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Communication in FDD Massive MIMO Systems
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Abstract—This paper addresses the joint transceiver design,
including pilot transmission, channel feature extraction and
feedback, as well as precoding, for low-overhead downlink mas-
sive multiple-input multiple-output (MIMO) communication in
frequency-division duplex (FDD) systems. Although deep learning
(DL) has shown great potential in tackling this problem, existing
methods often suffer from poor scalability in practical systems,
as the solution obtained in the training phase merely works
for a fixed feedback capacity and a fixed number of users in
the deployment phase. To address this limitation, we propose a
novel DL-based framework comprised of choreographed neural
networks, which can utilize one training phase to generate all
the transceiver solutions used in the deployment phase with
varying sizes of feedback codebooks and numbers of users. The
proposed framework includes a residual vector-quantized vari-
ational autoencoder (RVQ-VAE) for efficient channel feedback
and an edge graph attention network (EGAT) for robust multi-
user precoding. It can adapt to different feedback capacities by
flexibly adjusting the RVQ codebook sizes using the hierarchical
codebook structure, and scale with the number of users through
a feedback module sharing scheme and the inherent scalability
of EGAT. Moreover, a progressive training strategy is proposed
to further enhance data transmission performance and gener-
alization capability. Numerical results on a real-world dataset
demonstrate the superior scalability and performance of our
approach over existing methods.

Index Terms—Frequency-division duplex (FDD), massive
multiple-input-multiple-output (MIMO), deep learning, residual
vector quantization, graph neural network (GNN), attention
mechanism.

I. INTRODUCTION

Massive multiple-input multiple-output (MIMO) has been
recognized as an indispensable technology for future wireless
communication systems, offering substantial improvements in
both capacity and reliability performance [1], [2]. By leverag-
ing the significantly large spatial degrees of freedom provided
by massive MIMO, it is possible to serve a greater number
of users simultaneously, thereby maximizing the benefits of
multiplexing gains. To fully realize these advantages, low-
overhead channel state information (CSI) acquisition is cru-
cial, especially for downlink communication. In time-division
duplex (TDD) systems, by exploiting the reciprocity between
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uplink and downlink channels, downlink CSI can be efficiently
estimated through uplink pilots, whose overhead depends
on the large number of antennas at the base station (BS).
However, in frequency-division duplex (FDD) systems, how
to acquire downlink CSI with low overhead for subsequent
BS precoding design remains an open problem.

This paper considers the downlink multi-user communi-
cations in FDD massive MIMO systems. Due to the huge
number of BS antennas, the conventional schemes designed
for systems with a small number of BS antennas [3]-[5], under
which the three core modules—channel estimation, CSI feed-
back, and multi-user precoding—are designed independently,
will lead to unacceptable overhead. To address this limitation,
the joint design of CSI estimation and feedback as well as
multi-user precoding is considered for the transceiver design.
Since the joint design introduces a complicated functional
optimization problem that is usually infeasible to solve under
traditional optimization techniques, the deep learning (DL)
techniques have been widely used to solve this problem [6]-
[10]. However, existing DL-based approaches suffer from
poor generalization and typically require extensive retraining
when system parameters such as feedback capacities or user
numbers vary, which hinders their practical implementation
in dynamic environments. Consequently, the scalable DL-
based transceiver framework design remains an open problem.
Once trained on a specific dataset, such a framework should
deliver consistently high performance across varying system
configurations.

A. Prior Works

Driven by the success of DL techniques in many areas,
numerous studies have proposed neural network (NN)-based
solutions for reducing the overhead of channel estimation
and channel feedback in downlink massive MIMO systems
[11]-[13]. Specifically, [11] introduces a DL-based framework
for channel estimation and direction-of-arrival estimation in
massive MIMO, utilizing NNs to capture the statistical prop-
erties of wireless channels and their spatial structure in the
angular domain. Similarly, [12] proposes a deep convolutional
neural network (CNN)-based channel estimator that leverages
the temporal correlations inherent in time-varying channels.
In the context of CSI feedback, [13] adopts an autoencoder
architecture, where the encoder is deployed at the user to
compress the channel matrix into a low-dimensional vector,
and the decoder is placed at the BS to reconstruct the channel
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from the compressed vector. Although these works can reduce
CSI acquisition overhead to some extent, their objective of
accurately reconstructing full CSI at the BS inevitably leads
to overhead that is still proportional to the huge number of BS
antennas.

Alternatively, the works [6], [7] point out that an implicit
feature vector capturing essential characteristics of each user’s
high-dimensional channel vector may be sufficient for the BS
to design its precoding matrix for downlink communication.
Recognizing that the optimal channel feature and the BS
precoding design are highly dependent, different from [11]—
[14] that focus on independent module design, these works
propose to utilize the DL technique to jointly design the
BS pilot signals, user CSI extraction and feedback, and BS
precoding. Specifically, the DL frameworks in [6], [7] utilize
NNs to optimize pilot signals that can better explore the
wireless environment. For CSI extraction and feedback, a fully
connected network (FCN)-based encoder is deployed at the
user side to map the received pilot signals into binary vectors,
which serve as implicit channel features and are then fed back
to the BS. For multi-user precoding, these binary vectors from
all users are concatenated at the BS and processed by an FCN-
based decoder to generate the beamforming matrix.

Although the DL-based joint transceiver designs in [6],
[7] demonstrate significant performance enhancement under
limited pilot and feedback overhead, they suffer from poor
scalability. Specifically, their proposed NNs should be re-
designed and retrained whenever system parameters change.
The scalability limitation stems from two factors: 1) the
CSI extraction and feedback design compresses the extracted
channel features into binary vectors of fixed length, making
it incompatible with varying feedback capacities [15]-[17]; 2)
the input and output dimensions of the multi-user precoding
module are tied to the user count in the training dataset,
rendering it ineffective when the number of users changes.
Consequently, directly applying existing DL-based transceiver
designs to practical FDD systems is challenging due to their
limited adaptability to dynamic system configurations.

Several prior studies have partially addressed scalability
concerns, focusing either exclusively on CSI extraction and
feedback [18]-[20] or on beamforming design [21]-[24]. For
scalable CSI extraction and feedback with adaptive feedback
capacities, [18], [19] propose employing multiple encoders
at the user side that can output vectors of different lengths
based on the feedback capacity. [20] uses principal component
analysis-based encoders to compress the channel into latent
vectors with adaptive dimensionality. For scalable precoding
design with varying numbers of users, graph neural networks
(GNNs) have been employed in [21]-[24] to achieve robust
multi-user precoding solutions, which learns the precoding
policy from the graph representation of wireless networks and
can be utilized in scenarios with an arbitrary number of users.
However, these approaches individually address scalability
either in the CSI extraction and feedback module or in the
precoding module, without considering joint scalability. More-
over, directly integrating these scalable modules is impractical
for two primary reasons. First, the output dimension of user-
side encoders varies according to the feedback bit budget,

causing dimension mismatches at the input of the multi-user
precoding module. Second, existing GNN-based precoding
designs assume either perfect CSI [21], [22] or perfect pilot
signals [23], [24] are available at the BS, which is imprac-
tical in low-overhead FDD systems. Therefore, it remains a
major challenge to develop a unified and scalable DL-based
framework capable of jointly optimizing pilot transmission,
CSI extraction and feedback, and multi-user precoding, while
providing improved generalization performance for cases with
varying feedback capacities and numbers of users.

B. Main Contributions

This paper aims to design a scalable method for jointly
optimizing pilot transmission, CSI extraction and feedback,
and beamforming design for low-overhead communication in
practical FDD massive MIMO systems using a data-driven
approach. Specifically, our DL framework trains a dedicated
NN to optimize the pilot signals. For CSI extraction and feed-
back, user-side encoders are used to extract channel features
from the received pilot signals. These channel features are
then quantized and fed back to the BS using a codebook-based
vector quantization (VQ) technique. For multi-user precoding
design, the BS concatenates the quantized channel features
from all users and employs a BS-side NN to aggregate these
features and derive the multi-user precoders. The key feature
of the proposed transceiver design is its ability to utilize a
single training phase to generate all the solutions required by
the dynamic wireless setups. The main contributions of this
work can be summarized as follows:

o Scalable design in terms of feedback codebook size:
We propose a novel CSI feedback scheme based on the
residual vector-quantized variational autoencoder (RVQ-
VAE) to tackle the varying feedback capacities in FDD
massive MIMO systems. The RVQ-VAE framework uti-
lizes a hierarchical VQ codebook composed of multiple
tiers of subcodebooks, enabling multi-resolution quanti-
zation that significantly enhances quantization efficiency
compared to traditional methods. To ensure adaptability
to dynamic feedback capacities, we introduce an efficient
codebook size adjustment method that dynamically mod-
ifies the quantization bits required by the model. Fur-
thermore, since the codeword dimension remains fixed,
the reconstructed channel features at the BS always align
with the input dimension of the multi-user precoding
module, ensuring that the proposed transceiver is scalable
to the feedback capacity.

o Scalable design in terms of the number of users: We
propose a feedback module sharing scheme combined
with a novel edge graph attention network (EGAT) to
address the challenge of varying user numbers. In this
scheme, all users share the same feature extraction net-
work and VQ codebook, eliminating the need to retrain
the feedback module when new users join the system. For
the multi-user precoding module, the EGAT employs a
message-passing mechanism to learn the precoding policy
from the channel features, making the precoding process
independent of the number of users. Additionally, the



attention mechanism in EGAT effectively captures inter-
user interference, further enhancing the data transmission
performance.

« Progressive training strategy: To fully exploit the rep-
resentational power of RVQ, we propose a progressive
training strategy that decomposes the training process into
multiple stages. In the n-th stage, only the n-th tier of
the codebook is updated, while the learnable parameters
of other modules are fine-tuned, and the rest of the
codebooks remain frozen. Compared with the end-to-end
(E2E) training strategy, the proposed progressive training
strategy can avoid overfitting for the proposed transceiver,
leading to superior scalable performance.

o Extensive numerical validation: Numerical results
based on a real-world channel dataset demonstrate that
the proposed framework achieves sum-rate gains rang-
ing from 18.9% to 90.3% over conventional “estimate-
then-feedback-then-beamform™ schemes and existing DL-
based methods. Furthermore, extensive simulations vali-
date the framework’s scalability concerning varying feed-
back capacities and user counts, while also highlighting
its strong generalization capability to unseen environ-
ments.

C. Organization

The remainder of this paper is organized as follows. Section
IT presents the system model. Section III formulates the
problem and introduces the DL-based approach used to solve
it. Section IV provides a detailed illustration of each module
in the proposed NN framework. In Section V, we analyze
and address the scalability challenges associated with varying
feedback capacities and user numbers. Section VI evaluates
the performance of the proposed scheme through extensive
simulations. Finally, Section VII concludes the paper.

Notation: Column vectors and matrices are denoted by
boldfaced lowercase and uppercase letters, e.g., x and X.
Z* and RT denote the set for positive integers and positive
real numbers, respectively R™*™ and C"*"™ stand for the
sets of n-dimensional real and complex matrices, respectively.
The superscripts (-)7 and (-)f describe the transpose and
conjugate transpose operations, respectively. ||x[|3 and [ X|%
denote squares of the l;-norm and Frobenius norm of vector x
and matrix X, respectively. The statistical expectation operator
is represented by E[-].

II. SYSTEM MODEL

We consider a downlink FDD multi-user massive MIMO
system with a block-fading channel model, where a BS with
M antennas serves K single-antenna users. Since the uplink-
downlink channel reciprocity does not hold in the FDD system,
the BS should broadcast a pilot sequence of length L (in terms
of samples) to obtain some information about the downlink
channels for precoding design. Define X £ [X1, %o, - ,Xz] €
CMxL a5 the pilot matrix, where X; denotes the [-th pilot
samples transmitted by all the BS antennas and satisfies the
power constraint ||%;||3 < P, VI € {1,---,L}. The received

signal of the k-th user at the pilot transmission phase is given
as
yo =nlIX+nf, vV, (1)

where hy, € CM*1 vk € {1,2,--- K}, is the downlink
channel vector between the BS and user k, and n; ~
CN(0,0%I1) is the additive white Gaussian noise (AWGN)
at user k at the pilot transmission phase, with o2 specifying
the noise power and I; being the identity matrix of size L.

Because it is practically impossible to accurately estimate
and feed back user channels in downlink massive MIMO
communication, we propose to extract the channel features
that are crucial for subsequent BS precoding design from the
pilot signals and feed back these feature vectors using a low-
overhead VQ-based mechanism. Specifically, upon receiving
the pilot signal given in (1), the k-th user first extracts the
channel feature and expresses it using D symbols, i.e.,

v, = F (§x) € RPXY, Vi, 2)

where F : CL*1 — RP*! js the common channel feature
extraction function shared for all users. Then, each user
k quantizes its channel feature vector with B quantization
bits using a low-overhead VQ-based method, which can be
expressed as

b = Qcpy (Vi),

where by, = [bk1,bk2, ,bk 5|7 € {0,1}7 is a binary
vector, and Q., : RP*1 — [0,1}8 specifies the shared
quantization function for all users. Subsequently, each user
k feeds back the binary vector by to the BS. After collecting
the binary vectors from all users, the BS applies a common de-
quantization function Qg : {0,1}% — RP*! to reconstruct
the channel feature vector v, of each user k as

Vi(B) = Qay (bk) ,

where Vi (B) denotes the dequantized result of v under the
feedback capacity of B. Thus, the entire CSI extraction and
feedback process can be represented by a composite feedback
module Vg : CEX1 — RP*1 which is given by

Vi(B) £ V(Y1) = Qup(Qes (F(Fx)), Yk (5)

The BS then aggregates all the dequantized channel
features into a feature matrix Vg (B) £ [v1(B),Va2(B),

-, Vg(B)] € RP*K. Finally, the BS designs the
downlink multi-user precoding matrix Wg(B) =
[w1(B),w2(B), - ,wk(B)] € CM*E_ where wy(B)
denotes the precoding vector to user k under the feedback bit
budget of B, Vk. This process is described as follows

vk, 3)

Vk, 4)

W (B) = Wk (VK(B), P) , 6)

where Wy : RPXE x Rt — CM*K j5 the function mapping

the recovered channel features of K users and the available

transmission power to the multi-user precoding matrix.
Define the data signal transmitted by the BS as x(B) =
K .

Y k1 Wk(B)sg, where s, ~ CAN(0,1) is the data symbol

of user k. Then, the received signal at user k in the data



transmission phase given the feedback capacity of B can be
written as

ye(B) = hi!wi(B)sp + Y _hilw;(B)s; +np, Vk, (1)
7k
where n; ~ CN(0,0%) is the AWGN at user k at the

data transmission phase. Then, the achievable rate of user k,
denoted as Ry (hy, W (B)), can be defined as

Ry (hg, Wik (B)) =

|hi'wi(B)[”
log, [ 1+ ,Vk.
g ( 50 0w, (B + 02
®)

III. PROBLEM DESCRIPTION AND SCALABLE DL
SOLUTIONS

A. Problem Description

In practice, the number of users, i.e., K, and the user
channels, i.e., hi’s, may change over time. Correspondingly,
each user may also change its number of bits for quantization,
ie., B, over time. Suppose the distributions of B, K, and
h;, can be known based on historical data. Moreover, define
K and B as the sets containing all the possible values of K
and B under their distributions, respectively. In this paper,
we aim to design the pilot matrix X, the implicit channel
feature feedback module Vg(-), VB € B, and the precoding
scheme Wk (), VK € K, which is optimal to maximize the
user’s average sum rate in the long term. The corresponding
optimization problem can be formulated as

max

X, F (),
{VB()}Bes,
Wk ()}krex

.. Wx(B) = Wk (VK(B),P), VB, K,
Vi(B)=[Vs(§1), - . Vs (¥Kk)], VB, K,
Te (W (B) (Wi (B)Y) < P, VB, K,
Il < P, Wi

K
Eg i h, [1§1 Ry (hy, WK(B))}

€))
Note that problem (9) involves both variable and function
optimization. The non-convex nature of the sum-rate maxi-
mization objective and the implicit expressions of the mapping
functions make it highly challenging to solve using traditional
optimization methods. To address this difficulty, we adopt
the DL-based approach, which leverages NNs to model and
optimize these functions and variables.

B. DL-Based Framework and Scalable Solutions

Existing studies [6], [7] have proposed DL-based transceiver
designs to address a special case of problem (9), where
the number of feedback bits and users are both fixed, i.e.,
B = {Bp} and K = {Kj}. These approaches rely on
FCNs to model key transceiver components, including channel
feedback and multi-user precoding, in which the input/output
dimensions of these NNs are fixed and predetermined by
(Bo, Ko) used during training. As a result, these DL-based

methods lack scalability, meaning that their NNs can only
work under the system configuration (By, Ky) and become
inapplicable when the system parameter (B, K) changes dur-
ing deployment. As such, to solve problem (9) with |B| > 1
and |[KC] > 1, we need to train and store an individual NN
model for each possible (B, K) pair, leading to significant
computational and storage overhead in practical deployments.
To address this limitation, this paper aims to design a
scalable DL-based transceiver, in which a single NN model,
trained only once using data sampled from the distribution of
B, K, and hy, can be deployed to have consistent performance
across different (B, K) configurations. However, designing
such a scalable framework presents two critical challenges.
First, variations in B directly affect the accuracy of the channel
feature matrix Vg (B), which serves as the input to the
precoding network. Thus, changing B impacts the design of
both feedback and precoding functions. Second, variations
in K require the precoding network to dynamically adapt
its output dimension to produce appropriate beamformers for
all active users. Therefore, the key technical challenge lies
in designing a single unified NN architecture capable of
adaptively realizing channel feedback Vp(-) across varying
values of B, while simultaneously adjusting the precoding
function Wk (+) for varying K. To address these challenges,
we propose a novel framework that jointly incorporates a
multi-resolution feedback scheme with a scalable multi-user
precoding network. In the next section, we provide a detailed
explanation of each module and illustrate how this framework
enhances both scalability and overall system performance.

IV. PROPOSED DL-BASED TRANSCEIVER DESIGN

This section presents the proposed DL-based approach for
designing a scalable transceiver in the considered system. The
architecture of the transceiver in the training and deployment
phases is illustrated in Fig. 1. During the training phase,
three key components are trained: a pilot training network for
improved pilot transmission, a feedback module for flexible
channel feedback, and an EGAT-based multi-user precoding
network for scalable beamforming design. Specifically, the
feedback module employs RVQ with a hierarchical quanti-
zation codebook, which can dynamically adjust the codebook
size to achieve multi-resolution quantization. The EGAT-based
precoding network relies on the GNN architecture that can
learn the multi-user communication topology to adaptively
design beamformers for different numbers of users. In this
structure, each user node processes its feature through a shared
function, exchanges information with neighboring nodes, and
performs local feature updates, thus enabling the precoding
process inherently independent of K.

In the deployment phase, the BS first transmits the trained
pilot matrix X to users for channel acquisition. Each user k
then applies the trained feature extractor F(-) and quantizer
Q. () to generate feedback information for the BS. Upon
receiving the feedback, the BS reconstructs the users’ channel
features using the trained dequantizer Qg (-) and computes
the optimized beamformer using the trained precoding network
Wk (+). Note that each transceiver function is parameterized



by an NN and generally denoted by F(-;>>), where - denotes
the input and > denotes the NN parameters. The following
subsections provide a detailed design of each of these three
components.

A. Pilot Training Network

The pilot training network aims to generate the optimal
pilot sequence that can effectively capture useful channel
information for the multi-user precoding design. Notably, the
part of noiseless pilot observation in (1) resembles the signal
processing mechanism in a single-layer FCN. Therefore, the
pilot transmission procedure can be modeled by a single-layer
FCN in the training phase, where the channel of user k, i.e.,
hy, serves as input and the learnable pilot matrix, i.e., 5(, is
considered as the matrix of network weight parameters Vk.
By adding the background noise at the output of the single-
layer FCN, the received pilot signals of all users can be finally
obtained. Thus, we can express the pilot training network as

e =6 (X)), vk, (10)
To ensure the weight matrix X satisfies the pilot transmission
power constraint, we always normalize each column of X by

%, = VPx /|| %

2, VL.

B. Feedback Module

The feedback module in the proposed DL-based framework
is responsible for achieving both functions of extraction and
quantization/dequantization for the channel features embedded
in the pilot signals. To accomplish these tasks, three sub-
networks for feature extraction, quantization, and dequanti-
zation are included in the feedback module, as illustrated in
Fig. 1. For feature extraction, we adopt a multi-layer FCN to
process the received pilot signals, which can be expressed as

(1)

where @ denotes the weight matrix for the feature extraction
network. For quantization and dequantization, we leverage
the VQ-VAE architecture [25], [26], which integrates the VQ
method with DL techniques. In this setup, the VQ encoder
quantizes the extracted feature vector vy at each user k,
while the VQ decoder reconstructs vy at the BS. Meanwhile,
the latent variable in the form of a B-bit binary vector is
considered as the feedback information from the user to the
BS. Note that VQ-VAE provides an explicit discretization of
the input space, and its VQ codebook is treated as a learnable
parameter, allowing it to be optimized during training for
improved quantization efficiency.

While VQ-VAE offers an effective approach to CSI feed-
back, its training and deployment pose two key challenges.
First, the size of the learnable codebook grows exponen-
tially with increasing feedback capacity, leading to substantial
storage demands and computational complexity. Second, the
absence of a well-defined gradient in the codeword selec-
tion process makes traditional back-propagation unsuitable
for updating the parameters of VQ-VAE. To overcome these

vi = F(§r;Op) € RPX1 VE,

challenges, we propose two dedicated solutions to separately
address these challenges.

To address the first challenge, we propose an RVQ-VAE
for CSI feedback, where the novel RVQ method significantly
reduces codebook size while preserving quantization perfor-
mance. Unlike conventional approaches that directly select the
closest codeword from a single predefined codebook, RVQ
applies a hierarchical quantization technique that divides the
process into multiple stages, with each stage having its own
codebook. Initially, the input vector is quantized using the first
stage codebook, and the residual is calculated. This residual is
then passed to the second stage for further quantization, and
the process continues until all stages are completed. The final
quantized result is obtained by summing the quantized outputs
from all stages.

Under the proposed RVQ-VAE architecture, each user k is
assigned an N-tier codebook Qp = {Q},,Q%,, - . QN }
for quantizing the channel feature vector v. The quantization
process is decomposed into N stages, where each stage n is
associated with a subcodebook Q7 2 q7,qb, - A, ] €
RDx2%" Here, B,, is the number of quantization bits allocated
to stage n satisfying 25:1 B, =B.LetZ, = {1,2,--- ,28
denote the set of all codeword indices in Q™. For each user k,
we define r} as the residual vector between the input and the
quantized output at stage n, which is initialized as r) = vy.
At the n-th quantization stage, the input is the residual vector
from the previous stage, i.e., r;” . The RVQ encoder first
identifies the codeword q;» that is closest to ry " in terms of
Euclidean distance and then encodes its index ZZ into a binary
vector by € {0,1}F for feedback, which can be expressed as

iy = argmin[|q; — v 3, Yk, (12a)
jezn
n = A(i}, Bn) € {0,1}°" | Vk,n, (12b)

where A(i}, B,,) is a function that converts the index 4} into
a binary vector of length B,,, Vk,n. Based on the selected
codeword, the residual vector is then updated as

v =1y~ Ay, k. (13)
This updated residual vector serves as the input to the
(n 4+ 1)-th quantization stage. After completing N stages,
the final feedback information for user %k is obtained by
concatenating the binary vectors from all stages as by =
()T, (bN)T]T € {0,1}P. The entire quantization and
binarization process performed by the RVQ encoder can be
summarized as

by = Qe (Vi; Qn), VE (14)

Upon receiving the feedback information by from each
user k, the BS utilizes the corresponding RVQ decoder to
reconstruct the channel feature vector through the dequanti-
zation process, which is also carried out in N stages. For
each stage n, the RVQ decoder for each user k retrieves the
1;-th codeword qln from the trained codebook Q7 . The
final reconstructed channel feature vector is then obtained by
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Fig. 1. Block diagram of the proposed DL-based framework, where the dependencies on B for ¥, and W g are omitted for the sake of notation simplicity.

summing the selected codewords across all stages, which is
given by

N
vk(B) =) _dy, k. (15)
n=1
The complete dequantization process performed by the RVQ
decoder is expressed as

Vi(B) = Q4 (br; Qp),

Compared to the conventional VQ method that uses a
single-tier codebook, RVQ offers a more flexible solution
to control the complexity by decomposing the quantization
process into N stages using an N-tier codebook. In the
conventional VQ method, the number of required codewords
grows exponentially as 22, leading to high storage and compu-
tational complexity. In contrast, RVQ requires a total number
of codewords equal to 25:1 2Bn <« 2B allowing for a
more efficient codebook storage and quantization procedure.
In this work, we adopt the equal bit allocation strategy for
RVQ codebook design, ie., B, = B £ B/N, Vn, which is
validated to achieve satisfactory performance in a wide range
of feedback capacities by simulation results.

VEk. (16)

Remark 1. The hierarchical structure of the codebook design
in the proposed RVQ-VAE model also facilitates scalable
design for varying feedback capacities. If the feedback ca-
pacity is smaller than the one used during training, we can
directly discard the later VQ layers to reduce the number of
quantization bits. On the contrary, if the feedback capacity
exceeds that in the training phase, we can add more VQ layers
without modifying the previously trained model, requiring only

a small additional training overhead. Further details on the
scalable design of the RVQ-VAE are provided in Section V-A.

For the second challenge, we propose to employ the noise
substitution vector quantization (NSVQ) technique [27]. In
particular, NSVQ approximates the quantization process by
introducing a noise vector into the original vector. This noise
vector is crafted to mimic the distribution of the quantization
error, thereby facilitating gradient-based optimization. For the
proposed RVQ-based quantization scheme, recall that vy is the
input to the first VQ stage and ¥ (B) is the final quantized
result after N-stage quantization. The NSVQ method aims to
approximate the quantized output of v as

Vi = Vi(B)ll2

Ve(B) = Vit

u, Vk, 17)
where u ~ CN(0,1) is a random noise vector. This approxi-
mation allows the gradients of the codeword selection process
to be computed and propagated to the preceding layers during
the back-propagation process. Compared with the conventional
straight-through estimator [6] that approximates the gradient
of VQ using a smooth differentiable function, NSVQ can offer

superior performance in accuracy and convergence speed [27].

C. Edge Graph Attention Network for Multi-User Precoding

After reconstructing the channel feature vectors, we propose
utilizing an EGAT that integrates the attention mechanism and
edge-based GNN for the multi-user precoding design. We first
construct the graphical representation of the multi-user MIMO
system using a bipartite graph with K user nodes and M
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Fig. 2. Edge representation of an multi-user MIMO system with M = 3
and K = 2. For edge (1,2), the neighboring edges include orange dashed
lines (connections from Antenna 2 to other users) and green dashed lines
(connections from User 1 to other antennas).

antenna nodes, as shown in Fig. 2. Here, each user node k is
linked to each antenna node m through an edge denoted as
(k,m), Yk, m. In particular, each edge (k,m) is associated
with a state vector, zj ,, Vk,m, which will be iteratively
updated within the EGAT. Upon the built graph representation,
we then design an EGAT consisting of an initialization layer,
followed by G updating layers, and a final normalization layer,
as illustrated in Fig. 3.

This work highlights three key advantages of employing
EGAT for precoding design over conventional NN-based
methods. First, unlike the FCN-based precoding networks
in [6], [7], EGAT is built on GNNs, which offers reduced
model complexity and improved scalability. In terms of model
complexity, GNNs employ shared state-updating functions
across nodes and edges, leading to fewer parameters than
FCNs, which require distinct weights for each connection.
Additionally, EGAT inherently accounts for two-dimensional
permutation equivariance (2D-PE) properties in sum-rate max-
imization problem, ensuring that the order of users and trans-
mit antennas does not affect the sum-rate but the order of
the optimal precoding vectors. This enables EGAT to handle
permuted datasets without additional training, whereas FCNs
require a large model and augmented datasets containing all
possible permutations. From a scalability standpoint, FCN-
based approaches have fixed input/output dimensions tied
to the number of users in the training dataset, requiring
redesigning and retraining whenever the user count changes.
In contrast, the state-updating functions and message-passing
mechanism make the precoding process of EGAT independent
of the number of users, allowing it to adapt to scenarios with
arbitrary user numbers.

Second, compared with existing GNN-based precoding net-
works [21], [23] that only update node representations and
thus can capture only PE with respect to user indices, the
proposed EGAT updates edge representations to fully capture
the 2D-PE properties inherent in (9) in terms of indices for
both users and antennas. By capturing the 2D-PE properties,
the network complexity can be further reduced and there is no
need to utilize an augmented dataset containing all possible
channel permutations.

Third, compared with the conventional message-passing
GNNs that rely solely on FCNs to process state representa-
tions, the proposed EGAT integrates an attention mechanism to
dynamically measure the importance of each neighboring state
based on its relevance to the target state. This attention mech-
anism allows the network to effectively model and capture
the interference between users, leading to improved precoding
decisions and enhanced data transmission performance [28].

In the following, we give the details of the proposed EGAT
for multi-user precoding design.

1) Initialization Layer: The initialization layer is con-
structed using a two-layer FCN, denoted as fy(+), which gener-
ates the initial state vectors for all edges based on the quantized
channel feature vectors of each user, {V;}5_,.! Specifically,
V. is first partitioned as vy, = [V{ 1, V{5, -+, v} /|7, where
Vim € RP/MX1 represents the initial feature information for
the edge connecting user node k and antenna node m. The
initial state vector for each edge (k,m), denoted as zg’m, is
then computed as z ,, = fo (Vkm). These initialized state
vectors are subsequently passed through G updating layers to
refine and update the edge states.

2) Updating Layers: The update of the state vector zj = of
edge (k,m) in the g-th updating layer, Vg € {0,1,--- ,G—1},
is based on a combination of the processed result of z{  and
the aggregated information from neighboring edges. Speciﬁ-
cally, the state of edge (k,m) after passing through the g-th
updating layer, ziti , can be expressed as

M
2 =v(F () + 57 Y H)

i=1,i#m

K

8 Y al, ©f(#,,)), Yhm, (8)
j=1,j#k
where

M
L= 2 fE,) © ). (19)

m=1

In (18), f7(-), Vi € {1,2,-- ,5}, Vg, is the linear processing
function implemented via single-layer FCN, and ¢ (-) is the
element-wise activation function. ® denotes the Hadamard
product. « and (3 are hyperparameters that can balance the
contribution of each component to get better convergence
performance. In this equation, the first term processes the
current edge state, while the second term aggregates the states
of neighboring edges from other antenna nodes. The third
term aggregates information from other user nodes, which
reflects the influence (interference) of other users on user k. To
capture this interference, we introduce an attention coefficient
vector az, j» which dynamically adjusts the weight of the
influence of user j on user k. This attention mechanism helps
in modeling the interference between users, thereby improving
the precoding performance [28].

'For simplicity, the dependence on the parameter B is omitted in this
subsection.
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Fig. 3. Structure of the proposed EGAT precoding design.

3) Normalization Layer: After passing through G updating
layers, the state vectors {ng}Vk,m are fed into a normal-
ization layer to generate the precoding matrix W € CM*K,
Specifically, zﬁm is passed through a two-layer FCN, denoted
as fn(-), which generates the real and imaginary components
of the (k,m)-th complex entry of Wy, Vk, m. This trans-
formation results in ZG'H = fN(z,C m) € ]RQ The (k,m)-th
entry of Wy, wg p, is then constructed by reshaping ZG+1

as
G+1
=7z ,m

(1) +jzg 11 (2),

where z(i), Vi € {1,2}, denotes the i-th entry of z. Fi-
nally, the precoding matrix W g is normalized to satisfy the
power constraint as Wy = vVPW g /|Wg| r, where || - || »
represents the Frobenius norm. One should mention that the
state-updating functions of the proposed EGAT are shared
across different user nodes. Such parameter sharing enables
the network to generalize the precoding solution to an arbitrary
number of users. Thus, the overall precoding process can be
expressed as

Wk,m vk, (20)

Wi = Wi (Vie, Pi®w ) @
where @y represents all the parameters of the EGAT layers.
Note that the transmit power P is also input to the NN, making
the proposed DL scheme also scalable to arbitrary P.

D. Training Policy

We propose to jointly optimize the parameters of the pilot
network, feedback module, and the proposed EGAT. The total
loss function of the proposed network is defined as

L=Lr+ g, 22)

where L £ — Zle Ry is the negative of the sum-rate with
Ry, defined in (8). L is the quantization loss. Specifically, the
mean squared error (MSE) between the true channel feature
vectors {vk}szl and the corresponding quantized results
{Vi(B)}E | is used as the loss function for the feedback
module. This loss function ensures that the VQ codebook

Q is optimized to minimize the discrepancy between the
original and reconstructed channel feature vectors, which can
be expressed as

(23)

Lg= Z i, = V1 (B)]3.-
A is the hyperparameter that balances the tradeoff between
sum-rate maximization and quantization accuracy, potentially
accelerating convergence.

Through simulations, we observe that the conventional E2E
training approach does not effectively train the RVQ code-
book, leading to suboptimal performance. To overcome this
challenge, we propose a novel progressive training strategy,
which divides the training process for an N-layer RVQ into
N distinct stages. During the first stage, only the first subcode-
book Qj;, and the parameters of the other modules including
X,0p, Oy are trained. Once this stage is completed, all
the trained parameters are saved. In the second stage, the
subcodebook of the first layer is frozen, and we continue to
train the second tier of the codebook. Meanwhile, parameters
such as f(, O, Oy are fine-tuned using the saved parameters
from the first stage. This iterative process continues for each
subsequent stage until all NV subcodebooks are fully trained.
The detailed steps of this progressive training approach are
outlined in Algorithm 1.

V. SCALABILITY ANALYSIS AND PRACTICAL
IMPLEMENTATIONS OF THE PROPOSED DL-BASED
TRANSCEIVER

This section evaluates the scalability of the proposed DL-
based transceiver design and explores its practical implemen-
tation to ensure consistent and superior performance across
a wide range of system configurations. In practical FDD
systems, key parameters such as the feedback bits B and
number of users K are inherently time-varying. In subse-
quent subsections, we will first analyze the scalability of the
proposed DL scheme in the context of changing feedback
capacities and user counts, and then present tailored solutions
to enable its scalability under these varying conditions.



Algorithm 1: The Proposed Progressive Training Strat-
egy
Input: Training dataset H, hyperparameter «, 3, A
Initialize X, O, and Oy randomly;

Set QB = @;

forn=1,--- ,N do
Initialize Q'3 randomly;
Qs =QpUQ}E, ;

for epoch =1,2--- do
Randomly partition H into N, disjoint batches
such that # = N, Hy;
fort=1,---,N, do
Compute loss on H; based on L in (22);
Update X, O, B, » and Oy using
gradient descent;

end
end
Freeze Qp

end
Output: Trained X, Or, Qp, and Oy .

A. Scalability with Feedback Capacity

In this subsection, we analyze the scalability of the proposed
DL-based method with respect to feedback capacity. Among
the proposed three modules, the feedback module and the
EGAT-based precoding design are particularly sensitive to
variations in feedback capacity. Fortunately, the proposed
RVQ-VAE framework employs a codebook-based VQ method,
where the dimension of each codeword remains fixed regard-
less of the codebook size. This ensures that the reconstructed
channel feature maintains a constant dimension, aligning with
EGAT’s input requirements and allowing seamless integration.
Consequently, the primary challenge in achieving a scalable
design for feedback capacity lies in adapting the quantiza-
tion/dequantization process to handle different feedback ca-
pacities without retraining the model. To illustrate this, we
consider a trained model with an N-tier RVQ, designed for
a feedback budget of B feedback bits, where each tier is
assigned B = B/N bits. In the deployment phase, the actual
feedback capacity, denoted as Bycploy € B, may differ with the
trained model’s budget, leading to two scenarios: Byeploy < B
and Bgeploy > B. In the following, we introduce two dedicated
solutions to address each case in detail.

1) Case I with Byeploy < B: In Case 1, we introduce
an efficient codebook shrinkage method that integrates code-
book discarding and clustering-based compression to adjust
the trained codebook for smaller feedback bit budgets. This
approach begins by retaining the first Ny tiers of the trained
codebook while discarding the later subcodebooks to match
the available feedback budget. The number of retained VQ
layers Ny can be determined by expressing Bgeploy as

Bdeploy = NOB + Br; (24)

where Ny = | Byeploy/ Bjirepresents the number of reserved
VQ layers, and B, < B denotes the remaining available
bits for quantization. To fully utilize the remaining B, bits,

an additional subcodebook of size 25 is required. This
subcodebook is constructed by compressing the (Ny + 1)-
th tier of the trained codebook, denoted as Qg”l, which
is originally designed to support B-bit quantization. Our
objective is to compress Qg"“ such that it only contains
2B+ codewords. We achieve this compression using the dif-
ferentiable k-means (DKM) clustering method [29], which
extends conventional k-means by incorporating an attention
mechanism. This approach effectively reduces the number
of codewords in the codebook while preserving its overall
structure and quantization performance.

Specifically, we denote the additional subcodebook as Q=
[@1,Q2, - , Q5] without abuse of notation, which is ini-
tialized based on ngﬂ via the k-means++ algorithm [30].
During the (m+ 1)-th iteration, given the additional codebook
Qm from the m-th iteration, we construct a distance matrix
D™+l e R27x2%" (o gtore the negative Euclidean distance
between the i-th codeword in Qg‘)“ and the j-th codeword
in Q™, Vi, j. Thus, the (i, j)-th entry of D" can be defined
as

Dm+1(i7j) = 7qu\f0+1 - QTH% Viajv (25)
In parallel, we compute the attention matrix A™T! €
R2"%2"" (o store the attention coefficients. The (4, j)-th entry

of A™*1 is then computed using the softmax function as
exp(D™ (i, j))

> rexp(Dm (i, 1))’

Then, we update Qi using the constructed attention co-

efficients. Specifically, the ¢-th codeword of the additional
codebook is updated as

.\ No+1
qm+1 _ Ej A"L+1(Z7])qj o+

% EJ Am—i—l(i’j) ’

The algorithm iterates over these steps until a predefined

accuracy criterion is satisfied. The detailed procedure is sum-
marized in Algorithm 2. By reserving the first Ny tiers of

AT g) = Vi,j.  (26)

Vi. Q7

Algorithm 2: Differential K-means Clustering

Input: Trained subcodebook of the (Ny + 1)-th VQ
layer QNo+!, the target quantization bits B,
and the halting threshold e;
Initialize the additional codebook Q° € RP*2"" hased
on QMo+ using k-means ++ [30], Vk;
for m =0,1,2,--- do
Construct the distance matrix D™*! using (25);
Construct the attention coefficient matrix A™+1
using (26);
Update the codeword /""" using (27), Vi;
if Q7 — Q2./|Q13 < ¢ then
| break
end

end .
Output: Additional codebook Q.

the original codebook and applying the DKM algorithm for
codebook compression, we construct a new RVQ codebook as



Qs ={QL,Q%, -, QY. Q}. This modified codebook ef-
fectively supports a feedback capacity of Bgeploy bits without
requiring model retraining.

2) Case 2 with Bgeipoy > B: In Case 2, we can introduce
additional tiers of subcodebooks to expand the RVQ model.
By leveraging the progressive training strategy, only a small
subset of parameters needs to be updated, effectively reducing
quantization error and enhancing transmission performance
with minimal computational cost. Alternatively, model-based
codebook expansion methods, such as interpolation or inverse
DKM [31], can also be employed to extend the trained model
for larger feedback capacities. These approaches completely
avoid model retraining, thereby further reducing model com-
plexity and training overhead.

B. Scalability with Number of Users

In this subsection, we analyze the scalability of the proposed
DL-based method with respect to the K across different
modules. First, the pilot training network remains scalable
since the pilot matrix X is shared among all users. Second, in
contrast to [6], [7], where different users are assigned different
feature extractors, quantizers, and dequantizers, our method
employs a shared feedback module consisting of a common
feature extractor and RVQ codebook for all users. Such a
design decouples the feedback mechanism from the user count,
facilitating the scalable transceiver design. Third, the EGAT-
based precoding network achieves scalability through shared
function weights and a message-passing mechanism, making
the precoding process independent of K. With these designs,
the proposed DL-based scheme can accommodate arbitrary
user numbers without requiring model retraining, thereby
enhancing generalization performance and facilitating practical
deployment.

Remark 2. It is worth noting that the feedback module sharing
strategy can be naturally extended to accommodate multiple
RVQ codebooks. Specifically, multiple codebooks can be de-
signed and dynamically assigned to different users according
to certain criteria, such as their geographic locations. For
instance, the coverage area of the BS can be partitioned
into multiple distinct regions, with each region maintaining
its unique codebook. These regional codebooks can then be
assigned to users according to their positions within the
coverage area. Such an approach not only preserves the
scalability but also further improves the feedback performance.

VI. NUMERICAL RESULTS
A. Dataset Generation

We use Remcom Wireless Insite? to model a total of 7' =
128 physical environments with each measuring 128 x 128
square meters with static buildings. The BS is equipped with
M = 128 antennas in a uniform planar array with dual-
polarization, operating at 3.5GHz. The height of the BS is set
as 25 meters, which is located at the center of each considered
area. The antenna spacing is half-wavelength. Each area is

Zhttps://www.remcom.com/wireless-insite-propagation-software

Base Station Location

@ User Location

Fig. 4. An example of the ray-tracing simulation setup is illustrated. The gray
objects represent buildings. The red cubes indicate the positions of single-
antenna users, distributed across the simulation area. The green cube array
marks the location of the BS.

uniformly discretized into 16,384 1 x 1 square meters grids,
while the single-antenna users are randomly located at the
center of different grids. The height of each user antenna is
1.5 meters. We generate S = 1,000 user location realizations
based on a uniform distribution. Given the locations of the
BS, buildings, and users, we can use the ray-tracing simulator
to generate the user channels. Therefore, we have a total of
ST = 12,8000 channel samples. We use 100, 000 samples for
training, 18,000 samples for validation, and 10,000 samples
for testing.

B. Baseline Methods

To demonstrate the effectiveness of the proposed DL ap-
proach, the following baseline methods are considered:

e ZF: CSIT: The precoding matrix is obtained using zero-
forcing (ZF), assuming the BS has perfect CSI. Specif-

ically, the precoding vector for user k, wif € CM*1

is given by w#¥ = yymy/|\my|2, where v, = /P/K
denotes the power allocation factor, and my, is the k-th
column vector of matrix H (HH)~1.

e ZF: Imperfect CE & Perfect Feedback: The channel
vector hy, of user k is estimated from the pilot signal with
length L using the linear minimum mean squared error
(LMMSE) algorithm. Then, user k perfectly feeds back
the estimated channel to the BS, which is then utilized
to obtain the ZF precoder.

o ZF: Perfect CE & Imperfect Feedback: The channel
vectors are assumed to be perfectly known by the users.
Then, each user applies the Lloyd algorithm to generate
a feedback codebook for quantizing their channels and
sending them back to the BS with B bits [32]. In the
simulation, the RVQ codebook with N tiers is used.
The construction process begins by applying the Lloyd
algorithm to the training dataset to generate the first-tier
subcodebook. This subcodebook is then used to quantize
the entire training dataset, producing a quantized version
of the dataset. The residual between the original and the
quantized dataset is computed and used to form a new
dataset. The Lloyd algorithm is then applied again to
this new dataset to generate the second-tier subcodebook.
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This process is iteratively repeated until all tiers of the
subcodebooks are obtained.

o« DL Method in [6]: The NN framework proposed in
[6] jointly optimizes the pilot generation, user feedback,
and precoding strategy, where it adopts a user-specific
encoder with a binarization layer to quantize and forward
the pilot signal, with a multi-layer FCN at the BS to
generate the precoding matrix.

C. Setup for NN Parameters and Training Process

The network is implemented using PyTorch with Adam
optimizer for training. A cosine annealing learning rate sched-
ule with linear warmup is used to accelerate convergence
[33]. The learning rate starts with 1073, which gradually
decreases to 1075. For the hyperparameters, we set A = 1,
a = B = 0.1, and batch size as 500. The feature extraction
network is a 4-layer FCN with hidden neurons specified as
{l1,12,15,14} = {1024,512,256, D}. Both the initial and
normalization layers of the EGAT are implemented with two-
layer FCNs, with hidden neurons set as {g1, g2} = {512,128}
and {g1,95} = {512,2}, respectively. The EGAT employs
a three-layer updating mechanism, where each layer’s linear
processing function has a dimension of 128. The Mish ac-
tivation function is applied to all hidden layers except the
output layer of the feature extraction network, where Tanh is
used. Batch normalization is applied after each hidden layer of
the feature extraction network to further improve convergence
speed [34].3

D. Performance Comparison under Different SNR

We evaluate the sum-rate performance of the proposed
scheme and the baseline methods under different signal-
to-noise (SNR) setups, where SNR is defined as SNR =
101og,y(P/0?), and the pilot sequence length is L = 32. The
feedback bit budget is set to B = 30. The RVQ codebook
consists of N = 3 layers with each layer allocated B = 10
bits. The proposed model is trained under SNR = 20dB and
then tested under different SNR regimes. From Fig. 5, it is
noted that our proposed scheme achieves similar sum-rate
performance as the ZF precoding with full CSIT, which serves
as the performance upper bound. Furthermore, by comparing
the sum-rate achieved by our scheme and that achieved by the
second and the third baseline methods, it is observed that when
accurate channel estimation and feedback are not available due
to limited resources, the proposed scheme still enables the BS
to extract essential features for effective beamforming design.
Additionally, the proposed model significantly outperforms the
DL-based method in [6], particularly in high SNR regimes.
This shows the strong feature extraction and quantization
capabilities of the RVQ-VAE framework and demonstrates
the effectiveness of the EGAT-based precoding strategy in
improving sum-rate performance.

30ur code can be found in https:/github.com/LINZHU-PolyU/Scalable-
Precoding-MU-MIMO
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Fig. 5. Sum-rate v.s. SNR with M = 128, L = 32, K = 6, B = 30, N = 3.

E. Scalability Evaluation with Feedback Capacity

We evaluate the scalability of the proposed framework
with respect to varying feedback rates. In this study, the
set of all possible feedback bits available to each user is
defined as B = {5, 10, 15,20, 25,30}. The proposed scheme
employs an RVQ codebook with N = 3 tiers, where each
subcodebook is allocated B = 10 bits to support B = 30-
bit quantization. The proposed NN is trained once using the
progressive training strategy outlined in Algorithm 1 and is
then tested under for each Bgeploy € B, using the proposed
codebook shrinkage method. For comparison, we also examine
a variant of the proposed model trained using the conventional
E2E method, where all RVQ codebook are jointly optimized.
In addition, we also consider the DL-based method from [6],
which is trained separately for each Bgeploy € B. In the
simulation, the SNR is set to 10dB. The pilot length and
the number of users are specified as L = 32 and K = 6,
respectively. As illustrated in Fig. 6, the proposed scheme
with progressive training achieves performance close to ZF
with perfect CSIT when Bgeploy => 20. It also significantly
outperforms conventional methods and the DL-based model
from [6] across all tested feedback capacities. Furthermore, the
progressive training approach consistently surpasses the E2E
training strategy. These facts highlight the effectiveness of the
proposed scheme and training policy in enhancing scalability
concerning feedback capacity while improving overall sum-
rate performance.

F. Scalability Evaluation with User Number

To assess the scalability of the proposed scheme with
varying numbers of users, we define the set of all the possible
scheduled users as K = {3,4,5,6,7,8}. For the proposed DL
framework with the feedback module sharing strategy, a single
NN is trained using a dataset in which each training sample
contains randomly selected K € /C users. For comparison, we
consider a variant of our scheme where each user is assigned a
dedicated feedback module. Unlike our approach, this variant
and the DL-based method from [6] require separate training
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Fig. 7. Sum-rate v.s. number of users with M = 128, L = 32, B = 30, N =
3.

and parameter storage for each K € . In the simulation, the
SNR is set to 10dB, with a pilot sequence length of L = 32 and
a feedback bit budget of B = 30. The number of RVQ stages
is set as NV = 3. As shown in Fig. 7, the sum-rate performance
of the proposed scheme with a shared feedback module still
significantly outperforms the conventional schemes. Notably,
as K increases, the performance loss of the scheme proposed
in [6] to our proposed scheme becomes more significant. Fur-
thermore, the performance gap between the shared feedback
module and the individual feedback module variant remains
minimal, indicating that the proposed framework effectively
scales with the number of users while maintaining low model
complexity and minimal performance degradation.

G. Impact of RVQ Stages on Quantization Complexity and
Sum-Rate Performance

In this subsection, we analyze the impact of the number of
RVQ stages on quantization complexity and sum-rate perfor-
mance. The proposed framework adopts an equal bit allocation
strategy across all VQ stages, where the total number of code-
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Fig. 8. Comparison of number of VQ stages, quantization complexity, and
sum-rate performance with M = 128, L = 32, K = 6.

words is given by N25B/N _ Therefore, the number of VQ stages
N plays a crucial role in balancing computational complexity
and reconstruction accuracy. To quantify this tradeoff, we
characterize the quantization complexity using log(N25B/Y).
The simulation is conducted with an SNR of 10dB, a pilot
length of L. = 32, and K = 6 users, under two different
feedback bit budgets: B = 15 and B = 30. As illustrated
in Fig. 8, configurations with fewer VQ stages (each having
a larger subcodebook) achieve higher sum-rate performance
but significantly increase computational complexity. However,
by carefully selecting N, it is possible to substantially re-
duce complexity while maintaining strong performance. For
instance, with B = 15 and N = 3, the configuration retains
84.96% of the sum-rate performance of the case with N =1,
while using only 0.29% of the codewords. Similarly, when
B = 30 and N = 5, the configuration achieves 93.83% of
the sum-rate performance of the case when N = 2, while
using just 0.49% of the codewords. These results highlight
the effectiveness of RVQ in balancing quantization complexity
and sum-rate performance.

H. Generalization Performance to Unseen Environments

In this subsection, For training, we continue to use the
dataset generated by ray-tracing as obtained from Section
VI-A. However, for testing, we include 5 additional unseen
environments, which are also modeled using ray-tracing. For
each unseen environment, 1,000 channel samples are gener-
ated for testing. The simulation is conducted with an SNR, of
10dB, a pilot sequence length of L = 32, K = 6 users, a
feedback bit budget of B = 30, and N = 3 RVQ stages. As
shown in Table I, the proposed DL-based method continues
to significantly outperform conventional schemes, even on
these previously unseen environments. These results highlight
that the proposed architecture maintains strong performance
without requiring retraining for new environments, further
confirming its practical feasibility for real-world applications.



TABLE I
SUM-RATE EVALUATION OF THE PROPOSED METHOD FOR UNSEEN
ENVIRONMENTS WITH M = 128, L. =32, K =6,B=30,N =3

Areas Proposed ZF: Imperfect CE ZF: Perfect CE
Method & Perfect Feedback | & Imperfect Feedback

Area 1 23.01 15.40 17.48

Area 2 17.14 12.56 13.87

Area 3 14.34 9.86 11.28

Area 4 10.55 8.08 7.88

Area 5 16.63 13.71 13.59

VII. CONCLUSION

In this paper, we proposed a novel DL-based framework
for scalable transceiver design in practical FDD massive
MIMO systems. The framework comprised a dedicated NN
for optimizing pilot signals, a novel RVQ-VAE-based feed-
back module for efficient channel feedback, and an EGAT
for robust multi-user precoding. The hierarchical structure of
the RVQ allowed for flexible adjustment of the codebook
size, enabling the system to accommodate varying feedback
capacities. Additionally, the feedback module sharing strategy
and the inherent scalability of the EGAT-based multi-user
precoding enabled the framework to effectively scale with
the number of users. To further enhance performance, we
introduced a progressive training strategy that updated the
RVQ codebooks sequentially. Numerical results based on a
real-world channel dataset demonstrated the effectiveness of
our framework and its generalization capability to unseen
environments.
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