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Abstract001

Existing long-context benchmarks for Large002
Language Models (LLMs) focus on evaluating003
comprehension of long inputs, while overlook-004
ing the evaluation of long reasoning abilities.005
To address this gap, we introduce LONGREA-006
SONARENA, a benchmark specifically designed007
to assess the long reasoning capabilities of008
LLMs. Our tasks require models to solve prob-009
lems by executing multi-step algorithms that010
reflect key aspects of long reasoning, such as011
retrieval and backtracking. By controlling the012
inputs, the required reasoning length can be ar-013
bitrarily scaled, reaching up to 1 million tokens014
of reasoning for the most challenging tasks.015
Extensive evaluation results demonstrate that016
LONGREASONARENA presents a significant017
challenge for both open-source and proprietary018
LLMs. For instance, Deepseek-R1 achieves019
only 7.5% accuracy on our task. Further anal-020
ysis also reveals that the accuracy exhibits a021
linear decline with respect to the logarithm of022
the expected number of reasoning steps.023

1 Introduction024

Recently, Large Language Models (LLMs) have025

extended the concept of scaling laws from scal-026

ing up train-time compute to scaling up test-time027

compute, achieving remarkable improvements on028

tasks such as mathematics, programming, and029

question answering (OpenAI, 2024b; DeepSeek-030

AI et al., 2025; Team, 2025). To enable test-time031

scaling, Large Language Models are trained via032

reinforcement learning to generate extended chain-033

of-thought that spans thousands of tokens. As a034

result, their reasoning lengths significantly exceed035

those of previous approaches (Wei et al., 2022; Yao036

et al., 2023), introducing new challenges and con-037

siderations for evaluation.038

Existing long-context benchmarks focus mainly039

on long input, such as LongBench (Bai et al., 2024)040

and Needle-in-a-Haystack (Kamradt, 2023). How-041

ever, long reasoning differs fundamentally from042

long input. In the case of long input, the model 043

only needs to passively receive and comprehend 044

information. In contrast, long reasoning requires 045

the model to actively generate, structure, and self- 046

correct its output. Some recent benchmarks have 047

begun to evaluate long-form generation, such as 048

LongGenBench (Liu et al., 2024) and GSM-Infinite 049

(Zhou et al., 2025), but these tasks are relatively 050

simple and remain far from reflecting the complex- 051

ity of long reasoning processes. 052

To better evaluate the long reasoning capabilities 053

of the models, we propose LONGREASONARENA, 054

which assesses performance by requiring the mod- 055

els to execute algorithms to solve problems. Exe- 056

cuting algorithms inherently requires the model to 057

perform long reasoning, involving a large number 058

of algorithmic steps. The number of required steps 059

and the corresponding reasoning length can be con- 060

trolled by varying the input, which allows us to 061

arbitrarily scale the required reasoning length. Dur- 062

ing algorithm execution, some essential capabilities 063

required for long reasoning are put to the test, such 064

as retrieval and backtracking. Research in cogni- 065

tive science posits that memory and backtracking 066

play important roles to the human reasoning pro- 067

cess(Newell et al., 1972; Laird, 2019; Beatty and 068

Vartanian, 2015; Risko and Gilbert, 2016). Empiri- 069

cal observations of LLMs’ long reasoning confirm 070

a similar dependency: models must retrieve prior 071

intermediate steps to maintain coherence and em- 072

ploy backtracking to correct errors or switch strate- 073

gies. These reasoning dynamics are mirrored in 074

the domain of algorithm execution. For instance, 075

algorithmic procedures like depth-first search in- 076

herently test a model’s ability to perform exten- 077

sive backtracking. Likewise, the manipulation of 078

data structures—requiring dynamic updates such 079

as insertion and deletion—poses a comparable chal- 080

lenge to the model’s ability to manage and retrieve 081

information effectively. 082

To construct the benchmark, we collect algo- 083
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Retrieval Task Example

[−66,−89,70, ┈ ,25,57,82,66]

target = 32

Find two numbers that add up to target

Backtracking Task Example

Find the word in the board

Y N D B C V I P X
X Z D C A K C B W
L D C A R T A B Z
O J K E A R C A H
X L V H Z I W T R
E Z F U L R T K T
F F G M B F K C A
M P Q C A K C A B
H Z C A R T K C A

(a)

(b)

Figure 1: (a) The construction process of LONGREASONARENA (b) Algorithmic problems abstract key elements of
long reasoning process, including retrieval, backtracking, and other essential cognitive operations.

rithmic problems and their corresponding solution084

code from LeetCode. For each problem, we use085

Qwen2.5-Coder-32B-Instruct (Hui et al., 2024) to086

generate an input generator function and an out-087

put verifier. The input generator is required to088

stably produce valid inputs and ensure sufficient089

coverage over the solution code, which enables the090

generation of an unlimited number of diverse in-091

puts. Problems lacking a qualified generator are092

excluded from the benchmark. Furthermore, to re-093

duce samples that can be solved through guessing094

or heuristic methods, we discard any sample where095

a simple guessing program can get the correct an-096

swer.097

We categorize tasks into different difficulty lev-098

els based on the expected number of reasoning099

steps. To estimate the reasoning steps required to100

solve each problem, we measure the number of101

execution lines when running the solution code102

on the given input. LONGREASONARENA is di-103

vided into three levels: Level 1, 2, and 3 corre-104

spond to approximately 1K, 100K, and 1M tokens105

of reasoning, respectively. LONGREASONARENA106

poses a significant challenge for both open-source107

and proprietary LLMs. For example, Deepseek-R1108

achieves only 7.5% accuracy on Level 3.109

We evaluate seventeen models on LON- 110

GREASONARENA, including reasoning and non- 111

reasoning models of various sizes. Based on the 112

analysis of the evaluation results, we reveal several 113

limitations of current reasoning models. First, accu- 114

racy decreases as the expected number of reasoning 115

steps increases, following a linear relationship with 116

the logarithm of the step count. Second, models 117

struggle with basic reasoning operations such as 118

retrieval and backtracking: for instance, although 119

models perform well on long-input retrieval tasks, 120

they still often fail at retrieval operations within 121

long reasoning chains, such as checking whether a 122

number appears. 123

The contributions of this paper are summarized 124

as follows: 125

• We propose LONGREASONARENA, a bench- 126

mark for evaluating long reasoning by algo- 127

rithmic execution, where the required reason- 128

ing length can be arbitrarily scaled (up to 1M 129

tokens) through input control. Our tasks re- 130

flect key aspects of long reasoning such as 131

retrieval and backtracking. 132

• We evaluate seventeen models on LONGREA- 133

SONARENA. Our analysis reveals that model 134
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accuracy declines linearly with the logarithm135

of the expected reasoning steps, and that cur-136

rent models still struggle with basic retrieval137

and backtracking operations.138

• We will release LONGREASONARENA to fa-139

cilitate future research on long reasoning and140

provide a standardized evaluation framework.141

2 Related Work142

Long Input Benchmarks Existing long-context143

benchmarks primarily focus on evaluating LLM’s144

ability to comprehend long inputs, such as the abil-145

ity to retrieve and summarize (Bai et al., 2024; An146

et al., 2024; Kamradt, 2023; Hsieh et al., 2024;147

Zhang et al., 2024). Some papers evaluate models’148

reasoning ability using a retrieve-then-reason ap-149

proach (Li et al., 2024; Ling et al., 2025; Kuratov150

et al., 2024; Zhuang et al., 2025), but the challenge151

still primarily lies in extracting information from152

long inputs rather than performing long reasoning.153

In contrast, LONGREASONARENA explicitly re-154

quires models to leverage long reasoning process155

to solve the task.156

Long Generation Benchmarks Recently, sev-157

eral studies have begun to explore the evaluation158

of models’ long generation capabilities. Liu et al.’s159

LongGenBench (Liu et al., 2024) concatenate mul-160

tiple questions to construct a single prompt and re-161

quires the model to respond to each question within162

a single response. Wu et al.’s LongGenBench (Wu163

et al., 2025) tasks the model with sequentially com-164

pleting a series of subtasks, incorporating specific165

details at designated positions in the output text.166

Both benchmarks construct long generation tasks167

based on relatively simple and repetitive patterns,168

with subtasks that are independent of one another.169

GSM-Infinite (Zhou et al., 2025) abstracts GSM-170

8K problems into computational graphs, which171

can be manipulated to control over the reasoning172

complexity and noise level. However, the problem173

space of GSM-Infinite remains limited to compos-174

ite arithmetic operations. LR2Bench (Chen et al.,175

2025) evaluates the long-chain reflective reasoning176

capabilities of LLMs. However, it only contains six177

problems, all restricted to constraint satisfaction178

problems. Previous benchmarks fall short in cap-179

turing the complexity of long reasoning processes.180

In contrast, LONGREASONARENA encompasses a181

more diverse set of tasks, enabling a broader evalu-182

ation across a wider range of reasoning challenges.183

Code Execution Some recent works leverage 184

LLM as code executors, tasking the model with 185

simulating line-by-line code execution. Lyu et 186

al.(Lyu et al., 2024) curated a dataset of 200 code 187

snippets along with corresponding input-output ex- 188

amples to evaluate models’ abilities in this role. 189

CodeI/O (Li et al., 2025) prompts DeepSeek-V2.5 190

(DeepSeek-AI et al., 2024) to do inputs/outputs pre- 191

diction. The generated chain-of-thought is used for 192

supervised fine-tuning other base models. While 193

these works share certain similarities with LON- 194

GREASONARENA, they primarily focus on rela- 195

tively simple tasks and are not designed to evalu- 196

ate long reasoning capabilities. For example, in 197

CodeI/O, the input and output lists are constrained 198

to a maximum length of 20, and string lengths 199

are limited to 100 characters. Even models lack- 200

ing long reasoning capabilities, such as DeepSeek- 201

V2.5, can achieve over 50% prediction accuracy. 202

In contrast, LONGREASONARENA is explicitly de- 203

signed to evaluate long reasoning capabilities, pre- 204

senting tasks that are challenging even for state-of- 205

the-art reasoning models. 206

Program Synthesis The program synthesis ca- 207

pability of LLMs has attracted widespread atten- 208

tion. Works such as HumanEval(Chen et al., 2021), 209

MBPP(Austin et al., 2021), and APPS(Hendrycks 210

et al., 2021) have evaluated the program generation 211

ability of LLMs. LiveCodeBench(Jain et al., 2024) 212

further addresses the issue of data contamination. 213

However, these benchmarks are not designed to 214

directly evaluate a model’s long reasoning ability, 215

making it difficult to estimate the number of rea- 216

soning steps required for solving a problem. For 217

instance, if a model has encountered similar code 218

snippets during training, the reasoning difficulty 219

can be significantly reduced. In contrast, our bench- 220

mark requires the model to execute every step cor- 221

rectly in order to arrive at the correct answer, with 222

both controllable and scalable task complexity. 223

3 Benchmark Construction 224

3.1 Problem Selection 225

Our goal is to select diverse problems that reflect 226

key characteristics of long reasoning processes. 227

Our problems are selected from LeetCode , which 228

provides a broad coverage of algorithmic topics 229

and offers detailed information for each problem, 230

including tags, solutions, and input constraints. We 231

first filter the dataset by tags, excluding problems 232
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such as “Database” and “Randomized” that primar-233

ily test implementation skills or are hard to simu-234

late with LLMs. To facilitate input generation and235

output verification, we further exclude problems236

that have no return value, involve custom classes237

in type annotations (e.g., "TreeNode"), or involve238

floating-point numbers in type annotations, which239

are prone to precision issues.240

Backtracking and memory are two fundamental241

components of long reasoning. Backtracking is a242

phenomenon unique to long reasoning and does243

not arise in tasks that only involve processing long244

inputs. It reflects the model’s ability to explore mul-245

tiple reasoning paths and reconsider its approach246

by abandoning the current trajectory and trying al-247

ternatives. Memory, on the other hand, is essential248

for both long reasoning and long input process-249

ing. However, in the context of reasoning, memory250

must be dynamically updated to incorporate new251

intermediate conclusions and revise previous errors252

as the thought process unfolds.253

To better evaluate the model’s backtracking and254

memory capabilities, we select a subset of prob-255

lems as core problems and sample a larger num-256

ber of inputs for each. For backtracking, we se-257

lect problems tagged with “Depth-First Search” or258

“Backtracking.” For memory, we select problems259

tagged with “Dynamic Programming” or “Breadth-260

First Search,” as the former requires maintaining261

and updating a value matrix, while the latter in-262

volves managing a dynamically evolving queue.263

Analysis of LLMs’ reasoning traces across all prob-264

lems validates that LLMs indeed exhibit more fre-265

quent backtracking and memory manipulation be-266

haviors on these core problems (details provided in267

Section E.2).268

3.2 Sample Generation269

Input Generator To facilitate the generation of270

inputs with unbounded quantity and complexity, we271

leverage Qwen2.5-Coder-32B-Instruct (Hui et al.,272

2024) to generate an input generator function for273

each problem. We define two criteria to evaluate274

the effectiveness of the input generator: stability275

and coverage. Stability requires that the genera-276

tor consistently produces valid inputs without trig-277

gering errors in the solution function. Coverage278

requires that the generator produces a diverse set279

of inputs that maximizes the code coverage of the280

solution. In practice, we consider a generator to be281

qualified if it can consecutively generate ten valid282

inputs and achieve over 90% code coverage. Prob-283

lems without a qualified generator are excluded 284

from the benchmark. Input generator functions 285

generated by Qwen2.5-Coder-32B-Instruct meet 286

the qualification criteria for 86% of the problems, 287

which is sufficient for our purposes. 288

Difficulty Level We categorize data samples 289

(problem-input pairs) into different difficulty levels 290

based on the number of execution lines measured 291

when running the solution code on the given input. 292

This metric serves as a proxy for the number of 293

steps required to solve the problem. Specifically, 294

samples with between 102 and 104 execution lines 295

are labeled as Level 1, those with between 104 and 296

105 lines as Level 2, and those with between 105 297

and 106 lines as Level 3. Although models may oc- 298

casionally solve certain samples using fewer steps 299

by guessing or heuristic methods, the average num- 300

ber of reasoning steps at each level remains propor- 301

tional to the average number of execution lines. 302

We estimate that each execution line typically 303

requires at least 10 tokens to complete, such as per- 304

forming a comparison or computation command. 305

Accordingly, solving all Level 2 tasks without 306

guessing would require a model to process at least 307

100K tokens of reasoning per sample; for Level 3, 308

this requirement increases to at least 1M tokens per 309

sample. These demands far exceed the current ca- 310

pabilities of existing reasoning models. LONGREA- 311

SONARENA is designed to challenge and guide the 312

development of reasoning models, and to serve as 313

a benchmark for future models capable of handling 314

longer reasoning processes. 315

Input Length Constraint To ensure that the pri- 316

mary challenge of the task lies in long reasoning 317

rather than long input, we retain only those samples 318

whose input length is within 32K tokens. Dataset 319

statistics are shown in Table 1. Even for Level 320

3 subset, at least 50% of the samples have input 321

lengths within 1K tokens. Compared to the typical 322

128K context length supported by current models, 323

this is relatively small, ensuring that the core diffi- 324

culty of our task does not arise from handling long 325

inputs. 326

Filtering Out Easily Guessable Samples Some 327

generated samples are categorized as high difficulty 328

due to a large number of execution lines. How- 329

ever, in practice, LLM may arrive at the correct 330

answer using only a small number of reasoning 331

steps by guessing or heuristic methods. This under- 332

mines the sample’s ability to effectively evaluate 333
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Table 1: The statistics of datasets at different levels.

Level 1 Level 2 Level 3

# Problems 262 306 288
# Samples 514 632 523
Median execution line count 1,444 31,592 202,412
90th percentile of execution line count 7,210 80,689 557,175
Median input length 64 524 1,983
90th percentile of input length 570 6,551 22,877

long reasoning capabilities. For example, in a task334

that asks for all triplets in an array that sum to335

zero, if such triplets exist, the model must reason336

through the problem to identify them. But if no337

such triplets exist, a model may terminate early338

and guess that the answer is "no solution," simply339

because it has not encountered any valid triplets340

during its brief attempts. To eliminate such cases,341

we prompt Qwen2.5-Coder-32B-Instruct to write342

a program that guesses the answer using the sim-343

plest possible logic. If the guessed answer matches344

the ground truth, the sample is removed from the345

dataset. Furthermore, if current reasoning models346

can stably solve Level 3 samples for a given prob-347

lem, we consider the problem insufficiently chal-348

lenging and exclude it from the dataset. Concretely,349

we generate 5 Level 3 samples per problem and350

use QwQ’s performance as the criterion: if QwQ351

correctly solves all 5, the problem is discarded.352

Output Verification During evaluation, models353

are prompted to enclose their final answer within354

\boxed{}. Any formatting errors or incorrect an-355

swers are treated as incorrect. The reference answer356

for each sample is obtained by executing the solu-357

tion code. However, some problems permit mul-358

tiple correct outputs (e.g., when all combinations359

or permutations are to be returned in any order).360

To account for such cases, we use Qwen2.5-Coder-361

32B-Instruct to determine whether the problem is362

input-dependent in this regard, and to generate code363

that verifies whether the model’s generated answer364

is equivalent to the reference answer.365

4 Evaluation366

4.1 Setup & Results367

We evaluate 17 models (OpenAI, 2025, 2024b,a;368

DeepSeek-AI et al., 2025; Yang et al., 2025;369

Team, 2025; Anthropic, 2025; Yang et al., 2024;370

Grattafiori et al., 2024), including 13 open-source371

models and 4 proprietary models. For all open- 372

source models except DeepSeek-R1 (due to the 373

difficulty of deploying DeepSeek-R1), we perform 374

inference using vLLM (Kwon et al., 2023) on 8 375

NVIDIA A100 GPUs. For the proprietary mod- 376

els and DeepSeek-R1, we use API calls. Detailed 377

inference settings are provided in Section A. 378

The evaluation results are shown in Table 2. 379

Overall, large reasoning models significantly out- 380

perform non-reasoning models. However, for Level 381

2 and Level 3 tasks, state-of-the-art reasoning 382

models still struggle. For instance, at Level 3, 383

DeepSeek-R1 attains only 7.5% accuracy, while 384

GPT-5 reaches just 26.4%. We also evaluated hu- 385

man performance on LONGREASONARENA, find- 386

ing that it remains challenging for humans as well 387

(see Section C for details). 388

4.2 Impact of Reasoning and Input Difficulty 389

on Accuracy 390

We analyze the impact of expected number of 391

reasoning steps and input length on model accu- 392

racy, as shown in Figure 2. Accuracy decreases as 393

the expected number of reasoning steps increases, 394

following a strong linear trend with respect to 395

the logarithm of steps. For all reasoning models, 396

R2 > 0.9 (detailed results in Section G). This indi- 397

cates that our estimation of the required reasoning 398

steps serves as a effective proxy for task difficulty. 399

With respect to input length, model accuracy 400

varies only slightly when inputs are short, suggest- 401

ing limited sensitivity to small-scale inputs. How- 402

ever, as the input length increases beyond approxi- 403

mately 102 tokens, accuracy drops sharply. 404

Across both trends, reasoning models (o1, QwQ, 405

Claude 3.7 Sonnet, DeepSeek-R1) exhibit similar 406

patterns of decline, while the non-reasoning model 407

GPT-4o performs consistently worse. This consis- 408

tency across diverse reasoning models highlights 409

that the observed trends are not model-specific but 410

rather reflect a general property of reasoning mod- 411
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Table 2: Evaluation results of 17 models across difficulty levels.

Reasoning Model Level 1 Level 2 Level 3

GPT-5 ✓ 81.5 41.8 26.4
o1 ✓ 59.3 29.6 16.4
Qwen3-32B ✓ 49.4 19.3 11.3
QwQ ✓ 49.4 20.4 10.7
Qwen3-14B ✓ 50.4 16.9 8.6
Claude 3.7 Sonnet ✓ 44.2 15.5 7.8
DeepSeek-R1 ✓ 40.1 15.7 7.5
DeepSeek-R1-Distill-Qwen-32B ✓ 38.5 13.9 7.5
Qwen3-8B ✓ 43.2 16.3 7.1
Qwen3-4B ✓ 42.4 13.4 6.7
QwQ-preview ✓ 29.0 8.9 3.6
DeepSeek-R1-Distill-Qwen-14B ✓ 32.7 9.8 3.3
GPT-4o × 23.0 5.7 2.1
Qwen2.5-72B × 20.6 5.2 2.1
DeepSeek-R1-Distill-Qwen-7B ✓ 16.3 3.3 1.9
Llama 3.1 70B × 12.8 3.3 1.2
DeepSeek-R1-Distill-Qwen-1.5B ✓ 1.0 0.3 0.0

els.412

4.3 Retrieval Failures in Reasoning Process413

To analyze the retrieval failures made by reasoning414

models, we conduct an in-depth analysis using a415

simple problem, Two Sum. The problem is stated416

as follows: “Given an array of integers nums and417

an integer target, return indices of the two num-418

bers such that they add up to target.” The refer-419

ence solution involves iterating through the array420

and checking whether target− nums[i] exists in421

the array. Solving this problem requires only two422

core capabilities: basic arithmetic (addition and423

subtraction) and retrieval.424

We control the difficulty of the task by varying425

the length of the input array. Figure 3(a) shows that426

accuracy decreases as the array length increases,427

exhibiting a linear relationship with the logarithm428

of the array length (R2 = 0.975). Given that the429

expected number of reasoning steps scales linearly430

with array length, this trend aligns with the pattern431

observed in Figure 2(a). Notably, the model com-432

pletely fails the task once the array length reaches433

1,000.434

To determine whether the primary source of er-435

ror lies in arithmetic computation or retrieval, we436

extracted equations from the model’s reasoning pro-437

cess and evaluated their correctness. The correct-438

ness rate of these equations reaches 98%. More-439

over, for this task, the computations at different440

indices are independent, and the model only needs 441

to perform the correct computation at the index 442

corresponding to the answer in order to succeed. 443

Therefore, there is no accumulation of errors across 444

steps. These findings indicate that the dominant 445

source of failure lies in the model’s retrieval ability. 446

Further examination of erroneous cases reveals 447

that errors can be categorized into index errors and 448

full errors. An index error occurs when the model 449

identifies the correct value pair but retrieves incor- 450

rect indices. In the following example, given the 451

input nums[74] = −5377, nums[75] = −22651, 452

nums[76] = 27401, the model correctly com- 453

putes based on nums[74], but fails to retrieve 454

nums[75]. Instead, it mistakenly assigns the value 455

of nums[76] to index 75. If the skipped value is 456

not part of the correct answer, the model may still 457

find the correct value pair; however, this leads to 458

systematic misalignment in all subsequent indexes. 459

Index74: -5377 → complement - 22316 →
add.
Index75: 27401 → complement - 55094 →
add.

460

A full error refers to a failure to identify the 461

correct value pair. In the following example, the 462

correct answer is [156, 382] (target = 1973 , 463

nums[156] = 31753 , nums[382] = −29780). 464
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Figure 2: Model accuracy with respect to (a) expected number of reasoning steps and (b) input length. Accuracy
consistently decreases with both increasing reasoning and input difficulty. A strong log-linear relationship is
observed with respect to the expected number of reasoning steps across all reasoning models.

Although the model correctly computes that the465

number corresponding to -29,780 is 31,753, it fails466

to retrieve that 31,753 has already appeared in the467

input.468

Index156:31753 → complement is negative.
Not present.
...
Index382:-29780 → complement 1973 +
29780 = 31753. Not present.

469

Figure 3(b) shows that when the array length is470

relatively short, most errors are index errors. How-471

ever, as the array length increases, the proportion472

of full errors rises steadily and eventually becomes473

the dominant error type. This further demonstrates474

that as the array length grows, the retrieval task475

becomes increasingly difficult for the model.476

Simple retrieval tasks, such as sequentially ac-477

cessing array elements or determining whether a478

specific value appears (similar to a Needle-in-a-479

Haystack task), are typically easy for current mod-480

els when only a long input is involved. However,481

when these retrieval operations must be repeatedly482

carried out throughout a long reasoning process, the483

models’ performance degrade significantly. This484

highlights an important distinction: although both485

scenarios involve long contexts, long reasoning486

processes introduce fundamentally different chal-487

lenges compared to long inputs. Current models488

remain constrained by the accuracy of retrieval dur- 489

ing reasoning. 490

4.4 Backtracking Failures in Reasoning 491

Process 492

To analyze the backtracking failures of reasoning 493

models, we adapt the original Word Search prob- 494

lem to serve as a case study. In our modified ver- 495

sion, the task is stated as follows: “Given an m × n 496

grid of characters board and a string word, return 497

the list of positions that form the word in order if 498

the word exists in the grid. If the word does not 499

exist, return an empty list. The word can be con- 500

structed from letters of sequentially adjacent cells, 501

where adjacent cells are horizontally or vertically 502

neighboring. The same letter cell may not be used 503

more than once.” In contrast to the original formu- 504

lation, which simply asks whether the word exists 505

and returns a boolean result, this version enables 506

clearer differentiation between correct reasoning 507

and lucky guesses. Solving this task requires only 508

the ability to perform depth-first search (DFS) and 509

does not involve any arithmetic computation. 510

We keep the size of the board fixed and vary 511

the length of the word to control the depth of the 512

DFS. As shown in Figure 4, the accuracy declines 513

approximately linearly with increasing word length 514

(R2 = 0.961). When the required search depth 515

reaches 20, the model struggles to complete the 516

task successfully. By analyzing models’ reasoning 517
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Figure 3: The performance trend and error type analysis for the Two Sum task. (a) The accuracy exhibits a linear
decline with respect to the logarithm of array length. (b) Error type distribution shows a transition from index errors
to full errors as array length increases.

processes, we find that reasoning models exhibit518

limited backtracking capabilities. They are ineffec-519

tive at exploring new paths and tend to repeatedly520

revisit previously explored ones.521
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Figure 4: The performance trend for the Word Search
task. The accuracy exhibits a linear decline with respect
to the length of the word.

To quantify the breadth of exploration, we de-522

fine a valid path as a cell sequence S = (xi, yi)523

of length greater than two, where each adjacent524

pair of cells is spatially adjacent and satisfies525

board[xi, yi] = word[i]. Furthermore, if a valid526

path is not a subpath of any other valid path, we527

classify it as a distinct path. We measure the num-528

ber of distinct paths discovered during reasoning529

process and observe that the model discovers only530

4.9 distinct paths on average. This small number531

indicates insufficient exploration. As illustrated532

in the example in Section F, the model repeatedly533

checks the sequences (3,10) → (3,9) → (2,9) → 534

(2,8) → (1,8) → (0,8) → (0,7) → (0,6) and (3,10) 535

→ (3,9) → (4,9) → (4,8), but fails to explore fur- 536

ther. Continuing from (2,8) to (2,7) would have led 537

to the correct path, yet the model fails to backtrack 538

to this point. 539

5 Conclusion 540

We present LONGREASONARENA, a benchmark 541

designed to evaluate the long reasoning capabili- 542

ties of large language models through algorithmic 543

execution. LONGREASONARENA bridges a crit- 544

ical gap left by existing benchmarks focused pri- 545

marily on long inputs. Our analysis reveals that 546

model performance degrades predictably with in- 547

creased required steps, and that current models 548

struggle with basic retrieval and backtracking op- 549

erations. LONGREASONARENA thus provides a 550

scalable and controllable framework for probing 551

and advancing the frontiers of large reasoning mod- 552

els. For future research, we will further broaden 553

the evaluation of models’ reasoning capabilities to 554

include more diverse scenarios such as multimodal 555

reasoning. 556

Limitations 557

To estimate the number of reasoning steps required 558

for each task, we approximate it using the number 559

of execution lines measured when running the solu- 560

tion code on the given input. While this generally 561

reflects the reasoning complexity of the task, it may 562

deviate from the exact number of steps required by 563

the model, as the model may adopt different strate- 564

8



gies to solve the problem. Nevertheless, precisely565

calculating the number of required reasoning steps566

for all tasks is infeasible, and our method serves as567

a sufficiently effective approximation.568

Furthermore, evaluation through algorithmic ex-569

ecution primarily focuses on deductive reasoning.570

It cannot cover all forms of reasoning, such as in-571

ductive reasoning or analogical reasoning. Evaluat-572

ing other types of reasoning remains an important573

direction for future work.574

Broader Impacts575

LONGREASONARENA focuses on evaluating mod-576

els’ long reasoning capabilities, which facilitates577

the extension of their reasoning processes and the578

enhancement of their reasoning abilities. This leads579

to greater potential for solving complex real-world580

problems. However, as reasoning processes be-581

come longer and more sophisticated, it also be-582

comes increasingly difficult to interpret and moni-583

tor the model’s reasoning trajectory, especially in584

cases involving harmful or deceptive intent.585
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specific generation parameters tailored to reasoning779

and non-reasoning models, as listed in Table 3. For780

proprietary models, we adhere to the token limits781

and constraints outlined in Table 4.782

B Evaluation Variance under Different783

Random Seeds784

To assess the impact of random seeds on evaluation785

results, we re-evaluated QwQ on Level 1 using786

different seeds. As shown in Table 5, the mean787

accuracy is 50.9 with a standard deviation of 0.93.788

The minimum and maximum scores are 53.5 and789

49.6, respectively. This indicates that the evaluation790

results are stable across different random seeds.791

Table 5: Evaluation results of QwQ on Level 1 under
different random seeds.

Seed 1 2 3 4
Accuracy 51.2 50.2 50.0 51.4

Seed 5 6 7 8
Accuracy 50.2 49.6 50.4 50.2

Seed 9 10 11 12
Accuracy 51.6 51.2 51.4 53.5

Seed 13 14 15 16
Accuracy 50.8 51.4 51.2 50.2

C Human Baseline792

We conducted a preliminary human baseline evalu-793

ation on a randomly selected subset of our bench-794

mark at Level 1 difficulty. The participants were795

seven computer science students, who participated796

on a strictly voluntary basis. Participants acknowl-797

edged their understanding of the data usage and798

agreed to participate by proceeding with the ques-799

tionnaire. Prior to the task, participants were pre-800

sented with specific guidelines to ensure standard-801

ization. The full text of the instructions provided802

was: "You are permitted to search for solutions803

and use computational tools; however, please do804

not directly execute code to solve the problem as805

a whole. Please record the time taken to complete806

the task." Following these instructions, the specific807

problem statements and their corresponding inputs808

were displayed to the participants.809

In total, 20 questions were evaluated. On av-810

erage, each question took 4 minutes to complete,811

and the participants achieved an average accuracy812

of 75%. This result indicates that our benchmark813

poses a challenge not only for LLMs but also for814

human participants with relevant domain knowl- 815

edge. 816

D The Use of Large Language Models 817

In paper writing, we use Large Language Models 818

to polish writing. In experiments, we use Large 819

Language Models both as our research subjects 820

and as tools to generate training data. 821

E Benchmark Construction Details 822

E.1 Tag Filtering 823

We exclude problems tagged with categories such 824

as database, pandas, linked list, multithreading, 825

probability and statistics, randomized, design and 826

interactive. Certain tags like database and linked 827

list primarily test the use of libraries or implemen- 828

tation details, which is not the focus to our eval- 829

uation. Problems involving randomized behavior 830

and multithreading are excluded because current 831

LLMs are not well-suited for simulating these be- 832

haviors. In addition, since our benchmark is de- 833

signed for single-turn interactions, we exclude in- 834

teractive problems that require multi-turn or dy- 835

namic input/output exchanges. 836

E.2 Core Problems 837

To validate whether models exhibit more desired 838

cognitive behaviors in filtered core problems, we 839

segmented model’s reasoning traces and used GPT- 840

4o to assess the presence of backtracking and mem- 841

ory read/write behaviors in each segment. Our 842

analysis revealed statistically significant patterns: 843

• Problems tagged with DFS/backtracking 844

showed a higher frequency of backtracking 845

behaviors in the traces (40.9% vs. 32.4%, p < 846

1e-4). 847

• Problems tagged with BFS/DP showed a 848

higher frequency of memory-related behav- 849

iors (87.2% vs. 77.2%, p < 1e-4). 850

These results suggest that the chosen tags are 851

not arbitrary, but indeed correspond to different 852

reasoning dynamics exhibited by the models. 853

E.3 Code Coverage 854

We used Python’s coverage library to measure line- 855

level code coverage. Specifically, we tracked the 856

code coverage of the solution code during execu- 857

tion with ten different inputs (excluding import 858

statements as well as class and function definitions). 859
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Table 3: Settings for vLLM Inference

Reasoning Models Non-Reasoning Models

MaxNewTokens 32K 8K
System Prompt N/A You are a helpful assistant
Temperature 0.6
TopP 0.95
MinP 0
TopK 40
vLLM Version 0.8.5

Table 4: Settings for API Calls

Maximum Number
of Reasoning Tokens

Maximum Number
of Output Tokens

Deepseek-R1 32K 36K
Claude 3.7 Sonnet 32K 36K
GPT-4o N/A default
o1 medium reasoning effort
GPT-5 medium reasoning effort

Below is an example of insufficient coverage: due860

to a bad input generator, all generated samples for861

this problem exit directly at the first return state-862

ment.863
864

class Solution:865
def __main(self, grid: List[List[int]]) −>866

int:867
if grid[0][1] > 1 and grid[1][0] > 1:868

return −1869
870

m, n = len(grid), len(grid[0])871
dist = [[inf] ∗ n for _ in range(m)]872
dist[0][0] = 0873
q = [(0, 0, 0)]874
dirs = (−1, 0, 1, 0, −1)875

876
......877878

E.4 Prompt879

Prompt for Evaluation

Solve the given problem based on the given
inputs.
Don’t just reply with code. You should cal-
culate the final answer step by step. Put
your final answer within \boxed{}.

Problem:
{problem}

Inputs:
880

{inputs}
881

Prompt for Input Generator

Write a Python function called "generate()"
to generate test data for a given function.
Follow these requirements:
1. Each run of the generate() function
should return only one random data sam-
ple.
2. The return value of generate() must
match the expected input format of the tar-
get function.
3. The format and range of the generated
test data must follow the specifications in
the Constraints section.
4. For any length-related quantities (e.g. list
sizes, string lengths, number of elements),
values should be sampled uniformly on a
logarithmic scale within the allowed range.
Notice to avoid undefined behavior with
log(0), the lower bound must be at least
log(1).

The code block should only include the
"generate" function. Think step by step in
the comments before the code.

882
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Problem:
{problem}

Constraints:
{constraints}

Examples:
{examples}

Function:
{solution code}

883

Prompt for Output Verifier

You are a professional Python developer.
Complete the following tasks:
**Task 1: Determine if the answer should
be "order-independent"**
I will provide a programming problem state-
ment. Your task is to analyze whether
the expected answer should be considered
**order-independent**. For example the
problem requires returning a **set**, a
**list where answer could be in any order**,
or a **combination or permutations of ele-
ments**.
After analyzing the problem, output ei-
ther ‘<flag>Order-dependent</flag>"‘ or
‘"<flag>Order-independent</flag>"‘

**Task 2: Generate a Boolean Comparison
Function**
Based on the result of Task 1, generate a
Python function ’compare(user_output, ex-
pected_output)’, which compares the output
of a user’s submission (’user_output’) with
the expected answer (’expected_output’)
and **returns a boolean value (’True’ or
’False’)**:
- **If the answer is order-independent**,
the function should compare the outputs
while ignoring order.
- **If the answer is order-dependent**, the
function should compare the outputs strictly
as given.
The code block should only include the
"compare" function.

Problem:
{problem}

884

Examples:
{examples}

885

Prompt for Simple Guessing Program

Your task is not to write a standard solution
to solve the following problem, but to write
the simplest possible function to guess an
answer.
If the return value of the problem could
mean "no solution exists", prefer to guess
that no solution exists. Otherwise, you may
use some tricky way to solve the problem,
for example hardcoded cases or solutions
that work under specific conditions.
The code block should only include the
function "guess({params})". Think step by
step in the comments before the code.

Problem:
{problem}

886

F Backtracking Failure Example 887

So moving left to (4,8). Now, the path is
(3,10) → (3,9) → (4,9) → (4,8).
...
So path now is (3,10) → (3,9) → (2,9) →
(2,8) → (1,8) → (1,7).
...
Path so far: (3,10) → (3,9) → (2,9) → (1,9).
...
Now the path is (3,10) → (3,9) → (4,9) →
(4,8) (J).
...
1. (3,10) 2. (3,9) 3. (2,9) Now, third letter
is the second K.
<omit intermediate steps>
Next is U. Left to (0,6) (U)
...
Wait, let me try starting at (3,10) again but
take a different route after the two Ks. Path
so far: 1. (3,10) T 2. (3,9) K 3. (4,9)
K Now, next is J. From (4,9), move left to
(4,8) J.
...
(3,10) → (3,9) → (2,9) → (2,8) → (1,8) →
(0,8) → (0,7) → (0,6) → then stuck.
...

888
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Figure 5: Relationship between the expected number of reasoning steps and reasoning length of (a) QwQ and (b)
DeepSeek-R1-Distill-Qwen-32B. The reasoning length of correct samples generally increases with higher reasoning
complexity, but the reasoning length of incorrect samples is significantly longer than that of correct ones

Wait let me try one more time with the path
starting at (3,10) and see if there’s another
route. Path: 1. (3,10) T 2. (3,9) K 3.
(4,9) K
...
Suppose the path starts at (3,10) → (3,9) K
→ then to (2,9) K → then to (2,8) J → then
to (1,8) H → then to (0,8) Q → (0,7) T →
(0,6) U → then need M.
...
1. (3,10) T 2. (3,9) K 3. (4,9) K 4. (4,8) J

889

G Summary of Linear Regression890

Analyses891

Table 6: The significance of linear regression between
model accuracy and the logarithm of expected number
of reasoning steps.

R2 p-value

o1 0.981 <1e-4
QwQ 0.946 <1e-4
Claude 3.7 Sonnet 0.914 <1e-4
Deepseek-R1 0.928 <1e-4

H Relationship Between Reasoning892

Length and Complexity893

We analyze the relationship between the model’s894

reasoning length and the reasoning complexity of895

tasks. As shown in Figure 5, the reasoning length896

of correct samples generally increases with higher897

number of required steps. This indicates that the898

model is, to some extent, able to dynamically adjust 899

its reasoning length according to task complexity. 900

However, it is noteworthy that the reasoning length 901

of incorrect samples is significantly longer than 902

that of correct ones. This suggests that the model 903

could not fully leverage its extended reasoning pro- 904

cess—longer reasoning does not guarantee better 905

problem-solving. This observation is also consis- 906

tent with findings from prior work(Wang et al., 907

2025). 908

I License of Artifacts 909

The LeetCode data is licensed under CC-BY-SA- 910

4.0. Furthermore, all models utilized and evaluated 911

are confirmed to be used in accordance with their 912

respective terms of use. Our benchmark is intended 913

to be used for academic research purposes. 914
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