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Crowdsourced label inference algorithm using double-confidence

ZHANG Lin, JIANG Gaoxia, WANG Wenjian
(School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China)

Abstract; Since the workers have significant differences in the knowledge level and evaluation criteria, the quality of the collected labels

varies a lot. It's of key importance to improve the quality of labels and learning models in crowdsourced label learning. A novel double-confidence

inference algorithm was proposed to solve the problem of crowdsourced label inference. The workers’ confidence was obtained via the data

distribution characteristics and label information, and then the label was inferred by this confidence so as to improve the quality of the integrated

label. The experimental results show that the proposed algorithm outperforms other ground truth inference algorithms only based on label

information.
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Tab.1 Experimental data set

UGS BEAR KA RHIEER
Svmguide2 391 3 20
Svmguided 612 6 10
Vehicle 846 4 18
Phishing 1353 3 10
Steel Plates Faults 1 941 7 27
Segment 2 310 7 19
Satimage 4 435 6 36
Letter 20 000 26 16
Australian 690 2 14
Breast_cancer 699 2 10
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Tab.2  Average accuracy of each algorithm in each data set

%
LIRS
MV DS GLAD ZC DC

Svimguide2 86.76 +0.93 87.32+1.83 87.75 +1.28 88.32 +2.39 88.66 +1.56
Svinguide4 90.64 +1.73 90.38 +1.84 90.99 +3.94 92.35 +2.66 92.61 +2.71
Vehicle 87.91 £2.37 88.49 +2.50 89.33 +2.98 89.40 £3.14 89.43 £2.92
Phishing 86.52 +1.58 86.72 +1.70 88.36 +1.05 88.59 +1.55 88.66 +1.34
Steel Plates Faults 90.53 £1.82 91.26 £1.32 90.48 £2.06 91.89 +2.00 92.10 £1.90
Segment 91.25 £1.49 91.82 +1.56 92.25 +1.83 92.60 +1.90 92.70 £1.42
Satimage 90.67 £2.30 92.05+1.76 91.30 +2.60 92.06 +2.53 91.03 +3.59
Letter 92.55 £1.90 92.92 £1.25 92.25 £2.00 94.13 £1.35 93.34 £1.47
Australian 79.57 £0.81 82.07 +1.24 81.94 +1.04 83.43 +1.57 83.43+1.93
Breast_cancer 82.45 +2.91 84.38 +1.10 79.58 +0.30 84.43 +1.35 84.97 £2.30
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