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e Synthesized samples should have high confidence of realism. ' '
e A model should only behave linearly nearby training samples. ¢-mixup better preserves the intrinsic dimensionality of
datasets (estimated using 128 nearest neighbors). Z-mixup yields realism and diversity in the synthesized samples.
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the synthetic samples are created. - - - {-mixup improves classification performance on natural and medical images (skin
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Key properties: mixup outputs can contain ¢-mixup outputs contain correct (€9 )
e Can synthesize N! new samples for a single value of y. incorrect soft labels. and rich soft labels, incorporating
: : : information from multiple classes.
e Fory=1.72865, the weight assigned to one sample dominates " Acknowledgements
: Contact:
all other weights. Z-mixup outputs exhibit label richness, realism, and NSERC Digital Research | Alliance de recherche kabhishe@sfu.ca
Alliance of Canada ' numérique du Canada kabhishe@stu.ca
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