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Prototype-Based Classification Using Class Hyperspheres
Hyun-Jong Lee" - Doosung Hwang'™"

ABSTRACT

In this paper, we propose a prototype-based classification learning by using the nearest-neighbor rule. The nearest-neighbor is applied
to segment the class area of all the training data with hyperspheres, and a hypersphere must cover the data from the same class. The
radius of a hypersphere is computed by the mid point of the two distances to the farthest same class point and the nearest other class
point. And we transform the prototype selection problem into a set covering problem in order to determine the smallest set of prototypes
that cover all the training data. The proposed prototype selection method is designed by a greedy algorithm and applicable to process a
large-scale training set in parallel. The prediction rule is the nearest-neighbor rule and the new training data is the set of prototypes. In
experiments, the generalization performance of the proposed method is superior to existing methods.

Keywords : Prototype Selection, Nearest-Neighbor Rule, Set Covering Optimization, Greedy Algorithm

FllE 2EFE o &S ZE2EEY VN £F

o8 & -8 FM"
A72 ok
of
e A2 ot i z‘; ol4F ZREES o] &d: BF A4 AdBTh FH dolEs} gush FYs doe 297w B
A7E 59 FH2 delHEw 2FANG 2 e 2

2
B
U
iy
9,
o
:’,J
&
O
=
019
“ <
£

479 WARE Y QMY B 22 dolest
]

M W 59 Fos dojHs] 3 B #aht Aael Zzeag A%e 445 99 4
# 97 2734 olau. Js}f— Ae e SUx ¥ LREHge Adst duY dueEen A, die F4 dejge o
& Haq ol FHL ol s, Ane T dolHt LeEE Yielth AWoA Ackshs Wy e 7]

JIYE - Z2EEY ME, 22 0/ WA, HE 2M 2NE, 120 g2

.M 8 T A Ao o] §Hx T3] ZEEEY 418 (prototype
selection) 7IMOoZ T8 & IS dolge AA, AEY
24 o]% 7+ (nearest-neighbor rule)& E]~E H o] ¥ (sampling)[3, 4], &2 3+ 7 Al(inter-class boundary) % X
s} 14 ke dHolHe Fear BEREE g fHow [5, 6], & Sd= W dolg 227, d=s Hxd
Tdo] gy &80l 2 VA g5 daglFoltHll 1 Q= A2 dlolE WA (new data editing)[3], & €71 F
2 ko] dolE® TAEE 2R R F& A A% 2 8}(set covering optimization)[8, 9] & o] &3 Laz|H
7 vlolH ke SAME AAbE AEA 7= AAE So] F Eo] AtE ATt
A3 Z7}et= wdo] vehdti2] 2 EE (prototype) Z2EES] 7| 25 52 U Hel"e dey 2F
7)Aol A T ol ZgA 1 doleE yxd & stael 7 WAlE pAET A A dAdA E- dlolH
= AL 2o folge AoHn ojfd murree 4 4 FAES Fex AuE ogse] TrErge Ad9d
Be Hoy olg duEEe 94 dFH dHES E%% ot AElE ZREEQES FHlE 4 dolE ] FrT A
2 FE2 FAYH, 4 FHAE guste I B <o
T2 A waags g g Fol Agrhssinta AR F WA deE R ¢
A s Lia 25 Ape semgdse TAd 408 93 A B P
First Revision : June 3, 2016 & gs5slal, H2E dolHd s EF 435S et
* égrcreeritpe(()jndjlEgex’kguti((ilr(5 Doosung Hwang(dshwang @dankook.ac.kr) o] ‘H?} @'—% Z(jé'k% Oit‘[— @'—% %"J’lﬂ%‘ﬂ] Zj'%%—] Z': 9}3



484 HEXMES R =2X/2ZER0 X HI0IH &3t M53 X10=(2016. 10)

o, AdEE 2o WE Sk dolHE o] &3t S5 AA
2 o2 oy A% et Avtds BAsAl fu3].
ANtA o R of dolH F ZREER]S Ad9e dolH
b FARES ARE, 9 AW T B AT ol
B 52 W#sts deolHE AEdth Tomek Links A=
b BRARE Zol AHgstel Sds R A A
ZREERIS Adshsd o] &Hdt. A= Ab S

FEg et A2 (Euclidean distance), Wa}g 7 2] (Manhattan
distance), 3t9-2~%=23% A#](Hausdorff distance), Tomek

B =Ro|XE 29T (hypersphere) S o] &3 TR EE
o Ae gFS Attt Adsle ZREEY A9 WU
o Fd dold 7te] §AES FHs AHE o83 FY
S~ W dioJH RS FAHEE 24TE AMdsta 2925
dxsts AL o ZREER]S 243t 23 A
Aol s E&sta, 3Fede [ G@oh HAs 7t
ZrEES] AY dudEs stk £gdMe g 7
7 ot Al AgtetE Shedete] AAAE AlAEaL

Akl I EEYS o] &3 S5 el o] A H(Bayesian),
k-H24 o]%(k-nearest neighbors, NN), A =€} 7] A|(support
vector machine, SVM)2] 2% A5 njusic}, wpx]atoz
ST Agtshs ZR2EERS] MY duFe EARY
A el disiA =it

2. #H o7

g duEFe MY mE AZE 2R 1ESs F2E
HA L oy Aol A7), AL ARE a8 A F
kel Azl FFS vHY. MEHS o] 43 Ui ulolE
Aee A Agek v & wpel Z2EE] F7F 2A
ot ey dlolEel BEE wgsA] e deo A
(random selection) ¥ Afoll= 27 A5E0] 9HA B
TEACHEL dHlolH ke FAIEE o] &3 T dlojH E

= 2 dolEel A7E
Z

e

(hyperrectangle) 52 T43A#A, S8~
xS dioly AY e g BAE AR el
22 dol"HE 71 ®Bol Xt
o] "t} oA AYE ZZEEQIESY AT A=
FHlelg 7t Hw, d shgdolE e AR AL
T3t

IPS(interpretable prototype selection)< ©|o]¥ 7+ A}
To} uAAAY WMAES o]&sle] s J9e 2T

ZETE AN, THed BE SgHlolHE 23t

o}

. A g
ANA =Yg Feard Z2EEYS MdUsE wAF o
nEZow AAEYY. ZzEEle] Tas= uyolE
ghe Aoldt F o] £33 dolHER T F gloy
AP ARG ol gato] o] WAFE Helslof dri.

GSC(greedy sphere covering) U|o|E &
YPrEvroz FAAAZ & e HAE At HEH ol
TAE o] &3ttt A Aol A3 Folst F 271
o] A& AAtste] Z2EEYo] RT F e T FY
o= tFekloen, Jhed B 49 HolHE g
FHeolHE ZREEeR MeEsti{10]. RSC(randomised
sphere cover)E GSCSF 5¥3sH dol87F AWt Fd=
Foeo] AL gov Z2EEY 99 U XFHE HolyH

FE s BF AU AAF ZE dolHE 243

O

H HH ]

W A gd UL dHolH e ¢7F =& 457 #Hoh

ZUMNAE S o] &3 vk dolE g £ Ho
Bloh 2kl S3 HPsts Haeh Al WEHE ARtste] T
dedzl. 4 =4A4Ey deids dHelE 7t 2y ed
FYzol Foidl, M2 ZREEYS 2IAAEY e
e w9 dolHe] "ot ey 2dAAYEU HE
2EAHEW b Y2 delHe 22 AAdd A
7Fe7dol ok AAA dolEel £iE5 WPA7]LL, H

E dHlojH 9 #R{dSE HZH o)A
Tomek link®} frAtEE o] &3te] 22
ek g5 dolHER 7Y AR 5 dlolEE AAA
A BF dES Fyste TR Ay dugFo
stATHS, 6] e dagFe w8 A ddel 91
olHES TEstH, ojv] MEld oy, St A=
A5 AR E o]gsto] TRZEER] Mo Fr1E
5 AAen. oyd T2 EEQ] A WY
= U dolHE AYE rheAdol
o Axg A2 g2 AR WE (support vector) =
+ SVMC(support vector machine)ol= #&sl}, dlo|g
HA o, W]t 7H-AlHGaussian)

o B B gl AFeA @

H o o
ox Ju [y 2 X B

bl

10 ME 4 o oR X
kI
i

3. ZZEEIY ME§ ¢

K
o
of

o FRAERH YE 7 FAS x={ U U-- U X}
et ANM K ={(z, D) li= 1, )= Fe 2 1ol
e (g, € RY)OIH FEfa
1E€{1, 2.+, cJolth AQkels ZREEY A8 Wye vd
A x2HE 2 Fds lf HolHE dEd ¢ e
ZREE] P={P UP U UP
25 A Al AYlE ZRE
o9& dxshs Fes dolgz vt

8

30

fo M

Z
A

—



9 5tE H2E dolEl9
o] FP17 =g}
Foln EAl9] 7+ dolgrt £3 e

= 7 7

e
S

Y =
dolele] J3e FAE AgE ol&ate] Attt dvleold
(z,)Z5E A rdlell AT 59 S dold I
& (z,0)7) dxshes dogEs 2gd Ag e BEE
golelel AYE Fato T Fdlx W M 2 A

& . 4

F M Ae g 2e Add Figoz
Aok £ deld (o,0)9% 9] 35 A
= A% S@)E oo 2.

S(z)={zld(z,2) < r,l1(z)=1(z)} 1)

o714 1(z)& z9 S zolth

Foj7 FHUERRE Hio FHs ZZEERES
Adsh= 4 9 H43 £AE NP-hard SAZHA e
o] glolE Az Al Ee AA BRER Qe S 8t
= we Azro]l @ETH14]. GLPK[15]9F 22 AZEY)
o1& At I w9 A5 g FE F Jdoy &
= ulEel zely duE]E(greedy algorithm), 92l 2t
9 (randomized rounding), T3 % 312]% (approximation
algorithm) 5& AH&3le} sl& 3k A Wyo] dwky
o] tH8, 11, 14].

F& vlolEle] g Al A fWEe] AF W
ZEEY A" #Hge 7 FordR 5yHoen 7
th, aER XERE PZ ke BAle ol &
g G HAs A dolrh FAl 19 AW 3
Sz)ERTEH H49 ZEEESY AFS Agss EA
thS Equation (2)9} Zo] g @7 #A3ke &7} ©ut.

b [k

i)

rr

minam a(‘” (2)

1o A9 G A9 &= TP A ZREES

i

H H
o Ade] Felx HolHE EIANZ & e Aot
Equation (3)¢] Aobj (z)& H=E st S| doly x7t
Aelg R EES] o] A}

Aobj(x)lelﬂS(x)\UzlEP[ Sz, 3)

Aobj (z)E zex7t ZEEEYOZ HAgd of ofn]
Aele ZREEGE0] XFA7)A] 2 Fed diolE e
Z7t H9n, FrtEE 22 RS (2,1)o]th

ny
=
|>
Bt
i
1
i
=
00
rot
b
Hm
m
©
d
=

==
7T

485

procedure select Prototypes (X, S, c) :
/] x= {(mi,l)\i: 1,....,n and 1€{1, ..., c}}
/] S(z)= {zld(x, z)<r, andl(z)= l(z)}
/] e Bz %
//Pl,l: 1,2, ...,c
P=®
forl=1

P =9, X = {x,£|(xi,l)€x}

do {

T = max Aobj(z)

z,l)Ex
B=RU{z}
} while( Aobj (z)>0)
P=PUPF
end for
return P
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Fig. 1. Prototype Selection Algorithm
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procedure predict(x, P) :
/] x: H2=E HlolH
[/ P: Z2EEY F3
y=min(, cpd(z,z,)

return y

Fig. 2. Prototype Based Classification

Fig. 3. An Example of PBL
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Table 1. Selected Benchmark Classification Problems

Num.

Nom.

A EM =4 2 249 S B
AlA 1,605 14 14 0 2
Abalone(ABA) 4177 8 7 1 8
;ﬁ)ﬁjﬁ&%ﬁ” 60 | 14 6 8 2
Breast Cancer(BC) 699 10 10 0 2
Car evaluation(CAR)| 1,728 6 0 6 4
DNA 2,000 180 0 180 3
Four classes(FC) 862 2 2 0 2
German(GER) 1,000 20 7 13 2
Glass(GLA) 214 9 9 0 7
Letter(LTT) 20,000 16 16 0 26
Mammograhic(MA) 961 6 6 0 2
Mushroom(MU) 8,124 21 0 21 2
Pendigits(PD) 10,992 16 16 0 10
Pima(PIM) 768 8 8 0 2
Satimage(SAT) 6,435 36 36 0 7
Segment(SEG) 2,310 19 19 0 7
Svmguidel(SG) 3,089 4 4 0 2
TAB digits(TAB) 4,784 118 0 118 16
USPS(US) 9,298 256 256 0 10
Vehicle(VE) 946 18 18 0 4

i

25 72t v BF EBAECH 6~1807M9 &5 3l
t}. TAB digits> 7]€} R E FAsE Zl(fret) AR
W zR AFAEe] ol Abgshs 13719 294 3 18
A = aga 22709 = FEERYH FHHAY
[(17]. &9 2z WH3E 0~1570x 0y, Fedl2=d o 10
0~3007H¢] delH= g€t 4749 AL HolHE 5
W 5-fold WAt HAF5or FH HolHe HAE dHolHE
ol Adaksitt

L F&(error rate)e EFH7bo| durH oz AREHL
o] vERtE diolH e Fol & Apolrt Hole A%
= ABA Bt EFE o] 87| ot} olyg Y~
g Al(class imbalance problem)olA & F&2 T}
delg el o] AA EEY] wEelrh. A
A8l Fdle Ewdy A @ e 748 R

(balanced error rate) berr< H7}=12 o]-&3kc}

|
rl

ot M =2

NI R T
Y 091
to o

berr = E E )=1) (4)

Cizim 5

T QFE berrB7blA 7 S o] £33 eFeS £
Sied FLsA AdEY, A eFE&S FHs T

sl Fd2 S/F&9 Hifol Hubh 1—berre
& A 3tE (balanced accuracy rate) bacc©]t}.

Table 2= 28 Aot} IPS9] HEA &2 AL Ag S
g 7 FAE 5 dS5ES S48t W berrd ¥ &
Aestth XA ME 7] A SVM OVO(one vs one) &7
2S AbgEs 0=10°th. SVMI2> RBF #H4Y(y=3),
SVM2%E POLY AQ(y=5,c, = 0)& A&} a5 &
1YPFY LEH 4 %+ HolH Fagolth i, SVMY
%E-e Aeg A uE e bgott,

Friedman ¢ #A AolxEs F33k g;)r AA TIPS,
GSC, PBL & Z2EES 7|9t ko] 1-NN, 3-NN 3% 7
Lo A Wl AAHEL wolm 9t} 1-NN& 7]_ Lo 373

QFE&S wolu glon IPSS PBLY ©HF&S 3-NNI
RBF Ad SVM1#9] &3t Helol el th wo] x|t a5
A7} P =L 0FES B, GSCE SVM2R T ¢kt
wrokth A A4 o= IPS, GSC, PBLE POLY #d¢ SVME
o 8 e Fgo] =AU Fig. 4= Table 29 &40 o3k
T

g ASE baccS W3 T Eo|T)

TddgolER2RE Ay Z2EEY HELS GSC, IPS,
PBL =02 WA velygth SVMI1Q] A WE H& 32.0%
oF vl ZREERSO] H &2 160~17.0%004 e
Z2EE]e H&S Aol wel xolZ Holm glon}
GSC gagge] Adg vl go] o7k vpth [PSE Z2E
Eble] dixste S Gool Hdold FH~E x3HE 7}
Aol wof, HTH ol i FHL o8 EF 2F7E
S =Y 7heAel



i
=2
|>
bt
i
1
i

0183 ZZEEQY It £R 487

Table 2. Experimental Results

Problem 1-NN | 3-NN | Bayes | SVMI % SVM2 % 1PS % GSC % PBL %
AlA 0.16 0.19 0.44 0.30 38% 0.21 55% 0.23 19% 0.30 8% 0.19 29%
Abalone 0.23 0.34 0.46 0.44 64% 0.23 57% 0.40 11% 0.24 35% 0.19 42%
Australian 0.08 0.14 0.21 0.13 28% 0.18 55% 0.16 19% 0.18 16% 0.11 21%
Breast Cancer 0.02 0.04 0.10 0.03 10% 0.04 43% 0.06 15% 0.08 5% 0.05 6%
Car Evaluation 0.03 0.05 0.19 0.02 17% 0.02 54% 0.03 19% 0.25 3% 0.16 4%
DNA 0.13 0.20 0.22 0.03 45% 0.26 54% 0.21 19% 0.18 28% 0.08 51%
Fourclass 0.00 0.00 0.27 0.08 31% 0.00 13% 0.14 3% 0.18 2% 0.15 3%
German Numer 0.19 0.30 0.28 0.23 48% 0.24 56% 0.28 19% 0.20 26% 0.17 4%
Glass 0.16 0.40 0.35 0.35 1% 0.35 53% 0.52 18% 0.26 27% 0.27 36%
Letter 0.03 0.05 0.35 0.05 42% 0.35 53% 0.09 19% 0.13 10% 0.09 17%
Mammographic 0.11 0.17 0.22 0.16 34% 0.15 38% 0.19 13% 0.19 16% 0.19 19%
Mushroom 0.00 0.00 0.01 0.00 14% 0.24 55% 0.00 19% 0.06 0% 0.04 1%
Pendigits 0.00 0.00 0.13 0.00 14% 0.26 55% 0.01 20% 0.06 3% 0.04 4%
Pima 0.15 0.26 0.27 0.27 45% 0.24 55% 0.25 21% 0.22 23% 0.17 32%
Satimage 0.06 0.09 0.23 0.13 18% 0.36 38% 0.09 13% 0.13 % 0.11 12%
Segment 0.02 0.05 0.21 0.05 28% 0.13 52% 0.06 16% 0.12 7% 0.10 10%
Svmguidel 0.02 0.03 0.06 0.03 21% 0.02 60% 0.06 10% 0.05 8% 0.05 12%
TAB Digits 0.00 0.00 011 0.00 25% 0.02 6% 0.05 4% 0.23 2% 0.18 2%
USPS 0.00 0.00 0.00 0.00 1% 0.21 13% 0.00 5% 0.02 0% 0.02 0%
Vehicle 0.15 0.20 0.54 0.20 51% 0.33 50% 0.28 16% 0.20 22% 0.17 31%
mean 0.08 0.13 0.23 0.13 32% 0.19 46% 0.16 15% 0.16 12% 0.13 17%

F-94 1.6 35 6.6 5.0 55 47 5.2 3.8
ol 1 2 8 5 6 4 7 3

e--e¢ 1NN

G--© 3NN

=—=a Bayes

GesH SYML

ad - SYM2

Loty |PS

==t GSC

*—*  PBL

Fig. 4. Comparison of Balanced Accuracy
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