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@ En olabilirlik fonksiyonu:  L(0)
@ Optimization Yontemi: MLE  maximum likelihood estimation

MLE:
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Veterli ictatictib (Sufficient Statistics)

Bir dagilimi agiklayabilecek minimum parametre sayisi

Bernoulli Dictrubotion:
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— Multinomial Density
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EM algoritm

Expectation
maximization algoritm
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— Etiketleme Expectation
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Makine 6grenmesinde dik olmasa da olur base functions

haftaya Naive bayes
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