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Abstract

Capability evaluation of large language models (LLMs) is increasingly shadowed1

by rising concerns of data contamination that cast doubts on whether static bench-2

marks measure genuine reasoning or mere memorization. We present an empirical3

study using an infinitely scalable framework to synthesize research-level QA di-4

rectly from arXiv papers, harnessing the natural temporal structure of research5

publications where performance decay after knowledge cutoffs may indicate po-6

tential contamination. We evaluated 4 frontier model represented by 2 models of7

different knowledge cutoff dates per family on 1,643 multi-step reasoning questions8

synthesized from 20,277 arXiv papers stratified over 26 months, covering at least 69

months before and after all cutoff dates. Our results consistently showed a lack of10

significant performance decay near knowledge cutoff dates for models of various11

sizes, developers, and release dates. We further performed a comparative analysis12

with previous longitudinal studies that reported significant post-cutoff performance13

decay using directly retrieved questions based on public data. we hypothesize14

that the multi-step reasoning required by our synthesis pipeline offered additional15

complexity that goes deeper than shallow memorization, which effectively serves a16

mitigation strategy against benchmark contamination. We fully open source our17

code and dataset to aid reproducibility and advocate for a paradigm shift that prior-18

itize reasoning-driven synthesis to construct benchmarks over simply collecting19

newly released questions periodically.20

1 Introduction21

If you cannot measure it, you cannot improve it.22

—Lord Kelvin Thomson [1889]23

The reliability of large language model (LLM) evaluations faces a critical threat from data con-24

tamination, which could artificially inflate performance metrics while obscuring genuine reasoning25

capabilities Dong et al. [2024]. Many previous work Ding et al. [2024], Li et al. [2025], Xu et al.26

[2024] have demonstrated that contamination has reached concerning proportions across various27

evaluation benchmarks, where models achieve inflated scores through memorized patterns rather than28

authentic problem-solving abilities. This widespread contamination undermines the fundamental29

premise of capability evaluation by rewarding benchmarking memorization over genuine reasoning30

abilities.31

The rapid saturation of established benchmarks further compounds this challenge, creating an32

evaluation crisis where traditional metrics no longer differentiate between reasoning advances and33

pattern matching. Legacy frameworks such as MATH Hendrycks et al. [2021] and GPQA Rein34
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Figure 1: Overview of our framework for synthesizing research-level evaluation questions based on
arXiv papers, which are temporally stratified to monthly window to assess frontier model reasoning
capabilities before and after their knowledge cutoff dates. We hypothesize that potential contamination
will lead to significant post-cutoff performance decay.

et al. [2023] have experienced dramatic performance saturation across model generations. This35

phenomenon reflects the broader inadequacy of static evaluation paradigms in measuring rapidly36

evolving model capabilities.37

Existing mitigation strategies bear fundamental limitations in scalability and effectiveness. Manual38

curation approaches, exemplified by FrontierMath Glazer et al. [2024], demand extensive expert39

effort for problem construction and validation, creating practical barriers to frequent updates and40

systematic coverage. Periodic collection methods such as LiveBench White et al. [2025] promised to41

complete regular content updates but suffer from short shelf life and resource-intensive maintenance42

requirements on long time horizon. These approaches fail to address the core challenge of creating43

evaluation frameworks that scale automatically with advancing model capabilities while maintaining44

contamination resistance.45

To address these challenges, we leverage the natural temporal structure of research publication46

to create a contamination-resistant evaluation framework that scales automatically with scientific47

progress. Academic publications follow strict chronological ordering, making it impossible for48

models to encounter evaluation content synthesized from papers published after their training cutoff49

dates. This temporal design enables systematic contamination detection through performance decay50

analysis, where post-cutoff performance decay would indicate more reliance on memorizzation rather51

than genuine reasoning capabilities.52

Contributions53
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• We leverage a fully automated, infinitely scalable framework to synthesize 1,643 multi-step54

reasoning questions from 20,277 arXiv math and physics papers covering 26 months with55

comprehensive temporal coverage spanning at least 6 months before and after all model56

knowledge cutoffs.57

• We comprehensively evaluated all 8 frontier models from 4 leading developers with fine-58

grained monthly temporal granularity across math and physics domain to improve robustness59

of our findings across various models and domains.60

• We systematically compare longitudinal analysis based on retrieval vs. synthesis-based61

benchmarks to empirically show that reasoning-driven synthesis offers stronger contamina-62

tion resistance compared to questions directly harvested from public sources.63

Our approach addresses the fundamental trade-off between evaluation scalability and integrity that64

shadows current benchmarking paradigm. We further advocate for multi-step reasoning-driven65

transformation that creates increased cognitive distance against simple pattern matching, thereby66

resist contamination by design.67

2 Related Work68

Research-Level Reasoning Benchmarks GPQA Rein et al. [2023] present PhD-level challenges69

across biology, physics, and chemistry, but its static nature makes it vulnerable to memorization70

as training corpora expand. CURIE Anonymous [2025] advances multitask scientific evaluation71

across specialized domains requiring expert knowledge synthesis, yet lacks temporal stratification72

mechanisms for contamination detection. While HLE Jain et al. [2025] and FrontierMath Glazer73

et al. [2024] achieve research-level difficulty through expert curation, they suffer from scalability74

bottlenecks and lack systematic contamination detection that our automated synthesis pipeline75

addresses through temporal stratification.76

Data Synthesis from Research Papers Scientific paper-based evaluation represents promising77

directions for scalable benchmark construction. LiveXiv Shabtay et al. [2025] pioneered temporal78

evaluation through chronologically ordered arXiv papers, establishing contamination detection princi-79

ples, but focuses on factual extraction rather than complex reasoning chains. SPIQA Anonymous80

[2024] demonstrates comprehensive multimodal evaluation from scientific papers, yet emphasizes81

comprehension over multi-step mathematical reasoning that creates cognitive barriers against memo-82

rization. OpenScholar Ajith et al. [2024], DIGESTables Skarlinski et al. [2024], and SciQAG Wang83

et al. [2024] advance cross-domain synthesis with sophisticated metrics but lack systematic temporal84

stratification for contamination detection. PaperQA Lala et al. [2023] combines question answering85

with document retrieval effectively, yet introduces contamination vectors through retrieval-based86

approaches that our synthesis methodology avoids.87

Longitudinal Analysis on Data Contamination Systematic contamination detection reveals88

widespread evaluation compromise, establishing temporal analysis as essential for benchmark in-89

tegrity, yet existing methodologies focus on retrieval-based approaches vulnerable to memorization.90

Comprehensive surveys Ding et al. [2024], Li et al. [2025], Xu et al. [2024] document pervasive91

benchmark compromise while ContaminationCDD Fan et al. [2024] provides computational detection92

through output distribution analysis. Temporal boundary research Roberts et al. [2024] demonstrates93

effectiveness in Mathematical Olympiad contexts with performance decay on post-cutoff problems,94

yet relies on publicly available competition problems vulnerable to training data inclusion. Pro-95

gramming applications through LiveCodeBench Jain et al. [2024] and DyCodeEval Chen et al.96

[2025] demonstrate performance drops on post-training data but focus on code generation rather than97

mathematical reasoning synthesis. Our contribution uniquely combines monthly temporal resolution98

with reasoning-driven synthesis that generates multi-step problems requiring genuine mathematical99

understanding rather than memorized solution patterns.100
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Mathematics

arXiv:2406.19979v2 - On quantitative convergence for stochastic processes: Crossings, fluctuations and martingales

Main Field: math.PR (Probability)

Theorem: Given ε,K > 0 and g : N → N there exists some N dependent only on these parameters such that whenever {xn}
is a monotone sequence in [−K,K], there exists some n ≤ N such that |xi − xj | < ε for all n ≤ i ≤ j ≤ n+ g(n). Moreover,
we can assign to N the following concrete value: N := g̃(⌈2K/ε⌉)(0) for g̃(n) := n+ g(n), where g̃(i) denotes the ith iteration
of g̃.

Q: Given parameters ε > 0, K > 0, and a function g : N → N, what explicit bound N in terms of ε, K, and g guarantees that
for any monotone sequence (xn) in [−K,K] there exists some n ≤ N such that |xi−xj | < ε for all n ≤ i ≤ j ≤ n+ g(n)?

Physics

arXiv:2407.02415v2 - The Symplectic Schur Process

Main Field: math-ph (Mathematical Physics)

Theorem: Consider the rescaling

i(τ) =

⌊
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8
+
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τ

⌋
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) 1
4

α

⌋
.

For any fixed k ∈ Z≥1 and τ1, . . . , τk ∈ R and α1, . . . , αk ∈ R+, let iℓ = i(τℓ), uℓ = u(αℓ), then

lim
n→∞

det
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[( n

12

) 1
4
(
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[K(τℓ, αℓ; τℓ′ , αℓ′)] ,

where K is the Pearcey-like kernel.

Q: Let i(τ) =
⌊
9n
8 +

√
27n
64 τ

⌋
and u(α) = −n +

⌊(
n
12

)1/4
α
⌋

. For a fixed k ∈ Z≥1 and real parameters τ1, . . . , τk and
α1, . . . , αk, define iℓ = i(τℓ) and uℓ = u(αℓ). What is the limit as n → ∞ of

det
1≤ℓ,ℓ′≤k

[(
n
12

)1/4(
δiℓ,iℓ′ δuℓ,uℓ′ −KSSP(iℓ, uℓ; iℓ′ , uℓ′)

)]
?

Table 1: Examples of theorem-to-question conversion with arXiv IDs, paper titles, and domain
classification tags with explanations.

3 Methodology101

3.1 Synthesis Pipeline102

Retrieval and Theorem Identification This synthesis pipeline is adapted based on the RealMath103

Framework Zhang et al. [2025]. We retrieve arXiv papers directly from the arXiv API to obtain104

comprehensive metadata including LaTeX source code, DOI, publication date, and arXiv domain105

tags . Our synthesis pipeline utilizes OpenAI-GPT-4.1 and OpenAI-o4-mini OpenAI [2025] to106

systematically parse LaTeX source and identify constructive theorems with fixed answers, excluding107

theorems with multiple solutions or ambiguity to ensure automated verification while maintaining108

mathematical rigor.109

QA Generation We employ sophisticated multi-stage generation focusing on compositional multi-110

step reasoning where solvers must synthesize multiple mathematical concepts, apply sequential111

logical transformations, and maintain coherent reasoning across extended derivation sequences. Each112

question undergoes automated analysis to verify solution paths requiring multiple interdependent113

reasoning steps including concept application, algebraic manipulation, logical inference, and result114

synthesis. We systematically filter problems requiring fewer than six distinct reasoning steps, ensuring115

substantial cognitive effort that cannot be solved through pattern recognition.116

4

http://arxiv.org/abs/2406.19979v2
http://arxiv.org/abs/2407.02415v2


Filtering and Validation Our filtering process includes comprehensive post-processing review117

of each generated question-answer pair, systematically removing low-quality samples with easily118

guessable answers or obvious solutions from context. We extend methodology beyond mathematics119

to Physics, creating problems requiring interdisciplinary reasoning combining mathematical formal-120

ism with physical intuition, dimensional analysis, and connections between theoretical predictions121

and measurable quantities. This multi-step reasoning validation ensures our benchmark captures122

sophisticated abilities distinguishing advanced models from pattern-matching approaches.123

3.2 Dataset Construction124

Temporal Stratification We synthesized questions with monthly resolution from May 2023 to125

June 2025, ensuring coverage of at least 6 months before and after models’ knowledge cutoffs.126

This 26-month window enables precise contamination detection across temporal boundaries while127

leveraging the natural chronological ordering of academic publications that prevents models from128

encountering evaluation content during training.129

Cross-Domain Coverage Our dataset balances Mathematics and Physics domains, generating130

20 questions per month per domain. We focus on combinatorics and number theory domains131

providing suitable sources for constructive theorems with fixed answers. This cross-domain approach132

evaluates both domain-specific knowledge and general reasoning transfer capabilities across scientific133

disciplines.134

Quality Assurance We performed manual expert inspection for technical accuracy and LaTeX135

formatting as quality filters, obtaining 1,643 questions equally spanning math and physics domains.136

This curation process ensures evaluation integrity while maintaining the scalability advantages of137

automated synthesis over manually curated benchmarks.138

4 Experimental139

We evaluated models from four distinct families (OpenAI OpenAI [2025], Gemini Deepmind [2025],140

Llama Grattafiori et al. [2024], and DeepSeek Guo et al. [2025]) where each family is represented141

by 2 models with different knowledge cutoff dates to assess the consistency of our findings. We142

summarize the models and their respective cutoff dates in Table 2. We evaluated all models by calling143

OpenRouter API with default settings and enabled thinking modes whenever possible.144

Table 2: All evaluated models and their knowledge cutoff dates HaoooWang [2025]
Model Knowledge Cutoff
DeepSeek-R1-0528 2024.07
DeepSeek-R1 2023.10
OpenAI-o4-mini 2024.06
OpenAI-o3-mini 2023.10
Gemini-2.5-Flash 2025.01
Gemini-2.0-Flash 2024.08
Llama-4-Scout 2024.08
Llama-3.3-70B 2023.12

Figure 2 illustrates temporal performance across 26 months in both Mathematics and Physics145

domains. The monthly trends show no significant performance degradation around knowledge cutoff146

dates marked by dashed vertical lines. Rather than expected decay due to potential training data147

contamination, models demonstrate stable or improved performance on post-cutoff samples across148

both domains. This pattern suggests our multi-step reasoning synthesis pipeline creates contamination149

resistance by requiring genuine problem-solving rather than memorization-based pattern matching.150

Figure 3 presents mean accuracy comparison across six months before and after knowledge cutoff151

dates for both mathematics and physics domains. Results demonstrate consistent performance152

patterns without significant degradation following cutoff boundaries, confirming temporal stability in153

synthesized evaluation content.154
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Figure 2: Model performance scores across 26 months in Math and Physics domains, with knowledge
cutoff dates marked by dashed lines matching model legends. The figure demonstrates temporal
performance stability without significant decay patterns around cutoff boundaries, suggesting con-
tamination resistance through multi-step reasoning synthesis rather than performance degradation
expected from contaminated benchmarks.

Figure 4 shows aggregated performance scores across temporal windows, further confirming stability155

of model capabilities on synthesized questions regardless of publication timing relative to training156

cutoffs. This consistency across all evaluated model families provides systematic evidence that157

reasoning-driven synthesis creates contamination resistance through cognitive complexity barriers.158

5 Discussion159

We present a comparative analysis between retrieval-based and synthesis-based benchmarking ap-160

proaches through their temporal contamination patterns, providing empirical evidence that reasoning-161

driven synthesis creates cognitive barriers against shallow memorization.162

Contamination Vulnerability in Retrieval-Based Approaches Retrieval-based benchmarks con-163

sistently exhibit post-cutoff performance decay that reveals widespread contamination effects across164

multiple domains. Mathematical Olympiad evaluations demonstrate severe performance deterioration165

on problems published after training cutoffs, where models achieved artificially inflated scores on166

pre-cutoff content through memorized solution patterns from competition archives Roberts et al.167
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(a) Mean accuracy for mathematics-related QA pairs.

(b) Mean accuracy for physics-related QA pairs.

Figure 3: Mean accuracy for mathematics and physics QA pairs across six months before and after
knowledge cutoff dates. Both domains show consistent performance without significant post-cutoff
degradation, supporting our hypothesis that synthesis-based benchmarks resist contamination effects
through cognitive complexity requirements that demand genuine reasoning rather than memorized
pattern matching.

[2024]. Programming benchmarks reveal similarly concerning patterns, with coding problems show-168

ing sharp performance drops after knowledge boundaries while exhibiting suspicious correlation169

between problem popularity and model accuracy Huang et al. [2024]. LiveCodeBench documented170

systematic contamination through clear temporal performance boundaries in code generation tasks,171

demonstrating that models relied heavily on memorized solutions from competitive programming172

platforms and GitHub repositories rather than genuine algorithmic reasoning Jain et al. [2024]. These173

findings establish a consistent pattern where publicly sourced evaluation content becomes compro-174

mised through training data inclusion, creating evaluation frameworks that reward memorization over175

authentic problem-solving capabilities.176

Performance Stability in Synthesis-Based Approaches In contrast, synthesis-based benchmarks177

performs transformation based on retrieved contents to vary the contexts and complexity of evaluation178

questions in question Zhu et al. [2024]. We hypothesize that the lack of post-cutoff performance179

decay may be attributed to the added transformation serving as an extra layer of cognitive distance180

that cognitively goes deeper than shallow memorization-based shortcuts. AntiLeakBench Wu et al.181

[2025] also highlights that data contamination before LLM cutoff dates can be effectively overcome182

by constructing samples with explicitly new knowledge after training cutoff instead of simply collect183

new data periodically. Our experimental results align well with Zhang et al. [2025] across diverse184

model families and extended temporal windows of 26 months, showcasing how our synthesis pipeline185

established contamination resistance through reasoning demands that cannot be satisfied through186

memorized associations alone.187

Reasoning-Driven Synthesis as Mitigation Strategy We hypothesize the reason why there is a188

lack of significant post-cutoff performance decay in our results is because the transformation made189

in our synthesis pipeline goes deeper than shallow pattern-matching that enables memorization,190

creating effective contamination resistance through cognitive complexity requirements. Compo-191

sitional reasoning tasks engage working memory integration, sequential logical processing, and192

abstract concept manipulation that operate through fundamentally different neural pathways than193

simple associative recall mechanisms established in cognitive science research Qiu et al. [2025].194

The Extended Edit Distance metric provides quantitative evidence that complex reasoning problems195
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(a) Mathematics domain aggregated performance.

(b) Physics domain aggregated performance.

Figure 4: Aggregated performance scores for mathematics and physics domains comparing months
before versus after cutoff dates, where nB indicates n months before cutoff and nA indicates n
months after cutoff (e.g., 2B = 2 months before, 2A = 2 months after). Both domains maintain
stable performance across temporal boundaries, demonstrating that our synthesis approach creates
evaluation problems preserving discriminative power regardless of potential training data overlap.

requiring multiple transformation steps exhibit substantially lower similarity to potential training196

examples, creating natural barriers against memorization-based solutions. Performance stability under197

semantic paraphrasing correlates with genuine mathematical understanding rather than surface-level198

pattern matching, suggesting that our synthesis methodology creates robust evaluation frameworks199

resistant to contamination effects through cognitive complexity requirements Yang et al. [2023]. This200

theoretical foundation supports our empirical findings that reasoning-driven synthesis generates eval-201

uation problems requiring authentic problem-solving capabilities that cannot be replicated through202

memorized training examples, establishing it as an effective mitigation strategy against benchmark203

contamination.204

6 Conclusion205

Our evaluation framework based on reasoning-driven synthesis scales synergistically with the ever-206

growing corpora scientific literature. Through a comprehensive analysis of 8 frontier models with207

different knowledge cutoff dates on 1643 questions across 26 months of temporally stratified ques-208

tions based on 20277 arXiv papers, we empirically show that reasoning-driven synthesis produced209

temporally consistent performance stability across knowledge cutoff dates. We further compare our210

approach against various previous longitudinal analysis on retrieval-based benchmarks sourced from211

publicly accessible competition questions, which suffered from significant post-cutoff performance212

decay. The cognitive complexity inherent in multi-step reasoning synthesis naturally goes deeper than213

memorization shortcuts, suggesting that future benchmark construction should prioritize reasoning214

depth over simply collecting newly released Olympiad competition problems periodically, which215

suffers from increasingly shorter shelf life as the heated race for leading AI labs to develop frontier216

models continuously intensifies at an accelerating pace. We call on the community to further explore217

and improve such synthesis-based evaluation paradigms that leverage the ever-expanding corpora of218

research publications, harvesting the synergistic momentum from frontier scientific literature to more219

faithfully reflect frontier models’ capability in helping with scientific research tasks reciprocally.220
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A Supplementary Materials and Instructions for Reproduction434

The README file in the supplementary materials contains detailed instructions for how to reproduce435

the results, where we also provide the full synthetic dataset for evaluation as well as the codebase436

used for both QA synthesis and model evaluation, which ensures the reproducibility of this study.437

After peer review, we plan to open-source both the code and data in their entirety.438

The dataset includes 1,643 QA pairs, with 856 QA pairs from mathematics papers and 787 from439

physics papers. These QA pairs were synthesized from 20,277 arXiv papers published between May440

2023 and June 2025. Along with the datasets, we also provide the prompts that were used for question441

generation and evaluation.442

To reproduce our results, the papers should be retrieved from the ArXiv API, and the LaTeX code443

should be extracted from these papers. Then, the provided prompts should be run using a large444

language model (LLM) to standardize the LaTeX, extract theorems, check their quality, and generate445

QA pairs. Another LLM is used to judge the quality of the generated QA pairs.446

B Prompting Context447

In this section, we detail all the prompts used for our QA generation and evaluation using LLM-as-a-448

Judge paradigm as adapted from RealMath Zhang et al. [2025].449

System Prompt: You are an expert research scientist designing clear question-answer pairs that
requires at least 6 steps of scientific reasoning from research papers. The questions should have a
unique numerical or analytical answer. Some common examples: - "If and only if condition A holds,
then we can get X.", then we can ask "what condition must hold for X to be true?". This is also a
unique answer. - Existence and Uniqueness Theorems: e.g., "There exists a unique X that satisfies
A.", then we can ask "what is the unique solution that satisfies A?". This is also a unique answer. -
Exact Formula Calculations: e.g., "The answer of formula (1) is 10", then we can ask "what is the
value of formula (1)?". This is also a unique answer. - Unique Maximum/Minimum Points: e.g., "The
maximum value of function f is 10 at point x=1", then we can ask "what is the maximum value of
function f?". This is also a unique answer. - Exact Complexity Results in Computational Complexity:
e.g., "The time complexity of algorithm A is exactly Θ(n2)" (not Ω(n2) or O(n2), because big-O
and big-omega are not exact), then we can ask "what is the exact time complexity of algorithm A?".
This is also a fixed answer.
If the theorem does not have a unique answer, you can skip this theorem and return empty result.
If the theorem is a good candidate, your questions should: - clearly state the context of this theorem,
and clearly define all quantities to make the question statement clear and self-contained - requires at
least 6 steps of scientific reasoning. - never reveal the answer in the question statement - never ask
yes or no question, never ask questions that are easy to answer without any reasoning. - if the theorem
says "There exists an X that satisfies A" but the numerical value of X is not unique, skip the theorem -
if the conditions A under which we can get X are not unique (i.e. necessary and sufficient), skip the
theorem - re-define in the question the quantities from the theorem statement (without revealing the
answer) so that the question can be solved in a self-contained manner.
If the theorem is a good candidate, your answers should have: - a unique numerical or analytical
answer, easy to verify without ambiguity; - if there’s any approximation, the condition must be
specified in the question body (e.g. to 2 decimal places)

450
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Standardize LaTeX Prompt:You are an expert in LaTeX. Your task is to review contents from a
scientific paper and ensure it can be directly rendered in standard LaTeX without requiring custom
command definitions. We should only use usepackage: amsmath, amssymb, enumerate, amsfonts,
mathrsfs, mathtools, logicproof. For any commonly used commands, you should not change them,
e.g., mathbb, sum, prod, int, lim, frac, sin, cos, tan, ln, exp, log, etc. But if you find some words are
similar to the custom command definitions but hard to parse, you can change them to the standard
latex command, e.g., ’mathbb’ should be changed to ’mathbb’, because ’mathbb’ is meaningless.
For any custom commands used in the content, please replace them with standard LaTeX notation.
Make sure to check if for each begin command, there is a corresponding end command and viceversa.
Moreover, make sure that $ is not missing and insert it when needed.
I will compile the latex content into a pdf.
IMPORTANT: You must not change the mathematical meaning of the content. Focus only on syntax
corrections.
Return the standardized content in this exact JSON format:
"theorem": "the well-formatted theorem in latex format without any custom commands", "changes":
"explanation of what changes were made to the theorem, don’t change the theorem content"
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