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Science Paradigms: Four Kind of Methodology (Approach) of Science
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By Tony Hey, Stewart
Tansley, and Kristin
Tolle, Eds. Microsoft
Research, 2009.

L

* Thousand years ago:

= Last faw hundred years:

» Last few decades:

+ Today: data exploration (eScience)

Science Paradigms

science was empirical
dascribing natural phenomena

theoretical branch i
using models, generalizations l gl=-l-‘fﬁﬂ_ KE | = h o
a 3 a° S

a computational branch
rrrrrr lating complex phenomena

unify theory, experiment, and simulation
— Data captured by instruments
or generated by simulator

— Processed by software
— Information/knowledge stored in computer
— Scientist analyzes database/files

using data management and statistics
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State Space Model, Gaussian Process,
Modified from.an original slide by Support Vector Machine, Neural Network DNN
Prof. T. Matsui

DL is one of the technique in statistical Machine Learning
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EEFE vs. HHK #EEE

JSM2019 David van Dyk (Imperical Colleage)
https://wwwf.imperial.ac.uk/~dvandyk/

AstrostatisticsOEEFIZR
LIGO (B/K) . IovIk—ILiR&

® Data-driven vs. Science-driven

® Predictive model vs. Descriptive model

® Correlation vs. Causality
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Generative Model vs. Discriminative Model
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Classification of D N' N

Sequentiatyatoed €S

Correlating with

RNN: R t NN
each othe seetrren

t

’

Long Short-Term

1 5
LONEZ-Tarrgecort CrattonT

Data points and sudden oblivious
S amples effects were incorporated L
Convolutional NN

Ztic

Determinj

Independent

H Adopti f
Unsypervised il memen Feedforward NN
l_earr]l L learning element Basic NN

Boltzmann Machine
Bayesian Network

GAN: Generative

Auto Encoder (AE) Adversarial Nefs

Toward - ________
Generative Model D

Ref. in part of http://acsi.hpcc.jp/2016/download/ACSI2016-tutorial2.pdf

VAE: Variational AE
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Data Science Center for Creative Design and Manufacturing
established in July, 2017 Prof. Yoshida

B 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

Q- Binding ability?
ON_@ Graph -, O/O 9 Supervised
— kernel | | | learning
(TTTTT T T[]

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

) OH NH, OH
\/V\)l\/\/\/\/\/ﬂ(:oo“ Alteration H
H OH

(Thanks to Prof. Yoshida; G H@#HMAMNSER. HE)
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Denoising AE and Generalized DAE

Encoder

Decoder

— (2] ) g,(¥1z)
Beoms | 2
L/~ max Ey[logp(y | »)|= min Zy,. (v, = g, (£(3))

e
C/ ( y’ | y) : known corruption process (Conditional distribution p(y'|y))

Pascal Vincent, Hugo Larochelle, Yoshua Bengio, Pierre-Antoine Manzagol, Extracting and composing robust features

D A E with denoising autoencoders, Proceedings of the 25th international conference on Machine learning, 2008
X Surrogate Analysis, Kernel Bootstrap,... Y,
4 L E [10 ( =~ 1 [/ Regularization function h

=E, yllog p(y | y) = AR(y, ¥')
.,y p ?

G D A E Yoshua Bengio, Li Yao, Guillaume Alain, Pascal Vincent, Generalized denoising auto-encoders as generative models,

\_ Advances in Neural Information Processing Systems, 2013 Y,

2008%

20134
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Variational Auto-encoder Generative Model

Galaxy shape modeling with probabilistic auto-encoders (2 O 1 4)
Diederik P Kingma and Max Welling. Auto-Encoding Variational Bayes. In ICLR,

NN for Encoder and Decoder:
Two fully connected hidden layers composed of 128 hidden nodes

Input Image
69 x 69

i I 2% (69 x 69)
Middle Layer
69 x 69
Dimeénsion of factdrs 1s 8 y
& |l
y :
:x T
Encoder Decoder

20 1 7 _I:_4 H 43,444 Tmages
A 001\ at de&p ledmnq oI science x — ”X _I_ ng

https://Www.oreilly.com/ideas/a-look-at-deep-learning—for-science 8 B N (O ’ ] 8)(8 )
From http://people.eecs.berkeley.edu/~jregier/publications/regier2015deep.pdf ~ sls NS
B %




Deep Convolutional Generative Adversarial Network (DCGAN)

Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks 2 O 1 6 E

. Alec Radford, Luke Metz, Soumith Chintala,
BT RERR YT —2

Click on the person who is real.

http://www.whichfaceisreal.com/index.php
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CycleGAN: BIRDZH & AL ET )LD

2 EmS

ELFE: ERT OHEMT — Ao ERERTEIR

AR
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\ _ Generator DY
z Discriminator
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ek

Dx } Gy_x
Discriminator
Generator

EJEA: Recycle-GAN (2018)

http://www.cs.cmu.edu/~aayushb/Recycle-GAN/

- Rk

Jun-Yan Zhu, ICCV

(2017)

Gyox(Gxoy(x)) =
Gxoy(Gyox(y) =y

BEWTFEEZIN DI 2B (—x—xi5) 1THS
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