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Abstract- A hierarchical architecture for information
processing,the hypernetwork model, has recently been
implemented. This is a thr ee level model, inspired by
biological systems,that includes representationof scale,
vertical flow of information, and feedback control. All
interactions are based on complementary relationships
between molecular subunits. The system is molded to
perform desired tasks thr ough a variation-selectionalgo-
rithm acting on the structur e of the molecular subunits.
The designof the system,the learning algorithm, and pre-
liminary pattern classificationresultsarepresented.

1 Intr oduction

Natureis organizedhierarchically. Biological systemhier-
archiesrun throughsubatomicparticles,atoms,molecules,
cells, organs, individuals, communities, and ecosystems.
Each level of organizationhas its own characteristics,but
neverthelesstheunitsat thedifferentlevelsinteractwith each
other to form a vast network whosespace-timedynamics
crossdifferentphysicalscales,from the micro to the meso
to themacro.All interactionsareultimatelybasedon virtual
particleexchangesbetweenelementaryparticles.This atom-
istic interactionalpicturedoesnot,however, precludetheex-
istenceof propertiesat higherhierarchicallevelsthatemerge
in collective fashionfrom the propertiesof the constituent
elements(Scott,1996).Scaleandhierarchygo handin hand.

The model describedhere, to be referred to as the
hypernetwork model,addressesthe role of this hierarchical
organizationin biological informationprocessing.The term
“hypernetwork” is intendedto capturethe interactionalnet-
work aspectof multiscaleinformationprocessing.Themodel
treatsbiological systemsas networks of interactingmacro-
molecules.Shapecomplementarityis the operative interac-
tion principle. Cells arenetworksof molecularinteractions.
The key featureof the hypernetwork model,consistentwith
the atomisticprinciple, is that units at all levels above the
basemolecularlevel areconstructedfrom molecularinterac-
tions. Thedistinguishingfeatureis scale.Thustheorganism
is representedasa network of molecularinteractionsinvolv-
ing effectorandreceptormoleculesof thecells. Theinterac-
tions thatdefinethe organismlevel network have in general
differentscaleproperties.Thisrepresentsthecomplementary
collectiveaspectof biologicalorganization.

Adaptive capabilitiesareclearlyessential.Thepatternof
interactionsmustbemoldedby evolution or learningto per-

form requisitefunctions. Adaptationcanbeunderstoodasa
processof choosinga particularsubnetwork to solve a given
problem.Two basictimescalescanbeconsidered:thephylo-
geneticandthe ontogenetic.Phylogeneticlearningis essen-
tially populationbased.Evolutionarycomputationtechniques
generallyfit to thispicture(Bremermann,1962;Fogel,1995;
Fogel et al., 1966;Holland, 1975;Reynolds,1994;Schwe-
fel, 1995)Theshortertime scaleontogeneticadaptationpro-
cessresidesin a singleindividual andmay take many forms
(includingpopulationbasedforms,asin theimmunesystem).

Our specificpurposehereis to describethemodelandto
illustrateits operationwith preliminaryexperimentson sim-
ple signal classificationtasks. At this stagewe represent
only a singleorganism.Learningis basedon error feedback
actingon the representationof molecularstructure. Signals
impinging on the network are integratedin spaceand time
by complementarymolecularinteractions,viewed as repre-
sentingeitherthe dynamicformationof structureor aslink-
ing metabolicprocesses.Readoutmoleculesinterpretthese
dynamicpatternsto activate output. The representationof
molecularstructureis variedfirst, thenthe locationof read-
outs is varied. As the performanceis improved, the extent
of variationis decreased.Population-basedevolution canbe
viewed as an extensionthat would allow memoriesof suc-
cessfulvariantsto be preserved. This is the intendednext
step.

2 The Percolation Network Model

Thepercolationnetwork modelformstheconceptualbasisof
the hypernetwork model. This is is a multi-scalemodelthat
stressesthe flow of information amongthe different levels
(Conrad,1979,1984,1993,1995a,b,1997).Informationper-
colatesacrossscaleif it is neitherignorablenor eliminable
for the purposesof calculatingthe time developmentof the
systemasviewed at otherscales.Theseinfluencesgo both
bottom-upand top-down. Influencesfrom the environment
impingeon the top level of the system.The influencesthen
filter down into lower levels(organs,cells) through“integra-
tive dynamics”,until they reachlower levels (mesoandmi-
croscale).Specificinfluencespercolatetoupperlevelsby “se-
lective amplification”until they againreachtheenvironment
at thetop level (seeFigure1).

The cyclic AMP system of neuronsprovides an ex-
ample of cross-scaleinteractionsand of the transduction-
amplification process. Neurotransmittermolecules (e.g.,
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Figure1: Schematicrepresentationof a percolationnetwork.
Modified from Conrad(1995b).

epinephrine,vasopressin)bind excitatory receptorsthat ac-
tivateG-proteins;thesearefirst stageamplifyingcomponents
thatactivateadenylatecyclase,theenzymethatproducesthe
secondmessengercAMP from ATP. ThecAMP in turn acti-
vatestarget proteins(proteinphosphatases)that activateef-
fector proteins. Thesemight be associatedwith DNA, with
cytoskeleton,with synapticvesicles,or may be ion channel
proteinsthatcontrolnerveimpulseactivity (Shepherd,1994).
Thenet resultis a changein the internalnetwork of thecell
thatcanpercolateup to higherlevelsof organization.

Thecyclic nucleotidesystemis ubiquitousin the cellsof
higherorganisms.Its role in controlling the firing behavior
of centralneuronssuggeststhatthepercolationnetwork prin-
ciple is operative in the brain (Libermanet al., 1985). The
immuneand developmentalsystemscan also be viewed in
this manner. The generalfeatureis this: externalinfluences
(e.g.,photons,messengermolecules)filter down to alter in-
ternalnetworksof molecularinteractionswithin thecell. The
influencesarecombinedin spaceandtime throughthesein-
teractions,leadingeventuallyto activationof cellulareffector
molecules. The interactionspercolateup from the molecu-
lar to thecellular level throughinteractionsbetweeneffector
andreceptormoleculesof differentcells. Integrationandse-
lection of information occursat all stages.Multiple scales
contribute synergistically to this process.The key underly-
ing mechanismis molecularconformation.Thestructureand
function in biological systemsis mostessentiallycontrolled
by shapeinteractionsamongmacromolecules.

3 Model Description

The overall architecturecomprisesthreehierarchicallevels,
to be referredto asmolecular, cellular, andnetwork levels,

aswell asanexternalenvironmentfrom which theorganism
receivesinfluences(Figure2). The internalenvironmentof
the organismis definedby the relationshipsamongits con-
stituentcomponents.
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Figure 2: The hypernetwork model. Circles represent
moleculesandarrowsinteractionsamongmolecules.Dashed
rectanglesaroundcollectionsof moleculesdemarcatecellular
units.

Thedesignof themodelis bottom-up,basedonmolecular
interactionsat the lowesthierarchicallevel. Two molecules
react if their recognitionsites are complementaryto each
other. The basicunit canbe schematicallyrepresentedlike
this:

Interaction (I)

M1 M2

HereM1 andM2 aremoleculesandI is the interactionbe-
tweenthesetwo molecules. The network of interactionsis
constructedfrom many suchbinaryinteractions.For example
in thenext schematicmoleculeM1 interactswith molecules
M3, M4 andM5, throughthe interactionsI3, I2 and I1 re-
spectively.

M1 M5M2

M3 M4

I1

I2I3I4

External Input

Output



Thenetwork of interactionscanbethoughtof asa highly
abstractedrepresentationof reactioncascadesin thecell. The
network canchangeaccordingto thegiveninput andits cur-
rent state. At presentscaleis representedby densityof in-
teractions.This is greaterwithin the cell thanamongcells.
However, interactionstrengthandtiming couldalsobeused
to representscalefeatures.

Eachcell is representedasa grid (without wraparound).
Eachgrid locationcontainsonemolecule.Molecularshapes
arerepresentedby binarystrings.Interactionsaredefinedby
complementarymatchesbetweenstrings. At presentthese
stringsrunfromtwo to eightbits,but for thepreliminarystud-
iesreportedhereweusedtwo bit strings.Everymoleculehas
two states:active (if it is readyto interactwith its neighbors)
andinactive. A moleculecanbeactivatedby externalinflu-
encesor by a neighboringactivatedmoleculethat interacts
with it (by complementarymatching). Partial matchesare
possible,but not usedin thepresentstudy.

Molecules can serve receptor, effector, metabolic and
readoutfunctions. Receptormoleculesreceive signalsfrom
external inputs or through the interaction with effector
moleculesfrom other cells. Metabolic moleculesform in-
ternalnetworkswithin thecell. Thesenetworkscombinethe
input signalsin spaceand time. The cells containa subset
of effectormolecules.Theactivationof themoleculesin this
subsetcontrolsthe interactionswith other cells. Cells can
alsocontainreadoutmoleculesthatareactivatedby localpat-
ternsof activity, but atpresentthesearerestrictedto anoutput
layerof cells(asdescribedbelow).

All activities of the cell arebasedon the behavior of its
constituentmolecules(seeFigure3). Theintercellularinter-
actionsthatdefinethecell level network areformedthrough
complementarityinteractionsbetweeneffector and receptor
molecules.This is theorganismlevel, the top level of a sin-
glesystem.
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Figure 3: Two cells with their molecules. Receptorsare
black hexagons,effectorsare dashedhexagons. Metabolic
moleculesarecircles. Dotted lines areeffector-receptorin-
teractions.

The network level comprisesinput cells, intermediate
cells,andoutputcells. Inputandintermediatecellsform mul-
tiple connectionsto othercells that canbe roughly pictured
asmultifunctionalsynapses.Effector (or output)cells have
readoutmoleculesthatcanactivatethesecells to yield a 0 or
1 output. Outputcellswill fire if a readoutmoleculeis acti-

vated. In the presentversionof the modelactivationoccurs
if the readoutmoleculesits in the samelocationasan acti-
vatedmoleculeof theoutputcells. Also, for theexperiments
donesofar, thenumberof readoutmoleculeshasbeenrather
arbitrarily restrictedto fiveperoutputcell.

Inputcell receptorsreceiveexternalinfluencesin theform
of input vectors.Theactivatedreceptorstriggercascadesof
interactionsin theinput cellsthatactivateeffectormolecules
that in turn interact with receptormoleculesof metabolic
cells. Theseinteractions,as indicatedabove, form the cel-
lular level network. This is a dynamicallychangingnetwork,
dependingon theparticularinput vector(Figure4).

In this way external influencesare translatedandampli-
fiedfirst into intracellulardynamicsignalflows,andtheninto
lessdenseintercellularsignalflows. Thedistributionof input
to the moleculesin the metaboliccells canbe thoughtof as
downwardfiltration andspreadingof signals.Theamplifica-
tion of thesesignalpatternsto form outputcanbethoughtof
asanintegrationandupwardpercolationprocess.
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Figure 4: An exampleof an organismcomposedof, from
left to right, two input cells, three intermediatecells, and
two outputcells. Eachcell has20 molecules(4 receptor, 12
metabolic,and4 effector).Circlesrepresentmolecules.Lines
representinteractionsresultingfrom agiveninput.



4 Adaptation Algorithm

Adaptationis basedon thefeedbackactingon themolecular
structure.The differencebetweenthe outputvectorandthe
desiredoutput associatedwith the input patterndetermines
the magnitudeof an error signal. If the differenceis sig-
nificant, feedbacklinesareactivatedin a way that randomly
modifiesthe bit string representationof the molecules.The
hypernetwork architecturealongwith the adaptive feedback
loop is illustratedin Figure5.

Thelearningprocessbeginswith translationof thebinary
input datainto a representationof intracellularmolecularin-
formation. The binary input is segmented. Every segment
influencesone input cell. Each input cell containsall the
possiblereceptors,therebyensuringtheactivationof onere-
ceptormoleculein eachinput cell. This is not realistic,but
is appropriategiventhesmall numberof cells in thepresent
implementation.Every activatedreceptormoleculetriggers
the formationof a network of intracellularinteractions,and
thereforea wave of activity thatpassesthroughthecell until
it reacheseffectormolecules.Theeffectormoleculeactivity
is in turnbroadcastto receptormoleculesof neighboringcells
to form thecellularlevel network.

Output Vector (O)

|O-D|>ε

Input Vector (I)

True

False

Control

Hypernetwork

Figure5: Thehypernetwork andtheself-adaptive loop.

The outputvectoris formedby the activity of the output
cells.Outputis binary. It is 1 if oneof thereadoutmolecules
hasbeenactivated,0 otherwise.The structureof molecules
(i.e., their binarystring representation)is changedrandomly
in responseto theerrorsignal.Theextentof mutationis asig-
moidal functionof thelearningrateat thepreviousiteration.
In theexperimentsreportedmoleculeswerechosenatrandom
for mutation.Adaptationproceedsin two distinctphases(at

presentwithoutrepetition).Thefirst is mutationof molecules
other thanreadoutsandreceptors.The secondis relocation
of readouts.SeeFigure6 for a pseudocodedescriptionof the
learningalgorithm.

1: repeat
2: for Everyinputvector

���
, desiredoutputvector � � do

3: Readinputvector
���

into input cells
4: repeat
5: Propagateinteractionsthroughcells
6: Form cell to cell interactions
7: until Effectorsof outputcellsareactivated
8: Readoutputvector � � from theoutput cells
9: end for

10: if ���������� ��� � �� "!$#&%(') 
then

11: Alter molecularstructures(PhaseI) or
12: Relocationof readoutmolecules(PhaseII)
13: end if
14: until �*� � �+��� � � � �  "!$#-,.'/ 

or Terminationcondition

Figure6: Theadaptivealgorithmfor hypernetwork learning.

5 Preliminary Results

Previously, amultilevelneuronarchitecturewasimplemented
to solve task navigation problems(Chen,1993; Chen and
Conrad,1994),facerecognition(Jeffries andConrad,1994),
andcategorizationof Chinesecharacters(ChenandConrad,
1997). The hypernetwork architecturehasalsobeenimple-
mentedto solve categorizationproblems,but at presentof a
muchsimplernature.Datasetsof 2, 4, and6 bit lengthwere
used. The numberof classesthat mustbe recognizedrange
from 2to 64(in the6-bit case).SeeTables1-3for preliminary
results.

For a givenarchitecturethedifficulty of thetaskincreases
with the numberof classesto be recognized,as might be
expectedgiven the hyper-exponential characterof pattern
groupingproblems.Theresultsshow that the hypernetwork
architectureexhibits adaptive propertiesdespitethe simplic-
ity of thelearningalgorithmused.Weexpectthatthesecapa-
bilities will increaseasthesizeof thesystemis enlargedand
asmoresophisticatedversionsof the learningalgorithmare
implemented.

Table1: Two bit dataset(4 vectors).I is thenumberof input
cells,N thenumberof intermediatecells,andO thenumber
of outputcells.

No. of No. of Cells Numberof Itera- Learning
Classes I,N,O Molec/Cell tions Rate(%)

2 1,2,2 20 18 100
4 1,2,2 20 6000 100



Table2: Fourbit dataset(16vectors).
No. of No. of Cells Numberof Itera- Learning
Classes I,N,O Molec/Cell tions Rate(%)

2 2,10,4 20 6000 99
4 2,10,4 20 6000 88
16 2,10,4 20 6000 75

Table3: Six bit dataset(64 vectors).
No. of No. of Cells Numberof Itera- Learning
Classes I,N,O Molec/Cell tions Rate(%)

2 3,12,4 20 6000 74
8 3,12,3 20 6000 70
64 3,12,6 20 6000 65

6 Concluding Remark

The hypernetwork model has only recently been imple-
mented. Work with it hasjust begun. The main objective
is to elucidatethe operative principlesof hierarchicalinfor-
mationprocessingin biological systemsfrom a consistently
interactionalpoint of view. Consistentheremeansthat all
hierarchicalfeaturesareformulatedin termsof interactions
of elementarymacromolecularsubunits. Many questionsare
open:what factorscontrolhow signalsaredistributedto the
partsof asystem;how dosignalspercolatefrom macroto mi-
cro scale;how arethey integratedat differentlevels in space
andtime;how arethey selectedfor amplificationto themacro
level; andhow arethey moldedfor function on ontogenetic
andphylogenetictime scales?Our hopeis that formal mod-
eling from aninteractionalpoint of view will provide insight
into thesequestions.
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