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We gathered 56k LLM experiment records in BIG-bench.
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Regression Problem. Evaluated with RMSE and R*2 score.
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Broader Discussions + Future Work
Rethinking LLM Evaluation Broadening Observations on LLM Capability Landscape
There is a lack of consensus regarding LLM evaluation. Task Integrating LLM experiment records from other evaluation
selection is often heuristic and following past practices. efforts (e.g., HELM). Adding more dimensions of experiment
How to evaluate LLMs efficiently, reliably and rigorously? configurations (e.g., instruction tuning, RLHF, prompting).
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