1 Summary

Let’s start from linear regression with L2 regularization [1].

y=w’¢(z)

Note that ¢(x) = X where X is a m x D matrix where each training sample has m features.

To choose the optimal w, we minimize the sum of squares:
w* = arg min ||y — w”¢(a)|
w
To avoid overfitting, we add the regularization parameter:

w* = arg min |y — w”¢(@)||? + Alfw]]
w

Lets say that L(w) = ||y — w” ¢(x)||? + A||w]|?
What is this derivative? We will compute the following gradient:
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Let’s go look into one element of this gradient V,,:

OL(w) _ O(|ly — w'¢(z)||* + A[|w]]*)
8wi N 8’(01'

Keep in mind that
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where a = y' X, a; = yT X;

Since Vk s.t. k # i, 2% =0,

) w;



) 0> (zjiw) (zjnwy + o 4 Tjiawio1) + (w4 o+ zjigwi-1) (zjw;) + (2500)%)
= —Z2Q; —
8uh ’ 8U%

(6)
= —20; — Y (i) (@jnwr + . + zjiwio1) + (wpwn + o+ zjiowi) (25) + (225,07))

j U
= —2a; = 3 2(wjs) (@jwn + .+ wjiowi) + (2 (8)
= —2(a; — i((xji)(lewl + ot ziowio) + (25w:)) (9)
= —2(a; — i((g;ﬂ)(xﬂwl Fo ot T Wi+ Tw;)) (10)
= —2(a; — i((xji)(le, ey T i1, Tji )W) (11)
= 20y7X; j— XI'Xw) (12)

In the matrix representation:
VewL(w) = -2(y"X — XT Xw)

Also in general:
Vpw! XTXw = 2XT Xw

Note that X7 X is symmetric and it is part of the common matrix derivative pattern'
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