
International Journal of  Operations Research Vol. 6,  N o. 1,  2 4 −3 2  ( 2 0 0 9) 

On Multiclass Support Vector Machines: One-A g ainst-H alf  A pproach  
JYING-NA N W A NG1��∗, S Y-M ING GU U 2, a n d  S H E NG-T E  C H O U 3 

1 Department of Finance Ming h s in U nivers ity  of S cience and  T ech nol og y  N o.1 , X inx ing  R d ., X infeng  3 0 4 0 1 , H s inch u , 
T aiw an, R .O .C .  

2 Department of B u s ines s  A d minis tration Y u an Z e U nivers ity   1 3 5 , Far E as t R oad ,  T aoy u an, T aiw an, R .O .C  
3 Department of A ccou nting  C h ines e C u l tu re U nivers ity  5 5 , H w a-K ang  R oad , Y ang -Ming -S h an, T aipei, T aiw an, R . O . C . 

Received A u g u es t  2 0 0 9;  A ccep t ed S ep t em b er  2 0 0 9 
 
 

Abstract  S u pport vector mach ines  (S V M) w as  orig inal l y  d es ig ned  for b inary  cl as s ification. S V M h as  b een recentl y  appl ied  
to s ol ve mu l ti-cl as s  prob l ems . A nd  th ere l ies  th e u ns ol ving  res earch  is s u es  on d evel oping  2-cl as s  S V M into mu l ti-cl as s  S V M. I n 
th is  paper, five common mu l ti-cl as s  S V Ms  h ave b een review ed  and  a new  mu l ti-cl as s  S V M " one-ag ains t-h al f meth od "  h as  
b een propos ed  al ong  w ith  th e comparis on b etw een th e performance of one-ag ains t-h al f meth od  and  th e oth er five mu l ti-cl as s  
S V Ms . T h e ex periments  proved  one- ag ains t-h al f meth od  to b e a q u al ified  mu l ti-cl as s  S V M. 
K e y w o rd  O ne-ag ains t-h al f meth od , S u pport vector mach ines , Mu l ti-cl as s ification. 

 
 

1 .  I N T R O D U C T I O N  

T h e S u pport V ector Mach ines  (S V M), b as ed  on S tatis tical  L earning  T h eory , is  a new  tech niq u e for s ol ving  a variety  of 
l earning  and  fu nction es timation prob l ems . S V M h as  fairl y  ex tens ive appl ications , s u ch  as  imag e recog nition, tex t 
categ oriz ation, h and -w ritten d ig it recog nition, d ata mining , and  b ioinformatics . S V M w as  orig inal l y  d es ig ned  for b inary  
cl as s ification. I t h as  b een recentl y  appl ied  to s ol ve mu l ti-cl as s  prob l ems . A nd  th ere l ies  th e u ns ol ving  res earch  is s u es  on 
d evel oping  2-cl as s  S V M into mu l ti-cl as s  S V M. 
C u rrentl y  th ere are tw o ty pes  of approach es  for mu l ti-cl as s  S V M. O ne cons tru cts  a mu l ti-cl as s  S V M b y  comb ining  s everal  

2-cl as s  S V Ms , incl u d ing  “ one-ag ains t-al l ”  (B ottou , et al ., 1 9 9 4 ), “ one-ag ains t-one”  (Fried man [1 9 9 6 ] and   K reB el  [1 9 9 9 ]), and  
“ DA G S V M”  (P l att, et al ., 20 0 0 ). T h e oth er one cons id ers  al l  cl as s es  at once, incl u d ing  “ cons id ering  al l  d ata at once”  (V apnik , 
1 9 9 8 ) and  “ C & S  meth od ”  (C rammer and  S ing er, 20 0 0 ). T h e ex periments  of C h ang  (20 0 0 ) ind icate th at none of th e 
ab ove-mentioned  meth od s  is  entirel y  b etter th an th e oth ers . S o h ow  to effectivel y  ex tend  2-cl as s  S V M for mu l ti-cl as s  S V M is  
s til l  an on-g oing  res earch  is s u e. For s ol ving  k-cl as s  prob l ems , “ one-ag ains t-one”  and  “ one-ag ains t-al l ”  need  to d eal  

( 1) / 2× −k k  and  k  2-cl as s  S V Ms  res pectivel y . U nd er d ifferent mu l ti-cl as s  prob l ems , th e amou nt of 2-cl as s  S V Ms  may  
prod u ce d ifferent performance and  compu tational  time. T h u s , w e arg u e th at a more el as tic meth od  w h ich  cons tru cts  ×n k  
2-cl as s  S V Ms  may  y iel d  a b etter mod el  u nd er d ifferent mu l ti-cl as s  prob l ems . I n th is  paper, w e propos e a new  id ea of 
mu l ti-cl as s  S V M:  one-ag ains t-h al f meth od , w h ich  is  a new  meth od  of s ol ving  mu l ti-cl as s  prob l em. A l th ou g h  th is  meth od  
cons tru cts  ex actl y 2k  2-cl as s  S V Ms , peopl e can ex tend  it to ×n k  cas e eas il y . 
I n S ection2, w e firs t review  2-cl as s  S V M and  mu l ti-cl as s  S V Ms . I n th e nex t S ection, w e g ive an introd u ction of 

one-ag ains t-h al f meth od . N u merical  ex periments  are in S ection 4  w h ere w e compare one-ag ains t-h al f w ith  th e oth er 
mu l ti-cl as s  S V Ms , and  w e al s o propos e th e improvement approach  for one-ag ains t-h al f meth od  w h en th e accu racy  rate is  b ad . 
Final l y  w e g ive th e concl u s ion and  fu tu re w ork s  in S ection 5 . 
 

2 .  S U P P O R T  V E C T O R  MA C H I N E  

2 . 1  2 -C l a s s  S V M  

W e w il l  s tart w ith  th e s eparab l e cas e (B u rg es  [1 9 9 8 ], C ris tianini and  S h aw f-T ay l or [20 0 0 ], S ch ö l k opf, et al . [1 9 9 9 ], and  
V apnik  [1 9 9 8 ]). L ab el  th e training  d ata{ },i ix y , = 1, ...,i l , { }∈ −1,1iy , ∈ d

ix R . S u ppos e th ere are s ome h y perpl ane th at 
s eparates  th e pos itive from th e neg ative ex ampl es . T h e points x w h ich  l ie on th e s eparating  h y perpl ane s atis fy ⋅ + = 0w x b , 
w h ere w is  normal  to th e h y perpl ane. Define th e “ marg in”  of a s eparating  h y perpl ane to b e + −+d d , w h ere ( )+ −d d is  th e 
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s h o r t e s t  d i s t an c e  f r o m  t h e  s e p ar at i n g  h y p e r p l an e  t o  t h e  c l o s e s t  p o s i t i v e  ( n e g at i v e )  t r ai n i n g  d at a.  I n  t h e  s e p ar ab l e  c as e ,  al l  t h e  
t r ai n i n g  d at a s at i s f y  t h e  f o l l o w i n g  c o n s t r ai n t s :  
 

⋅ + ≥ +1ix w b    f o r  = +1iy                                                                                                                                                    ( 1 )   
⋅ + ≤ − 1ix w b    f o r  = − 1iy                                                                                                                                                  ( 2 )  
T h e s e  c an  b e  c o m b i n e d  i n t o  o n e  s e t  o f  i n e q u al i t i e s :  
( )⋅ + − ≥1 0i iy x w b    ∀i                                                                                                                                                      ( 3 )  
B y  c o n s t r ai n t s  E q . ( 1 )  an d  E q . ( 2 ) , + −= = 1/d d w  an d  t h e  m ar g i n  i s  s i m p l y 2/ w .  T h u s  w e  c an  f i n d  t h e  s e p ar at i n g  

h y p e r p l an e  w h i c h  g i v e s  t h e  m ax i m u m  m ar g i n  b y  m i n i m i z i n g 2
w ,  s u b j e c t  t o  c o n s t r ai n t s  E q . ( 3 ) .  U s i n g  t h e  L ag r an g e  m u l t i p l i e r  

t e c h n i q u e ,  a positive L ag r an g e  m u l t i p l i e r s α i ,  = 1, ...,i l ,  o n e  f o r  e ac h  o f  t h e  i n e q u al i t y  c o n s t r ai n t s  E q . ( 3 )  i s  i n t r o d u c e d .  T h i s  
g i v e s  L ag r an g i an :  
min ( )α α

= =

= − ⋅ + +∑ ∑2

1 1

1
2

l l

P i i i i
i i

L w y x w b                                                                                                                           ( 4 )  
α ≥ 0i                                                                                                                
I n  o r d e r  t o  d e a l  p r o p e r l y  w i t h  n o n l i n e a r  S V M ,  w e  t r a n s f o r m PL i n t o  i t s  d u a l  p r o b l e m :  

max α α α= − ⋅∑ ∑
,

1
2D i i j i j i j

i i j
L y y x x   

α ≥ 0i                                                                                                                                                                                          ( 5 )  
α =∑ 0i i

i

y                                                                                                  
I n  t h e  c a s e  w h e r e  t h e  t r a i n i n g  d a t a  c a n n o t  b e  s e p a r a t e d  b y  a  h y p e r p l a n e  w i t h o u t  e r r o r s ,  C o r t e s  a n d  V a p n i k  ( 1 9 9 5 )  p r o p o s e  

t h a t  i n t r o d u c i n g  p o s i t i v e  s l a c k  v a r i a b l e s ξ =, 1, ...,i i l ,  t h e  c o n s t r a i n t s  b e c o m e :  
ξ⋅ + ≥ + −1i ix w b    f o r  = +1iy                                                                                                                                                ( 6 )  
ξ⋅ + ≤ − +1i ix w b    f o r  = − 1iy                                                                                                                                                 ( 7 )  

ξ ≥ 0i                                                                                                                                                                                         ( 8 )  
T h e  g o a l  i s  t o  c o n s t r u c t  h y p e r p l a n e  t h a t  m a k e s  t h e  s m a l l e s t  n u m b e r  o f  e r r o r s .  H e n c e  t h e  o b j e c t i o n  f u n c t i o n  b e c o m e s  

m i n i m i z e ( )ξ+ ∑2 /2 ii
w C , whereC i s  a  p a ra m et er t o  b e c ho s en  b y  t he u s er, a  l a rg erC c o rres p o n d i n g  t o  a s s i g n i n g  a  hi g her 

p en a l t y  t o  erro rs .  T he o p t i m i z a t i o n  p ro b l em  b ec o m es : 
max α α α= − ⋅∑ ∑

,

1
2D i i j i j i j

i i j
L y y x x  
α≤ ≤0 i C                                                                                                                                                                                     (9 )  
α =∑ 0i i

i

y                                                                                                  
N o w s u p p o s e t ha t  t he d a t a  i s  m a p p ed  t o  s o m e hi g her d i m en s i o n  s p a c e (f ea t u re s p a c e) , u s i n g  a  m a p p i n g  whi c h i s  

c a l l ed Φ ( B o s er, 1 9 9 2 ) : 
Φ →:

dR F                                                                                                                                                                                                        (1 0 )  
T hen  o f  c o u rs e t he t ra i n i n g  a l g o ri t hm  wo u l d  o n l y  d ep en d  o n  t he d a t a  t hro u g h d o t  p ro d u c t s  i n F , i . e.  o n  f u n c t i o n s  o f  t he 

f o rm ( ) ( )Φ ⋅Φi jx x .  K ern el  f u n c t i o n  i s  t he i m p o rt a n t  c o n c ep t  o f  S V M , T he d ef i n i t i o n  o f  k ern el  i s : 
( ) ( ) ( )( )= Φ ⋅Φ,i j i jk x x x x                                                                                                                                                                                           (1 1 )  
S o  t he o p t i m i z a t i o n  p ro b l em  o f  n o n l i n ea r S V M  i s : 

max ( )α α α= −∑ ∑
,

1 ,2D i i j i j i j
i i j

L y y k x x  
α≤ ≤0 i C                                                                                                                                                                              (1 2 )  
α =∑ 0i i

i

y                                                                                                    
A f t e r  s o l v i n g  t h i s  o p t i m i z a t i o n  p r o b l e m ,  t h o s e  p o i n t s  f o r  w h i c h  α > 0i a r e  c a l l e d  “ s u p p o r t  v e c t o r s ” .  T h e n  t h e y  d e t e r m i n e  

w  b y  E q . (1 3 ) .  A n d  b c a n  b e  f o u n d  b y  K K T  (F l e t c h e r ,  1 9 8 7 )  “ c o m p l e m e n t a r i l y ”  c o n d i t i o n  E q . (1 4 ) ,  w h e r e js a r e  s u p p o r t  
v e c t o r s  a n d  Ns  i s  t h e  n u m b e r  o f  s u p p o r t  v e c t o r s .  

( )α= Φ∑Ns
j j j

j
w y s                                                                                                                                                                   (1 3 )  
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( )( )( )α ⋅Φ + − =1 0i j jy w s b                                                                                                                                                      (1 4 )  
F i n a l l y ,  t h e  c l a s s  o f  x  i s  
( ) ( )α

 ⋅ + = +  ∑sgn sgn ,
Ns

j j j
j

w x b y k s x b                                                                                                                                        (1 5 )  
 
2.2 Multi-c la s s  S V M 

O n e -a g a i n s t -a l l  m e t h o d  (B o t t o u ,  e t  a l . ,  1 9 9 4 )  i s  p r o b a b l y  t h e  e a r l i e s t  m u l t i -c l a s s  SV M .  I t  c o n s t r u c t s  k  SV M  m o d e l s  w h e r e  k  
i s  t h e  n u m b e r  o f  c l a s s e s .  T h e  i t h  SV M  i s  t r a i n e d  w i t h  a l l  o f  t r a i n i n g  d a t a  i n  t h e  i t h  c l a s s  w i t h  p o s i t i v e  l a b e l s ,  a n d  a l l  o t h e r  d a t a  
w i t h  n e g a t i v e  l a b e l s .  G i v e n  l t r a i n i n g  d a t a  ( ) ( )1 1, , ..., ,l lx y x y ,  w h e r e  ∈ n

jx R ,  = 1, ...,j l a n d  { }∈ 1 , ...,jy k i s  t h e  c l a s s  o f  
ix .  So l v i n g  t h e  f o l l o w i n g  p r o b l e m  g e t  t h e  i t h  SV M : 

min  ( ) ξ
=

+ ∑
1

1
2

lTi i i
j

j
w w C  

( ) ( ) ξΦ + ≥ −1
Ti j i

j jw x b ,    i f  =jy i                                                                                                                                     (1 6 )  
( ) ( ) ξΦ + ≤ − +1

Ti j i
j jw x b ,  i f  ≠jy i                                                         

ξ ≥ =0, 1, ..., .i
j j l                                                                                         
T h e  u n k n o w n -c l a s s  d a t a  x  i s  i n  t h e  c l a s s  w h i c h  h a s  t h e  l a r g e s t  v a l u e  o f  t h e  d e c i s i o n  f u n c t i o n :  

class of ( ) ( )( )=
≡ Φ +1,...,argmax

Ti i
i kx w x b                                                                                                                                   (1 7 )  

A n o t h e r  m e t h o d  i s  c a l l e d  o n e -a g a i n s t -o n e  m e t h o d  (F r i e d m a n  [ 1 9 9 6 ]  a n d  K r e B e l  [ 1 9 9 9 ] ) .  I t  c o n s t r u c t s  ( )−1 /2k k  S V M  
m o d e l s  w h e r e  e a c h  o n e  i s  t r a i n e d  o n  d a t a  f r o m  t w o  c l a s s e s .  O n e -a g a i n s t -o n e  m e t h o d  u s e s  v o t i n g  s t r a t e g y  (F r i e d m a n , 1 9 9 6 )  t o  
d e c i d e  w h i c h  c l a s s  o f  x :  i f  d e c i s i o n  f u n c t i o n  s a y s  x  i s  i n  t h e  i t h  c l a s s , t h e n  t h e  v o t e  f o r  t h e  i t h  c l a s s  i s  a d d e d  b y  o n e .  T h e n  
w e  p r e d i c t  x  i s  i n  t h e  c l a s s  w i t h  t h e  l a r g e s t  v o t e .  

T h e  t h i r d  m e t h o d  i s  t h e  D i r e c t e d  A c y c l i c  G r a p h  S u p p o r t  V e c t o r  M a c h i n e s  (D A G S V M )  (P l a t t , e t  a l . , 2 0 0 0 )  w h i c h  e x t e n d s  
f r o m  o n e -a g a i n s t -o n e  m e t h o d .  I t s  t r a i n i n g  p h a s e  a l s o  c o n s t r u c t s  ( )−1 /2k k  S V M  m o d e l s , b u t  D A G S V M  u s e  a  d i r e c t e d  
a c y c l i c  g r a p h  t o  p r e d i c t  t h e  c l a s s  o f  x  i n  t h e  t e s t i n g  p h a s e .  I t s  t e s t i n g  t i m e  i s  l e s s  t h a n  t h e  o n e -a g a i n s t -o n e  m e t h o d .  

T h e  o t h e r  t w o  m u l t i -c l a s s  S V M s  , “ c o n s i d e r i n g  a l l  d a t a  a t  o n c e  m e t h o d ”  (V a p n i k , 1 9 9 8 )  a n d  “ C & S  m e t h o d ”  (C r a m m e r  a n d  
S i n g e r , 2 0 0 0 ) , d i r e c t l y  c o n s i d e r  a l l  d a t a  i n  o n e  o p t i m i z a t i o n  f o r m u l a t i o n .  T h e  d i f f e r e n c e  b e t w e e n  t h e s e  m e t h o d s  i s  t h a t  C & S  
m e t h o d  d e c e a s e s  t h e  n u m b e r  o f  v a r i a b l e s .  T h e s e  t w o  m u l t i -c l a s s  S V M s  a r e  d i s s i m i l a r  t o  o u r  n e w  m u l t i -c l a s s  S V M ; s o  w e  o m i t  
t h e  i n t r o d u c t i o n  o f  t h e m .  

 
3. O N E -A G A I N S T -H A L F  M E T H O D  

“ O n e -a g a i n s t -h a l f  m e t h o d ”  c o n s t r u c t s  2k S V M  m o d e l s  w h e r e  k  i s  t h e  n u m b e r  o f  c l a s s e s .  E a c h  c l a s s  c o n s t r u c t s  t w o  S V M  
m o d e l s  (e x .  ,1iSVM  a n d  ,2iSVM ) .  ,1iSVM  i s  t r a i n e d  o n  d a t a  f r o m  c l a s s  i a n d  t h e  f r o n t  h a l f  o f  a l l  c l a s s e s  e x c e p t  c l a s s  
i; ,2iSVM i s  t r a i n e d  o n  d a t a  f r o m  c l a s s  i a n d  t h e  l a t e r  h a l f  o f  a l l  c l a s s e s  e x c e p t  c l a s s  i .  B o t h  t h e y  a r e  i n  t h e  i t h  c l a s s  w i t h  p o s i t i v e  
l a b e l s , a n d  t h e  o t h e r s  w i t h  n e g a t i v e  l a b e l s .  T h u s  g i v e n  l  t r a i n i n g  d a t e ( )1 1, ,x y ( ) ( )2 2, , ..., ,l lx y x y , 
w h e r e ∈ n

jx R , = 1, ...,j l a n d  { }∈ 1, ...,jy k i s  t h e  c l a s s  o f  ix , t h e  ,1iSVM  s o l v e s  t h e  f o l l o w i n g  p r o b l e m :  
min  ( ) ξ+ ∑,1 ,1 ,11

2
Ti i i

t
t

w w C  

( ) ( )( ) ξΦ + ≥ −,1 ,1 ,11
Ti i i

t t ty w x b                                                                                                                                             ( 1 8 )   
ξ ≥ =,1 0, 1, 2, ...i
t i k                                                                                        
 T h e  a p p r o a c h  o f  c o n s t r u c t i n g  o t h e r  S V M  m o d e l s  i s  s i m i l a r  t o ,1iSVM .  A f t e r  s o l v i n g 2k optimization problems E q . ( 1 8 ) ,  w e 

w ill h av e 2k d ec ision f u nc tions.  A d d ing  ev ery  tw o “ d ec ision v alu es” ,  th en w e c an g et k  “ su m of  d ec ision v alu es” , 1
, ...,

kD D :  
( ) ( )φ +1,1 1,1T
w x b  +  ( ) ( )φ +1,2 1,2T

w x b  = 1D   
       

( ) ( )φ +,1 ,1Tk kw x b  +  ( ) ( )φ +,2 , 2Tk kw x b = kD  
  W e say  x  is in th e c lass w h ic h  h as th e larg est v alu e of  th e “ su m of  d ec ision v alu es” :  

( )=
≡ 1, ..., of argmax i

i kclass x D                                                                                                                                              ( 1 9 )  
 

…
. 

…
. 

…
. 
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3.1 E x a m p l e  
 

We use “one-a g a i nst -h a l f  m et h od”  t o dea l  w i t h  t h e m ul t i -c l a ss da t a set :  satimage (B l a k e a nd M er z , 1 9 9 8 ) , w h i c h  c ont a i ns 3 6  
a t t r i b ut es. N ot e t h a t  f or  t h i s p r ob l em , t h er e i s one m i ssi ng  c l a ss. T h a t  i s, i n t h e or i g i na l  a p p l i c a t i on t h er e i s one m or e c l a ss b ut  
i n t h e da t a  set  no ex a m p l es a r e w i t h  t h i s c l a ss. T h us t h e g oa l  i s t o c l a ssi f y  t h e c l a ss of  satimage b a sed on t h ese 3 6  a t t r i b ut es. T h e 
st a t i st i c  of  t h i s p r ob l em  i s di sp l a y ed i n T a b l e 1 . 

 
T a b l e 1 . M ul t i -c l a ss p r ob l em :  satimage 

D e s c r i p t i on  T r a i n i n g  D a t a  T e s t  D a t a  
1 r e d  s oi l 1072( 24.17% ) 461 ( 23.05% ) 
2 c ot t on  c r op  479  ( 10.8 0% ) 224 ( 11.20% ) 
3 g r e y  s oi l 9 61 ( 21.67% ) 39 7 ( 19 .8 5% ) 
4 d a m p  g r e y  s oi l 415 ( 09 .36% ) 211 ( 10.55% ) 
5 s oi l w i t h  v e g e t a t i on  s t u b b le  470 ( 10.60% ) 237 ( 11.8 5% ) 
6 m i x t u r e  c la s s  0 0 
7 v e r y  d a m p  g r e y  s oi l 1038 ( 23.40% ) 470 ( 23.50% ) 

 
F i r st , w e m ust  g r oup  t h e t r a i ni ng  da t a  i n or der  t o c onst r uc t  1 2  ( 62× )  S V M  m odel s. T a b l e 2  p r esent s t h e r esul t  a f t er  

di vi di ng  i nt o 1 2  g r oup s. N ex t  w e dec i de k er nel  f unc t i on:  r b f  k er nel  a nd p a r a m et er s:  γ = 0.001 , = 100C , w h er e r b f  k er nel  i s:  

( ) ( )γ= − −
2

, expi j i jk x x x x                                                                                                                                          (20) 

T h en w e sol ve 1 2  S V M  m odel s b y  E q .(1 8 ) . F or  ex a m p l e, 3,1SVM i s t r a i ned on da t a  f r om  t h r ee c l a sses i n t h e 3 r d c l a ss w i t h  
p osi t i ve l a b el s, a nd t h e ot h er s w i t h  neg a t i ve l a b el s. A f t er  c onst r uc t i ng  1 2  S V M  m odel s, w e st a r t  t est i ng  p h a se. I f  r a ndom l y  
sel ec t  one ex a m p l e x a nd t est  i t  b y  t h ese m odel s, w e w i l l  g et  1 2  dec i si on va l ues. A ddi ng  ever y  t w o “dec i si on va l ues” , t h en w e 
c a n g et  6  “sum  of  dec i si on va l ues” . T h e r esul t  i s p r esent ed i n T a b l e 3 . We ea si l y  f i nd t h a t  t h e m a x i m um  sum  of  dec i si on va l ues 
i s 2 .9 0 9 7 . S o w e sa y  x  i s 1 st  c l a ss t h r oug h  E q .(1 9 ) . A f t er  t est i ng  2 0 0 0  t est i ng  da t a  i n t h e sa m e m odel s, 1 8 4 4  da t a  of  a l l  w i l l  b e 
p r edi c t ed c or r ec t . S o t h e a c c ur a c y  r a t e i s 9 2 .2 % . B ut  i t  i s unf a i r  t o use onl y  one p a r a m et er  set . P r a c t i c a l l y  f or  a ny  m et h od 
p eop l e f i nd t h e b est  p a r a m et er s b y  p er f or m i ng  t h e m odel  sel ec t i on. T h en t h e b est  p a r a m et er  set  i s used f or  c onst r uc t i ng  t h e 
m odel  f or  f ut ur e t est i ng . N ot e t h a t  det a i l s of  h ow  w e c onduc t  t h e m odel  sel ec t i on w i l l  b e di sc ussed i n sec t i on 4 . 

 
T a b l e 2 . T h e r esul t  of  g r oup i ng  

C la s s  L a b e l ( + ) L a b e l ( -) M od e ls  
1 2,3 11,SVM  1 1 4,5,7 21,SVM  
2 1,3 12 ,SVM  2 2 4,5,7 22 ,SVM  
3 1,2 13,SVM  3 3 4,5,7 23 ,SVM  
4 1,2 14 ,SVM  4 4 3,5,7 24 ,SVM  
5 1,2 15,SVM  5 5 3,4,7 25 ,SVM  
7 1,2 16 ,SVM  7 7 3,4,5 26 ,SVM  

 

T a b l e 3 . S um  of  dec i si on va l ue 
C la s s  M od e ls  D e c i s i on  Va lu e  S u m  

11,SVM  1.3327 1 
21,SVM  1.5770 2 . 9 0 9 7  
12 ,SVM  -1.19 69  2 
22 ,SVM  -0.509 6 -1.7065 
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13,SVM  -1.2329  3 
23 ,SVM  -0.58 36 -1.8 165 
14 ,SVM  -1.08 06 4 
24 ,SVM  -1.318 0 -2.39 8 6 
15,SVM  -1.5501 5 
25 ,SVM  0.5214 -1.028 7 
16 ,SVM  -1.0730 7 
26 ,SVM  -0.7719  -1.8 449  

 
 3.2 Discussions on “Sum of Decision Values” 

We w i l l  di sc uss t h e c h a r a c t er s of  one-a g a i nst -h a l f  m et h od b y  t h e sum  of  dec i si on va l ue. S up p ose 1 2  S V M  m odel s w er e 
c onst r uc t ed b y  ex a m p l e 3 .1 . N ow  w e use t h ese m odel s t o p r edi c t  one unk now n-c l a ss da t a  x , w h i c h  i s 1 st  class in r ealit y . 

 
�� Discussion on D1  1D  i s t h e sum  of  dec i si on va l ue of  1,1SVM a nd 1, 2SVM . T a b l e 4  p r esent s f our  k i nds of  t h e r esul t s of  

1D . I f  b ot h  1,1SVM  a nd 1, 2SVM  p r edi c t  c or r ec t , t h e t w o dec i si on va l ues a r e p osi t i ve num b er s. O f  c our se, 1D  i s 
p osi t i ve. I f  onl y 1, 2SVM oc c ur s f a ul t , t h e dec i si on va l ue of  1, 2SVM i s neg a t i ve. B ut  x  i s 1 st  c l a ss i n r ea l i t y , t h e dec i si on 
va l ue of  1, 2SVM  w i l l  b e ver y  c l ose t o z er o. B esi des, t h e dec i si on va l ue of  1,1SVM i s st i l l  p osi t i ve. S o 1D i s p osi t i ve i n a l l  
p r ob a b i l i t y . T h e 3 r d k i nd of  t h e r esul t s i s si m i l a r  t o t h e a b ove-m ent i oned. I n t h e 4 t h  c i r c um st a nc e, b ot h  1,1SVM  a nd 

1, 2SVM  p r edi c t  f a ul t s. E ven t h oug h  1D  i s neg a t i ve, i t  w i l l  b e ver y  c l ose t o z er o, t oo. B ec a use of  t h e r ea l  c l a ss of  x  i s 1 st  
c l a ss. 

T a b l e 4 . D i sc ussi on on 1D  
P r e d i c t i on  D e c i s i on  Va lu e   

11,SVM  21,SVM  11,SVM  21,SVM  
1D  

1 C or r e c t  C or r e c t  > 0 > 0 > 0 
2 C or r e c t  In c or r e c t  > 0 < 0 U n c e r t a i n  
3 In c or r e c t  C or r e c t  < 0 > 0 U n c e r t a i n  
4 In c or r e c t  In c or r e c t  < 0 < 0 < 0 

 
�� Discussion on D2  2D  i s t h e sum  of  dec i si on va l ue of  2 ,1SVM a nd 2 ,2SVM . T a b l e 5  p r esent s t w o k i nds of  t h e r esul t s of  

2D . I f  2 ,1SVM  p r edi c t s c or r ec t , t h e dec i si on va l ue of  2 ,1SVM  w i l l  b e neg a t i ve. H ow ever , 2 ,2SVM i s t r a i ned on da t a  
f r om  c l a ss 2  a nd c l a ss 4 , 5 , 7 . I t  c a uses usi ng 2 ,2SVM t o p r edi c t  x i s unst a b l e;  t h e dec i si on va l ue m a y  b e p osi t i ve or  neg a t i ve. 
S up p ose t h e da t a  f r om  ever y  c l a ss di st r i b ut e si m i l a r l y  w i de. I n g ener a l , t h e p r ob a b i l i t y  t h a t  2 ,2SVM p r edi c t s x i s c l a ss 2  i s 
l ess t h a n t h e ot h er  c l a sses. S o t h e ex p ec t ed va l ue of  t h e dec i si on va l ue of 2 ,2SVM i s neg a t i ve, a nd g et t i ng  neg a t i ve 2D  i s a  
st r ong  p r ob a b i l i t y . I n t h e w or st  c a se, i f  2 ,1SVM  p r edi c t s i nc or r ec t , t h e dec i si on va l ue w i l l  b e p osi t i ve. B ec a use x i s 1 st  
c l a ss i n r ea l i t y , t h e dec i si on va l ue w i l l  b e ver y  c l osed t o z er o a nd 2D  h a s m or e p r ob a b i l i t y  t h a n f i r st  c a se t o b e p osi t i ve. 
Wh en t h i s si t ua t i on oc c ur s, one- a g a i nst -h a l f  h a s m or e p r ob a b i l i t y  t o p r edi c t  f a ul t s. T h e di sc ussi ons on 3 6

, ...,D D are 
s i m i l ar t o  2D . 

T ab l e 5 . D i s c u s s i o n  o n 2D  
Prediction D ecis ion V a l u e  

12 ,SVM  22 ,SVM  12 ,SVM  22 ,SVM  
2D  

1 C orrect -- < 0  -- U ncerta in 
2 I ncorrect -- > 0  -- U ncerta in 

 
C o m b i n i n g  t h e t w o  p o i n t s  at  p revi o u s  i s s u e,  w e w i l l  g et  o n e c o n c l u s i o n : i n  t h e g en eral l y  c as es ,  1D  i s  p o s i t i ve 

an d 2 6
, ...,D D are n eg at i ve. B y  E q .(1 9 ) ,  w e eas i l y  s ay  x  i s  i n  t h e 1 s t  c l as s . I n  t h e l as t  o f  t h i s  s ec t i o n ,  w e ran d o m l y  c h o o s e 1 0 0  

t es t i n g  d at a,  w h i c h  are 1st class in reality ,  t o  t es t  t h em  an d  o b s erve t h e s u m  o f  d ec i s i o n  val u es . F i g u re 1  i l l u s t rat e t h at  i n  
g en eral 1D are p o s i t i ve an d 2D are n eg at i ve. T ab l e 6  s h o w s  t h e ex p ec t ed  val u e o f  “ s u m  o f  d ec i s i o n  val u es ”  an d  w e f i n d  o u r 
i n f eren c e i s  s en s i b l e. 
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F i g u re 1 .  T h e d i s t ri t u t i o n  o f  1D an d  2D  

 
T ab l e 6 . E x p ec t ed  val u e o f iD  

C l a s s  M odel s  E x p  ( decis ion v a l u e) E x p  ( iD ) 
11,SVM  1. 19 0 9  1 
21,SVM  1. 1529  2. 3438 
12 ,SVM  -1. 1251 2 
22 ,SVM  -0 . 3149  -1. 440 0  
13,SVM  -1. 1128 3 
23 ,SVM  -0 . 36 9 1 -1. 4819  
14 ,SVM  -1. 0 818 4 
24 ,SVM  -1. 0 429  -2. 1247 
15,SVM  -1. 129 9  5 
25 ,SVM  0 . 0 537 -1. 0 76 2 
16 ,SVM  -1. 0 6 9 4 7 
26 ,SVM  -0 . 70 86  -1. 7781 

 
 
4. N U M E R I C A L  E X P E R I M E N T S 
4.1  I m p l e m e n t  a n d  re s u l t  

 I n  t h i s  s ec t i o n  w e p res en t  ex p eri m en t al  res u l t s  o n  1 0  m u l t i -c l as s  p ro b l em s  f ro m  U C I  R ep o s i t o ry  (B l ak e  an d  M erz ,  1 9 9 8 )  
an d  L I A C C  [ 4 ] . F ro m  U C I  R ep o s i t o ry  w e c h o o s e t h e m u l t i -c l as s  d at as et s : iris ,  w in e ,  g l a ss ,  an d  v o w e l . F ro m  L I A C C  w e c h o o s e t h e 
d at as et s : v e h ic l e ,  se g m e n t ,  d n a ,  sa t im a g e ,  l e t t e r ,  an d  sh u t t l e . W e g i ve t h e s t at i s t i c s  o f  t h e p ro b l em s  i n  T ab l e 7 . I n  t h e l as t  c o l u m n  w e 
g i ve t h e b es t  ac c u rac y  rat e l i s t ed  i n  L I A C C . N o t e t h at  o ri g i n al l y  t h e p ro b l em s  g l a ss an d  sa t im a g e  b o t h  are 7 -c l as s  p ro b l em s ,  b u t  
t h ey  are reg ard ed  as  6 -c l as s  p ro b l em s  b ec au s e i n  t h e d at as et  n o  ex am p l es  are w i t h  o n e c l as s . A l l  ex p eri m en t s  i n  t h i s  s ec t i o n  
w ere d o n e o n  a P en t i u m I V 1 5 0 0  w i t h  3 8 4 M B  R A M . W e i m p l em en t  o n e-ag ai n s t -h al f  u s i n g  M A T L A B  an d  every  b i n ary  c l as s  
S V M  i s  c o n s t ru c t ed  b y  L I B S V M  (C h an g  an d  L i n ,  2 0 0 1 ) . F o r eac h  p ro b l em  w e s t o p  t h e o p t i m i z at i o n  al g o ri t h m  i f  t h e 
c o n s t rai n t s  vi o l at i o n  i s  l es s  t h an  1 0 -3. 
W e u s e t h e s am e k ern el  f u n c t i o n : rbf  k ern el  an d  d i f f eren t  k ern el  p aram et ers  γ  an d  c o s t  p aram et ers  C  (γ = [ 2 4 ,  2 3 , … ,  2 -1 0 ]  

an d C = [ 2 1 2 , 2 1 1 , … , 2 -2 ]  ) . S o  w e t ry  2 2 5  c o m b i n at i o n s  f o r every  p ro b l em . W e u s e h o l d o u t  m et h o d  t o  es t i m at e t h e ac c u rac y  rat es  
o f  p ro b l em s  d n a ,  sa t im a g e ,  l e t t e r ,  an d  sh u t t l e ,  b ec au s e t h ey  are d i vi d ed  i n t o  t rai n i n g  d at a (7 0 % )  an d  t es t i n g  d at a (3 0 % ) . F o r t h e 
o t h er s i x  s m al l er p ro b l em s ,  w e u s e 1 0 -f o l d  c ro s s -val i d at i o n  (K o h avi ,  1 9 9 5 )  t o  es t i m at e t h ei r ac c u rac y  rat es . 

 

 

 

 



30 
 
Wa n g , G uu a n d  Chou:  On Multiclass Support Vector Machines: One-A g ainst-H alf  A pproach 
I J O R  V ol .  6 ,  N o.  1,  24−32 ( 20 0 9 ) 

 

 
T ab l e 7 . P ro b l em  S t at i s t i c s  

 

 

 

 

 

 

 

 

 

 

T ab l e 8  i s  t h e res u l t  o f  c o m p ari n g  s i x  m u l t i -c l as s  S V M s . W e p res en t  t h e o p t i m al  p aram et ers  ( γ,C )  an d  t h e c o rres p o n d i n g  
ac c u rac y  rat es . T h e b es t  rat es  o f  s i x  m et h o d s  are rep res en t ed  b y  b o l d -f ac ed ,  an d  “ * ”  i n d i c at es  u s i n g  i m p ro v e m e n t  a p p ro a c h  
(w e w i l l  d i s c u s s  i t  i n  4 .2 ) . N o t e t h at  w e o n l y  es t i m at e t h e ac c u rac y  rat es  b y  o n e-ag ai n s t -h al f  m et h o d ,  an d  t h e o t h er m et h o d s  are 
ex p eri m en t ed  b y  C h an g ,  et  al . (2 0 0 0 ) . H o w ever t h e d es i g n  o f  o u r ex p eri m en t s  i s  t h e s am e as  C h an g ,  et  al . (2 0 0 0 ) . T h eref o re w e 
c an  c o m p are o n e-ag ai n s t -h al f  m et h o d  w i t h  t h e o t h er m et h o d s . A m o n g  t h e t en  p ro b l em s ,  o n e-ag ai n s t -h al f  m et h o d  o b t ai n s  t h e 
b es t  ac c u rac y  rat es  o n  iris ,  w in e ,  v o w e l ,  an d  d n a . F o r t h e o t h er p ro b l em s  ex c ep t  v e h ic l e ,  t h e ac c u rac y  rat es  are c o m p et i t i ve w i t h  
o t h er m et h o d s . A l t h o u g h  t h e ac c u rac y  o f  v e h ic l e  i s  t h e w o rs t  am o n g  t h es e m u l t i -S V M s ,  i t  (8 2 .9 8 % )  s t i l l  b et t er t h an  earl i er res u l t s  
(7 8 .3 % )  l i s t ed  i n  s t at l o g  (s ee T ab l e 6 ) . W e al s o  i l l u s t rat e t h e res u l t  o f  c o m p ari n g  t h es e m et h o d s  w i t h  F i g u re 2 . 
 

4.2  I m p ro v e m e n t  a p p ro a c h  
 W e d i s c u s s  t h e rel at i o n  b et w een  “ t h e s t an d ard  d evi at i o n  o f  every  at t ri b u t e(σ A ) ” an d  “ t h e c o rrel at i o n  c o ef f i c i en t  o f  every  

at t ri b u t e an d  c l as s  ( ρ
,A C ) ” . T h en  w e w i l l  f i n d  i t  af f ec t s  t h e val u e o f  d ec i s i o n  val u es . F i rs t ,  w e s h o w  t h e d ec i s i o n  val u e o f  x : 

( ) ( ) ( )α α
= =

= Φ Φ + = +∑ ∑
1 1

,

Ns Ns

i i i i i i
i i

D y s x b y k s x b                                                                                                                   ( 2 1 )  

 S u p p o s e  x  h a s  n a t t r i b u t e s , ( )nx,...,x,xx 21
= ,  a n d  k e r n e l  f u n c t i o n  i s  r b f  k e r n e l . S o  t h e  v a l u e  o f  ( )x,sk i  i s :  

( ) ( )
( ) ( )

γ

γ

= − −
  = − − + + −    

2

2
2 21 1

, exp

exp . . .

i i

n n
i i

k s x s x

s x s x
                                                                                                                           ( 2 2 )  

A c c o r d i n g  t o  E q .( 2 2 ) ,  w h e n  “ t h e  s t a n d a r d  d e v i a t i o n  o f  t h e  a t t r i b u t e  a ” ( σ
a
)  i s  m u c h  g r e a t e r  t h a n  t h e  o t h e r  a t t r i b u t e s ,  i t  

c a u s e s  t h e  v a r i a t i o n  o f  ( )−
a a
is x 2 i s  a l s o  m u c h  g r e a t e r  t h a n  t h e  o t h e r s . I t  m e a n s  t h a t  “ a t t r i b u t e  a ”  h a s  m u c h  m o r e  i n f l u e n c e  o n  

t h e  d e c i s i o n  v a l u e s . I f  σ
a
i s  m u c h  g r e a t e r  t h a n  o t h e r s ,  t h e  a c c u r a c y  o f  o n e -a g a i n s t -h a l f  h a s  t w o  k i n d s  o f  p o s s i b i l i t i e s :  

1 . I f  σ
a
i s  m u c h  g r e a t e r  a n d  ρ <

,
0a C ,  t h e  a c c u r a c y  o f  o n e -a g a i n s t -h a l f  m e t h o d  i s  u s u a l l y  w o r s e . 

2 . I f  σ
a
i s  m u c h  g r e a t e r  a n d  ρ >

,
0a C ,  t h e  a c c u r a c y  o f  o n e -a g a i n s t -h a l f  m e t h o d  i s  u s u a l l y  b e t t e r . 

 
 

 

 

 

 

 

Problem # c la s s  # a t t ri bu t es  # t ra i n i n g  d a t a  # t es t i n g  d a t a  s t a t log  ra t e 
i ri s  3   4    1 5 0      0   
w i n e 3  1 3    1 78      0   
g la s s  6   9     2 1 4     0   
v ow el 1 1   1 0     5 2 8      0   
v eh i c le 4  1 8     8 46     0   78 . 3 
s eg men t  7  1 9    2 31 0      0   9 6. 9  
d n a  3 1 8 0    2 0 0 0   1 1 8 6  9 5 . 9  
s a t i ma g e 6  36   4435   2 0 0 0   9 0 . 6 
let t er 2 6  1 6  1 5 0 0 0   5 0 0 0   9 3. 6 
s h u t t le 7   9   435 0 0  1 45 0 0   9 9 . 9  
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one-against-half one-against-one
DAG one-agaisnt-all
considering at once C&S

  
F i g u r e  2 . C o m p a r i n g  s i x  m u l t i -c l a s s  S V M s  

 
 

 
T a b l e  8 . C o m p a r i n g  s i x  m u l t i -c l a s s  S V M s  

( *  i n d i c a t e s  u s i n g  i m p r o v e m e n t  a p p r o a c h ,  b e f o r e  u s i n g  wine:80.34%, v eh ic l e:7 1 .87 %, s eg m ent : 9 6 .49 % )  

Problem 

O n e-a g a i
n s t -h a lf  
( C , γ ) 

ra t e 

O n e-a g a i
n s t -on e 
( C , γ ) 

ra t e 

D A G  
 

( C , γ ) 
ra t e 

O n e-a g a i
n s t -a ll 
( C , γ ) 

ra t e 

C on s i d eri
n g  a t  
on c e 

( C , γ ) 
ra t e 

C & S  
 

( C , γ ) 
ra t e 

( 2-1 , 2-1) ( 212 , 2-9) ( 212 , 2-8) ( 29 , 2-3) ( 212 , 2-8) ( 210 , 2-7) iris 98.67 97. 33 96. 67 96. 67 97. 33 97. 33 
( 25 , 2-10) ( 27 , 2-10) ( 26 , 2-9) ( 27 , 2-6) ( 20 , 2-2) ( 21 , 2-3) w in e  99.4 4 *  99.4 4  98. 88 98. 88 98. 88 98. 88 
( 23 , 2-1) ( 211 , 2-2) ( 212 , 2-3) ( 211 , 2-2) ( 29 , 2-4) ( 24 , 2-1) g l a ss 73. 36 71. 5 0  73 .83  71. 96 71. 0 3 71. 96 
( 21 , 20) ( 24 , 20) ( 22 , 22) ( 24 , 21) ( 23 , 20) ( 21 , 23) v o w e l  99.0 5  99.0 5  98. 67 98. 49 98. 49 98. 67 

( 26 , 2-10) ( 29 , 2-3) ( 211 , 2-5) ( 211 , 2-4) ( 210 , 2-4) ( 29 , 2-4) v e h ic l e  82. 98*  86. 64 86. 0 5  87.4 7 87. 0 0  86. 76 
( 23 , 2-10) ( 26 , 20) ( 211 , 2-3) ( 27 , 20) ( 25 , 20) ( 20 , 23) se g m e n t  96. 93*  97. 40  97. 36 97. 5 3 97.5 8 97. 32 
( 24 , 2-6) ( 23 , 2-6) ( 23 , 2-6) ( 22 , 2-6) ( 24 , 2-6) ( 21 , 2-6) d n a  95 .87 95 . 45  95 . 45  95 . 78 95 . 62 95 .87 
( 24 , 2-10) ( 24 , 20) ( 24 , 20) ( 22 , 21) ( 23 , 20) ( 22 , 22) sa t im a g e  92. 25  91. 30  91. 25  91. 70  91. 25  92 .3 5  
( 26 , 2-4) ( 24 , 22) ( 24 , 22) ( 22 , 22) ( 21 , 22) ( 23 , 22) l e t t e r 97. 76 97.98 97.98 97. 88 97. 76 97. 68 
( 24 , 2-10) ( 211 , 23) ( 211 , 23) ( 29 , 24) ( 29 , 24) ( 212 , 24) sh u t t l e  99. 83 99. 92 99. 92 99. 91 99. 91 99.94  

 

W h e n  t h e  f i r s t  po s s i b i l i t y  o c c u r s , o u r  i m pr o v e m e n t  a ppr o a c h  i s  t o  r e d u c e  t h e  i n f l u e n c e  o f  “ a t t r i b u t e  a” . I n  o t h e r  w o r d s , i t  
l e t s  e v e r y  a t t r i b u t e  b e  d i v i d e d  b y  i t s  s t a n d a r d  d e v i a t i o n . T h e n  t h e  s t a n d a r d  d e v i a t i o n  o f  e v e r y  a t t r i b u t e  i s  e q u a l  t o  o n e , a n d  t h e  
i n f l u e n c e  o f  “ a t t r i b u t e  a ”  i s  e q u a l  t o  o t h e r s . F o r  e x a m pl e , T a b l e  9  pr e s e n t s  “ t h e  s t a n d a r d  d e v i a t i o n  o f  e v e r y  a t t r i b u t e ”  a n d  “ t h e  
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c o r r e l a t i o n  c o e f f i c i e n t  o f  e v e r y  a t t r i b u t e  a n d  c l a s s  ”  o f  pr o b l e m  wine. T h e  a t t r i b u t e s  5  a n d  1 3 o c c u r  f i r s t  po s s i b i l i t y , s o  t h e  
a c c u r a c y  r a t e  o f  o n e -a g a i n s t -h a l f  i s  80.34%. B u t  a f t e r  u s i n g  t h e  i m pr o v e m e n t  a ppr o a c h , i t s  a c c u r a c y  r a t e  i m pr o v e s  t o  9 9 .44%. 
N o t e  t h a t  n o t  e v e r y  s i t u a t i o n  i s  s u i t a b l e  f o r  u s i n g  t h i s  a ppr o a c h . W h e n  s e c o n d  po s s i b i l i t y  o c c u r s , t h i s  a ppr o a c h  m a y  r e d u c e  t h e  
a c c u r a c y  r a t e s  o f  o n e -a g a i n s t -h a l f  m e t h o d . 

T a b l e  9 . σ A a n d ρ ,A C  o f  w i n e  
 1 2 3 4 5 6 7 8 9 10  11 12 1 3  
σA 0 . 8 1. 1 0 . 2 3. 3 1 4  0 . 6 1 0 . 1 0 . 6 2. 3 0 . 2 0 . 7 3 1 5 
ρ

,AC -0 . 3 0 . 4 -0 . 1 0 . 5  -0 . 2  -0 . 7 -0 . 9 0 . 5  -0 . 5  0 . 3 -0 . 6 -0 . 8 -0 . 6  
 

5 .  CO N CL U S I O N S  A N D  F U T U R E  W O R K  

 F r o m  t h e  r e s u l t s  o f  o u r  e x pe r i m e n t s  ( s e e  T a b l e  8) , w e  f i n d  t h a t  n o n e  o f  t h e s e  s i x  m e t h o d s  i s  a b s o l u t e l y  b e t t e r  t h a n  o t h e r s  
a n d  o n e -a g a i n s t -h a l f  i s  a l s o  a  g o o d  m u l t i -c l a s s  S V M . W e  a l s o  pr o po s e  t h e  i m pr o v e m e n t  a ppr o a c h  t o  m o d i f y  o n e -a g a i n s t -h a l f  
m e t h o d  w h e n  t h e  f i r s t  po s s i b i l i t y  o c c u r s . T h u s , o n e -a g a i n s t -h a l f  m e t h o d  i s  t h e  o t h e r  s e l e c t i o n  w h e n  w e  d e a l  w i t h  a  m u l t i -c l a s s  
pr o b l e m . 
F i n a l l y , w e  s i m pl y  d i s c u s s  t h e  e x t e n s i o n  o f  o n e -a g a i n s t -h a l f : e a c h  c l a s s  o r i g i n a l l y  c o n s t r u c t s  t w o  S V M  m o d e l s  ( t o t a l  2 k  

m o d e l s ) , a n d  w e  c h a n g e  i t  t o  c o n s t r u c t  t h r e e  S V M  m o d e l s  ( t o t a l  3 k  m o d e l s ) . T h i s  e x t e n s i o n  u s e s  t h e  s i m i l a r  i d e a  o f  “ t h e  s u m  
o f  d e c i s i o n  v a l u e s ” ;  e v e r y  b i n a r y  S V M  i s  t r a i n e d  o n  d a t a  f r o m  1 / 3 c l a s s e s . I n  t h e  f u t u r e  m u l t i -c l a s s  S V M  r e s e a r c h , w e  c o u l d  
a l s o  c o n s i d e r  t h e  i d e a  o f  t h i s  e x t e n s i o n . 
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