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W OE:. KM L W % & B (Multiple input multiple output, MIMO) 4 R 8§ 7% 3 %2 % 6 X (The sixth
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Frequency Division Duplex Massive Multiple-input Maultiple-output Downlink

Channel State Information Acquisition Techniques Based on Deep Learning

GUI Guan, WANG Jie, YANG Jie, LIU Miao, SUN Jinlong

(College of Information and Telecommunications Engineering, Nanjing University of Posts and Telecommunications, Nanjing

210003, China)

Abstract: The evolution of massive multiple-input multiple-output (MIMO) techniques is an important
support for further improving the performance of six-generation (6G) wireless communication systems.
However, with the continuous expansion of large-scale antenna arrays, frequency division duplex (FDD)
massive MIMO systems are facing severe challenges in acquiring downlink channel state information
(CSI). Deep learning has a powerful ability to learn and process high-dimensional data, which provides a
potential solution to this challenge. In this paper, we survey FDD massive MIMO downlink CSI
acquisition techniques based on deep learning, including CSI feedback and prediction techniques. Firstly,
the theoretical frameworks of CSI feedback and prediction based on deep learning are presented. Then, the
superior performance of relevant research results at home and abroad is analyzed, providing a reference

scheme for solving the problem of acquiring downlink CSI in FDD massive MIMO systems towards 6G.
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Finally, unsolved open problems of FDD massive MIMO downlink CSI acquisition are discussed,
followed by potential solutions correspondingly.
Key words: signal and information processing; f[requency division; massive MIMO; channel state

information; deep learning
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KEHE Z i A £ i i (Multiple input multiple output, MIMO) $ R £ 2010 4F 1 Marzetta 2 #% $2
WU ARG RS LA WS AR NP MR M ARG AR . 45T 10 R ERFE, R MIMO
A BRI N 7E %5 548 (The fifth generation, 5G)# ah il 7 &R 48 Hh o 3 i 15 22 3 KK 2k B 51 LA, 1
KA MIMO H AR 2 K K 45 6 48 (The sixth generation, 6G ) 338 15 & ¢ ¥k — A 48 TF 9 25 14 fE 14
SR R 22— (H R vk BB 5 K IBORS B 19 T AT 15 38 IR 2545 L (Channel state information, CST) &
RIBE MIMO H A 28R 4838 35 RO AT . HRT, KB MIMO £ 4838 % T /F 76 5 2 XU T ( Time di-
vision duplexing, TDD )il {58 =0F , il A FATEE O E 2%, 7T UL B AT 4 09 CSTAL T B 4%
ARBUN 474 6 CSIL, % T H KA N A7 CSIZREUF &1 . 5 TDD i {5 #5520 He , 53 4 X T (Frequency
division duplexing, FDD )i {5 £ 20 H A % i 8% @ 0] 3% 2238 15 L JE H T o sl 88 3l 3 5 8 IR
[ s, B K 3 5 R Gk FDD 3l {5 828 . O A FDD 3l 45 4855 2 14 56 K0 345 9% s 20 o 460 3l 15
2T AT SR 10 W6 RN 2R ALPE BE L AE , FDD KB MIMO R G0 W45 8 1)z MBS . 78 FDD
BN, B R AT N B AR B 5 b, BE AR BT 47 CST A 2 M P b 4T R A7 CSTAS AR i
T AT CSIAR 1 % 5 05 T 85 A1 15t 1) B 6 O 4 5 35 3l oy SR 4 BXOR I BE , (3 FDD KB MIMO & 48
T I A R Bk R 2 — & R AT CSTRBUR K AR AR 8 o B R, FDD & 403 # i 3 T 65 4% Al
FEF A RN CST R HE A o H it 25 35 3 i K 28 [ 9 I ASSAS T 7 K, A A 10 3 1 % TR e, 35
AR CSI R B HE R A TEIE A T FDD KA MIMO R4, 5 4 B CSTHE [ flf 3L F 16 45 )8 iy CSI
S AR HLA R 0 B A 2R B AR B ROBRORE JE o I AR IR JE 2% 2] (Deep learning, DL) # 1 H
T AU, R B T SO PERE , IR IR BRI M RS S, O R TR R
DL fifp ok G 28 38 15 10) A0, A0 35 I o TR (5l A6 31 48 . fhe al WL, DL B 2% o) 4 B s 4 B4 1
KAE Ty, BE % A fif e FDD K AL MIMO 4¢3k B 4E T 47 CSTIn) B4 it 7 W AE i e or %8 .

5T DL B FDD KA MIMO 47 CSTAR BB R 273 W2, 40 il & 2 T DL 9 R 47 CST R i3t
FARFIEF DLW T 47 CSIHM B AR o 3EF DL A9 F 47 CST I 45t 4 A R FH #2845 78 43 2% > CSTHE [
N E SRR AR, S X CSTAR BRI H sl 46 5 5 dE, 78 B AR CSTR 5 1 45 1 W) B 38 =y CSTRUITHRS B o SR
M, 3% T DL A9 T A7 CSTR B AR Tk 4 FDD KB MIMO R4 A7 CSUEGTF R4 . BF Xtk —[n)
M, 3 DL A T AT CSTHUN £ A BE 4% A FH DL 58 K 92 2 §8 S f FDD R 48 b b F 4755 B 2 8] 199 43
T 5, i EAT CSTE ML R 47 CSI. ML #E FDD KA MIMO 2 45 i 52 i3 28 K i 1) 6G Al 4%
ARWHE A SCE S 1 T AR T DL A FDD R HLE MIMO 47 CST AR HUE AR Yy 5t BHAE 42, 48 J5 X [
P AAH SE TR 9T 5 R HEAT T 40 BT LR, B J5 %3 T DL A FDD KA MIMO R 47 CSI 3R B A 19 oK ok &
JEE A 1 — A

1 EFDLAFDD XK#MEMIMO T4T CSI RiEH A

1.1 EFDLACSIREBRHARIEL
I AT o5 38 A 528 0 A3 3 1 LA 5 T i T R AT CSTABE Hy, FCHE T AT
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CSIfy itk #2 . s 1 s, 723 T DL Y

CSIR A TP Rl 43 3 e 45 4 T 0 22 LATHER
0 2% £ 24 1) e AR B 4 o B S, R AR P i Wy
14 4 B 5 2% S RS CSTAR B H o, 14 TR 45, 15 46 14 s I
3510 147 b o 295 I 4 5 AL AT AL — ’
B e 2T H BRI T sqt 2 S ()R f( ) TATHERS o 8
4 40 R 8, 02434 10 ﬁﬁ’j
B Ast , i vl s 122 Wi 2 A9 T P S R R AT CST AT
VAR IK Ny BI1 J£F DL A CSTR Bt RHESE
o= Q<fm< H,, Ql)) (1) Fig.1 Theoretical framework of CSI feedback based on DL

Kb @ LR i A A A LR SR
L N B s IS T8 AR K i 0 R g 2 o HC AT B AR Rl LR & A JRUBR B9 R 4T CST
A fae o VA f (o) A AR 3 B s o ORI Sk A P A R 450, D) B 3 i VR B2 11 1 R AT CSTRT AR 7Ry

Hy=fu 1o (557), @,) (2)
K @, LIRS G PP K AE S BB T DL CSTR Bt #2 ] L3RRy
Hd:fde(f(;l</;«2<fen(H(l’¢1>)>’¢2> (3>

it G 2% AR A A — R A A s 3 0 ) AR S AC AN sR BRI B T IR IR BN E S 0 Fl @,
1.2 #HXHMRHARE

Wen 2" AR H T — M 5T DL B T AT CSTRB AR (B R CsiNet) , o 46 45 4 W0 18] 2 Fr s .
T P o, CsiNet ffi 144 FRUZ R 24> 23 42 )2 00 iU gm 5 4, SRR R 4T CSTRY R4, i ) 46 J5 R
AR VT 1 A T 55 RN, CsiNet BOEFIH LA 22WE B N7 CSTRY R A 4E B, 48 5 I 2
A58 2= MW IR IR Z 09 N AT CSTHEfT A K R, I fm B4 1S FBUZ i T 17 CSTR Akt
JE 45 5 1) 4 s§ B9 G B A0S JF IR CSTHE i oe 8B AN B00 FUAE AR N TR 46 R v o

5,

Py
T TN

K2 CsiNet 1Y F 2% 45 1)
Fig.2 Network structure of CsiNet

CsiNet 7 COST 2100 {5 i 5 b JF 47 ¥k BB S0 UF , L 55 450K by 5.3 GHz 19 N 1 i 5 37 5 RUR
4300 MHz ) & K P 475 o LUIH— 16 ¥ 5 1% 22 (Normalized mean square error, NMSE)AE J ffj it T
AT CSTR BAG BE B VE RES b, I 5 34N JE TR 4 BRI Y CSTUR Bt 7 2 (BM3D-AMP!'Y [ TVAL3 ™ LU &
LASSO"™) #EATPEfE L AE , 45 7 i FAT CSTR B PERE I 1 BT . N 1ol LU L 36T CsiNet 8
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AT CST R 5t 4 B2 AE 2 437 5% b 19 B A s 4 F1 CsiNet 5E %5 B 50 5 7% 9 NMSE #8534 Lb
RENEE T 3N T R4 KA B CSI 4% $;  Tablel NMSE performance comparison between Csi-
Ao [FIBF, CsiNet i3 8 a7 T Bk 34 Net and compressed sensing algorithms
Je 46 ORI B 1 B T SR I A S 4 2RI e NMSE/dB
7B

T 3T DL Y CSI R Ba e AR 00wk . BM3D-AMP TVAL3 LASSO  CsiNet

CsiNet Fl 10 £ 55 Hi AL LB 4, 3 3 1% /4 —433 1487 750 —17.36
N . 1/16 0.26 —2.61 —2.72  —8.65
THEE A % T A B A 22 0 £ 25 4 RT L EE =
/Jri;ajf jii,” {W;I_J‘% i E#E‘ﬁ EOEA s owm oz 13 sz
ﬁﬁm(ﬁlg&%?\]%ﬁ#ﬁﬁ’ﬁﬁigﬁﬁLSI& 1/64 26.22 0.63 —0.14 —5.84
WiRE L o Lu%['“l%’“gﬁ:r\?ﬁﬁmﬁﬁgl/\?ﬂ CSI 1/4 —1.33 —6.9 —5.08 —8.75
BB R AR R R T fF IE EE M 4% (Channel g 116 0.55 —043  —1.01 —451
reconstruction network, CRNet) , Bt /% T b 1/32 22.66 046  —024 —2.381

CsiNet B 25 1 CSI R RS JiE | FE 19 26 25 #y 1 [ 1/64 25.45 0.76 —0.06 —1.93

3R . Hrha X b FoRBRIZMEBRZ AN, B B2 5 HE %% T 14 H —1k (Batch normaliza-
tion, BN) 2. 7 H ' % , CRNet HH 2 A~ B A [F 4G R KN 46 R 2 2% 3] CSTEU 9 N BB AR1E , R )5
JH 48 12 2 2 ) B W R AE TR 46 0 R B 0 7% 5 BURS 52 55 A2 FE i it , CRNet B el ad 1 2 iE )2
PRE T AT CSTM R IR 462 R IE A LB RZ 5 8 i 2415 18 3 # A3 (Channel reconstruction
block, CRBlock) % T 47 CSIHEATRIB YK , -4 th T 47 CSTAY A 44

[5)
X
L95)

5; =

CRBlock

&
H
=
+
BN
=

pm====c=ccsccfsssossostemmsmmmmemmemsmm—————

P13 CRNet i 9 45 45 1
Fig. 3 Network structure of CRNET

CRNet (I#% 0% 2% H T 24 CRBlock, 51> CRBlock 8% Hi W B EL A A [a] 45 B /N1 3 FR 2 I

TFEELR AR R 1A R /N 1 X 1 (U %2 CRNet 5 CsiNet i NMSE 4 834 bt
B IR L RRAE o T g5 R 2 A S I IR AT Y Table2 NMSE performance comparison between
HAARFEBERDNERZ , ol UL 29 2% [ CRNet and CsiNet dB
O I B A EMARSREA/ NS e T w5 V4116 1/32 1/64

2 GBS IE GO IE A o IR CRNecbl - CsiNer —17.36 —865  —624 5.4
A 2 3 5 R S5 v 22 W& E, 2 5 CsiNet 18 CRNet —26.99 —11.35 —8.93 —6.49
COST 21001 #8 |- iy NMSE 1 fg % e 5 2 - CsiNet  —8.75 —4.51 —2.81 —1.93

FiR . W22l LAt CRNet e % 19 % 50 9 (RRet 1270 o4 951 =2
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K4 SampleDL £ A H A~ CST i i 72
Fig.4 Entire CSI feedback process in sampleDL

NG5 BT 4R R T RE AR T CsiNet, 3 156 B 38 o 35 1157 52 2% 0 4 B ) it 26 00 24 235 g ] L), i
—BRE T DL A CSTR B .

ANTR] T b A 3 T E i B Bl 1 7 8Ll 5 AR E 1 S 25K, o — 2R 0T DL Y RS B CSTR
PR ARG AR R CSTAUHR 19 JE 30 AR5 A B2 T DL i CSTR Bt v, 3 sz 0 3R A1 5080 X3 3 14
i 2 I 2 T TR 2 S SC BT R A CSTRU B E . £ T itk , Wang %48 i T 2 TR B 5 DL 9 CSTJR Bk
Fe AR (FR R SampleDL) , 3 18 R R4 5 18 A B () 49055 9 A~ 4k B 1 BT A 5 P X — SE B AR 5 | AR 2
> TE AR AR 22 0 45 1108 A 2 B () R R4 i T CSTIRUBR RS B . JEF SampleDL (1 3& 4~ CST R i i A2 4n
B AR, (6 P, SampleDL £ R & 4E X5 F 47 CSIHY H #E47T R AE 15 3R FE IS 09 CSTEURE H., 3R 5
W H 25 G i g vh R AT R AE 4R I, O 1 35 BRUZ 5230 xt H B9 TR 45, i 0 TR 4 5 B9 TS 5% 55, 78 SampleDL
T rf, CSTHE I B R 40 R Ry 8 N RAER AR R R, G250 R 45 R R e BL, Hoh R H e & A
WS H P TT RN L, R s P T E NS H W TR B He A . 7636353 , SampleDL £ R &
Sl — R EFUZ W R AT 5 sSIKE B 5 H,—RER4E 2 5 9K 05 F 34N 5% 22 0 2% % FORS 8 0K 52, - o
Xt H B EAG H S P4 H S BEATARAE R AR , (ol o 2 3 45 S8R CST Hy — RER 4R B2 30 N H s i m il i 7
A E R HE AR B , E 4 AT CSTI R 24 18 H,y.o

SampleDL # R1E45 4 3GPP TR 38.901 #7 #E #9 nrCDLChannel {538 #5511 47 ¥ AEIFAE , IF 5
CRNet P REVEAT b . SampleDL £ R Fl CRNet PRI B Z YR A= LM ZE L@ 3 B HZE %L
BXT CSTAY Fe 4 55 5l , 6 R 4 )23 Rl 23 08 8 S [) 19 36 B0 K ] SIC A [R) 1) TR 4 %6 ol 2o 25 6 SR A
DL, #F SampleDL ) CST R 15 # A 76 41 &5 CSTR A BE 09 R i B AR A E 22 . R34 H
T SampleDL Fl CRNet H #ft 28 [ 45 (1) 5. 7F 15,32 -8 (Floating point operations, FLOPs) . M3 3w L)

& i, SampleDL ) FLOPs £ It CRNet ) FLOPs %3 SampleDL 5 CRNet i) FLOPs Lt %
BULT 6.2037226 X 107K, X ¥ FEALH A4~ CSIJX  Table3 Comparison of FLOPs between SampleDL
Wl R TTE R 28 5 T4 . SampleDL R B and CRNet

B LI )5 2 B 0 A6 T ST ST B AR R, CRNet R

3K 2 I 2% (1) i A 5 B S 2 SR A S 9 C ST P 1/84 2.140 39570 X 10" 1.520 023 44 X 10"
KRN T ity R 5% 22 R 4% rh & 2% 2 0% 1/168 2,140 38740 X 10" 1.520015 14 X 10"
Wi LERE . SBR[ 18RI NMSEfE i & CSI/x 1/336 2.14038325 < 10" 1.520010 99 X 10"
T R Y PE M FE AR, IR T AT CSTR bl it L P 8| 1/672 214038117 X 10"  1.52000892 X 10"
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A AR S P RE AT 3 T A3 A o %4 SampleDL 5 CRNet i) NMSE 1% & bt 8

Wit R HABSEATE AR, T4 T4  Tabled NMSE performance comparison between Sam -
Ak 7 BN 8 457 A1 6 4 B, SampleDL Fi pleDL and CRNet dB
) NEFES 2R A PEBE XTI
CRNet 72 A [f FE 43 3 F ity NMSE 14X E. Ak L Ry 1/84  1/168  1/336  1/672
4 Hh AT LA 3], SampleDL ) NMSE 4
FE 7E A 7] 1 £ Ak 57 BORAS [8] 1 He 45 58 #8 Shi CRNet  —22.60 —20.22 —18.03 —11.80

A

i F CRNet. SampleDL ()5 684 35 5k B 7 SampleDL. —31.11 —30.01 —27.15 —18.10
AN D7 T = — 7 T 2 245 5 AR [] 25 4 4 ph 25 1) CRNet —22.22 —19.21 —1540 —11.78

gRPHORE ST B N R Y oo on a0 —2sa9 1908 1532
HUAS b K 2 R T 4 B P RE 5 5 — T T 2
T I [R] FBH 3 4 B 1) SR A AR 47 (2o 7 1) 4 22 I 28 51 T {5 3 A s ) R A R b H A A 56 1 Y 2 56 A
W, 1F SampleDL £ AR 78 CSIWK B AE B b TAUUE F =485 FBUZ % > CSTINFESS M I T 68 .

Wit 25 T9F 95 A VR, 76 A R SE PR 38 v A7 A B S AL )L | 22 48 S5 I L, 28 4k ) R A % ) 445 % i 1k
IV R, ) 28 T 46 B 42t RUF 95207 0 Guo 80 1 W AE 2 T DL 6 i 21 3 CST R e 22 vh 51 A {3
FE, P2 T 2 BRI ZR T W] S B 2 1R 45 S8 1) i 05 28 HE 2 (SM-CsiNet+ #l PM-CsiNet+) . 53 i
Y5 A [7) 14 20 15 2% S I AS [ 19 1 46 A0 L, SM-CsiNet+ Fl PM-CsiNet+ 43 %Il FH P 3 6 22 5080 ik
BT 38.0% M46.7% . EALFIZ 4G R E 5| AL T DL CSIR B4 A ] LR LB T —24 .
i B A T S B R 4R E 3, Song UV R T — BlH 10 2 R 4 R R 4% 454 L SE B T 1L
SM-CsiNet+ B 25 R ok B . Fan 282l F 35 U2 SC 9 CSTH R 46 5 % TR 4 , 76 32 55 CSTRUBORS B2 B9 7]
I R 8 ARG 1 o 22 T 245 ) I 6 2 MO B S 28 B3 . B X A X T S A 845 5, Guo 28 R T L]
FUh R AT A 2 2 20 1 it B it CSTRBRAE SR , 18 T 3R FE LR 2% ) ik, 1 B 45 1 3% W ZAE 2R Rk 0% 7
MY TF 8 T4 S e g o R 1 CSTR RS I

R EET DL A CSTR B ARUE] T H DL R N AT CSTR B T4y (B & B ks B i A 2tk . A G
5T 51 % DL 8 52 b 2 o JIT 18 I %) 1] 850 R R 2 38 15 5 56T CSTRBHRE B B2 FF I BUER 1 1 5 5 28
PEBEIRAIE , ) FDD K HE MIMO R ZE3REUF 47 CSTR L T W e fift e 7 6 .

2 EFDLAFDD X#MEMIMO 1T CSIF il 7 &K

2.1 E T DL H CSIFalH AHEZE

FEIETF DL T 4T CSTHUMN AL A 3 5K CSTHE FRAE S G B AT b B8, Q8 2 B 14
BB A S BUE RS . B AT CSTANR 4T CSTHY 2 14N 2 50U B , LA 1B X5 1R 4% 5008 A 41
0L, T LA 52 50 CSTE W3 25 S8y 1A LA 95 3 T 174 S 601060 I, 0 0 I ) S s 1 Sl 55 133, &2 B0 B
(R BRVE AR 2@ I8 . W 5P , 7R T DL A CSTHUM A v # F AT CSTEUR 1 g 25 9 2% 14 iy
A AT CSTEUHEVE Sy i 28 ) 2% 114 i il 38 ik

T
3] 1R AT e B2 08 0 £ 0 R 6 b L i A ;
o . “oloNec7 i
CSTE 3 BU i F 4T CSTY Hyo @, 3l Vodlothedk i
L \ O WO T H
G4 LT B, () 27 22 10 s 1 ) ReliolloR f
4 B LT DL A9 T A7 CSTHUM i 8 77 1 I m
ATCSIMA, F47 CSIf A,

=
RANH K5 T DL CSIHMH R HES

H, :_}:)re<HU’ qure) (4) Fig.5 Theoretical framework of CSI prediction based on DL



508 R EB L Journal of Data Acquisition and Processing Vol. 37, No. 3, 2022

2.2 HEXHARER

Safari %5 F UCHE A 20 9 4% N
A7 CSTHEAZFM T 47 CSTRY AR I T H#T
& B #2224 (Convolutional neural network,
CNN) Y T 47 CSTHUM E A i AR 74 % H
J2SELT B AT CSTRY H, BUM T 77 CSTY H,, M6 T CNNETATCSIRMBA
WE 6. b 12 s iR % Fig. 6 Downlink CSI prediction technology based on CNN
A K, DF BEERUEW T2 B0 A S, 8 Rk FDD R MR MT-
MO RGAHCT 47 CSTEEHE 1A 275 B R IT 85 05 % .

IR AT CSTZIRITE I B A48 2 [] 34> 4k B2 | 9 AH
ek, $2 8 T AT CSITMRS BE , Wang 2506 b AT CSTHIM F 47 CSI
AR — A I 23 R B0 [R) A0, 5 JH A BUK 0TI 42 9 45 (Convolu-
tional long short term memory network, ConvL.STM-Net) fif P& % [f]
B, ConvLSTM-Net i 54~ % BUC A HIC 12 (ConvLSTM) JZ Al 14> 3
e BUZ (Conv3D) M B, A0 7 B 7R o o B — 2 55 0 80T iz
J2 B A, B — > ConvLSTM 2 #4d F “ tanh” 4 9 38035 &%,
HAR R — DI — 12 5 — 4> Conv3D 2 i 26 M 30 pR %5

T ConvLLSTM-Net () T 47 CST U £ AR FE S /& 42 (Extended T
vehicular A, EVA)fFIEBAL AT VEBR IR , ¥R T 76 0 8l 18 %5 4l
I A5 0 K H b P RE 22 57, OF 5 2R T ONIN 1Y N AT CST RN 42 A
FEXFLE A5 AN R B LA RS TR 6 BV /N T NMSE PEREX LUK 5T |7 3% F ConvLSTM Net i F

TR
SEEE

o R S ATLUAE H, CNN 7E {5 8 0y 45 s 8 s T 2 A 5 4 i ot 0 e T CSTHUM 4 A
fig, M ConvLSTM-Net 7£ {5 18 M I 8 8045 - BB T - Wl B8 {2 Fig. 7 Downlink CSI prediction
R T ) 28 0 24 10 B CSTRIPE i 2 4 19 56 28 075 T 30— 28 4 technology based on Conv-
KM . AR MAFMEBRZEKNT, LSTM Net
ConvLSTM-Net # A L CNNE GBI, %5 ConvLSTM-Net 5 CNN 7£ 7 [ 5 1= & % 38 1L
X2 F A ConvLSTM ER K m g1z o h i A BAREEEZA/NTE NMSE {4 88 3 b
HIREZ 2T BEERE REZ B 2 %EH: Table5 NMSE performance comparison of ConvL-
PR AR B e R T B LR AE i ConvLSTM-Net STM-Netand CNN under different domain
[a] I EL A AR 5 1) 27 ) 8032 23 (8] 5 AF A0 sk 1a] 45 o6 1k channel data and different convolution ker-
ffe 4117, {HJ&, ConvLSTM-Net H4 H CNN # nel sizes
e T A 2 B DR TR R N A A — p— B NMSE/dB
A% I K BE RN p 28 ) 2 0 3 F B A R B R AT K CNN  ConvLSTM Net
AT o Uk (2 3 X3 —17.45 —30.74
LR AN LT DL A CST i 57 AR f 1 e I 5X5  —21.03 —36.22
EﬁTﬁiﬁﬁ DLEJ’%%(MT?? CSI E‘Jﬂfﬁ”ﬁo lﬁ‘;ﬁ At ek 5 3 B 3xX3 —13.77 —31.86
CSI%E%E"J/E%I?%*’@J,Yang%mﬁﬂ Zhang%mm% 5X5 —18.09 —37.85

TR B 2 W2 9 T 4T CSTHUN B AR o (7 L SE B0 45 5 3R W], 52 500 28 0 265 7. T I K 38 07 Th e 1 5
Howh 22 25 E o B AT P SR 20 25 S i TH IR AL o BEE DE ST TR BN S PR AR 2 v 2 18 B
{1 i 2 D) 2% 07 A I 0, 3 T 5E B 2 o R OR 2 > PO R AT CSTE R R IR R 8 o 41 X4 B8 T
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IR A o 22 D) 245 AR 142 7 FH T B 88 1 FH Y 4 1) 80, Y ang %5 1 T i T VR BE S RS 2 ) 19 CST R
PR, HAR T onae o Bk SEER 45 R R WL S0k nI A D B AR 25 R T 00 19 28 3 NEE PR 85 B 1A%
SAR A BOPE o AT Bl R S IR O 0 v I A i A K ) A, Hou 258 Y T 3 T B 2
94T CSTTIMAESE , FF B 1 — Flod (9 B8 8 3R 5 300k , 1% 50k 1 3 % 18 Jm) T A8 TR AS (R0 Jay 7 A6 52 X 2
JR BT AT PR U R o SER A SR R T, SCHRL 30 14 Hh A IR0 27 > HE 20 R 70 55 00 12k BB M08 7 A iRt JEE I
A i T 4 14 ) g JBARS: 2% 00 4 o s R ) A i

WG AN, B BT 3 — AL R FE AT CSTHUIARG B2 1) B, Yang %55 AV A3 A L T2
RN KA Bl B B R AT CSTHUM AR, IR NS S e 1 A AL 35 20 & FURRE Bl 5 7 L O PERE . S HR 45
F W] i Rl 25 i 20 BT AT CSTEUE L 07 '8 Kt U B AT CSTHEUE , 25 IR 80dis 4l B 19~ 17
CSTHUI A B 3K 15 H B A HoAR B4 19 CSTBUMNRE B . 76 B 1 507 1 L Yang %7 41 3R & i i
G vp BESREERC F G/ T A N R A H R IR, HR 3 T R 2 AT CSTHUIN A~ 4T CSTRYPERE , IR 45
BRERIREIIE, 2 X R BB A T AT CSTRUMSEAT BE 5 10 Ak 00 3 2 i Y 2R SR s o S 25 SR R W
T DL AT CSTHUH A n] LUE TR 5 U4 0% 3 50 F B nl LAY T A7 CSTHEINRS JE

3 HRIE

IR F DLW T AT CSTR 5 1 AR AR 05 78 4 AR TR 40 5 T DR 8 1 CSTR IR B2, A 8 R AIK T CST
B FEAS o 1T DL A R AT CSTHIN F AR GE 6% #£ W) B N A7 CSTAR 111 5t 85 1 1 0 T 3R A5 Al
WL T AT CSTHUMNR B o L3R W F J7 2848 76 R A 325 57 7 0 K5k FDD KRB MIMO 3 4t 1) 3 35 4 4
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