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course outlook

key events coming up

m Labs: 35% (ISE-483)
e Complete 5 (best 4 graded) assignments based on algorithms presented in class

m SSIE -

e Present and lead the discussion of an article related to the class materials

e Dates TBA

Lab 3: March 11t e
e Cellular Automata and Boolean Networks (Assignment 3)
m Delivered by SSIE583 Group 3
m Due: March 25"

583 -Presentation and Discussion: 25%

Enginet students post/send video or join by Zoom

Conrad, M. [1990]. "The geometry of evolution.” Biosystems 24: 61-81. \bit_|y/atB|C/
e Mario Franco
Stanley, Kenneth O., Jeff Clune, Joel Lehman, and Risto Miikkulainen. “Desi nlnf Neural Networks
through Neuroevolution.” Nature Machine Intelligence 1, no. 1 (January 2019 %
e Jessica Lasebikan
Llnd ren, K. [1991]. "Evolut|onar%/3 Phenomena in Simple Dynamics." In: Artificial Life Il. Langton et al
% Addison-wesley, pp. 2
e Akshay Gangadhar

Salahshour, Mohammad. “Interaction between Games Give Rise to the Evolution of Moral Norms of
Cooperation.” PLOS Computational Biology 18, no. 9 (September 29, 2022): 1010429

e Srikanth lyer
Discussion by all
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readings
until now

m Class Book

e Floreano, D. and C. Mattiussi [2008]. Bio-Inspired Atrtificial Intelligence: Theories, Methods, and Technologies. MIT Press.
Preface, Chapter 2.

m  Nunes de Castro, Leandro [2006]. Fundamentals of Natural Computing: Basic Concepts, Algorithms, and Apé)lications. Chapman & Hall.
Chapter 1, pp. 1-23. Chapter 7, sections 7.1-7.4, Appendix B.3.1, Chapter 2, Chapter 8, sections 8.1, 8.2, 8.3.10

m Lecture notes
Chapter 1: What is Life?
Chapter 2: The logical Mechanisms of Life
Chapter 3: Formalizing and Modeling the World
Chapter 4: Self-Organization and Emergent Complex Behavior
m posted online @ http://informatics.indiana.edu/rochal/i-bic
m Papers and other materials
e Dynamical Systems

m Kauffman, S.A. [1969]. "Metabolic stability and epigenesis in randomly constructed genetic nets". Journal of
Theoretical Biology 22(3):437-467.

e Optional
m Prusinkiewicz and Lindenmeyer [1996] The algorithmic beauty of plants.
e Chapter 1
m Flake’s [1998], The Computational Beauty of Life. MIT Press.
e Chapters 10, 11, 14 — Dynamics, Attractors and chaos
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final project schedule

m Projects

e Due by May 6% in Brightspace, “Final Project Paper” assignment
= ALIFE 2023

e Not to submit to actual conference due date (April 3, 2024)
e https://2024 alife.org/ A L I F E 2 024

e 8 pages, author guidelines:
e https://2024.alife.org/call _paper.html

e MS Word and Latex/Overleaf templates Tackle a real problem using bio-inspired
m Preliminary ideas by March 15 algorithms, such as those used in the labs.

e Submit to “Project Idea” assignment in Brightspace.

e Individual or group
m  With very definite tasks assigned per member of group

ABOUT

The 2024 Conference on Artificial Life
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self-organization easily chaotic

evolution requires life in critical regime which is small, how come life is not chaotic?

" Kauffman, S. A. (1984). Phys. D Waddington CH (1942).
Nonlinear Phen.10,145-156.  Nature.150 (3811):563-565

robustness of phenotypes is the result of a buffering of
the developmental process.

dynamics of gene networks provides buffering (self-
organization). But still easily chaotic.

Structure (topological organization), can provide larger
stable or critical universe, but still easily chaotic.
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self-organization easily chaotic
evolution requires life in critical regime which is small, how come life is not chaotic?

0.8 4

0.6 1
4 Chaotic Phase
0.4

V.7 Kauffman, S. A. (1984). Phys. D Waddington CH (1942).
Nonlinear Phen.10,145-156.  Nature.150 (3811):563-565

02 robustness of phenotypes is the result of a buffering of

the developmental process.

0

° “ K, ° * . <4 dynamics of gene networks provides buffering (self-

Aldana, M. [2003]. Physica D. 185: 4566 | A, _ 40 organization). But still easily chaotic.

r A Structure (topological organization), can provide larger
N ‘-, stable or critical universe, but still easily chaotic.
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evolution requires life in critical regime which is small, how come life is not chaotic?

1 1.5 2 25 3
v
Aldana, M. [2003]. Physica D. 185: 45-66

self-organization easily chaotic

565

robustness of phenotypes is the Tesult Mbuffering of
the developmental process.

dynamics of gene networks provides buffering (self-
organization). But still easily chaotic.
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homogenous lattice of state-determined systems

) t t—1
Cellular Automata 1D X; —f(-xi_ra-"a-xia'“xi+r)

XA X b+ xe€{0,1,2,...5}

L

Toroidal Lattice

Space-time diagram

Cellular automata

2-D
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Parallel updating
Artificial physics
e Local interactions only
m No actions at a distance
e Homogeneous
Unpredictable global behavior

e Emergence

m 2-levels: rules (micro-level) and
attractor behavior (macro-level)

e Irreversible
Self-organization

Example rules
e Rug (diffusion)
m 2506 states

m Average of 8 neighbors in 2-d grid, if
state is 255 -> 0.

e \Vote/majority
m binary

cellular automata
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m Radius 1
Cellular Automata e Neighborhood =3
x-1| X be+1 m Binary
{ e 23 =8 input neighborhoods

e 28 =256 rules
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elementary CA rules

m Radius 1
Cellular Automata e Neighborhood =3 (b
X-1| X pe+1 m Binary J,,cf; W,
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state-determined transitions

1
if a cell and its neighbours
look like this at time t

look-up table
each entry is a

condition

then the cell will look
like this on the next row
(at time t+1)

Si

J

action

i e . .
sia000 sin condition-action rule

Cellular automata

ECA Rule 90
EER (=N
(] u
BRL R
H B

J
__HH N NN
= J

23 45 67891011121314151617

I

CVO~NOUNAEWN—O

= ottt et
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state-determined transitions

1
if a cell and its neighbours
look like this at time t

look-up table
each entry is a

Si 5 ‘
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Cellular automata
state-determined transitions

I
if a cell and its neighbours _ ECA Rule 90
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Living patterns easily replicated in CA
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What’s a CA?

more formally

D-dimensional I'attice L Wlth a flnlte Neighborhood template
automatoniin each lattice site (cell N
Example (ECA) H
= State-determined system K=2. N=3,

= finite number of states X: K=| 3| a[=23=8

"E.g. X ={0,1}

N - D = 28=256

= finite input alphabet a
= transition function A: a—X

® uniquely ascribes state s in X to input patterns a

N
aex”, a‘;K D= gk

Number of possible neighborhood states
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What’s a CA?

more formally

D-dimensional I'attice L Wlth a fi.nlte Neighborhood template
automatoniin each lattice site (cell N
Example (ECA) H
= State-determined system K=2. N=3,
= finite number of states X: K=| 3| a[=23=8
"E.g. X ={0,1}
N - D = 28=256
= finite input alphabet a
= transition function A: a—X SRR
® uniquely ascribes state s in X to input patterns a L=
N=5
N N
aec’, 04 =K D= KKN 0|=37,768
/ D ~1(30.000

Number of possible neighborhood states
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Langton’s parameter

Finding the structure of all possible transition functions

m Statistical analysis
e I|dentify classes of transition functions with similar behavior
m Similar dynamics (statistically)
e Via Higher level statistical observables
m Like Kauffman
m The Lambda Parameter (similar to bias in BN)

e Select a subset of D characterized by A
m Arbitrary quiescent state: s,
e Usually 0
m A particular function A has » transitions to this state and (K"-r) transitions to other states s of X
m (1-1) is the probability of having a s, in every position of the rule table

N A =|0: all transitions lead to s, (n =KV)
ﬂ _ K —n A = 1: no transitions lead to s, (n =0)

KN A =/1-1/K: equally probable states ( n=1/K . KN)

Range: from most homogeneous to most
heterogeneous

Langton, C.G. [1990]. “Computation at the edge of chaos: phase transitions and
emergent computation”. Artificial Life Il. Addison-Wesley.




Langton’s observations

A only correlates well with dynamic behavior for fairly large values of K and N

e E.g. K=4 and N=5
Experiments
o K=4, N=5

A = li ”u
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A=010
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A =020

" N p— g = ey

Nt aut

Langton’s results

A=0.25 A=0030

=8N AT T A qr--m - -Mm-ﬂl%wqqn ::‘ I'"-" T“”
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Langton’s results

A= 050 L= 03

Approximate time
10,00 e siepe when density is

PN ; " within 1% of

{ ' long-term
behavior

t

2@ 2 PN Y U e | rocha@indiana.edu

L6IBS I R4 oI :JCIE B il | casci.binghamton.edu/academics/i-bic




Approximate
time when
density is
within 1% of
long-term
behavior
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Langton’s results

Approximate
time
when
density is
within 1%
of long-
term
behavior
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V=0

A phase transition?

Edge of chaos
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m Transient growth in the vicinity of phase transitions
e Length of CA lattice only relevant around phase transition (A=0.5)

e Patterns that move across the lattice

Conclusion: more complicated behavior found in the phase transition between order and chaos
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Computation at the edge of chaos?

m Transition region
e Supports both static and propagating structures
m A=0.4+
e Propagating waves (“signals”?) across the CA lattice
m Necessary for computation?
m Signals and storage?
m  Computation
e Requires storage and transmission of information
e Any dynamical system supporting computation must exhibit
long-range signals in space and time
m Wolfram’s CA classes
e |: homogeneous state
m Steady-state
e |l: periodic state
m Limit cycles
e lll: chaotic
e |V: complex patterns of localized structures

m Long transients
m Capable of universal computation

|32V uRel rocha@binghamton.edu
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Edge of chaos

Chaotic Phase
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current theory for random networks and the finite cases

homogeneous networks
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Derrida & Pomeau. [1986] EPL . 1.2: 45.
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Aldana, M. [2003]. Physica D. 185: 45-66
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Manicka, Marques-Pita, & Rocha, [2022]. J. Royal Society Interface. 19(186):20210659.

Costa, Rozum, Marcus, & Rocha[2023]. Entropy. 25(2):374.
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redundancy in causal logic of automata (canalization)
effective graph: nonlinear measure of effective connectivity

look-up-table (LUT)
@ F(T:_l) T Ty T3 Ty

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology 9: 1046.
Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): €2022598118.
Marques-Pita & Rocha, [2013]. PLoS ONE, 8(3): €55946.

Measuring dynamical redundancy
and its dual effectiveness

p(x)=2/8=0.25

p: bias, ratio of “1’s” in output

Chaos et al [2006]. J. of Plant
Growth Regulation. 25(4): 278-289.
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redundancy in causal logic of automata (canalization)
effective graph: nonlinear measure of effective connectivity

look-up-table (LUT)
@ F(T4) Ty Ty Tz Ty

Measuring dynamical redundancy
and its dual effectiveness

@ @ fi

fa

) ;

k(xy) =3 £

fs
x4 = x1 N\ xz fe

LUT entry/input condition —» fT

ko(xy) = 1.25 I8

e

o@ fi o #|:
LR 1} ——
fodl O # [ #|:

. on/off state
OF
: v _ . _"
#

input redundancy:
k,(x) = mean number of “#” in LUT

k,(x,) = 1.75

effective connectivity:
ke(x) = k(x) — kr(x)

Prime Implicants (Quine-McCluskey)

github.com/CASCI-lab/CANA

Correia, Gates, Wang & Rocha [2018]. Frontiers in Physyology 9: 1046.
Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): €2022598118.
Marques-Pita & Rocha, [2013]. PLoS ONE, 8(3): €55946.

Chaos et al [2006]. J. of Plant
Growth Regulation. 25(4): 278-289.
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p(x)=2/8=0.25

p: bias, ratio of “1’s” in output
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arabidopsis thaliana network

effective graph

Chaos et al [2006]. J. of Plant
Growth Regulation. 25(4): 278-289.

effective control pathways revealed

redundant variables and more
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Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
Gates & Rocha [2016]. Scientific Reports 6, 24456.
Marques-Pita & Rocha, [2013]. PLoS ONE, 8(3): €55946.
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effective graph
arabidopsis thaliana network

redundant variables and more
Chaos et al [2006]. J. of Plant

Growth Regulation. 25(4): 278-289. effective control pathways revealed

= AP2
k(AG) =9
ko.(AG) = 2.1
o
°g
©
45
3
Interaction graph obtained from Effective graph redundancy in (nonlinear) dynamics is 2 g
pairwise estimation of interaction. No integrated probabilistically (not estimated). Provides 03
dynamics represented in graph; causal explanation of how likely dynamical perturbation @
many dynamics fit same structure. and control signals propagate in biochemical pathways.
o , github.com/CASCI-lab/CANA
Gates, Correia, Wang & Rocha [2021]. PNAS. 118 (12): e2022598118.
Gates & Rocha [2016]. Scientific Reports 6, 24456. 33 IN(€} sV NY§N] | rocha@binghamton.edu
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effective graph
probabilistic and precise characterization of causal (nonlinear) dynamics

Predictive Power

1.0 =® = Interaction Graph
S =@= Effective Graph
£ 0.8 1
[
£ 0.6
o
%]
c 0.4
[{v}
=
s 0.2 1
&
1 n
Lo < ——— 0.0
) 1 2 3 4 5 6 7 8 9 10
pg(.’ﬁl:xg) =1x1=1 n steps pS(CBl,IQ) =1x1x0.81=0.81

Interaction graph typically obtained
from (qualitative) pairwise estimation
of interaction. No dynamics
represented in graph; many
dynamics fit same structure.

Effective graph redundancy in dynamics is integrated
probabilistically (not estimated). Reveals network of nonlinear
interactions that escapes pairwise estimation. Provides
causal explanation of how dynamical perturbation and
control signals propagate in biochemical pathways.
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effective graph
redundant pathways are ubiquitous in biochemical regulation

node-level edge-level
a0 - Random Automata Biological Models
, uw  C Contain fully ~ 10f===="c=--- R e e R e e
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dynamical redundancy is pervasive in systems | rturbati
biology models of regulation and signaling: Z 0.6- perturbations 064 -
biochemical variables are controlled by substantially 2
fewer inputs than interaction graph suggests. § 0.4 0.4 1
effectiveness is heterogenous: e :

only few inputs are very effective,
most are ineffective or redundant.

T b e

0.02 0.09 0.17 025 033 041 048 Cell Random

2 Cell Collective

. . p Collective
8,220 interactions (of over
Gates & Rocha [2016]. Scientific Reports 6, 24456 3K automata) in 78 models
Manicka, Marques-Pita, & Rocha, [2021]. J. Royal Society Interface. 19(186):20210659. IS IN@ VNV e rocha@binghamton.edu
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effective graph
redundant pathways are ubiquitous in biochemical regulation
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criticality in the presence of canalization/redundancy
effective connectivity enables greater robustness (random ensembles)
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criticality in the presence of canalization/redundancy
effective connectivity enables greater robustness (random ensembles)
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effective connectivity enables greater robustness (random ensembles)

homogeneous networks

0.5-
04 -

03-

P

02-

0.1-

0-

@

@
. @
\ @
. @
@
O
®
&
®
@
®
@
@

N

0.0
T
0g%e
0ge%g
g%
e%e

029
0%
0g%e
0o%g
0%e

e®e
0o%g
0%

0% ®

w-

0000060060060
EICICICICICICIC)

0000000000660
| 00000000660

®
@
®
@
®
@
®
@
@
@
L
®

3.9k )p(1

ElIEIElEIEle
| X

p)=1

ee}

YU P =k

o
P Chaotic Phase '.‘"'F :"":’:,- B

oA ‘5 - A
P .

Ordered

0.2

Stable biochemical
networks can exist well into
expected chaotic behavior,

provided canalization is
selected for: dynamics

“buffers” underlying

interaction structure

Costa, Rozum, Marcus, & Rocha[2023]. Entropy. 25(2):374.

Manicka, Marques-Pita, & Rocha, [2021]. J. Royal Society Interface. 19(186):20210659.

heterogenous networks

5

g b TR TR
0.00 0.05 0.10 0.15

0.20 0.25 0.00 0.05 0.10 0.15

criticality in the presence of canalization/redundancy

Power law fits (N=20)

0.20 0.25

o? o?
0 o8 Derrida Céé?’ficient (6) e o
0= p(1-p)
N 20 50 100 200
o’k 03.83] 95.04 95.88 96.71
o’k, 06.09] 96.35 96.53 96.8

BINGHAMTON

UNIVERSITY
STATE UNIVERSITY OF NEW YORK

rocha@binghamton.edu
casci.binghamton.edu/academics/i-bic




ubiquitous canalization in (experimentally-validated) systems biology models

low effective connectivity leads networks closer to “edge of chaos”
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ubiquitous canalization in (experimentally-validated) systems biology models

low effective connectivity leads networks closer to “edge of chaos”
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ubiquitous canalization in (experimentally-validated) systems biology models

effective connectivity better predicts critical transition
homogeneous networks
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ubiquitous canalization in (experimentally-validated) systems biology models

but is there an edge of chaos boundary?
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ubiquitous canalization in (experimentally-validated) systems biology models

but is there an edge of chaos boundary?
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effective graph
Thaliana control pathways (using structure and dynamics information)
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control and the cybernetics of life
Boolean networks, control, sound, art, and education

Chaos et al [2006]. “From Genes to Flower Patterns and
Evolution: Dynamic Models of Gene Regulatory Networks”.
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control and the cybernetics of life

Boolean networks, control, sound, art, and education
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discrete modeling of cancer networks
predicting drug and therapy targets in causal models
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uncovering and characterizing control pathways for drug therapy
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uncovering and characterizing control pathways for drug therapy

ER+ breast cancer model
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ER+ breast cancer model
uncovering and characterizing control pathways for drug therapy
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redundancy and control in biochemical regulation

causal (modular) dynamics via conditional effective connectivity
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redundancy and control in biochemical regulation
causal (modular) dynamics via conditional effective connectivity
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causal (modular) dynamics via conditional effective connectivity
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redundancy and control in biochemical regulation
causal (modular) dynamics via conditional effective connectivity
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redundancy and control in biochemical regulation
causal (modular) dynamics via conditional effective connectivity
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Most networks preserve a large . ' Allows comparisons between
weakly connected component up to }"f“f Cell Collective networks regarding the ability to
edge effectiveness < 0.4. T~ effectively propagate signals.

But most break into dynamically-
decoupled modules for edge
effectiveness > [0.4, 0.6].

Experimentally-validated models suggest biochemical
regulation highly modular with low effectiveness interactions
between modules granting robustness to perturbations.
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canalization as a key mechanism for resilience
from evolutionary robustness to network and dynamical redundancy
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fitness

bustness of phenotypes is the result of a buffering of
elopmental process.

extradimensional

#*“dynamics of gene networks provides buffering (self-
bypass

organization). But still easily chaotic.

genotype

Structure (topological organization), can provide larger

Michael Conrad  ‘fenciype stable or critical universe, but still easily chaotic.

Evolvability: extradimensional
bypass, neutrality, redundancy,
controllability and robustness tradeoff.

canalized genetic control ignores some inputs (redundancy)
to attain necessary resilience (tradeoff stability/evolvability)
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