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Shimodaira, Journal of Statistical Inference and Planning 2000
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Batch normalization: Accelerating deep network training by reducing internal
covariate shift (loffe and Szegedy, ICML 2015)
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[PDF] Multiple comparisons of log-likelihoods with applications to phylogenetic
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The maximum-likelihood method for inferring mo- lecular phylogeny (Felsenstein 1981) is being
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Okuno, Hada, Shimodaira (ICML 2018) A probabilistic framework for multi-view feature learning with
many-to-many associations via neural networks
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Okuno, Shimodaira (ICML workshop Theoretical Foundations and Applications of Deep Generative
Models 2018) On representation power of neural network-based graph embedding and beyond

Okuno, Kim, Shimodaira (to appear AISTATS 2019) Graph Embedding with Shifted Inner Product Similarity
and Its Improved Approximation Capability
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Kim, Okuno, Fukui, Shimodaira (arXiv:1902.10409) Representation Learning with Weighted Inner

Product for Universal Approximation of General Similarities
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Okuno, Shimodaira (to appear AISTATS 2019) Robust Graph Embedding with Noisy Link Weights
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Kim, Fukui, Shimodaira (EMNLP Workshop on Noisy User-generated Text W-NUT 2018), Word-like character

n-gram embedding

Kim, Fukui, Shimodaira (to appear NAACL-HLT 2019), Segmentation-free compositional n-gram embedding
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Shimodaira, Terada (arXiv:1902.04964), Selective Inference for Testing Trees and Edges in Phylogenetics
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A Projection of data point X to tree models B Regions for trees with data point X
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* Pham, Sheridan, Shimodaira (to appear Journal of Statistical
Software 2019), PAFit: an R Package for Estimating Preferential
Attachment and Node Fitness in Temporal Complex Networks

* Inoue, Pham, Shimodaira (Unifying Themes in Complex Systems
IX. ICCS 2018. Springer Proceedings in Complexity. Springer),
Transitivity vs Preferential Attachment: Determining the Driving
Force Behind the Evolution of Scientific Co-Authorship Networks
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* Imori, Shimodaira (arXiv:1902.07954), An information criterion
for auxiliary variable selection in incomplete data analysis
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