38 E 2 HL T 5 AR 2 4R Vol.38 No.?2
- 160 * JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2024 42 A

DOLI: 10. 13382/j. jemi. B2307009

EEMTIMEINRSE B MER GNN T E”

IFR Mo OB RS kL AR
(L S B TR T S TS FIR 21004452, JE¥BRTLIN & S M rl B T i H R T
Kol ZoE TRWETE G o8 2141053, PR BTSSRI T4 R M 225006)

W E. R TAPETYWAAR, JCLGm (5 M 2% i o 5o Be ) S A 2N i HREE R, 210 B 2 4% (graph neural
network , GNN) BN — Bl B0 THE il R AR UG I, O T e oK PR b AR 5 P 48 A i o R i [ I BRI T 3R 2 2 0 4R 1
— PR A B RN E AR I SR B AN A GNN B ZRME RU T 4% [ 38 i, AR 1 AR 0 198 332 A 0L T Tl ot 2 1Y 445 (flexible duplex
GNN, FD-GNN) #R B 1 YOk 35 556 =2 6] () F5 28 5 8 14 25 A 4B FEAE A s S BRE 5] A S FD-GNN ™, LU R sh 838 5%, HERR
GNN 4R FE IR S 8, BB 8T FD-GNN Hh s Ste i 20 358 ik 18] FA6 A 190 265 I ] 42 2R, D5 EL SR W, B o (0 3 T 1
T 25 A0 I BB e T ik, PR RE S U ELIA BN AR /N 77 iR 7% (weighted minimum mean square error, WMMSE) ) 97% , #H % T
Full-GNN S35 A ISR 6] T R 24% , £ H 093 BUE R BT AR T GNN 258 R (a1 52 4% 3 T kA 3
KARBIA : BIMH L ; 2T M 4 5 TSN IE 5 B2 BIAH ; B[R] 2 4

hES S, TNOIS. 81 MEARIREE: A EXREFRSERD: 510. 5030

Power allocation in flexible duplex networks: GNN computation
accelerated by edge pruning

Wang Ziwei' Tao Xu® Li Hui"*® Shi Zhenting' Zhang Jian> Xu Yulong'

(1. College of Electronics and Information Engineering, Nanjing University of Information Science and Technology,
Nanjing 210044, China;2. Jiangsu Integrated Circuit Reliability Technology and Testing System Engineering Research
Center, Wuxi University, Wuxi 214105, China; 3. Graduate School of Chinese
Aeronautical Establishment, Yangzhou 225006, China)

Abstract: Due to the presence of interference between users, power allocation problems in wireless communication networks are often
non convex and require a huge amount of computation. The current graph neural network (GNN) has become an effective computational
method used to solve this problem. In order to maximize network transmission speed while reducing computational complexity, a flexible
duplex network graph representation method that incorporates device and communication connection attributes into GNN is proposed, and
a corresponding flexible duplex graph neural network ( FD-GNN) model is constructed. For the first time, the distance between node
pairs, channel gain, and neighbors are introduced as dynamic thresholds into FD-GNN to adapt to dynamic environments. Excluding
channel state information of neighbors in GNN, pruning edges in FD-GNN reduces computation time and network complexity. Simulation
results show that the proposed threshold setting method based on channel gain neighbors has the best performance and reaches 97% of the
weighted minimum mean square error (WMMSE) , reducing the training time required by 24% compared to Full GANN. The proposed
threshold based effectively reduces the time complexity of GNN operations and improves the effectiveness of the algorithm.
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Fig. 1 D2D flexible duplex network model

with interference channels
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composed of T-pair transceiver nodes
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