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Motivation

• Traditional LLM evaluations suffer from data contamination.
• O1 dropped on AIME questions (pre-2024 data v.s. 2024 data).
• Our goal: To create a benchmark that reduces the impact of data contamination.



ThinkBench
• A dynamic framework to generate Out-of-Distribution (OOD) evaluation datasets.
• Scenario-level Semi-fact Data: Alters the scenario of a problem while preserving its core logic.
• Attack-level Semi-fact Data: Introduces minor, realistic perturbations to the problem.



Scenario-level Semi-fact Data Construction
• New Scenario Generation: Create a novel background for the original problem.
• Step-by-step Rephrase: Integrate the original problem into the new scenario 

sentence by sentence.
• Multi-stage Verification: Use Scenario, Stepwise, and Overall Verifiers to ensure 

logical consistency and a preserved answer.



Attack-level Semi-fact Data Construction

• To simulate input errors and test a 
model's noise resilience.

• TextBugger (Character-level)
• CheckList (Sentence-level)
• Stress Test (Sentence-level)



Experiment

• Original Datasets:
• AIME-500: 500 questions from AIME 1983-2023.
• AIME 2024: 30 questions from AIME 2024.
• GPQA Diamond: 198 graduate-level science questions.

• Generated OOD Data: 1 scenario-level and 3 attack-level samples per original instance.

• Models Evaluated: 16 LLMs including o1-preview, o3-mini, Deepseek-R1, GPT-4o, 
LLAMA3.1, etc.



Key Finding 1: Evidence of Data Contamination
• The ID vs. OOD performance gap on AIME-500 (older data) is much larger than on 

AIME 2024 (newer data).
• Average performance drop on AIME-500:  24.9%
• Average performance drop on AIME 2024: 11.8%
• This strongly indicates data leakage in the pre-2024 AIME datasets, as models were 

likely exposed to this data during training.



Key Finding 2: Model Robustness Analysis
• Reasoning Models: o3-mini and Deepseek-R1 maintained high accuracy on OOD data 

and stayed closer to the diagonal, indicating stronger generalization and robustness.
• Non-Reasoning Models: GPT-4o and LLAMA3.1-70B-IT showed larger performance 

gaps and lower absolute accuracy on OOD tasks.
• This suggests a greater reliance on memorization.



• Parameter count correlation with robustness

Experiment



• Performance improves with increased computation budget.
• The performance demonstrates the high quality of the dataset dynamically constructed by 

ThinkBench.
• ThinkBench reduces contamination impact and enables reliable reasoning evaluation.

Test-time Scaling Evaluation



Conclusion

• ThinkBench: A novel, dynamic OOD evaluation framework that effectively reduces the 
impact of data contamination.

• Data Leakage: Confirmed and quantified the data leakage problem in existing benchmarks.

• Robustness Analysis: Provided an in-depth analysis of the true reasoning ability of LLMs, 
finding that reasoning models are more robust.

• Provided a High-Quality Benchmark: The generated dataset is proven to be effective for 
evaluating advanced reasoning strategies like Test-time Scaling.
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