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collision avoidance applications. In such environments, dynamic workload variations
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challenge, we develop a deep learning-based prediction model using a Gated Recurrent
Unit (GRU) to forecast short-term CPU and memory demand. The predicted workload
is integrated into a latency-aware orchestration mechanism that performs proactive
resource allocation under capacity constraints. Extensive simulations using real-world
vehicular mobility traces demonstrate that the proposed approach significantly
improves system performance. In particular, it reduces latency and SLA violations by
more than 50% compared to reactive allocation strategies, while improving CPU
utilization efficiency. The results highlight the effectiveness of combining deep
learning-based workload prediction with proactive resource orchestration for next-
generation MEC-enabled vehicular systems.
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INTRODUCTION

The rapid proliferation of Internet of Things (IoT) devices and the emergence of real-time applications such as
autonomous vehicles, augmented reality (AR), and virtual reality (VR) have imposed unprecedented demands on
traditional cloud computing architectures. These systems struggle to meet strict latency requirements due to inherent
backhaul delays and centralized processing limitations. Mobile Edge Computing (MEC) has therefore emerged as a
key enabling paradigm that extends cloud capabilities to the network edge, providing low latency, improved Quality
of Service (QoS), and localized data processing close to end users [1—3]. By deploying computational resources at the
edge, MEC significantly reduces round-trip delay and alleviates core network congestion, making it particularly
suitable for latency-sensitive applications in 5G and emerging 6G networks [4].

Despite these advantages, efficient resource allocation in MEC remains a critical challenge. The highly dynamic
nature of workload demand, coupled with user mobility and limited server capacities, makes traditional resource
management strategies insufficient. In particular, reactive allocation approaches provision resources only after task
arrival, which often results in temporary overload, queue buildup, increased latency, and potential Service Level
Agreement (SLA) violations [5]. These limitations highlight the need for intelligent, proactive resource management
strategies that can adapt to time-varying workload conditions.
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In this context, machine learning (ML), particularly deep learning (DL), has demonstrated strong potential for
modeling complex, non-stationary workload behaviors. By exploiting temporal patterns in historical resource usage
data, DL models can accurately forecast future demand and enable anticipatory resource provisioning [6—8].
However, most existing approaches focus on isolated optimization problems, such as task offloading or single-
resource allocation, while neglecting coordinated decision-making across multiple MEC servers. As a result, they fail
to fully exploit the benefits of centralized orchestration in distributed edge environments.

To address these challenges, a unified proactive framework is required to jointly integrate workload prediction and
resource orchestration. In this paper, we propose a deep learning-driven proactive resource allocation framework for
multi-server MEC systems. The proposed approach leverages a Gated Recurrent Unit (GRU)-based model to predict
short-term CPU and memory demand, which is then used by a centralized Edge Orchestrator to perform proactive
resource allocation under capacity constraints. This enables anticipatory provisioning, reduces latency, and
minimizes SLA violations. Extensive simulations using real vehicular mobility traces demonstrate that the proposed
approach significantly outperforms conventional reactive strategies under dynamic workload conditions, achieving
improved latency performance and higher resource utilization efficiency.

The primary objectives of our work are to design a DL-based workload prediction module for MEC environments,
develop a proactive resource allocation strategy driven by predicted demand, reduce average task latency and SLA
violations, and improve CPU utilization efficiency under bursty traffic conditions. The main contributions of this
work are a unified proactive resource orchestration framework for multi-server MEC systems, a GRU-based multi-
resource (CPU and memory) workload prediction model, an SLA-aware latency-driven resource allocation
mechanism, and a comprehensive evaluation using real vehicular mobility traces.

The remainder of this paper is organized as follows. Section II reviews related work. Section III presents the proposed
methodology and system model. Section IV describes the experimental setup and performance evaluation. Section V
discusses the results, and Section VI concludes the paper.

RELATED WORK

Resource allocation in Mobile Edge Computing (MEC) has attracted significant research attention due to the
stringent latency requirements of emerging 5G and beyond applications. Early approaches mainly relied on
optimization-based techniques to address task scheduling and resource provisioning problems. While these methods
provide theoretical guarantees, they often depend on static assumptions and struggle to adapt to highly dynamic
workload variations and user mobility [7].

With the increasing complexity of MEC environments, machine learning (ML) and deep learning (DL) techniques
have been widely adopted to enable intelligent and adaptive resource management. Djigal et al. [7] present a
comprehensive survey of ML and DL approaches to MEC resource allocation, highlighting their advantages in
handling dynamic, high-dimensional environments. However, the study also emphasizes remaining challenges in
real-time scalability and coordination across multiple edge servers. Similarly, Ismail et al. [1] review deep
reinforcement learning (DRL)-based scheduling strategies and identify key limitations, including high convergence
complexity and the lack of global orchestration mechanisms.

Recent research has explored various learning-based approaches for improving resource allocation. For instance,
autoencoder-enhanced DRL has been applied to large-scale online scheduling [15]. At the same time, graph-based
methods, such as Graph Neural Networks (GNNs), have been used to model network topology to support more
informed decision-making [16]. In addition, Cybertwin-driven deep learning frameworks have been proposed to
optimize energy efficiency in MEC systems [19]. In the context of vehicular networks, Brik et al. [18] combined
virtualization with LSTM-based mobility prediction to improve MEC resource dimensioning for collision avoidance
applications. Complementary studies have also investigated workload prediction using CNN-, LSTM-, and
Transformer-based models in cloud environments [17].

A growing body of work focuses on predictive resource allocation strategies. Zheng et al. [8] propose a dynamic multi-
time-scale framework based on Lyapunov optimization for user admission and resource allocation in MEC systems.
Although effective in handling stochastic task arrivals, their approach does not incorporate explicit workload
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prediction. Similarly, Ye et al. [9] investigate joint deep neural network partitioning and resource allocation to
minimize end-to-end delay. However, their work primarily targets inference optimization rather than proactive
orchestration across multiple MEC servers.

Workload prediction using deep learning has also been explored to support proactive provisioning. For example, a
recent study in healthcare-oriented MEC environments [10] employs a GRU-based model to forecast workload
demand and reduce SLA violations. Despite its effectiveness, the approach is application-specific and does not
consider coordination across multiple edge servers. Yu et al. [11] propose a deep learning-based task offloading and
resource allocation strategy that improves system efficiency. Still, their solution focuses on local decision-making at
individual edge nodes and lacks centralized orchestration.

Other studies have addressed resource allocation in heterogeneous MEC environments. Xu et al. [14] propose an
energy-efficient task offloading and resource allocation scheme for NOMA-based networks that jointly optimizes
subchannel allocation, power control, workload offloading, and CPU frequency. Although the approach effectively
reduces energy consumption, it relies on complex optimization techniques and does not consider predictive or
proactive mechanisms.

Deep reinforcement learning (DRL) has also been widely used for joint task offloading and resource allocation. For
example, recent work in edge-cloud networks [12] leverages DRL to optimize decision-making under dynamic
conditions, while reinforcement learning-based approaches have been applied in Internet of Vehicles (IoV) scenarios
to reduce latency and energy consumption [2]. However, these methods typically rely on reactive or online learning
strategies and do not explicitly integrate workload prediction for proactive resource allocation.

In summary, existing research demonstrates the effectiveness of ML, DL, and DRL techniques for MEC resource
allocation. However, several important limitations remain. First, most approaches do not tightly integrate workload
prediction with resource allocation decisions. Second, centralized orchestration across multiple MEC servers is often
neglected. Third, limited attention has been given to latency- and SLA-aware proactive optimization. To address these
limitations, this paper proposes a deep learning-driven proactive resource orchestration framework in which a
centralized Edge Orchestrator predicts future workload and performs anticipatory resource allocation across multiple
MEC servers. Unlike existing reactive or single-node approaches, the proposed method integrates prediction,
orchestration, and SLA-aware latency optimization within a unified architecture.

METHODOLOGY

System Architecture
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Figure 1 System architecture.

We consider a multi-edge computing (MEC) architecture composed of three logical layers: (i) Vehicular Layer, (ii)
MEC Execution Layer, and (iii) Edge Orchestrator Layer. A set of vehicles V = {v,, v, ..., vy } generates computation
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tasks characterized by time-varying resource demands. These tasks are offloaded to a set of MEC servers S =
{51,832, ..., Su}, which execute them under limited computational capacity.

To enable proactive optimization, an intelligent Edge Orchestrator is deployed above the MEC servers. The
orchestrator collects historical resource usage data from all MEC servers, predicts future workload using a Deep
Learning (DL) model, and computes proactive resource allocation decisions, which are then transmitted back to the
MEC layer.

An intelligent Edge Orchestrator is deployed above the MEC layer. It collects historical workload statistics to predict
future resource demand using a DL model, then it computes proactive allocation decisions and sends allocation
policies to MEC servers. This hierarchical separation ensures scalability and global workload awareness.

Workload Modeling
At time step t, the aggregated CPU demand arriving at server s; is:
DP(®) = ) d™'®
i er
Similarly, the aggregated memory demand is:
D) = ) drem(e)
i EV]'
where:

. (t) and d[**™(t) present the CPU and memory requirements of vehicle v;.

a;’
. Vj € V denotes vehicles associated with server s;.
The workload vector is defined as:

D) = {D{7"(©), D™ (©)}

Each server has finite capacity:

G ={¢P®, gm0}

Although CPU saturation directly impacts processing delay, memory overload may trigger swapping or task rejection.
Therefore, joint CPU-memory modeling provides a realistic representation of MEC constraints.

Deep Learning-Based Demand Prediction
To enable proactive allocation, the orchestrator learns the temporal dynamics of resource demand.

Given a historical observation window of length T
Xj©) = {Dj(t=T),....Dj(t = 1)}

The DL model approximates the mapping;:
D;(®) = fo(X;(®))

where:
o fo is the trained Deep Learning model,
o 0 represents learnable parameters.

The model is trained by minimizing the Mean Squared Error (MSE):
1 K
L©O) =7 > (0;©) = D))
t=1
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where K is the number of training samples.
Proactive Resource Allocation Strategy

Unlike conventional reactive systems, where allocation occurs after task arrival, the proposed framework performs
proactive allocation based on predicted demand.

For each server s;, the orchestrator computes:
A]‘fp“(t) = min(ﬁj‘:p“(t), Cjcp“)
AT™ () = min(D"™ (1), C"™)
Overload is computed as:
Oj.cp”(t) = max(0, ﬁj.cp”(t) - A;p“(t))
o™ (t) = max(0, D™ () — AT™ (1))
where:

. APH(t) and A*™(t) is the allocated CPU and Memory resource

ceru

o ;* and (/"™ is the server capacity constraint.

Latency Modeling

In MEC systems, task latency is a critical performance metric, especially for real-time applications such as collision
avoidance. The total latency of a task consists of the computation delay at the MEC server. In this work, latency is
modeled as a function of the allocated resources and workload demand. Specifically, the latency of tasks processed at
server s; is approximated as:

Lj(t) = D;(t) /4;()

where D;(t) represents the CPU/Memory workload demand and 4;(t) is the allocated CPU/Memory resource. This
formulation reflects that higher allocated resources lead to lower processing delay, whereas insufficient allocation
results in increased latency and potential SLA violations. This latency model is used to evaluate system performance
and compute SLA violation rates.

Algorithm 1 describes the overall workflow of the proposed proactive resource allocation framework. At each time
step, the Edge Orchestrator collects historical workload data from all MEC servers and constructs a temporal input
sequence for prediction. The trained deep learning model (GRU) is then used to forecast the short-term CPU and
memory demand for each server. Based on these predictions, the orchestrator computes proactive resource allocation
decisions under capacity constraints. These allocation decisions are transmitted to the MEC servers before task
arrival, enabling anticipatory provisioning and reducing the risk of congestion. Once tasks are executed, the system
monitors overload conditions and measures task latency, which are used to evaluate system performance and update
statistical metrics. This iterative process ensures continuous adaptation to dynamic workload variations and
improves overall system responsiveness.

Algorithm 1: Proactive MEC Optimization via Edge Orchestrator
Input:

Historical workload data from MEC servers

Server capacities Cj

Trained DL model {0
For each time step t do:

1. Collect historical resource usage Xj(t) from all MEC servers
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2. Predict future demand: D;(t) = f,(X;(t))
. Compute proactive allocation: 4;(t) = min(D;(¢), C;)

. Send allocation decisions to MEC servers

3

4

5. Execute tasks upon arrival

6. Compute overload Oj(t) and latency Lj(t)based on allocated resources
7

. Update performance statistics
End For

Figure 2 illustrates the proposed hierarchical MEC optimization framework. Vehicles generate dynamic
computational workloads that are offloaded to distributed MEC servers. Each MEC server executes tasks and
periodically reports historical resource usage to a centralized Edge Orchestrator. The orchestrator employs a Deep
Learning prediction module to estimate future workload and compute proactive resource allocation decisions. These
decisions are transmitted back to the MEC servers before task arrival, enabling congestion mitigation and latency
reduction. This separation between execution and intelligence ensures global workload awareness and scalable
optimization.

Each vehicle is associated with the geographically closest MEC server based on Euclidean distance. Task offloading
decisions follow a nearest-server policy, and handover occurs when vehicles move across coverage regions. This
association mechanism allows modeling realistic load dynamics across distributed MEC servers.

MEC Deployment in the NGSIM Traffic Area
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Figure 2 MEC Deployment in the NGSIM Traffic Area
RESULTS AND DISCUSSION
SLA Violation Metric

In latency-sensitive vehicular applications, such as collision avoidance, meeting strict delay constraints is critical for
ensuring system reliability and safety. Therefore, we evaluate system performance using the Service-Level Agreement
(SLA) violation rate. A task is considered to violate the SLA if its end-to-end execution latency exceeds a predefined
threshold L,,4,. In this study, L,,. is set to 100 ms, which is consistent with real-time vehicular safety requirements.
Formally, the SLA violation rate is defined as:

Zl (Li > Lmax))

SLAViolationRate = < N
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where N is the total number of tasks, L; represents the latency of task i, and I is an indicator function that equals 1
when the condition is true and o0 otherwise. This metric reflects the system’s ability to satisfy real-time constraints
and is used to evaluate the effectiveness of the proposed proactive resource allocation strategy.

System-Level Performance Evaluation

To evaluate the practical impact of the proposed approach, we compare its performance against two baseline
strategies: static allocation (fixed resource provisioning without adaptation) and reactive allocation (resources
allocated after task arrival). The evaluation focuses on three key system-level metrics: average latency, SLA violation
rate, and resource CPU utilization.

The experiments were conducted using the NGSIM vehicular mobility dataset, which provides detailed trajectory
information of vehicles on real highway segments. The dataset includes vehicle position, speed, and acceleration
records sampled at 10 Hz. To simulate MEC workload dynamics, computational demand was modeled as a function
of vehicle density and object detection tasks.

Simulation parameters include:

- Number of vehicles: 30

- Number of MEC servers: 6

- CPU capacity per server: 100 units
- Memory capacity: 64 GB

- GRU sequence length: 10

- Training epochs: 30

Convergence Analysis
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Figure 3 Validation Loss Comparison

Figure 3 presents the validation loss evolution of GRU, LSTM, and Attention-GRU models over 30 training epochs.
All models demonstrate stable convergence behavior, with rapid loss reduction during the first few epochs followed
by smooth stabilization. The three architectures reach convergence after approximately 10—15 epochs, indicating that
the selected learning rate and sequence length are appropriate for the workload prediction task. No significant
overfitting behavior is observed, as validation loss remains stable without divergence. Although Attention-GRU
exhibits slightly higher initial fluctuations, its loss stabilizes similarly to that of standard recurrent architectures.
Overall, the convergence curves confirm that all models learn the temporal workload dynamics effectively and stably.
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Figure 4 Comparison between predicted CPU usage for the different models
CPU Workload Prediction Performance

Figure 4 illustrates the real versus predicted CPU workload for a representative test segment. All three models
successfully capture the general workload trend, including baseline levels and burst events. The prediction curves
closely follow the ground truth signal, particularly during stable workload periods. Minor deviations are observed
during sharp spike events, where models slightly underestimate peak magnitudes. This behavior is expected due to
the stochastic burst generation and the inherent difficulty of modeling abrupt workload changes.

Among the three approaches, GRU achieves slightly better alignment during burst periods, LSTM demonstrates
competitive tracking performance with smoother predictions, and Attention-GRU does not provide a visible
improvement over the standard GRU. These visual observations are consistent with the quantitative evaluation.

Quantitative Evaluation

Table 1 summarizes the performance metrics on the test set. The results indicate that GRU achieves the lowest MSE
and RMSE, LSTM achieves the lowest MAE, and Attention-GRU performs slightly worse than both baseline recurrent
models.

Table 1: Performance comparison metrics on the test set.

Model MSE RMSE MAE

GRU 3.1761 1.7100 0.5107
LSTM 3.2762 1.8073 0.5005
Attention-GRU 3.3056 1.8181 0.5365

However, the differences between GRU and LSTM are marginal (less than 0.3% relative difference in RMSE),
suggesting that both architectures provide comparable prediction capability for multi-resource workload forecasting.
The limited improvement of the Attention mechanism indicates that the temporal dependencies in this dataset may
not require complex weighting strategies, as standard recurrent units already capture sufficient historical context.

Table 2: System-Level Performance Comparison

Method Latency (ms) SLA Violations (%) CPU Utilization (%)
Reactive Allocation | 120 18.2 65.1
Static Allocation 140 25.6 55.3
GRU 85 8.2 82.3
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LSTM 96 10.7 78.5
Attention-GRU 94 11.2 79.1

The results demonstrate that the proposed proactive allocation strategy significantly improves system performance
compared to conventional approaches. Specifically, the GRU-based method achieves the lowest latency (85 ms),
representing a reduction of approximately 30% compared to reactive allocation and more than 38% compared to
static allocation. In terms of SLA violations, the proposed approach reduces the violation rate to 8.2%, compared to
18.2% for reactive allocation and 25.6% for static allocation. This confirms the effectiveness of proactive workload
prediction in maintaining real-time performance guarantees. Additionally, CPU utilization is significantly higher
under the GRU-based strategy, reaching 82.3%, indicating better resource efficiency and reduced underutilization.
Overall, these results highlight the advantage of integrating deep learning-based workload prediction with proactive
resource orchestration in MEC environments.

Discussion

The experimental results highlight three key observations:

1. Temporal modeling is effective:

Both GRU and LSTM successfully model workload dynamics derived from vehicle density and mobility patterns.
2. Marginal architectural differences:

The performance gap between GRU and LSTM is minimal, indicating that increasing architectural complexity does
not significantly enhance prediction accuracy in this scenario.

3. Attention is not always beneficial:

The Attention-GRU model does not outperform standard GRU, suggesting that the workload patterns exhibit
relatively short- to mid-term dependencies that are already well captured by recurrent memory mechanisms.

From a practical MEC deployment perspective, GRU may be preferred due to its simpler structure and comparable
accuracy, potentially resulting in lower computational overhead during online inference.

CONCLUSION

This paper presented a proactive deep learning-based resource allocation framework for multi-server MEC
environments in connected vehicular networks. By leveraging a GRU-based prediction model, the proposed approach
anticipates short-term workload variations and enables efficient resource provisioning before task arrival.
Experimental results demonstrate that the proposed method achieves accurate workload prediction and significantly
improves system-level performance, including reduced latency, lower SLA violation rates, and higher resource
utilization compared to conventional reactive strategies. These results confirm the effectiveness of proactive AI-
driven orchestration for real-time MEC applications. Future work will focus on integrating reinforcement learning
for adaptive decision-making and extending the framework to large-scale vehicular scenarios.
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