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Evaluating Claim-Level Completeness in Machine Learning Research

To what extent can a Large Language Model (LLM) extract and summarize the scientific claims made in NeurlPS papers as defined by the official NeurlPS Checklist?

1. Can the LLM accurately extract the primary claims as stated in the abstract and introduction?
2. How well does the LLM's summary of a claim maintain the original semantic meaning without introducing "hallucinations™
3. Does the LLM's binary "Yes/No" response to the NeurlPS Checklist item align with human judgment?
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e Small dataset e RQIL The model can reliably identify the main scientific contributions of research
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« More consistent evaluation Future Work: 5 3 8
« Over-reliance risk leading to incorrect evaluations e Scale the evaluation and introduce expert evaluators
e Risk of reinforcing existing inequalities in academics » Create more atomic ground-truth claims The LLM achieves moderate agreement with human judgment but has a high accuracy compared to the
e Conduct a structured study of prompt design established ground truth. .
Disagreements mainly occur in context-dependent items.
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