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Abstract  Reinforcement learning has been extensively studied as a branch of machine learning,
where an agent keeps interacting with the environment with the goal of getting maximal long-term
return, making it prominent in areas such as control and optimal scheduling. Deep reinforcement
learning (DRL) is designed to handle large-scale high-dimensional data such as video and image
by extracting the abstract representation, and learning an optimall policy through reinforcement
learning component. Deep reinforcement learning has become a research hotspot in artificial
intelligence and a lot of algorithms have been developed. For example, deep Q Network (DQN)
is one of the most famous models in deep reinforcement learning, which is based on convolutional
neural network (CNN) and Q-learning algorithm and has been used to learn policy in complex
environments with high dimensional inputs. However, the DQN failed to perform well in sparse
reward environment or with large-scale state space. Hierarchical reinforcement learning was
introduced to solve the aforementioned problems where the initial problem space is decomposed
into several sub-problem spaces, and the initial large problem is solving by meaning of dealing

with each sub-problem individually. However, hierarchical reinforcement learning tends to be
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effective in tasks with discrete state/action space. The idea of hierarchical deep reinforcement
learning, by combining hierarchical reinforcement learning with deep learning, is similar to that
of hierarchical reinforcement learning, where it solves sub-problems through the neural network.
Time abstraction is an important concept in hierarchical reinforcement learning, and the sub-goal
is the key for producing time abstraction. Time abstraction, as one of the most promising areas of
hierarchical reinforcement learning, requires the notion of sub-goal as the prerequisite. At present,
however, sub-goals or the number of sub-goals must be manually specified, which is in short of
automation and generalization across different scenarios. To solve the problem, we propose
Option-Critic algorithm based on Sub-goal Quantity Optimization (OC-SQO) that enables the
agent to explore the environment, decide the initial sub-goal number, identify sub-goals, and
derive the corresponding abstraction through policy gradient. The abstraction is denoted as a
triple consisting of the initial state, the internal policy and the terminate function, by which the
agent optimizes the policy. The advantage is that the OC-SQO requires no particular initial state,
sub-goals or parameters; moreover, it doesn’t require internal reward signal since the abstraction
is produced during the learning process as mentioned. Based on the above process, OC-SQO reduces

a lot of manual intervention compared with the OC method, and achieves better results with only

a small amount of manual intervention. The experiment results indicate the effectiveness of

OC-SQO algorithm.
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Background

Deep reinforcement learning is currently a research
focus in the field of artificial intelligence. However, as the
environment gets more complex, standard deep reinforcement
learning method turns to be ineffective in some cases. The
hierarchical deep reinforcement learning emerges as the times
require, where the Option that uses prior knowledge to speed
up learning, is a very important concept.

In order to generate good Options intelligently, this
paper proposes a novel method to generate Options based on
Option-Critic, referred as Option-Critic algorithm based on
Sub-goal Quantity Optimization method (OC-SQO). OC-SQO
method obtains the most appropriate number of Options By
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the number of sub-goals manually.
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