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Abstract

With the significant expansion of Large Language Models (LLMs), they have demonstrated remarkable
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zero-shot learning capabilities across various NLP tasks, performing well without specific dataset
pre-training. These models have shown strong generalization in language-related fields like
search engines. However, their ability in Multi-Party Conversation (MPC) scenarios, where multi-
ple participants exchange complex information, remains underexplored. This paper evaluates the
application potential of generative LLMs, such as ChatGPT and GPT-4, in the MPC domain. Through
empirical analysis on two MPC datasets with four representative tasks, we assess their zero-shot
learning abilities. Results show that ChatGPT has room for improvement in various MPC tasks, while
GPT-4 shows promising prospects. Additionally, we enhance model performance by integrating
MPC structures and agent mechanisms, covering speaker architectures and agent methods related
to the four tasks. This study comprehensively evaluates generative LLMs in MPC and analyzes strat-
egies for building more efficient and powerful MPC agents, offering new insights for the field. Finally,
we highlight challenges in LLMs’ MPC applications, especially in parsing complex information flows
and generating consistent responses, which may affect practical application.
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1. 5|8

KANE SHAYLLMs), U1 ChatGPT [1181 GPT-4 [2], £ HARIE S AFR(NLP)IEIT B 7 — AN B 4.
XY S KB SCATE R EIRISR, B 5 247 10 A DR 86 N K484, B 4RTE 1787 = B
A A ENHERE T T AOVERE3] [4]. IXLREAY RS MERE A2 10 3% [5] [6]. LLMs REWEALFE 5 Filt NLP
155, 38T 3E 24 327N (prompt) FHR , X SRR B 08 AR A 1 A PAT BT 55, X B N Tt A e R B
BT [7]. SR, RSN NS T SRR, LLMs fEEREAS SRRk 5 i, H
FEoR I O REA S o a0, AR Ak FRATT— B — B L IR (3R 1T DR 2 52 Ry ChatGPT
ITERE[8]. XK, HRRMILEI K& MEE, X LLMs PR E 2.

% 77 %P A B L AR (MPC) [9]/2& AR TE & A IR A — A BB R B A0 7 1) AL T B S R
R I BB AS i, BERBEEEEHEMIFEZ NS 58 2 BIMERENE . BFk, KR
WS TR R LLMs £E % Ff NLP AE 55 R 10]. X1, JREHS 7 REHERE, LLMs f£4# MPC
J7 TR ARG BN A2 A T IEANX — B2 A, AR FRAAEPAA K MPC i 4 st 7 P94
AT55 (CELFE I BRI . W 18 AR o e B AT B A2 ), DA R G HL PPl LLMs (W1 ChatGPT #1 GPT-4)7E
AbHE MPC J5THI R, SEIG45 KW, 7F EmoryNLP Il MELD #¥i#i45 I, ChatGPT fil GPT-4 ¥JREHU{E
5B R S T A AR . TEIN R F 2R G [ 11, 3-95 T — 2 R T, SR, PR ik e B
IR 2 TG S A — SRR . B, XA T B A XSS, M LLE N Bl
AR GRS, SEUE A2 B NG S 53 MR B N RIAE .

B 2 7 01l R AEAE R, ChatGPT [ Agent DhRe4&ft 17— RIGHIAERTT X . Agent Thfg&—Fh
BT N TR BER R eI, RR68 I8 I 3h A48 B SER IE NS 284k, Wit asxt 2 77 258 5K
(1) B fiAe ) 52 A2 B PRITEE R 1% o B4R, Agent DREREWS BE AP sl A2 b B X B B XOR R, AR R IE BT
FTEARIIAE A 2. FEARWF T, AT ChatGPT ) Agent ThAEEEEIFRATN MPC 4589 & 3F5Emg .
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IR Agent IZhAAZHAE ), BAIGENS EARSHEMRIRZ S 5 MR, HAERER &GRSR
WA . SZEGEE KW, ] Agent ThAE/S, HEAUYE EmoryNLP Al MELD #il4E FMERE 25T, RAE
T Agent DJREEFETF LLMs 43 MPC {145 H (1A 20

B, BAVEAR SR oTEkZ =M. 1) 347 7 —OURE ML, LU ChatGPT 1 GPT-4 1&
FREARZ DL R 456 agent b3 MPC [FPERE . X2 [RIZEHF T 28— KA 5T IX 26 LLMs 454 agent J57E
MPC 5 R R L. 2) & T —Fh MPC-agent 777k, 1%/715385% 7 ChatGPT F1 GPT-4 &2 MPC )%
. 1ZEIEHE MPC 615 Z A1 Agent L5843 LLMs 1, MR KH S THERE. 3) FRAITEAIR T
LLMs 7EALER MPC J5 1938 77, FERIBH T A RHE 7 5 B U Bk i . X 2eishig it — D4 LLMs 78
MPC 3 5cHh A B9 5E 7 3.

2. HXIE
2.1. XKiEsEH

Gri4Ek, LLMs JTRES T 22U, GPT-3[3]. Palm[12]. LLaMA [13]. ChatGPT[1]/l GPT-
4 )AL, bR HRTE S A ER AU — N AR, X R A AN T 1 A ORI B 5 TR
RO, JERER THMMRE ), BIEEEE] . B R 14].

BRI TAEME THe 422, 8@ DLW o7 W8T+ LLMs 1PkRe: — R ARG = 14E
ABAE[15][16], BT IEAMEGE LLMs [17] [18]. XU VEA I & 7 BRI 8 435 4 MG R /1,
WHES) T LLMs 7E 20 HARE 5 BT 55 R I R H

2.2. BAFHARIEIRRR

AL TR 2 T5 0k ik e 15 FRA A PR, RO T B AR SRR AR A B M BN E I, BEE
i A 5| A R 2R TR TEHOBOC R AT 1 B AR T SO IS Sk . #E MPC RS BLA J5 1518 % W]
PAZr N2 AR R I TT A T A BRI T o 3 TR R I 77 125 2 B v AR S o] AOK B i (0] 52 v ade 5 e
IR0, T AR R s VR N B AR R B AR TE S B R IR TR AR AR B 2 U0 1 I T 22 Bk
Al BB N A e e R 2 TR B RO AR A SR B B S 1

2.3. 2 NLP ESHIAIBESIRE

LLMs 7E NLP T4 H IR S 7 RE#HE, R T HAEZMMES TR AR ). XETSaEE
FEARZ ). WBEAEN. BEME. 20706 R SRS 1ESE . Fll, BFFE[5]% ChatGPT M) FAEA Y~
REJJHEAT T VPAS, AR, HARE S HEBR A LSS 7 MRRMAE S 280, R TRAE SR BT
MR KZARE DT WETE[6] [191RZR T ChatGPT fF28 B AR 5 A2 PAl 85 9 70, T 710700415 5
For 2 A AR DG HE T 1] R 1 T ST LLMs IR T 6

EARER R, RE LLMs 722 U8 i R, H R BRItz . B 7820180 R geiE sk
47 T ChatGPT 1E I B AT 55 H A B SE A RN 2, 4 b4 32 -4 Hh ST Se e i vt
2.4. KIBESHEE P Agent IhEE

LLMs H1(1) Agent DIREAE AP X a8 B A B, 1281 R NLP S5U38( ) 5 225 78 77 1] . Agent L)
RE M AZ O AE T BB a0 I B 2558 FL S I UG UG PR, ORG v B A P P i PR A Bl o B B o LR B2
AT [2 145 RS ZE (Profile) . icfZ(Memory). M X!(Planning) 1473l (Action), IX L8343 HiplA] TAE, fff Agent
RES e AT 55 o

DOI: 10.12677/5€a.2025.142022 236 BAF AR5 R


https://doi.org/10.12677/sea.2025.142022

Ji

Agent THAEIE BTy — N BEIE, SN E 405 P HEATAS T, FARIERE 0 LR SR s B
P st M SRR A AR TLAE T T SRR R U . Agent HERE SIS F PR, IF
ARIEAHE D A PR AT g, TR A A L 70 A3 2 () S B XIS BLE €2. BEAL, Agent ST
KL Ih R I S TSRS, ANFE LT SO R T OB, T R B e
3. HEiR

R — TS, 12 K2 2 B (LLM) 2 B — B U5 I 4L 2010 £ 7 S 25 X B 21
P25 DL T SEBR N R D 27 R T, BRI T B R RO B MR, fER LLM 3
T TAL S5 KSR RS2 A BT S5 o XTS5 3 R 2 R OB 10, 6 76 5] SRR B A0 HH 7 21155
FORMGE R (RS, AR 4 R R E e, IR 5 8 (temperature) ¥ B A 0. 76 1E 5 B,
TELRE BB — I B HORR S8 SRR 0, PRSI 2y 50 e 1 5 SR, AR R 05 7 £
s, T 5 I R M A A0 T BRI, TR G 4 SR BRI o TP A O T e TR L £ Y
PRI —B0kE. BEAh, A TR AR, WOMES FEATY R, W 1 R iR, X R
BB PEAHE S 0TS 5. FUARALEA TR AT S A0 MR, DU S A7 M 3 5B 58 AT 46

Instruction:
You have been presented with a sequence of multi-party conversational turns, organized
in chronological order:

${Task Instruction}

${Output Template}

${Extra Description}

Use temperature=0, minimize unnecessary words to not get confused.

Input:

${History with Input Template}
${Extend Instruction}

Response:

Figure 1. Task completion prompt template

Bl 1. SERRESHIIR TR

3.1. BEESHRRIA

EEXSREAMESS BT TAFM ], RS LLM 5ERES .

15 I(ED): LLM BTS2 T EANEIE IR, (54842 “UEMH LT n MRZEIEAL0 i
BAEEMER: ()7 o ARSI “Hiak N 2ig: #{num} - {outdutation} // {emotion}” iX &,
n o lHEGRE R E, JFH (RGBSR MG LR M6 “#{num} - {utteration}".

YLk N RAI(ST): LLM AF 5572 il i J5 1 1R Bl N, AR %484 “WEiR s — s i & . 7
Ay tHAB AR oy s R R — AU E . 7 o SUEH BIRE L XA “#{num} - {speaker} :
{utterance}”

Wi S5 (RS): LLM BT 552 i N ik S GaE mRL, AR5 TR A “IORIME S 2 IMiik N &R
G ER R AERRN” o Ff R Y AS UL S . #{num} - {utterance}” . RIEEMILRNMA

“#{num} - {utterance}” . [k, FHARANEBR P EHIE ML)y “Dialogue History: {conversation turns}
Candidates: {candidates}” . K| 2 Frxo
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Instruction:

You have been presented with a sequence of multi-party conversational turns, organized
in chronological order. Your task is to select the most appropriate response from the
candidate set. The output format is "#{i} -- {speaker}: {utterance}".

Use temperature=0, minimize unnecessary words fo not get confiised.

Input:

Dialogue Historv:

Jade: Oh, Bob, he was nothing compared to you. I had to bite my lip to keep fiom
screaming your name.

Chandler: Well, that makes me feel so good.

Jade: It was just so awkward and bumpy.

Ross: Bumpy?

Chandler: Well, mavbe he had some kind of uh, new, cool stvle, that vou're not familiar
with.

Chandler: And 1h mavbe yvou have to get used fo it.

Candidates:

#0 -- Jade: They’re just ten blocks away, if I run, I can make it.

#1 -- Jade: Okay then.

#2 - Jade: Julie! Julie, isn't that great? I mean, isn't that just kick- vou-in-the-crotch,
spit-on-vour-neck fantastic?

#3 -- Jade: Like you, I don't even know where yvou work?

#4 - Jade: I'll get evervbody else, finally we can start celebrating my— I'm soity, uh
apparently I've opened the door to the past.

#5 - Jade: Well there really wasn't much time fo get used to i, vou know what I mean?
#6 -- Jade: Two people screwing in there if vou want to check that out.

#7 - Jade: Come on! The time we were all waiting in line for

#8 -- Jade: No, I mean happy.

Response:

#5 -- Jade: Well there really wasn't much time fo get used to i, vou know what I mean?

Figure 2. Prompt and output for speaker-structured response selection task

B 2. RREIE A LGSR % AE 55 YR R Ande

Wi 82 A2 BG(RG)LLM AT 25 A2 AR A 2, AR 548200 “ IR 55 /e AR U S I (e B2 7 o AN 75 B fit
AR, A AE BT 4502 B A% .

AP UG 2118 IF N LLM DA B3 5 s . HAAHL, A “{speaker}: {utterance}” &#:HA
“futterance} ” FI¥E7N, DA LLM @ 505N EE U5 .

3.2. Agent ZEHIHN

TEAMESS EBA — SR ATV I D Re s 8, 4 REFI# . Chatgpt-4 2xRAE 7R ] H 3R 2 A
155 31 B FH D) REF 2R A B ek 802 W Bl SE AT 55, DU DhRe s B0k Bk R

15 A M (ED): FATRA T4 M 7 DistilBERT 4 % (distilbert-base-uncased-finetuned-sst-2-
english)o X AYE R FUBLIA 1% B R BE S EadbAT T NSRRI, RS DA s i FE TR0 SR o ) 1 ek
) (AR B . TR AE) . KA A BT I 4 SRR NG B RSB R, B R R i At 45 R,
3 fiose
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Instruction:

You have been presented with a sequence of multi-party conversational turns, organized
in chronological order. The multi-party dialogue turns have been anmotated with
‘positive’ or ‘negative’ labels by the emotion detection model after each utterance. Please
refer to the anmotations and incorporate your own jidement. Please evaluate the
emotions of each utterance in the dialogue using the following 7 labels: (‘meutral’,
ovful', 'peaceful’, 'powerful’, 'scared', 'mad', 'sad'). The output format must be: #8 -
Monica Geller: That's vight. // positive. If the speaker is 'Unimown', omit the positive,
e.g., #8 -- Monica Geller: That's right.. Use temperature=0, minimize wmecessary
words to not get confuised.

Input:

#0 -- Monica Geller: Oh my God! // positive

#l -- Paul the Wine Guy: I know, I know, I'm such an idiot. I guess I should have caught
on when she started going to the dentist four and five times a week. I mean, how clean
can teeth get? // negative

#2 -- Monica Geller: My brother's going through that right now, he's such a mess. How
did vou get through it? // negative

#3 -- Paul the Wine Guy: Well, you might try accidentally breaking something valuable
of hers, say her- // negative

#4 -- Monica Geller: -leg? // negative

#5 -- Paul the Wine Guy: That's one way! Me, I- I went for the watch. // negative

#0 -- Monica Geller: You actually broke her watch? Wow! The worst thing I ever did
was, I-I shredded by boyfiiend's favorite bath towel. // negative

#7 -- Paul the Wine Guy: Ooh, steer clear of vou. // positive

#8 -- Monica Geller: That's right. // positive

Response:

#0 -- Monica Geller: Oh my God! // scared

#1 - Paul the Wine Guy: I know, I know, I'm such an idiot. I guess I should have caught
on when she started going to the dentist four and five times a week. I mean, how clean
can teeth get? // sad

#2 -- Monica Geller: My brother's going through that right now, he's such a mess. How
did you get through it? // sad

#3 - Paul the Wine Guy: Well, you might trv accidentally breaking something valuable
of hers, say her-// mad

#4 -- Monica Geller: -leg? // mad

#5 - Paul the Wine Guy: That's one wav! Me, I- Iwent for the watch. // mad

#6 -- Monica Geller: You actually broke her watch? Wow! The worst thing I ever did
was, I-I shredded by boyfriend's favorite bath towel. // mad

#7 - Paul the Wine Guy: Qoh, steer clear of you. // joyful

#8 -- Monica Geller: That's rvight. // joyfitl

Figure 3. Prompt and output for agent-structured emotion detection task

3. SR agent Z5MIRYIHREAGINME S5 RO AN

B A RBI(SD: FATE 1 B m AR E 7575 X — Bt R IBAE T, e s 7 RS
XFFUE N S R RE 71, B RN R SRS E PR E R R, (19 RGN B AP AT ML
X

Wi B 326 FE(RS): FRATHYIE T Wi Sk FR DN RE TR o il vk SO0 135 7 S 5 40 30 M IR ) PR AR B Sk e
P IE WAL o 3K AT B St (K SR VPAS B M 5 24 w0 i B R SCAMULRERE RS, Tk %
et 2 AN .

Wi N AE B(RG): FATR A 1IN AE D B B VE T AR e RSB R, EEAY. )
SR ER. XA DR R A TR TE AR, B R R ORI B R SC, AE S R A B R A R
1]l =28
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4. LI
4.1. BIE&E

EmoryNLP [2215#E 42 — N T a3 R (G A00) MR ERRESEE4E, ST 97 %, 897
WA 12,606 2516 T - BRI BART A RAE % 7 Willeox [23]HER e HE1%, H 7 LMIHLERAE:
Efi(sad)s 1% (mad). FEf(scared). 58K (powerful). “FHf(peaceful). R IR Goyful)Fl % (neutral). iXFh
1 7> R AR R BB BN AT U 26 N RIS I 2R, B prde it 1 35 1 SUE B

MELD [ 24 |4 85 5 5 TE G R v N LFPE 28 2 —: 1517 (Anger). PR (Disgust). 7517 (Sadness).
B i(Joy). FHZ.(Neutral). 11 (Surprise) F1RYIH (Fear). X4 HFRIE 5 G B TR TS . 4
1B T FRATT 556 P1Al £ PR A B0 R R G v s

Table 1. The statistics of the dataset evaluated in this paper
1. AOHEN BRSNS T

R Train Dev Test
EmoryNLP [21] 659 89 79
MELD [23] 1039 114 280

4.2. BLBREIRERE

(1) BERT [25]5& /MR [A)E & R A, v DLEF AR NLP A5 31710 - (2) GPT-2 [26]x&—/NH
FTYIZRE S . (3) BART [27]2 — A EW A dmidds, PR MERNEET transformer HI4EH, @it
Aofi FEAT 20 M 75 R B PR SOAS I 2 5 JE 28 JRUUR SCASK I %k - (4) SPCL-CL-ERC [281 4416 HI 1 BGR AT 5%
FINT Pl 0 B S Bt b 2 ST 40 R R A, T I oF Ll 2 S R A i e T NS 43 = R R IR R, R G
TRMEMLEN:, B ED 5 EmoryNLP Al MELD ${#E4£) SOTA. (5) ChatGPT [1], @ilhnA
B R AR BN IS S I AL 2 S 5 R R R N 288 & Z R C 42 [R5 - (6) GPT-4 [2]2& — /M AH
B 2 AR, AT A2 R AN SO N A A St 7E S A A 2 AR BRI AN SRR
(1 B o

4.3. LAY

FT A I B AL A AdamW [29]07 50T ISR, % 2 AR 6.25¢-5, IFEMEma 0. fit&s
KN E N 128, BEAILE 10 NMARINIZR. XTTF ChatGPT A1 GPT-4, #4114 Hlf# H OpenAl $2L) API
Uit 15 gpt-3.5 turbo-0301 Fl gpt-4-0314.

4.4. TN IEIR
AT VA ED AR5, BATRA 7IELFL W5y, BRI AN B AR A ME. T PR STARS,
BATRHA THERE ACCo T iPH RSATSS, HATRH 7 RI0@1, B 10 M3z bk th A58 — N IE

WERME . AT RG £55, FATRA T ARMERIE T 7757 5 A AL 1 2 B4R 1 SacreBLEU.
ROUGE 1 METEOR. X}T T 6bs, (HEEMLT.

4.5. MPC IBfFMER

w4 2 Fi7n, EmoryNLP #1 MELD %f ED {F451) SOTA SKHEMBIFL[28]. FtkhalH | By
(Supervised)Fl LLMs 7E ZAMES ERTERE, 35 ED. SI A RS. iXEEAT55 0 HIVEAG 1 A BLAE 15 BRI o
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OIE NI R Bk BE FIRE ). 18 SUATSS Y, W, EASRAEB RS NE B RENL T, BE
MNE BRGNS TCVESE I . Rk, FRALE SRS H5%F ChatGPT A1 GPT-4 MTTAL X BR T-F i 15 & 15 5
HIfE L.

7£ EmoryNLP ¥(#i4: |, GPT-4 #£ ED f£45+ 1) F1 3434 39.38, T BERT [f] 34.76 #Il ChatGPT
1 37.16; TAELS & Agent ZiJ5, HAERERE —DIRTFE 43.87, BIR T Agent S5 MIERHN T AR E
AR 1E SIAESH, GPT-4 45411k NS5 KR Agent 45K J5 VTR 2L F)] 69.27, 1L BERT ) 47.82
A1 ChatGPT F 51.42. £ RS fE55 F 4373 FIFEAL S -

7 MELD #4546 I, GPT-4 FIRILFEFESZHE . w/. Speaker & Agent 1145 B AE =/ M4 1344 SOTA.
TEAFS5 RS 1, GPT-4 S/ Agent 451, HAkgei— 242 2 62.33, FHIEK 7 10.19%, #—B5IE [
ARER S5 1A Rk
Table 2. Evaluation results of the MPC comprehension task. Bold numbers indicate the best performance. Empty cells indicate
that the values are not computable. The SOTA for the ED task is SPCL-CL-ERC

% 2. MPC BREESITENER. HERFRIERATIHEME. SBERRTENWARITE M. ED {£558) SOTA
f& SPCL-CL-ERC

- % EmoryNLP MELD
LSt \ ED(F1)  SI(ACC) RS (R10@1) ED(F1)  SI(ACC) RS (R10@1)
Supervised
BERT 34.76 47.82 48.68 61.32 44.18 48.13
SOTA 40.94 - - 67.25 - -
LLMs
ChatGPT 37.16 - 29.11 58.32 - 36.42
w/. Speaker 38.50 51.42 3421 60.90 57.67 39.17
GPT-4 39.38 - 44.30 62.32 - 53.73
w/. Speaker 41.63 64.28 50.00 64.18 78.60 57.46
w/. Agent 43.87 - 56.24 67.93 - 5921
w/. Speaker
& Agent 45.54 69.27 59.83 69.64 81.26 62.33

4.6. MPC % BTN ER

W 3 fan, WFWBREAL, 40 GPT-2 A1 BART, ‘EAIENARSE_F L H0E L TH5AE LLMs, X
AT RE IR A T EAITE 2RI A2 R R A 5 Ak . TEFR bR B TR S I8, B HAEE RS S
2 SCA AR RE 5 i R SC AR 7 TR A 35

2 GPT-4 RIS TAFRFMEE 4K, W Speaker (K5 #). Agent (fRER) DL L EH L5 &0, HAEAR
[N PPl fa s R 2 I R 2 R B4Rk, GPT-4 w/ Speaker /£ MELD #lli{ % F[) S-
BLEU 73 #(#2 7+ % 0.9666, ROUGE L 73%04 8.89, METEOR 73 #U N 13.06, XEHIMAK & &5 EX T
PR IZI AR R ERE R A s . i — PSS Agent 55, B GPT-4 w/ Agent I}, 84 7E MELD
M4 B S-BLEU 20 #udk— 4425 %) 1.1021, ROUGE L 43%04 9.97, METEOR 73#0K 14.24, Eoni
AERAE B BN T FHAR Y 1t G [ AF 22, i H @& /£ METEOR #&#5 L.

&5 NVEB I, X4 GPT-4 FIRT 454 T Speaker f1 Agent 155, B GPT-4 w/ Speaker & Agent i, F
LEPANINREE _F R IIE B T &4k, S-BLEU 430N 1.2679, ROUGE_L 43%0N 11.18, METEOR 4%
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IS 14,67 1X— S5 RBE 1 XE# A (5 BB G THe R Ak e A B 240, JF HLREWS B & 3R T
BAELZ AR R BRI, XERIERY, MBS EZ N EFUER, v BUA Rohhg se s 78 5 58
T E A HAESS TP IR, U AE AR RO Wi Y T o

Table 3. Evaluation results of the MPC generation task. Bold numbers indicate the results achieved the best performance. S-
BLEU stands for SacreBLEU. Empty cells indicate that the values are not computable

% 3.MPC £ RIESHIFEER . MERFRRERIER T REMEE. S-BLEU 2 SacreBLEU K45 . THIBTTARR
RENHAAITE MY

~_

gk EmoryNLP MELD
(e \\\\\\\ S-BLEU ROUGE-L METEOR  S-BLEU ROUGE-L METEOR
Supervised
GPT-2 0.6175 7.90 10.26 0.5160 6.01 7.74
BART 0.7009 8.63 11.86 10757 8.64 10.37
SOTA - - - - - -
LLMs
ChatGPT 0.5358 9.03 1130 0.9059 7.13 8.63
wl. Speaker 0.3082 8.95 11.45 0.9159 8.17 9.86
GPT-4 0.4608 8.60 12.22 0.9301 8.93 12.43
wl. Speaker 0.9049 9.99 14.61 0.9666 8.89 13.06
w/. Agent 11643 11.33 16.81 1.1021 9.97 14.24
w/. Speaker
1.3432 11.89 17.58 1.2679 11.18 14.67
& Agent

5. B4

A SCRNIR T T RHE 5 A (LLMs) 7 A2 i 2 $ HE(MPCs) J5 TH I RE /1, X2 — AN MR TE 01 7
(R4 . 3BT % ChatGPT Al GPT-4 7£ EmoryNLP Al MELD Pi/Mfi4T MPC a4 Fir4l, FATAR IR
SRR TS B ISR A S R M e . RERIERA T A S HMREEE)S, GPT-4 T2 /MT
R B IVERESE T, X R BNHEH FICE B B A T s A M e e

PR BT E R IE K AYE 5 A (LLMs) W1 ChatGPT Al GPT-4 1F £ 5% i (MPC)AT: 55 Hh (R B 7 T 473 ¥
B, HEEWEARTME. WOMIE MR A B 535 5 B R A &, B Re 78 42 st
RULE AL AT Z 0 RIS (38 170 AL 248 K BB A Agent 15 20, ARG TT 30T S AR 1k
RAIESEVELY Wb iR

H BT ISR B T RE M R 78 0 K 3% LLMs fE MPC T4 hEAERE Sy, JCHRAEFRIH Agent {5 B
M. Agent {5 2 (R4 56T B0 B SR S5 I 2C FLBhAS B 02, "2 R 34 BB Y o 0 M B A 0 1)
FRSCRE M. Fk, SRR TS A, AOUCE T RERI LLMs B ERE, IRE
8RR ChatGPT Fil GPT-4 7E AL MPC {145 J7 THI [ 4B 1

PRZE A SRIL R A, DA CRTE MPC AT 55 4038 o 5 K FR B R FH Ik 8 5 AT S AR D RE, koK
AR —NEE 7. B OB, AT DU b 5| SR Agent /58, MIMITE 2 H AT
A AT S5 P B AR EER . R RIRE A B XAV RERS SR T P AL, IEREHES) LLMs 76
I BN s R K AR
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