Oopasan 1 — IIpujaBa Teme JOKTOpPCKe AucepTanuje
(Kanauaar nocrassba npujaBy Ilporpamckom caBery)

Hasus ctynujckor nporpama: IHTeUTeHTHH CUCTEMU

Kanaunar: Mapxko [lytaukosuh
Mosum Jla MA C€ OZ[O6pI/I nuspajga 10KTOPCKe Z[PICCpTaL[I/IjC 1101 HACJIOBOM:

“MynTHareHTCKH MPUCTYIH 3aCHOBAHH HA BEIMKUM j€3MYKUM MOJIETMMA 33 00jallllbHBO ayTOMATCKO
OICHHUBAHE CTYICHTCKUX pamoBa”

1. buorpadmja kanauaara

Mapxko IlytaukoBuh pohen je 13.5.1993. romumne y BasmeBy, CpOuja. Ymucao je ocHoBHe crynuje Ha Daxyarery
OpraHM3allMOHMX Hayka YHuBep3urera y beorpamy 2013. rommue, cmep MH(pOpMamMoHM CHCTEMH W TEXHOJIOTH]E.
Jumnomupao je 2017. roguHe cTekaBIIM 3Bambe VIHKemep OpraHM3aliOHHX Hayka - HH()OPMAIMOHH CHCTEMH U
TexHosoruje. Macrep cryauje je ynucao 2017. ronuse Ha YHuBep3utery y [ peHoOny, Ha cMepy Bemuradka uHTenurenmyja u
CeMaHTHUKH BeO, kao ctunenancrta rage Ppanirycke. Mactep cryauje je 3aBpmmo 2018. roqune crekaBmm 3Bame Mactep
unpopmaruyap. TokoM Mactep cTyauja je obaBHO IeToMecedyHy mpakcy (stage) mpu JlaGopartopmju 3a umH(OpMaTHKY
Vuusepsurera y I'penobmy. Jlokropcke cryamje je ymmcao 2019. rommne Ha YHuHBep3uTeTy y beorpamy Ha mporpamy
MYITHANCIUIUIAPAHUX CTYAHMja NpPH YHHBEp3uTeTy, cMep MHTenurentHu cuctemu. TokoM cTyauja ce 6aBHO MPUMEHOM
MeToia IIPoLeCHparka IIPUPOJHUX je3rKa y 00IacTu exykanrje U 00jaBuo HCTpaMBadky pax y M21 gacomucy o npuMeHn
TUX METOJIa y OLICHHBamky CTyAEHTCKHX panosa (2.1.1,2.2.1).

Ynopeno ca OJOKTOPCKHM cCTyaujama, KaHmuzaar je paguo y kommaHuju NCR kao codtsep umkemep 2019-2022. romune,
HAKOH Yera mpenasu y koMmmnanujy Robert Bosch y k0joj 1 nasbe paau Kao HHKCHEP BEIITAYKEe HHTEIUTCHIIMjE. Y KOMIaHUjH
Robert Bosch je paano Ha HHOBAaIIMOHOM HCTPaKMBAYKOM IPOjEKTY O IMPUMEHH METO/Ia IIPOLieCHpama IPUPOAHHX je3nKa 3a
EKCTpaKIMjy Hojaraka ca Be0a, y OKBHPY KOI' je 00jaBHO HCTpa)KMBa4YKu paj Ha kKoHpepeHuuju (2.2.2).

2. Buonunorpaduja kananaaTa (KaTeroprcaHo IpeMa KaTeropu3anuju HaauexxHor MuHucTapcTsa)
2.1. O6jaB/benu pagoBu win npuxsahenn 3a mrammy (DOI 6poj niu u3jaBa ypenHuka)
HUcraxuyTn Melynapomuu yaconucu (M21):

2.1.1. Putnikovic, M., & Jovanovic, J. (2023). Embeddings for automatic short answer grading: A scoping review. /[EEE
Transactions on Learning Technologies, 16(2), 219-231.

2.2. KondepeHuuje u cKynoBu

2.2.1. Putnikovic, M., & Jovanovic, J. (2022). Word Embeddings for Automatic Short Answer Grading (pp.
197-213). World Scientific Publishing Co. Pte. Ltd.

22.2. Hatty, A., Milchevski, D., Doring, K., Putnikovic, M., Mesgar, M., Novovi¢, F., ... & Stranjanac, 1. (2024,
November). A Cost-Efficient Modular Sieve for Extracting Product Information from Company Websites. In
Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Industry Track (pp.
1444-1456).

2.2.3. Stankovié, R., Radenovi¢, J., Skori¢, M., & Putnikovic, M. (2025, March 27). Learning Word Embeddings
using Lexical Resources and Corpora. ICIST - International Conference on Information Society and Technology
(ICIST 2025), Kopaonik, Serbia. Zenodo. https://doi.org/10.5281/zenodo.15093900

3. IIpeaMeT 1 HMJbEBH JOKTOPCKe AHCepTaNuje
3.1 [IpeameT q0KTOpPCKeE ANcepTanuje (MakCHManHO 1 cTpaHa)

Hpez{MeT JOKTOPCKE I[HCGpTaL[I/Ije je AyTOMAaTCKO OLCHUBAILE CTYACHTCKUX paJloBa U IPYKAKBLE 06jaHII-L€H;a O mpouecy
OL€BMBakba IPUMEHOM MYJIITHArCHTCKUX CUCTEMA 3aCHOBAHNX HA BEJIMKUM jeSI/I‘{KI/IM MoAeIuMa.



OnemHBambe CTyAGHTCKUX PajoBa IPEICTaBjba jefaH Off IIAaBHHX Ipolleca y OKBHPY O0Opa3oBHOT CHCTeMa, jep oMmoryhyje
MPOLICHY M HpYKa MOBpaTHy WH(OpPMAIHjy O YCBOJEHOCTH 3Hama cryaeHTa. OuembruBame MOXe OUTH CyMaTHBHE TPHPOLIE,
IITO MOApa3yMeBa JI0JeTy OLeHe U Jaje (opMallHy OCHOBY 3a HAIPEJOBaKkE M CTHLAKE aKaJIeMCKOT 3Bama; U (JOpMaTHBHE
pupoze, Koje yKIbydyje MpyKame MoBpaTHe MH(pOpMaIje CTyIeHTY, npaheme HanmpeTka y ydemy U yCMepaBame Jajber
pa3Boja KOMIIETEHIIMja CTY[JCHTA. 3a HACTaBHHUKA, 33/1aTaK OLICHHBama je OOMYHO BPEMEHCKH OIPaHUYCH M KOTHUTHBHO
HAIopaH y 3aBHCHOCTHU 07 Opoja CTyzeHara, IMTo MOXe JOBECTH JI0 3aMOpa, yTUIATH Ha JOCISTHOCT M CMambUTH MOTyhHOCT
GoJbe mozplIKe cTyAeHTHMA. J[omaTHO, Cy0jeKTHBHOCT HACTaBHYKA, TAYHH]jE, JINYHA YBEPEHA U OYCKHBama, OCIabatbe Ha
MIPETXOAHO HCKYCTBO W HHTYHIH]Yy MOXKE JIOBECTH 1O HEKOH3HCTEHTHOCTH IIPU OLCHUBAamBY W yTHHatd Ha ncxon. Ca
pa3BojeM oHNajH 00IKKa oOpa3oBama, cBe Behu 3Hauaj 10OHjajy crCTEeMHU 3a ayTOMaTCKO OLICH-HMBAGE, YHja je HaMeHa Ja ce
omoryhu Opke M KOH3UCTEHTHHjE OLCHHMBaE BEIUKOT Opoja CTYACHTCKUX PaZioBa, Kao M Jla HACTaBHHUKE PacTepeTH Jena
npolieca OLeHhHBaba U TIPYyXKaba 00pasIokema 10/Ie/beHE OLICHE CTYICHTY KOjU C€ MOXKE ayTOMAaTH30BaTH.

DopMaiHo, 3aJal KOjH Ce OLEHYjy Ce MOTy IMOASNMTH Ha OHE 3aTBOPEHOr TUma (HIIp. 3a/iaTak ca BHIIC HOHyheHHX
OrOBOpa) M OTBOpEHOr Tuma (KOHCTpyHcaH oxrosop) (Bennet, 1991). 3amaum 3arBopeHOr THIa moppasyMeBajy omabup
jemHOr WM BHIIE TOHYhEHHX OIroBOpa, NpH 4YeMy je OLECHHBAmkE JETePMUHHCTHYKO, Tj. 3aCHOBAaHO Ha YHampe[
nedunucanom peuiewy. C Ipyre cTpaHe, 3aJaly OTBOPSHOT THIIA CE MOTY TIOACJIMTH HA OHE Ca KPATKUM M IyTUM TEKCTOM
c1000THOT OTOBOPA (€ceju), alll U Y 3aBUCHOCTH O IOMEHA MPeMeTa MOTY OUTH MPOTPAMCKH KOJI, MATEMAaTHIKH JI0Ka3 1
ci1. 3a OTBOpPEH THN OATOBOpPA, Koju he Omtm okyc mcTpakuBama OBe HOKTOPCKE AMCEpTalHdje, MoTpeOHa je obpama u
aHaJM3a cajipiKaja, [ITO 3aXTeBa MPUMEHY COPUCTULIMPAHUjUX METOAA MPOLIECHPaba IPUPOIHHUX je3HUKa.

Hcropujcku, MeTone oleHmUBamba 3aaTaka OTBOPEHOI TUIA ce MOry MojeinTH Ha oHe (1) 3acHOBaHe Ha HIAGIOHHMMA M
nmpaBwinMa, (2) CTaTUCTUYKHM KapaKTEpUCTHKaMa TekcTa, W (3) mMammHCKOM u aybokoM yuemy (Burrows et al. 2015).
Ipuctyn 3acHOBaH Ha IyOOKOM Yydermy je MOCeOHO MPUCYTaH MOCHEAmUX TOJAMHA YCIel 3HAauajHOr ycrexa MpHMeHe
BEJIMKMX JE3MYKUX MOJeNla Ha OleHkHBambe CTymeHTCKuX panoBa (Fagbohun et al. 2024). Mehytum, y Bemmkom Opojy
noctojehnx MCcTpaKMBama CBE 3aJaTKe y OKBHpPY Mpoleca OleHkHBama 00aBjba jelaH BENUKU je3MYKH MO, IITO MOXKE
JIOBECTH 10 pasHUX NpoliieMa KOjH Ce IeHepaHO IPHIUCYjy TAKBUM MOJEIHMMa, Kao LITO Cy XalylHHaluje W ryOuTak
KoHTekcTa. OCHM TOTa, OLCHHBAKE jCIHAM BEIHKUM jE3HYKMM MOJEIOM MOXKE JOBECTH [0 Mellama KPUTEepUjyMa 3a
OLICHHUBAE YKOJIUKO je MOTPEOHO OLEHUTH PAa3IMYUTe aclekTe pajaa moHaocod. lonatHo, nHGOpPMAIHje Koje jeiaH BETHMKH
je3MYKH MojeN Iocenyje MOTy OWTH 3acTapeie WIM HepeleBaHTHE, T€ jeé MOTPeOHO O0OTaTHTH YIHUT TEeKyhuM 3HameM
OUTHHM 32 KOHTEKCT OLICHUBAbA.

ITpuctyn kojuM OM ce MOrao YHaIpeAUTH INpOLEC OLCHHMBama U MpyXama 00jalliberha TOr mporeca moMohy BeIMKUX
JE3UKHMX MOjela jecTe MpUMEHa CHCTEMa OLCHhHMBamba 3aCHOBAaHHMX HA BHINE je3WUKUX Mozena y MehycoOHoj cipes3n. TakBu
CHCTEMH Cc€ Ha3muBajy MynTHareHTckuM cuctemuma (MAC), rae je areHT codpTBepcka KOMIIOHEHTa Koja, u3Mely ocraor,
KOPHCTH BEJIMKU je3MYKU MOJIe] Kako Ou obaBuiia onpeljeHn 3amatak y mpoiiecy onemuBama (Kamalov et al. 2025). TTopen
BEIIMKHUX je3MYKUX MOJEJa, areHT MOKe KOPUCTHTH pas3He Apyre MporpamMcKe ajare Kako Ou o6oraTno cBoje Tekyhe 3Hambe o
peleBaHTHOM KOHTEKCTY M jJao Oosbu pesyntar (mperpara Beba, OHOMHMOTEKe 3a aHaiaM3y MMOAATaKa, MPUCTYN 0Oazama
nomaraka u ci). [Ipumena MAC-a 3acHOBaHMX Ha BEJUKHM jE€3UUKHM MOJENNMa y ayTOMarCKOM OLCHUBABY M Jajbe
MPEACTaB/ba PEJIATHBHO HOBY M HEJOBOJHHO CHCTEMATCKH HCTpakeHy obmacT. [loceOHO HemocTajy MCTpakuBama Koja
aHaJIM3Upajy yTULAj apXUTEKType, Tj. CTpyKTypHe opranuszanuje MAC-a Ha pesynrare oLemUBamba. KOHKpeTHO, orpaHndeH
je Opoj mcTpakMBama Koja MCIUTYjy NMPEJHOCTH M HENOCTATKe MYJITHAreHTCKHX MPUCTyNa Y OAHOCY Ha ApYyre CHCTEMe
ayTOMAaTCKOT OILCHHBatha, UCIUTYjy YTHIA] ClielUjadu3alje areHara 1o pa3inuyiTUM acleKTHMa OLCHhUBaba Ha TaUHOCT
oLCHUBakba, HAYMHE arperamnyje OleHa IOjeJHMHAaYHUX arcHara y KOHA4YHy OIeHY, W aHalM3Mupajy e(eKTe HHTerpanuje
cnospHOr 3Hama y MAC. Ilopen Ttora, mocrojeha mcTpakuBama Ce HEIOBOJFHO OaBe MHUTAHEM TPAHCHAPEHTHOCTH H
00jalIBbUBOCTH TIpoleca ouewBama y MAC-y. O0Opasioxeme OLieHe KOjy H0esbyje ayTOMaTCKH CHCTEM HEOIXO/HO je KaKo
O0u ce 00e30eamIa TpaHCIIAPEHTHOCT OlehUBama M oMOryhriia mpoBepa MpuMeHe pyOpHKa 3a OLEHHUBAKE, YAME CE€ TPAIN
noBepeme y cucreM. J[04aTHO, PeryiaTopHU MpPaBHU OKBHPU MOMYT AKTa O BEIITA4KOj MHTENUreHIuju EBporcke yHuje
(European Union, 2024, Article 86) 3axreBajy onmpel)eHM HHBO TpaHCIIApPEHTHOCTH ayTOMATCKOT OJUTydYHBama, IOCEOHO y
IOMEHHMa MPUMEHE ca BUCOKUM PU3UKOM Yy Koje ce yOpaja u oOpa3oBambe.

3.2. lInybeBM AOKTOPCKe JUcepTanuje (MakcuManHo 1 cTpaHa)

OnuTy Uk OBE TOKTOPCKE JUCEpTalLHje je pa3Boj TAaIHOI, KOH3UCTEHTHOT U ofjammuBor MAC-a 3aCHOBaHOT Ha BEJINKUM
JE3MYKUM MOJIEIUMa 3a ayTOMAarCKO OLCHHBAIE CTYICHTCKHX paJoBa. Y CKIaly ca Je(QHHUCAHWUM OIIITUM IHJbEM,
¢bopmynucanu cy cineaehu KOHKpETHH LUIBEBU:

1. Hcmuratu y Ko0joj MepH Crelyjanu3alija arcHara y OXHOCY Ha pPyOpHKY IONPHHOCH TauHOCTH ayTOMAaTCKOT
OLICHHBaMba

2. Hcnuratu AONPHHOC MHTErpalnyje peJeBaHTHOT CIIOJHHOT 3Hama (HIIP. KYpPHUKYIyMa MM HACTaBHHX MaTepHjana)
Ha TAYHOCT ayTOMAaTCKOT OLICHUBAbA



AHanu3upaTd Kako pa3MYUTH Ha4WHM arperanyje IpoleHa II0jeAMHAYHHX areHara yTHIy Ha TadyHOCT
AyTOMATCKOT OLICHUBAbA

O06e30enUTH TPAaHCHAPEHTHOCT M 00jallllbUBOCT Ipolieca olemuBamba MAC-a Kpo3 TeHepHCcambe YTeMEebeHUX U
apryMEeHTOBAaHHX 00jalllkema

3.3 Xumnotese

Ha ocHoBy anamm3e peneBaHTHE M PACHOJIOKUBE JIUTEPAType, Ka0 U yOUEHHX HEIOBOJGHO HUCTPAXKEHHX TeMa y 007acTu
ayTOMAaTCKOT OLlekhUBama, hopMynuuiemMo cienehe xunorese:

XI.

X2.

X3.

X4.

X5.

IMpumena MAC-a y ayToMaTcKOM OLICHMBAY CTYAEHTCKUX paoBa JOBOIH 10 NoBehama TaYHOCTH OLCHUBAbA Y
ogHocy Ha noctojehe mpuctyne.

AnanTHBHA CIelMjanu3alyja areHara y oJHOCYy Ha THII 3a/1aTKa, 3aCHOBaHa Ha pyOpHUIIM 3a OLCHUBALE, TIOBOAHU JI0
noBeliatba TAa4HOCTH AayTOMAaTCKOT OLCHHBamka y OJHOCY HA MYITHAreHTCKH MPHCTYyHn 0e3 ajanTHBHE
CrelHjann3aluje areHara.

Wnrerpanuja peneBaHTHOT cnoJpHOT 3Hama y MAC, onpehena TumoMm 3amaTka KOjU je TIpeAMET OIEHHBamba,
noBoau 10 Behe TauHOCTH ayTOMaTcKOT oLemhHBamka, y ogHocy Ha MAC 6e3 ynotrpe0e croJFHOT 3Hamba.

VYBoljeme arcHra 3a arperanujy y MAC, koju Ha OCHOBY MPOIICHA M0jeIHHAYHIX arcHaTa JTOHOCH KOHAYHY OIICHY,
JOBOM 710 Behie Ta4HOCTH ayTOMAaTCKOr OlerkhHBama y oaHocy Ha MAC y KkojeM ce KOHayHa oLeHa 1o0uja
JjEIHOCTaBHOM arperanyjoM (HIp. ynpoceyaBameM) OlieHa I0jeANHAYHHUX arcHara.

MynTHareHTCKM CHUCTEM 3acCHOBaH HAa BEIMKHM je3WYKHM Mopenmuma omoryhyje Behy TpaHcmapeHTHOCT u
00jaIIbUBOCT IpoLieca ayTOMATCKOI OLCH:MBamba y OIHOCY HAa MOHOAreHTCKHM MPHCTYI, KPO3 TI'eHepHCcame
o0pazioxema JOHETE OLCHE.

4. Ilnan paaa

ITnan pama Ha KOKTOpCKOj MucepTanujn he ce cacrojaru u3 cienehnx kopaka:

IIperyie]] peleBaHTHE JIUTepaType n3 00IacTH ayTOMATCKOT OLEHUBaba, BEINKUX je3NYKuX Mozena u MAC-a
aHanu3a noctojehnx npumeHa MAC-a 3aCHOBaHHX Ha BEJIMKHM je3HYKHM MOJIEINMA 32 ayTOMATCKO OLICHUBAHE
1“300p jaBHO JOCTYHMHHX CKYIIOBa ITOJaTaka 3a €Balyallljy ayTOMAaTCKOT OICHUBAama €ceja U KPaTKUX ONroBOpa,
Kao M IpHIIpeMa CKyTia [ojiaTaka 3a OlCHhUBabe IPOrPaMCKOr Koaa

[Mpuxymsame pyOprKa 3a OLEHUBAKE 110 THITY 3a[JaTKa IPErIeoM peleBaHTHE JINTepaType U aHaIM30M pyOpHKa
U3 jaBHO JIOCTYIHHUX CKYIIOBa MOJaTaKa

JTM3ajH MOHOATeHTCKOT CHCTEMa 3a ayTOMATCKO OlielhuBambe (0a3HN Mozie)

nmu3ajH MAC-a ca agaliTUBHOM CHIELIUjaIM3alijoM areHara

nu3ajg MAC-a ca areHToM 3a arperaiyjy oreHa

nu3ajg MAC-a ca MpHCTYIIOM CIIOJFHOM 3HAbY

YKJbYYHBabhE MEXaHU3aMa 33 TCHEPUCAbE YTEMEJbEHUX U apryMEHTOBaHHX 00pa3oxema oleHe y okBupy MAC-a
panu 06e30ehrBama TPaHCIAPEHTHOCT U 00jallIlbUBOCTH MPOIIeca OlCHUBAbA

01a0up peNnpe3eHTaTHBHUX BEMKUX je3HYKHUX MOjieNia Koju fie ce KOPHCTUTH y eKCIIEPHUMEHTAIIHO] eBaTyalnju
nepUHHCamEe METPUKA 3a eBajyalldjy, Tj. MPOIEHY Ta4HOCTH Au3ajHupaHnx MAC-a, kao U IpOLEHY KBaJUTETa
ayTOMAaTCK{ FeHepHCaHUX 00pa3ioKerma OLeHa

HMMIUIEMEHTAIH]ja IPEUIOKEHUX CHCTeMa U eKCIIepPHIMEHTATHUX IOCTaBKU

u3Bolheme ekcriepruMeHaTa 1 MPUKYJbabe pe3yliTara

aHaJIM3a pe3ysITaTa, BU3yelln3alija 1 HHTEpIpeTalyja y OJHOCY Ha OCTAaBJbCHE XUIIOTE3E

JIICKYCHja OrpaHHYeha UCTPaKUBama U npeuior Oynyhux npasaia pa3soja
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6. MeTone Koje ce KOpUCTe Y MCTPaKUBamWYy (MakcUMasiHO 1 cTpaHa)

Mertozonoruja ucTpaxkuparma Ouhe ycMepeHa Ha OCTBapHBam-E OIIITET MJba JUCEPTALMje KOjU YKIbYYyje IM3ajH, Pa3Boj U
eKCIIepUMEHTAaNHY eBalyanujy MAC-a 3aCHOBaHOT Ha BEIIMKHM je3UUKUM MOJIENUMa, 32 TAYHO, KOH3UCTEHTHO H 00jallImbHBO
ayTOMaTCKO OLICHHBAImE CTYIEHTCKUX pazoBa. Y CKJIAAy ca THUM, CKCIIEpUMEHTH he OMTH Iu3ajHHpaHU Tako ga oMmoryhe
IPOBEPY IOCTABJbCHUX XMUIIOTE3a, KA0 U OCTBAPUBALE HABSCHUX KOHKPETHHX LIJbEBA JUCEPTaLH]e.

VY okBUpY IMJbA HCIUTHBAKA YTHIIAja MYJITHATCHTCKOT MPHUCTYIA HA TAYHOCT OIICHHBAaba, a KOjU CE€ OJHOCH Ha XUIIOTE3y
X1, buhe nMmIuieMeHTHpaHN 0a3HU, MOHOAreHTCKH cucTeM, 1 MAC 3a ayToMaTcKo OLlehHBamke, 00a 3aCHOBaHA Ha BEIMKUM
jesmukum monenuma. [lopeheme oBa sBa cuctema Bpimuhe ce Ha jaBHO JOCTYNMHHM CKYMOBHMA MOJATaKa 3a OLCHHBAME
eceja M KpaTKuX OAroBOpa, Kao M Ha MPHIIPEMIBEHOM CKYITy TI0[[aTaKa 3a OlehUBamke IporpaMckor koma. Ilopen mehycobHor



nopehema, pesynTaTu npeaokeHux cucreMa ouhe ynopehenu u ca nocrojehum cucreMnma 3a ayTOMaTCKO OIC-HBAE KOJU
Cy Ha UCTUM jaBHHM CKyIIOBHUMAa IOaTaKa MOKa3aJdM BHCOKE Pe3ynTare, Kako OM ce y aHaaM3y YKIbYUWIN U IIPUCTYIH KOjH
HUCY 3aCHOBaHM Ha ar€éHTCKUM apXUTEKTypama.

Pagu ucnuTHBama yTHI@ja ajalTHBHE CICLMjald3alije arcHara Ha Ta4HOCT ayTOMATCKOT OLCHWBAmkba, Y CKIamy ca
xunore3oM X2, 6uhe umruiemenTiHpan MAC ca cnendjan3oBaHUM areHTUMa. ATeHTH he OUTH crielnujanu30BaHu MpeMa
MOjeTMHAYHUM KPUTEPUjyMHUMa OllelhHBatba Je(GUHUCAHUM Y PYOPHIM WIH YTBP)EHNX MPETXOTHUM MpErIeZIoM pelieBaHTHE
mareparype. AmantuBHoct MAC-a ca crnenujanmsandjom Omhe omoryhieHa yBohemeMm opkecTparop areHra koju he, Ha
OCHOBY aHajm3e pyOpHKe 3a OLCHHBAbE 32 JaTH THIl 33JaTKa, YTBPAUTH 110 KOjUM KPUTEPHjyMHMa je MOTPEOHO OLCHUTH
CTyAEHTCKH paJ W Ha OCHOBY HUX WHHIMjAIN30BaTH ofroBapajyhm Opoj cmenujanm3zoBanmx areHara. [lopeheme he ce
Bpmut ca MAC-oM 0e3 aganTHBHE CIIENMjaIH3allije areHaTa, HaJ HCTUM CKyIOBHMa IoJaraka, ynMe he ce yTBpauTu y
K0jOj MepH CIelujaIn3alija areHaTa y OJHOCY Ha THII 3aJlaTKa yTHYe Ha TAYHOCT ayTOMAaTCKOI' OLICHHBAbA.

Kaxko 61 ce ucrnnTao yTHnaj HaYMHA HHTETPalije PeJIeBaHTHOT CIIOJFHOT 3HaMba Ha TAUHOCT OICHHBaIba, Y OKBHPY XUIIOTE3e
X3, Ouhe WUMIIEMEHTHpPAaHU Pa3IMYUTU MPUCTYIH KOpHUIIhema CIIOJBHOT 3Hama y okBupy MAC-a. ¥V Ty cBpxy Omhe
KkopumheHn pa3sHM W3BOPU 3HaKA, KOja MOTy OWTH OIIUTH 33 JaTH 3aJaTak (HIpP. KypHKYIyM, YUOSHUK, pedepeHTHH
OJI'OBOP) WM CIICIIU(UYHU 32 KPUTEPHjyM OlleHUBamka (HIpP. Je(HHUIIM]jE TI0jMOBa, JOMEHCKO 3Hame). Kox ommrer HadnHa
kopuihema CIoJbHOT 3Hakba, CBH areHTH he KOPUCTUTH 3aj€IHMYHHM OIIIITH KOHTEKCT IIPUOABIbEH U3 ONIITHX MU3BOPA 3HAMbA.
Kon cnemmduunor HaunHa, areHTH he npubaBibaTé U KOPUCTUTH 3HAME PEJICBAHTHO CBOM KPHUTEPHjyMy OlleBama. [lopex
Tora, Ouhe WcmHUTaH M XUOPUIHU TPUCTYI, Y OKBUPY KOT he areHTH KOPUCTUTH KOMOHMHAIHM]Y OMIITEr M CHEHUPHIHOT
3Hamwa. [lopehemeM nepdopmancu oBux cucrema mehycoOHO, kao u ca Bep3ujoM MAC-a 6e3 NpHUCTyna CHOJBHOM 3HamY,
Oulic aHaIM3UpaHO y KOjOj MEPH HHTETpalyja W Pa3iIdYUTH HAYMHU MHTETrPalije PEeJICBAHTHOT CIIOJbHOT 3HaMba yTHUY Ha
Ta4HOCT ayTOMATCKOT OLICHHBamba.

VY mwby HMCIMTHBaba YTHIdja HAuMHA arperanuje OleHa IojeinHayHuX areHara y MAC-y Ha TayHOCT ayTOMAarTCKOT
ouemuBamka, y OKBUpY xumnorese X4, 6uhe ymopehene nse Bapujante MAC. V mpBoj BapujaHTH, KOHa49Ha OLEeHA he ce
dbopMHUpaTH NPUMEHOM jEAHOCTaBHHX OONMKa arperanuje (Mpoceka, TEKHUHCKOT I[POCEKa) OLeHa Koje TeHEepHUIly
MOjeIMHAYHU areHTH. Y Jpyroj BaphjaHTH, y Te CBpXe Ouhe yBemeH areHT 3a arperanujy, Koju he aHamM3WpaTH OLEHe
MOjeIMHAYHNX arcHaTa ¥ HHUXOBHX O0pas3lokema, W Ha OCHOBY IHX INPOCYAWTH KOHA4YHY OLEHY CTYISHTCKOT paja.
IMopehewem oBux Bapujantu MAC-a HaJ UCTUM CKyIIOBHMMa TofaTaka yTBpauhe ce KOIMKK YTHLA] areHTCKU BUJ arperanuje
OIIeHa MMa Ha Ta9HOCT ayTOMATCKOT OICHBarba.

3a eBanyalMjy Ta4HOCTH CBHUX IPETXOTHO HABEIEHHX cHcTeMa, m3Mel)y ocranor, kopuctuhe ce kopenanuja (Pearson) kao
Mepa JIMHeapHe MOBe3aHOCTH ca pedepeHTHHM oreHama, Mean Absolute Error u Root Mean Squared Error xao mepe
MIPOCEYHOT OJICTyNama CHCTEMTCKUX off pedepeHTHHX oreHa, kao 1 Quadratic Weighted Kappa (QWK) koja mepu crenen
CamIacHOCTH M3Mely CUCTEMCKUX U pe)epeHTHHX OLleHA.

VY uniby ucnutuBawma yruiaja MAC-a Ha TpaHCHApEeHTHOCT M 00jallIlbHBOCT MPOIIEca ayTOMATCKOT OLCHHBamba, a Y OKBUPY
xunotese X5, 6uhe ynopel)eHrn MynTHareHTCKM 1 MOHOAreHTCKU CHCTEMH 3aCHOBAaHH Ha BEJIMKUM je3HYKHM MOZEINMAa, KOjU
TeHEpHILy 00pasioKemha CBOjUX OIJIyKa y BE3H Ca MPOLECOM OLCHHBama. KBaIUTET IeHepHcaHHX OOpasioKemha OLEeHa
6uhe NpoLemeH pa3INUNTHM METOJaMa y 3aBUCHOCTH OfI IOCTYITHOCTH pedpepeHTHOT 00pa3iiokema y cKyIry noaaraka. Kox
CKyIIOBa TIOJIaTaka TJe HHje TOCTYMHO pedepeHTHO o0pasiokeme, Onhe mpuMemeH MPUCTYN y KoM he He3aBHCaH je3HYKH
MOJIeT €BATYMPATH CTPYKTYDY, YTEME/bEHOCT M arpyMEHTOBAHOCT I'€HEPHCaHUX O00pasliokKema y OIHOCY Ha 3aJarak 1
KpPUTEpHjyMe OLeHkNBama, HpuMeHoM LLM-as-a-judge mpucryna. Kom ckymoBa momaraka rae he OumTH mocTymHa
pedepeHTHa HacTaBHHYKAa OOpas3liokema OLEHe, KBAaJHTET TCHEPHCAHHX OOpasiokema he OWTH NpoueHmeH NPUMEHOM
METpHKa CIIMYHOCTH ca pedepeHTHHM obOpasnoxemeM, kao mro cy ROUGE u BERTScore.

CBu ekcriepiuMeHTH Onhe peann3oBaHu y mporpamckoM jesuky [lajron (Python). 3a mmnnemenrtanunjy MAC-a xopuctuhe ce
OubmMoTeKe 3a Benuke je3ndke monene u areHTcku okBupH (LangChain, LangGraph u ci). 3a uMmmieMeHTanujy npucTymna
CIOJFHOM 3Hamy kopuctuhe ce 6ubmuoTeke 3a paa ca BekTopckuM 0Oazama (FAISS, ChromaDB, Qdrant mwiu ci), kao u
BeKkTopckr (embedding) Momenu noctymHM myTeM IiaTdopmu kao mTo je HuggingFace. 3a 0O6pany moparaka kopucrtihe ce
oubnmoreke monyt pandas u NumPy. Benuku je3nuku mozenu 6uhe xocrtoBanu kopuinhemeM miarpopme Ollama u ci. C
003upoM Ha Op3 pa3BOj HOBHX TEXHOJIOTHja y 00NacTH Belitauke uHTenureHnuje u MAC-a, mpemaoxeHe Texaonoruje he
ONTH MOIJIOXKHE IPOMEHH, Te je Moryhe ma he y Toky m3pane aucepranuje OuTH KOpuIIheH! U APYTHU anaTd, OMOIHOTEKe 1
iarpopMe Koje y JaroM TPeHyTKy Oyly akTyelHe M IOTOJHHje 3a peajM3alljy eKCllepHMeHaTa, y3 3aJpiKaBarbe
MOCTaBJbEHE METO/IOJIOTHjE U EKCIIEPUMEHTAIHOT AN3ajHa.

7. MyJATHAUCUUILIMHAPHOCT TeMe (MakCUMaiHo 1/2 ctpaHe)

MynTHIUCHUIUTHHAPHE KapakTep OBe TeMe OITea ce y MOBEe3HBamby BHUIIE HAydHHX oOnacTH. V3 yria padyHapcKux Hayka,
UCTpaXXHBame ce 0aBH IMPHMEHOM CaBPEMEHHMX METOJa BEUITAuyKe MHTEINUTCHINje, IPe CBera MPUMEHOM BEJTMKHX jEe3MUKHX



Mozesia U3 00JacTH MpoLecHpama MPHUPOJHUX je3nka, MeTona pa3Boja MAC-a, kao M mpuCTyma U3 00IacTH copTBEpCKOT
HHXemepcTBa. VICTOBpeMEHO, paj ce ociamba Ha IIEfarolike IPUCTYIE BPEJHOBamba 3Hama, NOCEOHO Kpo3 ymoTpely
pyOpHKa 3a OLEHUBAKHE y ayTOMAaTCKMM CHCTeMHMa. J[0faTHO, MOCTOjU Be3a U Ca eIyKaTHBHOM IICHXOJIOTH]jOM y JIOMEHY
TPAHCMAPEHTHOCTH M O0jalllMBOCTH IIpolieca OlCHUBAbA, KOjU YTHYy Ha IIOBEpeH€ HACTaBHUKA M CTyJAeHaTa Y
ayTOMaTH30BaHE CHCTEME, KAa0 M Ha IEepLENLHjy NPaBUYHOCTH M IOY3AaHOCTH MPOLeca ayTOMATCKOT OLCHUBAbA.
IToBe3aHOCT ca MearorujoM M eTyKaTHBHOM IICHXOJIOTHjOM OINIefia ce M Kpo3 IPUMEHy KOHIIENTa IOBpaTHe HH(pOpManuje
(feedback), koju omoryhyje ma ayToMaTcku CHCTEM MPY)XKH apryMEHTOBAHO OOPa3JIoKeHme MOAE/bEHE OLCHE CTYICHTY U
HacTaBHUKY. lcTpakuBame ce MOXKe [T0CMaTparH U y IHPEeM KOHTEKCTY 0071acTH 00pa30BHHUX TEXHOJIOTH]a, jep JONPUHOCH
Pa3BOjy MHTEIMICHTHUX CHCTEMA HAMEHCHUX TTOAPLILH IIPOLIECY HACTaBE U BPEIHOBabY 3HAHA.

8. OueKkMBaHU HAYYHH JONPUHOC IOKTOPCKeE AMCePTALHje

OuekrBaHM HAyYHH JONPHHOC OBE JOKTOPCKE AucCepTaudje oOyxBaTa IHM3ajH, Pa3B0oj M MYATHACIEKTHY €BaIyaldjy
WHOBAaTHBHOT TIPHCTyNa OO0jalllMBOM ayTOMarCKOM OIEHHBaby CTYAGHTCKHX pajioBa, 3aCHOBAHOM HAa CHCTEMY
MHTEIUTCHTHUX arcHara, KOju MHTETPHILIE BEJIHKE je3HYKe MOJENEC U CIOJbHE M3BOPE 3Hama pagu yHampeherwa TaqHOCTH,
KOH3HMCTEHTHOCTH M 00jallllbMBOCTH HPOLeca ayTOMATCKOT OLICHHBAmbA.

KoHKpeTHO, OueKHBaHH Hay4YHH JOMPHHOCH CE orIeajy y cienehem:

e Pa3zpoj apxurektype MAC-a 3aCHOBaHOI Ha BEJIMKMM jE3MYKMM MOZEIMMA 32 AayTOMAarCKO OLCHUBAE
CTYICHTCKHX paJioBa, ca IPUCTYIIOM CIIOJAHOM 3Hamy, KOju oMmoryliyje aganTHBHY CICLHMjalu3aljy arcHara y
OZIHOCY Ha THII 33/IaTKa M IO PA3IMYMTHM KPUTEPHjyMHMa OLCHHBama Ae(PUHUCAHUX PYOPHKOM 3a OLCHHUBAE,
Kao U MEXaHH3aM 3a arperalujy MnojeiMHaYHuX NPOLIeHa areHara y jeAMHCTBEHY KOHAuHY OLeHY, Y3 00pa3iioKeme
JI0JIeJbEHE OLICHE

e  Emnupujcku yTBpheH yTuLaj MYITHAareHTCKOI HPHCTYIIAa Ha TAa4HOCT ayTOMATCKOT OLCH:HBAEba Yy OIHOCY Ha
nocrojehe MOHOAreHTCKE M HEAarcHTCKE MPUCTYNE, YMME CE IONMPHUHOCH pa3yMEBamy IOTCHIHMjala IPUMEHE
MAC-a y 00pa30BHUM OKpYy>KeHUMa

e EMmmupujckd TNpOLEHEH YTHI@E]  aJanTHBHE CIeLUjalu3aldje areHaTa y OJHOCY Ha THI 3aJaTka U 110
MOjeANHAYHUM KPUTEPHjyMIMa OLICEUBAba HA TAYHOCT ayTOMATCKOT OLICHbHBAbA

e EMOupHjcKM TpOLECHEH YTULA] pPa3lIMYMTHX HayMHAa HHTErpanyje crosbHOr 3Hama y MAC Ha TayHOCT
ayTOMAaTCKOT OLICHUBAbA

e  Emnupujcku yTBpheH yTHIA] Pa3IMUMTHX HAYMHA arperaije OlleHa MOjeANHAYHHX areHara Ha KOHAuyHy OLCHY
MAC-a

e [lpuctyn 3a TpaHCIIAPEHTHO M OOjalIlbMBO AyTOMAaTCKO OLECHUBAMBE KPO3 T€HEpHCAme 00pasioKema OleHEe
CTYJIGHTCKOT PaJia, 3aCHOBAaHO Ha pyOpHKaMa U PeJICBAaHTHOM CIIOJbHOM 3Hakby

e TIpeasyor ekCrleprMMEHTAIHOT OKBHpPa 3a CHCTEMATcKo HcnuThHBatbe MAC-a 3aCHOBAHHMX Ha BEJIHUKHMM jE3HYKHM
MOJIEINMA, Y 33/1alliMa ayTOMAaTCKOT OLiCHBama CTYAEHTCKUX PagoBa, KOju oMoryhiyje KOHTposcaHo nopeheme
Pa3IHYUTHX BApUjaHTH CHCTEMa U KOH(HIypalija areHara

e JlonpuHOC 0OJbEM pasyMeBamy INPUMEHE BEIHKUX jE3UYKMX MOJENa W MYITHAreHTCKUX apXHUTEKTypa Y
o0pa3oBamy, Ka0 M HHXOBHX IPEJHOCTH M OrpaHHYEHa Yy 3a/JalliMa ayTOMaTCKOI OLICHUBamba M IpYXamba
MOBpaTHUX HH(OpManuja

e  Moryhroct npumene npeaoxerHor MAC-a y peanHoM 00pa3oBHOM OKpYKEHY, MOCEOHO Y 3a/IaTKy OLCH-HBaba
IPOTrpaMCKOr KoJa

9. M3jaBa na npenJjioxkeHy TeMy KaHIUAAT HUje PUjaB/bHBA0 HA IPYI0j BUCOKOLIKOJICKOj YCTAHOBH Y 3eMJbU WU
HHOCTPAHCTBY

Ja, Mapko ITyraukoBuh, u3jaBibyjeM Jja IpeITIOKeHy TeMy JOKTOPCKe JcepTanje ,,MyITHareHTCKH IPUCTYIH 3aCHOBAHH
Ha BEJIMKUM jE3UYKMM MOJENNMa 33 00jallllbMBO ayTOMAaTCKO OLCHMBAIE CTYACHTCKUX PajioBa” HHMCAM IIPHjaB/bHBAO HA
JIPYT0j BUCOKOIIKOJICKO] YCTAHOBH y 3€MJBH WIJIM HHOCTPAHCTBY.

10. IpenJor 1Ba MEHTOPa U KOMHCHje 32 OlleHy TeMe JOKTOPCKe JucepTamnuje (MMe, Ipe3nMe, 3Bamke, HHCTUTYLH]ja, yKa
Hay4yHa o0acT)

IIpennor MenTopa:

1. Jenena JoBanosuh, penoBuu npodecop, Gakynrer opraHU3alMOHUX HayKa, YHUBep3uTeT y beorpany, yxxa HaydHa
o0acT: cohTBEPCKO HHKEHEPCTBO

2. Anexcanpap baymnan, penoau npodecop, unozodceku pakynrter, YHUBep3uTeT y beorpany, yxa Hay4Ha o01acT:
OTIIITA TICHXOJIOTHja



Tpennor xomucHje:

1.

Panka Crauxosuli, pexosau mpodecop, Pymapcko-reonomxu daxynrer, Yemsepsurer y Beorpany, yxa Hayyna

ofnacT: MareMarHxs u mpopMaTHKa

Cpehio Joxcumonuh, tipodecop, School of Educarion, Adelaide Universily, yxa nayuHa 0o0IacT: aHATWTHKE
yUY€Hha, BSIITa4Ka MHTCIUTCHIMja Y 00pa3oBamy

Bnanau [lerermh, penoenu mpodecop, akynrer opranusanponyx Hayka, Yausepsurer y Beorpany, yxa nayusa
obnact: codTBEPCKO HEDKSHEPCTBO

11. Ypuso3n:

1. Carnacsoct MenTopa (Tpeba 1a CaapikKu UMe, NPE3NME, 3BAKSE, HHCTHTYLF]Y H TOTITHC)

2. ITogaim o0 MeHTOPY

3. Munubeme oarosapajyhinx eTHYKHX KOMHTETa O €THYKUM aCTeKTHMA MPELTOKEHE TeMe (KITMHUYKA HCIIMTHBAGA
WM EKCIICPHUMEHTH Ha JKHBOTHELAMA)
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1. Candidate Biography

Marko Putnikovi¢ was born on May 13, 1993 in Valjevo, Serbia. He enrolled in undergraduate studies at the Faculty of
Organizational Sciences, University of Belgrade in 2013, in the program Information Systems and Technologies. He
graduated in 2017, earning the degree of Engineer of Organizational Sciences — Information Systems and Technologies. He
enrolled in master’s studies in 2017 at the University of Grenoble, in the program Artificial Intelligence and Semantic Web,
as a scholarship recipient of the French government. He completed his master’s studies in 2018, earning the degree of Master
Informatics. During his master’s studies, he completed a five-month internship (stage) at the Computer Science Laboratory
of the University of Grenoble. He enrolled in doctoral studies in 2019 at the University of Belgrade, in the multidisciplinary
study program at the university, specialization Intelligent Systems. During his studies, he worked on the application of
natural language processing methods in education and published a research paper in an M21 journal on the application of
these methods in grading student work (2.1.1, 2.2.1).

Concurrently with his doctoral studies, the candidate worked at NCR as a software engineer from 2019 to 2022, after which
he moved to Robert Bosch where he continues to work as an artificial intelligence engineer. At Robert Bosch, he worked on
an innovation research project on the application of natural language processing methods for web data extraction, within
which he published a research paper at a conference (2.2.2).

2. Candidate Bibliography (categorized according to the classification of the relevant Ministry)
2.1. Published papers or accepted for publication (DOI number or editor’s statement)

Distinguished international journals (M21):

1. Putnikovic, M., & Jovanovic, J. (2023). Embeddings for automatic short answer grading: A scoping review. IEEE
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2.2. Conferences and gatherings

1. Putnikovic, M., & Jovanovic, J. (2022). Word Embeddings for Automatic Short Answer Grading (pp. 197-213).
World Scientific Publishing Co. Pte. Ltd.
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Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Industry Track (pp.
1444-1456).
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2025), Kopaonik, Serbia. Zenodo. https://doi.org/10.5281/zenodo.15093900

3. Subject and Objectives of the Doctoral Dissertation
3.1 Subject of the Doctoral Dissertation (maximum 1 page)

The subject of this doctoral dissertation is the automatic grading of student work and the provision of explanations about the
grading process through the application of multi-agent systems based on large language models.

Grading student work represents one of the main processes within the educational system, as it enables assessment and
provides feedback on the extent of student knowledge acquisition. Assessment can be summative in nature, which involves
assigning a grade and provides a formal basis for advancement and obtaining an academic degree; and formative in nature,
which includes providing feedback to the student, monitoring learning progress, and guiding the further development of
student competencies. For the instructor, the grading task is usually time-constrained and cognitively demanding depending
on the number of students, which can lead to fatigue, affect consistency, and reduce the possibility of better student support.



Additionally, instructor subjectivity, namely personal beliefs and expectations, reliance on prior experience and intuition, can
lead to inconsistency in grading and affect outcomes. With the development of online forms of education, automatic grading
systems are gaining increasing importance, with the purpose of enabling faster and more consistent grading of large numbers
of student papers, as well as relieving instructors of the part of the grading process and providing justification for assigned
grades that can be automated.

Formally, the tasks that are graded can be divided into closed (e.g., multiple-choice tasks) and open-ended (constructed
response) (Bennett, 1991). Closed-ended tasks involve the selection of one or more offered answers, where grading is
deterministic, i.e., based on a predefined solution. On the other hand, open-ended tasks can be divided into those with short
and long free response text (essays), but depending on the subject domain, they can also be programming code, mathematical
proofs, etc. For the open-ended type, which will be the focus of this doctoral dissertation research, content processing and
analysis are required, which requires the application of more sophisticated natural language processing methods.

Historically, methods for grading open-ended tasks can be divided into those based on (1) templates and rules, (2) statistical
text characteristics, and (3) machine and deep learning (Burrows et al. 2015). The deep learning approach has been
particularly prevalent in recent years due to the significant success of applying large language models to grading student
work (Fagbohun et al. 2024). However, in a large number of existing studies, all tasks within the grading process are
performed by a single large language model, which can lead to various problems generally attributed to such models, such as
hallucinations and loss of context. Moreover, grading with a single large language model can lead to the mixing of grading
criteria when it is necessary to evaluate different aspects of the work separately. Additionally, the information that a single
large language model possesses may be outdated or irrelevant, and it is necessary to enrich the prompt with current
knowledge relevant to the grading context.

An approach that could improve the grading process and the provision of explanations of this process using large language
models is the application of grading systems based on multiple mutually coupled large language models. Such systems are
called multi-agent systems (MAS), where an agent is a software component that, among other things, uses a large language
model to perform a specific task in the grading process (Kamalov et al. 2025). In addition to large language models, an agent
can use various other software tools to enrich its current knowledge about the relevant context and produce better results
(web search, data analysis libraries, database access, etc.). The application of MAS based on large language models in
automatic grading still represents a relatively new and insufficiently systematically researched area. In particular, there is a
lack of studies analyzing the impact of architecture, i.e., the structural organization of MAS, on grading results. Specifically,
there is a limited number of studies examining the advantages and disadvantages of multi-agent approaches compared to
other automatic grading systems, examining the impact of agent specialization across different aspects of grading on grading
accuracy, methods of aggregating individual agent grades into a final grade, and analyzing the effects of integrating external
knowledge into MAS. Furthermore, existing research insufficiently addresses the question of transparency and explainability
of the grading process in MAS. Justification of the grade assigned by an automatic system is necessary to ensure grading
transparency and enable verification of the application of grading rubrics, thereby building trust in the system. Additionally,
regulatory legal frameworks such as the European Union Artificial Intelligence Act (European Union, 2024, Article 86)
require a certain level of transparency in automatic decision-making, especially in high-risk application domains, which
include education.

3.2. Objectives of the Doctoral Dissertation (maximum 1 page)

The general objective of this doctoral dissertation is the development of an accurate, consistent, and explainable MAS based
on large language models for the automatic grading of student work. In accordance with the defined general objective, the
following specific objectives have been formulated:

1. Examine the extent to which agent specialization relative to the rubric contributes to the accuracy of automatic
grading

2. Examine the contribution of integrating relevant external knowledge (e.g., curriculum or instructional materials) to
the accuracy of automatic grading

3. Analyze how different methods of aggregating individual agent assessments affect the accuracy of automatic
grading

4. Ensure transparency and explainability of the MAS grading process through the generation of grounded and
well-argued explanations

3.3 Hypotheses

Based on the analysis of relevant and available literature, as well as identified under-researched topics in the field of
automatic grading, we formulate the following hypotheses:



H1. The application of MAS in automatic grading of student work leads to the increase in accuracy of automatic

grading compared to existing approaches.

H2. Adaptive specialization of agents relative to the task type and based on the grading rubric, leads to the increase in

accuracy of automatic grading compared to a multi-agent approach without adaptive agent specialization.

H3. Integration of relevant external knowledge into MAS, determined by the type of task being graded, leads to greater

accuracy of automatic grading compared to MAS without the use of external knowledge.

H4. Introduction of an aggregation agent into MAS, which makes a final grade based on individual agent assessments,

leads to greater accuracy of automatic grading compared to MAS in which the final grade is obtained through
simple aggregation (e.g., averaging) of individual agent grades.

HS. A multi-agent system based on large language models enables greater transparency and explainability of the

automatic grading process compared to a single-agent approach, through the generation of justifications for the
assigned grade.

4. Work Plan

The work plan for the doctoral dissertation will consist of the following steps:

Review of relevant literature in the fields of automatic grading, large language models, and MAS

Analysis of existing applications of MAS based on large language models for automatic grading

Selection of publicly available datasets for the evaluation of automatic grading of essays and short answers, as well
as preparation of a dataset for grading programming code

Collection of grading rubrics by task type through a review of relevant literature and analysis of rubrics from
publicly available datasets

Design of a single-agent system for automatic grading (baseline model)

Design of MAS with adaptive agent specialization

Design of MAS with a grade aggregation agent

Design of MAS with access to external knowledge

Incorporation of mechanisms for generating grounded and well-reasoned grade justifications within MAS to
ensure transparency and explainability of the grading process

Selection of representative large language models to be used in experimental evaluation

Definition of evaluation metrics, i.e., assessment of the accuracy of the designed MAS, as well as assessment of
the quality of automatically generated grade justifications

Implementation of proposed systems and experimental setups

Conducting experiments and collecting results

Analysis of results, visualization and interpretation in relation to the stated hypotheses

Discussion of research limitations and proposal of future directions for development
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6. Research Methods (maximum 1 page)

The research methodology will be directed toward achieving the general objective of the dissertation, which includes the
design, development, and experimental evaluation of a MAS based on large language models for accurate, consistent, and
explainable automatic grading of student work. Accordingly, experiments will be designed to enable the verification of the
stated hypotheses, as well as the achievement of the specified concrete objectives of the dissertation.

Within the objective of examining the impact of the multi-agent approach on grading accuracy, which relates to hypothesis
H1, a baseline single-agent system and a MAS for automatic grading will be implemented, both based on large language
models. The comparison of these two systems will be conducted on publicly available datasets for grading essays and short
answers, as well as on a prepared dataset for grading programming code. In addition to mutual comparison, the results of the
proposed systems will also be compared with existing automatic grading systems that have demonstrated high performance
on the same public datasets, in order to include approaches that are not based on agent architectures in the analysis.

To examine the impact of adaptive agent specialization on the accuracy of automatic grading, in accordance with hypothesis
H2, a MAS with specialized agents will be implemented. Agents will be specialized according to individual grading criteria
defined in the rubric or established through a prior review of relevant literature. The adaptability of the MAS with
specialization will be enabled by introducing an orchestrator agent that will, based on the analysis of the grading rubric for a
given task type, determine which criteria need to be applied to grade the student work and initialize the corresponding



number of specialized agents accordingly. The comparison will be made with a MAS without adaptive agent specialization,
over the same datasets, thereby determining the extent to which agent specialization relative to the task type affects the
accuracy of automatic grading.

To examine the impact of different methods of integrating relevant external knowledge on grading accuracy, within
hypothesis H3, different approaches to using external knowledge within MAS will be implemented. For this purpose, various
sources of knowledge will be used, which can be general for a given task (e.g., curriculum, textbook, reference answer) or
specific to the grading criteria (e.g., definitions of terms, domain knowledge). In the general approach to using external
knowledge, all agents will use a shared general context obtained from general knowledge sources. In the specific approach,
agents will obtain and use knowledge relevant to their grading criterion. Additionally, a hybrid approach will be examined,
in which agents will use a combination of general and specific knowledge. By comparing the performance of these systems
with each other, as well as with a version of MAS without access to external knowledge, we will analyze the extent to which
the integration and different methods of integration of relevant external knowledge affect the accuracy of automatic grading.

To examine the impact of different methods of aggregating individual agent grades in MAS on the accuracy of automatic
grading, within hypothesis H4, two variants of MAS will be compared. In the first variant, the final grade will be formed by
applying simple forms of aggregation (average, weighted average) of grades generated by individual agents. In the second
variant, an aggregation agent will be introduced for this purpose, which will analyze the grades of individual agents and their
grade justifications, and based on them determine the final grade of the student work. By comparing these MAS variants
over the same datasets, we will determine the impact of the agent-based grade aggregation on the accuracy of automatic
grading.

For the evaluation of the accuracy of all the aforementioned systems, among other measures, Pearson correlation will be
used as a measure of linear association with reference grades, Mean Absolute Error and Root Mean Squared Error as
measures of average deviation of system grades from reference grades, as well as Quadratic Weighted Kappa (QWK), which
measures the degree of agreement between system and reference grades.

To examine the impact of MAS on the transparency and explainability of the automatic grading process, within hypothesis
H5, we will compare multi-agent and single-agent systems based on large language models that generate justifications for
their grading decisions. The quality of the generated grade justifications will be assessed by different methods depending on
the availability of reference justifications in the dataset. For datasets where reference justifications are not available, we will
apply an approach in which an independent language model will evaluate the structure, groundedness, and argumentation of
the generated justifications in relation to the task and grading criteria. For that purpose, we will use the LLM-as-a-judge
approach. For datasets where reference teacher justifications will be available, the quality of the generated justifications will
be assessed using metrics that measure similarity with the reference justification, such as ROUGE and BERTScore.

All experiments will be implemented in the Python programming language. For the implementation of MAS, we will use
libraries for large language models and agent frameworks (LangChain, LangGraph, etc.). For the implementation of external
knowledge access, we will use libraries for working with vector databases (FAISS, ChromaDB, Qdrant, or similar), as well
as vector (embedding) models available through platforms such as HuggingFace. For data processing, libraries such as
pandas and NumPy will be used. Large language models will be hosted using the Ollama platform and similar. Given the
rapid development of new technologies in the field of artificial intelligence and MAS, the proposed technologies will be
subject to change, and it is possible that during the preparation of the dissertation, other tools, libraries, and platforms that
are current and more suitable for implementing the experiments at the given time will be used, while maintaining the
established methodology and experimental design.

7. Multidisciplinarity of the Topic (maximum 1/2 page)

The multidisciplinary character of this topic is reflected in the connection of multiple scientific fields. From the perspective
of computer science, the research deals with the application of modern artificial intelligence methods, primarily the
application of large language models from the field of natural language processing, methods of MAS development, as well
as approaches from the field of software engineering. At the same time, the work draws on pedagogical approaches to
knowledge evaluation, particularly through the use of grading rubrics in automated systems. Additionally, there is a
connection with educational psychology in the domain of transparency and explainability of the grading process, which
affects the trust of instructors and students in automated systems, as well as the perception of fairness and reliability of the
automatic grading process. The connection with pedagogy and educational psychology is also reflected through the
application of the feedback, which enables the automatic system to provide a well-argued justification of the assigned grade
to both the student and the instructor. The research can also be viewed in the broader context of the field of educational
technologies, as it contributes to the development of intelligent systems designed to support the teaching process and
knowledge evaluation.



8. Expected Scientific Contribution of the Doctoral Dissertation

The expected scientific contribution of this doctoral dissertation encompasses the design, development, and multi-aspect
evaluation of an innovative approach to explainable automatic grading of student work, based on a system of intelligent
agents that integrates large language models and external knowledge sources to improve the accuracy, consistency, and
explainability of the automatic grading process.

Specifically, the expected scientific contributions are reflected in the following:

e Development of a MAS architecture based on large language models for automatic grading of student work, with
access to external knowledge, enabling adaptive specialization of agents relative to the task type and across
different grading criteria defined by the grading rubric, as well as a mechanism for aggregating individual agent
assessments into a single final grade, along with justification of the assigned grade

e Empirically established impact of the multi-agent approach on the accuracy of automatic grading compared to
existing single-agent and non-agent approaches, thereby contributing to understanding the potential of MAS
application in educational settings

e Empirically assessed impact of adaptive agent specialization relative to the task type and across individual grading
criteria on the accuracy of automatic grading

e  Empirically assessed impact of different methods of integrating external knowledge into MAS on the accuracy of
automatic grading
Empirically established impact of different methods of aggregating individual agent grades on the final MAS grade
An approach for transparent and explainable automatic grading through the generation of grade justifications for
student work, based on rubrics and relevant external knowledge

e  Proposal of an experimental framework for the systematic examination of MAS based on large language models in
automatic grading tasks of student work, enabling controlled comparison of different system variants and agent
configurations

e  Contribution to a better understanding of the application of large language models and multi-agent architectures in
education, as well as their advantages and limitations in automatic grading tasks and provision of feedback

e  Potential for application of the proposed MAS in a real educational setting, particularly in the task of grading
programming code
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