
Regularization

정규화 regularization

• 비용함수에 복잡도에대한 penalty를추가
• 과적합에대한 비용을 optimizing cost에반영

Ridge regression

J(θ) = SSE(θ) + α∥θ∥2 (1)

LASSO

J(θ) = SSE(θ) + α
∑
i

|θi| (2)
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Ridge regression

Ridge regression

J(θ) = SSE(θ) + α∥θ∥2 (3)

• Hyperparameter α로두항목간의상대적인비중을 조절
• Closed form solution θ̂ = (XTX + αIn)−1XTy

13 A square matrix full of 0s except for 1s on the main diagonal (top-left to bottom-right).

Figure 4-17 shows several Ridge models trained on some linear data using different α
value. On the left, plain Ridge models are used, leading to linear predictions. On the
right, the data is first expanded using PolynomialFeatures(degree=10), then it is
scaled using a StandardScaler, and finally the Ridge models are applied to the result‐
ing features: this is Polynomial Regression with Ridge regularization. Note how
increasing α leads to flatter (i.e., less extreme, more reasonable) predictions; this
reduces the model’s variance but increases its bias.

As with Linear Regression, we can perform Ridge Regression either by computing a 
closed-form equation or by performing Gradient Descent. The pros and cons are the
same. Equation 4-9 shows the closed-form solution (where A is the (n + 1) × (n + 1)
identity matrix13 except with a 0 in the top-left cell, corresponding to the bias term).

Figure 4-17. Ridge Regression

Equation 4-9. Ridge Regression closed-form solution

θ = XTX + αA −1   XT   y

Here is how to perform Ridge Regression with Scikit-Learn using a closed-form solu‐
tion (a variant of Equation 4-9 using a matrix factorization technique by André-Louis
Cholesky):

>>> from sklearn.linear_model import Ridge
>>> ridge_reg = Ridge(alpha=1, solver="cholesky")
>>> ridge_reg.fit(X, y)
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