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Abstract

Ultra-reliable and low-latency communication (URLLC) is a pivotal technique for enabling the wireless control
over industrial Internet-of-Things (IloT) devices. By deploying distributed access points (APs), cell-free massive
multiple-input and multiple-output (CF mMIMO) has great potential to provide URLLC services for IIoT devices. In
this paper, we investigate CF mMIMO-enabled URLLC in a smart factory. Lower bounds (LBs) of downlink ergodic
data rate under finite channel blocklength (FCBL) with imperfect channel state information (CSI) are derived for
maximum-ratio transmission (MRT), full-pilot zero-forcing (FZF), and local zero-forcing (LZF) precoding schemes.
Meanwhile, the weighted sum rate is maximized by jointly optimizing the pilot power and transmission power based
on the derived LBs. Specifically, we first provide the globally optimal solution of the pilot power, and then introduce
some approximations to transform the original problems into a series of subproblems, which can be expressed in a
geometric programming (GP) form that can be readily solved. Finally, an iterative algorithm is proposed to optimize
the power allocation based on various precoding schemes. Simulation results demonstrate that the proposed algorithm
is superior to the existing algorithms, and that the quality of URLLC services will benefit by deploying more APs,
except for the FZF precoding scheme.

Index Terms

Cell-free massive MIMO, URLLC, Industrial Internet-of-Things (IloT).

I. INTRODUCTION

Ultra-Reliable Low-Latency Communication (URLLC) is one of the crucial techniques in the next generation
industrial systems, which can support the mission-critical communication for industrial Internet-of-Things (IIOT)
devices such as autonomous vehicles and robots [1], [2]. For industrial applications, the control command data
packet size is generally small with the stringent requirements of low latency (1 ms) and low block error rate below
10~ [3]. Since the blocklength no longer tends to be infinite, the impact of the decoding error probability (DEP)

should be considered. To investigate the coding rate in the short packet regime, the authors of [4] derived the
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approximated achievable data rate under finite channel blocklength (FCBL), which was expressed in a complex
function of the channel blocklength and DEP [S5]. However, the achievable data rate expression is neither convex nor
concave with respect to channel blocklength and signal-to-noise ratio (SNR) [6], which is challenging for resource
allocation.

Recently, there are some contributions on resource allocation based on short packet transmission [7]-[9]. By
deploying an unmanned aerial vehicle (UAV) as a relay, the short packet can be delivered to an obstructed device by
optimizing UAV’s location and channel blocklength [7]. The joint optimization on power allocation and blocklength
was studied in [8]. The overall DEP was minimized by optimizing the power allocation in non-orthogonal multiple
access (NOMA) systems [9]. However, all the above studies [7]-[9] only considered a simple scenario with point-to-
point link, while a smart industry needs to provide URLLC services for a large number of devices [10]. To support
multiple devices, the orthogonal frequency division multiple access (OFDMA) technique was adopted in [11], and
the authors therein aimed to minimize the total bandwidth by optimizing the subchannel allocation. However, the
frequency resource in IIoT applications is limited [12] and the OFDMA technique is not effective for supporting
an excessive number of devices.

Owing to a large number of available spatial degrees of freedom, massive multiple-input and multiple-output
(mMIMO) can simultaneously support multiple devices by using the same time-frequency resources [13], [14],
and thus the mMIMO-enabled URLLC has attracted extensive research attention [15]-[19]. The pilot length was
optimized to minimize the DEP in [15], and the authors also analyzed the relationship between the latency and the
DEP in mMIMO systems. Then, Zeng et al. extended the results in [15] to mMIMO systems with shadow fading,
demonstrating that mMIMO can provide URLLC services for multiple devices even suffering from severe shadow
fading [16]. The optimal secure performance was obtained by optimizing the channel blocklength and transmission
bits per packet in [17]. The pilot power and payload power was jointly optimized to maximize the weighted sum rate
of multiple devices in a single cell [18]. The authors of [19] considered a more general scenario of multiple cells
with imperfect channel state information (CSI) and pilot contamination, and showed that the pilot contamination had
a significant impact on the reliability of URLLC services. Although it has been shown that mMIMO can provide
URLLC services for multiple devices, it may be unable to provide guaranteed URLLC services to all devices in
the cell due to blockage issue and severe inter-cell interference. Therefore, a novel network architecture should be
developed to support URLLC services.

By geographically deploying distributed APs, cell-free mMIMO (CF mMIMO) can provide uniform services for
all devices [20]-[22]. The performance improvements of CF MIMO systems over the centralized mMIMO systems
have been shown when using maximum ratio transmission (MRT) precoding scheme [23] and zero forcing (ZF)
precoding scheme [24], respectively. Considering that the previous precoding schemes may no longer be applicable
for CF mMIMO, the authors of [25] proposed four precoding schemes, namely, full-pilot zero-forcing (FZF), local
partial zero-forcing precoding, local protective partial zero-forcing, and local regularized zero-forcing. The energy
efficiency of CF mMIMO was analyzed in [26]. The aforementioned works in [20]-[25] assumed that the APs
can acquire the CSI of all devices, which is theoretically possible but impractical. To address this issues, a user-

centric approach was proposed to reduce the implementation complexity [27]. The coverage probability with various



densities of APs was analyzed in [28]. To tackle the blockage issue, the performance of the reconfigurable intelligent
surface-aided CF mMIMO system was analyzed in [29]. However, all works were based on the assumption of infinite
channel blocklength, which is not suitable for short packet transmission.

Due to the appealing advantages of CF mMIMO, it has great potential to provide URLLC services for multiple
devices simultaneously in a large coverage area. Essentially, there was a significant improvement in terms of the
network’s availability over the centralized mMIMO [30]. The power allocation based on FCBL for maximizing the
minimal data rate and maximizing the energy efficiency was considered in [31], where each AP was equipped with a
single antenna. However, channel hardening can only be achieved by deploying ultra-high density of single-antenna
APs [32], which is theoretically possible but practically unrealistic due to the expensive hardware. In this paper,
we investigate the deployment of multiple-antenna APs and optimal AP selection under the short packet regime.
Then, we aim to maximize the weighted sum rate based on FCBL while considering the minimal requirements of
DEP and data rate, by optimizing the pilot power and the transmission power. The main contributions of this paper

are summarized as follows.

1) By using the user-centric approach, we derive the lower bounds (LBs) of the achievable downlink data rate
with imperfect CSI for the MRT, FZF, and local zero-forcing (LZF) precoding schemes when using FCBL.

2) The weighted sum rate is maximized by jointly optimizing the pilot power and the transmission power while
considering the minimal requirements of DEP and data rate. To solve this NP-hard problem, we first transform
the DEP and data rate requirements into the required SINR, and then reducing the number of variables by
proving that the globally optimal solution of pilot power can be derived in closed form. Furthermore, by
introducing the approximations, the problem can be simplified into a series of subproblems, which can be
transformed into a geometric programming (GP) problem by using log-function method and successive convex
approximation (SCA) [33], [34]. Finally, an iterative algorithm is proposed to solve this problem for three
linear precoding schemes.

3) Simulation results demonstrate the rapid convergence speed of our proposed algorithms, and also validate the
effectiveness of our method over the existing algorithm. Besides, by accessing various APs, the optimal AP
selection strategy based on short packet transmission is provided. More importantly, the CF mMIMO system

has a remarkable performance improvement over the centralized mMIMO system.

The remainder of this paper is organized as follows. In Section II, the system model is provided, and then the
LB date rate expression under FCBL based on statistical CSI is derived for the MRT, FZF, and LZF precoding
schemes, respectively. In Section III, the power allocation is optimized to maximize the ergodic sum data rate.
Then, simulation results are presented in Section IV. Finally, the conclusions are drawn in Section V.

Notation: The superscripts (-)*, (-)7, (-)¥ stand for the conjugate, transpose, and conjugate-transpose, respectively.
The Euclidean norm and the expectation operator are denoted by || - || and E{-}, respectively. z ~ CN(0,1)
denotes a circularly symmetric complex Gaussian random variable (RV) z with zero mean and unit variance, and
z ~ CN(0,Iy) means an N-dimensional complex vector, each element of which is independent and follows the

distribution of CN (0, 1). Finally, A € CM>*¥ means that A is a complex matrix with M rows and N columns.
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Fig. 1: Smart factory scenario where CF mMIMO serves multiple devices.

II. SYSTEM MODEL AND SPECTRAL EFFICIENCY
A. System Model

We consider a CF mMIMO-enabled smart factory where M APs equipped with /N antennas jointly serve all K
single-antenna devices, as illustrated in Fig. 1. The channel vector g, » € C*! between the mth AP and the kth

device is modeled as

8m,k = / Bm,khm,ky (1)

where ,, 1 is the large-scale fading and h,, , ~ CN (0,1y) denotes a normal distribution with zero mean and

variance of 1.

B. Uplink Training

It is assumed that each AP needs to estimate the CSI from all the devices based on time division duplex (TDD)
protocol within the limited channel blocklength L = B x T'g, where B is the bandwidth and T's is the transmission
duration. In order to distinguish the channels from different devices, K devices are allocated with orthogonal pilot
sequences. Then, the mth AP estimates the channel matrix based on the received pilot signal Y2, € CN*X which

is given by
K

Y2, = gmiy/EKrball + N?,, ©))
k=1

where p}, is the pilot power of the kth device, qy, € CE>1 is the kth device’s pilot sequence, and N2, € CV* X jg
the additive Gaussian noise matrix at the mth AP, each element of which is independent and follows the distribution

of CA (0, 1). By multiplying (2) with orthogonal pilot q, we have

1
oP P _ P
ym k — Fquk - gm,k + nm k> (3)
s Kpi )
where nfn = \/%anqk. Based on (3), the estimated channel vector §,, ; by using minimum mean-square
, R

error (MMSE) is
~ sz Bm,k ~D

mk = ; 4
m,k szﬁm,kJrlym’k €]



which follows the distribution of CN (0, Am.kIN) with A, & given by

oy — TP Bn)”
" K pi 6m,k + 1
Then, let us denote g, . = Em, .k — Em, i as the channel estimation error, which is independent of §,,, . and follows

the distribution of CA (0, (Br.k — Am.k) In).

®)

C. Downlink Transmission

For downlink transmission, to reduce the computational complexity, the user-centric approach is adopted, e.g.,
each device is served by a subset of APs or each AP serves a subset of devices. Denote My, as the set of APs

that serve the kth device and U, as the set of devices that are served by the mth AP, respectively. The transmitted

Xm = 3 /P @ Sk (6)

keUnm

signal from the mth AP is denoted as

where p? , is the transmission power, a,,  is the precoding vector, and s, is the data symbol to the kth device.
P ke p , p g y

The received signal at the kth device is

M
d _ d T _*
Ye = E : § : Pk’ 8, k&m, ke Sk/ T Tk
m=1k'E€Uyn,
K
_ E : E : T, =« d
= (gm,k) Ay k! pmyklsk""nlca @)
k’'=1 mGMk/

where ny, is the noise with the distribution of CA (0, 1). Besides, since there are no downlink pilots, we assume
that the kth device treats the mean of the effect channel gain as the true channel for signal detection [35]. Then,

the received signal at the kth device can be rewritten as

E{ > <>r}

meMy

DSy

+ { Z (gm,k)Tafn,k\/p‘fn,7k - Dsk} Sks (®)

meMy

LSy

K
T %
+ Z Z (8m.k) A k) Pl g S+ Tk,

k'#k meM Ny

Ul g

where DSy, is the desired signal, LSy, is the leaked signal, Ul ;- represents the interference due to the k’th device,
and Ny, is the noise term. The SINR of the kth device is given by

B DS |

LSk o UL [P + [N *

Vi €))



For the precoding vector a,, ;, we consider the following three linear precoding schemes [25], [36]

Gey MRT

VE{lGnenl?}

G (GH ) ey

) FZF
wasd o)

GmEuy,, (E{jm GIG,.Ey,, )_lﬁm,k
I’}

where E {-} denotes the expectation operator, G,, = [8m.1,8m.2, * +, &m, k] is the estimated channel matrix between

LZF

)

\/IE{ Hém Eu,, (Eff GHG.Ey,, ) &mr

all the devices and the mth AP, and ey, represents the kth column of unit matrix Ix. For the LZF precoding scheme,

GmEum = [Bm,di+Bmdas " gm,dmm‘] € CN*lUnl is a matrix collecting the channels of serving devices in U,,,
where U,, = {dl, da, -, d\um|} is the set of devices served by the mth AP and Ey,, is [edl,edQ, S ed\um\] €
CHK*Unl For ease of exposition, let 4% = {1,2, - .- |U,,|} be the set comprised of the index of U,,. Given user

k, we can find an index j € U2 where d; = k. Then, we have &, x = [Ljy,,] )

As can be seen from (10), for the FZF precoding scheme, the mth AP needs to estimate all devices’ channels,
and thus it can suppress the interference of all devices by sacrificing spatial degrees of freedom. In contrast, the
mth AP using the MRT and the LZF precoding methods only needs to know the serving devices’ CSI, which
reduces the implementation complexity. Besides, the system based on the LZF precoder can only suppresses the
interference causing by serving devices, which strikes a balance between the available spatial degrees of freedom

and the interference suppression.

D. Achievable Data Rate under Finite Blocklength

Based on Shannon’s coding theorem, the Shannon capacity is defined as the maximum coding rate that there
exists an encoder/decoder pair that can enable the DEP to approach zero when the channel blocklength is infinity
[37]. However, in short packet transmission, the DEP has a non-negligible impact on the data rate. In [4], the

authors derived the approximate achievable data rate for the kth device under FCBL, which is given by

(1=n) Vi () Q" (ek)
L In2 ’

where 7 = K/ L, 7y is the kth device’s SINR, ¢y, is DEP, V}, is the channel dispersion with V}, (v,) = 1—(1 + %)72»

and Q' (ey) is the inverse function of Q (e},) = = [ e~t*/2dt of the kth device.

Ry~ (1 —n)logy (1+ %) — (1)

The ergodic data rate of the kth device under FCBL is given by

_ ]_—17
Ry ~E T2 In (1+v;)— (-

1- 1
(1)
n2 Yk
where fi(z) = In(1 + %) — % (ff;)lz is a function based on the kth device’s DEP requirements, and the

expectation is taken over the small-scale fading channel. As can be seen from (12), the closed-form expression of

(12)

the ergodic data rate is challenging to derive, and thus we cannot allocate the power based on the exact expression



of (12). To address this issue, we aim to derive the LB of the ergodic data rate which is more convenient for
resource allocation.
Assuming that the data rate R of any device is no smaller than O, we have the following inequality
Qe (Z+1) I+ s, (1)
VEG-m = e W)’

where g(x) is equal to % We can readily check that the first-order derivative of g () is smaller than

(13)

0, and thus ¢ (x) is a monotonically decreasing function. Besides, the feasible region of fi (z) is 0 < z <

g ! (Q_l(e")> As a result, we have the following lemma.

v L(1—n)
Lemma 1: Function fj, () is a decreasing and convex function when 0 < z < g~* <%)
Proof': Please refer to Appendix B in [38].
By using Jensen’s inequality and Lemma 1, we have
- Aoal—n N
Ry 2 Be = 5= Ji (/%) 5 (14

where Rk is the LB data rate of the kth device, and 4y, is 4, = m.

To obtain the closed-form expression of Ry, the kth device’s SINRs based on the MRT, FZF, and LZF precoding
schemes should be derived. Specifically, we have the following results.

Theorem 1: The ergodic achievable data rate for the kth device using the MRT precoding scheme under FCBL

can be lower bounded by
A 1—n 1
RMRT 2 15
k n?2 fk ’?kMRT ) ( )
where 4MET s denoted as

2
Z prlmk)\m,k)

~MRT (mEM’v

Y R . (16)
Z Z pﬁf@,k/ﬂm,k +1
k'=1meM,,
Proof': Please refer to Appendix A. ]
Theorem 2: Using the FZF precoding scheme, the kth device’s ergodic data rate is lower bounded by
A 1—7 1
RFZF é - 17
k hl 92 fk? &EZF ) ( )
where 4F%F is denoted as
2
( > J V- K)p;a,,cxm,k)
R meMy
W= : (18)
Z Z pg@)k/ (Bm,k - >\m,k',) +1
k'=1meM,,
where the number of antennas /N should be larger than the number of devices K.
Proof: Please refer to Appendix B. |
Theorem 3: The kth device’s ergodic data rate based on the LZF precoding scheme is lower bounded by
- 1—n 1
R £ 7 19
k hl 2 fk ’?;ZF ) ( )



where 4-%F is given by

2
< Z \/(N_Tm)pgl7k/\m,k>
meMy,

~LZF
Te o =

(20)

Z p'ydn’k;/ (ﬁm,k - )\m,k) + Z pfln,k//Bm,k +1

K
k'=1 [me{M; NnMy} me{ M \{MrNM,/}}

In (20), 7,,, means the number of devices served by the mth AP and its value is given by 7,,, = |U,,|. Here, the
number of antennas N should be larger than 7,,.

Proof: Please refer to Appendix C. |

From the expressions of SINRs in (18) and (20), the FZF precoding scheme is a special case of the LZF precoder,
i.e., the device is served by all APs. Besides, we also note that 7,,, is always no larger than the number of devices
K, as Uy, is a subset of devices. Therefore, by choosing the optimal set of APs, it is reasonable for the system to

adopt the LZF precoding scheme to support more devices than that based on the FZF precoder.

III. POWER ALLOCATION

In this section, we aim to optimize the power allocation to maximize the weighted sum rate.

A. Problem Formulation

We assume that all the devices have the same bandwidth B, and we aim to maximize the weighted sum rata
with limited energy constraints and the minimal data rate requirement. Mathematically, the optimization problem

can be formulated as

K
e ’;kak la)
st. Ry > R, VE, (21b)
P < PP VE (21c)
> Py < P, Vm, (21d)
k€U,

where Ry, denotes the LB data rate based on the abovementioned three precoding schemes, R, is the kth device’s
data rate requirement, wy, is the weight of the kth device, P,"**" is the maximal power of the kth device, PZ is
the mth AP’s maximal transmission power. Specifically, constraint (21b) means the kth device’s minimal data rate
requirements, constraint (21c) and constraint (21d) mean that the uplink training power of each device and the total
transmission power of each AP are limited.

For the power allocation based on infinite blocklength in [39], [40], the problem can be converted into a convex
problem by introducing slack variables, which can be readily solved by the bisection search algorithm. However,
maximizing the weighted sum rate is an NP-hard problem, which cannot be readily solved. Besides, it is more

challenging to solve the weighted sum rate problem under imperfect CSI and FCBL. Therefore, we first simplify

the problem, and then propose an efficient algorithm for solving the problem with polynomial-time complexity.



Using Lemma 1, the minimal data rate requirement in (21b) can be transformed into the kth device’s requirement

of SINR, denoted as
1

f_l R4 In2Y\’
k 1-n

where 4 represents the kth device’s SINR using the abovementioned precoding schemes. Besides, we find the

Y = (22)

globally optimal solution for pilot power based on the following lemma.

] IRW ) . . . . p 1 —1( Q '(ex)
Lemma 2: fi(3-) is a monotonically increasing function of pilot power pj when 0 < <9 ( m)

Proof': Please refer to Appendix D. |
By using (22) and substituting p? = P;"**? into the SINR’s expression, Problem (21) can be simplified as
y g g Pi k P p
K
max Zkak (23a)
{pfnk k=1
. Ap > ! vk 23b
St Yk Z TRz (23b)
fk: 1-n
> P < P, Ym. (23¢c)
k€Unm,

Then, by introducing slack variables xj, Problem (21) can be equivalently transformed into the following

optimization problem

K

1
max wk( 1 n) n(1+ xx) — G (xx)] (24a)
TS NS ot n2
S.t. Y& > Xk, Yk, (24b)
1
Xk = fl(RZeqln?)’Vk’ (24¢)
k 1—n
(23¢), (24d)
where G (x3) is defined as G (xx) = 5 and ay s ap = 9
* ROV E eV

To further simplify the objective function in (24a), the following lemmas are introduced.

Lemma 3: For any given & > 0, function In (1 + ) can be lower bounded by

In(l+z)>plnx+4, (25)
where p and § are expressed as
z Z
= d=In(1+2z) - In (). 26
p=1r58=l(l+d) - (@) 26)
Proof': Please refer to Appendix E. ]

Lemma 4: For any given & > @, function G (x) always satisfies the following inequality

G (z) < pln(z)+9, (27)
where p and 5 are given by
z IVE? + 2z

- (28)
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and

0= ,|1—-——— —pln(). (29)

Proof: Please refer to Appendix D in [18]. |
By using Lemma 3 and Lemma 4, the weighted data rate can be approximated in an iterative manner, which is

detailed as follows

(1-

e S (1 (14 ) — 0k G ()]

In2
1— i ) N7 Ny
> S 50 () 407 — i () — ), (30)

where p(l) 5,(:), ﬁ,i , and (5,(C are obtained based on (26), (28), and (29) by using & = ,(f) in the ith iteration. As
a result, the weighted sum rate in (24a) can be lower bounded by
K
1—
> e C i (14 ) - G ()

k=1

K
23w g ol

oenl?] |50 0,500, 31

where the equality holds only when y; = X,(f).

Next, we focus on the term consisting of variable xj in (31), and solve the following subproblem in the ith

iteration
e
max Xk (32a)
ENS RO nie
st (24D), (24c), (23c), (32b)
where w,@ is equal to 11),(;) = wy, (1 ”) (P — ap®).

Obviously, the problem in (32) is not a GP problem as constraint (24b) is not a monomial function [41]. To
tackle this issue, considering the different expressions for various precoding schemes, we denote the numerator and
the denominator of SINR 4y as (Ok)2 and wy, respectively, and then introduce a general theorem to approximate
0 based on abovementioned three precoding schemes as a monomial function.

Theorem 4: For any given ﬁgﬁh i > 0, 0 is lower bounded by

Z\/ —tm) P, kA,

meMy

A,k
>Ck H |: - m pmkAmk] )

meMy

KPmax p(ﬂm k)2

(33)

where S\m’k is equal to Xm,k = tm, is a constant that depends on the different precoding schemes,

am, 1 and ¢, are the coefficients. Spe01ﬁcally, m 18 give by
0, MRT
t = K, FZF . (34)
T, LZF



The coefficients a,, , and cj are given by

Ak = — 35)
- 20,
and .
0
o = e, (36)
H {(N - tm)ﬁil’k)‘m,k
meMy

where 6, is obtained by using pﬁ% k= ﬁg% - Besides, it is obvious that the inequality in (33) holds with equality
when p?, , = p? .
Proof: Please refer to Appendix F. |

By using Theorem 4, similar to the objection function in (24a), we can approximate the numerator (6;)? in an

iterative manner. Specifically, c,(f) and affzk are obtained based on (35) and (36) by using ﬁ‘fn, b= pfr;ffc), and 0y,

can be lower bounded by )
(i
m,k

0= o T [0V = tw) A ™" (37)
meMy,

Based on the abovementioned simplifications and approximations, the problem is transformed into the following

GP problem

(i)
max kak (38&)
{an,k}’{Xk} ]};[1
(i) 2 - 2“5?1«
s.t. (ckl ) H [(N - tm)pgi,k)‘m,k} )
meMy,
> Xk, Vk, (38b)
(24c), (23c). (38¢c)

To run the iterative algorithm, it is necessary to find a feasible initial solution. To deal with this issue, we construct

an alternative optimization problem by introducing an auxiliary variable ¢, which is given by

(p’ggi}(p (39a)
(i) 2 d 3 2‘15:{),19
S.t. (Ck ) H |:(N - tm)pmyk)\wz,k
meMy
14
2 (R o
flc ( 1—n )
(23¢). (39¢)

Obviously, Problem (39) is also a GP problem, and is always feasible. Besides, Problem (38) is feasible only
when ¢ is no smaller than 1. Furthermore, we define an error tolerance £ to guarantee that the transmission power
converges to the optimal solutions. Based on the abovementioned discussions, Algorithm 1 is provided to maximize

the weighted sum rate.



Algorithm 1 Iterative Algorithm for Solving Maximum Weighted Sum Rate

1: Initialize iteration number ¢ = 1, and error tolerance ¢ = 0.01;

2: Initialize the pilot power {p} = P,"*" Vk}, calculate transmission power { pi’l(i),Vm, k} by solving Problem
(39), obtain SINR {Xg),Vk} and the weighted sum rate in (21a) denoted as Obj(l). Set Obj(o) = ObjM¢;

: while (Obj(® — Obji=1)) /Obj~1 > ¢ do

Update {w,‘j), cg), agfl)k, Vm, k};

5:  Update ¢ =7 + 1, solve Problem (38) by using the CVX package to obtain { pi;f?, Vm, k}, calculate SINR

s w

{X,(f),Vk;} and then obtain the weighted sum rate, denoted as Obj(i);
6: end while

B. Algorithm Analysis

1) Feasibility Analysis: For Algorithm 1, we need to check whether constraint (38b) in the ith iteration holds or
not in the (¢ 4 1)th iteration as only constraint (38b) is approximated in an iterative manner. Constraint (38b) in

the ith iteration is given by

v N =t D3 5 4 40
i) 0.0 o
( k ) H |:( m)p7n m,k] - Xk k ( )

meMy, 7
(1) d,(9) . . S e OF . Coog o d(D)
where ¢ X;."s P,y - Vm, k ¢ is the optimal solution in the ith iteration, and w; ~ is obtained by using py, , = p,. % -

Using Theorem 4 and (37), we have

& T [V = tw) oA ™ = 00

meMy . (41)
> Cg—n H [(N _ tm)PfﬁEZ)xm,k] mh
meMy,
Then, by combining (40) with (41), we have
N2 o 2a(9) P
(") T [0 = tad D] 2300wy @)
meMy

Obviously, the solution is also feasible in the (i + 1)th iteration.
2) Convergence Analysis: We prove that our algorithm can converge to a locally optimal solution. Denote Obj(i)
as the weighted sum rate in the ith iteration. Since the solution in the ith iteration is also feasible in the (i + 1)th

iteration, we have

K (i) ~()

1— . Y —a . ~l
Zwk( M | (xﬁf“))[p" kil +50 — a6
— In2

K (i) (i)
(1) [ —ed®] (43)
2;_1 Wy o In (X,(C)) +5,i) —aké,i)
—Obj(i),

where { X,(;H)Nk} is the optimal solution to Problem (38) in the (¢ + 1)th iteration.



Substituting xi = X,(jﬂ) into the inequality in (31), we have

EK: (1—77)1 1 G+1)Y\ a (i+1)
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K
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Then, by combining (43) with (44), we have
Obj(i+1)
~ (1-1) (i+1) (i+1)
. - i+1 i+1
=S i 1) - (o)
B (45)
SN, (=) NCED [ e PIONENO!
>3 wt | (6) a
k=1
> Obj®.

Therefore, the convergence of Algorithm 1 is verified. Besides, we can prove that Algorithm 1 can converge to the
Karush-Kuhn-Tucker (KKT) point of Problem (21) for the abovementioned precoding schemes by using the similar
proof as in Appendix B in [42].

3) Complexity Analysis: The complexity of Algorithm 1 depends on the number of iterations and complexity
of each iteration. Specifically, the main complexity of each iteration in Algorithm 1 lies in solving Problem (38)
which includes (M + 1)K variables and (2K + M) constraints. Based on [41], the computational complexity of
this algorithm is on the order of O(Njze, x max{[(M + 1)K]?, (2K + M)[(M + 1)K]?, Neost }), where Njze, is
the number of iterations and N, is the computational complexity of calculating the first-order and second-order
derivatives of the objective function and constraint functions of Problem (38) [34]. Furthermore, our simulation

results demonstrate that Algorithm 1 can converge to the locally optimal solution with fewer iterations.

IV. SIMULATION RESULTS

The performance of the proposed algorithms are numerically evaluated and discussed in this section. We first

introduce the simulation setup and the related simulation parameters.

A. Simulation Scenario

The smart factory is assumed to be located in a D x D square. In contrast to the wraparound deployment in

[43], [44], we uniformly deploy M APs at constellation points to provide uniform service for the devices. The



large-scale fading coefficient model is adopted [23], which is given by
Lioss+35logq (dm k) , dm ke > da,
PLp g = Lioss +15logy o (d1)+20logy (do) , dm i < do, (46)
Lioss+15logy (d1)+20log; (dm k) , other,
where d,, ;, (km) is the distance between the mth AP and the kth device, and Lj,ss (dB) is a constant factor that
depends on the carrier frequency f (MHz), the heights of the APs hap (m) and devices h,, (m). Specifically, Ljoss
is given by

Lioss = 46.3 + 33.9log, (f) — 13.82logy, (hap)
(47

— (L.1ogyo (f) — 0.7) hu + (L.56log,q (f) — 0.8).

Besides, for the small-scale fading, it is generally modeled as Rayleigh fading with zero mean and unit variance.
The corresponding normalized pilot power p} and transmission power pfm . can be computed through dividing these

powers by the noise power, which is given by
Nap
P, =B x kg x Ty x 10710 (W), (48)

where kg = 1.381 x 10723 (Joule per Kelvin) is the Boltzmann constant, and T, = 290 (Kelvin) is the noise
temperature. The weights for all the devices are randomly generated within [0,1]. Unless otherwise specified, the
simulation parameters are similar to those in [25], [45] and summarized in Table I. More importantly, we fix the
total number of antennas in this smart factory to investigate the deployment of APs. In other words, if each AP is
equipped with more antennas, this area will deploy less APs.

As mentioned before, the kth device is served by the set of APs M. Specifically, it is assumed that the large-
scale fading factors are known at the mth AP, and then the large-scale fading factors {81k, B2k, - -, Bm i} are
sorted in a descending order. Finally, the large-scale fading factors are selected in turn until satisfying the following

condition

ZmGMk ﬁ'mwk
M
Zm:l Bm,k

where T}, is the threshold. For the set of devices served by the mth AP, by checking whether the mth AP belongs

> Ty, (49)

to the set of My, k =1,2,---, K, we can obtain U,,.

B. Properties of the Proposed Algorithm

In this subsection, we first check the gap between the LB data rate and the ergodic data rate, illustrate the
convergence behavior of the proposed algorithm, and then investigate the impact of threshold on the system
performance.

1) Tightness: The simulation results are obtained through the Monte-Carlo simulation by averaging over 10*
random channel generations with 7;, = 0.9 and pﬁl’ r = 0.1 W, V¥m, k. As can be seen from Fig. 2, the derived LB
data rate is close to the ergodic rate for any system parameters, which confirms that the LB data rate is suitable

and reasonable for power allocation.
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TABLE I: Simulation Parameters

Parameters Setting Value
Carrier frequency (f) 2.1 GHz
Bandwidth (B) 10 MHz
Transmission duration (1) 0.05 ms
Blocklength (L = BTB) 500
Height of APs (hap) 15 m
Height of devices (hy,) 1.6 m
Noise figure (Nag) 9 dB
Number of devices (K) 10
Required data rate (Rreq) 0.5 bit/s/Hz
Decoding error probability €5 1077
Size of square (D) 1000 m
Pilot power P Vk 100 mW
do 10 m
dy 50 m
30 v T T T T T 40 r T T T T T
O Monte Carlo Analysis O Monte Carlo Analysis °
— D — M= - o —
N |—M=1—M=4 M=9 o © M=1 M=4 N
T 25 N =
2 g 2
"gzn i—: %
b g <,
5'5 % E.” O Monte Carlo Analysis
E 5?2 E.s —M=1 M=4 M=9 o o
;: 0 2 ;: o o o 0 © o
= =10 o [e)
s 1 .‘51) 2(‘!() 2;() 31‘)(’ 350 41"0 4,%0 500 150 200 250 300 350 41"0 4,%0 500 s 1 .‘51) 2[‘!() 2;() 31‘)(’ 350 41"0 4,%0 500
Total Antennas MN Total Antennas MN Total Antennas MN
(a) MRT (b) FZF (c) LZF

Fig. 2: Weighted Sum Rate V.S. The Number of Total Antennas under various numbers of APs.

2) Convergence: We investigate the convergence behavior of the proposed algorithm with M/ N = 144 in Fig. 3.
For given any transmission power P,, and threshold 7}, the system performance for three precoding schemes can
converge to the locally optimal solution within only 2 or 3 iterations, which demonstrates the rapid convergence of
the proposed algorithm.

3) Threshold: The performance of the proposed algorithm is obtained by averaging 100 random devices’ locations
and the system performance is set to zero if any devices cannot satisfy the data requirements. Fig. 4 shows the
system performance versus different thresholds with P,,, = 1 W, ¥m. Obviously, it is observed that the optimal
value of T}, is 1 for the MRT and FZF schemes and 0.95 for the LZF precoder. This is due to the fact that selecting
more APs to provide service for devices will consume the degrees of freedom for the LZF precoding scheme,
leading to performance degradation. Here, we set T}, = 0.95 for all the following simulations, to achieve a good

tradeoff between system performance and computational complexity.

C. Effect of pilot power

In this subsection, we investigate how pilot power affects the system performance. Fig. 5 depicts the average
weighted sum rate versus the pilot power with M N = 144 and P,, = 1 W, Vm, by averaging 100 random devices’

locations. As can be seen from Fig. 5, the average weighted sum rate increases with the pilot power for any cases,
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Fig. 3: Convergence of proposed algorithm for different precoding schemes.
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Fig. 4: Performance of the proposed algorithm versus threshold for different precoding schemes.

which demonstrates that more accurate channel estimation is beneficial for enhancing the system performance.
More importantly, we find an interesting phenomenon that the CF mMIMO (e.g., M > 4) significantly outperforms
the centralized mMIMO system (e.g., M = 1) when the pilot power is low. This is attributed to the fact that the
devices are closer to the APs in CF mMIMO systems than in centralized mMIMO systems, hence less pilot power

is required to satisfy the requirements of DEP and data rate.

D. Effect of The Number of APs

To fully explore the deployment of APs so as to maximize the system performance with limited antennas, we
evaluate the average weighted sum rate versus various numbers of APs with M N = 144 and P,, = 0.2 W, Vm
in Fig. 6. For the MRT scheme, the average weighted sum rate initially increases with the number of APs, and
then it tends to be stable at 16 bit/s/Hz. This is due to the fact that each device relying on the MRT precoding
scheme becomes interference limited and tends to be stable. However, for the FZF precoding scheme, the system
performance will decrease when the number of APs is large, as deploying more APs causes the reduction in degrees
of freedom. In contrast, the system performance using the LZF precoding scheme increases with the number of
APs. This is because the LZF precoding scheme strikes a balance between interference suppression and available

degrees of freedom, thereby supporting more devices.
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Fig. 5: Performance of the algorithm versus pilot power for different precoding schemes.
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Fig. 6: Performance of proposed algorithm V.S. Number of APs.

E. Effect of The Number of Devices

To support more devices, a round robin-based scheduler is adopted for the case of K > N or K > |Up|.
Specifically, the APs would first transmit signals to the K devices, and then serve the remaining (K — K1) devices
in the next time interval. By averaging over 100 random generations, we investigate the relationship between the
number of devices and the system performance with M N = 144, K; = %, and P,, = 0.2 W, Ym. To show
the effectiveness of our proposed method, the results of the Shannon capacity, the algorithm in [11], and power
allocation in [25] are presented. Furthermore, if any devices violate the requirements, the data rate is set to zero.
Obviously, the Shannon capacity is the ideal performance, and the benchmark one in [11] has an unpredictable
trend because it does not consider the penalty due to short packet transmissions. The performance relying on the
power allocation of [25] can approach that of the proposed method, owing to enhanced path gain. In contrast, the
proposed algorithm can approach the upper bound in CF mMIMO systems, which demonstrates the effectiveness
of our algorithm. More importantly, the weighted sum rate in the centralized mMIMO is almost zero owing to the
failure to meet the requirements, while there is a significant performance improvement in CF mMIMO systems.
This is due to the fact that the centralized mMIMO can only support those devices that are close to the APs, instead
of all devices, leading to zero data rate. Furthermore, the average weighted sum rate of M = 9 APs relying on the

FZF precoding increases when K < 10 and then declines when 10 < K < 14. Thereafter, APs based on the FZF
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Fig. 7: Performance of proposed algorithm V.S. Number of devices for different precoding schemes.

precoding scheme can support extra devices with enhanced URLLC services by implementing the scheduler, which
motivates us to enforce the appropriate scheduler when the number of served devices approaches that of equipped

antennas per AP.

V. CONCLUSION

In this paper, the resource allocation for a CF mMIMO-enabled URLLC dowlink system was treated. We first
derived the closed-form LB data rates with imperfect CSI based on MRT, FZF, and LZF precoding, and maximized
the weighted sum rate based on the derived LB data rate. Then, by deriving the globally optimal pilot power and
using SCA, the non-convex problem was transformed into a series of subproblems, which can be solved in an
iterative manner by our proposed algorithm. Simulation results demonstrated the rapid convergence speed of our
algorithm and the optimal AP selection strategy based on the short packet transmission. Furthermore, the quality of
URLLC services will benefit by deploying more APs, except for the FZF precoding scheme. More importantly, the
power allocation strategies under the short packet regime can significantly enhance the system performance over
the existing algorithms.

Regarding CF mMIMO systems, it is impractical to assign orthogonal pilot sequences to multiple devices under
the FCBL. Therefore, investigating the pilot allocation scheme and analyzing the impact of sharing pilot sequences
would be left for our future work. Furthermore, since it is unrealistic to assume an idealized fronthaul link between

the CPU and the APs, the limited fronthaul will be studied in the future.
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APPENDIX A

PROOF OF THEOREM 1

Before proving this theorem, we need to calculate the precoding vector for the MRT case. The normalized

precoding vector is given by

MRT Qm, k (gm,k + nf;@,k;) 8m,k + ni)n,k
Ank — 2 =
1
Vel (s s )y (et )
VA (
N Em,k + 1} )
6m k " ok
. Kp? B
where oy, i 1S Qi = WZ;L-

Then, we need to derive the expressions of [DSy|?, E (|LSk\2), E (\UIk’kr|2) and E <|Nk|2), respectively. We

first compute DSy,. Since g, and g, , are independent, we have
IDS|?
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Mz e e

meMy
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The term E (|LSk|2> is given by
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Then, E (|UIk7k/ \2) can be calculated as
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By combining (54) with (55), we have

E (\UIM,|2)
Bk 1

Bm,
P Y SR 4 P Yk =
R S e

meMy K meMy,

> P Bk (56)

meM,,

For each term in (53), we have

(54)

and

(55)

Finally, we compute E (|Nk|2), which is written as

E{|nk\2} ~ 1 (57)
Substituting (51), (52), (56), and (57) into (9), we obtain 42ET in (16).



APPENDIX B

PROOF OF THEOREM 2

21

Before proving this theorem, we need to provide the precoding vector. By using the identity [46], the normalized

coefficient can be derived as

1
- (N —K) Ak
Then, |DSg| can be derived as
DSy |?
2
= E{ > (gm,k)T(aﬂZ,zf)*\/p%,k}
meMy,
2
_ E{ > <gm,k+gm7k>T<aEf£>*\/pfm}
meMy,
2
= ( Z \/(N—K)an,k)‘myk> :
meMy,

Next, the leakage power can be formulated as

E{|Lsy/}

2
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meMy
2
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(58)

(59)

(60)
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The term E (|UI;€};€/ |2) can be expressed as

E{ U0}
2
T *
=EQ| Y (gmn) (@) /s
meM,,
2 (61)
=Eq| D @nn) (@) /P
TILEMk/
= Z pgl,k’ (B = Amgo)-
meM,,

Finally, we complete the proof by substituting the expressions of (59), (60), (61), and E {|nk|2} = 1 into the
SINR expression.

APPENDIX C

PROOF OF THEOREM 3

The normalized coefficient can be derived as

~ ~ N -1
E { H GmEZ/lm (EL}{{n GgGmEum> €m,k

)

U RIS

1
_ 62
(N—Tm))\m);g’ ( )
where 7, is defined in (34).
Then, the desired signal |DS;€\2 can be given by
|DSy|?
2
T *
= E{ > (gmn) (anlk) \/P%,k}
meMy,

2 (63)

E { Z \/(N - Tm) Am,kpf,imk(gm,k)T <Gm132/{m (EZ{{{mGgGmEL{m> _1£m,k> }

meMy

2
= ( Z \/(NTm)p,(iL7k/\nL,k> .

meMy
Next, similar to the FZF case, the leakage power for the AP using the LZF precoding scheme can be formulated
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as

E{[Lsi*}
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The term of the devices’ interference is different from that of the FZF scheme, as the interference from other

devices may not be suppressed. The term E <|UI;§, K/ |2) can be given by

2
E{ UL} =ES| S (@mn)” (@55)"\ /ot n
meM,,
2
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As can be seen from (65), the devices’ interference consists of two terms. In specific, the first term means that
the vector g, j is chosen by the selection matrix Ky, and the second term means that not chosen by matrix Ey, . .
Obviously, the interference of the first term can be suppressed as gm,ka%nég, is equal to zero, while the second
term’s interference cannot be suppressed.

Then, the first and the second terms of E (|UI;€7;€/|2> are given by

2
E > (gma) (@) /P
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2
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Finally, the kth device’s SINR using the LZF precoding scheme is obtained by substituting the expressions of
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(63), (64), (65), and E {|n;€\2} — 1 into (9).

APPENDIX D

PROOF OF LEMMA 2

We first derive the first-order derivative of fk(%), denoted as
1 !

(%) =5 ()

dpy, () drk

As can be seen, the sign of the first-order derivative depends on the sign of ‘;Zii. Due to the different SINR
k

(68)

expressions of the three precoding schemes, we define a general expression 4, = Y (A, ). Then, it is readily

K (Bm.x)?
— et > (0.
(KpLBm.it1)”
Therefore, the function fk(%) monotonically increases with pilot power p}, and the data rate can be maximized

when pf, = PP,

to prove that 43, monotonically increases with A, ,, and the first-order derivative of A, 1 is

APPENDIX E

PROOF OF LEMMA 3

The inequality in (25) can be readily proved by substituting the expressions of p and § into (25). Then, we define
J(x)=In(1+x)— plnx — 4, the first-order derivative is given by

di(x) xz—p(l+z) x(1+2)—-2(1+2)

de — (I+2)z  (1+2)0+2)z (69)
dJ(x)
dx

Since both = and & are positive values, the sign of

only depends on the numerator. Let us define H(z) =
z(1+ %) —2(1+ ), and then the first-order derivative of H(xz) is given by H'(x) = 1, which means H(z)
monotonically increases. Consequently, since H (&) is equal to zero, we have H(xz) > 0 when 2 > & and H(z) <0
when z < &, which indicates that J (x) is an increasing function when x > % and a decreasing function when

x < Z. As a result, we complete the proof by showing that J (z) is always larger than J (%) = 0.

APPENDIX F

PROOF OF THEOREM 4

By taking the logarithm operator for the left hand side of (33), we have

In (6;) =In < Z \/(N - tm)pgn,kj‘m,k> £F(x), (70)

me My

. . T
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The first-order partial derivative of F' (x) is given by
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where e is the exponent. The second-order partial derivatives of F (x) are given by
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Then, we define z; = [\/exlwk, Vermk .. Ve |Mk\**‘] ,m € My, and thus the Hessian matrix of
be given by
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In (74), 1 is a vector of [1,1,- - -, 1]T, | M| means the cardinality of the set M. For any given v = [vl,

RIM&xl by using the Cauchy-Schwartz inequality, we have the inequality that is given by
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Therefore, we prove In (fy) is a convex function of x. Then, by using Jensen’s inequality, we have
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where a,, , and ¢ are given in (35) and (36), respectively.
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(72)
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L uml] €

(75)

(76)

Finally, we complete the proof by taking the exponential operation for both sides of (76) and using z,, =

In (pflnk)
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