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Abstract  Deep Q-Network is able to perform human-level control for handling problems requiring
both rich perception of high-dimensional raw inputs and policy control. However, the current
state of the art architectures like Deep Q-Network and it improved algorithms adopt a traditional
framework with a static frame skip rate, where the action output from the network is repeated for
a fixed number of frames regardless of the current state. Although Dynamic Frame skip Deep
Q-Network uses a dynamic frame skip rate, it doubles the number of nodes in the network output
layer with a frame skip rate of 4 or 20. Such settings may cause an increase in the amount of
computation of the network, and cause bad actions to be performed multiple times, thereby
affecting the efficiency of learning. In addition, an important technique in Deep Q-Network is the
use of an experience replay mechanism. The traditional method of uniformly sampling samples
ignores the importance of samples. In order to increase the sampling rate of important samples,
the prioritized experience replay is an improvement on uniform sampling, using only the temporal

difference error of a sample as the criterion of evaluation priority. However, such priority evaluation
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criterion only considers the temporal difference error of the sample, and there may be other factors
that affect the priority of the sample. In this paper, we propose a new algorithm: Deep Double
Q-Network based on Linear Dynamic Frame Skip and Improved Prioritized Experiential Replay
(LDF-IPER-DDQN in short). The value of the frame-skip rate increases linearly with the magnitude
of the network output Q value, which allows Agent to dynamically select the number of times an
action is repeated based on the current state and action. For the action with the largest Q value,
the maximum frame skip rate is given to this action. In contrast, the action with the smallest Q
value is given the minimum frame skip rate. In this way, the frame skip rate becomes a dynamic
learnable parameter. Furthermore, the value of the frame skip rate for each action in the experience
pool is considered as another factor to evaluate the sampling priority. The priority of the sample
is determined by the frame skip rate of each action of the sample in the experience pool and the
temporal difference error of the sample. As a sequence, if two transition samples have similar
temporal difference errors, the transition samples with larger frame skip rates are replayed more
frequently. In the experiment of this paper, we evaluate the performance of the new algorithm

through eight challenging strategic games with sparse reward from the set of classic Atari 2600

games. They are Seaquest, Assault, Asterix, Q* bert, Spacelnvaders, Berzerk, BeamRider and
Gopher. We evaluate the performance of the new algorithm during the training and testing
phases. The experimental results show that LDF-IPER-DDQN performs better than some traditional

deep reinforcement learning algorithms on these Atari 2600 games. It achieves better performance

2019 4

in terms of the average reward per episode and has better stability on these games.
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