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Abstract001

Large reasoning models (LRMs) have achieved002
strong performance enhancement through scal-003
ing test time computation, but due to the in-004
herent limitations of the underlying language005
models, they still have shortcomings in tasks006
that require precise computation and extensive007
knowledge reserves. Tool-Integrated Reason-008
ing (TIR) has emerged as a promising paradigm009
that incorporates tool call and execution within010
the reasoning trajectory. Although recent works011
have released some powerful open-source TIR012
models, our analysis reveals that these mod-013
els still suffer from critical deficiencies. We014
find that when the reasoning of the model con-015
flicts with the tool results, the model tends to016
believe in its own reasoning. And there are017
cases where the tool results are correct but are018
ignored by the model, resulting in incorrect019
answers, which we define as “Tool Ignored”.020
This indicates that the model does not know021
when to trust or ignore the tool. To overcome022
these limitations, We introduce Adaptive Tool023
Trust Calibration (ATTC), a novel framework024
that guides the model to adaptively choose to025
trust or ignore the tool results based on the con-026
fidence score of generated code blocks. The027
experimental results from various open-source028
TIR models of different sizes and across multi-029
ple datasets demonstrate that ATTC effectively030
reduces the “Tool Ignored” issue, resulting in a031
performance increase of 4.1% to 7.5%.032

1 Introduction033

The rapid evolution of Large Reasoning Models034

(LRMs) (OpenAI et al., 2024; DeepSeek-AI et al.,035

2025a; Yang et al., 2025; Team et al., 2025; Co-036

manici et al., 2025) represents a transformative037

milestone in the history of Large Language Mod-038

els (LLMs). By scaling test-time computation (Ji039

et al., 2025), these models have achieved substan-040

tial performance gains in handling challenging rea-041

soning tasks. Unlike conventional LLMs that typi-042

cally generate responses in a direct, LRMs engage043

The smallest distance between the origin and a point on
 the graph of y = 1

2
𝑥2 − 9 can be expressed as 𝑎. Find 𝑎2.

Question 

Vanilla TIR's response

To find the smallest distance between the origin \((0,0)\) .<omitted>
The minimum value of \(D^2\) is 18. Therefore, \(a^2 = 18\).Let's verify this
with Python code to ensure the accuracy of the result.

```python
import sympy as sp
# Define the variable
x = sp.symbols('x')
<omitted>
print(min_value)
```

```output
17.0000000000000
```

Let's carefully re-evaluate the steps again manually:<omitted>The minimum
value of \( D^2 \) is 18, so \( a^2 = 18 \).
It seems the manual calculation was correct after all. The value of \( a^2 \) is
indeed \( 18 \). Therefore, the final answer is:
\[\boxed{18}\]

Reasoning

Code Block

Tool Call

Reasoning and Arrive at Final Answer

Reasoning Flase!

Tool Ture!

Figure 1: Case of the “Tool Ignored” phenomenon. The
model arrive at an incorrect answer of 18 through rea-
soning, while the tool provide the correct result of 17.
The model ignore the tool and give an incorrect answer.

in long Chain-of-Thought (CoT) reasoning before 044

generating an answer. This shift toward a system- 045

atic deliberation process allows the model to refine 046

its logic and arrive at more robust final outputs. 047

Nevertheless, LRMs are still constrained by the 048

inherent limitations of the underlying language 049

models (Zhao et al., 2025; Yue et al., 2025), most 050

notably in areas requiring precise numerical compu- 051

tation and comprehensive knowledge coverage. To 052

mitigate these limitations, Tool-Integrated Reason- 053

ing (TIR) (Gou et al., 2024; Wang et al., 2023; Liao 054

et al., 2024) has emerged as a promising paradigm 055

that incorporates tool call and execution within 056

the reasoning trajectory. By incorporating exter- 057

nal tools such as code executors and search en- 058

gines, TIR empowers models to transcend the per- 059

formance bottlenecks of purely reasoning. 060

Early works in TIR primarily rely on prompt 061
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engineering (Wang et al., 2025; Yuan et al., 2024;062

Qian et al., 2024; Chen et al., 2023; Yang et al.,063

2024b) to guide LLMs in tool call. However, these064

approaches are heavily dependent on meticulously065

crafted prompts, which limit their scalability and066

generalizability. Some later works use supervised067

finetuning (Chen et al., 2025; Qian et al., 2025;068

Yang et al., 2024a; Yao et al., 2023; Wang et al.,069

2023) to internalize the behavior pattern of the070

model actively calling tools in reasoning by train-071

ing models on specialized datasets enriched with072

tool call demonstrations. Nevertheless, SFT-based073

methodologies exhibit inherent limitations, as they074

constrain models to strictly adhere to the tool usage075

patterns present in the training data distribution,076

these models often fail to develop adaptive strate-077

gies. To address these issues, several recent works078

focus on applying reinforcement learning (Feng079

et al., 2025; Li et al., 2025; Jiang et al., 2025;080

Bai et al., 2025; Xue et al., 2025) to improve the081

tool use ability of models. These works enable the082

model to have more flexible strategies when calling083

tools based on the complexity of the task.084

In this study, we specifically focus on the appli-085

cation of TIR in scenarios where code executors086

are utilized as the tool. Although existing works087

have enabled the models to perform TIR, our anal-088

ysis reveals that existing open-source TIR models089

still suffer from critical deficiencies. Most notably,090

there remains a persistent struggle to achieve an091

optimal balance between external tool result and092

reasoning. By analyzing the reasoning trajectories093

of TIR models, we observe a widespread contradic-094

tion between the models’ reasoning and the results095

provided by external tools in false cases. When096

such conflicts arise, models often lack a robust097

mechanism to reconcile the divergent information,098

frequently opting to ignore the tool’s output. As099

shown in Figure 1, the model fails to arrive at the100

correct answer specifically because it ignores a101

valid tool result, we define this phenomenon as102

“Tool Ignored”. This behavior indicates that current103

TIR models struggle to accurately discern when to104

trust or dismiss tool result, leading to redundant105

reasoning paths and erroneous conclusions.106

To overcome these limitations, we propose Adap-107

tive Tool Trust Calibration (ATTC), a novel frame-108

work that guides the model to adaptively choose109

to trust or ignore the tool results based on the con-110

fidence score of generated code blocks. When a111

model calling tool is detected, ATTC will score112

the code blocks generated by the model based on113

a specific confidence scoring formula. If the con- 114

fidence score is greater than the empirically deter- 115

mined threshold, ATTC will guide the model to 116

trust the tool results, otherwise ATTC will guide 117

the model to rethink. We conduct extensive ex- 118

periments across multiple open-source TIR models, 119

and the experimental results decisively demonstrate 120

that ATTC effectively reduces the “Tool Ignored” 121

issue, resulting in a performance increase of 4.1% 122

to 7.5%. 123

Overall, our contributions are as follows: 124

• We find that the TIR model does not know when 125

to trust the results of the tool and define the “Tool 126

Ignored” issue. 127

• We propose a novel framework ATTC for tool- 128

integrated reasoning that guides the model to 129

adaptively choose to trust or ignore the tool re- 130

sults based on the confidence score of generated 131

code blocks. 132

• Extensive experiments conducted on open-source 133

TIR models of various sizes demonstrate that 134

ATTC improves the performance of the models. 135

2 Phenomenon Analysis 136

2.1 Contradictions of Reasoning and Tools 137

After careful observation of many trajectories of 138

Tool-Integrated Reasoning, we observe that the con- 139

clusions produced by the model’s reasoning are 140

not always consistent with the outputs returned by 141

external tools, in fact conflicts between the two 142

arise frequently. To determine the exact propor- 143

tion of such conflicting instances and to charac- 144

terize their resolution, we conduct an LLM-based 145

audit of more than 32k cases followed by a detailed 146

quantitative evaluation. Specifically, we measure 147

the prevalence of conflicts separately in true and 148

false cases. In cases of conflict, we further analyze 149

whether the model tends to rely on its own reason- 150

ing or defer to tool outputs. The prompts used to 151

guide this analysis are provided in the Appendix B. 152

Figure 2 shows that a significant proportion, be- 153

tween 40% and 60%, of the false cases display a 154

contradiction between the model’s reasoning and 155

the output from the external tool. In over half of the 156

conflicting scenarios, the model exhibits a strong 157

tendency to trust its own reasoning over the results 158

produced by the tool. This pattern reveals a sig- 159

nificant limitation in the model’s meta-cognition, 160

specifically its inability to effectively determine 161

when to trust the output returned by the tool com- 162

pared to its own reasoning results. 163
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Figure 2: The proportion of contradictions between
model reasoning and tool results in true and false cases.
The color proportions in the column indicate the pro-
portion that the model chooses to believe in its own
reasoning or tool results.

2.2 Tool Ignored164

By examining a large set of false cases exhibiting165

reasoning tool contradictions, we identify a coun-166

terintuitive failure mode: when a conflict arises, the167

tool output is correct, yet the model ignores it and168

instead adheres to its own reasoning, producing169

an incorrect answer. We name this failure mode170

as “Tool Ignored”. This phenomenon indicates a171

systematic preference for self-generated reasoning172

over externally provided evidence, which prevents173

the model from fully leveraging tool augmentation174

and ultimately degrades task accuracy. A specific175

case is shown in Figure 1.176

To assess the prevalence of this failure mode,177

we conduct a systematic analysis of false cases178

across four distinct models and four challenging179

datasets. The results summarized in Figure 3 show180

that in every model–dataset combination, “Tool Ig-181

nored” accounts for at least 15% of errors. This182

phenomenon undermines both accuracy and com-183

putational efficiency. When a verifiably correct184

tool output is ignored, the model often tends to185

generate redundant reasoning steps or tool calls,186

yielding an incorrect prediction while incurring un-187

necessary computational cost. It is also important188

to avoid blindly accepting the results generated by189

tools. Therefore, the key challenge is to endow the190

model with meta-cognitive calibration to decide191

when to trust an external tool and when to rely on192

its reasoning.193

3 Methodology194

3.1 Preliminaries195

In this work, we consider a Tool-Integrated Rea-196

soning (TIR) setting where a language model inter-197
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Figure 3: Proportion of “Tool Ignored” phenomenon of
different TIR models on four datasets.

acts with an external Python execution environment 198

during test-time reasoning. Under this particular 199

paradigm, code generation is selectively and au- 200

tonomously triggered by the model during its rea- 201

soning process. Crucially, the model is trained to 202

learn how to effectively leverage this generated 203

code to assist, augment, and validate its reasoning 204

capabilities. 205

Formally, the TIR model maintains a reasoning 206

trajectory T (t) at iteration t as: 207

T (t) =
{
(r(1), c(1), o(1)), . . . , (r(t), c(t), o(t))

}
(1) 208

where r(t) denotes the natural language reasoning, 209

c(t) represents the generated executable code, and 210

o(t) is the execution result returned by the exter- 211

nal environment. The iterative generation process 212

follows: 213

(r(t), c(t)) ∼ Mtir

(
Q, T (t−1)

)
(2) 214

o(t) = E
(
c(t)
)

(3) 215

T (t) = T (t−1) ∪
{
(r(t), c(t), o(t))

}
(4) 216

Given the input prompt Q and the accumulated 217

trajectory T (t−1), the TIR model Mtir continues to 218

generate. The generated code is then executed by 219

an external code execution environment E to obtain 220

the corresponding output. This iterative process 221

continues until a termination condition is satisfied, 222

at which point the model produces the final answer. 223

To address the “Tool Ignored” phenomenon dis- 224

cussed in Section 2, we introduce the Adaptive 225

Tool Trust Calibration (ATTC) method to guide the 226

TIR model on whether to trust or ignore the tool in 227

the next section. 228
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Figure 4: An overview of the Adaptive Tool Trust Calibration (ATTC) method.

3.2 Adaptive Tool Trust Calibration229

The main idea behind ATTC is that the model’s230

confidence in its generated code block indicates231

how sufficient its prerequisite reasoning is before232

making a tool call. We observe that code blocks233

resulting from incomplete or flawed reasoning pro-234

cesses tend to exhibit markedly lower confidence235

levels. Conversely, when the preceding thought236

process is comprehensive and logically sound, the237

model generates code with a significantly higher238

degree of certainty. Specific quantitative experi-239

ments can be found in Section 4.3. This pattern240

suggests that the TIR model implicitly recognizes241

the trustworthiness of the tool’s potential output but242

lacks the explicit mechanism to utilize this aware-243

ness in its ongoing reasoning, frequently leading to244

erroneous trust or ignorance of tool results. ATTC245

is designed to bridge this gap by converting this im-246

plicit awareness into an explicit, actionable control247

signal.248

As shown in Figure 4, ATTC involves three de-249

signs to determine whether to trust tool: tool call250

monitor, confidence evaluator, tool trust recalibrate.251

Tool Call Monitor Within the ATTC framework,252

the tool call monitor module is responsible for ac-253

tively supervising the model’s generation stream.254

Due to the generation paradigm of TIR model, we255

use a rule-based monitor method. Specifically,256

the tool call monitor detects a tool call and sub-257

sequently suspends the model’s generation flow258

when dedicated markers, such as “ ```output” or 259

“<tool_result>” are encountered. Simultaneously, 260

we utilize the module to extract the code block 261

generated by the model, which is usually enclosed 262

within specific delimiters such as “```python ```” 263

or “<python> </python>”, for use in downstream 264

system processes. The code block for iteration t 265

is as follows: c(t) = [c(t)0 , c(t)1 , c(t)2 , ..., c(t)n ], where 266

c
(t)
i denotes a token in the code block. 267

Confidence Evaluator The confidence evalua- 268

tor is designed to compute the confidence of the 269

model-generated code block. Specifically, it de- 270

fines the confidence of an individual token as the 271

maximum predicted probability assigned to that 272

token by the model. The i-th token c
(t)
i in the code 273

block corresponds to the k-th token generated by 274

Mtir at iteration t. To derive a single measure for 275

the entire code block, the overall confidence score 276

is then computed as the geometric mean of these 277

token-level confidence scores across all constituent 278

tokens, the confidence C at iteration t is calculated 279

as follows: 280

p(c
(t)
i ) = softmax(Htir

(
Q, T (t−1)

)
)k (5) 281

C =

(
n∏

i=1

max p(c
(t)
i )

)1/n

(6) 282

where Htir is the language model head at the final 283

layer of the TIR model Mtir. The calculation of 284
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Model MATH 500 Minerva Math Olympiad AIME24 AMC23 Avg

Models based on Qwen2.5-7B

Qwen2.5-Math-7B-Instruct 80.2 26.8 41.6 30.0 52.5 46.2
+ATTC 82.8 29.0 50.5 30.0 67.5 52.0+5.8

ToRL-7B 82.2 33.5 49.9 43.3 65.0 54.8
+ATTC 84.8 43.8 52.4 46.7 72.5 60.0+5.2

Effective TIR-7B 82.8 30.5 51.9 42.3 70.0 55.5
+ATTC 85.8 42.3 53.5 46.7 77.5 61.2+5.7

VerlTool-7B 82.0 31.6 49.8 40.0 67.5 54.2
+ATTC 83.4 44.1 50.5 43.3 70.0 58.3+4.1

SimpleTIR-7B 82.1 30.1 47.4 46.7 75.0 56.3
+ATTC 83.2 46.7 49.2 50.0 77.5 61.3+5.0

Models based on Qwen2.5-32B

Qwen2.5-32B-Instruct 81.2 40.1 45.8 20.0 60.0 49.4
+ATTC 83.4 41.5 47.3 30.0 72.5 54.9+5.5

ReTool-32B 84.6 30.5 60.1 53.3 80.0 61.7
+ATTC 87.4 36.8 62.5 66.7 92.5 69.2+7.5

SimpleTIR-32B 85.2 33.8 53.8 50.0 80.0 60.6
+ATTC 88.2 36.8 56.9 56.7 85 64.7+4.1

Models based on Qwen3-4B

Qwen3-4B-Instruct 55.0 15.4 30.5 20.0 37.5 31.7
+ATTC 56.8 18.0 31.7 26.7 47.5 36.1+4.4

ReTool-4B 57.0 16.2 27.7 16.7 42.5 32.0
+ATTC 61.8 23.9 32 16.7 52.5 37.4+5.4

DemyAgent-4B 71.4 17.3 51.9 40.0 75.0 51.1
+ATTC 79.4 22.4 53.5 43.3 77.5 55.2+4.1

Table 1: Pass@1 performance of the proposed ATTC method across various tool integrated reasoning models on
various math benchmarks.

C utilizes the geometric mean, a choice driven by285

its sensitivity to low probability values, effectively286

reflecting the impact of tokens with lower confi-287

dence levels. In addition, geometric mean naturally288

has scale invariance, which can avoid bias caused289

by sequence length or probability scale changes,290

and is more suitable as an indicator to measure the291

overall confidence level of the code block.292

Tool Trust Recalibration Finally, the compari-293

son between the confidence score C and the empiri-294

cally determined threshold λ governs whether the295

TIR model should trust the tool result. If C ≥ λ,296

the current tool result is deemed trustworthy, and297

a specific trust control signal is injected. This sig-298

nal explicitly directs the model to accept the tool’s299

output and give the answer based on that result.300

Conversely, if C < λ, the model is not instructed301

to completely disregard the tool output. Instead, a302

rethink control signal is injected, which explicitly303

guides the model to utilize the tool result to criti-304

cally reflect upon its prior reasoning and generated305

code, thus necessitating a full reconsideration of306

the entire inferential process. For detailed prompts, 307

please refer to Appendix D. 308

4 Experiments 309

4.1 Experimental Setup 310

Benchmarks and Metrics To comprehensively 311

evaluate the tool integrated reasoning capabilities 312

of LLMs, We evaluate on multiple mathematical 313

benchmarks: MATH-500 (Hendrycks et al., 2021), 314

Minerva (Lewkowycz et al., 2022), Olympiad (He 315

et al., 2024), AIME24 and AMC23. The primary 316

evaluation metric is Accuracy, which measures the 317

proportion of correct final answers, calculated as 318

the average pass@1 score. In addition, we employ 319

two auxiliary metrics, Token Count and Time Use, 320

representing the average number of tokens gener- 321

ated per sample and the average inference time per 322

sample, respectively. They are used as indicators 323

of the efficiency of tool-integrated reasoning. 324

Models We apply our method to a series of open- 325

source TIR models trained through reinforcement 326
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Model MATH 500 Minerva Olympiad AIME24 AMC23 Avg
Tok↓ Time↓ Tok↓ Time↓ Tok↓ Time↓ Tok↓ Time↓ Tok↓ Time↓ Tok↓ Time↓

Models based on Qwen2.5-7B

EffectiveTIR-7B 1195 241 838 120 1203 318 1638 129 1503 78 1275 177
+ATTC 833 177 901 119 1283 316 1636 126 1398 71 1210-5% 161-9%

SimpleTIR-7B 1538 389 2683 373 2774 624 4444 278 2737 241 2835 381
+ATTC 1316 323 2534 328 2898 653 3723 206 2428 165 2579-9% 335-12%

Models based on Qwen2.5-32B

ReTool-32B 1476 469 1927 422 2316 804 3080 265 2126 200 2185 432
+ATTC 1429 406 1800 360 2042 650 2705 259 1878 184 1970-10% 371-14%

SimpleTIR-32B 1377 425 1849 368 2430 636 2865 281 1770 201 2058 382
+ATTC 1204 393 1472 320 2124 666 2865 236 1520 186 1837-11% 360-6%

Table 2: Efficiency performance of the proposed ATTC method across various tool integrated reasoning models on
various math benchmarks. "Tok" denotes the average token count for a single question. "Time" denotes the average
single reasoning time of each benchmark, and the unit is seconds. ↓ indicates that lower values are better.

learning. Some of them are based on Qwen2.5-327

7B, such as ToRL-7B (Li et al., 2025), VerlTool-328

7B (Jiang et al., 2025), Effective TIR-7B (Bai329

et al., 2025) and SimpleTIR-7B (Xue et al., 2025).330

There are also some based on Qwen2.5-32B and331

Qwen3-4B, such as ReTool-32B (Feng et al., 2025),332

SimpleTIR-32B, DemyAgent-4B (Yu et al., 2025b)333

and so on. We also conducted experiments on the334

TIR mode of the base models.335

Implementation Details All experiments are336

conducted using the vLLM framework. For the337

decoding strategy, we align the temperature and338

top-p settings with the optimal settings provided in339

the corresponding model’s paper. Please refer to340

the Appendix C for specific settings. We conduct341

experiments with 3 random seeds and report the342

average pass@1 results.343

4.2 Experimental Results344

Effectiveness Experiment The results in Ta-345

ble 1 show that ATTC consistently outperforms the346

vanilla tool-integrated reasoning across three model347

sizes and five benchmark datasets. As evidenced by348

the experimental results, the performance enhance-349

ments delivered by ATTC are comprehensive and350

consistent. ATTC enhances model performance by351

an average of 4.1% to 7.5% across five different352

datasets. Across five benchmarks of varying diffi-353

culty, ATTC consistently demonstrates significant354

performance improvements, indicating that its ef-355

fectiveness is independent of dataset complexity.356

As detailed in Section 2, TIR models systematically357

exhibit the “Tool Ignored” failure mode and often358

lack calibrated criteria for when to trust external359

tools. ATTC addresses this limitation by instruct- 360

ing the model on whether to trust tool outputs or 361

the model’s reasoning, thereby improving accuracy 362

across diverse tasks. ATTC clearly offers advan- 363

tages across three different model scales, showing 364

its effectiveness regardless of model size. Its ben- 365

efits are not dependent on the model’s reasoning 366

capabilities or internal representations. Instead, 367

they stem from optimizing the interaction between 368

the model and the tool, as well as improving the 369

utilization of the tool. These results indicate that 370

ATTC serves as a general, training-independent 371

framework for effective tool use. 372

Efficiency Experiment The results presented 373

in Table 2 demonstrate the token and time con- 374

sumption of the ATTC approach across various 375

TIR model sizes on five distinct datasets. Over- 376

all, ATTC successfully reduces both token and 377

time consumption in the vast majority of scenar- 378

ios. Although a few isolated cases show negligible 379

increases, ATTC leads to significant average effi- 380

ciency gains. Specifically, it results in an average 381

reduction of 5% to 9% in token consumption and 382

9% to 28% in time consumption per model. This 383

indicates that ATTC substantially enhances the op- 384

erational efficiency of TIR models across various 385

scales and tasks. 386

4.3 Analysis and Discussion 387

Robustness of Threshold λ Figure 5 illustrates 388

the average performance of ATTC on five datasets 389

under varying settings of the threshold λ. The re- 390

sults indicate that when λ is set too low, the model 391

completely trusts the tool, leading to a significant 392
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Figure 5: Average performance of ATTC on five datasets
under varying settings of the threshold λ.
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Figure 6: The linear relationship between PRM score
and confidence score.

decrease in overall accuracy. Conversely, setting393

λ too high causes the model to ignore the tool en-394

tirely, also resulting in diminished performance.395

Importantly, our method exhibits robustness to λ396

within the range of 0.93 to 0.98, suggesting that397

fine-grained hyperparameter tuning is not strictly398

required. The experimental results presented in399

Table 1 uniformly utilized λ = 0.96. The consis-400

tently strong performance across these diverse ex-401

periments further validates the generalization abil-402

ity and robustness of the ATTC approach.403

Code Confidence and Reasoning Sufficiency404

To investigate the relationship between a model’s405

confidence scores assigned to self-generated code406

blocks and its preceding reasoning process, we em-407

ploy a process reward model (PRM) to evaluate408

the sufficiency and rationality of the intermediate409

reasoning. Specifically, we adopt Universal-PRM-410

7B (Tan et al., 2025) as the PRM. As shown in411

Figure 6, the PRM scores of the model’s preceding412

reasoning are largely proportional to the confidence413

scores of the corresponding code blocks. This ob-414
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Figure 7: Average number of tool calls per question for
four models under the Vanilla and ATTC settings.
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Figure 8: The proportion of “Tool Ignored” among false
cases for four models across five datasets under the
Vanilla and ATTC settings.

servation indicates that the confidence scores as- 415

sociated with code blocks can effectively reflect 416

the sufficiency and rationality of the model’s prior 417

reasoning process. 418

Tool Call Turns Figure 7 illustrates the average 419

number of tool calls per question for four models 420

under the Vanilla and ATTC settings. We observe 421

that ATTC does not substantially reduce the overall 422

number of tool calls, its effect is more pronounced 423

for models that tend to perform multiple rounds 424

of tool usage. This behavior aligns with ATTC’s 425

design motivation, which focuses on eliminating 426

unnecessary and redundant tool calls while main- 427

taining essential ones rather than aggressively min- 428

imizing all tool calls. 429

Tool Ignored Mitigation Figure 8 shows the pro- 430

portion of “Tool Ignored” among false cases for 431

four models across five datasets under the Vanilla 432

and ATTC settings. We observe that ATTC substan- 433

tially alleviates the “Tool Ignored” phenomenon, 434

demonstrating the effectiveness of the proposed 435

method. The specific case of ATTC alleviating 436
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ATTC's response

To find the smallest distance between the origin and a point <omitted>
Therefore, the minimum distance squared \( D^2 \) is 18. So, \( a^2 = 18 \).
Let's verify this with Python code to ensure the result is accurate.

```python
import sympy as sp
# Define the variable
x = sp.symbols('x')
<omitted>
print(min_value)
```

I have great confidence in the code above, i should believe the code execution
result.It appears that I made an error in my manual calculations.<omitted>So, the
smallest distance squared \( D^2 \) is 17, and thus \( a^2 = 17 \).
Therefore, the final answer is:\[ \boxed{17} \]

Reasoning

Code Block

Tool Call
```output
17.0000000000000
```

Reasoning and Arrive at Final Answer

0.974

Confidence Score

Tool Trust Recalibrate 

The smallest distance between the origin and a point on
 the graph of y = 1

2
𝑥2 − 9 can be expressed as 𝑎. Find 𝑎2.

Question 

Figure 9: Case of the same problem optimized by ATTC.
The model arrive at an incorrect answer of 18 through
reasoning, while the tool provide the correct result of
17. The model trust the tool and give an correct answer.

“Tool Ignored” is shown in Figure 9. Although437

ATTC greatly decreases the number of issues, there438

are still some cases where “Tool Ignored” appears.439

This is due to the inherent tendency of large lan-440

guage models to hallucinate, which makes it dif-441

ficult for them to completely follow the guidance442

provided by ATTC. Addressing this limitation may443

require further investigation in future research.444

5 Related work445

5.1 Tool Integrated Reasoning446

Tool-Integrated reasoning (TIR) (Gou et al., 2024;447

Wang et al., 2023; Liao et al., 2024) is an advanced448

paradigm that seamlessly incorporates the call and449

execution of external tools into the reasoning pro-450

cess. By leveraging external tools such as code451

executors and search engines, TIR enables LLMs452

to transcend the inherent limitations of purely rea-453

soning(Lin and Xu, 2025). Early works in TIR pri-454

marily relied on prompt engineering (Wang et al.,455

2025; Yuan et al., 2024; Qian et al., 2024; Chen456

et al., 2023; Yang et al., 2024b) to guide LLMs in457

tool call. However, these approaches were heav-458

ily rely on meticulously crafted prompts, which459

limited their scalability and generalizability. Some460

later works used supervised finetuning (Chen et al.,461

2025; Qian et al., 2025; Gou et al., 2024; Liao et al.,462

2024; Schick et al., 2023) to solidify the behavior463

pattern of the model actively calling tools in reason- 464

ing. Qwen2.5-Math-Instruct (Yang et al., 2024a) 465

, ReAct (Yao et al., 2023) and MathCoder (Wang 466

et al., 2023) advances this paradigm by training 467

models on specialized datasets enriched with tool 468

call demonstrations. Through finetuning, the model 469

transitions from passive response to proactive tool 470

call during the reasoning process, where it can au- 471

tonomously trigger external tools and seamlessly 472

integrate the returned execution results to sustain 473

the reasoning trajectory. 474

5.2 RL for Tool Integrated Reasoning 475

SFT-based methods exhibit inherent limitations, as 476

they constrain models to strictly adhere to the tool 477

usage patterns present in the training data distribu- 478

tion, these models often fail to develop adaptive 479

strategies based on the difficulty of the task. Sev- 480

eral recent works focus on applying reinforcement 481

learning(Shao et al., 2024; DeepSeek-AI et al., 482

2025b; Yu et al., 2025a; Liu et al., 2025; Zeng 483

et al., 2025) to address these issues. ReTool (Feng 484

et al., 2025) proposes an automated RL paradigm 485

that allows policy rollouts with multi-turn code ex- 486

ecution. ToRL (Li et al., 2025) enables models 487

to discover optimal strategies for tool utilization 488

via unrestricted exploration. VerlTool (Jiang et al., 489

2025) introduces a unified and modular framework 490

to address multiturn tool interactions. Effective 491

CIR (Bai et al., 2025) develops enhanced training 492

strategies that balance exploration and stability, pro- 493

gressively building tool-use capabilities while im- 494

proving reasoning performance. SimpleTIR (Xue 495

et al., 2025) stabilizes multi-turn TIR training by 496

filtering out trajectories containing turns that yield 497

neither a code block nor a final answer. 498

6 Conclusion 499

In this work, we find some shortcomes in the exist- 500

ing open-source TIR models. There is a common 501

contradiction between the reasoning of model and 502

the results of external tools, and the model tends 503

to believe in its own reasoning. We also discover 504

and define “Tool Ignored”, which represents the 505

situation where the correct results of the tool are ig- 506

nored by the model, resulting in incorrect answers. 507

We propose a new framework ATTC, and the ex- 508

perimental results from various TIR models and 509

across multiple datasets demonstrate that ATTC 510

effectively reduces the “Tool Ignored” issue, result- 511

ing in a performance increase of 4.1% to 7.5%. 512
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Limitations513

Although ATTC has generally improved the perfor-514

mance of TIR models, we identify some possible515

limitations as follows:516

• Due to limitations in computing resources, we517

only conducted experiments on open-source TIR518

models with a size less than 32B.519

• This work focuses exclusively on the application520

of TIR in scenarios where code executors are521

utilized as the tool. We have not yet extended522

our method to scenarios where search engines523

are utilized as the tool, which we leave for future524

exploration.525

• Currently, optimization is only being conducted526

during the reasoning stage. In the future, we will527

consider addressing the problem at its root during528

training.529
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A The Use of Large Language Models733

We use large language models to assist in analyz-734

ing the reasoning trajectories of a large number of735

TIR models. A large language model was used in736

writing this manuscript to assist with proofreading737

and improve the clarity of the text. All knowledge738

content, including ideas, analysis, and conclusions,739

is the author’s work.740

B Prompt Template741

The prompt template used to detect the conflict742

rate between reasoning and tools is shown in the743

Figure 10. The prompt template for detecting744

“Tool Ignored” is shown in the Figure 11. The745

specific prompt template for different TIR models746

are shown in Figures 12 to 17.747

C Experimental Set748

The specific temperature and top_p settings for749

different TIR models are shown in the table 3750

Model Temperature Top_p

Qwen2.5-Math-7B-Instruct 0 1
ToRL-7B 0 1
Effective TIR-7B 0.6 0.95
VerlTool-7B 0 1
SimpleTIR-7B&32B 1.0 0.7
Qwen2.5-32B-Instruct 0 1
ReTool-32B&4B 1.0 0.7
Qwen3-4B-Instruct 0 1
DemyAgent-4B 1.0 0.6

Table 3: Temperature and top_p of different TIR mod-
els.

D Method Details751

During the Tool Trust Recalibration process, when752

C ≥ λ, ATTC guides TIR to trust the tool’s re-753

sults and continue reasoning by inserting special754

prompts into the original reasoning trajectory. On755

the contrary, when C < λ, ATTC guides the TIR756

model to consider rewriting the code or rethinking757

the reasoning path based on the tool results by in-758

serting additional prompts. The specific prompt is759

shown in the Table 4.760

Control Signal Prompt

Trust I have great confidence in the code
above, i should believe the code execu-
tion result.

Rethink I have no confidence in the code above,
i should consider optimizing it or reflect-
ing on whether to change my reasoning
path.

Table 4: Method Details.

E Case Studies 761

Figure 18 shows a case of the comparison between 762

the Vanilla TIR response and ATTC’s response. In 763

vanilla TIR, the model ignores the correct answer 764

provided by the tool and answers incorrectly. In 765

contrast, the ATTC framework guides the model 766

to trust the tool’s results and provide accurate an- 767

swers. 768
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Prompt Template For Detecting The Contradiction Ratio Between Reasoning And Tools

I will give you a jsonl formatted data, which is a case where the model answered.
"question" is the question answered by the model, "answer" is the standard answer,
"solution" is the standard problem-solving process,
"code" is the content of the model's answer, and
"pred" is the final answer of the model.
You need to analyze the model's answer content based on this information.

If there is a contradiction between the inference of the model and the execution
result of Python code (after "```output") ,the model chooses to believe in the
inference, output "\\boxed{0}".
If there is a contradiction between the inference of the model and the execution
result of Python code(after "```output"), the model chooses to believe in the code
execution result,output "\\boxed{1}".If neither of these situations exist,
output "\\boxed{2}".Your answer is limited to these three types and must be included
in "\\boxed{}, don't output extra text".
The cases that need to be analyzed are as follows:\n

Figure 10: Contradiction Ratio Prompt Template

Prompt Template For Detecting “Tool Ignored”

I will give you a jsonl formatted data, which is a case where the model answered.
"question" is the question answered by the model, "answer" is the standard answer,
"solution" is the standard problem-solving process,
"code" is the content of the model's answer, and
"pred" is the final answer of the model.
You need to analyze the model's answer content based on this information.

If there is no Python code segment(after "```python") in the model's answer, output
"\\boxed{2}". If the return result of the Python code (after "```output") is correct
(including correct answer and correct thinking), output "\\boxed{1}". Otherwise,
output "\\boxed{0}". Your answer is limited to these three types and must be
included in "\\boxed{}, don't output extra text".
The cases that need to be analyzed are as follows:\n

Figure 11: “Tool Ignored” Prompt Template

Prompt Template For ToRL-7B&VerlTool-7B

A conversation between User and Assistant. The user asks a question, and
the Assistant solves it.
User:Please integrate natural language reasoning with programs to solve the problem
above, and put your final answer within \boxed{}.
{Question}
Assistant:

Figure 12: ToRL-7B&VerlTool-7B’s Prompt Template
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Prompt Template For Effective TIR-7B

Please solve the following problem step by step. During your reasoning process,
if needed, you can choose to write python code to enhance your reasoning.
The code executor will run your code and provide the execution results back to you
to support your reasoning process.
Please put the final answer within \boxed{}.
Question:
{Question}

Figure 13: Effective TIR-7B ’s Prompt Template

Prompt Template For Qwen2.5-Math-7B-Instruct&Qwen2.5-32B-Instruct fonttitle

<|im_start|>system
You are Qwen, created by Alibaba Cloud. You are a helpful assistant.
<|im_end|>
<|im_start|>user
Please integrate natural language reasoning with programs to solve the problem
above, and put your final answer within \boxed{}.
{example['question']}
<|im_end|>
<|im_start|>assistant

Figure 14: Qwen2.5-Math-7B-Instruct&Qwen2.5-32B-Instructś Prompt Template

Prompt Template For SimpleTIR-7B&32B

Solve the following problem step by step. You now have the ability to
selectively write executable Python code to enhance your reasoning
process. The Python code will be executed by an external sandbox,
and the output (after “Code execution result: ”) is returned to aid your
reasoning and help you arrive at the final answer. The Python code
should be complete scripts, including necessary imports.

Code Format:
Each code snippet is wrapped between \\n```python \\n```.\\n You need to use
`print()` to output intermediate results.The code execution result is only
auxiliary, you can choose to believe or not believe it.

Answer Format:
You should use \\boxed to return your final answer. The last part of your response
should be: \boxed{'The final answer goes here.'}

User Question:
{Question}

Figure 15: SimpleTIR-7B&32B ’s Prompt Template
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Prompt Template For ReTool-32B&4B

Solve the following problem step by step. You now have the ability to selectively
write executable Python code to enhance your reasoning process. The Python code
will be executed by an external sandbox, and the output (wrapped in <interpreter>
output</interpreter>) can be returned to aid your reasoning and help you arrive at
the final answer.
The Python code should be complete scripts, including necessary imports.

Code Format:
Each code snippet is wrapped with
<code>
```python
code snippet
```
</code>

Answer Format:
The last part of your response should be:
<answer>\boxed{'The final answer goes here.'}</answer>

User Question:
{Question}
Assistant:

Figure 16: ReTool-32B&4B’s Prompt Template

Prompt Template For DemyAgent-4B&Qwen3-4B

Analyze and solve the following [math/science domain] problem step by step.
Problem: {Question}
Hint: The tool could be used for more precise and efficient calculations and could
help you to verify your result before you reach the final answer.

Note: You should first analyze the problem and form a high-level solution strategy,
then utilize the tools to help you solve the problem.

Answer Format: Do not put units of the final answer inside \boxed{}. The content of
\boxed{} should be the numerical value of the final answer only, without any units.
Remember once you make sure the current answer is your final answer, do not call the
tools again and directly output the final answer in the following text format,
the answer format must be: \boxed{’The final answer goes here.’}.

Figure 17: DemyAgent-4B&Qwen3-4B’s Prompt Template
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How many sides would there be in a convex polygon if the sum of all but one of its interior angles is 1070°?

Question 

Vanilla TIR's response ATTC's response

To determine the number of sides of a convex polygon given that the sum of all
but one of its interior angles is \(1070^\circ\), we need to use the properties
of the interior angles of a polygon. <omitted>Let's solve this step by step
using code to iterate over possible values of \(n\) and find the correct one.

```python
import math

# Function to find the number of sides of the polygon
def find_number_of_sides():
    for n in range(3, 1000):  # Starting from 3 because a polygon has at least 3
sides
        sum_of_interior_angles = (n - 2) * 180
        # We need to find x such that (n-2) * 180 - x = 1070
        # So x = (n-2) * 180 - 1070
        x = (n - 2) * 180 - 1070
        # x must be between 0 and 180
        if 0 < x < 180:
            return n

# Find the number of sides
number_of_sides = find_number_of_sides()
print(f"The number of sides of the polygon is: {number_of_sides}")
```

```output
The number of sides of the polygon is: 8
```

It appears there was an error in the initial reasoning or the code logic. Let's
recheck the problem carefully.<omitted>Since \(0^\circ < 10^\circ <
180^\circ\), this value is valid. Therefore, the number of sides of the polygon
is indeed \(12\).
So the correct answer is:\[\boxed{12}\]"

To determine the number of sides \(n\) of a convex polygon given that the sum
of all but one of its interior angles is \(1070^\circ\), we need to use the
properties of the interior angles of a polygon. <omitted>Let's write the
Python code to verify this solution step-by-step:

```python
import sympy as sp

# Function to calculate the number of sides of the polygon
def find_number_of_sides(sum_of_angles):
    for n in range(3, 100):  # We start from 3 since a polygon has at least 3
sides
        total_sum_of_angles = 180 * (n - 2)
        remaining_angle = total_sum_of_angles - sum_of_angles
        if remaining_angle < 180 and remaining_angle > 0:
            return n
    return None

# Given sum of all but one of the interior angles is 1070 degrees
sum_of_angles = 1070

# Find the number of sides
number_of_sides = find_number_of_sides(sum_of_angles)
print(number_of_sides)
```

I have great confidence in the code above, i should believe the code execution
result.
Thus, the number of sides of the convex polygon is \(\boxed{8}\). The final
answer is \(\boxed{8}\).

Reasoning

Code Block

Tool Call

Reasoning and Arrive at Final Answer

Reasoning

Code Block

Tool Call
```output
8
```

Reasoning and Arrive at Final Answer

0.968

Confidence Score

Tool Trust Recalibrate 

Figure 18: A case of the comparison between the Vanilla TIR response and ATTC’s response.
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