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1 Linear regression, and bias-variance trade-off[20pt, Ni Lao]

1.1 Least square regression [4 pt]

Using SVD we can decompose X as X = UDVT, where D is a p x p diagonal matrix, V is a p x p
unitary matrix, U is a n X p matrix, which is the first p columns of a unitary matrix. Here we
assume that n > p.

f=(X"X)"'XTy (1)
= (XTX)"IXT (X3 +€) (2)
=B+ VDU e (3)

Therefore, § ~ N (8, VD 2VTs2) ~ N(3, (XTX) 1o2).
1.2 Ridge regression [4 pt]
B=(XTX+A)"'XTy (
= (XTX + A\ XT(XB + ¢) (5
(
(

=B+ (XTX + M) (=28 + XTe)
=B - AV(D2+ M) WTB+ VD(D*+ AI)'UTe

Therefore, 3 ~ N (8 — A\V(D? + XI)~'VT3,VD?(D? + AI)2V7T52).

1.3 The bias-variance trade-off [4 pt]

~

e(\) =Y* —Y* (8)
= X3 (XB+€) (9)
= - NUD(D* + \XI)"WTB 4+ UD*(D? + \XI)7'U e — ¢* (10)
1.4 [4 pt]
Since
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we have
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where we define d; = D; ;.
1.5 [4 pt]
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It is zero when \ = 02 /a?



