Software Engineering and Applications ¥ {F T2 5N, 2023, 12(3), 463-473 Hans Y
Published Online June 2023 in Hans. https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2023.123046

ETnZE IIRIMIMOBEWHLFE I B AT

ERM, ERE
B UK S, TS SR B TR, 1105 mat

ks HiH: 202345 H13H; FHABEM: 20234F6 A7H; KA HM: 20234F6H19H

B

HT RIS RRHLE T LR E NS RA AR TR . A ETIREME ML (Deep Neural
Network, DNN) ) £ %1 A\ £#i ! (Multiple Input Multiple Output, MIMO)EBHLHI 2 =1 75 Rk A7T % it

B 7E PR E T DNNFZB AL SR A HR THE RS . MRRETE At RZE SIE S S BMNE R E R
2, EREREVIZEIEMYIZRR R DL ML R SIEFRE. R\ITEINEITR, MRGEHTE
TFESPHWE. RETAEFE TS TENMINR =M BB B, FENSRE R
RERAT T, SEBERARMSHLK, BRI TMENKRECEEMZEES . ELSREITh5E45
HIEBHLEA FAEEARZ T KRR LS SRR I T B i % S B W SR R gt e BRI T

KA
MIMOEHL, IREHEZMNLE, I\, TFS

Design of MIMO Receiver Learning Method
Based on Meta Learning

Liuhang Wang, Baoyun Wang

School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications,
Nanjing Jiangsu

Received: May 13th, 2023; accepted: Jun. 7th, 2023; published: Jun. 19th, 2023

Abstract

Data-driven receivers often improve performance at the expense of training. This paper designs
the learning method of Multiple Input Multiple Output (MIMO) receiver based on Deep Neural
Network (DNN), aiming to reduce the training cost and improve the performance for the receiver.
Solve problems such as periodic transmission of pilots that cause the network to be trained fre-
quently, require a large amount of training data, training time, and slow network convergence.
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According to the learning idea of meta-learning, the system model is constructed task-based. A
receiver learning algorithm including meta-training, meta-adaptation and testing is proposed. In
the process of training, the learning process is optimized, including gradient simplification and
parameter inheritance, which improves the convergence speed and generalization ability of the
network. For the experimental design, the simulation results of the traditional receiver under dif-
ferent channel models show that the proposed learning algorithm for the receiver improves the
convergence and system performance.
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Figure 1. Task-based system model
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Figure 2. Receiver structure diagram
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Figure 3. Task-based system model
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3.2. BTSSR

Table 1. Receiver training algorithm based on metalearning
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Figure 4. Comparison of performance for different simulations
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Figure 5. Comparison of different receiver performance
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Figure 6. 2D system modeling based on PhysFad
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