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ABSTRACT Neural network-based encoders and decoders have demonstrated significant performance
gains over traditional methods for Channel State Information (CSI) feedback in MIMO communications.
However, key challenges in deploying these models in real-world scenarios remain underexplored, including:
a) the need to efficiently accommodate diverse channel conditions across varying contexts, e.g., environments,
and whether to use multiple encoders and decoders; b) the cost of gathering sufficient data to train neural
network models across various contexts; and c) the need to protect sensitive data regarding competing
providers’ coverages. To address the first challenge, we propose a novel system using context-dependent
decoders and a universal encoder. We limit the number of decoders by clustering similar contexts and
allowing those within a cluster to share the same decoder. To address the second and third challenges,
we introduce a clustered federated learning-based approach that jointly clusters contexts and learns the desired
encoder and context cluster-dependent decoders, leveraging distributed data. The clustering is performed
efficiently based on the similarity of time-averaged gradients across contexts. To evaluate our approach, a new
dataset reflecting the heterogeneous nature of the wireless systems was curated and made publicly available.
Extensive experimental results demonstrate that our proposed CSI compression framework is highly effective
and able to efficiently determine a correct context clustering and associated encoder and decoders.

INDEX TERMS Channel state information, CSI, clustering, compression, federated learning, feedback.

I. INTRODUCTION

THE surging demand for high data rates and the need for
optimal interferencemanagement in 5G and beyond net-

works has highlighted the pivotal role that downlink Channel
State Information (CSI) feedback plays in enabling Base Sta-
tions (BSs) to make informed decisions about signal design.
Traditional CSI feedback methods based on codebooks can-
not fully utilize the subcarrier correlation and often fall short
in MIMO and Massive MIMO communications typically
operating over hundreds of subcarriers in 4G LTE [2] or
even thousands in 5G NR [3], resulting in a CSI feedback
containing more than thousands of bits leading to significant
feedback overhead.

To address these limitations, recent research has proposed
data-driven CSI feedback methods [4], [5], [6] based on
autoencoders, a type of neural network that involves an

encoder and decoder [7]. These approaches require collecting
CSI data specific to a given context, e.g., rural or urban BSs,
types of devices, mobility or stability, geographic region, and
more. The autoencoder is then trained on a context-specific
dataset to compress CSI into a limited-length code using the
encoder component deployed in the UE. Subsequently, the
decoder component deployed in the BS reconstructs the orig-
inal CSI from the code. These data-driven context-specific
methods have shown substantial performance enhancements
compared to traditional approaches like codebook searching
and compressive sensing, attracting significant interest in
3GPP Release 18 [8].
While data-driven CSI feedback methods offer significant

advantages, existing system models based on autoencoders
often fail to directly tackle the heterogeneous nature of chan-
nel distributions across different contexts. This oversight can
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FIGURE 1. The left figure illustrates the use of a global model
consisting of a single encoder and decoder for all contexts.
On the right-hand side, the deployment of local models is
depicted, where a distinct autoencoder is used for each context.

potentially lead to performance degradation. Below we start
by re-evaluating various possible frameworks for CSI coding.

A. CSI CODING FRAMEWORKS
Universal Encoder-Decoder: Conventional data-driven CSI
feedback methods involve devising a single global autoen-
coder to be used in various contexts. Thus all UE within the
system model’s coverage is equipped with a single universal
encoder, while the BS is also equipped with a universal
decoder, regardless of the context, as shown on the left of
Figure 1. Adopting a universal model capable of accom-
modating diverse channel distributions requires a higher
representational capacity, which can be achieved through the
use of large models and/or an increased number of feedback
bits. This places significant demands on system resources,
including computational, energy consumption, and feedback
overheads, as CSI compression and decoding occur fre-
quently within short time intervals, often a few milliseconds.
Moreover, this approach may fail to address dataset imbal-
ances. For instance, if the dataset associated with a specific
context is limited, the performance of the trained autoencoder
may suffer for that particular context.
Multiple Encoder-Decoder pairs: To overcome the inef-

ficiencies associated with using a universal encoder-decoder,
some existing approaches involve the development of mul-
tiple autoencoders, each optimized for a specific context as
shown on the right of Figure 1. In this case, the UEs operating
in multiple contexts would require multiple encoders, and the
BS would in turn require multiple decoders (see Appendix A
for a detailed discussion of related work).

In real-world scenarios, managing as many autoencoders
as there are contexts is impractical due to the sheer number
of different contexts requiring the UEs and BS to store,
use, and exchange multiple models. This may be particularly
challenging for UEs with limited storage resources. More-
over, collecting sufficient amounts of noise-free CSI data for
all contexts may be prohibitively costly, and limited local

FIGURE 2. The proposed system model groups local datasets
into clusters and provides a tailored decoder for each context
cluster while learning a universal encoder for any context. This
approach overcomes data scarcity and prevents overfitting,
resulting in more efficient and accurate solutions. It also
eliminates the need for UEs to store multiple encoder models.

datasets can lead to overfitted models that do not adequately
generalize to real-world tasks.
Context Cluster-Dependent Decoders and a Universal

Encoder: To address the limitations of accommodating
numerous decoders and encoders for different contexts and
considering the potential similarity in CSI distributions
among various contexts, we propose a novel framework
which groups local datasets (contexts) across the BSs into
multiple clusters and provides a tailored decoder for each
context cluster with a universal encoder for any context,
as depicted in Figure 2. The proposed system model offers
significant advantages over existing models as follows.
Sample efficiency. By grouping specific contexts and their

associated datasets, a robust model with better generalization
performance can be provided, overcoming dataset scarcity.
This is due to the fact that datasets associated with different
contexts can still have similarities in their channel distribu-
tions, e.g., BS-1’s residential area and BS-2’s commercial
area in Figure 2.
Codeword usage. In addition, a decoder tailored to a

specific cluster of contexts is likely to be more compact
and require fewer feedback bits than a universal decoder,
offering advantages in terms of reduced computational load
and feedback overhead.
Storage efficiency. In this framework, the UEs use a uni-

versal encoder for all contexts, allowing them to install only a
single neural encoder for storage efficiency and avoiding the
need to switch encoders for each context.

B. CONTRIBUTIONS AND ORGANIZATION OF PAPER
System model and algorithm. Our primary contribution lies
in proposing the use of a context cluster-dependent CSI com-
pression framework and algorithm to implement the proposed
approach. To achieve this, we need to address fundamental
questions concerning how to cluster contexts and how to
train models in a distributed setting. It is important to note
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that the direct exchange of datasets among BSs or a Central
Unit (CU) is often prohibited due to operators’ sensitivity
to disclosing competitive data or the large size of the CSI
instance. In addition to the limited accessibility of the entire
raw local datasets, establishing a consistent definition of
contexts across BSs or providers poses a challenge when
attempting to cluster the contexts.

We formulate the problem of learning context cluster-
dependent decoders with a shared encoder as a Clustered
Federated Learning (CFL) problem and use a novel algorithm
CFL-GP (Clustered Federated Learning via Gradient-based
Partitioning), which leverages the gradient information gen-
erated by local datasets to identify the cluster identities of the
contexts. CFL-GP periodically collects gradient information,
aggregates it, and groups contexts together based on simi-
larities in their gradients across multiple steps using spectral
clustering.
Evaluation. We evaluate our proposed framework and

algorithm in diverse settings using COST2100 and 3GPP-3D
channel model-based datasets. Our experiments demonstrate
the effectiveness of our approach in achieving context clus-
tering without relying on prior knowledge of the contexts.
By leveraging this context clustering capability, the proposed
method demonstrates substantial enhancements in compres-
sion performance, outperforming existing system models in
terms of normalized mean squared error for distortion, and
significantly improves sample efficiency.
Open-sourced algorithm and dataset.Weopen-source both

the algorithm implementation and the complete dataset [9],
ensuring reproducibility and facilitating future research in
this area.

The rest of this paper is organized as follows. In Section II,
we provide preliminaries on training data-driven CSI feed-
back encoder/decoder and introduce our autoencoder archi-
tecture. Section III presents our systemmodel and formulates
the corresponding CFL problem. Our proposed method is
described in Section IV. The numerical evaluation of the
proposed method is presented in Section V, and the paper
concludes in Section VII. Related work can be found in
Appendix A.

II. AUTOENCODER-BASED CSI FEEDBACK
For a given BS and a UE pair, we consider a MIMO channel
over Nsc subcarriers. The BS and UE each have M and a
single antenna, respectively. For each subcarrier, we consider
an AWGN channel and the output signal yn → C for the input
signal vn → CM is given as

yn = hHn vn + zn, 1 ↑ n ↑ Nsc, (1)

where hn → CM↓1 is a channel vector, H indicates Hermitian
transpose, and zn → C is the corresponding AWGN. As there
are M transmitting antennas and Nsc subcarriers involved in
the communication, we can gather the channel vectors to
form a matrix in the spatial-frequency domain. This matrix
is denoted HSF = (h1,h2, . . . ,hNsc ) hence HSF → CM↓Nsc .

FIGURE 3. CSI preprocessing. The matrix in the first row
represents the absolute values of a randomly selected CSI
matrix HSF → C32↑256. By applying the 2D-IFFT, we obtain the
corresponding angular-delay domain information HAD.
To reduce the computational load, the sparse region is cropped,
and the remaining part is normalized and utilized as the
ground-truth CSI, denoted as H → C32↑32 with Nsc = 256,
M = 32, and Nnz = 224.

A. CSI PREPROCESSING
Explicit CSI feedback is performed by compressing the
channel matrixHSF and sending it to the BS. In modern com-
munication systems, typically hundreds or even thousands of
subcarriers are used for a communication link, resulting in
HSF being composed of thousands of elements. Considering
this, dealing with such potentially large matrices using a
CSI compressor is computationally inefficient. To overcome
this problem, we employ the following preprocessing method
that exploits the sparsity of CSI in the angular-delay (AD)
domain [4]: the information in the spatial-frequency domain
is initially transformed through the 2D Inverse Fast Fourier
Transform (IFFT) into sparse information in the angular-
delay domain,HAD. InMIMO communications,HAD usually
involves a sparse region, as shown in prior research [4],
[5], [10], where matrix elements tend to be close to zero.
To reduce the computational load on the UE, we retain the
initial Nsc↔Nnz vectors fromHAD, with Nnz representing the
size of the sparse region which is eliminated. The resulting
segment is normalized and referred to as H → CM↓(Nsc↔Nnz),
as illustrated in Figure 3. Each UE is able to estimate the
channel matrix HSF through pilot signals transmitted from
the BS to the UE. We assume that UEs have a perfect CSI
HSF without an estimation error and focus on the compression
problem.
We regardH as the ground-truth CSI representation, which

is subsequently compressed by the UE’s encoder and fed back
to the BS. The BS receives this feedback information through
the wireless link and employs the decoder to reconstruct the
original CSI. The process involves adding a zero matrix to the
reconstructed data to represent the cropped sparse region and
applying the 2D-FFT to obtain the spatial-frequency domain
information.

B. AUTOENCODER
An autoencoder is an artificial neural network architec-
ture consisting of two main components: an encoder and a
decoder. The encoder part is responsible for compressing a
given input instance into a smaller-sized codeword, while the
decoder part aims to reconstruct the original instance from
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the codeword. The encoder is deployed in the UE, while the
decoder is deployed in the BS. This setup allows the UE to
compress the CSI matrix H into a limited-size codeword C
of size Ncl, represented in either real-valued or binary form.
Subsequently, the BS can decode the codeword C to estimate
the CSI matrix Ĥ. This information can be utilized for various
purposes, such as precoder design or interference mitigation.

We denote the encoder’s trainable parameters as ωenc
and the corresponding function as genc(H; ωenc). Similarly,
the decoder, parameterized by ωdec, takes the codeword
C = genc(H; ωenc) and outputs the reconstructed CSI,
Ĥ = gdec(C; ωdec). We propose an autoencoder architecture
inspired by the Vector Quantised-Variational AutoEncoder
(VQ-VAE) framework [11] and convolutional networks with
residual blocks [12]. A detailed description of the architec-
tural design can be found in Appendix B.

C. AUTOENCODER TRAINING
The autoencoder is trained using gradient-based end-to-end
learning. The set of trainable parameters, ω = (ωenc, ωdec),
where ω → Rd and d is the total number of parameters,
is updated in the direction of minimizing the Mean Squared
Error (MSE) loss

L(ω ) = EH[ω(H, Ĥ)] (2)

where ω is the squared loss function with respect to the
ground-truth CSI and the estimated CSI as follows.

ω(H, Ĥ) = ||H ↔ Ĥ||
2
F ↗ ||HSF ↔ ĤSF||

2
F. (3)

|| · ||F indicates the matrix Frobenius norm. It can be inter-
preted as an approximation of the squared loss of channels in
the spatial frequency domain or channels in the angular delay
domain since the Fourier transform matrix is unitary.

III. SYSTEM MODEL AND PROBLEM FORMULATION
We consider a distributed framework that involves the collab-
oration of multiple BSs in learning context cluster-dependent
decoders and a universal encoder. In the subsequent subsec-
tions, we introduce the key components of the system.

A. CONTEXT
The term context refers to a characteristic specific to a local
dataset, and a BS can encompass multiple contexts. For
instance, in Figure 4, BS-1 comprises three contexts: c1, c2,
and c3 (Commercial Area, Park-1, and Residential Area-1,
respectively). Defining contexts based on UE location is one
of the natural criteria, where each context corresponds to a
distinct local dataset. Contexts can exist based on various
criteria, including not only the location of the UE but also
the UEs’ speed, antenna configuration, and more. The CSI
dataset associated with the c-th context is sampled from a
distribution denoted as pc.

In modern communication systems, such contextual infor-
mation (e.g., UE configuration, cell association, or coarse
location) is routinely available at the BS through control

FIGURE 4. An example scenario where 5 different contexts and
2 context clusters exist. Each context cluster shares a decoder.
Our goal is to achieve those proper clustering under distributed
learning frameworks and develop a universal encoder for all the
contexts and the context cluster-dependent decoders.

signaling. Leveraging this information, the BS can flexibly
select the appropriate decoder (after the training phase) asso-
ciated with the detected context cluster.

B. CENTRAL UNIT, BASE STATIONS, AND LEARNING
PROTOCOL
The proposed system architecture consists of a CU that com-
municates with multiple BSs, as exemplified in Figure 4,
where the CU connects to BS-1 and BS-2. We employ a Fed-
erated Learning (FL) protocol, which is widely recognized as
an effective distributed optimization method [13].
We assume that each BS maintains a local dataset of CSI

samples for its contexts. These datasets remain local and are
not shared. Instead, a CU establishes a wireless or wired
connection with the BSs. The CU can transmit models and
request gradient computations. Each BS can perform local
updates of themodel by using the corresponding local dataset.
To maintain practical relevance, we assume that the CU

lacks prior knowledge of the channel distributions associ-
ated with each context, primarily due to the limited size
of the dataset available. Moreover, when privacy-preserving
protocols are in place, the CU may be unable to access infor-
mation about the channel quality or distributions of BSs from
competing service providers, further complicating knowledge
sharing.

C. TRAINING PIPELINE
Figure 5 illustrates the data and model flow in the pro-
posed framework. The ground-truth channel informationH is
required at the BSs for training. This data can be obtained by
requesting high-resolution CSI from UEs through dedicated
feedback, for example via pilot training where HSF is esti-
mated at the UE from downlink pilot signals transmitted by
the BS [14]. Alternatively, synthetic channels generated using
standardized/advanced channel models can be employed to
provide the training data [15], [16].
In the system model, the CU and BSs are the principal

training entities, rather than the UEs. As shown in Figure 5,
the message flow highlights two key aspects: (i) the transfer
of model parameters from the CU to BSs, and (ii) the transfer
of the model gap, i.e., the discrepancy between locally trained
models, from the BSs to CU.
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FIGURE 5. Illustration of the message flow in the learning
pipeline, including data acquisition, federated training, model
parameter transmission from the CU to BSs, and model gap
(update information) feedback from the BSs to the CU.

In this work, we consider multiple operational scenarios.
In some cases, only the context-dependent decoder at the BS
is updated (Sec. V-C), whereas in others, the UE’s encoder
also requires training (Sec. V-B). In the latter case, the BS can
train the encoder model and subsequently deliver it to the UE
over the air, corresponding to signaling-based collaboration
with model transfer [17], as depicted in Figure 5. An alter-
native scenario involves the UE directly participating in the
model update; however, this approach imposes substantial
computational and energy overhead on the UE, though the
question of which entity should be responsible for training
and updating the model remains open and is the subject of
ongoing discussions within both standardization bodies and
the research community [18].

D. CSI FEEDBACK AUTOENCODER FRAMEWORKS:
CONTEXT CLUSTER-DEPENDENT DECODERS AND
A UNIVERSAL ENCODER
In this system model, we reduce the number of decoders
by allowing contexts with similar characteristics to share
decoders, while employing a universal encoder that is
shared across all contexts. To achieve this, we utilize a
CFL algorithm, which groups contexts into clusters. Con-
texts within the same cluster collaboratively train a decoder
customized for that cluster. To operate under practical con-
straints, the CFL algorithm must be capable of clustering the
contexts into groups using the available information within
the FL framework, without requiring access to raw datasets.

More formally, when the CFL algorithm generates K
context clusters, it results in K distinct autoencoders, each
associated with one or more contexts. The parameters for
the k-th autoencoder are denoted as ωk = (ωenc, ωk,dec),
where ωenc represents the parameters of the universal encoder,
and ωk,dec represents the parameters of the k-th decoder.
Figure 4 illustrates an example scenario involving twomodels
(K = 2): ω1 and ω2. For example, when a UE encounters

channels associated with contexts c1, c3, or c5, which cor-
respond to commercial and residential areas, the codeword
generated by the universal encoder is decoded using the
decoder associated with ω1.

E. PROBLEM FORMULATION
Our ultimate goal is to cluster a total of C contexts into K
context clusters, where K ↑ C , and train distinct decoders
for each cluster while also providing a universal encoder.
This approach allows us to enhance performance by offering
customized models to each context cluster instead of using a
single global model for all contexts. Furthermore, contexts
with limited datasets can benefit from being grouped with
other contexts for learning, overcoming data scarcity and
resulting in better generalization.

For a given context c and a model ωk , we define the pop-
ulation loss function F(pc, ωk ) that represents the expected
loss over a corresponding channel distribution pc. Formally,
we have

F(pc, ωk ) = EH↘pc [ω(H, gdec(genc(H; ωenc); ωk,dec))]. (4)

Now we present the optimization problem for learning
context cluster-dependent decoders and a universal encoder
as a CFL problem as follows.
Problem 1 (Clustered Federated Learning): Given a num-

ber of clusters K where K ↑ C, we aim to find a clustering
ε : [C] ≃ [K ] and K models {ωk}

K
k=1 which minimizes the

sum loss, i.e.,

minimize
{ωk }

k
k=1,ε→ϑ

C∑

c=1

F(pc, ωε (c)) (P1a)

where ϑ = {ε : [C]
S
↔≃ [K ]} represents a surjective

function space. Each context c is assigned to its respective
cluster (model), and the model index of the c-th context can
be denoted by ε (c). We aim to solve Problem P1 by utilizing
a CFL algorithm within the systematic constraints outlined in
Section III, including the unavailability of the raw dataset for
sharing and the unknown channel distribution relationships.

IV. CLUSTERED FEDERATED LEARNING VIA
GRADIENT PARTITIONING
In this section, we present a CFL algorithm that allows
for context clustering without the requirement of prior
knowledge regarding data distributions or sharing of the
raw datasets. We extend Clustered Federated Learning via
Gradient-based Partitioning (CFL-GP) [1] that utilizes the
gradient, i.e., model-update, similarity among contexts with
respect to a given set of models as a clustering criterion.
We periodically assess the similarity and subsequently par-
tition the contexts into K clusters. The proposed approach
is motivated by the intuitive expectation that contexts with
similar data distributions should exhibit similarity in gradi-
ents calculated from a particular model. It enables efficient,
privacy-preserving identification of context clusters without
access to raw CSI data.
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A. ALGORITHM
Algorithm 1 initializes with a base model and an initial con-
text clustering. If the number of clusters K is known a priori,
it is provided as an input. Otherwise, the algorithm starts with
K = 1 and updates the number of clusters during training.
In the latter case, the binary flag unknown_K is set to
True and passed to the spectral clustering module. The k-th
context cluster at round t , denoted as S(t)

k , comprises contexts
assigned the cluster identity k , i.e., kc = k . Each context
is equipped with its own feature vector, initialized as a zero
vector and later updated through gradient information. The
algorithm requires specifications for the clustering period
P and the decision rounds for clustering convergence Tc.
These specifications determine how often clustering is per-
formed and when clustering is considered to have converged,
respectively. The total number of rounds is denoted as T , and
the moving average factor ϖt influences the smoothness of
feature (averaged gradients) updates. The algorithm’s output
consists of K trained models, each associated with specific
clusters.

Cluster-driven model update (Lines 4-7). The CU
updates themodels by utilizing the contexts belonging to each
of the K clusters. The CU transmits the k-th model, denoted
as ω

(t)
k , to the BSs associated with the contexts that have

cluster index k . Upon receiving the model, each BS performs
a local update for each of its contexts. Notably, if a BS
manages multiple contexts associated with the k-th model
at t , the local update is executed separately for each context
(as indicated in Line 5 in Algorithm 1). As described in
Algorithm 2, the local update involves Tl-step updates using
the local dataset associated with the c-th context. The sub-
routine GRADIENTUPDATE represents gradient-based methods
such as stochastic gradient descent or Adam [19], applied
to minimize the mean squared error loss over the minibatch
X (tl )
c , which contains the set of CSI instances used for the

tl-th local update of context c. This subroutine returns the dif-
ference between the initially received model and the locally
updated model, denoted as ϱω (c), referred to as the model
gap.

The k-th model is updated by collecting the model gaps
obtained from the contexts, averaging them, and adding the
result to the original model. This approach, known as model
averaging, is widely used in FL updates [13]. The subroutine
ENCODERAVERAGING({ω (t+1)

k }
K
k=1) in Line 7 simply indicates

that the parameters of the universal encoder is updated by
averaging the parameters of the encoders of the K models.
This process ensures that all the autoencoders share the same
encoder part.

Cluster update (Lines 8-14). At every P iteration
(Line 8), if t < Tc, the CU updates the clustering of the
contexts {S(t)

k }Kk=1. Context clustering relies on the direction
in which each context updates a set of models. To achieve
this, a feature vector g(t)c → RKd (Kd-dimensional vectors) is
maintained for each context and updated at regular intervals.
If K is not predefined at the initialization phase, the
dimension of the feature vector is dynamically resized

as K increases. The similarity in the model update directions
across the K models for each context is measured using this
feature, which serves as the clustering criterion.
More specifically, for each clustering period, we select one

of the K models as a model to be broadcasted and send it to
all the contexts. We denote the index of this broadcast model
as k̄ , and it is cyclically rotated in a round-robin manner with
each clustering period. The CU then requests the model gap
for this broadcast model from all contexts (Line 9). If the
c-th context has model index kc = k̄ at time t , it does not
need to perform a local update again. We use the model gap
obtained from the c-th context to update the k̄-th block of the
feature vector for that context. Specifically, the k̄-th block
of g(t)c is (k̄d↔d+1 : k̄d)-th elements of g(t)c . This feature
is smoothly updated as g(t)

c,k̄
⇐ (1↔ϖt )g

(t↔1)
c,k̄

+ ϖtϱω
(t)
k̄
(c),

where ϖt denotes the moving average factor (Line 10). All
the remaining feature elements, except for the k̄-th block, will
remain the same.
We utilize Spectral clustering [20] to cluster the

contexts based on the feature vectors. The subroutine
SPECTRALCLUSTERING in Algorithm 3 consists of three main
steps:
Dimensionality reduction. Let G(t)

= (g(t)1 · · · g(t)C ) →

RKd↓C represent the matrix of gradient features. In Line 3
of Algorithm 3, LSVS refers to the process of obtaining S
Leading Singular Vectors fromG(t). The CU computes Û

(t)
→

RKd↓S , where i-th column corresponds to the singular vector
of G(t) associated with the i-th largest singular vector. If K
is given, we have S = K . The value of S can be determined
by observing the singular gaps, which refer to the differences
between the singular values of G(t). We can identify consec-
utive indices that exhibit the maximum gap and select the
preceding index as the number of leading singular values.
In practice, we ensure S ⇒ 3 to preserve sufficient informa-
tion from the original feature matrix. The feature matrix G(t)

is then projected onto this reduced subspace by multiplying
it with the transpose of the leading singular vectors, yielding
the reduced features X .
K-means clustering. Following dimensionality reduction,

the CU performs K -means clustering to partition contexts
into K groups. The KMEANS subroutine solves the following
optimization problem.

(ẑ, {w̄k}Kk=1) = argmin
z,{wk }Kk=1

C∑

c=1

||X :,c ↔ wzc ||
2 (5)

If the number of clusters K is not specified at initialization,
we determine it using the SILHOUETTE score [21]. Specifi-
cally, we evaluate candidate values of K in the range [2,C],
perform K -means clustering for each, and select the value
that yields the highest Silhouette score [22]. The Silhouette
score evaluates clustering quality by averaging the Silhouette
coefficient across all samples. For each sample X :,c, the coef-
ficient is defined as (ςnearest ↔ ςintra)/max(ςintra, ςnearest),
where ςintra is the mean intra-cluster distance, and ςnearest
is the mean nearest-cluster distance. A higher score
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Algorithm 1 Clustered Federated Learning to Support Context-Dependent CSI Decoding

1 Input: Number of clusters K , unknown_K, an initial model ω (0)1 , initial cluster S(1)
1 = [C], clustering period P, gradient

features g(↔1)
c ⇑c → [C], feature moving average factor {ϖt }

T
t=1, training round T , clustering termination threshold Tc

2 Output: K trained models {ω
(T )
k }

K
k=1 and K updated clusters {S(T+1)

k }
K
k=1

3 for t = 1 to T do
4 for k = 1 to K in parallel do /* Model Update */
5 CU transmits ω

(t)
k to the contexts in S(t)

k and receives ϱω
(t)
k (c) ⇐LOCALUPDATE(ω (t)k , c) ⇑c → S(t)

k
6 CU updates ω

(t+1)
k ⇐ ω

(t)
k +

1
|S(t)
k |

∑
c→S(t)

k
ϱω

(t)
k (c)

7 ENCODERAVERAGING({ω (t+1)
k }

K
k=1)

8 if t modP = 1 and t < Tc then /* Cluster Update */
9 CU broadcasts ω

(t)
k̄

and receives ϱω
(t)
k̄
(c) ⇐LOCALUPDATE(ω (t)

k̄
, c) ⇑c → [C]

10 CU updates g(t)
c,k̄

⇐ (1 ↔ ϖt )g
(t↔1)
c,k̄

+ ϖtϱω
(t)
k̄
(c) ⇑c → [C] and g(t)c,k ⇓ ⇐ g(t↔1)

c,k ⇓ ⇑c → [C], k ⇓ → [K ] s.t. k ⇓ ⇔= k̄

11 ({S(t+1)
k }Kk=1,K ) ⇐SPECTRALCLUSTERING({g(t)c }

C
c=1, {S

(t)
k }Kk=1,unknown_K)

12 k̄ ⇐ (k̄ modK )+1
13 else
14 S(t+1)

k ⇐ S(t)
k ⇑k → [K ] and g(t)c ⇐ g(t↔1)

c ⇑c → [C]

Algorithm 2 LOCALUPDATE

1 Input: Model ω (0), context c
2 Output:Model update ϱω (c) = ω (Tl ) ↔ ω (0)

3 for tl = 1 to Tl do
4 ω (tl ) ⇐GRADIENTUPDATE(ω (tl↔1),X (tl )

c )

Algorithm 3 SPECTRALCLUSTERING

1 Input:features{g(t)c }
C
c=1, clusters{Sk}

K
k=1,unknown_K

2 Output: {{c|k ⇓
c=1}, · · · , {c|k ⇓

c=K }},K

3 Û
(t)

⇐ LSVS (G(t)) if unknown_K else LSVK (G(t))

4 X ⇐ Û
(t)↖

G(t)

5 K ⇐ {2, . . . ,C} if unknown_K else {K }

6 K⇐argmax
K ⇓→K

SILHOUETTE
(
KMEANS(X,K ⇓)

)

7 (ẑ, {w̄k}Kk=1) = KMEANS(X,K )
8 ϕ̂ ⇐ argmax

ϕ→↼
|{c : ϕ(ẑc) = kc}|

9 Set k ⇓
c ⇐ ϕ̂(ẑc) ⇑c

indicates stronger cohesion within clusters and greater sepa-
ration between them. We adopt the implementation from [22]
for efficient selection of K .
Model Assignment. For each group, a unique model is

assigned, yielding K labeled clusters {S(t+1)
k }Kk=1. To ensure

consistency, the model assignment is chosen to maximize
alignment with the previous clustering, by selecting a permu-
tation function ϕ̂ from the bijective function space ↼ = {ϕ :

[K ] ≃ [K ]}.
If the condition for triggering the clustering process is not

satisfied at t , the cluster remains the same as the cluster from
the previous step.

B. PRETRAINED ENCODER
Algorithm 1 can make use of a pretrained universal encoder.
With a given universal encoder, the algorithm operates
with fixed encoder weights throughout the training process,
thereby restricting gradient updates only to the decoders’
weights. Specifically, this adjustment means that Line 4 in
Algorithm 2 is applied exclusively to the decoders, effectively
rendering Line 7 of Algorithm 1 redundant. This approach is
closely related to concepts like partial model personalization
and alternative optimization [23], though our focus remains
on context clustering and the cluster-wise personalization.

To obtain a universal pretrained encoder, one could set
K = 1 and execute Algorithm 1, using the resulting single
trained encoder, or consider the use of a predefined standard-
ized encoder.

C. COMMUNICATION COMPLEXITY AND PRACTICALITY
The communication efficiency of FL depends on the sys-
tem configuration, including model size, number of training
rounds, and dataset characteristics. Table 1 compares the
training cost and data transmission load between central-
ized learning and the proposed CFL-based context-dependent
approach.

The proposed approach performs context clustering based
solely on model gaps (i.e., gradient information), and there-
fore requires no additional signaling beyond what is already
present in conventional FL. The only added overhead is
a single extra model update and transmission once every
P rounds per context, which terminates after Tc clustering
rounds. In terms of storage, the method temporarily requires
Kd↓C features-K times larger than conventional FL-but this
requirement disappears once clustering converges. In prac-
tice, clustering converges within about 10 communication
rounds (see Sec. V-C), making the additional computation
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TABLE 1. Training and transmission cost: centralized vs. CFL.

and communication costs negligible relative to the full train-
ing process. As a result, the proposed method remains fully
compatible with existing FL protocols, while preserving pri-
vacy and incurring only minimal overhead.

Under certain scenarios, FL can reduce communication
overhead compared to centralized learning. For instance,
in centralized training, each BS must transmit its entire local
dataset to a CU. For example, in Sec. V, we consider the
COST2100 dataset [4] for indoor and outdoor environments
with Nsample = 100, 000 samples and each raw sample origi-
nally drawn from C32↓1024 in the spatial-frequency domain.
This results in over 6↓109 real numbers. With FL, if we train
a CsiNet [4] model for Ncl=64 having 2.6↓ 105 parameters
over 1,000 rounds with C = 8, the cumulative transmission
cost would be approximately less than 5↓ 109 real numbers,
a reduction in communication load under this setup. It is
important to note that in this setup, it is not the UE but the
BS that transmits and receives the model parameters, and
thus, we consider the BS as the FL client participating in
collaborative training.

However, when larger models are used or centralized learn-
ing applies the preprocessing to reduce data transmission,
such as delay-domain cropped CSI of dimension C32↓32,
centralized learning can be more communication-efficient
than FL. The tradeoff between FL and centralized learning
varies across scenarios, whereas FL becomes increasingly
advantageous as dataset sizes grow, which is typical in mod-
ern massive MIMO systems with high-dimensional CSI.

Beyond communication efficiency, FL enables privacy-
preserving collaborative training across multiple service
providers without requiring the exchange of raw CSI data.
This is particularly beneficial in wireless systems where CSI
data often resides across competing service providers or UE
vendors [17]. The value of such privacy-aware training frame-
works has been widely acknowledged in recent studies [24],
[25]. Furthermore, as noted in [26], 3GPP is expected to con-
tinue its study of CSI compression in Release 19, to address
the challenges of inter-vendor training collaboration. In this
context, the proposed CFL-based framework can support col-
laborative learning in multi-vendor (context) environments.

V. EVALUATION
In this section, we first demonstrate that CFL achieves per-
formance comparable to centralized learning with known
context clusters, without requiring prior knowledge of the
underlying distributions, and by leveraging distributed data.
We further show that the CFL approach outperforms both

the global and local model schemes discussed in Sec. I.
Next, we consider a more challenging and practically rele-
vant setting with heterogeneous channel distributions across
contexts. We evaluate the CFL algorithm under this setting
and observe that clustering contexts with shared similari-
ties results in improved performance compared to baseline
schemes. Additionally, we compare the context clustering
results with existing CFL algorithms and show that our
method consistently yields correct clustering outputs, leading
to better compression performance.

A. BASELINES
1) GLOBAL MODEL
The scheme that utilizes a single global model corresponds to
setting K to 1 in the proposed algorithm. This is equivalent to
the traditional FL approach [13], where a shared encoder and
decoder are used for all contexts.

2) LOCAL MODELS
In the scheme where each context utilizes a different local
autoencoder model, it can be achieved by setting K to C in
the proposed algorithm and excluding the process described
in lines 7-14 of Algorithm 1. This configuration aligns with
the conventional data-driven CSI feedback framework, where
each context has a distinct autoencoder.

3) EXISTING CFL ALGORITHMS
In selected experiments, we employ existing representative
CFL algorithms, Iterative Federated Clustering Algorithm
(IFCA) [27] and Clustered Federated Learning: Model-
Agnostic Distributed Multi-Task Optimization under Privacy
Constraints (MADMO) [28], as baselines. While these CFL
algorithms could potentially be adapted to support our pro-
posed system model, their outcomes, including clustering
results, can be different from ours.

To measure the compression efficiency, we employ the
Normalized Mean Squared Error (NMSE) as a standard met-
ric which is given as E[↙H ↔ Ĥ↙2F/↙H↙2F].

B. SETUP 1: INDOOR AND OUTDOOR CHANNEL
DISTRIBUTIONS
1) SIMULATION ENVIRONMENT
In this subsection, we assume two types of channel distri-
butions: indoor and outdoor, which indicates that there are
two different distribution identities as D = 2. We use the
COST2100 Channel Model Dataset [4] that has been widely
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TABLE 2. Performance comparison (NMSE).

used as a benchmark for DL-based CSI feedback research.
The COST2100 dataset comprises 100,000 instances of
indoor channel data and 100,000 instances of outdoor channel
data. In order to examine scenarios with a reduced amount of
data, we select 50,000 instances from each set, leading to a
total dataset of 100,000 instances.

We consider a system model consisting of one CU con-
nected to C contexts, with K = 2, corresponding to two
distinct channel distribution identities. Among the C con-
texts, half are associated with an indoor channel distribution,
while the other half are linked to an outdoor channel distri-
bution. Each context is assigned a local dataset that contains
an equal portion of the overall indoor channel data. The
experiments are conducted with different configurations,
specifically C → {8, 16, 32} and Ncl → {32, 64, 128}.

2) ALGORITHMIC CONFIGURATION
The learning rate is set to 0.001with theAdam optimizer [19],
and a batch size of 200 is selected. During each local update,
each context leverages its entire local dataset to perform a
single epoch update. The local dataset is divided into multiple
batches of size 200, and these batches are sequentially used
to update the model. We employed the encoder and decoder
architectures described in [4].

3) RESULTS
In Table 2, an underlined result indicates the superior perfor-
mance of a distributed learning approach over the centralized
learning approach [4]. The best-performing distributed learn-
ing approach is highlighted in bold. The performance of
the centralized learning approach reported in Table 1 is
based on the results presented in [4]. The key distinc-
tion between the centralized learning approach and the
distributed learning approach lies in the fact that the learn-
ing agent (CU) in the centralized approach has knowledge
of the distribution identity of all the data and has direct
access to the raw data. The centralized framework employs
two autoencoders, which may offer enhanced compression
capability. All FL-based schemes-including the proposed
context-dependent decoding, the global model, and the local
model-use encoder/decoder modules that are architecturally
identical to those in the centralized framework. However,
the proposed context-dependent decoding scheme utilizes

a single universal encoder, while the global model scheme
employs a single encoder and a single decoder, both operating
without access to raw datasets.

The proposed approach, referred to as Context-dep,
demonstrates superior performance compared to other dis-
tributed learning methods across most experimental sce-
narios. The proposed method successfully clusters con-
texts into two distinct groups: one containing indoor
channel-associated contexts and the other comprising outdoor
channel-associated contexts. This clustering is achievedwith-
out any prior knowledge of the channel distributions for the
contexts.

Using the single global model strategy yields performance
variations across diverse setups, with differences within
approximately 0.3 dB range for varying context numbers. The
approach employing local models for each context experi-
ences significant performance degradation as the number of
contexts increased and per-context dataset sizes decreased.
This can result in performance gaps exceeding 2 dB, possibly
due to data limitations. In contrast, the proposed method
consistently outperforms these approaches in all experiments,
irrespective of codeword length or context count.

Notably, the proposed method even outperforms the cen-
tralized learning method in terms of average performance in
some cases, despite the latter having access to all data and
knowledge of their distribution identities. Additionally, it is
important to highlight that our proposed method employs
a universal encoder, reducing the encoder storage require-
ment for each UE to half that of the centralized learning
method.

C. SETUP 2: DIVERSE HETEROGENEOUS CONTEXTS
OVER MULTIPLE SUBAREAS AND MULTIPLE
FREQUENCIES
In this subsection, we explore a scenario where all the con-
texts have distinct channel distributions, and we investigate
the potential benefits of employing CFL to cluster contexts
with distinct channel distributions together. This experimen-
tal setup can potentially encompass scenarios where multiple
service providers operate in geographically distinct regions,
utilizing different frequency bands, and the goal is to enhance
the performance of the CSI autoencoders for the various
contexts by CFL.
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TABLE 3. Comparison of NMSE (dB) performance.

1) SIMULATION ENVIRONMENT
We generate eight local datasets, each comprising 10,000
training samples and 10,000 test samples, using QuaDRiGa
(QUAsi Deterministic RadIo channel GenerAtor) [29], [30].
The datasets differ in carrier frequency (0.8/2.4 GHz),
cell type (Urban Micro/Macro), and propagation condition
(LOS/NLOS). LOS channels contain 5–20 dominant delay
components, whereas NLOS channels exhibit 30–40 compo-
nents, resulting in richer multipath propagation. Base stations
employ the 3GPP-3D antenna model, while user equipment
is equipped with omni-directional antennas. Macro-cell and
micro-cell base stations are placed at heights of 24 m and
12m, respectively. UEs are distributed over a 35m radius disk
at a height of 1.5 m, whose center is located 35 m from the
base station along the main lobe direction of the BS antenna.
This setup ensures variability in spatial geometry and signal
paths, reflecting realistic deployment scenarios.

To further illustrate the diversity among these datasets,
Figure 6 visualizes six randomly selected samples from each
pc, represented in the angular-delay domain. Each CSI matrix
is represented in the cropped angular-delay domain, nor-
malized by its maximum value before taking the absolute
magnitude. These visualizations show heterogeneity across
contexts in terms of scattering patterns, angular dispersion,
and dominant delay components. However, partial similari-
ties are also observed across some contexts, motivating the
use of context clustering to promote decoder sharing within
the CFL framework.

2) ALGORITHMIC CONFIGURATION
We use the autoencoder architecture detailed in Appendix B,
configured with B = 16 and an embedding dimension
Nemb = 4. The training objective uses the modified
loss function ω⇓ defined in (6), replacing ω, for a dis-
cretized codeword space. For the CFL baselines and our
proposed method, we initialize the training with a pre-
trained global encoder. This universal encoder is obtained via
Algorithm 1 with K = 1 and T = 1,000, as described in
Subsection IV-B, and the encoder parameters remain
fixed throughout the CFL training process. To train the
context-dependent CSI decoders, we run T = 1,000 com-
munication rounds, with Tc = 10 and single-epoch local

updates. We assume the number of clusters is unknown
and accordingly set unknown_K = True. All remaining
hyperparameters follow the experimental setup outlined in
Subsection V-B.

3) RESULTS
Across nine experiments spanning three codeword lengths
(64, 128, and 256 bits) and three random seeds, the proposed
CFL algorithm consistently produces a single clustering out-
come: {(c1, c2), (c3, c4), (c5, c6), (c7, c8)}, where each con-
text cluster is denoted by parentheses, e.g., (c1, c2). Figure 7
illustrates the resulting architecture, where a single universal
encoder is shared across all contexts, while four distinct
decoders are assigned to context clusters. For example, when
a user is in context c1 or c2, corresponding to channel distribu-
tions p1 and p2, the UE uses the shared universal encoder and
the BS, upon receiving the encoded feedback, employs Dec 1,
which is shared between both contexts for CSI reconstruction.
Table 3 provides a comparative analysis of the compression

performance across different frameworks for the 64, 128,
and 256-bit compression scenarios. The results demonstrate
that the proposed context cluster-dependent framework deter-
mined by CFL-GP consistently surpasses both the global and
local model frameworks across all contexts. Notably, in sev-
eral settings, our approach achieves superior reconstruction
accuracy using only half the feedback budget required by the
global model. For example, in context c1 with H ↘ p1, the
proposed approach achieves better performance with 64-bit
codewords than the global model with 128 bits. Similarly, for
p2, our method attains an NMSE of ↔10.06 dB with 64 bits,
while the global model, despite utilizing twice the feedback
budget, reaches ↔9.86 dB. The local training approach per-
forms significantly worse across all settings, likely due to the
absence of context collaboration and the limited sample size
per context. As expected, both the proposed method and the
global baseline benefit from increased feedback capacity.

a: CODEBOOK PERPLEXITY
To evaluate the codebook usage, we measure the code-
book perplexity for each context, as summarized in Table 4.
The perplexity quantifies the effective number of codewords
being utilized and is defined as exp(↔

∑B
i=1 qi log qi), where
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FIGURE 6. Sample visualizations from the heterogeneous
channel datasets, p1 . . .p8, used in the federated learning
experiments. Each dataset differs in center frequency,
propagation condition, and cell type. While the datasets exhibit
heterogeneity, partial similarities exist across subsets, which
motivates context clustering. CFL algorithms aim to identify
clusters to assign shared decoders while retaining a universal
encoder. The full dataset is publicly available at [9].

TABLE 4. Codebook perplexity.

B denotes the codebook size and qi represents the empirical
probability of selecting the i-th codeword. By construction,
the perplexity is between 1 and B, with higher values indicat-
ing a more uniform usage of the codebook.

FIGURE 7. Trained context cluster-dependent framework with a
single universal encoder and four context cluster-dependent
decoders. The proposed CFL algorithm consistently yields the
clustering {(c1,c2), (c3,c4), (c5,c6), (c7,c8)} across all
experiments. For instance, contexts c1 and c2, corresponding
to channel distributions p1 and p2, share the same decoder
while using the universal encoder.

The results in Table 4 show that most contexts achieve
perplexity values in the range of 13–15, which is close to
the maximum possible value of 16. This observation indi-
cates that the learned quantizer is effectively leveraging the
majority of the available codewords across contexts. In par-
ticular, c3 and c4 attain perplexity values exceeding 15,
reflecting near-uniform codebook utilization. On the other
hand, relatively lower values are observed for c1 and c2 (e.g.,
10.07 at 128 bits), suggesting that their channel distributions
are simpler and predominantly mapped to a smaller subset
of codewords. This is consistent with their relatively higher
compression efficiency, as these contexts correspond to LOS
or microcell scenarios with reduced scattering complexity.

4) CONTEXT CLUSTER-DEPENDENT MODELS VIA
DIFFERENT CFL ALGORITHMS
Our proposed system model, which leverages context
cluster-dependent decoders and a universal encoder, can also
be implemented using existing CFL algorithms [27], [28].
However, these algorithms and our proposed approach rely
on different clustering criteria, resulting in distinct clustering
outcomes and affecting performance.

To assess the effectiveness of our proposed method,
we compare its performance against two representative
baselines: the Iterative Federated Clustering Algorithm
(IFCA) [27] and Clustered Federated Learning: Model-
Agnostic Distributed Multi-Task Optimization (MADMO)
[28]. Table 5 reports both the clustering results and the cor-
responding average performance metrics across all contexts.
For each value of codeword length, we perform multiple
experiments using distinct random seeds and present the
resulting clustering outcomes. A notation such as context
cluster ‘‘(c1, c2)’’ denotes that the CFL algorithm has grouped
contexts c1 and c2 into the same cluster. For IFCA, which
requires the number of clusters to be specified a priori, we fix
K = 4, and our method infers the number of clusters auto-
matically during training.

The results demonstrate that CFL-GP consistently iden-
tifies the context cluster {(c1, c2), (c3, c4), (c5, c6), (c7, c8)}
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TABLE 5. Comparison of NMSE performance (dB) and clustering
results for the CFL methods.

TABLE 6. Clustering robustness measured by adjusted rand
index (ARI) with varying relative sizes of the local dataset per
context.

across all nine experiments. These outcomes suggest that
CFL-GP effectively captures underlying similarities in chan-
nel characteristics, grouping contexts based on both the
number of dominant clusters and the base station type (macro
vs. micro).

In contrast, IFCA produces a single global model that
fails to capture distributional heterogeneity, leading to sub-
optimal performance. MADMO, on the other hand, yields
three distinct clustering patterns across the experiments, with
some trials grouping contexts by cell type, e.g., (c1,c2,c5,c6)
vs. (c3,c4,c7,c8), and others by propagation condition, e.g.,
(c1,c2,c3,c4) vs.(c5,c6,c7,c8).

Among the three methods, CFL-GP consistently achieves
the best NMSE performance. This highlights its robustness in
discovering context clusters under distributional uncertainty
and its ability to enable effective context grouping, leading to
improved compression and reconstruction performance.

a: CLUSTERING ROBUSTNESS
We further evaluate the robustness and consistency of the
proposed clustering method with respect to the number of
data samples available per context. Table 6 summarizes the
results under different relative dataset size ratios, where, for
example, a ratio of 1/4 indicates that each local context
contains one-quarter of the samples compared to the original
setup. To assess clustering stability, we employ the Adjusted
Rand Index (ARI), where larger values indicate better align-
ment, and a value of 1 denotes perfect agreement with the
target clustering.

The ARI is measured against the clustering output
obtained from the proposed method using the full dataset,
i.e., {(c1, c2), (c3, c4), (c5, c6), (c7, c8)}, which corresponds
to the best-performing clustering configuration. As shown in
Table 6, the ARI remains 1.0 when the dataset size per context
is reduced to as low as 1/32 of the original, demonstrating

TABLE 7. Average intra-cluster NMSE gap (Max-min fairness
index).

TABLE 8. Comparison of cosine similarity and clustering results
for the CFL methods.

that the clustering assignments are preserved even under sub-
stantial data reduction. Only in extremely data-scarce regimes
(e.g., 1/128 of the dataset, corresponding to fewer than
100 samples per context) does the ARI noticeably degrade.
In this case, the ARI drops to 0.444 for the 128-bit setting
and to 0.725 for the 256-bit setting, while the 64-bit model
still achieves 0.862. This indicates that insufficient data can
lead to unstable clustering.
Overall, these results confirm that the proposed method

maintains consistent and robust clustering behavior under
moderate data reduction, and only exhibits degradation in
severely undersampled scenarios.

b: MAX-MIN PERFORMANCE FAIRNESS
To further assess clustering quality, Table 7 reports the
max-min fairness index, defined as the performance gap
between the best and worst NMSE within each cluster.
Ideally, this value should be small, indicating uniform perfor-
mance across contexts sharing the same decoder. The results
confirm that CFL-GP achieves the smallest fairness index
among all methods, except for the Local baseline, which
trivially yields zero since no contexts are clustered. MADMO
attains the next lowest values, consistent with its ability to
occasionally form effective clusters, especially where Ncl =

128 and 256. The Global model approach, on the other hand,
exhibits large fairness gaps due to its inability to differentiate
heterogeneous contexts.

c: DIFFERENT LOSS FUNCTIONS
To investigate the adaptability of the proposed context-
dependent approach under different loss functions, we con-
sider the cosine similarity loss: ωcos(hn, ĥn) = 1↔

|hHn ĥn|
↙hn↙2 ↙ĥn↙2

,

where hn → CM denotes the channel vector at the n-th
subcarrier, and ĥn is its reconstruction, which is obtained
by FFT of the decoder output. Cosine similarity is directly
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related to channel capacity when the decoder output is used
for precoding, since maximizing the alignment term |hHn ĥn|
improves the effective Signal-to-Noise Ratio (SNR).We eval-
uate the context-dependent approaches using this loss, and
report performance and clustering results in Table 8.

The notable observation is that, even under this distinct
loss function, the proposed CFL-GP consistently identifies
the same clustering pattern as with the NMSE loss, while
also achieving the best performance. MADMO occasion-
ally produces the optimal clustering (in terms of the target
performance), particularly when Ncl = 128, but with less
consistency. IFCA yields a single cluster, resulting in subop-
timal performance.

VI. LIMITATIONS AND FUTURE DIRECTIONS
Delays in FL: Future work includes addressing het-

erogeneous CU-BS transmission links that may introduce
delays or noise in model and cluster updates. Delays can
be mitigated by temporarily excluding late contexts and
re-integrating them once updates are available, with cluster
assignments adjusted accordingly. Transmission noise can
be alleviated through efficient quantization or error-resilient
encoding of gradient information over the air. After cluster-
ing is completed, which is typically much shorter than the
overall training process, the proposed method reduces to con-
ventional FL, where well-studied communication resource
allocation strategies-such as energy-efficient scheduling and
gradient compression control, e.g., [31] and [32], can be
readily applied.
Previously unseen contexts:Another important direction is

the handling of entirely new channel distributions that have
not been previously observed, for example, due to drastic geo-
graphical or environmental changes. Once such a distribution
is detected, the system can efficiently initialize from a pre-
trained model and update only the corresponding decoder for
the newly formed cluster. In rare cases where the distribution
is fundamentally different, additional training of the universal
encoder may be required.
Advanced model architectures: Future work may also

explore more advanced neural architectures, such as
attention-based mechanisms [33], to further enhance rep-
resentation capability. In addition, selectively fine-tuning
encoder modules and enabling parameter sharing across
decoders may provide greater flexibility for generalization
and better adaptation of the proposed context-dependent
decoding scheme to diverse channel conditions.
CSI quality and data fidelity: In this work, the experiments

assume access to a limited amount of ground-truth local CSI
data. Understanding how performance is affected by data
fidelity, such as when using synthesized or corrupted CSI, is a
worthwhile direction for future exploration.

VII. CONCLUSION
This paper addresses key challenges in data-driven CSI feed-
back methods, encompassing issues of data heterogeneity,
reliance on extensive datasets, and deployment complexity.

To tackle these challenges, we introduced a context cluster-
ing approach that features distinct decoders for each cluster
alongside a universal encoder for all contexts. This sys-
tem model is trained on CSI data through a CFL algorithm
employing gradient similarity for context clustering. Our
comprehensive experimentation validated that the proposed
model yields superior compression performance, improved
sample efficiency, and decreased storage overhead compared
to conventional methods, be it a global model or mul-
tiple local models. Furthermore, our experimental results
emphasized the substantial influence of context clustering
results on ultimate performance by showing that the proposed
algorithm outperforms representative CFL methods. Overall,
our framework and algorithm hold promise for addressing the
implementation of data-driven CSI feedback methods in real-
world scenarios, especially under constraints like limited data
and heterogeneous channel distributions.

APPENDIX A
RELATED WORK
A. NEURAL CSI FEEDBACK
The explicit CSI feedback techniques based on Deep
Learning (DL) have surpassed the performance of exist-
ing conventional feedback methods, including Compressive
sensing-based techniques, as shown in [4] and [7]. These
methods often employ an autoencoder architecture tailored
for CSI compression and decoding, with its weights opti-
mized using training data drawn from a specific wireless
channel distribution.
Research on CSI feedback using the DL-based methods

has been focused on improving the structure of neural net-
works. [4] proposed a DL-based CSI compression method
using convolutional layers and fully connected layers, which
outperformed conventional compression methods for Fre-
quency Division Duplexing (FDD). Subsequently, tailored
neural architectures have been introduced to further improve
CSI feedback by leveraging temporal and spatial correlations
in CSI [5], [12], [34], [35], [36], [37]. Beyond FDD settings,
neural CSI feedback has also been explored for TimeDivision
Duplexing (TDD) systems with multi-user settings [38].
To further enhance flexibility and system-level effi-

ciency, several extended system models have been proposed.
Learning-based techniques for joint feedback and channel
estimation were introduced in [39] and [40]. A Multi-Task
Learning-Based CSI Feedback design, which employs a
CSI classification function to select environment-specific
decoders, was presented in [41]. Optimization of multi-task
learning frameworks via model pre-training was achieved
in [42].

Despite the progress achieved by these approaches, they
do not fully take into account the constraints, including the
challenges posed by the coexistence of diverse channels, the
difficulties of distinguishing among channel distributions,
and the limitations imposed by having access to only limited
datasets. In this paper, we propose a CFL approach that
effectively addresses these challenges.
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B. FEDERATED LEARNING
FL [13] is a distributed optimization paradigm where local
devices, each with their own datasets, train local mod-
els, which are subsequently aggregated by averaging their
weights. This process of local training and global model
aggregation is repeated iteratively until the model con-
verges. FL framework has gained widespread adoption across
various fields [43], [44], [45], including wireless communica-
tions [46], due to its advantages in communication efficiency,
data privacy, and generalization capabilities.
Model Personalization: In real-world FL, non-identical

local data distributions degrade the performance of glob-
ally trained models. Personalized Federated Learning (PFL)
addresses this by adapting global models to local tasks [47],
often via transfer learning [48], meta-learning [49], and mul-
titask learning [50].
Federated Learning for Channel Estimation, Prediction,

Compression, and Feedback: FL offers a practical solution
for deploying DL-based CSI processing by reducing com-
munication overhead for data transmission and preserving
user data privacy [24], [51], [52]. In [53], FL with online
learning enables BS and UEs to collaboratively learn the
hidden sparsity structure in MU-MIMO systems. FL is used
to train a global symbol detector across varying DL fading
channels in [54] and to support communication-efficient CSI
feedback autoencoder training with partial model parameter
sharing in [55]. FL is also utilized for channel estimation
enabled by federated generative adversarial networks [56].

FL-based frameworks have been extended to multi-rate
CSI compression [57], joint CSI estimation and feed-
back [58], and personalized CSI feedback with quantization
for reduced FL training overhead [59]. DL-based CSI predic-
tion under FL in FDD massive MIMO systems is addressed
in [60]. In particular, [60] highlights the advantages of
FL over centralized training, where transmitting large vol-
umes of high-dimensional CSI data from base stations to
a central unit leads to significant communication overhead.
FL mitigates this by requiring only the exchange of model
parameters, thereby substantially reducing the transmission
burden. A hybrid of federated and transfer learning for
asynchronous downlink CSI prediction is proposed in [61],
while [62] incorporates meta-learning for model initialization
with FL-based online fine-tuning. In [63], distributed CSI
estimation for cell-free MIMO is achieved via local updates
at access points and centralized aggregation with variance
reduction.
Key Differences Between Existing CSI Feedback Per-

sonalization and Our Approach: In the context of CSI
compression, recent works such as [41], [42], and [64] have
introduced multitask learning-based personalization strate-
gies. These approaches rely on a shared encoder module with
distinct CSI decoders tailored to each local dataset [41], [42],
or partial parameter sharing across local models [64]. In [59],
fine-tuning of the local model for personalization is achieved
after global model training. However, these methods assume
prior knowledge of the underlying dataset distribution during

training and typically require sufficient volumes of data (e.g.,
over 40,000 CSI instances per context [41]) or focus predom-
inantly on per-context personalization [41], [59].

In contrast, our work addresses the specific challenge
of operating under limited sample availability, e.g., only
10,000 CSI instances per context, while also lacking prior
distributional labels and being subject to data privacy con-
straints. A key aspect of our approach is the exploration of
the benefits of exploiting similarities in channel distributions
across diverse contexts. Rather than assigning a personalized
model to each context, we propose a novel strategy that
identifies and leverages these distributional similarities to
group contexts with similar characteristics. This allows for
collaborative training of a sharedmodel, improving efficiency
and generalization across contexts. Contexts with substan-
tially different distributions are excluded from these groups
to maintain model performance. To realize this, we use our
CFL algorithm, CFL-GP, which dynamically groups contexts
based on gradient information, optimizing model training for
varied and unknown distributional contexts.
Clustered Federated Learning: CFL extends the person-

alization capabilities of FL by training a separate model for
each group of contexts, rather than a single global model for
all participants. CFL algorithms aim to identify clusters of
contexts with similar data distributions and train one model
per cluster. In [28], a bipartition-based CFL algorithm was
proposed, wherein contexts are split into groups based on
gradient differences from the converged global model. This
process is applied recursively to form multiple clusters, each
training its own model. Loss-based clustering approaches
have also been explored [27], [66], with [27] introducing an
efficient CFL algorithm that reduces the computational load
by offloading clustering tasks to local contexts, which select
the best-performing model from a pool of candidates.

However, existing CFL algorithms often rely on sensitive
clustering parameters and assume a large number of con-
texts for convergence [27], assumptions that may not hold in
wireless networks where the number of contexts is limited.
Additionally, some of the existing CFL approaches rely on
predefined parameters related to gradient statistics for context
clustering [28], which may be challenging due to unknown
gradient statistics and the variability in channel distributions.
Our proposed CFL algorithm is specifically designed for
environments with limited contexts, without the need for
sensitive hyperparameter tuning, making it more applicable
to real-world scenarios.

APPENDIX B
AUTOENCODER ARCHITECTURE
The autoencoder architecture is motivated by inception
blocks, with both the encoder and decoder utilizing the
inception-style design introduced in [65] and further devel-
oped for CSI processing modules [12], [67]. In particular,
CRNet [12] modules are employed for angular-delay domain
CSI processing, providing lightweight and effective feature
extraction, while the VQ-VAE framework is incorporated
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FIGURE 8. The proposed autoencoder architecture. It combines the VQ-VAE [11] for quantization and the Inception modules [65] for
CSI encoding and decoding. Further details can be found in [9].

to enable codeword discretization. The combined architec-
ture enables end-to-end gradient-based optimization for the
encoder, quantizer, and decoder, forming the VQCINet archi-
tecture as depicted in Figure 8. In each block containing
convolutional (Conv) or transposed convolutional (ConvT)
layers, the numbers in parentheses in Figure 8 correspond to
(output channels, kernel width, kernel height). If five numbers
are listed, the final two indicate the stride sizes for width and
height, respectively.
We consider Ncl-bit compression of a CSI instance H.

To achieve this, we introduce a base B where B > 2. This
allows the codeword length to be Ncl/ log2(B), while preserv-
ing the same cardinality as the Ncl-bit binary codeword. This
approach leads to a more compact model, as directly generat-
ing binary outputs from the encoder would necessitate a con-
siderably larger encoder with a higher parameter count. The
overall architecture follows an Encoder-Quantizer-Decoder
structure.
Encoder : The encoder receives a cropped CSI matrix in

the angular-delay domain H, which is processed through
three parallel paths. Each path contains a convolutional layer
(Conv), batch normalization (BN), and leaky ReLU (LR)
activation. The outputs of these paths are concatenated along
the channel dimension and processed by two additional
LR+Conv+BN blocks. The resulting data is vectorized and
passed through a Fully Connected (FC) layer to obtain a
vector of size NclNemb

log2(B)
, where B is the base of the codeword

representation and Nemb is the embedding dimension. This
vector is reshaped into a matrix Ncl

log2(B)
↓Nemb, referred to as

Ze. This representation is then quantized.
Quantizer : The representation Ze is quantized using a

codebook consisting of B distinct vectors, each of dimension
Nemb. The encoder output can be viewed as a collection of
Ncl/ log2(B) embedding vectors, each of size Nemb. Each
vector in Ze is mapped to the closest embedding vector in
the codebook based on the smallest l2 norm. This process

yields the quantized output Z, as illustrated in Figure 8 in
Appendix B. The quantization achieves Ncl-bit compression
by selecting from B distinct embedding vectors, where the
length is Ncl/ log2(B). We ensure that B is chosen such that
Ncl/ log2(B) is integer valued.
For CSI feedback, the encoder transmits the indices of the

selected codebook vectors over the wireless feedback link
to the BS. The sequence of indices corresponding to the
embedding vectors forms the codeword C.
Decoder : At the BS, the received codeword C is mapped

to an embedding tensor and reconstructed into CSI Ĥ. The
decoder consists of three stages:
1) Upsampling: Two ConvT layers progressively expand

the embedding. The first layer maps 12 ≃ 6 channels
with kernel 2 ↓ 2, stride 2, and no bias; the second maps
6≃2 channels with the same kernel and stride. Each ConvT
is followed by a BN and an LR with a slope of 0.3.
2) Feature refinement: The upsampled tensor is refined by

three stacked CR blocks adapted from CRNet [12]. In each
CR block, two parallel paths are used: Path 1 applies 3 ↓ 3,
1 ↓ 9, and 9 ↓ 1 Conv layers to capture correlations across
delay and angular dimensions; Path 2 applies 1↓ 5 and 5↓ 1
Conv layers for medium-range dependencies. All Conv layers
are followed by BN and LR. The outputs of the two paths are
concatenated, reduced back to 2 channels via a 1↓1Conv, and
merged with the block input through a residual connection,
followed by LR. The three CR blocks are stacked sequentially
with intermediate channel sizes of 9, 7, and 5, respectively.
3) Output: A final 1 ↓ 1 Conv followed by a Sigmoid

activation produces the reconstructed CSI Ĥ.
The autoencoder architecture presented in Section VII-B

is not inherently differentiable due to the quantization step
applied to the encoder’s output. To enable gradient-based
end-to-end training, we employ the stop-gradient opera-
tor [11]. Specifically, we modify the forward computation
of the encoder’s output as Z = Ze + sg[Z ↔ Ze] where
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sg represents the stop-gradient operator. This operator treats
its input as a constant, effectively blocking the gradient
propagation through the input. This formulation ensures that
the gradient backpropagation of the quantization process is
skipped, and the gradient of the MSE loss with respect to the
encoder representation Ze is replaced by the gradient with
respect to the quantized representation Z. We also use the
VQ-VAE loss function ω⇓ instead of ω, which is represented
as

ω⇓(H, Ĥ)=ω(H, Ĥ) + ↙sg[Ze] ↔ Z↙
2
+ ↙Ze ↔ sg[Z]↙2.

(6)

The FLOP complexity of the autoencoder is 5.58M, 5.68M,
and 5.88M for the 64-bit, 128-bit, and 256-bit settings,
respectively.
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