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Abstract This paper investigates multiple access schemes for uplink and downlink transmissions in cel-
lular networks with massive Internet of Things (IoT) devices. Recall that single-carrier frequency division
multiple access and orthogonal frequency division multiple access, which are orthogonal multiple access
(OMA) schemes, have been conventionally adopted for uplink and downlink transmissions in narrow-band
IoT, respectively. Unlike these OMA schemes, we propose two non-orthogonal multiple access (NOMA)
schemes for cellular IoT with short-packet transmissions. Especially, a generalized expectation consistent
signal recovery-based algorithm is proposed to estimate active devices, channel state information and data
in uplink transmission, where all of the active devices are allowed to transmit their pilots and data through
the same resource block without authorization. On the other hand, the active devices estimated during
uplink transmission are grouped for downlink transmission with a trade-off between performance and detec-
tion complexity. Additionally, the data error rates are analysed for both uplink and downlink transmissions
with low-resolution analog-to-digital converters (ADCs), where the effects of critical parameters such as the
estimation error, ADC bits, packet length, and message bits are revealed. Both simulation and analytical
results are provided to demonstrate the excellent performance of the proposed NOMA schemes and algo-
rithms, especially for active device, channel, and data estimations. More importantly, the obtained results
show that the data error rate performance of downlink NOMA is superior to that of OMA when the message
bits of devices in one group are selected following the proposed strategy.
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1 Introduction

Machine-type communication (mMTC) has been considered a representative service category in 5G net-
works [1-3] because of its wide applications of the Internet of Things (IoT) such as smart city, smart
health care, factory automation, and autonomous driving [1,4]. Notably, the number of IoT devices
is growing exponentially and will reach hundreds of billions in 2030 [5]. A ket to enhance connection
density is to provide device access over a large range. The cellular technique is one of the main access
techniques for IoT [5,6]. In narrow-band IoT, single-carrier frequency division multiple access (SC-
FDMA) and orthogonal frequency division multiple access (OFDMA) have been adopted in uplink and
downlink transmissions, respectively, which are based on the conventional granted orthogonal multiple
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access (OMA) scheme [7], and orthogonal time/frequency resources are allocated to different devices.
Therefore, the conventional scheme cannot support the massive connections required of mMTC networks
owing to the high probability of collisions among devices. In addition, the significant signalling overhead
and excessive latency caused by complicated scheduling procedures are inefficient to send sporadic short
packets of IoT devices.

Recently, grant-free non-orthogonal multiple access (NOMA) schemes have been considered a com-
pelling alternative [8-12]. In grant-free NOMA schemes, devices transmit short data packets through
the same time/frequency resource without a granting procedure. Consequently, grant-free NOMA has
an excellent performance in terms of resource utilisation and latency/signalling overhead. Especially,
the active device and channel estimations in the uplink transmission are formulated as a sparse signal
recovery problem for grant-free NOMA schemes. Various compressed sensing-based algorithms have been
proposed to solve this problem [8,10,13-18]. In [18], approximate message passing is used to detect active
devices and estimate their channel state information (CSI) based on Gaussian pilot sequences. To main-
tain orthogonality and mitigate the inter-user interference, Ref. [19] proposed an active device detection
algorithm with Zadoff-Chu (ZC) sequences. To further improve active device detection and channel es-
timation performance over existing algorithms, the authors proposed an expectation propagation-based
technique in [8]. However, these existing algorithms are only suitable for linear measurements corrupted
by additive white Gaussian noise (AWGN) [20]. Therefore, Refs. [21,22] proposed message passing based
active device detection algorithms for multiple antennas case, which allow the measurement at the re-
ceiver in arbitrary form and shows that increasing the number of receiving antennas reduces the pilot
cost.

Although grant-free NOMA provides massive low latency connections and multiple receiving antennas
reduce the pilot length, there still exist different time offsets since signals from different devices arrive at
the receiver asynchronously [23]. This is because devices are geographically distributed and signals from
different devices begin to propagate at any time. Hence, we have to develop an effective grant-free NOMA
scheme with time offsets and improve the algorithms for activity, CSI, and data estimations. On the other
hand, to achieve the prominent spectral performance of multiple access, short data packet transmission,
and detection have been designed in [8,10,24-27]. For example, in [10], the authors proposed a greedy
algorithm to perform active device detection, channel estimation, and data decoding jointly for uplink
transmission. To reduce the system cost, a joint channel-and-data estimation method based on Bayes-
optimal inference has been proposed for the quantized uplink systems [24]. However, existing research
on cellular ToT mainly focuses on active device detection and channel estimation for uplink transmission.
One of the primary issues is to reveal impacts of the packet length, error propagation, and low-resolution
analog-to-digital converters (ADCs) on system performance.

In addition, the downlink NOMA scheme design for cellular IoT is another important issue due to
the limited computing capacity of IoT devices. In [28], a backscatter-NOMA is proposed for downlink
transmission of cellular IoT. The outage probabilities and ergodic rates are analysed. Furthermore, the
authors in [25] designed a three-phase transmission protocol operated in time division duplex (TDD)
mode, including the training phase, uplink data transmission phase, and downlink data transmission
phase. The closed-form expressions of uplink and downlink individual achievable rates are derived, and
the pilot length and data packet length are optimized under the rate constraint. However, imperfect CSI
might lead to a significant performance degradation of NOMA. It is impractical to assume that the active
devices and the CSI are estimated perfectly and the achievable rate of a short data packet is formulated
using the Shannon formula.

In this paper, we design the NOMA schemes for uplink and downlink cellular IoT with short-packet
transmissions and low-resolution ADC receivers. In uplink transmission, a grant-free access strategy is
adopted. Different from [8,25], a generalized expectation consistent signal recovery (GEC-SR) based al-
gorithm is proposed to detect active devices, estimate their CSI, and detect their signals from the received
quantified signal. On the other hand, we propose a hybrid NOMA scheme for downlink transmission.
Especially, the active devices detected in uplink transmission are first grouped for the performance and
complexity trade-off. The downlink CSI is then estimated in each group by allocated orthogonal time
slots to the devices in the training phase. In the data transmission phase, power domain NOMA is
used within one group, and orthogonal resources are allocated to different groups. In order to further
reveal the system performance with short packet transmission, we use the finite block-length coding
(FBC) theory [29,30] to formulate the achievable rate of each device. The contributions of this paper are
summarised as follows.
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e Two short-packet non-orthogonal transmission schemes are proposed for uplink and downlink trans-
missions in cellular IoT. Especially, the potential active devices access to the network without authorisa-
tion and the message bits of active devices are modulated as short packets. Low-cost algorithms based on
the GEC-SR algorithm are proposed to estimate active devices, channels, and data from uplink receiving
ADC quantified signals. While the detected active devices are grouped for downlink transmission based
on uplink estimations, where a trade-off between performance and complexity is revealed.

e With the imperfect estimated CSI, the bit error rate (BER) performance of uplink non-orthogonal
short-packet transmission is obtained using a GEC-SR based linear minimum mean square error (LMMSE)
detector, which shows the impact of error propagation caused by the active device detection on uplink
data detection. In addition, the average block error rate (BLER) of downlink NOMA with low-resolution
ADCs is derived in approximated closed-form, which quantifies the effect of channel estimation errors on
system performance.

e By investigating the impact of message bits of downlink transmission based on the analyzed average
BLER for a given block-length, we obtain a trade-off between the reliability and the effectiveness. Par-
ticularly, a device pairing strategy based on message bits is proposed to guarantee NOMA performance
compared with OMA. Simulation results demonstrate the accuracy of the active device detection, channel
estimation, and obtained analytical results. More importantly, the obtained results show that the BLER
performance of downlink NOMA is superior to that of OMA when message bits are selected according
to the proposed strategy.

The remainder of this paper is organized as follows. Section 2 describes the uplink and downlink short-
packet non-orthogonal transmissions in large scale cellular IoT. A low-complexity active device detection
based on GEC-SR and the BER of uplink data with the LMMSE detector are presented in Section 3,
whereas the downlink channel estimation and the performance analysis of short-packet transmission are
investigated in Section 4. In Section 5, numerical results and simulations are applied to verify the
performance of proposed algorithms and developed analysis. Finally, Section 6 concludes the paper.

Notations. The identity matrix, the all-one vector, and the all-zero vector of size M are denoted as Iy,
17, and 0y, respectively. The distribution of a circularly symmetric complex (or real) Gaussian random
vector & with mean vector m and covariance matrix V' is denoted as N.(x;m, V) (or N(x;m,V)). ®
denotes componentwise multiply and @ denotes componentwise divide.

2 System model

We consider a single-cellular mMTC network, in which one single-antenna central base-station (BS)
and NN single-antenna IoT devices located in the cellular. A block fading channel model with L symbol
durations is considered. To meet the massive connections of devices, different NOMA schemes are designed
for uplink and downlink transmission in cellular networks. On one hand, a grant-free NOMA scheme
is employed for uplink transmission, where unknown active devices are allowed to access the network
without authorization or scheduling. On the other hand, the detected active devices are paired/grouped
for downlink transmission due to the limited capacity of the IoT devices. A hybrid NOMA scheme is
proposed to serve each group of active users. Specially, the detected active devices are grouped based on
uplink estimations. Orthogonal time slots are allocated to all active devices for channel estimation in the
downlink training phase. The power domain NOMA scheme is used within each group for information
transmission and orthogonal bandwidth resources are employed among different devices groups [31]. The
details of theses two NOMA schemes for uplink and downlink of the cellular network are shown as Figure 1
and described in the following two subsections, respectively.

2.1 Uplink NOMA scheme

In uplink grant-free NOMA scheme, as shown in Figure 2, the transmission occurs in two phases and
it shows the time-domain structure of the received signal from multiple asynchronous devices. This
asynchronous communication may occur since the signals from different users arrive at the receiver
asynchronously. Without loss of generality, it is assumed that the signal transmitted by device 1 arrives
at the BS prior to that transmitted by device . (7 = 2,...,N) by a time offset Az, Az > 0. Note that
only a small fraction of potential devices are active and send their small packets sporadically in ToT [18].
In order to mitigate the asynchronous effect, a guard space is used to prevent the interference between
pilot and data symbols [23]. For example, the cyclic prefix (CP) can be utilized as the protection prefix
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Figure 1 (Color online) Sporadic traffic scenario in cellular IoT.

if the non-orthogonal transmission is implemented on an orthogonal OFDMA tones [32]. We first detect
active devices and estimate their CSI in the training phase. The BERs of active devices’ data packets
are then obtained in the uplink data transmission phase.

2.1.1  Uplink channel training phase

The BS assigns a pilot sequence a,, = (an.1,-..,an 1,)" € C to devicen (n=1,2,..., N) in advance,
where L? < N and a,,; is independently chosen from {—1,1} with equal probability. It is assumed that
only a small portion of devices are active, and we define the device activity indicator as

(1)

1, device n is active,
Wn = .
0, otherwise,

forn € N = {1,2,...,N}. Each device decides whether or not to access the channel with probability
€ in an independent manner [18]. Then, @, can be modeled as a Bernoulli random variable such that
Pr(w, =1) = ¢, Pr(w, =0) =1 —¢, Vn. Let T}, Ty, and T, represent the pilot transmission duration,
data transmission duration, and the guard interval duration, respectively. The receiver removes the data
of the guard position, and selects the remaining LP as the received signals in the training phase. So there
are two types of observation windows. As shown in Figure 2, the part intercepted by the receiver in type I
observation window can not completely contain the pilot sequences of active devices. Then the inter-
symbol interference (ISI) will be introduced. Instead, type II completely contains the pilot sequences of
active devices and will not effected by data symbols. Therefore, the ISI can be perfectly eliminated if the
length of guard position is long enough for asynchronous time offset. The received signal at the BS for
active device and channel estimations is

Y =) wpanhl +w’ £ Az +w™?, (2)
neN
where y*? = (417, ...y} )T € CF, w? = (w'P,... ,w}l) € CF with w,"P (I = 1,2,...,LP), is
the independent AWGN following zero mean and 012, variance complex Gaussian distribution?, A £
[ai,...,an] € CL"*N with |a,|? = 1 is the collection of pilot sequences of all devices, hlk is the channel
between device n and the BS, and P = (2f,...,28)T € CV with 22 £ w,hl. We define h! as
hy = \/g"—g, where g2 ~ N.(0,1), d,, is the distance and ¢ denotes the path loss factor. Then we have
14+dS
: _ 1

R~ N(0,\,) with A\, = T

1) The variances of zero mean AWGNSs of pilot and data transmission phases in this paper are assumed to be 05 and ag,

respectively.
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Figure 2 (Color online) Time-domain structure of the received signals for uplink NOMA scheme.
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2.1.2  Uplink data non-orthogonal transmission phase

Device n’s uplink message bits are modulated as z}} chosen from the M-order constellation A when it
is active; otherwise, we use x;, = 0 to represent that the device n is inactive. With spreading sequence,
Sn = (Sn1,--s8nru) T, 800 ~ N(0,1/LY), L% = L — LP, the received uplink data at the BS is

y" = SDiag(h")z" + w", (3)

where § = [s1,...,sy] € CLN hu = (hy,... h%)T, 2" = (2¥,...,2%)T, and w" = (v, ..., wi.)T €
cr, wjt ~ N (0, o2) is an AWGN vector in uplink data transmission phase. In order to reduce the cost,
the received signal in (2) is quantized by a uniform complex-valued ADC quantization ®. [33] with B
bits and step size A, therefore the quantized signal is

Yo, = Cc(y™?), (4)

where z = AxP. The B-bit uniform ADC quantizer with 27 bins is characterized by a set of 28 — 1
thresholds II := [f1, 7, ..., Fon_1] € R2" 1 with #, = (=28~ 4+ by)A,, bg = 1,2,...,28 — 1, such that
—00 £ fg <7 <-+- < Tyn_y < Tgr = 00. The quantized output is A, (=281 +b— 1), b=1,2,...,25
defined by the interval (7,_1, 73] if the input falls in the b-th bin.

Similarly, the quantized output signal of (3) is

v, £ Do(y") = O.(SDiag(h")z" + w"). (5)
2.2 Downlink NOMA scheme

For downlink transmission, we propose a hybrid NOMA scheme to serve the active devices detected in
the uplink, where the active devices are grouped due to the limited capacity of the IoT devices as well
as the trade-off between the performance and the complexity. Here, we first focus on two-device case
and the results can be easily extended to a general case in Subsection 4.2. Different from the uplink
NOMA scheme, a hybrid NOMA scheme is considered in downlink transmission [31]. Especially, the
power domain NOMA scheme is used within each group for data transmission and orthogonal bandwidth
resources are employed among different groups. Besides, orthogonal time slots are allocated to the active
devices of one group for downlink channel estimations before non-orthogonal data transmission.

2.2.1  Downlink channel training phase

In the downlink NOMA scheme, each active device i (i = u,v) in one group should estimate its channel
response before signal detection. During the channel estimation phase, the BS sends a special pilot
sequence®, ¢; € CL* (209 < L), to device i. The received training signal at the i-th device is

Y = ¢t + w P, (6)

2) For the general case, the sum of the length of the pilot sequence of all devices in one group is not large than the coherence
symbol durations.
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where w?’p € CL" denotes the AWGN vector at the i-th device during the downlink channel estimation
phase. y?’p e C and h{ is the channel between device i and the BS. Due to the ADC at receiver, the
quantized y?’p is

Yl = B(y) = Do(gih + wl). (7)

2.2.2  Downlink data transmission phase

The message bits B; of device i are encoded as a unit-power codeword, z¢, with block-length L = L—2L4.
For the fairness and the superposition coding with successive interference cancellation (SIC) in downlink
NOMA, we assume that the transmit powers at the BS are sorted as p, < p, based on the uplink
estimated channel gain® |[hY[? > |hY|? and L¢ = L9. Then the superposition codeword of one pair of
devices at the BS is 2¢ = \/purd + \/pyzd, where p; is the transmit power of device ¢, x¢ is the signal

intended for the i-th user satisfying E{|z|?} = 1. The received signal at the i-th user is given by

yi = W (Vo + Vpuy) + ui, (8)
where w$ denotes the AWGN at the i-th user. Then the output signal of ADC is
y?,@c = @C(yf) = @c(h?(vpu:ﬂg + pvlﬂg) + w?) (9)

At device u, the signal of device v, xﬂ, is always treated as interference. Then the received signal-

to-interference-and-noise ratio (SINR) for decoding its own signal is v,—,. The instantaneous BLER of

device u is approximated as
C u—u) ﬁ
EurQ <M> , (10)

V V('Yu—m)/Ld

where C(Vy—y) = 10gy(1 4+ Yu—w) is Shannon capacity, V (yu—u) = (1 — W)(log@ e)? is the channel
dispersion, and @ ~1(-) is the inverse of Q-function, Q(z) = fzoo ﬁe’%dt.

In contrast, SIC is performed at device v. In particular, device v first decodes xd by treating x4 as
interference. The received SINRs for decoding :Eg and :cg at device v are v, and y,_s,, respectively.
Similar to (10), we have the instantaneous BLERs &,_,, and &,-,. Then the instantaneous BLER of
device v is approximated as

(a)
gv =Cypou t+ (1 - 51)—>u)gv—>1) ~ Cysu Tt gv—w; (11)
where step (a) holds for the case that the signal of device u can be decoded successfully with high

probability. Moreover, we will design a coding strategy for each device pair to guarantee transmission
reliability later.

3 Detection and performance analysis for uplink transmission

In this section, we propose GEC-SR based detection methods for active device detection, channel esti-
mation, and data detection in the uplink transmission phase. In particular, the updated messages of the
proposed iteration algorithms are approximated by the complex Gaussian distribution with the projec-
tion operations and a joint active device detection and channel estimation method is presented. With
the estimated channel, a signal decoding method of active device is then proposed for the uplink data
non-orthogonal transmission.

3.1 Active device detection and channel estimation

Note that the MMSE estimator of ? in (4) is given by [34]

P = E[m”|yg’ﬁ = /a:pp(a:p|yg’f)dmp, (12)

3) For average power allocation, we allocate the transmit powers based on E{|f7,3|2} > E{|ﬁ2|2}, ie, Ay = Ay
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Figure 3 (Color online) The factor graph, where the circle refers to variable node while the square denotes factor node. In
addition, the message update rules are shown in [20].

where the expectation is taken over the posterior distribution p(a:p|yf£,’cp ) denoted as

p(yg? |2?)p(z?)

p(xf|yy”) = :
e p(yg?)

o p(y|a?)p(ar) = / PpUEP|2)8(z — AxP)p(ar)dz.  (13)

The posterior probability in (13) is computationally intractable due to the discrete nature of the active
pattern. Thus, we aim at constructing a multi-variate Gaussian approximation of p(a:p|yg’cp ) and finding
the corresponding mean and variance that are close to that of p(mp|yg’p ) in iterative fashion.

As shown in Figure 3, we initialize the forward messages, ( ’+(z), as complex Gaussian
distributions, i.e. pO T(@P) o< No(zP;my™ Diag(vy ™)) and py '?'( ) x N (z;myt, Diag(v;'")). Then
the messages, thr ’ (z),ptﬂ’*(a:p), at the back direction (red line) are updated firstly for the t-th
iteration due to the observed signals are involved and the messages in the forward direction (cyan line)
are then updated. Note that the passing message in each factor node is approximated by the projection
operation [20], which is defined as follows:

Proj,[p(z)] = arg (xr)neig(x) Dy [p(2)|q(z)] = Ne(z;m, v), (14)

where Dy, is Kullback-Liebler (KL)-divergence. Q(x) is a Gaussian family distribution and

m:/mq(x)dm, v:/|:cfm|2q(:c)d:£. (15)

With the factor graph shown in Figure 3 and the message update rules found in [20], a joint active
device detection and channel estimation is presented in Algorithm 1, and we provide some intuition to
understand the algorithm. For the second layer in the back direction, the projection of p(yg’f |z) is
calculated, and the mean vector and variance matrix are expressed as (A1) and (A2), where

t+
p(y up|z) c(zsmy ™ vy

(5! |2)Ne(zmi ™ vy F)dz

=

(16)

Then the extrinsic information of z is calculated by (A3) and (A4). For the first and the second layers
in the back direction, the passing mean vector and variance matrix can be obtained by (A5)—-(A11l). On
the other hand, the projection of the prior probability of «?, i.e., p(xP), of the first layer in the forward
direction is evaluated, and the mean vector and variance matrix are expressed as (A12) and (A13), where

t+1 & p(wp)N (x?; méﬂ 6+1 D) .
| p(xP)N (P, méﬂ - vé‘H 7)dxp

(17)

The extrinsic information of «? is calculated by (A14)—(A17). The first and the second layers in the
forward direction, the passing mean vector, and variance matrix are obtained by (A18) and (A19).

Note that the received signal is quantized by the ADCs, then the closed-form expressions of mitt—
and v~ in (A1) and (A2) can be derived based on (16). In addition, the entries of the sparse signal
P can be formulated as independent and identically distributed (i.i.d.) complex Bernoulli-Gaussian
distribution with the probability distribution function (PDF):

p(}) = (1 = €)d(ah) + eNe (4750, An) - (18)

Thus, the closed-form expressions of (A10) and (All) are derived according to (17) and (18). In the

. . . . _ ~ ot t£1
following two propositions, the detail expressions of mith— with— m ittt and vl "™ are presented.
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Algorithm 1 GEC-SR

1. Initialization: t = 1, Tn1 T+ = 0, vi’Jr =1, m(1),+ =0, vé’+ =1.
2. While t < Thhax do
mThT =B [¢f] (A1)
t+1 - — Varct [Ct]v (A2)
Wit Z 10 (1o 10w, (A3)
mitl T = ot o (mtt T g alths bt gty (A4)
Qp'” (A" A+ oty (A5)
t+17:Qt+17(AH(1®,U§+1 “)m t1+17+ t+®v +, (AG)
wihh T = diag(QLEY ), (A7)
vhT =100 0vL T —10v)T), (A8)
f+1 _ vf+1 - o (mt+1 - @v;tl - m6,+ ®v3’+), (A9)
m:’:;r)l'Jr =E t+1[Xt+1] (A10)
v;tl’Jr Varxt+1[ X, (A11)
vt =101 00t —100th ), (A12)
mitht = f+1+®(mf+1+®vt+1+ mtth g uttio), (A13)
Ol = (AR o T AT (G oug ) (A14)
mt+1 = QAT @ v T )mit T T @ plt ), (A15)
f+1 +— Am t+1 +, (A16)
’+1 +t= dlag(AQf+1 TAT), (A17)
f+1+_1®(1@vt+1+ 1ovith7), (A18)
t+1 + _ t+1 + ® (mf+1 + ettt mt1+1,— ) v§+1,—) (A19)
=z )

3. End whlle

T
4. Output: mzpmax s vm;?ax’+ .

Proposition 1. Let yy?, mith= offh=, mtlJr, and vi" be the real part or image part of any one
c

. _ _ t . _ — .
element in y§¥, miH— o= mi™, and v, the expressions of mi*1~ and vi+!~ in closed-form are
given by

L vt @(m(ylf;p)) —0(n2(yg?)) (19)
S S TR
(02 + v 7)) n2Ye,
gt Mg )O(m (yg?)) — n2(ys?)O(2(yg?))
? 2 (a2 + uf ) Y(m(ys.)) — ¥(n2(ys))
S} O(n
i ( (m (y-:b ) — @2) > ’ (20)
Y (m(vg))) = Y(n2(ys!))
where W(z) = [*_N(t;0,1)dt, O(z) = N(x;0,1), the expectation and variance are taken over
p(yg?|2)Ne(zmy ™ 0y /2)
I P [Nz my ™ oy ™ /2)dz”
and
up __ mt7+ low _ mt,+
my'?) & A ey 2 L = (21)
(02 +017)/2 (o5 +or7)/2

where y"P, 4/'°% are defined in [33].

Proof.  See Appendix A.

Remark 1. When the bit of ADCs is infinite, we have p( u’p|z) = Nu(z;9g7,021) and vith™ =
101 ovy " +0y°I), miTh™ = vl 0 (0, %ys” +my T ovph).

Proposition 2. The closed-form expressions of elements of m’h" ", vt " in (A10) and (A11) are
given by (22) and (23) at the top of next page.

t4l—  t4l— t41,—
T eNe(0;mgl v~ + An)mgh, ™ An

e e = - 22
P, [(1 — €)N(0; mt+1 Uétf )—i—eN(O mt+1 ,Ué-i;Ll )] O +Ut+1 ) (22)

m
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L tl,—  t41,— t+1,— t+1, 2
41,4+ eNe(0; Mg, sV, T+ An) )‘nvo,n mg An
xPn t+1 = i+1,— +1,— +1,— +1,— +1,—
(1 — €)N(0;my » Vo,n ) + eNe(0; Mo, sV, T An) \ An + Vo,n An + Vo,n
t+1,4+2
- |mm1’,n . (23)

Proof.  See Appendix B.
Therefore, the estimated signal in (13) is &P = mg‘;"‘“"Jr with the variance matrix vi’;"‘“"f Then the
log-likelihood ratio (LLR) test for active pattern estimation is given by

N Pi?|w, (jglwn = 1))
LLR (22) = log( - - 24
) =18 et G0 = 0) 2y
With the estimated &, the conditional probability of 22 on w,, is given by
1 |2 |2 > )
exp | ——2 , ifw,=1,
TT(A ( A
p;gg\wn (i'gkﬂn) _ ( n+ ’Un) o n + Un (25)
1 ( |25 ) ,
—exp | ——2— |, if w,, = 0,
Ty, Up,
where v, is the n-th component of 'vw;;““"Jr Then the LLR(3P) (24) can be calculated as
LLR(2?) = log ( Un exp (:c”|2 <i — )>> . (26)
" An 40 Un An 4 Un
Then, we have
log (—2"—exp (1822 (£ = ———)) ) 20e 22 2m (27)
An + Up " \vp At op = nh S
where the threshold is
log(1 4 2=
n, = R (28)

Vn An+vUn

Therefore, the device activity indicator function of device n is obtained as

1, if |22)° > I,,,
zAUn:{ . |An|2 " (29)

0, if |2P|” < II,,

and the estimated CSI of device n is 22 if @, = 1.

The computational cost of each iteration of GEC-SR based algorithm can be divided into two parts:
linear operations and nonlinear operation (the rest of equations). The nonlinear operations refer to (A1),
(A2), (A10), and (A11) which do not change with dimensions. The complexity of them is O(N?). The
linear operations refer to the rest equations i.e., (A3)—(A9) and (A12)-(A19). The complexity of them is
dominated by matrix inverse referring to (A5) which is the cost of O(N?3). Hence, the complexity of the
GEC-SR based method is O(N3T).

3.2 Signal detection for uplink data transmission

Define N = {n|e, = 1,n =1,2,...,N}, hy = S N, the received signal of uplink transmission
data in (3) based on detected active devices can be written as

y' = @c(SDiag(fLuN)w“ +w"), (30)
where iz‘;v = (RY,.. hrN‘) S =[s1,.. 8wl € CL**N and 2 = (21, .. L)t
If the linear MMSE (LMMSE)% is employed at the BS, the detected data symbols are [8]
— (0BT + L) iy, (31)

4) We consider a linear model y = Ha +w, where E[w] = 0, Elww"] = ¢2 I,,,, E[z] = 0, E[za"] = 621,,. By the orthogonality
condition (E[(x — #)y"] = 0,% = By), we have the LMMSE estimator & = ZwyZ;yly, where 2,, = Elzy"] = Elz(Hz + w)"] =
o2H" %, = Elyy"] = c2HH" + o2

w*
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where L = SDiag(iz‘l‘v), d 4 is the quantization operator on the constellation 4. An LMMSE detector-
based GEC-SR is proposed to detect the data packet, which is summarized in Algorithm 2. Note that
the error propagation caused by the active device detection is considered in this symbol detector.

Algorithm 2 GEC-SR-based detection for uplink data transmission

1: Input: The pilot sequences {s,, }, the quantized signal g, the activity probability €, the channel variances {\,, }, the constellation
A.

2: Step 1: Solve the problem: ®.(Az? + w?), by using the GEC-SR, the estimated signal &F = mzpmax’+ with the variance

Ty
matrix vwg'dx’+, where (A10) and (A1ll) are derived based on the PDF in (17);

3: Step 2: Calculate the threshold [], in (28), the active devices and the CSIs are estimated as N = {n||z2|* > [1,} and
hy, = &2, ¥n € N;

4: Step 3: The received uplink transmission data is formulated as (30) and solved by the LMMSE detector defined in (31).

5: Output: Decoded symbols &*.

4 Design and performance analysis for downlink transmission

In this section, we focus on the design and analysis of the downlink hybrid NOMA scheme. Specially,
the downlink channel information is first estimated by the devices with low-resolution ADCs. Then, we
drive the BLER of short-packet transmission for one pair of devices performed NOMA. In order to obtain
insight, we further approximate the analytical BLERs. Moreover, we reveal the impact of message bits
with a fixed block-length, which can be used to guide the devices pairing/grouping. Finally, the analytical
results of two-device case can be extended to the general case that consists of more than two devices in
one group.

4.1 Downlink channel estimation

With the aid of additive quantization noise model (AQNM) [35-37], the quantized vector yg"gc is decom-
posed as

d, d,py d, ,
yi,&I{)C =d.(y; ") = O‘(‘pih? +w;?) + wg v, (32)

where wgvp denotes the additive Gaussian quantization noise vector which is uncorrelated with y;*,

wiP ~ Ne(0pa,02 Ita), 02, = asE{[y? 2} = as(\i + 0?2), and a = 1 — ¢ with [35]

d, d,
E{ly -y
= T
Effly "%}
denoting the distortion factor of the low-resolution ADC [37]. When the ADC resolution B is large

(B = 5), the distortion factor ¢ can be approximated as [38] ¢ ~ "T\/EQ’QB.
Lemma 1. The LS estimator of i is

(33)

N 1 d
i = Loyt en
and its distribution is

B~ N (00 + 02+ = (A +02) ) (35)

In addition, the estimation error is e; = h? - flf, which is independent with flf, and the correlation
coefficient is 02, = E{esel'} = 02 + £(\; + 02), and the relationship between h{ and hf' is
hd =hd +e;. (36)

Proof.  See Appendix C.
The transmit SNR in the downlink channel training phase is defined as o £

= L%Q As shown
p p
in Figure 4 with A\; = 0.5, the distribution of estimated CSI matches well with the simulation.
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Remark 2. Lemma 1 reveals the impact of the parameters on downlink channel estimation. From (75)
in the proof of Lemma 1, one can see that the variance of estimation error is decided by the quantify
precision of ADC and the noise power with a given length of the pilot sequence. Therefore, the channel
estimation accuracy can be controlled by adjusting the parameters according to the relationship shown
in Lemma 1.

4.2 Average BLER analysis

From (32) and (36), the output signal of ADC in (9) is approximated as
Vi, & alhf (VDury + Vpory) + wf) + wf = abd (VPury + VPury) + Deiw, (37)

where wg follows Gaussian distribution with zero mean and variance 02, = asE{|y{|*} = a<[(pu+po)Xi +

o2], and Aciw £ —aei(‘/puacg + pi,xg) + ozw§1 + wf}. Note that Ag; . is also a Gaussian distribution

with zero mean and variance o, == 202, (pu + pv) + @0 + 032. Then the SINRs and SNR are

pu|ili|2 p1)|il1)|2
Viou = — y Yo—e = 33 38
o pv|hi|2+&zi+0'(2) v 0—31)+0—(2) ( )

2

where 62, =

o2 (pu +pv) + 032 /a?. The average BLER of device j at device i is

- Coisy) - B
gz—>_] N/O Q < V(’yi_>j)/Ld> f7i~>j (x)df, (39)

where f,, , (x) is the PDF of ~;,,. Then we derive the average BLER of NOMA with imperfect CSI
and finite ADC bits in Theorem 1.

Theorem 1. The average BLERs of device u and device v in NOMA with imperfect CSI are expressed
as (40) and (41), respectively, shown at the top of the next page,
o)
oy, 0V L0, (52, + 1/ plexp(F=2)

'US\'U/
aZ )\,

B (- (02, +1/p) 1\ _ B (- (62, +1/p)
(Qu = Qupfhy, )0 Ay (Qy — Qply, pa)oy Ay
_2
Oy, raV LdeXP(ﬁ”iJg\l/p)
+ vy

Qy

~2 ~2
exp | — au(aeu + 1/p) _ —exp [ — au(aeu + 1/p) _ , (40)
(Qy — L)y Ay (Qy = gy, pa) Oy Ay

0y 10 VI, (52, + 1/ pexp(ZetlLe)

c o ay A
v N2_ 2~ v v
a2y,

E1 au(&g'u + 1/p) _ _ El au(&g'u + 1/p) _
(au - a’UlJ/u7Ld)a’U)\’U (au - a’UVu7Ld)a’U)\’U
Qg L4V Ldexp(%)
+ v Ay
Qy
exp | — au(&Z'U + 1/p) _ —exp | — au(&gu + 1/p) _
(au - a’l)l/u7Ld)a’U)\’U (au - av,u/u,Ld)a'U)\v
Q. L, V LUaUS\’U Moy, L4 (&Z'U + 1//)) Vy,Ld (&Z'U + 1/p)
—————— |exp | — - —exp | —————=——"],
Ogy + 1/p Ay

~
w ~

(g — ay, pa)

and

Oy — O‘UVu,L“,)

iy Ay
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By
where a%Ld = \/ﬁ’ ﬂu,Ld =21d — ]-7 :u‘u,Ld = ﬂu,Ld - Wy Vu,Ld = ﬂu,Ld —+ W,
Ni =X+ 0%, aw = pu/(Pu+ Do) Po =1 —Dpu, p= (pu+ py)/02, and the exponential integral E; is
defined as Fi(u) = f:o de, w> 0.

Proof.  See Appendix D.

Similarly, the individual average BLER of two-device OMA with FBC is approximated as

A di,Lde.SLd(S\i + %) [t ra (% +1/p) B  Diga (52 +1/p)
Xpl\——%5 5 exp| —————>5— 1| (42)

Eir~1— — — — - —
' Gz +1/p Ai + 62 Ai + 32,

2B; 2B;
N 1 - = 1 - = 1
where &; ja = ———— I, ;a =277 -1 — —————— D ;a =277 — 14—,
WLt = o gam ey L 24, ,avo5La’ “hLd t %4 VoL
The developed approximated closed-form expressions of average BLER in Theorem 1 can be easily

used to evaluate the performance of NOMA with FBC.

4.3 Discussion on device grouping

From (10), we have the maximal achievable rate % ~ C(vj) — Q7 YE) % Note that @~1(0.5) = 0,

which means that if £ = 0.5 the maximal achievable rate % is equal to the capacity C(v;). In order to
reveal the impact of devices grouping, we define the outage probability as P;’“t =Pr(C(y;) < ]A%j), where

Rj = % is target rate. We assume that there are J devices in one group performed NOMA with power
allocation coefficients oy > -+ > ay, ijl a; = 1. Then the outage probability of device j (1 < j < J)

is expressed as

out o |52 a|hg|?
Pj =1-—Pr 7 12 . =2 > T, "o 2 >y
D io ai|hj| +0g; +1/p Zi,i>]’ O‘i|hj| +og; +1/p

. 52, +1/p)r . a2, +1/p)r
1Pr<|h?|2>M,...,|h?|2> Ge; +1/0)r; : (43)

] . .
a1 —T1Y o0y o —Tj Zi,i>j @

where r; = 27 — 1. Note that the outage probability in (43) is always one when o — r; Zi,z‘>j a; <0.
Therefore, the power allocation coefficients and the target rate of device j should satisfy the following
condition:

@ @

_ > -<:>7>2Rj—1. 44
Zi,i>j o0 g Zi,i>j G 4

1 Tj
J P P
a1—T1 Y, ATy Zi,oj

By defining ¢ = max{
lated by

—}, the outage probability in (43) can be calcu-

(45)

52 +1
PO =1 — exp <_M .

Aj

Similarly, the outage probability of device j in OMA is expressed as

1 |42 . (277 —1)(52, +1/p)
PoY =Pr | =1 14— l=1-— — < . 4
f r<J Og2< +53j+1/l) < R; exp 5 (46)

Based on (45) and (46), the condition on the superiority of NOMA to OMA for 1 < j < J —11is

2R _ 1 oR; 1
a1 — (2é1 — ]_) Z:L']=2 (o3 T Qj — (2RJ — 1) Zi,i>j
Similarly, the condition on the superiority of NOMA to OMA for device J can be expressed as

21%171 213{3'*1 2135171 .
max - - _ <27Br 1 (48)
o — (2 = 1) Y, a;— (2R —1)37, o, q aJ

ga<2JRj1¢>maX{ }<2JRJ'1. (47)
Q;




Cai D H, et al. Sci China Inf Sci  August 2022 Vol. 65 182301:13

0;
10° T T T T T 10
4
10 F 2 10"
2
=
&) 2
O o
@) —%— Real channel, simulation %
—6— Real channel, analysis s
-2 | —&— LS, simulation, 0=-5 dB, L=50 2 102
10 5 dB, L=50 o 10 —/x -=NOMA, device 1
—5 dB, L=200 — - NOMA, device 2
LS, analysis, 0 dB, L#=200 ¥ —k ~ NOMA, device 3
—— LS, simulation, 2=10 dB, L*=50 —+— OMA, device 1
— - — LS, analysis, 0=10 dB, L*=50 —¥— OMA, device 2 i
—p— OMA, device 3 -
1073 L L s s L 10-3 L L L L L L - i o
0 5 10 15 20 25 30 0 5 10 15 20 25 30 35 40
X

SNR (dB)

Figure 4 (Color online) The complementary CDF (CCDF) Figure 5 (Color online) Outage probability of three-device
of the estimated channel in Lemma 1. NOMA with ADCs.

From the analytical results in (44), (47) and (48), we can make the following conclusion:

(1) With the increase of the number of devices, to guarantee the reliability of NOMA, the target rate
of each device in the group should be smaller.

(2) The power allocation and the target rates should satisfy the conditions in (47) and (48).

(3) The power allocation and the target rate selection are very complicated for the case that more than
two devices in one group.

For example, we consider the case that J = 3, then the power allocation coefficients and the target
rates should satisfy the following conditions.

(1) For device 1, the following conditions should be satisfied:

o - of _q

— L S oM, . <93fi _q, (49)
Qg + as a; — (27 — 1) (a2 + ag)
(2) For device 2, the following conditions should be satisfied:
i Ry 1 Rt 1 i
92 S oRe 1 max : : i <93 g, (50)
a3 a1 — (2R1 - 1)(042 + 0&3) g — (2R2 — 1)0&3

(3) For device 3, the following conditions should be satisfied:

2ft _ 1 2Rtz _ 1 2fts _ 1

281 — 1) (o + asg) ag — (282 — 1)ag’ a3

as>2% 1, max <R 1 (51)
(651 7(

As shown in Figure 5 with ¢ = 15 dB, LY = 50, B = 5 bits, the individual outage probability of
1\AIOMAA outperforms that of OMA when a1 = 0.5, as =04, a3 =0.1, (=3, d; =2,dy =1, d3g = 0.5,
Ry = Ry = 0.1 bps/Hz, R3 = 1.6 bps/Hz. From (49)—(51), we can see that the power allocation and the

target rate selection are complicated. Even if the power coefficient is given, the target rate selection is
still complicated.

5 Simulations and numerical results

In this section, we provide numerical examples to verify the proposed algorithms and the analytical results
for both uplink and downlink NOMA schemes with short-packet transmissions.

5.1 Uplink short-packet transmission

The GAMP [20,39] is shown as the benchmark for the performance comparison for the uplink simulations
due to the quantized system with ADC. The performance comparisons between the GAMP and GEC-SR
are shown in Figures 6(a) and (b) for channel and active device estimation, where the normalized mean



Cai D H, et al. Sci China Inf Sci  August 2022 Vol. 65 182301:14

10!

—%— GEC-SR, 3 bits -
2 —% — GAMP, 3 bits £
¥ —&— GEC-SR, 5 bits i
A —E1 - GAMP, 5 bits s
~—— GEC-SR, infinite bits <]
'Y —& ~ GAMP, infinite bits &
102F &
o
=
0 2
Z 2
z 3
8
10°F é
o
=
31
<

1 04 (a) 1 1 1 1 1 0 04 (b) 1 1 1 1 1

0 5 10 15 20 25 30 ) 5 10 15 20 25 30

Tteration count SNR (dB)

Figure 6 (Color online) (a) Iteration count vs. NMSE where (N, L?, ¢) = (1000, 200, 0.05) and SNR = 25 dB; (b) SNR vs. active
device detection error probability, where (N, L, €) = (1000, 250,0.1) and B = 3 bits.
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Figure 7 (Color online) The impact of the length of the pilot Figure 8 (Color online) BER of uplink data transmission
sequence. with error propagation.

squared error (NMSE) is defined as the MSE between the estimated &? and actual . In Figure 6(a), we
can observe that the NMSE converges for both GEC-SR and GAMP with different ADC bits at 25 dB.
Moreover, compared to the GAMP algorithm, the convergency value NMSE is much smaller for the
GEC-SR based algorithm. It is also observed that the performance of GAMP and GEC-SR with 5
ADC bits is close to the case that with infinite ADC bits. In Figure 6(b), the active device detection
error probabilities for GAMP and GEC-SR are shown as the functions of SNR, respectively. One can
observe that the active device detection error probability of GEC-SR is smaller than that of GAMP from
Figure 6(b).

Figure 7 shows the NMSE performance of GEC-SR as a function of the length of the pilot sequence
by using GAMP as a benchmark algorithm.

It can be seen that GEC-SR has a better performance than GAMP. The NMSE decreases as the length
of the pilot sequence increases and it will be flat when the length of the pilot sequence is large enough.

It can be also seen that the shorter length of the pilot sequence can satisfy the same NMSE requirements
of different device active probabilities.

The impact of error propagation caused by active detection estimation errors on the BER performance
of uplink data is shown in Figure 8, where the BER is defined as

Lnum + dnum IOgQ M
Nlog, M

BER = , (52)

where L,,m denotes the number of data detection error bit and d,., is the active device detection error.
And dpum = 0 for the case that the active device detection is perfect. As shown in Figure 8, the BER
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Figure 9 (Color online) NMSE vs. length of downlink pilot sequence.

gap between imperfect active device detection and perfect device detection is increased when the active
probability is large due to the error propagation of active device detection.

5.2 Downlink short-packet transmission

The NMSE of downlink channel estimation is shown in Figure 9, where includes LS and LMMS estimations
at 20 dB. It shows that the NMSE performance of LS is better than that of LMMSE. One can observe
that the gap between LS and LMMSE becomes larger when the parameter )\; is smaller. It is worthy
to note that the NMSE approximates 10~* when the length of the pilot sequence is 60. Thus, we can
control the variance, 0%, of estimation error by adjusting the parameters including the length of the pilot
sequence, SNR and ADC bits according to the results in Lemma 1.

In Figure 10, we set p = 15 dB, A\; = 1, LY = 50, B = 5 bits for channel estimations and «, = 0.7,
a, = 0.3, LY = 168 for data transmission. The ADCs at the training and data phases have the same
parameters.

In Figure 10(a), the analytical results of average BLERs in (40) and (41) are presented for downlink
NOMA with FBC, where NOMA with imperfect CSI and perfect CSI is considered. The two curves
show that the analytical results match well with the computer simulation results for the whole range of
the SNR, which confirms the accuracy of the derived expressions. Furthermore, it can be observed from
Figure 10(a) that the average BLER of NOMA with imperfect CSI can result in an error floor at the
high SNR region.

In Figures 10(b) and (c), the average BLERs of devices in one group are presented as a function
of message bits. As shown in Figure 10(b), the average BLER of device u in one group increases as
the message bits increase with a fixed block-length. It is important to note that the average BLER
performance of device u in NOMA is superior to that in OMA before the threshold. While the average
BLER of device u in NOMA becomes worse when the message bits are greater than the threshold. More
importantly, the average BLER of device v in NOMA is always one if the message bits are sufficiently
large. On the other hand, the impact of message bits on the average BLER of devices v with a fixed
block-length is shown in Figure 10(c). It can be observed that the average BLER performance of device
v is better than that in OMA if the message bits are greater than the threshold for the case in which
device v selects proper message bits. Otherwise, the OMA transmission scheme should be selected due
to its excellent performance. Moreover, the performance of device v in NOMA is always inferior to that
in OMA if device u selects its message bits irrelevantly. This is because the error propagation becomes
more severe. Finally, Figure 10(d) verifies the proposed message bit selection strategy analysis results
and simulations of NOMA and OMA with low-resolution ADCs and imperfect CSI.
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Figure 10 (Color online) (a) Average BLER for downlink NOMA; (b) message bits vs. average BLER for device u; (c¢) the impact
of message bits for device v; (d) BLER performance comparison of NOMA and OMA with different message bits.

6 Conclusion

In this paper, we have proposed two NOMA schemes for uplink and downlink transmissions in cellular
Internet of Things with short-packet transmission. Particularly, a low-complexity algorithm based on
GEC-SR has been proposed to detect active devices and estimate their CSI for uplink grant-free NOMA.
Furthermore, we have obtained the BER of uplink data transmission with imperfect estimated CSI and
discussed the impact of error propagation caused by the device detection. On the other hand, a hybrid
NOMA scheme is proposed for downlink transmission. The CSI is estimated and the BLERs of each pair
of active devices with finite block-length coding are derived in closed-form. With the analytical results,
a message bit selection strategy in each pair of devices has been proposed to ensure better NOMA
performance than OMA, and an extended strategy for devices grouping has been proposed. Finally, we
presented simulation results to demonstrate the accuracy of the proposed algorithms and the obtained
analytical results. More importantly, the obtained results show that the performance of NOMA is superior
to OMA when the message bits are selected according to the proposed strategy, which can be used to
guide devices grouping in NOMA.

Acknowledgements This work of Donghong CAI was supported by National Natural Science Foundation of China (Grant No.
62001190) and China Postdoctoral Science Foundation (Grant No. 2021M691249). This work of Pingzhi FAN was supported by
National Natural Science Foundation of China (Grant No. 62020106001) and 111 Project (Grant No. 111-2-14). This work of
Yanqging XU was supported by China Postdoctoral Science Foundation (Grant No. 2021M693100). This work of Zhiquan LIU
was supported by National Natural Science Foundation of China (Grant No. 61802146) and Guangdong Basic and Applied Basic
Research Foundation (Grant No. 2019A1515011017).

Supporting information Appendixes A-D. The supporting information is available online at info.scichina.com and link.
springer.com. The supporting materials are published as submitted, without typesetting or editing. The responsibility for sci-
entific accuracy and content remains entirely with the authors.


info.scichina.com
link.springer.com
link.springer.com

Cai D H, et al. Sci China Inf Sci  August 2022 Vol. 65 182301:17

References
1 Bockelmann C, Pratas N, Nikopour H, et al. Massive machine-type communications in 5G: physical and MAC-layer solutions.
IEEE Commun Mag, 2016, 54: 59-65
2 Jiao J, Liao SY, Sun Y Y, et al. Fairness-improved and QoS-guaranteed resource allocation for NOMA-based S-IoT network.
Sci China Inf Sci, 2021, 64: 169306
3 Gao N, Ni Q, Feng D Q, et al. Physical layer authentication under intelligent spoofing in wireless sensor networks. Signal
Process, 2020, 166: 107272
4 Ye N, Li X M, Yu H X, et al. Deep learning aided grant-free NOMA toward reliable low-latency access in tactile Internet of
Things. IEEE Trans Ind Inf, 2019, 15: 2995-3005
5 Jia R D, Chen X M, Qi Q, et al. Massive beam-division multiple access for B5G cellular Internet of Things. IEEE Int Things
J, 2020, 7: 2386-2396
6 New W K, Leow C Y, Navaie K, et al. Application of NOMA for cellular-connected UAVs: opportunities and challenges. Sci
China Inf Sci, 2021, 64: 140302
7 Ma Z, Zhang Z Q, Ding Z G, et al. Key techniques for 5G wireless communications: network architecture, physical layer, and
MAC layer perspectives. Sci China Inf Sci, 2015, 58: 041301
8 Ahn J, Shim B, Lee K B. EP-based joint active user detection and channel estimation for massive machine-type communica-
tions. IEEE Trans Commun, 2019, 67: 5178-5189
9 Shahab M B, Abbas R, Shirvanimoghaddam M, et al. Grant-free non-orthogonal multiple access for IoT: a survey. IEEE
Commun Surv Tut, 2020, 22: 1805-1838
10 Irtaza S A, Lim S H, Choi J W. Greedy data-aided active user detection for massive machine type communications. IEEE
Wirel Commun Lett, 2019, 8: 1224-1227
11 Yu H X, Fei Z S, Zheng Z, et al. Finite-alphabet signature design for grant-free NOMA: a quantized deep learning approach.
IEEE Trans Veh Technol, 2020, 69: 10975-10987
12 Jiang S C, Yuan X J, Wang X, et al. Joint user identification, channel estimation, and signal detection for grant-free NOMA.
IEEE Trans Wirel Commun, 2020, 19: 6960-6976
13 Choi J. NOMA-based compressive random access using gaussian spreading. IEEE Trans Commun, 2019, 67: 5167-5177
14 Tropp J A, Gilbert A C. Signal recovery from random measurements via orthogonal matching pursuit. IEEE Trans Inform
Theory, 2007, 53: 4655-4666
15 Schepker H F, Bockelmann C, Dekorsy A. Exploiting sparsity in channel and data estimation for sporadic multi-user commu-
nication. In: Proceedings of International Symposium on Wireless Communication Systems, Ilmenau, 2013. 1-5
16 Majumdar A, Ward R K. Fast group sparse classification. In: Proceedings of IEEE Pacific Rim Conference on Communications,
Computers and Signal Processing, 2009. 11-16
17 Donoho D L, Maleki A, Montanari A. Message-passing algorithms for compressed sensing. Proc Natl Acad Sci, 2009, 106:
18914-18919
18 Liu L, Yu W. Massive connectivity with massive MIMO-part I: device activity detection and channel estimation. IEEE Trans
Signal Process, 2018, 66: 2933—2946
19 Huang N H, Chiueh T D. Sequence design and user activity detection for uplink grant-free NOMA in mMTC networks. IEEE
Open J Commun Soc, 2021, 2: 384-395
20 Zou Q Y, Zhang H C, Wen C K, et al. Concise derivation for generalized approximate message passing using expectation
propagation. IEEE Signal Process Lett, 2018, 25: 1835-1839
21 Zou QY, Zhang H C, Cai D H, et al. Message passing based joint channel and user activity estimation for uplink grant-free
massive MIMO systems with low-precision ADCs. IEEE Signal Process Lett, 2020, 27: 506-510
22 Zou QY, Zhang H C, Cai D H, et al. A low-complexity joint user activity, channel and data estimation for grant-free massive
MIMO systems. IEEE Signal Process Lett, 2020, 27: 1290-1294
23 FuJ W, Wu G, Zhang Y Z, et al. Active user identification based on asynchronous sparse bayesian learning with SVM. IEEE
Access, 2019, 7: 108116
24 Wen C K, Wang C J, Jin S, et al. Bayes-optimal joint channel-and-data estimation for massive MIMO with low-precision
ADCs. IEEE Trans Signal Process, 2016, 64: 2541-2556
25 Shao X D, Chen X M, Zhong C J, et al. A unified design of massive access for cellular Internet of Things. IEEE Internet
Things J, 2019, 6: 3934-3947
26 Ren H, Pan C H, Deng Y S, et al. Joint power and blocklength optimization for URLLC in a factory automation scenario.
IEEE Trans Wirel Commun, 2020, 19: 1786-1801
27 Hu Y L, Gursoy M C, Schmeink A. Efficient transmission schemes for low-latency networks: NOMA vs. relaying.
In: Proceedings of IEEE International Symposium on Personal, Indoor, and Mobile Radio Communications, Montreal, 2017.
1-6
28 Zhang Q Q, Zhang L, Liang Y C, et al. Backscatter-NOMA: a symbiotic system of cellular and Internet-of-Things networks.

IEEE Access, 2019, 7: 20000-20013


https://doi.org/10.1109/MCOM.2016.7565189
https://doi.org/10.1007/s11432-020-3091-6
https://doi.org/10.1016/j.sigpro.2019.107272
https://doi.org/10.1109/TII.2019.2895086
https://doi.org/10.1109/JIOT.2019.2958129
https://doi.org/10.1007/s11432-020-2986-8
https://doi.org/10.1007/s11432-015-5293-y
https://doi.org/10.1109/TCOMM.2019.2907853
https://doi.org/10.1109/COMST.2020.2996032
https://doi.org/10.1109/LWC.2019.2912372
https://doi.org/10.1109/TVT.2020.3006262
https://doi.org/10.1109/TWC.2020.3007545
https://doi.org/10.1109/TCOMM.2019.2907623
https://doi.org/10.1109/TIT.2007.909108
https://doi.org/10.1073/pnas.0909892106
https://doi.org/10.1109/TSP.2018.2818082
https://doi.org/10.1109/OJCOMS.2021.3056994
https://doi.org/10.1109/LSP.2018.2876806
https://doi.org/10.1109/LSP.2020.2979534
https://doi.org/10.1109/LSP.2020.3008550
https://doi.org/10.1109/ACCESS.2019.2931563
https://doi.org/10.1109/TSP.2015.2508786
https://doi.org/10.1109/JIOT.2019.2893376
https://doi.org/10.1109/TWC.2019.2957745
https://doi.org/10.1109/ACCESS.2019.2897822

29

30

31

32

33

34

35

36

37

38

39

Cai D H, et al. Sci China Inf Sci  August 2022 Vol. 65 182301:18

Ma Z, Xiao M, Xiao Y, et al. High-reliability and low-latency wireless communication for Internet of Things: challenges,
fundamentals, and enabling technologies. IEEE Int Things J, 2019, 6: 7946-7970

YuY H, Chen H, Li Y H, et al. On the performance of non-orthogonal multiple access in short-packet communications. IEEE
Commun Lett, 2018, 22: 590-593

Ding Z G, Fan P Z, Poor H V. Impact of user pairing on 5G nonorthogonal multiple-access downlink transmissions. IEEE
Trans Veh Technol, 2016, 65: 6010-6023

Nikopour H, Yi E, Bayesteh A, et al. SCMA for downlink multiple access of 5G wireless networks. In: Proccessing of IEEE
Global Communications Conference, Austin, 2014. 3940-3945

He H T, Wen C K, Jin S. Bayesian optimal data detector for hybrid mmWave MIMO-OFDM systems with low-resolution
ADCs. IEEE J Sel Top Signal Process, 2018, 12: 469-483

Rangan S, Schniter P, Fletcher A K, et al. On the convergence of approximate message passing with arbitrary matrices. IEEE
Trans Inform Theory, 2019, 65: 5339-5351

Fletcher A K, Rangan S, Goyal V K, et al. Robust predictive quantization: analysis and design via convex optimization.
IEEE J Sel Top Signal Process, 2007, 1: 618-632

Jacobsson S, Durisi G, Coldrey M, et al. Throughput analysis of massive MIMO uplink with low-resolution ADCs. IEEE
Trans Wirel Commun, 2017, 16: 4038-4051

Zhang J Y, Dai L L, He Z Y, et al. Performance analysis of mixed-ADC massive MIMO systems over rician fading channels.
IEEE J Sel Areas Commun, 2017, 35: 1327-1338

Mo J, Alkhateeb A, Abu-Surra S, et al. Hybrid architectures with few-bit ADC receivers: achievable rates and energy-rate
tradeoffs. IEEE Trans Wirel Commun, 2017, 16: 22742287

Rangan S. Generalized approximate message passing for estimation with random linear mixing. In: Proceedings of IEEE

International Symposium on Information Theory Proceedings, Petersburg, 2011. 2168-2172


https://doi.org/10.1109/JIOT.2019.2907245
https://doi.org/10.1109/LCOMM.2017.2786252
https://doi.org/10.1109/TVT.2015.2480766
https://doi.org/10.1109/JSTSP.2018.2818063
https://doi.org/10.1109/TIT.2019.2913109
https://doi.org/10.1109/JSTSP.2007.910622
https://doi.org/10.1109/TWC.2017.2691318
https://doi.org/10.1109/JSAC.2017.2687278
https://doi.org/10.1109/TWC.2017.2661749

	Introduction
	System model
	Uplink NOMA scheme
	Uplink channel training phase
	Uplink data non-orthogonal transmission phase

	Downlink NOMA scheme
	Downlink channel training phase
	Downlink data transmission phase


	Detection and performance analysis for uplink transmission
	Active device detection and channel estimation
	Signal detection for uplink data transmission

	Design and performance analysis for downlink transmission
	Downlink channel estimation
	Average BLER analysis
	Discussion on device grouping

	Simulations and numerical results
	Uplink short-packet transmission
	Downlink short-packet transmission

	Conclusion

