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Outline


● Radial Basis Function (RBF) 

● RBF networks 
● NRBF (Normalized Radial Basis Functions) 

● Introduction 
● A model-oriented Mahalanobis-NRBF neural module 
● Annealed KLD minimization 
● Annealed cooperative–competitive learning of multiple Mahalanobis-

NRBF 
● Nonlinear function approximations 
● Chaotic differential function approximation 
● Conclusions
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RBF Network function
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Normalized RBF 
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Mahalanobis-NRBF modules

● A generative model for paired predictors 
and targets 

● A Mahalanobis-NRBF module 
● Annealed competitive learning 
● A network of multiple Mahalanobis-NRBF 

modules 
● Annealed competitive-cooperative 

learning
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A  generative model for paired predictors targets 
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A network of multiple Mahalanobis-NRBF modules
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A Mahalanobis-NRBF module
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Annealed Cooperative Learning
● The proposed cooperative learning asynchronously updates 

network interconnec- tions module-by-module under a 
physical-like mean-field anneal- ing process. By an essential 
cooperative learning scheme the local target of learning an 
individual module is set to compensate the error of 
approximating the global target by outputs of the remain- ing 
modules. Asynchronous updating ensures minimizing the 
global error by refining each individual module of minimizing 
local errors. By the proposed annealed cooperative–
competitive learning, the model-oriented multi-module 
architecture is shown feasible for resolving nonlinear function 
approximation and chaotic differential function approximation.
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paired normal random variables
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A Mahalanobis-NRBF neural 
module

● Conditional probability
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Conditional expectation

●  
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Overlapping membership

●  



!23



!24



!25

Annealed KLD minimization



● Mathematical frameworks 
● Annealed competitive learning
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design cost

●  
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Fitting a generative model

●  



!28

a mixed energy function

●  
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Boltzmann distribution

●  
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A tractable free energy function

●  
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Annealed competitive learning

●  
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Interactive Dynamics

●  
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optimal β 

●  



Annealed cooperative–
competitive learning of multiple 
Mahalanobis-NRBF modules
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A multi-module Mahalanobis-
NRBF network

●  
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Special cases

●  
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●  
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Annealed cooperative–
competitive learning

●  
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Nonlinear function 
approximation
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Figure 4
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Figure 7



Chaotic differential function 
approximation
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●  
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Conclusions and discussions
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