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Correlation-based multidimensional scaling for unsupervised subspace learning

He Guanghui'’ ,Zhang Taiping” , Tang Yuanyan®
D (College of Mathematics and Statistics , Chongqing University , Chongging 401331 China)
2 (College Computer Science ,Chonggqing University , Chongqing 400044 China)

Abstract: Multidimensional scaling (MDS) has been applied in many applications such as dimensionality reduction and
data mining. However, one of the drawbacks of MDS is that it is only defined on “training” data with no clear extension to
out-of-sample points. Furthermore, since MDS is based on Euclidean distance, it is not suitable for detecting the nonlinear
manifold structure embedded in the similarities between data points. In this paper, we extend MDS to the correlation
measure space (CMDS). In contrast with MDS where the mapping between the input and reduced spaces is implicit,
CMDS employs an explicit nonlinear mapping between the both. As a result, CMDS can directly provide predictions for new
samples. Correlation is a similarity measure, so the CMDS method can effectively capture the nonlinear manifold structure of
data embedded in the similarities between the data points. Theoretical analysis also shows that CMDS has some properties
similar to kernel methods and can be extended to the feature space. The effectiveness of our approach is demonstrated by
extensive experiments on various data sets, in comparison with existing dimensionality reduction algorithms.
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Fig. 1 The results of different algorithms on TDT2 text data
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Tab.1 The recognition accuracies of different unsupervised dimensionality reduction methods
on four face database( Yale,PIE,GTdb and MDD)

Data set N PCA KL-PCA KG-PCA LPP CMDS KG-CMDS
Yale 4 74.46(5.25) 69.64(7.81) 75.67(5.61) 71.18(6.79) 76.61(4.74) 76.80(4.80)
Yale 8 78.00(10.16) 73.82(13.04) 78.04(10.67) 76.31(12.47) 78.98(10.12) 80.40(10.67)
CMU PIE 8 91.35(6.56) 79.62(13.39) 89.42(8.04) 91.41(5.58) 92.89(5.00) 91.34(6.34)
CMU PIE 12 94.14(5.71) 86.64(7.92) 94.20(5.85) 92.44(5.25) 94.46(4.76) 94.60(5.83)
GTdb 5 66.40(1.93) 53.55(2.70) 71.10(2.14) 52.35(1.96) 66.52(1.85) 71.72(2.24)
GTdb 8 73.35(1.98) 58.75(2.74) 78.06(1.60) 68.11(2.17) 73.29(1.99) 78.41(1.69)
MDD-pix 50 94.76(0.53) 92.11(0.78) 94.87(0.62) 89.36(0.79) 95.95(0.56) 96.30(0.50)
MDD-fou 50 80.62(0.91) 65.74(1.55) 81.02(0.94) 76.82(1.01) 80.84(0.85) 81.40(0.86)
MDD-fac 50 92.53(0.45) 70.79(2.37) 91.29(0.66) 91.38(1.39) 92.49(0.56) 93.87(0.56)
MDD-kar 50 95.09(0.43) 94.09(0.58) 95.13(0.50) 93.38(0.55) 95.07(0.54) 95.64(0.42)
MDD-zer 50 79.54(0.89) 66.68(1.49) 78.51(0.85) 77.73(1.37) 79.80(0.77) 80.01(0.96)
MDD 50 90.37(0.68) 76.52(2.79) 93.30(0.63) 94.37(0.68) 94.59(0.60) 94.84(0.45)
data representation [ J ]. Neural Computation, 2003, 15(6) :
5 g:Flt -io/lf,\ 137.3—1396. N .
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