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Abstract:  Support vector machine is a new learning method developed in recent years based on the foundations of
statistical learning theory. It is gaining popularity due to many attractive features and promising empirical
performance in the fields of nonlinear and high dimensional pattern recognition. TSVM (transductive support vector
machine) takes into account a particular test set and tries to minimize misclassifications of just those particular
examples. Compared with traditional inductive support vector machines, TSVM is often more practical and can give
results with better performance. In this paper, a progressive transductive support vector machine is devised and the
experimental results show that the algorithm is very promising on a mixed training set of a small number of
unlabeled examples and a large number of labeled examples.
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Fig.1 Training data of a Tutorial dataset
Bl1 —A Tutorial YIZiFEALE

ML T He] BLE DU 6T Tutorial Hs A K 5t R A FR B AC T E SR8 T o 1 LR AG T TE bR 25
P A HR PR T A7 bR 28 10 75 9 AN 5 3 110, 51 Ay 0 3 A B 4R v AR A 0 A T 5, R AT IE AR A8 R RE A B A s £
2B TSVM 1h T4 — Tl A REXT ThR B FEAS 1 IE FObn 28 41 H EL B HE AR 14 it T AR A B4 BEARUR) 27
AR MILZ T T PTSVM SEAN TG EAL T o AR 24T A5 o (10 15 A7UbR 265 % A1), AT A3 258 M e 4 173X — i) 8
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R 143 T TSVM M PTSVM FEi1Z 4 £ B (KU ZRATI 45 R LE AR,

Table 1 Comparison of the training and test result of TSVM and PTSVM on Tutorial dataset
% 1 TSVM HI PTSVM 7£ Tutorial 48 LI 2Rk 45 R Lh g

Training time Training errors Total points in test set Test errors Test accuracy (%)
TSVM 0.67 4 100 15 85
PTSVM 0.17 0 100 0 100
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Al S R TR TR A RS M, TSV 5V S 445 31 110 43 0 o1 TH U, 2 7 5% 22 10, I P i 28 A I e 5 SR v e T A 3
O TR BERE AP A AR (R 1 P 4 AN UINZR 2, 78 TR 5 S mp U PR B0 A 1 b 288 110 38 [R] 256 B A b 485 10 S AN
TR 1A 15 AR IR 2, 5 80K 2 YT R 0 T B

PTSVM HIEMIAS [ 7E PTSVM S, Jo bR 8 B AR 14 1 AR TR S AN I = 50 A0 T 1M 78 IRl 72 v i 25 A8 1k
117, L 380 11 0 2 B I Ak A i e A0 T ke, R OB I V2 T LA B 5 — M 1 000 43 A A, AT LA T AR 1
e,k R EE PTSVM By I i 2 0] LU 55— JORT (9 SR A 7 45 A 28 A2 A 40 288 1 T 51 45 200 14 7 1)
8 X i RS 10 1938 40 JiL 56 7T BE A % 20 TR R A S AR BB AR — & OB A5 B IE AR ide 78 PTSVM. IR I 2R 4 21

BERBEREAREAT AT IE I ZRIR1T 1R 43 R 28K S5 AU A A SRR 23 2 AH 2 B TR N IR PR A s T 5 T8 1)
YNGR i 78 rb A= 1) 43 2828 A L) 3] S THD 50 LE A8 140 7 1) A W AR A%, T2 P A A i 4 e B8 0% I AR X AN REAR RO
HES R B IE AR (K R EDW AR BL T PTSVM ST I R4

MEHIE A LLE B PTSVM SR R bE TSVM B3k 453 22 53X F 2R A TSVM 00k 75 200 7
K Bt 5 0 X7 C o AL, 6 — AN R #1032 45— WROR A B, DR 1 E 2% (R I RV 22 M E. PTSVML B3k
H, CTOME BB A 1, ST AR ANME R AT SRR, DR TR O 1) N ) A D T B R XA A R AT
3t 1 10 A AN /NI ZR BRI 0N B TR I GRERFE AL 2 IS O T PTSVM. Mk b id: Jr v 1) 5 2% B 3l
SIAH PRI X R SCIEE 2 A SER0 0 45 b a] LUG H K.

T kLA B sz 56 AT DL M A 4 A ) R 2k R o A OHE SR S, A0 SR BN 1R A AR X )
PTSVM SLEA TSVM B2 AH LA AR 22 B S5 A0 34 1 o 4 25 ) s 2 AN o] 4 A L B A K AR TRl
TR PTSVM IR ATI 4R it 0% 78 43 sl 3 R 75 380 (A IO, 3 v) DAJE S TS ) 58 2 A S5 58 08 i BATIE 312,

4.2 Reuters#{ifE & FAISNIE

55 2 AN S50 A A ARk B 25 44 1 Reuters-21578 $dli A2 i 88 4R 1% | %% #1987 4 (R I L 2k — ANt
R SCA 3 20 FH 52 36 K 42 1L JRATT W S B8 Bl 2 X T.Joachims 14 H: 52 9 Ak 28 BHis B 04T e g 0 15 30 110 45—
AN ST v 4 25 B P AR 7] oK R 7, A — AR AE XS B T — A ] Rl AR S5 B U — Ao A ok
Hi 45 FK“corporate acquisition” [ LS.

TEITA S0 I 2R 46 R 3R IRl — AL A AR AR A IV 058 F U 2800 5 N IEARBFEATN 5 Db
A N R HP 1) TC A B A A D) 42z FCAN T) 1 5 R AS [ 149 B 451 R 328 T, AU A 54 7 45 ol ] 568 1) DG A 28 A9 A B304
GIAT T PR RE. BRATT U, TC AR A8 A 10 Hi i 1 22, ) K 4 A7 B A 405 S e 8 A K 6 110 L ST o0 A R 00 O A 1Y) S
B — AT H 300 A IEARZEFEAF 300 AN AR AR A2k

K2HHEHT 8 AANFRMPIGE N ZrFE AL T TSVM M PTSVM 24 3 Sk i g5 e 0 28 1 Al A
B AR REAR M2 UL X — AR AR L TSVM BRI PTSVM BT I s b BAR S i IH gl 52 3,
DRITT 27 ) Bk FR AN 45 e s A — R E ) 7 ANGSE T E T HEARSE . 1E 5B [ 1 Tohs B AR,
M TAE TSVM SEVERT PTSVM SEAE B R A [H] (1 JC AR 8 I ZAE A 7 Al T I PERE.

M 2 B EHE AT AR H DU 28

i EAHEA A S G S5 T AR B A TR 1R B, TSVM B A PTSVM B AR B 3Kk 43 LL IR 4R 1)
VAN o SEE S A Rk BT L, VI b Bl FH R JE AR B AR R 22 57 A4 1) 23 2R 48V e sl B

LLEL A — AR EE T TSVM BRI PTSVM SV PERETT UG 24 U Zh 8 v To bR 28 B AR 1 S s 1 7 L A1)
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RBUHAEIN, TSVM S i T ZRR AT AR A BOE B BEE T IEAR A5 (8 2 80m /e U4 L3R4S T Lt PTSVM
S B VE RS AE S — LA SE DU R IR B T TE AR A5 A 110 552 o 1 S B B AN HH 45 1, 10 HL 7T RE A ORI 2%
Sl G PTSVM S35 86 75 U1 20 A b AN BT AR 58 0 bR A8 A A 1) 20 A 0, I B 2l s 35 15 A70bR 28T 1) B,
MY LA S G PR A AT R PR 3R A T B TSVML S0 B (R 45 2R
Table 2 Results comparison of TSVM and PTSVM on Reuters dataset
%2 TSVM M1 PTSVM {1t Reuters 4 45 11 2% ) sl R Lk

Unlabeled Train Training SV Test Precision Recall Test accuracy
examples algorithm time (s) num errors (POS) (%) (POS) (%) (%)
Pos=0 TSVM 0.01 10 165 64.64 99.33 72.50
Neg=0 PTSVM 0.01 10 165 64.64 99.33 72.50
Pos=10 TSVM 0.77 30 125 71.19 98.00 79.17
Neg=10 PTSVM 0.30 30 91 77.43 98.33 84.83
Pos=20 TSVM 0.82 39 91 90.98 7783 84.83
Neg=10 PTSVM 0.35 39 79 89.35 83.00 86.83
Pos=100 TSVM 5.17 181 43 89.78 96.67 92.83
Neg=100 PTSVM 3.62 184 46 87.57 98.67 92.33
Pos=50 TSVM 4.19 146 109 73.46 99.67 81.83
Neg=100 PTSVM 2.40 140 93 76.61 99.33 84.50
Pos=1000 TSVM 58.87 768 54 97.67 84.00 91.00
Neg=500 PTSVM 167.60 805 41 97.44 88.67 93.17
Pos=500 TSVM 110.72 697 87 77.66 99.67 85.50
Neg=1000 PTSVM 175.48 770 80 80.22 97.33 86.67
Pos=1000 TSVM 69.96 826 19 95.47 98.33 96.83
Neg=1000 PTSVM 303.05 894 36 90.74 98.00 94.00

SCH R B AE PTSVM SV 1 VI 5ot B2 45 B DR 6 F I 250 48 HP I b B8 B 2 T IR A 288 119 1 470 L 491 8 2 L
TSVM S35 B H30 S o 1F Bbm 28 1 Ll A8, 70 TG B AR e /> A 5, 52 360 L A9 R S o L 80 4 A A 2 B30 b A
S R C R BT A [ 38 22, 52 56 LU S R0 S L A8 1) 22 SR8 3 DK (B4R L TSVML B9 B 230 552 B LE 491 3 b
X TCAR B A TE A7 LA ) SRS A (R A 1T A4S PTSVM 232: L8 TSVM B34 B 47 (1) e

B R, BATR M — FF 2 & TSVM SL3EHT PTSVM 132 A I 25 i 0] 1F Q1 b SC 88 390 1), 48 o bn SRR AR %
B IIREOL T PTSVM B340 TP 1 PAAT T8 85 AL 78TO AR B FF AR 25 1 I A, A0 5 11%) Je e v ¥ R A 258 L S
PPN o 2 AE 1S PTSVM S0 1) 5 2% B TV 3 I, F B 7 TSVM 8092:,3X /& PTSVM 8L — /N A e 2 4.
— ol AT A 0 R A D e R v SR P 8 R R 2 > 1 7 R R IR I ke g
4.3 H—H B IEE

T BRATL A L B A SR 1 45 R B30 i — N PTSVM S [0 R 1 R 0T 56 1 ek 7 vk AR B T
Reuters FH 4 1) SEUG -, AR L PRTAT 5 ,PTSVM BVL I BEZE Lk TSVM RE LB (2 R 45 R R W, 6 K250
T X PR AR ALE Turtorial U8R 4E 82 W 03X Fh22 5l 32 222 tH T Reuters F Tutorial P45 45 1 F¢
AN [R) 38 B IF) . Turtorial [E0HE FEAS IR 4EE A 2,110 Reuters )0 FE A 10 4 B2205 10 000, 5 4 25 0] 1175 30 EL AR
Y N AT 1T 22 AT Reuters ZUHE FE AR 78 F0AH R (R4 AIE ) 52 2% 1) £ 43 A1 1% DL 45 % Tutorial Hafs 4R 8
BT 0] CAARS A 10 40 A R AE AT REAT AE B AR K IK 25 57 1 96 Reuters U Hi AT A SE AL R AE 25 i) o vl BEAS 2 28
PERT 43 199, 3L 0K Reuters HUAR A A SR AR ARFAE 7% 0] 7 14 43 A1 AN — 52 4% Tutorial ZHE A2 I FE ARG 4 v, 1M ) BEAH 242
B AE X AT 1 B 9% 43 A1 4 F N PTSVM B3k 1 I 25 3k R gl mf 877 A2 80 22 4 R A T 1R T AR B8 FE AR IR
PTSVM SR H I 2 BRI S R 7= C™ 57 LUK RIS 52 1T B <= R W 5 4k 1N 2ol 2, 0F 3 BB RE I T
B AR AR S T B VR — I A 18 R N Th 86, (R AR 25 3 B VL 0 B8 0 RS R DL oSt 8 KRB R 43 1) 1
B FRATTIN R, AS 38 BB 23 A 2 AN F T PTSVM BLvL B B #E R 2 2 7 Ot T SO M B8 R I 1) 32 22 R P Al
AR U, PTSVM B30 B 3G T 0 43 Pk 2 e i 3 Tm) SRS A A 0 4 v (R R A AR

—Fh AT BE 3t R AE PTSVM S0k R 45 &8 TSVM 50327 (5% m ] - 18 vk N b SCmT LR H 5 K i
S IR 7 5 R 5 0 5 AR VI 257G 8 R IR 5 0 6 0, 8L ) e 0 86 DK 7 45 R b v 1 XU DT e, vl A5 B8 R A /N 1) % i
PRI A 40051 11 o T2 o v AN 8 1) AT PR JE B B8 A 6T = 4k 11 5 18 56 W) i g, DT 428 1 DI 2 i 22 1) A 3 A
SR AR T R B AN 1 5 00 R 1 R PTSVM SEL30 b b 1) JEAR BT — 2 09 20 i, 97 A, 2 SR SR P 3 b 9k,
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7 TR A BRI i TP 3 4R AN 9T 9 AR CUARIE A A (bR 5 S0 TL I AN £ 5 i [ 7

b AT RE FR) SOt e A R B 5 A P 5 LN A 2 ) A R B, BE 8 T SR 2 M AN T2 1) HHE e S B
S PR A% 2% 1) R R 2 P T 70 ) 80 ) AR 1 R i AEUR ) - B8 8 3 A o i AN S s 2 A 5 A AR 460 ) 0l 42,
SR BE % T o A% bR AR S OR 50 TR B 0 AR DL, £ R S TR R T PTSVME gk #E 4T L #E 32 20, R] A
A RO Tk ) SR KPR RE AR KAE — Fh 5 18R 5 20 S R R B ke B il A T T eR B BT A
HARR 2 R SO AR L A 2.

5 HRIE

A SCAE A T SCRE 1) LB A0 R 4 X2 T SRl b AR T ol g A S ) L ) Ak
PTSVM. 1% 5 1% AT LA g 1 38 725 Fft AN [ () U R REAS 20 A1, S8 17— Rt is SC R I B X2 2] SR 45 R
],PTSVM Sk AE 5 PREA I3 A5 5 DL R #7041 20 SRR

HHESAE SR AN BB M T U, AT R 22 A7 0 SO BB A5 2t 2D A2 AN 5. 451, A S IR Bk 1 31
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