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A Collaborative Classifier for Local and Global Learning

ZHANG Zhan-Cheng' WANG Shi-Tong!? CHUNG Fu-Lai?

Abstract Inspired by covariance matrix stating data direction globally, we construct a novel large margin classifier
called collaborative classification machine with local and global information (C*M). By the median rule of combining
classifiers, this model collaboratively learns the decision boundary from two hyperplanes with global information. The
proposed C?M algorithm can be individually solved as a quadratic programming (QP) problem, and has O(2N3) time
complexity that is faster than O(N?) of existing maxi-min margin machine (M*). We describe the C*M model definition,
provide the geometrical interpretation, and present theoretical justifications. As a major contribution, we show that C?M
can robustly utilize the global information when M* loses the global information on those data sets with confused classes
margin. We also exploit kernelization trick and extend C2M to nonlinear classification. Moreover, we show that CZM
can be transformed into standard support vector machine (SVM) model and can be solved by other quick algorithms
widely used by SVM. Furthermore, we propose four indicators to evaluate the global impact of covariance matrix on
classification. Experiments on toy and real-world data sets demonstrate that the C>M has comparable performance with

SVM that utilizes only local information, while the C2M is more robust and time saving than M*.
Key words Classification, learning locally and globally, collaborative learning, support vector machine (SVM), large-
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AT ASEW, F80X— )@ i R AT e A4k
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* 1 UCL HHREMB 2 R E BI5h5

Table 1 Sizes and indexes of UCI data sets

Dataset N, N, n R, R, AR AS std(AS)
Breast 357 212 30 0.26 0.24 0.02 0.10  0.07
Glass 70 76 9 0.46 0.38 0.08 0.15 0.14

Heart-disease 37 188 13 0.89 0.82 0.07 0.13 0.11

Tonosphere 225 126 34 0.64 0.36 0.28 0.24 0.17
Musk 207 209 167 0.61 0.56 0.05 0.07 0.06
Parkinsons 48 147 22 0.20 0.62 0.42 0.18 0.09
Pima 268 500 8 0.22 0.16 0.06 0.06 0.03
Sonar 97 111 60 0.45 0.30 0.15 0.07 0.05
Vote 168 267 16 0.50 0.30 0.20 0.13  0.10
Yeast 463 429 6 0.10 0.15 0.05 0.03 0.03
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ANFRIEZE 2 R IBME AS = (S, — S,) FIbrdE %
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M* #A4), B Glass B3l SEok, JLAD R A2 HL
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Table 2 Comparison of classification accuracies among C*M, M? and SVM on UCI data sets (%)

Linear kernel

Gaussian kernel

Data set CzM M4 SVM M M4 SVM
Breast 96.51 £ 1.35 96.10 + 2.24 97.94 + 1.24 95.31 £+ 3.13 94.15 £ 3.46 98.11 + 2.54
Glass 73.95 + 9.10 72.72 + 8.92 72.00 £ 7.24 76.83 + 10.97 73.32 + 7.49 79.63 + 1.13

Heart-disease 85.42 + 1.49 88.14 + 2.14 85.63 + 2.22 82.79 £ 2.55 87.67 + 2.65 87.33 + 2.92
Tonosphere 90.56 + 5.14 90.49 + 3.04 85.90 + 5.32 90.86 + 3.88 79.18 + 12.65 95.19 + 4.20
Musk 84.15 £+ 2.28 83.04 £ 3.58 87.25 + 4.17 93.34 £ 2.85 95.59 + 2.72 93.29 + 3.01

Prkinsons 89.64 + 6.05 90.73 + 5.53 89.49 + 3.95 97.29 + 5.05 95.16 £ 3.48 94.38 £+ 3.70
Pima 77.61 + 5.18 77.03 + 3.59 77.68 + 3.33 77.02 + 4.88 74.11 + 2.05 76.93 + 2.31
Sonar 77.58 &+ 3.65 75.46 + 7.83 76.00 £+ 4.46 92.35 4+ 3.45 89.44 + 5.47 88.62 + 2.24
Vote 96.85 + 2.63 95.06 + 2.19 94.31 + 3.07 95.85 + 3.36 91.33 £ 2.77 94.52 + 3.19
Yeast 65.15 + 2.55 66.43 + 1.67 63.14 + 2.87 64.03 + 3.70 63.14 + 2.45 66.04 + 6.92
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