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user devices, MEC reduces transmission delay and improves
responsiveness. Nevertheless, uncontrolled task offloading may degrade
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allocation, optimization, Hopfield Prior studies have primarily applied metaheuristic techniques such as
network genetic algorithms (GA) and particle swarm optimization (PSO), while

machine learning-based solutions remain relatively limited. This work
introduces a Hopfield network-based optimization model, where the
TORA target is reformulated as an energy function, and a Hopfield
network performs the minimization process. Simulation experiments
confirm that the Hopfield approach reduces both delay and energy
consumption more effectively than GA and PSO, with its longer runtime.
However, this limitation can be mitigated by advances in modern
processing power.

1. Introduction

The fast advancement of communication technologies and computer networking has accelerated studies on
deploying Internet of Things (I0T) systems. Today, IoT stands out as a core technology applied in diverse areas,
including inventory management, manufacturing supervision, self-driving vehicles, and smart farming. With the
widespread adoption of 10T, user devices are producing massive volumes of data, creating challenges in
processing and analysis for planning, operations, and monitoring. Traditional solutions rely on transmitting all
data to centralized clouds, but this overwhelming traffic often leads to network congestion and significant
delays. Therefore, more effective solutions for cloud computing with big data are needed [1,2].

Edge computing has gained significant interest from both academia and industry as a practical extension to
cloud computing. Edge computing uses a distributed computing approach to address the congestion and
transmission latency issues caused by centralized cloud computing. Specifically, multiple distributed servers are
deployed to receive tasks offloaded from user devices (UD), reducing the computing need to cloud servers and
thus reducing network congestion. In addition, servers at the network edge (ES) are closer to user devices,
which helps reduce data transmission delay. Figure 1 illustrates an example of a cloud-edge computing
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architecture, in which an edge layer is added as a computing intermediate to reduce the load and delay of cloud
computing by providing computing services closer to user devices [3,4].
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Fig. 1 A typical architecture of cloud-edge computing

In an edge computing system, tasks may be executed locally on user devices or offloaded to nearby edge
servers. The main challenge lies in determining when local execution is sufficient and when offloading is more
efficient. Task offloading typically occurs when a device with limited resources cannot process a task effectively,
in which case the task is offloaded to an edge server that executes it and sends the result back. To satisfy
performance requirements such as low latency and reduced energy consumption, efficient task offloading and
resource allocation (TORA) strategies are essential. However, TORA optimization is NP-hard [5,6], and
metaheuristic approaches are commonly employed to address this complexity [7,8]. Recently, a new direction
has emerged where machine learning techniques, particularly deep reinforcement learning (DRL), are being
applied to address TORA optimization [9,10]. The experimental results of these DRL models are impressive, but
the experience-based learning approach always has its limitations.

This paper analyzes and evaluates the TORA optimization using artificial neural networks (ANN) in mobile
edge computing (MEC) systems. Specifically, we propose a Hopfield network (HN)-based approach as a
combinatorial optimization method to solve the TORA optimization. The Hopfield network is an associative
memory whose "memorization" operation never increases Hopfield network energy. Leveraging this
characteristic, the Hopfield Network (HN) is employed to reduce delay and energy consumption in TORA. Its
performance is evaluated against genetic algorithms (GA)- and particle swarm optimization (PSO)-based
models, with experimental results demonstrating that the HN-based approach achieves superior outcomes in
both metrics. Although the HN-based approach requires more runtime, the powerful computing power of
today's microprocessors has overcome this limitation and thus affirmed the strength of the HN-based approach.

The main contributions of this paper are summarized as follows:

* Formulating task offloading and resource allocation as a multi-objective optimization problem

considering both delay and energy consumption;

* Transforming the multi-objective optimization function into a Hopfield Network energy equation;

* Designing an appropriate HN structure and developing a HN-based minimization algorithm; and

* Evaluating the effectiveness of the proposed HN-based optimization through experiments, with

performance comparisons against GA- and PSO-based approaches.

The rest of the paper is organized as follows. Section 2 reviews and evaluates recent related works, focusing
on machine learning-based TORA optimization approaches. Section 3 details the TORA optimization formulation,
including the local computation model, the offloading model, the target function, and formulating the TORA
optimization as a Hopfield network energy minimization. Section 4 presents the experimental process and
compares the performance of the HN-based approach with metaheuristic-based models. Finally, Section 5
presents the conclusion and outlines potential directions for future research.
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2. Related Works

Efficient task offloading and resource allocation is crucial for enhancing the performance of MEC systems. Since
TORA is NP-hard, metaheuristic and machine learning-based methods have been widely adopted as practical
solutions. This paper emphasizes machine learning approaches, particularly artificial neural networks, and
reviews recent studies addressing the TORA optimization problem.

In [11], studied a MEC system where multiple UDs can offload computation tasks to an MEC server via
wireless channels. The target function was formulated as the total cost of delay and energy consumption across
UDs. To minimize this cost, task offloading and resource allocation were jointly optimized. Since finding an
optimal policy in such a dynamic environment is difficult, the authors proposed a reinforcement learning-based
framework, incorporating both Q-learning and Deep Reinforcement Learning (DRL) schemes. Simulation results
demonstrated that their model achieved a significant reduction in total cost compared with traditional
approaches.

Building on advances in deep neural networks (DNNs), the work in [12] investigated partial computation
offloading to the cloud. They developed an adaptive DNN-based framework that considers mobile battery
limitations and constrained cloud resources. Experimental results showed that the framework achieved an
average speedup of 1.42 times, improved mobile execution time by 3.07 times, reduced energy consumption by
2.11 times, and shortened execution time by 4.26 times compared with baseline methods

The authors in [13] investigated a MEC network employing a binary offloading policy, where each task is
either executed locally or fully offloaded to an MEC server. To handle time-varying wireless channel conditions,
they developed an online algorithm that dynamically optimizes offloading and resource allocation decisions.
Since conventional numerical methods struggle with the resulting complex combinatorial optimization
problems, the authors proposed a Deep Reinforcement Learning-based Online Offloading (DRLOO) framework.
This framework uses a scalable deep neural network to learn binary offloading strategies from experience,
thereby eliminating the need for direct combinatorial optimization and substantially reducing computational
complexity. An additional parameter-tuning procedure further improves efficiency. Experimental results
confirmed that DRLOO achieves near-optimal performance while significantly lowering computation time
compared to traditional methods

In [14], Yu et al. addressed computation offloading and resource allocation in a multi-user, multi-server MEC
environment by proposing a deep learning-based strategy. The objective function was formulated by integrating
computation and communication models to minimize task completion time and terminal energy consumption
under delay constraints. In their framework, system utility and resource usage were modeled as rewards and
penalties within a multi-agent deep reinforcement learning setting, and the Dueling-DQN algorithm was applied
to determine the optimal resource allocation policy. Experimental results showed that with a learning rate of
0.001 and a discount factor of 0.90, the proposed approach achieved the best performance, reducing energy
consumption by 52.18% and task completion time by 34.72%.

A study in [15] investigated task offloading scheduling, communication bandwidth allocation, and edge
server resource management for multiple user devices (UEs) in an MEC system, aiming to minimize system
latency and local energy consumption. The study examined both binary and partial task offloading by
introducing a Dual-Agent TD3 (DA-TD3) algorithm based on deep reinforcement learning (DRL). Two
cooperative agents were designed to jointly optimize task offloading, scheduling, and resource allocation.
Experimental results demonstrated that DA-TD3 outperforms other schemes, significantly reducing latency and
local energy consumption in both binary and partial offloading scenarios.

The authors in [16] proposed a deep reinforcement learning-based method for resource allocation and task
offloading under coverage constraints. The approach focuses on offloading tasks that cannot be executed locally
to edge servers while minimizing resource conflicts among UDs. The problem was analyzed considering system
dynamics, coverage, handover decisions, communication relationships, and resource limitations. To balance
energy consumption and execution time, an entropy weighting method was applied to optimize resource
allocation. Experimental results indicated that the number of tasks and UDs has a significant impact on both
execution time and energy consumption in the offloading process.

In [17], Qin et al. proposed a deep reinforcement learning approach based on dense clustering and ensemble
learning (DCEDRL) for task offloading in MEC. The method leverages deep neural networks to explore the
environment and employs ensemble learning to combine prediction results from multiple models. An optimized
dense clustering technique is then applied to group computational tasks with similar characteristics, enhancing
scheduling and resource allocation efficiency. Furthermore, priority weights are used to dynamically resample
and adjust the strategy in real time, improving adaptability and robustness. Simulation results showed that
DCEDRL reduces task offloading by over 21% compared with other algorithms.

Most recent studies rely on reinforcement learning, where neural networks serve as function approximators
to facilitate the learning process. However, no prior work has utilized Hopfield Networks as a direct
optimization engine for the TORA problem in MEC. Addressing this research gap, this paper reformulates TORA
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as a HN energy minimization problem, designs an appropriate Hopfield Networkarchitecture, and develops a
corresponding optimization algorithm. The following section provides a detailed description of the proposed
HN-based TORA optimization.

It is worth noting that DRL and HN-based optimization represent two fundamentally different paradigms.
DRL relies on experience-based learning, where optimal policies are gradually obtained through interaction with
the environment, requiring iterative training and parameter tuning. In contrast, the HN-based approach is a
deterministic energy minimization model that directly searches for the optimal configuration without learning
from data. Therefore, their objectives and computational mechanisms differ significantly, and a direct
comparison is not entirely appropriate. This work demonstrates that the HN-based formulation provides an
alternative optimization direction for TORA in MEC systems, emphasizing convergence stability and lightweight
implementation.

3. Hopfield Network-Based Optimization for TORA in MEC

3.1 MEC System Model

Consider the MEC system illustrated in Fig. 2, consisting of N user devices (UDs) and M edge servers (ESs). The
edge servers are deployed at the edge and communicate wirelessly with the user devices.
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D ub, Base statio
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Edge server /
A ; Base station

Edge server /

Base station tﬁ uD,

Fig. 2 The MEC system model

Each user device UD;, i € {1, 2, ..., N}, can be connected to some edge servers ES;, j € {1, 2, ..., M}. To
represent the connection diagram between user devices and edge servers, a binary matrix L € R¥NM, as
shown in Fig. 3, is defined, where each row represents a user device UD;, and each column represents an
edge server ES;. A user device UD: connected to an edge server ES; is represented by L; = 1 at the
intersection of the corresponding row and column; otherwise, the value here is 0.

local

A task generated by an UD; can be described by a quadruple <si,ci,El_/”""1,t,_ >, where s; is the task size

(e.g., code length or number of programs/subroutines), c¢: is the number of CPU cycles per second (CPU
cycles/s), E*" and t

local

are the maximal consumed energy, and time, respectively, to complete the task.

i

ES
1 2 3 M
Lfo]1]1 1
2(1f0)1]: 0
UD 3j0f1]1 1
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Fig. 3 The connection matrix
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The capacity of a user device UDi is represented by a triple <f‘_"’"”,}7, E‘_’""*> , where £, P,and E" are

its computational power (CPU cycles/s), transmission power, and maximum energy, respectively.

An edge server ESj maintains a triple </1- SRj,f/j‘”"> , where A;; is the offload rate of the task i, SR; and

i.j°
f] are the service rate and capacity (CPU cycles/s), respectively, of the edge server ES;.

3.2 Local Computing Model

local

Suppose that /" >0 denotes the local computational capacity (CPU cycles/s) of a user device UD, the

execution time of a task processed locally can be expressed as follows:
(= (1)

The energy consumed by UD: when executing a task locally can be estimated using the Shannon's
formula [18], € = Kf?, where K is the energy factor determined by the chip architecture and f is the CPU
frequency. Accordingly, if Kup is represents the energy consumption factor of user device UD;, the energy
required to execute task i locally can be calculated as follows:

Eiloca[ _ KUD ( flzaml )2 c (2)

3.3 Offloading and Remote Execution Model

If a user device UD;: cannot execute a task locally, the task must be offloaded to a connected edge server ES;.
In this case, the total delay consists of three components: (i) the transmission time from the user device UD;

to the edge server ES; (¢ ); (ii) the execution and queuing time at the edge server ES; (¢;); the feedback

time for returning the result to the user device UD.. Since the result size is typically much smaller than the
input data size, the feedback time can be neglected [19].

The transmission rate is also calculated using the Shannon’s formula [18], considering the mutual
interference caused by user devices and background noise. The transmission rate of offloading from UD; to
ESjis calculated by

(3)

Pihi,/'
NO + Z1'Ek\i P‘hl/

where B is the channel bandwidth, hi; represents the channel gain between UD; and ESj, No is the
background noise, and the remainder of the denominator accounts for the interference among user devices.
Given the uplink transmission rate, the data transmission time from UD; to ES; can be expressed by

R  =B.log [1 +

trans S,‘
v TR ®
LY
Then, the energy consumed for data transmission from UD; to ES; can be given by
Ell‘ans — P‘t./rans (5)

ij ivij

The edge server is capable of providing computational services to multiple user devices. After receiving a
task from UD;, the edge server executes it and then returns the result to the device. The execution time to
complete a task can be obtained as follows:

ti’/ = (6)
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where A and SR; are the arrival and service rates, respectively, of ES;.
Also using the formula in [18], the energy consumption to complete a taski at ES; is:

B =KL () e )

where Kzs is the ES's energy consumption coefficient.
In summary, the time and energy for remote execution from an edge server ES; are:

tm’mvlf’ — tlmns + t&\'e (8)

ij ij ij

Eremole — Ejlj';mt + Eme (9)

ij i

4. Problem Formulation

A user device UD;: can have connections to some ESk, 0 < k < M, but it must decide which ES; to offload its
task. Consider a decision matrix D = [dij|nxm, where a row represents an UD; and a column represents an ES;.
A task performed locally at an UD; is represented by di; = 0, while if the task is offloaded to ES}, di; = 1.
Accordingly, an UD; can only offload one task to an ESj and is represented by at most one cell per row with

the value d;; = 1, Vje[1, M], or ZM:] dw, <1. Conversely, an ES; can receive multiple tasks offloaded from

many UD;: and is represented by possibly multiple cells per column with the value dij =1 or 1V=1 d  <N.As

depicted in Fig. 4, UD:1 computes its task locally, so do; = 0, Vj; while UD: offloads one task to ES3, then dz3 =
1. With ESy, it performs two tasks offloaded from UDs; and UDw, so dsm = 1 and dvm = 1.

ES
M

3
0
1
0

0
0
1

L 3 s I I Y ) S

L ba
[ o R R I )

D

~[ofolo] [1]

Fig. 4 The decision matrix

An UD:; can execute a task locally or offload it to ESj, the system delay is that of the local computing or
the remote (offloading) execution.

T;/om/ Z(I—d )ZL.I(WI +d L tremo/e (10)

ij i i,j i oig
Similarly, the total energy consumption corresponds to either local execution or remote execution.

E™ =(1-d )E™ +d L E"™ (11)

i G

Therefore, a target function can be defined as the time and energy required to complete a task (of an
UD:) with the following formula:

total total
F: =a Ti,max + (1 - 0!) i,imax = TC:.ax ((1 - di,/‘ )li’”m’ + di,/Li,/t;e;nm ) + lEmaO: ((1 - di,/ ) E:"“" + di,/Li,/Eiie:wm) (12)

Equation (12) formulates the TORA as a multi-objective optimization problem, simultaneously
minimizing delay and energy consumption. By adjusting the weighting factor «, the system can flexibly
prioritize between low latency and energy efficiency depending on the application requirements.

Here, 0 < a < 1 denotes the weight balancing delay and energy consumption. A larger o assigns higher
importance to delay, whereas a smaller value emphasizes energy consumption. Each user device can select
its own a according to the specific requirement, such as prioritizing faster execution or lower energy usage.
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Based on the above analysis, the target function for the entire MEC system, considering all user devices
UD;, can be formulated as follows:

N
P (13
subject to Z,M:] d <LVi (13a)
N .
' d, <N (13b)
(l _ ’:’/:l d,yj )Ellacal S Eimax (13(:)

The constraints in Equation (13) can be interpreted as follows: the first constraint (13a) implies that an
UD:; can only offload one task to an ES; and is represented by at most one cell per row with value d;; = 1,
Vje[1, M]; the second constraint (13b) implies that an ES; can receive multiple tasks offloaded from UD:
and is represented by possibly multiple cells per columns with value d;; = 1; and the third constraint (13c)
implies that if a task is processed locally, the energy of UD:; must be greater than the energy required to
process it.

The two first constraints, (13a) and (13b), can be rewritten as follows:

“Md <N (14)

ij=1 i.J

Let R_=E™ /E// , the third constraint (13c) is rewritten as:
(-4X)a, )<, (15)

Combining the target function (13) and the constraints (14) and (15), we have:
FeaX Frea(Xd,-N) v (-2, )k, ) (16)

where A4;,i=[1,2,3], are the target function weights and constraints, Zizl A4 =1

Let Cik be a binary square matrix with Cix=1if i = kand Cix = 0 if i # k, Equation (16) is rewritten as:

P X [ ) e D) i)
ca (XY ccda —2Ya s Qvﬁ)
sa((-2Xa =X Y e a )2k (1o )+ R)
FeX X (4 )ee, )d d,
. 2‘.‘;‘”’.(4 (T—(L ) e (B )j ~24,+ (R, - 1)}1,,, a8)

E ma
i

o l-a » 2
HoA|—+ E™ |+4AN +4 (1-R,)
™ £

Hopfield network-based optimization is a process of minimizing an error function, also known as the
Hopfield network energy, which is given by Equation (20), with the principle “minimum energy, optimal
solution” as demonstrated in [20], [21]:

:__szlzkhl Ijkh ij /fh+zz/1 ij 1/ (20)

(17)
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where wijxn denotes the connection weight between the neuron at position (ij) and the neuron at
position (k,h), 6;; represents the activation threshold of the neuron at (i) and x;; is the input value of the
neuron at (if).i,

By comparing Equations (19) and (20), the weights wij;x» and the activation threshold 6 are derived:

Wik = _2(A2 + ;;) Ci,ij,h (21)
9’,7/- = Al [TZM (Li,/'t:;mme - tilaval ) + IE‘_mj (LI',/'EI'/:E/'MUIC - E"Ioca[ )J - 2A2 + %(RE - 1) (22)

5. Hopfield Network Architecture and Optimization Process

The Hopfield network used for TORA optimization is a 2-dimensional neural network architecture, in which
each neuron connects to all other neurons. There is no autoregressive connection at each neuron. With N user
devices and M edge servers, the Hopfield network is a matrix of MxN neurons, as shown in Fig. 5. Each input i
represents a decision of UD; to compute locally or offload to an edge server, corresponding to the values di; is
equal to 0 or 1. The output value of the highest activated neuron corresponds to a ES; selected to perform the
task offloaded from UD:..
The optimization process corresponds to minimizing the Hopfield network energy, which is performed by
the following steps:
1. Random selection: Randomly select a user device UD.. The neurons belonging to the corresponding
column are stimulated by inputs of 1 (Fig. 5), and the inputs of the remaining neurons have a value of 0;
2. Activation computation: Calculate the activation of the neurons in this column and identify the neuron
with the highest activation that exceeds the threshold &, called the above-threshold activation peak;
3. Task offloading decision:
» If a unique neuron reaches the above-threshold activation peak, the corresponding ES; is selected to
execute the task offloaded from UD.
» If multiple neurons share the same above-threshold activation peak, one ES; is randomly selected
(since UD; offloads only one task to an edge server).
* Ifno neuron in the column exceeds &, the task is executed locally on UD..
4. Iteration: Repeat Steps 1-3 until all UD; have been considered.

| (o]
%4 &&& %42 u
N N N S 8 N T
R&¢RN¢R IR N RN 1 P
\ Ny Ny \
S JL NG JL = 2
o Nz &v\&¢ T T 1
Cﬁ{ﬁ 5 ¥ C{es‘/’i
A Iﬂ A nl A
0 1 1 0 0 1 0
INPUT

Fig. 5 The Hopfield network architecture for TORA optimization, where each neuron with the highest activation
determines the edge server (corresponding row output) to execute the task offloaded from a user device
(corresponding column input)

Hopfield network-based optimization has a relatively high computational complexity: 0((N>< M)2 ), so the

computational time is significant. However, with the development of current microprocessor technology, the
above computational complexity is no longer a concern.

The HN-based optimization algorithm iteratively updates neuron states to minimize the Hopfield network
energy function defined in Eq. (20). The output of each neuron represents a decision value, di;, corresponding to
whether the task is offloaded to an edge server ES; or executed locally by UDi.. The following is the HN-based
optimization algorithm.
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Algorithm 1. HN-based optimization for TORA Optimization:
Input: User devices UD = {UD1,UD;,...,UDx},
Edge servers ES = {ES1,ES3,...,ESu},
Activation thresholds 8.
Output: Decision matrix D = (d;j)nxu.
for each user device UD; € UD do
2 Randomly select an UD;and stimulate all neurons in the corresponding column;
3 Compute the activation of all neuron in the column;
4. Identify the neuron(s) with the above-threshold activation.
5. if (only one neuron reaches the above-threshold activation peak) then
6
7
8

=

dij=1; // UDiuploads its task to ES;
dih = 0, Vh#j;
. else if (multiple neurons share the above-threshold activation) then
9. Randomly select one neuron: j;
10. dij=1; // UDiuploads its task to ES;
11. dih = 0, Vh#j;
12. else
13. dij=0, Vj; // Execute the task locally on UD;
14. end if
15. end if
16. end for

17. Repeat until all user devices are processed or the network energy stabilizes (no further updates),
yielding the decision matrix D.

6. Simulation and Analysis

6.1 Simulation Environment and Parameters

All experiments were implemented in Python 3.10 using the NumPy and Matplotlib libraries for numerical
computation and visualization on a PC equipped with an Intel(R) Core (TM) i5, 2.40GHz, 8GB RAM PC. The HN-
based TORA optimization model (In short, HN-based approach) was evaluated against widely used
metaheuristic methods, namely the Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). For both GA
and PSO, the optimization process begins with a population of candidate solutions (individuals) and iteratively
searches for the optimal solution in the space of all possible candidates. In our experiments, the population size
was fixed at 30, and the stopping condition was defined as either (i) reaching 100 generations or (ii) observing
no improvement in fitness for 10 consecutive generations.

The general configuration parameters are summarized in Table 1, while the specific parameters for each
model are detailed in Table 2.

Table 1 General simulation parameters

Parameter Description Value

N Number of user devices (UD) 100

M Number of Edge Servers (ES) 4

di Task size (MB) generated by UD; [5,15]

Ci Number of CPU cycles to complete the task i [2, 8] Gc
fi UD/'s CPU speed (MHz) [200, 800]
Timax Maximum time allowed to process the task i 0.08s
Ejmax Maximum energy consumed to process the task i 0.02]

Pi UD/'s power consumption (W) [0.2, 0.6]
Wi ESj’s CPU speed (GHz) [4, 10]

A The trade-off between delay and energy 0.5

B Transmission bandwidth 1x106 Hz
No Background noise 1x107

hij Transmission loss coefficient [0.01, 0.1]
D=(dijJnxu  Decision matrix, dj = 1 if UD; offloads task to ES, otherwise dij=0 [0, 1]
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Table 2 Configuration parameters specific to each GA-, PSO-, and HN-based approaches

Algorithm Parameter Description Value
mutation_rate Mutation probability 0.05
GA crossover Crossover operator one-point
selection Selection operator tournament 2
PSO w Inertial weight 0.7
C1, €2 cognitive (c:1) and social (cz) acceleration coefficients 1.5, 1.5
Hopfield update_ratio Stzjlte .update rate per round. 0.2
bias_offload Priority factor when offloading 0.98

To assess the effectiveness of GA-, PSO-, and HN-based approaches in solving the TORA optimization problem,
simulations were conducted based on the following performance criteria:

* Delay convergence - evaluates how quickly the average system delay stabilizes during the optimization
process.

* Energy consumption convergence - measures the reduction and stabilization of the system'’s total
energy consumption

» Target convergence - examines the convergence behavior of the overall target function (a weighted
combination of delay and energy consumption)

* Normalized radar comparison - provides a comprehensive comparison across multiple performance
metrics using a normalized radar chart.

* Resource allocation - analyzes the efficiency and fairness of task allocation across edge servers.

6.2 Delay Convergence

As can be seen in Fig. 6, which depicts the delay reduction progress of the three models, the HN-based approach
achieves exceptionally fast convergence and stabilizes at an average value of around 0.301s after only a few
iterations. With the PSO-based model, the delay drops rapidly initially but then “freezes” around 0.469s. The
delay of the GA-based model fluctuates wildly and must go through many iterations to converge at an average of
around 0.400s. Based on the results in Fig. 6, the HN-based approach reduces the delay more effectively than the
GA- and PSO-based models and maintains a stable state, which is suitable for delay-sensitive MEC system:s.

Delay Convergence

0.70 1 —— GA == PSO  =w=- Hopfield

0 20 40 60 80 100
Iterations

Fig. 6 Delay convergence of GA-, PSO-, and HN-based approaches

The superior efficiency of the HN-based approach compared with GA- and PSO-based models arises from its
direct mapping mechanism. Specifically, the target function and system constraints are reformulated into the
Hopfield network energy function, where the connection weights and activation thresholds are explicitly
determined at the outset. This eliminates the need for iterative parameter tuning or a training phase, as required
in conventional neural network models, thereby reducing computational overhead and accelerating
convergence. For the GA-based approach, the inherent randomness in crossover and mutation operations
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promotes population diversity and helps escape local minima. However, this randomness also leads to frequent
oscillations and consequently slower convergence. In contrast, the PSO-based approach relies heavily on
orientation and exploitation of information from the current best solutions, which enables faster convergence.
Nonetheless, this exploitation tendency increases the risk of premature convergence and getting trapped in local
optima. These distinct characteristics of GA and PSO are clearly illustrated in Fig. 6.

6.3 Energy Consumption Convergence

In terms of energy consumption, the results from Fig. 7 show that the HN-based approach continues to
demonstrate its superiority by quickly reaching a low of about 0.305] and maintaining a stable level at this level.
the GA-based approach fluctuates around 0.408], while the PSO-based approach consumes the most energy,
averaging about 0.475]. Comparing the correlation, the HN-based approach saves about 24-36% of energy
compared to the GA and PSO-based approaches. This result is important because MEC systems need to conserve
their limited energy to serve many user devices.

Energy Convergence

0.7 4 —— GA —-- PSO == - Hopfield
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=
>
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&3] \/\
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0.3 1
0 20 40 60 80 100

Iterations
Fig. 7 Energy convergence of GA-, PSO-, and HN-based approaches

To explain this result, in the HN-based approach, the connection weights (wi;xr) and activation thresholds
(8;) are determined (Equations (21) and (22)) to reduce delay and energy consumption and simultaneously
(Equation (13)), instead of optimizing each criterion separately. Therefore, when the Hopfield network energy
reaches a minimum, this also means that the local computation or offloading decisions also simultaneously reach
a minimum energy consumption and delay. However, with the GA- and PSO-based approaches operating on
population evolution and trajectory velocity, there is no guarantee of a direct link between energy consumption
and delay, so there is a fluctuation in the trade-off between them.

6.4 Target Convergence

As shown in Equation (13), the optimization aims two targets: delay and energy consumption. Assuming both
targets are given equal weight, i.e., a = 0.5, Fig. 8 shows that the HN-based approach quickly reaches the lowest
target value around 0.300. In contrast, the GA- and PSO-based approaches stop at around 0.400 and 0.470,
respectively. The fast convergence speed and lower achieved target value reflect the performance of the HN-
based approach in optimizing delay and energy consumption simultaneously.
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Fig. 8 Target convergence of GA-, PSO-, and HN-based approaches

The results of target convergence show that, thanks to directly mapping the target function (delay-energy)
to the Hopfield network energy function, the algorithm is essentially solving the global optimization problem at
the same level between delay and energy. The simultaneous interaction between neurons ensures that both
criteria are optimized simultaneously, instead of alternating as in the GA-based approach (equilibrium by
selection) or the PSO-based approach (based on the velocity trajectory of the swarm).

6.5 Normalized Radar Comparison

Figure 9 compares four normalized metrics: delay, energy, target, and runtime. Among the three methods, the
HN-based approach demonstrates superior performance in delay, energy consumption, and target value.
However, this comes at the cost of a higher runtime (2.3468s). The GA-based approach provides moderate
performance across all four metrics, without excelling in any particular aspect. By contrast, the PSO-based

approach achieves the fastest runtime (0.3241s), but its performance is inferior in the other three metrics,
namely delay, energy consumption, and target value.

Radar Chart

Radar Chart (Zoom 0-0.5)
Delay (s)

Delay (s)

- Hopfield

Runtime (s) Runtime (s)

Fig. 9 Normalized radar comparison of GA-, PSO-, and HN-based approaches
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The results in Figure 9 reflect a characteristic of Hopfield, which is the high computational cost due to the
large number of neurons. However, it always ensures convergence to the minimum energy. With recent
advances in the execution speed of microprocessors, especially GPUs, the runtime will obviously be significantly
reduced.

6.6 Resource Allocation

Table 3 details the resource allocation results: local execution or offloading to edge servers (ES1-ESs4) and
performance metrics (Target, Delay, Energy, Runtime) of the three approaches: GA-, PSO-, and HN-based.

Table 3 Comparison of numerical results of the GA-, PSO-, and HN-based approaches
Model Local ES:i ES:2 ESs ESs Target Delay (s) Energy(J) Runtime (s)
Hopfield 70 7 7 8 8 0.300004 0.500008 0.500530 2.3468

PSO 53 1 6 11 26 0.470002 1.400014 1.400105 0.3241
GA 60 11 10 12 7 0.410002 1.300093 1.267801 0.9554

The results indicate that the HN-based approach achieves a more balanced and efficient resource allocation
strategy compared to GA and PSO. Specifically, out of 100 tasks generated from user devices, 70 tasks are
processed locally, and each edge server only receives 7 or 8 offloaded tasks. Thanks to that, the system avoids
overloading at edge servers and reduces remote execution latency (transmission and remote processing).
Meanwhile, the PSO-based approach allocates resources unbalanced, putting up to 26 tasks into ESs while ES1
has only 1 task, creating a “bottleneck” phenomenon. The GA-based approach provides a more even distribution
than PSO (7 to 12 tasks per edge server), but is still not as even as Hopfield in balancing local processing and
offloading.

6.7 Implementation of HN-based TORA Optimization Appoach in IoT Systems

The proposed HN-based optimization approach can be deployed in Mobile Edge Computing (MEC) and Internet
of Things (IoT) systems as a decision engine for task offloading and resource scheduling. In such deployments,
the Hopfield network weights and thresholds can be precomputed offline based on system characteristics (e.g.,
number of user devices, edge servers, available bandwidth, and CPU capacity). Once deployed, the HN-based
optimization approach can operate at the edge controller or gateway level, enabling near real-time offloading
decisions without extensive online training.

The HN-based optimization, therefore, is suitable for latency-sensitive IoT applications such as intelligent
transportation systems, industrial 10T, and smart surveillance, where fast and energy-efficient task distribution
is essential. Moreover, due to its deterministic convergence and relatively low computational overhead, the HN-
based optimizer can be integrated into existing MEC orchestration platforms (e.g., Kubernetes-based edge
clusters) as a module for adaptive workload management.

7. Conclusion

The TORA optimization plays a critical role in ensuring the efficiency of MEC systems, enabling high-quality
services while satisfying heterogeneous user demands. With the rapid growth of 10T devices, solving TORA as a
multi-objective optimization problem has become increasingly challenging. This paper presented a Hopfield
neural network-based optimization approach in which the TORA problem is reformulated as an energy
minimization model. Comparative experiments with GA- and PSO-based approaches demonstrated that the HN-
based approach achieves better performance in delay, energy consumption, and overall objective optimization.
Although the model exhibits a relatively high computational runtime, advances in modern microprocessor and
parallel processing technologies have significantly mitigated this limitation.

While the current evaluation was conducted in a small-scale MEC setting with 100 user devices and four
edge servers, the proposed HN-based framework is inherently scalable. Its energy-function formulation and
parallel neuron update mechanism allow extension to large-scale and heterogeneous MEC-IoT environments
with minimal structural modification. Future work will validate scalability and robustness under large-scale,
dynamic conditions involving mobile devices and heterogeneous edge nodes. In addition, integrating Hopfield
networks with deep learning or reinforcement learning models represents a promising direction to leverage
deterministic convergence and adaptive learning capabilities for real-time 10T applications.
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