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Abstract. In this paper,we investigatemechanismia which a group of autonomousagents
can produceemergeniphenomenan artificial systems. In this framework,emergencealealswith
the appearancef new propertieswithin a system of interacting agents. More particularly,
emergence is here studiBdm a self-organisatiorpoint of view, thatis a dynamicappearancef
“remarkable”structuresof agents. This work proposesan intentionalmodelling of mechanisms
neededo give birth to structuresn a multiagentsystemanda model of suchprocesses. These
mechanismsring appropriatecomputationapowersof expressiorto the system; they can be
summarised by a meta-function and a local mechanism. The article emphasimeetsityof an
emergenievel to represenemergenttructuresjntermediarybetweenthe multiagentsystemand
agentsthe systembeing then distributedthrough three levels of description. To validate self-
organisationprocessesan application of simulation in Geophysics,showing the emergenceof
earthquakess also presentedThe paperconcludeswith some commentsand issuesfor future

works.
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1 Introduction
This article focuseson emergenceof new structuresin multiagent systems,so-called self-
organisation. It introduces some key issues associatedwith the understandingand
representatiorof mechanismdeadingto self-organisation. Self-organisatiordealswith the
appearancein a specific context and in an active environment,of new properties, not
previously identified, and from now on irreversible within a system of interacting entities.
In order to explore such mechanisms, the framework of our project is to eratiemulate
the behaviourof complex systemswith an agent-base@pproach. Accordingto the oxford
dictionary, the complexity of a system involv@g or more componentsvhich are (1) joined



in sucha way thatis difficult to separatethem, and (2) closely connected. This duality

determineswo dimensionsof complexitywhich leadto the sameapproachin computational
modelling. The distinction iseveralcomponentdeadsto studythe componentstructure,as
the connection leads &iudy the dynamicof interactions. So, a complexsystemis seenasa
non-linearsystem,in which the result of interactionsbetweenits componentexceedsheir

individual contributions. Complexity is a property found in méamds of naturalsystemsi,n

physics, biology, social sciences.. It is at the crossroadsof different approachessystem
theory, artificial life, cybernetics, artificial intelligence... Due to moal contextand scientific
environment, we began to tackle complexity through the modellingtofalsystems suchas
those studied in geophysics, i.e. earthquakes, volcano eruptions...

In geophysicsthe study of this kind of systemhasled to the conceptof Self-Organised
Criticality [1], to explain the “repeatability” of phenomena in natwkich could obviously be
observedn scalinglaws. Suchsystemsaredriven by highly non-linearbehaviour,where a
small externalperturbationcould generatea large-scalephenomenorat a critical stateof the
system, but without predicting when it could appear [12].

The important aspect die behaviouris the apparenrobustnes®f thesescalinglaws, the
term criticality referring to théact that thereis no time scalein phenomenaepetition,andthe
term self-organised to tHact that the critical stateis an “attractor” for the system’sdynamics
[2]. The best well-known example illustrating this property is‘tBpeatability” of avalanches
in a sandpile, where grains are randomly added during experimentation. Such a system
describesa degreeof complexity more importantthatits parts,andincludespropertieswhich
could not be reducedto thoseof its components. This non reductionis assignedto the
presenceof interactionswhich dynamically unify the componentsf the system,and from
which a phenomenon appears by affecting a part of the systesomiraseqearthquakesr
volcano eruptionsfor instances)the affected part of the systemis forming some new
remarkablestructureswhich thencould force in his turn his componentsand plays a causal
role in the systemfor future behaviour(for instance,thereis no eruption, nor earthquakes
twice a time at the same place).

In naturalphenomenamodelling, the role of simulationis interesting,becausesimulation
can adequatelycaptureany behaviourlikely to be observed,and is usedto exhibit new
structures and tackle their causal role in the system.

This paper deals with thatentionalmodelling of self-organisatiormechanismsleadingto
a dynamic re-organisation of the acquaintances network. We try to answer the question of how
an artificial system, composed of simple agents interacting each athé&r generateemergent
structures. The appearance of emergent structures in a com@agsiseen as the consequence



of dynamicinteractions(causallinks) betweencomponentsf fine grain componentsof C,
involving ascale changand, by derivation, the presence of fine-grain and coarse-againts.
In complex systems fine-grain componentsare assumedo be determinist,as coarse-grain
components are not, because their behaviour is not linear during time.

In the domainof complexsystemamodelling,emergenceshouldbe distinguishedbetween
evolution and adaptation. Adaptation rather refers to agents’ behaviourwhich should be
adapted because the environment is changedoved,asa consequencef self-organisation.
Adaptation is then defined as the capabilitapforganismto improve and adjustbehaviourto
his environment. Adaptationis pointed out as researchperspectivesof this work in the
conclusionof the paperandis out of scopeof this paper. Evolution dynamically produced
results, and concerns:

* Knowledge evolution, as the result of autonomous agents’ internal parameters computation.

» Agents’ neighbourhood evolution or self-organisation. This property akosystemto be
organisedor re-organisedduring time, as far as the simulation processes. In complex
systemanodelling, self-organisations a very interestingfeature,and has beentackled in
severaldomains. In cognitive sciencesthe behaviourof a group of studentss simulated

during their daily route through a camparsd a trail emergesy the system’sdynamic|[3],

[6]. In socio-biology, the collective organisationof social insectsis shown highly

sophisticated, as individual organisation is limited apdarentiyrandom[18]. In geology

and geophysics,self-organisationis intrinsic to self-organisedcritical systems. In
sociology, some works aim at understanding emergehoeganisedsocieties,and explain
transitions fromsmall families to large groupsandtribes, or explainrelationshipshetween

institutions and individual phenomena such as beliefs [10].

The paperis divided into four main sections. Section2 discussesof mechanismgo
implement in multiagent systemsanderto achieveself-organisation.Section3 presentour
architecture based on three description levels to represent emergent strantljpesposesan
implementatiorof suchmechanisms.Section4 presentghe experimentatiorwhich hasbeen
tackledto validatethe architectureand the associatedelf-organisatiormechanisms. Finally,
section 5 summarises this work and concludes the artigheibying out currentinvestigations
and further research perspectives.



2 A Model of Self-Organisation Mechanisms

Emergentphenomenahouldnot be confusedwith internal mechanismawhich give birth to
them. This section introduces the basis of self-organisation in multisggems thatis a set
of mechanisms able to analyse conditions of a phenomenon appearance, and to observe it.
The first mechanismdescribeshow a phenomenoremergesn a multiagentcontext. It
concernghe descriptionof the conditionswhich will trigger emergenceandthe mechanisms
needed to make the phenomenon visible. This mechanism is tackled in section 2. 1Tihelow.
secondmechanismis intendedto answerthe questionof how can we observethat self-
organisationtook place and watch the result. This “observer” should make emergent
phenomenantrinsic to the system,and study the conditionsunderwhich the phenomenon
stops. This mechanism is detailed in section 2.2.

2.1 Intentional modelling of emergence: artificial emergence

How a phenomenortould emergegovernsthe systemadaptationcapability, and dependson
the state of the agent and the environmetitetime the phenomenoroccurs. To satisfy self-
organisation, it is necessary to dispose of:

* mechanismsn chargeof detectingthe conditionswhich will trigger the phenomenonand
stoppingthe processwhenfinished. Thesemechanismsact at a local level and are then
defined as a part of the agent’s behaviour;

* a mechanismo give birth to the phenomenonand in chargeof its representatiorand
visualisationthoughthe system. This mechanismlooks like a “meta-functiofy which
should evaluate pre-conditiogs/en by the trigger, and managethe emergenstructure. It
acts at a global level and is then defined as a part of the agents’ society.

However, we claim that this kind of emergenceshould be understoodas “simulated”,
becausehe way how suchstructuresoccuris totally describedby a deterministprocess(as
resultsof suchprocessesirenot). In the areaof complexsystems,we arguethat, because
researchers do not actually have sufficient knowledge, it igai@ossibleto formally explain
theresults. Oneof the consequences that emergencean be perceivedas “built”, and we
believe that a real and strong emergencegso-called“high emergence in the following by
opposition to “built emergenc® is not an intrinsic characteristicof artificial systems.
Emergentphenomenan artificial systemscould be explained,but it is rather becauseactual
human-knowledgés not sufficiently advancedo do so. High emergences consideredas a



characteristioof natural systemsratherthan artificial systems,a natural systemdefining an
unclosedworld, in which all situationsare not known by the designer. In such systems,
natural phenomena are highly emergent due to ignorance of governing laws.

We then agreewith Mitchell and Hofstadter’s dissertationin [17], who specify that
explanationsaboutemergenceanonly be done at a micro-level, becausehuman-knowledge
fails when trying to explain it at a macro-level. \iéder hereafteras “artificial emergencethe
emergenceproperty in artificial systems,provided by a meta-functionanalysingboth the
environmentand agents’currentstates. As we do not know how to explain it, artificial
emergences a very interestingfeatureto investigatewhich could help to implementit easily,
and finding architectures and frameworks to makeofiseis one of the primary objectivesof
this work.

2.2 The role of the observer

This mechanismis in chargeof the observationof the self-organisedphenomenon. This

observations essentiain simulation,asit constitutesa naturalinterpretationof the resultsof

the emergence. The observation mustib®le from an externapoint of view, designedand
programmed These considerations distinguish three kind of observers:

* An externalhnumanobserver for instancea end-uselooking at the simulationresults; for
him, the resultscould be often surprisingand seenasa kind of “magic phenomenon”as
understandinghe reasondor which structuresemergeis indescribableand impossibleto
formalise[8]. This constitutesthe externalpoint of view of the emergentphenomenon,
where the systeraurpriseshe userwho only knows what occursat the finest grain level.

R. Brooks considers in that case, that emergence exists only when it is necessangto use

wordsto describewhatis observed,and where theseterms are not describedin the fine
grain level of the system [4].

* A designerobserverwho knows what externalobserversare looking for, but doesnot
know neitherthe exactresultof the simulation,nor whatwill be exactlyemergedrom the
simulation. So, for him, thereis no magic phenomenonas he controls the emergence
capability of the artificial system. In additiome describesnternalactionsof eachagentto
do so. For S. Forrest and J.H. Miller [#]the resultof interactionsbetweenagentdeads
to a non predictableeffect for the designerhimself, the emergenceénasto be qualified as
high.

* A programmed observer, whigh a part of the system,andis generallydistributedamong
all agents. This observergivesthe internal point of view of the system,this is the reason



why thereis no magic part in the emergenceprocess. Its role is to put in mechanisms
detecting the end of emergence.

It is thenvery usefulto dissociatesuch mechanismsas it reducesthe complexity of the
designwhile preservingsurprisingeffectsfor externalobservers. The next sectionpresents
the agent architecture we propose with that dintescribesa specificlevel to easilyintegrate
emergentstructuresin the system, as well as the implementationof self-organisation
mechanisms used to reveal new structures.

3 Agent Architecture and Self-Organisation Mechanisms
3.1 Necessity of intermediate agents

The purpose is here to characterise the emergence of strustaresmplexsystemfrom local
interactions between agents. In multiagent systems, two exeliels are naturally described,
a micro-leveland a macro-level. The micro-level describedine-grain agentswith determinist
behaviour,asthe macro-levelconstitutesa coarse-grairagentrepresentinghe whole system,
and organisedas a society of agents. However, consideringtwo explicit levels are not
sufficient to give birth to new structures because:

* On the one hand, as a micro-level is described by fine-grain agents, the organisation of
structurescannot be processedn sucha microscopiclevel, which doesnot haveenough
knowledgeto do so. Beyondthis microscopicdimension,emergentstructurescan only
arise in one macroscopic level, disposing of missing knowledge.

* Onthe other hand, it is often impossiblefor a macro-levelto characteriseand correctly
identify the whole setof emergenstructures. As a complex systemis impredictible and
badly understood, trying to explain emergence mechanisms at the global lnetydtem
fails. As a matter of fact, a significant number of micro-agents could intervenevimtte
emergence process, making the system too complex to analyse at a macro-level.

It is thenusefulto introducean intermediategrain level betweenthe macro-leveland the
micro-level,embeddeds sub-organisationef the society.Such an intermediatelevel is not
predefinedn the systemand canspontaneouslappearduring the simulationasthe result of
self-organisation. It is dynamically built by a bottom-up approach. This point of view
enforces the necessity of finding the most efficient abstraction when designing this level, which
is totally dependent of the context tackled. When self-organisation d@riga®s birth to new



sub-organisation. The new structure itself descréxscietyof fine-grainagentswhich have

given birth to it, and at the same time, is viewed as an agent of the society defined in the macro
level. The intermediatagentdisposesf own properties and makesthe associatiorbetween
fine-grain agents in a new organisational structure. These agenpartiesare setat the time

the organisations built. Suchpropertiesare then “re-introduced”in underlying lower-level
agentsas constraintgo apply in their own structure. By this way, an intermediateagentis

playing a causalrole in the system,by constraininga part of it for the continuationof the
simulation. Fig. 1 illustrates this intermediate level in the architecture.
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Fig. 1. Agent architecture including an intermediate level

The three next sections present the self-organisation mechanisms. Sgttiescribeghe
trigger mechanisnwhich locally detectsnecessargonditionsto initialise the whole process,
section 3.3 discusses of theeta-functionusedto generatehe new structure,and section3.4



presentsthe programmedobserveras the end-detectionrmechanism. Finally, section 3.5
briefly compares this approach with those of related works.

3.2 The trigger mechanism

The trigger mechanism is in charge of detecting conditions in the envirofameuatableto the
appearance agmergenstructures. Local interactionsbetweenfine-grainagents at the origin
of self-organisationresult in a modification of some internal propertieswhich define the
agent’s state. The agent’s state is assumed to be repreggatitiate vector” P, from which
each coordinate describes an internal property:
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In our system,the trigger mechanisms basedon the detectionof a similarity over state
vectors, through agentsof the samegrain level. In our context, similarity is the most
convenientway to detectcommon propertiesbetweentwo agents,but not the only one
possible. For instance,complementarityor antagonismcould be more adequatan artificial
societies, and could open this issue to a larger extent. Similarity is batecomparisonof

each agent’s state with those of his neighbours. If an agent’s state is recognised as similar witl

a neighbour’s one, the twagentswill be groupedtogetherand embeddedas a self-organised
structureby the meta-function. The notion of similarity is here arbitrary and can not be
formalised,asit could be interpretedwith a margin of error and be totally dependenpf the
context tackled. In our system, it is quite simple, bectheseontexttackleddoesnot needto
represent more complex activities in an agent, &ljifor instance wheresocialrelationships

betweentwo agentscould determinean organisationalcommitment. To determineif two
agents 4 and Ag are similar, it is only necessary and sufficient that:

* Apand Aq are neighbours,
« Ap's and Ag's state vectors are respectively:
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&j definesa set of accuracyfactorsidentifying the degreeof similarity betweenthe
properties pand . This parameter is accessilibethe externalobserver allowing the

user with customising the application.

Two fine-grainagentswhich are mutually self-identifiedas similar are forming a classof
similarity by self-organisation. A classof similarity then characterisesome organisational
structure linking agents with similar ones. global mechanisms thenneededbecausewhen
a similarity is detected, thieigger mechanisndoesnot haveenoughknowledgeon the global
structureand can not then “aggregate”the agentat the right place. Such a mechanismis
described by a meta-function, and is detailed now.

3.3 The meta-function

The meta-functionis locally triggeredby a fine-grainagentwhen a similarity betweentwo or
more fine-grain agents has been detectethbyreviouslocal mechanism. The meta-function
should be global and defined as a part oftbleaviourof the society. This global mechanism
is in charge to create an intermediate agent to aggregate similar fine-grain agersddsutth
agentsto an existingone. If one of the two similar agentsis already memberof a sub-
organisationthe meta-functionadvisesthe underlying agentmanagingthe sub-organisation,
which integrateshe new fine-grainagentwithin the existing structure. Note that if the two
micro-agentsare membersof two different sub-organisationghey canbe integratedon both
sub-organisations, to take different emergent phenomena into accounintdrn@ediateagent
has beencreatedto model the similarity classfound: in sucha case,the meta-functionis
creatinga new intermediateagentresponsibleof the emergentstructure. This agentwill be
populated step by step as similarity classes will be detected.

Finally, note that such an encapsulated fine-grain agent could leave the struatiyrgraé,
if his state evolves. If only one agent remains in the structure, the sub-organisation disappears
Beyond this mechanism, an intermediatgntcanreactas a feedbackon eachmemberof his
structure to introduceconstraintsvhich shouldbe appliedto all agentsof the organisation.
With that aim, the meta-functionshould compute appropriatevalues for the new agent’s
properties. Setting new properties iniatermediateagentbecomeseasyat this point, mainly
becausdhe meta-functioncould pick up information from lower-level agentsby the trigger
mechanism.The, during next interactions the emergentsociety could force the behaviourof
underlying agents, by applying them some of these properties.



3.4 The programmed observer

The role of this programmed observer is to look at the elath efnergenphenomenonthatis

when local constraintsare no more strong enoughand the systemin a stable state. The
programmedbbservelis generallyimplementedas a global loop insertedover the multiagent
systemor as a part of the society,to inspectthe stability of underlying agentsforming the
structure. In our architecture, the programmed observer is locally defined, and is
supplementaryo the trigger mechanism. It actsasa end-detectiormechanismembeddedn
fine-grain agents, and examines the neighbourhood to look at potential agents not enough stab
and able to propagateagain the phenomenon. The end-detectionmechanismconsistsin
computing the number of thefiae-grainagentsremainingunstable. Thus, whenthe counter
becomes nil, the end of propagation is detected.

3.5 Conclusion and comparison with other approaches

The whole self-organisatiorprocessof our modelactsboth at a local and global level. The
method used to initialise the emergen€estructuress basedon the detectionof the similarity
which was guidedy the contexttackled,thatis naturalphenomenanodellingin geophysics.
At this step,the modelseemdoo restrictiveto be usedin a more generalcontext. However,
we think that this self-organisatiormodel allows (1) to representemergentstructuresin the
system,and (2) the systemwith integratingthem in the system,taking account of new
constraints which could appear as the result of the emergence.

In the MANTA system[7] which simulatesthe socio-genesi®f an ants colony, different
entitiesinvolved in the colony’s life are modelledby reactiveagentsat a micro-level. The
adaptiveperformanceof the societyresultsin the basic behaviourof its members. In the
MANTA system,the generatiorof social patternsin the ants’ society could be observed,but
any explicit structure is defined to organise them.

In the SVARM system [16], an agent can also itself lmarm: a collectionof objectsand
a scheduleof actions. In this case, the agent’s behaviouris defined by the emergent
phenomena of the agents inside its swarm. However a swanat dgplicitly disposeof any
organisational structure.

Lastly, cellular automataconstitute parallel computationmodels, which allow to create
virtual worlds represented byatrix, and synchronouslyevolve with the help of samplelocal
rules. Emergentstructurescould be observed,they form topologic structureswithin the
matrix, but aretoo sampleto get new properties. Therefore they cannot be as semantically
richer as multiagentsystems,becausebehaviourof emergentstructuresare not driven by
properties derived from the self-organisation process.



The next section presentsan exampleof such mechanismsan the context of a natural
phenomena simulation applied to earthquakes modelling.

4 Self-Organisation Experimentation

The applicationwe proposeto model is dealing with a geophysicssystemrepresentinga
“break”, composedf rock items, and subjectto earth’scrustconstraints. Eachrock item is
characterisedy rheologic propertieswhich constitute internal data, representedas a state
vector. Micro-behaviouris definedto reactto disturbance®f the environmentby fitting the
statevector. Whena fine-grainagentbecomesunstabledueto disturbancehe releasesome
energy and, if the amount of energy is sufficient, propagatesthe disturbanceto the
neighbourhood. This propagationcould lead to an earthquakan the break, which will be
represented by an emergent structure in the system. In such a context, self-orga sadion
asthe appearancef earthquakesn the system. We are consciousof the simplicity of the
experimentation; however, we think that it is a good place, as a first step, to test the
mechanismgreviously presentedand show how a non initially constrainedsystemcould be
organised as events arrive. Thispgeciallyusefulin the frame of naturalphenomenauchin
earthquakegprediction, as researchersre attentiveat spontaneougmergenceof order in a
system which looks like randomly initialised [13].

At the beginningof the simulation, the multiagentsystemis representedn a macro-level
modellinga break, and a micro-level modelling rock items. Fine-grainagentsrepresenting
rock items are defined with a state vector randomly initialised which determines their stability:

organizationa structure

D

disturbance

The macro-agent  the break

Fine-gran agents:
rock items

Fig. 2. Modelling a break in the architecture



The disturbancés initially distributedamongrock itemsandis asynchronouslynterpreted
by eachfine-grainagent,which reactsby settinghis statevectorandreleasesnergyto each
neighbour, causing a disturbanpeseries. The local trigger mechanisms thenseteachtime
an interaction occurs, and detects similarities between unétadigrainagents. Suchsimilar
agents will progressively generdte earthquakeandwill be “aggregated’asan intermediate
agent by the meta-function:

o ) )
(1) Asimilarity is © (2) Aninter mediate ayent

deected beween two modelling the earthquéke
ungable agents by the iscreated by themeta-function

trigge mechanism ’ 4

Cé?)—@

Fig. 3. Creating intermediate agents in the system after similarity-detection

The end-detection mechanism, embedded in the intermediatdeyelingent,examineshe
potential number of rock items whichmainunstableand canstill propagatehe phenomenon
(marked with a black point in Fig. 4 below):

an intermediate ayent modelling
theearthquake

] O stble
ﬁ O unseble

@ agent liable to propagae

Fig. 4. The programmed observer as the end-detection mechanism

Finally, after all fine-grain agentsare stabilised,no more agentis enoughconstrainedo
participate at the earthquake, and the generated structure is completely aedimgedgratedn
the system, as shown in Fig. 5 on next page.

Note that the new structureis now bearingnew properties,such as earthquakesize and
magnitudefor instance,which have beencomputedby the meta-functionwhen creatingthe
earthquake. This is important to take iatcount,as sucha disturbedsystemcannot behave



as before earthquakes appear. So, these properties will then be disagaitexh eachagent
making up the earthquake, as far as the simulation processes.

organizational gructure

Themacro-agent: abreak

an intermediate agent moddling

the earthquéke
o)
e
Finegrain agents ; B
rock items /

Fig. 5. Giving birth to earthquakes

The recursiompropertyof multiagentsystemss herepreserved: the emergingstructureof
the earthquake is now arreversible,andis consideredoth asan agentof the societyin the
macro-level, and as a sub-society of agents in the interméel@lecomposedf old unstable
fine-grain components which have given birth to it.

This application has been implemented with the help of ReActalk [1bjp@nmenvironment
to develop and experiment with agents. A graphitatfacehasbeenrealisedin smalltalk-80
to set simulation parameters,and to follow the phenomenonduring the simulation, as
earthquakes appea®©ur agent-basedpproachhasbeenvalidatedon the Miller's model[15]
of a break, subjectet earth’scrustconstraints. From local basicbehavioursthe modelwe
implementhasreproducedhe break complexity at a global scale. The adequatiorbetween
synthetic data and in-situ observations of satineakhelpsin validating both the architecture
and the associatedself-organisationprocesses. Further experimentationrhave beenled to
simulate a model of a fluid’'s tank (in a porous environment), encapsuladedatrix of rocks
(most of the time not porous) and the same kind of results have been reported.



5 Concluding Remarks

This paperhasdiscussedf underlyingmechanism®f self-organisationn artificial systems.
We argue that emergenteartificial systemss “built” ratherthan“high”, mainly becausehe
way how a phenomenon emerges is always given bgiebigner. However,accordingto the
emergencgaradigmsand points of view, this kind of phenomenorhasto be consideredas
emergent.

Emergencéhasbeenstudiedfrom a self-organisatiorpoint of view in multiagentsystems
intendedto model complex systems. We have pointed out how the study of emergence
properties leads us to derive appropriate computational mechanisms. Several needed
mechanisms have been identified, such as a trigger, a meta-function, and an observer.

Though systemsvalidatedin this contextare quite small, during simulations,agentsare
faced much of time to the same kind of conditions. The repetition of theaszimesleadsthe
systemto becomeless powerful. To addressthis issue, the systemhas to analysethe
conditions which drive the best actions. It is then necesatynultiagentsystemsshouldbe
equippedwith the ability to learn,thatis, to automaticallyimprove their future performance.
Machine-learningechniquesare good candidatedor makingthe systemmore intelligent and
better drive the emergenceprocess. Thanksto the observationof similar situations,such
techniques could generate rules allowing an agent with choosing thadapstdoehaviourto
perform. By derivation, if such rules have been learned fmacro-agentsomeinputs events
canalsobe interceptedandlocally performedby this mechanism. Primary testswith these
techniqueswverefirst introducedin our architectureto look for the convergenceof certainty
factorswhen agentsbroadcasimessage&verywherein the network [14]. Our platform is
actually re-engineering with the aim of keeping researchers close to such goals.
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