22 EH 1 BRI R (TR ARIR) Vol. 22 No. 1
2022 4E3 H JOURNAL OF NANJING NORMAL UNIVERSITY (ENGINEERING AND TECHNOLOGY EDITION) Mar, 2022

doi;10.3969/j.issn.1672-1292.2022.01.003

T GREE vt Ak 27 2] 1) e 2% A R 2 v
Z P Ayl ik

® EFLR o\ A TR OB,KRER

(LA A K2 AL S (5 B AR 2B, LRt 100044)
(235 BEAE S 4298 AL mt T H R I0 80 %, b AT 100044)
(3Gl R A R A T AR W 518057)

(4. % 2h W 45 RS 3 Z A AR B 58 i S0 =, T AR I 518055)
(5. FE M REIEAT 5T Be AT PR A, b5t 102209)

[(WE] P MEENETHRTHP R 2 HEERERT, B R Pz m Tk, S8 = A5
B Ta) R, gy T 38 O A s i & S TR R R R G A5 B2 R R IR S5 B i F P B AR R . T
e R AR Y T Fe s i) R B AR R A SRR R P i R, A SRR b SR T AT IR R AR ) T R
FEE IR T A S VE S (8] CIRES 28 () B 22 ol pR . L4 SRR I, B4R 801k 15 0 R & S5 ) 538 5 s T
HLR ST DI RMAH LG, 40 5 m T 24 15.9% M {F B A=A ZE D 10.7% W P RS T R 3. 5 8% 8P
IR 55 J5 et W JE B AR TH (W SR AH LU, T PR Rl il YRR ARAE B A R T T P IR S5 R R R

[RgiA] WmEME, TRl GEAR, RSG5 E, RERE:S

[hESES]TP391 [ XEIREB]A [ XEHS]1672-1292(2022) 01-0016-08

Power Control in Ultra Dense Network:A Deep
Reinforcement Learning Based Method

Mao Jin'*, Xiong Ke'*,Wei Ning’*,Zhang Yu’,Zhang Ruichen"’

(1.School of Computer and Information Technology , Beijing Jiaotong University , Beijing 100044 , China)
(2.Beijing Key Laboratory of Traffic Data Analysis and Mining, Beijing 100044, China)
(3.ZTE Corporation , Shenzhen 518057, China)
(4.State Key Laboratory of Mobile Network and Mobile Multimedia Technology , Shenzhen 518055, China)
(5.State Grid Energy Research Institute Co.,Ltd.,Beijing 102209, China)

Abstract : For ultra-dense networks,in view of the problem of low spectrum utilization due to excessive users and large
interference ,an optimization problem is formulated to increase the system information capacity and satisfy the number of
users with the quality of service( QoS) by optimizing the transmission power. Since the problem is non convex and the
power control is a discrete variable, it is modeled as a Markov decision policy process. To this end,a power control algo-
rithm based on deep reinforcement learning is proposed,and the corresponding action space, state space and reward func-
tion are designed. Simulation results show that compared with the maximum transmit power strategy and random transmit
power strategy ,the proposed algorithm improves the information capacity by at least 15.9% and the satisfaction of users’
QoS by at least 10.7%. Moreover, compared with the algorithm without considering the improvement of user’s QoS, the
proposed algorithm improves the user’s QoS by appropriately reducing the information capacity.

Key words : ultra-dense networks, power control, information capacity, QoS,deep reinforcement learning
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