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Introduction

Motivation
• Traditional approaches often rely on a universal and monolithic policy for all tasks, activating all the parameters 

in the large network for even simple tasks.
• When encountering a new task, these approaches require costly fine-tuning.



Introduction
Contributions
• Multitask Learning: Due to its sparsity, SDP can activate different experts for different tasks. Additionally, with 

its reusability, SDP can activate the same expert to share knowledge among tasks.
• Continual Learning: SDP can transfer to new tasks by adding only a few new experts to learn the new tasks.
• Task Transfer: SDP can transfer to new tasks by tuning the old experts and routers for expert selection.
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Experiments
Expert Selection Frequency in 2D Simulation



Experiments
2D Simulation

3D Simulation Real-world



Experiments
Continual Learning

AP denotes Active Parameters of the policy network. Grey blocks indicate performance on new tasks; 
light-blue blocks indicate performance on previous tasks.



Experiments
Task Transfer



Thank you.
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