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Fidelity-Aware Inference Services in DT-Assisted
Edge Computing via Service Model Retraining
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Abstract—The Digital Twin (DT) technique enables seamless
integrations between the physical and virtual worlds. By contin-
uously synchronizing DTs with their physical counterparts, DTs
can provide accurate reflections of physical objects and facilitate
high-fidelity inference services based on service models. Orthog-
onal to the DT technology, Mobile Edge Computing (MEC) has
been envisioning as a promising paradigm for providing intelligent
services to users while meeting stringent delay and accuracy re-
quirements. In this paper, we investigate fidelity-aware inference
services in a DT-assisted MEC network where there are multiple
source DTs providing new updated training data to service models
often. We jointly schedule mobile devices to upload their update
data to their DTs, and choose service models for retraining using
their updated source DT data over a given time horizon. We further
assume that the previous version of each service model can still
serve its users during its retraining period, while a retrained service
model can provide high-fidelity services to its users. To this end, we
first formulate two novel optimization problems: the model instance
placement problem that assigns model instances to cloudlets in an
MEC network so that the total placement cost of all service models
is minimized, and the cumulative utility maximization problem
to maximize the cumulative fidelity of all service models over a
given time horizon, by jointly scheduling mobile devices to upload
their update data to their DTs and service models to be trained
using their updated source DT data at each time slot. We then
formulate an integer linear programming (ILP) solution for the
model instance placement problem when the problem size is small;
otherwise we develop an approximate solution to the problem, at the
expense of moderate resource violations. We also devise an efficient
online algorithm for the cumulative utility maximization problem.
We finally evaluate the performance of the proposed algorithms
via simulations, and the simulation results demonstrate that the
proposed algorithms are promising.

Index Terms—DT-empowered service models, mobile edge
computing (MEC), model instance placement, choosing mobile
devices for uploading, model retraining, inference service fidelity,
algorithm design.
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1. INTRODUCTION

MERGING as a bridge connecting the physical and virtual
E spaces, Digital Twin (DT) technology enables seamless
bidirectional communication by creating precise virtual repre-
sentations of physical objects, and dynamically evolving with
physical objects throughout their life cycles [19]. With explosive
volume of data generated by IoT devices, lots of efforts have
been dedicated to harnessing the immense business value of the
data generated [16], [28], [31]. By applying Machine Learning
(ML) and Artificial Intelligence (AI) approaches, insightful
analysis on DTs can provide comprehensive interpretations and
behavior predictions of their physical counterparts [19], thereby
helping human decision-making. To support real-time virtue
reflections, it is essential to maintain DTs through continuous
synchronizations with their physical objects. Furthermore, the
state freshness of DTs, in a certain extent, reflects the gap
between the cyber-physical integration, which can be measured
by the Age of Information (Aol) [8], [14] that is the duration of
a piece of data from its generation to its first usage.

DT has attracted massive attention in boosting edge intelli-
gence (EI), which is a convergence of Al and advanced data
processing capabilities directly at the edge of core networks [2].
To implement high-fidelity intelligent services based on in-
ference machine learning models, it is critical to retrain the
machine learning models continuously, using real-time update
data of their DT sources. The source data of an inference
model comes from its physical objects, and each DT is usually
regarded as a “sandbox” that facilitates the encapsulation of
newly generated information [11], [23]. Meanwhile, Mobile
Edge Computing (MEC) has been emerging as a promising
paradigm for the promotion of DT-assisted edge intelligence,
by pushing communication and computing resources in the
proximity of end devices [1], [9], [15]. Consequently, DT-
assisted MEC is an ideal platform to provide users with in-
telligent services while meeting their stringent service delay
requirements. An illustrative example of intelligent services in
a DT-assisted MEC is smart transportation services based on
ML models [2]: a smart transportation service model is built
upon DTs of nearby vehicles and roadside sensors, where the
DTs of each vehicle and each sensor continuously synchronize
with their physical counterparts to monitor the traffic conditions
in a real-time manner. Due to fast-changing traffic conditions,
the smart transportation service model needs to be retrained,
using the updated DT data, in order to provide users with traf-
fic conditions and to mitigate traffic congestion. Furthermore,
there are also studies dealing with edge server deployments in
an intelligent Internet of Vehicles ecosystem, by jointly con-
sidering service delays, energy consumptions, and workload
balancing [24].
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In this paper, we study fidelity-aware inference services in
a DT-assisted MEC network, where service model instances
are placed and retrained. Assume that DTs of mobile devices
that feed service models with training data have already been
deployed, and these DTs are referred to as the data sources of
the service models. To provide high-fidelity inference services,
each service model needs to be continuously trained, using the
update data from its source DTs.

Most existing studies on model retraining focused solely on
improving service accuracy, and assumed that model retraining
can be finished within a single time slot, while overlooking
the impact on service provisioning caused by the multi-time
slot model retraining process [9], [14], [25], [29]. In most
real-world applications, a previous version of a service model
can still serve its users while the model is under the updating
or maintenance status, and the updated service model with
a higher service fidelity will be available after finishing its
retraining. However, both model training and user services con-
sume computing resource in a resource-limited MEC network.
This results in a dilemma between the amount of computing
resource used for model retraining to achieve a higher inference
accuracy in future and the amount of computing resource used
for model-driven user services at this moment. To achieve the
cumulative service fidelity of all service models, it poses the
following challenges through exploring non-trivial trades-off
between model service provisioning and model retraining. First,
to enhance service fidelity of a service model, the model is
required to be continuously retrained using the update data of its
source DTs. It is crucial to have a novel metric that can capture
the impact of the update data from its DT sources on the service
fidelity of a service model. Second, since both model-driven
inference services and model retraining consume computing and
communication resources, the placement location of a model
instance impacts its retaining cost as the update data from its
DT sources requires to be routed to the model instance host for
its retraining. How to place model instances to proper locations
(cloudlets) so that the overall cost of model instance placements
is minimized? Third, a service model retraining may stretch mul-
tiple time slots. Although the service fidelity of the model will be
enhanced after the retraining, the computing and communication
resource consumptions during its retraining period (time slots)
cannot be ignored. Thus, choosing which service models for
retraining at each time slot is important in order to maximize
the overall service fidelity of all models. Finally, due to limited
communication resource capacity on each access point (AP) in
an MEC network, not all mobile devices under the coverage of
each AP can upload their update data via the AP at each time
slot to synchronize with their DTs. Then, which mobile devices
should be chosen for uploading their update data at each time
slot to maximize the cumulative service fidelity of all models?
The rest of this paper will tackle the aforementioned challenges.

The novelties of this study lie in formulating a novel cumu-
lative utility maximization problem in a DT-assisted MEC net-
work, by exploring non-trivial trades-off between high-fidelity
service provisioning and model retraining at each time slot,
through scheduling mobile devices for DT synchronization and
service models for retraining. Efficient algorithms for placing
model instances and scheduling models for retraining are de-
vised and thoroughly analyzed.

The main contributions of the paper are given as follows.

e We study fidelity-aware inference services in a DT-assisted

MEC network, by introducing a novel metric to measure
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the impact of the DT update data on the inference accuracy
of service models, where the training data of each service
model comes from its source DTs, while the update data
of each DT is obtained through synchronizations with its
corresponding mobile device. We assume that each ser-
vice model is required to be retrained continuously, using
the update data from its multiple DT sources in order to
maintain high-fidelity service.

® We consider the initial placement problem of service mod-

els by placing service model instances to proper cloudlets
to minimize the total placement cost, for which we for-
mulate an Integer Linear Programming (ILP) solution if
the problem size is small; otherwise we propose a constant
approximation algorithm.

® We deal with the novel cumulative utility maximization

problem over a given time horizon, with the aim to maxi-
mize the cumulative utility (service accuracy) of all service
models, subject to computing and communication resource
capacities in the MEC network. We develop an online
algorithm for the problem, by choosing mobile devices to
synchronize with their DTs and scheduling service models
for retraining using their updated source DT data at each
time slot.

® We evaluate the performance of the proposed algorithms

through simulations. Experimental results indicate that the
proposed algorithms are promising and outperform their
comparison baselines.

The remainder of the paper is organized as follows.
Section II reviews related work on this topic. Section III intro-
duces the system model, notions, notations, and problem defini-
tions. Section IV provides an ILP solution for the model instance
placement problem when the problem size is small; otherwise,
an approximation algorithm is developed. Section V proposes
an online algorithm for the cumulative utility maximization
problem. Section VI evaluates the performance of the proposed
algorithms for the defined problems through simulations, and
Section VII concludes the paper.

II. RELATED WORK

Digital twin, as an emerging technique, has attracted lots of
attention across various fields, including manufacturing, person-
alized healthcare, autonomous driving, the Internet of Things,
precision agriculture, smart education, Metaverse (AR/VR en-
tertainment), and so on. Most existing studies explored diverse
services driven by DTs [5], [7], [8], [16], [20]. For instance,
Gong et al. [5] investigated the integration of space-air-ground
and digital twin, with the aim to reduce the gap between data
analysis and physical status through computation offloading.
Li et al. [8] studied DT placements to improve user satisfaction
on services in MEC environments by developing performance-
guaranteed approximation algorithms for maximizing cumula-
tive user satisfaction on services. Li et al. [7] investigated a
DT-assisted MEC network, where users request SFC-enabled
reliable services under both static and dynamic request arrival
settings. They devised efficient algorithms to minimize the
service cost in the static case and to maximize the number of
service request admissions in the dynamic case, respectively,
as DTs can be used to predict the reliability of VNF instances
accurately by utilizing the historical traces of VNFs maintained
intheir DTs. Lin et al. [16] developed a congestion control policy
based on incentives to meet the spatio-temporal dynamic DT
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An illustrative example of model-driven services in a DT-assisted MEC network. There are three mobile devices v1, v2, and vs under the coverages of

three different APs, and for each mobile device v; with 1 < ¢ < 3, its digital twin, DT}, has been deployed in a cloudlet in the network. We further assume that the
source data of service model M7 come from DT, DT5, and D73, respectively. (DAssume that v; uploads its update data to the AP at which it is located at time
slot ;, and the uploaded update data then is transferred to the cloudlet host h(DT;) of DT; at time slot ¢; with 1 < ¢ < 3. Notice that v2 has another uploading
at later time slot ¢4 as well. @Let (l — 1) be the last retraining of model M ending at time slot ¢¢, and let the [th retraining of model M start at time slot ¢5 . 3)
The updated source data at DTy, DT>, and DT3 are transferred from their cloudlet hosts h(DT1), h(DT5), and h(DT3) to the cloudlet host h(M7) of model
M, for its retraining that starts at time slot ¢5 . (WAfter model M finishes its retraining at time slot £5 + I,, ;, user 71 can request services of model M at time
slot tg with tg > t5 + Im,b where tg < t; <to <t3,ta <tg,andtg <t; <tz <ty <ts<tg.

service demands of mobile users, and utilized the Lyapunov
optimization technique to achieve the long-term stability of DT
services. Wang et al. [20] designed a data collection scheme
for the digital twin network, which can guarantee the timeliness
and accuracy of collected data to build accurate DT mappings.
Zhang et al. [26], [27], [28] considered DT-assisted service
provisioning in an MEC network via DT replica placements
and migrations, assuming that objects are highly movable in the
network. However, the aforementioned studies focused solely on
digital twin technology, neglecting its broader potential, such as
its capability to promote the development of edge intelligence.

Several studies on DT-assisted intelligent services in MEC
networks have been proposed, and DT has also been regarded
as an enabling support technique for edge intelligence. For
example, Li et al. [12] addressed the DT freshness issue, and
proposed freshness metrics and one potential application of
using Unmanned Aerial Vehicles (UAVs) for data collection.
They proposed an efficient approximate solution for the problem
through synchronizations between DTs and their objects under
bandwidth and computing resource constraints. Chen et al. [3]
utilized DT-assisted Deep Reinforcement Learning (DRL) to ad-
dress an online mobility-aware dependent task offloading prob-
lem, with the aim of enhancing service quality. Yang et al. [23]
studied a novel two-timescale accuracy-aware online optimiza-
tion problem where models update by collecting personalized
data from end devices, with the objective of maximizing the
average accuracy of task execution assisted by human digital
twins. Li et al. [9] utilized continual learning to retrain DT-
assisted service models incrementally, to ensure that the service
models can provide accurate services over time. Liang et al. [14]
devised efficient algorithms to keep the states of both mod-
els and their source DTs as fresh as possible, and the state
freshness is implemented through continuous synchronizations
between DTs and their corresponding physical objects. The
updated DT data is then utilized for the service model training.
Zhang et al. [25] dealt with multi-Federated Learning (FL)

service provisioning in an MEC network, by leveraging DTs
to optimize resource allocation and mobile device scheduling.
They proposed efficient algorithms and aimed at maximizing the
cumulative utility of multiple FL services. However, none of the
aforementioned studies considered the non-trivial relationship
between the duration of model retraining and the accuracy
improvement of DT-assisted inference models, not to mention
the use of a previous version of a training model for user services.

Unlike the aforementioned studies, in this paper, we consider a
realistic setting where the retraining duration of a service model
may last multiple time slots, rather than within a single time
slot, and limited resources in an MEC network for both model
retraining and services need to be judiciously allocated at each
time slot. We will investigate fidelity-aware inference services
in a DT-assisted MEC network, striving for non-trivial trades-off
of computing resource allocation between model retraining and
inference services.

III. PRELIMINARIES

In this section, we first introduce the system model, notions,
and notations. Then, we define problems precisely.

A. System Model

Consider an MEC network G = (N, E)) operated by a service
provider, where N is the set of Access Points (APs) with each
having a co-located cloudlet, and F is the set of links between
APs. Each AP and its co-located cloudlet are interconnected by
an optic cable, and the communication delay between them is
negligible [17]. Let C'; be the computing capacity on the cloudlet
co-located with each AP j. Let d. be the transmission delay on
each link e € F per unit data [22]. Denote by L; the number
of sub-channels on each AP j, and these sub-channels follow
the Orthogonal Frequency-Division Multiple Access (OFDMA)
scheme.
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Assume that there is a set V' of mobile devices under the
coverage of APs in the network. For each mobile device v; € V,
there is a digital twin, DT}, which has already been deployed
in a cloudlet. Denote by h(DT;) the cloudlet hosting DT;. As
each mobile device v; generates data continuously, to maintain
the freshness of its DT, DT} needs to synchronize with mobile
device v; quite often, which requires v; to upload its update data
to DT; at some time slots. The state of DT; is then refreshed
after receiving and storing the update data. It is noticed that the
synchronizations between DT; and mobile device v; will impact
the inference accuracy of service models whose retraining data
is fed by DT;.

Assume that there is a set M of service models (e.g., DNNs)
that need to be deployed in the network. For each model M,,, €
M, let i, be the amount of computing resource demanded for
placing one instance of the model to provide inference services.
Let h(M,,) be the cloudlet hosting model M,,, and V;,, be the set
of attributes of model M,,,, with the source data of each attribute
coming from an object v € V. Let comp,,, be the amount of
computing resource needed by model M,,, for its retraining, and
each model M,, is retrained using its updated DT source data,
where objects of the DTs are in a subset V;;, of mobile devices
with V,,, € V, and the DTs of mobile devices in V,,, are referred
to as the source DTs of model M,,. Fig. 1 gives an illustrative
example, where five DTs and two DT-assisted service models
are deployed in an MEC network.

In this paper, we consider a finite time horizon T that is divided
into 7" equal time slots, with each lasting 7 time units. Let T =
{1,..., T} be the set of time slots. We investigate high-fidelity
service provisioning in a DT-assisted MEC network within time
horizon T.

B. Delays of Uploading Update Data for DT Updates

Given a mobile device v; € V, if it synchronizes with its
digital twin, DT}, by uploading its update data at some time slots,
the data and state of DT; will then be updated accordingly. Such
an update on DT} impacts the accuracy of all service models in
which DT; is their source DT.

The synchronization between mobile device v; and its digital
twin DT} is detailed as follows. A mobile device is under the
coverage of an AP if the AP is within the transmission range of
the mobile device. Denote by C(j, ) the set of mobile devices
covered by AP j at time slot ¢. Each mobile device v; can be
located at an overlapping area covered by multiple APs. We
assume that the OFDMA scheme is adopted at each AP for its
sub-channel allocation, and that each AP j has L; > 1 sub-
channels. If mobile device v; is covered by AP j, it can choose
AP j as a gateway for update data uploading, i.e., mobile device
v; is allocated with a sub-channel by AP j and its uploading rate

RIL‘J' is
B PX; - H;,
R;; = fj log (1 + (72> ) ()

where B; is the bandwidth capacity on AP j, PX; is the
transmission power of mobile device v;, H; ; is the channel
gain between mobile device v; and AP j, and o is the average
noise power.

As the number of mobile devices under the coverage of each
AP j is usually far larger than the number of sub-channels
allocated to it, at each time slot, there are at most L; mobile
devices that can upload their update data via AP j by the
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assumption. Once a mobile device v; € V' (assuming that it is
under the coverage of AP j) is chosen for uploading, its uploaded
update data will be transferred to its DT hosting cloudlet h(DT;)
for further processing, the processed data will be stored at D75,
and the state of DT; will be updated accordingly.

Let vol(v;,t) be the volume of the update data uploaded by
mobile device v; at time slot ¢, where the volume is proportional
to the duration from the last uploading of mobile device v; [14].
Denote by V() the set of mobile devices chosen for uploading
at time slot ¢. The cumulative volume s; () of the data stored in
DT; by time slot £ is

o Jsi(t = 1) Fwol(vg, t) if vy € V(1),
si(t) = {sz(t -1) otherwise, 2)
where s;(0) = 0 for each DT; initially withv; € V', and s;(t) >

If mobile device v; is chosen to synchronize with its digital
twin DT; by uploading its update data to AP j at time slot ,
the delay of updating DT; consists of the uploading delay, the
transmission delay, and the processing delay of the update data.
Let dP7T (v;, t) be the delay of updating DT; at time slot £, which
is defined as follows.

[ iat
dDT(Ui,t) _ %4_ Z de - vol(v;, t)
i,J eer,h(DTi)
vol(v;,t)
vol(v;,t) 3
DT .

where R; ; is the data uploading rate between mobile device
v; and AP j, Pj ,(pr,) is a shortest path in GG between AP j
and cloudlet A(DT;) in terms of delay metric, and p(DT;) is
the processing rate of the update data by cloudlet h(DT;). We
assume that the updating delay of DT; of each mobile device v;

is no greater than the length 7 of one time slot.

C. Retraining Duration of a Service Model Retraining

For each model M,,, € M, let fmJ be the start time slot of
its [th retraining and the retraining last I,,, ; time slots, i.e.,
the retraining finishes at time slot £m7[ + Iy — 1 £m70 =0
and I,,, o = 0 for each model M,, € M initially. Prior to the
retraining of model M,,, the update data from its source DTs
are required to be aggregated in cloudlet h(M,;,) that hosts its
instance. The duration of the retraining of model M,,, consists
of the delay of its source DT updating, the transmission delay of
its updated source DT data, and the delay of model retraining.

DT updating delay: Let V,,, (t) be the subset of mobile devices
in V,,, that are chosen to synchronize with their DTs at time slot
t with V,,,(t) = V,,, NV (t). When the [th retraining of model
M, starts at time slot £m7l, the mobile devices in V,,, (tAm 1) need
to update their DTs first. The delay of the source DT updating
of model M,, for its [th retraining is

dﬁ?; = max {dDT(Ui7 tAm,l) ‘ v; € Vtm (tAm,l)} ) (4)

which is the maximum updating delay of its source DTs at the
start time slot of the [th retraining of model M,,,.

Data transmission delay: As model retraining proceeds it-
eratively, the [th retraining of model M, utilizes its updated
source DT data that are uploaded between its (I — 1)th and Ith
retraining, of which the volume is s; (fm,l) — 5 (fm,zq) for each
v; € V. For each mobile device v; € V,,,, the volume of the
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update data of DT} for the Ith retraining of model M,, is
ASing =& (8i(tma) = si (1)), )

where & is the constant data compression rate with 0 < ¢ < 1.

If there is not any data update on DT} between time slot ¢,,, ;1

and time slot tAm,l, i.e., As; m, = 0, there is no need to transmit
the update data of DT} for the [th retraining of model M,,,.
For each source DT, DTi, of model M, with its mobile

tm ! 41 Vm(t) (there is updated data of DT;
since time slot th_l), the transmission delay of transmitting

the update data of DT; to cloudlet i (M,,) hosting an instance
of model M,,, for its [th retraining is

device v; € U

trans __
d; m,l E

e€Pn(DT;),h(Mm)

de : ASi,rn,ly (6)

where d, is the transmission delay along link e per unit data, and
Ph(DT,),h(1,,) is a shortest path in G between cloudlets h(DT;)
and h(M,,).

The transmission delay of transmitting the updated source DT
data from their DT hosts to cloudlet (M, ) for the [th retraining
of model M, is

trans __ trans
dm,l = mnax {dz m,l

£77l,l
weUr L Val®}. @

Model retraining delay: After its source DTs have transferred
their update data to cloudlet 2 (M, ), model M,,, will be retrained
using the updated DT data, and its [th retraining delay is

o Z ASvﬁ,m,l

Vi €V p(Mm)

where p(M,,) is the data processing rate of cloudlet h(M,,)
allocated for retraining model M., .

Model retraining duration: The number I, ; of time slots
needed for the [th retraining of model M, is

dDT _,’_dtrans + dtram

Im,l = ’ (9)
T

dtrazn

®)

where 7 is the length of one time slot.

D. Cost of the Initial Service Model Instance Placements

The cost of communication and computing resources con-
sumed by a service model retraining is heavily determined
by its placement location. Since the volume of update data
of each mobile device varies over time, it is challenging to
place service models without the update data information of

their source DTs. For each mobile device v; € V, let vol(v;)
be the average volume of update data uploaded by device v; to
its DT, which can be estimated by leveraging machine learning
prediction techniques on the historical data traces stored at DT;.
The expected model placement cost of model M,,, € M when
deployed in cloudlet j is defined as follows.

Z Z & - cost(e) - 1707(1),;)

V; €V EEPh(DT ).

cost(M,,, 7)

e € - vol(v;)
e 10
p(Mm)'T “ ( )

where cost(e) is the cost of transferring a unit data along link
e € E, {isthe compression ratio of the uploaded data by a device
that is merged with existing data of its DT, and 7); is the cost of
unit computing resource consumed of cloudlet j per time slot.
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Py(p1y),; 18 a shortest path in G between cloudlet 2(DT;) and
cloudlet j € N. Note that the first term in the RHS of Eq. (10) is
the total cost of transmitting the compressed update data from its
source DTs to cloudlet j € N for retraining model M,,,, and the
second term in the RHS of Eq. (10) is the cost of model retraining
S0, cvim E00L(W) ]
;7(1\47)71 18
the number of time slots needed for the training of M,,, and
processing rate p(M,,) is a given function proportional to the
amount comp,, of computing resource allocated to model M,,,
which is determined by the parameter size of the model and the
amount comp,,, of computing resource allocated to the model.
Let x,,; be a binary variable, indicating whether model
instance M, is deployed to cloudlet j (z,,; = 1) ornot (x,, ; =
0), with M,,, € M and j € N. The total cost of all model
placements in cloudlets of the MEC network G is

Z Z cost(

M, e M jeN

in cloudlet j € A for model M,,, where {

ma] e (11)

E. Cost of Service Model Retraining

The model retraining in an MEC network consumes both
computing and communication resources. Assuming that model
M, € M is deployed in cloudlet j, i.e., h(M,,) = j, then the
cost for its [th retraining consists of the following components.

The transmission cost of the update data transferred from the
DTs of mobile devices in V,,, to cloudlet i(M,,;,) hosting model
M, for its [th retraining starting at time slot ¢ (tAmJ =1)is
defined as follows. Recall that V,,, is the set of attributes of
model M,,. To train M,, in its [th retraining starting at time
slot ¢, the cumulative update data from each of its source DTs
needs to be transferred to the host h(M,,) of model M,,, and
the update data transmission cost of the retraining thus is

Z Z cost(e) - AS; .1,

Vi€V €€EPh(DT;), h (M)

comm m 7

(12)

where cost(e) is the cost of transferring a unit data along link e €
E, and Py (pr,),n(M,,) 18 @ shortest path in G between cloudlets
h(DT;) and h(M,,).

The retraining cost of the lth retraining of model M,, in
cloudlet h(M,,) starting at time slot ¢ is defined as follows.
During its /th retraining, the previous version of the model after
its (I — 1)th retraining still can serve its users, and the version
after the /th retraining will be used for user services in the future
time window [fm,l + Ipn.1, |T]] if it will be no longer retrained.
Since the [th retraining of model M, lasts I, ; time slots, the
cost comp(M,,,t) of the total amount of computing resource
consumed by the retraining is

1) = Nn(m,,) - COMP - I, (13)

where 7;,(1s,,) is the cost of unit resource of cloudlet h(M,,)

per time slot, and comp,, is the amount of computing resource
allocated to model M, for its retraining.

The total cost for the [th retraining of model M, in

cloudlet h(M,,) starting at time slot ¢ thus is comm(M,,,t) +
comp((Mp, t).

comp(M,,

F. Utility Gain of Service Models

The fidelity of a service model can be enhanced after its
retraining using the update data from its source DTs. Here
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Fig. 2.
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tm,l tm,l + Im,l -1

An illustrative example, where the [th retraining of model M, starts and ends at time slots fm, ; and fm, 1 + Iyn,1 — 1, respectively, and its previous

(I — 1)th retraining started and ended at time slots Em,l—l and fm,l—l + I -1 — 1, respectively, and gm,l > Em,l—l + 1l — 1.

we make use of the utility gain to capture the service fidelity
enhancement on a service model. Specifically, let u,, (¢) be the
utility of model M,,, at time slot ¢, which is usually proportional
to the inference accuracy of model M,,, at time slot ¢. A larger
utility indicates a higher inference accuracy, while a lower utility
implies a lower inference accuracy. To maintain high inference
accuracy of a service model M,,, it is essential to retrain model
M, continuously using its updated source DT data. For the /th
retraining of model M,,, recall that its start time slot is tAmJ
and the retraining lasts I,,, ; time slots, where the values of EmJ
and I, ; are determined by the retraining scheduling of model
M,,. Fig. 2 shows the (I — 1)th and Ith retraining of model M,,,
respectively, (tAmJ,l + I, -1 — 1) is the finish time slot of the
(I — 1)th retraining with (£,, ;1 + Imi1—1) < fmJ.

The utility gain of model M, after its [th retraining is defined
as follows.

Assume that DT} of mobile device v; € V,,, is one source DT
of model M, and there is a fixed weight w; ,,, of DT} that is its
contribution to the accuracy of model M,, with 0 < w; ,, < 1,
indicating the importance of its update data to the accuracy of
model M,,, with ZviEVm Wi m = 1[11]. Furthermore, if DT; is
the source DT of multiple service models, then the update data
of DT; will impact the utilities of these models when they are
retrained.

To model the impact of the update data of an object on
service models in which it is one source data, we make use
of a multi-dimensional submodular non-decreasing function
gm(+s...,-) with |V;,,| parameters to represent the utility (or
accuracy) of model M,,, where function g,,(-,...,-) meets a
diminishing marginal utility gain property. Assuming that the
update data uploaded by different mobile devices in V;,, impact
the service accuracy of model M, independently, then, the
submodular function g¢,,(-,...,-) can be decomposed into a
weighted sum of a one-dimensional submodular non-decreasing
function f(-), i.e., gm(----,) =D 4 ey, Wi - f(+). Since
f(+) is a one-dimensional submodular non-decreasing function
with f(0) = 0, we have f(z + ) — f(z) < f(z' + ) — f(2/)
ifz>2">0andd > 0.

For each DT; with v; € V,,,, the update data of DT; for the [th
retraining of model M, is the one generated and then uploaded
by mobile device v; from time slot (gm,l—l + 1) to time slot fm,l.
Denote by Au,, ;(v;) the utility gain of device v; to model M,
after the /th retraining of model M,,,. Then,

Aum,l(vi) = Wi,m - (f (Si (fm,l)) - f (Si (fm,l—l))) , (14

where s;(t) is the cumulative volume of data stored in DT; by
time slot ¢. Notice that if there is no update on DT; between
time slots (tAm’l,l + 1) and fm,l, then Awy, i (v;) = 0.

Let u,,,; and Au,, ; be the utility and utility gain of model
M, after its [th retraining, respectively, then

AUNL,Z = Um, — Um,-1 = § Aum,l(vi>7

’UiEVm

5)

-1

Um,] = Um0 + Z (um,k+1 - Um,k)
k=0

l
= Um,0 T Z Aum,k

k=1

l
=Umo+ > Y Aumi(v;), by Eq. (15)

k=1v,€V,,

l
Yo D wian e (fsiltmn)) = £ (50 (Fmsr)))

V€V k=1

by Eq. (14)
= Z Wim - f (si(fml)), (16)

’UiEVm,

where 0 =0, t,,0=0, and I, o =0 for all M,, € M
initially.

The utility u,, (¢) of model M,,, ateach time slot ¢ is defined as
follows. At any time slot ¢t € T, each model M, is either being
retrained or providing inference services. If time slot ¢ is within
the lth retraining of model M,,, i.e., EmJ <t< fm,l + Lo s
then the utility of model M, at time slot ¢ i8 w, (t) = U 1—1.
The updated version of model M,,, after its [th retraining with no
further retraining can be used for user services if ¢ > fm,l + I,
then u,, (t) = w,; if it is not in retraining at time slot ¢, i.e.,

0, ift =0,
u’rn(t) = § Um,i-1, 31 ZA Ovtm,l <t < tm,l + Im,l (17)
Um, 1, t> tm,l + Im,la

where w,,, ;1 and w,,; are defined in Eq. (16).

G. Problem Definitions

In the following, we first deal with the model instance place-
ment problem with the aim to minimize the placement cost of
all service model instances. Then, we define a cumulative utility
maximization problem to maximize the cuamulative utility of all
placed service models over a given time horizon T, by jointly
choosing mobile devices for uploading, and service models for
retraining using their updated source DT data.

Definition 1: Consider an MEC network G = (N, F), a set
V' of mobile devices with DT; of each device v; deployed in
cloudlet h(DT;), and a set M of service models (e.g., DNNs)
with each having multiple DT sources. Each service model
M,, € M is retrained continuously by leveraging its updated
source DT data uploaded by devices in V,,, (V,;, € V). With the
assumption that D'T; of each mobile device v; € V is placed into
the cloudlet h(DT;), the model instance placement problem in
G is to place an instance for each model M,,, € M to a cloudlet
such that the total cost (11) of resources consumed for model
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TABLE I
TABLE OF NOTATIONS

Notation Descriptions
G =(N,E) An MEC network with a set N of APs and a set E of links
Cj, Bj The computing resource capacity on cloudlet ;7 and the bandwidth capacity of AP j
de, cost(e) The transmission delay per unit data and cost of per unit data transfer along link e
L; The number of sub-channels on AP j
V, V() A set of mobile devices and the set of mobile devices chosen for uploading at time slot ¢
DT;, h(DT;) The DT of mobile device v; and its hosting cloudlet
M, h(Mn,) A set of inference service models and the cloudlet hosting model M, € M

Hm, COMPm,
computing resource for its retraining

The amount of computing resource demanded by a model instance of model M,, and the amount of

Vin, Vi (f)
time slot ¢

The attribute set of model M., and the subset of mobile devices in V;,, that are chosen for uploading at

T={1,....,T}, 7

A finite time horizon and the length of one time slot

m,l tra
retraining of model M,

C(j,t) The set of mobile devices covered by AP j at time slot ¢
Rij The uploading rate of mobile device v; to AP j
PX; The transmission power of mobile device v;
H; The channel gain between mobile device v; and AP j
Wi,m The weight associated with the contribution of DT; to the accuracy of model M,
vol(vi, t) The volume of the update data uploaded by mobile device v; € V() at time slot ¢
s (t) The cumulative volume of the data stored in DT; by time slot ¢
dPT (v;,t) The delay of updating D7T; at time slot ¢
P n(pT)) A shortest path in G between AP j and cloudlet A(DT;)
p(DT;) The processing rate of the update data by cloudlet h(DT;)
tm,l The start time slot of the /th retraining of model M,
dg? The delay of the source DT updating of model M, for its Ith retraining
Asim.l The volume of the update data of DT; for the Ith retraining of model M,
The constant data compression rate
drrans The transmission delay of transmitting the update data of DT} to cloudlet h(M,,) for the Ith retraining of
Y model M,,
dirans The transmission delay of transmitting all the updated source DT data to cloudlet h(M,,) for the Ith

Prh(DTy),h (M)

A shortest path in G between cloudlets h(DT;) and h(M,,)

d,’;zf’l'zn' The retraining delay for the Ith retraining of model M,
p(Mp) The data processing rate of cloudlet h(M)
Lt The number of time slots experienced by the Ith retraining of model M,,
gm(-,...,-), J(-) | Submodular functions for the model utility
wm (t) The utility of model M, at time slot ¢
Aty 1 (v4) The utility gain of device v; to model M, after the /th retraining of model M,

Aty 1, U

The utility gain and utility of model M, after its [th retraining

cost(Mm, j)

The expected model placement cost of deploying model My, in cloudlet j

1) The cost of unit computing resource consumed of cloudlet j € N per time slot

vol(v;)

The average volume of updated data uploaded by v;

placement and retraining is minimized, subject to computing
and communication capacities on cloudlets and APs in G.

Recall that DTs of all mobile devices have been deployed in
cloudlets, i.e., DT; is placed in cloudlet h(DT;). After the model
instance of each model M,,, € M has been placed to cloudlet
h(M,,), we consider the cumulative utility maximization prob-
lem over a finite time horizon T as follows.

Definition 2: Given an MEC network G = (N, E), aset V
of mobile devices with DT; of each device v; € V deployed in
cloudlet h(DT;) € N, a set M of service models, and a finite
time horizon T that is divided into |T| equal time slots, assume
that the model instance of each model M,,, € M has already
been deployed in cloudlet i (M,,,). For each model M,,, € M,
its previous version can be used for user services during its
retraining period, and its retrained version with a higher fidelity
will be available when its retraining finishes. The cumulative
utility maximization problem in G is to maximize the cumulative
utility of all service models over time horizon T, subject to the
communication and computing capacities on APs and cloudlets
in the network, where the utility of a service model at one time
slot implies its service fidelity at that time slot.

The optimization objective of the problem is to

(18)

where the utility u,, (t) of model M, at time slot ¢ is defined
by Eq. (17).

H. NP-Hardness of the Problem

Theorem 1: The model instance placement problem in an
MEC network G = (N, E) is NP-hard.

Proof: We show the NP-hardness of the model instance
placement problem by reducing it from the minimum-cost gen-
eralized assignment problem (GAP) as follows.

There is a set B of bins and a set Z of items. Each bin b € B
has capacity C'(b). Packing item ¢ € Z tobin b € B brings a cost
c(i, b) with size s(4, b). The minimum-cost GAP is to minimize
the total cost of packed items, subject to capacities on bins.

Each cloudlet j € N is treated as a bin with capacity C,
i.e., the computing capacity of cloudlet j. Each model M, is
treated as an item with a weight 1, i.e., the amount of comput-
ing resource demanded by placing an instance of model M,,.
Placing an instance of model M, to cloudlet 5 will incur a cost
cost(M,,, j) with weight fi,,. The model instance placement
problem is to minimize the total cost by placing as many models
as possible to cloudlets, subject to the computing capacity on
each cloudlet. The model instance placement problem can be
reduced from the minimum-cost GAP problem, while the latter
is a classic NP-hard problem [18]. Hence, the model instance
placement problem is NP-hard.
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For the sake of convenience, the symbols used in this paper
are summarized in Table I.

IV. ALGORITHMS FOR THE MODEL INSTANCE PLACEMENT
PROBLEM

In this section, we first show that the average volume of up-
dated DT data can be obtained by a prediction method. Then, we
formulate an Integer Linear Programming (ILP) for the model
instance placement problem when the problem size is small,
otherwise we propose an approximation algorithm by reducing
the problem from the minimum-cost Generalized Assignment
Problem (GAP) [18]. An approximate solution to the latter in
turn returns an approximate solution to the former.

A. Predicting the Average Volume of Update Data

We introduce a prediction mechanism to predict the average

volume vol(v;) of the update data by each mobile device v; € V
since its last uploading. Since the digital twin, DT}, of each
mobile device v; contains all historical traces of uploading
information of device v;, by making use of an ML prediction
method such as the auto-regression method, or the Long-Short-

Term-Memory (LSTM) method, the average volume vol(v;) of
update data of mobile device v; since its last uploading can
be obtained. Assuming that the current time slot is ¢, we here
adopt the auto-regression method for predicting the average

volume vol(v;) of the update data by mobile device v;, using the
uploading information of v; in the previous p uploading rounds,
and the value of parameter p > 1 is fixed. We have

Qj\ojl(vi) = aq - vol (v;,t,) + az - vol (v, tp—1) + ...

+ ap, - vol (v, t1), (19)

where for each p’ with 1 < p’ < p, ¢,y is the time slot of the
previous uploading round p’ of v;, a, is a positive constant
with 37 _, a;; = 1, while the volume vol(v;, t,) is the actual
volume of the update data uploaded by v; at previous round p’
with 1 < p' < p.

B. ILP and Approximation Algorithms

We consider the model instance placement problem by formu-
lating an ILP solution when the problem size is small. Otherwise,
we devise an approximation algorithm to it, at the expense of
moderate resource violations. We formulate an ILP solution to
the model instance placement problem. Assume that the average
volume of the update data uploaded by each mobile device is
given. The optimization objective (20) is the expected total cost
of all model instance placements.

Let x,, ; be a binary decision variable, where z,, ; = 1 in-
dicates that model M), is placed in cloudlet j, and z,, ; =0
otherwise. The ILP formulation is given as follows.

IN]
Minimize Z ZCOSt(Mmaj)’xmvj 20)
MmeM j=1
subject to
S i @my <Cj Vit 1< <N 21
My, eM
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Algorithm 1: Approximation Algorithm for the Model In-
stance Placement Problem.
Input: An MEC network G = (N, E), a set V of mobile
devices whose DTs have been deployed in cloudlets

already, the average volume vol(v;) of the updated DT
data from each mobile device v; (which can be derived
by the historical traces in its DT), and a set M of models
to be placed in cloudlets.
Output: Minimize the total cost of model placements.
1:  Find a shortest path in MEC network G between each
pair of cloudlets;

2: for each M,, € M do

3: for each cloudlet j € N do

4: Calculate cost(M,,, j) by Eq (10)
5: end for ;

6: end for ;

7

The model instance placement problem is reduced

from the minimum-cost GAP;

8:  An approximate solution A is obtained to the
minimum-cost GAP, by applying the approximation
algorithm in [18];

9: return An approximate solution is derived from A for

the model instance placement problem.

[N
S Ty = 1, ¥M, € M (22)
j=1
Tm,j € {0,1}, VM, e M, Vj:1<j<|N| 23)

where cost cost(M,,, j) is defined by Eq. (10). Constraint (21)
ensures that the computing resource constraint on each cloudlet
j must be met. Constraint (22) guarantees that the instance of
each model is placed in one cloudlet only. It must be mentioned
that the proposed ILP solution is applicable only when the
problem size is small; otherwise, finding an exact solution
takes a prohibitively long time. In the following, we devise
an approximation algorithm for it when the problem size is
large, through a reduction from the minimum-cost Generalized
Assignment Problem (GAP) as follows. Each cloudlet j € N
can be seen as a bin with capacity C}, each model M,, € M
corresponds to an item with weight of u,,, and placing model
M, to cloudlet j incurs a cost cost(M,,,j) by Eq. (10) with
weight (i, if pt,, < C;. There is an approximation algorithm for
the minimum-cost GAP due to Shmoys and Tardos [18], which
delivers an optimal solution for the problem at the expense of
twice the computing capacity violation on any cloudlet.

The detailed approximation algorithm for the model instance
placement problem is given in Algorithm 1.

C. Algorithm Analysis

Theorem 2: Given an MEC network G = (N, E), aset V of

mobile devices with the given average volume vol(v;) of update
data by each mobile device v; € V, and a set M of models with
each model M,,, demanding amount y,,, of computing resource,
assume that the DTs of all mobile devices have already been
deployed in cloudlets, and each model M,, is retrained using
its updated source DT data that come from mobile devices in
Vin.Algorithm 1 delivers an optimal solution to the model in-
stance placement problem, at the expense of twice the computing
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capacity violation on each cloudlet 7 € N. The time complexity
of Algorithm 1 is O(|M|? - |N|?).

Proof: As the model instance placement problem can be
reduced from a minimum-cost GAP, it can be solved by adopt-
ing the approximation algorithm in [18], and Algorithm 1
delivers an optimal solution for the problem, at the expense of
no more than twice the resource capacity violation. The running
time of Algorithm 1 is analyzed as follows. To calculate the
cost of placing the model instances into cloudlets, a shortest
path between each pair of cloudlets in G needs to be found,
which takes O(|N|?) time. Since the time complexity of the
approximation algorithm in [18] for the minimum-cost GAP is
O(JM|? - |NJ3), Algorithm 1 takes O(|]M|? - |N|?) time.

Remarks: Although the time complexity of Algorithm 1 is
relatively high, the deployment of service models into cloudlets
is performed at the initial deployment stage, and only once. It is
alsonoticed that Algorithm 1 will deliver an optimal solution,
at the expense of bounded resource violations on some cloudlets
in N. In practice, the probability of such resource capacity
violations is negligible when each cloudlet is not overloaded.
This has been validated in the later experimental evaluation on
the performance of Algorithm 1.

V. ONLINE ALGORITHM FOR THE CUMULATIVE UTILITY
MAXIMIZATION PROBLEM

In this section, we tackle the cumulative utility maximization
problem by jointly choosing mobile devices for uploading and
service models for retraining at each time slot, assuming that
both DTs of mobile devices and service model instances have
already been deployed. Since this joint optimization problem is
intractable, we instead decompose the problem into two sub-
problems: the mobile device selection problem and the model
retraining selection problem, respectively. In the following, we
deal with these two sub-problems separately, by proposing a
solution to each of the subproblems.

A. Choosing Mobile Devices to Update Their DTs

We schedule mobile devices to upload their update data to
their DTs, subject to the bandwidth capacity on each AP. It can
be seen that it is very unlikely that all mobile devices under
the coverage of an AP can upload their update data via the AP
at each time slot, due to the limited bandwidth capacity on the
AP. Instead, we only choose these mobile devices to maximize
the cumulative utility gain of service models retrained by their
uploaded data.

Specifically, let V(¢) CV be a subset of mobile devices
chosen at time slot ¢. If a mobile device v; € V (¢) is chosen to
upload its update data at time slot ¢, the data volume s; (t) of DT;
inEq. (2) increases by vol(v;, t), which potentially contributes to
the cumulative utility gain Autility(v;, t) of the service models
that DT; is their source DT, provided that each of the models is
retrained. Then we have

Autility (v, t) = Z wim (f (si(t)) = f (si(t = 1))),
M, eM;
(24)

where M; is a set of models in which v; is one of their DT
sources, wj ., is the weight associated with the update data in
DT; to the utility gain of model M,,, and w; ., (f(si(t)) —
f(si(t —1))) is the proportion of the potential utility gain of
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model M, € M, after its retraining, using the update data in
DT; at time slot ¢.

Due to limited bandwidth capacity on each AP j, it is critical
to choose which mobile devices via AP j for their DT updating
to maximize the total utility. As a mobile device can be cov-
ered by multiple APs, choosing which AP for its uploading is
challenging, too. To this end, we choose mobile devices through
which APs for their uploading at each time slot ¢, by utilizing the
maximum matching in an auxiliary bipartite graph as follows.

A bipartite graph Gp(t) = (X,Y, Exy) at time slot ¢ is
constructed, where set X = {v; |v; € V},setY = {ch; |j €
N, 1<k <L;}, the node set of Gp(t) is X UY and the
edge set is Exy. Recall that C(j,¢) is the set of mobile de-
vices covered by AP j at time slot t. For each mobile device
v; € C(j, 1), there is an edge (v;, ch; ;) € Exy between nodes
v; € X and ch;, € Y with weight Autility(v;, t) by Eq. (24)
and 1 <k < L;. A weighted maximum matching Mp(t) in
G p(t) can then be found, corresponding to which mobile de-
vices are chosen for uploading through which APs at time
slot ¢.

Denote by V(t) the set of chosen mobile devices at time
slot ¢, ie., V(t)={v; | vi €V, (v;,chji) € Mp(t)}. For
each model M,, € M, letV,,(t) = V(t) N V,, be the subset of
chosen mobile devices in V,,, at time slot ¢. Denote by M (t) =
{ My, | My, € M, Ui,:,gm L +1 V(') # 0} the set of models
in which at least one source DT of each model M,,, € M(t) has
updated since time slot tAm,l,l, where tAm}l,l is the starting time
slot of the last retraining (or the (I — 1)th retraining) of model
M,, with fm,l_l < t. It can be seen that the upper bound on the
utility gain of the objective function (18) by the updated DT data
from mobile devicesin V'(t) is ), ey ;) Autility(v;, t) at time
slot ¢, as some models may not be chosen for retraining at time
slot .

Assume that the last retraining of model M,,, € M(t) was its
(I — 1)thretraining and starting at time slot fm,l,l. If model M,
is chosen to be trained at time slot ¢ with ¢ > fm,lq + L
(i.e., its [th retraining starts at time slot ¢ with fm,l =t), then its
utility gain Aw,, ; after the retraining is obtained by Eq. (14) and
Eq. (15). An algorithm for choosing mobile devices to update
their DTs at time slot ¢ is given in Algorithm 2.

B. Choosing Service Models for Retraining

Having chosen mobile devices for DT updating, to maximize
the cumulative utility of service models, we now choose service
models for retraining using their updated source DT data, by
exploring a nontrivial trade-off of computing resource consump-
tions between model retraining and inference services, subject
to resource capacities on cloudlets.

Specifically, at each time slot ¢, a subset of mobile devices
is chosen to update their DTs by invoking Algorithm 2 first.
Then, a control policy is developed to choose a subset of service
models for retraining at time slot ¢. Since each chosen model
will incur a certain amount of resource consumption during
its retraining, a certain amount of utility gain will be brought
by each retrained service model as well. Hence, only service
models that can bring positive net gain to the objective function
and utilize the resources efficiently can be chosen for retraining.
To this end, the control policy of model choices makes use of
the ratio of the net utility gain obtained by retraining a service
model to its prolonged resource consumption for its retraining.
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Algorithm 2: Algorithm for Scheduling Mobile Devices for
Uploading Their Update Data at Time Slot ¢.

Input: An MEC network G = (N, F), a given time slot ¢,
DT; of each device v; € V deployed in cloudlet h(DT;),
and a set M of DT-assisted service models placed in
cloudlets.

Output: Choose a subset of mobile devices in V' to upload
their update data, subject to bandwidth capacities on

APs.

I X<+ {v|veV}

20 Y {chjr|je N, 1<k<L;};

3: Exy @;

4: for AP j € N do

5:  for mobile device v; € C(j,t) do

6: Exy < Exy U {(vi,ch‘ﬁk) ‘ 1<k< Lj}

7. end for ;

8: end for ;

9: Construct a bipartite graph Gp(t) = (X,Y, Exy);
10:  Find a weighted maximum matching Mp(t) in Gp(t)

by invoking the Hungarian algorithm;
return A subset V(¢) of mobile devices is derived
from the maximum matching Mp(t) at time slot ¢.

—_
—

The procedure of choosing which models for retraining at each
time slot proceeds iteratively. At each time ¢ € T, a model with
the maximum ratio is chosen for retraining, and this procedure
continues until either all models are chosen, or there is no
adequate resource to host any further model retraining at the
current time slot.

Let Mm% () be the set of models in training by time slot
t, let MP°'(t) be the set of potential models for retraining
at time slot ¢, and let C7°*(¢) be the remaining computing
resource on cloudlet 5 at time slot ¢, excluding the resource
that has been allocated to DTs, model instance placements, and
the current model retraining. Given a model M, € MP!(t)
(= M(t)\ M (1)) with h(M,,) = j, assume that it has been
chosen for retraining at time slot ¢. Let (I — 1) be the index of its
last round retraining, i.e., model M,,, starts its [th retraining with
the start time slot ¢. Then, its retraining will last I,,, ; time slots,
and the utility gain Au,, ; after its retraining can be calculated
by Eq. (9) and Eq. (15), respectively. Let net_gain(M,,,t) be
the net utility gain after the [th retraining of model M,, starting
at time slot ¢ (= tAm’l). Then,

net_gain(Mp,t) = A - (|T] = (¢t + Ly — 1)), (25)

where ¢ + I,,,; — 1 is the time slot at which the [th retrain-
ing of model M, finishes. It can be seen that the value of
net_gain(M,,,t) is not always positive. If the retraining of
model M,,, cannot finish in the end of time horizon T, i.e.,
t + I, — 1 > |T), then the retraining of model M,,, will not
lead to any improvement on its service accuracy.

The ratio r(M,,,t) of the net utility gain of model M,, €
MPO(t) to the cost of resources consumed for its [th retraining
is

net_gain(M,,,t)

M, t) =
( ) comm(M,,,t) + comp(M,,, t)

;o (20)

where comm(M,,, t) and comp(M,,,, t) are defined in Eq. (12)
and Eq. (13), respectively.

IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 18, NO. 4, JULY/AUGUST 2025

C. Online Algorithm

The online algorithm proceeds iteratively. Each iteration cor-
responds to one time slot. Within each time slot ¢t € T, it first
chooses a subset V() C V' of mobile devices for uploading
by invoking Algorithm 2. It then chooses a subset of ser-
vice models in MP°!(¢) for retraining, and a service model
M,,, € MPt(t) is chosen when Model M,,, meets the following
condition:
m= argmax {r(Mp,t)|comp,, <C7*(t), h(My)=7j}.

M, €MPOE (L)
27)

Recall that C7°*(t) is the residual resource of cloudlet j € NV at
time slot . In other words, model M, is assigned to cloudlet j
if cloudlet 5 has adequate computing resource for the retraining
of model M,,,. The detailed online algorithm for the cumulative
utility maximization problem is given in Algorithm 3.

D. Algorithm Analysis

The rest is to analyze an important property of the proposed
online algorithm Algorithm 3, show that the solution de-
livered by Algorithm 3 is feasible, and analyze the time
complexity of the algorithm as follows.

Lemma 1: For Algorithm 3, given a time slot t €
T, if the residual computing resource in a cloudlet meets
the amount of computing resource demanded by model
M,, € M(t)\M! %" (¢) for its retraining at time slot ¢ and
net_gain(M,,,t) > 0, then model M,,, can be chosen for re-
training at the time slot; otherwise, model M,,, will not be chosen
for retraining in the rest of any time slot ¢ € T with ¢’ > ¢.

Proof: As Au,y,; is non-negative by Eq. (14) and Eq. (15),
net_gain(M,,,t) < 0implies that I,,, ; > |T| — ¢ + 1. In other
words, if model M, is chosen for retraining at time slot ¢ with
net_gain(M,,,t) <0, its retraining cannot finish in the end
of time horizon T. Consequently, there is no improvement on
service accuracy of M, by this retraining.

Theorem 3: Given an MEC network G = (N, E), a given
time horizon T, a set V' of mobile devices under the coverages
of APsin IV, and a set M of service models, assuming that both
DTs and service models have been placed into cloudlets already,
there is an online algorithm Algorithm 3 for the cumula-
tive utility maximization problem that delivers a feasible solu-
tion, and the algorithm takes O((|V| + |N| - Liax)® + | M| -
log | M]) time at each time slot, where Ly,ax = max{L; | j €
N}
Proof: The set of mobile devices chosen for their DT up-
dating at each time slot ¢ by Algorithm 3 is feasible, due
to the fact that at most one edge in Mp(t) is incident to each
mobile device v; € V, i.e., v; is allocated to an AP within its
transmission range via the construction of G g (t). Also, at most
L ; mobile devices under the coverage of AP j € N are chosen
to upload via AP j at each time slot ¢. Since there are exactly
L; corresponding nodes in Gp(t), the endpoints of at most
L; matched edges in Mp(t) are these nodes. Thus, no more
than L; devices under the coverage of AP j are chosen for
uploading at time slot ¢. The total weight of all edges in Mp(t)
is the maximum one, i.e., the cumulative utility gain obtained
by the chosen mobile devices at time slot ¢ is the maximum
one. Meanwhile, at each time slot ¢, choosing a service model
for retraining by Algorithm 3 takes into account both the
net utility gain and the amount of resource consumed by the
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Algorithm 3: Online Algorithm for the Cumulative Ultility
Maximization Problem.

Input: An MEC network G = (NN, E)), a time horizon T, a set V'
of mobile devices with DT, of each v; € V having been placed
in a cloudlet h(DT;), a set M of service models with each
model M,, having been deployed in the cloudlet h(M,,,) by
invoking Algorithm 1.

Output: A subset M!"%i"(¢) of models in M for retraining at
each time slot ¢, using their updated source DT data.

1: P <« 0; / the solution of the problem x*/

2: for each model M,, € M do

3 I < 0; /% index of the last retraining of M, */

4 gy, 05 Lg, 4 03 Uy, < 03 2y, (0) < 05

5: end for ;

6:  M(0) + 0; MPH(0) «+ 0; M (0) «+ 0;

7. for each cloudlet j € N do

8 Identify the amount C7** of remaining resource on
cloudlet j after DT and model placements;

9: C7e°(0) < C7°*;

10:  end for ;

11: ¢t <+ 1;

12: whilet < |T| do

13: Choose a subset V'(¢) of mobile devices for DT updating at
time slot ¢ by invoking Algorithm 2;

14: Obtain a subset M (t) of models, where at least one source
DT of each model M,,, € M(t) has been updated since its
last retraining;

15:  for each model M,,, € M (¢ — 1) do

16: if t — 1 is its last time slot for retraining then
17: Mtrain(t) — Mtrain(t _ 1) \ {Mm}’
18: J = h(Mp,); C7eo(t) <= C7e*(t — 1) + comppn;
19: U () = Uy (E — 1) + Aty g,

20: else

21: U (8) = U (t — 1);

22: end if ;

23: end for ;

24:  for each model M,, € M\M' " (t — 1) do
25: U (£) — upm (t — 1);

26: end for

27: MPO(t) <= M(t) \ M7 (t);
28:  for each model M,, € MP°!(t) do

29: Calculate r(M,,, t) of model M, by assuming that time
slot ¢ is the start time slot of the ({,,, + 1)th retraining of
model M,,;

30: end for ;

31:  Sort all potential retraining models in MP°*(¢) in a

decreasing order of (M, t) of each model M,,,;

32: for each model M, in the sorted sequence do

33: if cloudlet j = h(M,,) with residual computing resource
C;ES(t) > comp,, then

34: Choose model M, for retraining at time slot ¢;

35: L = Lo + 13 gy, 8

36: Calculate 1,,, 1, » Aty 1, a0d Uy, 1,5

37: Mt'rain(t) — Mt'rain(t) U {Mm},

38: MPOE(E) +— MPOt(E)\ {M,, };

39: C7e3(t) «= C7e°(t) — compyy;

40: end if ;

41: end for ;

42: P« PU{V (), Mtrain(t), 1)},
43: t—1t+1;

44: end while ;

45:  returnSolution P.

model retraining, provided that the computing resource capacity
on each cloudlet will not be violated. Therefore, the solution
delivered by Algorithm 3 is feasible.

The time complexity of Algorithm3 is analyzed as follows.
Recall that all service models have already been deployed into
cloudlets. At each time slot ¢, Algorithm 3 schedules mobile
devices to upload by invoking Algorithm 2 through an aux-
iliary bipartite graph G (t). The construction of G5 (t) takes
O((Lmax - |N|-|V])?) time because G5(t) contains no more
than (Lmax - [N+ |V|) nodes and (Lmax - |N|-|V|) edges,
and its edge weight assignment takes O(|N|?) time, due to
finding all pairs of shortest paths in G. Finding a weighted max-
imum matching in G5 then takes O((Lyayx - |N| + |V])?) time
by the Hungarian algorithm. Algorithm 2 for mobile device
uploading at each time slot thus takes O((Lyax - |N| + [V])?)
time. Then, Algorithm 3 chooses service models in M for
retraining at time slot ¢, which takes O(|] M| - log | M) time for
calculating r(M,,,, t) for each model M,,, and sorting all models
in a decreasing order of their value of r(M,,,t). Algorithm 3
then takes O(|.M|) time for choosing service models for retrain-
ing at each time slot ¢, subject to computing capacity on each
cloudlet. Algorithm 3 thus takes O((|V| + |N| - Liax)® +
M| -log |M|) time for jointly choosing mobile devices for
uploading and service models for retraining at each time slot
t € T. The theorem then follows.

VI. PERFORMANCE EVALUATION

In this section, we evaluated the performance of the proposed
algorithms for the two defined problems through simulations.
Also, we studied impacts of important parameters on the perfor-
mance of the proposed algorithms.

A. Experimental Environment Settings

Consider an MEC network G = (N, E)) generated by GT-
ITM [4], where the number |N| of APs is set as 50. The
bandwidth capacity on each AP is randomly drawn in [5,
20] MHz [10], [21], and the bandwidth allocation to mobile de-
vices under the coverage of an AP is performed by the OFDMA
scheme, assuming that the number of sub-channels on each AP
is randomly drawn between 5 and 10. The computing capacity
on the cloudlet co-located with an AP is randomly drawn in
[2,000,4,000] MHz [28], and the cost of unit computing resource
consumption on a cloudlet is randomly drawn within [0.015,
0.025]% [30]. The amount of computing resource demanded
by deploying a model instance is randomly drawn in [100,
200] MHz [13]. The amount of computing resource needed by
a service model for its retraining is randomly drawn in [400,
600] MHz. The transmission delay by transmitting 1 MB data
along a link is within [0.2, 1] ms [8], and the transmission cost
of transmitting 1 MB data along a link varies from 0.01$to
0.04$ randomly [28]. There are 2,000 mobile devices in the
network. The transmission power of each mobile device is
randomly drawn from 10 dBm to 20 dBm [14]. The volume of
update data of a mobile device is randomly drawn in [1,5] MB,
and the compression ratio £ of the update data after merging
with its DT data is 0.5. The data processing rate of a DT is
randomly drawn in [10,20] MB per ms [28]. The retraining rate
of a model is randomly drawn in [10,15] MB per millisecond.
Assuming that there are 500 service models, the number of
DT sources of a service model varies from 10 to 20 randomly.
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Fig. 3.

A sub-modular non-decreasing function f(x) = logs(x + 1) in
Eq. (14) is adopted to measure the fidelity contribution of update
data of a mobile device v; to model M,,, and the weight w; ,,
of mobile device v; € Vp, to model M,, is set to w; ,, = ﬁ in
the default setting [11]. The time horizon contains 30 time slots
with each lasting 50 ms. The ILP formulation is solved by the
IBM ILOG CPLEX Optimizer [6].

We referred to Algorithm 1 for the model instance place-
ment problem as Algorithm 1, and evaluated its perfor-
mance against the following four benchmarks. (1) The ILP solu-
tion in (20) that will deliver an optimal solution to the problem
when the problem size is small, otherwise its running time is
prohibitively high. (2) The LP solution is the linear relaxation
of the ILP, which delivers a lower bound on the optimal ILP
solution (for a minimization problem) in polynomial time. (3)
Heu.1l deploys each model M, into a cloudlet j € N with
sufficient remaining computing resource and the least expected
model placement cost cost(M,,, j) greedily. (4) Heu. 2 places
service models one by one greedily. For each model, choose
a cloudlet with sufficient computing resource for it so that the
expected model placement cost is the minimum one. Among all
pairs of yet-to-placed models and cloudlets, Heu. 2 chooses a
pair with the minimum expected placement cost. This procedure
continues until all models are deployed. As Algorithm 1
delivers an optimal solution to the problem at the expense of
moderate resource violations on cloudlets, we set the computing
resource budget %Cj on each cloudlet ;7 for model instance
placements in the default setting.

We referred to Algorithm 3 for the cumulative utility max-
imization problem as Algorithm 3, and evaluated its per-
formance against the following two benchmarks. Online. 1:
At each time slot ¢, it always chooses a mobile device v; with
the largest Autility(v;,t) for uploading greedily. For a mobile
device that is covered by multiple APs, it is assigned to the
AP with the largest number of unassigned sub-channels at that
moment. This procedure continues until no more sub-channels
can be allocated to mobile devices. It then greedily chooses
models for retraining based on their utility gain after retraining,
where for each chosen model, at least one of its source DT data
has been updated since the last retraining. Online. 2: At each
time slot ¢, each AP j first chooses up to L ; mobile devices under
its coverage randomly to upload their update data. It then chooses
a subset of models for retraining the same way as Online. 2.

The value in each figure is the average of the results delivered
by each algorithm in 30 different MEC network topological
instances with the same network size, and the running time of

Network size

(b) Running time

0.50 1 '
N g E
0.00 -+

00 250

50 100 150 2
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150 200 250

(c) Resource violation ratio of A1g. 1

Performance of different comparison algorithms for the model instance placement problem.

each algorithm is obtained by a desktop equipped with 64 GB
RAM and an Intel 8 Core i7 CPU operating at 3.60 GHz. The
above default settings will be adopted unless otherwise specified.

B. Performance Evaluation of Algorithms for the Model
Instance Placement Problem

We first evaluated the performance of Algorithm 1 forthe
model instance placement problem, against those of the ILP, the
LP, Heu.1,andHeu. 2 by varying the number of cloudlets from
50 to 250. Fig. 3 plots the performance and running time curves
of the mentioned comparison algorithms, and the computing
resource violation ratio by Algorithm 1. It can be seen from
Fig. 3(a) that the performance curves of the ILP, the LP, and
Algorithm 1 are almost identical when the problem size is
no greater than 100. We conducted the ILP solution only when
the network size is set as 50 and 100, because its running time
becomes quite long with a large problem size. This indicates
that the solution delivered by Algorithm 1 is the optimal,
however, this is achieved at the expense of resource capacity
violations as shown in Fig. 3(c). Fig. 3(a) indicates that the
cost delivered by Algorithm 1 is 94.4% of that delivered
by Heu.1, and 91.8% of that delivered by Heu.2 when the
network size is set at 50. While the network size is 250, the cost
delivered by Algorithm 1 is nearly 97.9% of that delivered
by Heu.1, and 96.8% of that delivered by Heu. 2. It shows
that Algorithm 1 can utilize resource efficiently when the
resource is scarce. It can also be seen from Fig. 3(b) that the
ILP takes the longest running time, and its running time is pro-
hibitively high when the problem size is no less than 100, while
the running times of Algorithm 1 andthe LP are comparable.
Notice that the solution delivered by the LP is infeasible in most
cases as it serves as an ideal benchmark for the performance of
Algorithm 1.Itisnoted that Algorithm 1 takesalonger
running time than those of Heu .1 and Heu. 2. Fig. 3(c) plots
resource violation ratios of by Algorithm 1. It can be seen
from Fig. 3(c) that there are moderate resource violations on
a small number of cloudlets. With the increase on the network
size, the violation ratio decreases, because more resources are
available. Furthermore, there is no resource violation when the
network size | N| reaches 200.

We studied the impact of the number | M| of service models
on the performance of Algorithm 1, by varying its value
from 400 to 600 when the network size is fixed at 50. It is
observed from Fig. 4(a) that Algorithm 1 with |[M| =400
outperforms itself with |[M| = 600 by 34.1%, and its running
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We then evaluated the performance of Algorithm 3 forthe Fig. 7. Impact of the number [V| of mobile devices on the performance of

cumulative utility maximization problem against Online.1
and Online. 2, by varying the network size from 50 to 250.
Fig. 5 shows the performance and running time curves of the
three comparison algorithms. It can be seen from Fig. 5(a)
that Algorithm 3 outperforms Online.1 by 19.1%, and
outperforms Online.2 by 26.9% when the network size is
set at 50. When the network size is set at 250, the cumulative
utilities delivered by Online.1 and Online.2 are 95.8%
and 92.5% of the one by Algorithm 3, respectively. The
reason behindisthat Algorithm 3 canutilize communication
resource efficiently when the resource is scarce. It can also
be seen from Fig. 5(b) that Algorithm 3 takes the longest
running time among the comparison algorithms.

D. Impacts of Parameters on the Performance of the Proposed
Online Algorithm

Finally, we studied impacts of important parameters on the
performance of Algorithm 3. We considered the impact of
the number | M| of models on the performance of Algorithm
3 by varying | M| from 400 to 600. It is observed from Fig. 6(a)
that the performance of Algorithm 3 with M| = 400isonly
68.9% of itself with | M| = 600, when the network size is set at
250. The running time of Algorithm 3 is shown in Fig. 6(b).

We also studied the impact of the number |V| of mobile
devices on the performance of Algorithm 3, by varying it

Algorithm 3.

from 1,500 to 2,500. As shown in Fig. 7(a), the performance
of Algorithm 3 when |V| = 1,500 outperforms itself when
|V| = 2,500 by 9.6%, when the network size is set at 250. It can
be seen from Fig. 7(b) that the running time of Algorithm 3
grows with the number of mobile devices.

VII. CONCLUSION

In this paper, we studied fidelity-aware inference service
provisioning in a DT-assisted MEC network, through jointly
choosing mobile devices to upload and scheduling service mod-
els to train using the updated data at each time slot over a given
time horizon. To this end, we first considered the service model
instance placement problem with the aim of minimizing the
placement cost, and formulated an ILP solution to it when the
problem size is small; otherwise we devised an approximation
algorithm to the problem. We then investigated the cumulative
utility maximization problem over a given time horizon, and de-
veloped an efficient online algorithm for it. We finally evaluated
the performance of the proposed algorithms via simulations.
Simulation results demonstrate that the proposed algorithms are
promising and outperform the mentioned benchmarks.
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