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Example of a Pattern Recognition Algorithm

Idea: classity points o according to which of the two class means

18 closer.
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e Decision function: hyperplane with normal vector w := /m- m

e How about problems that are not linearly separable?
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Kernel Feature Spaces

Preprocess the mputs with

O X - H
T — O(x),

where H 1s a dot product space, and learn the mapping from ®(z)
to ¥.
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Example: All Degree 2 Monomials

d-R2 5 R
(1, 20) > (21, 29, 23) := (77, V22129, 3)
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The Kernel Trick
9
(), ®(x)) = (47, V2 w20, 23) (2T, V2 ahath, )T

= (:Elﬁ'fi + I‘gﬂ?é)z
N2
= (z./)
= : klz, 2
— the dot product in ‘H can be computed from the dot product
in R?
More generally: for z,2/ ¢ RN, d € N,

d
N
(, a%)’ (ZTJ ) = Do mheeee Tjg T o z, = {P(z), ¢(2"))

Jj=l1
More generally: works forpositive definite kernels
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Positive Definite Kernels

Let X’ be a nonempty set. The following two are equivalent:
e [ is positive definite (pd), i.e., k is symmetric, and for
—any set of training points x1,...,x; € X and
—any ai,...,am € R
we have
Z%%‘Kij > 0, where K;; = k(x;,x;)
1,]

e there exists a map @ mto a dot product space H such that

k(z,2") = (®(x), P(z))
(RKHS)

H 1s a so-called reproducing kernel Hilbert space.

If for pairwise distinct points$=0 iff all a = 0, call k strictly p.d.
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A Example of a kernel: Gaussian

A Any algorithm that only depends on dot products can b
kernelized

A Kernels can be defined on nonvectorial data
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The Map into the Reproducing Kernel Hilbert Space

A X D(x) d(x’)
F (X) = K(X,.) (Aronszajn 1950)
<F(X),F(x0 ) X(x,x© )

Point evaluation: f(x) = < f, k(x,.) >.
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An Example of a Kernel Algorithm (Scholkopf & Smola 2002)

Clasgsify points x := ®(x) in feature space according to which of
the two class means 18 closer.

Compute the sign of the dot product between w := /17 - /71 and

— C.
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ctd.

1 1

fio) = s - .Z@(m,cb(:c@» 3 (Bl 0() +b
{iy=1} {iy=—1}
1
= sgn Z k(x,z;) — — Z k(xz,z;)+b
{"* yi=1} {Ey=—1}

with the constant offset

If kis a density, this is a classifier basedRamzen windowglug-in
estimates of the two classes.
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r Machines in one Slide

Iz(X)F(X)ﬁ’

Asparse expansmn of solution in terms of @éser, Guyon, Vapnik 1992):

f(z) = sgn( Z Nik(z;, ) + b)
representer theore(Rimeldorf & Wahba 1971, Scholkopf et al. 2000)

Aunique solution found by convex QP -
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Kernel Ends
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Implicit Surface Fitting

Given a sampling of a surface
T, Lo, ...T, CR?
possibly with corresponding surface normals

ny,No,...N,;, CR?
Construct a functiorf whose zero level approximates the surface

f(x) = 0

N

=
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SVM Implicit Surface Approximation

{x: f(x)=0}

s
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Schdlkopf, 2004
Scholkopf, Giesen, & Spalinger, 2005
Walder, Chapelle, & Schdélkopf, 2005

Steinke, Scholkopf, & Blanz, 2005
Signed distance functioffis

| f(x)| = distance ofx to the surface
sign(f (x))=1 iff x is outside the object
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Large Scale Examplgwalder et al. 2006)

Left: Rendered model of Lucy, constructed from 14 million points with normals.
Middle: Each of the 364,982 basis function centres
Right: A planar slice that cuts the nose.
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More Examples

Dragon 1: 440K pointstdecreasing regularisation
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Dragon 2: 3.6M points . :
J P Thai Statue: 5M points
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