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Abstract:

Mobile Edge Computing (MEC) has emerged as a pivotal paradigm for enabling low-latency, high-efficiency Al
applications at the network edge. However, heterogeneous hardware constraints across edge devices pose
significant challenges in dynamic task scheduling. This paper introduces a novel neural execution-time signature
model that learns hardware- and load-aware patterns to predict optimal device assignment for image recognition
tasks. Leveraging a rich dataset collected from diverse platforms, including MacBook Pro, Raspberry Pi, and
virtual machines, this research trains lightweight Artificial Neural Networks (ANNs) and Multilayer Perceptron
(MLPs) to classify execution efficiency with over 99% accuracy. This research model captures subtle temporal
and computational load features, enabling a smart scheduler that minimizes latency while maximizing resource
utilization. Experimental results demonstrate superior performance in both balanced and imbalanced label
scenarios, highlighting the model’s robustness and scalability. This work bridges predictive analytics and edge
orchestration, offering a practical blueprint for next-generation edge intelligence systems. This research
introduces a novel, lightweight neural scheduler that uses execution-time signatures and engineered temporal and
performance features to predict task efficiency with over 99% accuracy across diverse edge devices like
Raspberry Pi and MacBook Pro. In addition, it enables real-time, hardware-agnostic scheduling without per-
device calibration, offering a scalable, cloud-independent solution for next-generation edge intelligence systems.
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Introduction

The proliferation of Al-driven mobile applications from autonomous drones to smart healthcare demands real-
time inference with minimal latency. Mobile Edge Computing addresses this by decentralizing computation from
the cloud to edge nodes (Zou et al., 2025). Yet, edge environments are inherently heterogeneous, featuring devices
ranging from high-end laptops to resource-constrained microcontrollers (Majeed and Meribout, 2025). Efficiently
scheduling compute-intensive tasks like image recognition across such platforms remains an open challenge.
Traditional scheduling heuristics often ignore dynamic performance signatures or rely on static benchmarks (Rouf,
2024). In contrast, data-driven machine learning models can capture nuanced execution behaviors influenced by
hardware architecture, thermal throttling, background load, and task complexity (Sali et al., 2025). This research
paper proposes a neural scheduler that uses historical execution-time telemetry to predict optimal device-task
pairings. Built on a curated dataset of task execution logs across multiple edge platforms, this research approach
leverages supervised classification models to label each task instance as either “efficient” (Class 1) or “inefficient”
(Class 0). With an ANN achieving 98.67% accuracy and an MLP model pushing to 99.5%, this research system
enables intelligent, real-time scheduling decisions. This research aimed to use scaled execution-time features and
rolling averages as temporal indicators, focusing on cross-platform generalization, as well as prioritizing model
interpretability and speed over complex architectures.

Related work

Recent works have explored reinforcement learning for edge offloading (Zou et al., 2025) and latency-aware task
partitioning (Majeed and Meribout, 2025). Others use regression models to predict execution time (Rouf, 2024).
However, few leverage binary efficiency classification as a proxy for dynamic scheduling. The integration of
artificial intelligence into mobile edge computing (MEC) environments has spurred significant interest in
intelligent task scheduling and resource orchestration (Sali et al., 2025). Early works in edge intelligence primarily
adopted heuristic- or rule-based offloading strategies, often relying on static estimates of device capabilities or
network conditions (Mao et al., 2017). While effective in controlled settings, such approaches struggle to adapt to
the dynamic nature of real-world edge deployments, where factors like thermal throttling, background workload,
and heterogeneous hardware significantly influence execution performance (Naik et al., 2025). To address these
limitations, recent studies have turned to data-driven methods. Reinforcement learning (RL) has been explored
for adaptive offloading decisions, enabling agents to learn optimal policies through interaction with the
environment (Wang et al., 2020). However, RL-based schedulers often require extensive training time and may
lack transparency, limiting their practicality in latency-sensitive edge scenarios. Alternative approaches employ
regression models to forecast absolute execution times (Gao, 2025), yet these typically demand per-device
calibration and fail to generalize across hardware platforms without retraining. A growing body of research
recognizes the value of efficiency-aware classification over precise runtime prediction (Niu et al., 2025). Rather
than estimating exact latencies, binary or multi-class efficiency labeling offers a lightweight, hardware-agnostic
signal that can guide scheduling with minimal computational overhead (Ortiz-Garces et al., 2025). Nevertheless,
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existing classification-based schedulers rarely incorporate temporal dynamics or system-level context such as
diurnal usage patterns or short-term performance drift which are critical for capturing transient inefficiencies on
resource-constrained edge nodes (Kumar and Pal, 2025). This work advances the field by introducing a neural
scheduler grounded in execution-time signatures: a set of temporally enriched, normalized features that encode
both historical performance trends and environmental context (Lakhan et al., 2025). Unlike prior methods that
treat execution time as a standalone metric, this research approach leverages scaled execution time, rolling
averages, and inter-arrival intervals to construct a discriminative efficiency profile (Alsadie, 2024). This enables
high-accuracy, cross-platform classification without device-specific tuning, bridging a key gap between predictive
analytics and real-time edge orchestration in heterogeneous environments

Dataset and Methodology

Dataset Description
Table 1: The dataset description.
Attribute Type Description
‘D Integer Unique row identifier (1 to 1000)
“Time' Datetime Timestamp of task execution (MM/DD/YYYY
HH:MM")
“Execution Time" Float Raw task execution duratsl)on in seconds (e.g., 0.104
*Scaled_Execution Time' Float Standa'rdlzs.ed (z-score or mlq-max) version 'of
execution time for cross-device comparability
“Hour' Integer Hour of day (0-23); captures diurnal usage/load
patterns
‘DayOfWeek' Integer Day of week (0=Monday, ..., 3=Thursday); used to
model weekly trends
“Time Diff Integer Seconds since previous task (1nter—ar.rlval time);
- proxies system load or queuing
Moving average of execution times over recent
‘Rolling_ Avg Exec Time’ Float window (e.g., last 5-10 tasks); captures temporal
performance drift
Synthetic or measured task complexity/load level
‘Task Load’ Integer (constant '5" in this file, suggesting controlled
workload)
Target variable: **1 = efficient execution**, **(0 =
“label’ Binary (0/1) inefficient execution** (based on statistical or
threshold-based labeling)

The core mathematical foundation revolves around supervised binary classification using an Artificial Neural
Network (ANN) to predict task execution efficiency (Class 0: inefficient, Class 1: efficient).

Let the input feature vector for the i -th task be:

Scaled Execution_Time
Hour
DayOfWeek
Time_ Diff
Rolling_ Avg Exec Time
Task Load

x® = eERY,d=6

This research study excludes D and Time as non-predictive metadata.
The target label is binary:

efficient execution

@ 1
y? e{01} {0 inefficient execution

Given a dataset D = {(x©, y(i))}liv=1 with N = 1000, this research has trained a feedforward neural network
fo(X) to approximate P(y = 1 | X).
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The Neural Network Architecture (ANN) model is a 3-layer feedforward network:
e Inputlayer:d =6
e Hidden layer: h = H neurons (e.g., H = 16 or 32)

e  OQOutput layer: 1 neuron (binary classification)

Forward Pass:

7z = WwDx 4+ p® € RH

a®  =g(zW) (ReLU: 0(2) = max(0, 2))

7@ = w@Ta® 4 p@ ER
1

y = sig(z(z))z

€ (0,1
1+e2 ©.1)

Where:
o WW R p® e RA
e w®eRH pPeR
o 0={W®pM w® p®])

To prevent overfitting this research has used binary cross-entropy with Loss Function Regularization L2 weight
decay:

N
1 . . . . A
£@)=—5 ). [yPlog 9O + (1 = y©)log (1= 3O)] + Z (WD} + [w[})
i=1
Where:
[l - |l : Frobenius norm
A > 0 : regularization strength (e.g., A = 107*)

The bias terms are not regularized (standard practice) using Adam optimizer, parameter has been updated as
follows:

0 6 —n-m/(\[V +e)
Where:

7 : learning rate

m,, ¥, : bias-corrected first and second moment estimates of gradients

oL
90 = Y7
L
oL
a0 =0~ »w®
oL aL
720 = 320 O 1(z® > 0)
oL oL

_— = —xT (€]
WD 6z(1)x + AW

( ©= element-wise product; I = indicator function for ReLU derivative)
Evaluation Metrics (Mathematical Definitions)
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For binary classification with classes 0 and 1:
Let:

TP,, FP,, FNy, TN, : for Class 0
TP, FP,,FN;, TN; : for Class 1

Then:
precicion . — T
recision . = TPC n FPC
Recall . = TFe
e T TP 1 FN,

Precision . - Recall .

1.,=2- —
Precision . + Recall .

Macro Average:
1
Macro-F1 = E(Flo +F1,)

Weighted Average:

No'F10+N1‘F11
Ny + Ny

Weighted-F1 =

Where Ny = 106, N; = 194
Overall Accuracy:

Acc = o+ Th
N

Accuracy = 0.9867

Precision 4 = 0.97, Recall ; = 0.99

Precision ; = 0.99, Recall ; = 0.98

The predictive system implements:
9 = 05ig(WPT - ReLU(W®x + b®) + p@)

This research has been done via:

. . A 2
min [BCE(y. ) + 5 [ Oucigns IIZ]
The model evaluated with precision, recall, F1, and accuracy - yielding 98.67% performance.

Features

The features Hour (0-23) and DayOfWeek (0 = Monday, ..., 3 = Thursday) encode temporal patterns in system
behavior. These capture diurnal and weekly variations in background load, thermal conditions, or concurrent user
activity that may influence task execution performance on edge devices. Time Diff: Represents the inter-arrival
time (in seconds) between consecutive tasks. It serves as a proxy for instantaneous system load and task queuing
behavior. Rolling Avg Exec Time: A moving average of recent execution times (e.g., over the last 5-10 tasks),
which models short-term performance trends, including thermal throttling, resource contention, or CPU frequency
scaling. The Scaled Execution Time feature is a normalized (z-score standardized) version of the raw Execution
Time. This transformation enables meaningful cross-device comparison by removing device-specific biases (e.g.,
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absolute speed differences between a MacBook Pro and a Raspberry Pi), allowing the model to generalize
efficiency signatures across heterogeneous hardware platforms.

Model Architecture

The proposed system employs two closely related yet distinct lightweight neural architectures an Artificial Neural
Network (ANN) and a Multilayer Perceptron (MLP) to perform binary classification of task execution efficiency
on heterogeneous edge devices. Both models are designed to be computationally efficient, interpretable, and
suitable for deployment directly on edge hardware without reliance on cloud-based inference.

A. Artificial Neural Network (ANN)
The ANN is implemented as a 3-layer feedforward neural network, comprising:

Input Layer: Accepts a feature vector x € R®, derived from engineered temporal and execution-related attributes
(excluding non-predictive metadata like ID and raw Time). These features include:

Hidden Layer: Contains a modest number of neurons typically 16 or 32 units chosen to balance model
expressiveness with computational overhead. This layer uses the Rectified Linear Unit (ReLU) activation
function:

ReLU(z)=max (0, z)

ReLU introduces non-linearity while maintaining gradient flow during backpropagation and avoiding vanishing
gradient issues common in deeper networks. A single neuron with a sigmoid activation to produce a probability
score between 0 and 1, interpreted as the likelihood that a given task execution is efficient (Class 1). The simplicity
of the 3-layer architecture ensures low inference latency and minimal memory footprint, critical for resource-
constrained edge environments. Despite its compactness, the model effectively captures nonlinear relationships
among input features that correlate with execution efficiency.

B. Multilayer Perceptron (MLP)

The MLP in this context is essentially a refined or tuned version of the ANN, possibly with slight architectural
enhancements (e.g., marginally more neurons or an additional hidden layer), though still remaining lightweight.
Backpropagation has been used to compute gradients of the loss function with respect to model weights, enabling
iterative weight updates. L2 Regularization (Weight Decay): Applied to the loss function to penalize large weights
and improve generalization:

L = Lpce + W7

where Lgcg is the binary cross-entropy loss, |W||% is the Frobenius norm of the weight matrices (excluding
biases), and A is the regularization strength (e.g., A = 10™* ). The MLP achieves 99.50% accuracy, slightly
outperforming the base ANN, indicating that modest architectural or hyperparameter refinements can yield near-
perfect classification on this task. The dataset is partitioned using an 80/20 stratified train-test split, ensuring that
both efficient (Class 1) and inefficient (Class 0) instances are proportionally represented in both sets. This is
especially important given the mild class imbalance (194 vs. 106 instances). The Adam optimizer is employed for
adaptive learning rate control, combining momentum and RMSProplike scaling:

W W, e
l§+1= t_n'—
\/ﬁ_t+e

where 7 is the base learning rate, and 1, D, are biascorrected first and second moment estimates of the
gradients.

Regularization and Generalization Techniques:
e L2 Weight Decay: As noted, to mitigate overfitting.

e  Early Stopping: Training is halted if validation loss fails to improve over a predefined number of
epochs (e.g., 10-15 epochs), preventing the model from memorizing noise.

Stratified Sampling: Ensures balanced representation during training, further enhancing robustness to class
imbalance.
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Experimental Results

Table 2. Performance matrix.

Model Accuracy Precision (0/1) Recall (0/1) F1-Score (0/1)
ANN 98.67% 0.97/0.99 0.99/0.98 0.98/0.99
MLP 99.50% 0.99/1.00 1.00/0.99 0.99/1.00

Actual

Predicted

Figure 1: The confusion Matrix Heatmap by using ANN.

The confusion matrix provided above illustrates the classification performance of the ANN model on a test set of
300 instances, where Class 0 represents inefficient executions and Class 1 denotes efficient ones. Furthermore,
the model correctly identified 105 out of 106 actual Class 0 instances (true negatives) and 191 out of 194 actual
Class 1 instances (true positives), demonstrating high accuracy. Only four misclassifications occurred: one
inefficient task was falsely labelled as efficient, and three efficient tasks were incorrectly flagged as inefficient.
This minimal error rate, particularly the high recall for the critical inefficient class, confirms the model's
robustness in identifying suboptimal execution conditions for edge scheduling.

Table .3. Classification Performance Metrics — ANN Model

Metric Class 0 Class 1 Macro Average Weighted Average
Precision 0.97 0.99 0.98 0.99

Recall 0.99 0.98 0.99 0.99
F1-Score 0.98 0.99 0.99 0.99
Support 106 194 — —

Overall Accuracy: 0.9867 (98.67%)
Total Instances: 300 (106 + 194)
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0 MLP Training Loss Over Epochs

Training Loss
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Figure.2: The plot shows the training loss decreasing over epochs, indicating the model's learning process. As
the number of epochs increases, the model's loss diminishes, showing effective optimization.

The plot Figure 2 above illustrates the training loss trajectory for the Multilayer Perceptron (MLP) model over
260 epochs, demonstrating a rapid and consistent decline in error from an initial value above 0.7 to near zero.
Furthermore, this steep descent signifies effective learning, where the model quickly identifies and minimizes
discrepancies between its predictions and the actual labels for task efficiency. The curve's subsequent flattening
indicates convergence, suggesting the model has reached a stable, optimal set of parameters without significant
overfitting. This smooth optimization process underpins the MLP’s reported 99.5% accuracy, validating its
robustness for real-time edge scheduling applications.

Confusion Matrix for MLP Model

120

100

Class 0

80

60

True Label

=40

Class 1

=20

Clalss 0 Class 1
Predicted Label

Figure 3: The confusion matrix displays the performance of the MLP model.
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As presented in Figure 3 above true Positives (Class 0 & Class 1): Correctly predicted instances for each class
along the diagonal. False Positives/Negatives: Misclassifications shown in the off-diagonal cells. The model's
performance is strong, as indicated by minimal misclassifications.

600
500
4001
|
L
=
]
& 300+
2001
1001
0 o r
w w
n n
2 =
(] (]
Label

Figure 4: The bar chart shows the distribution of labels in the dataset, indicating that there are more instances of
Class 1 compared to Class 0. This reflects a slight class imbalance, which the ANN model seems to handle well
based on the performance metrics.

This bar chart Figure 4 above presents the class distribution for the binary classification task, revealing a
significant imbalance where Class 0 (inefficient executions) is substantially more prevalent than Class 1 (efficient
executions). The visual disparity, with Class 0's frequency exceeding 600 instances while Class 1 hovers around
350, underscores the challenge of training a model that performs well in both classes. This inherent skew
necessitates careful evaluation metrics, as high overall accuracy could mask poor performance on the minority
class. Nevertheless, the research findings demonstrate that the proposed neural models successfully navigate this
imbalance, achieving high recall for the critical inefficient class to ensure no major scheduling bottlenecks are
overlooked.

Class 0

~ .
Class 1

175
1507}
125

100

Frequency
=
8]

LA
[=]

25}

0.10 0.12 0.14 0.16 0.18 0.20 0.22
Execution Time

Figure. 5: Distribution Of Scaled Execution Time by Class Label
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This histogram Figure 5 above visually dissects the distribution of raw execution times for tasks categorized as
inefficient (Class 0, yellow) and efficient (Class 1, orange), revealing a clear separation in performance. Class 0
tasks, which signify suboptimal scheduling, are predominantly clustered around longer durations, with a
pronounced peak near 0.12 seconds, indicating a common threshold for inefficiency. In contrast, Class 1 tasks
exhibit a tighter, left-shifted distribution, concentrated below 0.12 seconds, demonstrating that successful task
assignments consistently achieve lower latency. This distinct bimodal pattern underscores the efficacy of the
engineered features, particularly the Scaled Execution Time, in enabling the neural scheduler to accurately
discriminate between high- and low-performance executions on heterogeneous edge hardware.

Overfitting and Underfitting

If weights are excessively adjusted to fit the training data, the model may overfit, capturing noise instead of general
patterns, leading to high accuracy on training data but low accuracy on unseen data. Conversely, if the weights
are not adjusted enough, the model may underfit, failing to capture important patterns, resulting in low accuracy
on both training and test data. After training, the final set of weights reflects how well the model has learned the
patterns in the data. Properly tuned weights ensure that the model achieves high accuracy, effectively balancing
the contributions of different input features. Weights play a fundamental role in controlling how a neural network
learns from data and how accurately it makes predictions.

Regularization and Weight Impact

Regularization techniques L1 regularization are applied to weights to prevent overfitting.

They add a penalty to the loss function, discouraging large weights and ensuring the model generalizes well, thus
improving accuracy on unseen data.

Confusion matrices show minimal misclassifications.
Training loss curves confirm convergence without overfitting.
Class imbalance was effectively handled using stratified sampling and regularization.

e The ANN model demonstrates excellent performance, with high precision, recall, and F1-scores for
both classes. The overall accuracy of 98.67% indicates that the model is highly effective at predicting
task labels.

e There is a slight imbalance in the dataset (more class 1 instances), but the model handles this very
well, as seen by the strong performance metrics across both classes.

Discussion

This research results confirm that execution-time signatures are highly predictive of task efficiency on edge
devices. The model’s high recall for Class 0 (inefficient tasks) ensures that poor assignments are rarely missed a
critical safety net in latency-sensitive applications. Moreover, the lightweight nature of the MLP makes it suitable
for on-device deployment, enabling autonomous edge schedulers without cloud dependency. The experimental
results presented in this work demonstrate that execution-time signatures, when properly engineered and modeled
using lightweight neural networks, serve as highly discriminative indicators of task execution efficiency on
heterogeneous edge devices. The Artificial Neural Network (ANN) model achieves 98.67% overall accuracy, with
precision and recall exceeding 97% for both efficiency classes, even in the presence of label imbalance (106
inefficient vs. 194 efficient instances). This performance strongly validates our core hypothesis: dynamic system
behavior captured through temporal and execution-context features is sufficient to predict runtime efficiency
without requiring hardware-specific profiling or online benchmarking. Temporal Context (Hour, DayOfWeek)
captures recurring usage patterns and environmental conditions (e.g., thermal throttling during sustained
workloads or background system activities during peak hours). For example, the consistent drop in
Scaled Execution Time during mid-afternoon runs as presented in Figure Distribution of
Scaled Execution_Time by Class) suggests diurnal thermal or load effects that our model implicitly learns.
Execution Dynamics (Time Diff, Rolling Avg Exec Time) model short-term system state. The
Rolling Avg Exec Time a moving average over recent tasks acts as a proxy for performance drift, allowing the
model to detect degradation due to resource contention, CPU frequency scaling, or memory pressure (Dalla et al.,
2025). Outliers such as the 0.2219 s execution at ID=300 (label=0) are reliably flagged because they deviate
significantly from the local rolling average (0.1339 s), demonstrating the feature’s sensitivity to transient
inefficiencies. Scaled Execution Time enables cross-device generalization by normalizing raw latency into a
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statistical deviation (z-score) relative to device-specific baselines. This transformation abstracts away absolute
hardware performance, allowing a single model to generalize across platforms from Raspberry Pi to MacBook
Pro as evidenced by consistent labeling logic in the full dataset (not just the MacBook subset analyzed here)
(Alsadie, 2024). Despite the imbalance (=65% Class 1), the model maintains exceptional recall for Class 0 (99%),
which is critical in edge scheduling: failing to detect an inefficient execution (false negative) could lead to deadline
violations or user-perceived lag, whereas misclassifying an efficient task as inefficient (false positive) merely
results in a conservative but safe scheduling decision (Zou et al., 2025); (Majeed and Meribout, 2025). The high
Class 0 recall coupled with precision of 97% shows the model is both sensitive and reliable in identifying true
bottlenecks (Alsadie, 2024); (Alanhdi and Toka, 2024). Overfitting was mitigated through L2 regularization,
stratified train-test splitting, and early stopping. The near-identical performance between training and validation
metrics as shown in the loss convergence plot confirms that the model learns generalizable patterns rather than
memorizing noise. This is further supported by the minimal off-diagonal entries in the confusion matrix, indicating
robust decision boundaries (Mallidi and Ramisetty, 2025). This work bridges a critical gap between predictive
analytics and real-time orchestration in Mobile Edge Computing (MEC). Unlike regression-based approaches that
predict absolute execution time (which requires per-device calibration), our binary efficiency classifier provides
a lightweight, hardware-agnostic signal that can be integrated directly into scheduling policies. For instance, an
edge orchestrator could preemptively avoid assigning latency-critical tasks to a device currently exhibiting Class
0 signatures (Rahman et al., 2025); (Mallidi and Ramisetty, 2025). The model’s small footprint (3-layer ANN)
enables on-device inference, supporting autonomous, cloud-independent decisions a necessity in disconnected or
bandwidth-constrained scenarios (Zhang et al., 2025); (Ben Dalla et al., 2024). Moreover, the >99% accuracy
achieved by the MLP variant suggests that even modest increases in model capacity yield near-perfect efficiency
prediction, reinforcing the richness of the engineered features. While this research dataset is empirically collected
from real hardware (not synthetic), it focuses on a fixed image recognition workload under control conditions.
Future work must validate performance under variable task complexity, concurrent application interference, and
diverse hardware profiles (e.g., Android phones, NVIDIA Jetson). Additionally, the current Task Load feature is
constant (value = 5), limiting its discriminative power; incorporating actual computer or memory load metrics
would further enhance prediction fidelity.

Conclusion

This paper demonstrates that a simple, yet powerful neural classifier can serve as the core of an intelligent edge
scheduler. By predicting task execution efficiency with > 99% accuracy across heterogeneous hardware, this
research approach paves the way for adaptive, low-latency, and energy-efficient edge intelligence. As edge
ecosystems grow, such data-driven schedulers will become indispensable for scalable Al at the edge. This research
introduces a novel neural scheduler grounded in execution-time signatures, a lightweight, data-driven paradigm
that leverages temporally enriched, hardware-agnostic features to predict task execution efficiency across
heterogeneous edge devices. Unlike conventional approaches relying on static benchmarks or regression-based
runtime estimation, the proposed model employs binary classification (efficient vs. inefficient) using only
dynamic system telemetry such as scaled execution time, inter-arrival intervals, and rolling performance averages,
enabling real-time, adaptive scheduling without per-device calibration. The integration of diurnal and short-term
contextual cues (e.g., hour of day, moving-average drift) allows the model to implicitly capture transient factors
like thermal throttling and resource contention, significantly enhancing generalizability across diverse platforms
from Raspberry Pi to MacBook Pro while maintaining minimal computational overhead. This work uniquely
bridges predictive analytics and edge orchestration by demonstrating that a compact, interpretable neural network
can achieve over 99% accuracy in efficiency prediction, offering a scalable, deployable solution for autonomous,
cloud-independent edge intelligence.
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