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ABSTRACT

Agentic Reinforcement Learning (RL) has empowered Large Language Models
(LLMs) to utilize tools like Python interpreters for complex problem-solving.
However, for parameter-constrained models (e.g., 4B–7B), the exploration phase is
often plagued by frequent execution failures, creating noisy trajectories that hinder
policy optimization. Under standard outcome-based reward settings, this noise
leads to a critical credit assignment issue, where erroneous actions are inadvertently
reinforced alongside successful outcomes. Existing mitigations face a dilemma:
dense rewards often trigger reward hacking, while supersampling incurs prohibitive
computational costs. To address these challenges, we propose CLEANER. Distinct
from external filtering methods, CLEANER exploits the model’s intrinsic self-
correction capabilities to eliminate error-contaminated context directly during
data collection. At its core, the Similarity-Aware Adaptive Rollback (SAAR)
mechanism autonomously constructs clean, purified trajectories by retrospectively
replacing failures with successful self-corrections. Based on semantic similarity,
SAAR adaptively regulates replacement granularity from shallow execution repairs
to deep reasoning substitutions. By training on these self-purified paths, the model
internalizes correct reasoning patterns rather than error-recovery loops. Empirical
results on AIME24/25, GPQA, and LiveCodeBench show average accuracy gains
of 6%, 3%, and 5% over baselines. Notably, CLEANER matches state-of-the-art
performance using only one-third of the training steps, highlighting trajectory
purification as a scalable solution for efficient agentic RL. Our models and code
are available at GitHub.
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Figure 1: Left: Illustration of the differences between the standard baseline and our CLEANER.
Right: By reducing the number of tool execution failures within trajectories during training, our
method improves pass@1 accuracy on AIME’25 by 8.1%.

1 INTRODUCTION

The landscape of Large Language Models (LLMs) is shifting from passive text generation systems
toward autonomous agents that solve complex tasks through tool use (Yao et al., 2022; Gou et al.,
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2023; Schick et al., 2023; Jin et al., 2025; Li et al., 2025c; Feng et al., 2025). Among the diverse
tool modalities available to LLM agents, the Python code interpreter plays a particularly critical
role Wang et al. (2024b); Shang et al. (2025); Yu et al. (2025b). Due to its Turing completeness and
deterministic execution semantics, Python is indispensable for tasks that require precise computation,
including mathematical reasoning, algorithmic problem-solving, and data analysis. As observed by
Ronacher (Ronacher, 2025), code is increasingly serving as a “universal interface” that unifies logical
reasoning, computation, and API interaction within a single expressive medium. This perspective
aligns with frameworks like CodeAct (Wang et al., 2024b), which advocate for treating code execution
as a first-class action in agentic reasoning. By doing so, agents can effectively plan, verify intermediate
results, and iteratively correct errors through interaction with an execution environment. Together,
these insights highlight that robust code synthesis and execution are foundational capabilities for
tool-augmented LLM agents. Motivated by this perspective, this work focuses on Python code
execution as the primary tool modality.

However, fully realizing this potential presents significant challenges for parameter-constrained
models (e.g., 4B–7B). A primary obstacle is the high rate of execution failure, particularly during
the exploration phase of Reinforcement Learning (RL) (Guo et al., 2025). Before policy conver-
gence, these models frequently generate invalid code, causing the intended recovery mechanism to
degenerate into prolonged “Error → Feedback → Retry” loops, as depicted in Figure 1 (left). This
instability constitutes a critical bottleneck in training. As evidenced by the experimental results
in Figure 1 (right), an excessive accumulation of tool errors within trajectories closely correlates
with performance bottlenecks or even accuracy degradation. We attribute this to the pollution of
context: repeated failures generate large amounts of misleading signals (e.g., invalid code and verbose
tracebacks). This accumulated noise likely causes semantic interference, biasing the model toward
rationalizing incorrect execution paths rather than re-grounding its decisions, thereby hindering policy
improvement.

In principle, RL algorithms are expected to guide models away from such instability (Yu et al., 2025a;
Chen et al., 2025). However, standard training paradigms frequently worsen the problem due to the
credit assignment issue. Under sparse, outcome-based reward settings like GRPO Guo et al. (2025),
the entire trajectory receives a uniform positive reward upon final success, regardless of preceding
failures. This mechanism fails to distinguish between efficient reasoning and trajectories containing
errors, effectively treating them as equivalent. Consequently, erroneous tool usage and the underlying
logic are inadvertently reinforced despite their negative impact on reasoning.

To mitigate this, prior research has explored various strategies, yet each introduces new flaws.
Attempts to assign dense rewards for individual tool executions often suffer from reward hacking,
biasing agents toward optimizing intermediate metrics rather than final outcomes Yu et al. (2025b).
Alternatively, works such as rstar2-agent (Shang et al., 2025) utilize supersampling-based trajectory
filtering, retaining only high-quality instances from 2× generated candidates. However, this incurs a
prohibitive computational cost. Since the rollout phase usually dominates RL training (accounting
for > 80% of runtime (Li et al., 2023; Sheng et al., 2024; Fu et al., 2025)), such extensive sampling
renders these strategies unscalable for resource-constrained settings.

To address these challenges, we propose CLEANER (Self-Purified Trajectories Boost Agentic
Reinforcement Learning). CLEANER significantly boosts the agentic RL by eliminating error-
contaminated context from the training data. Unlike methods that rely on increasing rollout mul-
tiplicity, CLEANER operates specifically at the data level to refine the trajectories used for policy
optimization. At the core of our approach is the Similarity-Aware Adaptive Rollback (SAAR)
mechanism, which constructs self-purified trajectories. When the model generates incorrect code
but subsequently self-corrects within the same rollout, SAAR intervenes to prevent the error-laden
history from being used for optimization. Instead, it applies a retrospective context substitution where
the trajectory is rolled back to the failure point and the erroneous action is replaced with the corrected
solution. This process yields a revised trajectory containing substantially fewer execution errors. To
ensure semantic coherence, SAAR adaptively regulates the rollback granularity based on the semantic
similarity between the erroneous code and its corrected counterpart. High-similarity cases typically
correspond to minor execution errors and trigger a shallow replacement that preserves the original
reasoning. Conversely, low-similarity cases signal deeper logical flaws and necessitate the substitution
of the entire reasoning segment to maintain consistency. By leveraging these self-purified trajectories,
CLEANER reduces noise in the learning signal and accelerates capability acquisition. Empirical
evaluations show that CLEANER outperforms standard baselines with average accuracy gains of
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approximately 6% on AIME, 3% on GPQA Rein et al. (2024), and 5% on LiveCodeBench Jain et al.
(2024). Furthermore, it matches the performance of state-of-the-art (SOTA) models Yu et al. (2025b)
while requiring only one-third of the RL steps. In summary, our main contributions are as follows:

❶ We propose CLEANER, which resolves the credit assignment dilemma in agentic RL by training
on self-purified trajectories. This approach enables models to directly internalize correct reasoning
patterns while filtering out the interference of execution noise.

❷ We introduce the SAAR mechanism to autonomously construct these clean signals. SAAR
adaptively repairs failures—ranging from minor syntax typos to deep logical flaws—without the
computational overhead of supersampling.

❸ We demonstrate that CLEANER achieves state-of-the-art efficiency and performance. It outper-
forms baselines with accuracy gains of 6% on AIME and 5% on LiveCodeBench, and notably
matches SOTA performance using only one-third of the training steps.

❹ We provide a fully reproducible training pipeline and have made our code, environment configura-
tions, and processed datasets available via Anonymous GitHub to support further research.

2 PRELIMINARIES

2.1 AGENTIC REASONING TRAJECTORIES

Notation. We formalize the agent’s problem-solving process as a sequential generation task over a
growing trajectory history. Let M denote the large language model acting as the agent, and let E
denote the code execution environment (i.e., a Python interpreter). At turn t, the interaction history is
denoted by ht, which consists of the initial user query x and a sequence of past interaction tuples:

ht =
[
x, (r0, c0, o0), . . . , (rt−1, ct−1, ot−1)

]
. (1)

For each turn i, ri denotes the reasoning trace expressed in natural language, ci denotes the code
action corresponding to an executable Python program, and oi denotes the observation returned by
the execution environment, i.e., oi = E(ci). We distinguish between successful executions, denoted
by o+i , and execution failures or runtime errors, denoted by o−i .

Standard Generation Process. At step t, the policy πθ conditions on the current history ht and
generates a reasoning trace and a code action:

(rt, ct) ∼ πθ(· | ht). (2)

The environment then executes the generated code and returns an observation ot = E(ct). The
interaction history is updated by appending the new tuple:

ht+1 = ht ⊕ (rt, ct, ot), (3)

where ⊕ denotes sequence concatenation. In standard training pipelines, execution failures (o−t )
are permanently recorded in the history, thereby introducing error-induced noise into subsequent
conditioning and the resulting learning signal.

2.2 GROUP-BASED POLICY OPTIMIZATION WITH OUTCOME-ONLY REWARD

We employ sparse, outcome-only supervision, rewarding agents solely upon trajectory completion.
This avoids manual reward engineering and prevents “reward hacking” (Shang et al., 2025). For
policy optimization, we use Group Relative Policy Optimization (Guo et al., 2025) to manage credit
assignment via group-relative comparisons. See Appendix A for mathematical formulations.

3 PROBLEM FORMULATION: IMPACT OF CODE TOOL EXECUTION NOISE

Unlike internal Chain-of-Thought reasoning, agentic workflows introduce external stochasticity via
interactions with the environment E . This uncertainty manifests as trajectory-level noise that hinders
efficient policy optimization.
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Figure 3: Illustration of our Similarity-Aware Adaptive Rollback (SAAR).

Context Contamination from Erroneous Tool Calls. Code execution is inherently error-prone, and
failed executions (ot = o−) frequently occur during exploration. While these error traces contribute
minimally to the final task resolution, they are permanently appended to the trajectory history ht. Con-
sequently, these low-information segments consume valuable context window capacity and disrupt the
logical flow of subsequent reasoning, effectively contaminating the agent’s decision context with noise.
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Figure 2: Impact of execution noise. Tool fail-
ure spikes correlate with AIME25 performance
drops, highlighting optimization sensitivity to
noisy trajectories.

Credit Assignment Ambiguity under Outcome-
Only Reward. This uncertainty becomes particu-
larly detrimental under sparse, outcome-based RL,
where rewards are assigned solely based on final
task success. As illustrated in Figure 2, we observe
a distinct phenomenon: bursts of erroneous tool
calls within individual trajectories. During these
periods, accuracy plateaus or even degrades, indicat-
ing an optimization bottleneck. The root cause of
this inefficiency lies in a fundamental credit assign-
ment failure within noisy successes—trajectories
that eventually succeed despite containing intermedi-
ate errors. Consider a typical noisy trajectory τnoisy,
in which the agent initially produces incorrect code
but later self-corrects:

τnoisy = [. . . , ht, (rt, cerr, o
−)︸ ︷︷ ︸

Noise (Trial 1)

, (r′aux, ccorr, o
+)︸ ︷︷ ︸

Signal (Trial 2)

, . . . ] (4)

Here, the agent first emits an erroneous code action cerr, receives a runtime error o−, and subsequently
generates a corrected code ccorr accompanied by an auxiliary reasoning trace r′aux, which executes
successfully. Since the reward function R(τ) is binary and episodic, the final positive reward is
uniformly propagated across the entire trajectory τnoisy. Consequently, both the erroneous action cerr
and the corrective action ccorr receive identical positive reinforcement, despite their fundamentally
conflicting semantic roles. We refer to this effect as Trajectory Noise: spurious credit assigned
to intermediate failures that dilutes the learning signal. Over time, this noise implicitly validates
suboptimal tool usage patterns, amplifies variance in policy updates, and leads to brittle optimization.

4 METHOD: SIMILARITY-AWARE ADAPTIVE ROLLBACK (SAAR)

To boost agentic reinforcement learning under noisy tool interactions, we propose CLEANER, a
trajectory purification framework centered on Similarity-Aware Adaptive Rollback (SAAR). The
core objective is to distill the learning signal by retrospectively eliminating execution failures from
exploration rollouts, thereby constructing clean, self-purified trajectories. In these synthesized paths,
the agent appears to solve the task fluently, enabling the optimizer to reinforce correct reasoning logic
rather than error-recovery loops. As illustrated in Figure 3, this data-level intervention is triggered by
execution errors and operates through a two-phase process:
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4.1 PHASE I: ERROR TRIGGER AND LOOKAHEAD CORRECTION

At time step t, when the environment returns an execution error o−t following code action ct, we defer
committing this failure to the history. Instead, we freeze the current state ht and initiate a temporary
lookahead phase to seek a viable solution.

Context Extension. We temporarily construct an augmented context that exposes the execution error,
allowing the model to analyze the feedback:

h̃t = ht ⊕ (rt, ct, o
−
t ). (5)

Correction Generation. Conditioned on h̃t, the policy generates a corrective response, typically
comprising an auxiliary reasoning trace r′aux and a revised code action c′t:

r′aux, c
′
t ∼ πθ(· | h̃t). (6)

Verification. The revised code is executed to obtain a new observation o′t = E(c′t). If execution
succeeds (o′t = o+), we proceed to Phase II to integrate this success into the trajectory. If failure
persists, the correction loop repeats up to K attempts.

4.2 PHASE II: SIMILARITY-AWARE ADAPTIVE REPLACEMENT

Upon obtaining a valid correction c′t, SAAR determines the optimal strategy to merge it into the
history ht. The intuition is that the semantic distance between the error ct and correction c′t reveals
the nature of the failure. We quantify this using a similarity function Sim(ct, c

′
t), implemented via

difflib. SequenceMatcher, and compare it against a code similarity threshold γ.

Case A: Implementation-Level Repair (Sim(ct, c
′
t) ≥ γ). High similarity indicates a superficial

error (e.g., syntax typos), where the original reasoning rt is presumed to be sound. In this scenario,
we perform a shallow replacement: the failed action ct and error o−t are discarded, and the corrected
code c′t is grafted directly onto the existing reasoning rt. This yields the purified tuple (rt, c

′
t, o

′
t).

Case B: Reasoning-Level Repair (Sim(ct, c
′
t) < γ). Low similarity signals a substantial divergence

in implementation strategy, suggesting that the initial reasoning rt is likely incompatible or misaligned
with the corrected solution. Retaining the outdated reasoning would introduce semantic dissonance
within the training data. Thus, we execute a deep replacement: the entire failed turn (rt, ct, o

−
t ) is

removed, and the auxiliary correction thought r′aux is adopted as the canonical reasoning, forming the
consistent tuple (r′aux, c

′
t, o

′
t).

Through this adaptive mechanism, we synthesize the self-purified trajectory:

τpurified = [. . . , ht, (rfinal, c
′
t, o

′
t)︸ ︷︷ ︸

Purified Context

, . . . ], (7)

where rfinal ∈ {rt, r′aux} is determined by the rollback granularity. This constructs a coherent,
counterfactual history of immediate success, effectively guiding the policy to internalize correct
reasoning patterns while bypassing the noise of trial-and-error.

4.3 IMPLEMENTATION DETAILS

Logit Recomputation via RadixAttention. Since the corrected action c′t is sampled from the error-
augmented context h̃t, there exists a distribution shift: πθ(c

′
t | h̃t) ̸= πθ(c

′
t | ht ⊕ rfinal). To ensure

the policy update is grounded in the correct causal path, we must recompute the log-probabilities
of c′t under the purified context. To minimize overhead, we employ SGLang (Zheng et al., 2024)
with RadixAttention. This mechanism efficiently reuses the KV cache for the invariant history prefix,
restricting the computational cost strictly to the modified suffix segments.

Curriculum Mixing for Robustness. To balance error avoidance with error recovery, we employ
a stochastic mixing strategy for Qwen2.5-7B. Specifically, we apply SAAR to 70% of trajectories
while retaining 30% in their original state. This curriculum ensures the model internalizes correct
reasoning patterns without sacrificing its intrinsic ability to debug and self-correct during inference.
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Figure 4: Evolution of training metrics during RL. Compared to the DAPO-baseline, CLEANER
effectively suppresses erroneous tool calls in trajectories, leading to significant performance gains.

Table 1: Comparing CLEANER with existing works. Bolded entries denote the top-performing
methods initialized from the same Qwen3-4B-Instruct base. Despite its compact 4B scale, CLEANER
matches the performance of significantly larger models and achieves results comparable to SOTA
baselines while requiring only one-third of the training steps utilized by DemyAgent-4B.

Method
MATH Science LiveCodeBench RL Step

(Batch Size=128)AIME24 AIME25 GPQA V6 Whole

Self-Contained Reasoning
Qwen2.5-7B-Instruct 16.7 10.0 31.3 15.2 - /
Qwen3-4B-Instruct-2507 63.3 47.4 52.0 35.1 - /
Qwen2.5-72B-Instruct 18.9 15.0 49.0 - - /
DeepSeek-V3 39.2 28.8 59.1 16.1 49.6 /
DeepSeek-R1-Distill-32B 70.0 46.7 46.7 - - /
DeepSeek-R1-Zero (671B) 71.0 53.5 53.5 - - /

Agentic Reasoning
ToRL-7B 43.3 30.0 - - - 550
ReTool-32B 72.5 54.3 - - - 1200
Tool-Star-3B 20.0 16.7 - - - 120
ARPO-7B 30.0 30.0 53.0 12.1 15.8 157
AEPO-7B 33.0 30.0 55.6 14.3 17.8 157
rStar2-Agent-14B 80.6 69.8 60.9 - - 500

DemyAgent-4B (Qwen3-4B-Instruct) 72.6 70.0 58.5 26.8 51.7 750
DAPO-baseline (Qwen3-4B-Instruct) 66.7 59.4 56.9 26.6 49.5 250
CLEANER-4B (Qwen3-4B-Instruct) 72.7 67.1 60.2 26.8 54.9 250

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Models and Training Datasets. We evaluate our framework using Qwen3-4B-Instruct-2507 (Yang
et al., 2025) and Qwen2.5-7B-Instruct (Yang et al., 2024). The models first undergo cold-start
Supervised Fine-Tuning (SFT) followed by reinforcement learning (RL), both utilizing the agentic
datasets provided by (Yu et al., 2025b). Comprehensive dataset specifications and processing details
are documented in Appendix B.

Implementation. We implement our training pipeline using the VeRL framework (Sheng et al., 2024)
distributed via PyTorch FSDP2. We employ the code judge from (Shang et al., 2025) as the Python
interpreter, which ensures robust stability even under the heavy concurrency of tool invocations during
the RL rollout phase. Additionally, our prompt design adheres to the specifications outlined in (Yu
et al., 2025b). Trajectory rollouts are generated using SGLang (Zheng et al., 2024). To address severe
training instability caused by numerical inconsistencies between the training and rollout phases, we
adopt FP16 precision for rollout generation following (Qi et al., 2025).

Training Recipe. We train the models for one epoch using the DAPO algorithm Yu et al. (2025a).
We employ a rollout batch size of 128, a group size of 16, and an update mini-batch size of 32. The
learning rate is set to 2e-6 for the 4B model and 1e-6 for the 7B model. Specifically for the Qwen2
experiments, we generate 8 rollouts per query and filter out instances that are either trivially easy or
unsolvable to ensure stability. Further experimental details are provided in Appendix B.
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Evaluation Benchmarks. To comprehensively demonstrate the improvements in reasoning and cod-
ing capabilities achieved by our method, we conduct evaluations across four challenging benchmarks:
AIME24, AIME25, LiveCodeBench (Jain et al., 2024), and GPQA (Rein et al., 2024). To ensure a
fair comparison, all models are evaluated using identical sampling parameters; detailed specifications
are provided in the Appendix B.

Baselines. To rigorously assess the efficacy of CLEANER, we compare it against baselines across
two distinct categories: 1) Self-Contained Reasoning. We include standard instruction-tuned
and reasoning-specialized models: Qwen2.5-7B-Instruct (Hui et al., 2024), Qwen3-4B-Instruct-
2507 (Yang et al., 2025), Qwen2.5-72B-Instruct, DeepSeek-V3 (Liu et al., 2024), DeepSeek-R1-
Distill-32B, and DeepSeek-R1-Zero (671B) (Guo et al., 2025). 2) Agentic Reasoning. We compare
against SOTA agentic models, including ToRL-7B (Li et al., 2025c), ReTool-32B (Feng et al., 2025),
Tool-Star-3B (Dong et al., 2025b), ARPO-7B (Dong et al., 2025c), AEPO-7B (Dong et al., 2025a),
Demystify-4B (Yu et al., 2025b), and rStar2-Agent-14B (Shang et al., 2025). We also include
a DAPO-baseline that shares an identical training configuration with CLEANER, with the sole
exception of excluding the SAAR mechanism.

5.2 MAIN RESULTS

CLEANER Converts Execution Noise into Effective Reasoning. Figure 4 illustrates the evolution
of key metrics for both the DAPO-baseline and CLEANER during RL. Empirical results support three
primary conclusions: 1) Error Suppression: Through SAAR, CLEANER consistently suppresses
erroneous tool calls to a minimal level, mitigating interference with the model’s reasoning process.
2) Performance Gains: Reduced noise translates to significant improvements on AIME24/25 (avg.
+6% Pass@1, +8% Pass@16), demonstrating enhanced exploration. 3) Efficient Reasoning: Despite
comparable output lengths, the reduction in errors implies that CLEANER reallocates tokens from
futile tool calls to effective reasoning, facilitating deeper thinking.

Compared to Previous Works. The main results comparing CLEANER with existing works are
summarized in Table 1. We observe the following: 1) Compared to Self-Contained Reasoning models
that lack specialized training for agentic scenarios, CLEANER demonstrates robust performance
despite its compact 4B parameter size. This validates that small models, when subject to tailored
post-training, can achieve capabilities comparable to significantly larger counterparts. 2) In contrast
to the SOTA baseline DemyAgent-4B, CLEANER attains comparable results using only one-third
of the training steps. Notably, it surpasses it on AIME24, GPQA, and LiveCodeBench. We attribute
this efficiency to the purified trajectories, which enable the model to acquire coding and reasoning
capabilities more rapidly and effectively. Conversely, the DAPO-baseline exhibits significantly lower
accuracy under limited training (250 steps), due to interference from tool call noise.

5.3 ABLATION STUDY

Table 2: Ablation study on the effectiveness of
CLEANER.

Method AIME24
Pass@1/16

AIME25
Pass@1/16 GPQA LiveCodeBench-v6

Qwen3-4B-Instruct
RL w/o Tools 64.0/78.8 53.3/77.0 52.2 19.8
+ Tools 66.7/84.4 59.4/84.2 56.9 26.6
+ SAAR (Ours) 72.7/87.6 67.1/84.1 60.2 26.8
Qwen2.5-7B-Instruct
RL w/o Tool 15.4/30.5 14.4/24.4 32.3 1.1
+ Tools 40.2/59.1 27.3/46.3 35.9 13.0
+ SAAR (Ours) 44.6/64.3 31.0/54.7 40.0 13.1

Ablation on the Effectiveness of CLEANER.
As detailed in Table 2, we evaluate three con-
figurations under identical hyperparameters to
isolate the contribution of each component: (1)
RL w/o Tools, relying solely on internal rea-
soning; (2) RL w/ Tools, which integrates a
Python code interpreter; and (3) RL w/ Tools
+ SAAR (i.e., CLEANER). The results yield
two key observations: 1) The necessity of tool
integration. Equipping the model with a code
interpreter significantly enhances performance
on mathematical and coding tasks, improving
average accuracy by over 5% on Qwen3-4B and
20% on Qwen2.5-7B. 2) The superiority of pu-
rified trajectories. CLEANER consistently outperforms the baselines across all benchmarks and
model scales. Specifically, for Qwen3-4B, we achieve average gains of 6% on AIME, 4% on GPQA,
and 5% on LiveCodeBench. Similarly, Qwen2.5-7B exhibits an average improvement of 4%. These
findings confirm that the trajectory purification effectively amplifies the potential of Agentic RL.
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Table 3: Ablation on learning rate.

Method AIME24
Pass@1/16

AIME25
Pass@1/16

RL w/ Tools (1e-6) 66.9/85.1 63.3/83.9
CLEANER-4B (1e-6) 70.8/85.4 64.2/86.4
CLEANER-4B (2e-6) 72.7/87.6 67.1/84.1

Table 4: Ablation on SAAR deactivation. Performance and the
evaluation time comparison with vs. without SAAR during the
evaluation phase.

Method AIME24
Pass@1/16

AIME25
Pass@1/16 GPQA LiveCodeBench-v6 Time

(min)

CLEANER-4B 72.7/87.6 67.1/84.1 60.2 26.8 115
CLEANER-4B w/o SAAR 72.1/86.3 64.6/84.3 59.8 26.6 106
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Figure 5: Recovery from suboptimal policies. Comparison of training metrics before and after in-
troducing CLEANER at step 200. The inclusion of CLEANER effectively stabilizes the optimization
process, leading to a marked improvement in final performance.

Ablation on Learning Rate. Table 3 summarizes our ablation study on learning rates across different
model scales. For the 4B model, we adopted a relatively large learning rate of 2e-6 to accelerate
convergence. As summarized in Table 3, CLEANER achieves consistent improvements across
different settings, with 2e-6 yielding superior results. For the 7B model, we adopted a learning rate
of 1e-6 to ensure optimization stability for the larger parameter space.

Internalization vs. Scaffolding. To verify that CLEANER effectively internalizes reasoning patterns,
we evaluate the model with the SAAR mechanism deactivated. As detailed in Table 4, the model
retains robust performance even in the absence of this “scaffolding.” Specifically, on AIME24, Pass@1
and Pass@16 decline by only 0.6% and 1.3%, respectively; on AIME25, Pass@1 decreases by 2.5%,
while Pass@16 exhibits a marginal gain of 0.2%. Similarly, GPQA and LiveCodeBench show
negligible performance degradation. This confirms that the policy has assimilated the error-avoidance
logic into its intrinsic parameters, enabling efficient deployment without external dependencies.
Alternatively, SAAR can serve as a lightweight inference enhancement. It incurs a mere 8.8%
increase in average latency—significantly lower than computational-heavy test-time scaling methods
like tree search (Bi et al., 2024; Yao et al., 2023)—while effectively mitigating in-context code errors
and improving stability.

Recovery from Suboptimal Policies. To assess the restorative capability of our method, we
performed a recovery experiment initializing from step 200 of the DAPO-baseline. At this time, the
baseline exhibited significant instability, averaging 0.6 erroneous tool invocations per trajectory. As
shown in Fig. 5, CLEANER quickly stabilized training, effectively suppressing erroneous invocations
and reducing the average number of tool calls per trajectory. Consequently, accuracy on AIME24 and
AIME25 improved by 5.2% and 1.0%, respectively. However, we observe that this post-hoc recovery
failed to reach parity with models trained with SAAR from scratch, underscoring the necessity of
integrating the mechanism throughout the entire training lifecycle.

6 CONCLUSION

To address the inefficiency in agentic RL caused by execution noise and ambiguous credit assignment.
We propose CLEANER, which employs Similarity-Aware Adaptive Rollback to transform noisy
exploration logs into clean, self-purified trajectories prior to optimization. This aligns training signals
with correct behavior, enabling models to internalize robust tool usage without error interference.
Empirical results on AIME24/25, GPQA, and LiveCodeBench show average accuracy gains of 6%,
3%, and 5% over baselines. Crucially, CLEANER matches the performance of SOTA methods
while requiring only one-third of the training steps, highlighting trajectory purification as a scalable
alternative for efficient agentic RL.
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A DETAIL PRELIMINARIES

To optimize the policy efficiently without the overhead of a value function critic, we operate within
the Group Relative Policy Optimization (GRPO) framework Guo et al. (2025). This paradigm
estimates the baseline from group statistics rather than a separate neural network. Specifically,
for each query q, a group of G trajectories {τi}Gi=1 is sampled from the current policy πθold . The
advantage Ai for the i-th trajectory is derived by normalizing its reward against the group statistics:

Ai =
R(τi)− µR

σR + δ
, (8)

where µR and σR denote the mean and standard deviation of the group rewards, respectively.
Following this formulation, the policy is updated by maximizing the surrogate objective:

J (θ) = Eq∼P (Q)
τ∼πθold

[
1

G

G∑
i=1

min
(
ρiAi,

clip(ρi, 1− ϵ, 1 + ϵ)Ai

)]
,

(9)

where ρi =
πθ(τi|q)

πθold
(τi|q) represents the importance sampling ratio, and ϵ is the clipping hyperparameter.

This objective serves as the optimization backbone for our training process.

B IMPLEMENTATION DETAILS

Table 5: Hyperparameters for Reinforcement Learning.

Hyperparameter Value

Learning Rate 2× 10−6 (4B) / 1× 10−6 (7B)
Max Prompt Length 2,560
Max Response Length 20,480 (Avg. ≈ 7,000)
LR Warmup Steps 20
PPO Clip Ratio (ϵ−, ϵ+) 0.20, 0.28

Retry Limit K 3
Similarity Threshold γ 0.5
Reward Type Outcome-only {−1, 1}

Table 6: Sampling configurations
for evaluation.

Hyperparameter Value
Temperature 1.0
Top-p 0.6
Top-k −1

Models and Training Datasets For the RL phase, we utilize the open-source dataset from (Yu
et al., 2025b) which comprises a diverse mixture of 17k samples from DAPO-Math (Yu et al., 2025a),
4,902 math and 3,586 code samples from Skywork-or1 (He et al., 2025), and 3k science problems
from MegaScience (Fan et al., 2025).

Training Configurations Table 5 summarizes the hyperparameters for our reinforcement learning
stage. We employ different learning rates for models of varying scales: 2× 10−6 for the 4B model
and 1× 10−6 for the 7B model. Although the maximum context window is set to 20,480 tokens to
accommodate long-horizon trajectories, the empirical average sequence length across our training
data remains approximately 7,000 tokens, ensuring computational efficiency without sacrificing
context.

Ablation on Key Parameters The retry limit K and similarity threshold γ are critical for the
CLEANER framework. Through empirical validation, we found that K = 3 offers an optimal
balance between recovery rate and computational cost; values below 3 lead to a noticeable drop in
the recovery of successful trajectories, while values above 3 yield diminishing returns. Regarding
the similarity threshold γ, our method exhibits strong robustness across a range of values. However,
we recommend a relatively high threshold (between 0.5 and 1.0) to ensure high-fidelity trajectory
refinement, with 0.5 being our default setting.
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Hardware and Compute Costs All experiments were conducted on a single node equipped with
4×NVIDIA H100 or 4×NVIDIA H200 GPUs. For the Qwen3-4B model, the full training cycle takes
approximately 4 days. Interestingly, training the Qwen2.5-7B model requires only 2 days. This is
primarily due to our data filter process, where we filter out both overly simplistic and excessively
difficult samples to focus the training on more informative trajectories.

Evaluation Sampling Parameters Table 6 lists the specific decoding configurations used during
the evaluation phase to ensure consistent performance comparison.

C UNSUCCESSFUL ATTEMPTS: LEVERAGING NEGATIVE SAMPLES VIA SAAR

During the development of the CLEANER framework, we explored an alternative strategy to further
enhance model performance by utilizing the erroneous actions identified by the SAAR mechanism
as negative samples. Despite investigating multiple configurations, these attempts did not yield the
expected improvements. We share these findings here to provide insights for future research in agentic
RL.

Motivation The SAAR mechanism primarily functions by overwriting failed tool invocations with
correct actions, ensuring that the agent is exposed to high-quality, "purified" trajectories during
training. We hypothesized that the original erroneous actions, which are discarded in the standard
CLEANER pipeline, could serve as valuable negative signals. By explicitly learning what constitutes
an incorrect behavior through contrastive signals, the model might further refine its coding and
tool-use capabilities.

Implementation For each successful trajectory recovery via SAAR, we paired the original failed
tool call with the corrected rollout to generate online positive-negative pairs. We then applied an
online-DPO (Direct Preference Optimization) objective to these pairs. To isolate the impact of the
tool call itself, we masked all tokens except for the tool invocation segment, penalizing the failed
attempt while rewarding the corrected one. During optimization, the DPO gradient was integrated
with the GRPO signal at each step to perform a unified policy update.

Results and Analysis While this approach slightly improved the model’s ability to "self-repair"
specific code snippets, it failed to improve the overall success rate on complex reasoning tasks and
even triggered training collapse in the later stages. Our analysis suggests several reasons for this
failure:

❶ Reasoning vs. Syntactic Failure: Tool invocation failures in advanced agents are frequently
rooted in faulty reasoning rather than mere syntax errors. As training progresses, the SAAR
mechanism shifts from addressing minor typos toward "deep" logical repairs. Penalizing only the
tool call segment without addressing the preceding CoT creates a disconnect between the agent’s
internal logic and its external actions. This imbalance may discourage the generation of complex
code instead of fostering better reasoning.

❷ Correlation between Reasoning and Code Proficiency: Code-use proficiency is intrinsically
linked to the agent’s overall reasoning capacity. We observed that as the model’s reasoning
improves, it naturally adopts more sophisticated code structures. Relying on simple token-level
masking to reward/penalize specific segments can be counterproductive. Furthermore, recent
studies (e.g., GSPO (Zheng et al., 2025)) indicate that assigning disproportionate weights to
specific tokens within a single trajectory can adversely affect policy optimization stability.

Ultimately, effectively utilizing negative samples and determining their net value in agentic RL
remains an open question for future study.

D RELATED WORK

Static and Supervised Tool-Integrated Reasoning. Tool-integrated reasoning (TIR) empowers
LLMs to offload precise computations to external environments (Parisi et al., 2022; Schick et al.,
2023; Wang et al., 2024b). Foundational paradigms like ReAct (Yao et al., 2022) and Program
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of Thoughts (Chen et al., 2022) established the viability of interleaving reasoning with execution.
Scaling these capabilities, recent Supervised Fine-Tuning (SFT) approaches (Gou et al., 2023; Qin
et al., 2023; Schick et al., 2023) and unified executable frameworks like CodeAct (Wang et al., 2024b)
have achieved remarkable performance by mimicking expert trajectories. However, relying solely
on behavioral cloning limits models to successful demonstrations. Consequently, these agents often
mimic surface-level patterns without grasping the underlying causality, leaving them ill-equipped to
handle the inherent noise of real-world tool interactions. (Wang et al., 2024c; Kumar et al., 2024).

Agentic RL. To bridge the gap left by supervised methods, Agentic RL treats tool invocation (e.g.,
executable code (Wang et al., 2024b)) as an explicit action space, optimizing adaptive strategies via
outcome-driven rewards (Shridhar et al., 2020; Mialon et al., 2024). This paradigm enables agents to
move beyond simple imitation toward discovering flexible solutions in open-ended tasks (Tan et al.,
2024; Bai et al., 2024; Wang et al., 2024a). Recent advancements have systematically scaled these
capabilities to autonomous search and query refinement (Jin et al., 2025; Song et al., 2025; Sun et al.,
2025), long-horizon research tasks (Li et al., 2025b;a), and complex multi-tool coordination (Singh
et al., 2025; Dong et al., 2025b; Qian et al., 2025; Wang et al., 2025a;b). These developments
are further supported by studies on scaling laws (Li et al., 2025c) and the strategic logic of tool
invocation (Feng et al., 2025). Crucially, recent research has begun to prioritize fundamental
training stability and exploration efficiency. While Demystifying RL (Yu et al., 2025b) investigates
fundamental training recipes and rStar2-Agent (Shang et al., 2025) mitigates execution noise via
trajectory filtering, ARPO (Dong et al., 2025c) and AEPO (Dong et al., 2025a) specifically focus
on enhancing exploration. They introduce entropy-regulated mechanisms to dynamically modulate
rollouts, leveraging model uncertainty to improve performance in multi-turn interactions. Despite
these improvements, existing methods still struggle to effectively decouple high-quality signals from
the pervasive noise inherent in complex tool-use trajectories, which often leads to sub-optimal policy
updates. To address this, our CLEANER framework introduces a robust mechanism to refine training
data and stabilize the learning process.
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