Mathematics for AI

Lecture 12
Properties of Positive Definite Matrices,
Cholesky Decomposition




Reminder: Positive definite and positive
semi-definite matrices 5
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Positive definite

Here, by positive-definite we mean symmetric positive definite



Positive definiteness and singularity
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Positive definiteness and eigenvalues
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Correlation matrix
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Correlation matrix
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Covariance matrix



Decomposition
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Square root
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For a (symmetric) positive semi-definite matrix A there is
a unique positive semi-definite matrix P such that A=PP
(= PHP). P is called the square root of A and is denoted by

A-%.



Cholskey Decomposition
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Singular Value Decomposition (SVD)
Singalar Value Decompositon Mgy
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Singular Value Decomposition (SVD)




Singular Value Decomposition (SVD)
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Skinny SVD
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Skinny SVD & Memory usage
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Geometric Interpretation




SVD and matrix rank
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SVD,

row space, column space, null space
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Unrolling SVD




Compact SVD




