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Abstract. Emegenceis seenasthe mostsignificantfeaturediscriminating“complex”
from “non comple” systemsNeverthelessno standardiefinition of emegenceis cur-
rently availablein the literature.This lack of a sharedview affectsthe developmentof
tools to detectand model emepgencefor both scientific and engineeringapplications.
Herewe review somedefinitionsof emegencewith theaimto describehow they canbe
implementedn algorithmsto detectandmodelemegencen sensoandcommunication
networks.

1 Intr oduction

Comple systemsare often definedin the literatureasensemblesf a large numberof inter
actingsimpleentities,which displayemegentpropertiesSuchemegentpropertiesarewhat
malke suchsystems'complex”, aswell asinterestingto study However, definitionsof emer
genceavailablein theliteraturediffer considerablyin both their philosophicalapproachand
formal rigour. This lack of sharedunderstandingnakes communicatiorbetweenscientists
and practitionersin Comple SystemSciencedifficult, and,worsestill, representsn obvi-
ouschallengen the developmentof analyticaltoolsfor the formal andexperimentalstudy of
emegentproperties.

Therearemary reasonsvhy thestudyof emegences important.Themostobviousis that
emepgentbehaiour seemgo be ubiquitousin Nature.And emegencedoesnot seento arise
solelyfrom naturalsystemsChaitin[2] shovs ushow emegentpropertiescanbefoundalso
in somethingassimpleand“human-made’asnumbertheory Anotherreasorwhy attentionis
focusednthestudyof emegences thatstandardanalyticaltoolsusedn physicsdonotseem
to beableto describehegeneratiorof “novelty” [9]. The physicscommunityhaslongaimed
atthediscovery of fundamentaphysicalequationableto summarizeheinnerworking of all
aspectof Nature,which hasbeenpopularizedasthe questfor a “theory of everything”. This
led someauthorgo claimthattheunderstandingf emegences a crucialmissingcomponent
in ourunderstandingf theworld [14].

Confidentthatthe studyof emegences aworthwhileende&our, in this review, we cover
somedefinitionsof emegenceavailablein the literature.Our aim is not philosophical but
practical.We do not attemptto suggest “best” definition, ratherwe favour definitionslead-
ing to the developmentof numerical/analyticatools enablingformal study and experimen-
tation on emegent properties.Our aim is ultimately towardsthe mary engineeringappli-
cationswhich nowadaysdependon developmentof intelligent self-oiganizing networks in



orderto tackle problemsof increasingcompleity and size. In thesesystemsthe desired
responsegmege by self-olganization: patternsat the global level emege solely from in-

teractionsamongthe lower-level componentsctingon ruleswhich are executedusingonly

local information,without referenceto the global pattern.In therestof this paperwe askthe
following questions:

1. whatview of emegencecaptureghe procesghatwe expectwill happerin largeensem-
blesof lower-level componentdik e the oneswe describedabore?

2. how wouldsuchaview of emegencdeadusin thedevelopmenbf usefulalgorithms/tools
to detectand/ormodelthe emepgentprocesses?

2 Somecommondefinitions of Emergence

Probablythe mostcommondefinition of emegenceis “a propertyis emegentif it cannotbe
explainedfrom the propertiesandinteractionf thelower level entities”. Kubik [11], Shalizi
[25] andCrutchfield[3] criticisethis definition,mostlyonthebasisthatsuchdefinitionsimply
impliesthatwe arecurrentlyunableto explainits relationto lowerlevel entities.Oneday; with
betterscientificknowledge,we maybeableto do so. Consequenthgucha statements based
onatemporarystateof (lack of) knowledgeof the obsenerratherthanonanintrinsic property
of asystem(seethe discussiorof causatiorandcontrolin Pattee [17]).

A slightly morerefinedversionof theabove definitionreads'a propertyis emegentif it is
notdisplayedoy thelower level entities”Kubic[11] (seealsoRosen23]: “Onewayto define
emegencsds to call abehavior of asystememepgentwhenit cannolongerbedescribedy the
modelthat describedhe systemuntil then”). A potentialproblemwith this definitionis that
basicallyeverything canbe seenasemegentaccordingto it. For example,all macroscopic
matteris madeof atoms,andnoindividual atomsdisplaythefeaturesof the macroscopiena-
terial [1]. Arguably this definitionhasmoreappeakhanthe previousonesinceit offersitself
to numericalanalysisA considerabl&odyof work exploresthisview of emegencejn partic-
ularin theCellularAutomata(CA) literature.For example theway intrinsic computatiormay
emege spontaneousland cometo dominatethe dynamicsof physical systemswvhenthose
systemsarein the vicinity of a second-ordephasetransitionhasbeenstudiedby Langton
[13], Mitchell et al. [16] and Wolfram [29], amongothers.More recently Wiedermanrand
van Leeuwen[28] have exploredthe emepgentcomputationcapabilitiesof large numberof
interactingagentsThey formally prove thattheiremegentcomputationapower goesbeyond
traditionalsystemsandresultsin superTuring computationatapabilities.

Moreformally, Shalizi[25] proposeshat“a featureis emegentif it canprovide betterpre-
dictability onthesystembehaiour, comparedo thelowerlevel entities”.Importantly Shalizi
[25] andCrutchfield[3] give aformal,information-theoreticdefinitionof theabove concepias
well asnumericaloolsto implementit. Interestinglywhile theideaof predictabilitynaturally
involvesan agent(obserer), the “measure”of emegencethey provide is obserer indepen-
dent,andthusanintrinsic propertyof a system.

Wewouldlike to pointout, however, thatevenif suchameasurés obserer-independent,
the obsenation structure/topologye.g.,the CA itself, a topology of a network, etc.)is pro-
videdapriori, notnecessarilypy the“obsener”. It canbearguedthatresultanpatternemep-
ing asa resultof obsererindependenprocessesare patternsonly with respecto a certain
obsenationstructure/topologyimposedon or selectedn the ervironment.An interestingas-
pect,however, is thatthe choiceof sucha structure/topologys not entirely decoupledrom



the environment.In fact, this choiceoften dependn the emegentphenomenaSo the pro-
cesscanbe bestcharacterisedh termsof tangledhierarchiesexhibiting Strangel oops:“an
interactionbetweerlevelsin which thetop level reachedackdown towardsthe bottomlevel
andinfluencest, while atthe sametime beingitself determinedy the bottomlevel” [8].

This view involvesthe conceptof “downward causation’[6, 1, 7]. Roughly “a featureis
emegentif it hassomesort of causalpower on lower level entities”. While commonviews
of emegenceassumehatlower level entitiesmusthave an“upward” causatioron theemer
gentfeaturesthis approactrequiresa 2-way causakelation.As anexample,we canimagine
individuals organisinginto a community Their actionsaffect how the communitydevelops
(upward causality)andthe developmentof the communityitself affectsthe behaiour andin-
teractionof theindividuals(downwardcausality) A critique of theconcepof downwardcau-
sationcanbefoundin [17]. This definitionhasanolbviousappeakinceit clearlygoesbeyond
thereductionistapproactto the analysisof complex system.An applicationexampleof this
approachs presentedy Prokopenlo andWang[20], who demonstratethat self-inspection
and self-repairof a sensorand communicatiometwork canbe describedn self-referential
terms.

It is our opinionthatthelastthreedefinitionsare particularly suitedto studymulti-agent
engineeringystems:

1. Defining emegenceas “a propertywhich is not displayedby the lower level entities”
providesus with a setof information-theoretidools for “quick anddirty” detectionof
emepgence.

2. The ComputationaMechanicsview of emegenceasincreasedredictabilityon system
behaior allows usto focuson a subsetof featureswhich carry maximuminformation
aboutthe systemModel reductionandpredictabilityarethe soughtoutcomes.

3. Finally, the concepiof “downward causation”’seemdo aim at a deepeunderstandin@f
the systembehaiour andits multiscale/multileel functioning.

In the remainderof the paperwe discusspotentialtools implementingtheseideasin multi-
agentsystemsstudies.

3 “Tools” to detectemergence

Amongthetoolsusefulin aninitial, exploratoryinvestication of the dynamicsor in the sub-
sequentvisual representatiorand descriptionof the dynamicsitself, we can point out the
dimensionality-reductiomools suchas Self-OganisingMaps (SOM), Local Linear Embed-
ding (LLE andits variants),Isomap,etc. The purposeof thesetools is to identify low(er)
dimensionalmanifoldsin higherdimensionaldatasets.They areusedin visualisation,data
compressiorbut alsodatamining with, potentially usefulapplicationin the study of emer
gence.Underthe assumptiorthat the coordinationbetweenlower entities should constrain
their behaiour, we may expectemepgentfeatureso occupy alower dimensionaktatespace
comparedo theuncoordinatedlynamics.

Thus, one obvious approachto detectemepgenceis basedon the ideathat the comple
behaiour of interactingcomponentsesultsin someform of coordination:a persistenmulti-
agentrelationshipdistinctfrom bothchaoticandcompletelyordereddynamicsln otherwords,
a departuréfrom randomnessand correlationsbetweencomponentsiay be seenasa very
first stepin thedetectiorof emegentpropertieslt is thusnaturatto look atvariousinformation-
theoreticmeasuressa basisfor theapproach.



3.1 Emergentpatternsin multi-agent systems:macro-level

Langtonhasidentifiedin his seminalwork [13] anincreasen the mutualinformationasan
indicationof a phasetransitionfrom “order” to “chaos”in CA. In particular trajectoriesof
entroy H(A) andmutualinformationI(A; B) betweeracell anditself atthe next time-step
were obtainedwhile varying the parameter\ — the ratio of cells with a given property It
wasobsenredthatthe averagemutualinformationhasa distinct peakat the transitionpoint.
Similarly, arule-spacef 1-dimensionatellularautomatavascharacterisedith the Shannon
entropy of rules’ frequeng distribution [30]. More precisely givenarule-table(therulesthat
definea CA), theinput-entroly attime stept is definedas
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wherem is the numberof rules,n is the numberof cells (systemsize),and Q! is the number
of timestherule i wasusedattime ¢t acrosghe CA. Wuenschg30] hascorvincingly demon-
stratedthat only complex dynamicsexhibits high varianceof input-entropy, leadingto auto-
maticclassificatiorof therule-spacelmportantly thepeakof input-entrogy variancepointsto
aphasadransitionaswell, indicatingthe edgeof chaoqcompleity). An information-theoretic
approachto quantifying information flows in agent-emironmentinteractionswas also con-
structively usedin recentstudiesof perception-actiotoopsandsensorevolution[10].

It is alsowell-known thatgraphconnectvity canbe analysedn termsof the size of the
largestconnectedsubgraphLCS) andits standarddeviation obtainedacrossan ensembleof
graphsassuggestedby the randomgraphstheory|[5]. In particular critical changesccurin
connectity of adirectedgraphasthe numberof edgesncreasesthesizeof theLCS rapidly
increasesswell andfills mostof thegraph,while thevariancein thesizeof theLCS reaches
amaximumat somecritical point beforedecreasingThus,a graph-theoretienetricbasedon
LCS variancemay capturespatialaspectof desiredemegentpatterngconnectity), while
a metric basedon entrofy of local agentvariables(rules, coordinatesyelocities,etc.) may
capturetemporalpersistencef emegentbehaiour.

In thecontext of multi-agenmnetworksit maybepossibleo unify theinformation-theoretic
andgraph-theoreticepresentationsf themetrics.Onefeasibleaveragemeasuref acomple
network’s heterogeneitys given by the entrofy of a network definedthroughthelink distri-
bution. The latter canbe definedvia the simple degreedistribution — the probability P, of
having a nodewith £ links, or via the remainingdegreedistribution [26]. Similarly, onecan
capturethe averageuncertaintyof the network asa whole, usingthe joint entropy basedon
thejoint probability of connectedairs P, ;. Ultimately, the amountof correlationbetween
nodesin the graphcan be calculatedvia the mutual information measurethe information
transferas
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In general,the mutual information I(P; P’) is a better more genericmeasureof depen-
dencecorrelationfunctions like thevariancen thesizeof theLCS, “measurdinearrelations
whereasnutualinformationmeasureshe generadependencandis thusalessbiasedstatis-
tic” [26]. It couldbe arguedthatonly complex dynamicsexhibits high variance andthe peak
of this variancewould pointto a phasedransitionin connectvity.




Thedistinctionbetweerinformation-theoreti@ndgraph-theoretimetricsis identifiedand
putto useby Prokopenlo etal. [22] in the context of self-oganizingsensomndcommunica-
tion networks. Thesemetricscontribtutedto a specificatiorof variousevolvableaspectstem-
poral persistenc@&ndspatialconnectiity of emegenttask-orientechetwork’s sub-structures
[22,27].

Minati [15] proposes measuref ergodicity to detectemegence A systemis commonly
definedasergodicwhenthe average at a singleinstantof time, on all microscopidbehaiors
presentwithin the system,is equalto the time averageon the behaiour of a singlecompo-
nent. This propertybestdescribessystemsat someform of stableequilibrium which offer
themselesnaturallyto be studiedvia statisticalmechanicsools. Sincethe propertyof ergod-
icity is completelylostduringa phaseransition,or via structuralchangedinati proposedo
detectincreaseof ergodicity asa signatureof the evolution towardsa new statewhich maybe
considerechsemepgent.

4 Emergenceand predictability: the Computational Mechanicsview

Within the ComputationaMechanicsschool,Crutchfield[3] distinguishegatternformation

andintrinsic emegencelntrinsicemegencerefersto theemegentfeaturesvhich areimpor

tantwithin the systembecausehey conferadditionalfunctionality to the systemitself, like

supportingglobal coordination-computation-bebiaur (e.g.,the emegenceof coordinated
behaiour in a flock of birds, or in stockmarket pricing, allows efficient global information

processinghroughlocal interaction which benefitseachof theindividual component®f the

system).

The algorithmic approachbehindthe conceptof ComputationaMechanics[24] is pro-
posedas the main tool in the study of intrinsic emegence,which aimsto model the way
informationis processedvithin a system.Shalizi[25] formalisesthis approachyy proposing
thefollowing definition:“A derivedprocesss emepentif it hasagreatepredictive efficiency
thantheprocesst derivesfrom”. This definitionis interestingsinceit definesemegenceasa
propertyof thesystempnot of theobserer. Also, if offerssomespecificinformation-theoretic
measuresvhich canbeimplementedria the machineryof the ComputationaMechanicsap-
proach.Theapproachs basednthe Causal-Stat&plitting ReconstructiofCSSR)algorithm
[24], which aimsto reconstructhe dynamicalstatesof a systemandtheir transitionproba-
bilities. Via the useof thealgorithm,not only the statisticalcompleity of the procesanbe
measuredbut emepgentfeatures(i.e., the oneswhich maximizepredictability potential)can
be automaticallyextractedfrom the processneasuremeniThe ideascanbe appliedto both
temporalandspatialpatters.Of particularinterestis the applicationof the abore conceptto
the study of the evolutionaryemegenceof compleity in small populationof simpleagents
andtheanalysisof the structuralhierarchiesvhich allow for self-oganisation4].

5 A first steptowards modelling Downward Causation: emergent
patternsin multi-agent communication space(micro-level)

Self-oganisationmay seemto contradictthe secondlaw of thermodynamicghat captures
thetendenyg of systemdo disorder The “paradox” hasbeenexplainedin termsof multiple
coupledlevels of dynamicactivity — the KuglerTurvey model[12] — self-oiganisationand
thelossof entrofy occursat the macro-level, while the systemdynamicson the micro-level



generategicreasinglisorderOnecorvincingexampleis describedy ParunakandBrueckner
[18] in the context of pheromone-basecbordination.Their work definesa way to measure
entrofy at the macrolevel (agents’behaiours leadto orderly spatiotemporapatterns)and
microlevel (chaoticdiffusionof pheromonenolecules)in otherwords,themicrolevel senes
asanentropy “sink” — it permitsthe overall systementrogy to increasewhile allowing self-
organisationto emege and manifestitself as coordinatednulti-agentactiity on the macro
level. Anotherexamplerelatesa macro-level increaseof coordinatiorpotentialwithin amulti-
agentteam,indicatedby a macro-level decreasén epistemicentroy of agents’joint beliefs,
with amicro-level increasen the entropy of the multi-agentcommunicatiorspacq19].

Similarly, it canbe shaovn thatthe emegenceof multi-agentnetworks, indicatedby the
minimal varianceof their fragmentgan approximationof the network heterogeneity)is ex-
plainedby increasedentrofy on a micro-level. This micro-level is the communicatiorspace
wheretheinteragentmessageareexchanged21]. A characterisationf the micro-level (the
entropy “sink”) canbeobtainedf oneestimateshe“regularity” of thecommunicatiorspace.
In summarymacro-level (“global-view”) metricsmay capturethe quality of theemegentso-
lutions in termsof obsenable coordinationactiities, while micro-level metricsmay verify
the solutionin termsof the multi-agentcommunications.

6 Conclusions

We believe that certainbasicemepgent propertiesare sharedby very differentsystemsand
hence,stepsforward in our understandingand modelling of emegencewould have huge
practicalimplication for disparateapplications With the view of studyinglarge systemsof
self-olganisingagentswe have reviewed somedefinitionsof emegenceanddescribechow
they couldleadto usefultoolsfor thedetectionof emegencefor theidentificationof features
whicharemaximallyinformative aboutthe systendynamicgwhich couldleadto modelcom-
plexity reduction)andto the betterunderstandingf multi-scaleand multi-level information
processingn comple systems.
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