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[ Abstract] In order'to/improve the'service quality of indoor wireless communication to meet user demand , the dowmlink
power allocation of home, base station based on Deep Q Learning.( DQL{) algorithm is carried out to maximize system
throughput. In the system medel of densely deploying home base stationsiin office areas, the physical location of home
base stations is modeled as a Poisson point process,and mobile users ate randomly distributed in each location. On this
basis,a deep neural network with two hidden layers is constructed to optimize the nonlinearity of the network and improve
its fitting ability. Simulation results show that DQL algorithm ¢an effectively improve the system throughput and
convergence speed compared with greedy algorithm and Q‘learning algorithm.
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Fig.1 “Network model of intensive deployment of

home base stations in office area
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Fig.2 Framework of power allocation algorithm

based on deep Q learning
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Table 1 Simulation parameters
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