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[TepiAnym

H ovvelopopd tov peydrov yhwootkav poviédwv (LLMs) og dheg Tic pacelg Tov kbkAov (NG
aVATTLENC AOYIGHIKOD €XEL ATOKTNOEL WOAITEPT) SVVALLKT LE TNV El0y®mYT oyvpdv LLMs ta
tehevtaia ypovia. [1épa amd ™ onpovpyio kodduco, a&ilel va diepguvndet edv 1 xprion
tov LLMs ot tpdipa 6Tadio g avantuéng Aoyiokon, OTmg 6T KOTAVOTOT OTALTHGEMY KOl TV
OPYLTEKTOVIKT, UTOPEL VO EMITAYVVEL TNV AVATTVLEN KOl VoL BEATIOGEL TNV TOWOTNTA TV CLGTNUATOV
AOY1oU1KOD. ZTO TAMIGI0 ALTO, 1) GUVIPOUT TNG TEXVNTNG VONLOGVUVIG GTNV ALPYLTEKTOVIKY
AOYIoUIKOD B0 UTOPOVGE VO TUPAYEL TTEPLYPAPGEG VYNAOD EMTESOL N AKOLLO, KOl AETTOUEPELS
OPYLTEKTOVIKES TEPLYPOAPES, OTMG dtaypaupata kKAdcewv 1 daypdppata otoryeiov UML, amd
KEWLEVIKES QAT OELS.

H napovca epyacio diepevvd Tig SUVATOTNTES KO TOVG TEPLOPIGHOVE EMAEYUEVOV EUTOPIKADV
(commercial) kot avorytod kddka (open-source) LLMs atn dnpovpyia dwaypappdtov kKAdcewmy
OV GUUUOPPDVOVTOL LE GUYKEKPIUEVE, OPYLTEKTOVIKA TTpOTLTTA, OTT™G Ta Client-Server, Three-

Tier koauw Model-View-Controller. Méow cuotnpatikod oyedtacuov kot agloldynong 480 cevapinv,
EKTIULATOL O TPOTOG [LE TOV OO0 TAPAYOVTEG OTMOG 1] TEPLYPAPT] TV AELTOVPYIKADV KO [T
AEITOLPYIKOV OTOITNGEWDVY, T0, DAIKE Kot ot dtodkacieg RAG (Retrieval-Augmented Generation), ta
povtéla evoopdtoong (embedding models) kat ) emhoyn cvykekppévov LLMs — and pikpdtepo
HoVTéL £0G peyaldtepa, mo eEeypéva povtéda — ennpedlovy TV mToldTnTo TOV TUPUYOUEVOV
dwypoppdtev kKhacewv UML mov Teptypd@ouy TV opYLTEKTOVIKT AOYIGUIKOD Y10 10, KPNG
KMpokac epapuroyn.

H perérn pog mopovcialet emiong éva Tpocaplocpévo epyaieio yia tn dwuyeipion, v
a&10A0YNOT KOl TV OVAADCT] TOV TOPAYOUEVAOV SIOYPOUUATOV KAAGE®DY, OIEVKOADVOVTOG TNV
a&oAdyN o TO60 amd avOPOTIVOUE EUTEPOYVMIOVES OGO Kol 0O GLGTHUATO TEXVNTHG VOILOGUVNG.
To amoteAéopato 0VTNG TNG EPYACING OTOKAUADTTOVY £Va, VPV PAGHO OMOTEAEGUATOV, OO KAUAY
dounuéva draypdpparta wov evbvypaupilovol LE TIC OmTaTHOES AOYIGUIKOD Kal TG (NTOOUEVEG
OPYLTEKTOVIKES apyEC, £mg eAMmeic | AavBaouéveg e€660v¢ Tov ennpedlovtol amd Tovg
TEPLOPICUOVE TOV HOVTEAWV, TIC TPOKANGELS Tov RAG kot GAAovg Tapdyovteg mov oyetilovtotl Ue to
€YYEVEG QOGO EPUNVELDY TOV DAIKOD TOV ¥PNCIUOTOLELTAL Yo TV ekmaidevon tov LLMs.

Avti 1 épeuva amoteAel éva TpdTo P oTn diepedivion Tev duvatotiTeov tTwv LLMs yiu
ONUIOVPYIKN £pYacio 6TOV KOKAO (MG TOL AOYIOUIKOD Ko, EOIKOTEPO, GTOV OPYLTEKTOVIKO
oyedtoopd. E&etdlovpie eniong mwg ta tomikd povréha LLMs pmopodv va kabodnynbovv aote va
TAPAYOVV APYITEKTOVIKEG TOV €QaPUOLOVV TIC apyES TOV amaltovvTol and kibe mAaiclo avanTuéng,
Y®Pig va ekBETOVY TANPOPOPIEG O€ ONUOCIEG EUTOPIKEG VANPEGIES, VTOOTNPILOVTAG TNV ACPAAT KOl
OTOTEAECUOTIKY CVTOWATOTOINGT OTNV VATTLEN AOYIGHIKOD.

A&Eg1g KAEWOE - Meydha YAWOGIKA HLOVTELD, OPYITEKTOVIKN AOYIGHKOD, TEXVITI VOI|LLOGVVT,
Retrieval Augmented Generation (RAG), UML, prompt engineering, tomikd LLMs.






Abstract

The support across all phases of the software life cycle by large language models (LLMs) has
gained momentum with the introduction of powerful LLMs during the past couple of years. Apart
from code generation, it is worth exploring if using LLMs in early phases of software development,
such as requirements engineering and architecture, can accelerate development and improve the
quality of software systems. In this regard, Al-support in software architecture could generate high-
level or even detailed architectural descriptions, such as UML class or component diagrams, from
textual requirements. This thesis explores the capabilities and limitations of selected commercial and
open source LLMs in generating class diagrams that comply with specific architectural patterns,
namely Client-Server, Three-Tier, and Model-View-Controller (MVC). Through a systematic
planning and evaluation of 480 scenarios, we assess how factors such as the description of functional
and non-functional requirements, RAG (Retrieval-Augmented Generation) materials and processes,
embedding models, and the choice of specific LLMs, ranging from smaller quantized models to
larger, more advanced ones, impact the quality of LLM-generated UML class diagrams that describe
software architectures for a small application.

Our study also introduces a custom tool for managing, evaluating, and analyzing the generated
class diagrams, facilitating both human expert and Al-based assessments. The results of this work
reveal a broad range of outcomes, from well-structured diagrams aligned with software requirements
and the targeted architectural principles to incomplete or erroneous outputs influenced by model
limitations, RAG challenges and other factors relating to the inherent wide spectrum of
interpretations of the materials that have been used in the training of LLMs. This research is a first
step in the investigation of the potential of LLMs for creative work in the software life cycle, and
specifically in architectural design. We also investigate how locally-run LLMs can be guided to
produce architectures that apply the principles required by each development context, without
exposing any information to publicly available commercial services, to support secure and efficient
automation in software development.

Keywords: Large Language Models (LLMs) , software architecture, artificial intelligence,
Retrieval Augmented Generation (RAG), UML, prompt engineering, local LLMs.






Evyoapiotiec

Me v 0AOKAp®ON TNG SIMA®UATIKAC LoV EPYACING, PTAVEL GTO TEAOG TOVL EMIONG TO
evTaeTéG pov Taéidl otn XyoAn HAextpoAdymv Mrnyovikedv Koat Mnyavikdv Y TOAOYIGTAV TOL
EBvikod MetooPiov [Tolvteyveiov (EMII). Avtd dev Ba oy duvatd ywpig Tnv Tapovsio TV eiAmv
KOLL TG OIKOYEVELAG LoV, TTOV LE oTNPLENY KaO' OAN TN SIPKELN TOV TPOTTVYIUKDV [LOV GTOVOMDV.

®a NBeda va LYOPIOTHCO EIMKPIVA TOV KoBNyNnTH Lov, K. Baciin Beokovkn, ylo tnv evkaipia
va dovAéyoupe padil, Kabmg Kat yio TNV kafodnynon, Tov xpovo Kot Ty eE0PETIKT GUVEPYAGTO KATA
TN S1APKEL TNG SIMAMUOTIKNG OV EPYOCTOG.

Eipot emiong Wiaitepa evyvopmv 6tov vroynelo diddktopa k. Xpioto Xatinypiotoen yo )
ToAOTIUN PonBeta kat T cvveyn S100ec1UOTNTA TOL Vo PpickeTal dimAa oL 6g OAN 0VTH T
dwadkacio. Extipndm mpaypotikd to ypdvo Kot v vroostipién toug.

TéNog, eKppalm Tig EVYOPLOTIEG OV GE OAOVG OGOL ATOTEAEGOV LEPOG AVTOV TOV TAE15100 GTO
EBviké Metadpio [Tolvteyveio kot cuvéBaiay og avth TNV gumelpia
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1 Etcaymyn

H avémrtoén Aoyiopukov gival pio 6ovBetn Kot ToAveninedn dadikocio mov Teptioufavel
LETOTPOTN TWV OTALTNOEDY TOV YPNOTOV GE TANPWOS AEITOVPYIKE GUGTHATO HECH dAPOPOV
oTUdI®V, OTT®G 1] AVAAVGCT], 0 GYEIOOUOG, O TPOYPUUUATICUOG, Ol SOKIUEG Kot 1) cvvTripnor. 'Eva and
TOL 7O Kpioyo Prpato gival N opyLTEKTOVIKT Kl 1] OAGT GYESAGLOD OOV 0 OPIGHOC Kot 1 dOUNoN
high level cvotatikdv Kavomoteitar cuvB®G amd ™ dNpovpYia dtaypappdtov e Evoromuévng
INwooag Movtehomoinong (Unified Modeling Language - UML), kot €101K0TEPQ TOV S1aYPOUUATOV
KAGoE®V, T, 0TTOi0 1adPAROTILOVY KEVIPIKO pOAO GTOV GYESOOUO Kot TNV aviivon cuatnudtov. Ta
SlypApLLOTO KAGGE®V TAPEXOVV Hdl SOULKT] OVATOPAGTACT] EVOG GUGTNHLOTOS AOYIGUIKOD,
kaBopilovtag Tig KAAGELS, T YOUPUKTNPLOTIKA, TIG HEBOSOVE Kot TIC OYEGELG TOVS. AEITOVPYOVV MG EVa
€010 oL KaBodNyel OAOKANPN TN dadikacia avamTuéng, BondmdvTag TPOYPAUHATIOTES Kot
EVOLLPEPOLEVOVS VO KATAVONGOLV KAADTEPO TNV OPYLTEKTOVIKY KO TIG OAANAETOPACELG EVTOG TOL
GLOTHWATOG. 26TOGO, TOPA TN CNUAGIN TOVG, 1| SNUIOVPYIN SLOYPOAUUATOV KAACEMV TOPUUEVEL LId
gpyacio mov amortel TOAD ¥pdvo, lval EMPPETN G GOEAALOTO KO GLYVE VTOKEWVTAL GE AVOPDOTIVEG
TOPAVONGELS. AVTO UTOPEl VoL 001 YGEL GE AVOTOTEAEGLATIKOTNTO KOl TOAVEG avakpifeleg mov
emnpedlovv apvnTikd oAOKAN PO TOV KOKAO {oN¢ TG avdmtuéng Aoyioutkoo.

H epedvion g teyvntmg vonuooovvng (Artificial Intelligence - Al), kKo Wdiaitepa 1 avamTuén
peybdiov yaAooowkov poviéhmv (Large Language Models - LLMs) Baociopévov otn Badud padnon,
&yel avoi&el véeg SuVATOTNTEG Y10 TNV CUTOLOTOTOINGT) EPYACIOV GTNV TEYVOLOYIO AOYIGUIKOD. AVTA
ta povtéda Al, exkmaidevpéva o€ Tepdotio OVora dedopévav, Exovv emdeifel a&loonpeimteg
KOVOTNTEG OTNV KOTOVONON KOl TNV TUPAY®YN PLUGIKNG YAdooas. H mpdodog avtr| €xet Bécet Tig
BAcELS Y10 TNV EPUPUOYT TOVG GE EPYUTIEG OTMG M dNUIOVPYIX KDSIKA, 1 OVIYVEVCT] CRUAUAT®V Kol
1 OVTOUATOTTOIN O GYESLAGTIKDOV EPYACIOV, OTMC 1 SOUNGN UPYLITEKTOVIKOV Kot 1) O1Liovpyio
dwypoppdtov UML. H dvvatotta a&tomoinong g teyvntig VonuochVng yio T onpiovpyio
aKpIPOV Kol KOAL SOUNUEVOV OPYITEKTOVIKOV LESH dloypuuudTov KAGcemV ansvbeiog amd T1g
KEWLEVIKEC OTALTI|OELG AOYIOULKOD TTPOCPEPEL LI EATLOOPOPO AVCT) GE LU0l LLOKPOY POV, TPOKANGT
TOV GYE0CUOD AOYIGUIKOD.

O K0OPLO¢ 6TOYOC AVTNC TNG LEAETNG EIVOL 1] OLEPEVVNOT TN CKOTUATNTOG KOL TNG
OTOTEAECLATIKOTNTOG TNG X p1IoNs LLMs yio T dnpiovpyia opyltekTovikov Hécm Sloypappdtomv
UML, €181Kd 670 TAGIG10 GUYKEKPLUEVOV OPYITEKTOVIKGV TPOTOTMOV, OTTMG M apyrtektovikn [Teddtn-
E&vanpemtn (Client-Server) 1 tov Tpidv Emnédwv (Three-Tier). Eotidlovue otn pelé tov
TPOTOL LLE TOV OTOI0 JLOPOPETIKES TAPAUETPOL—OTMOG 1] SOUN| TOV AEITOVPYIKMV KOl 1N
AEITOVPYIKDV OTUITHGEDY, 1 EXIAOYT TOL LOVTELOL Kot 1] Epapuoyn g Mebodov Eravénpévng
Avéxtnong (Retrieval-Augmented Generation - RAG)—ennmpedlovv v motdtnta Kot TV akpifeio
TV Topayopevev daypoppdtov. Emmiéov, otoyedovpe va a&loloyncovpe TV a&lomiotio TomKov
LLMs, amd pikpotepa, amod0TIKA GE TOPOLE LOVTELD £MC UEYUADTEPO, KOL TTLO TPOTYLEVO, MO
Broopeg evalhaktikég AVoelg Evavtt dadtkTvokdv Aocewv Al 6nwg to ChatGPT kot to Gemini.
Avt 1 diepevvnon kabodnyeital amd TNV avEavOUEVN AVAYKT TV ETLYEPHOEDV Y10, TNV TPOCTAGI
evaicOntev dedouévav, 1 omoia cuyvd emiPaAilel TNV amo@vyn ¥priong dwadtktvakdv LLMs vrép
TOV TOTIKE OVOTTUYLEV®V LOVTEA®V. AELOAOYDVTOG TV OTAS00T OLTMV TOV TOTIKMOV LOVTEA®Y
OGOV aQOPE TNV TNPNOCT TNG UPYLTEKTOVIKNG, TIG OYECELG KAAGE®V, T1 GUVOYT], TN GLLEVKTIKOTNTO Kot



T1] GUVETELD L€ TIC OTTOLTIGELS AOYIGHUIKOV, EMOIOKOVUE VO TAUPEXOVLE TOADTUYLEG TANPOPOPIES YL T
YPNOUOTNTE TOVC OC AGPAAT KO ATOTEAEGUATIKA EPYAAEID AVTOUATOTOINONG GYEOLAGILOD
Aoyiou1KoD.

Mécm evoc cuvdvaopoD a&loldynong amd avlpdTvoug e101KoVG Kot aElOAOYHGEMY LE TN
ypnon Al, ovti 1 peAén emdudKel va, avadeiEel TIG SLVATOTNTEG, TOVG TEPLOPIGLLOVE KL TN
dVVaATOTNTO KAMUAKWOONG TOCO TMV TOTIKMV 0G0 Kot TV dtadiktvakdv LLMs otov Al-
vtofonbodevo oyedlocpud AOYIGUIKOD.

2115 emdpeveg evatnreg, Bo avaidoovpe tn pebodoroyia Kot Tr SapdpEMOT TV TEWPAUATOV
nag, 6o TapPoVGIACOVLLE TO TPOCUPUOGLEVO EPYUAELD TTOV avamTOEOLE Yo T dtarxeipion Kot
a&loldynon SoypappdTov KAAGE®Y, 00 TaPOVCIAGOVIE TO OTOTEAEGLOTA KOl TIG AVOADGELS LOG KOl
Oa KAeloovpe pe po cudnnon yo T LEAAOVTIKES KatevBivoelg g Epguvag otov Al-
vofonBoievo GYedOCUO APYITEKTOVIKNG AOYIGHUIKOV.

1.1 H ££€MEn Tov cuyypovov Al

H teyvnm vonuooHivy avadelkvoeTotl og KivnThipla SOVaUT oAlayng 6€ TOKiAOVG TOUEL,
TPOGPEPOVTOG TPOTOTOPLAKEG AVGELS GE GVVOETEG TPOKANGELS KOl O ULOVPYDOVTOG VEES TPOOTTIKEC,
YToV TupVa NG, 1 TELVNTN VONLOcUVN TEPIAAUBAVEL TNV OVATTLEN GLUGTNHATOV OV LPOVVTOL TV
avOpOTIVN VONUOGHVY, EKTEADVTOG EPYOGIEG OTMG AoYiKT, Labnon, Ay amoPacE®mV Kot
KatTavonon yYAwooas. Me v a&loroinon tponyuévav adyopibuwy, to Al emitpénet 6TIc Unyavég vo
enekepydlovtal peydreg mocoTnTES dedouévav, va Tpocappofovral og duvapkd teptPdilova Kot
va. BEATIOVOVTOL GUVEXDS, VTTEPPAIVOVTAC TNV TAPAdOCIOKT ETIAVCT TPOPANUATOV KOl 0VOIyOVTOG
véoug 0pilovTeG G€ OLAPOPES EMGTNUOVIKEG KO TPUKTIKEG EPAPLLOYEC.

H ovyypovn teyvn vonuootvn Paciletar og eEelMypéva VIOAOYIGTIKA LOVTEAL, OTTMG T
unyovikny pédnomn (Machine Learning) kot 1 fadid pabnon (Deep Learning). H pnyavikn pébnon
EMTPEMEL GTOL CUGTNLOTO VO EVTOTILOVY TPATLTTA KO VOL TPOYLOTOTOL0VV TPOPAEYEIC LEC® TNG
avdAivong peydawov oykav dedopévav [1], eva 1 fabid pédnon, pia vrokatnyopic Tng UNyoviKng
UaOnongc, YPMNOLOTOLEL VEVPOVIKG STKTLO Y10, VO OVTILETOTIGEL TT10 cUVOETO TPOPA LT, OTTMOG M
avayvoplon KOVoV kot 1 eneéepyacio opthag [2]. Avtég ot pébodot Exovv PEPEL ETOVAGTACT] GTOV
TPOTO TOL 01 UNYOVESG KATOVOOUV Kal enelepydaloviotl TANPOoeopieg VYNNG TOAVTAOKOTNTOG,
amotelmvtag T Paon v epapuoyéc Al, dmwg 1 eneéepyasio puokng yAwocag (NLP). To NLP
EMKEVIPMOVETAL GTI SLVOTOTNTA TOV UNYOVAV VO KOTAVOOUV, VO TAPAYOUV KOl VoL OAANAETOpOHV LE
Vv avOpdmivn YAOoow, vTootnpilovtag TeYVoA0Yieg OTMG ElKOVIKOVG BonBolg, epyaleia
LETAPPOCTC YAWGGOV KOl GUGTILLATO avAAvong cuvalsOnudtov [3].

Ot epappoyég tov Al kaAdmTovv Towkilovg topeic, petaoynpatifovrag tn Prounyavio kot tnv
kaOnuepwvn {o1. Xtnv vyglovopkn mepibaiyn, epyaieio didyvoong nov Pacifovral oto Al
Beltimvouy Ty akpifela Kol Ty ToydTNTo, EVEO GTIG LETAPOPES, TA AVTOHVOLLO oYX LaTO, AE10To10hV
O€00UEVOL OE TTPAYUATIKO XpOVO Kot TpoPAentikong adkyopifuovs. Zuyypova epyaieio Al, dnwg ta
TensorFlow, PyTorch kot povtéia g OpenAl, énwg to ChatGPT, tapéyovv 6tovg pevvnTég Kot
TOVC TPOYPUUUATICTEG TN SOLVATOTNTA VO 6YEO1ALOVY TOAVTAOKO CLGTHHOTO LE EVKOALD [4]. AvTéc o1
TATEOPLLEG S1EVKOAVVOLV T1| YPTYOPT| TPMTOTVTONOINOT], TNV KAUAK®GT] KoL TV EVOMUATWOOT) OTIG
VILAPYOVGES TEYVOLOYIES.



[Mopd t1g emTvyieg, To ovyypovo Al eyesipel nOikd (NTLOTA GYETIKE LE TNV 1OIOTIKOTNTO KOL TN
dapdvela 6T ANYn anoedce®v, LITOYPAULOVTOS TV avayKn Yo VTevBuvn avaTTLEn Kol puOUGT

[3].

1.2 Xpnon ¢ TEYVTIIS VO ROGVVIG OTNV TEYVOLOYIN AOYIOUIKOD

2TV teXvoAoYia AOYIGHIKOV, 1] TEYVNTH VONULOGUV aokel TALov kaBoploTikn emppon,
a&10moImVTAG TN dVVAUN TNG OTNV AVAALGT) OEGOUEVAOV Y1 TV EVIGYLON TNG AVATTLENG KOl TG
Beitiotomoinong Aoyiopkov [6]. Mécm ¢ aVTOUOTOTOINGONG EPYACIOV OTMC 1] CLYYPUET KOITKA, 1
avadidpBpwon (refactoring) ko 1 aviyvevon cpaipdtov (debugging), Bertidvel TV amodoTikoTNTO
TOV TPOYPUULOTIOTOV Kot O106@aAilel vynAdtepa mpdtuma Todttag. [lapdiinia, coppdiiel otnv
avafaduon g Aettovpyiog TV Opad®mV avaTTLENG, ovaAvoVTag dedoUEVA amddOoT G Kot
npoteivovtag otpatnyikés fertimong. [lap’ Oha avtd, 1 EVEOUATOON AVTOV TOV TEXVOLOYIOV
amortel TpooekTikn a&loloynon, Kodmc ol TEPIOPIGUOL TV VIaPYOVTOV Hoviédmy Al 1 Totdtnta
TV dedoUEVOV KOl 01 NOKEG EMATOCELS dLadpapatilovy Kpioo pOAO GTNV EMLTUYNLEVN EQOAPLOYN
TOVG.

H ypion peydAov YAOGGIKOV LOVTEA®Y GTN TEYVOAOYIO AOYIGHLKOD OVOOEIKVUEL VEEG
duvVaTOTNTES, OTWG 1 AVTOUOTOTOINOT) TG OPYLTEKTOVIKNG oyedioong, n TpdPfAreyn onueiov
CLLEOPNONG KAl 1] EMLTAYLVOT TOV SOKIUDV. QGTOGO, TETOEG EPAPUOYES OEV ElvaL ETOLUES TPOG
yphon ("ready out of the box")- amaitodv eEoToptkevEVO GYESIOGLO, TPOCEKTIKN TPOGAPUOYT OTIG
OVAYKEG TOL EKACTOTE £PYOL KOl cLveYN a&LOAGYNON Y10 TNV ATOPUYY] COUAUATOV 1)
npoxotaryemv. H emtuyng alomoinomn g texvne vVonUooivng 6tov KukAo (onNg ovamtuéng
Aoyopukob (Software Development Lifecycle - SDLC) npotmofétet tnv e€icoppdnnomn g
KOWVOTOUIOG LE TIG AMUTHOES OKPIfELag, KMUaK®OIUOTNTOG Kot vbuypappiong pe fepeimdelg
apyég oxediaong.

Xvvoyilovtog, 1 TEYVNTI VONUOGUVT 0EV ITOCKOTEL TPOG TO TAPHY GTNV TANPN OVTIKATACTOON
g avOpomvng e€eldikevong alAd oty evioyvon g, TPOSPEPOVTAG EPYAAEID TOV EVIGYVOVY TNV
TOPAYOYIKOTNTO, TPO®OOVV TNV KavoTouio, Kol arAomotohy TNV TOATAOKOTNTA TG GUYYPOVIG
avamTuéng Aoyiopkov. H amotedlecatiki eVeOUATOON TG, ®GTOC0, Tpoimodétel Pabid Katavonon
TOV SLVOTOTHTOV KOl TOV TEPLOPIGUAOV TNG, KAODG Kot déapevon yia vevbuvn ypnomn. To
OVAOVOUEVO OVTO TOPASELYILO OEV QLPOPE LOVO TNV VI0OETNOT TEYVOAOYIDOV ALG KoL T
pocoppoldpevn okéyn, TPomOMVTIG i Lo EELTVI, OAIGTIKN TPOCEYYIOT) GTOV GYESLAGHO, TN
cuvtipnon kai v e£EMEN TOV AoYIoUIKOV cvotnudtov [7], [8].

H ax6AovOn Biprroypapikr] avagopd cuYKEVTPOVEL TPOCEATEG LEAETES avd TTEdi0, 01 0TToieg
€€ePEVVOVV TIG EQPUPLOYEG, TO TAEOVEKTILLOTA OAAG KOl TOVG TEPLOPIGLOVS TNG GLVEICPOPAS Tov Al
oTNV TE(VOAOYiO AOYIGUIKOD.

1.2.1 Anuwovpyic Kot VTOGTHPIEN GTOV KOOIKA TPOYPUUUATIGHODV

To mapaywywd Al (generative Al), aglomowwvrtag alyopiBpovg pnyoviknig pabnong (ML) kot
Babiag pabnong (DL), dwudpapatilel kabopioTikd poAo GTOV GVTOUATIGUO O1POPOV TTLYDV TG
onovpyiog kwdika. O Tembhekar vroypappilel 6TL ALTEG 0L TEYVOLOYIES EMITPETOVY TNV
OVTOLLOTOTIOIN O] EPYUCIDOV TOV TOPASOGLOKA EKTEAOVVTIAV OO TPOYPUUUOATIOTES, EVIGXVOVTAS TNV
0od0TIKOTNTA 6TIG TPaKTIKES Tov DevOps [9]. H evoopdtwon teyvikdv eneéepyuciog QUOIKNG



YAOGGOG EYEl EMTALEOV SIEVKOADVEL TNV avanTLéN GuaTNUdT®V Al TOV KATAVOOUV KOl TapdyoLV
KOOKO, ATAOTOIMVTOG TEXVIKE KOUUATIO TG EpYOTiag.

H ovpminpoon kddwka £yl eEelyBel oe Evav Kpiolo Topéa £pEVVIG, LLE TO VEVPOVIKA
YAOGGIKA povTéLa Vo Tailovy onuovTiKd poAo 6TV aéNon TS TUPOYOYIKOTNTAG TV
npoypappatiotedv. O Gao eEetalel v eEEMEN TOV CTUTIGTIKOV YA®GOIKOV KOl VEVPOVIKOV
GLOTNUATOV CUUTATPMOTG KMOOUKA, VITOYPOUUILOVTOG TNV OTOTELEGUATIKOTNTA TOVG 0T PeATiooon
NG ATOd0TIKOTNTOG KATA TOV Ttpoypappationd [10]. Tlapdria avtd 1 culRtnon yopm amd Tig Nokég
TPOEKTATELC TNG ¥pNong Tov Al otn dnpovpyia KoK kabioTaToL EXTOAKTIKY. ZOUEOVO LE
tov Atemkeng et al. , 1 vevBuvr prion epyoreiov Tapaywyikod Al amotedel aviikeipevo
avnovyiag yio tnv emetnuovikn kowotrta [11]. H araitnon and 1o Al vo mapdyst kddika wov gival
TAVTOYPOVE AELITOVPYIKOS KOL AGPUANG AVASEIKVOEL TNV AVAYKT Yio Guveyn oLl TNoN GYETIKA LLE T
POOUION KO TNV ETOTTEID AVTOV TV TEYXVOLOYIDV.

Yvvoyilovtag 1 evoopdtoon tov Al ot mepaymyn KOOIKO GUVIGTE, [0 GNUAVTIKT TPO0SO
OGNV TEYVOAOYiQ AOYIoUIKOV, KaBodnyovpevn amd texvikés Pabidc pabnong kot enelepyociog
QuoikNG YAmooag. H cuveyldpevn épevva otov Topéa avtd cvveyilel va egpeuva TV 1Goppomio
HETAED OTOUOTOTOINGT G Kot TV NOKOV TapapuéTpov g xpnong Al, dtacearilovtag 6Tt Ta 0QEAN
QUTAOV TOV TEYVOLOYIOV a&lomotovvtat pe vrevBuvotnta.

1.2.2  Avtoporomowmpévog ‘Eleyyoc

H a&lomoinon tng teyvntic vonUooHNg GTOV GLTOUATOTOLEVO EAEYXO AOYIGUIKOD
OVAOEIKVOETOL MG P10 EPETIKA OmOTEAECUATIKY LEB0JOG Y1 TN Peltion TG TOLOTNTAG TOV
AOYIGUIKOD KO TN LEIOT) TOL XpOVOL TOL oTatteital yio T dtodikacio Tov dokiudv. H Mulla
tovilel 6T1 o1 TEYVIKEG avTopaTomoinong we tn xpnon Al emrpémovv v dueon exktéleon
EKTETAUEVAOV GELPDV EAEYYOL LETA and kaOe addayn 610 AoYioHIKO, vTosTnpilovtag £T61 TNV
TPOKTIKY] TNG GLVEXOVG EVemUAtong [12]. Avtd eivar diaitepa onpavtikd og chyypova
TePPAAAOVTO AVATTUENC AOYIGLLKOD, OTTOV Ol YPTYOPES OVOOEMPNGELS OTOTEAODV OVATOCTAGTO
uépog tng dwdkaciog. [TapdAinia, o Job onueidvel 6Tt 1 LEAVOULEVT] TOAVTAOKOTNTO TOV
GLOTNUATOV AOYIGUIKOD KOOIGTE TV QVTOUATOTOINGN GTOV EAEYYO avayKaia Yio. T1 1acPAAoT TV
TOLOTIK®OV TPOTOTMOV PECA G OTEVE YPOVIKE TAica [13]

H evooudtmon g pnyavikng pabnong oTig auToUATOTONUEVES SOKIUES Exel pedetnOel
extevadg. Ot Gautam et al. wapéyovv pio OLOKANpOUEVT EMGKOTNGN TOV TPOTOL LLE TOV OTTOT0 OL
alyoppol ML pumopodv vo auTopATOTOmGoVY T S1dtKacio aviyveuong GOaALIT®VY, avsivovtag
TNV 0E0TTIoTIO TOV GLGTNHATOV Aoyiopkov [14].

[Mopd ta 00éAN, N epappoyn Tov Al 6Ti¢ avtopaToTOMUEVES SOKIUEG AVTILETOTILEL
onpavtikés tpokAnoels. H Marijan emonpaivel tnv avaykn yio e€edkevpéveg pebodoroyieg
SOKIUDV TOV AAUPAVOLY DTTOWYT T LOVASTKA XOPaKTNPLoTIKG TV cuctnudtov Al [15]. H epyacia
™G TpoTEivel £va epeLYNTIKG TANIGLO Y10l TV OVATTLEN OMOTEAECUOTIKMY TEYVIKMOV SOKLUMV Y10l
EQAPUOYEG unyavikng pabnone. apopoimg, n pelétn g Latika Kharb e&gtdaler n onpacio g
EUMOTOCVVNG Kol TNG dlopaveLng oto cuothpata Al, vroypappilovrag v aviykn yio To dtoupaveic
O1001KAGIES OVTOUATOTONUEVOY SOKIUDV [16].

H Biproypagia Aowmwdv pog deiyver 61t to Al €yet T duvatdTTO VL ETAVATPOCIIOPIGEL TOV
OUTOLOTOTOUNIEVO EAEYYO AOYIGULKOV, BEATIOVOVTAG TNV OTOS0TIKOTNTA, TNV aKpifelo Kot TV
a&tomotia. Qo1dG0, 01 TPOKANGELS TOV oyeTilovTal e TN doKun cvotnudtwv Al arattodv



TEPOITEP® EPELVA KOL AVATTVED Y10 TN dNUIOVPYIR IoYLP®V HEBOSOAOYIDY TOV VO AVTATOKPIVOVTOL
oTIG WiTEPES AMAITGELS TOV TEDIOL.

1.2.3 Eneepyoocio Pvowkig M'Ld660C Y10 ATOLTIOELS KO XYE0100 1O

H Enetepyoaoia Dvokng MAmdocag amotelel facikn Texvor0Yio GTOV TOREN TNG TEYVOLOYING
AOYIGHLKOD, 101m¢ OGOV aPopd TNV AVAALGN KoL TOV OYEJ0GLE TOV ATOITNCEDV. ZVUPAAAEL
ONUOVTIKA 0T SILUOPP®CT], TNV OTOTOHTMOOT) KOL TNV AVAALGT] T®V OTOITHCEMV, KANoTOVTOS 0VTEG
T1¢ dradkaoieg o akplPelg Kot amodoTIKES.

Mo cvotnpotikn Pipioypaeikn avackonnon and tovg Calle kot Zapata gicdyst to QUARE
(Question Answering for Requirements Elicitation), évo LOVTEAO EpMTNCEMV-ATAVINGEWDV Y10 TN
Bedtioon g dwdikaciog e&aywyng Tov anartnoemy exekteivovtag v 1Wéa tov NLP4RE (Natural
Language Processing for Requirements Engineering) [17]. Avtd to poviédo €yl otdyo Vv
SLEVKOAVVOT] TOV AVOALTAOV Aoyicpikov oty e&aywyn anaitioenv (Requirements Elication - RE)
anavtovtog oe RE-related epwthosig ypnopomoldvag ta yypaga anoaitnocmy. Emmiéoyv, 1
EVOOUATMOON TEYVIKOV UNYAVIKNG LABNONG 61N S0UOpPOOT) amattnoemVy Eyel amoderyel
OTOTEAECUOATIKT] GTIV OVTOWOTOTOINGN KOl TNV ATAOTOIN G TOV TOpadostoKd ¥povofopmv
ddkacumy, avEdvovtag Ty arodotikotnta [18], [19] .

"Evag dArog kpioyog porog tov NLP givor ) petatpon TV OmoiTGE®V TOV TEPLYPAPOVIOL GE
(QUCIKN YADGGO G TUTTIKES OVOTOPACTACELG. TeYVIKEG ONUOGIOAOYIKN G avdAvong (semantic parsing)
&youv ypnoomomOel yio va IposddGOVV GNLLAGIOAOYIKT SO OTIG OMOLTHOELS, EMTPETOVTAG TV
KOADTEPT] KATAVONGT TV TPOdAypapadV Asttovpyikotntag [20]. Avti 1 puetatponn eivon
OTOPOLTITN Y10 VO SLOCQOAGTEL OTL Ol OTOLTAOELG EIVOL KATOVONTES Kol Lmopohv va, aglomoinbodv
AUECH 6T EMOUEVA GTALN TOL KUKAOV (®NG TOL AOYICUIKOV.

[Hapd 115 TPOdAIOLE, VTLAPYOVLY BKOUA CNUOVTIKEG TPOKANGELG 6T Y p1ion Tov NLP o610
oyed10o 1o anoartnoewy. To yeyovdg 6tL  TAelovotnTa ,mePinov 95%, TV AmoITeEDV AOYIGUIKOD
eEakoAovBel va TepLypdeTal 6€ PLGIKN YAOOGO UTOPEL va 0dNYNoEL 6€ TaPEENYNOELS Ko
opdipota [21] . o o Ad0Yo avtd, givar avaykaio n mepattépm Peltioon tov teyvikov NLP, oote
va ovénbei n modtnTa kot N a&lomeTio TG TEKUNPIMOTC TOV ATUITGEDV.

H evoopdtoon teyvikddv NLP kot ML otn unyavikn anoitnoemy LTopoOLE LE doPIAELN
AOITOV VO IGYVPLOTOVLE OTL TPOCPEPEL CTUAVTIKEG SLVATOTNTES Yl TN PEATIOON TNG GOPIVELNG, TNG
axpifelag Kot g amodoTIKOTNTOG OTIC SLOdIKAGIEG AVAAVONG KOl 6YEO10GILOD. QQ6TOGO TaPOTL EYEL
onpemdel oNUAVTIKNA TPOOSOG, 01 VPIGTALEVES TPOKANGELS KaoTOOV amapaitntn Tn cvveyn épguva
KoL ovATTLUEN Yo TV TANPT 0EL0ToINGeT CVTAV TOV TEXVOAOYIDYV GTOV TOUEA.

Xoumepacpotikd, n PrpAoypagio avadeikvietl 6TL 1) TEXVNTH VONLOGUVI KOL 1] LXOVIKY|
péonon €xovv T SLVAULKY VO LETACYNUOTIGOVV PLEIKA TV TEYVOAOYIR AOYIGHIKOV, TPOCPEPOVTOS
avENUEVN ATOdOTIKOTNTA, PEATIOUEV TOLOTNTO KO EKTETOUEVT] AVTOUOTOTOINGCT) S1AOTIKOCIDVY.
Q010600, N EMLTLYIC AVTAG TNG EVEOUATOONG EEAPTATOL OO TV TPOCEKTIKY| 1GOPPOTIO, LETOED TNG
avOpOTIVNG TEYVOYVOGING KOl TV dUVOTOTHTOV TOV aAyopifuoy, kabmg Kot amd TNV Tpocuproyn
TOV VOIGTAUEVOV TPAKTIKOV, BGTE Vo, a&lomom el TAP®G TO SVVAUIKO OVTOV TV TEXVOAOYIDV.



1.3 IIpoxifoeig TG TEYVNTNS VONLOGUVI|G GT1| TEY(VOAOYIO AOYIGUIKOD

H evoopdtmon g texyntig vonuoohvng 6ty TeXvoroyio AOYIGHKOD GUVOSEVETAL OO Lol
GEPE TEYVIKDOV TPOKATGEDV TOV TPEMEL VO OVTILETOTLIGTOVV Y10 TNV TANPN 05107T0inon Tov
dvvatottev . 'Eva Baciké (imnua sivotl 11 ToATA0KOTNTO TG EMOANOEVONG KOl ETKVPMOTC
ocvotnudtev mov PBacifoviat oto Al. Ot mapadooctakég texvikég enainfevong Aoyioptkol cuyvd
OTOOEIKVVOVTOL AVETOPKEIC 6TO TAaiolo Tov Al Adym Tng TepimAokng pvoNg TV aAyopibumy Tov
Kol NG €£APTNONC TOVE Omd HEYAAN GOVOAN SEOOUEVMY, TO OO0 UTOPEL VO ELGAYAYOLV
TpoKoTaAyelS kot apeforotnteg [22].

‘Eva. dAro kpicipo (tnua agopd tn dtacepdiion todtnrog (Quality Assurance) 6To AOYIGUIKO
nov Baciletar 6to Al. H evoopdtmon tegvoroyidv Al dnuovpyet avnovyieg oxetikd pe tnv
TOLOTNTA TOV 0EOOUEVAV, TN SLAQAVELL TV alyopiOumy kot Tic N0kég emmtdoelc. Ot vrevhuvol
EMOYYEMLOTIEG VIO TN SLUGPAALGT] TOLOTNTOG AVTILETORTILOVY TPOKANGEIC GTOV EAEYYO GLGTNUATOV
Al x08dg o1 Tapadociakég pebodoroyieg dev emapkoHV Yo VO OVIILETOTIGOVV TA LOVASTKA
YOPOKTNPIOTIKA TOV, OT®G 1| pabnon anod dedopéva kat 1 dropkng eEEMEN tov [23]. EmmAéov, 1
TOOVOTNTO TPOKATENUUEVOV OTOTEAEGULATOV AOY® LEPOINTTIKMY OESOUEVAOV EKTTOIOEVONG oLt
avoTnpo EAeyyo TV dedopévav Tov ypnoiponotovvial otic epappoyég Al [23]. H avaykn yuo
eneEnynowotnta givan emiong KopuPikn, kabaog ol evolapepopevor (stakeholders) amaitodv dwapdaveia
oTIG amoPacelg Tov Aappdvovtot amd tovg arydpBpovg Al yia ) dtac@dAion TG Aoyodoasiag Kot
g eUmoTocvvIG [24].

H apyrtektoviki] Aoyiopikov amoterel avoueifoia évo Oepelldon cueTATIKO TOL KOKAOV
Lomg avamtuéng Aoyiopkod. Qo6to6c60, To {TNU TG SUVATOTNTAG CVTOUATOTOINGNS SLUPOPWV
TTVYOV TNG LEC® TEYVNTNG VONUOCHVIG TOPAUEVEL OKOLLO OVTIKEILEVO EVOEAEXOVG dlepeHivonc. AT
TN SMovpyia apYLTEKTOVIKAOV LOVTEA®V £0C TOV £YKOIPO EVTOTIGUO GYESOCTIKAOV GOOAUATOV, TO
Al 6o popovace va dtadpapoticel kKaBoploTikd poro.

Qo1660, AVTN 1 S10d1KACTH GUVOSEVETAL OO CTUAVTIKEG TPOKANGELG:

1. Acdoswo kou IHoAvmhokotTnTa 611 Puoiki] oo
Ot amoutNo el GVVNOMC TEPLYPAPOVTAL GE PLGLKT YADGGA, 1) OTO10 GLYVA YOPAKTNPILETOL 0O
acdeelo Kot EAAeNyN axpifelog, Tov ivol KPIGIULES Yio OTOQACELS APYLITEKTOVIKNG ONMG O
oyed10o1o¢ KAdoemv. Ta mepiocdtepa epyareio amartovy cuveyn mapéuPfocn Kot
oAANAeTidOpacT ToL ¥pNoTN Yoo TNV e€ayyn dypappdtev UML, v ot velotdpeveg Aoelg
dgv umopohv va Topayovy CLTOLOTO OAC TO OTOXEIN KOt TIG OTLOGIOAOYIKEG AETTOUEPELES TV
SLYPOUUATOV, OTIMG TO, OVOLATO, TMV KAAGEWDY, TIG AELTOVPYIEC KAl TIG OYEGELS, T.Y., YEVIKEVO,
ocvoyétion Ko e&dptnon [25].

2. Avoxkorio otnv ECayoyn Lyéocwv ko Iepapytkav Aopdv
"Eva and ta Bacucd ntipata otn dnpiovpyio dtaypoppdtov kKAdcenv etvat ) akpiPig
OVOTOPAGTACT OYECEMV OTMC 1) KANPOVOUIKOTNTA, T GUGYETION, 1] oOVOEST Kot 1] GLYKEVTP®ON.
To £yypo@a amoitoemy oTdvia TopEYOVV GAPEIC AETTOUEPELEG Y10 AVTEC TIG GYECELG,
OTOITOVTOG OLPALPETIKT] OKEYT KAl 1EPAPYIKT AOYIKT, XOPOUKTNPIoTIKA To, omoia Ta LLMs dev
glval eyyevdg oy edlocUEVa Vo EKTEAODV [26].

3. "Erhewyn Eaidikevpévng Exnaidocvong oe Tomka Movtéria Aoyiopikod
To teprocotepa LLMs ekmadevovtar € peydho cbvola yevikov keévov (m.y., Wikipedia,
omofeTplo KOOIKA), TO OTOi0 TEPIAAUPAVOVY TEPLOPIGHEVE dEGOUEVO, CYETIKA LLE GYESOGTIKE
TPOTLTOL AOYIGUIKOD OTwG M YA®oca UML. Avtd odnyel og Teplopiopong 6Tav TPOKELTHL Yo TV



TOPOYOYN SOLYPAUUATOV TOV TPETEL VO GUUUOPPDVOVTUL LE TIG CLUPAGELS TOV TUTKGV
LOVTEL®Y AOYIOUIKOV.

4. Avaykn ywo Zopepaiopevn I'voon ko yeowootika [potvra
H petdopaon meptypapdv and uoikn YAOCoo 6€ d10yPALLIATO KAAGEDV OTALTEL YVMOGT| TOL
OVTIKEYEVOD KOl TOV oYeIOOTIKGOV TpoTut®mv. Ta LLMs cuviBwmg dev glval eyyevdg
eCOMMOLEVA Y10 VO EQAPUOGOVY TETOLN GUUPPALOUEVT] YVOOT|, G EEEIOIKEVUEVA GEVAPLOL TTOV
amontohv caedg dounpéva tpotura 6nwc MVC 7 Singleton, Ta onoia propel va eival kKpioyo
YLl TNV OPYLTEKTOVIKT GYEdiaoT. Xwpig auTh TNV IKAvOTNTO TO LOVIEAN GUYVA TEivoLV va
dNUIOVPYOHV OTAOVGTELUEVE SLOYPAUUOTO YOPIG ELPACT] TN AETTOUEPELN KOt e AOVOUGUEVES
oyéoelg Letasd Tov KAdoemv. EmmAéov 10 vlotapevo vAIKO cuyvé meptéyel TAOVPAACUO Kot
GLYKPOVGELG GYETIKA LLE TNV EQAPHLOYT TOV EKAGTOTE OPYLITEKTOVIKOD TPOTVTOV, YEYOVOS TOV
npochitel emmAéov duokoAieg ato cuykekpiuévo topéa. Ot Vaidhyanathan et al. diepguvodv av
Ta peydia yAwootkd povtéro (LLMs) pumopodv va dNULovpyncouV OmoTEAECUATIKE AmoPAcelg
OPYLTEKTOVIKOD GYEOOCUOV G pia zero-shot Tpocéyyion. Ta evprpatd Tovg LTOSEKVHOLV OTL,
evod 10, LLMs umopovv va cupaiilovy otn onpiovpyio anopioeny oxedlacpon, ogv eival tkavd
va 10 Kavouv autd avtdvopa. Avtifeta, ovtd To povTéda glval mo KOTAAANAL Yo vaL
VTOGTNPILOVY TOVG APYITEKTOVEG AOYIGHIKOD GTNV TEKUNPIGT Kot T1 PEATIOON T®V 0ToQacEmV
oYedOGHOV[27] .

Me apoppn TiG TOPATAVE® TPOKANGELS, ATOPAGIGAUE V. EEETACOVLE GE PeYaAnTEPO Pdbog TV
oY£0M TEYVNTNG VOTLOGVVNG KOl OLPYITEKTOVIKNG AOYICUIKOV. XT1G EMOUEVEG evOTNTESG O avolboovpE
T nebodoroyia pog, o TaPOVGLAGOLVLLE TA ATOTEAEGLATO TNG AEI0AOYNGNG LG Yo TNV OTOO00T
tov LLMS 611V 00TOLOTOTOINGT TNG OPYLITEKTOVIKNG AoYIoUIKoD Kot Ba culntioovpe Tig
UEAAOVTIKEG TPOKANGELG TTOL TPOKVITOVV OUTd T ELPTIUATA UAG.



2 Apy1tekTOVIKT) AOYIGUIKOV UE yprion Al

Av10 10 KEPAAaio e€etdlel T cuvaen PipAoypagia otov Tayéwg egMooduevo topéa g Al-
vrofonBodevng apyIteEKTOVIKNG AOYICUIKOV, TOpovGtdlel TEKUNpimon Yo factkd apyItekToviKd
TPOTLTO. KO TEPLYPAPEL TN SIAKPIOT) KOl TO KIVITPO TNG TPOGEYYIONG UG OE GYECT LE TNV
vIapyovco Piiloypapia.

2.1 Xyetikég peréteg Yo ypnon tov Al oty apyLTEKTOVIKY] AOYIGUIKOD

H avtopotn dnuovpyia dtaypappdtov kAdoeov UML (Unified Modeling Language) omd
KEYLEVIKEG OOLTIOELG EYEL AMOKTIGEL GNULAVTIKT SVVAIKN Ta TEAELTAIN YPOVIQ, XAPT OTNV
avanTLén peydAmv YAOOOIK®V HovTEA®mV. To avadvopevo avtd 0épa eotialel 6TIg SuVATOTNTEG
TPONYUEVOV GUGTNUAT®V TEXVNTAG VONLOGVUVIG VO OVTLLETOTIGOVV 10X POVIKES TPOKANGELS GTNV
OPYLTEKTOVIKN AOYIOUIKOD, OIS TO VO YEPUPOGOVV TO XAGHO LETAED PUOIKNG YAMGGOG KOl dOUKMV
OTO(EI®V GYESUOUOD CUGTIUATOV.

ITopadoociakég Tpooeyyioelg yio T dnovpyia daypoppdtov khdceov UML Baciloviot
oLYVA O€ TEYVIKEG EMEEEPYAGIOG PLGIKNG YADGGUG GUVOIVAGUEVEG LLE EVPETIKOVG KOVOVEG M
ovtoAoyiec. [Tapott avtég ot puébodot €de1&ov v KatevBovon yio T dSVVATOTITO AVTOUATOTOINOTG,
nepropilovror amd v e£APTNON TOVE G€ SOUNUEVEG LOPPEG E1GOO0V KoL TV aVEAYKN Y10l (EPOKIVITN
napépPoon. ['a mtapdderypa, Tponyodueva epyareio SUGKOAEHOVTOV VAL HL0YEIPLOTOVV TIG ACAPEIEG
NG QPUGIKNG YADGGOG KOL GLYVA TOPYoyoV EAATY StoypapLpLota.

Ot Eisenreich, Speth, ko1 Wagner npoteivouv puia dounuévn dadikaciao L otadimv yia
YEQUPOON TOV KEWWEVIKOV OTAITCEDV UE TN OMovpyio apylteKToviKng Aoytopukov [28]. H
dwadkacio Eexva pe v avtopatn dnuovpyic domain model kot cevapiov ypnong Pacel tov
KEWLEVIKDV ATOLTCEDY, aKkoAovBovevn amd yeipokivntn Bedtioon yio tnv avénon g akpipfetog
KOLL TNG GCLVAQELNG. LT GUVEYEL, ¥ pNoLoToldvTag To domain model, Ta cevapila Kot TG Un
AELTOVPYIKEG ATALTIOELS, TOPAYOVTOL CVTOUATO TTOAAATAEG VITOYNPLEG OLPYLTEKTOVIKES Lall LE TIg
OVTIGTOLYES APYITEKTOVIKES OMOPAGELS. Ol APYITEKTOVIKES OVTEG LTOPAAAOVTAL GE ALTOLOTN
a&loldynon kat ovykpion. ‘Enerta, Tpayuatorolovvial ¥ ipokivnteg PEATIOCELG OTIG EMAEYUEVES
VIOYNPLEG APYLITEKTOVIKEG, KOTAANYOVTOG OTNV TEAKY| EXIAOYT TNG KOTAAANAOTEPNG APYLTEKTOVIKNG
Yo vAoToino. Xtnv e&gpevvnTikn ToVg AvAALGT), Ol GLYYPAPELS Ypnolpomoinsay Tponyuéva LLMs
omwg to LLaMA2 70-B kot to GPT-3.5 yio t dnuovpyia domain models and keipuevikég
anoutnoelc. [apéyovtag ota Loviéda To GUVOAN ATOUTHCEWV Kol (NTOVTOG TOVG VO TAPAYOLV
domain model ce PlantUML, mapatipnoav oti, eved kat ta 600 LLMs avayvapicav Bacikés Evvoieg,
SVGKOAEDTNKAV VO EVOVYPOUUIGTOVVY LE TIG CUYKEKPULEVEG ATUITIOELS TOV EPYACLOV, GUYVE
TAPEPUNVEVOVTAS T TPOTPOTEG (prompts). Avti va povtedonolovv o domain, dnwg avapevotay, to
LLMs emikevipdvoviav 611 LovTELOToinomn Tov 16100 TOL GLGTHILOTOS, AVOOELKVOOVTAG TNV
avavTIoTOlYio LETAED TOV TPOTPOTAV KOl TOV TOPAYOUEVAOV ATOTEAECUATOV.

Mo GAAN TPOSTAOELD VIO TV AVIILETDOTIOT TOV TPOKANGEDV OCAPELNG OTN PLGIKT YAOCCO
TOPOVCIACTNKE 0o Tovg Yang kKou Sahraoui, pe po tpocéyyion Paciopévn oto Al yia
dnuovpyia dStaypappdtov khacewv UML [29]. H uébodog toug xpnoipomnolel évav duadikod



ta&wvounty (classifier), o omoiog péow pnyavikng pabnong yapaktnpilel Tpotacels gite g
ePLypaéc kKhAoemv gite wg meptypapés oyéocwv. H dtadikacio meptiapfdavet tn otdonaom
AYYAIK®V KEWWEVOV GE LEPOVOUEVES TPOTACELS, TN dNovPYic SOUIKOV oTolyeimVv dlaypappdtov
UML amd avtég kat, T€A0g, T 60VOEST) TV GTOLEIOV ALTOV o€ £va GUVOALKO Oidypappa. ['o tnv
VIOoTNPIEN AVTNG TNG LeBOSOV, 01 EpeLVNTEG dNUIOVPYNGOV v GUVOAO SESOUEVOV OOy POLUAT®V
UML cvuvdedepévmv e avTioTotryeg ayyAIKES TPOSIOYPOPES, OOV 01 TEPLY PUPES KELLEVOL
avtietoryovvtay og dopkd ototyeiov UML. [Tapdti to 6Ovoro dedopévmv dnuovpyndnke pécm
crowdsourcing Kol Tav oYETIKA LIKPO, NTOV EXAPKES Y10, TNV EKTOIOEVOT TOL TAEIVOUNTH KoL TV
a&lohdynon g pebodoroyiag Tovg. [lapd Tov KavoTopo YOpUKTNPO TG TPOGEYYIoNS, 1| 0pBOTNTO
TOV TOPAYOUEVAOV SLOYPUUUATOV NTAV TEPLOPIGUEVT], YEYOVOG TTOL 01 GLYYPOPEIS anédoay TNV
avakpifela tov epyoreiov NLP mov ypnoworodnkav. Ymoypdupicav 6t n aglonoinon o
nponyuévav epyoreiov NLP Bo propodoe va Bertidoel onpovtucd tnv akpifeia kot tnv
avOeKTIKOTNTO TV OoTEAEGUATOV, ToVilovTag TN duvaToTNTO TEPAULTEP® PErTimong.

Mo axdpa Tpocéyyion mov atlonotel Tig duvatdtnreg eneepyaciog PLGIKNG YADGGAG
tov GPT-3.5 yo v avtopatonoinon g eEaymyng otoryeiov dtaypappdtov khdocewv UML
napovcidotnke amd Toug Iyad kot Areen péow tov gpyaieiov ClassDiagGen [30]. To
ClassDiagGen avtimpocomevel po oMUavtikny tpoodo, fertidvovtag tig duvatdtnteg tov GPT-3.5
UEC® TG TEXVIKNG TNG ekmaidevong pe mapadeiyparta (few-shot learning) yio v avtopatomoinon
™g onpovpyiog daypappdtov UML. Me tny eknaidevor tov GPT-3.5 o¢ éva ochivoro dedopévmv
50 d10popeTIKMV TEPITTOGEDV (LE0YN TPOTPOTOV KAl IOOVIKDV TOPAYOUEVOV KELLEVMOV), TO
ClassDiagGen mopovciace e&opetiky axpifeia (98,6%) kot avaxinon (93,3%), vrepéyovtag
ONUOVTIKA o€ GYéon e Tponyovuevec nebddovg. H pony epyaciag tov cuvdvdletl avaivon Keylévoo,
dnuovpyia k®dwae PlantUML kot amddoomn diaypoptdtov e po cuvekTikn dtadikacio,
AVAOEIKVDOVTOG TIC TPOKTIKEG duvaTotnTeg TV LLMs 611 fedtiotomoinon tov d10d1Kacidv
GYEJLOGLOV AOYIGUIKOD.

2.2 Texpnpioon opyLITEKTOVIK®OV TPOTVTMOV

AvTti 1 EvOTNTO TOPEYEL L0 TEPLYPAPT] TOV PACIKMOV APYITEKTOVIKOV TPOTOHTWV, OVOADOVTOG
1 Soun, TO GLGTOTIKG GTOLYXEID KOL TNV EQOPLOYH TOVG GTOV GYEOIAGIO AOYIGLIKOD. ZTOYOG TG
glval Vo Topovclacel auTd To TPOTLTO LE GOPTVELD KoL OKPIPELD, AEITOVPYDVTOG OC CTIELD
avapoPAg Yo TNV KATOVONGT TOL POAOV KOl TNG VAOTOINGNC TOVE GTOV OPYLITEKTOVIKO GYEOLUCLLO.

2.2.1 Apyrektoviki] Hehatn-ESuanpetnt (Client-Server)

H apyrtektovikn neddn-eEummpetnth amotelel éva amd ta TAE0V d10ded0éEVE LOVTELD GTO,
dikTva VTOAOYIGTMV, 6TOL TOAAATAOL TEAATEG (amOpaKkpLOUEVOL EMeEepYaOTEG) OAANAETOPOVV LE
évav kevtpkd EumnpetnTn Yo va artnovv kot va Adfouvv vanpecieg. Avti 1 doun Sroywpilel Tovg
POAOVC TV TOPOYDV VANPECIDY KOL TOV KATOVOADTOV VINPESIOV G€ VoL OIKTLAKO TTEPLPAALOV.

210 HovTELO TEAITN-EELTNPETNTN, TO CUGTILO OPYAVAOVETOL YOP® amd S1APOPEG VNPEGIEG TOV
@LA0EEVOUVTOL € EEEIBKEVIEVOVS EEVANPETNTES, EVOD 01 TEAUTEC £x0VV TPOGPacn Kot a&lomolovy
avtég Tig vnpeoieg [31]. Ta kVpLa oTOLXEID VTNE TG OPYLITEKTOVIKAG TEPIAALLPAVOLV:

e  Elvanpetntéc (Servers): Iapéyovv vinpeoieg oe dAha pépn tov cuotipatog. [ Tapadetypa,
e&ummpetntéc extimmong yepiloviat artnuata ektinmong, e&uvmmpetntéc apyeiov dwoyepilovio



TNV amonkevon kal avaktnon apyeiov, eved eEINPeTTEG LETAYADTTIONG EKTEAOVY EPYACIES
UETAYADTTIONG YAWGGOV TPOYPUULOTIGHOV.

o [lehdateg (Clients): Attovviol vnpesieg amd Tovg e&umnpettés. Luvnbme, ToAAATAA
aVTLYPOQO EPAPLOYDOV TEAUTOV AEITOVPYOVV TAVTOHYPOVE O OUPOPETIKEG CLOKEVEG.

o Awtvokn Yaodopn: Emitpénel otovg meddteg va cuvdéovtal pe Tig vanpecieg. Ot meptocOTEPES

OPYLTEKTOVIKEG TEAATN-EELINPETNTN AELTOVPYOVV MC KATAVEUUEVO, GUGTHUATA, 0ELOTOLDVTOG
TPOTOKOALO ALOSIKTOOV Y10 TN S1IEVKOAVVGT] TNG GUVIESIUOTITAG.

Request

D

——
Server-PT Network PT

Server

n=-IZmMm-rnN

Eixova 2.1 Movtélo meiorn-elonnpetny (myyn)

2.2.2  Apyrrektoviki] otpopdtov (layered architecture)

2TV apYLTEKTOVIKT CTPOUAT®V, 1 AEITOVPYIKOTNTO TOV GLGTHOTOS SLOPEITAL GE SLUKPLTA
emineda, pe kaOe eninedo va e£0pTATOL ATOKAEIGTIKA OO TIG VANPEGIEG TOV TOPEYEL TO AUECDG
KOTMTEPO EMimEd0. AV 1 doun vrrootnpilel TV oTadloK avATTLEN TOV GLGTHUATOC, KOOIGTOVTAG
dlobéoipleg oTovg YpNOTESG TIG VAINPESies KaBE emmeédov LOAG olokAnpwBovv. To oyédio avtd eivan
Waitepa eLEMKTO, KOODG EPOGOV 1] S1ETAPT] TOPAUEVEL 1] id10, 0OTOL0ONTTOTE EMimedO Umopel va
avTiKoTaoTodel pe GAAO oL TPOGPEPEL TapOLOLa AslTovpykdTNnTa. EmumAéov, ot ahlayéc 1| ol véeg
Aertovpyieg mov glodyoviol o€ éva enimedo ennpedlovy PLOVo To apEcmG GLUVOESEUEVO EMIMEDO,
dlTNpdvTog T 6TafEPOTNTA TOL VTOAOITOL GLGTNUATOS. Me Tov TTEploplond TV eapToemv omd
Babvtepa emimeda, avTA 1 APYLTEKTOVIKT S1EVKOADVEL TN GLUPATOTNTA LETAED OAPOPETIKAOV
TATPOPUAOV, KOODG LOVO TO ECOTEPIKA EMMESA YPELALOVTOL TPOGAPLOYES Y10, VO AELTOVPYTICOVV LLE
SL0pOPETIKG AetToVPYIKG cLoTAHOTA | BAcElg dedopévav [31].

ZUVOTTIKA, TO APYLTEKTOVIKO TPOTVTO TOV CTPOUATOV OPYUVAVEL TO CUGTNLO OE LEPOPYIia
emmédmv, To kabéva pe oyetikn Aertovpykotnta. Kabe eninedo mapéyel vanpeoieg oto avatepo,
EVD TO, KOTMTEPOQ EMIMESN TPOSPEPOLY PACIKES VTN PEGiEC TOV LTOGTNPILOVY OAOKANPO TO GHGTN LA,
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Ewcova 2.2 Apyrtektovikn atpmudtwv (Tnyn)

2.2.3 Apyrektovikn Tprov Emnédov (Three-Tier Architecture)

H apyitektovikn TpLodv ETIES®V GUVIGTO LTOKATNYOPIO TNE UPYLITEKTOVIKNG CTPOUAT®V Kol
amoteAeiton amd tpia dakpitd emineda :

o Enineoo [lapovsiaong (Presentation Layer): [lepihappdaver Tig poppec M T1g 6eAideg Tov
e&ummpetnTN TOL TAPEYOVY TO TEPLPAALOV XPNOTN TNG EPUPUOYNC. ZE AVTO TO EMITEDO,
eupavifovral ta dedopéva, GuALEYOVTOL Ol £l00001 TOV YPNOTN Kot TPowBoHVTAL ATHLOTO GTO
EMOLLEVO EMITEDO.

o Enminedoo Emysipnoioxiig Aoywknig (Business Layer): Avtipetonilel to aitipato amd to
eninedo mapovciaong, ePupPUOLEL ETLYELPTCLOKOVG KOVOVEG GTO. dEO0UEVA KOl TPomOEl atrata
6710 eninedo dedopévav. [epthapfdvel T Aoy Tov S1EREL TN AEITOVPYIN TNG EPAPLOYTG.

o Enineoo Asdopévemv (Data Layer): [Tepirappdavel n Aoyikn TpocPacnc ota ded0UEVa, TOVG
00MY00¢ BAcE®V OEGOUEVMVY KO TOVE UNYOVIGLOVS EPMOTNUAT®V, ETITPETOVTAG TV GLECT
oAniemidopaon pe tn Pdon dedopévov yia Ty amobnkevon 1 v avaktnon dedopévov. [32]

. . = <
Three Tier architecture

Internet

=8-R

Presentation
(web server)

Application Database

Eixova 2.3 Apyitextovikn tpicpv emmédwv (nyn)
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2.24 Apyrekroviki Model-View-Controller (MVC)
To npotvmo Model-View-Controller (MVC) daympilel To cuothua o€ Tpia. Lépn:

e Model (Movtého): AvTITpocOTEDEL TAL HEG0UEVA TNG EQAPLOYNG KO T GYETIKN
emyelpnolokn Aoyikn. Mmopel va amoteAdeital amd Eva avtikeipevo 1 amd £va dikTvo
oyeTilouevov aviikelévoyv. Xe epapuoyég Java EE, ta dedopéva arobnkedovtal oe domain
objects, evd Yo TNV enuKovmvia e T BAcT 0E00UEVOV YPTGLLOTOIOVVTOL OVTIKEILEVA
petapopdg dedopévov (Data Transfer Objects - DTOs) kot avrtikeipeva tpdcfacng
dedopévav (Data Access Objects - DAOs).

e View (Ilpofoi): [Tapéyel o OnTIKN ATEKOVIOT TOV dEGOUEVOV TOV HovTéAo. Kdbe
TPoPoin Tapovcildlel Eva GLYKEKPLULEVO DVTTOGUVOAO TOV LOVTELOL, EMTPEMOVTIOG GTOVG
YPNOTEG VO OAANAETIOPOVV LLE TO HEGOUEVA KOL VO TTPATTOVV EVEPYOTOLDOVTAG TV
EMYEPNOIOKN AOYIKN.

e Controller (EAeykTi|c): Zvvdéet Tnv mpoPoin pe To povtédo kot dtayelpiletot Tn pon g
epoproyns. Me Bdon v elcaymyn tov xpnotn, Kabopilel moa tpoPfolin Ba eppaviotel Kat
mowo. emtyelpnotakn Aoyikn o exteheotel. O gleyktig AapPavet v gicodo and 10 View, 10
powbel 6T0 HOVTEAD Yo emebepyncio Kol 0T CUVEXELN EMALYEL TO KOTAAANAO View mov Oa
napovsilactel 6to ypno. [33]
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Eixova 2.4 Apyirextoviny MVC (mnyn)

2.2.5 Apyrektoviki] llpocavatoliopévn otic Yanpeoieg (SOA)

H Apyitexktovikn IIpocavatohopévn otic Ynpeoiec (Service-Oriented Architecture - SOA)
gtvo éval apyLTEKTOVIKO TPOTLTTO OTTOV T AOYIGHIKA GTOLYELD, YVOOTA MG VINPEGIES, oyeddlovTon
MOTE VO, TOPEYOVY GLYKEKPILEVEG, MOV pNoLLoTomaoiueg Aettovpyiec. Kabe vimpecio péoca og éva,
ocvotnpa SOA eVOOUOTOVEL o EEYMPIOTN EMYEPTCLOKT AELTOVPYLO Kot AAANAETOPA e AAAES
VANPEGIES HEGHD TUTOTOUNUEVOV JEMAPDYV KOl TPOTOKOAAWDYV, GLVHO®G LEG® AVTOAANYNG
unvoudtev o€ éva diktvo. To SOA bivel Eupaon otn yohapn o0levén peta&d VINPECLDOY,
EMTPEMOVTOG TNV aveEAPTNTN Agrtovpyia KaBe vanpesiog Kabdg Kot T duvatdTnTa TPOTOTOINoNG,
avtikatdotoong N avapaduiong g yopic va exnpedlovtal ol VTOAOUTEG VINPEGIEG GTO GVGTN
[34].


https://www.geeksforgeeks.org/mvc-architecture-system-design/

To SOA emitpénel TV OLOAT EVEOUATOGCT SLOPOPETIKAOV EPUPLOYDV, KOOMG 01 VN PEGIES
elvar Teyvoloyikd aveEdpTnTeg Kol ETLKOIVOVOVY YPNGILOTOLDOVTAG TUTOTONUEVA TPOTOKOAAM, OTTMG
SOAP 11 REST. Avt n evel&ia divel T duvatotnta avimruéng kot 5160eomng vanpesidv e
SLOPOPETIKEG TAATPOPES Kl YADGGEG, KOOIGTOVTOG TO 130VIKO Yl LeydAo, cOVOETA GLGTAUATO TOV
omontoHV SLIAEITOVPYIKOTNTA LETAED SlaPOPMV EPAPHOYDOV Kot TNYDV dedopévev. Emmiéov, To
SOA dievkodiverl TNV KMUAK®OT), KaBMOG Ot vaNPesies PTopovv va avartuyfodv 6g moALATAOVG
SLOKOMIOTEG Ko Vo KMPok®Bovv avaloya pe tn non.

O apBpw1dg oYedlacuog Tov SOA BeAtimvel EXiong T GLUVINPNGIULOTNTA TOV CUCTNHATOV,
KaOdg o1 aAlayég og pio vanpecia dev amotovy aAlayég oTig vroroines. EvBuypappilovtag tic
VINPEGIEC UE TIC EMYEIPNOLOKEG OladtKaGiec, TO SOA EMTPENEL GTOVE OPYAVIGUOVE VO, ATTAOTOLOVV
T1G AELITOVPYIEG TOVGS, VO AVTATOKPIVOVTOL YPYOPO GE LETOPAAALOUEVES OTATIOELS KOl VL
EMAVAYPTCLLOTOLOVV POCIKES VINPEGieC o€ S1a.popeg EPappoyEs. g ek TovToV, T0 SOA VoBeTEiTON
EVPEMG OE EMYEPNCLOKE TEPLPAALOVTA, OTOV 1 EVOOUATMOOT] GUGTNUAT®V, 1] ETAVOYPNCILOTOINoN
KoL 1) TPOoGaprooTiKOTNTA Elvan {mTiKng onuaciog.
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2.2.6 Mwkpoivnnpeoieg (Microservices Architectural Pattern)

To mpodTLTIO PIKPODTINPESLOVY €Yl LIBETNOEL EVPEWS amd gTOPEies, ATO KOAOGGOVG OTMG 01
Amazon, Netflix kot Spotify, uéypt pikpopecaisg emyeipnoelc. Xopoaktnpileror amd v avantuén
aveEApTNTOV, CVTOVOLLOV VITNPECIDOV TOV EMKEVIPMVOVTOL GE CUYKEKPILEVES KO COLPMG OPLOUEVES
Aertovpyieg.

e avtifeon pe TIG Tapad0CIoKEG LOVOAOIKEG PYITEKTOVIKES, O1 LKPODTNPEGiEC TPOowOOHV
TNV KAOETN amOdOUNCT TOV EQUPLOYDY GE OAKPITES, EMYEPTOLUKA TPOGUVATOACUEVEC VI PECIEC.
Ka0e v pecio propei va avartuyBel, vo dokipaotel ko vo eykatactadel aveldptnta,
YPTOULOTOIDVTOG OLUPOPETIKEG TEXVOAOYIEC. AVTN 1| TPOGEYYION TPOCPEPEL:

o Eveli&la oty emthoyn TV TEXVOLOYLOV.


https://barsand.wordpress.com/wp-content/uploads/2014/09/service-oriented-architecture-for-dummies.pdf

o YTOYeLUEVT KAMUAK®GT OVE DINPECIQL.
e Avénuévn avBektikdtnta, Kabdg 1 arotuyio pag vanpeciog dev ennpedlel oAdKAnpn TV
gpappoyn. [35]

O1 apyrtektovikn pikpoinnpeciov eivar pio e£EMEN g apyrtektovikinc SOA. Evd oty
apyrrektovikn] SOA, KaBe vanpesio CUVICTA £VOL OLOKANPOUEVO ETLYELPNOLOKO KOUWIATL, M
OPYLTEKTOVIKN PIKPOUTNPECIDOV EGTIALEL OE O MKPA Kot EEEIOIKEVUEVE KOUUATIO AOYIGHIKOD TTOV
eMTELOVV €val povaya poro [34].
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2.3 Emoy1] 0gpelmoov apITEKTOVIKOV TPOTVTMOV GTO TAXICLY TNG
gpyoaoiog

2y mopovoa epyacia, 0o esTIAGOVUE GE £va EMAEYIEVO GUVOLO YVOOT®V Kol Kablepouévemv
apyrtektovik®v tpotinwv: Ilehdtn-E&vanpetnty (Client-Server), Tprov Emaédwv (Three-
Tier) ko Model-View-Controller (MVC). H emiloyn avtdVv TV GLUYKEKPILEVOV TPOTOTMV
Boociletar oty ektipunomn pog 0tLn xpnon tov Al oty apyrtektovikn Aoyiopikod Ppicketal akoun
0€ TPMIUO GTASL0, LLE TA OTOTEAEGUOTA TNG VO UNV £xovv a&loAoynel emapkdc.

Me avt6 0 6€00UEVO, GTOXEVOVLE VO EEETAGOVLE KOl VO, TEPOUATIGTOVUE [LE ATAOVGTEPES
OPYLTEKTOVIKEG, Ol OTOIEG TAPEXOLV Uie, oY PAoT Kol Eva EAEYYOUEVO TEPIPAAAOV Yi0, TNV
a&ordynon ¢ enidopaong tov Al. H evacydinon pe mo ovvBeta mpdtuma, dmme ot Mikpobnnpecieg
(Microservices) © n Apytektovikn Ilpoocavatoiiouévn otig Yanpeoieg (SOA), B pmopovoe va
EL0AYAYEL TOADTAOKOTNTEG TOV THAVDG Vo SuGYEPAVOLY TNV avdAvon g cupfoing tov Al otnv
TAPAYMYT TNG OPYLITEKTOVIKNC.

Emumiéov, | emhoyn OepeMmOdV TPOTOT®V [LOG ETTPETEL VO STUIOVPYNGOVLLE L0 OOETN PO
Yo LEALOVTIKT] £peuva. AVTO Oo S1EVKOADVEL T1) GVYKPLIOT] AMOTEAEGUATOV Kot B0 enLTpEWeL T
oTAd0KN LETAPUON OE TLO CUVOETEG APYLITEKTOVIKEG GE ENOUEVEC LEAETEG, OTAV TO OPYLKA ELPIUATA
Ba &xovv emainBevtel.

"‘Evag axoun A0yog yio TNV EMA0YN ALTOV TOV TPOTVTMOV VoL 1) TPAKTIKOTNTO TG LEAETNC
touc. Ta cuyKeKpEVA TPOTLTO, ELVAL EVPEMC YPTCLLOTOLOVLEVO, CYETIKH ATAN KOl KATAVONTA Od
éva peydro gbpog mepParidviov avantuéng Aoyicpkov. ‘Etot, n €0Tioon Hog 0TS OPYITEKTOVIKEG
[Mehdn-E&uanpem ), Tprov Ztpopdtov kot MVC apoceépel pia 1coppomnuévn TpocEyyion yio,


https://www.geeksforgeeks.org/microservices/

depedivnon tov dvvatotnTev Tov Al otV apyITEKTOVIKN AOYIoUIKOD, EVD TopaAANAa BETEL TIg
Baoeig yio perloviikég eEeMEeLg 6TOV TOED.

2.4 Kivntpo Kol 010Qopomom|cELS TG TPOGEYYIONGS NUG

Ta copnepdouata and tic pehetndeioec Eépevveg otny evotnta 2.1 avadeikviovy Pactkovg

TOLEIG TOL TAPOAUEVOLY aVEEEPELVITOL 1] OVETOPKAOG AVTIUETOTIGHEVOL. H Tpocéyyion nag
SL0(pOPOTOLEITAL KO SLOUOPPAOVETOL OO TOVE TAPUKATO AEOVES:

I.

Kuapokooypétnta ko llpoopfacipétnte tov Movtérav

[Mapdro mov N vrdpyovoa Piprioypapio cuyvd eotidlel o peydia, acicpéva oto cloud
LLMs 6nwg to GPT-3.5 1} o cuotiuata pe éviovn e&edikevon oémwg to ClassDiagGen,
OVTEG Ol TpoGEYYioelg umopel va punv etvar PLOGLES Y10 EMLYEPNCELS 1] EPEVYNTEG TTOV
aVTGLYOVV YO TNV WIOTIKOTNTA, TO KOGTOG 1 TNV KAdkwon. H ik pog epyacio divel
éueacn o1r d1epeuvNoN TOTIK®Y HovTEA®Y, 0Ttmg Tao LLaMA kot Mixtral, ta ool
UTopoHV Vo AEITOLPYOVV EVIOG TOV EYKATACTAGE®V (on-premises). Avtf 1 Karevbuvon
OVTOTOKPIVETAL 0TI cLveXDS av&avopevn ntnomn yio Aveelg Al mov divouv TpotepatdTnTa
oV ac@diela dedopévav Kot v aveéaptnoia omd vrodouéc cloud.

A&woroynon Tov Péiov Toov Mikpotepov Movtérav

[ToAAEG oyeTIKEC HEMETEG EMIKEVTPDVOVTOL O LLEYAAM, OOLTNTIKA GE TOPOVE LOVTEAD, EVD
pikpotepa M kPovtiopéva povtéia (T.y., pe kpavromoinomn Q4) ocvyvd mapaprémovror. H
TPOGEYYION LOG GTOYXEVEL VO KAADYEL 0VTO TO KEVO, SOKLUALOVTOG GUGTILATIKG LOVTELD GE
éva pdopo peyebdv, and pikpng KAMpokog £0¢ oxeTkd VYNANG arddoong Lovtédla. Avtd oyt
LOVo TOpEYEL DL TTLO TPOKTIKN OTTIKNY Yo TEPIPAALOVTO [LE TEPLOPIGUEVOVS TOPOVGS, ALAAA
e€etalel emiong Kot OGO TA PKPOTEPA LOVTELD UTOPOVV VO EXLTOYOVY GLYKPIGILA
OTOTEAECLLOTO GT OMULLOVPYio SLoyPAUUAT®OV KAAGEWDY.

Yovovaopoc Mefdoov Eravinuévne Hapayoyuknic Avaktinong (RAG) pe LLMs

e avtifeon pe g avagpepbeioeg mpooeyyioelg 6to 2.1, 1 EPELVA LOG EVOOUATOVEL TEYVIKEG
RAG ywo ™ Bektioon g ikavotrag tov LLMs va dwoyepiloviol acageleg oTig KEWEVIKES
oamoutnoelc. Me v mapoyn eEnteptkng yvmong, onmg apyeio RAG npocappocpéva otov
YVOOTIKO OVTIKEIILEVO, GTOYEVOVLLE TN LEIMOT KOOV TPOPANUATOV KUTOVONONG KOl OTN
Beiticomn TG CLVOMKNG CLUVETELNG Kot 0KPIBELOG TV TOPUYOUEVOV SLOYPOUUATOV.

Awepedvnon emidopaong Tov Apyrtektovik®v Ilpotintov

Ot tponyodueveg pekéteg dev £ouv eEETACEL GUGTNUATIKG TOV OVTIKTUTIO T®V
OPYLTEKTOVIK®OV TTPoTOTT®V (.., [Tehdtnc-E&umnpetntic , Tpiov Eminédwv , MVC) oty
TOWTNTA TOV Topayouevev daypappdtov UML. H dwn pag epyacio kaAdmTel avtd To
KevO, a&loA0YDVTOG KATH TOCO SLOPOPETIKA LOVTELD GEPOVTOL AVTEC TIG OPYITEKTOVIKEG
apYEC KOl TAG 1 ETLAOYT T®V GLVOADV AEITOVPYIKAOV KOl (11 AELITOVPYIKAOV ATOLTHCEWY
(FR/NFR) emmpedlet ta anoteléopota.

2.5 EpegovnTika epoOTNOTO TG EPYAOIOG

H eveoudtowon g teyyntig vonuoohHvng 61o tedio TG apyLTEKTOVIKNG AOYIGUIKOD dnpiovpyel

EPOTNLLUTO GYETIKG [LE TIG OVVOTOTNTES, TOVE TEPLOPIoUOVS Kat TN BEATIoTN XpNom TNG. At N
€peuva GTOYEVEL VO SIEPEVVNGEL TNV TPOOTTIKN Kol TO OPLa TNG SLuVOPOUNG Tov Al otnv



OPYLTEKTOVIKT AOYIOUIKOD, €6TIALOVTAG OTN ONIIOVPYI0 OPYITEKTOVIK®DY LOVTEA®VY, ot BedTicon
TOV OTOVINCEDV TOV LOVTEA®V, GTN ¥PNON KATAAANA®V LOVTEAWDV Kol EKTALOEVLTIKOD DAKOD Kol
otV a&loAdynon g amddoons TV LovIEAmv avutmv. Ta akdiovba epevvnTikd epoTipOTO
kaBodnyobv T perémn pog:

1.

Mmopei 1 TELVNTY VONLOGUVT] VO ONIULOVPYIGEL APYLTEKTOVIKES TOV EVEOUATAOVOLY
CUYKEKPLUEVA UPYLTEKTOVIKG TPOTLTTA OO PO KEYEVIKI] TTEPLYPAPT TOV TPOPApaTOCS
Av10 10 epdTNUA e€gTAlEL TNV tKavoTNTa TOV Al Vo eppunvedetl meptypapég TpoAnudToy M
OTTOUTAOELS KOl VoL TIG LeTapPAlel 6€ KaAd SOUNUEVES OPYITEKTOVIKEC TOL OKOAOVOOVV TOl
{ntovueva apyltektovikd tpoTLma. MEc® avThg TG avdAvong, GToYEVOVLLE Vo
0E10A0YAGOVUE TNV IKAVOTNTO, TNE TEYVNTNG VONOGVVTG VA, O1LLIOVPYEL AELTOVPYIKES KOl
OYETIKEG OPYLTEKTOVIKEG YWPIg EKTETAUEVT avOpdmv KoBodnyn o, eATidvovTag €101 TN
dlodkacio oxedlaomng apy LTEKTOVIKMV.

Mowa 6 propovoe va givar 1 HoPON MOG KEWNEVIKIG TEPLYPAPNS TPOPALATOC DG TE VO
orac@arileTal 1 Onuovpyic 0pOAOV APYLTEKTOVIKOV;

H 61epedhivnon g 10avikig Soung, Tov TEPLEYOLLEVOL KOl TNG AKPIPELOS TOV €160V
TEPLYPOPNS ivarl ovolaotikn yo T Peitioon g kavotntag tov Al va mapdyet akpiPeig
KO OTOTEAEGUOTIKEG APYITEKTOVIKEG. AVTO TO EPATNIO ETOIDKEL VO TPOGIIOPIGEL TOLNL
otoyeio Lo meptypaeng etvar mo yproa yio v kabodrynon tov Al oty mapaywyn
OOUIKA COCTOV ATOTELEGUATOV.

Mmopovv Ta awoteréopnata vo, feATimBovv pécm g nebddov Retrieval-Augmented
Generation (RAG) kol TapOpol0v TEYVIKOV;

H pébodoc RAG kot cuvaeeic teqvikég TpoG@EPOVY TN dVVATOTNTO ELTAOVTIGUOD TMV
OTTOVTICEWV TOL TTapAyovTal amd To Al pe 6YeTIK 6TO AVTIKEILEVO YVOGOT. AVTO TO
gpatnua eEetdlel eav n xpnon tov RAG pmopet va Bedtidoel v axpifeto, Tn cuvaesa Kot
TNV TOWOTNTA TOV SOYPOUUATOV KAAGEDY TOL OTLIOVPYOVV TO LOVTEAQ, KAO®DE Kot TOVG
TEPLOPLOUOVE AVTHG TNG 1LeBOS 0.

owa givar n enidopacn SLLQOPETIKAOV TN YAV VAKOV 611 pé6odo RAG;

Av16 10 epOTNHO €EETALEL TNV EMIOPUCT] TOIKIAWV EKTOLOEVTIKMY DAK®Y GTNV TOLOTNTA TOV
arovimoewv Tov Al omnv apyrtektovikn Aoyiouikod. H kotavonon 1ov ang S10popeTikés
mnyéc RAG ennpedlovy Tig Ikavotnteg TV HOVTEA®Y Umopel va cuuPaiel otn Pertioon tov
pefddmv ekmaidevong Kol 6TV TOPAY®YN T AEIOTICTOV, TEPIEKTIKMY OMAUVTICEDV.

Eivar a&16m1670, T0. TOTIKG LOVTELD, AVOLYTOV KOOLKO Y10 TNV YP161] TOVS 6TV
0pyLTEKTOVIKI] Aoyiopikov; [Towo givar 10 ELayLoTO T0dEKTO péyeBOS/TUTOS POVTELOD;
H am6doon tv poviéAov avorytov kddika otny vrofonfoduevn apyltekToViKN omoTeAEL
OVTIKEILEVO avAALGONG, LLE GTOYO TNV OVOYVAOPLCT] TOL UIKPOTEPOL KOl TTLO OTTOOOTIKOV
LOVTELOL OV PUTOPEL VL TOPEYEL OMOOEKTA OMOTEAEGUATA. AVTO TO EPMTNLN OTOCKOTEL
GTNV TOPOYN TPOTACEMY Y10 OIKOVOUIKA OTOS0TIKEG, TPOGPAGIUEG KOl ACPUAEIC Yo TNV
WoTkoTTO Aboelg Al

®g popovpe vo. aELOLOYNGOVUE TNV UTOTELECUATIKOTITO TG TEYVNTNHS VONILOGUVIG
OT1| GYE0LUGT OPYLTEKTOVIKIG AOYIGHIKOV;

H a&iohdynon g cvpporn tov Al ot oyedioon apyltekTovikng anartel Kadd kabopiopéva
KPLTApLO. Kot LETPIKEG. AVTO TO ep@TNUA d1EPELVE TOVOVG TPOTOVG AEI0AGYNONG Y10 TN



UETPNOT TNG TOLOTNTOG, TNG AKPIPELNG KO TNG GUVOAIKNG YPTCUOTNTAG TOV OPYLITEKTOVIKDV
TPOTAGEWMY TOV SNUIOVPYEL 1] TEXVNTA VONUOGHVY.

KébBe epdnpa eivor kpioipo yuo v Katavonomn g eveoudtoons tov Al otic dtadikacieg g
OPYLTEKTOVIKN G AOYIGUIKOD, atd TN dnpiovpyio £ v a&loAdynon. Méow tng diepedviong antmv
TOV TTVYDV, 1| EPELVO ATOGKOTEL GTNV TOPOYN LLAG BEUEMMDIOVS KOTAVONGNG TOL POLOL TG
TEYVNTNG VOLOGVVIG OTNV OPYLTEKTOVIKT] AOYIGUIKOD Kol GTOV EVIOTIGUO LeBOOmV Yia 1
BeitioTomoinon g amddoong Kat TG a&loTIoTIOG TNG OE TPUYUATIKES EPAPUOYEC.



3 IIpocEyyion

3.1 TIMopaperpor

INo va e&etdoovpe 61e£001Kd TO EPEVVNTIKG LOG EPOTHUOTO, KOAOOPIGOUE CLUYKEKPIUEVEG
TapapéTpoug mov Bo Katevduvouy ) dladikacio Kot 0o SLucEUAGOVY CUENVELL GTOV TEPAUATIKO
pog oyedoouo.

3.1.1 Apyrrektovika mpoTomo vl e€étaon

Onwc £xel oM cvlnOel, emALEQLE VO EGTIAGOVLLE GE L0 VTOGVVOAO EVPEWMS
YPTCLLOTOLOVUEVOV OPYLTEKTOVIK®V TPoTOTTV: [lehdtng-E&ummpetntng, Tpuov
Emnédwv kar Model-View-Controller.

H emloyn avtn], 6nwg oM éxovpe avarvoetl Baciletor otny amAdTNTA AVTOV TOV TPOTOHTWOV, TN
drodedopévn LI0BETNOTN TOVS Kat TNV IKAVOTNTE TOVG Vo TapEXoLV Eva eAeyYOLEVO TEPPAALOV Yia TA
nepdapatd pog. Eotialovtog og avtd ta Oepeldmon TpdTuma, UTOPOVLE VO OVOADGOVUE TNV
wavoTnTa Tov Al VoL GUULOPPDVETOL LLE AVAYVOPICUEVES OPYLTEKTOVIKEG, ATOPEVYOVTOS TNV
TOAVTAOKOTNTA TTOVL o PTOpPOVGAV VA E1GAYOVV TTo cvVOETA TPdTLTA, OTMG 01 Mikpobmnpesieg M
Apyitextovikn [Ipocavatohopuévn otic Yrnpeoiec.

3.1.2 Merém llgpintoong : H epappoyn DCC

H Eg@appoyn Metatponig Xvvretoypévev (Dummy Coordination Conversion -
DCCO) givar éva cuoTnua AoYioutkod ov dtayelpiletar opdoeg ovvietayuévav o Kapteoiovn kot
oA Lopen. To cVOTN O EXTPETEL GTOVE YPNOTEG VO, LETATPETOVV, OTOONKEDOVV, OVAKTOVV,
TPOTOTOIOVV KOl SLOYPAPOVY OUAOEG CUVTETAYUEV®V.

H emAioyn autig g oYeTIKA AmANG EQAPUOYNG LOG EMTPETEL VO, EMIKEVTP®MOOVUE GE Pacikd
oTolyEla TG Epeuvag, Onmc 1 tkavotnTa Tov Al va arxodovbel To apyitektovikd TpodTLTO, N aKpifela
oTn dNuovpYio SLYPOUUATEOV KAAGE®DY KOL 1) GUUUOPPMOOT] LE TIG OATALTNOELS TOL £ovV opiotel. H
ATAOTNTO, TG EQAPUOYNAG LELDVEL TNV TEPLTTI TOAVTAOKOTNTA, SIEVKOADVOVTAC TNV 0EOAOGYNOT TNG
AOO00NG TG TEYXVNTNG VONLOGUVNG LLE GOOT ELPOCT] GTNV OPYLTEKTOVIKY KOl T GYXEOI0GTIKN
axpifeia. H meprypaen tov cuetipotog Oa teptlopufavel Tn GUVOAIKY ETIGKOTNON TNG EPOPUOYNG,
KkaBmg emiong Kot i Agttovpyikég Kot Mn Agttovpytkég AToitioelg e,

INo va amokTnoovE pio OAOKANPOUEVT KATOVONGT) TOV TAG KAOE 0pYITEKTOVIKO TPOTVTO
emnpealel MV EQUPUOYN HOG, avamTOEUIE TPELG SLOPOPETIKES EKOOGELS TNG EQUPLOYNG o€ Java, pe
KkéOe ékdoomn va akolovBel éva amd ta emAeypéva npdtoma: [Teddtn-E€ummpetnt, Tprov Emnédwov
kot Model-View-Controller. EmAé€apie T Java og YAOGGO TPOYPALUATIGHOD AOY® TOV OVGTNPOD
GLOTAWATOG TOTWV TTOV O1af€TEL KL TNE gVOLYPALLONG TG OTIS AVTIKEUEVOGTPOPEIS 0pYES, Ol
OTOlEG, KOTO TNV Amoyn Hog, KoBiotohv euKOAOTEPT TN ONLLoVPYia, KATOVONoN Kol VAOTOINGT TG
QPYLTEKTOVIKNC.



20v0l0 AEITOVPYIKAOV ATTOUITH GEWY

Apyd, Ba emikevipwBovLe GTIG AEITOVPYIKES AmULTOELS. ['lo v TopaTP)COVLLE Kot VoL
aE10A0YNGOVE TIG SLOPOPES OTLG EEOS0VE TOL TAPAYOVTOL OO TO LOVTEAL, £XOVUE ETOLUAGEL dVO
SLOPOPETIKEG EKDOGELS TOV GLVOLOL TV AEITOVPYIKDV OTALTICEDV.

Kdé&Be ovvoro €xel oyedlooTel MOTE VO AVASEIKVDEL OLOPOPETIKES TTVYEC TNG AELTOVPYIKOTNTOC
TOV AOYIoHIKOV. Metd tnv Tapovciao, Oa tpayupatomoindel Aentopepng ochykpion Kot avaAvon Tomv
00 GLVOL®V, TPOKEWEVOD VoL TOVIGTOVV Ol SL0POPES TOVG, 01 oToiec mbavotata Ba eanpedoovy )
dNovpyio SLypapUATOV KAACEDV Kol T1] CURUOPPMOON LLE TO OPYITEKTOVIKE TPOTLTA.

AVt 1 TPOGEYYIoN—LE TN XPTOT] SULPOPETIKAOV EKOOCEMV UMOLTI|CEMV—GCTOYEVEL VO POTICEL
TOV TPOTO [LE TOV 07010 1) AETTOUEPELX, M OKPIPEla Kot 1) SOUT TOV ATOITGEDV EMTNPEALOVY TNV
TowTNTA Kot TNV akpifeta tov e£66wv mov mapdyovtatl amd to Al. Me avtdv Tov TpoOTo, Hmopove
VO GUYKEVIPOCOVUE TOAVTIUEG YVAOOELG OYETIKA LE TO PEATIOTO EMIMEOO AEMTOUEPELOG TTOV ALTOLTEITOL
Yo TNV avtoépaTn dnuovpyia daypappdtov kAdoewmv. H Ewkova 3.1 anekovilel To mpdto obhvoro
Aertovpyik®dv anoitnoewv eved 1 Ewkdva 3.2 to devtepo.

1. Anuiovpyia Opdbag Zuvvtetaypévev:
¢ 0u xpfioteg pnopolv va Bnuiovpyfoovy pla opdba cuvtetaypévwy mov anoTeAe{tal and Kapteolavég Kal MOALKEG OUVTETAYMEVEG.
e  0u xprioteg €rodyovv £vav TOmMo ouvvtetaypévwy (eite Kaptreolavég £{te mMOAKEG) Kal TO AOY1Op1K6 avaAauBdvel Tn pETATPON OTOV
G\Ao tino.
* M opdba ocvvtetaypévwy MEPLAQUBAVEL:
- Kapteowavég: (x, y)
- MoAwkég: (r, 8)

2. AnoBrikevon Opddag IuvteTtaypévwv:
¢ 01 opdbeg ovvtetaypévwy anoBnkevovtal ot Bdon Hebopévwy MySQL pE Ta MAPAKATY XAPAKTNPLOTIKA:
- Movabikég autépata napayOGHEVOS avayvwploTikés apiBpds (axképarog).
- Etikéta kaBopiZbpevn andé Ttov XpAotn yla avayvipion.
- Avtépata KataxwpllOpevn Xpovikh orfuavon.

3. Avdktnon Opdbag Zuvvtetaypévwv:
¢ Avdktnon opdbuv ocuvvtetayuévwv péow:
- Etwkétag: Avalhitnon péow prag etikétag mov £xeu opfoel o xprotng.
- MpoBoAf} 6Awv: AVEKTNON Kal eu@avion OAWY Twv amoBnKEVHEVWY OUEBWY CUVTETAYMEVWY.

4. Tpononoinon Opddag ZuvvteTaypévwv:
Emidoyf kau ene§epyacia Aentopeperdv prag emAeypévng opdbag ovvtetaypévay (Tipég Kapteoravdv fi MOALKGOV ouvTeTaypévwy,
eTikéta) kal anobrikevon tng evnuepwpévng €xboong.

5. Awaypagr Opdbag Zuvvtetaypévwv:
*  Maypagfi prag opddag ovvretaypévwv and tn Pdon debopévwv.

Eixova 3.1 Ilpcdro Xivolo Agrtovpyikadrv Amoitioewy

1.AoyikA:

1.1 Opropdg Kapteoravev cvvtetaypévwy wg Zedyog (x, y) apiBuidv vynAf¢ akpiBerag.

1.2 Opropdg moAikév ovvtetaypévwy wg Levyog (r, 8) apiBudv vynAig akpiperag.

1.3 Metatponr Kapteowaviv ovvtetaypévwv (x, y) o€ moAikég (r, 8).

1.4 Metatponf moAikév ovvtetaypévwy (r, 8) ot Kapreowavég (x, y).

1.5 Mwax opdba ovvtetaypévuy nepriapBhaver Kapteoravég (x, y) kat moAikég (r, 8) ovvteTtaypéveg.

2. Aertovpyieg Debopévwv:

2.1 CreateOp: Anuiovpyfa povabixkol avtépata napaybpevov apiBuntikod avayvwprotikol (id) yia tnv opdba ovvretaypévwv,
TPooBAKN XPOVIKAG Ofpavong, Kal anoBAKELON TNG ETIKETAG KAl TWV TlpWv TnG opdbag ouvvrtetaypévwy wg véa eyypagh otn Bdon
bebopévuv.

2.2 ReadOp: Anpiovpyia Afotag 6Awv Twv anodbnkevpévwy eyypagdv opdbuwv ovvtetaypévwv. Ma kdBe eyypagrh epgaviovran: id,
eTikéta, TIHEG KapTeoraviv ouvTeTaypévwy, TLPEC TOALKGOV ouvteTaypévwy, Xpovikfh otiyud mpooBhikng fi tpomomnoinong,
Tafwopnuéva katd id.

2.3 UpdateOp: Evnuépwon prag eyypagrig opdbag ouvtetaypévwy pe VEEG TIPEG MOV Elodyel o XpAoTng Kat amo®fkevon Tng
EvNUEPWPEVNG EYYParG otn Baon bebopévuv.

2.4 DeleteOp: Awaypagh prag eyypa@nig opddag ovvietaypévwv ané tn Bdon bebopévwv.

3. AAAnAemibpdoerg Xpriotn:

3.1 Ewoaywyn véag opdbag ouvreTaypévwy Kol plag eTiKETAg yla tnv ovopasia tng opdbdag.

3.2 Drav o xpriotng €rodyel Kaptreoravég ovvtetayuéveg (x, y), vnoAoyiopés twv avtioToiywv moAikév ocvvretaypévwv (r, 6) upéow
HETATPONAG.

3.3 Drav o xpAotng €lodyel MoAlkég ouvvtetaypéveg (r, 6), unoAoylopég twv avriotolxwv Kapteoiavdv ovvtetaypévwv (x, y) péow
HETATPOMAG.

3.4 Drav emAéyetar "npoodAkn", ektéAeon tng Createlp yra T1G TPEXOVOEC TIPEG TNG OMABAG OUVTETAYHEVWY KAl TNV ETIKETA.
3.5 Drav emAéyetar “"evnuépwon", extéAeon tng UpdateOp yra tnv emAeypévn eyypagrh and tn Afota mov &nuiovpyei{tar péow tng
ReadOp.

3.6 Drav emAéyetar "6raypagh", extéAeon tng DeleteOp yra tnv emAeypévn eyypagr and tn Af{ota mov Gnuiovpyeitanr péow Tng
ReadOp.

3.7 Kata tnv apxikonoinon f 6tav exteAeitar "npoobAkn", "evnuépwon" f "6raypaeq", avavéwon kat epgdvion tng Aforag mov
B6nuiovpyeital péow tng ReadOp.

3.8 #1Atpdpropa NG Afotag twv epgaviépevey opdbuwv ouvtetaypévwy pe Bdon pila eTikETa MOv E£10dyEl O XPAOTNAG.

3.9 Agaipeon evepyod @iAtpov kal gppdvion OAwv Twv aMOBNKEVPEVWY E£Yypagiv opdbwv ocvvtetaypévwy, 6mwg otn Giwabikacia Tng
ReadOp.

Exova. 3.2 Agbtepo XZdvolo Agitovpyixav Aroatioewv



To 300 GOVOAL, AEITOVPYIKDV OTOLTHGEDV TEPLYPAPOVV TIG 1016¢ faCIKEG AetTOVpYies, AALA
OLLPEPOLVV TN OO, TN AETTOUEPELD KOl TOV TPOSAVATOMGILO TOuS. AkoAlovBolv o1 Pacikég
OLpopEG:

Aoun ka1 Opydavwaon

e IIpoTo XHvoro: Opyavadvetal pe PAon TIg SLAPOPES AELTOVPYIEG TOV CLGTHUOTOC
(Anmovpyia, AmoBnkevon, Avaktnomn, Tpomomoinon, Awaypaer)). Kabe Aeitovpyia
TOPOVCIALETAL MG YOPAKTNPLOTIKO TOV OTELOVVETAL GTOV XPHOTY.

o Agvtepo Xvvoro: Xwpiletar og Tpelg faoikég katnyopiec—Aoyikn, Agitovpyleg Aedopévmv
Kot AAANAETIOpAcEIG X pOTI—LUE ELQOOT) O AETTOUEPELES VAOTOINONG YOUNAOTEPOL
EMTESOV, OVAADOVTOG KAOE AEITOVPYIKY TTEPLOYN GE UIKPOTEPEC, CLYKEKPIUEVEC AELTOVPYIEG.

Aenrouépera kou Eminedo Avaivong

e IpdTo Xvvohro: [Tapovsialel Tig AMOITNOELS LE OMAN, EMKEVIPOUEVT] GTOV XPNOTN LOPON,
neprypdeovtag Pacikég evépyeteg yopig va epuPabivel oe Aemtouépeleg Aettovpyiog. ['a
Tapadelypa, TepLypasl v "Avdaxktnon Ouddag Zuvietaypévov" YeViKA, avapépovtos TS
01 {PNOTEG UTOPOLV VO AvalNTHCOVY HEG® ETIKETOC 1) VO S0VV OAES TIG EYYPAUPEC.

e Agvtepo XOvoro: EpPabivel oe Aentouépeleg yio kébe Aertovpyia, opiloviog CUYKEKPIUEVEC
evEpYeLeG Y1 S10.popeTikd 6Tddta (T.y. “CreateOp,” “ReadOp”’) kot 0 yopoKTNPIGTIKA TOVG.
[MepthapPdaver akoun Kol E6MTEPIKEG AEITOVPYIEG TOV GLOTHIATOG, OTMG TAEIVOUNGT
gyypoeav katd ID 1 avavémon mpoBoing petd and kdbe evépyeta.

Teyvikn I'ioooa évavtt Ilpocéyyions Ectiacuévyg otov Xprotn

e IIpdTo Xovohro: [leprypdpet Tic Attovpyieg pe yYAdooa mov evbuypappileton pe Tig
€PYNOieg TOL ¥PNOTN Kol TOLG LYMAOL emmédov (high-level) otoyY0VG , KOBIGTOVTOG TO MO
KOTOVOTTO Y10 [T TEYXVIKOVG EVOLOPEPOLEVOVC.

e AgvTepo Lvvoro: Xpnolonolel TEPIoGOTEPO TEYVIKN YADGGO Kol dpovg, 6mwg “CreateOp,”
“ReadOp,” ko “aptBpoi vymAng akpifetog,” amevbuvoleVo KUPIME € TPOYPUIUATIOTEG 1)
TEYVIKA KOwvd. Alvel Eppacn otn dtoyelpton SeSoUEVOV KoL TNV E0MTEPLKN AOYIKY, TOPE OTIG
EVEPYELEG TOV YPNOTN.

Ilpoowaypapn Aiiniemopdocewv Xpyotny

e IIpdTo XOvoro: YToOETEL OTL O1 YPNOTEG EKTEAOVV EVEPYELEG OTMOC AVAKTNON KOt
TPOTOTOINGT, YWPIG Va, avarvEeL Ta Prpata TG eAANAeridpaonc.

o Ag0TEPO LUVOAO: AVaADEL AETTOUEPDG TIG AAANAETOPAGELG TOL YP1OTH,
GLUTEPIAAUPAVOVTOG GUYKEKPIUEVEG EVEPYELEG OTMG “TpocOfkm,” “evnuépwon,” Kot
“Sraypaen,” pe eEnynoeig yia kdbe Pripa (.. LETATPOTN GUVIETAYUEVOV KATA TNV EIGOYMOYN
dedoUEV@V, ELPAVIOT AloTog LETA amd Kb evépyela).



Eupaon oty Awayeipion Asdouévav kar atny Avavéwon

e IIpoTo XOvoro: Avapépel T duvatdTnTa 0modNKELONC, OVAKTNONG KOl S1olypa@ng OLAd OV
GUVTETAYULEVOV, YOPIG VO ETEKTEIVETAL GE UNYAVIGLOVG AVAVEDCTG OESOUEVAOV 1|
eVMUEPMONG TTPOPOATG.

e Agvtepo XOvoro: Eotialel oty avavéwmon g epeoaviCopevng AMotag petd amd kabe
Agrtovpyia onpovpyiog, EvUEP®ONG 1 Slaypagng, voypappilovtag T onuacio g
npoPoing dedopévav yio tov xpnot. [Hapéyel emiong emloyég piitpopicpatog M
KaTapynong eiltpov, PeAtidvovtog T dtayeipton dedouévay.

Eotiaon oty Metatpony kot AwoOijksvon Aedouévav

e IIpdTo XOvoro: Yovoel TNV avaykn Yi0 LETATPOT] GUVIETAYUEVAV, YOPIC Vo eEnyel )
AOYIKN TG® Amd QVTEC TIC LETATPOTEC.

e Agvtepo Xovoro: KabBopilel pntd tig petatponéc cuvretaypévav (Kaptesiavég og molkeég
Kol avtiotpoea) oty evotnta "Aoyikn," eEnydvTag TG E0MTEPIKEG AEITOVPYiEG TOV
OTOLTOVVTOL Y10 TV VTOGTNPLEN EI0AYOYDV KOl LETATPOTMV OO TOV XPNOTH.

Yvvoyilovtag 1o TPdTO GHVOAO EIVOL TPOGAVATOMGUEVO GTOV YPNOTI), TEPLYPAPOVTOG
Aettovpyieg VYNAOD EMTESOV LLE KATAVONTY] YADGGO, KATAAANAN YOl L1 TEYVIKOVS EVOLAPEPOUEVOVG,.
AvtibBeta, To de0TEPO GHVOLO glval To TEYVIKO Kol EGTIALEL GTNV VAOTOINGT), TAPEYOVTAG
AETTOUEPELES Y10 AEITOVPYIEG, OAANAEMOPAGELG XPNOTN KO ECAOTEPIKES SL0dIKAGIEG, KADIGTOVTOS TO
KATOAANAOTEPO Y10 TPOYPOUUOTICTES TTOL Ypetdloviar akpiPeic odnyieg yia kdBe Aettovpyia.

H avéivon tov dtagopdv delyvel 0Tt T0 deVTEPO GVVOAO, LE TNV ELGAGCT] GTT GOPTVELD TNG
EMYEPNOKNG AOYIKNG KOl TN AETTOUEPT doun, Elval TOAVOTEPO V. 0dNYNGEL GE KOADTEPO
mapayoueva dtaypdupato kKAdcewv and to LLMs. H kadd dounpévn kot Aentopepng ¢von tov
dgvtepov cuvorov umopel va kaBodnynoet ta LLMs va mapdyovv axpipéotepa daypappora,
TPOGOPUOGLEVE GTO ETLYELPTGLOKO TAAIGLO TNG EPAPUOYNG KAl GUUPOATE [LE TO UPYLITEKTOVIKA
TPOTLTAL.

Qo1660, vt 1 VEoBeoT mapopével avemPBePaintn. Xta TEPAUOTA LAG, CTOXEVOVE VO
a&lohoynoovpe av avTég ol LTobEaelc 1oyvovV, eEetdlovTag TNV TOLOTNTO Kot TV oKpifela Tov
LY PAUUAT®OV KAAGEWDY TOV TOPAYOVTaL oo KABe GUVOLO amottioewy. Méoa amd avtr
drodkacia, PIA0S0EOVILE VA OVTATCOVUE TOADTIUES YVMDGELS OYETIKA [LE TNV EMIOPAOT] TNG
AETTOUEPELOG KOl TNG OKPIPELOG TOV ATOITNGEDY GTN dNUIOVPYIO UPYLTEKTOVIKNG e T Pondeta g
TEYVNTNG VOTLLOGVUVNG, TOPEYOVTAS TEKUNPLOUEVH GUUTEPAGLATA Y10l TN BEATIOTN LOPON ALTALTHCEDV
o€ oyedlacpd mov Pacileton oe LLMs.

2Vvola My Agirovpyikov Araitijcewv

H Ewdva 3.3 aneikovilel 10 TpdTo 0HVOAO PN AELTOVPYIKAOV OTALTHCEWDV.

. Frontend: AvdantuvEn pe xprion Java kai tov mAaiciov Swing yia tnv aAAnAenibpaon pe tOv XpHoOTN.
e  Bdon Aebopévwv: MySQL yia pévipn amoOiKeLOn TwWv OHAOWY OULVTETAYHEVWY.

e I0Ovbeon TCP/IP: NMua tn 6raxeipion tng emikowvwviag petagd tng €9appoyng kat tng Bdong debopévwv.

Ewcova 3.3 Ilpdrto XZovolo My Agitovpyikadrv Araitioewy



H Ewova 3.4 aneikovilel 10 0£0TEPO GUVOLO U AELTOVPYIKDV OTOITCEDV.

Frontend: Na avantvyx8ei{ pe xprion Java kat tov mAaiofiov Swing yia tnv aAAnAenibpaon pe tov xpAotn.

Noyikf (Logic): Na avamntuyei pe kAdoelg Java, oOPQUVA ME T1G apX€G QVTUIKE LMEVOOTPAPOVS OXEDO1AOMODV.
Arakoplotig Bdong Aebopévwv: MySQL yia pévipn amoBfkevon Twv Opddwv CUVTETAYHEVWY.

Tovdeon Baong Aebopévwv: Tovbeon TCP/IP ywa tnv emikolvwvia petagd tng eappoy¢ kot tng Bdong debopévwv.
Ixedbraopdg: Egappoyri tng "Apxrig Movadikig EvBvvwng” (Single Responsibility Principle).

Eixova 3.4 Acbrepo Zovolo Mn Aeitovpyikaov Araitiioewy

H o0ykpion tov 600 cUVOL®Y ATOKAAVTTEL OTL TO OEVTEPO GUVOAO TOPEYEL LLOL TTLO AETTOLEPT
Kot SoUnpEVI TPOGEYYIoT, 1] 010l UTOPEL VoL 001 YNOEL 08 PEATIMUEVT] CAPTVELN KOL THPTOT| TOV
apYDOV CYEOAGLOV.

To Tp®dTO GHVOAO TPOCPEPEL 10 GUVOTTIKY] EMGKOTNGT TOV U1 AELTOVPYIKADV OTOLTHCEWDY,
eotidlovrtag oe Pacikd ototyeia 6Tmg To TAaicto Tov frontend (Java pe Swing), Tnv eMA0YN NG
Baong dedopévav (MySQL) kot 1o tpwtoéxorro emkowaviog (TCP/IP). Qotoco, arovsialel n
e€eldikevon og apyEc GYEIAGLOD 1 TPUKTIKEG VTIKELLEVOSTPAPOVS TPOYPOULLATIGLOD, OLOTVOVTOG
OPIOUEVEG AEMTOUEPELEG VAOTIOIN GG AVOLYTEG GE EPUNVELES.

Avtifeta, T0 0€0TEPO GVUVOAO EVIGYVEL TN CUPVELN P AOVTOS TIG ATULTHOELS O O
GUYKEKPLUEVEG KATTYOpies, OT®G “Aoykn” kot “Lyedtacopos,” Kot elodyel 001 yies yio T dopr| TOV
kddwka. ['a Topdderypa, tpocdiopilel 0Tt To Aoyikod enimedo mpémel va avamtuydel pe kKAdoeic Java
OV AKOAOLOOVV TIG OPYEG OVTIKEYLEVOTTPOPOVS TPOYPAULOTIoHOV, eEacparilovtag pio apBpmT
Kot gbkoha cuvtnpriowyn doun. Emmiéov, n evoopdtwon g “Apyng Movadikng Evbovng” oty
EVOTNTO GYESOOUOD TOPEYEL GAPT KATEOOLVGT Yo TNV 0PYAVOON TOV KAACEWDY, TPO®OGVTIG
KaBopd Kol GTOYEVIEVO KDIKO.

H époacn tov 8e01EpOv GLVOLOV GTOV AVTIKELEVOGTPAPT| GYESLACUO Kot TIG KoTevhuvtnpleg
apyés, omwe N “Apyng Movadiknig EvBovng” pumopel va 0dnynoel 6€ €va TTo GUVTIPTCLULO Kot
EMEKTAGILO CLGTNLO, OTMG Ba amoTVTTMOEL GTaL TOPAYOLEVH SLOYPAULATA KAAGEWV.

Yvvoyilovtag 10 TPATO GHVOAD TOPEYEL L0 GUVTOUT] EMLGKOTNON TOV TEYVIKMY OTALTICEDYV,
EVD TO 6EVTEPO GUVOLO OTOTEAEL EVAV TTLO AVOAVTIKO 00170, EVEMUATOVOVTOC 0PYES
OVTIKELLEVOGTPAPOVS GYESIOGLOV KOl COPELS 001Yieg, KOOIGTOVTOG TO 100VIKO Y00 cVVOETA Epyal
OOV 1| GAPNVELD KOt 1] SuVaTOTNTO GUVTHPNONG Eival kaiplag onpaciag. To mewpdpoto wov Oa
axoAovONcovy Ba a&loAoYNGOVY oV CVTEG OL SLOPOPES GTO, U1 AELTOVPYIKA GUVOAN OTTALTHCEMV
001 yohV o€ TOPATNPNOLUES PEATIDGELS OTA SLOYPAULOTO KAACEDY GE VAOTO|GELS TOV
vrootnpilovrol amd Al.

Ailer va onusiwbet 011 10 TPDTO THVOAO AgiTOVPYIKWOV aTOITHoEWY B0 CVVOVAOTEL LUE TO TPATO
ODVOAO Un AEITOVPYIKOV ATOITHOEWY, KAl TO 1010 1GYDEL Y10, Ta. OEVTEPQ. oDVOoLa. AvTh n evBoypduuion
EVIOYVEL TNV TPOTIOKIO, LS OTL )| YPHOH TV OEDTEPWY TVVOAWY WOl UTOPEL VO, 00NYNTEL O€ KaADTEPO.
omoteAéopata.

3.1.3 Eicodog Prompt

YuvOETOVTOG OAN TO TOPOTAVM KOTOATYOVUE 6TO TEAIKO prompt tov Oa dobeil ota peydia
YA®Gowd povtéha. o to meipapd pog, emAiégape va eviaio Kot TEPLEKTIKO prompt:



NMepiypagn Epyaciag:

Zag avatiBetar n enefepyacia tng meprypagic plag €QappoyiG AOY1OM1KOD KAl TWV QnAlTACEWV TnG, TMPOKElMEvVOL va GnuiovpyrfoeTe
éva 61dypappa KAGOEWY Xpnolpomolwvtag to PlantUML.

To 6idypappa KAGoewv mpénel va o£BETal TNV KaBoplopévn apXlTEKTOVLIKA AoylopikoD, va opifetl 6Aeg TG anapaitnTteg KAGOELG
Kal va avanaplotd pe akpiBela ti1¢ oxéoelg petagd TOLG.

Emiokénnon: {Software_app_overview}

Apx1tektovikf Aoylopikov: {Architecture}

Aertovpylkég Anartroeig: {FR}

Mn Agitovpyikég Anaitioeirg: {NFR}

Anplovpyriote éva 6lidypappa kKAGogwv Xpnotlpomolwvtag to PlantUML mov va op{el 6Ae¢ t1¢ anapaitnteg KAGOELG KAl OXEO0ELG
BAoel TNG MEPLYPAPOUEVNG APYXLTEKTOVIKAG, TWV QMALTACEWY KAl TNG AElTOUPYlKOTNTAG. AlacpaAiote OTu:

« To 6udypappa avtikatontpiletl tov Hraxwplopd Twv €VBLVEV CVUPWVA HE TNV KABOPLOMEVN OPXLTEKTOV KA.

K&Be kAdon meplAapBavel KatdAANAQ XXPAKTNPLOTIKA Kol HEBGDHOULG.

DAeg ol oxéoerg (m.x., ovveeon, ovykévtpwon, KAnpovopikétnta) avanapiotavtatr oto PlantUML kat €i{val cagiG oplopéVEG.
AnNU1oVPYAOTE KATAAANAQ TMAKETA yla TNV 0pydvwon Twv KAGOEWV

Ewova 3.5 Prompt

Ogpeilovue o€ avTO TO GHUEIO VO, OIEDKPIVICOVUE OTI OAES 01 E160001 GTO, LLOVTEAQ OOONKAY TTHY
Ayyrixny IAwooo, wotdoo yia Tic avayKes THE TOPOVOOS EPYATIAS, TOTO TA COVOAQ ATOITHOEWY 000 KAl
70 prompt £ovv amodobei ota EAinvika.

To prompt 6Tmg eaivetal otnv Eucova 3.5 oyedidotnke dote vo TepAapPavel OAeS TIC
GYETIKEC TANPOPOPIES, OO TNV EMGKOTNON TNG EPOUPLOYNG KOL TV OPYLTEKTOVIKT TNG, UEXPL TIC
AEITOVPYIKES KOl U1 AELTOVPYIKES AMALTNOELS, kKoBodnydvTtag to LLM ot dnpiovpyio evdg mAnpovg
daypappatog kKAdoemv oto PlantUML. ITepthapBavel 1060 yevikéc KatevBuvinpieg yYpappég 660 Kot
GUYKEKPUUEVEC 00MYIEG OYETIKA LLE YAPOKTNPIOTIKA, HEBAOOVE, OYEGELC KOl TNV OPYAVMOT| GE TOKETA,
TOPEXOVTOG TO OTOPAITITO TAAIGLO Yl TV TOPAY®YN AKPPOV KOl OpYUVOLEVEOVY SOYPOUUAT®V
KAMAGEWV.

H andépaon va ypnoorombel pia pévo exdoyn Tov prompt, avti yio T dnpovpyio
TOAATTAGDV ekd0Y®V, PacileTal og TpEIC KHPLOVG AOYOVG:

1. Amoguynq Eravainyng:
e avtifeon UE TIC AEITOVPYIKEG OTALTNOELS, OOV SLUPOPETIKA EMITESO AETTOUEPELOG KO
€€e1dikenon g LTOPOVV VO 001 YGOLV GE CNUOVTIKA SLOPOPOTOINUEVES OTOKPIGELS, TO prompt
€0 OoYEOLAOTNKE MOTE Vo Eival TANPES, KOADTTOVTAG OAEG TIC OTOPAiTNTES TTVYEG (EMIOKOTNON,
OPYLTEKTOVIKY], AELTOVPYIKEG KOl U1 AEITOVPYIKEG amantioel). H dnpovpyio emmiéov exdoymv
Tov prompt B 0dMyoVGE o€ enavaAyels, Kaldg kKdbe exdoyn Ba Enpeme vo emavalapPavet
TOPOLOLEG 001 YiES YO Vo TapEYEL TO 1010 TANPEG TAiclo 6to LLM.

2. Awmipnon Xvovoyng otnv Aordéynon:
Me moALOTAEG EKOOYEG TV AELTOVPYIKAOV KOl 11 AELTOVPYIKAOV ATOITNCEDV, KAOME Kot
naparrayéc ota RAG apyeia (6nwg 0o culntnOel apydtepa), n eotioon pog ivol va
0E10A0YNGOVUE TAOG 01 OAAAYEG OTI) AETTOUEPELD TOV ELGOO®V EXNPEALOVV TNV EpUNVELD KoL TNV
€€000 TV povtédmv. ‘Eva cuvenég prompt dtac@aiilel 0Tt 1 enidpaoct TV VIOV
napapétpov agtoroyeital pe akpifela, yopig va elodyovtol petafAntég mov oyetilovrol pe
SL0POPETIKEG EKDOYEG TOV prompt.

3. Eotiaon ota Kopro Epgovntikd Epotipata:
O KkVplog 6ToY0¢ Hog eivatl va eEetdoovpe T 10 Al avtamokpiveTal 6T S1POPEC GTO GUVOAN
AELTOVPYIKOV/N AELITOVPYIKOV OMAITHOEWV, 6Td apyeic. RAG Kot 6Ty anddoon Tov LoVTEAMYV.
Y10 TAO{C10 TNG TOPOVGAG EPYAGIOG KO TOV GLUYKEKPIULEVOL TTEPAIATOG-EPAPHOYNG, OEV



KpIVETOL ATOpaiTnTN 1) EVOCYOANGCT HE WIKPEC SLOPOPOTOMGELS OTN SUUOPPMCT TAPUAALY DV
TOL cvykeKpLEvov prompt. H dtatipnon evog otabepod prompt pog eMTpEmNeL vo,
OTOLLOVMGOVUE TNV EMIOPOOT] TV VIOAOTOV HETAPANTOV TNV TOOTNTA TG £5000V, YWPIG Va

GULYYEOVUE TO OTOTEAEGLOTO UE EMTAEOV OUEANTEEG OLULPOPEC.

3.1.4 Emioynq Meydrov INoooikov Movtélov

[0 va. aToKTNGOVLE GOPT| EIKOVA GYETIKA LE TNV OTO0CT] SUPOPETIKAOV LOVTEAWDV, EMAEEQLLE
po mokidio povtédav, 1 onoia Paciletal otny e&edikevon kat to péyebog TV TapapéTpmV, TOV
emnpedlovv 11§ amaitnoelg pvnung. Xtov Ilivakag 3.1, akolovBovv ta povtéda mov emAEEQNE Yl

a&loldynon:

‘Ovopa Movtérov Inyn Méye0og Quantization E&eidikgvon Movtéhov
HopapéTpov
llama3.1:latest Local 8B Q4 0 [MoAvylwookn YrootpiEn Ketpévoo kot
Kodika
phi3:medium-128k Local 14B Q40 e Epevvnukn Xpnon ota Ayyaka:

o KatdAinio yio Epappoyéc mov
Amottovv:

1) [Tepiparrovta pe mePOPGUOVS GE

LVA LN 7 VTOAOYIGTIKY 15YD.

2) Xevdplo pe TEPLOPIGHODS

KaBvoTEPNong.

3) Ioyvpn Aoyikn Kot pafnpotikn

GUALOYIOTIKY.

4) Eneéepyacio peydimv

GUUEPALOUEVAV.

gemma?2:27b Local 27.2B Q40 o IToAlamAiés Moppég Aedopévmv

e [lowria Epyacidv [apaywyng
Kepévou: Zopmepthopfovopévov
EPWTNOEDV-ATAVTINCE®V, TEPIANYNG
Kot Aoy enegepyaciog.

command-r Local 32.3B Q4.0 e Beltotonoinom yio Epyacisg
Meydiov Zvpppalopévon: Omwmen
dpuovpyla meplexoLEVOL Le
evioyvon avakmong (RAG) ko
xpron eEwtepwcmv APIs ot
epyareimv.
mixtral:8x7b Local 46.7B Q4 0 o Ikavotnto Awyeipiong

Svuppalopévov 32k Tokens

e Ymootipitn MNwocodv: AyyAkd,
Todé, Ttahud, 'eppoavikd kot
Iomavika.

e Ioyvpn Amddoomn ot Anovpyio
Kodwa




‘Ovopo Movtéhov nyM MéyeBog Quantization E&ewikevon Movtérov
Hopapétpav
gpt-40 (chatGPT40) online 200B N/A -
gpt-4o (Software online N/A N/A [pdkerton yio gpyodeio mov dnpovpyel
Architecture S10dpaCTIKA KOl GE TPALYLOTIKO ¥POVO
Visualiser) Swypappata, 6rtmg to PlantUML. To
epyoLeio aVTO SIELKOADVEL TNV KATOVOTNOT| Kol
TOV GYESLOOUO GLOTIUATMOV AOYIO UKoV,
EVIoYVOVTOG TNV OTTIKOTOINGT KoL TNV
avAALOT TNG OPYLITEKTOVIKNG TOVG.
gemini online N/A N/A -
copilot online N/A N/A -
claude3.5 Sonnet online 175B N/A -

IHivoxog 3.1 Xovolo emideyuévav poviiwy

Avt 1 mowkida pag enttpémel va aloA0YGOVE LOVTEAQ LIE OLAPOPETIKG ey£n
TAPAUETPOV, ATO PUIKPOTEPO LovTELD, OTmG To llama3.1, éo¢ peyalvtepa povtéda, 6TmG T0
command-r, TpocOEPOVTAG TOAVTILEG TANPOPOPLES Y1 TO KATG TOGO TO LLEYEDOG Kot 01 SuVATOTNTES
Tov povtéhov exnpedlovv v £€odo. EmmAéov, emiélape povtéda amd Eva evpd QAacU
e€e1dkevoemv, cLUTEPIAAPOLE LOVTELN [LE CUYKEKPLUEVES PEATIGTOMOMGELS, OGS TO gpt-40
(Software Architecture Visualizer), 1o onoio &gl oyedl00Tel E1O1KA Y100 OPYITEKTOVIKESG EPYOTIES,
AL Ko povtéda Yevikng ypnong 6mwg to Copilot. Aoxipudlovtag avti ™ adéovoa Gelpd LoVTEL®Y,
aQoVYKPALOLOCTE ENIONG TO VITAPKTO EVOLOPEPOV Y0l TN XPTOT MKPITEPOV, TOTIKE PLAoEevodLevV
LOVTEA®V G EVAALOKTIKTY oTa peyolvtepa, faciopéva og cloud, povtéo—ipia mpocéyyion mov
evBuypoppiletar e TV avaykn ylo 0o@AAELD, KOl IOIOTIKOTNTO SEGOUEVMV, EIOIKA GE ETLYEIPTLATIKA
nepifarlovta mov dayepiloviar vaicOnteg TAnpopopiec.

O)o to povtéha mTov emAEYONKAV Y10, T LEAETT] OLTT] YPNCYLOTOLOVV THV TUPAUETPO
kPavromoinong Q4, n omoia pewdvel v akpifeia tov Papdv Tov povtélov o 4 bits. H tumomoinon
QTG TG TOPARETPOL GE OAQ TO LOVTEAQ ATOTEAECE GUVELONTY EMAOYT, 1OOUTEPO GTO APYIKA
oTAdw TNG £peuvag pag yio v Al-vmofonfovpevn apyitektovikn Aoyliopikod. AVTi 1 TPOGEYYIoN
eEao@ailel dikam oUYKPLoT TV SLVOTOTHTOV TOV LOVTEAMVY, EVO LOG ETITPENEL VO EEETAGOVLE TO
TPOKTIKA TAEOVEKTNUATA TG Y PpNioNS kKPavTiopévav LLMs o mepifaAiovTa [Le TEPLOPICUEVOVG
TOPOLG.

Me ) doKiun aVTHG TNG TOKIAOG LOVTEA®MY, UTOPOVLLE VO TOPOTPHOOVUE TMG 1 e&eldikevon
EVOG LOVTELOV (TL.)., YEVIKOD GKOTOV HOVTEAD EVOAVTL ADTAOV OV £X0vV PeAtiotomombet yio
OGULYKEKPILEVEC EQUPHOYES) N TO Uéyeboc TapapéTpmv evog povtédov emnpealovy T dadikacio
onpovpyiog dSaypoppdtov KAAcemV. AVTN 1 TPOGEYYIOT EMTPEMEL il OAOKAN poLLEVT aSloAdynon,
dtvovtdag pag ™ duvatodTNTO VO KAVOVLLE GUYKPIGELG KOl VO, EVTOTIGOVE TTO101 TOTOL LOVIEAMV
OVTOTOKPIVOVTOL GT SNULOVPYID VYNANG TOOTNTAG SOy PAUUATOV KAAGE®DY Tov gvbuypaupilovtol
LE T KOOOPIoUEVA CLPYLTEKTOVIKA TPOTLIO.




3.1.5 Retrieval Augmented Generation (RAG)

Ti givair to RAG;

Ta peydro yYhwoowd poviéha (LLMs) cuyva eppaviovv anpofrentn couneprpopd. [apodoro
7OV UITOPOHV Vo, TOPEYOVV AKPLPEIC OTAVTGELS GE OPICUEVEG TEPUTTMOCELS, EVOEYETOL ETIONC VAL
TAPAYOLY AoYETEG N avakpiPeic TAnpopopiec, kupimg eneldn| facilovtal o€ oTaTIOTIKG poTifa TG
YA®GGOG Kot Oyt 6€ Tpaypatikn Katavonon. Ta LLMs sivor exktoadevpéva va avayvopilovv
OTUTIOTIKEG OYEoelg petalhd AéEemv, alAd TOVG AEiTEL 1 OLGIUCTIKY KATOVONGT TOV VOTLOTOG,

To Retrieval-Augmented Generation (RAG) sivan pio péBodog mov el oxediaotel yuo va
BeAtidvel TV akpifela Kot T GLVAPELN TOV aToKpicewv Tov tapdyovy to. LLMs. Baoilovtag o
LOVTELO O€ EEMTEPIKEC, EVIUEPOUEVES TINYES YVOOTG, T0 RAG GUUIANp®OVEL TNV E6MTEPIKT YVOGN
tov LLM pe gnainBeopéveg mAnpoopieg, dtuc@aiilovtag Tt o1 amavinoelg sivat akpieig kot
a&omoTec.

H epappoyn tov RAG o€ cuotipota epoticemv-anaviicemv tov Pacilovior e LLM
TPOGPEPEL OVO KVPLOL TAEOVEKTILOTOL:

1. Topéyel oto povtéro mpdcPaon oe Tpéyovta kal emaindevpéva dedopéva.
2. Emupénel 6Toug ¥pnoTeC va dovv TIg TNYES oL oTNPIlovV TIG ATOVTINGELS TOL HOVTEAOD,
EVIGYVOVTAG TN SLOPAVELL KO TNV ETAANOELGILOTNTA.

Aot 1 yvnAaooTnTo dNUIOVPYEL EUTIETOCHVY, KOAOMG 01 YpHoTEG UITOPOLY Vo eEAEYEOVY TNV
EYKVPATNTO TOV TOPEYOLEVOV TATPOPOPLDV.

To RAG mpocpépet kKot GAAN GTLOVTIKG TAEOVEKTNLOTO:

e Boaoilovrac v £é€odo tov LLM o€ e@tepikd, TEKUNPLOUEVE OEO0UEVA, LELDVEL TNV
TOAVOTNTO TO LOVTELO VO PACIOTEL OTOKAEIGTIKA GTIG EGOTEPIKEG TOV TOPULETPOVC.

e  Meumvel KivdhHvoug OTmG 1 0KoVoLH aokdALYT evaicOnTov dedopévav 1 | TapaywOYn
"mapomAovnTikdv" (Aavlacuévov 1 un a&ldTioTmv) TANPOEOPLOY.

e Eloyiotomotlel TV avaykn yio GV EXOVEKTAIOELOT 1] EVIILEPMOT) TAPAUETPOV TOV
LOVTELOL, KAOIGTMVTOG TN GLUVTHPNOT cLoTNHATOV LLM 7o o1kovopikn Kot anodoTiky,
€101KA GE ETAUPIKY TTEPPAIAOVTAL.

2tV ovoia, T0 RAG Aettovpyetl pe TV avaKINon oXeTIK®V dedopévav amd po eEmTepikn
TNYN KoL TNV EIG0YMYT TOVG 0TO PEYAAO YA®GG1KO povtédo poli pe tnv TpoTpony| Tov ypnotn. Avty
1 eEwtepikn TAnpoopia epumAovtilel TI¢ amokpicelg Tov Hovtélov, evioybovtag T fAon YvOoeDY
TOV Y10 TNV TOPAY®OYN o aKPPdV Kot KatdAAnAov amotelecpdtov, eite mpdkettal yio KeiLevo gite
Yl EIKOVEC.

To RAG amotelel g ovslaotiky néBodo yia tn Peitioon e akpifetog, Tng dopavelog Kot
NG amodoTIKOTNTAS TV cLOTNUATOV oL Pacilovtal oe LLMs, mpospépovtag éva TpakTikd Kot
OLKOVOUIKA PLOGLIO TPOTO Yo TNV EVioYLoN TS 0EI0TIOTIOG TOVG,



Ti eivar ta. Embeddings kou nag ypnyowonorovvral 6to RAG;

To embeddings eivot podnuoTikég avamapacTAGELC TOV ATOTVITOVOVY T1) GTIUOCLOAOYIKN
évvola AéEemV, TPOTAGEWMV 1] OAOKANPOV EYYPAPOV, KOIIKOTOIDVTUG TO MG SLVOCULATO GE EVAV
Y®po VYMA®V dactdoemv. O okondg tv embeddings eivat vo, totoBeTobv keipeva e TapOUOLEG
ONUOGIEG KOVTE TO £va 6TO GALO GTOV SLAVUGLOTIKO YDPO, SIEVKOADVOVTAG TNV OT0O0TIKY GUYKPIoT
EVVOLMV g Bdom Tn onpacio Toug kot Oyl TNV axpifn dwtdnwon).

10 mhaioto tov Retrieval-Augmented Generation (RAG), to embeddings dadpapatilovv
KPIGLO pOAO GTNV OVAKTNGN GYETIKMY TANPOPOPIDV 0o £Vl LEYAAO cUVOAD dedopévmv Bacel Tov
EPOTALATOG TOV XPpNoTN. Ot TANPOPOPIEG TOV AVAKTOVTAL YPTGILOTOIOVVTAL Y10 va fonBncovv 1o
LOVTELO VO, OTLLLOVPYHGEL OTOVTHGELS LE TAOVG10 Kot akpiféc mepleyopevo. Ta otadia tov RAG yia
T pron embeddings eivon To axdAovba:

1. Anpovpyia Embeddings yia 1o Z0volo Agdopévev:
[pwv and v eneéepyacio 0TOL0LVONTOTE EPOTHUATOC, ONUIovpyovvTon embeddings yio kKGOe
£yypapo M TUNHO KELEVOL TOV GLVOLOL dEJOUEVMV. AVTT| 1] dladtKaGio YopTOYPaPEl
0AOKAN PO TO GHVOLO 3Ed0UEVOV GE £V SLUVUGUATIKO YDPO DVYNA®V S100TAGEDV,
EMTPEMOVTOG TNV OLLAOOTOINGN TAPOUOI®V €YYPAP®V e Ao TN ONUAGIN TOVC.

2. Anmovpyic Embedding tov Epotiparoc:
Orav évog gpnotng vTofAarAet £vo EpAOTNILO, TO KEILEVO TOV EPMTNIATOG LETATPETETOL
eniong o€ évo embedding. Avtd 1o embedding tov epwTrpotog Tonobeteital otov 1610
dtovoopatikd ydpo pe to embeddings Tov GLVOAOL JESOUEVOV, AVTUTPOCHOTEVOVTAS TN
ONMUOGIOAOYIKT TPOBESN TG LGOS0V TOL YPNOTH.

3. Avaktnon pacer Oporotroc:
To svomnpa cvykpivel to embedding Tov epoTipatog pe 6Aa ta embeddings Tov eyypdowv
GTOV JAVUGHOTIKS ¥DPO. XPNOUOTOIDOVTOS LETPNOELG OUOIOTNTOS (OTMG 1 CLGYETION
GUVNULITOVOV - cosine similarity), evtomilel Kot avaktd ta £yypapa mov vbuypappilovio
TEPIGGOTEPO LLE TN CMUAGIO TOV EPOTILOATOC.

4. Evioyvon prompt pe Avaxtnpéveg IAnpooopieg:
Ta &yypoea wov avokTionKay Agttovpyohv o¢ Tpdcdetn yvdon 1 TAaiclo yio To Lovtéro, To
0m010 OTN GUVEYELD dNUIOVPYEL pid amdvINoT PACICUEVN GE TPAYHATIKA dedopUEvVa. AT M
gvioyvon emTpénel 6To LOVTELD va TapEyel o okplPeic, AemTopepeic Kot cupPpalopeve
OTTOVTTOELG.

Méoow tov embeddings, o RAG pmopei va avaktd kot vo a&lomolel amoTeAeSHaTIKA
OTUOAGIOAOYIKA GYETIKEC TANPOQOPIES, PEATIOVOVTAG TNV TOLOTNTO KoL TNV 0E0TIOTIO TV
OTOVINGE®V TOL LOVTELOVL. AVTN 1 dradikacio e£acaiilel OTL 01 ATOKPIGELS TOV LOVTELOV
Bacilovtol o £@TEPIKO, OLGLUGTIKO TEPIEXOUEVO, EVIGYVOVTAG T GUVAPELD. Kot TNV 0KPiPELd TOG.
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Ewova 3.6 Conceptual flow of using RAG with LLMs (znyn)

Teyvixég yia Ty Evicyvon tov Retrieval Augmented Generation (RAG)

Kabdg to mapaywyko Al eEglicoetan taybtata, epeuvntég Kot enayyeipatieg e&etalovv
O1apopeG TEYVIKES Yo T Pedtioon ¢ anddoong Tov LeYdA®mV YAmootkav poviéiwv (LLMs) g
epyaciec Retrieval-Augmented Generation (RAG). Xvvdvdlovtag ta TAEOVEKTILOTO TV
YAOGGIK®V HOVTEA®V e cuoThpata avaktnong mAnpogopiog (IR), to RAG emtpénet oto LLMs va
TAPAYOLV TO TEKUNPLOUEVEG Kol GLUEPALOUEVEC amavToels. AkoAovBovv opiopéves factkég
TEYVIKEG Yo T PerTioon Tng amotelecpatikotntag T@v RAG cvetudtov mov faciloviol o LLM:

1. Emaoyn tov Katdiiniov Movtéhov Embedding

H anoteleopotikdtnTo TG avaKtnong Héocw ovoaltnong opoldtnTog ennpealeTol GNUAVTIKA
amo v moldtnto T@v embeddings mov avamapioTohy Ta £yypopa Kot Ta epotipate. H coot)
emAoyn evog povtédov embedding eivar kpiciun, kabng emnpedlet dueca v akpifela avaktnong
Ko, Kotd GUVETELD, TN GUVAPELN TOV amokpicemv mov tapdyoviatl omd To LLM. Awabéoipeg emhoyég
v embedding povtéda meptaiapufivouv:

Self-hosted evog povTéAOL avoLy TOD KMOTKO.

Xpnon pag cloud vanpeciog mov TPOSPEEPEL LOVTEAL AVOLYTOD KOSIKA.
Emoyn piag Avong cloud (m.y. OpenAl).

Xpnon pag orokAnpopévnc Aong, 6nwe to Enterprise Bot, mov mepihappdvet
vanpecieg embeddings.

o O O O

A&oveg yuo v a&loldynon tov katdAAniov embedding povtélov:

o Méoog 6pog amdédoon avaxtneng: MEtpnon g akpifelag Tov poviélov o
benchmarks mov gotidlovv otnyv avaktnon yw epyacieg RAG.


https://aws.amazon.com/what-is/retrieval-augmented-generation/

o MéyeBog povréhov kan yprion pvipung: To peyodvtepo Loviéda GuyVE TPOGPEPOVY
KaAVTEPN aKpifelo aAAE amatTovV TEPLGGATEPOVG TOPOVC.

o Awoctdosig embedding: Ta embeddings pie meplocdTEPEG S10GTACELS AMOTLTIOVOLV
TEPIOCOTEPEG ONACIOAOYIKEG AETTOUEPELEG, OAAG AVEAVOLV TIG OTALTHOELG UVIUNG.

o Méyetog aprOuodg tokens: Aglyvel To PEYIGTO UNKOG KELLEVOD TTOV UTOPEL VAL YEIPIOTEL
éva embedding, kpioylo ylo exTeVH EpOTALLOTA.

2. Bektiwotomoinon Xrpatnyikig Tunpatomroinong (Chunking)

H tpunpotonoinon (chunking) apopd ) didonacn Tov eyypaemv 1 0ed0UEVOV GE LIKPOTEPES
LOVASEC, EVIGYDOVTAG TNV ATOJ0TIKOTNTA Kol akpifela TNG avAKTNONG. ATOTELEGUATIKES
otpatnyés chunking fonbovv ta RAG cvotiuata va dwayepiloviot peyordtepeg e166500¢
KEWEVOL KO VO TOPAYOVV O GUVEKTIKEG, GUUPPALOIEVES OMAVINGELG. ZUVNOELG OTPUTIYUKEG
neptioupdavoov:

e  Tpnpatomoinon pe oricOnon mrapadvpov (Sliding Window): Alopei 10 keipevo oe
EMKAAVTTTOEVE Topdfupa yio SlotpnoT Tov GLUEPALOUEVOD.

e  Tpnpatomoinon Pacer eyypagov (Document-Based): Alaipei 1o keipevo pe Bdon ta dpia
TOV E£YYPAPOV.

e  Ynuaocworoywki Tunpoatomoinon (Semantic Chunking): Awoympilel To keipevo pe fdomn
oNUOGio, OPUOOTOIDVTAG CYETIKES TANPOPOPIES.

e Tunpatomoinon Paocer wpaktopov (Agent-Based): Xyediacuévn yio aAnAemidpaocelg
TOAAMOTTADV TPOKTOP@®V.

ITewpapatilopevol pe avtég TIg oTpaTNYIKES, Umopel vo emtevybel n 1coppomio peTald
aKpifelag avaKTnong, VTOAOYIGTIKNAG ATOSOTIKOTNTOG KOl TOLOTNTAS ATOKPIGEWDV.

3. Egoppoyn ®iitpov Metadedoopéivav

Xe moAAEG epappoyéc RAG, ta éyypaga o1 BAcT YVOOEDV TEPIEXOVY YPNCLLLL LETUOEIOUEVA,
Om®wS a&lomoTio INYDV, Xpovikég onudveelg N Bepatikn cvvaeeie. H a&lomoinon avtov tov
UETAOEOOUEVAOV BEATIAOVEL TNV TOLOTNTO KOL T1] GUVAPELN TOV ATOKPICENDVY, EXTPENOVTAG GTO
GUOTNLO VO QIATPAPEL 1} VO OIVEL TPOTEPULOTNTA GE TANPOPOPiES e Pdon TpoKaboPIGUEVH KPLTHPLOL.
lNo Topdaderypo:

o IIpotepardtta oe TpodcEATEG 1| A1OMIGTEG TNYEG.
o  Duktpdpiopa Paoet Bepdrov yro edkd medio, OTmg 1 vyEOvopKN TEPIBaAYN 1] TA VORIKA
nmuoza.

H yprion oiktpov petadedopévov Pondd otny emthoyn Tov mo aSldmIcTOV Kol GOVAQOV
TANPOPOPLDOV, EVICYOLOVTOS TNV OKPIPER TOV AmOKPIcEMV.

4. Eo¢appoyn Texyvik@v Metaoynuaticpov Epotnpatrov (Query Transformation)

Opiopéveg eopés, 1 eloay®yn Tov ¥pnotn oev evbuypoppiletot pe ™ dopn tng Pdong yvocemv
1N 115 Tpoodokieg Tov LLM. Ot teyvikég LETAGYNUATIGUOD EPOTNUAT®V TPOSapUolovy Kot
BEATIOTOTO00V TNV EIGOYMYN TOL ¥PNOTI Y10, KAADTEPT] CLVAPELN KOt aKPifELD avAKTNONG.
[Mapadeiypata meptiappdvouv:

¢ Emovadiotdnoon 1| ETEKTACT TOV EPOTNIATOG Y10, KAADTEPT COAANYT TOV GLUUEPALOUEVOV.
e E&oyoyn AéEemv-KAEOU®V 1| OVTOTHTOV Y10, AKPLPEGTEPT] AVAKTNOT).



e Metdppaon Op®V G€ GUYKEKPUYLEVT] YADGGO 1 TEYVIKT OPOAOYia.
e IIpocHnkm meplopiop®mv avdxtnong mov oyetifovrol Le To €pyo.

5. Beitioon Katataéng (ReRanking)

H apycn avakon oe éva cvotnua RAG dev dtac@alilel mavta 4Tl TO TO GYETIKA £YYPapa.
eppavitovrar otig mpmteg Béoelg Twv amoterespdtav. Ot teyvikés ReRanking emAvovv awtd to
Mmuo avadiotdocovtog ta avoktniévia £yypaea yio feATioon Tng cuVAQELNC.

e Alwmoinon mpo6clcTOV TopapéTpov: Xpnon onUacloA0YIKIC OHOOTNTOG,
a&lomotiog Ty®v 1 Ogpatiknig cuvaeelog Yo TNV a&loddynon Kot ovadtdTaén Tov
EYYPAQOV.

e  Eogappoyn ponypéveov Moviéhov Katdataing: Xpnon npoceyyicemv Unyovikng
LaOnongc, OTMG VELP®VIKA LOVTEAN KOTATAENG 1] EVIOYLTIKY pnabnon (reinforcement
learning), yio v ekpuabnon Pértiotmv kprtnpiov katdtaéng.

e Evoopdtoon Avatpopoddtneng Xpioet): Evooudtoon dedopuévov aAnAeniopaong
N avaTpoPodOTNOoNG Yo felTinon Tav Kprtnpiov Katdtaéng Le Tnv Tapodo Tov
XPOVOU.

KéBe pio amd autég Tig Te)VIKEG GTOYEVEL VAL EMAVGEL GLYKEKPIUEVES TPOKANGELS 61N éBodo
RAG, 6mwg 1 akpifela avaxtnong, n PeAtiotonoinon epotnudtov kot 1 katdtaén eyypdowov. H
EPOPLOYN OVTOV TOV PEATIOCEMV UTOPEL VO AVENGEL CIUOVTIKA TNV TOOTNT TOV OTOKPICEWY,
dtoporilovtag 6Tl Ta amoteAécpata ival o agldmoTa, cuvaen Kot cupepaiopeva. Kabogn
xpnon Tov RAG ernexteiveral o 6149opovg KAGO0VS, 0vTEG 01 PeEATIDGEL GVUPAALOVY OTN
ONovpyio To aVOEKTIKMVY, AITOSOTIKMY KOl OTOTEAECUAUTIKOV AVGE®V OV Pacilovtal 6Ty TeXvNnTy
VONLLOGUVT).

[Mopdro mov OAeg o1 mapomdvm TeXVIKES Bo pTopovGay va PeATidcovV T dladikacio Tov
RAG, 10 meipopd oG ETKEVIPMOVETOL 0€ 0VO PACIKEG TEYVIKES: TV EMAOYN LOVTELOV
embedding kot T oTpaTnywi] Tpotoroinong (chunking strategy). Eotidlovtag o avtég Tig
GUYKEKPIULEVEG TEYVIKEG, GTOYEVOVLLE VO KATOVONGOVLE KOADTEPO TNV EMIOPACT] TOVES 6TV oKpifela
OVAKTNONG KAl GTNV TOLOTNTA TOV TAPUYOLEVOV OTOKPIGEDV.

Movtéia Embedding

INo to povtéha embedding, emAé€ope Tic €€1G 00O emhoyég Tov mapovataloviol otov [Tivakog
3.2, o1 onoieg OVTITPOSOTEVOVV JLOPOPETIKES TPOGEYYIGELS G€ amOO0GT KAl S1UGTOGLOAOYNON
embeddings:

e nomic-embed-text-v1.5:
"Eva tomikd povtédo Pertiotomompuévo yio yevikng ypnong embeddings, to omoio amodidet
eCOIPETIKG GTNV ATOTVTIMOGN EVPEING GNUACIOAOYIKNG GXEGNG TOGO Y10 GUVTOWO OGO KoL Y10l
HaKpooke] cupepalopeva.

e text-embedding-3-large:
"Eva povtédo mov mapdyet peyardtepa davoouato embedding Kot pmopel vo Tpoc@EpEL mo
AemTopepels, akpiPelc avamapacTdoels mov PeATidvouy TV aKpifela avaktnong o€ mo
ovvheta epOTNUATA.



‘Ovopa Provider Méye0og Context Awotdosig E&edkevosig povrélov
Embedding Mopopétpov | window length
Movtéhov used to
generate the
next token
(num_ctx)
nomic-embed- nomic-ai 137M 8192 tokens 768 Mmopel va
text-v1.5 xpnoomomOet yio
dnuiovpyio embeddings
Y10 GOVTOLO KOl PLokpD
context
text- openai N/A 8192 tokens 3072 YynAng axpipetog
embedding-3- gpyaoieg: 1daviko yio
large MEPIMTAOGELS OTOL M

OTOTOTOCT TV
AEMTOUEPELDOV TNG
YA®GGOG gival kpioyun.

KataAinio ywo cvvOeteg
EQUPHOYES

Hivoxog 3.2 Xovolo emideyuévaov embedding poviéiwv

Me 1t ypnon tov dVo avtdv povtédnv embedding, otoxgdovpe va a&l0A0YNGOVUE KOTA TOGO
1 emAoyn povtérov ennpedlet ta anoteAéopato Tov RAG, dwitepa o€ 6,TL Apopa T1 GLVAPELL TNG
avakTnong kot v evfuypdppion pe tig kafopiopéveg apyLtekTovikés. Avtni 1 oOYKPLon TapEyet
TOADTILES YVADGELS GYETIKA [LE TOV pOAO TG emthoyng embedding ot Belticoon Tov oyedlacuov g
OPYLTEKTOVIKNG pe TN Ponbela twv LLMs.

MéBooor Tunuaroroinons (Chunking Methods)

INo to meipoapd pag, emié€ope 600 nebddovg TunpaToToinoNg e 6TdY0 T PEATIOTONTOINGT TG
aVAKTNONG KOl TG GLVOYNG TOV TUNUATOV KEWEVOL KaTd TN dodikacic RAG: v avadpopikn
Tunportonoinon (recursive chunking) kot v onpacioioyun tunpatonoinon (semantic

chunking).

Méca amd ToV TEPAUOTIGUO PE 0VTEG TIG V0 SUKPLTEC TPOCEYYITELS, LTOPOVLE VO
€€EPEVVICOVLE TTAOG SLOPOPETIKES GTPATNYIKEG TUNIATOTOINONG EXNPEALOVV T1 GUVAPELN KO T1)
GUVOYN TOV AVAKTNOEVTOG TEPLEYOUEVOV.

Avadpopurn Tunuotomoinon Katd Xopaxtipo (Recursive Character Split)

Avt 1 1é€B0d0g cLVIGTATAL EVPEWMS Yo TNV EMEEEPYAGT YEVIKOD KEWEVOD. XPNGILOTTOLEL pial
TPOTEPOLOTOINUEVT] AMOTA YOPAKTNPWOV, EXLYELPDOVTOS VA OOPICEL TO KEILEVO LE KADBE yapauKTpa
SadoyIKA, HEXPL TO TUALOTA VO pTdoovy o610 emBuuntd péyeboc. H npoemieyuévn Aota
yxopoktHpov ivat: [Mn\n", "\n", " ", ""]. H nébodoc mpocmabei mpmta vo Slotnproel Tapaypapovg,
LETA TPOTAGELS, KOl TEAOG AEEELC. Me i S1aThipnor aVTOV TOV LEYAANTEP®V LoVAd®Y dov glvorl
duvatov, n nébodog dratnpel onpacloloyikd GuVOEN TUALLATO KEWLEVOD, BEATIOVOVTOG TV aKpifela

avAKTNONG LEC® TNG OLATHPNOTG OYETIKOV EVVOLDV GTO 1010 TUNLOL.




2nuactoloyikny Tunuaroroinon (Semantic Chunking)

H onpoacioroyikn tunpoatomoinomn éxel oyediaotel yio va e&dyet kot va dtatnpel to vomua,
aE10A0YDVTOG TIG ONUACIOAOYIKEG OYECELS LETOED TOV TUNUAT®V. Avti va dtaympilet To Keipevo
OTOKAELGTIKA pE Pdomn yopaktipeg, N uEBodog kpatd poali Tunuate mov cLUVHEOVTOL GTEVA
VONUOTKE. AvTti 1 TPocEyylon eival Wlaitepa ypNoLun Yo va Stac@aiicel 6Tt Kabe Tunpo
AVTITPOCMOTEVEL P GLVEKTIKY 10€a 1 Bépa. O otdyog eivar va mapoyBovv mo akpiPeis kot
ocvpepalopeves avaktnoels. [a avth ) dadikacio 1 wéBodog Semantic a&lomolel kdmolo
embedding model.

I v viomoinon, ypnoipomombnkay cuvaptioelg amd to Langchain framework tng Python:

e RecursiveCharacterTextSplitter: ['lo v avadpouikn TUNUOTOTOINGT YOPAKTNPOV.
e SemanticChunker: I'to. T onUOGIOAOYIKY TUNHOTOTOINO).

Me 1t 60YKpIoT QVTOV TV dV0 LEBOSOV TUNUOTOTOINGTG, GTOYXEVOVLE VO TOPATIPCOVLLE
TAOG 1) GTPATNYIKY] TUNHOTOTOINGNG EMNPedlel T GLVOYT KoL TH GLVAPELD TG ovoKTNOeicag
minpoeopioc. Teucd, avtd o gvpipate o ETNPEAGOLY TV TOOTNTA TOV ATOTEAEGUATMV TOV
napdyovtar and ta LLMs, mpocpépovtag xpnoites TANpoopies yio T PeAtiotonoinon tov RAG
oTIG epappoyég mov Pacilovtal oto Al

IInyég Eyypapwv RAG: Ilepigyouevo kar Eniopacn ota Amotreiéouara

lNo va evieyveovpe TV amdd0ocT] TOV HOVTEAOL GTT ONovpyia Slaypapdtov KAGCE®Y,
napéyovpe 010 LLM koAb Tekunplopéves Toapovctdosls Tmv (NTOVIEVOV OpYLTEKTOVIKOYV. MEGw
dounuévav RAG apyeiov, emdidkovpe oyt Lovo va BEATIOCOVUE TNV TOOTNTO TOV TOPAYOUEVOV
OTOTEAECUATOV, AALE Kot VO EEETAGOVILE TAOG 01 S10LPOPOTOMGELG TNV TNYN Kot TN dOUT NG
mnpogopiog ennpealovv ta anoteléopota. o tov okomd avtd, dnpovpynoape tpelg Totovg RAG
apyeiov, To kabéva e S1POPETIKO TEPLEXOLEVO 1] LOPOT, Y10, VO AELOAOYNGOVILE TNV ENIOPAGCT] TOVG
OTO TEMKO OmOTEAEG LA,

1. RAG Apygio amé to “Software Engineering” Tov Ian Sommerville
To tpmto RAG apyeio avtieitar and po Ogpeidon mnyn: to Pipiio Software Engineering,
10th Edition tov lan Sommerville. To BifAio avtd amoterel otabud otov Topéa g Teyvoroyiag
Aoylopkov Kot KaAvmtet g faBog Tig PacIKES TPAKTIKEG TNG APYLTEKTOVIKNG AOYIGUIKOD.
XPNOLOTOIDVTOG TEPLEYOUEVO OO 10 TOGO £YKVPN KOl 0EIOTIGTN TTNYT, OVAUEVOVULE OTL TO
LOVTELO B0l ATOKTHGEL Lo, TAPT Kot SOUNUEVN KATAVON G, 00N YDVTAG 6€ OKPLPESTEPQ.
Swypappato KAbdoewv. H evoopdtmon vAtkol and to Bifiio avutd pog emitpémel va e£€TAGOVULE
TAOC P10, AVOTNPE oKAONUOTKT Kot Sopnuévn Paor yvooemv emnpedlel TNV IKavOTnTo TOV
HOVTELOL VO TTOPAYEL SLOYPALLLOTO GOUPOVO, LLE TIG OPYLTEKTOVIKES OTTOLTY|GELS.

2. Awyopiopéve Eyypo@o ApytteKToviKNg
X1 devtepn TPocEyyion, eEakoiovBovpe va ypnotporotovpe o Pifiio tov Sommerville g
nyn TAnpogopiog, oAl tpomomotove T popen. Ewdwotepa, yopilovpe tnv tekunpioon yuo
KG0e TOTO aPYITEKTOVIKNG GE EEYMPIOTA £yypoa. AvTi 1 LEB0J0G emTPETEL TN CVHVOEGT TOV
RAG apyeiov pe v apyrtektovikn mov (nteitol oto prompt, TopEYovVTac GTOYEVILEVT] KOl
egedkevpévn mAnpoopia. O Sy®PICUOG TOV APYLTEKTOVIKOV G EEYMPLOTA £YYPAPO. GTOYEVEL
o Peitioon g akpifelag Kot TS GUVAPELNG TOV TOPAYOUEVOD SOYPALUATOG, ETITPETOVTOG
L IO AETTOUEPT] KOl TPOCUPLOCUEVT] TPOCEYYION Yo KAOE 0pyITEKTOVIKO TPATLTO.



3. RAG Apysio am6 Arvdpopeg Aradktvakég IInyég
To tpito RAG apyeio dnuovpyndnke and didpopeg dtadiktvaxés nnyéc, omwg to Wikipedia, to
GeeksforGeeks, kot v texunpioon g IBM. Avtod to apyeio mpoc@épel 6to Lovtéro €va evph
QAGLLOL OTOYEMV KOl EENYNOEWV, TAPEYOVTOS L TOLKIALO TANPOPOPLDOV TOL GUYVH ATOVTMOVTOL
og Myotepo emionpeg myés. O cuvOLAGUOG dedOUEVOV amd TOAMATAEG SLUSIKTVOKES TN YES
avTIKOTOTTPILEL T S1LPOPETIKOTNTA TOV EENYNCEMV KUl TMV OTOYPDCENDY TOL GLVAVTOVTOL GE
avemionues, aALd gvkola TpooPdotipeg Tnyés. H doxiun avtod Tov apyeiov Hog enTpénetl va
OlEPEVVINIGOLLE AV 1) ¥PNOT TOLKIAOLOPPTG TANPOPOPiag exnpedlet T cuvoyn Kot TV akpifela
TOV TOPAYOUEVOV OLAYPUUUATOV KAACEDY, GE GOYKPLOT UE TNV CLGTNPOTNTA TNG AKAUOT LUK C
TPOGEYYIONG.

SUVOMKA, 1 TEPOUATIKT aEOAOYNOT ALTOV TOV TPV TOTeV RAG apyeiov amockonel otnv
KOTAVONGT) TOV TPOTOV LE TOV 0010 01 S10POPEG GTNV TTNYN TEPLEYOUEVOD KO T SOUT TOV £YYPEPOV
eMNPeAlovy TNV TOLOTNTA KOL TNV TGTOTNTA TOV TAUPUYOUEVOV SOYPOUUATOV KAAGEDY. AVTA N
avaAivon Ba pog TpocPEPEL TOADTIUES YVMDGELS OYETIKG e TN PEATIOT néBodo evioyvong tov LLMs
LE EEMTEPIKN YVOOT] Y10 GOVOETEG APYITEKTOVIKEG EPYACIEG.

3.2 Xyeowopog Ilepdpatog

3.2.1 Awyplppoto apyitTEKTOVIKNG ®OC 61 1Eio avapopas

[N va amoktnoovpe o 0AOKANPOUEVT KATOVONGT) TOL TPOTOL LLE TOV OToio Kae
OPYLTEKTOVIKO TTPOTLTO EMNPEALEL TNV EQPUPLOYT LLOG, VAOTOICALE TPELG SLOKPLTEG EKOOGELS TNG
epoppoyng o€ Java, kabepia anod tig onoieg Paciletar o€ €va amd To ETAEYUEVO APYLITEKTOVIKA
npotuna: Mehdtng-E&uanpetntic, Tprdv Emrédwv kot Model-View-Controller. Avti 1
TPOGEYYION WOG EXTPEMEL VO TAPOTNPTCOVUE TOC KAOE apyltekToVIKn ennpedlel T doun, T pon
dedoUEVOV Kal TN SLOUOPPMOT) TV LOVAS®V EVTOG TG EPAPLOYNG.

Ye KGO £kd00T], PPOVTIGOLE VO TNPOVUE OVGTNPA TIG aPYEG KOl TIG KATELOLVTNPLEG YPUUUEG
7ov oyetilovtar pe Kabe apylLTeKTOVIKO TPATLTTO, OTMG TEPLYPAPOVTaL otV gvotnTa 2.2. AuTd
nepAdpPave v e£aoPAAIon capod SLo®PIGHOD EVBVVOV Kol GUVETELNG TN LY ElpLoT KoL TNV
oAAnAemidopacn TV dedopuévav HeTaéld T@V GLOTATIK®V otolygiov. Tnpodvtag avtég Tig factKég
OPYLTEKTOVIKEC OPYEC, GTOYEVOVLLE VO SNULOVPYHGOLLE Uig, BACT) VOQOPAS, LLE TNV 0TOild HTopovV
Vo cLYKPLBOVV TO TOPOYOLEVO OMOTEAEGLATO TOV TTPOKVLITOVY OO TIG ATOKPIGELS TOV LOVIEAMV.

Metd v viomoinomn ke ékdoong, ypnoinonomoape to epyoreio Visual Paradigm yio v
avTicTpoPn Tapoywyn Tov Kddka Java cg daypdappata kKAdcewv UML. Avtr 1 dadikacio pog
EMETPEYE VO OMLLOVPYTCOVUE OTTIKES AVATOPACTAGELS KAOE OPYLITEKTOVIKNC, KATAYPAPOVTOS LLE
axpifela Tic yéoels, Tic E0PTNOELG KOL TIG LEPAPYIEG EVTOG TOV VAOTOMUEVOD KMDOKOA.

211g Ewova 3.7 , Ewédva 3.8 kot Ewova 3.9 mapovsialovror ta dtaypdppota khdcemv UML
OV TPOEKLYAV OO TIG VAOTONGELS LOG. AVTA TO SIOYPALLOTA YPNCLEDOVY MG ONUEID OVAPOPAS
v TNV aEl0AGYNGeT TOV SIOYPOUUAT®V TOV ToPAyovTal omd To LOVIEAN GE GUYKPLOT] LE TA
mrodpeva apyrtextovika tpdtuma. [Tapéyovv g Kabapr), SopnUEVN E1KOVA TMV GLGTUTIK®Y
otoyelv, delyvovtag TG KAOE EMAOYN UPYLTEKTOVIKNG ENNPEALEL TNV OPYAVEOOT KO TNV
0AANAETIOPOGT TMV KAAGEDV EVTOG TNG EQPOPUOYAC



[Mopdro mov dev amolnTape To SlarypapLpaTe, Tov dnpovpyovvrot ard to. LLMs va gival
AOAVTO TOVTOCTLLO LLE AVTA, AmoTEAODV £Vl oMUEio avapopds Yo cuykplor. Eipaote avolytoi og
véeg mpooeyyioels, vid TV Tpovmodeon Opwg 6Tt evbuypappilovton pe ta kobiepopéva
OPYLTEKTOVIKA TPOTLTOL KO TIG apyEG oyediaonc.

Eixova 3.7 Aiaypouuo kléoewv too DCC o¢ Client-Server

Ewcova 3.8 Aicypouo klaoewv tov DCC oe Three-Tier



a Controller
| <<Property>> -view : View
[-dCCModel : DCCModel = new Model()
~controller 0:
: C Type, Double, : Double, label : String) : void
Z <enumeration>> ﬂpﬁﬂid:. .itt),n:“mnm pe, Double, : Double, label : String) : void
CARTEMML |+readByLabel(label : String) : Boolean
IPOLAR >
Model
a View X
. a DCCModel
[-frame : JFrame e e e : Toew y
-xCoordinateField : JTextField vertC ype : Ce ype, : Double, : Double) : double[]
-yCoordinateField : JTextField +loadEntries() : ResultSet
|-rCoordinateField : JTextField ype : C ype, : Double, : Double, label : String) : void
i : JTextField |+updateEntry(id : int, currentCoordinateType : Ct ype, : Double, : Double, label : String) : void
-labelField : JTextField +deleteEntry(id : int) : void
[-table : JTable +loadEntriesByLabel(label : String) : ResultSet
-tableModel : DefaultTableMode! % =7
-currentCoordinateType : CoordinateType
<<Property>> uses
+View()
+ void
-showPolai < void CoordinateConverter
+refreshTable(resultSet : ResultSet) : void vertC: + polarCe
-load() : void B
l-add() : void
[-update() : void
-delete() : void
|-readByLabel() : void
: : void
-dbConnection
a DatabaseConnection
- String = *

Eixova 3.9 MAigypopuo klaoewy too DCC oe MVC

3.2.2 Epyoieio PlantUML

H ypnion evég model-oriented epyodeiov 6mwg to Visual Paradigm yio tn dnuovpyia kot
a&lohdynon dwypappdreov UML and to LLMSs mopovciace opiopéves TeVIKEG TPOKANGELS.
ZUYKEKPYLEVA, 1] CUVELOT| LE ALTO TO EPYOAEID OTOTOVCE OVO EVAALIKTIKEG TPOGEYYIoELS, Kabepio
LLE TTEPLOPIGUOVG,.

2V TpOTN TPOGEYYIoT, B0 UTopoVGALLE VO EPYOGTOVUE LE OLOYPALLOTO KAGCEWDYV GE LOPON|
ewodvag. Qotdc0o, avto Ba pog meplople ot ypnNor HOvo PeYGA®Y YA®SoIK®V povtélomv (LLMs)
OV UTOPOVV VO, ONUIOVPYOHV Kot VO avaryvmpilovy EIKOVES, OMOUOKPVUVOVTAG TN POT| EPYAGING OTo
TOVG 0PYLKOVG 0TOYOVG TOL £pyov. Emumiéov, n e£dptnon amd v avayvaopior slkOveV 10AYEL
TPOKANGCELS, OTMG HLEI®UEVT akpifeta kot avEnpévn duokoria oty enegepyacio Kot exoinfsvon
TOV GTOLYEI®V TOV d1OYPAUUATOG.

H 6g0tepn mpocéyyion agopoioe T dnpovpyia dwaypappdtov khdcemv and to LLMs og
popery XML, ta omoia 6o pmopovcape va gtoaydyovpe oto Visual Paradigm. Qotoc0, avti 1
emhoyn iye emiong mpofinuoata. Ta daypdupata kAdcewv oe XML amoaitovv ovvhetn cbvtaén, 1
omoia Umopel vor SLopEPEL LETOED SLUPOPETIKMV TAATPOPLDV, 00MNYDOVTOS 6€ Thava {ntiuota
ocupupatotntog kol acvvéneleg. EmmAéov, n dnuovpyia XML and LLMs umopet va givot SOGKOAN,
EVOEYOUEVMG OOMNYDVTAG GE GOAAUATO. 1] EAMTT O1AYPUUUATO.

I va avtipetonicovpe avtég Tic mpokAncels, emiégape ) ypnon tov PlantUML. To
PlantUML cuvvévalet T duvatdtnTa dNUIovpYiog AETTOUEP®Y KOl KOAR SOUNUEVOV SL0YPOUUATOV
UML pe v amhdmta pog YAOooag Paciopévng o kmdika, tov to. LLMs uropovv gvkoia vo
TOPAYOVV KOl VO EPUNVELGOLV. AVTN 1] EMAOYT LOG ETETPEVYE VO ATTOPVYOVLLE TO TPOPAT AT
ouppatottog tov XML, Kabd¢ Kot Tig TPOKANGELG TG AVAYVAPIoTG ELKOVOV, SLOTNPOVTAG LI


https://plantuml.com/

opain pon epyaciag. H andn ovvtaén tov PlantUML dwepaiilel 6t1 omotodnmote LLM pe foacikég
SVVATOTNTEC TAPAYMYNG KEWWEVOL Ko KMOIKO Umopel va dnpovpyel kot va avayvopilel ta
SLypAULULATO, KOOIGTOVTOG TO [0l W00VIKT AVOT] Y10l TIG AVAYKES LOG.

To PlantUML mpoc@épel eniong mokiAio eXAOYGV yia. TNV onTikonoinon oaypoppdtov UML.
Ymootnpilel moAMATAEG TAATOOPLLES KOl EpYOAEia, cuumeptAapPoavopévon evog emionov web server
7oL AETOLPYEl G KeeEVOYpApoc, Kabmg kat Pipiodnkec yia Java, Python, kon React. Zta mhaicia
NG O1K1AG 1oL epyaciog, a&lomoicaple To apyeio .jar tov PlantUML yia Java, to omoilo pog emétpeye
VO, 00O MGOVLE KoL VoL TPoPdAovpe Ta dtaypappata angveiog g eioves. Avti 1 AeltovpykdTTa
Tapelye Evav amodoTIKd TPOTO OTMTIKOTOINGNG Kot A&loAdYNONG TOV TAPAYOUEVOV SL0YPOHUUATOV
KAGGEDVY, ETTOYOVOVTOG T POT| EPYOCING LOG LEGM TNE YPNYOPNS LETATPOTNG 0d KOIIKOL
PlantUML o¢ popon| eikévag yio avaivon).

@startuml

'Classes:

class User {
- 1id: int
name: String
+ sendMessage()

© User + addContact()
}
o id: int
o name: String class Message {

id: dint

o sendMessage() content: String

o addContact() + metadata: int

//// \\\\\ + send()
}

© Message © Group class Group {
R - 1id: int
oid: int
o content: String
o metadata: int

oid: int name: String
o name: String + addMember ()

}
o send() o addMember()

'Associations:
'

"User" "Message"
"User" -- "Group"

@enduml

Ewcovo. 3.10 Hopaderyuo plantUML

3.2.3 Avantoén, Epyoieio ko oo

INo v avdmtoén kot v ektéhecn Tov TEPAPATOS pag, yxpnotporomoape Evay server Ubuntu
22.04 gomhopévo pe 128 GB RAM. Avti 1 SIOHOpP®GT| TOPELYE TOVS OTAPOATITOVS
VTOAOYIGTIKOVG TOPOLG V1o T dtayeipion HeYaAwY YAwoowkdv povtéiwv (LLMs) kat tng
EKTETAUEVNC EMEEEPYOOTING TTOV OTOUTELTOL Y10 TN OMpovpyia kot a&loAdynon SloypapupidToy
Khdoewv UML og dtdpopa cevipia.

Mo v aAinienidopaon pe ta tomkd LLMs, ypnowonomoape to Ollama framework, puo
YPNOUUN TAATPOPLLO TOV EYEL GYESIUGTEL Y10 TN OLOXEIPLOT KOL TNV EKTELECT] LEYOA®Y YADOCGIK®OV
povtélmv, 0nwg to Llama 3.1 ko to Mistral, og tomkéc punyovég. To Ollama mapéyel svékn
EVOOUATOOT TPONYUEVAOV duvaToTTOV Al, TPOGPEPOVTOC GTOVG TPOYPAUUATIOTES EPYOAEID VIO TNV
kAo kot tn dlayeiplon LOVTEL®V.



To Ollama vrootnpilel TOAAG AEITOLPYIKA GLGTHLOTO, GVUTEPIAAUPavVOUEVOVY Tov Windows,
macOS, kot Linux, kot Tpoc@épet S10popeg EMAOYESG XprioNs, OTWG:

e Apueon npéoPaon péco ypappung EVTOA®V LE TNV evToAn ollama run <modelName>.
e API kiMoeig ot dievbuvon http://localhost: 11434/api/generate.
e Evoopdtoon pécom mpoypopuloTioTik®y Biitodnkoy.

>to melpopd pag, emiélape va aAniemdpdcovpe pe to Ollama pécw dikav pog Python
scripts, ypnowonoidvtag tn Pipriodnkn LangChain yio tn dnpovpyia Sounpévev podv epyaciog
pue LLMs. To LangChain dievkoAvvel Tnv evoopdtoon tov LLMs, kabiotovtog ) dayeipion tov
amokpicemv facel prompts Kot TV RAG d1001Kac1®dV 1o amodoTik).

Extég and o Ollama, ypnoiponomoape 1o OpenAl API yio v tpoécPoocn oto embedding
povtého text-embedding-large-3 kot 610 gpt-40, yio T dnpovpyic embeddings Kot Trv avaKTnon
EVIOYVUEV®V OTOTEAEGUATOV.

Baon Acoouévav yia AmoOnxevon Vectors

2t dwdikacio RAG, ypetdotnke pia Paorn dedopévav yia tnyv Tpocmpivi amodnikevuon
embeddings vectors and ta tepayicpéva (chunked) keipeva. Xpnowonomoape to Chroma, pio
avoLyToL K®OKa Pdom dedopévav Al-native, TpocaplocpEV Yo T BEATIOON TNG TOPAYOYIKOTNTOG
TPOYPOUUATIGTOV Kol eveopatopévn oteva pe to LangChain. To Chroma enétpeye tnv amodotiky
amofnkevo kot avaktnon dedouévav vectorized, amopaitnta yio tn doyeipion embeddings ot
pon epyociog RAG.

2nijowo wewpapatos ko Extéleon

Mo ™ d6uNoN TV GEVOPIMVY KOl THV GVTOUATOTOINGT TG dladtkaciog dSnuovpyiog
Sy pAUUAT®V KAACEWDY, SNUOVPYNCOLE £Va TIVAKO TOV TEPLEXEL AVAAVTIKEG TAT|POPOpPieS Yo KEOE
nepinTwon, amokaiovpevn og "oeviplo.”" To apyeio avtd meprapPavel Tic e€Ng oTNAEC:

e ID: Evog povadikog avayvmpiloTikog aptfpdc yio kabe oevaplo, Tov cuvdéetal anevbeiog e
TO TOPOAYOUEVO SIAYPOUUE KAAGEDV.

e familyld: IIpocdiopilet tn yevikn katnyopia ("otkoyévela') otnyv omoia avnkel KGOe
oevdplo, dtevkoAvvovtag T dopn eakédwv. H popen tov sivat:
{architecture} {fr set number} {nfr set number} {prompt file number}
(.., To cs111 onAdver Client-Server apyitektoviky, FR set 1, NFR set 1, ko prompt 1).
e architecture: H (ntodpevn apyitektovikn (m.y. Client-Server, Three-Tier).
o frPathfile: Path yio to apyeio Aettovpyikdv anaitioemv (FR).
o nfrPathfile: Path yia to apyeio un Aertovpyikdv anorticewnv (NFR).

¢ promptPathfile: Path yia to apygio keyévov tov prompt.

e modelMetadata: To ovopo kot 1 ékdoon Tov emieypévov LLM (w.y. llama3.1:latest,
gemma?2:27b).



e source: [IAnpogopieg yia to av 1o dbypappo KAacemv dnuovpyndnke pécw Python scripts
N péoo online pebodwv (m.y., ChatGPT).

e ragDecision: KaBopilel av 10 RAG ypnoyomoieital yio to oevapto (Nai 1 Oy).

e ragPathfile: Awdpoun oto apyeio RAG pe eEmtepikd dedopéva yio 1o GEVAPLOL TOL
ypnoorotov RAG.

e embeddingsMetadata: JSON avtikeipevo pe Aemtopépeteg yua ) dwadikacio RAG, 6nmg:

{
"agent": "openai/ollama",
"model": "nomic-embed-text:latest / text-embedding
-large-3",
"chunking_info": {
"method": "recursive/semantic",
"chunk_size": "1000/-"
¥
}

e resultPath: Zouminpdveral avtépate amd To script HeTd T dnpovpyio ™G andKpLong,
npocdopifovrog to path yuo o apyeio amoteéopaTod.

Av10g 0 dounpévog Tivakag emtpénel ot Python scripts va dtatpéyovv kdbe cevapio,
OVTOLLOTOTTOLMVTOG TN SLadIKaGio dNovpyiog Sty pappdTmv KAMAGEDY COUPOVA LE TIG
K0OOPIGUEVEG OTTOLTIOELS KOl SILUOPPDCELC.

H p0Buion vt d1evkoAbVeL T GLGTNUOTIKY dlepebvnon Kabe petafAntig (mT.y. TOmog
OPYLTEKTOVIKNG, EMA0YT HovTEAOV, ¥p1ion RAG) kot dtacpariletl 0Tt Ta amoteAéopato gival
OPYOVOUEVO, GUVETY] KOl EDKOAN OVIYVEDLGILO GE OAQ TOL GEVAPLL TOV TEIPAUOTOG.

3.24 Iewpdpato

[No va a&oroynoovpe v enidpaon kdbe mapapérpov (THTOG APYLTEKTOVIKNG, GHVOLL
FR/NFR, emhoyn povtéhov, xprion RAG kot otpatnywkn embedding) otnv moiotnta tov
SLYPOUUATOV KAAGE®DY TOL TAPAYOVTOL OO TO S1APOPO. LOVTELD, O1elaydyoue VO OAOKAT POUEVO
GUVOLO TEPANATOV VIO EAEYYOIEVES GLUVONKES. XTOYOG LG TAY VO OTOLLOVAOGOVLLE TNV ENLOpaCT
KG0e peTOPANTNG, SNUIOVPYDVTOS KO OVOAVOVTOG L TOIKIALL ceEvapimy.

O TepopoTIKOG Hog oYedacOg TEPIAAUBovE TNV enavaAnyn Tov 1010V GUVOAOL Gevapiwy o€
tpelg drokpirég apylrektovikég: Client-Server, Three-Tier, kow Model-View-Controller. Kéfe
obVOLO apylTeKToVIKNG TTeplelye 160 povadikd cevapia, |e 0TOTEAEG O TN SNUIOVPYIN
ouvoAlka 480 dwaypappdtov.

AVT0G 0 GYEOCUOG LOG ETETPEYE VO LLETPICOVLLE TNV ATOO00T KAl VO, 0ELOAOYGOVUE TG
KkG0e mapdaperpog emmpedlel TV akpifela, T CLVAPELN Kol Tr SOUN TOV SLOYPUUUATOV KAAGEDY TOV
OMNovPyoHVTaL, EVICYVOVTAG TNV KATAVONGT TOV TPOTOL LE TOV OTOI0 01 OLULPOPETIKES
dtpopemoels ennpedlovy ta anoteléopata. Ta oevapla KOTAoKEVAGTNKAV BAcEL GUVOLACUOV
TOPAUETPOV, OTOG:

o Meydro IF'hoooikd Movtéha (LLMs): Xpnoiponombnkay dapopetikd povtéda, Onme
ta llama3.1, gemma2:27b, kot command-r, yio va a&loloyn0el Tdg 1 entAoyn Tov povtéilov



emnpealel ™ drodikacio dnuovpyiag StaypapUdToy.

e RAG évavrti M1-RAG: Aoxdoape cevdpla pe Kot yopig xprion tov Retrieval-
Augmented Generation (RAG), ©o1€ Vo TOPATIPTCOVUE TDG 1 TOPOY] CUUTAT POUATIKOV
TANPOPOPLDY EMNPEALEL TNV 0kpiPelal Kot T SO TV TOPUYOUEV®Y S0y PALUATOV.

o Azrtovpyikég kat Mn Asrrovpyikég Anontioels (FR/NFR): XpnoyomomOnkoav dvo
exdooelc Twv ouvvolmv FR kot NFR yia va e€etactel av 1 Aentopépeia Kai 1 SOp| Twv
OTOTNOEWV EMNPEALEL TO OMOTEAEGLOTO TOV LOVTEAWDV.

e Movtédho kot Mé0odor Embedding: EvoopatdOnkay dwapopetikd povtéla embeddings
Kot péBodot tunuatonoinong (chunking) ot dwwdikacio RAG, yio va peketn el g avtol
0l TOPAYoVTEG EMNPEGLOVY TNV AVAKTNGN KOl TI GCUVAPELL TOV ATOTEAECUATOV.

210V Ypaoenpa tov akolovdel otnv Eikova 3.11, mopabétovpe Aemtopepr| aneikdvion twv
cevapiov:



©O-scenarios_set3

scenariosSets ©-scenarios_set2

Scenarios

scenarios_set1

© total_number © 480

-scenarios

© architecture ©°

© number_of_scenarios ©

‘scenarios

architecture

© number_of_scenarios ©

-scenarios

architecture

number_of_scenarios

Scenarios Tree

RAG Decision

Prompt

NFR set

FR set

model
Model-View-Controller
160

RAG Decision

Prompt

model
Three-Tier
160

RAG Decision

Prompt

model
Client-Server
160

Yes RAG Details
No

promptt

ntr2

nfrl

r2

r

claude3.5 Sonnet

copilot

gemini

gpt-do (Software Architecture Visualiser)
gpt-40 (chatGPT40)

mixtral:8x7b

command-r

gemma2:27b

phid:medium-128k

llama3.1:latest

Yes RAG Details
No

promptt

nfr2

nfrt

r2

r

claude3.5 Sonnet

copilot

gemini

gpt-do (Software Architecture Visualiser)
gpt-4o (chatGPT4o)

mixtral:8x7b

command-r

gemma2:27b

phid:medium-128k

llama3.1:latest

Yes RAG Details
No

promptt

ntr2

nfrt

r2

1

claude3.5 Sonnet

copilot

gemini

gpt-do (Software Architecture Visualiser)
gpt-do (chatGPT4o)

mixtral:8x7b

command-r

gemma2:27b

phid:medium-128k

llama3.1:latest

Eixova 3.11 I'papog oevopiawv

3.2.5 A&wordynon amo Al ko AvOp@mivo Avvapiko

RAG File

chunkingMethod

agent / embeddingModel

RAG File

chunkingMethod

agent / embeddingModel

RAG File

chunkingMethod

agent / embeddingModel

rags
rag2/3/4

rag!

semantic

recursive

openai /text-embedding-3-large
ollama / nomic-embed-text

rags
rag/3/4

ragl

semantic

recursive

openai /text-embedding-3-large

ollama / nomic-embed-text

rags
rag2/3/4

rag!

semantic

recursive

openai / text-embedding-3-large

ollama / nomic-embed-text

H tehikn @dion Tov melpdpatog pog meptiapPavet o ohokAnpouévn a&loddynon tov
TOPAYOLEVOV SO YPOUUATOV KAAGEDV PES® 600 neBddmV TNV a&loldynon and ypnoTES Kot TNV
a&lohdynon pe ) ypnon Al otovg mapakdto aoveg a&loldynong.

Aboveg Aé1oloynong

1. TMpnon e ApyITEKTOVIKIG
O ypnotec a&oAdynoav Kot 7060 1 (NTOVUEVT apYITEKTOVIKT LAOTOONKE CMGTA 68 KAOE
Suypoppa kKhacewv. H aglohdynon emucevipdbnke 61o ov tnpinkay ot apylteKTovikés apyeés,
OM®G M KATAAANAN Katavoun evuvav petad Tov KAAcE®mV Kot 1 E00VYPAUUIoT [LE TO
KaBOPIGEVO apYITEKTOVIKO TPOTLTO.



2. OpBomTa TOV Xyfccmv petalv Khaoewv
Avt 1 dudotaon e&étace TV akpifela Tov oxEcemv HETOED TOV KAAGEMY GTO TAAICIO TNG
kaBopiopévng apyltektovikng. Ot xpnoteg a&loAdYNCOV OV Ol GUGYETIOELS, 01 EE0PTNGELG KOl OL
PO&G emKOV@VIg HETOED TOV KAAGE®V amekovi{OTAY GOGTA Kol 0V TPOVGAV TIG
OPYLTEKTOVIKES OPYEC.

3. Zvovoyn kot Xvlgvktikotnta (Cohesion and Coupling)
H vynAn cvvoyn kot 1 younAn oulevktikdtnto amroteAovyv BePeMMOEIC GYeSAOTIKEG aPYES Yo
dtaTnpNoLUES Kot amodoTikég apyttektovikés. Ot ypnotes Pabpoldynoav kdbe dbypappo pe
Baomn v eotiaon kot Tov povadikd okond Kabe kKAdong (VynAn cuvoyn) Kot TNy
elaylotomoinon Tov e&aptioemv LETOED TV KAAGE®V (YapnAr culeuKTIKOTNTA).

4. Xovémewn pe TG ATULTIGELS AOYIGPUIKOD
O ypnoteg e€étacav av Kabe dtdypappo KAATTE TOGO TIG AELTOVPYIKEG OGO KO TIG [N
AEITOVPYIKEG OMALTNOELS, OTwG Kabopilovtal ota chvora amartioewv. Avti 1 a&loAdynon
eCaoc@aloe OTL Ta, SLAYPAUUATO OEV TNPOVGOV UOVO TIG OPYITEKTOVIKEG apYEG, AALN Kot
EKTTPOCHOTOVCAV LLE AKPIPELD TNV ATOITOVUEVT] AEITOVPYIKOTNTA.

A&roloynon amoé AvBpamivo dvvauiko

ZVYKPOTNCOLE LU0 OLAdQ 0O TEGCEPA ATOLLO LLE OLAPOPETIKE eMimeda EUTMEPIAG GTOV TOUEN
NG OPYLTEKTOVIKNG AOYIOUIKOD Yio va a&toAoynoovy Ta Tapayopeva dtaypdappata. Kébe ypnotng
npoypatonoinoe aveéaptntn a&loldynon kat faduoroynon tov daypoupdtov Pdcel tecodpov
Bacik®v 0106TAcE®MV OTMG TOPOVGLAGTNKAY TOPATAVE.

KéBe ypnotng édwoe évav aképato Babud and 0 éoc 5 og kabe dEova. Avtn 1 dedikacio
dNUIovPYNoE Evo TAOVGLO TOLOTIKO KOl TOGOTIKO GOVOAO SEQOUEV@MV Y10, TNV OVAADCT] TNG TOLOTNTOG
TOV SL0YPOUUATOV.

A&roioynon péow Al

Xpnoworomoape eniong LLMs yia v a&loldoynon tov staypappdtov kKAdcewy. g kdoe
LLM 860nke ¢ €10000 TO TOPAYOLEVO SLAYPALLLLO KOL 1] KAOOPIGLEVT UPYLITEKTOVIKT KOl KANONKE Vo
a&lohoynoet Ta Soypappoto pe Pacn Tig id1eg TE6GEPIG SUGTAGELS TOL XPNOLUOTOMONKAV 0o TOVG
avOp®OTIVOLG E151KOVG.

To LLMs mapeiyav:

o Axéparovg BaBpovg: Onwc o1 ypnotec mov a&lordynoav, kot to. LLMs Babpoldyncav kéde
Kkprthpto pe Pabuod amod 0 éwg 5, emrpénovtag Ty dupecn cuykpion UeTa&d TV
aloroynoeov Al kot avBpdmwv.

o Keipeva Awkarodoynong: I'a kéBe Pabuo, ta LLMs mapeiyav eneEnynoeig oyeTikd e
Aoy g Pabpordynong tovg. Avti 1 TPOGEYYIoN NTOV KPIGIUN Yo TNV KATavOnoT TMV
dtadikacidv Aoykng Tov LLMs, Bonbmvtag pog va eKTIUMGOVE TV IKavOTNTA TOVE Vo,
avayvopilouy apyrtektovikeég apyEs, v eVIomilouy GOAALATO KOl VO EKTILOVV TIG PEATIOTEG
TPOKTIKEG OTOV GYESLOCLO SOLYPOUUATOV KALCEWDV.



O ovvdvacuods a&toroynoewv amd avlpmmovg kot Al pog eTiTpémel Vo TPOYUATOTOU|GOVLE Uit
OAOKANP®EEVT] avEALGT] TG TOLOTNTOG KABE dlorypAppatos. Mécm g 6UYKPIoNG TG CLUVETELNG Kol
g evBuypdppiong tov Pabuoioyidv Kot TV SikaloAoynoemv mov tapéyovtot and to. LLMs pe
EKEIVEG TV OVOPOTIVOV EOIKMOV, ETOIOKOVILE VO EVIOTIGOVUE TIHAVE TAEOVEKTAUATO KOl AOVVOUIES
™G a&loAoynong pe Baon to Al

AVt 1 SuTAN TPOGEYYIOT TTPOGPEPEL £Val 1IGYLPO TAAIGLO Yol TNV AE0AOYNoN NG
OTOTEAECUATIKOTNTOG T®V LOVIEA®MV GT1) dnpiovpyia Kot fabpoidynon Saypappdtov KAAGEDY,
TOPEYOVTOG LLOG L0 AETTOUEPT KATAVONOT TV TPEYOVCMY SVVATOTHTWOV TNG TEXVNTNG VONLOCGVVIG
KO TOV TOPLEMV OTTOV amalTEITOL TEPATEP® PEATIMON.



4 EKTEAEXH — AIIOTEAEXMATA

4.1 Tomkéc TEPUTTAOGCELS

e aut v evotnta Bo Tapovoidcovpe optopéva UML Saypdappoto kKAAGEDY TOv
dnuovpyndnkav and to LLMs.

1lnpn kou axpifn owypoupare kideewv UML

To TopakdTo S1oypAUIOTO KAACE®V OVOSEIKVOOLV OPICHEVEG EVOLAPEPOVOES KOl aE1OMOYEG
TPOGEYYIGELS GTNV AMOTHTOGT TWV APYLTEKTOVIK®OV TPoTVTT®MV. OA0 T d10ryp AT TPOVY
EMTVYDG TIG PAGIKES OPYEG TOV TPLOV GLYKEKPIUEV@V apyLtekToviK®V. EmmAéov, evappovifovtat pe
TIG OTOLTNGELG TOL AOYIGUIKOD, OTOTVTTOVOLY e aKpifela Tig oyéoelg petah Tov KAAGEDY Kot
Tapovcldlovv VYNAT cuvoyn Kot YapnAr cvlevkTIKOTNTA, avTiKatoTTpilovtag eEalpetiky amdooom
ota Packd kprripla aEloAdynong.

Client-Sever:

Llama3.1:8B | fr1 | nfrl | ragl | ollama | nomic-ebed-text:latest | semantic (ID = 3)

To didypappa oty Ewkova 4.1 meprhappdvet tpia Stokpitd makéra: client, server kot domain,
kaBéva amd To omoin £xel capmg Kabopiopévoug porovc. Ta makéto cuvoEovTal LEGM AETTOUEPDV
oyéoemv LETAED TOV KAACEWV, OTOSELKVIOVTOS OTOTEAECLATIKY EMIKOVOVIO LETAED TV
oLOTATIKOV oTolyEl®mV. To S1AYPALILO EVEOUATMVEL LLE ETTVYI0 GYEOOV OAEG TIG AMUITNGELS TOV
AOYIGUIKOD, TEPIAAUPAVOVTOC GLYKEKPLUEVES AETTOUEPELEG GYETIK e TN cvuvdeon TCP/IP. Xty
TAeVPA TOV dtoKoUoTr (server), dtayelpilovrat ot evBHveg ™ PAong dedoévmv, EVD GTNV TAEVPA
tov ehdtn (client) meptiapPévovron kAdoelg 6nmg n DCCApplication e pébBodo run(), pa
KAdorn Converter, kaOd¢ kot pio kKAGon Manager eéomhopévn pe Aettovpyieg CRUD yuo v
OAANAETIOpOGOT LLE TOV OLOKOLUCTY.

2UVOMKA, aVTO TO JAypoppa givol TANPEG KOl TANPOL OAQ Ta KPITN P, KAoT®VTOS TO Lo
GYVPN KoL 0KPIP avamepacTact TG OPYITEKTOVIKNG TEAATN-EEVANPETNTY.



Client

©DCCAppIication

e run()

Uses

© Converter

o convertCartesianToPolar(cartesianCoordinates: CartesianCoordinates): PolarCoordinates
o convertPolarToCartesian(polarCoordinates: PolarCoordinates): CartesianCoordinates

Uses

© CoordinateGroupManager

o coordinateGroups: List<CoordinateGroup>

e createCoordinateGroup(cartesianCoordinates: CartesianCoordinates)

o storeCoordinateGroup(coordinateGroup: CoordinateGroup)

o retrieveCoordinateGroup(label: String)

o modifyCoordinateGroup(coordinateGroupld: Int, cartesianCoordinates: CartesianCoordinates)
o deleteCoordinateGroup(coordinateGroupld: Int)

/
Uses Composes
Server\
'Z Domain\
(© MysoLDatabase AN
— - © CoordinateGroup

o coordinateGroupsTable: String
o idColumn: String o id: Int
o labelColumn: String o label: String

o timestampColumn: String
o connection: TCPConnection

o storeCoordinateGroup(coordinateGroup: CoordinateGroup)

o timestamp: Date
o cartesianCoordinates: CartesianCoordinates
o polarCoordinates: PolarCoordinates

o retrieveCoordinateGroup(label: String): CoordinateGroup
Uses Aggregates ggregates

©CartesianCoordinates ©PolarCoordinates

or: Float
o theta: Float

©TCPConnection

o x: Float

e connect() o y: Float

e disconnect()

Exova 4.1 Micypouuo. pe ID = 3

gemma2:27B | fr1 | nfrl | rag5 | ollama | nomic-ebed-text:latest | semantic (ID = 168)

To didypappa oty Ewkéva 4.2 mpoceépet pia mapodpotla kot eEicov opdn tposéyyion otnv
OPYLTEKTOVIKN TELATN-EEuANPETNTI] LE EKEIVN TTOVL TTEPLYpaPTKE Topamdve. Kabopilel daxpitd
moxéta client kot server, kaOéva amd To omoia TePIAAUPAVEL TIG KOTAAANAEG KAGGELS e ETOPKN
YOPOKTNPLOTIKA. ZTNV TAELPA Tov TeEAdTn (client), To SidypALLLO EVEOUATMOVEL ATOTELECUATIKA TOGO
to mepifarrov ypnotn (UI) 660 kot T Aoylkn TG EPAPUOYNG, EVD 1 TAEVPA TOV O10KOULOTY|
(server) givat vevBovn Yo ™ drayeipion g Paong dedouévay.



Client) Data\
‘ © DCCApp © CoordinateGroup
eun() 5 Eblerl‘t String
m createCoordinateGroup(type: String, values: List<Double>) : CoordinateGroup o limeétam  Date
m storeCoordinateGroup(group: CoordinateGroup) p:
u retrieveCoordinateGroups(method: String, label: String) : List<CoordinateGroup> m cartesianCoordinates: (double, double)
= modifyCoordinateGroup(group: CoordinateGroup, newValues: List<Double>, newLabel: String) m polarCoordinates: (double, double)
u deleteCoordinateGroup(groupld: int) o getCoordinatesByType(type: String): (double, double)

[Server\
—
© CoordinateGroupDAO
© CoordinateConverter | o dbConnection: DatabaseConnection
[ | o saveCoordinateGroup(group: CoordinateGroup)
o cartesianToPolar(x: double, y: double): (double, double) o getCoordinateGroupsByLabel(label: String) : List<CoordinateGroup>
o polarToCartesian(r: double, theta: double): (double, double) o getAllCoordinateGroups(): List<CoordinateGroup>

o updateCoordinateGroup(group: CoordinateGroup)
o deleteCoordinateGroup(groupld: int)

© DatabaseConnection

o connectToDatabase()
= executeQuery(query: String): List<Object>

Ewcovo. 4.2 Micypopuo. ue ID = 168

command-r | frl | nfrl | ragh | openai | text-embedding-3-large | semantic (ID = 185)

To ddypappa oty Ewkova 4.3 mapovoidler po akdpn a&lohoyn TpocEyyion oty
apYLTEKTOVIKN TEAATN-EEumnpeTnTi]. AToTE EiTON 0wd 600 KVple TokéTa: client kot server.

2tnv mhevpd Tov StoKoUloTn (server), TeplapPavoval KAAGELS aplep®UEVES 0T dloXEiplon
g Paong dedopévmv kot tng ovuvdeong e avtv. H mievpd tov meddtn (client), Sa0éter
Eeymprotég kKAoelg yia tov PolarConverter kot tov CartesianConverter, ko0®g kot puio
oAoKANpopévn khaon Manager kot tnv kKAdon DCCApplication.

Av16 10 d1dypappa akorovbel Tig Bacikég apyég Tov povtédov mEAATI-eEuNPETNTI], EVD
TOPAAANAQ ETOEIKVVEL EEQPETIKT GLUVOYN EVTOG TV CLGTOTIKOV GTOUXEIMV KOl KOTAAANA0, emtimeda

ovlevKTiKOTNTOG HETAED TOVG.

o

(©) occappicaton
U TCPIP Camecion b commancaton wh e e ] ) dechanager: DCCMarager

- \\\ _ &

Cuuwcuum
m PoarConverter
o dexDstsbase: DCCOulsbase

Double,y: Dosble)
Doxble, Peta; Do)
© stowCoominstsGroupigroup: CourdinseGrowp) : bt
o retfieveCoordinateGroups() ww;;um'
Il ComminCompr ol S
. wmmmmwmw ) : Beokar

)

[Coordinate Models

(© Coominatecronp
it

label:Sting
Coordnato Managens | Amestamp: Tmestamp
1 Cartesian conedires
(©) PouConersc © carmsianComner ox Dot (©) oecanecton
I 2y Dadle o conmcto DBComecton
+ comuRPuin Dt . Do) Tgh Dol Dot © convedToCassianr:Double, theta: Double) : Tuple<Doutle, + contec): Bookean < e oy e
verFromPasit Doib, heta ) Tpe<Das, osie> o convertFromCartesianx: Dosble, y. Doutle) rw‘m 1 Polar conefeates. » dsconnect): Bockean e
r.Date foichOutajquery: Stng): ListSrng>
heta: Doutle

(©) occosatess

 QaCartesarCooedrates(): Tuple<Doutle, Double>
seICanesiarConrseates)

Ecovo 4.3 Aiaypopuo ue ID = 185



Three-Tier:

gemma2:27B | frl | nfrl | ragl | ollama | nomic-ebed-text:latest | semantic (ID = 23)

To didypappa otnv Eikdva 4.4 coppope@veTat Le TNV THPNOT TV PACIKOV apyOV TNG
apyrtektovikng Tprov Emnéd®v (Three-Tier). [Tapovcidlel pe capnvela Tov Sloy®piopd Tov
evbuvov avdpeca ota enimeda, Oyl LOVO HECH TNG ¥PNONS SOKPITAOV TAKETWOV, AAAL KOl LLE TNV
KOTOVOUT TNG AELTOVPYIKOTNTAG 0TA KATAAAN A oTpdpata. [ tapdderypa eppavig etvar n
EVOOUATMOGCN TNG AELTOVPYIOG LETOTPOTNG GUVIETOYUEVAV, 1] OTOI0 AVTITPOCMTEVEL TN PaCIKN
EMYEPNOLAKT] AOYIKT] TOV AOYICUIKOV, KOl 1] OGTH TOTOOETNON TNG GTO AVTIIGTO(O GTPMLLA.

Presentation Layer\
© occeul

o createCoordinateGroup()
o storeCoordinateGroup()

o retrieveCoordinateGroup()
o modifyCoordinateGroup()
o deleteCoordinateGroup()

Logic Layer\

© CoordinateGroupManager
o DatabaseConnector dbConnector

o createCoordinateGroup(coordinates: List<Coordinate>, label: String)
o storeCoordinateGroup(coordinateGroup: CoordinateGroup)

o retrieveCoordinateGr String): Coordir p

o retrieveAllCoordinateGroups(): List<CoordinateGroup>

& modifyCoordinateGroup(coordinateGroup: CoordinateGroup)

o deleteCoordinateGroup(id: int)

\ 1 ﬁ; Access Layer\
© coordinateGroup (© DatabaseConnector
(© coordinateConverter o id: int
o label: String o connectToDatabase()
N B o timestamp: Date o storeCoordinateGroup(coordinateGroup: CoordinateGroup)
: ig:::;g::;f?;?::;ﬁ:E(ZII:?':;;?gg;;:’;f:f@::;g&:gg;?:;sema[e o coordinates: List<Coordinate> o retrieveCoordinateGroup(label: String): CoordinateGroup
P . . . o retrieveAllCoordinateGroups(): List<CoordinateGroup>
o addCoordinate(coordinate: Coordinate) deleteCoordinateGrouplid: int)
o removeCoordinate(index: int) e ! sl

II
@ Coordinate

[ o getValues(): List<double>

©CarlesuanCoordina(e ©PolarCoordmale
o x: double or: double
oy: double o theta: double

Ewcovo 4.4 Avaypoupo pe ID = 23

Llama3.1:8B | fr1 | nfrl | rag3 | openai | text-embedding-3-large | semantic (ID = 85)

To didypappa oty Eikdva 4.5 6yt povo guBuypappiletot He TV oToVEVT] APYITEKTOVIKT Kot
TIC APYES TNG, OAAG TEPIAQUPAVEL EMTiONG KOAN TEKUNPLOUEVEG KAGGELS e TAN00G akpifav
yapoktnploTik®v. Kabe otpdpa Kot o1 avtiototyeg KAAGELS TOV £X0VV GYESLOCTEL UE OAOKATP®UEVO
KO TPOGEYUEVO TPOTO, AVTAVOKADVTOS VYNAO ETITESO GLULOPPMCNG LLE TO OPYLTEKTOVIKA TPOTLTAL.



Presentation uyor\

© Userinterface

© SwingGUI : SwingGUI
o createCoordinateGroup() : void
o storeCx

: void
o retrieveC i Stnng) ustd‘
o modifyC i : Map<String, Double>) : void
o deleteC Pl i f' i p) : void

Logic uyer\

@ Coordinator

onverter : Ci onverter
nmysqlDatabaseConnecuon MysqlDatabaseConnection

ocmver(Coofdlnals(canesnan Cartanancuoldmates, polar: Polarcuordmates) Map<String, Double>

storeCe
o retrieveC lahel Stnng) Ustd‘
o modifyC P p: P, p<String, Double>) : void
o deleteC i P i r i p) : void

© MysglDatabaseConnection
@© coordinateConverter
o convertCartesianToPolar{cartesian: CartestanCoordmales) PolarCoordinates Stri )AIL. t<;‘ )iz void
o convertPolarToC; : Pola : CartesianCoordinates ot oo e, Doubles] s vold
P P 9, :
up: Ce : void
Data Lnyor\
© CoordinateGroup © DatabaseConnection
oid : Integer o : D
o label : String I = e = o
: void
o timestamp : Date = ¥
© cartesian : CartesianCoordinates ::n:::‘,;r 5 String) : Uétd‘ 12 Dolibes) - vokt
o polar : PolarCoordinates © deleteC i = C 2 e P! 9. :

\

© DatabaseManager

I©Carusianc0adinates ©Pﬂ o mysqlD tion :
| @ x: Double or: Double . createTable() : void e
i oy : Double o theta : Double = i £

: String) : List<C:
i Ci

lap<String, Double>) : void

C i : void

Eixova 4.5 Aicypauuo. pe ID = 85

gptdo | fr2 | nfr2 | No RAG (ID = 467)

[Mopdpota pe To Tponyovpevo topaderypa, To ddypappa otnv Ewdva 4.6 svbuypappileton
Tpog pe v apyttektovikn Tprdv Emmédmv kot 11g apyéc . [epriapPavel caeng
kaBopiopéva Takéto Kol KAGoels, kale pio and Tic onoieg dtabétel aloonpeinto eninedo
AETTOUEPELOG,

o\

© coordinateur

o inputCoordinates()

o displayCoordinates()

© addCoordinateGroup()

© updateCoordinateGroup()

o deleteCoordinateGroup()

o filterCoordinateGroups(label: String)
o clearFilter()

o refreshDisplay()

[Cogie\ .

© CoordinateService
< 8ddC: = - ©Daubasec0nnemon
R s LA © connect(): Connection
:Eel:mouordmue&oup(»d int) : o disconnect()
o filterCe i Smng): List<C i 1
1| 1
(© coordinateGroup
oid: int
o Iahel: suing
oL : CoordinateDAO
‘ @© coordinateConverter CartesianC: ©
o polarCoormna(e PolarCoordinate — =
o cartesianToPolar(x: double, y: double): PolarCoordinate o getid(): int o readC i  List<C
© polarToC double, theta: double): CartesianCoordinate o getLabel(): String © updateCs int, group: C
(T ): D o deleteCoordinateGroup(id: int)
o getCartesianCoordinate(): CartesianCoordinate

o getPolarCoordinate(): PolarCoordinate
o setCartesianCoordinate(coord: CartesianCoordinate)
© setPolarCoordinate(coord: PolarCoordinate)

1,

@©cartesiancoordinate| | (©) Polarcoordinate

o x: double ar: double

o0 y: double o theta: double

© getx(): double © getR(): double

© getY(): double © getThetal(): double

© setX(x: double) © setR(r: double)

o setY(y: double) o setTheta(theta: double)

Eixova 4.6 Aicypoyyo pe ID = 467



Model - View — Controller:

Ta mopoakdto tpio dStaypappate Topovcslalovy YOPOKTNPIGTIK CULEOVIO LLE TO OPYITEKTOVIKO
npoturo Model-View-Controller (MVC). Ka0e diaypappa neptrapfaver ta tpia foacikd
moxéta: Model, View kot Controller, Ta omoia ival 60oTd opyavouéva ®OTE VO avTIKaToTTpilov
TIC aPYEG TNG GLYKEKPLUEVIC 0Py LTEKTOVIKNG. EmmAéov, Kot Ta tpio S1aypapLaTe EVEOUOTOVOLV TN
AOYIKN TNG EMYEPNOLOKNG AELTOVPYIOG Y10 TN LETATPOTY], ToToBeTDVTAG TNV 0pBE GTO
mokéTo Model, copemva pe Tic PEATIOTEG PYITEKTOVIKES TPOKTIKEG.

gemma2:27B | frl | nfrl | ragl | openai | text-embedding-3-large | semantic (ID = 30)

view\

© pccview
o controller: DCCController

o displayCoordinateGroups(): void
e getCoordinatelnput(): CoordinateGroup
o displayConversionResult(): void

3

uses

Controller 4

© DCCController

o model: CoordinateGroup
o view: DCCView

o createCoordinateGroup(CoordinateGroup): void

o storeCoordinateGroup(CoordinateGroup): void

e retrieveCoordinateGroups(String label): List<CoordinateGroup>
o modifyCoordinateGroup(CoordinateGroup): void

o deleteCoordinateGroup(int id): void

1

Imanages

Model\ .

© CoordinateGroup

oid: int

o label: String

o timestamp: Timestamp

o cartesianCoordinates: List<double>
o polarCoordinates: List<double>

o getCartesianCoordinates(): List<double>

o setCartesianCoordinates(List<double>): void
o getPolarCoordinates(): List<double>

o setPolarCoordinates(List<double>): void

o convertCoordinates(): void

|

luses for conversion

1]
‘ © CoordinateConverter ‘

o cartesianToPolar(double x, double y): double[]
o polarToCartesian(double r, double theta): double[]

Ewcova 4.7 Agypouua pe ID = 30



gpt4oSAV | fr1 | nfrl | No RAG (ID =231)

Controller\

© CoordinateController

o view: CoordinateView

o model: CoordinateGroupRepository

o createCoordinateGroup(): void

o modifyCoordinateGroup(id: int): void

o deleteCoordinateGroup(id: int): void

o retrieveCoordinateGroup(label: String): CoordinateGroup
o retrieveAllCoordinateGroups(): List<CoordinateGroup>

/

AN

© CoordinateGroup

o id: int

o label: String

o timestamp: Date

o cartesian: CartesianCoordinate
o polar: PolarCoordinate

/

0}

N
© CoordinateView

© CoordinateGroupRepository

o save(CoordinateGroup): void

o convertToPolar(): PolarCoordinate

o convertToCartesian(): CartesianCoordinate
o modify(): void

o delete(): void

o findAll(): List<CoordinateGroup>
o delete(id: int): void

o findByLabel(label: String): CoordinateGroup

© CartesianCoordinate

© PolarCoordinate

o x: double
o y: double

o r: double
o theta: double

o convertToPolar(): PolarCoordinate

o convertToCartesian(): CartesianCoordinate

o frame: JFrame

o labelField: JTextField
o xField: JTextField

o yField: JTextField

o rfField: JTextField

o thetaField: JTextField

o display(): void
o getUserinput(): CoordinateGroup

Ewcovo 4.8 Aaypopuo. pe ID = 231

N

© MySQLDatabaseConnection

o connection: Connection

o connect(): void
o disconnect(): void
o executeQuery(query: String): ResultSet

gemma2:27B | fr2 | nfr2 | rag4 | ollama | nomic-embed-text:latest | semantic (ID = 342)

« displayCoordi i

(© pccview

=

t
o displayErrorMessage(String)
» getCoordinatesFromUser(): Coordinates
© getLabelFromUser(): String

o getSelectedGroupld(): int

uses

controller\

© occcontroller

o model: DCCModel

o view: DCCView
 handleCreateOp()

o handleReadOp()

» handleUpdateOp()

© handleDeleteOp()

© handleFilterOp(String)
® handleCiearfilterOp()

fuses

model
(© coordinateGroup | © occmodel
o id: int 12 Ldass © CartesianCoordinates
0 label: String o createC CartesianCi Coordi R
o cartesianCoordinates: CartesianCoordinates | = getCe o deuble
o polarCoordinates: PolarCoordinates | @ updateC void ¥ |
e | o deleteCoordinateGroup(int): void © toPolarCoordinates(): PolarCoordinates
® create(): void o getAliC; List<C

o update(CartesianCoordinates, PolarCoordinates): void | | 2 Stt2

(© PolarCoordinates

g): List<C Srou| 1

Nms to

-

[atatase)

(© mysqLDatabase

o saveCoordinateGroup(CoordinateGroup): void
tC i i C

o 1: double
0 theta: double © getAllCoord ): List<C
—_— © updateC i void
Ul LS Eartmiant o deleteCoordinateGroup(int): void
+ filterC List<C

Eixova 4.9 Awcypoo pe ID = 342




Eirey kar uny dounuéva draypapparo UML

Agv xatdeepav GA0 TO SLOYPAULOTO VO VTATOKPIO00V 6TO VYNAL emimeda TV
TOPASEIYUATOV TOL TAPOLGSLAGTNKAY TTponyouévad. [lapdro mov opiopéva draypdppata Erapov
péTplec aE10AOYNOELS, EMMTVYYXAVOVTOS €V UEPEL 6TA Pactkd onueio, dAlo amétvyay onuavtikd. Tao
TOPAKAT® SO0y PALLLATO AVTITPOSOTEVOVV 1O1AITEPA YOUUNANG TOLITNTOG OTOTELEGLLOTO, TOL OTTOT0L
xopoKTnNpilovial amd TNV amovcia oYE0EmV UETAED KAACEWDY, TOAKETWOV, YOPUKTNPICTIKMV Kot
OTOL0GONTOTE GVUUOPPDCNG ILE TO OULTOVUEVO OPYLTEKTOVIKO TPOTLTO.

H evotnta avt mapovotdlet o emioyn and tétota daypaupota UML. Av kot gpgavioov
KAmo10 eminedo dOUIKNG GUVOYNG, EIVOL YEVIKA EAMTY] KOl OTOTLYYAVOUV VO OTOdMGOVY TANPMS TNV
TPOPAETOLLEVT APYLTEKTOVIKT KOl AELTOVPYIKOTNTA TOV cuoThuatoc. [lapakdtom mapéyetol pia mo
AETTOUEPNG AVAALGT] AVTAOV TOV SLUYPOUUATOV:

Client-Server:

Llama3.1:8B | fr1 | nfrl | ragl | openai | text-embedding-3-large | recursive (ID = 4)

To mapakdtw didrypoppa otnv Ewova 4.10 mpoonabet va axolovdnocetl tnv
apyrtektovikn merdtn-e&umnpetnt , dSwuywpilovrag To frontend kon to backend cg dakpitd Takéra.
Qo1660, Tapovctalel coPapéc erlelyels o€ Pactkd onueia. Apykd, TO SIAYPOLLLO OATOTLYYAVEL VO
amodMGEL TOV pOLO Tov TeAdtn (client) péoa oe avTVv TNV apylTeKToviKT. 10 Tokéto frontend, ot
KAdoelg Coordinate ko DummyCoordinator nepiiapfdavovtal, oAAd kapio dev avTITpPoc®TEVEL TO
otoyeio demaenc ypnotn (UI) tov merdrn.

Emumdéov, 10 dibrypappa aneicoviCel povo pio oyéon peta&d tov d00 TaKET®mV, KATL Tov glval
OVETOPKEG Y10 VO, ATOTUTTMGEL TIV TOAVTAOKOTNTO TV 0AANAETOpdoedv. TéLog, éva Kpioyo
Mpa eivon 1 amovoio 0mo1GONTOTE AVATAPACTAGTG TNG LETATPOTNG CUVIETAYUEVAOV TTOV glval
KopPikn Aeltovpyikn amaitnon, eite oc Asrtovpyia ite mg ave&dptntn KAdom.

frontend

© DummyCoordinator

(= . o String label
©Coordmate o List<Coordinate> cartesianCoordinates
o List<Coordinate> polarCoordinates

ojdoubleix o CoordinateGroup coordinateGroup

o double y
o double r o DummyCoordinator(String label)
o double theta m void createCartesianGroup()
) m void createPolarGroup()

m void storelnDatabase()

m void retrieveFromDatabase()

uses, provides data to

backend\

© CoordinateGroup

@ MySQLDatabase P
ointid

o List<CoordinateGroup> coordinateGroups o String label
o List<Coordinate> cartesianCoordinates
o List<Coordinate> polarCoordinates

m CoordinateGroup retrieveByLabel()
m List<CoordinateGroup> retrieveAll()
m void saveCoordinateGroup() o CoordinateGroup(int id, String label)
m void deleteCoordinateGroup() = void addCartesianCoordinate()

= void addPolarCoordinate()

Eixova 4.10 Aicypopuo. pe ID = 4



Llama3.1:8B | fr1 | nfrl | rag5 | ollama | nomic-embed-text:latest | recursive (ID = 152)

To didypappa oty Ewkova 4.11 mapovctalel cOYYLOTN GYETIKG [LE TO APYLTEKTOVIKA TPOTVTO.
[Mopdro mov N {ntodpevn apyttektovikn rav Hehdtn-E&uanpetnt, n mapaydpevn doun
evOuypoppiletar mepiocdTepo pe v apyrtektovikn Tprav Zrpoparov. EmimAiéov, to didypappa
OTOTLYYAVEL VO, ATOOMOEL i BOGIKT AELTOVPYIO ETLYEPNCIOKNG AOYIKNG TOV GUGTIULATOC—TN
Agrtovpyio. LETATPOTNG CLUVIETAYUEVOV—IKATL TOV LLELMVEL TEPULTEPM TNV OKPIPELX KL TNV

TANPOTNTA TOV.

Data Layer\

~ ~
Logic Layer\ -
Presentation uy.r\

© coordinateGroupManager

(© bummyCoordinationConversionul G oups : List<Coor P
DatabaseConnector
o labelField : TextField o createC abel, x, y) : C p ©
o cartesianXField : JTextField o createPolar(grouplabel, r, theta) : CoordinateGroup o dbConnection : MySQLConnection
o cartesianYField : TextField - [ of
o polarRField : JTextField o storeC c < void e f,:’;’;‘;é’m‘;?‘fmd
o polarThetaField : JTextField o retriev String) : C: p eon . —
o viewCartesian() : void e U s o o retriev String) : C p
o viewPolar() : void » modifyCartesian(group: CoordinateGroup, x, y) : void
o p: C : void

<
(© coordinateGroup

0id : Integer
o label : String

o cartesianX : Double
0 cartesianY : Double
o polarR : Double

o polarTheta : Double

o getid() : Integer
o setld(id: Integer) : void

© mysaLconnection
o connection : Connection

 getConnection() : Connection
o disconnect() : void

Ewova 4.11 Maypouuo ue ID = 152

Three-Tier:

Command-r | frl | nfrl | ragl | openai | text-embedding-3-large | recursive (ID = 39)

To ddypappa oty Etkdva 4.12 mapovstdlel Kot Tt GOYYLOT GYETIKA LLE T OPYLTEKTOVIKA
npotuna. [Tapodro mov n {nrovpevn apyrtektovikn ftav Tprov Emaddov, n mtapaydpuevn doun
eoaiverol va akolovbel Tig apyéc g apyltektovikng Meldtn-E&uanpetnty. EmunAéov, 1o
OLAYPOLLLL GTEPEITOL OTOIWVONTOTE GYEGEMV LETAED KAACEMVY KO TAPOAAEITEL EVIEADG TN PaCIKN
EMYEPNOLOKN AOYIKN TOV OYETILETAL PE TN AELTOVPYIO LETOTPOTNG CUVTETAYLLEV®V.

o connect() : void

o createCoordinateGroup(cartesianX, cartesianY, polarR, polarTheta) : void o createTable() : void

o storeCoordinateGroup() : void o insertData(...) : void
o retrieveCoordinateGroup(label) : void o selectDatal...) : void
e modifyCoordinateGroup(id, label, x, y, r, theta) : void o updateData(...) : void

o deleteCoordinateGroup(id) : void o deleteData(id) : void

o createCoordinateGroup(...)

o storeCoordinateGroup()

o retrieveCoordinateGroup(label)

© modifyCoordinateGrouplid, label, x, y, r, theta)
o deleteCoordinateGroup(id)

Database
© CoordinateGroup
Client\ Server\
e id:int
« label: string
(© occapplication (© MmysaLpatabase (© coordinateGroupManager o timestamp: datetime
oc p! ger: Coordinat: pl g o0 database: MySQLDatabase

o cartesianX: double
o cartesianY: double
o polarR: double

o polarTheta: double

o getCartesianCoordinates() : tuple[double, double]
o setCartesianCoordinates(x, y) : void

Ewcovo. 4.12 Migypopuo pe ID = 39

o getPolarCoordinates() : tuple[double, double]
o setPolarCoordinates(r, theta) : void

Gemma2:27B | fr2 | nfr2 | rag3 | openai | text-embedding-3-large | semantic (ID = 340)

To didypappa oty Eikova 4.13 amotuyydvel va tnpioel onotadnTote Pacikn apyn g
apyrtektovikng Tprdv Emnédmv. EmmAéov, o1 mepiocdtepeg khaoelg, ue eéaipeon to Model,
GTEPOVVTOL YOPOKTINPLOTIKAOV TEPA OO Eva YEVIKO TEDI0 TEPLYPAPNG. ZVUVOAKE, 0TO TO SLAYPULLLLOL
glval OVETOPK®MG SOUNUEVO KO OKOTAAANAO Y10 TNV OVGLOGTIKY] CVOTOPAGTACT TOL AOYIGUIKOD TNG

EQAPUOYNC.



Dummy Coordination Conversion Appllcaﬂon\

Fiodel,

Conversion Components \

© CoordinateConverter

o description: "Cartesian <-> Polar Converter"

© DataAccessor

o description: "Database Interaction"

© CoordinateGroup
o id: int
o label: String
o cartesianX: double
o cartesianY: double
o polarR: double

o polarTheta: double

o getCartesianCoordinates(): (double, double)
o getPolarCoordinates(): (double, double)

Provides conversion logic for

© CoordinateGroupManager
lerforms database CRUD operations

= description: "Coordinate Group Operations (CreateOp, ReadOp, UpdateOp, DeleteOp)"

lanages coordinates data in
Database\

A 2
© MySQLDatabase

o purpose: "Stores coordinate group data"
o connectionType: “TCP/IP*

Eixova 4.13 Migypoyo pe ID = 340

Model -View — Controller:

Llama3.1:8B | fr2 | nfr2 | ragl | ollama | nomic-embed-text:latest | recursive (ID =252)

To didypappa oty Ewkéva 4.14 mpoomadel vo akolovOcel opiopéveg TPaKTIKEG TNG
apyrtektovikng Model-View-Controller, 6nmg goiverol amd tnv vwapén Tov
naxétwv Controllers kot Models, pe oyetikd KatdAAnieg KMAGELG EVTOSC 0TMV. Q0TdG0, amovctdlet
éva Tak€To N o kKAGomn View, evd dgv amodidel eniong 1 Paoiky extyelpnolakn Aeitovpyia yuo
LLETATPOTN] GUVIETUYUEVOV, YEYOVOC TTOV LEIMVEL KOO TTEPLGGOTEPO TNV TANPOTNTA TOV.

o update_coordinate_group(CoordinateGroup cg)
o delete_coordinate_group(int id)
o read_all_coordinate_groups()

controllers\ utilities
© Controller © MySQLConnector
o create_coordinate_group(CoordinateGroup cg) e connect()

o disconnect()
o execute_query(String query)
o save_coordinate_group(CoordinateGroup cg)

! o PolarCoordinate polar_coords

o LocalDateTime datetime_added

I -
\ e
\composite _ ~ composite
\
models) '\ e
N\ .
© CoordinateGroup
‘@PolarCoordinate‘ ‘@CartesianCoordinate‘ oint id
o String label
g gg“jg:: :heta ‘ g gg“jg:: ; ‘ o CartesianCoordinate cartesian_coords

Ewova 4.14 Aicypouuo ue 1D

=252

Command-r | fr2 | nfr2 | ragh | ollama | nomic-embed-text:latest | recursive (ID = 432)

To d1dypappa oty Etkova 4.15 amodeicvoet ylor GAAN pio @opd 10 QaivOpEeVo TG
mapepunveiag g ntovpevng apytrtektovikne. [opodio mov to {nrovuevo tpodtvmo fTav to Model-
View-Controller , to Sidypappa ovtd evfuypappiCeton meprocdtepo pe v apytrektovikn Merdn-
E&vmmpetnt). [Hopd avtd to onpovtikd R, mapouctdlel Lo IKOVOTOmTIK GUUUOPP®ON UE
TIC AELTOVPYIKES AMOLTIOELS TOV AOYIGUIKOD.




Dummy C Conversion - Class Di

Frontend)
© Guicontrolier
o add() : void
o update() : void B e e
o delete() : void T R e e e
o refreshList() : void Srmmmmenag
o filterByLabel(label: string) : void
o clearFilter() : void L
. = J
I oy
i Logic
[l SN
v ~ © CoordinateGroup
-
GUICoordinateinputs N oid:int
¥ © o ~a o label : string
© GuiLavelinput o cartesianX : double © CoordinateConverter & cartesianX : double
) Cartesian : double o cartesianY : double
o label ; string o polar : double o polarR : double
« convertCartesianToPolar(x: double, y: double) : (double, double)
o getlabel() : string| 2 PolarTheta : double © convertPolarToCartesian(r: double, theta: double) : (double, double) | | ° PolarTheta : double
o getCartesian() : (double, double) CreateOp() : void
o getPolar() : (double, double) ReadOp(id: int = nul) : (int, string, (double, double), (double, double))[]
UpdateOp(id: int, x: double, y: double, r: double, theta: double) : void
o DeleteOplid: int) : void

[
(© Database

1 connection : TCPAPConnection

createTable() : void

insertRecord(id: int, label: string, x: double, y: double, r: double, theta: double) : void
o getRecords(id: int = null) : (int, string, (double, double), (double, double))[]

updateRecord(id: int, x: double, y: double, r: double, theta: double) : void

deleteRecord(id: int) : void

Ewova 4.15 Maypouuo ue ID = 432

1Dnpwg Avemaprn Araypouuota

Yrdpyovv emiong StoypaUUATO TOL LTOPOVY Va YOPUKTNPLOTOOY LOVO M TANPELS ATOTLYIES
oxeddv g OAa Ta Pacikd KpiTpla aEAOYNONG. AVTA TO Sl yPALLATO TAPOVGIALOVY GTUAVTIKN
oLYYVOT OGOV APOPA TNV UPYLTEKTOVIKY, TIG OYECELG LETAED KAAGEMV KOl TIC OTOLTIGELG TOV
AOYIG KOV,

To mpofAnpata evoéyeTat va 0oeiAOVTOL GTOVG TEPLOPIGUOVG TOV EKAGTOTE LOVIEAOV, GE
advvapiec ot dadikacio RAG 1 6g cuvdvacud Tmv 600—Om®G 1 KOVVIUIN TOL HOVTELOL VO,
Swyeplotel amoteleouatikd tn dadikacio RAG otav avripetonilel Evo mepimAoko Kot EKTEVEG
prompt. [Tapokdre, Tapovoidlovpe Eva TapdderyLo pog T€Tolng TEPInTmoNg:

Phi3:medium-128k | fr1 | nfrl | rag5 | openai | text-embedding-3-large | recursive (ID =214)

H {nrodpevn apyitektovikn yia 1o didypappa otnv Eikova 4.16 froav Hehdtn-ESvmnpetnt
(Client-Server). Q61660, TO S1AYPOULA ATOTVYYAVEL VAL TNPTCEL OTOLOONTOTE APYLTEKTOVIKO
npotumo. A&loonueinto givat 0Tt o1 kKAdoelg Storefront ka1 OrderProcessor gaivetol va
Tpoépyoval amd mapddstypa dypdppatog kAdoewv UML mov meptlappavotav oto apyeio RAG.
AVTO VTOINADVEL OTL TO SLAYPOLLO EXNPEACTNKE ONUOVTIKA—KOL TEMKE PUTEPOELTNKE—OTO TN
dwdwcacio RAG.



© PolarConverter

receives

©Usennpul receives ©CartesianConverter

delegates
LogicLayer\
©CoordinateGroupController ©OrderProcessor
J
delegates /uses communicates with \communicates with uses/accesses

\Server\

© DatabaseService

© OrderProcessor

o paymentProcessor : PaymentProcessor
o inventoryManager : InventoryManager

©Storefront
— o fetchAll() : List<CoordinateGroup>
o fetchByld(id: Int) : CoordinateGroup o viewAllCoordinateGroups() : List<CoordinateGroup>

o createNewCoordinateGroup(cartesian: Cartesian, polar: Polar) : CoordinateGroup

Eicovo 4.16 Midypoyo pe ID = 214

Mixtral:8x7B | fr1 | nfrl | ragl | ollama | nomic-embed-text:latest | semantic (ID = 48)

To dwbypappa otnv Ewkova 4.17 nepihappdver opiopéves khdoels, Onwg ot CoordinateGroup
kot CoordinateConverter, 7oV AmOTVTOVOLY OPIGUEVEG OO TIG OTOLTHGELS TOV AOYIGULIKOD.
Q061000, ATOTLYYAVEL TANPOG VA TNPNCEL OTOLOONTOTE APYITEKTOVIKO TpdTLTO. EmimAéov,
amoVGALEL 1| XPNOT TOKETWOV, KOL GUVOALKA, TPOKELTOL Y1 £va EaPeTIKG adOVOLO OTOTEALEGHLA.

0.* -
© DCCFrame © DBConnectionManager © LabeledObjectStorage
o CoordinateGroup frameCoordinateGroup -- Connection dbConnection store(label: String, obj: T) : void
> retrieve(label: String) : T
1 1
1 #
© Coorginateconvertey © CoordinateGroupTable
-- CartesianCoordinate convertToCartesian(PolarCoordinate polar) > List<CoordinateGroup> coordinateGroups
-- PolarCoordinate convertToPolar(CartesianCoordinate cartesian)
+

© CoordinateGroup
oint id
o String label
o Timestamp timestamp
o CartesianCoordinate cartesian
o PolarCoordinate polar

1
*
©CartesianCoordinate ©PolarCoordinate

o double x o double r
o double y o double theta

Ewcovo 4.17 Midypoyyo pe ID = 48

Emiopacn tov 6ovoiov fr2 oty doun twv diaypappdrmy

e avtd 1o onpeio, o BEAAUE VA TOPOVGLAGOLLE O EVOLOPEPOVGA TAPATIPTOT OV EYIVE
KaTd TN 0140y1oM Kot 0E0AOYNOT TV TAPUYOUEVOV S0y PAUUATOV, CUYKEKPIUEVO GE GYEOT UE TA
amoteléopata Tov cuvorov fr2. Onwg meprypdoetar oty evotnta 3.1.2, T0 cvvoro fr2 opyoavmverol
oe Tpunpata: Aoywkn (Logic), AAAniemdpaoccig Xpfiotn (User Interactions) kot Agrtovpyieg



Agdopévav (Data Operations), [Le SL0QPOPETIKEG ATALTOELS VO TEPLYPAPOVTAL EEXMPLOTA GE KAOE
THRA L.

Avtn 1 doun €xel ennpedost T INUoLPYio TOV SYPOULHATOV KAAGEWDY, 00N YOVTOG TOAAL
a6 avtd va evfuypappilovrar pe To TpoéTLTO TG apyrtekTovikng Tprdv Emmédmy, avelaptitog
oniadn g nrodpevng apyrtextoviknc—eite lehdtn-E&vmnpetnt) , eite MVC — 10
dlypappate cuyva epeavifovv dopn mov Oupilel To HoVTELD TOV TPIOV EMTEI®V.

XopakInploTikod givat 0Tt TOAAG SOYPAIATE, TTOL dNUIOLPYNONKAY LLE TN XPTOT) TOV GLVOAOV
fr2 neptloppdvovv ta mokéta Frontend, Logic ko Data, pe oyéoeic mov npooceyyilovv v
OPYLTEKTOVIKN TOV TPIOV EMTES®V. [0 TV Voot p1&n VTG TNG TOPOTHPNONG, O TAPOVGIAGOVLLE
GUYKEKPILEVO TOPAOELYLOTO SLOYPAUUATOV. APYOTEPQ, GTNV EVOTNTA OTOTEAEGLATOV, Oa
TEKUNPLOGOVLLE VTN TN SOTICTMON LE YPUPNLLATO KOl OVAALGT) OEO0UEVOV.

To mopakdto 600 dloypApUpIaTe KATASEIKVOOVV TNV EXIOPACT] TOV cuVOAoV fr2, 6mmg
nepLypaen ke mapoundve. [eptiapfavouy tpio dS1okpitd TaKETo: EVOL TOV AVTITPOCMTEDEL
10 Ul/Frontend, éva dAlo agpiepopévo oto Logic Component, mov mepiéyel T AOYIKN TG
EPOPLOYNG, Kot £va Tpito Tov emkevipmveTol o1 Database.

Avt n doun avrikortontpilet Tig apyés e apyttektovikng Tpiov Emmédowv, avti va akolovOel
10 {nTovuevo apyltektovikd tpotumo: Ileddn-E&umnpetnt yia to didypappa oty Ewkova 4.18
kot MVC yo to Sdypappa oty Ewdva 4.19.

Gemma2:27B | fr2 | nfr2 | ragl | openai | text-embedding-3-large | semantic (ID = 260)

(© swinginterface

o displayCoordinateGroups() : void
o getCoordinatelnput() : CoordinateGroup
o displayErrorMessage(message: String) : void

Logic
© PolarCoordinates ©Cartes|anCoordmates © CoordinateGroupManager
E ;r:e‘::‘{bdl?)uble : ; . ggﬂg:s o coordinateGroups : List<CoordinateGroup>
N o createCoordinateGroup(label: String, coordinates: CoordinateGroup) : int
C 9::#:‘;;3'_‘?;{‘“(5 C ge:)Y((()): gg:g:: o readAllCoordinateGroups() : List<CoordinateGroup>
detR(r- doui)le) o : EStX(x" double) : void o updateCoordinateGroup(id: int, newCoordinates: CoordinateGroup) : void
o setTheta(theta: double) : void o set¥(y: double) : void S oo N e Gro b nH N o
|
Y
© CoordinateGroup N
oid :int Datal \
o label : String Y
© CoordinateConverter o cartesianCoordinates : CartesianCoordinates © DatabaseConnector
o polarCoordinates : PolarCoordinates
o cartesianToPolar(cartesian: CartesianCoordinates) : PolarCoordinates o getLabel() : String o connectToDatabase() : void
o polarToCartesian(polar: PolarCoordinates) : CartesianCoordinates o setLabel(label: String) : void o executeQuery(query: String) : ResultSet
o getCartesianCoordinates() : CartesianCoordinates
o setCartesianCoordinates(coordinates: CartesianCoordinates) : void
o getPolarCoordinates() : PolarCoordinates
o setPolarCoordinates(coordinates: PolarCoordinates) : void

Eixova 4.18 Migypopua ue ID = 260



Mixtral:8x7B | fr2 | nfr2 | No rag (ID = 296)

Frontend

@ userinterface

mlera(lwn.nuss\)
* displayf

= getinp i temnCoorisaca) Pl <hutvbar: Nusaars:
« getinputPolarCoordinates(): Pair<Number, Number>:
» getinputLabel{): String:

 GetseisctedRecordt) ¢ Cowd:nueauuv

» getFilterValuel): Strin

Logic

(© CoordinateGroupManager (© CoordinateGroupRepository

© converter: Converter; © database: Database;
 repository: CoordinateGroupRepository;

Y c
© addC . Number>, polar: . Number>, label: String); © ReadOp(): List<CoordinateGroup>;
o updateC G newCartesian Number>, newPolar: . Number>); | |e c
© deleteC c : . c I\
\ [Database\
@ Datavase
® converter <+ connectl
o disconnect();
o convertCartesianToPolar(x: Number, y: Number): Pair<Number, Number>; o saveC c
o convertPolarToCartesianir: Number, theta: Number): Pair<Number, Number>; © QtAIIC List<C ]
= updateC c
« deleteG C

Eixova 4.19 Aicypopo pe ID = 296

Command-r | fr2 | nfr2 | rag2 | openai | text-embedding-3-large | recursive (ID = 349)

To d1dypappa oty Ewkova 4.20 oyedidotnie e 6Komd vo, VAOTOGEL Ty {nTovpevn
apyrtektovikn [eldm-E&unmpemn . Qotdc0, 1 emppor| tov cuvorov fr2 eivar Eavd epepavig,
ka0dg o dudypappo opyavavetol og Tpia mokéta: Frontend, Logic kot Database.

Av10 OV J10.(POPOTOLEL TO GLYKEKPLUEVO SLAYPAULO Ao GALD TTOV EMNPEAlOVTOL OO TO
ovvolo 12 eival 0 caENg OPIGHOG TOV POAMV TOV TEANTN KOt TOV EEVTNPETNTY]. LVYKEKPIUEVA, TO

moxéto Frontend emonpaivetar pe to otepedtumo <<Client>>, evd ta
nakéto Logic kot Database pépovv 1o otepedtumo <<Server>>.

[Hapd ) dopn TOV TPIOV TOKETMV Kol TIG GYECELS TOVG, TOV GLVNOMG GUVIEOVTAL LLE TNV
apyrtektovikn Tplov ZTpoUdTov avTd TO SLAYPApLIL KATOOEIKVVEL TEPIGCOTEPT] KOTAVOTOT| Kol

ouppopemon e to mpotumo [leAdtn-E&uanpetntn.

DCC Application Class Diagram

Frontend

«Client»

© verniarnce

O label: String
0O coordinateGroup: CoordinateGroup

© setLabel(String)
© getLabel(): String
o setCoordinateGroup(CoordinateGroup)
© add()
© update()
o© delete)

4 o fiter()
o dearfilter()

’ <

’

’ \
/converts cartesian to polar coordinates \converts polar to cartesian coordinates
' v

Loglc\ ’f \‘

«Server» ' “
\

\ |
© CoordinateGroup \ \
© conesianconverter © rourconverter

O x Double 0 r: Double
O y: Double 0 theta: Double

© getX(): Double © getR(): Double

° theu() Ovuble

© setR(D

° sethet(Double)

© convertToCartesian(): CartesianCoordinates

O d: Integer
© CoordinateManager 0 lbel: String
O cartesianCoords: CartesianCoordinates

0 coordinateGroups: List<CoordinateGroup> 0O polarCoords: PolarCoordinates

© getld(): Integer

© getlabel(): String

© getCartesianCoords(): CartesianCoordinates

© getPolarCoords(): PolarCoordinates

© setid(integer)

© setLabel(String)

N © setCartesianCoords(CartesianCoordinates)
N © setPolarCoords(PolarCoordinates)

© createOp()

© readOp(): List<CoordinateGroup>

e updateOp(coordnateGroup: CoordinateGroup)
deleteOp(id: Integes

© refreshReadList(

= ~ < _saves, reads and updates records

Eixova 4.20 Aicypoyyo ue ID = 349

«Server»

© DatabaseConnection

© connection: Connection
© connect(): Connection
o disconnect(): void

T

!
|
!
!
|
(connects to database
!

:
© ovusone

I 1 O records: Map<integer, CoordinateGroup>

Co oup): void
© fetchRecords(): List<Coordinate Group>
° Integer,




4.2 EEotopikeopévo gpyaieio

Onwg meptypdonKe 610 TPONYOOUEVO KEPAANLO, YPNCILOTOCAUE LEYOAN YAMGGIKA LOVTEAQ

v TN dnpovpyio cuvolikd 480 dtoypappdtov kKAacewv o€ popen PlantUML. Ta va
OTAOTOCOVLE TN Stadikacia a&loAdynong Kol Vo TPosEEPOLLLE pia BACT Yo TNV EMEKTACT CLTOV
TOV £PYOVL GTO LEAAOV, OVOTTOENLE L0 TPOCUPLOGUEVT] EPOPHOYT AOYICUIKOD. AVTO TO gpYyaAEio
oYE01A0TNKE Y10 VO TPOGPEPEL LI0L OPYOVOUEVT] KOL PIAKT TTPOG TOV YPNOTI SLETAPN Y10 VOl
e€epeuvnoet Ta TopayOLEVO SLAYPALLOTO, EVD TOPAAANAN TPOCPEPEL AELITOVPYIEC TTOV SLEVKOAVVOLY
v 0E10AdYNoT TOVG.

H epappoyn meprhapfdvel apketéc kOpleg Aettovpyieg yia TV Voot PN TG OTTIKOTOIN GG

Kot NG a&loA0yNoNg TV S0y PoULATOV:

L.

Opyavopévn Epeavion Avaypappdatov

To epyaieio mapéyel o kKabapn kot opyavouévn didtaén yio TV TepMyNon e OA Ta,
TAPAYOUEVO, SLAYPALLATO KAAGEWV. Ta S1orypaLLOTO KATYOPLOTOIOVVTOL KoL ELval
dwbéoipa mpog avalnon PAcel BucKOV TOPAUETPOV, OTMS O TOTOC OPYLITEKTOVIKNG
(Client-Server, Three-Tier, Model-View-Controller), to emAeyuévo LLM, o povodikoc
AVAYVOPIOTIKOG KMOKOG TOL dtaypappLaTog 1] To ypnoponoimuévo RAG apyeio. Avtin
0pYavmon eMTPEMEL GTOVS YPNOTEG Vo vTomilovy Kot va a&loloyodv e0KoA Kol Yp1yopa
GUYKEKPUULEVOL SLOYPALLLOTOL.

Evoopatopévn Amédocn Alaypappdatov

Xpnowonowwvtog to PlantUML .jar apyeio, to epyaieio amodidel Suvaptkd Tov KOS,
PlantUML c¢ gwovog dwaypappdtov khdoemv. ‘Etot, o1 ypiioteg uropovv va nepuyndovv
oTO SLYPAUUOTO AELOEinG LEGT QO TV EPOPUOYT, XDPIC VO ATOLTEITOL EXTAEOV
AOYIGHLKO M Y EPOKIVITY LLETATPOTN.

Atemtapn ASlohdynong

To gpyaieio meprhappavel éva module a&loAdynong mov aviikatontpilel To KPLTHPLO TOV
ypMoonomdnKav oto meipapa (TPNon apyLTeEKTOVIKNG, opBotnTa TV oyéoewv Letad
KMo E®MVY, GUVOYN/GVLELKTIKOTNTA, KOl GUVETELD, LE TG anottoelc). Ot a&lorloyntég umopodv
va glodyovv Tic fadpoloyieg Toug yia kdbe dLdypapLpo, amobnKeHovTag To AMOTEAEGLOTA GE
pio Béon dedopévov yio pEALOVTIKY avaivor). Metd v oAokAnpwon tng aloAdynong, ot
YPNOTEG UTopoHV emiong va dovv Ti¢ Pabuoroyieg Tov amoddnkay and kdbe LLM yio kdOe
Baowo kpitiplo aEloidynonge.

20YKpLoT Kot Avvatétnteg Dritpopiopatog

O1 xpNoTeS LTopovV va. GLYKPIvoLV dtarypapato Tov dnpovpynonkay vd dtopopeTiKd
oevapla (m.y., pe ko yopic RAG 1 peta&d dwpopetikwv LLMs) ce mapdbeon. Ot emhoyég
QUATPOPICUATOG EMLTPETOVY TNV EUPAVICT] OLOYPOUUATOV PACEL GUYKEKPIUEVOV
Slpopem®ce®mV, OTmG povtéia embedding 1 péBodot chunking.

ATOTEAEGPOTO KOL AVOQOPES
H epappoyn vrootmpiler tnv egoywyn dedopévav a&loAdynong, S1eVKoOAVVOVTaG T GHVOYT)
TOV EVPNUATOV Y10 TOPOVOIAGELS 1| TEPAITEP® AVOAVGELS.

Enekraocipotnre yio Mehhovruki Epyacia
To epyaieio avamtoyOnke pe yvopova tnyv exektacipuotta. H oyxediaon enttpénel my



€0KOAN EVOOUATMGOT TPOGHETOV AEITOLPYIDV, OTIMG VEEC OPYLITEKTOVIKES, KPLTHPLOL
a&oAdynong 1 modules avaivonc.

Hoapovaiacny tys Epapuoyis

2TV enOUEVT] EVOTNTA, TOPEYOVUE OTIYUIOTLTTO 000VIG TNG EQPAPUOYNG LG, AVAIEIKVOOVTIS TIC
Baoiukéc Aettovpyieg kat T dtaTaln TNE. AVTEC 01 OTMTIKES TOPOVCIACELS OELYVOVV TMOC 1 EPOPLOYT
amhomotel T dayeipion kot TV a&loddynon Sloypappdtov, KofloTdvTag TNy £va amapoitnTo
epyaAreio Yo TO £pyo LOG.

210 oty TUTTO TP OKAT®, TAPOLGLALOVTAL Ol SIETAPES TNG EENTOUKEVUEVS EPAPLOYIS TTOV
oXE01AOTNKE Y0 TNV EUOAVIOT], a&loAOYNON Kol AvAALGT TOV TAPUYOUEVOV SLOYPUUUATOV KALGEDV.

Kevrpixny oelioa: Evaluate diagrams

H kevtpikn oerida amoteAeital and téc6epa KOpLa péPN, Kabéva ek Tov onolwv e&umnpetel
U0 GUYKEKPLLEVT AgtTovpyias:

1. Mépog Ourtpapicpatog
AVT0 TO TUNUO EMTPETEL GTOVG XPNOTEG 1 AELOAOYNTES VO PLATPAPOVY TOL ELPAVICOLLEVA
OTOTEAECUOTO BAGEL SLUPOPOV TAPUUETPOV:
e Movtéro: Enthoyn tov LLM mov ypnoomomonke yio n dnovpyio Tov Stoypappotog
(m.y., Llama 3.1, Gemma 2:27b).
e Apprektoviki: Emiloyn tov apyitektovikov tpotdmov, énwg Client-Server, Three-Tier 1
MVC.
e Andépaon RAG: diktpépiopa draypappdrov Baost g xpnons | un tov RAG.
o TpooOeteg Mapaperpor: Gidtpa yio cvvora FR/NFR, prompts, embeddings xon
otpatnyikég chunking.
Av106 10 PEPOC dLooPaAILEL OTL O1 ¥PNOTEG LTOPOVV YPIYOPO. VO TTEPLOPIGOVY TAL
OTTOTEAECUOTO, KO VO, EXIKEVTP®OOVV GE GLYKEKPIUEVO SLOYPAUUOTO T) GEVAPLL EVOLOPEPOVTOC,.

2. Mépog AnotereopdTov
To tufua awtd gueavilel Evav mivaxo pe To GIATPUPIGUEVE, aToTEAEGHOTO, PACIGUEVE GTIG

TaPAPETPOVG TTOL EMAEYONKAY GTO HEPOC PIATPAPIGHOTOC:

e Kdabe ypoppn tov Tivako oavTImpoc®TEVEL £VO GEVAPLO OLOYPAUUATOG, TEPIAAUPAVOVTAG
AemTOopUéPELEC OTIMC APy ITEKTOVIKT, LovTtélo LLM, amdpaon RAG kot dtadpoun
OTOTEAEGLOTOG.

e O ypnotec Lmopovv va eMAEEOLY Ui YPOLLUT Y10, Vo TPOBAALOVY Kot Vo aEl0A0YHGOVY TO
avtiotoryo S1dypappo. Avti N OAOKANPOUEVT] EVOOUATOGT O10GPaMEL Lo OLOAT, pon
€PYACIOG YIo TNV EMAOYN KOl OVAAVGT) SLOYPAUUATOV.

3. Doéppo ASrohdéynong
AVTO TO PEPOG EMKEVTIPAOVETOL GTNV avabedpnon Kot a&loAdynon Tov ETIAEYUEVOL
daypappatoc, Teptiapfavovtog diapopa d100pacTIKd GTOlXEIN:
o Kaptého Avaypoppatov: Epeaviletl to emieyuévo didypapipla Kot meptiopfavet BeAdrkio
TAONYNOMNG, EMTPETOVTIOG GTOVG YPNOTEG VO TEPYOVVTOL EDKOAN GE GAAL OLOYPALLLLATO TOV
GLUVOLOL JESOUEVMV.



e Afoveg A&roroynong: Kato and 1o dudypappa, ot a&lohoyntéc pmopovv va fadporoyncovv
T0 O1dypoppa Le Baon Ta KOpLo KPLTH P, OTWG:

THpnon NG APYLTEKTOVIKTG.

OpBotNTa oYEcEY TOV KAAGE®V.

2uvoyn Kot 6u{EVKTIKOTNTAL.

YUVETELN [LE TIG OMAITNGELG AOYIGLLKOD.

(@)

O

o

e Kovpma Apaong: Iapéyovrar tpodcOeteg Asttovpyies, OT®G:

o Enelepyacia Awaypappatog: Emtpénel 6toug ¥poteg va KAVOLV TPOTOTOGELG
GTO OLAYPOLLILQL.

o Xoykpion Awypappdrtov: [opéyel mapdeon d00 SloypapUATOV Y0 GUYKPLTIKY
a&loAdynon.

o IIpofoinq ITAnpovg O06vnc: [Ipoceépel po avepnddiotn, peyevlopuévn TpoPfoin
TOV J10ypALILOTOG,

o IThofynon péom Sidebar: Avoiyel éva TAAIVO LEVOD e HIKPOYPOQPIES OA®V TV
SLYPOUUAT®V, ETTPETOVTAG GILECT) TAONYTOT] GE OTOLOONTOTE OLAY PO
evO1LPEPOVTOG.

o IIpofoinq I'pagipatog Ztnrav: Eqv évag eyyeypappévog xpnotg Exel nom
oAoKANPp®oEL T Babuoldynon, avtd T0 KOVUTL EVEPYOTOLEL TNV ELPAVION EVOC
ypaopnuatog atni®v (bar chart). To ypdonua Tap€yet Lo OTTIKY ATEWKOVIOT TOV
Boabporoyidv, 51EVKOAVVOVTAG TN GUYKPIGT KOl TNV AVAALGT TOV OTOTEAEGUATOV
Y10 TO GUYKEKPLUEVO O1dypappo HeTald Tov dapopeTik®v LLMs kot g
Babporoyiag Tov xpriotn.

4. Mépoc Metadedopivmv
AVT0 TO TUN O TOPEYEL AETTOUEPT] LETOOEIOUEVA Y10l TO EMAEYUEVO OLAYPOLLLLAL,
neptiopfdavovrog:
o Asrtovpyikéc ko Mn Asrrovpyikég Antartijoels (FR/NFR): Epgavilet to keipevo towv oet
OTOITOE®V TOV Ypnoiporombnkay og €i6od0 yia Tn dnpovpyic Tov dtorypapUaTog.
e Prompt: [Tapovoidlel o akpiéc keipevo tov prompt mov d60nke oto LLM yio.
dnovpyio Tov StoypEapLLATOC.
e Apypxi Awoxpron LLM: Epopavilel v andkpion mov mapiyOn amd to LLM.
e RAG Apygio (epocov vapyel): Aciyvel av ypnotponombnke RAG xat, av vat,
neptAapPavet to meptexodpevo tov apyeiov RAG mov ypnoILOTOONKE Yo T COUTANP®O
g e&6d0ov Tov LLM.
Av10 TO TUALO SLOCQAALEL TN SUPAVELN KOL TV [VNAQGILOTITO, TPOGPEPOVTIUC GTOVG
a&lohoyntéc mApeg TAIG10 Yo KAOE dtdypapLpLo.

H dtemapn oyed100TNKE TPOGEKTIKA Y10l VO, EVIGYVOEL TN XPTOTIKOTNTO KOl VO SL0CPAAIGEL OTL
ot a&1ohoyNTéG UTOPOVV VO OAANAETIOPAGOVY LLE TO SLOYPAULOTO OTTOOOTIK( KOl EDKOAQ.

Aevtepevovoa celioa: Aétoloyoers ané LLMs

To devtepo otryutoTLIO TAPOLGLALEL TN 6EXida A&oloyios®v amé LLMs g epapproyng, n
omola elval aPLEP®ILEVT] GTNV ELOAVIOT] TV 0ELOAOYNGEMY TOL TAPEYOVTOL OO LEYOAN YAWGGIKH
povtéha (LLMs). Avti 1 oglida dtotnpel apketd Pacikd ctoryeio amd Tr TPonyou eV SIETAQT],
OGS TO, LEPT] PIATPAPIGHOTOC, OTOTEAECUATMV KOl LETAOEOOUEVAOV, UAAG EICAYEL VEEG AEITOVPYiEG
YO0 TNV TOPOLGINGT AETTOUEPELDY TV aEloloynoewy and ta. LLMs.



Avti g eoppog a&loroynong mov epueavifOTay GTIV TPONYOVEVN GEAID, QVTN 1) EVOTNTA
npoPdriet Tic aglohoynoelg tov LLM yia to emdeyuévo cevapilo. Ot a&lohoynoelg meptiappdvoov:

o BaOpoiroyisg: ApBuntikéc Babuoroyieg (oe Khipaka amd 0 éog 5) yro kKabe KprTnplo
a&lohdynong:
o Tnhpnom ApyLTEKTOVIKNC.
o OpBdmra Zyécewv Tov Khdoewv.
o Xvvoyn kot ZulevkTikdTnTa.
o Xuvénela pe T AToTNoElS AOYIGLUKOD.

e  Emyaipnuatodroyia AStorhoynong: Avolutikn ene€nynon o€ keipevo yia kébe paduoroyia,
TPOGPEPOVTAS TANPOPOPieS Yo TN Aoyikn a&loddynong tov LLM. Avtéc ot dikaoloynoelg
BonBovv Tovg ¥PNOTES VA KOTAVOGOVY MG TO LOVTELO EPUNVEDEL TIG UPYLITEKTOVIKES OPYES
KOl TIG ATOTNOELS, AVASELKVVOVTOG duvatd onueia kot mlaveg advvapieg ota dSoypapuuaTo
KAdoewv. Extog and tig fabporoyiec, ta LLMs mapéyovv Kot TpaKTIKy avoTpopoddtnon
GYETIKA LE TO TAOG TO dtaypappo uropel va Pertiodel.

Av1t 1 6eMO TPOGPEPEL Lol Stapavi) EKOVa, TV duvatoTitey Tv LLMs otnv a&loAdynon
Swypoppdtov kKAacewv. Me v Tpooin) 1060 ToGoTIKGV BabBroloyidv 0G0 Kol TOIOTIKNG AOYIKNG,
dtvetar n SuvaTdtnTa AUESNG SVYKPLoNG LETOED TV agloloyncemv aviporwy kot Al.

H éemaen avt amhomolel v avdivon tov a&loloynoewv ond LLMs kot dievkoddvel pio
Babvtepn Katavonon Tov TPOTOL LE TOV 0T010 SLUPOPETIKA LOVTELD EpUNVEDOVY Kol AELOA0YOVY
OPYLTEKTOVIKA dloypappoTo. AToTelEL KPIGILO GTOLYEID TNG GUVOALIKNAG PONG EPYOTING TNG
EQAPUOYNG.

Emniéov Asirovpyixotyra: Lratiotikiy Avaloon
H epappoyn dabéter emiong o tpitn ceXido, APLEPO®UEVT GTNV OTTIKOTOINGT] GTOTIGTIKMV
OVOADGEDV TOV dESOUEVOV 0ELOAGYNONG LEGH YPUPNUATOV. AVTA T YPUPTLLOTO TPOCSPEPOVY

TANPOQOPIES Yo TPOTLTTA KO TACELG OTO AmOTEAEGUATO TOV a&loAoynoewV. O1 AETTOUEPEIEG AV TOV
TOV Ypaenudtov 0o culntmlodv eKTeEVOG 6TV EVOTNTO ATOTEAEGUATOV.

H Ewéva 4.21 ko 1 Ewkdva 4.22 anewcoviovv Tig 600 KeEVIPIKES GEMOES TNG EQPOUPUOYNG LOC.
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4.3 Amoteréopato aSlordynong

g QT TNV EVOTNTA, TaPOLGIAlOVIE YPAPAILATE TTOL SN UtovpYRONKay omd Ta dedouéva
a&lohdynong, eotidlovtag oTIc TANPOPOpieg TOV TPOKLTOVY and TiG A&lOA0YNGELS KLPIOG omd
avBpodmovg aArd kot ard LLMs. Oia ta ypo@huata wov tapovctdlovtal dnpovpynonkoy
ypnoorotdvtag T Pipriiodnkn Highcharts, yio kabapn kot dodpactikn omekdvion.


https://www.highcharts.com/products/highcharts/

4.3.1 Emoxkoénnon afroroynccov ané LLMs

Eekwvdipe pe v avdivon tov Padpoioyidv tov 660nkav and to. LLMs. Ta mapakdtom
ypaopnpata arneovifouv tic fabuoroyieg mov d60nkay Katd péco 6po amd 6Aa ta LLMs o kabe
katnyopia a&oAdynong, Kabog kot po avaivon tov Paduoroyidv mov d60nKav and kibe emuépoug
povtélo. Emmiéov, cvykpivovpe avtég Ti¢ Pabuoroyieg pe exeiveg mov amodddnKay omd Tovg
avOpOTOVG, MOTE VO EVIOMIGTOVV TAGELS KOl OTOKAIGELC.

Katd ) didpkeia g a&lordynong pag, Tapatnpnonke 6t to LLMs dev givar akdun ce 0o
va a&lohoyodv dtaypaupato KAcewv pe dikato kot akpipn tpoémo. 'Eva agloonueimto gowvopevo
gtvan 0T To0 LLMs teivouy va amodidovv vyniotepec Pabporoyiec og oOyKpion pe Tovg avlpmmovg,
KON KoL Y10, SIYPAUUATO TTOV EUPOVAS ATOTLYYAVOVY G OA0 TO. KPLTHpla a&loAdynong.

AVt 1 TAON ATOTLVTOVETOAL GTO TOPOKAT® YPOLPTLLOTAL, TO. OTTOL0L SELYVOLV T1) YEVIKN
veptipnon Tev dwypoppdtov and ta LLMs, evicybovtag tnv avaykn yio mepaitépm Peltioon g
KAVOTNTAG TOLE Vo Tapéyovy akpiPeig kot a&lomoteg a&lohoynoels.

To didypappa otnv Ewkéva 4.23 cuykpivel Toug pécovg 6povg Baboroyidv mov amododnkav
am6 to. LLMs pe gkeivovg Tmv ypnotdv, ¥pNoILOTOI®VTAG LOpeT Ypuenuatog pe papdovg. Ta
OE0OUEVD OVODEIKVDOVY CNUAVTIKEG OLPOPECS, 1O1A{TEP OTIG KOTNYOopiec «ZVUUNOppmon ne Tnv
Apyprektoviki» kol «OpBdtnTa Lyécewv Kidoswvy.

e  Yvppopowon pe ™y Apyrtektovikn: Ta LLMs cuyvd amotuyydvouy va ovoAldcovy
KPLTIKE GV TNPOVVTOL 01 aPYEC TOV (NTOVUEVOD OPYLITEKTOVIKOD TPOTVTOV, LE OMOTEALECLLOL
va omodidovv avavtictoryo vymiés fabpoloyieg.

e OpBotnTao Zyéccmv Khaoemv: Avti 1 katnyopio topovoidlel exiong aloonueinto ydoua,
TOUVOC €N N akpIPNg aloAdynon Twv oyécemv Hetald kKhacemv anattel Pabbtepn
KaTOvON o1 TG TPOTELVOUEVNG AOYIKNG OYESAGILOD TOV GUOTHHATOG—EVO TTedio OOV 1|
avOpomvn eumelpia eivon wo kabopioTiky.

Avtég o1 amokAioelg vroypappilovv Toug meplopiopog tmv LLMs oty mapoyn Aerttopepdv
Kot oKpPdv a&lohoynoE®V, 1B10ATEPE Y10 KPLTHPLO TTOV ATOLTOVY KPLTIKT] GKEWT KOl OPYLTEKTOVIKT|
KATOVONOT).

Average Scores given by Users and LLMs per Principle

Average Score

Adherence To Architecture Cohesion Coupling Consistency With Requirements Correctness Relationships

Principles

® User @ LM
Eixovo 4.23 Average Score by Users vs LLMs
To ypdonua otnv Ewdva 4.24 napovoidletl pia cOyKpion tov pécmv Babloroyldv mov

amodo0nKay and kibe LLM Eexympiotd. Ta amoteAéopata avadEkviouy OpioHEVO LOVTELD, OTTMOG
to. command-r , mixtral:8x7b kot phi3:medium-128Kk, ta onoio paivetatl va ival akatdAAniao yio



v a&loAdynon Sty poUUdTOV KAAGEDV. AVTH TO, LOVTEAN 0T0S100VY GUGTNUOTIKG LITEPPOALKE
vynAég Pabuporoyieg, mov cuyva Eemepvolbv 10 4/5 o€ oyeddv OAeg TIC Katnyopieg, aveEaptnTo amd
TNV TOLOTNTA TOV SL0YPOUUATOV.

AvtiBeto, vdpyovy poviéha 6TmG To gemma2:27b kol gpt-40, TOV 0TOI®V 01 HECEG
Bobporoyieg paiverar va evBuypappiloviot teplocdtepo pe TIC AELOAOYNGELS TOV XPNOT®V. 6TOGO,
OVTY 1] POLVOUEVIKY] EDOVYPAUUIOT dEV AVTIKATONTPILETAL UE GUVETELD GTNV AVAALGT TOV
UELOVOUEV®V SYPUUUATOV 1| OTIC TOPOTNPNOELS OGS GYETIKG UE TN GLUTEPIPOPH Pabordynong
tov LLMs.

2UVOMKA, TO SESOUEVO AALA KOl OL TAPOTNPNGELS LLOG KOTA TN SLIPKELN TNG S10dIKAGTOG
a&lohdynong evioyvovy to cvumépacpo 6t to. LLMs yevikd mapovsialovv younin amdédoon otnv
a&lohdynon Sypappdtov KAAGE®V, e EVTOVI TACT VO DITEPEKTILOVV T SLOYPALLOTA GE d1APOopa
Kprthpia. €2g ek TOVTOV, Y10 TO VIOAOUTO TG AVAAVOTG, EMKEVIPOVOLOOTE OTIS 0&LOAOYNOELS TV
YPNOTAOV, DGTE VO, KATOVOTGOVE KOADTEPQ TNV EMIOPOCT] TOV TEPAUATIKOV TOPAUETPOV GTIV
TOLOTNTA TOV TOPAYOLEVOV Iy POLLUATOV.

Average Score per Principle given by each LLM

452 463
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372 55
307319 3.07

3.44 3.42

Average Score
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Principle Label

® command-r @ gemma2:27b @ gpt-do @ llama3.1:latest @ mixtral:8x7b @ phi3:medium-128k

Ewova 4.24 Average Score given by each LLM

4.3.2 Emoxkoénnon a&lohoynoemv amxd avlp®movg

To ypdonua oty Ewkdva 4.25 napovcidlel Toug pécong 6povg Baboloyidv Tav yxpnotodv yio
Ta Sypdppata KAAcE®V Tov dnpovpyhinkay amod kdbe LLM, cuykevipopéva and OAeg Tic
TEWPOUATIKEG TopapETpovs. Opgilovpie va onueidcovpe 6Tt to online povtéla
(ClaudeSonnet3.5, Copilot, Gemini, GPT-40, GPT-40 Software-Architecture-Visualizer) mopryayov
dwaypdppata povo xopic m xpnon RAG. Katd cvvéneia, ot mopapetpotl mov dapopomrombnkay yio
oUTA Ta poVTELD TTEPLOpioTNKAY TNV {NTOvUEVN OpYITEKTOVIKT Kol 6To cOVoAs FR/NFR, yeyovoc
OV E1YE OC UMOTEAEGLOL TOV LUKPOTEPO OPLOUO TAPUYOUEVOV SL0YPOUUATOV GE GUYKPLON UE TA
TOTIKO LOVTEALL.

[Mopd tov Teplopiopd avtd, Ta aroterécpato deiyvouy Eekdbapa 6Tl To o Tponyuéva online
povtéha, wwitepa ta ClaudeSonnet3.5, GPT-40 ko n e€edikevuévn éxdoomn tov GPT-40 Software-
Architecture-Visualizer, métvyav tig vymAdtepeg pécec Pabuoroyieg og OA Ta KpLTpLoL
a&lohdynong. Ta povtéda avtd vrepéfnooy cuoTnuatikd Ta Tomikd LLMs 6t cupUopemon LE TIg
OPYLTEKTOVIKES APYEC, OTIC OYEGEIS KAMAGEMVY, GTN GUVOYN KOl GTNV EVOVYPAULLGT LLE TIG OTOLTHOELS.

Q061660, 1 ATOS00N TOV TOTIKAOV LOVTEA®V deV TPETEL v VITOTIUNOel. Av Kot
7o phi3:medium-128k mopnyaye amoyonTeLTIKA 0TOTEAEGLOTA, e LEGO OPO HoOlG 1,4/5, GAla
TomiKA povtéia £deEav aSloonueiota KaAr anddoon. Xvykekpiuéva, Ta Gemma2:27b kot



Command-r gyopioay, pe fabuoroyieg mov ovyvd avtaymvilovtay 1 EETepvONGAV OVTEG TOV
online povtéAwv e ToALEC Tepimtdoelg. EmmAéov, to Llama3.1:latest kow Mixtral:8x7b
TOPoVGiocay aEI0TPETT, OV Kol AMYOTEPO EVIVTWGIOKT, ATOS0GCT).

Yvvolikd, 10 GPT-40 kvpidpynoe 6Gov apopd ™ péon anddoor, emPePfardvovag tn 0€om
0V ©¢ Kopvaio povtéro. [ap' dia avtd, n a&oonueiot anddoon tov Gemma2:27b, evdg
TOmIKoV povtélov, a&ilel 1diaitepng TPOGoyNG Kot TEPUITEP® SEPEHVNONG Y1a. T1 SLUVALLIKY] TOV GE
epappoyég mov dwoyepiloviat evaicOnta dedopéva.

Model Performance by Principle

correctness_relationships

consistency_with_requirements

cohesion_coupling

Principle Label

adherence_to_architecture

AVERAGE

claudeSonnet... command-r copilot gemini gemma2:27b gptdo gpt4oSAV  llama3.1:latest mixtral:8x7b  phi3:medium-
128k

Model

Eixova 4.25 Model performance based on human evaluations

>t cvvéyelo o ToPOVCIAGTOVV SLUYPAUUOTO TOV GTOYEVOVY GTNV KUTOVOTON TNG EMIOpAoNS
TOV SLIPOPETIKADOV TEPOUATIKAOV TAPOUETPMOV GTO TOPAYOUEVO SLOYPAULOTA KAAGEWDY, EEKIVOVTAG
pe v avéivon g emidpacng tov RAG (Retrieval-Augmented Generation).

Ta ypagnpata oty Ewkova 4.26 kot oty Ewkova 4.27 aneikovilovv Toug pécovg dpovg
Babporoyidv Temv draypappdtev mov dnuovpyndnkay and kdbs LLM, dioywpiopéva oe outd Tov 1
é€odog evioyvinke péom RAG kot o€ ekeiva Tov dnpovpynnkay ympig tn ypnon tov. Ta
OTTOTELECUATO ELVOL EVOLAPEPOVTO KO EVOUPPUVTIKA, TPOCPEPOVTOC KIVITPO Y10 LEAAOVTIKEG
Bertidoels.

Yxeddv OAha T TOTIKA PoVTELD TTopovGlalovy onuavTtiky Pedtioon otig fabuoroyisg
a&oAdynong 6tav Ta amoTeAésaTd TOVG evicyvovtal pécw RAG. Qotdco, 10 phi3:medium-
128k amotehel e€aipeon, kabmg 0 HEGOg 6pog tng Paburoroyiog Tov peidvetor ano 1.6 e 1.4 6tav
epappoletar 1o RAG. Avth n ttdon umopet vo amodobel oTnyv TAom TOV LOVTELOL VO CLYYEETOL OO
0 Tpocheto mepieydevo mov mapéyovv ta apyeic RAG. Onmg emonpdvOnke oty evotra 0 yia ta
advvapo dtaypappato, To phid:medium-128k cvyvd moapdyel doyeta 1 acVVET dStaypaLpLaTo,
emnpealopevo amd to mapadeiyuato Kot 1o Keipevo ot dodikacio tov RAG. Zuvendg mopatnpode
pio €yyevn advvopio TOL GUYKEKPLUEVOL LOVTELOL Vo O10XEIPLOTEL EKTETAUEVA KO TOADTAOKQ
prompts.

INo to vedroue, LLMs, 1 xpiion tov RAG odnyel e a&loonueinteg BEATIOGELS GTNV TOLOTNTO
TOV SLYPOUUATOV. XT0 O YUPOKTNPLOTIKA Tapadelypata tepthappdvovon:

e Command-r: H péon Pabuporoyio Bertidveror ano 2.8 ce 3.1 .

e Gemma2:27b: H péom Babuoroyia av&averatl amd 3.1 oto evivmmoiaxd 3.5 Eemepvmvtog
axopa kot to. Gemini kot Copilot.

e Llama3.1:latest: H péon PaBporoyio avéaveton amd 2.3 o€ 3.1.

e  Mixtral:8x7b: H péomn pabuoroyio Bertidveron amd 2.6 o€ 3.0.



Ta amoteréopata vroypapupilovv n dvvapikn tov RAG ot Peitiooon g anddoong Tov
tomik®v LLMs ot dnuovpyio dtoypappdtov khacewv. Evd 1o RAG Pondad to povéia va
KOTOVOT|GOVV KOl Vo, SOUTCOVV KAADTEPD TO TEPLEYOLLEVO, 1 OMOTEAECUATIKOTNTA TOV e€0pTATOL OO
NV KavOTNTO TOV EKACTOTE LovTELOL va enebepyaletal Tic Tpochetec TAnpopopiec. ['a ta
TEPLOGOTEPQ TOTIKA LOVTELD, TO RAG mapéyet éva oapég mieovéktnua, e 1o Gemma2:27b va
Eexopilel oG KopLPOio TOTIKO LOVTELD, TETVYAIVOVTAG ATOTEAEGLOATH GUYKPIGILO LLE OPIOUEVEL
online povtéAa.

AvTo evioyvel ) onpacio g Tepotépm PeAtioong 660 g dadikaciog RAG 660 kot tng
emAoyNg povtélmv embeddings, Tpokelpévou va fedtictononBodv axoun TepIocOTEPO TA
TOPOYOLEVO ATOTELECUATA.

Model Performance by Principle without RAG

correctness_relationships

consistency_with_requirements

cohesion_coupling

Principle Label

adherence_to_architecture

AVERAGE

claudeSonnet... command-r copilot gemini gemma2:27b gptdo gpt40SAV  llama3.1:latest mixtral:8x7b  phi3:medium-
128k
Model

Eixova 4.26 Model Performance without RAG based on human evaluations

Model Performance by Principle with RAG

correctness_relationships 0.9

consistency_with_requirements 18

cohesion_coupling 16

Principle Label

adherence_to_architecture 1.4

AVERAGE 14

command-r gemmaz2:27b llama3.1:latest mixtral:8x7b phi3:medium-128k
Model

Eixovo 4.27 Model Performance with RAG based on human evaluations

H teyvikn RAG (Retrieval-Augmented Generation) mteptlapfavetl S149opeg TOPAUETPOVS
oV ENNPEALOVY GNUAVTIKG TNV OTOTELEGHOTIKOTNTA TG 0TN Pertimon Tov amokpicewy tov LLMs.
AvTtég o1 mapapetpol mepthappdvovv to povrélo embeddings, T péBodo TunpoTonoinong
(chunking), kaOd¢ ka1 To oyedacud TV eyypagov RAG. Kdbe évo amd avtd to ototyeia
Swdpaparifel kpioo poro oto mdco Kard evduypappileral o enavEnpévo TePLEXOUEVO TOV
mapéxetal and 0 RAG pe 1ig anaitioelg kot ot Peitioon tov e£6dmv tov LLMs.

Mo, onpovtikn Topduetpog g texvikng RAG agopd tnv amddocn tov poviélov embeddings
Kot NG nefddov TUNHATOTOINGNG. ApYIKA TO TAPEYEL L0 AUEST] GUYKPLOT TV dVO LeBOdmV
Tunpartonroinong mov ypnotporomnkav: Semantic Chunking kot Recursive Chunking.



To ypdonua otnv Ewkdva 4.28 deiyvel o epeavn vrepoyn e Semantic Chunking évavtt
¢ Recursive Chunking e 6Aa ta kpitiipla a&loAdynons. Avto 1o anotédecua evbuypappiletal pe
T1G Tpocdokieg, kabdgn Semantic Chunking elvor ol o TpoNyHEVN TEXVIKT TOL TUNUOTOTOLEL
duvapukd ta dedopéva e PAcT TO TEPLEYOUEVO Kot TN oNUaGio Tovg. OUadomoldvTog
ONUOCIOAOYIKA GYETIKEG TANPOPOPIEC OE CLUVEKTIKA KOULATIO, dtao@aAilel 0Tl To avaktnpévo chunk
elval opoloYevEG KoL GYETIKO LLE TO EPATNLLA.

Avrtifeto, n Recursive Chunking viofetei o mo dxopntn tpocéyyion, dwywpilovtag o
Keipevo pe Paon dopkd ototyeion OT®G YopaKTAPES | TAPUYPAPOLS. AV Kal Elval O ATAT oTNV
vAomoinon, avth n néBodog dev AapPdvel vTOYT TN CNULOGIC TOV KEWEVOV, LLE ATOTELEGLO TN
dnuovpyio AydTEPO AKPIPOV KOl GYETIKOV TUNUATOV. ¢ €K TOVTOV, TO SLUYPUUUATO TTOV
onpovpyodvtar ypnoiponowdvrog T Recursive Chunking teivouv va Aappdvouv yapniotepeg
Bobporoyieg.

Av1d 10 €HpNUA EVIOYVEL TV AVAYKT Y10 TPOTEPALOTOINGT TPONYUEVAOV GTPUTNYIKOV
TUNUATOTTOINONG 68 HEAOVTIKEC VAOTOMGELS TOL RAG, Tpokeévon va peyiotonotn et to Suvopko

Tov ot Bektioon g arddoong twv LLMs.

Average Score per Principle by Chunking Method based on User Evaluations

Average Score
~

adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships

Principle Label

® recursive @ semantic

Eixova 4.28 Average Score by chunking method based on human evaluations

e avtifeon pe v dlakpity vEePOY OV TapatPRONKe oTig HeBdSOLG TUNUATOTOING G, N
oVYKpLon TV HovtéAmy embeddings amokKaAOTTEL Lo TO 160ppomnévT anddoot). Ta
aroteléopato otnv Euova 4.29 deiyvouv 6Tt 10 nomic-embed-text:latest mapovcialet Eva
EKTTANKTIKO EMIMEDO AVTOYOVIGTIKOTNTOG G€ GYECN e TO umopikd, cloud-based povtéro text-
embedding-3-large.

Yvuykekpyléva, To nomic-embed-text:latest emitvyydvel eEhappdg vynAoTEPES Pabuoroyieg otnv
KaTnyopia «Zoppdpemon Ue TV ApyLtekTovikiy, evd to text-embedding-3-large mapovoidlet
EAAEPOG KaADTEPN 0mddoon ot vToAoIma Tpia kprtnpta a&toAdynone. [apd avtég Tic pikpég
SLOPOPES, T ATOTEAEGLOTO VITOYPOUUILOVY Eva onUavTIKO orueio: To nomic-embed-text:latest, ¢
éva dmpedv, avorytod KMotk povtédlo embeddings mov pmopel va avamtuydel Tomkd, Tpocpéper o
a&10moTn EVOALAKTIKN AV0T 610 eUmopikd, eni TANpoun text-embedding-3-large.

Avtn 1 oVYKpIoT VITOYPAUpilEL TV avEaVOIEVT SUVOULKT TMV TOTIK®VY, 0VOLYTOD KMOTKA
LOVTEAMV VO OVTAY®VIGTOOV TO EUTOPIKE avTicTo o oTig epyacicg embeddings, Tapéyoviog (o
OLKOVOUIK(A OTOSOTIKY] KOl AGPAAT] ADGT] Yiol OGOVG d1VOLV TPOTEPALOTNTA GTNV WOIMTIKOTNTA KoL TNV
avebaptnoio and vanpeoieg Paciopéveg oto cloud.



Average Score per Principle by Embedding Model based on User Evaluations

Average Score

adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships
Principle Label

@ nomic-embed-text:latest @ text-embedding-3-large

Eixova 4.29 Average Score by embedding model based on human evaluations

To ypdonua otnv Ewdva 4.30 ansicovilel Tig fabporoyieg mov EAafav ta dtoypappota, ovty
TN POPE OUASOTOINUEVE COUPMVA [LE TOV GLVOVAGHO TOL HovtéAlov embeddings kot tng pebodov
tunuatonoinong. Ta amoteAéopota delyvouy pio GYETIKE 1G0ppOomTNUEV ATOS0GT| G OAOVG TOVG
GLVOLOCHOVG, YMPIG VO TAPAUTNPOVVTOL OTUOVTIKES omokAicels. Ot Babuoloyieg evbuypappilovat
LLE TIG TAOELG TTOL CNUELDONKOV 6T VO TPOTYOVLUEVE YPUPNUOTO, AVTIKATOTTPILOVTOG GUVETEIG
TAGEIS MG TTPOG TO TAG AVTEG Ol TOPAUETPOL EXNPEALOVV TNV TOLOTNTA TOV TAPAYOLEVOV
SLYPOUUAT®V.

Average Score per Principle by Embedding Model - Chunking Method Combination based on User Evaluations =

318
3.12 3.09 3.09 3.09 313 08

2.7 278
262 2.56 2.48

215 2.3

Average Score
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Principle Label

@ nomic-embed-text:latest / recursive @ nomic-embed-text:latest / semantic @ text-embedding-3-large / recursive @ text 1g-3-large /

Eixova 4.30 Average Score by embedding model - chunking method based on human evaluations

H enidpaon g mapapétpov tov apyeiov RAG oty anddocn Tov TapayOUEVmY
SypopUdTOV KAAGEDY GUVIGTA Hio aKOp KaOOPIoTIKY TOPAUETPO Y10 TO Teipapa pag. Ommg
ou(ntnonke oty evotnta 3.1.5 , TPOYUATOTOCAUE TEPAUATO LE TPELS O10KPLTOVS THTOVG
apyeiov RAG :

1. RAGI1: Av1d 10 apyeilo TepLEYEL EKTEVH YVAOOT] Y10l TIG ETAEYILEVES OPYLTEKTOVIKEC,
avtAnuévn and to Bepelddeg keipevo Software Engineering, 10th Edition tov lan
Sommerville. Agttovpyel ®¢ pia LVYNANG TOLOTNTOG Kot AVOEVTIKY TNYH TANPOPOPLOV.

2. RAG2, RAG3, RAG4: ¢ avt v mpocéyyion, 1o nepieyduevo t1ov RAGI ywpiotke o€
Eeymplota apyeia, e0Kd yio kabe apyrrektovikn. o Tapdderypo:
o RAG2 mepiéyet povo 1o mepieyopevo mov aeopd v apytrektovikr] Client-Server.
o RAGS3 emikevipovetan omokieiotikd ot apyttektovikr Three-Tier.
o RAGH4 givar €101k6 yio v apyrtektoviky Model-View-Controller.
Avt 1 otoyeLUEVT TPOosEyyion dtoucparilel 6Tt tao LLMs Aapfdvovv mAnpogopieg



OV QPOPOVV Apeca TNV (NTOOUEVT OPYITEKTOVIKN.

3. RAGS: Av16 10 0p)eio cuykevipdvel TANpoeopieg amd dnpocia Sabécies Tnyéc, OTmS M
Wikipedia kot to GeeksforGeeks, avtimpoocwomedovtag Eva o YEVIKEDUEVO Kol AYOTEPO
EMUEANLLEVO GVUVOAO OEOOUEVOV.

To ypdonua otnv Ewkdva 4.31 amokadOTTEL 0PKETEG OELOCT|UEIMTEG TAGELG CYETIKA LLE TNV
enmidpaon TV TOTeV apyeiov RAG oty To10t)T0 TV Topayouevev daypoppdtov kKAdceony. H
TPOGEYYIOT TOV AMESMOE TO KAADTEPO OTOTELECUOTO NTOV O OLAYWPIGHOG TOV TEPLEYOUEVOD OFE
apyrektovika eEgdkevpéva apyeio (RAG2, RAG3, RAG4). [lopéyovtoc oto LLMs otoygupévec
KoL GYETIKEG TANPOQOpPiES, avTn 1 HEB0d0G elayloTOoTOINGE TN GVYYVOT Kol S10GPAAIGE OTL TO
TA0G10 EVOVYPAUUICTNKE GUECH [LE TNV OITOVUEVT] OPYLTEKTOVIKY, aveEdptnta and v akpifela
t0v RAG. Avti 1 g€e1dikevon aivetal va evioyDEL TNV 1KOVOTNTO TOV LOVIEA®Y VO TAPAYOVV
KPP Kot GUVEKTIKG, S0y PALUATO, KAAGEDV.

Towg mpog EkmAnén pag, 1 6evtepn KaAvtepn amnddoon tponibe and to RAGS, 10 omolo
Bocionke og dnpodcieg nnyés, onmg 1 Wikipedia kot 1o GeeksforGeeks. [Taporo mov Tav Aydtepo
avotnpd Kot Thovmg Alydtepo a&lomioto, avth 1 Tpocéyylon Eenépace 10 RAGI1, 10 omoio
avtinOnke and 1o avbevtikd eyyelpidio tov lan Sommerville. Avtd T0 amotérecpa VIOINADVEL OTL 1|
TOWKIALD KOt 1 TPOSPAUCIUOTNTO TOV TANPOPOPLOV OO SLAOIKTLOKES TNYEG LITOPEL VO TPOGPEPOLV
ota LLMs évo eupOTEPO KAl O TPOAKTIKO TAAIGIO KATAVONONG TOV APYITEKTOVIKAOV OTOITHOEWY,
OKOLLO K1 oV TO VAKO givat Arydtepo enionpo.

Avtifeto, To RAGI1, 10 omoio Tpoépyetal amd £va OepeMdOeg aKadNUAiKO KEipLevo,
apovciace oyeTikd acbevéotepn amddoon. Ilapdio mov o1 TAnpopopiec NTaV LYNANG TOLOTNTAC, TO
€VPVTEPO TTEDIO KUL 1) AIYOTEPO GTOYELVUEVT] SOLT TOVG EVOEYETAL VA TEPLOPLOAV TNV
OTOTEAECUATIKOTNTA TOVG. T am0TEAEGLOTO VTOSEIKVOOLY OTL KO KOl TO SESOUEVE DVYNANG
TOLOTNTOG TPETEL VO TAPEYOVTOL LE AKPLPT KOl GTOYEVUEVO TPOTO, MOTE VO, LEYIGTOTTOMOEL 1
¥PNooTNTd Toug Yot oL LLMs.

Avtd T evprpoTa vVEoypouuilovy Tov Kpiolo pOAO TMV GTOXEVUEVOV Kol GUVAPDV
TANPOPOPL®Y oIV KaBodnynon g anddoons twv LLMs. Emumdéov, 1) ioyvpn anddoon Tov
SLOOIKTVOK®MV TNY®V ToVILEL TIC dSuvaTOTNTES 0E10TOINON G TPOGPACIL®Y KOl TOIKIAOHOP POV
oLVOL®V dedouévav Yia T Bertioon tav epyacidv ue t fondeia Al, vrodeikvdovrog pio
VIOGYOUEVT] KOTEVOLVGT Y100 LEAAOVTIKT] EpELVAL.

Average Score per Principle by RAG Filename based on User Evaluations
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® ragt @ rag2/rag3/ragd @ rags

Eixova 4.31 Average Score by RAG file based on human evaluations



"Evag axoun kopuPucodg mopdyoviag mov exnpealel onpavtikd tig amokpioelg twv LLMs gival ta
ovvolo FR/NFR. H doun tovg, 10 eninedo AEMTOUEPELNG KL ) YADCGCO 10V YPNCULOTOLEITOL GTO
prompt gaiverol va tailovv kaboploTikd pOAO TNV TOLOTNTA TOV TAPUYOLEV®V S10YPOLUATOV
KAGGE®V. XTO EMOUEVO YPAPNLLQ, EMGTPEPOVLE e dedopéva PabIoAOYIDV GTNV TOPATHPNCT TOL
TapoLCIdcapLe (e Saypappote KAacemy oty evotnta 4.1 .

To ypdonua oty Ewdva 4.32 napovoidlel 1o péso 6po Pabuoroyidv mov métuyay to
dypappato KAGcemv, Ta omoia dnovpyndnkav pe ta dvo cbvora FR/NFR mov mapovoidotnkoy
otV evotnta 3.1.2. Onwg eaivetal, To StorypdpLiato Tov dnpovpyndnkay ypnoLoTOLmVToS TO
TPMOTO GVVOAO VIEPEYOVY oTafePd GE OoYEOT e eKElva TOL dNUoLPYHONKAY LE TO dEVTEPO GVLVOAO,
o€ 0L To Kprmmpia a&toddynonc. Aéloonueimto gival 6Tt ot dtapopéc oTig Paduoroyieg ivar o
€VTOVEG G€ OPIOUEVES KATNYOPLES, EVM 08 AAAES Elval OXETIKA UIKPEG.

SUYKEKPILEVQ, OTIC KaTryopieg «Zuvoyn kot XOCevEn» kot «Zuvoyl] HE TG ATOITI|GELS», Ol
dtapopéc otig Pabpoloyieg eivor pikpég. Avtifeto, To YpAENUO AVASEIKVOEL CTLOVTIKES SLOPOPES
OTLG KaTNYyopies «Zoppudépeoon pe TNV ApytteKToviki» Kot «OpBétnta tov Xyécewv Kidoswvy,
OOV TO, SLOYPAUUOTO TOL dMpovpyHOnKay pe 1o dgbTEPO GVVOAO UaVIovY ooONTA YauUnAdTEPEG
EMOOGELG.

Av Kot 00T 1 0PYIKT TOPATHPTOT) VTOSNADVEL [0 CNULAVTIKY] S10popd amddoonG LETAED TV
00 GLVOL®V, Ol VTTOKEILEVOL AOYOL OVTNG TNG CUUTEPIPOPAS OTOLTOVV TEPALTEP® dtepevvnon. [
Katavonomn oe ueyoldtepo PAog anTng TG CLUTEPLPOPA, EXOVILE SNUIOVPYNOEL EVOL KON
OUIYPOLLLLEL YLOL CLTY] TNV OVOAVOT).

Average Score per Principle by Requirements sets used based on User Evaluations

295 3.03

Average Score
N

adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships
Principle Label

® FR set: fr1 / NFR set: nfr1 @ FR set: fr2 / NFR set: nfr2

Eixova 4.32 Average Score by requirements set based on human evaluations

To ypdonua otnv Ewdova 4.33 napéyet pia fabotepn katovonomn, avaivovtag 1o HEco 6po
Babporoyidv Tev diaypappdrtov avd tomo apyttektovikng (Client-Server, Model-View-
Controller kot Three-Tier) ko1 sovoro FR/NFR mov ypnoyomodnke. Avtr n Aentopepng
OTELKOVIOT] piyYVveEL Po¢ 6T poTifa mov tapatnpnnkav otnv Ewoédva 4.32 Error! Reference source
not found.

o Apytektovikég Client-Server koar Model-View-Controller:
o  ZTIG aPYITEKTOVIKEG AVTEG, T OloypApLLaTa TOV dNpovpyHnKoy pe to dedTepPO
GLVOLO TOPOLGLALOVY GNUAVTIKY TTOOT 6TIC faduoroyicg og 6o Ta KpLTHPLOL
a&lohdynong, Wiaitepa oTig katnyopies "Xoppdbpewon pe v
Apyrrektovikn" kot "OpBoTTE TOV XYyicemv Kihdcemv".
e Apytextovikn| Three-Tier:



o Evdiagépov mapovsialet to yeyovog 6Tl To de0TEPO GHVOLO 0odidel KaAhTepa o€
QT TNV OPYLTEKTOVIKT, LE VYNAOTEPES HECES Pabpoloyieg o Ol TO KPITNPL.

Avti M apywd anpdopevn cvopumeptpopd uropel vo amodobel 6tn doun Tov dedTEPOL
ouvolov FR/NFR (FR2). Onog avagépbnke vopitepa oto 3.1.2, to FR2 droywpilet Tig amattioelg
o€ Tpia dtokpltd TunpoTa: AMAETIOpaoElS Xp1oTh, AoYIKi), Kol AELTovpyieg Asdopévev. AvTi
N TunpoTonoinom evbuypappileton otevd pe Tig apyég g apyrtektovikng Three-Tier, 6mov ot
evBuveg cuvnBwg ympilovior o€ tpia enineda: Eminedo Mapoveiaong, Exinedo Aoyuknig, kot
Erninedo lipooPacng ota Agdopéva. Qg amotéreoua, ta LLMs teivouv akolovBodv avtodv tov
OL(OPICUO GTO TOPOYOLEVO SLOYPAUIOTO, 0OTYDVTOG 0€ VYNAOTEPES PaboAioyies Yo Tnv
apyrtektovikn] Three-Tier.

Avtifeta, ot apyrtektovikég Client-Server kot MV C dev gvBuypappiloviot eyyevag pe avth
™V TUnpoatomompévn tpocéyyion. Ot oyxedlaotikés Toug apyés Pacilovtal o€ S1pOPETIKOVG
dtoywpiopovg evduvav, kain doun tov FR2 aiveton va petdvel my ikovotnta tov LLMs va
ONpovpyoHv dLaypEULATO TOV VO GUUUOPPOVOVTOL LLE AVTA TO APYLTEKTOVIKA TPOTLUTA. AVTN M)
dvcapuovia givar 1iTEPA ELPAVIG GE KOTNYOPieg TOV oYETILOVTUL GTEVA LLE TNV OPYITEKTOVIKY,
OT®G 1 «ZVPUPOPP®GN RE TNV APYLTEKTOVIKI Kol 1 «OpBoTNTA TOV XYéccmv Khacewvy», 6Tov
ot BaBporoyiec Kataypaeovv GNUAVTIKY ETLOEIVOOT).

Avtd To evprpota vroypoupifovv T onuacia Tng tpocsaproyns Tov cvvorwv FR/NFR otig
apY£EG TNG OLTOVIEVNC OPYLTEKTOVIKNG 1 TNG SL0o@AAONG OTL €ival OVOETEPT, KOl dEV
TPOCAVATOAILOVTOL TPOG KATOL0 GLYKEKPLLEVO apyLTEKTOVIKO TpdTLTo. H dopn Ko 1 Statvmtmon tov
OTOTCE®V UTOPOVV VO EXNPEAGOVY GNUAVTIKE TNV kavotnto tov LLMs va dnpovpyodv axpifin
KOl GYETIKA S10ypAUULOTO KAAGEWDV.

INo e o EexdBapr katovomon, avatpééte otn dopn Twv dVvo cuvorlmv FR/NFR mov
mopovstioKay 6to 3.1.2, kabdg kot 6Ta cVYKeKpEVA dtaypdppata mov culinthdnkav oto 4.1, Ta
omoia amelkoviCouv auTn TN GLUTEPLPOPA.

Average Score per Principle by Architecture and Requirement Sets based on User Evaluations

33 3.31
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adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships
Principle Label

@ Client-Server - fr1_nfrt @ Client-Server - fr2_nfr2 @ Model-View-Controller - fr1_nfr1 @ Model-View-Controller - fr2_nfr2 @ Three-Tier - fri_nfr1 @ Three-Tier - fr2_nfr2

Eixova 4.33 Average Score by architecture and requirements set based on human evaluations

Téhog, avaivovpe Katd TOGo 1 (NTOOUEVT] apPYITEKTOVIKT eNNPedlel TIC péoeg Pabupoloyieg Tmv
TOPOYOUEVDV Sloypappateov KAdoemv. Ta emdpeva ypaeniuota Topovstdlovy 10 néco 6po
Boboroyidv opadomonIEVES AVA OLTOVLLEVT OPYLTEKTOVIKT).

To ypdonua otnv Ewkdva 4.34 amokodvmtel 0TL Ta Stoypappota pe NTodpevn
apyrtektovikn Client-Server onpeimvouy Tig yaunAdtepeg péoec Paduoroyiec. Ot aAleg dVo
apyrektovikéc, Three-Tier kar Model-View-Controller, mapovsiélovv pikpotepeg S10popES OTIC



Babporoyieg tovg, pe ta daypdppata Three-Tier va vepéyovy eLaQP®G GE GYEST LLE AVLTA
Tov MVC.

Q061000, glvar oNUovTKd vo onpetwdel 0Tt T0 GLYKEKPLUEVO YPAPNLLL EVODUATMVEL TOV
emidpao g emAoyng Tov cuvorov FR, kot wiaitepa v kaxn evBuypAppIoT TOV dEVTEPOD
ovvolov FR2 pe ta apyitektovikd mpdtuma Client-Server kot MVC.

Average Score per Principle by Architecture based on User Evaluations

Average Score
n

adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships

Principle Label

@ Client-Server @ Model-View-Controller @ Three-Tier

Eixova 4.34 Average Score by architecture based on human evaluations

[Ipokeyévov va amopovdGovLEe TNV eTidpacT NG {NTOVUEVNS OPYLITEKTOVIKNG, TO YPAGTLO
omv Ewova 4.35 mapovcialet v id1a avaivon, Aappavoviog vaoyn novo to StoypapoTe, To
dnuovpyndnkav ypnoionotmdvtag to cbvoro FR1, to omoio, Ommg mopatnpndnke katd tnv
e€epedvnon TV JyPOUUATOV KAACE®DVY, ELPAVICEL O 1GOPPOTNUEVT KOl GUVETT GUUTEPLPOPA
UETAED TOV UPYLITEKTOVIKDV.

Onwg avapevotay, to, amoteAéopata deiyvouv uetouéveg dapopés otig faduoroyiec. Eva n
apyrtektovikn Client-Server mopapével avt pe Tig yapnAdtepeg Pabuoroyies, n oyetik anddoon
tov MVC kot tov Three-Tier aAralet: ta dwypdupoata MVC tdpa Egmepvodv 6e amddoon ovtd
tov Three-Tier.

Ta gvprpato vrodetkvoouy 6Tt 1) apyrtektovikn Client-Server mbavadg tapovsidlel £yyeveig
wpokAncelg yio to. LLMs, kafiotdvtog o S06KoAo Yio auTd vo akoAovONGouvV TG apyéc TG o€
ovYKplon pe Tig dAhes 600 apyttektovikés. Avtifeta, n oyetikn anddoon tov MVC kot tov Three-
Tier paiverot va e&aptdrtal o peydro Pabud amd to ypnoyomoovpevo cvoro FR. Avtod
vroypappilet t onuacio 1660 ™ {NTovUEVNC OPYITEKTOVIKIC OGO KOl TOV GYESIOCUOD TMV
oLvodeLTIK®V cuVOA®Y FR/NFR y1a tov kabopiopd tng motdtntas TV Topayolevoy StoypopuuiTmy
KAMAoEWV.



Average Score per Principle by Architecture based on User Evaluations for fr1/nfr1 requirements set

Average Score

adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships
Principle Label

@ Client-Server @ Model-View-Controller @ Three-Tier

Eixova 4.35 Average Score by architecture for FRI set based on human evaluations

[Mopopolo GuUTEPAGUATO TPOKVTTOVY KOl OO TV 0VAALGCT) TG KOTAVOUNS TV Babloloyidy,
N omoia e&etdlel Tig a&roroynoelg yo kabe {ntovpevn apyrtektovikny Eeympiota. Ta ypaenuato otny
Ewova 4.36, otnv Ewdva 4.37 kot otnv Ewkova 4.38 anokaAidntovv Oti Ta StoypAULLOTO TTOV
dnuovpyndnkav pe v apyrrektovikn Client-Server mapovsialovv LEYOADTEPA TOGOGTA YAUNADY
puécmv Pabuoroyldv o€ OAEG TIC KATNYOPIES KPITNPIMV GE GVYKPIOT| UE TIG AAAEG OVO OPYITEKTOVIKEG,
Hopatnpeitor 611 kabog petaPaivovpe and to Client-Server 6to Model-View-Controller (MVC) ko
011 cuvéyela oto Three-Tier, 1 KOPLEN TOV YPAPNUATOV KATAVOUNG HETATOTILETAL TPOOSEVTIKA
nwpog ta 6e&ld. EmmAéov, mapatnpeiton 611 To Stoypappota pe péceg Pabporoyieg petald 3.5 kot 5
OVTUTPOCOTEVOVV:

o Awyodtepo ano 20% yio to Client-Server,
o Ilepinov 30% ya 10 MVC, ko
e Xyedov 40% ywo to Three-Tier.

AvTég o1 katavopég voypoppilovy T oxeTikn duokoiia mov aviipetonilovy to LLMs 6to va
evbuypappiotody pe v apytrektovikn Client-Server, og avtifeon pe ) mo otabepn amddoon Tov
nmaponpeital ota tpdtuna Three-Tier kot MVC.

© Score Distribution for Client-Server architecture based on Users' Evaluations
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0-0.5 0.5-1 1-1.5 1.5-2 2-25 253 3-35 354 4-45 455
Score Range

@ Diagrams

Eixova 4.36 Score distribution for Client-Server architecture based on human evaluations



) Score Distribution for Model-View-Controller architecture based on Users' Evaluations
25%
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Eixova 4.37 Score distribution for MVC architecture based on human evaluations

) Score Distribution for Three-Tier architecture based on Users' Evaluations

16.88%
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0-0.5 0.5-1 1-1.5 1.5-2 2-25 253 3-35 354 4-45 455
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® Diagrams

Eixovo 4.38 Score distribution for Three Tier architecture based on human evaluations

4.3.3 XOvoyn amoTELEGNATOV

H avélvon tov anoterAecpudtov avadelkvigl GILOVTIKA EVPNLLOTH GYETIKE LLE TOVG TAPAYOVTEG
oV EMNPEALOVY TNV TOLOTNTA TV SlaypappdTev KAdcew@V Tov dnpovpyovvtotl ard LLMs. Apyucd,
elvatl onuavtikd vo, exionuaviel 0Tt ot aE0AOYNGELS TOV XPNOTOV Eival LTOKENEVIKES. [0 ToV AdYo
avtd, 1 devpuvon Tov delypatog tav aloloyntov Oa propovoe va evioyboetl TNV a&lomoTtio TV
evpnuatev. [Tapd Tnv VTOKEWUEVIKOTNTO, TO UTOTEAEGHOTO TOV TEWPAUATOG TAPAUEVOLV 1O10TEPO
xPNopa, Kabmg ot cuykprTikég a&lohoynoelg uetald tomv mapaydviov evbvypappilovrol pe Tig
OVTUAMWYELS TOV XPNOTOV Kl 0TS TAPOVGLACALLE EpunvevOvTaL Aoyikd. Ta amoteAéopata
KOTAYPAQOLY AOITOV UI0, TPAOTN TACT MG TPOG TNV EXPPON TOV dapOp@V Tapoyoviwv. Edikotepa,
ot teyvikéc RAG amodeiyOnkav eEopetikd ¥pNoIUES, LUE TN ONUACIOAOYIKT KatdTunon (semantic
chunking) va vepéyet Tng avadpopkng pebddov (recursive method) kot Ta embedding models va
TOPOVGLALOVV IGOPPOTNIEVO KOl OVTOYMVIOTIKG ATOTEAEGHOTO LETAED aAvOLYTOV KMOUKO, KO
EUTOPIKDV EMAOYDV.

H doun tv cuvormv FR/NFR &iye onpoviikd aviiktomo 6Ty Tot0TnTo TV SlypopuUiTtoy, LE
T, OVOETEPA ,MG TTPOG TNV APYLTEKTOVIKT], COVOAN VO AT0SIO0VV TOL KOADTEPO OTOTEAECUATA, EVD
GUVOLL OV TOAVAOG €160 YoVV biases 6mwg 1o FR2 dnpiovpynoov TpokAGELS Y10 0P ITEKTOVIKES
onwg 1o Client-Server ko1 1o MVC. Meta&d tov {nrodpevav apyrtektovikmv, to Client-
Server onueinoe otabepd youniotepeg fadporoyieg, VTOSEIKVOOVTAG EYYEVELG OVGKOALEG
twv LLMs va guBuypappiietovv pe tig apyés tov. Avtifeta, ot apyrrektovikég Three-Tier kon MVC
mapovsiocay KoAVTEPN amddoon, yio. o MVC wiaitepa 6tav ypnotponombnke to cuvoro FRI1.



Emumiéov, 1o mepieyopevo tov apyeiov RAG £6eiée 0T Ta apy1teKToVIKG GTOYXEVUEVL OpYEia
amédmooy TNV VYNAdTEPN amddoomn, evd ta apyeic RAG mov avtAnniov amnd StadtkTuakeg mnyEg
Eemépaoay, o€ OPIOUEVEG TEPIMTMGELS, AVTA oV PBacilovtav oe akadn ik Kelpeva.

Avtd To evprpota veoypoupilovy ™ onpacio £1660mV e akpifela, GTOYELUEVOD
TEPLEYOLLEVOL KOl PEATIGTOTOMUEV®VY J100IKACL®V Yia TN PeAtimon tng amddoong towv LLMs og
gpyaocieg apyrrektovikng Aoyopikod. H peilovtikn €pevva Ba mpémel va eoTidoEL 0N
BedtioToMmOINGoT LTOV TOV TOPAUETPOV Y10 TEPAUTEP® PEATIOGT TNG TOLOTNTAG TOV SLOYPAUUATOV
Kol va eEETAGEL TNV TPOGAPLOGTIKOTNTA TV LLMS 6€ d10popeTIKG apyITEKTOVIKE TPOHTLTA.



5 Xovoyn

H mapovoa epyacio entkevip@Onke otn d1gpedvnon TV SUVATOTHTOV Kol TEPIOPICUDY TOV
LEYAAW®V YAWGGIK®OV LOVTEA®V GTN dNUovpYio 0pyITEKTOVIKOV m¢ dtoypdppata kAdcemv UML mov
aKoA0VO0HV cuYKEKPILEVA apyLITEKTOVIKA TpoTLTa, Ows Client-Server, Three-Tier kon Model-View-
Controller. Méco. amd GUGTNUATIKY TEPAUOTIKT dtadikacio tov mepilapPave 480 cevapio,
avaAdinke N enidpaocn SAPopOV TAPAUETP®V, OTMG 1) SLATOTWGCT] AEITOVPYIKMV KOl U1
AEITOLPYIKOV ATOITNOEWDY, Ol TEXVIKEG RAG, To HOVTELD EVOOUATOOTG KOt 01 HEB0JOL KATATUNONC.
Emuthéov, avamtoybnke éva d10d1kTuoKd €pYOAEI0 TOPOLGIOGNC Y10, TNV ATEIKOVIOT] Kot a&loAdyNon
TOV OPYITEKTOVIK®OV, EMTPENOVTAS TNV aELOAGYNON TOGO 0o avOpMOTIVOLG EUTEPOYVMUOVES OGO KoL
a6 To, 1010, To YAWGGIKA LOVTELQ.

5.1 Ava Apyrrektoviki)

To amoteréopata TG LEAETNC AVASELKVOOVVY TNV TOAAG vITooyOUeEVT duvapikn Tov LLMs ot
dNovpyio apyITEKTOVIKAOV m¢ dtaypdppata khdcemwv UML. 'Eva onpovtikd m1ocosto amd to
TopayOEVa S10YPAULIOTE TOPOVGIOCE 1oYVPN KATAVONGT TV UPYLITEKTOVIKAOV apYdV,
OTOTVTIOVOVTAG e akpifeta To (NTodpeva TPOTLTTO. KOl AVTATOKPIVOLUEVO OTA BOCTKE KPLTHPLOL
a&ordynone. Qotoco, N apyrrektovikn Client-Server mpoxkdiece dtlaitepeg dOLGKOAEC,
KOTOANYOVTaG GUYVvA o8 yaunAdtepeg Pabporoyieg cvykpitikd pe tig apyrrektovikég Three-

Tier kot MVC. Ot 600 televtaiec mapovsiocay LeyaADTEPT CUUUOPPMOOT) OTOV GUVOIEVOVTAY OO
KaAd dounpéveg e16600v¢, voypappiloviag T onuacio TG TOWTNTOG TV EIGOIMY KOl TNG
evBuypappiong e v apyltektovikn. To eaivouevo avutd pumopei va anodmbel gtov Thovpaiiouod
TOV VEIGTAUEVOV VAIKOD, 6TO o7oia &yovv ekmandevtel T LLMs. Ot apyikéc mpoakTikég mov
apopovcay To LovtéLo Tov client-server giyav va kavovv pe thick clients, ot omoiot vAomolovsav TO
GUVOLO TNG EMLYEPNCIOKNG AOYIKNG KoL O server giyov povaya tnv eudovn g faong dedopévav. H
e€EMEN TOV TPAKTIKAOV 0VTO £XEL 00NYNOEL GE SLPOPETIKT KaTavoun Tmv evbuvav peta&y client kot
server, L Toug eELTNPETNTEG TAEOV VO OVOAQLPAVOUY KOUUATL -av Oyl €5’ OAOKANPOL- TG
EMYEPNOLLKNG AOYIKNG.

Mopd v vVTapén VYMANGg To1dTNTAC SLOYPAUUATOVY, KATow €5’ autdv Elafav pETpleg
Boabporoyieg, avtavakAdvTag pio ETapKY KATavONnoT TOV AToITHCEMY, OAAY e AdVVOUIES G TOUEIG
OGS «1 0pBOTNTO TOV GYECEDV KAAGEDV» KOl «1 GUUUOPP®GCT] LLE TNV APYLITEKTOVIKNY. ATO TNV
GAAN TAEVPA, OLOYPALLOTO [LE YOUNAT 0TOO0GT, TOL NTOV TPAYUATIKA ATOTUYNUEVO SLOYPALLLATA,
ATETVYOV VO GERACTOVV TO OPYLITEKTOVIKE TPOTLTIA 1] TOPOVCIAGAV EAAELYT) GLVOYTS,
OVOAOEIKVDOVTOG TIC TPOKANGEIS TOV OMUIOVPYODV Ol AGVVETELG E1G0J01, OL AMYOTEPO ATOTEAECUATIKEG
TEYVIKEG KOl TO LY VE SLPOPOVUEVO DAMKO GTO 0010 £Y0VV EKTOOEVTEL TOL LOVTENQ.

5.2 Ava M<0odo RAG

Ot teyvikéc RAG kot to otoygvpéva apyeia cupepalopévey BEATIOooV GNUOVTIKA TV
arodoon Tov LLMs. H onuoactoloyikn KotaTunon Kot To opyLITEKTOVIKG GTOYEVUEVA



apyeio RAG anédwoav to KOADTEPO OTOTEAEGUOTO, ATOJEIKVDOVTAG T OTLLOGI0 TG TPOCAUPUOYNS
TV HEBOd®V aVAKTNONG OTIC GUYKEKPIUEVEG OMOLTNGELC.

H perérn amoxdivye eniong 0t apyeic RAG amd d1adtkTuakég TnyEc EEMEPUCOY GE OPIGUEVEG
TEPITTMOGELG TIG OAKAOT|UATKESG TNYEC, VITOOEIKVDOVTAG OTL TO TOKIAM, TPOGPAGILE GHVOLD dESOUEVDV
UTOPOVV VO, TPOCOEPOVY KAADTEPN ATOTEAEGLLATA OO TAPOSOCIOKA TEPLEYOLLEVA. AVTO TO VP
tovilel Tig duvatodtnTeg a&lomoinong U cLUPATIKOV 0ALL ATOTELECUATIKOV TNYDOV dES0UEVOV Yia
T Beltimon tov Tapayduevov arotelecudtov Tov LLMs.

5.3 Ava Meyaio I'howooiko Movtéro

To, Tomikd LovTéAD avolyTtov Kddika, 0nme 0 Gemma2:27b, TopoLGIAGAV AVTUY®VIGTIKN
ATOO00T GLYKPLTIKA e TO KopuPaia SladikTvakd povtéra, onmws 10 GPT-40. Avtd 10 edpnua
vROYPOappilet T duvapukn Yo 0o PaAElG, OTKOVOUIKE omod0TIKEG KOl IO1MTIKEG AVGELG GTOV
OQVTOUOTIGHO TNG TEYVOAOYIONG AOYIGIKOV.

H avéivon amoxdivye eniong capeic S10popég oTig EMOOGEIS TV LOVTEA®DY, TOVIoVTag TN
onuacio g emAoyng katdAiniov LLMs kot g ano@uyng ekeivav mov mapovcialovy otabepd
YOUNAN amddoon. Avtd to evprpata omoTeAOVV TN Paon Yo peddovtikéc Bertidoelg, eotidlovtog
o1 PeiticTonoinon tov anokpicewv Tov LLMs Kot 6Tnv epappoyn SOKILOCUEV®VY TEXVIKMV Y10, TNV
EVIGYLOT] TNG CLVOAIKNG TOLOTITAC TOV OTOTEAEGUATAOV.

ZUVOMKA, TO OTTOTELEGLLOTO TOPEXOVY TTOAVTILES YVAOGCELS Y10L TO Tl AEITOVPYEL Kot TL OYL,
TPOCPEPOVTAG o KatevBuvon yio peAloviikég Pedtidoeis. Tovifouv tn onuocio TG eMA0YNG
KOTOAANA®V HOVTEL®V, TNG LEIDOTG TMV TPOKATUAYEDY GTIC TPOTPOTEG TTOL EVOEYETAL VAL,
ennpedcovy ™ ocvumeplpopd tov LLMs, g amo@uyng povtéAmv pe otabepd younin amdooor Kot
¢ a&loToinoNg SOKILUCUEV®V TEYVIKMV Y1 TN PEATIOTOTTOINOT TNG amdd0oN . ALTH M
OAOKANPOUEV avAALGT Ol LOVO OVAOEIKVVEL TIG TPEYOVGEG duvaToTnTEG TV LLMsS, aAld kot
delyvel v katevBuvon Yo oToyeLVEVES eEEMEELG TNV TEXVOAOYIO AOYICUIKOV e TN Bondsta TG
TEYVNTNS VONULOGUVNG.

5.4 Future Work

To amoteAéopata aVTNG TNG LEAETNG O LOVO aVOOEIKVDOLV TIG TPEYOVGEG SUVATOTITEG TOV
LEYAAWDV YAWGGIKOV HOVTEA®V TN SNUOVPYIN OPYITEKTOVIKMOV HECH dtarypappdtomy kAdoewv UML,
OAAG Kot ovoiyouv Tov dpOUO Y10 OPKETES VITOGYOEVES KOTELOVVGELG e 6TOYO TN PerTicoomn kot Tnv
EVIGYLOT TNG ATOTEAECUATIKOTNTAG TOVG,

Mia mBovn meproyn e€epedhivnong eivar 1 eXEKTAGT TN TOAVTAOKOTNTAC TOV E1I000WV. AVTi va
YPTCLLOTOLOVVTUL TPOTPOTEG LE AELTOVPYIKEG Kol un Agttovpykég amartnoelg (FR/NFR) kot tnv
OITOOUEVT] OPYLTEKTOVIKT|, LEAAOVTIKEC EPYOGiEG B0 LTOPOVGAY VO SIEPEVVIIGOVY TN YPNON EVOC
oAoKANpopéEVoL gyypdeov Software Requirements Specification (SRS) ¢ €lc0d0. Avti )
oAoKANpopévn Tpocéyyion Ba enétpene oto LLMs va eneepydlovion mo Aemtopepeic Kot
EVOTIOMNUEVEG OVOTTOPUCTAGELG TMV OTOLTHGEMY TOV GLGTAUATOG, 0ONYDOVTAG TOAVMOG G€ To aKpLPn
ka1 cvpepaldpeva amoteléopoto. Xe pua tétola kotevbvvon ta daypdaupata tov SRS Ba
pmopovcay va Letafoiv and ototikég ekoves Tomov PNG og dounpéves meptypapéc 0mwe
koo PlantUML, npoc@épovtag peyartepn eveMéia yio TpOTOTOMGELS Kot aEI0A0YNOELS.



"Evag axoun mapdyovtag mov Oa umopovce va eetaotel o peyaivtepo Pdbog oe peAhovtiky
gpyacio €lval To GUVOAD TOV OPYITEKTOVIK®Y TPOTUT®V. Baci(dpevol oty eumelpio Kat Tig YVOGCELG
mov amokTOnKay and Bepelmdelg apyirektovikég, dnwg Client-Server, Three-Tier kou Model-View-
Controller (MVC), Oa pmopodoape va eEetdoovpie T LETAPOOT GE O GUVOETEC OPYLITEKTOVIKEG,
ommg o1 Microservices kot 1 Service-Oriented Architecture.

H gotioomn o€ tomikd povtéda, 0nmg to Gemma2:27b, mov Topovsiace 1oyVPES EMIOCELS GE
oUT TN LEAETN, amoTeLEl o akoun kpicyun katevbuver. O Ttpoomtdbdeieg Bo propovcay va
emKeVIpwBoHV 611 Pertioon tov texvikdv RAG, Tpocaplocuévav 01K Yio avTd To LovTELQ,
neplAopfavovtag tn PEATIOTOTOINoN GTPATNYIKOV KOTATUNOTG Kol T puldiion tov embedding
models. EminAéov, n e&gldikenon avtdv TV ToTKOV HovtéAny uécm g uebddov few-shot
learning 0o propovoe va diepguvnbel. Xpnoomolidvag To Kopueoio S1oypapate omd To TopovV
Telpapo ®G LEPOG TOV GLVOLOL dEJOUEVMV Y10 EEELOTKEVON, UTOPEL VO KATOGTEL dSUVATH M TEPALTEP®
EVIOYLOT TNG KOTAVOTONG TMV OPYLTEKTOVIKOV TPOTOTMV KOl TNG ONUIOVPYING S0YPAUUATOV Ao TO
povtélo.

AvTtég o1 TpooTabelec, e GLVIVAGHO pe o fabvTepn diepedvnon TG aAANAETIOpaon g LETAED
APYLTEKTOVIK®OV TPOoTOTTOV, cLVOA®V FR/NFR ka1 dadicaciov RAG, 6o copfdrovv ot dnuovpyia
€VOG 0 0VOEKTIKOD Kot 0EIOMIGTOL TANGIOV Y10l TO GYEIUGUO OPYLITEKTOVIKAOV AOYIGUIKOD LLE TN
BonBela TexvnTg vonpoosuvng. AEL0TOIOVTOG TIC YVMGELS OO aUTN T LEAETT, Ol LEAAOVTIKEG
€PYNCIEC LTOPOVV VO GLVEXIGOLY VA SLELPVLVOLY Ta OPLA TV dLVATOTHTAOV TV LLMS 6g autdv Tov
KkpicyLo Topéa.
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Améooon
Teyvnm vonpociHivn
Teyvoloyia AOYIGUIKOD
[Mopaywywod Al
Babid Mdébnon
MéBodoc Emavénuévng Avdxtnong
Evpetikol xovoveg
Movtélo meldtn-eEvmnpetn
ApYITEKTOVIKT OTPOUATOV
Meydha YAOGOUKO LOVTEL
Apyn povadikng evfovng
AvTioTpOQT UINYOVIKY
MnyovioLog Tpocoyng
Y1 LOGTIOAOYIKT KOTATUNON
AVOSpOIKT KATATUN GO

Movtéla avoryTod KOdKa

Eevoylmooog 0pog
Artificial Intelligence (Al)
Software engineering
Generative Al
Deep learning
Retrieval Augmented Generation (RAG)
Heuristic rules
Client-Server model
Layered architecture
Large Language models (LLMs)
Single responsibility principle
Reverse engineering
Attention mechanism
Semantic chunking
Recursive chunking

Open-source models
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Abstract

The support across all phases of the software life cycle by large language models (LLMs) has
gained momentum with the introduction of powerful LLMs during the past couple of years. Apart
from code generation, it is worth exploring if using LLMs in early phases of software development,
such as requirements engineering and architecture, can accelerate development and improve the
quality of software systems. In this regard, Al-support in software architecture could generate high-
level or even detailed architectural descriptions, such as UML class or component diagrams, from
textual requirements. This thesis explores the capabilities and limitations of selected commercial and
open source LLMs in generating class diagrams that comply with specific architectural patterns,
namely Client-Server, Three-Tier, and Model-View-Controller (MVC). Through a systematic
planning and evaluation of 480 scenarios, we assess how factors such as the description of functional
and non-functional requirements, RAG (Retrieval-Augmented Generation) materials and processes,
embedding models, and the choice of specific LLMs, ranging from smaller quantized models to
larger, more advanced ones, impact the quality of LLM-generated UML class diagrams that describe
software architectures for a small application.

Our study also introduces a custom tool for managing, evaluating, and analyzing the generated
class diagrams, facilitating both human expert and Al-based assessments. The results of this work
reveal a broad range of outcomes, from well-structured diagrams aligned with software requirements
and the targeted architectural principles to incomplete or erroneous outputs influenced by model
limitations, RAG challenges and other factors relating to the inherent wide spectrum of
interpretations of the materials that have been used in the training of LLMs. This research is a first
step in the investigation of the potential of LLMs for creative work in the software life cycle, and
specifically in architectural design. We also investigate how locally-run LLMs can be guided to
produce architectures that apply the principles required by each development context, without
exposing any information to publicly available commercial services, to support secure and efficient
automation in software development.
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1 Introduction

Software development is a complex, multistage process that ranged from the elicitation of user
requirements to the development of fully functional systems; the process undergoes various phases,
including discovery and analysis of requirements, architecture, design, programming, testing,
deployment and maintenance. One of the most critical steps is the architecture and design phase,
where the definition of high-level structures that satisfy the functional and non-functional
requirements of a given system, is done, usually by creating Unified Modeling Language (UML)
diagrams, such as class or component diagrams, that guide the next steps of the software life cycle.
These diagrams provide a static structural representation of a software system by defining its
"building blocks" such as classes or components, containing state (attributes) and behavior
(methods), as well as associations among them. They serve as a blueprint that guides the rest of the
development process, helping developers and stakeholders better understand the architecture and
interactions that need to be implemented within the system. However, creating such diagrams
remains a labor-intensive and error-prone task, often subject to human misinterpretation of
architectural styles and principles. This introduces inefficiencies and other fallacies that can ripple
through the development lifecycle.

With the advent of artificial intelligence (AlI), particularly through the development of large
language models (LLMs) based on deep learning, new opportunities for automating software
engineering tasks have emerged. These Al models, trained on massive datasets, have demonstrated
remarkable capabilities in natural language processing and generation. This has paved the way for
their application in tasks like code generation and debugging, and, possibly in the automation of
design tasks such as architecture definition and generation of the corresponding UML diagrams. The
potential to leverage Al to generate accurate and well-structured architectures as UML diagrams
from textual software requirements is a challenging approach to one of the most important phases of
software development.

The primary objective of this study is to explore the feasibility and effectiveness of using
LLMs to generate software architectures, particularly in the context of specific architectural patterns
such as Client-Server or Three-Tier. Our investigation focuses on understanding how different
parameters—such as structure of functional and non-functional requirement sets, model selection,
and the application of Retrieval-Augmented Generation (RAG)—impact the quality, completeness
and accuracy of the generated diagrams, meaning the satisfaction of all functional and non-functional
requirements, and the application of the requested architectural principles. Additionally, we aim to
evaluate the suitability of local LLMs, ranging from smaller, resource-efficient models to larger,
more advanced ones, as viable alternatives to commercial LLM tools like ChatGPT and Gemini, for
specific activities within the scope of this work. This exploration of local LLM tools is motivated by
the need of businesses, including software developers, to safeguard sensitive data, which often
necessitates avoiding the use of online LLMs.

By assessing the performance of local models in terms of architectural adherence, class
relationships, cohesion, coupling, and alignment with software requirements, we aim to provide
valuable insights regarding their potential as secure and effective tools for software architecture and
design automation. Through a combination of human expert evaluation and Al-based assessments,



this study seeks to explore the capabilities, limitations, and scalability of both local and online LLMs
in Al-assisted software architectural design.

In the following sections, we will detail our methodology and experimental setup, introduce the
custom tool we developed for managing and evaluating class diagrams, present our results and
analysis, and conclude with a discussion of implications and future directions for research in Al-
assisted software architecture design.

1.1 The evolution of modern Al

Artificial Intelligence (Al) is revolutionizing numerous fields by offering innovative ways to
tackle challenges and discover solutions. At its core, Al involves creating systems capable of tasks
traditionally requiring human intelligence, such as reasoning, learning, decision-making, and
language understanding. By leveraging advanced techniques, Al enables machines to process vast
amounts of data, adapt to new conditions, and improve over time. This allows Al to approach
existing well-defined problems and unlock new opportunities across diverse domains.

Modern artificial intelligence (Al) is grounded in advanced computational models, including
machine learning and deep learning. Machine learning enables systems to identify patterns and make
predictions by analyzing vast amounts of data [1] , while deep learning, a subset of machine
learning, uses neural networks to tackle more complex problems such as image recognition and
speech processing [2]. These methods have revolutionized how machines understand and process
high-dimensional information, forming the backbone of Al applications like natural language
processing (NLP). NLP focuses on enabling machines to understand, generate, and interact with
human language, powering technologies such as virtual assistants, language translation tools, and
sentiment analysis systems [3].

Al's applications span diverse fields, transforming industries and daily life. In healthcare, Al-
driven diagnostic tools improve accuracy and speed, while in transportation, self-driving vehicles
leverage real-time data and predictive algorithms. Modern Al tools, including TensorFlow, PyTorch,
and OpenAl's models like ChatGPT, empower researchers and developers to design complex systems
with ease [4]. These platforms facilitate rapid prototyping, scalability, and integration into existing
technologies. Despite its successes, modern Al also raises important ethical questions about bias,
privacy, and decision-making transparency, emphasizing the need for responsible development and
regulation [5].

1.2 Al in Software Engineering

Al tools' ability to imitate creative work makes Al an attractive tool in software engineering
[6]. In all cases, by automating tasks like code generation, refactoring, and debugging, Al could
improve productivity and support the development of software of higher quality by executing code
generation consistently; also, it can identify, and address coding errors and the general feeling is that
many coding tasks can be partially or even entirely executed by LLMs. Beyond supporting
development, Al offers the potential to streamline workflows by analyzing team operations and
optimizing processes. However, integrating such capabilities in the software lifecycle is not
straightforward; it requires careful consideration of system requirements, development contexts, and
the limitations of current AI models [6].



While AI’s potential extends across the entire software development lifecycle (SDLC),
realizing this impact involves navigating significant challenges. For example, using LLMs for tasks
like generating architectural models, automating testing, or predicting bottlenecks needs to be done
with attention to accuracy, completeness, and correct application of the desired design principles.
These offerings are far from “ready out of the box™ and require thoughtful planning, evaluation, and
customization to suit specific project needs. Factors like the quality of training data, domain-specific
constraints, and ethical considerations must also be considered to ensure meaningful and dependable
outcomes.

Ultimately, AI’s role in software engineering amplifies human expertise but it is yet impossible
to substitute it. By fostering systems that learn and adapt, Al drives innovation and enables teams to
address the growing complexity of modern applications. However, the integration of Al into the
SDLC is not just about adopting new tools—it’s about understanding the trade-offs, limitations, and
responsibilities associated with leveraging Al effectively [7], [8].

The following literature review synthesizes recent studies that explore the applications,
benefits and limitations of Al assistance in software engineering grouped by field.

1.2.1 Code Generation and Assistance

Generative Al, particularly using machine learning (ML) and deep learning (DL) algorithms,
has been pivotal in automating various aspects of the code generation process. Tembhekar
emphasizes that these technologies enable the automation of tasks traditionally performed by
developers, enhancing efficiency within DevOps practices [9]. The integration of natural language
processing (NLP) techniques has further facilitated the development of Al systems capable of
"understanding" and generating code, thereby streamlining workflows.

Code completion has become an essential area of research, with neural language models
playing a significant role in enhancing developer productivity. Gao reviews the evolution of
statistical language and neural network-based code completion systems, highlighting their
effectiveness in improving coding efficiency [10]. However, the ethical implications of Al-driven
code generation remain a critical area of concern. Atemkeng et al. [11] underscore the importance of
responsible usage of generative Al tools, pointing to the need for safeguards to ensure that Al
produces not only functional but also secure code. These discussions underline the necessity for
continued regulation and oversight of Al technologies in software development.

In conclusion, the integration of Al in code generation represents a significant advancement in
software engineering, driven by deep learning and natural language processing techniques. The
ongoing research in this domain continues to explore the balance between automation and the ethical
considerations of Al use, ensuring that the benefits of these technologies are harnessed responsibly.

1.2.2 Automated Testing

Automated testing powered by Al techniques has shown significant promise in improving
software quality and reducing testing time. Mulla emphasizes that Al-driven automated testing
allows for comprehensive test suites to be executed promptly with each software change, thereby
facilitating continuous integration and delivery [12]. This is particularly crucial in modern software
development environments where rapid iterations are common. Moreover, Job highlights that the



complexity of software systems necessitates the adoption of automation in testing to meet quality
standards within shorter evaluation periods [13].

The application of machine learning (ML) techniques in automated testing has been
extensively documented. For instance, Gautam et al. provide a comprehensive review of how ML
algorithms can automate error detection processes, thereby enhancing the reliability of software
systems [14].

Despite the advantages, the implementation of Al in automated testing is not without
challenges. Marijan identifies key challenges in testing machine learning systems, including the need
for specialized testing methodologies that address the unique characteristics of Al models [15]. The
paper outlines a research agenda aimed at advancing the state of testing for machine learning
applications, emphasizing the importance of developing robust testing frameworks. Similarly, the
work by Latika Kharb discusses the implications of automated testing in machine learning systems,
stressing the necessity for trust and transparency in Al applications [16].

In conclusion, the literature indicates that Al has the potential to revolutionize automated
testing in software engineering by enhancing efficiency, accuracy, and reliability. However, the
challenges associated with testing Al systems necessitate further research and development to
establish robust methodologies that can address the unique demands of this field.

1.2.3 Natural Language Processing for Requirements and Design

Natural Language Processing (NLP) has emerged as a pivotal technology in the area of
software requirements engineering and design, significantly enhancing the processes of requirements
specification, elicitation, and analysis.

A systematic literature review conducted by Calle and Zapata introduces the QUARE
(Question Answering for Requirements Elicitation), a question-answering model for improving the
RE process expanding the concept of NLP4ARE (Natural Language Processing for Requirements
Engineering) [17]. This model is intended to support software analysts in the RE process by
answering RE-related questions, extracting the answers from requirements documents regardless the
requirements writing style. Moreover, the integration of ML techniques into requirements elicitation
processes has been shown to automate and streamline the traditionally cumbersome tasks associated
with requirements handling, thereby enhancing efficiency and effectiveness [18], [19].

Furthermore, the role of NLP in transforming natural language requirements into formal
representations is critical. Semantic parsing techniques have been employed to add semantic
structure to requirements, facilitating a clearer understanding of the intended functionalities [20].
This transformation is essential for ensuring that requirements are not only understandable but also
actionable, as they can be directly utilized in the software development lifecycle.

The challenges associated with NLP in requirements engineering are also noteworthy. Despite
the advancements, a significant portion of software requirements specifications remains in natural
language, which can lead to misunderstandings and misinterpretations. The literature indicates that
approximately 95% of software requirements are described in natural language, which highlights the
ongoing need for effective NLP tools to automate the analysis and validation of these specifications
[21]. Thus, ongoing research is necessary to refine NLP techniques to improve the quality and
reliability of requirements documentation.



In conclusion, the integration of NLP and ML into software requirements engineering presents
a promising avenue for enhancing the clarity, accuracy, and efficiency of requirements specification
and design processes. While significant progress has been made, challenges remain in the effective
application of these technologies, necessitating further research and development to fully realize
their potential in the field.

In summary, the literature indicates that Al and machine learning are poised to revolutionize
software engineering by enhancing efficiency, improving quality, and automating processes.
However, successful integration necessitates a careful consideration of the interplay between human
expertise and algorithmic capabilities, as well as an adaptation of existing practices to fully leverage
the potential of these technologies.

1.3 Challenges of Al in Software Engineering

The integration of Artificial Intelligence (Al) into software engineering presents a variety of
technical challenges that must be addressed to harness its full potential. One significant challenge is
the complexity of verifying and validating Al-based systems. Traditional software verification
techniques often fall short in the context of Al due to the intricate nature of Al algorithms and their
reliance on large datasets, which can introduce biases and uncertainties [22]. Another critical
challenge is the quality assurance of Al-driven software. The integration of Al technologies raises
concerns regarding data quality, algorithm transparency, and ethical implications. Quality assurance
professionals face difficulties in testing Al systems, as traditional testing methodologies may not
adequately address the unique characteristics of Al, such as learning from data and evolving over
time [23]. Furthermore, the potential for biased outcomes due to skewed training data necessitates
rigorous scrutiny of the data used in Al applications [23]. The need for explainability in Al systems
is also paramount, as stakeholders require insights into how decisions are made by Al algorithms to
ensure accountability and trust [24].

In software architecture —a critical phase of the software development lifecycle— the
potential for Al to automate various aspects remains a subject of debate. From generating
architectural models to identifying potential design flaws early in development, Al could play a
transformative role.

However, several factors make this process challenging for LLMs:

1. Ambiguity and Complexity in Natural Language.
Requirements are usually written in natural language, which can be ambiguous, inconsistent,
incomplete and lack the precision needed to support architectural decisions like class
generation and design. So, most of the tools require consistent user intervention and
interaction in the process of UML class diagrams generation. Even with the substantial
enhancements that have been made recently, it seems that we cannot say that solutions could
generate all the UML elements and data semantics automatically, i.e., class names,
operations, and relationships, i.e., associations, and other advanced relationship types such as
generalization, aggregation, and dependency [25].

2. Difficulty in Inferring Relationships and Hierarchical Structures.
One of the core challenges in class diagram generation is the accurate representation of
relationships such as inheritance, association, aggregation, and composition. Requirements
documents rarely provide explicit details about these relationships; instead, they imply



relationships that need to be inferred, requiring significant abstraction and hierarchical
reasoning in software development, which LLMs are not inherently designed for [26].

3. Lack of Specialized Training on Formal Software Models.
Most LLMs are trained on large corpora of general text (e.g., Wikipedia, code repositories),
which contain relatively little data specifically about software design patterns or UML
structures. This leads to limitations when trying to generate diagrams that require adherence
to the conventions of formal software modeling. While LLMs are trained on code and text,
the distinct syntactic and semantic rules of class diagrams often remain challenging for these
models to learn due to limited representation in their training datasets.

4. The Need for Contextual Domain Knowledge and Design Patterns.
Translating textual descriptions into architectures often requires an understanding of specific
domain knowledge, design patterns and generally accepted best practices. LLMs are
typically not equipped to apply such contextual knowledge, especially in domain-specific
scenarios where established patterns (e.g., MVC, Singleton) may play a crucial role in the
architectural layout. Without this context, models tend to generate overly simplistic or
incorrect representations. Additionally, the knowledge that exists about training LLMs often
includes ambiguities, interpretive pluralism, and conflicts regarding what constitutes a
pattern or how to apply it effectively. Vaidhyanathan et al. explore whether LLMs can
effectively generate architectural design decisions in a zero-shot setting. Their findings
suggest that while LLMs can assist in generating design decisions, they are not capable of
doing so autonomously. Instead, these models are better suited to supporting architects in
documenting and refining design decisions [27].

Motivated by these challenges, we aim to explore the evolving domain of Al-assisted software
architecture. Our approach involves conducting a well-designed and comprehensive experiment. In
the following sections we will analyze our methodology and the specifics of our experiment. We will
also present our evaluation results, showcasing the performance of large language models (LLMs) in
providing assistance in software architecture, and discuss the potential future challenges that emerge
from our findings.



2 Al-assisted software architecture

This chapter explores the related work in the rapidly evolving field of Al-assisted software
architecture, presents documentation for key architectural patterns, and outlines our approach's
unique distinction and motivation in relation to the existing literature.

2.1 Related Work — Al in software architecture

The automatic generation of Unified Modeling Language (UML) diagrams from textual
requirements has recently gained momentum, driven by the advent of LLMs. This emerging topic
seeks to explore the potential of advanced Al systems in addressing long-standing challenges in
software architecture, such as bridging the gap between natural language requirements and formal
system design artifacts.

Traditional approaches to UML diagram generation often relied on natural language processing
(NLP) techniques combined with heuristic rules or ontologies. While these methods demonstrated
the feasibility of automation, they were limited by their reliance on structured input formats and the
need for manual intervention. For example, earlier tools struggled with ambiguities inherent in
natural language requirements and often produced incomplete diagrams.

Eisenreich, Speth, and Wagner propose a structured six-step process for bridging textual
requirements and software architecture generation[28] . The process begins with the automatic
creation of a domain model and use-case scenarios based on textual requirements, followed by
manual refinement to enhance precision and relevance. Using the domain model, scenarios, and non-
functional requirements, multiple architecture candidates and their corresponding architectural
decisions are automatically derived. These candidates are then subjected to automatic evaluation and
comparison. Afterward, manual refinements are made to selected candidates, culminating in the
manual selection of the best-fitting architecture for implementation. In their exploratory analysis, the
authors employed advanced large language models (LLMs) such as LLaMA2 70-B and GPT-3.5 to
generate domain models from textual requirements. By providing the models with requirement sets
and prompting them to generate PlantUML domain models, the authors observed that while both
LLMs successfully identified key concepts, they struggled with task-specific alignment, often
misunderstanding the intended prompts. Instead of modeling the domain as expected, the LLMs
focused on modeling the system itself, highlighting a misalignment between the prompt and the
generated output.

Another attempt to address the ambiguity challenges of natural language was introduced by
Yang and Sahraoui through a Al-driven approach to UML class diagram generation [29]. Their
method employs a binary classifier, utilizing machine learning to label sentences as describing either
a class or a relationship. The process involves fragmenting English input into individual sentences,
generating UML class diagram fragments from these, and then combining the fragments into a
cohesive final diagram. To support this approach, the researchers created a dataset of UML diagrams
paired with corresponding English specifications, mapping textual descriptions to UML fragments.
This dataset, generated through a crowdsourcing initiative, while relatively small, was sufficient to



train the classifier and evaluate their methodology. Despite the innovative nature of their approach,
the correctness of the generated diagrams was limited, which the authors attributed to the
imprecision of the NLP tools employed. They noted that leveraging more advanced NLP tools could
significantly enhance the accuracy and robustness of the results, underscoring the potential for future
refinement and development in this area.

Another approach that tries to leverage GPT-3.5's natural language processing (NLP)
capabilities for automating the extraction of UML class diagram elements was introduced by Iyad
and Areen through the ClassDiagGentool [30]. The ClassDiagGentool represents a significant step
forward, enhancing GPT-3.5’s capabilities, through few-shot learning, to automate the generation of
UML class diagrams. By fine-tuning GPT-3 on a dataset of 50 diverse case studies (pairs prompt —
ideal generated text), ClassDiagGen demonstrated exceptional precision (98.6%) and recall (93.3%),
significantly outperforming earlier methods. Its pipeline integrates textual analysis, PlantUML code
generation, and diagram rendering into a cohesive workflow, showcasing the practical potential of
LLMs in streamlining software design processes.

2.2 Architectural Patterns

This section provides a formal description of key architectural patterns, outlining their
structure, components, and application in software design. It aims to present these patterns clearly
and accurately, serving as a reference for understanding their role and implementation in
architectural design.

2.2.1 Client-Server Architecture

The client-server architecture is a widely-used conceptual model in computer networking,
where multiple clients (remote processors) interact with a central server to request and receive
services. This structure is designed to separate the roles of service providers and service consumers
in a networked environment.
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Figure 2.1 Client-Server model (source)

In a client-server model, the system is structured around various services hosted on dedicated
servers, with clients accessing and utilizing these services [31]. The main components of this
architecture are:
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e Servers that provide services to other parts of the system. For instance, print servers handle
printing requests, file servers manage file storage and retrieval, and compile servers perform
programming language compilation tasks.

e Clients that request services from the servers. Typically, multiple instances of a client
application are running simultaneously across different devices.

e Network infrastructure enabling clients to connect to these services. Most client-server
architectures are set up as distributed systems, using Internet protocols to facilitate this
connectivity.

2.2.2 Layered Architecture

In a layered architecture, the system’s functionality is divided into distinct layers, with each
layer depending only on the services provided by the layer directly below it. This structure supports
step-by-step system development, allowing services within each layer to become accessible to users
as they are completed.

This design is adaptable and portable; as long as the interface remains the same, any layer can
be swapped out for another with similar functionality. Additionally, changes within a layer or new
features affect only the directly neighboring layer, preserving stability throughout the rest of the
system. By confining machine-specific dependencies to the innermost layers, this architecture
facilitates multi-platform compatibility, as only the innermost layers need adjustments to work with a
different operating system or database [31].
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Figure 2.2 Layered Architecture model (source)

In summary, the layered architectural pattern organizes the system into a hierarchy of layers,
each with related functionality. Each layer provides services to the one above it, with the lowest
layers offering essential core services that support the entire system.
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2.2.3 Three-Layered (Three-Tier) Architecture
This model consists of three layers: the presentation layer, business logic layer, and data layer,
with the data stored at the backend.

o The Presentation Layer includes forms or server pages that present the application’s user
interface. This layer displays data gathers user input, and forwards requests to the next layer.

e The Business Layer handles requests from the presentation layer, applying business rules to
the data. It processes these requests, passes them to the data layer, and incorporates the
application's business logic.

e The Data Layer contains data access logic, database drivers, and query engines, enabling
direct interaction with the database to retrieve or store data as needed. [32]
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Figure 2.3 Three Tier architecture (source)

2.2.4 Model-View-Controller (MVC) Architecture

In the MV C (Model-View-Controller) pattern:

e The Model represents the application’s data and associated business logic. It can be a single
object or a complex network of related objects. In Java EE applications, data is stored within
domain objects, typically deployed in an EJB module. Data is transferred between the
database layer and the model through data transfer objects (DTOs) and accessed with data
access objects (DAOs).

e The View provides a visual display of the data in the model. Each view represents a specific
subset of the model, effectively filtering the data. Users interact with model data through the
view, which enables them to trigger business logic that updates the model as needed.

e The Controller connects the view to the model and manages the application’s flow. Based
on user input, it determines which view to display and which business logic to execute. The
controller receives input from the view, forwards it to the model for processing, and then
selects and renders the appropriate view to present to the user. [33]


https://www.geeksforgeeks.org/three-tier-client-server-architecture-in-distributed-system/

MVC Architecture DG

Model View
5 < > Handles data
Handles data logic presentation
Interacts with .
Detabiise Dynamically
Database Refered
Fetch
Fe[chk\ / Presentation
Request Handles request
3 flow
Never handles
< data logic
Response
T
End User Controller

Figure 2.4 MVC architecture (source)

2.2.5 Service-Oriented Architecture

Service-Oriented Architecture (SOA) is an architectural pattern where software components,
known as services, are designed to provide specific, reusable functions. Each service within an SOA
system encapsulates a discrete business function and interacts with other services via standardized
interfaces and protocols, typically through message exchanges over a network. SOA emphasizes
loose coupling between services, allowing each one to operate independently and be modified,
replaced, or upgraded without affecting other services in the system [34].

SOA enables diverse applications to integrate smoothly, as services are technology-agnostic
and communicate using standard protocols, such as SOAP or REST. This flexibility allows services
to be developed and deployed across different platforms and languages, making it ideal for large,
complex systems that require interoperability among varied applications and data sources.
Additionally, SOA facilitates scalability, as services can be deployed across multiple servers and
scaled based on demand.

The modular design of SOA also enhances system maintainability, as changes in one service do
not necessitate changes in others. By aligning services with business processes, SOA enables
organizations to streamline operations, respond swiftly to changing requirements, and reuse core
services across various applications. Consequently, SOA is widely adopted in enterprise
environments, where system integration, reusability, and adaptability are crucial.
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2.2.6 Microservices Architectural Pattern

The microservices architectural pattern is gaining widespread adoption among organizations,
ranging from industry giants like Amazon, Netflix, and Spotify to small and medium-sized
enterprises. This approach is characterized by the design of independent, autonomous services, each
focused on a specific, clearly defined function.

Unlike traditional monolithic architectures, microservices promote a vertical decomposition of
applications into discrete, business-oriented services. This structure enables each service to be
developed, deployed, and tested independently, often by different teams utilizing diverse technology
stacks. Microservices offer numerous advantages: each service can be built using the programming
language and technology best suited to its function, enabling flexibility and optimization. Services
can also scale individually, allowing for targeted resource allocation, and they can be deployed on
infrastructure that best fits their requirements.

This decentralized, modular approach contributes to greater system maintainability and
resilience. With smaller, independent services, the system is more fault-tolerant; the failure of one
service does not impact the entire application, a risk often associated with monolithic systems. As a
result, microservices architectures enable organizations to enhance scalability, streamline
development processes, and improve system robustness [35]. Microservices architecture is a
progression of the SOA architectural style. In SOA, each service represents a complete business
capability, whereas microservices focus on smaller, highly specialized software components
dedicated to a single task. Microservices overcome the limitations of SOA, making them better
suited for modern, cloud-based enterprise environments [34].
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2.3 Selected Architectural Patterns

In this work, we will focus on a select group of well-established architectural patterns: Client-
Server, Three-Tier, and Model-View-Controller (MVC). Our decision to concentrate on these
specific patterns stems from our perspective that Al-assisted software architecture is still an
emerging field, with outcomes that are yet to be thoroughly validated. Given this, we aim to explore
and experiment with a simple application to be implemented with well-established architectures,
which provide a clear foundation and controlled environment for evaluating the impact of Al
assistance. Engaging with more intricate patterns, such as Microservices or Service-Oriented
Architecture (SOA), might introduce complexities that could obscure or complicate the analysis of
Al’s influence on architectural effectiveness.

Furthermore, by selecting foundational patterns, we can establish a baseline for future research.
This will allow us to better compare results and gradually scale to more complex architectures in
subsequent studies, once initial results have been validated. Another reason for this selection is the
practicality of studying widely used, straightforward patterns, as they lend themselves well to
experimentation and are commonly understood across various development environments. Thus, our
focus on Client-Server, Three-Tier, and MVC enables a balanced exploration of AI’s potential in
software architecture while laying the groundwork for future advancements in this area.

2.4 Motivation of Our Approach

The insights gained from the discussed studies in section 2.1 point to key areas that remain
underexplored or insufficiently addressed. Our approach is shaped by the following considerations:

1. Scalability and Accessibility of Models
While existing work often focuses on large-scale, cloud-based LLMs like GPT-3.5 or heavily
fine-tuned systems like ClassDiagGen, these approaches may not be viable for businesses or
researchers concerned with privacy, cost, or scalability. Our work emphasizes
exploring local models, such as LLaMA and Mistral, which can be run on-premises. This
direction responds to a growing demand for Al solutions that prioritize data security and
independence from cloud infrastructure.
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Evaluating the suitability and performance of Smaller Models

Many of the related studies focus on large, resource-intensive models, but smaller or
quantized models (e.g., Q4 quantization) are often overlooked. Our approach aims to
systematically test models across a spectrum of sizes, from small-scale models to high-
capacity ones. This not only provides a more practical lens for resource-constrained
environments but also explores whether smaller models can achieve comparable results in
architecture generation.

Combining Retrieval-Augmented Generation (RAG) with LLMs

Unlike the approaches discussed earlier in section 2.1, our research incorporates RAG
techniques to enhance the LLM's ability to handle ambiguities in natural language
requirements. By grounding the models with external knowledge, such as domain-specific
RAG files, we aim to mitigate common alignment issues and explore if the overall
consistency and correctness of generated diagrams can be improved by this method.

Comprehensive Experimentation with Architectural Patterns

Previous studies have not systematically examined the impact of requesting the adoption of
specific architectural patterns (e.g., Client-Server, Three-Tier, MVC) on the quality of the
generated architectures. Our work addresses this gap by evaluating how well different LLMs
respect these architectural principles and how the description of functional and non-
functional requirements affects the outputs.

2.5 Research Questions

This work aims to explore the potential and boundaries of Al in assisting software

development, with a focus on generating architectures, improving model training, evaluating AI’s
performance, and determining the suitability of various Al models and training materials. The
following research questions guide our study:

L.

Can Al generate architectures that apply explicitly specified architectural patterns
from a given textual problem description?

This question explores Al’s ability to interpret problem statements or requirements and
translate them into well-structured architectures that adhere to requested architectural
patterns. By addressing this question, we aim to assess Al’s capacity to create relevant
architectures without extensive human guidance, thereby evaluating its potential to
streamline the architectural design processes.

What should a problem description contain to guide LL.Ms to produce meaningful
architectures?

Exploring a suitable structure, content, and specificity of input descriptions is essential to
refining AI’s ability to generate accurate and effective architectures. This question seeks to
identify which elements of a description are most useful in guiding Al toward producing
architecturally sound outputs.

Can responses be enhanced by using Retrieval-Augmented Generation and similar
methods?

RAG and related techniques provide a means of enriching Al-generated responses with
relevant context or knowledge. This question will investigate whether RAG can improve the
accuracy, relevance, and quality of Al-assisted architectural designs and the potential
limitations of this method.



4. How can training be improved with RAG materials, and what effect do different
materials have on the performance of LLMs?
This question addresses the impact of diverse training materials on the quality of Al
responses in architecture. Understanding how various RAG sources influence Al’s design
abilities can help improve training methods and produce more reliable, context-aware
responses.

5. Are open-source models reliable for Al-assisted architecture, and what is the minimum
acceptable model type/size?
The performance of open-source models in architecture assistance is examined here, with a
focus on identifying the smallest, most efficient model capable of providing acceptable
results. This question will inform recommendations for cost-effective, accessible Al
solutions.

6. How can we evaluate the effectiveness of Al assistance in software architecture design?
Evaluating Al's contributions to architectural design requires well-defined criteria and
metrics. This question explores potential evaluation methods to measure the quality,
accuracy, and overall utility of Al-generated architectural suggestions.

Each question is critical to understanding how Al can be meaningfully integrated into software
architecture processes, from creation to evaluation. By investigating these aspects, this research aims
to provide a foundational understanding of AI’s role in architecture and to identify methods for
optimizing its performance and reliability in real-world applications.



3 Approach

3.1 Parameters

To thoroughly examine our research questions, we decided to establish specific parameters to
guide our process and ensure clarity in our experimental setup.

3.1.1 Architectures Considered

As previously discussed, we have chosen a subset of commonly used architectural patterns:
Client-Server, Three-Tier, and Model-View-Controller (MVC). This selection is motivated by their
simplicity, broad adoption, and their ability to provide a controlled environment for our experiments.
By focusing on these foundational patterns, we can direct our efforts toward analyzing Al’s
effectiveness in adhering to widely recognized architectures, which simplifies isolating the Al's
performance from the complexities introduced by more intricate patterns, such as Microservices or
SOA.

3.1.2 Case study: The DCC app

The Dummy Coordination Conversion (DCC) Application is a software app that manages
coordinate groups in cartesian and polar formats. The system allow users to convert, store, retrieve,
modify, and delete coordinate groups.

This choice of a really simple and straightforward application allows us to center our attention
on the AI’s ability to respect the requested architectural pattern that satisfies very simple, specified
requirements. Such a simpler app reduces complexity, making it easier to evaluate Al performance
with a sharper focus on architectural and diagrammatic accuracy. Our textual input for the app
description will include a high-level overview of the application, as well as specific Functional and
Non-functional Requirements.

To gain a comprehensive understanding of how each architectural pattern influences our
application, we developed three distinct versions of the app in Java, with each version adhering to
one of the selected architectures: Client-Server, Three-Tier, and Model-View-Controller. We chose
Java as the programming language for its robust type system and its direct support for object-
oriented principles, which we believe make the architecture easier to generate, understand, and
implement.

Functional Requirements Input

Initially, we focus on the Functional Requirements. To observe and evaluate differences in Al-
generated outputs, we have prepared two versions of the functional requirements set. Each set has
been crafted to highlight distinct aspects of the software's functionality and will be presented in



detail. Afterward, we will provide an in-depth comparison and analysis of the two sets to assess how
their variations might influence the AI’s class diagram generation and architectural fidelity.

This approach—providing different versions of requirements—aims to shed light on how
requirement granularity and specificity impact the quality and accuracy of Al-assisted outputs,
allowing us to gather meaningful insights into the optimal level of detail needed for Al-supported
architecture generation. Figure 3.1 shows the FR set 1 and Figure 3.2 shows the FR set 2.

1. Coordinate Group Creation:
- Users can create a coordinate group consisting of both Cartesian and polar coordinates.
- Input one type of coordinate (either Cartesian or polar), and the software should handle the conversion to the other type.
- A coordinate group consists of:
- Cartesian: (x, y)
- Polar: (r, 8)

2. Coordinate Group Storing:
- Store coordinate groups in a MySQL database with the following attributes:
- Unique auto-generated identifier (integer).
- User-defined string label for identification.
- Automatically assigned timestamp.

3. Coordinate Group Retrieval
- Retrieve coordinate groups either by:
- Label: Search using a user-defined string label.
- View all: Retrieve and display all saved coordinate groups.

4. Coordinate Group Modification:
- Select and modify details of a coordinate group (Cartesian or polar values, label) and save the updated version.

5. Coordinate Group Deletion:
- Delete a coordinate group from the database.

Figure 3.1 The first set of functional requirements (frl)

Logic
1 Define cartesian coordinates as a pair (x, y) of high-precision numbers
2 Define polar coordinates as a pair (r, 6) of high-precision numbers
3 Convert cartesian (x, y) to polar (r, 8) coordinates
4 Convert polar (r, 8) to cartesian (x, y) coordinates
5 A coordinate group contains cartesian (x, y) and polar (r, 6) coordinates

N TS

2. Data operations

2.1 CreateOp: create a unique auto-generated integer identifier (id) for the coordinate group edited, add a timestamp, and
save the label and the values of the coordinates group as a new record into the database

2.2 ReadOp: Create a list of all saved coordinate group records. For each record, show: id, label, cartesian coordinate
values, polar coordinate values, datetime added or modified), sorted by id

2.3 UpdateOp: Update a coordinate group record with new values entered by the user and save the updated record of the
coordinates group into the database

2.4 DeleteOp: Delete a coordinate group record from the database

3. User interactions

3.1 Input one new coordinate group and one string to label the group

3.2 When the user inputs cartesian coordinates (x, y), calculate the corresponding polar (r, 8) coordinates by converting
cartesian to polar

3.3 When the user inputs polar coordinates (r, 8), calculate the corresponding cartesian coordinates by converting polar
to cartesian

3.4 When "add" is selected, execute CreateOp for the current values of the coordinate group and the label

3.5 When "update" is selected, execute the UpdateOp for the selected record in the list created by the ReadOp

6 When "delete" is selected, execute the DeleteOp for the selected record in the list created by the ReadOp

7 When initializing and when "add", "update" or "delete" is executed, refresh and display the list created by the ReadOp
8 Filter the list of coordinate groups displayed, by a label value entered by the user
9

3.
3.
3.
3.9 Clear the active filter and display all saved coordinate group records, as in 3.7

Figure 3.2 The second set of functional requirements (fr2)

The two sets of functional requirements describe the same core functionalities but differ in
their structure, granularity, and focus. Here are the essential differences:

Structure and Organization

o First Set: Organized by high-level functional areas (Creation, Storing, Retrieval,
Modification, Deletion). Each function is presented as a user-facing feature.



¢ Second Set: Divided into three major categories—Logic, Data Operations, and User
Interactions—which focus on lower-level implementation details, breaking down each
functional area into smaller, specific operations.

Granularity and Detail Level

e First Set: Presents requirements in a straightforward, user-centric format, specifying key
actions without diving into precise operational details. For example, it explains “Coordinate
Group Retrieval” at a general level, describing how users can search by label or view all
records.

¢ Second Set: Goes into finer detail on each operation, specifying exact actions for different
stages (e.g., “CreateOp,” “ReadOp”) and what each entail. The second set even details
internal system operations, such as sorting records by ID or refreshing the display after each
action.

Technical vs. User-Centric Language

e First Set: Describes functions using language that aligns closely with user tasks and high-
level goals, making it easier for end-users or stakeholders to understand.

e Second Set: Uses more technical language and terms, such as “CreateOp,” “ReadOp,” and
“high-precision numbers,” making it more suited to developers or technical audiences. It also
emphasizes data handling and internal logic (e.g., converting coordinates, refreshing lists)
rather than just user actions.

Specification of User Interactions

o First Set: Assumes users perform actions like retrieval and modification without detailing
interaction steps.

¢ Second Set: Explicitly details user interactions, including specific actions like “add,”
“update,” and “delete,” with explanations for each step (e.g., converting coordinates when
inputting data, displaying the list after each action). It specifies user actions in a systematic
manner, clarifying exactly how users engage with each functionality.

Emphasis on Data Processing and Refreshing

¢ First Set: Mentions storing, retrieving, and deleting coordinate groups but doesn’t elaborate
on data refresh mechanisms or display updates.

e Second Set: Emphasizes refreshing the displayed list upon every create, update, or delete
operation, highlighting the user’s view of the data as an important part of the functionality. It
also provides options for filtering or clearing filters on the display, enhancing data
management clarity.

Focus on Data Transformation and Storage

o First Set: Implies the need for coordinate conversion but does not detail the logic behind
transformations.



¢ Second Set: Explicitly outlines coordinate transformations (Cartesian to polar and vice
versa) in the "Logic" section, specifying the internal operations required to support user
inputs and conversions.

In summary, the first set is user-oriented, outlining high-level functionalities in accessible
language, ideal for non-technical stakeholders. In contrast, the second set is technical and
implementation-focused, detailing operations, user interactions, and internal processes, making it
more suitable for developers needing precise guidance on each operation. Together, these distinctions
show that the first set is tailored to functional understanding, while the second set emphasizes
operational clarity and technical precision.

We anticipate that most would conclude that the second set of requirements is more likely to
lead to better generated architectures by LLMs. This expectation arises from the second set’s
emphasis on explicitly defined business logic, more granular details for each function, and a clearer
delineation of architectural components. The structured nature of the second set may guide LLMs to
produce more precise and well-aligned architectures, potentially resulting in classes that are both
more relevant to the application’s business context and closely aligned with architectural standards.

However, while this reasoning appears logical, it remains untested. In our experiments, we aim
to validate whether these assumptions hold true by evaluating the quality and accuracy of class
diagrams generated from each set of requirements. Through this, we hope to derive meaningful
insights into the influence of requirement specificity and detail on Al-assisted architectural
generation, providing evidence-based conclusions on the optimal requirements format for LLM-
driven design.

Non-functional requirements set

Figure 3.3 shows the first NFR set.

- Frontend: Developed using Java with the Swing framework for user interaction.
— Database: MySQL for persistent storage of coordinate groups.
— TCP/IP Connection: To handle the communication between the application and the database.

Figure 3.3 The first set of non-functional requirements (nfrl)

Figure 3.4 shows the second NFR set.

- Frontend: To be developed using Java with the Swing framework for user interaction

- Logic: To be developed using Java classes, according to the object-oriented design principles

- Database server: MySQL for persistent storage of coordinate groups

- Database connection: TCP/IP connection for the communication between the application and the database
- Design: Apply the "Single Responsibility Principle"

Figure 3.4 The second set of non-functional requirements (nfr2)

Upon comparing the two sets of non-functional requirements, it is evident that the second set
offers a more detailed and structured approach, hopefully leading LLMs to improved clarity and
adherence to design principles.



The first set provides a high-level overview of the non-functional requirements, focusing on
essential components like the frontend framework (Java with Swing), database choice (MySQL), and
communication protocol (TCP/IP). However, it lacks specificity regarding design principles or
object-oriented programming practices, which may leave certain implementation details open to
interpretation.

In contrast, the second set enhances clarity by breaking down requirements into more specific
categories, such as "Logic" and "Design," and introduces guidelines for structuring code. For
example, it specifies that the logic layer should be developed with Java classes following object-
oriented principles, ensuring a modular and maintainable structure. Furthermore, the inclusion of the
"Single Responsibility Principle" in the design section provides an explicit directive for the
organization of classes, reinforcing clean and focused code.

The second set’s emphasis on object-oriented design and single-responsibility guidelines could
result in a more maintainable and scalable system displayed by the generated class diagram, as it
directs developers toward a robust architectural foundation.

In summary, while the first set gives a concise overview of technical requirements, the second
set provides a more comprehensive roadmap by incorporating object-oriented and design principles.
This added detail may ultimately enhance the system's structure and quality, making it better suited
for complex projects where clarity and maintainability are paramount. Our forthcoming experiments
will examine whether these differences in non-functional requirements lead to observable
improvements in class diagram in Al-assisted implementations.

1t is important to note that the first set of functional requirements will be paired with the first
set of non-functional requirements, and likewise, the second sets will be combined. This alignment
reinforces our expectation that using the second sets together could lead to better results.

3.1.3 Prompt input

For our experiment, we have chosen a single, comprehensive prompt:

Task Description:

You are tasked with processing a software description and its requirements to generate a class diagram using PlantUML.
The class diagram should respect the requested software architecture, define all necessary classes, and accurately
represent associations between them.

Overview: {Software_app_overview}
Software Architecture: {Architecture}
Functional Requirements: {FR}
Non-Functional Requirements: {NFR}

Generate a class diagram using PlantUML that defines all necessary classes and associations based on the described
architecture, requirements, and functionality. Ensure that:

- The diagram reflects the separation of concerns based on the requested architecture.

- Each class is properly defined with attributes and methods.

- All associations (e.g., composition, aggregation, or inheritance) between the classes are included in plantUML and are
clearly represented.

- Create the appropriate packages to include the classes.

Figure 3.5 Prompt

Prompt as shown in Figure 3.5 was designed to encapsulate all relevant information, from the
application’s overview and architecture to its functional and non-functional requirements, guiding
the LLM in generating a complete class diagram in PlantUML. By including both high-level



guidance and specific directives on attributes, methods, associations, and package organization, the
prompt aims to provide the LLM with the necessary context to produce accurate and organized class
diagrams.

The decision to use only one version of the prompt, rather than creating multiple versions is
driven by a few key considerations:

e Avoiding Redundancy: Unlike the functional requirements, where different levels of
granularity and specificity could yield significantly varied responses, the prompt here is
designed to be comprehensive, covering all necessary aspects (overview, architecture,
functional and non-functional requirements). Creating additional versions of the prompt
could lead to redundancy, as each would need to repeat similar instructions to capture the
same complete context for the LLM.

e Maintaining Consistency in Evaluation: With multiple versions of the functional and non-
functional requirements, as well as variations in the RAG files (as we will discuss later), our
focus is on evaluating how changes in input detail influence the AI’s interpretation and
output.

e Focus on Core Research Questions: Our primary goal is to explore how Al responds to
differences in the FR/NFR sets, RAG files, and model performance, not how it responds to
variations in the prompt structure itself. By keeping the prompt consistent, we can better
isolate the impact of the remaining changes on output quality without confounding results
with prompt-based differences.

3.1.4 Selection of LLMs

To gain insights into how different models perform, we selected a variety of models, chosen
based on specialization and parameter size, which affects memory requirements, as shown in the
Table 3.1

Model Name Source Parameter size Quantization Model Task
llama3.1:latest local 8B Q4 0 Multilingual Text and code
phi3:medium-128k local 14B Q40 e commercial and research

use in English.
e applications which require:

1) memory/compute
constrained environments

2) latency bound scenarios

3) strong reasoning (especially
math and logic)

4) long context

gemma?2:27b local 27.2B Q4 0 e  Multiple data modalities,

e Variety of text generation
tasks, including question
answering, summarization,
and reasoning.




Model Name Source Parameter size Quantization Model Task

command-r local 32.3B Q4 0 e  Optimized for long context
tasks such as retrieval-
augmented generation
(RAG) and using external
APIs and tools

mixtral:8x7b local 46.7B Q4.0 e It gracefully handles a
context of 32k tokens.

e It handles English, French,
Italian, German and
Spanish.

e It shows strong
performance in code

generation.
gpt-4o0 (chatGPT40) online 200B N/A -
gpt-4o (Software online N/A N/A e  Atool that automatically
Architecture generates interactive, real-
Visualiser) time diagrams like
PlantUML from codebases,
aiding in the understanding
and design of software
systems
gemini online N/A N/A -
copilot online N/A N/A -
claude3.5 Sonnet online 175B N/A -

Table 3.1 LLM selection

This variety allows us to evaluate models with different parameter sizes, ranging from smaller,
resource-efficient models like llama3.1:latest to more extensive, high-capacity models
like command-r, providing insights into how model size and capacity affect the output.
Additionally, we included models with specific optimizations, such as GPT-40 (Software
Architecture Visualizer), tailored for architectural tasks, as well as more general-purpose models
like Copilot. By testing this diverse lineup, we also address the growing interest in using smaller,
locally hosted models as alternatives to larger, cloud-based ones, an approach that aligns with the
need for data security and privacy, especially in business environments handling sensitive
information.

All the models selected for this study utilize the Q4 quantization parameter, which reduces
the precision of the model's weights to 4 bits. Standardizing this parameter across all models was a
deliberate choice, particularly for these initial stages of our research into Al-assisted software
architecture. This approach ensures a fair comparison of the models’ capabilities while also allowing
us to explore the practical advantages of using quantized LLMs in resource-constrained
environments.

This comprehensive evaluation allows us to observe how model specialization (e.g., general-
purpose models versus those optimized for specific applications) and deployment preferences (local



versus online) influence the class diagram generation process. It enables us to compare performance
across a spectrum of scenarios, identifying which types of models excel at producing high-quality
class diagrams aligned with specified architectural patterns while balancing scalability, security, and
computational efficiency.

3.1.5 Retrieval Augmented Generation (RAG)

What is RAG?

Large language models (LLMs) can sometimes be unpredictable. While they can provide
accurate answers on some occasions, they may also generate irrelevant or inaccurate information,
largely because they rely on statistical patterns in language rather than actual understanding. LLMs
are trained to identify word statistical relationships, but they lack true comprehension of meaning.

Retrieval-Augmented Generation (RAG) is an Al framework designed to improve the
accuracy and relevance of LLM-generated responses. By grounding the model in external, up-to-date
knowledge sources, RAG supplements the LLM’s internal knowledge with verified information,
helping to ensure that responses are accurate and reliable.

Implementing RAG in LLM-based question-answering systems offers two primary advantages:
it provides the model with access to current, verified facts, and it allows users to view the sources
behind the model’s responses, which supports transparency and verifiability. This traceability builds
trust, as users can check the validity of the information provided.

RAG also brings additional benefits. By anchoring an LLM’s output to external, factual data, it
minimizes the chances of the model relying solely on its internal parameters. This reduces risks such
as inadvertent exposure of sensitive data or the generation of "hallucinated" (incorrect or misleading)
information. Furthermore, RAG reduces the need for frequent retraining or parameter updates to
keep the model current, which in turn lowers the computational and financial costs associated with
maintaining LLM-powered chatbots, especially in enterprise environments.

In essence, RAG is the process of retrieving relevant contextual data from an external source
and feeding it to a large language model along with the user’s prompt. This external information
enriches the model's responses, enhancing its base knowledge to produce more accurate and
contextually appropriate outputs, whether text or images.

What are Embeddings and how they used in RAG?

Embeddings are mathematical representations that capture the semantic meaning of words,
sentences, or entire documents by encoding them as dense vectors in a high-dimensional space. The
purpose of embeddings is to position text with similar meanings closer together in vector space,
enabling efficient comparison of concepts based on their meanings rather than exact wording.

In the context of Retrieval-Augmented Generation (RAG), embeddings play a crucial role in
retrieving relevant information from a large corpus based on a user’s query. This retrieved
information is then used to help the model generate contextually rich and accurate responses. Here’s
how embeddings function in RAG:



1. Creating Embeddings for the Corpus
Before any queries are processed, embeddings are generated for each document or text
segment in the corpus. This step effectively maps the entire corpus into a high-
dimensional vector space, allowing similar documents to be clustered by meaning.

2. Query Embedding
When a user submits a query, the query text is also transformed into an embedding.
This query embedding exists within the same vector space as the corpus embeddings,
representing the semantic intent of the user’s input.

3. Similarity-Based Retrieval
The system then compares the query embedding with all the document embeddings in
the vector space. Using similarity measures (such as cosine similarity), it identifies and
retrieves documents most closely aligned with the query’s meaning.

4. Augmentation with Retrieved Information
The retrieved documents serve as supplementary knowledge or context for the model,
which then generates a response grounded in real-world data. This augmentation
enables the model to provide more accurate, nuanced, and contextually relevant
answers.

Through embeddings, RAG can effectively retrieve and leverage semantically relevant
information, enhancing the quality and reliability of the model’s responses by rooting them in
external, meaningful context. Figure 3.6 shows the flow of RAG technique.
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Figure 3.6 Conceptual flow of RAG method (source)

Which techniques could apply to enhance Retrieval Augmented Generation?

As Generative Al rapidly advances, researchers and practitioners are exploring a variety of
techniques to improve large language models (LLMs) in Retrieval-Augmented Generation
(RAG) tasks. By combining the strengths of language models with information retrieval (IR)


https://aws.amazon.com/what-is/retrieval-augmented-generation/

systems, RAG enables LLMs to produce more informed and contextually relevant responses. Below,
we discuss some key techniques to enhance the effectiveness of LLM-based RAG systems.

1. Selecting the Right Embedding Model:

The effectiveness of retrieval through similarity search is significantly influenced by the
quality of embeddings that represent the documents and queries. Therefore, choosing an embedding
model carefully is essential, as it directly impacts retrieval accuracy and, consequently, the relevance
of LLM-generated responses. Options for embedding models include:

Self-hosting an open-source model,
Using a cloud-based provider offering open-source models,
Choosing a proprietary cloud solution (e.g., OpenAl),

Utilizing an integrated end-to-end solution that includes embedding services, such as
Enterprise Bot.

To determine the best embedding model for RAG, several metrics are useful:

Average and Retrieval Average Performance: Measures average model performance
on benchmarks, with a specific focus on retrieval effectiveness for RAG tasks.

Model Size and Memory Usage: Larger models often yield better accuracy but require
more computational resources.

Embedding Dimensions: Higher-dimensional embeddings can capture more semantic
nuances but increase memory requirements.

Max Tokens: Indicates the maximum text length that a single embedding can handle,
crucial for extensive text queries.

2. Optimizing Chunking Strategy:

Chunking is the process of breaking down documents or data into smaller units, which can
enhance retrieval efficiency and precision. Effective chunking strategies ensure the RAG system can
manage longer text inputs, extract relevant information efficiently, and produce coherent,
contextually accurate responses. Common chunking strategies include:

Sliding Window Chunking: Divides text into overlapping windows to maintain context.
Document-Based Chunking: Segments based on document boundaries.
Semantic Chunking: Splits based on meaning, grouping related information.

Agent-Based Chunking: Designed for multi-agent interactions.

By experimenting with these chunking techniques, researchers can find the optimal balance
between retrieval accuracy, computational efficiency, and response quality.

3. Applying Metadata Filters:

In many RAG applications, documents in the knowledge base may contain valuable metadata,
such as source credibility, timestamps, or topical relevance. Leveraging this metadata can enhance
response quality and relevance by allowing the RAG system to filter or prioritize specific
information based on predefined criteria. For instance, the model can prioritize recent or



authoritative sources, or filter by topic when handling domain-specific tasks, such as in healthcare,
finance, or legal applications. Metadata filtering allows RAG systems to select the most trustworthy
and contextually relevant information, enhancing the reliability and focus of the generated response.

4. Implementing Query Transformation Techniques:

Sometimes, user input may not align well with the structure of the knowledge base or the
LLM’s expectations. Query transformation techniques adjust and optimize user input to improve
retrieval relevance and accuracy. Examples include:

e Rephrasing or expanding the query to capture additional context,
o Extracting keywords or entities to refine retrieval,
e Translating terms into a specific language or domain-specific jargon,

e Adding task-specific constraints to guide retrieval. Through query transformation, the RAG
system better captures the user’s intent, retrieves relevant documents, and generates
responses that more accurately address the query.

5. ReRanking:

The initial retrieval in a RAG system may not always yield the most relevant documents at the
top of the results. ReRanking techniques address this by refining and reordering the retrieved
documents, ensuring that the most pertinent information is prioritized for response generation.
Effective ReRanking can be achieved through several approaches:

o Leveraging Additional Signals: Use factors like semantic similarity, source credibility, or
domain-specific relevance to assess and reorder retrieved content based on its alignment with
the query.

o Applying Advanced Ranking Models: Use machine learning approaches, such as neural
ranking models or reinforcement learning, to learn optimal ranking criteria from data,
improving the system's ability to identify the most valuable information.

e Incorporating User Feedback: Integrate interaction data or user feedback to refine the
ranking criteria over time, aligning responses with user expectations and improving the
overall relevance.

These techniques each address specific challenges in RAG systems, such as retrieval precision,
query optimization, and document ranking. By applying these enhancements, RAG systems can
significantly improve their response quality, ensuring outputs that are more trustworthy, relevant, and
contextually accurate. As RAG use expands across industries, these improvements contribute to
more robust, efficient, and effective Al-powered solutions.

While all of these techniques could potentially enhance the RAG process, our experimentation
focuses on the first two: embedding model choice and chunking strategy. By concentrating on
these specific techniques, we aim to better understand their impact on retrieval accuracy and the
quality of generated responses.



Embedding Models:

For embedding models, we selected the following two options as shown in Table 3.2:

e nomic-embed-text-v1.5 is optimized for general-purpose embeddings, often performing well in
capturing broad semantic relationships both for short and long context.

o text-embedding-3-large, on the other hand, could output larger embedding vectors and may
yield finer-grained, detailed embeddings that can enhance retrieval precision in complex

queries.
Embedding | Provider | Parameters size | Context window | Dimension Modeling tasks
Model length used to
Name generate the next
token (num_ctx)
nomic- | nomic-ai 137M 8192 tokens 768 e can only be used to
embed-text- generate
vl.5 embeddings for
short and long
context
text- openAl N/A 8192 tokens 3072 e  high-precision tasks,
embedding- where capturing the
3-large nuances of language

is critical.

e ideal for complex
applications such as
deep semantic
search,
advanced recommen
dation systems, and
sophisticated text
analysis.

Table 3.2 Embedding Models selection

These models represent distinct approaches in embedding performance and dimensionality.

By using these two contrasting embedding models, we aim to evaluate how the choice of
embedding model affects RAG outcomes, specifically in terms of retrieval relevance and alignment
with the given architectural and functional requirements. This comparison offers valuable insights
into the role of embedding selection in enhancing LLM-assisted architectural design.

Chunking Methods:

For our experiment, we selected two Chunking Methods aimed at optimizing the retrieval and
coherence of text chunks within the RAG process: recursive chunking and semantic chunking. By
experimenting with these two distinct approaches, we can explore how different chunking strategies
impact the relevance and cohesion of retrieved content.

The recursive chunking method resembles a simpler approach, similar to chunking based on a
fixed text length. It splits text recursively to fit within the required size, focusing primarily on
structural elements rather than meaning.



In contrast, the semantic chunking method is a more advanced approach that leverages the
embedding model in the chunking process. By grouping text based on semantic similarity, this
method strives to keep conceptually related text together, enhancing the meaningfulness of each
chunk.

Recursive Character Split

This method is widely recommended for handling generic text. It utilizes a prioritized list of
characters, attempting to split the text by each character in sequence until the chunks reach the
desired size. The default character list is ["\n\n", "\n", " ", ""], which first tries to keep paragraphs
together, then sentences, and finally words. By preserving these larger units where possible, this
method maintains semantically related pieces of text, which can improve retrieval accuracy by
keeping related concepts within the same chunk.

Semantic Chunking

Semantic chunking is designed to extract and retain meaning by assessing the semantic
relationships between chunks. Rather than splitting text purely by characters, this method keeps
together portions that are closely related in meaning. This approach is particularly useful for ensuring
that each chunk represents a cohesive idea or theme, which can lead to more accurate and
contextually relevant retrieval. Semantic chunking involves taking the embeddings of every sentence
in the document, comparing the similarity of all sentences with each other, and then grouping
sentences with the most similar embeddings together. For this purpose we have employed the
embedding models that we have discussed in the above section.

For implementation, we used functions from the Langchain framework:
RecursiveCharacterTextSplitter for the recursive character split and SemanticChunker for semantic
chunking. By comparing these two methods, we aim to observe how chunking strategy impacts the
coherence and relevance of the retrieved information, ultimately affecting the quality of Al-generated
outputs.

RAG Document Sources: Content and Influence on Results

To enhance model performance in generating class diagrams, we supplement the LLM with
well-documented presentations of the requested architectures. By providing structured RAG files, we
aim not only to improve output quality but also to explore how variations in the source and structure
of this information affect results. For this purpose, we created three types of RAG files, each with
distinct content or format, to evaluate their impact on the final output.

1. RAG File from Software Engineering by Ian Sommerville
The first RAG file is drawn from a foundational source: Software Engineering, 10th Edition by
Ian Sommerville. This book is widely respected in the field and covers core software engineering
practices in depth. By using content from such an authoritative source, we provide the model
with comprehensive and reliable information, which we expect will enhance its ability to
generate accurate class diagrams. Including material from Sommerville's text allows us to
evaluate the effectiveness of an academically rigorous, structured knowledge base on the model's
architectural comprehension.

2. Separated Architecture Documents
In the second approach, we still rely on Sommerville’s book as the information source but
modify the format. Here, we separate the documentation for each architecture type into distinct



documents. This approach allows us to pair the RAG file specifically with the architecture
requested in the prompt. By isolating each architecture into its own document, we aim to test
whether delivering focused, architecture-specific documentation improves the model's ability to
produce diagrams that accurately adhere to the requested architecture pattern. This approach
helps assess the potential benefits of providing segmented, highly targeted information over a
single, combined document.

3. RAG File Compiled from Various Web Sources
For the third RAG file, we gather information from a variety of online resources, including
Wikipedia, GeeksforGeeks, and IBM’s documentation. This file provides the model with a broad
spectrum of perspectives and explanations, potentially adding a layer of diversity to the
information. By combining material from different online sources, this RAG file reflects the
variety of explanations and nuances commonly found in less formal, more accessible resources.
Testing this RAG file allows us to investigate whether varied, multi-sourced information impacts
the model’s architectural output, especially when compared to the rigorously structured content
from academic sources.

In summary, by experimenting with RAG files from these three sources, we aim to understand
how differences in content source and document structure influence the quality and adherence of Al-
generated class diagrams to specified architectural patterns. This exploration offers insights into the
optimal approach for supplementing LLMs with external knowledge for complex architectural tasks.

3.2 Investigation Planning

3.2.1 Reference Architecture and Implementation

To gain a comprehensive understanding of how each architectural pattern impacts our
application, we implemented three distinct versions of the app in JAVA, each adhering to one of the
selected architectures (Client-Server, Three-Tier, and Model-View-Controller). This approach allows
us to observe how each architecture shapes the structure, data flow, and modularization within the
application.

For each version, we took care to rigorously adhere to the principles and guidelines associated
with each architectural pattern, as discussed in 2.2. This included ensuring clear separation of
concerns, modularity, and consistency in data handling and interaction across components. By
respecting these core architectural principles, we aim to establish a baseline that Al-assisted
architecture outputs can later be compared against.

Following the implementation of each version, we used the Visual Paradigm tool to reverse-
engineer the Java code into UML class diagrams. This reverse engineering process allowed us to
generate visual representations of each architecture, accurately capturing the relationships,
dependencies, and hierarchies within the implemented code.

Below, we present the UML class diagrams derived from our implementations, intended as
benchmarks for evaluating the architectural adherence of Al-generated diagrams. These diagrams
offer a clear and structured view of the components, illustrating how each architectural decision
shapes the organization and interaction of classes within the application.



While we do not expect the diagrams from LLMs to be identical to these, they provide a
standard for comparison. We remain open to new approaches, provided they align with the
established architectural patterns and design principles.

Figure 3.7 Client-Server architecture (DCC app)

Figure 3.8 Three Tier architecture (DCC app)
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Figure 3.9 MVC architecture (DCC app)

3.2.2 The PlantUML Tool

Using a model-oriented tool such as Visual Paradigm for both the generation and evaluation of
UML diagrams presented certain technical challenges. Specifically, using Visual Paradigm would
require us to approach the workflow in one of two ways, each with limitations.

In the first approach, we could work with class diagrams as images. However, this would
restrict us to using only large language models (LLMs) capable of generating and recognizing
images, which would divert the project’s workflow from its initial objectives. Additionally, relying
on image recognition introduces challenges, such as reduced accuracy and increased difficulty in
processing and validating diagram components.

The second approach would involve requesting class diagrams from LLMs in XML format,
which we could then import into Visual Paradigm. However, this option also posed issues. XML-
based class diagrams require complex syntax, which may vary across different platforms, leading to
potential compatibility issues and inconsistencies. Moreover, generating XML code could be
challenging for LL.Ms, potentially resulting in errors or incomplete diagrams.

To address these concerns, we chose to use PlantUML. PlantUML combines the ability to
create detailed and well-structured UML diagrams with the simplicity of a code-like, text-based
language that LLMs can easily generate and interpret. This choice allows us to avoid compatibility
issues associated with XML while also sidestepping the challenges of image recognition, thus
maintaining a streamlined workflow. PlantUML’s straightforward syntax ensures that any LLM with
basic text generation capabilities can produce and recognize the diagrams, making it an ideal
solution for our needs.


https://plantuml.com/

PlantUML also provides a variety of options for visualizing UML diagrams. It supports
multiple platforms and tools, including an official web server that functions as an editor and libraries
for Java, Python, and React. For our purposes, we leveraged PlantUML’s Java .jar file, which
allowed us to render and view diagrams directly as images. This functionality gave us an efficient
way to both visualize and evaluate the generated class diagrams, streamlining our workflow by
enabling quick conversion from PlantUML code to image format for analysis. In Figure 3.10 we can
see an example of plantUML code and its corresponding UML diagram.

@startuml

'Classes:

class User {

- dd: int

- name: String

+ sendMessage()

© User + addContact ()
}
o id: int
o name: String class Message {
o sendMessage() 5 ld:int _
content: String

o addContact() + metadata: -int

/ \ + send()
}

© Message © Group class Group {
S - id: 1int
oid: int - -
X : oid: int name: String
picontentioing o name: String + addMember ()
o metadata: int }
o send() o addMember()
'Associations:
"User" -- "Message"
"User" -- "Group"

@enduml

Figure 3.10 Example of plantUML code

3.2.3 Deployment, Tools, and Setup

For deploying and running our experiment, we used an Ubuntu 22.04 server equipped with 128
GB RAM. This setup provided the necessary computing resources to handle the large language
models (LLMs) and extensive processing required for generating and evaluating UML class
diagrams across various scenarios.

Tools for Communication with LLMs

To interact with local LLMs, we utilized the Ollama framework, a robust platform designed
for managing and running large language models like Llama 3.1 and Mistral on local machines.
Ollama allows for flexible integration of advanced Al capabilities, providing developers with
powerful tools for tool-calling and model management. Ollama supports various operating systems,
including Windows, macOS, and Linux, and offers multiple usage options:

e Direct command-line access through ollama run <modelName>,
e API calls to http://localhost: 11434/api/generate,

e Integration through programming frameworks.



For our experiment, we opted to interact with Ollama through Python scripts, leveraging
the LangChain library to create structured workflows with LLMs. LangChain provides extensive
support for LLM integration, making it easier to manage prompt-based responses and RAG
processes. In addition to Ollama, we used OpenAl API to access the embedding model fext-
embedding-large-3 and the gpt-40 model for generating embeddings and retrieving enhanced
outputs.

RAG and Database for Vector Storage

In the RAG process, we required a database to temporarily store vector embeddings from the
chunked text. For this, we utilized Chroma, an open-source, Al-native vector database tailored for
developer productivity and tightly integrated with LangChain. Chroma enabled efficient storage and
retrieval of vectorized data, essential for managing embeddings in the RAG workflow.

Experiment Setup and Execution

To structure the scenarios and automate the class diagram generation process, we created a
table that contains detailed information about each generation case, referred to as “scenarios.” This
includes the following columns:

e ID: A unique identifier for each scenario, which links directly to the generated class diagram.

o familyld: Identifies the general category (or "family") to which each scenario belongs,
facilitating folder structure. The familyld follows the format:
{architecture}{fr set number}!{nfr _set number}!{prompt file number}

For example, familyld = cs111 specifies a Client-Server architecture, FR set 1, NFR set 1,
and prompt 1.
o architecture: Specifies the requested architecture pattern (e.g., Client-Server, Three-Tier).
o frPathfile: Path to the functional requirements (FR) set file.
e nfrPathfile: Path to the non-functional requirements (NFR) set file.
o promptPathfile: Path to the prompt text file.

¢ modelMetadata: Indicates the name and version of the selected LLM
(e.g., llama3.1:latest, gemma2:27b).

e source: Information about whether the class diagram was generated via code (through
Python scripts) or directly through online methods (e.g., querying models like ChatGPT and
Gemini on the web).

e ragDecision: Specifies whether RAG is applied for the scenario (Yes or No).

o ragPathfile: Path to the RAG file containing external data for scenarios where RAG is used.



¢ embeddingsMetadata: JSON object containing details about the RAG process, formatted as

follows:
{
"agent": "openai/ollama",
"model": "nomic-embed-text:latest / text-embedding
-large-3",
"chunking_info": {
"method": "recursive/semantic",

"chunk_size": "1000/-"
}
}

e resultPath: Auto-populated by the script after response generation, specifying the path to the
generated response text file.

By using this structured table, our Python scripts can iterate through each scenario, automating
the process of generating class diagrams according to specified requirements and configurations.
This setup not only facilitates a systematic exploration of each variable (e.g., architecture type,
model selection, RAG use) but also ensures that results are organized, consistent, and easily
traceable across all scenarios in the experiment.

3.2.4 Experiments Performed

To evaluate the impact of each parameter (architecture type, FR/NFR sets, model selection,
RAG usage, and embedding strategy) on the quality of Al-generated class diagrams, we conducted a
comprehensive set of experiments designed to measure performance under controlled conditions. We
aimed to isolate the effects of each variable by creating and analyzing a variety of scenarios.

Our experimental design involved repeating the same set of scenarios across three distinct
architectures: Client-Server, Three-Tier, and Model-View-Controller (MVC). Each architecture
set contained 160 unique scenarios, resulting in a total of 480 experiments. These scenarios were
constructed by varying combinations of parameters, including:

e Large Language Models (LLMs): Different models were used to assess how model choice
influences diagram generation, including options like llama3.1, gemma2:27b, and
command-r.

e RAG vs. Non-RAG: We tested scenarios both with and without Retrieval-Augmented
Generation (RAG) to observe how supplementary information impacts the accuracy and
structure of generated diagrams.

¢ Functional and Non-Functional Requirement (FR/NFR) Sets: We used multiple versions
of FR and NFR sets to determine if changes in requirement detail level influence the models’
outputs.

e Embedding Models and Methods: Different embedding models and chunking methods
were incorporated in the RAG process to study how these factors affect retrieval and
relevance in Al-generated outputs.

In the following diagram, we provide a detailed breakdown of the scenarios
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Figure 3.11 Scenarios graph

3.2.5 Assessment by AI and Human Experts
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The final phase of our experiment involves a thorough evaluation of the generated class
diagrams, conducted through two methods, human expert assessment and Al-based evaluation,

across some evaluation keypoints.

Evaluation Keypoints

1. Adherence to Architecture
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rag2/3/4

ragl
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recursive
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rag5s
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Experts evaluated how well the requested software architecture was implemented in each class
diagram. This criterion focused on whether the architectural principles were respected, including



the appropriate distribution of responsibilities among classes and alignment with the intended
architectural pattern.

2. Correctness of Class Relationships
This dimension focused on the accuracy of relationships between classes within the context of
the specified architecture. Experts assessed whether associations, dependencies, and
communication flows between classes were properly represented and if they adhered to
architectural principles.

3. Cohesion and Coupling
High cohesion and low coupling are essential design principles for maintainable and effective
architectures. Experts rated each diagram based on the focus and singularity of purpose within
classes (high cohesion) and the minimization of inter-class dependencies (low coupling).

4. Consistency with Software Requirements
Experts assessed whether each diagram met both functional and non-functional requirements as
specified in the provided requirements sets. This evaluation ensured that the diagrams not only
adhered to architectural principles but also accurately represented the required functionality.

Human Expert Evaluation

We assembled a panel of four individuals with varying levels of experience in software
architecture to assess the generated diagrams. Each expert independently reviewed and rated the
diagrams on the four evaluation criteria, as described earlier:

Each expert provided an integer score from 0 to 5 for each dimension. This provided a rich
qualitative and quantitative dataset for analyzing diagram quality.

Al-Based Evaluation

To complement human assessments, we also leveraged LLMs to evaluate the class diagrams.
Each LLM was presented with the generated diagram and the specified architecture and was
prompted to evaluate the diagrams based on the same four criteria as the human experts. The LLMs
were tasked with providing:

e Integer Scores: Similar to human evaluators, LLMs assigned a score from 0 to 5 for each
criterion, allowing for a direct comparison of Al and human ratings.

e Textual Reasoning: For each score, LLMs provided a textual rationale for their rating. This
was essential for gaining insights into the LLMs’ reasoning processes, helping us understand
how well the models recognize architectural principles, identify errors, and appreciate best
practices in class diagram design.

The combination of human and Al evaluations allows us to perform a comprehensive analysis
of each diagram's quality. By comparing the consistency and alignment of Al-generated scores and
justifications with those of human experts, we aim to identify potential strengths and weaknesses in
LLM-based evaluation. This dual-assessment approach provides a robust framework for assessing
the effectiveness of Al in generating and evaluating architectural diagrams, giving us a
comprehensive understanding of its current capabilities and areas for future improvement.



4 Execution and results

4.1 Typical Cases

In this section we will present some UML diagrams generated by the LLMs.

Complete and accurate UML class diagrams

The following class diagrams showcase some interesting and commendable approaches to
capturing the architectural patterns. All of these diagrams successfully adhere to the core principles
of the three specified architectures. Additionally, they align well with the software requirements,
accurately represent class relationships, and demonstrate strong cohesion and low coupling,
reflecting a solid performance across key evaluation criteria.

Client-Sever:
Llama3.1:8B | fr1 | nfrl | ragl | ollama | nomic-ebed-text:latest | semantic (ID = 3)

The diagram in Figure 4.1 features three distinct packages: client, server, and domain, each
with clearly defined roles. The packages are interconnected through detailed class relationships,
demonstrating effective communication between components. The diagram successfully incorporates
nearly all the software requirements, including specific details about the TCP/IP connection. On the
server side, it handles database responsibilities, while the client side includes classes such
as DCCApplication with a run() method, a Converter class, and a Manager class equipped with
CRUD functions for server interactions.

Overall, this diagram is comprehensive and meets all criteria, making it a robust and accurate
representation of the client-server architecture.
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Figure 4.1. Diagram with ID = 3

gemmaz2:27B | fr1 | nfrl | rag5 | ollama | nomic-ebed-text:latest | semantic (ID = 168)

The diagram in Figure 4.2 offers a similar and equally correct approach to the client-server
architecture as the one described above. It defines distinct client and server packages, each
containing the appropriate classes with sufficient attributes. On the client side, the diagram
effectively incorporates both the UI and the application logic, while the server side is responsible for
managing the database.
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Figure 4.2 Diagram with ID = 168



command-r | frl | nfrl | ragh | openai | text-embedding-3-large | semantic (ID = 185)

The diagram in Figure 4.3 showcases another commendable approach to the client-server
architecture. It consists of two primary packages: client and server. On the server side, it includes
classes dedicated to database management and database connection. The client side features separate
classes for PolarConverter and CartesianConverter, along with a comprehensive Manager class
and a DCCApplication class. This diagram adheres to the core principles of the client-server model
while demonstrating excellent cohesion within components and appropriate levels of coupling

between them.
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Figure 4.3 Diagram with ID = 185

gemma2:27B | frl | nfrl | ragl | ollama | nomic-ebed-text:latest | semantic (ID = 23)

The diagram in Figure 4.4 demonstrates adherence to the core principles of the Three-Tier
architecture. It clearly exhibits a separation of concerns across the layers, not only through the use of
distinct packages but also in the allocation of functionality to the appropriate layers. Notably, the
coordinate conversion task, which represents the main business logic of the software, is included and
correctly placed within the appropriate layer.
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The diagram in Figure 4.5 not only aligns with the requested architecture and its principles but

4 Diagram with ID = 23

embedding-3-large | semantic (ID = 85)

also features well-detailed classes with numerous, accurate attributes. Each layer and its

corresponding classes are designed with a comprehensive and thoughtful approach, reflecting a high

level of adherence to architectural standards.
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Figure 4.5 Diagram with ID = 85
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Similar to the previous example, diagram in Figure 4.6 aligns well with the Three-Tier
architecture and its principles. It includes clearly defined packages and classes, each with a

commendable level of detail.
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Figure 4.6 Diagram with ID = 467

The following three diagrams demonstrate significant alignment with the MVC architectural

pattern. Each diagram includes the three key packages: Model, View, and Controller, properly

organized to reflect the architecture's principles. Moreover, all three diagrams incorporate the
business logic for the conversion task, correctly assigning it to the Model package as per

architectural best practices.
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o storeCoordinateGroup(CoordinateGroup): void

o retrieveCoordinateGroups(String label): List<CoordinateGroup>
o modifyCoordinateGroup(CoordinateGroup): void

leteCoordinateGroup(int id): void

1

Imanages

© CoordinateGroup

oid: int

o label: String

o timestamp: Timestamp

o cartesianCoordinates: List<double>
o polarCoordinates: List<double>

e getCartesianCoordinates(): List<double>

o setCartesianCoordinates(List<double>): void
e getPolarCoordinates(): List<double>

o setPolarCoordinates(List<double>): void

o convertCoordinates(): void

luses for conversion
1

| © CoordinateConverter

e cartesianToPolar(double x, double y): double[]
o polarToCartesian(double r, double theta): double[]

Figure 4.7 Diagram with ID = 30
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Model\

Controller\

© CoordinateController

o view: CoordinateView

o model: CoordinateGroupRepository

o createCoordinateGroup(): void

o modifyCoordinateGroup(id: int): void
o deleteCoordinateGroup(id: int): void

o retrieveCoordinateGroup(label: String): C
o retrieveAllCoordinateGroups(): List<CoordinateGroup>

roup

/

© CoordinateGroup

/

o id: int

o label: String

o timestamp: Date

o cartesian: CartesianCoordinate
o polar: PolarCoordinate

20\

)
© CoordinateView

© CoordinateGroupRepository

o save(CoordinateGroup): void
o findByLabel(label: String): C

Sroup

o convertToPolar(): PolarCoordinate

e convertToCartesian(): CartesianCoordinate
o modify(): void

o delete(): void

o findAlK): List<CoordinateGroup>
o delete(id: int): void

© CartesianCoordinate

© PolarCoordinate

o x: double
oy: double

o r: double
o theta: double

e convertToPolar(): PolarCoordinate

e convertToCartesian(): CartesianCoordinate

o frame: JFrame

o labelField: JTextField
o xField: JTextField

o yField: JTextField

o rField: JTextField

o thetaField: JTextField

o display(): void
o getUserinput(): CoordinateGroup

base\

~a

© MySQLDatabaseConnection

o connection: Connection

o connect(): void
o disconnect(): void
o executeQuery(query: String): ResultSet

Figure 4.8 Diagram with ID = 231
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frontend)
© pccview
« displayCoordinateGroups(List<CoordinateGroup>)
« displayErmorMessage(String)
© getCoordinatesFromuser(): Coordinates
© getLabelFromUser(): String
* getSelectedGroupld(): int
luses
controller\
(© occcontrolier
model: DCCModel
view: DCCView
o handleCreateOpl()
o handleReadOp()
o handleUpdateOp()
o handleDeleteOp()
© handleFilterOp(String)
o handleClearFilterOp()
luses
model\
© coordinateGroup © occiwce

s ) coordinateGroups: List<CoordinateGroup> @© CortesianCoordinates
; label: String * createC CartesianC: c bl
cartesianCoordinates: CartesianCoordinates » getCoordinateGroupByld(int): CoordinateGroup oubi

a polarCoordinates: PolarCoordinates o updateCoordinateGroup(CoordinateGroup): void i

© deleteCoordinateGroup(int}: void » toPolarCoordinates(): PolarCoordinates
» getAliCoordinateGroups(); List<CoordinateGroup=

» filterCi List<C

o create(): void
o update(CartesianCoordinates, PolarCoordinates): void

~——_connpcts to

- database)

(© MysqLDatabase

(© PolarCoordinates
o saveCoordinateGroup(CoordinateGroup): void
-

r: double
theta: double o QetAIIC ): List<C
 updateCoordinateGroup(CoordinateGroup): void
» deleteCoordinateGroup(int): void

o filterC List<C

s toCartesianCoordinates(): CartesianCoordinates

Figure 4.9 Diagram with ID = 342

Incomplete and unstructured UML diagrams

Not all diagrams achieved the high standards of the previously showcased examples. While
some diagrams received average evaluation scores, partially succeeding in the keypoints, others fall
significantly short. The following diagrams represent particularly poor results, characterized by a
lack of class relationships, packages, attributes, and any adherence to the requested architectural
pattern. This section presents a selection of such UML diagrams. While these diagrams demonstrate
some level of structural coherence, they are generally incomplete and they fail to fully capture the
intended architecture and functionality of the system. Below, we provide a more detailed analysis of
these diagrams:

Client-Server:

Llama3.1:8B | frl | nfrl | ragl | openai

text-embedding-3-large | recursive (ID = 4)

The diagram in Figure 4.10 attempts to adhere to the client-server architecture by separating
the frontend and backend into distinct packages. However, it falls short in several key aspects. First,
the diagram fails to illustrate the client’s role within this architecture. Within the frontend package,
the Coordinate and DummyCoordinator classes are present, but neither represents the Ul component
of the client. Additionally, the diagram depicts only a single relationship between the two packages,
which is insufficient to capture the complexity of their interactions. Finally, a critical issue is the
absence of any representation of the software’s conversion functionality, either as a function or as a
standalone class.



frontend\

(© pummyCoordinator

m void storelnDatabase()

P~ o String label

©C00rdlnate o List<Coordinate> cartesianCoordinates
[P — o List<Coordinate> polarCoordinates

g gg:g:: ; o CoordinateGroup coordinateGroup

o double r o DummyCoordinator(String label)

o double theta m void createCartesianGroup()
————— m void createPolarGroup()

m void retrieveFromDatabase()

uses, provides data to

backend\

© MySQLDatabase

o List<CoordinateGroup> coordinateGroups

m CoordinateGroup retrieveByLabel()
m List<CoordinateGroup> retrieveAll()
m void saveCoordinateGroup()

| m void deleteCoordinateGroup()

© CoordinateGroup

ointid

o String label

o List<Coordinate> cartesianCoordinates
o List<Coordinate> polarCoordinates

e CoordinateGroup(int id, String label)
m void addCartesianCoordinate()
m void addPolarCoordinate()

Figure 4.10 Diagram with ID = 4
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The diagram in Figure 4.11 exhibits confusion regarding the architectural patterns. Although
the requested architecture was Client-Server, the generated structure aligns more closely with a
Three-Tier architecture. Additionally, the diagram fails to represent a key business logic function of
the system—the coordinate conversion task—further detracting from its accuracy and completeness.

_— —— =
//
Logic Layer\
Presentation Layer\ Data Layer\
© coordinateGroupManager
(© pummyCoordinationConversionUl 0 : List<C P
DatabaseConnector

o labelField : JTextField o createC abel, x, y) : C roup © © MySQLConnection

o cartesianXField : JTextField o createPolar(groupLabel, r, theta) : Coor o dbC MySQLC

o cartesianYField : JTextField — i —>, N o connection : Connection

o connect() : void
o polarRField : [TextField o storeCt p: C p) : void :
o polarThetaField : [TextField ° String) : C: ° g"::?"““) : vold a — : gf;f;&":&'(')“‘&iac"""““”"
: P oup) : :
o viewCartesian() : void o viewAll() : List<CoordinateGroup> o retri String) : C p
® viewPolar() : void © modifyCartesian(group: CoordinateGroup, x, y) : void
o C : void

X
(© coordinateGroup

o id : Integer
o label : String

o cartesianX : Double
) cartesianY : Double
o polarR : Double

o polarTheta : Double

o getid() : Integer
o setld(id: Integer) : void

Figure 4.11 Diagram with ID = 152

Three-Tier:
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The diagram in Figure 4.12 once again demonstrates confusion regarding architectural patterns.

While the requested architecture was Three-Tier, the generated structure appears to follow the

principles of a Client-Server architecture instead. Additionally, the diagram lacks any class
relationships and completely omits the essential business logic related to the coordinate conversion

task.




Server)

‘ (© pccapplication

(© MysoLDatabase

© CoordinateGroupManager

oc p 1 C

P 9
o createCoordinateGroup(cartesianX, cartesianY, polarR, polarTheta) : void
o storeCoordinateGroup() : void

o retrieveCoordinateGroup(label) : void

e modifyCoordinateGroup(id, label, x, y, r, theta) : void

o deleteCoordinateGroup(id) : void

© connect() : void

o createTable() : void
e insertData(...) : void
o selectData(...) : void
o updateData(...) : void
o deleteData(id) : void

o database: MySQLDatabase

o createCoordinateGroup(...)

o storeCoordinateGroup()

o retrieveCoordinateGroup(label)

o modifyCoordinateGroup(id, label, x, y, r, theta)
o deleteCoordinateGroupl(id)

Figure 4.12 Diagram with ID = 39

© CoordinateGroup

e id: int
 label: string
o timestamp: datetime

o cartesianX: double

o cartesianY: double

o polarR: double

o polarTheta: double

o getCartesianCoordinates() : tuple{double, double]
o setCartesianCoordinates(x, y) : void

o getPolarCoordinates() : tuple[double, double]
o setPolarCoordinates(r, theta) : void
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The diagram in Figure 4.13 fails to adhere to any fundamental principles of the Three-Tier
architecture. Moreover, most of the classes, with the exception of Model, lack attributes apart from a
generic description field. Overall, this diagram is poorly constructed and inadequate for representing
the application software in any meaningful way.

y Coor Conversion \

Model\

Conversion Components\

© CoordinateConverter
o description: "Cartesian <-> Polar Converter"

Provides conversion logic for

© DataAccessor ‘
o description: "Database Interaction" ‘

© CoordinateGroupManager

= description: "Coordinate Group Operations (CreateOp, ReadOp, UpdateOp, DeleteOp)"

lanages coordinates data in

! lerforms database CRUD operations

o id: int

o label: String

o cartesianX: double
o cartesianY: double
o polarR: double

o polarTheta: double

o getCartesianCoordinates(): (double, double)
o getPolarCoordinates(): (double, double)

(© CcoordinateGroup

Database\ /
Y

12
(© MysqLDatabase

o purpose: "Stores coordinate group data" |

o connectionType: “TCP/IP"

Model -View — Controller:

Figure 4.13 Diagram with ID = 340
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The diagram in Figure 4.14 attempts to follow some MVC practices, as evidenced by the
inclusion of Controllers and Models packages, with relatively appropriate classes within them.
However, it lacks a View package or class, and it also fails to represent the critical business logic
function for the coordinate conversion task.



controllers utilities
© Controller © MySQLConnector
o create_coordinate_group(CoordinateGroup cg) e connect()
o update_coordinate_group(CoordinateGroup cg) o disconnect()
o delete_coordinate_group(int id) o execute_query(String query)
o read_all_coordinate_groups() o save_coordinate_group(CoordinateGroup cg)
I -
\ e
\composite _ ~ composite
\ e
models\ '\ i
N\ yig
© CoordinateGroup
©Po|arCoordinate ©CartesianCoordinate oint id
o double r o double x getinolane)

o CartesianCoordinate cartesian_coords
o PolarCoordinate polar_coords
o LocalDateTime datetime_added

o double theta o double y

Figure 4.14 Diagram with ID = 252
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The following diagram in Figure 4.15 once again demonstrates a misunderstanding of the
requested architecture. While the requested pattern was Model-View-Controller (MVC), these
diagrams align more closely with a Client-Server approach. Despite this significant issue, the
diagrams do exhibit alignment with the functional software requirements.

Dummy C c - Class Diagram
Frontend\
© ocuicontrolier
© add() : void
s update() : void e s e
© delete() : void T SIS mN o a e
o refreshList() : void ~m=mas
« flterByLabel(label: string) : void
o clearFilter() : void
/ -
ey
p v (© coordinateGroup
/ GUICoordinatelnputs oot
¥ © : st ~. o label : string
©Gullabellnpul o cartesianX : double © CoordinateConverter o cartesianX : double |
o cartesianY : double o cartesianY : double ;
= label : string = polarR : double T T T . - polarR : double
a ; . y: double) : (double, double) - !
o getLabel() : string o polarThets : double o convertPolarToCartesianir: double, theta: double) : (double, double) cpcistihets > cottile
o getCartesian() : (double, double) CreateOp() : void
o getPolar() : (double, double) ReadOp(id: int = null) : (int, string, (double, double), (double, double)l1
UpdateOp(id: int, x: double, y: double, r: double, theta: doubie) : void
& DeleteOp(id: int) : void
/
L £
(© Database
 connection : TCPAPConnection
createTable() : void
insertRecord(id: int, label: string, x: double, y: double, r: double, theta: double) : void
o getRecords(id: int = null) : (int, string, (double, double), (double, double))(}
updateRecord(id: int, x: double, y: double, r: double, theta: double) : void
deleteRecord(id: int) : void
Figure 4.15 Diagram with ID = 432
Weak diagrams

There are also diagrams that can only be described as complete failures across almost all key
evaluation criteria. These diagrams display significant confusion regarding architecture, class
relationships, and software requirements. The issues may stem from the limitations of the specific
model, shortcomings in the RAG process, or a combination of both—such as the model's inability to
effectively manage and leverage the RAG process when faced with a complex and extensive prompt.
Below, we present an example of such a case:
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The requested architecture for diagram in Figure 4.16 was Client-Server; however, it fails to
adhere to any architectural pattern. Notably, the classes Storefront and OrderProcessor appear to be
taken from an example UML class diagram included in the RAG file. This suggests that the diagram
was significantly influenced, and ultimately confused, by the RAG process.

© PolarConverter
receives

©Userlnput receives ©CartesianConverter‘
|

delegates
LogicLayef\
© CoordinateGroupController: \©0rderProcessor‘
|
s j
delegates /uses communicates with \communicates with uses/accesses

© OrderProcessor
(© Databaseservice

©Store1ront a _payrHentProcessor : PaymentProcessor
o fetchAll() : List<CoordinateGroup> o inventoryManager : InventoryManager
o fetchByld(id: Int) : CoordinateGroup o viewAllCoordinateGroups() : List<CoordinateGroup>

o createNewCoordinateGroup(cartesian: Cartesian, polar: Polar) : CoordinateGroup

Figure 4.16 Diagram with ID = 214
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The diagram in Figure 4.17 includes some classes, such as CoordinateGroup and
CoordinateConverter, which represent certain software requirements. However, the diagram totally
fails to adhere to any architectural pattern. Additionally, it lacks the use of packages, and overall, it
represents an absolutely poorly generated result.

0.* .
(© occFrame D © DBComnectionManager | | (© LabeledobjectStorage

o CoordinateGroup frameCoordinateGroup

-- Connection dbConnection [ store(label: String, obj: T) : void
retrieve(label: String) : T

1 1

1

© CoordinateConverter © Coordina

-- CartesianCoordinate convertToCartesian(PolarCoordinate polar) List<CoordinateGroup> coordinateGroups
-- PolarCoordinate convertToPolar(CartesianCoordinate cartesian)

teGroupTable

1

© CoordinateGroup
oint id
o String label
o Timestamp timestamp
o CartesianCoordinate cartesian
o PolarCoordinate polar

1
*
©CartesianCoordinate ©PolarCoordinate

o double x o double r
o double y o double theta

Figure 4.17 Diagram with ID = 48



Impact of fr2 set on diagram structure

At this point, we would like to present an interesting observation made during the exploration
and evaluation of the generated diagrams, specifically related to the structure of the fr2 set. As
described in section 3.1.2 , the fr2 set is organized into segments: Logic, User Interaction,
and Data Operations, with different requirements detailed under each segment. This structure has
influenced the resulting class diagrams, leading many of them to align with the Three-Tier
Architecture pattern. Regardless of the requested architecture—whether client-server, Model-View-
Controller, or others—the class diagrams often exhibit a structure reminiscent of the three-tier
model. Notably, many diagrams generated using the fr2 set include the packages Frontend, Logic,
and Data, with relationships that closely mirror the three-tier architecture. To illustrate this
observation, we will present specific diagram examples. Later, in the data results section, we will
substantiate this assertion with supporting charts and data analysis.

The following two diagrams illustrate the influence of the fr2 set, as previously described.
They feature three distinct packages: one representing the Ul/Frontend, another dedicated to
the Logic Component containing the business logic of the software, and a third focused on
the Database.

This structure evokes the principles of the Three-Tier Architecture, rather than adhering to
the requested architectural pattern: Client-Server for the diagram in Figure 4.18 and Model-View-
Controller for diagram in Figure 4.19

Gemma2:27B | fr2 | nfr2 | ragl | openai | text-embedding-3-large | semantic (ID = 260)

Client\

(© swinglnterface

o displayCoordinateGroups() : void
o getCoordinatelnput() : CoordinateGroup
o displayErrorMessage(message: String) : void

Logic\
© PolarCoordinates ©Car!e5|anCocvdma!es © CoordinateGroupManager
o (h:edl:l{b(;?)uble ; ; :g:g:: o coordinateGroups : List<CoordinateGroup>
) o createCoordinateGroup(label: String, coordinates: CoordinateGroup) : int
2 9:{.’;&&:&‘_‘%&!“ : gex‘()) gg:s:: o readAllCoordinateGroups() : List<CoordinateGroup>
c getR(r double) : vold 5 (s):lx(x:double) : void o updateCoordinateGroup(id: int, newCoordinates: CoordinateGroup) : void
o setTheta(theta: double) : void o setY(y: double) : void © deleteCoordinateGroup(id: int) : void ~C
|
— |
/ A
/ © CoordinateGroup N
/ i int Database\
“© ) label : String Y
© CoordinateConverter o cartesianCoordinates : CartesianCoordinates © DatabaseConnector
o polarCoordinates : PolarCoordinates
o cartesianToPolar(cartesian: CartesianCoordinates) : PolarCoordinates o getLabel() : String o connectToDatabase() : void
e polarToCartesian(polar: PolarCoordinates) : CartesianCoordinates o setLabel(label: String) : void o executeQuery(query: String) : ResultSet
o getCartesianCoordinates() : CartesianCoordinates
o setCartesianCoordinates(coordinates: CartesianCoordinates) : void
o getPolarCoordinates() : PolarCoordinates
o setPolarCoordinates(coordinates: PolarCoordinates) : void

Figure 4.18 Diagram with ID = 260
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Frontend

@ vserintertace

o interactWithUser()
o displayCe List<C
o getinputCartesianC: . Number>;
o getinputPolarCoordinates(): Pair<Number, Number>;

o getinputLabel(): String:

getSelectedRecord(): CoordinateGroup:
o getFiterValue(): String;
|

Logic\
T
© CcoordinateGroupManager © CcoordinateGroupRepository
o converter: Converter; database: Database;
o repository: CoordinateGroupRepository: = z
= addC n . Number>, polar: ., Number>, label: String); = ReadOp(): List<CoordinateGroup>;:
o updateC [2 , newCartesian: . Number=, newPolar: Pair<Number, Number) © UpdateOp{updatedC
o deleteC C o Delet 2 .
\ [Database\
@ Database
@ converter  connect();
o disconnect();
o conventCartesianToPolar(x: Number, y: Number]: Pair<Number, Number>; saveC: c
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© updateC c
o deleteC 2

Figure 4.19 Diagram with ID = 296
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The following diagram was designed to implement the requested Client-Server Architecture.
However, the influence of the fr2 set is evident, as the diagram is organized into three
packages: Frontend, Logic, and Database. What sets this diagram apart from others influenced by
the fr2 set is its explicit definition of client and server roles. Specifically, the Frontend package is
marked with the stereotype <<Client>>, while the Logic and Database packages are labeled with the
stereotype <<Server>>. Despite its three-package structure and relationships, which are commonly
associated with the Three-Tier Architecture, this diagram demonstrates an understanding of and
adherence to the Client-Server pattern.

DCC Application Class Diagram
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«Client»
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Figure 4.20 Diagram with ID = 349

4.2 Web-based presentation of the results

As detailed in the previous chapter, we used large language models (LLMs) to generate a total
of 480 class diagrams in PlantUML format. To streamline the evaluation process and provide a
foundation for extending this project in the future, we developed a custom software application. This



tool was designed to present the generated diagrams in an organized and user-friendly interface while
also offering functionalities to facilitate their evaluation by humans.

The application includes several core functionalities to support both diagram visualization and
evaluation:

1. Organized Display of Diagrams
The tool provides a clean, intuitive layout to browse through all 480 generated class diagrams.
Diagrams are categorized and searchable by key parameters, such as architecture type (Client-
Server, Three-Tier, Model-View-Controller), the selected LLM, the diagrams’s unique identifier,
or the used rag file. This organization allows users to quickly locate and review specific
diagrams.

2. Integrated Diagram Rendering
Using the PlantUML .jar file, the tool dynamically renders PlantUML code into class diagrams.
This enables users to view the diagrams directly within the application without requiring
additional software or manual conversion.

3. Evaluation Interface
The tool includes an evaluation module that mirrors the criteria used in the experiment
(adherence to architecture, class relationships, cohesion/coupling, and requirement consistency).
Evaluators can input their scores for each diagram, storing the results in a a database for later
analysis. After completing their evaluation, users can also view the scores assigned by each LLM
for every key evaluation criterion.

4. Comparison and Filtering Features
Users can compare diagrams generated under different scenarios (e.g., with and without RAG, or
between different LLMs) side-by-side. Filtering options allow users to narrow down diagrams
based on specific configurations, such as embedding models or chunking methods.

5. Export and Reporting
The application supports exporting evaluation data, making it easy to summarize findings for
presentations or further analysis.

6. Extensibility for Future Work
The tool was built with scalability in mind. Its modular design allows for easy integration of
additional features, such as new architectures, evaluation criteria, or analysis modules.

App Walkthrough

In the following section, we provide screenshots of the tool in action, demonstrating its major
functionalities and layout. These visuals will illustrate how the application simplifies diagram
management and evaluation, making it an indispensable resource for this project.

Main page : Evaluate diagrams

In the screenshots below, you can see the interfaces of our custom app designed to display,
evaluate, and analyze the generated class diagrams. The main page consists of four main
components, each serving a specific function:

1. Filtering Component



This section allows users or evaluators to filter the displayed results based on various
parameters. Filters include options such as:

e Model: Select the LLM used for generating the diagram (e.g., Llama 3.1, Gemma 2:27b).

e Architecture: Choose the architectural pattern, such as Client-Server, Three-Tier, or MVC.

e RAG Decision: Filter diagrams based on whether RAG was applied.

e Additional Parameters: Filters for FR/NFR sets, prompts, embeddings, and chunking
strategies.

This component ensures users can quickly narrow down results to focus on the specific
diagrams or scenarios of interest.

2. Results Segment

This component displays a table of filtered results, reflecting the parameters selected in the
filtering section. Each row in the table represents a diagram scenario, including details such as
architecture, LLM model, RAG decision, and result path. Users can select a row to preview and
evaluate the corresponding diagram in the component below. This streamlined integration ensures an
intuitive workflow for diagram selection and analysis.

3. Evaluation Form

This section focuses on reviewing and evaluating the selected diagram. It consists of several

interactive elements:

e Diagram Carousel: Displays the selected diagram and includes navigation arrows to
allow users to browse through other diagrams in the dataset seamlessly.

e Evaluation Sliders: Below the diagram, evaluators can rate the diagram across the key
criteria discussed earlier, including:

O

O

O

O

Adherence to architecture.

Correctness of class relationships.

Cohesion and coupling.

Consistency with software requirements.

e Action Buttons: Additional functionality is available through action buttons, which

include:

O

O

Edit Diagram: Allows users to make modifications to the diagram.

Compare Diagrams: Provides a side-by-side view of two diagrams for
comparative evaluation.

Full-Screen Mode: Enables a distraction-free, enlarged view of the diagram.

Sidebar Navigation: Opens a sidebar displaying a thumbnail preview of all
diagrams, allowing users to navigate directly to any diagram of interest.

Display Bar Chart: If a registered user has already completed the assessment
of diagram, this button enables the display of a bar chart. The chart provides a
visual representation of the scores, facilitating the comparison and analysis of
the results for the specific chart across different LLMs and the user's score.

4. Metadata Component



This section provides detailed metadata for the selected diagram. It includes:

¢ Functional and Non-Functional Requirements (FR/NFR): Displays the textual content
of the requirements sets used as input for generating the diagram.

e Prompt: Shows the exact prompt text provided to the LLM for diagram generation.

e Original LLM Response: Displays the unprocessed response generated by the LLM.

e RAG File (if applicable): Indicates whether RAG was used and, if so, includes the content
of the RAG file that supplemented the LLM’s output.

This component ensures transparency and traceability, giving evaluators full context for each
diagram. This interface was carefully designed to enhance usability and ensure that evaluators can
interact with the diagrams efficiently

Second Page: LLM Assessments

The second screenshot showcases the LLM Assessments page of the app, dedicated to
displaying the evaluations provided by large language models (LLMs). This page retains several key
components from the previous interface, such as the filtering, results, and metadata sections, but
introduces new functionality to present the LLMs’ assessment details.

LLM Evaluation Details
Replacing the evaluation form from the previous page, this section displays the LLM’s
assessment for the selected scenario. The evaluation includes:
1. Scores: Numerical ratings (on a scale from 0 to 5) for each evaluation criterion:

o Adherence to Architecture
o Correctness of Class Relationships
o Cohesion and Coupling
o Consistency with Software Requirements

2. Reasoning: A detailed textual explanation for each score, providing insights into the LLM’s
evaluation logic. These justifications help users understand how the model interprets
architectural principles and requirements, highlighting strengths and potential issues in the
class diagrams. In addition to scoring, LLMs provide actionable feedback on how the class
diagram could be improved.

This page provides a transparent view of the LLMs’ capabilities in evaluating class diagrams.
By displaying both quantitative scores and qualitative reasoning, it enables a direct comparison
between human and Al evaluations.

This interface not only streamlines the analysis of LLM evaluations but also facilitates a deeper
understanding of how different models interpret and assess architectural diagrams, making it a
critical component of the overall app workflow.



Visualization Page

The app also features a third page dedicated to visualizing statistical analyses of the evaluation
data through charts. These charts provide insights into patterns and trends in the evaluation results.
We will discuss these charts in detail and present them later in the results section.

Figure 4.21 and Figure 4.22 show the two main pages of our app.
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4.3 Evaluation Results

In this section, we present charts generated from the evaluation data, focusing on insights
derived from both human and LLM assessments of the class diagrams. All the charts presented in
this section were created using the Highcharts library for clear and interactive visualization.

4.3.1 Overview of evaluations made by LLMs

We begin with an analysis of the scores provided by the LLMs. The following charts depict
the average scores assigned by all LLMs across the evaluation categories, as well as a breakdown


https://www.highcharts.com/

of the scores given by each individual model. In addition, we compare these scores to those assigned
by human evaluators to identify patterns and discrepancies.

From our observations during the evaluation process, it became evident that LLMs are not yet
fully capable of evaluating class diagrams fairly and accurately. A notable trend is that LLMs
consistently assign higher evaluation scores compared to human experts, even for diagrams that
clearly fall short in multiple evaluation criteria. This tendency is captured in the following charts.

The chart in Figure 4.23 compares the average scores of LLMs to those of human evaluators,
using a bar chart format. The data highlights significant differences, particularly in the categories
of adherence to architecture and correctness of class relationships.

e Adherence to Architecture: LLMs often fail to critically analyze whether the principles of
the requested architectural pattern are being followed, leading to inflated scores.

e Correctness of Class Relationships: This category also shows a notable gap, likely because
accurately assessing class relationships requires a deeper understanding of the system's
intended design logic—an area where human expertise is more decisive.

These discrepancies underline the limitations of LLMs in providing nuanced and accurate
evaluations, particularly for criteria that demand critical thinking and architectural understanding.

Average Scores given by Users and LLMs per Principle

Average Score

Adherence To Architecture Cohesion Coupling Consistency With Requirements Correctness Relationships

Principles

® User @ LM

Figure 4.23 Average Score by Users vs LLMs

The chart in Figure 4.24 presents a comparison of the average scores assigned by each LLM.
The results highlight certain models, such as command-r, mixtral:8x7b, and phi3:medium-128k,
which appear unsuitable for class diagram evaluation. These models consistently assign significantly
high scores, often exceeding 4/5 across almost all categories, regardless of the quality of the
diagrams.

Conversely, there are LLMs ,like gemma2:27b and gpt-40, whose average scores seem more
aligned with user evaluations. However, this apparent alignment is not consistently reflected in the
detailed analysis of individual diagrams or in our observations of LLM scoring behavior.

Overall, the data reinforces the conclusion that LLMs generally demonstrate poor
performance in evaluating class diagrams, with a tendency to overrate diagrams across various
criteria. Consequently, for the remainder of the analysis, we shift our focus to user evaluations to
better understand the impact of experimental parameters on the quality of generated diagrams.
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Figure 4.24 Average Score given by each LLM

4.3.2 Evaluation by humans

The chart in Figure 4.25 illustrates the average scores of class diagrams generated by each
LLM, aggregated across all experimental parameters. It is important to note that online
models (ClaudeSonnet3.5, Copilot, Gemini, GPT-40, GPT-40 Software-Architecture-Visualizer) only
generated diagrams without RAG. Therefore, the parameters that varied for these models were
limited to the requested architecture and the FR/NFR sets. As a result, the number of class diagrams
produced by online models was significantly smaller compared to local models.

Despite this limitation, the results clearly show that the state-of-the-art online models,
particularly ClaudeSonnet3.5, GPT-40, and its fine-tuned version GPT-40 Software-Architecture-
Visualizer, achieved the highest average scores across all evaluation criteria. These models
consistently outperformed local LLMs in adherence to architectural principles, class relationships,
cohesion, and requirement alignment.

However, the performance of local models should not be overlooked. While phi3:medium-
128k delivered disappointing results, with an average score of just 1.4/5, other local models
demonstrated surprisingly strong performance. In particular, Gemma2:27b and Command-r stood
out, with consistently high scores that rivaled or outperformed the online models in many cases.
Additionally, Llama3.1:latest and Mixtral:8x7b showed respectable, though less prominent,
performance.

Overall, GPT-40 dominated in terms of average performance, confirming its position as a
leading model.. However, the noteworthy performance of Gemma2:27b, a local model, deserves
special attention and further exploration for its potential in secure, on-premises applications.
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Figure 4.25 Model Performance based on human evaluations

To analyze the impact of different experimental parameters on the generated class diagrams,
beginning with an analysis of the role of RAG (Retrieval-Augmented Generation).

The charts in Figure 4.26 and Figure 4.27 illustrate the average scores of class diagrams
generated by each LLM, separated into those enhanced by RAG and those generated without RAG.
The results are interesting and promising, offering insights into areas for future improvement.

Nearly all local models show a significant improvement in evaluation scores when their
outputs are enhanced by RAG. However, phi3:medium-128k is an exception, as its average
evaluation score decreases from 1.6 to 1.4 when RAG is applied. This decline can be attributed to the
model’s tendency to become confused by the additional context provided in the RAG files. As
highlighted in Section 4.1 on weak diagrams, phi3:medium-128k often produces irrelevant or
inconsistent diagrams, influenced by the examples and text in the RAG process.

For the other LLMs, the use of RAG leads to notable improvements in diagram quality.
Specific examples include:

e Command-r: Average score improves from 2.8 to 3.1.

e Gemma2:27b: Average score rises from 3.1 to an impressive 3.5, even outperforming
Gemini and Copilot in this setup.

e Llama3.1:latest: Average score increases from 2.3 to 3.1.

e Mixtral:8x7b: Average score improves from 2.6 to 3.0.

The results underline the potential of RAG to enhance the performance of local LLMs in
generating class diagrams. While RAG helps models better understand and structure context, its
effectiveness depends on the model’s ability to process the additional information. For most local
models, RAG provides a clear advantage, with Gemma2:27b emerging as a standout performer,
achieving competitive results against some online models. This reinforces the importance of fine-
tuning both the RAG process and the choice of embedding models to further optimize outputs.
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Figure 4.26 Model Performance without RAG based on human evaluations
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Figure 4.27 Model Performance with RAG based on human evaluations

The RAG technique itself involves multiple parameters that significantly influence its
effectiveness in enhancing LLLM responses. These parameters include the embedding model,

the chunking method, and the design of the RAG documents that make up the corpus data. Each of
these components plays a critical role in how well the additional context provided by RAG aligns

with the requirements and improves LLM outputs.

The analysis starts with the embedding model and chunking method, which are fundamental
to the RAG process. The following chart provides a direct comparison of the two chunking methods

used: semantic chunking and recursive chunking.

The chart in Figure 4.28 clearly illustrates that semantic chunking outperforms recursive
chunking across all evaluation criteria. This outcome aligns with expectations, as semantic chunking
is a more advanced technique that dynamically segments data based on content and meaning. By
grouping semantically related information into cohesive chunks, it ensures that the retrieved context

is relevant and aligned with the query.

In contrast, recursive chunking takes a more rigid approach, splitting text based on structural

elements such as characters or paragraphs. While simpler to implement, this method does not
account for the underlying meaning of the text, leading to less precise and contextually relevant
chunks. As a result, diagrams generated using recursive chunking tend to take lower scores.

This finding reinforces the need to prioritize advanced chunking strategies in future
implementations of RAG to maximize its potential for enhancing LLM performance.
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Figure 4.28 Average Score by chunking method based on human evaluation

In contrast to the clearer excellence observed with the chunking methods, the comparison
of embedding models reveals a more balanced performance. The results in Figure 4.29 show
that nomic-embed-text:latest presents a surprising level of competitiveness with the cloud-based,
commercial text-embedding-3-large model.

Specifically, nomic-embed-text:latest achieves slightly higher scores in the adherence to
architecture category, while text-embedding-3-large demonstrates a marginally better performance
across the remaining three evaluation criteria. Despite these subtle differences, the results highlight
an important point: nomic-embed-text:latest, as a free, open-source, locally deployable embedding
model, provides a viable alternative to the commercial, paid text-embedding-3-large.

This comparison underscores the growing potential of local, open-source models to rival
commercial counterparts in embedding tasks, offering a cost-effective and secure solution for those
prioritizing privacy and independence from cloud-based services.

Average Score per Principle by Embedding Model based on User Evaluations
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Figure 4.29 Average Score by embedding model based on human evaluations

The chart in Figure 4.30 illustrates the scores achieved by diagrams grouped according to the
combination of embedding model and chunking method. The results reveal a relatively balanced
performance across all combinations, with no significant discrepancies observed. The scores align
with the trends noted in the previous two charts, reflecting consistent tendencies in how these
parameters impact the quality of the generated diagrams.



Average Score per Principle by Embedding Model - Chunking Method Combination based on User Evaluations =

Average Score
n

adherence_to_architecture cohesion_coupling consistency_with_requirements correctness_relationships

Principle Label

@ nomic-embed-text:latest / recursive @ nomic-embed-text:latest / semantic @ text-embedding-3-large / recursive @ text-embedding-3-large / semantic

Figure 4.30 Average Score by embedding model — chunking method based on human evaluations

The focus now turns to the impact of the RAG files parameter on the performance of the
generated class diagrams. As discussed in the section 3.1.2, we experimented with three distinct
types of RAG files or approaches:

1. RAGI: This file contains comprehensive knowledge about the selected architectures
extracted from the foundational text, Software Engineering, 10th Edition by lan
Sommerville. It serves as a high-quality, authoritative source of information.

2. RAG2, RAG3, RAG4: In this approach, we split the content of RAG1 into separate,
architecture-specific files. For example:

o RAG?2 contains only the content relevant to the Client-Server architecture.
o RAGS3 focuses exclusively on the Three-Tier architecture.

o RAGH4 is specific to the Model-View-Controller (MVC) architecture.

This targeted approach ensures that LLMs receive information explicitly relevant to the
requested architecture.

3. RAGS: This file compiles information from publicly available sources such as Wikipedia
and GeeksforGeeks, representing a more generalized and less curated dataset.

The chart in Figure 4.31 reveals several noteworthy trends regarding the impact of RAG file
types on the quality of the generated class diagrams. The approach that yielded the best results was
separating the content into architecture-specific files (RAG2, RAG3, RAG4). By providing the
LLMs with targeted and relevant information, this method minimized confusion and ensured that the
context directly aligned with the requested architecture independently from RAG accuracy. This
specificity appears to enhance the models' ability to produce accurate and coherent class diagrams.

Probably surprisingly, the second-best performance came from RAGS, which used publicly
available sources such as Wikipedia and GeeksforGeeks. Despite being less curated and potentially
less reliable, this approach outperformed RAG1, which was based on the authoritative textbook by
Ian Sommerville. This result suggests that the diversity and accessibility of information from web-
based sources may offer LLMs a broader, more practical context for understanding the architectural
requirements, even if the material is less formal.

In contrast, RAGI1, derived from a foundational academic text, showed relatively weaker
performance. While the information was of high quality, its broader scope and less targeted structure



may have diluted its effectiveness. The results indicate that even high-quality data must be delivered
in a precise and focused manner to maximize its utility for LLMs.

These findings underscore the critical role of targeted and contextually relevant
information in guiding LLM performance. Moreover, the strong showing of web-based sources
highlights the potential for leveraging accessible and diverse datasets to improve Al-assisted tasks,
suggesting a promising direction for future research.

Average Score per Principle by RAG Filename based on User Evaluations
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Figure 4.31 Average Score by RAG file based on human evaluations

Another critical parameter that significantly impacts LLM responses is the FR/NFR sets. Their
structure, level of detail, and the language used as part of the prompt appear to play a decisive role in
the quality of the resulting class diagrams. In the next chart, we revisit this observation with scores
data, a concept briefly discussed earlier in 4.1 when we analyzed specific class diagrams
demonstrating this behavior.

The chart in Figure 4.32 illustrates the average scores achieved by class diagrams generated
using the two FR/NFR sets presented in earlier section. As seen, diagrams generated using the first
set consistently outperform those generated with the second set across all evaluation criteria.
Notably, the differences in scores are more pronounced in certain categories, while in others, they are
relatively marginal. Specifically in the categories “Cohesion and Coupling” and “Consistency
with Requirements,” the differences in scores are slight, and conversely, the chart highlights
significant differences in the categories “Adherence to Architecture” and “Correctness of Class
Relationships,” where diagrams generated with the second set fall noticeably short.

While this initial observation suggests a performance gap between the two sets, the underlying
reasons for this behavior require further exploration. For additional insights we have created one
more diagram for this analysis.
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Figure 4.32 Average Score by requirements set based on human evaluations

The chart in Figure 4.33 offers a deeper perspective by breaking down the average scores of
diagrams by architecture type(Client-Server, Model-View-Controller, and Three-Tier) and
FR/NFR set used. This detailed view provides clarity on the patterns observed in Figure 4.32.

Key observations include:
e Client-Server and Model-View-Controller (MVC) Architectures:

o In these architectures, diagrams generated with the second set show a significant
decline in scores across all evaluation criteria, especially in “Adherence to
Architecture” and “Correctness of Class Relationships.”

e Three-Tier Architecture:

o Interestingly, the second set performs better for this architecture, with higher average
scores across all criteria.

This initially unexpected behavior can be attributed to the structure of the second FR/NFR set
(FR2). As detailed earlier, FR2 divides requirements into three distinct segments: User
Interactions, Logic, and Data Operations. This segmentation closely aligns with the principles of
the Three-Tier architecture, where responsibilities are typically divided into three
layers: Presentation Layer, Logic Layer, and Data Access Layer. As a result, the LLMs naturally
follow this separation in their generated diagrams, leading to higher scores for Three-Tier
architecture.

In contrast, the Client-Server and MVC architectures do not inherently align with this
segmented approach. Their design principles rely on different separations of responsibilities, and the
structure of FR2 seems to reduce the LLMs’ ability to generate diagrams that adhere to these
architectural patterns. This misalignment is particularly evident in categories tied closely to
architecture, such as Adherence to Architecture and Correctness of Class Relationships, where
scores see significant deterioration.

These findings underscore the importance of tailoring FR/NFR sets to align with the principles
of the requested architecture or ensuring that they are neutral and not biased towards any specific
architectural pattern. The structure and phrasing of requirements can significantly influence the
LLM’s ability to generate accurate and relevant class diagrams. For a clearer understanding, refer
back to the structure of the two FR/NFR sets as presented in 3.1.2, as well as the specific diagrams
discussed in section 4.1 that illustrate this behavior.
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Figure 4.33 Average Score by architecture and requirements set based on human evaluations

Finally, we analyze whether the requested architecture itself introduces discrepancies in the
average scores of the generated class diagrams. The next charts display the average scores grouped
by each requested architecture.

The chart in Figure 4.34 reveals that diagrams with the Client-Server architecture as the
requested pattern achieve the lowest average scores. The other two architectures, Three-
Tier and Model-View-Controller (MVC), show smaller differences in their scores, with Three-Tier
diagrams slightly outperforming those of MVC. However, it is important to note that this chart
reflects the combined influence of the FR set selection, particularly the poor alignment of the second
FR set with the Client-Server and MVC architectural patterns.

Average Score per Principle by Architecture based on User Evaluations
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Figure 4.34 Average Score by architecture based on human evaluations

To isolate the impact of the requested architecture, the chart in Figure 4.35 presents the same
analysis but considers only diagrams generated using the FR1 set, which, as observed during our
exploration of class diagrams, exhibits more balanced and consistent behavior across architectures.

As expected, the results show reduced discrepancies in the scores. While Client-Server remains
the architecture with the lowest scores, the relative performance of MVC and Three-Tier
changes: MVC diagrams now surpass those with Three-Tier.

The findings suggest that Client-Server architecture likely presents an inherent challenge for
LLMs, making it more difficult for them to adhere to its principles compared to the other two
architectures. In contrast, the relative performance of MVC and Three-Tier appears to depend



heavily on the FR set used. This highlights the importance of both the requested architecture and the
design of the accompanying FR/NFR sets in determining the quality of the generated class diagrams.

Average Score per Principle by Architecture based on User Evaluations for fr1/nfr1 requirements set
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Figure 4.35 Average Score by architecture for FRI set based on human evaluations

Similar insights can be drawn from the following score distribution analysis, which examines

the evaluation scores for each requested architecture separately. The distribution charts in Figure
4.36 , Figure 4.37 and Figure 4.38 reveal that diagrams generated with the Client-Server
architecture have a higher proportion of lower average scores across all criteria compared to the
other two architectures. It is observed that as we transition from Client-Server to Model-View-

Controller, and subsequently to Three-Tier, the peak of the distribution charts progressively shifts to

the right.

Besides we can detect that diagrams with average scores between 3.5 and 5 account for:
o Less than 20% for Client-Server,
o Approximately 30% for MVC, and
o Nearly 40% for Three-Tier.
These distributions highlight the relative difficulty LLMs face in adhering to the Client-Server

architecture, as opposed to the more consistent performance observed with Three-Tier and MVC
patterns.
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Figure 4.36 Score distribution for Client-Server architecture based on human evaluations
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Figure 4.37 Score distribution for MVC architecture based on human evaluations
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Figure 4.38 Score distribution for Three Tier architecture based on human evaluations

4.3.3 Discussion of results

The analysis of results highlights several findings about the factors influencing the quality of
LLM-generated class diagrams for the context and the architectures examined. First of all, it is
important to emphasize that the numeric values of grading by humans are subjective, and that a more
extensive evaluation by human experts would offer even higher confidence to the findings. Still, the
relative ranking of models and techniques, supports the generic feeling of the human experts who
participated. RAG techniques proved to offer a notable improvement, with semantic
chunking outperforming recursive methods and embedding models showing balanced yet
competitive results between open-source and commercial LLMs. The structure of FR/NFR sets of
textual descriptions included in LLM prompts significantly impacted diagram quality, with
architecture-neutral sets yielding the best results, while more biased sets like FR2 posed challenges
for architectures such as Client-Server and MVC.

Surprisingly, among the requested architectures, LLMs' performance in generating Client-
Server consistently demonstrated lower scores, suggesting inherent difficulties for LLMs in
adhering to its principles, while Three-Tier and MVC showed stronger alignment, particularly
when FR1 was used. Additionally, the choice of RAG file content revealed that targeted-
architecture-specific files drove the highest performance; also, web-sourced RAG materials
surprisingly outperformed academic ones in some scenarios.



These findings underscore the critical role of precise inputs, targeted context, and optimized
processes in improving LLM performance for software architecture tasks. Future research should
focus on refining these parameters to further enhance diagram quality and explore the adaptability of
LLMs to diverse architectural patterns.



5 Discussion

This thesis focused on the investigation of the capabilities and limitations of LLMs in
generating architectures as UML class diagrams that follow specific architectural patterns, namely
Client-Server, Three-Tier, and MVC. Through a systematic experimentation involving 480 scenarios,
we analyzed the impact of various selected parameters, including the textual expression of functional
and non-functional requirements sets, RAG techniques, embedding models, and chunking methods.
A custom online presentation tool was developed to streamline the visualization and evaluation of
architectures, further enabling the assessment by human experts.

5.1 By architecture

The results of this study demonstrate a promising potential of LLMs in generating architectures
as UML class diagrams. Among the generated diagrams, a significant portion showcased LLMs'
understanding of architectural principles, accurately reflecting the requested patterns and adhering to
key evaluation criteria. However, the Client-Server architecture surprisingly posed particular
challenges, often resulting in lower evaluation scores compared to Three-Tier and MVC. The latter
showed stronger adherence when provided with well-structured inputs, emphasizing the importance
of input quality and architecture alignment. This can be explained by the diversity of materials that
have trained LLMSs: the early conceptions of "client-server" are about thick clients that implemented
all business logic and database-only servers, which has evolved into a more even sharing of
responsibilities, and application servers implementing a share or even all of business logic

Despite the high-quality diagrams, some outputs scored at medium levels, reflecting a
reasonable understanding of requirements but with shortcomings in specific areas like class
relationships or adherence to the architecture. On the other hand, weaker results included "total
failure diagrams" that failed to respect simple architectural patterns or lacked cohesion, highlighting
the challenges posed by misaligned inputs, less effective techniques and, most importantly, materials
that have been used in training LLMs.

5.2 By RAG method

RAG techniques and targeted context files significantly enhanced LLM performance in most
cases. Semantic chunking and architecture-specific RAG files delivered the best results, illustrating
the importance of tailoring retrieval methods to the specific requests to LLMs. The study also
revealed that web-sourced RAG files outperformed academic resources in some cases, suggesting
that diverse, accessible datasets can sometimes yield better outcomes than traditional content, largely
acceptable as reference software engineering BOK materials. This insight highlights the impact of
such data sources in improving LLM outputs.



53 By LLM

Local, open-source models like Gemma2:27b demonstrated competitive performance against
state-of-the-art cloud-based models such as GPT-40. This finding underscores the potential for
secure, cost-effective, and privacy-preserving solutions in software architectural design automation.
The analysis also revealed clear distinctions in model performance, emphasizing the importance of
selecting an acceptable LLM, especially regarding open source models. These findings provide a
basis for future improvements, focusing on optimizing LLM processes and employing proven
techniques to enhance the overall quality of outputs.

Overall, the results provide valuable insights into what works and what doesn’t, offering a clear
direction for future investigations. They emphasize the importance of selecting appropriate models,
mitigating biases in prompts that may influence LLM behavior, avoiding consistently
underperforming models, and leveraging proven techniques to optimize performance of capable
models. This comprehensive analysis not only highlights the current capabilities of LLMs but also
lays the groundwork for targeted advancements in Al-assisted software design.

5.4 Future Work

The results of this study not only highlight the current capabilities of large language models in
generating UML class diagrams but also pave the way for several promising directions to refine and
enhance their effectiveness.

One potential area of exploration is the expansion of input complexity. Rather than using
prompts with functional and non-functional requirements (FR/NFR) and the requested architecture as
separate inputs, future work could investigate providing the entire Software Requirements
Specification (SRS) document as input. This comprehensive approach would enable LLMs to
process a more detailed and integrated representation of the system's requirements, potentially
leading to more accurate and contextually aligned outputs. However, image formats should be
shifted from static PNG diagrams to structured descriptions such as PlantUML code, offering greater
flexibility for modifications and evaluations. An additional parameter that could be explored deeper
in future work is the architecture set. Building on the experience and knowledge gained from
foundational architectures such as Client-Server, Three-Tier, and Model-View-Controller, we could
potentially transition to more complex architectures like Microservices and SOA.

Focusing on further improving local models, such as Gemma2, which demonstrated strong
performance in this study, represents another key direction. Efforts could be directed at improving
RAG techniques tailored specifically for these models, including optimizing chunking strategies and
embedding model configurations. Moreover, fine-tuning such local models through few-shot
learning could be explored. By utilizing the top-performing diagrams from the current experiment as
part of the fine-tuning dataset, it may be possible to further enhance the model's understanding of
architectural patterns and diagram generation.

These efforts, combined with a deeper investigation into the interplay between architectural
patterns, FR/NFR sets, and RAG processes, would help build a more robust and reliable framework
for Al-assisted software architecture design. By leveraging the insights from this study, future work
can continue to push the boundaries of what LLMs can achieve in this critical domain.
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