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Abstract

We present AMO-Bench, an Advanced
Mathematical reasoning benchmark with
Olympiad level or even higher difficulty, com-
prising 50 human-crafted problems. Existing
benchmarks have widely leveraged high school
math competitions for evaluating mathematical
reasoning capabilities of large language models
(LLMs). However, many existing math compe-
titions are becoming less effective for assessing
top-tier LLMs due to performance saturation
(e.g., AIME24/25). To address this, AMO-
Bench introduces more rigorous challenges by
ensuring all 50 problems are (1) cross-validated
by experts to meet at least the International
Mathematical Olympiad (IMO) difficulty stan-
dards, and (2) entirely original problems to pre-
vent potential performance leakages from data
memorization. Experimental results across 36
LLMs on AMO-Bench highlights three key
findings: (1) high-level mathematical reason-
ing remains challenging for current LLMs, with
even the best-performing model achieving only
63.1% accuracy and most LLLMs scoring be-
low 50%; (2) scaling test-time compute re-
mains a highly effective strategy for substan-
tially improving reasoning performances, and
(3) open-source models are progressively nar-
rowing the performance gap with proprietary
models. Additionally, we conduct further anal-
ysis about reasoning efficiency, volatility, and
cross-lingual robustness, providing deeper in-
sights behind the reasoning performances. The
code, dataset, and leaderboard are open sourced
in https://amo-bench.github.io

1 Introduction

Recent advances in LLMs have demonstrated

significant improvements in reasoning capabili-

ties (OpenAl, 2024; Gemini Team, 2025; Ope-

nAl, 2025; Anthropic, 2025; xAl, 2025; Yang
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et al., 2025; Guo et al., 2025; DeepSeek-Al, 2025;
Meituan LongCat Team, 2025a; GLM-4.5 Team,
2025; ByteDance Seed, 2025; Tencent Hunyuan
Team, 2025; Kimi Team, 2025; Meituan LongCat
Team, 2025b). To track this rapid progress, math-
ematical problem solving has become a critical
metric for evaluation, as it inherently demands com-
plex and multi-step reasoning processes to arrive at
correct answers. As a result, many current bench-
marks utilize problems from high school mathemat-
ics competitions (e.g., HMMT and AIME) to assess
the reasoning abilities of LLMs (Balunovi¢ et al.,
2025; He et al., 2024; Gao et al., 2024; Fang et al.,
2025). Recent results indicate that state-of-the-art
models are achieving remarkable performances on
these benchmarks, with some even surpassing 90%
accuracy on competitions like AIME24/25.
However, these impressive results also expose
an emerging challenge: many existing mathematics
benchmarks are approaching performance satura-
tion and are becoming less effective for assess-
ing further advancements in reasoning capabilities.
On the one hand, as LLMs gradually approach or
even surpass human-level capabilities in mathemat-
ics, some math competitions are becoming less
challenging for top-tier models (OpenAl, 2025;
DeepSeek-Al, 2025; Yang et al., 2025; Meituan
LongCat Team, 2025b; Xie et al., 2025). On the
other hand, most current benchmarks are derived
from previous competitions, raising concerns about
potential data memorization and performance leak-
age (Sun et al., 2025; Balunovié et al., 2025). While
recent efforts have incorporated problems from
more difficult and newly held contests such as the
International Mathematical Olympiad (IMO), these
questions tend to be proof-based and require man-
ual verification by experts (Balunovi¢ et al., 2025;
Petrov et al., 2025). This reliance on expert review
hinders the implementation of automated scoring
processes, leading to inefficiency and inconsistency
in large-scale evaluations and result reproductions.
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Figure 1: Performance of LLMs on AMO-Bench as well as existing competition-level math benchmarks. Except
for the results on AMO-Bench, all other results are sourced from Meituan LongCat Team (2025b).

To address these limitations, we present AMO-
Bench, an advanced mathematical reasoning bench-
mark consisting of 50 novel and extremely chal-
lenging problems. The core features of AMO-
Bench are as follows: (1) Original problems. All
problems in AMO-Bench are newly crafted by hu-
man experts to prevent performance leaks from ex-
isting resources, with secondary verification to en-
sure originality. (2) Guaranteed difficulty. Each
problem has undergone rigorous cross-validation
by multiple experts to ensure it meets at least the
difficulty standards of IMO, and an LLM-based
difficulty filtering stage excludes questions that do
not challenge current reasoning models. (3) Final-
answer based grading. Each problem in AMO-
Bench requires a final answer, enabling efficient au-
tomatic grading using parser-based or LLM-based
method according to the answer type, balancing
grading cost and generalizability. (4) Human-
annotated reasoning paths. Each problem in-
cludes a detailed reasoning path written by human
experts, enhancing solution transparency and sup-
porting further explorations on AMO-Bench, such
as prompt engineering and error analysis.

Experimental results across various LLMs
demonstrate that contemporary LLMs still struggle
with the significant challenges presented by AMO-
Bench. Among 36 evaluated models, the state-of-
the-art accuracy on AMO-Bench is only 63.1%,
achieved by Gemini-3-Pro, with most models scor-
ing below 50%. Figure 1 illustrates the perfor-
mance of several models on AMO-Bench as well
as the comparison with other mathematical bench-
marks. Despite the limited performances of current

LLMs, our analysis also reveals considerable po-
tential for further improvements. We show that the
model performances exhibit a near-linear growth
trend relative to the logarithm of output length,
indicating continued benefits from test-time scal-
ing. Additionally, we reveal that top-tier models
achieve pass @32 rates exceeding 70%, indicating
their potential to solve these challenging problems
even if they do not consistently identify the correct
reasoning path at present (see Appendix E for de-
tails). Furthermore, we conduct further analysis for
reasoning efficiency, volatility, and cross-lingual
robustness, providing a comprehensive view of rea-
soning capabilities. Notably, open-source models
are narrowing the gap with proprietary commercial
models over time. These analysis highlight substan-
tial opportunities for improvement in the reasoning
capabilities of future models.

The main contributions are threefold: (1) we
present AMO-Bench, a novel and challenging
math reasoning dataset; (2) we reveal the reasoning
capability boundaries of current LLMs and high-
light the potential for further improvements; and
(3) beyond the accuracy score, we conduct a de-
tailed analysis to provide deeper insights into the
reasoning capabilities. We will release the data and
evaluation code of AMO-Bench, hope this bench-
mark will facilitate further research into advancing
the reasoning abilities of language models.

2 AMO-Bench

In this section, we first introduce the construction
process of AMO-Bench (Section 2.1). Then, we
elaborate on the grading methodology designed for
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Figure 2: The construction and grading pipeline of AMO-Bench.

AMO-Bench (Section 2.2). Finally, we perform
variance estimation to characterize the volatility
on AMO-Bench (Section 2.3). Figure 2 briefly
illustrates the construction and grading pipeline.

2.1 Construction Pipeline

To ensure the high standards of quality, originality,
and difficulty level in our dataset, we have built up
a comprehensive multi-stage construction pipeline
that covers the entire process from question cre-
ation to final inclusion. This pipeline comprises
four major stages: data creation, quality review,
originality review, and difficulty review.

Data creation. All problems are independently
designed by mathematics experts from top univer-
sities and educational institutions. These experts
have extensive backgrounds in high school mathe-
matics competitions, either having won MO-level
mathematics competition awards or possessing ex-
perience in competition problem design. Beyond
the final answer, each problem author must provide
a detailed step-by-step solution. These annotated
solutions will be utilized in the subsequent qual-
ity review stage and will also aid in assessing the
overall difficulty of AMO-Bench (see Appendix A
for dataset statistics). In addition, we provide a
Chinese (CH) version of AMO-Bench to evaluate
cross-lingual reasoning robustness.

Quality review. Each candidate problem under-
goes blind review by at least three experts to assess
its quality. This quality review stage focuses pri-
marily on two aspects: (1) Whether the problem
statement and solution are semantically unambigu-
ous and logically correct. (2) Whether the math-
ematical knowledge required for the problem is
within the scope typically covered in MO-level
competitions such as IMO.

Originality review. The originality review stage
aims to ensure that these newly created problems
are not mere rewrites of publicly available ma-
terials, but demonstrate genuine originality. To

this end, we assess the originality of each prob-
lem through the following methods: (1) Com-
pare it against problems in existing datasets (e.g.,
AIME24/25) with 10-gram matching. (2) Conduct
web searches to identify any similar online con-
tent. Additionally, during the quality review stage,
experts are also required to indicate whether they
have encountered highly similar questions in past
competitions.

Difficulty review. To ensure that AMO-Bench
presents a sufficient challenge to state-of-the-art
LLMs, we implement a difficulty review stage to
filter out problems lacking adequate complexity
(even if they may be suitable for some MO-level
competitions, e.g., the first 10 questions in AIME).
Specifically, each selected problem must satisfy the
following two criteria: (1) The problem must meet
or exceed the IMO difficulty standards, as verified
by the human expert. (2) We employed multiple ad-
vanced reasoning models (such as GPT, DeepSeek,
and Gemini series models) for preliminary evalua-
tion, requiring that at least two such models fail to
correctly and consistently solve the problem'.

2.2 Grading Method

For evaluating answers generated by LLMs, prior
work has primarily utilized two approaches: parser-
based grading and LLM-based grading. To fully
leverage the strengths of both methods, AMO-
Bench employs different grading approaches based
on the specific answer type for each problem. De-
tailed information on the grading method and grad-
ing accuracy is provided in Appendix F.

2.3 Variance estimation

To better tackle the challenging of AMO-Bench,
we run models with a relatively high temperature
during inference to encourage more diverse reason-
ing results. However, this also increases generation
stochasticity and can lead to noticeable variability

"For each model, our preliminary evaluation involves three
samples. If all three samples are correct, the model is deemed
capable of consistently solving the problem.
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Figure 3: The AVG@32 performance of various LLMs on AMO-Bench.

in evaluation outcomes. Therefore, we conduct a
variance estimation of two key metrics: (1) pair-
wise ranking and (2) sampling variability, to ob-
tain more stable performance estimates (Balunovi¢
et al., 2025; Miller, 2024).

For pairwise ranking. We conduct paired com-
parisons and compute a rank confidence interval for
each model M; to quantify ranking variance. When
two models are evaluated on the same question,
we treat scores as paired observations and lever-
age paired differences to substantially reduce the
variance of the comparison, yielding more reliable
significance tests and tighter confidence intervals
for model ranks.

We first assess whether two models A and B
differ significantly via a paired significance test.
Concretely, for n independent questions, let s 4 ;
and sp; denote their scores on question i. We
define the paired difference sq_p; = s4; — SB
and the observed mean difference 54_p = 54—35p.
Then we can estimate the paired standard error as,

Var(sa-g)/n

\/n(nl—l) Z(SA—B,i - §A—B)27

3

SEA—B,paired =

(eY)

where Var(-) represents the variance function. Un-
der a normal approximation, we construct a 95%
confidence interval [d + 1.96 - SE A B paired] and
use it for significance testing: if the interval ex-
cludes 0, we conclude that models A and B differ
significantly; otherwise the difference is not statis-
tically significant.

Subsequently, we perform pairwise comparisons
to every other model for each model M;. Let
Nyetter (7) denote the number of models that are sig-
nificantly better, and Nyorse () denote the number
of models that are significantly worse. This yields
the lower and upper bounds of the rank confidence
interval,

T%ower = 1+ Nbetter(),
Tgpper =N — Nworse(i)'

(2

(@)

Given a total of N models, the rank confidence

interval for model M; is [rlower, pPPery,

1 >t
For sampling variability. To quantify sampling
variability under AVG @k (e.g., AVG@32), we
estimate a 95% confidence interval via Monte Carlo
simulation.

Specifically, for a model evaluated on 7
questions with per-question success probabilities
{pi}~, we first conduct the following sampling
process,

C; ~ Binomial(k, p;), i=1,....,n, Q)
and then compute a simulated AVG @k score,
1 <~ C;
= — —. 4
§=- ; - )

We repeat this sampling process for 7" times and
yield {S®}I_,. Therefore, the 95% Confidence
Interval is constructed from the empirical quantiles
of the simulated score distribution,

Clp.95(5)

= [Qo.025 ({S“1). Qo.ors ({S(t)})}, ®
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Figure 4: The AVG@32 performance of LLMs vs. the average model output length.

where (), (-) denotes the empirical g-th quantile.

Finally, the sampling variability interval is char-
acterized by the mean score E[S] and half-width
error €, (i.e., [E[S] — €, E[S] + €)).

1 n
i—1
e = (Qoors — Qo.025) /2.

3 Experiments

(6)

In this section, we present the experimental results
on AMO-Bench?. We first describe the experimen-
tal setup (Section 3.1), followed by a discussion of
the main results and analysis (Section 3.2).

3.1 Experimental Setup

Models. To conduct a comprehensive and rep-
resentative evaluation on AMO-Bench, we se-
lect a diverse set of leading LLMs, encompassing
both open-source models and proprietary models.
Specifically, the evaluation includes top-tier mod-
els provided by OpenAl (OpenAl, 2025), Gem-
ini (Gemini Team, 2025), Anthropic (Anthropic,
2025), DeepSeek (Guo et al., 2025), Qwen (Yang
et al., 2025), GLM (GLM-4.5 Team, 2025), Moon-
shot (Kimi Team, 2025), and LongCat (Meituan

2To facilitate easier reproduction and utilization of AMO-
Bench, you can take a fast try on the AMO-Bench-P subset,
which includes only the 39 parser-based grading problems

from AMO-Bench. Appendix G presents the AVG@32 per-
formance of LLMs on AMO-Bench-P.

LongCat Team, 2025b). In addition to evaluat-
ing reasoning models that have been specifically
enhanced for long-term thinking tasks, we also in-
corporated several powerful non-reasoning models
to demonstrate their potential in tackling complex
reasoning challenges.

Sampling settings. We set the temperature of
sampling to 1.0 for reasoning models and 0.7 for
non-reasoning models. For all evaluated models,
we use top-k=50 and top-p=0.95 during sampling.
We configure the maximum context/output length
to the highest allowable limit for each model during
inference. This avoids underestimating the reason-
ing capabilities of the model due to restrictions on
the token budget. To ensure the stability of the fi-
nal evaluation results, we sampled the results from
each model 32 times and reported the average per-
formance of these 32 results as the final metric
(denoted as AVG@32). Appendix D illustrates the
fluctuation of the average result across different
sampling times.

3.2 Results and Analysis

AMO-Bench presents a significant challenge.
Figure 3 presents the AVG@32 performance
of various leading LLMs, categorized by
proprietary/open-source status and reasoning/non-
reasoning properties. Overall, all these models
still struggle with the significant challenges
presented by AMO-Bench. Even the highest
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Figure 5: The relationship between accuracy and average output length on different math benchmarks.

performing model Gemini-3-Pro reaches just
63.1%, while most others score below 50%. This
indicates substantial room for improvement in
complex reasoning abilities across all current
language models. Moreover, both proprietary
and open-source reasoning models occupy top
ranks in the leaderboard, indicating that recent
open-source advancements are closing the gap with
leading commercial models. The best-performing
open-source model is only about 3% lower than
the top proprietary result. Besides reasoning
models, some non-reasoning models demonstrate
a performance exceeding expectations, such as
Qwen3-Max-Instruct and LongCat-Flash. These
non-reasoning models even outperforms several
reasoning models such as 03-mini (Medium),
indicating their significant potential in tackling
complex reasoning tasks. Beyond the main
results outlined above, we also provide further
analysis and insights based on the AMO-Bench
experimental findings.

Comparison of reasoning efficiency. Figure 4
shows the average output length and the AVG @32
performance of each model. Overall, it demon-
strates a clear trend that higher-performing models
tend to require more output tokens. Most of models
that reach higher than 50% AVG@32 scores utilize
more than 35K completion tokens. Even among
non-reasoning models, those with superior perfor-
mance are distinguished by their ability to process
more tokens, sometimes reaching levels compara-
ble to reasoning models. Additionally, when ex-

amining models within the same series, there are
notable improvements in reasoning efficiency over
time. For example, o4-mini (High) outperforms 03-
mini (High) at similar or slightly increased token
counts. Likewise, Gemini-3-Pro shows significant
gains compared to Gemini-2.5-Pro with even sig-
nificantly less output tokens.

The model output length could indicate the
reasoning challenge of the benchmark. Ap-
pendix A provides a pre-analysis of benchmark dif-
ficulty based on annotated solution lengths. Here,
we offer a post-hoc analysis of benchmark dif-
ficulty based on the relationship between model
performance and model output length. Figure 5
clearly demonstrates that the average output length
of each model increases as the reasoning bench-
mark becomes more challenging. Specifically,
across six models, benchmarks with higher accu-
racy scores (such as MAH500 and AIME?24) cor-
respond to shorter average outputs, while those
with lower scores (like AMO-Bench) require sig-
nificantly longer responses. This suggests that
harder benchmarks demand more elaborate reason-
ing steps or explanations from the models, resulting
in increased token usage. These results demon-
strate that the model output length could be an
indicator of reasoning challenge in the benchmark.

Performance on AMO-Bench still benefits from
test-time scaling. The reasoning efficiency re-
sults discussed above indicate a correlation be-
tween model performance and output length. Here,
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we conduct a more rigorous analysis by directly
controlling the reasoning effort for the same model.
As shown in the Figure 6, all three models (GPT-5
04-mini and 03-mini) exhibit a near-linear growth
trend in AVG@32 as the logarithm of average
output length increases. Such a trend is highly
aligned with earlier experimental observations
from existing benchmarks such as MATH500 and
AIME24 (Muennighoff et al., 2025). This indicates
that further increasing the inference budget will
further drive improvements on AMO-Bench.

Volatility Analysis on AMO-Bench. To ro-
bustly assess performance differences on AMO-
Bench, we follow Section 2.3 and quantify volatil-
ity from two perspectives: (1) pairwise ranking
and (2) sampling variability of AVG@32. Table 1
shows the pairwise ranking intervals and score,
while Table 3 summarizes the sampling variability
for AVG@32. Overall, the intervals are sufficiently
tight to separate a large portion of models, indi-
cating AMO-Bench provides a reliable basis for
comparative evaluation despite its limited number
of questions. Notably, Gemini-3-Pro, DeepSeek-
V3.2-Speciale and Qwen3-Max-Thinking form a
clear top tier, while lower-performing models re-
main well below 20% AVG@32.

Cross-lingual robustness remains challenging.
Cross-lingual performance provides important in-
sight into whether a model’s reasoning ability gen-
eralizes beyond a single language. As shown in Fig-
ure 9, we conduct a contrast analysis of model per-
formance on AMO-Bench in both English (EN) and
Chinese (CH). Although top-tier reasoning mod-
els exhibit strong cross-lingual consistency, several
models still suffer substantial performance drops
on the CH benchmark. This underscores that cross-
lingual transfer of reasoning remains challenging
for current models, indicating potential room for
further improvement.

Table 1: Pairwise ranking volatility on AMO-Bench.

Model Rank Acc (%)
Gemini-3-Pro 14 63.1
DeepSeek-V3.2-Speciale 1-7 60.3
Qwen3-Max-Thinking (Preview) 1-9 57.4
GPT-5.1-Thinking (High) 1-13 56.4
Kimi-K2-Thinking 2-12 56.0
Claude-Opus-4.5 2-12 54.8
GLM-4.6 2-13 54.1
GPT-5-Thinking (High) 3-13 52.4
DeepSeek-V3.2-Thinking 3-13 51.9
Grok-4 4-15 48.6
Qwen3-235B-A22B-Thinking-2507  4-16 47.8
DeepSeek-V3.1-Thinking 6-16 47.6
Grok-4.1-Fast 4-16 473
LongCat-Flash-Thinking 10-16 43.6
o4-mini (High) 11-19 40.2
Gemini-2.5-Pro 10-21 38.7
GLM-4.5 15-20 36.8
Qwen3-Next-80B-Thinking 15-22 34.8
DeepSeek-R1-0528 15-21 343
03-mini (High) 16-22 324
Qwen3-Max-Instruct 17-22 28.8
Claude-Sonnet-4.5 19-22 27.7
Qwen3-Next-80B-Instruct 23-24 18.2
Gemini-2.5-Flash 23-25 18.1
LongCat-Flash 24-27 14.6
DeepSeek-R1 25-29 10.9
Claude-Opus-4 25-30 10.6
DeepSeek-V3.1 26-29 9.8
Kimi-K2 26-30 7.5
DeepSeek-V3-0324 28-32 52
GPT-4.1 30-32 4.1
GPT-40-20241120 30-32 1.5

The gap between open-source and proprietary
models on AMO-Bench is narrowing. Figure 7
illustrates model performances relative to release
dates, highlighting the SOTA open-source and pro-
prietary models across different periods. It re-
veals a clear upward trend in top-tier performance;
however, AMO-Bench remains far from saturated.
Furthermore, recent advancements in open-source
models are rapidly narrowing the gap with propri-
etary counterparts, with the leading models now
performing within a 5% accuracy gap.
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Analysis of Reasoning Paths and Failure Modes.
To better understand the limitations of current mod-
els, we conducted a manual qualitative analysis
of 69 failure cases. This analysis revealed eight
recurring failure modes (summarized in Table 2),
among which the three most prevalent modes are:
(1) brute-force enumeration instead of reasoning,
(2) improper strategy selection, and (3) misinter-
pretation of problem conditions. It suggests that
models often struggle to properly connect formal
problem constraints with their internal knowledge
representations. When encountering difficulty, they
tend to introduce unsupported assumptions or re-
vert to superficial enumeration strategies. Addi-
tionally, we observed that models can sometimes
exhibit prior-knowledge bias, occasionally leading
them to hastily discard a correct reasoning path.

Our findings indicate that the primary cause of
failure is reasoning deficiency rather than a lack
of mathematical knowledge. While models gener-
ally possess the requisite mathematical facts, they
frequently fail in their strategic application. Most
notably, models struggle to maintain logical consis-
tency when confronted with highly original prob-
lems that cannot be resolved through superficial
pattern-matching.

Table 2: Distribution of identified failure modes.

Failure Modes Count  Percentage (%)
Brute-force Enumeration Instead of Reasoning 18 26.1
Improper Strategy Selection 12 17.3
Misinterpretation of Problem Conditions 11 15.9
Output Formatting Issues 10 14.5
Hallucinated Assumptions 8 11.6
Calculation Errors 4 5.8
Instruction-following Failures 4 5.8
Memory Interference Errors 2 29

4 Related Work

Evaluating LLMs on mathematical problems has
been a critical aspect of assessing reasoning capa-
bilities. Early datasets such as GSM8K (Cobbe
et al., 2021) and MATH (Hendrycks et al., 2021)
provided initial explorations to evaluate these abili-
ties. However, model performance on these bench-
marks has quickly reached saturation. To further
advance the study of mathematical proficiency in
LLMs, recent work has shifted toward more chal-
lenging benchmarks.

In terms of increasing difficulty, two primary
lines of work have emerged. One line focuses
on Mathematical Olympiad (MO)-level problems,
which rely on a specific range of math knowl-
edge. For instance, Omni-MATH (Gao et al.,
2024) introduces a multi-subject evaluation suite
designed to rigorously test mathematical reason-
ing and generalization; OlymMATH (Sun et al.,
2025) collects MO-level problems from printed
publications and evaluates mathematical reasoning
by offering problems of two difficulty levels; Math-
Odyssey (Fang et al., 2025) broadens the scope
to include more complex tasks, with a particu-
lar focus on long-range and compositional reason-
ing; BeyondAIME (ByteDance-Seed, 2025) col-
lects problems similar in style to AIME with in-
creased difficulty and expanded data scale; Math-
Arena (Balunovic et al., 2025) rapidly tracks model
performance in newly held MO-level competitions
and explores evaluation paradigms for proof-based
competitions such as the IMO and USAMO. Our
proposed AMO-Bench also falls within this cate-
gory and it stands as one of the most challenging
benchmarks at the time of writing.
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The other line of work focuses on problems
derived from graduate-level examinations or ad-
vanced mathematical research. For instance, Real-
Math (Zhang et al., 2025) provides a compre-
hensive evaluation of LLMs in real-world math-
ematical tasks, assessing their reasoning capabil-
ities across a diverse range of research-level con-
tent; FrontierMath (Glazer et al., 2024) covers
computationally intensive problems and abstract
questions across most branches of mathematics,
highlighting the significant gap between LLMs
and the prowess of the mathematical community;
HARDMath2 (Roggeveen et al., 2025) focuses on
approximation-based mathematical problems, par-
ticularly those commonly encountered in applied
sciences and engineering; HLE (Phan et al., 2025)
constructs a final closed-ended academic bench-
mark spanning multiple subjects, evaluating reason-
ing capabilities on human frontier knowledge. Be-
side requiring the reasoning abilities, these datasets
also challenge models by demanding extensive and
deep mathematical knowledge.

5 Conclusion

We introduce AMO-Bench, an advanced mathe-
matical reasoning benchmark featuring problems
at the IMO-level difficulty or higher, consisting of
50 human-crafted questions. Experimental results
across various LLMs demonstrate that contempo-
rary LLMs still struggle with the significant chal-
lenges presented by AMO-Bench. Despite these
limited performances, our further analysis under-
score substantial opportunities for advancing math-
ematical reasoning capabilities in current LLMs.

Limitations

This work introduced AMO-Bench to assess math-
ematical reasoning capabilities in current LLMs.
The main limitation of this work stems from the in-
herent variability within the evaluation process. (1)
Due to the limited data size of the AMO-Bench and
the requirement for high sampling temperatures in
the inference process of the reasoning models, the
final evaluation results are inherently influenced by
randomness and sampling noise. To alleviate the
issue, we conduct variance analyses to explicitly
quantify volatility and reduce over-interpretation
of small differences. (2) While we adopt a hybrid
grading method, using parser-based grading for
structured answers and LLM-based grading for de-
scriptive responses, each approach entails inherent

trade-offs. As a result, there remains room to fur-
ther improve both grading accuracy and computa-
tional efficiency. Overall, we hope the future work
will expand the benchmark scale and strengthen au-
tomated verification to further improve the stability,
fidelity, and scalability of evaluations on AMO-
Bench.

Ethics Statement

AMO-Bench evaluates mathematical reasoning
with competition-style problems and final-answer
grading, and it is not intended to elicit sensitive or
harmful content. Accordingly, we do not anticipate
substantial direct ethical risks from the benchmark
itself. Nevertheless, many reasoning models pro-
duce lengthy intermediate traces during inference.
Although such traces are not required for evalua-
tion, they may inadvertently contain inappropriate
assumptions or other content unrelated to the task,
introducing implicit policy and safety concerns. To
promote more reliable and transparent model be-
havior, AMO-Bench provides human-annotated
reasoning paths for each problem as a reference
signal. These expert-written solutions facilitate
prompt development and systematic error analy-
sis, and can also be used to monitor unreasonable
phenomena during the model thinking process. We
also call upon the research community to undertake
further studies into the monitoring of the model rea-
soning processes.
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A Dataset Statistics

Problem categories. Referring several official
competition syllabus, we categorize the 50 prob-
lems of AMO-Bench into the following five pri-
mary categories: Algebraic Equations & Inequali-
ties (11/50), Functions & Sequences (13/50), Ge-
ometry (5/50), Number Theory (9/50), and Combi-
natorics (12/50). Figure 8a show the overall distri-
bution of problem categories in AMO-Bench.

Length distribution of human-annotated solu-
tions. Since the problems in our AMO-Bench
are equipped with manually annotated solutions,
we can preliminarily analyze the reasoning com-
plexity of these problems from the view of solution
length. We measure solution length in terms of to-
ken count®. Additionally, we compare the distribu-
tion of solution lengths with those from AIME24*
and MATHS500°. Figure 8b illustrates the solution
length distributions across these benchmarks. It
reveals that solutions in AMO-Bench exhibit sig-
nificantly higher lengths, indicating that problems
in this benchmark are inherently more challenging
and require more complex reasoning to arrive at
the final answer. We conduct a further analysis of
the model solution lengths in Section 3.2.

B Prompt Templates

Query prompt template. In order to guide
LLMs in generating answers in a parser-readable
format, we use the following prompt template
guide the model generation(e.g., Example 1).
There are mainly three requirements in the in-
struction: the answer prefix (i.e., ### The final
answer 1is:), the LaTeX box environment (i.e.,
\boxed{}), and the precision requirement (at least
four decimal places).

Grading prompt template. We employ the
LLM-based grading using o4-mini (Low) as the
grading model, and use the following grading
prompt to verify the equivalence between the LLM
output and the reference answer(e.g., Example 2).
The template frames the task as a strict equivalence
check and requires a binary decision (i.e., Correct
/ Incorrect) in a fixed output format.

3We use the tokenizer of DeepSeek-V3.1 model to count
tokens in solutions.

“https://huggingface.co/datasets/HuggingFaceH4/aime_2024.

Shttps://huggingface.co/datasets/HuggingFaceH4/M ATH-
500.

C More Details About Dataset Creation
Process

In Section 2.1, we have introduced the dataset cre-
ation pipeline and the major principles for data
collection and filtering. Here, we provide further
details in the dataset creation process. We gather
data from collaborating math competition experts
through surveys and email contributions. Experts
interested in contributing are briefed on specifica-
tions such as problem type, originality, and diffi-
culty. We pay contributors and referrers a fee of
$150-$200 for every problem that passes our fi-
nal check. Typically, math competition problems
involve no ethical or moral concerns. To further
guarantee this, we submitted the final dataset and
the grading algorithm code to our internal data risk
oversight team, and the submission successfully
passed the review.

D Analysis of AVG @k

Increasing the sample size k yields more stable
performance estimates on AMO-Bench. Fig-
ure 10 illustrates the fluctuation of the average per-
formance across different sampling times. It shows
that as the sampling time grows, the models’ per-
formance become more stable. When sampling 32
times, the average model performance exhibits a
relatively small fluctuation and rarely appears to
reverse the model ranking order (the reverse-order
phenomenon).

E Analysis of Pass@k

Top-tier models demonstrate promising poten-
tial for improvement on AMO-Bench. Existing
work reveals that the pass @k performance of the
model can reflect its inherent potential to achieve
further improvement through reinforcement learn-
ing. Inspired by this, we illustrate the pass@Fk of
evaluated models to indicate their inner potential.
As shown in Figure 11, the pass@k metric exhibits
rapid growth as k increases from 1 to 8, followed
by a sustained but gradual improvement as k contin-
ues to rise. Notably, the top-tier reasoning models
achieve over 70% performance on the pass@32
metric. These results highlight the significant room
for improvement in the reasoning capabilities of
LLMs.

F Grading details

Grading method. For evaluating answers gener-
ated by LLMs, prior work has primarily utilized
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Figure 8: Basic statistics of AMO-Bench. (a) The distribution of problem categories in AMO-Bench. (b) The
distribution of human-annotated solutions in AMO-Bench as well as the comparison with MATH500 and AIME24.

two approaches: parser-based grading and LLM-
based grading. Parser-based grading offers high
efficiency and accuracy when the model’s response
can be successfully parsed; however, its applica-
bility is limited to simple answer formats such as
numerical values or sets, making it challenging to
assess more complex answers. In contrast, LLM-
based grading provides greater flexibility across
diverse answer types but may be less efficient and
does not consistently guarantee accuracy.

To fully leverage the strengths of both grading
methods, AMO-Bench employs different grading
approaches based on the specific answer type for
each problem. Specifically, problems in AMO-
Bench are divided into four main answer types:
numerical answers (e.g., Example 3), set answers
(e.g., Example 4), variable-expression answers
(e.g., Example 5 which requires providing the gen-
eral formula for an arithmetic sequence), and de-
scriptive answers (e.g., Example 6 which involves
comprehensively considering multiple scenarios).
The prompt templates for used for grading are con-
tained in Appendix B.

For problems requiring numerical, set, or
variable-expression answers (39 out of 50), we
employ the parser-based grading. The evaluated
LLMs are instructed to format their final responses
as \boxed{<answer>}. We then utilize the tools
provided by math-verify® to parse these answers
and verify the equivalence with the ground truth.
Moreover, if the model answer containing decimal
values, we require an accuracy of at least four dec-
imal places. For variable-expression answers, we
assign multiple sets of values to the variables in the
expression, then verify whether the values of the

Shttps://github.com/huggingface/Math-Verify.

generated expression match that of the ground-truth
expression. We also manually review the parsing
results during the preliminary evaluation and adjust
the post-processing algorithms.

For problems requiring descriptive answers (11
out of 50), we use LLM-based grading with o4-
mini (Low) serving as the grading model. To ensure
robust assessment, majority voting is performed
across five independent grading samples for each
response. Additionally, during preliminary evalua-
tion, we manually verify the correctness of LLM-
based grades for all descriptive answers and revise
answer descriptions where needed to enhance grad-
ing accuracy.

Grading accuracy. Prior to conducting the large-
scale evaluation, we performed a manual quality
check to ensure the reliability of the designed grad-
ing method. This assessment included 1,000 re-
sponses in total generated by 10 different LLMs
(across English and Chinese). The results indicate
that the grading accuracy reached 99.2%, provid-
ing strong validation for the effectiveness of the
grading method on AMO-Bench.

G Performance on AMO-Bench-P Subset

To facilitate easier reproduction and use of AMO-
Bench, you can utilize the AMO-Bench-P subset,
which includes only the 39 parser-based grading
problems from AMO-Bench. Table 3 also presents
the AVG@32 performance of LLMs on AMO-
Bench-P. In general, performance on AMO-Bench-
P tends to be slightly higher than on the full AMO-
Bench, as problems requiring complex descriptive
answers are inherently more challenging than those
with simple-format answers.
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Example 1: Query Prompt Template

After solving the above problem, please output your final answer in the following format:

### The final answer is: $\boxed{<your answer>}$

Example:

### The final answer is: $\boxed{123}$

The final answer should be given as precisely as possible (using LaTeX symbols such as \sqrt, \frac,
\pi, etc.). If the final answer involves a decimal approximation, it must be accurate to at least four
decimal places.

Example 2: Grading Prompt Template

For the following math problem, we have the reference answer and the student’s answer.
Determine whether the student’s answer is equivalent to the reference answer.

If equivalent, output "Correct".

If not equivalent, output "Incorrect".

### Problem

### Reference Answer

### Student Answer

Now, please provide your judgment.

Please strictly follow the format below to summarize your conclusion at the end of your judgment:
### Conclusion: Correct/Incorrect

If the answer involves a decimal approximation, it must be accurate to at least four decimal places.

. J
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Example 3: Problem with Numerical Answer

Question: Let 21, x2, - - - , x9024 be positive real numbers such that xy + x,,, > km forany 1 < k <
m < 2024. Find the minimum value of 1 + xo + - - - + X2024.

Answer:

Example 4: Problem with Set Answer

Question: Find all positive integers n such that for any: a,, > ap—1 > ap_9 > ------ az > ap > 0,
n n n
satisfying kzl ap = k21 i, the inequality kH1 a¥ > 1 holds.

Answer: | {1,2,3}

Example 5: Problem with Variable-Expression Answer

Question: The sequence {a, }5° ; consists of positive terms, with a; = 7, ag = 2, and satisfies the
recurrence relation
8ap o =3+4ap11 +a, (n€NY).

Find the general term formula for this sequence.

Answer:
2+v3)¥ " +(2-v3)¥"
2
Example 6: Problem with Descriptive Answer
Question: Let n be an integer with n > 2. Real numbers a1, aq, . . ., a, satisfy

zn:ak:2n, zn:k|ak|:4n.
k=1 k=1

Find the minimum value of a? + a3 + - - - + a2.
Answer: For n = 3, the minimum of a? + a3 + a2 is 12.

- . 6n?
For n > 4, the minimum of a? + a3 + - - - + a2 is e
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Figure 9: The AVG @32 performance of LLMs on AMO-Bench in English (EN) and Chinese (CH).
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Figure 11: The the pass@Fk trend of various LLMs with increasing k.
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Table 3: The AVG@32 performance of LLMs on AMO-Bench and its subset AMO-Bench-P, which includes only
the 39 parser-gradable problems. We show the AVG@32 with the 95% confidence intervals.

Model AMO-Bench (%) AMO-Bench-P (%)
Gemini-3-Pro 63.1+14 674+ 1.7
DeepSeek-V3.2-Speciale 60.3 +1.2 623+ 14
Qwen3-Max-Thinking (Preview) 574+ 1.5 60.0 + 1.7
GPT-5.1-Thinking (High) 564+13 5894+1.6
Kimi-K2-Thinking 56.0+ 1.6 55.7+1.38
Claude-Opus-4.5 548 +£1.6 598+ 1.8
GLM-4.6 541+1.6 554+1.8
GPT-5-Thinking (High) 524+ 1.6 548 £ 1.8
DeepSeek-V3.2-Thinking 519413 532415
Grok-4 48.6 + 1.5 55.1+1.8
Qwen3-235B-A22B-Thinking-2507 478 + 1.6 56.2+2.0
DeepSeek-V3.1-Thinking 47.6 + 1.6 53.0+19
Grok-4.1-Fast 473+1.3 551416
LongCat-Flash-Thinking 43.6 = 1.8 453 +2.0
04-mini (High) 402 + 1.7 438 +2.0
Gemini-2.5-Pro 387+ 1.6 417+ 1.9
GLM-4.5 36.8 £ 1.6 41.0+ 1.9
Qwen3-Next-80B-Thinking 348+ 1.5 374 £ 19
DeepSeek-R1-0528 343+ 1.7 37.1£2.0
03-mini (High) 324415 340+ 1.7
Qwen3-Max-Instruct 288+ 14 309+ 1.7
Claude-Sonnet-4.5 277+ 1.6 205+ 1.8
Qwen3-Next-80B-Instruct 182+1.3 17.8 £ 1.5
Gemini-2.5-Flash 181+ 1.5 18.0+ 1.7
LongCat-Flash 146 +1.2 149+ 14
DeepSeek-R1 109 + 1.1 1.7+ 14
Claude-Opus-4 10.6 £ 1.1 114+13
DeepSeek-V3.1 9.8 £ 1.1 9.6+ 1.3
Kimi-K2 7.5+1.0 84+12
DeepSeek-V3-0324 52+£09 54+£1.0
GPT-4.1 4.1+0.8 48+09
GPT-40-20241120 1.5+ 0.5 1.9+0.6

2137

18



