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The rapid evolution of 6G networks has brought new challenges in the
domain of task offloading (TO), particularly within edge computing
environments that are heavily reliant on the internet of things (loT).
Traditional TO methods that based on rule-based heuristics or shallow
learning techniques fail to adapt efficiently to the dynamic, unpredictable
network conditions, resource heterogeneity, and varying task demands. The
proliferation of edge computing, the 10T, and 6G networks has introduced
new challenges in TO due to dynamic network conditions, resource
heterogeneity, and unpredictable task demands. To address these challenges,
this work proposes an innovative TO method that integrates deep
reinforcement learning (DRL) with heuristic search methods. The
combination of DRL and heuristic algorithms enhances adaptability,
convergence speed, and decision-making efficiency, making it well-suited
for real-time TO in complex and unpredictable environments This paper

proposes a novel hybrid TO framework that integrates DRL with genetic
algorithms (GA) to address these challenges. The proposed hybrid
optimization technique offer promising solutions by leveraging the strengths
of individual approaches to balance competing objectives, such as energy
consumption, task completion time, and resource utilization. This method
explores optimization strategies to enhance TO efficiency in decentralized
environments mainly focusing on optimizing energy use while ensuring
performance metrics like latency, throughput, and task deadlines are met.
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1. INTRODUCTION

The evolution of mobile and wireless communication networks has witnessed a significant leap with
the deployment of 5G, enabling ultra-reliable low-latency communications (URLLC), enhanced mobile
BroadB and (eMBB), and massive machine-type communications (MMTC). In the realm of edge computing
and the internet of things (1oT), 5G has facilitated intelligent task offloading (TO) by bringing computation
closer to the data source, thereby diminishing response time and network congestion. Existing methodologies
for TO in 5G-enabled environments predominantly rely on rule-based heuristics, static optimization, or
shallow learning models that consider parameters such as latency, energy consumption, bandwidth, and
computation capacity [1]-[5]. However, these techniques often fail to scale effectively under highly dynamic
conditions, particularly when network topologies change rapidly, resource availability fluctuates, or
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application workloads are non-stationary. Furthermore, 5G-based frameworks struggle with cross-layer
optimization due to the limited contextual awareness of device states and task dependencies, leading to
sub-optimal allocation of resources and increased system overhead. Traditional reinforcement learning (RL)
approaches employed within 5G systems, while adaptive often face convergence issues, exploration-
exploitation imbalance, and lack of generalization in non-stationary environments [6]-[9].

As we advance into the 6G era, communication paradigms undergo a transformative shift. 6G
networks are characterized by terahertz communication, intelligent surfaces, ultra-massive MIMO, and
integration with artificial intelligence (Al-native) infrastructure. These innovations offer unprecedented
support for real-time, distributed, and context-aware computation offloading [10]-[14]. The inherent
intelligence embedded in 6G architecture enables seamless orchestration among Edge, Fog, and Cloud layers.
Moreover, 6G facilitates joint optimization of computation, communication, and control by leveraging
high-bandwidth low-latency links, pervasive sensing, and deep semantic understanding of tasks and services.
In this landscape, the need for robust, adaptive, and intelligent TO mechanisms becomes paramount to
exploit the full potential of 6G-enabled systems [15]-[19].

To address these challenges, this work proposes a novel hybrid TO framework that integrates deep
reinforcement learning (DRL) with heuristic genetic algorithms (GA) in a 6G-enabled edge-cloud ecosystem.
DRL architectures, particularly actor-critic (AC), and deep Q-networks, are employed to learn dynamic
offloading policies that adapt to real-time network states [20]-[24]. To overcome DRL limitations such as
slow convergence and policy suboptimality, GA is embedded to refine the exploration process and optimize
decision quality [25]-[27]. The proposed model incorporates transfer learning, Transformer-based
attention mechanisms for long-term dependency modeling, and graph neural networks (GNNs) to capture the
spatial-temporal task dependencies. This hybrid framework significantly enhances adaptability,
computational efficiency, and resource utilization under complex and unpredictable network environments.
The paper is organized as follows; sections 2 discuss the related work and deines TO strategy. In section 3,
the problem of the existing system was discussed and point out how to eradicate the issues in the existing
system and thereby improve the energy efficiency. Section 4 discuss the proposed framework. Section 5
presents results and discussion and finally, conclusions are presented in section 6.

2.  LITERATURE REVIEW

A comprehensive comparative analysis of energy consumption in mobile edge computing (MEC)
environments was presented in [1], where several quality-of-service (QoS) parameters were evaluated in
terms of usage efficiency and percentage-based performance. Both full and partial TO strategies were
examined using different metaheuristic optimization algorithms, highlighting key limitations of MEC
systems such as scalability constraints, computational overhead, and energy inefficiency under dynamic
workloads.

Li et al. [2] evaluated and validated the effectiveness of a TO algorithm for multiserver edge
computing. The study jointly optimized diverse system parameters and presented a comparative analysis
against five existing algorithms, demonstrating improved efficiency, load balancing, and performance. An
optimal decision-making model for TO and resource allocation was proposed in [3], aiming to minimize
execution delay and energy consumption while maximizing computing rates under strict energy constraints.
The model enables system maintenance at each time frame using DRL. Furthermore, edge-to-cloud
offloading was shown to improve task completion rates by efficiently managing data transfer between edge
servers and cloud infrastructures. In general, efficient TO and energy-aware mechanisms significantly
enhance MEC server utilization through intelligent load balancing and task scheduling [4]. However, limited
battery capacity remains a major challenge when optimizing TO decisions under unreliable edge performance
conditions [5].

A computation offloading model over a collaborative cloud—edge network was introduced in [6],
considering complete offloading requirements and server resource utilization. The authors formulated the
offloading strategy as a convex optimization problem, guaranteeing a unique and optimal solution. In a
broader perspective, edge—cloud computing environments effectively bridge the gap between centralized
cloud infrastructures and end users by enabling near-data computing services with minimal latency. TO is
therefore regarded as one of the most promising approaches to enhance service quality, energy efficiency,
and resource utilization in edge—cloud systems [7]. A cooperative TO strategy based on multi-agent deep
reinforcement learning (MADRL) was proposed in [8], where each edge node operates as an intelligent
agent. Centralized training with decentralized execution mitigates non-stationarity issues and improves TO
efficiency by optimizing a shared reward function. The proposed scheme significantly reduces energy
consumption while satisfying computation and communication constraints.

DRL techniques such as deep Q-networks (DQN) were shown to provide adaptive and efficient
decision-making in dynamic and resource-constrained edge environments [9]. Additionally, hybrid models
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integrating long short-term memory networks with differential evolution (LSTM-DE) and fuzzy Q-learning
were employed to predict future 10T workloads and enable proactive resource auto-scaling and offloading
decisions for mobile applications [10]. Near-real-time and highly accurate predictions for optimal offloading
decisions and computing resource allocation were achieved using a multi-task learning-based feed-forward
neural network (MTFFN) model in [11]. Simulation results demonstrated superior performance compared
with benchmark offloading approaches. TO strategies may be classified as binary or partial. Binary
offloading executes tasks either locally or fully offloads them to cloudlets, whereas partial offloading
distributes tasks between local devices and remote servers. Moreover, offloading decisions can be static or
dynamic; static offloading assigns tasks to predefined edge servers, while dynamic offloading adapts
decisions based on real-time system conditions [12].

3. TASK OFFLOADING

In fields including Al, machine learning, and big data analysis, TO is crucial for enabling
communication between local devices and cloud infrastructure. The need for devices that do not have
substantial computer power on their own serves as the foundation for its importance. These methods transfer
calculations from potentially resource-constrained devices, including mobile phones and 10T devices in cloud
computing, to cloud or edge servers. The cloud services are enabled in a such a way that a task to be done
flexibly in a given time without overloading local applications. These approaches are to enhance the
performance, minimize the delay and regulate power usage. This means that organizations can avoid
expending large sums in the purchase of hardware and other support structures by hiring cloud resources on
as-needed basis. TO is a technique used to improve the distribution of computing activities among several
devices, such as cloud servers, edge devices, or mobile phones, especially in the context of energy
conservation. The goal of TO is to improve performance and reduce overall energy consumption, especially
in systems with limited resources, such battery-operated devices. The objective is to shift processing-heavy
tasks to the edge, near the data source, in order to minimize latency, conserve bandwidth, and optimize
resource usage, all while maintaining energy efficiency.

The approaches are to enhance the performance, minimize the delay and regulate power usage. This
means that organizations can avoid expending large sums in the purchase of hardware and other support
structures by hiring cloud resources on as-needed basis. Key concepts of TO: i) edge nodes, ii) energy
efficiency, iii) latency reduction, iv) bandwidth optimization, and v) scalability.

3.1. Problem definition

In this ubiquitous age, real-time data processing and low latency responses have become essential.
Traditional cloud computing systems that concentrate data processing in distinct data centers often fall short
of these requirements due to intrinsic latency and bandwidth constraints. While offloading preferences
specific to a user, such as desired latency or willingness to expend energy, are taken into consideration in
offloading decisions, existing offloading strategies are usually modelled so that they can be applied to all
users. The proposed arguments explained to open challenges:

a. Outsourcing tasks on to a cloud primarily depends on network quality and high latency hampers real-time
or time-constrained tasks.

b. The offloading of sensitive tasks increases questions over data privacy and security.

¢. Resource management is a challenge, especially when operating over multiple cloud domains.

Thus, the rectification of the mentioned challenges in offloading forms the goal of this study to
enhance the offloading performance and reduce on energy consumption and cost. The edge cloud computing
paradigm, which moves computation closer to the data source to increase data processing efficiency, is
examined in this paper. By using edge devices such as sensors, gateways, and mobile devices that are located
near or at the data generating sites, edge computing significantly reduces latency and bandwidth
consumption. By reducing the load on centralized data centers and providing real-time processing
capabilities, this approach enhances the scalability and reliability of systems.

4. THE PROPOSED FRAMEWORK

Traditional TO methods rely heavily on rule-based heuristics or shallow learning models. These
approaches lack the flexibility to handle the unpredictable and dynamic nature of 6G networks. Traditional
methods often result in suboptimal resource allocation and increased latency. They also suffer from poor
scalability in complex network environments. RL techniques, while adaptive, face challenges such as slow
convergence. They are also prone to getting trapped in local optima, thus limiting their effectiveness. There is
a pressing need for hybrid frameworks to overcome the limitations of existing methods. These frameworks
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aim to combine adaptive learning capabilities with heuristic optimization methods. There comes a solution
for the existing challenges are hybrid frameworks leverage DRL and GA for better decision-making. This
combination enables a more efficient exploration-exploitation balance in complex edge-cloud ecosystems.

The hybrid deep reinforcement learning with genetic computation (HDGC) framework combines
DRL and GA. It is designed to optimize TO in 6G-enabled edge-cloud networks. GA enhances the
exploration process through population-based search. This accelerates convergence and helps avoid local
optima in TO. The framework incorporates transfer learning to adapt to new environments quickly. This
ensures robust, scalable, and context-aware task distribution across edge and cloud layers. The synergy of
DRL and GA in the HDGC framework optimizes TO. It achieves efficient and adaptive performance in
complex 6G network scenarios.

4.1. Network model

The proposed network model is designed for a 6G-enabled hierarchical edge-cloud computing
architecture, comprising three primary layers: 10T device layer, edge computing layer, and cloud data center
layer. At the lowest tier, a diverse set of 10T devices generates computational tasks characterized by varying
sizes, energy budgets, latency requirements, and data dependencies. Figure 1 display the network model of
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Figure 1. HDGC architecture

These devices are connected to nearby edge servers through ultra-reliable low-latency 6G links,
which support dynamic spectrum access and intelligent reflecting surfaces to ensure stable and
high-throughput connections. The edge layer consists of heterogeneous edge servers with differing
computational capacities and energy profiles, forming a decentralized and cooperative processing network.

Each edge node periodically senses its environment and collaborates with adjacent nodes to share
resource availability and workload information via 6G’s high-speed device-to-device (D2D) communication.
A central DRL agent, embedded within the edge layer, observes global state parameters—such as bandwidth
utilization, CPU and memory status, transmission delays, and task graphs—and generates optimal TO
decisions using an AC architecture. To enhance the decision process, the DRL policy is augmented with GA
that introduce population-based refinements, thus accelerating convergence and preventing suboptimal local
decisions. In this work, we propose a novel hybrid framework that combines DRL with heuristic
optimization, particularly GA for dynamic and intelligent TO from edge servers to the cloud. This section
delineates the structural components of the proposed method, elucidates their interactions, and presents
detailed mathematical formulations used in the development and integration of the framework.

4.2. Deep reinforcement learning-based task offloading

At the core of the proposed method is a DRL-based decision engine designed to optimize TO
decisions in real-time as shown in Figure 2. Let the system state at time t be represented as s, €R", which
captures features such as CPU utilization, memory usage, network latency, and energy levels of edge and
cloud resources. The action a, € A corresponds to the decision of whether to offload a given task T; to a local
edge node E;, another edge node, or to the cloud server C.
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Figure 2. DRL method

The goal of the reward function R(st, at) is to minimize delay and energy usage while optimizing job
throughput. The DRL agent seeks to maximize the predicted cumulative discounted reward by learning an
optimum strategy mn(at| st):

Eq[X20 YtR(St, ay)]=J(m) 1)

where the discount factor is denoted by y € [0, 1].
We adopt an AC architecture where the actor network g proposes actions, and the critic network
Vy (sp) estimates the value function:

Vo (sv) = Eq [Zgio Yk R(St41 at+k)] 2
Gradients for the actor are computed using the advantage function:

VgJ (1) = E¢[Vologmea| sp)A¢]

Ar = R(spap) + Vo (st41) — Vo(st) @)

4.3. Task offloading between edge and cloud

In the multi-layer computing environment, each task T; is characterized by its size D;, computation
requirement C;, and deadline L;. The system must decide the best location for processing: edge node E;, peer
edge node E,, or cloud server C. The decision vector a = [a;, a,, ..., ay] maps each task to a target compute
node.

The offloading decision affects task execution delay t;, which includes transmission time t;,,ns and
execution time Teyec:

Ti = Terans (Ti» @i) + Texec(Ti a3) 4
The total system latency Ligta iS (5).

Leotal = Xitq Ti- 10t < Lp) + 00, I(1; > Ly) ®)
Where | is the indicator function enforcing deadline constraints. The reward function incorporates a penalty
for missed deadlines and energy overuse.

DRL with deep Q-Learning for state-action estimation in parallel, a DQN is trained to estimate
Q-values of state-action pairs:

Q(sv.a) = Ex[R(sy, ap) + max,/Q(s4,a) (6)

To stabilize learning, experience replay and target networks are employed. The loss function minimized at
each iteration is:
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LB = E(S,a,r,S’)[(r + maXa’QS (S" a’) - QS (S, a)Z] (7)
Here, Qg is a periodically updated target network.

4.4. Incorporation of genetic algorithms

To improve exploration-exploitation and avoid local optima, a GA is employed alongside DRL.
Each candidate solution a is encoded as a chromosome representing offloading decisions. The fitness
function F(a) is defined based on reward R:

F@) = 3N, <m1.§ + g (1- 2 )).I(ri <L) (8)
1 max

Genetic operations include selection, crossover, and mutation as shown in Figure 3.

— Selection: high-performing chromosomes are chosen for reproduction, propagating beneficial traits.

— Crossover: genetic material is exchanged between selected chromosomes to create novel solutions.

— Mutation: random alterations are introduced to maintain diversity and prevent premature convergence.
The GA improves the offloading policy with each DRL iteration. It generates a population of

alternative offloading decisions, selecting the fittest solutions to inform subsequent DRL training phases.

This iterative process ensures continuous improvement and adaptation of offloading strategies, leading to

more robust and globally optimal solutions.

Initialization of
Population

N\ —

—> Fitness Function Selection

Figure 3. Genetic process

4.5. Transfer learning for adaptive offloading

Transfer learning enables the use of pre-trained DRL policies to accelerate learning in new but
related environments. Suppose ©_0"{source} is the source policy trained under known network conditions.
For a new task environment E_target, parameters 0 are initialized as (9):

9targetesource + A6 (9)
where A0 is adjusted via online learning to fine-tune the policy in E_target.

4.6. Attention-based reinforcement learning
To capture long-term task dependencies, attention-based RL mechanisms using Transformer models
are integrated. The state sequence s, = [st_k,_____st] is processed through a self-attention mechanism:

) T
Attention(Q, K, V) = softmax(%) \ (10)

Here, Q, K, V are queries, keys, and values derived from s, and dy is the dimension of the key vectors. The
attention output serves as a context-aware representation for action selection.

4.7. Graph neural networks for dependency modeling

To represent and process the dependencies among tasks and nodes, GNNs are utilized. Let the
dynamic system be modeled as a directed graph G=(V, E), where nodes represent tasks or devices, and edges
represent communication or dependency links.
The feature of each node v;eV is updated as (11):

b = 6(Zjene WO +bO) (11)
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where N(i) is the neighborhood of node i, W® is the weight matrix at layer 1, and o is an RELU activation
function. These embeddings are concatenated into the state vector used by the DRL agent.

4.8. Hybrid learning cycle
The training process involves the following steps:
The DRL agent observes state s_t and selects action a_t.
GA generates a candidate population of offloading strategies around a_t.
Fitness evaluation and selection are performed.
DRL policy is updated based on the refined action.
Experience is stored and replayed for stability.
Transfer learning initializes or updates the model in new environments.
Transformer and GNN modules enhance temporal and structural understanding.
This hybrid approach enables rapid adaptation to evolving network conditions, reduces convergence
time, and significantly enhances the overall efficiency of TO in edge-cloud integrated networks

@+pPoooTw

5. RESULTS AND DISCUSSION

TO in energy efficiency, particularly in edge and cloud computing, involves transferring
computational tasks to remote servers or edge nodes to optimize power consumption and performance.
Several performance metrics can be used to evaluate the efficiency of TO strategies. These metrics typically
focus on energy consumption, execution time, resource utilization, and overall system efficiency. Below are
some key performance metrics:

— Energy efficiency metrics (energy consumption),
— Execution performance metrics (throughput),

— Network performance metrics (delay),

— Resource utilization metrics,

— QoS metrics.

The metrics are used for ensuring the optimal allocation of resources across edge nodes, network
connectivity and network performance impacts energy efficiency, and helps to evaluate the efficiency of task
execution after offloading. The HDGC framework is evaluated using critical metrics for 6G edge-cloud
networks.

5.1. Packet delivery ratio

The packet delivery ratio (PDR) is considered as the main performance parameter which provides
the assess the efficacy of the suggested hybrid DRL and HDGC offloading paradigm. PDR depicted to be a
crucial measure of network reliability and efficiency based on the successful ratio of the delivered data
packets towards all packets broadcast. In the context of edge-cloud offloading over 6G-enabled networks,
high PDR directly correlates with the robustness of routing and offloading decisions under dynamic and
heterogeneous conditions as shown in Figure 4.
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Figure 4. Interval vs PDR
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5.2. Throughput

Throughput, defined as the total volume of successfully transmitted data over the network within a
given timeframe, is a critical metric in evaluating the efficiency and capacity of TO strategies in
next-generation 6G-enabled edge-cloud environments as shown in Figure 5. Throughput analysis was
performed across simulation intervals of 100 to 200 seconds in the proposed hybrid DRL and HDGC
architecture, and the results were compared with the baseline deep reinforcement learning with transfer
learning (DRLT) method.
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Figure 5. Interval vs throughput

5.3. Delay
Delay, or end-to-end latency, is a critical performance parameter in 6G-enabled edge-cloud

networks, particularly for time-sensitive applications such as autonomous systems, remote healthcare, and
industrial automation as shown in Figure 6.
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Figure 6. Packet size vs delay

5.4. Packet dropped

Packet dropped is a critical metric in evaluating the robustness and reliability of data transmission
across edge-cloud networks, particularly in high-density, high-velocity 6G environments as shown in Figure 7.
On average, HDGC reduces packet drops by more than 75%, showcasing its superior network resilience and
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adaptability under varying traffic loads. The pronounced performance advantage of HDGC stems from its
hybrid architecture that combines real-time RL with adaptive heuristic search strategies.
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Figure 7. Packet size vs packet dropped

5.5. Data rate

Data rate is a pivotal performance metric in evaluating the capability of TO models within
edge-cloud architectures, especially in 6G-enabled environments where ultra-high-speed and low-latency
communication is imperative as shown in Figure 8. The observed performance improvements are rooted in
HDGC’s hybrid optimization design, which strategically blends DRL with genetic heuristics for dynamic
task distribution and bandwidth allocation. The DRL agent, enhanced through attention-based architectures
such as transformers and supported by transfer learning, adapts in real time to traffic fluctuations and device
mobility.
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Figure 8. Packet size vs data rate

5.6. Average energy consumption

As seen in Table 1, energy economy is still a key design goal in 6G-enabled edge computing, where
extended operation of battery-constrained 10T devices and edge nodes must be guaranteed without
compromising computational performance. This trend persisted consistently; even at larger packet sizes, such
as 50 and 60 bytes, HDGC maintained significantly lower energy consumption levels of 0.0232 Joules and
0.0299 Joules, respectively, compared to 0.0937 Joules and 0.0883 Joules consumed by DRLT. Using the RL
policy with the help of the heuristic genetic optimization method supports to reduce the unnecessary task
mobility and duplicate dispensation which usually results in the wastage of the energy.

Int J Reconfigurable & Embedded Syst, Vol. 15, No. 1, March 2026: 236-247



Int J Reconfigurable & Embedded Syst ISSN: 2089-4864 a 245

Table 1. Values for average energy consumption

Packet size DRLT HDGC
20 0.0873672  0.0285472
30 0.0810113  0.0253235
40 0.0777652 0.02355
50 0.0936866 0.02319
60 0.0882806 0.02993

6. CONCLUSION

In this work, we proposed a hybrid TO framework that integrates DRL with GA to optimize task
allocation in 6G-enabled edge—cloud environments. The framework enables intelligent decision-making that
dynamically adapts to task availability, resource performance, and network topologies with real time
modifications, which frame the nature and dynamic networks. Through this hybrid model, traditional
Offloading methods are utilized for reliability, scalability, and effectiveness helps to achieve the optimal
offloading decisions. The proposed work has a framework of incorporated GNN and transformer based
attention, which produces enhancement in the overall performance of multimode distributed system with long
term decision making and task dependency. The framework ensures data integrity and authenticity of the data
with sensitive computation and communication among edge devices, servers, and cloud systems. The
comparison between the proposed HDGC model and the baseline DRLT approach confirms the superiority of
the hybrid solution across all evaluation metrics. HDGC achieves higher PDR, faster convergence, and
improved throughput over increasing simulation times. Packet-drop comparisons indicate over a 75%
reduction with HDGC, while data-rate comparisons show consistently higher performance as device numbers
grow. Furthermore, energy-consumption comparisons highlight HDGC’s significant efficiency advantage,
with far lower energy usage even at larger packet sizes. Overall, the comparison underscores the superior
reliability, efficiency, and scalability of the proposed HDGC-based framework compared to DRLT.
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