Pattern Recognition:
finite sample patterns — decision functions:
selecting the most efficient features:

linear decision functions.

clustering analysis,

assoclatlve memory.



Karhunen-Loeve Expansion

e A random process z(t) in |a, 0]

o

z(t) = X Yupall)

[ on(O)@m(t)dt = 6,

Yo = [} 2(t)@a(t)dt

e Assume



R(t,s) = E{z(t)z(s)} N
= E{S yntinon(Do(s)}

Jy R(t, )pr(s)ds = STupn(t) [} or(s)@uls)ds

= ['ppr(t)

o [, vr(t) — eigenvalue function of R(t, s)



e )M pattern classes wy,...,wy

r;(t) (a <t<b)€w, xit)real

z;(t) = 5 Yinn(t), Yin : random variables
n=1

lj\zflp(wl)E{ymylm} — F12671m
R(t,s) — f:z”l E{z:(t)z:(s))

— % Fn%(@%(S)



e Generalized K-L expansion
Ti(t) = n Yinpn(t)

R(t,s) = =iy plwi) E{zi(t)zi(s)}




o M classes wy,...,w.

M sample pattern sets Sy,..., Sy
S1 Cwiy..., 5 Cwy

e M sample means

1 .
m,=—— > x;. 1=1....
: #Sl JSZESZ' & 7
e M sample covariances
1

Cr=
#Sl‘ — 1 r; €S,

> (i —m;)(z; —



e )M frequencies

i)

p(wl) — Zij\il #SZ

M
R = .;p(wi)@- > 0

R=®D,d
d=[p1,....00, OV =d0=1,

D/\:dlag{Ale222>\11>O}



o1, €5

Yi =T — MM,

y; = ®c;, ¢ = D'y,

(E{yi} = 0= E{c} =0)
(E{ylyg} = Ol' = E{C.iC,/l-} = (D/CZ(D>

M
.le(wi)E{cicg} = O'RO

— D,



e Patterns in wy U --- Uwy C R" share a strong con-
figurational similarity.

x; can be replaced by

C;k — [Qpla SR @m]lx'i S ij (m < n)

N-m




||2 = min

|z = 1, -+ pmléi
= ¢ =cC;

[/

||:C’i o [9017 SR @m]chQ <
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e (Given {(5171,y1), . (o yN)}

Find f(z):
N
©= kz_:l[yk — f(ka)]Q = min
o
M

fl2) = ¥ cipilo)

N M
6(61, ,CM) = kz—:l[yk - ; clgpl(:ck.)]Q
= min =
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o If f(z) is a stochastic function, we let the error func-
tion be defined as:

M
e = B{[/(z) - P cipi(@)]’}
e Given a sampled realization of f(x):

{(xla f(fcl))v SR (xNa f(ch))}v

how to do

min e’
Cl.---CM
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e )M pattern classes wy,...,wy

fi(x) — the feature function or decision function of
the 2-th class

e Training data
{(z}, ), .., (=, )}
e Find f;(z):

=

i l

k

e' = % [yp — filz})]" = min
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o Average discriminating information for w; _versus w;:

7)) = n pilz) x
](7’7]> o /pl 1 p](a:)d

_ o, P
= Bl o)

e Divergence — total information discriminating w; from
Wi

Jij = ]z'j + ]ji
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o [f

then
Jij = (mi —m;)'C~ (m; — my).

How to prove it?

o If z = (z1,...,2,) and features z;, z,, independent

(I # m), then
Jij(@1,. .., 2,) = él Jij(zy).

How to prove this?
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o If J;j(x;) > J;ij(x,,), which feature z; or x,,, we prefer?
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