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Abstract Semi-supervised learning methods improve learning performance with a small amount of
labeled data and a large amount of unlabeled data. Tri-training algorithm is a classic semi-supervised
learning method based on divergence, which does not need redundant views of datasets and has no
specific requirements for basic classifiers. Therefore, it has become the most commonly used
technology in semi-supervised learning methods based on divergence. However, Tri-training algorithm
may produce the problem of label noise in the learning process, which leads to a bad impact on the
final model. In order to reduce the prediction bias of the noise in Tri-training algorithm on the
unlabeled data and learn a better semi-supervised classification model, cross entropy is used to replace
the error rate to better reflect the gap between the predicted results and the real distribution of the
model, and the convex optimization method is combined to reduce the label noise and ensure the effect
of the model. On this basis, we propose a Tri-training algorithm based on cross entropy, a safe Tri-
training algorithm and a safe Tri-training learning algorithm based on cross entropy, respectively. The
validity of the proposed method is verified on the benchmark dataset such as UCI (University of
California Irvine) machine learning repository and the performance of the method is further verified
from a statistical point of view using a significance test. The experimental results show that the
proposed semi-supervised learning method is superior to the traditional Tri-training algorithm in
classification performance, and the safe Tri-training algorithm based on cross entropy has higher

classification performance and generalization ability.
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Table 1 Experimental Datasets

x1 KBHIES

F I %%
LGRS A KL Ja K

BN 2%
wdbc 569 30 37.3 62.7
winewhite 4898 11 33.5 66.5
abalone 4177 8 32.1 67.9
haberman 306 3 28.4 71.6
spect 267 44 20.6 79.4
chronic 400 14 37.5 62.5
adult 32561 14 24.1 75.9
electrical 10000 13 36.2 63.8
Australian 690 14 44.5 55.5
liverdisorders 345 6 42.0 58.0
heart 270 13 44.4 55.6
german 1000 24 30.0 70.0
UNSW-NB15 175341 42 31.9 68.1
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gation, BP)YERFE4rIE4%.



66 HEIR S AR 2021, 58(1)

AR SCTE TR VA AE R 0 FE Al X6 Rk AT 1 RE TE Table 4  G-means
M X T AR 2 I RVE R R R 2 BT &4 Gmeans {8
B 4 Tri-training TCE ST STCE
Table 2 Confusion Matrix ) - )
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x2 BEEE
e winewhite 0.6414 0.6442  0.6507  0.6424
N > s}
5K ) abalone 0.700 6 0.6882  0.6926  0.7249
H ” "
IE% B haberman 0.3518 0.3657  0.4763  0.3831
K TP (true positives) FN (false negatives) spect 0.6226 0.576 3 0.5009 0.5849
ik FP (false positives) TN (true negatives) chronic 0.9627 0.9293 1.0000 0.9401
adult 0.7902 0.7837  0.7836  0.7860
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&z ’ ’ ’ QRLE S NI AN electrical 0.9951 0.9944  0.9937  0.9955
UE&s b3 . s i
IS FUHZE BB IR L. 1 015 Recall H§ 1 Australian 0.8010 0.8189 0.8247 0.8513
Precision JFAME Specificity F i F-measure .G liverdisorders  0.5849  0.6412  0.5883  0.6124
A P - Jh 322 A5 e Bl L
BIH G-means JEHH Accuracy SFHERARIRIY T heart 0.6873 0.7168  0.7586  0.7759
A WA (B
AN german 0.5886 0.6478  0.6624  0.6890
Recall=TP|(TP+FN), (10 UNSW-NBI5  0.9406 0.9358  0.9366  0.9430
Precision=TP|(TP+FP) (11) s N et
/ ’ e PR AR by S FEVE BE 4R AR .
Speci ficity=TN|[(TN-+FP), (12)
P 2 X Precision X Recall (13) Table 5 Accuracy
-measure — . ¥ =
Precision +Recall ®S EWmE
. e B 4E Tri-traini TCE ST STCE
G-means =+/Recall X Speci ficity , (14) ikl rrtraming
dt 0.9371 0.9510  0.9441  0.9580
TP+TN e ’
Accuracy = (15) ewhi
TP+TN +FP +FN winewhite 0.7069 0.706 1 0.7069 0.7037
KX T F-measure , G-means » Accuracy , abalone 0.7895 0.7799  0.7837  0.8038
Precision s Recall l_ 5 /\?b1:T;l€ﬂ:'ﬁ\%:/£ rééﬁ\lé = haberman 0.576 9 0.5513 0.6923 0.5385
b b
W LE RN 3~T FioT spect 0.746 3 0.6418  0.5672  0.6269
chronic 0.9703 0.9406  1.0000  0.9505
Table 3 F-measure adult 0.8396 0.8359  0.8360  0.8374
&3 F-measure & electrical 0.9952 0.9944  0.9940  0.9960
B4R Tri-training TCE ST STCE Australian 0.803 5 0.8208 0.826 6 0.8497
wdbe 0.937 1 0.9517 0.945 2 0.9583 liverdisorders 0.540 2 0.5632 0.5517 0.5977
heart 0.6912 0.7206  0.7647  0.7794
winewhite 0.5155 0.5373  0.5638  0.5399
german 0.6600 0.7320  0.7400  0.7460
abalone 0.5703 0.5756 0.5720 0.5720
UNSW-NB15 0.9184 0.9168  0.9150  0.9189
haberman 0.1951 0.2222 0.2941 0.2500 - o N B
SRR A P REFE bR (.
spect 0.5405 0.5000  0.4082  0.5098
chronic 0.9620 0.9268  1.0000  0.9383 Table 6 Precision
adult 0.6190 0.6100  0.6109  0.6142 ®o6 BE
electrical 0.9934 0.9923  0.9918  0.9945 LIRS Tri-training ~ TCE ST STCE
Australian 0.7875 0.8098  0.8077  0.8471 wdbe 0.8933 0.9200  0.9200  0.9200
liverdisorders ~ 0.3939 0.3871  0.4348  0.5570 winewhite 0.506 6 0.5544  0.6154  0.5650
heart 0.6667 0.6984 0.7333 0.7619 abalone 0.5703 0.609 4 0.5898 0.5352
german 0.5029 0.5315 0.5638 0.5693 haberman 0.2500 0.3125 0.3125 0.3750
UNSW-NB15 0.943 2 0.9419  0.9408  0.9436 spect 0.7692 0.9231  0.7692  1.0000
chronic 1.000 0 1.0000  1.0000  1.0000

TE « SRR Ay B VR RE AR AR M.
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Continued (Table 6)

s e Tri-training TCE ST STCE
adult 0.5422 0.5340 0.5355 0.5386
electrical 0.9924 0.9902 0.9913 0.9956
Australian 0.8077 0.846 2 0.8077 0.9231
liverdisorders 0.276 6 0.2553 0.3191 0.4681
heart 0.7241 0.7586 0.758 6 0.8276
german 0.6324 0.5588 0.6176 0.5735
UNSW-NB15 0.9954 0.9913 0.9934 0.9976

TE < SRAE Ay B VR RE A AR M.

Table 7 Recall

®7 BEZE

GRS Tri-training TCE ST STCE
wdbce 0.9853 0.9857 0.9718 1.0000
winewhite 0.5247 0.5212 0.5202 0.5170
abalone 0.5703 0.5455 0.5551 0.6143
haberman 0.1600 0.1724 0.2778 0.1875
spect 0.4167 0.3429 0.2778 0.3421
chronic 0.926 8 0.8636 1.0000 0.8837
adult 0.7213 0.7114 0.7110 0.714 6
electrical 0.9935 0.9945 0.9923 0.9935
Australian 0.768 3 0.776 5 0.8077 0.7826
liverdisorders 0.684 2 0.8000 0.6818 0.687 5
heart 0.6176 0.647 1 0.7097 0.7059
german 0.4175 0.5067 0.5185 0.5652
UNSW-NB15 0.896 2 0.8972 0.8936 0.8952

T PR Oy B APk iR 48 A M.

MR 3~7 T LUF Ko Bl S e STCE 5
bR, H A F-measure, G-means .
Accuracy s Precision X 4 ™48%5 I, 439 7E 7,7,8,
9l R B IRAS T R LY T RE. ST BIETE F-
measure ,G-means s Accuracy X 3 NHghn FF AL
T STCE 5 k. HW LA . 78 Recall 4545 1, ST
SEIEAE 4 A HdE 5 L R I E AP, i STCE Ml Tri-
training . TCE SLEE ML, #87E 3 S Hod 5 B HUAS T
B PERE. AR XS T AU A Bl £l S 72 TCE #1
Tri-training &% F R AL,

N Tk br 4 DR PERE AT A S
T F PRI NGE T2 10 ) B R LA o BT 5 1
PEBE. A SCR ] Friedman 650 #8473 55, il i 0 42
M 4575 223 ¥ (analysis of variance, ANOVA) ¥
AN . mAE A ANOVA

JE— A 2 AN LA R SRR A B R 2 (8] 22 57 I GE
Tk RS BN TASCERNK 3 R kS Tri-
training 572 2834 Friedman 16 560 5 19 55 20 HE 4,
1L PR 45 0 L
Table 8 Average Rank After Friedman Test
% 8 Friedman I FH FHER

PEM 8 R Tri-training TCE ST STCE
F-measure 2.999 99 2.92307  2.50000  1.57692
G-means 2.92308 2.92308  2.53846 1.61538
Accuracy 2.57692 3.00000  2.57691 1.846 15
Precision 2.88462 2.88462  2.50004  1.73077
Recall 2.49996 2.50004  2.76923  2.23077
A 2.77691 2.84616  2.57693 1.799 99

2 8 AT LIAE Y, BT 38 W 1Y %2 4 Tri-training
ik STCE 1€ 5 TP 45 A L339 RS T 8 g 19 55
9 IRARIE D 1.576 92, Fem HUEAR KA 2. 23077,
HAE S8 0 Tri-training 535 9 R HUE 2. 499 96 if
TR AR P 2 SR T IR B 4 DN RY o 2P RE
MEFEIMEAMK K N : STCE, ST, Tri-training, TCE, HJ
STCE 519 7r KM RE Fe bf . ST FHik ik Z . (H AL B
BT Tri-training A1 TCE & ¥, Tri-training 5. 3%
M TCE 5k Pk REAH 24 R WU 2 X 2 AR 7
YEK Tri-training BB B9 &5 14, I+ A 6 0 3 o 3 2
B 5 2 B oy SR RE L T A AT P Ak T DU AE — 2
JE b v o T B 2 2R BE L 5 3L A G
W ITEAREE & A5 B B AF R o 2R PERE.

FATHE— 2 ] Holm #5657 ok X fi% 4% HE 44
Jri% STCE 5 HAth J5 ik b A7 b e, Jf ik # STCE 1
Rl 2 BB AR K «=0.05 PEATIHERK , 45 S 4n
9 IR

Table 9 Holm Test Results
X9 HomBIWHR

Ak i MEFEE p; Holm MHA(H o/i B «=0.05
TCE 3 0.009 80 0.016 66 148 STCE
Tri-training 2 0.009 81 0.025 H4s STCE
ST 1 0.068 31 0.05 %3 STCE

Kommw p,(i=1,2,3) & i Holm K1 it%&
tH R B RE SR AE L FH R B a5 2 R AR 1R 1 E A R
TG, 75 2 D AR 15 B E 8 18 5T 43 G 3 M ABE R4 MH s
FiE .M T p,=0.009 80 /T Holm Mk «/3=
0.016 66, K I 4F 4 fBe i R AF 5 2 i d gl 4.
TG — R, T py0=>0.05, it 2 i K.
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B R FW,STCE 54t T TCE Bk &S Tri-
training B.7% , 98 i STCE & ¥ 1 ST & vk 2 8] %
B FER XA ME 8 5 s ie M
— 2.

4 BEERE

& 5e i Tri-training 57 25 A R4 TH2F M5 & 7
T RYERE N T E— P BRAIK Tri-training 5 ¥k 0
TP AR A TR AR AL R SRA MR RE L G R AR I
By AR, AR SO A T AR TR U T
training .35 (TCE) \ % 2 [ Tri-training .35 (ST)
T3 T 38 X 1Y) % 4> Tri-training 5594 (STCE). 3¢
EE L Y STCE Jr ik B fe g 19 o 2
AE AR AR SO B A 75 1 3 2 B o ) o A vh Bl
LA Y T R, OKE 2 FRATT R — 2B A BE S A A
J5 1)

2 % x W
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