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AGIEval: YA A FORERIRBITHEEME, HERRBEANLINFKEES LRI

Exams #Participants  Language  Tasks Subject # Instance  #Avg. Token

GK- geography \ Geography 199 144

GK-biology Biology 210 141

GK-history History 243 116

GK-chemistry Chemistry 207 113

Gaokao r%_ 7_'_7_.% 12M Chinese GK-physics Phys.ics 200 124

GK-En English 306 356

GK-Ch Chinese 246 935

GK-Math-QA Math 351 68

\GK-Math-Clozg¢/ Math 118 60

_ SAT-En. English 206 656

SAT LM English  SAT-Math Math 220 54

CAIPAL JECQA-KD  Law 1000 146

Lawyer Qualification Test 820K Chinese JEC-QA-CA Law 1000 1%

LSAT-AR Law-Analytics 230 154

Law School : LSAT-LR Law-Logi 510 178

. 170K English gie
Admission Test (LSAT) . LSAT-RC Law-Reading 260 581
KNFTFTIRATI M English  LogiQA-en Logic 651 144
= , 7 b g g g

Civil Service Examination 7\ Chinese  LogiQA-ch Logic 651 242
GRE 340K English

GMAT 150K English AQuA-RAT Math 254 17
AMC 300K English

AIME 3000 English MATH Math 1000 40
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Zmilia EERE
MMLU UC BerkeleyZs X 1 ST s Y18 A AR
ARC Allen Al £ gl INFEIERFNOFR AR F K (o) @
C-Eval BBk, B 2254 gl 52 AN [E] s
MT-bench UC BerkeleyZs ¥ g HF e & NGRS
HellaSwag Stanford =X FRR & PRRE iﬁffg%ét jj_F XX AREE
GSMSK OpenAl FC R [a & 8.5k/N/|\EAF 24 6] B
P E5IRMAENG: ILEKEZHEALLM N AL & $3E % (BenchMarks)
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S S FLBE
KIRBLR S VA
® AFAAIPAE K3E T AR 69 R 4m iR
KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
® A TRty I Xk 7 ik
KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)

KiEEHX N RS (RAG & Agent)

® W& IRA R (RAG) A% A ST
RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)
® iFE Y TAKRIEIERAR (RAG) P& A RIER
RAGEval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
® JRA T AL 48 )P (Agent A8 7))
T-Eval: Evaluating the Tool Utilization Capability of Large Language Models Step by Step (Chen et al., ACL 2024)

KRB E EForge AL

® PfE K iE T AR AL A Fr i Sn iR g B AR E) KA )
DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419.
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% Preliminary
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he kit PAes AaEatER. 4% FKnow-What
® #Hii(concept): “AX” | “Hhp”
® ‘SiK(entity): —ARMA. —IHIAE. —BIRT
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LA AR FaIR T
® /7324 (Know-Why): FHiE3) = K 2., {TEZFHAE
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KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
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¢ s iR #Zf#(Knowledge Understanding, KU)
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B, 259 89 BAF THFa-FEM-AEF ..
HFEE: 2015518, ERGETMNERETEHWE-ZILEH, AXERE
Al RFERTANRLGE, HOGDATLI T LELZR KB, BEFTEAT,
WAA SRR L ERREHE, BREEANLGERERTHAR X,
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KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
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Level | ID | Dataset | Metrics Exclusive Context Type Test Set  Pool | Source
1-1 | High-Freq. EM, F1 v Triple 100 20.6M I —
KM | 1-2 | Low-Freq. EM, F1 v Triple 100 20.6M
| 1-3 | ETM | EM, F1 v Triple 100 2.7k | Evolving
2-1 | COPEN-CSJ Acc. v Entity, Concept 100 3.9k
2-2 | COPEN-CPME&3£ M Ace. v Concept 100 4.7k
2-3 | COPEN-CiC Acc. v Concept 100 2.3k
KU 2-4 | FewNERBE & SL{A 2 5F1 X Sentence 300 188.2k | Known
2-5 | DocRED X Z3#hEL  F1 v Document, Entity 100 12k
2-6 | MAVEN =1+ RZEF1 3 Document 100 20.4k
2-7 | MAVEN-ERE F1 v Document(s), Event 199 1.3M
| 2-8 | ETU | F1 v Document, Entity 100 1.6k | Evolving
3-1 | HotpotQA F1 5 Document(s) 100 7.4k
3-2 | 2WikiMu '.ﬁ? 130 F1 v Document(s) 100 12.6k
KA 3-3 | MuSiQue 2 %7 e ?’é\ﬂ F1 v Document(s) 100 2.5k Known
3-4 | KQA Pro F1 v KG 100 1.2k
3-5 | KoRC F1 v Document(s), KG 100 5.2k
| 3-6 | ETA | F1 v Document(s), KG 49 1.6k | Evolving
KC | 4-1 | Encyclopedic | BLEU, Rouge v Document, Event 95 4.5k | Known
| 4-2 | ETC Ed5] —% BLEU, Rouge v Document, Event 95 100 | Evolving

KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)

»
"/

ASCl

4 Bl 2 R ¥: “ZiiA ﬁ”\

(Known Data Source)

% F20215F 77 09 25 AL 7 A
I, m%%ﬁkﬁi%

ﬂ” TR

TNBT IR AL 69 K3 -
“RKRKARE R a9 R A A

(Evolving Data Source)

BEFAERH, FE

B 90 K P & A 69 W éé’r
N5 (FRIHEF R

W) VEARIER, L
L%%%%ﬁ%%o//

13



f FEDAE % ERIRHRF 14 R )

INSTITUTE OF INFORMATION ENGINEERING,CAS ASCH

% Method E2zipts: AT HHBFGEML, RANRERA

o RENEARFH " X2 X2
v TENDUN ig. Sy " c 5
3 g (3311,,333|M|) , 5::
1
SEE: yd0 TEIRAE iy DT BRI TRANIMEA0, EEAIGHT RBRSHER)
.. — 100 % —min(2) W B A 45 R E[0, 100]8958 B, 2 — AR FH. XIEAF
Y max (z) — min (2) FIAL R R4 4. 4 £ R FIAR A R RIAE 4 1] 49 499 7T+

14

KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
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A Experiment

Model | Level 1: KM | Level 2: KU Level 3: KA | Level 4: KC
| 1-1 1-2 1-3 Rank | 2-1 2-2 23 2-4 2-5 2-6 27 2-8 Rank 31 3-2 3-3 34 3-5 3-6 Rank | 4-1 4-2 Rank |

GPT4 643 689 415 Ist(—) | 695 486 514 669 l 100.0 l 772 789 813 1st (—) 598 607 768 328 609 581 I1st(—) | 48.6 589 2nd (11)
GPT-3.5-turbo 534 600 383 2nd (12) | 442 494 502 54.0 3 502 566 255 2nd (—) 585 426 539 456 309 196 5th(]1) | 522 464 3rd (1)
InstructGPT davinci v2 (175B*) | 41.2 484 36.1 Tth(tl) | 336 482 424 418 567 623 406 313 3rd (—) 306 397 442 236 503 234 Tth(l1) | 544 568 1st (—)
Tulu (7B) 41.5 48,6 284 8th(]2) | 220 254 430 357 309 20,6 222 258 1lth(fl) 425 456 407 548 423 548 3rd (12) | 328 425 Oth (12)
Cohere-command (52.4B) 500 545 339 3rd(l1) 400 471 463 266 386 206 469 250 4th(—) 362 417 453 493 547 440 4th(ll) 171 151 25th (13)
FLAN-UL2 (20B) 53.0 426 307 6th(]1) 590 47.1 530 160 250 206 222 250 6th(—) 496 475 394 511 435 533 Ind(—) | 283 190 20th (1.3)
J2-Jumbo-Instruct (178B%) 326 337 192 I12th(—) | 273 235 312 371 320 327 513 250 Tth(—) 452 316 31.6 383 283 255 8th(—) | 437 533 4th (—)
ChatGLM (130B) 38.0 565 361 5th(12) 305 478 519 16.0 250 233 303 250 8th (—) 364 341 280 364 367 21.2 9th (11) 244 . 16th (12)
FLAN-TS (11B) 561 515 329 4th(l1) 632 478 491 187 —  — 250 Sth(—) 450 490 329 511 397 161  6th(tl) 202 28th (16)
InstructGPT curie vl (6.7B%) | 28.1 438 289 10th(l1) 294 412 418 223 254 220 258 250 Oth(—) 316 372 243 291 312 272 1lth(—) 277 6~ 12th(13)
LLaMa (65B) 242 256 195 15th(}1) 220 184 183 556 314 30.1 255 250 10th(f1) 164 354 417 254 217 176 16th(J2) 447 37.1 Sth (—)
ChatGLM2-32k (6B) 253 228 201 16th(—) 220 408 200 19.0 265 206 227 254 17th(—) 357 311 240 401 207 173 13th(l1) | 345 415 8th (—)
Alpaca (7B) 21.5 253 182 17th(]2) | 220 184 188 253 264 314 222 250 20th(—) 15.1 193 209 18.1 455 507 12th(15 | 357 41.0 Tth (13)
Llama2-chat (7B) 216 197 179 22th({3) | 252 184 245 374 325 206 272 256 14th(—) 175 168 234 144 405 517 14th(12) | 31.7 38.1 10th (|4)
ChatGLM (6B) 319 329 305 llth(—) | 23.1 455 329 16.0 250 220 228 250 13th{(—) 212 275 222 19.9 19.5 285 20th(—) 17.7 308 18th (16)
Vicuna (13B) 18.8 19.1 174 26th(—) | 220 18.7 233 298 260 354 305 250 15th(— 254 100 247 18.1 21.0 164 24th(]1) @ 350 459 6th (1)
GLM (130B) 219 251 229 14th (13) @ 22.0 184 183 496 332 9 222 —  12th(2) 235 130 184 21.7 450 351 17th(J4) | 293 19.1 19th (]3)
GPT-J (6B) 208 188 180 25th(J1) 220 184 183 222 250 310 — 250 25th(—) 388 394 268 493 175 165 10th(l1) 305 240  14th (19)
TO++ (11B) 419 384 239 9th(T1) @ 305 392 278 160 —_ —_ — 250 16th(—) 24 230 238 144 39.7 16.1 19th (—) 18.1 37 27th (1.8)
Dolly-v2 (12B) 21.1 210 189 20th(12) | 220 184 188 285 250 206 271 250 23th(—) 141 205 184 18.1 264 252 22th(—) | 295 319 11th (]2)
GPT-IT (6B) 198 189 190 24th(Tl) | 22.0 18.4 18.3 19.2 250 36.7 — 250 22th(—) 3l4 382 230 328 18.5 17.5 15th(—) | 21.2 195 21th (15)
Internlm-chat-8k (7B) 235 204 172 19th(f1) @ 220 184 183 19.0 272 206 261 25.0 27th(—) 193 208 228 144 17.1 222 23th(f1) | 261 278 15th (15)
UL2 (20B) 265 281 189 13th(—) 220 184 183 180 —  —  — 250 28th(—) 252 280 259 383 161 161 18th(—) 269 90  23th(}9)
GPT-3 davinci vl (175B) 181 179 169 27th(—) | 22.0 187 183 302 250 296 223 250 19th(—) 183 135 228 199 215 170 25th(—) | 323 226 13th (—)
GPT-NeoX (20B) 199 207 182 23th(—) 220 184 183 257 250 321 — 250 2lth(—) 140 139 171 181 227 167 28th(}1) 322 192  17th(14)
BLOOM (7B) 21.0 219 183 18th(—) 220 184 183 30.1 280 292 222 250 18th(—) 186 226 17.1 199 274 233 21th(—) 179 214 22th (15)
GPT-3 curie v1 (6.7B) 172 177 168 28th(—) | 22.0 184 183 215 250 256 239 250 26th(—) 26 152 205 18.1 19.1 16.4 26th(—) | 237 10.1 24th (11)
RedPajama-Instruct (7B) 21.8 212 164 21th(—) 220 184 183 298 250 20,6 254 25.0 24th(—) 126 100 171 144 261 232 27th(11) 3993 26th (12)
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KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
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<] Method &2zit#: ALFsirEat, &tttz s

T 77 XOHR T LLMA= A &
® [ tbEZ (Self-contrast Metric ) Ve 2% 2 18 89 R A £ F- 69 %ot

IAE SRR 18 B F 4 AT A RS IR AT S K ST, BP R4
x = avg ( o (T, Tk) ) avg() & -F 1A,

5 2k AR A R 1R K

T B A AR B z = avg (8 (T, R),0(T,Tk),0 (T, R)) a( VR T3t A SR ARl

1 FlRouge-L (F1)

CiE/ N HlJfZ R%TAIQE EIJ \YZIK; K%ECZI_TREP HI-'J%E'EH
& Given Context € — 3
‘é? .

The Battle of Evesham marked the 2 .

defeat of Simon de Montfort, Earl of “ <> ° Event KnOWIedge K “ Model Ccmpletlon L
Leicester, and the rebellious barons , . . . .

bylthefuture King Edwalrdul_ It took [ ]Event Trigger () EventArgument |ArgumentRole De Montfort's rebellion, driven by baronial grievances,crumbled

9
l Ava ' as Edward's forces strategically outmaneuvered them. This
-.. g marked a turning point: Edward's victory led to negotiations,
; granting barons more say in governance,averting further conflict.

', -‘ Agent/ \Paiienl lAgem

= = o) (Gl (Fiomm i) — \. *
=/ Reference Completion R 3
c

de Montfort had won control of royal ompletion with Foreknowle_ge Tk
government, but after the defection of several Agent / Patient \Luca‘rion l Victim
close allies and the escape from captivity of Despite the initial strength of de Montfort's cause, the
Prince Edward, he found himself on the Cde Montfort) (Evesham) (de Montfort) defection of close allies weakened their ranks. Prince
defensive. Forced to engage the royalists at Edward's escape reinvigorated the royalists, leading to an
Evesham, he faced an army twice the size of rovyalists engagement at Evesham. In a pivotal moment, de Montfort
his own. The battle soon turned into a was killed, ultimately quelling the rebellion and solidifying
massacre; de Montfort himself was killed. Edward I's rise to power.

place on 4 August 1265, near the
town of Evesham, Worcestershire.

) &
Sy
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KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
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KoLA: Carefully Benchmarking World Knowledge of Large Language Models (Yu et al., ICLR 2024)
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S s FLBE

ARBIR SV

® K T/iRedx I X1k ME 7k
KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)

KiEEHX N RS (RAG & Agent)

® W& IRAR (RAG) A%ty A ST
RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)
® iFE Y TAKRIEIERAR (RAG) P& A RIER
RAGEval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
® JRA T AL 48 )R (Agent A8 7))
T-Eval: Evaluating the Tool Utilization Capability of Large Language Models Step by Step (Chen et al., ACL 2024)

KBS E (ESBorge RV TL

® P& KiE T AR A FA S it 6g B A = A
DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419. 18



 RARELAT T . ID

INSTITUTE OF INFORMATION ENGINEERING,CAS AEE“

KIEval: A Knowledge-grounded Interactive Evaluation Framework

for Large Language Models
KIEval: —ANA T 4R 09505 X 5 X IFHAER
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-:QO:— MOtiVaﬁOIl Static Dataset-based Benchmark

r o
5 Question: Snow, rain, hail, and fog are all forms of? L 3 A
Answer: B, water.

Benchmark Choices: A. gas.  B. water. C. wind. D. clouds.

Accurac
Datasets Model Output B. water @ y

LLM based Benchmark

Instruction: Explain the concept of 'opportunity cost' in simple terms.
@ Model Qutput #1: Model Output #2:
_—

Opportunity cost is like when you ® Opportunity cost refers to the @ me— %
Predefined choose to spend your money ..

Instructions
i'..." A Response #2 is better because it clearly explains the concept ... ]
Previous Work Evaluator LLM

® LEIMFHFSEBEE+HEFER" T EANE S E I ERE A
FRGATHSOEFEZENITET &, FERE RKEA L A TQAME F it F AL 49
HMA L, X— 85 BA KiZ s RA T2 XA £ 8y % Fl & IR B,
® FHETH(a)
KAEFT 4, BPARR A il AL P AEAR B 1PN VR G MX B HIE, FHAEA PN
BRI Z

benefits you miss out ... )
Win Rate
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KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)
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BABIT S tiE, A5 —BXEIP, [XELH] AT
WAL AT ER S, HAERFG. ZHEAN
% Method BRIAE, 3| Ak IR AR R s R 4R, AR

. BEFERAEY, SN [ iF4
‘$'E}\ é‘ =] g o a ’ S2 s la
" MREE R J ] REA, FEXERAY
. B 2 G EAE, FHEE, AR
Aft A | SR e Kbh, ERIE, S
Benchmark Model O t: B. water. (9) 7}7]':’ %EIF/{X{X%%{;L@ g\fa&
Datasets g S ; 7‘73: -I;J 7,;‘%555:%— [}Eﬁao

Sampling & Validation El'i iWhat led you to choose water as the } 'l’

commonality among snow, rain, hail, and fog?

l All of these weather phenomena are formed U
ﬁ_l '] ctor from water in its various states...
following ... 7

Samples Candidate y/ N0 .
*g [\( Accuracy(4): The candidate's explanation is factually correct ... J '/Eb‘ A ‘H—_ 'HJ— .
Snymtos E Multi-turn Automatic Interaction of LLMs KIE IS E i—=1 S@ ’LU/,,
v valScore = —
Interactive .@ D & How do you reconcile the fact that fog is E n Wi
Evaluation — 3 1 made up of tiny water droplets, which ... Snow, rain, and hail are all forms of water in -01 1=1 1
n Interactor its solid state ... ® P
1
Candidate w; = exXp ( — )
Accuracy(2): Contains a factual error. Snow, rain, and hail are indeed forms of —\\ n
water, but they are not all in a solid state.
v Logic(2): Logic is flawed because it incorrectly categorizes... - - N
KiEval O/ Relevance(3): The response is relevant to the interactor's question but ... { g& 1)3 ‘%Lﬁ}] éﬁ X:j— 7% V\] Do
Score (o) Coherence(2): The candidate's response is coherent in structure but ... S — g N
C} Conciseness{4): The candidate’s response is concise in addressing ... N ELL EF n 5 ’ /L‘ l_ H: 4* %_ J
- Overall Comment: The candidate attempted to reconcile ... 32 /T 2% 1F 5}
kEvaluatnr Overall Score: 2 Stop Conversation: True = 75*17“;};{ ZES -j— é‘ °

KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)



F¥ 841512 (SR TREMRA ’éR)

INSTITUTE OF INFORMATION ENGINEERING,CAS AEE“

X Experiment ® GPT-3.5 A LLaMA2 13B Mistral 7B * MPT 7B

LLaMA2 70B & LLaMA2 7B * Yi 6B SFT Cheater
95 @ @

DGR EEIR RS T HEE Y A E g 2 E " )
EHASEE L, RREBAGE,ERTRIARY 2 °

B, ¥ B B F KIEvalty S ST =+ i, ©

MAEFIRIE F . ZHIEIE S5 @69 ZIEAR R E XK.

80

75 &
r 70

KIEval Scores on ARC-C
*
KIEval Scores on MMLU
[o2]
w

- 80 /

60
50 60 70 80 35 40 45 50 55 60
ARC-C Accuracy (5-shot) MMLU Accuracy (5-shot)

9U
® =]

KIEval Scores on HellaSwag
KIEval Scores on C-Eval
4
*

489 40 50 60 70 80 303p 40 50 60 70
HellaSwag Accuracy (5-shot) C-Eval Accuracy (5-shot)
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KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)
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/A Experiment

QHEFTEARRS TREMNFFEZRNICIZ, MERIEEREMREENZEHNOEN
VEHEAMET BT (4 | A, BN AEE 69— MR RN E] [ 15 | AL EPES K
I, XD TR AR MK R AGRAR ) 2ARAEN M AGNXE ERAF T RE e 0%, 12 £KIEvalé) ) S A&
bR, FAAAE [HE] NP F2EqRAt,
BA: TREIRAEKIEVAS R ERSITRREERAARENGSHEXE, BNKERBENFALE (FFE)

Table 3: Comparison on different data contamination scenarios on ARC-Challenge (Clark et al., 2018) dataset.
‘SFT-Cheater’ and ‘PT-Cheater’ denote leaking test-set labels during supervised fine-tuning phase and pre-training
phase. We report 5-shot accuracy on ARC-Challenge dataset and KIEval scores. We detect data contamination with
differences in average language modelling loss (Wei et al., 2023) and Min-K% Prob (Shi et al., 2023).

ARC-C Avg. LM Loss Min-K % KIEval
Acc.(5-shot) | L4y gin Ltest A AUC Acc. Log. Rel. Coh. Con. Overall
Normal (LLaMA 2 7B + SFT) 52.8 3.12 3.10 -0.02 0.53 61.7 62.1 844 69.2 706 66.3
SFT-Cheater 69.8 4.05 395 -0.09 0.54 52.8 523 728 60.2 5777 56.1
PT-Cheater 76.8 3.88 202 -1.86 0.89 50.8 499 656 545 490 512
LLaMA 2 7B Chat 57.8 3.05 301 -0.04 0.55 753 759 90.1 802 740 779

KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)
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AN °
/\ Experlment Table 13: KIEval scores using Claude 3 Opus
(claude—-3-opus-20240229) and GPT-4 Turbo

QARIRE AR S el X F I EE R MA K gt tarbo-mreyien-T1L0R asevdlusbons on
ARC-Chall dataset.
K A A Z]&% ] Bk ﬁ:;ﬁ‘,&,ﬂ%h P (,ﬁ, JeGPT % 5117}%%,] T allenge dataset

ﬁ% { 'ﬂ:ﬁ \_%J JJ:_ E] % é{a iﬁ Hj ) . Model Evaluator Accuracy Logic Relevance Coherence Conciseness Overall
‘ — GPT-4 946 947 985 96.1 97.3 95.5
%t — 44 R 6 A A A ARl 9 [ LB ], BT ol R
. . . LLaMA-270B . 4e3 983 987 982 96.9 84.6 9.4
R BRI T Hr ’H'i«fféfz: . ‘ﬁr"’ﬂ'#ﬂ [B) 69 2 By H , & flakbhocm (GPTA 06 L6 904 779 7.7 744
Claude-3 909 918 980 95.0 85.2 91.0
ERATRE G [ 44 | ST &R A 6 i b 34T E 23740,
Bp =] 43 i’] N B A A A 3t B] — #R X AR A 69 1R 4E 45 R Table 14: Pearson (r), Spearman (p), Kendall-
. ) - Tau (7) correlation efficients of KIEval scores
/’%Eﬁ Rg EAF A B ﬁ#{ﬁ’@'&;ﬁ*éﬁ’ evaluated by claude-3-opus-20240229 and
4.%2 ﬁwﬂé >k, T 1%%#@1 s th 9 4 B AT B2 7% gpt-4-turbo-preview-1106.
) J]:—7]‘E] 5‘( i . 2d kﬁ% 7l Y ’ﬂ% ILJ WS % %5 "h = ’ﬁ& Metric Corr. Coeff. P-Value
Pearson r 0.822 2.87e-05
Spearman p 0.898 4.17e-07
Kendall 7 0.761 1.10e-05
24

KIEval: A Knowledge-grounded Interactive Evaluation Framework for Large Language Models (Yu et al., ACL 2024)
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KRB N RS (RAG & Agent)

® i RMIRA R (RAG) Z48) A 3)FME
RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)
® HEYm TAKRIEERAER (RAG) THEHIEAERIER
RAGEval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
® X AEA T BAE A 48 A 1F M (Agent §8 77 )
T-Eval: Evaluating the Tool Utilization Capability of Large Language Models Step by Step (Chen et al., ACL 2024)

KRB E EForge AL

® PfE K iE T AR AL TR Fri Sn iR g B AR E) KA )
DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419. 25



=8 FEALI ERIRARM 5D

INSTITUTE OF INFORMATION ENGINEERING,CAS ASCH

RAGASs: Automated Evaluation of Retrieval Augmented Generation
RAGAs: ¥ % 38 3% £ & R 409 B 3) 1745 T A

https://qgithub.com/explodinggradients/ragas
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X Preliminary: RAG (2) Augment

(" Prompt N
(" N\

: (1) Retrieve

: el —{ Query j

! Vector database

' -9 < : :
[(auery ) — sy ke et

' e

b o—0
Hesponse g ;
]
)
.
]
L ' !
"
L]
"
]
L
'
1

S5 EmELEEETNMMETXHEENEDESEF., XAFNITHRUMEER, FROXELEEETR
BT AET K DNEERN R

[ 1838 (Augment) | F A& EMGREIRI 0L T XHIRR R R RIER T
[ £ B (Generate) | /5, HFRIBRIETHITHES LLM,

RAGT VA ALLMARAESN S 4120k, 12 TG 4 ROEH BAF A LT AL, BRI VAR 2790, 27
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@ Motivation
0 THITRHABEEMBEBERA, FEARZRANITE T &, TNTL2ERRAGE A
® (MR HAYHNRERA SFEEE (Ground Truth)

¥ Contribution
® YT —MM4IHRAGAR LW AFINIFEIER, RNERANTTOHMES LAITIFE,

P& #oR e &1L 4249 Question + Answer + Context BP 7] 4%

RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)

ASLCl
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Context Relevancy ( J:’FI?FE] éé'}i)
<4 Method BT FRTR @4 T EEATE 8
& ATRAE? (2) Augment
(" Prompt 1
(1) Retrieve L
Vector database _)( Query J
[ overy) 5 T T
Answer_Relevancy (E£A8XH)

cck"%» fij—Tl’j‘ﬁ.%‘i‘ﬁﬁF/}t « 5] Bﬁ» r)

Faithfulness (&% &)
“EE” REFETUM LT FiEH k2
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RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)
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% Method BRAELLMIE “A” RMEA—/ 2R Z 4 statement
. |
& A R4E? F1ELLM$) b5/~ statement 2 % @ context X ¥
Faithfulness (& 5% E ) Fo— V] ——UMishastatement sy
ccf"%” RTTU /‘A “J;TX” t:':,%}&]ﬁﬁ‘tlj%f) | | —Statementllé\éi
N « A-/" 2 \
iIELLMARIE “AK” A
Answer Relevancy (&£ 48X M) _1 Z sim(q, ¢;) ZATHE PR
cck"%” KTTV/\E_;}%}%%‘O—% « ‘;] g7 » 9 n ) 1 ‘;é‘j‘“]&] £ ﬁﬂ-@:/]\qlﬁ;\]\
=1 6] = 1) 8 A SR AR
Context Relevancy ( LT X A8 M) CR — number of extracted sentences
‘LT FRERCETAEFMERL? total number of sentences in ¢(q)
AR THILLME 5 gpt-3.5-turbo-16k AELLMMSL T 7 AUk A1
S 5] 2] ,’ﬁ%ﬂﬁéﬁ &) 1 30

RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)
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® WikiEval¥IEFE M E T &
B ARRFSON G EGA T H, HET
m%%%ﬁT%%ﬁ&ﬁﬂ %ﬁ%ﬁ

® 7EWikiEvalkEE EstiT5Rme, £F %59, Ak
F B F A F R, RAGAsT A B5ALIFRG TS

R E o

GPT Score: ibChatGPTt A/~ = & it £
GPT Ranking: iEChatGPTXf&ANE & 3t

RAGAs: Automated Evaluation of Retrieval Augmented Generation (Es et al., EACL 2024)

ASLCl

A2022F AR R AT, EAFZET @I, &K

Faith. Ans. Rel. Cont. Rel.

RAGASs 0.95 0.78 0.70
GPT Score 0.72 0.52 0.63
GPT Ranking 0.54 0.40 D52

Table 1: Agreement with human annotators in pairwise
comparisons of faithfulness, answer relevance and con-
text relevance, using the WikEval dataset (accuracy).
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3% RAGAsT EREM IR do R R IAA Ground Truth

e Faithfulness

Context Precision@K Zf:l (Precision@k x vy,)
 Answer relevancy ORLEREL TIECIRIon ~ Total number of relevant items in the top K results
e (Context recall o true positives@k

. Precision@k = 7 TrR TR
* Context precision (true positives@k + false positives@k)
* Context utilization Where K is the total number of chunks in contexts and v; € {0, 1} is the relevance
 Context entity recall indicator at rank k&

* Noise Sensitivity

* Summarization Score |GT claims that can be attributed to context|
context recall =

|Number of claims in GT|

R R ZRARIECE LRV Ground TruthW 3+ 3, XA« LT X8 Ground Truth
R A — AN AERE, ik« LT X’ H Ground Truth?

32

https://github.com/explodinggradients/ragas
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KRBIFE KM ARV E (RAG & Agent)

® iFE Yw TAKRIGIERAR (RAG) H&IE A RIER
RAGEval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
® JRA T AL 48 )R (Agent A8 7))
T-Eval: Evaluating the Tool Utilization Capability of Large Language Models Step by Step (Chen et al., ACL 2024)

KRB E EForge AL

® T4k XGE T AR AR A i 4 it 6 P AL E A )
DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419. 33
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RAGEval: Scenario Specific RAG Evaluation Dataset Generation Framework

MR A= T RAG WA IE R & AR R

2t ERIBEF
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Org: []
& Motivat DR > & B
©- Motivation %’E ® b [
= | Events: {}
S Scenario Seed Document Schema o
® A 89RAG benchmark £ & & -
o < o - Banana Tec. is a publicly- : . k
'—‘ﬁgll‘;ﬁ j:é&‘ ’ TFJ é&k Z—/é:‘ ﬁ-_ ﬁ-l‘;ﬁ ié‘x traded company {?: Beij;g P | Org: Eaﬁ.ana Tec.
that was established on ' — | Place: BEI'}I'.I".IQ‘ |
- - . 6/4/2024, and is primarily = - ' Date: 20240604 |
('fi‘?{i»\ ak, & I3 ﬁif}%ﬁ‘? éx‘ﬁf ) engaged n mfmﬁﬁﬁm — ' Events: {E1, E2.....} |
e Basean . D'DC‘ é config1 ! !

ii'l /fé RAG é"ﬁ ékg( ;}}% % : . Culture Innovators Ltd., : Drg :' - Cu&um Innova tors .

established on March 1, 2010, 1s a

- o % publicly listed company based in f— I ' P ;E;fv York
/* c N = = ¥ New York, United States, o 1 = 'ﬁ}  Flace:
® /{i :%‘ ﬁ‘ ?-Dj ié&‘ IN EX =] })ﬁ‘ =4 Zt“j =4 #‘% specializing in providing creative = - - - Date: 20100301
solutions and immersive Config2 ' Events: {E1, E2......}

/f& é«']?é“g‘; _&F{(;}}%)&j’l‘\ r’é_j , X&}’}}z k . . experiences ..... .. . Doc2
*Zzﬁn E E ;E“ E*’@ ”ﬁﬁ "question”: "When was Green Fields Agriculture Ltd. established?"

"golden_answers": ["April 1, 2005"]

"question”: "Which company did Green Fields Agriculture Ltd. acquire in June 20217",
"golden_answers": ["FreshPro"]

RAGEval (schema-configuration-document-QAR-keypoint)
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RAGEVval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
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<7l Method
A A 1 4E

@ 1% 4= XA DR ECE M,

Q

Scenario Guidance* Configl Config2

=

. Org: Banana Tec.
==, | Place: Beijing !
pr— - . Date: 20240604
it S— ; '
Events: {E71, E2......}
- LM Config1 :
Scenario Seed Documents o :
| 4 + Org: Pie Tec. 4
f ] — ' Place: New York : l
. Org: L] = ' Date: 19850908 |
@—»9 - Place: i sz | Events: {E1, E2.....} i 0
| Date: ' i
Q E\?efats: ,{J}T @ —
LLM Schema | Schema —®¢ ¢ ¢ LA LLM

\ J

|
2

Doc1 Doc2

a_

Ans1

= -

&

Config @ Question Doc Ans
L]
BN LLM . | Ans2
= —ba—b (I} —_— LM
: o1 @
Doc Ans LLM Ref
Ans3

~® ©® ®

Keypoints of Ans1

~—© © ©

Keypoints of Ans2

—~©® ©

Keypoints of Ans3

RAGEVval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.

® BRAE - DARKE TR T LAARELZE—A [ X%(schema) ] ,
H b3 T A R4 TAUREY £1R

@ #EZ [ KR ] £ AR | & &(config) | ;

@ #—F A ML [ &E ] RERTRE [ L4 (doc) ] ;

] %-5%-§%(QM)3iﬁ>
a) #Y Flconfig + \

b)

d)

K points

ASC

LLM— =] #Q
Foinds S %A
£ R =] AR Q+47
WEEEA, K
doc ¥ F I A
# AR
PRIEE K AFo
HH ARRAT
F: REAXH
W ArA, AHAR
i 7 ) FR
BT 2
EAYF £ nikey

/
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<] Method: & Zif4%

& FAF
® Recall: &4 & 4 X trefA£ % 23K B T ground truth ¥ &9ref

l T
Recall = - ; I[(M(G:i,R)).

® Effective Information Rate (EIR): #& % 25 R &9ref ¥ 5 ground truth ¥ #ref &
TFRA L (FH)
il | Gi N Ry |

EIR = .
Zj:l |R_»,- ‘
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RAGEVval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
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% Method: Metrics (/& A 1F4&)

Z AR AGAT
® Completeness: £ mEIER 5 ground truth ¥ key points & & &9 bt 7]

Comp(A, K) = Z 1[A covers k;]

|K\

® Hallucination: A 895 % F Skey points#8 ¥ J& 49 EL17]

Hallu(A, K) = 2 Z 1[A contradicts ;]

\ K

® Irrelevancy: TARXMEIFEA AR B A AT F X4 n o], Xk x4k
RAAMERMERE S, LEXASZIAFA,
Irr(A, K) =1 — Comp(A, K) — Hallu(A, K)
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RAGEVval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
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R 389 Recall EIRMF S (B EFHF) ¥ 2 F BB IF 9 completenessA=hallucinationfF 4 (&£ mAF5F)

Table 3: Overall Model Performance Results. (Without irrelevant result)

Model Completeness () Hallucination () Irrelevance (]) Rouge-L (1)
CN EN CN EN CN EN CN EN
MiniCPM-2B-sft 04114 05484 04080 02115 0.1803 0.2401 0.2773 0.2505
Baichuan-2-7B-chat  0.4009 0.5498 04181 0.2212 0.1809 0.2290 0.3262 0.3039
Qwenl.5-7B-chat 0.3983 0.5704 04058 0.1953  0.1957 0.2340 0.2040 0.1862
Qwen2-7B-Instruct  0.4564 0.6052 0.3829 0.1955 0.1596 0.1988 0.2035 0.2182
Llama3-8B-Instruct  0.4427  0.6524 0.3888 0.1582 0.1679 0.1894 0.1982 0.2406
Qwenl.5-14B-chat  0.4926 0.6053 0.3440 0.1795 0.1630 0.2152 0.2611 0.2330
GPT3.5-Turbo 04774 0.6540 03601 0.1901 0.1626 0.1556 0.2309 0.2563
GPT-40 0.5187 0.6845 0.2797 0.1636  0.1972 0.1520 0.1527 0.2190
Table 4: Retrieval Model Performance Results.
Retrieve Generation
Model Recall (1) EIR (1) Completeness (1) Hallucination (|) Irrelevance (})
CN EN CN EN CN EN CN EN CN EN
BM25 0.7662 0.6717 0.0470 0.1162 0.6316 0.6649 0.2441 0.1264 0.1242 0.2087
GTE-Large 05760 0.7542 0.0362 0.1372 0.5337 0.6921 0.2851 0.1042 0.1813 0.2037
BGE-Large 0.6881 0.7321 0.0465 0.1362 0.5780 0.7077 02794 0.1129 0.1426 0.1795
BGE-M3 0.8387 0.6928 0.0541 0.1243 0.6980 0.6556 0.2004 0.1254 0.1010 0.2190

RAGEVval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
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Table 5: TopK & Chunk-TopK Performance Results.

Retrieve Generation
Settings Recall (1) EIR (1) Completeness (1) Hallucination (/) Irrelevance (])
CN EN CN EN CN EN CN EN CN EN
TopK
2 0.4667 0.5685 0.0764 0.2491 0.5004 0.5682 0.3226 0.1693  0.1770 0.2625
4 0.6362 0.6976 0.0553 0.1591 0.5517 0.6503 0.3127 0.1303 0.1352 0.2194
6 0.7259 0.7542 0.0408 0.1182 0.5835 0.7087 0.2974 0.1227 0.1191 0.1686
Chunk-TopK
128-8 0.5031 0.5472 0.0884 0.2222 0.4549 0.6683 0.2861 0.1168 0.2591 0.2148
256-4 0.4393 0.6161 0.0824 0.2628 0.4855 0.6509 0.3196 0.1241 0.1944 0.2250
512-2 0.4667 0.5685 0.0764 0.2491 0.4932 0.5609 0.3195 0.1635 0.1873 0.2756

@D TopKAyFiasE X LA A& AW topKAR K, recall#é kK, FHEIR®ZIK, BEGTEME, £70F 1

AREARR Z (LFXHALSESH)

@ retrievalfegenerationd) £ A HF R — 2 —H EA K, & Ztrade-off, HRIETFEFxAft F2FE 409

A Fo AR SR E .

RAGEVval: Scenario Specific RAG Evaluation Dataset Generation Framework, ArXiv, abs/2408.01262.
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KRBIFE KM ARV E (RAG & Agent)

® K AEA T BLAE A g /)97 (Agent 6877 )
T-Eval: Evaluating the Tool Utilization Capability of Large Language Models Step by Step (Chen et al., ACL 2024)

KBS E (ESBorge RV TL

® P& KiE T AR A FA S it 6g B A = A
DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419. 41
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T-Eval: Evaluating the Tool Utilization Capability of

Large Language Models Step by Step
T-Eval: 2 F itf& KiE 5 2B T L& Rl At 5 (Agent 6277 )

a) Plan: |
@pen B 4 0ih
question tool list plan
The plan to solve {Question} is:
First, call {Tool Name} to get ... ;

Second, call {Teol Name} to get ... ;

Finally, return ... as the answer.

(c) Retrieve: ui¢ +._,

tool list Ti’mughf useful teol
My goal is {Current Thought} at this step,
From the {Tool List}, the useful tool is
{Tool Name}.

(e) Instruct: EJJ + { \/x_} 5

document parameter command

The tool's Document is {Document File};
I want to call it with {Parameter List}.
To call the tool successfully, the right
command is {Call Command}.

@ Human Query: {Query Description}
I"-'I _

Before Tool Calls:

plan

Multi-Round Tool Calls: | Each Round

(Before calling:

Reason
Retrieve
Understand

At calling:

Follow

instruction

After calling:

[ Review
S

J
J
)

&

After Tool Calls:

l

)

(b) Reason:}__. + _,..

question call history thought
User's question is {Question}.
I have known {Previous Rounds' Return},
My thought and goal at current step is
{Current Thought}.

(d) Understand:

My goal is {Current Thought} at this step.
I want to use {Tool Name and Document}.
The proper parameters to call the tool is
{Parameter List}.

(f) Review:’_'_@ N (Q@

thought tool response  critic
I want to know {thought} at this step.
The tool returns {tool response}.
The return [succeeds / fails] to provide
enough information.
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%{ Preliminary: LLM Agent 5 T i A
FLLMAE A« Kf(Manager)”, RFBREBZHFTEZFHAE TR, EIA—Agent
1D ., image Capone () —s{Knowide Rotiovl @) —»{Sotsion Gorratr G)—»{Arsver Gonaraio )|

[194, 21]): Earthzy paper Analyze the advertisement to determine which persuasive appeal is used. The
[244, 70]: plates now ad mentions that Earthzy paper plates carry the Sierra Club seal of approval.
[172, 112]: carry the Sierra This implies that the product is environmentally friendly and has been endorsed
[231, 159]: Club seal of by a reputable organization. This appeal is primarily based on the credibility
[275 198] approval and authority of the Sierra Club, which is an example of ethos (character).

What is the direction of this push?
(A) away from the baseball bat
\(B) toward the baseball bat

s (A) pathos (emotion) ;

Which is the main persuasive
_appeal used in this ad?

\ A\l a {g elé;: Ef:ﬁ%er) —u Text Detector o —b‘ Knowledge Retrieval @HSoluhon Generator @}—D[Amw Genaralor@]
.

- The question is about identifying the main persuasive appeal used in an advertisement. | ethos (character)
- There are three main types of persuasive appeals: ethos, pathos, and logos.

- Ethos is an appeal to the speaker’s or writer's credibility, character, or authority.

- Pathos is an appeal to the audience's emotions, feelings, or sympathies.

- Logos is an appeal to logic, reason, or rationality, using facts, statistics, or arguments.

Which animal's skin is adapted
for survival in cold places? e e e e e s s e e
(A) Eurasian lynx

|(B) Thony Devil I ® Image Captioner '~ -O[QJBFY Gemrator@HBmg Searchb]-h[Soltnnon Geraralor@HAmw Generalor@)}

___________________________________________________________________________

VAR P a9 R #2247, % Chameleon 30K 348 X 898y A 20T, B RAR [ LF4EN | T B4 H
NER T AEE, #HFRA [ 2R % | TAEF 54 N\&TA Ethos, Pathos and Logos A8 K B iR,
RIGAR | ZEME ] TEARBEETR, REERN [SFEKR] TAEAERASL
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¥ Preliminary: LLM Multi-Agent t4f

Joining for coffee at a cafe

Taking a walk
in the park

Finishing a :
morning routine &

[John] : Hey, have you heard
anything new about the

LN e | i ANAY w | upcoming mayoral election?
| 5 = = gl Shiabmad | Biel [Tom] : No, not really. Do you
X ™= know who is running?
7 | = & = y .
S S A e " " e
& v v
—- & * - \

|..u...a:°°‘|§... ..l""6 pem—"V X J - SAPS PP

HriBfBALUNER: 251 AL SRR A AR B U5

A K3 VAR B AL BT A AE 5

o RARATHTE — AR TE L8RS, 28 Ly
B B ek HAEVAE I, Ad AR SE B AE

ASC

AER R Rz &M R

PsySafe: A Comprehensive Framework for Psychological-based Attack,
Defense, and Evaluation of Multi-agent System Safety

Zaibin Zhang'->*, Yongting Zhang'>*, Lijun Li!, Hongzhi Gao'?,
Lijun Wang?, Huchuan Lu?, Feng Zhao’, Yu Qiao', Jing Shao'f
! Shanghai Artificial Intelligence Laboratory
2 Dalian University of Technology
3 University of Science and Technology of China
{zhangzaibin, zhangyongting, shaojing}@pjlab.org.cn

ACL 2024 Outstanding paper

RS, EREAE. kX
,{3}_ W&

BEAN LA R KR 0 MERR X,
¥ — 8957 Ao AR AT WE SR HE
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© Motivation
AR RET FAFAREERAEESRESHO T L RARNRIL, I EZ TR
Em&%%%Tﬁﬂ&mlh%ﬁ%ﬁ%o

Q Contribution /. N\

AX] (plan) : FRA P EASMRAZANTEA, F 730X,
AT Z AT AR AR ﬁi Ere?sf)m) ﬁi:\i:ﬁ;@ fézjuﬁ% J;f e B4,
) 4ty 5= X A 1% 3 7] & (retrieve % ! HFAE
BE T A, #LFRHRRE #Z % (understand) : JEFIEHE T AL Fl 69 5% LA P& S K
0 T EAL R A S AT L Fa 43 (instruct) : £ R45 A& X609 T BB R F K,
A2, @ik \'%3'1\5: (review) : TFAEEH/NTEFRPATEILER, FAREEH L B 4R, /

axl. #2, bk, 2 —

. BEeRMAFE,

45
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3 % (SBEHIEL: T (AL —ANLLM sk A 32 A o 77 2 B 9672,
@A 5% ERTRMRHR we NOTARA AR RARNIE, ) 4
:iTITUTEtf;NFORMAT[ON ENGlNEEERmG,CAs A PR IRAELZ DB A A RE G, a3t XH. T P\'/&EQ
%ﬁﬁ%:FﬁM%J&iT**QWMHA,Fﬁﬁﬁjﬁﬁiﬁ

% Method: ﬁ]'ﬁ'z {"1% M dy TR G AASH, FRAT ARG R [FF R | R

\ MR TR0, FARIEIN 3R B FI AL 5 R G ko )

S T e -\\ ________ % P et ~
\ \ Multi- Agent \
Tool | Refined Query Framework —_— )
Database | _ | : Planner ‘

| ﬁ'& Refine
| Refine ' [ EEB | with Human (
with GPT-4 | | - - .
| VAN Refined Annotation |
(o Tool Sequence Final
| , I O = q \
I | / n—@_b i& Tool Argments Output |
\ I} \ Executor  Reviewer Tl Recporiae )
\ Golden Solution Annotat
\ / s ~ en ooluTion AnnoTartion //

— — ,—-..,/

T-Eval HFEEWHEZ T B IANANE: TEILE., 5L BRMAEFLERE, LKA T:

@D ARIET Al B E PEISHERTE, RETHR. R-IT. BR. Wm\iéﬁiﬂ EZ
AdRo Ib, THBANTEA R T F@MGAPISUA, YAy B T EMAERNL S WA T LA
% W E B,

@ #1 A GPT-3.5 £\ T #4sFIA, 813 GPT4 #t—F 2 & FA.

@ FRT—ASHUMIELR, ARAREGTABERE, RAWKERETERERIL AL, &
B, ERAAXE R RIE @ﬁ%ﬁio
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<] Method: & A4 iF4E
%0 (plan) : BESENBHSATEE, HEFHH

; - pred - gt

prred [a?fmd,agmd, ey ai?;f,gd for pairs (a; = (tool;,args;),a; = (toolj,args;)) p=1/nPr* and r = I/n%,
2pr
P9t = [a‘({t, agt, e a‘zzt] Sij = Po(tool;, tool;) + (1 — B)o(args;, args;) plan score = 5 i .

IR (reason) : X ENMRSHZHRIEANFHM, T—HiTa0IB%

g —NITRAPET, Eifjghe @i rE0mE i, 2RLLMAR &Y, HHE5 t90) 84 AR AR B
13 (retrieve) : MBEMNTRIFZFEFEENTER

w —ANTRFNET, Eiljghflk 5 EHAME t; , 2RLLMARS 2E R T L ool 5 tool?s, HE1Z15, % N05
I2f# (understand) : FHRIEMRTHAFERANSEXEANRESE (ERNE)

Bw —NTRI|ET, Eiljghefk 5 EHME t; , BEELLMARTELRER G 5 RKargs!S HH 5 args! | th4 izl E
&S EREE (instruct) : £NIEERANITRIFABR (EER)

i R E A AE X (tool, args) 89450.59; RIR0.5) A EAG AT 698 ok, &6 KA
HE (review) : WEENTRIBARARITHNER, HREZE WE%EEHEW

R TENIMA Ui F R TEMAN 0, LLMAX a7 K mIA/ERIFMX..., 2Kk EHTF1S, HN05
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<] Method: & A +R4E

A (plan) : KRR RBRBAZNTEIZ, FETHL

Preds Golds Preds

3
A
\
\
"\
\ \
\ [ e
h
\
\
|

fllopcroft—Karp-ﬁl & e

Vxmprurkeex @
., W

Si 5 = Ba(tooli, tool;) +
= — S E, §=0.70 & &,

(1—-B)o(argsi, args;)

Golds Preds

)*ﬁ&ﬁw%ﬁﬂ(m)e@

O wammiran @@,
o o

HEABEAE, p=1[0/n"andr = [/n9t

plan score =

T-Eval: Evaluating the Tool Utilization Capability of Large Language Models Step by Step (Chen et al., ACL 2024)

ASC

Golds

2pr
p+r
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S s FLBE

RNIRBUF E (E S5 orke TR VLS
® iPAE KiE T AR AL FEA Sl Se iR 6Y P AL ) KB )
DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419. 49
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DEBATEQA: Evaluating Question Answering on Debatable Knowledge
P AE RAR AL AL 3 A F e iR 89 [P] A1 1= - i

Field

Content

Question

Does birth order influence personality traits?

Partial Answer 1

POV Birth order does not have a meaningful and lasting effect on broad Big Five personality traits.

Explan The influence of birth order on personality traits has been a topic of interest for over a century. However, based on
extensive research combining large datasets from three national panels in the United States, Great Britain, and Germany, it is
evident that birth order does not have a meaningful effect on broad Big Five personality traits . . .

Partial Answer 2

POV Firstborns score higher on intelligence and intellect.

Explan Yes, birth order does influence personality traits, particularly in the domain of intelligence and intellect. Research has
consistently shown that firstborns tend to score higher on objectively measured intelligence tests . ..

Partial Answer 3

POV No birth-order effects on extraversion, emotional stability, agreeableness, or conscientiousness.

Explan The influence of birth order on personality traits such as extraversion, emotional stability, agreeableness, and consci-
entiousness has been a topic of interest for over a century. However, recent comprehensive studies have provided substantial
evidence that birth order does not significantly impact these personality traits . ..

90
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© Motivation
H Ay R B R — BB R A RRB R, 23 T FUmRag PR, XATRBE.

,Q Contribution

N4 T DebateQA £iE 5, XA —A@2 2,941 N F IR GSIE R, AP
%%Wﬁﬁy&Al&ﬂ%% BR, HET 5 AR,
® AT WM/ 4847 DPerspective Diversity-#LA % FHi4, +1FAED A 0924
@Dispute Awareness-FiX &%, A& LLM & F ARIAZAS B 69 A G- 71&}3’1‘
® FfE T 124 AATE) LLM et RIG R A T k. MRS RET, RALLM@wEK
PR FE PR, (2 EMRB ST RAA 2R EENiH £ZFRK.

DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419.
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<] Method: R4t A 1%4&

& FALSE . 474 A T DELPHI #= ConflictingQA B M#IEE, FARE LRI T L4h #3694, %
T 515232164 P AL o

O EENE: BOETAEAIR NS Z N9 EEHRATHE R PTEEA, KR =M & EEMARE I
BRI A6 KRR,

O AT ER: W TRANEBRESRIFERBEGRZ, HARMBBELT A, ZLRATIEANA LA F A,

; q | Q: How do crop [xxx.umsystem.ed ]R : Retevan:‘""\.._ Dataset w/
: \ [xxx.u .edu \ | b !
DELPHI | circles form? W Title: crOP yCirC|ES . Q 495 | - parflal Answers
2 ' Explained : | POV 1: Crop circles are (POVs + Explans)
ConflictingQA o WebIRefr:ever | Crop circles and their | | Signs left b 1
B (/] ||| mysferious origins have | /'| extraterrestrial \éeings ' . . G
-5 spawned years of debate = Task 1: Is thec?acritijal "
s ¥ — —| . answer grounded by the
Existing Dafasefs = 2 . =] \Cop LLM documents?
- (@7 | Lm AGN ' | Task 2: Does the partial
I_ Debatable A ® A .. Oné sciantific answer address the
E Problems | | theory suggests that small || | |question from a specific., |
! =N whirlwinds or vortices, similar | perspective? 3 '-
o1 i POV 1: Certain crop to dust dev}rlf, couLd c{_[i'eﬂe the | D)
Manually Sourced Top Docs circles are the result of ¢/ | |Grcuiar patferns by fatfening | AT
from the Web ' —_— natural phenomena . the Plasma Vortex Theory .. DEBATEQA
Source Debatable Retrieve Evidence Extract Point-of- Expand POV based Human Annotation
Questions Documents View (POV) on Relevant Docs of Partial Answers

DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419.
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<] Method: & Z i}4%

@Perspective Diversity-#L # % 1%

B o FTARIT HN TR 69 A R AR & AT 12 0915 &2
PD. = Z PPL(PA’5|A) A =  chatTemplate(concat(A, “Please restate.”))
i=1 R TR R AR 8 AR
N
1 PA’ = concat(POV’, Explan’)
= e 1 P 2 X} 2 — 3 s ’

@Dispute Awareness-$ 3 & 17
B R T ARING DO 27
1 if Meva(pp.a.(q, Ans)) returns “17,

Dihei= {0 otherwise.
R, ELLMA |

93

DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419.
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B =33 - 3% A : > g A 4 K¢ > AN - _
@D & a*%ﬁiﬁiﬂ%‘]#%wi%ﬁﬁ@%% RIF, EARBEO2>ZHENBNELSEEZETMEILTS—
@ =4 Ak A &
@ RAGH X BARTNERA H AR = AR R GG MR, TTRERZ W T 24734 7 _ETF A4 &y
—— Avg. Len, Perspective Diversity (P.D.) Dispute Awareness (D.A.) Model PD. (| Mea=Qwen2 0.5B)
(#tokens) Meu=Qwen2 0.5B Meya=GPT-2 Norm. Mea=Phi-3 M. Meya=Qwen2 1.5B  Norm. No RAG Vanilla RAG ReAct
Score | Rank  Score | Rank Renk Score T Rank Score T  Rank Rank GP iAo mii 4.02 3.94 3.70
Closed-Source LLMs Claude 3.5 Sonnet  4.63 4.12 3.65
GPT-40 434 307 1 403 1 1 0952 1 0979 1 1 ]él‘i‘,g;ag’ —?BB g;g g‘gé g‘gg
GPT-40 mini 252 4.09 [ 5.88 6 [ 0.937 4 0.964 4 4 Phi-3 mini 128k 4.82 7‘01 6.86
GPT-3.5 Turbo 141 5.28 10 825 10 10 0904 6  0.947 6 6 L=t . " :
Claude 3.5 Sonnet 199 4.63 8 6.96 8 8 0.856 10 0.920 9 10
Open-Source LLMs (Medium to Large) Table 6: Effect of two RAG strategies on P.D. scores.
Llama3 70B 432 3.09 9 4.07 3 2= 0.945 3 0.977 2 2=
Llama3 8B 381 3.51 3 5.02 5 5 0.928 5 0.964 4 5
Qwen2 7B 255 4.18 7 6.10 7 7 0895 8 0923 8 8 PD. (} Meya=Qwen?2 0.5B )
Phi-3 small 128k 412 3.50 4 431 4 4 0.899 7 0.924 7 7 Model -
Gemma 2 9B 395 3.12 3 404 2 2= 0947 2 0.967 3 2= Vanilla RAG RAG w. T. Docs
Open-Source LLMs (Tiny to Small) GPT-40 mini 3TT 3.63
Qwen?2 1.5B 169  5.60 11 867 11 11 084 9 0875 10 9 (lela”d%% % Sonnet g'gé g'gg
Qwen?2 0.5B 72 6.56 12 1087 12 12 0792 11  0.836 1 i 9 3‘:;2 = 501 557
Phi-3 mini 128k 218 4.82 9 7.33 9 9 0.716 12 0.794 12 12 Phi-3 mini 128k 6.77 6.50

Table 4: Main results of P.D. and D.A. for LLMs on DEBATEQA-test. Avg. Len.: average length of the answers,
GPT-2: GPT-2 (117M), Phi-3 M.: Phi-3 medium 128k, Norm. Rank: normalized average rank of different M.
The best and worst results of each metric (w.xt. a specific Meya) are highlighted.

DEBATEQA: Evaluating Question Answering on Debatable Knowledge, ArXiv, abs/2408.01419.

Table 7: Effect of RAG sources on P.D. scores. RAG
w. T. Docs: RAG using trustworthy documents.
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2 BUEBRP-ARTHROFRST G

By xd RAZ A e A /) B A 694K

KAEE, PNIRCERB S, NEFEALFEOEHKLA), FK
IEAEAATALA . Tk

P HAE S, deFFiEM(DebateQA). MME—RMEFH 7@ ;

AR T B E ARSI, ENRERERAKEARFRET. KET
KRR ERM Tk, 5P HMEEKKOLA), FIAFAXFIA; HIREIFMNHFH &k, 4o
1# B % AN KA A 38 53 5898 09 7 X (KIEval) 3t 4730 ;

WA FRRIFN T ERSZEE2—NFTIRE, FLERZR
BT, Adm, XRFEEMLESEZ FT]H TIRMNTRARGELENEGIRE, Hiib
TASE— A ARARPT AL IR IE 09 S AR, LAME R A @it E L AR A A XK,
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