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Research Progress of Potential Applications of Al in 6G Air
Interface Physical Layer
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(School of Microelectronics and Communication Engineering, Chongqing University, Chongqging 400044, China)

Abstract: The sixth generation of mobile communications system (6G) is expected to fully support the
Internet of everything, which must meet the strict physical layer communication requirements of
industries, and artificial intelligence ( AI) is a powerful means to enhance physical layer communication
capabilities. To focus on the development of Al in the 6G air interface physical layer, we first introduce
the Al native theory briefly, then summarize the specific applications of Al in channel estimation, signal
detection, passive beamforming and index modulation. Finally, we point out the technical challenges of
potential applications in the future and discuss the research trends of Al in the 6G physical layer.
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FF DL FEA IM FEWE 4 iR, Yang
2 18 0 FORTRNAY ML J7 ik, Ry pie s 1] il 22
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[50] FIF DNN 8230 T SM RGEM TAS, FEANH B TAS B i 2 A 8 00 0D T kb B 61 2% TAS
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[58] T — AT F IR AE SR AT DNN (1) 25 % 18 S5 B L MCS
[59] PR T AP AL T DL Jy ik 38 REE SR SM R SE T iR A MCS MCS
[60] FEH T — T DNN SIRHRUNUF SR 58 18 R GU T AT 2 BRI 3% ) S B 28 - A MCS




26 Sl AN AN

945 &

BT TAS FIZHRA3 AL, MCS JE 42 5 IM R 450
R —JI73, Saxena FFE VIR T SM-MIMO R %¢
HIJLF DNN RS AC S 85 15 AR P8 L F DNN 1 7°F
SRR AR R AR 22 8] Y Bh A YT, Tato 25
P T —Fh T DNN f7, TR 32 SM-
MIMO REMEAFE, LiFshA MCS HiE RN, 5%
i) Taylor 1 Jensen JT 1l /7 EAH L, 5T DNN A9
BILTEE AR T BAG B, 8 24 W FRT,
BEAR, Tato %57 76 SM-MIMO F 4 (4 3L At 19 %2
GSM-MIMO, P8l 248 [ 36 6, 38 i 1 5515 2] GSM-
MIMO ZF Gt A {FIE 725 4

Tato 2" M1 T 5T DNN S5 Hk 57 %
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