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PCA - what is it? | have a matrix X: (centered)

p parameters, pixels, dimensions
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| want to diagonalise its covariance matrix

C = XTx
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| want to diagonalise its covariance matrix

1
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| want to find a new orthonormal coordinate system with
‘most of the variance along the first axis

*each successive axis having as much as possible of the remaining variance



PCA - what is it?

| want to diagonalise its covariance matrix

1
C = XT'x
n—1

| want to find a new orthonormal coordinate system with
‘most of the variance along the first axis

*each successive axis having as much as possible of the remaining variance

| want to find a new orthonormal coordinate system with
‘most of the data explained along the first axis

*each successive axis explaining as much of the data as possible
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| want to diagonalise its covariance matrix
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PCA - what is it?
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Write X as a singular value decomposition

X =Uuxv?t



1
( = XTX Write X as a singular value decomposition

nl— 1 X =UuxvT
C = uzsvhHtwozvh)

n—1




1
( = XTX Write X as a singular value decomposition

nl— 1 X =Uxv"
C=— uxvhHtwsvt)
1
= vztuh)uzv?t)

n—1




1

( = XTx Write X as a singular value decomposition
nl— 1 X =UxvT
C=— oxvhHtwzv?h)
1
= (vxtuh)yusv?)
n—1
1 This is the identity
= vethwto)zv?t UTU =1

n—1



1

( = XTx Write X as a singular value decomposition
n1_ 1 X =UxvT
C=— oxvhHtwzv?h)
1
= (vztuh(uoxvt)
n—1 - o
1 This is the identity
— 1V2T(UTU)2VT U'U =1
n —
1
= velsv?

n—1



1

( = XTx Write X as a singular value decomposition
n1_ 1 X =UxvT
C=— oxvhHtwzv?h)
1
— (vetuhywzvt)
n—1 o o
1 This is the identity
— 1V2T(UTU)2VT U'U =1
n —
1
— vyt
n—1
— L _yxeyT
n—1



1

( = XTx Write X as a singular value decomposition
”1— 1 X =Uxv7T
C=— oxvhHtwzv?h)
1
= (vztuh(uoxvt)
n—1 - -
1 This is the identity
— 1VZT(UTU)2VT U'U =1
n —
1
= vyt
n—1
_ 1 oy
n—1

=V( ! ZQ)VT
n—1

—VDV?!



1

C = XTx

n—1
1

C = oxvhHtwzv?h)

n—1
1
n—1
1
n—1
1
n—1
1
n—1

1
_V<n—1

—VDV?!

(vetuhywzvt)
vthwto)svt
vyiyyt

vyt

22) 744

Write X as a singular value decomposition
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So we can do PCA by SVD

(but we could also do it by directly diagonalising the covariance matrix)

PCA using SVD is more stable against numerical rounding errors

The fastest way to do each on large data sets is probabilistically / stochastically



Example 1: image data compression n= 32 images, p~100,000 pixels




n= 32 images, p~100,000 pixels

Example 1: image data compression

vectorise the image
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Example 2: images, data extraction n= 91 images, p~150,000 pixels
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Example 2: images, data extraction
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Example 2: images, data extraction
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Example 2: images, data extraction
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Example 2: images
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Example 3: linear fit n= 100 data points, p=2 dimensions

minimize given
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Example 3: linear fit n= 100 data points, p=2 dimensions
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For more authoritative references, see also:
SVD : D. Lay, Linear Algebra and its Aplications, Chapter 7

PCA : C. Bishop, Pattern Recognition and Machine Learning, Chapter 12

Or for the tl;dr...

https://stats.stackexchange.com/questions/134282/relationship-between-svd-and-pca-how-to-use-svd-to-perform-pca



