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RMs guide the alignment process of LLMs.

Alignment
Training

Preferences
Modeling
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RMs have not been adequately evaluated.

} Current effort on 
benchmarking reward models:

Pairwise Accuracy

The evaluation results may not accurately reflect the RMs’ performance during the alignment task！

1. The limited scope of the evaluation data distribution
2. determining binary preferences != the role of the reward model in 
alignment, which is reward high-quality responses
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RMB: a comprehensive and fine-grained RM Benchmark.

RQ1: Can RMs generalize across diverse scenarios?

RMB has: 

Ø 49 fine-grained scenarios for HH goals.
Ø With real-world queries to provide 

challenging and practical tests.
Ø 14 LLMs to generate responses
Ø Over 18,000 high-quality preference 

pairs in total.
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RMB: a comprehensive and fine-grained RM Benchmark.

RQ2: Is there any other benchmarking paradigm beyond pairwise accuracy?

RMB has:

Ø BoN evaluation as a new RM 

benchmarking paradigm.
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RMB: a comprehensive and fine-grained RM Benchmark.

RQ2: Do our evaluation results reflect the RMs’ performance on downstream 
alignment tasks?

RMB has:

Ø a stronger correlation with 

alignment performance

Ø The BoN test set have a 

stronger correlation with the 

RM’s downstream task 

capabilities
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Data Construction 
} Towards construct a benchmark to evaluate whether the reward model can act as a proxy for 

human preferences across a wide range of scenarios and provide effective reward signals for 
alignment training.

(1) Categorizing real-world 
prompts to 49 scenarios 
and generating responses 
for them with 14 LLMs.

(2) Scoring helpfulness 
/harmlessness of the 
responses.

(3) Organizing them into 
pairs or best-of-N lists 
according to their scores.

1. Three-way cross-
validation for 
prompt 
categorizing.

2. Difficulty post-
filtering for prompt 
selction.

3. Agreement with 
human preference 
for preference 
annotation

Quality Assurance
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Evaluating RMs
} Setup

} Scoring methods

} Models to evaluate
} Generative RMs: to generatively select a better answer.
} Discriminative RMs: to assign a score to the given (prompt, response) pair.
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Evaluating RMs
} TAKE AWAYS
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Evaluating RMs
} Learderboard
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Evaluating RMs
} RM’s Performance on Fine-grained Tasks
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Correlation with Alignment Performance
} Correlation metrics:

} a reward model set
} We used these reward models to perform alignment and evaluat the corresponded aligned LLM

} Their score on RMB
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Correlation with Alignment Performance
} Findings:

} RMB demonstrates postive correlations across various external alignment 
benchmarks and models.

} BoN subset in RMB generally shows better correlation than the PairWise subset.
} RewardBench exhibits poor correlation.
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Thanks!


