Consider the linear model with additive noise,
yi = w z; + €,
where ¢; is the noise term. We will assume that w is normally distributed,
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where ¥y is the covariance matrix and py is the mean. We will also assume
that the noise is independent and normally identically distributed with zero
mean and covariance o2,
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Let X and Y be stacked versions of z; and y; V i in our training set. Let’s first
find the mode of the posterior distribution of w, given our training data X and
Y:

w* = argmax Pr(w|/X,Y)
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There are two things to note here before we continue. First the denominator
does not depend on w, so we can drop it, and, second, that ¥ — w”X = e,
for which we know the distribution. We will also, for simplicity, assume that
pw = 0 and that Yy = kI, where [ is the identity matrix. So we now have:

) 1 ( (Y —u™)'(Y —w'Y) 1 g >
w" = argmax ————————€exp|— T Y
v 2m o B 202 2
Y —wl X)T(Y —w?'X 1
= argmin —log ((2m)" o] [k]""?) fEo Q’Ufg T

2
= argmin (Y — T X)T(Y —w? X) + Ze wlw

w k
= argmin (Y —w" X)T(Y — 0" X) + Awlw.

Which is the familiar form of ridge regression.



