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Binary Classification

1 (cat) vs O (non cat)
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Logistic Regression cost function
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Gradient Descent
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Intuition about derivatives
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More derivative examples
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Computation Graph

Tlabc) = 3lo+be) = 2 (S43m) =33
L

U= be N
\)20\'&»\
S &:S\ \| 2
=2
)::3\‘ [ 2W——'O\+\AK_ _
NlU\Z\DQ >L3_ 2\/]
Qtléj\bﬁ\\/?

Andrew Ng



Basics of Neural
@ Network Programming

Derivatives with a
deeplearning.ai Computation Graph



Computmg derivatives
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Computing derivatives
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Logistic regression recap
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Logistic regression derivatives
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Logistic regression on m examples
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Logistic regression on m examples
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What 1s vectorization?
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Neural network programming guideline

Whenever possible, avoid explicit for-loops.
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Vectors and matrix valued functions

Say you need to apply the exponential operation on every element of a

matrix/vector.
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Logistic regression derivatives
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Vectorizing Logistic Regression
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Vectorizing Logistic Regression
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Implementing Logistic Regressmn
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Broadcasting example

Calories from Carbs, Proteins, Fats in 100g of different foods:

l " Y
Beef Eggs Potatoes

Carb [ 0.0 4.4 ,68.0]
Protein 104.0 |52.0 l 3.0l ~ p& \/O
Fat | v 135.0 Y990
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Broadcasting example
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General Principle
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Logistic regression cost function
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Logistic regression cost function
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Cost on m examples
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