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Abstract—Digital twin is emerging as a key technology to
monitor the status of complex industry systems. Valuable insights,
such as running statuses and anomalies, can be analyzed from the
collected system status timely. Considering that the data updating
from each system component (known as a physical object) to
its digital twin is performed continuously, timely and accurate
streaming analytics based on machine learning models is a key
technology to analyze such data efficiently. In this paper, we focus
on enabling low-delay yet highly-accurate streaming analytics
for digital twin applications in mobile edge computing (MEC)
networks. Specifically, we formulate a fundamental optimization
problem of digital twin placements and model selections for
streaming analytics, with the aim of minimizing both the analytic
loss and the processing delay. To this end, we first consider
the problem with a single query, for which, we propose an
approximation algorithm with provable approximation ratio for
a special case, and then devise an efficient algorithm for the
original problem with a single query. We then study the online
digital twin placement and model selection problem for streaming
analytics with multiple queries under real scenarios, where
resource demands of arrival queries and resource availability
of MEC network are uncertain. We propose an online learning
algorithm with a bounded regret to make admission policies.
We finally evaluate the performance of the proposed algorithms
by extensive simulations. Results show that the weighted sums
of the total processing delay and the cumulative loss in the
solution delivered by the proposed algorithms outperform their
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counterparts by 12.5% with a single query and 13.3% with
multiple queries, respectively.

Index Terms—Digital twin, streaming analytics, mobile edge
computing, approximation, and online learning algorithms.

I. INTRODUCTION

Digital twin technique is emerging as a key enabler for
various intelligent industrial applications to reduce operation
cost [1]]. A digital twin is an intelligent and constantly evolving
system that is able to monitor, control, and predict the status of
each physical object through its life cycle by dynamically mir-
roring a physical asset, a process, a system, or an environment
to its virtual-world counterpart [2], [3l]. For instance, different
component digital twins of an autonomous driving vehicle
are used to analyze the video streaming data captured by the
on-board camera, to enhance the vehicle driving reliability [4].
Digital twins need frequent communications with physical
objects to periodically update data and accurately monitor the
states of their physical objects. To ensure monitoring timeliness,
digital twins need to be deployed to an adjacent node with
abundant computing power.

Considering various physical objects, such as vehicles and
industrial equipments, are usually located at the network edge.
Mobile edge computing (MEC) is envisioned as a viable
solution to guarantee timeliness of digital twin applications, by
placing digital twins of physical objects into cloudlets in the
proximity of physical objects [S]. However, physical objects
in industrial scenarios are complex with many intertwining
subsystems and complex interactions [6]. The subsystems of a
physical object usually operate continuously, and digital twins
need to reflect and analyze the states of these subsystems in
real time. These states are then fed into their digital twins by
data streams [7]]. To predict future events related to different
subsystems, digital twin applications perform analytics on these
data streams by machine learning models [8§]].

In this paper, we study how to enable low-delay yet
accurate streaming analytics for digital twin applications in an
MEC network. However, achieving this goal poses significant
challenges. First, mirroring the subsystems of each physical
object and analyzing their data in digital twins requires a huge
amount of computing resources in an MEC network [9]]. Thus,
if a digital twin is placed into a cloudlet with inadequate
computing resources, a low resource overhead but high loss
machine learning model of the digital twin may be selected to
perform streaming analytics [[10]. Further, placing the digital
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twins of subsystems into a cloudlet with sufficient computing
resources to perform streaming analytics may easily push up
the updating delays of states if the cloudlet is located at
a location far from their physical objects. To select proper
models for digital twins, a fine trade-off between available
computing resources and the location of physical objects must
be found. Thus, it is challenging to jointly select a machine
learning model for each digital twin and place the digital twins
into resource-restricted cloudlets, such that loss and delays of
streaming analytics of digital twins are jointly minimized [11]],
[12]. Second, digital twin applications must meet the different
updating delay requirements of each physical object, ensuring
that the streaming analytics can reflect the current states of
physical objects and accurately predicts future events. However,
the limited computing resources may not host all digital twins
of a physical object in a single cloudlet which adjacent to
the physical object. Besides, users may simultaneously query
multiple digital twins of different physical objects. Given the
fact that digital twins of subsystems of a physical object may
be placed into multiple cloudlets, the analytical results need
to be transmitted to the cloudlet where the user is located for
aggregation. If the digital twin is deployed in a cloudlet far
from the location of the query, it may cause higher delays due
to analytical results transmission. Thus, how to jointly select
cloudlets for each digital twin by considering not only the
processing delays but also the updating delays is challenging.
Third, the MEC network may contain multiple digital twin
applications, each of which may concurrently receive multiple
queries from users without the knowledge of future arrival
times. If queries are highly concurrent in the MEC network,
computing resources may become insufficient to implement
such highly-concurrently queries. Thus a dynamic admission
policy needs to be designed to admit as many queries as
possible. Admitting such queries requires to consider multiple
factors such as the resource availability, the resource demand
of the machine learning model of each digital twin, and so
on [13]]. How to learn the impact of these factors on admission
policies in MEC networks while maximizing the number of
query admissions is challenging.

To the best of our knowledge, we are the first to consider the
problem of joint machine learning model selections and digital
twin placements in an MEC network, such that the weighted
sum of loss and processing delay are minimized. Existing
studies considered them separately, by focusing on either model
selections [[11], [[14] or digital twin placements [15]]. Further,
we are the first to consider the fact that a physical object
may consist of multiple intertwining subsystems. The main
contributions are as follows.

o We formulate the digital twin placement and model
selection problems for streaming analytics in an MEC
network, with the aim of minimizing the processing delay
and model accuracy loss of the digital twin applications.

« For a single query, we propose an approximation algorithm
with a provable approximation ratio for a special case of
the problem with selected models. Based on the proposed
approximation algorithm, we propose an efficient heuristic
algorithm to make the model selection and digital twin

placement decision jointly.

o For multiple queries, we propose an online learning
algorithm for query admissions with a provably bounded
regret, by adopting a contextual bandit learning technique.

o We evaluate the performance of the proposed algorithms
by simulations. Simulation results show that the proposed
algorithms outperform benchmarks, by reducing the
weighted sum of loss and delay by 25.3% with a single
query and by 13.3% with multiple queries, respectively.

The rest of the paper is organized as follows. Section [[I] sur-
veys related works. Section [III| describes the system model and
formulates the problems. Section |IV| proposes two algorithms
for the problem with a single query. Section [V| proposes an
online learning algorithm for the problem with multiple queries.
Section [V]] evaluates the proposed algorithms, and Section
concludes this work.

II. RELATED WORK

Digital twin exhibits great potentials in the monitoring of
physical systems. Digital twin applications in MEC networks
enable real-time situational awareness for physical objects [16],
[17]), (L8], [19]. For example, Gu et al. [16] adopted an online
learning algorithm for dynamic digital twins placement to
minimize delay and energy consumption under cost constraints.
Zhang et al. [17] investigated an adaptive placement method
for digital twins and proposed a game theory-based method
to enhance reliability and resource utilization. Li et al. [18]]
proposed a dynamic digital twin placement method for im-
proving user satisfaction on services in MEC. However, these
studies did not incorporate the updating delay requirements
and processing delay of streaming analytics.

To capture states of physical objects timely, users can issue
queries for digital twins. The data analytics of digital twins
has been studied in [20], [21]. These studies cannot be directly
applied to streaming analytics in the resource-constrained MEC
networks. There are several studies on streaming analytics in
MEC networks [22]], [23]], [24]. For example, Fu et al. [22]]
developed a stream processing framework and proposed a
method to improve throughput and reduce delay. Liu ez al. [23]]
proposed an adaptive edge stream processing engine that
enables fast response to users’ queries. Ding et al. [24] proposed
a method for the stateful data stream partitioning to reduce
processing delay. However, none of these streaming analytic
techniques can track the dynamic state of multiple physical
objects simultaneously, and they only consider the accuracy of
queries under delay constraints for the digital twin applications.

Most existing studies considered the accuracy provided
by digital twin models as an indicator of performance [25].
However, none of the mentioned studies considered digital twin
model selection under limited edge computing resources. There
are several studies on model selection problems [[11]], [[14]], [26]],
[271], [28]. For example, Zhao et al. [11] proposed an online
algorithm for the object detection model selection problem by
exploring trade-offs among delay, accuracy, and cost. Chen et
al. [14]) focused on the feature accuracy enhancement of digital
twins by using model selection under resource constraints.
However, these studies may not be directly applied to digital
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Fig. 1: Examples of a DT-MEC network and streaming analytics. Userl queries three different digital twins of physical object
poi, where po; has three subsystems, i.e., 51,1, 51,2, and s; 3. po; transmits data streams to its digital twins deployed in cls,
cls, and cls. When digital twins DT 1, DT 2, and DT 3 are queried by a user, each digital twin performs streaming analytics
and then transmits its analytical result to the home cloudlet of the user for data aggregation.

twin applications in MEC networks that require real-time
streaming analytics with stringent delay constraints.

III. PRELIMINARY

We introduce the system model of a digital-twin-enabled
MEC (DT-MEC) network with physical objects and digital
twins to perform streaming analytics. We also define two
optimization problems precisely.

A. System Model

We consider a DT-MEC network G = {APUCL, E}, where
AP is a set of Access Points (APs), CL is a set of cloudlets
that are located in the edge of the backhaul of G, and F is
a set of communication links/paths that interconnect the APs.
Due to limited space in edge locations, each cloudlet cl; € CL
usually contains several servers or accelerators (e.g., FPGA
or neural network accelerators) to run digital twin services.
Each cloudlet cl; has a limited amount of computing resource.
The amount of available computing resource in cloudlet cl; at
different time slots varies, assuming that time is divided into
equal time slots, and let £ be one time slot. For clarity, we use
C ¢ to represent the amount of available computing resource
of cloudlet cl; in the beginning of time slot ¢. Let ap, be an
AP in AP. Fig.[I(a) is an illustrative example of a DT-MEC
network.

B. Physical Objects and Digital Twins

There are a number of physical objects, such as vehicles,
AR/VR handsets, industrial equipments, and video cameras,
that upload states to their digital twin applications located in the
DT-MEC network via its nearest AP. Without loss of generality,
we assume that physical objects continuously generate data.
It is important to timely process the generated data to unveil
valuable hidden patterns. Let poi be a physical object with
1 < k < K. Each physical object has a number of subsystems
due to complicated functionalities of many complex industrial
systems. For example, a space station may include multiple
subsystems such as a thermoregulation subsystem, a barometric

pressure balance subsystem, an engine control subsystem, etc.

Denote by Si and M, a set of subsystems of physical object
poy, and the number of subsystems of the kth physical object,

respectively, where |Si,| = M. Let s, be the mth subsystem
of physical object pog, i.e., sk.m € Sk.

Due to the complexity of each physical object pop, we
assume that each subsystem of physical object poy, is mirrored
as a digital twin that is implemented as a piece of software. Let
DTy, ., be the digital twin of the mth subsystem of physical
object poy. Each digital twin DT}, ,,, accurately monitors the
running state of poy’s subsystem sy, ,,, by updating the state
of the subsystem to its digital twins. Let py ., be the data
rate of the state updates. To ensure that DT}, ,,, mirror sy, ., of
poy, in real time, DT}, ,, usually is placed into cloudlets close
to its physical object pog. Note that the digital twins of the
subsystems of a physical object may be placed into different
cloudlets due to limited computing capacity on each cloudlet.
Let &y ., ; be a binary variable that indicates whether DT}, ,,
is placed into cloudlet cl;, assuming that z ,, ; = 1 meaning
that DT}, ., is placed into cloudlet ¢l;. It consumes an amount
of computing resource of cl; to mirror and predict the state
of sj .. Once placed in a cloudlet, digital twin DT}, ., of
subsystem sy, ,,, dynamically processes data at rate py .

C. Streaming Analytics of Digital Twins

Besides updating the state of physical objects in real time,
digital twins need to analyze the state of physical objects,
using the updated data streams. To this end, users can query
different digital twins of physical objects by issuing queries.
For instance, to pinpoint which physical objects need attention,
users issue queries to jointly analyze the data streams collected
by different digital twins, based on machine learning models.
Fig. [I(D)] illustrates an example of streaming analytics in a
DT-MEC network. Without loss of generality, we consider that
different models can be selected by each digital twin DT}, ,
to infer its data streams.

Let R; be a set of arrived queries in the DT-MEC network
at time slot ¢, and each query needs to be scheduled in the
beginning of time slot ¢. Let g,, be the nth query in R;. Note
that query ¢, may need to jointly analyze the digital twins
of different physical objects. For example, a user queries the
digital twins of a vehicle to access information regarding its
positioning, navigation, etc., aiding in autonomous driving
decision-making. Denote by D7, the digital twins queried by
gn- We assume that each query ¢, has a home cloudlet to store
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its analytical results, which is denoted by ¢l(g;, ). The evaluation
of each query g, involves the processing of the data stream of
each digital twin in DT and the aggregation of intermediate
results of data processing. For clarity, we consider that the
intermediate result of analyzing a digital twin is transferred to
the home cloudlet cl(g,,) for aggregation with the results of
the other digital twins in D7 ,.

D. Model Selection for Streaming Analytics

To accurately analyze the state of physical objects, each
query ¢, uses machine learning models to make predictions
based on digital twins of the physical objects. However, due
to limited capacities on cloudlets, not all machine learning
models can be executed in a cloudlet at the same time. We
thus assume that there are multiple machine learning models
with different accuracy and computing resource demands that
can be leveraged to perform streaming analytics. Let J ., be
the set of machine learning models for digital twin DT}, ,,,
where ji ., € Ji,m represents the jth model of digital twin
DTy, . That is, considering the available computing resource
of cloudlet at time slot ¢, a proper machine learning model
need to be selected to process the query. Let yj ., ; be a
binary variable that represents whether machine learning model
Jk,m € Ji,m is selected for digital twins DT}, ,,,. Denote by
Lossy,m,; the loss of the machine learning model jj ,,,. The
loss of the streaming analytics obtained by query g, is

2 X

DTy, m€DTn jrk,mETk,m

Loss(gn) = Yi,m,j - LoSSg m . (1)

Machine learning models with different losses consume
different amounts of computing resources. Let 7y ., ; be the
amount of computing resource allocated to machine learning
model jy ,, to infer a unit amount of state data of digital twin
DTy, . The total amount of computing resource demanded to
perform streaming analytics of DT}, ,,, at rate py p, is

ij,mejk,m Ykm,j " Mhymj * Phyme 2)

E. Delay Model

Given the digital twin placements of physical objects, the
digital twins’ state needs to be updated timely. We here consider
that the implementation of an query incurs two types of delays:
the state updating delay and the data processing delay, which
are defined in the following.

State updating delay: The state updating delay incurs due
to the state updating at a rate py ,,, from the subsystem sy,
of physical object poy, to its digital twin DT}, ,,,. Recall that
Zk.m,i 1S a binary variable that shows whether digital twin
DTy, is placed into cloudlet cl;. Assume that physical object
poy, accesses the MEC network via AP ap,, the delay of the
state updating of each digital twin is

d
;P = E Thom.i E de - 3
k,m ,ecr k,m,i e€pq.s e Pk,m; 3)

where p, ; is the shortest path in the MEC network between AP
ap, and cloudlet cl;, e is a link in path p ;, and d. represents
the transmission delay of a unit data in link e.

To ensure that the state of each physical object is timely
synchronized with its digital twins, the state update must
meet the updating delay requirement of each physical object.
Otherwise, outdated data streams are processed by streaming
analytics, and the analytical results may not reflect the current
state of physical objects. Let D’ be the delay requirement
of physical object pox, we have

it < D Vg m € Si. (4)

Data processing delay: The processing of data streams in
digital twins incurs data processing delays. Following existing
studies [29], [30], the processing delay is inversely proportional
to the amount of computing resource allocated to each query.
The processing delay of a query against a set of digital twins
consists of: the inference delay, the transmission delay of
the intermediate results, and the aggregation delay, which are
defined as follows.

Inference delay: Let dy . ;; be the processing delay of
a unit data by machine learning model jy ., of digital twin
DT}, v, located in cloudlet cl;. We have

Z Yk,m,j Z Tkom,i - dk,m,j,i * Pkm- (5)

Jk,m €Tk, m cl;eCL

inf _
d;:m*

Transmission delay of the intermediate results: The inference
results of each digital twin are called intermediate results, which
are then transmitted from cloudlet cl; to the home cloudlet
cl(gn) that incurs the transmission delay. Denote by p; .i(q,)
the shortest path in the network between cloudlets ¢l; and
cl(qn). Following the study in [31], let ra be the ratio of
intermediate result to its data stream rate py, ,,. We have

tra __ . . .
dk’m N ch&CC Thym,i Zeew,amm de 10 Prom: (6)
The aggregation delay: The aggregation of intermediate
results in the home cloudlet cl(g,) of query g, incurs the
aggregation delay. Let d%99 be the aggregation delay of a unit
of intermediate data. Then, the aggregation delay is

499 (g,) = iy

As digital twins may be placed into different cloudlets, each
digital twin can perform inference and transmit intermediate
results simultaneously. The overall processing delay of a query
is determined by the participating cloudlet with the slowest
processing speed. Let dP™°(g,,) be the processing delay of ¢,
we have

& (gn) =

ra - . 7
DTy €DTn Pk.m ( )

max

g (A i) + A (). ®)

, M

F. Problem Formulations and NP-Hardness

We consider a DT-MEC network G with digital twin
applications and their users issuing queries to predict the
status of physical objects. There are K physical objects with
each having M subsystems indexed by Sy = {1, .-, Sk,a }-
Assume that each subsystem sy, ,,, uploads its data stream at
rate py ., to its digital twin DT}, ,,. There is a set Jj ,, of
machine learning models on digital twins, which are used for
analyzing the data streams collected in each digital twin, where
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TABLE I: Symbols

Notations Descriptions

K and Mj, the number of physical objects and the number of subsystems of the kth physical object

CL, cl;, and C; ¢ the set of cloudlets, ith cloudlet, and the amount of available computing resource of cl; at time slot ¢
PO and poy, the set of physical objects, and kth physical object where poy, € PO

Sk and Sk,m

DTk,'m a[ld' Pk,m

jk,'m and ]k,m

Rt and dn

DT and cl(gn)

Lossg m,j» Mie,m,j» and 0’
dPd P and de)

lvﬂ}l’
in tra agg
d d and dk,m
T0

k,m’> “k,m’>
d(nk,m,j) and dfna:c,v
« and A¢

rge
Dy,
ra
Pq,i a0d P; ci(q,,)
Q and g m
CLq,k,m )
DT} and DT

7

LDy, and LDk,m

the set of subsystems of physical object poy,, and mth subsystem of poy, where sy ,,, € Sy, and |Si| = My,

the digital twin of the mth subsystem of physical object poy, and the updating data rate of poy,

the set of available models for digital twin DT}, ,,, and the jth model of DT}, ,,

the set of queries arrived into the system in time slot ¢, and the nth query where g, € R+

the digital twins queried by query gn and the home cloudlet of nth query ¢

the loss of model jg ,,, the amount of allocated computing resource of model ji ,, and aggregation operator

the state updating delay, the data processing delay, and the transmission delay of link e for a unit data rate

the inference delay, the intermediate result transmission delay, and the data aggregation delay

the processing delay for a unit data rate and the minimum processing delays of the digital twins in DT,l”"’

the ratio between the rate of the data stream to its intermediate result and the set of admitted queries at ¢

the state updating delay requirement of physical object poy

the ratio between the original data stream rate pj, ,,, to its intermediate result

the shortest path from AP apq to cloudlet ci; and the shortest path from cloudlet cl; to the home cloudlet of query gn
the number of equal intervals and the current interval of digital twin DT}, ,,

the set of cloudlets whose updating delay meets the updating requirement and processing delays lie in the interval g .,
the set of digital twins of poy, that violate the updating delay constraints, and a digital twin where DTgio IS DTZ”‘O
the obtained weighted sum of loss and processing delay of the current iteration and its previous iteration

O and 6
Pron,t and pro ¢
W, n,t and ¢9 n,t

the set of contexts and a context where § € ©
the admission probability of query g, under the context 6 and the admission probability of query g
the weight of context 6 on request g, and the penalty coefficient of the online learning

a machine learning model ji ., € Jx,m needs to be selected
to perform streaming analytics. There are multiple queries R
arriving concurrently at time slot ¢. On one hand, the operator of
the DT-MEC network needs to meet the stringent requirement
on processing delay and loss of every query, such that the
best quality of service for each user is guaranteed. On the
other hand, the operator also needs to maximize its revenue by
admitting as many queries as possible. We thus formulate the
following two optimization problems, by firstly considering the
delay and cost optimization for a single query and secondly
dealing with the admissions of multiple queries.

Problem 1: Given a query g, at time slot ¢, the problem
of digital twin placement and model selection for streaming
analytics with a single query in G is to evaluate query ¢y, by
jointly placing queried digital twins into cloudlets of the MEC
network, and selecting a proper machine learning model to
analyze the state data of digital twins required by query g,,
such that both the processing delay and the accuracy loss of
the selected model are minimized, subject to the computing
capacity constraints of MEC network, and the updating delay
constraint. The optimization objective is to

P1: min Z Z Loss(qn) + - dP™(qn), (9)

l,€CL DTy €DT

subject to the following constraints,

Tk,m,ir Yk,m,j S {Oa 1}a (10)

ZCQGCE LTk,m,i = 1>VDTk,’m S DTna (11)
i = 1,¥DTyn € DT, 12

ij,7nEJk,m Yk j ko T 12)

Z Tk,m,i Z Yk,m,j * Mk,m,j * Pk,m S Civ

DTk,mEDTn jk,171€jk,7n

Vel; € CL, (13)

APt < DY Vs € Sk, (14)

where « is a non-negative constant that strives for a fine
tradeoff between the processing delay and the model loss.
Constraint ensures that xy ,,; and yi ., ; are binary
decision variables. Constraints (IT) and (I2) say that each
digital twin can only be deployed to at most one cloudlet
and one model is selected. Constraint (I3) indicates that
the computing capacity on each cloudlet ¢l; is not violated.
Constraint ensures that the updating delay constraint of
each digital twin of ¢, is satisfied.

Problem 2: Queries arrive into the system dynamically
without the knowledge of future query arrivals. Given a
finite time horizon with T' time slots, the online digital twin
placement and model selection for streaming analytics with
multiple queries in G is to minimize the average weighted
sum of model losses and processing delays of admitted queries
by admitting as many queries in Zthl R as possible over
the time horizon, through jointly placing digital twins that are
required by each admitted query ¢,, € R: into cloudlets. Then
each query is evaluated sequentially in the order of admission.
The problem optimization objective is to

T
P2miny > > Loss(gn) + o d"™(gn)

t=1 cl;€CL DTy, m €DTx
— - Al (15)

subject to the following constraints (I0), (1), (I2), (I3),
and (T4), where v is a scaling factor and A; is the set of

admitted queries at time slot ¢. All symbols are listed in Tab. [I|

Theorem 1: The defined problems of digital twin placements
and model selections for streaming analytics with a single or
multiple queries are NP-hard.

Please see Appendix A, available in the supplemental file.
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IV. ALGORITHMS FOR THE DIGITAL TWIN PLACEMENT
AND MODEL SELECTION FOR STREAMING ANALYTICS
WITH A SINGLE QUERY

In the section, we devise approximate and efficient solutions
to the problem of the digital twin placement and model selection
for streaming analytics with a single query.

A. Overview

An optimal solution to the problem is to jointly place digital
twins of the subsystems of each physical object and select
proper machine learning models for the placed digital twins.
This however poses a great challenge due to the complexity of
the problem of concern. We thus adopt a progressive way to
jointly make decisions on digital twin placements and model
selections. Specifically, we first assume the models for all digital
twins are selected, and propose an approximation algorithm for
digital twin placements. We then devise another approximation
algorithm for the original problem that enables the joint digital
twin placements and model selections, by removing the initial
assumption.

B. An Approximation Algorithm for the Digital Twin Placement
with Selected Models

We devise an approximation algorithm for the problem,
assuming that the models of digital twins are selected. Given
the selected models, variables yy, ., ; are determined. We now
determine decision variables xy, ,, ; by finding proper locations
for digital twins of the subsystems of physical object poy.

A special case of the problem with selected models (i.e.,
Yk,m,;j for any DT}, ,, € DT, is given) and without consider-
ing the updating delay constraint is the General Assign-
ment Problem (GAP). We then can remove constraint and
find an approximate solution to the problem with selected
models and without the updating delay requirements, by
applying the approximation algorithm due to [32]. The solution
obtained however may not be feasible to the one with selected
models, because the updating delay requirements of the placed
digital twins may be violated. We then convert the solution into
a feasible solution. To this end, we find those placed digital
twins that violate the updating delay requirements. Let DT}V
be the set of digital twins of physical object poy, that violate
the updating delay requirements. Recall that the objective of
the problem with selected models is to minimize the processing
delays of placed digital twins, as the model selection decisions
have been made. Consequently, the reason that digital twins in
DTy have their updating delay requirement violated may be
because that they are placed into cloudlets with low processing
delays and high updating delays.

Let dbe. , be the minimum processing delay of digital
twins in DTZ“’. To meet the updating delay requirements of
the digital twins in D7, we carefully tune the updating
delay of each digital twin such that its processing delay does
not increase too much to meet its updating delay requirement.
To this end, we divide the range of [0, d;2. ] into the number
Q@ of equal intervals. We then find the locations for each digital
twin in DTZiO according to the current interval of its processing

Algorithm 1 An Approximation Algorithm for the Digital
Twin Placement with Selected Models (ApproS).

Require: A DT-MEC Network G, a set PO of physical objects with each
object por, € PO has a set Si of subsystem, a set 7 of models and
model selection decision Yy i, j, @ query qn, and a set of home cloudlet
H(cly).

Ensure: A digital twin placement strategy Ty, ; for selected models of a
single query gn.

1: Compute loss function of the selected model by the model selection
strategy Yx,m,; by Eq. (2).

2: Get updating and processing delay by Eqs. (3) and (8):

3: Find an approximate solution by applying an approximation algorithm
proposed by Shmoys and Tardos [32];

4: Evaluate the updating delay violation of digital twins and obtain the
minimum processing delays dhyqq,v;

5: Divide the processing delay of digital twin [0, d’;,f;’z,v} into @ intervals;

6: for each DT}, ,, € DTIS“’

7: for each g, € Qr,m

8.

9

for each CLg ;m € CLG km
it; qC;Lq’ &,m has enough resource and the delay requirement
D L can be met;

10: Adjust the deployment location of DTy, ,, into C'Lg g m;
11: end if

12: end for

13: end for

14: end for

15: The digital twin is assigned to the cloudlets for streaming analytics and
analytical result is transmitted to its home cloudlet.

delay. Specifically, let g ,, be the current interval of DT}, ,,
in the range of [0,dbo, | ]. Let CL, 1 m be the set of cloudlets
whose updating delay meets the updating delay requirement
of DT}, ,, and their processing delays lie in the interval gy, .
We place DT}, , into a cloudlet in CL i, With the minimum
processing delay. Considering that there may not exist any
cloudlet that lies in the interval gy, ,,, with adequate computing
resource, we proceed to the next interval (¢+1)g .. If there are
no such cloudlets in the rest of the intervals, we then examine
the next interval with less processing delays, i.e., the one that
is smaller than interval gy ,,. This procedure continues until
DTy, ., is placed into a cloudlet that meets both its updating
delay requirement. If there does not exist any cloudlet in all
interval ) with adequate computing resources, the digital twin
will be placed in the cloudlet with the most available resources
that meets the updating delay requirements. The detailed steps
of the proposed algorithm ApprosS are shown in Algorithm

C. An Efficient Algorithm for the Digital Twin Placement and
Model Selection for Streaming Analytics with a Single Query

Having ApproS, we now propose an approximation algo-
rithm for the digital twin placement and model selection for
streaming analytics with a single query. Recall that we need
to select a model jj ., € Ji,m for each digital twin DTy, ,,
in DT ,,. We observe that a model with a lower loss usually
requires more computing resources to maintain a rate of data
stream processing. This unfortunately may reduce the chances
of choosing cloudlets with lower processing delays. We thus
adopt binary search to select a proper machine learning model
for each digital twin.

The algorithm proceeds iteratively. It first ranks machine
learning models Jy ,, of each digital twin DT}, ,,, in decreasing
order of loss. It then randomly selects a model from Jy ,, for
digital twin DT}, ,,, by invoking algorithm ApprosS, assuming
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Algorithm 2 An Efficient Algorithm for the Digital Twin
Placement and Model Selection for Streaming Analytics with
a Single Query Heus.

Require: A DT-MEC Network G, a set PO of physical objects with each
object por, € PO has a set S of subsystem, a set J of models and
model selection decision ¥ ,,,j, @ query qn, and a set of home cloudlet
H(cl;).

Ensure: A digital twin placement strategy T ,, ; and model selection strategy
Yk,m,; of a single query qn.

1: Initialize the number of models | Ty, m |5
2: Set jrm — | ‘7"2"“] and j; , — 0;
3: Invoke Appros to obtain the weighted sum of loss and processing delay

LD;  with Jk m>
4: for Each DT;C m in DTy,
5: while Jk, < Jk,m
6: Invoke ApprosS to obtain the weighted sum of loss and processing
del‘ly LDk m with Jk ms
7: if LDk m < LDj,
8: Jk _jk'm LD —LDk,m’ and jk,m :.jk,'m +1
9: else if LDy o > LDk m
10: -]k:,m = Jk,m LDk,m = LDk,'ms and jk:,m = jk,m -1
11: end if
12: end while
13: end for

each digital twin selects machine learning model jj ,,. It then
selects the middle machine learning model, i.e., j = Ll‘j’éiﬂ
for each digital twin DT}, ,,, by invoking algorithm Appros,
provided that there is a digital twin with the weighted sum of
processing delay and loss is lower than that of the randomly
selected model. This is implemented by a number of iterations.
Specifically, let LDy, ,, and LD . be the obtained weighted
sum of processing delay and loss of the current iteration and
its previous iteration with selected models jj ,, and ]k’m,
respectively. In the first iteration, LD, is set to that when

Jj= Ll‘y’“ m'J for each digital twin DT}, ,,,; otherwise, it is
set to that of the previous iteration. If LDy, ,,, < LD; d
]km < ]k m> WE 1Ctjk m —jk m+ 1. IfLka < LD/

Jkm > jkm, we let ji ,m = jk,m — 1. The above procedure
continues until there is no models with LDy, ,, < LD;,m
The proposed heuristic algorithm is referred to as HeuS for
simplicity, which is shown in Algorithm

D. Algorithm Analysis

Lemma 1: Given the obtained solution to a special case of
the digital twin placement and model selection for streaming
analytics with a single query, a given model and without
the state updating delay requirement, there exists at least a
value for equal intervals () to make sure that the updating
delay requirement of a digital twin DT}, ., € DT with its
processing delays lie in g ,, can be met by cloudlets at a
higher interval with q; .. > gk, m-

Please see Appendix B, available in the supplemental file.

Theorem 2: The approximation ratio of the proposed al-
gorithm ApprosS for the digital twin placement and model
selection for streaming analytics with a single query and
selected model is 4Q|CL|, where Q is the number of equal
intervals.

Please see Appendix C, available in the supplemental file.

We then analyze the time complexity of ApproS and Heus.

Theorem 3: The time complexity of the proposed algorithm
Appros is O(|CL||DT,| + n“L + /|CL||DT,|E +
| DT |(log(|DTY™])  + QICL])), and HeuS s
O(IDT u[10g|Tkm | (1CLIDT | + n*L + /ICLIDT A1 E +
DTy |(log(|DTY" ) + QICLI)).

Please see Appendix D, available in the supplemental file.

V. ONLINE LEARNING ALGORITHM FOR THE ONLINE
DIGITAL TWIN PLACEMENT AND MODEL SELECTION FOR
STREAMING ANALYTICS WITH MULTIPLE QUERIES

We now devise an online learning algorithm for the online
digital twin placement and model selection for streaming
analytics with multiple queries.

A. Overview

Given a finite time horizon with 7" equal time slots, queries
arrive into the DT-MEC network dynamically without the
knowledge of future query arrivals. If the DT-MEC network
has sufficient computing resources, we can invoke the model
selection and digital twin placement for a single query
algorithm, i.e., HeusS, to respond to each query sequentially.
However, when queries are highly concurrent in the DT-MEC
network, computing resources may become insufficient. We
thus design an algorithm to dynamically admit as many queries
as possible such that the weighted sum of loss and processing
delay of admitted queries is minimized.

The losses and processing delays of different queries with
different admission decisions are determined by several factors,
including the current resource availability of the network, the
resource requirement of the model size of digital twins, the
preferences of currently-arrived queries, the locations of home
cloudlets, etc. First, the availability of network resources is
most relevant to admission decisions. For instance, a cloudlet
can place digital twins with a large model size with lower
loss if there is abundant available resource; otherwise, the
cloudlet tends to deploy digital twins with small-size models
to improve overall resource utilization and processing delays.
Second, the admission of a query may depend on the size of
its selected machine learning model. For instance, when the
model size of a query is larger than others, this query may
need to be admitted later than others. The reason is that it may
occupy a large amount of resource of the network, leading to
the starvation of other queries with small-size models. Third,
the weights on the loss and processing delays of currently
arrived queries may also impact the admissions of queries. For
instance, if a currently arrived query has low accuracy and high
processing delay demand, the processing delay needs to be
given a larger weight in the objective function (i.e., Eq. (T3)).
It causes the algorithm to admit queries with smaller models,
such that the digital twins of admitted queries can be placed
into cloudlets close to their home cloudlets. Fourth, the home
cloudlet location of a query may also affect its admission.
When computing resource of the cloudlets close to the home
cloudlet of a query run out, the query needs to be admitted
earlier than others. This is because the digital twins with a
higher probability are placed into locations closer to their home
cloudlet. Otherwise, the processing delay may be increased,
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Fig. 2: An illustration of the steps of the proposed

or the state updating delay may be violated. Therefore, the
proposed admission policy needs to consider the above factors
and dynamically select which queries should be admitted.

To this end, we use an online learning method to learn
these factors that impact the number of admitted queries and
the weighted sum of their admissions, and dynamically make
admission decisions for queries. We consider different factors
as contexts, and devise a novel contextual multi-armed bandit
algorithm to dynamically explore and exploit the impacts of
different contexts on the admission decision of each arrived
query. Specifically, we consider the compositions of the current
available resource, the resource preferences of currently-arrived
queries, and the locations of home cloudlets of arrived queries
as contexts. Let © be the set of contexts, where each 8 € ©
corresponds to a combination of the aforementioned factors.

B. Online Learning Algorithm

In the following, we develop the proposed online learning
algorithm for the online digital twin placement and model
selection for streaming analytics with multiple queries, by
formulating it as a contextual multi-armed bandit problem.

We assume that the admission decision of queries as an “arm’.
Further, we consider that there is an expert of each context 0
in ©, which observes the values of each context, such as the
available resource of the network, the data rates of physical
objects, the processing delay of models, and the preferences of
arrived queries. The expert also learns the correlations among
contexts dynamically, and makes recommendations of the
admission or rejection of a query, based on its observed values
of different contexts. Note that the probability of recommending
admitting a query is updated dynamically as the contexts
change. As long as a query is recommended for admission
by the contexts, algorithm HeuS is then invoked to select
models and place their digital twins to cloudlets in the MEC
network. If a query ¢, € R; is not admitted at the current
time slot ¢, it will be added to the set of queries R;y1 in the
next time slot. However, this may cause some queries to be
postponed for processing frequently. Although the response
delay of queries is not considered, the proposed algorithm can
be easily extended to avoid some queries being postponed.
Specifically, the proposed online learning algorithm, referred
to OLM, can consider the average number of rejected times
as an additional context. If the average number of rejected

online learning algorithm OLM for admission policy.

queries in R, increases, their probabilities of being considered
for admissions will increase too.

Specific steps of algorithm OLM are in the following, as
shown in Fig. 2] Initially, the algorithm plays each arm with
equal probability. Let 6 be an available context in the DT-
MEC network, and prg ,, is the admission probability of the
query g,, under the context #. Notice that the probability prg ,,
dynamically adjusts as the context updates. For each context 6,
we maintain a weight on query ¢, at each time slot ¢, which
is denoted by wy,y, ;. The probability pry ,, is calculated by

Prome =wont/(Y

Denote by pr,, the probability that the algorithm admits query
Gn, Which can be calculated by

prn,t == (Z%@pre,n)”@,

where |©)| is the number of contexts in the current system. We
then decide whether query ¢, should be admitted according to
probability pr,. If g, is admitted, algorithm HeusS is invoked
to select models and place digital twins; otherwise, query g,
is rejected.

After queries are admitted at different time slots, different
admission decisions may cause different rewards. Based on
the reward value, the relationship between admission decisions
of queries and network contexts is revealed. To minimize the
weighted sum of loss and processing delay and admit as many
queries as possible, we define the penalty of admitting query
¢» with network context 6 by Eq.(I3).

Specifically, the weight wg , ¢+1 of each query g, with
context 6 is updated in the end of each time slot, where the
penalty is assigned to each context with lower rewards, and
the weight of context 6 on request g, at the next time slot
t + 1 is updated by

[R¢l

" o) (16)

n’

7

Won 41 = Wont - (1 —e€)Pomt) (18)

until every query ¢, € R is considered. The detailed steps of
the proposed algorithm OLM are shown in Algorithm [3]

C. Algorithm Analysis

The rest is to analyze the expected cumulative regret and
time complexity of the proposed online learning algorithm
OLM.
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Algorithm 3 A Contextual Online Learning Algorithm for the
Digital Twin Placement and Model Selection for Streaming
Analytics with Multiple Queries (OLM).

Require: A DT-MEC Network G, a time slot ¢, a set PO of physical objects
with each object poy has a set Si of subsystem, a set J of models, a
set of queries R4 with requesting the digital twin data analytic from a set
DTy € DT, and a set of home cloudlet #H(cl;).

Ensure: An admit policy of multiple queries R at time slot ¢.

1: for each t in T’

2: Define a set of admitted queries Q < 0.

3: for each expert in exp

4: /* Update the probabilities for context and expert selection.*/
S: Each context updates its probability of selecting a query by Eq. (T6).
6: Each expert selects a context by probability prg .

7: Each query is admitted with probability pry,.

8: if g, is admitted

9: Set Q + QJgn and R¢ + Rt \ qn.

10: end if

11: end for

12: /* Invoke proposed algorithm HeuS with the admitted queries.*/
13: Obtain the digital twin placement and model selection decisions by

invoking algorithm Heus.
14: Update the weights of every query by Eq. (T8).
15: Set Rt+1 “— Rt+1 URt-
16: end for

Definition 1: Since the purposed online learning algorithm
OLM is to admit as many queries as possible into the MEC
network with the aim to minimize the weighted sum of loss and
processing delay of admitted queries over a given time horizon,
the expected cumulative regret Reg(T) of OLM is defined as

Reg(T) = E(®(OLM)) — E(d*), (19)

where ®(OLM) is the reward obtained by algorithm OLM, and
®* is the reward obtained by the penalty admission policy.

Theorem 4: Given a DT-MEC network G and a set R; of
queries at time slot ¢, there is an online learning algorithm
OLM for the online digital twin placement and model selection
for streaming analytics with multiple queries. The expected
cumulative regret in the solution delivered by algorithm OLM is
upper bounded by Reg(T') < LER‘ +2¢(6™* +~|R|), where
€ is a constant in the range of (0,1/2).

Please see Appendix E, available in the supplemental file.

Theorem 5: The time complexity of the proposed online
learning algorithm OLM for the digital twin placement for

streaming analytics with multiple queries is O(T'(|O| + |R])).

Please see Appendix F, available in the supplemental file.

VI. SIMULATIONS

In this section, we evaluated the performance of the proposed
algorithms by extensive simulations based on real datasets.

A. Simulation Settings

Consider a DT-MEC network that consists of from 10 to
50 cloudlets, where each network topology is generated via
a network topological tool, GT-ITM [33]. Besides, we also
considered a real-world network topology based on EUA
dataset [34] in Fig. 3(a)] which contains the geographical
locations and the coverage radius of 124 APs and cloudlets
in Melbourne, Australia. The coverage radius of an cloudlet
is set between 450 and 750 meters, where a network link is

Visualized EUA Dataset DI-MEC , Digital Twin fé] #1009
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Fig. 3: The simulation settings.

TABLE II: Running results of ResNet on NEU-CLS-64 dataset

Model Name FLOPs Inference Loss(%)  Inference Delay(ms)
ResNet 18 1.81e+09 0.354 1.0-1.5
ResNet 36 3.66e+09 0.212 1.7-2.2
ResNet 50 3.86e+09 0.152 2.6-2.9
ResNet 101 7.57e+09 0.109 3.2-37
ResNet 152 1.13e+10 0.066 3.7-4.0

established between two cloudlets if the coverage radius of the
two APs can cover each other. There is a co-located cloudlet
with each AP, and the computing capacity of each cloudlet
is set from 6,000 MHz to 14,000 MHz randomly [35]. There
are 100 physical objects in each network topology, where the
number of subsystems S of each physical object is drawn
from 1 to 20 [36]. The transmission delay for transmitting a
unit of data (one MB) along a link between a pair of APs is
drawn from 0.2 to 1 ms [37]. The data size of each update
of a physical object is drawn from 2 to 5 MB [38] randomly.
The query result size per query is set from 0.1 to 0.5 MB [36]
randomly. The update delay requirement of each digital twin
is set from 1 to 5 ms randomly.

We implemented a digital twin application for steel pro-
duction using NEU-CLS-64 dataset [39]. We considered the
steel production line as a physical object. The digital twins
of production lines have been constructed using 3D modeling
tools and machine learning models, i.e., ResNet [40]. Digital
twins utilize steel data collected from production lines to
perform defect detection. At each time slot, the subsystems of
production lines obtain images of the steel using cameras, then
synchronously update data streams to digital twins. The data
consists of 1,800 grayscale images with 200 x 200 pixels, and
there are six typical surface defects in this dataset: rolled-in
scale, patches, crazing, pitted surface, inclusions, and scratches.
The queries analyze data streams by machine learning models
of digital twins to identify defects in steel produced on current
production lines. The floating point operations per second
(FLOPs), loss, and inference delay of these models are given
in Tab. [II} We treat the inference loss and the inference delay as
part of the loss and processing delay, i.e., the loss and inference
delay of unit data, respectively, and FLOPs as computing
resource requirements.

We performed our simulation on a server with a 2.60 GHz
Intel i9-13900H CPU, 32 GB RAM, and Nvidia RTX 4070
GPU. We implemented our algorithms and their benchmarks
based on Python with some software packages, e.g., Pulp [41]],
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NetworkX [42], and Pytorch [43]. We simulated the streaming
analytics of digital twin applications and implemented a real
streaming analytics on the server, which can be shown in
Fig. We first constructed a DT-MEC network and a
digital twin application. We then implement real streaming
analytics in our simulation. We select a set of data randomly
in the dataset as a data stream according to a given data
rate to simulate its transmission among cloudlets in the DT-
MEC network via Flask. Once the data stream is transmitted
to the cloudlet, we invoke a container to perform streaming
analytics. We use the machine learning model with PyTorch in
the container to process each data stream and send the results
to the home cloudlet of the query. The obtained results are
based on the average of 10 runs of the proposed algorithms
and their benchmarks.

The following five state-of-the-art algorithms are considered
as benchmarks. Note that there does not exist an algorithm that
jointly considers model selection and digital twin placement,
we carefully extend the benchmarks for the sake of fairness.

e Clipper+ [26]: the algorithm only selects the appro-
priate model based on Exp3 [44]. We extend Clipper
by introducing an auxiliary decision variable zy m;; =
Tk,m,i - Yk,m,; that determines both model selection and
placement location simultaneously for the digital twin.

e EdgeAdaptor [11]: The authors use an auxiliary vari-
able z m i ; for model selection and placement based on
a randomized rounding algorithm.

e Gr—-NoUpd [27], [30]: The model selection for digital
twins employs a greedy algorithm in [27], and the
placement of digital twins by adopting an approxima-
tion algorithm in [30] that ignores the updating delay
requirement.

e HeuS-ILP: This algorithm uses an ILP solver for the
problem of digital twin placement while the model
selection problem is solved using steps 1-4 of HeusS.

e Optimal: This algorithm jointly determines the digital
twin placement strategy ', ; and model selection ¥, ;
for the problem by solver Gurobi [435].

e HeuS-LP [41]: This algorithm relaxes the decision
variables of digital placement in HeuS—ILP and uses
an LP solver to get the placement locations of digital
twins, which is the lower bound of the problem of digital
twin placement. Note that the reason we adopted this
algorithm is to find an estimation of the optimal digital
twin placement decisions. The reason we use an LP is
that an ILP takes a prohibitively long time to obtain the
optimal solution to digital twin placement. Note that this
is a conservative estimation, since the value of the solution
due to LP is smaller than that of ILP.

e HeuS-Upd [46]: In [46], the digital twins are placed
with minimum updating delay by a greedy algorithm, and
models are selected by invoking steps 1-4 of Heus.

We evaluated the proposed online learning algorithm OLM for

the digital twin placement and model selection for streaming

analytics with multiple queries problems, against the following
three benchmarks.

e Random-HeuS: The queries are admitted randomly,
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and the digital twin placement and model selection are
implemented by invoking algorithm HeusS.

e FCFS-HeuS: The queries will be executed by their arrival
order. The digital twin placement and model selection are
implemented by invoking algorithm HeusS.

e Admission [13]: The admission policies are performed
using the deep reinforcement learning algorithm.

B. Evaluation of the proposed approximation algorithm

We first studied the performance of the proposed approxima-
tion algorithm HeuS for the digital twin placement and model
selection problem with a single query against other benchmarks
in Figs. @[9] in terms of the weighted sum of delay and loss,
the violation of updating requirement, and the violation of
computing resource.

Fig. [ illustrates the performance of different algorithms
as the number of queried digital twins increases from 50 to
100. From Fig. f(a)l we can see that HeuS achieves a lower
weighted sum of processing delay and loss compared to those of
Clipper+, HeuS-Upd, Gr—-NoUpd, EdgeAdaptor when
the number of digital twins is 100. HeuS also achieves 81.7%
weighted sum of processing delay and loss of HeuS—LP. The
reason is that HeusS can select more accurate models and find
better locations for digital twins. Note that the reason we do
not provide the performance of the algorithms HeuS—-ILP and
Optimal when querying 90 and 100 digital twins is because
of the unacceptable running times. In Fig. we can observe
that the processing delay increases significantly as the number
of digital twins grows. The reason is that more digital twins
may be placed into more cloudlets, causing higher processing
delays due to aggregations among digital twins. Further, we
observed that Gr-NoUpd suffers the highest processing delay,
as the greedy algorithm selects models with the lowest loss
and the highest inference delay. Fig. demonstrates that
HeusS achieves a loss loss close to that of Gr—NoUpd. The
reason is that HeuS leverages the DT-MEC network resources
through binary search and selects models with high accuracy
for streaming analytics. Also, Figs. and show the
violations on updating requirement and computing resource.
We observed that as the number of digital twins increases,
the violation rates of both the updating delay requirement and
computing resource increase significantly. Furthermore, it can
be seen that HeuS does not incur any updating requirement
violation, because it has an updating delay-aware replacement
mechanism. Due to this mechanism, HeuS causes a slightly
higher violation rate of resource, compared to HeuS-LP,
EdgeAdaptor, HeuS-ILP, and Optimal as the number
of digital twins increases.

We then investigated the impact of the number of cloudlets
on the performance of algorithms in Fig. [5] by varying the
number of cloudlets from 20 to 50. From Fig. we can see
that the weighted sum of processing delay and loss by different
algorithms shows downward trends with the increase on the
number of cloudlets. HeuS achieves 15.8%, 25.6%, 14.2%
less weighted sum of processing delay and loss than those of
Clipper+, HeuS-Upd, Gr—-NoUpd. HeuS achieves 88.9%,
93.7%, and 94.4% of the weighted sum of delay and loss of
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HeuS-LP, HeuS—ILP, and Optimal respectively, when the
number of cloudlets is set at 50. In Figs. [5(b)] and we
can observe that the processing delay and loss decrease as the
number of cloudlets increases. The reason is that the increase
in the number of cloudlets enables more available computing
resources, and the models with lower loss can be selected. In
Fig. 5(d)] we can see that the violation rate of updating delay
requirement for Clipper+, Gr-NoUpd, EdgeAdaptor,
HeuS-LP, HeuS—-ILP, and Optimal increases when the
number of cloudlets is between 20 and 30, and decreases
when it is between 40 and 50. The reason is that when the
number of servers is 20, the network connections between
cloudlets are more dense, resulting in lower updating delay.
Meanwhile, as the number of cloudlets increases, the digital
twins can be placed in locations that are close to physical
objects with lower updating delays. We also observer that
HeuS and HeuS—-Upd meet the updating delay requirement.
Accordingly, as the number of cloudlets increases, the resource
violation rate demonstrates downward trends in Fig. [5(e)| due
to the increase in the amount of available computing resources.

We also investigated the impact of the updating delay
requirement on the performance of different algorithms by
varying the value of the updating delay requirement from 2ms
to Sms in Fig. [f] Fig. [6(a) presents the effect of updating the
delay requirement on the weighted sum of processing delay
and loss. We can see that algorithms Clipper+, HeuS-Upd,
Gr-NoUpd, HeuS-LP, HeuS-ILP, and EdgeAdaptor
show steady trends in terms of the weighted sum, which means
that the updating delay requirement only has a little effect on
it. However, HeuS shows a significant downward trend. This
is due to the HeuS uses a re-placement mechanism, which
is designed to stratify updating delay constraints by placing
digital twins adjacent to physical objects, resulting in higher
processing delays. The impact of updating delay requirements
on processing delay and loss is shown in Figs. [6(b)] and
respectively, from which we can see that HeuS shows a trend

in the figures similar to that in Fig. [6(a)] Further, the decrease
in HeuS has a slow stall between 3 ms and 4 ms. The rationale
behind this is that the updating delay requirement for 3ms and
4ms results in an identical resource violation rate. Thus, HeuS
did not need to replace more digital twin models. Fig. [6(d)|
presents the violation rates of updating the delay requirement.
As the updating delay requirement increases, the violation
rate decreases with all algorithms, and a stall is observed
between 3 ms and 4 ms. Also, Fig. @ describes the resource
violation rates of seven algorithms. Due to the re-placement
mechanism, the resource violation rate of HeuS decreases, with
the highest resource violation rate observed when the updating
delay constraint is 2 ms and comparable to HeuS—-LP when
the updating delay constraint is 5 ms.

We further evaluated the performance of algorithms under
the impact of the value of weight, i.e., o, by decreasing o from
1/200 to 1/50, in Fig. [7} Fig. [7(a) represents that the weighted
sum of processing delay and loss for all other algorithms
shows a decreasing trend. Besides, HeuS has 21.7% and 20.9%
superior to Clipper+ and HeuS-Upd, respectively, when a
is 1/200. Further, we can see that the processing delay has a
downward trend and the loss has an upward trend of algorithms
with the decrease in value of « except for Gr-NoUpd in
Figs. [7(b)] and The reason behind this is that with the
growth of a in Eq. (9), the algorithms tend to select a small
model for streaming analytics with lower processing delay
and higher loss. Besides, the reason why Gr—-NoUpd does
not decrease is that the greedy algorithm does not proactively
adjust its model selection strategy based on the size of «. In
Figs. [7(d)] and all methods have a stable trend in terms
of the violation of updating delay and show a downward trend
in terms of the violation of computing resource.

In the following, we investigated the impact of the number
of queried digital twins on the performance when there are
20, 30, and 40 digital twins with EUA dataset in Fig. [§] In
Fig. with the increase of the number of queried digital
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EUA dataset

twins, the weighted sum of processing delay and loss of
the seven algorithms increases. HeuS achieves 92.3% of the
weighted sum of processing delay and loss of HeuS-LP, and
outperforms those of Clipper+, HeuS-Upd, Gr-NoUpd,
and EdgeAdaptor by 13.4%, 12.5%, 7.3%, and 1.7%,
respectively, when the number of digital twin is 30. The
tendency of experimental results of HeuS on EUA dataset
is similar to those in Fig. 4] where the network topology is
generated by GT-ITM. The reasons are similar to the arguments
for Fig. 4 we do not repeat here for the sake of space. This
shows that HeuS also has superiority in real-world datasets.

We finally evaluated the running times of different algorithms
with different numbers of digital twins and cloudlets in Fig. [0]
We can observe that as the number of cloudlets or queried
digital twins increases, the running times of the comparison
algorithms grow significantly. We can see that HeuS—-ILP has
the highest runtime. Besides, when the number of cloudlets or
queried digital twins is 100, the result of HeuS—ILP cannot
be obtained within an acceptable running time. Moreover,
due to binary search, the runtime of HeuS, HeuS-Upd,
and HeuS-LP is significantly greater than that of the other
comparison algorithms. HeuS—-LP and HeuS-Upd have lower
runtimes compared to HeuS due to that the latter has an
updating delay requirement-aware re-placement mechanism.
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Fig. 9: The running times of various algorithms

Similarly, the running time of ApproS is higher than that
of Gr—-NoUpd for the same reason. It can be observed that
EdgeAdaptor and Clipper+ are stable, as their computing
complexity is less correlated with the number of cloudlets.

C. Evaluation of the proposed online algorithm

In this subsection, we investigated the performance of the
proposal online algorithm OLM for the digital twin placement
and model selection problem with multiple queries against its
benchmarks in Figs. [[OJI5] in terms of the weighted sum of
delay and loss, the admission rate of queries, and the violation
of computing resource.
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We first evaluated the performance of different algorithms,

by varying the number of queried digital twins from 5 to
25 while fixing the number of cloudlets at 50 and queries at
10 in Fig. [I0] In Fig. [I0(a)l the weighted sum of processing
delay and loss tends to increase as the number of queries
increases. OLM achieves the best performance, for example, it
is about 13.4% lower than other benchmarks when the number
of queried digital twins is 20. The reason is that OLM adopts the
content-aware multi-armed bandit method to dynamically aware
the network information, and generates a more reasonable
admission policy with lower average processing delay and
loss, which are shown in Figs. [[0(b)] and respectively.
In Fig. [I0(d)] OLM and Admission admit all queries and
guarantee the admission rate. The rationale behind this is that
OLM considers the weighted sum and the admission rate of
queries as an optimization objective, which ensures that all
queries can be responded to and admitted within a reasonable
time. In Fig. [T0(e)} we observe that OLM achieves the lowest
computing resource violation rate.

We also investigated the impact of the number of cloudlets
on the performance of the algorithms while fixing the number
of queried digital twins and queries at 10, respectively, in
Fig. [IT] From Figs. [TT(a)] [[T(b)| and [TI(c)} it can be seen that
as the number of cloudlets increases, processing delay and loss
decrease significantly, which also causes the weighted sum
of processing delay and loss to show a downward trend. As
shown in Fig. [[I(a)] the performance of OLM is 10.8% and
8.5% better than those of Random—HeuS and FCFS—-Heus,
respectively, when the number of cloudlets is 50. Fig. [T1(d)|

the performance of the algorithms while fixing the number
of cloudlets at 50 and queried digital twins at 10 in Fig. [12]
Fig.[12(a)]illustrates that OLM achieves the lowest weighted sum
of processing delay and loss. Fig. [I2(b)]presents a growing trend
in terms of processing delay in the long-range view. Fig.
shows that the loss firstly decreases and then increases with
the growth of the number of queries. The reason has two
folds: 1) As the number of queries grows, the number of
queried digital twins increases, leading to a growth in the
average processing delay. 2) Since the weights of queries are
different, the algorithm OLM admits the queries with lower
loss requirements first, which decreases the average loss but
increases the average processing delay. This shows that OLM
can better respond to different requirements of queries. From
Fig. [I2(d)] we can see that the admission rates of algorithms
Random-HeuS and FCFS—HeuS have decreased. This leads
to fewer admitted queries and a lower resource violation rate,
which can be verified in Fig. [12(e)]

We thirdly evaluated the impact of the updating delay
constraint of physical objects by varying the delay from 2ms
to Sms on the performance of different algorithms by setting
the number of cloudlets at 20 and queries at 10, as shown in
Fig. [13] From Fig. [[3(a)l we can see that the weighted sum
demonstrates a downward trend with the relaxation of updating
delay, and OLM achieves the lowest value of the weighted sum,
for example, OLM is about 10.9% superior to Random-Heu$S
and FCFS—-Heus, as well as 2.7% better than Admission
when the updating delay requirement is 4 ms. In Figs. [[3(b)]
and[T3(c)| we can see that the loss of algorithms shows the same

represents the admission rate of queries of the four algorithms,
where all queries are admitted by OLM. Fig. [TI(e)] shows
that the resource violation rate decreases as the number of
cloudlets increases. The rationale behind this is that as available
computing resources increase, the number of admitted queries
increases, and the violation of computing resources decreases.

We then explored the impact of the number of queries on

trend as HeusS in Fig. The reason is that the algorithms are
all implemented based on HeusS, thus presenting the same trend
when the updating delay requirement changes. In Figs. [[3(d)|
and [T3(e)] we see that the updating delay requirement grows
as the admission rate of queries increases and the violation of
computing resources decreases.

We fourthly evaluated the impact of the number of queried
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D. Discussion on Implementation Direction for Streaming
Analytics of Digital Twin Applications in a DT-MEC Network

The implementation of the proposed algorithms for streaming
analytics relies on a platform that manages the network and
responds to queries in a DT-MEC network. Considering the
implementation of a real DT-MEC network requires the real
deployment of physical objects in a real industrial scenario
and the lack of an open experimental platform, the real
implementation of a DT-MEC network is not the major focus
of this paper. However, to enable efficient transmission and
synchronization between physical objects and their digital
twins of the DT-MEC network, the KubeEdge platform can
be adopted, which utilizes an asynchronous communication
model to support the transmission and synchronization of data
streams. When physical objects can be attached to a DT-MEC
network based on KubeEdge [47], KubeEdge manages the
data streams and performs streaming analytics to respond to
admitted queries.

DT-MEC Network

[API I 'I’Commllerl EdgeController | | DeviceController | E
Server J ’

EdgeCore
[ Edge Hub
!

| ServiEeBus*—

>§' | Meta Manager Al | vDigita.l Twin
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Fig. 16: An example of implementation for streaming analytics
of digital twin applications in a DT-MEC network using the
KubeEdge platform.

Fig. gives an example of implementation for streaming
analytics of digital twin applications in a DT-MEC network
using the KubeEdge platform. Specifically, physical objects are
connected to the DT-MEC network via the message queuing
telemetry transport (MQTT) protocol, where the MQTT Broker
is used to manage the data stream uploading. The data streams
of physical objects are transmited to the EventBus module
and the EdgeHub module, synchronizing data streams with the
digital twin deployed in the cloudlet. Meanwhile, these data
streams are stored in a streaming database via the MetaManager
module. When a query is issued to the ServiceBus module, the

information queried digital twin is sent to the EdgeHub module.

Based on the deployment location of the digital twin in the
EdgeController module, a pod is invoked, and a container is
created to host an instance of the selected model by the Edged
module. Finally, streaming analytics is executed within the
container to obtain the analytical results.

VII. CONCLUSION AND FUTURE WORK

In this paper, we studied a novel digital twin placement
and model selection problem in DT-MEC networks. We first
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designed an approximation algorithm for the problem with a
single query, which delivers an approximate solution to a special
case of the problem with selected models. We then devised
a heuristic algorithm for the problem to select appropriate
models. We also proposed an online learning algorithm for
dynamic query admissions by a contextual multi-armed bandit
problem and showed the regret bound of the solution obtained
by the online algorithm. We finally evaluated the performance
of the proposed algorithms by simulations on real datasets.
Experimental results demonstrate that our proposed method for
the problem with a single query achieves a 23.6% and 36.4%
reduction in processing delay and loss, respectively, compared
to existing methods, without any violation of updating delays.
For the problem with multiple query admissions, our proposed
method can reduce the weighted sum of processing delay
and loss by 13.3% compared to the other algorithms while
maintaining the admission rate of queries.

The future work from this research is to investigate the
interaction among multiple physical objects in an MEC network.
The specific works include: (1) Implement streaming analytics
of digital twin in a real-world test-bed. (2) Developing a
distributed platform for digital twins to enable real-time state
synchronization and data transmission between digital twins
across different cloudlets. (3) Based on the proposed digital
twin model selection and placement algorithm, propose an
algorithm to implement low-delay yet accurate stream analytics
for physical object interactions.
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