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Abstract

Tool-augmented Language Models (TaLMs)
can invoke external tools to solve problems
beyond their parametric capacity. However,
it remains unclear whether these tool-enabled
gains reflect trustworthy reasoning. Focusing
on the Code Interpreter tool, we show that even
when tools are selected and executed correctly,
TaLMs treat tool outputs as substitutes for rea-
soning, producing solutions that appear correct
but lack coherent justification. We term this fail-
ure mode Tool-Induced Myopia (TIM), and
study it using PYMATH, a benchmark of 1,679
competition-level mathematical problems for
which Python code is helpful but not sufficient.
We further develop a multi-dimensional eval-
uation suite to quantify reasoning degradation
in TaLMs relative to their non-tool counter-
parts. Our findings reveal that while TaLMs
achieve up to a 19.3 percentage point gain in
final-answer accuracy, their reasoning behav-
ior consistently deteriorates (e.g., non-tool lan-
guage models win up to 41.5% more often in
pairwise comparisons of reasoning processes).
This degradation intensifies with tool use; the
more frequently a model invokes tools, the
less coherent its reasoning becomes. More-
over, tool use shifts errors from arithmetic mis-
takes toward global reasoning failures (logic,
assumption, creativity). Finally, we propose a
preference-optimization-based framework that
realigns TaLMs to use tool outputs as assistive
evidence, improving both final-answer accu-
racy and the reasoning depth under tool use.1

1 Introduction

Large Language Models (LLMs) have grown in-
creasingly capable, yet relying solely on their para-
metric knowledge introduces key limitations, in-
cluding the inability to access real-time or domain-
specific information (Yu and Ji, 2024; Wang et al.,
2025), perform precise computations (Lu et al.,

1Code and data are available at: https://github.com/
megagonlabs/TIM.

2023b), or fully comprehend user intentions (Qian
et al., 2024). To address these shortcomings, Tool-
augmented Reasoning (TIR) (Schick et al., 2023;
Gou et al., 2024) has emerged as a promising
paradigm. It enables LLMs to integrate natural
language reasoning with external tools. Frontier
LLMs (OpenAI, 2025b; GoogleAI, 2025c; An-
thropic, 2025a) now offer native, sandboxed ex-
ecution for select tools, choosing when to call, exe-
cuting, and integrating results.

While tool calling significantly extends LLMs’
utility in computation, retrieval, and procedural
tasks, it also introduces new sources of failures.
The most fundamental errors arise from tool hal-
lucinations, where models either select inappro-
priate tools or misuse them, leading to incorrect
or irrelevant outputs (Patil et al., 2025; Xu et al.,
2025). However, even with correct tool selection
and successful execution, LLMs can still generate
non-factual outputs or flawed reasoning. Prior work
ties factual errors to conflicts between parametric
and retrieved knowledge (Sun et al., 2025) as well
as to the propagation of errors from retrieved con-
tent (Magesh et al., 2024). Additional studies show
that LLMs’ unrestricted access to external tools
can induce tool overuse (Qian et al., 2025), which
confuses the model and harms performance. It
also encourages cognitive offloading (Wang et al.,
2025), which limits the model’s use of its internal
reasoning capabilities. Despite these observations,
it remains unclear whether tool-augmented reason-
ing is hallucination-free even when other failure
modes are controlled.

In this work, we focus exclusively on the Code
Interpreter tool for mathematical problem solving
to ensure strictly controlled tool use, with correct
invocation and error-free execution. Our design
avoids confounds introduced by multi-tool settings,
such as API failures, interface mismatches, re-
trieval drift, or external data quality issues (Zhong
et al., 2025; Faghih et al., 2025; Maekawa et al.,
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	given 𝒂, 𝒃, 𝒄, 𝒅	are non-negative and 𝒂 + 𝒃 + 𝒄 + 𝒅	 = 	𝟒.

Step 1. An interior critical point. By symmetry and by the method of Lagrange multipliers one finds the only 
symmetric critical point is a = b = c = d = 1, at which…
Step 2. Checking the boundary. On boundary at least one variable is zero… hence smallest boundary value is 𝟐

𝟑
... By cyclic symmetry, this minimum is when exactly two consecutive variables are 0 and the other two are 2.

Here are a few observations:
Observation 1. If exactly one of the variables is nonzero, then: 𝑆 = 	4× )

*!#$
= 1.

Observation 2. If all four variables are equal, then: S = 	4× )
)!#$

= 0.8.

Observation 3. [Tool Call 1] A straightforward numerical check shows minimum occurs at 𝑎 = 2, which gives +
,

.
Observation 4. [Tool Call 2] Checking other patterns (3 nonzeros, random sampling) never yields a smaller 
value than +

,
. Thus, the global minimum is 𝟐

𝟑
.
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Figure 1: Comparison of Base LLM and Tool-augmented LLM (TaLM) reasoning. The Base LLM (top) derives the
solution through step-by-step mathematical reasoning, while the TaLM (bottom) relies on empirical checks and
multiple tool calls to search for the minimum, a failure mode characteristic of Tool-Induced Myopia (TIM).

2025; Han et al., 2025), thereby enabling a con-
trolled investigation. Despite these idealized con-
ditions, we identify a new class of hallucinations,
which we term Tool-Induced Myopia (TIM): a
failure mode where access to an external tool (e.g.,
a Code Interpreter) causes the model to narrow its
reasoning to what the tool can compute, rather than
leveraging its full internal reasoning capabilities.
TIM erodes user trust, as correct final answers can
conceal flawed, tool-dependent reasoning.

Figure 1 illustrates this behavior: with Code In-
terpreter access (TaLM response), the model repeat-
edly performs empirical checks instead of produc-
ing the required reasoning steps generated by the
same model without tools (Base-LLM response).
Although the tool is correctly invoked and returns
valid outputs, the model’s reasoning depth is re-
duced. Importantly, existing evaluation approaches
fail to capture this failure mode. Final-answer ac-
curacy cannot detect it, since both responses are
correct, and step-level logical-consistency metrics
(Lightman et al., 2023; Zheng et al., 2025; Xia
et al., 2025; Liu and Fang, 2025) also fail because
the reasoning remains superficially coherent de-
spite skipping essential logical steps. As a result,
exposing TIM requires richer, multi-dimensional
evaluation of how models reason under tool use.

To investigate TIM, we introduce PYMATH, a
dataset comprising 1,679 competition-level mathe-
matical problems collected from multiple sources
and curated to elicit, measure, and mitigate TIM
under Code Interpreter access. We specifically tar-
get problems for which code-based computation is
helpful but not sufficient for a complete solution
(details in Section 3.1). We then quantify reasoning
degradation in TaLMs compared to their Base (non-

tool) counterparts using a comprehensive suite of
reference-free and reference-based metrics (Sec-
tion 3.2). Our results show that, even when TaLMs
produce correct final answers (up to a 19.3 percent-
age point in final performance gains), they often
overrely on tool outputs and produce shallower
reasoning traces than non-tool models. This degra-
dation intensifies with tool use: as models invoke
tools more frequently, their reasoning becomes less
coherent. The associated errors also shift from
arithmetic mistakes to global reasoning failures in-
volving logic, assumption, and creativity. Finally,
our manual audit finds evidence of TIM in ~55%
of high-risk model-generated solutions.

To mitigate this issue, we propose two comple-
mentary strategies: (1) a prompting intervention
that encourages models to treat tools as reasoning
aids, and (2) a DPO-based (Rafailov et al., 2023)
preference-optimization that aligns TaLMs to inte-
grate the Code Interpreter as an assistant that sup-
ports, rather than replaces, mathematical reasoning.
On the evaluation split of PYMATH, the fine-tuned
TaLM demonstrates improved reasoning behavior
and surpasses both the vanilla TaLM (+0.6%) and
the Base LLM (+3.0%) in final-answer accuracy.
In summary, our key contributions are:

• Tool-Induced Myopia: We identify TIM, a
new class of TaLM hallucinations where tool
access reduces reasoning depth even under
idealized tool-use conditions.

• Benchmark and Evaluation: We introduce
PYMATH, a competition-level math bench-
mark with open-ended solutions, along with
a multi-dimensional evaluation suite that re-
veals when and why TIM emerges and guides
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safer tool integration.

• Mitigation: We propose a training-free
prompting method and a preference-
optimization fine-tuning approach that reduce
TIM and improve reasoning depth in TaLMs.

2 Tool-induced Myopia

We define Tool-Induced Myopia (TIM) as a type
of hallucination that arises in a controlled tool-use
setting where the task requires substantial reason-
ing beyond what the tool alone can provide. In par-
ticular, we study competition-style mathematical
problem solving with access to a Code Interpreter
under two assumptions: (i) tool invocation is cor-
rect, and (ii) execution is error-free. In practice, it
substitutes enumeration for proof, skips necessary
derivations, mistakes empirical checks for univer-
sal guarantees (e.g., brute-force search), and may
prematurely stop once code returns a plausible out-
put. Note that using code solely for precise com-
putation (e.g., evaluating a determinant or numeri-
cally finding a root), while also providing the nec-
essary derivations, is not considered TIM. Figure
1 illustrates TIM: the Base-LLM solves the prob-
lem through step-by-step mathematical reasoning,
whereas the TaLM shifts to an exploration-based
approach, using empirical observations from inter-
nal computation and Code Interpreter to reach the
correct answer through numerical search. TIM de-
grades reasoning by overrelying on tool outputs in
place of the reasoning needed to justify the full so-
lution. Notably, the TaLM in Figure 1 still produces
the correct final answer via a logically coherent yet
incomplete sequence of steps. To expose TIM, we
next introduce an evaluation benchmark and a suite
of targeted metrics.

3 Evaluating TIM in Language Models

3.1 PYMATH

We focus on the domain of mathematical prob-
lem solving, where reasoning and computation are
tightly coupled, and evaluate LLMs under two
settings: with and without access to a Python
Code Interpreter. We collect English, text-only
competition-level math problems from multiple
sources, summarized in Table 1. To mitigate
data contamination, we restrict AIME (AIM, 2024-
2025) to 2024–2025 problems. From Omni-Math
(Gao et al., 2024), which provides difficulty ratings
(1-10 scale), we retain only problems with diffi-

Source Total U but not S Eval (%)

AIME∗ 60 13 23.1
OlympiadBench 674 171 52.0
OlympicArena 169 47 12.8
Omni-Math 2569 1448 62.3
PYMATH - 1679 59.5

Table 1: Sources and statistics of competition-level math
problems included in the PYMATH benchmark (contain-
ing problems where Python is Useful but not Sufficient).
∗Only AIME 2024–2025 problems are included.

culty ≥ 5, as frontier LLMs have already saturated
performance on easier problems (OpenAI, 2025a;
Anthropic, 2025b). Finally, we use the full set of
problems from OlympiadBench (He et al., 2024)
and OlympicArena (Huang et al., 2024).

To elicit TIM in TaLMs more effectively, we
target problems for which Python code is help-
ful but not sufficient. This setting creates a natu-
ral opportunity for tool use, while still requiring
reasoning over tool outputs to derive a solution.
To identify such cases, we adopt an LLM-as-a-
judge protocol (Gu et al., 2025) to assess each
problem along two dimensions: (1) Python Use-
fulness: whether Python code helps solve the prob-
lem; and (2) Python Sufficiency: whether Python
code alone, without additional LLM reasoning, is
sufficient to fully solve the problem. Appendix A.1
provides the filtering prompt and a manual valida-
tion of the judge.

Table 1 summarizes the resulting statistics
by source. Our final dataset comprises 1,679
competition-level problems with step-by-step refer-
ence solutions: 1,000 problems (~60%, distributed
across sources and problem difficulties) for evalua-
tion, and the rest for TaLM training (10% develop-
ment, 90% DPO fine-tuning; see Section 6).

3.2 Evaluation Suite

Evaluating LLMs’ mathematical reasoning has
traditionally relied on outcome-based evaluation,
most predominantly final-answer accuracy (Liu
et al., 2025a; Ahn et al., 2024). However, recent
studies (Mondorf and Plank, 2024; Yee et al., 2024)
have shown that LLMs can reach a correct final
answer despite flawed reasoning. This gap has
motivated a shift toward process-based evaluation,
which assesses LLMs’ reasoning behavior rather
than their task performance.

Process-based approaches span two major fam-
ilies. Reference-free methods do not rely on gold
reasoning traces and instead assess reasoning be-
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havior via mechanisms such as self-consistency
(Liu and Fang, 2025), or pairwise comparison (e.g.,
win rate (Chen et al., 2025; Qin et al., 2024b)). In
contrast, reference-dependent approaches evaluate
reasoning against a gold step-by-step solution, en-
abling fine-grained detection of invalid, missing,
or inconsistent steps (Yan et al., 2025; Chernyshev
et al., 2025). A recent line of work extends this
idea via process reward models (PRMs) to score
partial solutions step by step, providing a learned
measure of reasoning soundness without requiring
gold supervision (Lightman et al., 2023; Zheng
et al., 2025; Li et al., 2025).

As illustrated in Figure 1, neither final-answer
accuracy nor unidimensional process-based metrics
(e.g., PRM scores alone) are sufficient to expose
TIM in TaLMs: the model may output the correct
answer and generate seemingly coherent reason-
ing steps while still exhibiting degraded reasoning
under tool use. This motivates the need for a multi-
dimensional evaluation suite that jointly captures:
(i) task outcome, (ii) counterfactual impact of tool
use, (iii) divergence from ground truth reasoning
traces, and (iv) step-level logical consistency. Next,
we introduce these four evaluation dimensions and
clarify why each one is necessary, yet insufficient
on its own, for diagnosing TIM.

Final-Answer Accuracy: We first measure final-
answer accuracy as the standard measure of task
success. Although this metric cannot reveal
whether a TaLM solved the problem through math-
ematical reasoning or tool-driven shortcuts, it con-
firms that TIM failure affects reasoning, not task
performance. For all subsequent metrics which tar-
get reasoning behavior, we evaluate models only
on problems with correct final answer to isolate the
effect of tool use on how the model reasons, rather
than whether it succeeds.

Win Rate: To assess whether tool use meaning-
fully affects reasoning behavior, we compare so-
lutions from a TaLM to those of the correspond-
ing Base (non-tool) LLM. Following prior work
showing that LLMs can reliably approximate hu-
man preferences (Zheng et al., 2023; Chen et al.,
2025), we use an LLM judge with a rubric adapted
from Petrov et al. (2025) covering four error types:
(1) logic errors (logical fallacies or unjustified
leaps), (2) assumption errors (unsupported or incor-
rect assumptions), (3) creativity errors (invalid so-
lution strategies), and (4) algebra/arithmetic errors
(critical symbolic or numeric mistakes). To avoid

order bias, we randomize the presentation order of
TaLM and Base-LLM solutions (Shi et al., 2025).
The judge then selects the solution with fewer er-
rors as the winner (prompt in Appendix A.2).

Win Rate measures the proportion of compar-
isons in which the TaLM solution is preferred
(and vice versa). A lower Win Rate indicates
tool access harms the LLM’s reasoning behavior.
This comparison-based setup reduces single-judge
bias (Liu et al., 2025b; Fatahi Bayat et al., 2025)
and captures the counterfactual effect of tool use.

Miss Rate: Inspired by recall-based measures in
long-form factuality evaluation (Wei et al., 2024;
Liu et al., 2025b), we define Miss Rate as the pro-
portion of reasoning steps in the ground-truth so-
lution that are absent from the model-generated
solution, i.e., |missing steps|

|gold steps| . A high Miss Rate indi-
cates that the model abandoned a valid derivation,
skipped necessary steps, or replaced reasoning with
trial-and-error code execution. Unlike final-answer
accuracy, Miss Rate detects invalid reasoning paths
even when the model reaches the correct solution.
However, this metric may over-penalize a solution
when the reference solution(s) do not cover all valid
reasoning paths (prompt in Appendix A.3).

PRM Accuracy: Finally, we evaluate step-
level reasoning behavior using a Process Re-
ward Model, specifically QWEN2.5-MATH-7B-
PRM800K (Zheng et al., 2025), trained on ∼800K
annotated mathematical steps. We aggregate step-
level scores to obtain an overall correctness score
for each solution. However, while PRMs evaluate
step correctness, they may fail to detect reasoning
shortcuts where code outputs replace derivations,
as they lack a holistic view of the solution. In our
analysis, we use PRM scores primarily to compare
Base-LLM and TaLM solutions, and Appendix A.4
shows that this comparative signal remains stable
under moderate perturbations.

These four metrics jointly provide minimal yet
complete coverage of TIM: Final-answer accuracy
captures outcomes; Win Rate isolates the tool’s
counterfactual impact on reasoning behavior; Miss
Rate quantifies divergence from valid reference rea-
soning; and a PRM assesses step-level soundness
without relying on the ground truth. This set is suf-
ficient because TIM exhibits a clear and convergent
pattern: final-answer accuracy stays the same or
improves in TaLMs, while Win Rate declines, Miss
Rate increases, and PRM accuracy drops. This
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suite both distinguishes TIM from alternative ex-
planations (e.g., general model weakness or gen-
uinely helpful tool use) and is falsifiable: when
tools are removed, the pattern recedes, and when
tool reliance is increased, it strengthens. Together,
these properties can establish both the existence
and mechanism of Tool-Induced Myopia.

4 Experimental Setup

Large Language Models: We evaluate frontier
proprietary language models equipped with in-
house Code Interpreters. These models can au-
tonomously decide when to invoke tools, allow-
ing us to study tool-augmented reasoning without
modifying or intervening in their internal execu-
tion pipeline. We benchmark seven models across
three families: (1) OpenAI GPT-4.1-mini and GPT-
4.1 (non-thinking LLMs; OpenAI, 2025c), and
o4-mini (OpenAI, 2025d) and GPT-5 (OpenAI,
2025a) (thinking LLMs), (2) Gemini-2.0-Flash
(non-thinking; GoogleAI, 2025a) and Gemini-2.5-
Flash (thinking; GoogleAI, 2025b), (3) Claude-
Opus-4 (thinking; Anthropic, 2025b).
Evaluation Benchmark: We use the evaluation
split of PYMATH as our benchmark dataset and
apply our four-dimensional evaluation suite to mea-
sure reasoning and tool-use behavior. We use GPT-
5 as the judge for all LLM-as-a-judge evaluations.

5 Results and Analyses

In this section, we first evaluate Base-LLMs and
their tool-augmented counterparts (TaLMs) using
our four-dimensional evaluation suite (Section 5.1).
We then examine how the severity of TIM varies
with the number of tool calls (Section 5.2) and an-
alyze whether the complexity of TaLM-generated
code correlates with reasoning hallucinations (Ap-
pendix A.5). Next, we apply the error taxonomy
from Section 3.2 to characterize error types intro-
duced by tool access (Section 5.3), and analyze tool
invocation frequency given that PYMATH encour-
ages, but does not guarantee, tool use (Section 5.4).
Finally, Section 5.5 presents a qualitative analysis
confirming that solutions flagged as high risk by
our metrics indeed exhibit TIM behavior.

5.1 Base-LLMs Show Stronger Reasoning
Despite Lower Accuracy

Our benchmarking results on the evaluation set of
PYMATH are presented in Table 2. We report Final-
answer Accuracy, Miss Rate, Win Rate, and PRM

Accuracy across the Base and TaLM variants of
seven LLMs. The results reveal a consistent pattern
characteristic of TIM: although TaLMs achieve
higher Final-answer Accuracy, Base-LLMs ex-
hibit stronger mathematical reasoning, reflected
in lower Miss Rates, higher Win Rates, and higher
PRM Accuracy on average. Prior work has shown
that LLMs can produce the correct final answer de-
spite flawed or incomplete reasoning (Mondorf and
Plank, 2024). Our findings demonstrate that access
to external tools often amplifies this discrepancy.

Interestingly, the highest PRM scores are
achieved by non-thinking GPT-4.1 models com-
pared to their stronger “thinking” variants. This is
inline with recent findings that step-level reward
models struggle to reliably assess long and com-
plex reasoning chains, often conflating fluency with
correctness, becoming miscalibrated on stronger
models, and generalizing poorly to the longer, self-
correcting traces produced by advanced reasoning
models (Bamba et al., 2025; Lee et al., 2025).

Finally, we posit that the reasoning gap between
Base-LLM and TaLM appears moderate in aggre-
gate because TIM is partially masked by three
factors: (1) our filtering for TIM-prone problems,
while targeted, is not perfect; (2) existing metrics
have limited sensitivity to TIM hallucinations; and
(3) tool use yields only modest accuracy gains for
most LLMs. For subsequent analyses, we focus
only on solutions with correct final answers.

5.2 Base-TaLM Reasoning Gap Widens with
Number of Tool Calls

We examine how reasoning behavior varies with
tool-call frequency, a key factor underlying TIM:
as tool reliance grows, models increasingly substi-
tute computation for reasoning. We test whether
higher number of calls amplify the Base–TaLM gap
when final answers are correct. We group problems
into bins based on the number of tool calls in their
TaLM-generated solutions: {0–3, 4–7, 8–11, 12+}.
Figure 2 shows three consistent trends across most
models. First, the Base model’s Win Rate against
the TaLM increases with tool-call frequency, indi-
cating degraded reasoning under heavier tool re-
liance. Second, the Miss Rate generally rises with
increased tool calls, reflecting greater divergence
from reference reasoning. Third, PRM Accuracy
typically declines as tool calls increase, suggesting
that longer, tool-heavy trajectories accumulate step-
level errors. Occasional reversals in the 12+ bin
are due to limited sample sizes. We further verify

42155



Model Variant Final Acc. (↑) Miss Rate (↓) Win Rate (↑) PRM Acc. (↑)

GPT-4.1-mini Base 30.0 45.7 58.6 93.0
TaLM 28.7 49.9 41.4 88.9

GPT-4.1 Base 24.6 48.1 54.4 88.6
TaLM 27.0 49.9 45.6 85.9

o4-mini Base 45.1 45.5 49.0 73.6
TaLM 64.4 47.6 50.9 67.9

GPT-5-Thinking Base 67.5 38.8 56.0 57.5
TaLM 71.9 43.8 44.0 50.2

Gemini-2.0-Flash Base 24.3 54.2 52.7 65.0
TaLM 25.1 56.6 47.3 68.5

Gemini-2.5-Flash Base 45.4 40.2 54.6 81.5
TaLM 45.7 40.9 45.4 78.8

Claude-Opus-4 Base 28.0 50.9 41.3 77.9
TaLM 40.5 52.8 58.6 57.8

Average Base 37.8 46.2 52.4 76.7
TaLM 43.3 48.8 47.6 71.1

Table 2: Performance of Base-LLMs and TaLMs across four evaluation metrics. Best score in each column is
highlighted in green . On average, TaLMs achieve higher Final-answer Accuracy (Final Acc.), yet Base-LLMs
exhibit greater reasoning depth, confirming the presence of TIM.
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Figure 2: Impact of tool-call frequency on TaLM reasoning. Across tool-call bins (0–3 to 12+), higher tool-call
frequency is associated with (a) increased Base-over-TaLM Win Rate, (b) higher Miss Rate, and (c) lower PRM
Accuracy, indicating a widening reasoning gap as reliance on tools grows.

that this effect is not explained by the syntactic or
structural complexity of generated code; detailed
analysis shows no correlation between code com-
plexity and TIM severity (Appendix A.5).

5.3 Tool Use Induces Global Reasoning Errors

In this section, we analyze how reasoning error
types shift under tool use by comparing TaLM so-
lutions with those of Base-LLMs. Using the error
taxonomy adapted from Petrov et al. (2025), we
prompt our LLM judge (GPT-5) to rate each error
type on a 1–5 scale, or output None if no error is
detected (prompt in Appendix A.6).

Across models, tool use induces a consistent
shift in error patterns (Figure 3). Logic, assump-
tion, and creativity errors increase in nearly all
cases, indicating more unjustified inferences and
reasoning shortcuts under tool reliance. In contrast,

Logic AssumptionCreativity Algebra None
Error Type

GPT-4.1-mini

GPT-4.1

o4-mini

GPT-5

Gemini-2.0-Flash

Gemini-2.5-Flash

Claude-opus-4

3.0 -0.8 2.5 2.6 -2.0

5.0 5.8 -0.2 -5.3 -2.1

6.1 3.8 0.3 0.9 -5.5

4.6 2.4 0.9 -1.5 -4.7

1.2 2.6 -5.0 -3.3 0.6

0.1 4.1 1.3 0.4 0.2

1.9 5.8 -9.0 -10.3 -0.9 10.0

7.5

5.0

2.5

0.0

2.5

5.0

 E
rro

r R
at

e 
(Ta

LM
 

 B
as

e)

Figure 3: Change in reasoning error rates after tool use
(∆ = TaLM − Base). Positive values indicate higher
error frequency with Code Interpreter access.

algebraic and arithmetic errors decrease as compu-
tation is delegated to the Code Interpreter, while
the rate of error-free solutions also drops. These
results show that TIM is not merely about missing
steps, but reflects a fundamental change in how
models reason under tool use.
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Figure 4: Tool use rate across TaLMs. Thinking TaLMs
(GPT-5, o4-mini, Gemini-2.5-Flash) invoke code on
~50% more problems than non-thinking models.

5.4 Thinking Models Use Code More Often

Having shown that more tool calls intensify TIM,
we now quantify how often each model invokes
the Code Interpreter tool on math problems, pro-
viding a “dose” measure of TIM risk. We inves-
tigate tool use rates across TaLMs on PYMATH,
which was curated to encourage code use. Figure 4
shows the percentage of problems on which each
TaLM invoked the Code Interpreter tool. Thinking
models exhibit substantially higher tool usage than
non-thinking models: Claude-opus-4 achieves the
highest rate at 99.8%, followed by GPT-5 at 73.7%,
while non-thinking models show more modest us-
age. On average, thinking models invoke code
on 49.7% more problems. Given the established
relationship between tool-call frequency and TIM
severity (Section 5.2), this heavier reliance suggests
that thinking models face higher TIM risk.

5.5 TIM in Over Half of High-Risk Solutions

We conduct a targeted manual evaluation to validate
TIM qualitatively and identify recurring linguistic
cues that precede it. We focus on high-risk TaLM
solutions that satisfy three criteria: (1) a correct
final answer, (2) Base-LLM solution is preferred
over the TaLM solution in Win Rate judgment, and
(3) PRM flags errors in the TaLM’s reasoning trace.
From this filtered set, we select the top 10 sam-
ples per model ranked by Miss Rate to assess TIM
presence and characteristic precursor phrases.

Across models, TIM appears in 54.3% of high-
risk cases, demonstrating strong alignment be-
tween our automated metrics. Incidence is higher
for models with greater tool use (Figure 4), such as
Claude-Opus-4 and o4-mini, and lower for Gemini
models. Less capable models often display ex-
plicit precursor cues (e.g., “one numerically finds,”
“systematic checks show,” or “let’s verify program-
matically.”), whereas stronger models like GPT-

5 silently substitute code outputs for derivations
(more details and a list of precursor phrases in Ap-
pendix A.7). These cues are indicative rather than
definitive and should be interpreted alongside quan-
titative metrics.

6 Mitigating TIM Hallucination

Our evaluation results reveal widespread TIM hal-
lucinations, where models substitute tool outputs
for mathematical reasoning. In this section, we
propose two complementary mitigation strategies
that encourage models to use the Code Interpreter
as an assistant to reasoning rather than a substitute.

6.1 Prompting-Based Mitigation

We design a lightweight prompting strategy that
self-instructs the model to treat tool outputs as rea-
soning aids. Specifically, after each problem state-
ment, we inject the following instruction:

“We should treat code snippets and their
execution results only as helpful hints,
and derive the solution through mathe-
matical reasoning.”

This single-sentence intervention promotes mathe-
matical thinking over computational shortcuts.

6.2 Alignment-Based Mitigation

We view TIM primarily as a behavioral misalign-
ment issue: under tool use, the model tends to treat
Code Interpreter as a search mechanism that sub-
stitutes for derivation, rather than as an assistant
that supports reasoning. This suggests that mitiga-
tion should target how the model reasons with tool
outputs, not merely whether it reaches the correct
answer. We therefore adopt Direct Preference Op-
timization (DPO; (Rafailov et al., 2023)), which
is well-suited for aligning relative preferences be-
tween alternative reasoning trajectories under the
same problem and tool context. Due to resource
constraints, we focus on fine-tuning a single model
(GPT-4.1) to test this approach.

6.2.1 Preference Data Creation
We construct a preference dataset from the training
split of PYMATH. Because TIM is a reasoning fail-
ure rather than an answer-correctness failure, we
explicitly control for correctness in our preference
construction: both chosen and rejected samples are
required to preserve the same intermediate and fi-
nal results. Thus, the preference signal cannot be
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Variant Final Acc. (↑) Miss Rate (↓) Win Rate vs. TaLM (↑) PRM Acc. (↑)

Base 24.6 48.1 54.4 88.6
TaLM 27.0 49.9 – 85.9
TaLM + Prompting 25.1 49.4 52.7 82.9
TaLM + DPO 27.6 46.6 58.2 83.3

Table 3: Impact of mitigation strategies on tool-
augmented GPT-4.1. Prompting reduces TIM without
training but at the cost of accuracy, while DPO improves
both accuracy and reasoning quality.

explained by answer correctness, but instead iso-
lates differences in reasoning behavior under tool
use. Accordingly, for each problem, we construct
a chosen-rejected pair, where the chosen solution
exhibits stronger reasoning under tool use and the
rejected solution exhibits TIM characteristics.
Chosen samples: We generate chosen solutions by
applying the prompting strategy from Section 6.1
to GPT-4.1, which encourages mathematical rea-
soning under tool use.
Rejected samples: We generate rejected examples
through controlled degradation: given a problem
and its corresponding chosen solution, we prompt
the same model to rewrite a solution span with
excessive reliance on tool outputs, producing a co-
herent but tool-dependent solution that omits or
abbreviates intermediate reasoning steps. This pro-
cess creates naturalistic rejected samples with TIM
hallucination (more details in Appendix A.8).

6.3 Results

Table 3 presents mitigation results on our evalua-
tion benchmark. Both mitigation strategies reduce
TIM hallucination compared to the vanilla TaLM,
but with distinct trade-offs.
Prompting intervention. Zero-shot prompting
substantially improves reasoning without model re-
training, improving Win Rate from 45.6% to 52.7%
and slightly reducing Miss Rate (49.9% to 49.4%).
This improvement comes at a cost to final-answer
accuracy, which drops from 27.0% to 25.1%, ap-
proaching the Base-LLM’s 24.6%.
DPO alignment. The fine-tuned model achieves
the strongest overall trade-off: it attains the high-
est final-answer accuracy (27.6%, +0.6 points over
the vanilla TaLM), the lowest Miss Rate (46.6%),
and is preferred over the vanilla TaLM in 58.2%
of pairwise comparisons. However, its PRM ac-
curacy (83.3%) remains below that of the Base-
LLM (88.6%), suggesting that while DPO miti-
gates global reasoning failures, it does not fully
recover step-level correctness. The largest gains ap-
pear on the reasoning-sensitive metrics, especially

Miss Rate and Win Rate, while final-answer accu-
racy improves only modestly. These results suggest
that DPO primarily acts as a behavioral alignment
mechanism rather than a capability boost.

DPO alignment. The fine-tuned model achieves
the strongest overall performance: highest final-
answer accuracy (27.6%, +0.6% over vanilla
TaLM), highest Win Rate (58.2% vs. 54.4% for the
Base-LLM), and lowest Miss Rate (46.6%). How-
ever, PRM accuracy (83.3%) remains below that of
the Base-LLM (88.6%), suggesting that while DPO
mitigates global reasoning failures, it does not fully
restore step-level correctness. Notably, the largest
gains appear in the reasoning-sensitive metrics,
especially Win Rate and Miss Rate, while final-
answer accuracy improves only modestly. This
pattern is consistent with a behavioral alignment
effect: DPO primarily changes how the model uses
tool outputs during reasoning, rather than simply
improving task capability.

7 Related Work

Tool-augmented reasoning extends LLMs with ex-
ternal programmatic interfaces to overcome limita-
tions of parametric knowledge. Early work, such
as Toolformer (Schick et al., 2023), showed that
models can learn when and how to invoke tools,
while later surveys (Wang et al., 2024; Gou et al.,
2024) define LLM-used tools and provide broad
overviews of tool-augmented LMs. This has led
to the development of diverse tools, such as web
search (Asai et al., 2024; Lu et al., 2023a), code
interpreters (Chen et al., 2023; Gao et al., 2023a),
and domain-specific APIs (Qin et al., 2023).

Hallucinations in TaLMs. Despite these ad-
vances, TaLMs exhibit persistent failure modes.
Prior work has studied tool hallucinations, where
models misuse or select incorrect tools (Xu et al.,
2025), as well as factual errors arising from con-
flicts between parametric and retrieved knowl-
edge (Sun et al., 2025) or from inaccurate retrieved
content (Magesh et al., 2024). Other studies high-
light attribution failures in retrieval-augmented gen-
eration (Gao et al., 2023b; Liu et al., 2023) and cog-
nitive offloading, where unrestricted tool access
suppresses internal reasoning (Qian et al., 2025;
Wang et al., 2025). In contrast, we show that
even when tools are correctly invoked and executed,
TaLMs exhibit Tool-Induced Myopia, which causes
them to substitute reasoning with computation.
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Evaluating Mathematical Reasoning. Evalu-
ation of mathematical reasoning has tradition-
ally relied on final-answer accuracy using bench-
marks such as GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021). However,
outcome-based metrics fail to capture reasoning
behavior, especially as frontier models approach
saturation (Mondorf and Plank, 2024). Recent
work has proposed process-level evaluation (Light-
man et al., 2023; Zheng et al., 2025), chain-of-
thought scoring (Xia et al., 2025; Li et al., 2025),
and model-based judges (Zhou et al., 2025; Xu
et al., 2025). However, even with competition-level
benchmarks (AIM, 2024-2025; He et al., 2024; Gao
et al., 2024), existing evaluations remain largely
one-dimensional and fail to distinguish robust rea-
soning from tool-driven shortcuts. We address this
gap with our benchmark and multi-dimensional
evaluation suite explicitly designed to surface TIM.

Mitigating TaLM Failures. Prior mitiga-
tion strategies focus on prompting-based
self-correction (Shinn et al., 2023), alignment
techniques targeting tool selection and invocation
errors (Qin et al., 2024a; Patil et al., 2024;
Ross et al., 2025; Xu et al., 2025), and hybrid
approaches that combine parametric and non-
parametric reasoning (Asai et al., 2024). While
effective for tool misuse, these approaches do
not address reasoning degradation under correct
tool use. Our work introduces interventions
that explicitly reward comprehensive analytical
reasoning over premature tool reliance, providing
the first systematic approach to mitigating TIM.

8 Conclusion

Investigating tool-augmented reasoning across
competition-level math, we show that even with
correct tool use, TaLMs exhibit Tool-Induced My-
opia (TIM), substituting computation for mathe-
matical reasoning. To study this, we introduced
PYMATH and a four-dimensional evaluation suite
that reveals a consistent pattern across seven fron-
tier models: TaLMs improve final-answer accuracy
but produce weaker reasoning than Base-LLMs.
Error analysis shows fewer arithmetic errors but
more logical and assumption errors, especially with
increased tool use. Finally, we introduced two mit-
igation strategies: prompting and DPO-based pref-
erence optimization, which reduce TIM hallucina-
tion and improve trustworthy reasoning.

9 Limitations

While our study provides the first characterization
of Tool-Induced Myopia (TIM), it also has several
limitations: First, to ensure precise control over
tool invocation and execution, we restrict our anal-
ysis to a single tool, the Code Interpreter. This
choice eliminates confounds such as API failures
or retrieval noise, but it limits the generality of our
findings to other tool types (e.g., search, retrieval,
or various APIs). Future work should extend this
framework to a broader range of tools and interac-
tion settings. Second, our manual investigation of
TIM occurrence and linguistic precursors is lim-
ited in scope. While qualitative inspection confirms
strong alignment with our automated metrics, a
larger-scale human evaluation, covering more mod-
els, domains, and annotators, would strengthen the
robustness and generalizability of these observa-
tions. Finally, due to computational and resource
constraints, our mitigation experiments focus ex-
clusively on the GPT-4.1. Although this choice
provides a representative case for high-end tool-
augmented reasoning, reproducing the mitigation
analyses on additional LLMs remains an important
direction for validating consistency and scalability.

10 Ethics Statement

This work studies the reasoning behavior of tool-
augmented large language models using pub-
licly available mathematical problem datasets and
model-generated outputs. No human subjects were
involved in data collection, and all qualitative an-
notations were performed by the authors on model
outputs only.

We use proprietary language models accessed
via official APIs and follow the providers’ usage
policies. Our analysis focuses on identifying and
mitigating reasoning failures in tool-augmented
models, with the goal of improving reliability and
trustworthiness in deployed systems. We do not
release any personally identifiable information, and
all data used or released are either publicly avail-
able or derived from synthetic model outputs.

AI assistants, ChatGPT and Claude models,
were used for writing support and minor editing.
All scientific contributions, experimental design,
analysis, and conclusions are the responsibility of
the authors.
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A Appendix

A.1 PYMATH Data Curation

The prompt used for filtering mathematical prob-
lems is shown in A.1. We use GPT-5 as the LLM-
as-a-judge to make a binary classification decision
per problem, a setting where LLMs have been
shown to perform reliably (Gu et al., 2025). We
also validated the judge’s performance on 40 ran-
domly sampled questions. Two NLP researchers
independently annotated these questions using the
same instructions provided to the LLM judge. The
annotators achieved 92.5% agreement (Cohen’s
κ = 0.724) on Python helpfulness and 92.5%
agreement (Cohen’s κ = 0.531) on Python suf-
ficiency, indicating strong agreement. For the joint
label (helpful vs. sufficient combined), agreement
was 87.5% (Cohen’s κ = 0.691). We evaluated the
precision of our judge on the key filtering category:
problems labeled as Python-helpful but not suffi-
cient. Among all questions the judge predicted as
helpful-but-not-sufficient, 76.2% were also labeled
as such by both annotators. This suggests that the
judge can be reliably used to filter problems for
data collection.

Problem Annotation Prompt

You are a technical reasoning assistant for
mathematical problem solving. Your task is
to evaluate mathematical problems used for
benchmarking LLMs in terms of:

1. Python Usefulness: Whether using Python
code is helpful for solving this problem.

2. Python Sufficiency: Whether Python code
alone (without extra reasoning steps from
the target LLM) is sufficient to fully
solve this problem.

Use the following evaluation criteria:

• Mathematical Domain: What area(s) of
mathematics does this problem involve, and
how computational versus theoretical is
this domain typically?

• Solution Type: What kind of answer or
result is the problem asking for?

• Computational Approach: What
computational strategies, if any,
could be applied?

• Problem Scale: How do size and complexity
affect computational feasibility?

• Verification Needs: Would solving
the problem benefit from computational
verification?
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• Techniques Required: What mathematical
insights or methods are necessary, and how
much can be automated?

Based on your evaluation, provide:

• Python Usefulness: true/false

• Python Sufficiency: true/false

• Recommendation: One of “Pure Python”,
“Python + LLM Insight/Reasoning”,
“Python for Verification”, “Python
for Exploration”, or “Minimal Python
Role”.

Respond strictly in the following JSON format:

{
"problem": "repeat problem description here",
"reasoning": {

"mathematical_domain": "",
"solution_type": "",
"computational_approach": "",
"problem_scale": "",
"verification_needs": "",
"techniques_required": ""

},
"python_usefulness": true or false,
"python_sufficiency": true or false,

"recommendation": "[one of the options above]"
}

A.2 Win Rate Evaluation Prompt
The prompt used by GPT-5 for Win Rate evaluation
is shown below.

Win Rate Evaluation Prompt

You are an expert mathematician tasked with
grading two solutions, “A” and “B”, to the
same competition-style problem. Evaluate which
solution is better by assigning error severity
scores (0 = low, 5 = high) for the following
categories:

1. Logic (0–5): Errors due to logical
fallacies or unjustified leaps in
reasoning.

2. Assumption (0–5): Errors from unproven
or incorrect assumptions that undermine
subsequent steps.

3. Creativity (0–5): Errors from
fundamentally incorrect or unoriginal
strategies indicating failure to identify
the right approach.

4. Algebra/Arithmetic (0–5): Errors arising
from critical algebraic or arithmetic
miscalculations.

Evaluation:

• Provide a brief justification for each
score, referencing relevant mathematical
concepts or reasoning techniques.

• Compute a final score as the average of
the four error categories.

• Select the solution with the lower final
score as the better one. If tied, prefer
the solution with clearer reasoning.

Respond strictly in the following JSON format:

{
"A_grades": {
"logic": {"score": 0-5, "explanation": ""},
"assumption": {"score": 0-5,

"explanation": ""},
"creativity": {"score": 0-5,

"explanation": ""},
"algebra_arithmetic": {"score": 0-5,

"explanation": ""},
"final_score": {"score": value}

},
"B_grades": {
"logic": {"score": 0-5, "explanation": ""},
"assumption": {"score": 0-5,

"explanation": ""},
"creativity": {"score": 0-5,

"explanation": ""},
"algebra_arithmetic": {"score": 0-5,

"explanation": ""},
"final_score": {"score": value}

},
"best_solution": "A or B"

}

A.3 Miss Rate Evaluation Prompt

The prompt used by GPT-5 for Miss Rate evalua-
tion is shown below.

Miss Rate Evaluation Prompt

You are an expert mathematician. You will be
given a mathematical problem, a solution to
that problem, and a gold solution to use as
a reference. Your task is to identify which
logical steps from the gold solution are absent
in the given solution.
Instructions

1. Parse the gold solution into an ordered
list of atomic logical steps (Step 1,
Step 2, . . . ). A step is the smallest
self-contained claim or transformation
needed to progress the proof.

2. For each gold step, decide whether
the same reasoning (possibly re-worded)
appears in the given solution. Mark a
step as present if the solution makes
the identical deduction or provides an
equivalent justification.

3. Collect all steps that are absent from the
given solution.

Output format (strict JSON):

{
"gold_steps": [
{ "step": <integer>,

"summary": "<one-line summary of gold
step>"

}
],
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Model 5% Removed 10% Removed 20% Removed

Claude-Opus-4 0.92 0.89 0.75
GPT-5-Thinking 0.81 0.83 0.75
GPT-4.1-mini 0.96 0.91 0.88
GPT-4.1 0.92 0.92 0.88
o4-mini 0.89 0.81 0.85
Gemini-2.0-Flash 0.78 0.79 0.81
Gemini-2.5-Flash 0.90 0.87 0.76

Average 0.89 0.86 0.81

Table 4: PRM sensitivity under random step removal.
Starting from instances where the PRM classified both
Base and TaLM solutions as correct, we randomly re-
move 5%, 10%, and 20% of reasoning steps and recom-
pute PRM predictions. Values report raw agreement be-
tween the perturbed Base and TaLM predictions. High
agreement suggests that the comparative PRM signal
used in our analysis remains stable under moderate per-
turbations.

"missing_steps": [
{ "step": <integer>,
"summary": "<one-line summary of gold step

that is absent>"
}

]
}

A.4 PRM Sensitivity to Step Removal
Because our analysis relies on the PRM compar-
atively between Base-LLM and TaLM solutions,
we conduct a sensitivity analysis to test how stable
this comparison remains under controlled pertur-
bations. For instances where the PRM originally
classified both Base and TaLM solutions as correct,
we randomly remove 5%, 10%, and 20% of reason-
ing steps and rescore the perturbed solutions. We
then measure raw agreement between the resulting
Base and TaLM predictions. As shown in Table 4,
agreement remains consistently high across models,
with average agreement of 0.89, 0.86, and 0.81 un-
der 5%, 10%, and 20% step removal, respectively.
These results suggest that, in our comparative set-
ting, the PRM signal is reasonably stable under
moderate perturbations, while still inheriting the
broader limitations of PRM-based evaluation.

A.5 Code Complexity Does Not Explain TIM
If TIM were driven by the complexity of gener-
ated code, we would expect strong correlations be-
tween code complexity and reasoning behavior. We
investigate this hypothesis by measuring whether
the complexity of TaLM-generated code correlates
with TIM severity. We measure code complexity
using two standard metrics (Dou et al., 2024; Chen
et al., 2024): (1) Line of Code (Boehm, 1981) (aver-
age lines per code block), and (2) Cyclomatic Com-

plexity (McCabe, 1976), which counts the num-
ber of linearly independent execution paths. We
compute Pearson correlations between these com-
plexity metrics and TaLM’s Miss Rate in Figure 5.
Overall, we find no statistically significant correla-
tion between Miss Rate and either complexity met-
ric: Lines of Code correlations range from −0.09
to 0.22, and Cyclomatic Complexity correlations
from −0.03 to 0.26. Although a few models show
marginal correlations (p < 0.10), these effects are
weak and inconsistent across models. Together,
these results indicate that syntactic or structural
code complexity does not drive TIM.

A.6 Prevalent Error Types Annotation
Prompt

Reasoning Error Detection Prompt

You are an expert mathematician grading
a solution to a competition-style problem.
Identify whether the solution exhibits each of
the following error types:

1. Logic: Logical fallacies or unjustified
leaps that disrupt reasoning.

2. Assumption: Unproven or incorrect
assumptions that undermine subsequent
steps.

3. Creativity: Fundamentally incorrect
strategy indicating failure to identify
the correct approach.

4. Algebra/Arithmetic: Critical algebraic or
arithmetic miscalculations.

5. None of the above: No errors from the above
categories are present.

Evaluation Guidelines

• For each category, set "exists" to "yes"
if that error occurs; otherwise "no".

• Provide a brief explanation for each
category; if an error is detected,
indicate where it occurs.

• Mark None of the above as "yes" only if
all other categories are "no".

Output format (strict JSON):

{
"logic": {"exists": "yes|no",

"explanation": "your explanation"
},

"assumption": {"exists": "yes|no",
"explanation": "your explanation"

},
"creativity": {"exists": "yes|no",

"explanation": "your explanation"
},

"algebra_arithmetic": {"exists": "yes|no",
"explanation": "your explanation"
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Figure 5: Correlation between code complexity metrics and Miss Rate across TaLMs. (a) Pearson correlation
coefficients for Line of Code and Cyclomatic Complexity with Miss Rate. (b) Corresponding p-values with
significance thresholds at p=0.05 (red) and p=0.10 (orange). Asterisks denote marginal significance (*p<0.10,
**p<0.05). No statistically significant correlations are found, suggesting that TIM is not driven by code complexity.

},
"none_of_the_above": {"exists": "yes|no",

"explanation": "your explanation"
}

}

A.7 Qualitative Analysis of High-Risk
Solutions

We conducted a human evaluation (Section 5.5) to
assess the reliability of our evaluation suite in de-
tecting TIM hallucinations in LLM-generated solu-
tions. Annotations were performed by the paper’s
authors, who independently verified the presence
of TIM and extracted phrases that preceded or sig-
naled its occurrence; disagreements were resolved
through discussion, resulting in high annotation
consistency.

Our findings indicate that more than half of
the examined solutions exhibit TIM behavior.
For each instance, human annotators verified the
presence of TIM and extracted phrases that pre-
ceded or signaled its occurrence. Table 5 lists
the most recurrent phrase patterns identified in
these cases. Phrases were grouped using a greedy
fuzzy clustering approach (Levenshtein, 1966),
where each phrase was compared to existing
cluster representatives based on the normalized
difflib.SequenceMatcher2 similarity ratio and
merged when the similarity exceeded a threshold
of 0.8.

Below, we present several representative exam-
ples in which TIM was manifested.

2https://docs.python.org/3/library/difflib.
html#difflib.SequenceMatcher

Example 1. Gemini-2.5-Flash

Problem. Determine all the sets of six con-
secutive positive integers such that the prod-
uct of some two of them, added to the prod-
uct of some other two of them, is equal to
the product of the remaining two numbers.
Solution. We seek sets {n, n + 1, n +
2, n+ 3, n+ 4, n+ 5} with a partition into
three pairs (x1, x2), (y1, y2), (z1, z2) such
that x1x2 + y1y2 = z1z2. Let Ni = n + i
and write the three pairwise products as
P1, P2, P3 with P1 + P2 = P3. There are
(62)(

4
2)(

2
2)

3! = 15 pair partitions, and for each
partition there are three equations to check
(which summands form P3). By relabeling,
we may assume P3 is the largest product.
Consider P3 = (n+4)(n+5); the remaining
four numbers can be paired in three ways:

1. n(n+1)+(n+2)(n+3) = (n+4)(n+
5), which simplifies to n2−3n−14 =
0 (no integer solution).

2. n(n+2)+(n+1)(n+3) = (n+4)(n+
5), which simplifies to n2−3n−17 =
0 (no integer solution).

3. n(n+3)+(n+1)(n+2) = (n+4)(n+
5), which simplifies to n2−3n−18 =
0, hence n = 6.

Thus {6, 7, 8, 9, 10, 11} works since 6 · 9 +
7 · 8 = 10 · 11.

“To ensure there are no other solutions, we
can systematically check all 15 partitions.
We can use a Python script to automate this
process.”
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Common Category Example Phrases Found # Distinct
Phrasings

Numerical / Empirical
Checking

“one checks numerically”, “let’s verify numerically”,
“numerical optimization / computation / evaluation / solve”

17

Verification via Code /
Python

“let’s double-check with code”, “use Python to analyze”,
“implement a better approach and verify”,
“symbolic computation to verify analytical results”,
“after simplification”, “analytically confirm”

13

Approximation /
Convergence

“results seem to be converging”, “numeric approximation converges to ≈ x”,
“evaluate the sum numerically for a few terms”,
“verify this pattern”, “visual verification”, “logic is working”

12

Systematic Search /
Enumeration

“let’s check more values systematically”,
“use code to check possible values”,
“exhaustive check up to x”,
“systematically compute possible values with code”

4

Table 5: Broad categories of recurrent patterns preceding the TIM hallucination among annotated cases where
TIM is detected. Frequencies denote the number of distinct phrasing variants per category under a fuzzy similarity
threshold of 0.8.

“The Python script found three sets
of consecutive integers: {1, 2, 3, 4, 5, 6},
{2, 3, 4, 5, 6, 7}, and {6, 7, 8, 9, 10, 11}.”

“Let’s use the script to find the specific pair-
ing for n = 1 . . . Let’s modify the script to
print the specific pairing when a solution
is found . . . The script output provides the
specific pairings for each solution.”
Concretely, the pairings confirmed are:

n = 1 : n(n+ 1) + (n+ 2)(n+ 5) = ...,

n = 2 : n(n+ 3) + (n+ 1)(n+ 4) = ...,

n = 6 : n(n+ 3) + (n+ 1)(n+ 2) = ...

(. . . The writeup references a full sweep of
all partitions for each n up to a bound. . . )

“The Python script explored all 15 possible
partitions for each n . . . which strongly sug-
gests these are the only solutions.”
Therefore, the sets are:
{1,2,3,4,5,6}, {2,3,4,5,6,7},
{6,7,8,9,10,11}.

TIM cues. The highlighted phrases (sys-
tematically check . . . 15 partitions, use a
Python script, script found, let’s use/mod-
ify the script, script explored . . . ) mark a
shift from deductive completion to exhaus-
tive, tool-driven enumeration.

Example 2. o4-mini

Problem. A lame king is a chess piece that
can move to any cell that shares at least one
vertex with its current cell, except for those
in the same column. A lame king is placed
in the top-left cell of a 7 × 7 grid. Com-
pute the maximum number of cells it can
visit without revisiting any cell (including
its starting cell).
Solution. Label the rows and columns of
the 7 × 7 board by 1, 2, . . . , 7, and write a
cell as (r, c). A move is “horizontal” if it
has displacement (0,±1) and “diagonal” if
it has displacement (±1,±1). Since vertical
moves (±1, 0) are forbidden, every move
changes the column by ±1. Hence, the lame
king’s path can be seen as a walk on the col-
umn indices 1 → 2 → · · · → 7 → 6 → . . . ,
interleaved with diagonal up/down steps.

1) Upper bound. Let M be the total number
of moves in the path, so it visits M +1 cells.
Each move changes the column by ±1, so
the sequence of columns forms a walk on
the path graph 1–2–· · · –7. To visit Vj dis-
tinct cells in column j, one must cross the
edge j−1 ↔ j at least Vj times, while the
total number of crossings of each edge is at
most M . Summing over j = 2, . . . , 7 yields
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∑7
j=2 Vj ≤ 6M , and with V1 ≤ M + 1,

7∑

j=1

Vj = M + 1 +
7∑

j=2

Vj ≤ 7M + 1.

Since a complete tour visits 49 cells, we ob-
tain 49 ≤ 7M + 1, or M ≥ 7. A sharper
“cut–counting” one can make on each of
the six edges shows in fact that one cannot
have M = 48; the best possible is M = 42,
i.e., 43 visited cells. (This step implicitly ap-
peals to computational enumeration to jus-
tify global optimality rather than a formal
proof.)

2) Construction of a 43–cell tour. One
checks by explicit construction (for instance,
by a backtracking computer search or by
an easy hand–drawn “zig–zag”) that there
exists a path of length 42, thus visiting 43
distinct cells. One such path, written as a
sequence of coordinates, is

(1, 1) → (2, 2) → (1, 3) → · · · → (7, 1)

→ (6, 2) → (5, 1) → (4, 2) → . . .

→ (6, 6) → (7, 7) .

Each step is either horizontal or diagonal,
and no cell repeats. This path has length 42,
so the king visits 43 distinct cells.

Hence, the maximum number of cells the
lame king can visit on a 7× 7 board is

43 .

TIM cues. The highlighted phrases
(sharper “cut–counting” ... M = 42, ex-
plicit construction ... by a backtracking
computer search) indicate reliance on
computational verification or heuristic
enumeration in place of a full analytical
proof—typical symptoms of TIM.

Example 3. Claude-opus-4

Problem. A finite set S of points in the
coordinate plane is called overdetermined
if |S| ≥ 2 and there exists a nonzero
polynomial P (t) with real coefficients and
degP ≤ |S| − 2 satisfying P (x) = y for
every (x, y) ∈ S. For each integer n ≥ 2,

find the largest integer k (in terms of n) such
that there exists a set of n distinct points that
is not overdetermined, but has k overdeter-
mined subsets.
Solution. I’ll solve this step-by-step.
First, let me understand what it means for
a set to be overdetermined: . . . This means
the points lie on the graph of a polynomial
whose degree is ‘too low’ relative to the
number of points.
Let me write some code to explore this prob-
lem systematically. Good, the basic logic is
working. Now let me think about the prob-
lem more carefully and develop a strategy.
Let me fix the error: It seems my search
strategy isn’t working well. Let me recon-
sider the problem and implement a better
approach: . . . I see the issue — my con-
struction is putting points on curves but not
creating overdetermined subsets. Let me
debug this more carefully: Ah! Now I see
what’s happening. For n = 3, we got one
overdetermined subset: {(0, 0), (2, 0)} be-
cause both points have y = 0 (constant poly-
nomial). Let me refine the construction: I
see my implementation has issues. . . . I’m
having trouble with my implementation. Let
me reconsider the problem more carefully
with a cleaner approach: Now I understand!
Let me think about this more carefully: Now
I need to think about this problem more sys-
tematically. Let me approach it from a dif-
ferent angle: Great! Now I’m getting some-
where. For n = 2, 3, 4 we’re achieving the
bound 2n−1 − n. Let me verify this pattern
more carefully:. . .
TIM cues. The highlighted phrases
(Good, the basic logic is working, imple-
ment a better approach, Let me verify this
pattern more carefully) indicate a shift to-
ward tool-driven exploration and empirical
pattern checking in place of a completed
deductive argument, characteristic of TIM.

A.8 Preference Optimization Framework
A.8.1 Preference Dataset Creation
To construct negative (rejected) samples, we in-
struct the same model we want to train (GPT-4.1)
to rewrite a specific text span within the positive
solution. A text span is defined as any segment
of text immediately following a code block. For
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each positive solution, we select the two longest
spans, as they typically contain richer reasoning
content and thus more opportunities to omit inter-
mediate steps or create reliance on tool outputs. We
set the generation temperature to 0.6 and produce
two rewritten candidates per span, retaining only
those that preserve the same intermediate and final
results. The full instruction prompt is shown be-
low. We emphasize that fine-tuning is performed
exclusively on pairs where both chosen/rejected
responses reach the correct final answer, to isolate
and model the TIM phenomenon.

Rejected Sample Generation Prompt

You are editing the response of a language model
that is solving a math problem using a Python
code interpreter.
Input:

• The original problem statement,

• The model’s earlier solution steps,
including interleaved reasoning, Python
code interpreter calls, and their executed
outputs (keep these unchanged),

• A single target text span to rewrite.

Task: Rewrite only the target text span so that
it continues the model’s solution naturally,
but exhibits an explicit over-reliance on
executed code outputs—i.e., it depends
excessively on computational results and skips
some mathematical reasoning steps.
Instructions:

• Do not change or add any Python code cells
or their outputs.

• Rewrite only the target text span in LaTeX
format.

• Reduce or omit algebraic/logical
derivations naturally.

• Phrase conclusions as outcomes of the
computed results, using expressions such
as:

– “a straightforward numerical check
shows that...”

– “the computation suggests...”

– “testing other patterns (with the
tool) shows...”

• Do not truncate the solution—ensure it
continues to the final stated answer.

• Preserve all partial or final numerical
results (e.g., variable values,
coordinates, or the final answer).

A.8.2 Experimental Setup
We apply Direct Preference Optimization (DPO;
Rafailov et al. (2023)) to fine-tune GPT-4.1 using
the constructed preference dataset. The model is
trained via OpenAI’s fine-tuning dashboard3 for
one epoch. The best results on a small-scale de-
velopment set (82 samples) are obtained with a
learning rate multiplier of 0.2, a batch size of 4,
and a β (KL-regularization strength) of 0.5. Ac-
cording to OpenAI’s documentation, larger β val-
ues yield more conservative updates, preserving
behavior closer to the original model.

3https://platform.openai.com/docs/guides/
fine-tuning
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