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Digital Twin-aided Distributed Contextual Bandit
Learning for Computation Offloading in Dynamic
Fog Computing Networks

Hoa Tran-Dang and Dong-Seong Kim

Abstract—In this paper, we propose a novel approach for
parallel task computation in dynamic fog computing networks,
leveraging digital twin technology and distributed contextual
bandit learning. Our method, digital twin-aided distributed con-
textual bandit learning (DT-DCBL), utilizes digital twins to create
real-time virtual representations of fog network components,
capturing their dynamic states and behaviors. This enables
accurate modeling of network conditions, device capabilities, and
task workloads. We employ Thompson Sampling within the con-
textual bandit framework to address the exploration-exploitation
dilemma, efficiently learning the uncertain environment of the fog
network. To optimize task offloading, we incorporate matching
theory, ensuring effective pairing between task nodes and helper
nodes based on their individual preferences and capabilities.
By combining these advanced techniques, DT-DCBL facilitates
adaptive and efficient task allocation, significantly reducing
task execution latency and enhancing resource utilization in
fog computing networks. Our simulation results demonstrate
that the proposed approach outperforms traditional methods,
achieving superior performance in terms of delay reduction and
computational efficiency in dynamic fog environments.

Index Terms—Decentralized task offloading, exploitation and
exploration dilemma, fog computing network, multi-armed ban-
dit, stable matching, Thompson sampling.

I. INTRODUCTION
A. Context and Motivations

HE Internet of Things (IoT) has evolved into a crit-

ical enabler of intelligent systems, including smart
cities [1], smart factories [2], and smart logistics and supply
chains [3], [4]. These systems rely on pervasive connectivity
among distributed devices to generate and exchange large
volumes of data, which are processed to provide intelligent
services. However, resource limitations in computation, stor-
age, bandwidth, and energy prevent IoT devices from locally
processing complex tasks and large-scale data efficiently.
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Cloud computing has traditionally addressed this limitation
by offering elastic resources and services through paradigms
such as PaaS, IaaS, and SaaS [5], [6]. Yet, the centralized
nature of cloud-based solutions introduces latency and re-
liability concerns, especially for real-time, latency-sensitive
applications, due to physical distance to cloud servers and
network fluctuations.

To mitigate these issues, fog computing networks (FCNs)
have emerged as a decentralized computing paradigm that
brings computation closer to the data source [7], [8]. FCNs
reduce service latency [9], improve energy efficiency [10], and
enhance quality of service/quality of experience (QoS/QoE)
by performing computation at intermediate fog nodes. How-
ever, realizing the benefits of FCNs necessitates efficient
task offloading strategies, particularly in multi-task multi-
helper (MTMH) scenarios where multiple task nodes (TNs)
offload tasks to multiple helper nodes (HNs) [11], [12]. The
challenge lies in dynamically matching TNs with suitable HNs
while minimizing latency and meeting diverse QoS constraints.
This challenge is further compounded by the heterogeneity
of node capabilities, time-varying resources, and non-uniform
task requirements [13].

While centralized optimization-based solutions [14], [15]
have been extensively studied, they rely on complete system
knowledge, introduce significant computational and commu-
nication overhead, and are difficult to scale in dense, hetero-
geneous FCNs [16]. As a result, research attention has shifted
toward decentralized task offloading frameworks.

Game-theoretic methods have been proposed to reduce
coordination overhead in decentralized settings [17], [18], yet
they often assume partial knowledge of other agents’ strategies
and rely on idealized equilibrium concepts [19], such as Nash
equilibrium [20], which may not effectively capture the mutual
preferences and selfish behavior of TNs and HNs.

To address these limitations, matching theory (MT) has
emerged as a promising tool for modeling and solving de-
centralized, stable, and preference-aware task offloading prob-
lems [21], [22]. Grounded in the deferred acceptance (DA)
algorithm [23], MT-based frameworks enable tractable and dis-
tributed matching of TNs to HNs based on mutual preferences.
However, existing MT-based approaches generally assume that
the preferences of TNs and HNs are known in advance, which
is often unrealistic in dynamic environments where computing
capabilities and task characteristics evolve unpredictably.

To manage this uncertainty, recent work has introduced
learning-augmented matching approaches. Digital twin (DT)
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technology has gained traction as a way to alleviate preference
uncertainty by constructing virtual replicas of fog nodes to
estimate their current resource states (e.g., CPU availability,
queueing delays) [24]. Nevertheless, the stochastic nature of
task arrivals and their dynamic requirements still demands
adaptive learning mechanisms from the TN side to infer which
HNs are most suitable for offloading.

This need aligns well with online learning paradigms,
particularly multi-armed bandits (MABs), which model the
exploration-exploitation trade-off in uncertain decision-making
environments [25]. Compared to reinforcement learning (RL)
and deep reinforcement learning (DRL) methods [26]-[28],
MAB-based approaches offer faster convergence and lower
complexity—qualities particularly suitable for resource-
constrained fog environments. Among MAB algorithms,
Thompson sampling (TS) [29], a Bayesian method that
maintains posterior distributions over expected rewards, has
shown strong empirical performance and theoretical guaran-
tees [30], [31].

Building on these foundations, this work investigates
the following core research problem: How can we design
an efficient, distributed task offloading framework in dy-
namic, resource-constrained fog computing networks that ac-
counts for mutual preference uncertainties of task nodes and
helper nodes? To address this question, we propose a novel
framework—digital twin-aided distributed contextual bandit
learning (DT-DCBL)—-which integrates matching theory, TS-
based contextual bandit learning, and DT-assisted resource
estimation for adaptive and scalable task offloading in dynamic
FCNs.

We hypothesize that integrating TS into contextual bandit
learning will accelerate convergence and improve decision
accuracy in the presence of unknown and evolving pref-
erences between TNs and HNs. Additionally, we postulate
that leveraging DT models to estimate HN resource states
in real time will substantially reduce preference uncertainty
and improve offloading outcomes. Lastly, we expect that the
proposed DT-DCBL framework will outperform centralized
optimization and game-theoretic baselines in terms of average
task latency and offloading success rates, particularly in multi-
task multi-helper fog environments characterized by high
variability and limited observability.

B. Paper Contributions

The primary contributions of this paper are as follows.
First, we develop a DT-enabled architectural framework that
provides real-time, fine-grained visibility into the dynamic
states and resource conditions of fog nodes. This facilitates
accurate estimation of HN availability and responsiveness,
which is crucial for adaptive task offloading in highly dynamic
environments. Second, we design a distributed contextual
bandit learning algorithm that leverages TS to enable task
nodes to learn optimal offloading strategies under uncertainty.
The algorithm is specifically tailored to the decentralized and
resource-constrained nature of fog computing networks, with
emphasis on minimizing computational overhead while maxi-
mizing resource utilization. Third, we conduct comprehensive
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simulations to evaluate the proposed DT-DCBL framework,
demonstrating substantial improvements in offloading effi-
ciency, average task latency, and overall network performance
when compared to state-of-the-art baseline approaches.

C. Paper Organization

The rest of this paper is organized as follows. Section
2 highlights the typical related works regarding the bandit
learning-based algorithms in different fog computing envi-
ronments. Section 3 introduces the system model and for-
mulates the task offloading problem for the heterogeneous
dynamic FCNs. Section 4 proposes and describes the design
of proposed model. Section 5 shows the simulation results
and comparative analysis. Section 6 concludes the paper and
discusses the open directions to extend the current work.

II. RELATED WORK

This section reviews existing task offloading approaches in
fog computing based on bandit learning, with a focus on how
these methods address dynamic system conditions, decentral-
ized decision-making, and uncertain feedback environments.

Bandit learning has been extended to address bandit convex
optimization (BCO), which deals with time-varying objectives
and constraints under limited feedback. The foundational
works of Flaxman et al. [32] and Kumagai et al. [33] were
adapted to fog computing in BanSaP algorithms [34], [35],
designed for online offloading in dynamic IoT networks.
BanSaP algorithms maintain sublinear dynamic regret and
support long-term constraint satisfaction without requiring full
gradient information. Through simulation, they demonstrated
superior adaptability over traditional online convex optimiza-
tion in fluctuating environments.

D2CIT [36] applies a non-stationary e-greedy MAB algo-
rithm to offload subtasks over fog and cloud layers based
on directed acyclic task graphs (DATGs). Each fog node is
modeled as an arm, and subtasks are scheduled in a way that
adapts to time-varying system loads and processing delays.
Compared to benchmark policies, D2CIT achieved up to 17%
latency reduction and 59% speedup.

The BLOT algorithm [37] is designed for fog networks
with abrupt state changes and delayed feedback. It minimizes
long-term cost (latency, energy, switching) by modeling the
task offloading as a non-stationary bandit problem. A sliding-
window estimator detects changes and adapts to the environ-
ment. Despite its simplicity and theoretical robustness, BLOT
was only validated on a small-scale network.

Wang et al. [38] employed a combinatorial MAB (CMAB)
framework for joint fog node and spectrum scheduling, treat-
ing each (node, channel) pair as an arm. The learning algo-
rithm estimates delay and reliability using upper confidence
bounds. The model supports multi-arm selection and shows
better performance in dynamic network topologies than classic
UCB-based schemes.

To handle uncertainty and adversarial threats in vehicular
fog computing (VFC), Cho et al. [39] used an adversarial
MAB model. It employs input-dependent exploration bonuses
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and implicit score patching to minimize offloading regret in
environments with privacy risks, attacks, or node failures. The
method adapts without strong stationarity assumptions and
remains robust under volatile conditions.

Zhu et al. [40] proposed a CMAB framework under stochas-
tic and non-stationary channel conditions. Their WFCUCB
algorithm balances exploration-exploitation under mixed arm
reward distributions and achieves rapid convergence and low
latency without assuming prior knowledge.

Sun et al. [41] introduced task replication in VFC using
CMAB to minimize delay. Each task is offloaded to multiple
fog nodes, and redundant replicas are terminated upon the first
successful execution. The learning algorithm estimates delay
distributions and adaptively decides the replication count.
Results showed a 30% reduction in average delay and higher
task completion rates.

Shabir et al. [42] extended task replication with resource-
awareness. Their algorithm selectively replicates tasks based
on node reliability and system load, improving the task de-
livery ratio and reducing system overhead compared to the
method in [41].

In [43], contextual MAB is used to exploit sensor hetero-
geneity and mobility in urban fog-assisted wireless sensor
networks. The algorithm learns context-dependent delay pro-
files of fog nodes and adapts offloading policies accordingly.
This model achieved significant improvements in delay and
reliability in dynamic WSN environments.

Zhang et al. [44] developed calibrated contextual bandit
learning (CCBL) for user-side task offloading in ultra-dense
MEC systems. Users independently learn delay models of base
stations using local context and predict neighboring users’ ac-
tions to avoid conflicts. The method relies on approachability
theory for convergence and supports a scalable decentralized
architecture.

In [45], the learning-matching algorithm combines online
learning and matching theory to solve a one-to-many matching
problem in fog networks. Preferences are estimated based on
observed feedback, and a pricing mechanism resolves conflicts
among competing task nodes. LMA achieves bounded regret
without requiring centralized coordination or global system
knowledge.

While the above studies present significant progress, they
often assume either full observability of fog node states, rely
on stationary environments, or focus on centralized or single-
node task offloading strategies. In contrast, our proposed
DT-DCBL approach integrates DT-based state estimation with
contextual bandit earning in a decentralized setting. This
allows for real-time task offloading under uncertainty and
matching conflicts in large-scale, dynamic fog networks. To
further clarify the contribution, Table I compares DT-DCBL
with representative approaches.

ITII. SYSTEM MODEL
A. Fog Computing Network

In the general system architecture, a FCN consists of M
TNs and N HNs co-existing in an area to support computing
various types of tasks as shown in Fig. 1. Without the loss
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TABLE 1
COMPARISON OF DT-DCBL WITH RELATED METHODS.
Method Context DT Decentralized Matching Dynamic
UCB / e-Greedy X X X X X
CMAB [38], [41] X X X X v
CCBL [44] v X 4 X v
BLOT [37] X X X X v
DT-DCBL v v v v v
Physical Fog Network DT Layer
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Fig. 1. Task offloading in FCN with the assistance of DT.

of generality, this paper considers the FCN with an equal
number M of TNs and HNs to investigate the performance of
distributed task offloading in form of one-to-one matching with
bandit learning integration. Notably, scenarios with unequal
number of TNs and HNs can be deduced or extended from the
current network configuration. For example, as M > N, a part
of tasks that are unable to be processed by HNs are managed
by the cloud. Indeed, as M < N, there exist M HNs with the
most ample computing capability selected for offloading the
tasks from M TNs. Furthermore, as a HN is able to process
multiple tasks via, for example, parallel virtual machines, it is
worth to investigate the many-to-one matching model for task
offloading as extension works.

In this work, we define the set of TNs and HNs as
T ={Ty, Ty, -, Ta} and H = {Hy,-- -, Hj,- -, Hyr},
respectively. FNs are heterogeneous in terms of computing
capability, storage, and connectivity technology. In addition,
we assume that all the FNs can connect together through
wireless links. We adopt a time-slot model where the total time
period is divided into K discrete intervals, the set of which is
denoted as S = {1,- - -,t,---, K}. At the t*" slot, each TN i
generates a corresponding task T;(t), which is represented by
a tuple T;(t) = {s;(t),vi(t), D™**(t)}, where s;(t) is the task
size (bits), ;(t) is the computation complexity of task (CPU
cycles/bit), and D**(t) is the maximum permitted latency for
the task 7; at time slot ¢. The specification of task varies across
different slots. In addition, the tasks are not split arbitrarily,
thus each task 7; should be either allocated as one whole piece
to one neighboring HN or processed locally.

The unfinished tasks are assumed to be cached in a first-in
first-out (FIFO) queue at each FN. Due to the limited com-
putation and storage resource within one individual FN, the
tasks processed locally usually experience high latency, which
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degrades QoS and QoE. To enable low-latency processing,
TNs may offload some of its computation burdens to the
nearby HNs. These HNs typically posses more computation
and storage resources and are deployed to help other TNs on
demand.

Meanwhile, the computing resource state of H; is repre-
sented by CPU frequency f;(¢) (cycles/s), mean computing
service rate (i, (bits/s) and waiting in queue g¢;(¢) (bits), which
are assumed to vary over different time slots.

Table II summarizes the key variables and notations used in
this paper.

TABLE II

NOTATIONS AND VARIABLES.
Symbols Definitions
FN, TN, HN  Fog node, Task node, Helper node
T, H Set of TNs (tasks), set of HNs
M Number of TNs, Number of HNs in FCN
Ti, H; TN i, HN j
t The " time slot
T;(t) The task generated by TN 4 in time slot ¢
fi(t) CPU frequency of Hj in time slot ¢ (cycles/s)
0 CPU frequency deviation of H; in time slot ¢
s (t) The task size of T;(t) (bits)
i (t) Computation complexity of T;(t) (cycles/bit)

max(t) Maximum permitted latency for 75 (t)
Dy (t) Latency for executing T;(t) by HN H;
5}2;“ () Transmission delay from T; to H;
R;;(t) Data rate between T; and H;

W (t) Waiting delay in the queue of Hj

Queue length of H; in time slot ¢ (bits)

q;(t Queue length deviation of H; in time slot ¢ (bits)
15 (t) Processing rate of H; in time slot ¢ (bits/s)

1 (t) Processing rate deviation of H; in time slot ¢ (bits/s)
6;71.(15) Delay to process T; by H;

B. Digital Twin Model

We consider a centralized DT layer hosted at a fog server,
which provides services to replicate and simulate the behavior
of physical fog nodes (both TNs and HNs). The DT services
maintain a virtual replica for each physical fog node, encapsu-
lating its hardware configuration, historical performance data,
and real-time operational state. Through a real-time update
and control mechanism, the DT layer synchronizes with the
physical system and supports estimation and decision-making
functionalities [24].

In particular, each HN H; has a corresponding digital
counterpart DT}, represented as:

DTy = {(f;, f7) (5. i15), (a5, 45) }

where:

e fj, uj, and ¢; are the estimated (simulated) values of
CPU frequency, mean computing service rate, and queue
length, respectively, as predicted by the DT model.

e fj, ft;, and §; denote the deviations due to modeling and
simulation inaccuracies between the DT and the physical
world.

In our work, we assume that deviations are negative, i.e., the
DT tends to overestimate the capabilities of the physical HNs.
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Therefore, the actual (ground-truth) values on the physical
HNs are calculated as:

actual

f;ctual _ f] _ fja M;ctual =p; — p’jv Qj =qj — (ij

TNs query the DT layer to retrieve the estimated system
states of HNs along with the associated deviation values. This
enables TNs to make informed offloading decisions based
on a predictive model of system behavior under uncertainty.
Notably, the DT layer operates as a shared service accessible
to all TNs, and the physical HNs do not directly share their
internal parameters with TNs.

C. Problem Formulation

Denote the set of task offloading decisions between M
TNs and M HNs as a(t) = {a;;(t)}, where each element
is a binary variable, ie., o;;(t) € {0,1}. a4;(t) = 1
means that the task T; is decided to be offloaded by H; in
the time slot ¢; «;;(t) = 0, otherwise. D;;(t) is the total
delay when H; is assigned to process 7; and is calculated
by Dji(t) = 0fF(t) + 0 (t) + 05;(t), where 5F(t) is the
transmission latency, 6;”(15) is the waiting delay in queue of
Hj, and 67;(t) is the execution latency by H;. Given the data
rate 7;;(t) (bits/s) between T; and H; at time slot ¢, we can
achieve 550@) = (Oéij (t)&(t))/r”(t)

The estimated latency of H; to execute T; is given by
on(t) = 25031 The Jatency gap A, (t) between real value

Ji(®),
and DT estimation can be expressed as:

OO0
Fi@)(f5 () = £5(t))
As a result the actual latency for executing at H; can be

expressed as 0y (t) = Sfi(t) + A¥,(t). The estimated waiting

delay is measured by H; as 03 (t) = %

For TNs, the objective of offloading their tasks to HNs is
to minimize the l%g-t]\;rriljaverage delay D, which is defined
as D = Klgnoo + t; Z; ng a;5(t) Dy ().

We also define 2 to be the set of task suffering from
outage and can be expressed as per Q = {T; € T|a;;(t) =
1 & D;j(t) > D™, Vj € H}.

Definitely, the task offloading optimization problem is for-
mulated as follows:

A%(t) (1

P: minD &

aij(t)

C'1 : Oé”(t) € {07 1},V{Z,j, t} € {T,H,S},

min ||
aij(t)

S. t.

,
Cy: Y aij(t) S LVjeM,VtES, @)
i=1

H
Cs: Zaij(t) < j,VZ S T,Vt €Ss.
j=1

The objective is to minimize the total offloading delay and
the number of outages. Here, the constraints C7, Co, and Cs
guarantee that at each time slot ¢, a task can be offloaded to
only one HN, and a HN can process at one task from TNs.
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There are two difficulties in solve the above problem. First,
it is a stochastic programming problem. The exact information
about the delay D;;(t) is not available before the task T;(t) is
completed. In addition, event if D;;(t) is estimated a priori,
this problem is still a combinatorial optimization problem and
the complexity is in the order of O(M?K). This is due to the
fact that the previous offloading decisions determine the queue
length in each HN and further affect the decisions of future
tasks.

IV. PROPOSED MODEL DESCRIPTION
A. OTO Matching Model for MTMH Problems

Given the constraints Co and C5 of problem P, the task
offloading problem can be modeled as a one-to-one (OTO)
matching game between players of two sets: 7 and H, which
is defined as follow.

Definition 4.1: The OTO matching is a function
M: T UH — T UH such that the three following constraints
are satisfied:

e Forany T; € T, M(T;) € HU{T;},

o For any H; € H, M(H;) € TU{H;},

o Forany T; € T and H; € H, T; = M(H;) if and only

if H; = M(T3).

In the OTO matching model, each agent T; can only be
matched with one agent H;, and 7; remains unmatched if
M(T;) = T;. The objective of matching is to reach the stable
status for all pairs.

Definition 4.2: A matching M is pairwise stable if there is
no block pair (T}, H;).

Definition 4.3: (T;, H;) is a block pair for a matching M
if three following conditions are satisfied:

o« M(T;) # Hj,

o Hj-p, M(T0),

o T; >~ H; M(H j)a

where >, and >, represent two preference relations allow-
ing the TNs and HNs from each of the two sets to express
preferences over the opposite nodes.
Each node builds a ranking of other nodes in the opposite
side individually using this preference relation, and then con-
structing its own preference list (PL). With the full connected
FCNs, each node has a complete PL over the nodes on the
opposite side. Assume that each T; € 7 has a PL denoted as
P(T;) = (Hy, Hy,- -+, Hj,- - -, Hp, T;). This means that T;
prefers agent Hy to Hy (i.e., Ho =7, Hy).

To achieve a stable matching, each node forms a PL over
its potential partners based on utility functions that reflect the
optimization objective—minimizing task delay and outage. For
each TN Tj, the utility of offloading to HN Hj is given by
an unknown preference value u;;(t), and vice versa, vj;(¢)
denotes the preference of H; for T;. These are derived via
the utility functions f;;(-) and g;;(-), respectively, and are
expressed as:

1
u(t) = vji(t) = 1+ e~ (DF®H-Di (&) ®

Intuitively, this sigmoid-based function prioritizes matches
where the expected offloading delay D;;(t) is significantly
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below the deadline D (¢), resulting in a higher utility value.
A larger w;;(t) implies a higher preference of T; for H;,
and similarly for v;;(¢). These utilities are initially unknown
to the nodes and are learned iteratively using contextual
bandit learning. This symmetric utility modeling assumes that
both TNs and HNs evaluate each other based on the same
offloading delay conditions, promoting fairness and stability
in the matching process.

B. Contextual Bandit Learning Model and Algorithm

In the multi-armed bandit (MAB) framework, TNs act as
players and HNs serve as arms. The objective is for each task
node T; to learn the acceptance probabilities w;;(t) and v;;(t),
which represent the likelihood of successfully offloading a task
to helper node H; at time slot ¢. We propose a contextual
bandit learning method that extends TS to our multi-stage,
matching-constrained environment as illustrated in Fig.2.

Bandit Learning + Competition = Learning-based Matching

t=2

TNs (Players) learn by
sequentially pulling HNs (Arms)

TNs compete for HNs and
HNs accept or deny TNs

TNs learn preferences of HNs
through reward received

Fig. 2. Contextual bandit learning based two-sided matching.

In each time slot t = 1,2,- - - K, the offloading
decision-making is repeated over multiple learning rounds
r=1,2,---, R. In each round, a task node T; selects a helper
node H; to offload its task to. If multiple task nodes attempt to
offload to the same helper, a matching conflict occurs. Only
the task node most preferred by the helper is accepted and
receives a reward y;;(t)[r] = 1; others receive y;;(t)[r] = 0.

Let 6,;(t)[r] represent the probability that T;’s offloading
request to H; is accepted in round r of time slot ¢. We define:

P(0:;;(D)[r]) = P(yi; (O[] = 1| Dij@)[r = 1]),

where D;;(t)[r — 1] is the history of contextual data and
feedback collected up to round r — 1.

To estimate 6;;(t)[r], we use a logistic regression model
with the contextual features D;;(t) (reflecting task-helper
dynamics) and D**(t) (reflecting the task’s local processing
difficulty). The probability is modeled as:

0;;(t)[r] = o(wijo + wij1 Di;(t) + wije D(t)),

where o(z) = q7i= is the sigmoid function. The re-

gression weights w;; = {wijo, wij1,wje} are treated
as random variables with Gaussian posterior distributions
wijr ~ N (mijk,qi_j;). This probabilistic modeling enables
posterior sampling of reward parameters, conforming to the
contextual TS principle [46]. The learning is implemented
using a batch logistic regression algorithm (Algorithm 1) with
Laplace approximation and maximum likelihood estimation
(MLE) to update the posterior mean and precision of the
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weights. This sampling-based method allows each task node
to make adaptive, uncertainty-aware offloading decisions over
time and learning rounds. For theoretical analysis and regret
bounds, refer to Appendix B.

Algorithm 1: Logistics regression with batch updates

Input: Regularization parameter A € (0, 1).

Output: Distribution of weights wy, ~ N (my, qk*l)
1 Imitialization: m[0] = 0, ¢;[0] = A\, Vk =0,1,2
2 fort=1,2,---,T do
3 Get a new batch of n training data samples
(x5595), where x = {D, D™}, Vj=1,---,n.
4 Find w to minimize (or MLE): %Zi:o qr(wy, —
mg)? + Z;;l log(1 + exp(—y;wlx;)).
5 Update:
6 mg[t] « wi(t];
7| anlt] < aelt — 1) + 37 @3 ;p; (1 — p;), where
xg; is @y, of the j* sample, and
pj = (1 +exp(—y;wix;)~"!

C. DT-DCBL Algorithm
Algorithm 2 details the execution of DT-CBLM procedure.

Algorithm 2: DT-CBLM Algorithm (for every T;)

Input: Player set 7, arm set H, parameter A € (0,1).

Output: A stable matching M = {(T;(K), H;(K))}.

1 Initialization: V{T;, H;} € {7, 7}, random matching
att =0: M(TL(O)) = HJ(O)

2 fort=1,2,--- K do
3 for r=1,2,---,R do
4 Get {(fj7fj)7(Mj>ﬂj)7(qjaCjJ)} (_DTZ](t)[T]’
VHJ‘ c H;
5 Get context: x;;(t)[r] := {D;;(¢t)[7], D***[t]};
6 Sample the weights w;;(¢)[7] by Algorithm 1;
7 Get Hij (t) [T] = U(wijo(t)[’r} +
wij1 (8)[7]Di; (8)[7] + wija () [T] D" (1))

8 Draw 7;(t)[7] ~ Bernoulli(\);
9 if T [t] [7'] = 0 then // Exploration
10 Construct potential matching set of T;
1 Pi()[r] == {Hj :v5a(t)[7] = vjer ()[7]}
12 where M(Ty (t)[r — 1]) = H;(t)[7];
13 Pull H; € argmaxy, cp, (1)) 0i; (1)[7];
14 else // Exploitation
15 | Pull H;(t)[r] = M(T;(t)[r — 1]);
16 if p; wins matching confict then // 1f accepted
% Hy(0)[r] = M(T(8)[r):
18 yij ()] =1
19 else // 1f rejected
20 M(T;(t)) = Ti(t);
21 Yij (t)[T} =0
22 Update

L Dij(t) < {Ds; @) [7], D (t); i (1) [7]}:
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For every task-helper pair (7;, H;) the algorithm maintains
a posterior P(6;,) that quantifies the probability of a successful
offload. At the beginning of each time slot, each task node T;
queries the DT layer to obtain the predicted delay D,J (t) and
the corresponding uncertainty bounds d;;(¢). These are used
to guide the offloading decision, acknowledging the discrep-
ancy between prediction and the eventual true delay. Once a
minimal amount of data is gathered, 7; samples the logistic-
regression weights via Algorithm 1 and evaluates 6,;(¢) to
guide arm selection. To mitigate repeated collisions, 7; keeps
a potential match set that excludes any helper that rejected
it in the previous round. A Bernoulli exploration variable
m;(t) ~ Bernoulli(\) balances exploration and exploitation:
if m;(t) = 0, T; probes the highest-valued helper in its current
match set; if 7;(t) = 1, it re-uses the helper chosen in the
preceding round. After all TNs issue proposals, every helper
H; accepts the most preferred request according to its current
ranking. The realised reward y;;(¢) is then appended to the
history D;;(t), and the posterior over §;; is updated for the
next learning round.

D. Complexity Analysis

The proposed BLM algorithm is based on iteration learning
mechanism for obtain the optimal solution within each time
slot, thus incurring an additional delay to reach the global
optimum (i.e., stable matching). Regarding the computational
complexity of the algorithm, in each iteration, the preference
list of TNs and temporary fairing between TNs and HNs is
updated and their stable matching is evaluated based on the
DA algorithm. The number of rounds R and the network
dimension M % N determine the number of calculations
required to update the TN-HN matching outcome. Given that
M = N in our proposition, the proposed algorithm has an
overall complexity of order O(R x M?) per time slot.

E. Analysis of Stable and Pareto-Optimal Matching

Definition 4.4 (Stable Matching): A one-to-one matching
between the set of Task Nodes 7 and Helper Nodes # is said
to be stable if there exists no blocking pair (i, 7) such that:

1) i prefers j to their current match fu(7), i.e., wi; > ;).

2) and j prefers ¢ to their current match p(j), ie.,

Wij > Ujp(j)-

Definition 4.5 (Pareto-Optimal Matching): A matching p
is said to be Pareto-optimal if there does not exist another
matching p’ such that:

« For all TNs and HNs, u; (' (7)) > u;(u(4)), and

o There exists at least one agent ¢ such

w1 (0)) > us(a(i).

Proposition 4.1: The stable matching outcome p* produced
by the proposed distributed contextual bandit matching al-
gorithm is Pareto-optimal within the domain of one-to-one
matchings.

that

Proof We proceed by contradiction. Suppose that the match-
ing p* is stable but not Pareto-optimal. Then, there exists
another matching ./ such that:

e Forall i € TUMH: w;(p'(2)) > wi(p*(7)), and
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o For at least one : u; (p/ (7)) > u;(u* (7).

This implies that at least one pair (i,5) is matched in p’
but not in ©*, and both ¢ and j strictly prefer each other over
their partners in p*. That is:

Wig > Uip* () and Uij > Ujp*(5)
which by the definition of stability, constitutes a blocking pair
in p*. This contradicts the assumption that p* is stable.

Therefore, no such matching p’ can exist, and hence, the
matching p* is Pareto-optimal within the set of all stable one-
to-one matchings.

V. SIMULATION RESULTS AND EVALUATION ANALYSIS
A. Simulation Environment Configuration

We evaluate the proposed algorithms in fog environments
where the network size (2 x M) includes 10 and 20 nodes.
In particular, to justify the impact of DT, we conduct a
comparative analysis under two different deviation levels: 1%
and 5%. These deviations reflect the error due to modeling
and simulation in the DT layer and are assumed to remain
fixed during each simulation run. Table III summarizes the
key parameters and values used in the simulation setup, where
U[x, y] indicates the uniform distribution over the interval
[z,y]. For each scenario, all algorithms are executed over
K = 10000 time slots, and the results are averaged over 100
independent runs to ensure statistical robustness. Given the
network configuration, we performed extensive trial processes
(10000 trials) to measure the offloading delays offered by
the helper nodes (HNs). Based on the observed range of
offloading delays (0.087 to 0.45 seconds), we selected the
set {0.1,0.2,0.3,0.4} (seconds) as the maximum permitted
latency values for tasks to evaluate the effectiveness of the
proposed algorithms under different latency constraints.

TABLE III
PARAMETERS FOR SIMULATION.
Parameters Values
Network size (2 x M) {10, 20}

Task size, L(t)

Maximum permitted latency, D™2*(¢)
Data rate r;

Processing density of FNs, ~(¢)

CPU frequency of FNs, f(t)
Deviations of f, u, q

U[1,15] (KB)
{0.1,02, 03, 0.4} (s)
U[0.5.1] (MBps)
U[500,1000] (cycles/bit)
{1.0, 1.5, 2.0, 2.5} (GHz)
{1%, 5%}

B. Comparative Algorithms

Since most existing solutions for task offloading in dynamic
networks rely on bandit learning algorithms such as e-greedy
and UCB, we compare our proposed algorithm, DT-DCBL,
which leverages contextual TS—against these two strategies
used in prior works [36], [37], and [38]. Notably, the algorithm
in [38] employs a UCB-based CMAB approach to select effi-
cient HNs. In contrast, our TS-learning approach incorporates
digital twin feedback with deviation modeling, enabling more
accurate and adaptive learning under uncertainty.
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C. Evaluation Metrics

We evaluate the performance of proposed algorithms in four
key metrics including average offloading delay, cumulative
learning regret, successful offloading ratio of tasks, and cumu-
lative matching unstability under the impact of network size
and error deviation of DT.

D. Evaluation Analysis

Fig. 3 illustrates the average offloading delay achieved
by different bandit learning approaches—including e-Greedy,
UCB, CMAB, and our proposed TS-based learning with digital
twin support—across 10,000 time slots and under varying
network sizes (10 and 20 nodes). Across all algorithms, the
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Fig. 3. Average offloading delay with different network size.

offloading delay decreases steadily as time progresses, reflect-
ing the adaptive learning behavior of each method. Among
them, the proposed TS-based learning approach consistently
achieves the lowest delay, particularly in early time slots, due
to its efficient exploration-exploitation balance using posterior
sampling.

In contrast, CMAB exhibits competitive performance but
remains slightly behind TS due to its reliance on contex-
tual estimation without direct uncertainty modeling. UCB
and e-Greedy, while simpler, tend to converge more slowly
and suffer from suboptimal selections, as they often exploit
prematurely or lack refined contextual understanding.

As shown in the right subfigure of Fig. 3, increasing the
network size from 10 to 20 nodes leads to a noticeable rise
in average offloading delay for all strategies. This increase
is attributed to the heightened complexity and contention in
larger networks. Notably, the proposed TS-based approach
maintains its advantage even in these more challenging sce-
narios, demonstrating strong scalability and robustness.

Furthermore, the inclusion of deviation levels (1% and 5%)
for TS Learning provides additional insights into performance
sensitivity. Lower deviation leads to more accurate reward
estimation and hence, lower delay, reaffirming the benefit of
tighter confidence in contextual observations.

We also analyze the performance of the proposed learning-
based offloading algorithms using the cumulative learning
regret (LR) metric, which quantifies the performance gap
between the learned offloading decision and an ideal offloading
decision with full information. Specifically, the regret is de-
fined as the expected cumulative difference in offloading delay
between the decisions made with incomplete information and
those made with perfect knowledge:
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LR=E ZZ(aij(t)Dij(t)—a,»j*(t)Dij*(t)) . @

t=1 i=1

where T; = M(H;) denotes the task assignment to helper H,
under learned matching, while T; = M(H;-) represents the
optimal matching based on complete information.
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As shown in Fig. 4, the proposed TS-based learning ap-
proach (with DT assistance) achieves the lowest cumulative
regret across both small and large network sizes. This confirms
its strong learning efficiency and adaptability. The Greedy
algorithm incurs the highest cumulative regret in both settings
due to its exploitation-only nature, which fails to adequately
explore better offloading opportunities. UCB performs mod-
erately better than Greedy by incorporating uncertainty-based
exploration, but still suffers from limited contextual modeling.
CMAB learning achieves improved regret performance over
UCB and Greedy by leveraging contextual information across
multiple arms. However, it still falls short of the TS-based
approach, especially in the larger network (size 20), due to its
slower convergence over high-dimensional action spaces and
increased likelihood of action collisions. The proposed TS-
based learning method excels due to its Bayesian sampling
framework, where decisions are made according to the poste-
rior probability of each action being optimal. This results in
efficient exploration that prioritizes promising actions, while
quickly eliminating suboptimal ones. In contrast to UCB
and CMAB—which either overly explore or face scalability
issues—TS efficiently balances exploration and exploitation
based on real-time uncertainty estimation.

Moreover, the impact of DT modeling is evident in the
results: TS learning with a 1% deviation consistently outper-
forms that with 5% deviation, highlighting that more accurate
system state predictions lead to better matching decisions and
lower regret. This confirms the critical role of precise DT
support in accelerating convergence and enhancing offloading
effectiveness in dynamic fog environments. The performance
gap between the algorithms also widens with network size.
For instance, the regret difference between CMAB and TS
becomes significantly larger in the 20-node network, indicating
that the TS method is more robust to network scaling and
can effectively manage increased contention and complexity.
This scalability advantage is vital for real-world deployment
in dense edge computing systems.
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Fig. 5 illustrates the successful offloading ratio, defined
as the proportion of tasks successfully offloaded and com-
pleted within their respective deadlines. This metric directly
reflects the system’s ability to make timely and resource-aware
offloading decisions under dynamic and partially observable
environments.

Fig. 5. Successful offloading ratio.

The results reveal that the proposed TS-based learning
approach, particularly when integrated with DT models, con-
sistently achieves the highest successful offloading ratio across
both network sizes. This indicates its superior capability
in dynamically learning optimal task-helper mappings while
accounting for uncertain and time-varying system states. In
contrast, the Greedy algorithm exhibits the lowest offloading
success due to its purely exploitative strategy. By always
selecting the seemingly best current option without exploring
alternatives, it suffers from repeated task collisions and re-
source contention, especially in the larger network. As a result,
many tasks fail to meet their deadlines due to oversubscription
at popular nodes. The UCB algorithm performs slightly better
by incorporating an exploration term in its decision-making.
However, its upper-confidence bounds can become overly
optimistic, leading to repeated selections of suboptimal nodes
in early stages. This inefficiency becomes more pronounced
as the network scales, resulting in a flatter learning curve
and a relatively modest offloading ratio. CMAB learning
outperforms both UCB and Greedy by leveraging contextual
features to model arm utilities more precisely. However, it
remains sensitive to high-dimensional context spaces and
exhibits fluctuations in the success ratio due to instability in
estimating context-action mappings. Its performance plateaus
earlier than TS-based methods and remains inferior across
both small and large networks. The TS learning algorithm,
particularly when combined with DT assistance, demonstrates
robust and stable improvements. Its success stems from prob-
abilistic sampling of actions based on posterior distributions
over rewards, enabling a balanced and informed exploration-
exploitation tradeoff. This approach inherently mitigates over-
confidence in early decisions and reduces the likelihood of
persistent conflicts or suboptimal mappings.

Furthermore, the impact of digital twin model accuracy is
evident: the variant with 1% deviation outperforms the 5%
deviation variant throughout the simulation horizon. More ac-
curate DT predictions enable the TS learner to better anticipate
the availability and capacity of helper nodes, thus reducing the
frequency of resource collisions and improving task delivery
timeliness. Notably, as the network size increases (from 10 to



H. TRAN-DANG AND D.-S. KIM: DIGITAL TWIN-AIDED DISTRIBUTED ...

20), the performance gap between algorithms widens. This
underscores the scalability and adaptability of the TS+DT
approach in high-density edge environments, where learning
efficient offloading strategies amidst frequent contention and
dynamic load is significantly more challenging.

Regarding the stable matching performance, Fig. 6 reports
the cumulative matching unstability, which is defined as the
number of unstable matchings over time slots.
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Fig. 6. Cumulative matching unstability with different network size

As shown in the simulation results, our TS-based learning
algorithm shows the least matching unstability. Meanwhile,
the greedy and UCB based learning solutions converge much
slower and explore more to find a stable matching. The
CMAB learning enables better performance than the greedy
and UCB approach due to learning multiple arm distributions
simultaneously. Particularly, the TS algorithm explicitly mod-
els uncertainty by sampling from a distribution of possible
values for each arm. This allows it to adapt to changes in the
environment and handle situations where the true reward dis-
tributions are not well-known. In the presence of uncertainty,
the greedy and UCB based learning approaches rely on point
estimates of the mean or upper confidence bound, respectively,
which may lead to suboptimal decisions if the estimates are
inaccurate. Increasing the network size from 10 to 20 nodes
results in overall higher cumulative matching unstability for
all algorithms. However, TS-based learning methods remain
the most stable and successful.

Our algorithm is coupled by DT for estimating the resource
states and handling system uncertainty, while TS component
assists TNs in efficiently selecting suitable HNs through se-
quential learning. In order to disentangle the impact of each
module and verify the synergy of combining both DT and TS,
we conducted an ablation study by comparing three variants:
(1) Full TS + DT (our proposed method), (ii) TS without
DT, and (iii) DT with UCB. As illustrated in Fig. 7, the
proposed TS + DT algorithm consistently achieves superior
performance across all metrics, including the lowest task
offloading delay, the lowest cumulative regret, and the highest
successful offloading rate over 10,000 time slots. The variant
using TS without DT demonstrates higher regret and slower
adaptation due to its lack of predictive modeling of resource
dynamics. Meanwhile, DT with UCB benefits from DT’s
estimation capability but is limited by UCB’s less efficient
exploration strategy compared to TS. These findings confirm
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that both DT and TS contribute significantly and complement
one another effectively in enhancing offloading performance.

Average Offloading Delay
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Fig. 7. Performance comparison of DT-TS, TS-only, and DT-UCB algorithms.

VI. CONCLUSIONS

This paper presents an innovative approach for computation
offloading in dynamic fog computing networks, leveraging
DT technology and distributed contextual bandit learning.
The integration of DT enables more accurate and dynamic
decision-making processes for task offloading. The proposed
distributed contextual bandit learning framework addresses the
exploration-exploitation trade-off effectively, ensuring optimal
resource utilization and reduced latency in fog networks.

Our extensive simulations and experiments validate the
efficacy of the proposed method, demonstrating significant
improvements in task completion time and overall system
performance. The DT-assisted approach not only enhances the
adaptability and scalability of fog networks but also provides
a robust solution to the challenges posed by the heterogeneity
and dynamic nature of fog computing environments.

VII. LIMITATIONS AND FUTURE WORKS

The superior performance of TS-based bandit learning
demonstrated in the simulation results open many opportu-
nities for future works. Firstly, it is worthy to investigate
the proposed algorithms in a general setting of FCNs, in
which the set of TNs and HNs has different number of nodes
and the network is not fully connected. Secondly, several
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matching models would be notably investigated such as many-
to-many (MTM) and many-to-one (MTO), in which multiple
TNs can be matched with multiple HNs and single HN,
respectively. Furthermore, other dimension of dynamic fog
networks also need to be investigated such as the mobility of
fog nodes as well as the volatile of HNs. The other research
issue is to evaluate the performance of the proposed algorithm
when the hard deadlines of tasks are concerned.

APPENDIX

APPENDIX A: THEORETICAL REGRET ANALYSIS AND
LOWER BOUND

Our proposed algorithm DT-DCBL fits within the CMAB
framework with partial feedback and matching constraints.
Under standard assumptions such as bounded context vectors,
Lipschitz continuity of reward functions, and sub-Gaussian
noise in the reward observations, the regret of DT-DCBL can
be shown to grow as O(Mdy/TR), where M is the number
of TNs, d is the feature dimension, 71" is the number of time
slots, and R is the number of learning rounds per slot. This
regret scaling is consistent with theoretical results from con-
textual bandit literature with linear payoffs using Thompson
sampling [46] and UCB-based methods [47]. Furthermore, the
extension to multi-agent and matching-based bandit systems
under decentralized and partial feedback settings has been
studied in [48], supporting the sub-linear regret performance
in more complex interaction settings such as ours. This result
demonstrates that the DT-DCBL algorithm achieves sub-linear
regret over time, ensuring improved decision performance
as learning progresses. Our algorithm follows a contextual
combinatorial multi-armed bandit setting, where each TN
independently selects a HN in a distributed and decentralized
manner. After selection, it receives a binary reward feedback
(i.e., y = 1 for acceptance, y = 0 for rejection). Each
TN applies a contextual Bayesian Thompson Sampling-based
update rule to adjust its belief over the expected reward. This
learning structure aligns with prior work such as [46], [49],
where it has been shown that Thompson Sampling in CMAB
settings with Bernoulli feedback yields a regret bound of
O(v/TlogT) over T time slots, assuming a bounded context
space and prior regularity.

Furthermore, theoretical lower bounds for contextual MABs
have been established in [50] and [51], showing that any
algorithm must suffer a regret of at least Q(+/7) in the worst
case, depending on the dimensionality of the context vector.
In matching markets with limited feedback, Liu et. al [52]
proved that a regret of Q(log7T’) is unavoidable under decen-
tralized partial information settings. Our algorithm respects
these bounds and performs close to the empirical upper limit
observed in similar decentralized context multi-armed bandit
systems.

APPENDIX B: LAPLACE APPROXIMATION

We are interested in approximating a posterior distribution
of a weight wy (Vk = 0, 1, 2) for a logistic regression denoted
by p(w;|D) = 1/C f(w;), where D = {x;y} is the set of
historical observables with n samples (j = 1,- - -,n), f(-)
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is some unnormalized density and C' = [ f(w;)dwy, is the
normalizing constant. p(wy|D) can be approximated by a
second-order Taylor expansion of f(wy) around the mode w;
of the target p(w;|D;). Let g(wy) = log f(wy) and consider
the second-order Taylor expansion of g(wy) around .

glun) = gliin) + o/ () wr — ) + 597 () (e — 1
S

. dlog f(w ! (b, -
NAote that ¢'(wy) = %ﬁ"”wk:wk T J}((w:)) = 0, since
J'(wr) = 0, so we have g(wy,) = g(iy)+39" (W) (wr—wk)*.

Applying the exponential function on both sides yields:

Flwe) % f(n) explz9” () (wi — i) ©

We can now approximate the normalizing constant:

c= / f(we)dw, ™)

~ f(ibk)/exp(—y

Consider a random variable z ~ A (u,0?), let v =

02, the pdf of z is p(z) = U\}ﬂexp(—%(zt_,g)z)
Vai

= exp(—3(z — w)?). Since [p(z)dz = 1, thus we have
Jexp(=3(z — p)?)dz = V2m/\/7. Referencing to (7), we
h ~ f (i) —~L2—.
ave C f(wk)\/m

Finally, using the Laplace approximation, we have:

(wk — ﬁ)k)Q)d’wk.

1 1 (wg — y,)?
PR o)
®)

p(wg|D) =

V2r

Definitely,

plwe | D) = N (i, (=g (@) )

. d?(log f
where ¢” (1y,) = LU Ogglu{?(w*k)) =y, -
On the other hand, the posterior distribution over the

weights is given by Bayes’ rule:

P(D|w)p(wr)
P(D)
Applying log function to the two side yields:

p(wi|D) = 9

—log p(wg|D) = —log p(D|wy) — log p(wy) + log p(D).

(10)

The negative log likelihood (NLL) is given by
~logp(Dlwy) = 3 log(1+e ™), (11)

j=1
where y; = {—1,+1}.
The negative log prior is given by
—logp(wy) = — Z M + constant  (12)
- 2

since wy, ~ N (my, q;, ).
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Consequently, for MLE,

max p(wy|D) = min(— log p(wg|D)) (13)
2
N Gk (wr = mi)?
— mm[z % (14)
k=0
+ Z log(1 + e_ijij)].

Jj=1

Finally, referencing to 8, we have

G < —9" (Wi w,=i, = @ + Y _ 20 (1—p;),  (15)

j=1
where zj; is @) of the j'* sample and p;, = (1 +
exp(—wlx;))~L
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