EOviko Metoofio IToAvteyveio

OFV
Bl

Yyoir] Hiektpoddywv Mnyovikov
Kot Mnyavik®v Y ToAoy1iotodv

Topéag Teyvoroyiag [TAnpo@opikng kot Y ToAOyIoTOV

3
LG
T
NPOMHOEVS . S
-‘ijlﬂ!l’?orm

')

Kotaokevn evoc Al-agent facer LLM: Mo pg@odoroyia
VYNA0V emmEoov Yo 1 Pertioon tov LLMs pe APIs

Creating an LLM-based Al-agent: A high-level
methodology towards enhancing LL.Ms with APIs

AIIIAQMATIKH EPTAXIA

IQANNHX TZAXPHXTAX

Empiénov: Niwkoroog [Tamacsmdpov

Kafnynmg E.M.IL.

Abnva, Iovviog 2024






EOviko Metoofio IToAvteyveio

Yyoir] Hiektpoddywv Mnyovikov
Kot Mnyavik®v Y ToAoy1iotodv

Topéag Teyvoroyiag [TAnpo@opikng kot Y ToAOyIoTOV

§ N
6
§e

- "\,
| %
Y2
” OPOMH .
XL
nVpPopos

')

OEVS$

Kataokevn] evoc Al-agent Baoer LLM: Mo pg@odoroyia
VYNA0U emumEdov Yo ) Bertioon tov LLMs pe APIs

Creating an LLM-based Al-agent: A high-level
methodology towards enhancing LLMs with APIs

AIIIAQMATIKH EPTAXIA

IQANNHX TZAXPHXTAX

Empiénov : Nworoog [aracmopov
KaOnynmg E.M.IL.

Eykpinke and v tpyuehn e€etaotikn emrponn ) 10n lovviov 2024.

Nworaog [amaomopov Kovotavtivog Zayavag Anpneprog wtding
Kafnyntmg E.M.IL Av. Kadnynmge E.M.IL. Kabnyntg E.M.IL

Abnva, Iovviog 2024



Ilodavvng Tloypfiotog
Amhopotovyog Hiektporldyog Mnyavikdg kot Mnyavikog Ymoroyiotev E.MLIT

Copyright © Iodvvng Tlaypnotag, 2024.
Me gmpoiaén mavtog sikaumdpatoc. All rights reserved.

AmaryopeleTaL 1) avTIypor], 0o KeELOT Kot S10VOUT TS TAPOVSUS EPYACIAG, €& OAOKANPOL 1 TUN-
LOTOG QUTAG, Yot EUTOPIKO okomd. Emtpéneton 1 avatdnwon, amodnikevon kot Stovoun yio. okomd
L1 KEPOOGKOMIKO, EKTALOEVTIKNG 1 EPEVVITIKNG GVONGC, VIO TNV TPoUTOOEGN VO avapEPETaL 1) TNy
npoélevong kot va dratnpeitan to Tapodv unvope. Epotipata mov apopoldv ) xpion e epyaciog
Y10 KEPOOOKOTIKO GKOTO TPEMEL VA, ameLBVVOVTAL TTPOG TOV GLYYPUPEQ.

O1 amOYELS KO TOL GUUTEPAG AT TTOV TEPIEXOVTOAL GE AVTO TO £YYPAPO EKPPALOVV TOV GUYYPUPEN Kol

dgv mpémet va epunvevdel 0TL avtimpoocwnevovy Ti enionpeg Béoeig tov EBvikod Metoofiov [Tolvte-
YVeiov.



IHepiinyn

Ta Meydia M'hooowd Movtéha (LLMs) £yovv emipépet priikég aAAayEG G€ TOIKIAOVG ETGTNUOVIKODGS
Kol TeXVoAOYIKovg Topeic. H xpnodttd 100G cuyvd meplopiletor amd v EALeyn oAAnAenidpa-
ong pe 1o eEmTepKd Ynolokd tepiPdilov. ['a va Eemepaotel avTOG 0 TEPLOPIGHOG KOL VAL evTayBovv
ta LLMs ko n Texyvnt Nonpoovvn (Al) o€ Tpayuatikés e@approyss, Kataokevalovrol Kaonuepiva
gedicevpévorl mpdxtopeg Texvntng Nonpoovvng (Al-agents). Xty mopovca Aumhouatiki Epyacio
SLOTLTTAOVETOL [0 VYNAOD EMTEOOV APYITEKTOVIKT ouT®V TV Al-agents kol avoADETOL EKTEVAOC M
dwodikacio eEomiong Twv LLMs pe tn dvvatotnta oAAnienidpaong pe Atemaeég [Ipoypouuaticpod
Epoppoyov (APIs). Bacilopevol og mponyodueveg Epegvveg, mapovoidlovpe pia pebodoroyio 7 Pn-
pdtov mov Eekvd pe Ty emidoy KatdAniov LLMs kot v “arocvvieon” Tov epyacidmv mov sivat
amopaitnT o v eniiven obvhetmv tpofAnudtov. Avti n pebodoloyia meplapfaver Texvikeg yio
T onuovpyio dedopévav ekmaidevong (training data) yio cvykekpiyuévo APIs kat evpetiéc yio v
emioyn Tov katdAiniov APl amd éva TAn0og emioydv. Avtd Ta fpate TeEAMKE odnyodv ot on-
Hovpyio KANGE®Y TOV TPOYPAUUATICTIKAV dtemapdv (API calls) mov eival 1660 GuvTaKTIKE 0G0 Kot
OTLLOGIOAOYIKA VOVYPAUUICHEVEG UE TNV KoTovonoT Tov LLM yio o dedopévn epyocio. EmmAéov,
ovaBe@pov e VITAPYOVCES TAATPOPLES KL EPYOAELN TTOV SIEVKOAHVOLV AVTEG TIG O1001KOGTEG KO TOV-
Covlie T KEVA OTIG TPEYOVOEG TPOOTADELEC. XE VTN TNV KATELOLVGT], TPOTEIVOVLE L0l OPYITEKTOVIKN
gvoopdtmong tov LLMs og pop1tég GLGKEVEG TOV GTOYEVEL GTNV AEI0TOINGT TNG AEITOVPYIKOTNTOG
TOV POPNTAOV GLOKEVAOV YPNCILOTOIOVTAG HKPA poviéla amd v kowdtnta Hugging Face. E&e-
TALOVE TNV OTOTELEGLOTIKOTITO TOV EV AOY® TPOGEYYIGEDV OE TPUYUATIKEG EPOPLOYES OLOPOPOV
TOpé®V, ovumeptlopfavouévng g dladikociog Onpovpyiog Hidg LOVGIKAG TUPTITOVPUS Y10 TLAVO.
Méoom pog ektetapévng avaivong g Piploypapiog Kot Tmv 10001y TEXVOLOYIOVY, 0LTH 1 d10-
PPN 6TOYEVEL VO MOTEAESEL LLITOVGOVAL Y10 TOVG EPEVVNTES KOLL TOVG UIYOVIKOVG TTOL PLA0J0E0VV Vo
dwaovvdécovy ta LLMs pe eEwteptkd epyaieio Kot epaplLoyES, SLOULOPPAOVOVTAG £TCL TIG KATAAANAES
oLVOnKeC Yo o avTdVopovG, adldmioTovg kot e&edikevpuévoug Al-agents.

A&Eerg Kieod

Large Language Models (LLMs), Application Programming Interfaces (APIs), Artificial Intelligence
(Al), Natural Language Processing (NLP), Al-agent Architecture, Classification, Semantic Vector
Space, Semantic Alignment, Word Embedding, Human-Computer Interaction (HCI), Music Notation






Abstract

Large Language Models (LLMs) have revolutionized various aspects of engineering and science.
Their utility is often bottlenecked by the lack of interaction with the external digital environment.
In order to overcome this limitation and achieve integration of LLMs and Atrtificial Intelligence (Al)
into real-world applications, customized Al-agents are being constructed every day. Based on the
technological trends and the existing techniques, we extract a high-level approach for constructing
these Al-agents, focusing on their underlying architecture. This thesis serves as a comprehensive
guide that elucidates a multi-faceted approach for empowering LLMs with the capability to leverage
Application Programming Interfaces (APIs). We present a 7-step methodology that begins with the
selection of suitable LLMs and the task decomposition that is necessary for complex problem-solving.
This methodology includes techniques for generating training data for API interactions and heuristics
for selecting the appropriate API among a plethora of options. These steps eventually lead to the gen-
eration of API calls that are both syntactically and semantically aligned with the LLM’s understanding
of a given task. Moreover, we review existing frameworks and tools that facilitate these processes and
highlight the gaps in current attempts. In this direction, we propose an on-device architecture that aims
to exploit the functionality of carry-on devices by using small models from the Hugging Face com-
munity. We examine the effectiveness of the aforementioned approaches on real-world applications
of various domains, including the generation of a piano sheet. Through an extensive analysis of the
literature and available technologies, this thesis aims to set a compass for researchers and practitioners
to harness the full potential of LLMs augmented with external tool capabilities, thus paving the way
for more autonomous, robust and context-aware Al-agents.

Key words

Large Language Models (LLMs), Application Programming Interfaces (APIs), Artificial Intelligence
(Al), Natural Language Processing (NLP), Al-agent Architecture, Classification, Semantic Vector
Space, Semantic Alignment, Word Embedding, Human-Computer Interaction (HCI), Music Notation






Evyoaprotieg

Evyapiotd to O%o.

Evyapiotd toug yoveig pov.

Tn pntépa pov, Anuntpodra Hyovpevion tov I'empyiov, unyovikd Kot maviota.

Tov matépa pov, Kovotavtivo Tlaypnota tov lodvvn, Zvvtaypotapyn [elikov.

Evyopiotd ta adépera pov, l'edpyto kot Ocoqdvn.

Evyapiotd tov k. O@e6dmpo MmoAn, tpony npdedpo g EAAnvikng Mabnuatikng Etapeiog kot ovo-
VTOTTN LoV, TOV VINPEE APOPUT VO acyoANO® pe Tig O opumiddeg Madnuatikov.

Evyapiotd tov Liszt, Tov Attik.

Evyapiotd tov matépa ArEEavOpo Katepivomovio, Tig kupieg Ztepytovi kot Nepavt{id Kot GuVOAKE
v evopia pov 6to Movayo, Salvatorkirche, mov eivat To Kvprakdtiko tpové pov ot ['eppovia.
Evyapiotd tovg gidovg pov.

Evyapiotd 6lovg toug avBpdnovg g axadnpaikng kowotntog tov Efvikod Metoofiov [MoAvte-
yvelov (evdelkTikd avapépm: K. Avdpéa Mmovvtoupn, k. Katepiva KpiBwvdxn, k. Anpftpio ®wtdxn,
k. [Tétpo Iotika, k. Baciielo Beokovkn, k. @avdon Awvéa, k. Evotdbio Zayo, k. Zoeio Aaumpo-
movAov, K. HAla ['AOton, k. Avépyvpo @eddovpn, k. [Tapackeun TlovPeln, k. Ztépavo KoAla, K.
Apioteion [ayovptly, k. Koot Zayova, k. Anpfitpio Ackodvn, k. Aviovio Iarofaciieiov, k. [Ta-
vayuntn Opdayko, K. [avayuntn Kot, k. ABavacio [avaydmovro, K. AptototéAn XopaAopmdkn, K.
Eipnvn Kothaviotn, k. @codmdpa LovAtov, k. Nektdpro Kolbpn) yia ™ Sapkn Kot Epmpoaktn otipién
TOVG Kol Woitepa Tov emPAETOVTA pov, K. Nwkdrao X. [Maracmdpov.

Evyapiotd to Huawei Munich Research Center kot 1dwaitepa tn supervisor pov Dr. Aifen Sui.

H mapovoa Aumthopotikn Epyoacio exmoviOnke oto Epevvnricd Kévipo g Huawei 6to Movayo
(Riesstra3e 25, 80992 Miinchen), oto omoio epydlopon amod tic 15 loviiov 2023.

Evyoapiotd tov kerltéyvn lodvvn BAétoa yio to vtépoyo okitoo mov Lov xapioe o€ £va TeVIAAENTO
Sheypo povtiotnpiov otn B” Avkeiov.

Avti IIpordyov

Emcuvanto povowkd andonacua g teAec Ppapevonc tov Huawei Munich Research Center (8
Maoptiov 2024), dmov kKAnOnKo va taiEm mdvo. https: //www. youtube.com/watch?v=13Zj6UqBilE
Emovvante, eniong, éva keipevo g untépag pov e titho “Ex Babémv”’, mov gival 1 dioncOntikn
amooelgn” 6t n Teyvnti Nonpoovvn dgv O ovTIKATAGTAGEL TNV 0vVOPOTIVY WoyT.
https://www.youtube.com/watch?v=m_0Xq2u75YY

Onwg elye el 0 matépag pov: “dofdpon ta mwhvta, eATi{o To TavTa Kot sipot eAevBepoc.”

Onwg giye el 0 adepog pov o I'dpyog: ”H oxknpn dovield givan o peyoldtepo tarévto.”

Onwg elye mel 0 0depeodg pov o Gavne: ”Av fruovy aptdpog, Ba nBera va eipon to 7’8, yio vo pmopod
va EQmAdvVe Kot va yivopal 6repo.”

Onwg elye metn untépa pov: H ypiyopn Adon eivon tédeta Avon).”

Onwg elye met 0 Kung-Fu-Panda: ”Agv vdpyel LOGTIKO GLUGTATIKO GTN HUGTIKOGVGTATIKOGOVTA.”
Onwg elye mer o Pasteur: ”H t0ym guvoel Toug mpoeTotpacuévons.”

KoAn avayvoon...

Lodvvng Tlayprotag,
AbBMva, 10n Iovviov 2024


https://www.youtube.com/watch?v=13Zj6UqBi1E
https://www.youtube.com/watch?v=m_0Xq2u75YY
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«Ek pabéwv»

O mévog, Téoo oav KOG 600 Kal aav BpAvog-AUTn-oTevaypog, eival duoTuxwe h amapaithth 0dog. Odég
Tipog Thv avakougioh Kal Th xapd! Auetuxwe n pépa épxetal PETA Th VUXTG, h Xapd WETA Tov TTOve Kdi
AvdoTaon petd To Bdvaro. TTwe va Seig AcUKRA Ypapph oc AEUKS Toixo:

TTovd n anwAeia o oAU amé Thv éAAeiyn. TTovd n PepaiéTnTa mepioodTepo anmd Thv apgipoAia. TTovd n
adiagopia mepioodTEpo and Thv améppiyh. TTovd n TOWN TeplogdTepo amd Thy adikia.

TTévo Ba ppeig mavroul Aidhe€e omoiodhmoTe povomatil TTépva xwpig @opo. Meta Tov méve umdpxel h
avakoUpioh kai n xapd!

Na movéoeig opwe! Mn popnBeig! O popiouévog, ntTnuéveg. O movepévog, évdofog viknTAg!

Ioopponw mavw oth Gokdé Tou Tapovrog. BAEmMw yUpw pou pévo To xdog Tou mapeABovrog Kai Tou
HEMOVTOG Kal UTIPOOTd Hou To TpEXOv HOVOTdTI TapdvTog, éva amd Ta dmeipa mou Ba pmopolocav va
akohouBnBolv. Aev pmopw va Baupdow Tov £auTé pou amd pakpid, amd kamola kepkida Bearh, Sev ToAUW
Kav va yupiow Ta pdTia Hou ampOgekTa Wakpid, Tiow Kal pmpooTd.. AvUmapkTa n apxh Kal To Téhog The
SokoU, autd Tou WOAIC dpnoa KI auTd mou ouvTopa Ba mathow.. Moévo icoppomus pe EvoTikTo Kai
gpmioToouvh ato Ocal

Twpa Ta epwrhpaTta eival mohhd. Tiati yevwnBnka: Miari yévvnoa: Mati kamola pépa Ba meBavw;

Aev pmopws va Twypagiow Th dokd pou. Omwe kai dev Pmopw va dw Tov £auTd pou 6Tav TEPTATW avdueoa
ota PpoéToaha pe Th Aaxtdpa Tng BdAacoag oto owua kai Thv wuxhA. OUTe Tnv Wpa Tou mapamarw
anpéoexTh, oUTe ThV Wpa Trou yeAdw emeldf avamdvTexa Kamoio amo Ta maidid pou e Ppéxel, olTe oTav
puBiCopar atnv aykahid Tou vepal kai viwBw Th SUvapn yUpw pou Kai Th dUvapn péoa pou, TRV uBpPoOaTATIKA
Tieon, Thv aTHooWaIpIKA Tiean, Tn SUvApIKA evepyeia, Tig duvdueig TpowbBnonhg, To Kupa, To nAlopaoiieya,
To QeYydpl, Tov dvepo, To piKpd TETpaddkl Tou TpoKaAei opHdKEVTpoUg KUKAoug Tipiv puBiaTei og dyvwoTo
muBpéva.., Acv pmopw TimoTe oudiaoTiké va dw, va pwToypagiow amd Th dokd A amd To MATHUA OF QUTA.
Mmopw pévo va {wypapiow To QavTaoTIKd £autd Hou akpoPdTh Twv avauvAcEwy Kal Tng eAmidag,
«alBepopdrn», 6mwe Ba éAeye kdmolog ayamnuévog pou Jwypdygog...

‘Oha cival epwThpaTike, BaupadTiké, amosiwmnTikd.. Aev umdpxel KATI gav Teheia oth Soké. TTio oAU
KAHapuwyVel To £PWTAHATIKG...

Ki av éAa Ta amopvhuoveUpata cuvavthBoUv oe pia peydin Sefapevh yvweong ki avaAuBolv amd dAoug, péve
{wypayié¢ R TPOTACEIS WE EPWTHUATIKA pmopolv va mpokUyouv. Ki av agfvape Tov KOgWo pag va
gpunveuTel améd Ta maidid, Ba To PAémape auté mevrakdBapa. Eival wpaio va {eig pe Thv "essence”, Thv
eVTUTIWON, TOo amooTaypd, Thy OOWA Kdl Thv WOHWON Twv YEYOVOTWYV.. AUTO Eival KATOTE TIKpG oav
dnAnThpio...

..Ki ahha Tafidia yia thv IBdkn Ba pmopoloa va mepiypdyw, eite wg diadpouéc poPou K aywviag
(e€eTdoeig, apacTdoeig, OIKOVOMIKA eyXelphpaTa..), eite wg diadpopég emBupiag ki eAmidag (oxioeig,
Béoeig, yvwpipicg, dwpa, Tafidia..). Oha gTidxvouv yiBupoug. Xihioug wiBupoug. TpibeAilouv To puaAd
WéXp! KATIOId OTIYHAR-opbonUo, KATola OTIVHR TéAoug A cuveldhtomoinong.. KaBe TéAog.. pia kaivoupia
apxn!

O wiBupor aiwpolvTal yia Aiyo yUpw amod To WYuxiKo pag Tepiypappa Kai iowg pAepTApouy P TEpIypAuUaTa
aMwy avBpwmwy h emoxwy... O1 yiBupol pévouv aTa auTid Tng WUxAG wag Kal pag ouvrovilouv Ta PhAuaTa
oth dokd Tou mapovtog. Yibupor aywviag kar ayahhiaohg avapeiyviovrarl pe kdBe PAua pag.. Ki émeita, pag
ouvedelouv akopn kal ora oveipa. Lowg kal perd to Bdvare;.. H ouveidnon eivar éva olvoho TETolwv
WwIBUpwy KI eVWVETal péow Tng SokoU Tou TapdvTog We TI¢ ouvelBAoelg Twy dAAwy Kai pe To Ogd!
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Aéyia puoTika gTiaxvouy xihioug yiBupoug. O Twég pag eival ki autég wibBupol oTh Poun Tou oupmavTog!
Qpaia...
Oudév kakov apiyég kahou;

AvokoAn mpagn. (lpaia Bewpia, opwg. H Sidyvwon eival apxi Thg Bepameiag. H Bewpia civar apxh Tng
mpdfng. H aigiodoia eival kaBohikA apxh kal kévTpo Pdpoug Tdvw oTh SoKd ToU TTAPOVTOG...

..ETo1 ka1 ahAiwg, kdBe mTwon sival aiphoh... kam cav ttRon! paial

ZUYKIVABNKa kaBe popd mou éviwoa Thy avBpwmivn poondBeia yia kAT kaho. H emipéAecia mou Sev éxel
THV WEEAIMIOTIKA avuTopovnoia Tou XdpIoUEVOU Kal Tou eUkoAou pe ouykhovilell Otav ouvdualeral pe 1o
XOPIOUEVO Kal To £UKoAo HAAIOTA, AKOWN TTEPICOOTEPO. AUTOTTEPIOPIOUOC aTo £TAOYR Kal 6xI amd Tuxn A
popo. TTpoypappa, opydvwon, utopovh Kal oepaoudg eival Ta 6TAa Tou TToAEpoU evavTia OTOV KAKG pHag
£auTd. «Avdoa éxw va dwow gxAPa Kal HoppR aTo yuahi pou», Afel kdmolo Tpayoudl. Mia moAiTeia Tou
TTAdTwva ahAd kai Tou ApioToTéAn kai Tou TTuBaydpa kal Tou Neutwva kai Tou Aivatdiv kai Tou TlaoTép,
Tou &ime OTav KathyopRBnKe wg TUXEPOS Ki guvonuévog oTig 18avikég Bepuokpaoicg Tou Tlapiolou: «H
TUXh OTO XWPO TWv TApAThPRTEWY EUVOEI Ta TTPoETOIpaopéva puahd», TTpoeTolpaopéva puaAd Bewpd autd
Trou TMoTEVOUV Ki eATtifouv, ayamolv Kal avayvwpilouv, emikoivwvolv Kal aywvilovTal péoa oTo KoIVWVIKG
alvoho, e Thv TARpR ouvaioBnon éTi amoTeAolv koppatdki Toul «Service to the society is the rent we
pay to live on our planet» Arav pia emiypagh mou cuvavthaa oe voookopeio Thg Boativng! Aev thv Eexvu!

KaBe maidi mou utropoveTIkG Tepipével pia SiapwTioTIKA avadpaon améd To SiaPATN Kail To yvpovd Tou, amé
éva AefIKd, amd pia epwThon o KAToloV HEYaAUTEPO Kal 0opoTepo, KABe Snpioupyds Tou agouykpdleTal To
akpoathpié Tou, KABe pnTépa Trou adiayopei yia ThY TPOCWTIIKA THG £IKOVA KAl TUXN Kal akdpa yia Thv
améaPeon Twv mpoonmaBeiwy TnG oTav peyaAwvel Taidid, kdBe pikpdg «ApxIpndng» mou aioBavetal Thy
OAMIOTIKA Xapd ToU «gUpnKa» TToU £YKEITAI OTHV EUPECh Kai 0x1 oTo a eviko, 8ivel eAmida oTov mepiepyo
KOO0 pag.

Mdahhov dpxioa A8 va yepvaw.. Ki autéd pou Siver ueydin xapdl Niwbw aiyoupid. TTepvdw oth ogaipa Tou
«ugydAou» OXI TPOQAVWG Yid va Kavw 0,71 BéAw, aAAd yia va aioBdvopal euyvwipoouvn yia KaBeTi mou
uTropW akoépn va kavw, va divw afia oto kaBeTi kai va apaipw avafiétnta ano oha. Xaipopai Tou yepvauw..,
Eida tn xapa aTnv kaymava Tou Eomepivol Kal oTo Tpwive TAIOUA WIAg oIKoYEVEIAG amo Tramieg. TTepipnyol
yoveig autoi £épouv va tailfouv améd oTopa oe oTopA. Xpuoh Kai aghpévia yupw Toug h Aipvh.. h cwThpia
Tpwivh oyn Thg Aipvhg Twv Iwavvivwy..,

Ti eival RBog;

‘HBog eival autd mou owképreoal va TauTieTal pe auTé mou Asg KI auTéd mou Kkdvelg. ‘HBog eival va
avayvwpileig Ti¢ aduvapicg oou. 'HBog cival va amogelyeig thy ekdoUieuon. ‘HBog civai n aARBeia kai
KATIOTE TO ¥KaTd ouvBAKn aydmhe» weudog. HBog cival va e€opoloyeioal avti va katakpivelg. Na pipeioar
To mapddeiypa Autol Tou aydmnoe, avéxBnke, moveoe, umépeive, ouyxwpeoe. HBog civar va pnv
amoYeUYEIC TIC OUYKUPIEG Tou TARywvouv Tov eywiopd, ahhd va PeATIWVEIS Tov EYwIOPd TPog Thv
kareuBuvan Tou anpdaPintou. 'HOog eival va xaipeoal pe Thv emiTuXia Kal Th xapd Tou dAhou. ‘HBog eival
va avayvwpileig Ta AdBn kai Ta mdOn gou. Na eAéyxeig He auOTHPOTNTA TOV EQUTOG OOU Kal WE ETIEIKEID
Toug dAhoug. Na pn ouvexiCeig Pacavilopevog amd TUwelg, ahd va efopohoyeioar oto Qed kal va
mpooeUxeoal. Na pnv eBcAoTupAeic oe mpdypata kai kataoTdoeig kali va pn «pagrileig» Ta mpdyuata
ahhiwg. Na éxeig mapphoia kai eihikpivela. Na mpoonaBeig katd To péyioto, ahAd va oupPipaleoar euTuxhc
ve To ehdxioto. Na mepvdg pe TAMelvOTRTA Kal 0XI We WeuTogepvoTugia To «peBedpTio» xpovo. Na
OpYaVWVEIC T eTOpevh «copTh» e douAeid, xapd, umépovn, ouvepyacia.. Na paBaiveig ouvéxeia kai
kaBnuepiva and dhoug. Na xaipeoal oTav kamoiol xaipovtal, eAmifouv, avakoupifovtal... Na poipdleoal. Na
EVNUEPWVEIS KAl va ekppdleoal, yiati n amoékpuyn Tng aArBeiag cival weldog... Na un Aumtdoar mou n shid



oou dev kdvel pRAa... Ki av BéAeig pAAa, putewe phhid. Ki av Sev mpokdveig phAa, va xaipeoar mdAl kal va
Bupdoal 6T Kal h eMd goU 86Bnke amd kdamou (Saveilopar edw kar mapappdlw To dpoppo Toihpa evég
kaBnyhtA pou)... Na ouyxwpeig, va mapapAémeig, va ayamdg. Kai va ayandg pe th dUokoAn aydmn. EGkoAo
gival, yia mapddelypa, va ayamdg Tov eauTd cou Kal Ta maiid cou. AlUokoho eivai va ayamdg Toug
HarpivoTepoug («mAnoiov» Tapd Talta) avBpuwmoug. AUokoAo akédun va ayamdg ToV «amoTuXhuéve» £auTd
oou... TTpémel va peToudiwveig Thy adiapopia kai Thv kaxumowia oe BeTikA oudeTepdTNTA, TO TTApdTIOVO OF
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Kepaiawo 1

Ewsayoyn

1.1 Tori Al-agents facwopévor oe LLMs;

Ta Meydia I'howoowkd Movtéha (LLMs) €xovv emeépel emavaotaot g S1IQopeS TTUYEG TG UNYa-
VIKNG KOl TNG EMOTAUNG Kol Bempovvtarl opoonuo otov topéa g Texvntig Nonpoovvrg (Al) kot
¢ Ene&epyacioc Duoikng ['Adocac (NLP). Eckivovtog e arAodoTePO LOVTEAL IKOVE VO KOTOVO-
00V K0l VO, TopAyouV KEIHEVO PAGEL OTATIOTIKMV HeBOd®V, AVTOG 0 TOUENG AGYOAELTAL [LE OAOEVD, Kol
o eEeMYIEVEC apyLTEKTOVIKES. AVTEG o1 eEeAilelg €yovv odnynoel 6TV avATTLEN LOVTEAWV O®G
ta GPT-3, GPT-4 [7], BERT [8] ka1 LLaMA [9], ta omoia Oyl LOVO KATOVOOUV AETTOUEPHDC TNV OV-
OpdmIvn YAOGGA, 0AAG TOPAYOLV Kol GUVEKTIKO, EVOUVEIOTTO Kot eEetdikevpévo keipevo. To mhieove-
KTNHOTO QUTOV TOV LOVTEAWDV £YKEWVTAL 6T Babid KOTavOonoT TOV YA®GGIKOV TApudEYUAT®V, TNV
KOVOTNTA TOVG VO TAPAYOLV KEIPEVO TTOL LOLALEL e avOPOTIVO KOl TNV EPAPIOYT TOVG GE SIAPOPES
gpyocies, amd petdepacn Emg dNUovpyia TEPIEYOUEVOL.

Q061000, TAPE TIC EVIVTOGLUKES TOVG dLVATOTNTESG, To. LLMS avtipetonilovv onpavtikovg meplopt-
opove. H yvoon toug elvar "maympévn” 6to povo eKTaidevong, KabloTOVTOG T aviKove VoL TPosTE-
Adcovv 1 vo emeepyaoTohV TANPOPOPIEG GE TPAYUATIKO YPOVO 1} VO OAANAETIOPACOVY SLVOLUKE [LE
to mepariov. EmmAéov, cuyvd mapdyouv amavtioelg Bacel TpotOinV oTa dE00UEVH EKTOIOEVONS
TOVG, YEYOVOG OV Pmopel va 0dnynoet og " WeudaicOnoels”, avakpifeleg 1| avTipAGELS e TO TPAYLLO-
TIKG dedopéva. Apykd, o1 EpeLVNTEG e0TiOOAY GTNV EKTOLOEVOT Y10 TPOYWPNUEVES OeEloTNTES ETTE-
Eepyooiog YADOOAG, GUYVE ayVOMVTAG TOV KPIGILO TOUEN TNG XPNONG EPYOAEI®V, 0ONYDVTAG OE o-
VTEAQ TOV OEV OVATTOPAYOVY TOV avOpdTIvo TpdTo ndbnong otav dokiudlovtal og avorytd TeptBai-
Aovta [10, 11, 12, 13]. [Ipdoateg peréteg TEiVOVY VA ETITVYYAVOLV “TI0 AVOPOTIVA” OTOTEAEGLLOTO
[14, 7,15, 16, 17, 18, 19, 9], kabmdg ot epguvntég eviaybovv ta LLMs pe dvvatdtnteg pviung, oye-
oo HoD Kot GVALOYIOTIKNG. MNYOVIGHOT TOV UTOPOVY VO YEQPUPMGOUY TO YAOUN UETAED OTOTIKNG
YVOONG Kot SUVOIKNG, TPOYUOTIKAG TANPOpOpnong Kot enelepyaciog gival wiaitepov evitapépo-
vtog. H 1o dnpo@iing mpocéyyion mpog ovth v Katevbvvon tepthappdvel v evicyvon tov LLMs
pe  duvatotnTa aAANAenidpaong pe emtepikd epyoleio kot epappoyés. H dtacvvdeon tov LLMs
pe Aeroeéc Ipoypappoticpov Epappoydv (APIs) yevvd tov topéa tov Al-agents faciopéveov oe
LLMs, évav topéa av&avopevng e&edikevong kot ekBetikng avamtuéng (Zynpa 1.1). A&iler va on-
pelmdel 6Tt (as10d0&01) epguvntég avapévouy 0t 1 'evikr| Texvnt Nonpoosvvr (AGI) Oa emitevydei
UEG® GLTOKATELOVVOUEVOD GYESIAGIOD KOl CUUTEPLPOPDOV Kot ot avtdvopol Al-agents paivetotl vo
givon n péBodog Yo va ptacovue exel [19, 14].

1.2 LLMs & APIs

Ta APIs Aettovpyodv ¢ yépupa mov enekteivel Tig duvatodtnteg Twv LLMs népa amd toug eyyeveic me-
PLOPICLOVG TOVG, EMITPEMOVTAS TNV OAANAETIOpaoT pe eEMTEPIKA cLGTANATO, PACES dedoUEVOV Kot
vanpeoieg, emrpémovrag oto LLMs va avthovv 0edopéva 6€ TpayLatiko ypovo, Vo EKTEAOVY VITOAO-
YIGHOVG KOl OKOWO KoL VO EKTEAODV GUVOAAOYEG. AVTI 1] EVOMUATMOON OVOLYEL VEEG dUVATOTNTES Yl
ta LLMs, petatpénovtdg ta omd ototikd poviéda o duvapukovg Al-agents tkavoig yio mo chvOeteg
Kol gvouveidnteg Aesttovpyiec [20, 17, 5]. Enueia avoaeopdg 6nmg to API-bank €yovv dnuovpyndet
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Yo va a&10A0YHRGOVY ToV avEavopevo oplBpd vémv povtédwmv. H cuvépyela tov LLMs kot tov APIs
ONUATOOO0TEL pid KPIGIUT 0AAAYT| TTPOG T ONLIOVPYIC TO EVEVOV, TPOGUPLOGIUMV KOl EVEMKTOV G-
omudtov Al. H mopeia g avantuéng tov LLMs €yet yopaxtmpiotel 0md onUavTIKEG AVOKOADYELS
ka1 e€EMEN Tovg meprhapPdverl Kavotopieg dmwe 1 dtacHvoeon pe APIs, Bétovtag To vrdPabdpo yia
T0 eMOUEVO AN 6TIg duvatotnteg tng Teyvntig Nonpoovvng.

1.3 Xyetwkn Epyoocio & 'Epevva

O tedevtaieg e&eliéerg ota LLMs kot tnv Al mepiappdvouv Avtdvopovg Mnyoavikobg Aoyiopikod
Al mov pmopodv va, KAtavoncovy odnyiec vYNAoy TTESOL and AvOPOTOVG, Vo TIC SL0CTAGOVY GE
Brpata, vo, pELVNGOVY GYETIKES TANPOPOPIES KOl VL YPAWOLY KASIKO Y10 VO, ETTHYOVV £VALV GUYKE-
Kpyévo otdyo, 6mme to OpenDevin [21] kot to Devika [22]. Emiong, fora oyxetwcd pe LLMs, 0mmg
n xowotnto Hugging Face, mopéyovv pia peydin motkihio eEEI0IKEVUEVOV TPOEKTAIOEVUEVEOV O~
VIEA®V TPOGOUVATOMGUEVOV GE GUYKEKPIUEVEG Asttovpyieg [23]. Me v tayeia avantuén avtod Tov
EPELVNTIKOD TOUEN, EYOVV TPOKVWYEL TOAOTAEG EKTETAPEVEG EPEVVEG, divovTag fubiég yvdoelg o€ Eva
gupV pacpa Bepdtmv. Ot [24] kot [25] mapEyovy [io GUVOAIKT E16AYMYT 6TO VITOPAOPO, CTLAVTIKES
OVOKOADWELS KOl TIG KOPLEG TEXVOLOYiEG. ATO TNV GAAN TAgLPAd, 1 [26] eoTidlel Wwitepa GTIS EPap-
poyéc twv LLMs og didpopeg cuvnBeig dradikacies, kabmg Kot ota epmddta mov oyetilovrol pe v
vioBénon tovg. H evbuypdpuon tov LLMs pe v avBpomivn vonuocsivn eivat évog avéavouevog
TOUENG HEAETNG TTOV GTOXEVEL VO, EEMEPATEL NTHLOTO OTTMG O TPOKOTUANWELS KOl 01 YELdMGONGELG
[27]. H cvAloyiotikn eivot £va GALO ONILOVTIKO LEPOG TNG VONLOGUVNG TTOL EXNPEALEL TN AT OTOQA-
GEMV, TNV ETIAVOT TPOPANUATOV KoL TN YVOOTIKT tkavotnta [28]. Zopeava pe 1o [29], to Evieyouéva
IMNwoowd Movtéha (ALMSs) umopodv va BEATIOGOVV To YAMGGOIKA LOVTEAN LECH TN CUUTEPIANYNG
dUVATOTNTOV GLAAOYIGTIKNG Kot epyoieiov. H a&loldynon trng amddoons TV HovIEA®V LeyaAng KAl
LOKOG YIVETOL TTI0 GNUOVTIKT KOOMG 1) XPNOIHOTNTA TOVG LEAVETAL KO VITAPYOLV S1APOPOL dEIKTEC TOV
YPNOLoTooHVTUL Yo To oKOTo cvtd [30]. Avtr 1 epyacio eoTIdAlEL TNV EVIoYKLOT TOV SUVATOTHTOV
tov LLMs péow g dtacvvoeong pe APIs.

1.4 Aopn ™c Awatpif)g

H Swotpn etvon dopnpévn og e&ng: To Kepdiato 1 kabopilel To vidPabpo culntdvrtag T onuacio
tov Al-agents Baciopéveov oe LLMs kot v odnienidpacn toug pe APIs. To KepdAiaio 2 mpotei-
vet o pebodoroyia 7 Pnpdtov mov ypnoyonoteital yuo tnyv gvioyvon tov LLMs pe APIs. Eekvd
pe v “Emihoyn Movtéhov,” mov avalvel Ta kpttipla yuo TNy emioyn kémoov LLM mov emitpénet
) dwaovvoeon pe APIs Bdoet amddoomg, SIHAEITOVPYIKOTNTOS KOl TPOGOPLOCTIKOTNTOS. AKOAOV-
0l n "Evioyvon pe ['voon E&wtepicav Epyoleiov,” 6mov culnteiton n ekmaidevon twv LLMs yia
VO EKTEAOVV OMOTEAEGLOTIKA eVTOAEG oyeTkég pe APL O "Xyediacpdc [oAvotadiakng Apyitexto-
VIKNG” TTEPLYPAPEL Lol SOUNUEVT] TTPOGEYYIOT Yl TV evemudtoon tov APIs péco otadiov onmgn
avayvapilon epyactdv ko evpeon APL O "Mnyavicpdc Emdoync API” meprypdoet ta kprtipia ko
TOVG UNYOVIGHOVG Yo TV €mAoyn KatdAniwov APIs yia cvykekpyéveg epyacies. H ”Anuovpyia
KMoewv API” culntd teyvicég yio va dtacpaiictel 6Tt ot kAnoelg API givatl cuvtokTikd cootég kot
EVVOLOLOYIKA guBuypappicpéves pe Tic Tpobécelg Tmv ypnotdv. H ”Aldonacn Epyaciov”’ koivmtet
OTPATNYIKEG Y10 TN O100TAGT) GUVOETOV EPYACIDY 08 AmAOVGTEPES VITO-EpYasieg kat 1 ”Alapkng Ber-
Tiwon kot Avatpo@oddtnon Xpnotav” aeopd t Pertioon tov alinAemdpdocmv pe to APl péow
GUVEXOLEVIG avOTPOPOdOTNONG amd Tovug xpnotes. To Kepdrato 3 eufabivel oty mpaktikn epap-
poyn Tov pefodoroyidv mov culinTHONKV TPOTYOLUEVMG, ELGAYOVTOC L0 KOVOTOLO, OPYITEKTOVIKN
v v gvooudtoon tov LLMs og gopntég cuokevésg. Avtd 1o KEPAANIOo cuINTA TIC TEYVIKEG KOl
TIG EMYEPNOLOKEG TTLYEG TNG VAOTOINONG TNG OPYLITEKTOVIKNG OVTNG, dIvovTag EUPOCT) OTIG OTTOLTH-
oelg amobnkevong, RAM kot CPU mov eivar anapaitnteg yuo tnv amodotikn Asrtovpyia. E&epevvd
eniong v evioyvon tov Al-agents e TOTIKEG TPOCAPHOCLEVES PAGELG OEOOUEVAOV, TOPEXOVTOS LLLOL
AemTOUEPT EEETOOT) TV GLUVIGTMOGMY KO TNG AELTOVPYIKNG POTG TNG TPOTEWVOUEVIC APYLITEKTOVIKNG.
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Me TV aVTIHETOTION TOV TPOKANCEDV UEGH CTPATIYIKOV LETPLOGHOD, 0VTO TO KEPAALO TOPOV-
oalel T TAeovekTNHOTA TG eveoudtoong Tov LLMs 6e popnTéc cuoKEVES, OTMOC 01 PEATIOUEVOL
YPOVOL amOKPLoNG Kot 1 petopévn e&dptnon and vanpecieg vépoug (cloud services). Zro Kepdiaio
4, e€etalovtol TPOKTIKEG EQPUPLOYES KOl TEPUTTAOGELG ¥PNONG Y10 VO KATOSEIEOVY TG OLTEG OL apyl-
TEKTOVIKEG Olevkolvvouy TNV avamtuén tov Al-agents otov Tpaypotikd kOGO, avolyoviag 1o SpoUo
Yo o avOeKTIKES Ko vouveidnteg epapproyés. Téhog, To Kepdhato 5, “Zounépacpa, Xolimmon &
Meilovtikn ‘Epevva,” cuvoyilel ta gupipata, culntd Tig ETMTOCELS Kol TPOTEIVEL LEAALOVTIKEG KO-
tevBivoelg épgvvag. Mall, avtd To kKepdAaio KAAOTTOLY OAOKANpOUEVE TO VEO BEpa TG evioyvong
tov LLMs pe duvatottec odnienidpaong pe APIs.
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Kepdiaro 2

MeBodoroyia Evooparoong IIpoyponupnatioTik®V
Aena@ov E@appoyov ota Meydro I'howooika Movtéla

2.1 BHMA 1: Emioyn Movtélov

H eniloyn Meydrov IMNocowkdv Movtéhov (LLMs) mov enttpénovv dtacvvdeon pe APIs mepilop-
Bavet v a&loAdynon ToAA®V KpIoIU®V KpLTnpiov yio vo S1acQoioTtel 0Tt To LOVTELD OV Elval LOVO
enopKN otV enelepyacio PUOIKNG YAOCOAS, OAAG KOl TPOGUPLOCTIKG KOl OTOTEAEGLLOTIKA GTIV OA-
AnAemidpaon pe eEmwtepikd APIs. Baciopévol otny tpéyovca épevva [18, 4] kot ota tpdtuma Al, ot
axOA0V0Eg TTVYEC TPETEL VoL ANPOOHY vITOYLV:

Amndédoon o N'hwoowkég Epyacies:

H wavomra evog LLM va katavoet Kot vo mopdyet Keipevo mov potdlel pe avlpomvo eivat kpioyun.
To povtéro mpémet vo mopovctdlel VYNAN oS00 GE SIAPOPES YAMOGCIKES EPYUTIES OTMC 1) KATOVO-
Mo, N LETAQPACT), | TEPIANYT KO 1] ATAVTNOT GE EPMTNOELG.

Awdertovpyikotnta pe APIs:

To emleypévo LLM Oa mpémel va ivar tkavo va katavoet odnyieg mov mepilapfivouy eEmtepikd ep-
YoAgilo Kot Vo LETOTPETEL OVTEG TIG 00Myiec o€ KANoelg APL. Avto amortel omd 1o povtédo va pmopel
va evtomicel 1o oyetikd API kot va poppomomoet 1o aitnuo KatdAAnAa.

Mpocappostikotnte kKon Ikavéornta MaOnong:

To LLM mpémet va. ival TpocaprocTiKO, tkovo va pabaivet amod Tig aAAeTdpdoeig Kot vo BeEATidve-
TOL UE TNV TAPOS0 TOL ¥pOvoL. H kavotnTo Tov LovTEAOD VO EVEOUATMVEL AVOTPOPOSOTNON At TIG
orAnAemidpdoelg API og pHeEAAOVTIKEC amovToELS, PEATIOVOVTOC TNV 0rdOO0GT TOV Kol TNV akpifeld
TOV, £lvol OTULOVTIKY.

I'evikevon o€ Aldpopovg Topeic:

To povtéro Tpémet va Seiyvel 1oYLPES IKAVOTNTEG YEVIKEVONC, TOL GTULAIVEL OTL UTOPEL VO EPAPUOGEL
OTOTEAEGLOTIKA TIG YVAOOELG TOV Kl TG 0e£10TNTe evompdtmong API og éva gupd pdopa Topémy Kot
EPYACLOV, OYL LOVO GTO GEVAPLO GTO. OTTOI0L EYEL TPOEKTOOEVTEL.

Khpdaxkoon kor ATodoTiKOTNTO:

Agdopévou Tov mhavov vynAov 6ykov KAcewv API kot g moAvTAOKOTNTOG TG EMEEEPYAGIOG OOl
vInoewv, 1o emtheypévo LLM npénet va eivor KAMPaKoOIEVO Kol 0modoTIKd GTIC AEtTovpyieg Tov. AvTo
S0 PAAIlEL OTL 1] EVEOUATMOON TOPAUEVEL TPUKTIKT KOl LGN, OKOUN Kot KOOMG ETEKTEIVETOL TO
€0POg TV EPYUCLDV.

HOwm:

To povtédo mpémet vo drayelpileton To dedopéva NOKd, e1d1Kd otav aAAnAienidpd pe APIs mov umopel
va éyovv mpdofaocm og evaicdnteg ) Tpocwmikéc TANpogopiec. [Ipémet emiong va a&toloysitot yio ple-
poANVies, MOTE Vo LETPLALOVTOL TUXOV OPVNTIKEG EMMTOCELS TOV o UTOPoHGAY VO TPOKOHYOLV 0ld
TIG ATOVTIGELS TOV.

Emkapétnra:

To LLM mpémet va £xel eKmoidevtel og pua mpds@att cLALOYT dedopévmv, dacpaiilovtag 6Tin Bdon
YVOGEDV TOV €ivol 6G0 TO SLVOTOV O EVNUEPOUEVT]. AVTO givor KPIGIHLO Yo EpYOGIEG TOV ATALTOVV
EVNUEPOUEVEG TTANPOPOPIES, TIC OTOlEG TO LoVTELD pmopel va ypeldletal va avaktioel péow APIs.
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Anarvtieeis Mvijung ko Amodkevong:

To LLM 0o mpémel va €yl dayelpioleg amottioelc Lviung Kot amodnikevong yuo vo, eEacooiile-
TOL 1] GLUPOTOTNTO E TNV VITAPYOVGO VITOSOUN X®PIG Vo, amartovvtal vepfoikég avaPabuicels. To
HOVTELD TPEMEL va. ypnotponotel omodotikd T dwwbéoun pviun cvotinotog (RAM), kdrt mov sivon
kpioo 6tav dwoyepiletar peydho ovvora dedopévev | TOAAATAEG TovTdypoveg kKANnoelg AP Avto
emiong emnpedletl Ty TaydTNTO LE TNV 070l TOo LOoVTEAD Pmopel vo mpoomeAdoet Kot va, enegepyaotel
dedopéva.

Xpovog Aoxkprong kot KaBvotépnon:

Eivat onpavtiké to LLM va mapovoidlet younAn kabvotépnon oty Kotavonon kot eneéepyacio
K\oemv APL Ot ypfiyopot xpovol amdKpiong Eival omapaitnTot yio Tr SiThpoT| UG OLOANG EUTEL-
plag xpNnotn, €WOIKA GE EPUPLOYEG TTOV OMUITOVY OAANAETIOPOCT O TPAYLATIKO ¥pOVO 1 YP1YoPN
enekepyacio dedopévav. Avtd mepthopufavel T PEATIGTOTOINGN TG OPYLITEKTOVIKNG TOV HOVTEAOD UE
OKOTO TNV EANYIOTOTOINGCT TV KOOLGTEPCEMV.

Eveméia tov Prompts kan Ilepropiopoi:

To LLM npémet vo eMTPENEL GTOVS YPNOTEG VO KAVOLV OUTHLLOTO, PNCULOTOIDVTAG TOGO GUVOTTIKEC
000 Kol AemTopepeic meptypapéc. 26T0600, givol onuovtikd vo KafopioTodv o1 TEPLOPIGHOL GYETIKA
L€ TO UNKOG TV prompts wov PUmopel vo eneEepyaoTel AMOTEAEGUATIKA TO LOVTELO YMPIC TTMOGN OTNV
amodoon M v axpifeta, kabbg ovtd ennpedlel T ¥PNOUOTNTA TOL GE SLAPOPEG EPAPLOYES.
Evoopdaroon kot Xvppatétnte pe Yrapyovro LocTipota:

To povTélo TPEMEL VO, EVODOUOTOVETOL EVKOAO LLE TIC VITAPYOVCES APYITEKTOVIKES AOYICUIKOV. AT
neplapPfavel T cvpPoToTNTO LE SAPOPES YADGGEG TPOYPUUUATIGLOD TOV YPTGLLOTOLOVVTAL GUVY-
Omg yio v aAAnienidopaon pe APIs.

Owovopkn AmodotTikéTnTO:

Aoppévovtag vToyy Ta AEITOVPYIKE KOGTY, CUUTEPIAALUPAVOUEVOV TOV VTOAOYICTIKMOV TOPMV Kol
TOV TIHOVAV GUVOPOUNTIKOV TEADV, To emtheyuévo LLM Oa mpémel va mpoopépel pio 1coppomia. pLe-
Ta&0 omddoong Kol KOGTOVG. Avtd To KpLTnplo gival kpioyo yio va dtuo@oiotel 0Tl T0 HoVTELOD
TOPApEVEL P Brdcipn Avon Kabmg KAUOKMVETOL 1] (pToT| TOV.

Yrootipi&n ko1 Owkosvotnuo Kowétnrog:

Mia evepyn KowoTnTo VTOSTHPIENG Kot 1] SIOEGIHOTITO OLOKAT POUEVAOV 03T YLDV YpTioTg Eivar ave-
KT{UNTO Yo TV OVTIHETOMION TPoPAnudtov kot ) BeAtioon tov povtédov. H mpdcPacn oe éva
OYVPO OIKOGVOTNUO, OTMOC 0VTO oL TTapEyetl 1 kowvotnto Hugging Face, pmopel va dievkolvvel on-
LOVTUCE, TN S1001K0GT0 EVEMUATOONS Kot Vo Tapéyel TOpovg yuo. cvveyn Bertioon kot padnon. Ta
TAPOTAVEO KPLTHPLOL TAPEYOVVY Lo, OMOTIKY 0El0Ad0YNon TV Tiavedy LLMs, Aapupdavoviog vmoyty oyt
UOVO TIG ”SVONTIKES” TOVG IKAVOTNTEG OAAG KO TPOUKTIKEG TOPAUETPOVG TTOL EXNPEALOVY TNV AVE-
TTVEN KOL TN LOKPOTPAOEGN XPNOTIKOTNTA TOVG 08 GeVApLo aAANAemidpaong e APIs. Xtic €pguveg
[18] xau [5, 9] Tapéyovtor Tapadeiylata avTd@V TMV Kprtnpinv tapovctdloviag LovTEAD EI0IKA G)E-
dopéva yuo T xpnomn epyareiov kot APIs. Avtd tapovoidlovy avatepn amddoot 6TV KATOvVONon
oUVOET®V 0dNYIOV Kol GTNV EKTELEST] EPYUCIMOV TOL TEPIAAUPAVOVY EEDTEPIKE EpYOAETiD, YPNOIUED-
oVTOG £T61 MG ONIELD AvaPOopPAS Yo TIG IKAVOTNTEC oV TTPEMeL va dtafétel éva LLM oto mhaicto g
dtaovvoeong pe APIs.

(Avapopd oto Zynpa 2.2.)

Mo ToAD cuvnBicpéVN TPOGEYYIoN Yo TV EXAOYT evO¢ KaTdAANAov LLM givouw 1 xprion twv TAn-
POPOPIMYV 1oV gival drabéotpeg otov wivaka Katdtaéng g kowotntog Hugging Face [23, 17]. Onag
QoiveTol 6TO ZyNpa 2.2, VTAPYEL Lol LEYOAT TOIKIALD OTUELDV aVAPOPAC YO EEEIOIKEVIEVEC EPYACIEC,
cupmepAapBavouévey TG TEPIANYNG, TS TAEIVOUNGCTG, TMV EVOOUATAOCE®DY KOl TG UTAVINGNG L
epmtoels. H oelda mepthopfaver o ypoppn avalitnong yio TNy €DPECT CUYKEKPLULEV®V LOVTEADV
N adedv. Kdto omd avtiv, Vdpyet Lo EVOTNTO TOV EXTPENEL GTOVG XPNOTEG VA EMAEEOLY TTO1L dES0-
péva va peavifovtat, 0Tme 1 HECT) AmOd00T 1) TO UTOTEAEGLOTO OO CUYKEKPLULEVO CTIUELD OVOPOPEG
onwg 1o ARC, to Hellaswag, to MMLU kot dAAa. AwaBétet eniong giktpa yio Ty andKpuyn opiopLé-
VOV TOTOV LOVTEA®V, COUTEPTAAUPAVOLEVOV IOIOTIK®V, Sy POUUEVOV, CUYYOVEVUEVMV 1) CNUAGHLE-
VoV gyypap@v. o tepattépm Tpocapoyn, N TAATOOPLLO TPOCPEPEL PIATPE VA TOTO LOVTEAOD, OTTMG
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TPOEKTOIOEVUEVO 1] CUVEXDG TPOEKTOUIOEVOUEVE LOVTEAD, VTG TOV EIVOL TTPOCAPUOGUEVO GE GHVOAL
OedOUEVOV GUYKEKPIUEVOV TOUE®V KOl AALeG katnyopiec. Ta @iktpa axpifelog emtpémovy Vv emi-
Aoyn Paoet Tng vroloyioTikng axpifetas tov poviédwv (m.y. floatl6, bfloatl6) kot vdpyovv emAoyég
Yo QIATPAPIGHO LOVTEA®V KaTh PLEYEBOG, KaTyoplomopéva e fAcn Tov aptBpd Tov TapouETpay.
AVT6G 0 Tivakag KATATaENG Yp1NOEVEL OG [0, OAOKANPOUEV TTNYN YidL T1 UYKPLOT] KOl 0VAAVGT TOV
SLVATOTHTOV Kot EMOOCEDY SLAPOPOV LEYAADY YAMGGIK®OV LOVTEAWYV, EEVTNPETAOVTOG EPELVNTES KoL
TPOYPAUUOTIOTEG TTOL acyorovvtar pe Teyvnt Nonpoosvvn. M yprioiun dadikacio Tpwv amd v
eMA0YN TOoV EMBLUNTOV HOVTELOL givar 1 Onpovpyio EVOG EPTTEIPIKOD GLVOTTIKOV TIVOKO GUYKPLoNC.
Av10¢ 0 mivakag Oo Tpémel vo amoteAEiTol 0md OPICUEVO DTOYNPLO LOVTEAN TTOV AELOAOYOVVTAL GE
OPIOUEVEG YPNOYLEG AgtToVpYiec. Me avTdV TOV TPOTO, SNUIOVPYELTOL L0 YEVIKT ETLGKOTNOT TV S0
0éoumv emroymv. ['o Tapddetypa, Evag T€1010¢ Tivakag TopovctdleTol 6to Zynua 2.3.

INo va copmAnpwbel avtdg o mivakag pe axpipn dedopéva, Bo mpénel va AneHovv VoYY T0 KO-
AovBa:

1. Evtomiopdg tav epyacidv mov eival To GYETIKES [LE TO GLYKEKPLUEVO £PYO.

2. ZuAMoYH N avopopd eumelpik®y dedopévav amod T PifAloypagio oYeTIKA e TO TMG amodidel kGOe
LOVTEAO G OVTEG TIG EPYUCIES.

3. Evnuépwon tov mwivaka avéioya.

(Avagopd oto Zynua 2.3.)

2.2 BHMA 2: Evioyvon pe EEotepikn I'voon Epyaieiov

Av16 10 0TAd10 TTEPLYPAPEL TN dladtKacio ekmaidevone twv LLMs mote va kobiotatol QKT 1 oA-
Aniemidpaon pe eEmtepikd APIs. H eknaidevon mepilapfdvel v katovonon g 60ung Kot g Agl-
tovpyiog twv APIs, kaBdg kot v kavdtnta Tov HovTEAoL va ekterel KAoelg API pe cuvénela ko
axpifelo. H dadwkacio avtr Bondd to poviéda va ’pabouvv’” Tmg va avTidpovy Kol v dAANAETIOpOVV
pe to eEmtepikd mepPdiiov pécw twv APIs, emrpénovtdg Toug va ekteA0DV To cVVOETEG EPYACIES.
H evioyvon tov LLMs pe e£@tepikn yvaon epyaieimv eival To mo Kpioio frpa tpog tn dnpovpyio
O EVEMKTMV Kol TPOKTIKAOV cvotnudtov Al. Avti 1 dwdwacia tepthappdvel v ekmaidgvon 1
™V Tpocapuoyn twv LLMs yia va epunvedovy Kal vo, EKTEAODV EVIOAEC TOL TEPIAUUPAVOLY OAAN-
Aemidopaon pe ewtepucd APIs. Av vrdpyovv dedopéva mTpoyuaTik®dv ¥pnotdv yuo to API, tote avtd
YPNOLLOTOLOVVTAL Y10, TNV TTpocapuoyn evog LLM. Avto, 6pwme, dev 1oyvel tavta. To APIs mov dev
glval eVPEMG YPTCYLOTOLOVUEVE 1] TOL £YOVV KUKAOPOPNGEL TPOSPATO JEV EXOVV OPKETE OESOUEVA
TPAYLOTIKOV PNOTOV oL va oxetiloviat pe avtd. Avtd 1o mpdPAnpa Avvetor pe ™ pebodoroyia
nov poteivetat oto [5]. [To ovuykexpipéva, éva ioyvpd LLM (0mwg to ChatGPT4 [7]) ypnoyiomorei-
TOL Yo T ONUIOVPYIo KOANG TOOTNTOG OE00UEVMV Yo Ta cuyKekpiévo APIs, akolovbdvtag pio
TPOGEKTIKN O1001KoGi0 TOAAUTAGDY 6TadimV. AVt Ta dESOUEVA KOANG TOLOTNTOG YPTCLLOTOL0VVTOL
GTN CLVEKELD Y10, TV EKTOidELON EVOC dNHocing dtoBéciov povtéAov. To tedikd poviéro ivar moAd
KoAd ekmodevpévo oto miaicto tov APL. H mapamdve pébodog (dnmg paiverarl kot oto Zynua 2.4)
Bopilet 1o KOvd PNTd TNG EMGTAUNG OEdOUEVOV:

”H 7o10TtHTe. TOV HOVTELOD ECAPTATOL ATTO THY TOLOTHTA TV OEOOUEVOY EKTTAIOEVENS.”

(Avapopd oto Zynpa 2.4.)

Ot mo moapadociakég pEbodot Teptrappdvouy:

Exnaidocvon pe Tekpunpioon kot Hapadsiypora:

Mio amd Tig KOpteg peBddoVE Yo TV evowpdTmon g yvoong tov APIs ota LLMs wepthappdvet
™ ypNon Tekpnpimong (odnyudv ypnong) twv APIs kot Ttopadetypdtov kKinoeov APl og pépog tov
dedopévov ekmaidevong. Avtd emTPENEL GTO LOVTELO Vo, LdBeL T dopn, T GVVTOEN KOt TO TPOTLTOL
xp1ong oweopwv APIs. Katavodvtog ndg diatvndvovtat to artipoto oto APIs kot moleg amovn-
oelg mopdyovv, To. LLMs umopovv vo tpoPAEYoUY KOAVTEP TIC ATAPUITITES EVEPYELEC TOV TPEMEL VAL
ekteAeoTOOY OTav avatifetan pa Agttovpyio mov amartel aAAnAenidpaon pe APL

Ipocappoyi og Levapro Xvykekpipévov Epyaciov:

[Tépa amd ) Baoikn eknaidevon, n Tpocappoyn Twv LLMS yio 6evaplo GUYKEKPLLEV®Y EPYACLOV TOV
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nepriapfavovy tpdcPacn oe API propei va BEATIOGEL SpASTIKA TNV IKAVOTITO TOVS VO ETIKOIVOVODY
ue eEmtepikd epyadeio. AVTO AmALTEL TNV KOTAGKELT GUVOAWDYV SEGOUEVOV TTOV LLLOVVTOL TPOYUOTL-
k&G dpacelg mov mepthapPavouy kKinoelg API kot otn GuvéyELlo T XPNON TOVG Y10 TNV TPOGAPUOYT
TOL PoVTEAOL. AVt 1 EUTOUIKEVIEVT TPOGEYYION O1OGOKEL GTO HOVTEAD TIG AETTOUEPELES TOL TOTE
kot TG va a&lonotel ta APIs yio v enitevén cuykekpluévaov otoy®v.

Heprpairovra Ipooopoimong Ahiniemiopaong pe APIs:

Mia 6AAN oTpatnykn givai m xpnon teptPaiioviov Tposopoimong 6rov ta LLMs propodv vo odin-
Aemidpovv pe yevdo-APIs. Avtd ta APIs mpocopoinong pmopohv vo Tap€xouy SOUNUEVES OTAVTGELS
GTO OLTNLLOTOL TOV LOVTEAOV, EMITPEMOVTAG TOV va eEnokeital oTic arAniemdpdaoelg pe APIs oe eley-
xouevo mepipdriov. Avti 1 pébodog Ponbda oty evioyvon g KOTOVONGNG TOL LOVTEAOL Y®PIg TNV
avaykn yo Tpoypatikég kAnoeig API, ot omoleg pmopei va €xovv meploptopode pubpod kKAncemy M
avénuévo kdGToC.

Eveopdaroocn Inpacioroykig Katavéneng tov APIs:

"Evag amd toug mo onuavtikobs mapdyovies g oAinienidpaong LLM-API givar n onuacioloykn
oyéon Hetalld PLGIKOV YAMOOIK®Y 001 y1dV Kot Agttovpywkodtntog tov APIs. Avtd mepiapfavel
YAPTOYPAPNOT| TV TPOBEGEMV TOV YPNOTN G€ GLYKEKPIUEVES evépyeteg AP, pia dradicacio mov pro-
pet va, dtevkolvlel péow TeYVIKOY emonTevdpevng Ldnong émov to Hovtéro ekmadevetal o€ (evyn
PUOIKAOV YA®GGIKOV 001Y1OV KOl TV ovTicToly®mv kAncewv APL

A&womoinon g Metagopag Madnong:

Teyvikéc peTa@opdg nadnong wropobv va ypnotomotnfovy yio T LETOPOPE YVMOONS OO TPOEKTOL-
devpéva povtéda mov givat 1M wava otig aAiniemidpacelg API oe véa povtédha. Avtn 1 TpocEyyion
UTopEl Vo LELMGEL TNV TOGHTNTO TOV JEGOUEVMV TOV OTALTOVVTAL Y10 TNV EKTAIOEVLON KoL VO EMLTO-
YOVEL T1] S1OIKAGI0 TPOGAPHOYNS, AEIOTOLDVTAG TV TPOVTAPYOVGH YVMGT TOV EIVOL EVEOUOTMUEVT
OTO LOVTEAQL.

Xoveyme MaOnon kon [lpocappoyi):

Télog, ) dSvvatdtnta v LLMs va pafaivouv cuveydg and Tig aAAAETIOpAcELS TOVS PUTOPEL VOl EVI-
oOoEL TEPUUTEP® TN YVAOOT TOVG Yo To. APIs. Avoddovtog tnv emituyio Kot TV anotuyio TV KAN-
cev API Kot evoopotdvovtag auTi TNV ovaTpo@oddTnor| 6TOVE ETOIEVOVS KOUKAOVG EKTTAIOELGNC, TOL
LLMs pmopodv va Tpocaprocstody Kot vo BEATIOC0VV TIG dSuvaToTNTEG aAANAETidpaong pe Ta APIs.

2.3 BHMA 3: Xyeownopog IoAvoTao1oKNG APYLTEKTOVIKNG

210 Tpito Prpa, e&etaletaln dnpovpyia evoc ToAVGTOdOKOD oYediov Yia TNV evempdtwon twv APIs
oto. LLMs. Avti 1 dadikacio teptiappdavel tov oxedacpd TAGvov dpacng, TV ETIAOYN TOV KOTAA-
AnAov API, t dnpovpyia kiqoewv mpog 1o API ko v eneéepyacio tov anokpicewv tov APL O
oeOOLOG 0VTOC EAGPAAILEL TNV OTOSOTIKOTNTA TNG S10OIKAGIOG KOL TI CUUE®VIO UE TIG TPOBEGELS
Kot emfopieg tov xpno.

Epmvevopévn omo tig dradkacisg mov cuinmOnkav oto [3] ko [ 18], avti n pebBodoroyia eéacparilet
ot ta. LLMs pmopodv va Katavoovv, vo ETAEYOVV Kot Vo XPpNGIHOTO00V oroteAecpatikd ta APIs
Y10 TNV EKTEAECT| TTPAYLLOTIKDVY EPYOUCIDV, EXTEKTEIVOVTOC OTLLOVTIKA TIG SUVOTOTNTEG TOVG TEPO Ol T
YEVWITPLO, KEWWEVOD 1) TNV Katavonon. Edd, meptypdeovpe ta kpiciua oTddio ovthg TG S1adtkaciog
Kol T onuocio kabe Pripotoc.

(Avapopd oto Zynpa 2.5.)

1. Avayvopion kot Katavonon Epyociog

To apyucd otddio nepriapPavetl Ty axpipn avayvopion g tpdecng Tov ¥pnaTn Kot TV Katavonon
NG GLYKEKPIUEVNG epyaciag. AvTo To Prpa sivorl kpicipo, kabhg Bétetl Ta OepéhMa yio TV emAoyn
Tov KatdAAniov API yio v ektéleon g epyacioc. [eprlapfdverl TeyviKég KOTOVONGNG PLGIKNG
YADGGOGC Y10, TNV AVAALGT TOL GLTHHOTOC TOV XPNOTN Kot TNV EEQY®YN OYETIKOV TANPOPOPLDV, OTMG
N emBounTn eVEPYELD KO OTOIEGONTTOTE CUYKEKPIUEVES TAPAUETPOL ATALTOVVTOL Y10l TNV EPYOTIAL.

2. Emaoyn API

Ao M epyacio £xel TPOGOOPIOTEL GOGTA, TO EMOLEVO PriLa sival va emdeyel To kataAinAdtepo API
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Yo TNV OAOKANP@OT] TNG. AVTO TEPIAAUPAVEL TNV OVTIGTOI(IOT TV YOPOKTIPIOTIKOV TOL TUPEXOVTOL
amd ta dbéoio APIs pe Tig amotoeig g epyosiag. Ta kprmpila amdeacng teptropupdvouy v
wovotta tov API va ohokinpmoetl v gpyacia, v a&lomotioo Tov, TNV ToHTNTO OTOKPIoTG Kol
TOOVOG TO KOGTOG. AVTO TO GTASLO LITOPEL VAL YPTCLOTOIGEL Lol GLAAOYT 6oL Ta APIs givar opyoa-
VOUEVE OVAAOYO LE TN AEITOLPYIKOTNTO Kot TOVG TopElg Toug (m.y. To “Rapid’s API Hub” [31] 6mtwmg
ypnoponoteiton ota [5] ko [3]).

(Avagopd oto Zynua 2.6.)

3. Anuovpyia Kijong API

Me 10 kat@AAnio API emideypévo, n dlodikacio ETIKEVIpOVETOL 6T dnovpyia g kKAnong APL
AvT6 TO B0 OTOLTEL T LETATPOTT TOV TOPOUETPMV KOL TV OTOLTHCEDV TNG EPYACIOG G LA LOPPT|
7oV va, Toptalel pe tig mpodtaypoess Tov APL. Iepthappdvet tn dnovpyio tov URL tov endpoint,
™ pébodo (GET, POST, k.Az.) Kot TuyOV OTatTOOUEVES KEPAAIDEG 1 TAPAUETPOVG COUATOC. AVTO TO
e etvon kpioyo, kabmg exnpedletl dpesa v enttvyio g aAinienidpaong pe to APL

4. EneCepyacio Andvinong API

Metd v ektédeon g kAnong API, to LLM npénet va enelepyaotel nv amdvinon mov EAafe. Avtod
70 6TA10 TEPLAUPAVEL TNV avdivon TG amdvnong tov APL v eaymyn Tov oyeTiK®v ded0UEVOV
KOl TN HETOTPOTN TOVS GE LUOL LOPPN Tov Umopel va katovondel kot va yproiponombel edkoia amd
TOV ¥pNoTn. AvaAoya pe TV ToAvTAoKOT T TG amdvinong Tov AP avtd propei va meptropfaver
QATPAPIG O, TOEWVOUNGT 1) GLCCMOPEVCT) OEOOUEVMV.

5. Eveoparocn Avotpo@odotnong kot Exavainyn

To tehikd 6Tad10 TEPIAAUPAVEL TNV EVODUATOGCT TNG OVOTPOPOSOTNGNG amd TV CAANAETIdpacT pe
t0 API oTig peAlovtikég Asttovpyiec. Avtd umopet va TeptAapPavel TNV TPocaproyn TS SLudIKAGTiog
emioyng API pe Bdon v arnddoon N v evnuépmon g pebddov yia tn dnpovpyio kKAcewv API
pe Baon to T0cooTd enttuyiog. Mnyavicuol cuveyovg LaBNoNg LITopPovV Vo EQAPUOGTOOV Yio TN PEA-
tiwon kabe otadiov trng dadikaciog Pacel dedopévav AAANAETIOPACTIC TPAYLLOTIKOD KOGLOV.
Epmvevopévn amod to [3], avt n dounpévn TpocEyyion Tpog v evowpdtoon tov API sival mpo-
TapyIKNG onpaciog ywo tn dnovpyio Al-agents mov pmopovdv va ypNGILOTOOHV UTOTELEGLOTIKG
eEotepikd APIs. EEacpaiilel o cvotnpotiky dadikocio omd v Katovonon Tov athdTtov Tou
YPNOTN HEXPL TNV EKTEAEST] TV EPYacIOV LEc® APIs, evioyvovtag £T61 T AgttovpydTTa KO TV
epoppociotTo T@v LLMs o¢ mpaypatikd cevapio. ‘Eva 1£1010 6evEplo mov €xel TPaKTIKO evOla-
@épov glvar 1 "kpdnon owakormv”. Iapakdtm eEnyovue nog epoappdletal kdbe Pripa oty epyacio
™G KpATNomNg dakondv pnécw evog APl ypnoonotwvtag éva LLM.

Av évag ypnong ewcaydyel "OElm vo, kKAelow dtaKoméc o mapoiio otnv EAAGdO yio TNV mpdtn €fd0-
uada tov lovdiov”, o LLM dakpivel v gpyacia (kpdtnorn dokonmv), tov tomo (rapodia), v
tomoBecia (EALASQ) kat Tov ypdvo (mpdtn efdopdada Tov loviiov). [a v kpdtnon dakondv, TO
LLM eméyer APIs and évav To&d10Tikd Topéan yio ttioelg Kot Eevodoyeia, e&acearilovtag 0Tt Ko-
AOTTTOVY EAANVIKOVE TTPOOPIGLOVG KOl TPOGPEPOLV ETIAOYES Yo Tapafardooio kKatalvpata. o va
Bpet mapabardooia Eevodoyeio otnv EALada, to LLM dnuiovpyel éva aitmpa GET oto API xpd-
mong Eevodoyelwv, Tepthapfdvovag mapapétpovg yio v tomobecio ("EALGSA’), TIG nuepounvieg
(’mpodtn €fdopdda Tov loviiov”) kot @iktpa yo "mapabaridocia akivnTa”. Xt cuvéyewn, 1o LLM
eneEepyaletar tn Aota tov ntapabordociov Eevodoyeimv, dtoréyovtag peptkég emloyég faoet ato-
Aoynoewv, dtabeoiotntag Kot Tins. Téog, mapovstalel avTtég TiG ETAOYEG GTOV XPNOTN LUE GLVO-
TTIKO Kol EVIUEPOTIKG TPOTo. Elvan onuavtikd vo onpetmbei 4tt pue féor v ETA0YR TOL XP)OTI, TO
GUGTNLA LoBOIVEL TPOTIUNOELS, OTMC TPOTEPALITNTA GE EMAOYEG YOUNAOD KOGTOVE 1) CUYKEKPLUEVEC
OVEGELG, PEATIOVOVTOG TIC LEAAOVTIKEG EKTEAEGELG EPYACLMY. AVTN 1 GUVTOUN avdAvor kibe Pripa-
TOG, TOV TOPOLGLALETOL GTO TAPASELY LA ~KPATNON SLAKOTMV”’, VIOYPUUUILEL TNV TOALTAOKOTNTA Kot
™ duvortotnto eomiiong Tov LLMs pe e&otepucd APIs yio tnv extédeon TpaypoTIK@OV £pYOCIAOV,
TaPoLSLAloVTag Lo GNUAVTIKH TPd0d0 oTIG duvatodtnTeg TV Al-agents.

(Avagpopd oto Zynua 2.7.)

29



2.4 BHMA 4: Mnyoviopoc Emioyic API

To tétapto Prpa apopd T dNpovpyic EVOG UNYOVIGHOD Yo TV ETA0YN TOL KatdAAnAov API Bdost
GUYKEKPILEVOV KPUTNPIOV OTT®G 1] CUVAPELD LE TNV €PYaCia, 1 amddooT, 1 a&loTIoTio, Kol TO KOGTOC,.
Avt 1 Swdwkaoia eEacparilel 6Tt 1o emAeypévo API ivar To Mo KatdAANAo Yoo TV eKdoTOTE €p-
yooico, PEATICTOTOIOVTAG TNV OTOSOTIKOTTO KOL TV ENLTUYIN TOV AAANAETIOPACEDV.

To axdAovBa eival Ta KOPLO KPLITHPLO KoL Ol UNYOVIGHOT TOL TPETEL VoL ANGOBOLY VITOYLV:

2.4.1 Kprmpu yro tnv Emioyn API

1. Zvvagewa pe v Epyacio: Ot otdyot g epyaciog npénet va vrootpilovron dpeca and to APL.
2. Kérvyn kor Evpog: To API mpénetl va kaAdmtel OAeg TIC OmMOpAiTNTES VINPESIES KOl YEWYPOUPIKES
TEPLOYEC.

3. Ar6ooon ko A&rometia: [Tpotipdvtar APIs pe vynAn aglomortia, yopunin kabvotépnon kot ypn-
YOPOLG ¥POVOVG OTOKPLOTNG, Y0 VO TPOSPEPOVV L0, OLLOAT EUTTELPT YPOTN.

4. ITowotnto ko Akpipera Agdopévov: To API mpénel va mapéyel a&lOmIoTEG, EVNUEPMUEVES Kol
axpifeic mAnpopopieg, KATL IOV Elval AMAPAITNTO Yo EPYUGIESG TOV ALALTOVV JEGOUEV GE TPOLYLLOL-
TIKO YPOVO 1 eEEIOIKEVUEVEG AETTOUEPELEG.

5. Kéotog kon Opra PvOpod Kiijeeov: To k6ot T00v AP, kabdg Kot Tuxdv 6pto pubpod KAncemv,
npénel va evbuypappifovral pe Tov TpoHTOAOYIGUO TOL £PYOV Kol TOV TPOPAETOUEVO OYKO YPTNOTG.
6. Texpnpioon kot Yrootipién: Kold texpunpiopéva APIs pe capeig odnyieg ypnong kot evepyd
(OPOLY VTOGTAPIENS VOl ATOPOITNTO Y10 TV ATOTEAEGHOTIKY] EVOMUATMGT KOl TNV OVTIHETOTION
TpoPANUdT®Y.

7. Ac@arero koL Amoppnto: To API mpénet vo akorovBei avotnpd Tp®@TOKOAAN OOPAAELNG KL OTTOP-
prTtov, Wiaitepa 6tav xepileton evaictnta dedopéva ypnoTmV.

Ag e&etaoovpe To mapaderypo e "Kpdtnong Alakondv”’ BACEL TV TOPUTAVD TOPAUETPOV:

Ortav évag ypriomg {ntd Pondela yio v kpdtnon dwaxondv, o LLM Ba avayvepicsl tpota Tig
OTTOLTNGELS TNG EPYOCIOG, OTMG O TPOOPIGHOG, Ol UEPOUNVIES KO Ol TPOTIUNGELS. LT GLVEXELWD, Oa
avalnmoel tov katdroyo pe to APIs, piktpapovrtag ta taédintikd APIs mov KaAdTTOUV TOV CLYKE-
KPWEVO TPOOPIGHO Kot TIG NUEpOuMVieg. O punyoviopudc eTthoyng umopel va SOGEL TPOTEPALOTNTO GTA
APIs Bdoel TV TPOTIUAGEDY TOL ¥PNOTN Yo EMAOYEG YOUNAOD KOGTOVE, VYNAEC a&L0AOYNOELS Kot
0eTikd GYOAL0 OTTO TPONYOVUEVEG EVEOUATOGELS. APOV OMovpyndel pia chvroun AMota KaTdAANAmV
APIs, 1o LLM emAéyet to API mov tarpialer kalvtepo ota kpitipto. MEc® anTdV TOV KPLTNpimy Kot
unyavicpmv, 1 dadikacio emioyng API yiveratl pio cuvBetn, moAvdidotarr dadikacio Ayng amo-
oacewv, dtao@orilovtag 6ti ta LLMs umopovv va a&lomomoovy anotehespotikd sEotepikd APIs
Y0l VOL ETEKTEIVOLV TIG SLVATOTITEG TOVG KOl VO EKTEAEGOVV £VaL EVPV PACLO EPYOCIDV LLE LEYOADTEP
akpifela, amrodoTikdTNTA KOl IKavomoinon xp1oth.

To ”Kprripro Zvvaeetog pe v Epyacia” eival Oepehiddec otov pnyaviopd emhoyng API yuo
dtoovvoeon Meyarov Nhoooikov Moviélmv (LLMs) pe eEmtepikd epyaleio kot APIs. Avtd o kpt-
ptlo dtooAilel 6t To emieypuévo API gvbuypoppiletal ovGLUOTIKA e TOVG GUYKEKPIUEVOVS GTO-
YOV¢ NG epyociog, dtacpariloviag 6Tt To LLM umopet va a&lomotnoet amoteleouatikd to API yia
VO IKOVOTTOINGEL TO aitnua Tov ypnotn. Eddm, e&etdlovpe tnv a&loddynon tng cuvaeelog evog API pe
pio OESOUEVN £PYOCIN, YPNOLLOTOLMVTIOS TO TAPAIELY LA TNG KPATNONG TOEWODV Yid vo, EENYHooLLLE
NV VVOlo AETTOUEPDG,.

Agrrovpyisg Zuykekpyuéveg o v Epyacia:

O mpotapykos mapdyovias otov kabopiopd e cuvagelog vog API eivar to chvoro Tmwv Aettovp-
yiov tov. T'a o epyasio 6mwg 1 kpdtnon taldidv, 10 API npénel va TpoceEpel GUYKEKPIUEVES
duvatdtnTeg Tov oyetilovral pe TNV avalTnon TTNoE®V, TNV KPATNon KATOAVUATOV Kol {00¢ el
TAEOV VTINPEGIEC OTMG EVOIKINGT ALTOKIVITOV 1] KPATNOELS OpaoTnplotHTeV. Ot Bacikég Asttovpyieg
tov API pénet va evbuypoappilovat He TIC OmaLThGELS TG EPYACTIAG, Yia VO SIoQOMOTEL OTL Umopel
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vo. EVTNPETNOEL TOV EMIIWKOUEVO GKOTO.

I'eoypaeuy Kaivyn:

lNo epyacieg pe yemypapid otoyeio, Om®S 1 KpAtNnon TaSdidyv, 1 Ye®ypapikn Kaivyn tov API eivan
kpioyn. [Ipénel va vrootpilel epOTALOTO KOl GUVOAAAYEC Y10 TOVG GUYKEKPILEVOUG TPOOPLGHOVS
Tov gumAékovtol otnyv gpyacia. ‘Eva APl mov mpocpépet exteveig kataympioels Eevodoyeiov otnv
Evponmn oAl nepropiopéveg emhoyég oty Acio dev Ba )TV OYETIKO Y10 TOV TPOYPOAUUATICUO EVOG
ta&16100 oto Tok10, Yio TOPASELY LA,

MolvrrokétnTo Evoopdtoong ko Zopfatotnta:

H ypnowotta evog API enmnpedletal eniong amd to 1060 €0KOAO gival va evempatwbei 6to vadpyov
010, 1010iTEPQ ATTO TO TOGO KOAG AEITOVPYEL LE TIG LOPPEG OEGOUEV@V KOL TNV OPYLTEKTOVIKT TOV
LLM. Av ko éva API pmopet teyvikd va, vrtootnpilel Tovg 6Tdyovg TG epyusiog, LTopel vo unv eivat
€&lo0v KOTAAANAO av ¥peldleTOl ONUAVTIKT TPOGAPUOYN 1 EPYACI0 LETATPOTNC.

A&oroynon Xovagelog

Avaokénnon Texunpioong:

M Aemtopepng €étaon g tekpnpimong tov API umopel va amokaAdyer Tic duvaTdTNTEG TOL, TAL
HOVTELQ, OEQOUEVDV KaL TIC VITOSTNPLLOUEVES AELTOVPYIEC, TAPEXOVTOG TANPOPOPIES Y10, TO OV TANPOL
TIG avllyKeG TG epyaciag.

Avéivon Hepurtdoemv Xpijong kot lapaderypdrov:

IToAAG APIs mapéyovv mopadeiyloto | TEPITTAOCELS ¥PNONG OV AmEKoVILovV TUTIKEG EQapproyés. H
OVOOKOTNGT oWTOV propel va fondncetl oty a&lohdynon tov m6co kaAd ot duvatdmreg Tov API
1KOVOTIOLOVV TIG OTOLTIOELG TNG EPYOCIAG.

Aoxipn] kon "Ergyyoc:

€ OPIGUEVEG TEPIMTMGELS, 1 SEEQYMYT LOG SOKILACTIKNAG EVOOUATMONG 1) EVOC SOKLLAGTIKOD £PM-
THHOTOG UTOPEL VoL TPOGPEPEL AEST BEI0AGYT oM TG SLUVAPELNG ToL AP, emtpémovtag pio eumelpikn
EKTIUNON TNG KOTAAANAOTNTAS TOL Y1, TNV €PYACIiaL.

210 mopdderypo "Kpdtnon Ataxondv”, ag vrofécovpe 0Tt Evag ypnotns {ntd Pondeta yia v Kpd-
on dakon®v otnv EAAGS, cupmephafovolévOY TOV TTNOEMV, TOV KATUAVUATOV Kol TOV dpo-
ompot)tev. To LLM, oto omoio €yel avatedel va ekmAnp®cel avtd To aitnpa, TPEmel Vo emAEEEL
APIs mov vrootnpilovy QeSO 0VTOVS TOVE GTOYOVG:

* API Kpatnong Iltosomv:

[Ipémel vo mpocpépet pia oAokAnpouévn Baon dedopévav TTHcemy Tpog kal and tnv EALGSa, emt-
tpémovtag avalnToelg PACEL UEPOUNVIDV, TPOTIUNGEDV (T.Y. YOPIG CTAGELS) KUl TILOV.

* API Kpatnong Eevodoysiov:

[pénet va Tapéyel mpdcPacm oe o evpeia ykapo Kataivpdtov otny EAAGSa, e SuvaTdTnTEG TOV
EMTPENMOVY GTOVG YPNOTEG VA, PIATPAPOVY KOTA Tomobesia, a&loAdyno, T Kol OVECELS.

* API Apactyprotitov:

[Ipémel va kaAdmTel yoyoyoyikég dpactnptotntes mov ival dtabéoiueg otny EAAGSQ, Omwg mepunyn-
OELG, LOVOELD KO AAAEG EUTELPIEG, [LE SUVOTOTNTEG KPATNONG.

KéBe emeypévo API mpémet Oyt LOVO va TPOcPEPEL TIC 0GTEG Aettovpyieg, aAld kot vo eEacaiilet
EVNUEPOUEVT] KOl OAOKANp®WIEVN KGAvYM emthoydv otnv EALGSa, yio va Bewmpeital oxetikd yio v
gpyocio. AELOAOYDVTOG TPOGEKTIKA T cLVAQELD vOg API e Tovg 6TdY0VG TG epyaciag, Lmopel Ka-
Veig va PEATIDCEL GNUAVTIKE TV IKOVOTOIN G TOV ¥PNOT.

Agntopépereg Yromoinong - Metpikn} Oporotnrog Xvovyutovov:

e avto TO oMEio, SIVOLE ol GVVTOUN EMCKOTNGN TOV TAOSG EQUPUOLETAL 1] EVVOLld TNG OHOLOTH-
tag cuvnutdvov otr dadikacio emioyng API Bdcel cuvageslog, e T ¥pNon YEVIKOV apydV oTN
punyavikn padnon ko v eneéepyocio puoikng yAonosag (NLP). H opototnta cuvnutrdovov givor pia
LLETPIKT] TTOV YPTGLLOTOLEITOL Y10 T1 HETPTOT] TNG OLOLOTNTOG SVO SLOVUCUAT®V GE EVOV TOAVIIACTOTO
YDPO, GLYVE YPNOYLOTOLOVUEVT GTO TAOIGLO TNG AvAAVoNG KEWWEVOD. YToAOYILEL TO cuvnuitovo g
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yYoviog Heta&d 000 SVUCUATOV TOV, GE VTN TNV TEPINTTOOT|, UTOPEL VO AVIITPOSMOTEHOVY TNV TTE-
pLypaen g epyaciog EvOg xpnoTn Kot TNV TEPLYPOP] TG Acttovpykotntog evog APL H tyum g
LLETPIKNG OLOLOTNTOS CLVIITOVOL Kupaivetar and -1 €éo¢ 1, dmov to 1 vodnidvel Tavtdonun KoTed-
Buvon (M téhela opordtnra), To 0 vVTodNAmVEL 0pBoywVIdTNTA (Kapio opo1dTNTa) KOt TO -1 VITOINADVEL
avtifen katevBuvon.

Eqappoyn otnv Emioyn API Bdosr Zovaesrog:

Katd v emioyn APIs pe fdon tn cvvapela pe pio 6edopévn epyacia, ol TEPLYPAPES TOCO TG EPYO-
clog 0600 kol Twv APIs umopovv va petatpamody 6€ StavOGHOTO YPTCLLOTOIOVTOS TEXVIKES OTMG TO
TF-IDF (Term Frequency-Inverse Document Frequency) 1} evo®pUaTd®GEIC TOL dNULOVPYOVVTOL 0T
HOVTELD YADGOoOG. MOAG peTatpamody Ge SlavOoUaT, UTOPEL VO VTOAOYIOTEL 1] GLYYEVELD cosine
peta&d tov davdouaTog TG epyaciog Kot kdbe davoopatog API yia va mpocsdiopiotel 1660 oteEVA
evBuypappiletar n Aettovpykotnta Tov kébe API pe Tig anaitiosgig g epyociag.

1. Avavvopatomoinon:

Metatpomn TV TEPLYPUO®V KEWEVOL TNG epyociag kot Tov APIs o dtovdopata. Avtd pmopel va
nepthappdvet:

* EEayoyn yopaktnpiotikav yproyoroidvrag to TF-IDF, divovtag éupaon otig Aé&eig mov gival ou-
YVEC G€ Eval £YYPapo aALA OxL 6€ OO T £YYPOPaL.

* XpNo1Honoinon TPoeKTAUOELHEVOV EVOOUOTOCEMV AEEEMV amd povTéla O0ntmg To Word2Vec 1 10
BERT [8] yia v avorapdotocn AEemv 1 PACEDY GE OLOVUCUATIKO D PO.

2. Yroloyiopog Opotdtntog Xovnuitovov:

INo kéBe API, vmoAoyiopdg g cuyyévelog cosine HeTa&d TOL SLavOGUATOS TOV Kot TOL SlovOGUATOG
NG EPYACING YPMNOOTOUDVTOG TOV TOTO:

A-B

cosine similarity = W

6mov A ko B givon o1 Srovuopatikég avanopaotdosls tov API kot g epyaciog, avtiotorya kat [|Al|
ko ||B|| givon o péTpa Tovg.

3. Kataraén ko Emioy:

Katdraén tov APIs pe Baon tnv opotdtnta cuvnutdovov pe to dtovdopa, tng epyaciog. To API 7 ta
APIs pe v vymidtepn Pabporoyio Bempodvol To TO GYETIKE LE TNV EPYOCiO Kot ETAEYOVTAL Yol
EVOOUATOON.

EZe10ikevpéveg AETTOpNEPELES

* Msimon Aweotaoemv: Ta vynAng 6146Taong StvOCUOTH PUTOPEL VO OTOLTOVY TEYXVIKEG LEIMONG
dwotdoewv (.. PCA) yio ) Bektioon g VIoAOYIGTIKG ATOd0TIKOTNTAG YWPIG CNUAVTIKY Topa-
YDOPNOT OTNV IKAVOTNTO COAANYTG TG CNUAGIOAOYIKNG OLOOTITOC.

* Evoopotooceic Zopgpalopévov: o moATAoKeg EpYACIES, Ol EVEOUATACELS GUUPPALOHEVOV 0Tt
povtéda 6mwg to BERT [8] 1 to GPT [7] unopel va wpotipdviot Evavtt arlodotepov Lebodwv dia-
VOGUOATOTTOINGTG, KOOMDG AITOTUTMOVOVY KAADTEPQ TIG YAMGGIKEG OVTOTITEG.

* Opro0étnon: H epappoyn evog opiov yio tnv opotdTnTa cuvnutdvou uropei va fondnocet 6to g~
tpapiopa v APIs mov Bpickovial kKdT® amd £va GLYKEKPIUEVO ETITEDO GUVAPELNS, SLUGPAAILOVTAG
oTL uovo 1o mo oyetikd APIs Aappdvovtal vroyty yia emidoyn.

2.4.2 Mnyoviepoi Emioyng API

1. Katahoyog pe APIs kon Metadedopéva:

H Swtrpnon pog cviroyng APIs kot petadedopévav GYeTIKA [LE TN AEITOVPYIKOTNTA TOVG, TO KOAD-
TTOpEVE OEHATO, TOVG OEIKTEG ATOO0GTG KO TOVG OPOVG XPNONG, EMTAYVVEL TN S10d1KaGi0 ETAOYNC.
* Kamnyopromoinon: Ta APIs opyavmvovtot og katnyopieg fAcEL TOV TOREN EQAPUOYNG TOVG (7). TO-
&Eida, owovopukd, vyelovopkt Tepifaiym).

* Yyohaopog Metadedouévov: Kébe API cuvodevetar and petadedopéva wov tepthapfdvovy tig dv-
VATOTNTEG TOV, TOVG OEIKTEG ATODOOT|G, TO KOGTT YPNONG KO TOVG TEPLOPLOLOVC.
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2. Avtopatomoimpévor AkyopiOpor Avtietoiiong:

H 61adwcacio emloyng Wmopet vo ouTopatomotnel xpnoomoldvTog aAyoptOovs yio TV avTioToi-
Y1OT) TOV OTOITHCEMVY TNG EPYACIOG LE To peTadedopéva Twv APIs. Avtoi ot adyopiBpot eivar o Béom
va katatdocovy To APIs cupgpova e To OG0 KOAG IKOVOTolo0V TIG ATOLTOVIEVES TPOJLOYPOPES.

* Enelepyocio @uownc MAmocag (NLP): Avaivon tng meptypaong g epyaciog yio Tnv eEoywyn tav
Bacikdv arotticemy.

* BaBpoAidynon kau Katdroaén: Ot adydpiBuot a&ioloyovv ta APIs pe fdon tao kpiripia avtioTtoiyiong
K01 TO KATOTAGGOoVV avaioya. Texvicég 0nme 1 opoldtnta cuvnttdvou Hropohiv va xpnotporom oy
€00.

3. IIpotiposig Xpnotdv kot Iotopikd Agdopéva:

H 6wdwcocio emioyng pmopel va Bertindel meptlapufavoviog TpoTiuioelg xpnotov Kot dedouéva
0Tt TPOTYOVUEVES ETAOYES, Oivovtag TpotepardTnTa oto. APIs mov minpodv Ta kabopiopéva Kpith-
PLOL TOV XPNOTAOV 1 £X0VV OeiEEL ATOTEAEGUATIKOTNTO GTO TOPEAOOV.

* [TpoiA ITpotyunoewv: Ot yprioteg umopodv va kabopicovy TPOTIUAGELG TOV YPNGLOTOIOVVTOL Yo
TO QIATPAPIGHLO 1) TV TPOTEPALOTOINGN TV eMAOYDV APL.

* Avéivon Zvuppalopévav: To cvotnuo Aappavel vTOYY To TANIGIO TOL ATHHATOG (). YE®YPOL-
Q1K1 TomoBecia, MPo TS NUEPAC) Yo TNV EMAOYN TV KataAnAidtepwv APIs.

4. Avvapikn A&oroynon:

Ot tgyvikég dvvapikng a&toddynong mov dokipdlovv ta APIs og mpaypatikd ypdvo yuo va a&loro-
YNGOLV TNV TPEYOVGA ATOS0CT] KOL TV TOLOTNTU TV OESOUEVMOV TOVG UTOPEL VO EIVOL YPIOLUES Y10l
gpyocieg 6mov moAAd APIs pumopel va givor KatdAAnAa.

* Aok APIL: AmootoAn detypdtov artnudtov oto APIs yuo v extignon g amddoong Tovg Kot
NG CLVAPELNS TV ATAVTGEDV TOVG.

* [Ipocappootikr Extioyn: To cuotnua tpocapurolel duvopkd tig emaoyéc API pe faon ta omote-
AECLOTO QVTAOV TOV SOKLUMV.

5. Bpéyor Avatpo@odotnong:

H ocvveyng Bertioon dwaceariletor péowm g eykatdotaons fpoxmv avaTpo@odoTnonG OOV 1) 0ro-
TEAEGLLOTIKOTNTO Kot 1 €MLTVYi0 TV Tpootadeldv evempdtoong APl mapakoiovBodvton kat ypnot-
LLOTO100VTOL Y10, TV EVIILEPMOOT TOL KaTahdyov TV APIs kot Tov adyopiBuwv emiioyng.

* Evoopdtowon Avatpo@oddtnong Xpnotov: Ot a&loloynoelg kot to. YO0 TV Yp1NoTOV Yo TNV
amddoon twv APIs ypnoiponotodvtat yio T pOOON TOV HEAAOVTIKGOV ETAOYMV.

* Avéivon Amodoong: AvAADGT| TOV TOGOGTOV EMITVYING KO TNG ATOS0TIKOTITOG TMV EVOMUOTOCEDY
tv APIs ya v evnuépmon TV TPocaploYDV TN S10dIKAGIo ETIAOYNC.

6. @irtpa AGQArELOS KOL ZOPUPOPOOGCTG:

H gpappoyn mpotdinmy ac@AaAielog Kol 0ToLTCEMY CUUHOPPOONC ATOTEAEL PIATPAPIoHO 0T SladiKa-
oia emioyng API kot dtacearilel 0Tt Ta emdeypéva APLs minpovv ta opyavmtikd 1 N0ikd tpdTuTa.
* 'Edeyyor Zoppdpemong: Emaindsvon 611 tar APIs cuppop@®@vovTal [LE TOLS GYETIKOVG KOVOVIGIOVG
TPOCTAGIOG HEGOUEVOV KO ATOPPTTOV.

* AZlohdynon Acoedielag: AEI0AGYNON TV HETPOV OCQUAELNG Kol TV TpOTOV onueiov tov APIs.

Muo evolapépovca péBodog emroyng API og 2 enineda ypnoiponoteiton 6 TPOGPUTES TPOGEYYIGELS
onwg 1o [18] kat o [S]. ZTo mpdTo Prina TS HEBOOOV emAéyeTal £vac TOUENSG TOV TTEPLEYEL TOAAG
APIs (.. and 11¢ 49 xatnyopiec g cvAloyng tov [31] dnwg paivetor oto Zynpa 2.9). Xt cuvéyea,
emAéyeTOL TO Mo KatdAAnio API yia v epyacia pe Baon pia mpokabopiopévn HETPIKT ~“Zuvap-
on Andlelng” (0nmg e€nyeitol Aentopepmg 670 [ 18]). Me Aiya Aoyia, ot kAnceig AP giltpdpovton
duvapkd pe Paon  cvpPoAr Toug otnv akpifeia TPOPAEYNG, TOGOTIKOTOMUEVT OO L0 CLVAP-
mon andrewg Li(z). Avt n ovvéptnon opiletan og Li(2) = — >0 wj—ilogpa(wjlz, v1:5-1),
omov w;_; elvar Bépn mov pewdvovton pe v andotoon omd T 0€on ¢ Yo vo 600el Epgaocn otig
mo aueceg cvpPorég kon logpas (252, £1:5—1) vIOdNAGVEL TO AoyapBpo TG ThAVOTNTOG TOPOTH-
pPNONG TOL GTOLXEIOL T OESOUEVOD TOV GLUPPALOHEVOL 2 KL OAMV TV TPONYOVUEV®V GTOXEIWV.
O kMjogig API dnpiovpyovvral o didpopeg BEoceig g axolovbiog Kot 1 xpnodTnTd ToVg alo-
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Aoyeiton pe Pdon ™ Pertioorn mov mapéyovv otV amdO0CT TPOPAEYNG TOL LOVTELOL, dNAGON TN
peimon g vworoylopevng omdietog. Movo ot kKAnoelg API mov 0d1nyodv 6 oNUOVTIKY HEl®oT TG
ATOAELNG H10TNPOVVTOL, EMTPEMOVTOS OTO LLOVIEAO VO YPNOLUOTOLEL EEMTEPIKEG TTNYES TANPOPOPIOV
OTOTEAEGLOTIKG Kol Vo, BEATUOVEL T GUVOAIKT dtadikacio AynG aroedcewy. Avti 1 texvikn Bupilet
alyopifuovg ’meptkonng Tov Y®pov avolntnong’.

Avtoi o1 unyavicpoi, 6tov cuvdvdlovtal, oynuatilovy £vo OAOKANP®UEVO TAAICLO Yio TNV ETAOYY
API, docparilovtog 6Tt Ta emtheypévo APIs dev givar povo teyvikd tKova va EKTANPOGOoLY TNV Ep-
yacio oA kot evBuypappilovtal Le TIg TPOTIUNGELS TV YPNOTOV, TIG TPOGOOKIES IO KOl TIG
OTTOUTI|GELS AOPAAELOG.

(Avapopd ota Zyfpata 2.9 kot 2.10.)

2.5 BHMA 5: I'evvijtpro. Kijosov API - Avainyn Apaong

To méumto Pripa meprypdpet tn dodikacio dnuovpyiag kot ektédeong kAoewv API. Xe avtd 1o otd-
o0, T LLMs ypnoiponotohv ) yvdor Tov €00V OTOKTHGEL Y10, VO OILUOPPDOGOVY KOl VO EKTEAE-
covv kKAMoelg Tpog Ta APIs, amockondvtag oty eniAvon cuykekpluévov epyacidv. H akpifeio kot
1] GUVETELD OTT] SLUUOPP®OT TV KANoE®V gival kpioyun, kabdg emmpedlel dupeca Ty To1d0TNTU TOV
OTOTEAEGLATOV TNG OAANAETIOpaomg pe Ta APIs.

Eivar onpovtikd va kotovoncovpe T ¢OoT TG EPYACIOG TPV TPOXMPNGOLLE 6TV eKTéEAESN. YTdp-
YOLV amAEG epyaciec” mov amaltovv povo Kelevikn £6060 (m.y. I'pdye éva cOVIONo Topapvbivio
ToinHo oV va TEPIAAULBAVEL £VaV dPAKO Kot [t TPLYKIMIGO...”), VIAPYOVV EPYAGIES TOV ATOLTOVV
emkowvovia pe eEmtepkd epyoleia (m.y. "Oa Ppé&el adp1o;”) kol TELOC, VILAPYOVY EPYOUGIES TOL OOl
TOUV TPOY®PTUEVT] GLALOYIGTIKY] KO - KOTA KATO10 TpOTO - pia “mpatun” popen g [evikng Texvn-
™™g Nonpootvng (AGI) (m.y. Aedopéving g €KOVOS TOV YVYEIOL OV, UTOPEIS VO TPOTEIVELS [LioL
YPAYOPT CLUVTOYT TOV EV OTOALTEL TN XPHOT) TOL POVPVOV [LOV;” 1] "AESOUEVNC LG TAPTITOVPAG, UTO-
peig va Tpoteivelg Evav Aoyiko SakTVMGUO doTe va pmopel £vag maviotog va Toigel To KOUUATL;™).
[Mopakdtm ovaAdovpE 0VTEG TIG 3 KATIYOPIES EPYUCIOV AETTOUEPDC.

(Avapopd ota Zynpota 2.11 ko 2.12.)

2.5.1 Kepevikn £€0d0g

Ta tpdopata LLMs £yovv katapépel amokpicelg mov poldlovv pe avBpomivo keipevo. Moviéda 6T
70 ChatGPT kot 10 PanGu givan €opeticd oty mopaymyn KEWEVOL TOV iVl GUVAPES KOl GUVEKTIKO.
Avtn 1 emovaotaon Exel avoiet Eva evph PACLO EPUPLOYDY OTOL 1) TPONYLEVN, EVEAMKTY ENEEEPYO-
ola YAdooag eival amoapaitnn, 0nmg 1 e&umnpéton telatdv kot i dnpovpyio mepieyopévov. Eva
a&loonUEI®TO YopakTnPLoTikd Tv LLMs gival 1) ikavotnTd Toug vo Topdyovy KafodnyoOUEVES amo-
Kpicelc. Avtd onuaivel 0Tt 01 ¥PHOTEG LTOPOVV VO TPOGAPUOGOVV TIC ATOKPIGELS Y10 VO OVTATOKPL-
BoVV o€ CLYKEKPUEVES OVAYKES KO KATOOTAGELS, KATL TOV Elval KPIGULO Y10, 1d1oiTepal EEEIOTKEVIEVEC
gpyaocieg 6mmg 1 dnpovpykn ypaen 1 1 eéatopkevpévn emkowvavia. H gveliéia kot n ypnopodtnta
TOV HOVTEA®V OTOSEIKVOETOL A0 TOV TPOTO EVEMUATMOONG TOVS G€ TOAAEC Propmyavies, YEYovOg Tov
OVTITPOCMMEVEL L0l GNULOVTIKT TPOOSO GTNV KOTOVONOT| KOl TOpaymyn avlp®dmivng YAOGGoG 0o -
yovég. KaBdg avtég ot teyvoroyieg eEelMacovtatl, £(ouv Tr SuvVaTOTNTO VO LETALOPPDGOVY TANPOG
T1G €QOpHOYES TNG Al BEATIOVOVTOG TNV OMOTEAEGUOTIKOTNTO KOL TV d1o1sONTIKOTNTA TOV YNPLOKGOV
TAOTPOPUDV KOl YEPUPOVOVTAG TO YAGHO HETOED avOpOTIVIG Kol punyavikng emikowvaviog. o va
VIOYPOLULIGOVLE OVTH TNV TEXVOAOYIKT TPOOJ0, TOPEYOVLE £VO LUKPO TOPAOELYLLOL TOPOYMDYNG KELLE-
vov 610 Zynua 2.12.

(Avagopd oto Zynua 2.13.)

2.5.2 Xpnon gpyoireiov

To epyaieia TopEYovV Ho TOADTIUN EXEKTACT TV duvatoTHTeV TV LLMS, emitpénovtog mo amote-
AEGLLOTIKN KOl EVILEPOUEVT OAMOKANpmOT TV gpyactdv. o mapddetypa, 6tav Evag ¥piotng poTtd
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v Tov Kopo, to LLM Oa wpénet va pumopei vo cuvdebel pe éva “Epyodeio [TpoPreyng Kopov” yua
Vo TOPEYEL PO AOYIKT AavINnom, Ommg eaivetatl oto Zynua 2.13. Ta LLMs £yovv 1epdotio 6yKo
YVOOGEDV, dALA dEV £XOVLV TN SuVATOTNTA VO £YO0VV TPOGPUCT) G dEOOUEVH TPAYILATIKOD KOGOV GE
amevBeiag ovuvOeoN. AVTOG 0 TEPLOPIGUOC LITOPEL GLYVA VO 00TV GEL GE TOPAVONCELS TOV EPMTNLA-
TOV TOV YPNOTOV 1 6€ YeVdelg yvooels. [a va HeTplasTovuy auTol o1 TEPLOPIGHOL, KATAGKEVALOVLE
Al-agents mov PUITOPOLV Vo ETKOWV®OVOVVY LE TO eEmTEPIKS TEPIPAAAOV HEc® epyoreimv Kot APIs.'Eva
A0 TAEOVEKTILOL TNG LKOVOTNTAG XPNoNG epyoreinv and Tovg Al-agents eivor gppavég oe Topeic
VYNNG onpaciag (.. VYELOVOUKY TEPIBaAYT), YPTLOTOOIKOVOLUKE). X& TETOEG EPAPLOYEG 1) Ola-
Qavelo, ivat kpioiun, oAl 1 dadikacio Ayng aroedacewv tov LLMs givat ouyvd cav éva ”uadpo
kovti”. O géomMopog tov LLMs pe epyaieio odnyel o€ avénpévn epuUnveLcIOTNTO, KOt 0vOEKTIKO-
TNTO Kot TApEYEL £VOL TTO OEIOTIGTO TAIGIO Yo T AQYT OTOPACEDY, AVTUVAKADVTOS LUK SOUNUEVT
pocEyylon o€ moivmhoka tpofAnpata. Ta LLMs npémet va £xouv pio TANpT KOTavonon TV epap-
LOY®V TV EPYULEI®V DOTE VO, T XPNOUOTO0VV amoTeAespoTikd. Ta LLMs umopovv va piunfotv
T1g SrodKacieg padnong tov avlparov (w.y. avadedpnon eyyelpdiov 1 Tapakoiovdnon GAlwov ypn-
OTMOV) Kol Vo PEATIOGOVV TIG 0eE10TNTEG XPNONG EPYULEIDV TOVG LEGM TEYVIKMV OTMG 1| EKPLAONON LE
Mya mapadeiypata. H petdfoon and ta LLMs og Al-agents ypriong epyoieimv vTOINAGVEL piol oA-
Aayn Tpog 6A0 Kot o £Evmva Kot avtdvoua cuotipoto Al

2.5.3 Evoopoaropévny owadpaon

Xmv gmoyn tov LLMs kot tov teyvoroyimv Al, sivar Aoyikd va eoavtaldpoaote 1o péAlov g Le-
vikng Teyvnmg Nonpooovvng (AGI). H ”Y7rd0eon g Evooudtoong”, mtov vrootpilel 6t ) von-
HOGUVI OVOTTTUGGETAL PHECH GLVEXILOUEVNC TTEPIPOALOVTIKNG OAANAETIOPAONC, ATOTEAEL OTLLOVTIKNY
nyn éumvevong yio v Evoopoatopévn dtddpaon, n oroia divel EUeacn ot onuavTikh PeETdfoon
oo ToV Yynelokd 6tov UGk KOGHo. AvTth 1 akpPig vedbeon Bupilel T Sidonun EIAOGOEIKT GYOAN
tov [TAdtwva, tov Apyaiov EAlnva @1hocdeov. O [Midtwvag avéntuée t Bempia 0Tt pEc® TG " Avd-
pvnong” (wov elvar pua eEgpebhivnon e LVIAUNG TOL ATOLOV) £Vl ATOUO UITOPEL VO ATOKTNGEL YVAGN
onuavTikdv aindeimv (1 aAldg "Tvoon”). Ot mapadociakoi aiydpiBpol unyavikig pabnong (ML)
nepropilovial 6To emyelpnolakd Tovg medio oe YnElokés £6860vV¢ Le Ao dounUEVES TANPOPOPIES.
H mpocpatn épevva ekpetarievetol o ynewokd mepifdriiov tov Al-agents, emitpémoviic ToVg va
avartoEovy avOpdTIvn GUUTEPIPOPE HABNoTg LECH TOPUTHPNONG, XEPIGLOD, TAONYNONG Kol GA-
AV ZEVEOUATOUEVOV EVEPYELOV”. (Avapopd oto Zyfua 2.14.)

H poxpd mpoeknaidevon tov LLMs givol mpoimobeon yio avénpéveg IkavoTnTeG YEVIKELOTG KOl GUA-
AOYIOTIKNG KO EXLTPETOLY TV OAANAETIOpaoT TV Al-agents [Le OVIOTNTES TOV TPAYLATIKOD KOGLOV.
o va evnuepmBovv n pvAun Kot o1 E00TEPIKES KATaoTAoES TV Al-agents, GUALEYOVTOL TANPOPO-
pieg amd acOntpeg. ‘Enetta and mepimhokeg depyacies, mOPEYETOL U0 EKTEAECTIKY SLOOPOUT Yol
T1g evépyeteg Tov Al-agent. O GUVILOCUOG TOV “EVOMUATOUEVOV EVEPYELDOV” LE TIG SUVATOTNTES TMV
LLMs odnyel og gvéhkta, aveldptnra Kol arotelecpatikd cvotipota Al mov Tpmtoropodv g 6,1t
agopd v aAnienidpacn AvOporov-Ymoroyioth (HCI). (Avapopd oto Zynua 2.15.)

Mo evdlapépovoa Tpocéyyion yio v agloddynon g onddoong TV EVIGYLVUEVOV e epyaAeio
LLMs napovcialetor oto [3]. Xe avtd to dpbpo, 53 cuvnOn APIs (emheyuéva e mokidio, copmte-
PACUBOVOUEVOVY UNYaVAY avalTnonG, APBLOUNXOVOVY, EPOTNCEMY NIEPOAOYIOL, EAEYYOL £EuTvon
om0, S1aElploNg TPOYPALLATOS, dloyElpLone dESOUEVMVY VYEING, POT|G EPYACIOV TIOTOTOINONG AO-
YOPLIGUOD K.AT.) LEAETOVTOL TEPOUATIKG 0TO TAAIGL0 TG dlacvvdeong Tov LLMs pe APIs. Ta ov-
VoAo 0£00UEVAV TEPIAAUPAVOLY 264 GYOAMAGILEVOLE dLOAGYOVE TTOL TEPIAaLPavouy 568 kKAnoeig API.
H emoyn tov kotdAiniov API yivetan pe mapopoto tpoémo 6mws 6to "BHMA 4” tn¢ mapovcag dio-
TPpPNG. (Avagpopd oto Zynua 2.16.) H dadikacio Aqyng amopdcswv aglohoyeital pe Bdorn optopéveg
UETPIKES KOl TOL TTO CMUAVTIKG avTiKeipeva tng amogacng sivor “Edav ypelaletoan kdnon API”, "Edv
to emAeypévo API etvar apketd cuvapés” katl "Edv ) mapoyopevn kAnon API sivar apketd koA yio
N ovykekpluévn gpyacio”. Eival onpoviikd va onueindel 611 opiopéveg epyacieg 6mwg “Tlpoypayt-
pdrtice éva ta&ior oty EALGda” propel va mepthapfavouv moAréc kinoeig API kot moAlamid APIs
7OV TTPEMEL VO GLVTOVIGTOVV. AVTO TO TPOPAN LA ADVETOL GTO ETOLUEVO Pripal.
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2.6 BHMA 6: Avdonaon Epyaciov

270 €KTO GTAO10, TO GUGTN L VIOPAAAETOL GE 0L GEWPA OO ETOANOEVOELS Kot SOKIUEG Y10l VOL SLACPOL-
Moet 6t o1 kAncelg Tpog ta APIs Aettovpyodv cOpQ@VA e TIg TPOSLOYPOPES KO OTL TO ATOTEAECLLOTOL
TOV SdIKACIOV gival a&lOmMoTa Kot GUVETT. AVTi 1 @dor TePAapPAver T SOKLU TOV GLUGTILOTOG
oe mokideg ovvOnKeg Yo va avodvBel  avtoyn kot 1 a&lomiotio Tov. Ta dedopéva amd avTég TIC
SOKILEC YPNCILOTOLOVVTOL Y10 VO TPOCAPLOCTOVV Kol VO, BEATIO0VV 01 pnyaviclol KAong Ko amo-
KPLoTG TOV LOVTEAOV.

Onwg avapépOnke otnv mponyovuevn Topdypapo, opioUEVES EpYOcies eival VYNANG TOAVTAOKOTN-
TG Ko amontovv ToAAamAEg kKAnoelg API ko moAhomAd APIs. I'a této1eg epyaoieg, onpovpyodpe
L0 GEPE DITOEPYASLDY KoL TOPEXOVLE EVOV TPOYPAUUATIOUO TOVG. AVTO gival Tov Ba £kove Kat £vag
avOpwmog. O TPoypaUUATIoUOS EivaL Lo BOGIKT TOKTIKT) TTOV YPTCLLOTOL0VV Ot GvBpomot yio va Eeme-
pacovy duokoreg KaTaoTAGES. O TPOYPUUUATIGHOS Bondd oty opydvaon TG okéwng, ot Béomion
oTOYOV KOl 6TOV KOOOPIGHO TOV GYediov dpdomng yia TV enitevén peyalvtepmv otdywv. Or Al-agents
TPETEL VO LTOPOVV VO TPOYPOUUATICOVV [LE OPYAVOLEVO TPOTO OTIMS 01 dvBpmmol. Ot Al-agents ypn-
GIUOTOI00V GLUALOYIOTIKT] Y10 VO SGTACOVY OVOKOAEC EPYOCIES OE LUKPOTEPESG, MO SLUYEPICULES
EPYACIES KOl GTI GUVEYELN VO, ONUIOVPYODV GTPOINYIKES E0KE Yo kGBe pio amd avtéc. Zn don
SLOHOPPMOTNG TOL GYEdioL, ot Al-agents cuVNO®G SLOCTOVV Lol KOPLoL EpYOGT0 G TOAAEG LIKPOTEPEC
VTOEPYAGIEG KOl £XOVV TPOTUOEL SLOPOPETIKEG GTPATNYIKES Y10, 0T TO 0TAd10. Mo Tpooéyyiom Tpo-
Tetvel 0TL ta TpoAnpaTa propotv vo Avbobv akolovBdvtag Eva oyEd10 Tov dNpovpyEiTaL GTIV apyn.
11 ovvéyeld, To oxEdto extedeiton Prina mpog Prpa. Mia dAAN Tpocéyyion givar 1 xpnon Tpocap-
LOGTIK®Y GTPOTYIKMOV Yol TNV OVIILETOTION GUVOET®V EPYOCLOV MO PELOTE, TPOYPappoTilovTag
Kot avtipetonilovrog Tig vrogpyoosieg Eexymptotd. Emmiéov, optopuéveg molaodTEPES EpYUCiec TOVI-
Couv ™ onpocio TOv EPAPYLKOD TPOYPUULATICUOD Kol TNG SOUNG TV VITOEPYACLOV GE dEVOPOEION
popen. H avéivon egaptmoemv copmAnpmvel Ty epapyikn dtdoracn evtomilovtog Tig eE0pTNoELg
peta&y tv 01apopnv vroepyactdv. E&acearilel 0Tt o1 epyacie extehobVTOL LE AOYIKT GEPA, OTO-
TPEMOVTAG AAON AOY® OVEKTANPOT®V TPOOTOLTHCEMY. AVTO £ival KPIGILO GE EPpYOGIEG OOV TO ATO-
téheopa pog kKAnong API emnpedlel Tig emdpeveg KAGELS, OTOG 1 KPATNGT TTNCEDV TPV OO TOL
Eevodoyela G€ L1 EQPOPLLOYN TPOYPAULATIOHOV TAEOIMY. Ot GTPATNYIKEG CEPLOKNG KOl TOPAAANANG
enefepyaciag kabopilovv TOVg MO aT0dOTIKOVG TPOTOVG EKTEAEOG TV SCTACUEVMV EpYacidv. H
oelplokn enelepyacio elvarl amapaitntn yio eaptmdpeve epyaciec, dtoceaiilovtag 6Tt Kabe Prpa
OAOKANPMVETOL LE TN GMOTY| GEPA, EVD M TAPAAANAN enelepyacio EMTayOVEL TNV OAOKANP®CT TNG
GLVOMKTG epyaciag yeipllopevn aveEaptnteg epyaciec tavtdypova. [lapodio mov or Al-agents mov
Bacilovtatl oe LLM mapovcialovy £va eupd QAGLO YEVIKOV YVAOCEWMY, TEPIOTAGLOKG aVTILETOTILOVY
mpofApate 6tav ekTeEAOVV gpyacieg mov amaitobyv eEgldikevpévn yvaon. I'a avtdv tov Adyo, &i-
VoL GLYVA KOAN 10£0 VO EVEMUATAOVOVTOL EEEIOIKEVUEVOL TPOYPUUUATIOTEG VITOEPYOUCIDV OO OPIGLE-
voug topelg. Metd Tov kabopiopod evog oyediov, eivar kpioyo va eEeTactodv Kot vo a&toAoyndovv ta
opéAn tov. O1 Al-agents mov Bacilovtor oe LLM BeAtidvouy kot avafadpilovy Tic oTpatnyikés Kot
TIG TEYVIKEG TPOYPOUUATIGHOD TOVG YPNCULOTOLDVTOG ECMTEPIKOVS UNYOVIGHUOVG AVATPOPOOOTNONG,
ovyva paboivovtog omd Tpornyovpeve Lovtéla kot epyacieg. Ot Al-agents aAANAETIOPOVV EvEPYA LiE
TOVG aVBPMOTOVG Yo Vo, EVOVYPAUUIGTOVV KAADTEPA LUE TIG AVOPAOTIVES TPOTIUNGELS. AVTO EMTPENEL
6TOVG avVOPMOTOLG Vo dtacaenvilovv TOPAVONGELS KOl VO, EVOOUOTOVOLY AT TNV E0TOUIKEVIEVN
avatpoPodoTNomn ot Sudikacio TPoypapHaTIcHoD Tovg. EmmAéov, ol xpnoteg umopovv va xpnot-
LOTTOMGOLV SESOUEVO OO TPAYLLOTIKA 1] EKOVIKA TEPIPAALOVTA, OTTOC EVOEIEEIC ATTO OAOKANPOUEVEG
gpyocieg | mapatnpnoelg netd  dpdon, yio vo fonbnicovv oty eneéepyacia Kot PeATioon Tov
oyediwv Toug. Tlapaxkdtm avaeépove 0pIGUEVEG PACIKEG EPEVVNTIKEC TPOCEYYIGEIS TPOS TOV TPO-
YPOLUATIOUO Kal T Sldomoon epyaciov: (Avagopd oto Zynua 2.17.)

2.6.1 Xviloyrotiki) Movomdtiov

Av16 meprtapfavet ) dtdomacn epyacidv o dladoykd frpata.
Alveida Xxéyng (CoT): Evoopoatdvel fripoto cVAAOYIGTIKNG Yia va kobodnyel to LLMs Prjpa tpog
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Pripa.

Alveida Tkéyng Mnoevikiig Exkiviieng: Xpnoiplonolel Tpotaceic-eKKIVIOELS OTTMG ~oKkEYOV PrpLo
7pog Prina” yio va gumvedoet to. LLMs vo dnpiovpyodv d10d1kaciec GUALOYIGTIKNG ove&apTnTa, Yopig
TPOETIAEYLLEVOL TTOPAOETYLOLTOL.

Enravanpotponn: EAEyyet av kdbe Pripa mAnpol ta Tpoamaitovpeve TPy GUVEYIGEL, VO UIOVPY®-
vtog oxéola eav YPELOCTEL.

ReWOO: ITapéyel T0 oyES10 TPMTA KoL GTN CLVEYELN EVOOUATOVEL TOPATPTOELS.

HuggingGPT: Ynootdyor Aovovtatl ovadpopkd LEG® TOAAATAMY EpOTNHATOV Tpog To. LLMs.

2.6.2 IloAivowdpopiki] XvALOYIGTIKY)

Aopel Prpato cLALOYIGTIKNG e OevOPOELdN doUT), ETTPEMOVTOS TOALOTAN EMOUEVO LOVOTTATIO OE
KkéOe onpeio amdPacng.

Avtoovvemig CoT (CoT-SC): Xpnoiponotei CoT yio va onpuovpyncel TOAAATANL LOVOTTATIO GUAAO-
YIGTIKNG, EMAEYOVTOG TNV O GLYVN ATAVINGN MG TNV TEMKT ££000.

Aévrpo Zkéyemv (ToT): Zyéoia dnpovpyovvTal Xp1GIULOTOIOVTOS 0EVOPOELDT dopun LE KOUBOLG TTOL
OVTITPOCMTEVOLY EVIIAUESO PrLaTa Kot OAOKAN pdVovTal Hécm otpotnyikdv BFS 1 DFS.
RecMind: E@apuodlel pnyoviopd avtoéumvenong Tov exavoypnolonotel aroppipbeiceg TAnpopo-
pieg oxedroopon yia ) onpovpyio véov fnudtoy.

I'pdgog Lxéyewv (GoT) ko AhyoprOpog Xxéyemv (AoT): Enekteivouv to ToT ecdyoviag mo
ovvleteg dopég Kot aAyopOKd TopadelyLaTO OTIS TPOTPOTEC,.

RAP: Xpnowonotei tnv Avalitnon Aévipov Monte Carlo (MCTS) yia vo TpOoGOLOIMGEL KOt VO, ETTL-
AEEEL TO KOAVTEPO GYEDL0 A0 TOAAATAES EXAVOAYELC.

2.6.3 Elotepwkoc [Ipoypappatiotig

Yyvdvalet Tig dSvvartdtnteg Tpoypappatiopod Tov LLMs pe eéotepikd epyaieio yro eEEIOIKEVUEVEG
gpyaocies.

LLM+P kor LLM-DP: Metatpémovv tic meptypapés epyasiav oe ['Adooa Opiopod Topéa [po-
ypoppatiopod (PDDL) kot xpnoomolovy eE®TEPIKONS TPOYPULLOATIOTEG Y10 TV EKTEAECT OYESIWV.
CO-LLM: Avtipetomnilel toug meplopiopovs tov LLMs oty ektéleon eAéyyov yopuniov emmédon
EVOOUATOVOVTAG EEMTEPIKO TPOYPUUUOTIOTH POCICUEVO GE EVPETIKEG Y10 TV EKTEAECT] EVEPYELDV.
(Avapopd oto Zynua 2.18.)

e avtd 10 onueio, divovpe kdmola Wwaitepn Tpocoyn otn nEBodo mov ypnoiponoteiton oto [5]. H
Avalitnon Aévrpov ATé@aong pe Bdon v Avaivon BaBovg (DFSDT) Aettovpyel wg 0omyog yio
woyvpd LLMs kot mapé€yet SuvatotnTeg GUALOYIGTIKNG ¥PNOILOTOIMVTAG TEXVIKES TPOoTpoTnc. Daive-
TaL va gival po ovotepn teyvikn o€ ovykpion pe ™ CoT ([32]) 1 REACT ([33]), enedn Eenepva
TEPLOPIGLOVS OTTG 1 0160001 cPoAudTev (Uio AavBacuévn evEpyELo UTOPEL VO TPOKAAEGEL TTEPUL-
TEPO COAMLOTO KOL VO, TOYOEVOEL TO LOVTELD GE Evav EGPUAUEVO BpoY0) Kal 1 TepLopiopévn ee-
pevvnon (n CoT ka1 ReACT g&etdlovv povo pia mibavi katevhuver, 0d1ymVTaG GE TEPLOPIGUEVN
€Eepehivnomn TOL GLVOALKOD YMPOL dPAomG) Kot BEATIOVEL TV UTOSOTIKOTNTO KO ATOTEAEGLATIKOTITO
g avaltnong tpog v Evpeon Awadpoung Advong. Emtpénet ota LLMs va a&loloyodv ToAAomAEG
aKolovBieg GLAAOYIGTIKNG Kot Vo, eTekTEIVOUY TOV YMPOo avalntnons. Mia GAAN TeXVIKN Yol GLALOYI-
oTiKN oL Tpotetveral omd to [avemotniuo tov Princeton kot tmv Google DeepMind givar to Aévtpo
Yrkéyewv” ([34]). Kabe otpatnyikt| avipueTomilel StopopeTikés TTuYES Kol TOAVTAOKOTNTES TOV TPO-
YPOUUOTIGHOV, amd amid dtodoykd Pripata Emg cuvOeTes, avadpoUIKES Kol TOALUTADY S100POUDY
GLALOYIOTIKEG dradtkacies, BeATidvovtag T eveMéia Kot TNV arotelespotikotnTo TV LLMS oty
emiAvon TpofAnuUiTOV.
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2.7 BHMA 7: Enavoinrtikn Bektioon kot Avatpo@odotion Xpiot

To televtaio otddo TG pebodoroyiag ivaln eveOUAT®GN TOL GUGTHUATOG G £va TEPIPAAAOV TpaLy-
HaTIKNG Aettovpyiag 6mov 10 povtédo kot to. APIs Oa Asttovpyodhv GuVILOGTIKA Yo TNV EKTEAEON
TPOYUOTIKOV EpYOOIOV. AVTO TEPIAapUPAvEL TNV TeEMKT a&loAdYNOT TG UTOS0GTC TOV HOVIEAOL MG
TPOC TNV aKpifeta, TV ToOTNTO KoL T GUVOALKT| ATOTEAEGLOTIKOTITO GTV TOPUYDYN TOV ENXOLLN-
TV anoteleopdtov. Eniong, aloloyeital n ikovodtnta 1oV GLGTALOTOG Vo TPOGaproleTal o€ aAL-
véc ko va, dwoyelpiletor mbavd cpdipota 1 anpoPrenteg cuvOnKee, E0cEAAIOVTOC TNV OLLOAT Kot
ampOGKOTTY AEITOVPYiQ TOV.

2.7.1 Twrigpealopacte Avatpo@oodtnon;

O HokpoTtpOOEGLLOC TPOYPULATIOUOG Y10, TV OLOKAP®GT GOVOETMV EPYUCIMV EIVOL OTTOPAITNTOC OE
TOAAEG KOTOGTAGELG TOL TPUYUATIKOD KOGLOV. AVTH gival pio ToAD dOGKOAN epyacia, Kabmg amal-
Tel vo AneBovV voy1y moAEC TEPPUAAOVTIKEC TAPAUETPOL KL VO EPOPLOCTEL TPONYUEVT] GUALOYL-
oTik. Ady® avtod, 1 dNpovpyic Tov apyKoh oxediov Kol | TPOGKOAANGT 6€ avTo pnopei cLVHO®C
va odnynoet oe amotvyia ([4],[1]). Ag eumvevotodpe amd Tov avlpdTIvo TpdTo dnpovpyiag evog
oyediov. Ot avBpmmot pepic€g POopES dNULOVPYOVV KAl TPOTOTOLOVV TO, GXESIE TOVG EXOVEIANLUEVO G
andkpion eEwtepikmdv epediopdtov. [Ipdceateg Epevveg mpoteivouv T dnpovpyia ETEPIKAOV HO-
VAd®V TPOYPOUUATIGHOD oV eMTpEmovy oTov Al-agent va Aapavel avaTpo@odOTNo, EMTPETOVTOS
™V avanTuén avlpoTvev deE10THTOV.

H Enavainmtikny Behtioon kot Avatpo@oddtnon Xpnotn eivar kpioipn yio To cuveyn KOkAo paon-
ong omv Texyvnt Nompoouvn kou ™ Mryovikr] MaOnon, tepthapévovtag ToKTIKES EVILEPDOCELS
Kol BeATinoelg fAoEL E1IGPODY XPNOTOV Kol LETPIK®Y 0mddoons. Avtd e£ac@arilel OTL TO GLGTILLOTO
avtamokpivovtol kot Tpocapuodlovtol 6Tig eEEMGCOUEVES AVAYKES KOl TEPIPAAAOVTIO TOV YPNOTMV.
H avotpogoddtnon tev ypnotodv uropet va kabodnynoet tov Al-agent Tpog TIG TPOTILNCELS KO TIG
avaykeg Tov ypriot. Elvan emiong anapaitntn yio v e&dierym tov yevdastncewv. To wo anid mo-
padetypo TOV SElYVEL TNV AVAYKT Y10 OVOTPOPOSOTNOM XPNOTN Elval 1 epdTnon ypnotn “Oa Bpé&et
adp1o;”, otnVv omoia 0 ypnotng Enpene va kabopicel v tomobecio Tov yio va mapdoyet o Al-agent
ypNoeg mAnpoopieg (Zymua 2.13).

2.7.2 Zvuvgme MaOdnon kot [Ipocappoyn

Yta cvotnuata Al kot pnyovikig pabnong, 1 cuveyng Labnon Kot Tpocapproy” eivat kpiotun yuo d1d-
@opovg Adyovc. Eivar amapaitnto va mpocapuolovtal oTig avAYKES TV XPNOTOV, EMELON Ol GUECEC
E1GPOEG KPATOVV TO. GUGTNHOTO EVILEPMOUEVE Kol EVOVYPAULIGUEVO LE TIG TPOGOOKIES TMV YPNOTMV.
XPNOILOTOLDOVTOG TNV TOPAKOAOVONGT TOV HETPIKOV aTOO0GNS Y10, TOV EVIOTIGUO TPOPANLATIKOV
onueiov pmopel va Pertiwbdel n axpifela Tov cvoTHRATOC, 0dNYOVTOG o PeATiOUEVN akpiPeta Kot
a&lomotio. Ol EMOVOANTTIKEG EVIUEPMDCELS TPOMBOVV TNV EEATOMIKEVGT EMITPEMOVTING GTO CLGTI-
pota vo Tpocsopprofoviot 6T Lovadikég TPOTIUNGELS KOl GUUTEPLPOPES TV Xpnotdv. TELog, ) dia-
TIHPNOM TNG TEYVOAOYIKNG CLUVEXELNG £EAGPAAILEL OTL TO GLGTHILATO LTOPOVY EVKOAM VO, 0ELOTOGOVY
Ta o Tpdoeata epyareia kot APIs kot va Tapapévouy evipepouéva.

(Avapopd oto Zynua 2.19.)

2.7.3  Alkor Mnyoviopoi Xvirhoyng Avatpo@oddtnong

H amdéxnon ypioev avotpo@odoTioE®V amd TOVG XPNOTEG OMOLTEL TN XPTON TEXVOLOYIDV OTMG
TO OVOALTIKA GTotyeio Kot ot popueg avaTpooddtnong. O Al-agents kaBodnyohvtar arotelecio-
TIKG Y pNnoyomoldvtag Toug Bacwovg Agikteg Amddoong (KPIs) yia v mapakorobbnon tng onod-
doong. Emiong, n doxyuiy A/B ypnoyomoteitor yuo vo Aapfdavovtol oamopdoels Bacet dedopévav Kot
va BEATIOVETOL 1) EUTELPIQ TOV XPNOTOV KOTAVOMVTAG TIG TPOTIUNOELS KOt TIG CUUTEPLPOPES TOvG. H
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V100EMON oG GXESUGTIKNAG PIAOGOPING ETKEVIPOUEVNG GTOV YpNotr eEacolilel OTL To GLOTIH-
Lot TPOSoPUOLovTaL Yo VO, IKOVOTOL0VVY TIG AVAYKEG TOV, 00N YMVTAG GTN ONLLOVPYIo SIETUP®Y TOV
Beltidvouv TV amdd06T) TOV GUGTHIATOS KOL TV IKAVOTO{NGT TMV YPNOTOV.

2.7.4 Avarpo@odotnon lepifpdriovrog

H avatpopoddtnon mepiPdAlovtog eival £va ovclaceTIKd GVOTATIKO TG SladtKaciog AYng omod-
cewv mov Paciletor oe Al-agents, ennpedlovtag TOV TPOYPOUUUUTIGUO KoL TIC EVEPYELEG TOVG. MTopel
vo. amokTn0el amd ToV EIKOVIKO 1 TPOYUATIKO KOGHO HEGH CTUAT®V OAOKATp®ONG EPYOCIOV Kot 0&10-
Aoynoewv petd v evépyeta. H tpéyovca épevva mepthapfdaver avth v teyvikn. [ mapddetypa, n
VYNAOD EMTESOV CKEWYT] KOL TPOYPAUUATIOUOS TOL ReAct expetodiedeTon TpimAétes okéync-opaonc-
TapoTpnoNg, eved o Voyager akolovbel po Tpocéyyion “dokiung kot AdBovg” mov mepthapPivet
gvolaLEDT] TPOOSO Kot AVTOEMPEPaimon avaTpoPodOTNOTG.

2.7.5 Avarpo@odotnon Movtérov

Extog amd 1 ypfon avatpopoddtnong amd Toug YpNoTeS Kol T0 TEPIPAALOV, TPOGPATES EPEVVEG
TPOTEIVOLV TNV ECOTEPIKT AVATPOPOJOTNOTN Omd Tovg 1d1ovg Tovg Al-agents. O Al-agent pmopei va
onpovpynoet ££060, va AGPel avaTpo@odOTNoN Kot 6T GuvEXELR Vo, BedTidcet TV €600 Pdoet TG
avaTpo@oddTnong mov Ehafe. Avt n dadikacio teppatiCeton dtav emitevydel To emBountd amoté-
AeopaL.

2.7.6 IIpoxiocseic Evoopatwong Avatpo@odotnong

Opiopéveg ONUOVTIKEG TOpATNPNOELS Katd TNV gvicyvon tov Al-agents pe avaTpo@oddtnon eivar:
Isoppomio AvaTpo@oddtnoeng Kot Xtéymv:

Eivar xpiowo va evBoypappiotei n ovaTpo@odotnon Tov ¥pnoT®dV UE ToVG 6TOYOVG TOV GLVOALKOD
GLGTNHATOG, EVO JacPAAILETOL 1 TEYVIKN PIKTOHTNTA KO 1] AELTOVPYIKOTNTO TOV GUGTHLATOG.
IovoTiKOTNTO Agdopévorv:

H nBu dwoyeipion kot 1 GLUUOPPMOOT) LE TOVS KOVOVIGLOVG Elval amapoitnteg 0Tav yiveTon otoyei-
PLOT TNG AVATPOPOSOTNOTG KL TOV OEGOUEVMV TOV YPNOTOV.

MowotnTa Avatpo@oddtnonc:

H avTikelplevikn Kot avTmrpoo®mTEVTIKY avaTPOPodOTNOT gival SUVoKOAO va amokTnOei, aAld e&€xov-
oag onpaciog yuo T cvveyn Pertioon Tov GLGTHUATOG.
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Keparawo 3

IHapovoiaon pog Apyrrektovikng Evoopatmonc tov
Meydiov I'Noootk®@v MovtEA®mV 6€ POPNTES GVOKEVES

H mopordve pebodoroyia tov 7 Pnpdtov uropei vo ypnoponomBel yio v Katackevn Al-agents
IOV ATOLTOVV £VOL OYETIKA HEYAAD” LOVTELO TTOV givol TPOGPAGIHO LECH VINPESLOV VEPOLG. Tt on-
paivel "peydro”; opaxdto cvintape to “onpoavikd peyédn” ot perétn pog. Na va eipoocte mo
GLYKEKPUEVOL, OIVOLLE Lia GUVTOUY| EMGKOTTNOT TOV omattnoewVv anobnikevons, RAM kot CPU twv
tomikov LLMs ([35], [36], [37]).

3.1 Amortiogic Amrodnkevong kot RAM tov LLMs

3.1.1 Ammtioaig Amodnkevong

"Eval povtéro pe 2,7 S16EKOTOUUDPLN TOPAUETPOVS Bo 0mToUTOVoE KAVOVIKE Lol Y0P TIKOTNTO arod-
KEVOMNG TOL UTOPEL VO, VTOGTNPIEEL TIC TOPAUETPOVS KOl TO AEITOVPYIKO TOL (POPTIO Y10, Vo, ovartuyDel
TOTIKA, .. GE L0, KIVI)TH] GUOKELT]. AVAAOYA LLE TOV TUTO SEG0UEVAOV TV TOPAUETP®V (TIHEG KIVNTAG
VTOSIGTOANG | AKEPOIOL PETA OO TOGOTIKOTOINGN), VO LOVTELD pE 2,7 S1GEKATOUUDPLO TOPOLLE-
TPOLG WTopel va amaltel akoUN apketd gigabytes ydpov amodnKevong LeTd TV TOGOTIKOTOINGT| Kot
Beltiotonoinon ya yp1ion og Kvntd.

3.1.2 Ammtiosigc RAM

Katd t ddpketa g £ykpiong, n ovaykn yio RAM oyetiletor otevd pe to AETovpytkd yopoktnpl-
OTIKG TOV HOVTEAOV. ATTALTOVVTAL OVGLOOTIKEG HEBOSOL Leimong kot PEATIOTOTOINGNG TOL HOVTEAOD,
OT®G 1 TOGOTIKOTOINGT, YlOL VO AELTOVPYNGEL £VOL LOVTEAO COGTA GE KIVNTEG GLOKELEG e Lo 4GB
RAM. Mewdvovtag v okpifelo Tov TopapéTpov Tov LOVIELOL HEGM TNG TOGOTIKOTOINGNG, OTuL-
tettal Aydtepn RAM yia 1 ¢OpTmon Kot AELTovpyio TOL HOVTEAOL.

3.1.3 Xpnion CPU

Otav avarntoooetatl £évo, LLM tomikd, ot dvvatotmreg g CPU mpémet vo Aapfavovtol TpocEKTIKA
vroywv. H yprion CPU yua ) Aettovpyia evog LLM pmopetl vo givar vymAn, baitepa 6tav dgv vdp-
YOLV EMTAYVVTEC VAKOV 6mtw¢ GPUs:

®optog CPU:

KéBe Prpo Aertovpyiag amoattel vTOAOYIOTIKEG TPAEELG LVYNAOD KOGTOVCE, OTMG TOAAUTAAGIOGHOVS
TIVAKOV KOl SIVOCUATOV Kol GALEG AetTovpyieg TeEvadprv. O aplBuodg TV TapapéTp®V, 1) 0T0d0TL-
KOTNTO TNG UPYLITEKTOVIKNG KOl 1] TOADTAOKOTNTA TOV HovTéAov Ba exnpedoovy Tov gopto g CPU.
Teyvikéc Behtiotomoinong:

H amoxonn povtélov, N ToGoTIKomoinon Kot 1 (P10 ATOGTAYIEV®OY LOVIEA®Y LITOPOLV VO LELDGOVY
tov popto TG CPU kdvovtog Tig VToAOYIoTIKES TPAEELG TOV ATALTOVVTOL Y10 T AElToVpYin AmA0DoTE-
pec. Autég o1 péBodot fonbovv 6TV TPOGAPLOYH TOL LOVTEAOD Y10 VO TOPLALEL GTOVE TEPLOPIGHOVE
AMYOTEPO 1GYVPDOV GVOKELMOV, OTTMC tablets 1 smartphones.
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3.14 XZrpotnywkéc Awayeipiong Mviung

Mvipn Flash 1o AwoOrkevon:

Meyoivtepa povtéda pmopei va vaepPaivovv tn yopntwdmtoa DRAM tov tonik®v cuokevdv. Mia
ADGM OV YPNGIOTOLOVY HEPIKOT pnyavikol eival 1 amoBNKevon TOV TUPAUETPOV TOV LOVIEAOV GE
uviun flash kou n dvvapikny edptwon tovg oty DRAM Katd ) didpkela TG Asttovpyiag. Avtn
N GTPOTNYIKN TEPAaUPavel o “avtodioyn” HETAED YOPNTKOTNTOS amodnKeELONG KOl ToYXVTNTAS,
kaBdg n pvaun flash eivon mo apyn amd tyy DRAM.

Avvapikn ®optoon:

Ot TeVIKES SUVOLUKNG POPTOONG TEPIAUUPAVOLY TN POPTMOSCT] LOVO TV OTAPUITNTOV TUPOUUETPOV
oTN YPNYOPT] LVIUN VAAOYO e TNV OVAYKT). AVTN 1) TPOGEYYIoT UTOPEL VoL LEIMGEL CTUOVTIKA TNV
ToGOTNTA TG amaltovpeVG RAM avd mhoa otiypn, EMTPETOVTOG TNV EKTEAECT] TTOAD LEYOAVTEP®OV
LOVTEA®V GE GUOKEVEG e Tteploptopévn RAM.

Beltioceig AT000TIKOTNTOG:

2TpoINyIKéG OTMG M XPNON POPTMONG ELALGONTOTOMUEVIG GE OPALOTNTO, OOV POPTMVOVTAL LOVO 0L
U1 UNOEVIKEG TOPALETPOL, UTOPOVV Vo, BeATioTomO G0V 1000 T Ypnor CPU do0o kan pvipung. Avtég
01 UEB0OOL EKUETAALEDOVTOL TIC KOAEC 1OLOTITEG TV VEVPOVIKMOV SIKTO®V, OOV TOAAEG TOPALETPOL
umopet va, £xovv apeAnTéeg TIHEG TOL dgv emnPealovy GNUAVTIKE To ATOTEAEGILATOL.

3.2 Evioyvon tov Al-agents pe Tomkég [lpocappoopéveg Baoerg
Agdopévov

1o e€eMocdpevo tomio g Texvntig Nonpoosvvng (Al), n e&dptnon and poviéia Baciopéva o vn-
pecieg VEQOLG TaPoVCLAlEL CNUAVTIKEG TPOKANGELG OGOV 0popd TNV KaBuoTéEpN o, TNV WIOTIKOTITA
ka1 ™ ovvdeoipdtta. To LLMs “oyeddv xopohv”’ 6 GUOKEVEG OTIG HEPES LOG, GAAL 1 OVAYKY] Y10l
GUVOEGIUOTNTO GE VANPECIEG VEPOUG ivat Eva amd To eUmOIN TV duvaTOTHTOV ToVG. H mpocéyyion
LOG GTOYEVEL GTNV EVIGYLON TOV KIVNTMV GUGKELMV [E duvatotnteg Tomov LLM, ypnoyomoidvrog
™V €vvola NG “TOTIK( TPO-AmoONKEVIEVNC LOKPOEVTOANG/GUVAPTNONG . L€ OUTO TO KEQPAAOLO MO~
povctdlovpe VTN TN VEO APYLTEKTOVIKY| EVTIOS GLGKELTG TOV GTOYXEVEL 0TIV evowudtmon Al-agents
Baciopévav oe LLMs 6Tic cuokevéc. XpnoHomolovvTol TOTIKOL VTOAOYIGTIKOT TOPOL Kol TPOCap-
poopéveg PACES 0EGOUEVMVY Yo VTN TNV EVOOUATOOT. AVTH 1 TPOGEYYIoN O)L LOVO GTOYEVEL GTN
peimon g e€aptnong and TIg VANPEGIEG VEPOVG, OAAG emiong SLOCEAAILEL TNV ATOJOTIKT), AGPUAN
Kol cUYYpovr eneéepyacio epYacIdV ameLOEing OTIG CLOKEVES TV YPNOTOV.

3.2.1 Emoxonnon Apprektovikig Evrog Xvokeuvg

O otoyog givar va dnovpyndel évag Al-agent Baciopévog oe LLM mov pmopel va, Katavoncet v
pobeon Tov ypNoTN Kot vo ekTEAETEL evEpYeleg Pacel avutig. H gicodog Tov ypnotn eivor molvpop-
QN (0ALA Y100 amAd TN T 0G VITOBEGOV LE OTL Efval LOVO KEWWEVIKNG LOPPNG TTPOG TO TTapOV). MTopovpe
VoL EMTOYOVUE TO TAPOUTAVED YPTCLLOTOLDVIOS UUKPOEVIOAEC/GUVOPTHOELS TOV AVTICTOLYOVV GE L0l
oelpd kinoewv APL KéBe popd mov évag ypriotng yperaletar va ypnoyloromoet tov Al-agent yio piio
gpyocio mov dev €xel eKTEESTEL TOTE MPLY, TapEyetal (o Ateroen Exmaidevonc” otov ypnot. X
GUVEXELN, O YPNOTNG TEPLYPAPEL AEKTIKA TTO1OV GTOYO (o1 TPOHEGT) EKTANPDVEL 1) VEQ Epyacia. Xe
ovTd T0 GTAd10, 0 YPNOTNG Kal 0 Al-agent “emkovemvouy” HEG® GLVEXOVG OVATPOPOIHTNONG Y VO
TOPEYOVV [0, AETTOUEPT] GEPA EVEPYELDV (OVGIACTIKA Lo 6Epd KARoemv API) mov npénet va yivovv
v va eKmAnpwbel 1 cuykekpuévn epyacia. Xe avtd to onueio, mpootibetor o véa eyypaen ot
[pocappocpévn Baon Agdopévav. Avti 1 eyypopr| omoTtereitan omd 3 KOUUATIO TANPOPOPIDV: TOV
Titho, v Ieprypaen| kot t Zepd Kinoewv API mov aviistoyodv ot véa Asttovpyia (Zymua 3.3).
Ovocuotikd, o Al-agent propei tdpa vo, ”Bopdtor” 0Tt yuo vt T GLYKEKPILEVT EPYOTiaL, EKTELEL TIC
akp1Peig kAinoeig API mov vrépyovv otn Bdon Aedopévev. Me avtd tov 1pomo, o Al-agent yperdle-
TOL LOVO VO EKTEAEGEL 0L EPYOCTN TAEVOLUMONC AVTL Y10l L0 TOPAYOYIKT EpYAcic. ¢ AmoTELESLA, OL
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gpyacieg mov {(nrovvtat ToAd cuyva amd Tov yprotn Ba ektelovvTal omd tov Al-agent moAl ypriyopo!

TéNog, €va amd T MO GNUOVTIKG LEPN AVTNG TNG TPOGEYYIONG VUL 1 AVTIGTOLYIoN TNG KEEVIKNG

€16000V TOL YPNOTI GE L0 GEIPA OO PLOKPOEVTOAEG/GLUVOPTHGELS (TpokaBopiouéveg epyacies). Avtd

yivetal péo® evOg GNUOGTIOAOYIKOD SIOVUGLATIKOD YDPOL 1 EVOOUATOCEDY AEEEMV.

(Avagpopd oto Zynua 3.1.)

"Eva amth6 mapdostypa ypfione:

Ac vroBécovpe 611 0 ypnotng BELeL va mapayyeilel 10N ToviotmAgiov ot devBuvon Tov GTITIoN

TOV KoL 1] €l0000¢ TOL YpNoTY Elval:

“Toapakai®, Tapdyyelhe 6 amod to eONvoTEp KeceddKia Yiaovptt Kot 0,5 KIAd 0molovdfmoTe TuPLov

omd TO KOVTIVOTEPO UAPKET GTO GTITL LoV .

Avt n epyacia Ba propovoe va avtictoryet otn Asttovpyio: "ORDER FROM NEAR-BY MARKET
(X Y)",

OTOVL Y10 TaPAdEY L TO X AVTIGTOLKEL 08 6 oo T0 pOnvotepa keoedokia yra.otptt kot 0,5 kild omorov-

onmote toprod” KoL 10 Y avtictoyel o 10 omitt wov . XproyLomolovTog TEYVIKEG GNUACIOAOYIKTG

opotoTnTag, o Al-agent Oa pmopovoe va katardapet 0tL Asttovpyiec 6nmwg "PLAY POPULAR MUSIC”
N ”SEND_EMAIL” dgv glvat GYETIKES e TN GUYKEKPLUEVT] EPYOGTIO KO LETE 0O OMUAGIOAOYIKT| OVOL-

Mon, Ba evepyomomBei n katdAANAN Aettovpyia wov avagépnke mopamdve.

(Avagopd oto Zynua 3.2.)

3.2.2 XvoetoTiKa

Tomwkd Mini LLMs:

Mikpotepeg, amodotikég ekdooelg LLMs Bedtiotomompéveg yio Asttovpyio 6€ TEPLOPICUEVOVG VTTO-
AOY10TIKOUG TOPOLG YWPIG EMMTOCES GTNV ATOS00T).

Mpocappocpévn Baon Agdopéveov:

Muo tomikd amodnkevpévn Pdon dedouévav Tov TEPLEYEL TPOKADOPIoUEVES LOKPOEVTOAEC/ GUVAPTIGELS
Kol 0gdopéva ekmaidevong, emtpémovtag otov Al-agent vo extehel epyacieg axoun kot 0tav eivan
EKTOG GUVOEDTG.

(Avapopd oto Zynpa 3.3.)

Aenagn Exnaidgvong ko Avartoéng:

Mo @UAKT TPOG TOV ¥PNOTN SIETAPT TOV EMTPENEL GTOVG YPNOTEG VO EKTOIOEDOVY TO LOVTEAO LE
VEEC EPYOCIEG KOL VO, AVOTTOGCOVY GUTEG TIC EPYUCIEC MG TOTIKEG AEITOVPYIES VIO AUECT] EKTEAEDT).
(Avagpopd oto Zynua 3.4.)

3.2.3 Asgurovpywkn Po

Enelepyaosio Evo6d0v:

O Al-agent emeEepydleTat TIG E1GOO0VE TV YPNOTDOV TOTIKA, YPTCLLOTOLDVTOS EVOOUATMUEVO EPYQL-
Agio NLP yio va Kotavonogt Kot vo KOTHYOPLOTOGEL OLTHLLOTO.

Taipraopa kor Extédeon Epyociog:

A&lomowmvtag v tomikn Pdon dedopévav, o Al-agent Tapldlel To OITHUATO TOV XPNOTOV UE TIG
GYETIKEG EPYOCIEG KOl EKTEAEL TIC GUGYETIGUEVEG EVEPYELES YPTCULOTOIDVTAS TIG TPOKAOOPIoUEVES Lo
KPOEVTOAEC/GUVOPTHOELS.

3.24 Iegpuntooeig Xpiong kot paktikég E@appoyéc

Agrrovpyikéotnra Exktog Xovoeong:

Yrdpyovv ToAAG cevapila 6mov o Al-agent evidc cuokevg Umopel va Aettovpyel TANP®G eKTOS GOV-
deong, Pektidvovtag TV TPOSPACIUOTNTO KOL TNV EUTELPIO XPNOTY.

Enelepyacio Acdopévav og Hpaypatiké Xpovo:

€ GEVAPLU OVTILETOTIONG EKTUKTNG OVAYKNG 1 TEPPAALOVTO AYNG OTOPACEMY GE TPUYLOTIKO YPOVO
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1 Gueon eneepyacio dedopévav givat kpioyn.
(Avagopd oto Zynua 3.5.)

3.2.5 IIpoxkMosig Kot XTpatnyikES AVIIPETAOMTIONG

Mepropropoi Yikov:

Ot apyITEKTOVIKEG EVTOG GUGKEVNG CLYVE AVTILETORILOVY TPOKANGEIG TOL GyeTilovTal e TEPLOPL-
GUEVT] VTTOAOYIGTIKY 1YL, YOPNTIKOTNTO KOl EVEPYELNKT] OTOO0TIKOTNTA. AVTOL Ol TEPLOPICLOL 0oL~
TOVV 1 XpNo1 PerTioTOTOMUEVOV HOVTEA®DV Al HECH TEYVIKMV OTTMG 1) ”amoKonY| LoVTELOL”, 1 OOl
LELOVEL TNV TOALTAOKOTNTO KOl TO LEYEDOG TV HOVTEL®Y Kot 1 amdotaln yvdong”, 1 onoio HETapE-
PEL YVOON OO UEYAAN LOVTEAN GE LKPOTEPO, TTLO OTOSOTIKA LOVTELD. AVTEG Ol GTPATNYIKES EMLTPE-
TOVV GTO. LOVTEAQ VO AELTOVPYOVV ATOTEAEGUOTIKG EVTOG TOV TEPLOPICUDV TOV TOPOV TOV KIVITOV
KOl EVOOUATOUEVOV CUOKEVDV.

Hpopmjpata Acoareroc:

O xivévvog mapaPidcemv dedopévav Kat pn €£0v6100TNUEVN G TPOGPUOTG EIVAL KEVIPIKOG GTNV 0CQA-
AEL0, TNG OPYLITEKTOVIKNG EVTOG GUGKEVTG KOl 0V TOG 0 Kivouvog avédvetat 0tav Ta gvaictnta dedopuéva
yivovtot avtikeipevo eneepyaciag tomikd. Ot acpareic unyavicpol Tpocfacng Kot ot .oyvpot aAyod-
pdpot KpuTTOYPAPN oG ivar amapaitnTot yio vo peiwbodv avtoi ot kivouvol. Emmdéov,  epappoyn
OAOKANPOUEVOV HETP®V ACPUAELNG OTIMG 1] AGPAANG EKKIVION KoL 0 EAEYYOG TOVTOTNTAG TOAADY oL
payovtov pmopel vo fonbnocel otnv Tpoctacio TV dedopévov and emBicelc aTov KuPepvoydpo.
Evioyvon pe Yaapyovra Ilaicwa:

H evioyvon g Tomikng enetepyaciog pe ta vrdpyovia miaiclio LLM emtpénel Evav vBpdko Aet-
TOVPYIKS TPOTO, GLVOLALOVTOG TO TAEOVEKTILLOTA TNG TOMIKNG EMeEepyaciag e TIC SOLVOTOTNTEG TOV
TAPEYOVY Ol VINPEGIES VEPOVG. AVTH 1] EVOOUATOOT PEATIOVEL TNV a&LOTIOTIO KOL TNV OVTOTOKPLOoT
TOV GLGTNLOTOG, EWOKA o€ TEPPAALOVTA LE OlakeKOpIEVN cuvdesiudtta. EmmAdov, emtpénet otn
oLOKELN Vo ekTeEAEL Kpioipleg Aettovpyieg ekTOC ohvoeonc evd eEakolovbel va cuyypovileTal e Tic
VINPEGIEG VEQPOLS Y10, EVIULEPDGELS Ko TpoNyUéVN emebepyacio 6tav ival Guvoederévn.

Yoykpion pe Movtéha Baocwopéva o€ vanpecisg vépovg:

Avt 1 TpoGEyyion TapEyel HElopEVT KaBvoTépnon Kot avEnuév I TIKOTNTA. ATTO TNV GAAN TAELPA.,
1N OVAYKN Y10 TEPLOOIKES EVIUEPMDOELS KO 1] TOAVTAOKOTNTO TG OPYIKNG EYKATACTAONG TEPLopilovy
™ YPNoUOTNTA TNG.

3.2.6 IieovekTipota aVTIG TS TPOGEYYIONG

Awleopotnto Extog Xovoeong:

H Baown Aetrtovpywcdtnto tov Al-agent, copmepthapfavoprévng g eKTéAEON S TPOKABOPIGUEV®OV Lo
KPOEVTOAMV/GUVOPTNCE®V, OEV OmaLTEL GLUVEYT GVVOEST 6TO dadiktvo pe LLMs. Avtd dacparilet
011 0 Al-agent Topapével AEITOLPYIKOG QKON KOl GE GEVAPLL EKTOG GUVOESTG, EPOGOV Ol EPYOCIES
OgV amaLTOVV SESOUEVA GE TPAYUATIKO YPOVO.

Meawopévny KaBvotépnon:

AV 1 apYITEKTOVIKT TOPEYEL EAGYLOTN KOOVOTEPTION OTAV TPOKVTTEL TN O XPNoTN. AVTO OQEile-
T 6TO OTL 1] GNUAGLOAOYIKT| ovalTnon Yo TV KatdAAnAn tpokabopiopévn epyacio Oa givar Todd
TayOTEPT amd TV TPocPacn o éva LLM ¢ vanpeocia vépovg kat T dnpovpyia g epyociog “emt
TomoL”.

Mpocappoyi:

Ovypnoteg umopovv va tpocapprocovy tov Al-agent 6Tig GLYKEKPUYEVES OVAYKEG TOVG SNULOVPYDVTOG
1 TPOTOTOLDVTOG LOKPOEVIOAEC/GLVOPTHOELS. AVTO TO EMIMEDO TPOSUPUOYNG onpaivel 6Tt o Al-agent
umopet va e&glyfel yio va xeipiotel £va evpd PAGLO EPYOCIOV OTTMG VITOYOPEVOVTUL OO TIG LETAPOA-
AOLEVEG AOITHGELS TOV XPNOTN.

Enekraoeig mov gEghicoovian amwd TNV KOvOTHTO!

Muo mhatedppa 1 forum yia v kown ypnon, cv{ftnon Kot BEATIOoT LOKPOEVTOADMV/GUVAPTICEMY
Oa pmopovice va evioyboeL GNUAVTIKG TN xpnotuotnta tov Al-agent. XpioTeg ympic LEYAAN TPOYPOLLL-
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HoTIoTIKN gumelpio 0o propodoay va a&lomotGouy T GVALOYIKY YVAOCT TG KOWOTNTOS Yo Vo fpovv
N Vo TPOGOUPIAGOVV LOKPOEVTOAES TTOV TKOVOTTOLOUV TIG OVAYKEG TOVG, TPO®ODVTUG £VO CLUVEPYUTIKO
0WKOGVGTN LA

Khapaxoon:

H apyrtextovikn €xel oyedlaotel yio vo prio&evel pio enektevopevn Piitodnkn epyacidv Kot Agt-
TOVPYLDV, KAMPOKOVUEVT OO TPOSMTIKEG YPNOELS £0C - TOAVAC - EQAPHOYEG EMTEGOL EMLYEipMONG.
H dtemapn exmaidevong kot o unyovicpog ovtiotoiyiong tpobécemy ival facikd cLGTUTIKE TOV d1EL-
KOADVOLV auTY] TV KAMUAK®OOT).

3.2.7 MHopodeiypato EQappoyov

MIpocomkoi BonOoi:

[Ipocappoyn tov Al-agent yio TV EKTELECT] TPOCOTIKMY EPYACIDV, OTMG 1) SLOEIPLOT TOV NUEPOAO-
viov, 1 AMOGTOAN UNVLUATOV 1 | TopayyeEAio TPoidvTV. AVTEG 01 Agttovpyieg LITopovV Vo TPOsap-
LOGTOVV MGTE VO, IKAVOTOLOVV TIG LOVUIIKEG OvVAYKES KAOE ¥pNoTr, BEATIGVOVTOC TNV amOd00T Kot
v gumepio xpno.

Bon0cwo o€ Epyacioxka eprpairovra:

Evoopdtwon tov Al-agent og gpyaciokd mepPAALOVTO Yo, TNV CUTOUATOTOINGT] EXAVOAAUBAVOLLE-
VOV £PYOCLOV, OTMG 1 SNULOVPYIN avaopdV, 1 dtoyeipton dedouEvaV 1 11 CAMANAETIOPOOT) [LE GLOTN-
pota CRM. Avtd Ba propovce va PEATIDGEL TV OTOJ0TIKOTITA KoL VO, LEIDGEL TOV POPTO EPYUGING
TOV VIOAAMAWV.

Ynootip&n oc E@appoyéc Yysrovopkng ®@povridog:

H ypnon Al-agents yia TV Topoyn vTooTNPIENG OE WUTPIKES EQOPLOYES, OTMOC 1) TAPOKOAOVON O TV
CLVTOYMOV QOPUAK®OV, 1 dlayelpton pavtefol Kot 1 mapoyn TAnpoeoptdv yio v vyeio. H tomum
ene&epyocio o pmopovoe vo S1acPaAicel TNV W1OTIKOTNTO TV AeBEVAOV KOl TNV AGPaAn dtayeipion
TOV OEOUEVMV VYELOC.

"E&untva Xritia:

Evoopdtoon tov Al-agents 6e GuoTAHOTO £EVTVOV GTLTIOV Y10, TNV OVTOLATOTOIN OGN KadnUeEpVDdV
dpacTNPIOTNTOV, OTMG 1 dtayEiplon EOTIGHOD, 1 TapaKoAoLON G acpaieiog Kol 1) dloyeipion vép-
vewg. Avtd pmopel vo BEATIDGEL TNV AVEST] KOL TV AGPAAELN TOV KOTOIK®V.

Exrmaidcvon:

Xpnon tov Al-agent yio TV vVTOGTAPIEN EKTOOEVTIKAOV EQOPLOYDV, OTMOC 1| TOPOYN HOONUATOVY, 1
dayelpion g TPooddov TV HabnTdV kot 1 Tapoyn efatopkevpévng Pondeag otn padnon. Avtd
Ba umopovce va evioyvoel TV eumepio pabnong, agod o Al-agent Bo NToV TPOCAPUOPUEVOS GTIC
avaykeg kaOe padnr.

3.3 Xvumépoopa

H sicaymyn g véag apyltekTovVIKNG €VTIOC GUGKELTG TPOGPEPEL L0 TPOTOTOPLAKT) TPOGEYYLION Yot
NV EVeOUAT®OON TV duvatot)Tev Tov LLMs 6g Kivntég Kol EVOOUATOUEVEG GUOKEVEG. XPTGILO-
TOUDVTOG TOTIKOVG TOPOLS KOl TPOGUPLOCUEVEG PAGELG OEO0UEV®VY, QLT T TPOGEYYIOT| UTOpPEl va
pelwoet v e€aptnon ond Tig VANPESIES VEQOLS, VO BEATIOGEL TNV atdO0CT KL TNV 0COAAELN KOt
VO TPOCPEPEL AELTOVPYIKOTNTO EKTOC cUVOEoNC. Evd vdpyovv mpokAcElg TOV TPEMEL VO OVTILE-
TOTIGTOVV, 01 OTPATNYIKEG PeATioTOMOINOoNG Kol Ot pnyovicpol acealieiog pmopovv va Ponbncovy
otV VIEPPacT TOVG, KADIGTOVTUG OLTH TV OPYLTEKTOVIKT L0l TPUKTIKT KOl 0TOS0TIKN ADGN Yo TNV
avdamrruén Al-agents g TpayLOTIKESG EQAPHLOYES.

45






Kepararo 4

Iewpapatiko Mépog

Av16 10 KEQALO omoteret To [epapoticd Mépog avtig g epyaciag. Eotialovpie og 600 mruyéc. H
TpmtN givan N eniden tov ndg powaler to "BHMA 57 tng pebodoroyiag 7 Pnudtov o€ éva oeviplo
ovvleong povoikng. To devtepo népog e&eTalel TNV APYLTEKTOVIKY] EVTOG GLOKEVNG TOL TPOTABNKE
GTO TPOTYOLLEVO KEQAANL0 Kot amoteAel “proof of concept” yio avth TV TPocéyyion.

4.1 To mapdderypa TG TAPTITOVPAS YLO. TLAVO

Ac vrobéoovpe 0Tt évag ¥pNoTNg (PEELETAL TNV TAPTITOVPA Y10 TLAVO EVOG HOVGIKOD KOULOTION T
évav Aoykd SakTOMGHO (0vaBeon SOKTOA®Y GTIC VOTEC TNG TAPTITOVPOS) Y10l [0 VITAPYOLGH TAPTL-
Tovpa. Avti M epyacia anottel Evav eggdikevpévo Al-agent kot Oempeiton Tord mepimiokn. [opa-
Kkdto mapovsialovpe 11 mpoomdBeieg Tov ChatGPT 4 e avtéc Tig ovvOeTEG EpYAGIES KO TAPEYOVILE
T AMOTEAECUATO TNG PUOUIONC aTOD TOV LOVTEAOL LE ESOUEVO TTPUYUUTIKOD KOGLOV LOVCIKMV
@OAAOV Kot T 60voeST] Tov pe éva API yia dnovpyia Taptitovpag widvov (w.y. MuseScore [6]).

4.1.1 Apyxn npoondaOero,

Znmooape ard 1o ChatGPT 4 va mapdoyel TV TapTitodpo VoG oAl HOVGIKOD KOUUATION (Lo
4.2). H pehwdio eivar amoAdtoc cooti! Avtd givar puo pikpn omddeién Tmv eVoOUATOUEVOY dV-
VaToTNTO®V TOV 60YXpovav LLMs. Ag mpoy®pncovUe GE MO amolTNTIKEG EPYAGIES, OTMG 1 TOPOYN
SUKTUAMGHOD KO 1) LETAYPAPT] O LOVGIKO TEVTAYPOLLLLO.

4.1.2 IIpocOnkn daxTVAGNOV

H mapoyn pag Aoyikng tomofEtnong SoKTOAMY Y10, [ TAPTITOOPA TIAVOV UTOPEL va. givol Lo omot-
TiKn Sdikacio, Kabmg VTapyovY ToAAOL KOVOVEG TOV TPETEL VoL AN@Bovy voyy (Zynua 4.4). Zn-
moape omd o ChatGPT 4 va mapdoyet SakToMo o Yio avTtd To Koppdtt (Zynpa 4.3). H pelmdio eivar
amoAOTOG CMOTY Kot 1 TomofEéTnon SakTuAwy gival Aoyikn (umopel va ekTeLeoTEl Ao Evav mavioTo.)
OAAG Oyt BEXTIOTN (LITAPYEL WO ATOJOTIKY) TOTOBETNON SaKkTOAWY). ['la T EmOUEVO B LLa, SOKIUACOLLE
v ekpudOnon pe Aya mapadeiypoto oo GPT 4 Baciopévn og maptitovpeg mdvov and to MuseScore
Kol (ntioape o koAwtepn tomobétnon daxtorwy. To amotéleoua ftav pio TonobETnon SakTOA®MY
7oV Qaiverol PEATIOT Yo Evav mavioTta (Zynqua 4.5).

4.1.3 Tlapoyn TS ONUELOYPUPLOS OE HOVGLKO TEVTAYPUNLO

To televtaio fpa avtng g epyasiog ivat ) ovvdeon tov LLM pe to API tov MuseScore yio tnv
amdKTNOM TNG EMBLUNTAG TOPTITOVPAS TTdvov. Ta amoteAéopata oVTHG TS EVOOUATMONS PaivovTal
610 Zynua 4.6.

To mapoandve meipapo eivarl amAdg po cOvioun enidelln TV aneploplot®v duvatoTHTOV TV Al-
agents.
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4.1.4 IIpoxMoeg & Merihovtikn Epyacia

Eivat onpoavtikd va onpetmbet 0t to tpéyov mapaderypo tov "deyyapdkt Lov Aaumpo” eivotl 1o amAov-
GTEPO TAPASELY O, TAPTITOVPAG TLAvOL. [Ipoympnpuéva KOUUATIO GTO TEVO OTOLTOVY SOKTUAGUO Yo
ovyyopdieg (6tav mailovral moALéC voTeg TavTdypova). [ avtd Tov Adyo, TOAATAEG LEAMOIEG OTTMC
VT OV TaPEYETOL 6TO Zynua 4.6 cuvovdlovial o€ KAaoud koppdtio. Eriong, o ypovog peta&d tmv
SL0d0YIKMY VOT®V TTPEMEL v ANQOEl VTOYIY. Y TAPYOVV TEPIMTMGELS OTIG OTOIEG EIVOIL SOGKOAO AKOLN
KOLL Y10, TPOY@PNUEVOLS TOVIGTEG VO TAPAGYKOVY KOAT TOTOOETNON SUKTOAMY 1] AKOLO KoL VOL ETIAE-
EOVV TO KATAAANAO Y£€PL e TO OTOT0 TPEMEL VO, TOLYTEL i VOTOL. AVTN 1] EPEVVITIKY| TTEPLOYT ELVOL TTOAD
VEOL KO OVOUEVETOL OTL O UNYaVIKOT GUVEPYALOHUEVOL LE LOVGTKOVS Ba EEMEPAGOVY TOVG TPOAVaPEPDE-
vteg mepropiopovg. H Aemtopepng pubuion tov LLMs ota katdAAnia APIs povciknig onpetoypooiog
KOl 1) EVIOYVOT TOVG HE GLAAOYEG OEGOUEVMV OO LOVGIKEG TOPTITOVPES EIVOL OMAPAITITEG VIOl TNV
emitevén g EMBLUNTAG AVTOUATOTOIEVIG GVVOECTG TETOL®V.

4.2 A&wmoinon ¢ Apyrektoviknc Torung Ilpocappoopévng Baong
Agoopévov Yo v Ekntpoon Avtnpuatov Xpnoetov

Avt 1 evotnrta arotelel “proof of concept” yia ) véa pebodoroyia evidg CLGKELNG TOL AvaAvONKE
oto Kepdhawo 3. Apyikd, ypnoyorotovpe 1o ChatGPT 4 yio ) dnpovpyio €1660wv ¥pNnoTn mTov
TPOcOUOLALoVY TPAYUOTIKE dedopéva. XN cuveeld, avtioToyilovpe v Tpdhecn Tov ¥pPNoTN 0TI
TPOoKODOPIGUEVEG LOKPOEVTOAEC/ GUVAPTNOELS TNG TPOCAPUOGUEVNS Bhong dedoUEVOV TOL ZYNUATOG
3.3. ' Tov okomd avtd, apykd xpnoionotovpe to poviého BERT yio tv tagwvounon. I cové-
YEL0L, EKUETOAAEVOUOAGTE PIKPE, TOPOYDYIKO LOVTEAQL. ZVYKEKPLUEVD, YPTCLLOTOLOVLE TNV £KOOCT TOV
8 dtoekatoppvpiov tapopuétpov tov Llama 3 and t Meta kot tnv £€kdoomn Twv 2,7 S16eKATOLPIOV
nopapéTp@v tov Phi-2 amd t Microsoft. To mAeovEéKTnpa TV TOPAYOYIKGOV LOVTEA®V gival OTL Pro-
POVV TOAD €0KOAN VL GUVIVAGOLY 310 1) TEPLGGOTEPES TPOKAOOPICUEVES LOKPOEVTOAEG/ GUVAPTGELS
N va mapdEovv amiég kot "npoeaveic” kinoeig API yio v extéheon tng epyaciog.

4.2.1 Anpuovpyio QUGIKAV €600V YP1OTN TOL TPOGOUOLALOVY TPAYRATIKA
dgdopéva

A&omowobpe tig duvatdmreg tov ChatGPT 4 yuo va dnuovpyncovpe 100 napadeiypata 1668wV
YPNOTN TOL HOLALOVV LE TPOYUATIKEG TEPITTAOGELS ¥pNons (Zynua 4.9).

4.2.2 A&womoinon g Tomuiig llpocappoopévng Badong Asdopévov

INo 11 Tpoavapepbeiceg €10600VG ¥PNOTY, UIHOVUACTE T1 AELITOLPYIKOTNTA £VOG Tomikoy Al-agent
7oV ypnotponotel  Paon dedopévav tov Zypatog 3.3. Onwg mpoteivel n pebodoroyia, Ta yopokn-
PLOTIKG EVOLAPEPOVTOC deV mepAapfavouy T Alota Tov kKAoewv APL Ectidlovpe otig omiieg “Use
Case”, ”Scenario Description” kot ”Task Macro/Function” (Zynpa 4.7).

Apywd ypnowonotovpe to BERT yuo v tagvounomn. L cvvéyelo dokydlovpe v id1a epyocio
YPNOLOTOLDVTOS TNV £Kd00T TV 8 dtoekaTopupvpinv Tapapétpoy tov Llama 3 and ) Meta kot tnv
ékdoon tav 2,7 dtoekatoppopiov mapopétpov Tov Phi-2 amd ™ Microsoft. To amoteléopata Tmv
nelpopdTov epeavifoviot 6to Zynuo 4.8.

[Mopoatnpovpe 6TL KOl GTIS TPEIS TEPMTOGELG 1) TOSIVOUNON glvar emiTuyng. 261060, VITUPYEL EVO TAED-
VEKTN O TN YPNoN EVOG Tapay@ytko povtéhov. Eved to BERT ftav emituyéc oty epyacia Ta&voun-
ong, o Llama 3 fitav og 001 va X1p1oTel Ta. AUTHILOTO TOV YPNOTOV LE LEYAAN uKOAlD Kot ETioNg va
TaPAcYEL TPOGOETEG YPNOUYLES EENYNOELS KOTA TN J1APKELN TNG EKTEAEONC, OKOLT KOl GE OITOLTNTIKES
epyaociec. To Phi-2 katdeepe emiong va oAokANpmGeL TV epyacio Ta&vounong Kot mapeiye emmAEov
TAnpoopiec/eEnynoeig oe aniég epyaciec. To yeyovog ot to péyebog tov Phi-2 pmopei edxoia va yo-
péoel og évo péso smartphone tov 2024 givat puo évoeién tov aneplopiotomv duvatothtev tov LLMs
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kot g teyvoroyiog Al Iapodio mov avtd To Teipapa dev omoTelel AmOdEIEn TG OTOTELEGLOTIKO-
mrog g Tpoavapepbeicas pHeBdd0v, vTodNAGVEL Evtova 0Tl 1 evowpdtoon Tov LLMs 6g popntég
GULOKEVEG glval i £YKVPT), POVTOVPIGTIKT KoL ¥PTGIT 10£0L.
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Kepaiaro 5

Yourepdopata, Xvintmon & Merilovrikn ‘Epsova

5.1 ZXvpnepdopoara

e avt ™ Authopatikn Epyacio mtapovoidotnke pia ohokAnpopévn pebodoroyia yio tnv evicyvon
tov Meydhov Movtéhov I'Adccag (LLMs) péom tng evoopdtwong Aenaeav [poypappaticpon
Eoappoymv (APIs), aviyetonilovtag éva KpiGIo MOS0 6TV EPAPUOYT TOVG: TNV EAAEYT dvva-
WIKNG oAANAemiopaong e To eEmTeptkd ynolokd mepiBaiiov. Méom piog pebodoroyio 7 Prnudrov,
TOPEYETOL L0 SOUNUEVT] TPOGEYYIoN Yo TNV €MAOYT Ko xprion Tov APIs and LLMs, enexteivovtog
£TG1 TN (PNOCILOTNTA KOL TNV OTOTEAEGLOATIKOTNTA TOVG GE TPOYUATIKEG eQapuoyéc. 'Eva onuovticd
OTOTEAEG L0 OLTHG TNG EPEVVOG EIVOL ) TPOTACT] OGS OPYLTEKTOVIKNG EVTOG GLGKEVTG TTOL £XEL GYEDIOL-
otel ylo va ypnotpomotet pukpd povtéda amd v kowvotnto Hugging Face, emitpémovtog tnv amoteie-
oupatikn Asttovpyio Al-agents oe opNTéG GLOKELEG. AVTH 1| KavoTopio avEAVEL TNV 0VTOVOUTaL Kot
v avtiinym tov Al-agents kat evioyVel TIG SuVATOTNTEC TOVG O€ TEPPAAAOVTA LE TEPLOPIGUEVOLS
OpovG. O TPOKTIKEG EPAPUOYEG VTAOV TV HEBOSOLOYVIOV EmEKTEIVOVTAL GE dIAPOPOVG TOUEIG, OTMG
N TeXVOAOYiQ, 1 VYEOVOLUKY TTEPIBalY KoL 1) €ELTNPETNON TEAATDV.

5.2 Xvlntmon & Mehhovtikn ‘Epegvva

Avt 1 €peuva cvuPdirel 1660 otn Be®PNTIKY EMTEKTOOT OGO KOl GTNV TPUKTIKY eQapuoyn g Te-
xvntg Nonuoovvng, evioydovtag Tig duvatotnteg aainienidpaong towv LLMs pe APIs. Emttpémovtag
G€ OVTA TO LOVTEAX VO. EXOVV TPOGPOCT) GE DEGOUEVH GE TPOYUATIKS YPOVO, VO, AAANAETOPOHY duva-
UUKG Pe GALO YN OLOKG GCUGTAILOTO KO VO, EKTEAOVV oOVOETEG Epyasieg avuTOVOpQ, 1| TOPODGA EPYACIN
dtevpovel Tig maveg ypnoelg twv LLMs og d1dpopovg TopELS.

Evéd avt n épevva mapéyel o otabepn Paon yio v aAinienidpacn tov LLMs pe APIs, avri-
petonilel eniong TePLOPIOUOVE, CUUTEPIAAUPAVOLEVOY TOV TOAVAOV TPOKATUANYEDY GTNV ETAOYN
LOVTEA®V KOl TOV TPOKANGE®V KAMUAK®ONG ToL oyetilovial pe Tov 0yko tov kKAnoewv APL H eupé-
Agtla g evoopdtoong API emikevipoveto enl Tov TopdVTog o€ TPOKADBOPIGUEVES EPYUGIES, Ol OTTOlES
umopel vo unv emekteivovtot o OAEG TIG TOAVEG EQAPUOYES.

[Teportépm Epevva Bo TPEMEL VOl O1EPEVVIOEL TV EVOOUATMOT VOGS 0KOUT eLpUTEPOL PAGHOTOC APIS,
enekteivovtag ™ Asrtovpykn epPéreta tov LLMs. EmmAéov, 1 diepedvnon g papUoYnS OuTmV
TV pebodoroyidv og dLipopovg Topeic Kot apyrtektovikég LLM Oa tav erweeing. Yrdpyet exiong
aVAYKN Y10 LEAETN TOV LOKPOTTPOBECUOV SLVOTOTHT®Y HLABNONE Kot Tpooapoyng Tov Al-agents og
SUVOUIKA TEPIPAAAOVTO Y10 TNV EVIGYVON TOV EEEMKTIKMY SLUVATOTHTMV TOVG UE BAOT| T1 CLVEYN OvaL-
TPOPOSOTNON).

AopPavovtag voyy o "Nopo tov Moore” Kot Tig Taygieg Tpoddovg 6T VITOAOYIOTIKEG dVVOTOTN -
teg, avapéveral 0tL n avantuén LLMs anevbeiog oe cvuokevég Ba yivel @ikt 610 GpeGo LEALOV.
Avt  g&éMén mbovotata Oa emitaydver TIg TPOKTIKEG epapproyég tov Al-agents, kabiotdvtag Tovg
O TPOGITOVG KOl ATOTEAEGLOTIKOVG,.

O pefBodoroyieg mov avamthyOnkov oe avt TV gpyacia Ha propodoay va EXovV GNUAVTIKO avTi-
KTUTO 6€ TOAAOVG KAGOOVS Ttapéyovtag Avoelg Teyvnteg Nompoovvng mov givol mo SuvopiKes, gv-
QLELG Kot TposopprooTikéG. H pelhovtikn épevva mpog Ty Katehbuvon g EVOMUATOONC GUTOV TMOV
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Beltiopévav LLMs g topeig 0mme 1 vyetovopikn mepifaiyn, yio eEatopikevpéveg oAANAETIOPAGELS,
1M TAL YPNHOTOOIKOVOLKAEL, Y10 AT OTOQAGE®V GE TPAYLATIKO ¥pOvo, B Lmopovoe va, amodetyOei fie-
TOPOPPOTIKY.

Avt 1 gpyacia oyl poévo Tpodyet tov topéa g Texvntig Nonuoodvng, oArd eniong Bétet éva Oe-
UEAMMDOEC TAOIGLO 1oL LEAAOVTIKY] €PELVO, LLE SVVATOTNTO VAL OO YGEL GTIV KOTAGKELT TPAYLLOTIKA
QVTOVOL®V KOl EELOV Al-agents IKavdV va AEITOVPYOLV o€ LeYAo €0pog TEPIPUALOVTOV Kal EpYa-
olv.
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Chapter 1

Introduction

1.1 Why LLM-based Al-agents?

Large Language Models (LLMs) have revolutionized various aspects of engineering and science and
are considered a milestone in the area of Artificial Intelligence (AI) and Natural Language Processing
(NLP). Beginning with simpler models capable of understanding and generating text based on statisti-
cal methods, this field has witnessed the emergence of increasingly sophisticated architectures. These
advancements have led to the development of models like GPT-3, GPT-4 [7], BERT [8] and LLaMA
[9], which not only grasp the intricacies of human language but also generate coherent, context-aware
and domain-specific text. The strengths of these models lie in their deep understanding of language
instances, their ability to generate human-like text and their application across diverse tasks, from
translation to content creation.

However, despite their impressive capabilities, LLMs face notable limitations. Their knowledge is
”frozen” at the time of training, rendering them unable to access or process real-time information or
interact dynamically with the environment. Furthermore, they often generate responses based on pat-
terns in their training data, which can lead to hallucinations, inaccuracies, or factual contradictions.
Initially, researchers have focused on instruction tuning towards advanced language processing skills,
often ignoring the crucial domain of tool use, leading to models that do not replicate the human way of
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Figure 1.1: The exponential growth of the field of LLM-based Al-agents. We present the cumulative
number of papers published from December 2019 to April 2024.
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learning when tested in unconstrained, open-domain contexts [10, 11, 12, 13]. Recent studies tend to
achieve more human-like results [14, 7, 15, 16, 17, 18, 19, 9], since researchers are enhancing LLMs
with memory, planning and reasoning capabilities. Mechanisms that can bridge the gap between static
knowledge and dynamic, real-time information retrieval and processing are of predominant interest.
The most popular approach towards this direction involves equipping LLMs with the privilege of in-
teracting with external tools and applications. The enhancement of LLMs with Application Program-
ming Interfaces (APIs) gives birth to the research area of LLM-based Al-agents, a field of increasing
specialization and exponential growth. It is worth noting that (optimistic) researchers anticipate that
Artificial General Intelligence (AGI) will be accomplished via self-directed planning and behaviours
and autonomous Al-agents seem to be the most viable method to get there [19, 14].

1.2 LLMs & APIs

APIs serve as a bridge that extends LLM capabilities beyond their inherent limitations by allowing
interaction with external systems, databases and services, enabling LLMs to fetch real-time data, per-
form computations and even execute transactions. This integration opens up new possibilities for
LLMs, transforming them from static models to dynamic agents capable of more complex and con-
textually aware operations [20, 17, 5]. Benchmarks like API-bank have been created to evaluate the
increasing amount of new models. The synergy of LLMs and APIs marks a pivotal shift towards cre-
ating more intelligent, adaptable and versatile Al systems. While the journey of LLM development
has been marked by significant breakthroughs, the path forward involves overcoming the challenges
of their limitations through innovative solutions like API integration, setting the stage for the next leap
in Al capabilities.

1.3 Related Work & Research

Cutting-edge advancements of LLMs and Al include Autonomous Al Software Engineers that can
understand high-level human instructions, break them down into steps, research relevant information
and write code to achieve a given objective, like OpenDevin [21] and Devika [22]. Also, LLM fora like
the Hugging Face community provide a vast variety of specialized pre-trained models oriented towards
specific functionalities [23]. With the rapid growth of this research field, multiple extensive surveys
have arisen, giving deep insights into a wide range of topics. [24] and [25] provide a comprehensive
introduction to the background, significant discoveries and mainstream technologies. On the other
hand, [26] focuses particularly on the applications of LLMs in various downstream processes, as well
as the obstacles involved with their adoption. Aligning LLMs with human intelligence is a growing
topic of study that aims to overcome issues like biases and hallucinations [27]. Reasoning is another
important part of intelligence that impacts decision-making, problem-solving and cognitive ability
[28]. According to [29], Augmented Language Models (ALMs) can improve language models by
including reasoning and tool capabilities. Evaluating the performance of large-scale models becomes
more important as their utility grows and there are various metrics that are used for this purpose [30].
This work focuses on the advancement of LLMs through API embracement.

1.4 Structure of the Thesis

The thesis is structured as follows: Chapter 1 sets the stage by discussing the significance of LLM-
based Al-agents and their integration with APIs. Chapter 2 explores the 7-step methodology em-
ployed to enhance LL.Ms with APIs. It begins with ”Model Selection,” which details the criteria for
choosing LLMs suitable for API integration based on performance, interoperability and adaptabil-
ity. This is followed by ”Enhancing with External Tool Knowledge,” where training LLMs with API
documentation to execute API-related commands effectively is discussed. ”Designing a Multi-Stage
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Pipeline” outlines a structured approach for integrating APIs through stages like task identification
and API discovery. ”API Selection Mechanism” describes the criteria and mechanisms for selecting
suitable APIs for specific tasks. ”Generating API calls” discusses techniques to ensure API calls are
syntactically correct and semantically aligned with user intents. ”Task Decomposition” covers strate-
gies for breaking down complex tasks into simpler sub-tasks and “Iterative Improvement and User
Feedback” is about refining API interactions through continuous user feedback. Chapter 3 delves
into the practical application of the methodologies discussed earlier, introducing an innovative on-
device architecture designed for LLMs. This chapter discusses the technical and operational aspects
of implementing LLMs on portable devices, emphasizing the storage, RAM and CPU requirements
necessary for efficient functionality. It also explores the enhancement of Al-agents with local custom
databases, providing a detailed examination of the components and operational flow of the proposed
architecture. By addressing the challenges and mitigation strategies, this chapter showcases the ad-
vantages of on-device implementation, such as improved response times and reduced dependency on
constant connectivity. In Chapter 4, practical applications and use cases are examined to illustrate how
these architectures facilitate real-world deployment of Al-agents, paving the way for more robust and
context-aware applications. Finally, Chapter 5, ”Conclusion, Discussion & Future Research,” sum-
marizes the findings, discusses the implications and suggests future research directions. Together,
these chapters comprehensively address the novel topic of enhancing LLMs with API capabilities.
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Chapter 2

Methodology Towards Enhancing LLLMs with APIs

This Chapter elaborates on a methodological framework designed to augment Large Language Mod-
els (LLMs) with Application Programming Interfaces (APIs), fostering more dynamic and interactive
Al systems. This section begins with the strategic selection of LLMs optimized for API integration,
emphasizing not only linguistic proficiency but also compatibility with external APIs. The approach
progresses through 7 steps, starting with enhancing LLMs with external tool knowledge through tar-
geted training and fine-tuning using API documentation. Further on, the methodology suggests a
structured multi-stage pipeline that systematizes API integration, ensuring that interactions are both
efficient and effective. Key to this process is the robust mechanism for API selection, that is taking
into account both task relevance and operational capabilities to ensure optimal alignment with the
functionalities of the LLM. Subsequent steps detail the generation of API calls that ensure precise
task execution. At this point, it is important to notice that for addressing complex tasks, the method-
ology proposes techniques for decomposition into manageable components, thereby streamlining the
problem-solving process. The concluding stages focus on iterative improvements and leveraging user
feedback, which are vital for continually refining the Human Computer Interactions (HCI) and adapt-
ability in practical applications. This framework not only outlines a pathway for enhancing LLMs
with APIs but also underscores the evolving capabilities of Al systems to perform autonomously and
robustly in diverse real-world scenarios.

LLM Agent | Sub-tasksList& Planning Multi-agent

Text / Multimodal Input “Task Decomposition” (Solution Path Annotation) SYSTEM

e Multi-agent SYSTEM N
Individual | LLM Agent ; LLM Agent - LLM Agent
Sub-task ’—!_.-"'. “Identifies Dormain” “Selects suitable API" "Generates API-call”
User : . -
Text response / Access
Request for confirmation (if needed) / . : LLM Agent i — Control
Aol eaoinn Combines sub-tasks and Executes Policy

Figure 2.1: Overview of an LLM-based Al-agent Architecture
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2.1 STEP 1: Model Selection

Selecting Large Language Models (LLMs) for API integration involves evaluating several critical
criteria to ensure that the models are not only proficient in natural language processing but are also
adaptable and efficient in interacting with external APIs. Based on current research [18, 4] and on
Al-standards, the following aspects should be taken into consideration:

Performance on Language Tasks:

The ability of an LLM to understand and generate human-like text is crucial. The model must exhibit
high performance across a variety of language tasks, including (but not limited to) comprehension,
translation, summarization and question-answering.

Interoperability with APIs:

The chosen LLM should be capable of understanding instructions that involve external tools and trans-
lating these instructions into API calls. This requires the model to be able to identify the relevant API
and format the request appropriately.

Adaptability and Learning Capability:

An ideal LLM for API integration should be adaptable, capable of learning from interactions and im-
proving over time. This involves the model’s ability to incorporate feedback from API interactions
into future responses, enhancing its performance and accuracy.

Generalization Across Domains:

The model should demonstrate strong generalization capabilities, meaning it can effectively apply its
knowledge and API integration skills across a wide range of domains and tasks, not limited to the
scenarios it was explicitly trained on.

Scalability and Efficiency:

Given the potential high volume of API calls and the complexity of processing responses, the selected
LLM needs to be scalable and efficient in its operations. This ensures that the integration remains
practical and sustainable even as the scope of tasks expands.

Ethical and Bias Considerations:

The model must handle data ethically, especially when interfacing with APIs that may access sensitive
or personal information. It should also be evaluated for biases to mitigate any negative impacts that
could arise from its responses.

Up-to-dateness:

The LLM should be trained on a recent dataset, ensuring that its knowledge base is as current as pos-
sible. This is crucial for tasks that require up-to-date information, which the model might need to
retrieve through APIs.

Memory and Storage Requirements:

The LLM should have manageable memory and storage demands to ensure compatibility with exist-
ing infrastructure without requiring excessive upgrades. For deployment, the model should efficiently
utilize available system memory (RAM) and storage, which is crucial when handling large datasets
or multiple simultaneous API calls. This also impacts the speed at which the model can access and
process data.

Response Time and Latency:

It is important that the LLM exhibits low latency in understanding and processing API calls. Quick
response times are essential for maintaining a fluid user experience, especially in applications that
require real-time interaction or high-speed data processing. This involves optimizing the model’s ar-
chitecture and deployment setup to minimize delays.

Prompt Flexibility and Limitations:

The LLM should accommodate a wide range of prompt lengths and complexities, allowing users to
make requests using both concise and detailed descriptions. However, it’s important to establish the
limitations regarding the length of prompts the model can effectively process without a drop in per-
formance or accuracy, as this impacts its utility across different applications.

Integration and Compatibility with Existing Systems:

The model should easily integrate with existing software architectures and technology stacks. This
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includes compatibility with various programming languages and frameworks commonly used for API
integration. It should support standard interfaces and protocols to streamline deployment and mainte-
nance.

Cost Efficiency:

Considering the operational costs, including computational resources and potential subscription fees
(if using a hosted service), the chosen LLM should offer a balance between performance and cost.
This criterion is critical for ensuring that the model remains a viable solution as the scale of APl usage
grows.

Support and Community Ecosystem:

An active support community and the availability of comprehensive documentation are invaluable
for troubleshooting and enhancing the model. Access to a robust ecosystem, such as that provided
by Hugging Face, can significantly ease the integration process and provide resources for continuous
improvement and learning.

The above criteria provide a holistic evaluation of potential LLMs, taking into account not just their
intellectual capabilities but also practical considerations that affect their deployment and long-term
usability in API integration scenarios. [18] and [5, 9] exemplify these criteria by showcasing models
specifically designed for tool usage, including API interactions. They demonstrate superior perfor-
mance in understanding complex instructions and executing tasks involving external tools, thereby
serving as a benchmark for what an LLM should be capable of in the context of API integration.
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Figure 2.2: The Hugging Face Community Leaderboard (as on 9th May 2024)

A very common approach towards selecting an appropriate LLM is using the information available
on the leaderboard of the Hugging Face community [23, 17]. As shown in Figure 2.2, there is a wide
variety of benchmarks for specialized tasks including summarization, classification, embeddings and
question answering.

The page includes a search bar for finding specific models or licenses. Below this, there is a section
allowing users to select which data columns to display, such as average performance or results from
specific benchmarks like ARC, Hellaswag, MMLU and others. It also features filters to hide certain
types of models, including private, deleted, merged, or flagged entries. For further customization,
the platform offers filters by model type, such as pretrained or continuously pretrained models, those
fine-tuned on domain-specific datasets and other categories. Precision filters allow selection based
on the computational precision of the models (e.g. floatl6, bfloat16) and there are options to filter
models by size, categorized by the number of parameters. This leaderboard serves as a comprehen-
sive resource for comparing and analyzing the capabilities and performances of various large language
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models, catering to researchers, developers and Al enthusiasts.

A useful task before choosing the desired model would be creating an empirical compact comparison
table. This table should consist of some candidate models assessed on some useful functionalities. In
that way, a rough overview of available options is created. For example, one such table is presented
in Figure 2.3.

To fill in this table with accurate data, the following should be taken into consideration:

1. Identifying the tasks that are most relevant to the specific project.

2. Gathering or referencing empirical data from the literature on how each model performs on these
tasks. For capabilities, performance metrics and detailed comparisons, consulting specific and recent
publications or benchmarks is essential.

3. Updating the table accordingly.

Language Text Ease of

Model Understanding Generation Efficiency Versatility  Use

BERT Very High Moderate Low (Resource- High High
intensive)

GPT-3 High Very High Low (Resource- High Moderate
intensive)

RoBERTa Very High Moderate Low (Resource- High High
intensive)

DistilBERT High Moderate High (Resource- Moderate High
efficient)

TS Very High High Moderate Very High Moderate

XLNet Very High High Low (Complex High Moderate
training)

Figure 2.3: Example of a Compact Comparison Table
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2.2 STEP 2: Enhancing with External Tool Knowledge

Enhancing LLMs with external tool knowledge is the most critical step towards creating more versatile
and practical Al systems. This process involves training or fine-tuning LLMs to not only understand
natural language but also to interpret and execute commands that involve interacting with external
APIs. If real-world data for the API of interest exist, then they are used in order to fine-tune an open-
source LLM. This is not always the case. APIs that are not widely used, or that have very recently been
released, do not have a large enough amount of real-world data associated with them. This problem is
solved using the methodology proposed in [5]. To be more specific, a powerful LLM (like ChatGPT4
[7]) is used in order to create good quality data for the specific APIs, by following a careful multi-
agent process. These good quality data are then used for fine-tuning an open-source model. The final
model is very well trained in the context of the API of interest. The above method (as also shown in
Figure 2.4) reminds of the common data science adage:

”The quality of the model depends on the quality of the training data.”

Powerful Powerful
closed-source LLM open-source LLM
Good Quality

Open-Source

Training Data
& Model

fora specific API

Figure 2.4: Training open-source LLMs

More traditional methods include:

Training with API Documentation and Examples:

One of the primary methods for incorporating API knowledge into LLMs involves using API doc-
umentation and example API calls as part of the training data. This allows the model to learn the
structure, syntax and usage patterns of various APIs. By understanding how API requests are formu-
lated and what responses they generate, LLMs can better predict the necessary actions to take when
tasked with an operation that requires API interaction.

Fine-tuning on Task-Specific Scenarios:

Beyond basic training, fine-tuning LLMs for task-specific scenarios involving API access can dras-
tically improve their ability to communicate with external tools. This requires building datasets that
imitate real-world actions involving API calls and then utilizing them to fine-tune the model. This tai-
lored approach teaches the model the intricacies of when and how to leverage APIs to achieve certain
goals.

Simulated API Interaction Environments:

Another strategy is to use simulated environments where LLMs can interact with mock APIs. These
simulated APIs can provide structured responses to the model’s requests, allowing it to practice API
interactions in a controlled setting. This method helps in reinforcing the model’s understanding of
API dynamics without the need for actual API calls, which might have rate limits or increased costs.
Incorporating API Semantic Understanding:

One of the most important aspects of the LLM-API interaction is the semantic relationship between
natural language instructions and API functionality. This involves mapping user intents to specific
API actions, a process that can be facilitated through supervised learning techniques where the model
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is trained on pairs of natural language instructions and the corresponding API calls.

Leveraging Transfer Learning:

Transfer learning techniques can be employed to transfer knowledge from pre-trained models that are
already proficient in API interactions to new models. This approach can reduce the amount of data
required for training and speed up the fine-tuning process, leveraging the pre-existing knowledge em-
bedded in the models.

Continuous Learning and Adaptation:

Finally, enabling LLMs to continuously learn from their interactions can further enhance their API
knowledge. By analyzing the success and failure of API calls and integrating this feedback into sub-
sequent training cycles, LLMs can adapt and improve their API interaction capabilities over time.
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2.3 STEP 3: Designing a Multi-Stage Pipeline

Designing a multi-stage pipeline for API integration into Large Language Models (LLMs) is a struc-
tured approach that systematically enhances the model’s ability to interact with external APIs. Inspired
by the processes discussed in [3] and [18], this methodology ensures that LLMs can efficiently un-
derstand, select and utilize APIs to perform real-world tasks, thereby significantly expanding their
capabilities beyond mere text generation or understanding. Here, we outline the critical stages in this
pipeline and the importance of each step.

Task Identification API Discovery ;
and Understanding andSelection ACEGRR Grreation
Feedback Integration APl Response
and lteration Processing

Figure 2.5: Multi-Stage Pipeline Overview

1. Task Identification and Understanding

The initial stage involves accurately identifying the user’s intent and understanding the specific task
at hand. This step is crucial as it sets the foundation for selecting the appropriate API(s) to execute
the task. It involves natural language understanding techniques to parse the user’s request and extract
relevant information, such as the desired action and any specific parameters required for the task.

2. API Discovery and Selection
Finding and choosing the best API or APIs to complete the task is the next step after it has been prop-
erly stated. This entails matching the features provided by the accessible APIs with the requirements
of the task. The ability of the API to complete the work, its dependability, response speed and maybe
cost are among the decision criteria. This stage might make use of an API database or registry where
APIs are arranged according to their functionality and domains (e.g. the ”Rapid’s API Hub” [31] as
used in [5] and [3]).

3. API call Generation
With the appropriate API selected, the pipeline then focuses on generating the API call. This step re-
quires transforming the task parameters and requirements identified in the first step into a format that
suits to the API’s specification. It involves generating the endpoint URL, the method (GET, POST,
etc.) and any required headers or body parameters. This step is critical as it directly affects the success
of the API interaction.

4. API Response Processing

After the API call is executed, the LLM must process the received response. This stage involves
parsing the API’s response, extracting the relevant data and transforming it into a format that can be
easily understood and utilized by the user. Depending on the complexity of the API response, this
may involve filtering, sorting, or aggregating data.

5. Feedback Integration and Iteration

The final stage involves integrating feedback from the API interaction into future operations. This
could involve adjusting the API selection process based on performance or updating the method for
generating API calls based on success rates. Continuous learning mechanisms can be implemented to
refine each stage of the pipeline based on real-world interaction data.

Inspired by [3], this structured approach towards API integration is paramount for creating LLMs that
can effectively utilize external APIs. It ensures a systematic process from understanding user requests
to executing tasks via APIs, thereby enhancing the LLMs’ functionality and applicability in real-world
scenarios. One such scenario that is of practical interest is ”booking holidays”. Below we explain how
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Figure 2.6: Some of the categories/domains provided by Rapid’s API Hub

every step applies to the task of booking holidays through an API by utilizing an LLM.

If a user inputs I want to book a beach holiday in Greece for the first week of July,” the LLM discerns
the task (booking a holiday), the type (beach), location (Greece) and time (first week of July). For
booking a holiday, the LLM selects APIs from a travel domain for flights and hotels, ensuring they
cover Greek destinations and offer options for beachfront accommodations. To find beach hotels in
Greece, the LLM crafts a GET request to the hotel booking API, including parameters for the loca-
tion ("Greece”), dates (“first week of July”) and filters for “beachfront” properties. Then, the LLM
processes the list of beachfront hotels, selecting a few options based on ratings, availability and price.
Finally, it presents these choices to the user in a concise and informative manner. It is important to
notice that based on the user’s selection, the system learns preferences, such as prioritizing lower-
cost options or specific amenities, enhancing future task executions. This short analysis of each step,
demonstrated in the “booking holidays” example, underscores the complexity and potential of inte-
grating LLMs with external APIs to perform real-world tasks, showcasing a significant advancement
in the capabilities of Al-agents.
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Figure 2.7: Overview of the construction of an Al-agent (Image source: [1])
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2.4 STEP 4: API Selection Mechanism

A crucial step in combining Large Language Models (LLMs) with external APIs to complete certain
tasks is the API selection mechanism. This mechanism optimizes for efficiency, reliability and accu-
racy by going through a set of criteria and steps to make sure the selected API is the most appropriate
for the task at hand. The following are the main criteria and mechanisms to be considered:

2.4.1 Criteria for API Selection

1. Relevance to Task: The goals of the task must be directly supported by the API. For example,
an API needed for travel booking needs to be able to handle bookings for flights and hotels, not for
unrelated services.

2. Coverage and Scope: In order for the API to deliver pertinent data or activities, it must cover all
necessary services and geographic areas.

3. Performance and Reliability: APIs with high reliability, low latency and rapid response times
are preferred to offer a smooth user experience.

4. Data Quality and Accuracy: The API should give reliable, up-to-date and precise information,
which is essential for jobs that require real-time data or specialized specifics.

5. Cost and Rate Limits: The API’s fees, as well as any rate constraints, should be in line with the
project’s budget and estimated usage volume.

6. Documentation and Support: Well-documented APIs with clear usage guidelines and active sup-
port fora are essential for efficient integration and troubleshooting.

7. Security and Privacy: The API must follow strict security and privacy requirements, particularly
when dealing with sensitive user data.

Let’s examine the example of "Booking Holidays” based on the above considerations:

When a user requests assistance in booking a holiday, the LLM would first identify the task’s re-
quirements, such as destination, dates and preferences. It then queries the API catalog, filtering for
travel-related APIs that cover the specified destination and dates. The selection mechanism might
prioritize APIs based on user preferences for low-cost options, high reliability scores and positive
feedback from previous integrations. Once a shortlist of suitable APIs is generated, the LLM selects
the API (or APIs) that best match the criteria. Through these criteria and mechanisms, the API se-
lection process becomes a sophisticated, multi-dimensional decision-making process, ensuring that
LLMs can effectively leverage external APIs to extend their capabilities and perform a wide range of
tasks with higher accuracy, efficiency and user satisfaction.

The ”Relevance to Task” criterion is foundational in the API selection mechanism for integrating
Large Language Models (LLMs) with external tools, particularly APIs. This criterion ensures that
the chosen API is intrinsically aligned with the specific objectives of the task at hand, thereby guar-
anteeing that the LLM can effectively utilize the API to fulfill the user’s request. Here, we examine
the evaluation of an API’s relevance to a given task, using the example of a travel booking task to
illustrate the concept in detail.

Task-Specific Functionalities:

The primary consideration in determining an API’s relevance is its set of functionalities. For a task
such as travel booking, the API must offer specific capabilities related to searching for flights, book-
ing accommodations and perhaps even additional services like car rentals or activity reservations. The
APTI’s core functions must align with the task requirements to ensure it can serve the intended purpose.
Geographical Coverage:

For tasks with a geographical component, such as travel booking, the API’s coverage is crucial. It
should support queries and transactions for the specific destinations involved in the task. An API that
offers extensive hotel listings in Europe but limited options in Asia would not be relevant for planning
a trip to Tokyo, for instance.
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Integration Complexity and Compatibility:

An API’s usefulness is also affected by how simple it is to incorporate into the current framework,
particularly how well it works with the LLM’s data formats and architecture. Though an API may
technically support the task’s objectives, it may not be as suitable if it needs significant adaption or
conversion work.

Evaluating Relevance

Documentation Review:

A thorough examination of the API’s documentation can reveal its capabilities, data models and sup-
ported operations, providing insights into whether it meets the task’s needs.

Use Case and Example Analysis:

Many APIs provide examples or use cases that illustrate typical applications. Reviewing these can
help assess how well the API’s functionalities map to the task’s requirements.

Trial and Testing:

In some cases, conducting a trial integration or a test query can offer a direct evaluation of the API’s
relevance, allowing for an empirical assessment of its suitability for the task.

In our ”Booking Holidays” example, consider a user requesting assistance with booking holidays
in Greece, including flights, accommodations and activities. The LLM, tasked with fulfilling this re-
quest, must select APIs that directly support these objectives:

* Flight Booking API:

Must offer a comprehensive database of flights to and from Greece, allowing for searches based on
dates, preferences (e.g. non-stop) and pricing.

* Hotel Booking API:

Needs to provide access to a wide range of accommodations in Greece, with features allowing users
to filter by location, rating, price and amenities.

* Activities API:

Should cover recreational activities available in Greece, such as tours, museums and other experi-
ences, with booking capabilities.

Each selected API must not only offer the right functionalities but also ensure up-to-date and com-
prehensive coverage of options in Greece to be deemed relevant for the task. By rigorously assessing
an API’s direct support for a task’s objectives, one can significantly enhance the user satisfaction of
the LLM-powered solutions, ensuring that the external APIs are leveraged to their fullest potential in
achieving the desired outcomes.

Low-Level Details - Cosine Similarity Metric:

At this point, we give a brief overview of how the concept of cosine similarity is applied in the process
of API selection by relevance, based on general principles in machine learning and natural language
processing (NLP). Cosine similarity is a metric used to measure how similar two vectors are in a
multi-dimensional space, often used in the context of text analysis within NLP. It calculates the co-
sine of the angle between two vectors, which can represent the textual description of a user’s task and
the description of an API’s functionality. The cosine similarity score ranges from -1 to 1, where 1
indicates identical directionality (or perfect similarity), 0 indicates orthogonality (no similarity) and
-1 indicates opposite directionality.

Application in API Selection by Relevance:

When selecting APIs based on relevance to a given task, the descriptions of both the task and the APIs
can be converted into vectors using techniques like TF-IDF (Term Frequency-Inverse Document Fre-
quency) or embeddings generated by language models. Once in vector form, cosine similarity can be
calculated between the task vector and each API vector to determine how closely each API’s func-
tionalities align with the task’s requirements.
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Figure 2.8: Illustration of the Semantic Vector Space created based on the Cosine Similarity Metric

1. Vectorization:
Convert the textual descriptions of the task and APIs into vectors. This could involve:
* Extracting features using TF-IDF, which emphasizes words that are frequent in a document but not
across all documents.
» Utilizing pre-trained word embeddings from models like Word2Vec or BERT [8] to represent words
or phrases in vector space.
2. Cosine Similarity Calculation:
For each API, calculate the cosine similarity between its vector and the task vector using the formula:

cosine similarity = A-B

NI

where A and B are the vector representations of the API and the task, respectively and ||A|| and ||B||
are their magnitudes.
3. Ranking and Selection:
Rank the APIs based on their cosine similarity scores to the task vector. The API(s) with the highest
score(s) are considered the most relevant to the task and selected for integration.
Specialized Details and Considerations
* Dimensionality Reduction:
High-dimensional vectors might necessitate dimensionality reduction techniques (e.g. PCA) to im-
prove computational efficiency without significantly compromising the ability to capture semantic
similarity.
* Contextual Embeddings:
For complex tasks, contextual embeddings from models like BERT [8] or GPT [7] might be preferred
over simpler vectorization methods, as they better capture linguistic entities.
* Thresholding:
Implementing a threshold for cosine similarity scores can help in filtering out APIs that fall below a
certain level of relevance, ensuring that only the most pertinent APIs are considered for selection.

2.4.2 Mechanisms for API Selection

1. API Cataloging and Metadata: Maintaining a collection of APIs and metadata about their func-
tionality, coverage, performance metrics and usage terms, speeds-up the selection process.

» Categorization: APIs are organized into categories based on their application domain (e.g. travel,
finance, healthcare).

» Metadata Annotation: Each API is annotated with metadata, including its capabilities, performance
metrics, usage costs and limitations.
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2. Automated Matching Algorithms: The selection process can be automated by using algorithms
to match task requirements with API metadata. These algorithms are able to rank APIs according to
how effectively they fulfill the given requirements.

* Natural Language Processing (NLP): Parsing the task description to extract key requirements.

* Scoring and Ranking: Algorithms evaluate APIs based on match criteria and rank them accordingly.
Techniques such as cosine similarity, as discussed earlier, can be employed here.

3. User Preferences and Historical Data: The selection process can be improved by including user
preferences and past selection data, giving priority to APIs that meet user-specified criteria or have
produced effective results in the past.

* Preference Profiles: Users can specify preferences, which are used to filter or prioritize API selec-
tions.

* Contextual Analysis: The system considers the context of the request (e.g. geographic location, time
of day) to select the most suitable APIs.

4. Dynamic Evaluation: Dynamic assessment techniques that test APIs in real-time or almost real-
time to evaluate their current performance and data quality can be helpful for activities where numer-
ous APIs could be appropriate.

» API Probing: Sending sample requests to APIs to gauge their performance and the applicability of
their responses.

» Adaptive Selection: The system dynamically adjusts its API choices based on the results of these
probes.

5. Feedback Loops: Continuous improvement is ensured by putting feedback loops in place where
the effectiveness and success of API integration attempts are tracked and utilized to update the API
catalog and selection algorithms.

» User Feedback Integration: User ratings and comments on API performance are used to adjust future
selections.

* Performance Analytics: Analyzing the success rate and efficiency of API integrations to inform ad-
justments to the selection process.

6. Security and Compliance Filters

Applying security standards and compliance requirements as filters in the API selection process to
ensure that chosen APIs meet organizational or regulatory standards.

» Compliance Checks: Verifying that APIs adhere to relevant data protection and privacy regulations.
* Security Assessment: Evaluating APIs for security measures and vulnerabilities.

An interesting 2-level selection method is being used for API-selection in recent approaches like [18]
and [5]. In the first step of the method, a domain that contains many APIs (e.g. from the 49 categories
of the collection of [31] as shown in Figure 2.9) is selected. Then, the most suitable API for the task
is selected based on a pre-defined “Loss Function” metric (as explained in detail in the [18]). In a few
words, API calls are dynamically filtered based on their contribution to prediction accuracy, quanti-
fied by a loss function L;(z). This function is defined as L;(z) = — >>7_; wj—; log par (]2, 21:5-1),
where w;_; are weights that decrease with the distance from the position ¢ to emphasize more im-
mediate contributions and log pas (2|2, £1.j—1) denotes the logarithm of the probability of observing
token x; given the context z and all preceding tokens. API calls are generated across various sequence
positions and their utility is assessed by the improvement they provide in the model’s predictive per-
formance, i.e., a reduction in the computed loss. Only API calls that lead to a significant decrease in
loss are retained, allowing the model to utilize external information sources efficiently and enhance
its overall decision-making process. This technique reminds of “’search space pruning” algorithms.
These mechanisms, when combined, form a comprehensive framework for API selection, ensuring
that the chosen APIs are not only technically capable of fulfilling the task but also align with user
preferences, performance expectations and security requirements.
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2.5 STEP 5: Generating API calls - Taking Action

This step is the most interesting one in our analysis. In step 5 we take advantage of the API-specific
fine-tuned LLMs intoduced in step 2 and we use them in a way such that alignment with user-intention
is guaranteed. It is important to understand the nature of the task before going on with the execution.
There are ”simple tasks” that require only textual output (e.g. ”Write a short fairy-tale poem that
includes a dragon and a princess...”), there are tasks that require communication with external tools
(e.g. ”Will it rain tomorrow?”) and finally there are tasks that require advanced reasoning and - in
some sense - a “juvenile” version of Artificial General Intelligence (AGI) (e.g.”Given the image of
my fridge, could you suggest a quick recipe that does not require using my oven?” or ”Given a piano
sheet, could you provide a reasonable fingering so that a pianist can play the song?”). Below we
analyze these 3 categories of tasks in detail.

TEXTUAL
OUTPUT

TOOL

e USE/CREATION

EMBODIED
ACTION

Figure 2.11: Types of Action

ChatGPT 4

Write a short fairy-tale poem that includes a dragen and a princass..

@ In a kingdom wrapped in the softest light,
A princess lived, heart bold and bright.
Qutside her walls, in a darkened lair,

Slept a dragon, smoke curling in air.

One dawn, the dragon awoke with a rear,
Threatening the peace of the kingdem's core.
But the princess, fearless and fair,
Approached him with a caim, gentle air.

She offered a crown of flowers sofine,
Placed it atop hiz head with asign.
The dragon, stunned by her bold grace,

Bowed his head and slowed hiz pace.

From that day cn. the beast soarsd kigh,
Guarding the castle beneath the sky.
Princess and dragon, side by side,

In a realm where kindness and courage abide.

T » oA
n o o v e

Figure 2.12: Example of a ”Textual Output” Task:
User query: ”Write a short fairy-tale poem that includes a dragon and a princess...”
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2.5.1 Textual output

Recent generative LLMs have managed to produce human-like text responses. Models like ChatGPT
and PanGu are excellent at producing text that is varied, contextually relevant and fluent. This revolu-
tion has opened up a wide range of applications where sophisticated, responsive language processing
is essential, such as customer service and content creation. One notable characteristic of LLMs is
their capacity to produce output that can be guided. This means that users can customize responses by
using simple prompt engineering techniques to meet particular needs and situations, which is crucial
for highly specialized jobs like technical writing or personalized communication. The versatility and
usefulness of the models are demonstrated by the way they are integrated into many industries, which
represents a major advancement in the understanding and production of human language by robots.
As these technologies advance, they have the potential to completely transform Al interactions by im-
proving the effectiveness and intuitiveness of digital platforms and more smoothly bridging the gap
between human and machine communication. To demonstrate this technological breakthrough, we
provide a small example of text generation in Figure 2.12.

ChatGPT 4

Will it rain tomorrow?

Tomorrow, there appears to be a chance of rain in some areas, but specifics will depend on your
location. For example, in New York City, there's a forecast indicating a 40% chance of showers
overnight, with a slight chance of showers continuing into the morning. However, by Thursday
afternoon, the chance of rain decreases (MNational Weather Service). If you are in Brooklyn, NY, there
is a forecast for light rain early in the morning, but the rest of the day is expected to be mostly

overcast with occasional drizzle (Time and Date).

Alhways check your local weather forecast for the most accurate and timely information.

The date today is 16/05/2024 and | live in Munich, Germany.

@ Searched 8 sites
For tomorrow, May 17, 2024, the weather in Munich is expected to be overcast with occasional rain
showers, The temperatures are forecasted to range between a high of around 18°C and a low of 8°C.
During the day, wind speeds might reach up to 15 mph with gusts potentially higher, which could
make it feel cooler. The humidity is expected to be relatively high, around 62% to 73%, contributing to
adamp atmosphere. There's a considerable chance of rain, 50 it would be wise to carry an umbrella if
you're planning to be outdoors (world-weather) (Time and Date) (Time and Date)

(TheWeatherOutlook).

It's also notable that Munich is experiencing variable weather this month, with potential for both rain

and cooler temperatures typical for this time of year (Weather25).

A
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Figure 2.13: Example of a ”Tool use/creation” Task:
User query: “Will it rain tomorrow?”
ChatGPT 4 is capable of accessing external sites, thus it can provide “tool-augmented”
responses in specific scenaria like ”Weather Forecasting”.
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2.5.2 Tool use/creation

Tools provide a valuable extention of the LLM capabilities, enabling more efficient and effective and
up-to-date task completion. For example, when a user asks for the weather, the LLM should be able
to connect to a ”Weather Forecasting Tool” in order to provide a reasonable response as demonstrated
in Figure 2.13. LLMs have a vast amount of knowledge, but they lack the ability to access real-world
on-line data. This limitation can often lead to misunderstanding of user queries or hallucinated knowl-
edge. To mitigate such limitations, we construct LLM-based Al-agents that are able to communicate
with the external environment via tools/APIs. Another advantage of the tool-use capability of Al-
agents is visible in high-stakes domains (e.g. healthcare, finance). In such applications transparency
is critical, but the decision-making process of LLMs is often like a black-box. Equipping LLMs with
tools lead to increased interpretability and robustness and provides a more reliable framework for
decision-making, reflecting a structured approach to complex problems. These tools are designed to
be resilient against adversarial attacks and jailbreaking. Additionally, in order for LLMs to use tools
effectively, they must have a thorough awareness of their application contexts and invocation tech-
niques. LLMs can mimic human learning processes (e.g. reviewing manuals or observing other users)
and improve their tool-using skills through techniques like zero-shot learning, few-shot learning and
prompt-engineering. The transition from LLM:s to tool-using agents indicates a change in the direction
of increasingly intelligent and autonomous Al systems.

2.5.3 Embodied Action

In the era of LLMs and human-like Al technologies, it is reasonable to fantasize the future of AGI.
The “Embodied Hypothesis”, which contends that intelligence develops via ongoing environmental
contact, is a major source of inspiration for Embodied Action in AGI, which emphasizes the criti-
cal transition from digital to physical realms. This exact hypothesis reminds the famous philosophical
school of Plato, the Ancient Greek Philosopher. Plato developed the theory that through ” Anamnesis”
(which is an exploration of one’s own memory) an individual can gain insight into important truths (or
else "Knowledge”). Traditional Machine Learning (ML) algorithms are limited in their operational
scope to digital outputs based on structured information. Recent research takes advantage of the digital
environment of Al-agents, allowing them to develop human-like learning behaviour through obser-
vation, manipulation, navigation and other "Embodied Actions”.

Propositions

Figure 2.14: Left: Plato - Roman copy of a portrait bust c. 370 BC
Middle: A Venn diagram illustrating the classical theory of knowledge
Right: Plato’s Academy mosaic in the villa of T. Siminius Stephanus in Pompeii, around
100 BC to 100 CE (Image source: [2])

The long pre-training of LLMs is a prerequisite for increased generalization and reasoning capabilities
and enhancement of the Al-agents with real-world dynamics. In order to update agents’ memory and
internal states, “observation” collects inputs from sensors; “manipulation” entails intricate physical
task sequences; and ”navigation” provides an execution path for the agent’s actions. The combination
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of ”Embodied Actions” with LLM capabilities leads to flexible, independent and effective Al-systems
that revolutionize Human-Computer Interaction (HCI).

Algorithm 1 API call process

1: Input: us + UserStatement
2: if API Call is needed then

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

23:
24:
: end if

. Output: ResponseT ol ser

Voo AR W

while API not found do
keywords + summarize(us)
api + search(keywords)
if Give Up then
break
end if
end while
if API found then
api_doc +— api.documentation
while Response not satisfied do
api_call + gen_api_call(api_doc, us)
api_re + evecute_api_call(api_call)
if Give Up then
break
end if
end while
end if
end if
if response then
re +— generate_response(api_re)
else
re +— generate_response()

Figure 2.15: API call generation in API-Bank (Image source: [3])

One interesting approach towards evaluating the performance of tool-augmented LLMs is presented
in [3]. In this paper, 53 commonly used API tools (diversely selected, including search engines, calcu-
lator, calendar queries, smart home control, schedule management, health data management, account
authentication workflow and more) are being experimentally studied in the scope of a complete tool-
augmented LLM workflow. Datasets involve 264 annotated dialogues that involve 568 API calls. The
selection of the appropriate API is done in a similar way as in step 4” of the current thesis.

Figure 2.16: Example of an "Embodied Action” Task:
User query: “Given the image of my fridge, could you suggest a quick recipe that does
not require using my oven?”
Towards Artificial General Intelligence...(?)
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The decision-making process is evaluated based on some Metrics and the most important objects
of decision are "Whether an API call is needed”, "Whether the selected API is good-enough” and
”Whether the API call generated is good-enough for the specific task”. It is important to note that
some tasks like ”’Schedule a trip to Greece” may involve multiple API calls and multiple APIs to be
coordinated. This problem is solved in the next step.
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2.6 STEP 6: Task Decomposition

As stated in the previous paragraph, some tasks are of high complexity and require multiple API
calls and multiple APIs. For such tasks, we create a series of subtasks and we provide a scheduling
of them. This is what a human would do as well. Planning is a crucial tactic that people use to
overcome difficult situations. Planning aids in cognitive organization, goal setting and determining
the course of action to take in order to accomplish greater goals. Al-agents need to be able to plan,
reason and “think” in an organized way like humans do. Al-agents use reasoning to break down
difficult jobs into smaller, more manageable tasks and then create strategies specifically for each of
those activities. In the plan formulation phase, agents typically break down a main task into multiple
smaller tasks and different strategies have been suggested for this stage. One stream suggests that the
issues should be solved entirely at once by following a plan that is created all at once. Then the plan
is executed step by step. Another approach is using adaptive strategies to handle complex tasks more
fluidly by planning and addressing subtasks individually. Furthermore, some earlier works highlight
the importance of hierarchical planning and structuring the subtasks in a tree-like form. Dependency
analysis complements hierarchical decomposition by identifying the dependencies between various
sub-tasks. It ensures that tasks are performed in a logical sequence, preventing errors due to unmet
prerequisites. This is crucial in tasks where the outcome of one API call influences subsequent calls,
like booking flights before hotels in a travel planning application. Sequential and parallel processing
strategies determine the most efficient ways to execute the decomposed tasks. Sequential processing
is necessary for dependent tasks, ensuring that each step is completed in the right order, while parallel
processing speeds up the overall task completion by handling independent tasks simultaneously. Even
though LLM-based Al-agents show a wide range of general knowledge, they occasionally run into
problems when given tasks requiring specialized knowledge. For this reason, it is often a good idea
to integrate specialized planners from certain domains. After a plan is set, it is critical to consider and
assess its benefits. LLM-based Al-agents refine and improve their strategies and planning techniques
by utilizing internal feedback mechanisms, frequently gaining knowledge from previous models and
tasks. Agents actively interact with humans to better fit with human values and preferences. This
allows humans to clear up any misunderstandings and incorporate this customized feedback into their
planning process. In addition, users might use input from real-world or virtual environments, such
indications from completed tasks or after-action observations, to help them edit and improve their
plans. Below we mention some key-research approaches towards planning and task decomposition:
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Figure 2.17: An overview of the ”Task Decomposition” techniques (Image source: [4])

2.6.1 Single-path Reasoning

This involves breaking down tasks into sequential steps.
Chain of Thought (CoT): Incorporates reasoning steps into prompts to guide LLMs in a step-by-step
manner.
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Zero-shot-CoT: Uses trigger sentences like “’think step by step” to inspire LLMs to generate reason-
ing processes independently, without preset examples.

Re-Prompting: Checks if each step meets prerequisites before continuing, regenerating plans if nec-
essary.

ReWOO: Provides the plan first and later integrates observations.

HuggingGPT: Sub-goals are solved recursively through multiple queries to LLMs.

2.6.2 Multi-path Reasoning

Constructs reasoning steps in a tree-like structure, allowing for multiple subsequent paths at each de-
cision point.

Self-consistent CoT (CoT-SC): Uses CoT to create multiple reasoning paths, selecting the most fre-
quent answer as the final output.

Tree of Thoughts (ToT): Plans are created using a tree structure with nodes representing intermediate
steps, finalized through BFS or DFS strategies.

RecMind: Implements a self-inspiring mechanism that reuses discarded planning information to gen-
erate new steps.

Graph of Thoughts (GoT) and Algorithm of Thoughts (AoT): Expand on ToT by introducing more
complex structures and algorithmic examples into prompts.

RAP: Employs Monte Carlo Tree Search (MCTS) to simulate and select the best plan from multiple
iterations.

2.6.3 External Planner

Combines the planning capabilities of LLMs with external tools for specialized tasks.

LLM+P and LLM-DP: Transform task descriptions into Planning Domain Definition Language
(PDDL) and use external planners to execute plans.

CO-LLM: Addresses the limitations of LLMs in executing low-level control by integrating a heuristic-
based external planner for action execution.

Reasoning Chain of Diffevent Miethods | User | want to give my frienda bithdiy surprise. | know her
Lol / ReACT DFSDT lours) A7 T ictress s Halee Seinfeid. Help me please
¢
Selected Path Thaught: | will first gt some infermition
T e ﬂ"j_ about Hailee Steinfeid
J ; " ) l APIName: pet_extra_characer_detals
Normal _ Arguments:{“nine”; “Hallee Sisnfed™]
. {__Nermal ] ‘[ Nomal 'L Eror |
| Normal Observation: {“age”™: 28, ‘recent 2
»  moves"[“Spiderhn: Acromthe .
"3 2| Soider-verse', .} D"‘:_m‘:
Error N-omhal " Norml ] v
|| Ubsenation: [ nusape Ssenver
{1 Bnetavitabie
i
| | N
5 g W AP Mama: Fnish with Final nswe:
L‘ Fall ] [ Fal ] [ Fll J N Arguments: (“Final Answer™: Hailse Stainfsld
™ (f::.“ ceu_y ‘ecenthyvoiced Spider-Woman in"Spder-
L»’J * Mas Acrozs the Spides Vesse™, Yo could
| | a1 ot wormat esposse Foatanower | o (AT de
Eor | API Call with Error Give Up *x AP Hame: Finks) by Giviig Up

Figure 2.18: Left: DFSDT vs CoT & ReACT
Right: The solution path annotation process (using ChatGPT)
(Image source: [5])

At this point, we give some dedicated notice to the method used in the [5]. Depth-First-Search-Based
Decision Tree DFSDT is acting as a guide for powerful LLMs and provides reasoning capabilities us-
ing prompt engineering techniques. It seems to be a superior technique in comparison to CoT ([32]) or
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REACT ([33]), because it overcomes limitations like error propagation (a mistaken action may prop-
agate the errors further and cause the model to be trapped in a faulty loop) and limited exploration
(CoT or ReACT only explores one possible direction, leading to limited exploration of the whole ac-
tion space) and improves search efficiency and effectiveness towards the Solution Path Annotation. It
enables LLMs to evaluate multiple reasoning traces and expand the search space. Another technique
for reasoning proposed by Princeton University and Google DeepMind is the “Tree-of-Thoughts”
([34D.

Each strategy addresses different aspects and complexities of planning, from simple sequential steps to

complex, recursive and multiple-path reasoning, enhancing the versatility and effectiveness of LLMs
in problem-solving.
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2.7 STEP 7: Iterative Improvement and User Feedback

271 Why we need Feedback

Long-term planning towards completing complex tasks is necessary in numerous real-world situations.
This is a very challenging task, since it requires taking into account many environmental parameters
and applying advanced reasoning. Because of this, building the initial plan and sticking to it can
usually result to failure ([4],[1]). Let’s get some inspiration from the human way of creating a plan.
People sometimes create and modify their plans repeatedly in response to outside input. Recent re-
search proposes creating external planning modules that allow the agent to receive feedback, allowing
the development of human-like competence.

Iterative Improvement and User Feedback is crucial for the continuous learning cycle in Al and ML,
involving regular updates and refinements based on user input and performance metrics. This ensures
that systems meet and adapt to evolving user needs and environments. User Feedback can guide the
Al-agent towards user’s preferences and needs. Itis also essential for getting rid of hallucinations. The
simplest example that demonstrates the necessity of User Feedback is the ”Will it rain tomorrow?”
prompt, in which the user needed to specify their location, in order for the agent to provide useful
information (Figure 2.13).

2.7.2 Continuous Learning and Adaptation

In Al and machine learning systems, learning and adapting continuously is crucial for a variety of
reasons. It is essential to adjust to user needs because direct input keeps systems updated and in align-
ment with user expectations. By employing performance metrics monitoring to discover trouble spots,
system accuracy can be improved, resulting to improved accuracy and reliability. Iterative updates
promote personalization by enabling systems to adjust to unique user preferences and behaviours.
Last but not least, preserving technological continuity guarantees that systems may easily utilize lat-
est tools and APIs and - as a result - stay updated.
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Figure 2.19: "Intelligence is the ability to adapt to change.” — Stephen Hawking

2.7.3 Other Feedback Collection Mechanisms

Acquiring useful user insights requires the usage of technologies like analytics and feedback forms.
Al-agents are efficiently guided by using Key Performance Indicators (KPIs) to monitor performance.
Also, A/B testing is used to make data-driven decisions and improve user experience by understanding
user preferences and behaviours. Adopting a user-centric design philosophy ensures that systems
are customized to match user needs, leading to the creation of user interfaces that enhance system
performance and user satisfaction.
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2.7.4 Environmental Feedback

An essential component of agent-based decision-making is environmental feedback, which affects
the planning and actions of the agents. It can be acquired from the virtual or objective world through
things like task completion signals and post-action evaluations. Current research is enhanced with this
technique. For example, ReAct’s high-level thinking and planning exploits thought-act-observation
triplets, whereas Voyager follows a “trial-and-error” approach that includes intermediate progress, ex-
ecution error and self-verification feedback.

2.7.5 Model Feedback

Apart from using user and environmental feedback, recent research suggests that internal feedback
from the Al-agents themselves is being used. The Al-agent can create output, get feedback and then
refine the output based on the feedback received. This process reminds of an infinite-loop prompt
engineering technique that is terminated when the intended result is obtained.

2.7.6 Challenges of Feedback Integration

Some important considerations when enhancing Al-agents with feedback are:

Balancing Feedback and Goals:

It is crucial to align user feedback with the goals of the complete system, while ensuring technical
feasibility and system functionality.

Data Privacy:

Ethical management and legal compliance are imperative when handling user feedback and data.
Feedback Quality:

Unbiased and representative feedback is difficult to be acquired, but vital for the continuous improve-
ment of the system.

83






Chapter 3

Introducing a novel On-Device Architecture

The above 7-step methodology can be utilized towards constructing Al-agents that require a relatively
”big” model that is accessed through cloud services. What does ”’big” mean? Below we discuss the
sizes of importance” in our study. To be more specific, we give a brief overview of the Storage, RAM
and CPU requirements of local LLMs ([35], [36], [37]).

3.1 Storage and RAM requirements of LLMs

3.1.1 Storage Requirements

A 2.7-billion parameter model would normally require a storage capacity that can support its param-
eters and operating overhead in order to be deployed locally, say on a mobile device. Depending
on the datatype of the parameters (floating-point values or integers after quantization), a model with
2.7 billion parameters may still require several gigabytes of storage space after being quantized and
optimized for mobile use.

3.1.2 RAM Requirements

During inference, the RAM need is closely related to the model’s operational features. Substantial
model reduction and optimization methods like quantization are required for a model to function prop-
erly on mobile devices with as little as 4GB of RAM. By decreasing the model’s parameter precision
through quantization, less RAM is required to load and operate the model.

3.1.3 CPU Utilization

When deploying an LLM locally, CPU capabilities must be carefully considered. CPU use for LLM
inference can be high, particularly in the absence of hardware accelerators like GPUs:

CPU Load:

Each inference step requires costly computing computations such as matrix multiplications and other
tensor operations. The amount of parameters, architectural efficiency and complexity of the model
will all affect the CPU load.

Optimization Techniques:

Model pruning, quantization and usage of distilled models can lower CPU load by making the com-
putations necessary for inference simpler. These methods assist in modifying the model to fit the
limitations of less potent devices, such as tablets or smartphones.

3.1.4 Memory Management Strategies

Flash Memory for Storage:

Larger models may exceed the DRAM capacity of local devices. A solution used by some engineers
is storing the model parameters in flash memory and dynamically load them into DRAM during in-
ference. This strategy involves a trade-off between storage capacity and speed, as flash memory is
slower than DRAM.
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Dynamic Loading:

Dynamic loading techniques involve loading only the necessary parameters into faster memory as
needed. This approach can significantly reduce the amount of RAM required, enabling the execution
of much larger models on devices with limited RAM.

Efficiency Enhancements:

Strategies like using sparsity-aware loading, where only the non-zero parameters are loaded, can op-
timize both CPU and memory usage. Such methods leverage the good properties of neural networks,
where many parameters can have negligible values that do not significantly affect outputs.

3.2 Enhancing Al-agents with Local Custom Databases

In the evolving landscape of Artificial Intelligence (Al), the reliance on cloud-based models poses
significant challenges in terms of latency, privacy and connectivity. LLMs “almost fit” in devices
nowadays, but the need for cloud connectivity is one of the bottlenecks of their capabilities. Our
approach aims to enhance mobile devices with LLM-like capabilities, using the ad-hoc concept of
“locally-stored previously-defined macros/functions”. In this chapter we introduce this novel on-
device architecture that aims to integrate LLM-based Al-agents on devices. Local computational
resources and custom databases are being used towards this integration. This approach not only aims
to mitigate the dependency on cloud services but also ensures efficient, secure and real-time processing
of tasks directly on users’ devices.

3.2.1 On-Device Architecture Overview

The goal is to create an LLM-based Al-agent that can understand the user intention and execute actions
based on it. The user input is multimodal (but for simplicity, let’s suppose it is only text for the time
being). We can achieve the above by using macros/functions that correspond to a series of API calls.
Each time a user needs to use the Al-agent for a task that was never executed before, a ”Training
Mode Interface” is provided to the user. Then, the user verbally describes what goal (what intention)
the new task is fulfilling. In this stage, the user and the Al-agent ”communicate” through continuous
feedback in order to provide a detailed course of actions (essentially a series of API calls) that need
to be done in order to fulfill the specific task. At this point, a new entry is added to the Custom Made
Database. This entry consists of 3 pieces of information: the Title, the Description and the Series of
API calls that correspond to the new function (Figure 3.3). Essentially, the Al-agent can now exploit
the database to “remember” the exact API calls that need to be executed for a specific task. In that way,
the Al-agent only needs to execute a classification task instead of a generative task. As a result, tasks
that are very frequently requested by the user, will be executed by the Al-agent very fast! Finally, one
of the most important parts of this approach is matching the text input of the user to one, or a series
of functions (predefined tasks). This is done through a semantic vector space or word embeddings.
A simple use-case:

Suppose that the user wants to order groceries to his home address and the user input is like:
”Please, order 6 of the cheapest yogurt cups and 0.5 kilogram of any cheese from the closest market
to my home”.

This task could correspond to the function: "ORDER _FROM NEAR-BY MARKET (X, Y)”,

where for example X corresponds to "6 of the cheapest yogurts and 0.5 kilogram of any cheese”
and Y corresponds to “my home”. By leveraging semantic similarity techniques, the Al-agent would
be able to understand that functions like "PLAY POPULAR_MUSIC” or ”SEND_EMAIL” are not
relevant to the specific task and after semantic search the appropriate function mentioned above would
be activated.
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Figure 3.1: High-level idea of the proposed On-Device Architecture

Example Task Definition:
+ Task: Order groceries.
*  User Description: "l want to order certain groceries from the closest market to my home."
+ APICalls:
Sequence of calls to a grocery delivery API:
search for stores near a specified address,
search for items,
add items to cart, and
place order.

* Macro/Function:
ORDER_FROM_NEARBY MARKET(["6 cheapestyogurts”, "0.5kg of any cheese"], "user's home address")

Example User Input and Action:
* Input: "Order 6 of the cheapest yogurts and 0.5 kilogram of any cheese from the closest market to my home."
+ Al-agent:

— ldentifies intention,

— matchesit to ORDER_FROM_NEARBY_MARKET, and

— executes the corresponding AP calls.

Figure 3.2: ”Pseudocode” of the ”Order Groceries” example

3.2.2 Components

Local Mini LLMs:

Smaller, efficient versions of LLMs optimized for running on limited hardware resources without
compromising performance.

Custom Database:

A locally stored database that contains predefined macros/functions and training data, allowing the
Al-agent to perform tasks even when offline.

Training and Deployment Interface:

A user-friendly interface that allows users to train the model with new tasks and deploy these tasks as
local functions for immediate execution.
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Mo, |Use Case Scenario Description |Task Macro/Function Example API Calls
Personal Finance  |Track and compare spending on specific |[TRACK_AND_COMPARE_SPENDING(category, GET /finance/spending?
1 |Management categories over time. dates) category=[categoryl&dates=(dates]
Smart Home Adjust home devices based an
2 |Automation enviranmental conditions, |ADJUST_THERMOSTAT_IF_COLD(tempThreshold) [POST /home/thermostat/adjust
Find travel arrangements within a
3 [Travel Planning budget. PLAN_TRIP{destination, dates, budget) GET /travel/flights/search
Event Scheduling Schedule and remind about meetings
4 |and Notification based on participant availability. SCHEDULE_MEETING(participants, time) POST /calendar/meeting/create
Health and Fitness  |Log workouts and compare fitness
5 [Tracking progress. LOG_WORKOUT_AND_COMPARE(details, period) |POST /health/workout/log
Educational Gather educational materials based on
6 |Resource Aggregator topic and level of difficuity, FIND_STUDY_MATERIALS(topic, level) GET feducation/materials/search
Personalized Mews  [Compile news summaries based on user-
7  |Digest selected categories, |GENERATE_NEWS_DIGEST|categories) GET /news/digest?categories={categories}
Personalized Create a learning schedule based on
ls Learning Assistant  |user's skills and availability. |CREATE_LEARNING_SCHEDULE(skill, availability) |POST /leaming/schedule/create
] Job Hunting the job search process based
19 |Automation on specified criteria. FIND_JOB_LISTINGS(specifications) GET /jobs/search?specs=[specifications)
Sugpest meal plans and recipes based on
Recipe and Meal dietary preferences and nutritional
10 |Planning needs, PLAN_MEALS(dietType, nutrientGoals) GET /nutrition/meals/plan
Automate responses to common
Automated customer queries and escalate
11 |Customer Support  lunresolved issues, HANDLE_CUSTOMER_INQUIRIES{topic) POST /support/query/handle
Real Estate Market  |Analyze real estate market trends and
12 |[Analysis predict investment opportunities, |ANALYZE_MARKET_TRENDS(location, period) GET /real-estate/market-analysis
Language Learning  |Provide daily language practice exercises (GENERATE_LANGUAGE_EXERCISES(language,
113 |Practice tailored to user proficiency. level) GET /language/practice/exercises
Enviranmental Calculate and track an individual's carbon
14 (Impact Tracking footprint based on daily activities. |[CALCULATE_CARBOM_FOOTPRINT{activities) POST / impact/calculate
Suggest interior design themes and
Virtual Interior decorations based on room |SUGGEST_DESIGN_THEME(roomType,
15 |Design Consultant  |characteristics and user preferences., |preferences) GET /design/themes/suggestions

Figure 3.3: Example of a Custom Made Database

(Note: the column “Example API Calls” contains data that does not necessarily corre-

spond to real-world data and is included for illustrative purposes only)

3.2.3 Operational Flow

Input Processing:

The Al-agent processes user inputs locally, using embedded NLP tools to understand and categorize

requests.
Task Matching and Execution:

Utilizing the local database, the agent matches user requests to relevant tasks and executes associated

actions using the predefined macros/functions.

3.2.4 Use Cases and Practical Applications

Offline Functionality:
Describes scenarios where the on-device Al-agent can operate entirely offline, such as in remote areas
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Figure 3.4: Training-phase overview of the novel On-Device approach

or during network outages, enhancing accessibility and user experience.

Real-Time Data Processing:

Explores use cases where immediate processing is crucial, such as in emergency response scenarios
or real-time decision-making environments.
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Figure 3.5: Run-time Architecture of the novel On-Device approach
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3.2.5 Challenges and Mitigation Strategies

Hardware Limitations:

On-device architectures often face challenges related to limited computational power, storage ca-
pacity and energy efficiency. These limitations necessitate the use of optimized Al models through
techniques like model pruning, which reduces the complexity and size of the models and knowledge
distillation, which transfers knowledge from large models to smaller, more efficient ones. These
strategies allow the models to operate effectively within the resource constraints of mobile and em-
bedded devices.

Security Concerns:

The danger of data breaches and unauthorized access is central to on-device architectural security and
this risk is amplified when sensitive data is processed locally. Secure access mechanisms and strong
encryption algorithms are necessary to reduce these dangers. Furthermore, putting in place thorough
security measures like secure boot and multi-factor authentication can assist protect the data from
future cyber attacks.

Integration with Existing Frameworks:

Integrating on-device processing with existing LLM frameworks allows for a hybrid operational mode,
combining the advantages of local processing with cloud-based capabilities. This integration enhances
the system’s reliability and responsiveness, especially in environments with intermittent connectivity.
Moreover, it enables the device to perform critical operations offline while still synchronizing with
cloud services for updates and advanced processing when online.

Comparison with Cloud-Based Models:

This approach provides reduced latency and increased privacy. On the other hand, the need for peri-
odic updates and the initial setup complexity are limiting its usefulness.

3.2.6 Advantages of this approach

Offline Availability:

The agent’s core functionality, including executing predefined macros/functions, does not require a
constant online connection to LLMs. This ensures that the agent remains functional even in offline
scenarios, provided that the tasks do not require real-time online data.

Reduced Latency:

This architecture will provide minimal latency when a user request occurs. This will be because the
semantic search for the appropriate predefined task will be much faster than accessing an LLM as a
cloud-service and creating the task “on the fly” in the common scenaria.

Customization:

Users can tailor the Al-agent to their specific needs by creating or modifying macros/functions. This
level of customization means that the agent can evolve to handle a wide array of tasks as dictated by
the user’s changing requirements.

Community-Driven Extensions:

A platform or forum for sharing, discussing and refining macros/functions could significantly enhance
the agent’s utility. Users without deep coding expertise could leverage the community’s collective
knowledge to find or adapt macros that fulfill their needs, fostering a collaborative ecosystem.
Scalability:

The architecture is designed to accommodate an expanding library of tasks and functions, scaling
from personal use cases to - potentially - enterprise-level applications. The training mode interface
and intent matching mechanism are key components that facilitate this scalability.
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Chapter 4

Experimental Part - Proof of Concept

This Chapter consists of the Experimental Part of this thesis. We focus on two aspects. The first one is
the demonstration of how step 5 of the 7-step methodology looks like on a music composing scenario.
The second part explores the on-device architecture proposed in the previous Chapter and constitutes
the proof of concept for this approach.

4.1 The Piano Sheet example

Suppose that a user needs the piano sheet of a music piece, or a reasonable fingering for an existing
piano sheet. This task requires a specialized Al-agent and is considered to be a very complex one.
Below we present the attempts of ChatGPT 4 on these complex tasks and we provide the results of
fine-tuning this model on real-world music sheet data and connecting it with a piano sheet API (e.g.
MuseScore [6]).

Figure 4.1: Providing Piano Sheets using LLMs (Image source: [6])
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4.1.1 Initial attempt

We asked ChatGPT 4 to provide the transcript of a simple music piece (Figure 4.2).

@ Piano Sheet Without Fingering

Here's a basic version of "Twinkle Twinkle Little Star” in the key of C major:

mathematica

This simple transcription represents the melody. MNow, let's add fingering to make it easier to play.

Figure 4.2: Piano Transcription of the song "Twinkle Twinkle Little Star” Without Fingering

The melody is completely correct! This is a small proof of the built-in capabilities of modern LLMs.
Let’s move on with more challenging tasks like providing fingering and trascripting the whole solu-
tion/sheet on a music staff/pentagram.

@ Piano Sheet With Fingering

Here's the same piece, now including a suggested fingering:
(P Copy code

Treble Clef

Time Signature:

Explanation of Fingering:

+  1(Thumb), 2 (Index), 3 (Middle), 4 (Ring), 5 (Pinky): This fingering is designed to minimize hand

movement and maintain a comfortable hand pesition throughout the piece.

This fingering should provide a comfortable playing experience, especially for beginners, keeping
the hand mostly in the C position and using the thumb under technique to reach higher notes when

needed,

Figure 4.3: Piano Transcription of the song ”Twinkle Twinkle Little Star” With a Fingering
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4.1.2 Adding a ”fingering”

Providing a reasonable fingering for a piano sheet can be a challenging task, since there are a lot of
rules to follow and things to consider (Figure 4.4).
FINGERINGS FOR MAJOR SCALES

Correct fingering i very impartant. The following fingerings are for the left and
right hand anly when playing major scales.

Left Hand Fight Hand

When playing a major scale, always put the 5finger from wyour left hand an the first
note of the scale. The same rule applies far the 1 finger with your right hand.

If wau were playing a C major scale pwith both kencs) the above picture illustrates the
correct position far each hand. That is, by starting with yaur 5 finger on your left
hand and waur 1 finger on yaur right hand.

Figure 4.4: One of the rules of efficient piano fingering
(Image source: https://www.hearandplay.com/main/major-scale-fingering)
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We asked ChatGPT 4 to provide a fingering for this piece (Figure 4.3).

The melody is completely correct and the fingering is reasonable (can be executed by a pianist) but
not optimal (there is a more efficient fingering). For our next step, we tried few-shot learning on GPT
4 based on piano sheets from MuseScore and asked for a better fingering. The result was indeed a
fingering that seems optimal to a pianist (Figure 4.5).

@ Certainly! Here's the fingering suggestion for "Twinkle Twinkle Little Star” that you've provided, with

an explanation for each note:
(P Copy code
) A(D) A(D) G

) D(1) D(1) C
) E(3) E(3) D

) A(S) A(D) G

) G(
) E(
) F(
) F(4) E(3) E(3) D
) G(
) E(2) D(1) D

Fingering Explanation:

* 1(Thumb), 2 (Index), 3 (Middle), 4 (Ring), 5 (Pinky)

s This fingering is arranged to keep the hand in a relatively fixed position, minimizing movement

across the keyboard.

e The fingering starts with the thumb on C, uses the ring finger for G, and the pinky for A, allowing

for a comfortable reach without needing to shift the hand position too much.

¢ The middle finger is used for F, the index for E, and the sequence returns to the thumb for D and

then the index again for C, facilitating smooth transitions between the notes.

This setup is great for maintaining stability and control, especially for beginner players learning to

coordinate their fingers on the piano.

Figure 4.5: Optimal fingering using ChatGPT 4 and few-shot learning
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4.1.3 Providing the notation on a music staff/pentagram

The final step of this task is connecting our LLM to the MuseScore API in order to obtain the desired
piano sheet. The results of this integration can be viewed in Figure 4.6.
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Figure 4.6: Piano Sheet with optimal fingering for ”Twinkle Twinkle Little Star”

The above experiment is just a ”toy-example” and a brief demonstration of the immense capabilities
of LLM-based Al-agents through a variety of domains.

4.1.4 Challenges & Future Work

It is important to notice that the current example of ”Twinkle Twinkle Little Star” is the simplest ex-
ample of a piano sheet. Advanced piano pieces require fingering for ”chords” (playing multiple notes
at the same time). For this reason, multiple melodies like the one provided in Figure 4.6 are combined
in classical piano pieces. Also, taking into account the timing between consecutive notes is important.
There are cases in which it is difficult even for advanced pianists to provide a good fingering, or even
choose the appropriate hand with which a note should be played. This area of research is very new and
engineers collaborating with musicians are anticipated to overcome the previously mentioned limita-
tions. Fine-tuning LLMs on the appropriate music notation APIs and enhancing them with datasets
of music sheets is essential towards achieving the desired automated piano sheet generation.



4.2 Utilizing the Local Custom Database architecture towards
fulfilling user requests

In this section, a proof-of-concept for the novel on-device methodology introduced in Chapter 3 is pro-
vided. First, we use ChatGPT 4 for the generation of human-like user-input. Then, we match the user
intention to the pre-defined macros/functions of the custom database of Figure 3.3. For this reason we
initially use BERT model for classification. Next, we exploit small generative models. Namely, we
use the 8 Billion parameters size version of Llama 3 by Meta and the 2.7 Billion parameter size Phi-2
by Microsoft. The advantage of the generative models is that they can very easily combine two or
more pre-defined macros/functions, or generate simple and ”obvious™ API calls (that do not require a
specialized fine-tuned model) towards task execution.

4.2.1 Generating human-like user-input

We leverage the abilities of ChatGPT 4 to create 100 examples of user-input that resembles real-world
use-cases (Figure 4.9).

4.2.2 Leveraging the Local Custom Database

For the aforementioned user-inputs, we mimic the functionality of a local Al-agent that uses the
database in Figure 3.3. As the methodology suggests, the attributes of interest are not including the
specific list of API calls. We focus on the columns ”Use Case”, ”Scenario Description” and “Task
Macro/Function” (Figure 4.7).

MNo.|Use Case _|Scenario Description| Task Macro/Function
Persanal [Track and compare
Finance spending on specific TRACK_AND_COMPARE_SPENDING (category,

1  |Management jcategories over time. dates)
Adjust home devices

based an
Smart Home  [environmental
2 |Automation C itions. ADJUST TAT IF COLD (tempThreshold)
Find travel
arrangements within a
3 [Travel Planning lbudget PLAN TRIP(destination, dates, budget)
Schedule and remind
Event about meetings based
Scheduling andjon participant
4 [Motification availability (SCHEDULE MEETING [participants, tima)
Health and Log workouts and
Fitriess compare fitness
5 [Tracking prograss. (LOG_WORKOUT AND COMPARE (details, period)
Gather educational
Educational materials based on
Resource topic and level of
6 |Aggregator difficulty. [FIND STUDY MATERIALS {topic, lewvel)

Compile news

summaries based on

Personzlized  |user-selected

7 |Mews Digest  [categories. NEWS DIGEST (categories)
Create a learning

Personalized  (schedule based on

Learning user's skills and CREATE LEARNING SCHEDULE (skill,
B |Assistant availability ‘availability)

iutomate the job

ob Hunting cearch process based

9 |sutomation  |on specified criteria.  FIND_JOB_LISTINGS (specifications)
Suggest meal plans and

recipes based on

Recipe and dietary prefarences and
10 |Meal Planning |nutritional needs. PLAN MEALS {dietType, 1a)
tutomate responses to
Automated COmMon customer
Customer queries and escalate
11 |Support unresolved issues, HARDLE CUSTOMER IRQUIRIES (topic)

ihnalyze real estate
Real Estate market trends and

Market predict investment
12 |Analysis oppartunities, ANALYZE MARKET TRENDS (location, periocd)
Provide dally language
Language practice exercises
Learning tailored to user GENERATE _LANGUAGE_EXERCISES (language,
13 |Practice proficiency. Lawal)
Calculate and track an
Enviranmental findividual's carbon
Impact footprint based on daily
14 [Tracking activities. CALCULATE_CARBON_FOOTFRINT {activities)

Suggest interior design

themes and decorations

Virtual Interior [based on room

Design characteristics and user SUGGEST DESIGN THEME (roomTypa,
Consultant preferances. preferences)

o

Figure 4.7: Example of a Custom Made Database
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First we use BERT for classification into the ”Use Cases”. Then we try the same task using the 8
Billion parameters size version of Llama 3 by Meta and the 2.7 Billion parameter size Phi-2 by Mi-
crosoft. The result of the experiments are displayed in Figure 4.8.
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Figure 4.8: Successful Classification of the 100 Examples of user-input

We observe that in all three cases the classification is successful. Nevertheless, there is an advantage
of using a generative model. While BERT was successful at the classification task, Llama 3 was able
to handle the user requests with great ease and also provide additional useful explanations while doing
so, even in demanding tasks. Phi-2 managed to complete the classification task as well and provided
extra information/explanations in simple tasks. The fact that the size of Phi-2 can easily fit on an
average smartphone of 2024 is an indicator of the unlimited potential of LLMs and Al-technology.

Although this experiment does not constitute a solid proof of the effectiveness of the aforementioned
method, it indicates strongly that the integration of LLMs in carry-on devices is a valid, futuristic and

useful concept.
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"5 ize my ge workout intensity this month.”

“Plan a road trip covering major national parks in Utah."

costs b

"Compare my P April and May."
“Activate the sprinklers every two days at 7 AM."
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“Plan a vegetarian menu for the upcoming week."

“Set up an anniversary reminder for June 10th."
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"Recommend a three-day itinerary for a Paris trip.”

“Compile data analyst positions with SQL expertise requirements.”
“Analyze home price trends in downtown Chicago over the last year."
“Compile a weekly digest of political news."
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“Summarize today's health and wellness news."

“If the outside temperature drops below 18 degrees, turn on the heater.”
“Generate a shopping list for Italian dinner recipes.”

“Forecast rental yield for properties near major universities,”

"Dim the lights at 8 PM every evening.”
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"Provide a roundup of this week's sports news,”
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“Adjust the air conditioning to 22 degrees when it's above 30 degrees outside.”
"Define the term 'blockchain technology'.”

“Create weekly Japanese speaking tasks."
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“Identify graphic design vacancies in tech startups.”
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“Provide resources for

“Activate the security alarm when | leave the house.”
“Locate customer service jobs that offer evening shifts.”

“Alert me 15 minutes before any scheduled appointments on Tuesdays.”
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“What's the current stock price of Apple?”

in Europe.”

"Search for part-time teaching opportunities in my area.”
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“Respond to FAQs about our refund policy.”
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"Offer a monthly Spanish reading comprehension tests.”

Figure 4.9: 100 Examples of user-input generated by ChatGPT 4



Chapter 5

Conclusion, Discussion & Future Research

5.1 Conclusion

This thesis has developed a comprehensive methodology to enhance Large Language Models (LLMs)
through the integration of Application Programming Interfaces (APIs), addressing a critical bottle-
neck in their application: the lack of dynamic interaction with the external digital environment. By
introducing a 7-step methodology, this work provides a structured approach for the selection, integra-
tion and utilization of APIs with LLMs, thereby expanding their usability and effectiveness in real-
world applications. A significant outcome of this research is the proposal of an on-device architecture
tailored to utilize small models from the Hugging Face community, enabling efficient Al-agent oper-
ations on portable devices. This innovation not only increases the autonomy and context-awareness
of Al-agents but also enhances their potential for real-world deployment, particularly in resource-
constrained environments. The practical implications of these advancements extend to various sec-
tors, including technology, healthcare and customer service, where Al-agents equipped with enhanced
LLMs can perform more complex, timely and relevant tasks, thereby revolutionizing interactions and
processes.

5.2 Discussion & Future Research

This research contributes to both the theoretical expansion and practical application of Al by enhanc-
ing the interaction capabilities of LLMs with APIs. By enabling these models to access real-time data,
interact dynamically with other digital systems and execute complex tasks autonomously, the thesis
broadens the potential uses of LLMs across various domains.

While this research provides a solid foundation for API integration with LLMs, it also faces limita-
tions, including potential biases in model selection and scalability challenges related to the volume
of API calls. The scope of API integration currently focuses on predetermined tasks, which may not
extend to all possible applications.

Further research should investigate the integration of an even broader array of APIs, expanding the
functional range of LLMs. Additionally, exploring the implementation of these methodologies across
various domains and LLM architectures would be beneficial. There is also a vital need to study the
long-term learning and adaptation capabilities of Al-agents within dynamic environments to enhance
their evolutionary capabilities based on continuous feedback.

Considering Moore’s Law and the rapid advancements in computational capabilities, it is anticipated
that the deployment of LLMs directly on devices will become feasible in the near future. This pro-
gression will likely accelerate the practical applications of Al-agents, making them more accessible
and effective.

The methodologies developed in this thesis could significantly impact multiple industries by providing
Al solutions that are more dynamic, intelligent and adaptable. Future research focusing on deploying
these enhanced LLMs in sectors such as healthcare, for personalized interactions, or finance, for real-
time decision-making, could prove transformative.
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This thesis not only advances the field of Al but also sets a foundational framework for future research,
potentially leading to the construction of truly autonomous and context-aware Al-agents capable of
operating across a variety of environments and tasks.
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