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Creating a universal SNP and small indel variant caller with deep neural networks
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4 dimensional Variational method

Optimize only for initial state vector
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Top-down automatic differentiation—Ajoint method

Back propagation in NN is a special type of top-down automatic differentiation.
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Generative Model vs. Discriminative Model
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Smart Simulation

(1) Emulation
v’ Sparse modeling

(@ Neo experimental design

Salb—

v’ Bayesian optimization
@ Automation of making a generative model

v Reversal formula by Bayese Theorem
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@ a. Reversal formula by Bayese Theorem
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m Virtual screening, QSAR modeling: P(Y|G)  Forward Problem
Quantitative Structure-Activity(Affinity) Relationship

Develop statistical models to predict biochemical or physiochemical
activities Y of an input chemical structure G
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B Chemical design, Inverse-QSAR: P(G|Y=y) Inverse Problem

Generate novel chemical structures G achieving desired activities Y=Y
Preimage reconstruction of the graph kernel using a MCMC algorithm
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Chain Structure Graphical Model
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