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Abstract—In this paper, we propose an unrolling-based al-
gorithm that jointly learns a twofold graph, which encodes
spatial and modality characteristics simultaneously, from noisy
signals while restoring multimodal signals at the same time. To
learn the twofold graph, we formulate a convex optimization
problem that considers smoothness on the spatial graph and
similarity/dissimilarity on the modality graph. For multimodal
signal restoration, we formulate an optimization problem based
on the maximum a posteriori estimator of a matrix normal
distribution. By unrolling the iterative optimization steps for
both graph learning and signal restoration, an end-to-end in-
terpretable neural network is obtained where hyperparameters
in the iterative algorithm can be learned. Experimental results
on synthetic data demonstrate that the proposed algorithm
outperforms conventional multimodal graph signal restoration
algorithms.

I. INTRODUCTION

In sensor networks, sensors often capture a rich variety of
data simultaneously, like video/audio streams and tempera-
ture/pressure readings. Such data are called multimodal sig-
nals. In practice, real-world multimodal signals are imperfect,
suffering from noise or missing values. Signal restoration for
those multimodal signals, including denoising and interpola-
tion, is therefore crucial for a wide range of applications,
such as autonomous driving, human-computer interaction, and
medical diagnostics [1], [2], [3], [4].

A key principle in signal restoration on sensor networks
is utilizing underlying structure(s) of data, whose structures
are mathematically represented as graphs. Therefore, graph
signal processing has been extensively studied over the past
few decades [5], [6], [7].

Multimodal signals on a network can be assumed to have
an underlying spatial structure as a spatial graph, and inter-
modality relations are given by a modality graph. This as-
sumption is known as twofold graph assumption (TGA) [8].

Previous works for signal restoration with TGA face two
key challenges. First, many approaches either assume graphs
are known a priori or require heavily parameterized deep
neural network architectures to learn them [9], [10], [11],
which makes it difficult in data-scarce scenarios. Second,
all methods are designed for unsigned graphs, i.e., graphs
only have non-negative edge weights. In other words, existing
methods only model the pairwise similarities [12]. This clearly
neglects potential dissimilarities or negative correlations that
are especially important to analyze signals across modalities.

A representative example of inter-modality negative cor-
relation can be found in environmental monitoring systems,

where positive/negative correlations between meteorological
measurements are encoded as positive/negative graph edges,
respectively. In such cases, signed graphs—a graph with both
positive and negative edge weights—are expected to improve
signal restoration performance [13], [14].

In this paper, we address these limitations on multimodal
graph signal restoration by proposing a method that: 1) jointly
learns a spatial unsigned graph and a modality signed graph
from data and 2) restores multimodal signals on the learned
twofold graph via algorithm unrolling.

In the proposed method, we first formulate an optimization
problem for simultaneous signal restoration and twofold graph
learning. To solve this, we propose an alternating minimization
framework that decouples the problem into two convex sub-
problems: signal restoration and graph learning. Each sub-
problem is then solved using iterative algorithms based on a
maximum a posteriori (MAP) estimator of matrix normal dis-
tributions [15] and primal-dual splitting [16]. Finally, we unroll
these iterative solvers to construct a lightweight deep learning
architecture, allowing us to train internal hyperparameters end-
to-end [17]. This unrolled network architecture estimates a
solution in a fixed number of layers which is significantly
smaller than that of the original iterative approach.

We evaluated our method for restoration of synthetic multi-
modal graph signals. Experimental results demonstrate that the
proposed method significantly outperforms competing base-
lines in both signal denoising and interpolation in multiple
scenarios.

Notation: We use bold uppercase letters for matrices (A),
and bold lowercase for vectors (a). The corresponding non-
bold letters with subscripts denote their elements (Aij and ai)
The jth column of matrix A is denoted as the vector aj . The
identity matrix is I, and vectors of all ones and zeros are 1 =
[1, . . . , 1]⊤ and 0 = [0, . . . , 0]⊤, respectively. The ℓ-p norm is
∥ · ∥p and the Frobenius norm is denoted as ∥ · ∥F .

An undirected graph is denoted as G, and we denote the
set of N nodes in G as V = {v1, v2, . . . , vN}. The topology
and edge weights of G are defined by a symmetric weighted
adjacency matrix W ∈ RN×N , where Wij represents the
weight of the edge between node vi and vj . Throughout the
paper, we assume Wii = 0, i.e., the graphs have no self-loops.

The degree matrix is the diagonal matrix denoted as D =
diag(d1, . . . , dN ), where di =

∑
j Wij . The combinatorial

graph Laplacian L for unsigned graphs is given by L = D−
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W, and those for signed graphs are defined as L̄ = D̄−W,
where D̄ is an absolute degree matrix whose ith diagonal
element is defined as d̄ii =

∑
j |Wij |.

II. RELATED WORKS

Graph learning is often required when no graph is given a
priori, but we can still assume that underlying networks exist
[18], [19]. In this section, we review unsigned/signed graph
learning methods.

A. Unsigned Graph Learning

Let us consider an observation model of a graph signal y ∈
RN on a single modal graph G with N nodes as y = x + ϵ
where x is the unknown true signal and ϵ is additive white
Gaussian noise (AWGN) with ϵ ∼ N (0, σ2

ϵ IN ).
Based on the graph factor analysis model [18], x can be seen

as a sample drawn from a multivariate Gaussian distribution
with the precision matrix L: x ∼ N (µx,L

† + σ2
ϵ IN ) where

µx is the mean of x and (·)† represents the Moore-Penrose
pseudo inverse.

The graph learning and signal restoration under this model
with µx = 0 is discussed in [18], where they formulate an
optimization problem to find x and L from y as:

min
x,L

∥x− y∥22 + αx⊤Lx+ β∥L∥2F , (1)

where α and β are regularization parameters and ∥·∥F denotes
the Frobenius norm. The first term measures the data fidelity,
and the second term measures the signal variation on the given
L where x⊤Lx =

∑N
i<j Wij(xi − xj)

2, and the third term is
a regularization on edge weights. (1) is non-convex due to the
coupling of variables x and L in the second term.

In [18], the following alternating optimization is applied.
1) L is optimized with the fixed x by solving the following

constrained quadratic optimization problem:

min
L∈L

αx⊤Lx+ β∥L∥2F (2)

where L is a set of graph Laplacians given by

L = {L|tr(L) = N, Lij = Lji ≤ 0, i ̸= j,L1 = 0}.
2) x is obtained with the fixed L by solving

min
x

∥x− y∥22 + αx⊤Lx. (3)

This has a closed-form solution x = (IN + αL)
−1

y as
long as (IN + αL) is invertible.

These two steps are iterated until the difference from the
previous iteration reaches a pre-defined tolerance value.

B. Signed Graph Learning

Most graph learning methods, including the aforementioned
one, are designed for unsigned graphs, i.e., Wij ≥ 0 for all i, j.
Unsigned graphs encode similarities. However, it is natural that
we often encounter dissimilarities as well: In this case, signed
graph learning is required [20], [21], [14].

A signed graph uses both positive and negative edge
weights, which are stored in a signed adjacency matrix W̄ ∈

RN×N . The goal is to find a W̄ that reflects the relationships in
a set of observed signals X ∈ RP×N , where P is the number
of observations or features and N is the number of nodes.

An edge weight of a signed graph can be represented as
W̄ij = Sij |W̄ij | where Sij = sign(W̄ij) is the edge sign
matrix. Therefore, signed graph learning is formulated as
follows [22]:

min
S∈S,W̄∈W

α
∑

i,j

|W̄ij |∥xi − Sijxj∥22 + β∥W̄∥2F (4)

where W is a set of symmetric matrices with zero diagonals
and S = {−1, 1}N×N . Optimizing S together with W̄ is non-
convex and hence, a two-step approach is considered in [22].

First, compute the distance matrix Z̄ together with the sign
matrix S as:

Z̄ij = min{∥xi − xj∥22, ∥xi + xj∥22} (5)

Sij =

{
1 if ∥xi − xj∥22 ≤ ∥xi + xj∥22
−1 otherwise.

(6)

Second, given these precomputed signs S and distances Z̄,
optimize the weight magnitude W ≥ 0 by solving a convex
optimization problem;

min
W∈W

α
∑

i,j

WijZ̄ij +
β

2
∥W∥2F . (7)

The signed adjacency matrix is then given by W̄⋆ = S ◦
W, where ◦ is the element-wise product. The minimization
in (7) can be efficiently solved using proximal gradient-based
algorithms [16].

III. TWOFOLD SIGNED GRAPH LEARNING AND SIGNAL
RESTORATION FOR MULTIMODAL SIGNALS

In this section, we present our proposed method for joint
signal restoration and twofold signed graph learning for mul-
timodal graph signals.

A. Formulation

Analogous to the multimodal graph signal model used in the
other works [8], [12], we consider the following observation
model of a multimodal signal Y ∈ RN×M on a twofold graph:

Y = X+N (8)

where X is the unknown true multimodal graph signal whose
column vectors are signals on a spatial graph Gs, and row vec-
tors are signals on a modality graph Gm. N is a matrix whose
entry is AWGN. We aim to recover X and its corresponding
twofold graph Laplacians Ls and Lm from Y.

First of all, in contrast to the other works on TGA [8], [12]
without explicit signal models, we assume that X follows a
matrix normal distribution:

X ∼ NN×M (MX,Σr,Σc) (9)

where MX is the mean matrix in which [MX]ij = E[Xij ],
Σr ∈ RN×N = L†

s, and Σc ∈ RM×M = L†
m are a row-

wise covariance matrix and a column-wise covariance matrix,
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respectively. Similar to the normal distribution (of vectors), the
probability density function of X is given by

p(X) =
exp

(
− 1

2 tr
[
Σ−1

c (X−MX)
⊤
Σ−1

r (X−MX)
])

2π
NM
2 det(Σr)

M
2 det(Σc)

N
2

.

(10)
Here, we consider the maximum a posteriori (MAP) estima-

tor X⋆ of X given Y. Without loss of generality, we assume X
is centered such that MX = 0N×M . Then, the MAP estimate
of X can be written as follows:

X⋆ := argmax
X

p(X|Y)

= argmax
X

p(Y|X)p(X)

= argmin
X

(− log p(Y|X)− log p(X)) . (11)

Based on the observation model and the matrix normal distri-
bution, we can derive

p(N) = p(Y|X) = exp(−(Y −X)⊤(Y −X))

p(X) ∝ exp(−tr(Σ−1
c X⊤Σ−1

r X)). (12)

By substituting (12) into (11), X⋆ is given by

X⋆ := argmin
X

∥Y −X∥2F + αtr(LmX⊤LsX). (13)

Note that, solving this problem requires both Ls and Lm

to be known while they are unknown in our setting. Thus, we
formulate the following objective function to jointly estimate
X⋆ and the sparse graph Laplacians:

min
X,Ls,Lm

1

2
∥Y −X∥2F + αtr(LmX⊤LsX)

+
βs

2
∥Ls∥2F +

βm

2
∥Lm∥2F . (14)

B. Optimization

The objective function (14) is non-convex in general. There-
fore, we solve (14) with alternating optimization, where we fix
either X or Le (e ∈ {s,m}) to optimize the other one.

1) Signal Restoration: We first consider solving for X with
given Ls and Lm. In this case, the problem in (14) reduces to
the following.

min
X

J(X) =
1

2
∥Y −X∥2F +

µ

2
tr(LmX⊤LsX) (15)

where µ is a regularization parameter.
Taking the derivative with respect to X on the objective

function and setting it to zero yields the following first-order
optimality condition:

∇XJ(X) = Y −X+
µ

2
(LsXLm + L⊤

mX⊤L⊤
s ) = 0. (16)

(16) can be rewritten as

µLsXLm +X = Y. (17)

(17) is the standard form of Sylvester equation: AXB+X =
C. We solve (17) with a preconditioned iterative gradient
algorithm proposed in [23]. We state the algorithm to solve

Algorithm 1 Iterative algorithm for solving (17)

Require: X̂(0), X̃(0)

Ensure: X(i)

for i = 0 → K − 1 do
X(i) = (X̂(i−1) + X̃(i−1))/2
X̂(i) = X(i−1) + κP−1

s (Y − µLsX
(i−1)Lm −X(i−1))

X̃(i) = X(i−1) + κ(Y − µLsX
(i−1)Lm −X(i−1))P−1

m

end for
X⋆ = (X̂(K−1) + X̃(K−1))/2

(17) in Algorithm 1: κ is a step size, Ps ∈ RN×N and
Pm ∈ RM×M are preconditioning matrices. The choice of
preconditioning matrices is investigated in [23]. Here, we can
simply set Ps and Pm as the diagonal entries of Ls and Lm,
respectively.

2) Twofold Signed Graph Learning: Next, we consider a
twofold signed graph learning problem with the fixed X:

min
Ls, Lm∈L

αtr(LmX⊤LsX) +
βs

2
∥Ls∥2F +

βm

2
∥Lm∥2F . (18)

The first term in (18) promotes a graph signal smoothness on
the twofold graph, which results in the row-wise smoothness
with respect to Ls and column-wise smoothness with respect
to Lm. Note that this term is non-convex. Thus, we relax
it by decoupling the smoothness term into the following:
tr(X⊤LsX) + tr(XLmX⊤). As a result, the following graph
learning problem is derived:

min
Ls, Lm∈L

αstr(X⊤LsX)+αmtr(XLmX⊤)

+
βs

2
∥Ls∥2F +

βm

2
∥Lm∥2F . (19)

To create a tractable problem, we further reformulate (18)
into the following unconstrained optimization problem:

min
Ws,Wm

αs∥Ws ◦ Zs∥1 + αm∥Wm ◦ Zm∥1
+βs∥Ws∥22 + βm∥Wm∥
−ηs1

⊤ log(Ws1)− ηm1⊤ log(Wm1)
(20)

where Zs ∈ RN×N and Zm ∈ RM×M are pairwise distance
matrices. Recall that graph Laplacians can be derived from
adjacency matrices as L = diag(W1)−W. Here, we assume
that the spatial graph is unsigned, but the modality graph is
signed. Thus, the distance matrices are computed as

[Zs]ij =
M∑

m=1

|xi − xj |2

[Zm]sr = min{
N∑

n=1

|xs − xr|2,
N∑

n=1

|xs + xr|2}

in which i, j denote the row indices of X, and s, r denote the
column indices of X. We compute the edge signs Sm together
with Zm and use it to obtain signed adjacency for the modality
graph as W̄m = Sm ◦Wm after solving (20).
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Algorithm 2 Proposed PDS Algorithm for solving (21)

Require: w(0),v
(0)
1

Ensure: w(i)

while ∥w(i+1) −w(i)∥/∥w(i)∥ > ϵ do
y(i) = w(i) − τ(2Q2w

(i) + S⊤v(i)
1 )

ȳ
(i)
1 = v

(i)
1 + γ(Sw(i))

p(i) = proxγ(ιWv )
(y(i) − γQ1z)

p̄
(i)
1 = ȳ

(i)
1 − γprox 1

γ (−1⊤ log(·))
( ȳ

(i)
1

γ

)

q(i) = p(i) − γ(2Q2p
(i) + S⊤p̄(i)

1 )

q̄
(i)
1 = p̄

(i)
1 + γ(Sp(i))

w(i+1) = w(i) − y(i) + q(i)

v
(i+1)
1 = v

(i)
1 − ȳ

(i)
1 + q̄

(i)
1

end while

We further reformulate (20) with a vectorized form. Let us
define w = [vec(Ws)

⊤, vec(Wm)⊤]⊤ ∈ REs+Em and z =
[vec(zs)⊤, vec(zm)⊤]⊤ ∈ REs+Em , where Es = N(N −1)/2
and Em = M(M − 1)/2. The vectorized problem is then
written as

min
w

w⊤Q1z+w⊤Q2w − c⊤ log(Sw) + ι>0(w) (21)

where S : Sw → d ∈ RN+M is a linear operator to
transform a vector of edge weights into a vector of degrees
d = [d⊤

s ,d
⊤
m]⊤ where ds = Ws1 and dm = Wm1.

Q1 =

(
αsIEs

0Es,Em

0Em,Es
αmIEm

)

Q2 =

(
βsIEs 0Es,Em

0Em,Es βmIEm

)

c = [ηs1
⊤, ηm1⊤]⊤.

Moreover, ι≥0(·) is an indicator function defined as:

(ι≥0(w))i =

{
0 wi ≥ 0

∞ otherwise.
(22)

(21) can be solved with the primal-dual splitting (PDS)
algorithm [16]. We give the iterative algorithm for solving (21)
in Algorithm 2: τ and γ are step sizes for the primal and dual
updates, respectively.

C. Algorithm Unrolling

The proposed algorithm consists of two parts: 1) solving
(21) to learn twofold graphs from a set of noisy signals, and
2) solving (17) to get the clean signal. We unfold iterations in
Algorithms 1 and 2 for learning hyperparameters from training
data.

The graph learning module consists of eight parameters
{αe, βe, ηe, τ, γ}e∈s,m, and the signal restoration module con-
sists of two parameters {κ, µ}. By unfolding the iterations,
they can be set trainable as

ΘPDS := {α(t)
s , α(t)

m , β(t)
s , β(t)

m , η(t)s , η(t)m , τ (t), γ(t)}Tt=1

ΘSL := {κ(k), µ(k)}Kk=1, (23)
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Fig. 1. Visualization of synthetic signal (σ2 = 0.5). Top: Signal from the
10th modality on the spatial graph. Bottom: Signal from the 10th node on the
modality graph.

where T and K are the numbers of inner layers of graph
learning and signal restoration, respectively. As a result,
sets of trainable parameters are represented as Θ :=

{Θ(l)
PDS ,Θ

(l)
SL}Ll=1, where L is the number of outer layers.

Each of the parameters is trained to minimize the mean squared
error (MSE):

E(Θ) =
1

NM
∥X⋆ −Xground truth∥2F . (24)

Note that all components are (sub-)differentiable, and the
parameters can be trained with backpropagation.

IV. EXPERIMENTS

In this section, we evaluate our proposed method on mul-
timodal graph signal denoising/interpolation and compare its
performance against competing baselines.
Synthetic Data Generation:

We designed synthetic data to model an environmental mon-
itoring sensor network, where signals exhibit spatial smooth-
ness and have both positive and negative correlations across
different modalities.

We generate the synthetic data in two stages: an underlying
twofold graph is first created, and then signals consistent with
the twofold graph are yielded.

First, we create a twofold graph. The spatial graph Gs is
a six-nearest neighbor graph of N = 50 nodes randomly
placed in a 2-D space [0, 1] × [0, 1]. The modality graph
Gm is a community graph with M = 60 nodes randomly
assigned to six communities. Each community in the modality
graph corresponds to a single modality. Here, we consider
the stochastic block model [24] for the connectivity of the
modality graph: Inner-community edges and inter-community
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Fig. 2. Denoisng results (L = 5, σ2 = 0.5). The absolute error of the 10th modality and the 10th node is plotted on the spatial graph (top) and the modality
graph (bottom), respectively.

edges are generated with probability p = 0.9 and q = 0.1,
respectively.

Second, we generate a synthetic multimodal graph signal
X ∈ RN×M . The columns of X are partitioned according
to the communities as X = [X0,X1, . . . ,X5]. For each
community j containing cj nodes, we generate a corresponding
signal subblock Xj ∈ RN×cj as follows:

1) Generate a spatial signal sj ∈ RN that is smooth on Gs.
This vector is drawn from an N -dimensional multivariate
normal distribution: sj ∼ N (0,L†

s).
2) Generate a jth modality signal pj ∈ Rcj that is smooth

within the community. This vector is defined by:

pj =
1

4
f(vj), vj =

(
π

2
· i

cj − 1

)cj−1

i=0

, (25)

where f(·) is a trigonometric function.
3) Combine two components to form Xj for each commu-

nity j as:

Xj = sj1
⊤
cj + 1Np⊤

j . (26)

We set f(·) to either a sine or cosine function to introduce
positive/negative correlation across communities. The full sig-
nal X is constructed by stacking these subblocks. As a result,
we yield a multimodal graph signal X where each column
is smooth on the spatial graph Gs and each row is piecewise
smooth [25] on the modality graph Gm. A snapshot of the
generated data is shown in Fig. 1.

For denoising, we generate 50 samples with five noise levels
σ = {0.1, 0.2, 0.3, 0.4, 0.5}. For interpolation, we generate
50 samples with three missing rates r = {0.1, 0.2, 0.3}. The
dataset was split into 80% for training and 20% for testing.
Experiment Setup:

We fix the number of graph learning layers to T = 30
and the number of signal restoration layers to K = 30
in all experiments. We compare the denoising performance
against autoencoder (AE) [26], graph convolutional network
(GCN) [27], graph signal denoising via twofold graph smooth-
ness regularization with deep algorithm unrolling (TGSR-

TABLE I
MEAN SQUARED ERRORS FOR DENOISING

Methods\σ2 0.1 0.2 0.3 0.4 0.5

AE 0.959 0.959 0.959 0.959 0.959
GCN 0.973 0.973 0.972 0.971 0.971

Proposed (w/ fixed param.) 0.016 0.019 0.024 0.032 0.042

TGSR-DAU 0.010 0.016 0.026 0.040 0.060
LLAP-DAU 0.008 0.015 0.024 0.038 0.055
Proposed 0.006 0.010 0.017 0.027 0.040

TABLE II
MEAN SQUARED ERRORS FOR INTERPOLATION

Methods\r2 0.1 0.2 0.3

AE 0.117 0.117 0.117
GCN 0.969 0.968 0.968

Proposed (w/ fixed param.) 0.122 0.147 0.178

TGSR-DAU 0.060 0.068 0.079
LLAP-DAU 0.080 0.094 0.113
Proposed 0.040 0.044 0.053

DAU) [8], and multimodal graph signal denoising with si-
multaneously learning Laplacian matrix using deep algorithm
rolling (LLAP-DAU) [28]. TGSR-DAU and LLAP-DAU are
algorithm-unrolling-based methods. For baselines requiring
a known graph (GCN and TGSR-DAU), we constructed a
six-nearest neighbor graph from the features of the noisy
observation matrix Y.

All methods are trained for 30 epochs using Adam optimizer
and a learning rate = 0.01. For AE, TGSR-DAU, LLAP-DAU,
and the proposed method, we selected the best number of
layers L from the following set (L = {1, 3, 5, 7, 9}) based
on performance on a validation set. The number of layers for
GCN is fixed to two as in [12]. We also compare results with
the proposed solver with fixed parameters and 500 iterations
for each subproblem. The parameters are hand-tuned to achieve
the smallest MSE for denoising on data with σ2 = 0.5.
Results:

We list the mean squared errors across varying levels of
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noise/missing rates in Tables I and II, respectively. We also
visualize the absolute error between the ground truth and
denoised signals in Fig. 2. The results in Tables I and II
demonstrate that the proposed method consistently outper-
forms all competing baselines. The proposed solver with fixed
parameters performs well on the specific noise level since it
was tuned for σ2 = 0.5, but it does not perform well in the
other cases. In contrast, the unrolled version of the proposed
method generalizes effectively and achieves the lowest error in
all cases. Additionally, MSE differences between the proposed
method and TGSR-DAU or LLAP-DAU become large as
degradation increases, which may reflect the effectiveness of
signed graphs.

V. CONCLUSIONS

In this paper, we propose an interpretable algorithm-
unrolling-based method for jointly learning a twofold signed
graph and restoring multimodal signals. Our approach is built
on the assumption that signals are smooth on a spatial graph
and exhibit positive or negative correlations on a modality
graph. We formulated the joint problem using a Matrix Normal
prior and a MAP estimator based on the MAP estimator of
matrix normal distribution, leading to two alternating sub-
problems: 1) a signal restoration step, which is reduced to
a Sylvester equation, and 2) a graph learning step, which is
solved efficiently using a primal-dual splitting algorithm. We
derive iterative solvers for each problem and present a frame-
work based on algorithm unrolling to train the hyperparameters
from data. Experiments on synthetic data demonstrate that our
method outperforms conventional methods on signal denoising
and interpolation tasks.
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Sampling on Signed Graphs Via Gershgorin Disc Perfect Alignment,”
in ICASSP 2022 - 2022 IEEE Int. Conf. Acoust. Speech Signal Process.
ICASSP, 2022, pp. 5942–5946.

[22] G. Matz and T. Dittrich, “Learning signed graphs from data,” in ICASSP
2020 - 2020 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), 2020, pp. 5570–5574.

[23] J. Zhou, R. Wang, and Q. Niu, “A Preconditioned Iteration Method
for Solving Sylvester Equations,” Journal of Applied Mathematics, vol.
2012, no. 1, p. 401059, 2012.

[24] P. W. Holland, K. B. Laskey, and S. Leinhardt, “Stochastic blockmodels:
First steps,” Social Networks, vol. 5, no. 2, pp. 109–137, 1983.

[25] S. Chen, R. Varma, A. Singh, and J. Kovačević, “Representations of
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