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Abstract

Device-to-Device (D2D) communication in next-generation networks
enables the creation of localized networks by directly connecting nearby
devices, reducing base station traffic and enhancing spectral efficiency
through frequency reuse. This work developed multiple measurement vector-
based compressed sensing problem for the D2D system, where the composite
multiple measurement vector (MMV) D2D channel is low-rank and exhibits
common sparsity across multiple measurements. To exploit this common
sparsity channel structure, we propose the MMV-based sparse Bayesian
learning (MSBL) algorithm that achieves precise channel estimation by lever-
aging common sparsity. These estimates are then utilized to calculate the
achievable rates for scheduling decisions for both cellular users and D2D
links. Simulation results demonstrate the efficacy of the proposed MSBL
method in improving rate predictions and scheduling accuracy in dense D2D
networks.
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1 Introduction

Device-to-Device (D2D) communication is a transformative technology that
plays a critical role in next-generation wireless networks, including 5G and
beyond. With the exponential growth in connected devices, D2D communi-
cation enables direct communication between nearby devices, bypassing the
base station (BS) and thereby reducing network traffic and latency [1, 2]. By
leveraging licensed spectrum, D2D communication facilitates enhanced spec-
tral efficiency through frequency reuse and supports emerging applications
such as location-based services and edge computing [3, 4].

The primary advantages of D2D communication stem from proximity
gains, spectral reuse, and reduced transmission hops, which collectively
improve network performance [5]. However, these benefits are accompa-
nied by significant challenges, particularly interference management between
D2D and cellular users. Existing works have proposed various interference
mitigation techniques, such as power control and mode selection strategies,
to optimize system performance [6]. Moreover, the adoption of network-
assisted D2D communication has shifted the focus towards efficient spectrum
utilization, reliability, and quality-of-service (QoS) guarantees.

Despite these advancements, most prior studies assume full channel state
information (CSI) availability at transmitters, an assumption that may not
hold in practical scenarios [7–9]. Furthermore, the sparse nature of D2D
channels, characterized by a low-rank composite structure with only a few
dominant coefficients, has largely been underexplored. Exploiting this spar-
sity in the D2D wireless channel can lead to substantial improvements in
channel estimation accuracy. The authors in [10] proposed a protocol that
allows the network controller to estimate achievable rates using compressed
non-adaptive measurements. However, this method relies on continuous
feedback, which can accumulate errors in the estimation and result in inaccu-
racies. Efficient channel estimation in such scenarios is crucial for accurate
rate prediction and resource allocation. Traditional compressed sensing algo-
rithms, such as orthogonal matching pursuit (OMP) and sparse Bayesian
learning (SBL), have demonstrated their effectiveness in estimating sparse
channels in cellular networks [11,12]. However, despite their effectiveness in
cellular systems, these sparsity-based algorithms have not yet been applied in
D2D communication to effectively estimate the sparse D2D channel.

To overcome these limitations, this paper introduces a novel frame-
work that utilizes the multiple measurement vector (MMV) sparse Bayesian
learning (MSBL) algorithm. Unlike single measurement approaches, MSBL
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simultaneously processes multiple received signals to estimate the sparse
composite D2D channel, exploiting the common sparsity across these mea-
surements. This results in significant reductions in both estimation errors and
computational complexity.

The main contributions of this paper are summarized as follows:

• We first formulated an MMV-based compressed sensing problem for the
D2D system, where the MMV channel exhibits common sparsity across
the measurements. To effectively capture this shared sparsity, this letter
proposes an MSBL-based algorithm, which defines a Gaussian prior
with a common hyperparameter for all entries in each row of the MMV
channel, ensuring consistent sparsity across the measurements.

• Using the estimated channel, we develop a framework for achievable
rate prediction, enabling efficient D2D discovery, and pairing between
cellular users and D2D links.

• Through extensive simulations, we demonstrate the superior perfor-
mance of the proposed MSBL algorithm compared to conventional
methods such as OMP and conventional SBL. The results highlight
significant improvements in channel estimation accuracy, achievable
rates, and system performance. Furthermore, the proposed approach
achieves near-oracle performance in terms of normalized mean-squared
error (NMSE).

2 System Model

Consider a cellular network, as shown in Fig. 1, with a BS managed by
a central network controller. The network comprises N > 1 transmitters
communicating with N receivers over wireless channels. Cellular users refer
to links between devices and the BS, while D2D links connect two wireless
devices directly. Let M = {1, 2, . . . , N} represent the set of transmitters and
receivers, with M1 ⊆ M denoting cellular users and M\M1 identifying
potential D2D users. We assume the presence of K D2D links in the network.

The channel from transmitter i to receiver l on a resource block is
represented by the channel coefficient hi,l(t, f) ∈ C, which is a realization
of a stochastic process. All resource blocks are assumed to be statistically
equivalent and independent. User l ∈ M may experience interference from
other users i ∈ M, i ̸= l. The performance of user l depends on the vector
hl := (h1,l, . . . , hN,l)

T ∈ CN of channel coefficients from all transmitters to
receiver l. These vectors form the channel matrix H := (h1, . . . ,hN ). Since
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Figure 1 D2D communication network with cellular/D2D users (CU: cellular user, D2D-
Tx: D2D transmitter, D2D-Rx: D2D receiver).

not all D2D users communicate simultaneously, many channel coefficients
are zero, making the composite channel matrix H sparse.

Consider S ∈ M as the set of users with active links. The signal received
by receiver l ∈ S is given by

yl = hl,lsl +
∑

i∈S\{i}

hi,lsi + nl. (1)

The complex data symbol transmitted by node i is denoted as si ∈ C, and the
additive noise at receiver l is represented by nl ∼ CN (0, σ2

l ). The transmitted
data symbols are assumed to be independent and identically distributed (i.i.d.)
random variables with E[si] = 0 and E[|si|2] = pi, where the transmit
power pi of user i is considered fixed, without power control. When user i
is scheduled for transmission, its achievable rate is assumed to be

r(hl,S) = log(1 + SINR(hl,S)) (2)

The Signal-to-Interference-plus-Noise Ratio (SINR) of receiver l ∈ S is
defined as the ratio of the desired signal power to the sum of the interference
and noise power and is given by

SINR(hl,S) =
pl|hl,l|2

σ2
l +

∑
l∈S,l ̸=i pl|hi,l|2

. (3)

Remark 1 For QoS considerations, it is assumed that each receiver l has a
specified rate requirement denoted as r̄l. Given a complete channel matrix H,
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we, therefore, define a scheduling decision S as feasible if it meets two
criteria: Firstly, M1 ⊆ S , and secondly, r(hl,S) ≥ r̄l, ∀l ∈ S . The D2D
users M\M1 are scheduled to be paired with the transmissions in M by the
network controller only if i) D2D users are in proximity to each other, and ii)
the scheduling decision is feasible as defined above.

2.1 MMV-based compressed sensing problem formulation

We consider a D2D communication network, where all transmitters simulta-
neously transmit Mp ≥ 1 pilot signals. Let ϕi ∈ CMp denote the pilot signals
sent by transmitter i, which is the ith column of the pilot or measurement
matrix denoted by Φ = [ϕ1, · · · ,ϕN ] ∈ CMp×N . Without the loss of
generality, during pilot transmission, the vector of all Mp signals received by
receiver l ∈ M can be formulated as a sparse channel estimation problem as:

yl = Φhl + nl, (4)

where nl denotes the additive noise vector with elements nl. Given that
among the total N channel coefficients, only a subset S are non-zero, the
channel vector hl is inherently sparse. To develop the multiple measurement
vector-based channel estimation model, we take received signal vectors yl

for K measurements. This is achieved by stacking all the K received vectors
using a common pilot matrix Φ[k], ∀k. The MMV model for D2D channel
estimation can be cast as

Yl = ΦHl + Vl, (5)

where the noise matrix Vl = [nl[1],nl[2], · · · ,nl[K]] ∈ CMp×K , with
nl[k] as the noise sample for the kth measurement. The channel matrix
Hl = [hl[1],hl[2], · · · ,hl[K]] ∈ CN×K . Since, each column vector ĥl[k]
is sparse. Consequently, most channel coefficients in the channel matrix H
are insignificant or zero, resulting in H being sparse. We next discuss the
sparsity structure of Hl.

Remark 2 Note that columns of Hl have the identical sparsity profile,
which leads to simultaneous sparse structure, i.e., common sparsity across
columns of Hl. To leverage this common sparsity structure, we develop
MMV-based MSBL algorithm to enhance the channel estimation perfor-
mance.
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3 MMV-based Sparse Channel Estimation

In Bayesian inference, the MSBL algorithm uses a Gaussian distribution
with parameterized hyperparameters as the prior distribution for the solu-
tion [12]. The algorithm iteratively refines these hyperparameters using the
Expectation-Maximization (EM) approach. In this context, we focus on
applying the MSBL method to solve the sparse channel estimation problem.
The MSBL method leverages the inherent sparsity of the channel matrix Hl,
providing superior recovery performance compared to conventional SBL
method.

The MSBL-based channel estimation assigns the following Gaussian
prior to the channel hl:

p (Hl;αl) =
K∏
k=1

N∏
i=1

1

(παi,l)
exp

(
−
|hi,l[k]|2

αi,l

)
, (6)

where αi,l[k] denotes the hyperparameter associated with the ith component
of the D2D channel vector hl[k], k = 1, 2, · · · ,K, and αl = {αi,l}Ni=1
is the unknown hyperparameter vector, 1 ≤ l ≤ N . Since, we place the
same hyperparameter αi,l (independent of the index k) on each channel
hl[k], the prior in (6) captures the common sparsity in Hl. Now, following
the conventional SBL, we use a Gamma hyperprior over the local precision
hyperparameter αl as:

p(αl|a, b) =
N∏
i=1

Γ(a)−1baαa
i,le

−bαi,l . (7)

Here, Γ(a) ≜
∫∞
0 ta−1e−tdt is the Gamma function, with a and b being its

parameters. This Gaussian-Gamma hierarchical prior makes the estimation
problem tractable [12], and also helps in capturing the sparsity more effi-
ciently since the overall prior p (hl[k];αl) =

∫
p(hl[k]|αl)p(αl)dαl on hl

is a Student-t distribution with a sharp peak at zero [12].
We now develop the SBL framework to recover sparse channel Hl.

Assume that the noise vector nl[k] in (4) follows Gaussian distribution, i.e.,
p(nl[k]|σ2

l ) = CN (0, σ2
l IN ), the likelihood distribution p(yl[k]|hl[k]) is

given by

p(yl[k]|hl[k]) =

N∏
i=1

CN (yl[k]|Φhl[k], σ
−2
l IM ). (8)
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Following the Bayes’ rule, the posterior distribution of hl is given by

p(Hl|Yl,αl) =

K∏
k=1

p(yl[k]|hl[k])p(hl[k]|αl)∫
p(yl[k]|hl[k])p(hl[k]|αl)dhl[k]

. (9)

Using the Gaussian prior in (6) and the likelihood distribution in (8), the
posterior distribution of the sparse channel Hl is also Gaussian, and is
given by

p(Hl|Yl,αl) = CN (Ĥl,Σl), (10)

where MMSE estimate Ĥl ∈ CN × K and the Error Covariance matrix
Σl ∈ CN×N of Hl are given by [12]

Ĥl = σ−2
l ΣlΦ

HYl (11)

Σl =
(
σ−2
l ΦHΦ+ Γ−1

l

)−1
(12)

To obtain the posterior mean Ĥl from (11) and (12), the hyperparameter
vector αl needs to be estimated. We choose the hyperparameter vector α̂l

such that it maximizes the posterior likelihood log{p(yl[k];αl)}, leading
to an intractable non-concave optimization problem [12]. Thus, we employ
expectation maximization (EM) algorithm to maximize the cost function
iteratively. Let α̂(t)

i,l denote the hyperparameter update in the tth EM iteration,

where α̂(t)
i,l = α̂

(t)
l (i). Given a previous hyperparameter α̂(t−1)

i,l , 1 ≤ i, l ≤ N ,

the hyperparameter update α̂(t)
i,l , which maximizes the conditional expectation

of the log-likelihood function log{p(yl;αl)}, and the covariance matrix Γ̂
(t)
l

is given by

α̂
(t−1)
i,l = Σ

(t)
l (i, i) +

1

K

K∑
k=1

|ĥ(t)i,l [k]|
2; Γ̂

(t)
l = diag{α̂(t−1)

i,l }Ni=1, (13)

where ĥ
(t)
i,l [k] denotes the ith entry of the posterior mean matrix Ĥ

(t)
l and

Σ
(t)
l (i, i) denotes the ith diagonal entry of the covariance matrix Σ

(t)
l . The

above EM steps are repeated untill the EM algorithm converges. The stopping
criterion is decided either by the maximum number of iteratiomns Nmax

to converge or by a condition (∥ĥ(t)i,l [k] − ĥ
(t+1)
i,l [k]∥2/∥ĥ(t)i,l [k]∥

2) ≥ η,
whichever is achieved earlier. The stopping threshold η and Nmax are chosen
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Algorithm 1: MSBL-based rate estimation algorithm for the D2D dis-
covery and pairing decisions.

Input: Ĥl, ∀l, Φ, σ2
l , K

Output: Ĥl, r̂(Ĥl[k],S), ∀l
1 Initialization: ∀l : Γ̂(t−1)

l = 0N , Γ̂(t)
l = IN .

2 while ∀, l : t ≤ Nmax & (∥µ(t)
i,l − µ

(t+1)
i,l ∥2/∥µ(t)

i,l ∥
2) ≥ η do

3 Calculate Σ
(t)
l and Ĥ

(t)
l in the tth EM iteration using (12) and (11), respectively;

4 Update the hyperparameters α̂(t)
i,l using (13);

5 t = t+ 1;
6 end

7 Calculate estimated rate as in (14), where the estimate ĥ
[t]
i,l[k] = Ĥ

[t]
i,l[k].

8 Perform D2D discovery and pairing using (16) and (17), respectively.

9 return: Ĥl in (11), r̂(Ĥl[k],S).

suitably. After the EM algorithm converges, the SBL-based sparse channel
estimate ĥl is obtained as the converged a-posteriori mean, i.e., ĥl = µ

(t)
l .

The estimate ĥi,l[k] of the channel coefficient hi,l is the a-posteriori mean
in the tth EM iteration. The above MSBL algorithm is summarized in Algo-
rithm 1. Step 3 calculates the covariance matrix Σ

(t)
l and the mean Ĥ

(t)
l in

the tth EM iteration using (12) and (11), respectively. Step 4 updates the α
(t)
i,l

and Γ
(t)
l using (13) to compute mean and the covariance, calculated in step 3.

Step 6 computes the estimated rate using the estimated channel coefficients
ĥ
[t]
i,l, ∀i, l, in (3).

4 Computational Complexity

We now show in Table 1 the per iteration complexity of each step of the
proposed MSBL, SBL and OMP algorithms. For the proposed MSBL, using
the Woodbury identity

Σl = Γl − ΓlΦ
H(λIMp +ΦΓΦH)−1ΦΓl,

the complexity of calculating Σl in (12) is reduced from O(N3) to O(M3
p +

KM2
p ), where K is the number of measurement vectors. The Algorithm 2

complexity is dominated by the E-step, i.e., Step-3, which calculates Ĥ(t)
l and

Σ
(t)
l with complexities of O(KN2Mp) and O(M3

p + KM2
p ), respectively.

Thus, the overall complexity of the proposed MSBL is O(Nmax · (M3
p +

KM2
p + KN2Mp)), where Nmax is the maximum number of EM iterations
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Table 1 Per iteration complexity of the algorithms
Algorithm Operation Complexity

MSBL
Σ (Woodbury identity) O(M3

p +KM2
p )

µ calculation O(KN2Mp)
Total complexity O(Nmax · (M3

p +KM2
p +KN2Mp))

SBL
Σ (Woodbury identity) O(M3

p )
µ calculation O(N2Mp)

Total complexity O(Nmax · (M3
p +N2Mp))

OMP Total complexity O(N2MpS)

required for convergence. For SBL, the complexity per iteration is lower
as it processes a single measurement vector. The covariance matrix Σl is
calculated with a complexity of O(M3

p ), and the mean vector µ is computed
with a complexity of O(N2Mp). Thus, the overall complexity of SBL is
O(Nmax · (M3

p + N2Mp)). The proposed MSBL and SBL has slightly
higher complexity than OMP, which has a complexity of O(N2MpS), where
S denotes the sparsity level. Designing a low-complexity version of the
proposed MSBL to further reduce the complexity associated with matrix
inversion is a promising future direction.

5 Rate Estimation With Imperfect CSI

This section first computes the estimated achievable rates for all scheduling
decisions S ⊆ M with the imperfect CSI and then performs D2D discovery
and pairing given this estimated rate. With the estimated sparse channel Ĥl[k]
and a specified scheduling decision S, the estimated achievable rate for user
l ∈ M is expressed as follows:

r̂(Ĥl,S) = log

(
1 +

pl
1
K

∑K
k=1 |ĥ

(t)
l,l [k]|

σ2
l +

1
K

∑K
k=1

∑
i∈S,i ̸=l piĥ

(t)
i,l [k]

)
. (14)

Thus, given a channel realization Hl and its estimate Ĥl, the rate gap (i.e.,
rate discrepancy) for user l is dependent on the scheduling decision S , and is
given by

δl(S) := |r̂(Ĥl,S)− r(Hl,S)|, l ∈ S. (15)

Here, the achievable rate r(Hl,S) is given by (2). Note that rate gap δl({l})
of user l ∈ M\M1 in an interference-free scenario acts as a basis for D2D
discovery. We now perform the D2D discovery and pairing as follows.
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5.1 D2D Discovery and Pairing

To establish a D2D communication, we need D2D user discovery, which
refers to a process of identifying D2D candidates from all potential D2D
users, and their pairing.

With the sparse channel estimate Ĥl, the network controller upper bound
the rate gap such that δl({l}) ≤ ζ, l ∈ M\M1 for some ζ ≥ 0. This implies
that proximity condition r̂(Ĥl, {l}) ≥ r̄l + ζ so that r(Hl, {l}) ≥ r̄l. As a
result of this, the set of device pairs that are in proximity (discoverable), and
hence form D2D candidates, are given by

M̂2 =
{
l ∈ M\M1 : r̂(ĥl, {l}) ≥ r̄l + ζ

}
⊆ M2. (16)

Thus, with the upper bound rate gap δl({l}), the network controller reliably
identifies the D2D pairs that are discoverable. From (16), it follows that if the
threshold ζ = 0, M̂2 = M2 implying that all the potential D2D users are
discoverable and form D2d candidates.

Now, with the set of D2D pairs that are in proximity M̂2 for some ζ ≥ 0,
and the sparse channel estimate Ĥl, the optimal scheduling decision Ŝ =
M1∪U ⊆ M1∪M̂2, where U ⊆ M2 is a solution to the following problem

U := arg max
P⊆M2

∑
l∈P⊂M1

r̂(Ĥl,P ⊂ M1) (17a)

s.t. r̂(Ĥl,P ⊂ M1) ≥ r̄l + ζ,∀l ∈ P ⊂ M1. (17b)

Here, the MSBL-based rate r̂(Ĥl,S) is given by (14).

6 Simulation Results

In this section, we present simulation results to validate the efficacy of our
proposed sparse Bayesian learning (SBL) and modified sparse Bayesian
learning (MSBL) methods for channel estimation and rate evaluation in
device-to-device (D2D) communication systems. The simulation parameters
are as follows, unless specified otherwise: we consider a cellular setup with
one BS and 25 users, each equipped with a single antenna. The number of
measurements is set to K = 5, and the baseband channels of the user-user
links are modeled as Rician fading channels with a Rician factor β = 2. The
normalized mean square error (NMSE) is used as the performance metric and
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is defined as: NMSE(dB) = 10 log10

(
E(∥ĥ−h∥22)
E(∥h∥22)

)
, where h represents the

true channel and ĥ denotes its estimate.
In Fig. 2(a), we compare the NMSE performance of the proposed SBL

and MSBL algorithms with existing sparse channel estimation techniques
such as OMP, MMSE, and compressed sensing (CS) from [9]. Additionally,
the oracle MMSE is included as a benchmark, assuming perfect knowledge
of the channel support. Both SBL and MSBL exhibit significant NMSE
improvements compared to OMP, CS, and MMSE. The superior performance
of SBL and MSBL is attributed to their ability to exploit the sparse structure
of the D2D channel more effectively. In particular, MSBL captures the com-
mon sparsity across multiple measurements, leading to a further reduction in
estimation error compared to SBL.

We compare in Fig. 2(b), the BER of the MSBL algorithm with existing
ones by varying the SNR. We see that the BER behavior mimics that of
NMSE. The MSBL algorithm has the lowest BER, which is close to that with
perfect CSI, which uses the perfect knowledge of the channel. This is due to
the fact that the sparse prior in SBL captures the D2D channel sparsity more
accurately. The poor performance of OMP algorithm is because it is a greedy
sparse recovery algorithm and is sensitive to noise, which degrades its NMSE.
It also relies on prior knowledge of the sparsity level of the unknown channel,
which is difficult to acquire in practice, which degrades its NMSE. The
MMSE approach provides a sub-optimal solution and fails to fully exploit
the sparsity inherent in the D2D wireless channel, consequently resulting in
inferior estimation performance and hence the BER performance. Similarly,
the lower NMSE with CS in [9] can be attributed to the use of a compressed
non adaptive channel estimation scheme. This approach relies on continuous
feedback, which can lead to the accumulation of errors in estimation over
time, thereby degrading the NMSE performance.

In Fig. 2(c), the NMSE performance versus pilot length is depicted. Both
SBL and MSBL outperform other methods across all pilot lengths, with
MSBL showing a notable advantage due to its ability to capture the common
sparsity in Hl. This demonstrates for the same NMSE performance, we need
less number of pilots with MSBL than the existing methods, thereby reducing
the pilot overhead.

Fig. 3(a) presents the achievable rate of each D2D pair using perfect CSI
and estimated CSI. The achievable rate with MSBL aligns closely with that of
perfect CSI, demonstrating the high accuracy of these estimation techniques.
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Figure 2 Comparison of NMSE and BER for the proposed MSBL and existing algorithms:
(a) NMSE comparison at varying SNR, (b) BER comparison at varying SNR, and (c) NMSE
performance by varying the number of pilots.
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Figure 3 (a) Achievable rate per D2D pair with imperfect CSI, and (b) NMSE versus
iterations for the proposed MSBL, SBL, and OMP algorithms at SNR = 10 dB.

Notably, the achievable rate of the proposed MSBL outperforms SBL, OMP,
CS, and MMSE, emphasizing the benefits of multiple measurement model in
MSBL.

Finally, the convergence behavior of SBL, MSBL, and OMP is illustrated
in Fig. 3(b). The SBL algorithm converges within approximately 20 itera-
tions. However, MSBL achieves a similar NMSE with fewer iterations due
to its ability to exploit the common sparsity structure inherent in multiple
measurement vectors (MMV). By jointly processing these multiple measure-
ments, MSBL efficiently models the shared sparse support across all vectors,
leading to faster convergence compared to SBL, which processes each
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measurement independently. In contrast, OMP requires around 40 iterations
to converge due to its sequential and suboptimal selection of sparse supports.

7 Conclusion

This paper addresses scheduling and D2D device pairing by developing the
D2D received signal as an MMV-based compressed sensing framework. This
MMV model leads to the common sparsity in D2D channel across multi-
ple measurements. To effectively capture this common sparsity, this work
proposed an MSBL-based algorithm, which defines a Gaussian prior with a
common hyperparameter for all entries within each row of the MMV channel,
ensuring common sparsity across the measurements. The improved esti-
mation performance enabled precise achievable rate prediction, supporting
efficient D2D discovery and pairing. Simulation results confirm the MMV-
SBL method’s superiority in CSI accuracy and rate prediction over existing
approaches.
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