignment
and Coherence Scores Across Different Length with Style, Wearer’s Type, Occasion Scores
Bins Across Different Length Bins

0400 401800 8011100
Length Bin

0400 401800 8011100
Length Bin

(¢) Comparison of Mean Color Alignment (d) Comparison of Mean Texture Alignment
with Style, Wearer’s Type, Occasion Scores with Style, Wearer’s Type, Occasion Scores
Across Different Length Bins Across Different Length Bins

Figure 7.3.12: Comparison of Mean Scores for Different Length Bins

Third Experiment

From the third experiment, where participants were asked to choose the outfit of their preference between
the outfits produced using the description generated with 5 different methods, we can exclude conclusions
about the aesthetic appeal of the images in relevance with the occasion, the style and the wearer’s type. In
this experiment, comparison of the results of the different methods is conducted. Since the image generation
model used was the same for all the experiments, the conclusions are relevant to the method used for the
LLM.

In Figure 7.3.13, it can be observed that the images that were created by the descriptions generated with
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Retrieval Augmented Generation with PDFs and these generated with Few-shot learning were preferred by
the participants and gained first place. RAG with BLOGs as sources also was selected as the best option,
however, not so many times.

Few-shot learning
RAG with BLOGs
RAG with PDFs

Figure 7.3.13: Methods that won first place when compared according to the participants

These methods also excelled among the others, even when they did not win first place. For 10 samples RAG
with PDFs and Few-shot learning were never selected as the worst choice. The total results for these 10
samples are presented in Figure 7.3.14.

15T !éCE 25T ;!ACE 3RD PLACE 4TH PLACE STHPLACE

Axis Title
e 7 210-5hot learning === Few-shot learning === Chain-of-thought === RAG with PDFs === RAG with BLOGS

Figure 7.3.14: This chart shows the number of times each method was voted into 1st through 5th places.
Each line represents a method, with points indicating the number of votes for each place.

From the chart it is observed that RAG with PDFs performs better than RAG with BLOGs in most cases.
Moreover, zero-shot and chain-of-thought gain same popularity among participants.

7.3.3 Qualitative Results

Lastly, we will examine some visual results of our model i.e. images derived from descriptions generated
by 5 different methods. In Figures 7.3.15 and 7.3.16, images produced by Stable Diffusion by descriptions
generated with 5 different methods are presented.

It can be observed that the images produced using the descriptions generated with the chain-of-thought
methodology display a greater variety of colors and textures compared to other methods. This enhanced
diversity is due to the chain-of-thought process, where colors and textures are generated first, and the model
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is subsequently guided to incorporate these elements into the final description. By prioritizing these visual
details early in the generation process, the model produces richer and more varied visual outputs.

Additionally, it is noted that many images subtly include the occasion in the background. For instance, a
picnic is implied with a park setting, a winter vacation is suggested by a snowy landscape, and a festival is
indicated by the presence of other people. These contextual clues in the background enrich the narrative
and provide a more immersive experience for the viewer, helping to anchor the fashion description within a
realistic scenario.

However, some flaws were identified regarding the characteristics of the models. The appearance of the
models was not comprehensively described in the prompts, except for some details about their hair and
makeup. This lack of detailed description sometimes resulted in inconsistencies in the models’ appearances.
Nevertheless, the majority of the outfits do not exhibit anomalies or inconsistencies, indicating that the focus
on clothing and styling was generally well-executed.

In certain samples, multiple options are presented for the same triplet of variables. This variation arises
because the generated descriptions might offer multiple choices for garments, colors, or textures. For example,
a description might specify "ciel or beige pants," "classic white or gray shirt," or "paired with slim-fit chinos
or khakis," or "leather or suede blazer." These options reflect the model’s flexibility and the richness of the
generated content, providing multiple styling possibilities within a single description. However, this also
introduces a level of ambiguity that might require further refinement to ensure clarity and consistency in the
final outputs.
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Zero-shot learning Few-shot learning Chain-of-thought RAG with PDFs RAG with blogs

Style: sporty | Occasion: winter vacation | Type: woman

Figure 7.3.15: Images produced by Stable Diffusion with descriptions generated with 5 different methods
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Zero-shot learning Few-shot learning Chain-of-thought RAG with PDFs RAG with blogs

S|

Style: casual | Occasion: a play/concert | Type. a small-framed, delicate woman

Style: gothic | Occasion: a play / concert | Type: woman

Figure 7.3.16: Images produced by Stable Diffusion with descriptions generated with 5 different methods
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Falcon-7B Mistral-7B
Occasion: a casual gathering | Style: casual | Type: woman

"This casual fashion outfit is perfect for a woman attending a gathering with friends
and family. The outfit is composed of a light-colored, flowy blouse made of soft coffon
B . . material with a delicate floral paftern embroidered on the chest. The blouss is paired

"The fashion outfit consists of a taupe, oversized fit, crewneck i 5 high waisted, dark wash denim skirt that has a relaxed fit and a slight Aine
sweater paired with dark-wash skinny jeans and cognac silhoustte. To add some texture and dimension to the outfi, a light beige cardigan with

Description leather ankie boots. The ensembie is completed with & cream, & faux-leather frim is \ayered over the blouse. The cardigan also features a subtie
faun-fur shaw draped elegantly around the neck, and 8 gold oy e detail on the chest, which ties in perfectly with the blouse. For footwesr, a
nec.'q'ace with a g.lmp}e pendant T‘he co}ors. biend pair of nude-colored strappy sandsls with a block heel are the perfect choice. The
harmaniously, creating & cozy yet cm‘c look suitable for & sandals add a touch of elegance to the outfit while keeping it casusl. To accessorize, &
Zero-shot casual gathering. dainty gold neckiace with a delicate pendant and a matching bracelet are the perfect
learning touch. A small, structured bag i light brown leather completes the outfif, providing s
practical yetf styiish option for carrying essentials.”
Image
Occasion: winter vacation | Style: bohemian | Type: a small-framed, delicate woman
. . . . . "A bohemian-style winter outfit for & small-framed, delicate woman would be a dreamy
For a winter vacation, consider a bohemian-style outiit that and ethereal ensemble that captures the essence of the season. The outfit would
complements your delicate frame. Start with & warm, earthy- feature a soft, flowing dress in a muted color palette of pastels, such as a delicate
toned base, such as a rich, deep red or a warm, neutral color shade of lavender or a soft pink. The dress would have a fitted bodice and & full, flowing
like: camel or cream. Layer a cozy, oversized sweater over a skirt that falls just above the knee, creating a feminine and playful silhoustte. To add
Description delicate blouse or top. A pair of high-waisted, wide-leg texture and warmih to the outfit, a cozy cardigan in a rich, earthy color such as
Few-shot trousers in a soft, earthy hue, paired with ankle boots or flats, burgundy or olive green would be a perfect addition. The cardigan would be made from
learnin completes the look. Accessorize with delicate, bohemian- a soft, plush fabric such as cashmere or wool, and wuu}g' feature 8 _shaw.' coflar that
0 style jewelry, such as & pendant neckisce or a bracelet with drapes elegantly over the shoulders. For foofwear, a pair of ankle-high, suede boots
intricate details. Don't forget to add & warm, woolen scarf or wr':hba_Iow heel wuu?dé)e fheidpfe:fect crmfca_?. Tger boorsdwm.;}q:e r';;oneu:rafjg}or{guzﬁ
; . as beige or taups, and would feature a pointed toe and & slight platform to add a toul
& cozy, oversized hat to keep your head and ears warm. of height and dimension fo the OUHT.”
Image
Occasion: a job interview | Style: classic | Type: woman
"Awoman attending a job interview in classic style would exude confidence and
sophistication in this fashion outfit. The foundation of the outfit is a tailored navy blue tweed
blazer, which adds structure and a touch of formality fo the ensemble. Pairing the blazer
“For a classic and professional look, opt with a cream-colored silk blouse elevates the look with a touch of elegance, while also
for a navy tailored suit with a cream providing a pop of condrast against the darker tweed. The bottom half of the outfit iz a black
blouse, black tailored trousers, and & pencil skirt made of a rich silk fabric, which adds a touch of luxury and sophisfication. The
Chain.of.  Description biack snd cream silk tie. Accessorize with skirt is Ia_iIored to fit perfectly, with a slin'_l fit through the hips and a flared skirt at the bottom,
Th nt black pumps and & cream handbag. ® whl_ch ad_ds mwement and visual interest. 'I'_o complete the look, the woman cam
ough accessonze with a pair of black strappy heels, which add a touch of edge and sophistication
to the outfit. A simple black clutch, made of a smooth silk fabric, can be camied as a final
touch to the outfit, adding a touch of polish and professionalism. Overall, this classic style
outfit is perfect for a woman attending a job interview, as it exudes confidence.”
Image !M

Figure 7.3.17: Descriptions and images produced by Stable Diffusion with descriptions generated by 2
different LLMs for Zero-shot learning, Few-shot learning and Chain-of-Thought (left column for Falcon-7B
model, right column for Mistral-7B model).
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Occasion: a beach | Style: gothic | Type: a small-framed, delicate woman

"The delicate woman stands af the beach, her small frame
adormed with inticate gothic details. Her dark hair is styled in
loose waves, framing her heart-shaped face. A black velvet dress
with intricate lace detailing is paired with a long black cloak, its
edges fimmed with intricate silver embroidery. The closk is

"A small-framed, delicate woman would look stunning in a gothic-
style outfit for & beach seifing. The outfit should feature a flowing,
lightweight dress with a cinched waist and a full skirt that
billows in the breeze. A cropped leather jacket or & denim vest could

Description . B
P fastened with a Iarge silver clasp at the neck, adding to the gothic be added for extra warmth and protection from the sun. Accessories
sesthetic. The woman's delicate features are sccentusted by the like & wide-brimmed hat, lasses, and & statement necklace can
_ dark makeup and gothic jewelry, including & silver neckiace with a add s touch of glamour and st_)phfstrcatm to the outfit. A pE-f! af
RAG with pendsnt in the shape of & skull. The ensemble is completed with strappy sandals or espadniles would complets the look.
PDFs biack ankile booits, adding to the oversll gothic vibe.”
Image
QOccasion: a cocktail party | Style: bohemian | Type: woman
"A bohemian style outfit for & woman atfending & cocktail party
"The delicate woman in the bohemian outfit looks effortlessly chic could include & fowy midi dress with intricate floral patterns or
and stylish. The ensemble consists of a vintage-siyle, floral-print lace detsils, paired with delicate sandals or strappy heels.
D it dress paired with & cream-colored, tailored blazer. The dress Accessories such as statement earrings, a dainfy necklace, and &
escription festures a tie-neck detail and s flared hem, while the blzzer has a crossbody bag can add some edge fo the look. A chic
single button and subtle lapels. To complete the look, she clutch or handbag csn complete the outfit, adding a touch of
WESrs 3 pair of round-foed, block-heel pumps in & neutral color. sophistication. The key is to keep the overall look relaxed and
The outfit is perfect for a cocktail party or any other formal event.” effortiess while still looking polished and put together. ™
RAG with
BLOGs
Image

Figure 7.3.18: Descriptions and images produced by Stable Diffusion with descriptions generated by 2
different LLMs for RAG with PDFs and with BLOGs as sources(left column for Falcon-7B model, right
column for Mistral-7B model)
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Chapter 8

Conclusion

8.1 Discussion

This thesis explores methodologies for generating fashion descriptions tailored to specific variables, employing
two distinct Large Language Models (LLMs) and one Stable Diffusion model for fashion image creation.
Departing from traditional approaches, the study emphasizes "pre-train, prompt, and predict" techniques
over the conventional "pre-train, fine-tune" method. This shift underscores the efficiency and adaptability
offered by prompting, complemented by knowledge injection to keep models current and adept in the rapidly
evolving fashion domain.

Central to the study is the Retrieval-Augmented Generation (RAG) method, leveraging insights from diverse
sources like fashion magazines and blogs. This approach enriches the models with a deep understanding of
contemporary trends and nuances, enhancing the relevance and accuracy of generated fashion descriptions.

Evaluation of the generative models employed a dual approach, combining quantitative metrics and qualita-
tive human judgment. Quantitatively, the CLIPscore metric provided insights into the quality and alignment
of generated descriptions with intended prompts. Human evaluation further validated these findings, empha-
sizing the models’ strengths in creativity, coherence, and aesthetic appeal. Participants consistently rated
descriptions highly for their ability to capture nuanced fashion elements, highlighting the models’ capacity
to cater to diverse stylistic preferences and cultural contexts.

Comparisons across different descriptive methods underscored nuanced performance differences. Techniques
like Few-shot learning and RAG with PDFs consistently excelled in producing descriptions and images that
closely aligned with specified variables, demonstrating robustness across various evaluation criteria.

The qualitative analysis of generated images revealed commendable progress in realism and visual diversity,
particularly enhanced by the Chain-of-Thought methodology. Images not only showcased a range of colors
and textures but also subtly incorporated contextual cues that enriched narrative depth and viewer engage-
ment. Despite occasional inconsistencies in model-generated appearances, the focus on clothing and styling
consistently yielded visually appealing outcomes that resonated well with human evaluators.

Overall, this study represents a significant step forward in harnessing LLMs and Stable Diffusion models
for fashion content generation. By emphasizing innovative prompting techniques and continuous knowledge
infusion, the research has demonstrated tangible improvements in the accuracy, creativity, and relevance
of Al-generated fashion outputs. These advancements not only highlight the potential of Al in shaping the
future of fashion but also pave the way for further exploration and refinement in Al-driven creative industries.

8.2 Future Work

In considering future directions for enhancing fashion content generation through advanced Al methodologies,
several promising avenues emerge from the current study’s findings. First and foremost is the improvement of
characteristics consistency in pre-trained image generation models. Addressing inconsistencies in generated
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fashion images could be achieved through techniques such as fine-tuning with domain-specific datasets or
integrating adversarial training approaches. This refinement aims to enhance model robustness and better
capture stylistic nuances, fabric textures, and garment fits, thereby yielding more accurate and visually
appealing outputs.

Another promising direction involves expanding the scope of Retrieval-Augmented Generation (RAG) beyond
traditional sources like fashion magazines and blogs. By incorporating diverse sources such as social media
platforms, fashion archives, or user-generated content, models could enrich their references with broader
stylistic influences and cultural insights. This approach not only enhances the diversity and relevance of
generated fashion content but also improves adaptability to evolving trends and niche preferences.

In addition to broader data sources, future research could explore incorporating a wider range of prompts
and fashion variables beyond current considerations of occasion, wearer type, and style. Factors like seasonal
trends, sustainability criteria, cultural symbolism, or emotional context associated with fashion choices could
enrich the input parameters. This expansion could lead to more nuanced and personalized fashion descriptions
and images, catering to diverse consumer preferences and ethical considerations.

Integrating ontologies or scene graphs into RAG represents another significant opportunity. These structured
representations could enhance semantic understanding and generation capabilities by encoding hierarchical
relationships between fashion elements, attributes, and contexts. This approach could improve the realism and
coherence of generated outputs, capturing intricate details about clothing compositions, spatial arrangements
in outfits, or environmental contexts.

Advancing multi-modal fusion techniques, where textual descriptions influence image generation and vice
versa, could further refine synchronization between descriptive accuracy and visual fidelity. Interactive in-
terfaces allowing users to refine generated outputs based on personal preferences or specific criteria could
enhance engagement and satisfaction.

Addressing ethical implications remains crucial. This includes ensuring transparency, mitigating biases,
and respecting cultural diversity and ethical standards in fashion representation. Collaborative efforts with
domain experts and community stakeholders are essential to developing responsible Al technologies that
foster positive societal impacts.

In summary, the future of Al-driven fashion content generation holds immense potential for innovation across
various fronts. By integrating advanced modeling techniques, expanding data sources, enhancing semantic
understanding, and addressing ethical considerations, researchers can pave the way for more sophisticated,
inclusive, and culturally resonant applications in the fashion industry. These efforts promise to redefine
creative processes and empower users with personalized and compelling fashion experiences driven by Al
technologies.
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Chapter 9. Appendices

9.1 Length comparison for the five different methods used between
Falcon and Mistral’s descriptions
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Figure 9.1.1: Length comparison for Zero-shot and Few-shot between Falcon and Mistral’s descriptions

90



9.1. Length comparison for the five different methods used between Falcon and Mistral’s descriptions
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Figure 9.1.2: Length comparison for Chain-of-Thought, RAG with PDFs and RAG with BLOGs between
Falcon and Mistral’s descriptions
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9.2 Chi-Square Statistics and P-Values Across Different Methods

Chi-square is a statistical test commonly used to assess the associations between categorical variables. The
test evaluates how the observed distribution of data compares to the expected distribution if the variables were
independent. The chi-square statistic measures the discrepancy between observed and expected frequencies;
a higher value suggests a greater divergence from the expected distribution. When used in conjunction with
p-values, the chi-square test helps determine whether any observed differences in frequencies are statistically
significant or if they could have arisen by random variation.

A p-value is a statistical measure that helps determine the significance of results obtained in a hypothesis
test. It quantifies the probability of obtaining a test result at least as extreme as the one observed, assuming
that the null hypothesis is true. A low p-value (typically less than 0.05) indicates strong evidence against
the null hypothesis, suggesting that the observed effect is unlikely to have occurred by random chance.

9.2.1 Survey’s Results for Images

‘ Zero-shot ‘ Few-shot ‘ CoT ‘ RAG PDFs ‘ RAG BLOGs
Zero-shot 15.52 | 0.4872 | 22.55 | 0.1262 | 15.89 | 0.4609 | 18.88 | 0.2747
Few-shot 15.52 | 0.4872 22.25]0.1353 | 7.49 | 0.9625 5.59 | 0.9353
CoT 22.55 | 0.1262 | 22.25 | 0.1353 9.34 | 0.8987 22.40 | 0.1309
RAG PDFs 15.89 | 0.4609 | 7.49|0.9625 | 9.34 | 0.8987 15.19 | 0.5105
RAG BLOGSs | 18.88 ] 0.2747 | 5.59]0.9353 | 22.40 | 0.1309 | 15.19 | 0.5105

Table 9.1: Chi-Square Statistics and P-Values Across Different Methods for Outfit-Occasion Alignment

‘ Zero-shot ‘ Few-shot CoT ‘ RAG PDFs ‘ RAG BLOGs
Zero-shot 0.00 | 1.0000 0.00 | 1.0000 0.00 | 1.0000 0.00 | 1.0000
Few-shot 0.00 | 1.0000 36.43 | 1.46 x 107° | 3.65 | 0.8876 1.05 | 0.9019
CoT 0.00 | 1.0000 | 36.43 | 1.46 x 10~ 15.19 | 0.5109 5.74 | 0.4528
RAG PDFs 0.00 | 1.0000 3.65 | 0.8876 15.19 | 0.5109 2.65 | 0.6172
RAG BLOGSs | 0.00 | 1.0000 1.05 | 0.9019 5.74 | 0.4528 2.65 | 0.6172

Table 9.2: Chi-Square Statistics and P-Values Across Different Methods for Outfit-Type Alignment

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot 27.58 | 0.0355 | 23.31 | 0.1058 | 13.69 | 0.6219 | 4.68 | 0.3220
Few-shot 27.58 | 0.0355 17.54 | 0.3514 | 11.57 | 0.7728 | 4.59 | 0.3325
CoT 23.31 ] 0.1058 | 17.54 | 0.3514 12.93 ] 0.6778 | 9.09 | 0.1684
RAG PDFs | 13.69 | 0.6219 | 11.57 | 0.7728 | 12.93 | 0.6778 12.22 | 0.1415
RAG BLOGs | 4.68]0.3220 | 4.59|0.3325 | 9.09|0.1684 | 12.22 | 0.1415

Table 9.3: Chi-Square Statistics and P-Values Across Different Methods for Outfit-Style Alignment
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9.2. Chi-Square Statistics and P-Values Across Different Methods

‘ Zero-shot ‘ Few-shot ‘ CoT ‘ RAG PDFs ‘ RAG BLOGs
Zero-shot 27.99 | 0.0317 | 16.67 | 0.4076 | 15.44 | 0.4926 | 10.44 | 0.8428
Few-shot 27.99 | 0.0317 28.26 | 0.0294 | 18.69 | 0.2852 | 32.28 | 0.0013
CoT 16.67 | 0.4076 | 28.26 | 0.0294 12.83 | 0.6852 | 18.91 | 0.2733
RAG PDFs 15.44 1 0.4926 | 18.69 | 0.2852 | 12.83 | 0.6852 29.45 | 0.0211
RAG BLOGSs | 10.44 | 0.8428 | 32.28 | 0.0013 | 18.91 | 0.2733 | 29.45 | 0.0211

Table 9.4: Chi-Square Statistics and P-Values Across Different Methods for Aesthetic Appeal

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot 34.47 ] 0.0047 | 25.87 | 0.0559 | 15.54 | 0.4855 | 13.20 | 0.1538
Few-shot 34.47 | 0.0047 35.35 | 0.0036 | 23.01 | 0.1135 | 5.80 | 0.7594
CoT 25.87 | 0.0559 | 35.35 | 0.0036 13.39 | 0.6439 | 14.86 | 0.0949
RAG PDFs | 15.54 | 0.4855 | 23.01 | 0.1135 | 13.39 | 0.6439 9.53 | 0.6570
RAG BLOGs | 13.20 | 0.1538 | 5.80 | 0.7594 | 14.86 | 0.0949 | 9.53 | 0.6570

Table 9.5: Chi-Square Statistics and P-Values Across Different Methods for Creativity

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot 29.51 | 0.0207 | 87.05 | 8.71e-12 | 6.51 | 0.9815 | 4.72 | 0.5804
Few-shot 29.51 | 0.0207 35.48 | 0.0034 | 33.78 | 0.0058 | 7.28 | 0.6076
CoT 87.05 | 8.71e-12 | 35.48 | 0.0034 15.21 | 0.5095 | 6.14 | 0.7258
RAG PDFs 6.51 | 0.9815 | 33.78 | 0.0058 | 15.21 | 0.5095 11.85 | 0.2220
RAG BLOGs | 4.72 05804 | 7.28|0.6076 | 6.14]0.7258 | 11.85 | 0.2220

Table 9.6: Chi-Square Statistics and P-Values Across Different Methods for Outfit Coherence (clothes with
accessories)

9.2.2 Survey’s Results for Descriptions

| Zero-shot | Few-shot | CoT | RAG PDFs RAG BLOGs
Zero-shot 23.37]0.0054 | 31.930.0014 |  23.88 | 0.0045 27.93 | 0.0010
Few-shot 23.37 | 0.0054 15.19 | 0.2311 |  39.44 | 0.00001 21.74 | 0.0097
CoT 31.93 ] 0.0014 | 15.19 | 0.2311 22.63 | 0.0311 23.57 | 0.0233
RAG PDFs | 23.88 | 0.0045 | 39.44 | 0.00001 | 22.63 | 0.0311 52.03 | 4.47 x 10~8
RAG BLOGSs | 27.93]0.0010 | 21.74 | 0.0097 | 23.57 | 0.0233 | 52.03 | 4.47 x 10~8

Table 9.7: Chi-Square Statistics and P-Values Across Different Methods for Comprehensibility of
Description
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| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot 44.10.00019 | 50.4 | 0.00002 | 48.7 | 0.00004 | 116.3 | 10-7
Few-shot 44.1 | 0.00019 36.8 [0.0023 | 34.1]0.0053 | 26.80.0433
CoT 50.4 | 0.00002 | 36.8 | 0.0023 29.5 [ 0.0208 | 44.4 | 0.00017
RAG PDFs | 48.7 | 0.00004 | 34.1]0.0053 | 29.5|0.0208 55.5 | 1076
RAG BLOGs | 116.3 | 10-17 | 26.80.0433 | 44.4 | 0.00017 | 55.5 | 10=6

Table 9.8: Chi-Square Statistics and P-Values Across Different Methods for Coherence of Description

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot 26.70 | 0.0085 | 24.48 | 0.0795 | 46.50 | 0.0001 | 38.30 | 0.0014
Few-shot 26.70 | 0.0085 15.51 | 0.2148 | 35.42 [ 0.0004 | 34.37 | 0.0006
CoT 24.48 [ 0.0795 | 15.51 | 0.2148 30.43 [ 0.0159 | 34.83 | 0.0042
RAG PDFs | 46.50 | 0.0001 | 35.42 | 0.0004 | 30.43 | 0.0159 41.71 | 0.0004
RAG BLOGs | 38.30 | 0.0014 | 34.37 | 0.0006 | 34.83 | 0.0042 | 41.71 | 0.0004

Table 9.9: Chi-Square Statistics and P-Values Across Different Methods for Outfit-Occasion Alignment

‘ Zero-shot ‘ Few-shot ‘ CoT ‘ RAG PDFs ‘ RAG BLOGs
Zero-shot 27 10.0078 42.9 1 0.00002 | 41.4 | 0.00049 57.4 | 1078
Few-shot 271 0.0078 28.1 | 0.0009 45.8 11076 9.6 | 0.384
CoT 43| 0.00002 | 28.1 | 0.00093 31.2 1 0.0018 36.5 | 0.00003
RAG PDFs 41.4 | 0.00049 45.8 | 1076 31.2 ] 0.0018 25.7 1 0.012
RAG BLOGs 57.4 | 1078 9.6 | 0.384 36.5 | 0.00003 25.7] 0.012

Table 9.10: Chi-Square Statistics and P-Values Across Different Methods for Outfit-Wearer’s Type

Alignment
‘ Zero-shot ‘ Few-shot ‘ CoT ‘ RAG PDFs ‘ RAG BLOGs
Zero-shot - 59.17 | 3.19 x 1078 | 12.52 | 0.186 | 26.35 | 0.010 17.46 | 0.133
Few-shot 59.17 | 3.19 x 1078 - 14.53 1 0.268 | 23.83 | 0.093 26.15 | 0.052
CoT 12.52 | 0.186 14.53 | 0.268 - 13.14 | 0.359 20.57 | 0.057
RAG PDFs 26.35 | 0.010 23.83 | 0.093 13.14 | 0.359 - 36.44 | 0.003
RAG BLOGs 17.46 | 0.133 26.15 | 0.052 20.57 ] 0.057 | 36.44 | 0.003 -

Table 9.11: Chi-Square Statistics and P-Values Across Different Methods for Outfit-Style Alignment

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot ; 20.5 | 0.0586 | 21.3 ] 0.0461 | 38.3 1074 57.6 | 1076
Few-shot 20.5 | 0.0586 _ 6.1]10.726 | 19.2]0.0233 | 37.5|10~*
CoT 21.310.0461 | 6.1]0.726 - 14.5 [ 0.106 | 24.9 | 0.0156
RAG PDFs 38.3 10~ | 19.20.0233 | 14.5 | 0.106 - 26.5 | 0.0091
RAG BLOGs | 57.6 1076 | 37.5[10~* | 24.9]0.0156 | 26.5 | 0.0091 ]

Table 9.12: Chi-Square Statistics and P-Values Across Different Methods for Color-Occasion Alignment
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9.2. Chi-Square Statistics and P-Values Across Different Methods

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot - 26.6 | 1074 27.7107° 30.8 | 1074 34.51 ] 107
Few-shot 26.6 | 10~ - 19.4 [ 0.0035 | 29.9 | 0.0029 | 31.87 | 0.0002
CoT 27.7 11075 | 19.4 | 0.0035 - 14.9 [ 0.0606 | 45.6 | 10~8
RAG PDFs | 30.79 | 10~% | 29.86 | 0.0029 | 14.93 | 0.0606 - 18.93 | 0.0903
RAG BLOGs | 345|106 | 31.9]0.0002 | 45.6]10=8 | 18.9]0.0903 -

Table 9.13: Chi-Square Statistics and P-Values Across Different Methods for Color-Wearer’s Type

Alignment
\ Zero-shot \ Few-shot \ CoT \ RAG PDFs \ RAG BLOGs
Zero-shot - 36.6 | 1075 | 25.7|0.0023 | 26.4|0.0018 | 32.70.0011
Few-shot 36.6 | 106 - 24.410.0004 | 20.8]0.002 | 15.5|0.0501
CoT 25.710.0023 | 24.4 | 0.0004 - 21.90.0094 | 16.8]0.156
RAG PDFs | 26.4]0.0018 | 20.8 | 0.0020 | 21.9 | 0.0094 - 40.3 | 1075
RAG BLOGs | 32.7]0.0011 | 15.5]0.0501 | 16.8]0.156 | 40.3 | 10~° -

Table 9.14: Chi-Square Statistics and P-Values Across Different Methods for Color-Style Alignment

| Zero-shot | Few-shot | CoT | RAG PDFs | RAG BLOGs
Zero-shot - 34.52 | 0.0006 | 12.47 | 0.1882 | 26.72 | 0.0085 | 16.20 | 0.1824
Few-shot 34.52 | 0.0006 - 23.92 | 0.0208 | 20.02 | 0.2193 | 22.75 | 0.1205
CoT 12.47 | 0.1882 | 23.92 | 0.0208 - 16.60 | 0.1654 | 12.16 | 0.4330
RAG PDFs | 26.72 | 0.0085 | 20.02 | 0.2193 | 16.60 | 0.1654 - 38.76 | 0.0012
RAG BLOGSs | 16.20 | 0.1824 | 22.75 | 0.1205 | 12.16 | 0.4330 | 38.76 | 0.0012 -

Table 9.15: Chi-Square Statistics and P-Values Across Different Methods for Texture-Occasion Alignment

‘ Zero-shot ‘ Few-shot ‘ CoT ‘ RAG PDFs ‘ RAG BLOGs
Zero-shot - 26.2 |9 x107* | 27.2 1 0.0006 | 31.8 | 1074 38.8 | 107¢
Few-shot 26.2 |9 x 10~* - 36.8 | 0.002 32.7 | 0.008 95.32 | 10713
CoT 27216 x 10~* 36.8 | 0.002 - 25.9 | 0.0548 45.1] 1074
RAG PDFs 31.8 | 10~* 32.7 1 0.008 25.9 | 0.0548 - 41.6 | 0.0004
RAG BLOGs 38.8 | 1076 95.3 | 10713 45.1]107* 41.6 | 0.004 -

Table 9.16: Chi-Square Statistics and P-Values Across Different Methods for Texture-Wearer’s Type

Alignment
\ Zero-shot \ Few-shot \ CoT \ RAG PDFs \ RAG BLOGs
Zero-shot - 23.87 1 0.0212 | 7.58 | 0.577 | 28.92]0.0040 | 26.23 | 0.0100
Few-shot 23.87 | 0.0212 - 20.26 | 0.0624 | 27.96 | 0.0319 | 29.09 | 0.0233
CoT 7.58 | 0.577 | 20.26 | 0.0624 - 36.43 | 10~ 36.80 | 10—*
RAG PDFs | 28.92|0.0040 | 27.96 | 0.0319 | 36.43 | 104 - 57.02 |10~6
RAG BLOGs | 26.23 | 0.0100 | 29.09 | 0.0233 | 36.80 | 10~% | 57.02 | 10-¢ -

Table 9.17: Chi-Square Statistics and P-Values Across Different Methods for Texture-Style Alignment
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