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Abstract Recently, deep reinforcement learning (DRL), which combines deep learning (DL) with
reinforcement learning (RL) together, has become a hot topic in the field of artificial intelligence.
Deep reinforcement learning has made a great breakthrough in the task of optimal policy solving with
high dimensional inputs. To remove the temporary correlation among the observed transitions, deep
Q-network uses a sampling mechanism called experience replay that replays transitions at random from
the memory buffer, which breaks the relationship among samples. However, random sampling
doesn’t consider the priority of sample’s transition in the memory buffer. As a result, it is likely to
sample data with insignificant information excessively while ignoring informative samples during the
process of network training, which leads to longer training time as well as unsatisfactory training
effect. To solve this problem, we introduce the idea of priority to traditional deep Q-network and put
forward a prioritized sampling algorithm based on upper confidence bound (UCB). It determines
sample’s probability of being selected in memory buffer by reward, time step, and sampling times.
The proposed approach assigns samples that haven’t been chosen, samples that are more valuable, and
samples that have good results, with higher probability of being selected, which guarantees the
diversity of samples, such that the agent is able to select action more effectively. Finally, simulation

experiments of Atari 2600 games verify the approach.
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Fig. 1 The diagram of reinforcement learning framework
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Fig. 2 The diagram of the architecture of deep Q network
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Fig. 3 The diagram of the architecture of UCBS-DQN
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Fig. 4 The average reward of different approaches in different Atari games
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Fig. 5 The loss of different approaches in different games
B 5 £ 7  R(E LA E
Table 1 Testing Results of Atari Games with 4 Approaches After Training
F1 JIEERE 4 #7EE Atari R KR
Game Approach Average reward Maximal reward Variance Rounds of game
DQN 2. 87 10.0 0.017 900. 2
UCBS-DQN 3.35 20.0 0.014 850. 4
Breakout
DRQN 2.87 10.0 0.052 513.5
PER 3. 04 12.0 0.021 892.6
DQN 34.92 200. 0 3.18 796. 2
UCBS-DQN 150. 45 600.0 85.90 472. 8
Seaquest
DRQN 41.33 120.0 7.16 772.8
PER 129. 86 440.0 74. 30 487. 2
DQN 116. 54 815.0 96. 33 547.5
UCBS-DQN 317.83 1195.0 705.57 350. 8
Space Invader
DRQN 72.91 500. 0 2.19 957.0
PER 162. 66 940. 0 169. 30 475. 2
DQN 197.92 1302.0 161. 50 327.6
UCBS-DQN 661. 52 2142.0 3301.52 178. 4
Assault
DRQN 110.01 525.0 68. 95 393.8
PER 411. 83 1058.0 1065. 28 184.0

Notes: The bold values represent the maximum values in the average reward and maximal reward.
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