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UYARL Bu belge, el yazisi ders notlarindan Clavde (Anthropic) yardimiyla dijitale aktarilmistir.
Yardimcl kaynak olarak hazirlanmistir; hata veya eksik igerebilir. Litfen orijinal notlari ve ders
kaynaklarini esas alin.

NOTICE This document was transcribed from handwritten lecture notes with the help of
Claude (Anthropic). It is meant as a supplementary resource and may contain errors or
omissions. Always check against the original notes and official course material.

Verinin boyutunu azaltmak igin
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Baska bir yontem var. O da PCA
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Principle Component analizi
— Dimension reduction
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Haftaya perceptron bakacagiz
Featvre Embedding
wow' = x. xT
Xa
A XE
Xy

orijinal gizim, s. 3

Claude ile dijitallestirildi + hata igerebilir / Digitised with Claude + may contain errors

3/5



Makine Ogrenmeci Feature celection, PCA, SVD, (DA ve kiimeleme
Eigen faces

Singular value compocition

SVD:  x=[x1x2 - XnIuxd
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— Linear Discriminant Analysis
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Soft k means

P(x|C;) =72 esnek label

x
7’ X }!:K& ) Sad

orijinal gizim, s. 5

hierarchical clustering

DB scan
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