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Large language models are widely used as scalable evaluators in place of humans. Are their judgments truly reliable?

We propose a simple correction method that accounts for errors in LLM judgments. Our method requires a dataset with human-evaluated examples, which we
use to estimate and correct the errors made by the LLM judge. We further characterize when corrected LLM-as-a-judge evaluation is more reliable than human-only
evaluation without LLMs. Our estimator remains unbiased even under distribution shift, where the evaluation dataset differs from the dataset used for correction.
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