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Motivation

« Data imbalance is a common issue in machine learning and data mining.
Researchers try to rebalance the dataset by sampling techniques.
However, existing methods are suffering from the following problems,
generating samples in the overlapping region and aggravating intra-class
imbalance, making the classifiers more difficult to identify the
classification boundaries.
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Fig. 1 Negative effects of existing synthetic minority oversampling techniques: (a) aggravating intra-class
imbalance; (b) generating samples in overlapping regions



Main idea

- To address the overlapping minimization synthetic minority
oversampling technique (OM-SMOTE) algorithm, which
includes a method for mapping data into a more separable

hidden space, named overlapping alleviation transformation
(OAT).

- To further make sure that the synthetic samples would not fall
In the overlapping region, we propose the retreating
interpolation (RI) mechanism. To be specific, we design four
kinds of interpolation rules based on four different location
relationships of two selected samples.
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Fig. 2 Network structures corresponding to general auto-encoder and overlapping alleviation transforma-
tion methods: (a) general auto-encoder structure; (b) auto-encoder structure in an overlapping alleviation
transformation method

Reconstruction network makes sure that Learning process can be describe as

the output is as similar as the input.
Classification network aims to guide the
mapping process, which makes samples
more separable in the hidden space.

Hyrxp = s(XnuxpVpxc),
Xnxp =s(HyxcWexp),
Y nx2 =s(HyxcUgx2),



Method
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Fig. 3 Hyperspheres corresponding to MajCSPs and

MinCSPs
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Fig. 4 Imputation rules of the retreating interpolation method: (a) direct interpolation; (b) auxiliary sample
retreating interpolation; (c) seed sample retreating interpolation; (d) no interpolation
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Fig. 10 Original dataset and oversampled datasets by state-of-the-art SMOTE-based algorithms with one-
dimensional kernel density estimates displayed along the feature: (a) original dataset; (b) oversampled dataset
by SMOTE; (c) oversampled dataset by k-means SMOTE:; (d) oversampled dataset by G-SMOTE; (e) over-
sampled dataset by LoRAS: (f) oversampled dataset by OM-SMOTE



Conclusions

In this paper, we proposed a novel OM-SMOTE algorithm for
imbalanced classification problems. OM-SMOTE is applied in
two steps. First, an OAT method transforms the original data
Into a more separable space, and then an Rl mechanism is
used to avoid generating new data in the overlapping region.
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