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(a) Limitations of Single Reward Models 
(RMs): No single RM consistently excels 
across all diverse tasks and domains (e.g., 
math vs. safety).High risk of reward 
hacking and overoptimization due to a 
single model's idiosyncratic biases. 

(b) Inefficiency of Standard Ensembling: 
Running multiple RMs in parallel for 
every query incurs an expensive $O(N)$ 
inference cost.

(c) Flaws in Existing Routing Methods: 
Exploration: Current bandit algorithms 
(like LinUCB) may prematurely lock onto 
suboptimal RMs. Cold-Start Problem: 
Routers often start with no prior 
knowledge, leading to inefficient early-
stage training.

Phase 1: Offline RM Strengths Learning
(a) Goal: Learn reward model (RM) specializations 

from static human-annotated datasets.
(b) Multi-Task Training: Bradley-Terry (to rank RM 

competence) and Classification (to predict RM 
correctness) .

Phase 2: Online Bayesian Selection
(a) Goal: Dynamically adapt RM selection to the 

evolving policy during alignment.
(b) Mechanism: Bayesian Thompson Sampling for 

per-query (instance-level) RM selection.
(c) Prior Injection: Bootstraps the online router 

using the offline embeddings as Gaussian priors.


