
Norms and Regularization
Machine Learning



- A set of techniques to discourage overly complex models. 
- as an overly complex model might mean that model is overfitting. 

Overfitting: When a model exhibits very low error (or high accuracy) on the training data but performs significantly worse 
when presented with new, unseen data (i.e., the validation or test set).
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Steps in a Machine Learning Problem

Problem Definition

Data Collection and Wrangling

Data Preprocessing and Feature Engineering

Modeling and Algorithm Theory

Evaluation and Improvement

Regularization
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How do we solve this Problem

Generally we use the concept of Norms

In ML, we measure size of vectors using a function called a norm. 

Formally, Lp Norm

It is represented by: 

L1 Norm is known as Frobenius Norm or Manhattan Norm

L2 Norm is known as Euclidean Norm
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Quick History Lesson

Lp Norm:

French mathematician Henri Léon Lebesgue. His work on the Lebesgue integral (early 1900s) was crucial 
for defining these spaces.
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L2 Regularization (Ridge Regression):

Arthur E. Hoerl and Robert W. Kennard (1970) introduced Ridge Regression in their paper: Ridge Regression: Biased 
Estimation for Nonorthogonal Problems. 

“Adding a small amount of bias (the L2 penalty) to the least squares objective could significantly reduce the variance of the 
coefficient estimates, solving the problem of multicollinearity.”

L1 Regularization (Lasso Regression):

Tibshirani (1996) introduced the Lasso (Least Absolute Shrinkage and Selection Operator) in his paper: Regression 
Shrinkage and Selection via the Lasso. 

“Using the L1 norm penalty had a unique and highly desirable side effect: it would shrink some coefficients exactly to zero, 
effectively performing automatic feature selection.” This sparsity property distinguished it from Ridge Regression.
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Plotting L1 and L2 Norm
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Weights Updation
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Code - Python
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Code - Python
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Results
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Training and Evaluation Results
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