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Relative Transformation for Machine Learning
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Abstract Recently developed machine learning approaches such as manifold learning and the support vector
machine learning work well on the clean data sets even if these data sets are highly folded, twisted, or
curved. However, they are much sensitive to noises or outliers contained in the data set, as these noises or
outliers easily distort the real topological structure of the underlying data manifold. To solve the problem,
the relative transformation on the original data space is proposed by modeling the cognitive relative laws. It
is proved that the relative transformation is a kind of nonlinear enlarging transformation so that it makes the
transformed data more distinguishable. Meanwhile, the relative transformation can weaken the influence of
noise on data and make data relative denser. To measure the similarity and distance between data points in
relative space is more consistent with the intuition of people, which can be then applied to improve the
machine learning approach. The relative transformation is simple, general and easy to implement. It also
has clear physical meaning and does not add any parameter. The theoretical analysis and conducted

experiments validate the proposed approach.
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Fig. 3 Relative transformation can weaken the influence
of noise. (a) The original space and (b) The constructed

relative space.
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Fig. 5 Embedding results on noisy data set. (a) Original data; (b) ISOMAP; (c) Regular LLE; (d) HLLE; and (e) R-HLLE.
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Fig. 7 Two spiral classes data set.
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Table 1 Classification Accuracy on Noisy Data Sets
£1 HNEREHSEEBBRHTW %

Noise Variance SVM R-SVM
0.02 95 - 100
0.04 92.5 - 99
0.06 89 96
0.08 86 91
0.1 77 82.5
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Table 2 Classification Accuracy Against Different Data Sizes
£2 HEBRHAOAXEMEORE %

Data Size SVM R-SVM
100 87 99
200 87.5 98
300 92.67 96.33
400 92.75 97.75
500 93 96.8
600 95.67 97.33
700 92.57 97.43
800 97.25 98.75
900 97.22 97.78

1000 95.40 97.50
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interests are computational creativity, data mining and X®|E,1968 F4A ML BIMRR, TERKXF AN FH
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geometry.

Research Background

Recently developed manifold learning approaches can nicely deal with nonlinear manifolds. These approaches are in‘tuitive, well
understood, good theoretical studies, and produces good embeddings on the clean data sets even if th%e'data sets are highly folded,
twisted, or curved. The support vector machine is another competitive machine learning approach for classification. This approach has
good generalization performance and only small training samples are required. However, these approaches are still much sensitive to
noises or outliers contained in the data set, as these noises or outliers easily distort the constructed neighborhood graph that should
faithfully represent the underlying data manifold and distort the hyperplane for support machine learning. Some approaches can attack
the problem by deleting the noises or outliers from the input data set. However sometimes the outliers are useful to data analysis such
as outlier mining so that they cannot be removed simply. Another problem is that these approaches are also unsuitable for dealing with
much sparse data sets.

Inspired by the cognitive relativity, we present a relative transformation to build the relative space from the original space of
data. The relative transformation is simple but efficient to deal with the outliers and noises. Furthermore, in the relative space the
distances among points vary nonlinearly. Possibly it makes closer the points belonging to the same surface of the manifold while it
makes further away the points located at the different surfaces. This is useful to the sparse data sets. The relative transformation is
simple, general and easy to implement. It also has clear physical meaning and does not add any parameter. The experimental results
validate the proposed approach.
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