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ABSTRACT

This study examines the effects and limitations of small-scale supervised fine-tuning (SFT) in
Korean CSAT-style reading question generation. We propose a two-stage pipeline in which
Stage 1 generates expository passages from keywords and Stage 2 generates multiple-choice
questions and distractors from the generated passages. To identify stage-specific effects, we
separately evaluate passage quality and item quality using a pairwise comparison framework
with LLM-based judges and bootstrap-based statistical estimation.

'.) Experiments compare Qwen2.5-7B-Instruct and EXAONE 3.5 7.8B under base, QLoRA-based

heck for SFT, expanded-training-set, and JSON-output conditions. Results show that small-scale

| Updates SFT does not affect all stages equally. In the Qwen family, fine-tuned models repeatedly

underperform the base model in item-level evaluation, particularly in distractor plausibility

& OPEN ACCESS and discriminative quality, while passage-level quality shows no consistent decline. This

Brain, Digital, & Learning suggests that small-scale SFT may improve surface-level conformity to exam-style formats

2026, Vol. 16, No. 1, 95-116 without improving substantive item quality. In contrast, the EXAONE family shows a different
https://doi.org/10.31216/BDL.2026.16.1.7 pattern, with some fine-tuned conditions yielding improvement signals in item quality.
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Introduction

tiskgsHAI-(ol5F £5) o] B Bl 25 £ EA H-8o] vl =2 Bt FEolt 4
S8l WS 8t o) wo] EA|EH, 7] g at ejo] SASHIME e, BA, T3
H7t 59 AFE S S5t E AA = 1A I HE T =R F o] th(Korea Institute for Curriculum and
Evaluation, 2025). Z|0ll+= 0|21t 5 4| A|AIE Bt oPg 20|11 § 5240 2 X|YUsH7| St A=A =
o|= EAZ T ok wSH= 2026 28 45 EA AA HA Woke WESHHA wSH7EA| A AA

El APz & Q1T A S(AD Z§ Fof A A AIAR] 7S 216k, FF ALE 'dol = oS3 fAFE
A B0 = E-E35170ckal BF3 ThMinistry of Education, 2026). )= 4>5 %Xﬂ Ao A= AL 7|5 ZA]| Xlgl
AHA ] Edo] WA 0 7 AEE]7]| AR S-S HolEth 12U A 53 £ 72 s AE &
A2t HEARS] 15k Aol oJEskal Lo, T A iET 2~3719] E7F Az]e) g =g le
S AASk= ] gt ARt Bl&o] £ Hnh 3 7|E Eae] S5 75o] "asto E4] £9
2|42 Aol = L2 A SHA|7F ZAfsiet

2 oo RE(LLM)e] Ed2 245 2 A/d (Automatic Question Generation, AQG) =CFol| |22 75
/8 AAISFATHDu et al., 2017; Kurdi et al., 2020). Z|Foll= w5 Wt M LLME 2-83F 73 AF&28t 7t
5730] E'dhe] =9J= 11 glom, FUoll M & ALt A E-E Y= SISt LM &8 7/ *—L*(le etal,
2024), o]} 917] < Mtk 723 A5 AJA] WHRF A (Park & Choi, 2025a), GAI-HITL 7|1t =-A] 28}
Az A& o) Ale) &4 aHA] eldAd B4 (Park & Choi, 2025b), LoRA TQ15 -2 2851 7144 GPT 71 i
=0] £/ 2 H| 2 (Hong & Lee, 2025)2t -2 77k B 15 31 Q)T o] et S &2 U] w57
ol M & A58 d o] T o) FHA A7} obd & Hof

Ty A9 Ae] o2 Go] tlolE Aol HFE o] AW, =W Ate] ol £ aLtojAl9]
87/ B, TEX E k|, 22 o B B A0l 2 S F= 9 R st o) 4
T2 At A, @A AR 4 3], FE 2 AZA miet 5 oot /1] 32 8oke R
A1 B0l M Q] A S A7 0% '81 H=3 Aol

%] QLoRA(Dettmers et al., 2023)5 H|Eot &4 oiQlRY 7|Ho| 5402 Af 2 THQl to|HE &

23 LLM E37} 75 sliRl o, ol ‘401 AAE Y BEES %OWAI 7le] of thst A %‘7‘4 AZ2
%3] AlgHA o]t ol A= LoRA 7]RF
& Lee, 2025), A1 & WM &2 A é
S8 Ate EET 5] 5 2ol §
SFT(Supervised Fine-Tuning)7]' A Brbol] 11 g EZS 23] A
AEEZ] kgt
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AT 21, T sl mafeloll A A2 QLoRA 7|1 SFTE A\ B} 2425 417 E2 247}
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AFARY, AT SFTE 45 29 A U8 B A7 =7E ob il 94 2ol 137
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o] 7]ol= thaat 2ok AA, 719 & 718 A2 A 242 Bde AET o|BHA| e
A= quOI&E}C’J% kAL, HHEA] opolxefel Zi4le] ks AFA o2 HESI E4, Qwen.5-7B-
Instruct(Qwen Team, 2024)2} EXAONE 3.5 7.8B(LG Al Research, 2024)5 541 © 2 Sk dlo]] 271, 2] 4],
mfo]|zejel S AAA o2 v wgho 24 AR SFT| e} 3HAE FAISH MM, Al 22 2
T EAZ 2| SHoke olF W7 Y| YA E Aletsla, posmon bias 752} bootstrap A1 2|77+ A gt
H| 2 A S At A, 458 =o] 23 Abs /o] Bt B A 1S Hol, 15 E B2 =7

AL 1_ =
|2k /g AL RS o] wAfsle B4 AT A S A C = H e,

Related Work

1. Development of Automated Item Generation Research

23} =3} 0“‘1—?5 A 2 W= 35E 412 215 ofo|dl] A d(automatic item generation, AIG)2} AF$H 0]
28] F49] 245 73 A3/ (automatic question generation, AQG)°|2h= F SE Lol A] F7lE] o] 2t AIG=
A 23 (cognitive model)d—]r item model-S 7|8FO 2 B&ko] Ala| &2 £4JS Apxlo]| EAsHHAA] T4 H
q T2 AAA oz Adske Ho g, AA| Hrlel £ 7hett 23 AAs FEE 3T (Embretson &
Meclntyre, 2011; Gierl etal., 2012; Gierl & Lai, 2013). ©] oAM= 2 39 &3} A HTte W& EFd L,
A==, S Qg o] A A7} k.

U Aol M & o]2i’t &5-2 2R s HEFI T Kim(2022)2 CAFA A|AERS $4/ 2 2 43l o] A]
A2 718 b Y g7te] 28 7hs/dE HESIAAL, Chung & Kim(2023)2 thi® duhehrbste
o]i— 2-1_9_3]-0:] 7\]-5,_ }\é 7]H]— ﬁ=]7]-_04 Al g] = EI-AH 7]._/\-1_0_ Zﬂ /\]~]. q- Lzsl-Ax]._ ‘:H o R=4 5_}3-
o] §17] 7ol M o] AkE £ 8/ =S AT HLee & Lee, 2024), =012 817] P2 Atk 371
A 23 A5 A/ W AAL(Park & Choi, 2025a) % ©] o A1 Q1 Lt

HHA AQGE Fol7l FlAE L 2| Alabel 0 = RE] A2 A doke Alo] A 212 Sdeiinh 27]
of & 72 7]8F & A SAF 9517} 54 0] 9 O Lk (Heilman & Smith, 2010), ©] % seq2seq 75 A173
Y o] EQIE|HA S vt Aw A/ 02 Ate] BAIFA] o] o] 55HATHDu et al., 2017). Kurdi et
al(2020)2] A A2 EATHL WS BF AQG AT k2 A AAA|TE o M 5| AE o] = =4, H7}ub
o] Eﬁf—ih B Al o] Ak S| A= SAZE A0kl A A siint. A= AIG7H S A EF“Ur i
23 ol A S A DT, AQGE w1 o2 AHd o] A/d 9] R dol As 7T AR Al Y
T /de ol & 7kt oL shurto 2 S-76] ARE]7| of i, S SA|2t Aol Y EH= 5
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2. Multiple-Choice Item and Distractor Generation

Y S 239 22 Ao gEdntez AR ] o=t AA 37 RolM= A&, EE

ot MA|7}sfLte] 225 o] 20, E3] o Al R esldolut 1Y SelE AR T RS

HESHHA = 44 © 2= vl A| 7H5-5l oF SHCK Taslimipoor et al., 2024). 0] 2]t o] 72 @5 A7) /32 2

B A o] B Bzl oh e}, thx| ATk 7o) 4] 519] IpA R 7HEIT) Alhazmi et al(2024)S Q5 A

A| 7378 ZAdk2 A2l et tht Aol A I ESHAR S A EIA & A ehe wAlle o s] 534 dA

2 o glon], thesh ofn] fAbELL BRE Al AegRto 2l 22 o MRS Hols)y] ofgirta &

It Benedetto et al 2025y 7]&9] 2} 7} 2| F = 4z @ ko] Q%] ofHof| o] &5}7] wjRol, AR A|

3] SHAoA e AR]7} Lol G394 0 2 SHEAFE S5 A7) =9t 72 A A Q] EAJ S =12 F] v
SHA| &ttt of2fek etAls R AlA| A= W}%‘fﬁ MY SH 7IHke) A &t Bk A uljh 357}

rL] o 6]—& /\] A]—'&Hj—

= A= o] FA|Q] 2/ AR 25| okl T Jo etal 2025 LAY A F-2 /o= @7

4 7]4k Q) A5 AL Al Eho 24, sa.% M7)7} thegt olo] @ 27t o}qar%xrsl HdA o5 7

59} 5] ojoF 3he ETh Park & Choi(2025a)y= =] %}t 917] 9o Aok 7 =
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3. LLM-based Educational Question Generation

U2 Qlojrdo] =2 o|F 88 75t A ALE AZ o 2 A 2L ZHol| S0t} Scaria et
al 2024y Q1= 155} A} w8242 thAF O 2 o]2] LLMO| Bloom 4>%0] the 3-8 A48 4= 9]
iT o

SAE AESIAL, X 7 B7HE Bol A e et ns A o' fojn)gt S Helok
H ST} Ghanem et al (2022)2 171 o]sll 7oA B 73 54171 F25lthe 2A19] A of2l, “olg A
52 2719t ol S B2 Q7S Bt o|thA| AR AYA B A|QFSHATE Poon et al(2024) S A]
PIRLS 7|22 ¢17] o]sl} }15=& 1123 few-shot LLM prornptmgol 12} 917] o]sf] & Aol ol m| gt
7F5AS 7tk B usleith o]2]st A5 LLMo| B<es] EH 20 7 Al AR e RS TtEE &
T7Fotde}, Q1A ot 917] 715t 22 W HAZ o= AL RS = = B & HE = S

= 2o{Eth

0|z, &, Jef x5 kol ohefsl “%o %%01]1«1 LLM4 7I~—HJ+ SHAIE Eér —a} T Lee & Lee(2024)
& g0l 871 W7ol s 27 A8/ 9] 782 A ESHAAL, Shin(2024)y LLM 718t SHEy AHs77
/4719] E-& 7Fs/d= EAsITE =o] THE ALollA] Park & Choi(2025a)= =011} 917] 9 Aty
7} B3 Aol A ZEIE A2k 7k x}o] S H] w531, Hong & Lee(2025) LoRA T}Q1EHS 285} 7§}

EI

JLEN e} = -
% GPT 2dl 7|8t 5 =0 £ A4/ F4S Bl st oY 22 =] A= AR, Folx, oju
£, 50| 5 oheFsh wakE ST 1l O™, prompt engineering, Human-in-the-Loop, LoRA 7|8+ 48 5
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e thrstel 3 9l Jelu Al ) Bl Tlle] £ Y, ZEEE Fibu), £ e}
Q4] A} 40 vhE e 9L, 45 B RSP LR TRk AlF BN AR AT B4 4
e AR O R TR A7 olds] mRk T A 20kE A2 BA3 By B R Befsiel 25d

A= A 5tk

4, Fine-Tuning and Evaluation with Large Language Models

/s Aol S WSg7} ErQlo]] 285 wf] AAA Q1 Aok A4t AT} djo|g] fo]tt. o]=|3t
ai2tol| A LoRASF QLoRAE A3He AH SHEolM &tz Hells E7 Tr|Qlof] H-3A1Z 4= Qe TiE
2 2 0 2 22| 3LTE Hu et al(2021)2 LoRAE &9l A ohefn| B & AfekEobA] il B84l 45
o] 7532 AAI5F L, Dettmers et al.(2023)2 4-bit BAI3}F et QLoRAZ} AloHE w2 2] S7oAx
11735 fine-tuning2 7551 @ ERIt} o]2igt 552 1EA 2P 0|8 & g &2 $HH 57| of32
w5 = Rloj| A £35] nfjE Aol

ey AR SFT7H MY A A 548 o2 olojzittal H7)= ofHok Ao sl Aok A3/
Aol M= Rdo] Al ZAU 28 FAS A BHFS 4= QIA|9h T1710] 2 A Z-23 7k 2jn] A
oju} 2 Mz Y o & oo x| =Rl e FAo|t}. wka] 1Ak £ A ol M= Al A
T UE S THEste] B7H B 7t ]t o] i gt miEtol| A A4 Azt g7t bR =gk F e sl

Z|Zoll = LLM-as-Judge”t AHs B7He 91gh |3t et o=, QIXt AE7tet 2| & 7|9k 25 71
)5l =2 /g1 A-5/32 Ala-shm thekst 7t 2Fdol 28531 QITHGu et al., 2025). Zheng et al.(2023)
2 MT-Bench®} Chatbot Arena s 55l LLM 87} 217} Q17 7keh =2 ks Holw QIZHg7kE o o
o] =29 3olslict w3tk , pairwise H| 1 HFAlo] 714 b Aolet 1l B sk} S Ajof] ] A Ho)
2l5l A= &/ (position bias)°] A& BFEITh Bavaresco et al.(2025)<> 207§ NLP H 7} ZFAof] A% ti2
A2 S0l LLM 7 1A= L5 dpAjol| A= QU7 ek 2 R = 2| Tk 1A 59, B7F A, I H7 A
O] A/, FIAE o] A/ FAf|of| weh M E/d = HRltal A 461}t o] Aih= WSH7He- 3 A8+
A At ofn| xto|et @ M x| 9] 754 A dS whsof sh= 2Aol| A, LLM-as-Judge S AR 74 T
S judge, R+ H7HS HAslof o2 AT

Research Method

1. Research Design

2 A7e 5 7ol Bl Al 227 Abs A /doll A AL supervised fine-tuning®] B2} A E T
H g A7) s A Atoloh A B/ 12 F BAIZ /35T Stage 1914 = o3 7|9l =2
HE| $5 A1) H]Z8 AiE-2 /35, Stage 2014 = A/ A2 BHE o= W sA A0 AR E
Aot & Ao A =42 AR QLoRA 7|8 SFTS] E3k7} A A/d 2t 23k 2| A7) Aol
=% L}EM—XL -2 £ Aol F9tE of Yeh =4 & A 54 o2 gRlske= ] )t} o] & 23l A
ARz H7IeHA| AL, A FAN 2 Fd= 2ot S4ske olF W7tz A E
SF Qwen2.5-7B-Instruct?t EXAONE 3.5 7.8BE H| 1l R &2 75t mho|xalQl v, &5
2,59 A9 2fo] & REd S ablation A5 2|-&-5k3AT

r—‘-‘ F-|- >
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2. Data Construction

S HlolEl= 202181 B HE 202681 H & 45 =0 Hi28} 7| & £ PDFoI|A] aHdsto] L5513l
1} oho] ZekQl-2 pdfiminers AFHESH] A2 F-AA| F2E FEotaL, 17| 7|8 2] & Fol AA ©
o, 4G AH, T 782 dlolEFsktt o] IHYol M= 8 &2 A|Qlstal vlZa} 2| &1 &5
o}, 2| F4 0 &2 2| F A1 A 2 G 752 T5T 4070 At 7|2 SFT 58 g dlojg| =
A5

N

-

T}, o] HFAL 0 2 467} A 2ol A] - 1987]9] instruction-response %82 /35t 712 Hlo|E A EQ] §3 22
L =2 7670, AFAIERI 6370, B A 5170, ANl g7ReIT) B shEo]E] 271 ol TA 22 507)
&ojolele] 9 Bml 22 1587, AFAERR] 1277], H7HHA] 1570913, 7] 9A 982 mateta] ot
A 2 Aol 198 713 300 2710 Aol gt AE 4 Z7b7} op ek ALg S N2 Higiot B
93 14 o] | Wsk 34 sk o) 240 7 siAskch

Z2] A2 HlAE PA1} JSON PAle] = 2710 & AT BIAE PA o AL dEa} 57) AR S
At o] A& Al o2 D2 ZHSHE S 5131, JSON & 4]of| A<= question, choices, answer, points 2 =5 2t
= 1238} T ARSI o] m answer B E= 5 Al null 2 A4S}, points T E ol = vl HEE 7))
Soict e o PA1E A2]A1717] 2l8H Qwen Al Dol ChatML 42, EXAONE A Eolli= EXAONE
718 chat template 2]-8-5+I T}

2 Ao vl Al sto] el A aatet SFT &8 2E 7hedt oF 2ejoto] A 4 s 4

£, Qwen-SFT-1987} Qwen-SFT-JSON®| H| W= £ 4] GIHE ZHct = A5 EXAONE A€ o
A] base, SFT-198, SFT-300, SFT.JSON 2710 & J1Adslo] s} =29 v wE #8519t} Tyt EXAONE
AlE2 T mho]zafel o AR 71 Y B 2 Qwen} EXAONES] 217 Hwlofl= mho] =kl
o] 2PH5] BAI=A| &2 g7t ZHEThH= A& A A SHAI= YAl

3. Evaluation Data and Gold Standard

g7} dlojEl= g5 Hlo| g9t A S5 2] FEE HE = AAISIIT. o] & sl F 19712] H71-8- 719
5 8} AR, Q- HE, o, 7]&9] 57) okl 24 F/dsiitt. 2obd R 15t 47, ARS] 470, Q1
et a7), ol 471, 71 370 ATt 3587 Bl = F 7]l whet o] Foi Rt ohb= 17t 719 =of 5
t|o]Efol] ARE-E A= 7|9 & 7HEAFE Q] 2hd Y| o HE 50 & Floke ARG, thE shte 5
7N d Q] frelo] T 13 F3lo] sk Hlo|gof 23t 7% ol F 2oke] FAF 7| EE 7 Hlo|Eol|A]
A Llet= ATt o] & Fall 7} tl|o]E7} 8 Hl o] Bl 2] YRS 58S S ot= S A AT

3 A/ Axte] M4 FA e vl st ] 9Jsl| AA| 45 7% Tl o] Bl E Gold Standard = /g 53T}
o] = flol| H7} 7| Bt BoF B 2T FARSH 7|E AR 19718 A AP F 45 A7 sklTh A 72 2ok

e oy Mo

fr 12 of
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Bxo| ufy, AR 45 8|2} 2] 7-0] 54 Zo] e, AalEel- 22 H A
#Y/d wlolefe} Hlul 7Hso o] e of FA S 253l Al ol theth 5 HESAH:

o] 2ot o, a8jal
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4, End-to-End Generation Pipeline
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5. Model and Fine-Tuning Configuration

E Qwen ] HE]E Qwen2.5-7B-InstructS, EXAONE A% o] E}= EXAONE 3.5 7.8B= H|o]A g
B ARESIAT BE oRIFE 2 QLoRA FHA| 0 & 3531 O ™, 4-bit NF4 FAI2}eF LoRASE AT6}3
ot & 24 350 Z [oRA rank+= 16, alphat= 32, target modules= q_proj2t v_proj, dropout 0.052 A5}
o} SHEE-2 2e4, 2 E 2= cosine, warmup ratio= 0.05, epoch = 5, Z| T A| A Z0]+= 2048, optimizer=
paged_adamw_8bit, At YU == BF16 22 SUSITE & HiX| 27]= 7 24 2T 1622 FA[5I3]
O}, Qwen< per-device batch size 22} gradient accumulation 82, EXAONE-2 per-device batch size 137} gradient
accumulation 162 A}-8-5F3] Tt

EXAONE Sh50ll= & 7HA| +8/8 o) Algto] 3t EXAONES] 55 ZETHof| A= completion-only loss
2-g-o] Qb2 0 = Z-55}A| ol full sequence cross-entropy lossE AFH8-FITE B3 gradient checkpointing
2 4bit 29 2718} o] & A 2 \EAsHe AS whetok ok YL 5h Qwen Aol E T
57| full sequence CES 28311}, Qwen THH] EXAONE A1 F-2 Hi%| 37|15 HRFO 2 F0]11 gradient
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accumulation & HI 2 58] 88 Hjx] 37]2 9k39] o1}, o]k x| LA 2107} gradient 374 E-Ato] 0]
At ol & kel 7hs A A A ShA| 2 el

B Ato] sl 22 A2 T GPU B ollA] 3853t 71412 & 2 RTX 4090 GPU 24GB 1, Intel
CPU Ultra 5 225F, RAM 32GB7 | 2+l A A8loj| A} WSL 7|4t Ubuntu 22.04 2742 AF8-51Ich o] 21t 21
A|oF2 & Aol A 7B8B TH22] 2E 90| E 2Tt QLoRA 7[R mh1Fd Aok xjEet Aa A ulgo]
ok 2 Aol B Mefe o A5 Bl E §J5h Zlo] obel, &l -8 GPU oM = 458 =o] &
T A5 4] 73T SHAIE ASE 4 e AN 2712 whgst Aol

6. Generation Settings

2E AL VLM 7|RE A 250l A 43511t LoRA o E+= 54 2.2 251 2™, max model
len-2 8192, temperature+= 0.7, max_tokens+= 1024, top_p+=0.952 A5 Tth H7H8 197} 7|9 & ZH2}of| ths]
AR 1702k 73 371 /g5t A/ THoll F4 ZEE BaotA] Zet Aeole S5 AR, ol &
of 2t A2 BH= o e, 2] F82/d A Aol ol ths 218 A= H2S 485kt 2 Aol B
k=52 BF 2 HHE S S e 7oz Bt

7. Evaluation Methods and Statistical Analysis

Y7hs A BE 2 BE2 2efeh o] F W7 el 9 22 £35IRiTh Method A= 3

2,59 719 =0l tis] 8 F 2] A2, g, 57 AR E A A AR H 2 2AAA, LB e, 5
oA, HEE], dojFA o] ohAl AkollA AB/EAE TASHES AASHITE Method B= A &4 7}
2, 23T A2 E A5k AT AR F WEAE Y, 45w Al, =2 dad, dol =4 o v &kelo]
A ABIEAE TS S AASIR ol2fgt 2] AdAl= & Fd o] A B7toll 2= = AS WAlstH
AL, SFT| aip7HF 97| 5 ol = Aol A F = =A] &elst

H A= Zheng et al(2023)2] HHES Hx3}o], &
bootstrap 7 |HF A2 L7F 327 WAl 48513l o] 2%k
A%, tit R B AR of| A A 2% “é% ﬁE§¢

LLM-as-Judge®ll+= Claude Haiku®} GPT-4o-miniE AH25}31
&5, S JSON P4 2 & ZAlsto] mh g = S HSIAT T3 position biasE 54|51 ] 2I5H A/
BAIAl X5 50% FE 2 7249 ket |, w7 ATHE e oA 7102 sl BE H ol
thall bootstrap ZHIEF] 10,0002] 5 435k 95% A1=F7H-a AFESI oM, A= FL7bo] 50%S ERSHA] &
= o] F-oJ gt &fo] 2 s A5

Method A2] 3¢ &Y 7| =0l &3 371 £30] 59U A iE2 3ot s 2 S3olgtal B7] ojfch
olof] w2} 571 X Q] TS 719 & T 2 ARt ), 54 TS A3 A4 B S o2 7|HE
2] HA HE E bootstrap U 2= ARSI WEkA] Method AS] A& 2| E 7] ©9l+= 1971 7|9 o]t
HHA Method B= 719 £ A2 170E 2173 H|wlstE 2 A4 0 2 S8/ 71y o] 5ttt T Method A

t B3l 7HH| =2 A 0 2 Ql5f Alg|L7to] thA Yky o 2 A= 7H=AJo] Q) o o= B ¢ j1o] Hh
A= s
MethodA«] 8% 5 719 Eol &3t 37 £l Y Aee SRR e S3olztal B ofFrh

2

7

I:Htl
) Ml
—_

N

FARR| 2 Wkt pa1rw1se H] W g7t
s

_|>~l
r°l'

Brain, Digital, & Learning. 2026 Viol. 16 No. 1 102



A Stage-wise Analysis of the Effects and Limitations of Small-Scale SFT in Korean CSAT-Style Question Generation

olofl whe 571 b o] TS 719 = el = et |, 4 S Alejet A Tt e 719
9] A B S bootstrap U2} 02 ARESIRAT. wHbA Method A2] A2 A3 7] Tl 1971 719 =olth
HHHA Method Bi= 719 =3 A2 170E A7 v wstn &2 i o 2 F7/d 717go] ZFstet. Tkt Method Al
M £ HHIEE oz Qls) Al=|Ftto] tha Yk o 2 2 E 7sAdo] 9lom, o] & o] WY

24 3| = sttt

= AFLNM = pairwise Bl B3-S s A 57| 9f sl 2|F w7 212 thah o] A oJsiith 7t ]|
o5 bootstrap 75H0 &2 2 A 5-82] 95% A= F7to] 50%E XS] oF2 732, Bl = ol
/\1](51gmﬁcant preference) 2 THSIATE 14|12 0 2 A 2|17 A A7} 50%S 22 742 A A, 50% Bt

3% B-¢Al = B sk

HHH A= 7ko] 50%E Z2eshs 4ol SAALR [od Aot gle Aoz Thsto] n|EdA
(inconclusive) 2= =75t olul] 7i'E 7 ol M 574 2= g 73+ bootstrap U ol A A <] =™, %]
T Wolle I XA F== 4253t

5k % LLM judge(Claude Haiku, GPT-40-mini)2] 7 A3}7} A2 Afo] e Z-L-oll= judge 7H 2UA]
(disagreement)2 7|51t} o]= 5 H| 4ol thal otLte] judgeollAl= 7-2I5t $-A17F YERE oL ofE
judgeol| A= Rt B3} = n]A% o] e 7395 Z3Rith

Table 1. Overview of experimental design

Category Method A Method B

B A&+ R+ 570 417 2] St

Bt 54 = #4387t A& &4 57t

Bt AEAAVY, e L, 58 A, HEE, olBd W8T, 5 RA, = EEA, dol=XdA]
Judge &l Claude Haiku, GPT-40-mini

HEFEA AB £&=4 50% F-2+9] Wk

A A= Bootstrap 10,0003],95% CI

A e 7] = T21(1971)

Research Result

1. Statistical Quality Metrics
A8 Axtel FHA /95 H|ulstr| il AA] Zo], A A] HAE, TTR(Type-Token Ratio), $=01 HI &, #7
HEES AESISITE AR 5 715X 29] Real)2 A ol vlal A 2] 4 Zo)7h &, ofF] ohkd

[e) _;_7.” L].E].LJ—L:]. H]—D:] /\H/\-l e 1% ;HH]-ZJ__E 1:—] 7] /\J]x]_ ]'EO]' ou:] SFT 4 Z-LQ. o]_'_ 0:1/\17(4 ;,LOIM_Q
AE A E ] oL} 03] thFAd2 A= HTE BT} £35| EXAONE-SFT Al B0l A+ base THH| TTR
| Q=] A LolH AL, ISON FAlo| A= A 7‘°l HAP7} 7P 3A) e 3 2 € EE2 SFT =2
d Aol B =2 e, F4 ZE7H A 5 S0 A g2 nA AL e BojErh

Table 2014] H50], Qwen-SFT-300-2> Qwen A€ 7126l A 2| A Hx}e} TTR ZHol| A AR 45 ‘5354011
iAo 2 71 s 4ES B At 28U EXAONE-SFT-3002} EXAONE-SFT-JSON-S ™ X3
£ O3] O st M2 Extd SiE Bl oM, o] = ST judge 7|5 7} REEA] %IXIE}XI kot
o} &, 2bs A2 FAH A AR e S EANYE & AT

rl

o

[¢]

Lm
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Table 2. Comparison of statistical quality metrics

Qwen Qwen o\ ong EXAONE EXAONE EXAONE
Metric Real Qwen-base -SFT -SFT- base -SFT -SFT -SFT
-198 300 -198 -300 -JSON
=S 85 51 44 52 51 9 56 45
EEHE%) — 10.5 2.8 8.8 105 263 1.8 21.1
AZ] ot dol(=h 284 492 404 409 59.5 56.5 69.7 60.1
A2 A w2t 8.5 169 147 115 144 214 304 45.0
Az 25wzt 12 89 46 57 8.1 10.6 90 12.1
25 Ho Aol(Zh 1,710 1,487 1,447 1,403 1,863 1,899 1,895 1,928
TTR 598 391 335 399 445 376 271 336
FH=to] H]-8(%) 90.9 959 97.0 96.1 96.6 96.6 94.9 96.5

2. Item Quiality for Qwen-SFT-198 (Method A)

E4(Method AYS 7150 2 17 Qwen ABoIAE 1QIF oj4o] Lehgch A7) 5 Bge £
A ZS A 2ol A A o] eEHskA| AbalaEe] 0.t (A T 99.1%), Qwen-base'= Qwen-SFT-198 7
703% S5 ATh 1% LRl E73.2009k ARAA(714%)014 Quen-base?] 417} koA Lt

EFSATE. ol = &R SFT7F 3 1220] P44 ol L& 7]oqstl o, Al B7F 22 S 714

Table 3. Pairwise win rates (%) for Qwen-SFT-198

Metric Real > base Real > SFT-198 base > SFT-198
A EAAA 100.0 100.0 714
eomEr 100.0 100.0 732
T5=A 100.0 100.0 714
HH 100.0 100.0 69.0
Ao &4 97.8 95.5 66.7
A 99.6 99.1 703

T judgeS Y 2710 2 -85t Bootstrap 95% CI Z3H= Table 42} ZTF Qwen-SFT-1982 P44 HH &
g = 78 E4 2o A= base ZE-S HolAA] E30Tt Claude Haiku= Qwen-base2]
Ely AEsA o, GPT4o-mini= 7 ollA n| A7 o2 AgsIt. o] = A2 SFT7F
SE T *”“011 A A2 A Rk 23 2 5 A A] BARl A B FH ok s d 7 EolE .

Table 4. Bootstrap 95% CI for Qwen-SFT-198 comparisons (item quality, dual judge). Bootstrap
N=10,000, alpha=0.05.

e Haiku 95% CI Result 4o-mini 95% CI Result
(AvsB)

Real vs base 99.60% [98.7%, 100.0%] A9 oA 5020% [440%, 564%]  0]AA
base vs SFT-198 7120% [64.9%, 77.1%] A90] o 51.90% [452%,586%]  ©]AA
Real vs SFT-198 99.10% [97.7%, 100.0%] A0l 94 47.70% [414%, 54.1%]  0]ZAA

3. Effects of Expanded Training Data and Output Format (Qwen)

4 sk glolE] 7oA Qwen Aol A= SFT ZEo] baseE AS|5h= 3l Elo] UEHGTE Qwen-
base vs Qwen-SFT-300°1| 4] base®] X} 552 38.5-40.4%%, SFT-3000] %1 Z}loj| 4 -AlstATh Qwen-
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SFT-198 vs Qwen-SFT-300-2 44.2~48.8%2 0| A7 4 °l Rom, AA 5 B2 Qwen-SFT-300S A 2+
100.0%( A 98.8%)% A=A, Tt o] Bl il W AlE 4= S7P7F of2t A2 ’ifleh /3 /92l |
SP7kA] EetstHE, 43t ool o gt e c>HfH SfjAf= QhH ok

=3 P4 HAE FASH 8-S 2T Qwen-base vs Qwen-SFT-JSONOI|A] base2] 21 SE2
32.7~36.7%%, JSON IL&lo] Z x}lof| A Q-A|5HATE Qwen-SFT-300 vs Qwen-SFT-ISON-2 53.3~56.5%% SFT-
3000] 22 2Alsht BAA 72492 gt AA| £5 F-2 Qwen-SFT-ISONS A 2} 100.0%2 433

Cls=g

Table 5. Pairwise win rates (%) for Qwen-SFT-300 and Qwen-SFT-JSON ablation

Matrix base>SFT-300 SFT-198>SFT-300 Real>SFT-300 base>SFT-JSON SFT-300>SFT-JSON Real > SFT-JSON
2| 2AA A 385 46.5 100.0 327 543 100.0
eomEn 385 442 100.0 36.7 543 100.0
oA 385 442 100.0 34.7 56.5 100.0
ik 404 488 100.0 347 56.5 100.0
Aoj=d 48.1 512 942 469 442 100.0

A Bt 40.8 47.0 98.8 37.1 533 100.0

SFT-300 2! SFT-JSON ablation Z13]°f] T3l Claude Haiku®} GPT-4o-mini T judgeS Y 7102 %83t
Bootstrap 95% CI ZZ}+= Table 62} 2T} Claude Haiku 7|52 2 Qwen-base vs Qwen-SFT-300(A5E- 40.8%, B
§-9] AT} Qwen-base vs Qwen-SFT-JSON(ASE 37.1%, B 5-2] 2-All)ollA] SFT Zello] §-2]51A] A5t A
O 2 Uepsdt o]= 2} S5 (Table 5)1 AT WFO 2 SFT-3002} SFT-ISON©] base thH] £¢ Z2l0j|
A7 A2 E BS-S SRlsttt thet 429] SFT-1980]|A] 2HHE miQlFYd o/4d b= ti=2Q1 Zutolm,
SHaF 5k o] B 271(SFT-300)2} JSON & 4](SFT-JISON)O] SFT-1982] &2 A{3}5 o= A = i A513= 7}
5732 AAFRI. GPT-4o-mini= A 4ol A 0|27 o & w75ttt

Table 6. Bootstrap 95% Cl for Qwen ablation comparisons (item quality, dual judge)

Comparison (A vs B) Haiku 95% CI Result 4o-mini 95% CI Result
base vs SFT-300 40.8% [34.6%, 46.9%] B-8-2] 24 51.9% [45.8%, 58.1%] nZ27
SFT-198 vs SFT-300 47.0% [40.5%, 54.0%] n| A% 48.4% [41.4%, 54.9%] nZ2%
Real vs SFT-300 98.8% [97.3%, 100.0%] A-8-0] 94 51.5% [45.4%, 57.7%] nZ2%4
base vs SFT-JSON 37.1% [31.0%, 43.3%] B-8-9] 24 49.4% [43.3%, 55.5%] |44
SFT-300 vs SFT-ISON  53.3% [46.7%, 59.9%] 0| 2% 48.7% [42.2%, 55.2%] u| 43
Real vs SFT-JSON 100.0% [100.0%, 100.0%] A-§20] QA 51.8% [45.7%, 58.0%] ul4%

4, Item Quality for EXAONE-SFT-198 (Method A)

AlA| 45 B3-2 EXAONE-baseS 4| 82.7%, EXAONE-SFT-198-2 217 84.8%2 U =5F3 T EXAONE-
base vs SFT-198 H| 0f| A= SFT-198 Z0] ®}GFA 0 2 QA (base HA| 41.0%)5+% 2L}, Bootstrap CI 7|5 E7
A o)/ doll= o] 22| 3Tt 457 (base 33.3%)°llA] SFT-1989] $-17}F 7H¢ SE516t3l 1, @ Emfj=] ot
HEH (2} 38.5%), A=A A7(43.6%) <] AUTH.

o] A= EXAONE-SFT-198°] base tH] ZHFz 0 2 7| A Hlsko] Ale 2 Helov) 1 gyt =83 3
A gkot FAIA 0 &2 S| A| = koSS oln|gttt. gt AlA| 5 3te] A }t EXAONE-base2} EXAONE-
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SFT19891A] fARSE 4202 2|50}, 187} o] A7 melFdRto gt AlA 45 Egate] £
AXE st F401A] ZokSlaS ol

Table 7. Pairwise win rates (%) for EXAONE-SFT-198 (item quality)

Matrix Real > base Real > SFT-198 base > SFT-198

2l 2AAS 882 88.1 43.6

oomE L 882 81.0 38.5

T =A 882 90.5 333

HiEg 882 833 385

AojE4 60.8 81.0 51.3

A Pt 82.7 84.8 410

T judgeS Y 270 2 -85t Bootstrap 95% CI A T}+= Table 82} 2T}, Claude Haiku+= Real®] EXAONE-
base®t EXAONE-SFT-198= 212+ 3-2loH7| 42]sha AE513 2 U, EXAONE-base?t EXAONE-SFT-1989]
A v w= 044 0 2 W4T GPT4o-mini= 2.5 H|woj|A] 0] A7 o|3lth EXAONE-SFT-1982 2}
U SE0NA base tH] ®ZFY SAIE ES 2L, Bootstrap Cl 7|5 2 Z+= 5 judge =5 027 0|}ltt. o]+=
Qwen-SFT-198°] base thH] Bt GA|E Kl ZATte} thH] =], EXAONE AlFoll A= A SFT @A
A= 24 EZ A5t glo] 7HA 7FsAd o] BRI S AR 28U 1 &b obg] BAIK 02 &

I O ELES L

Table 8. Bootstrap 95% Cl for EXAONE-SFT-198 comparisons (item quality, dual judge)

Comparison Haiku 95% CI Result 4o-mini 95% CI Result
(AvsB)

Real vs base 82.7% [78.0%, 87.5%] AR 9A 506%  [447%569%]  ©lE%
Real vs SFT-198 84.8% [80.0%, 89.5%] ARl $A OS% - [29%,562%] oI
base vs SFT-198 41.0% [25.6%, 56.4%] n| 2% 487%  [333%641%]  H1EA

5. Effects of Expanded Training Data and Output Format (EXAONE)

7 sk dlol ] 27(SFT-300)2) 23 4] M7 (SFT-ISON)O A= EXAONE Al E o] Qwent THE
o] A1}E E Itk EXAONE-SFT-3002 EXAONE-baseZ A 2}of| A At3lsllom, E5] X EAAA
(732%) 2 5-2A(75.6%)°l A SFE18E 2915 LFEFITE. EXAONE-SFT-ISON S A base ThH] 7HA W&
H O}, EXAONE-SFT-3002+2] H] ol A= SFT-3000] 214 Wt 58.0%= O 2-A|5H3Ich ¥HH EXAONE-
SFT-198 EXAONE-SFT-3002] H] = 4| W+t 45.9%2 1|27 4ol a3t

& ==
F2 B} o] EXAONE AlZolA] o]} 72 Sejrt 5 ol 42502 7]elstglom, 5o
22 94 ZolA L ISONECTHEIAE Y40 B § 2T 7Hs 32 AR
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Table 9. Pairwise win rates (%) for EXAONE-SFT-300 and EXAONE-SFT-JSON ablation

Matrix base>SFT-300 SFT-198>SFT-300 base>SFT-JSON SFT-300>SFT-JSON  Real>SFT-300  Real> SFT-JSON
A EAAA 268 432 40.5 625 682 822

[e= el 36.6 459 357 55.0 659 75.6

oA 244 48.6 333 575 632 80.0

HiEY 34.1 486 357 575 659 756

dojzA 36.6 432 405 575 614 75.6

A B 317 459 37.1 58.0 659 77.8

ol

Bootstrap 95% CI Aol A& o]2]3t &2 A% Utt. Claude Haiku 7|2 & EXAONE-SFT-3002}
EXAONE-SFT-JSON-> 2.5 base THH| --2] 3+ 2415 E 111, EXAONE-SFT-300-> EXAONE-SFT-JSON = -+
olslA| A5l ¥HHA GPT4o-mini= =S H| S 0|44 © & w4s}9irh o] = EXAONE A|go] =2 &
S A2 7} judge ol wEt ThEA| ZAE 4 8= HolEth

3} o] b= Ahs A E S judge 71HF H7H7F RHFEA] 22 3RS Ho|Z] 32 E ot EXAONE-
SFT-3002 TTR A|5}e} AlA] W} 2712 20k, judge 7|4 23 2] 1 7]o]| A= EXAONE-base 2 C}
T =2 2h2 BTt weba BEHA thef/dolu do] Hajeh 22 A 2| JErte = A 3 F4e
0] i ES17|+= ok

0

H
=4

Table 10. Bootstrap 95% Cl for EXAONE ablation comparisons (item quality, dual judge)

Comparison

(AvsB) Haiku 95% CI Result 4o-mini 95% CI Result
base vs SFT-300 31.7% [25.4%, 38.0%] B-7-2] A 493% [424%,561%] 0|24
SFT-198 vs SFT-300 45.9% [38.9%, 53.0%)] 2l E=bs| 51.9% [44.9%, 58.9%] el = b
base vs SFT-ISON 37.1% [31.0%, 43.8%] B0] 24 47.6% [41.0%,543%]  W]ZAH
SFT-300vs SFLJSON  58.0% [51.0%, 65.0%] A5l 2A 49.5% [425%,565%]  ©|A%
Real vs SFT-300 65.9% [59.5%, 72.3%] Aol A 52.3% [459%,58.6%] 0|27
Real vs SFT-JSON 77.8% [72.4%, 83.1%)] A50] 2A 49.8% [43.1%, 56.0%)] o244
6. Cross-Model Comparisons (Method A)
Wt 2l B2 2 Qwendt EXAONES] =& A 7F =251/t EXAONE-base= Qwen-

4 Azt
base(25.1%)2F Qwen-SFT-300(21.6%)= A xhlollA] §-2l51A 2] skitt. Uol7F EXAONE-SFT-3002
Qwen-SFT-300(5.6%)2t Qwen-base(6.3%) S T YL 0 & 4}3]sto], gh=ro] 53} AP Ek5a}t EHQl SFT
o] Agto] W& B tiH] ST F4 AXE vhEoldS SRlsich ofgt = =l 7 okete|E| 1= ARY
&k tllolE 5wt riQlo] 2P s] BAE|A| Qgto B2 ot APEhE GatE oA URtelei A=
QFHc

|

Table 11. Pairwise comparison results (%) between Qwen and EXAONE models

Matrix Qwen-base Qwen-SFT-300 Qwen-base Qwen-SFT-300
vs EXAONE-base vs EXAONE-base vs EXAONE-SFT-300 vs EXAONE-SFT-300
A 2AAS 255 204 26 23
eomEn 255 184 53 23
T =A 255 245 53 23
HiEg 235 163 79 23
SIS 255 286 10.5 186
A Pt 25.1 216 63 56
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5 judges &Y 202 483t Bootstrap 95% CI Z3H= Table 122 2t} WAt &l H] W A= Sh=;
o] E3} APAEH59] o] A2 YtEA] HoJEoh Claude Haiku 71222 EXAONE-base= Qwen-base(25.1%)
9} Qwen-SFT-300(21.6%)2 8-2]3}A| AF3]15F3 3, EXAONE-SFT-3002 o] A=t 2Hth5}o] Qwen-
base(6.3%)2F Qwen-SFT-300(5.6%)2 =5+ 5] Qwen-SFT-300 vs EXAONE-SFT-30001 A4 Qwen2] 5-&
o] 5.6%0ll E5t 22, SUGH SFT 204 = Hjo| A melo] ghato] 7|Hk S2jo] AXZ 2}o] S TS0l
= AAFSITE AR 45 ZTo] EXAONE-base g 3201 /2] 513U TH82.7%). GPT-4o-mini+= 4127l
A 50%E Z3toto] M % n|dA 0 &, & judge 7+ THEE xto|7F wal HE H| oA = FUoHA fAEHE
=helg 4= qlrt.

o

Table 12. Bootstrap 95% Cl for cross-model comparisons (litem quality, dual judge)

Comparison

(AvsB) Haiku 95% CI Result 4o-mini 95% CI Result
Qwen-base vs EXAONE-base 25.1%  [20.0%,30.2%] B 72| A 52.9% [46.7%,592%] ©|AA
Qwen-SFT-300 vs EXAONE-base 21.6%  [16.7%,26.9%] B 79| 2A 49.8% [43.7%,563%] ©|AA
Qwen-base vs EXAONE-SFT-300 63% [3.2%, 10.0%)] B -7-2] 2-A 52.6% [453%,60.0%] ©O|2AA
Qwen-SFT-300vs EXAONE-SFT-300  5.6%  [2.8%, 8.8%] B39 94 507%  [442%,572%] ©01AA

7. Passage Quality Comparison (Method B)

TS AlQlet A 2Rk B2 oAt O 2 She A X8 87 HMethod BYS 45t 7 Ak
A, oA, = B, dol =& A 4 9] 471 0] ¥, Claude Haiku®} GPT-4o-mini F judgeE &Y
2

T 2o Al B5Eoj| A SFT A5 R E4 2}o|+= Table 131} o] EA1A 02 7-9]51A] &3t Qwen Al
& 574 1] 43 EXAONE AIQ 571 B2 #2] Ui B] 2 of| A Claude Haiku 7|5 AS-E-2 27%C114 63% HE]
of| £33}l om, mE H] 1w Aof| A 95% A& FL7to] 50%S E3F5}0] §-0J5 x}o| 7} =] 2] Zth(Table
13). GPT4o-mini HA| ZE H|woj|A] A&7k 50%S Z3lste] 02302 Uelytt o] AL SFT

-

)

)
M ofo
ol

7F A A8/ EE Aol e Folet 9 mIRIA] 22 2]R|5tH, Method ACYIA] ¥ niQlFd A
(Qwen) = 4% B4 ALSEXAONEF A £0] obdl £ 2 08 4] 44 Biriloll Al et A2 5t
HESh

Table 13. Bootstrap 95% Cl for cross-model comparisons (item quality, dual judge)

Comparison (A vs B) Haiku(A) 95% CI 4o-mini(A) 95% CI
Qwen-base vs Qwen-SFT-198 58.7% [31.2%, 81.2%] 50.0% [25.0%, 75.0%]
Qwen-base vs Qwen-SFT-300 27.8% [11.1%, 50.0%] 53.7% [33.3%, 77.8%]
Qwen-base vs Qwen-SFT-JSON 53.9% [31.6%, 73.7%] 47.4% [26.3%, 68.4%]
Qwen-SFT-198 vs Qwen-SFT-300 359% [12.5%, 62.5%)] 47.9% [25.0%, 75.0%]
Qwen-SFT-300 vs Qwen-SFT-JSON 50.7% [27.8%, 72.2%)] 48.1% [27.8%, 72.2%]
EXAONE-base vs EXAONE-SFT-198 36.8% [11.8%, 58.8%] 51.0% [29.4%, 76.5%]
EXAONE-base vs EXAONE-SFT-300 45.6% [23.5%, 70.6%] 51.0% [29.4%, 76.5%)
EXAONE-base vs EXAONE-SFT-JSON 26.5% [11.8%, 52.9%] 549% [29.4%, 76.5%]
EXAONE-SFT-198 vs EXAONE-SFT-300 62.5% [38.9%, 83.3%] 48.1% [27.8%, 72.2%]
EXAONE-SFT-300 vs EXAONE-SFT-JSON 61.1% [38.9%, 83.3%)] 61.1% [38.9%, 83.3%)]
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AR 5 A 23t 2E YA 2ES H| WS AT} Table 142} 724o] A=A 443515121t Claude Haiku 7150
2 Real2 Qwen-SFT-300(97.2%), Qwen-SFT-JSON(100.0%), EXAONE-base(94.1%), EXAONE-SFT-300(89.5%),
EXAONE-SFT-JSON(88.9%)°]] t3l] 2.5 -5-2]5F 22| = X 3 thTable 14). HFH GPT-4o-mini= 2= H] 1 0f|A]
0747 0 = UET o] = Al A48 A = AR 451t A/ 2l 7HAA AL 5 A H e HojEoh

Table 14. Passage quality pairwise comparison — Real vs generated models
Comparison Haiku(A) 95% CI Result 4o-mini(A) 95% CI

(AvsB)
Real vs Qwen-SFT-300 97.2% [83.3%, 100.0%] A-G2] A 51.9% [27.8%, 72.2%)]
Real vs Qwen-SFT-JSON 1000%  [100.0%, 100.0%)] A-G2] 2A 534% [31.6%, 73.7%]
Real vs EXAONE-base 94.1% [82.4%, 100.0%] A-80] 24 42.3% [17.6%, 64.7%)]
Real vs EXAONE-SFT-300 89.5% [73.7%, 100.0%] A-82] 24 48.3% [26.3%, 68.4%]
Real vs EXAONE-SFT-JSON 88.9% [72.2%, 100.0%] A-82] 24 49.1% [27.8%, 72.2%]
Qwen-SFT-300 vs EXAONE-SFT-300  5.6% [2.8%, 8.8%] B-5-9] 24 50.7% [44.2%, 57.2%)]

w2} e B W AT} Table 152} 70] EXAONE Al 82 Qwen Al 82 A& 24 0j| A = o] Al A8]stich
Claude Haiku 7|52 2 Qwen-base®] EXAONE-base THH| ASE-2 2.9%, Qwen-SFT-3002] EXAONE-base THH]
AGES 44%E UEF O, EXAONE-SFT-3001+2] H|wof| A &= ZF2F 10.9%2} 9.7% %2 F-2JsHA] W2 3=
HATHTable 15). o]= 3o E3F APdshEo| £3 F2% oz} A& A SHoM = 29 E Aleh=
A|AFSHT}. GPT4o-mini+= 25 H] ol A] n] 27 © 2 LEpTY.

Table 15. Passage quality pairwise comparison — Cross-model
Comparison Haiku(A) 95% CI Result 4o-mini(A) 95% CI

(AvsB)

Qwen-base vs EXAONE-base 2.9% [0.0%, 0.0%)] 8-0] QA 47.1% [23.5%, 70.6%]
Qwen-SFT-300 vs EXAONE-base 44% [0.0%, 17.6%] B-8-2] 24 47.1% [23.5%, 70.6%]
Qwen-base vs EXAONE-SFT-300 10.9% [4.7%, 18.8%)] B-8-2] 24 44.9% [30.6%, 59.2%]
Qwen-SFT-300 vs EXAONE-SFT-300 9.7% [4.2%, 16.7%)] B-8-2] 24 45.5% [32.7%, 58.2%]
Discussion

1. Differences between High-Stakes Exam Item Generation and AQG
H ol lo] ATbl Ad So] u|2at 23} o] AEkA ol AQGet WA 0 2 ThE et M-S thA] B
JAIA FTH AQG A= 2] 715 AE A/dolM A8 718 A2 A o = wPds) o, 2| 2oll= LLM
7HF AR SA A oz whaA] AT T2 7]E AQG 20| F& thEo] 2 212 BEo) A
O

AL F, T HA, F2 LR w5 R0 AR 7 doIUTH: P & Aol e 2 3t 5

3 |23 RS HYSHE BA, AT A T 7, FETANL shoke BT 1A HF B3 1
23 EY O A AAS FA0) 278ths oM 712 AQGet U AleF 728 7tk olefe 2
A A AIG7E 3 2 W7 A BT AQG7H A8 2 AV el To] 3l 27 BTk 2] 4
eloh Q3T 5, B AT 459 B 0] Bt AR o] obel, e 7} Bt A1) A
Folets M| AT EA|2 thRolHol 38 AFH 0 2 Syt
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o] 2ol B A= 22 LIM 7|4 w88 B3} A4 Arebs LRETh Scaria et al (2024), Siiuberli &
Clematide(2024), Ghanem et al.(2022)2] 0#71— LLMO| w52 27 /g1t 817 olslf & Aol A& 7Fs
8= 7t S BRI o] & Ae] $412 WA 5 H7h e =o] Soff Aol et &

7] Aiks 28 7S B M e, e HIE SR Al o) AR AP 2 F A
o] Aol o= 0N = Lt AES A IR 4 §lE2 AlARRTE &, LLMo| “F&= A
8 4= =71 eh A ARG Aol AR TRt 2ok AT 4 e e AR HE FEolH,
2 A7e S GerF A A5] o wrhs Al BoE

ox r

2, The Fine-Tuning Paradox and the Challenge of Distractor Generation

2 Aol 7 523 -2 Qwen Al Foll A At SFT] $44 17} A2 A/ ARl 127 ot
Ep Zlo] opg), 2 3 2 AA| A DAl A HE4 o2 YT Holtt A& &2 (Method B)
of| A=t m| a7 o] HHEE HhH, 73 53 (Method A)°ll A= Qwen-base”F Qwen-SFT 2715 RHEA 0
E /g3ei3itt. o] Axk= H1L°JE o] Bdl Ao ddA F4 Astepr| B, e @ A/ A
oM E3] FEB A= d/ddS on|gtth
A= iﬂW#Ei CRAATH £3ke] Al dAl7E e A/do] ohdet 2 &okA|eh Hets| Ed
L Adz)o] AAlekaL Hol I}, Alhazmi et al.(2024)2 2F 342 52 WA= 17785H3 1L, Benedetto et
al2025)= A5 7 A| T7H AR AR Wetoll A Qs = ol = ot 24 F-E0] EASHA] ZRTEAL 4]
215134k, Feng et al.(2024)2} Yu et al.(2024)%. LLMO| U | A1=7} 7]¥o] & M x| o] THZ] Z21-8 7jxgt
T JATE AA| shEARe] @ F U AIE AdRolA el 7154 HA S At dle SAPE Tt B
At & Aol A Qwen-SFT7F 2 GollE = ot oA HHE2 0 & JAIE Hl A2 ol2{gt a2
S E 5 v el A AfEelet Antz s 4= ok OhA] ol AR SFTe 45 w418 O &
U E = UA T 73] 1) FoiE fEoke Pt 0 ES Al SH7MA| HYH o8 B
SkA| = Z3ch
E3t o] Ab= =W ot ol 7| B A dAtehe AAE T A¥ =Y s TE I E HEFo|u GAI-
HITL A7} 23 BFg/d 1k 4] Aol 2ln]
3 eA UL Yt et 5 2 B4
U Ho|FR. o]=3h=to] AR A[FY MCQ *o"éoﬂ*i 7P7“°1€1—r 519 "’]’Z‘“7]"T‘o/\_] N2, & At
v O 2 ojg | ET|HAM = 1P MR E AAIE A7k BAIE o A0l FoloF k& AlAlSHT:

3. Divergence between Formal Alignment and Content Quality
& A9 Qwen Zit= A B UG FE Fol 5L F/do] ot H2 sl HojEt
ufo]=Z2tQl 7HA 2t SFT o] % o w2+ w5 o AL, AR Zo|of Fx0| FAP L of = e U
i} olet HHA HEL el mel HHE 40 2 o|ojx| x| Yokt @3] AR So] o #st
2 oj|5 7Hs e P A o2 AR E WA, £ A2 EEAE 4 e Rl 1o ofskE Ao = 4
ATk & Ao] ks 53 £ Aol | EO] ==Y AR 5T w7 THEslor g
= HojE:

F
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o]t ljA]-2 A SFT SHAof| 5 2| 2T &2 ot Hu et al.(2021)2} Dettmers et al.(2023)7} A
Al&F LoRA2F QLoRAE= A3HE Aol A& Ty RS A-824 0 2 A-ZA|17|= 42 UXT A3 773
A 2 -2 5L THEAI7F o T Ren et al. (2024)2 instruction fine-tuning©] A 22 2] 412 4 ghch
7|Ho} 29 2ol 98 o & SUEE AHA7|= 2Ho| Qlokal Btk Gudibande et al.(2023)2 &
4 fine-tuning®| EHZA ALY -2 w2 A 535120 AR 52 FY7HA] BASHA]= Ptk A1 A3
t}. B A3Lo|A] Qwen A|D Q] SFT7F 453 4] Adofl= 4 HE 7|ofshHA s & 243 235]|8 oF
A A2 HER o] =3E A4 THRloA AZSt A0 &2 5 4= ok &, AE SFT7FEA 22 =
AR Al 2 AA o D st o Aghojn] M2 @ 5] oFste 4~ i},

o] A2 U AHs-TFAA Aol T3 ol & 7HITt. W A A F7HA] ZEZE H| W, 29
8 71678, -2 7t /1A ol 3 AE AR A2 QJu)7t AR & A 11 340
P4 7o e 7 U 20 AT 7Fs A= BElolA AEsof dtth= H-E HolEt) o]«
o] % Aol A & BF A, 5 24, AlA| Sy vk 7|k e & ' i &bl 0 = TiR|of §-2 AJAFSTE
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(o]

rk

olo

—

4, Effects of Expanded Training Data and Output Format

& Aol 7 845 tllol B 2712} JSON &8 A 25 Qwen AlF ] TRlFE JH-E sf4stA] &
Bt o] @3] Hlo|E7} B ok A8-glth= ofn| & s Al5E7] Eet, A oF 2EA|ojj 4] o t|o]Ef 7} of
| 22 A FE =27} E F o5 A AR 2 dte] Aife Aoje 258 £ AT 22 1L
Ak TpAlol| 4= Blo|e] 4rfo] Sguto g )8 E7] A6l s dsty] olHthe A A
o}, 55 & AA712] 198 2713 300 2712 T AlE 4= 3717 obd =t Al M9l ek 73 F/d e ’ehriA] a2
Sotng, Aiks oot o2 gt Eop 29 ek |o] B £719] fHAIE HojS= AR 2 siAsh= A
o] ejgsirt.

=Y A 1749 a3t AA| Aol AZsH & 4= ATk Ghanem et al (2022)9] B 79 54 A=

3 3 oSS B, ofg] W58 LLM A= 2381 prompting

o] 47d OP@*JOH 7104 Stohal Bttt U B Lol A JSONS w4 QF AT} & A] A Adoll= 7] oS
F Aot wate] AR FH S Bol&dle 210 45012 Gttt o= 23k g4 o] A2 Ab-
T2 AgketA, 5] 2 HAIAY n|Algt ojn] i} 33 i o] B o3tk ok HA|o A= 5] F
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N
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o,
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rir

AR 518 AEL EXAONERR SLAE 4ol SON PR SATE Bk 22 43 o
5 AR} ThA] 2o, 728k Saj2le} A alol Salaig 1 A} Hoh Bah 2w
BECESERSIEE

5. Model Dependency of Small-Scale SFT Effects

2 Aol Al QwenTF EXAONE®| TFHE /-2 Hlths A2 Tt el 9] 24|17} ofu e, At i SFT
Pt Hjo| A KHHlo] /lo] 7R 533} e 28-S 7 A& HolET Qwen Al FollA & TiRIF Ao
A 2} HHEE BFA EXAONE A€ol A= A o] &= Claude Haiku 7] %22 =H|QI SFT7} & A1 55 it
5wl R E| A] 942 EXAONE©| TRRIF 4 Qwen 2715 AF3]8H H] e B s et o] = -8 t}=to]
Hdlof] At E =H|Ql SFTE 4]-85h= ekt ko] 3} 7|8 el 9fof] F-Ugh =rQl
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6. Heterogeneity in LLM-as-Judge Evaluations

2 A & o F28 =32 judge 7+ 0|2/ o]tk Qwen A ¥ 2] %442 Claude Haikul| A LA T
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8. Limitations and Future Work

B AF9] SHAl= A3 ALete] vl Lo x| T 2RIt AA), 2 AFo] &) sk Ho|g 2712
252 G| Bt Al HEY ot /8 4 WEHA] 2sE 2 70|22 blolH o] S Al
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&]o] Qlof, AH5 7} 7|22 g olek= SHollA $HAI7} Qi AR, A A 52 B HEE Bt 2
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