Regularization to
Reduce Overfitting

The Problem of
Overfitting
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Classification
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Addressing Overfitting



Collect more training examples
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Select features to include/exclude

size | bedrooms | floors age avg distance to price
income coffee shop Y
| | | | | | |
all features selected features disadvantage
+ |
l ;lus-l' Y“Igh"'

over FiTt feature selection




Regularization
Reduce the size of parameters wj
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Addressing overfitting
Options

1. Collect more data

2. Select features
— Feature selection

3. Reduce size of parameters
- “Regularization”
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Cost Function with
Regularization



Intuition
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Regularization simpler model W20
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RegL”arization regulariza‘fioﬂ
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Reqgularized Linear
Regression



Regularized
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Gradient descent
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Implementing gradient descent
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How we get the derivative term (optional)
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Reduce Overfitting

Regularized Logistic
Regression



Reqgularized logistic regression
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Regularized logistic regression
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