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GENESIS

e Cellular automata (CA)

— Massive parallelism.
— Locality of cellular interactions.
— Simplicity of basic components (cells).

e Major problem: How do we utilize the
complex behavior of CAs to perform use-
ful computations?

e Non-uniform CAs
Same as uniform model, except for cellu-
lar rules that need not be identical for all
cells.

e Cellular Programming
Co-evolve non-uniform CAs to perform
computations.

e Applications: Complex systems, arti-
ficial life, parallel computation.



Outline

e Previous work.
e Cellular programming.

e Results: Co-evolved, non-uniform CAs per-
forming computational tasks.

e Conclusions, Discussion, The Future.



Previous work

e [Packard, 1988],
[Mitchell et al., 1993—| (EVCA group, SFI)
FEvolution of uniform cellular automata

using genetic algorithms.

e [Sipper, 1994
Non-uniforms CAs
— Artificial life “organisms” (reproduction,
growth, mobility), evolution in various
“environments” .

— Universal Computation.
— Co-evolution of computation.



The cellular programming algorithm

Goal: Evolve non-uniform CAs to perform
computations.

e [ach cell maintains a genome, delineating
1ts rule table.

e Fvolution is local.
— Cell “sees” only local neighborhood dur-
ing evolution.

— No global fitness ranking nor global ge-
netic operators.

e Co-evolution.
— Standard genetic algorithm: Popula-
tion of independent problem solutions.

— Qur algorithm: Cell’s fitness depends
upon its evolving neighbors.



Computational tasks

e Density (one/two dimensional).
e Synchronization (one/two dimensional).
e Ordering (one dimensional).

e Rectangle-boundary (two dimensional).
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Tasks are non-trivial:

e A global property is computed, using lo-
cally interconnected cells.

e Computation involved corresponds to recog-
nition of a non-regular language.



Results

e Minimal cellular spaces are used:
1D CAs: 2-state, r = 1.
2D CAs: 2-state, 5-neighbor.
e Density, Ordering: High performance.

e Synchronization, Rectangle-boundary: Near-
pertect performance.

e Co-evolved CAs: Quasi-uniform.

e Co-evolved, one-dimensional CAs are bet-
ter than any possible uniform CA.



Density

(one/two dimensional)

The 2-state CA must decide whether or not
the initial configuration contains more than
50% 1s. The desired behavior (i.e., the re-
sult of the computation) is for the CA to
relax to a fixed-point pattern of all 1s if the
initial density of 1s exceeds 0.5, and all Os
otherwise.



Synchronization

(one/two dimensional)

Given any initial configuration, the CA must
reach a final configuration, within M time
steps, that oscillates between all Os and all
Is on successive time steps.



Ordering

(one dimensional

Given any initial configuration, the CA must
reach a final configuration in which all Os are
placed on the left side of the grid and all 1s
on the right side.



Rectangle-boundary

(two dimensional)

Given an initial configuration consisting of
a non-filled rectangle, the CA must reach a
final configuration in which the rectangular
region is filled, i.e., all cells within the con-
fines of the rectangle are in state 1, and all
other cells are in state 0.

Initial configurations consist of random-sized
rectangles placed randomly on the grid.



Conclusions

e Non-uniform CAs can attain high perfor-
mance on non-trivial computational tasks.

e Such CAs can be co-evolved.
The resulting, high performance systems
are quasi-uniform.

e Non-uniformity may reduce connectivity
requirements, i.e., the use of smaller neigh-
borhoods is made possible.



Conclusions (cont’d):
Advantages of non-uniformity

e Increased search space size. Rather than
impeding the evolutionary process, this
engenders new evolutionary paths lead-
ing to high performance systems.

e Increased variability, thereby entailing
easier “adaptation” to a possible change
in the “environment”, i.e., task.

e Fault tolerance arising from the insensi-
tivity to minor differences between cellu-

lar rules.

e Scalability of the evolutionary algorithm.



Future work

e [’xpand the range of tasks solvable by cel-
lular programming.

e Co-evolution of architectures.
e Parallel, hardware implementation.
e Understanding how evolution creates com-

plex, global behavior in locally intercon-
nected systems of simple parts.



What else?

e ['volving architectures

e Asynchronous CAs

e Fault-tolerance (non-determinism)
e [ivolware

e Modifications of cellular programming al-
gorithm
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final density

Density task (1D):
Uniform CA, Rule 232 (majority).
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final density

Density task (1D):
Uniform CA, Rule 226.



initial density

Density task (1D):
A co-evolved, non-uniform CA.
Bottom figures depict rule maps.
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Density task (2D):
A co-evolved, non-uniform CA.

Initial density of 1s is 0.49, final

density is O.

Numbers at bottom of images de-

note time steps.
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Density task (2D):

A co-evolved, non-uniform CA.
Initial density of 1s is 0.51, final
density is 1.

Numbers at bottom of images de-
note time steps.
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Rule 21

Synchronization task (1D):
Uniform CAs.
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Synchronization task (1D):
Two co-evolved, non-uniform CAs.
Bottom figures depict rule maps.



o

e

<
6
T

12 13

i el

18 19 20

i

E

25 26 27

-+

28 29 32 33 34

30 36 37 38 39 40 41

Synchronization task (2D):

A co-evolved, non-uniform CA.
Numbers at bottom of images de-
note time steps.
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Ordering task (1D):
A co-evolved, non-uniform CA.
Bottom figures depict rule maps.
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Rectangle-boundary task (2D):

A co-evolved, non-uniform CA.
Numbers at bottom of images de-
note time steps.
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(a) Two separate lines

o

(b) Two intersecting lines

Thinning task (2D):

A co-evolved, non-uniform CA.
Numbers at bottom of images de-
note time steps.



for each cell 7 in CA do in parallel
initialize rule table of cell ¢
fi = 0 { fitness value }
end parallel for
¢ = 0 { initial configurations counter }
while not done do
generate a random initial configuration
run CA on initial configuration for M time steps
for each cell : do in parallel
if cell ¢ is in the correct final state then

fi=fi+1
end if
end parallel for
c=c+1

if ¢ mod C = 0 then { evolve every C configurations}
for each cell + do in parallel

compute nf;(c) { number of fitter neighbors }

if nf;(c) = 0 then rule 7 is left unchanged

else if nf;(c) = 1 then replace rule ¢ with the fitter neighboring rule,
followed by mutation

else if nf;(c) = 2 then replace rule 7 with the crossover of the two fitter
neighboring rules, followed by mutation

else if nf;(c) > 2 then replace rule ¢ with the crossover of two randomly

chosen fitter neighboring rules, followed by mutation
end if

fi=0
end parallel for
end if
end while

Cellular programming algorithm



One-dimensional, 2-state, r=1 CA
[Mitchell, 1996

Rule table:
neighborhood: 111 110 101 100 011 010 001 000
output bit: 1 1 1 0 1 0 0 O
Grid:
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