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SM-PHT : Robust, Scalable, and Efficient Method for Multi-task Reinforcement Learning

PAN Jiahao, FENG Xiang and YU Huiqun

School of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

Abstract In recent years, reinforcement learning has achieved remarkable success in various domains. However, traditional RL
methods often struggle with adaptability when facing dynamic environments or multiple tasks. To address this challenge, this the-
sis introduces SM-PHT,a robust, scalable, and efficient method for multi-task reinforcement learning. The primary objective of
this research is to enhance the adaptability and generalization capabilities of reinforcement learning agents in multi-task environ-
ments by enabling them to learn and transfer knowledge across multiple tasks. SM-PHT integrates three key mechanisms: priori-
ty-weighted knowledge distillation (PWKD) , hierarchical buffer,and task embedding. PWKD leverages a weighted distillation
process to assimilate knowledge from multiple high-performing models,improving the robustness and stability of the student net-
work. Moreover, the hierarchical buffer employs dual buffers to store low-level experiential data and high-level model parameters,
optimizing offline learning efficiency. Finally, task embedding enrich task representations by capturing detailed environmental
characteristics, facilitating effective knowledge transfer. Experiments conducted in the Meta-World environment demonstrate SM-
PHT’s superior performance compared to state-of-the-art methods. In the MT10 challenge, SM-PHT achieves double the success
rate and a 30% increase in average rewards. In the more complex MT50 challenge,it improves the success rate by approximately
10% and increases average rewards by around 10%. These results highlight SM-PHT’s ability to handle complex tasks with re-
markable stability and minimal fluctuation, making it a promising approach for real-world MTRL applications.

Keywords Soft modularization network, Multi-task reinforcement learning ., Priority-weighted knowledge distillation, Hierarchical

buffer, Task embedding
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Fig. 2 Flowchart of SM-PHT algorithm
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Fig. 3 Diagram of knowledge distillation
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Table 1 Differences between one-hot encoding and task embedding
£ 4% 1D & % 4 1 44 T A G A [EX DN

1 sweep Sweep the table surface by moving the broom [1,0,0] [0.94,0.75,0.20]
2 push Push an object towards a goal position [0.1,0] [0.84.,0.83.,0.76]
3 push with stick Grasp a stick and use it to pus an object towards a goal position [0,0,1] [0.78,0.77,0.59]
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Fig. 7 Visualization results of example of Table 1 in vector space
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