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Abstract— Computation offloading in Edge Computing (EC) plays a vital role in reducing execution latency and improving quality of service for resource-constrained devices. This paper presents a comparative performance analysis of three intelligent task offloading strategies, namely Reinforcement Learning (RL), Ant Colony Optimization (ACO), and Genetic Algorithm (GA), with the objective of minimizing overall system latency. A simulation-based system model is developed to evaluate the effectiveness of these approaches under dynamic network conditions. The experimental results demonstrate that the RL-based method achieves superior performance, attaining an average latency of approximately 42 ms, which is significantly lower than ACO and GA. This improvement highlights the adaptive learning capability and faster convergence of RL in making optimal offloading decisions. The findings indicate that RL-based offloading is more suitable for dynamic EC environments, and the proposed framework can be extended to incorporate additional metrics such as energy efficiency and throughput in future work.
Keywords— Artificial intelligence, Machine Learning, Computation Offloading, Internet of Things
Introduction 
To lower latency and bandwidth consumption, edge computing brings cloud computing capabilities closer to data sources and end users—the edge of the network. One of the main techniques in edge computing is called computation offloading, which is moving computational activities, from local devices to adjacent edge servers or cloud resources. The European Telecommunication Standards Institute (ETSI) originally defined MEC as "mobile-edge computing" in 2014 [1]. In 2017, the term "mobile" was changed to "multi-access” to reflect the additional use cases that MEC would address, such as computing and storage support for end-user devices over "fixed access technologies," such as fiber, satellite, wireless, fiber wireless, and light-fiber.
Computation Offloading (CO) is a process of transferring computation-intensive activities from the UE to an edge server to strike the best possible balance between time of execution and energy usage [2].Fig. 1 depicts the CO in EC. The task offloading computation process in an edge environment involves several key stages to ensure efficient task execution, optimize resource usage, reduce latency, and enhance overall system performance. 
Initially, computational tasks are generated by user devices or applications, extending from simplest data processing to complex ML inference tasks. The tasks are further classified based on criteria such as size, priority, complexity, and deadline requirements, facilitating informed decisions on whether to process locally or offload. An intelligent decision-making mechanism evaluates factors like current device load, network conditions, available edge resources, and task nature to determine the optimal processing approach. If the task is suited for local execution, it is processed on the user's device. Otherwise, an appropriate edge server is selected based on proximity, load balancing, and resource availability, ensuring optimal resource utilization and minimal latency. The task is then offloaded to the selected edge server, where it is processed using the server's computational power, storage, and specialized capabilities. Once processing is complete, the results are transmitted back to the originating device, allowing the device to utilize the output for continued operation or user presentation. This comprehensive process enhances the efficiency, responsiveness, and performance of applications within an edge computing framework, ensuring effective resource management and improved user experiences. 
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Fig. 1: CO processes
The main contributions of this paper are:
· An overview of the Multi-access Edge Computing (MEC) framework from the perspectives of both edge servers (ESs) and user equipment (UEs). It details key metrics and critical considerations involved in the offloading of computational tasks.
· Outlines the guiding concepts and real-world applications in each of the three categories of artificial intelligence algorithms: Machine Learning (ML), Evolutionary Algorithms (EA), and Swarm Intelligence (SIA).
· To address the outstanding challenges in optimizing intelligent MEC.
The remainder of this paper is as follows. Section II describes the review of the literature of various AI-based approaches. Section III describes the proposed AI-based CO methodology. Section IV shows the result and discussions. Section V discusses future research challenges and opportunities. The paper is concluded in Section VI.
LITERATURE REVIEW
By putting resources under process nearer to end users, edge computing has attracted a lot of attention for its potential to improve efficiency and lower latency. Computation offloading is a key component of edge computing, where workloads are moved from end devices to edge servers for processing. To maximize compute offloading in edge computing settings, various artificial intelligence (AI) approaches are being used more and more. This section discusses some of the AI techniques that few researchers frequently utilize.
A. Swarm Intelligence Algorithm (SIA)
SIA draws significant inspiration from biological systems, particularly the collective behaviors exhibited by organized animal groups. Generally, SIA can be categorized into inspect-based and animal-based approaches. These algorithms operate through a few essential stages: updating and moving agents using specific mechanisms to achieve a globally optimal solution. This section focuses on two algorithms namely Ant Colony Optimization (ACO) and Particle Swarm Optimization (PSO).
i. Ant Colony Optimization (ACO)
Task offloading in edge computing is essential for optimizing resource utilization and enhancing system performance. Ant Colony Optimization (ACO) algorithms have proven to be effective tools for intelligent task-offloading strategies in edge computing environments. These algorithms leverage the collective behavior of decentralized systems inspired by ant colonies to offer solutions to complex optimization problems in task-offloading [4]. In the domain of EC, researchers have introduced meta-heuristic-based offloading task optimization approaches that utilize ACO algorithms in conjunction with other metaheuristics like whale optimization and Grey wolf optimization. These kind of algorithms are explicitly tailored to optimize the selection of offloading tasks, considering various constraints and objectives through mathematical modeling [5] .Furthermore, [6] explored integrating ACO algorithms with deep neural networks to develop task offloading optimization mechanisms for spatiotemporal crowdsourcing applications. By creating subtasks from the main task and offloading them to edge servers, the aim is to reduce end-to-end task execution time and enhance overall system efficiency.
By simultaneously considering factors such as task profit, task deadline, task dependency, node heterogeneity, and load balancing, ACO-based algorithms facilitate efficient task offloading decisions in dynamic edge computing environments [7]. Additionally, ACO algorithms are applied in fog computing scenarios to effectively offload tasks to fog devices for computation and processing. Through the integration of intelligent ACO optimization techniques, researchers strive to improve task offloading efficiency while factoring in elements such as communication costs and response times [8]. ACO algorithms in intelligent task offloading for edge computing offer a viable approach to optimize resource allocation, reduce latency, and enhance system performance. By harnessing the principles of swarm intelligence inspired by ant colonies, ACO-based task offloading strategies provide innovative solutions to tackle the complexities of task allocation in dynamic edge computing environments.
ii. Honey Bee Algorithm
The primary goal of Bee Colony Optimisation is to effectively resolve challenging combinatorial optimization issues [9]. A honey bee colony searches its surroundings for resources, such as flower patches, and then gathers nectar or pollen from these locations. A portion of this honey bee cluster departs to locate a new food source after locating a certain one. The scouts gather the food that has been collected when they go back to the hive. The "dance floor" of the hive is where the bees that have discovered a particularly nutritious diet do the waggle dance. A scout bee uses the waggle dance to communicate its search position to an inactive observer, which facilitates accessing the flower patch [10]. The Honey Bee Algorithm (HBA) promises for intelligent task offloading strategies in edge computing environments. Inspired by the behavior of honey bees, this algorithm offers solutions to complex optimization problems in task offloading [11]. In the context of cloud computing, researchers have shown various load-balancing algorithm based on honey bee behavior (LBA_HB) to optimize resource allocation and task distribution efficiently [12]. The application of the Honey Bee Algorithm in collaborative edge computing has led to the development of iterative heuristic algorithms for dynamic offloading decision-making. These algorithms are designed to optimize multi-hop, multi-task partial computation offloading, considering various constraints and objectives in edge computing environments [13]. By jointly optimizing cloud-edge load balancing based on deep reinforcement learning and the Honey Bee Algorithm, researchers aim to enhance task offloading efficiency and system performance [14]. Additionally, the Honey Bee Algorithm has been utilized in fog computing environments to address task offloading challenges in cloud-edge-end scenarios. A Service Reliability Analysis and Elite-Artificial Bee Colony Offloading model (SRA-E-ABCO) has been proposed to optimize task offloading in such complex environments [15].
 As a result, it has been noted in the literature that integrating the Honey Bee Algorithm with intelligent task offloading for edge computing provides a novel approach to optimizing resource utilization, reducing latency, and improving overall system performance. Swarm intelligence concepts may be used to work offloading algorithms based on honey bee behavior to generate innovative solutions for challenging job allocation in dynamic EC environments.
B. Evolutionary Algorithms (EA)
Evolutionary Algorithms are popular in optimizing task offloading in edge computing due to their ability to handle complex, multi-objective optimization problems. Some common types of EA discussed in this context are-
i. Genetic Algorithms (GAs)
GA mimics the process of natural selection, using operations such as crossover, selection, and mutation to evolve solutions over generations. A GA is a mathematical model of biological evolution[16]. The parent populations of a GA are a collection of random solutions that make up the solution space. Through crossings and mutations of the parent populations, new populations—the next generation—are created. Genetic Algorithms (GAs) have been widely utilized in computation offloading strategies within Edge Computing to optimize resource allocation, task scheduling, and offloading decisions. Researchers have proposed various innovative approaches leveraging GAs to address the complexities of task offloading in dynamic edge computing environments. [17] introduced a joint optimization method based on GA for task offloading proportion, channel bandwidth, and mobile edge servers' computing resources. This method aims to optimize resource allocation by partly offloading computing tasks to mobile edge servers, demonstrating the effectiveness of GA in enhancing system performance. In the context of ultra-dense cellular networks, [18] presented an adaptive offloading approach in mobile-edge computing based on GA. By adopting Non-dominated Sorting Genetic Algorithm II (NSGA-II), the method achieves multi-objective optimization to reduce offloading time and energy consumption in smart edge computing scenarios. [19] proposed a GA-based computation offloading and task scheduling algorithm for IoT applications in dynamic multi-access edge computing environments. This algorithm offers flexibility in offloading decisions and task scheduling, catering to the dynamic nature of edge computing environments. Moreover, [20] introduced a distributed PRiori Offloading Mechanism with joint Offloading proportion and Transmission (PROMOT) power algorithm based on GA. This mechanism aims to maximize the utility of User Devices (UD) by optimizing offloading decisions using GA, showcasing the adaptability of GAs in cloud-edge computing scenarios. Furthermore, [21] utilized an improved GA to minimize the total overhead of Mobile Edge Computing (MEC) systems by optimizing computing offload decisions and channel resource allocation. This approach demonstrates the efficiency of GAs in solving joint optimization problems in edge computing environments. 
ii. Differential Evolutionary Algorithms (DEA)
To optimize resource allocation, job scheduling, and offloading choices, Differential Evolution (DE) algorithms are being used more and more in Edge Computing computation offloading techniques. Scholars have investigated a range of inventive methodologies that utilize DE to tackle the difficulties associated with work offloading in dynamic edge computing settings. [22] proposed an energy-efficient task offloading method optimized by Differential Evolution to enhance the energy efficiency of edge computing systems with energy harvesting. By utilizing DE, the method optimizes task offloading decisions, showcasing the effectiveness of DE in improving system performance. In the domain of data placement strategies for scientific workflows in heterogeneous edge-cloud computing environments, [23] introduced a novel strategy named DE-DPSO-DPS. This strategy combines a discrete particle swarm optimization algorithm with Differential Evolution to distribute scientific datasets efficiently. Furthermore, [24] improved the DE algorithm by adaptively changing parameters to enhance search speed and computational efficiency. Moreover, DE has been utilized in optimizing wireless power transfer time for wireless-powered mobile edge computing systems.[25] proposed DEWPT, a Differential Evolution-based optimization scheme for wireless power transfer time, showcasing the applicability of DE in addressing energy efficiency challenges in edge computing scenarios.
iii. Multi-Objective Evolution Algorithms (MOEA)
To optimize resource allocation, task scheduling, and offloading decisions, Multi-Objective Evolution Algorithms (MOEAs) have been used more and more in Edge Computing computation offloading strategies. Researchers have investigated several creative ways that employ MOEAs to tackle the difficulties associated with task offloading in dynamic edge computing environments. [26] introduced an optimal-transport-based reinforcement learning approach for computation offloading, formulating a multi-objective optimization problem in cloud and edge computing. This collaborative computation offloading model demonstrates the effectiveness of MOEAs in achieving multi-objective optimization in edge computing scenarios. In the context of intelligent vehicle computation offloading in Vehicular Ad Hoc Networks (VANETs), [3] conceptualized the computational offloading problem as a Markov decision process and employed the Multi-Agent Deep Deterministic Policy Gradient (MADDPG) approach for autonomous, distributed offloading decision-making. This approach showcases the applicability of MOEAs in complex decision-making processes in edge computing environments. [27] proposed a multilevel optimization framework for computation offloading in Mobile Edge Computing (MEC) utilizing a multi-objective decision based on the Analytic Hierarchy Process based on Covariance (Cov-AHP). This framework aims to optimize edge server selection through a multi-objective approach, highlighting the versatility of MOEAs in addressing multi-dimensional optimization challenges in edge computing. Moreover, [28] investigated the joint optimization of computation offloading and resource allocation in Cloud Radio Access Networks (C-RAN) with Multi-Access Edge Computing (MEC) using Genetic Algorithm and Binary Particle Swarm Optimization. This study demonstrates the effectiveness of MOEAs in achieving approximate optimal offloading decisions in complex network scenarios.
C. Machine Learning (ML)
Machine Learning (ML) techniques have been increasingly integrated into computation offloading strategies within Edge Computing to optimize resource allocation, task scheduling, and offloading decisions [29]. Researchers have explored various innovative approaches leveraging ML to address the challenges of task offloading in dynamic edge computing environments. Supervised Learning (SL), Unsupervised Learning (UL), and Reinforcement Learning (RL) are the three general machine learning algorithms. But in the Edge Computing scenario, Machine Learning (ML) significantly enhances the computation offloading process by optimizing offloading decisions, predicting workload and network conditions, and dynamically allocating resources. It improves energy efficiency, crucial for battery-powered IoT devices, and enhances security by identifying threats and anomalies. Network bandwidth and device mobility capabilities lead to increased efficiency, responsiveness, and reliability in applications such as smart cities, healthcare, and industrial IoT. [30] formalized a hyperprofile-based solution for computation offloading in Mobile Edge Networks and explored the use of ML techniques to predict metrics essential for offloading decisions. This study highlights the viability of ML in predicting metrics for efficient computation offloading. [31] introduced the Dirichlet DDGP for Task Partitioning and Offloading (D3PG) in Mobile Edge Computing, utilizing stochastic gradient descent, a popular ML training method, to partition data for offloading to spatially distributed edge servers. This approach demonstrates the effectiveness of ML in making optimal decisions for data partitioning concerning time delay. [32] conducted a review of task offloading algorithms in Edge Computing systems, categorizing offloading techniques into machine learning and non-machine learning algorithms. This review provides insights into the diverse ML-based offloading algorithms adopted in mobile edge computing scenarios. [33] proposed a Deep Meta Reinforcement Learning-based Offloading (DMRO) algorithm for Edge-Cloud Computing, combining multiple parallel Deep Neural Networks (DNNs) with Q-learning for fine-grained offloading decisions. This approach showcases the potential of ML in making sophisticated offloading decisions. [34] developed a decentralized computation offloading strategy for multi-user Mobile Edge Computing using a deep reinforcement learning approach. This study demonstrates how ML techniques, such as Deep Deterministic Policy Gradient (DDPG), can help users learn efficient offloading policies in dynamic edge computing environments.
D. Research Gaps and Challenges
Despite advancements in task offloading through swarm intelligence (SIA) and evolutionary algorithms (EA) in edge computing (EC), several gaps persist. Adaptive mechanisms for real-time self-tuning in dynamic environments are lacking. Further development is necessary for multi-objective optimization frameworks balancing latency, energy, cost, and resource use. Scalability challenges persist, requiring more research on scalable SIAs and EAs. Lastly, user-centric and context-aware offloading strategies are limited, necessitating enhancements for mobility and application needs. Addressing these gaps will significantly improve task offloading's efficiency and adaptability in EC.
E. Research Findings
However, from the literature, it has been observed that ML is more suitable than other static AI-based approaches for task offloading in EC due to its ability to adapt and learn from dynamic environments. ML techniques, such as RL, DRL, and DQL can predict workload and network conditions, optimize offloading decisions in real-time, and personalize strategies to individual user or application needs. Unlike static algorithms, ML continuously improves performance through learning, making it highly effective in managing the complexities of edge computing, such as varying network bandwidth and device mobility. 
Table 1 below shows the summary of the research findings.

TABLE 1. AN OVERVIEW OF A HANDFUL OF EVALUATIONS COMPLETED DURING THE PREVIOUS SEVEN YEARS

	References
	Year
	Objective
	Methods
	Proposed Techniques


	[10]
	2018
	Minimize Induction Rules for data sets
	HBDL
	Proposed a Novel Honey Bees dancing language (HBDL) algorithm. HBDL outperforms traditional ACO and HBA 

	[32]
	2020
	Minimize response time
	DMRO
	Proposed a Deep Meta Reinforcement Learning based offloading algo. DMRO outperforms Deep Q Learning.

	[8]
	2020
	Reduce Makespan
	MAHO
	Proposed a Modified Ant Honeybee Optimization algorithm. 
MAHO outperforms traditional ACO and HBA.

	[19]
	2020
	Maximize utility of user device (UD)
	PROMOT
	Proposed distributed Priori offloading mechanism with Joint offloading proportion and transmission power based on GA algorithm.

	[5]
	2021
	Optimize Energy Consumption and Latency
	Grey Wolf, ACO, Whale Optimization algorithm
	Proposed optimal selection of offloading tasks using Metaheuristics ACO, Whale, and Grey Wolf algorithm. Where Grey Wolf outperforms the other two existing algorithms.

	[12]
	2021
	Minimize average Task Completion Time.
	JPOFH
	Proposed Joint Multi-task partial Computation offloading and Network flow scheduling.

	[34]
	2022
	Optimize Energy Consumption and Make span
	BQAOA
	Proposed a binary quantum approach based on an arithmetic optimization algorithm.

	[35]
	2022
	Maximize task Completion rate.
	DTOO
	Proposed a Deep Neural Network-based Task offloading optimization.

	[30]
	2022
	Maximize the number of Tasks processed and minimize Energy Costs and Service Latency
	D3PG
	Proposed Dirichlet Deep Deterministic Policy Gradient D3PG based on Deep Deterministic Policy Gradient DDPG.

	[36]
	2023
	Minimize Service Latency.
	iTOA
	Proposed Intelligent Task Offloading Algorithm (iTOA) for UAV Edge Computing that uses Deep Monte Carlo Tree Search(MCTS) to enhance the performance of emergency response operations aided by Unmanned Aerial Vehicles (UAVs).

	[37]
	2023
	Optimize Resource allocation
	DL
	Proposed Deep Learning approach in MEC to optimize resource allocation in health care application.

	[38]
	2024
	Minimize Cost and maximize profit of User Devices.
	GMCA, GPAP
	Proposed a game-based multi-channel access (GMCA )and game-based pricing and purchasing (GPAP) to reduce the overall cost of the system.

	[39]
	2025
	Minimize latency under interruptions
	Multi-agent Advantage Actor–Critic (MAA2C)
	Proposed a Multi-agent Advantage Actor–Critic (MAA2C) to make proactive offloading decisions considering interruption probabilities.

	[40]
	2025
	Energy-efficient edge IoT offloading
	Spiking Neural Networks (SNN)
	Proposed a  bio-inspired Spiking Neural Networks (SNN) to improve latency and energy metrics.



F. Research Questions
RQ1.  What adaptive mechanisms can be developed to enable real-time self-tuning of swarm intelligence algorithms (SIAs) and evolutionary algorithms (EAs) for dynamic and heterogeneous edge computing environments, particularly focusing on energy efficiency for battery-powered IoT devices?
· Solution: Develop adaptive algorithms based on machine learning techniques, such as reinforcement learning, to enable real-time self-tuning of swarm intelligence algorithms (SIAs) and evolutionary algorithms (EAs).
RQ2. How can multi-objective optimization frameworks be further developed to balance conflicting objectives such as latency, energy consumption, cost, and resource utilization in edge computing task offloading scenarios, ensuring robust performance in scalable and distributed computing environments?
· Solution: Innovate multi-objective optimization frameworks that utilize advanced evolutionary algorithms (e.g., Genetic Algorithms, Differential Evolution) to balance latency, energy consumption, cost, and resource utilization.
RESEARCH METHODOLOGY
This section provides a detailed description of the suggested framework. 

System Model
An edge server uses a base station (BS) to connect with multiple IoT devices. For mobile devices, messages are frequently exchanged to keep the edge server updated about the system state. These exchanges enable the edge server to obtain key parameters of the connected devices, such as the available computational resources (e.g., CPU frequency ), the power consumption or battery level of the mobile device (i.e., ), and the available bandwidth (i.e., ). Based on this information, the edge server can make informed decisions regarding task offloading and efficient resource allocation. The overall process is illustrated in Fig. 2.
The first step involves:   
i. Data Collection and Analysis: The main objective of data collection and analysis is to Gather real-time data about tasks, network conditions, and device capabilities to inform decision-making. To achieve this, sensors, IoT devices, and network monitoring tools should be used to collect data on task characteristics (e.g., computation requirements, data size), network conditions (e.g., latency, bandwidth), and device capabilities (e.g., CPU, memory). Following data collection, data analytics and preprocessing techniques should be applied to extract meaningful insights. 
ii. Decision Making: The main objective of decision-making is to determine whether tasks should be offloaded to edge devices, and nearby servers, or processed locally based on optimization criteria. Knowing the computational resources (), power consumption (Pt), and available bandwidth (B) allow the edge server to evaluate whether offloading a specific task will be beneficial. For instance, if a device has low computational resources but good network bandwidth, offloading the task to the edge server can improve performance and reduce battery drain. 
iii. Resource Allocation:  The main objective of resource allocation is to allocate computational resources effectively at edge devices or cloud servers to execute offloaded tasks. The edge server can use algorithms to allocate resources dynamically based on the current status of connected devices. For example:
· helps in deciding the computational load that can be handled locally vs. on the edge server.
· can be used to prioritize offloading for devices with lower battery levels to conserve energy.
· B helps in determining the feasibility and efficiency of offloading tasks, considering network latency and throughput.
iv. Dynamic Adaption: this stage is very important in the CO process to adapt offloading decisions and resource allocations in real-time to changing environmental conditions, and to do so, feedback loops need to be incorporated to continuously monitor and adjust offloading decisions based on real-time data updates (e.g., changing network conditions, device availability).
v. Security & Privacy Considerations: The main objective is to ensure data security and privacy during task offloading and processing to protect sensitive information To achieve this, authentication mechanisms and access control policies must be implemented to restrict data access based on user privileges.
vi. Performance Evaluation and Feedback:  The main objective is to monitor offloading performance metrics and continuously improve decision-making processes.
By integrating these steps and approaches, AI-based computation offloading in edge computing aims to optimize resource utilization, enhance system efficiency, and improve user experience while addressing challenges such as latency, energy consumption, and security concerns in dynamic and distributed computing environments.

[image: ]











Fig. 2: Basic steps of AI-based Computation Offloading process in EC
Optimization Problem formulation
The optimal problem formulation of computation task offloading in edge computing involves minimizing the total cost, which includes both latency L and energy consumption E while considering constraints related to device capabilities, network conditions, and service level agreements. Here is a general formulation:
Objective function:
	Minimize the total Cost J, which is a weighted sum of Latency L and Energy Consumption E.
,
Where  and  are the weights that balance the trade-off between L and E.
Variables:
· : Binary Decision-making variable, where  ,if the task I is offloaded and If it is executed locally.
· : Data size of task i.
· : Computation requirements of task I.
· : Delay sensitivity of task i.
· : Computation capacity of the local device for task i.
· : Computation capacity of the edge server for task i.
Constraints:
i. Latency Constraint:
 acceptable limits.




ii. Energy Consumption Constraint:
The energy consumed by the device for executing task I either locally or during offloading should be within the battery capacity .
,
 Where,     ,  and 

iii. Resource Constraints:
The computation resources of the Edge Server should not be exceeded.


iv. Task Execution Constraint:
 All tasks must be completed within their deadline. 


I. Formulated Optimal Problem:

Subject to: 


Where, 
This problem formulation aims to find the optimal offloading decisions  that minimize the total cost J while satisfying all the constraints related to latency, energy consumption, resource availability, and task completion deadlines.

C. Algorithmic Implementation of Offloading Strategies

The operational procedures of the three algorithms are summarized in Algorithms 1, 2, and 3. The RL-based approach employs a Q-learning mechanism, in which the agent learns an optimal offloading policy by interacting with the environment and receiving reward feedback. The Q-values are updated iteratively using the Bellman equation, allowing the system to gradually converge toward optimal decisions. This learning-based mechanism enables RL to adapt effectively to changing network conditions and workload variations.

In contrast, the ACO-based approach models the offloading problem as a path-selection process inspired by the foraging behaviour of ants. In this method, artificial ants construct solutions based on transition probabilities influenced by pheromone trails and heuristic information. Over multiple iterations, pheromone levels are updated to reinforce better solutions. Although ACO is effective in exploring multiple paths, its performance depends heavily on the probabilistic nature of solution construction, which may lead to slower convergence in highly dynamic environments.

	[bookmark: _Hlk172226516]Algorithm 1: Steps for Computation Task Offloading using RL

	· Initialize Q-table with zeros
· Set learning parameters: learning rate (alpha), discount factor (gamma), exploration rate (epsilon)
· Define state and action spaces
· Define reward function: based on latency and energy consumption
· Q-Learning Algorithm:
· For each episode:
Initialize state
While the state is not terminal:
Choose action using an epsilon-greedy policy
Take action and observe the next state and reward
Update the Q-value using the Bellman equation
Transition to the next stage
Decay exploration rate (epsilon)

	· End




	Algorithm 2: Steps for Computation Task Offloading using ACO
	

	
	

	· Initialize pheromone levels
· Set ACO parameters: number of ants, pheromone evaporation rate, alpha, beta
· Define environment: task characteristics, network conditions, device capabilities
· ACO Algorithm:
· For each iteration:
· For each ant:
Initialize empty solution
For each task:
Calculate transition probabilities
Select action based on probabilities
Append action to solution
Evaluate the cost of the solution
Update the best solution if the current cost is better
· Update pheromones based on solution quality
· End
	· 




	Algorithm 3: Steps for Computation Task Offloading using GA

	· Initialize the population with random solutions
· Set GA parameters: population size, mutation rate, crossover rate
· Define fitness function: based on latency and energy consumption
· GA Algorithm:
· For each generation:
· Evaluate the fitness of each solution in the population
· Select parents based on fitness scores
· Perform crossover to generate offspring
· Apply mutation to offspring
· Select a new population from the current population and offspring
· Update the best solution based on fitness
· End




1. RESULTS AND DISCUSSION
This section evaluates the effectiveness of three intelligent computation offloading strategies—Reinforcement Learning (RL), Ant Colony Optimization (ACO), and Genetic Algorithm (GA)—in minimizing latency in an edge computing environment. The evaluation is performed using a simulation framework where multiple IoT tasks are dynamically generated and offloaded to edge servers based on the decisions made by each algorithm. The objective is to examine how efficiently each algorithm adapts to changing network and workload conditions.

The experimental setup uses 100 training episodes with 10–50 tasks per episode and a maximum of 100 steps, as summarized in Table 2. These settings represent a realistic MEC scenario with varying workload intensity and limited computational resources. All three algorithms optimize a common objective function based on latency and energy consumption, ensuring a fair comparison.

Table 2: Parameters used in the simulation.

	Simulation Parameters

	No. of Episodes
	No. of Tasks
	Max Steps

	100
	10 to 50
	100

	Q-Learning Parameters


	Alpha
	0.1

	Gamma
	0.99

	Epsilon
	0.1

	ACO-Learning Parameters


	Alpha
	1

	Gamma
	2

	Evaporation rate
	0.5

	No. of Ants
	10

	GA-Learning Parameters


	Population rate
	0.01

	Population Size
	50

	Elite size
	5



Convergence Behaviour of the Algorithms
The convergence behaviour indicates how quickly each algorithm learns or identifies an effective offloading strategy. The RL-based approach shows rapid convergence, reaching a stable low-latency region within the first few tens of episodes. This occurs because RL updates its decision policy after every interaction using reward feedback, allowing it to continuously refine its offloading strategy.

In contrast, ACO requires several iterations to accumulate sufficient pheromone information before reliable solutions emerge. As a result, its convergence is slower, especially during early stages. GA exhibits the slowest convergence because it relies on repeated population evolution through selection, crossover, and mutation, which increases computational overhead and delays the identification of near-optimal solutions.
Workflow Interpretation
Figure 3 illustrates the conceptual workflows of the RL-, ACO-, and GA-based offloading mechanisms. The RL framework operates through continuous interaction with the environment, where the agent observes system states, selects actions, and receives reward feedback based on latency and energy. Over time, this learning process enables RL to develop a policy that maps system conditions to efficient offloading decisions.
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Fig. 3: Illustration of a) ML-Based approach) Swarm Optimization, and c) Evolutionary-Based Approach

The ACO method constructs solutions using artificial ants that select offloading actions probabilistically based on pheromone trails and heuristic values. While this allows multiple solutions to be explored simultaneously, pheromone updates may not always reflect rapid changes in edge network conditions.
GA, on the other hand, evolves a population of offloading solutions using genetic operators. Although GA is effective in global optimization, it requires multiple generations to refine solutions, making it less responsive in dynamic MEC environments. These differences in operational workflow explain the performance trends observed in the latency results.
Latency Performance
Figure 4 presents the average latency cost achieved by the three algorithms over different training episodes. The RL-based approach consistently achieves the lowest latency compared to ACO and GA across all episodes. After 100 episodes, the average latency obtained using RL is approximately 42 ms, whereas ACO and GA record higher latency values of around 55 ms and 63 ms, respectively. This corresponds to a latency reduction of nearly 24% compared to ACO and 33% compared to GA. Furthermore, the RL model demonstrates a faster convergence rate, reaching stable performance within the first 40 episodes, which indicates its ability to learn optimal offloading policies through continuous interaction with the environment. In contrast, ACO shows moderate performance due to its reliance on probabilistic path selection, which may result in suboptimal decisions during early iterations. The GA-based approach exhibits relatively higher latency because of the computational overhead associated with population-based evolution and genetic operations.The superior performance of RL is due to its ability to continuously adapt to current network and workload conditions. By learning from past interactions, RL avoids congested servers and selects offloading actions that minimize communication and processing delays. In contrast, ACO and GA rely on indirect search mechanisms that are slower to react to dynamic system changes.
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Fig. 4: Average latency cost of ACO, Q-Learning and GA

Satbility and Robustness
The stability and robustness of the three algorithms can be inferred from the fluctuation patterns observed in Figure 4. After convergence, the RL-based approach exhibits a smooth and nearly flat latency curve, indicating that once an effective offloading policy is learned, it consistently maintains low latency despite variations in task arrivals and network conditions. This low variance in latency reflects high stability and strong robustness of the learned policy.

In contrast, both ACO and GA display noticeable oscillations throughout the training process. These fluctuations indicate sensitivity to changes in the environment, as new pheromone updates in ACO and population evolution in GA continuously modify the solution space. As a result, their performance varies significantly across episodes, demonstrating weaker robustness and lower stability compared to RL. The reduced variability of RL confirms its suitability for real-time MEC systems, where predictable and reliable performance is essential.

Summary of Findings
Overall, the results clearly show that RL outperforms ACO and GA in terms of latency minimization, convergence speed, and stability. The findings confirm that learning-based offloading strategies provide superior performance over heuristic and evolutionary approaches in complex and dynamic MEC systems.
1. FUTURE DIRECTIONS AND INNOVATIONS
Future research directions should focus on integrating AI techniques with emerging technologies such as blockchain and 5G networks to enhance security, scalability, and efficiency in computation offloading. Additionally, developing adaptive AI models that can self-tune and optimize offloading decisions autonomously in dynamic edge environments will be crucial for advancing the field.
1. Conclusion
Computation offloading plays a crucial role in enhancing system performance and improving user experience in Mobile Edge Computing (MEC) environments. In this work, three intelligent task offloading strategies, namely Reinforcement Learning (RL), Ant Colony Optimization (ACO), and Genetic Algorithm (GA), were implemented and evaluated with the objective of minimizing overall latency. The experimental results indicate that the RL-based approach consistently outperforms ACO and GA by achieving the lowest average latency of approximately 42 ms, compared to 55 ms for ACO and 63 ms for GA, resulting in a latency reduction of about 24% and 33%, respectively. This superior performance can be attributed to the adaptive learning capability and faster convergence behavior of the RL model. In future work, the proposed framework can be extended by incorporating additional performance metrics such as energy consumption and throughput, and by exploring deep reinforcement learning techniques for large-scale and highly dynamic MEC scenarios.
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