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Abstract  The deep Q network, which combines the deep neural network and the reinforcement
learning method, has achieved great success in the Atari 2600 game platform. Compared with the
deep Q network, the deep recurrent Q network has the ability of memorizing historical information
and shows better performance in some strategic tasks and games with delayed rewards. However,
on the one hand, traditional dithering policy cannot make a reasonable decision; on the other

hand, in some complex game environments, because of the complex structure and activation
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function, the deep recurrent Q network requires a lot of training time, which increases the difficulty
of the task. To solve these problems, the model of the deep recurrent Q network with exploratory
noise (EN-DRQN) is proposed. Different from the way of exploration in the action space,
EN-DRQN injects noise directly into the network space, which changes the output of the network,
and the agent adjusts its policy through this change. The exploration in the network space can
cause complex changes in multiple time steps, and the agent can memory multistep changes
through the recurrent neural network memory, making the decision more strategic. Taking the
above measures, the decision made by the agent is more strategic. EN-DRQN has the following
characteristics: first of all, exploratory noise is used to make up for the inefficiency of traditional
policy exploration. The noise comes from the noise distribution and the agent has ability to
explore through the variance. If the selected action is the optimal action, the agent will reduce the
scale of the noise to reduce the variance of the network. If the selected action is not the optimal
action, increasing the variance of the network to improve the possibility of selecting the optimal
action. The variables that control the noise scale are trained by the gradient descent method along
with other weight parameters in the network. The noise policy in the network space improves the
possibility of finding new states. Mining new state can provide more abundant samples for the
agent at the learning stage and provide effective information for decision-making. Second of all,
we use the improved double gated recurrent units to memorize the historical information of a long
time step. This operation enables the agent to make reasonable decisions in the case of delayed
rewards. In the deep recurrent Q network, the ability of a single layer LSTM network to memory
history information is relatively limited, and it cannot achieve satisfactory performance in a few
strategic environments. At the same time, the LSTM unit increases the demand for computing
resources. Last but not least, we tested the effectiveness of EN-DRQN in eight games such as
AirRaid, BeamRider, Centipede, Freeway and so on. It is worth mentioning that the eight games
are all strategic and the rewards given by the environment are delayed. We compared the model
by evaluating the average score of each game. Compared with dithering policy in the action space,
the experimental results show that EN-DRQN has achieved better performance in some strategy
games and games with delayed rewards.

Keywords deep learning; reinforcement learning; recurrent neural network; convolution neural

network; exploratory noise
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Background

Deep reinforcement learning combined with deep learning
and reinforcement learning was a great success on the Atari
2600. The deep Q network using convolutional neural networks
and recurrent neural networks face enormous challenges in
remembering historical information and exploring problems.
The deep Q network, which combines the deep neural network
and the reinforcement learning method, has achieved great
success in the Atari 2600 game platform. Compared with the
deep Q network, the deep recurrent Q network has the ability of
memorizing historical information and shows better performance
in some strategic tasks and games with delayed rewards.
However, on the one hand, traditional dithering policy cannot
make a reasonable decision; on the other hand, in some complex
game environments, because of the complex structure and
activation function, the deep recurrent Q network requires a
lot of training time, which increased the difficulty of the

task. It is worth mentioning that the eight games are all

strategic and the rewards given by the environment are
delayed. We compared the model by evaluating the average
score of each game. Compared with the dithering policy in
the action space, the experimental results show that EN-DRQN
has achieved better performance in some strategy games and
games with delayed rewards.
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