Hoeat 1 MRl (A SRBRE P2 30) Vol. 64 No. 1

20254F 1 H ACTA SCIENTIARUM NATURALIUM UNIVERSITATIS SUNYATSENI Jan. 2025
Tm_nr ﬁ*‘?{?ﬂf*‘?’% DOI: 10. 13471/j. enki. acta. snus. ZR20240214

— SUN YAT-SEN UNIVERSITY

DR 2 IRRE D A P IR, PRk SPLE
I3, &
AKX FRFIAEZ, LT 100084

W OE: BEERR AR RO HUE R LR M5 1 2 8, B TSRS A B 00 B R AR ol T — A0 a4
WS IIAR SR AR Z — o R, PR B bl 3 IBOR 2 P 35l A0 7 i B e R E SR I Be  R x, LA
PRBETSEM TC LGB AE RS o EGEIA S BNE AR T R R, FR, GRBEAERICREm N . HE 2
0] 288 P P 0 TR P DN B R e L O IR AIE PRI HE LA B A A B R I 25 PR . ARk, 45 TR
BEF SRR BB N IS RE T, TR > WAE I oA FRAS B T AN I e . AR SCRSS T IR 2= 2T KRB R
GHUIR R, JEREBET ARMVI 0. B, BT TR 2% > R I S H 1 J 70 3 55 g e A 3
B, M2/ DI, e TR B2 2] W AR I A A A E B B R AR M AR s BJm, T ) B RIS
Y TCER 2% . B8 Z2 JT 1R RS PR T BE TR G5 (1) DR 3 2 ST AR, IR SRR RS Pk R S5 L

KR BT WA EL ash; G s

FESES: TN295  XEFRES: A XEHS: 2097 -0137 (2025) 01 - 0040 - 11

Deep learning empowered beam management: State—of—the—art,
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Abstract: With the increase of carrier frequencies and the widespread deployment of large-scale
antenna arrays, the analog phase shifter based beamforming has become one of the key technologies
for the next-generation wireless communications. To ensure reliable wireless services, beam
management is usually adopted to acquire and maintain the optimal beam pair with the maximum
received power between the base station and the user equipment. However, traditional beam
management methods generally rely on large-scale searching, which could bring huge overhead.
Additionally, traditional mathematical models cannot comprehensively and accurately model the
nonlinear intrinsic characteristics in the received signals from the beam and the high-dimensional
features of wireless environments, making it difficult to achieve satisfactory beamforming gain
performance. Thanks to its strong adaptive fitting capabilities, deep learning empowered beam
management has drawn much attention recently. To this end, this paper reviews the state-of-the-art
literatures of deep learning empowered beam management and discusses future research directions.

Firstly, the typical scenarios and advantages of applying deep learning to beam management are
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elucidated. Subsequently, the main techniques and representative works in current deep learning

empowered beam management are summarized from space/time/frequency domains. Finally, this paper

addresses future research challenges and opportunities from the perspective of larger-scale wireless

networks, more diverse beam management functions, and more robust deep learning models.

Key words: deep learning; beam management; space domain; time domain; frequency domain

SR NG =2 = ST A=) =) RV & o L AN ==X i
B, PIEC . EERR . N TR R AT %
FHRYE 2h & R 5 Ay ki .l S0 TR 15
YRR B Al PE B IR R S #E . AR, FESS 25404
EMTCLGEEEAR LRI, PATE 6 GHz
PAF A Sub—-6G M Be & gkt i ], N — AU 4kadE
{5 5 ZLOFRE T (0 B . TR TR R A Al e B TR LA
A KR EFER R £, T
{5 R G R 2> 6425-7125 MHz 15 [ P9 55 < A0 TG
283M 15 (6G, sixth generation) I AZ .U A 2 — . [A]
W, SEE . HA . 8 E X O AR AT 24-100
GHz I 2 K P BT J 1 R AL B i AL AR &K
VTAER, B LB Y OROBk 2% 0 15 2 B T A R R
B9 )92 K E (Chenetal., 2019),

S B 0 s R, {HI ) B e A B
FY) I £ 3 {7 T e A A R e, B A
T, LGSR A A B AL AR R A T
W Wi UK o BB 3Rk R T i 8
(Rappaport et al., 2013); [FRf, ¥ K 488 55
T&AG T 5 P o0 . KR 55 [ 65 4 3 £ (Xiao
etal., 2017), ik P ER W26 29 1 5 & B
O E M W L SRIE SR, W TR fR
WA R e, FE R B R D) T A TR
AR A ], SRR 8L K 4 [ 5] &8 & (Heath
etal., 2016). fHJE, S Bk B 09 0 A B 2 ik
A A AT 9E T R 0T BN, A% 52 B9 Sub-6G
B g AR R G T A — A S A0 i 1) R D R T
B ME DL AE & M B A AL 5L it (Uwaechia et al.,
2020) o FFRFIX—[a) 8, e A B K LS K L 41
B R T T A4 A0 2% B BADL I R RO 4548, 38 2o
AR R L R G 5 W AR A S8 B RRE 2 )
14 L5 5 (Roh et al., 2014), fESCPRiE(E R4
o, ONBEARBCR O A, R N BUE S B
A% W e $E A 1 R (Kutty et al., 2015). JEHE
PR AR e 3L 05 (BS, base station) F1H

=

4

il

Ui ELA e KA 280 Je L I R XS, 58 B v 1)
SEMTCLGE AR IR S5 o AR, AL GE i oA I 1k
AR T 4 R, U PR B Bk
Y AREK YN IT 4 (Jeong et al., 2015).

EARR, 15948 T80 9K 3h 1Y [ 3& B LA 2
FifE 1 S B0 T 15 R ILA BB T, TREE 7 2 Bk
i 6G R BimfF Az T RER R Z — . 1R B
FER =AMBN g5z —, 8 =GR
%1 (3GPP, third generation partnership project) & %}
XU A T AR AL e o A T TR GE B R A
Pk, W BAM I M R E LY. 5k,
1 58 J7 15 2R Y B8 2 S R0 AT A1 0 T 38 A Ak A
W, HELG R SERRBON—E0, HEa™
HOWAL o MR 2% ) DLECE 3K 30 19 =X A 3 7
PEELEL L e N AERRAE , RE W8 MEBff S B S B A
IR R, ARG8T ok L4 T b X A E 42 1
149 T8 SR PN A S B R ey 4 T 4 PR B R 4 A7 20
PEREIE W Z PR . ML Z T, WREE: ) Beg 5 T
Y AT ) SRR R A RIE, S A
PRI

YT, ARSCREE T IR BE A ) TR R R
A B9 TAE, FFRHe AR A 52 Pk AL
T, IR UR A 2 N T A B A A
Yy s MM A& g8 ik s e s BEfE . M
23 IR VI, 3R iR B 2 > TR I ol 8 B
MBI FE B L AR T B, B T3 RS
(R TCLE M2 . T Z2 0 Y U R A SR T RE RN TE AR 1Y
REE 22 R =00, PHEARRIAF R PR S
Bl .

1 R s E:

T SRy MR 5 > A & AU AR L
e AR A OL Y, do R A P A B R Y
WIS o 1R T TR BE 27 ~) W RE 5 R A P it
BN A5



42 iRz (HARHERR H3E30)

964 4

AR £

BT RS ) W AE I S B S R b 5

Fig. 1 Typical scenarios of deep learning empowered beam management
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Table 1 Comparison between deep learning and the conventional beam management methods
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Fig. 2 Illustration of deep learning empowered space-domain super-resolution beam prediction
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Fig. 5 Typical scenarios of low-frequency assisted beam management
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