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Background &Motivation

* LLM-as-a-Judge has emerged as a scalable and flexible solution for automatic evaluation, and 1s now widely used across benchmarking, data curation, and Analyze &l
model assessment. — SEE
* However, its reliability 1s fundamentally challenged by various biases, which can systematically distort evaluation outcomes. Rese"""“""s Design T Results
* Existing studies mainly focus on predefined biases, leaving potential and unknown biases largely unexplored. Since manual 1dentification 1s not scalable, a v z , Evaluate N
key problem 1s how to automatically and systematically discover hidden biases in LLM-as-a-Judge to ensure robust and fair evaluation. Q= o

Known Biases Experiments

BiasScope Analyses
BIASSCOPE iteratively expands bias space
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