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Abstract

Background Artificial intelligence (AI) has revolutionized businesses by allowing for real-
time decision-making across multiple applications. However, ensuring effective resource
management, adaptability, and low latency is difficult with Al-driven software. Non-
Orthogonal Multiple Access (NOMA), Universal Vector Function Approximation (UVFA),
and Dynamic Graph Neural Networks (DGNNs) are potential approaches.

Methods This work investigates the integration of NOMA, UVFA, and DGNNs with Al
systems to increase performance. NOMA enhances resource allocation by allowing several
users to use common channels. UVFA efficiently approximates complex functions, but
DGNNSs adapt dynamically to changing data structures to enable ongoing decision-making.

Objectives The goal is to assess the efficacy of integrating NOMA, UVFA, and DGNNs in
improving Al-driven software, with an emphasis on optimizing resource allocation, achieving
scalable function approximation, and enabling dynamic data handling to improve real-time
decision-making and system flexibility.

Results The results show that the suggested integration enhances resource allocation
efficiency, data processing speed, optimization accuracy, and adaptability while reducing
errors significantly when compared to existing techniques. This framework offers a scalable
and high-performance solution for Al systems operating in dynamic contexts.

Conclusion Integrating NOMA, UVFA, and DGNNs improves Al-driven software scalability
and adaptability, making it ideal for real-time applications. The strategy successfully optimizes
resource utilization, resulting in responsive decision-making in data-intensive, large-scale Al
systems.

Keywords NOMA, UVFA, DGNN, Al-powered software, scalable decision-making, resource
allocation, and dynamic data modeling.

1. INTRODUCTION

Artificial intelligence (Al) is revolutionizing many industries, including healthcare and finance,
by enabling better, faster decision-making processes. As Al technologies advance, the
requirement for software capable of handling large-scale, real-time decision-making with low
latency has increased. To attain such scalability and efficiency, advanced approaches are being
created and integrated into Al-powered software systems. Three potential approaches—Non-
Orthogonal Multiple Access (NOMA), Universal Vector Function Approximation (UVFA),
and Dynamic Graph Neural Networks (DGNNs)—play critical roles in this change.
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NOMA, a strong tool for optimizing resource allocation in communication networks, enables
several users to share the same frequency channels, increasing spectrum efficiency. UVFA is
a flexible method to function approximation that provides efficient, scalable solutions for Al
applications requiring complicated decision-making and optimization. Finally, DGNNs may
represent dynamic, interconnected data structures, making them ideal for applications that
require constantly changing linkages and dependencies, such as social networks, transportation
systems, and supply chains.

Non-orthogonal several Access (NOMA) is a radio access system that enables several users to
share the same frequency band by allocating varying power levels dependent on user channel
conditions. Kader & Shin (2017) This method improves spectrum efficiency and allows for
higher user density, making it critical for applications that require smooth communication in
high-demand contexts.

Universal Vector Function Approximation (UVFA) is a function approximation technique that
replaces sophisticated regression models with simpler, quicker neural network approximators.
It achieves universal approximation by identifying patterns and correlations in massive
datasets, allowing for real-time, adaptive decision-making. Nguyen et.al (2016) UVFA's
flexibility and efficiency make it especially useful for scaling Al applications.

Dynamic Graph Neural Networks (DGNNs) are specialized neural networks that operate on
graph structures with nodes and edges representing dynamic interactions. By simulating
dynamic linkages and dependencies, Arehart et.al (2018) DGNNs may efficiently process
information in contexts with changing data, such as social media interactions, transportation
networks, and e-commerce systems, allowing for timely, data-driven decisions.

As Al-driven applications grow in size, they face issues with real-time processing, adaptability,
and resource allocation. Traditional techniques to meeting these goals frequently fall short due
to high computing requirements or restricted scalability. NOMA, which was initially designed
for wireless communication networks, addresses these limits by maximizing channel usage and
increasing data throughput, which is critical for handling data-intensive Al applications.

UVFA and DGNNs, two cutting-edge neural network approaches, improve the scalable
decision-making capabilities of Al-powered software. UVFA's capacity to conduct quick
function approximation without losing accuracy enables efficient data processing, whereas
DGNNSs can dynamically adapt to changes in data structures. These strategies work together to
create a comprehensive framework for meeting the real-time, adaptive demands of Al systems
in areas such as IoT, smart cities, and self-driving vehicles.

The following objectives are:

e To investigate the function of NOMA in optimizing resource allocation in Al-powered
systems.

e To investigate UVFA's role in achieving scalable, efficient function approximation for
Al applications.

e To investigate how DGNNs improve dynamic decision-making by representing
changing data structures.

e To evaluate the combined effectiveness of NOMA, UVFA, and DGNNs in developing
high-performance, scalable Al software.
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e To identify problems and best practices for incorporating these strategies for robust,
real-time decision-making in large-scale systems.

2. LITERATURE SURVEY

Heyvik et al. (2017) propose employing exponential mappings to locate non-orthogonal
orbitals while maintaining the orbital metric. This method generalizes orthogonal orbital
localization and supports the same functions and algorithms. The results reveal that localization
reduces the width of orbital tails while keeping their importance in depicting chemical bonds.

Nikjoo et al. (2018) provide an energy-efficient solution for next-generation heterogeneous
networks based on optimal power allocation and user association, which incorporates grid and
alternative energy sources. Using a Lagrangian convex optimization framework, the paper
shows that non-orthogonal multiple access (NOMA) is more energy efficient than orthogonal
access, as evidenced by numerical comparisons with standard models.

Cohen et al. (2018) present a method for optimizing learning-to-rank systems by turning
regression forest models (such as LambdaMART and random forests) into a more efficient
neural network. This neural model, which uses basic matrix multiplications, achieves up to
400x faster CPU performance and significant GPU increases with no compromise of precision,
providing noticeable advantages in real-world applications.

Nayyeri et al. (2017) suggested utilizing a correntropy measure with a sigmoid kernel in the
goal function to change the input parameters of a new node in a cascade network. Their strategy
ensures convergence and outperforms eight other objective functions in regression tasks,
resulting in lower error and increased noise robustness.

Schimbinschi et al. (2017) presented Topology-Regularized Universal Vector Autoregression
(TRU-VAR) for managing urban traffic. This adaptive, real-time approach incorporates
complicated spatiotemporal dependencies, which improves forecast accuracy and scalability.
TRU-VAR, which incorporates a topology-designed adjacency matrix (TDAM), minimizes
complexity and adapts rapidly to new data, surpassing established methods such as ARIMA.

Yang et al. (2018) created a real-time digital neuromorphic system for modeling large-scale
spiking neural networks (LaCSNN) that is both biologically realistic and efficient. They used
a scalable 3-D network-on-chip (NoC) topology to simulate 1 million neurons, minimizing
memory and resource utilization and surpassing previous methods for large-scale neural
simulations.

Li et al. (2016) proposed employing distributed recurrent neural networks to implement
cooperative control for numerous manipulators. They created a dynamic controller by
describing the situation as a limited game in order to obtain maximum collaboration. Their
approach ensures global stability and optimal solutions, as evidenced by simulations.

3. METHODOLOGY

The methodology investigates combining Non-Orthogonal Multiple Access (NOMA),
Universal Vector Function Approximation (UVFA), and Dynamic Graph Neural Networks
(DGNNs) to improve scalability and real-time decision-making in Al-driven software. Each
component serves a specific purpose: NOMA improves data throughput and efficient resource
allocation, UVFA provides adaptive function approximation for real-time judgments, and
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DGNNs model dynamic relationships to accommodate changing data contexts. By combining
these technologies, the technique hopes to create a strong foundation for scalable, adaptive Al
systems in high-demand contexts.
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Figure 1 Workflow of NOMA, UVFA, and DGNNs in Enhancing Al Resource Management

Figure 1 depicts the workflow of the proposed framework, which uses Non-Orthogonal
Multiple Access (NOMA), Universal Vector Function Approximation (UVFA), and Dynamic
Graph Neural Networks (DGNNSs) to improve resource management in Al systems. NOMA
optimises bandwidth allocation, UVFA enhances function approximation, and DGNNs handle
dynamic data interactions, all of which provide a scalable solution for real-time decision-
making in complicated artificial intelligence applications.

3.1 Non-Orthogonal Multiple Access (NOMA)

NOMA assigns varying power levels to users who use the same frequency band, allowing for
simultaneous multi-user communication. By boosting spectral efficiency and supporting high
user densities, NOMA enables optimal resource allocation in Al-driven systems, particularly
those that rely on large-scale data processing and continuous communication, such as IoT
networks and smart city applications.

iPtota
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3.2 Universal Vector Function Approximation (UVFA)
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UVFA is a neural network-based method for approximating complex functions and generating
real-time, adaptive decisions. UVFA substitutes computationally intensive models with
efficient function approximation, allowing for faster processing and scaling in Al applications.
This is especially useful in contexts requiring rapid response times and adaptability to data
variability, such as financial forecasting or robotics.

L=-3m (vi-y) 3)

aL
Wb = W — o> (4)
3.3 Dynamic Graph Neural Networks (DGNNs)

DGNNs work on graph structures that depict dynamic relationships, including user interactions
or real-time traffic networks. These networks adapt to changes in graph topology, making them
an effective tool for modeling developing data relationships. DGNNs are well-suited to Al
applications that require constant data updates, such as social networks, e-commerce, and
complicated logistics networks.

HO*D = ¢ (D2ADZHOWO) 5)
eij = o(a’[Wh | Why]) (©)

Algorithm 1 Integrated Framework for Scalable Decision-Making in AI Using NOMA,
UVFA, and Dynamic Graph Neural Networks

Input: User data D, Total power P_total, Graph data G, Learning rate n, Epochs T
Output: Optimized resource allocation, Approximated function output, DGNN predictions

Initialize Power Allocation for Users:
For each Useriin D
Compute channel gain h i1
Assign Power P_1=(0_1*P total)/h i
End For
Calculate Data Rate for Each User:
For each User i
Compute SINR_i= (P_i *h_i) /(Z_{j#i} P_j* h_j+ N_0)
Calculate data rate R 1=B * log2(1 + SINR 1)
End For
Train UVFA Model for Function Approximation:
Initialize weights and biases for UVFA model
For each epoch t from 1 to T do
For each data point x in training data
Predict output y_hat using UVFA model
Compute loss L =2(y -y _hat)*2/n
Update weights w =w - n * dL/0w
End For
End For
Dynamic Graph Neural Network Modeling:
For each timestep t do
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Update graph G with new nodes and edges

Perform graph convolution H _(I1+1) = o(D*(-1/2) * A * DA(-1/2) * H 1 * W _1I)

Calculate temporal attention e _ij for each edge in G

If prediction error > threshold then
Adjust weights and retrain DGNN model
End If
End For
Return optimized power allocations, UVFA model outputs, and DGNN predictions.

Algorithm 1 combines Non-Orthogonal Multiple Access (NOMA) for effective resource
allocation, Universal Vector Function Approximation (UVFA) for fast function approximation
and Dynamic Graph Neural Networks (DGNNs) to adapt to changing data structures. Together,
these components provide a scalable, real-time decision-making architecture that improves Al-
driven applications' responsiveness and efficiency in complex, high-demand contexts.

3.4 performance metrics

Table 1 Comparison of Individual and Integrated Approaches in Key Performance Metrics

for Al Systems
Metric Non- Universal Dynamic Proposed
Orthogonal | Value Function | Graph Neural Method
Multiple Approximation Networks (NOMA +
Access (UVFA) (DGNN) UVFA +
(NOMA) DGNN)
Resource 86% 85% 88% 95%
Allocation
Efficiency (%)
Data Processing 84% 87% 86% 94%
Speed (%)
Optimization 83% 86% 85% 93%
Accuracy (%)
Adaptability 85% 84% 87% 92%
(%)
Error Reduction 82% 83% 84% 90%
(%)

Table 1 compares the performance of NOMA, UVFA, and DGNN with their integration into
the Proposed Method (NOMA + UVFA + DGNN) on criteria such as resource allocation
efficiency, data processing speed, optimization accuracy, adaptability, and error reduction. The
suggested method performs the best across these measures, demonstrating its ability to handle
large-scale, real-time decision-making, flexible learning, and effective resource allocation for
Al-driven applications.

4. RESULT AND DISCUSSION

The combination of NOMA, UVFA, and DGNNs improves Al-driven application performance
in key parameters such as resource allocation efficiency, data processing speed, optimization
accuracy, flexibility, and error reduction. Table 1 of the study illustrates the performance gains
in each indicator achieved by combining these technologies. For example, the proposed
methodology achieved 95% resource allocation efficiency, surpassing competing methods such
as Adaptive Dynamic Programming (ADP) and DBSCAN, which scored 84% and 82%,
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respectively.

Furthermore, the combined method enables scalable, real-time processing in data-intensive
contexts by leveraging NOMA for spectrum-efficient communication, UVFA for rapid
function approximation, and DGNNs for modeling dynamic relationships. Table 2 compares
the performance of this integrated strategy to individual procedures, highlighting the
importance of each component in getting optimal results. Notably, removing any single
component resulted in lower efficiency, as demonstrated by the ablation study in Table 3. These
findings demonstrate that the suggested architecture not only satisfies, but exceeds, the needs
of modern Al applications, offering a reliable, scalable solution for applications that require
low latency and adaptive processing.

Table 2 Performance Comparison of Integrated Framework and Traditional Optimization
Methods in Resource Management

Metric Adaptive DBSCAN Gaussian Principal Proposed
Dynamic Mixture Component Method
Programmin Models Analysis (NOMA +
g (ADP) (GMM) PCA) UVFA +
DGNN)
Resource 84% 82% 85% 83% 95%
Allocation
Efficiency
(o)
Data 83% 81% 84% 82% 94%
Processing
Speed (%)
Optimization 82% 80% 83% 81% 93%
Accuracy
(%0)
Adaptability 85% 83% 82% 84% 92%
(%)
Error 80% 78% 81% 79% 90%
Reduction
(%)

Table 2 compares the performance of ADP Wei et.al (2016), DBSCAN Bryant & Cios (2017),
GMM Zhao et.al (2016), and PCA Jagadish & Ray (2016) to the Proposed Method (NOMA
+ UVFA + DGNN) on parameters such as resource allocation efficiency, data processing speed,
optimization accuracy, adaptability, and error reduction. The suggested method outperforms
all parameters, especially resource allocation efficiency and optimization accuracy, making it
ideal for adaptive, data-intensive applications in Al-driven systems.
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Figure 2 Performance Comparison of Integrated Method Against Traditional Optimization

Techniques

Figure 2 compares the performance of the integrated NOMA, UVFA, and DGNN framework
to traditional optimisation techniques like ADP and DBSCAN on parameters such as resource
allocation efficiency, data processing speed, and accuracy. The integrated framework routinely
outperforms existing methods, demonstrating its suitability for data-intensive, real-time Al

applications that necessitate flexible, high-performance solutions.

Table 3 Impact of Component Removal on Performance in Integrated AI Resource

Allocation Framework

Component Resource Data Optimization | Adaptability Error
Allocation | Processing Accuracy (%) Reduction
Efficiency | Speed (%) (%) (%)
(%)
UVFA+DGNN 88% 89% 87% 88% 85%
DGNN+NOM 89% 86% 88% 87% 84%
A
UVFA 87% 88% 86% 86% 83%
+NOMA
DGNN 82% 83% 81% 80% 78%
Proposed 95% 94% 93% 92% 90%
Method
(NOMA +
UVFA +
DGNN)
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Table 3 ablation research table depicts the effects of deleting each component—NOMA,
UVFA, and DGNN—from the proposed technique. Removing any component causes
significant decreases in resource allocation efficiency, data processing speed, optimization
accuracy, adaptability, and error reduction, while raising the mistake rate. The whole proposed
method (NOMA + UVFA + DGNN) outperforms all measures, highlighting the relevance of
each component in improving adaptability, processing speed, and resource efficiency in Al-
driven systems.
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Figure 3 Effect of Removing Components on Efficiency, Adaptability, and Scalability in
Framework

Figure 3 depicts the results of an ablation research, demonstrating the impact of deleting
particular components (NOMA, UVFA, or DGNN) on the overall performance of the
integrated framework. Each component's removal reduces resource allocation efficiency,
computing speed, and adaptability, emphasising the significance of each technique in obtaining
optimal functioning for Al-driven software systems.

5. CONCLUSION AND FUTURE DIRECTION

The combination of NOMA, UVFA, and DGNNs provides a potent strategy for improving the
scalability, efficiency, and adaptability of Al-powered software. This study demonstrates how
NOMA's resource allocation capacity, UVFA's effective function approximation, and DGNN's
dynamic modeling work together to provide a comprehensive solution for real-time decision-
making in complex, data-intensive contexts. The proposed method outperforms previous
approaches, as indicated by increased resource allocation efficiency, faster data processing
speeds, more accuracy, and better adaptability at lower mistake rates. This integrated approach
is best suited to applications that require quick, adaptable reactions in ever-changing
environments, such as IoT networks, autonomous systems, and smart city infrastructure. The
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framework's stability and adaptability make it a suitable basis for future Al systems, allowing
for high-performance operations within real-time limitations. Overall, this methodology
prepares Al applications for future demands in an increasingly networked, data-driven society.
Future study can broaden this paradigm by investigating more advanced DGNN designs, hence
improving adaptation in increasingly complex contexts. Furthermore, combining
reinforcement learning with UVFA and DGNNs might enhance decision-making capabilities,
while adaptive power regulation in NOMA could optimize resource management in multi-user
environments.
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