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Thanks to the availability of abundant bandwidth, millimeter-wave (mmWave) massive multi-input multi-
output (MIMO) systems have numerous applications in wireless communications, in which downlink channel
estimation is one of the crucial problems. Through the adaptation of lens antenna array, mmWave channels
have a sparsity feature in the beamspace domain, which results in the requirement of a reduced number of RF
chains for such a system. Using the sparsity of beamspace channels, the beamspace channel estimation problem
can be formulated as a sparse signal recovery problem, which can be solved by the greedy OMP algorithm,
where dominant beamspace channel entries are found sequentially one by one, iteratively. To improve the
performance of this algorithm, we propose a deep learning (DL)-based OMP algorithm, namely LOMP, in which
a previously trained DL model is adopted to choose a set of beamspace dominant entries simultaneously instead
of a single dominant entry. As we consider the downlink channel estimation, constructing a DL model well-
accepted by all users requires them to send received signals to a centralized entity with high computational
power. However, this incurs huge communication burden owing to the signal transmission by all users. To
tackle this issue of communication burden as well as preserve the privacy of received signals, we propose a
decentralized federated learning (FL)-based OMP algorithm, namely FL-OMP, in which the peer-to-peer (P2P)
FL technique is adopted to construct the DL model in the LOMP algorithm, where users share gradients of their
local learning models among themselves. Extensive simulations have been conducted to verify the effectiveness
of the proposed LOMP and FL-OMP algorithms while comparing with other works in the existing literature.

1. Introduction domain [5], which is computationally intensive because of the high
channel dimension, especially when the system has much less number
of RF chains compared to the number of antennas.

At the beginning, researchers used least-square (LS) [6,7] and pilot-
based techniques [8] to acquire CSI from wireless channels. Due to
the pilot contamination issue owing to the exchange of huge volume
of pilot signal, the accuracy as well as the system efficiency [9,10] of
pilot-based techniques is not good. Consequently, compressive-sensing
(CS)-based techniques allow for accurate channel estimation with fewer

Millimeter wave (mmWave) is one of the promising communica-
tion technologies in 5G and the forthcoming 6G system due to the
availability of abundant bandwidth [1]. Owing to the placement at the
high-frequency domain, mmWave channels suffer high path loss, which
can be mitigated by equipping beamforming technologies, such as a
massive multi-input multi-output (MIMO) array at the transmitter [2].
The phase shifter network or lens antenna array is a well-known tech-
nology to convert the spatial channels of such a system to beamspace

channels [3]. Thanks to the nature of high-frequency mmWave chan-
nels, there are only a few dominant propagation paths with large gain,
which causes sparsity in the beamspace channel [4]. Consequently,
the radio frequency (RF) chain requirements connected to the digital
baseband of such a system can be considerably reduced through the
selection of dominant beams. The selection of appropriate beams re-
quires the accurate channel state information (CSI) in the beamspace
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pilot symbols [11] by exploiting the sparsity of the channel which is
beneficial for high-frequency channel with sparse representation [12].
Based on different structures, CS has different algorithms for channel
estimation [13]. For example, Orthogonal Matching Pursuit (OMP)
is a well-known CS-based greedy algorithm [14], which is computa-
tionally efficient and effective for real-time applications. Approximate

1 The research was supported in part by the China NSFC Grant (No. 62372307, No. U2001207), Guangdong NSF (No. 2024A1515011691), Shenzhen Science and
Technology Program (No. RCYX20231211090129039), Shenzhen Science and Technology Foundation (No. JCYJ20230808105906014), Guangdong Provincial Key
Lab of Integrated Communication, Sensing and Computation for Ubiquitous Internet of Things (No. 2023B1212010007), the Project of DEGP (No. 2023KCXTD042).

https://doi.org/10.1016/j.sigpro.2025.110180

Received 23 December 2024; Received in revised form 20 May 2025; Accepted 17 June 2025

Available online 29 July 2025
0165-1684/© 2025 Published by Elsevier B.V.



U. Aslam et al.

Message Passing (AMP) is also a CS powerful technique used for
channel estimation [15]. This is an iterative sparse channel recovery
technique [16], particularly where sparsity is a defining characteris-
tic [17]. Sparse Bayesian Learning (SBL) is a CS-based algorithm to
help estimate sparse channels in wireless systems. [18] proposes a
modified off-grid SBL that directly estimates continuous parameters,
boosting accuracy and efficiency for large-scale Reconfigurable Intel-
ligent Surfaces (RIS) setups but requires active sensors at the RIS,
increasing system complexity and cost. On the other hand, the approach
multi-layer SBL [19] estimates mmWave channels by starting with
a low-resolution estimate and iteratively refining this using updated
dictionaries and beam selections to reduce computational demands
for real-time applications. A variational Bayesian (VB) [20] learning
approach was introduced for multi-user mmWave systems to enhance
robustness against hardware impairments by leveraging hierarchical
priors and supporting set sharing across subcarriers. In another di-
rection, a deep unfolding method, learned iterative shrinkage and
thresholding algorithm (LISTA) [21], and its optimized version sens-
ing matrix optimization (LISTA-SMO) [22], were applied to dynamic
metasurface antenna (DMA)-based systems, demonstrating improved
estimation performance by learning both the algorithmic structure and
the sensing matrix. Additionally, an alternating direction method of
multiplier (ADMM) CS-based [23] sparse recovery algorithm was pro-
posed for underwater acoustic channels to enhance resilience against
impulsive noise through robust optimization. Despite the requirement
of fewer pilot signals, the accuracy of these techniques is not well-fit for
the advanced applications in wireless communications. Consequently,
there is a pressing need for a more robust channel estimation technique
that can reliably estimate the dominant beamspace channel entries
while avoiding the pitfalls of sequential estimation [24].

Recently, machine learning (ML) has received widespread atten-
tion due to its effectiveness in almost every sector of our lives [25].
The study referenced [26] was the first to apply Deep Learning (DL)
technique for channel estimation in wireless energy transfer systems,
aiming to enhance the accuracy of channel estimation in multi-carrier
wireless communication environments. In [27], the authors used a
Deep Neural Network (DNN) for joint pilot and data-aided channel
estimation, where the pilot-aided estimation process is implemented
using a 2-layer neural network (NN) combined with a DNN, while
another DNN is utilized for the data-aided estimation process. DL
offers a transformative scheme by modeling complex patterns effec-
tively. Recent advancements in end-to-end DL frameworks enhance
channel estimation and offer a groundbreaking alternative of using
NN to process received signals and directly recover transmitted data.
In [28], the authors proposed a hybrid network integrating pilot design
and channel estimation in MIMO-OFDM systems, improving accuracy
with fewer pilots. [29] innovatively models the time-frequency re-
sponse of channels as a 2D image, applying super-resolution denoising
techniques to achieve remarkable estimation accuracy. [30] utilized
a super-resolution algorithm to refine LS estimation in mine settings
to achieve MMSE precision with reduced pilot overhead. In [31],
the authors proposed a super-resolution channel estimation scheme
based on DL for mmWave massive MIMO systems, which utilizes a
DNN to estimate the direction-of-arrival (DOA). By utilizing spatial
correlation among different antennas [32], the DL model refines the
estimated supports, leading to better overall performance compared to
traditional methods. Hybrid model-based approaches [33-35] adopted
optimization algorithms to renovate a DNN as well as simple NN,
respectively, by tuning their parameters to improve data communi-
cation performance via accurate channel estimation. DL continued to
dominate, allowing for more accurate channel estimation by leveraging
large datasets and complex patterns without the need for explicit math-
ematical models [36]. In [37], NN is leveraged to improve the accuracy
and efficiency of estimating CSI, which is a crucial task in ensuring
reliable and efficient data transmission. In all these data-driven works,
it is shown that the channel estimation performance is much better
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with the DL techniques compared to the conventional algorithms [38]
at the cost of huge computational complexity. The application of CS
techniques, such as OMP and AMP for channel estimation in mmWave
massive MIMO systems, has been extensively studied [39]. While these
methods have demonstrated success in leveraging the sparse nature
of mmWave channels [40], they are often limited by their sequential
and greedy approach, which can lead to suboptimal results due to
the lack of global optimality. As the complexity of communication
environments gradually increases, joint CS and DL techniques emerge.
For example, the hybrid model-based DL approach [33] combines
traditional CS-based estimation techniques with DL models to improve
channel estimation performance. Following this strategy, another two
works are [17,41], in which a model-driven DL technique is integrated
with the AMP algorithm to learn the intermediate variables of the
iterative procedure for mmWave and Tera-Herz (THz) communications,
respectively. Most of these model-driven CS-based channel estimation
techniques are suitable for the uplink direction, and our work focuses
on the downlink channel estimation in mmWave systems. In [42], a pre-
defined DL model as well as the essence of CS-based OMP algorithm are
combined to estimate channel in the high-frequency domain. Similar
to [42], we leverage the OMP algorithm integrated with a pre-trained
DL model to design a channel estimation scheme for mmWave massive
MIMO systems. However, the complexity of the DL model of [42] is
much higher compared to ours due to different design of output vector.
On the other hand, [42] is ignorant of the residual concept, and thus
its achieved channel estimation accuracy is much lower as the sparsity
level of the channel increases. Furthermore, their formulation for chan-
nel estimation is for the uplink direction, and we have considered the
downlink one in this paper.

In our proposed CS-based channel estimation algorithm, a DL model
is required that is trained offline by the collected received signals in a
centralized entity. In order to deal with high communication overhead
of data collection, recently federated learning (FL) schemes, including
the centralized and decentralized peer-to-peer (P2P)-based, have re-
ceived widespread attention [43]. In the decentralized P2P-based FL,
users only exchange the model updates, i.e., gradients of the model
parameters, and thus the communication overhead is considerably
reduced. Motivated by the applications of FL in the resource manage-
ment for wireless sensor networks [44], the trajectory optimization
for UAV networks [45], task optimization of vehicular networks [46]
and beamforming design for massive MIMO systems [47], researchers
have considered the estimation of high-frequency channels, such as
mmWave and THz, using FL. For example, in [48,49], the authors have
proposed channel estimation schemes using FL for mmWave massive
MIMO systems. In the similar manner, the channel estimation for
THz communications is considered in [22], and in [50,51], the same
problem has been studied for RIS-aided communication systems and
cell-free massive MIMO systems, respectively. All these works estimate
channels based on the raw received signals. However, in [52], the
authors proposed a model-driven learning approach using FL, in which
intermediate variables of some CS-based algorithm (i.e., AMP) are
learned using FL. Similar to this work, we also learn our designed DL
model using the P2P-based decentralized FL technique for the sake of
our proposed iterative channel estimation algorithm.

Despite the availability of some works on the DL-inspired CS-based
channel estimation works for mmWave massive MIMO systems, a thor-
ough study is still required to justify their effectiveness in terms of
performance, computation and communication overhead. To this end,
we propose a DL-inspired OMP-based downlink channel estimation
scheme, namely LOMP, for mmWave massive MIMO systems aiming
to achieve higher performance with low computational complexity
compared to existing schemes (e.g., DLCS [42]). The structure of the
LOMP algorithm is as same as that in the conventional OMP algorithm
with the modification of the selection of the dominant entries in the
beamspace channel, which is conducted using the previously trained
DL model instead of the correlation function. This DL model is trained
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in an offline environment, for which the receivers are required to send
their received signals to a centralized entity, and thus incurs high
communication overhead. To mitigate this communication overhead as
well as to preserve the privacy of received signals at each individual
user, we employ the FL technique to train the DL model, and we name
the resultant channel estimation scheme as FL-OMP. To summarize, the
contributions of this work are listed as follows.

+ Leveraging the idea of CS-based greedy OMP algorithm and DL
technique, we propose an iterative CS-based downlink channel
estimation scheme, namely LOMP, for mmWave massive MIMO
systems. The structure of each iteration is as same as that in the
OMP algorithm. However, the proposed algorithm chooses a set
of dominant beamspace channel indexes through a DL model,
which was trained offline beforehand. Although the concept of
DLCS [42] has somewhat similarity with ours, this algorithm
suffers high computational complexity in the offline training as
the output of the DL model is the amplitude of the entire channel
vector (i.e., the length of which is N), whereas the output of our
DL model is only a set of indexes of the actual channel vector,
the cardinality of which is at most ¥ (k < N). On the other
hand, DLCS is ignorant of the residual concept after one iteration,
and the algorithm requires just only one iteration. However, with
the increasing sparsity of the beamspace channel, this algorithm
suffers significant performance degradation, and we overcome
this in our proposed LOMP scheme.

In the LOMP algorithm, the DL model is constructed in a cen-
tralized manner, for which the receivers are required to send the
received signals to a centralized entity, which incurs high commu-
nication overhead. Consequently, to mitigate this communication
overhead issue as well as to preserve the privacy of user-specific
pilot signals, we propose a FL-based decentralized CS-inspired
channel estimation scheme, namely FL-OMP, in which the re-
ceivers construct a DL model with their individual dataset and
then exchange the gradients of the DL model among themselves
through the P2P networking idea.

Extensive simulations have been conducted under various real-
istic settings to justify the effectiveness of our proposed channel
estimation scheme compared to DLCS and OMP algorithm. The re-
sults demonstrate that our proposed LOMP algorithm outperforms
the DLCS one with much lower computational complexity. On the
other hand, FL-OMP achieves close performance to the LOMP one
with much lower communication overhead.

The rest of the paper is organized as follows. Followed by the system
description and problem formulation in Section 2, we propose the
solution for downlink channel estimation of mmWave massive MIMO
systems based on both the centralized and decentralized concepts in
Section 3. We evaluate the performance of the proposed channel esti-
mation schemes in Section 4. Finally, we draw the conclusion of the
paper in Section 5.

The anatomy of the notations presented in this paper is described
as follows. a is a vector, a is a vector, and A is a matrix. Moreover, AT
is the transpose of the matrix A, and A¥ is the conjugate transpose of
the matrix A. On the other hand, < a,b > is the correlation function
between the vectors a and b, and DL(a) is the output of the DL model
given the input vector a.

2. System model and problem formulation

Followed by the detailed description of the multi-user mmWave
massive MIMO systems, in this section, we formulate the channel
estimation problem as a CS problem to estimate the sparse channel in
the beamspace domain. In Table 1, we summarize the mathematical
nottaions used in this paper.
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2.1. System model

We consider downlink multi-user mmWave massive MIMO commu-
nication system, in which the base station (BS) consists of Npg antennas
and Npp RF chains. There are U users in the system served by the
BS, while each user is equipped with a single antenna. The antennas
in the BS have a uniform linear array (ULA) structure with d inter-
antenna spacing. We employ a hybrid analog-digital architecture at the
BS that operates in a frequency-selective multi-path environment with
single-antenna users, where the number of RF chains is significantly
fewer than the number of antennas (i.e., Ngz < Npg). In case the
number of users U is larger than Ngg, the BS only turns on U RF chains
while turning the remaining U — Ny off in order to save the power
consumption. The BS performs hybrid precoding along the downlink
direction, which is essentially the multiplexing operation between the
baseband and analog domains. U data streams for digital precoding can
be transmitted from the BS to the users. The received signal of all U
users, denoted by y € CY, can be represented as

y=HFgppFpgs+n, (€8]

where Fp, € CV8sXU denotes the analog precoder and Fpp € CUXV
is the digital precoder. To satisfy the power constraint of the hybrid
precoder, we set |FrpFpplly = U. s € CY is the signal vector, for
which E{ss"} = I, holds, and n € CY is the additive white Gaussian
noise (AWGN) vector satisfying n ~ CN'(0,62I;). The channel matrix
from the BS to U users is denoted by

H2[hy,.. .hy]" € CUNes, @

2.2. Channel model

In this section, we discuss the mmWave channel model used for
multi-user communications in massive MIMO system, where each user
has a mmWave channel vector, h, € CVes*!, which follows the Saleh-
Valenzuela (SV) model [42,53] and is sparse in the beamspace domain
due to the limited number of propagation paths and the ability to
capture the sparse multipath characteristics of the environment. Let us
assume that the number of propagation paths for user u is L,, g,; is
the complex gain of the ith path, which follows the complex Gaussian
distribution with zero mean and unit variance. Moreover, a;(Ngg.,0,;)
is the steering vector at the BS corresponding to the angle-of-arrival
(AoA) 6,;. Thus, for user u, the corresponding channel from the BS is
modeled as

_ | Ngs

L,
u = L 2 gu,ia(NBS’ eu,i)' (3)

U=l

h

We consider the ULA antenna arrangement with the inter-antenna
distance d = 1/2 (4 is the wave length), the steering vector a;(Ngg.6,;)
for an antenna array with N elements is given by

ar(Nps,0,,) = [1,e/750@) pi2nsin®) 7ej(NBS—l)7rsin(9)]T )
Nps

This vector model represents the phase shifts across the antenna
elements corresponding to the angle #. Each entry of the vector rep-
resents the phase difference across adjacent antennas for a signal
arriving at an angle 6. The array steering vector effectively captures the
spatial structure of the received signal and is the key to beamforming
operations (see Table 1).

2.3. Problem formulation

In mmWave massive MIMO communication systems, efficient chan-
nel estimation is crucial and challenging due to the large number of
antennas and sparse nature of mmWave channel in the beamspace
domain. For example, the good estimation of H is required to design
precoding matrices Fpp and Fpp aiming to achieve the best possible
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Table 1
Definition of notations used in this paper.
Symbol Definition Symbol Definition
Npg Number of antennas at the BS Ngp Number of RF chains at the BS
U Number of users cv Complex vector space of dimension U
y Received signal vector of all users H Downlink channel matrix from BS to all
users
Fyp Analog precoding matrix Fgp Digital baseband precoding matrix
s Transmit signal vector n AWGN vector
CNsxU Complex matrix of size Nggx U cuxu Complex matrix of size U x U
E{ss"} Expectation of signal covariance I, U x U identity matrix
(identity matrix)
n~CN(0,6°I) Noise vector that follows complex h Channel vector for a single user
normal distribution
(CU*Nss Complex matrix space for U x Ngg CNesx1 Channel vector dimension
Ly, 8. Number of paths and complex gain of 0,.; Angle of arrival of the ith path for user
the ith path for user u u
I3 Composite gain for user u A Wavelength
A Index set of selected channel entries x Optimization variable/estimated signal
ar(Nps, 0, Array steering vector /7 5in(@) Phase term in steering vector
/27 sin(®) Phase term in array vector e/ (Nas=1)7sin(0) Last term of steering vector
P Pilot matrix M Number of pilot transmissions
b Processed received signal after pilot T Number of iterations
projection
A Beamspace dictionary matrix F Concatenated precoding matrix
D Measurement matrix in the beamspace G Grid resolution in the beamspace
dictionary
K Number of dominant indices selected in r Residual vector in the iterative algorithm
each iteration
L Loss function for DL model Y Ground truth output vector for DL model
D Number of training samples dl Digital layer/delay variable
n Learning rate for model training A Perturbation/noise term in FL update
v Gradient operator p Smoothness parameter in convergence
analysis

performance. Given the sparsity of the mmWave channel, channel esti-
mation can be formulated as a CS problem in the beamspace domain.
Let denote the pilot matrix generated by the BS for all U users P €
CY%V, which is U mutually orthogonal pilot sequences, the length
of each is U. For the downlink transmission, we adopt M different
analog and digital precoding matrices, denoted by Fy;. € CNes*U and
Fj, € CU%Y, respectively, for m = 1,..., M. The pilot signal received
at the uth user for the mth transmission is given by

y" =h! FppFppP +n", (O]

where n/' is the AWGN vector for the uth user at the mth pilot transmis-
sion phase, the distribution of which is CA'(0,6%I};). Since each entry
of the pilot matrix P is orthogonal, i.e., PP = I,;, we multiply the
received signal vector of the uth user y” by PH | and thus the resultant
received signal is given by

Tm — H _ T ~
b, =y P" =h, (F")+n,,
where

F" = Fp Fy. € CNes*U and

i =n"P e CU.

After the complete transmission of M pilot signals from the BS to all
users, 5:' can be stacked as

b, =16, ....B"

*Cu

"=FTh,+n

u’
where
F=[FY, .., (F")T" e cNes*UM and
i, =[al, ... &AM e cUMX,
Having notice that mmWave channels have sparsity nature in the
beamspace domain, the beamspace channel vector is defined as
h® = Afh,,

u
where A € CVes*C s the beamspace dictionary matrix with columns
corresponding to steering vectors over a quantized AoA grid and this

can be represented as

A= [a@)), a@y), .., aldg)] s

where ¢, = -1+ A=l

istic of A is such that ATA = GI »s/ Nps holds. Consequently, after
the consecutive transmission of the M pilot signals, the received signal
at the uth user can be given by

holds, over g = 1,2, ..., G. Another character-

Nps -
b, = TFTAth +1i,,.
We further define

®= %FTAH c CUMXG
G

Consequently, the channel estimation problem for the uth user can be
written b, = dihfj + n,, which is essentially a sparse recovery problem.
In practical environments, mmWave channels may not be sparse in the
beamspace domain due to the beamspace power leakage. This happens
when the true AoA of the signal paths do not align correctly with
the discretized angular grid used to form the beamspace dictionary
matrix A. Furthermore, even if the angular grid is considered finite, the
original signal paths may be interrupted between grid points, causing
the energy of these paths to leak into multiple neighboring grid entries,
resulting in non-zero values in entries that are expected to be zero.
The dictionary matrix A is constrained by the number of grid points
G, and higher resolution dictionaries with more grid points can reduce
the sparsity impairment but at the cost of increased computational
complexity. For practical systems with limited grid resolution, this
trade-off leads to an approximation error in the sparse recovery process,
which contributes to the sparsity impairment of h®.

3. Channel estimation proposal
Based on the idea of DL, which can be trained both in the centralized

and decentralized manners, in this section, we propose two versions of
channel estimation schemes for mmWave massive MIMO systems.
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3.1. Centralized proposal

Upon the CS-based formulation of the channel estimation problem
in the previous section, we notice that the dimension of the received
signal vector is much lower than that of the channel vector. Despite
this is a linear programming problem, which can be solved by the
well-known convex optimization solutions, suffers huge computational
complexity. Consequently, exploiting the sparsity of mmWave channel,
in the existing literature, there are many algorithms with low com-
plexity. One of such algorithms is OMP, the major steps of which are
summarized in Algorithm 1. Omitting the user index as well as the
beamspace superscript in hﬁ, the algorithm provides the solution for
the problem b = @®h. The algorithm runs in an iterative procedure,
and the iterations continue until some intermediate variable r,, namely
residual, reaches close to zero. There is another intermediate variable
A, that holds the selected indices of the channel vector, to be non-zero,
over the iterations. At the initialization phase, this variable is set to @,
whereas r, is set to b. Step 5 of the algorithm is crucial, which computes
the correlation between r,_; and each column vector (ie., ¢;) of
@. 1, holds an index of the channel vector (i.e., h) which provides
the highest correlation. In step 6, A, is updated with the previously
obtained indices in the former iteration. With this new set A,, the
convex optimization technique is applied over the linear programming
problem b = @, x to obtain the vector x, the A, indices of which are
non-zero and the remaining entries are zero. Note that since only the A,
entries are considered non-zero, the resultant complexity of this convex
optimization problem is considerably lower compared to the case when
the sparsity assumption of the variable x is omitted. Subsequently, with
the obtained solution x, the residual of the original problem is updated
in step 9. This process is continued until the residual reaches close to
zero.

Algorithm 1 The conventional OMP algorithm.

1: Input: @, b.
2: Output: h.
3: Initialization: k < 1, ry < b and A, < .
4: repeat
5. Ay < argmax| < ¢;.r_; > |
JEAK—
6: A~ AU A
7: x (i € Ap) « argmin||¢Akx —bl|, x; (i ¢ A;) =0.
X
8: i)k «— Dx.
9 rpe<b—b and k< k+1.

10: until ||r;|| ~ 0

In step 5 of this algorithm, we notice that 4, is the single index of
the channel vector. Since this algorithm chooses the non-zero indices
of the channel vector one by one in a sequential manner, it is very
likely that the algorithm traps in the local optima, and thus the optimal
solution is not achievable. On the other hand, the number of iterations
gradually increases with the increasing sparsity level of the problem.
Intuitively, if we can select multiple dominant entries in step 5, there
is less possibility that the algorithm gets stuck in local optima as well as
it requires less iterations to reach the convergence. On the other hand,
the concept of choosing indices based on the sole value of correlation
is also greedy. In reality, the higher the correlation not necessarily the
higher dominant entries. Sometimes, in order to avoid local optima, the
algorithm may be required to choose the indices of the channel vector
that correspond to a lower correlation. However, the identification of
such indices is not straightforward. On the other hand, if we have
sample datasets of b, @ and h, we can construct a DL model to provide
the indices of the dominant entries in the channel vector to replace
the step of 5 of the algorithm. Instead of one index, we propose a
DL model that provides a number (say «) of indices in the channel
vector that are apparently dominant. This DL model is trained using

Signal Processing 239 (2026) 110180

the collected data from all the users. With the aid of the constructed DL
model, we propose our own channel estimation scheme, namely LOMP,
for mmWave systems. The schematic diagram of our LOMP algorithm
is provided in Fig. 1. The components of the DL model as well as
the features of input and output in each data sample are described as
follows.

INPUT: The input vector corresponding to each sample of the DL
model is the correlation between @ and b as follows.

c=@fp, ¢ e,

Each entry of ¢ is an imaginary number, and hence we split the real
and imaginary part. Consequently, the input vector to the DL model is
a vector with size 2G x 1.

OUTPUT: There is some connection between the correlation calcu-
lated above and the dominant beamspace channel entries. Apparently,
the entry of ¢ which has higher value corresponds to higher beamspace
channel amplitude. However, as we saw in the OMP algorithm, greedily
choosing dominant entries based on the correlation can trap the algo-
rithm to the local optima. As a result, we plan to choose the output
vector of each data sample as « indices in the channel vector h, which
are dominant. Let denote the index set of the channel vector as a.
Consequently, the output of each data is given as

¥y = [lha, |, |h(ay)l, ..., |h(a,)]] € R,

such that |ha,| > |h(a;)| > -+ > |h(a,)| holds.

LOSS FUNCTION: If the estimated outcome after each training
round is ¥ and the original output vector in each data sample is given
by y, the loss function for each data sample is given by

LD = X -0

Learning Model: We adopt the NN as of the DL model, which has
one hidden layer and one fully connected layer. As depicted in Fig.
2, we adopt the NN as part of the DL model, which consists of one
input layer, two hidden layers, and one fully connected output layer.
Each hidden layer includes a fully connected (FC) layer followed by a
batch normalization layer. The number of neurons in the hidden layers
are 512, and 256, respectively, enabling hierarchical feature extraction
and dimensionality reduction for accurate sparse beamspace support
estimation. We adopt the activation function in the FC layer as the
ReLu one [54], the structure of which is given by fRe(*) = max(x,0).
As of the optimizer to train the NN, we consider the adaptive moment
estimation (Adam) [55], which has been implemented by TensorFlow.
We train the NN over 1000 epochs, and each epoch is associated
with 50 mini batches. The step function is considered for the learning
rate, and this rate decreases as the training advances towards the
convergence. The initial value for the learning rate is set to 0.01, which
gradually decreases 5-fold every 400 epochs. Taking the feed-forward
and back-propagation phases into account, the training complexity of
each iteration can be written as 2Gx512 + 512x256 + k256. Considering
the entire training epochs, including batch size on the entire data
set, the total complexity of training the DL model can be written as
O(1000x50D(2G%x512 + 512x256 + k256)), where D is the size of the
training data set.

Once the DL model is trained with a sufficient volume of data
collected from all the users, we adopt an iterative procedure similar
to Algorithm 1 to estimate channel. Two steps of this algorithm are
required to be altered in order to leverage our constructed DL model.
Instead of having one single atom of the channel vector in step 5, we
obtain x atoms which are predicted from the DL model, and thus the
altered step 5 is

Ay < DL(®,r;_)).

Here 1, is a vector of x atoms instead of a single index. Consequently,
step 6 is updated as follows.

Ap < A U4
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Fig. 2. The NN architecture to construct the DL model for the LOMP algorithm.

The following steps of this algorithm remain un-altered. Upon applying
the LS technique, we calculate the residual at the end of each iteration
and this process is continued until the residual reaches close to zero.
Computational complexity comparison between LOMP and
DLCS [42] schemes: The structure and the dimension of the parameter
set in a NN (i.e., the complexity of the NN) with nearly accurate
prediction ability depends on the dimension of input and output vector
and the number of neurons in the hidden layers. The number of hidden
layers as well as the number of neurons in the hidden layers are further
dependent on the dimension of input and output vectors to obtain an
effective training performance from the NN. The higher the dimension
of input and output vectors, the higher the complexity in the hidden
layers to achieve reasonable prediction ability from the NN. If we
compare the computational complexity between DLCS and LOMP, we
notice that the dimension of the input vector (i.e., 2G) is the same

for both the channel estimation schemes. However, the dimension of
the input vector for ours is x, which is much smaller than Ny (the
dimension of the output vector of DLCS), i.e., Npg > k. As a result,
the requirement of the number of hidden layers as well as their neurons
for the LOMP algorithm is much lower compared to the DLCS scheme
with the similar prediction ability. This is evident from the structure
of the NN that we have adopted has much lower complexity compared
to the DLCS scheme (three hidden layers and one fully connected layer
with a large number of neurons compared to ours). This statement will
further be justified in Section 4.

3.2. FL-based decentralized proposal

Upon the description of training the DL model in the LOMP algo-
rithm, in this section, we explain the training process of the DL model
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Fig. 3. A sample illustration of decentralized channel estimation in mmWave massive MIMO systems using FL.

in a decentralized setting. Instead of transmitting dummy large volume
of pilot signals, the BS may intend to transmit important information
in the pilot signals to each user. Since the pilot signals are user-specific
and important, each user may intend to keep these pilot signals to itself
and does not want to share with other users. To achieve this privacy
preservation objective of the pilot signals, the decentralized FL process
is an appropriate method to construct the DL model, and thus we have
adopted this technique to construct the DL model for the downlink
channel estimation scheme, which we name as FL-OMP. A glimpse of
the architecture for the FL-OMP scheme is provided in Fig. 3.

In the LOMP algorithm, the training of the DL model is performed by
collecting the local dataset {D,},c;~ from the users, where U is the set
holding the received signals from all the users. Upon collection of the
whole dataset D = Y, ;- D, from all the users, the centralized entity
trains the DL model aiming to solve the following problem.

ngn L£(O)
s.t. f(cV10) =yD,i=1,...,D, (5)

where D = |D| is the number of training samples and the loss function
L(0) in the training process is defined as

D
1 i i
Lo = 4 ,2:1 17 (c16) = 7113, ©)

which is the mean square error (MSE) between the actual output label
y® and the predicted one by the DL model, f (¢?|6). On the other
hand, in the FL-OMP algorithm, the local datasets D,c;~ stored at the
users are not transmitted to the centralized entity. Hence, each user u
trains its own local DL model aiming to solve the following problem

U
. = 1
min £(6) = 6;”“’)
st f(c10) =yP,i=1,....,D, ue U, (7)

where L,(0) = DL" Zi“l N/ c,(f>|9) - y£i>||§ holds. Note that the training
for the problem in (7) is conducted at user u and the DL training in
the LOMP algorithm for the problem in (5) is tackled at the centralized
entity. We employ the gradient descent (GD) technique to solve these
problems in an iterative manner. In the LOMP algorithm, we compute
the gradient over the whole dataset as g(6,) = VL(6,), and update the
parameter 0 by the rule as follows.

91+] = 91 - '18(9;), (8)

where 7 is the learning rate. In the FL-OMP algorithm, for construct-
ing the DL model, each user computes the gradient individually as
8,0,) = VL6, while solving the problem in (7), and then sends
this to other users following the P2P networking concept. Over the
wireless communication media, actual gradient vector g,(0,) of user u
becomes corrupted, and we denote this corrupted gradient vector as
£,(0,). Consequently, using the received corrupted gradients from other
users, the model parameter at user u becomes corrupted. We denote
this corrupted model parameter at user u in the th iteration as 6,. Upon
receiving the corrupted g,(8,), u' € U',u’ # u, user u updates the model
parameter as follows.

U
> &®), ©)

w'=1u'#u

S N 1
0,1 =6,—ng,0,) - T

We define g,/(0,) and g, (8,) as follows.

0, =6, + 46,, (10)
8,0, = g,(6,) + 4g,(6)), an
8,0, = g,(0,) + 48, (). 12)

where g,/(,) is the corrupted gradient vector of user ' computed based
on @, and g, (0,) is the corrupted gradient vector of user u’ received at
user u. A0,, Ag,(60,) and Ag,(8,) are the bubble terms appended to 6,,
£,(8,) and g, (0,), respectively. Consequently, the model update rule of
user u in (9) can be elaborated as

0,01 = [0, + 40,] — nlg,(0) + Ag,(6,))] -

i 8.6, + 48,6, + g,(6)
U

u'=1,u'#u

o 2,(0)
=0,-n) “T'AG, - n4g,(6,) -

u=1
U o
" Agu’ (01) + gu/(ot)
w'=1#u U-1
=6, +4,

where 4 is the total noise term added to 6,,; at user u. Generally,
the noise terms owing to the wireless communication media follow
the AWGN distribution, and thus 46, and 4g,(0,) have the AWGN
distribution with variance o} and &7, respectively. On the other hand,
because of the linearity feature of gradients and NN layers, 4g,(6,)

has also the AWGN distribution with variance olf. Therefore, the total
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noise term 4 has the AWGN distribution with the variance o5 = o3 +
o+ g w0’ +6%1. With these all noise terms, we define a

corrupted loss function £,(0) at user u as
L£,(0) = L£,(0) +o3llg, O, (13)

We apply the first-order Taylor expansion to E{||£,(0+4)||} for approx-
imating (13), which can be written as

E{|I£,(0+ )|} ~ E{|I£,(0) + AVL,(O)]*},
~ E(IL, 0117} +E{IAIPYE{IL, O},
~ E(IL, 011} + o2 1g@), 14

where the former term is the actual minimized value of the loss function
without any corruption and the latter term is the noise-induced extra
cost. With the corrupted loss function in (13), each user u trains the
local DL model aiming to solve the following optimization problem

U
- 155
min £(6) = - ;ﬁuw)
st. £(c?10) =y, i=1,...,D, uel, @15)

Similar to (9), each user applies the GD technique to update noisy
model parameter as follows.

0,41 =06, —nVL(®),

where VL®) = £,0) + 55 Tuoy 2, 80 (@) and £,8,) = VL,0) =
VIL,(6,)+02|1g,(8,)]*]. However, corrupted gradient transmission over
the wireless communication media, £(6) converges slowly compared
to £(0). Under a structured P2P-based topology, in Algorithm 2, we
summarize the steps to compute the DL model in the FL-OMP scheme.
Moreover, in the following theorem, we provide a statement about the

convergence of £(6).

Algorithm 2 The schematic diagram to construct the DL model in the
FL-OMP channel estimation scheme.
1: Set the synchronization interval Ty, .5, to some user-specified value.

: Set the separate communication channel for each user u € U'.
t « 1 and initialize the model , at the end of each user u € U".
repeat
User u trains its own model 6, using its own dataset D, and
computes gradient g,(8,), Yu € V.
6:  After the interval Ty, 4, user u broadcasts the computed gradient
£.(0,) over its designated communication channel, Vu € U'.
7:  User u updates its model according to the gradients received from
other users Vi’ € U, u’ # u following (9).
8 tet+1.
9: until The convergence is achieved.

AN

Theorem 1. The convergence process of the training of the DL in the
FL-OMP scheme at user u can be written as follows.

- = 1
£(8,) - L£(6,) < 116, - 9*I|22—m, 16)

where 6, and 0, are the initial and optimal model parameters, respectively,

. . 1
L — > 0.
and the learning rate is n < sy for some f > 0.

Proof. Please refer to Appendix.?

2 Basically, based on the condition whether the NN loss function is convex
or non-convex, the convergence proof would be different. In this paper, we
have provided a complete proof of the convergence process for the decentral-
ized P2P-based FL technique based on the assumption that the NN loss function
is convex. For the case that the loss function is non-convex, we would need to
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4. Performance evaluation

Followed by the description of the methodology, in this section,
we conduct extensive experiments to verify the effectiveness of the
proposed LOMP and FL-OMP downlink channel estimation schemes
for mmWave massive MIMO systems compared to the OMP and DLCS
schemes.

4.1. Simulation settings

In our simulation, we consider a mmWave massive MIMO multi-user
communication system, where the BS equipped with Np¢ antennas,
with the ULA arrangement, serves multiple users simultaneously. The
BS is configured with Nzg = 64 and Npr = 4. Unless otherwise
specified, the BS serves U = 6 users simultaneously, each of which
is equipped with a single antenna. The training data was generated
using a geometric SV channel model, where the channel of each user
comprises L multipath components with complex Gaussian path gains
8, ~ CN(0,1). The AoA are uniformly distributed in [-7/2,7/2], and
the array response vectors are constructed assuming a ULA pattern.
Channel realizations are independent across users and samples, and the
sparse beamspace representation is obtained by projecting received pi-
lot signals onto a predefined dictionary. No explicit path loss or spatial
correlation models are included, however, such extensions (e.g., 3GPP-
compliant models) can be considered in future work. For the channel
model of the considered system, we set the number of propagation
paths L, to 2, capturing both the Line-of-Sight (LOS) and Non-Line-of-
Sight (NLOS) components. For the downlink pilot transmission, we set
Fgg = Ly, Therefore, the hybrid precoding matrix I is equivalent
to the analog precoding matrix, which is randomly generated. The
beamspace dictionary grid is discretized into G = 128 points in the
beamspace domain. The resultant beamspace dictionary matrix A of
size Np¢ X G is constructed using the array steering vectors over a grid
of G angles. The analog phase shifters at the BS have a quantization
resolution of Q = 4 bits, reflecting practical hardware constraints.
During the pilot transmission aiming to estimate channel, we allocate
M = 8 time slots. For the DLCS scheme [42], we examine the sparsity
level of / = 7 to represent the estimated dominant atoms. Unless
otherwise specified, for our proposed LOMP method, we set the number
of selected atoms for the constructed DL model to ¥ = 6. Moreover, for
both the LOMP and DLCS schemes, the number of training samples for
each user D,, to construct the DL model, is set to 5000. The SNR in the
simulation ranges from —5 dB to 20 dB, incremented in the step of 5dB,
to evaluate the performance under various channel conditions.

4.2. Simulation results

4.2.1. Centralized channel estimation results

In Fig. 4, we demonstrate the performance of the proposed LOMP
algorithm compared with the DLCS and OMP algorithms in terms of
normalized-mean-square-error (NMSE) under various values of k. By
definition, we can write the following

> b= h,|2
> lin, 12
From the figure, it is obvious that the higher the number of selected
dominant atoms by the pre-specified DL model, the better the per-
formance of the LOMP scheme. At an SNR of 20 dB, LOMP (x=6)
outperforms DLCS with an improvement of 21.2% in NMSE. This is

because the more the atoms are selected, the less the chance that the
LOMP scheme falls in the local optima. On the other hand, although the

NMSE = 17)

compute the lower bound of the expression min,gy, ||VE(9,)||§ instead of the
expression in Theorem 1. Due to the space constraint, we have skipped this
case in this paper.
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Table 2
Comparison between LOMP and DLCS.
LOMP DLCS

The loop associated with the lines 4 — 10
of Algorithm 1 runs multiple times until
the absolute value of the residual
reaches close to zero, i.e., ||r|| 0.

The loop associated with the lines 4 — 10 of
Algorithm 1 runs only once no matter the value of
the residual is.

The output dimension of the DL model
is k(k < Npgg).

The output dimension of the DL model is Ngg.

Training complexity of the DL model:
O(1000x50D(2GX512 + 512X256 + k256)).

Training complexity of the DL model:
0O(1000x50D(2Gx1024 + 1024x512 + 512x256 +
Nps256)).

DLCS scheme selects the highest number of dominant atoms compared
to the proposed LOMP scheme, the performance of this scheme is lower
compared to ours. This is because DLCS scheme is ignorant of the resid-
ual value after selecting the dominant atoms through the previously
learned DL model. Whereas, our proposed LOMP scheme continues the
selection of dominant atoms and residual calculation in an iterative
procedure until the residual reaches close to zero. Therefore, as the
sparsity level of the channel increases, with the DLCS scheme, only the
pre-specified dominant atoms (i.e., J) in the candidate channel have
non-zero values calculated through the LS method. The complexity of
the LS method increases with the increasing J, and hence the DLCS
scheme chooses a moderate value of J, which may cause the increasing
residual with the increasing sparsity level of the channel. For this
reason, even though the parameter x of the LOMP scheme is lower
than J of the DLCS scheme, ours one achieves higher performance. As
presented in Table 2, the performance of our proposed LOMP scheme
is achieved with much reduced computational complexity compared
to the DLCS one. Finally, the OMP scheme considers the beamspace
dominant entries one by one sequentially, which increases the chance
that the algorithm becomes trapped at the local optimal point, and thus
has worse performance.

In Fig. 5, we present the performance of all the schemes in terms
of spectral efficiency. Despite there are several off-the-shelf hybrid pre-
coding schemes for mmWave massive MIMO systems, similar to [56],
we would like to compare the upper bound of the downlink spectral
efficiency, which can only be achievable through the fully digital
precoding scheme. We denote the estimated downlink channel matrix
between the BS and all users is given by H = [h,,...,hy] € CUXN,
Consequently, the zero-forcing (ZF) precoding matrix [57] can be repre-
sented by F¥' = (H “H T)‘] H". In order to meet the total power budget,

the normalized uth row of Fdl, ie., fudl,u = 1,2,...,U should satisfy
IIf udlll = 1. Given this, the spectral efficiency of the system can be given
by

R =log, (IU + AFdYT FdIHT) . (18)

The better the channel estimation, the more correct the constructed ZF
precoding matrix, and thus the spectral efficiency. According to the dis-
cussion in the previous paragraph, the channel estimation performance
of our proposed LOMP scheme is the best, and thus the constructed ZF
precoding matrix by ours is more accurate. Therefore, intuitively, the
resultant spectral efficiency by our proposed scheme should outperform
the others, and so thus we observe in this figure.

In Fig. 6, we compare the bit-error-rate (BER) performance among
all the schemes with the increasing SNR. According to the definition,
BER is defined by

U yb_ b

1 v -1
BER = — _
U 2 Lﬁ

u=1

19)

where L! is the originally transmitted bits by the BS to user u,u =
1,...,U, and ﬁ,’: is the correctly received bits by user u that was
transmitted by the BS. Reception of bits to each user is quite dependent
on the employed equalization as well as the coding and modulation
techniques at user. Transmitted signal patterns are recovered from the
received signal through equalization, which requires channel estima-
tion. Then, the receiver can recover the originally transmitted signal
through applying an appropriate demodulation technique, e.g., OFDM.
The better the channel estimation, the higher the likelihood of correct
bit retrieval by each user. In the previous discussion, we notice that our
LOMP scheme achieves the best channel estimation performance, and
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Fig. 5. Spectral efficiency comparison among various channel estimation schemes with the increasing SNR.
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Fig. 6. BER comparison among various channel estimation schemes with the increasing SNR.

hence intuitively, the BER performance of this scheme is the highest
compared to other schemes. Other reasoning of the increasing BER
performance with the increasing « is as same as that discussed in the
previous paragraphs. In Fig. 7, we present the NMSE results with the
increasing number of antennas. In this figure, SNR is set to 10 dB. The
more the antennas, the more the propagation samples are available to
develop a more accurate channel estimation scheme, and so thus we
observe in this figure. The reasons of achieving better performance by
the LOMP algorithm compared to other existing scheme are the same
as that presented in Fig. 4.

In Fig. 8, we compare the performance of all the schemes in terms
of NMSE with the increasing number of training samples. The higher
the samples, the constructed DL model gets more opportunity to tune
its parameters, such that this is more prone to provide more accurate
results, and thus we see the decreasing NMSE for both the DLCS and
LOMP schemes with the increasing number of samples. Similar to the
reasons as described in Fig. 4, the performance of our scheme has the
highest NMSE performance, and that for the OMP scheme is the worst.

10

4.2.2. Comparison between centralized and decentralized channel estima-
tion results

In Figs. 9(a) and 9(b), we compare the performance of our proposed
LOMP and FL-OMP scheme in terms of NMSE and communication
overhead, respectively, with the increasing SNR. Here, the number
of training samples of each user D, for both the LOMP and FL-OMP
schemes is set to 5000, and the number of users U is set to 8. The
communication overhead is defined by the volume of bits sent over
the communication medium. For the centralized LOMP scheme, all the
users are required to send the received signals as well as the dictionary
matrices to the centralized entity, the collective value of which is
much smaller than the sum of transmitted data volume by the users
equipped with the FL-OMP channel estimation scheme. For the FL-OMP
scheme, the users only exchange the gradients of the locally constructed
model following the P2P networking idea, the collective volume of
which is constant no matter the values of SNR and «. As the DL
model by the FL-OMP scheme is constructed following a decentralized



U. Aslam et al. Signal Processing 239 (2026) 110180

—— OMP
I —©—DLCS
-~ H=LOMP k=14
= # =LOMP & = 5|1

—O—LOMP =6

NMSE (dB)

1 1 1 1 1 1
16 32 48 64 80 96
Number of Transmit Antennas (Nps)

Fig. 7. NMSE comparison among various channel estimation schemes with the increasing number of antennas.

) T T T 1 1
—if— OMP
—©—DLCS
= B = Proposed LOMP k =4
= % = Proposed LOMP k =5
10 - i + Proposed LOMP & = 6 ]
z | '
= I ]
€3]
n L |
=
Z I ]
10 -2 1 1
4 5 6 7 8 9
Number of Samples x10,000

Fig. 8. NMSE comparison among various channel estimation schemes with the increasing number of training samples.

%104
T T T T T T T
- B = FL-OMP x = 5|
[—O— FL-OMP 10 -
= % = LOMP k=5
10k LOMP k=6 |
9l J
o
=5
< 8 1
]
1
B
Z £
£ ef 1
g
g
st J
| | h | 3E " ) ! | 3
5 0 10 15 20 5 0 5 15 20
SNR (dB) SNR (dB)
(a) NMSE (b) Communication Overhead

Fig. 9. Comparison between centralized (LOMP) and decentralized (FL-OMP) channel estimation schemes with the increasing SNR.

11



U. Aslam et al.

Signal Processing 239 (2026) 110180

x10*

10° T T T

~FLOMP r =5
O— FL-OMP x = 6

= LOMP 5 =5
6

U

LOMP &

NMSE

—©—FL-OMP)
—&—LOMP

o ~ 3 ©

on Overhead (KB)

o

El
%05 0.7 0.9 14 13 15 05 0.7 09 14 13 1.5
Number of Samples ©10% Number of Samples 104
(a) NMSE (b) Communication Overhead
Fig. 10. Comparison between centralized (LOMP) and decentralized (FL-OMP) channel estimation schemes with the increasing number of samples.

<106

FL-OMP =5

(non-1ID)
FL-OMP & = 6 (i

non-1ID)

NMSE

Communication Overhead (KB)

0 1 1 1

Number of Users

(a) NMSE

8
Number of Users

(b) Communication Overhead

Fig. 11. Comparison between centralized (LOMP) and decentralized (FL-OMP) channel estimation schemes with the increasing number of users.

manner, the achieved performance by the FL-OMP scheme is slightly
lower compared to the LOMP scheme. The reasonings of higher NMSE
performance with higher value of « is as same as that is described in
the previous subsections.

In Figs. 10(a) and 10(b), we present the NMSE results as well as
the communication overhead, respectively, for both the LOMP and
FL-OMP schemes with the increasing number of data samples. With
the increasing data samples, NMSE performance of the LOMP scheme
increases with the exchange of the increasing communication overhead.
However, for the FL-OMP scheme, the communication overhead for
each FL round is constant with the increasing number of data samples
as users are only required to exchange gradients of the DL model among
themselves. However, with the increasing samples, the number of FL
training rounds required to achieve convergence decreases, as depicted
in Fig. 12(a). Consequently, we see a decrease in communication
overhead with the increasing training samples at each user. With the
increasing volume of data samples, for the similar reason as that of
the LOMP scheme, the locally constructed model at each user has more
opportunity to tune its parameters so that its prediction output becomes
closer to reality. Consequently, the performance of FL-OMP scheme is
improved with the increasing number of data samples.

In Fig. 11, we present the results (Fig. 11(a) for NMSE and Fig. 11(b)
for communication overhead) of all the schemes with an increasing
number of users. The communication overhead is directly connected
to the convergence speed of the FL-OMP scheme. As depicted in Fig.
12(b), the higher the number of users, the lesser the number of model
exchanges among the users required to achieve convergence in the FL-
OMP scheme. The lesser the number of model exchanges among the

12

users, the lesser the communication overhead for the FL-OMP scheme.
Consequently, we see the non-increasing communication overhead with
the increasing number of users. However, for the LOMP scheme, with
the increasing number of users, a more data volume is required to be
transmitted over the communication medium, and thus the commu-
nication overhead is increasing with the increasing number of users.
On the other hand, with the increasing number of users, the collective
data volume increases and thus the constructed DL model by the LOMP
scheme mimics closer to reality. As proved in various research works
related to FL, the accuracy of the constructed DL model increases with
the increasing number of FL users, and this is what we observe in
this figure. Furthermore, the accuracy of the constructed DL model is
further dependent on the nature of the data (i.e., IID or non-IID). The
more users, the more data volume is available for all the features in
the constructed DL model. Therefore, the performance gap between the
IID and non-IID cases decreases with the increasing number of users, as
presented in Fig. 11(a).

5. Conclusion

Inspired by the DL idea, in this paper, we considered the CS-based
downlink channel estimation for mmWave massive MIMO systems
based on both the centralized and decentralized concepts. Using a
pre-specified DL model, which is trained in the offline manner, we
leveraged the idea of the traditional OMP algorithm to build a learning-
based downlink channel estimation scheme, namely LOMP, which aims
to demonstrate better performance in terms of both the channel esti-
mation accuracy as well as the computational complexity compared to
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Fig. 12. Convergence nature of the decentralized channel estimation scheme (FL-OMP).

the existing DL-based channel estimation scheme. As this centralized
LOMP algorithm incurs huge communication overhead owing to the
transmission of received signals by all the users to a centralized entity,
we leveraged decentralized FL to design a downlink channel estimation
scheme, namely FL-OMP, in which the users exchange the gradients of
the DL model among themselves following the P2P networking concept.
Extensive experiments had been conducted to justify the effectiveness
of the proposed LOMP and FL-OMP schemes in terms of various perfor-
mance metrics (i.e., NMSE, spectral efficiency and BER) as well as the
communication overhead. The results exhibited that the LOMP scheme
outperforms the existing DL-based channel estimation (i.e., DLCS) in
terms of both accuracy and computational complexity. Moreover, the
FL-OMP scheme achieves close performance to the LOMP one with
much less communication overhead.
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Appendix

For the sake of this proof, we have some assumptions, such as £(0)
is convex and V£(0) is a f-smooth function. With the assistance of these
assumptions, we further have Lemma 1.

Lemma 1. L£(0) is f-smooth, i.e., |VLO) — VLO)| < f]|6 — €|, where
F=1+202)%p.
Proof. From (13), we have
IVL(@©) — VL@
=V (£©® +0; | VLOI?)
=V (£©O) + o3 IVLOIP) I
= IVL(O) - VL) + aj(v IvL@)|?
=V AIVE@ I ) IP]
= IVL() - VLO') + 262 (VLO) — VL©O )|
= (1+262)*IVL®) — VLO)|

13

< pllo—-o'|”.

The derivation in the last line follows from the g-smooth nature of £(8)
function. The conclusion of Lemma 1 further justifies V2£(0) < fI P>
where P is the dimension of the model parameter vector, i.e., P =
|6|. Given that 6, = 0,_, — nVL(0), taking the second degree Taylor
expansion of £(6) yields

L£(6,) < LO,_;) + VL®O,_)" (6, - 6,_))
+3VIEO, IO, - 0, IP

< 0,1+ VE©,) 0, - 0,-)+ 3716, — 0,1
= £(0,)+ VO, VED,_)+ 3 VLG,
=L6,)) - (1 - %) nllVLE®,_)II?

<£0,1) = JIVEG, DI

The last derivation follow from the fact that # < /li holds, and thus we

have % pn—1< —%. Now, if 6, is the parameter at the convergence
point, we have

L£(6) < £(6,)+VLO)®, ~6,) - gllVﬁ_(@f)ll2

<L©®)-L®,) < 217, [21VL©6,)6, - 6,) — *IVL®,)II’]

1 -

<5 16, — 0.11> = 116, — 6, — nVL®)|*]
1

=3 (118, = 0,1” = 116,41 — 6,11%).

Now, summing over all the loss functions i = 1, ---, 7, yields

t
2
i=1
S

t

. . 1
[£0) = £0.)] < 5 3 (10,21 = 0.1 = 116, = 0.1P)

i=1

180 — 6,1I* = 116, - 6,11%)

—_

n

|

2
< 51160 = 6.I1*. (20)

[\

n
On the other hand, £(0,) is a decreasing function, and thus we have

I—

L£@®)-L@#,) < (21)

t
=Y 2@y - ..
i=1

Substituting the outcome of (21) to (20), we can conclude the statement
of Theorem 1.
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