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Principal component analysis (PCA)
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Figure 8-3. The new 2D dataset after projection 1/9



Principal component analysis (PCA)

Covariance measures the strength of the linear relationship between
two variables

oxy = B[(X — ) (Y — py)] (1

Covariance matrix C for multivariate random variable x

Cij = E[(x;i — pi) (X — p7)] ()
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Principal component analysis (PCA)

Preserving the variance
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Figure 8-7. Selecting the subspace onto which to project
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Principal component analysis (PCA)

For given data Xy, Xa, ..., Xy € RP

1.

create a matrix X € RP*N with one column vector per each
sample

covariance matrix C = E[(X — E(X))(X — E(X))"] € RP*P
find singular vectors and singular values of C
principal components = largest singular values and vectors
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Principal component analysis (PCA)
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Matrix factorization

- Principal component analysis (PCA): orthogonal property
- Vector quantization (VQ): unary property
- Non-negative matrix factorization (NMF): non-negativity

PCA: X ~ WH where W'W =1
VQ: X ~ WH where H consists of unary vectors
NMF: X ~ WH where W;; > 0,H; > 0
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Nonnegative matrix factorization (NMF)

Nonnegative matrix factorization (NMF)

given X € RM™M
find (W,H) = argmin || X — WH]||2

)

st. We R and He R (R < rank(A))
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PCA vs. NMF for MNIST dataset
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