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Abstract A hypernetwork is a generalized hypergraph and a probabilistic graphical model based
on evolutionary learning. Hypernetwork models have been applied to various domains including pattern
recognition and bicinformatics. Nevertheless, conventional hypernetwork models have the limitation
that they can manage data with categorical or discrete attibutes only since the learning method of
hypernetworks is based on equality comparison of hyperedges with learned data. Therefore, real-
valued data need to be discretized by preprocessing before learning with hypernetworks. However,
discretization causes inevitable information loss and possible decrease of accuracy in patiern
classification. To overcome this weakness, we propose a novel feature-wise L1-distance based method
for real-valued attributes in learning hypernetwork models in this study. We show that the proposed
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model improves the classification accuracy compared with conventional hypernetworks and it shows
competitive performance over other machine learning methods.
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learning, Classifier
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