Lecture 6-1

Softmax classification:
Multinomial classification

Sung Kim <hunkim+mr@gmail.com>
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Logistic regression
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Logistic regression
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Logistic regression
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Multinomial classification
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Multinomial classification
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Multinomial classification

J
1

J
1




Multinomial classification
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Multinomial classification
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Matrix multiplication
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Multinomial classification

Wai Wi Y3 ‘

p oY
i 13
¢ Wa W ~

N

r B

WeiXs Tt %31{.[

WC\Z\ ‘t \pu_ )(3_"" W(;X‘y

J
1

J
1




Wey W

Multinomial classification
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Where is sigmoid!?
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Lecture 6-2

Softmax classification:
softmax and cost function

Sung Kim <hunkim+mr@gmail.com>



Where is sigmoid!?
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Where is sigmoid!?
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Cost function
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Cross-entropy cost function
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Cross-entropy cost function
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Cross-entropy cost function
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Logistic cost VS cross entropy
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Cost function
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Gradient descent
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