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Ç Latent variable models

ü Linear models
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V Mixture of Probabilistic PCA

Ç Global nonlinear models
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ü Nonlinear latent variable models

V Generative Topographic Mapping

V Probabilistic Principal Surfaces

× Spherical PPS

× An easy-to-use graphical user interface

Ç Hierarchical latent variable models: overview

ü Hierarchical agglomeration of PPS: the Neg Entropy Clustering algorithm

Ç Conclusions
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KDD Main Steps

Process involved in whatever data -rich field aimed to 

extract meaningful information from data

I NTRO : KNOWLEDGE DISCOVERY IN DATABASES (KDD)
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I NTRO : KDD AND DATA M INING

ÇData Mining is a key step in KDD process aimed 

to find meaningful patterns in the data

ÇData Mining Methods

ü Regression

ü Classification

ü Clustering

ü Data Visualization
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I NTRO : DATA VISUALIZATION

Ç Visualization plays a key role in developing good models for

data, especially when the quantity of data is large

ü It allows the user to interact with and query the data more

effectively

ü It is an important aid in feature selection, gives information about

local deviations in performance and provides a useful òsanity

checkófor objective quantitative measures (such as generalization

performance)

ü It plays an important role in the search for clusters of similar data

points, which are most easily determined by eye

ü The size and the complexity of many data sets means that simple

visualization methods, such as PCA, are not very effective
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I NTRO : SAMPLE DATA SET

ÇGOODS Catalog (7 optical bands: U,B,V,R,I,J,K )

ü 28405 sources (WFI+SOFI)

ü 21 parameters (Magnitude, Kron Radius, Flux, for each 

band)

ü24872 òdrop outsó

ÇSources labeled as Star , Galaxy , DStar (Dropped 

Star) and DGalaxy (Dropped Galaxy)
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TRADITIONAL VISUALIZATION METHODS

SCATTER PLOTS

ÇScatter Plot : simple plot of one variable against 

another

ÇScatter Plot Matrix : matrix of scatter plots 

showing the relationship between several pairs of 

variables

ÇUseful for determining whether the values of two 

variables or the relationship between those 

variables is the same
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SCATTER PLOT : EXAMPLE
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TRADITIONAL VISUALIZATION METHODS

SCATTER PLOTS

ÇScatter plots results less useful:

ü for very high dimensional data

ü the relations between variables are very complex and 

hard to interpret

üRelations only between pairs of features
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TRADITIONAL VISUALIZATION METHODS

PRINCIPAL COMPONENT ANALYSIS (PCA)

Ç A classical linear projection method that preserves as much data 

variance as possible

ü Fast and easy to compute

Ç Suppose that we are trying to map a dataset of vectors tn (n = 1,é, N) 

in V = RD to vectors xn in U = RQ , a subspace of V

Ç The quality of the approximation is measured by the residual sum -of-

squares error

where Sis the covariance matrix of the data  

Ç The minimal error is achieved by projecting the data into the space 

spanned by the eigenvectors corresponding to the largest Q

eigenvalues
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PCA 2D illustration: In a linear projection down to one dimension, the 

optimum choice of projection, in sense of minimizing the sum of squares 

error, is obtained by first subtracting off the mean    of the data set, and 

then projecting the data into the first eigenvector u 1 of the covariance 

matrix.

TRADITIONAL VISUALIZATION METHODS

PCA 

x
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PCA: 2D EXAMPLE
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PCA: 3D EXAMPLE
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TRADITIONAL VISUALIZATION METHODS

PCA

ÇUnable to capture the nonlinear nature of data

Ç Inadequate to characterize strong overlapping 

data

ÇNot effective for complex data visualization
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LATENT VARIABLE MODELS

ÇGoal : to express the distribution p(t ) of the variable 

t=(t1,é,tD) in terms of a smaller number of latent 

variables x=(x1,é,xQ), Q<D

ÇHow : by expressing the joint distribution

(1)

p(x)¹marginal distribution of the latent variables

p(t | x)¹conditional distribution of the data variables given the 

latent  variables
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LATENT VARIABLE MODELS (2)

Ç p(t | x) is expressed in terms of a mapping from 

latent variables to data variables, so that

y(x,W) is a  function of the latent variable x with 

parameters W; u is an x-independent noise process

Ç If the components of u are uncorrelated, the 

conditional distribution for t will factorize as in (1)

uWxt += ),(y
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LATENT VARIABLE MODELS (3)
Ç The definition of the model is completed by specifying 

y(x,W) and p(x). y(x,W) determines the type of the 

latent variable model: 

ü A linear y implies a linear latent variable model

ü A nonlinear y implies a nonlinear latent variable model

ÇBy margilizing over the latent variables, we obtain 

Ç The integral is analytically intractable, except for 

specific forms of the distributions p(t | x) and p(x)

ñ= xxxtt dppp )()/()(

17



DSA ðJune 17, 2009

L INEAR LATENT VARIABLE MODELS

PROBABILISTIC PCA (PPCA)

ÇClassical PCA is made into a density model by using a 

latent variable approach

Ç derived from factor analysis

Ç the data t is generated by a linear combination of a number of 

hidden variables x:

t =Wx +ȋ+u

where x has a zero mean, unit isotropic variance, Gaussain 

distribution N(0,I), ȋ is constant and u is a t - independent noise 

process
18
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L INEAR LATENT VARIABLE MODELS

PPCA

Ç The probability model for PPCA is written as a combination of the conditional 

distribution

and the latent variable distribution

Ç By integrating out the latent variable x , we obtain the marginal distribution 

of the input data points, which is also Gaussian: t ~N(ȋ,C), with C=WWT+Ȓ2I

Ç This model represents the data as consisting of a lower dimensional linear 

subspace surrounded by equal noise in all directions

Ç The parameters of the distribution, W and Ȓ can be computed by an iterative 

maximization of the log-likelihood function through the EM algorithm
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L INEAR LATENT VARIABLE MODELS

PPCA

Ç The input data points are plotted, in the latent space, by using 

the posterior distribution of the latent variable x given the 

observed data t . By using the Bayesõ theorem, we obtain the 

distribution

p(x /t )~N(M -1WT(t -ȋ),Ȓ2M -1), 

where M= WTW+ Ȓ2I (whose dimensions are QxQ)

Ç In order to map t to a single point in the latent space, the mean of 

the posterior distribution M -1WT(t -ȋ) is computed
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L INEAR LATENT VARIABLE MODELS

M IXTURE OF PPCA
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Ç PCA is a rather limited technique since it only defines a 

linear projection of data

Ç An alternative approach is to model a complex nonlinear 

structure by a collection of local linear models

Ç A major advantage of developing a probabilistic 

formulation of PCA is that we can formalize the idea of a 

collection of models as a mixture of PPCA:

Ç It is straightforward to obtain an EM algorithm to 

determine the parameters of the mixture
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L INEAR LATENT VARIABLE MODELS

M IXTURE OF PPCA

Ç The mixture of PPCA model is appropriate when 

the data is approximately piece -wise linear
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GLOBAL NON LINEAR MODELS

SELF ORGANIZING MAPS (SOM)

Ç SOM is based on an unsupervised competitive learning 

(training is entirely data -driven and the neurons compete 

with each other)

Ç A SOM is composed by neurons located on a regular 1 or 2 -dimensional 

grid

Ç Each neuron i of the SOM is represented by a D -dimensional  weight or 

reference vector :

Ç Neurons are connected to adjacent ones by a neighbourhood relation 

dictating the topology of the map
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GLOBAL NON LINEAR MODELS

SELF ORGANIZING MAPS (SOM)

Ç Training : based on Competitive Learning (not only the most

similar prototype vector, but also its neighbors on the map are

moved towards the data vector)

ü In each training step, one sample vector t , from the input data set, is

chosen and a similarity measure is calculated between it and all the

weight vectors of the map

ü The Best-Matching Unit (BMU) is the unit whose weight vector has the

greatest similarity with the input sample t
24

in the 2D dimensional

case, the neurons of the

map can be arranged

either on a rectangular

or a hexagonal lattice
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GLOBAL NON LINEAR MODELS

SELF ORGANIZING MAPS (SOM)

ÇU-Matrix (Unified distance matrix )

ü Visualizes the clustering structures of the SOM as 

distances (in the assumed metric) between 

neighboring map units

ü high values of the U -matrix indicate a cluster border, 

uniform areas of low values indicate clusters 

themselves
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SOM: U -MATRIX

ÇRegions of   low   

values (blue color ) 

represent clusters 

themselves

ÇRegions of high 

values (red color)

represent cluster 

borders
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