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[Yamanishi, Miyaguchi BigData2016] [Kaneko, Miyaguchi. Yamanishi BigData2017]
[Yamanishi, Fukushima IEEE Trans Inform Theory 2018]
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[ Suzuki, Wang, Tian, Nitanda, Yamanishi ACMLI19]
[Wang, Suzuki, Xu, Fei, Yamanishi IJCAI2019]
* Embedding: map of objects to a metric space
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[Moriya, Matsushima, Yamanishi DSAA2015, IEEE Trans ITS 2018]
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[Kobayashi, Lee, Matsushima, Yamanishi BigData 2017]
[Lee, Matsushima, Yamanishi DAMI 2019]
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DLLR(deeply regularized latent space linear regression)
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