SMoSE: Sparse Mixture of Shallow Experts

for Interpretable Reinforcement Learning
In Continuous Control Tasks
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Motivation Method
Unlock safe and efficient RL Sparse MoE actor, Linear experts, Post-training distillation
State-of-the-art approaches Architecture : Linear router, linear experts
are not interpretable
_— Router partitions the state space while the experts specialize on simple skills.
/ \ Per-expert capacity can be minimized as local policy decisions are very simple.
environment closed-box model he complex critic policy guides the actor to gather useful experience that is

than used to learn the efficient policy in a few gradient steps.
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Results
Strong performance on Mujoco tasks Comparison with closed-box solutions
* 99% less active actor parameters compared to SAC-L
Comparison with interpretable solutions » Performance is comparable on all environments

» Matched sample-efficiency
» Significantly better performance on Mujoco, except

In environments where SAC already struggles SAC-M SAC-5 SMoSE
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