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, »RCH ; )
. (compressed comvex hull( CCH))
RCH, CCH 1) , SVM
. 2) CCH (1) (CH
s (i) ( competitive agglomeration( CA)) 16
(1) :
s (1v) CCH  SWM ) , )
3 (V) UCI
1
1.1 SVM
D = {(x1,y1), o (X1, yz)} , x; € ZCR", y €4~ 1,1}.
I~ yi= X1 ) I=T1"Ur . ,SVM
() Hwb:
H(w, b):f(x)= w ®x)+ b= 0,
L) 2T 2 T w€E 7 Mercer , k(u,
y) Vi . k(wv)= ®(u) ®(v), RBF
k(u, v) = ex lu- v ||2/(202)}
. xi &
s SVM
- ,
in Swow+ cgg
s.toyi(w ®(xi)+ b) 21- §,
g 20 i €1,
c> 0 T QpP La
grange ai,
1
max Zai— E,,Z;Gi QG yiyj k(Xi, Xj)
s.t. 0 <o SC, i €1, (1)
Z{liyi: 0{ Zdi= ZC(J.
el i€r €1
flx)= Dpyik(x.x)+ b,
,H(w,b) w  Karush Kuha-Tucker( KKT)
w= Z'y a; P(x;) = Zq Plx;)- ZQ P(xi)-
i€rr i€r
H(w,b)= H(sw,sb),s> 0, w b
, (1) D= D =
SVM SVM
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SVM [ 15, 1#19].
1.2 ( RCH)
1 X k . 0< P< LX RCH (X, 1)

k k
RCH(X, 1) = {x.-x: Daixi,xi €X, Dai= 1,0<a; < u}
=1 =1
, SVM., u

Ll X RCH(X, 1)
w €s={Qm1-r/W, RCH(X, W
X m=T1/1V4
. UM=T11/ba ai= Hi= 1, -y m,
a= HBi=1 ...m- 1Lan= 1-wl/H M,

1 RCH ,
1 ol RCH
, ry/ vd
[15] .
2 (CCH)
RCH , . )
CCH :
2 X &k . 0< A< LX CCH(X, M)

k
CCH(X, M) = { x:x = Dk Fi= (1- Mxe+ M,
i=1

k k
0<ai <1, Dai= 1, xe= %Zv} (2)
=1 i=1
CCH . CCH(X, N X X . ,
A= 1 ,CCH(X,1) X conv(X ), . A= 0 ,CCH(X,0)
X X . , A
2 A X CcH .. ccH X ,
CCH , CCH

2 X CCH(X, N
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k k
CCH(X, M) = { x= Daix o 21 S = 1}
i= 1 i=1
, X {X1, - } X Xe-

o= %E}:}: % E'[(l- Nxe+ M= xe.
i=1 i=1
., C(X, N

C(X, N = {x x= D axi,

x € CCH(X, M),

k k
X = Z‘ﬂi.x;i, = Z{l_k—)\+ Min.
i=1 =1

B= (1- M/k+ X,

: A CCH
2(1- N/k, DPi= 1, 2
x €Cx,N. , x= D aixi € C(X, N, &= (ai— (1= M/k)/\
G 20 Da=1

k k
x = Z{Am 1_T}ﬂxi= D ex; € CCH(X, V.
i=1 i=1

3 X; EX,xL- .X;i: (1— }»)xc+ )xi
CCH(X, N

= (1- Nxo+ M CCH(X, N . ox X ,
0< a< 1 u,vECCH(X, N (u#v) xi= au+ (1- a)v, u= D ax, v=
be],aj,b >0 Zajz Zb 1.

xi= au+ (1- ajv= Z{Oa]+(1 Q) b)x; =

(1= Nxet }»Zw]+ (1= Qb)x.
x; X
{Gai+ (1- a) b = 1,
amj+ (1- a)b = 0, j Zi.
ai b, a b 1, agi+ (1- a)b; < 1, agi+ (1- a)b; =
1 . ai= b= 1l,ag= b= 07 ] Zi. u= v:J;'i,

, Xi X ., xi CCH(X, N , X 2
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u = qu‘xj', V= ijxj, 0< a< 1, a;, bj >O, Zaj: ij= 1 X;

au+ (1- a)v

xi= (1- Nxet M= (1- Nxo+ Na sz]+ (1- a)Z}; x] =
o (1= Nxes }\Zg X+ (1- a)[(l- Mxe+ )\Z‘hx]].

couEy (1= Mxer A Z(1- Mxet bejx_h xi  CCH(X,
N .. . O
CCH CCH , 2
(CH . 3 CCH Xo
, [ 15]
. CCH ,
3
3.1
SVM (2024
RBF  h(um, v) = exp{ D7 (- )/(20»}
] , u= (u ;- um) € R".
X: {xl’ ceey xk} k = (Bl, ceny B() c s
B i cA L]
2
B.U.Q) = 7d -,&—nﬂ ]
min J (B, U, Q) = 2 Duid(x, )~ 1 2] Dy
c (3)
s.t 'Zulj— 1, 0<; <k
,d(x;, B) x B , U= [u] c , W
X B , 1 n J,
1—1/16/
N = e [LZ,Z w2 g, )] :Z{Z )1},
Ny , T , s .
(3) Lagrange uij,
Zul](x] 6,)}\{ Zuy}, t= 1, ymei= 1, ¢, (4)
, b= (6l . &)

6_{2‘2 }\{Z}h} i=1 ..

, RBF LB]
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3.2
CCH , CCH SVM
X = {xi-'i= L - k}, (1/k) Zk:l‘P(xi).
. X,
X, Li= (109x )= 9(x) 1P 119(x) - (k) 20, %) 7).
L; , :
3 3 1 3 2
minL = Dli= Z[ll Wxi) = @) 1= 1 €(xi)- o 2.9x) ||?;] . (5)
=1 =1 j=1
Newton :
xnew: X — (-'..il,)_]-'..xL’ (6)
s, |OL. OL| . _[ azLJ
Sl = Ox" " OoxM il = 0x'10x pxm
(5 .
4 SVM
. z= ¥Yx) Vi ze 4 ,
. Sznz20 = k(x1, x2). CCH SVM , CCH
(1- Nzo+ Xi, w1 w2 wi= (1- Nze+ Zefaizﬁ wa= (1
- Nzt s bizi Diera= Dbz A
, CCH SVM ( CCH-based geometric
algorithm for SVM( CCH-GA) )
1)
a) CA c rlo, T c.
b) RBF a.
¢) CCH A
2)
d) X.  Xe;
3)
e) C )wi wm .
wi= (1= Nzb+ Docpa X, a= MITI,
wi= (1= Nzo+ Do, bikibi= MITI.
f)

) Zi = (1- Nze+ X5 € CCH(X", N,
Zr = A
zj,= (1- Nzo+ Xj, € CCH(X™, N),
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Z = arg min(m(z5). m(z)).
4 zZ

0 Jo
. <z§0— w2, wi— w2) - (zj,— wi, w2a— wi)
m(Z) = T e w1 ™E) S T
(wi, wiy= (1= N2+ 2(1= N Dalzh. 2+ D, aig . 7))
ier iLjET
(wo wad = (1= N2+ 2(1= N Dobize,zi v+ D, bib{zi.z] ).
i€ i, jEI
(wi, w2) = (1= N>zt 20+ Z aiby <zi, z; )+
€T jeEr
(1- )\)[ Dbz i Daiee. ot >] :
€T iEr
e lwi- will— m(z,)< & | w= wi— wa b= (1/2)( llw II?
- llwy l1?) & ; , 2.
g) oz = ét’o’ a'}:vz G A+ (1= q1)ai0, o €T, a™ = (1- qi)ai, i Zio, 1 €
I, g1= min(1, <wi— wo wi— zi)/ lwi— zi I°); B = M (1= q2) b jo €
L6 = (1= ga)b.j Zjoj €1, g2= min( 1, (wa— wi, wo— 25,0/ llwa— 25, 117),
f).
RCH- GA CCH RCH-GA
) CCH
, wi w2 . ,
( ) (ai bi) 0.
CCH- GA( probabilistic CCH-GA (PCCH-GA ) ) :
bi/ A : 100°(1- @)%, 0< a< I,
a= 0.05. , PCCH-GA
PCCH-GA CCH-GA . ,
0, 100°( 1= a) % . , PCCH-GA
. , RCH-GA . RCH
[1/ ] s s
5
CCH-GA  PCCH-GA ,
, 1 5  UCI Benchmark , 2
5.1 Benchmark
UCI Benchmark o 5 (

@ http:/ /www. ics. ud. edw/ ~ mlearn/MLSummary. hml
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) RCH-GA CCH-GA PCCH- GA 3 ,
16- s CA
( ). 1 3
CPU . 3 [ 23] . ) RCH-
GA, CCH-GA s s s CCH-GA
, RCH-GA [1/}]
. 3 CPU PCCH- GA "
, PCCH-GA .
1 CCH GA PCCHGA RCHGA
el (%) 2574%4. 34 23.47X1.72 15.45%3.23 4.72%2.35 22.45%+1.35
RCH-GA
t/s 45.34 92.04 40. 37 28.78 254. 69
el (%) 2535%4.53 23.16%2. 01 15. %3, 07 4.68%2. 12 22.59%1.14
CCH-GA
t/s 41.32 85.27 36.28 25. 65 247.38
el (%) 2602%4.74 23.87%2.35 16. 2%3. 41 4.94%2.23 22.76+1.37
PCOH-GA
/s 36.47 78.39 31.97 2274 224. 18
5.2
SPIN o PDB( protein data bank)
) (homodimer)
66 ( 30%) : laby A, lagr A E, lais B, laok A, lagd A B, laui

A B, laxi A B, 1bpl A B, 1cau A B, lebd A C, lefu A B, lefv A B, 1fdh G, 1fin A B, 1frv A B, 1gla F
G, 1gua A B, libc A B, 1ihf A B, 1jck A B, 1lgb A C, 1mel L, Imhc A, Imhl A C, Imio A B, Inpo A,
Itb1 A, 1rlb A E, 1sd A B, 1Iscu A B, lter A, Ttme A, 1itp A B, Ivol A B, lym A B, 2bif A P, 2few H,
2pch A, 2req A B.

2

MASA 2597 8 300
1 A%
1/3
[ 26]
PSE Blast @
, : Ri 2s
Ri-s--Ri-1RRi+1---Rix 5,
R'h s+ k k + 1
2s R;

@®  http:/ / trantor. bioc. columbia. edu/cgi— bin/ SPIN/
@ http:/ /www. ncbi. nlm. nih. gov/ BLAST/
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Ri_l(RH 1) Ri Ri— s(Ri+ s)

?

j
1 .
Attri,j = %+ lkzglettr(ka), j=01, -, s.

, (20+ 1+ 1) x (s+ 1)
S = 6 . K)% ’
, 2
3 5 16 ,
Nrp B Nrp _ N+ Ny
Rsr = Niot N x 100%, Rsp = No+ N x 100%, Rar = N % 100%
Rec = Nrtp X Non — Nyp X N v
J(Nte+ Now)(Nte+ Nw)(Nen+ Nep)(Niw+ N
, Nrtp Non Np NN
,N= Ntp+ Ntn+ Nrp+ Nm
CCH-GA , PCCH-GA
2 3
Rsp/ (%) Rsp/ (%) Raw/ (%) Rce t/s
RCH-GA 71. 24 7.32 72,66 0.4517 548. 6
CCH-GA 7.7 76. 31 74. 68 0.494 4 513. 4
PCCH-GA 71.51 .15 72.63 0.460 7 457.5
6
SVM , )
CCH SVM RCH-
GA . s PCCH-GA s
RCH-GA
[ ]
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CCH-Based Geometric Algorithms for SVM
and the Applications

PENG Xin-jun"?, WANG Yi fei’
(1. Department of Mathem atics, Shanghai Normal University,
Shanghai 200234, P.R . China ;
2.Scientific Com puting Key Laboratory of Shanghai Universities,
Shanghai 200234, P. R . China ;
3. Department of Mathem atics, Shan ghai University,
Shanghai 200444, P.R . China)

Abstract: The support vector machine (SVM) is a novel machine learning tool in data mining. The ge-

ometric approach based on the compressed convex hull ( CCH) with a mathematical framework is in-

troduced to solve SVM dassification problems. Compared with the reduced convex hull (RCH), CCH
preserves the shape of geometric solid for the data set; meanwhile, it is easy to give the necessary and
suffident condition of determining its extreme points. As the practical applications of CCH, spare and
probabilistic speed-up geometric algorithms were developed. Results of some numerical experiments

show that the proposed algorithms can reduce the kernel evauation and display nice performances.

Key words: support vedor machine; compressed convex hull; kemel parameter; geometric ap-

proach; probabilistic speed up



