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i ui (x)ŷi (x), where ui = 1PC
l=1(||x−vi ||/||x−vj ||)



Granular Neural Networks
Introduction and definitions

I “Contexts” formed by the distribution of the data in the
output space

I “Functional” weights to the output layer layer
I Each unit in the hidden layer is assigned a linear function
I For unit i : ŷi (x) = yp + aT
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I For a context j define Lj as the set of clusters in the context
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Data-Driven Development Method
Adjust the “free” parameters

I Consider the output of the network:

ŷ(x) =
∑

i

ui (x)ŷi (x) =
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i

ui (x)[ypi + aT
i (x− vi )]

I The only free parameters is ai , all other values were
determined by the clustering algorithms

I Note, that ŷ is linear in ai for all i
I Least squares method can be used to minimize∑N

k=1(ŷ(xk)− yk)2, with respect to ai



Data-Driven Development Method
Adjust the “free” parameters

I Consider the output of the network:
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k=1(ŷ(xk)− yk)2, with respect to ai



Data-Driven Development Method
Adjust the “free” parameters

I Consider the output of the network:
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I Least Squares fitting to find a linear function for each cluster,
that best fits the training data
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I Select the optimal subset of the input variables for each

context
I Use Genetic Algorithms to find the optimal subset
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Quality of reduction

I Idea: keep such variables, that the structure discovered in the
original input space is retained in the reduced input space

I The structure is the same, if the partitioning of the training
samples is the same

I Partitioning matrices cannot be compared directly!

I Idea: Use the proximity between samples to compare the
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∑c
i=1 min(uik1 , uik2 )

I For a partitioning matrix Up, define
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Quality of reduction

I Consider a selection of input variables l

I The proximity can be defined in the reduced input space as well
I Take ul

ik =
Tp(xk )Pc

j=1(
||xl

k
−vl

i
||

||xl
k
−vl

j
||

)2/(m−1)
, where xl

i are the input samples

restricted to the reduced input space, and vl
j are the

prototypes of the clusters found for the reduced input space
I Let U l

p = (ul
ik)N×N be the partitioning matrix in the reduced

input space.
I Define V l

p = ||Prox(Up)− Prox(U l
p)|| =∑N

k1=1

∑N
k2>k1

|ProxUp (k1, k2)− ProxU l
p (k1, k2)|

I Goal: find selection of input variables l , that minimizes V l
p
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Reduction of Dimensionality
The Genetic Algorithm

I Run separately for each context
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