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Abstract: To achieve the potential performance gain of massive multiple-input multiple-output (MIMO) systems, base stations (BS) require 
downlink channel state information (CSI) fed back by users to execute beamforming design, especially in the frequency division duplex (FDD) 
systems. However, due to the enormous number of antennas in massive MIMO systems, the feedback overhead of downlink CSI acquisition is 
extremely large. To address this issue, deep learning (DL) techniques have been introduced to develop high-accuracy feedback strategies un⁃
der limited backhaul constraints. In this paper, we provide an overview of DL-based CSI compression and feedback approaches in massive 
MIMO systems. Specifically, we introduce the conventional CSI compression and feedback schemes and the existing problems. Besides, we 
elaborate on various DL techniques employed in CSI compression from the perspective of network architecture and analyze the advantages of 
different techniques. We also enumerate the applications of DL-based methods for solving practical challenges in CSI compression and feed⁃
back. In addition, we brief the remaining issues in deep CSI compression and indicate potential directions in future wireless networks.
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1 Introduction

With the increasing demand for data traffic and mas⁃
sive connectivity, advanced technologies such as 
multiple-input multiple-output (MIMO), non-
orthogonal multiple access (NOMA), and ultra-

dense networks (UDN) have been proposed to meet the high-
throughput, high-reliability, and low-latency challenges in 5G 
and beyond 5G (B5G) wireless communication networks[1–2].  
Massive MIMO is considered a key technology in B5G net⁃
works since it improves the spectral and energy efficiency of 
wireless communication networks by simultaneously serving a 
set of users with multiple antennas at the base station (BS)[3].  
To achieve the potential multiplexing gain in massive MIMO 
systems, the BS requires downlink channel state information 
(CSI) for transmission design, such as beamforming and power 
allocation, to enhance the desired signal and eliminate multi-

user interference.
Since the performance of massive MIMO systems relies di⁃

rectly on the accuracy of the CSI obtained at the BS, it is sig⁃
nificant to develop practical CSI acquisition methods under 
various scenarios[4]. In time-division duplexing (TDD) systems, 
downlink CSI can be obtained at the BS from the uplink CSI 
by utilizing channel reciprocity. In frequency-division duplex⁃
ing (FDD) systems, uplink and downlink operate in different 
frequency bands, and the channel reciprocity no longer holds. 
Consequently, downlink CSI in FDD systems needs to be esti⁃
mated at the users and then fed back to the BS through a feed⁃
back link. However, the feedback overhead in massive MIMO 
systems is prohibitively large due to the fact that the dimen⁃
sion of CSI increases with the network scale. Thus, there is an 
urgent need for effective CSI compression and feedback meth⁃
ods to achieve acceptable accuracy under the constraint of lim⁃
ited backhaul.

In recent decades, deep learning (DL) has attracted growing 
attention in wireless communications due to its exceptional 
ability in feature extraction and function approximation, which 
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makes it a potential methodology to address the intractable 
nonlinear challenges in signal processing[5]. The DL tech⁃
niques are also introduced to CSI compression and feedback 
design in massive MIMO systems to overcome the drawbacks 
of conventional CSI feedback approaches such as substantial 
computational complexity and dependence on channel model 
assumptions. Given the superior performance of DL in image 
compression, DL-based CSI acquisition methods have the po⁃
tential to learn the compression of the CSI matrix in a data-
driven manner, thereby improving reconstruction accuracy 
and reducing feedback overhead. Furthermore, based on the 
domain knowledge of massive MIMO channels, model-driven 
DL methods can be applied to solve practical problems in CSI 
compression and feedback, such as network lightweighting 
and generalization enhancement.

In the rest of this paper, we first review the conventional 
CSI compression and feedback approaches in Section 2. The 
DL techniques deployed in CSI compression frameworks are 
summarized and elaborated in Section 3. Section 4 introduces 
the applications of DL techniques for solving practical chal⁃
lenges in CSI compression and feedback. The critical chal⁃
lenges and potential directions for CSI compression in future 
wireless networks are discussed in Section 5. Finally, Section 
6 concludes this survey.
2 CSI Compression and Feedback for Mas⁃

sive MIMO
To reduce the tremendous feedback overhead in massive 

MIMO networks, researchers have proposed CSI compression 
methods utilizing channel correlations and environmental 
knowledge. A straightforward approach to address the chal⁃
lenges in feedback overhead is to feed back only statistical 
CSI[4]. However, this strategy achieves only satisfactory perfor⁃
mance in limited scenarios such as slowly changing channels. 
To achieve the potential multiplexing gain in massive MIMO 
systems, it is necessary to investigate effective approaches for 
instantaneous CSI acquisition. In this section, we introduce 
the conventional CSI compression and feedback schemes 
based on two popular techniques, i. e., codebook-based meth⁃
ods and compressive sensing (CS).
2.1 Codebook-Based CSI Compression

An effective approach for instantaneous CSI acquisition 
with limited feedback relies on a pre-defined codebook for 
channel quantization. By employing a vector quantization co⁃
debook designed offline and known to both the BS and users, 
the users are only required to feed back the quantization index 
of the selected codeword in the codebook. In Ref. [6], nonco⁃
herent trellis-coded quantization (NTCQ) was proposed for 
channel quantization in massive MIMO. By leveraging the du⁃
ality between source coding on the Grassmannian manifold 
and channel coding for noncoherent communication, the com⁃
plexity of encoding grows linearly with the number of anten⁃

nas. Moreover, codebook-based channel feedback techniques 
have been incorporated into wireless standards such as 3GPP 
LTE and IEEE 802.16m[4].

Codebook-based channel feedback also faces some techni⁃
cal challenges in practical implementation. Since the design 
of the codebook is closely related to the channel distribution, 
a specific design is difficult to adapt to different system sce⁃
narios. In addition, the codebook size increases exponentially 
with the number of antennas, and the computational expense 
for the look-up algorithm at the BS increases accordingly.
2.2 Compressive Sensing-Based CSI Compression

CS is a signal reconstruction framework for recovering 
sparse signals through sub-Nyquist sampling, which has been 
widely applied to signal processing in wireless communica⁃
tions[7]. Since the antenna arrays in massive MIMO have 
strong spatial correlations, the channel matrix is expected to 
exhibit sparsity in the spatial-frequency domain. Based on the 
channel sparsity assumption, CS was first applied to the de⁃
sign of the CSI compression and feedback scheme in Ref. [8]. 
Specifically, the channel matrix was estimated and com⁃
pressed at the receiver via a predefined measurement matrix, 
which was randomly generated offline according to Gaussian 
distributions and known at both transmitter and receiver. Sub⁃
sequently, the transmitter adopted the orthogonal matching 
pursuit (OMP) algorithm to recover the channel, leveraging the 
known measurement matrix and sparsifying bases. The two-
dimensional discrete cosine transform and Karhunen-Loeve 
transform were employed as the sparsifying bases since they 
can offer a sparser representation of the signal. The dimension⁃
ality of the compressed channel was significantly reduced due 
to the channel sparsity, and the accuracy of recovery was ac⁃
ceptable with the sparsifying bases properly selected.

However, the CS-based channel compression and feed⁃
back still have some limitations in practical implementation. 
On the one hand, the CS-based CSI compression methods de⁃
mand a channel sparsity assumption in a certain domain; this 
assumption may not strictly hold in practice, leading to inac⁃
curacies in CSI recovery[9]. On the other hand, the signal re⁃
construction at the BS is generally solved by employing itera⁃
tive algorithms such as OMP, linear programming (LP), and 
basis pursuit (BP) [8]. These iterative algorithms introduce 
substantial computational complexity and time delay, mak⁃
ing the reconstruction process infeasible in practice. Conse⁃
quently, numerous studies have turned to promising DL tech⁃
niques to facilitate effective CSI acquisition under limited 
feedback, which will be introduced in the following sections.
3 Deep Learning Techniques for CSI Com⁃

pression and Feedback
Due to its strong capability of data processing and function 

approximation, deep learning-based CSI acquisition is consid⁃
ered a promising approach to addressing the challenges of con⁃
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ventional methods[10]. In this section, we focus on deep learn⁃
ing techniques for CSI compression and feedback. We first in⁃
troduce the general framework of deep CSI acquisition. Then, 
we focus on deep CSI acquisition techniques for CSI matrices 
with specific correlations, i.e., the spatial correlation and tem⁃
poral correlation. Finally, we analyze the computational com⁃
plexity of various deep CSI acquisition methods.
3.1 General Framework of Deep CSI Compression

The autoencoder is a common framework adopted in deep 
CSI compression and feedback. Inspired by image processing, 
autoencoder-based deep CSI acquisition methods view the CSI 
matrix as an image. As depicted in Fig. 1, the autoencoder 
framework consists of an encoder and a decoder. The CSI ma⁃
trix is first compressed into specific codewords by an encoder 
on the user side. Subsequently, the BS utilizes a decoder to re⁃
construct the CSI matrix from the received latent codewords, 
thereby facilitating efficient information feedback.

Various neural network (NN) architectures can be employed 
to design the autoencoder, such as convolutional neural net⁃
works (CNN) [11], long short-term memory (LSTM) networks[12], 
and the attention mechanism[13]. Different from images in com⁃
puter vision, the CSI matrix contains inherent correlations due 
to the physical propagation environment. Since the perfor⁃
mance of deep CSI compression and feedback is significantly 
affected by the NN architecture of autoencoders, appropriate 

NNs should be designed based on the specific characteristics 
of the CSI matrix, which will be discussed in the following two 
subsections.

The generative adversarial network (GAN) [14] is another ef⁃
fective framework of deep CSI compression and feedback, 
which learns the latent channel distribution to improve feed⁃
back performance. As shown in Fig. 2, GANs consist of two in⁃
terlinked NNs, i.e., a generator and a discriminator, trained in 
tandem through an adversarial process. During the training 
phase, the generator produces samples mirroring the distribu⁃
tion of the training CSI data, whereas the discriminator aims to 
distinguish between authentic and synthesized samples. Dur⁃
ing the inference phase, only the generator is deployed as the 
decoder to reconstruct CSI matrices.

In Ref. [15], a deep convolutional generative adversarial 
network (DCGAN) framework was proposed to improve feed⁃
back accuracy in massive MIMO systems. Specifically, the 
generator of DCGAN learns to reconstruct high-quality CSI 
from the compressed vector, and the discriminator network 
evaluates the recovery quality. The GAN-based framework out⁃
performs CS-based methods and achieves robust performance 
in outdoor channels. Moreover, a generative network termed 
PRVNet was proposed in Ref. [16] for CSI acquisition in 
MIMO-OFDM systems. By utilizing the generative framework 
of variational autoencoders, the PRVNet achieves robustness 
against various noise levels.

CNN: convolutional neural network     CR: compression ratio     CSI: channel state information     LSTM: long short-term memory
Figure 1. Illustration of autoencoder architecture
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3.2 Spatially Correlated CSI Compression
The CSI matrix in the space-frequency domain contains in⁃

herent spatial correlations, such as the correlation across BS 
antennas and the correlation among users. CNN is a suitable 
NN architecture for CSI acquisition, as it learns the spatial 
correlation of CSI matrices through convolutional operations. 
Specifically, in each convolutional layer of CNN, convolu⁃
tional kernels are used to perform element-wise multiplication 
and addition with the input data to capture local features. By 
sliding the convolutional kernels over the input data, an out⁃
put feature map with detected features is generated. The math⁃
ematical representation of the convolutional layer is formu⁃
lated as:
Yc,i,j = ∑

m = 1

Cin ∑
p = 1

F ∑
q = 1

F

Xm,i + p,j + q ⋅ Wc,m,p,q + bc (1),

where X ∈ RCin × Hin × Win is the input data, Y ∈ RCout × Hout × Wout is 
the output feature map, Wc ∈ RF × F is the c-th convolutional 
kernel and bc ∈ R is the corresponding bias. By stacking sev⁃
eral convolutional layers, the CNN can adjust the receptive 
field to learn the spatial local correlation of the CSI matrix.

The CNN architecture was first applied to CSI compression 
and feedback in Ref. [17], where a CNN-based autoencoder, 
termed CsiNet, was proposed to learn the spatial correlations 

among transmit antennas. The en⁃
coder extracts CSI features with con⁃
volutional layers and compresses the 
CSI with fully connected layers, 
while the decoder adopts a symmet⁃
ric structure and adjusts the number 
of layers and neurons. The recon⁃
struction accuracy of CsiNet is sig⁃
nificantly higher than that of the CS-
based methods. CsiNet merely con⁃
siders the CSI feedback in MIMO 
systems with a single user. However, 
in multiuser massive MIMO sys⁃
tems, the correlations among CSI 
matrices of nearby users can be ex⁃
ploited to improve the feedback per⁃
formance. In Ref. [18], an autoen⁃
coder, termed DeepCMC, with fully 
convolutional layers, was proposed 
for CSI feedback in multiuser MIMO 
systems. In DeepCMC, the encoders 
are distributively deployed across 
the users, while the decoder at the 
BS jointly reconstructs the multiuser 
CSI. The decoder consists of sepa⁃
rate decoder branches for users and 
combining kernels to fuse the side 
information of users. DeepCMC out⁃
performs CsiNet by exploiting the 

correlations among users.
3.3 Temporally Correlated CSI Compression

In time-varying channels, the temporal correlations should 
be considered in CSI acquisition. LSTM is capable of han⁃
dling long-term dependencies in sequential data due to its 
gated mechanisms, making it suitable for extracting temporal 
correlations to improve CSI feedback. Specifically, LSTM pro⁃
cesses sequential data by stacking a series of LSTM cells, 
which is formulated as:

i t = σ ( )W ix t + U ih t - 1 + b i

f t = σ ( )W fx t + U fh t - 1 + b f

o t = σ ( )Wox t + Uoh t - 1 + bo

C t = f t⊙C t - 1 + i t⊙ tanh ( )Wcx t + Uch t - 1 + bc

h t = o t⊙ tanh ( )C t

(2),

where i t is the input gate that decides what information should 
be added to the cell state, f t is the forget gate that decides 
what information should be discarded from the cell state, o t is 
the output gate that decides what information should be output 
from the cell state. Additionally, C t represents the memory 
cell, h t  denotes the hidden vector, and  t signifies the time 

DCGAN: deep convolutional generative adversarial network
Figure 2. Illustration of generative adversarial network architecture
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step. By maintaining and updating the cell state through these 
gates, LSTMs can effectively handle long-term dependencies 
of input data.

CsiNet-LSTM was proposed in Ref. [19] for CSI acquisition 
in time-varying massive MIMO systems. In CsiNet-LSTM, 
CNN-based encoders are deployed at the user side, while the 
decoders at the BS are composed of CNNs and LSTMs to cap⁃
ture the spatial and temporal features of CSI matrices. The re⁃
construction accuracy of CsiNet-LSTM is higher than that of 
CsiNet due to the temporal correlation extraction. Advancing 
from CsiNet-LSTM, ConvlstmCsiNet was proposed in Ref. [20] 
for further improvement in reconstruction quality. By adopting 
pseudo-3D blocks to maintain the independence of temporal 
and spatial features, ConvlstmCsiNet achieves remarkable 
feedback accuracy and robustness at low compression ratios.

Although LSTM-based deep CSI feedback methods effec⁃
tively extract the temporal correlation features of CSI matri⁃
ces, they ignore the weight assignment of CSI features. An at⁃
tention mechanism can be deployed in CSI feedback networks 
to assign more weight to dominant features, thereby enhancing 
the representation of temporal features and improving the per⁃
formance of CSI reconstruction. Specifically, the attention 
mechanism generates a set of weight factors to describe the im⁃
portance of features, and allocates more weights to the feature 
maps with more information. The attention weights are calcu⁃
lated as:

αij = exp ( )f ( )s i, s j

∑k
exp ( )f ( )s i, sk

(3),

where s i ∈ Rd is the input feature, and f is the alignment 
model operated by dense layers. Therefore, the output of the 
attention layer is:
c i = ∑

j
αij s j (4),

where i, j = 1 ,…, T denotes the length of the input sequence.
An LSTM-attention network was proposed in Ref. [21] to im⁃

prove CSI feedback accuracy by leveraging the attention 
mechanism to fine-tune the temporal features of CSI data. The 
autoencoder first deploys LSTM units to exploit the temporal 
correlation of massive MIMO channels, and subsequently in⁃
corporates the attention mechanism to prioritize and weight 
feature importance. The CSI recovery accuracy is significantly 
improved by adopting the attention mechanism. Moreover, a 
CNN-LSTM-A network was proposed in Ref. [22] for CSI feed⁃
back in MIMO systems with high user mobility, where the at⁃
tention mechanism is introduced to assign more weights to  
dominant features in each time step.
3.4 Computational Complexity Analysis

In this subsection, we evaluate the computational complex⁃

ity of deep CSI compression and feedback methods in the 
training and inference stages. Since the complexity of the 
training stage is mainly influenced by the backpropagation 
process for updating trainable parameters, we assess the com⁃
plexity of the training stage based on the parameter size of NN 
models, which is referred to as space complexity (SC). Mean⁃
while, the complexity of the inference stage is evaluated by 
the number of floating-point operations (FLOPs), referred to as 
time complexity (TC).

We consider the downlink of an FDD massive MIMO-
OFDM system with Nt antennas at the BS and a single-
antenna user. The system adopts OFDM transmission with Nc subcarriers. Since the complexity of deep CSI feedback mod⁃
els is primarily dominated by the convolutional layers and 
dense layers, we analyze the time and space complexity of 
these layers, respectively. According to Refs. [23 – 24], the 
time and space complexity of convolutional layers are

TCC = O (∑l = 1
L Wl HlCl - 1ClF

2
l  ) (5),

SCC = O (∑l = 1
L Cl - 1ClF

2
l  ) (6),

where Cl is the number of channels in layer l, and Fl is the 
convolution kernel size in layer l. In deep CSI feedback mod⁃
els, the width and height of input feature satisfies Wl Hl =
2Nt Nc, ∀l. Thus, the time and space complexity of convolu⁃
tional layers in CSI feedback NN models are

TCCSI
C = 4Nt Nc∑l = 1

L Cl - 1ClF
2
l (7),

SCCSI
C = ∑l = 1

L Cl - 1ClF
2
l (8),

where the time complexity consists of the number of multipli⁃
cation and addition in convolution operations, each occupying 
2Nt Nc∑l = 1

L Cl - 1ClF
2
l  FLOPs. The space complexity indicates 

the parameter size of kernels.
Similarly, the time and space complexity of dense layers are
TCD = O (∑l = 1

L Nl - 1 Nl ) (9),

SCD = O (∑l = 1
L Nl - 1 Nl + Nl ) (10),

where Nl denotes the feature dimension in layer l. In deep CSI 
feedback models, the input and output features are N0 =
2Nt Nc, NL = 2Nt Nc γ at the encoder and N0 = 2Nt Nc γ, NL =
2Nt Nc at the decoder, where γ is the compression ratio. Thus, 
the time and space complexity of dense layers in CSI feedback 
NN models are
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TCCSI
D = 4Nt Nc(1 + γ) (N1 + NL - 1 ) + 4∑l = 2

L - 1 Nl - 1 Nl (11),

SCCSI
D = 2Nt Nc(1 + γ) (N1 + NL - 1 + 1) +

2∑l = 2
L - 1( )Nl - 1 Nl + Nl + N1 + NL - 1 (12),

where the space complexity indicates the parameter size of 
weights and biases.

The time and space complexity of various feedback NNs are 
shown in Table 1. Since the feature dimension is related to the 
dimension of the CSI matrix and the feedback length, the com⁃
putational complexity increases with the compression ratio. 
Moreover, the complexity of convolutional layers is generally 
lower than that of dense layers. Since LSTM contains more 
dense layers, the complexity of NN in Ref. [17] is lower than 
that in Refs. [20] and [21].
4 Applications of Deep CSI Compression 

and Feedback
In the 5G R18 standard[25], various methods have been ad⁃

opted to improve the CSI compression and feedback, includ⁃
ing the historical CSI-based prediction methods that utilize 
historical CSI data to predict future CSI, non-AI/ML predic⁃
tion methods such as filters and interpolation algorithms, and 
the advanced prediction models utilizing AI/ML technologies. 
Current 5G communication protocols focus on enhancing the 
accuracy and real-time performance of CSI feedback through 
DL techniques, optimizing the transmission efficiency of 5G 
networks. DL techniques have been widely applied in 5G com⁃
munications. In this section, we discuss the applications of DL 
techniques for solving practical challenges in CSI compres⁃
sion and feedback designs. Specifically, we emphasize the rep⁃
resentative research achievements in network lightweighting, 
reconstruction performance improvement, CSI generalization 
enhancement, and the joint design of CSI compression, feed⁃
back, and precoding. These approaches are significant to the 
practical implementation of CSI acquisition, as they reduce de⁃
ployment costs and enhance compression efficiency.
4.1 Network Lightweighting

Network lightweighting is crucial to the practical deploy⁃
ment of DL-based CSI compression and feedback networks, 
aiming to reduce the network size deployed on both BS and 
users, thereby saving hardware costs. To date, numerous ef⁃
fective network lightweighting methods have been proposed 
and applied in the CSI compression and feedback of MIMO 
systems.

Due to more stringent computational and memory con⁃
straints on the users than on the BS, the primary objective of 
network lightweighting methods is to reduce the size of the en⁃
coder network at the user end. The most common approach in⁃
volves designing innovative convolutional structures to de⁃

crease the number of parameters at the encoder[26]. Typical 
lightweight structures include multi-branch convolutions, di⁃
mensionality reduction sampling of CSI feature maps, etc.

On the other hand, the inherent characteristics of CSI are 
also leveraged for the implementation of network lightweight⁃
ing. The observed similarity in the probability distributions of 
the real and imaginary parts of the CSI matrix enabled a 
method where only the real part of the CSI matrix is inputted 
into the network for training[27]. Subsequently, the trained net⁃
work was reused for the compression and feedback of the 
imaginary part. This approach, without compromising perfor⁃
mance, effectively reduces the network parameters by approxi⁃
mately half.

Furthermore,the real and imaginary parts of CSI matrix also 
carry inherent physical information. This characteristic has 
been utilized in studies focusing on network lightweighting. 
One research approach in Ref. [28] involved transforming a 
real-valued NN designed for lightweight purposes into a 
complex-valued NN, achieving equivalent network perfor⁃
mance with fewer parameters required. Another research in 
Ref. [29] focused on the design of a pseudo-complex-valued 
input layer, while retaining the real-valued NN. This approach 
allows the input CSI matrix to undergo equivalent complex-
valued operations, thereby reducing the computational over⁃
head by 24%.
4.2 Performance Improvement

In the context of DL-based CSI compression and feedback, 
enhancing the efficiency of CSI acquisition represents a para⁃
mount research direction. Extracting the inherent features of 
the CSI matrix to improve the compression performance from a 
physical perspective is considered a highly promising re⁃
search avenue.

Researchers initially focused on the sparsity characteristics 
of the CSI matrix, which vary with different channel scenarios 
and compression rates. According to existing DL-based 
theory, dense images are more aptly processed using convolu⁃

Table 1. Computational complexity of deep CSI feedback models

Complexity

Time 
complexity

Space 
complexity

Ref. [17]

Ref. [20]

Ref. [21]

Ref. [17]

Ref. [20]

Ref. [21]

1/4
21 659 648

121 708 544

-

2 103 904

28 326 904

10 247 148

1/8
5 668 864

97 591 296

-

1 055 072

22 296 312

-

1/16
3 571 712

86 319 104

-

530 656

19 477 624

7 484 688

1/32
2 523 136

80 879 616

-

268 448

18 117 432

7 024 272
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tional kernels of smaller size for feature extraction, while 
sparse images benefit from larger convolutional kernels. To en⁃
able CSI encoders and decoders to effectively extract features 
of CSI in various scenarios, a multi-path parallel convolutional 
structure has been proposed and applied to both[30–31]. By em⁃
ploying parallel convolutional layers with different kernel 
sizes to extract CSI features, this architecture significantly en⁃
hances the efficiency of CSI compression and feedback across 
diverse scenarios and compression rates.

In the realm of DL for image compression, a series of effi⁃
cient techniques have been developed by investigating the 
structural features of images. In CSI compression and feed⁃
back, the CSI matrix is often viewed as an image, thereby en⁃
abling the utilization of image characteristics of the CSI matrix 
to enhance compression efficiency. The CSI image can be di⁃
vided into many small blocks, where some blocks contain a 
high level of self-information and the image features within 
are referred to as shape features; conversely, blocks with less 
self-information are characterized by their texture information. 
By preserving blocks with high self-information shape features 
and discarding those with low self-information texture features 
during compression, researchers have achieved efficient CSI 
compression and feedback[32–33]. Distinct from black-box neu⁃
ral networks, this method incorporates CSI prior knowledge 
and significantly reduces the complexity of the encoder net⁃
work.

The previous researchers de⁃
signed NNs from the perspective of 
the image features of CSI. In con⁃
trast, other researchers aim to de⁃
sign CSI compression and feedback 
networks based on the extraction of 
physical CSI features. In Ref. [34], 
the authors discovered that the line-
of-sight (LoS) propagation path char⁃
acteristics and non-line-of-sight 
(NLoS) path features can be effec⁃
tively extracted by different NNs. 
Consequently, the authors employed 
a dual-feature fusion NN that com⁃
bines a CNN with an attention en⁃
hancement network structure to 
achieve improved compression per⁃
formance. In Ref. [35], the authors 
considered the similarity of the CSI 
matrix across different polarization 
directions caused by dual-polarized 
antennas and introduced a de⁃
coupled representation learning 
method. This method reduces the re⁃
dundant information shared across 
different polarization directions of 
CSI, thereby enhancing compression 

performance.
4.3 Generalization Enhancement

To achieve satisfactory CSI feedback performance, DL-
based approaches require a substantial amount of CSI training 
data, which is exceedingly costly in real-world scenarios. Fur⁃
thermore, when the channel environment changes, DL net⁃
works trained under different channel conditions cannot be ap⁃
plied to new channel environments. This necessitates CSI data 
re-collection and network re-training, thereby significantly in⁃
creasing the deployment cost of NN applications. Hence, gen⁃
eralization enhancement is a valuable direction for research.

To address the issues of insufficient training samples and 
the maladaptation of NNs to new channel environments, direct 
transfer learning and meta-learning, two methods of deep 
transfer learning, have been introduced into the CSI compres⁃
sion and feedback domain for generalization enhance⁃
ment[36–38]. Fig. 3 presents a schematic illustration of employ⁃
ing transfer learning methods for CSI compression and feed⁃
back. Both direct transfer learning and meta-learning are ef⁃
fective strategies for addressing model generalization and 
adaptability issues. They achieve this by utilizing the transfer 
of existing knowledge and adopting a “learning to learn” strat⁃
egy to rapidly adapt to new tasks, respectively. In Refs. [36–
38], deep transfer networks employing direct transfer and 

CSI: channel state information      NN: neural network
Figure 3. Transfer learning model for CSI feedback
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meta-learning methods required only a minimal amount of 
training data to achieve satisfactory CSI compression and feed⁃
back performance. Moreover, through fine-tuning, these net⁃
works can quickly adapt to new channel environments, signifi⁃
cantly reducing training overhead. Specifically, in Ref. [36], 
the downlink channel prediction was formulated as a deep 
transfer learning (DTL) problem, and a direct transfer algo⁃
rithm based on a fully-connected NN architecture was pro⁃
posed. The authors also designed a meta-learning algorithm 
that trains the network by alternately performing intra-task 
and inter-task updates, which is then adapted to new environ⁃
ments using a small amount of labeled data. Simulation results 
show that, compared with methods without transfer learning, 
the direct transfer algorithm and the meta-learning algorithm 
can improve downlink CSI prediction accuracy by up to 50%. 
In Refs. [37] and [38], the authors proposed a model-agnostic 
meta-learning (MAML) approach to address the issue of need⁃
ing a large number of wireless channel environment samples 
for training deep neural networks (DNNs) as pre-trained mod⁃
els. By fine-tuning the pre-trained model with a relatively 
small number of samples, they achieved CSI feedback models 
for different wireless channel environments at a lower training 
cost. Simulation results show that the MAML method achieves 
7 – 8 dB gains in CSI feedback NMSE compared with the 
deep transfer learning under different channel models.

Transfer learning methods can also be applied to the recon⁃
struction of MIMO channels, enabling the acquisition of suffi⁃
cient CSI training data without the need for extensive measure⁃
ment and labeling of actual channels. Ref. [39] utilized un⁃
trained neural networks (UNN) to obtain a large amount of 
equivalent wireless channel data through minimal measure⁃
ments (e.g., only a few time snapshots). In this transfer learn⁃
ing training, the UNN acquired prior knowledge about the 
propagation environment, thereby enabling the reconstruction 
of wireless channels.

Moreover, transfer learning techniques can also address the 
inflexibility issue in compression ratios within DL-based CSI 
compression and feedback methods[40]. In real-world communi⁃
cation scenarios, the channel conditions between the BS and 
users are constantly changing, necessitating adjustment to the 
compression ratio. Consequently, the users and BS need to 
store network parameters for various compression rates, which 
increases the hardware overhead. By employing transfer learn⁃
ing approaches, this overhead can be saved and the CSI com⁃
pression performance can be enhanced.

Finally, Ref. [41] addressed the issue of data silos and on⁃
line training adaptation caused by offline NN training, and 
proposed a DL approach based on interactive federated and 
transfer learning (IFTL). This method enables downlink CSI 
prediction and online update capabilities. The transfer learn⁃
ing approach takes into account various factors, including the 
asynchrony of different clients, and achieves good perfor⁃
mance in the channel environments of different cells. These 

research findings collectively underscore the potential and 
promising prospects of transfer learning methods in CSI com⁃
pression and feedback, making it a promising direction for fu⁃
ture research.
4.4 Joint Design of CSI Compression, Feedback, and Pre⁃

coding
In wireless communication, the purpose of CSI compression 

and feedback is to facilitate more efficient design of the pre⁃
coding matrix, thereby enhancing the communication rate in 
millimeter-wave MIMO (mMIMO) systems. Hence, merely im⁃
proving the accuracy of CSI compression and feedback with⁃
out considering precoding matrix design does not guarantee 
optimal communication performance. To address this, re⁃
searchers have integrated pilot estimation, CSI compression 
and feedback, and precoding matrix design into a unified pro⁃
cess, optimizing communication performance from the per⁃
spective of communication rates. This approach is more practi⁃
cally meaningful than efforts focused solely on achieving 
higher CSI reconstruction accuracy, as it addresses the overall 
effectiveness issue in communication systems.

Ref. [42] presented a joint framework for pilot design, CSI 
compression and feedback, and precoding design in downlink 
multi-user massive MIMO systems based on DL. The authors 
observed that this joint design problem could be modeled as a 
distributed source coding issue. Specifically, the pilot design 
employed an unbiased single-layer fully connected network 
for equivalence, with the network’s weights serving as the pi⁃
lot sequences to be optimized. The pilot was input into the CSI 
compression and feedback network, which output quantized 
codewords. This network effectively accomplished three tasks: 
channel estimation, channel compression, and quantization of 
the compressed codewords. Finally, the quantized codewords 
were input into a precoding network, which output the precod⁃
ing matrix optimized by the NN. Simulation results indicate 
that this approach closely matches the performance of tradi⁃
tional precoding schemes with perfect CSI while requiring sig⁃
nificantly less pilot and codeword feedback overhead. Ref. 
[43] proposed a similar joint training framework while intro⁃
ducing a training strategy distinct from that in Ref. [42]. This 
approach can circumvent the need for retraining across differ⁃
ent network scales intended for scalable designs, thereby re⁃
ducing training overhead.

Furthermore, to address the need for flexible pilot adapta⁃
tion due to the limited saturation levels of amplifiers in mas⁃
sive MIMO systems, Ref. [44] devised a DL-based closed-loop 
massive MIMO system joint optimization scheme. In this 
scheme, the authors represented the process of generating the 
beamforming (BF) matrix as a functional optimization prob⁃
lem. The functions of adaptive pilot length, CSI compression, 
and BF were all substituted by NNs, where each functional 
block learned the optimal strategy to maximize network utility 
during the training process.
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In real-world communication scenarios, signaling overhead 
and CSI mismatches can arise due to transmission delays. To 
address this issue, Ref. [45] developed a dual-timescale DNN 
architecture composed of long-term and short-term DNNs. The 
analog precoder, designed by the long-term DNN based on 
CSI statistical information, was updated once over multiple 
time slots. In contrast, the digital precoder was optimized at 
each time slot by the short-term DNN based on a low-
dimensional equivalent CSI matrix. Moreover, a corresponding 
dual-timescale training method was developed, which 
achieved lower bit error rates and pilot overhead reduction.

To summarize, the main contributions of the above papers 
are listed in Table 2.
5 Technical Challenges and Future Directions

Although various research has been proposed to solve the 
practical problems in massive MIMO CSI acquisition, there 
are still some open issues remaining to be investigated. In 
the following content, we enumerate the key challenges and 
future directions of DL-based CSI acquisition in future wire⁃
less networks.
5.1 Technical Challenges

The major challenge of DL-based CSI feedback lies in the 
enormous number of training samples required in the training 
process. Most existing works utilize the true CSI in massive 
MIMO downlinks as the training label and learn to minimize 
the error between true CSI and reconstructed CSI. However, 
CSI estimation in massive MIMO downlinks incurs overwhelm⁃
ing overhead, as the number of orthogonal pilots increases lin⁃
early with the number of antennas. This makes the training 
phase of autoencoders for CSI compression and reconstruction 
expensive and time-consuming. Furthermore, the testing data⁃
set in practical implementation often exhibits domain discrep⁃
ancies with training datasets due to time delay, which may 
lead to performance degradation[46]. Consequently, it is neces⁃

sary and challenging to obtain the appropriate training dataset 
at an acceptable cost.

The cooperation between the BSs and users in DL-based 
CSI feedback design also brings up various challenges. Since 
most existing DL-based designs employ end-to-end learning of 
the encoder and decoder, the users and BSs are required to ex⁃
change compressed CSI and calculated gradients, respec⁃
tively, leading to tremendous signaling overhead. Moreover, 
the network training process demands huge computational and 
storage resources, which are unaffordable for the users. Mean⁃
while, some studies investigate novel DL architectures to de⁃
ploy end-to-end training on the BS[47]. In this case, the encoder 
is obtained at the BS and thus brings up extra problems such 
as the intellectual property among manufacturers.

Another critical issue is enhancing the generalization capa⁃
bility of DL-based CSI feedback models. Most existing designs 
focus on autoencoder architectures over a specific channel dis⁃
tribution or have limited scalability towards some specific fac⁃
tors, which may suffer from severe performance degradation in 
real-time implementations, such as high mobility scenarios[48]. 
In addition, it is infeasible to train diverse models for different 
channel scenarios due to the high training cost. Therefore, the 
generalization capability of DL-based CSI feedback models is 
significant in practical use and remains a crucial challenge for 
future investigation.
5.2 Future Directions

The artificial intelligence-native air interface (AI-AI) is a 
disruptive framework that incorporates conventional signal 
processing modules by deploying AI models to the air inter⁃
face, which is considered a promising evolution of the network 
design in the B5G and 6G systems[49–50]. Different from the ex⁃
isting systems decoupling the source coding, channel coding, 
and data transmission into a block-to-block architecture, the 
goal of the AI-native air interface is to initially build an AI-
based communication framework considering the impact of 

Table 2. Summary of recent papers on deep CSI feedback

Advantages
Network lightweighting

Performance improvement

Generalization enhancement

End-to-end design

Key Techniques
Design an innovative structure of multi-branch convolutions

Exploit the similarity of real and imaginary parts of CSI
Exploit the sparse characteristics of CSI

Exploit the image characteristics of the CSI matrix
Extract CSI features based on physical propagation environment

Adopt model-agnostic meta-learning approaches
Adopt deep transfer learning techniques

Adopt interactive federated and transfer learning
Joint framework of pilot design, CSI feedback, and precoding
Consider adaptive pilot length for mm-wave MIMO systems

Design a dual-timescale network to reduce signaling overhead

References
Ref. [26]

Refs. [27–29]
Refs. [30–31]
Refs. [32–33]
Refs. [34–35]
Refs. [36–38]
Refs. [39–40]

Ref. [41]
Refs. [42–43]

Ref. [44]
Ref. [45]

CSI: channel state information      MIMO: multiple-input multiple-output
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hardware imperfections and radio environment. According to 
3GPP Release 18, CSI feedback is included as one of the 
three representative specific use cases in AI-native air inter⁃
face[51]. The key challenge of designing deep CSI feedback 
models for the AI-native air interface is the model generaliza⁃
tion capability over scenarios and configurations. Training da⁃
taset mixing and online learning are two potential approaches 
to this challenge[52]. By mixing the CSI samples generated with 
different channel models, a training dataset that covers vari⁃
ous channel distributions can be formed, thereby improving 
the generalization ability of the model. Online learning is re⁃
quired when new channel distribution occurs. Moreover, ad⁃
vanced learning-based techniques such as transfer learning 
and meta-learning could be deployed to accelerate online 
learning and reduce training overhead.

Terahertz (THz) -band communication is regarded as a cru⁃
cial technique to support the increasing demand for communi⁃
cation capacity and bandwidth in future wireless mobile com⁃
munications. To alleviate the high propagation loss and power 
limitation in THz communications, densely packed nano-
antenna arrays are employed to construct ultra-massive MIMO 
(UM-MIMO) systems[53]. However, CSI acquisition in UM-
MIMO systems is more challenging than that in massive 
MIMO due to the expanding number of antennas, beam squint, 
and hybrid-field effects[54]. Moreover, training labels for DL-
based CSI feedback design are more difficult to acquire. 
Model-driven deep learning is a promising approach to these 
challenges. For example, deep unfolding is a model-driven 
technique that unfolds iterative algorithms into a layer-wise 
neural network[55]. Since the CSI reconstruction at the BS is 
generally achieved via iterative algorithms, deep unfolding 
can be adopted for CSI feedback design in UM-MIMO sys⁃
tems. Furthermore, unfolding-based DL networks rely on the 
architecture of the underlying iterative algorithm and incorpo⁃
rate inherent domain knowledge. Thus, the number of train⁃
able parameters in unfolding-based DL networks is consider⁃
ably lower than that of black-box DNNs, thereby reducing 
training overhead.

Semantic communication is a novel framework that takes 
into account the meaning of transmission messages in signal 
processing designs[56–57]. With the increasing demand for 
content-based services in 5G and beyond, semantic communi⁃
cation is considered a promising technique to meet the tremen⁃
dous requirements by exploiting the semantic aspects of com⁃
munication not included in Shannon’s information theory. Se⁃
mantic communication-based deep CSI feedback is a potential 
approach to mitigating feedback overhead, while it faces criti⁃
cal challenges in semantic expression modeling. To address 
this issue, a task-oriented deep CSI feedback framework can 
be employed. For example, in a data hiding-based CSI feed⁃
back system where downlink CSI is hidden within the trans⁃
mitted images, the autoencoder architecture used for image 
compression can be adopted to design the CSI feedback net⁃

work[58]. Moreover, in a precoding-oriented CSI feedback sys⁃
tem where the BS aims to design multiuser precoding vectors, 
an end-to-end DNN architecture can be employed, and a spe⁃
cific loss function can be designed to strike a trade-off be⁃
tween sum-rate performance and feedback overhead[59].
6 Conclusions

In this paper, we provide a comprehensive overview of DL-
based CSI compression and feedback techniques in massive 
MIMO systems. We focus on the critical challenges in conven⁃
tional CSI acquisition approaches, such as quantized code⁃
books and compressive sensing. Specifically, we analyze the 
advantages of various DL techniques applied to CSI compres⁃
sion, including CNN, LSTM, GAN, and attention mechanisms. 
The applications of DL-based methods for solving practical 
challenges in CSI compression and feedback such as network 
lightweighting and generalization enhancement are also dis⁃
cussed. Finally, we emphasize the existing critical challenges 
and promising future directions.
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