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Abstract- In this paper we have discussed the Artificial
neural network based Levenberg Marquardt algorithm
(ANN-LMA) for handled coupled differential equations. The
system of equation is further solved by Atangana-Toufik
scheme. The numerical results are trained by using the back
propogation method. Comparison of the both methods are
shown through graphs.
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1. INTRODUCTION

An emerging field of technology called "smart
computing" incorporates intelligence into computer
systems to increase their autonomy, efficiency, and
adaptability. It makes use of cutting-edge technologies
including blockchain, cloud computing, edge computing,
big data analytics, artificial intelligence (AI), machine
learning (ML), and the Internet of Things (IoT). These
systems can adapt to changing conditions, learn from data,
and make decisions with little assistance from humans.
Smart computing systems are intended to be self-learning,
context-aware, and sensitive to real-time input, in contrast
to traditional computing, which is static and rule-based [ 1-
3]. Large-scale data processing and analysis from linked
devices, sensors, and users is the foundation of smart
computing. IoT allows physical objects to share data and
communicate, while Al and ML allow the systems to
identify trends and make predictions. With low latency
and scalability guaranteed, cloud and edge computing
offer the infrastructure required for effective data
processing and storage. Data exchanges in smart
environments are made more secure and transparent by
blockchain technology. In the future, smart computing is
expected to evolve further with advancements like
neuromorphic computing, quantum computing, digital
twins, and sustainable (green) computing. These
innovations will lead to even more powerful and efficient
systems capable of solving complex real-world problems
in a smarter and more human-like way.

The ANN's backgrounds may be traced back to the 1940s,
when early models such as the McCulloch-Pitts neuron
were developed. The perceptron was introduced in the
1950s, and backpropagation gained popularity in the
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1980s. However, delayed convergence and problems with
local minima were common problems with old training
techniques. In order to solve this, the Levenberg—
Marquardt (LM) algorithm was modified for ANN
training. It was first created in the 1940s and 1960s to
solve nonlinear least squares issues. Particularly for small
to medium-sized networks, LM offers faster and more
stable convergence by acting as a hybrid between the
gradient descent and Gauss-Newton approaches.
Combining the modeling prowess of artificial neural
networks with the optimization effectiveness of the
Levenberg—Marquardt algorithm, Levenberg Marquardt
is a potent computational method. Inspired by the neural
architecture of the human brain, artificial neural networks
(ANNSs) can learn intricate nonlinear correlations from
data [4-5].

In this paper we have discussed the following coupled
system of equation with Caputo derivative

Dy1(0) = —ayy1 () + bysin(y,((t = 6) (1)

Dy, () = —c1y,12(t) + diy, () + y3(8) (2)

Dy3(©) = —eyy1 (Oys (@) + fiy2(©) ()

0<a<1

Where aq, by, ¢;,dq, €4, and f; are constants and § be the
time delays parameter.

2. ATANGANA TOUFIK METHOD (ATM)
It is a numerical method based on two steps lagranges
multipliers polynomials. This method is free from
discretization and assumpstions and delivers accuracy,
stability, efficiency, and convergence to solve fractional
differential equations of constant and variable orders [6-
10].

3. ANN-LM METHOD

The artificial neural network based Levenberg-Marquardt
algorithm is a controlling optimization technique to
trained the neural network and minimizing the error
providing input and output datas by least sqaure method.
The ANN-LMA is hybrid technique combined from
Gradient Descent and Gauss-Newton method [11-17].

In this paper we have derived 500 data points from the
atangana-toufik method and trained the data by ANN-
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LMA. Out of which 70% is used for training, 15% is for
testing and 15% is aimed at validating. We inspect the
mean square error (MSE), Comaparative study between
the Numerical methods and ANN-LM, Error plots and
regression analysis. Through MATLAB nntool/nftool
command we trained the obtained data and compared with
the numerical method.
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Figure 1: Comparative study of y,
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Figure 2: Comparative study of y
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Figure 3: Comparative study of y;

Theses are the step-by-step method for trained the data:

Step-1 Create the datas

Step-2 Use Matlab builtin function nftool/nntool to
store input (independent variable(s)) and
ouput (dependent variable(s)) the data.

Step-3 Use Activation functions (Sigmoid, Tanh,
linear etc.) to approximate the function
datas.

Step-4 Create ANN-LM structure.

Step-5 Established Training Parameters.

Step-6 Train the network (Input/Output).

Step-7 Examine and Predict the output data.
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Step-8 Evaluate the performance of ANN-LM.

Step-9 See the results obtained by ANN and
Numerical method.

Step-10 Assess the Comapritive
Validating  performance,
and Regression analysis.

results, MSE,
Error  histogram

4. CONCLUSIONS

The system of equations is solved by the Atangana-Toufik
scheme and the results are trained by using the ANN-
LMA.

We have obtained the 500 data points by ATM and trained
the input and output by machine learning based
backporpogation algorithm. The parametrs are assumes as
a; = 0.1, by =0.2, ¢, =0.01, d; =0.1,e; = 0.1, and
f1 =0.2.

Comparative study between the Atangana-toufik meyod
and ANN-LMA are shown in figures 1-3. Figure 4 plotted
for MSE of y; shows a best validating performance
1.0477e-10 at 1169 epochs. Figure 5 describe the values
of Gradient (first derivatives/Jacobian wrto weight
function) and Mu (restraining aspect of governing
Gradient Descent and Gauss-Newton method) as
(1.4423e-07, 1e-09) respectively. Figure 6 portrays error
histogram between the errors and validating, testing, and
training datas. Figure 7 is plotted for regression analysis
where y represent the average of the true values, the range
of R? is between 0 to 1. R ~ 1 designates an outstanding
agreement between the predicted values and exact values.
Figure 8 designed for MSE of y, shows a best validating
performance 1.2635e-10 at 900 epochs. Moreover Figure
9 label the values of Gradient and Mu as (1.6442e-07, le-
09) respectively. Figure 10 depicts error histogram
between the errors and validating, testing, and training
datas. Figure 11 is plotted for regression analysis between
the indepent variable and dependent variable and R = 1
emphasise an excellent realtion with the forecast values
and exact values. The schematic diagram is shown in
Figure 12.

Best Validation Performance is 1.0477e-10 at epoch 1169
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Figure 4: Validating the result y, by ANN-LMA
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Figure 5: Evaluation of gradient, mu of y; by ANN-LMA
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Figure 6: Error histogram of y,; by ANN-LMA
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Figure 7: Regression analysis of y;by ANN-LMA

Best Validation Performance is 1.2635e-10 at epoch 900
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Figure .8: Valiadating the result y, by ANN-LMA
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Figure 9: Evaluation of gradient, mu of y, by ANN-LMA
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Figure 10: Error histogram of y, by ANN-LMA
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Figure 11: Regression analysis of y, by ANN-LMA
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