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https://www.nature.com/articles/s41598-021-88499-8.pdf


Numerical Analysis of Artificial Neural Networks



Special Issue Information 

Numerical analysis is one of the pillars, computer algebra 
being the other, of all computational algorithms. Accurate 
results of machine learning algorithms for classification, 
regression, and prediction are supported by theoretical 
features of numerical methods.  

The list of examples is overwhelming: principal component 
analysis based upon numerical linear algebra; optimization 
with Hopfield networks stemming from concepts rooted in 
dynamical systems; backpropagation that requires numerical 
optimizers; etc. On the other hand, research on 
computational intelligence techniques has led to advances in 
many numerical methods, with stochastic gradient descent 
being primus inter pares. 



In this Special Issue, we aim at fostering the synergy between 
these two fields, by encouraging the analysis and design of 
numerical methods for, in, and from machine learning 
algorithms. We welcome contributions that highlight satisfactory 
learning results as soundly based on numerical foundations, as 
well as ground-breaking numerical methods that provide the 
basis for efficient practical algorithms, at least at the proof-of-
concept stage. 



The scope of the issue is deliberately broad, including but not 
limited to numerical techniques from linear algebra, dynamical 
systems, kernel methods, optimization, spectral methods, and 
stochastic formulations, as well as algorithms within neural 
networks, support vector machines, recurrent networks, and 
clustering methods. 

Prof. Dr. Miguel Atencia 
Guest Editor



Nonlinear Dimensionality 
Reduction 

NDR Mapping



This work explores neural approximation for nonlinear 
dimensionality reduction mapping based on internal representations 
of graph-organized regular data supports. Given training 
observations are assumed as a sample from a high-dimensional 
space with an embedding low-dimensional manifold. An 
approximating function consisting of adaptable built-in parameters 
is optimized subject to given training observations by the proposed 
learning process, and verified for transformation of novel testing 
observations to images in the low-dimensional output space.



Optimized internal representations sketch graph-organized supports of 
distributed data clusters and their representative images in the output 
space. On the basis, the approximating function is able to operate for 
testing without reserving original massive training observations. The 
neural approximating model contains multiple modules. Each activates a 
non-zero output for mapping in response to an input inside its 
correspondent local support. 



Graph-organized data supports have lateral interconnections for 
representing neighboring relations, inferring the minimal path 
between centroids of any two data supports, and proposing 
distance constraints for mapping all centroids to images in the 
output space. Following the distance-preserving principle, this 
work proposes Levenberg-Marquardt learning for optimizing 
images of centroids in the output space subject to given 
distance constraints, and further develops local embedding 
constraints for mapping during execution phase. Numerical 
simulations show the proposed neural approximation effective 
and reliable for nonlinear dimensionality reduction mapping. 















http://134.208.26.59/%E8%BB%9F%E9%AB%94%E5%AF%A6%E4%BD%9Cpython2022_1/AI%E8%AB%96%E5%A3%872024Final.pdf


NDHU Library 
EBook





https://www.math.unipd.it/~mrrusso/Didattica/NA-Yaounde/Manual.pdf


https://www.academia.edu/9603444/Numerical_Analysis_and_Scientific_Computing










T(N=2000) = polynomial of N 
Not exist such polynomial

TSP 
Bipartite







https://youtu.be/X1VW8uK8HIs?si=8arSU8qVY87_hqzh






https://gpfai.net


數值方法（本系大三）

Topic 
Problem statement 

Material and Data generation 
Method and procedure 

numerical results 
summary 



















https://www.sciencedirect.com/science/article/pii/S0893608014001312
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Neural networks for 
regression, function 

approximation and prediction



APPROXIMATION

input 
output

Learning a deep neural 
network

An approximating 
network

optimal interconnections

v1 = tanh(2x1 + 0.5x2 − 1)
v2 = tanh(x1 − x2 + 1)

y = 2cos(2v1 − v2 − 1) + sin(v1 + v2 − 1)



    v = [tanh(2*x(:,1)+0.5*x(:,2)-1) tanh(x(:,1)-x(:,2)+1)];
    y= 2*cos(2*v(:,1)-v(:,2)-1)+sin(v(:,1)+v(:,2)-1);



v1 = tanh(2x1 + 0.5x2 − 1)

v2 = tanh(x1 − x2 + 1)

y = 2cos(2v1 − v2 − 1) + sin(v1 + v2 − 1)



APPROXIMATION

input 
output

Learning a deep neural 
network

An approximating 
network

optimal interconnections

v1 = sign(2x1 + 0.5x2 − 1)
v2 = sign(x1 − x2 + 1)
y = sign(v1v2)



    v = [sign(2*x(:,1)+0.5*x(:,2)-1) sign(x(:,1)-x(:,2)+1)];
    y= sign(v(:,1).*v(:,2));



v1 = sign(2x1 + 0.5x2 − 1)
v2 = sign(x1 − x2 + 1)
y = sign(v1v2)





58

Data oriented function approximation
● Adaptable function

Optimal network 
parameters

An adaptable 
network mapping
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Figure 4



Figure 5
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Figure 7

Data driven function approximation



Chaotic differential function 
approximation
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Data driven long-term prediction

● MG(Mackey–Glass) 17 generated by 
RK(Runge-Kutta) 4

200-step-look-ahead prediction.

Prediction of 
instances  
at step 500-700
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Data driven long-term prediction

● MG(Mackey–Glass) 17 generated by 
RK(Runge-Kutta) 4

200-step-look-ahead prediction.
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●  
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correlation 
coefficient 
0.9999

correlation 
coefficient 
0.9993



69

Mackey-Glass 30

●  

30
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CDFA: Nonlinear delay differential 
equations

●  

J.C. Sprott, A simple chaotic delay differential equation, Phys. Lett. A 366 
(2007) 397–402.



Adavanced Numerical Computation 2008, 
AM, NDHU
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LM learning for MLP 

Two-dimensional Function Approximation



Adavanced Numerical Computation 2008, 
AM, NDHU
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Learning MLPotts networks 

Two-dimensional function approximation 
by learning MLPotts networks  
(Wu 2008)



Adavanced Numerical Computation 2008, 
AM, NDHU
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Approximating Gabor function

Learning generalized adalines (Wu et al 2006)



Adavanced Numerical Computation 2008, 
AM, NDHU
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Learning gadaline networks 

Approximating Gabor function



Adavanced Numerical Computation 2008, 
AM, NDHU
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)(zy

Sinusoidal function approximation

Learning gadaline networks (Wu et al 2006)
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Figure 9



Figure 10





One-to-many function approximation to 

• P=5;k=M=30;N=100
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3D image recognition & 
iPhone AI Apps 



Mathematical computation 
for 3D face reconstruction

Matlab Software



x = linspace(0,4*pi,10); 
y = sin(x);













圖四、A. 部分3D人臉的原始資料點．B. 3D人臉的主彈性網．C. 3D人臉的巨型彈性網模式．

圖片節錄自研究文獻[13]



圖六、B、完整的臉頰、鼻子、嘴、下巴3D
人臉幾何重構與近似

圖片節錄自研究文獻[24]

圖六、A完整的臉頰、鼻子、嘴、下巴3D
人臉幾何重構與近似

圖片節錄自研究文獻[24]



• An App published  

• Integrate AI CNN models 
with touch screen of iPhone 

• Author is graduated from 
AM NDHU 

• 2018 

AI App
Handwriting 99 multiplication



A Book

Deep learning has become a trending area 
o f r esea rch due t o i t s adap t i ve 
character ist ics and high levels of 
applicability. In recent years, researchers 
have begun applying deep learning 
strategies to image analysis and pattern 
recognition for solving technical issues 
within image classification. As these 
technologies continue to advance, 
professionals have begun translating this 
intelligent programming language into 
mob i l e app l i ca t i ons f o r dev i ces . 
Programmers and web developers are in 
need of significant research on how to 
successfully develop pattern recognition 
applications using intelligent programming.

https://books.google.com.tw/books?id=LTDeDwAAQBAJ&printsec=frontcover&hl=zh-TW&source=gbs_ge_summary_r&cad=0#v=onepage&q&f=false




MatConvNet Deep Learning and iOS Mobile App Design for Pattern 
Recognition: Emerging Research and Opportunities is an essential 
reference source that presents a solution to developing intelligent pattern 
recognition Apps on iOS devices based on MatConvNet deep learning. 
Featuring research on topics such as medical image diagnosis, 
convolutional neural networks, and character classification, this book is 
ideally designed for programmers, developers, researchers, 
practitioners, engineers, academicians, students, scientists, and 
educators seeking coverage on the specific development of iOS mobile 
applications using pattern recognition strategies.







https://www.vlfeat.org/matconvnet/


MatConvNet

Robot iPhone TV

TensorFlow, 
Keras

Dlnetwork

CoreML

ManualDesign to 
SeriesNet

Matlab 2024a

Matlab 2024a





https://www.embeddedcomputing.com/technology/ai-machine-learning/computer-vision-speech-processing/radsee-launches-automotive-4d-imaging-radar


Iphone X and Cray II



Standalone AI App on Iphones





https://www.youtube.com/watch?v=qZY6y1IVIfw


Hand Writing 
Character 

Recognition

• Hand writing 

• Deep learning  

• Deep CNN 

• AI Pattern Recognition 



Hand 
Writing 

Character 
Recognition

https://www.youtube.com/watch?v=c_uiFbHY4cc&feature=youtu.be
https://www.youtube.com/watch?v=c_uiFbHY4cc&feature=youtu.be
https://www.youtube.com/watch?v=c_uiFbHY4cc&feature=youtu.be
https://www.youtube.com/watch?v=c_uiFbHY4cc&feature=youtu.be








Detections for class 'car'

0.9980
0.9960

0.9936 0.96790.9489 0.8772 0.6842

MatconvNet/examples/fast_rcnn

Problem 
Architecture 

Learning  
Data 

Execution 
Results 

your comments 
. 
. 
. 

Reference

 fast_rcnn_demo

http://www.vlfeat.org/matconvnet/pretrained/

Please download again  fast-rcnn-vgg16-pascal07-dagnn

http://www.vlfeat.org/matconvnet/pretrained/
http://www.vlfeat.org/matconvnet/models/fast-rcnn-vgg16-pascal07-dagnn.mat






https://www.youtube.com/watch?v=Aut32pR5PQA


https://www.csail.mit.edu/news/artificial-intelligence-senses-people-through-walls




Neural Networks : 
Application and 

algorithm



https://www.mathworks.com/help/deeplearning/


• Linear projection, Projective fields 

• Radial basis function 

• Pooling, Stacking, Tensor 

• Lattice-structured data organized following minimal wiring maximal fitting principle 

• Post-nonlinear transformation 

• Relu 

• Sigmoid function 

• Built-in parameters optimized by minimization of the mean square error 

• Softmax 

• Softmaxloss 

• 2d convolution, 3d convolution

Computation

AX tanh

Output:   
 

A1x + A2x = (A1 + A2)x = Ax
tanh(A1x) + tanh(A2x) ≠ tanh(Ax)

sigmoid(x) =
tanh(x) + 1

2

 h1, h2, . . . , hn

zi =
ehi

∑j ehj



• Backpropagation 

• Gradient descent method 

• Stochastic gradient descent algorithm 

• Newton-Gauss method 

• Levenberg-Marquardt method 

• Expectation maximization method 

• Simulated annealing method 

• Mean field annealing method 

• Annealed expectation maximization method 

• A hybrid of the gradient descent and mean field annealing methods

Numerical algorithm
 
 

 
 

h1 = tanh(A1x)
h2 = tanh(A2h1)

hi+1 = tanh(Ai+1hi)
z = hn = tanh(Anhn−1)dz

dx
= ?



https://www.mathworks.com/help/deeplearning/ug/train-vision-transformer-network-for-image-classification.html


https://www.mathworks.com/help/deeplearning/ug/create-simple-deep-learning-network-for-classification.html


https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-networks.html

