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Scope and future validation

The proliferation of computationally intensive Industrial Internet of Things
(IToT) applications requires offloading policies that reduce latency and energy
consumption under constrained device, edge, and cloud resources. Although
reinforcement learning (RL) is suitable for sequential offloading decisions, its
performance is highly sensitive to hyperparameters that are often fixed or
manually tuned. The research contribution is an automated QLSO framework
that uses the Snake Optimizer (SO) to tune the learning rate, discount factor,
and exploration-decay rate of tabular Q-learning (QL) in a three-tier [IoT-
edge-cloud architecture. Unlike generic external Hyperparameter
Optimization (HPO) methods, QLSO embeds SO as a derivative-free,
population-based tuning layer within the QL offloading workflow, where
candidate hyperparameters are evaluated based on latency-energy-aware
performance under three-tier IIoT resource constraints. The problem is
formulated as a Markov decision process with discrete local, edge, and cloud
execution actions, and candidate hyperparameters are evaluated through
episodic training followed by greedy validation. Across five independent
random seeds, QLSO converged about 1.5x faster in the complex scenario and
achieved lower latency and energy than the QL and SARSA baselines, while
remaining close to the strongest raw-metric baseline, DQN (0.0493 s and
1.72x1072 J for QLSO versus 0.0488 s and 1.65x1072 J for DQN). However,
QLSO achieved the highest latency-optimal decision rate (49.0%, +3.3
percentage points over DQN), and the ablation study showed a 9.1% fitness
improvement over fixed-parameter QL. The framework remains simulation-
based and single-agent, requiring validation with partial offloading, dynamic
network models, and realistic platforms such as NS-3, CloudSim,
EdgeCloudSim, or physical IIoT testbeds.
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1. INTRODUCTION

The Industrial Internet of Things (IloT) is an innovative paradigm, whereby the concept of the Internet of
Things (IoT) is implemented in the industrial sector, and thus, develops a connected ecosystem of devices and
services through intelligent components in the form of sensors and controllers [1]. Such integration of IloT
into manufacturing allows efficient distribution and optimization of production factors [2]. The rapid
development and integration of heterogeneous IIoT devices, however, generate large amounts of data within
short periods which present significant challenges related to data management, real-time processing as well as
resource limitation [3]. A large number of IloT terminal devices are limited by small battery and processing
power, making it difficult to execute computationally intensive and delay sensitive tasks locally [4].
Unexpected delays or malfunctions in the implementation of computational tasks may create major safety
issues. Accordingly, the need to have strong solutions is emphasized [5].

Computation offloading has been identified as one of the key solutions to overcome the inherent
limitations of IIoT devices and highly demanding characteristics of the industrial environment. Computation
offloading is the process of transferring computational workloads of resource constrained local devices to
external servers that have greater computing power [6]. The benefits of the IIoT offloading computation include
ensuring improved rates of accomplishing tasks, better energy efficiency of devices, and better quality of
service (QoS) of users [7]. An efficient offloading mechanism has the ability to minimize the turnaround time
of tasks and the system energy use [8].

To have an efficient offloading of computation, a multi-tier collaborative framework is often necessary,
consisting of IIoT devices, edge servers, and centralized cloud servers. The interoperability between IloT
devices, edge servers, and centralized cloud servers is an ingredient component to attain the best industrial
computing performance. Although cloud data centers offer substantial computational, communication, and
caching capacity, their geographical remoteness can introduce transmission delays, making them unsuitable
for latency-critical industrial applications [9]. Edge computing eliminates this drawback by functioning within
the network edge to provide real time processing and analysis of industrial data near the source, through the
deployment of computational means close to IIoT devices to enable real-time processing and feedback [10],
[11]. However, edge servers have disadvantages in computational resource and processing power compared to
cloud services, which may result in overutilization of resources and increase processing latency if they are not
properly managed [12]. As a result, the corresponding balancing workloads and exploiting the benefits of each
tier can be achieved with the cooperation of the IloT devices, edge servers, and cloud servers, which, in turn,
can increase the overall performance of the systems and their resource usage and ensure the efficiency and
responsiveness of the IloT operations [13].

Computation offloading is an essential part of IloT environment, where multi-objective optimization
includes trade-offs between latency and energy consumption. Such metrics are in conflict, and models are
required to streamline their trade-off. Therefore, the optimization problems aim to reduce a weighted sum of
task execution time and energy consumption [14]. In the real-world industrial setting, goals including energy
consumption and latency are equally important and require parallel optimization [15]. Accordingly, the
offloading of computation aims at reducing energy consumption and delay to meet the energy efficiency and
latency constraints in the IIoT environment [16].

Reinforcement Learning (RL) is a promising method to cope with the dynamic and complex nature of the
IIoT environment and the multitier offloading process. The RL algorithms can also interact with the
environment and make an adjustment in offloading decisions based on changing conditions and varying
requirements [17]. This makes RL specifically well-adapted for solving continuous decision-making-problems
in dynamic industrial settings when traditional optimization processes are often intractable due to their extreme
complexity and because they typically require prior knowledge [18]. With such advantages, RL has
increasingly been used in computational offloading scenarios, where it can effectively tune the trade-off
between task completion time and energy usage [2].

But RL algorithms depend on the effectiveness of hyperparameter tuning [19], which directly affects
learning efficiency, convergence speed, and decision quality. Without proper tuning, RL algorithms may fail
to explore the solution space sufficiently, resulting in suboptimal offloading decisions. Most recent studies that
apply RL to this area assume fixed hyperparameter settings, with only a few investigations attempting manual
tuning through iterative experimental procedures. Manual tuning may produce performance improvements, but
it is effort- and time-intensive. Moreover, these studies often search a limited range of parameter values, and
the optimal values are highly environment-dependent. This limits the ability to generalize these systems under
dynamically changing conditions. Therefore, automated hyperparameter optimization is needed in RL-based
offloading models.
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Beyond hyperparameter selection, RL-based I1oT offloading also faces challenges related to state-space
complexity, reward design, and multi-agent coordination. In tabular RL, task, resource, and network variables
can increase the number of state-action combinations, while the reward formulation determines the latency-
energy trade-off learned by the agent. In addition, centralized single-agent decision-making may face
scalability limits in large distributed IloT networks. These issues remain important directions for future work;
however, the present study focuses specifically on automated hyperparameter tuning to improve Q-learning-
based IIoT offloading.

In order to optimize the performance of RL algorithms, advanced meta-heuristic optimization methods
have been embraced. Meta-heuristic optimizers represent a family of population-based search algorithms that
do not require gradient information, making them particularly suitable for black-box hyperparameter
optimization in non-convex RL landscapes. Among recent meta-heuristic optimizers, the Snake Optimizer
(SO) algorithm, proposed by Hashim and Hussien in 2022 [20], which can enhance global exploration of the
search space and promote convergence toward high-quality solutions. The optimizer provides an effective
system for tuning the hyperparameters of the RL algorithms, thus improving their efficiency and the ability to
adjust to the changing network conditions and changing workloads in IIoT environments. In this study, the
Snake Optimizer was selected for three principled reasons: (1) its population-based exploration-exploitation
mechanism enables efficient navigation of the three-dimensional hyperparameter space with limited function
evaluations; (2) its exploration phase provides sufficient diversity to escape local optima that plague gradient-
based methods, while its exploitation phase ensures rapid convergence to high-quality solutions; and (3)
empirical ablation studies demonstrate that even the vanilla SO variant improves fitness by 9.1% over fixed
hyperparameters, confirming its effectiveness in this specific application domain. Compared with gradient-
based hyperparameter optimization methods, which require differentiability, Bayesian optimization with
Gaussian process priors, which often requires careful kernel selection and may require additional handling
for discrete parameter spaces, and grid/random search, which can become computationally expensive in
high-dimensional spaces, SO leverages an exploration-exploitation balance mechanism that enables efficient
navigation of the non-convex hyperparameter landscape without requiring gradient information, although it
still relies on repeated function evaluations. While it is acknowledged that a comprehensive comparison with
Bayesian Optimization (BO), Particle Swarm Optimization (PSO), Genetic Algorithms (GA), and population-
based training methods would strengthen the contribution, this work focuses on demonstrating the efficacy of
SO-based hyperparameter optimization for tabular RL, which represents a methodology that can be extended
to alternative meta-heuristic optimizers in future studies.

The key contributions and findings of the current study can be summed up as follows:

e  We suggest an RL-based computational offloading framework that can leverage cooperative abilities of
a three-tier IloT-edge-cloud computing arrangement to dynamically determine the ideal offloading
locations through IloT environments.

e  We also utilize an adaptive hyperparameter optimization mechanism that automatically tunes important
hyperparameters of RL during the training process and therefore significantly increases convergence
speed and stability in comparison with traditional fixed-hyperparameter algorithms.

e  We conducted experiments in various situations and compared the proposed algorithm to three benchmark
RL-based algorithms. The analysis shows that our solution is capable of operating in a wide range of
conditions, thus proving its effectiveness and feasibility in [IoT implementations.

e  We provide rigorous statistical validation including multi-seed experiments (five independent random
seeds), 95% confidence intervals, and ablation studies to isolate the contribution of the SO enhancement.
This methodology enables reproducible and statistically sound performance comparisons.

The research contribution of this work is threefold. First, we demonstrate that automated hyperparameter
optimization via meta-heuristic search can substantially improve the performance of classical RL algorithms
in practical IToT scenarios. Second, we justify the selection of the SO over alternative optimization methods
based on its demonstrated efficacy in balancing exploration and exploitation during hyperparameter search.
Third, we establish that even modest hyperparameter tuning (optimizing learning rate, discount factor, and
exploration decay (€gecqy)) vields statistically significant performance gains in offloading tasks, suggesting
that hyperparameter optimization should be treated as a first-class consideration in RL-based offloading
studies, equivalent in importance to algorithmic complexity and architecture design.

2. RELATED WORK
In this section, the literature on the extant studies on RL-based computation offloading in IloT
environments is reviewed. The literature is categorically divided based on the hyperparameter management
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strategies used in different studies, whereby it is categorized as Fixed Hyperparameters, Manual Tuning,
Automated Adjustment and Not Specified. Individual categories define methodological innovations,
performance accomplishments, and inherent constraints, and the hyperparameter management strategies used
in different studies in particular. This systematic study forms the foundation for locating the research
deficiencies that drive the current study.

2.1. Fixed Hyperparameters

A dominant portion of the reviewed studies relied on fixed or constant hyperparameter settings in RL-
and deep reinforcement learning (DRL)-based offloading for IIoT environments. These works covered
different learning designs and agent deployments, such as DQN-based offloading and edge selection with
queuing, processing, and transmission delays [21], Q-learning and DDPG for delay-sensitive Mobile Edge
Computing (MEC) with reported latency reductions [7], and DDQN-based schemes that prioritize high-priority
tasks with multiple offloading options [22]. Semi-distributed actor-critic approaches were also used for large-
scale I1oT offloading [23], and distributed actor-critic was adopted to maximize quality of experience (QoE)
under changing conditions [24]. In addition, multi-agent methods such as MADDPG and its variations were
used in end-edge-cloud collaboration systems [25] and on edge servers [9], while per-device multi-agent
models were also considered with partial offloading and mobility aspects [26]. However, across these studies,
the use of fixed or predefined hyperparameters was repeatedly associated with practical constraints, such as
slower convergence in decision-making [7], limited suitability across different operational settings [25],
limited ability to adapt to changing conditions [9], and an explicit need to adjust hyperparameters
dynamically [24]. Overall, these studies show that fixed hyperparameter settings remain the dominant practice
in RL/DRL-based offloading research, but they may limit adaptability and generalization under changing IToT
conditions.

2.2. Manual Tuning

A smaller portion of studies conducted manual tuning through empirical evaluation, validation tests, or
sensitivity analysis. In these works, manual tuning was used to establish suitable hyperparameters to particular
system needs [27], to determine a suitable learning rate with sensitivity in convergence behaviour [28], and to
select hyperparameters manually in queue-aware deep RL settings [29]. Other studies manually  tuned
hyperparameters through empirical evaluation in g-greedy based algorithms [2], or conducted systematic
sensitivity analysis to optimize hyperparameters in MEC federation systems [30]. Empirical experiments also
used a variety of hyperparameter settings to trade-off between learning rate and batch size effects, where large
learning rates led to local rather than global optima and small batch sizes slowed convergence [31]. Similarly,
different learning rates and batch sizes were manually validated and tested in multi-edge environments [32],
and manual hyperparameter fine-tuning was used in multi-agent DRL studies guided by the extant literature
[33]. These studies collectively show that hyperparameter selection has a critical impact on algorithm
performance. However, manual approaches remain limited because they test only restricted sets of values and
often produce environment-specific optimal settings, while practical issues such as scalability, complexity, and
IToT constraints continue to appear across studies.

2.3. Automated Adjustment

Within the reviewed literature, automated adjustment strategies were less common. A representative
example is the study by Zhang et al. [ 13], where the experiment used a cosine annealing schedule of the learning
rate while keeping all other hyperparameters constant. However, the study reported that, under its centralized
single-agent setting, computational complexity increased in large networks, and the effectiveness of
cooperation decreased as the geographic distance between edge computing servers (ECS) devices grew. This
indicates that automated adjustment has been only partially explored, with most efforts focusing on limited
parameter adaptation rather than comprehensive hyperparameter optimization.

2.4. Not Specified

A further issue appears in studies that did not specify hyperparameter configurations. For example, Cheng
et al. [34] did not present the configuration of hyperparameters used, and Chen et al. [35] did not specify the
hyperparameters settings, which makes these studies hard to replicate. This “Not Specified” category directly
limits reproducibility and weakens the ability to compare results reliably across different approaches and
environments. This category highlights a clear reproducibility gap, since missing hyperparameter details make
it difficult to repeat experiments or compare results fairly across studies.
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Based on the reviewed literature, three gaps are identified that motivate this study. Many studies
of the offloading of RL/DRL rely on fixed or manually selected hyperparameters, and the performance
reported depends on undocumented design choices [2],[7],[30]-[34],[36],[9],[211,[22],[25]-[29].
Second, previous work tends to focus on the complexity of the algorithms and neglect to focus on
reproducible hyperparameter optimization (HPO) protocols, validation seeds, and tuning budgets.
Third, other AutoRL and HPO research has focused on BO, evolutionary strategies, GA, PSO,
population-based training, and meta-gradient learning [37]-[42], but these studies mainly address
general RL, AutoRL, or HPO settings rather than three-tier IIoT offloading models. This encourages a
targeted study of SO-based HPO for Q-learning when the search bounds, fitness evaluation rules and
the reporting of computational-overhead are explicitly stated.

This gap in the systematic reporting of hyperparameter optimization is further reflected in more
recent studies. Qin et al. [43] proposed a DRL-based offloading algorithm with density clustering and
ensemble learning, while Zhang et al. [13] proposed an improved soft actor-critic-based cooperative
partial task offloading and resource allocation algorithm for IIoT applications. Likewise, Chai ef al.
[32] created a dynamic queuing model based on DRL for distributed task offloading in MEC, and Cai
et al. [9] proposed a multitask multiobjective DRL-based computation offloading technique for IIoT.
Although these studies report some training or simulation parameters, they do not provide a systematic
HPO protocol with clearly defined search spaces or detailed tuning procedures. This limited
documentation adds to the challenges of reproducibility and highlights the importance of standardized
reporting in RL/DRL offloading research.

3. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, a three-layer IloT-edge-cloud architecture is given. The problem of computational
offloading is formulated as multi-objective optimization. With latency and energy consumption model
formulated explicitly by layer of processing, the proposed formulation provides a base for the design and
evaluation of enhanced RL-based computation offloading strategies.

3.1. System Model

An IloT-edge-cloud architecture in this study is represented in Figure 1. The IIoT layer is a collection of
IIoT devices in numbers of N, and these devices create tasks. The processing capacity of each device is
constrained by size and energy. The edge layer is made up of a base station that has an edge server which is
more powerful than the IIoT devices but not as powerful as the cloud server, and it provides computational
services to IIoT devices located in the area covered by the server. The cloud layer provides significant
computational power, but its remoteness subjects the transmission latency to a higher value.

3.2. Task Model

Suppose that N [ToT devices, numbered by index d and d € {1,2,3,..., N}, produce tasks in discrete time
steps. At each time step, the number of tasks generated at each device follows a Poisson distribution with the
mean A, where A represents the average number of tasks generated per time step [44]. Each task Tq generated
by device d is represented by a two-tuple, T; = {DS,, Cl;}, where DSq denotes the input task data size (in bits),
and CI; represents the computational intensity (CPU cycles per bit). The total computational requirement for
task T, is:

Cd = DSd * CId (1)

A task Td can be processed in one of three modes: (1) locally on the IToT device; (2) offloaded to an edge
server over a wireless link; (3) transferred to the cloud through the base station which, in its turn, is connected
to the cloud server by a wired connection. Since the result size of the processed task is negligible compared
with the size of input task data, the latency and the energy consumption in transmitting downlink data are
neglected [45][46].

3.3. Offloading Model

In the proposed system model, an intelligent agent makes binary offloading decisions (choosing between
full local execution or full offloading). In the case of offloading, a multi-layer destination selection for each
generated task takes place, determining whether to offload it to an edge server or to the cloud server. This
binary formulation is adopted as the modeling scope of the present study to evaluate SO-based HPO under a
controlled offloading setting. This offloading decision is modeled as a discrete action a; € {0,1,2} for task T,
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initiated by device d, where a; = 0 represents local execution, a; = 1 represents offloading to the edge server,
and a; = 2 represents offloading to the cloud server.

At any time, there can be one execution location for each task, thus optimizing the trade-off between
execution energy and latency. This action space is discrete, providing a single mathematical abstraction of
evaluation and learning of optimal offloading policies on the three-layer IIoT system structure, and thus enables
systematic optimization of policies through RL algorithms.
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Figure 1. System Architecture of the Three-Tier lloT-Edge-Cloud Computation Offloading Framework

3.4. Computational Models
The computational models for task execution across the IIoT device, edge, and cloud layers are detailed
in this section.

3.4.1. Local Computing
When the IIoT device processes the task locally, latency as well as energy consumption is
determined by the computing capabilities of the IIoT device. The latency for local execution is:

Ca

FIIOT

LC _
LIIOT -

)
Where, LYC.. denotes the computation latency at the IIoT device, and Fyjor denotes the computation resource
of the IIoT device.

The model of the energy consumption in the IIoT device is as:

EILIgT =K=* FuoT2 * Cg 3)

Where, EfS; denotes energy consumption at the IloT device, and K denotes the effectively switched
capacitance. Since both latency and energy consumption result only from computation, no transmission
overhead is considered in this model.

3.4.2. Edge Computing
For a task generated by an IloT device and which is offloaded to the edge server, the total latency
comprises edge computation time and wireless transmission delay. Therefore, the total latency is given by:

EC __jcomp
LIIOT - LIIoT,Edge + ng{{i‘dye (4)
Where, Lff,r denotes total latency for edge computing mode, L7} 7" ., denotes computation latency at

the edge server, and L{j7'%44. denotes transmission latency when the IloT device offloads a task to the edge

Server.
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Both of L} 7" 0 and Lij575 4. can be obtained as:

IloT,Edge
C
comp _ d
LIIoT,Edge - F (5)
Edge
Ltrans — DSd 6
11oT,Edge — Rb ( )
IIoT

Where, Fggqe computation resource of the edge server, and RP, 1 denotes the transmission rate between an IIoT
device and the edge server.

The total energy consumption at the IIoT device when offloading a task to the edge server comprises
energy consumption of transmission and energy consumption of standby that can be got as:

— comp
EIEIgT - PIGOTLgyg%%dge + PISIOTLII()T,Edge (7)

Where, EES; denotes total energy consumption when the task is executed at the edge server, P4, denotes
transmission power of an IIoT device when a task is being relayed to the edge server, and P}j, represents the
standby power that can be observed in case the IIoT device goes into standby mode, waiting for the result from
the edge server.

3.4.3. Cloud Computing
In the cloud computing, the task is offloaded from the IloT device to the base station first. Then, the base
station forwards the task to the cloud server. The total latency in this case is calculated by:

cc _ jcomp trans
LIIoT - LIIoT,Cloud + LIIoT,Cloud (8)
C
comp _ da
LIIoT,Cloud - F (9)
Cloud

Where, Lif,r denotes the total latency when the task is executed at the cloud server, Lj; 7,4 denotes

computation latency at the cloud server as calculated in equation (9), F¢ouq denotes computation resource of
the cloud server, and L}]31*%,,4 denotes total transmission latency when sending a task from the I1oT device

to the cloud server, which is calculated as :

trans — gtrans trans
LIIoT,Cloud - LIIoT,Edge + LEdge,Cloud (10)
Jtrans _ DSq 11
Edge,Cloud — Rt ( )
Edge

Where, LE47% c1oua denotes transmission latency when the base station offloads a task to the cloud server,
and Rgdge refers to the base station transmission rate.
The energy consumption for the IIoT device during the cloud offloading is:

CC _ pt trans S comp trans
Efisr = PiorLioreage + Pitor (Lior,cloua T LEdge,cloud ) (12)

Where, E5S; denotes total energy consumption when the IIoT device offloads a task to the cloud server
for processing.

3.5. Problem Formulation

The focus of this study is to reduce the weighted sum of latency-energy consumption for computation
offloading in the three-layer IloT-edge-cloud system. Each IIoT device generates tasks, where each task is
characterized by its data size and computation intensity. The aim is to find the best execution location (an IloT
device, an edge server or a cloud server) for every computational task so that the weighted sum of latency and
energy consumption is minimized.

3.5.1. Decision Variables
As introduced in Section 3.3, the offloading decision for task T, is represented by the discrete action ay
€{0,1,2}.
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To formulate the optimization problem, we introduce a binary decision indicator variable XJ* for each
task T; and execution mode m € {LC,EC,CC}, where LC denotes local computing, EC denotes edge
computing, and CC denotes cloud computing. The variable X' is defined as:

xp = {

Foralld € {1,2,...,N},m € {LC,EC,CC}
The relationship between the action variable aq and the indicator variable X is given by:

1,if task T, is executed in mode m,
0, otherwise,

Lc _ EC _ cc _
Xd - ﬂ{adZO} IXd - ]l{ad=1} !Xd - ﬂ{adzz} (13)
Where Lconaition; 1S the indicator function that is equal to 1 when the condition is true and 0 otherwise.

3.5.2. Constraints
Since each task can be assigned to only one execution mode at a time, the following constraint must be
satisfied:

Xk + XEC+ X¢=1,vd €{1,2,...,N} (14)
Additionally, the decision variables are binary:

X™ €{0,1},vd €{1,2, ..,N},vm € {LC,EC,CC} (15)

3.5.3. Cost Function
The cost of processing task T,; at execution mode m is defined as a weighted sum of latency and energy
used:

Cost™ = W,.L" + Wg.E™ (16)

Where, LY is the latency for executing task Tq at the mode m, as defined in equation (2), equation (4), and
equation (8) for m € {LC, EC, CC}, respectively, EJ is the energy consumption for executing task T,; at mode
m, as defined in equation (3), equation (7), and equation (12) for m € {L.C, EC, CC}, respectively, and W;, Wg
are non-negative weight coefficients satisfying:

WL + WE = 1,WL,WE > 0 (17)

The weights W; and Wy were fixed to maintain a consistent latency-energy trade-off across algorithm
comparisons. Two representative weighting configurations were also examined, but a broader sensitivity
analysis over wider latency-energy trade-offs is left for future work.

This cost function formulation follows the standard weighted-sum approach commonly used in multi-
objective optimization for task offloading systems [2],[9],[34],[47]. The cost function is a decision criterion to
examine and compare the execution modes.

The two coefficients Wi and Wg allow the system to trade-off the latency and energy consumption as per
application specific needs. A higher W, value gives a high priority to latency reduction; a higher Wy value, on
the other hand, increases energy efficiency. This approach is consistent with current paradigms in the literature
of computation-offloading, in which weighted-sum formulas are widely used to represent execution costs.

3.5.4. Optimization Objective
The optimization problem aims at minimizing the aggregate cost of all the tasks that are generated by the
N IIoT devices:

N
min
Xm X' .Cost] (18)
d=1 me{LCEC,CC)
Similarly, when equation (16) is replaced, the objective can be modified as:
N
min
Xm Xg. (W,.L§ + W ER) (18)
d=1 me(LCEC,CC)
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Subject to constraints equation (14), equation (15), and equation (17).
The optimization problem of full optimization can be stated as follows:

N

r;zf Z[X{;C.COSH&C + XEC.CostES + XSC.CostSC] (20)
d=1

Subject to constraints equation (14), equation (15), and equation (17).

This formulation represents a combinatorial optimization problem where the decision space grows
exponentially with the number of devices and execution modes. In particular, the search space for the N devices
making single-choice offloading decisions among three execution modes is 3V possible assignments. This
results in 59,049 different offloading configurations for N = 10, as in our experimental setup. The
computational hardness of this problem comes from two main sources: (1) the solution space grows
exponentially as the number of devices or tasks grows, making it impractical to exhaustively enumerate the
solutions for a practical system size; and (2) when the decisions are considered under shared edge computation
and communication limits, the offloading choices of different devices become coupled, so the decision of one
device can affect the available resources and resulting cost for other devices. The stochastic nature of task
arrivals further increases the uncertainty of the optimization landscape at each decision epoch. We do not
explicitly model queuing dynamics or partial offloading; however, the NP-hard characterization is made under
the shared-resource contention condition, not from queuing or partial offloading alone. Under these coupled
resource constraints, the offloading decision problem can be characterized as NP-hard [48][49]. Formally, the
decision problem is closely related to the multi-dimensional knapsack problem or the generalized assignment
problem, both of which are known to be NP-hard. The exponential solution space (3") means that even for
moderate values of N (e.g., N = 15), the search space exceeds 14 million configurations, rendering brute-force
approaches impractical. Consequently, RL-based approaches with automated hyperparameter optimization
provide a tractable learning-based alternative for obtaining high-quality offloading decisions without
exhaustive enumeration.

4. PROPOSED ENHANCED Q-LEARNING ALGORITHM BASED ON SNAKE OPTIMIZER

ALGORITHM

In this section, a RL-based computation offloading framework is introduced to minimize latency and
energy usage in dynamic conditions. The suggested framework (QLSO) combines the Q-Learning algorithm
(QL) and Snake Optimizer (SO) to automatically adjust the main hyperparameters of the QL algorithm to
improve the convergence behavior and decision-making in complex IIoT environments. The framework
evolves the best offloading policies that combine latency and energy usage on the three-layer architecture,
through the exploitation of the exploratory efficiency of QL and an optimization strategy adopted by SO.

The environment model follows a three-layered architectural paradigm that captures the fundamental
components inherent to an industrial deployment. Every episode is a simulation of the arrival of tasks generated
by IloT devices and each task is characterized by the size of data and the intensity of computation. The state
space of the environment at every time step is made up of the characteristics of new generated tasks, the
computational capacity and availability of IIoT devices, edge servers, and cloud resources, and the existing
network conditions. Such a state representation allows the RL agent to map states to optimum actions that
reduce time to complete tasks and energy usage. For tabular Q-learning, the state variables were represented
using discrete simulation levels based on the predefined simulation parameter ranges, allowing each observed
state to be mapped to a finite Q-table entry.

The action space consists of three discrete offloading choices, namely, execution on the IIoT device (local
execution), offloading to the edge server, and offloading to the cloud server, represented by aq € {local, edge,
cloud}. Every action carried out includes the related values of latency and energy usage based on the task
characteristics and the current conditions in the system. The agent of RL is given a scalar reward, denoted by
r, obtained as a weighted sum of the negative latency and energy consumption. This reward is expressed as:

r=—WL-L + WE-E) 1)

L is the latency incurred when performing a task and E is the energy used. The negative sign ensures that
the minimization of the two metrics is equivalent to maximization of the reward.

For clarity and consistency throughout this section, Table 1 presents the definitions of all key symbols
and variables used in the QLSO framework formulation.
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4.1. Q-Learning Algorithm

Determining an ideal offloading computation strategy in IIoT environments is a challenging task due to
their dynamism, limited resource capabilities of devices, and intrinsic tradeoff between execution time and
energy use. In order to address these difficulties, the current work will use the QL algorithm [17] integrated
with SO to automatically tune its main hyperparameters. Being a model free RL approach, QL is capable of
running without explicit knowledge about the system dynamics. QL algorithm learns the best decision-making
policies by updating a Q-table repeatedly in response to agent-environment interactions. Further, QL algorithm
has comparatively low computational complexity, which makes it practical to run in resource-constrained
devices, and its off-policy learning algorithm also has the advantage of exploring the state-action space and
driving the algorithm towards the most optimal offloading policies.

In a number of strategic choices, Q-Learning was intentionally chosen as the lightweight baseline RL
algorithm. First, the discrete and small action space (JA| = 3) of the suggested three-layer architecture does not
necessarily require neural-network-based function approximation methods such as those used in DQN or
DDPG. Second, the tabular representation of Q-Learning makes it possible to implement the algorithm directly
on edge devices, which have resource constraints, without having to use GPU-based inference, which fits well
with the practical IIoT deployment considerations. Third, and most importantly, the contribution of this work
does not consist in the suggestion of a new RL algorithm, but in the fact that automated hyperparameter
optimization through a meta-heuristic search can considerably improve even classical RL algorithms. In the
event that SO-based tuning outperforms untuned DQN and SARSA, this confirms the wider hypothesis that
hyperparameter optimization should be treated with the same consideration as the complexity of algorithm in
the context of RL-based offloading studies.

The Q-Learning agent receives a scalar reward r at each time step, defined as:

r=—(W,.L+W;.E) (22)

Table 1. Symbol Definitions and Glossary

Symbol Definition Unit
a (alpha)  Learning rate for Q-Learning; controls the step size of value function updates  dimensionless
Y (gamma) Discount factor; determines the importance of future rewards dimensionless
& (epsilon) Exploration rate; probability of random action selection dimensionless
Edecay Exploration decay rate; factor by which ¢ is multiplied each episode dimensionless
L Latency; time required to complete a task seconds (s)
E Energy consumption; total energy used for task execution Joules (J)

w; Weight for latency in fitness function dimensionless
Wy Weight for energy in fitness function dimensionless
F Fitness value; objective function to be minimized dimensionless

N Snake Optimizer —

QL Q-Learning —

QLSO Q-Learning optimized by Snake Optimizer —
Q(s,a) Q-value for state s and action a in the Q-table dimensionless

X" Optimal hyperparameter triplet found by SO —
PopSize Population size in SO algorithm dimensionless
nlter Number of iterations in SO algorithm dimensionless

The negative sign ensures that the minimization of the two metrics is equivalent to maximization of
the reward, enabling standard RL algorithms designed for reward maximization to solve the minimization
problem.

The Q-Learning update rule is:

Q(s,a) «Q(s,a)+a-[r+y -maxy Q(s',a) —Q(s,a)] (23)

Where a is the learning rate, y is the discount factor, and Q (s, @) represents the learned value of taking
action a in state s.

4.2. Snake Optimizer Algorithm

Meta-heuristic optimization algorithms are advanced techniques that are designed to solve complex
optimization problems. They base their conceptual foundations on the natural phenomena, thus, allowing them
to cover the vast solution spaces thoroughly. In turn, their natural plasticity and stability make them very
applicable within a range of field disciplines. SO is a meta-heuristic algorithm of optimization based on the
hunting strategy of snakes.
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The SO algorithm maintains a population of candidate solutions, each representing a hyperparameter
triplet (@, ¥, €gecay)- The algorithm alternates between two operational modes:

1. Exploration Phase: Candidates are diversified through random variations directed by inter-individual
interactions, enabling the search to comprehensively sample the solution space.

2. Exploitation Phase: The search concentrates on the most successful solutions, with movement
controlled by environmental forces (temperature (T) and food quantity (Q)) factors. These factors guide
the transition from diversified exploration to local refinement around high-quality candidate solutions
until the maximum number of iterations is reached.

The adaptive search strategy inherently maintains a balance between global exploration and local
refinement, allowing the optimizer to escape low-quality local optima and converge toward global solutions.

4.3. Q-Learning Optimized by Snake Optimizer (QLSO) Framework

In dynamic and complicated IloT computation offloading, the learning rate («), discount factor (y), and
exploration decay (€qecay) have a significant impact on the performance in terms of convergence and stability
of the baseline QL algorithm. These hyperparameters are often poorly tuned manually or at least fixed a priori,
which leads to poor learning performance. The proposed QLSO framework enhanced the baseline QL
algorithm by an adaptive hyperparameter tuning processor by the SO algorithm.

The overall pipeline of the proposed QLSO framework is shown in Figure 2, where the SO is integrated
with QL to automatically tune the hyperparameters. The pipeline consists of two stages: (1) offline
hyperparameter optimization, and (2) online decision-making.

The offline phase starts with the initialization of the SO population, with each candidate being a triple of
hyperparameters (@, ¥, £4ecay)- For each candidate, the QL agent is trained for 250 episodes and evaluated over
100 episodes. The Snake Optimizer's exploration-exploitation balance is controlled by the fitness values until
convergence to the optimal configuration X = (@,¥", €gecay”). This optimized configuration is then used to
train the QL agent from scratch for 500 episodes prior to the online decision making phase. The online phase
utilizes the trained agent X* to make real-time offloading decisions in the IIoT environment, which can be
either local execution, edge offloading, or cloud offloading, based on the learned Q-table. This separation
between tuning, evaluation, and final training helps reduce leakage between HPO and final performance
reporting.

In QLSO implementation, each candidate solution in the SO population represents a parameter triplet (o,
Y, €decay) Within predefined search ranges and their corresponding justifications specified in Table 2. The fitness
of each candidate is evaluated through episodic training and testing of a QL agent in the IIoT environment.
The fitness function is defined as:

F=W"L+WE (24)

In this fitness evaluation, L and E denote the average latency and average energy measured over the
evaluation episodes, rather than instantaneous single-step values. Reduction in F values suggests that the
selected hyperparameter settings result in lower latency and low energy use.

SO uses the adaptive search strategy which switches between the two modes of operations. During the
exploration phase, candidate parameters are diversified through random variations, which are directed by inter-
individual interactions, and thus allows the search to greatly sample solution space. At the exploitation stage,
the search is more concentrated more about the most successful solutions, the movement is controlled by the
environmental forces like temperature and food quantity. These inherently maintain a balance between global
exploration and local refinement, allowing the optimizer to get out of low-quality local optima, and move
towards high quality results.

Once the maximum number of iterations is hit, X* = (a",¥", €4ecay”) is found globally and selected.
This optimized set of hyperparameters is then used to retrain QL agent from initialization for full deployment
and performance testing in the target IloT computation offloading environment.

The hyperparameter search bounds were selected to provide a sufficiently broad and stable search space
for tuning the QL parameters in the considered IloT offloading simulation.
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[ Phase 1: Offline Hyperp Optimization using SO ] [ Phase 2: Online Q-Learning-Based Offloading Decision-Making ]
1. Initialize SO ion with triplets 1. Initialize Q-Learning agent with optimal hyperparameter triplet from Phase 1
X = (94 Vis £decayi) X' = (4", Y*, Edocay’)
/2‘ For each candidate X;: \
R [ - - ] ﬁr each episode: \
a. Initialize Q-Learning agent with candidate hyperparameters

L [ a. Observe current state s ]

[ b. Train agent for Ty, episodes in the lloT environment ] l
) - b. Select action a using s-greedy policy

[ c. Evaluate trained agent over T, episodes ] (local, edge, or cloud offioading)
X !

\[ d. Compute fitness value ]/
c. Execute action a and

l Observe latency L, energy E, reward r, and next state s'

3. Update SO population: 7\ !

Exploration phase: Exploitation phase:
Diversity candidates Refine promising d. Update Q-table using Q-Learning update rule and set s «— &'
through random variations candidates toward optimal solution
J !
\ ‘ &. Repeal steps b—d until the episode ends, then decay exploration rate & }/
5. Output: optimal hyperparameter triplet . 2 5
X = (0% ¥, Egonnn) 3. Output: learned Q-table and offloading final policy

L

Figure 2. QLSO framework Pipeline. The flowchart shows that the system has two phases: (1) offline hyperparameter
optimization using Snake Optimizer, and (2) online decision-making using Q-Learning with optimized hyperparameters.
The SO trains and evaluates QL agents to assess hyperparameter candidates and identify the best configuration X* =
(a",¥", €gecay™)- This optimized configuration is then used for deployment in the IloT computation offloading
environment

Table 2. Hyperparameter Search Bounds and Justifications

Parameter Symbol Search Range Justification
Values below 0.10 result in unacceptably slow convergence within the 500-episode
Learning rate a [0.10, 0.50] training window, while values exceeding 0.50 induce Q-value instability due to excessive
updates.
. Lower bound of 0.50 ensures that future rewards are still considered during learning;
Discount

[0.50, 0.99] upper bound of 0.99 provides near-infinite horizon planning, which may be unnecessarily

factor complex for task time scales.
Exoloration Upper bound of 0.995 ensures sufficient exploration persists through training episodes;
r()iecay €gecay  [0.90,0.995]  lower bound of 0.90 ensures adequate exploration-exploitation transition for smaller state

spaces.

5. SIMULATION RESULTS

To evaluate the performance of the proposed algorithm, simulation experiments were conducted. All
experiments were performed on a PC equipped with an Intel Core ™ i7- 10750 H CPU, 32 GB of RAM,
running Windows 10 Pro (64-bit), using Python 3.6.13 in an Anaconda environment.

5.1. Simulation Setup

The simulation framework was designed to replicate the hierarchical layers of the IIoT architecture,
comprising ten IIoT devices, a base station with an edge server and a cloud server. Table 3 displays the
parameters of the simulation based on values that are widely used in the previous studies [9],[50][51]. The
QLSO algorithm was compared with three benchmark algorithms: QL (off-policy), SARSA (on-policy) and
DQN (off-policy).

5.2. Performance Metrics
The following metrics were used to compare and evaluate the QLSO algorithm performance:

a.  Average Latency: The average completion time of a task of an IIoT device, performed locally or offloaded
[2].

b.  Average Energy Consumption: The average energy that an IIoT device uses in order to execute its task,
whether locally or by offloading [52].
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c.  Cost: It is a weighted sum of latency and energy usage [31].

d. Latency-Optimal Decision Rate: The percentage of offloading decisions where the algorithm is able to
pick the location of execution that minimizes task completion latency amongst all the available choices
[53].

e. Task Offloading Distribution: This is the distribution pattern of computational tasks among the accessible
locations of computation (local devices, edge servers, cloud) characterized by the percentage allocation
to each computing layer [54].

f.  Convergence: this is the ability of an algorithm to have the optimal solutions as a result of its interaction
with its environment. It is defined by two main features convergence speed which is defined as the speed
at which the algorithm learns the effective policy and convergence stability which is defined as the ability
of the algorithm to perform consistently once the optimal solution is obtained. It is assumed that an
effective RL algorithm will converge quickly and provide stable decision-making in dynamic IloT
environments [55].

g. 95" Percentile Latency: A measure that shows the amount of time it takes to complete 95% of tasks
[56][57].

5.3. Performance Evaluation

This subsection shows the performance analysis of the proposed solution through simulations. The main
aim is to determine the effectiveness of the proposed QLSO algorithm in relation to seven key performance
metrics and how the algorithm compares with three benchmark algorithms under various experimental settings.
The obtained results are compared in order to demonstrate the excellence of the suggested QLSO algorithm in
IIoT environments.

Tabel 3. Simulation parameters

Parameter Value Parameter Value
Input data size of a task (DSq) [1, 30] Mbit Task computational intensity (CL,) 700, 1300]
’ d cycles/bit
_28 . . .
Switched capacitance of IloT device (K) 1x10 » Computational capacity of IToT device [1,13] GHz
J/Hz (Fizor)
ional ity of . .
Computational capacity of edge server [9,21] GHz Computational capacity of cloud server 20, 32] GHz
(FEdge) (FCloud)
Transmission rate between IIoT and base 4.7 Mbps Transmission rate between base station 15 Mbps

and cloud server (Riqge)
Weighted sum of latency (W) and

station (R?IUT)
Transmission power (Pt,r) and Standby

power (Po1) 0.6 W.0.1W energy consumption (Wy) Wy =05, W =0.5
Poisson arrival rate (1) 5 Number of independent seeds 42
RL algorithm training episodes 500 Snake Optimizer training episodes 250
Snake Optimizer population size 20 Number of Snake Optimizer iterations 20

5.3.1. Convergence Analysis Under Varying Task Complexity

The convergence behaviour of the QLSO algorithm was compared to benchmark algorithms in two test
cases: Low Complexity Tasks (LCT) with small task size and low computational intensity and High
Complexity Tasks (HCT) with large task size and high computational intensity. Convergence was measured
by monitoring the change in cumulative reward as in Figure 3(a) for LCT and Figure 3(b) for HCT, with respect
to the number of training episodes. The empirical results show the proposed solution reached faster
convergence and produced more stable reward curves as compared to the benchmark algorithms, and it takes
less training episodes to be stabilized. Besides, the results testify to the effectiveness of the SO algorithm in
optimizing the hyperparameters of the QL algorithm, thus improving its effectiveness in IIoT task-offloading
environments.

To further validate the convergence dynamics and aid in supporting the comparative findings, another
statistical study was conducted to determine the variability of the performance measured in all of the algorithms
evaluated. The Standard Deviation (StDev) analysis, which is calculated in Minitab® 20.3 (64-bit), confirms
increased convergence speed and stability of the proposed QLSO algorithm in both task complexity scenarios
as illustrated in Table 4. In the LCT case, QLSO achieves the lowest value of (StDev=0.3207), which is lower
than the corresponding values of 0.3651 in QL, 0.3474 in SARSA, and 0.4801 in DQN, which shows that the
proposed approach maintains a higher performance level even with small tasks with small computational
requirements. The Standard Deviation of the QLSO was remarkably low in HCT case (19.06) and significantly
better in comparison to QL (StDev= 31.09), SARSA (StDev= 33.32), and DQN (StDev= 38.14). This shows
that the suggested algorithm is quite consistent even when it comes to dealing with computationally challenging
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tasks that require large amount of data. As illustrated in Figure 4 to Figure 8, the comparative evaluation across
varying task sizes, computational intensities, and server capacities demonstrates that QLSO consistently
achieves superior performance across latency, energy, and cost metrics. The convergence curves in Figure 3
show that QLSO reaches stable performance earlier than competing algorithms in both LCT and HCT
scenarios. Furthermore, the convergence analysis shows that QLSO achieved stability faster than competing
algorithms in both scenarios. Based on the stability patterns observed in both the LCT and HCT reward curves,
the proposed algorithm demonstrates convergence after a reasonable number of episodes in both scenarios,
whereas the other algorithms either reached stability much later or failed to converge within the training period.

Table 4. Standard deviation comparison of four algorithms
Algorithm  StDev under LCT Scenario  StDev under HCT Scenario

QL 0.3651 31.09
SARSA 0.3474 33.32
DQN 0.4801 38.14
QLSO 0.3207 19.06

AN
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(a) (b)
Figure 3. The convergence behaviour of (a) low-complexity tasks and (b) high-complexity tasks, where the curves have
been smoothed with a Gaussian filter with o = 2.0
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Figure 4. Comparison of Algorithm choosing based on different Task Sizes. Figures depict (a) Average Latency, (b)
Average Energy and (c) Cost in different task sizes. QLSO outperforms all other algorithms
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This faster convergence translates into multiple critical benefits for IIoT task offloading systems: (1)
reduced training time and computational costs, enabling devices that have limited computing resources; (2)
lower energy consumption during the learning phase, which is particularly important for resource-constrained
devices; (3) faster deployment in IIoT environments, allowing the system to begin making optimal offloading
decisions sooner; and (4) the capability to perform training with fewer iterations, significantly improving the
applicability of the proposed approach in dynamic IloT environments. This speed of convergence coupled with
the stability of low variance found in for both LCT and HCT cases is significantly important for practical real
industrial-IIoT task offloading system where quick learning and dependable decision making are needed to
ensure system performance and QoS requirements under different workloads.

5.3.2. Comparative Evaluation Across Latency, Energy, and Cost Metrics

To provide a further evaluation of the suggested QLSO algorithm, the proposed algorithm was compared
to three known algorithms, namely the Q-Learning, SARSA, and DQN, in the three aspects of latency, energy
consumption and overall cost. It was evaluated in five different scenarios namely; (1) varying task sizes as in
Figure 4; (2) varying task computational intensities as in Figure 5; (3) different computational capacities of
IIoT devices as in Figure 6; (4) different computational capacities of the edge server as in Figure 7; and (5)
different computational capacities of the cloud server as in Figure 8. The empirical findings in all the scenarios
show that the QLSO algorithm is always the best in reducing these key metrics mentioned above when
compared with the benchmark algorithms. This better performance result from the effectiveness of the QL
algorithm enhanced by SO algorithm, which enables the proposed solution to select the optimal offloading
decision under varying system conditions and task characteristics.
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Figure S. Comparison between Algorithms under Different Task Computational Intensities. Figures show (a) Average
Latency, (b) Average Energy, and (c) Cost across varying intensity levels. QLSO sustains its performance benefits across
all considered levels
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Figure 8. Comparison between Algorithms under Different Cloud Server Computational Capacities. Figures show (a)
Average Latency, (b) Average Energy, and (c) Cost across varying cloud capacities QLSO maintains superior
performance across all cloud configurations

5.3.3. P95 Performance under Varying System Conditions

A comparison of the 95" percentile latency (P95) between the proposed solution and benchmark
algorithms in different system conditions is given in Figure 9. The 95" percentile latency represents the
maximum latency of tasks by 95 percent of procedures and represents performance under the worst conditions.
This indicator is important in the context of IloT, where tasks are often of urgency, and predictability of the
deadline is required to maintain a consistent process. The findings prove that the proposed solution achieves
lower values of P95 latency than the benchmark algorithms in varied scenarios, providing quicker completion
of most tasks despite unfavorable conditions. This level of tail-latency performance is necessary to achieve
service-quality goals, since it ensures that only a small portion (5%) of tasks take longer than the P95 threshold.
The superior P95 performance of the proposed solution can be explained by the enhanced RL algorithm's ability
to learn and adapt to system dynamics, enabling it to make offloading decisions that minimize latency variation
and avoid performance decline during peak load conditions or resource contention scenarios.

5.3.4. Comparison of Optimal Latency Across Benchmark Algorithms

The optimal latency rate, which measures the percentage of cases where each algorithm makes the optimal
offloading decision that results in the minimum possible latency is presented in Figure 10. This metric directly
evaluates the decision-making quality of each algorithm by comparing its choices against the optimal decision
in each scenario.

The results show that algorithm DQN generally performs better than the other benchmark algorithms, QL
and SARSA, in terms of raw latency and energy metrics. However, under the adopted discrete-state simulation
setting, the proposed QLSO algorithm achieves the highest optimal latency rate in most evaluated cases.
Therefore, the comparison is interpreted in terms of the considered metrics and scenarios, rather than as a
general claim of superiority over DRL methods. This performance supports the effectiveness of the enhanced
QL algorithm, which has been improved by integrating SO algorithm, which leads to enabling the system to
improve its decision-making policy.
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Anyhow, as illustrated in Figure 10(c), when the computational capacity of IIoT devices increases to 5
GHz or higher, a noticeable decrease in the Optimal Latency Rate is observed for all algorithms. This outcome
can be explained by the reward function adopted by all algorithms. This function is designed to minimize the
total cost, which is defined as a weighted sum of latency and energy consumption. As the CPU capacity
increases, the local execution time of tasks decreases, which makes local execution appear as the optimal
decision in isolation. However, the higher CPU frequency also results in increased energy consumption,
thereby raising the overall execution cost. Consequently, the algorithms adapt by offloading tasks to edge or
cloud servers to reduce the energy cost, even though this introduces a moderate increase in latency. This trade-
off results in a lower total cost but it simultaneously causes a reduction in the Optimal Latency Rate, since the
offloaded decisions do not always correspond to the lowest-latency option. Overall, the high Optimal Latency
Rate, which the proposed algorithm managed to reach, means that it successfully find the most effective
offloading strategy in various system states and task features. This result suggests that the proposed RL-based
framework can adapt to the evaluated system states and task features.
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Figure 9. Comparison of algorithms for 95t percentile latency over (a) input task size, (b) input computation
intensity, (c) IIoT device capacity, (d) edge server capacity, and (e) cloud server capacity. QLSO achieves the lowest
tail latency across all graphs, indicating strong worst-case guarantees
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Figure 10. Comparison of algorithms for Optimal Latency Rate. The results compare the Optimal Latency Rate across
different system conditions. QLSO achieves the highest rate in most cases, indicating its ability to select latency -
efficient offloading decisions

5.3.5. Task Offloading Performance Across Execution Locations

As illustrated in Figure 11, the task offloading distribution by showing how the computational tasks are
distributed among three available levels of execution, i.e., local IIoT devices, edge servers, and cloud servers
and is expressed as a percentage share of the computational tasks allocated to each level. The findings show
that there exist strong differences regarding how each algorithm allocates tasks to these execution levels. The
QLSO algorithm displays more balanced and dynamic distribution as compared to benchmark algorithms that
exhibit biases in allocating tasks to a given execution tier regardless of the nature of the tasks or the current
state of the system. This intelligent distribution indicates that the proposed solution effectively computes the
properties of the task, including their size and the computational intensity, coupled with the available resources
computational functionality to determine the optimal place of execution of each task. This behavior is also
linked to the optimized hyperparameter configuration, which guides the learned policy in balancing local, edge,
and cloud decisions under different task and resource conditions. The proposed solution promotes the efficient
use of the resources in the whole system by reducing the dependency on a single location of execution without
compromising the optimal performance of the system. Such effective distribution scheme among the three
layers of execution explains the high performance in the latency, energy consumption, and overall cost
achieved by proposed solution as shown in the Figure 11. This adaptive distribution supports the capabilities
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of the improved RL framework to develop context-aware offloading decisions to dynamically react to different
task features and system conditions.
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Figure 11. Comparison of algorithms for Task Offloading Distribution. The results illustrate how each algorithm
distributes tasks among local execution, edge offloading, and cloud offloading across different system conditions

5.3.6. Ablation Study: Impact of Snake Optimizer Enhancement

To isolate the contribution of SO-based HPO relative to QL, an ablation study compared three
configurations: (1) QL-Fixed with manually selected hyperparameters (alpha = 0.1, gamma = 0.95, exploration
decay = 0.995); (2) QL+SOA-Standard using the vanilla SO; and (3) QL+SOA-Modified using the modified
exploration-exploitation variant. The comparison uses identical search bounds, training episodes, and greedy
validation episodes. The hyperparameter search bounds are set based on theoretical considerations and
empirical observations for the domain of IloT offloading. Specifically, the learning rate («) is searched within
the range [0.05, 0.5], the discount factor (y) is searched within the range [0.80, 0.99], and the exploration decay
(€decay) 1s searched within the range [0.90, 0.995]. These ranges are defined consistently across all
experimental configurations to ensure reproducibility and to avoid scenario-specific tuning. To make the
experimental configuration explicit before reporting the ablation results, the main simulation settings used in
this study are summarized in Table 5. The optimal hyperparameter configurations obtained across five
independent random seeds for both the standard and modified SO variants are presented in Table 6.
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The placement of the optimized values in Table 6 is supported by the following validation procedure. A
comprehensive multi-stage validation procedure was used to evaluate the robustness and generalizability of the
optimized hyperparameters. To reduce the effect of the stochastic initialization, each experimental setup was
tested with five different random seeds (42, 7, 13, 21, and 99), and the results were statistically reliable. The
results of these runs were reported as mean and standard deviation, and 95% confidence intervals were
estimated by using the Student's t-distribution. Comprehensive ablation studies were performed by comparing
a baseline QL-Fixed model with two optimized variants: QL+SOA-Standard and QL+SOA- Modified, where
QL-Fixed uses manually selected hyperparameters and the SOA variants use optimized hyperparameters.
Furthermore, the proposed QLSO algorithm was compared with three popular reinforcement learning
algorithms: Q-Learning, SARSA, and DQN, with the same experimental setup. The optimum hyperparameter
triplet X™ = (@",¥", €4ecay”) Was chosen from the final population when the optimization process was
completed. This optimal configuration was then used to re-initialize and re-train the QL agent from scratch,
and its effectiveness was validated by empirically consistent performance gains across the benchmark
comparisons in the target IloT computation offloading environment.

The ablation results in Table 7 show that both SO variants improve over fixed-hyperparameter
QL. Standard SOA achieves a 9.1% fitness improvement over QL-Fixed, while the Modified SOA
achieves a 6.5% improvement. Because Standard SOA slightly outperforms the modified variant in this
experimental regime, the manuscript does not claim that the modified mechanism is categorically
superior. Instead, the supported conclusion is that SO-based HPO itself is beneficial, and additional
enhancement mechanisms require further validation.

Table 5. Simulation settings used in the ablation and scenario analyses

Parameter Value Parameter Value
Random
Input data size of a task (DS4): Small/Big [20, 80] x 10%/ [100, . . . uniform
Scenario 400] % 10° bits Task computational intensity (Cl;) [500, 2000]
cycles/bit
. . . Random
Switched capacitance of IloT device (K) 1x 102 J/HZ Computational c(ig)am;y of lloT device uniform
11oT [1,3] GHz
Computational capacity of edge server Random uniform Computational capacity of cloud server isinf((i)(r)rrnn
(FEdge) [9,15] GHz (Feioua) [20, 40] GHz
Transmission rate between IIoT and base [3, 15V Transmission rate between base station 15 Mbos
station: Small/Big Scenario [5, 30] Mbps and cloud server P
Transmission power (Pi,y) and Standby Weighted sum of latency (W) and WL =0.7,
s 0.6 W,0.1 W . _
power (Pjior) energy consumption (Wg) We=0.3
Poisson arrival rate (1) 5 Number of independent seeds 42, 79’91]3’ 21,
RL algorithm training episodes 500 Snake Optimizer training episodes 300
Snake Optimizer population size 10 Number of Snake Optimizer iterations 10
Table 6. Ablation Study: Optimal Hyperparameters Across Five Random Seeds
Seed Standard SO (@, ¥, €4ecay) Time (s) Modified SO (, ¥, £4ecay) Time (s)
42 (0.4996, 0.8000, 0.9351) 147.6 (0.5000, 0.8228, 0.9519) 146.8
7 (0.5000, 0.8000, 0.9950) 145.5 (0.5000, 0.9702, 0.9950) 146.6
13 (0.0500, 0.8000, 0.9950) 148.3 (0.4835, 0.9053, 0.9920) 149.3
21 (0.5000, 0.8000, 0.9000) 148.6 (0.0984, 0.8006, 0.9928) 149.9
99 (0.0500, 0.8000, 0.9950) 148.9 (0.3956, 0.8684, 0.9619) 148.5

Table 7. Ablation Study Results (mean = std across 5 seeds)

Method Avg Latency (s) LatStd  Avg Energy (J) En Std Fitness
QL-Fixed 0.0153 0.0005 6.85x1073 5.68x10*  3.124
QL+SOA-Standard 0.0145 0.0003 6.07x1073 2.10x10*  2.839
QL+SOA-Modified 0.0148 0.0003 6.29x1073 3.56x10*  2.921

The following clarification is added before discussing the detailed runtime results to make the source of
the offline computational overhead explicit. One of the major concerns for practical implementation of the SO
is the computational burden. The SO optimization process incurs computational cost in terms of fitness
evaluations and wall-clock runtime. In terms of fitness evaluations, PopSize x nlter + initial population = 10 x
10 + 10 = 110 evaluations (Evals) per SO run. In terms of wall-clock time, the SO process required 146.5 +
2.0 seconds in the small scenario and 477.8 + 1.5 seconds in the large scenario.
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The fitness evaluation count of 110 per optimization run is the number of QL training-test cycles that the
SO runs per optimization run. This overhead is only paid during the offline hyperparameter tuning stage and
does not impact online decision-making latency. After the optimal hyperparameter triplet X* = (a*,¥", £gecay™)
is found, the computational complexity of the QL agent is constant per step and does not depend on the SO
overhead.

The computational complexity overhead for both the Standard and Modified SO was then recorded.
Here, the Standard SO needed 147.8+1.2 seconds to run 110 fitness evaluations; while the Modified
SO needed 148.2+1.3 seconds for the same number of function evaluations. This insignificant variation
in runtime indicates that the modified method lacks much additional computational cost. Significantly,
the computational complexity overhead occurs only at the time of the offline hyperparameters search.
Following the hyperparameters search, the online process relies on a constant amount of com putation
per step which ensures the real-time applicability of the approach within an IIoT context. The runtime
showed approximately linear time growth as the number of clients approached 30, such that 69.6
seconds are needed for 5 clients, while 118.6 seconds are needed for 30 clients. Additionally, the
ablation test (Table 8) indicated that the Standard SOA had a final fitness of 9.1% than fixed
hyperparameters, demonstrating that the added computational overhead is well compensated with the

performance increases.
Table 8. Statistical Summary of Ablation Study Performance Improvements

Comparison Latency Reduction  Energy Reduction _ Fitness Improvement
SOA-Standard vs QL-Fixed 52% 11.4% 9.1%
SOA-Modified vs QL-Fixed 3.3% 8.2% 6.5%

SOA-Standard vs SOA-Modified +2.0% +3.5% +2.8%

Before moving to the scenario-specific analyses, the training, evaluation, and statistical reporting can be
stated as follows. The training of the QL agent is structured episodically, where the number of training episodes
1S T¢rqin = 500 for final agent evaluation. During training, action selection follows an g-greedy policy with
decaying ¢, using the decay rule &€ « max(&pnin, € X €gecay). In the evaluation phase, the number of
evaluation episodes is T,,,; = 100 for performance metrics, and action selection follows a greedy policy with
& = 0. The convergence criterion uses a rolling window size of 50 episodes and a convergence tolerance of
1% change in mean cumulative reward. If |R, — R, — 50|/|R; — 50| < 0.01, training is terminated early; that
is, if the rolling-window mean cumulative reward changes by less than the 1% convergence tolerance, training
stops early.

The convergence criterion can be used for adaptive termination, which can help to avoid unnecessary
training when the agent has converged. This method is efficient in computation and effective in learning, so
that it can be trained enough without too many iterations.

The performance of the proposed algorithm was evaluated through simulation experiments with five
different random seeds (42, 7, 13, 21, 99). The results are presented as mean + SD, and figures report 95%
confidence intervals (CIs) calculated using Student’s t-distribution where appropriate. Because the number of
independent seeds is limited, claims of superiority are interpreted cautiously and are limited to cases where the
direction of the effect is consistent with the reported mean values and ablation results. The ablation results are
therefore interpreted cautiously and are not generalized beyond the considered experimental setting.
Specifically, we report (1) the mean and standard deviation for each performance metric over five independent
random seeds, (2) 95% confidence intervals for comparative figures, estimated using Student’s t-distribution
with n—1 degrees of freedom, (3) five independent runs, each evaluated over multiple evaluation episodes, per
experimental configuration, and (4) relative performance differences through the ablation study, which
compares QL-Fixed, QL+SOA-Standard, and QL+SOA-Modified using the same evaluation protocol. To
ensure reproducibility, all random seeds, hyperparameter search bounds, and convergence criteria are clearly
documented in the experimental configuration tables.

5.3.7. Small Scenario Performance Analysis

In the Small Scenario cases with lower system scale and less complex task requirements, the convergence
behavior and performance values of all the tested algorithms display unique features as shown in Table 9. As
shown in Table 10, Small Scenario, the DQN has the lowest average latency and energy consumption, while
the QL has the highest latency optimality decision rate. The QLSO algorithm is comparable with the highest
initial exploration diversity but has a slightly higher latency performance, which is believed due to the
processing optimization overhead in the small scaled regime.

Hayder Salman Dawood (Meta-Heuristic Hyperparameter Optimization for Q-Learning: A Snake Optimizer
Approach to Computation Offloading in the Industrial Internet of Things)



ISSN: 2685-9572

989 Buletin Ilmiah Sarjana Teknik Elektro

Vol. 8, No. 4, August 2026, pp. 967-995

Table 9. Small Scenario: Optimal Hyperparameters Across Five Random Seeds

Seed Modified SO (@, ¥, £4ecay) Time(s) Evals
42 (0.4246, 0.8403, 0.9173) 149.7 110
7 (0.4682, 0.8524, 0.9571) 146.9 110
13 (0.4432,0.8017, 0.9709) 143.6 110
21 (0.5000, 0.8713, 0.9950) 145.8 110
99 (0.4616, 0.8793, 0.9648) 146.4 110

Table 10. Small Scenario: Comparative Performance Summary (mean + 95% CI, 5 seeds)

Agent Latmean (s) Latstd En mean (J) En std OptRate (%) P95 Lat (s)
Q-Learning 0.0145 0.0002 6.12x10°3 2.67x10 45.0 0.0356
SARSA 0.0148 0.0003 6.41x1073 2.59x10 44.9 0.0360
DQN 0.0144 0.0001 5.94x1073 6.11x107° 44.4 0.0355
QLSO 0.0153 0.0002 6.79x10°3 2.45x10+ 44.4 0.0361

5.3.8. Big Scenario Performance Analysis

In the Big Scenario setup where the tasks are more complex and the scale is larger, the QLSO scheduler
achieves the highest quality of decisions at a latency-optimal percentage of 49.0%, better than all other
algorithms reported as benchmark algorithms. The best hyperparameters found for QLSO in the Big Scenario
using 5 random seeds are listed in Table 11. From Table 12 QLSO obtains the best latency optimal decision
rate (49.0%) for the Big Scenario out of all algorithms. Although DQN produces a slightly smaller
average latency (0.0488s) and total energy cost (1.65 X 1072 J), the higher decision quality achieved
by QLSO, which is 1.0% higher than the next best algorithm, supports the effectiveness of SO-based
tuning in the considered setting.

Table 11. Big Scenario: Optimal Hyperparameters Across Five Random Seeds

Seed Modified SO (@, ¥, £4ecay) Time(s) Evals
42 (0.3346, 0.8582, 0.9266) 479.9 110
7 (0.4230, 0.9337, 0.9447) 478.9 110
13 (0.4427,0.8738, 0.9395) 4772 110
21 (0.4095, 0.9207, 0.9726) 477.1 110
99 (0.4782, 0.9474, 0.9950) 475.4 110

Table 12. Big Scenario: Comparative Performance Summary (mean + 95% CI, 5 seeds)

Agent Latmean (s) Latstd Enmean (J) En std OptRate (%) P95 Lat (s)
Q-Learning 0.0497 0.0010 1.76x 1072 9.35x 107* 48.0 0.1256
SARSA 0.0505 0.0007 1.84x107%2 7.36x107* 47.7 0.1266
DQN 0.0488 0.0003 1.65x 1072 1.90x 107* 45.7 0.1246
QLSO 0.0493 0.0012 1.72x107% 1.16x1073 49.0 0.1252

5.3.9. Scalability Analysis

The scalability of the proposed QLSO algorithm was tested by changing the number of IIoT devices
between 5 and 30 clients while the task and resource parameters were kept unchanged. We were interested in
the algorithmic benefits of the proposed approach exhibited in small scales continue to hold in larger scales, a
significant issue for real industrial I[IoT scenarios. Table 13 contains the best hyperparameters solution and the
time of optimization for different number of clients. The results of the scalability analysis are encouraging.
First, the wall-clock time for the SO scales roughly linearly with the number of clients (from 69.6s for
5 clients to 118.6s for 30 clients). This demonstrates that the scalability of the proposed framework is
acceptable for most practical systems. Second, as the system scales up, the performance of the latency -
optimal decision rate does not degrade substantially (from 45.0% to 43.2%). This demonstrates that the
proposed QLSO algorithm will retain the advantages of the QLSO decision at a larger scale. The
scalability performance of the proposed QLSO algorithm across different scales is summarized in the
Table 14.

Table 13. Scalability Analysis: Optimal Hyperparameters Across Client Scales

Clients Modified SO (@, ¥, €4ecay) SO Time (s)  Evals
5 (0.5000, 0.9538, 0.9360) 69.6 110
10 (0.4443,0.8319, 0.9947) 80.1 110
20 (0.3302, 0.9900, 0.9950) 100.6 110
30 (0.3696, 0.8305, 0.9950) 118.6 110
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Table 14. Scalability Analysis: Performance Metrics Across Client Scales (mean across 5 seeds)
Clients SO Time (s) Avg Latency (s) Avg Energy (J)  Optimal Rate (%)

5 69.6 0.0145 6.12x107 45.0
10 80.1 0.0153 6.79x107 44.4
20 100.6 0.0168 7.45x1073 43.8
30 118.6 0.0175 8.12x107? 43.2

6. DISCUSSION

In this section, the results of the research will be fully interpreted based on a four part analysis, including:
main findings of the current study, comparisons with other research, implications and explanations of the
findings, and strengths and limitations.

6.1. Main Findings of the Present Study

The main contribution of the paper is the idea of automated hyperparameter optimization using the SO to
improve classical QL algorithm for computation offloading task performance. This is reflected by the following
metrics: approximately 1.5x faster convergence, 9.1% fitness improvement measured in the ablation study, and
49.0% latency-optimized decision rate in the complex scenario. The statistical tests over five independent
random seeds with 95% confidence interval guarantees the stability of the results to random initialization. The
ablation study shows that the contribution of hyperparameter optimization is rather considerable: vanilla SO
can already improve fitness by 9.1% versus fixed hyperparameters.

6.2. Comparison with Other Studies

The presented QLSO framework‘s performance is put into the context of RL-based computation
offloading literature for the IloT environment, as summarized in Table 15. Various DRL-based offloading
algorithms have previously been proposed, however each work revealed limitations, some of which have been
addressed in this paper: Qin ef al. [43] proposed the DCEDRL method, which combines density clustering and
ensemble learning with DRL in order to produce over 21% task backlog reduction and around 25.25%
performance improvement compared with LyDROO in MEC in an environment of between 10 and 30 devices,
but shows higher performance at high traffic loads and tests one to six deep neural network models, with five
selected as optimal, and also incorporates grid search based parameter tuning of the clustering optimization
component. The use of multiple DNN models increases computational requirements. Excessive iterations of
an algorithm are, in many cases, simply replaced with more ample hardware resources as a solution, but in an
IIoT environment such as the one implemented in this work, there are often constraints on processing capacity
which should be considered. Zhang ef al. [13] proposed an improved soft actor-critic-based DRL framework
for cooperative partial task offloading and resource allocation in an end-edge, edge-edge, and edge-cloud I1oT
environment. The proposed method was shown to reduce average task execution latency and total system costs
compared with baseline cooperative frameworks and DRL algorithms. However, the study is focused on partial
offloading scenarios and did not investigate the effects of hyperparameters on convergence characteristics.
Additionally, this work did not include any automated hyperparameter optimization. Chai et al. [32] utilized
DRL-based algorithms combined with task queuing models in a multi-user and multi-node MEC environment.
The experimental results show that the proposed algorithm reduces average delay, average energy
consumption, and the ratio of dropped tasks compared with several benchmark algorithms. However, although
the study evaluates performance under different numbers of edge clients, it does not provide large-scale
MEC/IIoT deployment validation. Cai et al. [9] proposed a multi-task multi-objective MADRL-based
computation offloading method for IloT offloading. The proposed model was shown to outperform weighted-
sum optimization methods in terms of system cost, latency, and energy consumption. However, although the
model uses a multi-agent architecture with separate latency- and energy-oriented agents, the study did not
include an automated hyperparameter optimization procedure. The methodology improvement achieved by the
proposed QLSO framework, in comparison to these existing algorithms in the current bibliography, is the use
of automated hyperparameter optimization through the SO approach, which results in 1.5x faster convergence,
and has a beneficial impact on the entropy of decisions made while showing a 49.0% ratio of latency-optimal
decisions, as stated in the works findings. The statistical evaluation methodology used five independent random
seeds and 95% confidence intervals to support the reported improvements.

6.3. Implication and Explanation of Findings

The performance behavior of QLSO can be attributed to three factors. First, SO provides derivative-free
populations search over a compact continuous HPO space. Second, the optimized exploration schedule helps
tabular QL reach stable policies earlier. Third, the offline HPO stage separates tuning overhead from online
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decision-making. However, because BO, PSO, GA, and population-based training were not included as direct
baselines, the results should be interpreted as evidence that SO is effective in this setting, not as evidence that
SO is the best possible HPO method.

6.4. Strengths and Limitations

The strengths of this study include: (1) explicit multi-seed validation; (2) ablation studies that isolate the
contribution of SO-based HPO; (3) evaluation across multiple latency, energy, cost, decision-quality, and
scalability metrics; and (4) documented offline computational overhead for practical planning. The limitations
of this study include: (1) the full-offloading model excludes partial offloading; (2) the compact tabular state
representation excludes continuous channel fading, interference, queue lengths, mobility, and server-load
dynamics; (3) the single-agent centralized architecture may not scale to large distributed IIoT networks; (4) the
cost weights are fixed without a full sensitivity study; (5) baselines are compared mainly under fixed/default
tuning rather than an equal HPO budget for every algorithm; and (6) the evaluation is simulation-based and
has not yet been validated in NS-3, CloudSim, EdgeCloudSim, or a physical IIoT testbed.

Table 15. Comparison of RL-Based Computation Offloading Methods in MEC/IIoT Environments

Reference Method Environment Key Metrics Reported Results Limitations
- o — - -
DCEDRL: density Mobile Edge Task backlog, >21 /o0 ba}cklog reduction; Requires ml{lnple.DNN
[43] clustering + Computing, queue length, 25.25% improvement vs. .models (5 optimal); higher
ensemble DRL N=10,20,and 30  throughput, latency, LyDROO; 15.54- time overhead; No automated
devices energy 19.46% throughput gain DRL-HPO methodology
IIoT end-edge Average total
ISAC-CPTORA: edee-cdee agn (’1 system cost, Lower total cost, task Partial-offloading focus; no
improved SAC-based se-edee, average task latency, and energy than automated HPO or
[13] . - edge-cloud . . e
partial offloading and . execution latency,  baseline frameworks and hyperparameter-sensitivity
. cooperative . .
resource allocation . average energy DRL algorithms analysis
environment .
consumption
Scalability mainly tested
. Reduced delay, energy, by varying edge clients; no
DDTO-DRL with Mult} “user, Average delay, and dropped-task ratio large-scale MEC/IIoT
[32] . multi-node energy, dropped- . A
task queuing o - compared with validation; Fixed
distributed MEC task ratio .
benchmark algorithms hyperparameters and no
automated HPO
MA3.MC0: Cloud-edge- . Outperformed Multiagent actor-critic;
multiagent, . System cost, weighted-sum methods . .
9] . device IloT . fixed learning parameters;
multitask, . latency, energy in cost, latency, and
Lo offloading . no automated HPO
multiobjective DRL energy consumption
~1.5x faster
convergence; 49.0%
Convergence optimal decision rate;
Q-Learning + Snake Three-tier lloT- speed, latency, P o ? Binary offloading only;
Our Work . 2. . 9.1% fitness . .
Optimizer edge-cloud energy, decision . blation): single-agent centralized
wality, fitness improvement (ablation);
d ’ 95% Cls reported across
5 seeds

7. CONCLUSION

This study presented QLSO, an adaptive SO-based HPO framework for QL-based computation offloading
in IIoT environments. The main contribution of this study is the integration of SO as a meta-heuristic HPO
layer within the QL-based offloading workflow to improve latency-energy-aware decision-making in a three-
tier IIoT environment. Across five independent random seeds, the framework improved convergence behavior
and achieved a 49.0% latency-optimal decision rate in the complex scenario. The ablation study further showed
that SO-based tuning improved fixed-hyperparameter QL, with a 9.1% fitness gain for the Standard SO variant
and a 6.5% gain for the Modified SO variant. These findings indicate that HPO is an important factor affecting
RL-based offloading performance.

Despite promising results and indications of the SO-based HPO approach’s potential, the present work
should be interpreted as evidence of simulation-level effectiveness rather than deployment readiness, because
the current assessment remains limited to simulation-based evaluation. The current simulation does not fully
account for several real-world IIoT factors, such as channel fading and interference, dynamic server loads,
queuing dynamics, mobility, partial offloading, and heterogeneous QoS requirements of industrial applications.
Furthermore, the single centralized-agent design may face scalability challenges in large distributed industrial
networks. Future work will extend the proposed framework by incorporating offloading prediction, partial
offloading, multi-agent coordination, and dynamic network reconfiguration. These extensions will be pursued
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by expanding the offloading action space to support partial task execution, replacing the centralized agent with
coordinated multi-agent decision-making, and validating the framework under dynamic channel, queuing,
server-load, and heterogeneous QoS conditions. Future validation will be conducted using more realistic
simulation platforms such as NS-3, CloudSim, and EdgeCloudSim, as well as physical IIoT testbeds with
communication protocols such as MQTT and OPC-UA.
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