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Abstract—Efficient task offloading in dynamic fog computing
environments requires adaptive decision-making under uncer-
tainty. This paper proposes a Bayesian Deep Neural Network
(BDNN)-empowered Thompson Sampling (TS) framework for
context-aware task offloading, enabling intelligent resource allo-
cation while balancing exploration and exploitation. The BDNN
models the stochastic reward function by learning a posterior
distribution over network weights, capturing the uncertainty
in offloading decisions. At each time step, the task node sam-
ples a set of weights from the learned posterior to estimate
the expected reward of each helper node, facilitating adaptive
decision-making in dynamic network conditions. Experimental
results demonstrate that our approach outperforms conventional
heuristics and deep learning-based methods, achieving lower
latency, improved resource utilization, and better offloading
efficiency in fog computing environments.

Index Terms—Bayesian Deep Neural Network (BDNN),
Thompson Sampling (TS), Context-aware Task Offloading, Dy-
namic Fog Computing, Uncertainty-aware Decision Making.

I. INTRODUCTION

In recent years, fog computing has emerged as a promising
paradigm to address the increasing demand for low-latency,
resource-intensive applications by extending cloud computing
capabilities to the edge of the network. Fog computing en-
hances the performance of Internet of Things (IoT) applica-
tions by enabling data processing, storage, and computation
closer to the devices generating the data [1]. However, effective
task offloading in fog computing is a complex challenge due
to the dynamic nature of the network, varying computational
resources of fog nodes, fluctuating network conditions, and
diverse application requirements.

Task offloading refers to the process of delegating tasks
from resource-constrained devices (task nodes) to more pow-
erful computational resources (fog nodes or helper nodes) for
execution. Efficient task offloading strategies can significantly
improve resource utilization and overall system performance
[2]. However, task nodes often have limited knowledge about
the current state of the fog nodes (e.g., available resources,
latency, and network congestion), which complicates the
decision-making process for task offloading.

Traditional approaches to task offloading rely on predefined
rules or heuristic-based methods to decide the best fog node for
task execution. These methods often fall short when dealing
with the uncertainty and dynamic nature of fog environments.
Machine learning techniques, such as Deep Neural Networks
(DNNs), have been employed to predict the reward of offload-
ing decisions based on historical data [3]. However, these ap-
proaches typically rely on deterministic models, which do not
explicitly account for uncertainty in the reward estimation. The
inability to model uncertainty leads to suboptimal decisions,
particularly in highly dynamic environments.

To overcome this limitation, we propose a novel framework
that combines Bayesian Deep Neural Networks (BDNNs) with
Thompson Sampling (TS) for context-aware task offloading
in dynamic fog computing environments. The core idea of
our approach is to leverage BDNNs to model the reward
function as a probabilistic distribution, capturing the inherent
uncertainty in offloading decisions. Instead of using a single
deterministic estimate, our approach samples weights from the
posterior distribution of the BDNN at each time step, allowing
for adaptive decision-making that balances exploration and
exploitation.

In our framework, each task node observes a variety of
contextual information, such as task characteristics (e.g., size,
deadline, computation requirements), network conditions (e.g.,
congestion, latency), and fog node features (e.g., available
resources). Using this context, the BDNN estimates the ex-
pected reward for offloading the task to different fog nodes.
Thompson Sampling is then used to sample the reward from
the learned posterior distribution, which enables the task node
to explore different offloading strategies while exploiting the
most promising ones.

The key contributions of this paper are as follows:

• We propose a BDNN-based model for uncertainty-aware
task offloading, where the reward function is learned
probabilistically.

• We integrate TS with the BDNN to enhance exploration-
exploitation tradeoffs during task offloading decisions.
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• We demonstrate the effectiveness of our approach
through extensive simulations and comparative experi-
ments, showing its ability to achieve energy efficiency,
lower latency, and successful offloading rate compared
to existing methods.

II. RELATED WORKS

Task offloading in fog computing has attracted
significant attention due to its potential to enhance
the performance of latency-sensitive applications.
Traditional offloading approaches often rely on heuristic-
based or rule-based strategies. For example, methods that
select the fog node with the lowest latency or the highest
available resources have been explored, but these approaches
tend to fail in dynamic environments where network
conditions and task requirements fluctuate unpredictably. As
a result, these heuristic methods are typically not adaptable
to changing scenarios and often lead to inefficient resource
usage.

To enhance adaptability, Reinforcement Learning (RL) has
been proposed for task offloading in fog networks [4].
Q-learning was one of the first RL techniques applied to
this problem, where the offloading decision was modeled
as a sequential decision process [5]. However, Q-learning
struggles with large state spaces and extended training times,
particularly in the context of large-scale networks. More
advanced methods like Deep Q-Networks (DQNs) have been
employed to overcome these limitations by approximating the
Q-function with deep neural networks. [6] applied DQNs to
predict the most efficient fog node for task offloading, showing
improvements in decision-making. However, these methods
still rely on deterministic models, which fail to account for
the inherent uncertainty present in the reward function.

Deep Reinforcement Learning (DRL) techniques have been
further explored to enhance the decision-making process
in dynamic fog networks. Techniques such as Advantage
Actor-Critic (A2C) and Proximal Policy Optimization (PPO)
[7], [8] have shown promising results by leveraging policy-
based learning to optimize offloading decisions. DRL-based
approaches provide flexibility in handling continuous state
spaces and dynamic environments. However, these methods
often suffer from high training complexity and convergence
instability, especially in non-stationary environments.

Multi-Agent Reinforcement Learning (MARL) has also
been explored in multi-node environments, where each task
node learns to make decisions by interacting with other task
nodes and the fog infrastructure. [9] introduced a MARL-based
approach where multiple task nodes cooperate to optimize
resource allocation in fog networks. This work demonstrated
the ability to handle more complex interactions between
task nodes and fog nodes. However, these approaches often
face challenges in managing the uncertainty and variability
in network conditions, which are critical in dynamic fog
environments.

In response to the need for uncertainty modeling, Bayesian
methods have been employed to address reward uncertainty in

task offloading. The work [10] explored Bayesian optimiza-
tion for offloading decisions in fog computing, providing a
probabilistic framework for reward modeling. While Bayesian
optimization is effective in static settings, it faces limitations
in real-time decision-making in dynamic environments. To
improve upon these methods, BNNs have been integrated
with RL techniques. The authors in [11] demonstrated the
use of BNNs in dynamic task offloading, where the posterior
distribution over model parameters provided an estimate of the
uncertainty. However, these works often do not fully leverage
the exploration-exploitation tradeoff that TS offers.

Recent studies have explored bandit learning-based ap-
proaches for task offloading in fog-enabled networks. The
BLOT algorithm [12] employs a bandit learning model to
optimize task offloading under non-stationary environments,
minimizing long-term costs by considering latency, energy
consumption, and switching costs. The study demonstrates the
asymptotic optimality of the BLOT algorithm in dynamic set-
tings, showcasing its effectiveness in real-world applications.
Similarly, [13] proposed the D2CIT scheme, which leverages
a multi-armed bandit model for decentralized task offloading
in IoT-enabled fog networks. By dynamically selecting fog
nodes for task allocation based on an -greedy policy, D2CIT
significantly reduces latency and energy consumption while
optimizing resource utilization. Comparative results indicate
that D2CIT achieves a 17% reduction in latency and a 59%
speedup compared to conventional fog computing approaches.

These bandit learning-based solutions provide strong adapt-
ability to changing network conditions, addressing the lim-
itations of traditional RL methods. Unlike conventional RL
models that require extensive training, bandit-based strategies
effectively balance exploration and exploitation, leading to im-
proved decision-making under uncertainty. Consequently, inte-
grating Bayesian methods with Thompson Sampling presents a
promising direction for optimizing task offloading in dynamic
fog computing environments.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

1) Dynamic FCN: We consider a FCN consists of a TN
and M HNs, enabling decentralized and low-latency task
computation as illustrated in Fig. 1.

TN generates computational tasks, while HNs, such as fog
servers, assist in processing. This framework is particularly
applied in real-time applications with resource constraints. A
motivating example is Simultaneous Localization and Map-
ping (SLAM) [12], where a mobile robot builds a map and
tracks its position in real time. Offloading SLAM tasks—such
as feature extraction and pose estimation—to nearby fog nodes
reduces latency and improves efficiency. Given the robot’s
lack of prior knowledge about available resources, dynamic
exploration and real-time offloading are necessary. While this
work focuses on a simplified network, the proposed algorithm
can be extended to scalable networks with multiple agents
and hierarchical fog layers, which will be explored in future
work. Let H = {1, 2, ...,H} represent the set of helper
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H2
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Fig. 1: Task offloading problem between a TN with a generated
task and multiple HNs with heterogeneous and time-varying
computing resource.

nodes. The network operates in T time slots indexed by
t ∈ S = {1, 2, ..., T}, where system conditions, such as
task arrivals, network states, and resource availability, evolve
dynamically.

The TN generates a computational task at time slot t
characterized by τt = {Dt, Ct, T

max
t }, where Dt is the

task size data, Ct is the required CPU cycles per bit, and
Tmax
t , which specifies the maximum time constraint for task

completion. These task parameters change over time, reflecting
variations in workload demands.

Each HN Hi ∈ H possesses computing resources that are
also time-varying. Specifically, the computational capability of
HN i at time t is denoted as fi,t, representing the available
CPU cycles per second. In addition, the communication band-
width between TN and HN j is denoted as Bi,t, which defines
the achievable data transmission rate. Due to the dynamic
nature of the fog network, these resources fluctuate over time
as multiple tasks compete for computational and network
resources.

At each time slot, TN must make offloading decisions,
selecting HNs to execute their tasks while considering com-
munication and computation constraints.

2) Offloading Delay Model: The task execution time when
offloading from TN to HN i consists of transmission time
T comm
i,t and computation time T comp

i,t , which are expressed by
T comm
i,t = Dt

Rt
i
, T comp

i,t = DtCt

fi,t
, where Ri,t = Bi,t log2(1+γi,t)

is the achievable data rate, and γi,t is the signal-to-noise ratio.

3) Energy Consumption Model: The energy consumption
for transmission and computation are expressed by Ecomm

i,t =

Pt
Dt

Ri,t
, Ecomp

i,t = κ(fi,t)
2DtCt

fi,t
, respectively, where Pt is the

transmission power of TN, and κ is a hardware-dependent
coefficient.

The total cost for offloading the task to HN i is modeled
as Ui,t = (T total

i,t + γEtotal
i,t ), where T total

i,t = T comm
i,t + T comp

i,t ,
Etotal

i,t = Ecomm
i,t + Ecomp

i,t , and γ is a trade-off parameter.

B. Problem Formulation

The objective is to minimize the total offloading cost subject
to the task deadline and energy consumption constraints.
Definitely, the optimization problem can be formulated as:

P: min
i∈H

T∑
t=1

E [Ui,t] (1)

s.t: C1 : T total
i,t ≤ Tmax

t , (2)

C2 : Ecomp
i,t ≤ Emax

i,t , (3)

where Emax
i,t is the residual energy at HN Hi at time slot t.

Solving the above defined problem presents several signif-
icant challenges. Uncertainty and variability in the dynamic
fog environment arise due to fluctuating network conditions
and varying resource availability at helper nodes, making
it difficult to predict task execution outcomes accurately.
Additionally, the lack of an explicit model for the reward
function further complicates decision-making, as the function
is inherently complex and nonlinear, influenced by dynamic
communication and computational environments. Moreover,
the computational complexity of real-time offloading decisions
is substantial, as the system must evaluate multiple helper
nodes simultaneously to identify the optimal offloading strat-
egy. Traditional optimization approaches struggle to handle
this challenge efficiently, necessitating learning-based methods
capable of adaptive and scalable decision-making.

IV. PROPOSED ALGORITHM DESIGN

To address these challenges, we propose using a BDNN-
TS to estimate the reward distribution for each HN under
uncertainty. BDNN approximates the posterior distribution
over model parameters, enabling Thompson Sampling-based
exploration. By learning from past interactions, the BDNN
dynamically refines its reward predictions, leading to better
offloading decisions in real time. Basically, the BDNN consists
of input layer, three hidden layer, and an output layer as
illustrated in Fig. 2. The input layer receives the concatenated

... ...... ...

ReLU ReLU ReLU
...

ReLU

L

m

Fig. 2: General architecture of BDNN for estimating the
reward of HN

feature vector Xi,t in each time slot to estimate the reward
of Hi. The three hidden layers, each with 64, 32, and 16
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neurons respectively, use ReLU activation to capture complex
interactions among features. In particular, the first hidden
layer helps extract high-dimensional representations, and the
two subsequent hidden layers reduce dimensionality while
preserving task-related features. The output layer represents
the estimated mean reward. The task offloading problem P is
resumed in Fig. 3.

TN

Xt,1 yt,1 =f(Xt,1)+εt,1

Xt,2 yt,2 =f(Xt,2)+εt,2

Xt,M-1 yt,M-1 =f(Xt,M-1)+εt,M-1

Xt,M yt,M =f(Xt,M)+εt,M

... ...?

Contexts Rewards

Fig. 3: Contextual bandit learning model with non-linear
reward for the online task offloading problem P

Algorithm 1 summarizes the procedures to implement out
proposed BDNN-TS-based task offloading approach.

At each time slot t, the TN observes the contextual infor-
mation Xi,t including the task characteristics, the features of
Hi, as well as, their communication conditions. Then, Xi,t

is served as input for BDNN, which outputs the yi,t as the
mean reward of Hi. Since the true reward is unknown and
dynamically changing, we sample from the BDNN posterior
ŷi,t ∼ N (y(i,t), σ

2
(i,t)), where σ2

(i,t) is the BDNN-estimated
uncertainty.

The TN selects the HN H∗
t = argmaxi∈H ŷi,t that maxi-

mizes the estimated reward at time slot t . Once the offloading
decision is executed, the actual reward y∗i,t is observed, and
the dataset is updated:

Dt+1 = Dt ∪ {(Xi,t, H
∗
i,t, y

∗
i,t)}, (4)

where the actual reward y∗i,t = −(T total
i,t + λEtotal

i,t ) −
β1(T total

i,t > Tmax
i,t ), 1(T total

i,t > Tmax
i,t ) is an indicator

function that takes a value of 1 if the task execution time
exceeds the deadline and 0 otherwise, and β is a penalty factor
applied when the deadline is violated. To refine the model, the
BDNN updates its posterior distribution using the new dataset.
This involves minimizing a loss function L(W) defined as
follow:

L(W) =
1

2

t∑
i=1

[
f (Xi,t;W )− y∗i,t

]2
+

1

2
λ ∥W −W 0∥22 ,

(5)
where λ is a regularization parameter. The weight vector W is
updated via the learning rate η as Wt = Wt−1− η∇LW (W ).

Algorithm 1: BDNN-TS for Task Offloading
Input: Features of task, HNs, and network conditions
Output: Optimal HN H∗

t at time slot t

1 Initialization: W0 ∼ N (0, I); D = ∅; U0 = λI
2 for t = 1, 2, . . . , T do
3 for i = 1, 2, . . . ,M do
4 Get context: X(i,t);

// Compute gradients
5 g(X(i,t);W(i,t−1)) = ∇Wh(X(i,t);W(i,t−1));

// Compute: σ2
(i,t)

6 σ2
(i,t) =

λg(X(i,t);W(i,t−1))
⊤U−1

t−1g(X(i,t);W(i,t−1))
// Compute expected reward

7 y(i,t) = hL(X(i,t),W(i,t−1));
// Sample reward

8 ŷi,t ∼ N (y(i,t), σ
2
(i,t))

9 end
// Select the best action

(offloading decision)
10 H∗

t = argmaxi∈H ŷi,t;
// Execute offloading and observe

actual reward
11 Offloadng task to H∗

t & get the true reward y∗(i,t);
// Update dataset and BDNN weight

12 D ← (X(i,t), H
∗
t , y

∗
(i,t));

// Updage BDNN weight
13 Wt = Wt−1 − η∇LW (W );

// Update covariance matrix
14 Ut = Ut−1 + g(X(t,H∗

t )
;Wt)g(X(t,H∗

t )
;Wt)

⊤

15 end

V. SIMULATION RESULTS AND EVALUATION ANALYSIS

A. Simulation Environment Configuration

To evaluate the performance of the proposed algorithm, we
simulate a fog computing environment with a single TN and
five HNs. The TN generates a computation task at each time
slot which is then offloaded by a HN selected by the proposed
BDNN-TS algorithm. The other parameters and corresponding
values are listed in Table I.

B. Comparative Algorithms

To assess the performance of the proposed algorithm, we
compare it with three baseline multi-armed bandit (MAB) al-
gorithms commonly used for task offloading in fog computing.
These include ϵ-Greedy Algorithms, upper confidence bound
(UCB). Additionally, we include traditional TS without the
BDNN component, to highlight the impact of incorporating
deep learning for context-aware decision-making. The key
metrics used for comparison include: (i) average offloading
delay, which calculates the time taken for task completion after
offloading (ii) task offloading success rate, which measures
the percentage of tasks successfully offloaded within their
deadlines, and (iii) average energy consumption per task.
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TABLE I: Simulation Parameters and Values

Parameter Value
# of TN 1
# of HNs 5
Task Size 0.5 - 5 MB
Task Deadline 0.5 - 2.0 sec
Task complexity Ct ∼ U(500, 2000) cycles/bit
Computation Capacity of HNs fi,t ∼ U(1, 5) GHz
Available Bandwidth of HNs Bi,t ∼ U(5, 20) MHz
Transmit power Pi,t = 100mW
Hardware coefficient κ = 10−25J/cycle
Noise power density N0 = 10−9W/Hz
Distance between TN and HNs d ∼ U(10, 100)m
Path loss PL(d) = 128.1 + 37.6 log10(d)
BDNN Hidden Layers [64, 32, 16] neurons
Learning Rate 0.01
Training Iterations 1000

C. Evaluation Analysis

Fig. 4 compare the performance of four offloading algo-
rithms in terms of delay characteristics. The CDF plot shows
that BDNN-TS achieves the best delay performance, with
over 95% of tasks completing within 2 seconds, while the
tradition MAB learning based algorithm (i.e, ϵ-Greedy, UCB,
TS) require longer delays to reach the same completion rate.
This superior performance of BDNN-TS is further confirmed
by the average delay plot, where it maintains consistently
lower delays across all time slots compared to the others. The
stability of BDNN-TS is particularly notable, showing mini-
mal delay fluctuations over time, whereas the MAB learning
algorithm exhibit more variability in their delay performance.
These results suggest that our BDNN-TS approach provides
more efficient and stable task offloading compared to the
bandit-based methods, making it particularly suitable for time-
sensitive applications.

Fig. 4: Average offloading delay with different network size.

Fig. 5 presents the successful offloading ratio, which rep-
resents a ratio of tasks successfully offloaded within their
deadlines.

The BDNN-TS approach achieves the highest success
rate (94.7%), demonstrating its ability to make efficient
offloading decisions under dynamic fog computing condi-
tions. TS follows with 85.7%, benefiting from exploration-

Fig. 5: Successful offloading ratio.

exploitation trade-offs but lacking the deep uncertainty mod-
eling of BDNN-TS. UCB achieves 81.8%, leveraging confi-
dence bounds but struggling with dynamic changes. ϵ-Greedy
performs the worst at 76.0%, as its random exploration leads
to suboptimal task assignments. The results highlight the
advantage of BDNN-TS in maintaining high success rates
while adapting to environmental uncertainties.

The comparative analysis of the algorithms in Fig. 6 high-
lights the energy efficiency of different approaches for task
offloading.

Fig. 6: The average energy per task for the comparative
algorithms.

The cumulative distribution function (CDF) plot (left) shows
that BDNN-TS achieves the lowest energy consumption per
task, with its curve reaching 95% completion at a much lower
energy value compared to the other algorithms. TS follows,
exhibiting slightly higher energy consumption. UCB and ϵ-
Greedy perform worse, with ϵ-Greedy displaying the highest
energy consumption per task, as seen from its stretched CDF
curve. The box plot (right) further reinforces this observation,
where BDNN-TS has the lowest median energy consumption
and the least variance, indicating stable and efficient per-
formance. TS and UCB show moderate energy consumption
but higher variability, while ϵ-Greedy has the highest median
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and spread, demonstrating inefficiency in energy consumption.
This analysis suggests that BDNN-TS is the most energy-
efficient algorithm, making it a strong candidate for energy-
aware task offloading in edge computing environments.

VI. CONCLUSIONS

This paper presented BDNN-TS, a Bayesian Deep Neural
Network integrated with Thompson Sampling, for intelligent
task offloading in dynamic fog computing environments.
Unlike conventional methods such as ϵ-greedy, UCB, and
standard Thompson Sampling—which rely on simple linear
models or fixed exploration strategies—BDNN-TS leverages
the expressiveness of deep neural networks and Bayesian
uncertainty quantification to model the complex and non-
stationary reward function in real time.

Through extensive simulations, BDNN-TS consistently out-
performed baseline algorithms across key performance met-
rics, including average task offloading delay, task success
rate, and adaptability under uncertain conditions. In particular,
BDNN-TS achieved faster convergence and better long-term
performance by sampling actions from a learned posterior
distribution rather than relying on heuristic exploration. The
probabilistic reward modeling in BDNN enables more accurate
decision-making under uncertainty, especially when network
conditions and helper node resources vary dynamically.

These results validate the effectiveness of combining
Bayesian learning with Thompson Sampling in fog com-
puting scenarios. Future work will extend this framework
to multi-task settings, incorporate decentralized coordination
among task nodes, and explore hybrid strategies that integrate
BDNN-TS with other exploration-exploitation techniques for
enhanced performance under strict QoS requirements.
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