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A Comparative Analysis of Large Language Models as Debaters’
Performance in Multi- Agent Debates
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Abstract: In order to explore the potential and limitations of Large Language Models (LLLMs) in simulating
human intelligence, particularly in debate capabilities, a framework called CORAG-MAD was constructed that
integrated Chain-of-Thought (CoT) and Retrieval Augmented Generation (RAG) techniques into Multi-Agent
Debate (MAD). It was designed to simulate the process of human debating competition, including four stages:
opening statements, attack and defence, free debate, and closing statements. It was employed in three distinct

debate scenarios: fair debate, unequal debate, and mixed debate. By combining automated evaluation tools
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and human expert review, a thorough analysis of the debate content was conducted. The experiment, using
the OrChiD dataset as the test platform, shows that CORAG-MAD can effectively improve several abilities
of LLMs in various debate scenarios. Specifically, in the unequality debate, I.LLMs’ logical reasoning score
improves up to 57.56% and creativity score improves up to 49. 77%; in the mixed debate, 1.ILMs’ collaborative
ability improves up to 23. 36%, and overall performance improves up to 28.20%. This paper presented ablation
and comparative experiments, which were conducted to verify the effectiveness of the CoT in enhancing logical
reasoning, the RAG in enhancing factual accuracy and stimulating creative thinking, and the CoRAG approach
in MAD.

Key words: multi-agent debate; retrieval-augmented generation; chain-of-thought; large language mod-

els; NLP
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1.2 MAD
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2 CoRAG-MAD

2.1 Multi-Agent Debate

52 [E PR ARTERHE B TR &, ARSI T
— A MAD Ji A (i 1 froR), EEAAFEIFE AL
W BUARY . A BAHS S SRR A IR

@ Opening Statements (1st Speakers) *
PRO;—CON, CON;—>PRO,
#  Atitack and Defence (2nd and 3rd speakers)
> &, Your side believes that providing ..., what For the PRO_2, how does providing UBI solve the :
“ Free Debate PR;; alternatives do you think ...? problem of ...? e
é} Closingg Statements (4th speakers) If UBI is not provided, we can ..., such as ... So, a o) Providing a UBI can provide some financial
ﬁ does the positive side think that ...? = support ...
PRO,
0 5. The provision of UBI will ..., but we can solve this

) Distinguished members of the jury and members of
. . .
-+ the audience, we firmly believe that ...

Honorable judges and audience, we oppose the :
provision of UBI because we believe that ... I

]

5, In conclusion, providing universal basic income is

=y . . .

= not just a compassionate choice; ...
= J P =

In wrapping up, it's crucial to acknowledge the ‘

noble intentions ...
con,

=" problem ... First, we can ...
RO3

), I'would like to ask CON_1, your side mentioned
=" that UBI may increase ..., but do you think ... ?
PRO,

vl Despite concerns about ..., I'd like to ask CON_3,
= your side ..., but can we ensure that ... ?
PRO,

So how does the opposite side think loy a
can ..., if UBI is not provided?

20 @um

Thank you for your question. It is true that..., I'd
like to ask the PRO_1, ..., is there ... ?

Education and training are ..., but UBI may ..., I'd :
like to ask the PRO_3, how do you think ... ?

K1 ZRBHEHE R
Fig.1 The multi-agent debate rounds
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Tab.1 The description of the symbols

e X
A RIS A
P Ex
c RJr
pile; EJ /I Es iR
S BreY RS
S; ERTR(S o775
L FFMMLU (4 LLMs BYRE S1 325
I RE BB I LLMs
ly BEJJAH 21 LLMs
L BE IR LLMs
{®) o)
b VS -4

Three debate scenarios
ly Vs
lya vs L

Livly vs Lasla

2 3FEREYR
Fig.2 Three debate scenarios
# 2 3FARIRHE YR B RRIB S

Tab. 2 The detailed model setup for the three different debate scenarios

s  Plc A MMLU L
Claude3-Haiku 75.2 Ly

P Qwenl.5-32B 73.4 ly
Mixtral-8 X 7B-MoE 70.6 ly

Phi-3-mini 3.8B 68.8 ly

Si Phi-3-small 7B 75.3 l
c Grok-1 73.0 ly
GPT-3.5 70.0 L

[Llama3-8B-Instruct 68.4 Ly

Claude3-Opus 86.8 [

GPT-4 86.4 L,

7 Gemini-ultra 83.7 Ly

S Gemini 1.5 Pro 81.9 Ly
v Mixtral-8 X 7B-MoE 70.6 [,
c GPT-3.5 70.0 [
Phi-3-mini 3.8B 68.8 [

LLlama3-8B-Instruct 68.4 [,

GPT—4 86.4 [

P Mixtral-8 X 7B-MoE 70.6 [
Gemini-ultra 83.7 Ly

s Phi-3-mini 3.8B 68.8 [y
e Claude3-Opus 86.8 L
c GPT-3.5 70.0 [

Gemini 1.5 Pro 81.9 Ly

Llama3-8B-Instruct 68.4 [,

AR F B H AR XA MADAHESE, SRR
I LLMs fERAU AR BEDr P . 2T,

TR T — R Y B A [ 4k v 2R, st CoT
KR LLMs (HERLEE T, B PR HAS Uk 7 s 3 m 4
SO, SRR, RS RAG Jrifde b
BERIZ e, DT 4 v 2B LA 28 R P
B 1 CoRAG
WA IRHES A={p;, oo FIBERE T,
Wl AT ES €
1oHEHE R FHA EMnfehzs
2. A. for Each( (a)="> {
#WH CoT
let Initial CoT = CoT(a, #);
HEKIEWIAAL CoT A RAG fE B
let RAG _Info = RAG(Initial_CoT);
SW B G AR EHE R
&, = Integrate(Initial_CoT, RAG _Info)});
FREACB TG &
a.push({&: &,);
SHEHE R S INNBEHE R FHEET
Eappend(&,,)

)
3. Repeat Debate(p,, ¢;) {
EARIE p, B BBRIR R T HE BN p, i CoT
let Adapt_CoT = CoT(p,.&, ¢;.8);
HRIEENZS CoT AW RAG 15 B
let RAG _Info = RAG(Adapt_CoT);
WM LS L p, A SHRE AT
&,4p = Integrate(Adapt_CoT, RAG _Info);
SR p, ZHIAHE K
PirE= Eups
=4 p ERR R F I MBBHE K 5 EA
Eappend(£,,);
if AR A 4550 {
FIET p, R F LW ¢ MBEIESENS R F
Debate(c;, p,);

1
} Until BHEZETR .
4. return £

2.2 CoRAG

TEN T RESIER , MAD B s A RZE A S IE
FHER R IOT-&5 . b T — 205 LLMs £
NREREMBE ), ACBIAT —F345 T CoT M
RAG H AR BT CoORAG, S7EMHE MAD i
RIS s R B BT A S S E M, A REAR
B2 bl 151 i S L ES AN R BN e 2 I S SPiN
J5 2 B F A LLMs #2718 B 5261, &S B 3.

SEHEHY CoRAG J AR N L 1 s, HARMRRE
mr.

1 CoT Az pl: BN AR S 3 Ml 0
K CoT MU BwI iR CoT, A B T )
RIS S

2) RAG {5 B A : #3d RAG 7 A R A5
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B, 15 CoT, BRI RS 4) FhAE ﬁIE*E?EXT?E’J fos RPN ki S
D HERE  BRRIEES CoT ¥4 HEH, J\ﬁ%&fbﬂi BT
A IR MR & A o

Prompt 1. Prompt for generating initial answers in debate process Q

[## Debate Topic and Teams

{topic} Prompt 2. Prompt for generating open-search query in debate process
[## Introduction >

Try to develop/refute this point by thinking step-by-step and make the answer more structured. ?fo[p)ii b}ate Topic:and Teans

[Use \n \n to divide the answer into several paragraphs.
Hust respond to the introductions directly.

DO NOT add additional explanations or introducement in the answer unless you are asked to. ## Proceedings of the Debate

{chat_history}

Prompt 3. Prompt for revising answer according to retrieved materials in debate process ?# Conte;n
answer

[##Existing Text in Wiki Web:

## Introduction

{content} T want to verify the correctness of this answer and the arguments of the opposing defence,
[## Debate Topic and Teams especially the le_xst sentences. _
{topic} Please summarise the content according to the appropriate debate.

This summary is used as a search query for the Bing/Google search engine.
l## Answer: The query should be short but specific to promise that Bing/Google can find related
{answer} knowledge or pages.

You can also use search syntax to make the query short and clear enough for the search
engine to find relevant language data.

[##Instruction: z :
Try to make the query as relevant as possible to the last few sentences in the content.

I want to revise the answer according to retrieved related text of the question in WIKI pages.
'You need to check that the answer is consistent with your side of the argument.

If it is, you can use it to supplement the content of your argument, otherwise you should construct a response and fRIMEORTANIE s s : 3 A
rebuttal to that content in advance. Just output the query directly. DO NOT add add 1 or d in the
**[MPORTANT** answer unless you are asked to.

Try to retain structure (multiple paragraphs) in your revised answer to make it more organised for comprehension. Use
\n \n to divide the answer into several paragraphs. Just output the revised answer directly. DO NOT add additional {agent}
explanations or introducement in the answer unless you are asked to.

{agent} W

K3 fesnin Sefl
Fig.3 The detailed settings for prompts

CoRAG FIFIRAG # AN CoT 2R b N%ﬁr;%; I=NICHIIHRE L 5 w, WAE, —
FfE BR, fF— 2 BEEE LakAb T CoT 78 35 S5 i ﬂﬁmﬁﬁ , AR EEAS n-gram MR ARSE ; p, K
PET TR AS R ol 5 B RS HLE A R 2R E 74% E— .
BRI A, NIRRT LMs gty PR B SCRIICH S n-gram H R X
FEMOTht. HAh, CoRAG il S5 R HLI 6 ﬁi%imi**“@f%ﬁi%%ﬁ”?
LLMs 7E5f ¥ bR 92 s SO e, g fpep (Brevity Penaliy) BRVEAEIITS, JHFAETTE R

LAV IRAER | 3235 B0 R ULIR ) . AR DL

3 5L
31 R o o AR BSCAR K B CRL B 3R] B 3R] T ok B
015 r RS2 AR R SRR .

ASCK H s AL 5 N TG A SE A, 40 PPL: PPL i i 13545 7Y A pl S A HE 46 431 4
PEAE LLMs 76 #5480 SEHE 18 7 1 1) A 3450 e B E‘Jﬂ{ﬁyﬂﬂ{ﬁﬂ%iﬂﬂ?ﬁm =AY ) % B AR
P, T B A M T AR RE R RE ) P, Ay
311 EETE . N

o T WA A BB B 1 4 5 H%=]Imwm_,“w)y )
R, RS T — AT, \ TR
FBLEU . PPL . ROUGE-2 fIROUGE-L. AR : NIXERHNEARATHR

BLEU: BLEU Jt— i PR pLAs B 5 | (e o w SORAEil 1 = I tinskin e
1 5 S AL R b A S PGB , BERYTRINER A iRl sia e iR . PPL

TR \ M \A o
T A A BT S0 A 5 A S A7 B3 ﬁtﬁii?%iiﬁﬁf?;;im£;y¢
G AR . FLH AR  RC

55 % R Z [0 7E bigram (I E SR, DI
BLEU=DBP X ¢ S o (4) MM R, HEAR R

1, i c>r,

T

e ¢ if ¢<r,

BP= (5
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> > cu(bi)

ROUGE2 = * "= 7
Ec‘( bi)

Se{R}beS
L ARV IS HUARES; o, (b)) HERIAY
225 AR L [E] Y BE Y bigram AR 5 ¢(bi) A S
2 SCAH bigram A9 EECE:

ROUGE - L: ROUGE - L i i3 18 A4 i 3¢
A5 2% UK Z 8 1Y f K A 37 )5 81 (Longest
Common Subsequence, 1L.CS) i J& >k 3 Al SC A<
T ERS R, HHREAR R

LCS(X, Y
ROUGE*LZQ, (8)

m

A XA RSCAR s YIS UAR; LCS(X, Y)

KXY Z W EKALTFIFINKE; mhS
% SRR LB 3R 8 B4 . ROUGE
- L ER R, SRR A BUUR 5 55 SURTE S A
A AR RL, % B M AT
3.1.2 NI

HTIRAGITBHENE , ASCRTE Tk 3
FER N TP FE bR, 8 0T 4 SRS . %
4 H (Logical Reasoning, LR) . B 77 (Creativ-
ity, C,) . Hp4E (Collaboration, C,) il 4 A& ¥ fiE
(Overall Performance, OP) . LR FAACHE A TEHE
Ve AL 8 B e TR AR S TS B v 2 R R Y
RET 5 C PPAG R H 09 SR M L a5 R i ke 7 22 1Y
AT 5 Co Ml i FLAE S — 1> BT BN 58 A 55 B 350%
OP ZE A WA AR BT

* 3 ANTAFMATRa BT

Tab.3 The detailed design of manual evaluation

EEL7Y P YERE PR PR
B WEUEIE BT 0~20 I HARE P AR SR IRIE
(LR) ) L T b 0~10 PUNSRT B S AN 7
A S P 0~10 FE53 BOUEE A 2 5]
ol SRR A 0~15 JIr S B A %iiEE‘{%ﬁ%D‘IﬁE I
) B i phe ) 0~15 A i 17 3 pR ]
! JUZE B 0~10 B 3EE R A B SR )
e P BA B fE 0~15 L5 P B SR AT A B B RE T
) ZilNAYN 0~10 TS5 I S AT 107 UL ik
) BHE YR E 0~15 TEREIE T -5 A B I AR AE
bR HekR 0~40 i§§?§ﬁ \Eiﬁ%'&lj'i!ﬁ'é S5
OP) SRS o 0~15 ARG AL 1 Rt 23 V8] A S Mt ) BE
B 0~15 TEVLIRX T FIPPZE Ty Th] AT Rk

N TN TSR A TENE, il T —% %
JUAEPEAl AT A, B 5% B4 T8 5 o L SRR IS UK
RN, PATBA R BAMREE 2 3 32 1 i PE oA ofie, %oF
LLMs 7EAEIE 16 3h o B9 R BEAT WAL o P4l e
T, BB Z BN AT AR A 583, R T A7 A
28 5 BRIWVESY , AR L K AT 0 IR F8 P
fiti, ARR AR VP 45 SR 0 b S A AT FE:

3.2 HIEE

EA W SE B 5258 3815, SR H OrChiD 204
LB AR 1 2183 B AL R B BHE ALK,
X LERE IS R AR 476 AR Y 38 SC AT
1, A8 2 436 MREE L RS 14 133158 4
BTG IE , AP LLMs 76 R BEHE 5
TP T — A BRI G

3.3 XBEE

MR LLMs 7 MMLU /i #3508 Ho 0k 34

REBIBESTRR U, L, L), FEAECZE 3FAR[R
IBHEFE (S, Soy SO, HARRIMERILE 2 .

h TR BRE N A2, AR SCRENL AR
OrChiD H R, 4355 A Z ATty 3 FhAS [A]
R Y scrh, S HERR A i LLMs QA RS T
REPE AL IR S IL A

3.4 SRIHRE

LA . 1D ARSI, AL A EERES
BAMHLAY BOAE A, e i f 60 GE D5 F )

2)  PEEPST. LLMs i MAD HEZL 5077 5E
W ERRSE T, LLMs /CHELHE i RAG AR
FHAZE, IR CoT ik 26 {3 & fil 45 5] 5
e

3 HEFIEsR. BRE R, KA
0 TR, LUMESETE 2 PEAG F o HT

L V5. T A ST T EAA
TG FEAR X AR 45 A TR
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3.5 HBSCIS

3.5.1 EREE

J9 T BAE CORAG-MAD HE Z8 v 45 4% 0 5 ke
(IVE RIS, AR SCBETT T — RATH A, X
PO FE -

D P BEH S . AR SR B E TR CoT
(B RAGOBEERAERFSAT 55 o OIS AL RE . AR SCHY
7SR IR, H P S CoT (3 RAG) AR
He, [AIAE ) RAG (8 CoTOREH: . i1t % 20 B
Ja 5 K58 H CoT (8 RAG)O#EH Y LLMs fEBHE
5 EARRI, BERFRL CoT(B{RAG)
REHTHES R BE A Th 37 BTk 5

2) CoT 5 RAGEERELS : TEiX—3gar, [l

W CoT MIRAG &, B HALRIMEH] T LLMs 1y5E
WAES T, DITEAEEST LLMSs ARSI RE A L35 520 .

3.5.2 SEERZER

TEZ 4 v, AL Llama3-8B- Instruct H 141,
JE7R T CoRAG 45 B H X BEE 15 . ELAAR M
m o, AUBIE CoT A Hemh |, 78 3 Fh BE 8 9 &
(S1, So, SO, BIRIAE B ARERL (LR 4E B 11973
B EEAR TR CoT Bt S BLE TF A3, Horp,
ARSI T (SO T, HIRTHECER I R,
W4T CoT BB AL 1 v s 7Y 3% 5 5L RE ) 7 1HT 1)
W1, iR T HAE R AR X R BRSSP 8E h
ORI ET I

F 4 AEMAD T CoRAG B (14 A BTl 8 b 43 A b

Tab.4 Comparison of automated assessment metric scores before and after the use of CORAG in MAD

A sk brifE
piiaioeTp e TR

BLEU PPL ROUGE-2 ROUGE-L
Claude3-Haiku 0.287 (0.342) 12.45(9.86) 0.143(0.194) 0.291 (0.362)
Qwen1.5-32B 0.312(0.378) 9.87 (8.12) 0.168 (0.217) 0.324 (0.395)
Mixtral-8 X 7B-MoE 0.296 (0.354) 11.02 (9.63) 0.154 (0.201) 0.305 (0.371)
S Phi-3-mini 3.8B 0.274 (0.326) 13.21(10.98) 0.317 (0.183) 0.282 (0.352)
! Phi-3-small 7B 0.301 (0.365) 10.43 (8.94) 0.159 (0.208) 0.312 (0.387)
Grok-1 0.293 (0.349) 11.56 (9.27) 0.149 (0.198) 0.301 (0.368)
GPT-3.5 0.327 (0.392) 9.23(7.45) 0.175(0.231) 0.337 (0.413)
Llama3-8B-Tnstruct 0.315(0.379) 10.12 (8.09) 0.169 (0.219) 0.328 (0.396)
Claude3-Opus 0.281(0.327) 25.23(10.45) 0.149 (0.192) 0.287 (0.354)
GPT4 0.315(0.368) 11.78(9.12) 0.171(0.213) 0.324 (0.381)
Gemini-ultra 0.294 (0.342) 13.45 (11.67) 0.158 (0.189) 0.302 (0.361)
S Gemini 1.5 Pro 0.278(0.324) 16.31 (12.83) 0.144 (0.177) 0.281 (0.342)
: Mixtral- X 7B-MoE 0.267 (0.311) 17.56 (14.29) 0.136 (0.168) 0.273 (0.328)
GPT-3.5 0.301 (0.353) 12.90 (10.76) 0.162 (0.198) 0.311(0.372)
Phi-3-mini 3.8B 0.254 (0.296) 18.73 (16.42) 0.129 (0.159) 0.261(0.317)
Llama3-8B-Instruct 0.289 (0.331) 14.87 (13.15) 0.153 (0.184) 0.296 (0.357)
GPT4 0.310(0.354) 12.15(10.42) 0.169 (0.197) 0.325 (0.368)
Mixtral-8 X 7B-MoE 0.285(0.321) 14.78 (12.87) 0.148 (0.178) 0.296 (0.339)
Gemini-ultra 0.302 (0.342) 13.27 (11.53) 0.161 (0.190) 0.312 (0.357)
s Phi-3-mini 3.8B 0.263(0.298) 16.92 (15.41) 0.134 (0.159) 0.274 (0.315)
o Claude3-Opus 0.297 (0.335) 13.89 (11.94) 0.157 (0.183) 0.308 (0.349)
GPT-3.5 0.305 (0.339) 12.64 (11.36) 0.164 (0.186) 0.319 (0.352)
Gemini 1.5 Pro 0.280 (0.312) 15.36 (13.72) 0.145 (0.169) 0.291 (0.327)
Llama3-8B-Instruct 0.292 (0.327) 14.23 (12.98) 0.152(0.176) 0.301 (0.341)
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Fig.4 The average scores of manual metrics before and after utilizing CoORAG during the attack and defence phase of MAD (Taking GPT-
4.0 and GPT-3. 5 as examples)
3) RE2™, [n] {8 # £ (Re-Reading the ques-

tion as input) , % J7 {38 1 5 o ML i A TE R A B
7 R IR RS L, LLMs RE A% 42 B I 2 Wk 110
UL, IR AR, RS AU R .
3.6.2 SLERZE
TE L) Llama3-8B-Instruct & 5] #4 XF Lt 22 56
o, R 7 AR A T 6 bR S S TR Y R
M. MR 5 BHETTA, CoRAG FIETELA T
TGN, BERT M

HARWH, LaTRO B, £ LR LTI &,
TE 3R BRHE R, A IR fERIRL, 1550 4)
B TE7.42, 7.10 F15. 88, {H 5 CoRAG {14 2
Hi; RAPFVEAE LR AN C, Jr R M v], [H7E C,
PEFHIEEE R & CoRAG ; RE2 J5 & Wi 5 A
BONFR, (IR PR TR AR AR, JUHAE LR
J7 15 CoRAG £ A i 2515

3.6 XL

3.6.1 LEE

T A HERR LA CoORAG-MAD HEZE
B R, AR SCERCT PR LA S 11818 LLMs
PERE B BT 7 R AT X6 LS 58 5317 o

D) LaTRO™ : B HE# /b (Latent Reason-
ing Optimization) , 1% J7 Z: 44 4 Bt #2258 Lo AT
TES A R AE , TS W 7 gk A dl, o
WM ER B Wt 2 R L, T 3 R R4 T
LLMs 5 Z it B fE

2) RAPY . i} % 4 P (Reasoning via Plan-
ning) , 1% 7 38 26 LLMs [a] B 7 24 tH SR 7 fn
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#5 LR, Cy, C,, OPMHIAHZEH (L Llama3-8B-Instruct J{)
Tab.5 Evaluation results on LR, C;, C,, OP(using LLlama3-8B-

Instruct as an example)

Jrid LR C C, or Ky

21.51 16.13 25.86 44.68 S,

— 18.26 15.59 18.33 35.52 S,
2243 18.28 26.37 46.98 S;

29.76 15.92 27.31 51.03 S,

+ CoT 25.69 15.76 20.19 41.78 S,
29.87 17.84 27.85 53.08 Ss

21.47 23.41 28.10 51.18 Sp

+ RAG 18.20 21.96 20.35 41.59 S,
24.31 23.04 27.77 53.26 S;

30.144 23.464 31.18% 56.744 S

+CoRAG  28.774 22.354 22.314 43.294 S,
31.214 23.294 32.534 60.234 S;

28.93 16.00 28.32 48.94 S

+LaTRO 25.36 15.84 20.19 41.62 S,
28.31 18.17 27.96 50.74 S

30.07 21.45 29.24 53.68 S,

+RAP 27.08 15.43 21.41 42.82 S,
30.96 20.48 30.89 56.94 Ss

25.76 18.48 26.19 48.71 S

+RE2 22.78 16.52 19.68 41.84 S,

26.94 21.69 27.34 50.28 S;
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