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Abstract: A modelling method of probabilistic outputs for support vector machines (SYM ) based on the maximum
entropy estimation isproposed To the problen that the standard S/YM does not provide probabilities output, the
probabilistic outputs for support vector machines ismodeled based on themaximum entropy estmation Experment

results show that the proposed method achieves the better classification effect and the better posterior probability
distribution than other methods

Key words Support vector machines Probability modeling; M aximum entropy estimation

1 Bayes ,
, Bayes (35 [5]

(sVM) , :
, , Sigmoid
1 QW ahba”  Platt™®

: 2005-05-25; : 2005-07-19
(60273005) ; (2005038310);
(20042 BA 043); (D 200612002).
(1969—), , , , : (1940—4),



768 21
. [9]
. V apnik '
1 platt Sigmoid A B  Signoid
[7,8]
A B Sigmoid
Bayes
A B
Signoid
ply= 1ff ) = T s, (®)
p(y=- 1ff (x)) = 1- p(y = 1]f (x)). (9
y = sign(f (x)), (1) : A B \ Sigmoid Jf (%)
I waer @ g g
( ), '
sl = 1 3) ) @M y=1 y=-1
— , 4 3
f(x) =0, (4) f ()
F() =+ dll wl (5) S'gmo'i ;
d X Sigmoid
X (0]
de= £ )M wl (6) P= (prps o)
ds = 1/ wlil . (7) H ()= E( logP) = - zlpilog(pi). (10)
(10)
© () () de ds (fiy),i= 1,2, ,n(
f (X) f (Xi) fi). LYi {- l, 1},yi: 1
f(X) N+,yi:' 1 N ..
Sigmoid ,
[6]
f(Xi), ti= 1- G,
ti= 1, f (Xi),
ti= €.
o1 1
Margin=2/Il w || Bayes &= N:++ 2 €= N.+ 2’
(fFi,t),i= 1
1 2, n
N.+ 1 .
[2] N++ 2,)"— 11
1 1) [0,1];2) B0 . (1)




7 769
13
) , 3 , 2
, Sigmoid A B. , 1
A B , z Z= 3 ,
(Aa,B)", ; 3 A B A B
max F (2). (12)
z= (a,B)T
n , Platt
F(z) = - tipilo i)+ (1-
(2) Zl pilog(p) + ( ,
W@- plbgl- p). (1Y | 2
eart-scale
o1 ’
pi= 1+ e (14) 1
e, (12) A B. (12) 1.0 —
Probabilistic outputs based
E‘ oglon Fhe maximum entropy
H(Z)+ a=- VFE(2). (15) § estimation Platt 3 probabilistic
‘H (Z) F(z) Hessian L VF(2) g 06 outputs
]
E (Z) g 0.4
-
_VF (z) = ) £ 02
Z [ti(1+ log(pi)) - (1- t) x L — 5 : 5 3
Decision value
1+ log(1- i i(1- i)fi
( g(1- p))lpi(dl- pi) 19
Z [t(1+ log(p)) - (1- t) x 2 Platt
L(1+ log(1- p))Ipi(1- p) L 3
H(Z)= VF(2)= {H“ HAj (17)
- - Hea Hesl
/%
oo = 18 15
AA —
A =- 17060948
Z [(1- pi)ti+ pi(l' t,) + Platt’'s 14 8 B =. Q165390
[t(1+ log(p)) - (1- t)(1+ a7 A =- 2665771
log(1- p))1(1- 2p)]1(1- p)piff, B=- 0739648
Hee = 1 ’ ,
Z [(1- p)ti+ pi(1- ©)+ Platt
[t(1+ log(p)) - (1- t)(1+ 18 5%, 14 8% 13 7%,
log(1- pi))]1(1- 2p))](1- pi)ps, olatt
Hae = Hga = a '
Z[(l- pi)t+ pi(l- t)+
[ti(1+ log(pi)) - (1- t)(1+ S
log(1- p))](1- 2pi)]1(1- pi)pif.
4 Bayes
H eart-scale , ,
27Q 120, 150,




770

21

, Platt ,

(References)

[1]wWahba G Support V ector M achines, Reproducing
Kernel Hilbert Spaces and the Randomized GACV [A ]
A dvances in Kernel M ethods Support V ector L earning
[C] M assachusettsM IT Press, 1999: 69-88

[2] Platt J C Probabilities for Support V ector M achines
[A ] Advances in Large M argin Classifiers [C ].
M assachusettsM IT Press, 2000: 61-74

[3] Sollich P Bayesian M ethods for Support V ector
M achines Evidence and Predictive Class Probabilities
[J] M achinelL earning , 2002, 46: 21-52

[4] Kwok J T Y. M oderating the Outputs of Support
V ector M achine Classifiers[J]. |EEE Transon N eural
N etw orks, 1999, 10(5): 1018-1031

[5] Hastie T, Tibshirani R Classification by Paimw ise

Coupling[J] TheAnnals o Statistics, 1998, 26 (1):
451-471

[6]V anik V. Statistical L earning Theory [M ] New
York: W iley, 1998

(71 , , :

[J1 , 2002, 39 (4):
392-397.
(ZzhangW S, Wang J, Dai G Z Study of Theory and
M ethod Introducing Posteriori Probability into Support
V ector M achines[J] J o Canputer Research and
D evelopment, 2002, 39(4): 392-397 )

[8]LinH T, LinC J, WengR C A Note on Platt's
P robabilistic Outputs f or Support V ector M achines[R ].
N ational Taiw an U niversity, Taibei, 2003

[9] : D]

: , 2004

(zhang X. SupportV ector M achine and |tsApp lications
inM edical Image Segmentation[D ] W uhan: Huazhong
U niversity of Science and T echnology, 2004 )

[10] Theodoridis S, Koutroumbas K. Pattern Recognition

[M ] Amsterdan: Elsevier Press, 2003

( 766 )
5
TSP
, Q=1 ,
; Qp< 1l ,
, Q=1
, ) 0< o< 1 s
) qO!
(References)
[1] Colorni A, Dorigp M, M aniezzo V. Distributed

Optimization by A nt Colonies[A ] Proc & ECAL’'91
Eurgpean Conf on A rtif icial L ife[C] Paris Elsevier
Publishing, 1991: 134-144

[2] Thomas Stutzle, M arco Dorigo. A Short Convergence
Proof for a Class of Ant Colony Optimization
Algorithms [J ] IEEE Trans on
Canputation, 2002, 6(4): 358-365

[3]AmrBadr, Ahmed Fahmy. A Proof of Convergence for
Ant Algoritms[J] Infomation Sciences, 2004, 160:
267-279

[4]W alter J Gutjahr. A Grgph-based A nt System and lIts
Convergence[J] Future Generation Canputer Systens,
2000, 16: 873-888

[5]W alter J Gutjahr. ACO A Igorithms with Guaranteed
Convergence to the Optimal Solution[J]. Inf omation
P rocessing L etters, 2002, 82: 145-153

Evolutionary

[6] , .
[J] , 2004, 15(2): 185-192

(zhu Q B, Yang Z J Ant Colony Optimization

A Igorithm Based on M utation and Dynam ic Pheromone

Updating[J]. J o Sd ware, 2004, 15(2): 185-192 )



