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Hybrid beamforming design for large—scale MIMO systems
based on multi—scale convolutional neural networks
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(1 School of Information and Control Engineering, Jilin University of Chemical Technology, Jilin 132022, Jilin, China;
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Abstract; To address spectral efficiency degradation in millimeter—wave ( mmWave) massive Multiple —Input Multiple — Output
(MIMO) systems caused by imperfect channel state information (CSI), this paper proposes an end—to—end deep learning—based
neural network optimization method for hybrid beamforming (HBF). The proposed approach employs a two—stage strategy. Firstly,
a deep learning model utilizing multi-scale convolutional neural networks is developed to optimize the analog precoder through end—
to—end training, with the negative spectral efficiency as the loss function. Secondly, a conventional zero—forcing (ZF) method is
employed to design the digital precoder, minimizing multi—user interference and further enhancing transmission efficiency under
limited spectral resources. Simulation results demonstrate that the proposed two—stage optimization approach significantly improves
spectral efficiency compared to traditional beamforming algorithms and existing deep learning—based methods.
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Fig. 1 System model of the millimeter—wave MIMO communication

system
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5512 VR,

. BT 2 RS R 2 W 245 A AL MIMO R GE TR A I SR e ik 147

2.1 ZRELZERHEMEER

e RGBT SR A 0 AR RUE R4, il i R
e HAE RN SV AR 1B 2, 9108 H —Fh 2 K P (5 8
B RASR 52 CSIHEME H,, e C ', %At
R o Z RS A o () 1 RO 8 & 16 U 4, 9T
W F P G5 se B AT, E e B AR TE A
T FE Y SINR, AT DAZREON [l 3R 25 7K - AR 58 5
CSI %4l , VARG s s )1 i st it Kb 2 ke

ZEFNE GBS H , A EROkE  HET
GRMGITHR, | BUF BRI H,,, 7 ff S8
WH,, e RAEMH,, e R, FTHEL

T“%}’Fi%%,*ﬁ)ﬁgéﬁ%ﬁé’{éifﬁﬁﬂ%%/\,Eﬂ. X e

R KXNpx2

ARSCHR 7 4 A sk i X IR TR A2
A JE ) — 42, BRI R ATy 3x3 . 5%5,
TXT 3 A AR 2 KA T 1Y SR RN 4 JR) 2 (B RRALE .
B K= %*%?FTLLQEVH% =L,
concat = L F33 @ Fsys @ Frpr ] (8)
%ﬁ*ﬁ%%ﬁ%% CSI 7 2k A B2 T 2R B
WIGRATRE PRI FRE PR S 5 A 22 2 0k 22 I 2%
B | DT TR 2 U2 4 A T8 RS0 1) e Al AR AE
FPETE T BRI R IABE 1 5 INARCR s 1 ik
AR R E P
FRIE A I AR T X, e R, Tk
S R ASALL T s 5 4 T i AR S8, Ik, SeAE
XX, BEAT SRR R H g — 4k 1B, N
"
X =Flatten(X,,) € R""° (9)
Fifi J5 18 12 it 18 14— 4k ( Batch Normalization, BN)
JEBEARAFIE RUEE 22 57, 1 28 B2 W 555 26 AR 57 1)
0, BRI LIRR R

X, =BN(X) (10)
i X %ﬁ*ﬁ?ﬂﬂiéﬁﬁ%%ﬂ@*ﬁﬁﬂﬂ#
e 2@

X,. =0c(WX, +b,) (11)
Hrp o (+) A Sigmoid 3G BREC, H FK i
EBLG X R (0,1) , WG LETE Lambda 2 H B 5]
[0,2m) lFHER, W, b, 4 5 AR 56 B 5 s B
] £
TE W 25 5 R LR B vV, AT I A AR 2 2 50 m)
WX, = 0 5, F 1 B ek R0 1
Ve SCIVBLADL g5 5 A A2 18 61, R b, AR SCHE

MERUR S I T A € XA Lambda )2, BRI,
SRy AR T 2 A e A EL AR 2 O, 38 5 Lambda J2
FEARN S8 i 0 i B B RS 5 B v, .

! e = ! (cos(2m@) +j -

UN N,

sin(2m0) )

RF

(12)

2.2 TBREFEIRE

RSBV 083 2 i D0, K B S R AR
O PRE, AR BCARORURR TR e A9 B Dy ik, o
B SbREE st h R AT, BRI
LABHAE CST N R GEMEAICR B S AR 391k pR A
G5 M SROEHT, WNTTE V28738 1T B AR RE
PR R BE SO 2 %K R B RE 8 B4 TR B
Vi RF-35 22 GEAL i R 1) 5 )
loss = = %Y; g‘] log, [ 1

Ih” VeV, 1?2
Z| B VeV |7 +0°

(13)
oot N R ISR A R | B o
5 n ASBEARHTES b O BAS R
WATHUR BN L, B 56X Vi FEFTBEHLY)
WAL WA (A XAt

VO (i, j)=—€".0,, ~u(0,2m) (14)

Hrb, 0, BEHUEALA IS 534 TIXH) [0,27],
A DRSO T B o it JE AR A2

BESS R ZF J71: 28 45 38 BI) A6 A5 400 19 G i
M B ML AR Vi) Vi) = (HVY )",
Hor(HVY )" Fom HVY BIthi,

pi IR ow el e | EZ B N e A e 1 )
Vi, 85 S )45 3% 508 W 45 S8 UL Vi o Bl
Ja T HEBEWN Vi, 78 F — A8 E BT E
Vo IZIEIRFREEEA, B ARSI, DT PR A5
JURIEC 7 T 4 ) 2 =2 ) S 0 103 ) 3 B, e KAk R 4
WIERCR

VIR B4

15 ARG

VBB-

B, Vi B8, it —2
AR, M IE U A 5 5 7 i BRI AR

Vi =(HV,)"(HV, (HV )" + &)™ (15)
Hrp, & =107 IR R
AN, il i RGE R TRAR || VeV |17 <
P, TXT Vi, S AR IH—fEHAE
JP,.

Vype—————V (16)
VeV I,



148 oo ®m M5 M OH

16 %

Hrp |-l ¢, 7~ Frobenius JU%K,

BRI AP BRI IR T R G AN T
AR T A BRI DT 7E 4 v A3 2803 1 [ ) S
JB Y REACRIRRE I . R BRI IS, ZF Jy ki T
PP 8 K A 3 5 e B A N ELA 8015 18 R
HV,, RIS F . i, ZF B Re 08 A R0b Y
B HLP R T4, 3R RS R R AR F PERE

3 BHESHRESHELERSH

3.1 (FESHIZE
ARG EFZ B P 2K T R 5, 3t

BTN, = 641 ULA %3R4, R H d = %

Rl S SR B RO BEE N Ny = 3, R R BRI AR
KM RV K < Ny < Ny, P BCRBCE N K =2, 54
P B R IR Z P85, &
SR Z K PR E AR SV BERL A H Y
TEREHAREON L = 3(1LOS + 2NLOS) A SCHHE i
BRIZHOLE 1,
%1 MSCNN & SH
Table 1 Parameter settings of the MSCNN model

= s 4k P MR SRt
LN Ny XK x 2 0
ZREHEM Ny xKx 48 1751
REEEE Ny xKx16 RelU 1 440
JES 2 Ny x K x 64 0
R 2 Ny x K x 1 Sigmoid 134 484
Lambda JZ Ny xK x 1 0

FEPFE JEA R 10* AFHEFEA #2240 1 1Y
HBIRERLR 73 DI 2 4 5 ik 4. | 43 301 FH T A AU 1T 2k
Sz ACRE It . oAk AR AR ) i SNR =20 dB
IR BAEAAE B UESE . 25N 2R PR/
(Batch size) & 128, Yl 2k JE 1 (epoch ) K 1% & hy
1 000, Pk as kM Adam PG A6 &%, 90 4527 > 3K
107, Shik—2B 4R TN gRAs e M A (ka5 I
251 2 K Keras HEZ2 1) ReduceLROnPlateau 1
ModelCheckpoint [FIJH PR, 24i#4% 20 4 epoch HiiiE
PURARIARI , F B4 27 >0 00N R SRR 20%
IFRE /NI R R 107, [AlAF, Model Checkpoint [7]
A RS T 5 TE A5 2K R B 6 T 8 A IR e 0 ) A Y
&

SRS AH B A8 4 F- 5 21T Windows 11 #4E
RSB L, BL 45 AMD Ryzen 5 5600 CPU Al

NVIDIA GeForce RTX 2060S GPU , $# it S #4158 %
R IR MRS ORIk, B4R EREE S Python
3.6, Ml 4 TensorFlow 2. 3. 0 VR 2% S HELR | B { A5
AU A ISR T i R 1 A v 2k
3.2 (FE&ERSW

R T ARCPEAL B4 B9 MSCNN A B PR R, A%
SCH SEIRTIE T 22 RUEE B AU e 7 {5 18 AR AE 4 Uy T
(A RO s LR, 0BT T AR RS e LK P-4 T A
THRZESME T e etk e f e thor
2:(MSCNN) 5% 48 75 15 B MO-AltMin 7755
Heuristic 777 DL N W R B 22 2] J7 2 Bl CNN 7 72
FI FCNN J7 -1 T RE LLER

HOEIE T 2 REBBETE SINR=20 dB A5
BT RRA SO B0 L, = 3 MRS, A
R TERE b an &l 3 frs, il L 2 RE &
PR B A L o RO 5 B Wl 3 B T TR RS AIOR
HARHAAE {50 L D S &, Horfr 3x3 5%5
TXT AL N R BB R I R, 7 SNR i 20 dB
I T RL 235 5] 14 bitv/s/Hz, 558 Hifth 22 K fic &
R R B A3 DR T2 5% F1 13% , #HILZ T,
PR R 3x3 5 5x5 BB AYTERE I WA 2 7E
SNR =20 dB B B35 850 AN 12. 37 bit/s/Hz(3x
3) H112. 19 bit/s/Hz(5%5) ,

14

3x3.5%5, 7x7
12 1x1, 3x3,5%5

1x1,5%5,7x7
10 3x3

5%5

Spection Efficiency(bit/s/Hz)

0
-20 -15 -10 -5 0 5 10 15 20
SNR/dB

B3 AEERZTHMERELR
Fig. 3 Performance comparison under different convolution kernel

sizes

ANFVECE (1~4 A) FR 22 BB 3% (SE) /Y
SN AN 4 iz, ] UL R 22 BOlc 3 I #E A
REIA B It s N 1 4G 2 2 A, PRRE ] 82 5, U
A2 28 A S O A2 5 IE — 2B 2 4 AN,
SE $2T1a 1A, 7T fE PR 45 3 TR 5 | & 2 # 45 I)
AL, IR, eSS TR R RO O 3, DLF A 1E
RESIHR A 20t

AFEMEEG T SNR 254 TER SE (& P R4S



12

Vit 55, T ZRESEME MR K MIMO REURA IR AIE ik 149

R s fros, #ESkE, SE B (5 SNR B3
LR AEAS[EA T SNR BUE 4 2 [R] 914 B 25 5 48
IS ERI AR AR (5 SNR X I8 (-20~0 dB) , 22 )L
SP-R] 2, I, 2438 (5 SNR 4 0 dB B, R
SNR ) SE 2254 /2 0. 4 bit/s/Hz, B T B AL
Iz ALRE J1, TE7 815 SNR 4&54F, tn 20 dB T, Bl
i {53815 SNR -20 dB 5 30 dB BfE AR, SE
ZHE-M A 1 biv/s/Hz, 2 WA SCHT 42 H A9 45 1
FEANTRIRR B A5 T8 A T H 58 25 T YO 35 T R ik
fie, B A E i,

—_
'S

1-Residual Block
2-Residual Block
3—-Residual Block
4-Residual Block

—_
[}

—_
(=)

6

Spectral Efficiency(bit/s/Hz)

0
-20 -15 -10 -5 0 5 10 15 20
SNR/dB

4 TREZRERBEHMERELLR

Fig. 4 Performance comparison with varying numbers of residual

blocks
L Hest=30 dB
16 Hest=20 dB
:\? 14 Hest=10 dB
= Hest=0 dB
2 12
= Hest=—10 dB
£ 10 Hest=—20 dB
£ 3
=
g 6
74
2
0
=20 -10 0 10 20 30
SNR/dB

B 5 AE{EEMET SNR TRESEEST
Fig. 5 Robustness analysis of the model under different channel

estimation SNR levels

HERLECH N, = 64 Fil N, = 128 i, K[| HBF
J7 %) SE PEREANE 6 s, ol B A 3 IR 2%
SRR IR 258 CNN-HBF F1 FCNN-HBF 7 th
15 SNR XSy 2 80 00 TAL 5581 MO-AltMin -
HBF Fll Heuristic—HBF, 4% 342 4 ) MSCNN - HBF
T RAEHEAS SNR i BN HUS T e fUtERE, Y N, =
64 i, MSCNN-HBF 7£ & SNR T [ HEREIL I M5

s BEE REEBCR G I % 128,45 Jr 10 SE ¥4
S ,(H MSCNN-HBF 75 A3 9R iFr 1 W] 2 A P g
P, RUIA SR 1Y 2 RO B B 7 ik fE 22K
PR R LR 22 G P AT 0 7 1O 2 o A R

14 MO_AltMin_HBF
Heuristic_HBF

12 FCNN_HBF
CNN_HBF

10

Proposed_MSCNN_HBF

- (=) =)

Spectral Efficiency(bit/s/Hz)

S}

0
-20 -15 -10 -5 0 5 10 15 20

SNR/dB
(a) N,=64
14 .
MO_AltMin_HBF
12 Heuristic_HBF
3 FCNN_HBF
% CNN_HBF
z 10 Proposed_MSCNN_HBF
£
£
=6
=
24
@
&
2

0
-20 -15 -10 -5 0 5 10 15 20
SNR/dB

(b) Ny =128
Bl 6 AERBEHRREBEER SE XfLL
Fig. 6 Spectral efficiency comparison of different hybrid

beamforming algorithms

4 HRIE

ASCHEE T P BOR A PR IR 5 ik, el £
JUEE B R 2 W 45 JC W DAL AU 39T 20 A5 4, 1451
TR LB Wi fr . 7 EAR W], X L fE
GEJ7 1k R IE 5 ) S5 T B T IR e A R 3B AL T
WRIE REMUBIHNE W L 2% AR T 12 B e AL ) 03
TWRCR AN, IR IR AR A THE M LA R A
REPRFFEL R O PERE K P, s L S 0z AL RE T 5
BHEIE KPR AL MIMO R GE et 1 F3E H.
1 R B ARSI TR T 5

S 3k

[ 1] ALKHATEEB A, El AYACH O, LEUS G, et al. Channel estimation
and hybrid precoding for millimeter wave cellular systems [ J].
IEEE Journal of Selected Topics in Signal Processing, 2014, 8
(5): 831-846.

[2]NIUY, LI Y, JIN D, et al. A survey of millimeter wave



150 BOfE

it ow oM 5 m

16 %

[

[

communications (mmWave) for 5G; Opportunities and challenges
[J]. Wireless Networks, 2015, 21 2657-2676.

MIRZAEI J, SHAHBZPANAHI S, SOHRABI F, et al. Hybrid
analog and digital beamforming design for channel estimation in
correlated massive MIMO systems [ J]. IEEE Transactions on
Signal Processing, 2021, 69: 5784-5800.

TR, AT, D, &, =K MIMO RZHEET CNN IR
BURBIE B[ T]. R SRS, 2023, 42(7) : 78-82.
KEBEDE T, WONDIE Y, STEINBRUNN J, et al. Precoding and
beamforming techniques in MIMO.
Performance assessment [ J |. IEEE Access, 2022, 10; 16365 —
16387.

El AYACH O, RAJAGOPAL S, ABU-SURRA S, et al. Spatially
sparse precoding in millimeter wave MIMO systems [ J |. IEEE

mmwave -— massive

Transactions on Wireless Communications, 2014, 13(3): 1499-
1513.
YU X, SHEN J C, ZHANG J, et al. Alternating minimization

algorithms for hybrid precoding in millimeter wave MIMO systems

[J]. IEEE Journal of Selected Topics in Signal Processing, 2016,
10(3) : 485-500.

[8] SOHRABI F, YU W. Hybrid digital and analog beamforming
design for large—scale antenna arrays[ J|. IEEE Journal of Selected
Topics in Signal Processing, 2016, 10(3) : 501-513.

[9] HUANG H, SONG Y, YANG J, et al. Deep —learning — based
millimeter—wave massive MIMO for hybrid precoding[J]. IEEE
Transactions on Vehicular Technology, 2019, 68 (3): 3027 -
3032.

[10]PEKEN T, ADIGA S, TANDON R, et al. Deep learning for
SVD and hybrid beamforming[ J]. IEEE Transactions on Wireless
Communications, 2020, 19(11) : 7345-7359.

[11]JLIN T, ZHU Y. Beamforming design for large - scale antenna
arrays using deep learning [ J]. IEEE Wireless Communications
Letters, 2020, 9(1): 103-107.

[12]ZHANG T, DONG A, ZHANG C, et al. Hybrid beamforming
for MISO system via convolutional neural
Electronics, 2022, 11(14); 2213.

network [ J ].



