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Abstract

Large Language Models (LLMs) have shown remarkable performance in Natural Language
Processing (NLP) tasks, but they still face significant challenges in complex reasoning tasks
due to their limitations in deeply analyzing implicit knowledge and logic. However, existing
Multi-Agent System (MAS) may produce redundant or conflicting information during parallel
reasoning, reducing response quality and masking key insights. To address these issues, we
propose Role-of-Thought (RoT), an adaptive MAS that dynamically generates domain-specific
expert agents to enhance reasoning capabilities. RoT divides complex tasks into multi-stage
sub-tasks, assigns them to relevant expert agents, and integrates the reasoning processes into a
coherent reasoning chain. By leveraging the strengths of multiple expert agents and multi-stage
reasoning, RoT effectively extracts and applies implicit knowledge, improving the accuracy and
adaptability of reasoning. Experimental results demonstrate that RoT significantly outperforms
baseline reasoning methods, showing enhanced reasoning performance in various tasks.

Keywords: Large Language Models; Prompting Engineering; Multi-Agent System; Reasoning
Ability; Implicit Knowledge Extraction

1. Introduction

Large Language Models (LLMs) [1] have performed exceptionally well in the traditional field
of Natural Language Processing (NLP) [2, 3, 4] through pre-training on vast general corpora.
However, LLMs are more inclined to capture superficial language patterns, which restricts their
capacity to deeply analyze implicit knowledge, understood as unarticulated and context-dependent
associations or domain regularities. Such knowledge often does not directly surface in the text and
is closely intertwined with the underlying logic [5]. These limitations impair LLMs’ reasoning
abilities and cause hallucinations during reasoning tasks [6]. To address this limitation, research
is now focusing on ways to improve LLMs’ capacities for reasoning.

Researchers have explored two main approaches to enhance the reasoning capabilities of
LLMs. (1) Post-training [7, 8] for additional training of LLMs on specific tasks or datasets.
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Method like Generalized Reinforcement Policy Optimization (GRPO) [9] utilize data from areas
with high reasoning requirements, such as code and mathematics, to refine pre-trained LLMs.
However, post-training typically requires substantial computer resources, and obtaining effective
training data is difficult. (2) Prompt engineering can maximize the potential of LLMs by designing
appropriate input prompts and generating output that meets the requirements. Following Chain
of Thought (CoT) paradigm [10], some methods [11, 12] encourage the model to generate a
sequential reasoning chain, thereby enhancing the reliability of its reasoning process. Compared
to post-training, prompt engineering can flexibly stimulate the model’s reasoning potential without
requiring additional training data or computational resources.

Building on prompt engineering, agents based on LLM can deeply consider reasoning tasks
[13, 14]. ExpertPrompting [15] identifies LLM as a task-related expert agent and activates the
agent’s identity to respond. However, a single agent role may lead to bias and limit exploration of
other perspectives [16]. To overcome this constraint, Multi-Agent System (MAS) [17] provide
diverse viewpoints by assigning distinct role identities to each agent [18, 19]. These viewpoints
aim to broaden the reasoning capabilities of LLMs. Multi-Agent Debate (MAD) [20] and
CoT-Rerailer [21] leverage multiple agents to review and revise reasoning chains from various
perspectives. Furthermore, Iteration-of-Thought [22] and Multi-Expert Prompting [16] promote
collaborative reasoning through a structured process that supports task allocation among agents.
However, when all agents engage in the reasoning process at the same time, important knowledge
is frequently obscured by unimportant details [23]. This phenomenon not only reduces response
quality but also leads MAS to prioritize consensus-driven responses over accurate ones.

To address these challenges, we propose Role-of-Thought (RoT), a role-oriented MAS. The
core idea of RoT is to dynamically generate expert agent roles with multiple identities related to
specific reasoning tasks. To facilitate effective information exchange, these roles are assigned to
corresponding sub-tasks and participate in multi-stage reasoning. RoT consists of four modules:
(1) Expert Agent Generation, (2) Opinion Expression, (3) Task Allocation, and (4) Multi-
Stage Reasoning. First, RoT flexibly analyzes reasoning tasks from multiple perspectives by
dynamically generating expert agents in different fields. Next, these agents selectively retrieve
relevant task-related knowledge and express opinions aligned corresponding to their identity.
Based on the opinions of expert agents, the reasoning process is divided into interconnected
multi-stage sub-tasks, each handled by the expert agent in the corresponding field. Finally,
upon completing these sub-tasks, expert agents synthesize their contributions to generate a
comprehensive reasoning chain. By dynamically generating expert agents, reasoning tasks
can be analyzed from multiple perspectives, producing responses with relevant information.
These responses often contain implicit knowledge not reflected in the task. Task Allocation and
Multi-Stage Reasoning module ensure that implicit knowledge is not overshadowed by irrelevant
information and that consensus-driven responses do not occur. In summary, our main contributions
are as follows.

1. We propose RoT, a MAS that simulates experts in various fields to enhance LLMs’ perfor-
mance in reasoning tasks by mining implicit knowledge.

2. We introduce a Multi-Stage Reasoning module, which decomposes complex reasoning
tasks into sub-tasks, ensuring that RoT does not produce consensus-driven responses during
the reasoning process.

3. Through extensive experiments, we demonstrate that RoT significantly outperforms baseline
reasoning methods.
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2. Related Work

In this section, we discuss the foundational concepts related to our work, including post-
training techniques, chain-of-thought reasoning, and multi-agent system for reasoning.

2.1. Post-training

Post-training methodologies aim to enhance the reasoning capabilities of pre-trained LLMs
by fine-tuning their parameters and architectures to better suit specific tasks. For example, Fine-
tuning [11] involves training LLMs on task-specific labeled data to learn relevant patterns and
rules. Studies by Luo et al. [24] and Trung et al. [25] demonstrate that fine-tuning on mathematical
domain datasets substantially improves LLMs’ problem-solving abilities in mathematics. However,
as noted by Kalajdzievski et al. [26] and Liu et al. [27], fine-tuning may result in catastrophic
forgetting, which can reduce the models’ capacity for generalization. Reinforcement Learning
from Human Feedback (RLHF) [8] has become a prominent post-training approach that aligns
LLMs with human preferences and values. Nevertheless, RLHF is confronted with challenges such
as the complexity of training reward models and instability during reinforcement learning. Direct
Preference Optimization (DPO) [7] addresses some of these issues by incorporating preference
data directly into the loss function, enabling more efficient learning of reasoning paths aligned
with human expectations. Similarly, DeepSeek-R1 [28] utilizes Generalized Reinforcement Policy
Optimization (GRPO) [9] to sample outputs from real-time policy models, significantly enhancing
reasoning performance while reducing memory consumption. Despite these advancements,
post-training methods often require substantial computational resources and large volumes of
high-quality labeled data, which remain significant challenges for their widespread application.

2.2. Chain-of-Thought Reasoning

Prompt engineering guides LLMs to perform specific tasks without modifying their parameters.
Wei et al. [10] introduced chain-of-thought (CoT) reasoning, which highlights the importance
of multi-step logical processes to reach definitive answers. Building on this, Kojima et al.
[29] discovered that adding the phrase “let’s think step by step” to prompts enables LLMs to
perform zero-shot logical reasoning without human-provided examples. Self-consistency (SC)
[11] improves reasoning by sampling multiple reasoning paths and selecting the most consistent
answer. Tree of Thought (ToT) [14] builds on CoT by integrating diverse reasoning paths to
enhance decision-making. Re-reading [30] further deepens model understanding during reasoning
by encouraging iterative comprehension. Additionally, methods such as self-refine [31] and
self-verification [32] enable LLMs to iteratively critique and improve their outputs. Beyond
prompt-based techniques, fine-tuning LLMS on datasets containing CoT responses presents
another path to enhance CoT reasoning abilities. OpenAI-o1 [33] model further advances CoT
methods by feeding both reasoning steps and predictions back into the model, enabling multiple
iterative processing rounds. Overall, CoT-based reasoning techniques guide models to generate
more detailed intermediate steps, thereby improving overall performance. However, when tackling
reasoning tasks requiring broad knowledge, a single CoT approach may struggle to address
diverse perspectives, and exhaustive exploration of reasoning paths can lead to inefficient use of
computational resources.
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①  Expert Agent 

Generation
③  Task Allocation

At noon, an experimenter has 50 grams

of a radioactive isotope. At noon 9 days

later only 45 grams remain. To the

nearest day, how many days after the

experiment started will there be only 20

grams?

④ Multi-Stage

Reasoning

According to the exponential decay formula:𝑁 𝑡 = 𝑁0𝑒
−𝑘𝑡.In this example, we can establish an equation:

45 = 50𝑒−9𝑘 .Simplified it: 𝑘 = − Τln 0.9 9.Now calculate k: 𝒌 ≈ 𝟎. 𝟎𝟏𝟏𝟕𝒅𝒂𝒚𝒔−𝟏.

Using the decay rate 𝑘 ≈ 0.0117𝑑𝑎𝑦𝑠−1, we can model the remaining mass of the isotope as a function of time 

using the exponential decay formula: 𝑵 𝒕 = 𝟓𝟎𝒆−𝟎.𝟎𝟏𝟏𝟕𝒕.

According to the equation in step 2: 𝑁 𝑡 = 50𝑒−0.0117𝑡 , Substituting 𝑁 𝑡 = 20𝑔 yields: 20 = 50𝑒−0.0117𝑡 , 

simplifying it to:  𝑡 = − Τln 0.4 0.0117, and obtaining t: 𝒕 ≈ 𝟕𝟖𝒅𝒂𝒚𝒔

To verify the accuracy of the calculated time for the radioactive isotope to decay from 50g to 20g, we have:1. 

Initial conditions:(…).Thus, we can conclude that the estimated time of approximately 78 days is accurate.

Calculate the decay rate 

of radioactive isotopes

Use decay rate to model 

the variation of residual 

mass over time.

Calculate the time from 

50 grams to 20 grams 

using the decay constant

Provide the final answer 

based on the calculation 

results of task 3

Task1 

Task2 

Task4 

Task3 

At noon, an experimenter has 50 grams of a 

radioactive isotope. At noon 9 days later only 45 

grams remain. To the nearest day, how many days 

after the experiment started will there be only 20 

grams?

To solve this problem, we first need to determine the 

decay rate of the radioactive isotope. We know that at 

noon on day 0, there are 50 grams, and after 9 days, there 

are 45 grams remaining.

1. Calculate the decay over 9 days:

The amount of decay over 9 days is:

50 − 45 = 5𝑔𝑟𝑎𝑚𝑠
Therefore, the decay rate per day is:
5grams

9𝑑𝑎𝑦𝑠
≈ 0.5556 𝑔𝑟𝑎𝑚𝑠/𝑑𝑎𝑦

2. Determine the amount remaining after a certain 

number of days:

We want to find out how many days it will take for the 

amount to decay from 50 grams to 20 grams. The total 

decay needed is:

50 − 20 = 30𝑔𝑟𝑎𝑚𝑠
3. Calculate the number of days required for this decay:

Since the decay rate is approximately 0.5556 grams per 

day, we can find the number of days required to lose 30 

grams:

𝐷𝑎𝑦𝑠 =
30grams

0.5556 𝑔𝑟𝑎𝑚𝑠/𝑑𝑎𝑦
≈ 54𝑑𝑎𝑦

4. Add the initial 9 days to find the total time:

Since we are looking for the total number of days after 

the experiment started, we add the 9 days that have 

already passed:

9 + 54 = 63𝑑𝑎𝑦𝑠
The answer is 63days.

②  Opinion Expression  

We need to model and 

calculate the deck rate for 

this question.

We need to use the decay 

rate formula to calculate 

the number of days.

We need to verify the 

calculation process and 

provide the final answer.

Mathematician

Applies mathematical models 

and formulas to calculate the 

remaining quantity of the 

isotope over time.

Physicist

Provides insights into the 

principles of radioactivity and 

decay processes to understand 

the experiment better.

Data Analyst

Analyzes and interprets the 

data regarding the decay of the 

radioactive isotope.

Figure 1. The left figure shows a single thought chain incorrectly applying implicit knowledge in the reasoning process.
The right figure shows the overall framework of Role of Thought, including four major modules: (1) Expert Agent
Generation; (2) Opinion Expression; (3) Task Allocation; (4) Multi-Stage Reasoning. These modules work in concert
to achieve precise solutions for reasoning tasks.

2.3. Multi-agent System with Reasoning
MAS utilizes multiple LLMs as distinct agents that collaboratively reason about a given task,

thereby enhancing both the depth and breadth of the reasoning process. Multi-Agent Debate
(MAD) [20] improves the stability of LLMs outputs by structuring agents into proponents and
opponents to engage in organized debates. Building on MAD, Liu et al. [34] introduced group
debates among intelligent agents embodying different professional roles. Their findings suggest
that assigning distinct identities to agents in MAS enhances the diversity of perspectives among
agents. Such role-playing mechanisms improve LLMs’ reasoning performance by encouraging
agents to adopt specialized viewpoints. Wang et al. [18] proposed Solo Performance Prompting
(SPP), a method that adaptively generates diverse roles to boost the LLMs multi-turn collaborative
reasoning capabilities. Similarly, the multi-expert prompt [16] generates multiple expert agents
tailored to the task, leveraging their similarities and differences to steer the reasoning process.
However, these approaches often overlook the fact that different professions may hold divergent
perspectives on the same task. At the same time, agents in the collaboration process often tend to
converge on a common understanding, leading to unique but correct viewpoints being overlooked.
To solve the reasoning task, MAS must accurately mine implicit knowledge and reduce the
influence of incorrect information during cooperation.

3. Methodology

To effectively solve complex reasoning tasks, it is necessary to correctly invoke relevant
knowledge and apply it at the appropriate time. As shown in Figure 1, we propose RoT, a MAS
for solving reasoning tasks, which consists of four modules: (1) Expert Agent Generation.
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Multiple expert agents related to the query are generated based on the reasoning query; (2)
Opinion Expression. Each expert agent expresses unique opinions based on the query, laying
the foundation for subsequent task decomposition; (3) Task Allocation. The query is divided
into multi-stage sub-tasks and allocated to the appropriate expert agent based on their opinions;
(4) Multi-Stage Reasoning. Each expert agent solves the corresponding sub-task, and the
reasoning processes of all sub-tasks are ultimately integrated to form the final reasoning path.
Throughout this process, LLMs extracts implicit knowledge and applies it appropriately, thereby
more effectively exploring and solving the task. The complete RoT process is shown in the
pseudo-code Algorithm 1 below.

Algorithm 1 Role-of-Thought (RoT)

1: Input: query Q, base LLMs L
2: Output: answer A
3: agents← Expert(Q, L) ▷ Generating expert agent team according to query
4: opinions← expression(agents, Q, L) ▷ Expert agents express their opinions
5: sub-tasks← Allocate(agents, Q, opinions, L) ▷ Allocate sub-tasks
6: n← len(sub-tasks) ▷ Calculate the number of sub-tasks
7: Initialize process
8: for i = 1 to n do
9: if i == 1 then

10: step← Reason(sub-tasks[i], L) ▷ Reason the first sub-task
11: else
12: step← Reason(sub-tasks[i], process, L) ▷ Combine the previous reasoning process to

reason the sub-tasks
13: end if
14: process← process + step ▷ Add each stage to the reasoning process
15: end for
16: answer← summary(process, L) ▷ Get final answer
17: return answer

3.1. Expert Agent Generation

When confronted with a complex reasoning task, people typically analyze tasks based on
related fields and attempt to use corresponding knowledge. This module analyzes the domain
involved in the query and generates and assigns a unique expert identity to each agent. These
expert agents’ identities are dynamically tailored to task-specific domains, enabling flexible
adjustments in Opinion Expression and sub-task completion.

Generating the identities of expert agents is a crucial part of this module. We summarize it
into three aspects: discernibility, informativeness, and automation. First, the description must
be tailored according to specific instructions to ensure that the conceived expert agent has the
most relevant background and experience for the task domain. Second, the description should be
detailed and comprehensive, covering all necessary information about the expert agent to guide
LLM’s behavior as expected. Third, considering the inefficiency and impracticality of manual
annotation, the generation of descriptions must be automated. RoT can accurately match the
analytical perspective required by the task and stimulate LLM’s related field knowledge. This
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module makes the subsequent reasoning more targeted and avoids inference deviation caused by
vague or inaccurate expert agents’ identity.

To make the description of expert agents more accurate, we divide the Expert Agent Generation
module into two parts: (1) generating the identities id of M expert agents; (2) generating the
capabilities a of the expert agents. The formulas are defined as follows.

A(Q) = {Ai | i = 1, 2, . . . ,M} (1)

Ai = {idi, ai} (2)

A(Q) represents the team of expert agents generated based on the query Q, Ai represents the
i-th expert agent, and each expert agent is a tuple {idi, ai}. idi is the identity of the expert agent Ai,
and ai is the capability description of the expert agent Ai, which includes the agent’s analytical
ability, knowledge base, and reasoning skills in a specific domain. Both idi and ai are determined
based on the query Q. Prompts used in this module are detailed in Appendix B.1.

3.2. Opinion Expression

After the generation of expert agents, each agent must express a unique opinion based on its
expertise domain regarding the task. These opinions can be either insights that facilitate reasoning
by explicitly guiding subsequent steps or relevant implicit knowledge that indirectly supports
the task by filling in unstated premises or background assumptions. They not only provide a
multi-perspective view for the initial understanding of the task, but also lay the foundation for
subsequent task decomposition and allocation. This module ensures that reasoning benefits from
multiple professional perspectives, thereby avoiding the limitations of a single viewpoint.

We define the process of the Opinion Expression module as follows.

O(Q, A) = {Oi | i = 1, 2, . . . ,M} (3)

Oi = Popinion(Q, Ai) (4)

O(Q, A) represents the set of opinions expressed by the expert agent set A on the query Q, Oi

represents the opinion expressed by the i-th expert agent Ai, and Popinion denotes the prompt for
generating opinions based on the query Q and expert agent Ai.

Compared with directly assigning tasks, this intermediate step allows agents to offer prioritized
concerns, context-specific interpretations, or knowledge cues that can guide task decomposition.
These preliminary perspectives reduce the likelihood of sub-task misallocation and improve the
chances of correctly using implicit knowledge. Prompts used in this module are detailed in
Appendix B.2.

3.3. Task Allocation

Following the expert agents’ opinions, the Task Allocation module allocates the task to the
appropriate agents in a reasonable manner after breaking it up into a number of related sub-tasks
based on the agents’ knowledge and opinions. The key to task allocation lies in matching sub-
tasks to agents based on both their expertise and the contextual insights from Opinion Expression
module, thereby improving the efficiency and accuracy of reasoning. Rational task allocation
enables agents to leverage their domain-specific strengths and collaboratively solve complex tasks.
At the same time, this module also avoids consensus-driven responses and effectively prevents
key knowledge from being overshadowed by irrelevant information.
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The Task Allocation module process can be represented as:

S = Pallocate(Q, A,O) = {step j | j = 1, 2, . . . ,N} (5)

step j = {sub j, Ai} (6)

S represents the set of N allocated steps, and Pallocate denotes the prompt for Task Allocation
based on the query Q, the team of expert agents A, and their opinions O. step j represents the
specific task allocated in the j-th stage, and each specific task is a tuple {sub j, Ai}, where sub j and
Ai are the sub-task to be reasoned and the assigned expert agent for completing step j, respectively.
Prompts used in this module are detailed in Appendix B.3.

3.4. Multi-Stage Reasoning

In the Multi-Stage Reasoning module, each expert agent builds upon the reasoning content
from the previous stages to conduct reasoning for the sub-task they are responsible for. After
multiple stages of reasoning, the results from each stage are summarized to construct a complete
reasoning path, thereby providing a comprehensive and accurate basis for solving the task.
Summarizing multi-stage reasoning allows for verification and correction of the reasoning results
from each sub-task, further enhancing the reliability and accuracy of the reasoning process.

The Multi-Stage Reasoning module can be formally represented as:

R j =

N∑
j=1

RP j (7)

RP j = Preasoning
(
Q,R j−1, step j

)
, j = 1, 2, . . . ,N (8)

Answer = Psummary(RN) (9)

R j represents all the reasoning content up to the j-th stage, RP j denotes the reasoning process
for the j-th stage, Preasoning is the prompt for reasoning based on the query Q, the previous
reasoning content R j−1, and the specific task step j allocated for that stage, and Psummary is the
prompt for summarizing all the reasoning content RN to generate the final answer.

Summarizing the reasoning processes of each sub-task not only allows for verification and
correction of the reasoning results at each stage but also constructs a complete reasoning path. A
complete reasoning path clearly demonstrates the logic behind solving complex tasks, enhances
the reliability and credibility of LLMs’ reasoning, and makes the reasoning results more persuasive.
Prompts used in this module are detailed in Appendix B.4 and B.5.

4. Experiments

4.1. Experiment Setting

In this study, we provide a comprehensive overview of the experiments conducted to demon-
strate the effectiveness of RoT in handling reasoning tasks. This study introduces the experimental
setup in detail, including the datasets used, evaluation metrics, and a thorough description of the
baseline models. Through these experiments, we demonstrate that RoT can significantly enhance
the ability of LLMs to solve complex reasoning tasks.
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4.1.1. Dataset and Metrics
To demonstrate the accuracy and effectiveness of different methods, we use accuracy (ACC)

as the evaluation metric. The experiments selected three representative knowledge reasoning tasks
to assess our method: (1) OpenBookQA [35]. This dataset provides the core facts related to the
query as a reference, but additional common sense knowledge is needed to answer the questions
correctly. (2) ARC-Challenge [36]. Derived from real middle and high school science exams,
this dataset requires the model to have stronger logical analysis and the ability to use relevant
knowledge. (3) MMLU [37]. Covering 57 evaluation tasks ranging from elementary education
to professional disciplines, this is currently the most comprehensive assessment set for general
knowledge and higher-order cognitive abilities. In our experiments, we selected eight college tasks
from MMLU that represent higher-order cognitive abilities: College computer science, College
mathematics, College medicine, College physics, Computer security, Econometrics, Electrical
engineering, and Formal logic. The settings of these three datasets cover the evaluation of LLMs’
common sense reasoning, basic knowledge, and higher-order cognitive abilities, while all require
the LLMs to acquire relevant knowledge and use it reasonably. The specific sample sizes for each
dataset are provided in Appendix A.

4.1.2. Baseline
We selected five baseline models for comparison with RoT: (1) Zero-shot: This reflects the

inherent reasoning capability of LLMs without any prompting. (2) CoT [10]: This demonstrates
the logical reasoning and step-by-step reasoning ability of LLMs. (3) CoT-SC [11]: This method
involves selecting the most consistent response from multiple responses generated by the LLMs.
(4) Self-refine [31]: This incorporates the idea of self-reflection into reasoning to reduce the
probability of intermediate errors. (5) Multi-ExpertPrompt [16]: This compares the ideas
and viewpoints of multiple generated expert agents and integrates common opinions, differing
opinions, and unique perspectives on this basis.

4.2. Main Result

To ensure comparability with the baselines, our experiments utilized both the open-source
large model Mistral-7B-it v0.2 [38] and the closed-source large model GPT-3.5-turbo-0613 [39].
The number of expert agents in RoT was set to three. Table 1 presents the main results of our
experiments.

Table 1. The ACC of Different Methods Across Three Datasets

Model Method OpenBookQA ARC-Challenge

MMLU
College

computer
science

College
mathematics

College
medicine

College
physics

Computer
security Econometrics Electrical

engineering
Formal

logic

Mistral-7B-it v0.2

Zero-shot 28.80 56.91 33.00 23.00 48.83 20.79 49.00 35.20 29.20 40.28
CoT 63.00 68.17 47.00 34.00 51.74 26.73 65.00 38.40 39.82 47.22

CoT-SC 67.60 70.39 49.00 36.00 53.48 32.67 68.00 37.60 37.17 49.30
Self-refine 32.80 57.25 36.00 23.00 41.86 24.75 52.00 30.40 32.74 40.97

Multi-expert 51.40 53.77 34.00 34.00 45.46 24.75 53.00 36.40 27.43 37.50

RoT(Our) 74.20 75.60 65.00 37.00 61.27 50.98 76.00 43.85 62.76 53.97

GPT-3.5-turbo-0613

Zero-shot 65.00 56.91 38.00 38.00 54.65 28.71 45.00 35.20 33.62 32.63
CoT 79.20 68.17 48.00 33.00 62.79 37.62 77.00 34.40 41.59 55.55

CoT-SC 78.00 70.39 50.00 37.00 63.95 35.64 76.00 39.20 41.59 56.25
Self-refine 61.80 57.25 33.00 29.00 38.37 35.64 62.00 35.20 26.54 56.25

Multi-expert 71.80 53.77 41.00 28.00 54.06 45.54 63.00 37.60 37.17 51.39

RoT(Our) 92.00 92.74 76.00 71.00 83.81 79.41 84.00 64.91 73.10 61.11
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4.3. Analysis

As shown in Table 1, the experimental results clearly demonstrate that RoT outperforms
all baseline models on the OpenBookQA, ARC-Challenge, and MMLU datasets. Taking the
GPT-3.5-turbo model as an example, compared to the best performing baselines, RoT achieved an
increase of 12.80 percentage points in ACC on the OpenBookQA dataset and a 22.35 percentage
point increase on the ARC-Challenge dataset. In addition to these overall improvements, RoT
excels in higher-order cognitive abilities, particularly across the diverse academic fields covered
by the MMLU dataset. Specifically, RoT saw a 19.86 percentage point increase in ACC on the
"College Medicine" task, a 33.87 percentage point increase on the "College Physics" task, a 25.71
percentage point increase on the "Econometrics" task, and a 4.86 percentage point increase on the
"Formal Logic" task.

Compared to other methods, RoT offers significant advantages. MAD assigns fixed roles to
agents, which can lead to inflexibility and inaccuracies when agents operate outside their domain
expertise. In contrast, RoT dynamically generates expert agents based on the specific requirements
of each reasoning task. This dynamic generation ensures that the most suitable expert agents
are involved, providing a more adaptable and precise approach to complex reasoning challenges.
RoT’s ability to dynamically instantiate roles enables better alignment with task-specific domain
characteristics, resulting in more accurate and reliable outcomes.

Additionally, compared to Multi-Expert Prompting, RoT’s Multi-Stage Reasoning module
provides a significant edge. For instance, under the GPT-3.5-turbo model, RoT outperforms
Multi-Expert Prompting by 20.20 percentage points on the OpenBookQA dataset and by 38.97
percentage points on the ARC-Challenge dataset. Multi-Expert Prompting often suffers from the
issue of key knowledge being overshadowed by irrelevant information during the communication
process among agents. This can result in lower response quality and a tendency towards consensus-
driven rather than precise responses. RoT addresses this challenge by decomposing reasoning
tasks into multiple stages and assigning them to expert agents with different domain expertise.
This approach ensures that each sub-task is thoroughly analyzed in a targeted manner, effectively
avoiding the dilution of critical information. Consequently, RoT enhances the stability and
accuracy of the reasoning process, making it more robust and reliable.

RoT dynamically generates domain-specific expert agents with relevant professional back-
grounds and capabilities based on the characteristics of each task. These agents then analyze the
tasks from multiple perspectives, thereby significantly improving the accuracy and reliability of
LLMs’ knowledge application. Moreover, the flexible decomposition of reasoning tasks through
the Multi-Stage Reasoning module is a key factor in its performance improvement. By decompos-
ing reasoning tasks into multiple stages and assigning them to expert agents with different domain
expertise, each sub-task can be thoroughly analyzed in a targeted manner. This effectively avoids
knowledge gaps and logical discontinuities that may occur in a single LLM’s reasoning process.

In summary, RoT demonstrates significant advantages and potential in complex reasoning
tasks through its dynamic generation of domain-specific expert agents and the Multi-Stage
Reasoning module. These innovations highlight RoT’s critical value in improving reasoning
accuracy, enhancing reasoning process transparency, and adapting to different scenarios.

5. Ablation Studies

We further explored the impact of several key factors on the knowledge reasoning capabilities
of RoT, including the number of expert agents, whether discussion is needed before Task Alloca-
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Figure 2. ACC and average reasoning steps of RoT with varying numbers of expert agents

tion, and the relevance of the reasoning process. These experiments aimed to provide a deeper
understanding of the mechanisms underlying RoT.

5.1. Investigation of the Number of Expert Agents
In this experiment, we incrementally adjusted the number of expert agents involved in the

reasoning process, ranging from two to five agents. We tested the framework on OpenBookQA,
ARC-Challenge, and MMLU datasets, recording the ACC and average number of reasoning steps
under different settings.

As shown in the figure 2, the relationship between the number of expert agents and performance
in complex reasoning tasks is nonlinear. There exists an optimal threshold that balances the
coverage of multiple knowledge domains and the avoidance of redundant reasoning, thereby
preventing resource wastage. The experimental results indicate that while the RoT’s reasoning
performance initially improves as the number of expert agents increases, it eventually plateaus or
even slightly declines. When the number of expert agents is set to three, RoT achieves the best
reasoning performance across the datasets. By combining the analysis with the average number
of reasoning steps, we observe that when the number of expert agents is two, RoT is unable to
adequately cover the diverse domain knowledge required for complex reasoning tasks. Some
sub-tasks are not assigned to the most suitable expert agents, and individual agents are required
to handle tasks from multiple domains. This leads to a trial-and-error reasoning process, which
negatively impacts both the accuracy and comprehensiveness of the reasoning. In contrast, an
excessive number of expert agents can lead to redundant reasoning processes. The viewpoints
and reasoning results from different expert agents may overlap significantly. This not only wastes
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computational resources but also introduces noise during the integration phase of reasoning,
potentially lowering the overall efficiency. Therefore, there is an optimal threshold for the number
of expert agents that balances the need for diverse knowledge coverage and the avoidance of
redundancy. This experiment demonstrates that using three expert agents strikes the optimal
balance, effectively handling reasoning tasks without introducing unnecessary redundancy.

5.2. Necessity of the Opinion Expression Module
To assess whether the Opinion Expression module is necessary in RoT, we compared the

performance of the full RoT with a simplified version w/o the Opinion Expression module. In
settings, the number of expert agents was kept consistent at three. We conducted experiments
on OpenBookQA, ARC-Challenge, and MMLU datasets and recorded and compared various
performance metrics. Table 2 shows the experimental results regarding the necessity of the
Opinion Expression module.

Table 2. Ablation Study of Necessity of the Opinion Expression Module

Model Method OpenBookQA ARC-Challenge MMLU

Mistral-7B-it v0.2
RoT(w/o Opinions) 70.60 74.06 50.21

RoT 74.20 75.60 56.77

GPT-3.5-turbo-0613
RoT(w/o Opinions) 82.40 85.58 60.62

RoT 92.00 92.74 74.37

The Opinion Expression module plays a crucial role in RoT by providing essential multi-
perspective and multi-domain insights, along with semantic associations, which support accurate
and well-reasoned task decomposition. The distinct viewpoints expressed by expert agents in this
stage reflect their domain-specific understanding and focus, offering clear direction and priority
cues for dividing tasks. Bypassing this module and proceeding directly to task allocation can
cause mismatches between sub-tasks and the expertise of assigned agents. As a result, certain
sub-tasks may lack targeted and in-depth reasoning, negatively impacting the coherence and
accuracy of the entire reasoning process. Inappropriate task-agent pairing may lead to incomplete
or flawed reasoning, ultimately compromising the overall correctness of the reasoning chain. This
highlights the essential role of the Opinion Expression module as a foundational step in achieving
efficient, precise, and context-aware reasoning within RoT.

6. Conclusion

In conclusion, Role-of-Thought (RoT) has made significant progress in enhancing the rea-
soning capabilities of LLMs. By dynamically generating domain-specific expert agents and
employing a multi-stage reasoning process, RoT effectively extracts and utilizes implicit knowl-
edge to improve reasoning accuracy and adaptability. The experimental results have shown that
RoT outperforms existing baseline methods on multiple datasets, highlighting its strong reasoning
capabilities and potential for application in various complex reasoning tasks. The dynamic gen-
eration of expert roles and multi-stage reasoning in RoT not only improve reasoning accuracy
but also enhance the transparency and interpretability of the reasoning process. Future work will
focus on exploring the application potential of RoT in additional domains and tasks to further
advance the use of LLMs in NLP.
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APPENDICES

A Dataset Distribution

We listed the quantity distribution of each dataset.

Dataset Quantity

OpenBookQA 500

ARC-Challenge 1172

MMLU

College computer science 100

College mathematics 100

College medicine 173

College physics 102

Computer security 100

Econometrics 114

Electrical engineering 145

Formal logic 126

Total 2632

B Prompt Design

We presents the prompts utilized in the distinct modules of RoT. These prompts are crafted to
guide expert agents in delivering outputs that align with their roles and capabilities.

B.1 Expert Agent Generation Module Prompt
This prompt is designed to generate various domain expert agent roles and brief descriptions

for tackling specific tasks. By inputting a task question, the system outputs a dictionary - formatted
answer containing expert agent roles and descriptions, setting the foundation for subsequent task
allocation and reasoning processes.

Expert Agent Genera�on Module Prompt

SYSTEM: You are provided an informa�on. Give me
a list of {number} best roles that could complete
the informa�on the most thoroughly.
USER: Ques�on: {query}.
Only give me the roles' iden��es and a short
descrip�on for each role in dic�onary format.
Strictly follow the answer format below:
Answer: {"[role 1]": "[descrip�on 1]", …}

Figure 3. Prompt design template for Expert Agent Generation module
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B.2 Opinion Expression Module Prompt
This prompt encourages expert agents to offer knowledge or insights relevant to their roles for

solving a given problem. Each agent provides a concise viewpoint, enhancing task decomposition
and allocation with diverse perspectives and professional information.

Opinion Expression Module Prompt

SYSTEM: you are {agent_name},
{agent_descrip�on}.
Here is a ques�on, please provide some knowledge
or viewpoints that can solve this query in one
sentence in a way that suits your iden�ty.
USER: Ques�on: {query}.
Please provide the specific query so I can offer
relevant knowledge or viewpoints in one sentence.

Figure 4. Prompt design template for Opinion Expression module

B.3 Task Allocation module Prompt
Based on the problem and expert agents’ viewpoints, this prompt divides tasks into multiple

stages and assigns them to suitable agents. It outputs a dictionary indicating each stage’s agent
and reasoning content, ensuring rational and targeted task distribution.

Task Alloca�on Module Prompt
SYSTEM: ques�on: {query}
There is now a team of experts,
including({agent1_name}, {agent2_name},…)
Here are some useful knowledge points or
opinions:({opinion1}, {opinion2},…)
USER: Please assign tasks to these experts
regarding this issue, indica�ng at which stage each
expert needs to reason and what they need to
reason. Please output in dic�onary format,
including who is reasoning at each stage and what
needs to be inferred.
reasoning path: {" stage1": {"The iden�ty of the
reasoner": "The content that requires
reasoning"},...}

Figure 5. Prompt design template for Task Allocation module

B.4 Multi-Stage Reasoning module Prompt
This prompt guides expert agents through Multi-Stage Reasoning. Agents, building on

prior reasoning, provide concise answers for their stage, contributing to a coherent and accurate
reasoning chain.
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Mul�-stage Reasoning Module Prompt

SYSTEM: you are {agent_name},
{agent_descrip�on}.
You will receive some informa�on, including
specific ques�ons and a plan for the reasoning
stages to answer them. You need to answer one of
the stages in your capacity to con�nue the
previous reasoning and guide the subsequent
reasoning.
USER: Ques�on:{query}
The previous reasoning process:{reasoning_
process}
You need to follow the reasoning stage: {stage}
Please provide a necessary and concise answer for
this stage:

Figure 6. Prompt design template for Multi-Stage Reasoning module

B.5 Summary Prompt
This prompt requires the agent to summarize the final answer from the entire reasoning process.

The agent outputs the sole correct answer in a specified format, ensuring a clear and precise
conclusion.

Summary Prompt

SYSTEM: ques�on: {query}
reasoning prosess: {reasoning_ prosess}
USER: There is only one answer to this ques�on.
Please output the answer based on the ques�on
and reasoning process, using "the answer is ()"
following your summary. You must fill in the le�er
op�ons for the only correct answer in the brackets
of "the answer is ()".

Figure 7. Prompt design template for summary
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