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Abstract. Emergenceis seenasthemostsignificantfeaturediscriminating“complex”
from “non complex” systems.Nevertheless,no standarddefinitionof emergenceis cur-
rently availablein the literature.This lack of a sharedview affectsthedevelopmentof
tools to detectandmodelemergencefor both scientificandengineeringapplications.
Herewereview somedefinitionsof emergencewith theaimto describehow they canbe
implementedin algorithmsto detectandmodelemergencein sensorandcommunication
networks.

1 Intr oduction

Complex systemsareoftendefinedin the literatureasensemblesof a largenumberof inter-
actingsimpleentities,which displayemergentproperties.Suchemergentpropertiesarewhat
make suchsystems“complex”, aswell asinterestingto study. However, definitionsof emer-
genceavailablein the literaturediffer considerablyin both their philosophicalapproachand
formal rigour. This lack of sharedunderstandingmakes communicationbetweenscientists
andpractitionersin Complex SystemSciencedifficult, and,worsestill, representsan obvi-
ouschallengein thedevelopmentof analyticaltoolsfor theformal andexperimentalstudyof
emergentproperties.

Therearemany reasonswhy thestudyof emergenceis important.Themostobviousis that
emergentbehaviour seemsto beubiquitousin Nature.And emergencedoesnot seemto arise
solelyfrom naturalsystems:Chaitin[2] shows ushow emergentpropertiescanbefoundalso
in somethingassimpleand“human-made”asnumbertheory. Anotherreasonwhy attentionis
focusedonthestudyof emergenceis thatstandardanalyticaltoolsusedin physicsdonotseem
to beableto describethegenerationof “novelty” [9]. Thephysicscommunityhaslongaimed
at thediscoveryof fundamentalphysicalequationsableto summarizetheinnerworkingof all
aspectsof Nature,which hasbeenpopularizedasthequestfor a “theory of everything”.This
ledsomeauthorsto claimthattheunderstandingof emergenceis acrucialmissingcomponent
in ourunderstandingof theworld [14].

Confidentthatthestudyof emergenceis aworthwhileendeavour, in this review, wecover
somedefinitionsof emergenceavailable in the literature.Our aim is not philosophical,but
practical.We do not attemptto suggesta “best” definition,ratherwe favour definitionslead-
ing to the developmentof numerical/analyticaltools enablingformal studyandexperimen-
tation on emergent properties.Our aim is ultimately towardsthe many engineeringappli-
cationswhich nowadaysdependon developmentof intelligent self-organizing networks in



order to tackle problemsof increasingcomplexity and size. In thesesystems,the desired
responsesemerge by self-organization:patternsat the global level emerge solely from in-
teractionsamongthe lower-level componentsactingon ruleswhich areexecutedusingonly
local information,without referenceto theglobalpattern.In therestof this paperwe askthe
following questions:

1. whatview of emergencecapturestheprocessthatwe expectwill happenin largeensem-
blesof lower-level componentslike theoneswedescribedabove?

2. how wouldsuchaview of emergenceleadusin thedevelopmentof usefulalgorithms/tools
to detectand/ormodeltheemergentprocesses?

2 Somecommondefinitions of Emergence
Probablythemostcommondefinitionof emergenceis “a propertyis emergentif it cannotbe
explainedfrom thepropertiesandinteractionsof thelower level entities”.Kubik [11], Shalizi
[25] andCrutchfield[3] criticisethisdefinition,mostlyonthebasisthatsuchdefinitionsimply
impliesthatwearecurrentlyunableto explainits relationto lowerlevel entities.Oneday, with
betterscientificknowledge,we maybeableto do so.Consequentlysucha statementis based
onatemporarystateof (lackof) knowledgeof theobserverratherthanonanintrinsicproperty
of asystem(seethediscussionof causationandcontrolin Pattee,[17]).

A slightly morerefinedversionof theabovedefinitionreads“a propertyis emergentif it is
notdisplayedby thelower level entities”Kubic [11] (seealsoRosen[23]: “Onewayto define
emergenceis to call abehavior of asystememergentwhenit cannolongerbedescribedby the
modelthatdescribedthesystemuntil then”). A potentialproblemwith this definition is that
basicallyeverythingcanbe seenasemergentaccordingto it. For example,all macroscopic
matteris madeof atoms,andno individualatomsdisplaythefeaturesof themacroscopicma-
terial [1]. Arguably, this definitionhasmoreappealthanthepreviousonesinceit offersitself
to numericalanalysis.A considerablebodyof work exploresthisview of emergence,in partic-
ular in theCellularAutomata(CA) literature.For example,thewayintrinsiccomputationmay
emerge spontaneouslyandcometo dominatethe dynamicsof physical systemswhenthose
systemsare in the vicinity of a second-orderphasetransitionhasbeenstudiedby Langton
[13], Mitchell et al. [16] andWolfram [29], amongothers.More recently, Wiedermannand
van Leeuwen[28] have exploredthe emergentcomputationcapabilitiesof large numberof
interactingagents.They formally provethattheiremergentcomputationalpowergoesbeyond
traditionalsystemsandresultsin superTuringcomputationalcapabilities.

Moreformally, Shalizi[25] proposesthat“a featureis emergentif it canprovidebetterpre-
dictability onthesystembehaviour, comparedto thelower level entities”.Importantly, Shalizi
[25] andCrutchfield[3] giveaformal,information-theoreticdefinitionof theaboveconceptas
well asnumericaltoolsto implementit. Interestingly, while theideaof predictabilitynaturally
involvesanagent(observer), the “measure”of emergencethey provide is observer indepen-
dent,andthusanintrinsicpropertyof asystem.

Wewould like to pointout,however, thatevenif suchameasureis observer-independent,
the observation structure/topology(e.g.,the CA itself, a topologyof a network, etc.) is pro-
videdapriori, notnecessarilyby the“observer”. It canbearguedthatresultantpatternsemerg-
ing asa resultof observer-independentprocessesarepatternsonly with respectto a certain
observationstructure/topology, imposedon or selectedin theenvironment.An interestingas-
pect,however, is that thechoiceof sucha structure/topologyis not entirelydecoupledfrom



theenvironment.In fact, this choiceoftendependson theemergentphenomena.So thepro-
cesscanbebestcharacterisedin termsof tangledhierarchiesexhibiting StrangeLoops:“an
interactionbetweenlevelsin which thetop level reachesbackdown towardsthebottomlevel
andinfluencesit, while at thesametimebeingitself determinedby thebottomlevel” [8].

This view involvestheconceptof “downwardcausation”[6,1,7]. Roughly, “a featureis
emergentif it hassomesort of causalpower on lower level entities”.While commonviews
of emergenceassumethat lower level entitiesmusthave an“upward” causationon theemer-
gentfeatures,this approachrequiresa 2-way causalrelation.As anexample,we canimagine
individualsorganisinginto a community. Their actionsaffect how the communitydevelops
(upwardcausality)andthedevelopmentof thecommunityitself affectsthebehaviour andin-
teractionof theindividuals(downwardcausality).A critiqueof theconceptof downwardcau-
sationcanbefoundin [17]. Thisdefinitionhasanobviousappealsinceit clearlygoesbeyond
thereductionistapproachto theanalysisof complex system.An applicationexampleof this
approachis presentedby Prokopenko andWang[20], who demonstratedthatself-inspection
andself-repairof a sensorandcommunicationnetwork canbe describedin self-referential
terms.

It is our opinionthat the last threedefinitionsareparticularlysuitedto studymulti-agent
engineeringsystems:

1. Defining emergenceas “a propertywhich is not displayedby the lower level entities”
providesus with a setof information-theoretictools for “quick anddirty” detectionof
emergence.

2. TheComputationalMechanicsview of emergenceasincreasedpredictabilityon system
behavior allows us to focuson a subsetof featureswhich carry maximuminformation
aboutthesystem.Model reductionandpredictabilityarethesoughtoutcomes.

3. Finally, theconceptof “downwardcausation”seemsto aim at a deeperunderstandingof
thesystembehaviour andits multiscale/multilevel functioning.

In the remainderof the paperwe discusspotentialtools implementingtheseideasin multi-
agentsystemsstudies.

3 “Tools” to detectemergence

Amongthetoolsusefulin aninitial, exploratoryinvestigationof thedynamics,or in thesub-
sequentvisual representationand descriptionof the dynamicsitself, we can point out the
dimensionality-reductiontools suchasSelf-OrganisingMaps(SOM), Local Linear Embed-
ding (LLE and its variants),Isomap,etc. The purposeof thesetools is to identify low(er)
dimensionalmanifoldsin higherdimensionaldatasets.They areusedin visualisation,data
compressionbut alsodatamining with, potentially, usefulapplicationin the studyof emer-
gence.Under the assumptionthat the coordinationbetweenlower entitiesshouldconstrain
their behaviour, we mayexpectemergentfeaturesto occupy a lower dimensionalstatespace
comparedto theuncoordinateddynamics.

Thus,oneobvious approachto detectemergenceis basedon the ideathat the complex
behaviour of interactingcomponentsresultsin someform of coordination:a persistentmulti-
agentrelationshipdistinctfrombothchaoticandcompletelyordereddynamics.In otherwords,
a departurefrom randomness,andcorrelationsbetweencomponents,may be seenasa very
first stepin thedetectionof emergentproperties.It is thusnaturalto lookatvariousinformation-
theoreticmeasuresasabasisfor theapproach.



3.1 Emergentpatterns in multi-agent systems:macro-level

Langtonhasidentifiedin his seminalwork [13] an increasein themutualinformationasan
indicationof a phasetransitionfrom “order” to “chaos” in CA. In particular, trajectoriesof
entropy
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andmutualinformation� 	������� betweenacell anditself at thenext time-step

wereobtainedwhile varying the parameter� — the ratio of cells with a given property. It
wasobserved that theaveragemutualinformationhasa distinctpeakat the transitionpoint.
Similarly, arule-spaceof 1-dimensionalcellularautomatawascharacterisedwith theShannon
entropy of rules’ frequency distribution [30]. Moreprecisely, givena rule-table(therulesthat
defineaCA), theinput-entropy at timestep� is definedas
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where- is thenumberof rules,% is thenumberof cells(systemsize),and
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is thenumber
of timestherule . wasusedat time � acrosstheCA. Wuensche[30] hasconvincingly demon-
stratedthatonly complex dynamicsexhibits high varianceof input-entropy, leadingto auto-
maticclassificationof therule-space.Importantly, thepeakof input-entropy variancepointsto
aphasetransitionaswell, indicatingtheedgeof chaos(complexity). An information-theoretic
approachto quantifying informationflows in agent-environmentinteractionswasalsocon-
structively usedin recentstudiesof perception-actionloopsandsensorevolution [10].

It is alsowell-known that graphconnectivity canbe analysedin termsof the sizeof the
largestconnectedsubgraph(LCS) andits standarddeviation obtainedacrossanensembleof
graphs,assuggestedby therandomgraphstheory[5]. In particular, critical changesoccurin
connectivity of adirectedgraphasthenumberof edgesincreases:thesizeof theLCSrapidly
increasesaswell andfills mostof thegraph,while thevariancein thesizeof theLCSreaches
a maximumat somecritical point beforedecreasing.Thus,a graph-theoreticmetricbasedon
LCS variancemaycapturespatialaspectsof desiredemergentpatterns(connectivity), while
a metric basedon entropy of local agentvariables(rules,coordinates,velocities,etc.) may
capturetemporalpersistenceof emergentbehaviour.

In thecontext of multi-agentnetworksit maybepossibletounify theinformation-theoretic
andgraph-theoreticrepresentationsof themetrics.Onefeasibleaveragemeasureof acomplex
network’s heterogeneityis givenby theentropy of a network definedthroughthe link distri-
bution. The latter canbe definedvia the simpledegreedistribution — the probability /10 of
having a nodewith 2 links, or via the remainingdegreedistribution [26]. Similarly, onecan
capturethe averageuncertaintyof the network asa whole,usingthe joint entropy basedon
the joint probabilityof connectedpairs /�043 065 . Ultimately, theamountof correlationbetween
nodesin the graphcan be calculatedvia the mutual information measure,the information
transfer, as
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In general,the mutual information � 	 / � / 7  is a better, more genericmeasureof depen-
dence:correlationfunctions,likethevariancein thesizeof theLCS,“measurelinearrelations
whereasmutualinformationmeasuresthegeneraldependenceandis thusa lessbiasedstatis-
tic” [26]. It couldbearguedthatonly complex dynamicsexhibits high variance,andthepeak
of this variancewouldpoint to aphasetransitionin connectivity.



Thedistinctionbetweeninformation-theoreticandgraph-theoreticmetricsis identifiedand
put to useby Prokopenko et al. [22] in thecontext of self-organizingsensorandcommunica-
tion networks.Thesemetricscontributedto a specificationof variousevolvableaspects:tem-
poralpersistenceandspatialconnectivity of emergenttask-orientednetwork’s sub-structures
[22,27].

Minati [15] proposesameasureof ergodicity to detectemergence.A systemis commonly
definedasergodicwhentheaverage,at a singleinstantof time,on all microscopicbehaviors
presentwithin the system,is equalto the time averageon the behaviour of a singlecompo-
nent.This propertybestdescribessystemsat someform of stableequilibrium which offer
themselvesnaturallyto bestudiedvia statisticalmechanicstools.Sincethepropertyof ergod-
icity is completelylost duringa phasetransition,or via structuralchangesMinati proposesto
detectincreaseof ergodicityasasignatureof theevolution towardsanew statewhichmaybe
consideredasemergent.

4 Emergenceand predictability: the Computational Mechanicsview
Within theComputationalMechanicsschool,Crutchfield[3] distinguishespatternformation
andintrinsicemergence.Intrinsicemergencerefersto theemergentfeatureswhichareimpor-
tant within the systembecausethey conferadditionalfunctionality to the systemitself, like
supportingglobal coordination-computation-behaviour (e.g., the emergenceof coordinated
behaviour in a flock of birds,or in stockmarket pricing, allows efficient global information
processingthroughlocal interaction,which benefitseachof theindividual componentsof the
system).

The algorithmicapproachbehindthe conceptof ComputationalMechanics[24] is pro-
posedas the main tool in the study of intrinsic emergence,which aims to model the way
informationis processedwithin a system.Shalizi [25] formalisesthis approachby proposing
thefollowing definition:“A derivedprocessis emergentif it hasagreaterpredictiveefficiency
thantheprocessit derivesfrom”. Thisdefinitionis interestingsinceit definesemergenceasa
propertyof thesystem,notof theobserver. Also, if offerssomespecificinformation-theoretic
measureswhich canbeimplementedvia themachineryof theComputationalMechanicsap-
proach.Theapproachis basedontheCausal-StateSplittingReconstruction(CSSR)algorithm
[24], which aimsto reconstructthe dynamicalstatesof a systemandtheir transitionproba-
bilities. Via theuseof thealgorithm,not only thestatisticalcomplexity of theprocesscanbe
measured,but emergentfeatures(i.e., theoneswhich maximizepredictabilitypotential)can
be automaticallyextractedfrom the processmeasurement.The ideascanbe appliedto both
temporalandspatialpatters.Of particularinterestis theapplicationof theabove conceptto
thestudyof theevolutionaryemergenceof complexity in small populationof simpleagents
andtheanalysisof thestructuralhierarchieswhichallow for self-organisation[4].

5 A first step towards modelling Downward Causation: emergent
patterns in multi-agent communicationspace(micro-level)

Self-organisationmay seemto contradictthe secondlaw of thermodynamicsthat captures
the tendency of systemsto disorder. The “paradox”hasbeenexplainedin termsof multiple
coupledlevelsof dynamicactivity — theKugler-Turvey model[12] — self-organisationand
the lossof entropy occursat themacro-level, while thesystemdynamicson themicro-level



generatesincreasingdisorder. OneconvincingexampleisdescribedbyParunakandBrueckner
[18] in the context of pheromone-basedcoordination.Their work definesa way to measure
entropy at the macrolevel (agents’behaviours leadto orderly spatiotemporalpatterns)and
microlevel (chaoticdiffusionof pheromonemolecules).In otherwords,themicrolevel serves
asanentropy “sink” — it permitstheoverall systementropy to increase,while allowing self-
organisationto emerge andmanifestitself ascoordinatedmulti-agentactivity on the macro
level.Anotherexamplerelatesamacro-level increaseof coordinationpotentialwithin amulti-
agentteam,indicatedby a macro-level decreasein epistemicentropy of agents’joint beliefs,
with amicro-level increasein theentropy of themulti-agentcommunicationspace[19].

Similarly, it canbe shown that the emergenceof multi-agentnetworks, indicatedby the
minimal varianceof their fragments(anapproximationof thenetwork heterogeneity),is ex-
plainedby increasedentropy on a micro-level. This micro-level is thecommunicationspace
wheretheinter-agentmessagesareexchanged[21]. A characterisationof themicro-level (the
entropy “sink”) canbeobtainedif oneestimatesthe“regularity” of thecommunicationspace.
In summary, macro-level (“global-view”) metricsmaycapturethequalityof theemergentso-
lutions in termsof observablecoordinationactivities, while micro-level metricsmay verify
thesolutionin termsof themulti-agentcommunications.

6 Conclusions

We believe that certainbasicemergentpropertiesaresharedby very differentsystems,and
hence,stepsforward in our understandingand modelling of emergencewould have huge
practicalimplication for disparateapplications.With the view of studyinglarge systemsof
self-organisingagents,we have reviewed somedefinitionsof emergenceanddescribedhow
they couldleadto usefultoolsfor thedetectionof emergence,for theidentificationof features
whicharemaximallyinformativeaboutthesystemdynamics(whichcouldleadto modelcom-
plexity reduction)andto thebetterunderstandingof multi-scaleandmulti-level information
processingin complex systems.
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26. Soĺe,R.V., andValverde,S.,2004,Informationtheoryof complex networks:Onevolutionandarchi-

tecturalconstraints.In E. Ben-Naim,H. Frauenfelder, andZ. Toroczkai(Eds.),Complex Networks,
LectureNotesin Physics,Vol. 650,189–210.Berlin, Germany: Springer-Verlag.

27. Wang,P., andProkopenko, M., 2004,Evolvablerecovery membranesin self-monitoringaerospace
vehicles.In Proceedingsof the Eighth InternationalConferenceon Simulationof Adaptive Be-
haviour, 509-518,LosAngeles.

28. Wiedermann,J., andvan Leeuwen,J., 2003,The EmergentComputationalPotentialof Evolving
Artificial Living Systems,AI Communications15,205-215.

29. Wolfram,S.,1994,Cellular AutomataandComplexity: CollectedPapers, Reading,MA: Addison-
Wesley, 1994.

30. Wuensche,A., 1999,Classifyingcellular automataautomatically:Finding gliders, filtering, and
relatingspace-timepatterns,attractorbasins,andtheZ parameter. Complexity, vol. 4, 3, 47-66.


