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effectively and using fewer base policies,

No principled techniques to identify |
e when compared to SOTA methods

Learn a behavior basis whose policies can be combined
to optimally solve (zero-shot) any novel task

a good behavior basis II

Goal

Learn a small set of policies (behavior basis) I1;, such that:

Multi-Task RL via Successor Features (SFs)

As number of reward features (d) increases,
performance gap between OKB and SFOLS

Tasks defined by linear rewards: 7,(s,a,s') = ¢(s,a,s") - w (GPl-based) increases significantly

* The behavior basis is smaller than a CCS: |II,,| < |CCS]|
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1. Novel method — identifies a small number of base policies / .AO od After learning a behavior basis Il,
behavior basis (Il ) for the Option Keyboard (OK) AT, OKB’s meta-policy can also be
Convex Coverage Set (CCS) s trained to solve tasks with non-linear
¢ reward function

2. Given novel task w (weights of linear reward function):
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