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Joint energy efficiency optimization based on graph neural network
approach in flexible duplex networks
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(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)

Abstract: In the context of green communication and the carbon peaking &. carbon neutrality goals, enhancing network
energy efficiency (EE) is one of the key technologies for the design and reliable operation of wireless communication
systems. Firstly, this article presents the construction of a network consisting of paired fixed communication links to
address the problem of maximizing energy efficiency in flexible duplex networks (Flex-Net). Subsequently, taking into
account the benefits of graph neural networks in optimizing communication network resources, we propose a new
architecture called GFlex-Net based on the graph neural network (GNN) framework. This architecture aims to jointly
optimize communication direction and transmission power, thereby achieving maximum network energy efficiency.
Simulation results demonstrate that, when compared to traditional algorithms. the proposed architecture achieves nearly
optimal performance, reaching 95% of the performance of exhaustive methods, while maintaining a lower computational
complexity of O(n*). Furthermore, the algorithm showcases the advantages of GNN in resource optimization, including
reduced sample complexity, improved scalability, and enhanced.
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FhE FHRE
(LgmAKRFETEEEIRER L 201306)

W OE R TS RINE S RSO SR B SRR RR B L — R Rl G Transformer FIE E &M =
A AR AL T AR 4 A 41K Transformer 45 A% R 45 (35 XN A5 40 A0 90 45 48 25 Al b T 00 452 i T 328 245 A A 4t
BRI, B9, Transformer 2 A% X 45 X JC 5 FRAEE AT & R ARAE S 1, LA B A ORI &R e Btk . HOR L F LB B Y
S ity D 45 R0 5T FRAE BRI, LAIN B8 JR) 3 G T R A 22 D) A SC I o 42 TR R L 35 2 A A LI ASE B 48 2 Ak A A 15 TR I AR
B 56T 4 SR AN R g T R AE Bl A DA SR = A A A o AR BE ) . 0 fF Humand. 6M B8R 4 L AT S0 R, O ik
FEAR VI BE 7 10 AR T A M Bt | DL SR T e AR IS AR M A L #E MPJPE Al PA-MPJPE {43 524 32.7 1 25. 9 mm,
5 5250 % IRy WA B PERE AT 4R TE T 3. 8220 1. 14 %,

KHEW =4 NREE 1 LS B Transformer

FESES: TP391.41 EKARIRAD : A E RIFAEFR 2 E K 520.20

3D human pose estimation method fusing Transformer and
semantic graph convolution

Li Gonghao
(College of Electronics and Information Engineering, Shanghai University of Electric Power, Shanghai 201306, China)

Jia Zhentang

Abstract: In order to enhance 3D human pose prediction from monocular 2D poses, we propose a model that combines
Transformer and semantic graph convolution. The model consists of four components: Transformer encoding network,
semantic graph convolutional encoding network, pose coordinate prediction module, and pose coordinate error regression
module. The Transformer network captures global joint features to improve posture relevance, while the Semantic
Graph Convolutional Encoding Network focuses on local joint feature extraction to enhance correlations. The pose
prediction and error regression modules fuse global and local joint features, improving 3D pose accuracy. Experimental
results on Human3. 6M dataset show significant improvements, achieving MPJPE and PA-MPJPE values of 32.7 and

25.9 mm, respectively, representing a 3. 82% and 1. 14% improvement over the control method.

Keywords: 3D human pose estimation; semantic graph convolution; Transformer
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