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Motivation

• Prior LLM evaluators either assume perfect calibration or lack 
statistical control over disagreement risk

• LLM-as-a-judge exhibit systematic biases and miscalibrations
• There’s a cost vs trust trade-off



Aims

Problem Proposed Solution
Lack of tight statistical control over 
disagreement risk.

Selective evaluation framework (1) with 
threshold calibration (2)

Poor calibration of confidence. Simulated annotators (3)

Cost vs trust trade-off Cascaded selective evaluation (4)



Background

• We are dealing with pairwise prompt here
• i.e. [Generation A] vs [Generation B], which is better?



Methodology

1. Provide a Selective Evaluation Framework

Goal: guarantee

Important terminology:
• 𝛼 is the ‘risk tolerance’  => maximum fraction of LLM judgement you are willing to see disagree with the 

human majority
• 𝜆 is the ‘confidence threshold’ => model will only accept judgements where the 𝑐𝐿𝑀 𝑥 ≥ λ



Methodology

2. Find the optimal 𝜆, which is መ𝜆

• Use a small human-annotated calibration set
• Do a grid search from 𝜆1 = 0.999 downwards:

• Compute the empirical error ෠𝑅(𝜆)

• Find the upper confidence bound of this error ෠𝑅+(𝜆)

• If value of ෠𝑅+(𝜆) is below target risk 𝛼, continue searching
• Else, stop and take the last value of 𝜆 as መ𝜆



Methodology

3. Simulated annotators
• For each input 𝑥, repeat the pairwise prompt under 𝑁 different 

few-shot contexts (each with 𝐾-labelled examples).
• Obtain the per-context probability and take average



Methodology

4. Cascaded selective evaluation



Results
• Simulated Annotators reduces ECE 

by 50% and improving AUROC by 
13% for GPT-4.

• Simulated Annotators improve the 
reliability of the weaker judge 
models.

• Ablation studies shows Simulated 
Annotators gains actually come 
from simulating diverse human 
preference. 



Results

• Tested this framework on three datasets:
1. TL;DR dataset (evaluating summaries)



Results

2. Chat(bot) Arena



Results

Impact of number of annotators, 𝑁.
• Good guarantee success rate even at small 𝑁, but improve on coverage.



Results

Impact of model composition with Chat(bot) Arena.
• Weaker cascade uses Mistral-7B, Mixtral-8x7B and GPT-3.5
• Stronger cascade uses GPT-4 instead of Mixtral-8x7B

Guaranteed human agreement even with the weaker cascade.



Strengths

• Rigorous human-agreement guarantee, that helps automatic 
evaluation.

• Cost-effective cascading.
• Model-agnostic.



Limitations

• Binary, pairwise scope.
• Still requires (some) human-labelled calibration.
• May still be expensive to ensure high coverage.
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