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The whole is more than the sum
of its parts

Aristotle Metaphysica 1045a

Gregoire Nicolis (1929-2018) in his study room at ULB — CeNoLi circa 2015



Gregoire’s Nicolis Academic ‘Family’ Tree

Poincaré, Henri De Donder, Théophile |lya Prigogine

(1854 - 1912) Ernest (1872-1957) (1917-2004)
ggﬁjﬁm ‘Brussels School of ‘Brussels School of
3-Body-)F/>rob|em Thermodynamics’ Thermodynamics’
Philosophy of Science Chemical Affinity, Chemical Affinity,

Irreversibility ... Irreversibility ...



Gregoire Nicolis’ Enconium & Heritage:

Open Systems & the 2nd Law of Thermodynamics
Dissipative Structures

Bifurcations & Chaos

Self-Organization & Pattern Formation

Constructive Role of Fluctuations & Chaos
(+ Stochastic Resonance)

Self-reference & Nonlinear Feedback

Information Dynamics
(+ Entropy & Symbolic Dynamics + Prediction )

Emergence & Irreversibility
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FOUNDATIONS or
COMPLEX SYSTEMS

Nonlincar Dynamics, Statistical Physics, Information
and Prediction

Gregoire Nicolis = Catherine Nicolis

TO
NONLINEAR
SCIENCE

G NICOLIS

GREGOIRE NICOLI
ILYA PRI G|

grégoire nicolis - ilya prigogine

a la rencontre
du complexe

Self-Organization in
Nonequilibrium Systems

———— e
Frvsrm Dinpbpraties Sirucieras o
Crevder thromph Flaotustess

-
G. Micalis
I Prigogine

1977




Complex =
many parts + nonlinear relations

Chapter 1:
“The many facets of complexity”
by Grégoire Nicolis
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The whole is more than the sum Eri Stur
of its parts

’
“.e World Scientific

Aristotle Metaphysica 1045a




Complexity Science

Nonlinear dynamics and
chaos theory,

Thermodynamics and
statistical physics,

Information and
probability theories,

Numerical simulation and
techniques from data analysis.



“Nonlinear science introduces a new way of thinking based
on a subtle interplay between qualitative and quantitative

techniques, between topological, geometric and metric
considerations, between deterministic and statistical aspects.

It uses an extremely large variety of methods from very

diverse disciplines, but through the process of continual
switching between different views of the same reality these
methods are cross-fertilized and blended into a wunique
combination that gives them a marked added value.

Most important of all, nonlinear science helps to identify the
appropriate level of description in which unification and
universality can be expected.”’

“Introduction to Nonlinear Science”
by Gregoire Nicolis
(Cambridge Univ. Press, 1995)



«...appropriate level of description ...”?

TO
NONLINEAR
SCIENCE

G NICOLIS

¢...topological, geometric, metric ...”



Complexity Science

Nonlinear dynamics and
chaos theory,




The Importance of Being Nonlinear

LINEAR

F(x,+x) = F(x ) + F(x)

The whole IS
the sum of its parts

.
2 4 6 8 10 Input

NONLINEAR

F(X,+x) == F(x ) + F(X)

The whole IS NOT
the sum of its parts

Output‘

36 ................... :
F(x) '
1 6 ............ :

4}

— —p
2 4 6 8 10 Input
X




The Importance of Being Nonlinear:
Information flow
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Only Nonlinear Elements can process
information, i.e ... compute !!!




The Importance of Being Nonlinear:
Bifurcations & Multistability
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Figure 6.5: Bifurcation diagram for the QDE 2" = A + = — 2,

Only Nonlinear Elements
can have dynamic memory !!!
(Hysteresis)




The Brusselator (1970s)
Prigogine, Nicolis, Lefever

Dissipative Structures

Constructive Role of
Fluctuations & Chaos

Self-reference & Nonlinear
Feedback

Auto-catalytic reactions
Pattern Formation




Feedback Circuits, Cycles, Chaos & Logic

282 REVUE DES QUESTIONS SCIENTIFIQUES

Description matricielle Graphe
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Fig.1 Les circuits tels qu'ils apparaissent dans la matrice jacobienne d'un systéme a trois
variables. On voit que la matrice peut compoerter deux circuits 4 trois éléments (3-circuits),
trois circuits 4 deux éléments (2-circuits) et trois circuits & un élément (1-circuits). Les
éléments diagonawx de la matrice sont des 1-circuits, ¢'est 4 dire, des circuits qui
représentent une rétroaction directe d un élément sur lui-méme. A droite, les mémes circuits
sont représentés sous formes de graphes orientés.

Int. J. of Bifurcation and Chaos 23:09.(2013)




“...The fluctuations involved are not fluctuations in concentrations
or other macroscopic parameters but fluctuations in the
mechanisms leading to modifications of the [kinetic] equations...”

G. Nicolis and I. Prigogine

Self-Organization in
Nonequilibrium Systems
Erom Disigaties Structers to

Creder throagh Fluotiatieas

G. Nicalis
I Prigogine

in: “Self-Organization in Nonequilibrium Systems:
From Dissipative Structures to Order through Fluctuations”
discussing auto-catalytic reactions and Manfred Eigen's “hypercycles”



Complexity Science

Thermodynamics and
statistical physics,




Non (-) equmbrlum or Nonequmbrlum?
-*-.rm =) r . 5

: G A TABLE VIII. The average time of recurrence of a state of
Z g v+ fluctuation in which the molecular concentration in a
; :%‘ <A ¥ ,_'_‘__ﬂ’_;:f sphere of air of radius a will differ from the average value
o _;‘;: E 5 by 1 percent. T'=300°K; |»=3X 10X (4ma?/3).

S el Ca(em) 1 5X107 3X107 2.5%107F  1X107
Pah o ©  O(sec.) 1010* 108 108 1 10-1

sider, following Smoluchowski, the average time




Matter is Active: self-organization,
rhythms and dynamics

Fig. 1. Upper part: Simple pendulum. Lower part: Three manifestations of Complexity in everyday
experience. Clockwise Bird flocking, the earth-atmosphere system, trading in the stock market.




= ~_ Prigogine Nicolis & Lefever
k= (Nobel 1979)

"~ TJuring’s Morphogenesis
Pl

i
_ Entropy Production Theorem

e
ML

Fluctuation Dissipation
Theorem

& Dissipative Structures

Self-Organization &
Pattern Formation



Anatol Markovich
Zhabotinsky

1938 — 2008

Boris Pavlovich
Belousov

1893 — 1970




stealing an idea from Gibbs to understand nucleation:

e AG =r(i) AG(i)-TAS(r(i))

Free energy

[ dAG / dr(i) 1=0, at r = r*(i)
Equilibrium Assumption

metastable stable
slate A stale B

Josiah Willard Gibbs
(1839 - 1903)

critical limiting supersaturation

..............................................

= Gibbs free energy c
change of nucleation max

AH AT 4xr°

rapid self-nucleation

m

AG =

Tm 3 g Cmin ...........................................
Critical nucleus size -é growth
o 2T S Y 205 DU ) S
AH AT o bs

Energy barrier towards
nucleation

Gibbs free energy change

e

6z 7’1,
3 AHIAT?

AG*=

Nucleus size r

time



... but why didn’t | think
~ about THAT ?7?!!

TWO-steps, ONE order-parameter

TWO-steps, TWO order-parameters .
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Non standard nucleation mechanisms with combined

structural and density fluctuations
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“Nonlinear Dynamics and Self-organization

in the Presence of Metastable Phases”
G. Nicolis & C. Nicolis



Hierarchical aggregation of Zeolites:
2"! order parameter = Q4 number of Si bonds

164701-2

order parameter

FI(: 1. A schematic demonstration of mnlhsten versns standard svnthenc

Lutsko et al

pathway
via structured intermediates

standard pathway
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Trophallaxis Colony's Social
Stomach filling up

Emergence of specialized individuals (loaded-unloaded)

Two ants model




Hierachical Self-assembly and Phoresis in Biological Communities
(what if ... molecules were ants ??7? ;-)
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Two Step Aggregation:
Phoretic Synergetic Carriers as
Auto-catalytic Self-replicators

a Autocatalytic processes h Autocatalytic formation coupled to thermodynamic destruction
Autocatalysis Autocatalysis

]
g~

an
TLLL
am

A A Catalyst Catalyst €]
S N cimeee ———— e © —_— o ; :

B Formation B Formation Destruction £ Nl Ugma
Phasa Phass Hinetic Thermodynamic
SEparation Tima saparation Time

C Schematic representation of the transient self-assembling self-replicator system

Autocatalysis
", V

'
B o)

e _*®

Phase separation Kinetic

Monomer

Fig. 1 Examples of autocatalysis. a An autocatalytic system based on phase separation. b An autocatalytic system based on phase separation, coupled to
thermodynamic destruction, that in a closed set-up experiment will evolve towards thermodynamic equilibrium. € Schematic representation of a transient

self-assembling self-replicator system

y MATURE COMMUNICATION | (2018)9:2239 |DDI: 10.1038/s41467-018-04670-2 | www.nature.com, naturecommunications
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Two Step Aggregation:
Phoretic Synergetic Carriers as
Auto-catalytic Self-replicators
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www.foresight.cnr.it/working-groups/wg-materials

INTRANET MNational Research
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STEM MATERIALS
MISSION
In nature, living organisms consist of a limited number of primary components and chemical bonds, organized in complex

systems capable to adapt to diversified environmental conditions. Materials are very rarely adaptable, and often require a large
number of components to achieve high performances in specific functions. A comparison between organisms and materials



Matter is Active:
self-organizated, adaptive, ‘smart’,

iInformation-rich, materials




Complexity Science

Information and
probability theories,




“Coarse Graining”
“Symbolic Dynamics”
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Poincaré (1890s) & Maxwell:
Nonlinear dynamical

systems can exhibit sensitive
dependence on initial conditions

Hadamard (1898):
motion on negative curvature
is sensitive to initial conditions

Artin, Heldund and Hopf: the motion on a surface of
constant negative curvature is ergodic.

Krylov: A physical billiard is a system with negative
curvature, along the lines of collision

Sinai: a physical billiard can be ergodic.



J. Stat. Phys. 54,3/4, 1989
"Chaotic Dynamics, Markov Patrtitions,& Zipf's Law”
G. Nicolis, C. Nicolis, J.S. Nicolis

Xpo1=4x,(1—x,), 0<x<!
period-two orbit x; ~0.345, X, ~0.905

' 12 12 0 -
W:(o 2 1 W21 = P(a - B)

... &C.
1 0 O

N
P, (i)= Z WﬁPn(j)ﬂ i=1,., N
Fa]

aapyappaaypappybappaaappapaaBppayaappyybapy ... &c.



The Shannon Block Entropy of the partition is :

H(m)=— Z P(w)In P(w)

all m-words

where P(w) is the probability of occurrence of each word, w, of length m

"The key is to realize that uncertainty represents potential information”
(David Applebaum)

Shannon-McMillan Theorem :
The probability of a word of length m to appear
is "penalized” according to Entropy scaling w.r.t. its length

Plw(n)] ~ e~ H(m)




A Conjecture by Ebeling and Nicolis
In the course of their analysis of symbol sequences they proposed a general scaling
law for the block entropy.

s

H,, = mh+ gmt (logm)” + e
s H = hm
{0 E +—— Lorenz o e i :
«—— Rossler s :
E e o Fibonacci E H — g_mp:
8
7E
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=
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- A. Provata and Y. Almirantis, Statistical dynamics of clustering in the
genome structure, J. Stat. Phys. 106, 23-56 (2002).

- Y. Almirantis and A. Provata, Long- and Short-Range Correlations in
Genome Organization, Journal of Statistical Physics, Vol. 97, Nos. 12, 1999
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Fig. 5. The number of coding and non-coding regions of size =5, N §), for three fungal
DMNA sequences. The straight lines have the following slopes: (5a) —u= —038, (5b)
—pu=—1.8and (5¢) —u=—1.3.



META-SELECTION RULES:

Syntax, Context & Semantics

“We are no where”

“We are now here”

4 8 12 16 .. 20 24 28 32

AUTOMATICITY & context:

K. Karamanos and G. Nicolis,

"Symbolic dynamics and entropy analysis of Feigenbaum limit sets”,
Chaos, Solitons & Fractals 10(7), 1135-1150 (1999).

META-SELECTION RULES, context & the 'Nicolis-Ebeling Conjecture':

Vasileios Basios, Gian-Luigi Forti gnd Gregoire Nicolis
“Symbolic Dynamics Generated By A Combination Of Graphs”
Int. J. of Bifurcation and Chaos vol. 18, no. 08, pp. 2265-2274 (2008)




Complexity Science

Numerical simulation and
techniques from data analysis



Stochastic Resonance
‘Scholarpedia.org’ by G. & C. Nicolis
dz ouU U(a;)——)\§+ﬁ

— == o= + F(t) + h(z) cos(wot + ¢) B 4

Ux)

(A>0)

Wi(z,t) =U(z) — eg(x) cos(wpt + @) \\/ \//U

dg(z)/dz = h(x) .

Stochastic Resonance
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Stochastic Resonance
... when noise does not destroy but enhances the signal !

T T T T T

{af

Extremely important for

Image Processing,
B \ Sensory Information Processing,

0.005] / i

Decision Making,

Pattern Formation

Stochastic Switching ...








a Control b Optimal noise c High noise
: € OSpVom? rms)  @0uVem” rms)
Stochastic Resonance E oo: | oo 7]
In Biology ... K e
T - = - ’9 '«g—au iﬂ:B?BZ —anz i n=46
a beneficial adaptation S PR B~ A A
Horizontal distance (mm)

a Water flow in swim mill
Paddlefish

“Use of behavioural
Stochastic resonance
by paddle fish for feeding”

Electrical noise

Electrode Electrode
Letters to Nature (1999)
b Daphnia signals d Noise amplitude
2.2 & spectrum
> 5 5
f o ¥ 4
a - :I—_f 9 -
: ; 0.5s 2y
€ Electrical noise 018 @ 17
E D F—T—T— T T T T T
- @ 50 100 150

MW\PW Noise frequency (Hz)

Frank Moss




A0ENON ME TO PE TOV XPOVO TWV dIAPOPWV €1dWV afeRalotnTaC
(“AAON™) TTOL TIPOEPXOVTAL ATIO TIC ATEAEIEC OUTEC OVAJEIKVUOVTOC
TNV NMOALTIAOKOTNTAO TOU CUCTIUOTOC.



mean quadratic error

mean quadratic error

0 ¢ ¢ 10 t 20 0 10 ’ 20
time (x 10

ATIO TNV KAQOIKI OvTIANWN OTIEPIOPIOTNG TIPORBAEYPILIOTNTOC
OTNV TIPOYUATIKOTNTA P0G TIEPIWPIOHEVNC TIPORBAEYINOTNTOC: TO
@AIVOUEVO TNC TIETOAOLDOOC.

AvaBewpnon TnNg €vvolag TNC AITIOKPOTIOC Kal aGAAwV BaBsia
PILWPEVWVY 1I0EWV KOl TIPAKTIKWY, OTIO TNV KAIUOTIKN OAAQYI)
OTNV OIKOVOMIO KOl TNV KOIVWVIOAOYIQ.



Matter iIs Active:
self-organization, collective motion,

Fig. 1. Upper part: Simple pendulum. Lower part: Three manifestations of Complexity in everyday
experience. Clockwise Bird flocking, the earth-atmosphere system, trading in the stock market.




New Inspirations from the heritage
of Gregoire Nicolis



Coordinated Aggregation:
Hlstory & Hystere3|s

= USE eqguipe s USE index

Jean-Louis DENEUBOURG

Professeur ULB - Maitre de recherches au
FR.S-E.N.R.S/ Professor ULB - Senior
research Associafe from the ER.5.- EN.R.5.

Figure 1. Experimental setup for the study of aggregation/segregation dynamics in an environment containing
two equal patches and its relationship with the model defined by eq. (4) (a). Positive feedback networks of
conspecific and heterospecific interactions : symmetrical (b) and asymmetrical (c) case.

Eur. Phys. J Special Topics 225, 1143-7 (2016)
DOI: 10.1140/epjst/e2016-02660-5

“Coordinated aggregation in complex systems:
an interdisciplinary approach”’

V. Basios, S. Nicolis, J.L. Deneubourg



Collective exploitation of their environment by
‘'simple’ organisms in Complex Systems

Pitchfork Bifurcation Spatio-temporal Pattern Formation



Real Soldier-Crab decision making
monitoring & data

Figure 3. Snapshots of the real soldier crabs, Mictyris guinotae, wandering in a tank under the laboratory condition. An
individual is represented by a circle accompanied by its previous trajectory. (Online version in colour.)



(TH'] ),f+l)

Modified Vicsek Model
With BIB as internal steering

BIB = Bayesian and Inverse Bayesian
Inference Process

'- RET)

Figure 5. Schematic diagram of data and hypothesis adopted by a time series of real soldier crabs. (Online version in colour.)

(a) (b)

Figure10. Snapshots of the swarm model based on BIB inference. Swarming phase (a) and dispersing phase (b). (Online version



Medical Test for disease A by test B

* 1% of persons in the population have a disease called A.
 P(A)=0.01
* 80% of those with disease A get positive result to test B:
P(B|A)=0.8
* But also 9.6% of the persons without disease A
get a positive test B:
P(B) =0.8*P(A)+0.096*(1-P(A))*P(B)
= 0.008+0.09504*P(B) = 0.10304

* Now let’s plug those values into Bayes' theorem
P(A|B)=0.8%0.010.10304 = 0.0776 : ’
So about a 7.8% chance of actually having

disease A having tested positive by test B



Bayes Inference:

Rescaling Chance due to _erans)
Bayes Theorem /.<PtB|A)
P(B|A
<p(A} P(A) (Bl }\\,. P(A n B)
b 5y = PBLAPA) w L ewaes
P(B) (B|A)
P(R)  P(BIA) o
where A and B are events and P(B) # 0. Knowledge of ane e PANB)
diagram is sufficient
« P(A | B) is a conditional probability: the likelihood of event A o deduce the other T
occurring given that B is true. Use Bayes' Theorem to convert between diagrams
« P(B | A) is also a conditional probability: the likelihood of event B P(x|B) P(B) = P(ax nPB) = P(Bla) P(ax)
occurring given that 4 is true.
o P(A) and P(B) are the probabilities of observing A and B frowieage of any i
independent values
independently of each other; this is known as the marginal probability. | s sufficient to deduce __®PEBnA)
all 24 values P{A|B}
/.<P A|B
5 P(BnA
P(B)  P(AB)
e PEnA)
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Bayesian inference
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Inverse Bayesian inference
in swarming behaviour of
soldier crabs

Yukio-Pegio Gunji', Hisashi Murakami?, Takenori

Tomaru? and Vasileios Basios*

Scores of Prediction
of the next move

Bayesian

VS

Bayesian Inverse-Bayesian
Inferences

individual crab (up)
average of a collective (down)



Philosophical Transactions of the Royal Society
A Phys.& Math. 376: 20170370.
http:/Idx.doi.org/10.1098/rsta.2017.0370

accepted August 2018

Inverse Bayesian inference
in swarming behaviour of
soldier crabs

Yukio-Pegio Gunji', Hisashi Murakami?, Takenori

Tomaru? and Vasileios Basios®



http://dx.doi.org/10.1098/rsta.2017.0370

Complexity Science In

Sociology & Economics
* Networks (internet, ... ). Optimization.

) AT A

- Prediction of potentially disastrous state transitions.

____ Critical point

time, t,
as control parameter

t*



Complex Systems’, nonlinear, Data Analysis
(“big data”)
* Determination of characteristic dynamical aspects (number of

variables, dimension of attractor(s), stability and Lyapunov
exponents ,etc) based on data without initial model.

* Correlation Identification and of other collective (statistical) properties.
Self-similarity, scaling laws, feedbacks.

* The role of dynamical Entropies:

S, = hn, random process or fully developed chaos

S,,=n%, (a<l1), n=In(n), long range correlations



““Nonlinear science introduces a new way of thinking based
on a subtle interplay between qualitative and quantitative
techniques, between topological, geometric and metric
considerations, between deterministic and statistical aspects.

[t uses an extremely large variety of methods from very
diverse disciplines, but through the process of continual
switching between different views of the same reality these
methods are cross-fertilized and blended into a wunique
combination that gives them a marked added value.

Most important of all, nonlinear science helps to identify the
appropriate level of description in which wunification and
universality can be expected.”’

“Introduction to Nonlinear Science”
by Gregoire Nicolis
(Cambridge Univ. Press, 1995)



Gregoire Nicolis’ 60 years celebration, June 1999, ULB, Brussels




Gregoire Nicolis (1929-2018) interviewed in his study room at ULB — CeNoLi circa 2015
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