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Abstract—Task placement optimization in cloud-edge-fog en-
vironments is a challenging problem that requires balancing
multiple objectives, such as minimizing latency and energy
consumption, while adhering to resource constraints. This paper
proposes a framework that integrates Deep Reinforcement Learn-
ing with Graph Neural Networks to address these challenges.
Specifically, we explore the effectiveness of such architectures,
including Graph Convolutional Networks and Message Parsing
Neural Networks, within a DRL agent for task allocation. The
framework is evaluated on synthetic task flow graphs, represent-
ing parallel workflows of varying complexities (10 and 100 tasks),
and benchmarked against traditional methods such as Genetic
Algorithms and a Random Agent. Our results demonstrate that
the RL Agent with GCN layers outperforms the MPNN-based RL
Agent, GA, and Random Agent in small-scale scenarios-while it
performs equivalently with the MPNN-based RL. Agent in large-
scale scenarios in which both surpass the heuristic approach and
the Random agent.

Index Terms—Deep Reinforcement Learning, Graph Neural
Networks, Optimization, Heuristics, Cloud-Edge Continuum

I. INTRODUCTION

Cognitive Computing, built on Al techniques for data-driven
decision-making, has gained prominence in recent years [1].
Its foundation lies in IoT, Big Data, and Cloud Computing [2],
leading to the concept of the Cognitive Cloud, a cloud-based
system that perceives, learns, and adapts dynamically [3]. With
the proliferation of IoT devices, this concept evolved into
the Cognitive Computing Continuum (CCC), which integrates
IoT, Edge, and Cloud to eliminate silos and enable seamless
workflows [4]. By combining cloud power with edge respon-
siveness, the CCC supports workload distribution, real-time
detection, scalability, and resource efficiency [5]. European
technology roadmaps further highlight the CCC’s role in next-
generation hyper-connected services, including DestinE, the
Metaverse/Web3, holographic telepresence, and autonomous
mobility, reshaping digital interactions across entertainment,
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cultural heritage, and green mobility [6]. Despite its bene-
fits, CCC faces /challenges such as dynamic environments,
synchronization, heterogeneity, massive data handling, and
strict application constraints [5]; [7]. Advances in meshed
networking partly address these by enabling dynamic scaling
and infrastructure-free communication, yet robust and scalable
solutions for automated deployment and runtime management
across cloud—edge layers remain immature, especially under
stringent latency, bandwidth, and resource constraints [8], [9].

Having all these in mind and building on the work of
Almasan et al. [10], who integrate Graph Neural Networks
(GNNs) with Deep Reinforcement Learning (DRL) agents
to mitigate generalization errors in unseen topologies for
optimal network resource allocation, we propose an extended
and comparative approach. Our work adapts this paradigm
to the dynamic and heterogeneous environment of the cloud-
fog-edge continuum, specifically focusing on task placement
optimization. We aim to evaluate the performance and gen-
eralization capabilities of DRL agents that utilize different
GNN architectures, such as Graph Convolutional Networks
(GCNs) and Message Passing Neural Networks (MPNNs) as
presented in [10]. These approaches are benchmarked against
a heuristic algorithm (Multi-Objective MOAED), originally
introduced in our previous work [11] and extended in this
study, as well as a baseline Random Agent in this complex
multi-layer infrastructure. The main contributions of this work
are:

o Adaptation to Cloud-Fog-Edge Continuum: Extending
the DRL-GNN framework to address task placement
in a highly dynamic and heterogeneous environment,
considering latency and energy efficiency.

o Comparative Evaluation of GNN Architectures: Assess-
ing the effectiveness of GCN-based and MPNN-based
DRL agents in improving generalization and decision-
making across unseen topologies.

o Benchmarking Against Alternative Methods: Providing



a comprehensive comparison of DRL-GNN approaches
with a heuristic method (Multi-Objective MOAED) and
a Random agent to highlight the strengths and limitations
of each strategy.

« Insights into Generalization and Scalability: Investigating
how different GNN architectures influence the agent’s
ability to generalize across various cloud-fog-edge con-
figurations and handle increasing system complexity.

II. RELATED WORK

Recent research explores diverse strategies for orchestra-
tion intelligence, including search-based algorithms, mathe-
matical programming, and game-theoretic or deep learning
frameworks. Examples include AI4DL, which manages deep
learning workloads [12], and Theta-Scan, which optimizes
container scaling via behavioral analysis. Reinforcement learn-
ing (RL) has emerged as a particularly promising approach
for task orchestration across cloud-edge—fog systems [13].
Resource allocation is inherently multi-objective, balancing
latency, energy, deadlines, cost, and execution volume [14].
Heuristic methods remain widely used; e.g., Pasias et al. [11]
combined genetic algorithms with MILP for SDN resource
allocation, while [15] minimized transmission times but over-
looked deadlines and latency constraints. Recent advances
highlight a shift from heuristics toward deep reinforcement
learning (DRL), valued for handling high-dimensional data,
adapting to dynamic environments, and allocating resources
in real time. However, current DRL implementations ,often
neglect application-specific constraints and security concerns
[16]. Graph Neural Networks (GNNs) further enhance re-
source allocation by modeling heterogeneous computing nodes
and their interconnections [10], [17], [18]: They dynamically
adapt to demand fluctuations, mitigate bottlenecks, and sup-
port predictive resource management by’ forecasting work-
load needs [19]. Importantly, GNNs enable decentralized,
lightweight decision-making at edge nodes, reducing latency,
bandwidth-usage, and privacy risks [20]. Their message-
passing architecture allows nodes to iteratively exchange and
aggregate information, capturing complex dependencies across
the continuum.

III. METHODOLOGY

In this section, we present our approach to optimizing
resource allocation and task offloading within the cloud-edge-
fog continuum of ENACT project [21]. Our methodology
integrates DRL with a GNN to address the dynamic and
heterogeneous characteristics of such environments, so to
deliver the first version of ENACT CCC’s task scheduler.

A. Problem Formulation

The task placement problem is modeled as a Markov
Decision Process (MDP), defined by the tuple (S, A, P, R, v):
« State (S): Each state s € S captures the current system
configuration, latency, energy consumption, and task re-
quirements.

o Action (A): Actions a € A assign tasks to specific nodes
in the continuum.

o Reward (R): The reward function evaluates task place-
ment decisions, considering latency, energy consumption,
and penalties

o Transition (P): Defines the likelihood of moving to state
s’ after a in s.

« Discount Factor (v): A factor v € [0, 1] discounts future
rewards, balancing immediate and long-term optimization
objectives. In our case 7 is equal to 0.95

Analytically, the reward function is computed as:

R(s,a) = —latency, (¢, d) — powety, .. (¢, d) — P(t,d), (1)
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Here; A\, v > 0 are penalty coefficients, ensuring tasks
are discouraged from overloading resources. In our case both
values are set to 0.5

B. Graph Representation

To effectively model the computing continuum, we repre-
sent it as a graph G = (V, E):

e Nodes (V): Each node v € V represents either a comput-
ing resource (e.g., cloud server, fog node, or edge device)
or a task, characterized by attributes such as processing
capacity (C,), energy cost (E,), and current workload
(Wy).

o Edges (E): Each edge e € E represents a communication
link between nodes.

The graph structure dynamically changes based on resource
availability and workload demands, allowing adaptive task
placement decisions. An indicative figure of the tasks and
topologies is presented in Figure 1.

C. Graph Neural Network Model

The GNN leverages a multi-layer architecture to extract
high-level representations from the graph. The architecture
consists of three GCN layers followed by a fully connected
output layer:
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Fig. 1: Methodology

o Graph Convolutional Layers: The GCN layers iteratively
update node embeddings by aggregating features from
neighboring nodes. For the k-th layer:

W =o| 3 ! W)
W5 /aeg(v) - deg(u)
where:

- hg,k) is the embedding of node v at layer k,
— N (v) denotes the set of neighbors of node v,
— W) is the weight matrix for layer ,

o is the ReLLU activation function,

deg(v) is the degree of node v:

o Fully Connected Output Layer:  The output embeddings
from the GCN layers are processed through a dense layer
to predict Q-values for actions. This layer maps the graph-
structured-data to task placement decisions:

A leaky ReLLU activation is applied after every GCN layer.
Also,at every step, excluding the last GCN layer, dropout is
applied with a probability equal to 0.3.

D. Deep Reinforcement Learning /Framework

The DRL agent employs the aforementioned GNN as Deep
Q-Network (DQN) which utilizes the embeddings generated
by the GNN to estimate the optimal action-value function:

Q*(s,a) = maxT li 7' R(st,az)
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The training process minimizes the temporal difference error:
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where:
o 0 are the parameters of the current network,
o 67 are the parameters of the target network,
o D is the replay buffer storing past experiences.

By combining GNNs with DRL, our methodology effec-
tively captures the structural dependencies in the computing
continuum, enabling intelligent and adaptive resource manage-
ment strategies. The optimizer of our framework is the ADAM
optimizer and we used the Pytorch Geometric package [22].

E. Multi-Objective Genetic Algorithm

This section outlines our Multi-Objective Genetic Algorithm
(GA), a heuristic strategy for the task-placement problem in
the cloud—edge—fog continuum. Building upon the formulation
in [11], we introduce a revised fitness function and integrate
crossover and mutation operators previously omitted. Emulat-
ing natural selection, the GA iteratively refines a population
of candidate assignments to approach optimal or near-optimal
allocations.

Each candidate solution (individual) is encoded as a chro-
mosome:

(7

where x; specifies the device (edge, fog, or cloud) hosting task
1. Thus, every chromosome represents a complete mapping of
tasks to resources.

The evaluation of a chromosome x considers two objec-
tives—latency and power consumption—by computing their
normalized, negated sums:

X = [Z1/%2, ..., ZTn)],

n

normalized_latency = — Z ,
1 max_latency

latency (¢;, x;) ®)

1=
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— max_power

(©))
with latency(t;, ;) and power(¢;,x;) denoting the delay
and energy use of task t; on device z;, and max_latency,
max_power-being the respective maxima over all devices.
We also enforce feasibility via a resource-constraint check:

. . 1, if all tasks fit within device capacities,
is_valid(x) = .
0, otherwise.
(10)
Invalid assignments incur a prohibitive penalty:
fitness(x) = [o0, 00], (11

whereas valid solutions receive their objective values:
fitness(x) = [normalized_latency, normalized_power|. (12)

Subsequently, non-dominated solutions are extracted to con-
struct the Pareto front. We say x; dominates x; if:

fi(xi) < fi(x;) and  fa(xi) < fa(xj),

with at least one inequality strict. The resulting Pareto set
thus captures the trade-off frontier between latency and power
consumption.
" Two genetic operators drive the evolution of the population:
o Crossover: Parents exchange genetic material to create
an offspring. We perform single-point crossover by se-
lecting a random index ¢ and forming

13)
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Here, the child inherits the prefix from one parent and
the suffix from the other, fostering solution diversity.

e Mutation: To introduce variation, we randomly pick a
gene x; and reassign it:

/
:L'i _> .’I:,w

where z is selected uniformly from the set of devices.
This randomness helps the search escape local optima.

Each generation consists of selection, crossover, mutation,
and fitness evaluation. We then combine the current and newly
created individuals using elitism:

P« elitism(Pcurrent7 Poffspring)v

ensuring top performers carry over. The loop repeats until
either the Pareto front ceases to improve or a predefined
maximum generation count G, is reached. The end result is
the set of Pareto-optimal task assignments balancing latency
and energy use.

F. Random Agent

The Random Agent serves as a simple benchmark for task
placement. Rather than optimizing based on system or task
characteristics, it assigns each task to a device by chance,
providing a baseline against which to compare more advanced
algorithms.

For every assignment, the agent picks a device d from the
pool D uniformly at random:

d = random.choice(D),

with D = {d;,ds,...,d,} denoting the m available devices.
Because random.choice draws each element with equal
likelihood, the probability of selecting any particular device
di is
Pd=d;) = i, Vdi€e D.
m

IV. JEVALUATION

We evaluate our methods on the dataset from [23], which
includes 18 synthetic task flow  graphs for benchmarking
allocation algorithms in edge—hub—cloud systems. The graphs
follow three topologies (parallel, serial, hybrid) and three
scales (10, 100, 1,000 nodes). In this study, we focus on par-
allel graphs with 10 and 100 tasks. Performance is measured
using a reward function(see Subsection III-A) that balances
latency and energy; maximizing it reduces both delay and
power consumption, while capacity violations incur heavy
penalties. We compare our DRL agent with GNNs against
the MPNN baseline [10], a Genetic Algorithm (GA), and a
Random Agent, reporting reward trajectories over 1,000 train-
ing episodes. Our initial experiments use the 10-task dataset,
where the only varied hyperparameter is the GCN hidden
dimension. Figure 2 shows the resulting reward evolution.

Increasing the GCN hidden dimension from 32 to 64 yields
a marked uplift in the RL agent’s reward, implying that the
GCN layers harness the additional representational capacity
to capture richer structural features. However, pushing the

Smoothed Rewards Comparison

R s P

—— RL Agent (smoothed)

—— Random Agent (smoothed)
—— Genetic Algorithm (smoothed)
MPNN (smoothed)

Smoothed Rewards
&
3

-0.6

(a) hidden_dim = 32

Smoothed Rewards Comparison

R R R o sartpind

-0.20

-0.25

-0.30

—— RL Agent (smoothed)

—— Random Agent (smoothed)
—— Genetic Algorithm (smoothed)
MPNN (smoothed)

-0.35

Smoothed Rewards

-0.40

-0.45

-0.50

-0.55

(b) hidden_dim = 64

Smoothed Rewards Comparison

-0.3

-0.4

Smoothed Rewards

—— RL Agent (smoothed)
—— Random Agent (smoothed)

—— Genetic Algorithm (smoothed)
-07 MPNN (smoothed)

0 200 400 600 800
Time Steps.

(c) hidden_dim = 128

Fig. 2: Smoothed rewards for GCNs with hidden sizes 32, 64,
and 128 on the 10-task dataset. RL-based agents outperform
GA and Random, with hidden size 64 providing the best
tradeoff.

hidden size to 128 produces only slight gains, accompanied by
slower convergence and a flatter reward trajectory. Across all
configurations, the RL agent (whether equipped with our GCN
enhancement or with the MPNN setup from [10]) maintains
a clear advantage over both the Random Agent and the
Genetic Algorithm, underscoring its superior task-placement
optimization.

A hidden dimension of 64 emerges as the optimal trade-off
between expressive power and training efficiency for our RL
agent; larger hidden sizes offer minimal reward improvements



while risking overfitting and extended training times.

Figure 3 displays the reward curves for each model and
algorithm on the 100-task parallel graphs, where once again
only the GCN hidden size was varied and the MPNN hyper-
parameters were kept as in [10].
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Fig. 3: Comparison of Smoothed Rewards for Different GCN
Hidden Sizes (32, 64, 128) Across Task Placement Algorithms
for optimal placement of 100 parallel tasks. The RL Agent and
the MPNN agent (RL based) again performs better than the
Genetic Algorithm and Random Agent, with hidden size 64
for the GCN layers of the RL agent achieving the best balance
between reward maximization and stability.

The findings show that the RL agent, whether enhanced with
GCN layers or using the MPNN architecture, achieves notably
superior task-to-device matching compared to both the GA and

the Random Agent. The GA delivers only moderate results
and falls well behind the RL approaches, while the Random
Agent’s performance remains unchanged as the number of
tasks grows, reflecting its lack of any adaptive optimization
mechanism.

It is identified that scaling the task count from 10 to 100
accelerates convergence for the RL agent across all tested
hidden dimensions (32, 64, and 128). A hidden dimension
of 64 still offers the optimal trade-off between rapid learning
and stability, while increasing to 128 yields only marginal
additional gains.

Overall, the GCN-augmented RL agent gains substantial
advantages from larger task graphs, converging more quickly
and securing higher rewards on the 100-task dataset.

A hidden size of 64 offers the best trade-off between training
efficiency and reward maximization for the RL. Agent. Larger
hidden sizes (e.g., 128) yield only marginal improvements
while introducing slower convergence.

The DRL approach incorporating the MPNN with its orig-
inal hyperparameters performs reliably across all scenarios,
whereas the GA' and Random Agent fall further behind as
task volume grows. Additionally, in smaller-scale settings,
the GCN-based DRL demonstrates greater efficiency than its
MPNN-based counterpart when the hidden_dim is 64.

To further examine the/effect of GNN design choices, we
ran two additional experiments on the 10-task dataset. First,
we reduced the GCN hidden dimension to 4 while keeping
other settings constant. Despite its reduced capacity, the GCN
achieved reward trajectories similar to the MPNN agent, sug-
gesting that in compact graphs, low-dimensional embeddings
can capture sufficient structure and serve as lightweight yet
effective alternatives. Second, we tested GAT layers with 2
attention heads and hidden size 16. While initially slower to
improve, the GAT agent eventually matched the MPNN in
reward quality, indicating that attention combined with dropout
may support more stable generalization in low-complexity
settings.

Rl A

(a) GCN vs. MPNN (hidden (b) GAT vs. MPNN (2 heads,
dim 4). hidden dim 16).

Fig. 4: Smoothed rewards of GNN variants compared to
MPNN on the 10-task dataset.

V. CONCLUSION

This study evaluated task placement optimization within the
cloud-edge-fog continuum using learning-based and heuristic
approaches. The RL Agent with GCN layers along with the RL



agent with the MPNN network, consistently achieved the high-
est reward across all experiments, demonstrating their ability
to optimize task placement by minimizing latency and energy
consumption. A hidden size of 64 for the GCN layers proved
to be the optimal configuration, balancing convergence speed,
stability, and performance. Increasing the hidden size to 128
yielded diminishing returns, with only marginal performance
improvements and slower convergence. The GA demonstrated
moderate performance, but failed to scale effectively as task
complexity increased, underscoring the limitations of heuristic
approaches in dynamic environments. In future work, we
intend to extend the evaluation by incorporating larger datasets
and real-world task flow graphs and device configurations to
validate the performance of the proposed methods in prac-
tical scenarios. Furthermore, we will compare the proposed
approaches with other state-of-the-art methods, such as fed-
erated reinforcement learning or evolutionary deep learning,
to identify areas of further improvement and deliver the next
version of the introduced task scheduler.
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