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Self-training algorithm based on dynamic threshold and difference test

LYU Jia"?, QIU Hongbo ", XIAO Feng*

(1. College of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China; 2. Chongqing Digital
Agriculture Service Engineering Technology Research Center, Chongqing 401331, China)

Abstract: In the process of iterative training of the classifier by a self-training algorithm, it is difficult to effectively se-
lect high-confidence samples and there exists mislabeled samples error accumulation. To address the above issues, this
paper proposes a self-training algorithm based on dynamic threshold and difference test. The local outlier factor of the
sample is introduced to remove the outliers from the labeled samples, classify and label the unlabeled samples. The un-
labeled samples are subsequently fed into the model in batches based on the assigned mark, allowing the model to more
easily select high-confidence unlabeled samples. Further, a dynamic membership threshold function is designed based
on the changes in the number of newly added pseudo-labeled samples and the contrast membership. This function aims
to improve the quality of high-confidence samples. Finally, the dense distance is defined to measure the difference
between samples. The sum of dense distances between pseudo-labeled samples and samples of the same class and differ-
ent classes is calculated separately to find the pseudo-labeled samples with high uncertainty, and incorporate these
samples into the unlabeled samples set of the next round of training, which alleviates error accumulation of mislabeled
samples. The experimental results demonstrate effectiveness of this algorithm on 12 benchmark UCI datasets.
Keywords: self-training algorithm; mislabeled samples; high-confidence samples; dynamic threshold; difference test;

local outlier factor; contrast membership; dense distance
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German 1000 2 24 AR BRI 1R 473 SUBE 76 DI
Pimns 768 2 8 DI R A o LI B 10% £ 47 7 45 R
Qualitative 20 ; ¢ ARG, A8 R BB BB AT S0, DUV 45 510k
Segmentation 2310 ’ o A A 53 S 3 B Dl b A S M 3 )
fndian L7 3 2 10 AR . BRI LRy SR g
vehiele oo ) i, %3 54 4 PR, BUNAE D RR S BEASE B
Wine Q R 1599 6 11 SEENEE 5 53 6 iR,
F3 AEAHEEENRE LD EERE
Table 3 Classification accuracy of different algorithms on the test sets %
=R7S Breast Gauss50 Liver Gauss50X Ecoil German
SETRED 96.25+2.16 79.47+4.17 57.67£7.93 87.49+2.62 81.79+6.60 69.24+4.10
MLSTE 73.49+10.98 90.54+1.78 55.67+8.11 91.15+£2.07 81.92+5.57 66.32+4.59
STFCM 96.50+1.98 89.02+1.99 58.31£7.97 89.13+1.85 81.14+6.20 68.98+4.24
STDP 95.73+2.22 87.92+2.07 59.93+9.33 89.09+1.78 81.49+6.68 67.8£3.51
STDPENN 96.76+1.89 89.52+1.80 60.11+£8.43 90.19+2.06 80.00+6.57 69.18+4.29
STDPAKNN 96.56+1.85 88.45+2.10 59.75+8.28 90.52+2.17 80.42+7.35 68.86+4.15
STDPCEWS 96.16+2.22 87.82+2.21 59.92+8.80 89.18+1.90 81.84+5.81 67.8+3.67
STDPINN 95.39+2.56 88.81+3.38 59.79+3.98 90.78+2.52 80.79+8.43 65.26+5.35
STDPMLM 96.30+2.10 89.61+£2.19 62.49+7.30 90.44+1.96 84.124+6.06 67.04+4.78
STDTDT 97.01+1.83 91.02+1.62 64.53+8.26 91.38+1.89 85.02+5.70 69.54+4.18
T B EALE R, T,
4 AAEEEMNRE LD EERE
Table 4 Classification accuracy of different algorithms on the test sets %
Bk Pima Qualitative Segmentation Indian L P Vehicle Wine Q R
SETRED 67.58+6.11 75.60+9.63 80.28+2.68 65.90+5.96 47.97+4.59 47.07£3.74
MLSTE 66.81£5.41 70.72£9.15 76.09+£2.78 45.9548.22 44.8145.64 25.63+4.81
STFCM 66.23+5.34 73.12+8.81 83.54+2.06 66.52+4.65 50.62+4.99 46.59+3.49
STDP 62.84+7.37 74.00£10.03 84.17+2.40 68.16+£5.18 50.47+£5.07 46.55+3.62
STDPENN 63.02+5.82 70.64+11.69 82.68+2.34 68.12+5.85 49.37+5.90 47.68+3.54
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Ak Pima Qualitative Segmentation Indian L P Vehicle Wine Q R
STDPAKNN 65.44+5.76 70.48+11.90 82.96+2.64 68.57+6.57 47.98+5.97 47.114£3.21
STDPCEWS 62.45+7.19 74.96+9.79 83.97+2.34 67.09+5.42 50.54+5.19 46.72+3.61
STDPINN 64.82+6.25 72.64+10.57 84.45+2.61 69.73+6.11 44.0546.03 47.17+4.09
STDPMLM 71.12+5.02 77.76+3.53 87.28+1.76 66.24+5.48 60.83+4.50 43.58+3.96
STDTDT 73.55+5.81 78.88+8.32 88.43+2.24 71.59+5.47 61.87+5.68 50.46+4.06
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Table 5 Accuracy of different algorithms on the pseudo-label sample sets %
A7 Breast Gauss50 Liver Gauss50X Ecoil German
SETRED 93.63+0.79 77.64+1.99 57.63+2.95 86.93+1.18 79.37+1.73 68.24+1.07
MLSTE 62.38+8.02 96.04+0.21 47.99+1.76 94.70+0.23 87.73+1.67 67.85+0.98
STFCM 91.18+0.77 88.33+0.48 61.46+2.99 91.15+0.53 81.02+1.69 69.07+0.94
STDP 90.44+1.07 87.51+0.84 61.45+3.14 89.64+0.80 84.68+2.20 68.27+1.31
STDPENN 92.03+0.60 91.58+0.60 61.87+4.46 93.65+0.49 83.30+2.31 69.82+0.85
STDPAKNN 92.45+0.62 91.72+1.09 61.60+4.05 94.14+0.67 86.82+1.87 70.75+0.75
STDPCEWS 93.60+1.40 87.43+1.01 60.86+3.87 89.84+0.87 84.25+2.42 68.42+1.51
STDPINN 90.46+1.89 92.25+16.41 60.37+4.78 91.75+1.20 79.65+3.48 69.83+8.03
STDPMLM 90.44+0.75 91.80+0.71 66.25+2.31 94.14+0.51 85.86+1.80 72.38+1.50
STDTDT 93.69+1.24 96.89+0.37 68.18+2.51 97.56+0.53 88.42+1.39 73.35+1.05
®6 FREEEPHIREERE
Table 6 Accuracy of different algorithms on the pseudo-label sample sets %

Bk Pima Qualitative Segmentation Indian L P Vehicle Wine_ Q_R
SETRED 65.65+2.48 53.61+5.44 77.75+1.14 65.52+1.73 47.82+1.67 53.07+1.86
MLSTE 65.96+1.30 40.53+£5.21 78.41+£2.28 54.09+1.66 45.67+2.08 0.89+0.60
STFCM 66.56+2.48 49.96+3.80 81.59+0.71 65.66=1.21 51.05+1.49 51.79+1.07
STDP 61.92+3.94 54.48+5.94 82.98+1.26 67.30+1.61 49.87+2.20 52.07+1.60
STDPENN 63.10+4.30 44.70+7.74 83.61+1.18 68.51+1.68 49.41+2.46 54.48+1.39
STDPAKNN 68.24+3.59 45.57£7.71 86.91+1.07 68.94+1.49 52.38+2.82 55.37+1.36
STDPCEWS 61.68+4.26 55.55+5.69 82.85+1.42 66.79+2.04 49.93+1.86 52.50+1.60
STDPINN 68.59+4.40 62.25+6.41 84.54+2.89 63.77£5.52 48.90+4.92 54.61+5.02
STDPMLM 74.95£1.39 70.35+3.14 85.52+1.39 67.97+1.96 59.10+1.83 50.15+1.28
STDTDT 76.67+1.87 74.23+7.65 90.17+0.91 72.01+0.82 60.52+3.37 57.79+1.21
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Fig.2 Graph of the relationship between different label proportions and classification accuracy
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Fig. 4 Graph of the relationship between label proportions and classification accuracy on the reduced-dimension datasets
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Table 7 Ablation experiment of STDTDT algorithm

%

A4 STDTDTI STDTDT2 STDTDT3 STDTDT
Breast 97.1122.50 97.02+2.23 97.13+2.27 97.1122.50
Gauss50 91.28+1.99 90.99+1.81 91.05+1.81 91.28+1.99
Liver 63.69+7.75 58.638.16 58.40+7.86 63.69+7.75
Gauss50X 90.82+2.18 90.48+2.19 90.62+2.01 90.82+2.18
Ecoil 85.07+6.63 81.21£6.79 80.856.72 85.19+6.54
German 69.14+4.64 69.05+4.95 68.48+4.96 69.14+4.64
Pima 73.63+4.38 70.38+3.99 70.30+3.76 73.68+4.29
Qualitative 78.17+2.20 77.2842.67 77.5242.37 78.41£2.21
Segmentation 90.75+1.98 88.33+2.43 87.88+2.41 90.86+1.94
Indian L P 71.5145.78 71.15+5.94 71.39+6.01 71.51+5.78
Vehicle 60.72+4.57 59.33+4.43 58.15+4.66 60.89+4.56
Wine Q R 50.91+3.41 48.65+3.43 48.89+3.51 50.91+3.41
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Fig. 6 Classification accuracy of different parameters on different datasets
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Table 8 Highest classification accuracy of the test datasets
in STDTDT algorithm

PGS K T, HER /%
Breast 4 4 97.54
Gauss50 7 5 91.87
Liver 7 10 65.53
Gauss50X 9 4 92.98
Ecoil 16 1 86.14
German 18 6 72.55
Pima 4 6 74.35
Qualitative 2 6 79.20
Segmentation 12 2 90.40
Indian L P 17 9 73.47
Vehicle 10 2 61.96
Wine_Q R 10 6 58.59
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