(19659

38 1 ( Vol. 38 No. 1
2014 1 Journal of Jiangxi Normal University( Natural Science) Jan. 2014
:1000-5862(2014) 01-0102-06
Markov
7 | ~ 1% 1 — 2
HA5F L, EAL L, TEIN, ARA
(1. 330022; 2. 330027)
Markov
20newsgroups
: Markov
- TP 311 CA
k-means
0
Markov
Markov
“ 20newsgroups *
» 1
Markov
1
(1)
( graph-based model) (1)
: ( generative mixture model) ;
(iii) ( transductive SVM)
(i) ( co-training )
1
3
. Liu Bing
S-EM °
Markov Blum ’ Web
120134147
(60963014)



103

1 : Markov
. M. Szummer 842 Markov
Markov EM
2 Markov
2.1 Markov
X
Markov
X x;, € X
Yi X
G(V E) (1)
V=Aplx, e X1 <i<n} (2)
E={(uv)|uvel} (3)
Vv E v,
x;  Markov
(2) x; G
v, V.
Markov G w
d(x; x;) G W, =
exp( - d(x; x,‘) /o?) W,
G k G-
G’ i j P
Py = WL;,‘/ z Wi (4)
T
(4) Markov
P.
s .
.Pij =0 J Wij
P
. Pou( i ‘]) 2 J ¢
( t )
A
14
Pon( i/j) = A ij (5)
A

A 1
2.2 Markov
Markov
( SMRW) (1) k-means
; (i) Markov
jot
P by
p; b
p,p P >p; j
X=X +X, =
{2, %, % %, 2} X,
Xy Y=(y, v, =+ v)
¢ X, m
Markov
(i) =1

Poii ( Y‘J) =P Y‘]) =

> p( Node( i) [New) e,
( ii) t =2
Poa(Y1)) = D=1 Y‘j) +p, s Y‘j) _

m

ZP( Node( i) |New) -+ e ¥ 4
=

ilp( Node( i) |[New) + e~ (7)

(i)
T m
P (Y = P.-i( Node( i) |New) e (8)
t=1 i=1
e New Node( 1)
m ; ,
T
( 8) J Yi
Yi
! J
/ Cj - as ]Hgl:‘_iép( Y =y, j)
t J
J
(A) X = (%
xn) 1
(B) XY,
(C)
(1) k-means



104 ( ) 2014

d( x, e, =<0
cluster,) d( x, cluster)) 5
m Markov . e, <0.5 a, = In((1 -
; g,) /) /2 a =0
(ii) Wl =
Markov t e“"W. (i) /Z
t pa (Y] = W, (i) =e“W,/(i)/Z
T m
D, 2 Pi-i Node( i) |New) e ¢ =
t=1 i=1
arg maxp( Y =y, |j) : 3
( iii) Markov
. 3.1
J
Yi
et 20 newsgroups( 20 )
e
SMRW
(i)
SMRW . A X '
; (i DF
2.3 Markov (i) ( )
DF 3 (1) Martin
Markov Porter Porter Stemmer
( PSMRW) (i) LTC
n n £
3.2
3.2.1  AndsE0gikdFE
2
) (v ) o () x; €
Xy eVY={+1 -1}; P, ~ k-means
(1) W, (i) = 1/n; (
fort =1t0 T /)T
W, Markov ) (
hiX—{+1 —1}; h, 0.9)
. & = ZW:(i) ht(xi) # Y, «, :1n(1— m
&) /2) /2; 3.2.2 b ik | 2
. . L. * Wy 1T
(ii) : i h(x) #Y, ok B ik it
SMRW
Wt+]( L) = P M
W(i) /7. - e SMRW
Wt+l( L) = Wt( l) /Zt ° eial;PHl = P[ ° Wf+l; Fl Fl
H(X). z, z, =
n 3.3
> W) hi(t =1)



Markov 105
k o L. t 1 30
3.3.1 WHARBESHEGREFE Markov F, t =10 F,
k ¢ 1 10 F,
k 4 t =4
k 4
. t =4
Windows  Mac o=2 .
n, =128 o =20 ko1 3.3.4  ZBLERB S
50 F, 1 20newsgroups Windows  Mac
2 Windows 985 Mac
963 1 948
1 k F,
1 k=20
k=20 . 3 t F1
3.3.2 RBMARSK o M6 LE Markov
o
o
o
Windows  Mac E =10 0 =2
n, =128 o 1 100
F, 2 2 a =20 A .
a =20 Markov
(1) t
F, 2 (i) SMRW  Mowkov
( MAN) ( semi-SVM)
; (i) SMRW ~ PSMRW 2
; t=4a=20k=200=2. 5
SMRW
t F, 2 8 64
2 a Fy 128. F,
3.3.3 mLHATH LG t
Fl
Windows
Mac

o=2kk=10 a =20 n, =128



106 ( ) 2014

F,
. F,
5 F . 8 SMRW PSMRW F,
n, =32 0. 05.
4
Markov
( SMRW)
(
6 SMRW MAM Semi-SVM PSMRW) « »
7 SMRW MAM « ’
Semi-SVM 3 6
SMRW
(1) ;
7 F, SMRW ..
(ii)
Semi-SVM 7
; (i)
5

1 Zhu Xiaojin. Semi-supervised learning literature survey R/
OL . 2013-0319 . http: //www. loni. ucla. edu/ ~ ztu/cour—
ses/2013_CS_spring/reading/ssl_survey. pdf.

2 Zhou Zhihua Zhan D C Yang Q. Semi-supervised learn—
ing with very few labeled training examples C/OL .

. 2013-0321 . Semi - supervised learning with very few
7 SMRW  Semi-SVM  F,

8 SMRW
PSMRW 8 2004.
PSMRW SMRW F, . 4 . Boosting I

labeled training Examples.



1 : Markov 107

2006 23(8) :27-29. supervised learning with Markov random walks C/OL .
5 LiuBin Lee WS YUPS et al. Partially supervised classifi— 2013-0542 . http: // citeseerx. ist. psu. edu/viewdoc/
cation of text documents C/OL . 2013-04-1 . hitp: // summary? doi =10.1.1.74.2110.
www. cs. uic. edu/ ~liub/S-EM/unlabelled. pdf. 10 Robert E. Schapire Yoram S. BoosTexter: a boosting—
6 . based system for text categorization J . Machine Learn—
] 2007 21(3) : 54-60. ing 2000 39(2/3) : 135468.
7 Bluma Mitchell T. Combining labeled and unlabeled data 11
with co-training C/OL . 2013-04414 . http: //dL. acm. .
org/citation. cfm? id =279962. 2013 37(2) :130-35.
8 Szummer M Jaakkola T. Partially labeled classification 12
with Markov random walks J . Advances in Neural Infor— J. : 2013 37(2):
mation Processing Systems 2001 14( 1) :1-8. 136441.

9 Arik Azran. The rendezvous algorithm: multi-class semi-

The Progressively Semi-Supervised Classification
Model Based on Markov Random Walk

CHEN Xiu-ping' WANG Ming=wen'" WAN Jian+i ' ZUO Jiadi’
(1. College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China;

2. School of Elementary Education Jiangxi Normal University Nanchang Jiangxi 330027 China)

Abstract: The progressively semi-supervised classification model based on Markov random walk in the random walk
process has been proposed and calculated the migration probability of samples to be marked considering only sam—
ples of the appropriate category while ignoring the other classes of samples; and then combined the progressive
learning with semi-supervised learning. The model can improve the precision by " correcting" the errors caused in
semi-supervised learning process. The results on 20newsgroups dataset in the experiment shows that the proposed
method can improve the accuracy of semi-supervised classification.

Key words: semi-supervised classification; progressive learning; Markov random walk; iterating



