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Abstract
Collaborative reasoning with multiple agents offers the poten-
tial for more robust and diverse problem-solving. However,
existing approaches often suffer from homogeneous agent be-
haviors and lack of reflective and rethinking capabilities. We
propose Multi-Agent Personality Shaping ((MAPS), a novel
framework that enhances reasoning through agent diversity
and internal critique. Inspired by the Big Five personality
theory, MAPS assigns distinct personality traits to individual
agents, shaping their reasoning styles and promoting hetero-
geneous collaboration. To enable deeper and more adaptive
reasoning, MAPS introduces a Critic agent that reflects on
intermediate outputs, revisits flawed steps, and guides itera-
tive refinement. This integration of personality-driven agent
design and structured collaboration improves both reason-
ing depth and flexibility. Empirical evaluations across three
benchmarks demonstrate the strong performance of MAPS,
with further analysis confirming its generalizability across
different large language models and validating the benefits
of multi-agent collaboration.

Code — https://github.com/exoskeletonzj/MAPS

Introduction
Solving complex reasoning problems (Bhattacharya et al.
2024; Li et al. 2024c; He et al. 2024) often requires more
than just accurate perception and factual recall—it demands
nuanced interpretation, multi-step inference, and the ability
to adapt when initial attempts fail (Fu et al. 2024; Li et al.
2024a). While large language models (LLMs) demonstrate
promising capabilities in solving such problems, they fre-
quently fall short in scenarios requiring sustained reasoning,
internal verification, and flexible strategy revision (Anand
et al. 2024; Alasadi and Baiz 2024; Gao et al. 2024; Wang
et al. 2024b; Xu et al. 2025). A key challenge lies in how to
effectively combine diverse reasoning strategies and incor-
porate mechanisms for intermediate reflection. Prior work
has explored both single-agent solutions and simple collab-
orative setups (e.g., paired discussion or voting) (Kaesberg
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Figure 1: An example of a multimodal scientific multiple-
choice problem. The correct answer is derived based on the
reasoning over inputs that include context, question, and di-
agram.

et al. 2025), yet these approaches often suffer from rigid be-
haviors and limited capacity for self-correction. This raises
an important research question: how can we enhance the
depth and adaptability of reasoning by enabling more flex-
ible and reflective solution processes? Figure 1 illustrates
a representative scenario that embodies these challenges,
where successful problem solving requires interpreting mul-
timodal input and applying domain-specific reasoning.

As illustrated in Figure 2, existing methods (Wang et al.
2024a; Landau, Páez, and Bordeianu 2024; Hardiansyah
et al. 2024; Zhang et al. 2024; Caffagni et al. 2024; Qiu,
Yuan, and Lam 2024) for complex reasoning problems often
adopt single-agent solutions or simple two-agent collabora-
tions. Although effective to some extent, these setups suffer
from homogeneous agent behaviors—reasoning steps tend
to repeat similar patterns, leading to redundancy and pre-
mature convergence. The lack of diversity limits exploration
and reduces the chance of identifying alternative perspec-
tives or correcting errors, especially in multi-turn settings
where roles and strategies remain undifferentiated.

Another issue is the lack of reflective and rethinking
capabilities in existing approaches. As shown in Figure 2,
the interaction between two agents is often linear and lacks
mechanisms for feedback or revision. Even with multiple
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Figure 2: Comparison of reasoning paradigms. Single-agent and two-agent approaches offer limited adaptability. MAPS enables
dynamic collaborative reasoning. Right: Built on GPT-4o, MAPS achieves the best performance across three benchmarks.

turns, agents rarely revisit earlier reasoning or correct initial
misconceptions. In contrast, human reasoning is inherently
iterative: People reflect, reassess, and adjust their thinking
over time. Without structured reflection, current methods
risk premature convergence and fail to recover from early-
stage errors.

To address these two issues, we propose MAPS (Multi-
Agent Personality Shaping), a collaborative reasoning
framework that enhances both diversity and adaptability in
complex problem solving. Inspired by the Big Five person-
ality theory (Almagor, Tellegen, and Waller 1995; Benet and
Waller 1995; Simms 2007), MAPS shapes the reasoning be-
haviors of a set of role-specialized agents through distinct
personality traits, promoting heterogeneous collaboration
and mitigating behavioral homogeneity. To enable reflective
thinking and iterative refinement, MAPS further introduces
a Critic agent that revisits intermediate outputs, identifies
flawed steps, and provides structured feedback. This inte-
gration of personality-guided agent design and internal cri-
tique supports deeper, more flexible reasoning aligned with
human cognitive processes.

As shown in Figure 3, the interpreter (Openness) explores
information from multiple angles, the aligner (Agreeable-
ness) reconciles visual and textual cues, the scholar (Con-
scientiousness) ensures precision and factual grounding, the
solver (Extraversion) drives goal-oriented conclusions, and
the critic (Neuroticism) questions assumptions and detects
flaws. The critic is further inspired by Socratic question-
ing (Elder and Paul 1998; Paul and Elder 2019), provid-
ing reflective feedback throughout the multi-stage reasoning
process. Together, these roles enable a structured yet flexible
collaboration that supports deeper and more reliable prob-
lem solving.

We conduct extensive experiments on three challeng-
ing benchmarks: MathVista (Lu et al. 2023), Olympiad-
Bench (He et al. 2024), and EMMA (Hao et al. 2025). These
datasets cover a wide range of complex reasoning tasks.
MAPS consistently outperforms baseline methods across all
datasets, confirming its effectiveness in enhancing both rea-
soning depth and adaptability.

Figure 3: The corresponding relation between the Big Five
Personality theory and the five function-specific agents.

We further evaluate MAPS under different base LLMs,
and results consistently show its superiority across model
backbones. Additional analyses examine the impact of the
feedback mechanism and the overall efficiency of the frame-
work.
Our main contributions are as follows:
•We propose MAPS, a multi-agent reasoning framework.

To the best of our knowledge, this is the first work that in-
corporates personality shaping based on the Big Five theory
into collaborative reasoning.
• MAPS addresses two key challenges in existing meth-

ods: behavioral homogeneity and lack of reflection. It as-
signs distinct personality traits to agents and introduces a
Critic inspired by Socratic questioning.
• We conduct extensive experiments on three scientific

reasoning benchmarks. MAPS achieves consistent perfor-
mance gains (up to 15.84%) and generalizes well across dif-
ferent tasks and base models.

Methodology
This section introduces MAPS in four key components: Pre-
liminaries, Agentic Interaction Logic, the Four-Step Reason-
ing process, and the Critic and Feedback mechanism.
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Figure 4: The overall architecture of MAPS. The framework consists of five functional agents inspired by the Big Five personal-
ity theory. The core reasoning process is carried out by four specialized agents—Interpreter, Aligner, Scholar, and Solver—each
responsible for a distinct stage in solving complex reasoning problems. Finally, the Critic agent provides reflective feedback
and correction to enhance accuracy and interpretability.

Preliminaries
Task Definition. We define the complex reasoning task as
a mapping from structured multimodal inputs to a target an-
swer space. Let D, C, and Q denote the input spaces of di-
agrams, contexts, and questions, respectively, and let A de-
note the answer space. Each instance is a triplet (di, ci, qi) ∈
D × C ×Q, and the goal is to predict the corresponding an-
swer ai ∈ A.

The task is thus modeled as a function:

M : D × C ×Q → A, ai =M(di, ci, qi), (1)

whereM denotes the reasoning system responsible for pro-
cessing visual-textual input and generating the output.

Agent-Based Modeling. In MAPS, the reasoning pro-
cess M is decomposed into a sequence of collabora-
tive stages executed by a set of role-specialized agents
{A1,A2, . . . ,AK}, where each agent Ak performs a spe-
cific function conditioned on both the original input and in-
termediate reasoning states.

Let S0 = (di, ci, qi) be the initial input state. The overall
reasoning unfolds as a staged transformation:

Sk = Ak(Sk−1), for k = 1, 2, . . . ,K, (2)

where Sk denotes the intermediate reasoning state after the
k-th agent’s operation. The final answer is extracted as ai =
Extract(SK). This formulation reflects the staged reason-
ing in MAPS, where specialized agents collaboratively re-
fine the solution.

Agents Interaction Logic
As illustrated in Algorithm 1, this section introduces the
interaction logic among the five personality-driven agents

in MAPS. Complex problem reasoning requires multimodal
semantic integration and structured inference over multiple
steps. MAPS models this process as a functional composi-
tion of role-specialized reasoning agents, each shaped by a
distinct personality trait.

Let x = (di, ci, qi) be the input, and let pk ∈ Rm denote
the personality embedding associated with agent Ak. The
entire collaborative reasoning process is represented as:

ai = F(x;p1, . . . ,p4) = A4 ◦ A3 ◦ A2 ◦ A1(x), (3)

where each agentAk(·;pk) executes its stage conditioned
on its personality vector pk, contributing a unique reasoning
perspective.

After the initial reasoning trajectory T =
{S1,S2,S3,S4} is generated, the Critic agent performs a
reflective evaluation by applying a feedback function:

f = Reflect(T ), f = {f1, f2, f3, f4} ∈ R4, (4)

where each score fk reflects the confidence of the k-
th stage. If any fk < τ , the corresponding stage is re-
vised. This feedback loop complements the forward rea-
soning path, allowing MAPS to emulate deliberative human
cognition through structured collaboration and critique.

Proposition 1 (Monotonic Free-Energy Descent). For
the free energy F (t) = Eq(t) [−log p(x, ai | θ)] +

KL
(
q(t)∥ p

)
, each Critic-triggered update satisfies

F (t+1) ≤ F (t). (5)

Thus the MAPS iteration produces a non-increasing free-
energy sequence that converges to a stationary point.
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Algorithm 1: MAPS Collaborative Reasoning with Reflec-
tive Feedback

1: Input: Diagram di, Context ci, Question qi, Personality
vectors {p1, . . . ,p4}

2: Initialize: S0 = (di, ci, qi), t← 0
3: repeat
4: Interpreter: pi = A1(S0;p1)
5: Aligner: li = A2(pi, ci, qi;p2)
6: Scholar: si = A3(li, pi, ci, qi;p3)
7: Solver: ai = A4(si, li, pi;p4)
8: Reasoning Trajectory: T (t) = {pi, li, si, ai}
9: Critic: f (t) = Reflect(T (t)), fk ∈ [0, 1]

10: if all fk ≥ τ then
11: break
12: else
13: Identify stage k∗ = argmink fk
14: Rerun agent Ak∗ with updated input
15: t← t+ 1
16: end if
17: until convergence
18: return Final answer ai

Four-Step Reasoning
Given input x = (di, ci, qi), MAPS conducts a structured
reasoning process across four personality-driven agents: In-
terpreter, Aligner, Scholar, and Solver. Each agentAk is pa-
rameterized by a personality embedding pk ∈ Rm, shaping
its reasoning style and focus. The entire inference pipeline
can be expressed as a function composition:

ai = A4 ◦ A3 ◦ A2 ◦ A1(x;p1,p2,p3,p4), (6)

where each intermediate state Sk is defined recursively as
Sk = Ak(Sk−1;pk), with S0 = x.
Interpreter. The Interpreter agent aims to extract structured
visual semantics from diagram di, translating them into a
caption representation pi that can be consumed by down-
stream language agents. Let ϕvis(di) be a visual encoder, and
ψlang(·) a caption generator. Then the agent performs:

pi = A1(di;p1) = ψlang
(
ϕvis(di) +W1p1

)
, (7)

where W1 ∈ Rd×m projects the personality embedding
into the encoder space, modulating its attention to attributes
like spatiality, color, or topology.
Aligner. To resolve semantic mismatches across modalities,
the Aligner fuses the interpreted diagram caption pi with the
textual context ci and question qi. The process outputs an
alignment representation li, optimized to preserve shared se-
mantics and suppress modality conflict. Formally,

li = A2(pi, ci, qi;p2) = CrossFuse
(
pi, ci, qi;p2

)
, (8)

where CrossFuse(·) denotes a multi-head attention-based
fusion operator, adaptively weighted by p2 to emphasize vi-
sual or linguistic cues based on agent bias.

Scholar. While li captures semantic consistency, complex
reasoning often requires external knowledge supplementa-
tion. The Scholar agent retrieves and integrates domain-
specific knowledge K(li), such as physics principles or
mathematical theorems. We define:

si = A3(li, pi, ci, qi;p3) = KnowAug
(
li,K(li);p3

)
, (9)

where KnowAug(·) augments contextual embeddings
with retrieved tuples K(li) from a structured knowledge
memory, and p3 biases the agent toward formal rigor or
heuristic reasoning.
Solver. The Solver agent aggregates all upstream outputs
and executes logical composition to generate the final an-
swer ai. Let Hi = {pi, li, si} be the hybrid reasoning state.
The solver computes:

ai = A4(Hi;p4) = Deduct
(
pi, li, si;p4

)
, (10)

where Deduct(·) is a constrained generation module that
synthesizes the inputs under logical, numerical, or symbolic
rules. The final prediction ai ∈ A may be a selected option
or a free-form answer.
Together, these four stages construct a trajectory T =
{pi, li, si, ai}, on which the Critic agent operates for reflec-
tion and feedback.

Proposition 2 (Collaborative Information Bottleneck).
Let Sk be the intermediate output of the k-th agent, given
input x = (di, ci, qi) and target answer ai. Then the MAPS
reasoning process optimizes

min

4∑
k=1

I(x;Sk) s.t. I(Sk; ai) ≥ ε, (11)

where I(·; ·) denotes mutual information. The Critic moni-
tors constraint violations and reactivates stages with insuf-
ficient task-relevant information.

Critic and Feedback
The Critic agent evaluates the internal reasoning trajectory
T = {pi, li, si, ai} without relying on ground-truth an-
swers. Inspired by Socratic questioning, it examines each
stage’s logic and justification to identify flawed assumptions
and incomplete inferences.

We define the feedback vector as:

fi =Mcrit(pi, li, si, ai), fi ∈ [0, 1]4, (12)

where each element f (k)i represents the Critic’s confidence
in the correctness and completeness of stage k.

The weakest stage is selected by:

k∗ = argmin
k
f
(k)
i , if f

(k∗)
i < τ, (13)

which triggers a targeted revision. This reflection-driven
loop promotes iterative self-correction and deepens reason-
ing reliability.
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Models CoT MathVista EMMA OlympiadBench Avg.Gen. Math Avg. Math Phy. Chem. Avg. MECO MZCE MZCO PECO PZCE Avg.

Random Choice - 26.09 22.78 24.30 13.00 23.00 27.00 21.00 0.67 0.33 0.00 1.75 0.33 0.87 16.06
Human Expert - 56.09 55.74 55.90 75.00 64.50 86.00 75.17 48.00 34.67 30.36 54.17 12.33 37.80 52.73

Claude 3.5 Sonnet - 68.04 63.15 65.40 23.00 34.00 44.00 33.67 20.67 13.00 10.71 10.75 14.00 13.23 37.43
Gemini 2.0 Flash - 70.65 70.93 70.80 20.00 40.00 36.00 32.00 8.00 5.67 7.14 3.07 7.00 5.39 36.06
GPT-4o - 65.22 61.30 63.10 30.00 38.00 33.00 33.67 23.33 20.33 19.64 22.15 21.00 21.47 39.41
Qwen2.5-VL-72B - 70.65 67.41 68.90 42.00 42.00 38.00 40.67 18.00 12.33 5.36 7.24 3.67 8.80 39.45
InternVL2.5-8B-MPO - 64.78 60.74 62.60 30.00 40.00 38.00 36.00 10.67 6.67 10.71 1.10 0.67 3.88 34.16
LLaVA-Onevision-72B - 62.83 58.52 60.50 25.00 32.00 24.00 27.00 6.67 7.33 3.57 3.29 9.67 6.18 31.23
Claude 3.5 Sonnet ✓ 71.74 64.26 67.70 30.00 38.00 41.00 36.33 24.00 11.00 16.07 12.72 10.33 13.23 39.09
Gemini 2.0 Flash ✓ 70.22 75.56 73.10 24.00 41.00 36.00 33.67 12.67 6.33 3.57 4.61 2.33 5.39 37.38
GPT-4o ✓ 65.22 62.59 63.80 27.00 44.00 35.00 35.33 25.33 21.67 12.50 24.12 20.33 22.27 40.47
Qwen2.5-VL-72B ✓ 71.09 77.96 74.80 38.00 36.00 37.00 37.00 23.33 13.00 10.71 8.11 1.33 9.59 40.46
InternVL2.5-8B-MPO ✓ 60.87 67.41 64.40 31.00 36.00 24.00 30.33 12.00 8.33 1.79 2.85 0.99 4.75 33.16
LLaVA-Onevision-72B ✓ 71.09 64.44 67.50 23.00 26.00 23.00 24.00 11.33 8.67 5.36 4.82 3.33 6.18 32.56

MAPS (GPT-4obase) - 75.87 83.15 79.80 52.00 71.00 51.00 58.00 46.00 30.33 32.14 28.51 28.33 31.14 56.31

Table 1: Performance across 10 subtasks. Gen. = General (MathVista), Phy./Chem. = Physics/Chemistry (EMMA), MECO/ MZ-
CO/ MZCE = English/Chinese COMP & CEE Math (OlympiadBench), PECO/ PZCE = English/Chinese Physics (Olympiad-
Bench).

Experiments
Datasets and Baselines
We evaluate on three benchmarks for complex problem rea-
soning: MathVista, OlympiadBench, and EMMA. Math-
Vista covers math and general science, OlympiadBench fo-
cuses on high-level math and physics, and EMMA includes
math, physics, and chemistry.

We use GPT-4o (Achiam et al. 2023) as the base model.
For comparison, we include leading multimodal large lan-
guage models (MLLMs), both proprietary and open-source,
tested under both direct and Chain-of-Thought (CoT) set-
tings.

Main Results
MAPS achieves a new state-of-the-art (SOTA), surpass-
ing human-level performance for the first time. As
shown in Table 1, MAPS outperforms previous SOTA mod-
els by 15.84% and exceeds human expert performance by
3.58% across all tasks, highlighting its strength in solving
complex multimodal problems. MAPS demonstrates robust
performance across mathematical, physical, chemical, and
general tasks, showcasing strong interdisciplinary reason-
ing. Its multi-agent design, based on the Big Five personal-
ity theory, enables effective collaboration and contributes to
the SOTA results. The system excels in multimodal seman-
tic integration and multi-step reasoning by jointly leveraging
diagrams, contexts, and questions. Furthermore, the Critic
agent applies Socratic feedback to refine responses, enhanc-
ing both accuracy and reliability on challenging tasks.

MAPS exhibits strong adaptability and robustness
across diverse reasoning tasks. The evaluation datasets

span a wide range of question types, modalities, and rea-
soning difficulties. MathVista features judgment, multiple-
choice, and open-ended fill-in-the-blank questions with var-
ied answer formats, requiring accurate intent understanding
and response generation. OlympiadBench emphasizes chal-
lenging open-ended problems demanding multi-step sym-
bolic reasoning, where small errors can lead to divergent
outcomes. EMMA introduces multimodal complexity with
diagrams embedded in both questions and answer choices.
Through feedback-driven multi-agent collaboration and So-
cratic questioning, MAPS effectively handles these chal-
lenges, achieving SOTA and demonstrating strong general-
ization across heterogeneous reasoning scenarios.

Analysis of Critic Agent
Critic schema includes scoring and Socratic feedback.
Each reasoning step is rated from 0–5, guiding whether the
system should backtrack or proceed. Feedback is heuristic,
encouraging rethinking rather than offering direct answers.
The Critic uses these scores to decide whether to regenerate
specific steps, ensuring robustness in the final answer.

The Critic enhances reasoning via Socratic feedback
without using gold labels. As shown in Figure 5, the
top illustrates the feedback schema, while the bottom
shows feedback proportions across three datasets. The Critic
prompts reflection and correction by encouraging agents to
question assumptions rather than passively accept reasoning.

Solver receives the most feedback in EMMA and
OlympiadBench. As shown in the lower half of Figure 5,
feedback varies by dataset. For MathVista, most steps need
no regeneration, aligning with our superior 5.0% SOTA im-
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Figure 5: The schema of the Critic agent, as well as the feed-
back and backtracking situations of the Critic agent across
different datasets.

provement in Table 1. This reflects strong baseline reason-
ing. In contrast, EMMA and OlympiadBench show the high-
est feedback for the Solver, especially in the interpretation,
alignment, and integration steps. These are the most com-
plex and error-prone stages. Other agents receive compa-
rable and lower feedback, indicating better relative perfor-
mance in their sub-tasks.

Supplementary Analysis
Ablation Studies
Ablating the Interpreter results in the greatest loss of
performance. We conduct ablation experiments on the
OlympiadBench dataset to evaluate the impact of each mod-
ule on the overall performance. Table 2 presents the effects
of removing the Interpreter, Aligner, Scholar, and Critic
modules from the MAPS framework. The results show that
removing the Interpreter agent causes the largest perfor-
mance degradation, at 16.09%. This is because, in com-
plex problem reasoning, diagrams contain a wealth of valu-
able information, which serves as an important supplement
to the text. Understanding diagrams plays a crucial role in
problem-solving.

The removal of the Critic agent causes the smallest per-
formance loss. It results in only a 7.05% decrease, under-
scoring its role in providing feedback and corrections. While
this mechanism allows MAPS to backtrack and refine its
reasoning, its impact is less than that of other agents. Re-
moving the Scholar agent results in 11.49% performance
drops, highlighting the importance of searching and inte-
grating domain-specific knowledge. Finally, the removal of
the Aligner agent causes a 10.86% drop, indicating that
while diagram and context alignment is valuable, its effect
is smaller compared to other components.

Base Model Generalization
MAPS improves performance across diverse base mod-
els. We conduct experiments to verify whether our MAPS
framework demonstrates robust generalization across vari-
ous base LLMs. The results confirm MAPS’s robustness and

Variation MECO MZCE MZCO PECO PZCE Avg.

MAPS 46.00 30.33 32.14 28.51 28.33 31.14

w/oInterpreter 25.33 16.67 10.71 21.05 11.62 15.05
∆ (-20.67) (-13.66) (-21.43) (-7.46) (-16.71) (-16.09)

w/oAligner 28.00 17.67 16.07 20.83 19.00 20.28
∆ (-18.00) (-12.66) (-16.07) (-7.68) (-9.33) (-10.86)

w/oScholar 28.00 16.33 30.36 19.96 16.33 19.65
∆ (-18.00) (-14.00) (-1.78) (-8.55) (-12.00) (-11.49)

w/oCritic 34.67 21.67 30.36 23.03 21.67 24.09
∆ (-11.33) (-8.66) (-2.42) (-5.48) (-6.66) (-7.05)

Table 2: Performance under different ablation settings are
analyzed. We perform ablation experiments on the solving
module w/oInterpreter, w/oAligner, w/oScholar or w/oCritic mod-
ules to evaluate the impact of removing these components.

transferability, highlighting its adaptability and consistent
performance across different foundation models. To further
validate its generalization, we evaluate both Qwen2.5-VL-
72B and Gemini 2.0 Flash, showing that MAPS performs
well across models of varying scales and capabilities. Fig-
ure 6 presents results for three sets of base models. In each
set, we compare MLLMs and MAPS on mathematical, phys-
ical, and chemical sub-tasks. MAPS consistently outper-
forms the base models. For example, MAPSQwen improves
Qwen2.5-VL-72B by 12.4% in physics, while MAPSGemini

improves Gemini by 4.2%. Similar gains are observed in
math and chemistry, demonstrating MAPS’s effectiveness
on both open-source and closed-source MLLMs.

Time Efficiency

Simpler formats and lower difficulty yield faster solving
times. Solving time efficiency varies by question type, an-
swer type, category, and difficulty, with multiple-choice and
integer-type questions being the fastest, while higher diffi-
culties and complex formats require more time. Figure 7 il-
lustrates the solving time efficiency across various dimen-
sions—question types, answer formats, subject categories,
and difficulty levels—with all times normalized to a 100s
benchmark.

Predefined structure and conceptual simplicity reduce
reasoning time. Multiple-choice questions are solved
more quickly thanks to predefined answer options that limit
the need for extensive reasoning or exploration. Integer-
type answers also show high efficiency, often tied to sim-
pler arithmetic or structured formats requiring minimal in-
ference. General category questions are faster on average,
likely due to lower conceptual and reasoning complexity
compared to domain-specific tasks. In contrast, open-ended
questions demand deeper analysis and justification, leading
to longer solving times. Finally, solving efficiency declines
with increased difficulty: as question complexity rises, so
does the required reasoning time, reflecting greater cogni-
tive and computational demands.
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Figure 6: Performance Comparison of MAPS on Math,
Physics, and Chemistry Subtasks in the EMMA Dataset with
GPT-4o, Gemini, and Qwen2.5-VL-72B as Bases.

Related Works
The related work is structured into two main aspects: Firstly,
an introduction to complex problem reasoning; Secondly, an
exploration of multi-agent techniques.

Complex Problem Reasoning. The research of complex
problem reasoning spans across multiple fields, including
mathematics, physics, and chemistry, with each area focus-
ing on enhancing problem-solving abilities. In mathemat-
ics, studies (Didolkar et al. 2024; Fitriana and Waswa 2024;
Tong et al. 2025) explore various methods to improve math-
ematical problem-solving, such as algorithm optimization,
educational strategies, and the use of artificial intelligence.
These approaches aim to boost the efficiency, accuracy, and
depth of mathematical reasoning. In the field of physics, the
papers (Mustofa, Bilad, and Grendis 2024; Kapuriya et al.
2024; Anand et al. 2024; Wu et al. 2024) emphasize the in-
tegration of different information types, such as images and
text, through multimodal learning to enhance the efficiency
and precision of problem solving. In chemistry, three arti-
cles (Alasadi and Baiz 2024; Kiernan, Manches, and Seery
2024; Li et al. 2024b; Lin et al. 2025; Dang et al. 2025) in-
vestigate the role of multimodal learning in solving chemi-
cal problems. By combining diverse information sources, in-
cluding images and text, and employing techniques such as
generative models and molecular geometry reasoning, they
aim to improve both the efficiency and accuracy of solving
chemistry problems.

Multi-Agent. Multi-agent systems, built on LLMs, con-
sist of multiple AI agents that specialize in specific tasks,
working together to solve complex problems (Richards
2023; Yang, Yue, and He 2023; Wu and et al 2023; Sun
et al. 2023; Zhang et al. 2026, 2025; Yan et al. 2025; Liu
et al. 2025). When presented with a problem, these agents
decompose it into smaller, manageable subtasks and utilize
various tools, such as internet data retrieval, to solve them
through iterative steps. Several studies (Poldrack, Lu, and

Figure 7: An analysis of the solving time efficiency across
different question types, answer types, question categories,
and question difficulties.

Beguš 2023; Wang et al. 2024c; Xi et al. 2025; Ni and Gao
2021) have employed multi-agent systems to tackle chal-
lenges like problem identification, code writing and debug-
ging, data visualization, and providing interactive feedback
to human users. In their work, Ni and Buehler (2024) high-
lights the potential of AI-driven multi-agent teams in solving
mechanical problems autonomously, demonstrating an en-
hanced capability for understanding, formulating, and vali-
dating engineering solutions through self-correction and col-
laborative refinement. Inspired by the research, we devel-
oped the MAPS method, which leverages multi-agent col-
laborative learning and stepwise problem-solving to pro-
vide innovative solutions for complex problem reasoning.
By combining the strengths of AI agents, complex problems
can be broken down into subtasks and solved step by step
through collaboration, improving efficiency and accuracy.

Conclusion
This study presents MAPS, a multi-agent framework
grounded in the Big Five Personality Theory and guided
by Socratic principles, designed to address the challenges
of multimodal comprehensive reasoning and enhance reflec-
tive capabilities. The framework involves five agents, each
specializing in distinct aspects of problem-solving. To ad-
dress the first challenge, a four-agent strategy is proposed,
where each agent focuses on specific stages of the reasoning
process. Additionally, the Critic agent addresses the second
challenge through Socratic reflection and critical feedback.
Extensive experiments on the EMMA, OlympiadBench, and
MathVista datasets validate MAPS’s effectiveness in over-
coming these issues and enhancing performance across var-
ious reasoning tasks. Meanwhile, we perform additional an-
alytical experiments to assess the model’s advancement as
well as its generalization.
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