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A Co-Training Method Based on Teaching-Learning Model
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Abstract In many real tasks, there are usually abundant unlabeled data but only a few labeled data,
and therefore, semi-supervised learning has attracted significant attention in the past few years.
Disagreement-based semi-supervised learning approaches are a kind of state-of-the-art paradigm of
semi-supervised learning, where multiple classifiers are generated to label unlabeled instances for each
other. Co-training is the first and seminal work in this category. However, during the labeling
process, most current co-training style approaches consider only the confidence of the predictor but
not any helpfulness for the learner. In this paper, inspired by the real-world teaching-learning
system, we propose a teaching-learning model named “Tal.e” for co-training., within which the
predictor is considered as a teacher who is teaching while the other is the student who is learning.
Based on this model, a new variant of co-training algorithm named CoSnT is presented to consider
both the confidence of the teacher and the need of the student. Intuitively, the convergence efficiency
of co-training can be improved. Experiments on both multi-view and single-view data sets validate the
efficiency and even outperformance of CoSnT over both standard co-training algorithm CoTrain that

considers only teacher’s confidence and CoS algorithm that considers only student’s need.

Key words semi-supervised learning; disagreement-based; co-training; Tal.e model; CoSnT;

teaching confidence; learning need
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Fig. 1 Tal.e model (Through and,learner, do co-training until “Termination”).
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Learner’s need analysis with the circle and star

as the ground-truth label.
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CoSnT algorithm.

1) Input:

L labeled training examples;

u unlabeled training examples;

sk ——pool size,number of co-training iterations;

pn # positive and # negative points chosen in each iteration.
2) Process:

Create a pool U’ by choosing x examples at random from U
Loop for & iterations:
@ Use £1={(x1;,y;)}(i=1,+,¢) to train a classifier h; ;
@ Use Lo={(x2,y:)}(i=1,+,¢) to train a classifier hs;
® Allow h; to rank examples from Y’ according to Ne?d,,l and
Conf/ll 3
@ hy chooses the first average ranked p positive and n negative
to label, respectively;
® Allow h» to do the similar teaching step as hj ;
©® Add these self-labeled examples to £;
@ Randomly choose 2p+2n examples from U to replenish ¢/'.

3) Output: hy,hy; and combine (hy,h2).

Fig. 3 Pseudo-code of CoSnT algorithm.
K 3 CoSnT &

Fehits, CoSnT YL bR iC By i B2 vh . “ 307 3%
23 A B 2 3 B A3 10 5 SR RE e o PO R 28 R A T
FRIg A E AR B XTI AR IC Y B R

}

3 XWHER

T HAIE CoSn'T 53 W SU80% A SCHE 2
SRS NESE & s 1B s s o 21
3.1 XKEE

ARSCFEZN CoSnT B T 1 A it AU 1 SR &
BE course”™ L L Ko 3 ASBfALE H 1 UCT £ dis 4&
P “mushroom” , “credita”, “cylinder-bands”.
Horb“course” % 1AW U EUHR 46 B4 R oty 2 A
KIEoR:“ pages” F “Links” 53 )2 W 514~ B 1 N &
G G5 N7 R A 0 A XA Bl AR I

1051 AR 5T, o 230 > 1B HEAS 5 AR 4 1E 7 HE A
() LB L S8 B E W IR bR IC AR Dy 3 AN IEREAC R 9
AR IFRGE R 3 Bk p=1.n=3. UCI £¥
AR F B T B ) S g i i, 3 A B A
B AR SBCRNERE A H 4351 Oy 8124/3916,690/
241,540/312. A4k I 50 REAS B LG 4], B2 5E 90 4 AR i
BEAYIN 3 MIEREA T 3 M FEA IR E p=1,
n=1. %R H0HE 4 L BE ML £ 25 060 1 B a4 S Ul
B L SR 5 R Y 75 V6 Hp Bl ML BE 5% B0 8 H Y
IE RS AE RS bR L B AR £ /R 5
FATMA B AR AR IC G urb IF L 30 Y S 5L
B AE R b 7 38 5 1R A R PR AR UE. (]
SV E B W Y KN =75, BRI R B AR L k=
50PN 4 o K 8% E 2 iz | T WEKAY™ iy
NaiveBayes il RBFNetwork. fif & 52 i it B F Z 4k
P br o B )Y R

3.2 ZHEHE

T2 K B E “course” | DL 4y 2K A
NaiveBayes #4717 5280 32, 04 T bk #E B [5] Y1 25
3% CoTrain, CoS il CoSnT ¥k fE.

W& 4 Ca) iz, 38 2k W52 B A0 T L R 2 e
FEMTRA G 53 28 a8 MR B s 4 b 3 5 2%,
bt & B3 ] 1 25 e B0 n ) 28 AR O S HE & B CoS
B TR AR S MA RN RR LT 2%
BT HERER AL s (H 2 CoSnT R [F [& T W[
WINRALT5 10 3R 8RB A B, 0k L T s o 3 [) 1 25
AL EWSCR ANz AL T RE L&A PR .

3.3 BEMEHE

TE AL R B HE L L WEKAYY g 70K [/ &
%11 NaiveBayes fil RBFNetwork {E &y 3 43 2% &5 3
T E RN 2. 25 25 AN 4(b) ~ (D) i« A HfE &
I CoSnT 76 &l £ b W Ssk 3 Fniz Ak 1k fE 1Y
e B

EAT 48 th B )2 78 “cylinder-bands " 545 % -,
b5 fE U 1R 2 O ik i B Mk RE P BT R A
CoSn'T R8s 22 fif X Fh Pk B F [ A9 e #4050 2 [l 15 1k
RESG R . [F] I 4 3 CoS 78 H 42 WA~ B a4 i vk g
AT SR B GAL Y AE cylinder-bands” 1 Y1
REH B ZAL TARME R MU 2R 305 Bl — 1
Al RE S R e WIS 55 40 R AR DA R T X Y 22
St — oA T HIR R B 5 S — AR g
A BB o S E AR R B R AR [
FESFEIMATE Z MR RS2 R T
CoSnT & ¥,



2266 HENIE S &R 2013, 50(11)

I AR AR E T RAAGN Y AT RO A E R KA. AT CoSnT B

\%

I PERE 23 5 Wi B () I A A TR) R B L s g M sk RO 3 AR T 0 IR T % ] b R 23 S 45 4% R i R ]
AE 5 [A] I X o 2 P RN 2R B L 34 B 7 T ORI R R AR ICREA 25 4R T+ ~) PR .

Pages Links Combine

0.20 0.20 0.20

s CoTrain
CoS
0.15 i o CoSnT

s~ CoTrain
CoS

& CoTrain
0.15 F B
& CoS

‘ e CoSnT
0.10 :

0.05 : 0.05 : ; i
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50

0.15

b
0.10

Error Rate on Test Data
-2

Error Rate on Test Data

Error Rate on Test Data

Co-training Iteration Co-training Iteration Co-training Iteration

(a) Two-view “course” data set

NalveBayes RBFNetwork Combine
s 0.18 s 0.18 T s 0.18
o PR ARSI s fa) ' i a : 08 S
B 0.16 17 & CoTrain 7 0.16 4~ CoTrain B 0.16 e ~a- CoTrain
= ; CoS = st CoS & et CoS
[P D e
§ 0.14 -\b‘w‘\ ~e= CoSnT § 0.14 5 ‘x"»x,wa_ ~e CoSnT § 0.14 :“ A AA iy CoSnT
£ b"a“ g, 2 desg ¥ WS = [ . s% o8, Prooochiyohsnsd
& o.12f : & 0,12 | e @ [ [ T Vet
B g B
Ho0.10 H0.10 Ho0.10
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
Co-training Iteration Co-training Iteration Co-training Iteration
(b) Single-view “mushroom” data set
NalveBayes RBFNetwork Combine
g 0.38 - s 0.38 s 0.38
8 4= CoTrain 8 L & CoTrain 8 - CoTrain
% 0.36 i CoS % 0.36 RV CoS B 0.36 fo CoS
= o= CoSnT = 'Y ~e= CoSnT = L o= CoSnT
§ 0.34} § 0.34 *ww § 0.34 [
g ‘- g BPNEA A aaral B R
& 0.32}4% x.& & 0,32 [ any o RO & 0,32} e “'"“‘mu el
E " f W e g ‘ %if?“’s Sy Pone o, E ¢ qug% 2
M0, 50 L taf™ e st & 0,30 L— it e ’ac SR Y B i St
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
Co-training Iteration Co-training Iteration Co-training Iteration
(c) Single-view “credit-a” data set
NalveBayes RBFNetwork Combine
0. 50 - 0. 50 0. 50
g - CoTrain £ o CoTrain 8 - CoTrain
2 CoS 2 CoS S CoS
g 01814 CoSnT g 08 o CoSnT g 0487 CoSnT
= ke & m&“w%w v = e = x s A
g [ W % g g g ' : M VI e
S 0.46 bﬂwé 5] S 0.46 f T A
ot ¢ "a‘tﬁ%cﬂ :m“\‘" ‘F“W 2 L \ie v * 5 P
< < < Yia? , o %
2 044 & & 0,44 [y f““"’“«’ifa;w"‘«““f“%@
: : : :
A0, 42 ; H A0.42
10 20 30 40 50 0 10 20 30 40 50
Co-training Iteration Co-training Iteration Co-training Iteration

(d) Single-view “cylinder-bands” data set

Fig. 4 Prediction error rate comparison.
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