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Introduction

● Although each optimal policy is task-specific, they share a common 
component induced by structural similarities in the underlying MDPs.

● We propose Adaptive Policy Backbone (APB), which consists of a frozen 
backbone paired with lightweight, task-specific pre- and post-backbone linear 
layers.

● We argue that APB can improve generalization capability, with its adaptability 
stemming from a unique synergy between its structural design and 
meta-learned representations.

Empirical Summary

● Task adaptation can be effectively achieved by training only the linear pre- and 
post-mappings, a capability that remarkably persists even with a randomly 
initialized backbone.

● The APB demonstrates robust adaptation performance in OOD scenarios.
● The proposed structural constraints inherently improve generalization 

capability, which is further amplified when paired with meta-learned 
representations.
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Lemma & Theorem

● The target policy and source policy matrices are related through linear 
transformation. 

● This serves as the key intermediate result for deriving the unified policy 
representation theorem.

● The target policy can be fully expressed by the source policy through linear 
transformations applied before and after the policy map.

● This justifies why a frozen backbone only needs linear adaptation layers.
● Although the isomorphism assumption is restrictive and the analysis does not fully 

capture the complexity of deep RL, the result still provides useful theoretical 
intuition. 

❏ We argue that updating only the first and last layers of the 
policy network suffices for effective adaptation to new 
tasks.

❏ To support our main claim, we provide a theoretical 
analysis of the policy structures in MDPs.

❏ Interestingly, we observe that even randomly initialized 
backbone can yield competitive policies when paired with 
appropriate linear pre- and post- mappings.

❏ Empirical results demonstrate that this structural constraint 
can enhance the generalization capability of resulting 
policies.

*Remarks
Notably, the Theorem imposes no specific conditions on the policy backbone, 
implying that even a randomly initialized backbone can yield competitive 
policies when paired with appropriate linear pre- and post-mappings. This 
suggests that the APB’s structural constraints—high-dimensional projection via a 
fixed backbone followed by task-specific adaptation—act as a powerful 
inductive bias. 

Q) Is training only the pre- and post-backbone 
linear layers sufficient for effective task 
adaptation, even when the backbone parameters 
are randomly initialized?
A)

Q) Can the proposed method adapt OOD tasks 
where existing meta-RL baselines typically fail?

A)

Q) Can the proposed method improve 
generalization capability of policy on OOD tasks?

A)

Q) How does the meta-trained backbone differ 
from the randomly initialized one?

A)


