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Introduction

Reward Models (RMs) are crucial for aligning LLMs with human preferences in RLHF

Challenge: Imperfect RMs lead to performance deterioration in downstream policies

• RM Error: Discrepancies between proxy RM and true human preferences, leading to misaligned 

optimization targets

• Policy Regret: Performance gap between policies optimized toward proxy RM versus ideal reward 

function



Introduction

Current Evaluation Practice

• Measuring accuracy on validation sets

• Simple and widely adopted 

• Remains unclear how it reflect downstream performance

• Evaluation on downstream tasks

• Costly and time-consuming

• Cannot distinguish problems between RM or R

Research Questions

• Does the RM error measured by accuracy correlate with policy regret?

• How to better measure RM error for policy regret prediction?

• What's the relationship between RM error and policy regret?



Experiment Framework

Synthetic Setting: 

Use one reward model as "golden standard" to replace human preferences

Proxy-Golden RM Pairs: 

Create N=10 reward models by flipping different percentages of preference pairs

Policy Optimization: 

Best-of-n sampling (BoN) and PPO algorithms



RQ1 - Does RM accuracy correlate with policy regret?

Key Finding 1: RM evaluation accuracy is positively related to policy regret, but even with 

similar accuracy, policies can exhibit different levels of regret

• Positive but weak correlation between accuracy and policy regret

• Similar accuracy can lead to very different downstream performance



RQ2 – How to better measure RM error

Key Finding 2: The rank of responses affects correlation more than the model used to sample 

them

• Sampling from different models doesn't consistently improve correlation

• The rank of chosen/rejected samples matters more for prediction



RQ2 – How to better measure RM error

Key Finding 3: Prompt differences between RM test dataset and downstream test dataset 

weaken correlation

• Accuracy in each category aligns more closely with regret in that category for BoN.

• Paraphrasing prompts reduces correlation, particularly for PPO optimization



Key Finding 4: Increasing responses per prompt enhances correlation

• More responses per prompt consistently achieves higher correlation

• With fixed budget, expanding responses is more effective than adding prompts

RQ2 – How to better measure RM error



Key Finding 5: Accuracy alone can be insufficient to capture potential RM overoptimization

• RMs with similar accuracy can behave quite differently in terms of overoptimization

• Different Goodhart's effects beyond the Regressional type may be at play

• Suggests limitations of accuracy as a sole predictor

RQ2 – How to better measure RM error



Conclusion

Accuracy is useful but limited:

• Provides a basic signal but insufficient for full prediction

Test dataset design matters

• More responses per prompt are beneficial

• Prompt and response distributions affect correlation

Beyond accuracy

• Need to consider overoptimization patterns
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