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Breaking Mental Set to Improve Reasoning

through Diverse Multi-Agent Debate

Yexiang Liu, Jie Cao, Zekun Li, Ran He, Tieniu Tan



Background

* LLMs often suffer from mistakes when reasoning.

* We can use stronger model to provide feedback.

Or utilize human supervision.

However, effective feedback 1s not always obtainable.
We need to study how to teach LLMs to self-correct.
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Feedback Refine

\-@/ i \@/

Use M to get feedback on its own output Use M to refine its previous output, given its feedback

The framework of Self-Reflection.

Self-Refine: Iterative Refinement with Self-Feedback. NeurIPS 2023.
Language Models can Solve Computer Tasks. NeurIPS 2023.
Reflexion: Language Agents with Verbal Reinforcement Learning. NeurIPS 2023.



Limitations to Self-Reflection

* Many studies have found limitations to Self-Reflection, performing
poorly on reasoning or even worsening.

 If we provide oracles, LLMs can gradually reach the correct answer.
However, 1n practice, we do not know the answer, neither do LLMs.

Table 1: Results of GPT-3.5 and GPT-4 on reasoning benchmarks with the setting in Section

| GSM8K  CommonSenseQA  HotpotQA

GPT.35 Standard Prompting 759 75.8 26.0
' Self-Correct (Oracle) 84.3 89.7 29.0
GPT-4 Standard Prompting 95.5 82.0 49.0
Self-Correct (Oracle) 97.5 85.5 59.0

Table 3: Results of GPT-3.5 and GPT-4 on reasoning benchmarks with intrinsic self-correction.

| #calls | GSMS8K CommonSenseQA  HotpotQA

Standard Prompting 1 159 75.8 26.0
GPT-3.5 Self-Correct (round 1) 3 75.1 38.1 25.0
Self-Correct (round 2) 5 74.7 41.8 250
Standard Prompting 1 95.5 82.0 49.0
GPT4 Self-Correct (round 1) 3 91.5 79.5 49.0
Self-Correct (round 2) 5 89.0 80.0 43.0

Large Language Models Cannot Self-Correct Reasoning Yet. ICLR 2024.
GPT-4 Doesn't Know It's Wrong: An Analysis of Iterative Prompting for Reasoning Problems. NeurIPS 2023.
Can Large Language Models Really Improve by Self-critiquing Their Own Plans? NeurIPS 2023.



Multi-Agent Debate (MAD)

* The problem of Self-Reflection: Degeneration of Thought.

* MAD: Multiple agents express their arguments in the state of “tit
for tat” and a judge manages the debate process to obtain a final
SOlutlon - { Counterdntuitive Question }

The two circles are externally tangent and there is no relative sliding. The radius of circle Ais 1/3 the radius of circle
LB. 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 Atravels along the circumference
of circle B is equal to the circumference of circle B, which is 61r. The number of revolutions = (61rr) / (21r) = 6717 /
2mr = 3. So, circle A will revolve 3 times in total as it rolls around circle B once.

J

= 2
— Self-Reflection }— ~— — — — — — — — { Multi-AgentDebate }- — — — — — — — —

Reflection:
(1) | have a clear understanding | ! | disagree with you. To find the total number of revolutions, we need |
of the problem. 1 to consider both the rotation around circle B and the rotation of circle | !

(2) | have used the comrect
formula for the circumference of a
circle and applied it to both circles

I and 1 time around circle B, making a total of 4 revolutions.
I

to find the number of revolutions. ) L‘R{r see your point, but... J
I

| (@ Aitself. Therefore, circle A will revolve 3 times around its own center ||

(3) | have correctly calculated the

-

1

1

|

: : |

number of revolutions of circle A. : (@{That'a e |
Based on the results of my self- | | : !
reflection, | am confident that my | | The negative side comrectly considers both the rotation of circle A |
answer is correct. Therefore, | around its own center and its rotation around circle B, while the |
circle Awill revolve 3 times in total | affirmative side only considers the rotation around circle B. 1
as it rolls around circle B once. x i I Therefore, the answer is 4. \/J |
. B G iy S ook onar giide eie Settn G yecds sl el e sen GTehouen wien Gew s s side seimosans mete O A

Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate. EMNLP 2024.
Improving Factuality and Reasoning in Language Models through Multiagent Debate. [ICML 2024.



Diverse Multi-Agent Debate (DMAD)

* Both Self-Reflection and MAD suffer from the mental set.

* We propose DMAD. By leveraging diverse problem-solving
strategies, each agent can gain insights from different perspectives,
refining its responses through discussion and collectively arriving at
the optimal solution. _

~

&ﬁ Please solve this mathematical problem. What is the area of a triangle with side lengths of 5, 12, and 13? ]

-

50 I’m a debater for the affirmative side.
@)
O

1
1
1
: I think the correct answer is ...
|
! I’m a debater for the negative side.
( %Ié) ) Evaluate : [ I don't agree with you, .. oq:u?
1
1
1
Feedback '
1

Q
|| I’m a moderator. After considering the opinions of ]
D

both sides, I give my final answer ...

(a) Self-Reflection
(b) MAD-persona

I think with CoT. First, I think with CoT. Let’s

solve this problem step involves the principle of solve this problem step

I think with CoT. Let’s ] [1 think with SBP. This

(C) MAD calculate the degree of

angles of this triangle, ... by step! ... Pythagorean theorem ... by step! ...

N Q7 N Q7

II Agent 3 |l Agent 3

1 think with CoT. To solve this I think with PoT. Let’s write a

1
1
]
1
1
1
1
(d) DMAD : : | 5 5
Agent 1 ll &= II Agent 2 : Agent 1 II = lI Agent 2
1
1
1
1
1
1
]
1
1

problem, we should first ... Python program to solve it ...

- )

Breaking Mental Set to Improve Reasoning through Diverse Multi-Agent Debate. ICLR 2025.




Diverse Multi-Agent Debate (DMAD)

* MAD with a fixed strategy may always get the wrong answer.

* However, 1t succeeds just by transforming its thinking.
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What 1s the original price for pork belly before discount?
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Diverse Multi-Agent Debate (DMAD)

* MAD with a fixed strategy may always get the wrong answer.

* However, 1t succeeds just by transforming its thinking.
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Diverse Multi-Agent Debate (DMAD)

 DMAD can more effectively solve other methods’ mental set

problems.
« What is mental set?

In our paper, we introduce a new concept of mental set according to the psychological theory. Here we supplement a
specific definition for it. Denote MAD (All CoT), MAD (All SBP), and MAD (All PoT) as M, M- and M5 respectively.
When using a kind of MAD method M to solve a problem, if all agents consistently get wrong answers in all debate
rounds, we assume that M, is unable to solve the problem correctly. Record all such problems for M; as the set P, and
get P = P, 7 P» (" Py Foraproblem p & F; if it satisfies p ¢ P, we define that the problem p causes mental set of
M;, and define p as the mental set problem of M;. It means although M; constantly gets wrong solutions, the model

can correctly solve the problem by changing to another method.

MAD (All CoT) MAD (All SBP) MAD (All PoT)
Number of mental set problems 70 87 67
Problems that MAD (All CoT) correctly solves 0 45 (51.72%) 46 (68.7%)
Problems that MAD (All SBP) correctly solves| 28 (40.0%) 0 31 (46.3%)
Problems that MAD (All PoT) correctly solves| 49 (70.0%) 51 (58.62%) 0
Problems that DMAD correctly solves 48 (68.6%) 60 (69.0% ) 49 (73.1%)




Diverse Multi-Agent Debate (DMAD)

* We evaluate DMAD against various prompting techniques,
including self-reflection and traditional MAD, across multiple
benchmarks including math, chemistry, physics, biology and so on,
using both LLMs and Multimodal LLMs. Our experiments show
that DMAD consistently outperforms other methods.

I CoT M SBP
Self-Refine [ Self-Contrast M MRP
MAD (All CoT) M MAD (All SBP) M DMAD

GPT-40-mini LLaMA-3-70B
(a) LLMs




Diverse Multi-Agent Debate (DMAD)

* We evaluate DMAD against various prompting techniques,
including self-reflection and traditional MAD, across multiple
benchmarks including math, chemistry, physics, biology and so on,
using both LLMs and Multimodal LLMs. Our experiments show
that DMAD consistently outperforms other methods.

10 M CCoT B DDCoT
Self-Refine I Self-Contrast B MRP
MAD (All 10) ™ MAD (All CCoT) M MAD (All DDCoT) EDMAD

80

70 .

60

50 I
40

LLaVA-1.6-13B Gemini-1.5-Flash GPT-40
(b) MLLMs



Diverse Multi-Agent Debate (DMAD)

 What’s more, DMAD can deliver better results than MAD in fewer

rounds, and perform better when increasing the number of
reasoning methods (forn=1,2,3.).

GPT-40-mini on MATH

GPT-40-mini on GPQA
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Figure 4: Performance with increased rounds. More results are shown in Figure El
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Limitations and Future work

B Although DMAD can perform better, there are still some limitations:

* The inherent problem of MAD: LLM agents are easily influenced by
other agents that come to incorrect conclusions, mistakenly changing
their original correct solutions to wrong ones.

* There 1s still room for improvement in accuracy.

* How to design an intelligent system where agents can dynamically
select the most suitable reasoning strategy.

* High overhead.
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