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Regularization 

• In order to create less complex (parsimonious) 
model when you have a large number of features in 
your dataset, some of the Regularization 
techniques used to address over-fitting and feature 
selection are:

– L1 Regularization

– L2 Regularization



L1 and L2

• L1 and L2 regularisation owes its name to L1 and L2 
norm of a vector w respectively. Here’s a primer on 
norms:

• L1 Norm

• L2 Norm



Vector Norm

• Calculating the length or magnitude of vectors 
is often required either directly as a 
regularization method in machine learning, or 
as part of broader vector or matrix operations. 

• The length of the vector is referred to as the 
vector norm or the vector’s magnitude.

• The length of a vector is a nonnegative 
number that describes the extent of the vector 
in space, and is sometimes referred to as the 
vector’s magnitude or the norm.



Vector Norm

• The length of the vector is always a positive 
number, except for a vector of all zero values.

• It is calculated using some measure that 
summarizes the distance of the vector from the 
origin of the vector space. 

• For example, the origin of a vector space for a 
vector with 3 elements is (0, 0, 0). 

• Notations are used to represent the vector norm 
in broader calculations and the type of vector 
norm calculation almost always has its own 
unique notation.



Vector L1 Norm

• The length of a vector can be calculated using 
the L1 norm, where the 1 is a superscript of the 
L. 

• The notation for the L 1 norm of a vector is ||v|| 
1 , where 1 is a subscript. 

• As such, this length is sometimes called the 
taxicab norm or the Manhattan norm.

L1 (v) = ||v|| 1



Vector L1 Norm

• The L1 norm is calculated as the sum of the 
absolute vector values, where the absolute 
value of a scalar uses the notation |a1|. 

• In effect, the norm is a calculation of the 
Manhattan distance from the origin of the 
vector space.

||v|| 1 = |a1 | + |a2 | + |a3 |



Vector L2 Norm

• The length of a vector can be calculated using 
the L2 norm, where the 2 is a superscript of the 
L. 

• The notation for the L 2 norm of a vector is ||v|| 
2 where 2 is a subscript.

L2 (v) = ||v||2



Vector L2 Norm

• The L2 norm calculates the distance of the vector 
coordinate from the origin of the vector space. 

• As such, it is also known as the Euclidean norm as 
it is calculated as the Euclidean distance from the 
origin. 

• The result is a positive distance value. The L2 norm 
is calculated as the square root of the sum of the 
squared vector values.



Errors in Linear Regression



Ridge Regression

• A regression model that uses L1 regularization 
technique is called Lasso Regression and model 
which uses L2 is called Ridge Regression.

• The key difference between these two is the 
penalty term.

• Ridge regression adds “squared magnitude” of 
coefficient as penalty term to the loss function. 
Here the highlighted part represents L2 
regularization element.



Ridge Regression – Cost Function

• Here, if lambda is zero then you can imagine we get 
back OLS. 

• However, if lambda is very large then it will add too 
much weight and it will lead to under-fitting. 

• Having said that it’s important how lambda is 
chosen. This technique works very well to avoid 
over-fitting issue.



Lasso Regression – Cost Function

• Lasso Regression (Least Absolute Shrinkage and 
Selection Operator) adds “absolute value of 
magnitude” of coefficient as penalty term to the 
loss function.

• Again, if lambda is zero then we will get back OLS 
whereas very large value will make coefficients 
zero hence it will under-fit.



Comparing 

• The key difference between these techniques is 
that Lasso shrinks the less important feature’s 
coefficient to zero thus, removing some feature 
altogether. 

• So, this works well for feature selection in case we 
have a huge number of features.



Elastic Net

• Elastic net is a popular type of regularized linear 
regression that combines two popular penalties, 
specifically the L1 and L2 penalty functions.

• a hyperparameter “alpha” is provided to assign how 
much weight is given to each of the L1 and L2 penalties. 

• Alpha is a value between 0 and 1 and is used to weight 
the contribution of the L1 penalty and one minus the 
alpha value is used to weight the L2 penalty.

• elastic_net_penalty = (alpha * l1_penalty) + ((1 – alpha) * 
l2_penalty)



Dataset: Boston Housing



Read libraries and dataset



Basic Linear Model



Polynomial Model



Ridge Regression



Lasso Regression



ElasticNet Regression



Useful resources

• www.geeksforthegeeks.org  

• www.scikit-learn.org  

• www.towardsdatascience.com

• www.medium.com

• www.analyticsvidhya.com

• www.kaggle.com

• www.stephacking.com

• www.github.com 

http://www.geeksforthegeeks.org/
http://www.scikit-learn.org/
http://www.towardsdatascience.com/
http://www.medium.com/
http://www.analyticsvidhya.com/
http://www.kaggle.com/
http://www.stephacking.com/
http://www.github.com/
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      Thank you
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Web Resources
https://mitu.co.in 

http://tusharkute.com

/mITuSkillologies @mitu_group

contact@mitu.co.in

/company/mitu-skillologies MITUSkillologies
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