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Abstract

The hypernetworkis a molecular interaction-based
modelthat has learning capabilities. The adaptivealgo-
rithm randomlychanges the molecularstructues and se-
lects the bestindividual. Experimentswith the hypernet-
work show the importancefor evolution of the mutation
buffering capabilitiesof the system Mutation buffering al-
lowsthesystemnto improveits seach for peaksn thefitness
landscape

1. Intr oduction

Thebootstragprinciple of evolutionaryadaptabilitypro-
posedby M. Conrad[2] states’the degreeof gradualism
with which proteinfunctionchanges.. is botha condition
for anda consequencef evolution by variationandnatural
selection”(Conrad[3]).

This principle is basedon the mutationbuffering con-
cept,whereatdifferenthierarchicalevels,structuralredun-
danciessene to buffer the effect of changedn the com-
ponents[3, 5, 10], facilitating evolution. For instance,at
moleculadevel two versionsof aproteinmayhavethesame
function, but oneof themmaygive the organismmoreevo-
lutionary advantages.Thereare seseral examplesof such
variantsof proteinssuchasallozymesandisoenzymes.

In this paperwe shav the mutation buffering capabil-
ities of the hypernetwark model, a molecularinteraction-
basedmodelthat haslearningcapabilities,andwe discuss
its importancen searchingheadaptie landscap¢20] (see
Figure 1). The fithesslandscapén this caseis a multi-
dimensionabpaceof molecularstructuredistributions.

Molecularbuffering percolatesipto theorganismidevel
and allows organismsto behave differently in previously
unknawvn ervironmentsor to producesimilar behaior, to
the sameinput, even whenthey do not have identical low
level molecularstructures.

SilvanoColombano
NASA-AmesResearciCenter
ComputationaBcience®ivision
scolombano@mail.arc.nasawgo

Fitness

/'

Molecular distribution

Figure 1. Fitness landscape .

Thesecapabilitiesarea driving forcein evolution. They
allow biological organismgo searchfor otherpeaksin the
fitnesslandscapevithoutlosingfunctionality.

We amgue that evolvable hardware should incorporate
mutationbuffering capabilities. The systemshouldallow
someinternal changesdue to mutation, deterioration,or
failure. The systemshouldbe ableto maintainsomeof its
original functionality undersuchcircumstancesandat the
sametime, thesemolecularchangeshouldallow a system
to evolve to otherconfigurations.Thesecapabilitiesare of
greatimportanceor survival andevolution.

Firstwe describahehypernetwork modelandtwo of the
classificationtasksit wasgivento learn. We thentestthe
organismghatlearnedthetasksfor their ability to maintain
functionalityin the presenc®f randommoleculamutation
or denaturation.

2. The hypernetwork model

The hypernetvork model [15, 16] is a biologically in-
spiredmodelin which molecularinteractionsplay an in-
formation processingole. It is a hierarchicalmodelthat
illustratesthe flow of influencesfrom the macroto the mi-



cro level, andvice-versa. Its conceptuabasisis Conrads

percolationnetwork model[4, 7, 8, 9], andthe enzymatic
neuronmodel[1]. Following the classificationschemeof

Zehulim et al. [21], the hypernetvark architecturemay be
consideredasa molecularinteraction-base@volving plat-

form.

The basic elementsof the hypernetvork model are
molecular interactionsbasedon shapecomplementarity
The dynamicformation of networks of interactionsrepre-
sentshiochemicareactionsn thecell. Fromtop to bottom,
the organismis anorganizedsetof cells,whereeachcell is
representedby a cellularautomaton.A moleculeis placed
in eachlocationof thecell grid (seeFigure2).

The moleculesare modelsof proteins. They arerepre-
sentedby binary strings, and have three sites: an excita-
tory site and an inhibitory site that setthe moleculeinto
the active stateor the inactive state respectiely, anda cat-
alytic site thatcanmatchthe excitatory andinhibitory sites
of neighbormolecules.If the excitatory matchingis above
athresholdthenthetargetmoleculeis activated.Inhibitory
matchingwill inhibit the target moleculeregardlessof ary
otheractivationmatchingof themolecule.

The excitatory andinhibitory receptorsof the molecule
allow for the possibility of feedbackregulatory networks
with neighboringmolecules.
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Figure 2. Partial view of a cell. The molecule
in the center interacts with its eight neigh-
bors. Its excitator y (e), inhibitor y (i), and cat-
alytic (c) sites are labelled.

The adaptve algorithm, describedin detail in [15], is
designedo learnto classifya setof binary input vectors.
Theinput vectoractivatesthe receptormoleculesof thein-
put cells. Influencesarepropagatedhrougheachcell until
they reacheffector molecules. Effector moleculeshehave
the way neurotransmitterdo in neuralsystemswvhenthey
reachreceptorsn othercells. Potentiakelationship®f such
cellto cellinteractionsarepredefinedandareshavn asdot-
tedlinesin Figure3. Theactualcell to cell interactionsare
dynamicallyformedby everyinputvectot

Oncethe influencesarrive at the effector moleculesof
output cells the output vector is obtainedby readingthe
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Figure 3. A hypernetw ork with 2 input cells,
2 layers of internal cells, and an output layer
with 4 cells.

stateof the readoutstructures.If any moleculecloseto a
readoutmoleculewasactivatedthenthe outputis "1”, oth-
erwiseit is “0”. We concatenatthe bits to form the output
vector We comparethe outputvectorwith the desiredone
to find theerrorfor this particularcase.

We apply this procedurefor eachone of the input vec-
tors, andwe find the global error basedon all of them. If
the organismdoesnot achieve 100% learning, it is repro-
ducedwith mutation.

At themomentof reproductioreachmoleculeis selected
for mutationwith a probability of about0.8%,and,if cho-
sen,it randomlyflips afractionof its bits. In currentexper
imentsusually30% of thebits areto berandomlychanged.

Oncea newn organismis generatedhis way we testit
with the training vectors. If it hasbetterperformanceahan
its parent,we keepit asthe betterindividual, otherwisewe
usethe parentto make anothermutantandgo throughthe
cyclefor adeterminechumberof epochspr until theorgan-
ism achieves100%learning.

3. Learning tasks

For the purposeof this work, we found organismsto
solve the two x two-bit multiplier, and the N-input parity
tasks. In both caseghe goalwasto learnthe completeta-
ble. Thetrainedorganismsvereusedo testtheirrobustness
asexplainedin the next sections.



3.1 Two x Two-bit multiplier

Thetopologyusedto train organismdor thetwo x two-
bit multiplier taskis shavn in Figure3. We obtain99.22%
averagelearningfor ten organismswith 100%Ilearningin
five cases. It takeslessthan 10 minutesto learnthe task
with a Pentiumlll 800. Eachorganismhasa total of 304
moleculedistributedin 12 cells.

3.2 N-input parity test

The N-input parity problemis to find the odd parity of
2N pinary input vectors. The organismmustanswera 1"
if theinputvectorcontainsanodd numberof "1” bits, and
"0" otherwise.Thesimplecaseof N=2 (theexclusiveor, or
XOR function) cannotbe solved with singlelayer percep-
trons[13]. SolvingthegenericN-input parity problemwith
geneticalgorithmsis difficult [11]. Multiple layer neural
networkscansolve theproblem[18, 19, evenin thecaseof
N=10[17].

With the hypernetvork model we obtainedthe results
shawvn in Table 1. We got up to 100% learningfor N=6,
N=8,andN=10. The numberof epochsavasupto 150,000.

N | Average| Std. | Minimum | Maximum | n
% Dev. % % runs
6 100 0 100 100(10) | 10
8 96.80 | 3.725| 90.63 100(4) 10
10| 93.13 | 7.127| 81.25 100(1) 5

Table 1. Results of learning the N-input clas-
sification task, N from 6to 10. The number of
organisms that obtain the maximum value of
100% correct classification is shown in paren-
theses. From [14].

The numberof moleculesandcellsin the organismare
shawvn in Table2. Organismshat learnthe 8-input parity
and the 10-input parity task have 236 and 256 molecules
respectiely.

N | No. [,M,O Cells | No. of Molecules
6 3,6,1 216
8 46,1 236
10 56,1 256

Table 2. Organism characteristics for diff er-
ent N-input classification tasks. Number of:
I=input cells, M=internal cells, O=output cells.

4. Testing the mutation buffering capabilities
of the organisms

We wantedto testthe robustnes®f the hypernetvark to
structuralchangesThe changesould be at the molecular
cellular, or organismiclevels. In this paperwe concentrate
on changeatthelevel of molecularstructures.

Theorganismghatachiezed100%learningin the previ-
oustasksunderwentmolecularmutationsduring reproduc-
tion. Therearetwo typesof substitution:Randonmmutation,
andmoleculardenaturation.

o Randomsubstitution:a moleculeis substitutedor an-
othermoleculewith randomstructure.

e Molecular "denaturation™: all the “1” bits of the
moleculearereplacedoy "0”. Thisis arepresentation
of amoleculethathaslesscomplexity thanothers.

From each trained organism we generateda sub-
population of twenty organismswith mutationsin one
molecule, another sub-populationof twenty individuals
with mutationsin two molecules,and so on. After the
sub-populations/ereobtainedwetestedheir performance
againstthe training setto find out how the mutationsaf-
fectedthe performanceof eachsubpopulation. This pro-
cedurewas donefor every experimentand for eachtype
of mutation. Receptomoleculesrom input cellswerenot
consideredor mutationin orderto assurethatall theinput
vectorswereread,andthat the mutationaffectedonly the
dynamicsof the networksof interactions.

Figures4 to 11 showv the performanceof the different
sub-populations.The boxes representhe numberof mu-
tantsthathave agivenperformancer percentagef correct
classificationsfor eachsub-population Below we explain
the detailsfor eachexperiment.

4.1 Buffering capabilities of the two x two-bit mul-
tiplier organisms

From each of five organismswe generatedanother
twenty, resultingin sub-populationgf 100 mutants.Figure
4 shaws thatin the sub-populationvherethreemolecules
were mutatedrandomly 40 mutantsshav 100% correct
classification. Also, in the in sub-populationwhere two
moleculeswere mutated,closeto 70 mutantswereableto
obtain100%correctclassification.The resultsfor the sub-
populationwith six mutatedmoleculeshow thataboutl 0%
of the mutantsperformaswell astheir parent§100 % cor-
rectlearning). In contrast,in the sub-populatiorwith six
randomlydenaturednoleculeswe obseredthat 30% have
thesameperformancestheir parentgseeFigureb).

The total numberof moleculesin eachorganismwas
304,andsix moleculegepresent..97%of them.



4.2 Buffering capabilities of the 6-input parity and
8-input parity organisms

Figures 6 and 7 shav the performance of sub-
populationsobtainedfrom 6-input parity organisms.In the
figureswe obsened that, as expected the performanceof
theorganismsn the sub-populationslecreaseasthe num-
ber of mutatedmoleculesncreasesbut therearesubpopu-
lationsfrom 4 to 6 mutatedof denaturizednoleculesvhere
about10% of the individuals obtain 100% learning. The
samebehaior is obsenedin sub-population$rom 8-input
parity organismgseeFigures8 and9).

4.3 Buffering capabilitiesof the 10-input parity test
organism

We testedthe buffering capabilitiesin the organismthat
wasableto learnthe completelO-inputparity table.In Fig-
ure 10 we seethat after a one-moleculenutation, 10 indi-
viduals(50%) have the sameperformancestheir ancestar
However, if five moleculesor more were mutated,the or-
ganismswere very damagednot shaving morethan80%
learning.

Ontheotherhand,in the caseof moleculardenaturation
therewasa moregradualdecayof the performancelt was
possibleto find 10% of the mutantswith at mostfour dena-
turedmoleculeg0.78%)behaing lik e their parents.

5. Discussion

Biological systemshave mutationbuffering capabilities
atthemolecular cellular, andorganismiclevels. Theseca-
pabilitiesareimportantin two respects:

e Evolutive potential allows exploration of different
pathsin the fithesslandscapewhen ervironmental
conditionschangegprinternalchangegorcetheorgan-
ismto have adifferentbehaior.

o Buffering ability allows the organismandits compo-
nentsto survive whensomeelementf it, like cells,
or moleculesaredamaged.

5.1 Buffering at the molecular level

At themolecularevel mutationbuffering is modelledin
the learningprocedureby allowing a moleculeto flip just
15%of its bits. In this way the hypernetvork may generate
moleculeswith different structuresbut with similar func-
tion (isozymes). The isozymescanbecomea valuableas-
setwhen other neighbormoleculesare mutated,allowing
theformationof anew dynamicspreviously unlikely if that
moleculehadkeptits original structure.

Formationof new molecularnetwork dynamicsallows
theevolving organisnto searcHor otherpeaksn thefitness
landscape.This buffering capacityhasbeenobsened, for
instancejn catalyticRNA [12].

5.2 Buffering at the organismiclevel

We studythebuffering capabilitiesof organismsby gen-
eratinga subpopulatiorof mutants.Fromthe experiments
we found that abouttento twenty percentof mutantswith
up to five mutations(or 1% - 2% of their molecules),ex-
hibit the samefunction as their parents. Thesemutants
explore the fitnesslandscapesimultaneously making the
searchmoreefficient. Also, the organismsareableto per
form well, evenwhenthey suffer somemoleculardamage.

Theexperimentsshow thatin somecasest couldbebet-
terfor atrainedorganismto denaturesomeof its molecules,
insteadof mutatingthemto someother functional struc-
tures. New structurescould give the organismsother un-
wantedfeatureshatwould underminegheoriginalfunction.
This is partof a necessargompromisebetweenacquiring
new functionsandmaintainingall the necessargnes.

5.3 Evolvablehardwareand the trade-off principle

The trade-of principle of adaptabilitysays:"a comput-
ing systemcannot at the sametime have high programma-
bility, high computationakfficiency, andhigh evolutionary
adaptability”[6].

Currentimplementationof computershave very high
programmability but very low evolvability. Someimple-
mentationof systemscould have a high degreeof compu-
tationalefficiency but poorprogrammabilitysuchasmolec-
ular patternrecognitionsystemsEvolvablehardwarecould
benefitfrom mutationbuffering capabilities We arguethat,
atleastin somecasesit isimportantfor asystento perform
ataskand,atthe sametime, to be ableto adaptto changes
in its environment. Thehypernetvork modelshovsthefea-
sibility of building a physicalrealizationof suchcharacter
istics. While we have not yet attemptedo testthis propo-
sition, FPGAsseemsuitedas a hardware platform for the
hypernetveork architecturepromisingonline systemevolv-
ability.

6. Conclusions

Mutation-kuffering propertiesareobsenedin hypernet-
work organisms.The generatiorof mutantsin the popula-
tion that have the sameor even betterfithessvalue, allows
themto explore efficiently on the fitnesslandscape. The
hypernetvark model of biological information processing
couldsene asamodelfor thephysicalrealizationof evolv-
ablehardware.
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Figure 4. Performance and mutant count of
sub-populations generated by random muta-
tion from five two x two-bit multiplier organ-
isms. There are 100 mutants in each sub-
population.
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Figure 5. Performance and mutant count of
sub-populations generated by molecular de-
naturation from five two x two-bit multiplier
organisms. There are 100 mutants in each
sub-population.
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Figure 6. Performance and mutant count of
sub-populations generated by random muta-
tion from ten 6-input parity organisms. There
are 200 mutants in each sub-population.

Figure 7. Performance and mutant count
of sub-populations generated by molecular
denaturation from ten 6-input parity organ-
isms. There are 200 mutants in each sub-
population.



Figure 10. Performance and mutant count of
sub-populations generated by random muta-
tion from one 10-input parity organism. There
are 20 mutants in each sub-population.

Figure 8. Performance and mutant count of
sub-populations generated by random muta-
tion from five 8-input parity organisms. There
are 100 mutants in each sub-population.

Figure 11. Performance and mutant count of
sub-populations generated by molecular de-
naturation from one 10-input parity organism.
There are 20 mutants in each sub-population.

Figure 9. Performance and mutant count of
sub-populations generated by molecular de-
naturation from five 8-input parity organ-
isms. There are 100 mutants in each sub-
population.
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