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Abstract001

Tool-augmented Language Models (TaLMs)002
can invoke external tools to solve problems003
beyond their parametric capacity. However,004
it remains unclear whether these tool-enabled005
gains reflect trustworthy reasoning. Focusing006
on the Code Interpreter tool, we show that even007
when tools are selected and executed correctly,008
TaLMs treat tool outputs as substitutes for rea-009
soning, producing solutions that appear correct010
but lack coherent justification. We term this fail-011
ure mode Tool-Induced Myopia (TIM), and012
study it using PYMATH, a benchmark of 1,679013
competition-level mathematical problems for014
which Python code is helpful but not sufficient.015
We further develop a multi-dimensional eval-016
uation suite to quantify reasoning degradation017
in TaLMs relative to their non-tool counter-018
parts. Our findings reveal that while TaLMs019
achieve up to a 19.3 percentage point gain in020
final-answer accuracy, their reasoning behav-021
ior consistently deteriorates (e.g., non-tool lan-022
guage models win up to 41.5% more often in023
pairwise comparisons of reasoning processes).024
This degradation intensifies with tool use; the025
more frequently a model invokes tools, the026
less coherent its reasoning becomes. More-027
over, tool use shifts errors from arithmetic mis-028
takes toward global reasoning failures (logic,029
assumption, creativity). Finally, we propose a030
preference-optimization-based framework that031
realigns TaLMs to use tool outputs as assistive032
evidence, improving both final-answer accu-033
racy and the reasoning depth under tool use.1034

1 Introduction035

Large Language Models (LLMs) have grown in-036

creasingly capable, yet relying solely on their para-037

metric knowledge introduces key limitations, in-038

cluding the inability to access real-time or domain-039

specific information (Yu and Ji, 2024; Wang et al.,040

2025), perform precise computations (Lu et al.,041

1Code and data will be released upon publication.

2023b), or fully comprehend user intentions (Qian 042

et al., 2024). To address these shortcomings, Tool- 043

augmented Reasoning (TIR) (Schick et al., 2023; 044

Gou et al., 2024) has emerged as a promising 045

paradigm. It enables LLMs to integrate natural 046

language reasoning with external tools. Frontier 047

LLMs (OpenAI, 2025b; GoogleAI, 2025c; An- 048

thropic, 2025a) now offer native, sandboxed ex- 049

ecution for select tools, choosing when to call, exe- 050

cuting, and integrating results. 051

While tool calling significantly extends LLMs’ 052

utility in computation, retrieval, and procedural 053

tasks, it also introduces new sources of failures. 054

The most fundamental errors arise from tool hal- 055

lucinations, where models either select inappro- 056

priate tools or misuse them, leading to incorrect 057

or irrelevant outputs (Patil et al., 2025; Xu et al., 058

2025). However, even with correct tool selection 059

and successful execution, LLMs can still generate 060

non-factual outputs or flawed reasoning. Prior work 061

ties factual errors to conflicts between parametric 062

and retrieved knowledge (Sun et al., 2025) as well 063

as to the propagation of errors from retrieved con- 064

tent (Magesh et al., 2024). Additional studies show 065

that LLMs’ unrestricted access to external tools 066

can induce tool overuse (Qian et al., 2025), which 067

confuses the model and harms performance. It 068

also encourages cognitive offloading (Wang et al., 069

2025), which limits the model’s use of its internal 070

reasoning capabilities. Despite these observations, 071

it remains unclear whether tool-augmented reason- 072

ing is hallucination-free even when other failure 073

modes are controlled. 074

In this work, we focus exclusively on the Code 075

Interpreter for mathematical problem solving to en- 076

sure strictly controlled tool use, with correct invo- 077

cation and error-free execution. Our design avoids 078

confounds introduced by multi-tool settings, such 079

as API failures, interface mismatches, retrieval 080

drift, or external data quality issues (Zhong et al., 081

2025; Faghih et al., 2025; Maekawa et al., 2025; 082
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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).

Han et al., 2025), and enables a controlled inves-083

tigation. Despite these idealized conditions, we084

identify a new class of hallucinations, which we085

term Tool-Induced Myopia (TIM): a failure mode086

where access to an external tool (e.g., a Code In-087

terpreter) causes the model to narrow its reasoning088

to what the tool can compute, rather than leverag-089

ing its full internal reasoning capabilities. TIM090

erodes user trust, as correct final answers can con-091

ceal flawed, tool-dependent reasoning.092

Figure 1 illustrates this behavior: with Code In-093

terpreter access (TaLM response), the model repeat-094

edly performs empirical checks instead of produc-095

ing the required reasoning steps generated by the096

same model without tools (Base-LLM response).097

Although the tool is correctly invoked and returns098

valid outputs, the model’s reasoning depth is re-099

duced. Importantly, existing evaluation approaches100

fail to capture this failure mode. Final-answer ac-101

curacy cannot detect it, since both responses are102

correct, and step-level logical-consistency metrics103

(Lightman et al., 2023; Zheng et al., 2025; Xia104

et al., 2025; Liu and Fang, 2025) also fail because105

the reasoning remains superficially coherent de-106

spite skipping essential logical steps. As a result,107

exposing TIM requires richer, multi-dimensional108

evaluation of how models reason under tool use.109

To investigate TIM, we introduce PYMATH, a110

dataset comprising 1,679 competition-level mathe-111

matical problems collected from multiple sources112

and curated to elicit, measure, and mitigate TIM113

hallucination. We specifically target problems for114

which code-based computation is helpful but not115

sufficient for a complete solution (details in Sec-116

tion 3.1). We then quantify reasoning degradation117

in TaLMs compared to their Base (non-tool) coun-118

terparts using a comprehensive suite of reference- 119

free and reference-based metrics (Section 3.2). Our 120

results show that, even when TaLMs produce cor- 121

rect final answers (up to a 19.3 percentage point 122

in final performance gains), they often overrely on 123

tool outputs and produce shallower reasoning traces 124

than non-tool models. We observed that this degra- 125

dation intensifies with tool use: the more often a 126

model calls tools, the less coherent its reasoning be- 127

comes. Errors also shift from arithmetic mistakes 128

to global reasoning failures (logic, assumption, cre- 129

ativity). Moreover, in a manual audit, we find TIM 130

in ~55% of high-risk model-generated solutions. 131

To mitigate this issue, we propose two comple- 132

mentary strategies: (1) a prompting intervention 133

that encourages models to treat tools as reasoning 134

aids, and (2) a DPO-based (Rafailov et al., 2023) 135

preference-optimization that aligns TaLMs to in- 136

tegrate the Code Interpreter as an assistant that 137

supports, rather than replaces, mathematical rea- 138

soning. On the evaluation split of PYMATH, the 139

fine-tuned TaLM demonstrates improved reasoning 140

behavior and even surpasses both the vanilla TaLM 141

(+0.6%) and the Base LLM (+3.0%) in final-answer 142

accuracy. In summary, our key contributions are: 143

• Tool-Induced Myopia: We identify TIM, a 144

new class of TaLM hallucinations where tool 145

access suppresses internal reasoning even un- 146

der ideal tool-use conditions. 147

• Benchmark and Evaluation: We introduce 148

PYMATH, a competition-level math bench- 149

mark with open-ended solutions, along with 150

a multi-dimensional evaluation suite that re- 151

veals when and why TIM emerges and guides 152

safer tool integration. 153
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• Mitigation: We propose a training-free154

prompting method and a preference-155

optimization fine-tuning approach that reduce156

TIM and improve reasoning depth in TaLMs.157

2 Tool-induced Myopia158

We define Tool-Induced Myopia (TIM) as a type159

of hallucination where access to a tool (e.g., Code160

Interpreter) narrows the model’s reasoning to what161

the tool can compute, which may result in a shift162

from step-by-step reasoning to exploratory, tool-163

driven search. In practice, it substitutes enumera-164

tion for proof, skips necessary derivations, mistakes165

empirical checks for universal guarantees (e.g.,166

brute-force search), and may prematurely stop once167

code returns a plausible output. Note that using168

code solely for precise computation (e.g., evaluat-169

ing a determinant or numerically finding a root),170

while also providing the necessary derivations, is171

not considered TIM. Figure 1 illustrates TIM: the172

Base-LLM solves the problem through step-by-step173

mathematical reasoning, whereas the TaLM shifts174

to an exploration-based approach, making empir-175

ical observations—some computed internally and176

others via the Code Interpreter—and arrives at the177

correct answer through numerical search. TIM de-178

grades reasoning by overrelying on tools instead of179

using their outputs as hints. Notably, the TaLM in180

Figure 1 still produces the correct final answer via a181

logically coherent yet incomplete sequence of steps.182

To expose TIM, we next introduce an evaluation183

benchmark and a suite of targeted metrics.184

3 Evaluating TIM in Language Models185

3.1 PYMATH186

We focus on the domain of mathematical prob-187

lem solving, where reasoning and computation are188

tightly coupled, and evaluate LLMs under two189

settings: with and without access to a Python190

Code Interpreter. We collect English, text-only191

competition-level math problems from multiple192

sources, summarized in Table 1. To mitigate193

data contamination, we restrict AIME (AIM, 2024-194

2025) to 2024–2025 problems. From Omni-Math195

(Gao et al., 2024), which provides difficulty ratings196

(1-10 scale), we retain only problems with diffi-197

culty ≥ 5, as frontier LLMs have already saturated198

performance on easier problems (OpenAI, 2025a;199

Anthropic, 2025b). Finally, we use the full set of200

problems from OlympiadBench (He et al., 2024)201

and OlympicArena (Huang et al., 2024).202

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.

To more effectively elicit TIM in TaLMs, we tar- 203

get problems for which Python code is helpful but 204

not sufficient. This setting creates a natural oppor- 205

tunity for tool use, while still requiring reasoning 206

over tool outputs to derive a solution. To identify 207

such cases, we adopt an LLM-as-a-judge proto- 208

col (Gu et al., 2025) to assess each problem along 209

two dimensions: (1) Python Usefulness: whether 210

Python code helps solving the problem; and (2) 211

Python Sufficiency: whether Python code alone, 212

without additional LLM reasoning, is sufficient to 213

fully solve the problem (prompt in Appendix A.1). 214

Table 1 summarizes the resulting statistics 215

by source. Our final dataset comprises 1,679 216

competition-level problems with step-by-step refer- 217

ence solutions: 1,000 problems (~60%, distributed 218

across sources and problem difficulties) for evalua- 219

tion, and the rest for TaLM training (10% develop- 220

ment, 90% DPO fine-tuning; see Section 6). 221

3.2 Evaluation Suite 222

Evaluating LLMs’ mathematical reasoning has 223

traditionally relied on outcome-based evaluation, 224

most predominantly final-answer accuracy (Liu 225

et al., 2025a; Ahn et al., 2024). However, recent 226

studies (Mondorf and Plank, 2024; Yee et al., 2024) 227

have shown that LLMs can reach a correct final 228

answer despite flawed reasoning. This gap has 229

motivated a shift toward process-based evaluation, 230

which assesses LLMs’ reasoning behavior rather 231

than their task performance. 232

Process-based approaches span two major fam- 233

ilies. Reference-free methods do not rely on gold 234

reasoning traces and instead assess reasoning be- 235

havior via mechanisms such as self-consistency 236

(Liu and Fang, 2025), or pairwise comparison (e.g., 237

win rate (Chen et al., 2025; Qin et al., 2024b)). In 238

contrast, reference-dependent approaches evaluate 239

reasoning against a gold step-by-step solution, en- 240

abling fine-grained detection of invalid, missing, 241

or inconsistent steps (Yan et al., 2025; Chernyshev 242
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et al., 2025). A recent line of work extends this243

idea via process reward models (PRMs) to score244

partial solutions step by step, providing a learned245

measure of reasoning soundness without requiring246

gold supervision (Lightman et al., 2023; Zheng247

et al., 2025; Li et al., 2025).248

As illustrated in Figure 1, neither final-answer249

accuracy nor unidimensional process-based metrics250

(e.g., PRM scores alone) are sufficient to expose251

TIM in TaLMs: the model may output the correct252

answer and generate seemingly coherent reason-253

ing steps while still exhibiting degraded reasoning254

under tool use. This motivates the need for a multi-255

dimensional evaluation suite that jointly captures:256

(i) task outcome, (ii) counterfactual impact of tool257

use, (iii) divergence from ground truth reasoning258

traces, and (iv) step-level logical consistency. Next,259

we introduce these four evaluation dimensions and260

clarify why each one is necessary, yet insufficient261

on its own, for diagnosing TIM.262

Final-Answer Accuracy: We first measure final-263

answer accuracy as the standard measure of task264

success. Although this metric cannot reveal265

whether a TaLM solved the problem through math-266

ematical reasoning or tool-driven shortcuts, it con-267

firms that TIM failure affects reasoning, not task268

performance. For all subsequent metrics which tar-269

get reasoning behavior, we evaluate models only270

on problems with correct final answer to isolate the271

effect of tool use on how the model reasons, rather272

than whether it succeeds.273

Win Rate: To assess whether tool use meaning-274

fully affects reasoning behavior, we compare so-275

lutions from a TaLM to those of the correspond-276

ing Base (non-tool) LLM. Following prior work277

showing that LLMs can reliably approximate hu-278

man preferences (Zheng et al., 2023; Chen et al.,279

2025), we use an LLM judge with a rubric adapted280

from Petrov et al. (2025) covering four error types:281

(1) logic errors (logical fallacies or unjustified282

leaps), (2) assumption errors (unsupported or incor-283

rect assumptions), (3) creativity errors (invalid so-284

lution strategies), and (4) algebra/arithmetic errors285

(critical symbolic or numeric mistakes). To avoid286

order bias, we randomize the presentation order of287

TaLM and Base-LLM solutions (Shi et al., 2025).288

The judge then selects the solution with fewer er-289

rors as the winner (prompt in Appendix A.2).290

Win Rate measures the proportion of compar-291

isons in which the TaLM solution is preferred292

(and vice versa). A lower Win Rate indicates293

tool access harms the LLM’s reasoning behavior. 294

This comparison-based setup reduces single-judge 295

bias (Liu et al., 2025b; Fatahi Bayat et al., 2025) 296

and captures the counterfactual effect of tool use. 297

Miss Rate: Inspired by recall-based measures in 298

long-form factuality evaluation (Wei et al., 2024; 299

Liu et al., 2025b), we define Miss Rate as the pro- 300

portion of reasoning steps in the ground-truth so- 301

lution that are absent from the model-generated 302

solution, i.e., |missing steps|
|gold steps| . A high Miss Rate indi- 303

cates that the model abandoned a valid derivation, 304

skipped necessary steps, or replaced reasoning with 305

trial-and-error code execution. Unlike final-answer 306

accuracy, Miss Rate detects invalid reasoning paths 307

even when the model reaches the correct solution. 308

However, this metric may over-penalize a solution 309

when the reference solution(s) do not cover all valid 310

reasoning paths (prompt in Appendix A.3). 311

PRM Accuracy: Finally, we evaluate step- 312

level reasoning behavior using a Process Re- 313

ward Model, specifically QWEN2.5-MATH-7B- 314

PRM800K (Zheng et al., 2025), trained on ∼800K 315

annotated mathematical steps. We aggregate step- 316

level scores to obtain an overall correctness score 317

for each solution. However, while PRMs evaluate 318

step correctness, they may fail to detect reasoning 319

shortcuts where code outputs replace derivations, 320

as they lack a holistic view of solution. 321

These four metrics jointly provide minimal yet 322

complete coverage of TIM: Final-answer accuracy 323

captures outcomes; Win Rate isolates the tool’s 324

counterfactual impact on reasoning behavior; Miss 325

Rate quantifies divergence from valid reference rea- 326

soning; and a PRM assesses step-level soundness 327

without relying on the ground truth. This set is suf- 328

ficient because TIM exhibits a clear and convergent 329

pattern: final-answer accuracy stays the same or 330

improves in TaLMs, while Win Rate declines, Miss 331

Rate increases, and PRM accuracy drops. This 332

suite both distinguishes TIM from alternative ex- 333

planations (e.g., general model weakness or gen- 334

uinely helpful tool use) and is falsifiable: when 335

tools are removed, the pattern recedes, and when 336

tool reliance is increased, it strengthens. Together, 337

these properties can establish both the existence 338

and mechanism of Tool-Induced Myopia. 339

4 Experimental Setup 340

Large Language Models: We evaluate frontier 341

proprietary language models equipped with in- 342
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house Code Interpreters. These models can au-343

tonomously decide when to invoke tools, allow-344

ing us to study tool-augmented reasoning without345

modifying or intervening in their internal execu-346

tion pipeline. We benchmark seven models across347

three families: (1) OpenAI GPT-4.1-mini and GPT-348

4.1 (non-thinking LLMs; OpenAI, 2025c), and349

o4-mini (OpenAI, 2025d) and GPT-5 (OpenAI,350

2025a) (thinking LLMs), (2) Gemini-2.0-Flash351

(non-thinking; GoogleAI, 2025a) and Gemini-2.5-352

Flash (thinking; GoogleAI, 2025b), (3) Claude-353

Opus-4 (thinking; Anthropic, 2025b).354

Evaluation Benchmark: We use the evaluation355

split of PYMATH as our benchmark dataset and356

apply our four-dimensional evaluation suite to mea-357

sure reasoning and tool-use behavior. We use GPT-358

5 as the judge for all LLM-as-a-judge evaluations.359

5 Results and Analyses360

In this section, we first evaluate Base-LLMs and361

their tool-augmented counterparts (TaLMs) using362

our four-dimensional evaluation suite (Section 5.1).363

We then examine how the severity of TIM varies364

with the number of tool calls (Section 5.2) and an-365

alyze whether the complexity of TaLM-generated366

code correlates with reasoning hallucinations (Ap-367

pendix A.4). Next, we apply the error taxonomy368

from Section 3.2 to characterize error types intro-369

duced by tool access (Section 5.3), and analyze tool370

invocation frequency given that PYMATH encour-371

ages, but does not guarantee, tool use (Section 5.4).372

Finally, Section 5.5 presents a qualitative analysis373

confirming that solutions flagged as high risk by374

our metrics indeed exhibit TIM behavior.375

5.1 Base-LLMs Show Stronger Reasoning376

Despite Lower Accuracy377

Our benchmarking results on the evaluation set of378

PYMATH are presented in Table 2. We report Final-379

answer Accuracy, Miss Rate, Win Rate, and PRM380

Accuracy across the Base and TaLM variants of381

seven LLMs. The results reveal a consistent pattern382

characteristic of TIM: although TaLMs achieve383

higher Final-answer Accuracy, Base-LLMs ex-384

hibit stronger mathematical reasoning, reflected385

in lower Miss Rates, higher Win Rates, and higher386

PRM Accuracy on average. Prior work has shown387

that LLMs can produce the correct final answer de-388

spite flawed or incomplete reasoning (Mondorf and389

Plank, 2024). Our findings demonstrate that access390

to external tools often amplifies this discrepancy.391

Interestingly, the highest PRM scores are 392

achieved by non-thinking GPT-4.1 models com- 393

pared to their stronger “thinking” variants. This is 394

inline with recent findings that step-level reward 395

models struggle to reliably assess long and com- 396

plex reasoning chains, often conflating fluency with 397

correctness, becoming miscalibrated on stronger 398

models, and generalizing poorly to the longer, self- 399

correcting traces produced by advanced reasoning 400

models (Bamba et al., 2025; Lee et al., 2025). 401

Finally, we posit that the reasoning gap between 402

Base-LLM and TaLM appears moderate in aggre- 403

gate because TIM is partially masked by three 404

factors: (1) our filtering for TIM-prone problems, 405

while targeted, is not perfect; (2) existing metrics 406

have limited sensitivity to TIM hallucinations; and 407

(3) tool use yields only modest accuracy gains for 408

most LLMs. For subsequent analyses, we focus 409

only on solutions with correct final answers. 410

5.2 Base-TaLM Reasoning Gap Widens with 411

Number of Tool Calls 412

We examine how reasoning behavior varies with 413

tool-call frequency, a key factor underlying TIM: 414

as tool reliance grows, models increasingly substi- 415

tute computation for reasoning. We test whether 416

higher number of calls amplify the Base–TaLM gap 417

when final answers are correct. We group problems 418

into bins based on the number of tool calls in their 419

TaLM-generated solutions: {0–3, 4–7, 8–11, 12+}. 420

Figure 2 shows three consistent trends across most 421

models. First, the Base model’s Win Rate against 422

the TaLM increases with tool-call frequency, indi- 423

cating degraded reasoning under heavier tool re- 424

liance. Second, the Miss Rate generally rises with 425

increased tool calls, reflecting greater divergence 426

from reference reasoning. Third, PRM Accuracy 427

typically declines as tool calls increase, suggesting 428

that longer, tool-heavy trajectories accumulate step- 429

level errors. Occasional reversals in the 12+ bin 430

are due to limited sample sizes. We further verify 431

that this effect is not explained by the syntactic or 432

structural complexity of generated code; detailed 433

analysis shows no correlation between code com- 434

plexity and TIM severity (Appendix A.4). 435

5.3 Tool Use Induces Global Reasoning Errors 436

In this section, we analyze how reasoning error 437

types shift under tool use by comparing TaLM so- 438

lutions with those of Base-LLMs. Using the error 439

taxonomy adapted from Petrov et al. (2025), we 440

prompt our LLM judge (GPT-5) to rate each error 441
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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.

type on a 1–5 scale, or output None if no error is442

detected (prompt in Appendix A.5).443

Across models, tool use induces a consistent444

shift in error patterns (Figure 3). Logic, assump-445

tion, and creativity errors increase in nearly all446

cases, indicating more unjustified inferences and447

reasoning shortcuts under tool reliance. In contrast,448

algebraic and arithmetic errors decrease as compu-449

tation is delegated to the Code Interpreter, while450

the rate of error-free solutions also drops. These451

results show that TIM is not merely about missing452

steps, but reflects a fundamental change in how453

models reason under tool use.454

5.4 Thinking Models Use Code More Often455

Having shown that more tool calls intensify TIM,456

we now quantify how often each model invokes457

the Code Interpreter tool on math problems, pro-458

viding a “dose” measure of TIM risk. We inves-459
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Figure 3: Change in reasoning error rates after tool use
(∆ = TaLM − Base). Positive values indicate higher
error frequency with Code Interpreter access.

tigate tool use rates across TaLMs on PYMATH, 460

which was curated to encourage code use. Figure 4 461

shows the percentage of problems on which each 462

TaLM invoked the Code Interpreter tool. Thinking 463

models exhibit substantially higher tool usage than 464

non-thinking models: Claude-opus-4 achieves the 465

highest rate at 99.8%, followed by GPT-5 at 73.7%, 466

while non-thinking models show more modest us- 467
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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.

age. On average, thinking models invoke code468

on 49.7% more problems. Given the established469

relationship between tool-call frequency and TIM470

severity (Section 5.2), this heavier reliance suggests471

that thinking models face higher TIM risk.472

5.5 TIM in Over Half of High-Risk Solutions473

We conduct a targeted manual evaluation to validate474

TIM qualitatively and identify recurring linguistic475

cues that precede it. We focus on high-risk TaLM476

solutions that satisfy three criteria: (1) a correct477

final answer, (2) Base-LLM solution is preferred478

over the TaLM solution in Win Rate judgment, and479

(3) PRM flags errors in the TaLM’s reasoning trace.480

From this filtered set, we select the top 10 sam-481

ples per model ranked by Miss Rate to assess TIM482

presence and characteristic precursor phrases.483

Across models, TIM appears in 54.3% of high-484

risk cases, demonstrating strong alignment be-485

tween our automated metrics. Incidence is higher486

for models with greater tool use (Figure 4), such as487

Claude-Opus-4 and o4-mini, and lower for Gemini488

models. Less capable models often display ex-489

plicit precursor cues (e.g., “one numerically finds,”490

“systematic checks show,” or “let’s verify program-491

matically.”), whereas stronger models like GPT-492

5 silently substitute code outputs for derivations493

(more details and a list of precursor phrases in Ap-494

pendix A.6). These cues are indicative rather than495

definitive and should be interpreted alongside quan-496

titative metrics.497

6 Mitigating TIM Hallucination498

Our evaluation results reveal widespread TIM hal-499

lucinations, where models substitute tool outputs500

for mathematical reasoning. In this section, we501

propose two complementary mitigation strategies502

that encourage models to use the Code Interpreter503

as an assistant to reasoning rather than a substitute.504

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

Base 24.6 48.1 54.4 88.6
TaLM 27.0 49.9 45.6 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.

6.1 Prompting-Based Mitigation 505

We design a lightweight prompting strategy that 506

self-instructs the model to treat tool outputs as rea- 507

soning aids. Specifically, after each problem state- 508

ment, we inject the following instruction: 509

“We should treat code snippets and their 510

execution results only as helpful hints, 511

and derive the solution through mathe- 512

matical reasoning.” 513

This single-sentence intervention promotes mathe- 514

matical thinking over computational shortcuts. 515

6.2 Alignment-Based Mitigation 516

We develop a training-based mitigation strat- 517

egy using Direct Preference Optimization (DPO; 518

(Rafailov et al., 2023)). Due to resource constraints, 519

we focus on fine-tuning a single model (GPT-4.1) 520

to demonstrate the effectiveness of this approach. 521

6.2.1 Preference Data Creation 522

We construct a preference dataset from the training 523

split of PYMATH. For each problem, we generate 524

a chosen-rejected pair, where the chosen solution 525

exhibits high-quality reasoning, and the rejected 526

solution exhibits TIM characteristics. 527

Chosen samples: We generate chosen solutions by 528

applying the prompting strategy from Section 6.1 529

to GPT-4.1, which encourages mathematical rea- 530

soning under tool use. 531

Rejected samples: We generate rejected examples 532

through controlled degradation: given a problem 533

and its corresponding chosen solution, we prompt 534

the same model to rewrite a solution span with 535

excessive reliance on tool outputs, producing a co- 536

herent but tool-dependent solution that omits or 537

abbreviates intermediate reasoning steps. This pro- 538

cess creates naturalistic rejected samples with TIM 539

hallucination (more details in Appendix A.7). 540

6.3 Results 541

Table 3 presents mitigation results on our evalua- 542

tion benchmark. Both mitigation strategies reduce 543

7



TIM hallucination compared to the vanilla TaLM,544

but with distinct trade-offs.545

Prompting intervention. Zero-shot prompting546

substantially improves reasoning without model re-547

training, improving Win Rate from 45.6% to 52.7%548

and slightly reducing Miss Rate (49.9% to 49.4%).549

This improvement comes at a cost to final-answer550

accuracy, which drops from 27.0% to 25.1%, ap-551

proaching the Base-LLM’s 24.6%.552

DPO alignment. The fine-tuned model achieves553

the strongest overall performance: highest final-554

answer accuracy (27.6%, +0.6% over vanilla555

TaLM), highest Win Rate (58.2% vs. 54.4% for the556

Base-LLM), and lowest Miss Rate (46.6%). How-557

ever, PRM accuracy (83.3%) remains below that558

of the Base-LLM (88.6%), suggesting that while559

DPO mitigates global reasoning failures, it does not560

fully restore step-level correctness. Nonetheless,561

these results show that alignment can shift TaLMs562

toward using tools as reasoning aids, improving563

both correctness and reasoning trustworthiness.564

7 Related Work565

Tool-augmented reasoning extends LLMs with ex-566

ternal programmatic interfaces to overcome limita-567

tions of parametric knowledge. Early work, such568

as Toolformer (Schick et al., 2023), showed that569

models can learn when and how to invoke tools,570

while later surveys (Wang et al., 2024; Gou et al.,571

2024) define LLM-used tools and provide broad572

overviews of tool-augmented LMs. This has led573

to the development of diverse tools, such as web574

search (Asai et al., 2024; Lu et al., 2023a), code575

interpreters (Chen et al., 2023; Gao et al., 2023a),576

and domain-specific APIs (Qin et al., 2023).577

Hallucinations in TaLMs. Despite these ad-578

vances, TaLMs exhibit persistent failure modes.579

Prior work has studied tool hallucinations, where580

models misuse or select incorrect tools (Xu et al.,581

2025), as well as factual errors arising from con-582

flicts between parametric and retrieved knowl-583

edge (Sun et al., 2025) or from inaccurate retrieved584

content (Magesh et al., 2024). Other studies high-585

light attribution failures in retrieval-augmented gen-586

eration (Gao et al., 2023b; Liu et al., 2023) and cog-587

nitive offloading, where unrestricted tool access588

suppresses internal reasoning (Qian et al., 2025;589

Wang et al., 2025). In contrast, we show that590

even when tools are correctly invoked and executed,591

TaLMs exhibit Tool-Induced Myopia, which causes592

them to substitute reasoning with computation.593

Evaluating Mathematical Reasoning. Evalu- 594

ation of mathematical reasoning has tradition- 595

ally relied on final-answer accuracy using bench- 596

marks such as GSM8K (Cobbe et al., 2021) 597

and MATH (Hendrycks et al., 2021). However, 598

outcome-based metrics fail to capture reasoning 599

behavior, especially as frontier models approach 600

saturation (Mondorf and Plank, 2024). Recent 601

work has proposed process-level evaluation (Light- 602

man et al., 2023; Zheng et al., 2025), chain-of- 603

thought scoring (Xia et al., 2025; Li et al., 2025), 604

and model-based judges (Zhou et al., 2025; Xu 605

et al., 2025). However, even with competition-level 606

benchmarks (AIM, 2024-2025; He et al., 2024; Gao 607

et al., 2024), existing evaluations remain largely 608

one-dimensional and fail to distinguish robust rea- 609

soning from tool-driven shortcuts. We address this 610

gap with our benchmark and multi-dimensional 611

evaluation suite explicitly designed to surface TIM. 612

Mitigating TaLM Failures. Prior mitiga- 613

tion strategies focus on prompting-based 614

self-correction (Shinn et al., 2023), alignment 615

techniques targeting tool selection and invocation 616

errors (Qin et al., 2024a; Patil et al., 2024; 617

Ross et al., 2025; Xu et al., 2025), and hybrid 618

approaches that combine parametric and non- 619

parametric reasoning (Asai et al., 2024). While 620

effective for tool misuse, these approaches do 621

not address reasoning degradation under correct 622

tool use. Our work introduces interventions 623

that explicitly reward comprehensive analytical 624

reasoning over premature tool reliance, providing 625

the first systematic approach to mitigating TIM. 626

8 Conclusion 627

Investigating tool-augmented reasoning across 628

competition-level math, we show that even with 629

correct tool use, TaLMs exhibit Tool-Induced My- 630

opia (TIM), substituting computation for mathe- 631

matical reasoning. To study this, we introduced 632

PYMATH and a four-dimensional evaluation suite 633

that reveals a consistent pattern across seven fron- 634

tier models: TaLMs improve final-answer accuracy 635

but produce weaker reasoning than Base-LLMs. 636

Error analysis shows fewer arithmetic errors but 637

more logical and assumption errors, especially with 638

increased tool use. Finally, we introduced two mit- 639

igation strategies: prompting and DPO-based pref- 640

erence optimization, which reduce TIM hallucina- 641

tion and improve trustworthy reasoning. 642
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9 Limitations643

While our study provides the first characterization644

of Tool-Induced Myopia (TIM), it also has several645

limitations: First, to ensure precise control over646

tool invocation and execution, we restrict our anal-647

ysis to a single tool, the Code Interpreter. This648

choice eliminates confounds such as API failures649

or retrieval noise, but it limits the generality of our650

findings to other tool types (e.g., search, retrieval,651

or various APIs). Future work should extend this652

framework to a broader range of tools and interac-653

tion settings. Second, our manual investigation of654

TIM occurrence and linguistic precursors is lim-655

ited in scope. While qualitative inspection confirms656

strong alignment with our automated metrics, a657

larger-scale human evaluation, covering more mod-658

els, domains, and annotators, would strengthen the659

robustness and generalizability of these observa-660

tions. Finally, due to computational and resource661

constraints, our mitigation experiments focus ex-662

clusively on the GPT-4.1. Although this choice663

provides a representative case for high-end tool-664

augmented reasoning, reproducing the mitigation665

analyses on additional LLMs remains an important666

direction for validating consistency and scalability.667

10 Ethics Statement668

This work studies the reasoning behavior of tool-669

augmented large language models using pub-670

licly available mathematical problem datasets and671

model-generated outputs. No human subjects were672

involved in data collection, and all qualitative an-673

notations were performed by the authors on model674

outputs only.675

We use proprietary language models accessed676

via official APIs and follow the providers’ usage677

policies. Our analysis focuses on identifying and678

mitigating reasoning failures in tool-augmented679

models, with the goal of improving reliability and680

trustworthiness in deployed systems. We do not681

release any personally identifiable information, and682

all data used or released are either publicly avail-683

able or derived from synthetic model outputs.684

AI assistants, ChatGPT and Claude models,685

were used for writing support and minor editing.686

All scientific contributions, experimental design,687

analysis, and conclusions are the responsibility of688

the authors.689
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Balunović, Nikola Jovanović, and Martin Vechev. 931
2025. Proof or bluff? evaluating llms on 2025 usa 932
math olympiad. Preprint, arXiv:2503.21934. 933

Cheng Qian, Emre Can Acikgoz, Hongru Wang, Xiusi 934
Chen, Avirup Sil, Dilek Hakkani-Tür, Gokhan Tur, 935
and Heng Ji. 2025. SMART: Self-aware agent for 936
tool overuse mitigation. In Findings of the Asso- 937
ciation for Computational Linguistics: ACL 2025, 938
pages 4604–4621, Vienna, Austria. Association for 939
Computational Linguistics. 940

Cheng Qian, Bingxiang He, Zhong Zhuang, Jia Deng, 941
Yujia Qin, Xin Cong, Zhong Zhang, Jie Zhou, Yankai 942
Lin, Zhiyuan Liu, and Maosong Sun. 2024. Tell me 943
more! towards implicit user intention understanding 944
of language model driven agents. In Proceedings 945
of the 62nd Annual Meeting of the Association for 946
Computational Linguistics (Volume 1: Long Papers), 947
pages 1088–1113, Bangkok, Thailand. Association 948
for Computational Linguistics. 949

Yujia Qin, Shengding Hu, Yankai Lin, Weize Chen, 950
Ning Ding, Ganqu Cui, Zheni Zeng, Xuanhe Zhou, 951
Yufei Huang, Chaojun Xiao, Chi Han, Yi Ren Fung, 952
Yusheng Su, Huadong Wang, Cheng Qian, Runchu 953
Tian, Kunlun Zhu, Shihao Liang, Xingyu Shen, and 954
24 others. 2024a. Tool learning with foundation mod- 955
els. ACM Comput. Surv., 57(4). 956

Yujia Qin, Shi Liang, Yining Ye, Kunlun Zhu, Lan Yan, 957
Ya-Ting Lu, Yankai Lin, Xin Cong, Xiangru Tang, 958
Bill Qian, Sihan Zhao, Runchu Tian, Ruobing Xie, 959
Jie Zhou, Marc H. Gerstein, Dahai Li, Zhiyuan Liu, 960
and Maosong Sun. 2023. Toolllm: Facilitating large 961
language models to master 16000+ real-world apis. 962
ArXiv, abs/2307.16789. 963

Yujia Qin, Shihao Liang, Yining Ye, Kunlun Zhu, Lan 964
Yan, Yaxi Lu, Yankai Lin, Xin Cong, Xiangru Tang, 965
Bill Qian, Sihan Zhao, Lauren Hong, Runchu Tian, 966
Ruobing Xie, Jie Zhou, Mark Gerstein, dahai li, 967
Zhiyuan Liu, and Maosong Sun. 2024b. Toolllm: 968
Facilitating large language models to master 16000+ 969

11

https://doi.org/10.18653/v1/2023.findings-emnlp.467
https://doi.org/10.18653/v1/2023.findings-emnlp.467
https://doi.org/10.18653/v1/2023.findings-emnlp.467
https://doi.org/10.1145/3773985
https://doi.org/10.1145/3773985
https://doi.org/10.1145/3773985
https://aclanthology.org/2025.emnlp-main.905/
https://aclanthology.org/2025.emnlp-main.905/
https://aclanthology.org/2025.emnlp-main.905/
https://aclanthology.org/2025.emnlp-main.905/
https://aclanthology.org/2025.emnlp-main.905/
https://doi.org/10.18653/v1/2023.acl-long.817
https://doi.org/10.18653/v1/2023.acl-long.817
https://doi.org/10.18653/v1/2023.acl-long.817
https://arxiv.org/abs/2405.20362
https://arxiv.org/abs/2405.20362
https://arxiv.org/abs/2405.20362
https://doi.org/10.1109/TSE.1976.233837
https://arxiv.org/abs/2404.01869
https://arxiv.org/abs/2404.01869
https://arxiv.org/abs/2404.01869
https://arxiv.org/abs/2404.01869
https://arxiv.org/abs/2404.01869
https://doi.org/10.52202/079017-4020
https://doi.org/10.52202/079017-4020
https://doi.org/10.52202/079017-4020
https://arxiv.org/abs/2503.21934
https://arxiv.org/abs/2503.21934
https://arxiv.org/abs/2503.21934
https://doi.org/10.18653/v1/2025.findings-acl.239
https://doi.org/10.18653/v1/2025.findings-acl.239
https://doi.org/10.18653/v1/2025.findings-acl.239
https://doi.org/10.18653/v1/2024.acl-long.61
https://doi.org/10.18653/v1/2024.acl-long.61
https://doi.org/10.18653/v1/2024.acl-long.61
https://doi.org/10.18653/v1/2024.acl-long.61
https://doi.org/10.18653/v1/2024.acl-long.61
https://doi.org/10.1145/3704435
https://doi.org/10.1145/3704435
https://doi.org/10.1145/3704435
https://api.semanticscholar.org/CorpusID:260334759
https://api.semanticscholar.org/CorpusID:260334759
https://api.semanticscholar.org/CorpusID:260334759
https://proceedings.iclr.cc/paper_files/paper/2024/file/28e50ee5b72e90b50e7196fde8ea260e-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/28e50ee5b72e90b50e7196fde8ea260e-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/28e50ee5b72e90b50e7196fde8ea260e-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/28e50ee5b72e90b50e7196fde8ea260e-Paper-Conference.pdf


real-world apis. In International Conference on970
Representation Learning, volume 2024, pages 9695–971
9717.972

Rafael Rafailov, Archit Sharma, Eric Mitchell, Stefano973
Ermon, Christopher D. Manning, and Chelsea Finn.974
2023. Direct preference optimization: your language975
model is secretly a reward model. In Proceedings976
of the 37th International Conference on Neural In-977
formation Processing Systems, NIPS ’23, Red Hook,978
NY, USA. Curran Associates Inc.979

Hayley Ross, Ameya Sunil Mahabaleshwarkar, and980
Yoshi Suhara. 2025. When2Call: When (not) to call981
tools. In Proceedings of the 2025 Conference of the982
Nations of the Americas Chapter of the Association983
for Computational Linguistics: Human Language984
Technologies (Volume 1: Long Papers), pages 3391–985
3409, Albuquerque, New Mexico. Association for986
Computational Linguistics.987

Timo Schick, Jane Dwivedi-Yu, Roberto Dessí, Roberta988
Raileanu, Maria Lomeli, Eric Hambro, Luke Zettle-989
moyer, Nicola Cancedda, and Thomas Scialom. 2023.990
Toolformer: language models can teach themselves991
to use tools. In Proceedings of the 37th Interna-992
tional Conference on Neural Information Processing993
Systems, NIPS ’23, Red Hook, NY, USA. Curran994
Associates Inc.995

Lin Shi, Chiyu Ma, Wenhua Liang, Xingjian Diao, We-996
icheng Ma, and Soroush Vosoughi. 2025. Judging997
the judges: A systematic study of position bias in998
llm-as-a-judge. Preprint, arXiv:2406.07791.999

Noah Shinn, Federico Cassano, Ashwin Gopinath,1000
Karthik Narasimhan, and Shunyu Yao. 2023. Re-1001
flexion: language agents with verbal reinforcement1002
learning. In Proceedings of the 37th International1003
Conference on Neural Information Processing Sys-1004
tems, NIPS ’23, Red Hook, NY, USA. Curran Asso-1005
ciates Inc.1006

Zhongxiang Sun, Xiaoxue Zang, Kai Zheng, Yang Song,1007
Jun Xu, Xiao Zhang, Weijie Yu, Yang Song, and1008
Han Li. 2025. Redeep: Detecting hallucination in1009
retrieval-augmented generation via mechanistic inter-1010
pretability. Preprint, arXiv:2410.11414.1011

Hongru Wang, Cheng Qian, Wanjun Zhong, Xiusi Chen,1012
Jiahao Qiu, Shijue Huang, Bowen Jin, Mengdi Wang,1013
Kam-Fai Wong, and Heng Ji. 2025. Acting less is1014
reasoning more! teaching model to act efficiently.1015
Preprint, arXiv:2504.14870.1016

Zhiruo Wang, Zhoujun Cheng, Hao Zhu, Daniel Fried,1017
and Graham Neubig. 2024. What are tools any-1018
way? a survey from the language model perspective.1019
Preprint, arXiv:2403.15452.1020

Jerry Wei, Chengrun Yang, Xinying Song, Yifeng Lu,1021
Nathan Hu, Jie Huang, Dustin Tran, Daiyi Peng,1022
Ruibo Liu, Da Huang, Cosmo Du, and Quoc V. Le.1023
2024. Long-form factuality in large language models.1024
In Proceedings of the 38th International Conference1025
on Neural Information Processing Systems, NeurIPS1026
’24, Red Hook, NY, USA. Curran Associates Inc.1027

Shijie Xia, Xuefeng Li, Yixin Liu, Tongshuang Wu, and 1028
Pengfei Liu. 2025. Evaluating mathematical reason- 1029
ing beyond accuracy. In Proceedings of the Thirty- 1030
Ninth AAAI Conference on Artificial Intelligence and 1031
Thirty-Seventh Conference on Innovative Applica- 1032
tions of Artificial Intelligence and Fifteenth Sympo- 1033
sium on Educational Advances in Artificial Intelli- 1034
gence, AAAI’25/IAAI’25/EAAI’25. AAAI Press. 1035

Hongshen Xu, Zichen Zhu, Lei Pan, Zihan Wang, 1036
Su Zhu, Da Ma, Ruisheng Cao, Lu Chen, and Kai 1037
Yu. 2025. Reducing tool hallucination via reliability 1038
alignment. 1039

Yuchen Yan, Jin Jiang, Zhenbang Ren, Yijun Li, 1040
Xudong Cai, Yang Liu, Xin Xu, Mengdi Zhang, Jian 1041
Shao, Yongliang Shen, and 1 others. 2025. Verify- 1042
bench: Benchmarking reference-based reward sys- 1043
tems for large language models. arXiv preprint 1044
arXiv:2505.15801. 1045

Evelyn Yee, Alice Li, Chenyu Tang, Yeon Ho Jung, 1046
Ramamohan Paturi, and Leon Bergen. 2024. Faithful 1047
and unfaithful error recovery in chain of thought. In 1048
First Conference on Language Modeling. 1049

Pengfei Yu and Heng Ji. 2024. Information associa- 1050
tion for language model updating by mitigating LM- 1051
logical discrepancy. In Proceedings of the 28th Con- 1052
ference on Computational Natural Language Learn- 1053
ing, pages 117–129, Miami, FL, USA. Association 1054
for Computational Linguistics. 1055

Chujie Zheng, Zhenru Zhang, Beichen Zhang, Runji 1056
Lin, Keming Lu, Bowen Yu, Dayiheng Liu, Jingren 1057
Zhou, and Junyang Lin. 2025. ProcessBench: Iden- 1058
tifying process errors in mathematical reasoning. In 1059
Proceedings of the 63rd Annual Meeting of the As- 1060
sociation for Computational Linguistics (Volume 1: 1061
Long Papers), pages 1009–1024, Vienna, Austria. 1062
Association for Computational Linguistics. 1063

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan 1064
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin, 1065
Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang, 1066
Joseph E. Gonzalez, and Ion Stoica. 2023. Judging 1067
llm-as-a-judge with mt-bench and chatbot arena. In 1068
Proceedings of the 37th International Conference on 1069
Neural Information Processing Systems, NIPS ’23, 1070
Red Hook, NY, USA. Curran Associates Inc. 1071

Lucen Zhong, Zhengxiao Du, Xiaohan Zhang, Haiyi 1072
Hu, and Jie Tang. 2025. Complexfuncbench: ex- 1073
ploring multi-step and constrained function call- 1074
ing under long-context scenario. arXiv preprint 1075
arXiv:2501.10132. 1076

Zihao Zhou, Shudong Liu, Maizhen Ning, Wei Liu, Jin- 1077
dong Wang, Derek Wong, Xiaowei Huang, Qiufeng 1078
Wang, and Kaizhu Huang. 2025. Is your model really 1079
a good math reasoner? evaluating mathematical rea- 1080
soning with checklist. In International Conference 1081
on Representation Learning, volume 2025, pages 1082
34238–34281. 1083

12

https://proceedings.iclr.cc/paper_files/paper/2024/file/28e50ee5b72e90b50e7196fde8ea260e-Paper-Conference.pdf
https://doi.org/10.18653/v1/2025.naacl-long.174
https://doi.org/10.18653/v1/2025.naacl-long.174
https://doi.org/10.18653/v1/2025.naacl-long.174
https://arxiv.org/abs/2406.07791
https://arxiv.org/abs/2406.07791
https://arxiv.org/abs/2406.07791
https://arxiv.org/abs/2406.07791
https://arxiv.org/abs/2406.07791
https://arxiv.org/abs/2410.11414
https://arxiv.org/abs/2410.11414
https://arxiv.org/abs/2410.11414
https://arxiv.org/abs/2410.11414
https://arxiv.org/abs/2410.11414
https://arxiv.org/abs/2504.14870
https://arxiv.org/abs/2504.14870
https://arxiv.org/abs/2504.14870
https://arxiv.org/abs/2403.15452
https://arxiv.org/abs/2403.15452
https://arxiv.org/abs/2403.15452
https://doi.org/10.1609/aaai.v39i26.34987
https://doi.org/10.1609/aaai.v39i26.34987
https://doi.org/10.1609/aaai.v39i26.34987
https://arxiv.org/abs/2412.04141
https://arxiv.org/abs/2412.04141
https://arxiv.org/abs/2412.04141
https://openreview.net/forum?id=IPZ28ZqD4I
https://openreview.net/forum?id=IPZ28ZqD4I
https://openreview.net/forum?id=IPZ28ZqD4I
https://doi.org/10.18653/v1/2024.conll-1.10
https://doi.org/10.18653/v1/2024.conll-1.10
https://doi.org/10.18653/v1/2024.conll-1.10
https://doi.org/10.18653/v1/2024.conll-1.10
https://doi.org/10.18653/v1/2024.conll-1.10
https://doi.org/10.18653/v1/2025.acl-long.50
https://doi.org/10.18653/v1/2025.acl-long.50
https://doi.org/10.18653/v1/2025.acl-long.50
https://proceedings.iclr.cc/paper_files/paper/2025/file/54d2d38a56a74387d5916ee40e462295-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2025/file/54d2d38a56a74387d5916ee40e462295-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2025/file/54d2d38a56a74387d5916ee40e462295-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2025/file/54d2d38a56a74387d5916ee40e462295-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2025/file/54d2d38a56a74387d5916ee40e462295-Paper-Conference.pdf


A Appendix1084

A.1 PYMATH Data Curation1085

The prompt used for filtering mathematical prob-1086

lems is shown in A.1. We use GPT-5 as the LLM-1087

as-a-judge to make a binary classification decision1088

per problem, a setting where LLMs have been1089

shown to perform reliably (Gu et al., 2025).1090

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?

• 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": "",

1091

"verification_needs": "",
"techniques_required": ""

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

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

1092

A.2 Win Rate Evaluation Prompt 1093

The prompt used by GPT-5 for Win Rate evaluation 1094

is shown below. 1095

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,

1096
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"explanation": ""},
"algebra_arithmetic": {"score": 0-5,

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

},
"best_solution": "A or B"

}
1097

A.3 Miss Rate Evaluation Prompt1098

The prompt used by GPT-5 for Miss Rate evalua-1099

tion is shown below.1100

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>"

}
],
"missing_steps": [

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

that is absent>"
}

]
}

1101

A.4 Code Complexity Does Not Explain TIM1102

If TIM were driven by the complexity of gener-1103

ated code, we would expect strong correlations be-1104

tween code complexity and reasoning behavior. We1105

investigate this hypothesis by measuring whether1106

the complexity of TaLM-generated code correlates1107

with TIM severity. We measure code complexity1108

using two standard metrics (Dou et al., 2024; Chen1109

et al., 2024): (1) Line of Code (Boehm, 1981) (aver-1110

age lines per code block), and (2) Cyclomatic Com-1111

plexity (McCabe, 1976), which counts the num- 1112

ber of linearly independent execution paths. We 1113

compute Pearson correlations between these com- 1114

plexity metrics and TaLM’s Miss Rate in Figure 5. 1115

Overall, we find no statistically significant correla- 1116

tion between Miss Rate and either complexity met- 1117

ric: Lines of Code correlations range from −0.09 1118

to 0.22, and Cyclomatic Complexity correlations 1119

from −0.03 to 0.26. Although a few models show 1120

marginal correlations (p < 0.10), these effects are 1121

weak and inconsistent across models. Together, 1122

these results indicate that syntactic or structural 1123

code complexity does not drive TIM. 1124

A.5 Prevalent Error Types Annotation 1125

Prompt 1126

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"

1127
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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"
}

}
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A.6 Qualitative Analysis of High-Risk1129

Solutions1130

We conducted a human evaluation (Section 5.5) to1131

assess the reliability of our evaluation suite in de-1132

tecting TIM hallucinations in LLM-generated solu-1133

tions. Annotations were performed by the paper’s1134

authors, who independently verified the presence1135

of TIM and extracted phrases that preceded or sig-1136

naled its occurrence; disagreements were resolved1137

through discussion, resulting in high annotation1138

consistency.1139

Our findings indicate that more than half of1140

the examined solutions exhibit TIM behavior.1141

For each instance, human annotators verified the1142

presence of TIM and extracted phrases that pre-1143

ceded or signaled its occurrence. Table 4 lists1144

the most recurrent phrase patterns identified in1145

these cases. Phrases were grouped using a greedy1146

fuzzy clustering approach (Levenshtein, 1966),1147

where each phrase was compared to existing1148

cluster representatives based on the normalized1149

difflib.SequenceMatcher2 similarity ratio and1150

merged when the similarity exceeded a threshold1151

of 0.8.1152

Below, we present several representative exam-1153

ples in which TIM was manifested.1154

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.”

1155

15

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


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 4: 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.

1156

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

1157
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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.

1158

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,

1159

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.

1160

A.7 Preference Optimization Framework 1161

A.7.1 Preference Dataset Creation 1162

To construct negative (rejected) samples, we in- 1163

struct the same model we want to train (GPT-4.1) 1164

to rewrite a specific text span within the positive 1165

solution. A text span is defined as any segment 1166

of text immediately following a code block. For 1167

17



each positive solution, we select the two longest1168

spans, as they typically contain richer reasoning1169

content and thus more opportunities to omit inter-1170

mediate steps or create reliance on tool outputs. We1171

set the generation temperature to 0.6 and produce1172

two rewritten candidates per span, retaining only1173

those that preserve the same intermediate and final1174

results. The full instruction prompt is shown be-1175

low. We emphasize that fine-tuning is performed1176

exclusively on pairs where both chosen/rejected1177

responses reach the correct final answer, to isolate1178

and model the TIM phenomenon.1179

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).

1180

A.7.2 Experimental Setup 1181

We apply Direct Preference Optimization (DPO; 1182

Rafailov et al. (2023)) to fine-tune GPT-4.1 using 1183

the constructed preference dataset. The model is 1184

trained via OpenAI’s fine-tuning dashboard3 for 1185

one epoch. The best results on a small-scale de- 1186

velopment set (82 samples) are obtained with a 1187

learning rate multiplier of 0.2, a batch size of 4, 1188

and a β (KL-regularization strength) of 0.5. Ac- 1189

cording to OpenAI’s documentation, larger β val- 1190

ues yield more conservative updates, preserving 1191

behavior closer to the original model. 1192

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