2003.03303v3 [cs.IT] 17 Dec 2022

arxXiv

Deep Learning-based CS| Feedback and
Cooperative Recovery in Massive MIMO

Jiajia Guo'™', Graduate Student Member, IEEE, Xi Yang~', Chao-Kai Wen'®, Senior Member, IEEE,

Shi Jin'™, Senior Member, IEEE, and Geoffrey Ye Li'¥, Fellow, IEEE

Abstract—In this paper, the correlation between nearby user equipment (UE) is exploited, and a deep learning-based channel state
information (CSI) feedback and cooperative recovery framework, CoCsiNet, is developed to reduce feedback overhead. The CSI
information can be divided into two parts: shared by nearby UE and owned by individual UE. The key idea of exploiting the correlation
is to reduce the overhead used to feedback the shared information repeatedly. Unlike in the general autoencoder framework, an extra
decoder and a combination network are added at the base station to recover the shared information from the feedback CSI of two
nearby UEs and combine the shared and individual information, respectively, but no modification is performed at the UEs. For a UE

with multiple antennas, a baseline neural network architecture with long short-term memory modules is introduced to extract the
correlation of nearby antennas. Given that the CSI phase is not sparse, two magnitude-dependent phase feedback strategies that
introduce statistical and instant CSI magnitude information to the phase feedback process are proposed. Simulation results on two
different channel datasets show the effectiveness of the proposed CoCsiNet.

Index Terms—Deep learning, CSI feedback, cooperation, user correlation, distributed feedback.

1 INTRODUCTION

ASSIVE multiple-input multiple-output (MIMO) is re-
M garded as a critical technology in future wireless com-
munications [1]-[3]. Spectral efficiency can be dramatically
improved in massive MIMO systems, which use numerous
antennas at the base station (BS) [4]. The performance gain
achieved by this technology primarily comes from spatial
multiplexing in addition to diversity, which relies on the
knowledge of the instantaneous uplink and downlink chan-
nel state information (CSI) at the BS. Therefore, the quality
of available CSI at the BS directly affects the performance of
massive MIMO systems.

The uplink CSI can be estimated at the BS by the pi-
lots sent from the user equipment (UE). In time-division
duplexing systems, the downlink CSI can be inferred from
the uplink CSI by using channel reciprocity. In frequency-
division duplexing (FDD) systems, which are widely em-
ployed by cellular systems, slight reciprocity exists between
the uplink and downlink channels. Consequently, inferring
the downlink CSI using only the uplink CSI is impossible.
To obtain the downlink CSI, the BS should first transmit
pilot symbols for the UE to estimate CSI locally [5]. Then,
the UE feeds the estimated CSI back to the BS. The feedback
overhead linearly scales with the product of the numbers
of antennas at the BS and the UE, and is extremely large in
massive MIMO systems, which occupy precious bandwidth
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source and are sometimes unaffordable [6]. Therefore, a
technique must be developed to reduce feedback overhead
efficiently while exerting negligible negative effects on sys-
tem performance in FDD systems.

One well-known promising technique is compressive
sensing (CS) theory via exploiting the CSI sparsity in certain
domains [7]. In [8], the sparsity in the spatial-frequency
domain due to the short distance between antennas is
exploited to compress CSI and reduce feedback overhead.
In [9], a distributed compressive downlink channel esti-
mation and feedback scheme uses the hidden joint spar-
sity structure of CSI resulting from shared local scatterers.
Although existing CS-based methods can greatly reduce
feedback overhead [10], two main problems remain. The
reconstruction based on the compressed CSI at the BS can
be regarded as an optimization problem that is solved by
iterative algorithms, which demand substantial time and
computing sources. During the reconstruction phase, extra
expert knowledge, such as the correlation of CSI to the
nearby UE, is usually ignored.

Since the success achieved in the ImageNet competition,
deep learning (DL) has made tremendous progress in com-
puter vision and natural language processing [11]. The com-
munication community has recently shown great interest in
applying DL to improve the performance of communication
systems [12]-[14]. A totally data-driven end-to-end commu-
nication system based on the autoencoder architecture is
proposed in [15], [16] where DL-based encoder and decoder
play the role of transmitter and receiver, respectively. DL is
also widely used to enhance certain blocks of conventional
communication systems, such as channel estimation [17],
[18] and joint channel estimation and signal detection [19],
[20].

DL is first applied to the CSI feedback in [21] based
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on the autoencoder architecture, where the encoder at the
UE and the decoder at the BS perform compression and
reconstruction, respectively. The compression of the hidden
layers forces the encoder to capture the most dominant fea-
tures of the input data, that is, compressing the CSI. Given
its numerous potentials, such as feedback accuracy and
reconstruction speed, DL-based CSI feedback has become an
active research area in communications, and related works
can be divided into four main categories [22]:

« Exploiting expert knowledge and extra correlation
in massive MIMO systems. The long short-term
memory (LSTM) architecture adopted in [23] extracts
the temporal correlation of time-varying channels.
In [24], CSI magnitude and phase are compressed,
and uplink CSI magnitude is used to help recover
downlink CSI magnitude during the reconstruction
phase at the BS.

o Designing novel neural network (NN) architectures.
This kind of work focuses on improving feedback
performance by introducing novel NN architectures
in computer vision to the CSI feedback problem,
including joint convolutional residual network [25]
and multi-resolution convolutional architecture [26].
In [27], the convolutional kernel size is changed from
3 x 3 to 7 x7 to enlarge the receptive field, thereby
exhibiting the CSI sparsity characteristic well.

o Quantization and entropy encoding. Given that the
UE must feed the bitstream back rather than the
float-point number in practical digital systems, the
encoder module should be followed by a quanti-
zation module. After comparing the performance
of uniform and non-uniform quantization in DL-
based CSI feedback, an offset NN is introduced to
minimize the quantization distortion in [27]. Given
that the quantization operation is non-differentiable,
its gradient is set as one in [25]. Moreover, to re-
duce feedback overhead further, an entropy coding
module following a quantization module is used
to reduce the feedback bits further in [28]. Unlike
other quantization strategies, a binary representation
is exploited in [29] to generate bitstreams.

o Tackling the deployment problem. Some new prob-
lems appear when deploying the DL-based CSI feed-
back method. A multiple-rate CSI feedback frame-
work is proposed in [27] to address different com-
pression ratios by using a single network. Fully con-
nected (FC) layers are replaced by fully convolutional
layers in [28], enabling the same NNs to work with
different CSI dimensions. Feedback error and delay
are considered in [30]. In [31], network pruning and
the quantization technique are applied to CSI feed-
back, greatly reducing the storage and computational
requirement of NNs. In addition,the security of DL-
based analog CSI feedback under adversarial attack
is analyzed in [32].

Many studies [33]-[38] observe that the CSI of nearby
users may share deterministic multipath components and
have similar sparsity structures due to some shared local
scattering clusters, which have been widely exploited in
CS-based channel estimation. From [38], the correlation
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of all nearby UEs in a circle with a radius of 2m is over
0.48 when the BS is equipped with 64 antennas. The above
observation can become increasingly common as the device
density grows to hundred(s) per cubic meter in the future
[2]. Therefore, the correlation of nearby UE should be ex-
ploited to reduce feedback overhead and improve feedback
performance further.

In this paper, a cooperative CSI feedback NN, called
CoCsiNet, is developed. Specifically, CSI magnitude and
phase are separately fed back in the proposed CoCsiNet,
rather than together as complex channel gains. In the CSI
magnitude feedback phase, the CSI magnitude information
is divided into two parts: shared by nearby UEs and owned
by individual UEs. The key idea of exploiting the correlation
is to reduce the overhead used to feed back the shared
information repeatedly. These two kinds of information are
automatedly learned from the data and combined at the BS
by using an end-to-end approach. By contrast, CSI phase
is not sparse and is difficult to compress greatly. A highly
accurate phase feedback is unnecessary for CSI with a small
magnitude. Inspired by [24], two magnitude-dependent
phase feedback (MDPF) NNs are proposed by introducing
the statistical and instant magnitude information to the NN
for the phase feedback. Our contributions in this paper are
summarized as follows:

« Cooperation mechanism is introduced to DL-based
CSI feedback. CSI magnitude information is divided
into two parts as in [36]: shared by nearby UE and
owned by individual UE. An extra shared decoder
is introduced to recover the shared information from
the feedback bits of two nearby UE.

o An autoencoder-based feedback framework is de-
veloped. For UE with multiple antennas, the LSTM
architecture is added to the decoder at the BS to
exploit the correlation of CSI to different antennas
at the same UE.

« To generate the bitstreams at the UE, two represen-
tative methods (i.e., quantization and binarization)
are investigate and adopted to the DL-based CSI
feedback.

« To compress the CSI phase, which is not sparse and is
usually difficult to compress, two MDPF frameworks
are proposed, where the statistical and instant mag-
nitude information are introduced to the NNs.

Given that this paper aims to improve CSI feedback
accuracy by introducing extra correlation among nearby
UEs, only some simple NN architectures are adopted. More
performance gains can be achieved if more advanced NN
architectures are introduced, but it is out of this paper’s
scope.

The rest of this paper is organized as follows. Section
2 introduces the massive MIMO channel model and the
CSI feedback process. Section 3 presents the cooperative
CSI feedback strategy and the NN framework and then
describes the baseline NN architecture, the bitstream gen-
eration, and the CSI phase feedback strategy. Section 4
provides the numerical results of the proposed methods and
demonstrates the mechanism of CoCsiNet via parameter
visualization. Section 5 finally concludes our paper.
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Fig. 1. lllustration of the system model. The BS and the two nearby
UEs are equipped with ULAs with N; transmit and N, receive antennas,
respectively.

2 SYSTEM MODEL

After introducing the massive MIMO channel model in this
section, the DL-based CSI feedback process is described.

2.1 Massive MIMO Channel Model

Considering a massive MIMO system, the BS and the UE
are equipped with N, (> 1) antennas and N, (> 1) antennas,
respectively. According to the spatial multipath channel
model [39], the downlink channel matrix, H € CN-*Nt | can
be written as

N,
. N, N;
H=, ;]—ct ; giar(or.0)al (g1, (1)

where N, is the total path number; g; ~ CN(0,1) denotes
the complex gain of the /-th path; a,(-) and a,(:) are the
steering vectors of the receiver and transmitter; ¢, ; and
¢, represent the angle-of-arrival (AoA) and the angle-of-
departure (AoD), respectively. If the BS and the UE are all
equipped with uniform linear array (ULA) antennas, then
their steering vectors can be written as

1 -j2rdsin(¢, 1) -j2xd(Ny-1) sin(¢, 1) T
ar(prs) =[5 [Le T . e
r
)
1 —j2nrdsin(¢; 1) Zi2nd(Ne =D sin(ey 1)
at(‘Pt.l) = F[l’e 1 5 tte , € 1 ] s
t
®3)

where 1 and d denote the carrier wavelength and the
antenna element spacing, respectively. The BS is usually
located at a high building, and channel path number N, is
limited due to the few scatterers. Therefore, the CSI matrix
H in the angle domain is sparse [40], which can be obtained
through discrete Fourier transform (DFT) as

H = F,HF,, 4)

where F, and F; are N; x N; and N; x N; DFT matrices,
respectively.
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2.2 Conventional DL-based Digital CSI Feedback Pro-
cess

Here, the UE is assumed to know the perfect CSI, and only
the CSI feedback is considered. For most DL-based CSI
feedback methods, once the UE obtains the channel matrix
H, an NN is first used to compress the CSI, which directly
outputs the measurement vectors with 32-bit floating point
numbers. Then, the following quantization module gener-
ates the bitstreams, which are fed back to the BS immedi-
ately. Subsequently, the BS reconstructs the CSI from the
measurement vectors disturbed by the quantization noise.
The entire process can be expressed as

H= fde(D(Q(fen(H, ®en)))y®de), (5)

where fen(-) and fge(-) represent the DL-based compression
(encoder) and decompression (decoder) operations at the
UE and the BS, respectively; Q and D denote the quan-
tization and the dequantization ! operations, respectively;
Ocn and Oy, are the parameters at the NN-based encoder
at the UE and the decoder at the BS, respectively. The
final feedback overhead, that is, the bitstream length, is
derived through the compression ratio and the number of
quantization bits as

Npits = L Xy X B, (6)

where L is the original dimension of the CSI, y is the com-
pression ratio, and B denotes the number of quantization
bits.

The entire process is optimized by an end-to-end ap-
proach to minimize the loss function via updating the NN
parameters. The most widely used loss function in CSI
feedback is the mean-squared error (MSE):

(01,07) = ar@grgin IH - fae(D(Q(fen(H, ©1))), ©2) 153, (7)

where || - ||, represents the Euclidean norm.

Following [41], to evaluate the difference between the
original and the reconstructed CSI at the BS, the normalized
MSE (NMSE) is used as follows:

A 2
IH - H]|
ekl 8)

NMSE = E{ 5
IHI3

where E(-) represents the expectation.

3 DL-BASED CSI|I FEEDBACK AND COOPERATIVE
RECOVERY

In this section, the scenario with two nearby UEs, which
share some reflection or diffraction media and are correlated
in the CSI magnitude, is considered. Unlike the conventional
cooperation strategy, which is enabled by D2D communica-
tions, no extra operations are performed at the UE in our
DL-based cooperation strategy. The key idea is to reduce
the overhead wasted by repeatedly feeding back the CSI
information shared by the nearby UEs. After introducing
our cooperation strategy, the NN modules in CoCsiNet are
presented.
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Fig. 2. lllustration of the cooperative NN framework for two nearby UEs that includes two encoders and three decoders, that is, two individual
decoders and one shared decoder. The encoders at the UE generate the bitstream and then feed back the bitstreams via the uplink channel. The
decoders at the BS recover the shared CSl information and individual information from the feedback bitstreams by using the FC layers.

Algorithm 1 The proposed CoCsiNet for CSI magnitude
feedback
Input: CSI magnitude vectors at the UEs: |H;|, |[Hy|;
Output: Reconstructed CSI magnitude vectors at the BS:
|Hi|, [Ha|;
1: Compresses and quantize CSI:
51 = Q(fenl (|Hyl, ®en1))/ Sy = Q(fenZ(IHZL ®en2))
2: UEs feedback s; and s; to the BS
3: Reconstruct individual information:
|Hy |y = fdel(D(Sl)a ®de1)/ [Ha|y = fdez(@(sz)ﬂdez)
: Reconstruct shared information:
|ﬁ|s = feo-de (D(sl)’ D(s2), ®co—de)
5: Combine the individual and shared information:
|Iflll = fcoml(uilllva |IEI|S, BOcom1),
|H2| = fcom2(|H2|v, |H|s, ®c0m2)

'S

3.1 Cooperation Strategy

Fig. 1 shows that UEs can share the same scatterers and sim-
ilar deterministic multipath components if they are nearby.
According to [33], [36], [38], [42], [43], the channel parame-
ters of these two nearby UEs are similar, and the magnitude
of the CSI in the angular domain is correlated. However,
no correlation exists in the CSI phase. To exploit the shared
common sparsity structures in the CSI, the sparse vector of
CSlI is divided into two parts (as in [36]): the commonly

1. The dequantization means reconstructing the quantized measure-
ment vectors using the feedback bits and it is lossless.

shared and the individual sparse representation vectors.
Inspired by this work, the CSI magnitude |H;| information
of the i-th UE is divided into two parts: shared by nearby
UE and owned by individual UE.

To exploit this characteristic, the autoencoder-based NN
framework should be modified. However, no modifications
are made to the encoder framework of the UE, that is, the
NN architectures and the parameter number are maintained
because the UE has limited computation power and storage
capability. The feedback bitstreams of two UEs are obtained
by

s1 = Q(fen1 (IH1l, en1)), ©)

S2 = Q(fen2(|H2|’®en2)), (10)

where fen1(+) and feno(+) are the encoder modules at the two
UE; O¢n1 and Oep2 are the NN parameters of the two encoder
modules.

Only the NN framework at the BS is modified. The
decoder at the BS has two modules, shared and individual
modules, that recover the vectors containing shared and
individual information, respectively. For the case of two
nearby UEs, the BS has three decoder modules, namely, a
shared decoder and two individual decoders, as illustrated
in Fig. 2. Given that the shared information of nearby UEs is
the same, the first decoder module can be used for the two
nearby UEs to reconstruct the shared information [Hs as

|H|s = fcofde(D(slxﬂ(sZ),®cofde)’ (11)
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Fig. 3. lllustration of the NN architecture, which includes the encoder and the decoder. The encoder at the UE generates the bitstream by using the
FC layers and the quantization or binary layer, and then feeds back the bitstreams via the uplink channel. The decoder at the BS recovers the CSI

from the feedback bitstreams by using the FC layers.

where O,_ge is the parameter of shared decoder f.o—ge(:).
Then, two individual decoders reconstruct the correspond-
ing individual CSI information, |H; |y and |Hz|y, as

Bl = faer (D(s1), Ouer | (12)

B2l = faer(D(52). Ou (13)

where Oge1 and Oge; represent the parameters of the two in-
dividual decoders, that is, fge1(-) and fge2(:). Subsequently,
two modules combine the information shared by nearby UE
and owned by individual UE by using FC layers as

|ﬁ1| = fcom1(|ﬁ1|v, |ﬁ|s’®com1)’
|ﬂ2| = fcom2(|I:IZIV7 |I:I|s, ®com2),

where feom1(+) and feom2(-) are the combination modules at
the two nearby UE; O¢om1 and Oqomy are the NN parameters
of these two modules; [H;| and |H,| are the final recon-
structed magnitude matrices of the CSL

Fig. 2 shows the entire cooperative CSI feedback frame-
work 2, which consists of the encoders at the UE and the
decoders at the BS. Details of the encoder and decoder
modules are provided subsequently. At the UE, the two en-
coders generate the bits via the FC layers and the binary (or
quantization) layer. Once the bitstreams are generated, they
feed back the bits via uplink transmission. Then, the shared
decoder at the BS recovers the shared CSI information from
the feedback of the two nearby UE. At the same time, the
individual decoders recover the individual CSI information
for the two UEs. The final CSI magnitude matrix is the
combination of the recovered shared and individual CSI
magnitude information. The co-decoder network architec-
ture is similar to that of the individual decoder except
that the input of the co-decoder is the feedback of all the
cooperative UEs. The combination network consists of an
FC layer with N.N; neurons and Sigmoid activation func-
tion. The proposed CoCsiNet contains explicit and implicit

(14)
(15)

2. Our proposed method can be easily extended to the wideband
scenario by embedding the encoder and decoder for the wideband
scenario to the proposed framework.

cooperation. Explicit cooperation is that the decoder at the
BS jointly recovers the CSI from the feedback of nearby UEs.
Implicit cooperation is in the compression at the encoders.
Different from the NNs without cooperation, which have to
feed back the shared CSI information by the UE repeatedly,
the encoders at the CoCsiNet cooperatively feed the shared
CSI information back through the end-to-end learning.

The training of the two nearby UEs should be per-
formed together, thereby enabling CoCsiNet to extract and
recover the shared CSI information. Therefore, the proposed
CoCsiNet is directly trained using a one-step end-to-end
learning approach. Training loss function MSEccsiNet is the
overall MSE of the two UE as

MSEcocsive: = |l = L[ + 1) - Bl (6)

Given that the encoder of the CoCsiNet at the UE is
the same as many existing feedback frameworks without
UE cooperation, the NN parameter number and floating-
point operations do not increase. Although an extra shared
decoder exists at the BS, which increases the NN complexity,
slight effect can be exerted on the running speed of the
CSI reconstruction because the computation power is not
limited at the BS, and three decoders can run parallelly.

The proposed CoCsiNet can be easily extended to the
scenario with more UEs. Each UE is still equipped with an
encoder. Assuming that the nearby UE number is K, at the
BS, a shared decoder reconstructs the shared information
based on the feedback from K UEs. K individual decoders
reconstruct their corresponding individual information. Fi-
nally, combination modules mix the shared and individual
information to produce the final CSI of K UEs.

3.2 NN Modules in the CoCsiNet

In this part, the baseline NN architecture used in this
work is first introduced. Then, the binarization operation,
which generates the bitstreams and can be regarded as an
extension of the one-bit quantization, is described. Finally, a
phase strategy called MDPF is proposed.
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Fig. 4. lllustration of MDPF-1. During the training, the loss function is the weighted MSE function dependent on the CSI magnitude, which then
introduces statistical CSI magnitude information to the NNs. The quantization module following the encoder is neglected in this figure.

3.2.1 Baseline NN Architecture

Fig. 3 shows the NN architecture, including an encoder and
a decoder. The encoder at the UE is composed of three FC
layers followed by three batch normalization (BN) layers.
The activation function of the first two BN layers is the
LeakyReLu function, which assigns a non-zero slope to the
negative part compared with the standard ReLu activation
function, as

17)

>0
LeakyReLu(x) = {x t= ,
ax x<0

where a is a small number. The activation function of the
last BN layers is a tanh function, which aims to generate the
numbers in the continuous interval [-1, 1] as

X —X

—-e

tanh(x) = (18)

The last layer at the encoder is the quantization or the
previously mentioned binary layer. The decoder at the BS
also contains three FC layers 3. Unlike the NN layers at
the encoder, the neuron number of the last FC layer here is
N, xN;, and the last BN layer employs the Sigmoid function
to normalize the outputs into [0, 1].

If the UE is equipped with multiple antennas, then an
LSTM architecture is added to the last layers at the decoder
to exploit the correlation among different antennas at the
same UE, like the architecture in [23]*. The LSTM archi-
tecture is widely used in time-varying scenarios to extract
and utilize the time correlation, such as CsiNet-LSTM [23].
LSTM is designed for sequence data. In the sequence data,
a correlation exists between the adjacent “frames.” This
correlation involves not only the time correlation but also
others, such as frequency correlation and spatial correlation.
Therefore, in this work, LSTMs are used to extract and
exploit the correlations between nearby antennas. The extra
LSTM at the decoder can well reconstruct the CSI because
this NN architecture has inherent memory cells and can

3. If we adopt the quantization layer, the dequantizer is necessary but
we here do not draw this part.

4. Obviously, if an LSTM module is added to the encoder part,
the encoder will be much more efficient and extract more features.
However, considering the complexity of the LSTM module and the
limited computation power at the UE, we here do not add the LSTM
module at the encoder.

keep the previously extracted information for a long period
for later reconstruction. Further details about the LSTM
module can be found in [44].

In [21], after the FC layers at the decoder, several convo-
lutional layer-based RefineNet modules are added to refine
the initial reconstructed CSI. Here, the LSTM layers can
also be regarded as a module that refines the initial output
of the baseline decoder by using the antenna correlation.
Specifically, once the baseline decoder outputs the initial

reconstructed CSI M, = [hl 1,hl I ’hz,N,] € RN-*Nt the
initial CSI of the i-th UE is divided into N, vectors, and each
vector is then used as an input to the three stacked LSTM
layers. The outputs of N, LSTM modules are concatenated to
generate the final reconstructed H;. The entire NN is trained
via an end-to-end approach, and the loss function used in
the CSI magnitude feedback is the MSE function.

3.2.2 Binarization Operation

Conventional DL-based methods, which can be regarded
as DL-based CS algorithms, have two main operations®,
namely, compression and quantization. From the perspec-
tive of the machine learning domain, the first operation
aims to generate the latent representative vectors of the
original CSI or extract the features of the original CSI. The
quantization operation quantizes the features to decrease
feedback overhead.

Furthermore, the binary representation can be used
to generate the bitstreams [29]. To an extent, this binary
presentation-based CSI feedback can be regarded as a
codebook-based data-driven feedback strategy. Unlike the
previous methods on codebook design, the NN-based en-
coder, including the binary layer, can be regarded as the
module that generates the codebook indices, which are com-
posed of a set of {-1,1}. Correspondingly, the NN-based
decoder recovers the CSI by using the codebook indices.
According to [45], the binarization operation contains two
main steps.

(1): The neuron number of the last FC layer at the
encoder is set the same as the desired length of
the feedback bits. To generate the numbers in the

5. Similar to [27], we here do not consider the entropy encoding
because this operation is lossless.
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continuous interval [-1, 1], the activation function of
the BN following the last FC layer is tanh(-).

(2):  The real-valued representation is then taken as the
input to generate a discrete output in the {-1,1} set
by binarization function b(-) of x € [-1,1], which is

defined as
b(x) = x + €, (19)
- 1-x w%th probab%l%ty % 20)
-x—1 with probability 3%,

where € denotes the quantization noise, and E(e) = 0.

Given that the second step is nondifferentiable, the gradient
of this step is set as one to backpropagate gradients through
this operation, that is, binary layer 8.

3.2.3 NN for Phase Feedback

Unlike the CSI magnitude, which is sparse due to limited
paths, the phase matrix of the CSI is not sparse at all. If
the phase information is fed back by the same method as
magnitude feedback, then too much useless information
must be relayed. The feedback bits corresponding to the CSI
with a small magnitude have minimal useful information
and waste resources. If this information can be dropped
during the feedback process, the feedback overhead will be
efficiently exploited, and the feedback performance can be
greatly improved.

In [24], a magnitude dependent phase quantization strat-
egy is proposed, where CSI coefficients with large magni-
tudes adopt finer phase quantization, and vice versa. The
more important the CSI phase is, the more bits can be
allocated. In [46], an extra NN is introduced to allocate
the quantization bits. Inspired by the above work, two
magnitude-dependent strategies are adopted for the CSI
phase feedback, which are dependent on the statistical and
the instant CSI magnitudes.

3.2.3.1 MDPF-1: Unlike the previous work focusing
on the allocation of quantization bits, the NN focuses on
coefficients with large magnitudes by modifying the loss
function in the MDPF-1. In the above-mentioned magnitude
feedback, the loss function is the naive MSE function. The
MSE loss function equally treats each coefficient in the
matrix and narrows the gap between the ground truth and
the prediction. This naive loss function does not consider the

importance of the phase coefficient. Therefore, as illustrated
in Fig. 4, the MSE loss function is modified by introducing
important information, that is, the statistical magnitude
information as

MSEphase =|I(«H - AI:I) ©) |H|||%’ (21)

where <H denotes the original phase of the CSI in radians,
(H is the predicted phase, |H| is the corresponding CSI
magnitude, and © represents the Hadamard product.

The NNs used in the MDPF-1 are similar to the baseline
NN architecture in the magnitude feedback. During the
parameter update, large errors have much influence on
MSE loss because MSE squares the errors before they are
averaged [47]. Given that the importance of the phase is
decided by the corresponding CSI magnitude, the larger the
magnitude is, the larger the MSE. By adding the magnitude
information to the loss function of the phase feedback, the
parameter update can favor the phase coefficients with large
magnitudes. Given that the instant CSI magnitude is not an
input of this network during the test, the proposed method
compresses and feeds back the CSI phase using the statis-
tical CSI magnitude information, which is learned during
the training by introducing the instant CSI magnitude to the
loss function.

3.2.3.2 MDPE-2: Different from MDPF-1, where the
instant CSI magnitude is not as input of this network and
only the statistical CSI magnitude information is used, the
instant CSI magnitude is input to the encoder in MDPF-2, as
shown in Fig. 5. The other parts, including the loss function,
the NN architecture, and the training strategy, are all the
same as those in MDPF-1.

4 SIMULATION RESULTS AND DISCUSSIONS

In this section, a numerical simulation is conducted to eval-
uate the feedback performance of our proposed methods.
First, the simulation setting, including the channel param-
eters, the NN architecture details, and the NN training
details, is introduced. Then, the quantization and binariza-
tion performance are compared. Numerical simulation is
conducted to demonstrate the superiority of the proposed
methods in Section 3, namely, the extra LSTM and the MDPF
strategy. Finally, the proposed cooperation-based NNs, that
is, CoCsiNet, is compared with the NN, ignoring the CSI
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Fig. 6. lllustration of the simulation environment of the dataset generated
by QuaDRiGa software

correlation between the nearby UEs. According to [27],
insight into the cooperative CSI feedback is obtained via
NN parameter visualization.

4.1 Parameter Setting
4.1.1 Channel Generation

To evaluate the proposed CoCsiNet, two different channel
datasets generated by ourselves and public software, are
used. First, channels of the urban microcell are generated
using the 3GPP spatial channel model (SCM) [39]. Following
the setting in [30], the frequency of the downlink is 2.17
GHz. The inter antenna spacing is half wavelength, that is,
d = ¢/(2fy), where c is the light speed and fy = 2 GHz in
carrier frequency. N. = 3,4,5,6 random scattering clusters
(paths) ranging from —x/2 to /2 exist’. The number of BS
antennas is 64 or 256, and the number of UE antennas is 1
or 4. Given that the UE are assumed to be nearby, such as
the stadium scenario, the nearby UE’s CSI shares the most
scattering clusters and has similar path loss. Specifically, the
channel parameters of the first UE, namely, AoA, AoD, and
gain, are first randomly set. Then, the channel parameters
of the second UE are generated by adding small random
values to those of the first UE. A total of 100,000 pairs of CSI
samples are generated by MATLAB.

Instead of generating a database by adding a small
random value to the channel parameter, the second
dataset is generated by QuaDRiGa software [48], satis-
fying 3GPP TR 38.901 v15.0.0 [49]). The urban microcell
(UMi) scenario with non line-of-sight (NLOS) paths, i.e.,
3GPP_38.901_UMi_NLOS scenario, is considered. The sim-
ulation environment is shown in Fig. 6. The height of the
BS, with 256 transmit antennas, is 25 m. The building with
20 floors is 100 m away from the BS. The UE is located in a
20 mx20 m area and randomly located on the 20 floors.
The height of each floor is 3 m and the UE height is 1.5 m.
A total of 10,000 groups of CSI are randomly generated. As
mentioned in [2], the device density grows to hundred(s)
per cubic meter in the future, where the users are tens of
centimeters apart. Therefore, each group has two or four
UEs, and the distance between any two is less than 0.3 m.

6. Different from the channel estimation in [36], which considers
the sub-paths of each scattering cluster, we here do not take it into
consideration, because the feedback CSI is estimated at the UE, whose
path resolution is limited.

TABLE 1
The detailed architecture of the proposed NNs

Layer name Output size Activation function
= Input Layer N, X N; None
2 Reshapel N, N; x1 None
5 FC1+BN1 2N, N; x1 LeakyReLu
2 FC2+BN2 2N, N; x 1 LeakyReLu
5 FC3+BN3 Niits/B “or Nijgs X 1 Tanh
Quantization
or Binary layer Noits X 1 None
= FC4+BN4 4N, N; x 1 LeakyReLu
% FC5+BN5 4N, N; x 1 LeakyReLu
et FC6+BN6 N,N; x1 Sigmoid / Tanh ™
< Reshape2 N, x N, None
S LSTM1 Ny X N, -
A LSTM2 N, X N; -
LSTM3 N, X N; -

" B represents the number of quantization bits.

“If the decoder is used to recover CSI magnitude, we choose the
Sigmoid function. If the decoder is used to recover CSI phase, we
choose the Tanh function.

)
o
L
n
=
p
—o— Binarization
30| 0.05 0.1 |—=—four-bit Quantization
35 one-bit Quantization
0 0.1 0.2 0.3 0.4 0.5 0.6
BPD

Fig. 7. NMSE (dB) performance comparison of CSI magnitude feedback
between four and one-bit quantization, and binarization operation under
different BPD. The BS is equipped with 256 antennas, and the UE has a
single antenna. The first SCM dataset is adopted, and the channel path
number is N. = 5.

The datasets are randomly divided into training, vali-
dation, and test datasets with 70%, 10%, and 20% samples,
respectively. During the training, the first dataset is used to
update the NN parameters, and the second is used to avoid
over-fitting. In this work, early stopping is adopted to avoid
overfitting as soon as the performance on the validation
dataset decreases. Furthermore, bit per dimension (BPD)
is used here to describe the feedback overhead, which is
widely used in the image compression domain and defined
as
Nbits
Ny Nt .

BPD = (22)

4.1.2 NN Architecture

In Section 3.2.1, the NN architecture is briefly introduced.
In this part, the details of the NN architecture and the
training are provided. Given that our main contribution is
not designing NN architectures for CSI feedback, only the
standard FC, BN, and LSTM layers are used. The UE and the
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Fig. 8. NMSE (dB) performance of the CSI phase feedback. The BS is
equipped with 256 antennas, the UE is equipped with a single antenna,
the first SCM dataset is adopted, and the channel path number is N, =
3.
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Fig. 9. NMSE (dB) performance of CSI feedback with imperfect uplink
transmission. The scenario is considered where the BS is equipped with
256 antennas, the UE is with a single antenna, the first SCM dataset is
adopted, and the channel path number is N. = 5. The BER is from 0.1
to 0.0001.

BS have three FC layers. Considering sufficient computation
power at the BS, the FC layers at the BS are twice wider
than those at the UE. Table 1 shows the parameters of the
proposed NN 7, including the neuron numbers of the FC
layers and the activation function.

Simulation is run on TensorLayer 1.11.0 and conducted
on one NVIDIA DGX-1 station. The batch size is set to 200,
the learning rate is 0.001, and the epoch is 1,000. During
the training, the adaptive moment estimation is used to
optimize the loss function.

7.1f the BPD is changed, only the last FC layer has been changed
for the encoder at the UE. Therefore, the multiple-rate CSI feedback
strategy can be easily extended to this work.
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4.2 Performance of NN-based CSI Magnitude Feedback

In this part, the performance of the NN-based CSI magni-
tude feedback with the first SCM dataset is evaluated.

First, the two main methods of generating bitstreams,
namely, quantization and binary representation, are com-
pared. The single-user scenario, where the BS is equipped
with 256 antennas and the UE has a single antenna, is
considered. The number of the quantization bits, B, is set
as 4, which is proven the best through simulation in [25].
The BPD-NMSE tradeoffs achieved by the quantization and
binarization are plotted in Fig. 7.

To an extent, the binarization operation can be regarded
as a special case of quantization with B = 1. Unlike the
general quantization, as in (20), the binarization operation
introduces quantization noise € with a zero-mean property,
thereby making b(x) an unbiased estimator for soft value
x, that is, Ec[b(x)|x] = x [29]. The binarization operation
and the common one-bit quantization are also compared in
Fig. 7. The former outperforms the latter by a large margin,
indicating the importance of zero-mean €. The performance
of the quantization operation is better than that of the
binarization operation for most scenarios, except when the
BPD is very low, that is, the feedback overhead is extremely
limited.

Fig. 9 illustrates the robustness of the proposed NNs
by using the quantization operation to the imperfect uplink
transmission. The scenario, where the BS is equipped with
256 antennas, the UE has a single antenna, and the channel
path number is N, = 5, is considered. Unlike most works
that directly add noise to the codewords and use signal-to-
noise ratio to describe the uplink condition [27], the bit-error
ratio (BER) is used to denote the feedback condition because
the focus is now on the digital CSI feedback rather than the
analog one. During the test phase, the errors are introduced
by the bit-wise exclusive-or between feedback bits and 1
at a predefined probability, that is, BER. Clearly, the NN
performance worsens as the BER increases. However, the
feedback with a high BPD is more sensitive to the BER, that
is, the uplink transmission condition, than that with a low
BPD. Fig. 9 indicates that for the feedback with a low BPD,
namely, 0.05 and 0.1, no degradation in feedback accuracy
is observed if the BER is lower than 0.005. For the feedback
with a high BPD, namely, 0.4, 0.5, and 0.6, even the BER
is very low (e.g., 0.0001), performance degradation is still
observed. Therefore, the feedback with a high BPD is more
sensitive to the uplink condition than that with a low BPD.

If the UE is equipped with multiple antennas, the extra
LSTM module is added after the FC layers of the decoder
to well extract the correlation between the nearby antennas
at the UE. Here,a scenario, where the BS and the UE are

TABLE 2
NMSE (d B) performance comparison between the FCNN and the
LSTM.
N, 3 4 5 6
LSTM ~ | -24.84 -2098 -20.82 -18.94
FCNN “| -21.95 -18.75 -1831 -16.52
*LSTM represents the NNs with LSTM mod-
ules.

“ FCNN represents the FC NNs.
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Fig. 10. NMSE (dB) performance comparison between the CoCsiNet and the NNs without cooperation given 256 antennas at the BS and a single
antenna at the UE. The first SCM dataset is adopted, and the channel path number is N. = 3,4, 5, 6.

equipped with 64 and 4 antennas, is considered. Table 2
compares the feedback performance of the FC NNs and
the NNs with LSTM modules when the BPD is 0.3. The
table displays the improvement of the feedback accuracy
for different path numbers due to the extra LSTM modules.

4.3 Performance of MDPF NNs

In this part, the performance of the proposed MDPF NNss is
evaluated with the first SCM dataset, where the magnitude
information is added to the loss function of the phase
feedback.

Different from the compression and feedback of the CSI
magnitude, the compression of the CSI phase is dependent
on the CSI magnitude. Therefore, when evaluating the feed-
back accuracy of the CSI phase, the NMSE between the
original and the reconstructed CSI phase is not directly
calculated, but the NMSE between the original and the
reconstructed complex CSI, that is,

I(«H - H) o IHllli}

(23)
IH|)2

NMSE = E:

The scenario, where the BS is equipped with 256 an-
tennas, the UE is equipped with a single antenna, and the
channel path number is N. = 3, is considered. Fig. 8 plots
the BPD-NMSE tradeoffs achieved by MDPF-1, MDPE-2,
and the naive phase feedback method. When the BPD is
very low, the NMSE of the original phase feedback method
exceeds 0 dB, which means that slight useful information
about the CSI phase is fed back because the NNs do not
know which information is significant, only attempt to feed
back all the phase information, and require many feedback
bits. A 8.93 dB improvement is achieved by MDPF-1 and
MDPF-2 when the BPD is 0.5. MDPF-2, which exploits
instant CSI magnitude information, outperforms MDPF-2,
specifically when the BPD is low. As the BPD increases, the
gap becomes smaller, because feedback bit is enough for all
required phase information for MDPF-1 and MDPF-2.

To exploit the correlation in the CSI magnitude, the
phase and the magnitude of the CSI are fed back sepa-
rately, thereby leading to a bit-allocation problem in the
phase and magnitude feedback. The unoptimized allocation



strategy leads to a great decrease in CSI feedback accuracy.
A similar issue has been also mentioned in [46], which is
regarded as an important direction in the future. To the
best of our knowledge, no reasonable allocation strategy
is in the existing works. Therefore, the best bit-allocation
strategy is specifically through an exhaustive search based
on extensive simulation. How to allocate bits adaptively will
be considered in our future work because the goal of this
work is to show the performance improvement achieved by
exploiting the UE correlation.

4.4 Performance of Cooperative CSI Feedback

In this part, the performance of the proposed cooperative
CSI feedback NNs, CoCsiNet, using the two datasets is eval-
uated, and the mechanism is explained via NN parameter
visualization.

4.4.1 Comparison between CoCsiNet, CS, and NNs with-
out cooperation

Fig. 10 compares the performance of the CoCsiNet and
the NNs without cooperation with the first SCM dataset
when the BS has 256 antennas, the UE has a single-receiver
antenna, and the channel path number is N. = 3,4,5,6.
When the BPD is low, the proposed CoCsiNet outperforms
the original one by a large margin because the feedback
information of the single UE is extremely few to recover the
CSI accurately for the decoder at the BS when the BPD is
low, that is, the feedback overhead is extremely constrained.
Therefore, in this scenario, the shared information does not
need to be fed back repeatedly if the two UEs can feed back
the CSI via cooperation. However, when the BPD exceeds
0.3, a small gap exists between the two methods, because the
feedback information of the single UE is enough to recover
the CSI accurately for the decoder at the BS.

Fig. 11 compares the feedback performance of the CoC-
siNet with LSTM modules and the NNs without cooperation
with the first SCM dataset when the BS has 64 antennas and
the UE has 4 antennas at the UE, respectively. The BPD is
0.05 or 0.10, and the channel path number is N, = 3,4,5, 6.
For the scenario with low BPD, CoCsiNet outperforms the
NNs without cooperation by a large margin. When the BPD
is 0.05, the gap between the CoCsiNet and the NNs without
cooperation decreases as the channel path number increases.
By contrast, when the BPD is 0.10, the gap increases as the
channel path number increases. For extremely low BPDs,
such as 0.05, the feedback bits are insufficient for the CoC-
siNet. Therefore, if many channel paths exist and further
information is needed to be fed back, CoCsiNet cannot
handle this scenario, thereby narrowing the performance
gap.

To make the validation of the proposed CoCsiNet more
convincing, the cooperation framework is evaluated using
the second channel dataset, which satisfies 3GPP TR 38.901
v15.0.0. Different from the above comparison, which just
considers the baseline NN architecture, more benchmarks
are considered to ensure that the performance gain achieved
by CoCsiNet is not due to the NN complexity, as shown in
Fig. 12.

Benchmark-1 represents the baseline architecture used
in Fig. 10. Benchmark-2 represents the network architecture
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Fig. 11. NMSE (dB) performance comparison between the CoCsiNet
with LSTM modules and the NNs without cooperation with the first SCM
dataset when the BS has 64 antennas and the UE has 4 antennas,
respectively, the BPD is 0.05 or 0.10, and the channel path number is
N. =3,4,5,6.
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Fig. 12. NMSE (dB) performance comparison between the CoCsiNet
and the NNs without cooperationgiven 256 antennas at the BS, a single
antenna at the UE, and the channel model of 3GPP_38.901_UMi_NLOS

whose neuron number of the FC layers at the decoder
is twice that in the baseline architecture. Benchmark-3 is
similar to the architecture of the proposed CoCsiNet. With
some modifications, where the input of the co-decoder is
the feedback from the cooperative UE, the input of the co-
decoder here is the feedback of one UE. According to the
figure, the proposed CoCsiNet outperforms all benchmarks,
which further demonstrates the importance of exploiting the
correlation in the CSI magnitude of nearby UEs. Different
from the simulation results in the first dataset, the proposed
CoCsiNet always outperforms the NNs without cooperation
no matter what the BPD is. The performance gap may
be related to channel complexity because different datasets
show dissimilar simulation results. The gap increases with
the channel complexity. For a simple channel, the gap is
negligible when the BPD is high.

The DL-based feedback methods are also compared with
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TABLE 3
NMSE(dB) performance comparison (3GPP_38.901_UMi_NLOS scenario).

Method BPD 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 2.0
CS 0.65 0.76 0.74 0.60 0.38 0.13 -012 046 -085 -126 -1.66 -6.43
Alone -871  -10.01 -11.36 -12.04 -13.00 -13.65 -14.10 / / / / /

CoCsiNet-2UE | -10.62 -11.31 -1357 -1498 -1543 -1582 -1638  / / / / /

CoCsiNet-4UE 979  -1219 -1372 -1495 -1536 -1628 -16.68 / / / / /
the CS-based method. Table 3 compares the NMSE per- %108
formance. The CS problem is solved by the CVX toolbox. 6
The CS-based method performs extremely poorly compared
with the DL-based method, which is similar to the simu- -1 S ok ol et S |
lation result in [21] when the compression ratio is low. In L =& ‘Benchmarkl
this work, the compression ratio in the CS-based method g - & ‘Benchmark2
is extremely low. For example, when the BPD is 0.1, the c 4 Benchmark3
compression ratio is 1/40. The CSI is first compressed by o —— CoCsiNet-2UE
40 times and then discreted by a 4-bit uniform quantizer. GE-’ 3l —&—CoCsiNet-4UE
CS may not handle this scenario because sparsity is the <
only prior information that it can exploit. Moreover, the CS E‘S
reconstruction ignores the effects of codeword quantization. 27 g_=_gf —_ j_gi f_;t_ — _jgf_f_ _j

Table 3 also compares CoCsiNet with different coopera-

tive UE numbers. The four-user cooperative case performs 1
slightly better than the two-UE case because the shared 0 0.1 0.2 0.3 0.4 0.5 0.6
information occupies fewer feedback bits for each UE with BPD

more cooperative UE, An exception is that the two-user
cooperation outperforms the four-user one when the BPD is
0.05 because during the network training, the NNs become
more difficult to train with the increase of the UE number,
especially when the BPD is low.

4.4.2 NN complexity analysis

The NNs in this work mainly consist of the FC layers.
According to [50], the number of the FC layer’s floating
point of operations (FLOPs) is approximately twice the net-
work parameter number. Therefore, the parameter number
is just calculated. Fig. 13 compares the parameter numbers.
The increase in parameter number is very low compared
with Benchmark 1. Moreover, the parameter number of the
CoCsiNet is smaller than that of Benchmarks 2 and 3. Above
all, in the proposed CoCsiNet, only two parts are added
at the BS, namely, co-decoder and combination network,
and no changes are made at the UE side. As mentioned
in [27], the UE has limited resources (memory resources,
computational units, and battery power) but the BS has
sufficient resources. Therefore, the complexity increase of
the proposed CoCsiNet can be ignored.

Moreover, compared with the existing works [22], the
NN complexity is much lower. The FLOP number of the
proposed CoCsiNet is about 4 M, whereas that of the most
existing works is over 10 M (more details can be found in
Fig. 30 of [22] ). Therefore, the computational power require-
ment is low. To reduce the NN complexity further, some
NN compression techniques, such as NN weight pruning
and quantization [31], can be introduced to the proposed
CoCsiNet. This is consideration out of the scope of this
paper, and the interested readers are referred to [31].

Fig. 13. Comparison of the network parameter number of CoCsiNet and
Benchmark-1, Benchmark-2, and Benchmark-3
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Fig. 14. NMSE (dB) performance of CoCsiNet with different training
samples given 256 antennas at the BS and a single antenna at the UE.
The channel model is 3GPP_38.901_UMi_NLOS, and BPD is set as
0.2.

4.4.3 Effect of training sample number

DL-based algorithms learn knowledge from the training
dataset by an end-to-end approach. Therefore, the algorithm
performance is dependent on the training dataset. In this
part, the effect of the training sample number is evaluated.
Fig. 14 shows the NMSE performance of CoCsiNet with
different training samples given 256 antennas at the BS
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Fig. 15. NMSE (dB) performance on the second dataset generated by
QuaDRiGa given a mismatch between the training and test datasets.
“Original” means no mismatch between the training and test datasets
and “Non-online” means a mismatch between the training and test
datasets. Online-1, Online-2,and Online-3 mean that the NNs are fine-
tuned by the new datasets with 500, 1,000, and 1,500 samples, respec-
tively.

and a single antenna at the UE. The channel model is
3GPP_38.901_UMi_NLOS, and BPD is set as 0.2. The feed-
back accuracy is improved with the training number. When
the number is over 8,000, the performance improvement is
less. The CSI collection may lead to extra communication
overheads. However, the recent simulation results in [51]
show that the uplink CSI samples can be directly used to
train the downlink CSI feedback NNs. The UE does not
need to collect and transmit the estimated downlink CSI to
the BS for NN training. The BS can easily collect substantial
uplink CSI samples for CSI feedback training. Therefore, the
training samples are enough for the training of CoCsiNet in
practical systems.

4.4.4 Generalization capabilities of the CoCsiNet

The reason behind the success achieved by the DL-based CSI
feedback is that the NNs can learn the environment from
the training dataset [27]. However, the ability of learning
environment is a double-edged sword in communications.
If the practical environment is remarkably different from the
simulated one, the accuracy greatly drops for the DL-based
applications in communications, which has been a great
challenge for the deployment of the DL-based algorithms.

Fig. 15 shows the performance of the DL-based CSI feed-
back with cooperation with the second dataset generated
by QuaDRiGa given a mismatch between the training and
testing datasets. The UE in the training dataset is located
at a 20 m x 20 m area that is 100 m away from the
BS, whereas the UE in the test dataset is located at a
20 m x20 m area that is 8 m away from the BS. The
performance drops much given a mismatch.

As mentioned in [20], online training is necessary if the
NNs work under the mismatched channel. Therefore, the
trained NNs are fine-tuned using the new dataset with
500, 1,000, and 1,500 samples, which are much less than
the original training dataset. A performance improvement
occurs when the NN are fine-tuned by the new dataset, and
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the performance improvement increases with the number
of the samples used for fine-tuning. If the new dataset is
enough, no performance drop is observed.

4.4.5 Cooperation mechanism

The motivation of finding attention of the NNs by parameter
visualization is NN pruning, where the small-weight con-
nections are pruned [31]. The simulation results in [31] show
that the feedback is closely dependent on the connections
with high weights, which can be regarded as the areas
of great interest. Through the parameter visualization, the
authors in [27] finds the NNs in the CsiNet+ pay most atten-
tion to non-sparse areas. Table 1 shows that the dimension
of the first FC layer at the encoder is N,N; x 2N, N;. The
mean absolute values of the weights along the second axis

are calculated as
2N, N,
Wl‘ = |Wi,j|, (24)

J=1

where w; ; represents the weight between the i-th input and
Jj-th output neurons.

Fig. 16 plots the normalized mean absolute value W; of
two encoders for CoCsiNet, where the BS is equipped with
256 antennas, the UE is equipped with a single antenna,
the first SCM dataset is adopted, and the BPD and the
channel path number are set as 0.05 and 3, respectively.
According to the statistical CSI, three paths are mainly
located around three areas, corresponding to Parameter IDs
50, 125, and 200. Dotted rectangles are used to circle these
areas, including the channel paths. The first and second
encoders pay the most attention to the third and first path,
respectively. The two encoders cooperatively feed back the
information of the different paths. At the BS, they share their
feedback information via the proposed shared decoder, and
the feedback bits are not wasted to feed back the duplicate
information. This situation explains why cooperation-based

NNs can outperform NNs without cooperation 8.

4.4.6 Robustness to the degree of correlation

Given no correlation among the UEs, they do not share
any information. Therefore, no performance gains can be
achieved no matter what algorithms are adopted. The pro-
posed method performs the same as that without exploiting
correlation if the UEs” CSI is independent. The degree of
correlation may vary in practical systems. The key problem
is how to make the proposed method robust to different
degrees of correlation. If the NNs are trained with the CSI
pairs with high correlation, the NNs cannot work well when
the correlation in practical systems is low. Two potential
solutions are available:

o Switch Mechanism: Several NNs are trained using
the datasets with different degrees of correlation
like in [20]. During inference, the NNs are selected
according to the practical degree of correlation. The
degree of correlation can be described through the
distance between UEs or the correlation between the
UEs’ uplink CSIL

8. The parameter visualization in this paper is an attempt to explain
why the proposed method works well but there is no strict mathemati-
cal theory support.
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Fig. 16. Visualization of the normalized absolute value of the first FC layer at the encoders for the CoCsiNet when the first SCM dataset is adopted,
and the BPD and channel path numbers N, are 0.05 and 3, respectively. The higher the absolute value is, the greater the attention that the NNs

must pay.

o Mixed Training Dataset: The mismatch between the
training and test leads to low robustness. If the test
degree of correlation is involved during the training
phase, the trained NNs can work well. Therefore,
the datasets with different degrees of correlation are
mixed to train the feedback NNs.

5 CONCLUSION

In this paper, a DL-based cooperative CSI feedback and
recovery framework, namely, CoCsiNet, is proposed to ex-
ploit the CSI correlation between the nearby UE in massive
MIMO systems. The nearby UE’s CSI information is divided
into two parts: shared by nearby UE and owned by individ-
ual UE. Specifically, an extra decoder and a combination
network are added at the BS to recover shared information
from the feedback bits of two nearby UEs, whereas the
individual information is recovered by the individual de-
coders of two UEs. Then, these two kinds of information are
combined at the BS by FC layers. Unlike existing coopera-
tion mechanisms, the proposed CoCsiNet does not need CSI
sharing, that is, D2D communication. Moreover, two repre-
sentative bit generation methods (namely, quantization and
binarization) are investigated, and two MDPF frameworks
that introduce CSI magnitude information to the CSI phase
feedback are presented. The proposed CoCsiNet framework
outperforms the NNs without cooperation by a large margin
when the feedback overhead is extremely constrained. NN
parameter visualization explains the cooperation mecha-
nism. In the CoCsiNet, the encoders of two nearby UEs
cooperatively extract the information of different channel
paths, thereby reducing the overhead used to feed back the
shared information repeatedly.

Although the proposed CoCsiNet has shown some
promising results, some extensive challenges are worth ex-
ploring further in the future. First, the proposed methods
are evaluated by two generated CSI datasets that cannot
exactly match the practical systems. Therefore, training and

evaluating the proposed CoCsiNet with the dataset mea-
sured from the practical systems in the future is essen-
tial. Second, the NN inference unavoidably introduces a
delay to CSI feedback, leading to channel aging [52]. The
training of DL-based CSI feedback needs to consider this
delay, and channel prediction is necessary [53]. Finally, the
proposed method is data-driven and lacks rigorous theo-
retical support. An interpretable model-driven cooperation
mechanism, such as [54], is needed.
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