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Universal Alignment Personalized Alignment (P-GenRM)

In open-ended dialogues, how do we define 'helpfulness'?



Helpfulness = ??? & ???

Helpfulness = Simpicity & Vibe Helpfulness = Depth & Detail 



Helpfulness = Personality & Scenario

Helpfulness = Simpicity & Vibe Helpfulness = Depth & Detail 



Challenges: Dynamic reward modeling and Generalization

The Modeling 
Problem

The Generalization 
Problem

Current paradigm P-GenRM

Static Rules
Reduces diverse 
preferences into limited, 
fixed rules.

Leverages collaborative 
signals to infer preferences 
with sparse data.

Performance declines
for users with limited 
interaction history.

Weak Generalization Prototype transfer

Infers dynamic, user-
specific rubrics for 
different scenarios.

Adaptive rewarding



How P-GenRM works 



Structured, Dynamic Evaluation Chain

Input signals

• From hybrid preference signals to structured, dynamic evaluation chain

• From opaque scalars to interpretable, auditable rewards



Structured, Dynamic Evaluation Chain

Input signals

Persona Analysis
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Structured, Dynamic Evaluation Chain

Input signals

Persona Analysis

Scoring Rubrics

• From hybrid preference signals to structured, dynamic evaluation chain

• From opaque scalars to interpretable, auditable rewards



Structured, Dynamic Evaluation Chain

Input signals

Persona Analysis

Scoring Rubrics

Step-by-Step 
Scoring

• From hybrid preference signals to structured, dynamic evaluation chain

• From opaque scalars to interpretable, auditable rewards



Three stage training framework



Test-time User-based Scaling

Dual-Granularity Scaling



Test-time User-based Scaling

Dual-Granularity Scaling

• Parallel sampling to explore multiple hypothesis of a user’s preference

• Incorporating similar users’ scoring schemes to enhance both accuracy and generalization 



Initialization

K-means clustering to establish 
base user prototypes.

Transforming semantic centers into 
discriminative priors

Prototype Initialization and Optimization

 Optimization

History-aware
 Loss

Center 
Regularization

Transition 
smoothness
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User-Prototype Distribution



Datasets
PersonaRewardBench:

It filters and processes high-quality pairwise preference data (under presonalized scenarios) from 
Chatbot Arena and PRISM. 

The task is to predict which of the two candidate responses better aligns with the individual 
personal preference of a specific user.

User U

Query Q

Response  A Response  B

Reward model

Predict  A > B or B > A

(which aligns better with U’s personal preference)

(subjective, open-ended)



Experiments

• Even without scaling, P-GenRM-8B outperforms 70B-sized baselines.

• Test-time User-based Scaling yields an additional improvement of ~3%.



Experiments

Left : Efficiency of dual-granularity scaling: Improving P-GenRM accuracy with 

modest increases in scaling operations.

Right : P-GenRM’s effectiveness in policy model training and generalization on the 

OOD dataset, LaMP-QA.



Conclusion

Interpretable

 

TransferableAdaptable

From black-box rewards to

Structured evaluation chains 
From static rules to

Dynamic reward modeling 

Test-time User-based Scaling 

alleviates the cold-start problem.

Building AI that understands not just what people 

say, but what they uniquely value.


