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Abstract
Large language models typically operate in a question-
answering paradigm, where the quality of the input prompt
critically affects the response. Automated Prompt Optimiza-
tion (APO) aims to overcome the cognitive biases of man-
ually crafted prompts and explore a broader prompt de-
sign space. However, existing APO methods often suffer
from rigid template structures and inefficient exploration
in the prompt space. To this end, we propose a Multi-
Agent Adaptive Reasoning with Socratic guidance frame-
work (MARS). It consists of five complementary agents and
formulates the optimization process as a Partially Observable
Markov Decision Process, enabling adaptive prompt refine-
ment through explicit state modeling and interactive feed-
back. Specifically, a Planner agent generates flexible opti-
mization trajectories, a Teacher-Critic-Student triad engages
in Socratic-style dialogue to iteratively optimize the prompt
based on pseudo-gradient signals in the text space, and a Tar-
get agent executes the prompt in downstream tasks to provide
performance feedback. MARS integrates reasoning, feed-
back, and state transition into a unified hidden-state evolution
process, improving both the effectiveness and interpretabil-
ity of optimization. Extensive experiments across multiple
datasets show that MARS outperforms existing APO meth-
ods in optimization, efficiency, and interpretability.

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

Introduction
Large language models (LLMs) such as GPT-4 (Achiam
et al. 2023) and Deepseek-R1 (Guo et al. 2025) provide
robust support for thousands of natural language process-
ing tasks (Yuan et al. 2025). By providing a natural lan-
guage prompt that includes instructions and a task descrip-
tion, LLMs can quickly adapt and respond (Lin et al. 2025a;
Shen et al. 2025; Yan et al. 2025). Consequently, the qual-
ity of the prompt is of critical importance, leading to wide

*These authors contributed equally.
†Corresponding Author

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Three different prompts along with their corre-
sponding responses for the word sorting task.

interest in Automated Prompt Optimization (APO) (Pryzant
et al. 2023). As shown in Figure 1, we provide LLMs with
three different inputs for the word sorting task: a zero-shot
prompt, a Chain of Thought (CoT) prompt, and our opti-
mized prompt. The responses are produced in a markedly
distinct way. Specifically, the zero-shot prompt incorrectly
identifies the alterate as the more common word alternate.
However, the task requires faithfully preserving the given se-
quence of words rather than correcting them. With the CoT
prompt, the sorting remains incorrect because the LLM does
not fully grasp the sorting task and the word sequence. In
contrast, our optimized prompt produces the correct answer.
This is because our prompt includes specific requirements,
such as maintaining the original letter casing and specifying
the sorting method.

Thus, it is evident that APO can lead to improved per-
formance in downstream tasks. As shown in Figure 2, re-
cent studies (Zhou et al. 2022; Xu, Banburski-Fahey, and
Jojic 2023; Wang et al. 2023; Liu et al. 2025) have ex-
plored prompt optimization by generating multiple candi-
dates combined with diverse search strategies, while oth-
ers (Yang et al. 2024a; Ye et al. 2023) focus on designing
sophisticated meta-prompts to guide optimization. Despite
these advances, two key issues remain: the limited flexibil-
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Figure 2: Comparison of APO strategies. Generation-search and meta-prompt. Multi-Agent Adaptive Reasoning enables dy-
namic, collaborative reasoning. Right: With GPT-4o, MARS outperforms all baselines on three benchmarks.

ity of fixed prompt templates, and the inefficiency of prompt
space exploration.

The first issue is the limited flexibility of fixed tem-
plates. Prior works (Yang et al. 2024a; Ye et al. 2023) of-
ten rely on meta-prompts, which are predefined optimization
templates that cannot be dynamically adapted to different
tasks. Unlike domains such as event extraction (Zhang et al.
2024b) or text-to-symbol generation (Xu et al. 2024), where
fixed templates suffice due to the task’s structural regularity,
APO requires more adaptability. Rigid templates may intro-
duce biases or fail to capture task-specific nuances, resulting
in suboptimal performance when applied to diverse or com-
plex scenarios.

The second issue is the inefficiency of prompt space
exploration. Several approaches (Zhou et al. 2022; Xu,
Banburski-Fahey, and Jojic 2023; Wang et al. 2023) adopt a
generation-search strategy, where a set of candidate prompts
is first generated and then refined using local search tech-
niques. However, this approach typically performs only lo-
cal exploration around the initial candidates, without suffi-
ciently covering the broader prompt space. As a result, the
optimization may converge prematurely or overlook better-
performing prompts, limiting overall effectiveness.

To this end, we propose a Multi-Agent Adaptive
Reasoning with Socratic guidance framework (MARS) for
APO. MARS consists of five complementary agents and
formulates the optimization process as a Partially Observ-
able Markov Decision Process (POMDP), enabling adaptive
prompt refinement through explicit state modeling and in-
teractive feedback. Functionally, to address the first chal-
lenge, MARS introduces a Planner agent that generates
task-specific optimization trajectories, allowing prompts to
be flexibly adapted to diverse task requirements. To tackle
the second challenge, MARS employs a Socratic-style
Teacher-Critic-Student dialogue mechanism, which itera-
tively guides prompt refinement. This module enables ef-
fective exploration of the prompt space by simulating a
gradient-inspired optimization process, while also promot-
ing interpretability.

The overall process is modeled as a POMDP, where the

hidden state represents the latent reasoning state of the Stu-
dent agent. Through multi-agent interactions and perfor-
mance feedback from a Target agent, MARS approximates a
pseudo-gradient trajectory in the discrete prompt space, pro-
gressively refining the prompt toward an optimal solution.
Our contributions are three-fold:

• This work is the first to introduce a multi-agent architec-
ture with POMDP modeling for APO. It proposes MARS,
which enables hidden-state reasoning and adaptive planning
through agent collaboration.

• A Teacher-Critic-Student Socratic dialogue mechanism
is designed to enable interpretable, iterative prompt refine-
ment via a gradient-inspired optimization trajectory.

• We demonstrate the effectiveness and generalizability
of MARS through extensive experiments on both general
and domain-specific benchmarks, and validate the inter-
pretability of its optimization process.

Methodology
MARS comprises two main modules: (i) a high-level
Planner that generates task-specific optimization trajecto-
ries, and (ii) a Teacher-Critic-Student triad that performs
Socratic-style iterative refinement. The overall architecture
is shown in Figure 3, with the complete workflow detailed
in Algorithm 1. This section introduces: (1) the APO task
and its POMDP formulation, (2) the Planner design, (3) the
gradient-inspired Socratic dialogue mechanism, and (4) the
evaluation-feedback loop via the Target agent.

Task Formulation and POMDP Modeling
Given a task-specific Target model Mtar, the goal of APO is
to iteratively refine an initial prompt p0 to an optimal version
p∗ that maximizes performance on a downstream dataset
D = {(x, y)}. A training subset Dtrain ⊂ D guides the op-
timization, while Dtest is used for evaluation. The objective
can be formalized as:

p∗ = argmax
p

∑
(x,y)∈Dtest

f (πtar(x; p), y) , (1)
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Figure 3: The overall architecture of the MARS model. It consists of five LLM agents. The Planner agent that autonomously
generates task-specific optimization trajectories, and a Teacher-Critic-Student Socratic dialogue mechanism that iteratively
refines prompts, with the evaluation and iterative refinement process guided by feedback from the Target agent.

where πtar(x; p) denotes the model output conditioned on x
and prompt p, and f is a task-specific metric (e.g., accuracy,
BLEU).

To capture the sequential, partially observable nature of
the optimization, we model APO as a Partially Observable
Markov Decision Process (POMDP) defined by:

⟨S,A, T ,R,O⟩,
where: - S: latent state space, representing the internal rea-
soning state of the Student agent; - A: action space, com-
prising instructional signals (e.g., questions, critiques) from
Teacher and Critic; - T : S × A → S: transition dynam-
ics, updating student states; - O : S → P: observation
function, mapping hidden states to prompts; - R(s, a) =
f(πtar(x;O(s)), y): reward function, based on performance
of the generated prompt.

This formulation allows MARS to perform gradient-
inspired prompt refinement in a partially observable, dis-
crete text space. Via iterative multi-agent reasoning and
feedback, the system progressively transitions from p0 to p∗.

Optimization Trajectory Planning
As illustrated in Figure 3, MARS begins with a Planner
agent that initiates the prompt optimization process.
Planner. Given task goal g, input x ∈ Dtrain, and initial
prompt p0, the Planner decomposes the optimization into
a sequence of sub-goals:

ST = [st1, st2, . . . , stn] = πplan(g, x, p0), (2)

where πplan is the planning policy that adaptively generates
an optimization trajectory.

To formalize πplan, we introduce a latent planning variable
z ∈ Z , and model trajectory generation as:

πplan(g, x, p0) = argmax
ST

Ez∼q(z|g,x) [logP (ST | z, p0)] ,
(3)

where q(z|g, x) captures task semantics, and P (ST | z, p0)
models the trajectory conditioned on latent intent and ini-
tial prompt. This hierarchical formulation induces structured
plans over latent space S , guiding local agent decisions un-
der global coherence and improving adaptability over static
templates.

Socratic Prompt Refinement as Joint Policy
Optimization
Prompt refinement in discrete language space presents
unique challenges due to its non-differentiability, high vari-
ance, and semantic ambiguity. To address these issues,
MARS employs a structured Socratic dialogue mechanism
involving three collaborative agents—Teacher (πt), Critic
(πc), and Student (πs)—each fulfilling a complementary role
in exploring and improving prompts through guided interac-
tion. This framework transforms prompt optimization into
an interpretable, policy-driven reasoning process grounded
in pedagogical principles.

At each refinement step i, given a sub-goal sti ∈ ST,
the Teacher proposes a Socratic-style question qi to stimu-
late reasoning, based on the prior prompt pi−1. The Critic
then assesses its clarity, relevance, and coherence, produc-
ing feedback ci to revise or validate the proposed direction.
Finally, the Student responds by updating its internal state
and generating a new prompt pi. This process is formalized
as:

qi = πt(sti, pi−1),

ci = πc(qi),

pi = πs((qi, ci), pi−1),

si ∼ T (si−1, (qi, ci)), oi = pi.

(4)

Each agent performs a partial update to the joint optimiza-
tion process: Teacher drives semantic direction, Critic pro-
vides quality control, and Student synthesizes the final out-
put.
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Context-Aware Interaction. To improve reasoning con-
sistency and avoid step-wise myopia, each agent conditions
not only on the current sub-goal and prompt, but also on the
dialogue history H<i = {(qj , cj , pj)}i−1

j=1. The full context-
aware behavior is given by:

qi = πt(sti, pi−1,H<i),

ci = πc(qi,H<i),

pi = πs((qi, ci), pi−1,H<i).

(5)

By attending to prior reasoning steps, the system forms co-
herent, memory-informed trajectories across iterations.

Joint Optimization Objective. We define the multi-agent
policy as Π = {πt, πc, πs}, and optimize it jointly to max-
imize task performance while ensuring interpretability and
alignment with sub-goals:

max
Π

E(x,y)∼D

[
R(Π)− λ

n∑
i=1

Lalign((qi, ci), sti)

]
, (6)

where R(Π) denotes the cumulative reward from the Tar-
get agent, and Lalign penalizes semantic drift from intended
optimization goals.

This tri-agent structure enables interpretable, step-wise
refinement of prompts through structured reasoning and lo-
calized feedback, offering both flexibility and transparency
in discrete prompt optimization.

Proposition 1 (Socratic Policy Improvement Bound).
Let Π = {πt, πc, πs} denote the joint policy, and suppose
the Socratic signal ai = (qi, ci) induces expected advantage
Āi > 0 over the prior state si−1. Then, under bounded vari-
ance σ2, the cumulative improvement over n steps satisfies:

E[R(pn)]−R(p0) ≥
n∑

i=1

(
Āi −

σ2

2λ

)
, (7)

where λ is the local Lipschitz constant of the reward sur-
face.

This provides a lower bound on improvement, formally
linking guidance signal quality to reward trajectory.

Evaluation and Iteration
Upon completing the Socratic refinement trajectory, the fi-
nal prompt pℓ = pn—produced through successive dialogue
transitions from latent state s0 to sℓ—is evaluated by the
Target agent πtar on the held-out test set Dtest. The evalua-
tion provides an external signal to measure the effectiveness
of the entire optimization trajectory:

R(t) =
∑

(x,y)∈Dtest

f
(
πtar(x; p

(t)
ℓ ), y

)
, (8)

where f(·) is a task-specific scoring function (e.g., accuracy,
BLEU, F1), and p

(t)
ℓ denotes the final prompt obtained at

iteration t. This scalar reward serves as the global perfor-
mance metric, closing the loop between prompt generation
and task-level effectiveness.

Figure 4: A specific illustration of a Teacher-Critic-Student
Socratic guidance dialogue pattern. The case shows the fifth
step optimization iteration.

Adaptive Termination. To ensure efficient convergence
and prevent over-refinement, we adopt an adaptive early
stopping criterion based on marginal reward improvement.
The gain between two consecutive iterations is defined as:

∆R(t) = R(t) −R(t−1). (9)

The refinement continues only if:

∆R(t) > δ, t < I, (10)

where δ is a minimum improvement threshold, and I is the
maximum number of allowed iterations. This iterative con-
trol mechanism enforces a form of performance-aware pol-
icy halting under the POMDP framework. It ensures that
MARS focuses on high-impact updates while avoiding ex-
cessive computation on marginally beneficial revisions. As
a result, the system adaptively determines the optimal stop-
ping point based on observable task performance.

Proposition 2 (Monotonic Reward Stability). Assume
R(p) is λ-Lipschitz and each step satisfies ∥pi− pi−1∥ ≤ ε.
Then the reward trajectory {R(pi)} satisfies:

|R(pi+1)−R(pi)| ≤ λε.

In particular, if R(pi) < R(pi+1) for some i, then im-
provement is bounded and monotonic. This result guaran-
tees bounded gain/loss and motivates early stopping under
stable improvement.

Experiments
In this section, we present extensive experiments conducted
on 12 general task datasets and 5 domain-specific datasets.
We begin by introducing the datasets and hyperparameters,
followed by the main experimental results. A detailed anal-
ysis of MARS’ efficiency is also provided.

Experimental Settings
Datasets. We select a total of 17 datasets covering both
general-purpose and domain-specific tasks. Specifically, we
use 6 tasks from the Big-Bench Hard (BBH) suite (Suzgun
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Models B.E D.QA F.F. G.S. R.N. S.U. C.B. C.M. E.E. W.H. H.A. M.T. Avg.
Origin 74.70 51.41 52.20 43.37 59.84 60.24 82.52 69.77 63.89 73.73 66.22 81.55 64.95

CoT(ZS) 80.32 54.22 59.44 47.39 67.07 67.87 83.91 73.25 74.31 76.27 68.47 84.98 69.79
CoT(FS) 81.93 57.43 66.26 49.40 70.68 72.29 86.71 76.74 79.17 78.81 72.07 90.99 73.54

APE 83.53 61.85 61.04 51.41 77.51 74.70 88.11 75.58 69.44 82.20 75.68 87.98 74.09
ProTeGi 83.93 63.86 62.65 52.21 80.32 76.71 90.91 78.49 73.61 84.75 77.48 90.56 76.29
OPRO 86.34 66.67 63.45 53.81 83.13 82.73 93.70 83.14 77.01 86.44 79.73 92.70 79.07
PE2 87.95 65.46 63.86 54.62 84.34 75.90 93.01 81.40 76.39 88.14 81.08 93.56 78.81

Ours 93.17 71.89 74.70 59.44 90.36 87.95 97.90 86.05 84.03 93.22 85.59 97.00 85.11

Table 1: In the performance comparison across 12 general tasks, we carefully select 6 representative subtasks from both BBH
and MMLU, two commonly used evaluation benchmarks, to comprehensively assess MARS’s performance in diverse general-
task settings. The evaluation results of these subtasks indicate that MARS surpasses all existing baseline methods.

Algorithm 1: MARS Optimization Procedure
1: Input: DatasetD, initial prompt p0, threshold δ, max iterations

I
2: Output: Optimized prompt p∗

3: Planner: Generate sub-goal trajectory ST = {st1, . . . , stn}
4: Initialize p

(1)
0 ← p0,R(0) ← 0

5: for iteration t = 1 to I do
6: for step i = 1 to n do // Generate question
7: Teacher generates question qi ← πt(sti, p

(t)
i−1)

8: repeat
9: Critic evaluates qi & returns feedback ci ← πc(qi)

10: Teacher revises qi if ci is unsatisfactory
11: until Socratic quality is satisfied
12: Set ai ← (qi, ci)

13: Student updates p(t)i ← πs(ai, p
(t)
i−1)

14: end for
15: Let p(t)ℓ ← p

(t)
n // Final prompt

16: Target evaluates reward
17: R(t) =

∑
(x,y)∈Dtest

f(πtar(x; p
(t)
ℓ ), y)

18: ifR(t) −R(t−1) < δ then
19: break //Early stopping
20: end if
21: end for
22: return p∗ ← p

(t)
ℓ

et al. 2022) and 6 tasks from MMLU (Wang et al. 2024b) to
represent general reasoning and knowledge-intensive bench-
marks. For domain-specific evaluation, we include 3 Chi-
nese subject-area tasks from C-Eval (Huang et al. 2024),
1 legal reasoning task from LSAT-AR (Zhong et al. 2023),
and 1 arithmetic reasoning task from GSM8K (Zhang et al.
2024a).

Hyperparameters and Evaluation Protocol. We adopt
deepseek-v2.5-1210 (Guo et al. 2025) as the primary
backbone LLM for all APO tasks. The generation temper-
ature is set to 0.6 to balance creativity and coherence. We
configure the maximum number of optimization iterations
as I = 10, with an early stopping threshold of δ = 0.01
based on accuracy improvement. To enhance efficiency, each
assess-adjust cycle is limited to a single revision per step.

Models Chinese Math Law Avg.
A.S. U.R.P. CL.M. GSM. L.A.

Origin 56.25 48.89 57.14 67.07 23.14 50.50
CoT(ZS) 59.38 53.33 61.90 70.26 30.57 55.09
CoT(FS) 65.63 57.78 66.67 77.54 35.81 60.69

APE 65.63 62.22 71.43 74.81 29.69 60.76
ProTeGi 68.75 66.67 76.19 77.47 31.88 64.19
OPRO 71.88 73.33 80.95 81.56 31.44 67.83
PE2 75.00 77.78 76.19 83.46 34.50 69.39

MARS 81.25 84.44 85.71 89.22 38.42 75.81

Table 2: Performance comparison on three types of domain-
specific tasks: Chinese, law, and mathematics. The Chinese
domain consists of three datasets, while the law and mathe-
matics domains each have one dataset.

Final evaluation is performed using accuracy, computed by
comparing the model prediction ypred with the ground truth
label y.

Main Results
MARS enhances the average performance across diverse
task types. The experimental results in Table 1 and Ta-
ble 2 present a comprehensive comparison between the
prompts optimized by MARS and the baselines for the 12
tasks. As shown in Table 1, on general tasks, MARS outper-
forms the previous SOTA by 6.04%, and exceeds the original
prompt and CoT(ZS) by 20.16% and 15.32%, respectively.
This indicates that MARS-optimized prompts enable LLMs
to better understand task requirements, providing stronger
instructions for tasks across different scenarios. MARS sur-
passes existing APO methods, highlighting the limitations of
both the generate-search approach and the meta prompts ap-
proach. These methods do not fully grasp the deeper essence
of the APO process, which constrains their effectiveness in
optimization. In contrast, MARS thoughtfully considers the
prompt optimization pathways for different tasks and incor-
porates heuristic optimization strategies, making the prompt
refinement process more efficient and precise.
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Figure 5: Inference-time scaling law. The horizontal axis de-
notes the inference-time computational cost, while the verti-
cal axis represents the average performances on all tasks.

MARS achieves strong and consistent performance
gains across domain-specific tasks, highlighting its ef-
fectiveness in knowledge-intensive reasoning. Table 2
presents the experimental results of MARS on domain-
specific tasks, covering areas like Chinese, law, and math-
ematics, all of which require specialized knowledge and
reasoning. In these tasks, MARS outperforms the previous
SOTA methods to 6.42%, further demonstrating its ability to
better guide LLMs in domain-specific knowledge discovery
and application. This not only lowers the barrier to utiliz-
ing LLMs but also enhances their generalization capability.
Moreover, compared to the original prompt and CoT(ZS),
MARS achieves improvements of 25.31% and 20.72%, re-
spectively, underscoring its effectiveness and practicality in
these specialized domains.

Efficiency Analysis
MARS Consistently Achieves the Highest Computa-
tional Efficiency. The balance between resource con-
sumption and performance improvement is a crucial analy-
sis metric (Yang et al. 2024b). As shown in Figure 5, MARS
consistently outperforms all baseline methods in terms of
computational efficiency, as demonstrated by its superior
inference-time scaling behavior across multiple APO tasks.

Notably, under the same number of output tokens, MARS
achieves the highest performance across all evaluated tasks.
Conversely, to reach comparable performance levels, base-
line methods require more output tokens—indicating higher
computational cost.

These results highlight MARS’s strong ability to bal-
ance performance and resource usage through its structured
optimization strategy. By performing high-level task plan-
ning followed by step-wise Socratic refinement, MARS en-
ables more efficient resource allocation, reduces unneces-
sary computation, and ensures both effectiveness and robust-
ness throughout the APO process.

Variation B.E. D.QA F.F. G.S. R.N. S.U. Avg.

MARS 93.17 71.89 74.70 59.44 90.36 87.95 79.59

w/oPlan 86.35 65.86 68.67 54.21 82.33 79.52 72.82
∆ (-6.82) (-6.03) (-6.03) (-5.23) (-8.03) (-8.43) (-6.77)

w/oSoc 84.74 63.86 62.25 49.80 74.30 74.70 68.28
∆ (-8.43) (-8.03) (-12.45) (-9.64) (-16.06) (-13.25) (-11.31)

w/oCri 89.16 68.27 72.28 56.22 86.34 83.94 76.04
∆ (-4.01) (-3.62) (-2.42) (-3.22) (-4.02) (-4.01) (-3.55)

Table 3: Performance under different ablation settings are
analyzed. We performed ablation experiments on the planner
module w/oPlan, the Teacher-Critic-Student module w/oSoc,
and the Critic Agent w/oCri to evaluate the impact of remov-
ing these components. w/o indicates the experiment was run
without the specified module.

Supplementary Analysis
To further validate the effectiveness of MARS, we conduct
three additional analyses in this section: an ablation study
to assess the contribution of each component, a convergence
analysis to examine the optimization stability over iterations,
and an investigation of the sensitivity to Other Target LLMs.

Ablation Study
The Socratic dialogue mechanism plays the most critical
role in MARS, as shown by the largest performance drop
upon its removal. Table 3 presents the impact of remov-
ing three key components: the Planner agent, the Teacher-
Critic-Student Socratic module, and the Critic agent. Re-
moving the Socratic module leads to the most substantial
degradation, as the system loses its iterative refinement ca-
pability and sends unprocessed sub-goals directly to the Tar-
get agent, resulting in poor optimization quality. Eliminating
the Planner also causes a notable drop, since the Socratic
dialogue lacks structured guidance without its sub-goal tra-
jectory. Finally, while the Critic contributes less overall, its
feedback loop with the Teacher improves prompt quality;
removing it leads to a 3.55% performance loss, as shown in
Table 3.

Converagence Analysis
MARS achieves faster convergence in most tasks, im-
proving both efficiency and optimization quality. Figure 6
presents the convergence analysis across four BBH tasks.
To better monitor the APO process, we visualize the itera-
tive optimization trajectory within a 10-iteration observation
window.

The results show that MARS exhibits an upward reward
trend in the early stages. For instance, in Task ‘Ruin Names’,
it converges to the optimal solution by iteration 5. In con-
trast, in the OPRO task, convergence is not reached even af-
ter 10 iterations, resulting in higher resource consumption.
This comparison highlights MARS’s ability to reach optimal
prompts in fewer steps, reducing computational cost and en-
hancing efficiency.
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Base Deepseek GPT Avg.
-V2.5 -R1 -3.5 -4 -4o

Origin 56.96 61.48 44.79 49.70 55.84 53.75
CoT(ZS) 62.72 73.82 63.45 66.94 70.38 67.46

MARS 79.59 83.05 69.30 73.21 80.86 77.20

Table 4: Performance comparison on BBH tasks under dif-
ferent Target model settings.

Other Target LLMs
MARS demonstrates strong cross-model generalization,
maintaining high performance across diverse LLM
backbones. We further evaluate MARS on additional
Target LLMs—Deepseek-R1, GPT-3.5, GPT-4, and GPT-
4o—using the optimized prompts from previous experi-
ments to assess robustness across model families. As shown
in Table 4, prompts optimized on the Deepseek-V2.5 base
model generalize well, preserving strong performance even
on larger or structurally different LLMs. MARS consistently
achieves notable gains across models, validating its model-
agnostic design and broad applicability.

Related Works
The related work is structured into two main aspects: first,
an introduction to prompt optimization; and second, an ex-
ploration of multi-agent techniques.

Prompt Optimization. Early work primarily focused on
two aspects: discrete optimization of hard prompts (Shin
et al. 2020; Wen et al. 2024; Chen et al. 2023; Zhang
et al. 2022) and continuous vector optimization of soft
prompts (Lester, Al-Rfou, and Constant 2021; Li and
Liang 2021; Liu et al. 2024). However, these methods are
highly task-dependent and exhibit locality. With the ad-
vent of LLMs, traditional methods have become outdated.
APE (Zhou et al. 2022) pioneered the use of generative
methods to optimize instructions. Since APE, there have
been two major approaches. The first approach (Zhou et al.
2022; Xu, Banburski-Fahey, and Jojic 2023; Pryzant et al.
2023; Wang et al. 2023) is the generate-search model, where
multiple candidate sequences are generated, and methods
like Monte Carlo search are used to optimize the prompt.
The second approach (Yang et al. 2024a; Ye et al. 2023) is
the meta prompts method, where sophisticated meta prompts
are designed to optimize the prompt. In contrast to these two
approaches, MARS employs a planned optimization path,
iteratively generating high-quality prompts. This approach
alleviates the inefficient search in prompt spaces issues in
the first approach and addresses the challenges of limited
flexibility of fixed templates in the second approach.

Multi-Agent. Based on LLMs, a combination of AI agents
capable of performing specific functions forms a multi-agent
system (Richards 2023; Yang, Yue, and He 2023; Wu et al.
2023; Zhang et al. 2025). Given a statement of a specific
task, AI agents can attempt to break complex problem state-
ments into subtasks and use tools, including data retrieval

Figure 6: The convergence curves across different tasks
show the learning progress as the number of iterations in-
creases. We compare the iterative convergence process of
MARS with four different baseline methods across four
tasks to assess MARS’s advantage in convergence speed.

from the internet, to solve them step-by-step through au-
tomatic iterations. Some studies (Poldrack, Lu, and Beguš
2023; Wang et al. 2024a; Xi et al. 2025; Ni and Gao 2021;
Lin et al. 2025b) use multi-agent systems to address issues
such as problem identification, code development and de-
bugging, plotting results and analysis, and providing inter-
active feedback with the human user. Other studies demon-
strate the potential of organizing an AI multi-agent collab-
orative team to automatically solve mechanical problems,
showcasing an enhanced ability to understand, formulate,
and validate engineering problem solutions through self-
correction and mutual correction (Ni and Buehler 2024;
Zhang et al. 2026). Inspired by their work, we leverage
multi-agent technology to autonomously plan the APO opti-
mization path and design a Teacher-Critic-Student collabo-
rative approach for iterative optimization.

Conclusion

We propose MARS, a novel multi-agent framework for
adaptive APO that integrates Socratic guidance within
a POMDP formulation. It includes: (1) a Planner that
generates task-specific optimization trajectories, and (2)
a Teacher-Critic-Student dialogue enabling interpretable
prompt refinement. This simulates pseudo-gradient paths in
discrete prompt space, narrowing the search scope. Modeled
as a POMDP: the Student’s latent state is the hidden state,
Teacher-Critic interactions define actions, and prompt out-
puts serve as observations. A Target agent guides iteration
via performance rewards. Experiments show MARS consis-
tently outperforms baselines while maintaining transparent
optimization trajectories.
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