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Abstract

In this paper, we investigate code-integrated reasoning (CIR),
where models generate code when necessary and integrate
feedback by executing it through a code interpreter. To ac-
quire this capability, models must learn when and how to
use external code tools effectively, which is supported by
tool-augmented reinforcement learning (RL). Despite its ben-
efits, tool-augmented RL can still suffer from potential in-
stability in the learning dynamics. In light of this challenge,
we present a systematic approach ETIR (Effective TIR) to
improving the training effectiveness and stability of tool-
augmented RL for code-integrated reasoning. Specifically,
we develop enhanced training strategies that balance explo-
ration and stability, progressively building tool-use capabil-
ities while improving reasoning performance. Through ex-
tensive experiments on five mainstream mathematical rea-
soning benchmarks, our model demonstrates significant per-
formance improvements over multiple competitive baselines.
Furthermore, we conduct an in-depth analysis of the mecha-
nism of code-integrated reasoning, revealing several key in-
sights, such as the extension of model’s capability boundaries
and the simultaneous improvement of reasoning efficiency
through code integration. These findings underscore the po-
tential of code-integrated reasoning as a scalable paradigm
for advancing robust and efficient language model reasoning.

Introduction

Recent advances in large reasoning models (DeepSeek-
Al et al. 2025; Team et al. 2025; MiniMax et al. 2025)
have demonstrated significant performance gains through
increased test-time computation. Unlike conventional lan-
guage models, these models do not produce answers di-
rectly. Instead, they engage in a deliberative thought pro-
cess—searching, proposing, verifying, and evaluating po-
tential solutions to arrive at the correct answer. However,
even with more sophisticated reasoning procedures, their
capabilities remain fundamentally constrained by the inher-
ent limitations of large language models (Zhao et al. 2025).
Since they still rely on the same underlying training and gen-
eration mechanisms, longstanding issues, such as imprecise
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numerical computation and restricted knowledge coverage,
persist, ultimately diminishing models’ effectiveness.

To overcome these inherent constraints, augmenting
LLMs with external tools has shown great promise. For in-
stance, executable code generation enhances mathematical
reasoning (Chen et al. 2025; Gou et al. 2024), while search
engine integration mitigates knowledge gaps (Sun et al.
2025b). Building on these insights, recent work explores tool
integration by prompting (Li et al. 2025b; Chen et al. 2023)
or supervised fine-tuning (Li et al. 2025a). However, these
methods tend to be rigid, hindering the model’s ability to
utilize tools flexibly. In contrast, fool-augmented RL enables
adaptive interaction through reinforcement learning (Song
et al. 2025a; Li, Zou, and Liu 2025; Zhang et al. 2025a),
leading to more effective tool use.

However, the training process of tool-augmented RL
models remains unstable and prone to collapse (Wang et al.
2025b). We identify three key challenges: 1) poorly defined
interaction boundaries introduce noise, especially when tool
calls are mistimed or feedback is misused; 2) distributional
shifts from tool feedback disrupt learning consistency by di-
verging from the model’s native reasoning; and 3) fixed in-
teraction budgets lead to response homogenization, causing
mode collapse and reduced diversity. While prior work has
partially identified these issues and proposed corresponding
solutions (Mai et al. 2025; Song et al. 2025b), it remains
insufficient to ensure stable training.

To address the challenges in tool-augmented RL, we pro-
pose ETIR (Effective TIR), a method built on the code-
integrated reasoning task. It enhances training stability and
model-environment interaction through three key strategies:
precise match of interaction boundary, external tool feed-
back masking, and progressive increase of interaction bud-
get. On five challenging mathematical benchmarks, includ-
ing AIME2024 and AIME2025, ETIR achieves an average
score of 52.7, outperforming multiple strong baselines.

In addition, we analyze how tool-augmented RL, espe-
cially code-integrated reasoning, improves the reasoning ca-
pabilities of language models, a direction that has been
largely underexplored in prior work. Existing studies typi-
cally focus on improving performance, while paying little
attention to analyzing why and how code-integrated rea-
soning contributes to such improvements. To bridge this



gap, we examine its underlying mechanisms in detail. By
leveraging external interpreters, code integration extends the
model’s capacity boundary (measured as PASS @K) and en-
ables more concise and structured solution paths. Notably,
even when code is non-executable, it can still aid reasoning
by encouraging the model to engage in revision. Moreover,
the benefits of code integration vary across domains, reveal-
ing its task-specific effectiveness. These observations might
provide useful insights for more in-depth future studies on
tool-augmented reasoning.

To summarize, our contributions are three-fold:

e Our findings systematically reveal key factors that affect
the stability of tool-augmented RL training, offering practi-
cal guidance for improving both the reliability and efficiency
of training in such settings.

e We propose ETIR, a novel method that introduces pro-
gressive learning into tool-augmented RL for the first time,
enabling more efficient model-environment interaction. Our
approach outperforms multiple strong baselines on challeng-
ing mathematical benchmarks.

e We investigate the mechanisms underlying why and
how code-integrated reasoning improves model perfor-
mance, which are often neglected in prior work, providing
empirical insights for future research.

Related Work

Tool-Integrated Reasoning. Tool-Integrated Reasoning
allows large language models to leverage external tools to
overcome their inherent limitations and enhance reasoning
capacities. It mainly involves two types: 1) using code inter-
preters for mathematical reasoning (Gou et al. 2024) and 2)
search engines for retrieval tasks (Li et al. 2025b). Common
methods involve prompting-based tool invocation and su-
pervised fine-tuning (SFT) with reasoning trajectories (Sun
et al. 2025b; Li et al. 2025a; Lu et al. 2025; Chen et al. 2023;
Goldie et al. 2025). While the latter is more effective than
direct prompting in enhancing tool usage, it remains insuf-
ficient for achieving truly intelligent and adaptive interac-
tion (Chen et al. 2025). Recently, advances in reinforcement
learning have enabled models to acquire more flexible and
adaptive tool usage (Mai et al. 2025; Feng et al. 2025; Li,
Zou, and Liu 2025; Dong et al. 2025), though training stabil-
ity remains a significant challenge. Beyond these advances,
there is also a lack of systematic analysis on the underlying
mechanisms through which tool integration enhances rea-
soning, which limits deeper understanding and the potential
for further optimization of tool-augmented models.

Reinforcement Learning for LLMs. Reinforcement
learning has emerged as a key method for aligning LLMs
with human preferences, enabling models to go beyond
conventional supervised learning. Previous approaches are
dominated by PPO (Ouyang et al. 2022), which, while ef-
fective, is resource-intensive and sample-inefficient. To im-
prove scalability, numerous improved reinforcement learn-
ing methods have emerged, effectively reducing training
costs, enhancing sample efficiency, and introducing various
optimization strategies (Shao et al. 2024; Yu et al. 2025;
Hu et al. 2025; Yue et al. 2025b; Zhang et al. 2025b; Yuan
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et al. 2025; Cheng et al. 2025), thereby advancing the devel-
opment of large reasoning models. However, studies have
shown that vanilla reinforcement learning struggles to sub-
stantially expand the capability boundaries of models (Yue
et al. 2025a; Wu et al. 2025), highlighting the promise of
tool-augmented RL as a more effective alternative.

Preliminary

In this section, we introduce two key concepts: 1) code-
integrated reasoning, where LLMs generate code and exe-
cute it through a code interpreter to solve complex tasks; 2)
tool-augmented RL, which enhances LLMs by incorporat-
ing feedback from external tools to improve learning.

Code-Integrated Reasoning

We formalize code-integrated reasoning, where LLMs se-
lectively invoke code execution during inference to handle
tasks requiring precise numerical or symbolic computation.
Given a question (), the model generates reasoning steps
or code conditioned on () and the current context H;. Once
executed by an external interpreter, the resulting outputs are
reintegrated to guide subsequent reasoning. This iterative
loop of code generation, execution, and context updates re-
fines the model’s reasoning and yields more accurate, verifi-
able outputs. The process is formally described as follows:

Ryor Cp = fo(Q, Hy), (1
Oy =I(Cy), (2)
Hyp1 = Hy @ Ry @ Cy @ Oy, 3)

y = fo(Q, Hr), “4)

where ¢ and T" denote the current and final code-generation
steps for answering (), while R, C, and O represent the rea-
soning step, generated code, and execution result. The pro-
cess starts from Hy and proceeds step by step until produc-
ing the final answer y.

Tool-Augmented RL Framework

To develop our code-integrated reasoning model, we begin
with base models and employ typical tool-augmented rein-
forcement learning (RL) for optimization.

Vanilla RL algorithms like PPO optimize LLMs by max-
imizing the following surrogate objective:

lol

! Z min (st(ﬂ)At,
t=1

L(0) = Egrp (@), o~mo,, (Ola) Tol

clip(s(0),1 — e, 1 + e)At) : )

where s;(6) represents the probability ratio between the new

policy and old policy for observation o:
mo(0¢|q, 0<¢)

oy (0t]q, 0<t) 7

The trajectory o [00, 01, ...,0r] reflects only the
model’s autoregressively generated intrinsic knowledge, ex-
cluding any external feedback.

St(e) = (6)
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Figure 1: The overview of ETIR, illustrating the progressive increase in interaction budget and the precise match of interaction

boundaries during training.

In contrast, the tool-augmented RL framework enables
multi-round interaction with external tools during rollouts,
generating trajectories enriched with interaction informa-
tion. This modifies s;() as:

Sl (9) _ 7T9(Ot|q70<t;I)
! 090 (0] ¢, 0<; L)

where Z represents the external tool, such as code inter-
preter. Through integrating feedback from external tools, the
model can adjust its decision-making process based on con-
crete execution results, enhancing learning effectiveness.

N

Methodology

In this section, we first discuss the challenges encountered
in the conventional tool-augmented reinforcement learning
process, which hinder the model’s performance from both
stability and exploration perspectives, and then present our
method, ETIR, which enhances both the effectiveness and
stability of model interactions with external tools by em-
ploying a progressive learning approach. This method sys-
tematically refines the model’s ability to engage with tools,
ensuring more reliable and efficient performance over time.

Analysis of Challenges on Tool-augmented RL

Tool-augmented RL, due to its incorporation of model inter-
actions with the external environment, is inherently more un-
stable compared to vanilla RL. During training, issues such
as reward collapse, gradient norm explosion, and response
length fluctuation frequently occur, signaling training failure
and ultimately leading to a decline in model performance.
We summarize the factors that impact training stability in
tool-augmented RL from the following aspects.

Instability caused by interaction boundary disruptions.
To integrate external tools effectively, clear interaction
boundaries must be defined, which specify when to trigger
tool execution and how to incorporate feedback. Improperly
setting interaction boundaries can introduce noise. As shown
in Figure 1(b), code execution is typically triggered when the

model emits , after which the result is appended

and reasoning resumes. However, the model does not always

30024

generate after code, causing the reasoning pro-

cess to terminate prematurely.

Impact of distributional shifts on learning. Distribu-
tional shifts arise between the model’s own reasoning pro-
cess and the feedback returned by external tools, disrupting
the continuity of inference. The feedback might differ from
the model’s original reasoning patterns, thus interrupting the
model’s inference flow. As tool use becomes more frequent,
these shifts accumulate over time, gradually undermining
training stability and increasing the risk of collapse.

Response homogenization under fixed interaction bud-
gets. In tool-augmented RL, the risk of response homoge-
nization, commonly known as mode collapse, becomes more
pronounced. Due to the fixed tool interaction rounds dur-
ing training, the model tends to converge on a narrow range
of behaviors that are consistently rewarded within the con-
strained interaction budget, which results in increasingly de-
terministic outputs, reducing the diversity of reasoning pat-
terns explored by the model. As illustrated in Figure 2, if
the interaction budget is too low, the model may fail to meet
its tool-use needs during reasoning; if too high, it may pro-
duce redundant code to fill the quota. Both cases can lead to
incorrect answers.

The Proposed Method: ETIR

To mitigate the instability in tool-augmented RL, we pro-
pose ETIR, an RL method that enables more efficient tool
interaction learning in fewer steps. This method primarily
consists of three components: 1) precise match of interaction
boundary; 2) external tool feedback masking; 3) progressive
increase of interaction budget.

Precise Match of Interaction Boundary. To mitigate
the instability caused by improper tool interaction bound-
aries, we employ an exact match-based approach, setting a
clearer interaction boundary to trigger the interaction with
the environment (shown in Figure 1(a)). In detail, unlike
conventional interaction boundary with single stop token

““output |, which is prone to premature termination or in-

accurate boundary detection, our approach ensures that tool
interaction is only triggered when the system detects both
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Figure 2: Comparison of different interaction budgets. A
model trained with a progressively increasing interaction
budget can adaptively interact with the environment during
inference, making it more likely to produce correct answers.

“python | and in the model’s output meanwhile, after

which the system extracts the code between these markers
and passes it to the interpreter for execution. Consequently,
this method reduces training noise by ensuring the model
uses well-structured, consistently formatted code, improv-
ing feedback reliability and learning stability.

External Tool Feedback Masking. During model opti-
mization, we mask the feedback from external tools when
calculating the training loss to prevent the model from learn-
ing unstable and variable outputs. This reduces distribution
mismatch between the model’s own reasoning and external
feedback, allowing the model to focus on critical reasoning
patterns and enhancing training stability.

Progressive Increase of Interaction Budget. Fixed inter-
action budgets can lead the model to converge early during
training. To address this, we gradually increase the number
of tool invocations allowed throughout the training process,
shown in Figure 1. This progressive scheduling strategy en-
courages the model to explore a broader range of reason-
ing paths in the early stages rather than settling too rapidly
on narrowly optimized, high-reward behaviors. By delaying
over-stabilization of the policy, the model maintains output
diversity for a longer period, fostering more robust strategy
learning. At training step /V, the maximum interaction round
is controlled by a scheduling function B(N):

B(N +1) > B(N),
B(0) = Binit,
B(N) < Bpax,

®)

When B(N) = M, the generated trajectory 7("V) with the
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maximum interaction rounds is:

T(N) = [RéN)7 C(gN)7 O(()N)a sy R’ETJLV)7 Cv(nN)7 O’ST]LV)7
. Rg\flvll,CJ(\y_)l,Og\ﬁl, ansl, )

where R,(flv ) denotes the model’s natural language reasoning
step in the m-th interaction round, C’&N) is the generated

code for tool use, and 07(,11\[ ) is the execution result. The final
prediction is denoted as ans. After completing the rollout,
the model receives a reward () based on the trajectory
(M) and computes the advantage A(N) to update the policy.

Experiments

In this section, we first detail the experimental setup and then
report the results and detailed analysis.

Experiment Settings

Training. We employ Qwen2.5-Math-7B (denoted as
QWEN2.5-M7) (Yang et al. 2024) as our backbone model.
All training is conducted under the veRL framework (Sheng
et al. 2025) using 38,000 samples from STILL-3 (Chen et al.
2025), which provides a balanced data difficulty distribution.
We adopt the REINFORCE++ algorithm (Hu et al. 2025)
with progressively increasing tool interaction rounds (2 to
4), removing the KL term and enabling entropy bonus. A
binary reward of 1/-1 is given based on answer correctness.

Evaluation. To evaluate our method, we conduct ex-
periments on five benchmarks: MATHS00 (Hendrycks
et al. 2021), AMC23, AIME2024, AIME2025, and Olym-
MATH (Sun et al. 2025a). These cover a range of diffi-
culty levels from school math to Olympiad-level reasoning.
For evaluation, we report AVG@ 16 (temperature=1.0) on
AMC23, AIME2024 and 2025, and OlymMATH, and use
greedy decoding for MATHS500 due to its larger size.

Baselines. We compare our model with two types of
baselines: 1) text-only models without code usage, in-
cluding QWEN2.5-MATH-7B-INSTRUCT, a strong super-
vised model, and RL-optimized models such as SIMPLERL-
ZERO-7B (Zeng et al. 2025), EURUS-2-7B-PRIME (Cui
et al. 2025), and OAT-ZERO-7B (Liu et al. 2025); 2) mod-
els with code integration, including QWEN2.5-MATH-7B-
INSTRUCT-TIR, which enables code execution at inference,
ToRL-7B (Li, Zou, and Liu 2025) and ZTRL-7B (Mai
et al. 2025), which are trained via tool-augmented RL.

Main Results

ETIR outperforms vanilla and tool-augmented RL meth-
ods. As evidenced by Table 1, our method consistently
outperforms all baselines, achieving an average accuracy of
52.7%. Compared to vanilla RL methods, ETIR surpasses
EURUS-2-7B-PRIME (37.6%) by 15.1 points and OAT-
ZERO-7B (39.3%) by 13.4 points. It also exceeds the recent
tool-augmented RL method TORL-7B and ZTRL-7B. This
improvement stems from both the integration of an external
code interpreter, which enhances code-integrated reasoning
during RL, and our progressive learning strategy that incre-
mentally develops tool usage capabilities, resulting in sig-
nificant gains in mathematical reasoning performance.



Models Code MATHS00 AMC23 AIME2024 AIME2025 OlymMATH Avg.

QWEN2.5-MATH-7B-INSTRUCT X 75.0 452 8.12 5.00 3.38 27.3
QWEN2.5-MATH-7B-INSTRUCT-TIR v 78.8 59.3 25.8 18.8 18.4 40.2
SIMPLERL-ZERO-7B X 75.4 51.1 18.3 6.46 8.75 32.0
EURUS-2-7B-PRIME X 81.2 62.8 18.8 15.4 9.94 37.6
OAT-ZERO-7B X 79.2 64.2 31.3 10.4 11.3 39.3
ToRL-7B v 83.8 73.2 37.9 29.2 28.5 50.5
ZTRL-7B v 82.0 - 333 26.7 12.5 -

ETIR (QWEN2.5-M7) v 86.4 74.2 42.3 29.2 31.6 52.7

Table 1: Performance of ETIR and other baselines. For MATHS500 , we utilize greedy decoding strategy for evaluation. For the
other four benchmarks, we sample 16 responses and report the AVG @ 16 accuracy.

ETIR achieves superior performance on more chal-
lenging benchmarks. Our method demonstrates signifi-
cantly greater improvements on more challenging bench-
marks. On AIME2024, ETIR reaches 42.3%, outperform-
ing EURUS-2-7B-PRIME (18.8%) and OAT-ZERO-7B
(31.3%). On AIME2025, it achieves 29.2%, nearly dou-
bling EURUS-2-7B-PRIME (15.4%) and surpassing OAT-
ZERO-7B (10.4%) by 18.8 points. On the challenging
OlymMATH benchmark, it maintains strong performance
at 31.6%. These results underscore how code-integrated
reasoning enhances the model’s capacity to solve intricate
mathematical problems through more sophisticated code so-
lution strategies after tool-augmented RL.

Training Reward Response Length

0.4 ; : 11004 |
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(c) Average Code Number (d) Code Pass Rate

Figure 3: The learning dynamics of ETIR.

Learning Dynamics Analysis

Training Behavior. As shown in Figures 3(a) and 3(b),
ETIR benefits from a gradually increasing interaction bud-
get (2—3—4): rewards rise steadily, while response length
first drops—indicating a shift toward concise tool-based rea-

soning—then increases as the model exploits additional in-
teractions to refine its output.

Code Behavior. The Qwen2.5-Math backbone quickly
adapts to code-integrated RL, likely due to prior exposure
to code during the pretraining phase (Yang et al. 2024). Fig-
ure 3(c) shows that from the early stages, code is used in
over 85% of responses, rising to nearly 100% as training
progresses. With the increasing interaction budget, this trend
indicates that the model gradually adapts to solving prob-
lems through code execution rather than relying solely on
natural language reasoning. However, the code pass rate ex-
hibits a more complex pattern: it shows an initial upward
trend in the first 100 steps, followed by a steady decline.
This decline becomes more pronounced as the interaction
budget increases—a counterintuitive result that suggests a
lower pass rate does not necessarily indicate poorer perfor-
mance. We will analyze this phenomenon further in the fol-
lowing mechanism analysis section.

Rounds MATHS00 AIME2024 OlymMATH
2 ROUNDS 83.1 38.8 29.4
3 ROUNDS 83.5 39.7 30.1
4 ROUNDS 84.8 40.7 30.6
FrROM 2 TO 4 86.4 42.3 31.6

Table 2: Performance of models trained on fixed interaction
rounds and progressive increase interaction rounds.

Strategy MATHS500 AIME2024 OlymMATH
ETIR 86.4 4.3 31.6

w/o PMB 84.1 40.2 304

w/o ETM 84.0 39.7 30.0

Table 3: Ablation study on other optimization strategies.
PMB denotes precise match of interaction boundary; ETM
denotes external tool feedback masking.

Ablation Study

We conduct ablation studies to evaluate the effectiveness of
each component in our approach.



AIME2024 AIME2025 OlymMATH Avg
Models Mode
Acc  #Tokens Acc #Tokens Acc #Tokens Acc #Tokens
QWEN3-8B (THINKING-10K) LCoT 44.6 9,296 32.5 9604 21.9 10,216  33.0 9,705
DISTILL-QWEN-7B LCoT 513 12,974  40.6 13,479 422 15,041 44.7 13,831
ETIR (QWEN2.5-M7) CIR 423 1,603 29.2 1,843 31.6 1,733 34.4 1,726

Table 4: The accuracy and average response length on AIME2024, AIME2025 and OlymMATH between long-CoT and code-

integrated reasoning (CIR) models.

As shown in Table 2, models trained with a fixed num-
ber of interaction rounds consistently underperform those
trained with a progressive schedule that increases the rounds
from 2 to 4. Interestingly, even maintaining 4 interaction
rounds throughout the entire training process leads to worse
performance than gradually increasing them. We attribute
this to the progressive schedule’s ability to help the model
gradually adapt to increasing interaction demands, mitigat-
ing unstable reasoning behaviors caused by an overly gener-
ous interaction budget in early stages and reducing the risk
of premature convergence to rigid interaction patterns.

In addition, Table 3 shows that the precise match of inter-
action boundaries and external tool feedback masking also
prove to be effective. Removing these strategies during train-
ing leads to a decrease in model performance.

Mechanism of Code-Integrated Reasoning

While code integration aids math reasoning, its underly-
ing benefits and how it boosts performance remain un-
derexplored. This section analyzes the key mechanisms
through which code-integrated reasoning, especially after
tool-augmented RL, improves model performance.

Impact on Model’s Capability Boundaries

RL guides models to improve via reward signals but
mainly relies on self-generated data, limiting capacity ex-
pansion (Gandhi et al. 2025; Wang et al. 2025a). In contrast,
code-integrated reasoning uses external code interpreters to
execute generated code, differing fundamentally from stan-
dard text-based reasoning. We therefore hypothesize that
code integration can significantly extend model capabilities
and conduct an empirical study to verify this.

Evaluation settings. To investigate the impact of code-
integrated reasoning on the model’s capability boundaries,
we test four baseline models, which are all derived from
QWEN2.5-MATH-7B, on the AIME2024 and AIME2025
benchmarks, using the PASS @ k metric. For all experiments,
we use a temperature of 0.6 and a top-p value of 0.95, allow-
ing for a maximum generation of 16,384 tokens. The four
baselines are as follows:

® Base;.,1: The base model, utilizing standard text-based
reasoning.

® Base ,qc: The base model, utilizing code-integrated rea-
soning via the direct prompt.

® RL;..;: The model trained with vanilla RL, utilizing
text-based reasoning.
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® RL,4.: The model trained with tool-augmented RL, uti-
lizing code-integrated reasoning.

AIME2024

0.9 AIME2025
0.8/ 0.8
0.74 0.7
~ 0.6/ v 0.6
EL ® 0.5
9 0.4 —— Basewxt | Q) 0.4 —+— Baseext
293l Basecode | § 0.3 Basecode
0.2 —4+— RLtext 0.2 —— RLtext
0.1 —+— Rlcode 0.1 —+— RLcode

164128 256 512

k
(a) AIME2024

512
k
(b) AIME2025

1024 164128 256 1024

Figure 4: PASS @k accuracy on AIME2024 and AIME2025.

Code-integrated reasoning can expand model’s capa-
bility boundaries. As illustrated in Figure 4, Code-
integrated reasoning significantly improves PASS@K per-
formance over text-based reasoning, indicating an expanded
capability boundary. However, consistent with prior find-
ings (Yue et al. 2025a), as k increases, RL-trained models
are eventually matched or outperformed by their non-RL
counterparts, which reveals that RL alone does not effec-
tively enhance knowledge acquisition.

Comparison between CIR and Long-CoT

To compare CIR with standard long-CoT reasoning (Yeo
et al. 2025) without external tools, we use two reference
models: QWEN3-8B (THINKING-10K) and DEEPSEEK-
R1-DISTILL-QWEN-7B, with QWEN3-8B limited to 10K
tokens to maintain evaluation efficiency. Table 4 reports their
accuracy and response lengths.

As shown in Table 4, our model achieves similar
accuracy with much shorter responses—reaching nearly
80% of DEEPSEEK-R1-DISTILL-QWEN-7B’s accuracy us-
ing under 15% of its length, and matching QWEN3-8B
(THINKING-10K) with less than 20%. This highlights the
efficiency of code-integrated reasoning.

To investigate why CIR yields more concise responses,
we manually inspect the outputs and summarize the find-
ings: 1) CIR tends to start with a brief solution overview and
utilize the structured, deterministic nature of programming
to execute precise, unambiguous computations, avoiding
lengthy reasoning; 2) Long-CoT reasoning mimics human-
like thought, involving iterative reflection, hypothesis revi-
sion, and path exploration. This often leads to longer re-
sponses as the model considers multiple solution paths.



Effects of Non-Executable Code

Translating problem-solving steps into code for external ex-
ecution can boost accuracy, but the effect of non-executable
code on performance is still unclear.

To investigate this, we analyze the code pass rate for cor-
rect and incorrect responses from our tool-augmented RL
model on 60 AIME2024-2025 problems, with 16 samples
per problem. As shown in Table 5, about one-third of correct
responses contain non-executable code, while over one-third
of incorrect responses produce fully executable code. From
these results and further case analysis, we draw the follow-
ing conclusions.

ACN FuPR NR FiPR
CORRECT (345) 147  60.6% 394% 65.5%
INCORRECT (615) 2.11 36.0% 64.0% 40.2%

Table 5: Average Code Number, Full Pass Rate, Non-
execution Rate and Final Pass Rate for correct and incor-
rect responses. ACN (average code number), FuPR (ratio of
responses with all code running successfully), NR (ratio of
responses containing non-executable code), and FiPR (ratio
of responses whose final code runs without error). Numbers
in brackets indicate response counts.

e Executable but logically flawed code may hinder
further improvements in model performance. While ex-
ecutable code can offer seemingly valid feedback, it may
prematurely halt the reasoning process when the underly-
ing logic is flawed. As shown in Table 5, 36.0% of incorrect
responses stem from this issue: although the code runs suc-
cessfully, its flawed logic misleads the model into accepting
incorrect (see in Figure 5). This reveals a key limitation:
executable code does not ensure response quality. Actually,
successfully executed code can be especially misleading be-
cause models often accept its feedback without any scrutiny.

e Error feedback from non-executable code can aid
code-integrated reasoning. Executing non-executable code
yields error feedback that the model cannot produce on its
own, prompting reflection and code revision. This process
helps the model develop executable and logically correct so-
lutions, improving accuracy. As Table 5 shows, 39.4% of
correct responses involve non-executable code, indicating its
contribution to valid reasoning. Additionally, the declining
pass rate in Figures 3(c) and 3(d) suggests that increased
interaction with the code interpreter during training reflects
more code revisions. This is further supported by the differ-
ence between Full Pass Rate (60.6%) and Final Pass Rate
(65.5%) in Table 5, where about 5% of responses correspond
to successfully revised code leading to correct answers.

Analysis of Performance Gain Differences

While code-integrated reasoning can enhance mathematical
reasoning, its benefits may vary across different problem
types. To better understand it, we examine how the advan-
tages of code-integrated reasoning differ among various cat-
egories of mathematical problems. We evaluate three mod-
els, Baseeyt, Baseioo and RLy 01, on four main categories of
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reasoning error correct
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Figure 5: Flawed but executable code misleads the model,
whereas non-executable code forces revision and leads to

correct solutions.
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Figure 6: Accuracy of different categories on AIME2024
and OlymMATH.

mathematical problems (algebra, geometry, combinatorics,
and number theory) from AIME2024 and OlymMATH.

Figure 6 shows that the effectiveness of code integration
varies significantly across problem types. It leads to substan-
tial accuracy gains in algebra, number theory, and combina-
torics by offloading complex computations and mitigating
errors from lengthy reasoning, which is further amplified by
RL. In contrast, geometry exhibits only marginal improve-
ments. This is likely because geometry relies more on spatial
and conceptual reasoning, where correct problem framing is
more critical than computation, limiting the utility of code
execution when the underlying logic is flawed.

Conclusion

In this paper, we analyze key factors causing the instability
of tool-augmented RL, including noisy interactions, distri-
butional shift, and response homogenization. Based on these
findings, we propose ETIR, a novel method to introduce
progressive learning into tool-augmented RL for the first
time. ETIR gradually builds tool-use capabilities, enabling
more efficient and adaptive model-environment interaction,
and achieves superior performance over both vanilla RL
and existing tool-augmented baselines on challenging math-
ematical benchmarks. We further investigate the mecha-
nism behind code-integrated reasoning, an aspect often over-
looked in prior work, and demonstrate it extends the model’s
reasoning capacity and promotes more concise, structured
problem-solving, which might offer useful insights for sub-
sequent research. Although our method is implemented on
code execution, it is inherently extensible to other external
tools. Our future work will focus on generalizing this frame-
work to further enhance the model’s capabilities.
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