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Dynamical Active Multiple Classification Method

Guo Jinling', Fan Dongyan', Guo Husheng®

(1. School of Information, Business College of Shanxi University, Taiyuan, 030031, China; 2. Computer and Information Technol-

ogy Department, Shanxi University, Taiyuan, 030006, China)

Abstract; In the application of big data theory, there are many large scale multiple classification problems
for the diversity and complexity of real world. However, the hyperplane updating of traditional multiple
classification methods are not balanced. And the learning efficiency of them are low, and they are not ef-
ficient for the complex multiple classification data. To solve this problem, this paper presents an im-
proved dynamical active multiple classification method (DYA). By combining the definitions of deadlock
and activation with the active multiple classification process, the proposed method controls dynamically
the status whether the sample is to be involved in the active learning process with the updating of classifi-
er in it. Meanwhile, the active learning method with sub-bit counter and rotation learning approach is
used to the balance learning and updating of classifier. The experiment results demonstrate that the pro-
posed DYA method can improve both the learning efficiency and generalization performance.

Key words: active learning; multiple classification; dynamical active multiple classification; sub-bit

counter; rotation learning
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Tab.1 Datasets of experiment

SRS FI%E # il 4 £ RHIE #2%5
Balance_scale 125 500 4 5
Glass 100 114 10 6
Iris 50 100 4 3
Letter 2 000 18 000 16 26
Machine 100 109 7 7
Page_blocks 1 000 4473 10 5
Segment 1 000 1310 19 6
Vehicle 300 546 18 4
Vowel 220 770 10 15
Wine 78 100 13 3
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Tab.2 Testing results of various parameters

FAEE S P LR EREE/ 0 PHRIE/ %
Balance scale 1.5 13 33.4 32.4
Glass 1.0 21 57.9 54.0
Iris 2.5 6 95.0 91.5
Letter 1.5 70 56.6 53.8
Machine 0.8 21 76.2 74.1
Page block 2.0 23 93.1 74.6
Segment 1.0 50 85.5 74.3
Vehicle 1.5 34 59.7 39.6
Vowel 1.5 70 46. 2 42.6
Wine 2.0 15 98.0 91.6
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SR SR ENAIE RN LA KBk Fig. 1 Change tendency of testing accuracy with the
M. 2808 8 1.0, ET S0 &N 200, 52 penalty parameter



R F.—FHENIH S o EFF 157

Sty

B v, X TR A U/ T 500 Y R0HE S L 90 4 3R 2R 40 70 2 80 20, 1 U 50,
2.2 MAERESH

Bl 2 g 5 Bl T R Bl o 19 2200 RI7 IR AE R A B 4R 1A 32 g ik A A 45 B 114 1 2 00 10KS 2 A
ARG 2 b o 22 A0S A A 22 5K ik 2

_ 1 ey

UPSD \/n — zx (a, —A) (3)
_ 1 Y

UNSD _\/nm — u;} (a; = A) 4

A 21 T 2,0 53 B 38 775 00 3508 B M A T /N T 57 27 00 50K BE A 8. AKIEL 2 o il LU o B 3
4 Page_block #b DY A J5 3 1) F- 3500 120RS B2 #8200 1 30 Ath 4 F 3 Sl 2 20 O s, 3 Ul A SCHR MR i sh 2
FEZ N KL EERFNZ 0 RKTIEM R G &M ki A M EREA e m T Eah 20k
i 12 AR B 5 4 T80 4 Page_block, i T H AW i 32 22 > o B b 45 2 14 43 2 25 1 00 0RG B B AR
T At 4 Pk, SO A UNSD {8 48 K 573 00K B2 (% T DIA_MC fit PA_MC, iX 15 B A SC 42
) B2 J2 80 22 43 2 05 vk o A B O SR HEAT 43 2 38 TR L 4 28 45 R A2 BB 4R 4 A AT 1 1
S /0N o 3R G T SR I - T L B A e 4R T AR R AR E .

100

80, PR—

60}

40t

' c}
A
™ %@oée

B2 280 820 2 5 B RS B LE £

Fig. 2 Testing accuracy comparison of different active multiple classification methods
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Tab.3 Testing results of various methods %

B 4 DYA OvR OvO DAG DT
Balance_scale 33.4 27.6 28.0 28.8 26.0
Glass 57.9 47. 4 55.3 51.8 45.6
Iris 95.0 91.0 91.0 91.0 91.0
Letter 56. 6 68.9 81.7 82.9 74.6
Machine 76. 2 79.8 83.5 81.7 75.2
Page_block 93.1 94.7 94. 6 92.8 87.6
Segment 85.5 95.6 96.5 93.4 82.0
Vehicle 59.7 29.5 31.7 32.6 28.8
Vowel 46. 2 69.9 73.9 71.2 69.0
Wine 98.0 97.0 97.0 97.0 95.0
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Table 4 Training time comparison on datasets S

B 4 DYA OvR OvO DAG DT
Balance_scale 0.31 25. 20 11.28 12.370 7.84
Glass 0. 36 8.25 3.17 4.500 2.79
Iris 0.03 1. 45 0.63 0.750 0.74
Letter 914.40 8 215.02 876.39 1 238.700  596.50
Machine 0.81 8. 64 4.31 6.375 3. 30
Page_block 13.41  3078.90 1240.88 1 143.800  865.80
Segment 16.68 2 156.70 461.19 820.300  477.91
Vehicle 1.19 74.03 25.19 30.620 22.60
Vowel 11.13 223.00 86. 05 128. 120 64. 48
Wine 0.05 2.49 0.95 1. 810 0.91
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