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Problems and Challenges: 

How Should Rewards Be Properly Modeled?

Traditional Reward Model

• Trains on preference data and outputs preference scores.

• Requires large-scale annotation covering all policy

stages.

• Poor generalization.

• Conflicting annotation.

Rule-based Verifier

• Works well for verification but is hard to scale.

• Requires rubric-based labeling.

Two Popular Reward Modeling Methods



Reward Model is a Policy Discriminator, POLAR

Learn the differences between policies, enabling the reward 

model to assign higher scores to candidate policies that are 

closer to the target policy.

• Instead of modeling absolute preferences or defining 

absolute good/bad, measure the relative distance

between candidate and reference policies.

• Decouples optimization objectives from subjective 

preferences, allowing for large-scale scalability.

Training Paradigm and Applications

• Pre-training: Trajectories from the same policy are treated as positives, while those from different policies

are negatives. Policies can be sampled freely, no manual labels required.

• Supervised Fine-tuning: Analogous to instruction fine-tuning in LLMs: aligns with downstream tasks and

human comparative judgments.

• Usage: Given a reference answer, train the policy using RFT (Reference-based Fine-Tuning).

The Overview of POLAR

Our Method
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Experimental Results

Performance of POLAR on Human Preference Prediction

POLAR exhibits outstanding generalization, consistently 

outperforming baseline RMs across most tasks. 

Notably, on the STEM task, POLAR-1.8B and POLAR-7B 

surpass the best baseline by over 24.9 and 26.2 
percentage points, respectively. 
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Performance of POLAR on RLHF

POLAR RMs consistently outperform traditional non-

pre-trained RMs.

For instance, the Llama-3.1 fine-tuned using 

POLAR-7B achieves an average improvement of 
9.0% over the initial policy model and 6.7% over the 

policy model optimized by WorldPM-72B-

UltraFeedback across all benchmarks.

Experimental Results
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We observe a clear power-law relationship between validation loss and model size

The right panel of this figure shows that validation loss follows a power-law scaling trend with respect to compute

Scaling Laws

NeurIPS 2025



1. We propose POLAR, a novel criterion-agnostic pre-training paradigm for reward modeling based 

on a scalable training objective, i.e., policy discrimination. 

2. Scaling experiments reveal promising scaling laws, highlighting the significant potential of POLAR 

for enhancing the upper bound of reward modeling and developing stronger and more 

generalizable reward models.

3. We developed the POLAR series of reward models. They substantially outperform traditional RMs 

in empirical evaluations, achieving higher preference accuracy and better generalization than 

considerably larger reward models.

Conclusion
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