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When you realize k-Fold Cross Validation can only

validate your hypgrarametqrg, not yourself..
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Bias vs Variance

Left: 2000 best fit straight lines, each fitted on a different 20 point
training set.

Right: Best-fit models using degree 10 polynomial
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Bias vs Variance

Left: Linear regression coefficients
Right: Poly regression of order 10 coefficients
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Regularization: An Overview

The idea of regularization revolves around modifying the loss function L;

In particular, we add a regularization term that penalizes some specified
properties of the model parameters

Lyeg(B) = L(B) + AR(B),

where A is a scalar that gives the weight (or importance) of the
regularization term.

Fitting the model using the modified loss function L., would result in
model parameters with desirable properties (specified by R).
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LASSO Regression

Since we wish to discourage extreme values in model parameter, we need
to choose a regularization term that penalizes parameter magnitudes. For

our loss function, we will again use MSE.

Together our regularized loss function is:
J

1 n
Lpasso(B) = n Z i — ,BTfI?z'|2 + A 1851
(=D

J
Note that > |8;| is the [, norm of the vector 8

j=1 ;
> 18il = 1Bl
j=1
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Ridge Regression

Alternatively, we can choose a regularization term that penalizes the

squares of the parameter magnitudes. Then, our regularized loss function
IS:

n J
1
LRidge(B) — n E ‘yz — ,BT%:P + A 592
1=1 G’

J
Note that ) |51 is the square of the I, norm of the vector

j=1

J
> B =IBII3
j=1
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Choosing A

In both ridge and LASSO regression, we see that the larger our choice of
the regularization parameter A, the more heavily we penalize large

values in g,

* If Aisclose to zero, we recover the MSE, i.e. ridge and LASSO regression
IS just ordinary regression.

* If Ais sufficiently large, the MSE term in the regularized loss function
will be insignificant and the regularization term will force f;4, and

B asso to be close to zero.

To avoid ad-hoc choices, we should select A using validation or better
cross-validation.
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Regularization Parameter with a Validation Set

The solution of the Ridge/Lasso regression involves three steps:

Select A

Find the minimum of the ridge/Lasso regression loss function (using
the formula for ridge) and record the MSE on the validation set.

Find the A that gives the smallest MSE on the validation set.
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Ridge regularization with only validation : step by step

For ridge regression there exist an analytical solution for the coefficients:
A -1
Briage(D) = (XX + A1) "XTY

1. split data into {{X,Y}yain X, Y vatidation 1X, Y Jeest}
2. for Ain{Adm o Amaa}:

A -1
1. determine the B that minimizes the Lyrjgges Priage(d) = (XTX+/U) XTy,
using the train data.

2. record Lyss(1) using validation data.
3. select the Athat minimizes the MSE loss on the validation data,
Ariage = argminy Lygp(2)
1. Refit the model using both train and validation data, {{X,Y}train X, Y} vaiidation }»

report MSE or R? on {X,Y}est given the ,[?n-dge(/ln-dge)

CS109A, PROTOPAPAS, RADER, TANNER 10




Ridge regularization with validation only

Fitting data with polynomial deg=10
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Lasso regularization with validation only: step by step

For Lasso regression there not an analytical solution for the coefficients
SO we use a solver.

1. Spl it data into {{X» Y}trainr {X, Y}validation» {X» Y}test}
2. fordin{A i, - Amaxlt:

A. determine the S that minimizes the Ljgsr Plasso(A), using the train
data. This is done using a solver.

B. recordLysz(1) using validation data.

3. select the Athat minimizes the MSE loss on the validation data,

Alasso = argminy Lysz(2)
1. Refit the model using both train and validation data,
{{X» Y}trainr {X, Y}validation }’ now usi ng /1Lasso’ resu lting to ,Blasso (Alasso)

2. report MSE or R2 on {X,Y}iess given the Bigsso(igsso)
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