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● Multilayer Perceptrons (MLP) 

● Perceptrons  
● Post-tanh projections 
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● Multilayer Potts perceptrons (MLPotts)  
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Perceptrons
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•Rosenblatt (1962), Widrow (1962)  
•Post-tanh (sigmoid-like) projection
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Linear projection
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• Reduce to linear projection 
  when tanh is removed

v=f(h) 
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Linear projection vs post-tanh projection
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http://www.nature.com/nature/journal/v323/n6088/abs/323533a0.html


Multiple perceptrons
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Multilayer perceptrons (MLP)  
(Rumelhart, 1986)



Network Function
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Multiple post-tanh projections
M=2,d=2 
f(x1,x2)= (2*x1+3*x2+1) 
              +(2*x1-3*x2+2)   

                                              

f(x1,x2)=tanh(2*x1+3*x2+1) 
             
+tanh(2*x1-3*x2+2)                                      



Paired data for function approximation

● Target function  
● Paired Data 


● Predictors 


● Targets
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Paired data
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Function approximation
● Approximating function :  

● Multilayer perceptrons 
● Equivalently, multiple post-tanh projections 

● Subject to given paired data, optimize 
network parameters, θ={a,b,r}, to 
reconstruct the unknown target function.



Approximating error
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Unconstrained optimization
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Target functions I
(2009,Wu)



Target function II
 (2006 Wu et al)



Install  NNSYSID (2001)

1. Install 


2. Download  



3. Set path to recruit the directory of where 
NNSYSID is installed

The NNSYSID Toolbox

findabr.m
(Levenberg Marquardt method)

x2y_MLP.m

http://www.iau.dtu.dk/research/control/nnsysid.html
findabr.m
x2y_MLP.m


Training and Testing

Generate two sets of  
paired data randomly

Training set

Testing set

LM method  
(findabr.m) 

y=f(x;θ) 
 x2y_MLP.m

Testing errors 
Etesting

θopt



Multilayer Potts perceptrons

● Perceptrons  
Rosenblatt (1962), Widrow (1962)  

● Adalines  
Widrow, 1962 

● Generalized adalines 
Wu 2001, Wu et al 2006 

● Multilayer Potts perceptrons 
Wu 2008  

   



Why tanh?
● Spin random variable s∈{+1,-1} 
● s depends on h 
● Conditional probability of s to h is defined 

by 


● Then
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Potts random variable

● Potts random variables δ  
●  δ ∈ {e1,e2,…,eK} 
● K states 
● ek : a unitary vector with the kth bit one 

and others zeros



Potts perceptrons
● Conditional probability of δ to h is defined by
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Multi-state transfer function
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posterior weight vector
Receptive field

Post-nonlinearity

A weighted Potts perceptron
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Multiple Potts perceptrons



Levenberg-Marquardt (LM)

● Numerical methods for unconstrained 
optimization 
● Gradient descent (GD) method 
● Newton-Gauss (NG) method 
● LM method: a hybrid of GD and NG methods



target function
approximating function



Target function: y2 
MLPotts(M=3,K=41)
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Mean square error(Testing cost): 0.003803

MLPotts learning



Target function: y5 
MLPotts(M=2,K=31)
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Target function: y6 
MLPotts(M=3,K=31)
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Target function: y8 
MLPotts(M=3,K=31)

Figure 7
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Numerical Simulations
(Wu 2008)



Numerical simulations



Ratio of parameters for post-nonlinear

● d: data dimension 
● Ratio of parameters utilized for post-nonlinear 

representations 
● MLP 



●  MLPotts
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Ex. d=8, K=31 
RatioMLP :     12.50 % 
RatioMLPotts :  80%



Classification

●  
MATLAB 
code2006\Apps\FunAppr\Separation



Conclusions
● Advantages of MLPotts 

● Increasing the state number of Potts perceptrons is 
shown able to boost utilization of parameters for 
post-nonlinear representations 

● Perceptrons are special cases of Potts perceptrons 
● MLP networks are special cases of MLPotts 

networks 
● LM method is effective for MLPotts learning 
● MLPotts learning outperforms MLP learning for 

function approximation as well as time series 
prediction (2008 Wu)
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