ResearchCodeBench: Benchmarking LLMs on Implementing Novel ML Research Code
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LLMs can write code... but can they implement novel ML research ideas?
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def forward(self, x): return x * self.weight + self.bias Aug 2024
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How it works?

I Contamination-safe Subset

Research question: How does knowledge cutoff affect performance?

Findings: « Automating item creation from new papers could turn
maskeq co.ntext code o - « 13 of 20 papers were published after the knowledge cutoff of all models. ResearchCodeBench into a continuously updating “livebench.”
* Model fills in the core missing contribution « This would evaluate LLMs on research ideas as they emerge, not

« Completion is validated via expert-crafted tests months or years later.
- Tests use the original paper implementation as reference « Enables scalable testing of scientific reasoning, not memorization.

 LLM receives a single prompt containing the research paper and

« Performance drops sharply on these post-cutoff papers, indicating
models cannot rely on memorized code.

« Suggests performance depends strongly on whether the paper predates
model training.



