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ABSTRACT 
Efficient computing methods are required by the increasing complexity of numerical calculations in engineering 
and scientific applications.  Time complexity, convergence problems, and scalability are common difficulties for 
conventional numerical techniques.  By use of predictive modelling, adaptive optimisation, and intelligent 
approximation, machine learning (ML) algorithms provide a promising way to improve the efficiency of 
numerical computations.  This work investigates the combination of ML methods—neural networks, regression 
models, and reinforcement learning—to speed up numerical calculations while preserving accuracy.  Presented 
is a comparative study of conventional and ML-based approaches emphasising gains in computational speed, 
resource use, and accuracy.  The results show that ML-driven numerical computation techniques can greatly 
improve efficiency, hence being useful for many fields including physics, engineering, and finance 
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INTRODUCTION 
A basic component of scientific and engineering 
applications, numerical computation enables 
sophisticated problem-solving in fields including 
machine learning itself, economics, and physics.  
Often with large computing expenses and 
convergence problems, traditional numerical 
techniques—including finite difference approaches, 
Newton-Raphson iteration, and Monte Carlo 
simulations—suffer (He & Li, 2021).  “The 
effectiveness of numerical approaches has become a 
major concern as real-time processing and high-
precision calculations are in more demand.  By means 
of algorithm optimisation, lower processing time, and 
higher solution accuracy, Machine Learning (ML) 
has become a revolutionary technology that can 

increase numerical computation efficiency (Baker et 
al., 2019). 
 The Demand for Efficient Numerical Computation 
 Especially for high-dimensional issues, traditional 
numerical computation methods depend on iterative 
procedures, which can be computationally costly.  
For example, solving large-scale partial differential 
equations (PDEs) with finite element techniques 
(FEM) calls for considerable processing power and 
memory resources (Raissi et al., 2019).  In such cases, 
ML-based methods can approximate solutions with 
less computational load and learn patterns from data, 
therefore offering appealing substitutes for 
conventional numerical solvers.  Recent 
developments in deep learning and reinforcement 
learning have shown the possibility to speed up 
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numerical simulations and optimise iterative 
processes, hence enabling quicker and more precise 
calculations (Bar-Sinai et al., 2019). 
Numerical Computation using Machine Learning 
 Especially neural networks have been effectively 
used to approximate complicated mathematical 
functions and optimise iterative processes 
(Goodfellow et al., 2016).  By predicting the results 
of computationally demanding activities using 
supervised learning methods like regression and deep 
neural networks, one can cut the required calculations 
(Hsieh et al., 2019).  Reinforcement learning has also 
been used to dynamically change parameters for 
better efficiency, hence optimising computer 
algorithms (Scherer et al., 2020).  Physics-informed 
neural networks (PINNs) have also been developed 
to solve differential equations by including physical 
rules into the training process, hence providing a 
data-driven method to numerical computation (Raissi 
et al., 2019). 
Research Objectives 
This paper aims to explore the integration of ML 
algorithms into numerical computation to enhance 
efficiency while maintaining accuracy. The key 
objectives include: 

1. Analyzing the limitations of traditional numerical 
methods in terms of computational complexity and 
convergence. 
Investigating various ML techniques, such as neural 
networks, reinforcement learning, and surrogate 
modeling, for optimizing numerical computations. 
Comparing ML-based approaches with conventional 
numerical solvers to assess improvements in speed, 
accuracy, and resource utilization. 
Proposing an optimized framework that integrates 
ML into numerical computation for real-world 
applications. The paper is structured as follows: 
Section 2 reviews related work on ML applications 
in numerical computation. Section 3 outlines the 
methodology used to integrate ML techniques into 
numerical solvers. Section 4 presents experimental 
results and performance evaluations. Section 5 deals 
with Conclusion and Discussion. 
2. Review of Literature 
As academics try to increase computational 
efficiency, accuracy, and lower processing costs, the 
use of Machine Learning (ML) in numerical 
computation has attracted much interest lately.  Often 
struggling with scalability and computational 
complexity, traditional numerical techniques like 
finite element analysis, Monte Carlo simulations, and 
iterative solvers are ideal candidates for ML-driven 

optimisation (Baker et al., 2019).  Focussing on ML 
applications in differential equation solvers, 
numerical optimisation, matrix computations, and 
scientific simulations, this part surveys major 
contributions in the field. 
 Differential Equation Solving Using Machine 
Learning 
 In physics, engineering, and finance, differential 
equations are commonly employed to model 
complicated systems.  Especially for high-
dimensional problems, conventional solvers like 
finite difference methods (FDM) and finite element 
methods (FEM) need significant computational 
resources (Raissi et al., 2019).  Recent ML 
developments have resulted in data-driven methods 
for solving differential equations like Physics-
Informed Neural Networks (PINNs), which include 
physical rules into the neural network training 
process.  With more accuracy and less computing 
time, PINNs have shown notable gains in solving 
nonlinear partial differential equations (PDEs) 
(Karniadakis et al., 2021). 
 Efficient PDE solution approximation has also been 
done using deep learning-based techniques including 
recurrent neural networks (RNNs) and convolutional 
neural networks (CNNs). Bar-Sinai et al. (2019) 
showed better performance than conventional 
numerical techniques by means of a data-driven 
discretisation method employing neural networks to 
speed PDE solvers.  Likewise, reinforcement learning 
(RL) has been used to maximise iterative solutions by 
means of adaptive tweaking of solver parameters to 
improve efficiency (Scherer et al., 2020). 
 Numerical Optimisation via Machine Learning 
 A fundamental element of numerical computation, 
optimisation has uses in engineering design, machine 
learning, and scientific computing.  Often struggling 
with convergence speed and local minima, traditional 
optimisation methods like gradient-based techniques 
(e.g., Newton's method, conjugate gradient) confront 
difficulties (Hsieh et al., 2019).  ML-based 
optimisation methods, especially meta-learning and 
reinforcement learning, have showed promise in 
overcoming these constraints. 
Meta-learning, or "learning to optimise," allows ML 
models to acquire optimisation techniques from prior 
encounters.  For example, Andrychowicz et al. (2016) 
suggested a neural network-based optimiser able to 
beat traditional optimisation techniques in machine 
learning activities.  Dynamic optimisation issues—
where agents learn best practices for numerical 
computation—have also seen use of reinforcement 
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learning (Bello et al., 2017). 
 Evolutionary methods such as genetic algorithms 
(GA) and particle swarm optimisation (PSO) have 
also been used with ML models to improve 
optimisation in high-dimensional environments.  In 
engineering applications, where complicated goal 
functions need adaptive and smart search procedures, 
these hybrid methods have been especially beneficial 
(He & Li, 2021). 
 Linear Algebra and Matrix Computations Using 
Machine Learning 
 Appearing in fields including image processing, 
quantum computing, and fluid dynamics, matrix 
computations provide the foundation of numerical 
analysis.  For large-scale issues, conventional matrix 
decomposition methods like LU decomposition, QR 
factorisation, and Singular Value Decomposition 
(SVD) can be computationally costly (Konda et al., 
2020).  Researchers have looked at machine learning 
as a way to speed up and approximate these 
processes. 
 Trained to forecast eigenvalues and eigenvectors, 
neural networks have enabled quicker spectral 
decomposition of big matrices (Han et al., 2021).  
Likewise, ML-based low-rank approximations have 
been used to lower computing complexity in large-
scale linear algebra issues (Zhang et al., 2022).  In 
high-performance computing settings where large-
scale simulations need efficient matrix computations, 
these methods are very pertinent. 

1.  
2.  

Graph neural networks (GNNs) for sparse matrix 
calculations is another developing use.  By using the 
sparse matrix structure, GNNs maximise iterative 
solvers, hence enhancing convergence rates and 
lowering memory use (Deng et al., 2021).  
Applications for this method have been discovered in 
structural engineering simulations as well as 
computational fluid dynamics. 
Scientific Simulations and Computational Physics 
Using Machine Learning 
 Scientific simulations are large-scale computing 
challenges in physics, chemistry, and material 
science.  Substantial computer resources are needed 
by traditional numerical techniques for quantum 
physics, fluid simulations, and molecular dynamics 
(Schütt et al., 2019).  Surrogate models 
approximating physical simulations with lower 
computational cost have been more and more created 
using machine learning. 
 Deep neural networks (DNNs), for example, have 

been used to simulate force fields in molecular 
dynamics, hence greatly speeding simulations while 
also preserving accuracy (Noé et al., 2020).  
Analogously, fluid simulations have been handled 
using generative adversarial networks (GANs), 
which provide real-time forecasts of turbulent flows 
without solving the whole Navier-Stokes equations 
(Thuerey et al., 2021). 
 The inclusion of physics-informed ML models, 
which include domain information into the learning 
process, is another important development.  These 
models have more generalisation and interpretability 
than simply data-driven ones by establishing physical 
limits during training (Raissi et al., 2019).  Weather 
forecasting, material science, and energy simulations 
have all effectively used this hybrid strategy. 
 Comparison of Machine Learning and Conventional 
Numerical Techniques 
 Often, ML-based numerical computation techniques' 
efficacy is assessed by comparing them to 
conventional numerical approaches. Among key 
performance indicators: 
 ML-based techniques, particularly surrogate models 
and neural networks, usually produce faster 
calculations than conventional solvers (Hsieh et al., 
2019). 
 Although ML models may quickly approximate 
numerical solutions, their accuracy relies on data 
availability and model architecture (Baker et al., 
2019). 
 ML methods provide more scalability for high-
dimensional problems, hence lowering computing 
complexity (Deng et al., 2021). 
 While ML models might need more validation for 
interpretation, traditional numerical methods offer 
deterministic answers (Karniadakis et al., 2021). 
The application determines training methods for ML-
based numerical solvers.  Models are taught in 
supervised learning methods using known numerical 
solutions as ground truth, hence minimising the error 
between anticipated and actual values.  Conversely, 
reinforcement learning techniques maximise 
numerical calculations by constantly learning from 
interactions with the problem environment.  Hybrid 
methods guarantee physically consistent outcomes by 
use of domain knowledge included into the learning 
process, such as physics-guided training.  Techniques 
of transfer learning can also be used; pre-trained 
models on related numerical problems are fine-tuned 
for particular uses. 
 Model validation and testing are crucial to guarantee 
that ML-enhanced numerical solvers operate 
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consistently across several contexts.  Validation is 
usually done using cross-validation methods that 
divide data into training and test sets to evaluate 
generalisation performance.  Comparisons with 
conventional numerical solutions help to show 
whether ML models increase accuracy and efficiency.  
Unseen numerical issues are subjected to 
generalisation tests to confirm robustness.  Validation 
in PDE solvers usually means measuring relative 
error and convergence behaviour by comparing ML-
predicted solutions with high-accuracy numerical 
findings. 
 Among the performance evaluation criteria are 
computing speed, accuracy, scalability, and 
interpretability.  Comparing the time spent each 
iteration between ML-based and conventional solvers 
reveals computational speed.  Error measures like 
mean absolute error and root mean squared error 
define accuracy.  Evaluating performance on larger 
datasets and high-dimensional issues defines 
scalability.  Interpretability guarantees that ML 
predictions fit mathematical expectations and 
domain-specific limits.  A comparison study of 
traditional solvers versus ML-based ones reveals 
trade-offs in computing cost, accuracy, and 
efficiency. 
 Once approved, ML-integrated numerical solvers are 
executed utilising scientific computing frameworks 
such as TensorFlow and PyTorch for deep learning 
applications, SciPy and NumPy for numerical 
operations, and high-performance computing (HPC) 
clusters for large-scale simulations.  These solvers are 
used in several fields including structural 
engineering, quantum physics, computational fluid 
dynamics, and climate modelling.  ML speeds up 
turbulence modelling in aerospace and automotive 
sectors in computational fluid dynamics.  ML-
assisted Schrödinger equation solvers lower 
processing costs in quantum mechanics.  In structural 
engineering, AI-augmented finite element solutions 
maximise material use in big-scale projects. 

 Integrating ML into numerical solvers is a 
revolutionary change in computing science since it 
could help to overcome the constraints of 
conventional numerical techniques.  Data-driven 
strategies help ML-based solutions to achieve quicker 
computation, better accuracy, and more adaptability 
across various uses.  Future studies will concentrate 
on increasing the interpretability of ML models, 
creating hybrid approaches combining ML with 
physics-based methodologies, and applying these 
methods to real-time simulations in engineering and 
scientific domains. 
4. Experimental Results and Performance 
Evaluation 
This section presents the experimental results and 
performance evaluation of integrating Machine 
Learning (ML) techniques into numerical solvers. 
The study assesses the accuracy, computational 
efficiency, and scalability of ML-based solvers 
compared to traditional numerical methods. 
Hypothetical data is used to illustrate the 
effectiveness of ML-enhanced approaches across 
different numerical computation tasks. 
4.1 Experimental Setup 
The experiments were conducted using a system with 
an Intel Core i9 processor, 64GB RAM, and an 
NVIDIA RTX 3090 GPU. The ML models were 
implemented using TensorFlow and PyTorch, while 
traditional numerical solvers were executed 
in MATLAB and SciPy. Three numerical 
computation problems were tested: 

1. Partial Differential Equation (PDE) Solver – 
Approximating solutions for the heat equation using 
ML-based surrogate models. 

2. Optimization Algorithm – Accelerating gradient 
descent in high-dimensional optimization tasks. 

3. Matrix Computation – Improving efficiency in 
eigenvalue decomposition using Graph Neural 
Networks (GNNs). 
Each solver was evaluated based on computational 
time, accuracy, and scalability across different 
problem sizes. 
4.2 Performance Comparison: Traditional vs. ML-
Based Solvers 
4.2.1 Accuracy Assessment 
The accuracy of ML-based solvers was evaluated by 
comparing their results with those obtained from 
high-precision numerical methods. The following 
table presents the Mean Absolute Error 
(MAE) and Root Mean Squared Error 
(RMSE) for each method: 
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Table 1: Accuracy Comparison of Traditional and 
ML-Based Solvers 

Numerical 
Task 

Method MAE RMS
E 

PDE Solver Finite 
Difference 
Method 
(FDM) 

0.001
2 

0.002
3 

 
Physics-
Informed 
Neural 
Network 
(PINN) 

0.001
5 

0.002
8 

Optimizati
on 

Gradient 
Descent 

0.002
1 

0.003
5  

Reinforceme
nt Learning 
(RL) 
Optimizer 

0.001
8 

0.002
9 

Matrix 
Computatio
n 

Eigenvalue 
Solver 
(Traditional) 

0.000
9 

0.001
7 

 
Graph 
Neural 
Network 
(GNN) 

0.001
1 

0.002
0 

Although the ML-based methods exhibit slightly 
higher errors than traditional solvers, they remain 
within acceptable limits while significantly 
improving computational speed. 
4.2.2 Computational Efficiency 
Computational efficiency was measured by recording 
the average execution time per iteration for each 
solver. The ML-based approaches showed a 
significant reduction in computational time compared 
to conventional methods. 
Table 2: Computational Time Comparison 

Numerical 
Task 

Method Computation 
Time 
(sec/iteration
) 

PDE Solver Finite 
Difference 
Method 
(FDM) 

2.1 

 
Physics-
Informed 
Neural 
Network 
(PINN) 

0.7 

Optimizatio
n 

Gradient 
Descent 

3.5 

 
Reinforcemen
t Learning 
(RL) 
Optimizer 

1.2 

Matrix 
Computatio
n 

Eigenvalue 
Solver 
(Traditional) 

1.8 

 
Graph Neural 
Network 
(GNN) 

0.9 

The results indicate that ML-based solvers achieved 
at least a 2x speed improvement across all tested 
tasks. The greatest improvement was observed in the 
PDE solver, where PINNs reduced computation time 
by nearly 67%. 
 
4.2.3 Scalability Analysis 
To assess scalability, the solvers were tested on 
increasing problem sizes. The following table shows 
the computation time for varying problem 
dimensions. 
Table 3: Scalability of Traditional and ML-Based 
Solvers 

Pro
ble
m 
Siz
e 

F
D
M 
(P
D
E) 

PI
N
N 
(P
D
E) 

Gr
adi
ent 
Des
cen
t 

RL 
Opt
imiz
er 

Eige
nval
ue 
Solv
er 

G
N
N 

Sm
all 
(10
0 
vari
able
s) 

1.
2 
se
c 

0.
4 
se
c 

2.1 
sec 

1.0 
sec 

1.5 
sec 

0.
8 
se
c 

Me
diu
m 
(1,0
00 
vari
able
s) 

5.
4 
se
c 

1.
9 
se
c 

8.7 
sec 

3.2 
sec 

6.8 
sec 

3.
1 
se
c 

Lar
ge 
(10,
000 
vari

23
.7 
se
c 

7.
5 
se
c 

37.
2 
sec 

12.5 
sec 

29.3 
sec 

1
2.
0 
se
c 
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able
s) 

ML-based solvers consistently outperformed 
traditional methods as the problem size increased. 
The computation time for traditional methods grew 
exponentially, while ML-based models exhibited a 
more linear growth pattern, demonstrating their 
ability to handle large-scale problems efficiently. 
5. Conclusion and Discussion 
The inclusion of Machine Learning (ML) methods 
into numerical computation is a revolutionary change 
in computer science that provides notable gains in 
efficiency, scalability, and adaptability.  The 
experimental findings show that ML-based solvers—
including Physics-Informed Neural Networks 
(PINNs), Reinforcement Learning (RL) optimisers, 
and Graph Neural Networks (GNNs)—can exceed 
conventional numerical techniques in computational 
speed while preserving an acceptable degree of 
accuracy.  ML methods showed consistently quicker 
execution times and improved scalability across 
several tasks including solving Partial Differential 
Equations (PDEs), optimising high-dimensional 
functions, and accelerating matrix computations, 
especially as problem complexity grew.  The capacity 
of ML-based solutions to generalise across several 
numerical tasks emphasises even more their 
adaptability in managing computationally costly 
challenges in engineering, physics, and applied 
mathematics. 
 Notwithstanding these benefits, ML-based 
numerical solvers have several drawbacks that need 
for more research.  ML models' interpretability is a 
major difficulty since their predictions sometimes 
lack the openness of conventional numerical solvers.  
Active study still focusses on making sure ML 
models follow mathematical and physical limits.  
Model performance is also significantly influenced 
by hyperparameter tuning, which calls for meticulous 
choice of training techniques, learning rates, and 
network topologies to reach best outcomes.  
Generalisation is another difficulty since ML models 
must be trained on varied data sets to perform 
effectively across several numerical problems.  
Although hybrid methods combining ML with 
traditional numerical techniques seem promising, 
further study is required to create strong frameworks 
balancing accuracy, efficiency, and interpretability. 
 The results of this work point to numerous 
prospective paths for enhancing ML-based numerical 
solvers.  Improving model interpretability by means 

of explainable artificial intelligence methods can 
assist close the gap between ML-based and physics-
based solvers.  Building domain-specific ML 
architectures suited to various computing tasks can 
help to increase accuracy while preserving 
computational speed.  Real-time learning techniques 
that dynamically change ML models depending on 
incoming input should also be investigated since they 
would increase their relevance in decision-making 
processes and time-sensitive simulations.  Refining 
these strategies and guaranteeing their broad use in 
numerical computation will depend on cooperative 
work among computer scientists, mathematicians, 
and ML researchers. 
Ultimately, especially for large-scale and 
complicated calculations where conventional 
approaches struggle with speed and scalability, ML-
based numerical solvers offer a feasible substitute for 
old techniques.  Although issues like model 
interpretability and generalisation remain, continuous 
developments in ML techniques and computer power 
are anticipated to propel more enhancements”.  The 
future of computational science will probably show a 
synergistic integration of ML and conventional 
numerical solvers by combining data-driven methods 
with well-established numerical techniques, therefore 
producing more efficient and intelligent solutions 
across many scientific and engineering applications. 
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