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Abstract

SMOTE (Synthetic Minority Oversampling Technique) is the established
geometric approach to random oversampling to balance classes in the
Imbalanced learning problem, followed by many extensions. Its idea is to
Introduce synthetic data points of the minor class, with each new point being the
convex combination of an existing data point and one of its k-nearest neighbors.
In this paper, by viewing SMOTE as sampling from the edges of a geometric
neighborhood graph and borrowing tools from the topological data analysis, we
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propose a novel technique, Simplicial SMOTE, that samples from the simplices >
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a) random oversampling, b) SMOTE, c) global
sampling, d) Simplicial SMOTE.

Random oversampling just duplicates existing points. Assuming that synthetic data points
lie within a convex hull of existing points, global methods do not respect the intrinsic
properties of data such as clusters and holes, resulting in low sample quality. While
SMOTE, being a local method, improves on this, it still models the data with a union of
one-dimensional segments, unable to sample all of the data support. Simplicial SMOTE,
by modeling data with a union of higher-dimensional simplices, samples dense areas of
the data support while avoiding sampling from topological holes, effectively improving
coverage of the data distribution.

of a geometric neighborhood simplicial complex. A new synthetic point is defined
by the barycentric coordinates w.r.t. a simplex spanned by an arbitrary number of
data points being sufficiently close rather than a pair. Such a replacement of the
geometric data model results in better coverage of the underlying data
distribution compared to existing geometric sampling methods and allows the
generation of synthetic points of the minority class closer to the majority class on
the decision boundary. We experimentally demonstrate that our Simplicial
SMOTE outperforms several popular geometric sampling methods, including the
original SMOTE. Moreover, we show that simplicial sampling can be easily
Integrated into existing SMOTE extensions. We generalize and evaluate
simplicial extensions of the classic Borderline SMOTE, Safe-level SMOTE, and
ADASYN algorithms, all of which outperform their graph-based counterparts.
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6 Compu[e Euclidean coordinates ii = AITX, w.rl. a ecoli 05628 05735 06048 05965 05696 05718 05875 0.6024 0.5893 05767 06282 06003 05839 0.6230
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yeast_mls 00000 01320 01560 0.1484 01502 01565  0.1445 0.1423 0.1386 01271 01527 01477 0.1538 0.1451
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. g - e ’ - thyroid_sick 08334 07835 07323 07920 07857 06269  0.7846 0.7381 0.8075 0.7323 07916 07840 0.7845 0.7854
coil_2000 00000 02120 02248 02184 02166 02074 02150 02199 00811 0.0101 02092 02165 02095 0.2092
solar_flare_m0 00164 01959 02459 01828 01918 01917  0.1754 0.1923 0.0659 0.1572 01712 01807 0.1701 0.1708
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car_eval 4 00000 04061 05011 04387 04383 04290 04213 0.4280 04034 05403 04696 04750 0.4696 0.4403
wine_gquality 00764 02317 01821 02091 02246 02191  0.1949 0.2006 0.1765 02753 02015 02241 02104 0.1842
letter_img 06064 04611 05567 05507 04252 05268  0.4499 0.4832 05624 05206 06195 04331 06236 0.5385
u . u yeast_me2 00972 02700 0283 02768 03272 02999 02610 0.2935 02727 03121 03071 03366 02858 0.2930
M I E V I m I I M I E ozone_level 00528 02384 02198 02354 02633 02240  0.2280 0.2402 02393 02395 02846 02823 02559 0.2775
abalone_19 00000 00471 00367 0.0439 00565 00448  0.0448 0.0591 0.0415 0.03%0 00442 00522  0.0499 0.0460
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—_— .o o~ : o optical_digits 09670 09491 09427 09415 09559 05439 09442 0.9376 0.9491 09618 09443 09557 09425 0.9423
Lol - : o pen_digits 0.9927 09906 09895 09906 009925 09900 09917 0.9907 09922 0.9928 0.9915 09925 0.9912 0.9911
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