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Abstract

Cellular Automata (CAshare discretedynamic systems composeél & large set b
simple units organised inta regularone-, two- o multi-dimensional grid which pt
date their state on thieasis 6 their previous statend thestate ¢ a small number &
neighbouringecells. CAs have been traditionally used for image processingdfor hy-
drodynamics, thermodynamicsand turbulence modelling.More recently CAs have
also been used a mechanisms tostudy emergent computation, the phenomenon i
which alarge set of simple interacting elements with little information produce a
complexcoordinatednformationprocessindehaviour. In this paper, using thpower
of genetic algorithms, wstudythe ability of CAs to performtwo veryimportantforms
of emergent computation: pattern association and associative memory.

1. Introduction

A cellular automaton is discretesystemwhich evolves n discrete spacand time [, 2]. It consists
of alarge number bcells whichare organisedithe form of an n-dimensional lattice.Each cell can
be seen & a single processor which communicatesly with the neighbouringells and updates its
stateaccordingto information received fromthem, aswell asto its own present state.The state-
update function is the same for all cells in the lattice. Although this is usually a very siteptan a

global scale it can produce a very complex and often unpredictablddghav

Thanks 6 this complex behaviour CAare an attractive platfornfor studyingand implementingfé-
cient forms 6 emergentomputationthe phenomenomiwhich alarge set & simple interacting ke
mentswith little informationproduce acomplex, coordinated information processing behavidnr.
terestingresultswith one-dimensionabinary CAs have been obtained, for exampley Packard [3]
Mitchell et al. [4, 5] and Andreet al. [6], who used evolutionarglgorithms ¢ discover CA rules
which solve large-scale majority-classification and synchronisation problems.

In the work presentedni this paper w also use binar{CAs and evolutionaryalgorithms ¢ discover
state-update rules, butewoncentrate m a considerablyhard problem: the emergencd pattern-
associatiorand auto-associatiobehaviour. In addition, differently fromthe previous work, \& look
at a particular class bCAs, which we term feed-forward CAs. Feed Forward CAs (FFCAsye QAs
with an update rule whichyields adirectionalflow of information ly using aneighbourhood which
extends only in one diréon, like in Figure 1.1.
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Figure 11 An example neighbourhood for a feed forward CA.

Two-dimensional FFCAsan ke easily transformeéhto deviceswhich perform global computatioh i
we consider the left-most column tag input interfaceand the right-mostolumn as the output inter
face, like in Figure 1.2.
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Figure 12 An example architecture for a CA-based pattern associator.

In our work we consider the upper doaver edgesof the lattice agoined together to form aylinder,
so that information canpassfreely betweerthe topandbottom rows.The input andutput columns,
on the contrary, are not connected, so that information pladéd iimput columnremainsunchanged
in thesubsequent time steps, while information producetheputput column is discarded fromne
step to the next.

With this kind ¢ CAs it is possibleto map binary inputvectorsinto corresponding outputectors,
and, therefore, to implement pattern associators. In this paper we will mainly concentrafeeciala
class 6 patternassociators, namely the clagsaoito-associatorer associative memories, wherbe
CA is expectedo retrieve incomplete binary vectors oectify distorted ones,n a fashionsimilar
the operation of a Hopfield neural network.[7]

In the nextsectionwe describeour approach to discovering CAs with emergeassociative-memory
propertiesandin Section 3we reportthe results obtainedSection 4discusses these resultsid Sc-
tion 5 draws some conclusions and outlines some ideas for future research.

2. Evolving FFCAs

In orderto makea CA perform apredefined global computation, i.e. to “prograii’onehas 6 spec-
ify its initial configurationand thelocal rulethatyieldsthe requiredylobal behaviour.However, &
far no method hakeen proposed texplainhow tomap thespace bpossible @ behaviours ontdie
corresponding local ruledn the literature on emergent computation with one-dimensidbAk, the
rule table of binary CAs is usually encoded as a binary string and a genetic algoritbetie evolve
tables with the desired properties.

In our work we usedthe same strategy, but addition  the rule table ve alsoencodedn the dro-
mosomethe initial state bthe CA. This may beveryimportant n CAs for pattern association, ay b
modifying the behaviour foeach cell h the automatorwe allow the exploitation blocal structure n
the input/output patterns. A sample automatonand thecorresponding chromosonae shown in
Figure2.1 The initial configuration & the inputcells is not encoded, as thesealways overwritten
when an input is supplied.
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Figure 21 An example CA encoded in a binary string.

In initial experiments aimedtauning the G\ and finding agood fitnessunction, we trained CAs ©
behave like hetero-associator®. the inputvectors weralistinct from the corresponding outpuec-
tors. Somenoise was applied tthe inputvectors, e that theCAs weretrained b recognise distorted
inputs. The inputvectors h the trainingset were different enough from oarother s that thenoise
could not make them indistinguishable.

The GA used one-point crossover, with both offspring presernidte mutationratewas exactly one
bit per chromosomeEach individual m the populatiorwas evaluatedybrunning thecorresponding
automaton on #raining set d input vectorsand comparing theesults obtained with thexpected
output vectors.The fitness ban individualwas proportional tthe number andeverity ¢ the errors
made h each test.In thecourse bthese experimentsefoundthat the @ worked bestith tourra-
ment seletion and with the following fitness function:
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whereV, is the outputvector obtained whethe i-th inputvector d the trainingset is applied tohe
CA, V - V{| is the Hamming distandeetweerthe actual outputectorand thedesired output vector,
i.e. the erroproduced # the CA,da is the maximunpossible eror, and d; is the severity ¢ input
noise n testi (measured as the Hammidgstancebetweenthe inputvectorand itsdistorted version
fedinto the input columnfahe CA). With this function CAs were less penalised ferrors f their
input was severely disrted.

Becausehe CAsweretrained withnoisy inputs, we decided to explor¢he effect d the generation
gap, i.e. the percentagé mopulation replaced Y offspring at eachgenerationon the GA effective-
ness. Experimentally ve observedhat thebest result@re obtained with small generation gaps-
deed, thebestgeneration gapvas30%. This can ke explainedas follows. Nondeterministic inputs
introduce somemount 6 randomnessandinaccuracy i the fitness estimatiomecause everindi-
vidual is testedwith a different set binputs. It is likely that an individual’s fithess estimation willd
slightly different n eachcycle ofthe genetic algorithmTherefore, f an individual is estimatedposi-
tively manytimes, t is more likelythat it isindeed agoodindividual. A big generation gap shortens
an individual’s life and reduces its chances of being retestexdnanygenerations, thus reducing the
generation gap gives greater stability of evolution and consequently leads to better results.

f(s)=1-

3. CA-based associative memory

The preliminary experiments mentionatlove werequite promisingand showedthat genetic &go-
rithms are a effective tool forproducing FFCAs wittpattern association behaviouls a first step
towards aigorous study 6 the properties foFFCAs we decided to concentraten dheir capability b
act & associative memoriesln the following subsections @report e our work towards & estima
tion of FFCA capacity to member patterns.



3.1 Simple neighbourhood CA

In afirst series & experiments a FFCA associative memoriesewsedthe neighbourhood shown i
Figure 1.1 The task @ rectifying apatternmay involveextracting global informatiothat asingle
local rule using 4ells cannot extract. t was hopedhat theemergentehaviour ¢ the CA would
provide somaneans bglobal communicationacrossthe lattice, e that thewhole patterncould ke
analysed. A helpful feature é FFCAs is that the input patterplaced n the input column stays on-
stant throughout the computation, providing a steady reference for the rest of the automaton.

Two series of experiments were run, using
A. an 8x8 CA,
B. a 16x16 CA.

In each series the genetic algoritiwasrun repeatedly with a increasing numberf @attern pairsa
learn. In each pattern pair the inpatnd output vectors werthe same, but 20% noises appliedd
the input vectors. The GAs were run with the patamseshown in Table 3.1.

Parameter A B Input/Output
CA Width 8 16 000000000000000d
CA Height 8 16 1111111121111111
Minimum fitness 0 0 0101010101010101
Minimum generations 50 50 101010101010101d
Population size 400 400 0011001100110011%
Chromosome length 72 256 110011001100110(
state encoding takes| 56 240 111100001111000d
rule table takes 16 16 00001111000011117
Input noise level 20% 20% 0000000011111111%
Number of CA steps per test | until relaxation | until relaxation | 111111110000000(
Number of tests per pattern | 100 100
Number of patterns 2-8 2-10

Table 31 GA/CA parameters for the CA-capacity experiments. For #8GA the input/output
patterns were truncated after 8 bits.

Everyindividual was evaluatedybfeeding adistortedinput vectorinto the inputcolumnand obsev-
ing the CA’sbehaviouruntil it settled into astable state. Individualhat did notsettle within agiven
number of steps or fell into a periodic cycle were penalised by assuming the maximum error.

The GA ranfor the minimum numberfayenerationgndicatedin the tableand then until no further
progress waschieved,.e. both the averagend thebest fitnessri the population did noimprove
from one generatiorotanother. For each experimental settingirdlependentuns of the GA were
performed.

Table 3.2 shows typical rule tables obtained in the experiments.

Number of pterns 8x8 CA 16x16 CA

2 0001001100111111 001000110111111]
0001111100000111 001011110100111]
0000111100001111 001111110000001]
0000111100001111 000011110000111]
0000111100001111 000011001100111]
0000111100001111 000011110000111]
0000111101011111 000011110000111]
XXXXXXXXXXXXXXXX | 0000111100001111]
10 XXXXXXXXXXXXXXXX | 0000111100001111

© (00 |N (O 0|~ (W

Table 32 Rule tables obtained in the simple-neighbourhood associative memory experiment.



It can ke seenthat, as the numbeif patternsgrows, n both serieshe CA rule tables convergato
one particular form, namelyp000111100001111,” which issimplecopyrule thattakes the statefo
the cell on the left and copies it into the state of the current cell.

The emergence of the copy rule is what we should expect to happen if the nupdiégrofstoredin
the CA exceedsts capacitybecausehe copyrule is the rule with the minimum erroorrectionabil-
ity. This can be undstood by considering the following equation

C=pd0 Ilimd= IimE:O,
p-o P-= P

whereC is the total memory capacity fothe CA, p the number bstored patternandd is the error
correction capability. The formulasimply showsthat with agrowing number bstored patterns the
expectederror correctioncapability approaches. 0Therefore, ve can usethe performancefdCAs
running acopyrule as theeference fomeasuring the CA error correction capability, i.e.c&n as
sumethatany CA having aigherfitnessthan acopyrule has axonzero errorcorrection capability.
Furthermore, wcan find the CAmemory capacitylooking at the point where thevolved Q\ up-
date rules converge to the copy rule.

SinceC = pld, themaximumnumber & patterns storedni the CA will depend on the error correction
requested from the CAur in otherwords, @ the level d noise applied tahe inputvectors. In these
experiments, @awell as the following ones this level was set t20%, which means the CAgere e
quired to recover one fifth of the distorted input pattern.

The diagramsn Figure 3.1 showthe performanceof the simple-neighbourhood CA, compared with
the perfornance of the copy rule.
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Figure 31 Performance of simple-neighbourhood CA compared with performance of the copy rule.
The values denoted by diamonds correspond to averages of 3 runs of the GA.

From these resultsexcanseethat with up © 3 patterns the @ performance isbovethe copyrule.
When the CA is requiredtore 4patterns or more, the rulesonverge tahe copyrule. Thisseems
to indicate that the memory capacity is 3.

An interesting fact isthat the $x16 CA performance seems generally wotisan &8 CA. A poss$-
ble explanatiorior this effect is that theupdate rule with @mall neighbourhood (i.e. 3+1 cells) isot
simpleto deal with 16-bit long patterns. Threww bits @ informationareprocessedyeach cellin a
single step, which is 37% the total pattern lengtfor the 88 CA, butonly 19% forthe 16x16 CA.
Therefore, i might ke relatively easy for &A to discoverrulesthat  betterthan thecopyrule in a
8x8 CA, as the cells already have fairly large-scale informationth®contrary,the cells in a 16x16
CA really only have locahformation andherefore the @ has b solvethe much harder taskK dis-
covering how to communicate information across the CA.



3.2 Increasing the CA capacity

The experimentslescribed ri the previous section were repeataith a neighbourhood including 6

cells, as shown in Figure 3.2.
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Figure 32 6-cell neighbourhood.

Since the rule tables for a 6-cell neighbourhaoetjuite large (they include 2= 64 bits) anddifficult

to understandtheyare notshown n the report. However,from Figure 3.3t can ke seenthat the &-
perimental resultéollow a similar pattern d the results in the previous section, i.e. up tocartain
number 6 patterns (in thicase 4 both kinds d CA exhibit apositive error correctioncapability.
After that point, thaupdate rules converge tioe copyrule, or never reach @erformance comparable
with it.
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Figure 33 Performance of CAs with 6-cell neighbourhoods compared with the performance of the
simple copy rule. The results are averages of 3 GA runs.

Comparing these results with thosethe previous section oneansee aclear increaseniperform-
ance/capacity when usingb&gger update rule neighbourhoodBoth sizes 6 CA seemto have lene-
fited from the bigger neighbourhood, although thex1® CA still does slightly worsehan the 88
CA.

4. Discussion

It appearghat increasing theize ¢ CAs doesnot increase theimemory capacity.In our exper
ments thecapacity & the CA memory depends morenthe update-rule neighbourhostzethan m
the size of the CA. Also, as it was pointed out in Section 3.1, the maximum nunpiagteofsstored
in the memory also dependsidhe level d noise applied téhe input patterns.For this reasons, a
well as because of the amount of time whiabuld be required to carry out more exhaustive investi



gation (e.g. o try different set of patterns, bigger neighbourhoods, different noitevels, etc.), tiis

impossible to givehere aprecise estimation bCA memory capacityn relation b its architectural

parameters, ag ivas done Y Hopfield in [7] for neuralnetwork-based associative memoridsow-

ever, the resultsfahe aboveexperiments suggetttat CAs can indeed have propertiesassociative
memory.

The reduced capability of the 286 CAs to store patterns when using 4-oeighbourhoodmight ke

due b the fact that theproportion & the input pattern analysed ¥ a single cell (19% of the total

length) is smallethan theamount & noise presentin the input (20%). It could also brelated ©

more generic properties GAs that affecttheir pattern matchingapabilities. Some analysis fothe

pattern matching propertie$ GA hasbeen doneyJen [8] who showedhat there is aninimal ra-

dius d the update rule neighbourhooébr which one-dimensional CA&an “recognise” a arbitrary
input string and retain itsanvariant for the next time step.Although the processing doneybfeed

forward CAs is muchmorecomplexthan theprocessing bone-dimensional CAsand the numberfo
patterns being recognisenl dur experimentss greaterthanone, Jen’s results can stile bpplied ©

the self-association problenmithe FFCAS, since taeverycolumn ¢ a FFCA acertain amount fopat-

tern recognition takes place.

5. Conclusions

In this paper we have introduced feed-forward cellular automatamodelsand presented avay d
“programming”themby means ba genetic algorithma perform acomputationallyuseful function,
namelypattern associationThe investigation presented hesthowedthe applicability 6 genetic al-
gorithms to two-dimensional FFCgrogramming andndicatedthe potential d these CAs b act as
associative memories.

In order to produce &ull evaluationof CA associativememoriesand their practicabpplications,
more work is required. These are some of the important issues that need to be addressed:

« The interdependence between the number of patséwnedin the memoryand its erroicorrection
capability. The experimentsn section 3will have to ke repeated with differemtoiselevels to se
how they affect the CA memory performance.

e Our “until relaxation”terminating condition was the simplestway for deciding whenthe CA
computations have finisheddowever,other kinds & CA responsesnight favour the emergence
of well-performing individuals.

» In the previous sections CAs were trained to remember very speaifernsdisregardinghe fact
that theircapacitymight increase Yocarefully selectinghe patterns being storedlso, the proe
ess 6 adapting the CAa a particular set 6 patterns isvery lengthy, as thevhole evolution proc
esshas b be repeated foeverydifferent set bmemories. An alternative approachvould ke to
look for CAsthatremember well manpatterns andry to understanchow they dathat, ® as to
find a more analytical approach €A programming.We could lookat the dynamic behaviourf o
CAs and pick up the individualghat have alarge number d broad basins ¢ attraction. This
would allow storing many patterifattractorsyandbeing able to rectiffhem from awide range 6
distorted patterns (basins of attraction).
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