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Motivation

▪ DRL methods achieve remarkable success in continuous control tasks

▪ DRL methods make decisions at individual time steps [1,2]

▪ No temporal consistency of action sequences

⚫ inefficient exploration [3] 

⚫ challenging credit assignment, poor sample efficiency [4,5]
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Method

▪ Action Repetition-based RL

⚫ Open-loop methods: DAR[6] , FiGAR[7] , TempoRL[4] , UTE [8].

⚫ Closed-loop methods: PIC [9] , TAAC [10]

▪ Higher action persistence

⚫ Deeper exploration, higher learning efficiency
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Method:  Spat ial ly  Decoupled Design  

▪ Previous methods: two choices in each step

⚫ Repeat all engine actions

⚫ Act: make new decisions for all engines

▪ Spatial features are ignored

⚫ Inflexible repetition strategies

⚫ Reduce action diversity

▪ This work SDAR :

⚫ Spatially decoupled repetition strategy

⚫ Improve action persistence & diversity 



5

Method:  Two-stage Policy

(1) Selection: act-or-repeat decision for each action dimension

(2) Action: generate new actions
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Method:  Two-stage Policy

▪ Selection policy 𝛽 𝑏 𝑠, 𝑎− ∈ 0,1 𝐴

𝛽𝑖 ∈ 0,1 : probability of choosing act

𝑏𝑖 ∈ 0,1 : act or repeat of 𝑖-th dim.
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Method:  Two-stage Policy

▪ Action policy 𝜋 ො𝑎 𝑠, 𝑎−, 𝑏 ∈ 𝐴 generate new actions

▪ Make masked action:

▪ Make new decisions ො𝑎:

▪ Synthesize new action 𝑎
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Method:  How to Train SDAR

▪ Policy Evaluation

▪ Policy Improvement

▪ Update Selection policy 𝛽:

▪ Update 𝛽 with importance sampling:
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Experiment : Ef ficiency

▪ Environments: Classic control / Locomotion / Manipulation

▪ AUC scores:

⚫ SDAR achieves higher sample efficiency

Etc.
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Experiment : Ef ficiency

▪ Learning curves:

⚫ SDAR (red) achieves higher sample efficiency
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Experiment : Persistence

▪ SDAR > previous closed-loop methods > open-loop methods

▪ SDAR: higher return, higher persistence, lower fluctuation
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Experiment : Visualization

▪ SDAR is more flexible than previous method (TAAC)
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Conclus ion

▪ Spatially decoupled action repetition

⚫ More flexible repetition strategy

⚫ Higher persistence & diversity

⚫ Higher efficiency and final performance

▪ First work to consider spatial features in temporal abstraction / action repetition

▪ Future works:

⚫ How to learn synergy more efficiently

⚫ How to share/transfer 𝛽 policy in different tasks

⚫ Incorporate into other RL methods
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