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Strategy of user association and resource allocation based on deep
reinforcement learning in heterogeneous networks
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Nanjing 210044, China; 2. Jiangsu Integrated Circuit Reliability Technology and Testing System Engineering Research
Center, Wuxi University, Wuxi 214105, China)

Abstract: Due to the non convexity and combinatorial characteristics of heterogeneous networks, it is still very
challenging to combine user association and resource allocation to achieve the optimal global strategy that maximizes both
energy efficiency (EE) and spectral efficiency (SE) simultaneously. The method based on deep reinforcement learning
(DRL) has become a necessary solution for maximizing joint EE-SE performance while ensuring the quality of service
(QoS) of user equipments (UEs) in heterogeneous networks. In addition, to solve the problem of high computational
complexity in the state action space, the double DQN algorithm with multi-agent dueling architecture (MAD3QN) was
introduced to obtain almost optimal control strategies. The simulation results show that the MAD3QN algorithm has
increased system capacity by 9. 2% and 18. 2% respectively compared to the DDQN algorithm and DQN algorithm, and
improved joint EE-SE performance by 8.5% and 16. 6% respectively, enhancing the effectiveness of the system.
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3.1 FERRWIZE

BT PR FNIE S UARA 3 25 HE B 4001, A SC 4
H MAD3QN % 38 1 {#i ] Python “F & ¥ Pytorch fEZE
SEP, ARSCEENFEH L, M4 H 2 4~ MBSs, 10 4~ PBSs, 16
A~ FBSs #il 50 %34 UE 41, MBSs.PBSs fil FBSs [
A2 102 500,100 F1 30 m. e 9 28 43 A & 3 R, 4R
FUiESR P B M S8 E L mE 1R,
MAD3QN FiE M M S8 3£ 2 i~ , R H ReLU (recti-
fied linear unit)fE N 46 oK %%, 2R )5 % ] RMSProp (root
mean square propagation) I ft 77 i 3k 3K 15 & G BE AL R )&
TR, BRTHSECIEEF TR AR 3 R Z (64,
32 Fl 32 A Zot) ki 2 (F X W A 2ot 4R, Hop
F W 43 50k JE 0k RN 15 T 4K
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Table 1 Simulation experiment parameter settings
E2 €L ZHUE
fHiE % W, /kHz 180
Y P B N 50
FHEHE K 30
S vl 2 4 ) %</ dBm {40,30,20}
Bl 42/ m {500,100,30}
IR L R E N,/ (dBm/Hz) —174
HEBRFERA P, 0. 001
QoS %3k /dB 3
S 55 A A AR A, 0.000 5
KL 75 @)™ /dBi 9
BIs R 8 < /dB 8
EA TR AR — 43 —
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R2 MADQN HEZEBSY
Table 2 MAD3QN algorithm hyperparameters

ELIER ZHUE
BRI 500
BA IR KB HL 500
eI 0.9
[ 5 28 56 3t K /N 500
)Ry 0.05
Ptk s RMSProp
PO PR AR ReLU

3.2 HEZERRESH

FHA MR AL K i X MAD3QN J5 i L ge k47 T 1
#r. RMSProp™”, Adam™" | AdaGrad™" 3 F {Ji: 1k 5 m& 114
YR BNE 4 Frs, 7220 3B R HRI B, iX 3
U N S I 3 2 v € B | ot N B X A QIO R | I
A R R, RMSProp H 46 5 & b Ath 755 i 58
WSGE AR, B, 764 3¢ MAD3QN J7 ik ik RM-
SProp ALK .

500 -

VZFE 5

4 AdaGrad

f=}

F RMSPr&P
1 1 1 1 1 1

0 100 200 300 400 500
EARUE

B4 TR Al S e T B IR A 40 2

Fig. 4 Training stationary steps under different

optimization strategies
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Network distribution diagram of MBSs, PBSs, FBSs, and UEs
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5001 A
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