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Levenberg-Marquardt Learning for
RBF neural networks
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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
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Linear projection vs post-tanh projection
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Multiple perceptrons
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Multilayer perceptrons (MLP) 
(Rumelhart, 1986)
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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)           
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Paired data for function approximation
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Paired Data
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Paired data
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Hyper-plane Fitting

MLP_Tool.fig MLP_Tool.m

________________________________
mcc –m MLP_Tool.m

________________________________

MLP_Tool.ctf MLP_Tool.exe
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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.
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Approximating error
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Unconstrained optimization
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Target functions I
(2009,Wu)
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Target function II
(2006 Wu et al)
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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
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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
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Network function
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Architecture
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Network parameter
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Training set
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Training

Mean square error

∑
=

−=
N

t
S tyty

N
E

1

2))|(][(
2
1)( θθ



Adavanced Numerical Computation 23

Unconstrained optimization

)(E minimize  to S θθFind
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Iterative approaches

•Gradient method

•Newton-Gauss method

•Levenberg-Marquardt method
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1. Initialize      with i=0

2. Determine 
3. Update network parameters

4. If halting condition holds, exit
otherwise i=i+1, go to step 2 

Iterative approach

iθΔ
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Objective function

Desired
output

Network
output
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Gradient method
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Gradient
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Error
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Exercise

Function approximation
Learning radial basis functions 
2D


