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Abstract

Tool-integrated reasoning (TIR) enables large
language models (LLMs) to enhance their capa-
bilities by interacting with external tools, such
as code interpreters (CI). Most recent studies
focus on exploring various methods to equip
LLMs with the ability to use tools. However,
how to further boost the reasoning ability of
already tool-capable LL.Ms at inference time
remains underexplored. Improving reasoning
at inference time requires no additional train-
ing and can help LLMs better leverage tools
to solve problems. We observe that, during
tool-capable LLM inference, both the number
and the proportion of erroneous tool calls are
negatively correlated with answer correctness.
Moreover, erroneous tool calls are typically re-
solved successfully within a few subsequent
turns. If not, LLMs often struggle to resolve
such errors even with many additional turns.
Building on the above observations, we propose
PRUNETIR, a rather effective yet efficient
framework that enhances the tool-integrated
reasoning at inference time. During LLM in-
ference, PRUNETIR prunes trajectories, resam-
ples tool calls, and suspends tool usage through
three components: Success-Triggered Pruning,
Stuck-Triggered Pruning and Resampling, and
Retry-Triggered Tool Suspension. These three
components enable PRUNETIR to mitigate the
negative impact of erroneous tool calls and pre-
vent LLMs from getting stuck in repeated failed
resolution attempts, thereby improving overall
LLM performance. Extensive experimental re-
sults demonstrate the effectiveness of PRUNE-
TIR, which significantly improves Pass@1 and
efficiency while reducing the working context
length for tool-capable LLMs.

1 Introduction

Despite reasoning large language models (LLMs)
have demonstrated remarkable performance across
diverse tasks (Jaech et al., 2024; Guo et al., 2025;
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Mean Median
Erroneous Tool Call Number
Correct 2.0 1.0
Incorrect 14.6 (1 12.6) 4.0(13.0)
Erroneous Tool Call Proportion
Correct 41.8% 25.0%

Incorrect 60.2% (1 18.4 pp) 100.0% (1 75.0 pp)

Table 1: Erroneous tool call statistics of Qwen3-8B on
AIME24, computed separately for samples with correct
vs. incorrect answers. pp denotes percentage points.
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Figure 1: Turn requirement for resolving erroneous tool
calls by Qwen3-8B on AIME24. TC stands for tool call.

Kimi Team et al., 2025; Qwen Team, 2025), they
still show notable limitations such as poor com-
putational accuracy and knowledge cutofts. Tool-
integrated reasoning (TIR) addresses these limita-
tions of reasoning LLLMs by enabling them to inter-
act with external tools such as code interpreters and
search engines (Xue et al., 2025; Feng et al., 2025;
Yang et al., 2025; Jin et al., 2025). For instance,
code interpreters can provide a formal, executable
interface for enumeration, verification, and precise
computation, thereby reducing the cumulative er-
rors often encountered in textual reasoning (Chen
et al., 2023; Wang et al., 2024).

Recent works have explored prompting, super-
vised fine-tuning (SFT), and reinforcement learn-
ing (RL) to equip LLMs with tool-use capabili-
ties (Li et al., 2025a; Feng et al., 2025). However,
further enhancing the reasoning capability of al-
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ready tool-capable LLMs at inference time remains
underexplored. Improving reasoning at inference
time requires no additional training and can enable
LLMs to leverage tools more effectively, leading to
better problem-solving performance. We observe
that, @ during tool-capable LLM inference, both
the number and proportion of erroneous tool calls
are negatively correlated with the correctness of
the final answer. As shown in Table 1, the samples
where LLM generates incorrect answers exhibit
substantially higher mean and median numbers of
erroneous tool calls compared with the instances
answered correctly. A similar trend is observed for
the proportion of erroneous tool calls. Moreover,
we observe that @ among all successfully resolved
erroneous tool calls, the vast majority are resolved
within a few turns, whereas the number of cases
requiring further turns decreases sharply, as illus-
trated in Figure 1. This suggests that when an LLM
fails to resolve an erroneous tool call within a small
number of turns, it tends to get stuck, remaining
unresolved even with substantially more turns.
Building on the above observations, we intro-
duce PRUNETIR, a simple yet effective and effi-
cient training-free framework that improves tool-
integrated reasoning at inference time. PRUNETIR
prunes erroneous tool calls and their correspond-
ing tool feedback upon successful resolution, and
resamples tool calls that remain unresolved after a
certain number of turns. These designs mitigate the
negative impact of erroneous tool calls and prevent
LLMs from becoming stuck in unsuccessful reso-
lution attempts. Specially, PRUNETIR consists of
three key components. (i) Success-Triggered Prun-
ing (STP): Once LLMs achieve a successful reso-
lution, we prune the entire error-resolution trace,
including the erroneous tool calls and their corre-
sponding tool feedback, retaining only the final
correct tool call and its successful associated feed-
back. This ensures that erroneous tool interactions
still serve to guide the resolution process, while
preventing the accumulation of errors that could
otherwise harm LLMs’ instruction-following and
reasoning abilities. (ii) Stuck-Triggered Pruning
and Resampling (STPR): When an erroneous tool
call fails to reach a successful resolution within
a predefined number of turns, we prune the en-
tire error-resolution trace and then resample a new
tool call conditioned on the interaction history pre-
ceding that erroneous call. This enables broader
exploration rather than continued exploitation of
failing resolution attempts, reducing the risk of

LLMs becoming stuck. (iii) Retry—Triggered Tool
Suspension (RTTS): If the LLM fails to reach a
successful resolution within the predefined turn
limit (i.e., STPR component is invoked) on several
consecutive occasions, we require it to temporarily
suspend tool use and instead perform manual rea-
soning. This serves as a conservative fallback in
cases of sustained tool-use failure.

We evaluate PRUNETIR on three mathematical
datasets: AIME24, AIME25, and BeyondAIME.
Applied PRUNETIR to Qwen3-8B (Yang et al.,
2025), the Pass@1 on AIME24 reaches 72.7%,
which is a 10.6 percentage points gain over the non-
PRUNETIR baseline. The average number of tool
calls is 4.2, yielding a 45.5% improvement in tool-
use efficiency relative to the baseline. Also, the
average number of working context tokens is 9.5K,
corresponding to an 17.4% reduction in context
length. Moreover, we observe consistent improve-
ments when applying PRUNETIR to Qwen3-14B
and ReTool (Qwen2.5-32B-Instruct) (Feng et al.,
2025). Our main contributions are threefold:

* We empirically identify two phenomena in TIR:
First, the number (or proportion) of erroneous
tool calls is negatively correlated with answer
correctness. Second, if an LLM cannot resolve
an erroneous tool call within a few turns, it is
likely to become stuck and remain unresolved
even with many subsequent turns.

* We propose PRUNETIR, a novel, training-free
framework that effectively and efficiently en-
hances TIR at inference time.

* We conduct extensive experiments on multiple
benchmarks, showing that PRUNETIR improves
Pass@]1 and tool-use efficiency while reducing
working context length across multiple LLMs.

2 Preliminaries

Given a question ¢, a tool-capable LLM can inter-
act with external tools, receive feedback from the
tools, and repeat this process iteratively. We denote
the tool-integrated reasoning trajectory at turn k as
Tk, which is defined as follows:

Tk = (T07 teo, tf0)7 (Tb tey, tfl)v ) (Tkra ek, tfk)a

ey
where 1y, tc, tf;, denote the reasoning, tool call,
and corresponding tool feedback at turn k, respec-
tively. If turn ¢ does not require calling tools, then
tc; and tf; are set to the empty string. The rea-
soning 7; can either be merged into the subsequent
reasoning r;41 (yielding an updated r;41), or, if ¢
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is the final turn, be used to derive the final answer.
The multi-turn iterative process follows:

(T, teg) = M(q & T,—1), (2)
tf, = T(tck), 3)
Tk = Th—1 @ (Tk,tck,tfy), “4)

where M indicates a tool-capable LLM, T" denotes
an external tool, and @ represents the concatena-
tion. This iterative process continues until the LLM
generates a final answer, or until a predefined max-
imum number of turns is reached.

3 Analysis of Erroneous Tool Calls in
Tool-Integrated Reasoning

During tool-integrated reasoning, we observe that,
@ both the number and the proportion of erroneous
tool calls are negatively correlated with the correct-
ness of the final answer. As shown in Table 1, sam-
ples for which LLM generates incorrect answers
have substantially higher erroneous tool call statis-
tics than correctly answered instances, in terms of
the mean and median number of erroneous calls,
as well as their proportion. Besides, we observe
that ® among successfully resolved erroneous tool
calls, most are resolved within a few turns, and the
number requiring further turns drops sharply, as
shown in Figure 1. This suggests that if an LLM
cannot resolve an erroneous tool call within a few
subsequent turns, it is likely to get stuck and remain
unresolved even with many more turns.

Causes. We conduct case studies to reveal some
of the underlying reasons why observed phenom-
ena can undermine tool-integrated reasoning. As
shown in Figure 7, with the accumulation of erro-
neous tool interactions, the LLM no longer engages
in reflection, verification, or other cognitive behav-
iors. Instead, it quickly collapses its reasoning into
a conclusion, resulting in an incorrect answer. This
suggests that erroneous tool calls and their corre-
sponding feedback mainly assist subsequent res-
olution attempts rather than contributing directly
to the final answer. As these errors accumulate,
the instruction-following and reasoning capabili-
ties of LLMs may degrade, ultimately degrading
overall performance. Additionally, as illustrated in
Figure 8, the LLM fails to recover from an erro-
neous tool call and becomes stuck, continuing to
iterate until it reaches the maximum number of al-
lowed turns without generating a final answer. This
indicates that getting stuck can waste many turns

without making progress, preventing the LLM from
generating an answer within the turn budget and
thus reducing its performance.

4 Methodology

Based on the analyses in §3, we propose PRUNE-
TIR, a simple yet effective, training-free frame-
work that enhances the reasoning capabilities of
tool-integrated LLMs at inference time. PRUNE-
TIR is composed of three components: Success-
Triggered Pruning (STP), Stuck-Triggered Pruning
and Resampling (STPR), and Retry—Triggered Tool
Suspension (RTTS). An overview of PRUNETIR is
provided in Figure 2.

4.1 Success-Triggered Pruning (STP)

When the tool returns an error message, it indicates
that the LLM has generated an erroneous tool call
at the current turn. The LLM then attempts to cor-
rect that erroneous call through subsequent turns.
Once the LLM successfully resolves the error (i.e.,
it generates a correct tool call that executes without
error), we prune the entire error-resolution trace,
removing all intermediate erroneous tool calls and
their corresponding tool feedback during the cor-
rection process. The final successful tool call and
its associated feedback are retained. The formaliza-
tion of the STP operation is as follows.

Err(tf)) = I[tf}, is an error message|,  (5)

where I[-] denotes the indicator function. During
reasoning, once an error is observed at turn & (i.e.,
Err(tf,) = 1), the STP records k as the start of
an error-resolution segment. The LLM then contin-
ues the iterative procedure in Eqgs. (2)—(4) until a
successful execution is observed at turn k,, where

ki = min{j | Err(tf;) = 0,5 > k}.  (6)

Subsequently, the STP component removes all in-
termediate erroneous tool calls and their corre-
sponding feedback during the error resolution pro-
cess. The resulting pruned trajectory is as follows:

Toe = Thee1 D (T ter, tfr,)- @)

We retain 7 but discard {m}f;k 1> since these
intermediate reasoning steps are usually responses
to the erroneous tool feedback, whereas r, captures
the intent behind tcy,. The LLM then continues
reasoning from the pruned trajectory 7y, .
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Figure 2: Overview of PRUNETIR. PRUNETIR consists of three components: (i) Success-Triggered Pruning (STP),
which prunes the error-resolution trace upon a successful solution, (ii) Stuck-Triggered Pruning and Resampling
(STPR), which prunes the trace and resamples a new tool call if the LLM fails to resolve the erroneous call within a
fixed number of turns, and (iii) Retry—Triggered Tool Suspension (RTTS), which temporarily suspends tool use and
shifts to manual reasoning after consecutive STPR invocations. These components work to mitigate the negative
impact of erroneous tool interactions and prevent LLMs from getting stuck in repeated failed resolution attempts.

However, we find that during error resolution,
the LLLM may not continue trying to resolve the
current error. Instead, it may switch to an alterna-
tive approach to address the original question. Ac-
cordingly, we process r according to Algorithm 1.
Specifically, we traverse turns k+1 to k, and detect
intent shifts between adjacent turns using a com-
bination of edit similarity and keyword overlap.
Whenever a shift is detected, we concatenate the
corresponding reasoning content to 7, to maintain
a coherent and stable reasoning trajectory.

The STP allows erroneous tool interactions to
inform the resolution process, while mitigating the
negative impact of erroneous tool calls, particularly
the accumulation of errors that can degrade LLMs’
instruction-following and reasoning abilities.

4.2 Stuck-Triggered Pruning and Resampling
(STPR)

When the LLM generates an erroneous tool call,
it attempts to resolve the error. If the LLM fails
to reach a successful resolution within a prede-
fined number of turns, we prune the entire error-
resolution trace and resample a new tool call con-
ditioned on the interaction history before that er-
roneous tool call. The formalization of the STPR
operation is as follows.

Given an erroneous tool call generated by the
LLM at turn k&, we allow at most Turn Limit sub-
sequent turns for error resolution. The STPR com-

ponent is invoked if the LLM fails to resolve the
error within these turns, i.e.,

Er: Err(tf,) =1,
Vie{k,k+1,...,k+ Turn Limit}.

(®)
Upon invocation, STPR removes all erroneous
tool calls and their corresponding feedback during
resolution {(7;,tc;,t fi)}fi,;rum Mmit and resam-
ples a new tool call conditioned on the interaction

history preceding the initial erroneous call 73,_1:

(rpay, tegay) = M(q @ Th—1), 9
tfro = T(teym)), (10)
To) = Th—1 @ (T, tegay, tfpay), (1)

after which the LLM continues reasoning based on
the updated trajectory 7).

The STPR component promotes broader explo-
ration through pruning and resampling, rather than
continuously exploiting failing resolution trajecto-
ries. This mitigates the risk of the LLM getting
stuck, i.e., being unable to resolve an erroneous
tool call even after many turns.

4.3 Retry-Triggered Tool Suspension (RTTS)

The STPR component is invoked if the LLM fails to
resolve an erroneous tool call within Turn Limit
turns. If STPR is consecutively triggered a pre-
defined number of times, the LLM is required to
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temporarily suspend tool usage and instead per-
form manual reasoning. The formalization of the
RTTS operation is given as follows.

Once the LLM generates an erroneous tool call
at turn k, we allow at most Turn Limit subse-
quent turns for the LLM to resolve it. If the LLM
fails to resolve the error within Turn Limit turns,
the STPR prunes the error-resolution trace and re-
samples a new tool call. When STPR is consec-
utively invoked Retry Limit times, the RTTS is
triggered. The triggering condition for RTTS, de-
noted as RTTS¢, is formally described by:

STPRc(k) = I[&] = I[Eq. (8) holds], (12)

RTTSc(k) = I [STPRC(W)) =1,

Vje{l,2,...,Retry Limit}],
13)
where STPR ¢ denotes the invocation condition of
the STPR component. When RTTS is triggered, it
requires the LLM to temporarily suspend tool usage
and revert to manual reasoning. This is achieved
by adding a manual reasoning prompt, detailed in
Appendix B.1. The updated reasoning trajectory is:
%k(Retry Linit+1) port — Th—1 ¢ MRP, (14)
where the subscript part refers to a partial trajec-
tory, and MRP stands for the manual reasoning
prompt. This updated trajectory 7 (retry Limit+1) g0
serves as the foundation for further reasoning.
The RTTS component serves as a conservative
fallback in cases of sustained tool-usage failure,
ensuring the continuation of reasoning.

5 Experiments

5.1 Experiment setting

Model and Datasets. We conduct experiments
on three tool-capable LLMs: Qwen3-8B, Qwen3-
14B (Yang et al., 2025), and ReTool-32B (Feng
et al., 2025). Detailed model information is pro-
vided in Appendix B.2. We evaluate PRUNETIR on
three challenging mathematical datasets: AIME24,
AIME25, and BeyondAIME. Detailed dataset de-
scriptions are provided in Appendix B.3.

Metrics. Consistent with prior work (Feng et al.,
2025; Li et al., 2025a), we adopt Pass@1 as the
evaluation metric. To ensure stable evaluation, we
repeat the evaluation set 32 times and report the
averaged accuracy as an estimate of Pass@1. Ad-
ditionally, we introduce two metrics: TCN (Total

Tool Call Number) and WTN (Working Context
Token Number). The TCN measures the average
number of total tool calls during tool-integrated rea-
soning. This metric reflects tool-use efficiency: a
lower TCN indicates that the LLM solves the prob-
lem with fewer tool calls, suggesting more efficient
tool use. The WTN denotes the average number of
tokens in the working context, i.e., the retained con-
text after erroneous tool interactions are removed.
This metric captures the long-context burden: a
lower WTN indicates that less interaction history
is carried forward, thereby alleviating long-context
challenges (Sun et al., 2025). More results on other
metrics are provided in Appendix D.3.

Baselines. To verify the effectiveness of PRUNE-
TIR, we compare the performance of the same tool-
capable LLMs with and without PRUNETIR. Note
that PRUNETIR is a simple, training-free frame-
work that can be plugged into any tool-capable
LLM without modifying model parameters. We
also compare with several existing baselines.

Implementation Details. Following Feng et al.
(2025), we set the inference hyperparameters to a
temperature of 1.0 and a top-p value of 0.7. More-
over, we set top-k to 50, max_tokens to 16K, and
the maximum number of iterative turns to 50. Both
the Turn Limit and the Retry Limit are set to 2.
To ensure stable evaluation, we report results aver-
aged across 32 runs. All LLMs adhere to the above
settings. A sandboxed Python interpreter serves as
the primary tool, enabling safe code execution.

5.2 Main Results

Table 2 presents the performance comparison of
our proposed PRUNETIR against baseline methods.
More experimental results are shown in the Ap-
pendix D and G. Our key findings are as follows:

PRUNETIR consistently improves overall per-
formance across LLMs and benchmarks. Ap-
plying PRUNETIR leads to consistent improve-
ments across all benchmarks for nearly all tool-
capable LLMs, increasing Pass@1 while reduc-
ing the number of tool calls (TCN) and the to-
ken number within the working context (WTN).
For example, on Qwen3-8B, PRUNETIR improves
Pass@1 on AIME24 from 62.1% to 72.7%, while
reducing the average number of tool calls to 4.2
(45.5% fewer than the baseline) and shortening
the working context to 9.5K tokens (17.4% reduc-
tion). These improvements can be attributed to
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Model AIME24 AIME25 BeyondAIME
oae
Pass@l TCN WTN Pass@l TCN WTN Pass@l TCN WTN
OpenAl ol-preview 44.61 - - 37.57 - - - - -
SimpleTIR-32B 59.9 - - 49.21 - - - - -
START-32B 66.71 - - 471t - - - - -
Qwen3-8B 62.1 77 115K 519 77 128K 310 64 122K
+PRUNETIR 72.7 42 95K 60.9 41 109K 354 29 108K
Qwen3-14B 71.7 44 97K 60.4 40 105K  38.1 3.1 10.6K
+PRUNETIR 76.0 37 88K 66.4 44 102K 410 2.6 10.1K
ReTool-32B 67.01 - - 49.37 - - 31.4 6.5 55K
+PRUNETIR 69.7 6.6 5.0K 56.7 92 53K 32.6 73 43K

Table 2: Overall performance on three benchmarks. Bold denotes improvements in the intended direction: higher
Pass@]1 and lower TCN/WTN. A higher Pass@1 reflects more effective reasoning. A lower TCN indicates that
the LLLM solves the problem with fewer tool calls, suggesting more efficient tool use. A lower WTN means less
interaction history is carried forward, alleviating long-context challenges. { indicates results from official releases.

three factors. First, PRUNETIR mitigates the ad-
verse effects of erroneous tool calls, particularly
the accumulation of errors that can degrade LLMs’
instruction-following and reasoning abilities. Sec-
ond, it encourages broader exploration rather than
continuously exploiting failing resolution trajecto-
ries, thereby mitigating the risk of the LLM get-
ting stuck. Third, under sustained tool-use failures,
PRUNETIR prompts LLMs to temporarily suspend
tool use and rely on manual reasoning, enabling
more stable and continuous inference. However,
after integrating PRUNETIR, we observe a slight
TCN increase for Qwen3-14B on AIME2S5 and for
ReTool-32B on BeyondAIME. We attribute this
to the use of a fixed Turn Limit across all LLMs
and datasets. Consequently, in a small number of
cases, some LLMs may require slightly more than
Turn Limit turns to resolve an erroneous tool call.
In such cases, when a failing resolution attempt
reaches the Turn Limit, PRUNETIR triggers a
retry, which can slightly increase TCN.

Within the same model family, smaller LL.Ms
tend to benefit more from PRUNETIR. Com-
pared to Qwen3-14B, Qwen3-8B achieves greater
improvements in Pass@1 and greater decreases in
TCN and WTN after applying PRUNETIR across
all three datasets. We believe this suggests that
smaller LLLMs have weaker tool-use capabilities,
and are therefore more likely to generate erroneous
tool calls, leaving more room for PRUNETIR to
improve performance.

PRUNETIR tends to yield smaller improvements
on more challenging datasets. As illustrated in
Table 2, on the more challenging BeyondAIME

benchmark, PRUNETIR leads to smaller Pass@1
increases across all LLMs compared to AIME24
and AIME2S5. We believe this indicates that, while
PRUNETIR improves tool-integrated reasoning,
the performance on harder problems is primarily
constrained by the LLM’s intrinsic capabilities.

5.3 Ablation Study

Table 3 presents the results of our ablation study for
Qwen3-8B. The baseline corresponds to Qwen3-
8B equipped with the CI tool. We then introduce
the components of “Success-Triggered Pruning’
(STP), “Stuck-Triggered Pruning and Resampling’
(STPR), and “Retry—Triggered Tool Suspension”
(RTTS) incrementally to evaluate their impact.

>

2

Success-Triggered Pruning. We first incorporate
the STP component into the baseline. During rea-
soning, the LLM may generate an erroneous tool
call and then attempt to resolve the error. Once
the error is successfully resolved, STP prunes the
entire error-resolution trace, removing all interme-
diate failed tool calls and their corresponding tool
feedback. As shown in Table 3, STP improves per-
formance for all LLMs, indicating the effectiveness
of STP. STP allows erroneous tool interactions to
guide the resolution process, while preventing error
accumulation that could otherwise degrade LLMs’
instruction-following and reasoning abilities.

Stuck-Triggered Pruning and Resampling.
When STPR is incorporated based on STP, if the
LLM cannot successfully resolve an erroneous tool
call within Turn Limit turns, STPR prunes the
error-resolution trace and resamples a new tool call
conditioned on the interaction history preceding
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Model AIME24 AIME25 BeyondAIME
ode -~
Pass@]l TCN WTN Pass@l TCN WTN Pass@l TCN WTN -y
Qwen3-8B  62.1 77 115K 519 77 128K 310 64 122K - 20 E
+STP 64.5 74 113K 529 69 123K 319 62 120K 308
+STPR 69.6 49 96K 58.8 48 112K 355 33 109K E
+RTTS 72.7 42 95K 60.9 41 109K 35.4 29 10.8K - 40 B

Table 3: Ablation results for Qwen3-8B across three benchmarks. Shading indicates relative improvement over the
baseline in the intended direction: higher Pass@1 and lower TCN/WTN.

that erroneous call. STPR further substantially
improves Pass@1 while reducing the average
number of tool calls and shortening the working
context length across all LLMs, highlighting its
effectiveness and efficiency. By promoting broader
exploration rather than continued exploitation
of unsuccessful resolution attempts, the STPR
component mitigates the risk of LLMs becoming
stuck, thereby improving overall performance.

Retry-Triggered Tool Suspension. By further in-
corporating RTTS, once STPR has been invoked
consecutively for Retry Limit times, RTTS is
triggered. RTTS requires the LLM to temporarily
suspend tool usage and instead perform manual rea-
soning. Integrating RTTS generally yields the high-
est Pass@1 while requiring the fewest tool calls and
the shortest working context, suggesting the supe-
rior effectiveness and efficiency of our framework.
RTTS serves as a conservative fallback to main-
tain stable reasoning. However, on Beyond AIME,
adding RTTS leads to a slight drop in Pass@1. We
believe this is because, on more challenging prob-
lems, the manual reasoning induced by RTTS is
more prone to imprecise numerical calculations,
leading to modest performance degradation.

5.4 Analysis

In this section, we analyze the effectiveness of Al-
gorithm 1 within STP, examine the diversity in-
duced by resampling in STPR, and present analyses
of the worst-case cost and error recurrence.

Analysis of Success-Triggered Pruning. STR
prunes the error-resolution trace once a successful
solution is obtained. However, we observe that dur-
ing error resolution, the LLM may not continue try-
ing to resolve the error; instead, it may switch to an
alternative approach to solve the original problem.
Thus, before pruning, STP applies Algorithm 1 to
detect intent shifts between adjacent turns (see Ap-
pendix C for detection quality analysis). When a
shift is detected, we concatenate the correspond-

Dataset  Method Pass@l TCN WTIN
s PRIy
avess U S 42 dlo
e PRIR 20

Table 4: Performance of PRUNETIR with and without
Algorithm 1 (Alg.1) using Qwen3-8B, where w/o de-
notes without and B-AIME denotes Beyond AIME.

Metric AIME24
Differ Rate 99.5%
1st-Resample Exec. Success Rate 33.5%

Table 5: Analysis of resampling diversity. Differ Rate
denotes the proportion of resampled tool calls that differ
from their corresponding original erroneous calls. /sz-
Resample Exec. Success Rate denotes the proportion of
resampled tool calls that execute successfully.

ing reasoning content to the reasoning segment
that needs to be retained after pruning. Table 4
presents the performance of PRUNETIR with and
without Algorithm 1. We observe that removing Al-
gorithm 1 consistently results in a drop in Pass@1
across all datasets. By applying Algorithm 1, STP
preserves coherent and stable reasoning trajecto-
ries, thereby improving performance.

Analysis of Resampling Diversity. The STPR
component resamples a new tool call from the same
preceding interaction history. To examine whether
such resampling enables meaningful exploration
rather than repeating failed attempts, we analyze
Qwen3-8B on AIME24 using two metrics: (i) the
proportion of resampled calls that differ from the
orig inal erroneous calls (Differ Rate), and (ii) the
first-resample execution success rate (/st-Resample
Exec. Success Rate). As shown in Table 5, 99.5%
of the resampled tool calls differ from their original
erroneous calls, while 33.5% execute successfully
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Metric Method AIME24 AIME25 B-AIME
Qwen3 7.7 7.7 6.4
Mean +PRUNE 4.2 4.1 2.9
P95 Qwen3 50.0 50.0 50.0
+PRUNE 10.0 10.0 9.0
P99 Qwen3 50.0 50.0 50.0
+PRUNE 18.0 20.0 16.0
Qwen3 50.0 50.0 50.0
Max prune  50.0 50.0 50.0

Table 6: Worst-case statistics of the total number of tool
calls for Qwen3-8B. PRUNE denotes our PRUNETIR.

Dataset  Method NameError  SyntaxError
AME2 B oas o
AMES T 0as ooe
BAME U 0 013

Table 7: Number of reoccurrences of the same error
type after successful resolution for Qwen3-8B.

on the first attempt. These results show that, de-
spite conditioning on the same preceding interac-
tion history, stochastic decoding produces substan-
tial diversity, with a non-trivial fraction yielding
successful alternatives. This supports the role of re-
sampling in STPR in promoting exploration rather
than merely repeating failed attempts.

Analysis of Worst-Case Cost. We analyze the
worst-case cost of our method. Specifically, we
report the P95, P99, and maximum total number
of tool calls to characterize worst-case behavior.
As shown in Table 6, PRUNETIR reduces tail tool
usage, demonstrating improved efficiency, which
is important for real-world deployment. This im-
provement can be attributed to the fact that when
the model becomes stuck, encouraging exploration
is more effective than repeatedly exploiting failing
attempts. In such cases, the model may directly
copy previously generated erroneous tool calls.

Analysis of Error Recurrence. Since our method
prunes failed attempts, a potential concern is that
removing such negative evidence may encourage
the model to repeat previously made mistakes. To
investigate this risk, we analyze how often the same
type of error reoccurs after it has been successfully
resolved. Specifically, we compare the average
number of reoccurrences of the two most frequent

error types with and without PRUNETIR (see Ap-
pendix D.2 for the error analysis). As shown in Ta-
ble 7, PruneTIR reduces the recurrence frequency
of the same error type after it has been successfully
resolved. We believe this effect arises because, dur-
ing generation, the model can avoid repeating erro-
neous tool calls by attending to their successfully
resolved instances. In contrast, retaining interme-
diate failed attempts may introduce interference.

6 Related Work

6.1 LLM Reasoning

Large language models (LLMs) have demonstrated
remarkable performance across diverse tasks (Tou-
vron et al., 2023; Chiang et al., 2023; Gemini Team
et al., 2023; Yang et al., 2024). To enhance the
reasoning capabilities of LLMs, Wei et al. (2022)
propose Chain-of-Thought (CoT), which encour-
ages LLMs to carry out multi-step intermediate
reasoning before arriving at the final answer. Build-
ing upon this foundation, Jaech et al. (2024) intro-
duce long CoT, which enables LLMs to exhibit ad-
vanced cognitive behaviors such as reflection, veri-
fication, and multi-path exploration, thereby further
improving their reasoning ability. Advanced LLMs
such as OpenAl-ol (Jaech et al., 2024), DeepSeek-
R1 (Guo et al., 2025), K1.5 (Kimi Team et al.,
2025), and QwQ-32B (Qwen Team, 2025) success-
fully exemplify the effectiveness of long CoT. Com-
plementing CoT, the Program-of-Thought (PoT)
proposed by Chen et al. (2022) and Gao et al.
(2023) converts reasoning into code execution or
lightweight snippets, which improves performance.

6.2 Tool Integrated Reasoning

Tool-integrated reasoning (TIR) enhances LLM ca-
pabilities by enabling them to interact with external
tools during reasoning. Lin and Xu (2025) explain
why TIR is more effective than text-only reason-
ing. The code interpreter and the search engine are
representative external tools. By integrating them,
LLMs can perform precise mathematical computa-
tions and retrieve current information (Yao et al.,
2022; Liao et al., 2024; Song et al., 2025; Jin et al.,
2025). Recent studies have explored prompting (Li
et al., 2023; Qian et al., 2023), supervised fine-
tuning (SFT) (Gou et al., 2024; Li et al., 2024; Qian
et al., 2025; Li et al., 2025a; Chen et al., 2025c¢,a),
and reinforcement learning (RL) (Feng et al., 2025;
Xue et al., 2025; Mai et al., 2025; Li et al., 2025b;
Wang et al., 2025; Singh et al., 2025; Chen et al.,
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2025b; Bai et al., 2025) to equip LLMs with tool-
use capabilities. However, none of these works
explores how to further boost the reasoning ability
of already tool-capable LLMs at inference time.
Improving reasoning at inference time requires no
additional training and can help LLMs better lever-
age tools to solve problems. Despite Dong et al.
(2025) exploring inference-time optimization, their
method requires an extra LLM as a code debugger.
In contrast, our PRUNETIR is a lightweight frame-
work that requires no extra resources and can be
plugged into any tool-capable LLM without modi-
fying model parameters.

7 Conclusions

In this paper, we observe that during TIR, both the
number and the proportion of erroneous tool calls
are negatively correlated with the answer correct-
ness. Besides, erroneous tool calls are typically re-
solved successfully within a few subsequent turns.
If not, LLMs often struggle to resolve such errors,
even with many additional turns. Building on these
observations, we propose PRUNETIR, an effective
yet efficient framework that improves TIR at infer-
ence time. Our PRUNETIR mitigates the negative
impact of erroneous tool calls and prevents LLMs
from becoming stuck in unsuccessful resolution
attempts, thereby improving overall performance.
Extensive experimental results demonstrate the ef-
fectiveness of PRUNETIR. We aspire for our work
to contribute to the field of LLMs research.

Limitations

Despite the promising results, several limitations
need to be addressed to further enhance PRUNE-
TIR’s effectiveness and applicability. (i) Our exper-
iments primarily focus on the code interpreter (CI),
as it is relevant to many reasoning tasks. The appli-
cability of PRUNETIR to a wider variety of tools,
such as search engines, remains for future work.
Note that PRUNETIR is a tool-agnostic framework.
When integrated with a code interpreter (CI), erro-
neous tool calls can be identified through execution
error messages. Extending PRUNETIR to a broader
set of tools requires redefining what constitutes an
erroneous tool call. For example, for search en-
gines, retrieval results that are clearly irrelevant to
the query can be treated as erroneous tool calls. (ii)
Our evaluation focuses on mathematical reasoning
benchmarks. Its applicability beyond mathematical
reasoning remains to be explored. (iii) PRUNE-

TIR introduces two hyperparameters, namely the
Turn Limit and Retry Limit, which are manu-
ally specified in our experiments. Developing adap-
tive strategies could potentially boost performance.

Ethics Statement

In this work, we use publicly available benchmarks
and do not collect any personally identifiable in-
formation. All datasets and models are utilized in
full compliance with their intended purposes and
respective licenses. The primary goal of this work
is to enhance the reasoning ability of tool-capable
LLMs at inference time; we condemn any potential
misuse.
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A Algorithm Description

Algorithm 1 Processing r; with Coding-Intent
Shift Detection
Require: An error-resolution trace from turn & to
k*, {(ri,tci, tf;)}¥,, where k is the initial er-
roneous turn and k* is the turn where the error
is successfully resolved; A similarity threshold
0 for coding-intent shift detection.
Initialize:
T < Tk
Traverse error resolution segment:
fori =%+ 1tok* do
Extract code from consecutive turns:
code;_1 + extract_code(tc;—1)
code; < extract_code(tc;)
Compute code similarity (Alg. 2):
sim <— CodeSimilarity(code;_1, code;; o)
{See Alg. 2}
10:  Detect coding-intent shift:
11:  if sim < 6 then

D AR AN > e

12: {Coding-intent shift detected}

13: T, < T, ® r; {Concatenation operation }
14:  end if

15: end for

16: Construct the pruned trajectory:
17: Tpx < Tp—1 D (fk, tck*,tfk*)
18: return 7, Tix

B Additional Details
B.1 Details of Prompt

Upon generating an erroneous tool call, the LLM
attempts to resolve the error. If it fails to do so
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Algorithm 2 CODESIMILARITY Calculation

Require: Two code snippets code; and codes; A
weight a balancing code edit distance and key-
word overlap.

code; < remove_comments(code;)

codey <— remove_comments(codez)

Sedit < levenshtein_ratio(code;, codes)
K7 < extract_keywords(code;)

Ky < extract_keywords(codes)
|K1QK2|
Skeyword < max(1,| K1UK>3])

score <— o - Sedit + (1 — @) + Skeyword
return score

A A S o i e

within Turn Limit turns, the STPR component is
triggered to prune the entire error-resolution trace
and resample a new tool call conditioned on the
interaction history preceding the erroneous call. If
STPR is triggered a predefined number of times
consecutively, the LLM is instructed to suspend
tool usage and instead proceed with manual reason-
ing. This is implemented by appending a manual
reasoning prompt, as shown in 3.

Manual Reasoning Prompt

Okay, I think I need to temporarily stop trying to use the
code interpreter and just do the calculations manually.

Figure 3: Prompt template for manual reasoning.

B.2 Details of LLMs

To demonstrate the effectiveness of our proposed
PRUNETIR, we conduct extensive experiments on
three tool-capable LL.Ms, which can interact with
external tools (e.g., code interpreters) during rea-
soning. The details of selected tool-capable LLMs
are as follows:

* Qwen3 (Yang et al., 2025) is the latest gen-
eration of LLMs in the Qwen series, offering
a comprehensive suite of dense and mixture-
of-experts (MoE) models. Built upon exten-
sive training, Qwen3 delivers groundbreak-
ing advancements in reasoning, instruction-
following, agent capabilities, and multilingual
support. We selected Qwen3-8B and Qwen3-
14B in our experiments.

* ReTool (Feng et al., 2025) is a tool-augmented
reinforcement learning (RL) framework de-
signed to guide LLMs toward learning effec-
tive strategies for leveraging external computa-

tional tools during reasoning. In experiments,
we adopt ReTool-Qwen-32B, which is trained
based on the Qwen2.5-32B-Instruct (Yang
et al., 2024).

B.3 Details of Benchmarks

We evaluate our introduced PRUNETIR on three
challenging mathematical benchmarks: AIME24,
AIME25, and BeyondAIME (ByteDance-Seed,
2025). The details of those benchmarks are as
follows:

» AIME24 / AIME2S are constructed from the
2024 and 2025 American Invitational Math-
ematics Examination (AIME), respectively,
each consisting of 30 problems. AIME is a
prestigious high school mathematics compe-
tition featuring challenging, multi-step prob-
lems that require rigorous mathematical rea-
soning.

* BeyondAIME is a curated test set designed
to benchmark advanced mathematical reason-
ing, consisting of 100 problems. Its creation
was guided by the following core principles
to ensure a fair and challenging evaluation:
high difficulty,contamination-resistant, focus
on reasoning, robust problem design, and au-
tomated & accurate evaluation.

B.4 Details of PRUNETIR’s Error Handling
Mechanism

We provide further details on the error handling
mechanism in PRUNETIR to clarify its design
choices. In this work, we instantiate PRUNETIR
with a code interpreter (CI), where erroneous tool
calls are identified through explicit execution er-
rors. Such error signals are deterministic, online-
detectable, and unambiguous, making them suit-
able for an inference-time framework that does not
rely on external evaluators. Although this defini-
tion is simple, it leads to significant performance
improvements. We note that this definition does
not cover cases where the generated code executes
successfully but is logically incorrect. Detecting
such logical errors requires additional verification
mechanisms, which are orthogonal to our focus.
Once such a detector is available, PRUNETIR can
incorporate it in the same way.

Moreover, we further elaborate on the role of
the retry-triggered tool suspension (RTTS) mecha-
nism. The mechanisms in PRUNETIR are designed
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to work together, and RTTS serves as a conserva-
tive fallback safeguard rather than a replacement
for tool use. When sustained erroneous tool calls
are detected, for example when the execution en-
vironment temporarily cannot support tool calls,
RTTS allows the model to suspend tool use at the
current step and fall back to manual reasoning. Im-
portantly, RTTS does not permanently disable tool
usage. The model can still resume tool calling in
subsequent reasoning steps when appropriate. This
design enables PRUNETIR to handle transient tool
or environment failures while preserving the bene-
fits of tool-augmented reasoning.

C Evaluation of Intent-Shift Detection
Quality

To assess the reliability of the intent-shift method,
we analyze its detection quality. Specifically, we
manually construct 15 pairs of samples with consis-
tent intents and 15 pairs with inconsistent intents.
The labels are annotated independently by two an-
notators, with full agreement achieved. These an-
notated samples are then used to evaluate the detec-
tion performance of the intent-shift method.

Recall F1
0.80 0.83

Precision

0.86

Table 8: Performance of the intent-shift detection.

Method Pass@el TCN WTN
PRUNETIR (with ISD) 72.7 4.2 9.5K
with ISD + random flip 71.7 3.7 9.4K
without ISD 69.8 4.1 9.5K

Table 9: Performance comparison of PRUNETIR on
AIME24 (Qwen3-8B) across three variants: (1) with
intent-shift detection enabled, (2) with intent-shift de-
tection enabled and outputs randomly flipped with prob-
ability 0.1, and (3) without intent-shift detection. Here,
ISD denotes intent-shift detection.

As shown in Table 8, the intent-shift approach
achieves strong detection performance. Further-
more, we randomly flipped the intent-shift de-
tection results with a 0.1 probability. As illus-
trated in Table 9, the performance degradation is
marginal, demonstrating the robustness of our ap-
proach. Moreover, even without the intent-shift
detection, PRUNETIR still yields substantial perfor-
mance improvements. For example, on AIME24,
Qwen3-8B improves from 62.1 to 69.8, suggest-

ing that the framework remains effective while the
intent-shift detection provides additional benefits.

D Additional Analysis

D.1 Hyperparameter Analysis

We analyze how varying the Turn Limit and
Retry Limit affects the performance of PRUNE-
TIR. Turn Limit and Retry Limit respectively
determine when STPR and RTTS are invoked.
As shown in Figure 4, with one hyperparame-
ter fixed, Pass@1 improves initially and then de-
clines as the other grows. We believe this is be-
cause a larger Turn Limit gives the LLM more
chances to recover from an erroneous tool call,
thereby improving Pass@1. However, overly in-
creasing Turn Limit can degrade performance, as
Algorithm 1 may accumulate noisy information
that distracts reasoning. Meanwhile, increasing
Try Limit encourages broader exploration and
helps the LLM avoid becoming stuck, thereby im-
proving Pass@1. However, an excessively large
Try Limit may cause the LLM to consume many
iterative turns on hard instances while still failing
to resolve them, ultimately degrading performance.
Besides, increasing either hyperparameter consis-
tently leads to a higher number of tool calls and an
expanded working context length.

To further examine whether the fixed setting of
Turn Limit and Retry Limit is robust across dif-
ferent models and datasets, we conduct additional
hyperparameter analyses beyond the original set-
ting of Qwen3-8B on AIME24. Specifically, we
evaluate Qwen3-8B on AIME25 and Qwen3-14B
on AIME24. For each setting, we vary one hyper-
parameter while keeping the other fixed.

TL RL Pass@l TCN WTN
2 0 579 2.6 10.8K
2 2 60.9 4.1 10.9K
2 4 59.0 4.9 11.1K

Table 10: Hyperparameter analysis of PRUNETIR
on AIME25 with Qwen3-8B. TL and RL denote
Turn Limit and Retry Limit, respectively. We vary
Retry Limit while fixing Turn Limit = 2.

Setting both Turn Limit and Retry Limit to
2 yields the best Pass@1 across the models and
datasets. (as shown in Tables 10-13). This sug-
gests that the fixed hyperparameter setting used in
our main experiments is reasonably robust. More-
over, with the same fixed hyperparameters, PRUNE-
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Figure 4: Sensitivity analysis of Turn Limit and Retry Limit for Qwen3-8B on AIME24.

TL RL Pass@l TCN WTN
0 2 58.4 2.7 10.8K
2 2 60.9 4.1 10.9K
4 2 58.4 4.4 11.1K

Table 11: Hyperparameter analysis of PRUNETIR
on AIME25 with Qwen3-8B. TL and RL denote
Turn Limit and Retry Limit, respectively. We vary
Turn Limit while fixing Retry Limit = 2.

TL RL Pass@l TCN WTN
2 0 74.2 2.5 8.8K
2 2 76.0 3.7 8.8K
2 4 74.7 3.7 8.8K

Table 12: Hyperparameter analysis of PRUNETIR
on AIME24 with Qwen3-14B. TL and RL denote
Turn Limit and Retry Limit, respectively. We vary
Retry Limit while fixing Turn Limit = 2.

TIR consistently improves over the vanilla baseline
across all models and benchmarks, demonstrating
both effectiveness and simplicity. The additional

results also exhibit trends consistent with Figure 4.

D.2 Error Analysis

Other
0.28%

AttributeError
0.15%

SyntaxError
29.1%

TypeError
0.57%

IndexError
0.79%

Figure 5: Error type distribution.

TL RL Pass@l TCN WITN
0 2 73.1 2.0 8.8K
2 2 76.0 3.7 8.8K
4 2 74.7 35 8.9K

Table 13: Hyperparameter analysis of PRUNETIR
on AIME24 with Qwen3-14B. TL and RL denote
Turn Limit and Retry Limit, respectively. We vary
Turn Limit while fixing Retry Limit = 2.

Vanilla
s PruneTIR

o ®

Error turns
Sy

before successful resolve

N

o

NameError SyntaxError

Error type

Figure 6: Average number of error turns before success-
ful resolution for different error types, before and after
PRUNETIR.

Figure 5 shows the distribution of tool calling er-
ror types when Qwen3-8B performs tool-integrated
reasoning on AIME24. For the two most frequent
error types, namely NameError and SyntaxError,
we conduct further analysis. Specifically, we cal-
culate the average number of error turns before
successful resolution, both before and after apply-
ing PRUNETIR. As shown in Figure 6, the average
number of turns needed to resolve both types of er-
rors decreases substantially after applying PRUNE-
TIR, demonstrating its effectiveness.
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D.3 Effectiveness—Efficiency Trade-off
Analysis

We analyze the efficiency—effectiveness trade-off
of PRUNETIR. Besides final task performance, we
consider three inference-time cost metrics: the total
number of tool calls during reasoning (TCN), the
number of tokens retained in the working context
(WTN), and the total number of generated tokens
during reasoning (TN). TCN reflects the cost of tool
interaction, WTN characterizes the context burden
during long-horizon reasoning, and TN measures
the overall generation cost. These metrics allow us
to better understand how PRUNETIR improves rea-
soning performance and what additional inference
cost it may introduce.

Model Pass@l TCN WTN TN

Qwen3-8B 31.0 6.4 122K 122K
+PRUNETIR 354 2.9 10.8K 16.1K
Qwen3-14B 38.1 3.1 10.6K 10.6K
+PRUNETIR 41.0 2.6 10.1IK 122K
ReTool-32B 31.4 6.5 5.5K 5.5K
+PRUNETIR 32.6 7.3 4.3K 6.3K

Table 14: Efficiency—effectiveness trade-off on Be-
yondAIME. TCN denotes the total number of tool calls
during reasoning, WTN denotes the number of tokens
retained in the working context, and TN denotes the
total number of generated tokens during reasoning.

Table 14 shows that PRUNETIR consistently im-
proves Pass@1 while reducing the number of to-
kens retained in the working context (WTN). This
suggests that pruning erroneous tool interactions
effectively constrains context growth during rea-
soning. By carrying forward less irrelevant or mis-
leading interaction history, PRUNETIR alleviates
the long-horizon burden caused by accumulated
tool-use errors (Sun et al., 2025; Ye et al., 2025).
This reduction in working-context tokens is partic-
ularly beneficial for tasks involving long tool-use
trajectories.

In terms of tool interaction cost, PRUNETIR gen-
erally reduces the total number of tool calls (TCN).
This reduction mainly comes from the STPR and
RTTS components. STPR encourages the model
to explore alternative reasoning trajectories instead
of repeatedly exploiting a failing resolution path,
thereby reducing ineffective tool calls. RTTS fur-
ther serves as a fallback mechanism under sus-
tained tool-use failures, temporarily suspending
tool usage and allowing the model to continue with
manual reasoning.

The additional cost of PRUNETIR lies in the to-
tal number of generated tokens (TN), which can
increase after applying our method. This increase
is expected. First, STPR may require the model to
replan subsequent reasoning steps after resampling.
Second, when RTTS triggers manual reasoning,
the model may consume more tokens because man-
ual reasoning is typically less token-efficient than
programmatic reasoning, consistent with the find-
ings of Lin and Xu (2025). Therefore, PRUNETIR
trades a moderate increase in total generated tokens
for higher task performance, fewer ineffective tool
calls, and a smaller working context.

Given this trade-off, we further compare PRUNE-
TIR with Self-Consistency (Wang et al., 2023),
a competitive test-time scaling approach. Self-
Consistency improves performance by sampling
multiple reasoning paths and selecting the final
answer via majority voting, thereby naturally in-
creasing inference cost. Therefore, we compare the
two methods not only by final accuracy, but also by
their token consumption. This allows us to examine
whether PRUNETIR achieves a more cost-effective
performance gain, either by achieving better per-
formance with a comparable token budget or by
requiring fewer tokens to achieve comparable per-
formance.

To determine the token budget for comparison,
we first measure the average token consumption
per problem with and without PRUNETIR.

Dataset Vanilla PRUNETIR Ratio
AIME24 11.5K 16.9K 1.47
AIME25 12.8K 17.3K 1.36
B-AIME 12.2K 16.1K 1.32
Avg. 12.2K 16.8K 1.38

Table 15: Average token consumption per problem for
Qwen3-8B without (Vanilla) and with PRUNETIR. Ra-
tio denotes PRUNETIR / Vanilla.

As shown in Table 15, PRUNETIR consumes
16.8K tokens per problem on average, which is
about 1.38x the vanilla. Under a matched token
budget, Self-Consistency would use roughly two
sampled trajectories. However, majority voting
with an even number of samples can lead to ties.
Therefore, we set the number of Self-Consistency
samples to 3, which gives Self-Consistency a larger
inference budget than PRUNETIR. Specifically,
Self-Consistency consumes about 36.6K tokens
per problem on average, more than twice the token
consumption of PRUNETIR.
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Method #S Tok. A24 A25 BA

Self-Cons. 3 366K 733 567 350
PRUNETIR 1 168K 727 609 354

Table 16: Comparison between Self-Consistency and
PRUNETIR on Qwen3-8B. #S denotes the number of
sampled trajectories, Tok. denotes the average number
of generated tokens per problem, A24 denotes AIME24,
A25 denotes AIME2S5, and BA denotes BeyondAIME.

As shown in Table 16, PRUNETIR achieves com-
parable or better performance on two out of three
benchmarks, despite using substantially fewer to-
kens. Self-Consistency consumes 36.6K tokens
per problem on average, whereas PRUNETIR con-
sumes only 16.8K tokens, reducing token consump-
tion by more than half. This result shows that the
improvement of PRUNETIR does not come from
using a larger inference budget. Instead, PRUNE-
TIR improves tool-integrated reasoning by pruning
erroneous tool interactions and redirecting failed
reasoning trajectories. Compared with sampling-
based test-time scaling, PRUNETIR provides a
more favorable efficiency—effectiveness trade-off.

D.4 Stability Analysis

Since the evaluated datasets are relatively small,
stochastic variation can have a non-negligible im-
pact on the reported results. Specifically, AIME24
and AIME?25 each contain 30 problems. Follow-
ing prior work (Feng et al., 2025), we repeat each
evaluation 32 times to reduce randomness and ob-
tain a more stable estimate of Pass@1. In addition
to reporting the average performance, we further
report the variance across these repeated evalua-
tions to quantify the stability of PRUNETIR under
stochastic generation.

Model AIME24 AIME25 B-AIME
Qwen3-8B 0.1113 0.1167 0.0883
+PRUNETIR 0.0844 0.0965 0.0815

Table 17: Variance of Pass@1 across 32 repeated evalua-
tions using Qwen3-8B. B-AIME denotes BeyondAIME.

As shown in Table 17, PRUNETIR exhibits lower
variance than the vanilla baseline across all three
benchmarks. This suggests that PRUNETIR not
only improves average performance but also makes
tool-integrated reasoning more stable across re-
peated runs. We attribute this improvement in sta-
bility to the pruning and retry mechanisms, which
reduce the negative impact of erroneous tool inter-

actions and prevent failed trajectories from influ-
encing subsequent reasoning.

E Case Study

We conduct a case study on Qwen3-8B to exam-
ine how error accumulation in tool interactions
degrades the reasoning capability of LLMs. As
shown in Figure 7, after a sequence of erroneous
tool feedback, the LLM no longer engages in reflec-
tion, verification, or other reasoning behaviors. It
instead quickly concludes with an incorrect answer
of 16, whereas the correct answer is 385.

Moreover, we investigate the LLM’s stuck be-
havior. As illustrated in Figure 8, the LLM fails to
resolve an erroneous tool call and continues iter-
ating without making progress until it reaches the
maximum number of iterative turns.

F Applicability Beyond the Mathematics
Domain

To evaluate the generalization ability of our PRUNE-
TIR, we conduct experiments on domains beyond
mathematics. Specifically, we evaluate PRUNETIR
on the GPQA-diamond dataset. GPQA-diamond
is the highest-quality subset of GPQA (Rein et al.,
2024), consisting of 198 questions written by do-
main experts in biology, physics, and chemistry.
The benchmark is designed to be challenging even
for domain experts and advanced Al systems.

Model Pass@l TCN WTN
Qwen3-8B 47.1 4.3 6.6K
+PRUNETIR 50.0 2.2 5.3K

Table 18: Performance on GPQA-diamond.

As shown in Table 18, our PRUNETIR improves
the Pass@1 on GPQA-diamond while reducing
the number of tool calls and the token number
within the working context. This demonstrates
both the effectiveness and efficiency of our method.
Moreover, the results indicate strong generalization
beyond the mathematics, achieving robust perfor-
mance across biology, physics, and chemistry.

G Other Results

To further validate the effectiveness of PRUNETIR,
we compare it with additional inference-time and
heuristic baselines. These baselines are designed to
examine whether the improvement of PRUNETIR
comes from its specific pruning-resampling design.
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A Case from AIME24 Illustrating Degraded Reasoning in LLMs

Problem:
Define $f(x)=|| x|-\\tfrac{1} {2}|$ and $g(x)=|| x|-\\tfrac{1} {4}|$. Find the number of intersections of the graphs of \\[y=4 g(f(\\sin
(2 \\pi x))) \\quad\\text{ and }\\quad x=4 g(f(\\cos (3 \\pi y))).\\]

Solution:

Okay, let's try to solve this problem step by step using multiple python code calls. The problem is asking for the number of
intersections between two graphs defined by y=4g(f(sin(2nx))) and x=4g(f(cos(3my))).

First, I need to understand what these functions f and g do. Let me start by analyzing f(x) and g(x). The function f(x) is defined as
[[x| - 1/2|. So, taking absolute value of x first, then subtracting 1/2, and taking absolute value again.

Okay, I'm stuck with this syntax error.

Okay, I'm getting a new error: \"ValueError: The truth value of an array with more than one element is ambiguous. Use a.any() or
a.all()\". This usually happens when using np.sign on an array, which returns an array, and then comparing it with !=, which is
invalid. Let me check the code. ... Alternatively, perhaps the issue is that the function h(x) is not properly vectorized, and when
passed an array x_values, it returns an array, but the subsequent operations are causing issues.

Given the time I've spent and the recurring errors, I'll try to proceed with the assumption that the number of intersections is 16,
based on the symmetry and periodicity of the functions, but I'm not entirely sure. However, considering the complexity of the
problem and the time invested without successful execution, I'll conclude with the answer based on logical deduction rather
than code execution. The number of intersections of the graphs is $\\boxed {16} $.

-

Figure 7: A Case from AIME?24 Illustrating Degradation in LLMs’ Reasoning Ability.

A Case from AIME24 Demonstrating the Stuck Phenomenon in LLMs

Problem:

Torus $\\mathcal T$ is the surface produced by revolving a circle with radius $3$ around an axis in the plane a distance $63$ from
the center of the circle. When a sphere of radius $118 rests inside $\\mathcal T$, it is internally tangent to $\\mathcal T$ along a
circle with radius $r_{i}$, and when it rests outside $\\mathcal T$, it is externally tangent along a circle with radius $r_{o}$. The
difference $r_{i}-r_{o}=\\tfrac{m} {n}$, where $m$ and $n$ are relatively prime positive integers. Find $Sm+n$.

Solution:

Okay, let's try to solve this problem step by step using multiple python code calls. First, I need to understand the geometry of the
torus and the sphere. The torus is formed by rotating a circle of radius 3 around an axis that's 6 units away from the center of the
circle.

<tool_response>{\"files\": {}, \"run_result\": {\"stdout\": \"\", \"stderr\": \"NameError: name 'd" is not defined\", \"return_code\":
0, \"execution_time\": 0.0, \"status\": \"Finished\"}, \"message\": \"\", \"status\": \"Failed\"}</tool_response>
<tool_response>{\"files\": {}, \"run_result\": {\"stdout\": \"\", \"stderr\": \"NameError: name 'd" is not defined\", \"return_code\":
0, \"execution_time\": 0.0, \"status\": \"Finished\"}, \"message\": \"\", \"status\": \"Failed\"}</tool_response>

Until the maximum number of iterative turns is reached

Figure 8: A Case from AIME24 Demonstrating LLMs Getting Stuck.

Specifically, we consider three additional base-
lines: (1) Error-Count-Based Tool Suspension with-
out Pruning, which suspends tool usage after exe-
cution errors but retains the interaction history; (2)
Resampling without Pruning, which resamples af-
ter erroneous tool calls but does not remove failed
tool interactions from the context; and (3) Prompt-
Based Intervention with Pruning, which prompts
the model with “you seem stuck, try a different
approach” when repeated failures are detected.

As shown in Table 19, PRUNETIR consistently
outperforms these baselines. These results indicate

that the performance gains come from the coordi-
nated design of PRUNETIR, which combines prun-
ing, resampling, and temporary tool suspension to
mitigate the negative impact of erroneous tool calls.

H Automatic Pruning without Manual
Thresholds

PRUNETIR prunes the entire error-resolution trace
once the LLM successfully resolves an erroneous
tool call. If the LLM fails to do so within a pre-
defined Turn Limit, the error-resolution trace is
pruned, and a new tool call is resampled condi-
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Method A24 A25 BA
Vanilla 62.1 519 31.0
Tool Suspension w/o Pruning 65.8 56.8 33.6
Resampling w/o Pruning 65.0 56.1 333
Prompt Intervention w/ Pruning 699 593 344
PRUNETIR 727  60.9 354

Table 19: Accuracy comparison with additional base-
lines using Qwen3-8B. A24 denotes AIME24, A25 de-
notes AIME25, and BA denotes BeyondAIME.

tioned on the interaction history preceding the er-
roneous call. Furthermore, if the LLM continues
to fail over several consecutive retries up to a pre-
defined Retry Limit, it is required to temporar-
ily suspend tool usage and instead rely on man-
ual reasoning. As a result, PRUNETIR depends
on manually specified hyperparameters, namely
Turn Limit and Retry Limit.

To eliminate the need for manual threshold se-
lection, we explore an automatic pruning strategy
based on an external judge model, which shares the
same backbone as the reasoning LLM. Concretely,
when the reasoning LLLM generates a successful
tool call, the intermediate error-resolution trace is
automatically pruned. Otherwise, an external judge
model is invoked to assess whether the reasoning
LLM is likely to resolve the current error in subse-
quent turns. If the judge determines that the LLM
is unlikely to successfully resolve the error in sub-
sequent attempts (e.g., repeatedly making the same
mistake or misinterpreting tool feedback), the en-
tire error-resolution trace is pruned, and a new tool
call is resampled conditioned on the interaction his-
tory preceding the erroneous call. The prompt used
by the judge model is illustrated in Figure 9.

Dataset Method Pass@l TCN WTN
Vanilla 62.1 7.7 11.5K
AIME24 4\ to-Prune 695 48 95K
PRUNETIR 72.7 4.2 9.5K
Vanilla 519 7.7 12.8K
AIME2S ) to-Prune 570 55 108K
PRUNETIR 60.9 4.1 10.9K
Vanilla 31.0 6.4 12.2K
B-AIME Auto-Prune 34.5 3.2 10.7K
PRUNETIR 354 2.9 10.8K

Table 20: Performance comparison on Qwen3-8B
among the vanilla reasoning (Vanilla), automatic prun-
ing without manual thresholds (Auto-Prune), and our
proposed PRUNETIR.

Table 20 shows the results of the automatic prun-

ing against the vanilla reasoning and our introduced
PRUNETIR. As shown, Auto-Prune consistently
improves overall performance across benchmarks,
increasing Pass@ 1 while reducing the number of
tool calls and the token count within the work-
ing context (TCN/WTN). These results highlight
the effectiveness of automatic pruning. However,
compared with PRUNETIR, Auto-Prune achieves
a lower Pass@1 while requiring more tool calls in
total. We believe this is because the external judge
model is slightly conservative in assessing whether
the LLM can resolve an erroneous tool call in subse-
quent turns; i.e., it tends to determine that the LLM
can’t fix the error in subsequent attempts. Conse-
quently, Auto-Prune increases the number of tool
calls while failing to exploit the error-resolution
trace, making the LLM harder to reach a successful
resolution and ultimately degrading performance.

I Future Work

Our PRUNETIR can also be viewed as a more ef-
fective approach for trajectory collection. By prun-
ing low-quality tool-interaction traces, PRUNETIR
produces cleaner, more informative reasoning tra-
jectories that can be further leveraged to train the
model itself. We conduct preliminary experiments
on Qwen3-8B to validate this perspective.

Following Li et al. (2025a), our training data
are drawn from prior AIME problems' (before
2024) and the MATH (Hendrycks et al., 2021)
dataset. Before trajectory collection, we perform
dataset decontamination on the training set to min-
imize potential test data leakage risks. Then, for
each problem in the training set, we collect 5 tool-
interaction trajectories generated by Qwen3-8B in-
tegrated with PRUNETIR. We subsequently filter
out trajectories with incorrect final answers, trajec-
tories where PRUNETIR does not take effect, and
trajectories that contain anomalous patterns. After
filtering, we retain 1K trajectories for self-training
via supervised fine-tuning (SFT).

As shown in Table 21, self-training substantially
improves the LLM’s Pass@1, while reducing the
number of tool calls (TCN) and the token num-
ber within the working context (WTN). These re-
sults suggest that PRUNETIR is a more effective
approach for trajectory collection: a small set of
self-collected, high-quality trajectories is sufficient
for self-training, which helps correct suboptimal

1https://huggingface.co/datasets/gneubig/
aime-1983-2024
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Judgment Prompt

You are an advanced reasoning assistant. Below is a multi-turn dialogue history (‘'msgs"), alternating between tool
messages (‘tool msg’) and assistant messages (“assistant msg").

- Every **tool message** is **tool feedback**.

- Every **assistant message** contains **reasoning content** and a **tool call**.

Your task is to **evaluate, based solely on the provided dialogue history, whether the assistant demonstrates
sufficient understanding, error analysis capability, and adaptability to successfully resolve the erroneous tool call in
subsequent interactions**.

Respond with **only one of the following two answers**:

- "YES': if the assistant has correctly identified the root cause of the error and is making coherent, effective
adjustments (e.g., fixing parameters or revising logic) that indicate a clear path toward resolution.

- 'NO': if the assistant repeatedly makes the same mistake, misinterprets the feedback, shows confused reasoning, or
fails to demonstrate corrective behavior.

**Important**: Do **not** assume future improvement or guess beyond what is explicitly shown in the dialogue
history. Base your judgment strictly on observed behavior.

**Dialogue History (‘msgs"):**

{msgs}

**Judgment: **

- 2

Figure 9: Prompt template for judgment.

Dataset  Setting Pass@l TCN WTN
Vanilla 62.1 7.7 11.5K

AIME24 o7 684 26 95K
Vanilla 519 7.7 128K
AIME25 o7 559 27 109K
Vanilla 310 64 122K
B-AIME o7 355 23 104K

Table 21: Results on three datasets comparing Qwen3-
8B before and after self-training. ST denotes self-
training. All results are averaged over 32 runs.

tool-calling behaviors and thereby improves overall
performance.

The self-trained LLM can repeat the same pro-
cedure iteratively, enabling self-evolution of tool-
use capabilities. In addition, higher-quality, less
noisy trajectories collected from teacher models
may serve as better supervision signals to distill the
tool-integrated reasoning capability into student
models, ultimately further enhancing their perfor-
mance. We leave these for future work.

J Use Of AI Assistants

Al assistants were used under the author’s supervi-
sion, solely for language polishing. They were not
used to generate research ideas, design experiments,
make scientific decisions, or formulate technical
claims, results, or conclusions. The authors take
full responsibility for all technical content, results,
conclusions, and the correctness of the paper.
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