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Imagenet 
Deep learning of convolutional 

neural networks for image 
recognition 



https://youtu.be/YXY02KzwFYQ


https://youtu.be/4dato4YxXtc


First order recursive 
function : generating 

Ikeda Map



MIMO SISO
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f1
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f

x[n] = (x1[n], x2[n])

x[n + 1] = (x1[n + 1], x2[n + 1])



Alexandros Leontitsis (2021). Chaotic Systems Toolbox (https://www.mathworks.com/matlabcentral/fileexchange/1597-chaotic-systems-toolbox), 
MATLAB Central File Exchange. Retrieved October 2, 2021.

https://www.mathworks.com/matlabcentral/fileexchange/1597-chaotic-systems-toolbox


t = 0.4 −
6

1 + x2
0 + y2

0

x1 = 1 + μ(x0cos(t) − y0sin(t))

y1 = μ(x0sin(t) + y0cos(t))



t = 0.4 −
6

1 + x2
0 + y2

0

x1 = 1 + μ(x0cos(t) − y0sin(t))

for i=2:n  

t = 0.4 −
6

1 + x2
i−1 + y2

i−1

xi = 1 + μ(xi−1cos(t) − yi−1sin(t))

parfor

y1 = μ(x0sin(t) + y0cos(t))

yi = μ(xi−1sin(t) + yi−1cos(t))
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yi = μ(xi−1sin(t) + yi−1cos(t))





t = 0.4 −
6

1 + x2
0 + y2

0

x1 = 1 + μ(x0cos(t) − y0sin(t))

y1 = 1 + μ(x0sin(t) − y0cos(t))





Learning neural 
functions for prediction 

Given  n=2000 points generated by Ikeda 
map, learn mapping from  to  and 

predict n=2001~3000
xn xn+1







(x0
y0) → (x1

y1) . . . → (xn−1
yn−1) → (xn

yn)

̂x = F(x, y |θ1)
̂y = F(x, y |θ2)

F is a neural function and  
denotes adaptive parameters

θ

Given time series, learning is to 
optimize adaptive parameters for 
approximating the underlying 
map





•  

• Find  

• Find 

zn = [xn, yn]

xn+1 = f(zn |θx)

yn+1 = f(zn |θy)

Prediction





x = z';
t = target’;
trainFcn = 'trainlm';  % Levenberg-Marquardt backpropagation.
 
% Create a Fitting Network
hiddenLayerSize = 30;
net = fitnet(hiddenLayerSize,trainFcn);
 
% Setup Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;
 
% Train the Network
[net,tr] = train(net,x,t);
 
% Test the Network
y = net(x);
e = gsubtract(t,y);
performance = perform(net,t,y)
 
% View the Network
view(net)

demo_iketa_x



https://www.youtube.com/watch?v=8AgH5aOl-NQ


,   x[n] = (xn
yn)

x[n + 1] = (
Fx(xn, yn |θopt)
Fy(xn, yn |θopt))



Learning previous data 
and Prediction of future

(x0
y0) → (x1

y1) . . . → (xn−1
yn−1) → (xn

yn)

(xn
yn) → ( ̂xn+1

̂yn+1) . . . → ( ̂x2n−1

̂y2n−1) → ( ̂x2n

̂y2n)



Step 1. Generate 2001 Ikeda data, x(1:2001) and y(1:2001) 
Step2. Set z = [x(1:2000), y(1:2000)], target =x(2:2001). 
Learning net_x for approximating   . Set net_x to net 
Step3.  Set z = [x(1:2000), y(1:2000)], target =y(2:2001). 
Learning net_y for approximating   . Set net_y to net 
Step4. Apply net_x and net_y to predict Ikeda data, 
x(2001:3000) and y(2001:3000) 

Fx(xn |θ)

Fy(xn |θ)

Our first project : learning 
Ikea data and predicting 

future data 



Lorentz Time series 



Density support 
Lorentz time series 

approximation and prediction



1. Download chaotic system toolbox 

2. Generate Ikeda data for n=3000 and plot all 
data (page 14) 

3. Install and test neural fit toolbox 

4. Prepare training  and testing data for 
approximation (page 22)

Project : Ikeda data generation and approximation for 
prediction

Step-wise procedure 

https://www.mathworks.com/matlabcentral/fileexchange/1597-chaotic-systems-toolbox


https://www.youtube.com/watch?v=hJyt4oTHqMc


• Train a neural function for predicting x value and export the 
neural function  

• Train a neural function for predicting y value and export the 
neural function  

• Apply exported  and  to generate Ikeda data 2001-3000, and 
plot the generated data

Fx

Fy

Fx Fy
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My determinat I
Matlab det 

Recurrent relation of Laplacian expansion



det(A) = ? n=100



Deleting row 1 and column i

A1i =

n × n

(n − 1) × (n − 1)



A1i =

1. A subtask that finds determinant of sub-matrix . 
2. n subtasks that find determinants of  for all . 
3. Combine answers of n subtasks to determine 

det(A)

A1i
A1i i

(n − 1) × (n − 1)

I = 1…n 





• det(A) is decomposed to n sub-tasks  
• Each calculates determinant of an (n-1)-by-(n-1) matrix 
• The problem size is reduced from n to n-1

Recurrent relation of 
Laplacian expansion
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Recursive programming based on Laplacian 
expansion

m==2 & 
n==2

T

ans=A(1,1)*A(2,2)-A(1,2)*A(2,1)

function ans= mydet(A)

for i=1:n

B=[A(2:n,1:i-1) A(2:n,i+1:n)] 

ans=0 
[m,n]=size(A)

ai= (-1)^(i+1)*A(1,i)*mydet(B) 
ans = ans +ai

Exit

start

if



Recursive programming based on Laplacian 
expansion

m==2 & 
n==2

T

ans=A(1,1)*A(2,2)-A(1,2)*A(2,1)

function ans= mydet(A)

for i=1:n

B=[A(2:n,1:i-1) A(2:n,i+1:n)] 

ans=0 
[m,n]=size(A)

ai= (-1)^(i+1)*A(1,i)*mydet(B) 
ans = ans +ai

Exit

start

Basic 
form

Use no recursive 
calls Recursive 

call



Recursive call in my_det is a statement that 
calls my_det for calculating determinant of a 
sub-matrix. 

How to implement the flow chart? Drawback? 
Advantages?



Implementation of det
Laplacian exapansion



• Computational complexity, O(n!), non-
polynomial 

• Time consuming  
• Memory consuming 
• If n >10, it results in intolerant computing 

time to evaluate determinant by recursive 
programming. 

• An improvement by Bareiss's standard 
fraction free Gaussian elimination  

n: problem 
size 



Pr(x) ∝ exp(−
1
2

(x − μ)TΣ−1(x − μ))

∫ Pr(x)dx = 1

1

2π
e− x2

2



My Determinant II

Bareiss's standard fraction free Gaussian 
elimination



Bareiss's standard fraction free Gaussian 
elimination



          for k=1:N 
         for i=k+1:N 

       for j=k+1:N 

[N,M]=size(A);  
a=zeros(N,N,N); 



       for k=1:N 
       for i=k+1:N 
       for j=k+1:N 

      end 
      end 
      end 



52

     if k==1 
     a(i,j,k)=A(k,k)*A(i,j)-A(i,k)*A(k,j); 
     end 

     if k==2 
     a(i,j,k)=(a(k,k,1)* a(i,j,1)-a(i,k,1)* a(k,j,1))/A(k-1,k-1); 
     end 

     if k>2 
     a(i,j,k)=(a(k,k,k-1)* a(i,j,k-1)-a(i,k,k-1)* a(k,j,k-1))/a(k-1,k-1,k-2); 
     end 



[N,M]=size(A);  
a=zeros(N,N,N); 
for k=1:N 
for i=k+1:N 
for j=k+1:N 
     if k==1 

     a(i,j,k)=A(k,k)*A(i,j)-A(i,k)*A(k,j); 
     end 
     if k==2 

    a(i,j,k)=(a(k,k,1)* a(i,j,1)-a(i,k,1)* a(k,j,1))/A(k-1,k-1); 
     end 
     if k>2 

     a(i,j,k)=(a(k,k,k-1)* a(i,j,k-1)-a(i,k,k-1)* a(k,j,k-1))/a(k-1,k-1,k-2); 
     end 
end 
end 
end 
a(N,N,N-1) 



How to develop a novel algorithm 
for calculating determinant based 

on the two previous methods for 
further improvement?



Dimensionality reduction : 
Locally Linear Embedding 

LLE

Nonlinear Dimensionality 
Reduction



https://lvdmaaten.github.io/drtoolbox/


% step 1. add all sub-directories
clear all
dataname="swiss";
[X,labels,t]=generate_data(dataname,5000,0);
plot3(X(:,1),X(:,2),X(:,3),'.')
no_dims = 2;
k = 12;
[mappedX, mapping] = lle(X, no_dims, k);
figure
plot(mappedX(:,1),mappedX(:,2),'.')

Number of 
neighbors









3D data
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An embedded 2D manifold



Discover embedding



https://web.mit.edu/cocosci/archive/Papers/sci_reprint.pdf
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ISOMap
Matlab demo function









9.30









Science paper

• Nonlinear dimensionality Reduction by locally linear 
embedding



https://www.robots.ox.ac.uk/~az/lectures/ml/lle.pdf


|x |2 = xT x

Objective 
function

Constraints





Method 1 
provided 
in paper



1

1

1 2 5000

1

5000

i

j

NB(i,j)=1,  if  is a neighbor of xj xi



, where   

 

zj = xj − xi xj ∈ NB(xi)

C = ∑
j∈NB(i)

zT
j zj

(C + λI)w =

1
1
1...
1

Codes employed 
by lle 





https://en.wikipedia.org/wiki/Lagrange_multiplier




∂E
∂wi

= 2∑
j

wjCji − λ = 0,for all i

E(w) = ∑
j

∑
k

wjCjkwk − λ(∑
j

wj − 1)

∂E
∂λ

= ∑
j

wj − 1 = 0



∑
j

wjCji −
λ
2

= 0,for all i

E(w) = ∑
j

∑
k

wjCjkwk + λ(∑
j

wj − 1)

∑
j

wj = 1



C11 . . . C1j . . . C1n −1
. . . . . .

Ci1 . . . Cij . . . Cin −1
. . . . . .

Cn1 . . . Cnj . . . Cnn −1
1 . . . 1 . . . 1 0

∑
j

wjCji −
λ
2

= 0,for all i

∑
j

wj = 1

w1. . .
wi. . .
wn

λ

Replace  with 
λ
2

λ

=

0. . .
0. . .
0
1



trace(C) is the 
sum of the 
diagonal 
elements of C

Implementation is not exactly based on the 
Lagrange multiplier



E(w) =
1
2 ∑

j
∑

k

wjCjkwk +
λ
2

(∑
j

wj − 1)2

E(w) =
1
2 ∑

j
∑

k

wjCjkwk +
λ
2

(∑
j

wj)2 − λ∑
j

wj +
λ
2

Regulariza
-tion terms

dE
dw

= (C + λI)w =

1
1..
1



Yi ≈ ∑
j

WijYj



Unitary condition : ∑
j

wj = 1



Codes employed 
by lle 






