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Energy-Efficient Precoder Design for Downlink

Multi-User MISO Networks With

Finite Blocklength Codes

Keshav Singh, Member, IEEE, Meng-Lin Ku, Senior Member, IEEE, and

Mark F. Flanagan, Senior Member, IEEE

Abstract

One of the key applications in the fifth generation (5G) cellular networks is to support ultra-reliable
and low-latency communication (URLLC) which requires extremely high reliability (~ 99.999%) and
low latency (< 1 ms). In this paper, the energy efficiency (EE) is maximized for downlink multi-user
multiple-input single-output (MISO) networks under short packet transmission. We jointly optimize the
precoders at the base station (BS) for serving multiple downlink users and the decoding error probability
(DEP) with finite blocklength (FBL) codes, subject to the constraints on the BS transmit power and DEP
per URLLC user. This non-convex optimization problem is then accurately approximated by applying
the Dinkelbach method and approximating the channel dispersion in the high signal-to-interference-
plus-noise ratio (SINR) regime and the entire (practical) SINR regime, respectively. The resulting
problems are convex in the design variables of the precoders and DEPs when the remaining variables
are held fixed, and using this fact we provide iterative algorithms to efficiently find locally optimal
solutions. Furthermore, the convergence of the proposed algorithms and the closed-form expressions of

the precoders are also derived. Simulation results validate the effectiveness of the proposed algorithms
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that support energy-efficient URLLC as well as the impact of various network parameters such as the
blocklength, number of users, distance between the BS and URLLC users and the threshold of the DEP

on the EE and spectral efficiency (SE) performance.
Index Terms

Precoder design, finite blocklength (FBL) codes, base station, multiple-input single-output (MISO),

ultra-reliable low-latency communication (URLLC), multi-user, energy efficiency, optimization.
I. INTRODUCTION

Ultra-reliable low-latency communication (URLLC) is one of the most important components
in the fifth generation (5G) cellular networks and enables mission-critical applications such as
enhanced vehicle to everything (eV2XC), e-health, tactile internet, haptic communications, and
machine-type communications (MTC) [1]-[5]. The quality-of-service requirements of URLLC
applications are very rigorous. For instance, mission-critical applications for industrial automation
require very low latency (e.g., < 1 ms) and packet error probabilities (PEP) (e.g., 107%), and
the PEP and user plane latency for eV2X applications are 10~° and 3 — 10 ms, respectively [6].
However, the existing wireless systems cannot meet such critical requirements. On the other
side, energy efficiency (EE) of the networks is another crucial performance metric in realizing
5G radio access solutions. Therefore, it is essential to revisit the designs of the existing wireless
communication networks and the associated transmission strategies to meet the requirements of
URLLC applications [7], [8] as well to enhance the network’s EE.

The EE depends on the achievable rate which is derived using Shannon’s capacity formula in
existing literature [9]-[15]. In [9], the beamforming design techniques have been investigated to
maximize the EE of multi-user multiple-input single-output (MISO) downlink networks, while
energy-efficient beamforming methods have been investigated in [10] for MISO heterogeneous
cellular networks. The authors in [11] have proposed a pricing-based distributed beamforming
algorithm for MISO interference channels. In [12], the beamforming design problems have
been considered for multi-cell multi-user downlink systems along with simultaneous wireless
information and power transfer (SWIPT), for which centralized and distributed beamforming
algorithms have been studied to maximize the energy harvesting efficiency. Furthermore, the
joint subcarrier and power allocation strategies have been investigated in [13], [14] for dual-

hop two-way decode-and-forward (DF) and amplify-and-forward (AF) relay networks, while



a generalized resource allocation scheme has been studied for DF relaying networks in [15].
However, the proposed methods in [9]-[15] cannot be directly extended to URLLC systems,
since much lower sum-millisecond latency and transmission error rates are required to be fulfilled
while the maximal EE of the system is computed.

Polyanskiy et al. have derived the expression for computing the achievable rate under finite
blocklength (FBL) codes and analyzed the performance of a URLLC communication system [16],
[17]. By using the achievable rate derived in [17], the physical-layer and link-layer performance
of a relay system for quasi-static Rayleigh fading channels and the throughput of a spectrum
sharing network under finite-blocklength codewords have been investigated in [18] and [19],
respectively, while the resource allocation and transmission strategies for URLLC systems have
been studied in [20]. Dynamic resource allocation schemes have been investigated in [21] for
vehicular networks under optimized latency and reliability, while a two-phase transmission proto-
col with URLLC has been proposed in [22] for device-to-device networks. Furthermore, energy-
efficient resource allocation for URLLC systems has been studied in [23]-[27]. The authors
in [23] have studied the energy-efficient packet scheduling algorithms, while the fundamental
trade-off between energy and latency has been explored in [24] for URLLC systems. Furthermore,
the authors in [26] have investigated identical content transmission for correlated sources over
non-orthogonal multiple access channels. The effectiveness of successive interference cancel-
lation (SIC) has also been studied in [26], which pointed to the nature of SIC as the main
cause for spectral efficiency (SE) degradation. To the best of the authors’ knowledge, the joint
optimization of precoders and decoding error probability (DEP) for downlink MISO networks to
support URLLC for all signal-to-interference-plus-noise ratio (SINR) regimes has not yet been
fully explored in the literature. Although a precoder design method was proposed in [27] for the
URLLC downlink MISO system under FBL coding, the solution in [27] is limited to the high-
SINR regime, and no closed-form expression for the optimal precoder was derived or exploited
for this case.

Motivated by the aforementioned discussion, in this paper, we aim at maximizing the EE of
a downlink multi-user MISO network with the FBL codes, where a multi-antenna base station

(BS) serves multiple single-antenna URLLC users by jointly optimizing the precoders and DEP.



The main contributions of this work are highlighted below:

e We formulate an optimization problem for downlink multi-user MISO URLLC' networks
to maximize the network’s EE under constraints of the DEP per URLLC user and on the
total transmit power at the BS.

e The formulated problem is non-convex due to the non-concave EE expression, and thus it
is difficult to solve. Therefore, we analyze the structure of the objective function of EE and
derive an approximate but concave EE expression. For this, we firstly apply the Dinkelbach
method and then approximate the channel dispersion under high-SINR regimes and also
approximate the channel dispersion along with applying a successive convex approximation
(SCA) method in all SINR regimes so that the non-convex problem can be successfully
converted into one that is provably jointly convex in the design variables of the precoders
and DEPs for fixed values of the remaining auxiliary variables and penalty factor.

e For each scenario, an energy-efficient iterative algorithm is proposed which finds a locally
optimal solution for maximizing the EE of the network. Furthermore, we prove the conver-
gence of the algorithms and derive closed-form expressions for the resulting precoders.

e Through simulation examples, we validate the effectiveness of the proposed algorithms that
support energy-efficient URLLC. In addition, we simulate the SE/throughput maximization
(SEM) algorithm under the URLLC consideration, enabling us to uncover the impact of
various system parameters such as the blocklength, number of URLLC users, distance
between the BS and URLLC users and DEP constraints on the network’s EE and SE

performance.

Organization: The remainder of the paper is structured as follows. In Section II, we illustrate
the URLLC system model and preliminary. Next, we formulate the optimization problem for
URLLC with the FBL codes in Section III, while the problem transformation and the iterative
algorithms are depicted in Section IV. In Section V, we describe simulation results. Finally,

"Note that the end-to-end (E2E) delay of data packet transmission contains several components including the queueing delay,
transmission delay, propagation delay, processing/decoding delay, and routing delay in the backhaul and core networks. For
tractability, in this paper, we focus on the transmission delay [28]-[29], which is independent of the other components of the

E2E delay.



conclusions and future works are presented in Section VI.

Notation: We use following notations throughout the paper. The lowercase and uppercase
boldface letters (e.g., a and A) are utilized to denote a vector and a matrix, respectively, while
the operations of transpose, conjugate transpose, matrix inversion and element-wise conjugate
are represented by ()", ()7, (-)7', and (-)*, respectively. The symbol R, denotes the set of
non-negative real numbers, whereas the matrix I, denotes an M x M identity matrix. The
notation E(x) is the expectation of x, while the real and imaginary part of the argument are

denoted by % (-) and J (-), respectively. Moreover, []" indicates max (0, -).

II. SYSTEM MODEL AND PRELIMINARIES
A. System Model

Consider a downlink multi-user MISO network in Fig. 1, consisting of K single-antenna
URLLC users and one BS. The BS has M antennas which are used to transmit a different
message to each of the K users. We focus on URLLC applications in low-mobility environments
in which the channel coherence time is much larger than the required time for calculating the
solutions with the proposed algorithms and given channel state information (CSI). Further, the
channel from the BS to the k" URLLC user is assumed to be quasi-static Rayleigh fading and
denoted by h, € CM, VEk. Suppose L, information bits are dedicated to the k-th URLLC user
and thus, the BS first encodes these information bits into a block code of length m, symbols,
expressed by zx[n],n =1,2,..., mgy. Thus, the received signal at the k-th user is expressed as

yk[n] =hlwizy[n] Z:hmwl |+ 2zln], k=1,2....Kn=1,2...,mq, (1)
1=1,l#£k

where w;, € CM is the precoding vector at the BS for the k-th user, while z[i] ~ CN (0, 0}) is
the complex additive white Gaussian noise (AWGN). Using (1), the SINR of the user k£ can be
computed as

| hlw, |

= =% L k=1,2,... K. (2)
lel,l#k | hkwl ? +o3;
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Fig. 1: Multi-user downlink MISO URLLC system.
B. Achievable Rate and Error Probability Analysis for a Point-to-Point Transmission System

with FBL

Before deriving the achievable rate for the considered framework, the derivation of the achiev-
able rate for a point-to-point communication system is discussed. For the real AWGN channel

with FBL codes, an approximation to the achievable rate is given by [16, Theorem 54]
r:C(y)—\/l (1—%)@‘1(6)1%@, 3)
m (1+7)
where ~ denotes the signal-to-noise ratio (SNR), and C'(v) = log, (1 + ), while ¢ and m

indicate the DEP and blocklength, respectively. Here, Q' () in (3) represents the inverse of

Gaussian (Q—function, defined as @) (w —*/24¢.

1
= — e
)= =1
Further, the authors in [17] and [18] have extended the above result with a real AWGN channel
model to a complex quasi-static Rayleigh fading channel model and derived the achievable rate

as follows:
r=TR(v,e,m)

~C(y)— \/(1 — 2720 /m Q7' () logy €. 4)

From (4), the DEP for single-hop transmission at the receiver can be obtained by

- Cly)—r
e~ <\/(1—2—2C(7))/m 10g26> ' ©)

Remark 1: Note that when m > 100, the approximated achievable rate in (4) and DEP in (5)

give more accurate results. Moreover, the achievable rate r in (4) approaches to the Shannon

capacity given by r = log, (1 4 ) when m is sufficiently large.



III. PROBLEM FORMULATION FOR URLLC wIiTH FBL

A. System Performance Metrics

Using (2) and (4), the achievable rate of the k-th URLLC user is computed as [16]

1
R (Wi, €, mg) £ C () — o (1 —27200)) Q7! (¢) logy e, (6)
——_—————
Vi

where €, is the DEP at user k. From (6), the throughput of the network is given by

K
I(W, 6) = ZRk (Wk, ek,md) . (7)

k=1

where w = {w;} and € = {¢;}. As a result, this formula provides an important insight into
quantifying the influence of the BS precoders and the DEP and blocklength of each URLLC

user on the network throughput.

B. Power Consumption Model

We consider transmit power, processing power, and circuit power in computing the EE of the
network. The transmit power depends on channel conditions, cell coverage areas, etc., while the
processing and circuit power are also known as static power consumption which depends on the

number of antennas. Accordingly, the power dissipation model is defined as follows [15]:

K
Prwy= > Iwils + (M+K)Psr . @®)
————
k=1 Static Power Dissipation
Dynamic Power Dissipation Q>0

gpmaz

where Pgp indicates the static power consumption per antenna at each node, while P,,,, is the

total transmit power budget of the BS.

C. Problem Formulation

Using (7) and (8), a joint design problem of the precoders and DEP for maximizing the EE

of the network is formulated as [15]

max W€
Wee Pr(w)
subject to  (C.1) €, < €xpmaz, k=1,...,K; 9

K
(C.2) Zk:l | Wi [15< Prnaa



where the constraint (C'.1) ensures the reliability of each URLLC user by limiting the error rate
tO €k maz» While the constraint (C.2) guarantees that the total BS transmit power is bounded by

the maximum power budget ..

IV. PROPOSED EE MAXIMIZATION ALGORITHM

The joint design problem (9) for the precoding weights and DEP is non-convex due to the
non-concavity of the objective function and thus, in general, it is difficult to solve [30]. In
this section, we convert this non-convex problem into one that is jointly convex in the design
variables of the precoders and DEPs when the remaining variables are held fixed, and we then
use this fact to propose iterative algorithms which can find locally optimal solutions. Firstly, we
introduce the expansion of \/1 — z and then the approximation of the inverse error function as
follows.

Using [31], we get

1 > :
izl =13 Y (10)

D6-) )

Fig. 2 shows the series in (10), together with its approximation using zero terms and one term.

with a; =

Note that /V}, is approximated to 1 if all terms of the infinite series in (10) are ignored, which
is accurate in the high-SNR regime (7, > 10 dB). In Fig. 2, we can observe that when ~; > 0
dB, the approximation of \/V}, to one term is very accurate. To accurately approximate /V}, at
lower SINR, it is necessary to include more terms of the infinite series (10). In this work, since
low-SINR operation is of less practical interest, we will consider only the approximations which
use zero term and one term.

We introduce the following lemma for the approximation of Q1 ().

Lemma I: For 0 < z < 1, the approximation of Q™! (2) is given as

Q' (2)~ \/g(A — Bz). (11)

where A and B are defined as



—8— V. ~ 1 (high-SINR approx.)

0.4 -©- V. (approx. up to one term) .
—— V. (exact)
0.3 |
0.2 |
0.1 |
O 1 1 1 1 1
-20 -10 0 10 20 30
Ve [dB]

Fig. 2: Approximation of channel dispersion V), with only zero and one term.

T T 12773
A=14+ —+ — e ) 12
( +12+480+40320+ ) ’ (12)

T In? 12773
B=(2+—-+— ) 13
( + 2 + 48 + 2880 + ) (13)

Proof: Please refer to Appendix A. [ ]
We will utilize (10) and Lemma 1 in the following subsections in order to transform the non-

convex problem (9) into one that is jointly convex in the design variables of the precoders w

and DEPs e.

A. Transformation of Problem (9)

We utilize the Dinkelbach method [32] to transform the fractional objective function into an
equivalent subtractive form. For this, we introduce the following proposition:
Proposition 1: Let (w*, €*) be the optimal strategy which attains the maximum ¢* such that

F (W, €¥) B F(w,€)
Prw WS W) (14

*

This is true if and only if

max F (W, €) — ¢*Pr (w) = F (W*, ) — ¢* Pr (W*) = 0. (15)

w,€

Proof: The detailed proof may be found in [32]. [ ]
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By using Proposition 1, the problem (9) can be equivalently written as

max F(w,e) — qPr(w)

w,€

subject to  (C.1) € < €xmaz, k=1,...,K; (16)

K
(02) Z || Wi ||§§ Pmaxa

k=1

where the variable ¢ can be regarded as a penalty factor. The problem (16) is still non-convex due
to the presence of the channel dispersion in the objective function. Since the channel dispersion
Vi in (6) depends on -y, it is very difficult to find the solution of the problem (9). Therefore, we
consider the high-SINR and one-term approximation of V}, and propose energy-efficient iterative

algorithms in the following subsections.

B. Approximation of V), under high-SINR regime
1

(14 )
zero and thus, the channel dispersion V), can be approximated as

At the high-SINR regime, the value of the term (1 — > in V), becomes close to

1
Vi=1l———=~1. 17
(1 + )
Also we have
L+ = Y. (18)

It is noticed that with the approximations in (17) and (18), the approximated throughput in the
objective function can serve as a lower bound for F (w, €) in (7). That is, from (A.4), (17), and
(18), the optimization problem (16) can be reformulated by maximizing the corresponding lower

bound on the EE as follows:

K
I
meax ; (log2 (k) — DT (A — Bey)log, e) —q x Pr(w)
subject to  (C.1) € < €xmaz, k=1,...,K; (19)

K
(C.2) Z I Wi 155 Pra -
k=1

Without loss of generality, we assume that the inner product of the channel vector h; and the

precoding weight wy, is a positive real number, i.e., producing an amplitude gain. By substituting
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the value of 7, in (19) and introducing auxiliary variables {2}, the problem (19) can be

equivalently written as

K

T
max <2 log, <h,iwk> —logy (%) — 4 /5~ (4 = Bev) log, 6) —q % Pr(w)
” k=1
subject to  (C.1) €t < €kmaz, k=1,...,K;
K
(C.2) Z | Wi 155 Proa ;
k=1
K
(C3) > |hfw P40 <, k=1,... K;
=1,k
(C.4)9%<h£wk)20, k=1,... K (20)

(C.5) J(thk> —0, k=1,... K,

where Q = {Q}.
Lemma 2: The optimization problem (20) is jointly convex in variables w and € for given (2
and q.
Proof: Please refer to Appendix B. [ ]
1) Iterative EE maximization (EEM) algorithm (Algorithm 1): In this subsection, we illustrate
an iterative EE maximization (EEM) algorithm that provides a solution to the optimization
problem (20). Note that the approximated problem under high-SINR conditions given by (20) is
not jointly convex in the variables w, €, {2 and ¢ due to non-concavity (coupling of variables)
of the objective function. However, for given {2 and ¢, the approximated optimization problem
(20) becomes jointly convex in variables w and €. Therefore, we can apply standard numerical
techniques, but in an iterative manner, to solve the problem (20). For example, we can use the
CVX tool [23] to solve this problem for given €2 and ¢ in the first step and then update €2
and ¢ with the obtained solutions of w and € in the second step. However, in this paper we
propose an iterative algorithm via primal-dual decomposition to solve the problem (20) in the
first step. As compared with the CVX tool, this yields a very efficient splitting optimization
scheme, according to which a solution to the original problem is iteratively computed through
solving a sequence of simpler subproblems, each one involving only one of the terms appearing

in the objective function.
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The Lagrange function of the problem (20) is expressed by
L (Wa €, {)‘k}7 s {Vka Uk, @k}) =

K
Z (2 log, (thk> — log, () — T (A — Bey) log, e)

2m,
k=1 d

K K K
—q X (Z 1w |13 +QC) =" Nk (e — €tman) — i (Z | w113 —Pmam>
k=1 k=1 k=1
K Koy 0 K K
k
_ka ( Z ; ‘h;wl |2 —f-l—;) +ka% (hLW}C)‘F
k k=1 k=

07 (h;wk) L@
k=1 =114k F

1

where {A;}, p > 0 and vy, vy, 0 > 0, Vk are the Lagrange multipliers associated with the
constraints (C'.1), (C.2), (C.3), (C.4), and (C.5) of the problem (20), respectively. Since the
problem in (20) satisfies Slater’s condition [30], we can find the optimal solution of (20) by

solving its dual as follows:

min max L (W, €, { i}, tt, {Vk, Uk, O }) . (22)

O Yo {vr,vr, 0k} Woe
The dual problem (22) can be solved iteratively. We firstly update the precoding vector w and the
DEP vector € by fixing (A, i1, {vx}) and then, we compute the Lagrangian multipliers (A, , {vx})
with obtained w and €. The proposed iterative EEM algorithm under the V}, approximation for
the high-SINR regime is summarized in Algorithm 1.
Theorem 1: The closed-form expression for the precoding vector w; and the update equation
for the DEP ¢, are given, respectively, by

K -1

1 1 v

Wi = (Evk — 2—jvk) X ((—q+u)IM+ >y —Z’thhZT) hy, k=1,....,K: (23)
=1, l#k

+
en(l+1) = [ek(l) + ) (« /QLmdBlog2 e— Akﬂ Jk=1,..., K, (24)

where «, (1) is the step size at iteration /.
Proof: Please refer to Appendix C. [ ]
By applying the gradient method [30], [34], the Lagrange multipliers (\, p, {vk, v, Ux }) are
updated with the obtained w* and €, while we adopt the method defined in [35, Section V.C] to

update €2.
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Algorithm 1 An iterative EEM algorithm under V), approximation for high-SINR regimes

Input: e Define the maximum number of iterations L,,,, and convergence tolerance €,
e Initialize the iteration counter [ = 0 and penalty factor ¢[0] < 0 and € , Vk.
Repeat
Solve the problem (20) for given €2 and ¢ to achieve w* and €*.

Update €2 as in [35] for obtained w*, €* and given gq.

F(w (1), (1))
Pr (w(1))

Update ¢(I + 1) «

Set I+ [1+1

Update wi (I + 1) < wi (1) and e, (1 4+ 1) + ex(1).
Until convergence or | = L,

Return (W}, €;).

2) Updating q: The update procedure of ¢ which works as a penalty factor for allocating the
transmit power at the BS is described as follows. Let (w*, €*, {2*) be the optimal solution of the

problem (20) with respect to ¢* at the iteration [, and the penalty factor ¢ is updated as

F(w(l), (1))
Pr(w(l)) -

Theorem 2: The penalty factor ¢ increases monotonically with the iteration number [ until

q(l+1) = (25)

convergence.

Proof: Please refer to Appendix D. [ ]

C. Approximation of V}, up to one term

Using (10), +/V} can be approximated with one more term as follows:

1 1
im 1o 1o (26)
(14 ) 2 (14 )
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Using (26) and Lemma 1, we can reformulate F (w, €) as

K
f(W, 6) :ZRk (Wk,ek,md) . (27)
k=1
K lis 1
A
= logy (1 4 k) — (1 — —) A — Beg) log e) . (28)
2 (v g \' " 2y TP
1
Notice that the term 1 — —————— works as a dynamic penalty factor for the DEP requirement

2(1+ %)
and varies with the instantaneous SINR value ;.

From (27), the optimization problem in (16) is rewritten as

K

T 1
1 1+ — 1— A — Beg)l —qx Pp(w
max ; <og2( ) de< 2<1+%)2) (A= Bey) ogze) q x Pr(w)
subject to (C.1) and (C'.2) in (16). (29)

Since the problem (29) is still non-convex due to the non-concavity of the objective function,

we introduce auxiliary variables {=;} and {V,} as follows:

K
> Ihjiw P +0y <E, k=1..., K. (30)
I=1,l#k
1

l-——5 <, k=1...,, K. 3D

2 (14 )

From (2) and (30), we can re-express (31) as
|hka|2<E,c ;—1 k=1...,,K. (32)

F - 2(1—Uy) ’ v

By using (30) and (32), the optimization problem in (29) can be reformulated as

K T 2
| hyw | ™
EVIE‘)II( ; <10g2 <1 + ]:—k — Uy Gy (A — Beg)logse | —q x Pr(w)

subject to  (C.1) € < €rmaz, k=1,..., K;

K
(C2)> [l Wi [13< Praa 33)
k=1
K
(C3) > |hfw P +0p <EZ, k=1,...,K;
1=1,l#k

1
4) | hlw, <= - 1| .,k=1,...,K.
(O )| kwk| = k( 2(1—\I/k) > ) ) )
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Due to the non-concavity of the objective functions in (33), the optimization problem (33) is

K
still non-convex. Now, we consider the lower bound on > log, (1 + Y%) as [13, Lemma 2]
k=1
K K
Z log, (1+7Ty) > Z klogs (Tr) + ok (34)
k=1 k=1
| hiwg |2 . L
where T, = ——=——, and both the coefficients p, and g, are selected for any given T > 0 as
=k
Ty
=TT T, (35)
o =logy (1+ 1) = prlog, (T) - (36)

With the chosen coefficients in (35) and (36), the equality of (34) holds when Y, = Y, and
(0k, px) = (1,0) and this bound becomes tight as T — co.

Using (34) and similar to Section IV.B, we assume that the inner product of h; and wy, is a
positive real number. Thus, by using (34) the problem (33) can be equivalently rewritten as

K
_ [
WI?%X‘I’ Z (pk <2log2 (hkwk) — log, (:k)> + o — ¥y I (A — Bey) log, e) —q X Pr(w)

k=1

subject to (C.1) € < €xmaz, k=1,...,K;

K
(C2)> [l Wi 13< Proaa 37)

k=1

K

(C3) > |hiw | +0p <, k=1,... . K;

1=1,l#k

1

C.4) | hiw, 2< = - 1) . k=1,....K;:
( )| kwkl_ k?< 2(1—\Ijk) )a y 3 3

(C5) %(h;wk) >0, k=1,...,K;

(C.6) J(hzwk) 0, k=1,.... K,

where E = {=;}.
Lemma 3: For given E, ¥ and ¢, the optimization problem in (37) is convex in the variables
w and €.

Proof: Please refer to Appendix E. [ ]
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1) Iterative EEM algorithm (Algorithm 2): In this subsection, an iterative EEM algorithm
is proposed to find a solution to the optimization problem (37). The Lagrange function of the

problem (37) is written as
L <W>€, {\) i, {%ﬁk#ﬁk,@/}k}) =

K
> (Pk <2 log, (hLWk> — log, (Ek)> + 0k — Wiy / QLmd (A — Beg) log, 6)

K K K
—q X (Z | wi |3 +QC> = M (& — €kmar) — 1 (Z w13 _Pmaa:>
P k=1

k=1
K ( K K 1
e X Iniw ) S (| e =, (1/—_1))
k=1 I=1,1%k 1 2(1—Wy)
K K
+ > o (bwi) + > 63 (hiwi ) | (38)
k=1 k=1

where {S\k}, fi >0 and {s, 7, ¥, x} > 0, Vk are the Lagrange multipliers corresponding to
the constraints (C.1), (C.2), (C.3), (C.4), (C.5), and (C.6) of the problem (37), respectively.

Similar to the dual function of (21), we can define the dual problem of (37) as

min maXEN (W,G,{S\k},ﬂ, {gkaﬁlwwk?&k}) ) (39)

{Xk}7/17{§kl7k7pk7gk} W€

and obtain the optimal solution of the problem (37). We summarize the proposed iterative EEM
algorithm under V), approximation with one term in Algorithm 2.

Theorem 3: The structure of the optimal precoding vector wy is given by

K -1

1 1 _ _

wj = (ipk—Q—ij> x (<q+u)IM+ukhkhL+ > clhlhj) he, k=1,...,K. (40)
I=l£k

Proof: Please refer to Appendix F. [ ]

Lemma 4: The update expression for the DEP ¢, is given by

+
(i +1) = [ek(l) + 81 (, /QLmd\I/kBlogQ e— )\k)} k=1,.... K, 41)

where ., is the step size at iteration /.

Proof: Please refer to Appendix G. [ ]
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Algorithm 2 An iterative EEM algorithm under V}, approximation with one term

Input: e Define the maximum number of iterations L,,,, and convergence tolerance €,
e Initialize the iteration counter / = 0 and penalty factor ¢(0) <— 0 and 2, V&.
Repeat
Solve the problem (37) for given ¥ and ¢ to achieve w* and €*.

Update = as in [35] for obtained w* and €* and given q.

1
Update Wy, as Wy(t +1) « [1— for obtained w* and given q.
2(1+;(t)°
Fw(D) e (b)

Update ¢(I +1) Pr(w(l))

Setl+ [+1
Update wi(I + 1) <= wi(l) and €,(1 4+ 1) < ex(1).
Until convergence or | = L4,

Return (W}, €).

2) Update of V;: Let w, € be the optimal solution of the problem (37) for fixed ¢ in the [-th
outer iteration. Then, the auxiliary variable ¥, can be updated in the (¢ + 1)-th inner iteration

with the obtained solution w(t) in the ¢-th inner iteration as

1
U(t4+1)=1—-— 42
S T EE Ok -

where ~;(t) is the SINR with respect to the obtained solution w(t). By using the gradient
method [30], [34], we update the Lagrange multipliers {S\k}, it and ({gk, ﬁk,wk,@@k}) with the
obtained w* and €*. To update =, we adopt the method given in [35, Section V.C].

Theorem 4: The penalty factor ¢ is monotonically increasing with the iteration number [ and
converges

Proof: The proof of this result is similar to that of Theorem 2. [ ]

D. Design Relation of Algorithm I and Algorithm 2

The main design flow of our work is illustrated in Fig. 3 and can be briefly summarized as

follows. First, the Dinkelbach method is used to convert the fractional EE objective function



18

Approximated non- Convex problem (20) for Dual Solution
given q and auxmary
convex problem (19) decomposition
variables

A locally optimal solution of problem (19), if the optimal auxiliary values are obtained.

hannel dispersion
approximation
(High-SINR)

Original Apply
non-convex Dinkelbach’s
problem (9) method

T

Channel dispersion
approximation
(One-term approx

A locally optimal solution of problem (29), if the optimal auxiliary values are obtained.

Approximated non: o PRl Dual
> . Apply SCA (37) for given g and . Ly
convex problem (29) auxiliary variables decomposition Solution

Fig. 3: Relation between the solutions of the transformed problems 1 and 2 and the corresponding original non-convex problems.

to a subtractive form. Second, two channel dispersion approximation schemes are adopted to
transform the original non-convex problem (9) into two approximated non-convex problems (19)
and (29). After this, the successive convex approximation (SCA) is further applied to the
second approximated non-convex problem (29), and finally, these two approximated non-convex
problems become convex for given auxiliary variables and penalty factor in (20) and (37),
respectively. This lower bound is adopted in the SCA in the second approximated non-convex
problem (29) to deal with the original non-concave objective function. Instead of considering
a fixed lower bound, the lower bound is adaptively adjusted in successive iterations along with
the updated coefficients p, and g, as described in (35) and (36). This approach is called
SCA [33], which enables the monotonic improvement of the EE performance and finally reaches
to a Karush-Kuhn-Tucker (KKT) point of the approximated non-convex problem under given
auxiliary variables. As such, we say that the policies obtained by solving (20) and (37) are
locally optimal solutions for the approximated non-convex problems (19) and (29) under the

optimal values of auxiliary variables and penalty factor, respectively.

E. Complexity Analysis of Algorithm 1 and Algorithm 2

To get a better insight into the complexity of the proposed algorithms, in the following we
provide a complexity analysis for the proposed Algorithms 1 and 2, assuming that the network
penalty factor ¢ converges in U iterations. We require to solve one sub-problem for each of the
K users, thus the complexity is O(K). If ¢, takes V' discrete values, then the complexity to

solve the problem is O(V?3). If Q) takes Z discrete values, then the complexity is O(Z3). The
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TABLE I: Complexity analysis for the proposed algorithms

Complexity Analysis

Algorithm Complexity

EEM Algorithm 1 | O (PQRK5(2K)?(3M + 5)(V® + Z%))

EEM Algorithm 2 | O (PQURKG6(2K)"(3M + 6)(V® + 2?))

computational complexity due to constraint (C'.2) is O(3M) while the other constraints impose
a complexity of O(1). Further, updating the dual variable has a complexity of O((2K)*) (for
example, we set p = 2 if the ellipsoid method is used), thus the total complexity to update all the
dual variables and obtain w becomes O(5(2K)”). Let us assume that the dual objective function
and the update of the auxiliary variables (2 and ¢ take P, (), R iterations to converge, respectively.
Then the total complexity of Algorithm 1 is given by O (PQRK5(2K)P(3M + 5)(V? + Z3)).
In a similar fashion, let us consider that the update of the auxiliary variable = takes U iterations
to converge in the case of the optimization problem (48), and thus there is an additional dual
variable, adding a complexity of O((2K)”). Therefore, the total complexity for Algorithm 2 can

be given by O (PQURKG6(2K)?(3M + 6)(V3 + Z3)).

F. Maximize EE with Infinite blocklength (IFBL)

1) IFBL under high-SINR regime: When m, — oo, the EE maximization problem in (20)

becomes that of EE maximization with infinite blocklength (IFBL):

max ZZ; <2 log, (thk> — log, (Qk)> —q X Pr(w)

w,Q2

subject to  (C.2) ,(C.3) ,(C.4) & (C.5) in (20). (43)

The proposed Algorithm 1 can also be applied to the problem (43) to find the optimal precoding
vectors w* for this case.
2) IFBL under one-term approximation of dispersion:: Similar to (43), the EE maximization

problem with IFBL can be formulated by letting m,; — oo in the problem (37) as

K
max Zkzl <pk <2 log, <h,twk) — log, (Ek)) + Qk> —q X Pr(w)

subject to (C.2) ,(C.3) ,(C.5) & (C.6) in (37). (44)
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Fig. 4: Convergence of the proposed EEM algorithms.

and Algorithm 2 can be applied to this problem to obtain the optimal w* which maximizes
the EE for this case. In fact, the obtained solution in this case is a local maximizer for the

problem (9) with IFBL:

max (W€
we Pr(w)
subject to  (C.2)in (9). (45)

V. NUMERICAL RESULTS

In this section, we demonstrate the effectiveness of the proposed EEM algorithms for downlink

multiuser MISO networks under FBL codes by computer simulations.

A. Simulation Setup

A single cell with a radius of 500 meters is considered, where the BS is placed at the center
of the cell and all the users are assumed to be located at the cell edge. The maximum number
of iterations is set as L., = 30. The transmit power budget at the BS is set as P, = 45
dBm and the convergence tolerance is set to 107°. Furthermore, we model the path loss as

35.3 4 37.6 x log,,(dx) dB, (where dj, denotes the distance from the BS to URLLC user £ in
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Fig. 5: Impact of the blocklength m4 on the average EE.

meters) [36], while the bandwidth is set to be 15 MHz. We set d;, = 500 meters, Ps7 = 10 dBm
and the thermal noise density is —174 dBm/Hz. The value of the maximum tolerable DEP for
each user is set as €k e = 10~7. The maximization of the EE with IFBL codes, which works as
an upper bound on the EE attainable by the proposed algorithms, is simulated for performance

comparison.
B. Convergence of the proposed algorithm

Fig. 4 shows the convergence behavior of the proposed EEM Algorithm 1 and Algorithm 2 for
the considered network. An exhaustive search algorithm that gives the optimal solution is also
implemented in both scenarios i.e., high-SINR and one-term approximation, for performance
comparison. The parameter settings are K = 2, M = 12, my = 250, and d;, = 500 meters. In
Fig. 4, we can observe that in both scenarios, the EE of the network increases monotonically
and the proposed EEM Algorithm 1 and Algorithm 2 take fewer than 15 iterations to converge

and to approach the performance of the optimal solution.
C. Impact of the blocklength

Fig. 5 demonstrates the impact of the blocklength on the achievable EE for €, 0, = 10~" and

di. = 500 meters. For both algorithms, the values of K and M are set as 2 and 12, respectively.
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It can be seen in Fig. 5 that the average EE of the considered system with Algorithm 1 and
Algorithm 2 improves as the blocklength size m, increases from 150 to 1000 and it begins to
saturate after m, > 1000. In addition, we can also notice that Algorithm 2 performs much better
than Algorithm 1 when m, > 1000, while the EE performance of the both algorithms becomes
closer to that with IFBL.

The impact of the blocklength on the achievable SE performance is shown in Fig. 6 for
€komazr = 1077, K = 2, M = 12 and d;, = 500 meters. Similar to Fig. 5, the average SE
performance of the proposed algorithms increases when the blocklength size m, increases from
150 to 1000 and it becomes approximately constant after m, > 1000. Furthermore, when m, >
1000, the average SE performance gap between the proposed algorithm and the corresponding
IFBL becomes very small. Furthermore, the average SE performance of Algorithm 2 is always
better than that of the Algorithm 1 because the approximation approach used in Algorithm 2 is

much tighter.

D. Impact of the maximum tolerable DEP €}, jqx

Fig. 7 shows the impact of the DEP constraint on the achievable average EE performance for

mg = 250, K = 2, M = 12 and d;, = 500 meters. It can be observed that the average EE of the
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network with Algorithm 1 and Algorithm 2 increases and is closer to the performance of the
respective IFBL case as the maximum tolerable value on the DEP increases. The main reason
is that when the maximum tolerable value increases in both scenarios, the rate loss in (6) due

to the DEP constraint becomes smaller, and thus the EE is improved.
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E. Impact of the number of URLLC users K

We shows the impact of increasing the number of URLLC users K on the average EE and SE
performance under €, q; = 107 and d;, = 500 meters. For both algorithms, we set mg = 250
and M = 20. In Fig. 8, it can be observed that the average EE for both the algorithms decreases
significantly with increasing K and it approaches to zero for both algorithms when K = 10.
This is due to fact that the overall power consumption increases with K. In addition, Fig. 9
shows the average SE performance for both algorithms enhances when we increase the number
of URLLC users K and it becomes constant for i > 8 due to the penalty factor ¢. The main
reason behind the improvement in the SE performance is multi-user diversity gain achieved by

increasing K.

F. Impact of distance dj,

Fig. 10 shows the impact of distance between the BS and the URLLC users on the average
EE and SE performance for € = 1077, K = 2 and M = 12. In Fig. 10(a), it can be
seen that when the URLLC users are very close to the BS i.e., dp < 10 meters, the system

operates in high-SINR regimes and thus Algorithm 1 performs better than Algorithm 2 in terms
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Fig. 10(b) shows the performance of both algorithms when d;, > 100 meters. Similar to

Fig. 10(a), the average EE and SE decreases when we increase the value of dj. The system

switching from high-SINR regime to the low-SINR regime with increasing dj and thus for

dj > 100 meters, Algorithm 2 starts performing better than Algorithm 1.
G. Exact versus approximate objective

We plot the optimal values of the objective function in (20) and (37) obtained by using
Algorithm 1 and Algorithm 2, corresponding to the approximate average EE (curves marked
“approx.”), while we also plot the exact average EE (curves marked “exact”) by substituting the
optimal solutions obtained by Algorithm 1 and Algorithm 2 into the objective function of (9).
In Fig. 11 we demonstrate the average EE performance of Algorithm 1 and Algorithm 2 with
the approximate and the exact objective functions. The values of K and M are set as 2 and 12,
respectively, while ¢, = 1077 and d; = 500 meters. It can be observed that the approximated

objective represents a lower bound on the exact objective, as expected.
H. Impact of blockages

Fig. 12 shows the impact of blockages on the average EE performance of Algorithm 1

and Algorithm 2 with K = 2 and M = 12, ¢ = 1077 and d;, = 100 meters. In order to
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show the impact of blockages (non-line-of-sight (NLOS)), we include in the simulation the
effect of shadowing, which follows a lognormal distribution with zero mean and 8 dB standard
deviation [37]. In Fig. 12, we can observe that the blockages degrade the average EE performance
of both algorithms and thus, both algorithms performance better in case of line-of-sight (LOS)

propagation.
VI. CONCLUSIONS AND FUTURE WORK

In this paper, we focused on designing the optimal energy-efficient precoder weights and DEP
for downlink MISO URLLC networks. For this, we formulated an optimization problem under
the constraints of DEP per URLLC user and BS transmit power. Since the formulated problem
was non-convex, we analyzed the structure of the problem and derived two approximate versions
of the problem, one of which is valid for high SINR and the other is for all practical values of
SINR. For fixed values of the auxiliary variables and penalty factor, the approximate problems are
jointly convex in the design variables of the precoders and DEPs. Two iterative EEM algorithms
were then proposed to obtain locally optimal solutions with a zero-term (high SINR) and a
one-term (general SINR) approximation to the channel dispersion. Moreover, we proved the

convergence of the algorithms and derived closed-form expressions for the resulting precoders.
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By simulation examples, we illustrated the impact of the blocklength, the number of URLLC
users, distance between the BS and users and the threshold of DEP on the network’s EE and SE
performance. Future research directions include extension of the proposed framework to multiple-
input and multiple-output (MIMO) multi-hop communications and imperfect CSI knowledge, and

the investigation of deep learning approaches for fast varying channel environments.

APPENDIX A: PROOF OF LEMMA 1

We utilize the relation Q7' (z) = v/2 erfc ™! (22) = V2 erf * (1 — 22) to get the approximation
of Q71 (2). For |z| < 1, the erf ' (2) is expanded as [31]

) 2k+1
erf! (2) = C (ﬁz) : (A.1)

where ¢;, is defined as

1 for k=0;
G= 0 oo (A2)
i for k> 1.
mZ:O (m+1)(2m+1) -
Using (A.1), the expansion of Q! (z) is given by
1 s m 5 T2 5
= o (1 =22) 4+ = (1= 22) + — (1 —2
@)=y 3 (a-2+ D2+ -2
1277T3 7
1-2 e 1. A3
40320( 2)" + ),0<z< (A.3)

It can be observed that the values of the second and higher power terms of z in (A.3) are close
to zero, and hence we consider only linear terms to approximate Q! (2) as

Q' (z)~ \/g (A— Bz), (A.4)

where A and B are given by (12) and (13), respectively. This completes the proof.

APPENDIX B: PROOF OF LEMMA 2

For any given values of €2 and ¢, the objective function in (20) is concave, while the constraint
(C.1) is linear. The constraints (C.2) and (C.3) in (20) are the summation of the non-negative
weighted quadratic functions and thus, they are convex. Due to the linear form, the constraints
(C.4) and (C.5) are also convex. Therefore the optimization problem (20) is convex in w and
€ for given (2 and ¢, and thus the solution can be obtained by solving this problem and using

standard convex optimization tools [30].
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APPENDIX C: PROOF OF THEOREM 1

By taking the partial derivative of the Lagrangian dual function defined in (21) with respect

to wL and ¢;, we obtain

K

oL A U 1 1
(w.€.{ k}“l? IUGLELD = —q X Wi — UW, — Z %hzhgwk + §Ukhk - T@kth

ow, 1=1, 125 71 J

(C.1)
A _
oL (W7€7{ k}uu?{ykavknvk}) — n BlOg2€—)\k. (Cz)
86k de
By equating the obtained partial derivative to zero, we get
1 1 - B
* — 14 1

== — — — I —h/h hy . C3
W, (ka ijk) X <( q+n) M+l_1zl:¢k 012 I z) k (C.3)

Using (C.2), the DEP ¢, can be updated as

+
ex(l+1) = {ek(l) + e (1) (1 /mldBlog2 e — )\k>} ) (C4)

Hence, this completes the proof.

APPENDIX D: PROOF OF THEOREM 2
Suppose (W*, €*,2*) is the optimal solution at the [-th iteration, we have
G (q()) = F (w(l),€e (1)) = q()Pr (W (1)) ;
>F(w(l—=1),e(l—1)—ql)Pr(w*(l—1))=0.. (D.1)
By applying (25) into (D.1), it gives
Pr(w(1)) x (q(l +1) —q(l)) 2 0. (D.2)

As we know that Pr (w*(l)) > 0, this implies that ¢(I + 1) > ¢([). Hence, the penalty factor ¢

increases monotonically with the iteration number [/ until convergence.

APPENDIX E: PROOF OF LEMMA 3

For any fixed values of =, W and ¢, the objective function in (37) is concave, while the
constraint (C.1) is linear. The constraints (C.2), (C.3) and (C.4) in (20) are the summation of

the non-negative weighted quadratic functions and thus, they are convex. The constraints (C.5)
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and (C.6) are also convex because of the linear forms. Therefore the optimization problem (37)

is convex in w and e for given =, ¥ and ¢, and thus the solution can be obtained by solving (37)

using standard convex optimization tools [30].

APPENDIX F: PROOF OF THEOREM 3

Taking the partial derivative of (38) with respect to w,t; yields

(F.1)

82 (W,G,{S\k},ﬂ, {gkvﬂkvwk:&k}) K
:—qXWk—[LXWk— Z ClhlhTW —:h hTW
T 1 Wk L Wy
owy, I=l£k
1 1
—ohy — —ohy .
+ 5 PRIk % oxhy
By letting 3E(W7€7{>\k},ﬁ,{%,l’kﬂﬁkﬂk}) — 0, we get

T
ow,,

- 1 1
. ththWk - thkh;];wk + —prhy, — —oihy =0;

K
—gxw—xw =Y o= o

I=l#

K
1 1
= i) 1 7.h hi hh! —(Zpp — —0u | hy:
((%ﬂi) M + phy k+l:§l#<l I 1) Wy, (2/% 2j9k) K

2 29

K —1
1 1 - -
= W} = <—pk — —.Qk> X ((q+ i) Ins + ghghf + + Z §zhzhj> hy, k=1,...

=1k

This completes the proof of the theorem.

APPENDIX G: PROOF OF LEMMA 4

(F2)

(E.3)

(F4)

By taking the partial derivative of £ (w,e, e it {sns Dk,@bk,vﬁk}) with respect to €, we

get

aﬁ (W767{5\k}7:&7 {gkaﬁkal/}kal/_)k}) T
=4/ Ve Blog,e — Ak
(‘%k Zmd

By using (G.1), the update equation for ¢, is given by

+
[ T
Gk(l + 1) = |:€k(l) + Qe (1) ( Q_ﬂ”Ld\IjkB 10g2 € — /\k>:| .

This completes the proof of Lemma 4.

(G.1)

(G.2)
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