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Abstract—The  massive  machine-type = communications
(mMTC) paradigm based on media modulation in conjunction
with massive multi-input multi-output base stations (BSs) is
emerging as a viable solution to support the massive connectivity
for the future Internet-of-Things, in which the inherent massive
access at the BSs poses significant challenges for device activity
and data detection (DADD). This paper considers the DADD
problem for both uncoded and coded media modulation based
mMTC with a slotted access frame structure, where the device
activity remains unchanged within one frame. Specifically, due
to the slotted access frame structure and the adopted media
modulated symbols, the access signals exhibit a doubly structured
sparsity in both the time domain and the modulation domain.
Inspired by this, a doubly structured approximate message
passing (DS-AMP) algorithm is proposed for reliable DADD in
the uncoded case. Also, we derive the state evolution of the DS-
AMP algorithm to theoretically characterize its performance.
As for the coded case, we develop a bit-interleaved coded
media modulation scheme and propose an iterative DS-AMP
(IDS-AMP) algorithm based on successive inference cancellation
(SIC), where the signal components associated with the detected
active devices are successively subtracted to improve the data
decoding performance. In addition, the channel estimation
problem for media modulation based mMTC is discussed and
an efficient data-aided channel state information (CSI) update
strategy is developed to reduce the training overhead in block
fading channels. Finally, simulation results and computational
complexity analysis verify the superiority of the proposed
DS-AMP algorithm over state-of-the-art algorithms in the
uncoded case. Also, our results confirm that the proposed
SIC-based IDS-AMP algorithm can enhance the data decoding
performance in the coded case and verify the validity of the
proposed data-aided CSI update strategy.

Index Terms—Massive access, media modulation, massive
multi-input multi-output, massive machine-type communications.
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I. INTRODUCTION

ITH the advent of the Internet-of-Things (IoT), mas-

sive machine-type communications (mMTC) are ex-
pected to support various potential applications, including
smart metering, surveillance and healthcare. In fact, mMTC
are considered to be an indispensable component for future
beyond 5G/6G networks [2]], [3]. In stark contrast with con-
ventional human-type communications (HTC) that are char-
acterized by downlink transmissions with long packets and
high data rates, mMTC are characterized by uplink transmis-
sions with short packets from massively deployed machine
type devices (MTDs) whose data traffic is sporadic [4], [3.
The unique traffic characteristics of mMTC indicate that the
existing access solutions designed for HTC can not effectively
support the massive access of MTDs, which necessitates low-
latency and high-reliable massive access techniques with low-
complexity signal processing algorithms.

A. Related Work

Existing access solutions can be mainly divided into two cat-
egories: grant-based access approaches and grant-free access
approaches [2]-[3]. As for grant-based access solutions, allo-
cating orthogonal radio resources to different active MTDs via
some sophisticated scheduling algorithms is necessary before
the uplink transmission. However, this costs extra signaling
overhead for handling the granted signals. In practice, due
to the limited orthogonal resources, it would be difficult to
support a large number of MTDs by applying grant-based
schemes, and the use of complicated resource scheduling
algorithms can lead to a prohibitive signaling overhead and
latency, leading even to congestion [2]]-[6]. As an alternative
solution, grant-free access schemes have recently emerged and
have drawn significant attention [[7]-[16]. In grant-free access
systems, the MTDs can transmit in the uplink without waiting
for permission, which significantly simplifies the uplink access
procedure and hence reduces the access latency compared with
grant-based access protocols.

Due to the limited radio resources but large number of
potential MTDs, grant-free massive access schemes result in
non-orthogonal transmissions, which makes the device activity
and data detection (DADD) problem more difficult to handle.
In particular, the DADD can be treated as an underdetermined
linear problem. This implies that the application of classical
linear least-squares (LS) and linear minimum mean square
error (LMMSE) detectors to tackle the DADD problem would
result in poor detection performance [17]. Fortunately, thanks
to the sporadic traffic characteristics of MTDs in mMTC, the
number of active MTDs is usually much smaller than the
number of total MTDs in any given time interval, which mo-
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tivates the application of compressive sensing (CS) techniques
to design effective grant-free massive access schemes [18].

Recently, several grant-free massive access schemes have
been proposed. Specifically, by leveraging the block sparsity
of the data traffic of mMTC in consecutive time slots, the
authors of [8]] and [9] proposed a structured iterative support
detection algorithm and a threshold-aided block sparsity adap-
tive subspace pursuit algorithm, respectively, to jointly detect
the active MTDs and the corresponding transmitted data with
improved performance. Furthermore, by exploiting the finite
alphabet constraint of the transmit data as a priori information,
a maximum a posteriori probability-based greedy algorithm
was proposed in [10] to further improve the performance. In
addition, in contrast to the greedy algorithms mentioned above,
the authors of [11]] proposed an approximate message passing
(AMP) algorithm based detector [T9]—[21]], whereby the finite
alphabet constraint of the transmit symbols was considered
in the a priori probability and the expectation maximization
(EM) algorithm was adopted to detect the active MTDs [22].
It is worth noting that the aforementioned works, i.e., [8]-[11],
considered a slotted access frame structure, where the MTDs
remain (in)active over an entire data frame (several successive
time slots). Yet, the authors of and considered MTDs
with dynamic device activity, where the activity of each MTD
varies in several continuous time slots. Specifically, a dynamic
CS-based detector and a prior-information-aided adaptive CS-
based detector were proposed in and [13], respectively. In
both cases, the detection accuracy was improved by exploit-
ing previously detected results. However, only single-antenna
MTDs and single-antenna base stations (BSs) were considered
in [8]-[13].

To unleash the potential of massive access in mMTC,
spatial modulation based on multiple transmit antennas at the
MTDs and massive multi-input multi-output (mMIMO) BSs
were considered in [14], [23]], and [24]]. In particular, spatial
modulation is a low-complexity and energy-efficient multiple-
antenna scheme that utilizes a single or fewer radio frequency
(RF) chains than the number of antenna elements [23]-[28].
By encoding part of the information bits onto the activated
antenna elements, spatial modulation is capable of enhancing
the data rate at a low cost and low power consumption [26].
The application and suitability of spatial modulation to the
IoT is discussed and proved experimentally in [29] and [30],
respectively. In addition, the use of mMIMO at the BSs can
significantly reduce the detection error probability of the active
MTDs, thus improving the reliability of massive access [31].
Inspired by this, the authors of proposed a two-level
sparse structure CS (TLSSCS) algorithm for grant-free access,
and the authors of and [24] considered a grant-based
access scheme, where a group subspace pursuit algorithm
and a structured AMP algorithm were proposed for detecting
the signals encoded by using spatial modulation, respectively.
By exploiting the structured sparsity of the spatial modulated
symbols, the algorithms proposed in [14], [23], and [24]
achieve better data detection performance than the algorithms
designed for single-antenna devices in [8]—[13]. However, the
spatial modulation transmission scheme adopted in [14]], [23],
and is the simplest one, which doubles the number of

antenna elements for each extra spatial modulated data bit
.

Fortunately, during the last years many improved transmis-
sion schemes have been proposed in order to enhance the spec-
tral efficiency of spatial modulation without compromising
its low-complexity and energy-efficiency. A recent overview
and comparison of the most popular solutions, which includes
generalized spatial modulation, media modulation, and, more
recently, metasurface-based modulation, is available in [32].
In this paper, we consider media modulation introduced in
[33]. In particular, media modulation employs a single RF
chain, a single radiating element, and several low-cost RF
mirrors [34]-[37]. The information bits are encoded into the
active/inactive (or ON/OFF) status of the RF mirrors, which
determines the resulting radiation pattern of the entire structure
[34], [33]. In contrast to spatial modulation, the number of
spatial bits encoded in media modulation is larger and depends
on the number of distinguishable radiation patterns that can
be realized [38]. Due to the promising advantages of media
modulation, it was recently adopted in [13]], [16], [39],
for application to the uplink transmission of MTDs with
mMIMO BSs. Specifically, as for grant-based access schemes,
the authors of and [40] proposed an iterative interfer-
ence cancellation detector and a message passing algorithm
based detector, respectively. As for grant-free access schemes
with a slotted access frame structure, a structured orthogonal
matching pursuit (StrOMP) algorithm for activity detection
and a successive interference cancellation (SIC)-based struc-
tured subspace pursuit (SSP) algorithm for data detection
were proposed in [13]. In addition, a prior-information aided
media modulation subspace matching pursuit (PIA-MSMP)
algorithm was proposed in [16] for DADD. Additionally, the
authors of [[16] proposed a prior-information aided adaptive
media modulation subspace matching pursuit algorithm to
accommodate the dynamic device activity. Although the struc-
tured sparsity of media modulated symbols was exploited for
better performance in [13] and [16], the proposed greedy al-
gorithms failed to fully exploit the finite alphabet constraint of
the transmit symbols. Hence, there are plenty of opportunities
for further improving the design and optimization of media
modulation for application to grant-free massive access. It
is important to note, in addition, that the grant-free massive
access schemes in the aforementioned research works, i.e.,
[8]-(16], (23], [24], (39], [4Q], are developed for an uncoded
scenario, while their extension to coded systems needs further
research.

B. Our Contributions

This paper considers both uncoded and coded media mod-
ulation based mMTC, by assuming a slotted access frame
structure. It is assumed that the activity of the MTDs remains
unchanged in each frame, which yields a sparse transmission
frame. To design a reliable DADD scheme, we introduce a
doubly structured AMP (DS-AMP) algorithm for uncoded
transmission. The state evolution (SE) of the proposed DS-
AMP algorithm is derived in order to characterize its per-
formance. As for the coded transmission, we introduce a
bit-interleaved coded media modulation (BICMM) scheme



and propose an SIC-based iterative DS-AMP (IDS-AMP)
scheme for improving the decoding performance. In addition,
the channel estimation (CE) problem for media modulation
based mMTC is discussed and an effective channel state
information (CSI) update strategy is developed to reduce the
training overhead in block fading channels. With the aid of
numerical simulations and computational complexity analysis,
we verify the superiority of the proposed DS-AMP algorithm
and the SIC-based IDS-AMP algorithm for uncoded and
coded transmission, respectively, with respect to state-of-the-
art benchmark schemes. Moreover, the effectiveness of the CSI
update strategy is verified. The main contributions of this paper
can be summarized as follows:

e DS-AMP algorithm for uncoded media modulation
based mMTC: By utilizing the structured sparsity of me-
dia modulated symbols in the modulation domain and the
discrete distribution of quadrature amplitude modulation
(QAM) alphabets, the proposed DS-AMP algorithm can
reliably perform DADD. Furthermore, by leveraging the
structured sparsity of the slotted access frame structure in
the time domain, the active/inactive status of the MTDs
and the noise variance can be adaptively learned via
the EM algorithm with enhanced accuracy. Besides, we
derive the theoretical SE, which closely matches the
simulated results for the DS-AMP algorithm.

e BICMM designed for coded media modulation based
mMTC: We integrate the bit-interleaved coded mod-
ulation (BICM) [41]], [42] into media modulation and
develop a BICMM scheme, which can effectively mitigate
the error bursts in fading channels and improve the data
decoding performance. Particularly, we employ a bit-wise
interleaver between the channel encoder and the media
modulation module, where the bits of the media mod-
ulated symbols and the QAM symbols are collectively
processed by channel coding and interleaving.

o SIC-based IDS-AMP scheme for coded media mod-
ulation based mMTC: We design a dedicated data
packet structure for MTDs and develop an IDS-AMP
detector at the BSs. The developed data packet includes a
signature sequence part that is known by the transceiver
and a payload part for data transmission. Particularly,
we consider the decoding quality of the signature se-
quence as a metric to determine the SIC order. Different
from the DS-AMP algorithm that yields hard-decision
estimates, the developed IDS-AMP detector yields soft
log-likelihood ratio (LLR) for both the media modulated
and the QAM symbol bits, which are fed to the channel
decoding module for improving the decoding accuracy.
Furthermore, the SIC operation in the IDS-AMP detector
successively subtracts the signal components associated
with the well decoded active devices to improve the data
decoding performance.

Notation: Matrices and vectors are denoted by symbols in
boldface. Operators (-)”, (-)*, and (-)”" represent transpose,
conjugate, and inverse, respectively. For a matrix A and an
ordered set €2, A, ) denote the m-th row and n-th column
element of A, Aiq. (A q)) is the sub-matrix containing

the rows (columns) of A indexed by €2, and A[q ..y is the
sub-matrix containing from the m-th to the n-th columns of
A[q. For a vector x and an ordered set €2, x|, [x]m.
and [x]o denote the l, norm, m-th element of x, and the
elements of x indexed by (2, respectively. O(x,n) is the
operator that selects the indices of the top n largest elements
of x. For an ordered set I' and its subset €, |T'|., T,
and T\ Q denote the cardinality of T', the i-th element of
I', and the complement of subset €2 in I', respectively. For
the binary codewords c¢; and cy, we define their Hamming
distance D(cq,c2) as the number of elements in which they
differ. [K] is the set {1,2,..., K} and 0,,x, denotes a zero
matrix with size m x n. If h is the joint distribution of
variable X = [x1, 72, x3]7, then the marginal distribution of
2 is denoted by 3¢ 1 h(x) =2, cp Dy en h(X), where
x;, Vi € {1,2,3}, belongs to a finite domain A. Finally,
CN (z; i, v) denotes the complex Gaussian distribution of a
random variable x with mean p and variance v.

II. SYSTEM MODEL

In this section, we first introduce the media modulation
based mMTC scheme and then focus on the massive access
at the BS for DADD.

A. Media Modulation Based mMTC Scheme

As illustrated in Fig. [Il we consider K MTDs that employ
media modulation for enhancing the throughput and the BS
employs mMIMO with IV, > 1 antenna elements for realizing
a reliable massive access. Only K, out of K (K > K,) MTDs
are active simultaneously. Specifically, each MTD is equipped
with one RF chain, one transmit antenna, and Nrr low-cost
RF mirrors, where each RF mirror has a controllable binary
ON/OFF status. Each device has N, = 2/Vrr different kinds of
mirror activation patterns (MAPs), i.e., N, different channel
realizations, which can be used to encode logoN; = Ngrp
extra information bits. As for the uplink access, therefore,
the throughput is n = logoM + Ngp bit per channel use
(bpcu), which consists of logaM bits conveyed by, e.g., an
M-ary QAM (M-QAM) scheme and Nyy bits conveyed by
media modulation. Furthermore, the use of an mMIMO offers
improved detection performance for massive access 23], [31].

B. Massive Access in Media Modulation Based mMTC

As shown in Fig. 2l we consider a media modulation based
mMTC system with a slotted access frame structure, where the
active/inactive status of the ' MTDs is invariable in a frame,
i.e., J successive time slots. We refer to this property as the
structured sparsity in the time domain. For convenience, we
focus our attention on the massive access problem in any given
frame without loss of generality. Specifically, the received
signal at the BS in the j-th, Vj € [J], time slot, which is
denoted by y; € CNr*1 can be written as

K
yj= E apsk,jHiydg,j+w;
k=1 (1)
K ~
= E 1 Hka7j+Wj = HXj + wy,

where the binary activity indicator ay € {0, 1} is one (zero)
if the k-th MTD is active (inactive), s ; of the k-th MTD
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Fig. 1. Media modulation based mMTC scheme: The MTDs adopt media
modulation to access the mMIMO BSs.
in the j-th time slot is selected from the M-QAM set S,
dp,; € CM* and x;; = agsp;dr; € CN*! are the
media modulated symbol and the effective uplink transmitted
symbols of the k-th MTD in the j-th time slot, respectively,
H;, € CN-*Nt ig the multiple-input multiple-output (MIMO)
channel matrix corresponding to the k-th MTD, w’ € CNrx!
is the Gaussian noise whose elements follow an independent
and identically distributed (i.i.d.) complex Gaussian distribu-
tion CN([w?],;0,02), Vn € [N,], H = [Hy,Ha, ..., Hg] €
CNxUEND and %5 = [(x1,5)7, (x2,5) " ooy (x05)T]T €
CEN)X1 are the aggregated channel matrix and uplink access
signal of the j-th time slot, respectively.

According to the media modulation transmission scheme,
only one entry of the media modulated symbol dj, ;, Vj € [J]
and Vk € [K], is one and the others are zeros, i.e.,

supp {d;} € [Ni],  Ndijllg =1, [ldr;ll, =1, (@)

where supp{ds_;} denotes the support set of dj ;. We refer
to this property as the structured sparsity in the modulation
domain. Additionally, we consider the commonly adopted
Gauss-Markov block fading channel model [43]], [44], and the
details of the CE problem will be discussed in Section V.

III. PROPOSED SOLUTION FOR UNCODED MEDIA
MODULATION BASED MMTC

In this section, we present the proposed DS-AMP algorithm
for DADD in uncoded media modulation based mMTC. First,
we exploit the doubly structured sparsity in media modulation
based mMTC and formulate an optimization problem for
massive access. Then, by exploiting the doubly structured
sparsity as a priori information, we propose a DS-AMP
algorithm for effective DADD. Subsequently, the SE of the
DS-AMP algorithm is derived to theoretically predict the
performance. Finally, the computational complexity of the DS-
AMP algorithm is analyzed.

A. Preliminaries

Although the total number of MTDs in the IoT is generally
massive, their sporadic traffic behavior results in a sparse
activity, i.e., at any given time slot, only a minority of MTDs
are active [2]-[3]. Hence, we introduce an activity indicator
vector a = [ay,az, ...,ax]? € CEX1 which is sparse as the
number of active MTDs K, = ||a||, < K. Furthermore, we
collectively refer to the structured sparsity in the time domain
due to the slotted access frame structure and the structured
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Fig. 2. Media modulation based mMTC with a slotted access frame structure,
where the invariant active/inactive status of the MTDs within a frame forms
a structured sparsity in the time domain, and the media modulated symbols
possess a structured sparsity in the modulation domain.

sparsity in the modulation domain shown in @) as the doubly
structured sparsity.

To exploit the structured sparsity in the time domain, we
rewrite the received signals of J successive time slots in a
compact matrix form as

Y =HX+W, 3)

where we have Y = [yi,y2,....,ys] € CV>*/ H ¢
CNex(BN) X = [%y, X, ..., %] € CENIXT and W =
[W1,Wa,...,w] € CN"*/ Hence the massive access problem
can be formulated as the following optimization problem

J
- 12
mlnHY HXHF = Hlln Z ly; —Hx;|l;
X ] 1j=1
J K ?
= min Z - ZCLkSkyijko'
tak,drjoski Fon = =1 k=1 2
s.t. (2), |lall, < K, and s;,; € S,k € [K],j € [J]. (4

B. Proposed DS-AMP Algorithm for DADD

1) Problem Formulation Based on Factor Graph: The
optimization problem in () minimizes the mean square error
between Y and HX, which is equivalent to estimating the a
posteriori mean of the uplink access signal X [Ii_ilﬂ In @), the
a posteriori mean of [xy ;|., Vk € [K], Vj € [J], Vi € [N{],
can be expressed as

2

[xk,j]ieg

[ik,j]i = [Xk,j]ip ([Xkyj]i |Yj) )

5)

where S = {S, 0}, p ([xx,;];]y;) is the marginal distribution
of p(%;|y;) that can be expressed as

2

~ x5

p ([Xkyj]i |yj) - p (ijb’j) . (6)

Based on Bayes’ theorem, the joint posterior distribution
p (X;j]y;) can be expressed as
P (vil%is00) p(Xi52)
p(y;)

(x7|}’]»02 a) =

=

H Xk,77ak

k=1
(N

I, %500,

'Due to space limitations, interested readers are referred to Egs. (10.2)-
(10.5) of Chapter 10 in for the detailed derivations.
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where the likelihood function can be expressed as

p

- 1 1
(sl [R5 0%)=—zexp (—g

According to the sparse device activity, the structured
sparsity in the modulation domain in (@), and the discrete
distribution of the QAM alphabet, the a priori distribution

w

p (Xk,j; ax) in (@) is formulated as

p(xkjaak

ak

where M =

Ny

w2 |n

SGS

the complex Gaussian noise.

K

2Although developed in the large system regime, the AMP algorithm
performs well even for medium size problems, such as massive access with

&and/@_

2) Update Rules of the DS-AMP Algorithm: As discussed
in [19]-[21], in the large system reglmeﬁ (ie., K =00, A=
7 are fixed), the AMP algorlthm decouples, in

1—CLk H5 ij
25 Xk, —s

[yJ n_

II s ([Xk,j]g)

qe[Nt]).(J?éi

hundreds or thousands of MTDs [19], [21].

IS|c and § (+) is the Dirac delta function.

A factor graph representation of the joint posterior distribu-
tion p (X,|y;;02,a) in (@) is illustrated in Fig. Bl However,
calculating the marginal distribution p ([x ;]; [y;). Vk € [K],
V4 € [J], and Vi € [N], from the joint posterior distribution

p (X;]y;; 02, ) is extremely complicated in massive access,
due to the exceedingly large value of K. Fortunately, the
AMP algorithm can provide an effective approximation of
the marginal distributions at a low complexity, yet achieving
near MMSE performance. In particular, by applying the AMP
algorithm on the factor graph illustrated in Fig.[3] we propose a
DS-AMP algorithm for handling the massive access problem.
Specifically, we apply the DS-AMP algorithm to calculate
the a posteriori mean of the media modulated signals x ;
(k € [K], 5 € [J]), and resort to the EM algorithm for
estimating the activity indicators a; and the variance o2, of

K
> Hixkjl,

the asymptotic regime, the matrix estimation problem of (3]
into K JN; uncoupled scalar problems

Y =HX+W — r ;= [x;], + D Yijk,

(10)

where | = (k— 1)Nt—|—z 71,7 is the mean of [x}, ;], estimated by
the AMP algorithm, w; ; ~ CN (w0, ;;0, ¢y ;) is the equivalent
noise, and ¢; ; is its variance.

In addition, the joint posterior distribution (Z) can be ap-

proximated as

(XJ|YJ7U2 a)

Based on Bayes’

where
q (r15] [xx,40;) =

p ([xx5]; 5 ar)

(J(Tl,j;Ufmak)

T
>
(-5

~ (XJ|YJ7U2 a)

K N

= [T I (bewsl; rug dugi ot an) - (11

k=11i=1

q ([Xk.5); 115, d15: 00 ax)

1

[xk,5]; €8

theorem, the approximated marginal a
posteriori distribution, denoted as ¢ ([Xk,j]i 71,55 Puj3 0%, ak),
Vi, j, k, is given as follows

Tororany? (ualbousliioh) o (beeslisan)

12)

1
( ¢,l Iris = [Xk,j]if), (13)

Xk]

ST q(riglxeglis o) p (el o) -

S

(14)

s5)

Then, the a posteriori mean and variance of [xy j],, Vi, j, k

[xk,j]ie

Vgl = fo (rig, du)

are given, respectively, as

Xk,jl; = fm (1155 ¢1,5)
= Y eyl a (el rgs dugson, ax)

S

(16)

3

= — | i) D [l e el d1,55 02 an)

[xk,j]ieg

where | = (k — 1)N; + 1.

a7)

It is worth noting that r; j, ¢; ;, Xj ;, and vy, ; are updated

N, H, 2
i - (3 et
n=1 W 7,7
Ny

H*
iy =Rl o>

n=1

iteratively by the AMP algorithm. In the factor graph in Fig.
Bl in particular, r;,; and ¢y, VI, j, are updated iteratively at
the variable nodes. The update rules at the ¢-th iteration are
expressed as

(18)

19)



where Vt and Zfl o

the factor graph as

Vn, 7, are updated at the factor nodes of

2
Vii = Z [Hk g | Vi (20)
k=1
K t—1
vil, — Z,;
ZtJZZHk[n ij VJJTV,E’;. (21
k=1

Due to space limitations, interested readers are referred to
[20], [21] for the detailed derivation of the AMP update rules
in (I8)—@1I).

3) Parameters Estimation: It is noteworthy that the activity
indicator ay, Vk € [K], and the noise variance o2 in (I6)
and (I7) are unknown parameters to be determined. Hence,
we will integrate the EM algorithm to adaptively learn those
parameters in each DS-AMP iteration.

Note that the EM algorithm is an iterative approach that
finds the maximum likelihood solutions for probabilistic
models with unknown parameters [22]]. By defining 6
{02, ar, k € [K]}, the EM algorithm updates the parameter
set @ as follows

Q (0, 0t) =E {ln p(X,Y;0)Y; Gt} ,
ottt = argmeaxQ (0, Ot) ,

(22)
(23)

where 0! is the parameter set estimated at the ¢-th iteration,
E{-]Y;0'} denotes the expectation conditioned on the re-
ceived signal Y under 6.

According to the AMP algorithm, the a posteriori distribu-
tion p (xj ly;; o2 a) can be approximated as ¢ (xJ lyj; o2 a)
which reduces the complexity of the EM estimation. Hence,
we can obtain the update rules of the noise variance o2 and
the activity indicator ay, Vk, as follows

EHSSREED 8 S 7V G
oa) JNTJ < (1+ g )2 V4 (02)
(@2)7 ‘

(24)

G?l = fa (Tf,ja (bf,j; GZ)

1< N:
=7Z S TTa (el It ;. 61 5:at)

=1 Xk,jero i=1

(25)

where [ = (k—1)N; +¢ and Iy is the set of all possible xy, ;
when the k-th MTD is activd]. The detailed derivation of the
EM update rules as indicated in 24) and (23)) is available in
the Appendix.

4) Arithmetic Flow of the Proposed DS-AMP Algorithm:
Based on (I2)—(@23), we summarize our proposed DS-AMP
algorithm in Algorithm [1I

The details of Algorithm [ are explained as follows.
Since the active/inactive status of the MTDs is unknown, we
initialize the activity indicator aj = 0.5, Vk € [K], in line
[l We note that lines B3] are the key steps of the AMP

Iy

3For example, if Ny =2 and S = {+1, —1}, then
+1

ro={[ Flalla

-1

|15

(26)

Algorithm 1: Proposed DS-AMP Algorithm

Input: The received signals Y= CNeJ

matrix H = [Hy, ...,
iteration number Tp.
Output: The set of active MTDs 2 and the reconstructed media

[y1, ey yJ] S , the channel
Hg] € CN~(ENt) - and the maximum

modulation signal X € CKNe/,
1: Vi, 3, k,n: We initialize the iterative index t=1, the activity
indicator aj, = 0.5, Z, ; = [y;],,, Vi; = L, the noise variance
(oﬁ,) = 100, the reconstructed 51gnal X =0xnN;xJ» [xllC J] =

2"
ai X:SS/MNt, and [Viw] =aj, Z |s|®> /M N; — ! %5
s€
2: for t =1 to Ty do
% AMP operation:
4 Vi,j,k,n: Compute Vi ;, Z}, ;. ¢ ;, and 7} ; by using 20),

(]ﬂ]) (18), and (19, respectively, where [ = (k — 1)N; +
; {Decoupling step}

5: Vz j, k,n: Compute [xfjl]_ and [ t“] by using (I6) and
(D), respectively; {Denoisfng step}

[

w2

6:  %EM operation:

7. Vk: Compute (0,)""" and al"" by using @4) and @23);

8: end for

9: %Min-max normalization: -
10: Let é:maig;lf;(l?r)l(a), where a=[a1, ...,ax| = [afo, . a?] ,

min(-) and max(-) are the minimum value and maximum value
of the arguments, respectively;
% Extract the active MTDs and their MAPs:
Vk: The set of active MTDs Q = {k| [a], > 0.5};
vk, j: 0" =argmaxgeq, |Ri | :
vk € Q,V5:

. . ST
The reconstructed signal is X(x—1)n,4n*,j] = [xkf’j}n

11:
12:

13:
14:

operation, which consists of two parts. For the first part, a
decoupling operation is performed in the same way as the
original AMP algorithm in order to decouple the superimposed
received signal into uncoupled scalar elements based on (I0)
and (I8)—@1) [19]-[21]. For the second part, the denoising
step computes the a posteriori mean and variance of each
scalar element by using (I6) and (I7), where the structured
sparsity in the modulation domain and the discrete distribution
of the QAM alphabet are exploited in the a priori probability.
In line [71 based on @4) and (23), the EM algorithm updates
the noise variance o2 and the activity indicators ay, Vk € [K],
by exploiting the structured sparsity in the time domain.
Furthermore, the iteration stops when a predefined maximum
number T{ is reached, where 7|, is chosen to guarantee the
convergence of the algorithm. Line [10l linearly transforms the
estimated activity indicator vector a to a by using the min-max
normalization. In line [[2] if the k-th (k € [K]) element of & is
larger than 0.5, the k-th MTD is considered to be active. Line
[[3] selects the possible MAPs based on the structured sparsity
of the media modulated symbol as indicated in (@). Finally,
line [[4] reconstructs the media modulated signals.

Note that all the estimated activity indicators can be small,
ie., [a]x < 0.5,Vk € [K], in poor conditions, e.g., at low
signal-to-noise ratio (SNR), where the set of active MTDs
given in (i.e., {k|[a]x > 0.5}, Vk € [K]) results in the
degraded active MTDs detection error. Fortunately, we find
that the elements of a are linearly separable in most cases,



even when all the elements are smaller than 0.5. Hence, in
line we preprocess a by using the min-max normalization
to enlarge the separability of its elements, and the output is a
After the preprocessing, in line we can obtain the set of
active MTDs based on a. The simulation results illustrated in
Section V verify the advantage of our improved active MTDs
detection method over that in [11].

C. State Evolution of the DS-AMP Algorithm

SE is a tool for analyzing the performance of AMP algo-
rithms in the large system limit, i.e., K N; — oo, by tracking
the mean-square errors (MSE) of each iteration [19], [21].
In particular, capitalizing on the SE, we can characterize the
performance of the proposed DS-AMP algorithm theoretically.

To start with, the MSE and average variance of the estimated
signals at the ¢-th iteration are respectively defined as

K J N

K J N
KJN ;;2 (28)

We define a scalar random variable X, that obeys the a
priori distribution in (I4). Based on , it can be shown,
in large system limit and if the elements of the measurement
matrix follow an i.i.d. distribution with zero mean and variance
v, that the estimated mean of x( at the ¢-th iteration, denoted
as rf, can be expressed as

02 +vyK Nyet ;

29
N ; (29)

7’8 = X0 +

where xo is a realization of Xy, 2 ~ CAN(z;0,1). In

addition, the estimated variance of xg at the ¢-th iteration,
denoted as ¢, can be expressed as

02 + yK Nyt
Ney

By substituting (29) and @@0) into (16) and (17, we obtain
the approximated MMSE estimation of zy for the DS-AMP
algorithm at the (¢ + 1)-th iteration. Hence, the MSE and the

average variance of the estimated signals at the (¢ + 1)-th
iteration can be expressed as

et = /dxopo(fco)/pz | (r 05) — xO}Q’
o = / daxopo (o) / Daf (b, %),

where po(zg) is the a priori distribution in (I4), Dz =
e mdz, fr(rh, ob) and f,(rb, @) are defined in (I6) and
(ID), respectively.

As listed in Algorithm 2] we present the detailed procedures
of the SE of the proposed DS-AMP algorithm. In particular,
we adopt Monte Carlo simulations to generate a large number
of realizations of the transmit signals, where the sporadic
traffic and the doubly structured sparsity are fully embodied.
Simulation results in Section V-B will demonstrate that the SE
can accurately predict the simulated results of the proposed
DS-AMP algorithm.

oy ~ (30)

~

(€19

(32)

Algorithm 2: State Evolution of DS-AMP Algorithm

Input: The noise variance o2, the sparsity level A =

K
7‘1, the

number of MAPs N, the frame length J, the order of the QAM
modulation, the variance « of the elements in the measurement
matrix, the number of Monte Carlo simulations Nyic, the max-

imum SE iterations 7sg, and the terminal threshold e.
Output: The theoretically predicted MSE €.

I: Vm € [Nmc]: Generate Naic realizations of the transmit signals

(CKNtXJ

X™ e , according to the a priori distribution in (©).

2: Vm, k: Define ' = Onyox1 and v = Onyox1 to record the
predicted MSE and average variance of the m-th Monte Carlo
realization. We initialize the iteration number ¢ = 1, the predicted

MSE e! = 1, the average variance v

indicators for the m-th signal realization ai,m = 0.5;

= 1, and the activity

3: for t =1 to Tsg do

4: for m = 1 to Ny do

5: Vi, 7, k:r?j’tz[xﬂj]ﬂ- 70 +yK Nyt ¢ijt_70 KNt

6: Vlyj7k[§$]}lzfm(rr;t7¢ )? I:Vk,j} f’U(TlJ 7¢77l t)’

7: Vk: aphy = fa(r)S' 05" Ak

8: Calculating [e”lfm and [vt“]m referring to (27) and
28), respectively;

9:  end for

10: =g NG [ o T =g SN [V

11: e= e”{;

12 if [T — €| < e then

13: break; {End the SE iterations}

14:  end if

15: end for

D. Computational Complexity of the DS-AMP Algorithm

The computational complexity of the proposed DS-AMP
algorithm mainly arises from the complex-valued matrix mul-
tlphcatlonsﬁ of the following operations at each iteration

AMP decoupling step: The complexity of performing the
AMP decoupling step, i.e., (IB)—@I), is O(3JKN¢N,.).

AMP denoising step: The complexity of performing the
AMP denoising step, i.e., (B)—(ID, is O [JKN(|S|. + 1)].

Furthermore, simulation results demonstrate that the pre-
defined maximum number of iterations 7y can be small
to guarantee the convergence of the proposed DS-AMP al-
gorithm. Hence the overall complexity is of the order of
O [ToJKNi(3N, + [S|c + §)]. which scales linearly with the
number of MTDs, the number of MAPs in media modulation,
the order of the QAM modulation, and the number of receive
antennas at the BSs. This linear complexity is appealing for
efficiently processing the massive access of future IoT.

IV. PROPOSED SOLUTION FOR CODED MEDIA
MODULATION BASED MMTC

In this section, we propose a solution for coded media
modulation based mMTC scheme, whose block diagram is
illustrated in Fig. [l Specifically, we propose a dedicated data
packet structure as well as a BICMM scheme at the MTDs,
and develop an IDS-AMP detector at the receiver, so that the
DADD performance can be further improved.

“4For the sake of simplicity, a real-valued multiplication is assumed to have
a complexity that equals a quarter of a complex-valued multiplication.
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Fig. 4. Communication process of the proposed massive access solution for coded media modulation based mMTC.

A. Dedicated Data Packet Structure and BICMM at the MTDs

The proposed data packet structure is tailored for the
implementation of an SIC-based IDS-AMP detector at the
receiver. Specifically, the data packet is composed of two
parts, i.e., the Ls-bit signature sequence part and the Lg4-
bit payload data. We consider that all the MTDs share the
same binary signature sequence b, € N¥:*1 which is a pre-
defined pseudo-random 0/1 sequence known at the transceiver.
At the receiver, we consider the Hamming distance D (b, bs)
between by and by as a metric to evaluate the decoding
quality of the associated payload data part of the MTDs, where
b, € NL=*1 is the estimated binary signature sequence of any
detected MTD. Hence, D(bs, bs) can be used to determine
the order for the subsequent SIC processing. By contrast, the
conventional SIC order metric, e.g., the SNR or the signal-to-
interference-plus-noise ratio (SINR), is difficult to be acquired
in practical massive access processing [-] Particularly, for
0 < D(b,,b,) < L,, a smaller D(b,,b,) indicates a better
decoding quality of the signature sequence, which usually
implies a higher decoding quality of the associated payload
data and a higher priority to be subtracted during the SIC stage.
As a result, the error propagation in the SIC processing can
be mitigated with the aid of the proposed signature sequence.

In addition to the data packet structure, we develop a
BICMM scheme. As shown in Fig. @ the BICMM scheme
consists of an encoder, a bit-wise interleaver, and a media
modulation module. Specifically, after channel coding, the
length of one data packet is expanded from L bits to L’
bits. Then, the L’-bit data packet is delivered to a bit-wise
interleaver module. We consider a block interleaver with n
columns and J = L’/n rows, where we assume L' = nJ
without loss of generality. The L’-bit data packet is fed into
the interleaver by rows and read out by columndd. At the
transmitter, every 7 bits of the interleaved L’-bit data packet
are sequentially modulated into J media modulation symbols
that are transmitted in J successive time slots (i.e., a frame).
Hence, after interleaving, the bits originally associated with
the same media modulated symbol are separated by (J — 1)
other bits, which makes the coded bits to the media modulation
module more dispersed to combat the spatial-selective channel

5Note that the deinterleaver is an array identical to the interleaver, while
the L’ bits data packet is read in by columns and read out by rows.

fadinﬁ. In particular, each media modulation-based MTD
has NN, unique radiation patterns associated with N, different
channels with different spatial channel fading. Typically, active
MTPD selects one of the channels based on its input spatial data
bits to transmit a media modulated symbol with 7 bits. Burst
errors may occur if the selected channel suffers from deep
fading, which results in the spatial-selective channel fading.
Thanks to the bit-wise interleaver combined with the encoder,
1 successive bits originally associated with the same media
modulated symbol are separated into different media mod-
ulated symbols with different spatial channel fading, which
mitigates the spatial-selective channel fading and improves the
data decoding performance [41], [42], [47].

B. Proposed IDS-AMP Detector at the BS

As shown in Fig. [l the proposed IDS-AMP detector has
8 modules, including a DS-AMP algorithm module, an LLR
calculation module, a deinterleaver, a soft decoder, a decoding
quality judgement module, an encoder, an interleaver, and
an interference cancellation module. The main procedure is
summarized in Algorithm 3] and the details are illustrated as
follows.

DS-AMP algorithm module (lines @10 of Algorithm [3):
Firstly (line ), we obtain the approximated a posteriori dis-
tribution ¢ (Xk., ilyiion, ak), Vk, j, and the activity indicator
vector @ = [a1, ..., dx] T, which can be acquired by calling the
DS-AMP algorithm (i.e., performing lines [[Hg] of Algorithm
). Secondly (lines BB, if the iteration index is i = 0,
we acquire the indices of the active MTDs that are detected,
denoted as g, by executing lines [OHI2 of Algorithm [l The
index set of the MTDs that remain to be iteratively decoded,
denoted by 21, is assigned to be equivalent to €2y in the first
iteration (i.e., the iteration with index ¢ = 0) and is updated
in the subsequent SIC. Thirdly (lines [0 [Q), we update the
iteration index i = ¢ 4+ 1, and then select the N MTDs most
likely to be active based on the activity indicators for the
subsequent SIC, where the index set of the ‘N MTDs is denoted
as 2,=0([a]g,,N) and we consider the MTD with a larger
activity indicator is more likely to be active. If |2;], is smaller
than the predefined constant N, we set Q5 = Q.

OPractical slowly time-varying fading channels may exhibit burst error
which is beyond the error correction capability of the codes of reasonable
complexity [47]. Therefore, in fading channels, coding is typically combined
with interleaving to mitigate the effect of burst error [47].



LLR calculation module (line of Algorithm [3):
According to the approximated a posteriori distribution
q (xk,5y;3 0%, ar), Vk, j, obtained from the DS-AMP algo-
rithm module, we calculate the LLR information of the MTDs
whose indices are in {29. For any media modulation symbol
Xy,j, Vk,j, the LLR of the associated media modulated bit
B, Wb € [log, Ny], and the LLR of the associated M-QAM

bit B,?A(I}/I, Vd € [logyM], can be expressed, respectively, as

Sy cap 4 (X153 0% ax)

LLR (BMEDP) =1 . (33
(Besw) OgZxk]e@bQ(Xk,jlyj;cr?mak) &)
x q k,jlYqs wuak
LLR (BEY) = log =t gy o)
b Zxk e\PdQ( k,ilYi3 05 ak)

where <I>b (<I>) is the set of x;; for which the media
modulated bit B}XIE}? , Vb, is equal to zero (one), and \Ild (\Ild)

is the set of x;; for which the M-QAM bit B2}, Vd, is
equal to zero (oneﬂ

Deinterleaver and soft decoder modules (line [I4] of
Algorithm B): Firstly, the LLR information of the MTDs with
indices in €25 is deinterleaved. Note that the deinterleaver is
an array identical to the interleaver described in Section I'V-
A, with the exception that the L’-bit data packet is read in by
columns and read out by rows. Secondly, for each MTD whose
index is in €25, the soft decoder decodes the deinterleaved LLR
information to get the data packet of L + L4 bits. Finally,
for the |Q2|. MTDs detected as active, the decoded L[|,
bits are recorded in a binary data packet matrix B € NfxL
i.e., B[, 1:7]- In particular, the first L columns of B store
the decoded signature sequence bits and the remaining L4
columns record the decoded payload data bits.

Decoding quality judgement module (lines [3HI7 of
Algorithm [3): Firstly (lines [T6), for each MTD whose index
is in Qol7, V7 € [|Q2].], we calculate the Hamming distances
between the decoded signature sequence (B[Qz‘ﬁ71: LS])T
and the true signature sequence by, denoted as [m|z =

D (bs, (B[sz)l;Ls])T). Secondly (line [I7), based on the

Hamming distances m € NI%2lex1 whether and how to
perform the SIC processing is judged. In particular, if no
element of m is equal to zero, we skip the interference
cancellation module, decode the remaining MTDs indexed
in {Qy \ Q2} in line 8] and stop the algorithm in line
If there exist elements equal to zero in m, on the other
hand, this indicates that there are one or several MTDs with
almost perfect decoding quality. In this case, we apply the
signals reconstruction module and the interference cancellation

module (i.e., lines 22-3T).

"For example, supposing that Ny = 2, M = 2, S = {+1,—1}, b € [1],
and d € [1], then we can get

a= (DAL ) e
| i

Algorithm 3: Proposed IDS-AMP Detector

Input: The received signals Y =[y1,...,ys] € CN~/ and the channel
matrix H = Ho=[H1, ..., Hx] € CN-X(ENt),

Output: The estimated index set of active MTDs g, and the associated
demodulated payload data bits B(g r,+1.2] With B € NEXL defined
as the binary data packet matrix of all MTDs.

1: Initialization: The iteration index =0, the binary data packet matrix B =
Ox « 1, and for possible active MTDs g1ven their temporary index set
A, their MAPs’ index set is defined as A = {A }n 7. where Ap =
{N¢ (A\n—l)—l—u} 1, is the MAPs’ index set of the n-th MTD in A for

n € [[Ale]s
2: while 1 do
3: %DS-AMP algorithm module:
4:  Obtain & = [a1,...,ax]T and q (xx,;|y;;02%,ax), Vk, j, by per-
forming lines [[-8] of Algorithm
5: if < = O then
6: Acquire the index set of active MTDs detected, denoted as 2o, by
performing lines [[0-12] of Algorithm [It
7 The index set of MTDs remaining to be iteratively decoded is

denoted as 1, and 27 = Qg in the first iteration;

8: end if

9: 1=4i+1;

10: Acquire the N MTDs most likely to be active based on the quantities
of activity indicators for the following SIC, whose index set is denoted
as Q2=06([a]q, ,N);

11: %LLR calculation module:

12: Calculate the LLR information of the MTDs indexed by $22;

13: % Deinterleaver and soft decoder modules:

14: For each MTD with index in 2, perform deinterleaving and soft
decoding, and then record the decoded bits in the binary matrix
B, ,1:1):

15: %Decoding quality judgement module:

16: For each decoded MTD with index in €22, calculate the Hamming
distances between the estimated signature sequence and the true signa-

ture sequence, denoted as [ml|z = D (bs, (B[Q2‘F71:LS])T) NDNS

[|©2]c];
17 if [m]7 # 0,V7 then
18: For each MTD indexed by {21 \ Q2}, calculate the LLR informa-

tion, perform deinterleaving and soft decoding, and then record the
decoded bits in matrix Bi1o,\q,},:]5

19: break; {End the algorithm};

20: else

21: % Signals reconstruction module:

22: Acquire the MTDs with very high decoding quality for SIC, and the
associated index set is denoted as Q3 = {Qa2|7 | [m]z = 0,Vn};

23: For each MTD with index in €23, encode and interleave the decoded
data bits Bq, .}, then perform media modulation on the interleaved
bits;

24: X=0 K Ny x J» record the reconstructed signals in X[~ 7:];

25: %Interference cancellation module:

26: Y =Y — HoX; {Update the received signals}

27: Q={N\ QL A={Q \ A}

28: H = Ho[:y { LK NO\AYS {Update the measurement matrix }

20: if Q1 = o then

30: break; {End the algorithm}

31: end if

32: end if

33: end while
34: Results: The estimated index set of active MTDs is £2g and the associated
demodulated payload data is Bio 1, +1.1)-

Signals reconstruction module (lines 221-24] of Algorithm

[3): Firstly (line[22)), we acquire the indices of the zero elements
in m, denoted by Q3 = {Qa|z | [m]z = 0,Vn}, which is
a fine-grained index set of the MTDs with higher decoding
quality. Secondly (lines 23), for each MTD with indices in
3, to reconstruct the signal components, we sequentially
perform encoding, interleaving, and media modulation (i.e.,
we repeat the BICMM scheme at MTD) according to the de-
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Fig. 5. Schematic diagram of the two-stage massive access scheme: the JADCE-DD stage and the following DADD stage, where the frame structure at the
transmitter and the processing procedure at the receiver for each stage are presented in detail.

coded Bq, 1.7). Thirdly (line 24), we record the reconstructed
signals in X[ﬁgy;]’ where S/i; is the index set of the MAPs of
the MTDs whose indices are in 3.

Interference cancellation module (lines 26311 of Algo-
rithm B): Firstly (line 26), we subtract the signal components
X s from the received signals Y. Secondly (line 27), we
subtract the index set {23 of the MTDs cancellated in the
current iteration from the index set 7 of the MTDs to
be decoded in the following iterations, which is updated as
Oy = {91\ Q3}. Also, we obtain the index set of the MTDs
that are already subtracted in the previous iterations, which
is denoted as A = {Qg \ 21}. Thirdly (line 28), we update
the measurement matrix as H = HO[:,{[KNA\T\}]’ where
H, € CN-*(KN:) is the input channel matrix, A denotes the
index set of the MAPs of the MTDs whose indices are in
A, and the relationship between A and A is defined in line [I]
of Algorithm B Finally (lines 29-31), if € is empty, the
algorithm is terminated; otherwise, the updated Y, H, and €
are fed back to line @ to continue the next IDS-AMP iteration.
Since the sparsity level in the next iteration is reduced with the
unaltered dimension N,. of the observations (i.e., the number
of antennas at the BS), the proposed IDS-AMP detector is
capable of achieving the improved decoding performance by
using the aforementioned interference cancellation module.

V. CHANNEL ESTIMATION FOR MEDIA MODULATION
BASED MMTC

In this section, we first present the Gauss-Markov block
fading channel model. Then, the CE is discussed in two stages.
In the first stage, we discuss the initial CE stage to acquire
the CSI of all the MTDs based on preambles. In the following
stage, we propose a data-aided CSI update strategy to reduce
the training overhead.

Firstly, the Gauss-Markov block fading channel of the k-
th MTD in the (¢ + 1)-th frame (block), Vk € [K], can be
expressed as

H/™ = /oH, + V1 - aVi, (37)

where Hf, € CNr*Nt is the MIMO channel matrix corre-
sponding to the k-th MTD in the ¢-th time slot, elements
in Hf, obey the i.i.d. complex Gaussian distribution, and
Vi € CNo*Nt s the uncorrelated channel aging error. The
elements in V¥ also follow the i.i.d. complex Gaussian dis-
tribution with zero mean and unit variance [43]]. Furthermore,
« is the autoregressive (AR) coefficient and the time-domain

+ 1% t+ry
correlation is aT/sz, where E[-] is the

expectation operation, n € [N,], i € [V;] [44]. The discrete
time-lag 7 €Z is equivalent to the number of symbols within
a frame (block) [44] and a case study will be presented in the
simulations.

As for the initial CE at the first stage, the frame structure
of the access signals consists a unique preamble allocated to
each MTD and the following payload data, as shown in Fig.
The active MTDs transmit their preambles and data to the
BS without any grant. At the BS, joint activity detection and
channel estimation (JADCE) as well as data detection (DD)
is conducted in each frame. Due to the sporadic traffic, the
JADCE-DD process can be realized by using CS techniques.
The details of CS-based algorithms for JADCE-DD applied
to media modulation aided grant-free massive access can be
found in e.g., Section VI of [16]. In particular, the authors
of employed greedy CS algorithms, while other kinds
of CS algorithms can also be utilized, e.g., the AMP-based
algorithms according to , which is beyond the scope of this
paper. Owing to the slowly time-varying CSI and the sporadic
device activity [7], the BS can obtain the CSI of all the MTDs
after several frames.

At the following stage, as indicated in Fig. [S| only data
symbols are transmitted in successive frames and DADD is
performed at the BS. Hence, we refer to this stage as the
DADD stage. Note that the CSI utilized in the first frame of the
DADD stage is obtained at the JADCE-DD stage. Furthermore,
to combat the channel aging and to reduce the training
overhead, we propose a CSI update strategy with the aid of
the detected data symbols, as shown in Fig. |3l Specifically,
by providing H* = [HY{, HY, ..., Ht.] € CN-*(KNt) anq the
received signal Y! = [y, ...,y%] € CN~*7 as the input of the
proposed Algorithm 1 or Algorithm 3, we can obtain the set
of correctly detected active MTDs Q! and the reconstructed
signal Xt € CENtx7 of the t-th frame, Vt. The number and
the set of MAPs for the correctly estimated active MTDs are
denoted as N, = |~Qt|c (N, < K,) and Q! = {QZ}iV;l,
respectively, where Qf, = {N;(Q|,, — 1) 4+ i}, is the set of
MAPs for the u-th MTD in QF for u € [N,]. Hence, we can
transform the system model in (3)) as

Y~ HIX + W (38)
where X! = }A(fﬁt g € CNeNexJ and HY = Hf & €
CNr*NaNt are the estimated media modulated signals and
the associated CSI for active MTDs, respectively, and the
approximately equal sign “~” can be written as an equal
sign “=" if perfect DADD is achieved. Due to the slowly



time-varying IoT channels, the frame length J can be longer
than N,N;, where N, < K, and K, is only a fraction of
the total MTDs. Hence, we can refine the CSI H! based on
X*. For example, by using the MMSE estimatmﬁ, we can
obtain the refined CSI of active MTDs, denoted as H! =

Y ((XOTREX + NaNio2T) (X7 RYy € CV e,
where Ry = E {(ﬁt)H I:It} is the channel’s covariance matrix

[48]. Then, in the (* + 1)-th frame, we set H! = H' €
CN»*(KN:) and update part of it by performing H’E};t] =H'.
Hence, we can adopt the updated CSI H'™! as an input of
the proposed Algorithm 1 or Algorithm 3 for DADD in the

(t 4 1)-th frame.

VI. PERFORMANCE EVALUATION
A. Simulation Setup
In this section, an extensive simulation investigation is
carried out to evaluate the activity detection error rate (ADER)
of the MTDs, the symbol error rate (SER), and the bit error rate
(BER) of the proposed massive access solution. The ADER,
SER, and BER are defined as

E,+FE
ADER = % (39)
JEm ES mbo.
SER = %7 (40)
JE, + FE E
BER=" + nbl;l[E{D + QAM’ @n

respectively, where F,, is the number of active MTDs missed
to be detected, Iy is the number of inactive MTDs falsel
detected to be active, Fgymbol is the number of error symbol
of the detected active MTDs, JK, is the total number of
symbols transmitted by the K, active MTDs within one
frame, Fvep and Eqgam are the numbers of the errors
of the media modulated bits and the quadrature amplitude
modulated bits of the detected active MTDs within one frame,
respectively, and nJ K, is the number of total bits transmitted
by the K, active MTDs within one frame. As for the CSI
update strategy, given the ¢-th frame, V¢, NMSEg denotes the
normalized mean-square errors (NMSE) between the updated
cSI H e CN-*(KN) yiilized for DADD and the true
CSI H' € CN-*(KN) In addition, the NMSE between the
reconstructed signal matrix X* and the true signal matrix X*
is denoted as NMSEx. Specifically, NMSEz; and NMSEx can
be respectively expressed as

NMSEg = Hﬁt _H!

/1

NMSEx = |[X* =X /[IX!]],.-

8Den()}e P, as the probability when the estimated media modulated signal

matrix X)[tﬁf ] € CNexJ of given MTD, Yu € [Na], is a singular matrix.

Then, considering the typical case, i.e., one row of )A(’Eﬁ -
ur”

have Py ~ JNi(1 — x-)7. If J = 200 and Ny = 4, we have P, =~
8.2 x 1023, Hence, it is suitable to assume that Xt isa non-singular matrix,
which enables us to adopt the MMSE estimator.

9We consider that one symbol is in error if either its media modulated bits
or quadrature amplitude modulated bits are in error.

is all zeros, we
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In the simulations, the number of MTDs is KX = 500 with
K, = 50 active MTDs, where each MTD adopts Nrr = 2 RF
mirrors for media modulation and 4-QAM (M = 4). Hence,
the throughput is n = Ngrp + logaM = 4 bpcu. Moreover,
the number of receive antennas is NV, = 256, the maximum
iteration number is set to Ty = 15. Additionally, the frame
length J is set to 12 for uncoded media modulation based
mMTC. For the SE of the DS-AMP algorithm, the number
of Monte Carlo simulations is Ny = 500, the maximum
number of iterations is Tsg = 50, and the terminal threshold
is ¢ = 107°. Since we can obtain the a posteriori estimation
of the media modulation signals xy ;, V&, j, in each Monte
Carlo simulation (i.e., line [@l in Algorithm [2), the ADER,
BER, and SER of the theoretical SE can be calculated in the
same way as those for the DS-AMP algorithm, and they can
be then averaged over all Monte Carlo simulations. For the
proposed coded media modulation based mMTC scheme, we
consider a Turbo code with 1/3 rate and 12 tail bits. The length
of the data packet is L = 120 with the length of the signature
sequence being Ly = 20. Hence, after channel encoding, the
length of the data packet is L’ = 3L +12 = 372 and the frame
length is J = L'/ = 93 for coded media modulation based
mMTC. In addition, N is set to 5 in line [0 of Algorithm
Without loss of generality, we investigate the ADER, SER, and
BER performance of different algorithms in any given frame
with perfect CSI at the BS, and a Rayleigh MIMO channel is
considered.

B. Performance of the Proposed DS-AMP Algorithm

For comparison, we consider the following benchmarks.
Benchmark 1: LMMSE multi-user detector for a traditional
uplink mMIMO system [23]], where K, single-antenna users
(after the grant-based scheduling) adopting 16-QAM (for
achieving the same throughput of 4 bpcu) are supported by an
mMIMO BS with N, = 256 receive antennas. Benchmark
2: The StrOMP algorithm (i.e., algorithm 1 in [13])) is used
for the activity detection and the SIC-SSP algorithm (i.e.,
algorithm 2 in [13]]) is used for data detection, where the
terminal threshold P, for the StrOMP algorithm is set to
1.5. Benchmark 3: A modified DS-AMP algorithm with-
out executing the min-max normalization (i.e, the min-max
normalization in line of Algorithm 1 is replaced by
a = a), where the activity detection method is the same
as that in (i.e., {k|[a]Jx > 0.5}, Vk € [K]). AMP:
The conventional AMP algorithm [20] (i.e., only perform
lines [[H3] and [§ in Algorithm [), where the sparsity level
is A = % and the noise variance o2 are perfectly known
in advance, and the a priori probability in (I4) is replaced

by p ([xk,5];) = (1= N3 ([xr4],) + 57 Pes 8 (xegl, — )
TLSSCS: The cutting-edge TLSSCS algorithm from [14],
where the scaling factor o = 4 (i.e., a in (6) of literature [14]]).
PIA-MSMP: The state-of-the-art PIA-MSMP algorithm (i.e.,
algorithm 1 in [16]) with the perfectly known sparsity level.

Fig. Fig. and Fig. compare the ADER,
SER, and BER performance of different solutions versus
the SNR, respectively. Firstly, we observe that the SER and
BER performance of the media modulation based mMTC
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scheme with the proposed DS-AMP algorithm outperforms the
traditional uplink mMIMO scheme (benchmark 1) when the
same throughput is considered. This verifies the advantages
of the proposed media modulation based mMTC scheme over
the traditional scheme. Since benchmark 1 perfectly knows the
indices of the active MTDs, comparing the proposed scheme
with benchmark 1 is actually unfair. Secondly, it can be ob-
served that the proposed DS-AMP algorithm outperforms the
TLSSCS algorithm, the PIA-MSMP algorithm, and benchmark
2 in terms of ADER, SER, and BER performance, which
verifies the superiority of the proposed algorithm. Moreover,
thanks to the exploitation of the doubly structured sparsity, our
proposed DS-AMP algorithm outperforms the conventional
AMP algorithm in ADER, SER, and BER. Furthermore, it is
apparent that the proposed DS-AMP algorithm outperforms
benchmark 3 in the low SNR regime (i.e., 0 dB~2 dB),
which verifies the effectiveness of the proposed min-max
normalization (i.e., line [I0] in Algorithm [I) in the DS-AMP
algorithm. Finally, we observe that the SE offers a good
tightness compared with the proposed DS-AMP algorithm in
terms of ADER, SER, and BER performance, which can be
observed from Fig. [7] Fig. Bl and Fig. [0 as well.

From Fig. [7l we observe that the proposed DS-AMP al-
gorithm outperforms the conventional AMP algorithm, the
TLSSCS algorithm, the PIA-MSMP algorithm, and benchmark

2 versus different frame lengths at SNR = 5 dB in terms of
ADER, SER, and BER performance. From Fig. owing to
the exploitation of the structured sparsity in the time domain,
it can be observed that the advantage of the proposed DS-
AMP algorithm over other algorithms in terms of ADER
performance becomes more evident upon increasing J. From
Fig.[7(b)and Fig.[7(c) if J is small (i.e., J < 5), we can obtain
improved BER and SER performance as well as improved
ADER performance. If J is large (i.e., J > 9), on the other
hand, the BER and SER performance almost stays unaltered
for different values of J. Since the conventional AMP algo-
rithm reconstructs the signals of each time slot separately, its
performance remains unchanged against different values of J.

Fig. [8 provides the ADER, SER, and BER performance
comparisons of different algorithms versus the sparsity level
(A = L= given K = 500 and SNR = 3 dB). From Fig.
Fig. and Fig. we observe that the proposed DS-AMP
algorithm outperforms the conventional AMP algorithm, the
TLSSCS algorithm, the PIA-MSMP algorithm, and benchmark
2 in terms of ADER, SER, and BER performance, respectively.
Fig. 9] depicts the ADER, SER, and BER performance of
different algorithms versus the numbers of receive antennas [V,
at SNR = 5 dB. From Fig. [0] similar conclusion as observed
in Fig. Bl can be obtained. In particular, both figures verify the
superiority and robustness of the proposed DS-AMP algorithm
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under different system parameters, i.e., the sparsity level or the
number of receive antennas, in typical IoT scenarios.

Fig. 10 depicts the ADER and BER performance of the
proposed DS-AMP algorithm versus the maximum iteration
number 7. We observe that the ADER and BER performance
of the proposed DS-AMP algorithm converges fast at various
SNRs (usually fewer than 15 iterations are needed), which
indicates that we can adopt the maximum iteration number
To = 15 for Algorithm [l In particular, the SER performance
of the DS-AMP algorithm versus 7 is similar to that of the
BER and ADER performance.

The computational complexity comparison of different so-
lutions is provided in Table I. It is apparent that the com-
putational complexity of the proposed DS-AMP algorithm
is an order of magnitude lower than that of the TLSSCS
algorithm, the PIA-MSMP algorithm, and benchmark 2 under
the considered simulation parameters. Moreover, the com-
plexity of the DS-AMP algorithm scales linearly with the
number of receive antennas [NV,, whereas the computational
complexity of the TLSSCS and PIA-MSMP algorithms can
be approximately proportional to the square of NV,.. Hence, the
proposed DS-AMP is more attractive than other state-of-the-art
algorithms for solving the massive access problem in mMIMO
systems. Furthermore, compared with the conventional AMP
algorithm and benchmark 3, the proposed DS-AMP algorithm

achieves better performance without substantially increasing
the computational complexity.

C. Performance of the Proposed IDS-AMP Scheme

In this subsection, we compare the SER and BER perfor-
mance of the proposed IDS-AMP scheme with the following
benchmarks. Benchmark 4: The proposed DS-AMP algorithm
adopting uncoded media modulation and a hard decision (i.e.,
it performs a hard decision according to the output signal
X € CENexJ from Algorithm 1 to get the demodulated
binary bits). Benchmark 5: The proposed DS-AMP algorithm
adopting coded media modulation and soft decision, while the
processing of interleaving/deinterleaving and SIC in Fig. [ is
not adopted. Benchmark 6: The proposed DS-AMP algorithm
adopting coded media modulation, interleaving/deinterleaving,
and soft decision, while the SIC processing is not adopted.
Benchmark 7: The proposed IDS-AMP scheme with the
exception of the proposed decoding quality judgement (i.e.,
lines [[3HTI7] of Algorithm 3) is removed and Q3 in line
is equal to s.

Fig. 11 compares the SER and BER performance of bench-
marks 4—7 and the proposed IDS-AMP scheme. The worst
performance is achieved by benchmark 4, which indicates
the necessity of adopting channel coding and soft decoding
for improving the data decoding performance. The superiority
of benchmark 6 over benchmark 5 verifies the efficiency of
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Table I: Computational complexity comparison of different algorithms for uncoded media modulation based mMTC

. . . Complex-valued multiplications’
Algorithms Computational complexity N, =198 N, = 256
Benchmark | | O(JN, K, + 2N, K,” + K,” 0.84 x 10° 1.56 x 10°

DS-AMP O[ToJKN¢(2N, + Sl + 3) 1.17 x 10 2.32 x 10
AMP O[ToJKN:(3N, +[S]. + 1) 1.17 x 10°% 2.32 x 10°
Benchmark 3 | O[ToJKN((3 N, + [S|. + 1) 1.17 x 10 2.32 x 10
TLSSCS O{(JN, Ko + 2N, K,> + K,°) + (Ko + 1)[N. (KN + J) + N.JKN;] + | 2.14 x 10° 7.53 x 107
SR NG 4 2N (3N + (sN)® ]}
PIA-MSMP | O{3JK,N,(N¢+1)+ (Ko +1)[N2(KN;+J)+ N.JK N + > 50 [N2+ | 2.12 x 10° 7.50 x 10°
2N,.(sN¢)% + (sN¢)3]}
Benchmark 2 | O{K,JKN/N, + S 5@ [JN,(s + 25> + 2(sN)?) + J(s° + (sN¢)®)] + | 4.82 x 10° 8.16 x 10°
s=1
S TN (s 425 +2(sNo)?) + J(s7 + (sNo)*)]}

! The order of complex-valued multiplications is obtained under parameters J = 12, N; = 4, K = 500, K, = 50,

10°
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@ (b)

AMP algorithm versus the maximum iteration Fig. 11. Performance of the proposed SIC-based massive access solution in comparison with the benchmarks:

number Tp.

the proposed BICMM in overcoming the effect of burst error
in spatial-selective channel fading. Besides, the superiority of
benchmark 7 over benchmark 6 in the high SNR regime (i.e.,
greater than -2 dB) verifies the effectiveness of SIC processing
in improving the data decoding performance. However, bench-
mark 7 is observed to be inferior to benchmark 5 in the low
SNR regime (i.e., -3.5 dB~-2.5 dB), since the SIC at a low
SNR can degrade the performance. By contrast, the proposed
IDS-AMP scheme shows a consistent superiority over the
four considered benchmarks. Particularly, the superiority of the
IDS-AMP scheme over benchmark 7 verifies the data decoding
gain achieved by the proposed decoding quality judgement
module.

D. Performance of the CSI Update Strategy

To investigate the data-aided CSI update strategy, we con-
sider successive Ny (INy > 1) frames (blocks), where the
Gauss-Markov block fading channel model (37)) is considered
and a Rayleigh MIMO channel model is utilized for the first
frame. The coherence time 7 is defined by the duration that
the time-domain correlation function is above 0.5 [44] and we
have T, = 0.423/ f,,, where f,, = vf./v. is the maximum
Doppler shift, v is the maximum velocity of the MTDs, and
v, is the speed of light [44]. According to 3GPP Narrowband
Internet-of-Things (NB-IoT) specifications, W 15 kHz
bandwidth for single-tone uplink transmission with carrier
frequency f. = 900 MHz can be supported [49]. In this
case, the time-lag 7 = |T./Ts| = 213, if v = 35.6 km/h,
where Ty = 1/TV denotes the symbol duration. Since the time-
domain correlation /2 has to be above 0.5 between the time
indices ¢ = 1 and ¢ = 7 + 1, we obtain the AR coefficient
« 0.9935 when a’/2 is set to 0.5 [44]). Furthermore,
the frame length after channel coding is J = 213, and the
associated number of bits transmitted by a frame is 280 bits.

(a) SER performance comparison; (b) BER performance comparison.
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Fig. 12. The CSI update process of the ¢-th frame, 0 <t < Ny.

The AR coefficient is 0.99. The encoder and other system
parameters are the same as that in Section VI-A, and the
proposed DS-AMP algorithm with channel coding is used for
DADD in each frame.

For comparison, we consider two strategies, both of which
assume that the CSI of all the MTDs has been acquired at
the BS in the first frame. In particular, for the CSI non-
update strategy: the CSI used for DADD in each frame is
the same as that in the first frame. As for the proposed CSI
update strategy: the CSI of correctly detected active MTDs
are refined by the MMSE estimator at the BS in the ¢-th frame,
0 <t < Ny, as shown in (@8), and then the updated CSI
matrix of all the MTDs is used for DADD in the (¢+1) frame.
In particular, by decoding, re-encoding, and media modulating
the bits associated with the detected active~MTDs, as shown
in Fig. 12, we can obtain the signal matrix X" for refining the
CSI matrix H?. Then, H**! is updated as shown in (38).

It can be seen from Fig. 13, as the time increases, the
NMSEy and NMSEx performance of the CSI non-update
strategy decreases monotonically due to the channel aging.
On the contrary, by exploiting the proposed CSI update
strategy, the NMSEgy and NMSEx performance dramatically
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outperforms that of the non-update strategy, especially, after
a relatively large number of frames. Hence, by using the
proposed CSI update strategy in slowly time-varying IoT
channel scenarios, it is unnecessary for the BS to estimate
the CSI of all the MTDs in every frame, which can reduce the
training overhead significantly.

VII. CONCLUSIONS

This paper investigated the DADD problem for media mod-
ulation based mMTC, where both uncoded and coded trans-
missions were considered. By exploiting the doubly structured
sparsity of media modulation signals, we first proposed a DS-
AMP algorithm to solve the DADD problem for the uncoded
case. Also, we derived the SE of the DS-AMP algorithm
to theoretically predict its performance. Furthermore, for the
coded case, we developed a BICMM scheme and proposed an
IDS-AMP scheme based on SIC for improving the data decod-
ing performance. In particular, a signature sequence part for
facilitating the SIC processing was proposed to be embedded
into the dedicated data packet and then the IDS-AMP detector
was developed, whereby the estimated signal components were
iteratively subtracted from the received signals for enhancing
the data decoding performance. In addition, we discussed the
CE problem and developed a data-aided CSI update strategy to
reduce the training overhead in block fading channels. Finally,
extensive simulation results demonstrated the superiority of the
proposed DS-AMP algorithm over cutting-edge algorithms in
terms of ADER, SER, and BER performance while ensuring a
lower computational complexity in the uncoded transmission.
Improved data decoding performance of the proposed SIC-
based IDS-AMP scheme was verified in the coded case as well.
Also, simulation results verified the efficiency of the proposed
CSI update strategy.

APPENDIX

Here we provide the detailed derivation of the EM update
rules in the proposed algorithms. According to (22) and @23),
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In p(X,Y;6) can be expressed as
In p(X,Y;0)
=lnp (Y|X;02) +1ln p(X;a)

—Z
_Z Zlnp y] |XJ’ w+zlnp ij7ak

7j=1 Ln=1

[n p (y,1%550%) +1In p(%;;a)] (44)

In order to find the parameter set  that maximizes @ (6, %)
in the (¢ + 1)-th iteration, we differentiate Q (6,0") with
respect to 0 and let it equal zero.

First, according to (@) and (@), we differentiate Q (6, 0?)
with respect to ay, Vk, as follows

9Q(0,6") OE{lnp(X,Y;0)[Y;0'}
day, n Oay,

= ZJ . {—lﬂp(xm,ak)w o' }
d
= Zj:l waepp (xx,5Y:0") df%lﬂp (k.55 ar)
4 t d
=30 3 a(xualrhy ok (03)" ak) oo (o)

Jj=1xp ;€

J Ny
S5 THo (Bl Ik 0h53(02)"

j=1xy j€Ti=1

d
ai)Mlnp (Xk.,j§ ar) ,

(45)

{T0,0N,x1} and Ty is defined in (26). The

¢
function ¢ ([x;C il 0k s (02) ,a’,;)

according to (I2) and

where I' =
can be calculated

o~ TIY 8 (kaly)
dTLklnp (k.3 ar) = P (Xp,j; ak) :
NL i [ >0 (xugl,—s) 11 N ([Xkyj]n)]
t sE€S n€[N:],ni
P (Xkj5 ak) |

(46)
Hence, the EM update rule for ay, Vk, can be expressed as

500> Hqﬁmﬂvw@w%)

7 1xy ;€0 i=

t+1 (47)

Next, define z; = Hx; (Vj € [J]), then we have [z;] =
K
> [Hixk ], (n € N;). According to (8) and @4), we

k=1
differentiate Q (6, 60") with respect to o2 as follows

0Q(6,6")  OE{In p(X,Y;0)|Y;6'}
d(a2) 9 (03,

J N,
= Z ZE{d(iQ )lnp ([y.j]n |5<j§03u) |Y§0t}

o 1)
- Z ZE { d(;lQ) l_ln (‘73)) - ([yj]n(oz[) J]n) ] |Y§0t} .
j=1n=1 w w

(48)



Hence, we have

(02" = 7 = X B{(wil, - l5,)" v0)
T (49)
where for n € [N, ],
E{(y,], - [2;],)" [Y:6' |
= (ly;l, —E{[z], y;:0'})" + Var {[z;],, |y;: 6"},
(50)

and Var{-|y;;0'} is the variance conditioned on y; with
parameter 6.
Note that the distribution of [z;] can be expressed as

f (2], ly;; ")
1

=&/ (vl | (25],,;0") [ ([z],, 5 0")
=icxv([yj1 Bl (02)') N (], 700 Vi)
=CN ([z;], ;E{lz;], |y;; 0"}, Var {[z;], |y;;6"}) .
(51)
where
. Loty _ (Ufu)tzrtl + [yil, Vir 5
E{lz],y;;0'} = T (52)
] ot (03)) Vrf,j
Var{[zj]n ly;; 0 } = m, (53)

and C' is the normalization factor, V,f) j

in 20) and 1), respectively.
Hence, according to @9), (30), (32), and (B3), we obtain

the EM update rule of the noise variance as

and Z/ ; are calculated

(02)" = 1 i N | (Iysl, — 2,)° N (02)" Vi,
w t 2 t
JIN, S (1 T (Z%;t) Vi i+ (o2)

(54)
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