
 

3 KRR and Non monotonic Risk Girves

We start with generalization of kernel ridge regression

Give lineer regressive as an example and show double
descent

Kernel Ridge Regressive KRR

Observe n i id samples Ri Yi plan

IKRRI f arguing
Yi fail lifting Ralf

RKHS

nitX Yit R f X IR is the featuremap

Fis an RKHS and k is the associated kernel

RKHS recap
Def Kernel A kernel is a free k X x X IR sit

for any 21 an t X the matrix kij k ki ng is PSD

Def Hilbert space A HS is an inner productspace
that is also a complete metric spence wit its norm

F is HS 4 2g is inner product which defines a name 11.11g Ey
Thu k A feature map X H defines a kernel

proof k a a a cars

For any x an Kij k king is PSD

kernel matrix KEIR



Def RKHS AnRKHS 7 is a nice Hilbertspace Key property

Function evaluations can be written as inner products in F

Hfff fix Lf Ya for some Yu 7
called the represente

Thm Fak Every RKHS 7 is associatedwith a unique kernel

Feature map

L

Kernel kC
95ᵗʰ RKHS f

Theorem Representer thm Any minimizer f of KRR is givenby
f Ex klais where x KandI y

reproducing propertyofk.IEIemns
Model Y fx ki Ei where Ei ki EEi o EE T

Sets plyin but nothing on pine yet

Raft 1 I flat 2 Yifini All filf
Recall Representer Ya Kk f Yr flu

I 1 I fixity yiffitr.ly Allfling



Define I II 4m 4m self adjoint operator

It f Ef 2
Egypt fifty

and define

4 f If
y
2 b f y X fit quadraticinf

minimised at f I XI

We are interested in expected excess risk F 11 Map

Elif this HE t.FIfyif a canwe dothis

Ellie It I fEi Ellen
E ni

l É XI t.IEYaillup Et l E XI Yuktaf fall
VarianceEV X Bias B X

Let Ʃ EÉ or EY Ya and observe

1 1911224 gendpin 49Yu dp.cat 9 Ya Yadpa 9
7

49,29

V X Ef XI ʰEeiYai Ʃ É dI t.IE 4 I



E Tr LEXI Ʃ EAI e YaoYai

1 EE Tr INI Ʃ I I EYETE
Iiia EXIT'É I

FELT INI Ʃ

To simplify calculations we assume f 7 fx.tn fk
BCN Efl E xIf'hIYni44aiif f llip

Efl INI Éf fallip
by

Ent É I t INI I I f

were II
B E Ʃ É XI if

É concentrates around Ʃ Bach p18r for constant d Need 11Yally
First term IT LEXI Ʃ 01
Second term v f IEEE III fly

aah

ExcessRisk 1717

I



choosing D generaliation
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or sext data
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