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Abstract. Existing channel state information ( CSI) feedback methods for frequency division duplexing (FDD) mul-
tiple-input multiple-output (MIMO) systems have high complexity and low feedback accuracy. In this paper,a deep learn-
ing-based CSI compression feedback method is proposed. The method first uses the convolutional neural network (CNN) to
extract the channel feature vector,and then uses the maximum pooling ( Maxpooling) network to compress the CSI. Finally,
considering the spatial correlation of the massive MIMO channel , bidirectional long short-term memory (Bi-LSTM) network
and bidirectional convolution long-term memory ( Bi-ConvLSTM) network are used for single-user and multi-user scenarios
respectively to recover the CSI. In this paper,the deep learning network is trained offline using massive MIMO channel data,
the channel information learned by the network can fully characterize the states of the channel. The simulation results show
that compared with the existing typical CSI feedback methods, the proposed method has higher feedback accuracy, shorter
running time and better system performance.
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MSE) , i i d5c /M 0 4 it FIBR 25 504 =22 18] 1) MSE R
SEHT I 45 v i i A 2 8. MSE 451 2% o Y T 53 07 1
T

N
Horb HONSS i DA JEUR BT, O 0 I 2% T A
ISHLSf AL R 5 f(H 50 ) B
SISO § AR N D B IE AR AR

4 (HEMSTH

Bk FDD R MRS MIMO R 48 i $2 75 i i 1
AE, FEAST A LA T R U5 i 5 A SRS CST e 45 S5
07 12219 MATLAB {jj ECPERE. BT il 2 3k 45 FLAE
AT CSLOTHE ARG EEZ RN 1 Frs.
®1 HESHRE

MQJ=J*Z(ﬂHM%J—HV (17)

TTESH ’E

LA FDD

HPA% 12

gLk N, = 32/64

HCR N.=2

RE AR 0.5\

K7 X QPSK

RIEARY KA MIMO i -2 7% (538
ER(ETES 2. 6GHz

Yk S RSB

4.1 A—HHIRE
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TR M4 1 S8 1 CsiNet B8 /D FiF DL AS SCH2 H 19 97
EIafTRf TR He CsiNet B 4.
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