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Abstract001

We introduce TIR-Bench, a benchmark de-002
signed for evaluating Tool-integrated Reason-003
ing (TIR) in large reasoning models (LRMs).004
TIR-Bench addresses the limitations of existing005
TIR evaluations, such as narrow task coverage006
and a lack of fine-grained analysis. Our bench-007
mark spans various domains, including num-008
ber theory, cryptography, and neuro-symbolic009
tasks, requiring tool usage for all tasks to ef-010
fectively decouple intrinsic reasoning abilities011
from TIR capabilities. It also incorporates auto-012
mated failure mode analysis, offering insights013
into model performance. We employ an auto-014
mated, bottom-up pipeline to generate complex015
tasks composed of atomic tasks represented in016
Directed Acyclic Graphs (DAGs). The results017
of evaluations on multiple LLMs highlight the018
varying TIR capabilities across models.019

1 Introduction020

With the rapid development of large reasoning mod-021

els (LRMs) (Guo et al., 2025; Jaech et al., 2024;022

Yang et al., 2025a; Meta, 2025), researchers have023

increasingly realized the importance of Test-time024

Scaling for enhancing model capabilities (Zhang025

et al., 2025; Snell et al., 2024; Yang et al., 2025b).026

However, even the most powerful models strug-027

gle to solve certain tasks relying solely on inter-028

nal reasoning, especially those involving complex029

calculations and neuro-symbolic tasks. Conse-030

quently, researchers have begun to focus on uti-031

lizing Tool-integrated Reasoning (TIR) to break032

through the boundaries of model capabilities (Lin033

and Xu, 2025).034

As the paradigm of using Reinforcement Learn-035

ing (RL) to train implicit reasoning evolves (Xue036

et al., 2025; Wang et al., 2025b; Liu et al., 2025; Jin037

et al., 2025), training models with TIR capability038

has garnered widespread attention in both academia039

and industry. However, the vast majority of exist-040

ing research (Li et al., 2025b; Feng et al., 2025;041

Bai et al., 2025; Chang et al., 2025; Wang et al., 042

2025a; Li et al., 2025a; Lin and Xu, 2025) evaluates 043

TIR primarily on mathematical benchmarks such as 044

AIME (MAA, 2024, 2025) and MATH (Hendrycks 045

et al., 2021). These evaluations suffer from sev- 046

eral limitations. First, they have limited capability 047

coverage, as experiments are confined to mathe- 048

matical benchmarks where tool usage is almost 049

exclusively for numerical calculations. Second, 050

there is a lack of tool-using necessity, since not 051

all problems strictly require tools; particularly for 052

larger models whose internal computation is often 053

sufficient1, making it difficult to decouple intrin- 054

sic calculation ability from TIR capability. Finally, 055

they lack fine-grained analysis, typically provid- 056

ing only final results without automated means to 057

analyze process metrics or attribute failure modes. 058

To address these issues, we propose TIR-Bench, 059

a benchmark specifically designed for TIR. It fea- 060

tures broader capability coverage, including not 061

only numerical calculations but also number theory, 062

cryptography, and neuro-symbolic capabilities such 063

as encoding/decoding, date operations, and string 064

manipulations. It ensures the necessity of TIR, as 065

all tasks are impossible to solve without tools, ef- 066

fectively decoupling intrinsic capabilities from tool 067

usage. Furthermore, it enables fine-grained anal- 068

ysis through automated evaluation methods that 069

cover both process metrics and failure mode attri- 070

bution. 071

We employ a fully automated bottom-up pipeline 072

to construct TIR-Bench, which is shown in Figure 073

1. Our motivation is to synthesize complex tasks 074

by organically composing atomic tasks that repre- 075

sent TIR capabilities. Solving these complex tasks 076

necessitates multi-turn, interleaved reasoning and 077

tool usage. 078

Our analysis reveals a critical dissociation be- 079

1The strongest models like GPT-5.2-thinking achieves
100% accuracy on AIME without tool use.
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tween intrinsic reasoning capabilities and TIR per-080

formance. We observe that some reasoning models,081

such as Qwen3-thinking series, do not naturally082

excel in TIR benchmarks. Instead, these models083

often exhibit an “overconfidence trap,” failing to084

invoke necessary tools for complex calculations085

or decryption tasks despite possessing high latent086

capacity. Furthermore, our analysis indicates that087

while smaller models share comparable sub-task088

solving ability with larger counterparts, they lack089

the planning and compositional abilities required090

to bridge the gap between potential and actual ac-091

curacy.092

The contributions of this paper are as follows:093

• We propose TIR-Bench, a benchmark con-094

structed specifically for TIR evaluation. It095

covers a wide range of capabilities, decou-096

ples the intrinsic computation ability of the097

model from its TIR capability, and enables098

automated fine-grained failure mode analysis099

to effectively guide model optimization.100

• We conduct fine-grained evaluations and anal-101

yses of multiple mainstream LLMs, highlight-102

ing their strengths and weaknesses in long-103

horizon TIR, thereby deepening the under-104

standing of current models’ TIR capabilities.105

• The data construction pipeline is fully auto-106

mated with no human intervention required.107

This allows us to scale up the difficulty level108

for more powerful future models, as well as109

dynamically update benchmark datasets to110

mitigate potential data leakage risks.111

2 Related Works112

2.1 Cross-domain TIR Evaluation113

Some works have explored whether TIR can gen-114

eralize across domains. Chen et al. (2025b) argue115

that the ability to use tools is domain-independent116

and demonstrate that models trained on mathemati-117

cal tasks with TIR can generalize to physics, biol-118

ogy, finance, and philosophy. Similarly, Chen et al.119

(2025a) address the limitation of single-domain RL120

by constructing a dataset from SymBench, BBH,121

and Reasoning-Gym to perform multi-stage RL,122

showing improvements across multiple domains.123

However, these works primarily switch evaluation124

sets from different domains without constructing125

a dedicated benchmark for TIR, and they still face126

the issue of being unable to decouple intrinsic cal-127

culation ability from tool usage capability.128

Benchmark # Tasks Multiple Tool Fine-grained
Capabilities Necessity Analysis

AIME 60 × × ×
CARP 976 × ✓ ×
ReasonZoo 3015 ✓ × ×

TIR-Bench 510 ✓ ✓ ✓

Table 1: Comparison of Benchmarks for TIR Evalua-
tion.

2.2 TIR Benchmark 129

Other works consider building benchmarks specifi- 130

cally for TIR but have certain limitations. Zhang 131

et al. (2023) point out that existing tool-augmented 132

research often requires only a single tool call. They 133

propose the CARP dataset, ensuring through a rig- 134

orous "automatic filtering + manual verification" 135

process that problems require multi-step calcula- 136

tion and reasoning. However, CARP primarily fo- 137

cuses on numerical calculation capabilities, and 138

the reasoning steps are relatively few (average 4.7 139

steps). Zhao et al. (2025) propose REASONZOO, 140

a benchmark covering nine major categories to eval- 141

uate TIR. While their motivation shares similari- 142

ties with ours, there are distinct differences. First, 143

they largely reuse or simply adapt existing bench- 144

marks and public questions, whereas our questions 145

are original. Second, their benchmark focuses on 146

shorter reasoning processes with fewer steps, while 147

ours involves extremely long, multi-step reasoning. 148

Finally, many problems in their benchmark can be 149

solved by models directly without tools, failing to 150

decouple intrinsic calculation capability from tool 151

usage capability. 152

Crucially, none of these works provide fine- 153

grained attribution analysis for failures in long- 154

horizon reasoning process to guide model optimiza- 155

tion, a gap that our work fills. The comparison of 156

TIR-Benchand other benchmarks for TIR evalua- 157

tion is outlined in Table 1. 158

3 Benchmark Construction 159

We adopt a fully automated, bottom-up benchmark 160

construction pipeline, which is shown in 1. Starting 161

from atomic tasks where each represents a unique 162

capability, we combine them according to a given 163

Directed Acyclic Graph (DAG) representing ab- 164

stract solution steps to form a complex problem. 165

This problem must be solved by the model through 166

interleaved tool calls during the thinking process. 167

3.1 DAG Generation 168

We generate DAGs to represent the logical struc- 169

ture of complex problems. We specify the number 170
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①. What is the factorial of {}?
②. How many work days are 
there between {} and {}?
③. How many the {}-th letter 
in the alphabet are in string {}?

3

1

2

N0

N1

N2

Code to Solve It:
def solution():
        N0 = cal_work_days(...)
        N1 = math.factorial(N0)
        N2 = count_letter(N0, N1)
        return N2

Complex Question:
N0: How many work days are there 
between 1926-08-17 and 3941-12-25? 
N1: Take the last 3 number of N0 as a 
new integer, what is the factorial of it? 
N2: How many {N0 % 6 +1}-th letter 
in the alphabet are there in the string 
{turn N1 into Hexadecimal}?

Final Answer: 85

Place Atomic Tasks on Suitable Nodes

DAG with 
Atomic Tasks in 
Each Node:

N0

N1

N2

Complex Question Validator
Dependency Validation:
Check: N1 directly depends on N0. 
Check: N2 directly depends on N0. 
Check: N2 directly depends on N1. 

DAG Consistency Validation:

```mermaid
N0 → N1
N0 → N2
N1 → N2
```

Model Generated: Ground Truth:

```mermaid
N0 → N1
N0 → N2
N1 → N2
```

=

Solvability & Tool necessity Validation:
N0: How many work days are there …?
N1: N0 = 525783. Take the … factorial of it ?
N2: N0 = 525783, N1 = 4063… Hexadecimal}?
For each Ni:
- Able to solve with code tool 
- Unable to solve without tool 

DAG Generation

Atomic Task Generation

Storification & Encryption

Title: Project Instrumentality -- The final Cipher
Background: In the year of 2015, beneath the besieged city of 
Tokyo-3, NERV works tirelessly to find… Your task is to help 
Commander Gendo Ikari to recover the final activation code for 
the Human instrumentality Project by solving the scattered but 
related puzzles.

Final Instrumentality Code
The final code is hidden in …
Dr. Akagi’s …
Count the …
alphabet
letter

Evangelion Synchronizing Factor
Shinji Ikari
Evangelion
factorial
Operation
this isis 

Operation Days
An old data log recovered from the 
MAGI-CASPER shows … determine 
the number of Active Analysis Days 
(workdays) between the first date of 
SEELE’s … (1926-08-17), and …

Check the solvability
of storified sub-tasks

N0

N1

N2

Evangelion Synchronizing Factor
The acquisition mechanism of this 
factor is encrypted by SEELE. The 
MAGI system confirms that SEELE 
use Crypto.Cipher in pycryptodome, 
and the algorithm is AES-CBC. The 
key is obtained by… The encrypted 
text is 0x3f5d456fe668b…

Plain Text

Shuffle & Combine

Complex Question
Composition & Validation

Invalid Questions

Invalid

Validated Stories

Figure 1: The overall data construction pipeline of our TIR-Bench. We start from generating abstract DAGs to
represent the process of problem solving, then combining the atomic tasks according to the DAGs to form complex
questions. We then validate the complex questions with a rigorous three-stage process, and finally storify the
questions and encrypt sub-tasks to form the final questions that require interleaved tool calls during the thinking
process to solve.

Difficulty Nodes (n) Edges (m) Count Total

Easy 3–5 2–7 4/config 24
Medium 6–8 8–13 4/config 32
Hard 9–11 11–17 4/config 32
Extreme 14–16 20–28 3/config 24

Table 2: Statistics of generated DAGs across different
difficulty levels.

of nodes n and edges m, where n atomic tasks cor-171

respond to n nodes, and m edges correspond to the172

dependencies between solution steps. To ensure173

the DAGs represent realistic puzzle-solving strate-174

gies—neither too complex nor too simple—each175

node has a maximum in-degree of 3, which means176

the corresponding sub-task depends on 3 input177

variables, and a maximum out-degree of 2, which178

means the answer of the corresponding sub-task is179

the input variable of at most 2 different sub-tasks.180

We control the difficulty through the number181

of nodes and edges, dividing the benchmark into182

four difficulty levels: Easy, Medium, Hard, and183

Extreme. The statistics of the generated DAGs184

are shown in Table 2. For more details about the185

generated DAGs, please refer to Appendix B186

3.2 Atomic Task Generation and Validation187

We define six major categories of tasks that models188

cannot complete without tools: Big Integer Calcu-189

lation, Number Theory, Cryptography, and neuro-190

symbolic tasks like Date Operations, Encoding/De-191

coding, and String Operations. These are further di-192

vided into 48 sub-categories, whose distribution is193

shown in Table 3. Each sub-category has a specific194

schema template and the corresponding ground195

truth code to solve it. The schema templates have196

placeholders for the input values of each atomic197

Category Sub-categories

Big Integer Calculation 11
Encoding/Decoding 3
Number Theory 12
Cryptography 9
Date Operations 4
String Operations 9

Total 48

Table 3: Statistics of Atomic Tasks.

task, where the input values is also the input vari- 198

ables of the corresponding ground truth code. You 199

can refer to the left-bottom part of Figure 1 for 200

examples. Adhering to validity constraints (e.g., 201

the divisor can not be zero), we randomly gener- 202

ate input values and tailored heuristics for every 203

atomic task to ensure the complexity of the gener- 204

ated question exceeds the LLMs’ internal capacity 205

for solving. 206

To ensure the necessity of tools, we validate 207

each atomic task. A task is considered valid only if 208

the state-of-the-art LLMs fail to solve it 10 times 209

without a code interpreter tool but succeed at least 210

once out of 10 attempts with a code interpreter 211

tool. In our experiments, we adopt GPT-5.2 and 212

Gemini-3-pro as the validators for atomic tasks. 213

3.3 Complex Question Composition 214

We combine a DAG and a set of randomly sampled 215

atomic tasks into a complex problem using Gemini- 216

2.5-pro. The model is prompted to organically 217

combine these elements into a complex question 218

that conforms to the DAG’s solution path. The gen- 219

eration process follows a topological order, where 220

the model selects atomic tasks as nodes, writes 221

code to calculate their output values, and selects 222
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Algorithm 1 Complex Question Composition
Require: DAG G = (V,E), Set of Atomic Tasks T
Ensure: Complex Question Q, Solution Code C, Final Answer A
1: Initialize empty map M for node-task assignments
2: Initialize empty list L for code lines
3: for each node v in topological order of G do
4: if v is a source node (in-degree 0) then
5: Select an atomic task t ∈ T
6: Generate code cv to solve t and get answer av

7: else
8: Identify predecessor nodes Pv = {u|(u, v) ∈ E}
9: Retrieve answers {au|u ∈ Pv}
10: Select an atomic task t ∈ T suitable for inputs {au}
11: Modify {au} accordingly to ensure t requires complex computation (e.g.,

large numbers)
12: Generate code cv to solve t using {au} as inputs
13: end if
14: Store assignment M [v]← (t, cv, av)

15: Append cv to L

16: end for
17: Compose question text Q from {M [v].t} descriptions
18: Combine L into complete solution code C

19: A← answer of the sink node
20: return Q,C,A

the next node based on these values, ensuring input223

values are reasonable. The prompt used for this pro-224

cess is detailed in Appendix A.1. The composition225

algorithm is outlined in Algorithm 1.226

The algorithm proceeds as follows: First, we227

initialize a map to store task assignments for each228

node and a list to collect the generated code. We229

then iterate through each node in the DAG accord-230

ing to its topological order. If a node is a source231

node (in-degree 0), we select an appropriate atomic232

task and generate code to solve it, obtaining its233

answer. If a node is not a source node, we iden-234

tify its predecessors and retrieve their answers. We235

then select an atomic task suitable for these inputs,236

modifying the inputs if necessary to ensure the237

task requires complex computation (e.g., involving238

large numbers). We generate code to solve this task239

using the predecessor answers as inputs. Finally,240

we compose the question text from the descriptions241

of all assigned tasks and combine the code snippets242

into a complete solution script, with the answer of243

the sink node serving as the final answer.244

3.4 Validation of Complex Questions245

The generated complex questions undergo a rigor-246

ous three-step validation process:247

Dependency Verification We verify that every248

variable truly depends on its direct predecessors.249

We parse the "code" field output by the model using250

Abstract Syntax Tree (AST) to identify assignment251

statements. We then randomly perturb the value252

of the direct predecessor variables 10 times. If253

the variable’s value changes at least 5 times, the254

dependency is confirmed. It is worth noting that255

we exclude all indirect dependencies to ensure that256

only direct dependencies are detected. For example, 257

in the case of N0 → N1 → N2 and N0 → N2, the 258

connection N0 → N2 involves both direct and indi- 259

rect paths. Under this circumstance, when studying 260

the direct dependency of N0 to N2, we modify the 261

predecessor (N0) after the intermediate node (N1) 262

is assigned, ensuring only the direct dependency is 263

detected. 264

DAG Consistency Verification We verify that 265

the generated question matches the original DAG 266

structure. We prompt an LLM to reconstruct the 267

DAG structure from the generated question in Mer- 268

maid format. An example of the Mermaid format is 269

provided in Appendix A.3. Comparing this recon- 270

structed DAG with the ground truth DAG ensures 271

consistency. Since the raw questions follow a fixed 272

format, generating the DAG Mermaid from the 273

question is straightforward. We compiled a test set 274

of 100 manually verified samples, and Gemini-2.5- 275

pro achieved a 100% accuracy in Mermaid genera- 276

tion. Therefore, this verification method is reliable. 277

The prompt for DAG reconstruction is in Appendix 278

A.2. 279

Solvability and Tool Necessity Verification We 280

decompose the complex problem into sub-tasks. 281

For each sub-task, given the correct values of its 282

predecessor tasks as the input values, we construct 283

a self-contained sub-problem. A sub-task is con- 284

sidered as tool-necessary if Gemini-2.5-pro fails to 285

solve its corresponding sub-problem directly with- 286

out tools (0 successes in 5 attempts), and is con- 287

sidered as solvable if Gemini-2.5-pro succeeds to 288

solve it with a code interpreter tool (at least 1 suc- 289

cess in 10 attempts). A complex problem is valid 290

if all its sub-tasks are solvable, and at least a pro- 291

portion α of sub-tasks are tool-necessary. In our 292

experiments, α is set to 0.8. The prompts for this 293

verification are in Appendix A.4. 294

3.5 Storification and Encryption 295

To further enhance the benchmark, we wrap the val- 296

idated questions in stories based on movies or liter- 297

ature. The model rewrites the problem description, 298

embedding each sub-task into the story context. We 299

verify the correctness of these storified sub-tasks 300

by checking if they can be solved by strong LLMs 301

given the correct predecessor values. 302

We also introduce encryption to selected sub- 303

task nodes. This serves two primary purposes: 304

First, it tests the model’s cryptography knowledge 305

and its ability to use tools for decryption. Second, 306
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and more importantly, it forces a "stop and think"307

mechanism. Without encryption, a model might308

theoretically solve the entire chain of sub-tasks in309

a single pass if it understands all dependencies. By310

encrypting the task description using one of 9 al-311

gorithms (e.g., AES, DES, ChaCha20) with keys312

derived from the outputs of predecessor nodes, we313

ensure the model must pause to decrypt the descrip-314

tion before it can understand the task and proceed.315

This enforces a multi-step, interleaved process of316

"reasoning -> tool use -> result acquisition -> con-317

tinue reasoning", which is the essential process of318

TIR.319

Specifically, we randomly select 30% nodes for320

encryption. For a selected node, we generate a321

key from the outputs of its predecessor nodes, then322

encrypt the task description of the node using a ran-323

domly selected encryption algorithm. The lower-324

bottom part of Figure 1 illustrates an example of325

the encrypted node, where the encrypted descrip-326

tion, along with the algorithm name and the key327

derivation rule, replaces the original description of328

the selected node.329

3.6 Final Assembly330

Finally, we assemble the storified sub-tasks into331

a complete problem. Instead of presenting them332

in topological order, we randomly shuffle the sub-333

tasks. This forces the model to reason about depen-334

dencies and reconstruct the solution DAG, signifi-335

cantly increasing the difficulty. The prompt for the336

final question assembly is provided in Appendix337

A.5.338

4 Experiments339

This section evaluates tool-integrated reasoning340

(TIR) on TIR-BENCH across (i) frontier closed-341

source models and (ii) mainstream open-source342

models, covering both dedicated reasoning models343

and general-purpose chat models. We report end-344

to-end accuracy across difficulty levels to provide345

a comprehensive overview of current models’ TIR346

capabilities.347

4.1 Experimental Settings348

Models. We evaluate a wide range of models, in-349

cluding frontier closed-source models such as GPT-350

5, and GROK-4, as well as mainstream open-source351

models like the QWEN3 and DEEPSEEK families.352

Evaluation Modes. Models vary in their support353

for tool integration. Some frontier models provide354

native support for code interpretation via their pro- 355

prietary APIs, allowing them to manage tool calls 356

and execution internally. For these models, we uti- 357

lize the NATIVE mode, where the model is given 358

the question and uses its native TIR capability to 359

solve it. Other models, which lack such native ca- 360

pabilities, must rely on an external code execution 361

environment. We evaluate these models using the 362

MULTI mode, where tool usage is implemented as 363

a controlled multi-turn protocol: we write prompts 364

to instruct the model, so that whenever code is 365

needed, the model outputs a Python program, we 366

execute it in a restricted sandbox, and return the 367

stdout and error messages as the next-turn observa- 368

tion. The MULTI mode enables the evaluation of a 369

model’s TIR potential, even if the model does not 370

natively support TIR. This provides valuable guid- 371

ance for model selection prior to Reinforcement 372

Learning (RL), as combining Chat models with 373

multi-turn tool-use prompts is often the starting 374

point for RL (Li et al., 2025b). 375

Difficulty levels. We report results on four dif- 376

ficulty levels: Easy, Medium, Hard, and Extreme, 377

which are determined by the complexity of the un- 378

derlying DAG (cf. Table 2). 379

Decoding and API setup. Unless otherwise spec- 380

ified, we use each provider’s default decoding set- 381

tings and evaluate all models via a unified API 382

framework. Full configurations and execution de- 383

tails are provided in Appendix C. 384

4.2 Metrics 385

End-to-end accuracy. For each subset S of in- 386

stances, accuracy is: 387

Acc(S) =
1

|S|
∑
x∈S

I
[
ŷ(x) = y(x)

]
, (1) 388

where y(x) is the ground-truth final answer and 389

ŷ(x) is the model output parsed from \boxed{}. 390

Node-level correctness (used in analyses). Each 391

instance x contains a DAG with node set V (x) and 392

ground-truth intermediate values {av(x)}v∈V (x). 393

We require the model to output intermediate node 394

values {âv(x)} as a JSON object (Appendix A.5). 395

We define node accuracy as: 396

NA(x) =
1

|V (x)|
∑

v∈V (x)

I
[
âv(x) = av(x)

]
. (2) 397

where missing or unparsable âv(x) is treated as 398

incorrect. 399
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Model Easy Medium Hard Extreme

Acc Sub Acc Sub Acc Sub Acc Sub

NATIVE Mode

GPT-5 92.7 85.4 88.0 85.9 82.9 84.7 76.9 80.6
QWEN3-MAX-PREVIEW 85.5 82.8 67.4 68.9 47.9 65.3 48.1 59.1
GROK-4 70.9 71.2 53.3 56.2 23.1 27.5 3.8 6.6

MULTI Mode

DEEPSEEK-REASONER-3.2 94.5 91.0 87.0 85.1 78.6 80.0 48.1 47.9
GEMINI-3-PRO-PREVIEW 81.8 79.0 69.6 72.0 56.4 67.0 59.6 64.1
DEEPSEEK-CHAT-3.2 89.1 89.1 77.2 74.7 49.6 56.6 32.7 38.4
GEMINI-2.5-PRO 43.6 59.7 39.1 59.8 41.9 65.0 28.8 53.4
GPT-5 60.0 69.5 44.6 65.1 22.2 46.8 11.5 45.3
GEMINI-2.5-FLASH 49.1 65.7 32.6 52.2 27.4 52.2 13.5 42.3
QWEN3-MAX-PREVIEW 63.6 70.8 40.2 59.6 29.9 59.0 25.0 46.7
QWEN3-235B-A22B-INSTRUCT 70.9 77.6 42.4 59.8 29.1 51.6 13.5 34.0
QWEN3-235B-A22B-THINKING 56.4 50.6 31.5 42.7 15.4 27.4 9.6 18.9
QWEN3-NEXT-80B-A3B-INSTRUCT 21.8 37.8 9.8 26.0 3.4 13.0 0.0 12.8
QWEN3-NEXT-80B-A3B-THINKING 34.5 23.2 13.0 11.2 6.0 9.9 3.8 7.4

Table 4: End-to-end accuracy (Acc) and Subtask completion rate (Sub) in percentage (%) on TIR-BENCH under
NATIVE and MULTI evaluation modes. The best result in each column (within each mode) is in bold, and the second
best is underlined.

4.3 Main Results400

We report end-to-end accuracy by difficulty level401

for both NATIVE and MULTI evaluation modes.402

4.3.1 Accuracy Analysis403

In the NATIVE mode, GPT-5 demonstrates a com-404

manding lead, significantly outperforming the405

runner-up QWEN3-MAX-PREVIEW, particularly on406

the Extreme subset (76.9% vs. 48.1%), while407

GROK-4 shows limited capability. In the MULTI408

mode, DEEPSEEK-REASONER-3.2 achieves the409

best overall performance, indicating strong native410

TIR potential. However, GEMINI-3-PRO-PREVIEW411

surpasses it by 11.5% on the Extreme subset (59.6%412

vs. 48.1%), highlighting superior long-chain rea-413

soning capabilities. Within the QWEN3 series,414

closed-source and larger models consistently dom-415

inate. Notably, Thinking variants underperform416

their Instruct counterparts (e.g., 9.6% vs. 13.5%417

on Extreme). As indicated in Figure 2, this is due418

to the overconfidence of Thinking models, which419

tend to rely on internal reasoning rather than tool420

invocation, suggesting they are less suitable as ini-421

tialization checkpoints for TIR training.422

4.3.2 Impact of Evaluation Modes423

Top-performing models like GPT-5 and QWEN3-424

MAX-PREVIEW exhibit a substantial perfor-425

mance gap between NATIVE and MULTI modes.426

For instance, GPT-5 sees a 65.4% accuracy gain427

on the Extreme subset in NATIVE mode. This dis- 428

parity serves as a quantitative indicator of the effi- 429

cacy of their TIR-specific training, validating their 430

successful adaptation to TIR tasks. 431

5 Fine-grained Analysis 432

In Section 4, we reported the end-to-end accuracy 433

of various models across different difficulty lev- 434

els. To gain a deeper understanding of the fail- 435

ure modes and the capabilities of current models 436

in tool-integrated reasoning (TIR), we conduct a 437

fine-grained analysis in this section. This anal- 438

ysis consists of three parts: (1) Failure Modes 439

(Section 5.1), which identifies the root causes of 440

failures; (2) Reasoning Gap (Section 5.2), which 441

quantifies the gap between the theoretical upper 442

bound calculated from sub-task accuracies and 443

the observed model accuracy, and evaluates the 444

model’s capability for composing the sub-task solv- 445

ing ability to the long-horizon reasoning (Lu et al., 446

2025); and (3) Atomic Capability Loss (Sec- 447

tion ??), which measures the extent of atomic capa- 448

bility degradation in long-horizon reasoning. Note 449

that failure modes analysis is a full automated and 450

standard part of our evaluation, which requires no 451

additional model inference process. Therefore, it is 452

conducted on all evaluated model. As for the rea- 453

soning gap and the atomic capability loss, our anal- 454

ysis focuses primarily on the Qwen3 family(Yang 455
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Type Description

Transcription Error Internal tool result correct, model miscopies it to
the output.

Calculation Error Model writes code to do tasks, but code logic yields
wrong results.

Decryption Logic Error Input parameters are correct, but the decryption
method is wrong.

Ciphertext Copy Error The ciphertext is miscopied from the question to
the code.

Give-up (Null) The model concludes that it is unable to solve the
task.

No Tool / Hallucination Model does tasks without tools, or simply halluci-
nates the answer.

Table 5: Failure Modes Taxonomy.

et al., 2025a), covering a range of model sizes. As456

they are the most popular open-source models, our457

findings can provide valuable insights to the re-458

search community.459

5.1 Failure Modes460

Since our evaluation tasks possess a topological461

structure where errors in upstream sub-tasks in-462

evitably lead to failures in downstream ones, local-463

izing the first incorrect sub-task and attributing its464

failure modes is crucial for understanding model465

limitations. The bottom-up data construction ap-466

proach renders our benchmark inherently amenable467

to automated failure localization and attribution.468

Therefore, we localize the first failure along the469

ground-truth problem-solving topological order of470

sub-tasks, and attribute its failure mode using a471

trace-based, rule-driven analyzer.472

Failure Localization. Each instance x is asso-473

ciated with a ground-truth DAG whose nodes are474

topologically ordered as π(x) = (v1, . . . , v|V (x)|).475

Since we require the model to output intermediate476

node values {âv(x)} in a JSON object, we scan477

nodes in topological order and compare the node478

value with the ground truth value avk(x) to identify479

the smallest index k such that âvk(x) ̸= avk(x),480

and denote vk as the failure node.481

Failure-mode Taxonomy. We categorize the482

cause of the failure node into six mutually exclu-483

sive types, whose elaborations are listed in Table 5.484

Operational definitions and the full attribution rules485

are provided in Appendix C.3.486

Results and Analysis Figure 2 illustrates the dis-487

tribution of error attribution types across differ-488

ent models under NATIVE and MULTI evaluation489

modes. The analysis reveals distinct failure pat-490

terns characteristic of specific model families.491

In the NATIVE setting, GPT-5 and QWEN3-492

MAX-PREVIEW exhibit “No Tool / Hallucination”493

as the predominant failure mode, suggesting an494

over-reliance on internal computation capabilities. 495

While QWEN3-MAX-PREVIEW displays minor in- 496

cidences of calculation and transcription errors, 497

these are secondary to its hallucination issues. Con- 498

versely, GROK-4 primarily suffers from “Calcu- 499

lation Error” and “Refusal (Null),” indicating a 500

necessity to enhance its capability in leveraging 501

code-based tools for problem-solving. 502

Under the MULTI mode, the DEEPSEEK se- 503

ries and GPT-5 show frequent “Decryption Logic 504

Errors,” pointing to potential deficiencies in 505

domain-specific cryptographic knowledge. No- 506

tably, DEEPSEEK-REASONER-3.2 incurs a signif- 507

icant portion of “Calculation Errors”; despite its 508

strong intrinsic reasoning faculties, this highlights 509

limitations in effectively utilizing code interpreters. 510

The GEMINI series demonstrates a tendency to- 511

wards “No Tool / Hallucination”—implying over- 512

confidence—and struggles with “Ciphertext Copy 513

Errors” during long-context transcription, although 514

GEMINI-3-PRO-PREVIEW shows marked improve- 515

ment over the v2.5 iterations. Finally, the open- 516

source QWEN3 models are dominated by “No Tool 517

/ Hallucination” errors, underscoring a critical need 518

to reinforce tool-invocation behaviors in appropri- 519

ate contexts. 520

This heterogeneity in error distribution confirms 521

that failure modes are highly model-dependent. 522

Consequently, our automated failure mode analysis 523

serves as a vital diagnostic mechanism, providing 524

actionable insights for targeted model optimization. 525

5.2 Reasoning Gap 526

We next quantify the performance loss specifically 527

attributable to the model’s inability to effectively 528

compose sub-task solving ability into the long- 529

horizon reasoning process. Even if a model can 530

solve every individual sub-task correctly when pre- 531

sented in isolation, it may still fail the end-to-end 532

problem due to deficiencies in planning, state track- 533

ing, or error propagation management. We term 534

this deficit the Reasoning Gap. It represents the 535

difference between a theoretical performance up- 536

per bound (assuming oracle-level composition of 537

sub-tasks) and the actual observed accuracy. 538

Isolated sub-task evaluation. Each benchmark 539

instance x contains node-level sub-tasks {v ∈ 540

V (x)}. For each node v, we evaluate the model 541

on the corresponding sub-task with all predecessor 542

values provided as ground truth. We repeat this iso- 543

lated evaluation 5 times and compute the empirical 544

7



Figure 2: Distribution of error attribution types for all models under NATIVE and MULTI evaluation modes. The
charts aggregate errors across all difficulty levels for each model.

success rate:545

px,v =
1

K

K∑
k=1

I
[
â(k)
x,v = ax,v

]
, K = 5. (3)546

Per-instance theoretical upper bound. Assum-547

ing independence across node-level successes, the548

per-instance upper bound is:549

U(x) =
∏

v∈V (x)

px,v. (4)550

Dataset-level upper bound and reasoning gap.551

For a dataset split S (e.g., all Hard instances), we552

compute:553

U(S) = 1

|S|
∑
x∈S

U(x),

G(S) = U(S)−Acc(S),
(5)554

where G(S) is the reasoning gap: the drop from555

a per-node solvability upper bound to the actual556

end-to-end accuracy.557

Table 6 illustrates a distinct trend where the558

reasoning gap narrows as model size increases.559

Smaller models (e.g., QWEN3-8B) exhibit upper560

bounds comparable to larger counterparts yet suffer561

from negligible actual accuracy, resulting in sub-562

stantial gaps. This discrepancy suggests that while563

smaller models possess sufficient latent reasoning564

potential, they require significant optimization to re-565

alize it. Furthermore, the data indicates that model566

scale is pivotal for effective reasoning planning and567

the ability to compose sub-task solutions into long-568

horizon reasoning processes. Notably, thinking569

variants display larger Reasoning Gaps compared570

Model Upper Bound Actual Acc Gap

QWEN3-8B 82.6 0.6 82.0
QWEN3-14B 85.8 2.6 83.2
QWEN3-32B 87.9 5.7 82.2

QWEN3-80B-INSTRUCT 77.9 7.9 70.0
QWEN3-80B-THINKING 85.5 12.7 72.8

QWEN3-235B-INSTRUCT 91.3 37.7 53.6
QWEN3-235B-THINKING 92.6 26.3 66.3

Table 6: Reasoning Gap analysis for the QWEN3 fam-
ily. Upper Bound is the theoretical accuracy assuming
independent success of sub-tasks. Gap represents the
performance loss due to compositional failures.

to standard instruction-tuned models (e.g., QWEN3- 571

235B-THINKING vs. QWEN3-235B-INSTRUCT). 572

As previously analyzed, this performance drop is 573

attributed to an over-reliance on internal compu- 574

tation; thus, the widened gap reflects a specific 575

deficiency in Tool-Integrated Reasoning (TIR) ca- 576

pabilities rather than a lack of intrinsic reasoning 577

power. 578

6 Conclusion 579

TIR-Bench offers a comprehensive and scalable 580

framework for assessing the TIR abilities of LLMs, 581

filling gaps in existing benchmarks. By incorporat- 582

ing multi-step reasoning and a wide variety of tool- 583

using tasks, it provides a more accurate measure of 584

models’ capabilities in real-world scenarios requir- 585

ing tool invocation. The fine-grained analysis of 586

failure modes and reasoning gaps will guide the op- 587

timization of future models, pushing the boundaries 588

of tool-integrated reasoning. The data construction 589

pipeline is automated, enabling continuous updates 590

and scalability to meet the challenges posed by 591

increasingly advanced models. 592

8



Limitations593

TIR-Bench currently focuses primarily on evaluat-594

ing models using a code interpreter, leaving other595

potential tools and integrations underexplored. Fu-596

ture iterations could incorporate a broader range597

of tools to assess tool-integrated reasoning more598

comprehensively.599

The current difficulty level of tasks in TIR-600

Bench may still be insufficient for the most ad-601

vanced models, such as GPT-5. As these models602

continue to evolve, there will be a need to increase603

the complexity of tasks to fully challenge their ca-604

pabilities.605

The atomic tasks in TIR-Bench are relatively606

simple at this stage. In future versions, we aim to607

integrate more challenging reasoning tasks, such as608

those from AIME and other high-difficulty problem609

sets, to provide a more robust evaluation of models’610

reasoning abilities.611
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A Prompts735

A.1 Complex Question Generation Prompt736

The prompt shown in Figure 3 and Figure 4 is used737

to generate complex questions from a DAG and738

atomic tasks.739

A.2 DAG Reconstruction Prompt740

The prompt shown in Figure 5 is used to verify the741

consistency between the generated question and742

the original DAG structure.743

A.3 Mermaid Example744

Figure 6 shows an example of the Mermaid format745

used to represent the DAG structure.746

A.4 Solvability and Tool Necessity Verification747

Prompts748

The prompts shown in Figure 7 and Figure 8 are749

used to verify if a sub-task is solvable with code750

and unsolvable without code.751

A.5 Final Question Assembly Prompt752

The prompt shown in Figure 9 is used to assemble753

the final question presented to the model.754

B DAG Examples755

The generated DAG examples are show in Figure756

10, where we present 4 difficulty levels. Easy: 5757

nodes and 6 edges; Medium: 8 nodes and 13 edges;758

Hard: 11 nodes and 17 edges; Extreme: 16 nodes759

and 28 edges.760

C Experimental Details761

C.1 Decoding and API Setup762

We evaluate all models using a unified evalua-763

tion framework that standardizes API interactions,764

tool usage protocols, and parameter configura-765

tions. This ensures fair comparisons across dif-766

ferent model families and providers.767

API Configuration. All models are accessed via768

their respective official APIs or unified gateways.769

We use the following configurations:770

• Temperature: We use the default temperature771

settings for each model provider (e.g., 1.0 for772

OpenAI and Anthropic, 0.9 for Google) to bal-773

ance determinism and creativity appropriate774

for mathematical reasoning. We do not en-775

force a uniform temperature across all models776

to respect their optimal operating conditions.777

• Max Tokens: For most models, we use the de- 778

fault maximum output token limit. For models 779

requiring extended generation capabilities, we 780

set a limit of 32,768 tokens to manage latency. 781

• Timeout: Timeout thresholds are tailored to 782

model inference speeds, ranging from 180 783

seconds for faster models (e.g., GEMINI-2.5- 784

FLASH) to 900 seconds for slower or more 785

complex models (e.g., GPT-5 in native mode). 786

• Retries: We implement a robust retry mecha- 787

nism with exponential backoff. We allow up 788

to 1 retry for timeout errors and up to 4 retries 789

for other API errors (e.g., rate limits, server 790

errors). 791

Tool Calling Implementation. Our framework 792

supports three types of tool calling mechanisms: 793

1. Native Function Calling: For models sup- 794

porting OpenAI-compatible tool definitions 795

(e.g., GPT-5, CLAUDE-SONNET-4.5, QWEN3), 796

we pass tool definitions via the API’s tools 797

parameter and parse structured tool calls from 798

the response. 799

2. Prompt-based Tool Calling: For models 800

without native tool support (e.g., GEMINI- 801

2.5), we use a system prompt to instruct the 802

model to output Python code blocks (wrapped 803

in “‘python ... “‘). We then extract and ex- 804

ecute these blocks using regular expressions. 805

3. Native TIR API: For models with proprietary 806

tool-integrated reasoning endpoints (e.g., Na- 807

tive mode for GPT-5 and QWEN3), we use 808

their specific single-turn APIs where tool exe- 809

cution is handled internally by the provider. 810

System Prompts. We use specific system 811

prompts to guide models in the MULTI mode: 812

• OpenAI-compatible models: Instructed to 813

use the provided code_interpreter tool, ex- 814

ecute one step at a time, and wait for results 815

before proceeding. 816

• Text-based models: Instructed to write inde- 817

pendent Python code blocks for calculation 818

and verification, and to wait for execution out- 819

puts provided by the user. 820

All prompts emphasize that code blocks must be 821

self-contained and that the model should not hallu- 822

cinate execution results. 823
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Prompt for Complex Question Generation (Part 1)

I now have [NUM_TASKS] atomic tasks and their answers, and a Directed Acyclic Graph (DAG) combining atomic
tasks (given in mermaid format). Please appropriately modify the parameters and descriptions of the atomic tasks to
organically combine them into a large task that conforms to the DAG.
Atomic tasks have the following characteristics:

• They receive several parameters as input and output a result;

• They require writing code to complete; it is very difficult for the model to complete them on its own;

The DAG can be interpreted as follows:

• It represents the dependency relationship between the sub-tasks required to complete the large task;

• The edges between nodes indicate that the result of one task is a condition for another task, for example:

– N0 –> N5, N3 –> N5, means that the answer to N0 is a condition (input) for the problem of N5, and the
answer to N3 is another condition (input) for the problem of N5;

– N0 –> N2, N0 –> N3, means that the answer to N0 serves as a condition for both N2 and N3;

You must strictly follow the steps below to generate the question:

• First, select suitable atomic tasks for the source nodes with an in-degree of 0, and write code to call the python
tool to calculate the answers for the atomic tasks;

• For each node that has been arranged, based on the content, length, number size, etc. of its answer (output),
flexibly select a suitable atomic task as the problem for the successor node, requiring:

– Ensure the difficulty of the successor node’s problem, i.e., must ensure that its calculation volume is very
large, making it difficult for the model to complete without using code tools;

– Methods that can be adopted include:

* Large number calculation: Problems involving calculation need to construct huge numbers, such as
power operations of 199-299 (both base and exponent are in this range, e.g., 248**287); factorials of
300-500; huge terms of various sequences; the nth prime number (n is very large), etc.;

* Neuro-symbolic operations: Digit statistics in strings need to construct huge strings, such as a string
obtained by [continuously dividing a large number by 26, mapping remainders 0-25 to a-z, until the
quotient is 0], etc.;

* There are other means, you can use your creativity.
– The connection between the preceding problem and the succeeding problem should be as natural as possible;
– The answer to the sub-task should be as complex as possible and not easily guessed by educational guess.

For example, prime factorization can take a certain prime factor in reverse order as the answer, rather than
the first or second one, because they are usually 2 or 3;

• Repeat the above steps, repeating the process of [selecting a sub-problem for the node -> setting the sub-problem
-> calling the python tool to get the node answer -> re-selecting if the difficulty is not high enough -> jumping to
the successor node], until the sink node is arranged with a problem and the final output is obtained;

• After arranging the problems for all nodes, combine the above into a whole question. The question needs to follow
the following format, similar to: N0: XXX. N1: XXX. N2: Taking N0 and N1 as input, XXX. N3: Taking the last
four digits of N0 and N2 as input, XXX.N4: Taking the years of N1 and N2 as input, XXX.

• At the same time, the solution method for the entire question needs to be written as a complete piece of code,
requiring that the answer value of the final node can be obtained eventually:

– In the output code field, the code must use variable names in the form of N0, N1, N2 for each node, i.e., Nx
represents the output value of node x;

– In the output code field, the calculation of node values must be performed in the order of N0, N1, N2...N_n,
rather than the topological order of the DAG;

• Finally, present the question, the complete code, and the answer to the final node of the question in a code block
in json format to me, as follows:

```json
{

"question": "xxx",
"code": "xxx",
"answer": "xxx"

}
```

Figure 3: Prompt for Complex Question Generation (Part 1)
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Prompt for Complex Question Generation (Part 2)

You need to follow the following requirements:

• Reasonably select each task and place it on a reasonable node;

• According to the content of the DAG, use the output of some tasks as the input of other tasks. Note that the DAG
must be correctly reflected, and existing input conditions cannot be omitted or non-existent ones added;

• The final node needs to output a result that can be verified by rule-based methods, such as text or numbers. Note
that it cannot have a decimal point. You can emphasize taking the integer part to avoid this situation;

• Numbers not given in the problem cannot appear in the problem description. All conditions must be given in the
problem, and there can be no vague or guessing parts;

• The results of intermediate steps cannot be exposed in the problem. Only the input of nodes with an in-degree of
0 can be given in the problem. The inputs of all other nodes are the outputs of preceding nodes!

• The input of each node in the problem must be used in the sub-problem corresponding to that node. For example,
if N5 takes N2 and N4 as input, then the sub-problem corresponding to N5 must use N2 and N4 as conditions and
cannot be omitted.

• For nodes with multiple input values, do not simply calculate extremely simple calculations such as N2+N3 or N1
* N4. Instead, flexibly integrate them into atomic tasks. At the same time, if the atomic task itself does not have
that many input parameters, you can modify it appropriately, for example:

– The atomic task is to count the occurrences of a certain character in a string, and there are three inputs
N1, N2, N3. You can: convert the number obtained by N1*N2 into a string where 0 corresponds to a and
9 corresponds to j, then splice it with the original string to get a new string. In the new string, count the
occurrences of the (N3%10+1)-th letter in the alphabet;

– The atomic task is factorial calculation, and there are two inputs N3 and N5. You can calculate the factorial
of N3%300, take the smaller of the first digit and the last digit of 1000+N5 as start, and the larger as end,
and take the (start+1)-th digit to the (end+1)-th digit of the factorial value as the result (the beginning is the
1st digit);

– Pay special attention: when the output is a number and you want to convert it to a string, you need to design
a number -> string conversion method, for example: 0 corresponds to a, 9 corresponds to j; or continuously
divide the string by 26, mapping remainders 0-25 to a-z, until the quotient is 0;

Special Attention:

• The problem description must be in English!

• I/O and other sandbox-unsafe operations cannot be used in the verification code!

• The numbers involved in the calculation in the sub-task must be as large as possible to ensure that it is impossible
to do without writing code!

• The output code must be runnable, and the answer is obtained in the form of an expression (similar to jupyter) at
the end!

• When you call the python tool, you may encounter errors. At this time, you need to adjust the parameters of the
problem according to the situation and call the python tool again to get the result!

• In the output json, the code part does not need to be escaped twice, just a normal string!

• In the output json, the category_mapping field should record the category of the atomic task corresponding to
each node (such as N0, N1), in the format of a dictionary!

• The output question must be self-contained, all conditions must be complete, including strings, large numbers,
etc., allowing no omissions or missing parts, so that people can answer based on the question and get the answer!

• For all cases involving the "nth" position or item, the index starts from 1. This must be clearly written in the final
generated question according to the requirements of the atomic task!

• For all problems involving unix timestamps, the timestamp is required to be UTC time. This must be clearly
written in the final generated question according to the requirements of the atomic task!

• The node with an in-degree of 0 (source node) also needs to correspond to an atomic task to be solved, that is, the
answer to the atomic task is the output of the source node, and the source node cannot be just an input value!!!

• When encountering factorial results, try not to take the last few digits, because basically the last few digits may all
be 0. It is better to take the position closer to the front!!!

Atomic tasks are as follows:
[ATOMIC_TASKS_LIST]
The Directed Acyclic Graph combining atomic tasks is as follows:
[MERMAID_DAG]

Figure 4: Prompt for Complex Question Generation (Part 2)
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Prompt for DAG Reconstruction

Convert the directed acyclic graph corresponding to the problem-solving process of the following question into mermaid
code, requiring:

• Start with "graph TD" on the first line;

• Use expressions like N0, N1 to represent nodes;

• Each subsequent line can only write one edge;

• Use the form "Nx –> Ny" to express an edge;

• Please output in the following format:

```mermaid
Your mermaid code
```

Question: [QUESTION_TEXT]

Figure 5: Prompt for DAG Reconstruction

Mermaid Example

graph TD;
N0 --> N1;
N0 --> N3;
N1 --> N2;
N1 --> N3;
N2 --> N3;
N2 --> N4;
N3 --> N4;

Figure 6: Example of Mermaid DAG Representation

Prompt for Solvability Verification (With Code)

Write Python code to calculate the value of [VARIABLE_NAME] based on the following sub-task.
Sub-task description: [SUBTASK_DESCRIPTION]
Known dependent variable values: [DEPENDENCIES]
Please write complete Python code and output the value of [VARIABLE_NAME] in the form of an expression on the
last line (similar to Jupyter). The code should be directly runnable. Note that the code execution has a time limit of 20
seconds, please implement efficient code.
Please output in the following format:

```python
Your Python code
```

Figure 7: Prompt for Solvability Verification (With Code)

Prompt for Tool Necessity Verification (Without Code)

Directly calculate the value of [VARIABLE_NAME] based on the following sub-task.
Sub-task description: [SUBTASK_DESCRIPTION]
Known dependent variable values: [DEPENDENCIES]
Please directly calculate the value of [VARIABLE_NAME], do not write code. Give the answer in the format of
\boxed{answer} at the end.

Figure 8: Prompt for Tool Necessity Verification (Without Code)
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Prompt for Final Question Assembly

[TITLE]
[BACKGROUND_STORY]
Your ultimate task is to find “[FINAL_VARIABLE_NAME]” step by step based on the current clues.
[TASK_DESCRIPTIONS]
Please use the clues above to find the value of “[FINAL_VARIABLE_NAME]” and output it in \boxed{}. At the same
time, output the values corresponding to [SUB_TASK_NAMES] as keys in a JSON format. If a value is not obtained,
output ’null’ for the corresponding value.

Figure 9: Prompt for Final Question Assembly

(a) Easy Complexity (b) Medium Complexity

(c) Hard Complexity (d) Extreme Complexity

Figure 10: Visualization of Directed Acyclic Graphs (DAGs) demonstrating increasing structural complexity, from
simple topologies to extreme density.

15



C.2 Node-level Correctness824

To enable fine-grained analysis, we evaluate the825

correctness of each intermediate node in the rea-826

soning graph.827

Definition. For a given instance x with a ground-828

truth DAG G = (V,E), each node v ∈ V rep-829

resents a sub-problem with a ground-truth value830

av(x). The model is required to output its com-831

puted value âv(x) for each node in a structured832

JSON format. A node v is considered correct if and833

only if the model’s output âv(x) exactly matches834

the ground-truth value av(x) after normalization835

(e.g., stripping whitespace, unifying numerical for-836

mats).837

Evaluation Protocol. We employ a strict exact-838

match criterion for node-level correctness.839

• Parsing: We parse the model’s final JSON840

output to extract key-value pairs correspond-841

ing to each node ID (e.g., "N1", "N2").842

• Matching: We compare the extracted value843

with the ground truth. Missing keys, null val-844

ues, or unparsable formats are treated as in-845

correct.846

• Dependency Awareness: While node correct-847

ness is evaluated individually, our error attri-848

bution analysis (Appendix C.4) considers the849

topological order. An error in a node is only850

attributed as a primary failure if all its prede-851

cessor nodes were solved correctly (or if it’s a852

leaf node in the dependency context), allow-853

ing us to distinguish between root causes and854

cascading errors.855

C.3 Error Attribution Taxonomy856

We define the error types as follows:857

• Transcription Error: The model correctly858

calculated the value (the correct answer ap-859

pears in the code execution output) but failed860

to transcribe it correctly into the final JSON861

output.862

• Calculation Error: The model generated863

code that was executed, but the logic was in-864

correct, resulting in a wrong value (the wrong865

value appears in the code execution output).866

• Decryption Logic Error: In an encrypted867

sub-task, the model correctly identified and868

copied the ciphertext into the code, but the de-869

cryption logic was flawed, leading to failure.870

• Ciphertext Copy Error: In an encrypted sub- 871

task, the model failed to correctly copy the 872

long ciphertext string into the code (e.g., ty- 873

pos, truncation), causing the correct decryp- 874

tion algorithm to fail. 875

• Refusal (Null): The model explicitly output 876

"null" for a node, indicating an admitted in- 877

ability to solve the sub-problem. 878

• No Tool / Hallucination: The model pro- 879

duced an incorrect value without invoking any 880

tools, or the value did not appear in any tool 881

outputs, suggesting a hallucination or a failure 882

to use the necessary tools. 883

C.4 Attribution Rules 884

The attribution rules are applied in the following 885

order to the first incorrect node in the topological 886

sort: 1. If the node value is "null" or missing, as- 887

sign Refusal (Null). 2. If the correct ground-truth 888

value appears in the tool execution outputs for this 889

step, but the JSON output is different, assign Tran- 890

scription Error. 3. If the model’s incorrect JSON 891

output value appears in the tool execution outputs, 892

assign Calculation Error. 4. If the node involves 893

encryption: a. Check if the ciphertext in the code 894

arguments matches the ground-truth ciphertext. If 895

it matches but the result is wrong, assign Decryp- 896

tion Logic Error. b. If the ciphertext in the code 897

is similar (e.g., >50% prefix match, similar length) 898

but not identical to the ground truth, assign Cipher- 899

text Copy Error. 5. If none of the above apply 900

(e.g., no tool called, or answer appears nowhere in 901

traces), assign No Tool / Hallucination. 902

C.5 Unanalyzable Cases 903

We exclude instances from fine-grained error anal- 904

ysis if: 905

• The model output format is severely broken 906

and the JSON cannot be parsed. 907

• The DAG structure cannot be reconstructed 908

from the model’s output (missing topology). 909

• The ground truth or model answer is too short 910

(e.g., < 2 characters) to reliably perform string 911

matching for attribution. 912
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