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Abstract

As models become increasingly sophisticated, conventional algorithm benchmarks
are increasingly saturated, underscoring the need for more challenging bench-
marks to guide future improvements in algorithmic reasoning. This paper intro-
duces OIBench, a high-quality, private, and challenging olympiad-level informatics
dataset comprising 250 carefully curated original problems. We detail the con-
struction methodology of the benchmark, ensuring a comprehensive assessment
across various programming paradigms and complexities, and we demonstrate
its contamination-resistant properties via experiments. We propose Time/Space
Completion Curves for finer-grained efficiency analysis and enable direct human-
model comparisons through high-level participant evaluations. Our experiments
reveal that while open-source models lag behind closed-source counterparts, cur-
rent SOTA models already outperform most human participants in both correctness
and efficiency, while still being suboptimal compared to the canonical solutions.
By releasing OIBench as a fully open-source resource ' , we hope this benchmark
will contribute to advancing code reasoning capabilities for future LLMs.

1 Introduction

Large language models have demonstrated remarkable capabilities in algorithmic reasoning and
complex problem-solving, and significantly empowered human productivity in these tasks, assisting
programmers in designing algorithms, optimizing computational efficiency, and solving high-level
programming challenges. As models become increasingly sophisticated, conventional algorithm
benchmarks like HumanEval [1] and MBPP [2] are saturated, with most state-of-the-art LLMs
achieving solve rates exceeding 90%. The saturation underscores the need for more challenging
benchmarks to guide future improvements in algorithmic reasoning [3, 4].

Recent benchmarks proposed more difficult coding datasets by collecting data from open-source
platforms, such as Codeforces [5, 6], USACO [7], and LeetCode [8, 9]. However, their test data
faced significant exposure risks given that modern LLMs utilize large-scale Internet data as their pre-
training corpus. In particular, many large models will extensively crawl data from code competitions
to improve performance [10].

The emergence of recent advanced test-time scaling models, such as DeepSeek-R1 [11] and OpenAl-
O1 [12], has further elevated the reasoning capabilities of LL.Ms, especially on complex problems.
Their technical reports often compare the performances with human, as CodeElo’s [6] online rating
strategy. However, these evaluation schemes require models to participate in online competitions
over months. Moreover, human participants’ varying numbers and skill levels in different sessions
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introduce data noise and reproducibility challenges. Although EffiBench introduces execution
time and memory usage metrics, these remain coarse-grained average scores that obscure critical
performance variations across problem types.

To address the limitations, we present OIBench, a high-quality, private, and challenging informatics
olympiad-level dataset comprising 250 carefully curated original problems. The OIBench is bilingual;
each problem is presented in Chinese and English with rigorous verification confirming their absence
from public repositories before release. For each problem, we provide multiple forms of evaluation,
including assessments in different programming languages, evaluations assisted by pseudocode, and
code comprehension tasks, thereby enabling a comprehensive evaluation of algorithmic reasoning
abilities. We also conduct experiments to show that supervised training cannot solve such in-
distribution challenges, preventing leakage risks from the dataset open-source to future dataset
updates. To enable finer-grained efficiency analysis, we propose Time/Space Completion Curves,
which visualize algorithmic optimality across varying time/space limits, surpassing the granularity of
prior normalized averages. In addition, we invite participants of high-level programming competitions
to solve a subset of OIBench, enabling direct comparisons between LLMs and human performance.
To foster reproducibility, OIBench is fully open-source, releasing not only standard components
(problems, test cases, difficulty tags) but also canonical solutions, baseline model responses, and
detailed reproduction costs.

We list the OIBench’s contributions as follows:

1. OIBench features highly private and challenging data, collected exclusively from Olympiad
in Informatics competition coaches. We verify through search engine queries that none of
these problems are publicly accessible before release. Furthermore, our experiments demonstrate
OIBench’s resilience against data leakage: conventional models fail to acquire substantial problem-
solving capabilities on our benchmark even when fine-tuned with in-distribution data.

2. We measure LLM’s ability to solve Olympiad-level coding problems via OIBench, where strong
reasoning models significantly outperform conventional LLMs. We develop additional pseudo-
code evaluation based on the original problems to systematically assess different models’ coding
capabilities. Our paper presents an in-depth analysis of these evaluations.

3. We also compare the SOTA models’ performance with International Collegiate Programming
Contest (ICPC)-level human participants on a subset of OIBench, and conduct a comprehensive
analysis. We find that current strong reasoning models outperform average ICPC-level contestants
in both time and space complexity when solving algorithmic problems, even reaching optimal
levels.

4. OlIBench is fully open-source, releasing not only standard components (problems, labels, difficulty
levels, test cases) but also canonical solutions. Considering the accessibility and reproducibility
challenges of closed-source models, we further provide all baseline model responses and detailed
reproduction costs.

2 Related Work

Reasoning Benchmarks. Since recent studies [13] introduced the concept of Chain-of-
Thought (CoT), the research community has regarded it as a plausible way towards artificial general
intelligence [14, 15]. Based on CoT, researchers developed various benchmarks on measuring the
LLM’s reasoning abilities, including mathematics (GSM8K [16], MATH [17]), commonsense (Hot-
potQA [18] ), logics [19] , coding and other topics (CriticBench [20]).

Recent studies debated whether existing benchmarks properly assessed reasoning capabilities. While
some attributed improvements to memorization [3], others attributed insufficient challenging problems
in benchmarks [4]. The community developed new benchmarks to address these gaps: Sys2Bench
(multi-task reasoning) [21], CriticBench (critique/correction) [20], LogicVista (visual logic) [22],
LiveBench (contamination-free evaluation) [23], LogicGame (rule-based planning) [24], and QRData
(statistical reasoning) [25]. These collectively provided systematic evaluation frameworks while
revealing LLMSs’ reasoning strengths and weaknesses.

Coding Benchmarks, such as HumanEval [1] and CoderEval [26], offered the standard for eval-
uating the code capabilities of models via programming problems. More complex benchmarks,
such as CodeElo [6] and USACO [7], introduced more challenging, competition-level problems.



. Avg. Words  Avg.Size of Avg. Lines of . . Time/Space

Benchmark Difficulty per Prob. Test per Prob. Canonical Solution Non-symbolic Metrics Language Source
HumanEval[1] * 67.7 65.4k 8.7 X X en Private
CodeContests[5] *k 344.5 91.7k 52.5 v X en Codeforces
USACO[7] Hokok 4529 59.8k 28.7 v X en USACO
CodeElo[6] Hok 147.9 - - v X en Codeforces
LiveCodeBench[8] *x 271.5 3.85M - X X en LeetCode, etc.
EffiBench[9] * 212 82.5k 16 X v en LeetCode
OIBench Hokkok 225.3 37.5M 75.2 v v zh/en Private

Table 1: Basic statistics, information between ours OIBench and other code benchmarks.

EffiBench [9] focused on evaluating the efficiency of the generated code, while the RACE benchmark
further extended the evaluation dimensions by considering four key aspects[27, 28]. CRUXEval [29]
and EquiBench [30] assess LLM performance in code understanding tasks. PseudoEval [31] evaluates
models’ coding ability via pseudocode. Existing static benchmarks were susceptible to data con-
tamination, compromising the reliability and generalizability of evaluation results. DynaCode [32]
effectively mitigated data contamination by generating new code samples [33]. Additionally, Live-
CodeBench [8] provided a comprehensive, low-contamination code evaluation platform, enhancing
the timeliness of benchmarks.

3 OIBench Construction

The olympiad-level informatics problems are originally collected from ICPC competition team
coaches. These coaches, on average, have 20 years of experience in coaching university ICPC teams
and high school Olympiad Informatics (OI) teams in China. Their expertise in creating high-difficulty
algorithmic problems is instrumental in our data collection process.

To ensure the quality of these challenging algorithmic problems in our study, we ask the coaches
either to select problems from their private repositories or to compose new problems that meet our
stringent criteria as follows:

1. Originality and Confidentiality: To prevent data leakage, each problem must be original and
unpublished, whether online or in print-media. Importantly, minor adaptations of existing prob-
lems, such as changing numerical values or rephrasing the problem statement without altering the
underlying logic, are not considered original.

2. Difficulty: To ensure that the problems provided by the coaches are difficult enough to effectively
assess frontier models’ reasoning capabilities, We require coaches to assign difficulty labels to
problems based on the Codeforces difficulty rating. In addition, each problem must be labeled with
its corresponding competition level. Recognizing the subjective nature of human-based difficulty
classification, we utilize LLMs in our acceptance process to verify the problem’s difficulty.
Specifically, we refer to the difficulty control method proposed by [34], where we employ four
models to solve each problem, and we accept a problem only if no more than one of these models
solve it correctly.

3. Robust Test Cases and Verified Canonical Solutions: Effective test cases are essential for
accurately evaluating the participants’ solutions. Usually, by including test scenarios against
large input sizes and resource-intensive operations, test cases can reveal efficiencies and potential
bottlenecks in time and space utilization for a solution program. Besides, high-quality test cases
shall also examine the program’s resilience against corner cases. Hence, we require the coaches to
craft test cases that meet our standard listed in the Appendix. Additionally, coaches are required
to provide canonical solutions in C++ to confirm that all problems are solvable and test cases are
correct. We also verify the correctness of the canonical programs by executing all test cases.

We employ six ICPC student participants to review the quality of the questions after the collection
process, ensuring that each question is solvable, clearly described, includes appropriate sample
input/output, and that the formulas/tables in the problem statement adhere to TgX/Markdown syntax.

After verifying the quality of the Chinese problem statements, we recruit professional translators
with related work experience to translate the problems into English, where both native English and
Chinese translators are involved in the translation process for each problem to ensure translation



quality. We include background profiles, work duration, and wage information from all dataset
annotation employees in the appendix A.10. We give an example problem in Appendix Fig. 4.

We present a comparative analysis between our benchmark and competing benchmarks in Table 1.
The difficulty levels are calibrated based on the accuracy of GPT-40, shown in Appendix Table 4.
OIBench significantly exceeds competing benchmarks in terms of problem difficulty, and test case
size. Furthermore, we ensure that at the time of dataset release (May 2025), none of the problems can
be directly retrieved from the Internet.

3.1 Anti-Contamination

A challenge for benchmark design is the in-distribution contamination problem [35], as modern
LLMs typically scrape Internet data for pre-training and fine-tuning, potentially including contents
with the same domain of the benchmark (e.g. the training set of GSM8k). The contamination not only
renders leaked problems ineffective as test cases, but also artificially inflates performance scores on
benchmarks of the same domain without actual improvements on the corresponding abilities[36-39].

To assess OIBench’s robustness against the contamination, we conducted experiments using 100
held-out C++ problems with official solutions as training targets. We mix these problems with 10,000
standard supervised fine-tuning samples to simulate in-distribution contamination scenarios. We train
two variants: baseline models using only standard SFT data, and leaked models additionally trained
on the 100 held-out problems.

We propose a Risk-Score metric to quantify how in-domain data might lead to contamination. The
metric balances absolute and relative improvements by measuring progress toward perfect accuracy:
Risk Score = M, where Sieaked and Spaseline Tepresent scores for the respective models.

— Shaseline
We conduct the similar contamination experiments on HumanEval and LiveCodeBench to further
comparison. Specifically, for HumanEval, we randomly sample 100 problems as leaked data and use
the remaining problems as the test set. For LiveCodeBench, we sample 100 problems dated before
July 2024 as leaked data, and evaluate on problems dated after August 2024.

Table 2 shows the Risk-Score on different size models. We see that the Risk-Score is extremely
low(< 1.03%) for various models on OIBench, while remains high for other benchmarks. Since
LiveCodeBench was collected online, models trained on LeetCode website data may exhibit certain
score distortions on the benchmark. In comparison, models cannot obtain improvements on OIBench
unless they obtain comprehensive improvements on all abilities that are related to coding, for example,
from Llama3-8B to Deepseek-V3. We owe this robustness to the difficulty of OIBench, we believe
that the presence of potential in-distribution data will not adversely affect OIBench’s evaluation of
the actual code capabilities of LLMs.

Risk Score(% ) Llama3-8B Qwen2.5-7B  Qwen2.5-14B Qwen2.5-72B Qwen2.5-Coder-32B  Deepseek-V3

OIBench 0.00 0.00 0.00 1.00 1.00 1.03
HumanEval 12.50 5.56 17.65 7.14 23.08 -
LiveCodeBench 15.39 14.49 13.32 10.20 6.01 -

Table 2: Risk-Score of benchmarks on different models.

4 OIBench Learderboards

In this section, we report the evaluation results on state-of-the-art LLMs.

Evaluation Environment. We evaluate all implementations on a computing server running CentOS
Linux 7.6.1810 (Core) with Linux kernel x86-64. For each language: For C++ implementations,
we compile the code using g++ 11.3.0 with C++17 standard compliance and -O2 optimization flags.
For JavaScript implementations, we execute the code using Node.js v16.18.1 with npm v8.19.2 for
dependency management. For Java implementations, we run the programs using Java 1.8.0_45 with
the Java HotSpot 64-Bit Server VM. For Python components, we employ Python 3.9 for orchestration.
The environment operates under Linux kernel 5.4.0 with glibc 2.31, using Docker [40] containers
with privileged hardware access. We monitor resources through system utilities (time command and
/proc filesystem analysis) and configure environment variables for optimal runtime performance.



Baseline Models. We mainly report code performance of 19 state-of-the-art LLMs, including 15
instruct models and 4 base models, the details for each model is elaborted in Table in Appendix. We
list the prompts for instruct or base models respectively in Appendix. All models are evaluated in
zero-shot. For reasoning models, we set the maximum inference tokens to be 32,768. For each model,
we evaluate its coding ability on 4 languages, namely C++/Python/Java/JavaScript.(We include the
rationale for evaluating four programming languages in the Appendix. )

By default, we use greedy search sampling with temperature as O for all tested models for output
stability, except for the DeepSeek-R1-0528 and Qwen3-32B model, where we find that its reasoning
process tends to collapse in recursive patterns under greedy search. We set its temperature at 0.6 as
its paper suggests [41].

4.1 OIBench Leaderboard

We list the evaluation results in Table 3, and report the confidence interval [42] in appendix A.6.

WEe find that reasoning models achieve an average Overall score of 24.3% on OIBench, significantly
outperforming instruction-tuned models, which score around 5.4%. Among all models, Deepseek-
R1-0528 and o4-mini-high rank highest, consistently outperforming across all languages and tasks.
This demonstrates the reasoning models’ advantage in solving complex problems and highlights
OIBench'’s ability to evaluate reasoning and chain-of-thought capabilities, distinguishing models in
terms of reasoning ability.

Closed-source models score 15.9% on average, while open-source models score 8.4%. This perfor-
mance gap is consistent across both categories, as closed-source models generally have more compute
resources and higher-quality training data [43].

For instruction-tuned models, coding performance on OIBench strongly correlates with base model
capabilities. Given the zero-shot evaluation, this suggests that base models already possess substantial
coding potential, with instruction tuning providing marginal improvements on coding. We encourage
focusing on base model capabilities rather than fine-tuned variants. The exception is DeepSeek-V3-
0324, which surpass all other non-reasoning models. As DeepSeek-V3-0324 employs DeepSeek-
R1’ s CoT for distillation, which enhances the reasoning capabilities. We provide a detailed analysis
of this improvement in later sections.

Regarding programming languages, models perform over 5 — 10% worse on JavaScript and Python
compared to C++ and Java on average. This discrepancy likely stems from factors such as skewed
data distributions and training biases, which requires further investigation. Regarding natural lan-
guages, models show minimal performance differences between Chinese and English, with Chinese
performing slightly better, likely due to a latent source language preference in prompt translation.

4.2 OIBench with Pseudocode

As the previous section reports, our proposed OIBench is highly complex for non-reasoning models
and base models to obtain correct answers without reasoning process. In real-world scenarios, a
finer-grained analysis of LLM performance on code; simultaneously, we want to evaluate models’
understanding of the reasoning process. Therefore, we employ DeepSeek-R1 to convert canonical
solutions into pseudocode and use it as prompts. We ensure that the pseudocode remains language-
agnostic. When evaluating problems, we provide both the problem statement and the pseudocode as
prompts to test the models’ problem-solving capabilities, we provide results in Table 3.

With the help of pseudocode solutions, all models show a significant performance improvement
when provided with solution hints. Even for the strongest models, such as Deepseek-R1-0528 and
o4-mini-high, OIBench Pseudo results in a noticeable boost in performance. This indicates that the
solution hints greatly reduce the difficulty that originally relied on complex reasoning, narrowing the
gap between reasoning and non-reasoning ones. This suggests that this evaluation method is more
suitable for assessing models’ ability to understand solutions and their code generation capabilities.
At the same time, long CoT reasoning models still maintain an advantage in solution comprehension.

Furthermore, with help of pseudocode, we observe that the performance of post-trained models
remains highly correlated with that of their corresponding Base models, further indicating that the
code generation potential of a model is closely tied to the level of its pretraining.



OlIBench OIBench Pseudo Pseudo

Subset OlBench by language by language
Model
Overall JS En Zh Overall C++ JS En Zh

C++ Java Python Java Python
Base Models
DeepSeek-V3-base [44] 285 520 420 200 000 230 340 2745 41.60 37.00 29.40 1.80 28.20 26.70
Qwen2.5-Coder-32B-base [45] 095 0.60 2.00 1.00 020 090 1.00 17.80 21.80 22.80 24.40 2.20 17.80 17.80
Qwen2.5-72B-base [46] 075 120 1.00 040 040 0.80 0.70 1850 21.60 25.60 26.20 0.60 18.80 18.20
Llama-3.1-405B-base [47] 075 120 140 040 0.00 0.60 090 1840 19.80 25.60 28.00 0.20 18.90 17.90

Instruction Tuned Non-Reasoning Models

GPT-4.1 [48]@ 12.00 1220 13.80 11.00 11.00 11.40 12.60 24.50 27.40 29.40 19.80 21.40 26.40 22.60
DeepSeek-V3-0324 [44] 11.60 13.20 11.60 13.80 7.80 11.30 11.90 32.15 35.00 36.80 29.80 27.00 32.40 31.90
Doubao-Seed-1.6-Off [49]@ 595 660 560 540 620 580 6.10 31.15 3640 36.00 27.60 24.60 31.10 31.20
DeepSeek-V3-1226 [44] 410 480 480 3.80 3.00 390 430 32.67 38.00 36.80 31.90 24.00 32.95 32.40
Claude3.5 Sonnet [50]@ 345 280 620 220 260 3.60 330 2890 37.00 2640 27.00 2520 25.80 32.00
GPT-4o [51]@ 265 180 440 280 1.60 270 260 2145 21.00 2380 2340 17.60 19.90 23.00
Qwen2.5-Coder-32B [45] 190 100 240 280 140 140 240 2290 20.80 2640 3040 14.00 21.30 24.50
Llama-3.1-405B [47] 1.15 160 1.00 120 0.80 140 090 2845 28.80 32.00 35.00 18.00 29.90 27.00

Reasoning Models

Deepseek-R1-0528 [41] 37.55 42.60 38.60 34.60 3440 37.90 37.20 49.10 53.40 51.60 49.80 41.60 49.20 49.00
o4-mini-high [52]@ 36.35 43.40 37.20 34.60 30.20 35.60 37.10 51.70 58.80 53.40 49.80 44.80 52.80 50.60
03-mini-high [53]@ 26.80 31.80 26.80 28.40 20.20 27.30 26.30 44.90 54.60 44.00 42.00 39.00 45.20 44.60
Doubao-Seed-1.6-On [49]@ 2430 2620 24.00 24.00 23.00 2340 2520 4435 48.60 48.60 42.40 37.80 43.10 45.60
Qwen3-32B [54] 18.95 20.60 21.40 19.20 14.60 20.40 17.50 33.35 34.40 3540 3520 28.40 35.60 31.10
ol [12]@ 1540 22.00 21.20 6.60 11.80 1570 15.10 32.25 44.80 3640 1820 29.60 30.70 33.80
QwQ-32B [54] 10.65 10.60 13.60 8.40 10.00 10.30 11.00 31.70 29.60 33.00 39.40 24.80 33.40 30.00

Table 3: Main Leaderboard in accepted rate. We adopt the AC (All Correct) rate (%) in this table,
where a model must pass all test cases of a problem to be considered correct. @ indicates close-source
models.

4.3 Code Efficiency Metrics

OI competitions’ test cases are designed to be large-scale, ensuring comprehensive coverage of
edge cases and providing rigorous evaluation of algorithmic time/space complexity. OIBench
follows this standard with large-scaled test cases. Conventional benchmarks typically employed
time/space thresholds as acceptance criteria, which suffer from two limitations: (1) they only coarsely
approximate whether solutions meet specific complexity classes, (2) threshold selection can be
subjective, where different threshold leads to performance fluctuation.

EffiBench [9] introduced efficiency metrics based on runtime/space ratios to canonical solutions,
however, this metrics remain insufficiently intuitive: (1) it reports a single numerical value that fails to
capture temporal distribution of different LLMs, (2) the metric becomes unreliable when measuring
low-complexity but incorrect solutions, which can be frequent in LLMs’ generation.

Our paper presents a fine-grand efficiency evaluation metric, namely the Time/Space-Completion
Curve, as shown in Figure 1. This curve is essentially the cumulative distribution of solving
time/space, offering significant advantages, where the X-axis represents time/space threshold (in ratio
to the canonical solution) on log-scale, while the Y-axis is the fraction of solved test cases under the
threshold.

Note that visualizing all models would introduce visual clutter; therefore, we primarily visualize
representative models in the subsequent sections. We also report the area-under-curve in Appendix
Tab 6 for a more quantitative comparison. The analysis reveals several key insights:

1. The models’ algorithms underperform the canonical solution in both time and space complex-
ity. Specifically, even after reaching 100% of canonical usage, all models still exhibit growth,
suggesting potential for further inprovment in algorithmic efficiency.

2. o4-mini-high and DeepSeek-R1-0528 generally demonstrates the best time and space optimization.
However, in the low time region (less than 10% of canonical usage), both models performs worse
than models such as GPT-40 and DeepSeek-V3. This suggests that the algorithmic design of
non-reasoning models may perform better on simpler test cases, as they output naive and inefficient
algorithms.



3. Additionally, conventional LLM models are generally inefficient in their algorithmic design, while
models with long CoT exhibit a significant advantage in optimizing time and space complexity.
This underscores the strength of reasoning models in handling complex tasks more efficiently than
instruction-tuned models.

Max Space Usage as a Ratio of Canonical Solution

(a) Time Completion Curve (b) Space Completion Curve

Figure 1: Time/Space Completion Curves. Note that in the figure, we employ the test case pass rate
rather than the AC rate, as the former provides more fine-grained visualization.

4.4 Test-Time Compute Comparison

Since test-time computation has become a paradigm to improve LLMs’ performance on complex
tasks [55], recent models utilize long Chain-of-Thought as the main test-time scaling technique.
Given that similar methods incur substantial computational budget during inference, researchers
typically examine the trade-off between model computational cost and performance. We report the
distribution of model performance versus the number of inference tokens? in Figure 2. o4-mini-high
demonstrates the best reasoning efficiency, solving more problems correctly with fewer tokens, while
DeepSeek-R1-0528 takes more inference budgets to achieve similar pass rate. Qwen3-32B exhibits
pass rates similar to GPT4.1, respectively, but require significantly more tokens for reasoning. Among
non-reasoning models, DeepSeek-V3-0324 and GPT-4.1 achieves the best performance while also
having the longest reasoning token count, suggesting that they have learned certain characteristics of
CoT long-chain reasoning during the distillation learning of reasoning models like R1.

Model Versions
o © Deepseek-R1-0528
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Figure 2: Inference budgets measured by tokens vs. pass rate. The size of the bubble is proportional
to the standard deviations on the corresponding axes.

S Comprehensive Analysis

5.1 Human-comparable Evaluation

CodeElo [6] was the first study that provided an LLM-human performance comparison in code via
an online code competition site CodeForces. However, online competition benchmarks exhibits

2For close-sourced models, we report the token usage from its API return value.



certain limitations. Their use of human Elo ratings from contests up to six months prior introduces a
temporal misalignment, potentially leading to outdated comparisons, and difficulty in reproducibil-
ity. Additionally, their construct the Elo system via randomly sampling 250 user scores from the
Codeforces website, leading to imprecision.

OIBench further conducts a systematic comparison between LLMs and human programmers via
introducing static human performance metrics. Specifically, we curate a set of 44 programming
problems from OIBench and recruit six ICPC-level contestants to complete them under controlled
conditions, subsequently reporting aggregated results. To enhance reproducibility and facilitate deeper
analysis, we release the anonymized solution records alongside the benchmark dataset, enabling the
research community to rigorously examine the performance disparities between humans and large
language models in code generation tasks. For each model, we report its ranking among all human
participants via violin plots, as shown in Fig 3a, where the number indicates the average relative
ranking for each model.

Our ranking follows the OI competition rules: Each submission is first evaluated on the basis of the
number of passed test cases, with higher numbers resulting in better rankings. When submissions
have the same number of test cases passed, the ranking is determined by execution time, where
shorter times lead to higher rankings. For human participants, we consider their last submission as
the final answer.
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(a) Violin plots of model’s relative ranking among hu-
man participants. (b) The error type for each model.

Figure 3: Comparison of model ranking and error types.

We observe distinct performance patterns in the violin plots of models’ relative rankings among
human participants:

1. Valley-type: These models consistently rank low across most problems, typically outperforming
less than 20% of human participants. All conventional non-reasoning LLMs exhibit this pattern.
On high-difficulty problem sets, these models can only solve a limited number of test cases and
fail to reach competitive problem-solving levels.

2. Bimodal-type: These models perform well on certain problems (e.g., surpassing around 50% of
human participants) but poorly on others. Most models in this category are capable of autonomous
long-CoT reasoning. The violin plots consistently show a bimodal distribution, which may reflect
the fundamental characteristics of the training-inference paradigm. The presence of two peaks
indicates that while those models’ CoT can effectively solve certain types of problems, but they
still lack more generalizable reasoning capabilities.

3. Balanced-type: This pattern features a more uniform distribution of rankings across tasks. Only
advanced reasoning models (i.e., DeepSeek-R1-0528 and o4-mini-high) exhibit this pattern.

The contrast between the bimodal-type and balanced-type distributions is particularly noteworthy. The
former trend highlights a potential limitation of many current long CoT training paradigms—models
tend to learn strategies effective for only a subset of problem types. In contrast, the reasoning
capability of o4-mini-high appears more human-like in its generality and consistency. We strongly
advocate for leaderboard to include model-versus-human rating comparisons. Such visual and



statistical assessments help the research community develop a more nuanced understanding of model
generalization and alignment with human capabilities.

5.2 Qualitative Error Analysis

We perform qualitative analysis of error patterns across multiple models, categorizing algorithmic
erros or flaws. With assistance from DeepSeek-R1 and validation by an ICPC-level programmer, we
annotate and visualize error distributions of serveral models in Figure 3. We also analyze the impact
of different algorithm tags on model performance in the Appendix.

For most reasoning models, the primary cause of failure is that the Chain-of-Thought (CoT) becomes
too long and cannot complete reasoning within the limited token constraint. Given our relatively
large maximum reasoning length setting (32,768), we observe that these failed long reasoning chains
exhibit noticeable recursive patterns. We suggest that future improvements in reasoning efficiency for
CoT and mitigation of recursive patterns will be crucial for enhancing models’ reasoning capabilities,
as our previous analysis shows that o4-mini-high achieves the highest CoT reasoning efficiency and
obtains superior results. Additionally, incorrect algorithm implementation and inefficient algorithm
selection remain major obstacles affecting model performance in reasoning tasks. While issues such
as program compilation errors and data processing errors occur less frequently, they still exist.

6 Conclusion

This paper introduces OIBench, a verified, private, and challenging benchmark designed to evaluate
LLMs on Olympiad-level algorithmic problems. Our contributions are as follows.

First, OIBench is highly challenging even for frontier reasoning models. Existing benchmarks
increasingly lose the ability to differentiate models’ reasoning abilities due to saturation problems. In
contrast, reasoning models substantially outperform non-reasoning models on OIBench, highlighting
the benchmark’s strong discriminative power.

Secondly, our Time/Space Completion Curves based on OIBench reveal considerable room for
improvement in the reasoning efficiency of current models, particularly through optimizing algorithms
in terms of time and space complexity.

Thirdly, human-model comparisons on OIBench show that a gap remains between LLMs and top-tier
human players. Though frontier reasoning models surpass the majority of ICPC-level competitors,
they still lag far behind top-tier human players. However, two SOTA models exhibits a distinct pattern
compared to others. We encourage further research into human-comparable analysis to gain deeper
insights.

Last but not least, for reasoning models, we suggest that optimizing the efficiency of Chain-of-Thought
is a crucial direction for future advancements in reasoning capabilities. By releasing OIBench as a
fully open-source resource benchmark (including problems, test cases, and canonical solutions), we
aim to help advance the development of LLMs’ reasoning abilities.
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A Appendix

A.1 Limitations and Further Studies

Despite rigorous data cleaning procedures and verification through search engines, the dataset may
still carry potential risks of internet leakage. Additionally, we cannot completely ensure the absolute
originality of the coaching questions in terms of problems’ paradigms, as some might be adapted
from existing problem types.

The observed performance disparity between models implemented in C++/Java and those in Python/JS
remains unexplained and warrants further exploration from perspective of model training.

Our anti-contamination experiments excluded reinforcement learning (RL) training components.
Standard practice dictates that internet-sourced pre-training data is typically excluded from RL
training phases. However, emerging pretraining methodologies like pretrain with RL [56] could
potentially introduce contamination risks following OIBench’s open-source release.

A.2 Example Problem

Algorithm Tags: Monotonic Stack, Mathematics Difficulty: Div3 Level
Problem:

You are given a permutation of length n and an integer k. In a sequence, an element is called a key element if it is strictly greater than all the
elements before it.

For all subsequences, if the number of key elements in the subsequence is exactly k, then ans+ = (—1)'en(subseauence) 'y here Jen(subsequence)
represents the length of the subsequence. Initially, ans = 0.

Please compute the final value of ans.

Data Format & Data Range

Input Format:

The first line contains two integers n and k.

The second line contains the permutation p1, p2, ..., Pn.-
Output Format:

Output a single integer representing ans mod 998244353.
Data Range:

1<n<10°

Sample Data
Input:

52
14253

Output:
3

Canonical Solution (Partial)

int ksm(int x,int y){
int ans=1;
while (y){
if (y&1) {ans=111l*ans*x%mod ;}
x=111#*x*x%mod;
y>>=1;
¥

return ans;

Figure 4: Example problem in OIBench.

A.3 Difficulty Comparsion

We list the competitive benchmarks’ results in Table 4 with GPT-40 as the evaluated model. We
report the HumanEval’s result from evalplus.github.io/leaderboard.html. We use pass@8
results for CodeElo as their paper reported. We report the CodeContests’s result from [57]. For other
benchmarks, we report the AC rate (i.e. pass@1) results from the corresponding paper.
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A.4 Training details for anti-contamination experiments

We train the models using 10, 000 supervised fine-tuning (SFT) samples, mixed with 100 samples
from OIBench or other cometitive benchmarks. For all models, we adopt the Megatron-LM [58]
framework for training, a learning rate ranging from 5 x 1076 to 8 x 10~°, the Adam optimizer, and
train for 3 epochs. The choice of these hyperparameters follows common practices in the open-source
community for models with similar parameter and data scales, without additional hyperparameter
search or special optimization.

Due to computational resource limitations, we only investigate the performance of DeepSeek-V3 on
OIBench.

A.5 Derived Benchmarks

To further evaluate LLMs’ code comprehension abilities under more complex scenarios, and examine
how well the model understands the complex logic of competition-level code, we introduce four
derived benchmarking tasks focusing on code understanding, which consists of the following subtasks:

Bugfix(BF): Correct buggy solutions by identifying and fixing errors, similar to [59].
Complete(CP): Complete partial solutions with missing code segments, similar to [60].
Translate(TS): Translate C++ solutions to equivalent Python implementations, similar to [61].
Interpret(IT): Interpret and predict outputs based on given solutions and test inputs, similar to [29].

We list the results of the derived benchmark in Table 5. Note that base models usually fail to generate
valid results for comprehension tasks, therefore we exclusively evaluate the code understanding
performance of instruction-tuned models.

The derived benchmark demonstrates similar overall trends to both OIBench and OIBench Pseudo,
with reasoning models consistently outperforming non-reasoning models. Notably, models exhibiting
strong performance on OIBench Pseudo also tend to display superior code comprehension capabilities.
A particularly distinctive case is the code interpretation task, which shows greater discriminative
power than other derived benchmarks and more effectively tests models’ ability to simulate code
execution through reasoning.

It is worth-mentioning that Deepseek-R1-0528 performs competitively on the original reasoning
tasks, a notable gap emerges between it and the O4-mini-high model on the derived benchmarks.
This discrepancy suggests that, despite its strong reasoning abilities, Deepseek-R1-0528 still faces
challenges in following complex instructions required by code understanding tasks such as bug fixing,
completion, translation, and interpretation. These results highlight that further improvements in
instruction following are necessary for models like Deepseek-R1-0528 to excel in more sophisticated
code comprehension scenarios.

A.6 Statistical Significance Report

We report confidence interval in Table 7, using the statistical approach from [42]. While the confidence
intervals of similar models overlap, our paper does not focus on ranking closely rival models. Instead,
we highlight the significant performance gaps between different model tiers (e.g., reasoning models
vs. conventional instruction-tuned models) on the Leaderboard, where the differences far exceed
confidence intervals. This distinction is further supported by our extensive experiments.

A.7 Computing Resources

For anti-contamination experiments, models with fewer than 14B parameters are trained on 8 A100
GPUs (80GB each), which takes around 2 hours; models with 32B to 72B parameters are trained on

Benchmarks HumanEval CodeContests USACO CodeElo LCB EffiBench | OIBench
GPT-40 87.2 34.7 8.3 168 419 508 | 26

Table 4: Difficulty comparison of code benchmarks via GPT-40 passing rate.
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OIBench Derived

Model OIBench Derived
by language
Overall BF CP TS 1T En Zh
Instruction Tuned Non-Reasoning Models
GPT-4.19 24.65 18.80 22.00 34.40 23.40|29.50 19.80

DeepSeek-V3-0324 3325 34.60 36.20 21.60 40.60|34.80 31.70
Doubao-Seed-1.6-Off® | 2325 19.60 35.00 32.40 6.00 |24.20 2230
DeepSeek-V3-1226 2820 39.60 35.80 16.40 21.00|30.30 26.10
Claude3.5 Sonnet® 29.55 39.20 38.80 20.40 19.80|32.80 26.30
GPT-40% 27.55 39.00 30.20 15.80 25.20|29.90  25.20
Qwen2.5-Coder-32B | 1545 21.60 17.20 8.60 14.40|16.60  14.30
Llama-3.1-405B 21.00 28.80 31.60 12.40 11.20|25.00 17.00
Reasoning Models
Deepseek-R1-0528 49.00 51.80 51.00 57.40 35.80(59.20  38.80
O4-mini-higha 59.75 62.60 59.40 31.40 85.60|66.80  52.70

OEX—mini—high‘I 55.10 61.40 49.00 30.80 79.20|61.60  48.60
Doubao-Seed-1.6-On® | 33.05 3820 42.40 48.00 3.60 [36.00 30.10
Qwen3-32B 28.30 28.20 21.80 20.40 42.80|33.70  22.90
018 40.70 36.60 39.00 19.80 67.40(40.00  41.40
QwQ-32B 3435 32.60 25.60 23.60 55.60|38.60  30.10

Table 5: OIBench Derived Leaderboard in accepted rate. BE, CP, TS and IT stands for Bugfix, Code
Complete, Code Translate and Code Interpret respectively.

Model Time Space
Canonical Solution 3848 32.14
04-mini-high 12.69 15.00
Deepseek-R1-0528 11.65 11.80
Qwen3-32B 9.04 10.86
GPT-4.1 6.75 7.90
DeepSeek-V3-0324 9.62 8.65
GPT-40 5.18 4.66
Qwen2.5-Coder-32B | 2.77 2.27

Table 6: Area-under-curve(%) of time/space completion curve

8 nodes, each equipped with 8 A100 GPUs, which takes around 5 hours. The Deepseek-V3 model is
trained on 16 nodes, each equipped with 8 H20 GPUs (141GB each), which takes around 5 hours.

For model evaluation on OIBench, we list the usage in Table 7. We use vVLLM [62] as the inference
service. For close-sourced models, the evaluation time will fluctuate with the network and supplier
services, so we do not provide a prediction time.

A.8 Time/Space-Completion Curve vs Human

We compare the models’ performance with human contestants’ in Figure 5 on 44 problems. We
can see the SOTA reasoning models’ solution efficiency surpass most human. The detailed analysis
shown in Section 5.1. We report area-under-curve in Tab. 6.

e 0% o0 o007 0% 553 o0 o0

T 0% K 0%
Max Time Usage as a Ratio of Canonical Solution Max Space Usage as a Ratio of Canonical Solution

(a) Time Completion Curve Compare with Human (b) Space Completion Curve Compare with Human

Figure 5: Time/Space Completion Curves
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Figure 6: Models’ performance on different algorithm tags

A.9 Algorithm Tags

We illustrates the performance of five models across ten distinct algorithm categories, measured
by pass rates, in Fig 6. Leading models such as Deepseek-R1-0528 and o4-mini-high demonstrate
balanced and robust performance across algorithmic tasks, without significant weaknesses. Each
model exhibits distinct advantages in specific areas, reflecting their optimized and customized
capabilities. In contrast, models with relatively shorter or limited Chain-of-Thought (CoT) reasoning,
such as GPT-4.1, lag significantly behind in advanced data structures and algorithm tasks, suggesting
they are predominantly effective only for conventional or simpler algorithmic problems. This indicates
the importance of extended reasoning capabilities and fine-grained optimizations for achieving well-
rounded, competitive algorithmic proficiency.

A.10 Participant Recruitment and Compensation

For the six Informatics Olympiad participants, they are all undergraduate students from Chinese
universities with a computer science background, and have achieved at least a silver medal in the
China Collegiate Programming Contest (CCPC) * or International Collegiate Programming Contest
(ICPC) *. They work on a part-time basis. We will elaborate on the differences and connections
between CCPC and ICPC in detail in the following sections.

We employ a total of five translators, including two native English speakers residing in the United
States and three native Chinese speakers residing in China. Each question is either translated by a
native English speaker and quality-checked by a native Chinese speaker, or translated by a native
Chinese speaker and quality-checked by a native English speaker. They all hold at least a bachelor’s
degree in Master of Translation and Interpreting for English/Chinese translation and have a minimum
of two years of professional experience in translation. They work full-time with a daily workload of
less than 8 hours.

For crowd-sourced participants of human-comparable evaluation, we publish competitions on the
Internet’ and invite student contestants from various Chinese universities. Each competition offers
subsidies to participants. Due to the high difficulty level of the competition problems, we require that
contestants have prior experience in competitions at the ICPC level. To protect participants’ privacy,

Shttps://ccpe.io/
*https://icpc.global/
>We will release this competition website link after the paper is accepted.
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we do not collect any personal information other than verification of their competition experience,
and all problem-solving records are collected anonymously.

It should be noted that this study does not focus on topics related to Human-Computer Interac-
tion. Therefore, we do not ensure diversity in participant proficiency, ethnicity, gender, or other
demographic characteristics, consistent with previous work comparing human and machine perfor-
mance [6].

All the above personnel receive hourly wages (with crowd-sourced participants’ subsidies calculated
based on competition time) or daily wages in accordance with local labor regulations.

A.11 Details about ICPC and CCPC competitions

The International Collegiate Programming Contest (ICPC) is a prestigious, long-standing global
algorithmic programming competition organized under the auspices of the Association for Com-
puting Machinery (ACM). Targeting university-level students, the contest emphasizes the design
and implementation of efficient algorithms to solve complex computational problems under time
constraints. Teams consist of three students sharing a single computer, and they are evaluated based
on the number of problems correctly solved and the total time taken, including penalties for incorrect
submissions.

In contrast, the China Collegiate Programming Contest (CCPC) is a national-level competition
established to foster programming education and competitive coding skills among Chinese university
students. While CCPC is independently organized within China, it adopts a format and assessment
mechanism closely aligned with that of ACM-ICPC, including the team structure, problem style, and
evaluation metrics.

Although ACM-ICPC and CCPC share equivalent technical requirements and assessment criteria,
they differ primarily in scope and recognition. ACM-ICPC is international in nature and culminates
in a world final that attracts top teams from global universities, thereby serving as a benchmark for
international excellence in algorithmic problem solving. CCPC, on the other hand, is confined to
the domestic context of China, yet remains highly competitive and plays a significant role in the
cultivation of algorithmic talent within the country.

Given the structural and technical equivalence between CCPC and ACM-ICPC — including problem
format, evaluation criteria, and competitive rigor — these individuals can be considered ICPC-level
in terms of algorithmic problem-solving proficiency, particularly within the context of Chinese
competitive programming training systems.

Therefore, in the main text of this paper, we do not strictly distinguish between the two
competitions. To avoid confusion, we uniformly use /CPC to refer to contests at this level.

In our benchmark, we evaluate each model’s coding ability across four programming languages: C++,
Python, Java, and JavaScript.

Programming Languages C++, Python, and Java are the official programming languages of the
International Collegiate Programming Contest (ICPC) ©, and are widely adopted in competitive
programming. Assessing these languages enables us to measure model performance in standard
algorithmic and data structure tasks that are representative of real-world competitive programming
scenarios.

In addition to these, we include JavaScript in our evaluation for several reasons. First, JavaScript is one
of the most popular programming languages worldwide and is widely used in industry, particularly for
web development and scripting tasks. Evaluating JavaScript allows us to assess the models’ versatility
and practical coding ability beyond traditional competitive programming settings. Furthermore,
JavaScript’s dynamic typing and unique language features introduce additional challenges for code
generation and understanding, making it a valuable supplement for comprehensive evaluation of large
language models.

By covering these four languages, our benchmark provides a broader and more realistic assessment
of models’ programming capabilities across both academic and industrial contexts.

Shttps://icpc.global/regionals/rules
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Confidence Interval Computing Resources Usage
OIBench OIBench Pseudo GPU type P expected h.ours
or all experiments
Base Models
DeepSeek-V3-base 3.01 3.08 H800-80G * 16 4
Qwen2.5-Coder-32B-Base 1.14 2.89 A100-80G * 8 3
Qwen2.5-72B-base 2.01 291 A100-80G * 16 4
Llama-3.1-405B-base 2.01 291 A100-80G * 16 7
Instruction Tuned Non-Reasoning Models
GPT-4.18 1.75 2.52 API -
DeepSeek-V3-0324 2.20 2.88 H800-80G * 16 8
Doubao-Seed-1.6-Off® 2.77 2.64 API -
DeepSeek-V3-1226 1.01 2.57 HB800-80G * 16 6
Claude3.5 Sonnet® 0.87 2.64 API -
GPT-408 1.98 2.84 API -
Qwen2.5-Coder-32B 0.92 2.58 A100-80G * 8 2
Llama-3.1-405B 0.48 2.28 A100-80G * 16 7
Reasoning Models

Deepseek-R1-0528 1.74 2.75 H800-80G * 16 24
O4-mini-highﬂ 1.80 2.49 API -
O}mini—highn 2.53 3.03 API -
Doubao-Seed-1.6-Onf 271 2.58 API -
Qwen3-32B 1.24 2.53 HB800-80G * 16 20

olé 1.25 2.89 API -
QwQ-32B 0.91 2.42 HB800-80G * 16 18

Table 7: Confidence interval and computing resources usage for each model.

Please use {languagel} language to solve the following problem. Please
use the 0J's input and output format:

{problem description and sample input/output}

Listing 1: Full problem prompt of OIBench for Instruction Models in English.

A.12 Prompts

We list the prompts used in the paper from Listing 1 to 8.

Please use {languagel} language to solve the following problem. Please
use the 0J's input and output format:

{problem description and sample input/output}

“*“{language}

Listing 2: Full problem prompt of OIBench for Base Models in English. A markdown syntax is
added to aid code generation.
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Please use {languagel} language to solve the following problem. Please
use the 0J's input and output format:

{problem description and sample input/output}

Pseudo code solution for the problem.

{Pseudocode}

Listing 3: Full problem prompt of OIBench Pseudo for Instruction Models in English.

Please use {languagel} language to solve the following problem. Please
use the 0J's input and output format:

{problem description and sample input/output}

Pseudo code solution for the problem.

{Pseudocode}

{language?}

Listing 4: Full problem prompt of OIBench Pseudo for Base Models in English. A markdown syntax
is added to aid code generation.

- e . I NV R )

= 3

I'll give you a problem and its code, the code has some bugs, please
fix the code according to the problem, and return the fixed code.

Task:
ST md
{problem}

Code:

cpp
{code}

Listing 5: Full problem prompt of Bugfix task.
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I'll give you a problem and its code, the code has some missing parts,
please complete the code according to the problem, and return the
complete solution.

Task:
"7 "md
{problem}

Code:

T Tcpp
{code}

Listing 6: Full problem prompt of Code Complete task.

please translate the following C++ code to {languagel} code

T Tcpp
{code}

Listing 7: Full problem prompt of Code Translate task.

Below is a C++ code and its corresponding input. Please guess its
output based on the input. Please return the output using markdown
syntax.

TTcpp
{code}

{input_block}

Listing 8: Full problem prompt of Code Interprete task.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The paper propose a new coding benchmark for LLMs, namely OIBench, with
various extensive experiments, which is reflected in the abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation in the appendix.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: [NA]
Guidelines: There are no theoretical results in the paper.

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide the experiment enviroments in Section 4 Evaluation Environment
paragraph.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: We open-source first 100 problems in https://huggingface.co/
datasets/meituan/0IBench, and will fully open-source 250 problems after paper accep-
tance.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer:[Yes]

Justification: For training in anti-contamination experiments, we report the details in Sec-
tion A.4 . For testing, we provide the experiment enviroments in Section 4. paragraph.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:[Yes]

Justification: We report in statistical significance Section A.6 using the method suggested
by [42]. The performance gap between model tiers significantly exceeds their confidence
intervals.

Guidelines:

» The answer NA means that the paper does not include experiments.

¢ The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: For training in anti-contamination experiments, we report the details in Sec-
tion A.4. For testing, we report the details in Table 7.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: : The data is constructed under NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: As a coding benchmark, OIBench has no societal impacts as we might expect.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: As a coding benchmark, OIBench has no such risks as we might expect.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We credit all models used in the paper via citation.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: The assets is included in the HuggingFace Repo of OIBench.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: The crowdsourcing invites human participants to clean or do OIBench problems
in order to get human-model comparison results. We provide human participants with
detailed task instructions, inform them of data open-source plans, and compensate them in
accordance with local labor regulations as part-time workers, as shown in Appendix A.10.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The crowdsourcing experiments do not study human as subjects in the paper.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: We use LLM only for writing, editing, or formatting purposes.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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