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Abstract—Mobile Edge Computing (MEC) is a technology
that enables mobile devices to transfer computationally
demanding tasks to nearby servers. MEC significantly
lowers the local processing load by allowing a variety of
complicated mobile devices tasks to be transferred to the
network system’s edge so that they can be executed by the
servers at the edge. In this research, we used a wirelessly
powered MEC system, such that every Wireless Device
(WDs) computational task is either completed locally or
entirely offloaded to a MEC server. However, allocating
resources for communication and computing in an
edge-cloud environment efficiently is still difficult, though,
particularly when there are several mobile devices and edge
servers. So, an improved deep learning-based reinforcement
model is suggested for Improved Deep Reinforcement Online
Offloading (IDROO) as a scalable method to address this
issue. This framework uses a deep neural network to learn
the binary offloading decisions from experience and has
additional output layers for resource allocation
(transmission power and Central Processing Unit (CPU)
frequency) along with the task offloading and it also
optimizes the joint loss function that accounts for the
offloading of tasks and efficiency of allocating resources. The
simulation of the suggested model is done by taking number
of users as 10, 20, 30, and the numerical result shows that the
model can achieve near optimal performance in dynamically
changing environmental conditions. Specifically, IDROO
improves computation rate by approximately 18-25% and
reduces energy consumption by around 15-20% compared
to existing methods, while achieving faster convergence.

Keywords—task offloading, data computation, edge-cloud
environment, bit-error, allocating resources, task offloading,
Improved Deep Reinforcement Online Offloading (IDROO)

1. INTRODUCTION

The swift advancement of mobile computing
technologies, such as 5G networks, a wide variety of
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mobile devices, including smart phones, mobile robots
and wearable devices, have emerged explosively, which
has led to a variety of computationally expensive
intelligent applications such as natural language
processing, virtual reality, big data analytics, face
recognition, and ultra-high-definition video [1, 2].
Such applications usually involve stringent latency and
computation requirements, but their mobile devices often
grapple with resource constraints, characterized by limited
processing power and modest battery capacity. Thus, it is
rather difficult to deal with these computationally
expensive and latency-sensitive tasks [3]. Meanwhile, the
latest advancements in Mobile Edge Computing (MEC)
technology can substantially increase the computational
capabilities of the device. To lower computational delay
and utilization of energy, the Wireless Device (WDs) can
use MEC to transfer computationally demanding jobs to
adjacent servers at the edge [4].

Resource limitations on IoT devices can be resolved via
task outsourcing technologies. Its main goals are to bring
the cloud’s computing environment closer to the edge’s
network, give users access to resources for computing,
make it possible for users to use nearby storage and
compute services, react rapidly to user demands for
computing, and enhance the user experience [5, 6].
Task offloading can improve quality of experience by
decreasing processing latency, prolonging the device’s
life by lowering energy usage, and optimizing profits for
suppliers and network administrators. MEC brings cloud
capabilities closer to the end devices, allowing for more
powerful servers to compute on behalf of the mobile
devices.

Significant gains in response time and processing
power have been made possible by MEC, which also has
positive benefits on lowering latency and energy
usage [7, 8]. A wirelessly-powered MEC system’s ideal
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offloading solution in a wireless fading atmosphere is
significantly influenced by the dynamic wireless network
setting [9]. A wirelessly powered MEC network with one
base station and several WDs, each of which adheres to a
binary offloading policy, was examined in this
research [10, 11]. Our specific goal is to jointly optimize
the CPU frequency, duration of transmission, and
offloading task decisions made by each WD in accordance
with the dynamically varying conditions. Recent studies
have explored Deep Reinforcement Learning (DRL) for
dynamic task offloading in mobile edge computing
environments to improve system efficiency and
adaptability [12]. In addition, joint optimization of task
offloading and resource allocation has been investigated
to enhance overall system performance.

Despite  significant  advancements in  deep
reinforcement learning-based task offloading techniques,
existing approaches such as DROO, A3C, and Preferred
Provider Organization (PPO) primarily focus on
optimizing offloading decisions independently, often
neglecting the joint optimization of critical system
parameters such as transmit power and Central Processing
Unit (CPU) frequency. Moreover, these methods suffer
from high convergence time and increased computational
complexity when deployed in dynamic wireless
environments with fluctuating channel conditions. This
creates a gap in designing a scalable and efficient
framework that can simultaneously optimize multiple
decision variables while ensuring fast convergence and
energy efficiency. Therefore, there is a strong need for an
improved intelligent offloading mechanism that can
address these limitations in real-time MEC systems.

The main objective of this work is to develop an
efficient deep reinforcement learning-based framework,
termed Improved Deep Reinforcement Online Offloading
(IDROO), for joint task offloading and resource allocation
in mobile edge computing environments. Specifically, the
proposed model aims to:

e Maximize the weighted computation rate of the
system,

Minimize energy consumption of wireless devices,
Reduce convergence time for real-time decision-
making, and

Adapt effectively to dynamic wireless channel
conditions.

By integrating offloading decisions with transmit
power and CPU frequency allocation, the proposed
framework seeks to achieve superior performance
compared to existing state-of-the-art methods

Unlike conventional DROO-based approaches that
focus only on binary offloading decisions, the proposed
framework extends the decision space to jointly optimize
task offloading, transmit power, and CPU frequency
within a unified deep reinforcement learning model. This
transforms the problem from a single-dimensional
decision process into a multi-dimensional resource
optimization task, enabling coordinated management of
communication and computation resources. Such a
formulation better reflects practical MEC environments
and leads to improved system performance. The
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improvement lies in the formulation of a coupled
optimization problem rather than a simple extension of the
network architecture.

Some of the contributions for this framework are as
follows:

e A joint optimization framework is proposed that
simultaneously considers task offloading, transmit
power, and CPU frequency allocation.

A multi-dimensional action space is formulated within
a DRL framework for coordinated resource
management.

An efficient action selection mechanism is used to
handle the complexity of combinatorial decision
spaces.

The proposed approach achieves improved
performance in terms of computation rate, energy
efficiency, and convergence speed.

The IDROO model is evaluated under detailed
numerical analysis by taking varying number of WDs, i.e.,
10, 20 and 30. The next section provides a brief overview
of some of the related works in this field.

The remainder of this paper is organized as follows.
Section II reviews related work on task offloading in
MEC. Section III presents the system model, including
local and edge computation. Section IV describes the
proposed IDROO framework and its reinforcement
learning formulation. Section V provides the experimental
setup, simulation results, and performance comparisons.
Finally, Section VI concludes the paper and discusses
future work.

II. LITERATURE REVIEW

Before delving into the literature review, it is essential
to understand the growing importance of efficient task
offloading in Mobile Edge Computing (MEC). With the
proliferation of resource-constrained mobile devices and
latency-sensitive applications, optimizing task allocation
between local devices and edge servers has become a
critical research focus. This study explores existing works
to identify advancements, challenges, and gaps in task
offloading using DROO within the MEC framework.

Huang et al. [13] introduced the DROO framework, a
DRL based approach for optimizing offloading of tasks in
MEC networks under binary policies. DROO achieves
near-optimal results with low latency by learning from
past actions, leveraging quantization, and dynamically
adjusting parameters. Tang and Wong [14] used a
distributed, model-free deep reinforcement learning
algorithm, enabling independent decision-making without
prior task model knowledge. By integrating LSTM,
dueling DQN, and double-DQN, their approach ensures
scalability and adaptability in decentralized environments.

Yu et al [15] proposed MOEA/D-EoD, a
multi-objective  optimization technique based on
decomposition for efficient resource allocation in MEC
systems. The algorithm excels in balancing transmission
power and resource constraints but faces challenges in
computational complexity and adaptability. Tan et al. [16]
proposed a dynamic offloading strategy for MECC in IoT
applications, combining a learning automata-based
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decision-maker with LSTM-based workload prediction
for auto-scaling. Using an A3C algorithm with fuzzy
logic, the approach ensures energy efficiency, stability,
and timely task execution under dynamic workloads.
Dai et al. [17] proposed a learning-based co-offloading
framework for MEC and IloT, enabling tasks to offload
via cellular or D2D links to reduce delays and network
congestion.

Dong et al. [18] adopted task offloading strategies using
PSO and QPSO to reduce the usage of energy, time of
work completion, and processing time. Joint task
offloading and resource allocation in multi-server MEC
environments highlighted the importance of coordinated
decision-making by Tran and Pompili [19]. They have
addressed joint objective problem in multi-cell MEC
networks by formulating a MINLP and solving it via a
decomposition-based approach. Their method achieves
near-optimal performance, improving offloading utility
while highlighting future goals of reducing runtime and
enhancing fairness. Yang et al. [20] used DSLO, a DL
supervised algorithm wusing CNNs and batch
normalization to optimize outsourcing and allocation of
bandwidth in MEC systems.

Chen et al. [21] introduced DROO-C, a DNN based
framework for optimizing task offloading and data
transmission in MEC environments. By combining
Mixed-Integer Planning and entropy reduction-based
compression, it improves transmission rates and
minimizes delays effectively.

To address the limitations for onboard computational
resources and strict delay guarantees, a machine
learning-based task offloading framework for Connected
Autonomous Vehicles (CAVs) was proposed by
Kumar et al. [22]. The framework dynamically determines
optimal offloading decisions based on vehicle context and
network conditions, improving real-time data processing
efficiency in edge computing environments.

Deng et al [23] proposed an intelligent
delay-aware partial task offloading framework for
multi-user Industrial Internet of Things (IloT)

environments using reinforcement learnings including
Q-learning and Deep Deterministic Policy Gradient
(DDPQG), to optimize offloading decisions under varying
channel conditions and delay requirements.

Chen et al. [24] proposed a DRL-based framework for
dynamic task offloading in MEC systems, demonstrating
improved adaptability under varying network conditions.
Wang et al. [25] developed a deep reinforcement
learning-based resource allocation strategy to enhance
system efficiency.

Chen et al. [26] presented an efficient multi-user
computation offloading strategy, focusing on optimizing
system throughput. Similarly, Xu ez al. [27] explored joint
service caching and task offloading to improve
performance in dense networks. Ning et al. [28] applied
deep reinforcement learning in vehicular edge computing,
enabling intelligent offloading decisions in dynamic
environments.

Wang et al. [29] explored federated learning for
intelligent edge computing, while Chen et al. [30]
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discussed early architectures for computation offloading
in cloudlet-based systems.

A broader comparison with other state-of-the-art Deep
Reinforcement Learning (DRL) algorithms would
enhance the quality and completeness of the study is being
agreed. While A3C and PPO show competitive
performance in some dynamic channel settings, they incur
higher training complexity and convergence time.
DDPG, which is well-suited for continuous control,
performs sub optimally in our case due to the binary nature
of the offloading action space.

Table I summarizes the limitations of existing task
offloading approaches and highlights how the proposed
IDROO framework addresses these challenges. Unlike
conventional methods, the proposed approach integrates
offloading decisions with resource allocation and achieves
improved performance with lower computational
complexity and faster convergence.

TABLE I. GAP ANALYSIS OF EXISTING METHODS VS PROPOSED

IDROO
Method Key Limitations HowIDROO Addresses It
Focuses only on Jointly optimizes offloading,
DROO offloading decisions; no transmit power, and CPU
joint resource optimization frequency
A3C High training complexity Faster convergence using
and slow convergence efficient DNN + quantization
High computational Designed specifically for
PPO overhead; not tailored for binary offloading with
binary actions efficient action selection
. Not sulltable for' Uses quantization to handle
DDPG discrete/binary action . L .
discrete decisions effectively
space
High computational DRL-based adaptive
MOEA/D gh comp . decision-making in dynamic
complexity; not adaptive .
environments
Proposcd - " ier comergence,and
IDROO genee.

improved efficiency

III. SYSTEM MODEL

A wirelessly powered MEC network is examined with
an AP and N fixed WDs, represented as a collection
N={1,2,3, .., n}, where each device has one antenna, as
illustrated in Fig. 1. The computational tasks of each
wireless device are passed through the IDROO
framework, and a decision is made whether the task is
computed locally or offloaded to the Access Points (AP).
This can be equivalent to a low power IoT system or a
fixed sensing connection. The AP can transmit Radio
Frequency (RF) energy to the WDs and has a steady power
source. Every WD contains a battery that can be charged
and that can hold the energy that has been captured and
use it to power the device. We assumed that the AP is more
computationally capable than the WDs, allowing the WDs
to delegate their computing responsibilities to the AP. In
a fixed IoT parameter the device’s time is split into
successive intervals with similar durations T, which are
set less than the channel coherence time. The wireless
channel gain at any time is connected to the energy
harvesting capacity of a WD from the AP as well as to the
speed of communication between them. Let 4; represent
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the channel’s wireless gain at a certain time interval
between the AP and the iy WD. Although it may alter
between frames, the channel is thought to be reciprocated
in the uplink and downlink to be made constant throughout
each time frame. Before the conclusion of a time, each
WD must use the energy it has harvested to complete a
computational activity that has been prioritized. The i
WD is given a special weight w;. In this work, an
offloading strategy is examined in which the job is either
transferred to the AP or performed directly at the WD. Let
x; be an indicator variable that belongs to {0, 1}. If x;=1,
the job is transferred to the AP for the iy and if x;= 0, it is
performed locally.

Edge Server

DROO Framework

EZAN

| ]

C,// !

. I
Cz :
1
v

ﬁ

WD 2

WD 1 WD N

Fig. 1. System model of an MEC network.

In this work, the wireless channel gain is modeled using
path loss and small-scale fading to capture the
fundamental characteristics of wireless communication.
More complex factors such as user mobility, interference,
network congestion, and multi-cell interactions are not
considered, as their inclusion would significantly increase
the state space dimensionality and introduce strong
coupling among users, making the optimization problem
difficult to solve in real time using deep reinforcement
learning. Therefore, a simplified channel model is adopted
to maintain analytical tractability and focus on joint task
offloading and resource allocation, while incorporating
these factors is left for future work.

In this work, a binary offloading policy is adopted,
where each task is either executed locally or fully
offloaded to the edge server. This assumption simplifies
the decision space and reduces computational complexity,
as commonly considered in existing works [13]. However,
in practical MEC environments, partial task offloading,
where a task is partitioned between local and edge
execution, can provide greater flexibility and improved
performance. Extending the proposed framework to
support partial offloading is an important direction for
future work. In a more general case, a continuous variable
B; € [0,1] can be used to represent the fraction of task
offloaded, enabling partial offloading.
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A. Local Computation

In the local computation mode, a WD can perform its
task and gather energy at the same time. Let 0 < # < T
represent the time for computation and f; represent the
processor’s speed of computation (cps). Then, fiz; / a is the
total number of bits processed by the WD, where o > 0
indicates the number of cycles required to process a single
task data bit. In the meantime, k;/’ #;< E;, limits the amount
of energy that the WD uses for computing. It can be
demonstrated that a WD must use up all the energy it has
captured and compute continuously to process the most
data possible within T while adhering to the energy
limitation. The local computational rate (in bps) is given

by Eq. (1):

()

where E = harvested energy and k;= energy efficiency
coefficient whose value is 1 x 10726, which is a constant
value.

(M

Ripear =

B.  Edge Computation

A WD in the transferring phase can only transfer its
work to the AP after collecting energy because of the Time
Division Multiplexing (TDD) limitation. We represent ¢
as the i-th WD’s transferring time, where # falls between
0 and 1. In this case, we suppose that the AP’s
transmission capacity and speed of computation are, for
example, more than three orders of magnitude greater than
those of the WDs, which are smaller and have less energy.
In addition, the data offloaded to the edge server is
substantially longer than the computation feedback that
needs to be downloaded to the WD. For analytical
simplicity, the computation and download delay at the
edge server are assumed to be negligible compared to
transmission delay. This assumption is reasonable when
the edge server has significantly higher computational
capability than the wireless devices. However, in practical
heterogeneous MEC environments, edge processing and
download delays may have a non-negligible impact and
should be incorporated into the optimization model. An
offloading WD uses all its gathered energy for job
offloading to optimize its computing rate, and the
computation rate equals its data transferring capability,
which is determined by given Eq. (2):

where P (Power) = E/T, G is the channel gain, B is the
bandwidth and N is the noise.

PxG
N

Roffload =B 10g2 (1 + (2)

C. Total Computation

We believe that only the channel’s wireless gains are
time-sensitive throughout the period under consideration,
with all other system settings in local and edge computing
modes being fixed. Consequently, the MEC network’s
weighted sum computational rate over a specified time is
represented as:
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Q = z:(Rlocal + Roffload) 3)

where Q = Total computation rate

Our goal is to maximize the weighted sum of
computational rate for every time interval with channel
realization /. For real-time system optimization under
rapid disappearing channels, conventional optimization
techniques call for iteratively modifying the offloading
decisions to achieve the optimal, which is basically
impossible. A unique DRL based online outsourcing
method is suggested that can solve this problem in
milliseconds to address the complexity issue.

IV. THE IDROO ARCHITECTURE

The improved IDROO model is designed to maximize
decisions about allocating of resources and offloading of
tasks in edge computing environments. The core objective
of this algorithm is to develop an offloading decision
function w, once the channel realization is known at the
beginning of each time interval, produces the best
offloading actions, denoted by x (where x belongs to
{0, 1}, indicating whether the task is offloaded or
processed locally). The proposed IDROO algorithm
employs Deep Reinforcement Learning (DRL) to learn
this policy function gradually, based on experience
gathered over time. DRL is an Al technique that integrates
Deep Neural Networks (DNN) with reinforcement
learning principles, where the model learns to take actions

based on rewards or penalties, aiming to maximize long-
term rewards. In edge computing, DRL helps decide
whether tasks should be transferred to the edge or
processed locally, considering factors such as task drop
rate, latency, and energy consumption. The integration of
Deep Reinforcement Learning (DRL) with Deep Neural
Networks (DNNG5) is essential in our proposed approach
because MEC environments involve complex and
dynamic system states—such as user mobility, wireless
channel fluctuations, and computational resource
availability.  Traditional  reinforcement learning
techniques struggle to handle such high-dimensional input
and output spaces. Deep neural networks enable efficient
approximation of the policy and value functions in these
settings. Apart from that it also helps in scalability and
generalization along with continuous learning.

In the proposed framework, reward shaping is
employed to guide the agent towards optimal offloading
and resource allocation decisions by incorporating task
completion time, energy consumption, and system cost
into the reward function. The Q-value update mechanism
refines the policy by iteratively adjusting action-value
estimates based on observed rewards and future value
predictions, enabling the agent to learn effective strategies
over time. To enhance learning stability and efficiency,
experience replay is integrated, allowing the model to
store past interactions and sample them randomly during
training, thereby breaking correlation between
consecutive experiences and improving convergence.

Off-loading Action Generation
— Compute Computational Rate
A e | (al s ©
Channel Quantization
: (Deep Neural (to) : Selected
Gain N P " A Compute Transmit Power Action
(R Stioskl (D) (a0
f {é} Compute CPU Frequency
: (fe)
1
: Ty Off-loading Action Generations
________________ o 5 - i e s o |
1
1 Off-loading Policy Update
1
State Action Reward Next State Done v
(st) (ar) (re) (St+1) (d.)
@ Replay Memory
e (Store Experience)
L (St» Qe, e, Se+1, de)

Training Sample (Mini-batch)

Fig. 2. Architecture of the proposed IDROO framework for joint task offloading.

The structure of the Improved Deep Reinforcement
based Online Offloading (IDROO) framework is given in
Fig. 2. Offloading activity formulation and offloading
strategy updating depending on the present channel
condition are its two alternate processes. The input for the
DNN is the channel gain 4, which is the function that
simulates the channel gain for each device based on the
distance. At each time frame ¢, the system observes the
channel gain 4,, which represents the current state of the

communication channel. The channel gain is a crucial
parameter that determines the efficiency of offloading
tasks, representing the quality or capacity of the
communication channel. It is simulated using a random
distance between 2.5 and 5.2 m, with random exponential
fading added to emulate real-world scenarios. This
simulation returns a value corresponding to the effective
channel gain, accounting for both path loss and fading. The
DNN in DROO predicts offloading decisions by taking the
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channel gain as input and generating a relaxed offloading
action x, where every value is continuous between 0 and 1.
The decision produced by the DNN, however, is
continuous, while the system requires discrete offloading
actions. Thus, the algorithm includes a quantization
function, which maps the continuous output of the DNN to
a set of discrete values or actions. These discrete actions
represent specific offloading configurations; each
associated with a certain amount of computation
transferred to the edge. This quantization step ensures that
the actions are feasible for practical implementation.

To optimize offloading decisions, the algorithm
computes the Q-values for each quantized action. The
Q-value QO (h, xr) represents the expected reward or
performance of acting x; in the given state 4;. The optimal
offloading action is then selected using an argmax
operation, choosing the action x; that maximizes the
Q-value. This action represents the optimal decision for the
current time frame, maximizing offloading efficiency
based on the state of the channel. In our framework, the
Deep Neural Network (DNN) generates a relaxed
offloading vector where each element represents a
continuous approximation of the offloading decision for
each Wireless Device (WD). However, actual offloading
actions must be discrete - either 0 (local execution) or 1
(edge offloading). Therefore, a quantization step is
essential to convert the continuous DNN outputs into a
valid binary action space that is practically executable.
Then we designed a K-quantized action generation
mechanism where the continuous vector is mapped to K
nearest binary vectors using quantization algorithms such
as K-Nearest Neighbors (KNN) or Random Forest
(RF)-based discretization. These methods evaluate the
proximity of two predefined binary action candidates that
are feasible under system constraints. The choice of K was
empirically determined to balance computational
efficiency and decision granularity. A larger K improves
solution quality by exploring more candidate actions but
increases complexity. In our implementation, K is set to 32,
which provided a good trade-off between performance and
runtime. The use of KNN or Random Forest is limited to
action quantization and does not affect the reinforcement
learning process. The DNN generates a continuous action
vector, which is mapped to a finite set of feasible binary
actions using KNN/RF-based discretization. This reduces
the complexity of the exponentially large action space
while maintaining decision quality, achieving a balance
between computational efficiency and accuracy.

The proposed DNN architecture is designed to balance
model expressiveness and computational -efficiency.
A two-layer structure with 128 and 64 neurons is used to
capture nonlinear relationships between channel conditions
and offloading decisions while avoiding excessive
complexity. ReLU activation is applied in hidden layers to
ensure efficient training and faster convergence, while
sigmoid activation in the output layer maps values to the
range [0,1] for decision representation. A threshold of 0.5
is used to convert continuous outputs into binary offloading
decisions, as it provides a balanced and stable decision
boundary in practice.

The key parameters are selected based on a
trade-off between performance and computational
complexity. The value K = 32 provides sufficient action
space exploration while maintaining manageable runtime.
Similarly, the DNN architecture with 128 and 64 neurons
effectively captures nonlinear relationships without
incurring excessive training cost. Larger configurations
offer only marginal improvements with increased
complexity, making the chosen setup a balanced and
efficient design.

The DNN produces a continuous action vector with
values in the range [0, 1], representing the likelihood of
offloading for each device. To obtain feasible decisions,
this vector is converted into binary actions using a
threshold-based quantization, where values above a
predefined threshold (e.g., 0.5) are mapped to 1
(offloading) and others to 0 (local execution).

To improve decision quality, multiple candidate binary
actions are generated and evaluated using the Q-function.
The candidate that yields the highest expected reward is
selected as the optimal offloading decision. This approach
ensures an efficient mapping from continuous outputs to
discrete action space while maintaining computational
tractability.

The DNN’s output is not limited to just the offloading
decision but also includes the actual amount of
computation resources used and the achieved transmission
power for that time frame. It combines the prediction of
offloading decisions, transmit power and CPU frequency
into a single vector of size 3n, where n is number of
outputs. As the algorithm progresses, it stores past
experiences in a replay memory, which includes data such
as channel gain, actions taken, and the resulting offloading
performance. The replay memory helps to prevent
overfitting and allows the model to generalize better by
sampling random batches of data for training. The policy is
periodically updated based on new training data, which
improves the DNN’s ability to make accurate offloading
decisions over time.

State Space: The system state at time step tis defined as:

s¢ = {h¢, By, Be} 4

where h; represents the channel gain vector of all wireless
devices, E; denotes the available energy levels, and
B; represents bandwidth or system resource conditions.
This state captures the dynamic network environment
influencing offloading decisions.

Action Space: The action at time step t is defined as:

ar = {x¢, Py, ft} )

where x, € {0,1}"denotes the binary offloading decisions,
P,represents transmit power allocation, and f;denotes CPU
frequency allocation.

Reward Function: The reward function is designed to
capture the trade-off between computation performance
and energy efficiency:

T = Y w; Ri(t) — L E;(t) — A,D;(b) (6)
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where:
e R;(t): computation rate
E;(t): energy consumption
D; (t): delay (latency)
w;: priority weight
A4, A, balancing coefficients
This formulation ensures a multi-objective optimization
framework.

The weighting factors A;and 4,in the reward function
control the trade-off between energy consumption and
delay. A higher value of A;prioritizes energy efficiency,
while a higher value of A,emphasizes latency reduction. In
this work, these parameters are selected to maintain a
balanced optimization between delay and energy
consumption. The choice of weights can be adjusted
depending on application requirements, such as delay-
sensitive or energy-constrained scenarios.

Q-Learning Formulation: The objective of the agent is
to learn an optimal policy 7 *that maximizes the expected
cumulative reward:

Qlspar) =r + ]/I’I"IIEIIX Q(st+1,a) (7

where y is the discount factor.

Policy Learning: The deep neural network approximates
the Q-function and is updated iteratively using experience
replay and gradient-based optimization.

Algorithm 1. An improved online DROO (IDROO)
algorithm

Input:

Wireless channel gain 4(f) at each time frame ¢
Number of quantized actions K

Output:

Optimal offloading action and resource allocation for each
time frame

Initialize:

Initialize Deep Neural Network (DNN) with random
parameters

Initialize empty replay memory

Set iteration number i

Set training interval d

for each time frame ¢ do

Observe current wireless channel gain A()
Generate relaxed offloading action

Quantize relaxed action into K binary actions
using KNN or RF algorithm

Compute Q-values for all candidate actions
Select the action with the maximum Q-value
as the optimal offloading action

Execute selected action

Store state-action pair in replay memory

if  mod d == 0 then

Randomly sample a mini-batch

from replay memory

Train DNN using sampled batch

Update DNN parameters

using Adam optimizer

end if

end for

Return:

Optimal offloading action

Corresponding resource allocation

This formulation ensures that the proposed approach
follows a standard deep Q-learning framework rather than
a heuristic decision-making strategy (see Algorithm 1).

In the first step the system parameters are initialized
such as communication bandwidth, task requirements, and
learning model hyper parameters. The IDROO model
which is a neural network model consists of an input layer
accepting N inputs. It has two hidden layers with 128 and
64 neurons respectively having ReL U activation function.
There is also an output layer with 3n neurons having
sigmoid activation function, representing offloading
decision (1 for offloading, 0 for local processing), transmit
power and CPU frequency allocation. The model uses
Adam optimizer, and loss is measured by mean square
error.

Then, for each iteration channel gain is taken as input
and the IDROO model is used to forecast the ideal
offloading and resource allocation decision based on the
values from the model. The model predicts value by using
threshold value of 0.5 which is used to convert predictions
into binary decisions. The decision determines how tasks
should be processed either locally or offloaded to the edge.
Then the offloading rate Eqs. (1)—(3), transmit power
scaling Eq. (4) and CPU frequency Eq. (5) are calculated
based on the selected decision considering factors like
bandwidth, noise, latency, power, etc. After that the model
is trained with the goal to improve the policy for making
better offloading decision and optimal resource allocation
and the results such as offloading rates, rewards, and
performance metrics are stored.

Pi = di ><Pmax (8)

where P; = Transmit power scaling, d; is predicted value
from model for task i and P is the maximum allowable
transmission power (here, assumed to be 1).

fi = di X frax 9

where f; = CPU frequency, d; is predicted value from model
for task i and fuw is the maximum allowable CPU
frequency.

In summary, the IDROO algorithm leverages deep
reinforcement learning, specifically a deep Q-learning
framework, to optimize resource allocating and offloading
in dynamic MEC environments. It consists of various
essential components, including observing the channel
gain, using a DNN to predict offloading decisions,
quantizing those decisions, computing Q-values, selecting
the optimal action, and updating the policy based on
experience. This approach is particularly suited for edge
computing or wireless communication scenarios, where the
offloading decisions must adapt to continuously changing
network conditions.

V. RESULTS AND DISCUSSION

In this part, the suggested IDROO algorithm’s
performance using simulations. In this study, that a basic
two-layer perceptron is discovered which is sufficient to
provide satisfactory convergence performance; further
optimization of the DNN parameters is predicted to yield
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higher convergence performance. TensorFlow 1.0 is used
to build the IDROO method in Python, setting the learning
rate for the Adam optimizer to 0.01 and the training
interval to 10. We also set the memory size to 128 and the
training batch size to 32. We considered a MEC network
with N = 10, 20 and 30 WDs. Then various plots are
implemented for different no of WDs and compare the
results among them. The results are obtained under a
simplified channel model for tractability.

Fig. 3 represents the performance of the IDROO
algorithm in task offloading over time, measured across a
series of epochs. The plots demonstrate significant
variations in the computation rate over epochs. This
suggests that the IDROO algorithm is exploring and
learning different task-offloading strategies, which can
lead to fluctuations as it seeks an optimal solution.
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Fig. 3. Evolution of computation rate over epochs using the proposed
IDROO algorithm for (a) N = 10, (b) N = 20, and (c) N = 30 wireless
devices.

Fig. 4 represents the offloading decisions made by a
system over time for different no of Wireless Devices
(WDs). The color bar on the right indicates the offloading
decision, in which red color indicates the task is offloaded
to a remote server or another device and blue color

indicates task is performed on the device itself. The
horizontal stripes indicate consistent decision-making for
specific devices across epochs.
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Fig. 4. Offloading decision patterns generated by the IDROO algorithm
over epochs for (a) N =10, (b) N =20, and (c) N = 30 wireless devices.

Fig. 5 compares the computation rates of local
processing versus offloading over 500 epochs using the
IDROO algorithm for task offloading. The blue line
represents the computation rate when tasks are processed
on the devices whereas the green line represents the
computation rate when tasks are offloaded to the edge
server.
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Fig. 7. Weighted computation rate achieved by the proposed IDROO
framework over epochs for (a) N =10, (b) N=20, and (c) N = 30 wireless
devices.

Fig. 8 represents the normalized transmit power
allocated to 10 devices over a series of epochs in a dynamic
environment. Each bar corresponds to a specific epoch and
is composed of different coloured segments. Each color
represents the power allocated to a specific device (Device
1 through Device 10), as indicated. The varying heights of
the stacked bars indicate that the transmit power assigned
to each device changes dynamically according to the
network conditions and resource requirements. This
adaptive allocation strategy enables efficient utilization of
communication resources while maintaining system
performance. The observed variations demonstrate the
capability of the proposed framework to intelligently
distribute transmit power among devices, thereby
supporting effective task offloading and improving overall
MEC system efficiency.

Fig. 9 represents a graph which shows the trend of
resource allocation (in units) over 200 epochs. The
declining trend could signify an algorithm learning to
optimize resource usage, allocating fewer resources while
maintaining performance. The fluctuating nature of the
curve suggests that the resource allocation is responsive to
real-time changes in system requirements or external
conditions. Fig. 10. shows the performance of the IDROO
model with respect to different learning rates and the model
gives the best performance when the learning rate is 0.001.
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Fig. 8. Normalized transmit power allocation of wireless devices over
epochs using the proposed IDROO framework.
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Fig. 11. Training loss convergence of the proposed IDROO model for
(a) N=10, (b) N=20, and (c) N =30 wireless devices.

Fig. 11 depicts the training loss of the model. The X-axis
shows the number of iterations the algorithm has
undergone. The Y-axis represents the training loss, which
quantifies the error or deviation of the model’s prediction

from the optimal value. This graph reflects the IDROO
algorithm’s learning process during task offloading. While
the initial epochs involve exploration and result in higher
loss, the stabilization of loss suggests that the algorithm has
converted to a reliable offloading strategy. These curves
show a monotonic decrease, indicating that the loss is
steadily reducing over time.

The results in Table II indicate that the proposed IDROO
outperforms existing DRL-based offloading schemes in all
major performance metrics. Specifically, IDROO achieves
approximately 18-25% higher computation rate compared
to DROO and PPO, while reducing energy consumption by
nearly 15-20%. Furthermore, the convergence time is
significantly reduced due to the efficient learning and
quantization strategy, making the proposed model more
suitable for real-time MEC environments.

A comparative analysis of convergence behavior is
further illustrated in Fig. 12, where the proposed IDROO
demonstrates faster convergence and higher stability
compared to other methods.

TABLE II. PERFORMANCE COMPARISON WITH EXISTING METHODS

Method Avg. Computation Rate (x10° bps) Energy Consumption (J) Convergence Time (Epochs) Task Success Rate (%)
DROO 5.8 0.92 350 88.5
A3C 6.2 1.05 420 90.2
PPO 6.5 0.98 400 91.0
DDPG 5.5 0.95 300 87.3
Proposed IDROO 74 0.78 220 94.6
73 In addition to computation rate and energy consumption,
701 other performance metrics such as end-to-end latency and
_ task failure rate are important in practical MEC systems.
E‘L“ Although these metrics are not explicitly evaluated in this
Z 604 work, the proposed optimization framework indirectly
g accounts for latency through computation rate and resource
2597 allocation decisions. Higher computation rates generally
Esod correspond to lower task completion delays. Similarly,
£ efficient resource allocation contributes to reducing task
© 45 failures caused by energy constraints or poor channel
15 conditions.
° 100 200 EpOChS3oo 400 °00 A.  Implementation Details

Fig. 12. Comparison of computation rate convergence versus epochs for
DROO, A3C, PPO, DDPG, and the proposed IDROO framework.

To ensure the reliability of the results, each experiment
was conducted over multiple independent runs, and the
average performance metrics are reported. In addition, the
standard deviation is calculated to evaluate the stability of
the proposed approach. The results in Table 11T indicate that
the IDROO framework not only achieves higher
performance but also demonstrates consistent behavior
across different runs.

TABLE III. STATISTICAL VALIDATION OF PERFORMANCE

Method Avg. Computation Rate Std. Dev
DROO 5.8 0.35
PPO 6.5 0.28
A3C 6.2 0.32
DDPG 5.5 0.30
IDROO 7.4 0.21

The proposed IDROO model is implemented using
TensorFlow 1.0, following the structure of prior
DRL-based MEC frameworks. Although TensorFlow 1.0
is deprecated, the implementation is framework-
independent and can be easily reproduced using modern
deep learning libraries such as TensorFlow 2.x or PyTorch.

The key hyperparameters used in the experiments are as
follows: learning rate = 0.01, batch size = 32, memory size
= 128, and training interval = 10. The neural network
consists of two hidden layers with 128 and 64 neurons,
respectively.

The experiments are conducted on a standard computing
system with Intel Core i5 processor, 8 GB RAM, and no
GPU acceleration.

The dataset used in this study is synthetically generated
based on standard MEC simulation settings, where channel
gains are modelled using random distance and fading
distributions. This setup ensures controlled evaluation
under varying network conditions.
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B. Case Studies and Real-World Applications

To demonstrate the practical applicability of the
proposed IDROO framework, consider a smart healthcare
monitoring system where wearable devices collect patient
data such as heart rate and ECG signals. These resource-
constrained devices require real-time processing for timely
detection of critical conditions.

In this setup, devices can either process data locally or
offload it to nearby edge servers based on network
conditions and energy availability. The IDROO framework
dynamically makes this decision while optimizing transmit
power and CPU frequency.

As a result, the proposed approach improves energy
efficiency, reduces latency, and ensures reliable real-time
performance, which is essential for healthcare applications.

VI. CONCLUSION AND FUTURE WORK

In this work, an improved deep reinforcement learning-
based framework, IDROO, was proposed for joint task
offloading and resource allocation in mobile edge
computing systems. The proposed approach integrates
offloading decisions with transmit power and CPU
frequency optimization, enabling efficient operation under
dynamic wireless network conditions. Simulation results
demonstrate that IDROO outperforms existing methods,
achieving approximately 18-25% improvement in
computation rate, 15-20% reduction in energy
consumption, and faster convergence. The model also
exhibits stable performance across varying numbers of
wireless devices, highlighting its robustness and
adaptability in dynamic MEC environments. The results
indicate that jointly optimizing offloading decisions and
resource allocation significantly enhances overall system
efficiency.

Despite the promising performance of the proposed
framework, several limitations remain. The current model
introduces additional computational complexity due to
joint optimization and assumes perfect channel state
information, binary offloading, and negligible edge
processing delay, which may not fully reflect practical
MEC environments. Furthermore, user mobility and
handover effects in dynamic 5G/6G scenarios are not
explicitly considered. Future work will focus on
developing lightweight and scalable models, incorporating
partial task offloading, realistic delay modeling, imperfect
channel conditions, and mobility-aware optimization. In
addition, more advanced quantization techniques and fully
end-to-end learning frameworks will be explored to further
improve convergence speed, computational efficiency, and
overall system performance.
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