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1 Piecewise linear classifier

A piecewise linear classifier is a classifier that generates a piecewise linear decision boundary.
Consider the binary problem where the labeled data= U}’lej andD; = {(xj,¥:5) : @ =
1,---,n;}, yi; € {0,1}. We assume that eadd; contains at least one positive sample and one
negative sample. The decomposition is obtained by a parsing algorithm that will described later on.
Associated with eact®; there is a linear classifier parameterizedvy € R?. We assume each

D; is primitive and the samples in it are always linearly separable, so that therewexiassuring

W]TXij >0 if Yij = 1 andW]TXij <0 if Yij = 0.

It turns out that many ofv; will become identical to each other, yielding a small number of
distinct representativev’s. Each distinctw represents a linear boundary that separate a subset of
the samples irD and the ensemble &f gives us the piecewise linear boundary. In this report we
present the method of how to use Dirichlet Process to legsn and automatically discover the
piecewise linear boundary from;;.

2 Posterior Distribution of w; and z;; Given the Base Measure
Let the base prior measure

p(w;) = N (wj;0,0%1)
and the data likelihood

WTXi]' 0

’ N (g;0,1) de :/ N (z; —WTXij,l) dz = /OON(z;WTxij,l) dz
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P(yij = 1|w;) = /

—oo —oo
Letz; ~ N (zij; W?XZ’J’, 1), then
P(yijl2i5) = (215 = 0)yij + (215 < 0)(1 — yij)
wherel(-) is the indicator function, and
p(2i51yij, wj) o< P(yijlzi)p(zij|w;) = [1(zi5 > 0)yij + L(zi5 < 0)(1 — yij )] N (2i5; W) %45, 1)

or

p(2ijlyij, wj) o< { 1)



which shows thap(z;;|y;;, w;) is a Gaussian distribution truncated either above zero or below zero,
depending on whetheg; = 1 ory;; = 0.
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3 Dirichlet Process

Let
{w;} ~ DP(go,A) (4)
where the base measugg = N (w;;0,021) and the precisiol > 0. The Dirihlet process

posterior is
AN (w5 0,0°0) + 35 sy S(W5 — wi)

p(wilw_;) = NEN—1 5)
plzj,wilw_j) = p(w;lw_;)p(z;|w;)
M (wj;0,0%1) + Zévzl vt O(Wj — W) 2

i=1

Other relevant probability distributions are
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Thus,
= Wy, with probability vy

W Wj»Z.jvy{ ~ N (wj; iy, 3;) ,  with probability o ()
and from (1)
( ’ ) ( ‘ ) l(zw > O)N Zij;w‘?xljﬂ 1), if Yij = (12)
P(zij|y, W) = p(2ij|Yij, Wj) X -
J J1Yij, W 1(z;; < N Zij;WJTXZjal , ify; =0

based on (11) and (12) which we perform Gibbs sampling of the postaig}, { z;; }|{vi; }-

4 Example Results



