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Abstract—Digital twin (DT) is envisioned not only to perform the
high-fidelity virtual representation of its corresponding physical
entity (PE), but also to serve as an active agent delivering diverse
types of sophisticated services. This paper studies an end-edge-
cloud collaborative DT placement and update framework. Specif-
ically, we consider that DTs are dynamically placed across edge
servers (ESs) via migration following their paired PEs’ potential
mobility, while being supported by real-time data fetched from the
cloud center and user ends. On top of this, we emphasize a unique
feature that DTs should also be continually updated capturing the
uncertain evolutions for both personalized service ability improve-
ment and versatile service ability maintenance, where the person-
alization is improved by utilizing the experiential knowledge from
the cloud center and their corresponding PEs, and the versatility
is maintained by integrating pre-stored profiles. To maximize the
long-term system-wide average weighted quality-of-service (QoS)
in handling all types of PEs’ service requests under the stringent
system cost constraint, we formulate an online problem to jointly
optimize DT migrations, service priorities towards various request
types, and all related DT updating strategies. To address underlying
difficulties, we propose a novel adversarial bandit learning assisted
online optimization approach, called ARBOK. We first leverage
the Lyapunov decomposition method to transform the long-term
problem into multiple instant ones, each of which is further decou-
pled into two correlated subproblems. For solving one subproblem
with a bilinear structure, we develop a McCormick envelopes based
algorithm (MO-EL). Besides, we design an extended adversarial
combinatorial multi-armed bandit algorithm (AC-BL) to tackle
the other subproblem, which constructs a super arm set to resolve
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the issue of excessively large decision space and employs a robust
scheme to handle the inherent uncertainty and non-stationarity
in each super arm’s loss function. We integrate both algorithms
seamlessly into ARBOK and alternately execute them till the con-
vergence. Theoretical analysis and extensive simulations show the
effectiveness of the introduced dynamic DT placement and contin-
ual update framework, demonstrating that ARBOK can converge
to the asymptotic optimum within a polynomial-time complexity
while outperforming counterparts.

Index Terms—Digital twin, end-edge-cloud collaboration, dy-
namic placement, continual update, adversarial bandit learning,
online optimization.

I. INTRODUCTION

D IGITAL twin (DT), as an instance, refers to the high-
fidelity, dedicated virtual model of a physical entity (PE),

such as a vehicle in intelligent transportation, a patient in smart
healthcare, which establishes and sustains precise one-to-one
mapping and synchronization between physical and digital
spaces [1]. Beyond merely serving as a passive data mirror,
DT is also expected to become an active agent providing the
delegated task-execution or autonomous acting services for its
corresponding PE [2], [3]. These services commonly require
sophisticated reasoning and decision-making capabilities for
high quality-of-service (QoS) outcomes, and thus DT should
be naturally empowered by advanced artificial intelligence (AI)
techniques, e.g., deep neural networks and large language mod-
els, fulfilling PE’s heterogeneous requests [4], [5].

The end-edge-cloud collaboration offers a promising
paradigm for the cost-efficient and timely DT deployment,
wherein DTs can be dynamically placed at different edge servers
(ESs) via migration in accordance with PEs’ potential mobility
and access handover, while being supported by real-time col-
lected data from both user ends and the cloud center [6], [7].
It is worth noting that, different from conventional service
applications that are commonly pre-configured and remain rel-
atively unchanged [8], [9], [10], each DT, serving as the virtual
counterpart, must be continually updated whenever the status of
its corresponding PE evolves due to either internal or external
influences. Failing to do so will reduce the DT’s effectiveness,
making it useless or even misleading. For example, if a patient’s
DT is outdated, any diagnosis relying on it may lead to incorrect
prescriptions or dangerous delays in critical care [11], [12].
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Although several pioneering works have studied similar issues,
all of them predominantly conceptualize DTs as specialized
service providers with monolithic functions, focusing solely on
personalized adaptions [13], [14], [15]. However, in practice, an
associated DT may serve its PE with a stochastic flow of multiple
types of sophisticated service requests, each of which has distinct
performance criteria [1], [16], requiring continual updates not
only for the personalized service ability improvement but also
for the versatile service ability maintenance. Particularly, in
healthcare, DT should simultaneously provide various medical
services, such as remote physiological monitoring, predictive
risk assessment and customized diagnostic testing, while ad-
justing their priorities on the fly according to its patient’s con-
ditions [17].

To achieve the above goals, it is necessary to determine the
target ESs for dynamic DT placement, along with the strategies
for the follow-up DT update. Specifically, for improving each
DT’s personalization, the experiential knowledge of dealing
with a chosen type of service requests should be utilized as the
input to adaptively tune its model. Such experiential knowledge
includes both historical training data from the cloud center (as
the offline experience), and the up-to-date status data from its
corresponding PE (as the newly injected contextual informa-
tion). Meanwhile, for maintaining each DT’s versatility, the
profile in tackling every type of service requests should be built,
recorded and later selected to integrate into the DT updating
process. These profiles are supposed to be cached/preserved
on designated ESs, each of which encapsulates the current
ability of addressing one type of service requests. Clearly, all
aforementioned procedures have to be jointly optimized, yet it
is significantly challenging due to the following reasons.

1) The introduced DT placement and update are tightly cou-
pled, which cannot be optimized sequentially. In particu-
lar, the DT placement affects the resource availability for
the DT update, and conversely, the long-term overhead of
future DT updates should be taken into account for the
DT placement. Moreover, since corresponding PEs may
experience uncertain access handover due to the random
mobility [9], and suffer from evolving status induced by
unpredictable service preferences [6], all included deci-
sions must be made dynamically over time. In general,
these time-varying decisions concern the placement of
DTs across ESs via migration, and their updates through
knowledge selection and profile management assisted by
the end-edge-cloud collaboration to uphold both person-
alized and versatile service capabilities. Obviously, an
online optimization approach is imperative for support-
ing such a dynamic DT placement and continual update
framework.

2) The DT update further involves two interrelated aspects,
i.e., personalized service ability improvement and versa-
tile service ability maintenance. Naturally, owing to model
limitations, improving a DT’s personalization inevitably
degrades its versatility, while overemphasizing a DT’s ver-
satility in turn restricts its personalization [18]. Therefore,
we have to flexibly balance them by carefully regulating
the service priorities of DTs in tackling different types of

service requests, driving DTs to be continually updated
on-demand. However, these service priorities depend not
only on the uncertainly-changing subjective preferences
of PEs but also on the decision-related objective QoS
performances produced by their DTs, lacking a closed-
form relationship [19]. Even by knowing the above two
factors, these service priorities can hardly be obtained
because they are in fact unobservable environment param-
eter, which cannot be revealed as explicit observations by
traditional learning algorithms [20], [21]. This calls for an
advanced online learning algorithm that can operate under
the implicit decision feedback while being compatible
with the online optimization solution.

In this paper, we investigate the dynamic DT placement and
continual update framework over an end-edge-cloud collabo-
rative networking system. We aim to maximize the long-term
system-wide average weighted QoS in handling all types of
PEs’ service requests, while constraining the resulted system
cost. We formulate a complicated online joint optimization
problem to determine the placement/migration of DTs on ESs,
the selection of experiential knowledge for updating the person-
alized service ability, the caching/preservation of DT profiles,
and the integration of profiles for updating the versatile service
ability, while simultaneously learning the service priority of each
request type on each DT, in every defined time slot. To this end,
we develop a novel adversarial bandit learning assisted online
optimization approach, called ARBOK. We first decompose the
formulated long-term problem into a series of instant ones by
applying the Lyapunov decomposition method. Then, we decou-
ple each instant problem into two correlated subproblems based
on the observation that DT placement/migration and profile
caching/preservation are prerequisites for other decisions. For
the subproblem regarding DT placement and profile caching,
which exhibits a bilinear structure, we design a McCormick
envelopes based algorithm (MO-EL). For the subproblem with
respect to service priority inference, experiential knowledge
selection and profile integration for the DT update, we devise an
adversarial combinatorial bandit learning algorithm (AC-BL),
that simultaneously infers the latent control variable, i.e., the
service priority of each type of requests, and refines the estimated
loss by adjusting all the rest of variables, thereby obtaining
the near-optimal outcome. By solving one subproblem with the
given solution of the other, MO-EL and AC-BL are integrated
into ARBOK and executed alternately till convergence.

The key contributions of this paper are outlined below.
� To the best of our knowledge, we are the first to study

the DT deployment in end-edge-cloud collaboration by
dynamic DT placement and continual update. We formu-
late an online optimization problem that jointly determines
DT placement via migration and DT update with both
personalized service ability improvement and versatile ser-
vice ability maintenance, with the goal of maximizing the
long-term system-wide average weighted QoS in tackling
all types of PEs’ service requests.

� We propose ARBOK as the solution approach, which first
conducts the Lyapunov decomposition, and then alter-
nately leverages MO-EL and AC-BL algorithms till the
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TABLE I
COMPARISON BETWEEN OUR WORK AND SOME EXISTING REPRESENTATIVE WORKS

convergence. Aiding by the adversarial bandit learning,
this approach not only addresses the formulated problem
in an online manner but also well handles the implicit deci-
sion feedback stemming from unobservable environment
parameters.

� We theoretically analyze the proposed ARBOK approach
by rigorously showing its convergence, optimality gap and
computational complexity. Furthermore, extensive simu-
lations illustrate the effectiveness of the introduced dy-
namic DT placement and continual update framework, and
demonstrate the superiority of the optimization solution,
i.e., ARBOK, compared to counterparts.

The rest of this paper is organized as follows. Section II re-
views the related work and highlights the novelties of this paper.
Section III describes the considered system model, and formu-
lates the corresponding optimization problem. In Section IV,
the ARBOK approach is proposed and analyzed. Simulation
results are presented in Section V, followed by the conclusion
in Section VI.

II. RELATED WORK

As a key enabler of the ongoing digital transformation, the ad-
vanced AI empowered DT has shown great potential in a diverse
spectrum of critical fields, such as agriculture, healthcare, and
manufacturing. For example, Ghandar et al. in [22] constructed
a DT of an aquaponics system upon the decision tree based
machine learning algorithm to predict the growth rate of fishes
and plants. Nakao et al. in [23] built a DT of the patient’s thorax
integrating the autoencoding generative adversarial network to
achieve efficient and accurate disease diagnosis. As reported
in [16], NVIDIA developed a DT platform for the production line
of the BMW group, providing a smart toolkit to realize complex
workshop services, such as autonomous defect detection and
robotic arm trajectory planning. However, all these works con-
sidered a centralized DT deployment framework solely relying
on the cloud center.

Recently, some researchers have shifted their attentions to
the end-edge-cloud collaborative DT deployment. For instance,
Zhang et al. in [24] proposed an actor-critic based deep re-
inforcement learning algorithm to dynamically migrate DTs

with the assistance of edge and cloud computing, aiming to
minimize the total service cost. Mou et al. in [25] formulated an
optimization problem for vehicular DTs’ migration across ESs,
which was then solved by an off-policy driven reinforcement
learning algorithm. Nevertheless, both of them focused on the
placement of DTs only, whereas ignoring that DTs should also
be timely updated to synchronize with the status variations of
their corresponding PEs. To this end, some preliminary works
have explored the DT update on top of the DT placement.
For example, Jiang et al. in [13] leveraged an iterative double
auction-based federated learning approach for updating DTs
over a distributed network given the known DT placement.
In [26], Chen et al. designed a multi-agent reinforcement learn-
ing algorithm to jointly optimize DT placement together with the
DT update, targeting to minimize the PE-DT synchronization
delay. However, most of existing works treated the DT as a
simple virtual mirror, overlooking its role as an active agent
that can assist its PE to concurrently handle diverse types of
service requests while balancing personalization and versatility
on-demand.

Numerous research efforts have been devoted to studying the
online optimization solutions, which may possibly be applied
for the dynamic DT placement and continual update in the
end-edge-cloud collaboration. For example, Chen et al. in [27]
introduced a contextual bandit learning algorithm, utilizing the
upper confidence bound method to dynamically adjust strategies
based on the decision feedback. In [9], Shi et al. proposed a
two-timescale Lyapunov-based online optimization algorithm,
which first transformed the long-term problem into multiple
instant ones, and then applied a Lagrangian-based method
to optimize each decomposed convex problem. Moreover, a
Follow-the-Perturbed-Leader algorithm was designed in [28]
that employed a conditional geometric resampling scheme using
the observed loss on different decisions. However, none of
them can address our formulated problem, which contains an
unobservable environment parameter, rendering the objective
unattainable and its decision feedback implicit.

In summary, as shown in Table I, this work differs from the ex-
isting literature in the following aspects:: i) we propose a tailored
dynamic DT placement and continual update framework, taking
into account both personalized service ability improvement

Authorized licensed use limited to: NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS. Downloaded on August 07,2026 at 07:49:33 UTC from IEEE Xplore.  Restrictions apply. 



YANG et al.: ADVERSARIAL BANDIT LEARNING ASSISTED ONLINE OPTIMIZATION FOR DIGITAL TWIN PLACEMENT 14039

Fig. 1. The framework of dynamic DT placement and continual update in the
end-edge-cloud collaboration.

and versatile service ability maintenance; and ii) we develop
ARBOK, a novel adversarial bandit learning assisted online
optimization approach that incorporates an extended adversarial
multi-armed bandit (MAB) algorithm into a Lyapunov-based
online optimization solution, enabling the stable operation under
implicit decision feedback, so as to achieve the near-optimal
long-term system performance.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first present a system overview on how DTs
are dynamically placed and continually updated over an end-
edge-cloud collaborative networking system. Then, we describe
the dynamic DT placement via migration and the continual DT
update by personalized service ability improvement along with
the versatile service ability maintenance are described. After
that, aiming to maximize the overall QoS in tackling all types
of different PEs’ service requests by their associated DTs, we
formulate an online optimization problem.

A. System Overview

Consider the DT deployment over an end-edge-cloud collabo-
rative networking system, as shown in Fig. 1, consisting of a set
of PEs denoted as N with |N | = N , multiple geographically
distributed ESs in set M with |M| = M , and a cloud center
acting as the central controller. PEs (roaming around) generate
streams of heterogeneous and sophisticated service requests1

in different types from set K with |K| = K, requiring to be
processed by their associated DTs [2]. Here, each DT represents
the digital avatar of a certain PE empowered by a complex AI
model with full-fledged service capability, which can tackle
all types of its corresponding PE’s service requests [16]. To

1These service requests (e.g., customized surgery planning, immersive inter-
action with industrial robot and virtual training of autonomous driving strategy)
demand the support of high-fidelity simulation platforms, which have to be
solved by DT-based solutions [12].

provide agile and cost-effective responses, DTs are required
to be deployed on ESs, supporting by real-time collected data
from both PEs and the cloud center. Since PEs and DTs are
naturally one-to-one paired, we can denote the set of DTs as
the same as PEs, i.e., N . Due to the random mobility, each PE
may switch its wireless access from one ES to another [6], [29].
Triggered by this, after the initial construction, DTs should be
dynamically placed on various ESs via migration. Note that one
ES is allowed to simultaneously host multiple DTs of different
PEs. To depict the system dynamics, we define that the timeline
is segmented into T ∈ N

+ fine-grained time slots, and denote
t ∈ T = {1, 2, . . . , T} as the index of the t-th time slot.

Besides the dynamic placement via migration, each DT n ∈
N is also expected to be continually updated on a slot-by-slot
basis, for meeting the ever-changing personalized service de-
mand of its corresponding PE while balancing its service capa-
bility in dealing with different types of the randomly generated
service requests. This is because, in practice, each PE may
have distinct service preferences/weights towards different types
of its requests, denoted by πn,k(t), ∀n ∈ N , ∀k ∈ K, ∀t ∈ T ,
which is closely related to its traits and characteristics [30].
Such preferences can even be time-varying, leading to uncertain
evolutions of service priorities required for its associated DT in
handling different service requests. To describe this key enabler
of the continual DT update, we further introduce ωn,k(t) to
denote the priority of service request type k ∈ K on DT n ∈ N
in time slot t ∈ T . It is worth noting that ωn,k(t) cannot be
predetermined solely based on πn,k(t) but instead has to be
dynamically revealed coupled with the continual DT updating
process, depending on both the subjective preferences of PEs
and the objective QoS performances produced by their DTs,
denoted by Qn,k(t), ∀n ∈ N , ∀k ∈ K, ∀t ∈ T . In other words,
the determination of ωn,k(t) should consider not only to satisfy
service preferences of the PE but also to address fluctuations
(particularly starvations/saturations) of the QoS provided by its
associated DT to sustain the versatile capability2. Moreover,
since these two factors may exert intricate and subtle mutual
impacts in reality, ωn,k(t), ∀n ∈ N , ∀k ∈ K, ∀t ∈ T cannot be
given by an explicit function in advance, but instead should be
learned in an online manner [33].

Motivated by the above, as illustrated in Fig. 2, the contin-
ual update of each DT can be divided into two main aspects,
i.e., personalized service ability improvement and versatile ser-
vice ability maintenance [34], [35]. The personalized service
ability of each DT n ∈ N can be improved by utilizing the
experiential knowledge with a selected service type k ∈ K
of the corresponding PE. Such experiential knowledge includes
the generic historical training data from the cloud center and
the personalized status data from its corresponding PE, all
aggregated at ESm ∈ M. As a consequence of the personalized
service ability improvement, the versatile service ability of DT

2In fact, this setting has been widely adopted in various applications. For
instance, in queueing systems with dynamic priorities, the service priority of
each customer in the buffer is adjusted according to its delay sensitivity (similar
to PE’s preference) and queue waiting delay (similar to the QoS performance
produced by the DT) [31], [32].
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Fig. 2. An illustration of the continual DT update. Particularly, in each time slot
t ∈ T , we first input the newly collected experiential knowledge and integrate the
previously cached profile for updating DTs. After that, we preserve the profiles
of service request types and cache them on different ESs with sufficient caching
resources.

n ∈ N is naturally biased over the time3, and thus has to be
maintained by timely integrating the chosen profile of the DT
in tackling specific type of service request in the updating
process, where each profile records the current service ability
for a particular type of service requests from its PE [18]. All
profiles are automatically produced in accompany with the DT
and cached on the designated ESs for preservation. In each time
slot, DT n ∈ N can then integrate one profile selected from the
cache of its deployed ES m ∈ M into the updating process for
versatile service ability maintenance.

In summary, we aim to maximize the long-term overall QoS
in processing all types of different PEs’ service requests by their
associated DTs, while reducing the system cost arising from
the aforementioned dynamic DT placement and continual DT
update. Particularly, in each time slot t, we aim to determine i)
which DT should be placed on which ES via migration, ii) which
type of experiential knowledge should be fetched for improving
the personalized service ability of each DT, iii) which DT profile
should be preserved and cached on which ES, and iv) which
profile should be integrated for maintaining the versatile service
ability of each DT. For convenience, all important notations in
this paper are listed in Table II.

B. DT Placement via Migration

Since PEs are mobile, each associated DT should be timely
migrated from its corresponding PE’s previously accessed ES
in time slot t− 1 ∈ T to another ES that the PE newly switches
its access in time slot t ∈ T . Denote an,m(t) ∈ {0, 1} as the
DT placement decision indicating whether DT n ∈ N is de-
termined to be placed on ES m ∈ M in each time slot t ∈ T ,

3This is because each DT can only be mostly skillful in handling a few types
of service requests at the same time due to model limitations, while its service
ability for other types of requests (especially rare ones) will be gradually forgot
after multiple rounds of updating process [18].

TABLE II
IMPORTANT NOTATIONS IN THIS PAPER

i.e., an,m(t) = 1 if DT n is placed on ES m in time slot t,
and an,m(t) = 0 otherwise. Note that DT n ∈ N can only be
placed on one ES simultaneously, i.e.,

∑
m∈M an,m(t) = 1,

because placing multiple redundant copies of each DT is al-
ways resource-exhausted [9]. For each DT n ∈ N , we define
Dmdl

n (t) as its current model size in time slot t ∈ T . Then, the
transmission cost of placing DT n ∈ N by migrating its model
from ES m′ accessed in time slot t− 1 to ES m accessed in time
slot t can be expressed as

Cpl
n (t) =

∑
m∈M

∑
m′∈M

an,m′(t− 1)an,m(t)
Dmdl

n (t)

rm′,m
pm′ , (1)

where rm′,m stands for the transmission rate from ES m′ to ES
m via a fiber link [36], and pm′ is the transmission cost per unit
time of ES m′ (e.g., power consumption [8]).

C. DT Update by Personalized Ability Improvement

The personalized service ability improvement of each DT
n ∈ N can be done by updating its model in each time slot
t ∈ T with the aggregated experiential knowledge of a certain
service request type, including the generic historical training
data downloaded from the cloud center and the real-time status
data fetched from the corresponding PE. Let un,k(t) ∈ {0, 1}
be a decision indicating whether the experiential knowledge of
service request type k ∈ K is chosen to be collected for updating
the personalization of DT n ∈ N in time slot t ∈ T .

By defining Dtr
k (t) as the size of generic historical training

data of service request type k ∈ K at the cloud center, the
transmission cost of downloading such training data can be
obtained as

Cdl
n (t) =

∑
m∈M

∑
k∈K

an,m(t)
un,k(t)D

tr
k (t)

rc,m
pc, (2)
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where rc,m and pc stands for the downlink transmission rate and
the transmission cost per unit time via a fiber link from the cloud
center to ES m ∈ M, respectively.

Meanwhile, letDp
n,k(t)be the real-time status data size related

to service request in type k ∈ K of PE n ∈ N in time slot t ∈
T . Then, the transmission cost of fetching this status data for
updating DT n ∈ N from its corresponding PE can be written
as

Cul
n (t) =

∑
m∈M

∑
k∈K

an,m(t)
un,k(t)D

p
n,k(t)

rn,m(t)
pn, (3)

where pn is the transmission cost per unit time of PE n,
and rn,m(t) represents the wireless transmission rate from PE
n to ES m. To measure rn,m(t), we define the location of
PE n ∈ N as (xn(t), yn(t)), and let (xm, ym) be the fixed
location of each ES m ∈ M. The distance between any PE
n ∈ N and ES m ∈ M can then be calculated as Sn,m(t) =√
(xn(t)− xm)2 + (yn(t)− ym)2, and based on the Shannon-

Hartley formula [37], the transmission rate from PE n ∈ N to
its accessed ES m ∈ M is expressed as

rn,m(t) = bn,m(t) log

(
1 +

(Sn,m(t))−θpn|hn,m(t)|2
N0bn,m(t)

)
,

(4)

where bn,m(t) ∈ (0, 1] is the communication resource allocated
to PE n ∈ N in time slot t ∈ T , hn,m(t) captures the Rayleigh
fading effect and follows an exponential distribution with a unity
mean, N0 is the spectral density of the channel noise power, pn
is the transmission power of PE n, and θ ≥ 2 is the path loss
exponent [38], [39].

Having this experiential knowledge (i.e., generic historical
training data from the cloud center and real-time status data from
the corresponding PE), each DT n ∈ N is updated by tuning its
model in each time slot t ∈ T . This results in a computation cost
is calculated as [40]

Cud
n (t) =

∑
m∈M

∑
k∈K

an,m(t)un,k(t)en,t(D
knwl
n,k (t))

×Dknwl
n,k (t)(Fm)2ρmcm, (5)

where en,t(D
knwl
n,k (t)) denotes the training rounds in the up-

dating process, which is a function in terms of the total data
size of experiential knowledge [35], i.e., Dknwl

n,k (t) = Dtr
k (t) +

Dp
n,k(t), ρm is the effective switched capacitance of ES m de-

pending on its chip architecture,Fm is the CPU speed (measured
by cycles/s) of ES m, and cm is the number of CPU cycles
required for ES m to process a unit of data.

If un,k(t) = 1, i.e., DT n ∈ N is updated by improving the
personalized service ability of request type k ∈ K in time slot
t ∈ T , the QoS for tackling such type of service requests on
DT n increases. Motivated by the saturation effect [41], [42] in
existing continual learning studies, the corresponding QoS can
be expressed as

Qn,k(t) = 1− (1−Qn,k(t− 1))λen,t(D
knwl
n,k (t)), (6)

where Qn,k(t− 1) is the basic QoS in updating DT n ∈ N with
the service request of type k ∈ K in the previous time slot t−

1 ∈ T , λ = 1− (2− ζχ)χκ stands for the effective contraction
factor, ζ, χ and κ are hyperparameters.

Remark: The evolution of Qn,k(t) in (6) can be interpreted as
the achieved QoS from updating a DT through the personalized
service ability improvement based on the QoS Qn,k(t− 1) in
the previous time slot, capturing the diminishing marginal gains
in QoS improvement as the previously achieved QoS increases.
Therefore, Qn,k(t) is a dimensionless metric that is normalized
to the interval Qn,k(t) ∈ [0, 1], and it is monotonically nonde-
creasing in t, bounded above by 1. The detailed derivation of its
specific mathematical formulation is provided in Appendix A,
available online.

D. DT Update by Versatile Ability Maintenance

As an inevitable consequence of the personalized service abil-
ity improvement, DTs’ service abilities may be gradually biased
along with the updating process, i.e., when the QoS of tackling
a specific service request type k ∈ K is improved, the QoS of
tackling the other types k′ ∈ K\{k} can be significantly reduced
due to the change of some key model parameters [18]. However,
PEs’ service requests are generated randomly in-stream and
all required to be well addressed. Therefore, to maintain the
versatile service ability of each associated DT n ∈ N , it is
necessary to preserve and integrate profiles in handling various
types of service requests into its updating process in each time
slot t ∈ T , so as to compensate/balance the QoS by a certain
extent. Let hn,k′(t) ∈ {0, 1} be the profile integration decision
indicating whether DT n ∈ N selects to integrate the profile of
service request of type k′ ∈ K\{k} in the updating process in
time slot t ∈ T . Then, the QoS for tackling the service request
of type k′ on DT n becomes

Qn,k′(t) = Qn,k′(t− 1)− εn,k′(t)

+
∑
m∈M

an,m(t)zn,m,k(t− 1)hn,k′(t)σn,k′(t),

(7)

where εn,k′(t) stands for the QoS reduction in the time slot t, and
σn,k′(t) represents the restored QoS if DT n chooses to integrate
the profile of service requests type k′ in the updating process
(i.e., hn,k′(t) = 1). Note that each DT n ∈ N can only integrate
the profiles that were preserved and cached in the previous
time slot t− 1 ∈ T on ES m ∈ M, of which the associated
DT n newly migrates to in time slot t ∈ T . Motivated by the
QoS variation behavior observed in practical DT models [43],
[44], together with the weight regularization method in existing
continual learning studies [45], [46], εn,k′(t) and σn,k′(t) can
be measured by the quadratic form of the biases, i.e.,

εn,k′(t) =
∑
j∈J

(θn,j(t)− θn,k′,j(t))
2, (8)

σn,k′(t) =
∑
j∈J

Ωn,k′,j(t)(θn,j(t)− θn,k′,j(t))
2, (9)

where θn,j(t) ∈ [0, 1] stands for the current value of DTn’s each
key model parameter j ∈ J , θn,k′,j(t) represents the value of
key model parameter j of DT n ∈ N that is skillful in handling
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service request of type k′ ∈ K\{k}, andΩn,k′,j(t) ∈ [0, 1] is the
weight of parameter j in performing the service request of type
k′ [47].

After performing the versatile service ability maintenance in
the current time slot, each DT n ∈ N preserves profiles (which
are automatically produced and refreshed) for future use, each
of which contains the up-to-date status information of its corre-
sponding PE and the newly-updated service ability of a service
request type. These profiles can be cached on different ESs with
sufficient caching resources. Let Dprf

n,k (t) be the data size of
DT n’s profile which records the service ability of handling
service request of type k ∈ K, and zn,m,k(t) ∈ {0, 1} denote
as the profile caching decision indicating whether this profile
is selected to be preserved and cached on ES m ∈ M in time
slot t ∈ T . Then, the transmission cost of caching/preserving
profiles of DT n ∈ N in each time slot t ∈ T is written as

Ccache
n (t) =

∑
k∈K

∑
m∈M

∑
m′∈M

an,m′(t)zn,m,k(t)
Dprf

n,k (t)

rm′,m
pm′ .

(10)

E. Problem Formulation

Considering the continual DT update by both personalized
service ability improvement and versatile service ability mainte-
nance, the achieved QoS for tackling each service request of type
k ∈ K on DT n ∈ N in each time slot t ∈ T can be expressed
by combining (6) and (7) as

Qn,k(t)

=

⎧⎪⎪⎨⎪⎪⎩
Qn,k(t− 1)− εn,k(t), if un,k(t) = 0, hn,k(t) = 0,
Qn,k(t− 1) + ηn,k(t), if un,k(t) = 1, hn,k(t) = 0,
Qn,k(t− 1)− εn,k(t) +

∑
m∈M an,m(t)zn,m,k(t− 1)

×σn,k(t), if un,k(t) = 0, hn,k(t) = 1,

meaning that if the service ability of handling service request
type k is neither chosen for improvement nor selected for
maintenance in updating DT n, the QoS is calculated by solely
subtracting εn,k(t); besides, if DT n is updated by improving
the personalized service ability of handling service request type
k (i.e., un,k(t) = 1 and hn,k(t) = 0), the QoS is calculated
according to (6); otherwise, if the service ability of handling
service request type k is selected to be maintained in updating
DT n (i.e., un,k(t) = 0 and hn,k(t) = 1), the QoS is calculated
according to (7). Note that the same service request typek should
not be simultaneously selected for both personalized ability
improvement and versatile ability maintenance when updating
DT n, i.e., un,k(t) + hn,k(t) ≤ 1, ∀n ∈ N , k ∈ K, t ∈ T . To
evaluate the overall performance of DT deployment in end-edge-
cloud collaboration, we take the long-term system-wide average
weighted QoS in tackling all types of PEs’ service requests as
the performance measurement, i.e.,

Qsys = lim
T→∞

1

TN

∑
t∈T

∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t). (11)

Recall that ωn,k(t) is defined as the priority of service request
typek ∈ K on DTn ∈ N in time slot t ∈ T , implicitly reflecting

both PE’s subjective preference and DT’s objective service
ability.

Moreover, to be cost-effective, we impose a long-term system
cost constraint as

lim
T→∞

1

T

∑
t∈T

Ctol
n (t) ≤ Cmax, (12)

where Ctol
n (t) = Cpl

n (t) + Cdl
n (t) + Cul

n (t) + Ccache
n (t) +

Cud
n (t) stands for the total cost introduced by dynamic

placement and continual update of DT n ∈ N in each time slot
t ∈ T , and Cmax represents the pre-determined cost budget.

Then, with the objective of maximizing the overall
performance Qsys while ensuring that the incurred sys-
tem cost does not exceed a certain budget, we formu-
late a long-term optimization problem to jointly determine
DT migration decision an,m(t), fetched experiential knowl-
edge type un,k(t) for DTs’ personalized ability improve-
ment, and profile integration hn,k(t) and caching zn,m,k(t)
for DTs’ versatile ability maintenance, denoted as J sys =
{an,m(t), un,k(t), hn,k(t), zn,m,k(t)}∀n,m,k,t, i.e.,

P1 : max
J sys

Qsys = lim
T→∞

1

TN

∑
t∈T

∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t)

s.t.
∑
m∈M

an,m(t) = 1, ∀n, t, (13a)

∑
k∈K

un,k(t) ≤ 1, ∀n, t, (13b)

∑
k∈K

hn,k(t) ≤ 1, ∀n, t, (13c)

un,k(t) + hn,k(t) ≤ 1, ∀n, k, t, (13d)∑
m∈M

zn,m,k(t) ≤ 1, ∀n, k, t, (13e)

∑
n∈N

[
an,m(t)Dmdl

n (t) +
∑
k∈K

zn,m,k(t)D
prf
n,k (t)

]
≤ zmax

m , ∀m, (13f)

ωn,k(t) ∈ fn,k(πn,k(t), Qn,k(t)), ∀n, k, t, (13g)

lim
T→∞

1

T

∑
t∈T

Ctol
n (t) ≤ Cmax, ∀n, (13h)

where constraint (13a) states that every DT has to and can only
be placed on one ES in each time slot; constraints (13b) and
(13c) indicate that each DT can fetch the experiential knowledge
of at most one type of service requests and integrate no more
than one profile during the updating process in each time slot;
constraint (13d) requires that the types of service requests for
personalized service ability improvement and versatile service
ability maintenance cannot be the same when updating each DT
in each time slot; constraint (13e) enforces that every profile
of each DT is preserved and cached on at most one ES in
each time slot; constraint (13f) restricts that cached DTs and
all their profiles cannot exceed the caching capacity of each
ES; constraint (13g) signifies that the unobserved environment
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parameter ωn,k(t) can be seen as an output of a complex and
chaotic function fn,k(·), in terms of πn,k(t) and Qn,k(t), if this
function exists; and constraint (13h) is the long-term system cost
constraint.

Theorem 1: The formulated long-term optimization problem
P1 is NP-hard.

Proof: We can prove the NP-hardness of problem P1 by
showing that a relaxed case of P1 is NP-hard via a polynomial-
time reduction from the classical multiple knapsack problem
(MKP) [48]. Given any time slot t ∈ T , we construct a relaxed
case ofP1 by i) fixing service priorities towards different request
types ωn,k(t), and decision variables of each DT’s fetched
experiential knowledge type un,k(t), and profile integration
hn,k(t) and caching zn,m,k(t) as constants; and ii) ignoring
the long-term system cost constraint by relaxing the budget
Cmax sufficiently large. Under these relaxations, the resulted
problem is equivalent to an MKP because i) each DT n can
be regarded as an item with weight Dmdl

n (t), while each ES
m corresponds to a knapsack whose capacity is determined by
constraint (13f), i.e., zmax

m −
∑

n∈N
∑

k∈K zn,m,k(t)D
prf
n,k (t);

and ii) according to constraint (13a), each item n must be
assigned to exactly one knapsack m, and the associated as-
signment profit can be expressed by the an,m(t)-related term
in Qn,k(t), i.e., (1− un,k(t))hn,k(t)Qn,k(t− 1)− εn,k(t) +∑

m∈M an,m(t)zn,m,k(t− 1)σn,k(t). Therefore, since the re-
laxed problem is an instance of the MKP, which is well-known
as NP-hard, the original P1 is also NP-hard. �

Clearly, solving problem P1 directly is very challenging be-
cause i) all decision variables are discrete and coupled in the
objective function Qsys as well as constraint (13h), making P1

becomes a non-convex integer programming problem, and P1

must be NP-hard according to Theorem 1; ii) PEs’ mobilities
and service preferences are both uncertain and time-varying,
and thus P1 has to be optimized dynamically by designing an
appropriate online optimization approach; iii) function fn,k(·) is
in fact unknown and fundamentally unattainable, meaning that
ωn,k(t) is an intrinsic factor, necessitating a learning algorithm
compatible with the online solution.

IV. AN ADVERSARIAL BANDIT LEARNING ASSISTED ONLINE

OPTIMIZATION APPROACH

In this section, we propose a novel approach, called ARBOK,
for efficiently addressing the formulated problem P1. Specifi-
cally, we first decompose the long-term problem into a series
of instant problems using the Lyapunov decomposition method.
Then, for each instant problem corresponding to each time slot
t ∈ T , we further decouple it into two interrelated subproblems,
which are alternately solved by the developed MO-EL and
AC-BL algorithms, respectively, till convergence.

A. Problem Decomposition

The key to decomposing problem P1 lies in addressing its ob-
jective function and constraint (13h), which are both in long-term
average forms. Above all, following the Lyapunov method [49],
we define a virtual deployment cost queue Cn(t) to describe
how the total cost Ctol

n (t) introduced by dynamic placement and
continual update of each DT n ∈ N in each time slot t ∈ T may

deviate from the cost threshold Cmax, and express its dynamic
evolution as

Cn(t+ 1) = max[Cn(t) + Ctol
n (t)− Cmax, 0]. (14)

Next, we combine deployment cost queues for all DTs by a
vector as Θ(t) = [C1(t), . . . , Cn(t), . . . , CN (t)], and construct
a quadratic Lyapunov function as

L(Θ(t)) � 1

2

∑
n∈N

Cn(t)
2, (15)

which quantitatively reflects the congestion of all queues, and
should be persistently pushed towards a minimum value to keep
queue stabilities. Referring to [50], the conditional Lyapunov
drift becomes

Δ(Θ(t)) = E[L(Θ(t+ 1))− L(Θ(t))|Θ(t)], (16)

where E[·] stands for the expectation, and Δ(Θ(t)) captures the
value difference of the Lyapunov function between two adjacent
time slots. Clearly, by minimizing the conditional Lyapunov
drift in (16), we can prohibit the backlogs of deployment cost
queues from the unbounded growth, and thus guarantee that the
long-term system cost constraint, i.e., (13h), can be satisfied. Ac-
cordingly, the Lyapunov drift-plus-penalty function for problem
P1 can be written as

Δ(Θ(t))− V E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]
, (17)

where V > 0 is introduced as a Lyapunov control parameter,
representing the weight of significance on maximizing the QoS
versus that of strictly satisfying system cost constraint.

Theorem 2: Let V > 0, and the drift-plus-penalty is bounded
by any possible decisions in any time slot t ∈ T , i.e.,

Δ(Θ(t))− V E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]

≤ G+ E

[∑
n∈N

Cn(t)(C
tol
n (t)− Cmax) | Θ(t)

]

− V E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]
, (18)

where G = 1
2

∑
n∈N (Cn(max)− Cmax)2 is a positive con-

stant, representing the upper bound of the Lyapunov drift-plus-
penalty function.

Proof: Please see Appendix B, available online. �
Theorem 2 reveals that the Lyapunov drift-plus-penalty func-

tion is upper bounded by a positive constant G in each time
slot t ∈ T . Based on this, problem P1 can then be decomposed
into multiple subproblems, each of which aims to minimize the
right-hand-side of (18), reformulating as

P2 : min
J sys(t)

∑
n∈N

Cn(t)C
tol
n (t)− V

∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t)

s.t. (13a)−(13g).

Note that, although we have converted the long-term problem
P1 into a series of instant problems P2, all decisions remain
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unchanged, meaning that P2 is still a non-convex optimization
problem, containing the intrinsic factor ωn,k(t).

B. Problem Decoupling

As observed from P2, since DTs are dynamically placed
before the continual update and their profiles are preserved after-
ward, the associated decisions an,m(t) and zn,m,k(t) primarily
resolve the DT migration and profile preservation, constituting
prerequisites for the rest. In contrast, the intrinsic factor ωn,k(t)
serves as the key enabler of the DT update, and un,k(t) and
hn,k(t) are key decisions for the involving personalized ability
improvement and versatile ability maintenance, respectively.
Therefore, to facilitate problem solving, we decouple P2 into
the following equivalent form:

P3 : min
an,m(t),zn,m,k(t)

∑
n∈N

Cn(t)C
tol
n (t)

− V
∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t)

s.t. (13a), (13e), (13f).

P4 : min
un,k(t),hn,k(t)

∑
n∈N

Cn(t)(C
dl
n (t) + Cul

n (t) + Cud
n (t)

+ Ccache
n (t))− V

∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t)

s.t. (13b)−(13d), (13g).

With such decoupling, we now aim to respectively solve
subproblems P3 and P4, where subproblem P3 strives to op-
timize DT placement an,m(t) and profile caching zn,m,k(t),
while subproblem P4 targets to determine fetched experiential
knowledge type un,k(t) and profile integration type hn,k(t),
and learn service priority ωn,k(t) in each time slot t ∈ T . It
is worth noting that since these two subproblems share common
terms in their objective functions, their decisions are corre-
lated, indicating that they should be alternately tackled till the
convergence.

C. McCormick Envelopes Based Algorithm Integrated in
ARBOK (MO-EL)

In this subsection, we introduce the solution to subproblem
P3, assuming that the solution to subproblem P4 is already
given (i.e., the optimal un,k(t) and hn,k(t) are pre-known),
and that the ground-truth ωn,k(t) is already known. In fact,
P3 is still a non-convex nonlinear integer programming prob-
lem, while it can be seen as a bilinear one, meaning that P3

becomes linear if any one of the decision variables is fixed.
This motivates us to design an MO-EL algorithm [51] inte-
grated in the proposed ARBOK approach, which first linearizes
the bilinear terms and relaxes all discrete decision variables
into continuous variables, transforming the problem into linear
programming.

Specifically, relaxing discrete decision variables an,m(t) and
zn,m,k(t) into continuous forms (i.e., ãn,m(t), z̃n,m,k(t) ∈

Algorithm 1: MO-EL Algorithm for Solving P3.

Input: Given the optimal un,k(t), hn,k(t), ωn,k(t), and
current backlogs of deployment cost queues Cn(t).

1 Linear relaxation: an,m(t) ∈ {0, 1} → ãn,m(t) ∈ [0, 1]
and zn,m,k(t) ∈ {0, 1} → z̃n,m,k(t) ∈ [0, 1];

2 Denote φ̃n,m,m′,k(t) = ãn,m′(t)z̃n,m,k(t);
3 Reformulate problem P3 as P′

3;
4 Solve problem P′

3 to get the fractional solution
{ãn,m′(t), z̃n,m,k(t), φ̃n,m,m′,k(t)};

5 Round ãn,m′(t) ∈ [0, 1] to an,m′(t) ∈ {0, 1} under
(13a), (13f), (19b) and (19c) with decided
{z̃n,m,k(t), φ̃n,m,m′,k(t)};

6 Solve problem P′
3 with fixed an,m′(t) to get the

fractional solution {z̃n,m,k(t), φ̃n,m,m′,k(t)};
7 Round z̃n,m,k(t) ∈ [0, 1] to zn,m,k(t) ∈ {0, 1} under

(13e), (13f), (19b) and (19d) with fixed
{an,m′(t), φ̃n,m,m′,k(t)};

Output: Solution to P3:
{an,m(t), zn,m,k(t)}, ∀n ∈ N ,m ∈ M, k ∈ K.

[0, 1]), and letting φ̃n,m,m′,k(t) = ãn,m′(t)z̃n,m,k(t) be the aux-
iliary variable of bivariate ãn,m′(t)z̃n,m,k(t), P3 can be trans-
formed as

P′
3 : min

an,m(t),zn,m,k(t),˜φn,m,m′,k(t)

∑
n∈N

Cn(t)C
tol
n (t)

− V
∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t)

s.t. (13a), (13e), (13f),

φ̃n,m,m′,k(t) ≥ 0, (19a)

φ̃n,m,m′,k(t) ≥ ãn,m′(t) + z̃n,m,k(t)− 1, (19b)

φ̃n,m,m′,k(t) ≤ ãn,m′(t), (19c)

φ̃n,m,m′,k(t) ≤ z̃n,m,k(t), (19d)

where constraints (19a)–(19d) are corresponding envelops of the
auxiliary variable φ̃n,m,m′,k(t).

Theorem 3: P′
3 is a convex optimization problem.

Proof: Referring to [52], we can prove that problem P′
3 is

convex by verifying the convexity of its objective function and
all constraints. On the one hand, the objective function is linear
and all included decision variables are continuous. On the other
hand, constraints (13a) and (13e) form hyperplanes, while the
other constraints form halfspaces inRNM2˜K . All these together
indicate that P′

3 is convex. �
Thanks to Theorem 3, we can easily address problem P′

3

by leveraging the existing software-based optimization solvers
(e.g., CVX [53]), and obtain the optimal fractional solution,
i.e., {ãn,m′(t), z̃n,m,k(t)}. Lastly, to prevent decision variables
from violating constraints (13a), (13e), (13f) and (19a)-(19d),
we further round the fractional solution into the integer form by
employing a decision-dependent rounding strategy. Particularly,
we first round the fractional solution ãn,m′(t) into the integer
one an,m′(t) under associated constraints (13a), (13f) and (19b)
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and (19c) with the fractional solution {z̃n,m,k(t), φ̃n,m,m′,k(t)}.
Next, we substitute an,m′(t) into P′

3, and re-solve this prob-
lem with the solvers to obtain a new fractional solution
{z̃′n,m,k(t), φ̃

′
n,m,m′,k(t)}. Finally, we round the fractional so-

lution z̃′n,m,k(t) into the integer one zn,m,k(t) under associ-
ated constraints (13e), (13f), (19b) and (19d) with the solution
{an,m′(t), φ̃′

n,m,m′,k(t)}. Note that since φ̃n,m,m′,k(t) is an
auxiliary variable, it is unnecessary to explicitly deal with it,
and its associated constraints are automatically satisfied in the
above steps. Algorithm 1 illustrates the details of the overall
MO-EL algorithm, which can eventually produce the solution
{an,m(t), zn,m,k(t)}∀n∈N ,m∈M,k∈K to subproblem P3.

D. Adversarial Combinatorial Bandit Learning Algorithm
Integrated in ARBOK (AC-BL)

Having the solution to P3, we now present the solution to
subproblemP4. Evidently, solvingP4 is even more challenging.
This is becauseP4 contains an intrinsic factorωn,k(t) necessitat-
ing a learning process based on historical trials, while decisions
un,k(t) and hn,k(t) are also tightly coupled with ωn,k(t), which
results in a sequential decision-making process. To this end,
we first transform P4 into an adversarial-combinatorial MAB
problem, and then design the AC-BL algorithm for providing an
effective outcome.

1) Transformation to Adversarial-Combinatorial MAB
Problem With Implicit Decision Feedback: We recognize that
subproblem P4 can be regarded as an adversarial-combinatorial
MAB problem with implicit decision feedback. The reason
is threefold: i) the discrete decision variables un,k(t) and
hn,k(t) can be seen as selectable arms, meanwhile the objective
function of P4 can be viewed as the loss function associated
with each selected arm; ii) the intrinsic factor ωn,k(t) can be
treated as a latent parameter in the loss function, hindering the
direct observation of the true loss for each arm [54]; and iii)
the loss revealed for selecting each arm may induce the change
of ωn,k(t), which in turn triggers the variation of the expected
loss of each arm, and this can be interpreted as the presence
of an adversary that strategically manipulates the average loss
associated with each arm [55]. Furthermore, it is observed
from the formulation of P4 that decision variables un,k(t)
and hn,k(t), and the latent parameter ωn,k(t) for different
DTs are actually independent with each other, indicating that
optimizing P4 is equivalent to concurrently solving multiple
distinct adversarial-combinatorial MAB problems, each of
which corresponds to one specific DT n ∈ N , as described
below.

Adversarial-combinatorial MAB problem P(n)
4 , ∀n ∈ N :

Formally, P(n)
4 for each DT n ∈ N consists of a combinatorial

arm set and a loss function.
� Combinatorial arm set: Within each time slot t ∈ T , the

combinatorial arm set of P(n)
4 is defined as the set of de-

cision variables {un,k(t)}∀k∈K and {hn,k(t)}∀k∈K, which
can be expressed as

Sn(t) = {un,k(t), hn,k(t)|∀k ∈ K, (13b)−(13d)}. (20)

� Loss function: Within each time slot t ∈ T , the loss func-
tion of P(n)

4 is defined as the objective function of P4 with
respect to DT n only, i.e.,

Ln(t) = Cn(t)(C
dl
n (t) + Cul

n (t) + Cud
n (t)

+ Ccache
n (t))− V

∑
k∈K

ωn,k(t)Qn,k(t), (21)

which includes a latent parameter ωn,k(t).
2) Solution to Adversarial-Combinatorial MAB Problem:

Next, for any DT n ∈ N , we aim to solve its corresponding
adversarial-combinatorial MAB problem P(n)

4 . Note that, dif-
ferent from traditional MAB problems with explicit decision
feedback [28], [54], the true loss of each arm in P(n)

4 is funda-
mentally unobtainable due to the latent parameterωn,k(t). Thus,
we extend conventional MAB algorithms to solve the formulated
adversarial-combinatorial MAB problem with implicit decision
feedback by first constructing a combinatorial arm set, and then
learning the latent parameter while selecting the optimal arm.

a) Combinatorial arm set construction: The complex inter-
dependencies among different arms within the combinatorial
arm set Sn(t) yield a vast number of candidate arms, which
complicates the identification of the optimal arm. To address
such an issue, we convert the combinatorial arm set into a
super arm set by aggregating each pair of combinatorial arms
(i.e., un,k(t) and hn,k(t)) into a single super arm. Specif-
ically, let Ssupr

n (t) = {(iun,s(t), jhn,s(t))s|iun,s(t), jhn,s(t) ∈
{0, 1, . . . ,K}, iun,s(t) 	= jhn,s(t) ∨ iun,s(t) = jhn,s(t) = 0, s ∈
S = [1,K2 +K + 1]} be the converted super arm set of the
original adversarial-combinatorial MAB problem P(n)

4 , where
each element (iun,s(t), j

h
n,s(t))s stands for one selectable super

arm. If super arm (iun,s(t) = k1, j
h
n,s(t) = k2)s, k1 	= 0, k2 	= 0

is selected, it indicates that the experiential knowledge of type
k1 ∈ K and the profile of type k2 ∈ K are chosen to update
DT n ∈ N in time slot t, i.e., un,k1

(t) = 1 and hn,k2
(t) = 1.

Otherwise, ifk1 = 0ork2 = 0, it means that we do not select any
types of experiential knowledge or profile to update DT n ∈ N
in time slot t, i.e., un,k(t) = 0, ∀k ∈ K or hn,k(t) = 0, ∀k ∈ K.

b) Latent parameter learning and optimal arm selection:
Based on the above, to further deal with the implicit loss
feedback, we design an exploration-exploitation scheme to si-
multaneously learn the latent parameter and select the optimal
super arm from Ssupr

n (t), for determining decision variables
un,k(t) and hn,k(t) and inferring the latent parameter ωn,k(t).
Recall that P3 and P4 must be alternately solved in each time
slot t ∈ T , and each super arm’s loss should be estimated by
every alternation rather than every slot once. Denote τ as the
index of alternating round. Then, in each alternating round τ
of time slot t ∈ T , we can substitute decisions un,k(t, τ − 1),
hn,k(t, τ − 1) together with the on-going learning parameter
ωn,k(t, τ − 1) from the previous alternating round τ − 1 into
the loss function Ln(t) in (21) to compute the corresponding
loss value Ln(t, τ − 1), and obtain the cumulative loss for each
type k ∈ K as

Ln,k(t, τ) = Ln,k(t, τ − 1) + I{un,k(t, τ − 1) = 1
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∨ hn,k(t, τ − 1) = 1}Ln(t, τ − 1), (22)

where I{un,k(t, τ − 1) = 1 ∨ hn,k(t, τ − 1) = 1} denotes an
indicator function signifying whether un,k(t, τ − 1) or
hn,k(t, τ − 1) is set to 1in the previous alternating round
τ − 1 (i.e., I{un,k(t, τ − 1) = 1 ∨ hn,k(t, τ − 1) = 1} = 1 if
un,k(t, τ − 1) or hn,k(t, τ − 1) is set to 1, and I{un,k(t, τ −
1) = 1 ∨ hn,k(t, τ − 1) = 1} = 0 otherwise). Next, by incor-
porating the cumulative loss and PEs’ service preferences, which
are correlated with the service priority, we design an adaptive
UCB-based learning mechanism to infer ωn,k(t) as [54]

ω̃n,k(t, τ) =
Ln,k(t, τ)

γn,k(t, τ)
+

√
πn,k(t) log t

γn,k(t, τ) + 1
, (23)

ωn,k(t, τ) =
ω̃n,k(t, τ)∑
j∈K ω̃n,j(t, τ)

, (24)

where γn,k(t, τ) represents the cumulative number of times that
service request type k has been selected up to the alternating
round τ in time slot t ∈ T .

Since the variation of latent parameter ωn,k(t, τ), defined in
(23), in turn alters the expected loss of each arm, we recalculate
the value of the loss function Ln(t, τ) by incorporating the
newly learnt ωn,k(t, τ), along with decisions un,k(t, τ − 1),
hn,k(t, τ − 1) from the previous alternating round τ − 1 of
time slot t ∈ T . Similar to [55], to handle the dynamically
changing expected loss of each super arm, we further construct
an estimated loss for each super arm s ∈ S in the alternating
round τ of time slot t ∈ T , using the recalculated loss value
Ln(t, τ), which can be written as

l̂n,s(t, τ) =
2I{Ssupr

n (t, τ − 1) = s}Ln(t, τ)

2Pn,s(t, τ − 1) + μn,s(t, τ)
, (25)

where μn,s(t, τ) =
√

logS
S(t+τ) denotes the learning rate of each

super arm s; Pn,s(t, τ − 1) represents the sampling proba-
bility of each super arm s, which will be expanded later;
and I{Ssupr

n (t, τ − 1) = s} is an indicator function signify-
ing whether the s-th super arm is selected from the super
arm set Ssupr

n (t) in the previous alternating round τ − 1 (i.e.,
I{Ssupr

n (t, τ − 1) = s} = 1 if the s-th arm is selected, and
I{Ssupr

n (t, τ − 1) = s} = 0 otherwise). Next, we can express
the cumulative estimated loss of each super arm s ∈ S till the
alternating round τ in time slot t ∈ T as

L̂n,s(t, τ) = L̂n,s(t, τ − 1) + l̂n,s(t, τ). (26)

Then, referring to [56], we can acquire the sampling probability
of each super arm s ∈ S in each alternating round τ of time slot
t ∈ T as

Pn,s(t, τ) =
exp(−μn,s(t, τ)L̂n,s(t, τ))∑

s′∈S exp(−μn,s′(t, τ)L̂n,s′(t, τ))
. (27)

Lastly, let Pn(t, τ) = {Pn,s(t, τ)|∀s ∈ S} be the joint sam-
pling probability distribution over the super arm set Ssupr

n (t).
We sample one super arm (iu,∗n,s(t, τ), j

h,∗
n,s(t, τ))s from Ssupr

n (t)
under Pn(t, τ), yielding the optimal un,k(t, τ) and hn,k(t, τ)

Algorithm 2: AC-BL Algorithm for Solving P4.

in each alternating round τ of time slot t ∈ T . The alternat-
ing process between problems P3 and P4 continues until the
convergence, outputting the learned latent parameters ωn,k(t),
and the final selected arms un,k(t) and hn,k(t) as the solution

to each subproblem P(n)
4 in each time slot t ∈ T . Finally, by

aggregating solutions {un,k(t), hn,k(t)} and intrinsic factors

ωn,k(t) from all P(n)
4 , ∀n ∈ N that are solved in parallel, the

solution to subproblem P4 can be obtained. The detailed steps
of the overall AC-BL algorithm for solving subproblem P4 is
illustrated in Algorithm 2.
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Fig. 3. The flowchart of the proposed ARBOK approach.

E. Analyses of ARBOK

In summary, our proposed approach, namely ARBOK, first
decomposes the long-term problem P1 into a series of instant
problems P2. Then, it further decouples problem P2 into two in-
terrelated subproblems P3 and P4, which are alternately solved
by the designed MO-EL and AC-BL algorithms, respectively, till
the convergence. The flowchart of ARBOK is shown in Fig. 3.

In the following, we analyze the theoretical performance of
the proposed ARBOK approach in terms of its convergence,
optimality gap and computational complexity.

Lemma 1 (Convergence of MO-EL): The MO-EL algorithm
can converge with limited rounding steps.

Proof: Please see Appendix C, available online. �
Lemma 2 (Regret Analysis of AC-BL): The cumulative regret

of AC-BL algorithm, denoted by R̂(T ), is defined as the cu-
mulative difference between the incurred cumulative loss by the
AC-BL algorithm and that of the offline optimal solution with
all information known in advance over T time slots. For any
δ > 0, the cumulative regret R̂(T ) of AC-BL algorithm can be
shown as

P

[
R̂(T ) ≥

√
N2(ST + 2) logS

+

(√
N2ST

logS
+N

)
log

S + 1

δ

]
≤ δ, (28)

which indicates that AC-BL algorithm will ultimately reach a
sublinear regret.

Proof: Please see Appendix D, available online. �
Theorem 4 (Convergence of ARBOK): The proposed AR-

BOK approach can converge with limited alternations.

Proof: With Lemmas 1 and 2, we are now ready to prove
the convergence of ARBOK, which highly depends on that of
the alternating process between MO-EL and AC-BL algorithms.
According to the monotone convergence theorem [57], ARBOK
can converge if two conditions are satisfied, i.e., the monotonic-
ity and the boundedness of P2’s objective function over the
alternating process.

Monotonicity of P2’s objective function: First, we can scale
P2’s objective function with the alternating steps as

objτ−1(P2) = obj(P2)(a
τ−1, zτ−1,uτ−1,hτ−1,ωτ−1)

≥ obj(P2)(a
τ−1, zτ−1,uτ ,hτ ,ωτ )

≥ obj(P2)(a
τ , zτ ,uτ ,hτ ,ωτ ) = objτ (P2),

(29)

where the first inequality holds because AC-BL algorithm can
gradually approach the optimal solution during the alternating
process, as guaranteed by the sublinear regret proved in Lemma
2; the second inequality holds due to the convergence of MO-EL
algorithm as shown in Lemma 1. These reveal that the objective
function of P2 is monotonically decreasing along with the
alternating process.

Boundedness of P2’s objective function: Then, we prove that
the objective function of P2 has one lower bound, preventing
it from decreasing towards negative infinity with the alternating
process. By setting the queue backlogs to 0 and all ωn,k(t) and
Qn,k(t) to 1, and substituting them into the objective function
of P2, a lower bound can be easily derived as −V NK.

Therefore, since the objective function ofP2 decreases mono-
tonically in the alternating process, and it is lower bounded by
−V NK, we can conclude that the proposed ARBOK approach
will converge with limited alternations.

Lemma 3 (Optimality Gaps of MO-EL and AC-BL): Let
O(P3) and O�(P3) be the objective of P3 by inputting solu-
tions obtained from MO-EL, and the theoretical optimal one,
respectively. The optimality gap of MO-EL algorithm can be
expressed as

O(P3)−O�(P3) ≤
∑
n∈N

(ΨC
n,1 +ΨC

n,2)− V
∑
n∈N

ΨQ
n , (30)

where ΨC
n,1 denotes the gap on system cost induced by dy-

namic DT placement and profile preservation (i.e., Cpl
n (t) +

Ccache
n (t)), ΨC

n,2 represents the gap on system cost gener-
ated from the transmission and computation of experiential
knowledge for continual DT update (i.e., Cdl

n (t) + Cul
n (t) +

Cud
n (t)), and ΨQ

n stands for the gap on QoS performance (i.e.,∑
k∈K ωn,k(t)Qn,k(t)) for each DT n ∈ N .
Besides, let O(P4) and O�(P4) be the objective of P4 by

inputting solutions obtained from AC-BL algorithm, and the
theoretical optimal one, respectively. The optimality gap of AC-
BL can be derived as

O(P4)−O�(P4) ≤ R̂(T )/T, (31)

where R̂(T ) is the cumulative regret of AC-BL algorithm, which
has been obtained in Lemma 2.

Proof: Please see Appendix E, available online. �
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Theorem 5 (Optimality Gap of ARBOK): Given Lyapunov
control parameter V , the optimality gap between the solution
obtained by the proposed ARBOK approach and the theoreti-
cally optimal solution to problem P1 can be expressed as

∑
t∈T

E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]
/T

−O� ≤ G/V +Υ+ Γ, (32)

where O� stands for the theoretically optimal solution to P1,
Υ =

∑
n∈N (ΨC

n,1 +ΨC
n,2)− V

∑
n∈N ΨQ

n and Γ = R̂(T )/T
represent the optimality gaps of MO-EL and AC-BL algorithms,
respectively, which have been derived in Lemma 3.

Proof: The total optimality gap of the ARBOK algorithm
arises from the Lyapunov decomposition, MO-EL algorithm and
AC-BL algorithm. As optimality gaps of MO-EL and AC-BL
algorithms are given in Lemma 3, respectively, our analysis
herein focuses on the gap introduced by the Lyapunov de-
composition. In fact, this gap originates from the scalability
of the drift-plus-penalty term in inequality (18) of Theorem 2.
Therefore, we expand and rewrite inequality (18) as

Δ(Θ(t))− V E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]

≤ G+ E

[∑
n∈N

Cn(t)(C
tol
n (t)− Cmax) | Θ(t)

]

− V E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]
≤ G− VO� +Υ+ Γ. (33)

Then, by summing up (33) over T time slots, we have

(G− VO� +Υ+ Γ) · T

≥
∑
t∈T

{
Δ(Θ(t))− V E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]}
= E [L(Θ(T ))− L(Θ(0))]

− V
∑
t∈T

E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]
= E [L(Θ(T ))]− E [L(Θ(0))]

− V
∑
t∈T

E

[∑
n∈N

∑
k∈K

ωn,k(t)Qn,k(t) | Θ(t)

]
. (34)

Afterwards, by movingE[L(Θ(0))] to the left-hand-side of (34),
dividing both sides by TV , and taking Υ and Γ from Lemma 3,
inequality (32) can be obtained. �

Theorem 6 (Computational Complexity of ARBOK): The
computational complexity of the proposed ARBOK ap-
proach is O(TRmax((K + 1)2 + (NMK)3 + 4.16(NM +
NMK))), where N is the number of DTs, M is the number of
ESs,K is the number of service request types,T is the number of

TABLE III
SIMULATION PARAMETERS

time slots, and Rmax is iteration numbers for alternately solving
two involved subproblems.

Proof: The complexity of ARBOK mainly results from the
alternating process between MO-EL and AC-BL algorithms,
and their corresponding solutions. Specifically, for MO-EL al-
gorithm, its complexity is determined by two primary stages:
solving optimization problem P3 and the subsequent decision-
dependent rounding process. According to [52], solving problem
P3 with a standard interior-point solver has a complexity of
O((NMK)3). The complexity of the rounding process, as
detailed in [6], is O(4.16(NM +NMK)). For AC-BL al-
gorithm, the computational complexity is introduced by the
latent parameter learning and optimal arm selection in solving
adversarial-combinatorial MAB problem P(n)

4 . This process
involves calculating the latent parameter ωn,k(t) for all K
arms and subsequently executing the operations in (25)–(27)
for all S = K2 +K + 1 super arms. Therefore, its complexity
becomes O(K +K2 +K + 1) = O(K2 + 2K + 1).

To sum up, if the maximum alternation between MO-EL and
AC-BL algorithms is denoted by Rmax, the complexity of AR-
BOK can be expressed as O(TRmax((K + 1)2 + (NMK)3 +
4.16(NM +NMK))).

V. SIMULATION RESULTS

In this section, extensive simulations are conducted to eval-
uate the performance of the proposed ARBOK approach for
jointly optimizing dynamic DT placement and continual update.
All simulation results are obtained by taking averages over 1000
runs under various parameter settings.

A. Simulation Settings

Consider an end-edge-cloud collaborative networking system
in a 1 km× 1 km square area with M = 20 ESs and N = 60
PEs. Each PE adopts a Random-Waypoint mobility model un-
der same settings as those in [58]. The mobilities of PEs and
the deployed locations of ESs are set based on the real-world
datasets adopted in [59], [60]. All key simulation parameters
are listed in Table III. Particularly, parameters used in dynamic
DT placement and continual update are chosen according to
the medical image segmentation task in healthcare DT applica-
tions [11], [61], [62], [63], while network configurations are set
similar to those in [6], [8], [9].
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Fig. 4. Convergence of the ARBOK approach w.r.t N .

To evaluate the effectiveness of the introduced dynamic DT
placement and continual update framework, several alternative
schemes are simulated for comparison.
� MARL [24]: MARL dynamically places DTs without up-

dating their service capabilities, implying that the QoS for
each type of service request remains unchanged, regardless
of the variation of each service request type’s service
priority.

� PUFL [15]: PUFL jointly manages dynamic DT place-
ment and continual DT update by the personalized ability
improvement. However, it does not enable the versatile
ability maintenance via the preservation and integration of
DT profiles.

Besides, to show the superiority of the proposed ARBOK
approach in optimizing the long-term average weighted QoS,
the following schemes are simulated as benchmarks.
� GST [64]: GST greedily optimizes all decision variables

to maximize the QoS in tackling all service request types
within each single time slot, completely ignoring the long-
term system cost constraint.

� SIO [65]: SIO employs a particle swarm optimization algo-
rithm to determine all decision variables, aiming to balance
the QoS in tackling all types of service requests and system
cost within each single time slot.

� FPL [28]: FPL adopts a similar optimization process
with the ARBOK to maximize the QoS in tackling all
types of service requests under the long-term system cost
constraint, except that the fetched experiential knowledge
type, profile integration type and service priority are de-
termined by utilizing a Follow-the-Perturbed-Leader algo-
rithm, rather than a carefully designed learning process.

B. Performance Evaluations

Fig. 4 examines the convergence of the proposed AR-
BOK approach, which can be illustrated by showing the vari-
ation of the substraction of the system cost and all DTs’
average weighted QoS in tackling all service request types
(i.e.,

∑
n∈N Cn(t)C

tol
n (t)− V

∑
n∈N

∑
k∈K ωn,k(t)Qn,k(t))

throughout the alternating rounds within a single time slot. We
can see that the value decreases at the beginning and quickly

Fig. 5. Stability of DTs’ average weighted QoS and deployment cost queue
by varying V .

converges. This is because of not only the adoption of the
decision-dependent rounding strategy in the MO-EL algorithm,
which provides high-quality solution in each alternating round
to accelerate the convergence (with additional experiments con-
ducted in Appendix F, available online to quantify its approxima-
tion errors), but also the construction of combinatorial arm set in
the AC-BL algorithm, which reduces the numbers of selectable
arms to improve the exploration efficiency. Moreover, it can
be observed that such substraction value increases, while the
convergence speed decreases with a larger N . This is because,
as the number of DTs grows, more DTs need to be migrated and
more experiential knowledge must be transmitted for dynamic
placement and continual update, thereby increasing the resulted
system cost and the decision-making complexity of the opti-
mization problem. All these results align with the theoretical
analysis proved in Theorem 4 and indicate the efficiency of
ARBOK. To further validate the scalability of the proposed
ARBOK approach (including the involved MO-EL and AC-BL
algorithms), we also provide some experiments showing its
running time under varying numbers of PEs/DTsN , DTsM and
service request types K, and the obtained results are illustrated
in Appendix G, available online.

Fig. 5 demonstrates the stability of the proposed ARBOK
approach by presenting the long-term performance of DTs’
average weighted QoS in tackling all types of service requests,
i.e., 1

N

∑
n∈N

∑
k∈K ωn,k(t)Qn,k(t), along with the deploy-

ment cost queue Cn(t) brought by the Lyapunov method under
different values of parameter V . We can see from Fig. 5 that
the average weighted QoS decreases and the queue backlog
increases initially, and both of them quickly stabilize over the
time. This is because ARBOK focuses on controlling system
cost to tackle the booming queue backlog at the beginning, and
can eventually balance the average weighted QoS and system
cost, leading to a stable outcome. Besides, this figure shows
that both average weighted QoS and queue backlog stabilize on
higher values with the increase of V . The reason is that Lya-
punov parameter V is introduced to control the significance on
maximizing the average weighted QoS versus that of controlling
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Fig. 6. Performance comparison on different DT placement and update frame-
works.

the system cost, and a larger V indicates more emphasis on the
average weighted QoS.

Fig. 6 illustrates the superiority of the proposed dynamic
DT placement and continual update framework compared with
MARL and PUFL by varying the amount of service request type
K. Since MARL cannot update the service capability of each
DT, meaning that the experiential knowledge and profiles do not
need to be computed and integrated to update DTs, the average
weighted QoS and system cost remain unchanged regardless of
K. In contrast, it can be observed from Fig. 6(a) and (b) that the
average weighted QoS decreases and system cost increases with
K for both PUFL and the proposed framework. This is because
a larger K implies that each DT should handle more types of
service requests throughout the whole process, by either trans-
mitting experiential knowledge with larger data size or migrating
to the distant ES for integrating the profile of particular service
type. Moreover, we can see that the proposed framework further
outperforms PUFL because the preservation and integration of
profiles during the continual DT update helps to maintain the
versatile ability of all service request types. To further quantify
the system cost overheads of ARBOK, we also provide some
experiments to examine the individual components of the system
cost, with the corresponding results reported in Appendix H,
available online.

Fig. 7 investigates both the system-wide average weighted
QoS in tackling all types of service requests and the resulted

Fig. 7. Performance comparison on different optimization approaches by
changing the total number of PEs/DTs N .

system cost, achieved by GST, SIO, FPL and the proposed
ARBOK with different numbers of PEs/DTs N . We can ob-
serve from Fig. 7(a) and (b) that, the average weighted QoS
decreases while the system cost increases withN for all different
approaches. The main reason is that, a larger N can lead to
more demands for dynamic DT placement and continual update
with potentially larger amount of data, thereby prompting the
reduction of the average weighted QoS due to the constraint of
resource. Moreover, it can be seen that the proposed ARBOK
outperforms all benchmarks in enhancing the average weighted
QoS and reducing the system cost. This can be explained in
threefold: i) although GST can offer a higher average weighted
QoS compared to SIO, it suffers from the excessive system cost
because of greedily migrating DTs to the ES storing the profile
that maximizes their QoS, ignoring the potential large volume
of migration cost; ii) unlike SIO that focuses on balancing the
short-term average weighted QoS and system cost, ARBOK
optimizes the long-term performance for both metrics in dy-
namic environments by leveraging the Lyapunov optimization;
and iii) compared with FPL, the proposed ARBOK exhibits a
much stronger exploration capability, particularly for a larger
N , owing to the employment of the combinatorial arm set
construction which merges two arms into a single super arm,
significantly reducing the number of candidate arms.
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Fig. 8. Performance comparison on different optimization approaches by
changing the total number of ESs M .

Fig. 8 compares the system-wide average weighted QoS in
tackling all types of service requests and the resulted system
cost under GST, SIO, FPL and the proposed ARBOK by varying
the total number of ESs M . As shown in Fig. 8(a) and (b), the
average weighted QoS increases and the system cost decreases
with M for all different approaches. This is because, as the
total number of ESs grows, more caching resources can be
provided, allowing DT profiles to be stored on closer ESs and
later for effective integration in the DT update. Besides, both
figures reveal that the proposed ARBOK outperforms the other
benchmarks. This is due to the fact that i) different from GST
that only maximizes the short-term QoS performance, ARBOK
can well balance the long-term trade-off of average weighted
QoS and system cost by dynamically adjusting the importance
of these two metrics according to the deployment cost queue and
the Lyapunov parameter; ii) In contrast to SIO, which employs
a particle swarm optimization algorithm to tackle the complex
non-convex optimization problem to suboptimal, the proposed
ARBOK significantly reduces the overall complexity by first
decoupling the problem into two subproblems, and then alter-
nately solves them using the MO-EL and AC-BL algorithms,
respectively, thereby achieving a more optimal solution; and
iii) compared to FPL that obtains decisions by imposing a
simple perturbation on the real cumulative loss, the proposed
ARBOK can offer superior arm selections by calculating the
sampling probability distribution of each arm based on carefully
designed learning rate along with estimated cumulative loss,

with a detailed analysis of the integrated bandit learning process
provided in Appendix I, available online.

Additionally, we conduct the sensitivity analysis with respect
to three critical parameters in the different aspects, including the
ESs’ caching capacity zmax

m of the end-edge-cloud collaborative
networking system, the hyperparameter of continual DT update
ζ in the introduced DT deployment framework, and the Lya-
punov control parameter V in the proposed ARBOK approach.
Note that, in each experiment, we only change a single parameter
while fixing all other parameters to the same settings as those in
Section 5.1. The obtained results are illustrated in Appendix J,
available online.

VI. CONCLUSION

In this paper, we have studied the dynamic DT placement
and continual update over an end-edge-cloud collaborative net-
working system. Aiming to maximize the system-wide average
weighted QoS in tackling all types of PEs’ service requests
under the system cost constraint, we have formulated an on-
line optimization problem to jointly determine DT migrations,
service priorities towards different service request types, and
corresponding DT updating strategies for both personalized
service ability improvement and versatile service ability main-
tenance. Considering the uncertain observations and implicit
feedback with regard to various decisions, we have proposed
a novel adversarial bandit learning assisted online optimization
approach, namely ARBOK. Specifically, ARBOK first decom-
poses the long-term problem into a series of instant ones using
the Lyapunov method, each of which were then decoupled into
two interrelated subproblems. On top of this, ARBOK leverages
the designed MO-EL and AC-BL algorithms to alternately solve
different subproblems till the convergence. We have conducted
the theoretical analysis and extensive simulations, not only
verifying the effectiveness of the introduced framework, but
also illustrating the superiority of the proposed solution over
counterparts.

In our future work, we plan to extend the online learning
algorithm to account for inaccurate decision feedback in the
practical DT deployment process, e.g., noise, delays, or missing
observations of DTs’ QoS, response latency and deployment
cost. Specifically, we will explore the impact of noisy decision
feedback on the convergence rate and learning performance of
the proposed algorithm. To mitigate such issue, we may employ
the feedback filtering scheme [66] to filters out-of-range values.
Besides, delayed decision feedback may degrade the algorithm’s
performance in dynamic environments, which necessities delay-
aware arm selection mechanisms [67] to explicitly incorporate
feedback delay into the exploration strategy. Furthermore, miss-
ing observations may also lead to insufficient exploration and
degraded learning performance. This may require a parallel ex-
ploration strategy [68] based on the number of missing feedback
associated with each arm.
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