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Linear projection
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View 1: Maximising variance
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View 1: Maximising variance
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View 2: Minimising reconstruction error
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View 2: Minimising reconstruction error
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PCA : Mathemakical Ba;c.‘!OcoMc\ol_ Vector dacivatimesg .
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PcAa: Brothar view
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Pco: Ralokienship to SND
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PCA steps
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