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A Joint Communication and Computation
Framework for Digital Twin over Wireless Networks

Zhaohui Yang, Mingzhe Chen, Yuchen Liu, and Zhaoyang Zhang

Abstract—In this paper, the problem of low-latency communi-
cation and computation resource allocation for digital twin (DT)
over wireless networks is investigated. In the considered model,
multiple physical devices in the physical network (PN) needs
to frequently offload the computation task related data to the
digital network twin (DNT), which is generated and controlled by
the central server. Due to limited energy budget of the physical
devices, both computation accuracy and wireless transmission
power must be considered during the DT procedure. This joint
communication and computation problem is formulated as an
optimization problem whose goal is to minimize the overall
transmission delay of the system under total PN energy and
DNT model accuracy constraints. To solve this problem, an
alternating algorithm with iteratively solving device scheduling,
power control, and data offloading subproblems. For the device
scheduling subproblem, the optimal solution is obtained in closed
form through the dual method. For the special case with one
physical device, the optimal number of transmission times is
reveled. Based on the theoretical findings, the original problem
is transformed into a simplified problem and the optimal device
scheduling can be found. Numerical results verify that the
proposed algorithm can reduce the transmission delay of the
system by up to 51.2% compared to the conventional schemes.

Index Terms—Digital twin (DT), delay minimization, joint
communication and computation design.

I. INTRODUCTION

Metaverse, considered as a new generation of the Internet,
is envisioned to build a digital world where people can meet
and interact in real time via integrating various technologies,
such as extended reality (XR), digital twin (DT), holographic,
sensing, communication, and computing [1]-[8]. Recently,
DT technology is envisioned to act as an important role
for the modern communication society [9]-[13], in particular
for the future applications including Metaverse, as shown in
Fig. [l DT is the process of using information technology to
digitally define and model physical entities. The core concept
is to realize feedback optimization of physical entities through
the simulation, control and prediction of DTs. Due to the
combination of digital and physical worlds, DT technology
has many advantages [14]-[21]. The core element of a DT is
data. It originates from physical entities, operating systems,
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sensors, etc. It covers simulation models, environmental data,
physical object design data, maintenance data, operation data,
etc., and runs through the entire operation of physical objects.
The DT is used as a data storage platform to collect various
raw data, perform data fusion processing, promote the dynamic
operation of each part of the simulation model, and effec-
tively reflect various business processes. Therefore, data is
the fundamental of DT applications, and without multivariate
fusion data, DT applications will lose momentum. Moreover,
the main body of a DT system is a data-driven model built on
the logic of physical entities and behavior. Twin data is the
basis for mapping between physical objects and digital world
model objects. It includes models, behavioral logic, business
processes, state changes, etc., to achieve comprehensive pre-
sentation, accurate expression and dynamic monitoring of the
state and behavior of physical entities in the digital world.
DT can be used to intelligently design decisions, using the
large amount of historical, real-time data in the DT, combined
with advanced algorithm models, to effectively reflect the state
and behavior of physical objects in the digital world. Thus,
the data scurity is important for DT [22]]. At the same time,
through the simulation experiment and analysis and prediction
in the digital world, it provides a decision-making basis for
the instruction formulation of entity objects and the further
optimization of the process system, which greatly improves
the efficiency of analysis and decision-making [23]-[23].

Due to the above distinctive advantages, DT has many
emerging applications [10], [26]-[28]]. Implementing DT re-
quires a joint design of the physical and application layer,
which can involve the multi-tier framework [27], [28]. With
the help of high-tech means such as geographic information
technology and three-dimensional virtualization, the smart DT
community restores the situation of community buildings and
traffic roads with high accuracy, integrates two-dimensional
models of each floor of the building, indoor and outdoor
integration, and displays the key data of the core operation
system of the community in real time from the scene display
of the three dimensions of smart operation and maintenance,
intelligent transportation, and digital life. Based on the visual
data, a city-level DT system can be built on the basis of fully
integrating the information resources of various fields of the
city, accurately reproducing the management elements of a
wide range of urban fields, and realizing all-round dynamic
perception of a wide range of urban operation from the global
perspective to the micro field.

Since the physical world and the digital world needs to
communicate, DT over wireless networks has attracted a lot of
attentions [1]]. The survey of using the future sixth generation
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Fig. 1. The application scenario of DT based communication system.

(6G) communication techniques for DT was presented in [29].
A blockchain empowered federated learning framework for
DT was considered in [30]], to solve the edge association
problem through optimizing the DT association, training data
batch size, and bandwidth allocation. The interplay between
Terahertz and DT was considered in [32], where DT can
be utilized to predict and simulate the unique propagation
properties of Terahertz signals. Furthermore, a DT assisted
mobile edge computing network was considered in for
Internet of vehicles. In [34], the combination of Bayesian
learning of DT was studied, where the DT trained a Bayesian
model to predict the epistemic uncertainty of the wireless
communication system. In [33], a DT system over wire-
less communication network was proposed to investigate the
tradeoff between the accuracy and delay of the DT system.
An weighted sum accuracy and system delay optimization
problem was formulated in [35], which was solved by using
the edge continual learning. However, the above works [29]-
all ignored the joint communication and computation
resource allocation with considering energy budget of wireless
devices and model accuracy of the DT, even though the
wireless devices are usually energy constrained.

In this paper, we consider the delay-efficient communication
and computation resource allocation for a DT network with
considering energy budget of wireless devices and DT model
accuracy constraints. Our contributions are listed as follows.

o We investigate the performance of DT over wireless
networks, where multiple physical devices in the phys-
ical network (PN) transmit data to the digital network
twin (DNT) over multiple time slots. Due to limited

energy budget of the physical devices, both computation
accuracy and wireless transmission power are considered
during the DT procedure.

This joint communication and computation problem is
formulated as an optimization problem whose goal is to
minimize the overall transmission delay of the system
under total PN energy and DNT model accuracy con-
straints. To solve this problem, an alternating algorithm
with iteratively solving device scheduling, power control,
and task offloading subproblems.

For the special case with one physical device, we reveal
the optimal number of transmission times. The optimal
transmit power is derived in closed form and the original
problem is then transformed into a simplified problem.
Numerical results show the superiority of the proposed
algorithm compared to the conventional schemes in terms
of transmission delay.

The rest of this paper is organized as below. Section II
presents the system model and problem formulation. The
algorithm design is presented in Section III, while simulation
results are given in Section I'V. Section V concludes this paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

Consider the DNTs that consist of a PN and its mapping
DNT generated and controlled by a central server, as shown
in Fig. [2l The total number of physical devices in the PN is
denoted by K. The physical devices such as base stations and
sensors need to transmit status data to the central server, which
utilizes the obtained data to generate DNT. We consider a long
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Fig. 2. The considered system model of DNTs.

time period 7" and the time can be divided into /N time slots.
The duration of each time can be calculated as T = %

The channel gain between physical device k& and the server
at time slot n is denoted by A, k. At time slot n, the physical
device k£ in PN will generate data D,,,. To guarantee synchro-
nization between the PN and the DNT, the physical device k
can choose to transmit data d,,;, to the server. The transmission

rate between the physical device k£ and the server is given by

Pnk hnk
0’ b)

rax = Blog, (1 + (1
where B is the bandwidth of the system, p,; is the transmit
power of the physical device k at time slot n, and o2 is
the noise power. Considering the randomness of the wireless
channel, the received data at the server can contain error. The
error rate of the transmission at time slot n can be given by

mo?

enk(pnk) =1—e Pnklnk 5 (2)

with m being a waterfall threshold.
Since the transmitted data cannot be large than that of the
remaining data, we have

Zdikcik(pik) < ZDik; Vne N,k ek, (3)

i=1 =1

where

’771(72
1 with probability e PirFik
cir(pir) = P N )
0 with probability 1 — e 7irlix

N={1,---,N},and K = {1,--- ,K}.

In each time slot, let x,, € {0,1} denote whether physical
device k in the PN transmits data to the server. The notation
Tnr = 1 implies that physical device k transmits data to the
BS; otherwise we have z,;, = 0. In this paper, frequency
division multiple access (FDMA) is considered for the uplink
transmission. Due to limited resource blocks of the commu-
nication system, the maximum number of associated users at
each time slot is limited, i.e.,

K
> wuk < Ko, VneN, (5)

k=1

where K, is the maximum number of available resource
blocks for the communication system.

At each time slot n, the wireless transmission delay and
energy can be derived as

Since multiple users can simultaneously communicate with the
server, the transmission delay of the PN at time slot n can be
given by
tp = max Typilnk. 7
n hek nklnk ( )

Moreover, at each time slot n, the wireless transmission
energy can be given by

The accuracy of the DNT requires more data from the
PN, while large data can lead to high transmission delay and
energy. Thus, it is of importance to investigate the tradeoff
between the accuracy and the wireless cost of the PN including
delay and energy. The accuracy of each time slot n can be
modeled as

n K
Ap = <Z Zdlkclk Dik 7ZZDU€> ’ (9)

i=1 k=1 i=1 k=1

where function f(z,y) € [0,1] and f(z,y) increases with
x while decreases with y. The function of f(z,y) can be
obtained through simulations such as [33]. For example, we

can set f(z,y) = (%) , where a > 0.

B. Problem Formulation

With the considered system model, our aim is minimize
the transmission delay of the system with both accuracy and
energy constraints. Mathematically, the optimization problem
can be formulated as:

N
Z r]glea’%c Tnklnk
n K n K
s.t. (Z > dikcin(pir), Y Zm) > A,, (10a)

1=1 k=1 =1 k=1
Vn e N,

(10)

(10b)
N

Z tnkpnk < Qka vk € ’Cv

n=1

> dikcik(pir) <Y Dir, Yn €N,k €K, (10d)

i=1 i=1

(10c)

n+7

> wik > per, YneNkeK, (10e)
K

Y @ < Ko, VneN, (10f)
k=1

do >0, YneN,kek, (10g)

Tk € {0,1}, Vne N,k eK, (10h)
0<pur <Py, YneN,kek, (101)
0<tp <To, VneN,kek, (10j)



where © = [1‘11,-" S LU1K ,,TNK]T, d = [d/llu"' s
dig,- dng]"s p o= [pus- Pk, pNk)T, Qk s
the maximum energy of physical device k, 8, € (0,1] is a
parameter to ensure that the physical device k and the server
should have regular communication, 7 is a constant parameter
to ensure that the each physical device and the server must
have at least one communication in 7 time slots, and P is
the maximum transmit power of physical device k.

Problem (I0) is mixed integer optimization problem, which
is generally hard to solve due to the following three difficulties.
The first difficulty is the complicated accuracy function (@),
of which the explicit expression is hard to obtain. The second
difficulty lies in the nonconvex objective function (I0) and
constraints (I0k)-(I0k). The third difficulty lies in the integer
scheduling variable ;. To solve problem (I0), we propose
an iterative algorithm in the following section.

III. ALGORITHM DESIGN

In this section, we present the proposed alternating algo-
rithm to solve problem (I0), which alternative solves three sub-
problems at each iteration., i.e., device scheduling subproblem,
power control subproblem, and data offloading subproblem.

A. Device Scheduling Subproblem

With given transmission power and data offloading variables
in problem (I0), the device scheduling subproblem can be
given by

N
In:gn Z%lea,é(xnkt”k (11)
n+1
st > i > fer, VneNkeK, (11a)
K
> <Ko, YneN, (11b)
k=1
Tnk € {0,1}, Vn e N. (11c)

Problem (1) is a linear integer optimization problem. Relax-
ing the integer constraints and introducing slack variables y,
Problem (II)) becomes,

N
i n 12
min nz_;y (12)
n+1
st Y @ik > Ber, VneNkeK, (12a)
K
ank <Ky, YneWN, (12b)
k=1
Yn > Tnktnk, YneN, ke, (12¢)
Tnr €{0,1} VneN, (12d)

where y = [y1,--+,yn]T. Problem (I2) is a linear integer
optimization problem, which is generally hard to obtain the
globally optimal solution. In the following, we use the dual
method to solve the relaxed problem of (I2) with replacing
constraint (I2H) with continuous constraint z,; € [0,1]. It

can be also proved that the obtained solution of the relaxed
problem automatically satisfies the integer constraint in (124).
Through replacing replacing constraint (I2d) with continuous
constraint 2,5 € [0, 1], problem (I2) can be transformed into

N
> un (13)
n=1
n—+T1
s.t. Z T > BrT, VneN,keK, (13a)
K
> auk < Ko, VneN, (13b)
k=1
Yn = Tnklnk, Vn € N, kek, (13¢)
Tk €[0,1] VYn e N. (13d)

Since both objective function and constraints of problem (I3)
is convex, problem (I3) is a convex problem and the optimal
solution can be obtained by using the dual method. To obtain
the optimal solution of problem (13), we provide the following
lemma.

Lemma 1. The optimal solution of problem (13) is
:;k _ { 1 lf )\271 + )\Snk - Z?:max{nfr,l} Alik <0 7 (14)

0 else

8]

and

Yn = MAX Ty ok, (15)
where Mpre > 0, dop > 0, and 0 < A3 < 1 are
the corresponding dual variables associated with constraints

(L3a)-(L3¢).

Proof. The dual function of problem (I3) can be formulated
by

‘Cl(;B Yy, Alv A27 A3)

e

nlkl

J:v K
Z Z )\Snk xnktnk yn) )
n=1k=1

where Al = [)\111, s ,)\1NK]T, )\2 = [/\21, s ,AQN]T, and
A3 = [As11,- -, A3nx]T. Considering constraint (I3d) and
Li(x,y, A1, A2, A3) is a linear function with respect to @,
the optimal solution of = can be derived as (I4). Further
considering that y,, only has lower bound as shown in (13k),
the dual function £ (x,y, A1, A2, A3) is unbounded unless
1 — A3pr > 0. Thus, we always have 1 — A3, > 0 and the
optimal solution of y;; should be the minimum value satisfying

(13k), as shown in (13). O

According to Lemma 1, the optimal solution of  and y
can be obtained with given dual variables. Besides, the value
of x,,1 is always zero or one, which automatically satisfies the
integer constraint (I2d). With obtained x and vy, the values of



the dual variables can be updated with the sub-gradient method

370
n+7 +
(ﬁkr—inkﬂ , (16)

Ang(t+1) = lAlnk (t) + k(t)

<Z T — Koﬂ ) NGY))

Aon (t + 1) = l/\zn

(18)

Aank(t+1) = Vs (t) + £(t) (Tartar — yu))o

where (t) denotes the value of variable in the ¢-th iteration,
k(t) is the dynamatic stepsize of the dual method, [z]T =
max{z, 0}, and 22 = max{min{z, a},b}. Through iteratively
updating the value of x and y with the dual variables, the
optimal solution is obtained.

B. Power Control Subproblem

With given device scheduling and data offloading variables
in problem (10), the power control subproblem can be formu-
lated as

N
m;n g %lealé( Tnktnk (19)
st. an>A,, YneEN, (19a)
N
> tukpuk < Qr, VE €K, (19b)
n=1
Zdikcik(pik) < ZDik, YneN, ke, (19c)
i=1 i=1
0<pu <P, VneN, (19d)
0<ty, <Ty, VneWN. (19e)

Problem (I9) is hard to solve due to the complicated
constraints (T9h)-(I%). In order to handle constraint (I9c),
we use the expect value of ¢;(pix) to represent the value of
cik(pix), i.e., we have

77162

Cik (pm) — e Piklik |

(20)

Without loss of generality, we consider the expression of
[e3

accuracy function f(z,y) = (%) with « being the constant

to be determined in the simulations in the following analysis.

Further substituting the expressions of ¢, = dL’; and 7, =

T

Blog, (1+ £ ”’;Z"k) as well as introducing slack variables
tnr and z,, problem (I9) can be equivalent to

N
Z Zn, 2D
n=1
st Zp > Tpktnk, YN eEN,keEK, (21a)
dy
bty > b . VneN,keK,
Blog, (1 + p—"’;};"’“)
(21b)
n K e n K
ZZdike_Pikhik > A}/OLZZD”]@, VTLE./V',
i=1 k=1 i=1 k=1
)
N
> tukpnk < Qr, k€K, (21d)
n=1
n maz n
Zdikefpikhik < Z Dy, YneN,kek, 2le)
i=1 i=1
0<pnk < Pr, VnenN, (211)
0<tn <Tp, VnelN, (21g)

where z = [21,--- , zx]. Problem (ZI) is nonconvex due to
constraints (21Ib)-(2Ik). To handle the nonconvexity of 2Ib)
and (2Id), we use variable substitution. Introducing a new
variable ¢, = tnkxpnk and replacing p,, with ¢,, problem
1) becomes

N
> zn
n=1
st. (2Ih), @IF), @2Ik)
n hn
tnxBlog,y <1+q K k) >dpk, VneN,kelk,

(22)

o2t
(22a)
n K mo?t, K
Z Z dire T > Al/o‘ Z Z D, YneWN,
i=1 k=1 i=1 k=1
(22b)
N
> gk < Qi VEEK, (22¢)
n=1
dee st < ZD““ VneN,kek,
=1 i=1
(22d)

where both constraints (ZZh) and @Zk) are convex now. As a
result, it remains to solve the complex exponential expressions

in constraints (22b) and @24).

In order to handle the non-convexity of constraints (22b)
and 221), we use the first-order Taylor series to approximate

_moty . .
e d%rhic  which can be given by

mgzt(M)




and
n mazt(m)
Z dike afi )h“v (1 — (nn;L;j (tzk tg;cn))
i=1 Qe Tvik
maQt(»,T)
(g — @) < Z Dig. 24)
(ql(k ))th‘k
where qgcn) and tz(.;n) are respectively the values of ¢;; and t;;

in the m-th iteration. According to 23) and @24), the convex
linear inequality constraints are obtained.

Through replacing constraints (22b) and 22d) with (23)) and
(24) respectively, problem ([22)) becomes the following convex
problem:

N
PN (25)
n=1
st (EIh), EIF), 2Ik)
tnr B log, ( + an?nk) >dui, VneN,kek,
nk
(25a)

n K
> AV "N "Din, VneN,

=1 k=1

(25b)

N
ankSQku VkEICa

n=1

(25¢)

771(7‘2 t(m)

n 2
> due T (1= g
i=1 Qilzn R

maztglzn)
(q§,§”))2hik
S ZDiku B ke IC7

i=1

(tix — ")

(qir — q§,§”)))

(25d)

which can be effectively solved through using the existing
convex optimization algorithms. Trough solving problem
the solution of the original problem (I9) can be effectively
obtained.

C. Data Offloading Subproblem

With given device scheduling and power control variables in
problem (I0), the data offloading subproblem can be rewritten

Algorithm 1 : Alternating Algorithm

1: Initialize a feasible solution (z(*),d(®,p(® of problem
(0) and set [ = 0.

2: repeat

3 With given (dV,p"), obtain the solution 2(*1) of
problem (II).

4 With given (z(t1) d(®), obtain the solution p(+1) of
problem (TI9).

5. With given (2T p(+1) obtain the solution d(+1)
of problem (26).

6: Setl=1+1.
7: until objective value (I0) converges
as
N
mén nzl rglea’%( Tnktnk (26)
st. ap,>A,, VYnéeN, (26a)
N
D tokpnk < Qr, VEEK, (26b)
n=1
> dikcin(pir) <Y Din, YneN k€K, (26c)
i=1 i=1
dpp >0, VnewnN, (26d)
0 <tnr <Ty,neN. (26e)
Substituting (@) and @) into problem 28) yields
N
n. dn
min max SkCnk 27)
d £ kek rnk
n K e n K
s.t. Z Z dipe Pikhik > A,ll/o‘ Z Z D;, VYneWN,
i=1 k=1 i=1 k=1
(272)
n. dn
Zp’“ b < Qn VkeEK, (27b)

n=1

Zdzkclk pit) <3 Di, VneNkeK, (27¢)
=1 i=1

dpi >0, YneN,
Ogtnk§T07 TLEN,

which is a linear programming problem and can be effectively
solved by using the simplex method.

(27d)
(27e)

D. Algorithm Analysis

Through alternatively solving subproblems (I1J), (I9), and
(26), the overall procedure to obtain a solution of problem (IQ)
can be shown in Algorithm 1. Since the objective value (IQ) is
nonincreasing and the objective value (I0) has a limited lower
bound (i.e., zero), Algorithm 1 always converges.

The main complexity of Algorithm 1 lies in solving sub-
problems (II), (I9), and @6). To solve subproblem (11,
the optimal solution can be obtained through Lemma 1 with
complexity O(NK7) for given dual variables. Thus, the



complexity of solving subproblem (II)) is O(I; N K1), where
I; is the total number of iterations of using the dual method.
To solve subproblem (T9), the total complexity is O(I; N3 K3)
through solving a series of convex subproblems (23)), where
I is the total number of iterations using the successive
convex approximation method. To solve subproblem (26,
the total complexity is O(N2?®K?%®) through the simplex
method. As a result, the total complexity of Algorithm 1 is
O(IgI1 NKT+ IoI; N3 K3 + IgN?5K?%), where Ny denotes
the total number of outer iterations.

IV. OPTIMIZATION WITH ONE PHYSICAL DEVICE

In this section, we consider the case that the DT system
only has one physical device. In the following of this paper,
we omit the subscript k without loss of generality since we
only consider one physical device. For the case that K = 1,
problem (I0) can be formulated as

(28)

N
Z Tntn
n=1

st f (Z dici(pi)szz) > A, VneN, (28a)

i1 i—1

N

Ztnpn <Q, (28b)

chz (ps) gz i VneN, (28¢c)

n+T -

> i = Br, VneN, (28d)

d, >0, VnéeWN, (28e)

z, €{0,1}, Vnewn, (281)

0<p, <P, Vnel, (28g)

0<t, <T, VYneN, (28h)
wherex = [71,---,2n]T, d = [d1, -+ ,dn]T, and p =
[plu e 7pN]T'

It is generally hard to solve problem (@28) due to the
following two main difficulties. The first difficulty is that
problem (28) includes both integer and continuous variables,
which introduces non-smoothness. The second difficulty lies
in that the non-convexity constraints in (28h)-(28k). Due to
the above two difficulties, the joint optimization design is
challenging.

In the following, we solve problem (28)) in an online manner.
According to (284d), the physical device needs to transmit
information at least [37] times in every 7 + 1 time slots.
For the sake of analysis, we consider the case that [S7] = 1
and the physical device needs to transmit at least once during
every 7 + 1 time slots. Based on this finding, we optimize
the location of transmission time, i.e., z,, = 1 in an inductive
scheme. The proposed inductive scheme includes two phases:
initial phase and recursion phase.

A. Initial Phase

In the initial phase, the aim is to find the fist transmission
time and the corresponding optimization problem can be
formulated as

min xntn 29
{1n;dn7pn} ( )
T4+1
s.t. <Z dici(pi), Z D; )

Yn=1,--- 7'—|—1 (29a)

T+1

1

Ztnpn ks )Q, (29b)

‘r+1
=1, Yn=1,-, 741, (29¢)

i=1
dp, >0, YVn=1,---, 741, (294d)
xn, €{0,1}, VYn=1,--- ,7+1, (29%¢)
0<p, <P, Vn=1,--,7+1, (290
0<t, <T, Vn=1,---,74+1, (29¢2)

where constraint (28k) is omitted since the accuracy constraint
8h) also reflects the minimum number of transmitted in-
formation requirement. To analyze the optimal solution of
problem (28), we have the following lemma.

Lemma 2. For the optimal solution (x},d}, pl) of problem
28, we always have ZT+1 xf =1

Lemma 2 can be proved by using the contradiction method
If the optimal solution of problem ([28) satisfying ZZ L x>
1, we can always construct a new solution that ZZ: z; =1
and z;, = 1, m = arg;_; ... .41 h;, with lower objective
value, which contradicts that the solution is optimal.

According to Lemma 2, one can always obtain the optimal
transmission time slot, i.e., the time slot with the highest
channel gain. However, the original optimization problem (28))
requires finding the transmission time for many 7 + 1 time
slots. Although the solution z, = 1 is the optimal solution in
the fist 7 + 1 time slots, this does not guarantee that x), =1
is optimal considering the whole IV time slots. As a result, we
need to conduct the recursion phase to capture the relationship
between multiple time slots.

B. Recursion Phase

Assume that the previous transmission time is m, i.e., z,, =
1. In the recursion phase, our aim is to obtain the objective
value if the next transmission time is 7, = 1, m+1 < ¢ < m+
741, i.e., the delay minimization problem can be formulated



as

min ¢t 30
{dn,pn} ! ( )
s.t. f<dch(pq),ZDi> > A, Yn=1,---,7+1,
i=1
(30a)
(t+1)Q
t < -t 30b
qpq = N—m ’ ( )
dy >0, VYn=1,--,7+1, (30¢)
0<ps <P, Vn=1,---,7+1, (30d)
0<t,<T, WYn=1,- 7+1. (30¢)
According to (1), (@) and (30d), we have
d
ty > T _ 31)
Blog, (1 + 02")
Based on (d), (@) and (B0H), we further have
> 2. (32)
Dq
where B
dqpq _ (T + 1)@ (33)
Blog, (1—1—13:’,2‘1) N —m
Solving (B3) with Lambert W function yields
o? Bh,Q(T +1)
Dg = — W(-=In2)—1]). 34
Pa =T <—ln2dq02(N—m) (=1n2) > (34
Based on (B1) to (33)
d
t, =max 4 TR (35)
Blog, (1 + 02")
@ 2T (36)

a? BheQ(7+1)
hy (— In2dq02(N—m) w (_ In 2) B 1)
C. Overall Phase

Based on (33), we show that the optimal delay is T,if
the previous transmission time slot is m and the current
transmission slot is g. Based on the expression of T},,, we
can obtain

N N
§ Tty = § T,
n=1 n=1

As a result, the original optimization problem (28) can be
reformulated as

N
min E T
x,d "
n=1
n

s.t. f<Zdici(pi),ZDi> > A, VneN, (38a)
i=1

= i=1

min{N,n+7+1}

Z T,

m=n+1

T 37

min{N,n+7+1}

>

m=n-+1

(38)

menm

n+Tt

in >1, VYneWN, (38b)
d, >0, VnéeWN, (38¢)
2, €{0,1}, VneN. (38d)
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Fig. 3. The transmission delay versus the maximum transmit power of each
physical device with K = 14.

With given data offloading, the device scheduling belongs
to the classic assignment problem, which can be effec-
tively solved using the Hungarian algorithm. With given user
scheduling, the data offloading problem can be solved by using
the successive convex approximation algorithm.

V. SIMULATION RESULTS

In this section, we provide the simulation results of the
proposed algorithm. We consider a PN with K physical
devices uniformly distributed in a square area with size
200m x 200m. The path loss model is 128.1 + 37.6log;, d
(d is in km) and the standard deviation of shadow fading is 8
dB [38]. The bandwidth is B = 1M Hz and the noise power
spectral density is Ny = —174 dBm/Hz. Unless otherwise
specified, we set the number of physical devices K = 10,
the total number of time slots N = 10, equal accuracy
requirement A; = --- = A, = 0.6, equal arriving data

Dy = --- = Dyg = 300 kbits, parameter 7 = 3, Ko = 5,
equal constant 5 = --- = S = 1/3, and equal maximum
transmit power P = --- = Pg = 1dBm.

To show the effectiveness of the proposed algorithm, we
consider the following two baselines: the random device selec-
tion algorithm (labeled as ‘Random’), where the power control
and data offloading are optimized by using the proposed
algorithm, and the adaptive edge association algorithm in
(labeled as ‘AEA’), where the device selection and data
offloading are solved by using the proposed algorithm.

In Figs. B and Bl we show the transmission delay versus
the maximum transmit power of each physical device with
various number of physical devices. From both figures, it can
be observed that the total transmission delay of all algorithms
decreases with the maximum transmit power and the decreas-
ing speed is decreasing. The reason is that large maximum
transmit power can allow the physical device to transmit with
high power, thus reducing the transmission delay. Compared
with AEA in [31]], the proposed algorithm can yield lower
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Fig. 4. The transmission delay versus the maximum transmit power of each
physical device with K = 10.

12 T
—©— Proposed
—#&— Random
107 AEA A
2
>
©
© 8r b
ko)
c
Re]
8 6t |
£
17}
g
= 47 B
s
S
'_
2F q
H o —— e ©
0 L L L L
4 6 8 10 12 14

Number of physical devices

Fig. 5. The transmission delay versus the number of physical devices with
maximum transmit power 2 dBm.

transmission delay expecially when the maximum transmit
power is small. The reason is that the proposed algorithm
jointly optimizes multiple time slots, while the resource is not
cooperatively scheduled in AEA.

The transmission delay versus the number of physical
devices with different maximum transmit power is depicted
in Figs. Bl and [@ It can be found that the proposed algorithm
always achieve the best performance. With the increase of
number of physical devices, the total transmission delay of
both the proposed and AEA algorithms slightly increases,
while the total transmission delay of random algorithm dy-
namically increases.

In the following Figs. [l to Bl we also compare the per-
formance of the proposed algorithm with the equal power
allocation scheme. Fig. [7] shows the transmission delay versus
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Fig. 6. The transmission delay versus the number of physical devices with
maximum transmit power 1 dBm.
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Fig. 7. The transmission delay versus the maximum transmit power of each
physical device.

the maximum transmit power of each physical device. Accord-
ing to this figure, it is observed that the proposed algorithm
always achieve the best performance among all algorithms.
Compare to random device scheduling algorithm, the other
two algorithms can great reduce the transmission delay, which
indicates the superiority of device scheduling optimization.
Compared to equal power allocation algorithm, the proposed
algorithm can decrease the transmission delay by up to 51.2%
especially when the maximum transmission power is high. The
reason is that the proposed algorithm can dynamically allocate
different power for each user based on the wireless channel
gains to increase the overall transmission rate, thus leading to
low transmission delay.

The trend of transmission delay verses the number of
physical devices is presented in Fig. [8l It is found that all
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algorithm increases with the number of physical devices. This
is because more physical devices means more data to offload,
which can cause high transmission delay. In this figure, we
also can observe that both the proposed algorithm and equal
power allocation algorithm can greatly reduce the transmission
delay compared the random device scheduling algorithm.

Fig. 18 illustrates the delay performance changes as the
number of resource blocks. From this figure, the transmission
delay of all algorithms decreases with the number of resource
blocks. This is because more resource blocks ensure more
devices to upload the data at each time slot, which can
decrease the overall transmission time slots and result in low
transmission delay. It is shown in Fig. 4 that the proposed
algorithm is superior over the equal power allocation algorithm
especially for small number of resource blocks.
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VI. CONCLUSIONS

In this paper, we have investigated the delay performance of
DT over wireless networks. We have formulated a joint com-
munication and computation problem so as to minimize the
total transmission delay of the network with considering both
transmission energy and computation accuracy constraints. To
solve this problem, we have proposed an alternating algorithm
with solving three subproblems iteratively. Numerical results
have illustrated that the superiority of the proposed algorithm
compared to the conventional schemes in terms of transmission
delay, especially for large maximum transmit power and small
resource blocks.
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