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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 dataD = ∪J

j=1Dj andDj = {(xij , yij) : i =
1, · · · , nj}, yij ∈ {0, 1}. We assume that eachDj 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 eachDj there is a linear classifier parameterized bywj ∈ Rd. We assume each
Dj is primitive and the samples in it are always linearly separable, so that there existswj assuring
wT

j xij ≥ 0 if yij = 1 andwT
j xij < 0 if yij = 0.

It turns out that many ofwj will become identical to each other, yielding a small number of
distinct representativew’s. Each distinctw represents a linear boundary that separate a subset of
the samples inD and the ensemble ofw gives us the piecewise linear boundary. In this report we
present the method of how to use Dirichlet Process to learnwij , and automatically discover the
piecewise linear boundary fromwij .

2 Posterior Distribution of wj and zij Given the Base Measure

Let the base prior measure
p(wj) = N (

wj ; 0, σ2I
)

and the data likelihood

P (yij = 1|wj) =
∫ wT

j xij

−∞
N (ε; 0, 1) dε =

∫ 0

−∞
N (

z;−wT
j xij , 1

)
dz =

∫ ∞

0
N (

z;wT
j xij , 1

)
dz

Let zij ∼ N
(
zij ;wT

j xij , 1
)

, then

P (yij |zij) = 1(zij ≥ 0)yij + 1(zij < 0)(1− yij)

where1(·) is the indicator function, and

p(zij |yij ,wj) ∝ P (yij |zij)p(zij |wj) = [1(zij ≥ 0)yij + 1(zij < 0)(1− yij)]N
(
zij ;wT

j xij , 1
)

or

p(zij |yij ,wj) ∝




1(zij ≥ 0)N
(
zij ;wT

j xij , 1
)

, if yij = 1

1(zij < 0)N
(
zij ;wT

j xij , 1
)

, if yij = 0
(1)
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which shows thatp(zij |yij ,wj) is a Gaussian distribution truncated either above zero or below zero,
depending on whetheryij = 1 or yij = 0.

p(wj |z.j) =
1
Aj

nj∏

i=1

p(zij |wj)p(wj) =
1
Aj

nj∏

i=1

N (
zij ;wT

j xij , 1
)N (

wj ; 0, σ2I
)

= N (
wj ;µj ,Σj

)
(2)

where
Aj = (2π)d/2|Σj |1/2 (3)

Σj =
nj∑

i=1

xijxT
ij + σ2I

µj = Σ−1
j

nj∑

i=1

zijxij

3 Dirichlet Process

Let
{wj} ∼ DP (g0, λ) (4)

where the base measureg0 = N (
wi; 0, σ2I

)
and the precisionλ > 0. The Dirihlet process

posterior is

p(wi|w−i) =
λN (

wj ; 0, σ2I
)

+
∑N

k=1,k 6=j δ(wj −wk)
λ + N − 1

(5)

p(z.j ,wj |w−j) = p(wj |w−j)p(z.j |wj)

=
λN (

wj ; 0, σ2I
)

+
∑N

k=1,k 6=j δ(wj −wk)
λ + N − 1

nj∏

i=1

N (
zij ;wT

j xij , 1
)

(6)

Other relevant probability distributions are

p(z.j |w−j) =
∫

p(wj |w−j)p(z.j |wj)dwj =
λ Aj +

∑N
j=1,j 6=i

∏nj

i=1N
(
zij ;wT

k xij , 1
)

λ + N − 1
(7)

p(wj |w−j , z.j) = γ0N
(
wj ;µj ,Σj

)
+

N∑

k=1,k 6=j

γkδ(wj −wk) (8)

γ0 =
λAj

λAj +
∑N

k=1,k 6=j

∏nj

i=1N
(
zij ;wT

k xij , 1
) (9)

γk =
∏nj

i=1N
(
zij ;wT

k xij , 1
)

λAj +
∑N

k=1,k 6=j

∏nj

i=1N
(
zij ;wT

k xij , 1
) (10)
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Thus,

wj |w−j , z.j , y

{
= wk, with probabilityγk

∼ N (
wj ; µj ,Σj

)
, with probabilityγ0

(11)

and from (1)

p(zij |y,w) = p(zij |yij ,wj) ∝




1(zij ≥ 0)N
(
zij ;wT

j xij , 1
)

, if yij = 1

1(zij < 0)N
(
zij ;wT

j xij , 1
)

, if yij = 0
(12)

based on (11) and (12) which we perform Gibbs sampling of the posterior{wj}, {zij}|{yij}.

4 Example Results
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