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FIGURE 2.3. The likelihood ratio pix|ey)/p(x|w:) for the distributions shown in
Fig. 2.1 If we employ a zero-one or classification loss, our decision boundaries are
determined by the threshold #,. If our loss function penalizes miscategorizing a; as ay
patterns more than the converse, we get the larger threshold &, and hence R, becomes
smaller. From: Richard O. Duda, Peter E. Harl, and David G. Stork, Fattern Classifica-

tion. Copyright © 2001 by John Wiley & Sons, Inc.
P10



—&: BMEEEAITTHSHK
&

Qs R{AZRIG T
2 DA b 3T
QHIE R KM



BEEREST

O IR R M KemE
— P(w) (Fie#i®)
— p(X|@w) (EFHRREZRE)

?ET#, —@j( 5[ /RT'T # ;__'l:
ENGAE AR I K R0T, BREAREELREE, RBEE
T?&ﬁﬁﬁ%%ﬁwsz 435 B 7E AR A =5 () e 2T S A
EMEREERAS MM RELRE, SRR
At R P

A— @ R R d 4 IETSFEE

1 1
p(x) = W25 172 &P [——(X -W'ET(x - u)]

SETETIEE, BURRShy (IERE | T ok
o e e e S

.12



BEEREST

0 BRSRETAE: &AKRUAGTHER MR G E. #
M AGERBRREL, BERMIEZEGRAE:

o RAMAMGTHERFHEITSHAAEEERMN, BE&H
AUUBRBNZHERNRRBERIESH

o NIMEMEIT A F TS RE R RN S X E I
oMb T =, (BEEREWEBNENNZGERFE—
SRRfRE T

.13



BERBEE AT — R XA

d B

X A ALPR(ETT

o FEEMZGHFEARE EIGRITI SR T
o BMELEM G AR A2

dJ B

=

iR

H

ARG T BB ARJRIE
55 RIREANABCTRA, ARELE, ic

pX|@)=pX|®,0), ]=1,...,C

EEANWIIISGHERRME TS HEEO = (0., 6,, ..
ei’ I = 19 29 b © ) C%E%Igéﬁgéj%&m%o

50y,

.14



BERERE AT —RXAARMETTE
0 iﬁi)lléﬁééDé\ﬁ;EE%?éﬂ’\]n/l\ﬁﬂixl Xy ey Xy NI
p(D|6) = ﬂp(xk 0)

%%TJCFQ;L?’E—r, _I:‘tﬂ%ﬁ’fﬂ)fiém% p(D|®) IR AR TE
HIRE TS = ORVASR R

0 SWEEORIRAMUAMEIT, BERERAUP(DIO)HIOEE,
iL 0. HEEESHREMFEWREIIIZELRIG.

.15



BERBEE AT — R XA

— o m -

T A -
s WAL "
e - - o ~ -
T - -~ e =L X
I 2 3 4 5 6 7
prog)
12x 0t
asx 107k P
adx 107 J,
, , ¥ ]
I 2 3 4 5 6 7
fid )
1
220
40
i) Jv
_&i : : 1 s ; : o
2 5
o I 2 3 4 ; 6 \?

FIGURE 3.1. The top graph shows several training points in one dimension, known or
assumed to be drawn from a Gaussian of a particular variance, but unknown mean.
Four of the infinite number of candidate source distributions are shown in dashed
lines. The middle figure shows the likelihood p(D|6) as a function of the mean. If we
had a very large number of training points, this likelihood would be very narrow. The
value that maximizes the likelihood is marked #; it also maximizes the logarithm of
the likelihood—that is, the log-likelihood [i#), shown atl the boltom. Note that even
though they look similar, the likelihood p(D]#) is shown as a function of & whereas the
conditional density pix|i#} is shown as a function of x. Furthermore, as a function of #,
the likelihood p(T)#) is not a probability density function and its area has no signifi-
cance. From: Richard O. Duda, Peler E. Hart, and David . Stork, Pattern Classification.
Copyright @ 2001 by John Wiley & Sons, Inc. .16
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FIGURE 3.2. Bayesian learning of the mean of normal distributions in one and two dimensions. The posterior

distribution estimates are labeled by the number of training samples used in the estimation. From: Richard O.
Duda, Peter E. Hart, and David G. Stork, Fattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.2, There are two leading methods for estimating the density at a point, here
at the center of each square. The one shown in the top row is to start with a large volume
centered on the test point and shrink it according to a function such as V, = Hﬁ- The
other method, shown in the boltom row, is to decrease the volume in a data-dependen
way, for instance letting the volume enclose some number k, = ./ of sample points.
The sequences in both cases represent random variables that generally converge and
allow the true density at the test point to be calculated. From: Richard O, Duda, Peter
E. Hart, and David G. Stork, Fattern Classification. Copyright © 2001 by John Wiley &
Sons, Inc.
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FIGURE 4.12. Several k-nearest-neighbor estimates of two unidimensional densities:
a Gaussian and a bimodal distribution. Notice how the finite n estimates can be quite
“spiky.” From: Richard O. Duda, Peter E. Hart, and David G. Stork, Fattern Classification.
Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.13. In two dimensions, the nearest-neighbor algorithm leads to a partition-
ing of the input space into Voronoi cells, each labeled by the category of the training
point it contains. In three dimensions, the cells are three-dimensional, and the decision
boundary resembles the surface of a crystal. From: Richard O. Duda, Peter E. Hart, and
David G. Stork, Fattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.15. The k-nearest-neighbor query starts at the test point x and grows a spher-
ical region until it encloses & training samples, and it labels the test point by a majority
vole of these samples. In this k = 5 case, the test point x would be labeled the category
of the black points. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Fattern

Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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