Dynamics, Emer gent
Computation, and Evolution
In Cdllular Automata




Emergent Computation in Nature

* Global patterns out of local interactions
« Patterns give riseto global information processing
 Examples:

1. Spiral waves in aggregating amoeba

2. Foraging and nest building in social insects

3. Synchronized oscillations in the brain

=>» Emergent computation in decentralized
spatially extended systems
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Two Important Questions about
Emergent Computation

1. How do the dynamics (i.e., the pattern
forming behavior) of these decentralized
spatially extended systems giveriseto
emergent computation?

2. How isthis capability for emergent
computation produced by evolution?
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Resear ch Approach

Use cellular automata (CAs) as a ssmple class of
decentralized spatially extended systems.

Use a genetic algorithm (GA) as a smple model
of evolution.

Use the GA to evolve CAsto perform
computational tasks requiring global information
processing.

Study the emergent computation that evolvesin
these CAs.

=> A study of the relation among dynamics, emergent
computation, and evolution in cellular automata.
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Cellular Automata (CAS)

Regular lattice of ssimple finite automata
Local interactions between cells
No centra control

Synchronous updates—> discrete dynamical
system

Large variety in CA behavior, from fixed
point or periodic to completely random or
even chaotic; also “emergent” behavior
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CA Dynamics
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Computation in CAs

Initial configuration

Time Cormputation

Final configuration
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Density Classification

e Decide whether the initial configuration
contains more black cealls or more white

cdls.

e |[f morewhite célls: settle down to an all-
white configuration.

e |f more black cells: settle down to an all-
black configuration.

=>Does there exist a CA that can perform this task??
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Genetic Algorithms (GAS)

Stochastic search algorithm based on
natural evolution

Trandate the problem in afitness function,
encode possible solutions as “ genotypes’

Maintain population of candidate solutions

Create offspring populations by means of
sel ection, recombination, and mutation

| et asolution “evolve’
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Evolving CAswith GAs
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Some Numbers...

e CA radius: 3

 Local neighborhood size: 2" 3+1=7

 CA lookup table size: 2" =128

« Number of possible CA rules; 2*° » 3.4" 10*

* GA population size: 100
 Number of test cases for fitness: 100
 Number of generations. 100
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Resultsfor Density Classification
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Emergent Computation
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Computational Mechanics

 |dentify and classify space-time patterns
using formal languages
— Regular domains
— Particles
— Particle interactions

o Use domain specificationsto filter out
regularities from space-time behavior

» Collect info about particles and ther
Interactions in a “particle catalog”
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TheParticle Catalog

Domains | nter actions
White (W) 0* a>c+e
Black (B) 1* b+c—=>f
Checkerboard (#) (01)* e+b—->d
Particles c+d>0
WB f+d=>Db
b BW f+e> 0
C WH#
d #W
e #B
f B#
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The Particle Model

Start with random particle configuration i.o.
random black/white cells

Calculate next interaction time t

“Fast forward” to t and replace interacting
particles with their interaction result

Repeat until no more particles or maximum
number of time steps reached

See if the correct answer state I1s reached
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The Particle Model
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Claim: This particle model captures the main mechanisms
of the emergent computation in the evolved CAs
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Ferformance
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Some Conclusions

The emergent dynamics of evolved CAs can
be accurately captured by the particle model

This model leads to accurate predictions of
a CA’s behavior and its performance

Changes in a CA’s emergent dynamics can
be directly related to changes in its
performance

These changes can be directly related to the
evolutionary history of the evolved CASs
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Useful Links

e WWV. sant af e. edu/ ~w m
« W, sant af e. edu/ proj ects/evca
« Www. sant af e. edu/ proj ect s/ ConpMech
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