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Abstract

Reinforcement learning (RL) paradigms have
demonstrated strong performance on reasoning-
intensive tasks such as code generation. How-
ever, limited trajectory diversity often leads
to diminishing returns, which constrains the
achievable performance ceiling. Search-
enhanced RL alleviates this issue by intro-
ducing structured exploration, which remains
constrained by the single-agent policy priors.
Meanwhile, leveraging multiple interacting
policies can acquire more diverse exploratory
signals, but existing approaches are typically
decoupled from structured search. We propose
MARS2 (Multi-Agent Reinforced Tree-Search
Scaling), a unified RL framework in which
multiple independently-optimized agents col-
laborate within a shared tree-structured search
environment. MARS2 models the search tree
as a learnable multi-agent interaction environ-
ment, enabling heterogeneous agents to col-
laboratively generate and refine candidate so-
lutions within a shared search topology. To
support effective learning, we introduce a path-
level group advantage formulation based on
tree-consistent reward shaping, which facili-
tates effective credit assignment across com-
plex search trajectories. Experiments on code
generation benchmarks show that MARS2

consistently improves performance across di-
verse model combinations and training settings,
demonstrating the effectiveness of coupling
multi-agent collaboration with tree search for
enhancing reinforcement learning. Our code
is publicly available at https://github.com/
TsinghuaC3I/MARTI.

1 Introduction

In recent years, reinforcement learning (RL)
paradigms represented by Group Relative Pol-
icy Optimization (GRPO)(Shao et al., 2024) have
achieved notable progress on reasoning-intensive

*Equal contribution
†Corresponding authors

tasks such as mathematical problem solving and
code generation. By directly optimizing policies
with respect to outcome-level feedback, these meth-
ods substantially improve response quality under
single-sample evaluation(Fu et al., 2025; Luo et al.,
2025). However, such improvements are still
largely constrained by the exploration behavior of
a single agent(Zhang et al., 2025a). Under the inde-
pendent and identically distributed (i.i.d.) sampling
assumption, the effective exploration space is im-
plicitly bounded by the model’s own prior distribu-
tion, which often leads to insufficient trajectory di-
versity and premature convergence to local optima,
thereby imposing a hard-to-break performance ceil-
ing(Song et al., 2025; Zhang et al., 2025b).

To alleviate this exploration bottleneck, search-
augmented reinforcement learning introduces ex-
plicit structured exploration mechanisms. Repre-
sentative approaches such as TreeRL(Hou et al.,
2025) integrate Monte Carlo Tree Search (MCTS)
into the training process, explicitly expanding the
space of candidate solutions under a fixed com-
putational budget. Prior studies(Hou et al., 2025;
Zhoubian et al., 2025; Li et al., 2025) have shown
that tree-structured search can improve trajectory
diversity and provide higher-quality optimization
signals. Nevertheless, in most existing meth-
ods(Hou et al., 2025; Zhoubian et al., 2025; Li
et al., 2025), the entire search tree is still driven by
a single policy distribution, and the resulting search
dynamics remain fundamentally constrained by a
shared prior. As training progresses, search behav-
ior increasingly concentrates on a small number
of high-probability branches, making it difficult to
continuously expand the exploration frontier and
leading to diminishing returns from search (Silver
et al., 2016) (Challenge 1: diminishing explo-
ration gains under a single-policy prior).

From a complementary perspective, multi-agent
reinforcement learning (MARL) is widely regarded
as a promising approach to overcoming the ex-
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Figure 1: Overview of the MARS2 framework. Multiple agents collaboratively expand a shared search tree
via Thompson-sampling-based agent–node selection, with node-level rewards refined by tree-consistent reward
shaping over parent and sibling signals. Each agent is then independently optimized with a tree-level group-relative
advantage over the shared tree.

ploration limitations of single-policy optimiza-
tion(Hernandez-Leal et al., 2017). By introducing
interactions among multiple policies, MARL in-
duces non-stationary data distributions that evolve
with agent interactions, thereby offering the poten-
tial to escape the exploration bounds imposed by
a single policy(Lowe et al., 2017). Recent stud-
ies in large language model (LLM) reasoning set-
tings, such as MAPoRL(Park et al., 2025a), fur-
ther demonstrate that incorporating multi-agent col-
laboration into the training loop can yield more
stable and accumulative performance gains than
relying on multi-agent protocols solely at infer-
ence time(Inoue et al., 2025). However, exist-
ing multi-agent reasoning frameworks predomi-
nantly rely on simple interaction paradigms, such
as multi-round dialogue, debate, or voting (Zhang
and Xiong, 2025; Zuo et al., 2025). These methods
treat agent interaction as a lightweight coordination
mechanism rather than a structured exploration pro-
cess. As a result, multi-agent collaboration remains
largely disconnected from the underlying search
dynamics, lacking explicit support for branching,
backtracking, or principled allocation of explo-
ration budget. This limitation prevents agent in-
teractions from effectively shaping the exploration
frontier and constrains their applicability to deep,

multi-branch reasoning tasks (Challenge 2: lack
of structured search integration in multi-agent
collaboration).

To address these two challenges, we propose
MARS2 (Multi-Agent Reinforced Tree-Search
Scaling), a unified reinforcement learning frame-
work in which multiple independently-optimized
policies collaborate within a shared tree-structured
search environment (Figure 1). Unlike prior ap-
proaches that treat search as a one-off sampling
procedure, MARS2 models the search tree as a
structured and learnable multi-agent environment.
Multiple agents collaboratively explore a shared
search tree, and effective credit assignment is
achieved through a path-level group advantage
function together with tree-consistent reward shap-
ing. This design enables stable reward allocation
across complex search trajectories and mitigates
the non-stationarity induced by multiple policies
concurrently updating over a shared search tree.
We conduct extensive evaluations on code gen-
eration benchmarks, where experimental results
demonstrate that MARS2 consistently improves
performance across diverse model combinations
and training settings, while exhibiting clear advan-
tages on system-level search metrics. These find-
ings suggest that integrating multi-agent collabora-
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tion with structured tree search provides an effec-
tive pathway for overcoming single-policy explo-
ration bottlenecks in search-augmented reinforce-
ment learning.

The main contributions of this work are summa-
rized as follows:

• A unified multi-agent tree search aug-
mented reinforcement learning framework.
We introduce MARS2, which embeds multi-
agent collaboration directly into structured
tree search, transforming search from a static
sampling procedure into a learnable, coopera-
tive exploration process.

• Path level group advantage modeling and
reward allocation. We propose a group-level
advantage formulation defined over search
paths, enabling stable credit assignment and
reward shaping under tree-structured con-
straints, thereby improving training stability
in MARS2.

• Systematic empirical evaluation and ab-
lation studies. We conduct comprehensive
experiments on code generation benchmarks
across multiple model combinations and set-
tings, analyzing the effects of multi-agent
collaboration, structured search, and reward
mechanisms, and demonstrating the robust-
ness and effectiveness of the proposed ap-
proach.

2 Methodology

2.1 Problem Formulation and Preliminary

We consider complex reasoning tasks such as code
generation, and model the inference process as a
sequential decision-making problem under a finite
computational budget. Given an input problem x ∈
X and a reasoning budget N , the standard parallel
sampling paradigm independently draws a set of
candidate solutions from the model distribution:

y = {y1, y2, . . . , yN}, yi
i.i.d.∼ fM (· | x),

where fM (·) denotes the output distribution param-
eterized by model M .

In contrast to parallel sampling, we model the
reasoning process as a multi-agent collaborative
tree search, and treat the search tree itself as a learn-
able interaction environment. Specifically, multiple
agents collaboratively expand a shared search tree,

producing a set of tree nodes

ŷ = {ŷ1, ŷ2, . . . , ŷN},

where each ŷi corresponds to a complete candidate
solution generated at the i-th expansion step.

Following the AB-MCTS formulation (Inoue
et al., 2025), we introduce explicit agent selection
and node expansion mechanisms. At each expan-
sion step, the search is formulated as a multi-armed
bandit problem over agent–node pairs. To this end,
we maintain Beta priors to model the selection
probabilities over agents and their associated ex-
pandable nodes. Thompson sampling(Thompson,
1933) is first applied to select the most promising
agent, and is then applied again to choose a node
associated with the selected agent for expansion.
During node selection, we distinguish two func-
tional types of expandable nodes. A generation
node is a virtual option corresponding to propos-
ing a new candidate solution by the selected agent,
whereas a refinement node refers to an existing
tree node previously generated by that agent along
the current search path. If a generation node is se-
lected, the search performs a horizontal expansion
by generating a new candidate solution; otherwise,
it proceeds with a vertical refinement by selecting
an existing child node of the current node. This
design enables a dynamic balance between exploit-
ing high-quality trajectories and exploring diverse
candidate solutions.

Under this framework, the generation of each
tree node ŷi can be formalized as a joint distribu-
tion:

ŷi ∼ gi(m) · f(· | x,m, ŷτ(i), o),

where gi(m) denotes the probability of selecting
agent m ∈ {M1,M2, . . . ,Mm} at the i-th expan-
sion, ŷτ(i) is the parent node, and o represents ob-
servable environment feedback (e.g., execution re-
sults or error messages).

2.2 Tree-Node-Level Reward Assignment
In reinforcement learning for reasoning tasks,
GRPO(Shao et al., 2024) distinguishes rollout qual-
ity using group-relative advantages, which has been
shown to provide stable and effective optimization
signals. Parallel sampling naturally forms a group
of rollouts with rewards r = {r1, r2, . . . , rN},
from which the normalized group advantage is com-
puted as

Ai =
ri −mean(r)

std(r)
. (1)
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In multi-agent tree search, all nodes in a search
tree originate from the same input problem, and
therefore naturally constitute a semantic group. We
thus extend the group-relative advantage formula-
tion 1 to the tree-level, and define the tree-level
relative advantage as

Âk,jk =
rk,jk −mean(r1,j1 , r2,j2 , . . . , rN,jN )

std(r1,j1 , r2,j2 , . . . , rN,jN )
,

(2)
where rk,jk denotes the reward of the node gener-
ated at the k-th expansion by agent jk.

However, nodes in a multi-agent tree search are
not generated independently. Instead, agents iter-
atively refine or diversify solutions through struc-
tured interactions along the tree. A purely global
tree-level advantage fails to capture such hierarchi-
cal dependencies. Intuitively, a child node should
not only achieve a high global reward, but also
improve upon its parent and outperform sibling
candidates under the same parent.

2.3 Tree-Consistent Reward Shaping
To explicitly model hierarchical collaboration, we
introduce a tree-consistent reward shaping mecha-
nism. For any non-root node v, we define a mixed
baseline

b(v) = (1− λ) rp(v) + λ · µC(p(v))\v, (3)

where rp(v) is the reward of the parent node,
µC(p(v))\v denotes the mean reward of sibling
nodes sharing the same parent, and λ ∈ [0, 1] bal-
ances vertical improvement and horizontal compe-
tition. When a parent node produces only a single
child, the baseline naturally degenerates to the par-
ent reward.

We then define the structural consistency gain as

∆(v) = rv − b(v), (4)

and apply reward shaping as

r̂v = rv + γ ·∆(v), (5)

where γ controls the shaping strength. This mecha-
nism preserves the original task reward semantics
while explicitly encouraging both parent-child im-
provement and sibling-level competition, thereby
facilitating effective collaboration and specializa-
tion among agents within the shared search tree.
The above formulation relies only on a node-level
scalar reward rv, and is therefore independent of
the specific reward source.

2.4 Optimization Objective
During training, we adopt GRPO-style policy opti-
mization as the base framework. The GRPO objec-
tive can be written as

JGRPO(θ)

=Eq∼P (Q), {oi}Ni=1∼πθold
(·|q)

[
1

N

N∑

i=1

1

|oi|

|oi|∑

t=1(
min(w(i, t)Ai, clip(w(i, t), 1− ϵ, 1 + ϵ)Ai)

− β DKL(πθ ∥πref)
)]

,

(6)
where Ai denotes the group-relative advantage and

w(i, t) =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
.

Building on multi-agent tree search and tree-
consistent reward shaping, we extend the optimiza-
tion unit from parallel trajectories to tree nodes,
yielding the final objective, where each agent is op-
timized independently using the rewards collected
at the tree nodes it generates:

JMARS2(Θ)

=Eq∼D, {oi}Ni=1∼πΘold
(·|q)

[
1

N

m∑

j=1

∑

v∈Tj(q)

|ov |∑

t=1
(
min

(
w(v, t, θj)Âv,j ,

clip(w(v, t, θj), 1− ϵlow, 1 + ϵhigh)Âv,j

)

− β DKL(πθj∥πref)
)]

,

(7)

where

w(v, t, θj) =
πθj (ov,t | q, ov,<t)

πθj,old(ov,t | q, ov,<t)
,

Θ = {θ1, θ2, . . . , θm} denotes the set of agent pa-
rameters, m is the number of agents, and Tj(q)
denotes the node expand index set of the j-th agent.
The advantage estimator Âv,j in Eq. (7) combines
the tree-level group advantage of Eq. (2) with the
reward shaping of Eq. (5):

Âv,j =
r̂v,j −mean(r̂1,j1 , . . . , r̂N,jN )

std(r̂1,j1 , . . . , r̂N,jN )
, (8)

where r̂v,j denotes the shaped reward of node v gen-
erated by agent j, and N is the number of nodes

33322



expanded during tree search. Agent–node selec-
tion within Tj(q) adopts standard Thompson sam-
pling (Thompson, 1933) and is orthogonal to our
core contribution: the tree-level group-relative ad-
vantage and its hierarchical credit assignment.

3 Experiments

3.1 Experimental Setup

Datasets. We use the open-source code gener-
ation dataset released by DeepCoder(Luo et al.,
2025) as the training data for reinforcement learn-
ing. To improve training efficiency and avoid de-
generate reward signals, we filter out two types
of samples following Polaris(An et al., 2025): (i)
prompts for which the model consistently achieves
a perfect score, providing little optimization signal,
and (ii) prompts for which all sampled solutions
receive zero reward, resulting in overly sparse and
noisy gradients. After filtering, the resulting train-
ing set contains 7,992 code generation prompts.
All reinforcement learning experiments, including
MARS2 and all baselines, are conducted on this
dataset.

Models. To evaluate the effectiveness of MARS2

across different model types and scales, we con-
sider open-source large language models with pa-
rameter sizes of 8B and 14B, covering both code-
oriented and general-purpose models. Specifically,
we adopt AReaL-boba-2 8B/14B(Fu et al., 2025)
and DeepCoder-14B-Preview(Luo et al., 2025) as
code-specialized models that have been extensively
optimized for programming tasks. In addition, we
include Qwen3 8B/14B(Yang et al., 2025) to as-
sess the generality of MARS2 beyond code-centric
pretraining.

Baselines. At the algorithmic level, we adopt
Vanilla GRPO as the single-agent reinforcement
learning baseline. To ensure a fair comparison and
eliminate the influence of additional reinforcement
learning tricks, we incorporate the same training
techniques used in MARS2 into the Vanilla GRPO
baseline (Appendix E & Appendix B). We further
verify in Appendix D (Table 8) that these stabi-
lization techniques alone do not account for the
reported gains, as GRPO equipped with them still
remains substantially below RS2 and MARS2. In
addition, all tree search methods share the same
prompt templates and formatting conventions, as
detailed in Appendix F. As a result, performance
differences can be primarily attributed to multi-

agent coordination and structured search, rather
than optimization details.

Training and Inference Configurations. We ex-
plicitly distinguish how training and inference are
configured across all methods:

• Training. Vanilla GRPO follows the stan-
dard parallel sampling scheme of Eq. (6) with-
out tree-structured procedure, whereas RS2

and MARS2 expand n tree nodes per prompt
with each oi corresponding to one tree node.
For fairness, every agent across all methods
is trained on the same number of samples and
optimization steps.

• Inference. All methods, including those
trained under GRPO, are evaluated under
a unified MCTS-based inference framework
with a fixed search budget of 60 nodes for
Pass@1 (MCTS) and Pass@N.

These two phases give rise to two orthogonal no-
tions of single- vs multi-agent: a model can be
trained with a single policy (GRPO, RS2) or mul-
tiple policies over a shared tree (MARS2), and at
inference time evaluated either via standard single-
pass sampling (Pass@1) or via MCTS-based search
(Pass@1 (MCTS), Pass@N). The two dimensions
are evaluated independently, allowing us to dis-
entangle the contributions of training and infer-
ence mechanisms. Throughout the paper, we use
"(Q+A)" marks a single model jointly trained on
Qwen3 and AReaL; "&" marks a multi-model in-
ference system.
Evaluation Benchmark and Metrics. We
evaluate all methods on LiveCodeBench (v6,
01/2025–05/2025) (Jain et al., 2024), which was
released after the development of all base models,
thereby minimizing the risk of data contamination
and enabling a reliable assessment of generaliza-
tion. For each problem, the training reward is de-
rived from passing the full set of training test cases,
while public test cases guide MCTS expansion at
inference and private test cases measure final per-
formance to prevent data leakage. We report three
complementary metrics to evaluate MARS2 from
different perspectives:

1. Pass@1. This metric measures the probability
that a model generates a correct solution in a
single sampling attempt, reflecting the intrin-
sic code generation and reasoning capability
of the learned policy.
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Table 1: Overall performance across models and systems under different training methods. Single-model
performance is measured by Pass@1, while system-level performance is evaluated using Pass@1 (MCTS) and
Pass@N under a fixed inference budget of 60. Results compare Base, GRPO, RS2, and MARS2 across both
individual models and multi-model systems. Notation: “Q” and “A” abbreviate Qwen3 and AReaL respectively;
“+” (e.g., Q+A) denotes a model combination used at training time, while “&” (e.g., Q&A) denotes a multi-model
combination used at inference time.

Model / System Method Pass@1 Pass@1 (MCTS) Pass@N

Qwen3-8B

Base 50.3 54.3 68.6
GRPO 52.5+2.2 57.1+2.8 73.1+4.5

RS2 55.4+5.1 60.6+6.3 71.4+2.8

MARS2 (Q+A) 58.3+8.0 60.8+6.5 72.3+3.7

AReaL-8B

Base 51.0 56.0 66.9
GRPO 50.8−0.2 55.1−0.9 67.4+0.5

RS2 55.4+4.4 58.3+2.3 69.7+2.8

MARS2 (Q+A) 54.9+3.9 58.1+2.1 70.3+3.4

Qwen3-14B

Base 56.0 61.7 75.4
GRPO 58.3+2.3 62.1+0.4 76.6+1.2

RS2 61.1+5.1 65.1+3.4 78.9+3.5

MARS2 (Q+A) 61.7+5.7 66.2+4.5 78.9+3.5

AReaL-14B

Base 58.4 62.9 74.3
GRPO 58.9+0.5 60.7−2.2 75.4+1.1

RS2 62.3+3.9 68.0+5.1 81.1+6.8

MARS2 (Q+A) 64.6+6.2 68.1+5.2 80.2+5.9

Q&A-8B

Base – 57.2 69.7
GRPO – 56.0−1.2 72.0+2.3

RS2 – 57.2+0.0 72.6+2.9

MARS2 (Q+A) – 61.7+4.5 75.4+5.7

Q&A-14B

Base – 62.9 74.9
GRPO – 61.7−1.2 78.9+4.0

RS2 – 68.0+5.1 79.4+4.5

MARS2 (Q+A) – 68.9+6.0 79.4+4.5

2. Pass@1(MCTS). During inference, we per-
form N complete rollouts in the structured
environment defined by MARS2 and select
as the final output the response that passes
the public tests and is generated at the lat-
est expansion step. This "latest-wins" rule
is consistent with the refinement dynamics
of tree search, as deeper nodes typically cor-
respond to candidates refined along higher-
quality branches. We empirically verify its ad-
vantage over random selection in Appendix D
(Table 5).

3. Pass@N. This metric measures the probabil-
ity that at least one out of N generated so-
lutions passes all unit tests, reflecting both
average performance and solution diversity.

3.2 Overall Performance

We first evaluate the overall effectiveness of intro-
ducing tree-structured search into policy training,
and then examine whether this benefit can be fur-
ther extended by introducing multiple collaborating
policies into the shared tree search. Throughout

this section, we intentionally exclude reward shap-
ing and other stabilization techniques in order to
isolate the contribution of the search structure it-
self.

3.2.1 Single-Agent Reinforced Tree Search
Effectiveness of Tree-Structured Search in
Single-Agent Training. To evaluate whether in-
corporating a tree-structured search alone can yield
tangible benefits for policy optimization, we first
conduct systematic experiments under a single-
agent setting(RS2). Our evaluation covers five base
LLMs with parameter scales of 8B and 14B. For
fair comparison, all methods are trained and evalu-
ated under identical training steps and data budgets.
Notably, RS2 does not consume more rollouts or
generate more tokens than GRPO during training
(see Appendix D, Table 3). The overall results are
summarized in Table 1. Experimental results show
that RS2 consistently outperforms Vanilla GRPO
across all base models. In terms of single-model
capability, Qwen3-8B achieves the largest absolute
Pass@1 improvement of 5.1% under RS2, whereas
Vanilla GRPO yields only a 2.2% gain. Moreover,
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(a) Qwen3-8B. (b) Qwen3-14B. (c) AReaL-8B. (d) AReaL-14B.

Figure 2: Pass@1 accuracy over training steps for multi-agent MARS2 training on paired models. Results are
shown for Qwen-8B + AReaL-8B and Qwen-14B + AReaL-14B.

we verify in Appendix D (Table 6) that RS2 scales
gracefully with the training-time search budget: as
the number of tree nodes increases from 4 to 16, we
observe consistent gains followed by stable perfor-
mance, with no degradation or training instability.

At the system level, RS2 improves Pass@1
(MCTS) by 6.3% relative to the base model, com-
pared to a 2.8% improvement from Vanilla GRPO,
indicating that policies trained with RS2 are more
effective at guiding MCTS-based search. Notably,
for models already highly optimized for code gen-
eration (e.g., AReaL), Vanilla GRPO offers little
room for further improvement and may even de-
grade performance. For instance, the Pass@1 score
of AReaL-8B decreases from 51.0% to 50.8% un-
der Vanilla GRPO. While RS2 alleviates explo-
ration inefficiency by exposing the policy to higher-
quality search-guided trajectories, it remains driven
by a single policy prior and thus cannot fundamen-
tally expand the exploration frontier; as training
proceeds, the search distribution may concentrate
on a small set of high-probability branches, leading
to diminishing gains and occasional instability. We
provide a more detailed analysis of these limita-
tions in Appendix D.

3.2.2 Multi-Agent Reinforced Tree Search

To address the inherent limitations of exploration
imposed by single agent training, we construct
multi-agent configurations at both the 8B and 14B
model scales. Specifically, at the 8B scale, we con-
sider combinations of Qwen3-8B and AReaL-8B,
while at the 14B scale we evaluate combinations of
Qwen3-14B and AReaL-14B. To ensure fair com-
parison, the total training data budget is strictly
controlled and kept identical across all experimen-
tal settings.

Individual performance and system-level col-
laboration. To examine how the number of agents
affects individual model capability, we evaluate
Pass@1 on five base LLMs, with results reported
in Table 1. All agents trained under MARS2 frame-
work consistently outperform both their base coun-

terparts and those trained with RS2. For example,
Qwen3-8B (58.3%) achieves an absolute Pass@1
improvement of 8.0% over the base model, 4.4%
over Vanilla GRPO, and a further 2.9% gain be-
yond the peak performance attained by RS2 train-
ing. AreaL-14B achieves a performance of 64.6%,
surpassing the 63.7% of O4-Mini (Low). The
corresponding training curves in Figure 2 further
show that MARS2 converges stably after an initial
exploration phase, eventually surpassing Vanilla
GRPO on all four paired models. At the system
level, as illustrated in Table 1, the heterogeneous
system composed of Qwen3-8B and AReaL-8B
achieves a Pass@1(MCTS) score of 61.7%, rep-
resenting a 4.5-point improvement over the base
system (57.2%), and clearly outperforming both
Vanilla GRPO (56.0%) and RS2 (57.2%). A simi-
lar trend is observed at the 14B scale. The Qwen3-
14B & AReaL-14B system trained with MARS2

reaches a Pass@1(MCTS) score of 68.9%, surpass-
ing the corresponding base system (62.9%) as well
as Vanilla GRPO (61.7%) and RS2 (68.0%). More-
over, consistent improvements in Pass@N are ob-
served across both model scales, indicating that
MARS2 effectively enhances system-level collabo-
ration and search efficiency under a fixed inference
budget.

3.3 Ablation Study

Impact of Weaker Agents on MARS2 Training.
To further evaluate the robustness of MARS2 under
heterogeneous and imbalanced settings, we intro-
duce DeepCoder-14B into the 14B-scale multi-
agent configuration. Compared to Qwen3-14B and
AReaL-14B, DeepCoder-14B exhibits substantially
weaker single-model performance. This setting is
designed to emulate realistic multi-model collabo-
ration scenarios, where participating agents often
possess uneven capabilities, and to assess whether
MARS2 remains effective under such conditions.
As shown in Figure 3, incorporating DeepCoder-
14B leads to a noticeable reduction in the Pass@1
gains of individual agents compared to the RS2

33325



Qwen-14B
(Pass@1)

AReaL-14B
(Pass@1)

DeepCoder-14B
(Pass@1)

Q&A&D-14B
(Pass@1, MCTS)

Q&A&D-14B
(Pass@N)

10

20

30

40

50

60

70

80

Pe
rf

or
m

an
ce 56.0

58.3
61.1 59.4 58.4 58.9

62.3 60.6

50.8 52.4
54.3 54.9

61.1 62.9
66.3 66.9

76.6
79.4

81.7 81.7

Base GRPO RS2 MARS2(Q+A+D)

Figure 3: Ablation on introducing a weaker agent in 14B-scale ensembles. We augment the 14B two-agent
setting (Qwen3-14B & AReaL-14B) with a weaker model, DeepCoder-14B, to test robustness under imbalanced
agent strength.

setting. For instance, under RS2, Qwen3-14B
achieves a 5.1% absolute improvement in Pass@1
over the base model, whereas this gain decreases
to 3.4% after introducing DeepCoder-14B. This
phenomenon suggests that weaker agents may in-
ject noisier trajectories into the shared search space
weaker agents may inject noisier trajectories into
the shared search space, thereby partially interfer-
ing with fine-grained policy optimization at the
individual level.

Nevertheless, from a system-level perspective,
Pass@1 (MCTS), which reflects collaborative
search performance, continues to exhibit a mono-
tonic improvement from Base to RS2, and further to
MARS2. Meanwhile, Pass@N also shows consis-
tent gains under this setting. These results indicate
that although weaker agents may slightly constrain
the individual performance ceiling, MARS2 is still
able to effectively aggregate complementary infor-
mation across agents and maintain strong system-
level advantages through tree-structured search and
inter-agent feedback mechanisms. Overall, these
findings demonstrate that MARS2 remains robust
in heterogeneous multi-agent systems with uneven
capability distributions, and that its system-level
benefits do not rely on all participating agents hav-
ing comparable single-model performance.

Why Multi-Agent Tree Search Improves Rein-
forcement Learning: A Diversity-Centric Anal-
ysis. To better understand why multi-agent tree
search effectively enhances training performance,
we extend the conventional Pass@N metric by in-

corporating a set of fine-grained diversity mea-
sures, including AEC, DA@K, EA, NAUADC,
and G-Vendi (Appendix C for detailed definitions).
These metrics characterize exploration behavior
from multiple perspectives, such as solution space
coverage, structural dispersion, and distributional
diversity. We conduct a systematic comparison
among Base, Vanilla GRPO, RS2, and MARS2 un-
der an 8B-scale agent configuration. As reported in
Table 2, MARS2 consistently achieves the best av-
erage rank across different diversity metrics, with
particularly pronounced advantages on AEC and
DA@K, which capture global coverage of the so-
lution space. These results suggest that the effec-
tiveness of multi-agent tree search does not pri-
marily stem from repeatedly exploiting a small set
of high-reward trajectories. Instead, by maintain-
ing multiple agents with diverse policy biases, the
search process continuously preserves a richer and
more diverse candidate solution pool. The result-
ing increase in exploration diversity enables the
training process to access a broader and more com-
plementary set of high-quality trajectories, thereby
providing more informative learning signals for pol-
icy optimization. This empirical evidence explains
why MARS2 is able to overcome the performance
saturation observed in single-agent training.
Effect of Reward Shaping on Performance and
Training Stability. Finally, we examine the role
of reward shaping in MARS2 to better understand
its impact on performance and training dynamics.
Under otherwise identical settings, we conduct ab-
lation experiments on Qwen3-14B with and with-
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Table 2: Diversity-oriented evaluation of different training paradigms on Qwen3-8B & AReaL-8B system.
MARS2 demonstrates robust diversity performance, achieving the best average rank across different metrics.

Method Pass@N AEC DA@K EA NAUADC G-Vendi Avg.

Base 72.0(4) 1.295(3) 1.634(4) 1.321(4) 1.686(4) 7.146(1) 3.3
GRPO 72.0(4) 1.190(4) 1.645(3) 1.333(3) 1.707(3) 7.063(2) 3.2
RS2 72.6(2) 1.315(2) 1.664(2) 1.341(2) 1.716(2) 6.403(4) 2.3

MARS2 75.4(1) 1.431(1) 1.677(1) 1.348(1) 1.750(1) 6.901(3) 1.3

Figure 4: Training curves of Qwen3-14B with and
without reward shaping. We report Pass@1 perfor-
mance over training steps, showing that reward shaping
leads to more stable optimization.

out reward shaping, and report the training curves
in Figure 4. Without reward shaping, the model
shows slow and unstable improvements in Pass@1
during early training, followed by a delayed perfor-
mance jump around step 80. This behavior reflects
a common limitation of single-policy optimization:
exploration is initially dominated by the model’s
own prior, resulting in sparse, high-variance reward
signals and inefficient credit assignment along long
reasoning trajectories. Consequently, effective pol-
icy updates are postponed until sufficiently infor-
mative trajectories are discovered. By contrast,
introducing reward shaping leads to a significantly
smoother and more stable training process, with
faster and more consistent performance gains. We
attribute this effect to the fact that reward shaping
provides denser, intermediate supervision aligned
with the structured search process, effectively con-
straining degenerate behaviors (e.g., overlong or
truncated outputs) and regularizing token-level dis-
crepancies between rollout and training policies.
These additional signals reduce gradient variance
and improve the quality of early-stage updates,
allowing the policy to better exploit informative
search outcomes and converge to stronger solu-
tions. A further sensitivity analysis on the mixing
coefficient λ (Eq. 3) confirms that reward shaping
plays a structural role rather than acting as a sim-
ple hyperparameter, with a moderate mix of parent
and sibling signals yielding the best performance
(Appendix D, Table 7).

Generalization to Mathematical Reasoning.
To assess the generality of our framework beyond
code generation, we additionally evaluate RS2

on the MATH dataset, a widely-used benchmark
for mathematical reasoning. Using Qwen2.5-3B-
Instruct as the base model and a tree budget of 16
nodes, RS2 improves Pass@1 (MCTS) from 0.756
(Base) and 0.776 (GRPO) to 0.804(Appendix D,
Table 4). This consistent gain demonstrates that the
benefits of our tree-level credit assignment are not
restricted to coding tasks, and transfer naturally to
other structured reasoning domains.

4 Conclusion

We propose MARS2, a reinforcement learning
framework based on multi-agent systems that re-
thinks reasoning scaling through collaborative
and tree-structured exploration. By modeling the
search tree as a learnable multi-agent environment,
MARS2 integrates policy interaction directly into
the search process, enabling the exploration fron-
tier to expand beyond the limitations of a single-
policy prior. Experiments across multiple model
scales and configurations demonstrate that com-
bining policy heterogeneity with structured tree
search yields consistent improvements in both in-
dividual and system-level reasoning performance.
These results indicate that multi-agent tree search
provides a scalable and robust alternative to single-
agent, search-augmented reinforcement learning,
and represents a promising direction for advancing
reasoning systems.

Limitations

This work primarily aims to establish the feasi-
bility and effectiveness of integrating multi-agent
collaboration with structured tree search in rein-
forcement learning. Accordingly, our design em-
phasizes coordinated exploration and solution re-
finement, rather than optimizing for training effi-
ciency. In particular, multi-agent tree search relies
on sequential interactions among agents, which
may increase training time compared to single-

33327



agent approaches.This overhead stems from the
reduced rollout parallelism caused by sequential
tree expansion, rather than from any increase in
data or compute consumption. While such struc-
ture is crucial for enabling meaningful coordination
and structured reasoning, developing more efficient
search mechanisms that preserve these advantages
remains an important direction for future research.
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A Related Works

Reinforcement Learning for Reasoning. Rein-
forcement learning (RL)–based post-training has
become a standard paradigm for improving the
reasoning capabilities of large language models
(LLMs). Representative approaches include PPO-
style optimization and more recent group-based
variants such as Group Relative Policy Optimiza-
tion (GRPO)(Shao et al., 2024), which have demon-
strated strong performance on mathematical reason-
ing and code generation tasks. Notably, DeepSeek-
R1(Guo et al., 2025) and its code-oriented exten-
sions adopt GRPO-style training to improve single-
sample accuracy via outcome-level feedback, while
code-specialized models such as DeepCoder(Luo
et al., 2025) and AReaL(Fu et al., 2025) leverage
RL-based fine-tuning to enhance execution correct-
ness on programming benchmarks. Despite these
advances, prior work has observed that RL-based
reasoning improvements are often constrained by
the exploration behavior of a single policy(Song
et al., 2025). Under the i.i.d. sampling assump-
tion, exploration remains implicitly bounded by
the model’s own prior, resulting in limited trajec-
tory diversity and diminishing returns as training
scales.

Search-Augmented Reinforcement Learning.
To alleviate exploration inefficiency and reward
sparsity in reinforcement learning, several works
integrate explicit search mechanisms into the train-
ing process. Tree-structured approaches such as
TreeRL (Hou et al., 2025), REST-RL (Zhoubian
et al., 2025), and TreePO (Li et al., 2025) incorpo-
rate Monte Carlo Tree Search (MCTS) to expand
candidate reasoning trajectories and provide richer
supervision signals, resulting in improved training
stability and solution quality. However, in most ex-
isting methods, the entire search tree is still driven
by a single policy distribution. As a consequence,
search behavior tends to increasingly concentrate
on a small subset of high-probability branches as
training progresses, limiting the effective expan-
sion of the exploration frontier. Moreover, discrep-
ancies between training-time search procedures
and inference-time generation introduce a struc-
tural mismatch that restricts the transferability of
search-induced behaviors, a limitation that has been
discussed in prior work on search-based reinforce-
ment learning (Silver et al., 2016).

Multi-Agent Systems for LLM Reasoning.
Multi-agent reinforcement learning (MARL) has
been explored as a complementary approach
to improve exploration through policy interac-
tions(Hernandez-Leal et al., 2017; Lowe et al.,
2017). In LLM reasoning, prior works such as
MAPoRL(Park et al., 2025b) instantiate multi-
agent collaboration via trajectory-level interactions,
including multi-round debates(Zhang and Xiong,
2025; Chern et al., 2024), self-play(Zhao et al.,
2025), or voting-based protocols(Zuo et al., 2025).
Related systems such as MarsRL(Liu et al., 2025)
and MARTI(Zhang et al., 2025a) further study
cooperative or competitive agent configurations
to enhance robustness and reduce individual bias.
While effective in practice, these approaches typi-
cally organize agent interactions in flat or sequen-
tial structures, without explicitly coupling them to
structured exploration mechanisms. Consequently,
multi-agent collaboration remains largely decou-
pled from the search process itself, limiting its ef-
fectiveness for deep, multi-branch reasoning tasks
that require systematic exploration and backtrack-
ing.

B RL Training Strategy

Asynchronous Updates under Stochastic Tree
Search. During multi-agent tree search, each
node expansion selects an agent according to an
updatable Beta prior. Although the total rollout bud-
get is fixed, the stochasticity of tree search induces
mild variation in how many samples each agent
receives per rollout. Fully synchronous updates
would therefore introduce unnecessary waiting and
reduce throughput. We instead adopt a buffer-based
asynchronous update scheme(Fu et al., 2025; Yu
et al., 2025; Zhang et al., 2025a): each agent main-
tains a local buffer and triggers a parameter update
once its buffer reaches a preset threshold, without
synchronizing with other agents. In practice, we
use relatively small search budgets during train-
ing for efficiency. Under such low-budget settings,
per-agent sample counts remain close, avoiding
degenerate cases where some agents rarely update.

Stabilization Techniques and Fair Comparison.
RLVR(Reinforcement Learning with Verifiable Re-
wards) for long-horizon reasoning can still be un-
stable in practice. Following common practice in
recent RL systems, we incorporate several stabiliza-
tion techniques. Importantly, we apply the same
techniques to both MARS2 and all baselines to
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ensure a fair comparison.

• GSPO. We adopt GSPO (Zheng et al., 2025)
to stabilize policy updates for long-chain out-
puts. GSPO replaces token-wise importance
aggregation with a geometric mean over the
whole sequence, reducing sensitivity to a few
unstable tokens.

• Overlong Penalty. We observe that many
low-quality trajectories are associated with
truncated or excessively long generations. Fol-
lowing DAPO (Yu et al., 2025), we apply a
length-based reward shaping term Rlength(y).

If |y| ≤ Lmax − Lcache:

Rlength(y) = 0. (9)

If Lmax − Lcache < |y| ≤ Lmax:

Rlength(y) =
(Lmax − Lcache)− |y|

Lcache
. (10)

If |y| > Lmax:

Rlength(y) = −1. (11)

• TIS. To mitigate instability caused by mis-
matches between inference-time rollouts and
training-time distributions, we apply Token-
wise Importance Sampling (TIS) (Yao et al.,
2025). Concretely, we align rollout probabil-
ities produced by vLLM (Kwon et al., 2023)
with the FSDP training distribution (Zhao
et al., 2023) via:

vllm_kl(j) = log
πvllm
θj

(oi | q)
π

fsdp
θj

(oi | q)
. (12)

Overall, these design choices improve training sta-
bility while avoiding method-specific advantages:
all stabilization techniques are enabled for both
MARS2 and baselines, so the gains primarily re-
flect the proposed multi-agent tree-search training
framework.

C Evaluation Setting

C.1 Diversity Evaluation Setup.
We evaluate the diversity of code generation pro-
duced by baseline methods and our proposed ap-
proach on the LiveCodeBench v6 (Jain et al., 2024)
dataset.

Following the standard practice in diversity eval-
uation (Shypula et al., 2025), diversity metrics are
designed to characterize structural variation within
the valid solution space, rather than to mix success-
ful and failed outputs. When success rates differ
substantially across methods, directly computing
diversity over all problems would conflate quality
gaps with structural differences and reduce inter-
pretability.

Accordingly, we retain only those problems for
which all compared methods generate at least one
functionally correct solution, obtaining a subset of
95 problems used consistently across all diversity
evaluations. We emphasize that this filtering is not
intended to exclude difficult problems, but rather
to ensure that diversity metrics focus on structural
variation within the valid solution space where the
metrics are statistically meaningful.

We adopt the following models to support differ-
ent aspects of diversity analysis:

• Semantic embeddings. We use jina-code-
embeddings-1.5b (Kryvosheieva et al., 2025)
to obtain dense semantic representations of
generated code solutions for embedding-
based clustering metrics.

• Algorithm equivalence judgment. To de-
termine whether two functionally correct
code solutions implement the same under-
lying algorithm, we employ Qwen2.5-7B-
Instruct(Yang et al., 2024) with temperature
set to 0. This model is used to cluster solu-
tions into algorithm-level groups required for
computing algorithmic diversity metrics such
as DA@K and EA.

• Gradient-based diversity analysis. For com-
puting G-Vendi, we adopt Qwen2.5-0.5B-
Instruct(Yang et al., 2024) as a lightweight
proxy model to extract loss gradients effi-
ciently.

Unless otherwise specified, all diversity metrics
are computed exclusively on functionally correct
solutions to ensure that measured diversity corre-
sponds to meaningful algorithmic or reasoning dif-
ferences rather than superficial variations.

C.2 Diversity Metrics
Average Embedding Clusters (AEC).
Embedding-based metrics have been widely
used to assess semantic diversity in code genera-
tion. For each problem, we encode all functionally
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correct solutions using jina-code-embeddings-
1.5b (Kryvosheieva et al., 2025). We then apply
DBSCAN clustering (Ester et al., 1996) to group
solutions based on semantic similarity. We define
the Average Embedding Clusters (AEC) as:

AEC =
1

|Q|
∑

q∈Q
C(Aq), (13)

where Q denotes the set of evaluated problems,
Aq is the set of correct solutions for problem q,
and C(Aq) is the number of embedding clusters
obtained for that problem. A higher AEC indicates
that functionally correct solutions are more widely
distributed in the semantic space, reflecting higher
semantic diversity.

DA@K, EA, and NAUADC. Following (Lee
et al., 2025), we adopt DA@K, EA, and NAUADC
to quantify algorithmic diversity from comple-
mentary perspectives. We first cluster function-
ally correct solutions into algorithm groups using
Qwen2.5-7B-Instruct(Yang et al., 2024), which
judges whether two solutions implement the same
algorithm. Let N denote the total number of cor-
rect solutions for a problem, M the number of algo-
rithm clusters, and sm the size of the m-th cluster.
DA@K measures the expected number of distinct
algorithms covered when sampling K solutions:

DA@K =

M∑

m=1

(
1−

(
N−sm

K

)
(
N
K

)
)
. (14)

EA (Effective Algorithms) characterizes the en-
tropy of the algorithm distribution:

EA = exp

(
−

M∑

m=1

pm ln pm

)
, (15)

where pm = sm
N . NAUADC integrates DA@K

over varying sampling budgets to capture diversity
robustness across solution set sizes:

NAUADC =
1

Kmax − 1

Kmax∑

k=1

DA@k. (16)

In our experiments, we set Kmax = 60 to cover all
correct solutions generated per problem.

G-Vendi. While the above metrics focus on code-
and algorithm-level diversity, they do not explic-
itly capture diversity in reasoning strategies. To
address this, we adopt the G-Vendi metric (Jung

et al., 2025), which measures diversity in the loss-
gradient space of a proxy model. Using Qwen2.5-
0.5B-Instruct as a lightweight proxy, we compute
the loss gradient for each sample (x, y), where x
denotes the problem and y includes both the chain-
of-thought reasoning and the final answer:

gθ(x, y) = −∇ logP (y | x; θ). (17)

The gradients are normalized and projected into
a lower-dimensional space via random projection.
We then construct a covariance matrix from the pro-
jected gradients and compute the Shannon entropy
of its eigenvalue distribution. Let {λK

i } denote the
normalized eigenvalues of this covariance matrix.
The G-Vendi score is defined as:

G-Vendi(D) = exp

(
−
∑

i

λK
i log λK

i

)
. (18)

Higher G-Vendi values indicate greater diversity in
cognitive strategies and reasoning behaviors across
generated solutions.

D Additional Experiments Performance

D.1 Performance Saturation in RS2 Training.
Despite the sustained improvements observed
above, we further find that single-model RS2 train-
ing exhibits a clear performance saturation ef-
fect(Figure 5). After an initial phase of rapid im-
provement, continued training yields diminishing
returns: metrics such as Pass@1 plateau, and the
variance of rewards associated with generated so-
lutions gradually decreases. This saturation phe-
nomenon suggests that, although tree-structured
search enhances exploration depth, the induced
search distribution remains fundamentally con-
strained by the model’s own policy prior. As train-
ing progresses, the model increasingly revisits sim-
ilar solution patterns, limiting its ability to discover
novel and high-quality trajectories. In other words,
tree-structured search alone is insufficient to fully
overcome the intrinsic exploration boundaries im-
posed by a single policy distribution.
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Figure 5: Performance of RS2 and GRPO on Qwen3-8B (Yang et al., 2025) across training steps.

D.2 Compute Budget

Table 3: Training-time compute statistics for Qwen3-8B
under GRPO and RS2. Both methods use the same num-
ber of rollouts per sample and generate a comparable
number of tokens, confirming that RS2 does not benefit
from a larger training or inference compute budget.

Method Rollouts / Sample Avg. Generated Tokens

GRPO 8 14,460
RS2 8 13,031

As shown in Table 3, RS2 uses the same number
of rollouts per sample as GRPO and in fact gen-
erates slightly fewer tokens on average. The re-
duced training throughput we occasionally observe
under RS2 and MARS2 therefore does not stem
from a larger data or compute budget; instead, it
is primarily caused by the sequential nature of tree
expansion, which lowers the parallel efficiency of
rollout collection. The performance gains reported
in Sec. 3 can thus be safely attributed to the struc-
tured search and multi-agent collaboration rather
than to additional training compute.

D.3 Performance on MATH
To probe whether the proposed tree-level credit
assignment generalizes beyond executor-based re-
ward signals, we additionally evaluate RS2 on the
MATH dataset, where node rewards rv are derived
from answer matching rather than from code exe-
cution. Using Qwen2.5-3B-Instruct as the base
model and a tree budget of 16 nodes, RS2 im-
proves Pass@1 (MCTS) from 0.756 (Base) and
0.776 (GRPO) to 0.804, as summarized in Table 4.
The consistent gain suggests that the effectiveness
of our tree-level credit assignment is not tied to
executor-based rewards, and can be transferred to
other reasoning tasks that supply node-level scalar
evaluation signals.

D.4 Latest-wins Selection Rule
To verify that the "latest-wins" rule used in Pass@1
(MCTS) exploits the refinement structure of tree
search rather than acting as an arbitrary heuristic,

Table 4: Pass@1 (MCTS, nodes=16) on the MATH
dataset using Qwen2.5-3B-Instruct.

Method Pass@1 (MCTS)

Base 0.756
GRPO 0.776
RS2 0.804

we compare it against random selection over the
same candidate pool on Qwen3-4B-Instruct-2507.
As shown in Table 5, latest-wins consistently out-
performs random selection, indicating that deeper
nodes in the search tree indeed tend to correspond
to more refined and higher-quality solutions.

Table 5: Pass@1 (MCTS) of Qwen3-4B-Instruct-2507
(Base) on LiveCodeBench (v6) under different output
selection strategies. Both strategies draw from the same
candidate pool of nodes that pass the public tests; they
differ only in which candidate is chosen as the final
output.

Selection Strategy Pass@1 (MCTS)

Random select 0.4171
Latest-wins 0.4224

D.5 Stability of Training Search Budgets
Our main experiments use a relatively small search
budget during training for computational efficiency
and controllable training stability. To verify that
this choice does not mask instability at larger
budgets, we additionally run RS2 on Qwen3-4B-
Instruct-2507 with tree-node budgets of 4, 8, and
16, and report the results in Table 6. Increasing the
budget from 4 to 8 nodes yields a clear improve-
ment in Pass@1 (MCTS) (0.4079 → 0.4315), while
further increasing to 16 nodes keeps the perfor-
mance stable with no observable degradation or in-
stability. Pass@1 remains nearly unchanged across
all three budgets, indicating that single-model ca-
pability is not adversely affected. These results
suggest that RS2 scales gracefully with the training
search budget, without the sample imbalance or
non-stationarity issues that larger budgets might in
principle introduce.

33333



Table 6: Performance of RS2 on Qwen3-4B-Instruct-
2507 under different training-time tree-search budgets.
Scaling the budget from 4 to 16 nodes produces stable
improvements with no observable degradation or insta-
bility.

Tree Nodes Pass@1 Pass@1 (MCTS)

4 0.3886 0.4079
8 0.3886 0.4315

16 0.3943 0.4249

D.6 Sensitivity Analysis of Mixing Coefficient
To further understand how reward shaping regulates
hierarchical credit propagation, we conduct a sensi-
tivity analysis of λ—the coefficient in Eq. (3) that
balances the parent-node reward against the sibling-
node mean when forming the shaping baseline. Re-
sults on Qwen3-4B-Instruct-2507 are summarized
in Table 7. We observe three consistent trends: (i)
propagating parent rewards alone (λ = 0) already
yields a substantial improvement over the Base
model (0.3400 → 0.4000 on Pass@1), showing
that vertical signal propagation itself is effective;
(ii) increasing λ to 0.2 and 0.4 further improves
performance, reaching the optimum at λ = 0.4
(Pass@1 = 0.4571, Pass@1 (MCTS) = 0.4778);
(iii) further increasing λ to 0.8 causes a clear per-
formance drop, suggesting that over-reliance on
sibling statistics dilutes discrimination among child
nodes and weakens the exploration pressure toward
promising branches. These results indicate that λ
plays a structural rather than cosmetic role: a mod-
erate combination of parent rewards and sibling
statistics provides the most consistent and stable
credit signals, while either extreme degrades the
hierarchical refinement dynamics.

Table 7: Sensitivity of reward shaping performance to
the baseline mixing coefficient λ on Qwen3-4B-Instruct-
2507. A moderate value (λ = 0.4) achieves the best
trade-off between vertical (parent) and horizontal (sib-
ling) credit signals.

Configuration Pass@1 Pass@1 (MCTS)

w/o baseline 0.3400 0.4224
λ = 0.0 0.4000 0.4168
λ = 0.2 0.4286 0.4612
λ = 0.4 0.4571 0.4778
λ = 0.8 0.4400 0.4463

D.7 Effect of the Stabilization Suite
To verify that the stabilization suite shared across
all methods is not the dominant source of the gains
reported in Sec. 3, we compare GRPO with and
without the stabilization suite on Qwen3-8B un-

der identical training steps (Table 8). While stabi-
lization does yield a meaningful improvement on
GRPO (49.43 → 52.50), the resulting performance
is still substantially below RS2 (55.4) and MARS2

(58.3) on the same model (cf. Table 1). This con-
firms that the stabilization suite contributes to fair
and reproducible training, but cannot independently
account for the performance gains introduced by
tree-level advantage and reward shaping.

Table 8: Effect of the stabilization suite on Qwen3-8B
under Vanilla GRPO (Pass@1, measured at training step
100). Stabilization improves GRPO but does not reach
the level of RS2/MARS2 in Table 1.

Method Pass@1

GRPO (w/o stabilization) 49.43
GRPO (w/ stabilization) 52.50

E Training Details
Table 9: Training configurations and hyperparameters for
MARS2.

Parameter Value
Model and Workflow Setup
MCTS Nodes 8 / 16
Max Prompt Length 4096
Max Generation Length 32768
Eval Generation Length 32768
Max Sequence Length 40000
Overlong Buffer Length 2048

Cluster Configuration
Reference Model 8 GPUs per

model
Actor model 8 GPUs per

model
vLLM Engines 8 per model
Tensor Parallel Size 1
vLLM GPU Memory Utilization 0.85

Training Hyperparameters
Temperature 1.0
Training Batch Size 256
Micro Train Batch Size 1
Rollout Batch Size 512
Micro Rollout Batch Size 1
Samples per Prompt 1
Max Epochs 1
Random Seed 42
Learning Rate (Actor) 1× 10−6

Discount Factor γ 1.0
ZeRO Stage 3
Precision bfloat16

RL and PPO Settings
KL Loss Enabled
Initial KL Coefficient 1× 10−3

KL Estimator K3
Reward Normalization Enabled
Sample Packing Enabled
Dynamic Reward Filter Range [0, 1]
Importance Sampling Correction (vLLM) Enabled
IS Truncation Threshold 2

Inference Settings
Top-p 1.0
Evaluation Temperature 1.0
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F Prompt Template

Wrong-Answer Feedback Prompt

You are an expert Python programmer. You
will be given a question (problem specifi-
cation) and will generate a correct Python
program that matches the specification and
passes all tests. Here’s your last question
and your answer:
Question:{}
Format: Read the inputs from stdin solve
the problem and write the answer to stdout
(do not directly test on the sample inputs).
Enclose your code within delimiters as fol-
lows. Ensure that when the python program
runs, it reads the inputs, runs the algorithm
and writes output to STDOUT.
Your previous code:{}
Result: Wrong
Summary
Your solution is correct for 0 problems!,
please re-implement your code. In addition
to passing the test cases, try to ensure that
your code can handle various input cases as
much as possible, including edge cases and
exceptions.
Answer: (use the provided format with
backticks)

Correct-Answer Feedback Prompt

You are an expert Python programmer. You
will be given a question (problem specifi-
cation) and will generate a correct Python
program that matches the specification and
passes all tests. Here’s your last question
and your answer:
Question:{}
Format: Read the inputs from stdin solve
the problem and write the answer to stdout
(do not directly test on the sample inputs).
Enclose your code within delimiters as fol-
lows. Ensure that when the python program
runs, it reads the inputs, runs the algorithm
and writes output to STDOUT.
Your previous code:{}
Result: Correct
Summary
Your solution is correct for all the problems!
Next, to ensure the robustness of your code,
please make sure it can handle all possible
input cases, including edge cases and excep-
tions.
Answer: (use the provided format with
backticks)
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