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Tri-training Algorithm Based on DECORATE Ensemble Learning and Credibility Assessment

WANG Yu-fei and CHEN Wen

School of Cyber Science and Engineering, Sichuan University, Chengdu 610065, China

Abstract Tri-training is a disagreement-based semi-supervised learning algorithm.in which both semi-supervised learning and
ensemble learning mechanisms are simultaneously applied. It can improve the model performance by effectively leveraging some
labeled samples along with a large amount of unlabeled ones through collaborations and iterations among basic classifiers. How-
ever,when the labeled sample size is insufficient, the initial classifiers generated by Tri-training are not sufficiently trained. Fur-
thermore,mislabeled noisy data might be generated during the collaborative labeling process among the classifiers. Aiming at
these problems,a collaborative learning algorithm is proposed, which combines DECORATE ensemble learning, diversity mea-
sure and credibility assessment. In our method,to improve the generalization performance,multiple preference classifiers are gen-
erated based on DECORATE with differentiated artificial data and labels,and the diversities of classifiers are measured and se-
lected by Jensen-Shannon divergence to maxmize the diversity of the classifiers. At the same time, the credibility of the pseudo la-
beled samples is assessed during the iterations by a label propagation algorithm to reduce the noisy data. The results of classifica-
tion experiment on UCI data sets demonstrate that the proposed algorithm achieves higher accuracy and Fl-score than Tri-trai-
ning algorithm and its improved versions.

Keywords Disagreement-based semi-supervised learning, Ensemble learning,Credibility assessment,Diversity measure
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2. repeat

3. for i==1 to 3 do

4 Li<®,update;<—False

5 AR (DI SR o

6. if ;<< e;'then

7 for U B AMFEA x do

8 if hj(x) =hi(x) (j,k#1 then
9 Li<LiU{x:h0}

10. end if

11. end for

12. if [Li] > |L;"| then

13. update; <= True. HR 5 M 7 2% ) B N L A W BR 356 20 #F
A, [ 4 1) LR AR R AR
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15. end if

16. end if

17.  end for

18. for i=1 to 3 do

19. if update;=True then
20. hi<BaseLearner(LUL) ,e;'<e5 | Li' | <[ L;|
21.  end for

22. until hy P B TC ik
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Table 1 Data sets used in experiment

data set size attribute Class
wine 178 13 3
australian 690 14 2
ionosphere 351 34 2
dermatology 366 34 6
heart 303 13 2
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10%,15% .20 X I HEAAE R E AR IE N 2R 4R, LA ZE R 6] 2
FrRic Y h 46 H T 38k 18 SR B, o 80 4 1 R A 1 D Bk AR
SRR CAR SR AR L X A Tri-training™ Al
SCHERC12 9 A 53 Tri-Dy DA SSCHR[14 ] 2 38 SR Y Tri-
training 5 7% TCE,
4.2 ZWHERSW

BRSO B 0 5250 25 S L 20 IRSE 5 1 B A5 L DL AR
RS R WA . S5 37 O 78 A5 R HHE 3 2 accuracy Fl F1
fH Fl-score, SZBGZiHRUME 2—K 5 Frdl,

F 2 MERREARCREAR LA 520
Table 2 Accuracy(with 5% labeled samples)
(AL %)
data set Single Tri Tri-D TCE TDDC
wine 70.42 70.83 70.69 74.44 78.61
australian 76.16 75.14 75.72 74.93 79.38
ionosphere 70. 85 74.51 75.92 73.66 76.20
dermatology 70.58 71.22 71.08 72.70 79.19
heart 67.95 68. 36 69.51 68.03 70.74
3 MERR(CARICAEA L] 10260
Table 3 Accuracy(with 10% labeled samples)
CHA s )
data set Single Tri Tri-D TCE TDDC
wine 77.50 79.31 80.56 80.41 83.19
australian 77.93 79. 64 77.39 80. 00 80. 62

ionosphere 78.10 79.23 79. 44 77.25 82.46
dermatology 83.18 81.55 82.23 83. 38 86. 69

heart 68.61 69. 34 68.93 72.05 71.39
F4 MERR(CARICREA L] 15%0)
Table 4  Accuracy(withl5% labeled samples)
CRLAE s 260
data set Single Tri Tri-D TCE TDDC
wine 82.50 84.72 83.19 85.28 86.53
australian 80.43 81.05 81. 34 81.67 83.15

ionosphere 83.73 84.51 85.00 82.75 86.76
dermatology 87.30 87.57 89.05 87. 36 89. 66

heart 69.59 70.74 69.67 70. 41 73. 44

5 MEFRCEARMCEAR LA .20 %)
Table 5 Accuracy(with 20% labeled samples)
CHA 2 60
data set Single Tri Tri-D TCE TDDC
wine 84.58 85. 83 87.64 85.69 89.72
australian 81.12 82.03 82.32 82.03 83. 30

ionosphere 85. 14 86.76 85.77 87.25 88. 38
dermatology 90. 54 91.01 91.35 89.12 92.57
heart 71.80 71.97 72.96 72.13 74.26
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Fig. 2

F1-score of different data sets
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