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Outline of the today’s talk

Complex systems from various fields

Bio-Networks
(drug-target)

Big-Data
(painting-arts)

Al
(stat physics)




SCIENCE NEWS

century was
ntering the
century of biology. What do you think of this?

A: I think the
next 21st century
will be
the century of

complexity.
>

My Research Interest: Understanding Complex Systems
with reasonable size
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Networks Part 0

Why networks?

Ubiquitous networks are all around us.

NETWORKS ARE EVERYW
from micro to macrg

We're living in a “connected worid”.



Diameter of the
World-Wide Web
Réka Albert, Hawoong Jeong, o
Albert-Laszlé Barabasi

Department of Physics, University of Notre Dame,

a
Notre Dame, Indiana 46556, USA s,

Error and attack tolerance
of complex networks

Reka Albert, Hawoong Jeong & Albert-Laszlo Barabasi

naware

The large-scale organization
of metabolic networks

H. Jeong*, B. Tombor+, R. Albert*, Z. N. Oltvait & A.-L. Barabasi* . v Y

Lethality and centrality in protein net orks

H. Jeong*, S. P. Masonf, A.-L. Barabasi*, Z.N. Oltvaif

Two types of network structure/topology

Bell Curve 18tri

Very many nodes
Most nodes have with only a few links

the same numbeyfo

odes with & links

A few hubs with
large number of links

Number of nodes with & IM

ighway connections
random/homogenious



HOW?
(1) The number of nodes (N) is NOT f#

Networks continuously expand by the
addition of new nodes

Examples:
WWW : addition of new documents
Citation : publication of new papers

(2) The attachment is NOT uniform.
(Rich gets Richer!!)

Anode is linked with higher probabilityt .- "
already has a large number of links.

10" il s

Examples : -
WWW : new documents link to well known ¢ 190° + P(k) ~k3
(CNN, YAHOO, NewYork Times, etc)

10*

Citation : well cited papers are more likely to e et

Continuum Theory

8k ki
oc IT(k;) = A Z K, ~o¢ . with initial condition kK, (t;)=m

t E;o‘ E )
k(1) = mﬁ A B

m?t m’t
P40 <K= Rl > ) ~1-R (= ) -1
b PO <k) _2mt 1 =
- P(k) = ok _m0+'[k3 “ ! 3

A.-L.Barabési, R. Albert and H. Jeong, Physica A 272, 173 (1999)



Networks Part 1

Applications in biology

GENOME

protein-gene
interactions

PROTEOME

protein-protein
interactions

METABOLISM
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Major goal of
pharmaceutical
bioinformatics

Developing computational tools

for

systematic in silico molecular
drug target identification

In the Targld project, new bioinformatics methods combine heterogeneous information in the
search for drug target proteins.

( Alergen ]

Macrophage/ 4O or
dendritic cell

Mucus plug

olojolo|o]o

0
\ Eosinophil /

10

Based on

molecular biology
information in
database
&
unstructured
information hidden in
the literature

ASTHMA

= \

Neutrophil

Epithelial shedding

Subepithelial

Mucus

hypersecretion Plasma leakage
Hyperplasia Edema
Vasodilatation
New vessels
(angiogenesis)
Airway
smooth muscle

S.W. Son, H.Jeong et al, J. Theo. Biology 252 722 (2008)

fibrosis

Fibroblast
Sensory nerve
activation

Cholinergic

reflex
Bronchoconstriction
Hypertrophy/hyperplasia

Subcutaneous layer



Asthma (related) network
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LITTLE PROBLEM!
MOST NETWORKS ARE NOT STATIC,
THEY'RE DYNAMIC!




Metabolic Engineering

o but dynamic!
=> l-» >

T REREeS

A7) = kaol0a][A7] — & [A] [P
- 2(2%[A']2 Pr] — k- [AP2]2>
4 s laT]lPe] & [4T][Ps] — keol02] [P

(Gl - ke

(Fla T 1P) - k4

;,Af"/\,‘ ( H/ \ "And that's why we need a computer.”

— Courtesy: Keck Graduate Institute
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The immediate goal is to identify the steady state of the system.




GLC
— No mutant constructed

No deletion mutant constructed; Insertion
mutant created with low frequency

——
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Folate
biosynthesis

Metabolite mass-flow
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Essential metabolites maintain their flux-
sums towards cellular robustness.

Attenuating such maintenance
suppresses the cell growth.

=> Multiple gene knockout/knockdown
around essential metabolites can be
applied for antimicrobial strategy.

PNAS (2008)

10



2 insilico analysis of
muatabolite essentiality

1 Functional genomics

Genome-wide Reconstruction
of E.coli Metabolic Network

=

E. coli Genome Dalabase #‘
| =

Computational
Modeling &
Simulation

P o in s_.'H-::o
Analyeie for Matabalite experiments
Essentiality

Uptake

Experimental
Analysis
Wet Multiple Gene Knock-put
axperiments ICultivation fer Strain
Davelopment

Validation & Verification

Target Metabolite & Gene Set

Prediction Tatrahydratoiate | purh | | fped - Observation

|‘w*“"t:."““‘ Ca am

Idertification of multiple

In vive assay of

4 candidate metabolites
and genes

Any real -~

Putative List Construction

appl ication? for Therapeutic Application PNAS (2008)

5

S.Y. Lee’s group (KAIST)

v' Gram-negative bacterium

v’ Biotype 1: predominant human
pathogens

v Typically found in estuarine
waters

v' Currently two strains’ genomes
sequenced: YJ016 (Chen et al.
Genome Res. 13, 2577-2587,
2003) and CMCP6 (not reported)

v' Genome size: 5.12 Mb
v’ Causing agent of septicemia,

necrotizing wound infection, and
gastroenteritis

11



Genome annotation data

““Literature

«*Chromosome Il
§ -

Experiments

=mseCONStraints-based flux
analysis for simulation and
drug targeting

List of removed metabolites

ADP, AKG, ALA, AMP, ATP, CO2, COA, CTP, FAD, GDP, GLN, GLU, GMP, GTP, METTHF, MTHF, NAD, NADH,
NADP, NADPH, NH3, OTHIO, PI, PYR, RTHIO, SAM, THF, UDP, UMP, UTP

Removing currency metabolites

163 2AG3PE, 2PCDPMDE, 3A20P, 3DDAH7P, 3PSME, 4PPNCYS, 4PPNTE, 4PPNTO, A6RP, AGRPSP, ABRP5P2,
ADCHOR, ADPDGDMHEP, ADPG, ADPHEP, AGL3P, ALAALA, CAV, CDPMDE, D6RP5P, D8RL, DAPIM, DB4P,
DGDMH17BP, DGDMH1P, DGDMH7P, DHP, DHPANT, DHPT, DMPP, DNA, DPCOA, DQT, DTDP, ER4P, FPP,
i i i GGPP, GPP, HEPPP, HMB4PP, HPPP, IASP, ICHOR, LPS, MALCOA, MDE4P, MDECPP, NAAD, OHB, OSB,
Removmg metab9|ltes ha\{lng a OSBCOA, PA, PANT, PEPTIDO, PGP, PHOSPHOLIPID, PNTO, PPEPTIDO, PPPP, PROTEIN, QA, RIBFLAY,
single consuming reaction RNA, SAOPIM, SDAPIM, SHCHC, SME, SME3P, TDHDP, UDCP, UDCPP, UDPMNLADGMD,
UDPMNLADGMDDADA, UDPNAGEP, UDPNAM, UDPNAMA, UDPNAMAG, UPPMN(GN)LADGMDDADA,
82 UPPMN(GN)LADGNMD(G)SDADA, UPPMN(GN)LADGNMDDADA, UPPMNLADGMDDADA
Removing metabolites present in ACACP, ACCOA, ACP, AHTD, ARG, ASN, ASP, C120ACP, C140ACP, C150ACP, C160ACP, C161ACP,
human metabolism CI80ACP, C181ACP, CDPDG, CYS, DALA, DATP, DCTP, DGTP, DHAP, DHF, DTMP, DTTP, E4P, F6P, FMN,
FUM, G1P, G3P, G6P, GL3P, GLY, GLYCOGEN, HIS, ILE, IPP, LEU, LYS, MALACP, MET, NACN, OBUT, OIVAL,
P5P, PE, PEP, PG, PHE, PPACOA, PRO, PRPP, PS, PYRDX, RSP, RL5P, S7P, SER, SUCCOA, THR, TRP, TYR,
16 UDPG, UDPNAG, VAL, bALA

Removing metabolites
associated with enzymes ASPSA, CHOR, DHN, DHSK, DMK, MDAPIM, MK, MKH2, OPP, PHT, PPAACP
homologous to human proteins

5

12



5 essential

> 170,000 chemical compounds from

Korea Chemical Bank

Simulation-assisted
pre-selection

%2-*'

\ -
! - A
- . n
- i ssen\'\a\'\ty S\W‘“‘a“o 352 chemical analogs selected from
Metabolite © essential metabolites for screening
High-throughput
screening

Genome-scale metabolic network
» 672 genes
* 943 reactions

« 765 metabolites Potent chemical analogs screened

ghaolgtEcW
Korea Chemical Bank

CH

1 o}

z > 170,000 chemical HQCM_%_OH

P compounds O oM ow

o OH 1-Deoxy-D-xylulose

2,3-Dihydrodipicolinate 5-phosphate (DX5P)
(DHDP)

4 43 chemical analogs
14 chemical analogs 9

o o Meta%iite HOY@/”“Z
Ho - on essentiality i
NH,

4-Aminobenzoate
(PABA)

NN, _NH: 133 chemical analogs
OH

2-Amino-4-hydroxy-6-hydroxymethyl-
7,8-dihydropteridine (AHHMP)

74 chemical analogs

D-Glutamate
88 chemical analogs

13



Final ‘hit’, the most potent analog

Growth Inhibition

9 » o
\07 2 ~——4ug/ml
1 ~——2ugiml
0. el HO. —1ugimi
N
I 08
o o o} §
% 0
24837 4-Aminobenzoate g"
(Chemical analog) (PABA, metabolite) 044
02

Compound ID  MIC (ug/ml)  MBC (ug/ml)

L} 5 1‘0 15 20
24837 2 4 Tmeih)

*MIC: minimal inhibitory concentration
*MBC: minimal bactericidal concentration

Final essential metabolites of A. baumannii AYE

ABAYE1418 OR . . 2 4-hydroxy-6
AHHMP ABAYE3176 Folate biosynthesis 2763 pyrophosphokinase
ABAYEO0807 OR
ABAYE3568 OR 4 q o
ABAYE3612 OR Folate biosynthesis 25.1.15 dihydropteroate syr
ABAYE3616
ABAYE0082 OR " .
DGLU ABAYE3395 D- and D- 5113
ABAYE3524 Peptidoglycan biosynthesis .3.28 2 D-glutamate ligase
DHDP ABAYE0036 Lysine biosynthesis
DHP ABAYE1417 Folate biosynthesis
ABAYEO0811 Folate biosynthesis
ABAYE1539 OR " "
DHSK ABAYE1682 Phenylalanine, tyrosine and
ABAYEO0377
ABAYE1685 a e
ABAYE1683 F oshikimate dehydratase
DX5P ~deoxy-D-xylulose-5-phosphate reductoisomerase

pyridoxine 5-phosphate synthase

3-dehydroquinate dehydratase II;

catabolic 3-dehydroquinate dehydratase
(3-dehydroquinase)

1.1.99.25 quinate/shikimate dehydrogenase

2.7.7.38 3-deoxy-manno- il

Hypothetical reaction that consumes KDO to genera

4.2.1.10

biosynthesis 25 dihydropteroate synthase

AHHMP, 2-Amino-4-hydroxy-6- ine; DGLU, D ; DHDP, 2,3-Dil DHP, 2-Amino-4-hydroxy-6-(D-erythro-1,2,3-
i 1)-7 8-dihy i i 3.
y

8-dihy ipi
DHSK, 3-Dehydroshikimate; DX5P, 1-Deoxy-D-xylulose 5 DQT, 3-D KDO, 2-Dehyd

ydroxypropyl)-7,
octonate; PABA, 4-Aminobenzoate.

Kim et al. Mol. BioSyst., 6, 339-348 (2010)



Data Part 0

Why big-data?

15



Understanding Society is difficult,
because Everybody Lies...

e US Univ. of Maryland survey
— Graduate with GPA below 2.57?
Survey : 2%
— Did you donate to school last year?
Survey : 44%

* 40% Engineers said they are in top 5%

* 90% Professors say they work above-average

(..Don’t trust your professor ©)
(Social Desirability Bias)

“Everybody lies” by Seth SD (2017)

Everybody Lies...

* Survey in United States
— Female sex freq = 1/week, co

— Male sex freq = 1. 5//9%*

o

“Everybody lies” by Seth SD (2017)

16



Two different kinds of husband?

My husband is

The best
My best friend
Amazing

The greatest

(from Social Media Eostinr)
“Everybody lies” by Seth SD (2017)

Go Google

my wife is my husband is |

my wife is crazy my husband is gay

my wife is cheating on me my husband is selfish

my wife is lazy my husband is mean

my wife is a mermaid my husband is depressed

I'm Feeling Lucky

Repo

Google S§f g |
‘, ° :’

17



Google has lots of good & reliable data!!

GoogleTrends B4

C] Search interest in DIET peaks at every January!

HAA - 2004- 8474 ¥ QEFERE - EETR

Azt S B0 w2 Byl wo o o<

STy

31

People don't lie when they search... Do you?

© Google

= Google Arts & Culture

o4

GOOGLE ART PROJECT

A8 HE

S R0l ZPE AAUE A3 7| E= Google O

Reginald Mitchell

18



Data Part 1

Arts and big-data

Can we analyze the arts

SCIENTIFIC I
REPg}RTS

SUBJECT AREAS:
SCENTRC DaTA

Sncsived
13 Jonary 014
Accapted

24 Sopherbns 2014

Publnbed
11 Ducember 2014

Cormspordunce avd

with data-science?

Large-Scale Quantitative Anal
Painting Arts

Daniel Kim', Seung-Woo Scn’ & Hawoong Jeong™*

Onperteat o P, kv Advamcd
e nd Tachackgy,Oo

gy, Cospon 305701, ovee, thata b Came b Tacrs

e sl e of s ey e oo e it o ke
LGence. chaiques, we

The wiuge of individoul colurs, the vaicy of color, and the reughncs of A
e mdieal perod. eresing, movesr. G o reca f toughoc

o
X-axis (px)

Submit  About Contact

PNAS

Joumnal Club  Subscribe

Proceedings of the
National Academy of Sciences
of the United States of America

Dissecting landscape art history with

information theory

Byunghwee Lee": Mm Kyung Seo"', Daniel Kim*
and Seung Kee Han!

“Department of Physics, Korea Advanced Institute of Science and

seob Shin"®, Maxi

nology. Daejeon 34141, Korea; *Department of Physics, Chungbuk N

ian Schich™*, Hawoong Jeong™'?

Univeri Cheongiu, Chungchungbuk do 28644 Kore; Deprtment of Digfal,Werck Sha and Dohme Korea Seoul 0463, Kare: ¢Cutural Data

Analytics, Tallinn University, Talinn 10120, Estonia; “Edith O'DonnellInstitute for Art History, The University of T
"The Asia Pacfic Center for Theoretical Physics, Pohang, Gyeongsangbuk-do 37673, Kores

review June 10, 2020

Edited by Matjat Perc, University of Maribor, Maribo, Slovenis, and accepted by Edit
]

Painting has played a major role in human expression, evolving
subject to a complex interplay of representational conventions,
social interactions, and a process of historization. From individual
Gusbative work of at hstorians smerges 8 matanarrative that
difficult to evaluate in its validity regarding emergent
arosoplc aad mdartig m.ammp.( dynamics. The full scope
of granular data, the summary sta thy.

ir bias simply lie beyond the mqmlwe limit of individual quali-

scholarship. Yet, a
is still lacking, driven by a lack of data and a persistent domi-
nance of qualitative scholarship in art history. Here, we show that
quantitative analyses of creative processes in landscape paint
Ing can shed Rght, provide o systemaric verificeton. snd allow
for questioning Using
ical benchmark dataset of 14,912 landscape paintings, covering
a period from the Western renaissance to contemporary art, we
systematically analyze the evolution of compositional proportion
via a si

that captures iterations of (M dominant horizontal and i

ias, Richardsion, TX 75044; and

ial Board Member Herbert Levine August 25, 2020 (received

formalist analyses fell out of fashion. Meanwhile, only 4 few
large quantitative and macroscopic studies on the spatial com.
position of paintings have been presented so far. Addressing an
open challenge, this study de ntitative framework o
answer two long-standing questions (11, 12): “Are there cultur
ally and temporally transcendent design principles in painting”.
and “How do such organizing principles evolve over time?
Thanks to the recent proliferation of unprecedented num-
-scale digital scans of pummb (13-15),researchers
ble to develop and apply ive and statisti
) etk 45 syt gt st mmrvhn\nmmx qualitative
research both v

elops a g

istical properties of paintings such as
the tractal dimeasion the Fouric power spectrum, and fre
quency diusibutions i colo space (17-21). Moreover, recent

we becn applicd to quantify the unlulmn
nd u,nmu enticate
0 Gilemats Creation et (262 5 fopradhacs Charictariiog

of antistic \m

ve

Kores, 2Nsturss
o Kevea

cpeeaon o
shang,

e Tecnnology
orea. 8 Saisbusy
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Simple Question

with long history...

Are there certain |:|

people |:|

prefer over others? I:l

B. Lee, M.K. Seo, D. Kim, I.-s. Shin, M. Schich, H. Jeong, and, S.
Han, "Dissecting landscape art history with information theory",
Proc. Nat. Acad. Sci. USA (2020)

Debates
Aesthetic Preference on the Golden Ratio

‘Extreme and mean ratio’

a b

= 1.618 033 ...

20



Debates
Aesthetic Preference on the Golden Ratio

a b
UETE™=1095> el S S, o
a+b
a
=2 _=1—d~ 0,382
—
+b

)

a

Debates: The divine proportion

1509 ltalian Mathematician.
Fra Luca Bartolomeo de Pacioli

1618




Designed golden-ratio

FURNITURE

[3] Golden ratio: Renaissance and Baroque style furniture

Jung (2007)

Previous attempts

Gustav Fechner
1801~1887

' moapd0s06L

Fechner’s experiment, 347 responses
The Rectangle Is Still Golden, Huffpost

Empirical experiments continued

Fechner (1876, 1871) Nienstedt&Ross (1951)
Lalo (1908) Eysenck & Tunstall (1968)
Weber (1931) Godkewitsch (1974)

Thompson (1946) Piehl (1978)

I. C. McManus (1980)

c.f.) Little different
survey result
in Asia

22


https://www.youtube.com/watch?v=RqqErDSLtwE

Limitations

1. Usually such as rectangles or

characters
- hard to apply to real artworks in the past

2. Selective and measurements in real
artworks
- often not reproducible

samples with -based experiments

Our goal is

1. A framework for assessing
proportion in real artworks

2. chosen ratio by artists not by
passive respondents

3. Apply to real artworks
(Especially landscape paintings)

23



Method — Information theoretic approach
Rigau et al.'s (2008) image Color palette information

partitioning process H(C) = _Z P(c) log, P(c)
_a _282_0712 cec
T T
Mapping the color set Cto set R
" regions in an image,
E a =282 The conditional entropy
o
§ H(C|R) = — Z P(c, 1) log, P(c|r)
CeC,TER
b =114
I(C,R) = H(C) — H(C|R)
08|  Horzona Compositional information
0.20
n n
;‘“5 I(C,R) = H(Z m; c,-) —ZmH(Ci,n-)
= 0.10 =i =
0.05
o0 H(Cr) = ). P(elr)log, P(clry)

Pixel CEC;

Detecting composition and compositional ratio of a painting

Rigau et al.'s image partitioning method

Dissection Ratio
a 227 MAX INFO!

T=gvh 373 0608 i i ; NE i
2
SR | |
i A § = Hoyizontal
a o2 Vertical
o
; S o1
-
b
= o 0.0 ~r
500 pixels 0 100 200 300 400 500
Pixels
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Method improvement
Shin et al.’s Line-updating bi-partitioning
(LUB) algorithm (2013, New Physics: Sae Mulli)

@ k(b) r )
""""" Jk+1  Few days — ~1 Hour
For typical(~10° pixels) paintings
r I':
H(C,r}) = A-lfjl”l{"”) -z L ] ]“““"'A-A%l

{ N(e) + n(e) N(e) +n(e)

N(e) N(ec)
log, = G log,
Zs Lo(k+1) 02 La(k+1) ( ,Z Ta(EFD)- > Dk 11)
n(c) n(c)
> —1o
< Lo(k+1)
ceC

B2 T (k+1)

i =/ L, —k L, —k
H(C,15) 2 H(C,r2) Y log, .
ik L,—(k+1) ) S ) e i = (e,

N(c) — n(e) N(c) —n(c) ( N(c) N(c) )
logy log,
{ Z L(L,—(k+1) B L(L,—(k+1) \ Z Lo(L,—(k+1)) 27

Z n(c) ) n(c)
Lo(Ly —(k+1))
ceC

“Le(Ly—(k+1))

o (8
82 (L, — (k+1) )
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Data: Landscape Paintings

[ =
= Ao
s s
A G I
Web Gallery of Art (WGA) WIKIART (WA)
Ji
WEB GALLERY 3,610 i
oE AR paintings Removal of 949 i e e
overlapping paintings
. WI KIART 12,430 15,092 paintings

aintings
P J (1,483 Artists)

Definition: Partition Direction and Proportion r,

Direction: Horizontal (H) Vertical (V)

Proportion:r¢ = P

Proportion = 0.220

LM e T Vi
0.418 0.509 0.644
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Results

Characteristics of Landscape Paintings
Early partitions are meaningful

Abstract painting

3

Percentage (%)

P(re)

Landscape Abstract

0.9 0
08 ®  Horizontal (H) 08 *  Horizontal (H)
*  Vertical (V) *  Vertical (V)

07 o7
Zo6 Zo06
3 5
Sost- Sos
204 E 0.4

03 0.3

02 02

014y 01

10° 10' 10° 10° 10" 10°
Partition step Partition step
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Characteristics of Landscape Paintings
Universally preferred composition in landscape paintings

H-H H-V Landscape

.................... ; |
Eﬁé'o"
: fooo
V-H vy /#a

............ ! ‘w/v?,}va s

O it ¥

HH > HV > VH > VV for top 20 nationalities based on number of paintings

o
o

Praportion
=] i=]
] N
[——
e =
[——
o
[
& =
[
]
[
[
[—
—
-
<<ITI

ul =8 =0 =0 B » ml ul =0 B -
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f & FF 8 FrFg g g Fasge
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Characteristics of Landscape Paintings
Typical compositional ratio used in landscape painting

5 \
3

UOZ

z

oo 15t partion positon: H oo Frogner Manor (1842)
Johan Christian Dahl

k=
5
g
o
&

[ee

%800 025 050 075 100
i ition: H

5
8
2

0800 025 050 075 1nu

Haystack (1865)
Claude Monet

Vesuvius from Portici (1785)
Joseph Wright

%800 025 050 075 100
itiol

View of Lake Nemi (1790)
Nicolas-Didier Bouguet
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Coming back to our main question

Let’s focus on first horizontal partition proportion

Unvarying distribution

a a over time?
Tc = .
““a+b p Preference on golden section?
rcza_l_b:cl)or(p?

P(e)-

Result: The dominant horizon evolves systematically in landscape art history

A B
Year Conventional style periads Individuals

sssssss
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Temporal change in preferred compositional proportion
Proportion preference has been continually changed

1 Barogue (1650)

1
3¢ 3 S o)

13

Northern Renaissance (1540) - v
Baroque (1656)

Rococo (1760} -
Neoclassicism (1797) -
Romanticism (1845) -
Luminism (1864) |

Realism (1881) -|

Tonalism (1885) -

Pointillism (18989) -
Impressionism (1900) |
Divisionism (1905) -|
Symbolism (1906) |
Neo-Romanticism (1915) o

Art Nouveau (Modern) (1919) -
American Realism (1821) |
Post-Impressicnism (1922) |
Cubism (1924) +

Fauvism (1927) -

Naive Art (Primitivism) (1936) -|
Precisionism (1937) -
Expressionism (1839) -
Surrealism (1957) |

Magic Realism (1859) -

Romanticism {1845}
(1609 painfings)

Probability density

e
§
E
B

(2822 paint

Artistic styles

To=1-"
~0.382

ol 0z as ors 1M

Probabilty density

e
B
E
B

Pastimpressionism (1917) Expressionism (1330}
{1034 paintings) (855 paintings)

Probasility density

R

1/3

Who loved to use the golden section the most?
Claude Lorrain (1600-1682, France) favored @ (0.618) the most

Claude Lorrain
. n

Johan Hendrik

James Webb
Francesco Guardi

Go gle claude lorrain B = L Q

Mikalojus Ciurlionis — Clau‘dﬁ3 knrram
Canaletto —
Caspar David Friedrich é 04
David Cox m 203
go2
Wiliam Turner m S0

Fyodor Vasilyev 00 02 04 06 08 10
Partition proportion

David Johnson
Volodymyr Oriovsky
Joseph Wright

Jan Van Goyen

Georgia O Keeffe

Pierre Bonnard
Konstantinos Maleas
Winston Churchill
Charles Francois Daubigny
Ivan Aivazovsky

Felix Vallotton
Clarence Gagnon

John Henry Twachtman
Claude Monet

Albert Bierstadt

Vincent Van Gogh
Byalynitskiy Birulya
Guy Rose

LA NRRN]]
B

Thomas Moran
000 005

015 020 025 030
P(®+0.025)
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Short summary on Golden ratio...

1. Developed a systematic framework for assessing
compositional proportion

2. Found typical composition in landscape paintings

3. Proportion preference continuously changed over
art history moving toward ~1/3

4. The to be most preferred
proportion artistic periods and of
“some” artists.

B. Lee, M.K. Seo, D. Kim, I.-s. Shin, M. Schich, H. Jeong, and, S. Han,
"Dissecting landscape art history with information theory",
Proc. Nat. Acad. Sci. USA (2020)

Combining Data together
with network can do many things!




Rumor and Truth spreading pattern on SNS

o} i d% VW

> @o ey -

At SLANSS
g s /‘( ‘R \
| ST . N ¥ "\\

(a) Bigfoot (rumor) (b) Summize (non-rumor)
Data: 100 case studies on Twitter from 2006 to 2009

Rumor and Non-Rumor show different spreading pattern = can be predicted ~90%
Conclusion: Not early detection, but after some period, we can distinguish them!

© M.Y. Cha (KAIST) IEEE International Conference on Data Mining (2013)

Al part 0

Why Al?

Network + Data = Deep Learning
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D B bl

Google DeepMind

RL policy network Value network

HIOMIBU [BINBN

X
ALL)SYSTF’ %gég

< @ Human expert positions

eleq

Self-play positions

2016/03/08 e e e

Introduction |
| The big question &, B '

[0 A road to machine scientists (automated science)

> Can machine replace human components from science?

> Can machine discover scientific concepts without human?

[1 Can machine (Deep Learning) achieve
. scientific discovery aufomatically?
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Introduction

IThe answer is; (partially) yes!

O Directly finding scientific concepts from large-scale data

Searching high-energy particles (CNN) Physics-Informed NN (PINN)

Schwartz, M. D. (2021). Modern machine learning and particle physics. arXiv preprint arXiv:2103.12226. Peng, G. C., Alber, M., Buganza Tepole, A., Cannon, W.R., De, S., Dura-Bemal, S., ... & Kuhl, E. (2021). Mulliscale modeling
meels machine learming: What can we leam?. Archives of Computational Methods in Engineering, 28(3), 1017-1037.

O Providing scientific insights from the black-box result

o 59090

Graph input Graph network Mobility predictions

Understanding Glass systems(GNN) Plasma control in tokamak (RL)

Bapst, V., Keck, T., Grabska-Barwiriska, A., Donner, C.. Cubi

uk, €. D., Schoenholz, S. S., .. & Ko, P. (2020). Degrave, J., Felci, F., Buchi, J., Neunert, M., Tracey, B., Carpanese, F., .. & Riedmiller, M. (2022)
Unveiling the predictive power of static structure in glassy systems. Nature Physics, 16(4), 448-454. deep

).
Nature, 602(7897), 414-419.

Overview

| Central question

“What scientific concepts in complex systems
are automatically learnable via deep learning?”



Overview

| Central question '

“What scientific concepts in complex systems
are automatically learnable via deep learning?”

Conserved quantity Interaction function in
hidden in trajectory data complex systems

@

C
- @

Al part 1

Discovering conservation laws
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Introduction

|Conservation laws and Symmetries

O Conservation laws
> Many systems in nature possess conservation laws.

> Invariants are values that do not change during the system’s transition.

i A — A-VfFt)
% ) 1Of(7 )
¢ = 9o+ ——
' ' c Ot
. he
f@) = A
Angular momentum conservation Lorentz invariance Gauge Orbit

O Invariants < Symmetry
> In a physical system, Noether’s theorem states that every conservation law has
a corresponding symmetry.
» By investigating invariants in the system, one can get rich information about
the structural symmetries and low-dimensional embedding of system dynamics.

> But... now there is too many data!

Method
| How can we find a conserved quantity?

O Attempts to automatically discover conservation laws

Interpretation Bottleneck

> Limitations on data conditions or limited to find # of conservation law only.
Energy

®
Angular Momentum | ) 3
SpaceTime interv! question ! [ @
. Algebra| —— et) [Ed
Cayer | lLoss] ) S © i ag
' @ e
Label ST

“Discovering Symmetry Invariants "Discovering Physical Concepts with “Machine learning conservation
Interpreting SNN” (PRR, 2020) Neural Networks” (PRL, 2020) laws from trajectories” (PRL, 2021)

> How can we find the angular momentum in the real Copernicus case?

& (<
it °
. . 5
Group 1 Group 2 Group 3
& C <
oo 0@ (X, y,vxrvy)
X1j X2j X3j
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Method
I Main goal
O Two criteria for conserved quantity among the group

> 1) The model output from the same group should be equal in the ideal case,

or at least its deviation Var (Fg(x,-,-)) should be minimized.

> 2) The model output should produce a ground-truth invariant,

or at least a value strongly correlated with the true invariant C.

(.Y, V2, 1)
Group 1 6
e O O ) ;
Group 2 ixi ? 2 ‘P‘. ~
C‘ y .T/:/ﬁ. RN (uuj 0 o
N2 lIIII.I /XN 7 ll.l." P
vx .@. "FG’ (xij) _2 “’«’ c
Group 3 / \ /
"] _ °
‘ii’ J"I'KZAAA'I' 4 ,i.p';;;
-5 0 5
C

Fo(x,y,Vx,Vy) = XUy, — YUy

A

Method
| Intuition for NV loss ] 1(x'wx'vy>
roup
O Naive loss for ConservNet @

> If the invariant function V exist, then data points in each group satisfies V(x;;) =

C;, thus, the following loss Ly4ie Will find such function V. l

ith group, jth element
Lpgive = Zi Var (FH (xij))

> But this is very loose condition, since a simple constant function will easily satisfy

it. 6 .
z ° o0 o °
Fy (xl.j) =2 < : Var(fg (?2 =0
2 or

a°e

Group Variation should decrease only forD Avoid trivial
trajectory data, not for random value! void trivial convergence
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Method
I Intuition for NV Loss

O Spreader for prohibit trivial convergence

> This is the reason we should spread the output from noised input,

Fo(xi; + &;), by fixing its variance to at least Q with loss |Q — Var (Fg(xij + sij))|.

{ ConservNet |
Fo(xij + &) 1
FG(X”?/ \ g~U,D, c~U(0,R2)
Decrease variation Increase variation of gj = Cj” , [[sij] <1=R
r, Of data outputs noised outputs llegil,
0
Fy
i :$t t
IR AT e
L | :
T T X i 1 Xij &

Noise-Variance (NV) Loss

. Lzzvar(Fe(xij))+|Q = Var (Fo(xy + &)

Method
| Neural architecture
O Simple MLP
>  We employ MLP of 3 hidden layers and width of 120 (Adam, Ir=1e-5)

> This (relatively) shallow network was enough for all the results.

> At every batch, we feed a single group of datapoints with newly sampled noise.

(%, ¥, v, vy)

C o —~VL(Fy(x) ZV (Fa i) + |@ = var (Fo s + &)
Decrease variation Increase variation of
F, Of data outputs noised outputs

11 ! ? K t

2
; / I *T I i H |
A4 % l Xij+ &
k —Fg(.ﬁ’ Fo(xij + &)




Materials

| Model systems

3
Synthetic
models

2
Physical
models

1
Real world
system

>
>

>

Materials

| Model systems

3
Synthetic
models

2
Physical
models

1
Real world
system

>
>

>

System Invariant formula

S1 C =z —2x213 + S:CZ

s2 C =3z1 + 2sin(z2) + \/|z1|xd
S3 C =2z122 — (In(|lz1 + 23]) — z4) /23
Lotka—Volterra C=aln(z) + dln(y) — Bz —~yy

C1 = zvy — Yoo
Kepler problem Cy = %m(vi 4 vj) _ GI\:'m

Cy =p x L —mkr

Cideal = L?(Tﬂl + Tflg)wz — TR2L§w2

Double pendulum +2myme L Lowwsz cos(fy — 62)

(experiment) —2gL1(m1 + mz2) cos(01) — 2gma Lo cos(62)

We use total six systems for verify performances of our model.
ConservNet is trained and tested for 20 batches of 100 points each. (20, 100)

For double pendulum, the data is collected from motion tracking system.

Schmidt, M., & Lipson, H. (2009). Distilling free-form natural laws from
experimental data. science, 324(5923), 81-85.

System

L
Cideal — Loy \fity T Hieg )™ oLy

Double pendulum +2mama L1 Lowiws cos(01 — 02)

(experiment) —2gLi(m1 + mz) cos(61) — 2gma L2 cos(f2)

We use total six systems for verify performances of our model.
ConservNet is trained and tested for 20 batches of 100 points each. (20, 100)

For double pendulum, the data is collected from motion tracking system.
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Result

| Loss without spreader term

Lnaive = X Var (Fg(xij)) /

1.0 —mmmmmmmmmm oo 1 .
0.8 01 ° -'/’!,
' —— Train loss . _': 1
-4 . ;
——— Test loss 0292
. 0.6] . N’
) —— Correlation (p) W 21 1
< —— Mean s.d. (6) w Jl 1
0.4 -31 i
] H
) °, :
_4- )
¥
_5.
0 5000 10000 15000 20000 —4 -2 0
Training epoch C

» Without spreader, naive loss function falls into trivial convergence and

shows poor performance.

Result
|Training results

aFg+b

-4

-6 ™ ™ T T T
1 2 3 4 5 6 7 8 9 10
Group Number




Result

|Correlation between invariant and model output

a) 6
@ s1 o s2 : S3 o
4 ,g o em 4 ool
0
2 ‘-'. 3 . A S
© - g £ < ¢ Y ﬁ .
w0 e wo-2 i o < 2 oy ;P -
s i %o
-2 ..#‘ oot : P!
o -4 f 11
-4 f' R? = 0.9994 R? = 0.9919 e R? = 0.9866
-5 0 5 -4 -2 0 0 2 4
< c ) — c
Lotka-Volterra Kepler ’
=1 08 _
0 —— Train loss
06 —— Test loss
{ ye =R —— Correlation (p)
g /g" a0 e < —— Mean s.d. (9)
N ® 1 ’/ 0.4
¥ -~
R% =0.9918 . R2 = 0.9974 oo
1 0 Y Iy 3 ) 5000 10600 15000
c I Training epoch

» ConservNet output shows nearly linear relationship with true invariants.

> During its training, correlation increases while standard deviation decreases.

Result
| Real double pendulum

Cigear = L3(my + mp)w? + myL3w? 0
+2mymyLiLyw, w, cos(8; — 6,)
—2gL(my + mp)cos(8;) — 2gmyLycos(B;)  frmmmemmmammmmmmmiess

o)
w -2 6 S
_ —— Fa(x) h
“= Fo(x +6) e

5.5 6.0
217N -~
0 RN e
© BN
—oa N
— o
-2 9i+61
62+ 62
5.5 6.0 6.5 7.0 7.5 8.0
Time (s)

> In real DP case, there are only one group of data (with ~700 data points).
» After training, the model output becomes constant for true trajectory,

but not for perturbed trajectories.
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Conclusion

ISummary

O Automated discovery of scientific concepts

> We propose a neural network to extract conserved quantity from data without

any domain knowledge with high robustness.

Its output can be further inspected with various techniques such as cross-section

investigation and symbolic regression.

Beyond classical ‘invariant, one can capture any non-autonomous system

dynamics by standardize its governing equation to f(%,x, V1, V2, ----)’n) =0.

Discovering invariants via machine learning

Seungwoong Ha and Hawoong Jeong
Phys. Rev. Research 3, L042035 — Published 9 December 2021

(Physical Review Research, 3(4), L042035.)

Overview

| Central question

“What scientific concepts in complex systems
are automatically learnable via deep learning?”

Conserved
quantity
hidden in raw data

Interaction function in
complex systems

P ad

e C
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Al part 2

Unraveling hidden interactions

Introduction

| Main question

* How can one figure out the ‘Individual’ reacts to other by simply
observing the data from these complex collective phenomenon...

+ ... with minimum prior assumption to the system?
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Introduction

|Main question

O Data-driven modeling
> If we cannot pose strict restriction to model, model itself should be #exible
enough to represent all the possible functional form.
> Neural network excels at approximate (almost) arbitrary functions.

> Let the Neural Network learns interaction from data!

aif-finder.con e

Observe real system
k Neural network prediction E ?[ Model construction

Method ‘
| Main contribution

O We propose ‘AgentNet’, unified framework of neural network to

disentangle the decision rule of single agent from complex system.

O AgentNet approximates the transition function of single agent

with objective of predicting agent's state in future.

O AgentNet showed great performance in terms of predicting state

transition and identifying variable-wise interaction range/strength.
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Method
INeuraI interaction network

State )H’
X, Y52, Uy, Vy, Uy Tray

t=T

A

Method
|Neura| interaction network

State ’4—}’ Up?ated 5‘_’,
state

t=T t=T+1
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Method

IAttention mechanism '

- My state  Key : Receiver  Query : Sender

EEEEE
ok EEEEE

NN
\‘ (LT

»

A

Method ‘
|Attention mechanism

Attention for you =f ( My receiver , Your sender)

Attention

“t -
“
D o

I : My state  Key : Receiver  Query : Sender



Method
IAttention mechanism

New state = f ( My state, Z(Attention x

Concatenate

» 0

If m\Aftention
NN LLLLILI W11

(LT
Attention +

¥
; LI W11

A

))

New state

NN (ITTT]

b 2

I : My state  Key : Receiver  Query : Sender

Method
|Variab|e attention mechanism

Encoder Age ntNet ®

T35 e | 2
<’ XD

EEOO-> « BExOIm
Variable-wise @' OXO11]
Neural Attention a;’;“DXEEEEI

(Separated)

Variable-wise
\ Decoder

N
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Method

IVariabIe attention mechanism '

ExCader AgentNet

(Separated)

Variable-wise
\ Decoder

Variable-wise
Neural Attention

[1 Separate attention for each state variable!

A

Method ‘
| Problem formulation

Complex system

LGN

oo ki (1) Aware of neighbors  (2) Consider strength  (3) Get influenced (4) Decide transition

sf=f (ZZ w{‘: y}),h\ﬂf et
i* q £ b &

% % - A t
AgentNet ® -
o ST 5] (Separated)
af F Vanah\e wise
kf I Damder (Ax Ay A! Ao,
[E7]

lMLP e
=s'+Ast

. -xm ~5

BEEDO—> .XI:EED

Variable-wise ~ “/

k]
I’r Neural Attention “‘ DXD:ED
j




Result

| # Chimney swift flock

O Bird flock data
> 3d trajectories of ~1600 chimney swifts.

» Generally, turns around the chimney.

> This flock data can be modeled as dynamic graph.

<7 approximate
recording volume
833000 m?

3 Q typical flock
flight pattern

"1 chimney
parking deck
DSLR cameras
9.0 m baseline

Evangelista, Dennis J., et al. “Three-dimensional trajectories and network analyses of group behaviour within chimney swift flocks
during approaches to the roost.” Proceedings of the Royal Society B: Biological Sciences 284.1849 (2017): 20162602.

Result

| # Chimney swift flock

O Bird flock data

49



Result

| # Chimney swift flock

Complex system

— MY —

(2)Consider stiength ~ (3) Getinfluenced  (4) Decide transition

£l
oM s;

> O

oo (1) Aware of neighbors

B S S 0 0 I~
w g' (Agentugt e) ﬁ}

(Separated) .
@ 63 @ Variable-wise As
1 z Decoder (Ax, Ay, Av,, Avy)
lMLP i (o o 4@ S ol L At
< @I

-- J— « EXOID
Variable-wise =" EIXEC]
Neural Attention "0

[»] Bird Flock data learning and simulation

Chimney swift flock simulation

naive LSTM AgentNet

KAIST CSSPL



Result

| #4. Chimney swift flock

O Analysis result
A

0 Linear(a0E)
50 Uinear(FDE)
-8 LsTHIADE)
& LSTM(FDE)

Attention Velocity correlation

GAT(FOE)
GAT3+(ADE)
GAT34{FDE) &

@~ AgentNet(ADE) e

A Agenet(FDE)

xy-plane

Displacement Error (m)

Attention

xz-plane

~ -
4.0e-01 6.0e-01

O Interaction range is different from correlation!

Discussion

|Summary

O Neural network to aid system modeling
> We have demonstrated the capability of AgentNet, unified framework of neural
network based on Interaction Network with attention mechanism that can be
applied to virtually any agent-based system.
> This Data-driven approaches helps analytic modeling.

> See the unknown interaction via variable-wise attention visualization.

Article | Open Access | Published: 17 June 2021

Unraveling hidden interactions in complex systems
with deep learning

! g Ha & Hawoong Jeong

(Scientific reports, 11(1), 1-13)
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Recent works

Interaction Rule :

spring ('
,/ \ - %?

General rule
depends on
hidden connection

Relational Attentive Inference Network (RAIN) to infer continuously
weighted interaction graphs without any ground truth interaction
strengths + Pairwise Attention (PA)

S. Ha, H. Jeong “Learning Heterogeneous Interaction Strengths
by Trajectory Prediction with Graph Neural Network”, ICLR (2023)

(A)

10~

-1.0

MSE

1072
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