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[Yamanishi, Miyaguchi BigData2016] [Kaneko, Miyaguchi. Yamanishi BigData2017]

[Yamanishi, Fukushima IEEE Trans Inform Theory 2018]
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4 [Hirai Yamanishi BigData2018, BigData2019, BigData2021]
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[Fukushima Yamanishi ICDM2020, ComplexSystem 2021]

iﬁE%ﬁ (.GCt, Zt) ~ f(X, Z; 9, M), ] X: observed variable
T Z: latentvariable

(X, Z:0,M) = f(X[Z:01, M) f(Z;02,M) 6 = (6,65)
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[ Yamanishi, Wu,Sugawara Okada DAMI
2019]

[Wu,Sugawara,Yamanishi KDD2017]
[Okada, Yamanishi, Masuda RSOS2019]
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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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(M Z2R)

* Hyperbolic Ordinary Embedding LI E L
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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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CNN [30] 668 676 217
CNN + DA 6.70 0.52 21.7
CNN + DA + PBR1(NMF) 6.41 6.30 235
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DLLR(deeply regularized latent space linear regression)
BEELEEREOBRIIORAEEEEMTHE. TA |

FHIFRE
(RMSE) L8R

> REEERS

BEZEM 5

[Tei, Xu, Kiwaki, Wang, Murata, Asaoka, Yamanishi KDD2019, KDD2021]
] [Xu, et al. Ophthalmology Glaucoma 2020]
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[Xu, Asaoka, Kiwaki, Murata, Fujino, Yamanishi KDD2021]
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- A machine learning approach to glaucoma progression prediction
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