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@ Paradigms for clustering l/

© Methods based on non-parametric density estimation #—

© Model-based: Dirichlet process mixture models
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o Kernel function K(z)
o parameter kernel width h (is a smoothness parameter) —_
utput f(x) a probability density over RY
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@ f is sum of Gaussians centered on each x; ‘E’*: ﬁo,(?{‘o.ﬂ.S} 05 ! '1) 1,-'3
o f is smoother (less variation) if h larger
@ caveat: dimension d can't be too large
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Methods based on non-parametric density estimation

The kernel function
e Example K(z) = (271':;':’/2 e*‘|2”2/27 z € RY is the Gaussian kernel

o In general
o K() should represent a density on R, i.e K(z) > 0 for all z and [ K(z)dz = 1

o K() symmetric around 0, decreasing with ||z||

@ In our case, K must be differentiable
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Mean shift algorithms

Idea find points with Vf(x) =0
Assume K(z) = e*‘|z|‘2/2/\/27r Gaussian kernel

1 <& X — Xj
V00 = o5 DK )
Local max of f is solution of implicit equation
7:1 XiK(X_hX"

X =
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the mean shiftm(x)

Algorithm Simple Mean Shift
Input Data D = {x;}i=1.n, kernel K(z), h
Q@ fori=1:n
O X +— X
@ iterate x < m(x) until convergence to m;

@ group points with same m; in a cluster
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Methods based on non-parametric density estimation

Remarks

©0

mean shift iteration guaranteed to converge to a max of f
computationally expensive
a faster variant...

Algorithm Mean Shift (Comaniciu-Meer)
Data D = {x;}i=1.n, kernel K(z), h
select g points {x;}j—1.q = Dqg C D
that cover the data well
for j € Dq
O X — Xj
@ iterate x <~ m(x) until convergence to mj
group points in Dy with same m; in a cluster
assign points in D \ Dy to the clusters by the nearest-neighbor method

k(i) = k(argmin ||x; — x;
() (jqu [Ixi = xj1[)
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