
Mathematical computation 
for 3D face reconstruction

Matlab Software



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















domain: a set of 280,000   
hw-digit images
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BINARY NEURON
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h = w1x1 + w2x2 + w3

v = 1 if h ≥ 0
= 0 otherwise



APPROXIMATION

y = sign(2x1 + x2 − 1) − sign(x1 − 2x2 + 1)

input 
output

Learning a discrete neural 
network

An approximating 
network

optimal interconnections
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Adaptive Linear Element
ADALINE of Widrow



APPROXIMATION

y = tanh(2x1 + x2 − 1) − tanh(x1 − 2x2 + 1)

input 
output

Learning a discrete neural 
network

An approximating 
network

optimal interconnections
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HYPER TANGENT
Differentiable sigmoid function



CONTINUOUS NEURON

perceptron of Rossenblatt
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PERCEPTRON

1

∑

x1

x2

w1

w2
w3

h v

h = w1x1 + w2x2 + w3

v = tanh(h)
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A MULTILAYER NEURAL 
NETWORK
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A DEEP NEURAL 
NETWORK
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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)



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/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






 41

Nonlinear function approximation
● Given samples from a high-dimensional nonlinear 

single-valued mapping, the goal is to optimize 
adaptable parameters for faithful approximation

Optimal network 
parameters

An adaptable 
network mapping
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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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Figure 4



Figure 5
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Chaotic differential function 
approximation
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●  
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Data driven long-term prediction

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

200-step-look-ahead prediction.



 52

correlation 
coefficient 
0.9999

correlation 
coefficient 
0.9993
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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

  Function  Approximation

Multiple input variables 
Nonlinear mapping from domain to 
range
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tanh

211 32)2,1( xxyxxf +== 212 32)2,1( xxyxxf −==



Adavanced Numerical Computation 
2008, AM, NDHU

58

Two post-nonlinear projections
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Intelligence computations

• Neural networks 
• Machine Learning 
• Data analysis 
• Numerical computations
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Function approximation



Adavanced Numerical Computation 
2008, AM, NDHU

61

One-dimensional function approximation
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LM learning for MLP 

Two-dimensional Function Approximation
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Learning MLPotts networks 

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

Learning generalized adalines (Wu et al 2006)
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Learning gadaline networks 

Approximating Gabor function
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)(zy

Sinusoidal function approximation

Learning gadaline networks (Wu et al 2006)
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50-step-look-ahead long term predictions of Mackey-Glass 17 data
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Robot arm control
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Pen writing recognition
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Covariance Matrix Analysis

80



Function approximation v.s One-to-many 
mapping



• P=2,k=25 
• 2 tanh function 
• mse=0.0022



• P=2,k=25 
• 2quadratic function 
• Mse=0.0089



One-to-many function approximation to 

• P=5;k=M=30;N=10
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Approximating functions
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2-type deterministic transition



3-type deterministic transition



2-type Stochastic transition



3-type Stochastic transition
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Differential function approximation

• Neural Networks

98
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Clustering analysis

Find data clusters
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Rotated distributed clusters
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Deformable gridding
Place a lattice to structure distributed clusters
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Self-organization
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dataGenerative model

Forward data generation

Backward parameter estimation
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Flip 
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Gaussian Mixture Generative model

Wu 2002 
Wu & Lin 2002
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Analysis of Natural images
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Generative models of natural images

Local means
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Sudoku
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Sudoku
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Sudoku
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BSS

Blind source separation – fetal ECG
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sources

mixed images

AemICA

JadeICA

Mixed Facial images

Wu et al 2008
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N1 N2

P3

P2

ERP(event related potential)
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Figure 12

N1 N2
P2

P3

ICs of ERP (Wu et al 2008)


