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Multi-view Distance Metric Learning with Inter-class and Intra-class Density
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1 School of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China
2 Shanghai Mobile Internet Industry Promotion Center,Shanghai 200333, China

3 The Third Research Institute of Ministry of Public Security,Shanghai 201204, China

Abstract Geometric information can provide prior knowledge and intuitive explanation for classification methods. Observing
samples from geometric perspective is a novel method of sample learning,and density is a very intuitive form of geometric infor-
mation. This paper proposes a multi-view distance metric learning method with inter-class and intra-class density to learn a metric
space. In this space,the heterogeneous samples are more scattered,and the homogeneous samples are closer. First, the inter-class
density is introduced under the large margin framework,and the samples in the metric space are constrained by minimizing the in-
ter-class density,so as to realize the inter-class dispersion and improve the classification performance. Second, maximize the intra-
class density to achieve the effect of similar samples close to each other,so as to achieve intra-class compactness. Finally,to better
mine the complementary information of the multi-view samples, the correlation between the views in the metric space is maxi-
mized, so that the views can learn from each other adaptively and explore the complementary information among the views. A
large number of experimental results on real-world datasets demonstrate the superiority of the proposed method.

Keywords Geometric information, Inter-class density,Intra-class density,Complementary information, View correlation
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Table 1  Classification accuracy on different datasets
AT 2 %)
accuracy(mean=std. )
Method
Still DB Handwritten  Caltech101-20 NSL-KDD

Euclidean  37.83+3.33  94.25+1.13  74.90+0.92  97.19+0.63
LMNN 37.66+£7.95 98.05%£0.57  80.33£0.91  97.63+0.64
DMLM] 38.5143.56  98.65+£0.52 11.554£9.62  96.92+0.41

MvGMML  35.3249.19  98.254+0.64 71.05+1.84  97.08=+0.55

FISH-MML 43.83+0.55 97.3540.96  88.24£0.17  96.92£0.52
Ours 43.83+4.35 98.9040.34 90.25+0.43 97.83+£0.50

#* 2 AFEEHEE T2 Fl-score

Table 2 Macro Fl-score on different datasets
CHA 20
Method » Fl*.\t.'ure(meani std.)

Still DB Handwritten  Caltech101-20 NSL-KDD

Euclidean 34.43+3.67 94.24+1.13 NAN NAN
LMNN 36.55+9.10 98.08+0.68 62.63+2.28 86.4146.91

DMLM] 35.6143.40 98.65+0.51 NAN NAN
MvGMML  32.8248.54 NAN NAN 83.55+5.71

FISH-MML 41.53%+0. 60 97.36+0.54 74.88+2.78 NAN
Ours 41.85+4.65 98.90+0.34 79.61+1.15 88.79+5.11
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Table 3 Training time on different datasets

CHA 2 )
Method e
Still DB Handwritten  Caltech101-20 NSL-KDD
LMNN 2.71 21.36 23.86 1847.39
DMLM] 3.28 6.66 41.92 15386.92
GMML 0. 34 0.13 0.35 50.73
FISH 39. 84 3.51 137.76 312. 34
Ours 225.76 19. 26 188.96 3843.37
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Fig.1 Parameter sensitivity analysis
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Fig. 2 Ablation experiments
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