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Dimensionality Reduction and 
Unsupervised Learning

Greg Grudic
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Outline

• Principle Component Analysis (PCA)
• Independent Component Analysis (ICA)
• Principle Curves
• Data with outputs
• Partial Least Squares (PLS) 
• K Means
• Spectral Clustering
• Locally Linear Embedding (LLE)
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Principle Component Analysis 
(PCA)

• Assume data
• Find k projections in input space
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PCA II

• The k projections are called the k principle 
components
– The principle components are uncorrelated

• The k projections are the eigenvectors of the 
data correlation matrix
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Kernel PCA

• The data is projected into a kernel matrix
• The kernel matrix is centered and the top k 

eigenvectors are obtained
• This gives the following nonlinear 

projections
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Principle Curves
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Independent Component Analysis 
(ICA)

• Similar to PCA – find k projections

• However, the independent components are now  
assumed to be statistically independent rather than 
uncorrelated
– How this independence is defined is an open research 

questions (e.g. all moments have zero dependence)
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What if your data has outputs?
• Data 

• Can build models in ICA, PCA or Principle Curve 
Space: 

• The model can be generated using any supervised 
learning algorithm

• However, the                  may not be good 
predictors
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Partial Least Squares (PLS)

• Uses the outputs to obtain the principle 
components.

• For the components                      PLS 
maximizes

• Compare to PCA

1,...,m k=

( ) ( )2

1
0, 1,..., 1

max Corr , Var
T
l S l m

α
ϕ α

α α
=

= = −

y X X

( )
1

0, 1,..., 1

max Var
T
l S l m

α
ϕ α

α
=

= = −

X



6

21

Spectral Clustering

• Essentially K Means in the eigenvector 
space of the Kernel Matrix
– Usually a Gaussian Kernel is used.

22

On spectral clustering: Analysis and an algorithm. A. Y. Ng, M. I. Jordan, and Y. Weiss. 
In T. Dietterich, S. Becker and Z. Ghahramani (Eds.), 
Advances in Neural Information Processing Systems (NIPS) 14, 2002.
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Locally Linear Embedding (LLE)
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