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A B S T R A C T  

The rapid proliferation of Internet of Things (IoT) applications has created heterogeneous, bursty and 
deadline-sensitive workloads that cannot be managed efficiently through static edge–cloud allocation. This 
study proposes a constrained multi-objective deep reinforcement learning (CMO-DRL) architecture for 
jointly selecting task placement and computational capacity across IoT devices, edge servers and cloud 
infrastructure. The design combines an actor–critic scheduler, normalized latency–energy–cost objectives, 
deadline constraints, action masking and a Pareto-aware decision layer. A mathematical formulation, 
implementation workflow, evaluation protocol and reproducible illustrative scenario are presented. The 
numerical examples demonstrate how a candidate policy could be evaluated against first-come-first-
served, edge-first and latency-only reinforcement learning baselines, but are not claimed as outcomes of an 
executed experiment. The framework emphasizes feasibility, interpretable trade-offs, scalable 
orchestration and reproducible validation under variable traffic intensity. 

 

INTRODUCTION 
Internet of Things networks connect sensing, actuation, 
communication and computation across environments such 
as smart manufacturing, transportation, healthcare and 
environmental monitoring. Devices continuously generate 
telemetry, images, events and control requests whose value 
depends on timely processing. Their computational 
requirements differ dramatically: a temperature reading 
may need a simple threshold check, whereas a machine-
vision stream requires sustained acceleration and memory. 
These differences make a single scheduling rule inadequate. 
Resource allocation must respond to changing task urgency, 
network conditions and available processing capacity while 
respecting energy budgets and service-level objectives. 

Cloud computing provides elasticity, centralized 
management and access to powerful accelerators. However, 
routing every request to a remote data center introduces 
network round-trip delays, consumes bandwidth and may 

increase dependence on unstable backhaul links. Edge 
computing places compute closer to data sources, 
potentially improving responsiveness and reducing 
upstream traffic. Edge servers nevertheless have finite 
processors, memory and energy envelopes. An edge-only 
strategy can therefore create queues and deadline misses 
when many devices simultaneously submit computationally 
intensive jobs. A collaborative edge–cloud architecture must 
determine when proximity outweighs capacity and when 
remote execution is preferable. 

Workload dynamics make the allocation problem 
particularly difficult. Arrival rates vary across hours, users 
and physical locations; task sizes and deadlines change 
unpredictably; wireless links experience fading and 
contention; and background workloads consume resources 
without warning. Decisions made for one task affect queue 
lengths and the performance of later tasks. Greedy 
scheduling can reduce immediate response time but create 
congestion in subsequent intervals. Conversely, a policy that 
conserves edge capacity may send excessive traffic to the 
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cloud. Effective orchestration therefore requires decisions 
that account for future system state rather than optimizing 
each request in isolation. 

Energy consumption is a second central consideration. 
IoT devices frequently operate under battery limitations, 
while edge sites may face thermal restrictions, energy tariffs 
or carbon-intensity constraints. Local processing saves 
transmission energy for some workloads but can require 
prolonged CPU activity on a low-power device. Offloading 
may lower device energy while raising communication and 
server-side consumption. A comprehensive evaluation must 
distinguish device energy, edge energy and cloud energy, 
and must specify whether the objective is total system 
energy or a narrower operational boundary. Without a 
consistent accounting boundary, energy comparisons may 
be misleading. 

Latency, energy and monetary cost are often conflicting. 
Increasing processor frequency can shorten execution time 
while raising dynamic power consumption. Reserving more 
edge capacity improves deadline adherence but can leave 
servers underutilized. Cloud execution may improve 
throughput but incur data transfer charges and longer 
network paths. Consequently, the scheduling task is 
naturally multi-objective. A useful method should expose 
the trade-offs rather than assuming that one scalar 
performance metric fully represents user requirements. 
Priority classes, application deadlines and resource scarcity 
can also change the relative importance of objectives over 
time. 

Traditional resource-management approaches include 
first-come-first-served scheduling, earliest-deadline-first, 
least-loaded assignment, greedy offloading, integer 
programming and metaheuristic search. These methods 
remain valuable benchmarks because they are interpretable 
and often computationally inexpensive. However, fixed 
heuristics cannot always capture long-horizon interactions 
among workload queues, channel conditions and server 
states. Exact optimization may be computationally 
prohibitive for large combinatorial action spaces or may 
require forecasts that are unavailable during real-time 
execution. Hybrid solutions can combine fast learned 
decisions with hard feasibility checks. 

Reinforcement learning offers a framework for 
sequential decision-making under uncertainty. An agent 
observes resource utilization, task attributes and network 
measurements; selects an allocation; and receives feedback 
reflecting service quality and operating cost. Over repeated 
interactions, it can learn how present actions affect later 
congestion and rewards. Deep neural networks extend this 
approach to high-dimensional observations, making them 
attractive for heterogeneous edge–cloud settings. 
Nevertheless, naïve reinforcement learning can violate 
capacity constraints during exploration, overfit to a 
simulated workload, or learn undesirable policies from 
poorly scaled reward functions. 

This paper therefore develops a constrained multi-
objective deep reinforcement learning design that separates 

feasibility from preference optimization. An action mask 
excludes placements lacking sufficient memory, compute 
quota or connectivity. A learned policy proposes eligible 
placement and resource-share decisions, while a 
supervisory controller enforces deadlines and admission 
rules. Objective normalization avoids allowing a numerically 
large metric to dominate merely because of its units. A 
Pareto-aware selection stage can then expose candidate 
policies corresponding to different operational priorities. 

The proposed architecture is intended for centralized or 
hierarchical orchestration. IoT devices submit task 
metadata to a nearby gateway, edge nodes publish capacity 
and queue measurements, and the scheduler observes 
summarized cloud availability and link conditions. The 
controller returns a placement decision and a compute 
allocation that is subsequently enforced by the execution 
platform. Monitoring closes the feedback loop by reporting 
actual execution time, resource use and deadline status. 
Such a design can be implemented with container 
orchestration and telemetry systems, although its 
effectiveness must be validated with measured workloads. 

The contributions of the present work are a formal 
multi-objective resource allocation model; a constraint-
aware actor–critic scheduling mechanism; a step-by-step 
flowchart and training protocol; and a transparent 
numerical illustration with comparative tables and charts. 
Unlike studies that report simulation values without an 
executable experiment, the present manuscript explicitly 
distinguishes design hypotheses from demonstrated results. 
The proposed method should be judged through repeated 
seeded experiments, strong baselines, sensitivity studies 
and statistical uncertainty estimates before any 
performance advantage is asserted. The remainder reviews 
the literature, develops the model, specifies evaluation 
methods and discusses expected limitations. 

RELATED WORK 
Resource allocation in distributed computing has 
historically been framed as a scheduling and queue-
management problem. Classic heuristics prioritize arrival 
order, deadline or server load, whereas mathematical 
programming expresses placement as a constrained 
assignment. Their simplicity and transparency make them 
useful operational defaults. However, assumptions of 
known task duration, stable capacity or independent 
requests are frequently violated in edge–cloud IoT 
deployments. Dynamic workload variability has therefore 
motivated adaptive optimization and learning-based 
methods that estimate the value of decisions from observed 
system behavior. 

Mao and colleagues introduced DeepRM as an early 
example of applying deep reinforcement learning to 
resource management. Their formulation showed that 
scheduling tasks with multiple resource demands can be 
approached as a sequential learning problem rather than 
solely as a handcrafted heuristic [1]. This work helped 
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establish the relevance of state representation, action 
design and reward shaping to systems management. Yet 
data-center scheduling differs from edge–cloud IoT 
operation because offloading introduces wireless 
variability, device energy constraints and geographically 
distributed compute resources. 

Lei and coauthors investigated multi-user resource 
control in IoT edge computing, modeling coupled 
computation and communication decisions with a Markov 
decision process and deep learning-based value 
approximation [2]. Their study highlighted how contention 
among users can make local optimization inadequate. It also 
illustrated the curse of dimensionality as the number of 
devices grows. These observations motivate compressed 
state descriptions and hierarchical controllers in which 
global resource summaries are combined with local 
feasibility decisions. 

Liu, Yu and Gao examined multi-agent reinforcement 
learning for computation offloading in IoT edge networks 
[3]. Their stochastic-game perspective recognizes that 
multiple devices compete for shared radio and processing 
resources. Decentralized learning can reduce the burden on 
a single coordinator and may improve robustness when 
local agents have incomplete information. However, 
independent learners can face nonstationary training 
conditions because each agent changes its policy while 
others are learning. A centralized training phase with 
coordinated constraints may provide a more stable starting 
point. 

Cui and colleagues studied deep reinforcement learning-
based resource allocation for content distribution in IoT–
edge–cloud environments [4]. Their work combined caching 
and routing choices, showing that the allocation problem 
extends beyond CPU cycles to include network and storage 
resources. This distinction matters because a server with 
spare processors can still be unsuitable when its link is 
congested or necessary content is unavailable. Joint 
orchestration should therefore represent compute, memory, 
bandwidth and transfer requirements rather than using CPU 
utilization alone. 

Ullah and coauthors formulated edge–cloud task 
offloading as a Markov decision process and used Double 
Deep Q-Network learning to address time-varying resources 
and task constraints [5]. The reported study supports the 
use of adaptive policies for offloading and rejection 
decisions. Double Q-learning can reduce overestimation in 
value-based methods, although discretizing resource shares 
may produce a large action space. Actor–critic methods with 
hybrid discrete–continuous decisions provide an alternative 
when placement and allocated compute fractions must be 
chosen jointly. 

Zhang and colleagues explicitly considered multi-
objective edge–cloud scheduling using deep reinforcement 
learning and optimization [6]. Their formulation included 
task completion time, economic cost, energy and reliability. 
This is particularly relevant to the present proposal because 
optimizing a single metric can degrade other dimensions of 

service quality. Their hybrid design suggests that 
reinforcement learning can guide search while an 
optimization layer refines candidate schedules. The present 
manuscript builds on this general direction but emphasizes 
capacity masking, deadline constraints and transparent 
reporting of objective weights. 

Xu and colleagues investigated combining deep 
reinforcement learning with edge computing for real-time 
monitoring and control in industrial IoT environments [7]. 
Their architecture illustrates the importance of placing 
lightweight inference near time-critical processes and 
coordinating with cloud resources. Real-time control tasks 
impose a more demanding evaluation standard than batch 
jobs: average latency alone is insufficient when rare tail 
delays can destabilize operations. Future studies should 
consequently measure percentile response times, deadline 
misses and behavior during sudden workload spikes. 

Recent multi-objective work has explored adaptive 
edge–cloud workflow optimization and IoT scheduling 
across energy, latency and service-level objectives [8,9]. 
Such studies indicate growing interest in jointly balancing 
heterogeneous quality-of-service targets. Nevertheless, 
direct comparisons can be difficult when papers use 
different simulation tools, workload distributions, energy 
models, baseline implementations and reporting 
conventions. An apparent percentage improvement may be 
attributable to the test scenario rather than the policy 
architecture. Reproducible traces and common evaluation 
boundaries are therefore essential. 

The literature reveals several persistent gaps. Many 
approaches use fixed reward weights even when task 
urgency changes, and some treat hard capacity restrictions 
as soft penalties. Other studies report average delay but 
omit tail latency, training overhead, inference cost or 
fairness across devices. A rigorous evaluation should report 
feasible-action rates, SLA violations, resource utilization, 
operating cost and variability across independent random 
seeds. The proposed CMO-DRL framework responds to 
these needs through explicit feasibility filtering, normalized 
objectives, an adaptable preference vector and a structured 
evaluation plan. Its claimed contribution is a testable 
integration of these elements, not an experimentally 
established superiority. 

PROPOSED METHODOLOGY 

Architecture and problem definition 

Let I={1,…,N} be incoming IoT tasks and J={0,…,M} the 
available execution locations, including device-local, edge 
and cloud resources. Each task i has input size dᵢ, required 
CPU cycles cᵢ, memory mᵢ, arrival time aᵢ, deadline δᵢ and 
priority pᵢ. Each node j has available processing rate fⱼ, 
memory capacity Mⱼ and queue workload qⱼ. The binary 
variable xᵢⱼ indicates task placement and yᵢⱼ represents the 
assigned fraction of processing capacity. The scheduler 
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makes placement decisions in discrete time windows while 
monitoring capacity and link quality. 

Latency, energy and cost models 

Tᵢⱼ = Tᵗˣᵢⱼ + Tqᵢⱼ + cᵢ/(yᵢⱼ fⱼ) + Tʳᵉᵗᵢⱼ (1) 

Equation (1) decomposes completion latency into upload, 
queueing, execution and return-transfer components. Local 
execution has zero network upload and return delay; cloud 
execution incorporates backhaul delay. Transmission time 
can be estimated as dᵢ/Rᵢⱼ, where Rᵢⱼ is the measured 
effective link rate. 

Eᵢⱼ = Pᵗˣᵢ Tᵗˣᵢⱼ + κⱼ cᵢ (yᵢⱼ fⱼ)² + Pⁱᵈˡᵉⱼ Tqᵢⱼ (2) 

Equation (2) is an illustrative energy model that 
combines communication, dynamic computation and 
idle/queue energy. The coefficient κⱼ must be calibrated to 
hardware measurements; server-side and device-side 
energy boundaries should be reported separately. 

Cᵢⱼ = πᶜᵖᵘⱼ cᵢ + πᵇʷⱼ dᵢ + πˢᵗᵒʳⱼ mᵢ (3) 

Equation (3) estimates execution, data transfer and 
memory reservation charges using node-specific prices. A 
measured billing model may replace this linear 
approximation. 

Multi-objective constrained optimization 

minₓ,ᵧ   L  x,y), E  x,y),    x,y), V x,y)   (4) 

Σⱼ xᵢⱼ = 1; xᵢⱼ ∈ {0,1}; Σᵢ xᵢⱼ mᵢ ≤ Mⱼ; Σᵢ xᵢⱼ yᵢⱼ ≤ 1 (5) 

V =  1/N) Σᵢ 𝟙[Tᵢ > δᵢ ; Uⱼ = allocated  PU capacity / available 
CPU capacity (6) 

The four objectives are average latency, energy, cost and 
deadline violation rate. Equation (5) ensures unique 
placement, memory feasibility and processor-share limits 
for each node in a scheduling window. The violation 
indicator in Equation (6) equals one when completion 
exceeds the task deadline. For workloads where rejection is 

allowed, an explicit reject action and rejection penalty must 
be added. 

Constrained multi-objective reinforcement 
learning 

The state sₜ concatenates task size, deadline slack, priority, 
edge/cloud queue lengths, available CPU and memory, link 
bandwidth, energy estimates and price signals. The action aₜ 
selects an eligible destination and a processor-share bucket. 
Infeasible destinations are removed with an action mask 
before policy sampling. The reward combines normalized 
objectives with a penalty for deadline misses; weights may 
be varied during training to approximate a family of trade-
off policies. 

rₜ = − wₗ Lₜ/Lref + wₑ Eₜ/Eref + wc  ₜ/ ref + wᵥ Vₜ  − λ gₜ (7) 

wₗ + wₑ + wc + wᵥ = 1; wₖ ≥ 0; gₜ = max 0, Vₜ − Vmax) (8) 

Here reference scales Lref, Eref and Cref are fixed from 
training data, not recomputed from test results. The 
nonnegative multiplier λ penalizes violations above the 
allowed rate Vmax. A proximal policy optimization (PPO) 
actor–critic agent can learn masked actions, with an 
independent critic estimating discounted returns. 

Aₜ = Σₖ₌₀ᴷ⁻¹  γλGAE)ᵏ  rₜ₊ₖ + γVϕ sₜ₊ₖ₊₁) − Vϕ sₜ₊ₖ)  (9) 

Lᴾᴾᴼ θ) = E min ρₜ θ)Aₜ, clip ρₜ θ),1−ε,1+ε)Aₜ)  (10) 

Equation (9) defines generalized advantage estimation 
and Equation  10) gives the clipped PPO surrogate, where ρₜ 
is the probability ratio between updated and behavior 
policies. Training uses multiple preference vectors; 
nondominated validation policies are retained as an 
approximate Pareto set. At deployment, the selected policy 
must satisfy operational SLA thresholds before preferences 
among feasible candidates are considered. 

System workflow 

Figure 1 presents the proposed constraint-aware resource 
allocation workflow. 

 
Figure 1: Proposed constraint-aware resource allocation workflow. 

Experimental setup and validation protocol 

A reproducible implementation may use Python, PyTorch 
for PPO, and an event-driven simulator such as 
EdgeCloudSim or a custom SimPy environment. An 
illustrative testbed comprises 200–1,000 devices, 10 edge 
servers and one cloud pool. Task arrivals follow low, 
medium and high-load traces; task CPU requirements and 
deadlines are sampled from prespecified distributions. A 
proper study should reserve disjoint training and test 
traces, use at least five independent seeds, measure wall-
clock inference overhead and compare FCFS, edge-first, 

latency-only PPO and CMO-DRL under identical capacity 
constraints. Hyperparameters such as learning rate, 
discount factor, clipping ratio and preference weights must 
be tuned on validation traces only. 

NUMERICAL ILLUSTRATION AND DISCUSSION 
IMPORTANT: All numerical values in Tables 1–2 and 
Figures 2–3 are constructed examples to illustrate reporting 
and arithmetic. No simulation has been executed for this 
manuscript; these figures are not empirical findings, 
confidence intervals or evidence that the proposed method 
outperforms prior work. 
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Illustrative baseline comparison 

Table 1: Illustrative numerical comparison at a fixed nominal workload. The proposed example values imply a 38.5% reduction in latency relative 
to F FS   182−112)/182×100) and a 26.4% reduction in energy relative to F FS   14.8−10.9)/14.8×100). These percentages describe the 

constructed table only. 

Method Latency (ms) Energy (J/task) Cost (¢/100 tasks) Deadline miss (%) Utilization (%) 

FCFS 182 14.8 9.4 15.0 64 

Edge-first 151 13.2 8.6 11.8 76 

Latency-only PPO 128 12.6 9.1 8.5 81 

Proposed CMO-DRL 112 10.9 7.8 6.1 85 

 

 
Figure 2: Illustrative average latency across four scheduling policies. 

The illustrative latency chart represents the hypothesis 
that combining congestion awareness and multi-objective 
control can outperform fixed queueing rules. The latency-
only PPO example reduces delay but retains higher energy 
and cost than the proposed multi-objective example. A real 

evaluation must test whether this pattern persists across 
independent workload traces and report dispersion rather 
than only point estimates. 

Sensitivity to increasing task arrival intensity 

Table 2: Hypothetical latency under five arrival rates; values are illustrative, not outputs from a simulator. 

Arrival rate (tasks/min) FCFS latency (ms) CMO-DRL latency (ms) 

200 90 76 

400 120 92 

600 162 112 

800 221 151 

1000 298 213 
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Figure 3: Hypothetical response of latency to rising task arrival intensity. 

The constructed sensitivity scenario assumes that 
increasing arrivals raises queueing delay for every 
scheduler. The separation between curves illustrates a 
potential benefit of load-aware allocation, but the values 
cannot establish robustness. In an actual experiment, the 
evaluator should also plot 95th-percentile latency, violation 
rate, cloud transfer volume, energy consumption and policy 
decision time as a function of load. Ablation tests should 
remove masking, preference conditioning and SLA penalties 
individually to identify which components drive any 
measured gains. 

Threats to validity 

Simulation outcomes depend strongly on workload 
generation, network-delay assumptions, power-model 
calibration and baseline tuning. Unrealistic fixed bandwidth 
or omitted data-transfer costs can systematically favor 
cloud placement. Inference overhead and failed migrations 
can erase nominal gains. Generalization should be tested on 
unseen task distributions, edge failures and bursty arrivals. 
Fairness across devices and privacy implications of 
centralized telemetry also require evaluation. Statistical 
testing should use repeated random seeds and uncertainty 
intervals; conclusions must be limited to the tested 
environment. 

CONCLUSION 
This paper presents a constrained multi-objective deep 
reinforcement learning framework for resource allocation 
in heterogeneous edge–cloud IoT networks. The proposed 
method combines deadline-aware state modeling, feasible-
action masking, actor–critic scheduling, normalized latency–
energy–cost objectives and Pareto-aware policy selection. 
Equations and a flowchart specify how tasks can be 
assigned while respecting compute and memory limits. The 
illustrative tables and charts show a transparent template 
for comparing policies and studying load sensitivity, but do 
not constitute measured experimental evidence. The 
principal research finding at this stage is a formally 

specified, testable design rather than a demonstrated 
performance improvement. Future work should implement 
the policy in a reproducible simulator and real edge testbed, 
publish code and traces, quantify inference overhead, test 
against strong optimization baselines and report statistical 
confidence intervals. Such validation is necessary before 
claiming improvements in latency, energy efficiency, cost or 
SLA adherence. 
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