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;?2\; Physics n ML

’ a virtual hub at the interface of theoretical physics and deep learning.

0 6 Natural Graph Networks

May 2020  Taco Cohen, Qualcomm Al Research, 12:00 EDT

2 O Building symmetries into generative flow models
May 2020  Phiala Shanahan, MIT, 12:00 EDT

0 3 Why do neural networks generalise in the
mma2020 OVerparameterised regime?

Ard Louis, University of Oxford, 12:00 EDT

17 Deep Learning and Quantum Gravity

Jun 2020 Koji Hashimoto, Osaka University, 12:00 EDT

+ Prev page

For link and password to the talks, please sign up for the Physics n ML mailing list.
Videos may be found on our YouTube channel and slides by clicking on past talk titles.

About Physics n ML © Vitae theme for Hugo
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Deep Learning
And Physics

> Yukawa Institute for Theoretical Physics

> Kyoto, Japan
5 31 Octe® Nov 20190 4

Target scope of Conference

Deep learning plays a central role in recent developments in research in artificial intelligence (Al). Various
ideas based on physics are found in the research of deep learning, and consequently, deep learning and
physics are related intimately. This international conference is dedicated to (1) applications of deep

learning to physics, (2) discovering similarities among deep learning and physics, and (3) leading to new
paradigm in physics motivated by deep learning. Researchers in related fields are welcome to attending
discussions at the conference.

Organizers

Koji Hashimoto (Osaka U), Masatoshi Imada (Toyota RIKEN / Waseda U), Kouji Kashiwa (Fukuoka Institute of
Technology), Yuki Nagai (JAEA), Masayuki Ohzeki (Tohoku U), Enrico Rinaldi (Riken & Arithmer Inc.), Akinori
Tanaka (RIKEN AIP), Akio Tomiya (Riken BNL)

Date and Place

31 Oct - 2 Nov 2019

Panasonic Auditorium, Yukawa Hall, Yukawa institute for theoretical physics, Kyoto university




> Osaka CTSR - RIKEN iTHES/iTHEMS - Kavli IPMU
> Joint symposium

Deep learning
and physics

> Venue: Nambu hall, Osaka university

> Date: June 5 (Mon), 2017, 13:00-18:00
> Invited speakers :

S. Amari (RIKEN)

S. Ikeda (Kavli IPMU / ISM)

Y. Kawahara (Osaka U. / RIKEN)
M. Taki (RIKEN)

A. Tanaka (RIKEN)

T. Ohtsuki (Sophia U.)

N. Suzuki (Kavli IPMU) |
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Deep Learning and
physics 2018

June 1-2, 2018

Target scope of Workshop

Deep learning plays a central role in recent developments in research in artificial intelligence (AI). Various
ideas based on physics are found in the research of deep learning, and consequently, deep learning and
physics are related intimately. This workshop is dedicated to (1) applications of deep learning to physics, (2)
discovering similarities among deep learning and physics, and (3) leading to new paradigm in physics
motivated by deep learning. Researchers in related fields are welcome to attending discussions at our
workshop.

FiE

T. TORICEMEBZCERTECEIANSLESN, BRELTHANIC, FEFBEMBEZIAZTRELREE
CHNFET. ERA2E. FEFEBOMEFAARDIGE. Fio. BRGEFOELMEZE K UVIBRIIEZ(CHNT
M EE/SHALETEMIET AL, PEBEZNFUL. RBICGEEITIEAARIBORERIC. SHORAARSOTESH
ZRAGULET.
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string_data: workshop on data science and string theory

26-29 March 2018
ASC

Europe/Berlin timezone

Overview workshop (March 26-28) - hackathon (March 29)

Scientific Programme ) ) . ) . ) . )
The goal is to bring together string theorists and data scientists to discuss how big data techniques
Timetable can be utilised to understand the "string landscape". This meeting will feature talks, specialised

Contibiion List discussion groups, and the first string theory hackathon.

Author List One objective of this workshop is to present the status of data science methods applied to string
theory and to survey our current understanding of the landscape. Another objective is to provide an
opportunity for string theorists and data scientists to identify optimal future targets.

Organizers:
Thomas Grimm
Sven Krippendorf
Dieter List

\

TR
ARNOLD SOMMERFELD “erc #/-\

CENTER ror THeorericat Puvsics L [VIU EM_M"‘;MCWM \.... -

Previous workshop 2017: Northeastern, Boston (link)



Machine Learning and Physics -

2018-07-04--2018-07-06 x

Home  Registration Links

There is an increasing interest in bringing together the machine learning and physics research,

and a large number of interesting works have been done in the recent few years. On one hand,

@ Organizing Committee the newly developed of machine learning algorithms can find more applications in physics
research, and on the other hand, physics ideas can also inspire new development in machine
learning.

¢ Announcement

¢ |Invited Speakers

¢ Conference Program . . . . . . .
Under this background, we organize a series of biannual international workshop on “ Machine

® Haal information Learning and Physics ”, and this is the first one. This workshop aims at bringing together

® Conference Venue leading experts in the field and discussing the current developments and future perspectives of
this field. We hope that this series of conference can create a large impact in this fast
developing field and stimulate more collaboration between Chinese and international
communities.

@ Contact Us

This conference plans to focus on the connection between machine learning and various
branches of physics, including

o Quantum Many-body/Condensed Matter Physics
Quantum Information and Quantum Computer
Statistical Mechanics

Computational Physics

High-energy Physics

« Astrophysics

The tonice incliide (biit not limited to)



MACHINE LEARNING LANDSCAPE

String Theory, Machine Learning, and
Energy Landscapes

10 December - 12 December 2018
ICTP Trieste

Organization:
e Sven Krippendorf (LMU Munich) e Fabian Ruehle (CERN)

e Dhaghash Mehta (United Technologies) e Fernando Quevedo (ICTP)

Homepage and registration:

e http://indico.ictp.it/event/8784/overview

4 International Centre
(@ for Theoretical Physics

11



Tsinghua Workshop on Machine Learning in Geometry and Physics 2018

10-15 June 2018 Search... jo
Tsinghua Sanya International Mathematics Forum

Asia/Shanghai timezone

Overview
Timetable

Contribution List

.,

14
Participant List U

”‘f_m%” :‘JF,““ ' “‘“

We are pleased to announce the first workshop on machine learning in geometry and physics at the
Tsinghua Sanya International Mathematics Forum, 11-15 June 2018.

The goal of the workshop is to explore how machine learning techniques can be applied in modern
mathematics and theoretical physics. We intend to bring together a diverse set of experts whose
research interests and expertise are of general interest for researchers who are trying to approach
research problems in formal physics and mathematics from a data science perspective. Some of the
topics the workshop intends to cover:

e String landscape from a data science perspective
e Holography, RG flows and deep learning
e Novel geometric relations from data mining
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Overview About Agenda

Region: North America

The goal of Physics n ML (read 'Physics Meets ML') is to bring together researchers from

machine learning and physics to learn from each other and push research forward together. In

this inaugural edition, we will especially highlight some amazing progress made in string

theory with machine learning and in the understanding of deep learning from a physical

angle. Nevertheless, we invite a cast with wide ranging expertise in order to spark new

ideas. Plenary sessions from experts in each field and shorter specialized talks will introduce

Viiiiae: Miciosett Resaarch existing research. We will hold moderated discussions and breakout groups in which

Building 99/1919 participants can identify problems and hopefully begin new collaborations in both directions.
For example, physical insights can motivate advanced algorithms in machine learning, and
analysis of geometric and topological datasets with machine learning can yield critical new

Date: April 25, 2019 - April 26,
2019

Location: Redmond, Washington,
USA

13



1st Workshop on Scientific-Driven Deep
Learning (SciDL)

8:00-14:30 (PST) on Wednesday July 1, 2020
Location: Zoom

Register here:
https://forms.gle/o1WCSBTbeoahj5ww8

Deep learning is playing a growing role in the area of fluid
dynamics, climate science and in many other scientific disciplines.

Classically, deep learning has focused on an model agnostic learning
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1. Za—JJ)LRxy FJ—5
ZLDEEINFRBAINTET-

A mostly complete chart of

© Backfed Input Cell N e u ra l N Etwo rks Deep Feed Forward (DFF)

©2016 Fjodor van Veen - asimovinstitute.org

Input Cell '
TAN/AN
/\ Noisy Input Cell : : o Y
Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) .'.“’.0,:, ‘:,
@ Hidden cel ‘? ",:‘" (A
B _ WAV
© rrobablistic Hidden Cell
. Spiking Hidden Cell Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU)
() I3 () ) =]
. Output Cell
NN WY TR
'{‘a\'l -h}" 1"\"‘5}'{ '1‘3;'1‘\'1

\VRBR / \)
QO

. Match Input Output Cell
%

l‘\ l‘\

V \R /\ IR /\ )
QI RoeNeed

T

§

. Recurrent Cell

. Memory Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell

Kernel

O Convolution or Pool

http://www.asimovinstitute.org/neural-network-zoo/




Markov Chain (MC)

Hopfield Network (HN)

Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)

,.‘_ﬁff{:‘\, R7 T\ IR R\
P00, 0, 90y O

Deep Convolutional Network (DCN)

Generative Adversarial Network (GAN)

°9.9.9.9.9
S RLRIRLRILNT
"\ "\ "‘ l‘\

A A AV,

Deep Residual Network (DRN)

Rl

Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

R

Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

17
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[Rosenblatt 1958] RILYIUI Y
[Rumelhart, McClelland 1986] [Ackley, Hinton, Sejnowski 1985]
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2) Relu (Rectified Linear unit)
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National Astronomical Observatory of Japan
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6. AdS/CFTXILEEEFRE
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6. AdS/CFTXIIGk&EREFE
xOMBEIELE- EHAOERZAS
REDSRITTHEE FDAHS—I5EH
5 — / dnda/det g [(9,6)* — V()] 1500 10032
ds® = — f(n)dt® + dn® + g(n)(daf + - - + daj_,)
[ TR (n~o0) TAAS: [~ g~ exp[2n/L]
TIVIER—IL(n~0):  f~n? g~ const.
HEENSRROREEFNEORE 0V,

—iﬁﬁ( nr~o0): p=me "+ (py)e
RIAX (n~0) Tl 877¢|?7=0:O
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(1 + An)
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m(n+ An) =m(n) + An (h(n)ﬂ(n) —

N1 5 =0
N AR ) =0, fis g

o(n) + Anm(n)

5V(¢(n)))
6o (n)

Feedforward NN & IH




6. AdS/CFTXILEEEFRE
EFHF(QCD)DT—2TNNEEETESHES

10*0-epochs

0.10 15
Emergent metric
2? 0.08 10
2
© 0.06 o
A = 5
S 0.04 £
3
v 0.02 .
000000 0005 0010 > 5 10
quark mass [GeV] layer

It (ADS FF)1: 1/L=237(3)[MeV]
ANS—i5MOEEHEE : M/L=0.0127(6)
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6. AdS/CFTXIILEEEREE
FETCRIRLERZENNS, PELTHS

FECRIELFZE Cf) )kF'sﬁh\FEoT—H#W

1
(1 = z4dr* + dx? + ——dz”
1 —z4

Volume 72
\ factor \/ A
<€ i <€
1.0 0

[Andreev, Zakharov, 06, '07]
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6. AdS/CFTXILEEEFRE
B CAIRL-BENS. FELTHS

FEHCRIRLFZ DA—VRERTI vl

A
Volume
factor , i
® 7100
<n i Procedures =~ %
10 0 based on

[Maldacenal]
[Rey,Theisen,Yee] 08

=

[Petreczky, '10]
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