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Abstract With respect to the slow learning rate caused by the lack of experience samples at the early stage for most
traditional reinforcement learning algorithms, this paper proposed a novel reinforcement learning algorithm based on the
generative adversarial networks. At the early stage, the algorithm collects a small amount of experience samples to con-
struct a real sample set by a stochastic policy,and utilizes the collected samples to train GAN. Then, this algorithm uses
the GAN to generate samples to construct a virtual sample set. After that,by combining two sample set, this algorithm
selects a batch of samples to train value function network, thus improving the learning rate to some extent. Moreover,
combining a deep neural network, this algorithm introduces a new model namely rectified relationship unit to train the
internal relationship between the state,action and the next state and reward,feedbacks the GAN with the relative entro-
py and improves the sample quality generated by GAN. Finally.this paper applied the proposed algorithm and DQN al-
gorithm to the traditional CartPole and MountainCar problem on OpenAl Gym platform The experimental results show
that the learning rate is accelerated effectively and the convergence time is cut down by 15% through the proposed
method compared with DQN.
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14. A= A0+l y—Q(s,a3;0) ]V Q(s.a;30)
15. 0=0-+2A0

16. 0 =0

17. k=k+1

18.  End for

19. End for
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