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Regularization: Dealing (Facing) With Overfitting
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Regularization & Overfitting 

□Overfitting. A common problem in machine learning

□ The model that is overly complicated

▪ For example, due to the large number of features

□Excellent performance of model on the training data

□Awful performance of the model on the new data

 Unable to generalize to new data!

□ Regularization. An effective way to reduce 

or remove overfitting. 
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Overfitting & Regression

Underfitting Correct Model Overfitting
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Overfitting & Classification

Underfitting Correct Model Overfitting
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Regularization

□ Idea. Prevent parameters from getting too large by adding a term 

to the cost function due to penalizing large parameter values.
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+ 𝜆 𝑅 𝜃𝐽 𝜃 =

𝑛

L2 Regularization 

Regularization

□ Idea. Prevent parameters from getting too large by adding a term to the cost 

function due to penalizing large parameter values.

L1 Regularization 
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𝑚

𝑐𝑜𝑠𝑡(𝑥(𝑖), 𝑦(𝑖) )
1

𝑚

𝑅(𝜃) = 

𝑗=1

𝑛

𝜃𝑗 = 𝜃 1

𝑅(𝜃) = 

𝑗=1

𝑛

𝜃𝑗
2 = 𝜃 2

2
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+ 𝜆 𝑅 𝜃𝐽 𝜃 =

𝜆 → 0

𝜆 → ∞

□ Idea. Prevent parameters from getting too large by adding a term to the 

cost function due to penalizing large parameter values.

1

𝑚
 

𝑖=1

𝑚

𝑐𝑜𝑠𝑡(𝑥(𝑖), 𝑦(𝑖) )

□coefficient of regularization. Establishing a 

balance between the above targets. 

paying more attention to the error 

of the training collection(set)

paying more attention to the error 

of generalization

Regularization
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Regularized RegressionRegression without Regularization

Polynomial of degree 15Polynomial of degree 15

𝐽 𝜃 =  

𝑖=1

𝑚

𝑐𝑜𝑠𝑡(𝑥(𝑖), 𝑦(𝑖) )
1

𝑚
+ 𝜆 𝑅 (𝜃)

1

𝑚
 

𝑖=1

𝑚

𝑐𝑜𝑠𝑡(𝑥(𝑖), 𝑦(𝑖) )

Regularization
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𝑛

Value of parameters if regularization is used Regularized Regression

𝑅(𝜃) = 

𝑗=1

𝑛

𝜃𝑗
2 = 𝜃 2

2 L2 Regularization 

Polynomial of degree 15

+  𝜆𝑅 (𝜃)
1

𝑚
 

𝑖=1

𝑚

𝑐𝑜𝑠𝑡(𝑥(𝑖),𝑦(𝑖) )

Regularization

11



Machine Learning : Regularization-Amin Golzari Oskouei - 2023

Value of parameters if regularization is used Regularized Regression

Polynomial of degree 15

L1 Regularization 𝑅(𝜃) = 

𝑗=1

𝑛

𝜃𝑗 = 𝜃 1 +  𝜆𝑅 (𝜃)
1

𝑚
 

𝑖=1

𝑚

𝑐𝑜𝑠𝑡(𝑥(𝑖),𝑦(𝑖) )

Regularization
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𝜃1

𝜃2

𝜆 → 0

𝜆 → ∞
𝜃1

𝜃2

L1 & L2 Regularization
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L1 & L2 Regularization
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𝑛

⃣ Loss Function.

⃣ Purpose. Minimization of the loss function in order to find the optimal value of the 

parameters

min
𝜃
𝐽(𝜃)

𝐽 𝜃 =
1

2
 

𝑖=1

𝑚

(ℎ𝜃 𝑥
𝑖 − 𝑦 𝑖 )2 + 𝜆 

𝑗=1

𝑛

𝜃𝑗
2 =  

1

2
𝑋𝜃 − 𝑦 𝑇 𝑋𝜃 − 𝑦 +

1

2
𝜆𝜃𝑇𝜃

Regularized Linear Regression
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repeat until convergence {

}

(        𝑗 = 0,1,2, … ,𝑛)

⃣ Without Regularization.

θj = θj − α 

i=1

m

(hθ x
i − y i ) ∙ xj

(i)

Gradient Descent ( Without Regularization )
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}

(       𝑗 = 1,2, … ,𝑛)

repeat until convergence {

⃣ With Regularization

θ0 = θ0 − α 

i=1

m

(hθ x
i − y i ) ∙ x0

(i)

θj = θj − α  

i=1

m

(hθ x
i − y i ) ∙ xj

i
+ 𝜆𝜃𝑗

θj = θj(1 − α𝜆) − α 

i=1

m

(hθ x
i − y i ) ∙ xj

(i)

< 1

Gradient Descent ( With Regularization )
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2

1
𝐽 𝜃 = 𝑋𝜃 −𝑦

𝑇 𝑋𝜃 − 𝑦 +
1

2
𝑇𝜆𝜃𝑇𝜃

𝜕𝜃

𝜕𝐽
= 𝑋𝑇 𝑋𝜃 − 𝑦 + 𝜆𝜃

= 𝑋𝑇𝑋𝜃 − 𝑋𝑇𝑦 + 𝜆𝜃

= 𝑋𝑇𝑋 + 𝜆𝐼 𝜃 −𝑋𝑇= 0

𝑋𝑇𝑋 + 𝜆𝐼 𝜃 = 𝑋𝑇𝑦

𝜃 = 𝑋𝑇𝑋 + 𝜆𝐼 −1𝑋𝑇𝑦

𝜆 > 0 reversible

Normal Equation (With Regularization)
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Polynomial of degree 15

 Hypothesis(Supposition).

 Loss Function.

J(𝜃) = − 
𝑖=1

𝑚

𝑦(𝑖) log ℎ𝜃 𝑥
𝑖 + (1 − 𝑦 𝑖 ) log 1 − ℎ𝜃 𝑥

𝑖

Logistic Regression (Without Regularization)
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Polynomial of degree 15

 Hypothesis(Supposition).

 Loss Function.

J(𝜃) = − 
𝑖=1

𝑚

𝑦(𝑖) log ℎ𝜃 𝑥
𝑖 + (1 − 𝑦 𝑖 ) log 1 − ℎ𝜃 𝑥

𝑖 +
𝜆

2
 

𝑗=1

𝑛

𝜃𝑗
2

Logistic Regression (With Regularization)
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}

(     𝑗 = 1,2, … ,𝑛)

repeat until convergence {

 With Regularization.

θ0 = θ0 − α 

i=1

m

(hθ x
i − y i ) ∙ x0

(i)

θj = θj − α  

i=1

m

(hθ x
i − y i ) ∙ xj

i
+ 𝜆𝜃𝑗

ℎ𝜃 𝑥
𝑖 =

1

1 + 𝑒−𝜃
𝑇𝑥(𝑖)

Gradient Descent
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from scipy.optimize import minimize

minimize(J, x0, method=‘CG’, jac=grads)
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i=1

m

(hθ x
i − y i ) ∙ xj

i
+ 𝜆𝜃𝑗

 

𝑖=1

𝑚

𝑦(𝑖) log ℎ𝜃 𝑥
𝑖 + (1 − 𝑦 𝑖 ) log 1 − ℎ𝜃 𝑥

𝑖 +
𝜆

2
 

𝑗=1

𝑛

𝜃𝑗
2−

Advanced Optimization
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