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e Then the threshold value is:
X, for minimum P, :
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P(X) = T eXp(—E(é—g)T Zl(z—g)j
(27)2|z|2
u: Expected value,l X 1, E|x]
Y: covariance matric,l X |, E [(g — ,u) (g — M)T]

. |: determinant
l: number of features
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Two-dimensional Gaussian pdf and its contour. The graph
has a spherical symmetry showing no preference in any

direction.
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Two-dimensional Gaussian pdf and its contour. X is diagonal
with o > 2. The graph is elongated along the x,direction.
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Two-dimensional Gaussian pdf and its contour. X is diagonal
with o7 > 2. The graph is elongated along the x,direction.
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Two-dimensional Gaussian pdf and its contour.
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g(»)=P(o,x)-P,x)=0

R.: P(o,

X) > P(@;]x)
g(x)=0

R;: P(wj|£) > P(mj|§)

e Hlaie 50 Caos 0 5 (I W) Cadie Hlade b (1l Caos SS90
Sl 1y yao Jlade sl g8 ol 500 69y 2 G &6 el D)

Pattern Recognition




odzS o mlaw — cazsSlas Al

Ol s Ll ols J13 sao il ], g &b wul G 90 550 (8L 612 O
DS O hge Jb glwools g, ool 5l ol i

il sogne 1S &g 4 f ol 510

P(wi|x) = P(w;|x) = f (P(wix)) = f (P(w)]x))

oS 0
9(x)=f (P(CUEIE)) —f (P(wj|£)) =0

RO PPRVEL Y KESE SRS WY Prpgioy

S 48,5 15 4y g5lwosls (gl Wlg oo sy el 1555 £ = IN(L) 50
gi(x) = In (P(wi]x))
9;(x) = In (P(w;]x))

Pattern Recognition




&slwoslw — sasSlos mlaw — sacsSlas a5

P(w;i|x) = p(x|w;)P(w;)

gi(x) = in (P(wi]x)) = tn (p(x|wi)P (@)
gj(x) = In (P (wj|£)) = In (p(?f_ wj)P (w,-))
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a and b at the same
Euclidean distance from ¢
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a and b at the same
Mahalanobis distance from ¢
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Given o,,®, : P(®,)= P(®,) and p(;\a)])z N, ,2), Jte

(doy) = N(u, 2) ° B
X|®,) = = - -
P\ X|@, H,»=)s H, o £, 3 [ 03 1.9

1.0
classify the vector x= [2 2} using Bayesian classificaion:

; 0.95 -0.15
® Z =
-0.15 0.55
e Compute Mahalanobis d,, from z, y, : d Zml = [1.0, 2.2]

L[1.0 , [-20
2 |=2952,d m2 =[-2.0, -0.8]= o |=3672

e (lassity x = .
Observethatd,, <d,,
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oMaximum a Posteriori probability estimation
(MAP)
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MAXIMUM LIKELIHOOD ESTIMATION
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MAXIMUM A POSTERIORI PROBABILITY ESTIMATION (MAP)
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p(8)p(X|6) = p(X)p(0]|X)

p(8)p(X|6)
p(X)

p(0|X) =
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MAXIMUM A POSTERIORI PROBABILITY ESTIMATION (MAP)
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6 —p(01X) =0
MAP 6919( 1X)

= p(8)p(X16)=0
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