ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 40,No. 2,Mar. 2025, pp. 431 —445 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2025. 02. 012 Tel/Fax: +86-025-84892742

H T #3E 52 28 CSI & & Transformer X 4& & L SEI /5 3%
TAH', k&M, £ HY

(1. R K2R shil {5 [ BT 908 %, M At 21009652, 54 ISL =, mow 211111)

W OE. AR KAE S H A S & B (Multiple-input multiple-output, MIMO) & % ¥+ 15 i Kk & 12 &
(Channel state information, CSI) & 4% - 44 69 B 538 ¥ , & TIE & 5 3 69 CSI Zb% M % (4e Transformer M
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A Simplified Implementation Method of CSI Feedback Transformer Network Based
on Data Clustering
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Laboratories, Nanjing 211111, China)

Abstract: In order to cope with the increasing overhead of channel state information (CSI) feedback in
massive multiple-input multiple-output (MIMO) systems, deep learning-based CSI feedback networks
(such as Transformer) have received extensive attention and become very promising intelligent
transmission technologies. To this end, this paper proposes a simplification method of CSI feedback
Transformer network based on data clustering, which uses clustering-based approximate matrix
multiplication (AMM) to reduce the computational complexity of the Transformer network in the feedback
process. In this paper, we focus on the computation of the fully connected layer in the Transformer network
(equivalent to matrix multiplication) , adopt the simplification methods such as product quantization (PQ)
and MADDNESS, analyze their influence on the computational complexity and system performance, and
optimize the algorithm according to the characteristics of neural network data. Simulation results show that
the performance of the CSI feedback network based on the MADDNESS method is close to that of the
exact matrix multiplication method with an appropriate parameter adjustment, and the computational

complexity can be greatly reduced.
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