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1. Structure Learning for Groups of Variables in Nonlinear Time-
Series Data with Location-Scale Noise (Kikuchi & Shimizu, 2023)

Model:
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Capable of incorporating prior knowledge on grouping of variables

K(1)={1,2} K(2)={3,4}
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Figure 1: Example of a variable DAG and a group DAG
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Figure 5: Estimated group DAGs for ceramic substrate manufacturing process data

2. Case studies of causal discovery (Jiang & Shimizu, 2023)

- Studied causal relations among financial markets in Japan and USA

- Found a hypothesis that previous day’s US market influences the following day’s
Japanese market for both stocks and bonds, and the bond markets of the previous
day impact the following day’s FX market directly and the following day’s Japanese

market indirectly.
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Figure 5: Output DAG of VAR-LINGAM with Domain Knowledge
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Discovering Universal Geometry in Embeddings with ICA
(EMNLP2023)
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1. Apply ICA to each embedding
2. Permute axes by correlation for translation pairs
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Causal Effect Estimation
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Thong Pham, Shohei Shimizu, Hideitsu Hino, and Tam Le. “Scalable

Counterfactual Distribution Estimation in Multivariate Causal

Models”. To appear in CLeaR 2024

* Estimating the multivariate counterfactual distribution in
Differences-in-Differences setting

* Existing methods are either accurate but slow and prone to
overfitting in high-dimensions, e.g., optimal transport (OT) and
Sinkhorn, or fast but inaccurate, e.g., CiC (Changes-in-Changes)

 Our method is based on robust OT and is the best in both running
time and accuracy in high dimensions

max  inf / | d(fna). w0 )d(a,)

wel m(z,y)ell(u,v)

(): set of directions for finding the robust direction w
[1(u,v): set of transportation plans between u and v, distributions on R%
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Norm of Word Embedding Encodes Information Gain
(EMNLP2023)

3

D HI

KL(p( W) 1)) = ) p(w'Iw)log

/\

p(w'|w)
p(w')

!/

Distribution of Word

p(- |w): Co-occurrence || p(:): Unigram Distribution

w of the Corpus
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Linear Relationship Between ||u,,||* and KL(w)
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® ii,,: Whitening-like Transformed u,,
1
iy, = Cov(wy,)2(uy, — u)

® KL(w) = KL(p(: [w) I p())
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