
Unsupervised Learning:
Principle Component Analysis
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Dimension Reduction

Looks like 3-D Actually, 2-D
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Dimension Reduction

ÅIn MNIST, a digit is 28 x 28 dims.

ÅMost 28 x 28 dim vectors are not digits
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Clustering  

ÅK-means
ÅClustering ὢ ὼȟỄȟὼȟỄȟὼ into K clusters

ÅInitialize cluster center ὧΣ ƛҐмΣнΣ Χ Y όY ǊŀƴŘƻƳ ὼ from  ὢ)

ÅRepeat

ÅFor all ὼ in ὢ:

ÅUpdating all ὧ:

Cluster 1 Cluster 2

Cluster 3

Open question: how many 
clusters do we need?
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Clustering

ÅHierarchical Agglomerative Clustering (HAC)

Step 1: build a tree

Step 2: pick a 
threshold

root



Distributed Representation

ÅClustering: an object must 
belong to one cluster 

ÅDistributed representation
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Distributed Representation

ÅFeature selection

ÅPrinciple component analysis (PCA)

?

ὼ

ὼ

Select ὼ

ᾀ ὡὼ[Bishop, Chapter 12]
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PCA

ύ

ὼ Project all the data points x onto ύ , 
and obtain a set of ᾀ

We want the variance of ᾀas large as 
possible
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PCA

We want the variance of ᾀas large as 
possible
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Reduce to 1-D:

Project all the data points x onto ύ , 
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Warning of Math



PCA
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Find ύ maximizing ύ Ὓύ ύ ύ ρ

Ὓ ὅέὺὼ Symmetric Positive-semidefinite
(non-negative eigenvalues)

Using Lagrange multiplier [Bishop, Appendix E]

ύ is the eigenvector of the covariance matrix S

Corresponding to the largest eigenvalue ‗
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Ὓύ ‌ύ ύ : eigenvector 
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ᾀ ὡὼ

ὅέὺᾀ Ὀ
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End of Warning



PCA ςAnother Point of View
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PCA ςAnother Point of View
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Proof in [Bishop, Chapter 12.1.2]

ύȟύȟȣύ (from PCA) is the 
component όȟόȟȣό
minimizing L 

ὼ

Reconstruction error:
Find όȟȣȟό minimizing the error 

ὼPCA:
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ὼ

Reconstruction error:
Find όȟȣȟό minimizing the error 
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SVD: 
http://speech.ee.ntu.edu.tw/~tlkagk/courses/LA_2016/Lecture/SVD.pdf

X U
ң V

M x N K x K K x NM x K

K columns of U: a set of orthonormal eigen vectors 
corresponding to the K largest eigenvalues of XXT

This is the solution of PCA



PCA looks like a neural network with one 
hidden layer (linear activation function)

Autoencoder

If ύȟύȟȣύ is the component όȟόȟȣό

To minimize reconstruction error:

ὧ ὼ Ӷὼɇύ

ύ

ύ

ύ

ὧ

ὑ ς:

ὼ ὧύ ὼ Ӷὼ

ὼ Ӷὼ



PCA looks like a neural network with one 
hidden layer (linear activation function)

Autoencoder
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PCA looks like a neural network with one 
hidden layer (linear activation function)
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PCA looks like a neural network with one 
hidden layer (linear activation function)

Autoencoder
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It can be deep. Deep Autoencoder



PCA - Pokémon

ÅInspired from: 
https://www.kaggle.com/strakul5/d/abcsds/pokemon/princi
pal-component-analysis-of-pokemon-data

Å800 Pokemons, 6 features for each (HP, Atk, Def, SpAtk, Sp
Def, Speed)

ÅHow many principle components?
‗

‗ ‗ ‗ ‗ ‗ ‗

‗ ‗ ‗ ‗ ‗ ‗

ratio 0.45 0.18 0.13 0.12 0.07 0.04

Using 4 components is good enough



PCA - Pokémon

HP Atk Def SpAtk SpDef Speed

PC1 0.4 0.4 0.4 0.5 0.4 0.3

PC2 0.1 0.0 0.6 -0.3 0.2 -0.7

PC3 -0.5 -0.6 0.1 0.3 0.6 0.1

PC4 0.7 -0.4 -0.4 0.1 0.2 -0.3

( )



PCA - Pokémon

HP Atk Def SpAtk SpDef Speed

PC1 0.4 0.4 0.4 0.5 0.4 0.3

PC2 0.1 0.0 0.6 -0.3 0.2 -0.7

PC3 -0.5 -0.6 0.1 0.3 0.6 0.1

PC4 0.7 -0.4 -0.4 0.1 0.2 -0.3

(
)



PCA - Pokémon

Åhttp://140.112.21.35:2880/~tlkagk/pokemon/pca.html

ÅThe code is modified from

Åhttp://jkunst.com/r/pokemon-visualize-em-all/

http://140.112.21.35:2880/~tlkagk/pokemon/pca.html


PCA - MNIST

30 components:

ὥύ ὥύ Ễ

images

Eigen-digits



PCA - Face

Eigen-face

30 components:

http://www.cs.unc.edu/~lazebnik/research/spr
ing08/assignment3.html



Weakness of PCA

ÅUnsupervised ÅLinear

PCA

LDA
http://www.astroml.org/book_figures/c
hapter7/fig_S_manifold_PCA.html



Weakness of PCA

Pixel (28x28) -> tSNE(2)Pixel (28x28) -> PCA (2)


