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Histogram: h=2
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Naive estimator
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Maive estimator: h=2

L)
CaTa

¥

¥

I s =

h=1

x

4

x

8
3 3,""
I ASR0)Y
A
W) | - +
8
q




J3)5 il aslaim) -

i 01930 P)lgan (iaadl o)yl Cuws @ sly o
) A op oyl (J3)3) )less (o309 @6 K
Ol o5 @6 dadi)S dg)zs

1 u’

K(u): exp ——

N2 2

. 1 & (x—xt)
-~ Yk
p(x) Nh;[ b

abun shls a5y Joa )ais § (8560 @0 o ©
3)3 ostalwl J3)3 plgic @ 9lg3g» 1) bl Gy

bl cspSob



Kernel estimator: h=1

0151

01

0.05F




k-Nearest Neighbor Estimator -
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Nearest neighbor classifier -
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Condensing methods
Condensed Nearest Neighbor (C.N.N.)
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Condensed Nearest Neighbor (C.N.N.)
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Incremental algorithm -
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one-class classification problem
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Local Outlier Factor
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Nonparametric Regression § smoothing models(smoother)
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Regressogram -
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Running Mean Smoother
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Running line smoother ——

00w)S) Ay Dlwss o sl Slls () ) e
30,0 A8)S 1S )y (las C)gw @ b

Running line smooth: h=6




Sibw)lgos Jahly puas -

W) 3390 a¥ld)3 YAi )s 395 h G k a5 (3)g0 )s
B3 )y aiged 308 5 a5 Sl Jls plgic
oui0)lg Lol (sl @5 gublb Olhrs (30 A38)5

) (sam) 302 2elod Dl

o)1y «S)lw)lgan (saisly guljsl g )y e
NOee  owlidl  gebl Ll sl guels

(65 ¢S

@3 sl 3 cross validation ) plgie @ 5S35
3)5 asaiwl sjlw)lgsns yahb [

bl cspSob



oalms slagngy =

Q S $983ms O)0 @ «luss (IPAIN» (8L °
© Owbl higel Slomigad shad as i) o}g
L0 A8

S0, 05wl kd ca)s j) Lagac bolpn ool )y @

ostatw! (LSH) yplad  silweo)s  (slagnvg) SV

30,0
By A
Q:’ ., . I a O
SN O
a | (-4 1&;’ : By, (%) r
e
R L a - -
| 1

Li, Yuengn ()
IO eSO Locality Sensitive Hashing




