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Survey on Hallucinations in Large Language Models

LIU Ze-Yuan', WANG Peng-Jiang', SONG Xiao-Bin', ZHANG Xin’, JIJANG Ben-Ben'
'(Tsinghua University, Beijing 100084, China)

*(University of International Business and Economics, Beijing 100029, China)

Abstract: With the development of deep learning technologies such as pre-trained models, represented by Transformer, large language
models (LLMs) have shown excellent comprehension and creativity. They not only have an important impact on downstream tasks such as
abstractive summarization, dialogue generation, machine translation, and data-to-text generation but also exhibit promising applications in
multimodal fields such as image description and visual narratives. While LLMs have significant advantages in performance, deep learning-
based LLMs are susceptible to hallucinations, which may reduce the system performance and even seriously affect the trustworthiness and
broad applications of LLMs. The accompanying legal and ethical risks have become the main obstacles to their further development and
implementation. Therefore, this survey provides an extensive investigation and technical review of the hallucinations in LLMs. Firstly, the
hallucinations in LLMs are systematically summarized, and their origin and causes are analyzed. Secondly, a systematical overview of
hallucination evaluation and mitigation is provided, in which the evaluation and mitigation methods are categorized and thoroughly
compared for different tasks. Finally, the future challenges and research directions of the hallucinations in LLMs are discussed from the
perspectives of evaluation and mitigation.
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1 HARERNE

1.1 iIBEEEL RELA

KB F A (DL AR ) SRR T R U o) e AT TN 2R 0 e DR TR P 2 IR, FERR R SC R B
WRERIE, ORI R SCAAE RS il EARIE 5 A BES5 rh R B R K fe 0 U, KB S L L T
Transformer 228 RE T2, A B F 2 77 DA Il HE R0 . BVERINE SCEEE = AR, 7EACFE K AR 5 b
o fth e 20 X 2 B ) B S A O B Y, [RIE AT 78 40 R P BB (R 3 F4T 0, SA BN GREL AR TE K. ZhA T 5 A A2 |
SRR, AR 5T 75 B0 S (K S T I8 A2 00, A L35 58 TN S B T A2 2 A0 K, T L DR A 2 e
WO, FTRE T JRA R B I e SE A, 7728 T VRILRE ). B, S HONBLRE e K GPT-3 BB m] LA - R0
R R AR 10 L, T/ N A GPT-2 B DI 7 TR R BN AR 1), BRI BB m] AR iR g . VBRI A ST
A, ABEN G THH SENSCAR B R AR & (0 9 SR BB SR AT R, T F=AE ]38 @ (hallucination).
1.2 KHEBIZ] 5830

ZYHE 1) RRAE KB SRS T IZA7AE, O8N E AR TE 5 AL BRI I 5 KBk 2 — . KAEAL AT /% S Hhd Hh 4l
R ECE AAFAE B R, S P TE (0 £0 3 v A B K b R 1) FLAE S a5 R S, A3 2 R VR AR B XU, 91 2,
Xof SCAS A B AR B L3R B E AR S A Y AR ST B 20 30% AFAE S 9 SE IR LD 0 1) B, 7 RS T AR Y
AT St AT I ), e Ah, D5 W B AT LT BE B B ARE S AR IR S5 b, WSO B S R
WA B AN 000 21 SOA A AT 525 1,
12,1 RBERIZ) S o] il (1) £

KR )32 R HES) T DA SRE T AR SO RE I T IT 4558 . B RE S AR BUT45 7] 4 A FF i
eI, FEIE 5 AT 55 R TR 52 % H a8 SORE & R8N (AT 452878 R 7 75 R F iR
Tl BB R R R AR SN R AL S T N R, T ER T AT )RR AR AR, AR Y BT AR U R T REAN TR A
S G R, 40, 78 I S A AR AT 25 o, R AT R AR R A S SRR A A A P R

FHEZ N, FEAEH TR B A AT 55, KR 55 BARAE 4N AR BSOS, IR % SO SRt e BE L R A A ME
B TEIEZAT 55 (0 SR IR A a] BEAEAE AR B AR S P9 R S 5N B S SR — B L. B, SO B A AT %
rh, B AE R T P 2 SN SCREAS — B, B PR SCRAAELE N Y HLAS B R AT 45 v, B AR i B S 5 RSO
ARSI, T I GEE F E TS, R AR ERIE 5 A AT 45, LI ) 3 71T
1.2.2 RAEBILGE n 851 40 B R A RV A XU

ChatGPT 25 KA ) 25 28 4 HY oA 4 BRBHE 76 4 48 5. KM RN 51 ATUBT — SE R HE 3 A R 77 L 283 10 ks
FoR, B4 BN EET47 &l f e Ak v it f T R 1 B8 6 RO B PR AN T R i, L0 v 8 5 e DA S i Af
T PRS2 08 . — 5 T, RS A AR A R B G0 ), BB P B IX RIS n TR
BE T BB AR TN WL S =BG o5 — 07, AFSINRIEFEEEVEZ)5E (Moses illusion), 2355 SEHI R F 73 A 254
B ERE A 45 AR, N SR AR ME LAUR 0 1), Bt 2 AR 7 A V4 b A R, 3L 51 R iR S G E R &
SRR T2 W O, R m G R T, — BRI = A L5, T BB i Ao ARCHT 0 XU 3, 5
T IR SR AR B A i A ST, — BLH AT DL, T RS L A e A TE R 2 N AR, 78 BT 4T,
R EE T RS B G YT 5 R ILLT DL, 1 B R R 0 R BN A Ay 2 A TRIRE, BRI ZERL A IR 3 =
ISR 2 S TR LD DL, AR AT RS AR 5 O™ A AR AR A 0 XU Rt JEE R KR X i ) R
BRI 5 2B T VAl 75 V2 R0 SR A 530 LA BV AR e e 2 1 00 e 3L
1.3 A&

ATCH 2 RSB L) 5k 1) R AT MRS, 23 AT K05 vl RV SR B B, FF A TR BE 45 1 T 405 il R i 3L
553 TRIEE 4 50 B LR KA ALL) 0 BVEAS 7 I NG AR 7 1, FE IR IF At L. B S, BB S I E DL BRI 0 5
Tilt b JREE L5 ) R A L} 5 SR ANBIE 72 7 1),
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2 [E)RESHT

2.1 KEFEBRLFEEENX

BIETRINGRM B, <£I%8— 18 DL TE HARTE 5 AT ) V2 SR, 18 R R AN AR BRI P 2585 SR AR PR U N 2%
To e SCEAS sz U0 BE B, 5 58 3 22 FEAL I AR A P A AR AL AN B TR P R A RS R, R K 2 e
RS AR 1) SCAR AN RS T8 B IR B S ISt R F L AT, 90, 7E6 AR BT 45, KRR AR A 1 47 2 W] g
50 LIRS A R R S IR B ME S5 001 AR AT 55w, = AR R 5 0F 13 D7 s A S A P i FEAL AR
T45 1, MR AR KA AL = A 58 4 it 5 SR an ARk B 6 R R 12

ST AN R WA S, KBRS L) 0k 7] R K 25 B AP B35 22 53 9000, 2508 SCARAE sl sl s 38 5 AT 45 5 40
(075 2 ARG B, BRI DX ST 55 W] R B o UG, TR SR B 32 AR 9T I AE XI5 AR BT 55 7, R L0k G S SR T IR,
XoF 40 9 P % P U AE N 5 . E T OB B 5K 1Y Ak e RS RV, B £ R BUAT S5 IR R S IR BT
REA 2R L0 b RS B 2 V7 3. DRI, OB R L0 0 5 SRR B2 DA AL 5 SR A F BE A 40,

2.2 KBRS
221 WAEL)WEHMEZ) S

PR KA S50 N A5 BRI 2R, AT LUK K05 18] R0 28 P9 LE LD St AN AN ) i 1),

PIAEL) 0 2 4 B AR 1 5 30\ A5 SUR A 25 AH 0 T I % R 90 4, AR 2 A AT 55, AR BRI 2 5 SRR
AT JE . TR, TENLAS R AT 55 HR, BT 1 SCAR SR SCARTR AL N A A [F) BARE Y.

AME LT B8R H8 TCTE N AT SR P IS IE R BT A B A L S AN BRI PN 2R S, R BRI N 2
S DA AR AT A5 0, n SR AR A A H TR SRAS BRI A 4R B, WU FH P BE S BB MR PN 25 8 280 A= J 10 B S FROIE
I, WASREIE U4 R A IR 0. Rk, AMEZT WA B R AR, LRI RER B S BRI B, JF= 4 — e 1a)
e, NAE BT S EM. ABRAERTFIHMES R K.

222  HEBLINE S I BORLI

B THEFL A G BEIA b SRR, A 2] 23 24 Syt P 3 BRI B s P S B f R AR A
REE IR bR SO A AT HERE, 17 SO HE B ) R AR AE BE )2 A A B B AT HE R, B T ORI AR
S AT 55 BRATU R HEER R R I, T DL B 23 Syt PRI B RO TS 40 i

OpenAl [\ TE & UL 38R T 03 B A £ 1 SR 3PAili GPT-4 AR T (1785 76 X0 5t i J e U7, BT 55, dF AR 4)
AR TR R T 458 10 R 3OS B, (RTE A B AR O R PR IE T BT SCE R Biltn, TR EEA AT %
KRR AR R B 2 T RS T AT TE AF .. T O 3 T 2 g A 28 7 B 192 PR AU B AT 45 v A i P i o
ARG DL WEMIE UL, SRR RRTE VA S H MR B A BT SO 00T B R IR BEE SSUGE AR(E .
Biltn, 7EXF1E A AT 5, RAEBN I A IR T ANFFAE B STHR . NERITIR T ANFPE R, MRLI B R T
2R B W LR T A N T8 R g am e g 1Y
223 HINTIELIN BN SOP & LI DL R ST JE 4

BT KA TR AL PR AE S T B8 H B OF JE 2R 8L, T DL L5 NN G403 BN SOP B LS H
JE L5 U, i NP i L0 R AR (i B P SN S8 e P S N LS BN LG 4 AR S TR A RME S N. K
AL ) 87 54T 55 F 4 2 1) R J RS IR O A B T P i T A 2 2 R P9 5 R 45 N 2 TR S IR I
HIEAA N TELT DL T, MR T J& £ 5.

TR SO S S A AR A P A U B (R i L T B I B AR TS IR e BRI AR R A A R
SCAS R BLRT S AS—F, B AR o I A P . X A 4D 3 e R A K T2 T AR PR A, BRGR A
K BRI R FEL.

BT JE 405 U i 2 AR 2R i B 5t SRR O JE S R B SCAR I BT AR IR KD B S S SR LD B A ok
TRATRER 2 B 2 FEM, I 0T RETE AR A= ay R A R B ST
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2.3 KIRELSERIKE
AT BINEIE)Z . A Z 5 R R T KA R 2D 5 R R, i 1 s,

w) () @ QP
e A g n

T 5 T R G NS5 SR AL
. ; A G AL
Kok 553 Bl Rk TR ZR R R 7

B2

B bRIE T RV B R FR P

B 1 KRBT A

Hbl =

@

Hodfi e

il

231 HEZE

AR 5 75 B0 2 2 VAR . X ER 2 ok B TN, Bk RS EAF. DGR E TRFER
A5 BANEE A5 B AR S W AR 2 Lo U, 55280 e DA JBE 6 b £ W i O X R B S (945 1, 38 i SR B0 5
SRR AR R P % 2 TRV 438, ANTIG 98 1 1t b L A 20 A R AS R S T T SR (SR IR A SO AR, S B0L0 5 7 A
23.1.1 il

RT AR A B HE A AR, KRB SRR I AR A o N TRg S, T AR A i s R gi
Ji i T B ARG R P ] P AR B AT AT AR R T SR, AT R AR o HE A . 7R AR AR AR S
TR 2 5 R s Hh % B H AR AL 15 B IR DAAM) S B NS SRR B ARECRE, i SR E AR5 A EE R
RS RS B, B4, A7 P45 H, 7F RotoWire Hdi £ AU B AL AT 55, 490 5 FOFHE A K2 40% B A2
Tk BB BTN RGO, X FECT BERITE 5 S N P A R R A S 4008
23.1.2  HdEEEEER

SR B N ZRiFoRkEE (1 B B ) 2 S EUE B i i) T A A E E R Sk B H S a0 i 12 825 i . B0 sk T eT
A T SO 7= A i 2 T S S B TR0, S P 2 W T AT 45 kK, AT = AR L0 19 . H AT, Google BB L2 K IR
TEHE L AR B S P A7 ARV 2 DL A AR AN K B 07 o, S BB T $ 7 i e B A EE A AR P,
BRI b, 3% Sl 504 A o A 7 [ 2 52 RN SR W 5 7o A AN TEAIG S 1 4T i ) R
23.1.3  HdlbriE

PriE SR A A BRI T S S I ISR B0, 8 4 S T8 S RO A SR S5 OGP IR (R7E KB R R
T, bR R IR AN T 5 SN e i 0. B2 SPIa bR 28, X R A 3 T Be s w7 SR AR R,
(AR T 2N G SUARGR S HE R AN ] [0 A& AR — S5, DA% 3% 6 0388 1 X 09 S A 22 53 86 1) R, AT
B IR F fiA2 5 B AE R P9 2 B R B A 58 S S R T ) <0 5 ),
232 BAZE

R FR) 5 A4 B T R KR L3 (0 S B Rl 22— Parikh 25 A PR 26 0, BIAE SR T e R B AU 2800,
RS R L8 A5 25 A6 47 o] e HE IR AT 5. X P AR B 450 51 R LT 08, W RE S mii 2 . ARID A ARV TRUIZRBY B (9 2
VURLF BRI 22 J A2 1 B8 3 = BR A K.

© HFBIERAIEIFIDN  hipsswww. jos. org. en



1156 HAFFIR 2025 FF 36 K% 3 A

2321 TS5 EE

TE KRR BN o, fith 25 IR/ P i NSO AT D R B2 1 P S R 0 20, AR 23 1 1 2 A 28 R X
ST N IR R 2 F AR 8. U SR G R AR AE IR b AT L 2 SIAS R G, 7T A2 S BOR I 280 AR R 3640
HEATHER B gmAG OCER, M= AR 5 A AR — SR B, 51K L)W . SRR 5 A e &M min A o8, &
R 28 TE T S N ER IR AR L T 0, 2 SEU TR A 45 T B SR IR A SR S R B A R R R
T AL A 2 B B S, P A A S TS S 0 2. B R BB 5 0K TR S A TG K B AR, B 8 Ak 2
SR LR AN k3R, DA AT 28 (0 SRS T BN T Y i8R 1 ML) M R Rl 3R 2 —.
2322 FRINGERMmET

TEIESHRE A, KRR S A TN AR B, 3 50 SR 4 A0 5C 1R R 2 1 il S A8 B 1) 2 O R g A
RSCAZ. Longpre 25 N\ PIRWE e d8 7R, 7828 B R vy, KRR B8 461 ) T B0 AZ A S50 0, T ARSI i N5 2.
IXF A, AFERLE A g N R 2 M T SR IO SR, ARSI RN, X TR A 51 R £ H ) SR
2323 EABYFIRTE BT RER

KARRITCIE S B 58 Tk AR L= A A R KT I SRR 2 —. KA E S H F N F B AG %
MM 35 R BR. 244 T A B SR I 4 O I AR B, 2 s 2 Ok 256 IR Bd 42 IR S i i 1, i LS i 23
MZ | WL LM R HORIR, Y (A B8 g, mhAS ) I O VR s, BE TR N T PR AR LS K R RE
233 NAE

W5 KB RYTE & R 35 s (02 A0, — L SGka I B E e 55 RIRE T Re BOA P AR LD S R R IRAE 5%
R ATUER 5 Ak T B S SRR 7 e 5 AU R 2R 222 KRG 7. B [ 5 A s A fof 79 S TR 45 16f AR AL I TN A 7
AT 5 B0 3 S N0 T U AR R AN 2 P B 2R A () 2 AL B, B0 T AR A ) 53 M AN R A LD 1 T
PE. MHe7R TAR AR T A B e B 7 38 14, (H A8 ] R 205 B A .
2331 FIHHAESAEE AL

TENHRESE T AT 55308 RS B, 50280 A A R IO HE A3 T VAR AGE . AR 2 AR O, R 2 DI 50 M
N SCASH U 0 A 2, F 1T vk b BB A 9 2. DA GRS I HE R AN T P, R T BB 7R |k A s Akt
FPRAL, 1 AT fi 23 BR AR AL A3 A V2 AT 5 (KR 0. 3R LMl Ak T g 5 BSOBE AL £ S e I A 5 1 SR ESCHE (¥ 43 A
TELEMm 2, AT 51 03t i) 1 ).
2332 BEIFEFAL

H A, TR 2 FET Transformer 4244 1) 5 51 R AR 7 1L I G530 & 50 A, 7EIZEERIAEM R, 18I KRB 22
PN ZRANGOR =22 7 S0 g 5e it pAR AL, 3E & SRR IR RS 775 [RIBSF, SR FH R [R] ) R it 22 A 0 2 350 1 A AL (1) [+ Jo
Ak TR R AR IR BB g CA— AR A P £y 28 3 R KB R ek g O — T, Y O AR SR T BB RE D, RN
FRULEE 22 (0 R IR 530 T AT RE T 53— 7 T, RIS AR T DAFE )32 IR A IR A 4R, (ER Lt AR
T R AT AT AR A, ROBEE o AT AT R fa A 2 A BT S RS B H 4k, A0 HG 405 il R 4R DU, ) R 4
2333 ZHEEMN

BT 28R, MELE . B, 25N RS R S IZ sk 20, R 2 RS BAY R
TR UEEE 0 R VE L, B FIRERE N T LN i A . B T A AT R AR R A R R 1, X 2 S
A B R T BN AR RS B s I 2R 2, T TE IR R BRI G — I S BOR RS AL, B8 DI SRS A8,
KB ZBASBAN RES FEE BRI E.
2334 $RITHE

PER TR KRR B B w6 AN 0] 20 B3RS, HAE AR AR RE A 2 o A K &R B ARTEPUTIE S, LR
R T 90 A 5 AR R A 70 B A 2 8. 4T, 4 A IR A RS e AR B TR AR M AR 7Y R AR
g 5 N AT AR S| R L5 ) .

FEAMIAB AR B Google ¥ 01, B 76 SLBUBIRUARE A K A8 42— R =HIBCR Y. KR 4@ i A TF 54
G R 5] S04 4 S 2R, (I AP on] BB ALHE 2 AN N HE S f), AT 51 R 058 . 5120, MiniGPT4 Al
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LLaVA SRR R 4 lidis & Bl #EAT oM . X 2845 Bl HAR, JF H T el MAFAERIXT R . BT K
B, FEKIHE R R A A, B AR AR B — PR IR T L0 5 1 . BUA AR 22 O IE ) 4R 4, T 2
T GUHR A LA 2 ff FE RIS SURE FE 4R 4 7).

BYEFEROR B AR 2 B S S HE B SRR, A H R N S0 R 25 AN BLRUAR, DA T A A5 23 25 418 A TR] FAE 55
BUR ZAE S5 HOHERERE /0. SR, AEAERRRERE AR, oh T CLVTPAG FHE R R A2 0 5 B AT 2, T e BORE A it o A5
LIVERIEZE. B0, Kojima %5 A PO I SEAGUE W], RIE SR A= Bl ) B 2645 582 IE A 1, AL R AE HE HE I FE b 7388 7T i
AT IR GE, S BUR AT BE 7

3 RIEBLERITE A

FEBRVTAL RSB L) oo T Y A RRVPAN . &) 50 G2 M AOE T T U 2% 55 U7 T A B3 3L AR, K2 Hitt 4
B R AR A B UL TR o AR A KO B AT U e R AR MR B SOAR A R 0 B A AT 45 v, AR 48 AR bR S A
THU B SR S, Sk, B R MR AR Y L) (1 T G APl PR AR AR A 44 £ L AR R B AR AR 2
RRY 25 R 2 )50, B BT R ELL ) PRl 75T B 20 09 3 288 6 T 8500 SCA I PEAL 5 ik, 2 TR o7
il 7515, UL BE T 2 AT 55 N M PRAS 5 v, AR A VR R 2R . BF et e R AR B A S5 07 TR BER 3 2R P A
TV
3.1 ETFHIEXANITEESE

TR SCAR T, 7 vk B EE TR R . BRIRERYEEAERCAS S A E BILAEE
IGE b ok B A A BROSCA O L SRR EE . 5 FH 12 R PR Y0 AR5 A Jr DC e 55 1), DAL A el A 7 i 0
ARES

o 5 1 KT IURNs H AR SUAE NS % SUARBEE Si it 5 br. 1401, Dhingra 25 A PG 28 SRS B R 528 & A B R A
GG ILFE R (F-score) 1947, $& H X MR B SCALE BT %5 1) PARENT $8#%, 1% /71558 Ik T B 44K §E BLEU.
ROUGE S4B bR A 7E B 5 N T W 48 SR — BRI s 22 ) 1), ey 17 B B A B A il SO AR vh 4 5 ¥ 7T S 1. Manakul
2 NCIFI ] WikiBio $5 45 1Al FF 92 BRIR 2 18] (1 — B0k, S8 # it AUC-PR 20 $ il S A A= ik LIS 5 F A BT
Z [BIZ)5E. Wu 28 N PRI RAG M e T A8 18000 AN B AR R L) e 18R, 183t Goit L) e m pid. L)%
i J87 28 DA R 45 255 PP Ak AR B A s SO AR TR 8 A 4 ) R

o 55 2 R VEAE IR SCARNE NS5 X — SR IS AEVPAl B A 75 B B AR SCAR, B8 INIE Rofn 45 SR 2 FPmT gt
(1375, Wang % A\ P H 7 PARENT-T #6545, i% /7 ¥57E PARENT fEbr3E0t EHET T 104k, B8 7 52T HArSCA
(BT 5E, $ 7 T LIS IPA 2R Shuster 25 A PO EE T RN KX 15 (KGD) AL %542 H T Knowledge F1, itk
4t F1¥aks 200 NS B EAS SO BRI AR o BT 2T 1 08, K L0 e PPkt B0 2R 800 < M3z 5.

o 5 3 KITIEIEA R T ZH RSO, 7T LU 2 PSR AT R, JHEHx BARAE 55 37 5 Bt AN R I w4k 07 k.
%41, PopoviéP B chrF 23 BiPAL 753, %05 3 T 745 n-gram X CARKIWEHEAT F-RE &, fENLSSTIRTS T8
/N7 AR 74 BE. Martindale 25 AU it T —FoB O A) T AL (BVSS) YEA J7 ¥4, 1% 05 7RI 4 45 51 5 80 1%
ZHWE B R A TS 41, DS BRI A L), & THLAs BB <) 0 pEAlk.

BT SRV 7 vE R 2 A B 2 2 R ) L) i AR, E T T ATEL)SE . B PIRZ) LA R BRSO E
LI AT VPAN, VPAN DR 90 B -5 HE b 00 v AN (0N SRR 5%, SR BR PR E T 0 LA M B SC AR 5 SLI A 8 5k
AT Pl
3.2 ETHEBRITEGGE

AT RS AR AR BROSCAS RIS 26 SCAR 1) ST SE RS B M DPAG Z0 5, 568 FH A4/ A8 2 S A K0 o T VP4 7 V0
AHER SR . X SETTIE KRBT 43 AP S AR RS A BEAT A 27 20 FEARLA 27 >0 &5 LA W7 A il SO A v 2 5t 3
A R C A8
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3.2.1  FETHRE IRV 7 ik

H IR AT A5 BAR I (IE) 1Al 752 22 R FIE S 3R UL, Rt 28 BROCAS 12 25 SCA o 1 R A SRS A7
A (R R oo Fom ok, JFAT LERAE, IITPFAL)5E, W 2 Fios. i TAE 501 OpenlERV 77 i J0 i) Al 41K
PEAS B, SRS B LA LU, Goodrich %8 A MO HLEE T WS BARTU 0 — 2R WD IR A, 1 $R B A o
JITA B i 44 SEEAR, FRRGA— XT SEAR 5G9 53— K22 T Transformer S )i 21 i B S IS ST 4L K 77
1%, ZJT AT LU S 2 P T AR R AL S

— —‘ —
HNAA KR 5 AN
15 BRI 15 R

KIBENEPRSY

K2 RS BIRBOU RIS AR K

AR B R (145 BRI R B A R AR, (B2 UL BB 7 iR R A Ju A BT TT 8 o BAR R Uk,
Nan 25 A B I T 6y 4% 524K R 51 (named-entity recognition, NER) A5 i34k 75 3. %5 9280 I B b A il i
SCAS R ELH oy 4 SEAR VS B 25 31, TR R 5 A &, AR F1EE, B HERNEHENE. Lee 5
NV b 5 74 i R 1 BRSO A AT 45 I L0 B VA v A, 76 R S S SR E 4 TR A 4 o R ) T,
JEAFAE 2 F P B4 bR, Dusek 25 N UEH] TR BRE; Wang ™ MIEH] T 283G 5 ¢ R AR P A HEF S5 Fabn ok
L.

BT IE MVEAS VAT R bs LR RIEM 2R, A T FEIFELM . P BOR L) s AT PEAl, (252 R
TR G 1 R BRI, T RETEAS S PR IS 1R, FE AT BETE T AT 55 VP HH A% 478 170 5 M DAk s
322 BTGRP AL Tk

2 RSB 2 0 10 RETE 5 1 B T A 4D A 2 B SR AR A 00, A DG SRR T T AR B HE B (WP A5 7 2.
THEVNIR AR S 2% N 28 & To &) o A s R4 iBME B, LLESRIE S H#EHE (natural language inference, NLI) A%
fitll, I FIWTER B (ECSCAR) ST (S5 00R) KRR ES . FEBPAL) REML) 5, IR ERSCAR S 5750
Az, SLAIR JE B T 43 b, BIZE S22 (entailment probability) FAK L) 5 U J 2T IR L) E SRl
Jiik— (W 3 fw).

HARES
HESE

KIBENEVESY
(FEME)

K3 RURHER T I PP SRR 1
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Dusek 25 A W0 b5 vk B 1508 B0 SCA (A AT 45 71, 5 AN 7 [0S D0 N S50 55 % 1 SCAR [ ) SCAR 28
% (textual entailment) 15 5t.: ST ZCHE HhHE T4 Y SCASSRAG 7 £ 5 185 050, A I 7 1l 4% A st 75 0, %077k AL
AR SRS B FE LAY B, 474 T MNLI (MultiNLD™!, ANLI (Adversarial NLI)“25 A [5] 5048 4 I 25 1)
NLI A AR AL 28525 15 0 ) 22 R PR Al 7 12k,

A_E BT Fe i e ) T2 T O EE, BRI T NLT J59E0E R WA 45 IS S . Laban 25 A W08 1 KPR A5 4%
MR R T BN ST, Wit T SummaC ey, VS 7715, %77 100 i DLA) 7 B 4 B SO 1 A R 06 2 T8 1
SR CALPAG £ 5, 1 P A B A R AR S%; T Kryscinski 258 AN SR FactCC 51k, %05 1577 DL EL 3 A SRS 2t
B Yin 2 N IRIEE T SCRYZR 1K) NLI Z3E 4 DoeNLI, 78 DoeNLI TRl 2k (KA R LESRAT 1) T2 Bt B
7~ ARG R, B 0T DR GF HHE T B T SCRDRLEE HEZE 1380/ NLP 1145, A, bk 7775 H i NLI A
FEA BERTP, DA R AE I 3ERE - % J& Hi /) RoBERTa "), DeBERTal"4%,

B e NLT W i 3 5] X0 5 2 50T s LUK B 52 17 SCAS KD T 7E RO BB, Goyal 25 N U H T 4K 7744 ) NLI
J7 925, I S A N A H ST R AR AT AT 2R I B SUOR R RAT I I e AL 20w S A, B AR B NLI AR
2 AL BE T ARE A TS B, R 0 75 B S AN [R] BOAE 25 SSGHEBRAT B9 NLI S X, (51 0 45 P 4368 A0 B0 S5 6 NILT A5 7
HBEAT I B4 Barrantes 25 N P74 45 BT 45 2 %I F MNLI A1 ANLI %045 4 %) BERT. RoBERTa Al XLNet™"!
RS FEAT R, I AN SRR BT AR I S LB e A B mT DA B Y R HE R B ), AT B2 1 NLI
D7 R P ; Daziri 25 A PP % KGD AF 4RI NLI {09 4 8 BEGIN 24k, Kbk £ A%, 5%
FEAAR A — R (G TR JEvR0928) 31X 3 A2, sl X ot A4 e olodt 7 BLE ATAS R AR, 1R TS T
ERZALRE

T AR HESR VA 5 VG TS A LR XN AE L) 5 IS A) . A, 12 T A R R ALY
T ELIE, WA G4 L SOF J& %058 UA S S 527 J& 20 0 350 BT VP4l 380R, (E R BR M AE T 4l 3™ f o7
flHE AR DASE iy vz Ak, DA BT HE R e T ER
3.23  ETREE AV v

— B TR AR 1 VI A P N AR A [ B SR BN R Y (SR S B B TG 25 B 5 R Y KA
W7 A B SCAR R A — AN 1A R AR B S SR K S RE . oA To 4 R = A LM RUAE H AR SCAR BT R IGR, i 41
VB SRR LM, 30 T 95 SCA T FE I 45, Filippova ™ FI ] LM, 55 88— 6l 45 6 56 &, i AT % a1 2 75 s
PRLI 5. T Cao 2 A I FH 5 AN RETRY Sl 23 Sl 43 2 B AT 5 B ME R, DAIEAE AT 3EAT 2 28 IR A5 40 e 5 L. Yu
2 N U2 S S P B4 HE I KoL A kb, St it (1 300t beFig bR B2 LD 3, ik A — A5 20 43 il 8 AR |1
SCAIIN B SE58 HR (N 45 1 225 SCAHR IR AR BRSBTS AR SO AS R T S LB, AL ek v 36 I A AR i
2 R8T A,

27 R I B B R SRR Bk AL LI SERESE . Deng 5 N CHlE 5 A5 B FEHES, Ik B B
BB TE i ) 4 5 b L) AT 5 B, VAT ST S (G UL . XA R R (R0 ) R B
5 ON 240 W7 M EL B R SR 24 ) M B Zha 2 N ORI AN SCAS B2 0 5F G AR 2 I, $R TR 5 4
(AlignScore) VPl /7925, %515 BB PEAG AT B W SCAS F BRI 45 BN SRR Y, & H T 2 AN s B LI 5 VA 4Rk T
TR B SCA DL B it et N PN 25 AR JOSCAR AN [R) RIS T, B2 HA K N Y 28R 2R ST AR 43 AR 20 R RELRE P8 B i i
P ) F AR 4 e, T8 B i N BRI A= B 1] (006 55 43 3015 B B A I 2D 5 VA 23 30, 2 VE R BCR AU T
BT GPT-4 AT TEFE, FIRHR/N T 7 EAT A IR AR A= 4. Yue 25 N OV 1 VAR 4 R OP £ 45 8 2E Rt SR 11
2058, e T WE W & RIS B VH R 4 B R, (BN VA B £ 52 43 D9 0 JE 4 iR AL I HE (extrapolatory) 4
R, I R K AR N T S AR A T 2O ) R SSRGS S HE ORI B A AT
AT T VA, SR L B RCR. Zhong S N SRR T —Fh 2 4EVEA 8% UniBval, ¥4 A [F) 4 B (9P A5 F5 40 o A 2R
%5 (Boolean)™ il {5, 55 HuAth ¥ FH 0 2 & 65 v i BERTScore™™ . BARTScore!™ . USRIV L, %75 78 30 A 4 B
RIS U 0 AT 45 v R B A, R AT 45 s T 3R KA F 2 01 66 7. Wed 25 N UV H IO ASE 2 (1 974 T ik
FEWL, FIFHBLALT LLM & 1B N S hrdi 2 M, 1T CHALE nI42 845 A1 Truthful-QA & br3k RVl B
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RUIK) 5 RERE . Su 4 A UV 8 W B B I R HE 42 MIND, 383378 LLM B4 FE dh 3 T4 B T ST
P2 2 IR AN AR, MIND A LASE SR b 2 e AT KOS A, 9 00080 HH SR8 RS 4858 . Zhang %5 A 742
HT R TS T SCAR A 05 = 10 XU B AT AR 5 ¥ DEE, 1% 7752 T Llama 2 A E W UG B R50UR 51 26 5l S
AHRIET R, BEEAEEE 2 M BARALE XN SCARRS R I A TS Wik 2, INTTSCH TIPSR . SRS TRt A
AR,

FE TR T AR 5 v B PP SR AR T B A A g v e, EL PP A Y BB HE AN SZ PR T 20w (2R 8, T B % 597
i3 A 9%, TR AT B R IR 3 . i (R ASE 25 2601 P ST B 8 38T L R N 5 5000 42 1) 58 46 5 B VP A 7 Ak
33 ETZESNANITEEE

T IR FH JE PPAG KA (R 405 14 1) R, — STt 9 B H 6 T 25 4T 9% I NS DR AR RS 2 ol P 25 (R P14k 7 923, X
TTEFERRAT S PR 40 3 28 JE T M & VAL v R T2 RIVT AL T A T @ AT 5548 & VAL 7 V2.
330 EET RV ik

T M (question answering, QA) FIVTAR 77 2 ik A= B 1] #1528 19 77 S R B L) 0 /KB B VA . 1% 51k
BT —MEEp R, B R A S RS S % ORI — 5, 2 MO R 1) 25 A2 AR B (B (W&l 4 Fow).
(] b, 368 3k oF 2 8 AT B E A mT DARR S B 1 AR O A e KT

LaPNTES PN

v
HE
=
o
ot

A 4

A4 A4

— —_— -

KISEREVES

Bl 4 &P TR R

ST 2 BV 7 7 % P T 34T 25 FOZ0 569705 O 7). Durmus 22 A PR LT FEQA 7735, 46 i A i
T4 B v T SO S T O DL O e AR AR, FE AL QA R R MR R YR SO AN UL BEAT [F1 . Wang 2 AN VRN T
QAGS 71k, FIFH QG BRI Az e 5 38 2 (4 il A o B2 AR 1) ol A LAt 30, Pk QA R ZRU AR Y ST AR AN A ik
3 5y IEAT 1125 Nan 28 N 5 it QAGS HEARM BB, $2HH T QUALS, F:48 Fl QAGen! Az i ] -2
TN 0 B2, #ET AL 3. Scialom 48 N VR H T QuestBval $AG 532, 1% 5 15 [ s ) FH 4 7B A i i) 7t
SRV SRR B, R A R SCAR AR i ) IR T 5508 B 28 e Ja 4 S R i 3 A B Bl e B P-4, 75— 3K
Pey T, W MERARSCHE BIEE T 5 A ISR PP A S . Rebuffel 25 A U A 2 R0 3 SCA A AT 45 1
PEE 5K, B QuestEval J7 1523 A Data-QuestEval, 1% 77 AR QA R GuAE ii— 25 DLIF SCARS A 2528 B AH 2% 1) 8,
SR 5 A LA B4 2 A oA ) 3 2 1) i, LR O SOR: R QA R AL RIEF L2 IR, WA Jodi B AR a5 HJR
5. Yehuda %5 A U2R PR RLA 46 25 10 A2 B2 G0, 38 3ok R R 7 9 R R A 2 AT — U KR,
T B A R B R B A LIS, Vu S N T —Fh3h& QA 1EAHIENE FreshQA, iZFEHESR AL T W Al =X 1
VAN FE)T: B o R H RELAXED VPl = B4 R IE# 1%, 2 — 2RI H STRICT P4 & & &4 35 S i o 14
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Zhang 25 N\ SR — R R A AE SUBRENZE XA & —80hE (Sac3) SRkt B &k 2 v £ 5 i A I 07 v, % 07 %80
HotpotQA-halu I NQopen-halu ${(4fs &% [0 BURAE, SR J5 1585 GPT-3.5turbo AE Skt B (1) 52, d5¢ Jm %o S ELAHAITAR
KA AT LR

BT QA M5 F BN T B A T 55 A S S SEAR — BUN T JE L0 AMEZ) S LRI TS0 5 VA,
W TEAEIE 55T IE W =SBk, AU FIRE B AT REAETEVE TE4R %, JF BT RS Il T UEAE 6.

332 BT MV ik

BT o3 VPSR AR 7 T I0 LACSGE: — D T, S8 TP Al 5 iz A R TR ZE I 1) R, T4 SR 7 v
B TEI R EAT S EYESE,; B —5 T, R BPAL  ES/H SL S KR R S A A AR R, BT sy
RN T H A AR T O T R SE R 4328, TE MG & £ 5 PPA AT 55 B 22K

HEFE T RHE S (wizard of Wikipedia, WoW)*?J& Dinan 45 A% KGD 1£45 % (117> 2 ¥ 45 4. Santhanam %5
NI S T B, BRSO TR SR R T A R 3SR — S [ 42, B2 H T Conv-
FEVER J57%, H TR 928 — B BER. Honovich % A PSIIiEIE N Tk BEAE WoW S0iESE 43 S BEHLRE A1)
ST — B SR A A T PR A 4R, 3 — R L) B REAT PRA.

Laban 25 A\ "7 i BAT A3 H T SUMMAC Sk, 38 16 S S AT A v A AR B, H B0 R & — SR
— SR ) = 0 5 FE A S DB 4T 347, Utama %5 N ™ $2 4 T Falsesum, FIlF — ANl 42 (1 SCA A= o 24 ok
TN TR A4 2, i 14 B T U9 i N 2 A R o VA S AN [RI R R i DAV AS £ 8. 14, Cao 2 N1
M — F FESR T e T3 MM K DRI, 385 v S AR R A N SR L 0 5 AR ORI R, AR T SRR 22 4l
VR 5 B A3 500 T B S A 1) S 50 R S B M 36 A S RFAE I8 AT 4 SRAG T XJ 3. Jiang 5 N @ 1 iy 2 % 2
It BRI AR (B AR, Gt IR T L AN L) B 0 2 60 4 HH 2 R A IR B A 284K, X B 03 S 5| R I 4D S b AT T
Moy, HAEGRIEET o0 I 7 AR B, %077 Re i T I Hh A 4 it 2 R I B0 2015 B, T LU BRI A1 L)
AR LT RN 2R A8 A 22 S B v ) 0 OO R HE A 1. Ie o, R TSR N 3 S0 7 AR I L) e AT R DU, LA T IR )
I 5 ) S FH 3

BT SR PPl 77 12k 7 WA P SRR A R A 2w 3. Rk, ST — AN T INAE B L) o0 A R Tk
PEAG 5 R R B B
333 ETHEEESTE WA %

B T EIRTTIEAL, AW R 3 TR AT 15 A 7 0T R LISV Li 2 N BB T R R K Bt A
HEHE HaluEval, %75 1208 F 5 4 T B0 45 ok 28 R a4 96 [ 34 soRE A8 LAEAS £ 52 Lin 28 A7 H T PR A
FLHE Truthful QA. JEILHF-L BT 817 ANEA W Z L, Wik T GPT-3. GPT-Neo/J. GPT-2 S5HLH X5 7] 4,
BT BB S, R @S, Tang AN ™. Chen 2 AN™1. Zhu 2 A\ PV BIE SR EAES . SHEES
DL R ELSE A AR 45 N 32 I LI W YA 2 4E TofoEval. DiaHalu. HaluEval-Wild, HF AN [F 4R 554508 (1) 5 2 26 ik
SHE I LIFATIEAS. EAE, Chen %5 A PVHEHPPA53E7E FELM, 25T ChatGPT Xt S AN, Rl RIFEA . $
S S AERIHETE DL R F A 2 AU ) S S AT P4, Yang 5N B B PHD SR A T BT R A B0 IE
2 W2 U5 7 X BRI S ST R, 7 BTSRRI AR BAT 45+ R B HE A v (R R AR ) AR 24 25 . Lattimer 25 A Y
FEH M UPAl 25 HE ScreenEval, 38 T 818 AR A T4 2 1) SummScreen £ 4E, SN Longformer 1 GPT-4 {£%4) 72
BRI EL SN T LA — SR, KT VS R B RS A ZT 5 17 . Muhlgay %5 A PY3EF 8 R AR
$2HH 7 FACTOR VAL £, 12774 B 3R BSOS IR 3 SETE Rk EE i 4y B, P4l LLM. A= B RO ARBMELAS TR A 1) R
AR HBE . Miindler % A PMd FH aLM (analyzer LM) KAL) 3, FoAd = RE A SRR 9145 A B4 HER R H AR PV
aLM S2f4k, ik aLM 7E45 H A 25 SR Je 4R gt — AR, 85T AR E 4 SRS BE (). B HIZ (R) A1 FL 1598 K3F
%) 5. CA_ BT R AT 18 VA V& & T 0 B — RS- TR 8 R 4R T T R VAN, B — 2 R R PR

FASHIE 702 8 3 BT 45 3R 4, R IAEAL AN [ R AT 45 DS HEAT WEAG . Koemi 28 A POL@ 1 % #1 BAT
35 [RTE 7 IR B 2 i S i ORI 3R B VP A R, SR T 56T GPT IR 1P 1845 (GEMBA), Wit T4
S HEIR AR A KRR B R R AT VR4, Gao 25 N TR KB S BRI 2 5] | R SCIRE ), IBI R TR R B 5 A
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FPAEAT Fx 5, fi KA R L 43 BT 45 P RE B B0 N VR4l Liu 25 N PR H T G-Eval YA 532, 1% 5 508
AT 45 78 SCFIRRHE 387, 3R B A B4R B 1 S BRUE SR AR A & (51381461 (4 M8 26 11 B8040 5 B0 V143 IR A, 78 SO
BT 55 R E AL AT 55 VP08 b B T R R B, Min 25 A PP SCAR VPG 2 1 T FActScore J59%, %7556 F
FHRARE TR 2R S AR A i — R FIE IR B —15 B0 A, B R 5552 (atomic fact), FE-F) AR B 8h 56 0F i1 55 52
T SRR IR SR LA A X345 43 . Shafayat % A\ UO'E FActScore &l FEH Multi-Fact )%, &1 1HTZ
T F AR AE B 5 B B S VE VAL i A, KB T LM S s plrb i) 2 A L 5 2248 5 VAl A 0 EE A
Gekhman %5 A\ MOS0 22 i) JBR 1 T TrueTeacher, 33 A FH S 7] (R AR 20 2 ol — L4030 4 2, 01 PR AR 2R 50t 2
BRI, 1% 057 ] LA S RO S M DU 5 B 28 2R I S SRR PR R

FIF KAV T 2546 4 (R LD SEVTAS AT X8 B 1) N AT 45 2 B AT 45 23K, THiEVvPAS 0% 5 e e 52 IR T
KBLRYA B (I8 1, (H T Z ARS8 T4 VPl B A TR ) R i 5.
34 N 2

AT EAR . BRI ZALSS R 3 AN EEREE T B BT R PPl T, FERAN R D7 R 0 EEEAT T R A
Br, RO S 45 AR 1.

F 1 KRERL) Al T80 26

P S Tk S PGSR
s ER TSN PARENT %, Manakul **, WuZ A\ ¥ WEXTS
L?ﬁf%f e PARENT-T®, Knowledge F1°9 B IL)

i TAY E Popovi¢Zs NP7 Martindale®s AP ETRICFIELE
(= BRI Goodrich: A" Nan% A\, LeeZs A, Dugeks A, HEFEL W
e Wang# A" T3
WAEL) S
e Dusek A™ Laban%% A7, KryscinskiZE A, ving A, I IR LD
BT R Goyal%: N, Barrantes§ A7, Dziri% A MNF L BT T EL]
PEA 772 W FITJEL)
PIAMERL: Filippova'™ 25 A, Cao5 A1, yu A1 )
- 1 T % Deng=¢ , AlignScore™ ", AttributionScore™ ™, N5z PR CPlnevit
ST 25 NI, AlignScore!™, AttributionScore!” AR IR FAETLIH R
%ﬁt*ﬁ?‘: U . [66] [68] [69] [70] SSEAL = .
niEval™, BERTScore"™™, BARTScore"", USR'"™, 53500
Weis A7, Su%g AU, Zhang A\
~
e FEQAP", QAGS", QUALS™, QuestEval"”, Data-QuestEval™, 57|??££'J IJL‘;L
= Atz ) [79] [80] [81] WA DL
i YehudaZs A, FreshQA™, Sac3 gﬁ?ﬁg j”,\n,,
> AN
R4/ FVEFT 1 Conv-FEVER™!, HonovichZs AP o N
e - SUMMAC ", Falsesum'®! 1 AR TAEMIZ) 5L
R St S b
g?i};igﬂq ] AT CHO%}\W] , Jiang'/’fﬁ}\[xsl 50y FhrB Ak
W 3
H il HaluBval™, Truthful QA" TofoEval®, DiaHalu™®”,
HaluEval-wild®”, Felm™", PHD"?, ScreenEval®!, FACTOR® .~ N N
FRE(ES%  J7ik alM™), GEMBA"”, Gao% A7, G-Eval®™, FActScore™ @‘W$T‘§E§#"ﬂ
Y, . b El 9 s El & £ % S

Multi-Fact!""”!
¥4 4E: TrueTeacher'™

BT UL, BATREE 4T T 3 KITEMR AR BRI (L3R 2). AR Hran T,

(1) B Hl SO VPG 7 v 1] B0 B, BERG AR AR B IR e v AR L R PP i 8 b A B 7R i L RO KD R L, DA
FEAR A AT DR VP AtRS B HEAT B, GG ] X WAE L5 . Jab PRTISAD 58 DL R bR S0P J& 400 34T PRS2 T #RAEAN
R, BRI A AL — SR IR, i Tk 2 Bk T4 ORI GETHR AR TR B 2L OO 1035 3C, HRERE I
TR A AR SR S8 1K) 0E, BT 10 R RE AL FER AR JE M0 e DA EVEANTE SCZ T e A . RAh, T4
SCARHEAT PP Al A7 FERE B LA 21 .

(2) FT AR PP 73 mT AT IR AR SCARAN A2+ ARZESRAC A DL, (RIS A T RE A SCAR L e VA, HXS
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BN L) 58 S AT B PP A5 HOR. FE T80l SOAR B VPG 753, SRl D7 S R A, PP TR bR s ith 51T
PRV BN R, (HAFE IR B R A, 76 B2 A L AL K0 [ A 1 Sy BR

(3) =T A5 N BIVEAL J7 7% 55 T RS S8 AT 55 30 AT VAT, 38 TR 55 M SR A0 F — O RY. SR, 1207 10— B
A PRI A B4R, I HEAT X LT A, 0 50 18 PO (78 7 i % A% 4, O T KD BE VP AT & T SEEAS 2.

2 ORBERL)SETAS TR B

GEs 4% R
LTS SO A 77 E@gﬁgg " &ﬁﬁégﬁﬂg%gﬁﬁ

4 KRIEBRLRHER A

MR £ 50 ) 2 SRR, 5 DL LD B B 71T Ly N 3 26 Ml 2 L)W G T vk WET 2 K0 L2 A 5 10 LA I
L R L) S G710 R SOB VR BRI S WF 7 B e e 43 A S5 5 T A B AR R X 5 1) R T v
4.1 BURBLIRERAX
411 HARUEE

R B S I BAE £ 51 R IILYBE, SR FR P2 b EL R 22 Rl N TR 2 R S R SR T v, %7 AT DA
Ao R AN ICEE T AR . AN B 3 S0 i R P2 AR IO LD 5. — RO T T BN AELISE . B IRLISE . N
TG LI R SCOF JE L)t — R 1 B O R0 4 5 RSS2 BB RHEE . 91401, Gardent 25 A U4 HY AEILA 1
PR E 2 ] 2 ) R B SCAR VR R T HE SR, A B S A (1) AR R T B P SR AN
[ AH DG H2E A — B B0 0. (2) AL I R R HdiE 50 5 N 58S ¥ SOAR TR e sk, AT I Aff b 4 442 31
EAIIE .

5 —Fh 75 10 L5 R [ B SE O 1 B S, S TR TR B S P (1) A B Mk 5 ) S R A S Ry
WIS, (2) 2Bk WUNA) T 00 32 B A, AR AT R S| F, I F IR R 0 d 44 S S R T R SO E; (3) 18
BB B SUR A F N ERR . Ak, B0 HdE B SCA M AT 5, G T AR T B SO SRS
PN 2R AR TH A £ L 1 B A O,

— LU 7R A A A, R I s R TS LA K B, i, Gabriel 25 A U AR I A1AE FE
SCHEIR A B AT R, DAGIEE — A3 — M 12 Wi BSR4 Honovich 25 A PS5@ ek [ 2 i) AR BRT i) 25, -8
F SRR 75 B L A 20 2R VU0 B, B 7 00 (R 3 T e R X 3 o 0 S S — B, Dzird 25\ MY i 4 Wo W FE v
L5 S, A T3 RS 20 0 S2 $eda 4 FaithDial. (s A A, ) PRSI0 AR BBOHE PR G 77 92538 3 4 P
FAGGEL)BEVT Ak AR 4-, TR Bt ] £ Sy i s B S DA B AL L) 3. AR IX o J7 vk Ll I B A 25000 1) P A A,
B AR T EFE TR RN FI R B JR.

LAk, HoAt 7592t e T b 2 S S e 4 101 i, Cheng 28 N " T — M T HIZ RGN ARIES
A Z R R B 4 HiTab, PR 3 — 413 52 1 50 0% RIS S A 1A 7, AT B FHASE 2R AE jE 5 10 FE S
PERIB . Chen 25 A UG 1 8 S i WA 4 R () KK 4R 45 Logic2Text, F-F MIBHE 2 4 1 i vl {5 FE 135
F. M IR RN 3 AN B (1) HERALEMIGAE; (2) BAER KRS, 3) BEREMHATNINIE. N
T PREFHAEI AR S 1, A A TR HH A 90 R A 1 R A 4R R AR TE IR, — R AT AT R S R T B
TSR B b 5N — RS AR B SEAS FE HOREAS . BARTT 5, Sun 25 A\ UOE Moss T H ISR SE T BIN T I SEROREAR,
AR LR B R A S 2 1 S X P L FE 46 [R5 il R, AT AT Bh s b L B R R A
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25 ERTIR, 385 HoE WA S N SR SR i, R R MR BT ) ) — R B B U T . SR, B
Tk — R FE TR RS, T gk Z iz A, S BB TR FAAT 5 ATIAE R L D k.
4.12 HdETaE

HH TR B 7 v 2 AR RV e RN B 1 B 2 7 V2, T8 I Ak B I A B SR A B TR N R S TR Pk
FF, — M T REAELINE BRI AN E LIS LN SOr B LI
4121 HdEE

B g w7V T T AR e e T80 S Esh e . B AR AR ) R S| R LD TE I ZRER R gl AR, A
G g B NTE SO, 51 An Y T A — SR E AN RS R SN SR AR ). Raunak 25 N VORISR A, 404056 28 AT LR
TR T I TR I 2 75 R A AR R AR, 12 T AR Y P AR N 2 SR B O T R ARE X ) R, — SR
& SR F B v e T BOd R AR v nT B S BUBE B L) AR AR, 1% 07 VRIS F TR G0 T AR AR B S A )
BN o, — b iR I KD ST A PR AR, MG AOTE R R B S N TE SR (45 2, AT X HidE i
BB IE ), — R &, R I BE T VA LA R D R,

(1) AR B LT B PPl R b, RS 2 5 /K P4 B I G A () T i

) KM T PE o 42 B P HE A

(3) RAEAEA R L) s VEHE P, KB IF I U8 AT SE R AR

— e TR O A SO R T SR 1 K50 AR 1 IR, Liu 25 U058 i AR YR - B bR AN, IRl s
A LI A B2, T R Y ) S e R B, Shen 28 AU Y — 3 DL - 0r A0 Ak PR Bt et i ik, @it 2
HHEGZ PR EE &, 2 L]0k

SRIT, SEBI T IE T R 2 S8 5 E K, HIFERE T — B ol RLIw R A7 g, B B AR F R334 8
TRGRN, T AT 5 W AT REAFAE LB 2 BERHE 5 K 1A A, — ST U R AR 2215 BB IE VI GRAE A 5 iR
o NEHE U B, Nie 25 UM — AN T RO NG 08 S B AR B 5 1 I SRR AREE GERSR, T A Rkt
0 NSO RO o7 SCAR 2 [ (R B SN M, 30 17 9 B2 (9 L0 B 12 7 92 A B4 175 e 20 R = B i i AR B b i 2
S, IS TE RN T SRS 1 7 2 RT LA S N AN H 2 ()R8 S — B0, A 7 B R o B A, T SR AR
TAESERM A
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