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Abstract

The rapid expansion of Internet of Things applications has increased the demand for continuous processing of
computation-intensive tasks generated by resource-constrained devices. Conventional cloud-centric processing can
introduce substantial transmission delays and communication energy consumption, particularly when large volumes
of data are generated close to the network edge. Cloud—edge—IoT architectures provide a distributed alternative by
placing computational resources closer to end devices; however, deciding where and when individual tasks should be
processed remains challenging because device workloads, wireless conditions, queue states, available computing
resources, and battery levels continuously change. This research proposes an energy-aware dynamic task offloading
framework based on deep reinforcement learning for cloud—edge—IoT environments. The proposed framework models
task placement as a sequential decision problem in which an intelligent agent observes device energy status, task
characteristics, communication conditions, queue information, and available edge and cloud resources before
selecting an execution location. The possible decisions include local processing, edge execution, and cloud
processing, enabling the system to adapt its behavior to current operating conditions. A composite reward mechanism
balances energy consumption, task completion delay, deadline violations, and resource utilization. The framework
also incorporates dynamic resource availability so that overloaded edge nodes can be avoided while underutilized
resources can be exploited. Deep reinforcement learning enables the offloading policy to improve through repeated
interaction with changing system states without requiring an explicit analytical representation of every network
transition. The proposed approach is intended to reduce unnecessary energy expenditure while maintaining
acceptable response times for delay-sensitive loT applications. Its performance can be evaluated using heterogeneous
workloads and varying network conditions against local execution, greedy offloading, conventional optimization, and
established reinforcement-learning strategies. The resulting framework provides a flexible basis for intelligent task
placement and resource management across interconnected loT devices, edge servers, and cloud resources.

Keywords: Energy-Aware Computing, Dynamic Task Offloading, Deep Reinforcement Learning, Cloud—Edge—Iot,
Mobile Edge Computing, Resource Allocation, Energy Optimization, Latency-Aware Computing, Task Scheduling,
Edge Intelligence, loT Resource Management, Adaptive Offloading.

1. Introduction and Related Work
The proliferation of IoT devices has created a
computing environment in which large numbers of
sensors, cameras, wearable devices, industrial
controllers, vehicles, and intelligent gateways
continuously generate data. Many of these devices
have limited processing capability and battery
capacity, while the applications running on them
increasingly require computationally demanding
operations such as image analysis, machine learning
inference, environmental monitoring, anomaly
detection, and real-time decision support. Processing
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every task locally can therefore result in high energy
consumption and increased execution time.
Conversely, sending all tasks directly to remote cloud
infrastructure can introduce communication latency
and additional energy expenditure. Edge computing
addresses this problem by positioning computational
resources closer to data-generating devices [1].

The cloud—edge-IoT paradigm combines the
extensive  computational capacity of cloud
infrastructure with the proximity and responsiveness
of edge resources. This architecture allows a task to be
processed locally, transferred to a nearby edge server,
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or transmitted toward a remote cloud platform. The
appropriate choice depends on several dynamic
parameters, including task size, computational
complexity, wireless bandwidth, channel conditions,
device battery level, edge-server workload, cloud
availability, and task deadline. Consequently, task
offloading is not a fixed scheduling problem but a
dynamic decision problem whose optimal solution can
change as system conditions evolve [2].

Mao, Zhang, and Letaief investigated dynamic
computation offloading for mobile-edge systems and
demonstrated the importance of jointly considering
computational decisions and energy conditions [3].
Their work illustrates that offloading decisions can
substantially affect the energy behavior of resource-
constrained devices. Mao, Zhang, and Letaief also
investigated green mobile-edge computing through
Lyapunov optimization, demonstrating the relevance
of dynamic resource-management techniques for
systems where workload and energy states vary over
time [4]. Dinh et al. formulated offloading as a task-
allocation and computational-resource optimization
problem, emphasizing the interaction between task
placement and available edge resources [5]. These
studies established important analytical foundations
for energy- and latency-aware offloading.

Joint  optimization of communication and
computational ~ resources has also received
considerable attention. Sardellitti, Scutari, and
Barbarossa investigated the joint optimization of radio
and computational resources in multicell mobile-edge
computing systems, showing that communication and
computing decisions cannot always be optimized
independently [6]. Such findings are particularly
relevant to IoT systems because the energy required to
transmit a task depends on communication conditions
as well as task size and transmission power.

The emergence of deep reinforcement learning has
provided an alternative to purely analytical
optimization. Huang, Bi, and Zhang developed a deep
reinforcement learning approach for online
computation offloading in wireless-powered mobile-
edge computing networks, demonstrating the
applicability of DRL to dynamic offloading decisions
[7]. Zhang et al. similarly investigated online
computation offloading through deep reinforcement
learning while considering energy and latency-related
objectives [8]. These studies motivate the use of
learning-based decision mechanisms for environments
in which system states are continuously changing.
The main research challenge addressed in this work is
therefore the development of a unified offloading
mechanism capable of responding to dynamic task
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requirements, device energy states, network
conditions, and computing-resource availability.
Instead of using a predetermined offloading threshold,
the proposed framework formulates task placement as
a sequential decision process. The learning agent
observes the current environment, evaluates possible
execution locations, receives a reward according to the
resulting energy and latency behavior, and
progressively improves its policy.

The major contribution of this study is a conceptual
framework that integrates energy-aware task
characterization, cloud—edge—IoT system modeling,
DRL-based offloading, adaptive resource allocation,
and energy—latency reward optimization within a
common decision process. The framework is designed
for heterogeneous IoT environments in which the
computational and communication state may change
between successive decisions.

2. System and Problem Formulation
The considered environment consists of a set of loT
devices, one or more edge servers, and cloud
computing infrastructure. IoT devices generate
computational tasks and can either execute them
locally or transfer them to an edge or cloud resource.
Edge servers provide intermediate computational
capacity with lower communication distance than
remote cloud resources, while the cloud provides
large-scale processing capability but may involve
greater transmission distance and communication
delay.
A computational task is characterized by its input-data
size, required number of CPU cycles, maximum
tolerable delay, priority, and energy sensitivity. The
task  characteristics determine whether local
processing is practical or whether remote execution
should be considered. A computationally intensive
task with a strict deadline may benefit from an edge
server, whereas a small task with a low computational
requirement may be completed locally without
incurring transmission overhead.
The system state is represented by a collection of
dynamic variables describing the current operating
environment. These include the device battery level,
processor utilization, task queue length, task size,
computational requirement, deadline, wireless
bandwidth, channel quality, transmission rate, edge-
server workload, available CPU capacity, and cloud
resource availability. The state representation is
updated whenever a new task arrives or a relevant
system condition changes.
The local execution time depends on the
computational workload and device processing
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capability. Remote execution additionally includes
task transmission, queueing, edge or cloud processing,
and result-return delays. Similarly, local energy
consumption is primarily associated with CPU
execution, whereas remote execution introduces
communication energy in addition to the processing
energy at the selected remote resource.

The offloading decision can be represented as a
discrete action in which the agent selects local
execution, edge execution, or cloud execution. The
optimization objective is to determine an execution
location that minimizes a weighted combination of
energy consumption and task completion latency
while satisfying resource and deadline constraints.
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loT Devices (Task Generation)

Smart Camera

L s = Offload to Edge
(e.g., video analysis)

Video object detection

g (50 MB, high computation) | ( ))
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The overall objective can therefore be expressed
conceptually as minimizing a combined cost:

J=aE+ BT +yV + 3R]

where E represents energy consumption, T represents
task completion time, V represents deadline or
constraint  violations, R  represents resource
inefficiency, and a, B, y, and & are weighting
parameters.

The formulation is deliberately dynamic. The
preferred execution location for one task may not
remain appropriate for a later task because the device
battery, wireless channel, edge queue, or cloud
workload may have changed.

Edge Servers Cloud Data Center
(Nearby Computing Resources) (High Computational Capacity)
P Edge Server 1
CPU: 16 cores
Memory: 32 G8B
Current Load: 40% |
Edge Server 2 |
CPU: 32 cores
Memory: 64 GB I
S Load: 606 CPU: 1000+ cores
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Task Offloading Decision Task Execution
(Deep Reinforcement Learning Agent) (Selected Resource)
Input: Task state, device state, 9 Task completed
network condition, resource status Energy consumption

Output: Execution location Execution time
(Local / Edge / Cloud) Resource utilization

0 Status feedback to agent

T Environment Feedback (next state, reward) l

Figure 1. Cloud—Edge—IloT Task Offloading Architecture

The figure provides a visual representation of the
relationship between IoT devices, task generation,
wireless conditions, edge resources, cloud resources,
the DRL decision agent, and adaptive task execution.

3. Proposed Deep Reinforcement Learning
Framework

The proposed framework formulates task offloading
as a Markov decision process. At each decision
interval, the agent observes the current state of the
cloud—edge—IoT environment and selects an action
representing the execution location of the task. After
the selected action is implemented, the environment
returns information about execution time, energy
consumption, resource utilization, and constraint
satisfaction. This information is converted into a
reward used to update the decision policy.

The state vector contains task-related, device-related,
communication-related, and infrastructure-related
information. Task-related information includes
computational workload, input-data size, deadline,
and priority. Device-related information includes
battery level, CPU utilization, and available local
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processing capacity. Communication information
includes bandwidth, estimated transmission rate, and
channel quality. Edge and cloud information includes
available CPU resources, queue length, current
utilization, and estimated service delay.

The action space contains three primary alternatives.
The first is local execution, in which the task remains
on the IoT device. The second is edge execution, in
which the task is transferred to a selected nearby edge
server. The third is cloud execution, in which the task
is transmitted to cloud infrastructure.

A suitable DRL implementation can employ an actor—
critic architecture or a value-based network depending
on the action and resource-allocation formulation. For
a discrete execution-location decision, a DQN-type
architecture can be wused. If CPU frequency,
transmission power, bandwidth allocation, and
execution location are jointly optimized as continuous
or mixed actions, an actor—critic method such as
DDPG or a related algorithm can be considered. This
flexibility allows the framework to accommodate both
simple task-placement decisions and more complex
joint optimization.
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The learning process begins with exploration of
alternative decisions. As experience accumulates, the
agent learns relationships between system states,
actions, rewards, and future system conditions. The
objective is not merely to select the execution location
with the lowest immediate energy consumption.
Instead, the agent learns policies that consider the

longer-term consequences of resource usage and
workload distribution.

The proposed architecture is therefore intended to
replace rigid offloading thresholds with an adaptive
policy that can respond to changes in device energy,
workload, communication conditions, and
infrastructure congestion.
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x (Execution Location) (Obtain Results)
9 Task Information (Example) )
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Figure 2. Deep Reinforcement Learning Offloading Decision Workflow

4. Adaptive Offloading and Resource Allocation
The adaptive offloading mechanism determines the
execution location using the state information supplied
to the DRL agent. When the device has sufficient
computational capacity and the task is relatively small,
local execution can avoid transmission overhead.
When the task is computationally intensive and a
nearby edge server has sufficient capacity, edge
execution can provide a useful balance between
communication delay and processing capability.
Cloud execution becomes relevant when edge
resources are congested, when the computational
requirement exceeds the available edge capacity, or
when cloud infrastructure provides a more suitable
execution environment. However, cloud execution can
introduce additional communication delay and energy
expenditure because task data must travel through the
network.

The decision process therefore considers the current
condition rather than assigning a permanent
preference to one execution layer. This dynamic
characteristic ~ is  particularly  important  in
environments where many loT devices simultaneously
generate tasks. An edge server that is lightly loaded at
one point may become congested after several devices
offload tasks simultaneously.

Resource allocation is coupled with task placement.
CPU resources at edge servers are allocated according
to task requirements and current utilization.
Communication resources can similarly be adjusted
according to bandwidth availability and transmission
requirements. The objective is to prevent a task-
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placement policy from simply transferring congestion
from IoT devices to edge infrastructure.

The proposed mechanism can additionally incorporate
task priority. Delay-sensitive applications can be
assigned higher latency penalties, whereas non-critical
background tasks can tolerate longer execution times.
This permits the DRL policy to adapt not only to
system conditions but also to application
requirements.

The framework can further support multiple edge
servers by treating server selection as part of the action
space. In such a configuration, the agent selects both
an execution layer and an appropriate resource within
that layer. This creates a more complex decision
problem but allows the framework to exploit spatial
diversity among edge resources.

5. Energy-Constrained Reward Optimization

The reward mechanism determines how the DRL
agent evaluates the consequences of its decisions. A
poorly designed reward may cause the agent to
minimize one objective while degrading another. For
example, optimizing exclusively for energy may lead
to excessive local processing and unacceptable
latency, whereas optimizing exclusively for latency
may result in excessive remote execution and
communication energy consumption.

The proposed reward therefore combines energy,
latency, deadline compliance, and resource utilization.
A conceptual reward function can be expressed as:

R1: -(WeE1 + WtTt + WdD1 +WuUt)
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where Er is the energy consumed during decision
interval t, T is task completion latency, D; represents
deadline violation, U; represents resource inefficiency,
and the w terms determine their relative importance.
A substantial penalty can be assigned when a task
misses its deadline. This prevents the agent from
achieving low energy consumption at the expense of
application requirements. Similarly, a penalty can be
introduced when an edge server becomes overloaded
because of excessive offloading.

Battery-aware behavior can also be incorporated by
increasing the energy penalty when the device battery
approaches a predefined critical level. This allows the
policy to become more conservative with respect to
local computation when battery resources are scarce.
The reward can also account for long-term resource
effects. For example, sending every task to the same
edge server may provide good immediate performance
but cause future queue congestion. Reinforcement
learning is suitable for this setting because the agent
can learn policies based on accumulated experience
rather than evaluating every decision independently.

6. Experimental Evaluation
The experimental evaluation should examine whether
the proposed DRL framework can reduce energy
consumption while maintaining acceptable task
completion latency. The evaluation should include
heterogeneous workloads and multiple operating

conditions so that the learned policy is tested under
both stable and dynamic environments.

A suitable experimental environment should contain
IoT devices with different computational capacities
and battery levels, edge servers with different CPU
capacities, and cloud resources with substantially
larger processing capability. Network conditions
should be varied by changing available bandwidth,
transmission rate, and communication delay.

The benchmark scenarios should include local-only
execution, cloud-only execution, a greedy offloading
policy, a conventional optimization approach, and one
or more reinforcement-learning baselines. The same
task workloads and system conditions should be used
across the competing methods to ensure that the
comparison is meaningful.

The principal evaluation metrics should include
average energy consumption per completed task,
average task completion latency, deadline satisfaction
rate, resource utilization, task completion rate, and
DRL convergence behavior. Energy and latency
should be reported separately because a single
combined objective can conceal important differences.
The experimental evaluation should also consider
different workload intensities. Under light workload
conditions, local processing may be practical for a
substantial proportion of tasks. As workload increases,
edge and cloud resources become increasingly
important. The experiment should therefore include
low-, medium-, and high-load scenarios.

Table 1. Recommended Experimental Results Table

Method Average Energy | Average Deadline Task Resource
Consumption Latency Satisfaction Completion Utilization
Rate

Local Execution Actual result Actual Actual result Actual result Actual result
result

Greedy Actual result Actual Actual result Actual result Actual result

Offloading result

Conventional Actual result Actual Actual result Actual result Actual result

Optimization result

Conventional RL | Actual result Actual Actual result Actual result Actual result
result

Proposed DRL | Actual result Actual Actual result Actual result Actual result

Framework result

Important: These cells should be replaced with
values obtained from the actual implementation.
Numerical values should not be invented merely to
make the paper appear experimentally complete.

The evaluation should report mean performance over
multiple independent runs where stochastic learning is
involved. Standard deviation or confidence intervals
should also be reported where appropriate. This is
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particularly important for DRL because initialization,
exploration, and training order can influence
individual runs.

7. Energy—Latency Trade-off, Ablation and
Scalability Analysis
Energy and latency are inherently conflicting
objectives in many cloud—edge—IoT systems. Local
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processing avoids transmission energy but can
consume substantial device energy and require longer
computation times. Edge processing can reduce
latency because computational resources are closer to
the device, although transmission energy and edge
congestion must be considered. Cloud execution can
provide extensive processing capacity but may
introduce greater communication delay.

The proposed framework should therefore be
evaluated using different reward-weight
configurations. Increasing the energy weight should
encourage the policy to conserve device energy, while
increasing the latency weight should encourage faster
task completion. The resulting operating points can be
used to examine the energy—latency relationship.

An ablation analysis should separately remove major
components of the proposed framework. For example,
one experiment can remove battery information from
the state vector, another can remove edge-resource
information, and another can use a reward function
without deadline penalties. The resulting changes in
performance can demonstrate the contribution of each
component.

Scalability should be investigated by increasing the
number of [oT devices, generated tasks, edge servers,
and  simultancous  decision  requests.  The
computational cost of state processing and policy
inference should be measured alongside task-level
performance. A practical system should maintain
acceptable decision latency even as the number of
participating devices increases.

The framework should also be tested under changing
network conditions. Bandwidth reduction, temporary
edge-server congestion, device battery depletion, and
sudden workload increases can be introduced during
evaluation. These experiments can determine whether
the learned policy can adapt to environmental changes
rather than only performing well under stationary
conditions.

8. Limitations, Future Directions and Conclusion
8.1 Limitations

The proposed framework has several limitations. First,
DRL requires repeated interaction with an
environment during training, and obtaining
representative training conditions can be difficult
when real-world IoT systems are highly
heterogeneous. A policy trained under one workload
distribution may not immediately generalize to a
substantially different deployment environment.
Second, the quality of the learned policy depends on
the state representation. Missing information about
battery conditions, edge queues, network bandwidth,
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or task deadlines can cause the agent to make decisions
using incomplete information. Reliable telemetry
collection is therefore an important requirement.
Third, DRL training can involve significant
computational overhead. Although policy inference
may become relatively lightweight after training,
model development and retraining can require
substantial resources. This issue becomes more
important when the target IoT environment itself has
limited computing capability.

Fourth, reward-weight selection remains an important
design issue. Different applications have different
priorities. A healthcare monitoring application may
prioritize  deadline  satisfaction,  while an
environmental sensor network may prioritize battery
lifetime. Consequently, a single fixed reward
configuration may not be optimal for every
deployment.

8.2 Future Directions

Future research can investigate multi-agent deep
reinforcement learning in which individual edge nodes
or device groups operate as cooperating agents. Such
a model could potentially distribute decision-making
across large geographically distributed infrastructures.
Federated reinforcement learning is another relevant
direction because IoT and edge operators may not be
able to transfer raw operational data to a centralized
training environment. Federated approaches could
allow participating nodes to contribute model updates
while keeping local telemetry within their respective
environments.

Transfer learning can also be explored to reduce
retraining requirements when a trained policy is
moved between different network configurations. This
is particularly relevant when the number of devices,
edge-server capacity, or workload characteristics
change.

Further work should also consider security-aware
offloading. An execution location may be
computationally efficient but unsuitable if the
destination resource does not satisfy application
security or privacy requirements. Future models can
therefore incorporate trust, data sensitivity, privacy
constraints, and security risk into the reward
formulation.

Real-world testbed validation represents another
important direction. Simulation provides controlled
experimentation, but deployment on actual IoT
devices and edge servers would allow practical issues
such as wireless interference, processor variability,
queue behavior, and energy-measurement uncertainty
to be examined directly.
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8.3 Conclusion

This research presented an energy-aware dynamic
task-offloading framework for cloud—edge—loT
systems using deep reinforcement learning. The
proposed approach treats task placement as a
sequential decision problem in which the agent
observes task characteristics, device energy
conditions, communication status, edge-server
resources, and cloud availability before selecting an
execution location.

The framework combines local, edge, and cloud
execution options with adaptive resource allocation
and an energy—latency-aware reward mechanism. The
formulation recognizes that the most appropriate
execution location can change as workload, network
conditions, battery levels, and computing-resource
availability evolve.

The literature demonstrates that edge computing can
reduce the distance between data generation and
computation, while prior offloading studies have
established the importance of jointly considering
communication, energy, and computational resources
[1]-[6]. DRL-based approaches have subsequently
provided mechanisms for learning online offloading
policies under dynamic conditions [7]-[14]. The
proposed framework extends this direction
conceptually by integrating task placement, energy
awareness, dynamic resource availability, and
adaptive decision-making into a unified cloud—edge—
IoT architecture.

Experimental validation should compare the proposed
method with local execution, greedy offloading,
conventional optimization, and established
reinforcement-learning methods using identical
workloads and system conditions. Particular attention
should be given to energy consumption, latency,
deadline satisfaction, resource utilization, scalability,
and adaptation to changing environments. Actual
experimental measurements should replace the result
placeholders in Table 1 before publication.
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