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Multiple Kernel Geometric Mean Metric Learning for Heterogeneous Data

Ql Ren, ZHU Peng-Fei, LIANG Jian-Qing

(School of Computer Science and Technology, Tianjin University, Tianjin 300054, China)

Abstract: How to choose a proper distance metric is vital to many machine learning and pattern recognition tasks. Metric learning
mainly uses discriminant information to learn a Mahalanobis distance or similarity metric. However, most existing metric learning
methods are for numerical data, and it is unreasonable to calculate the similarity between two heterogeneous objects (e.g., categorical data)
using traditional distance metrics. Besides, they suffer from curse of dimensionality, resulting in poor efficiency and scalability when the
feature dimension is very high. In this paper, a geometric mean metric learning method is proposed for heterogeneous data. The numerical
data and categorical data are mapped to a reproducing kernel Hilbert space by using different kernel functions, thus avoiding the negative
influence of the high dimensionality of the feature. At the same time, a multiple kernel metric learning model based on geometric mean is
introduced to transform the metric learning problem of heterogeneous data into solving the midpoint between two points on the
Riemannian manifold. Experiments on benchmark UCI datasets show that the presented method shows promising performances in terms
of accuracy in comparison with the state-of-the-art metric learning methods.
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Table 1 Basic description of the datasets
1
# # # # # #
german 2 1~10 20 17 3 1000
heart 2 0~4 13 8 5 270
hepatitis 2 1,2 19 13 6 155
horse 2 1~6,9 22 15 7 368
icu 3 0~2 20 16 4 200
veteranLungCancer 2 0~4 7 3 4 137
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Table 2 Linear algorithm results of numerical datasets

2
ITML LMNN GMML DOUBLESVM
german 0.5980+0.1891 0.6620+0.1311 0.6200+0.0548 0.6080+0.0476
heart 0.6963+0.2202 0.6074+0.1225 0.6667+0.1132 0.6037+0.0814
hepatitis 0.8516+0.2693 0.8133+0.0281 0.8633+0.0808 0.8750+0.0988
horse 0.6957+0.2200 0.6304+0.0126 0.6847+0.1142 0.6818+0.0571
icu 0.9050+0.2862 0.9260+0.0225 0.8406+0.0918 0.8511+0.0362

veteranLungCancer 0.6715+0.2124 0.7002+0.0637 0.6781+0.1200 0.6496+0.0456

2 , 3
kGMML , 1=0.45,t=0.5.KITML , ; 10
, 3.
Table 3 Nonlinear algorithm results of numerical datasets
3
KITML KLMNN kGMML
german 0.6060:+0.2534 0.6620+0.1273 0.6410+0.0507
heart 0.6296+0.1100 0.5963+0.0708 0.6630+0.0591
hepatitis 0.8323+0.2440 0.8133+0.0281 0.8733+0.0584
horse 0.6576+0.2305 0.6304+0.0126 0.7125+0.0602
icu 0.8900+0.3011 0.926140.0225 0.8373+0.0733

veteranLungCancer 0.7080+0.1953 0.6430+0.1295 0.6864+0.0808

1 ’

4.

Table 4 Multiple kernel geometric mean metric learning algorithm results of heterogeneous datasets

4
german 0.6940+0.0386 0.6780+0.0329 0.7579+0.1146
heart 0.7704+0.0834 0.7741+0.0881 0.8037+0.0677
hepatitis 0.8133+0.0422 0.8650+0.0631 0.9217+0.0533
horse 0.9188+0.0473 0.9079+0.0334 0.9108+0.0351

icu 0.8682+0.1285 0.8950+0.0797 0.9108+0.0381
veteranLungCancer 0.6466+0.1201 0.6662+0.1073 0.6722+0.1105
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