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Abstract  Although reinforcement learning (RL) is an effective approach for building autonomous
agents that improve their performance with experiences, a fundamental problem of the standard RL:
algorithm is that in practice they are not solvable in reasonable time. The hierarchical reinforcement
learning (HRL) is a successful solution which decomposes the learning task into simpler subtasks and
learns each of them independently. As a promising HRL, option is introduced as closed-loop policies
for sequences of actions to enable HRL. A key problem for HRL based on options is to discover the
correct subgoals online. Through analyzing the actions of agents in subgoals, two useful properties
are found: (1) the subgoals have more possibility to be passed through and (2) the effective actions in
subgoals are restricted. As a consequence, subgoals can be regarded as the most matching action-
restricted states in the paths. Considering the grid environment, the concept of unique-direction value
is proposed to denote the action-restricted property, and the option discovering algorithm based on
unique-direction value is introduced. The experiments show that the options discovered by the unique-
direction value method can speed up the primitive Q learning significantly. Moreover, the experiments

further analyze how the size and generating time of options affects the performance of Q learning.

Key words  reinforcement learning; hierarchical reinforcement learning; option; subgoal; path-

matching
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Fig. 1 Action property of subgoals in 10X 10 grid.
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h/v in the bracket means horizontal/vertical unique-direction value respectively.

Fig. 2 Calculate the unique direction value. (a) Mapping path <sl1,¢1> and <{s4, ¢t4)> in Fig. 1 into the grid and (b) The

unique-direction value of states in Fig. 2(a).
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1-6 is the subgoals in the environment, and G is the goal state.

Fig. 3 Rooms environment in 21X 32 grid world.
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Fig. 4 The relation between the mean Q-value of all
states and time step in different option-generating time.
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Fig. 5 The relation between the mean Q-value of all

states and time step in different option size.
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Research Background

A fundamental problem of the standard reinforcement learning algorithm is that in practice they are not solvable in
reasonable time due to the size of the state space and the lack of immediate reinforcement signal. The hierarchical reinforcement
learning (HRL) is an effective solution which decomposes the learning task into simpler subtasks and learns each of them
independently. As a promising approach automatically defining the required decomposition, option is introduced as closed-loop
policies for sequences of actions to enable HRL. The key problem that develops appropriate options automatically is to identify
subgoals and learn options for these subgoals. Through analyzing the actions of agents in subgoals, this paper discovers that
the effective actions in subgoals are restricted. As a consequence, subgoals can be regarded as the most matching action-
restricted states in the paths. Considering the grid environment, this paper proposes the concept of unique-direction value to
denote the action-restricted property, and introduce the options discovering algorithm based on unique-direction value further.
The experiments show that the options discovered by the unique-direction value method can speed up the primitive Q learning
significantly. This work is supported by the National Natural Science Foundation of China (No. 60402011, 90604017, and
60675010).


http://www.cqvip.com

