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Inference on Complex Bayesian Models using

Simple Computations.
Mohammad Emtiyaz Khan and Wu Lin (AIP, RIKEN)
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d New method for inference probabilistic graphical models that contain
difficult terms by using Stochastic Message-Passing.
= Non-conjugate terms (e.g. in logistic regression, we have Gaussian
distribution with logistic likelihood).
J Main Idea: conjugate approximations for non-conjugate terms by using
“proximal-gradient” method.
= E.g. approximate logistic likelihood by Gaussian, which converts
logistic regression to linear regression.
 Benefit: Modular, scalable, generalizable, and convergent updates.
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Makoto Yamada (Kyoto Univ, JST PRESTO)
with Y. Umezu, K. Fukumizu, I. Takeuchi
* Feature selection/variable selection
— Input, Output vectors: & & Rd, y € R
— Pair data: {(x;, ¥;) } 1 q LR p(x,y)
e Goal: Select k (k < d) features of input @ that
are responsible for output Y.

* Application: Biomarker detection
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Post Selection inference with Kernels

Feature selection is not good enough for
scientists!

We may want to test whether the selected
features are statistically significant (p-values!!).

ldea: First selecting features from data, and
then testing the selected features.

HSIC based post selection inference (hsicInf)
— Can be used for any types of data ©

— Can handle nonlinearity through kernels ©
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Stochastic Primal Dual Coordinate Method
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(Wang et al., Pattern Recognition (2017))
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Cross-Domain Matching Correlation Analysis (CDMCA) (Shimodaira 2016)
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Animal Planet
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