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[Yamanishi, Miyaguchi BigData2016] [Kaneko, Miyaguchi. Yaman
[Yamanishi, Fukushima IEEE Trans Inform Theory 2018]
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[Hirai Yamanishi BigData2018][Hirai Yamanishi BigData 2019]
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[ Yamanishi, Wu,Sugawara
Okada DAMI 2019]
[Wu,Sugawara,Y amanishi
KDD2017]

[Okada, Yamanishi, Masuda
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[ Suzuki, Wang, Tian, Nitanda, Yamanishi ACMLI19][Wang, Suzuki, Xu, Fei, Yamanishi [JCAI2019]
[Suzuki, Nitanda, Xu, Wang, Yamanishi,Cavazza ICML2021]
* Embedding: map of objects to a metric space
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[Hunag, Xu, Wang, Fe, Yamanishi [JCAI2019]
[Hunag, Xu, Qian, Wang,Yamanishi DAMI2021]
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[Kobayashi, Lee, Matsushima, Yamanishi BigData 2017]
[Lee, Matsushima, Yamanishi DAMI 2019]
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[Sugiura,Kiwaki, Siamak. Murata,Asaoka, Yamanishi KDD2018]
[Xu, et al. American Jr. Opht 2020][Hashimoto et al. British Jr.Opht.2020]
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DLLR(deeply regularized latent space linear regression)
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) [Tel Xu, Kiwaki, Wang, Murata, Asaoka, Yamanishi KDD2019]
| [Xu, et al. Ophthalmology Glaucoma 2020] [Xu et al. KDD2021]
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* Dynamic Nondiagonal Mixture of Dirichlet Distributions for Economic Network

Network Change Detection Based on Random Walk in Latent Space

" Cluster Structure Analysis in Finite Mixture Models With Component Overlap
Change Sign Detection with Two-Stage MDL Change Statistics
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" Learning High-dimensional Models with the Minimum Description Length Principle
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