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Ridge regression

and regularization



Outline of the lecture

This lecture introduces regularization and Bayesian learning for the 
linear Gaussian model. The goal is for you to:

� Learn how to derive ridge regression.
� Understand the trade-off of fitting the data and regularizing it.
� Derive the Bayesian estimates for linear regression.� Derive the Bayesian estimates for linear regression.



Regularization



Derivation



Ridge regression as constrained optimization



Regularization paths
Asδδδδ increases, t(δ)δ)δ)δ) decreases and each θθθθi goes to zero.
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Ridge, feature selection, shrinkage and weight decay



Bayesian linear regression

The likelihood is a Gaussian, N (y|Xθ, σ2In). The conjugate prior is also
a Gaussian, which we will denote by p(θ) = N (θ|θ0,V0).N |

Using Bayes rule for Gaussians, the posterior is given by

p(θ|X,y, σ2) ∝ N (θ|θ0,V0)N (y|Xθ, σ
2In) = N (θ|θn,Vn)
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Bayesian linear regression



Bayesian linear regression



Consider the special case where θ0 = 0 andV0 = τ
2

0
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Gaussian prior. Then the posterior mean reduces to
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. We have therefore recovered ridge re-

gression again!



Bayesian versus ML plugin prediction

To predict,  Bayesians marginalize over the posterior. Let x* be a new 
input. The prediction, given the training data D=( X , y ), is:

Posterior mean:        θθθθ n

Posterior variance:   Vn    = σ σ σ σ 2 
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P(y| x* ,D, σ σ σ σ 2 ) = ∫∫∫∫N (y| x*
Tθθθθ , σ σ σ σ 2 )N (θ θ θ θ | θθθθ n , Vn ) dθθθθ

==== N (y| x*
T θθθθ n , σ σ σ σ 2  + x*

T Vn x* )

On the other hand, the ML plugin predictor is:

P(y| x* ,D, σ σ σ σ 2 )  =    N (y| x*
T θθθθ ML , σ σ σ σ 2 )



Bayesian versus ML plug-in prediction



Next lecture

In the next lecture, we capitalize on what we have learned for linear 
models and attack the problem of nonlinear prediction.


