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Abstract: The agent needs to learn interactively with the environment in the paradigm of deep reinforcement learning
(DRL). The important dilemma of DRL is that the agent needs to balance exploitation and exploration. Therefore ,how to
improve the sample efficiency of algorithms and increase the exploration ability of the algorithm is a very popular research
direction in the field of DRL. Different from existing works,we apply multiple DQNs with independent random initialization
and use them to interact with the environment alternately. Using the generalized exploration abilities brought by random
initialization of the networks,this paper proposes a method of alternately selecting DQN based on the maximum confidence
upper bound (UCB) method , which is called Alternated DQN( ADQN). Experimental results on different standard reinforce-
ment learning experimental environments show that ADQN has higher sample efficiency and algorithm learning efficiency

than other benchmark algorithms.
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Table 1 The parameter setting in classical RL environment Table 2 The parameter setting in MinAtar RL environment
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