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Do LLMs work well for all tasks?
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Do LLMs work well for all tasks?
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What is “Al Agents Debate"?

% Al Agents Debate with Multi-LLMs
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How can Multi-Agents be used?

1) Convergence 2) Judge 3) Voting
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How can Multi-Agents be used?

1) Convergence 2) Judge 3) Voting
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Abstract

Large language models (LLMs) have demonstrated remarkable capabilities in
language generation, understanding, and few-shot learning in recent years.
extensive body of work has explored how their performance may be further im-
proved through the tools of prompting, ranging from verification, self-consistency,
or intermediate scratchpads. In this paper, we present a complementary approach
to improve language responses where multiple language model instances propose
and debate their individual responses and reasoning processes over multiple rounds
to arrive at a common final answer. Our findings indicate that this approach
significantly enhances mathematical and strategic reasoning across a number of
tasks. We also demonstrate that our approach improves the factual validity of
generated content, reducing fallacious answers and hallucinations that contem-
porary models are prone to. Our approach may be directly applied to existing
black-box models and uses identical procedure and prompts for all tasks we inves-
tigate. Overall, our findings suggest that such "society of minds” approach has the
potential to significantly advance the capabilities of LLMs and pave the way for
further breakthroughs in language generation and understanding. Project website
at https://composable-models. github. io/11m_debate/.

Tsinghua University 2Shanghai Jiao Tong University *Tencent Al Lab
I{liangt21@mails,yang.yujiu@sz}.tsinghua.edu.cn
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Abstract

Modern large language models (LLMs) like
ChatGPT have shown remarkable performance
on general language tasks but still struggle on
complex reasoning tasks, which drives the re-
search on cognitive behaviors of LLMs to ex-
plore human-like problem-solving strategies.
Along this direction, one representative strat-
egy is self-reflection, which asks an LLM to
refine the solution with the feedback gener-
ated by itself iteratively. However, our study
shows that such reflection-style methods suf-
fer from the Degeneration-of-Thought (DoT)
problem: once the LLM has established confi-
dence in its solutions, it is unable to generate
novel thoughts later through reflection even if
its initial stance is incorrect. To address the
DoT problem, we propose a Multi-Agent De-
bate (MAD) framework, in which multiple
agents express their arguments in the state of

“tit for tat” and a judge manages the debate

process to obtain a final solution. Clearly, our

3{joelwxjiao,brightxwang,zptu)@tencent.com
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Figure 1: Disagreement between two adjacent iterations
with respect to the iteration of debate/self-reflection.

etal., 2023) but still struggle on complex reasoning
tasks (Zhu et al., 2023a; Gou et al., 2023), which
drives the research on cognitive behaviors of LLMs

to explore human-like problem-solving strategies.

In particular, self-reflection (Madaan et al., 2024;
Shinn et al., 2024), a concept that usually refers to
the process of introspection and examination of a
person’s own thoughts, has been explored to solve

{cychen, swarna, mbansal}@cs.unc.edu

Abstract

Large Language Models (LLMs) still struggle
with natural language reasoning tasks. Moti-
vated by the society of minds (Minsky, 1988),
we propose RECONCILE, a multi-model multi-
agent framework designed as a round table con-
ference among diverse LLM agents. RECON-
CILE enhances collaborative reasoning between
LLM agents via multiple rounds of discussion,
learning to convince other agents to improve
their answers, and employing a confidence-
weighted voting mechanism that leads to a bet-
ter consensus. In each round, RECONCILE
initiates discussion between agents via a ‘dis-
cussion prompt’ that consists of (a) grouped
answers and explanations generated by cach
agent in the previous round, (b) their confi-
dence scores, and (c) demonstrations of answer-
rectifying human explanations, used for con-
vincing other agents. Experiments on seven
benchmarks demonstrate that RECONCILE sig-
nificantly improves LLMs’ reasoning — both
individually and as a team — surpassing prior
single-agent and multi-agent basclines by up
10 11.4% and_even outnerforming GPT.A on

self-reflection is an introspective process that al-
lows the model to improve its outputs by generat-
ing feedback from the model itself (Madaan et al.,
2023; Shinn et al., 2023). However, self-reflection
suffers from Degeneration-of-Thought — when the
model is overly confident in its answer, it is un-
able to generate novel thoughts even after multiple
rounds of feedback (Liang et al., 2023).

To promote more diverse thoughts, past work
has drawn inspiration from the concept of society
of minds in multi-agent systems (Minsky, 1988;
Zhuge et al., 2023). It highlights the importance of
communication and collaboration between multiple
agents for complex decision-making tasks. While
such like multi-agent de-
bate (Liang et al., 2023; Du et al., 2023) increase
the reasoning diversity through the process of a
debate, multiple agents have typically been lim-
ited to different instances of the same underlying
model like ChatGPT (OpenAL, 2022).% This results
in an inherent model bias, a restricted knowledge
scope, and a lack of external feedback from other
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% Improving Factuality and Reasoning in Language Models through Multiagent Debate
« 2023 Google Brain, 212 £ 1177%]

Improving Factuality and Reasoning in Language
Models through Multiagent Debate
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% Improving Factuality and Reasoning in Language Models through Multiagent Debate
« 20234 Google Brain, 212 £ 11772]
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User Input: A treasure hunter found a buried treasure chest filled with gems. There were 175 diamonds, 35 fewer rubies than
diamonds, and twice the number of emeralds than the rubies. How many of the gems were there in the chest?

N

Data Mining
Quality Analytics

Agent 1: Let x be the number of rubies. Then the number of diamonds is 175.
And the number of emeralds is 2(x-35), since there are twice as many
emeralds as rubies and there are 35 fewer rubies than diamonds.

To find the total number of gems, we add the number of diamonds, rubies,
and emeralds: Total gems = 175 + x + 2(x-35) = 3x + 105.

We don't know the exact value of x, but we do know that it represents the
number of rubies, which is less than 175 (since there are 35 fewer rubies than
diamonds). Let's try some values of x: If x = 50, then the total gems = 3(50) +
105 = 255. If x = 100, then the total gems = 3(100) + 105 = 405.

Since we know there were fewer rubies than diamonds, the answer must be
closer to 255 than to 405. After some trial and error, we can find that x = 40
gives us: Total gems = 3(40) + 105 = 225. ‘Z’

Agent 2: If there were 175 diamonds,
then the number of rubies is 35 fewer,
or 175 - 35 = 140 rubies.

And since there were twice as many
emeralds as rubies, we can represent the
number of emeralds as 2 * 140 = 280
emeralds.

To find the total number of gems in the
chest, we can add up the number of
diamonds, rubies, and emeralds:

175 + 140 + 280 = 595. Therefore, there

were 595 gems in the chest. 0
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< DEBATE EE ¥4]: 021 21252 HXH 2 ZHE ot +HE HHSE =&

User Input: Using the solutions from other agents as additional information, can you give an updated response....

(Copy Agent 2’s reply) (Copy Agent 1’s reply)
Agent 1: Given the information provided in other agents' solutions, we have Agent 2: After reviewing the solutions
two answers: One agent found that the number of rubies is 40 and the total provided by other agents, I agree with
number of gems is 225. Another agent found that the number of rubies is the second agent who found that the
140 and the total number of gems is 595. number of rubies is 140 and the total

number of gems in the chest is 595.

We know that the number of rubies is 35 fewer than the number of Therefore, my answer to the math
diamonds, which is 175. So the number of rubies should be 175 - 35 = 140 problem is 595.

as the second agent found. However, the agent who found 225 gems

assumed that the number of emeralds is twice the number of rubies minus

35, rather than twice the number of rubies. If we use this assumption, we

get: Number of rubies = 140. Number of emeralds =2 * 140 - 35 =245.

Total number of gems = 175 + 140 + 245 = 560. Our final answer is 560. #,9 V)
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% DEBATE E2 Al 0f2] 2t2C2 HA|0| 2|ZHOE siLio| 4HE Eg £5

User Input: Using the solutions from other agents as additional information, can you give an updated response....
(Copy Agent 2’s reply) (Copy Agent 1’s reply)

Agent 1: After reviewing the solutions provided by other agents, I agree Agent 2: After reviewing the solutions
with the second agent who found that the number of rubies is 140 and the provided by other agents, I also agree

total number of gems in the chest is 595. Therefore, my answer to the math that the number of rub.ies is 140 a1.1d the
problem is 595. total number of gems in the chest is 595.

Therefore, my answer to the math

0 problem is also 595. 0
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% Experiments (Quantitative Results)
Arithmetic: Th& A& 28| / GSM8K: 8t =2 24| / Chess Move Prediction: HlA C+S &= 0f|%

Multi-Agent Debate 242 3 Agent, 2 Round IR £ 2 532 I/ FMA|7|= ZalE HY

Model Arithmetic (%) 1 Grade School Math (%) 1T Chess (APS) 1
Single Agent 67.0 £4.7 77.0+4.2 914 4+ 10.6
Single Agent (Reflection) 72.1 = 4.5 75.0 £4.3 102.1 = 11.9
Multi-Agent (Majority) 69.0 4.6 81.0 £ 3.9 102.2 £ 6.2
Multi-Agent (Debate) 81.8 + 2.3 85.0 = 3.5 122.9 + 7.6

*2 round, 3 debaters
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Question: What is the result of 10+20%23+3-11*18? Question: What is the result of 3+7*9+19-21*18?
Round 1 Agent1:269 €3 Agent 2: 369 €9 Agent 1: 378 € Agent2:-351 €9  Agent3:-357 69
Round 2 Agent1:275 & Agent2:275 @& Agent 1: -293 & Agent2:-293 @  Agent3:19 ¢4
Question: What is the result of 4+23%6+24-24*12? Question: What is the result of 8+14*15+20-3%26?
Round 1 Agent 1: -244 €3 Agent 2: -146 €9 Agent 1: 236 €39 Agent2:-214 €9  Agent3:210 €39
Round 2 Agent1: -146 €3 Agent2:-122 & Agent1: 160 & Agent2: 160 @& Agent3: 160 @&
Round 3 Agent1:-122 & Agent2:-122 & Agent 1: 160 @ Agent2:160 ®  Agent3:160 &

Data Mining
o{.l Quality Analytics




Introduction DEBATE MAD ReConcile Conclusion Al Agents Debate: Solving Complex Problems with LLMs
.|

DEBATE

% Experiments
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% Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate
« 2024'3 EMNLP, 212 £ 77673|

Encouraging Divergent Thinking in Large Language Models
through Multi-Agent Debate

Tian Liang'** Zhiwei He** Wenxiang Jiao®** Xing Wang®' Yan Wang®
Rui Wang” Yujiu Yang'® Shuming Shi* Zhaopeng Tu’
'Tsinghua University “Shanghai Jiao Tong University *Tencent Al Lab
{liangt21@mails,yang.yujiu@sz}. tsinghua.edu.cn
*zwhe.cs@sjtu.edu.cn  *{joelwxjiao,brightxwang, zptu}@tencent.com
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% Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate

« 2024'3 EMNLP, 212 £ 77673|
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unable to generate novel thoughts later
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MAD

< MAD EZ gAl: of2] 0f|0|ME Tt MZ Bhet X (tit-for-tat) 2 E26t1, E Ol Judge HIO|HEJ EE2 LHHES H 1 X5 EHHS AH

Round 1
~ Prompt of Agent 1

T R & ST DA

=k st > gent Ol &y ‘1 X
Agent 1 Prompt of Judge

f 2 Debate History, @ Judge Agent?]
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MAD

< MAD EZ Y4]: o{Z] 0|0|HETL MZ Bhet X (tit-for-tat) 2 EE5I11, B 2] Judge IO|TEZI EE LHIESE EH 11 X5 HHE 2H
Meta Prompt - Meta Prompt
You are a debater. You are a debater.
Hello and welcome to the debate competition. Hello and welcome to the debate competition.

It’s not necessary to fully agree with each other’s
perspectives, as our objective is to find the
correct answer.

The debate topic is stated as follows:
<debate topic>.

It’s not necessary to fully agree with each other’s
perspectives, as our objective is to find the
correct answer.

The debate topic is stated as follows:
<debate topic>.

Affirmative Debater Prompt Negative Debater Prompt
You are affirmative side. . You are negative side. _
Please express your viewpoints. You disagree with the affirmative side’s points.
g @ Provide your reasons and answer.
> 0O
e
Agent 1 Prompt I Agent 2 Prompt
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MAD

% MAD EZ2 8HAl: 0f2{ 0f|0|HE7} M2 Hhet X (tit-for-tat) 2 E28L T, HEo| Judge O|MEJ EE LSS E1 4|

OFA

=i

fjo

2

Judge Prompt

E.
You are a moderator.

There will be two debaters involved in a debate competition.
They will present their answers and discuss their perspectives
on the <debate topic>.

At the end of each round, you will evaluate both sides’
answers and decide which one is correct.

&
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MAD

< MAD EZ 9Al: o2] o|0|HET} A2 BHEF X (tit-for-tat) 2 EZEot1, B 2| Judge H|O|MEJI EZE LIHS B0 X E HHS 24X

~ (L Counter-Intuitive Questlon) ~

The two circles are externally tangent and there is no relative sliding. The radius of circle A is 1/3 the radius of circle
| B. Circle Arolls around circle B one trip back to its starting point. How many times will circle A revolve in total? )
—( Chain-of-Thought } \

Let the radius of circle A be r and the radius of circle B be 3r. The distance circle A travels along the circumference
of circle B is equal to the circumference of circle B, which is 61rr. The number of revolutions = (61r) / (21r) = 67111 /
L21Tr = 3. So, circle A will revolve 3 times in total as it rolls around circle B once. g
COT, Self-Reflection (—C Self-Reflection % ——— = — - - -(Multi-Agent Debate)— ———————— | MAD
Reflection: I - ) - Y
= 5 S LH7| uf=2 ; isagree with you. To find the total number of revolutions, we nee Cl= 1 o)
=Xt l2isA BE L[ o2 (1) I have a clear understanding ! Id th To find the total ber of lut d MEZ CHE 2HHE0| ZS5HHAN
AAD OIS =22 | to consider both the rotation around circle B and the rotation of circle | ! =X
ZO=E Q=2 of the problem. MEL =2|7} SEts|
_HT LLXI_E"' (2) | have used the correct I Aitself. Therefore, circle A will revolve 3 times around its own center | | ';_"; ch !
510] rl_l A:H:H formula for the circumference of a q@; and 1 time around circle B, making a total of 4 revolutions. | e =2

| = J
LEEE circle and applied it to both circles N |
to find the number of revolutions. lﬂ<l see your point, but... |
(3) I have correctly calculated the “ |

number of revolutions of circle A )
0 E i <That's a valid point, however... |

J
Based on the results of my self- | N '
reflection, | am confident that my | | The negative side correctly considers both the rotation of circle A I
answer is correct. Therefore, I around its own center and its rotation around circle B, while the |
circle A will revolve 3 times in total | affirmative side only considers the rotation around circle B. |
as it rolls around circle B once. x , 31‘ Therefore, the answer is 4. ‘/) I
- e e e e e e e e e e e e e e o o e o o o o —— — — — Vi
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% Experiments (commonsense machine translation)
o FZ0{ > Ho| HY H|O|E|All (212 HS IsiM= ZI0] O]z} 0fs7} T4HQI Clo[E{Al)
*  GPT-3.5-Turbo + MAD M & A|, [ 2=t B39l GPT-4ELCt: 453 24

24
o QEAA QEIGAMEZ MAD ME A| M5 Skt .
* 2 debaters, 1judge, 3 round

Lexical Contextless Contextual
Method
COMET BLEURT HUMAN COMET BLEURT HUMAN COMET BLEURT HUMAN
GPT-4 82.0 70.1 341 84.7 73.6 3.63 85.0 T3.7 3.65
Turbo 80.3 68.2 3.14 84.0 72.9 3.43 84.9 73.4 3.57
+ Rerank 80.9 68.6 3.16 84.5 732 3.46 85.3 73.9 3.58
+ MAPS 81.9 70.1 3.43 84.2 73.5 3.45 85.2 74.0 3.56
_ tSelf-Reflect 810  69.1 = 343 8.6 722 346 849 = 735 = 3.63

+ MAD 82.0 70.9 3.78 84.8 73.7 3.67 85.3 74.0 3.67
Vicuna-7b 74.9 62.0 2:55 78.3 64.6 2:53 80.2 68.2 3.23
+ MAD 75.6 62.6 2.67 78.6 66.0 2.69 81.8 69.9 3.27
Vicuna-13b 76.6 63.7 2.81 77.6 66.8 3.04 82.2 70.0 3.37
+ MAD 7 7 449, 65.1 2.96 80.1 67.3 3.11 82.6 70.9 3.45
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MAD

% Experiments (commonsense machine translation)
o ZT0 > Ho| HA HO|E{ Ml (2ut= s glsiM= Zio] ofu|a} ofshz Z4Xiol ojo]EfAl)
« GPT-3.5-Turbo, GPT-4 2% ClO|E
« 2L}, GPT-3.5-Turbo + MAD M& A, Ctst At ZEE EMMSE| mi20], MICHE El 2|HS MMsto] SHIEA HY

Source LA BA—ANF .
Correct Ref. Destroy a division of the enemy.
Incorrect Ref.  Eat up an enemy division.

GPT-4 Eat up an enemy division.
GPT-3.5-Turbo Eat up an enemy division.
+ Self-Reflect  Eat up an enemy division.

+ MAD Eliminate an enemy division.
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MAD

% Experiments (Counter-Intuitive Arithmetic Reasoning)

7| & Ak 22 H|0|E{MI(GSMS8K, MultiArith) ECt 241 0{2{2 H|o|E{All
HRE| Xpte AR5t CHot| 20| Z$H Hjo[E{Al

[ |

GPT-3.5-Turbo + MAD A& Al, GPT-4 #ZF0f|= D[X|X] 25l 2L}, CHE 2= H|W 7|[MSS S76h= 452 BY

Method ACC (%)
GPT-4 51.0
GPT-3.5-Turbo 26.0
+ CoT 28.0
+ Self-Consistency 29:5
+ Self-Reflect 215
~ +MAD 370
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DEBATE MAD ReConcile

Introduction

MAD

% Analysis of Judge

« Strong Debaters + Weak Judge?2| d's > Weak Debaters + Strong Judge2| A
« Judge= Afrat SUSHLLME A2t Debater?| £HHE

otoF = 0|0|MEL| LLMO| SYUSICIHH, Negative sideZS I 20| MEdSH=

Conclusion

alo

b= 80| AS

| ol
PN

L=
o

Al Agents Debate: Solving Complex Problems with LLMs

Judge LLM COMET HUMAN
Vicuna-13b as Debaters
Vicuna-13b 79.9 3.20
GPT-3.5-Turbo 80.4 3.25
GPT-3.5-Turbo as Debaters
Vicuna-13b 83.2 3.47
GPT-3.5-Turbo 84.4 3.69

D Jud Debater Winner
Aff Neg Aff Neg Tie
(D Turbo Turbo Turbo 87 104 9
2 GPT-4 GPT-4 GPT-4 67 124 9
©) CPT-4 Turbo GPT-4 52 136 12
@ GPT-4 Turbo 120 77 3
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MAD

% Analysis of Debaters
« Debater?| = 1 > FZ X2| sH0| 2ot RHM= Hs XSt
- EEXI£71B7161H EE L&2| Zo|et 0| 37| B715104, Judge= O H2 22| HIAEN|M YEE 2915101 20}=0(7| o{EA &
- HEst +F2| Debater 7k LS (tit for tat)2 45 ol E+H
X =

S|
- SiotAFULE O U2 EE(Round)7I 2R

1.00 : 0.9 200 4.5
Il Avg. Disagreement Number of Samples
©O Ambiguity Resolution § I Bascline
0.80 Il MAD
2 075 | 08 % z 150 4.0
# of Debaters COMET HUMAN g T = 381 372 "
(5] -o 5 . s
5] = Q
& 2 2 A
2 (Default) 84.4 3.69 g 050 | 0 07 % 5 10 35
_____________________ a o4 o
3 31 358 | & : 3 :
0.25 | 06 & Z 50 3.0
4 829  3.49 -
B “
0.00 0.5 0 2.5
0 1 2 1 2 3
Level Iteration
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o‘o‘o Quallity Analytics



ReConcile:
Round-table conference improves reasoning

via consensus among diverse LLMs
(ACL 2024)
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ReConcile

% RECONCILE: Round-Table Conference Improves Reasoning via Consensus among Diverse LLMs
« 20243 ACL, 21 £ 207%]

RECONCILE: Round-Table Conference Improves Reasoning
via Consensus among Diverse LLMs

Justin Chih-Yao Chen Swarnadeep Saha Mohit Bansal
UNC Chapel Hill
{cychen, swarna,mbansal }@cs.unc.edu
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ReConcile

% RECONCILE: Round-Table Conference Improves Reasoning via Consensus among Diverse LLMs
« 20243 ACL, 21 £ 207%]
« Multi-Agent Debate2t1l SIHELE, M2 IR E S SF2 22| 7|25t EE X > CHE AIE
«  MZCHE ZFC LLM 2RSS &0 Mot 2} BHO|| Cisto] A2|&E 7[8 71 Sl 2|5 HE =&5te 71X

No, with 40% &
confidence @)

ChatGPT
(-‘g’] Bard

Claude

Yes, with 95% No, with 50%
confidence confidence
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ReConcile

<+ RECONCILE E& 4]

Question: Is August a winter month for part of the world? J

/—( Phase1: Initial Response Generation ) Round 0
. [ initial Prompt | [ Initial Prompt | Initial Prompt
Initial Prompt I 2 S — 17 ]
5] "~ Yes, parts of the world in | | Yes, in countries like i "*No, August is a summer |
i Southern Hemisphere... | | Australia... { I month... i
Jé!_ll?__’ Confidence scoring 1 lam 60% confident ... { :\ | am 70% confident ... ; :\ | am 70% confident ... ':
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ReConcile

< RECONCILE E& diA|

Question: Is August a winter month for part of the world? J

Discussion Prompt

%‘ /—( Phase1: Initial Response Generation ) Round 0

. [ initial Prompt | [ Initial Prompt | Initial Prompt
Initial Prompt V. [ ¥ ]

............................................................

Yes, parts of the world in ‘: i Yes, in countries like ' *No, August is a summer |
Southern Hemisphere... | | Australia... i month... i
| am 60% confident ... { 1 lam70% confident ... | i 1am 70% confident ... ':

&

. mm #

EZ Confidence scoring

Phase2: Multi-Round Discussion ) * Round 1
x o SIA
O e E8 HAz2)
(ZH of[o|MEC| THH/ZH, 1 2 3
Confidence Score) | & T T T AV--------hoomeoes "2 """""""""" >

Yes, August in Southern ‘:
Hemisphere is actually... |
| am 80% confident... }

Yes, after reviewing, | \:
still think the answer... |
1
!

'™ No, in Northern
| am 80% confident ... ! |

\
1
Hemisphere... i
| am 50% confident ... |

Data Mining
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ReConcile

< RECONCILE E& diA|

Question: Is August a winter month for part of the world? J

Discussion Prompt

E' f_( Phase1: Initial Response Generation ) Round 0

. [ initial Prompt | [ Initial Prompt | Initial Prompt
Initial Prompt [ ¥ )

............................................................

Yes, parts of the world in ‘: i Yes, in countries like i *No, August is a summer
Southern Hemisphere... | | Australia... month...
| am 60% confident ... {1 lam 70% confident ... | am 70% confident ...

&

. mm #

1
1
1
1
1
\

EZ Confidence scoring

Phase2: Multi-Round Discussion ) + Round 1
b o SIA
O s £ 81252
(2t oflo|ME Q| Bt A, : z .
Confidence Score) | & T T T AV--------hoomeoes ‘: """""""""" >

Yes, August in Southern ‘:
Hemisphere is actually... |
| am 80% confident... }

Yes, after reviewing, |
still think the answer...

'™ No, in Northern
| am 80% confident ... ! |

\
1
Hemisphere... i
| am 50% confident ... |

S—

| am 95% confident... | am 60% confident ...

(1.0, ifpz(,r) —10 .

! X Round 2

08, #0.9<p" <10 4 @ @ @
& i (r) D, D, Dy
f(p;”) =405, if0.8<p" <09

06 < Tl . et (P S L VES

0.3, if0.6<p,’ <0.8 I VYes, August is a winter | | Yes, | agree that August | |  Yes, | think in Southern |

04, otherwise i month for part of the... | 1 is a winter month... i Hemisphere... :

1 1 : : '

\ ] .I

1
1
\ | am 100% confident ... |
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ReConcile

< RECONCILE E& diA|

Discussion Prompt

Initial Prompt
[5i

EZ Confidence scoring

O|™ 2}2E EE S|AER|
(Z Oflo|MEC| BHtH/ZA,
Confidence Score)

(1.0, ifp{"” =1.0
0.8, if0.9<p" <1.0
Fe™y={05, if0.8<p" <09
0.3, if0.6<p!” <0.8
0.1, otherwise

Data Mining
o{.l Quality Analytics

MAD ReConcile

Conclusion

Question: Is August a winter month for part of the world? J

~

Al Agents Debate: Solving Complex Problems with LLMs

J

/—( Phase1: Initial Response Generation

[ initial Prompt |

[ Initial Prompt |

.....................

Yes, parts of the world in ‘: \
Southern Hemisphere... | |
| am 60% confident ... H

Australia

| am 70% confident ...

Yes, in countries like

. mm #

Round 0

[ Initial Prompt ]
.......... Vo
. *No, August is a summer
i month...
i lam 70% confident ...

Yes, August in Southern ‘:
Hemisphere is actually... |
| am 80% confident... }

v Round 1

. . \ ’*‘ ----- T N \

Yes, after reviewing, | { |  No, in Northern :
still think the answer... | | Hemisphere... :
| am 80% confident ... | i | am 50% confident ... |

. v Round 2
-------------------- Ao Yoo *oo Y ~

Z
o
N
o
X

(Team Answer Generation

Phase3:

)

Weighted Vote

YES*0.8, No*0.1, No*0.5,

yes no

— Ans: Yes
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ReConcile

% Experiments
« Commonsense(StrategyQA, CSQA) / Math(GSM8K, AQuA, MATH) / Logical Reasoning (Date)
- CHAJHS| 2E O|O|E{ A0l A ReConcile2 & 2& 7[ge| tHH O0]ME/ Cis Of|0|ME H|o|A2RlIE 25 57t

«  GPT-48 AIE3IX| 2420l Commonsense taskOi|Al= GPT-4ELCH =2 452 4

Method Category Method Agent StrategyQA  CSQA  GSM8K  AQuA Date
Zero-shot CoT GPT-4 75.6+47 73.3+04\ 90.7+17 65.7+46 89.0+22
Vanilla Zero-shot CoT ChatGPT 67.3+36 66.0:}:1.8\ 737431 44.7+0s  67.7+12
Single-agent Zero-shot CoT 4, Bard 69.3+4.4 56.84+27 |58.74+26 33.7+12 50.2+22
Zero-shot CoT A Claude2 73.7+3. 66.7+21 | 793436 60.3+12  78.7+21
Eight-shot CoT A Claude2 743408 68.3+17 | 84.7+09 64.7+12 T78.7+17
Advanced Self-Refine (SR) ChatG 66.7+27 68.1+18 | 743425 453422 66.3+21
Single-agent Self-Consistency (SC) ChatG 73.3+0s 73.0+08 | 82.7+05 60.3+12 69.3+04
SR +SC ChatG 722419 719421 | 81.3+17 583437  68.7+12
Debate x3 66.7+3.1 62.7+12 3.0+22  65.3431 68.0+16
Single-model Debate 4, x3 653125  66.3+21 [ 563+12 293142 46.0:22
Multi-agent Debate & x3 71320 683+17 | 707448 627426 753433
Debate+Judge x3 .69.7124 63.7+25f 743429 57.3+21  67.7+0s
Multi-model Multi-agent RECONCILE . A 79.0+16 74.7+04 85.3+22 66.0+08 86.7+12

*3 round, temperature 1(Et2! 22 MAD)
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ReConcile

% Experiments

S ==2| HI0|HE0| = & HuislEIC

1. ReConcile2 C}¥st M
ol E3} of|lo| M E0]| = & UHISIEICE

2. ReConcile2 =0

Al Agents Debate: Solving Complex Problems with LLMs

*MATH Dataset

Method Accuracy

*StrategyQA Dataset
Method Accuracy
Best Single-agent (zero-shot) 75.6 (&) 737 (@)
Best Multi-agent (Debate) 83.7 ( X 3) F1.3 (@ %x3)
RECONCILE 87.7 ([B. ¢, &) 78.0(0), & .gf)

80| o L2t ofl0|HERE
H| & OFst 0f|0| M E 2 =E]

i B |
QET 9| IEWS 0] 5 TN TS

Data Mining
o“l Quality Analytics

GPT-4 (zero-shot) 44.0 ([€))
Best Single-agent (zero-shot) 505 (w)
Best Multi-agent (Debate) 48.7 ([8) x3)

RECONCILE 583 (. A, @)

T2l E3t O|O|FE EBt
CHQI0| E3tE[X] 2 01|0|IiE§HE1

LS 1i—

o823} 9|H I|CHS Aol Ms SFAl IHs
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ReConcile

< Experiments (&t 7t RAIT 24

« AMEBLC}IE =20| pHlo| Debater® Xt0{3H2 mjje| Az 2t

rlo
H
=
=]
0=
0

I

deot @EHr O Crefoict

Metric Method Accuracy D (Al,A2) D (A1,A3) D (A2,A3) D (Al A2, A3)
RECONCILE () Paraphrased) 122 0.9364 0.9376 0.9453 0.9398

BERTScore  RECONCILE (&) x3) 122 0.9077 0.9181 0.9049 0.9102
RECONCILE (©), ¥,, @) 79.0 0.8891 0.8833 0.8493 0.8739
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Conclusion

% What is Multi-Agent Debate?
STt 28| SHES 2l o] LLM MO|MEZ SHH/EE/B™E =

o2t
]
in]
-
rIO
rHH
o
|.|'|
I
ot
rr
oz
1z

1) DEBATE 2) MAD 3) ReConcile
of2f OfOIMET} MZ2| Ef2 9 of2f OfO|MET} M2 HHS T e ol A O e
- >< o L= _|_’
LI st ZEOE 4 HTo| ME HO|HETL 85 B =5 EEmm AE S o
No, with 40% &=
confidence

& chatGPT

@@ Bard
Claude

yes £ N yes f—\no E)ﬂ
& B~
L AN

Yes, with 95% No, with 50%
confidence confidence
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