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Abstract

This paperpresentsccommunicatiorsystemgqCS) as the
rst available uni ed model of socially intelligent systems
de ned in termsof communicationstructures. It combines
the empirical analysisof communicationn a social system
with logical processingof social information to provide
a general framewvork for computationalcomponentsthat
exploit communicatiorprocesses multiagentsystemsThe
two main contritutions offered by this paperare asfollows:
First, a formal model of CS that is basedon an improved
version of expectation networks and their processingis
presented.This formal modelis basedon a novel approach
to the semanticsof agentcommunicationlanguageswvhich
contrastswith traditional approaches. Second,a number
of CS-basedapplicationsare describedwhich illustrate the
enormougotentialandimpactof a CS-basegerspectie of
sociallyintelligentsystems.

Keywords: Articial Agents, Multiagent Systems,Agent
CommunicatiorLanguagesAgent-OrientedSoftware Engi-
neering,Socionics.

1. Intr oduction

Thecrucial propertyof arti cial agentds theirautonomy
and since communications the only autonomy-preserving
way for agentsto interact,it canbe agued[1, 2] that any
kind of socialrelationshippmongagentgconstitutedhrough
e.g.virtual organizationsinteractionprotocols socialnorms,
commonontologies...)canbe describedn form of commu-
nicationstructuresTraditionalattemptgo modelthe seman-
ticsof agenttommunicatiodanguage$ACLs),whichconsti-
tute communicatiorstructuresare mostly basedon describ-
ing mentalstatesof communicatingagentd3, 4, 5, 6] or on
publicly available (usually commitment-basedjocial states
[7, 8,9]. Thetheoreticaladvantageof the formerapproach
arethat it could be able to fully exposethe whole mecha-
nismof utteranceandutterancaunderstandingprovidedthat
the agentsare equippedwith socialintelligence). But it has
two obvious shortcomingswhich eventually led to the de-
velopmentof the latter “objectivist” approach: At leastin
openmultiagentsystemsagentsappeamore or lessas au-
tonomouslackboxes,which makesit impossiblein general
to imposeandverify a semanticglescribedn termsof cog-
nition. Furthermorethe descriptionof interactionscenarios
in termsof the cognitionof individualstendsto becomeex-

tremely complicatedandintractablefor large setsof agents,
evenif onecouldin fact“look insidetheagentsheads”.This
is notsomuchthe casedueto thecompleity of communica-
tion processeshemseles, but dueto the subjectve, limited
perspectie of the involved individual agents,which malkes
it hardto concludea concisepictureof supra-indvidual pro-
cessesCurrentmentalisticapproachesitherlack a concept
for preventing suchcompleity at all, or they make simpli-
fying but unrealisticassumptionsfor examplethatall inter-
actingagentswverebeneolentandsincere.The “objectivist”
semanticsjn contrast,is fully veri able, andit achievesa
big dealof complity reductionby limiting itself to a small
setof normative semanticakules. Therefore,this approach
hasbeena big stepahead.But it oversimpli es social pro-
cessesigylectingpragmaticsn favor of traditionalsentence
semanticsandit doesnot have a sufcient conceptof mean-
ing dynamicsand generalizationand social rationality like
argumentatiorandsanctioning10]. Communicatioralways
hasanimplicit socialsemanticgprior to ary normative de -
nition, andthis semanticseedso be exploited. In general,
we doubtthat the predominatelynormatve, staticand de -
nite conceptof mostof the currentACL researchborroved
from the study of programminglanguagesand protocol se-
mantics,arereally adequatéo copewith conceptdike agent
autonomy agentopaquenesandthe emegenceand vague-
nessof socially constructedneaningwhich communication
is in factabout. Therefore poththesetraditionalviews fail to
recognizethat communicationsemanticsevolve during op-
erationof a multiagentsystem(MAS), andthatthey always
dependon the view of anobserer who is trackingthe com-
municatve processesf black-or gray-boxagentsn the sys-
tem[10, 11]. Yet communicationdynamicsand obsenrer-
dependeng are crucial aspectsof interagentcommunica-
tion, especiallyin the contet of opensystemsin which a
pre-determinedsemanticcannotbe assumed|et alonethe
complianceof agents’behaior with it.

In responsé¢o thesessuesijn [1, 12] we have—in uencedby
sociologicalsystems-theory13] — introducedexpectations
regarding obsenable communicationss a universalmeans
for themodellingof emegentsocialityin multiagentsystems,
andin [11, 10, 14], we have presented-in uenced by socio-
cognitive and socio-systemsheories[15, 16, 13] — formal
frameworks for the semanticoof communicatie actionthat
is empirical constructivisandconsequentialish natureand
analyzedthe implicationsof this modelon socialreasoning
both from an agent(bottom-up)and a systemic(top-davn)
perspectie.
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Thereby we have suggestedhat recordingobsenations
of messagexchangeamongagentsin a multiagentsystem
(MAS) empirically is the only feasibleway to capturethe
meaningof communicationif no a priori assumptionsbout
this meaningcan be made. Being empiricalaboutmeaning
naturallyimpliesthattheresultingmodelvery muchdepends
on the obserer's perspectie, andthat the semanticsvould
alwaysbethe semanticsassigned’to the utterancedy that
obserer, hencethis view is inherentlyconstructist. Since,
ultimately, no morecanbe saidaboutthe meaningof a mes-
sagethanthatit lies in the expectedconsequencethat this
messagehas, we also adopta consequentialisbutlook on
meaning.

In this paper we presenta framework for the formal de-
scriptionof socially intelligent multiagentsystemsbasedon
the universal,systems-theoreticalonceptof communication
systemgqCS). Following sociologicalsystemstheory com-
municationsystemgalso calledsocial systempare systems
that consistof interrelatedcommunicationsvhich describe
their environment[13]. We usethis termto denotecomputa-
tionalmodelsof suchsystemghatprocesempiricalinforma-
tion aboutobsened communicatiorwhich takesplacewithin
a MAS of arti cial agents(eitherwith the CS asan MAS-
externalMAS-obsener or asa componentf anagentwhich
participatesn the obsened communicatiorhimself). Their
distinct featuresare (i) that they only use dataaboutcom-
municationfor building modelsof social processesthe un-
derlying assumptiorbeingthat all relevant aspectof agent
interactionare eventually revealedthroughcommunication,
and (ii) that, if the respectre CS is part of an agent,the
resultsof the obsenationsare suitableto take actionin the
MAS to in uence its behaior; in otherwords,theremightbe
a feedbackioop betweenobsenration and action, so that an
CS-basedhgentbecomesan autonomousomponentn the
overall MAS.

CSsmightbe (partof) sociallyintelligentsoftwareagents.
Note,however, thatthis is not necessarilyhe case Although
their autonomypresumessome agenti cation in the tradi-
tional sense their objectives neednot be tied to achieszing
certaingoalsin the physical(or virtual simulation)world asis
thecasewith “ordinary” agents.Thus,CSarebestcharacter
izedin a abstracfashionascomponentsisedto (trans)form
expectations(regardlessof how theseexpectationsare em-
ployedby agentsn theirreasoningandareautonomousvith
respecto how they performthis generatiorof expectations.

Thereby the “semantics”aspecimentionedabore playsa
crucial role, becausehe meaningof agentcommunication
lies entirely in the total of communicatre expectationsn a
system[1], andCS capturepreciselytheseexpectationsand
how they evolve.

Theremainingsectionsarestructuredasfollows: We start
by introducingexpectatiometworksin section2, which con-
stitute our formal model for describingcommunicatre ex-
pectationsThen,we formally de ne communicatiorsystems
andtheir semanticgsection3). Section4 discusseapplica-

tionsandextensionsof the CS,andsection5 concludes.
2. Expectation Networks

It is widely acceptedn DistributedArti cial Intelligence
that the most important property of intelligent agentsis
their autonomy The major consequencef the autonomous
behaior of agentsis that a certainagentappearsto other
agentsand obserers more or less as a black box which
cannotfully be predictedandcontrolled. This obscurityand
uncontrollabilityis particularlysalientin theopenmultiagent
systemawve arefocussingon. Becausenly the actionsof the
agentin its ervironmentcan be obsened, while its mental
state keeps obscure, beliefs and demandsdirected to the
respectie agentcan basically be stylized as action expec-
tations which areful lled or disappointedn future agent
actions. To overcomethe situationof mutualindeterminism
amongblack-box agents(the so-calledsituation of double
contingency [13]), i.e. to determinethe respectie other
agent and to achieve reasonablecoordination (including
“reasonable”con icts), the agentsneedto communicate
A single communicationis the whole of a messageact as
a certain way of telling (not necessarilyvia speech,but
also e.g. as a demonstratie gestureor other semiotically
relevant manipulationsof the “physical” domain), plus a
communicatednformation, plus the understandingof the
communicatiorattempt. Communicationis obsenableasa
courseof relatedagentinteractions. Becausecommunica-
tions are the only way to overcomethe problemof double
contingeny (i.e. theisolationof singleagents)they arethe
basicconstituentof sociality andtherelationof subsequent
communicationgormsthe social systenfor the participating
agentsAnd if actionexpectationsarerelatedto messagacts
aspartsof communicationgi.e. sociality), social structues
canbemodeledasexpectationstructues[13].

By processingexisting expectationsagentsdeterminetheir
own actions,which, then,in uence the existing expectations
in turn. So communicationis not only structuredby indi-
vidual agentgoalsand intentions,but also by expectations,
and the necessityto test, learn and adapt expectations
from obsenred interactionsand in orderto optimize future
communications.

Expectationsregarding agentbehaior can be formed not
only by peer agents(as an aspectof their mental state),
but also by obsenrerswith a global view of the multiagent
system. Suchsystem-leel expectationsare called emepgent
if they are formed solely from the statisticalevaluation of
the obsened communications.In contrast,e.g. the system
designerforms expectationsnot only from her knowledge
aboutthe existing multiagentsystem“under construction”,
but alsofrom herdesigngoals(in 4.2wewill presentidesign
methodfor multiagentsystembasedon this principle). In
either case,interrelatedexpectationsregarding future agent

1This view of expectationsand sociality follows the Theory of Social
Systemg“systemstheory”) of the sociologistNiklas Luhmann[13] andis
describedn detailin [1].
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Figure 1.

Anexpectatiometwork.Nodesare labelledwith messge templatesn typewriter fontandthespecialsymbols , ? and?,
they are connectedby (solid) edgeslabelledwith numericalexpectabilitiesn italic font. Substitutiorists/conditionselonging
to edgesappearin rounded/edegd boxesnearthe edge. If neighbouringedgesshae a conditionthis is indicatedby a drawn
anglebetweertheseedges. Thisexamplenetworkshowsa shortcommunicatiortourseof threeagentroles,A, B andC, which
are instantiatedwith three agentsthrough substitutionlists (A = agent_1, B = agent_2, C = agent_3). The provision of
sud substitutionlists is optional. The EN startswith a requestto do action X (deliver_goods of A directedto B. In case
conditionprice = Oisful lled, B is expectedo alwaysacceptthisrequestindto performtherequeste@ctionX in caseheis
ableto doit (conditioncan(B ; X)) is true). Otherwise with probability 0.5therequestvill berejectedandthe communication
ends(? ). With probability 0.5,B answes with a proposalY (wheeY = pay_price), which is acceptedy A with probability
0.5. Afterrejection,thefurther courseof communicatioris unknown(?), whereasthe acceptancdeadsto theful iIment of X
throughB (do(B; X)). In thelatter case A in turn doesY (i.e., paystheprice for X)), or delgyatesthisto C if heis notable

to pay(can(A; Y) is false).

behaior arethe only modelingmeansthat are universally
suitablefor the descriptionof black-boxagents'interaction
behaior from an external obsenrers point of view as our
computationamodelsof communicatiorsystems.

Expectationnetworks (ENs) [1] are the graphical data
structuresusedin this work for the formal representatiof
suchsocialexpectations.They capturethe regularitiesin the
ow of communicationbetweenagentsin a systemby in-
terconnectingnessagéemplategnodes)that standfor utter
anceia links (edgeswhich arelabelledwith (i) probabilis-
tic weightscalledexpectabilities (ii) alogical conditionand
(i) lists of variablesubstitutions Roughlyspeakingthe se-
manticsof sucha weightededgeis asfollows: If the vari-
ablesin themessagebave ary of thevaluesin the (optional)
substitutionlists, andthe logical conditionis currentlysatis-

ed, thentheweightof this edgere ects the probability with
which a messagenatchingthe label of thetargetnodeis ex-
pectedo follow theutteranceof amessagenatchingthelabel
of the sourcenodeof the edge.Beforepresentinga full def-
inition of ENs, we have to introducesomebasicnotionsand
notationwe use,andto make certainauxiliary de nitions and
assumptions.The examplenetwork in gure 2 will be used
throughoutthe discussiorof ENsto illustratethe purposeof
de nitions andassumptions.

2.1 Basics

A centralassumptiorthatis madein ENsis thatobsered
messagemay be catgorisedascontinuationsof othercom-
munications,or may be consideredhe startof a new inter-
actionthatis not relatedto previous experience.Soanedge
leadingfrom messagen to messagen® is thoughtto re ect
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the probability of communicationbeing “continued” from
the obserer's point of view. Usually, continuationdepends
on temporaland spatial proximity betweenmessagedhut it
mightalsobeidenti ed throughaconnectiorabout‘subject”,
or, for example,throughthe useof the samecommunication
medium(m®wasshavn on TV afterm wasshovn sometime
earlieron).

Apartfrom “ordinary” nodelabelsdenotingmessagesye
usethreedistinctsymbols“.”, “? ", and“?". “.” is thela-
bel occurringonly at the root nodeof the EN. Wheneer a
messageés considereda startof a new conversationinstead
of continuingprevious sequencest is appendedo this “. "-
node.Nodeslabelledwith “? " denotethata courseof com-
municationsis expectedto endwith the predecessoof this
node.Thelabel“?”, nally, indicatesthatthereexistsno ex-
pectatiorregardingfuture messageat this node.Nodeswith
such“don't know” semanticareusuallymessagethatoccur
for the rst time — the obsenrer knows nothing aboutwhat
will happerafterthembeinguttered.

To de ne the syntacticdetailsof EN, we introducefor-
mal languaged. andM usedfor predicate-logicakxpres-
sions and for messageemplates. L is a simple logical
languageconsistingof propositionsStatement potentially
containing (implicitly universally quanti ed) variablesand
of the usualconnectves _, ~, ) and: , the logical con-
stants“true” and “fals€’, andbraces() for groupingsub-
expressiondogether(the languages formally given by the
grammarin tablel). Giventhe setof all possibleinterpreta-
tionsl = fl : Statement! ftrue;falsegg we de ne the
relationFp | £ L in theusualway by inductionover for-
mulae' 2 L andinterpretationg 2 | :

| ' iff ' 2 Statementandl (' ) = true
lE' iff 9#:'%="andlF"'°
It iff 1
lF" _q iff 1F"orl Fq
where# = Hvi=t1];:::;[vk=tk]i is a variablesubstitution.

Asusually® and) canbede nedasabbreiationsthrough
the otheroperators.Also, we write ' if ' is atautology
thatis satisedby ary | 2 | . A knowledg baseKB 2 2-
canbeary nite setof formulaefrom L, For simplicity, we
will oftenwrite KB = ' toexpress= (. oz ' °) ).
As for M |, thisis aformal languagehatde nesthe mes-
sagepatternsusedfor labelling nodesin expectationnet-
works. Its syntaxis given by the grammarin table1. Mes-
sagesobsered in the system(we write M . for the lan-
guageof theseconciete messagestan be either physical
message®f the format do(a; ac) wherea is the executing
agentand ac is a symbol usedfor a physical action, or a
non-plysical messageperformative (a;b;c) sentfrom a to
b with contentc. (Note thatthe symbolsusedin the Agent
andPhysicalAction rulesmight be domain-dependerstym-
bols the existenceof which we take for granted.) The node

Var ! X jJY jzj
AgentVar ! A1 ] Az
PhysicalActVar ! X1 j X2 j
Expect 2 [0;1]
Agent ! agent.l j ::: j agent.n
Head ! it _rains j loves |
Performative ! accept j propose | reject | inform
j
PhysicalAction ! move_object j pay_price
j deliver goods |
Message ! Performative (Agent; Agent; LogicalExpr )

j do(Agent; Agent; PhysicalAction )

MsgPattern ! Performative (AgentTerm; AgentTerm;
LogicalExpr )
j do(AgentTerm;AgentTerm;
PhysicalActTerm)
i 0?07
PhysicalActTerm ! PhysicalActVar j PhysicalAction
AgentTerm ! AgentVar | Agent
LogicalExpr ! (LogicalExpr ) LogicalExpr)
j  (LogicalExpr _ LogicalExpr )
j  (LogicalExpr ™ LogicalExpr )
j : LogicalExpr
j Statement
Statement ! Head | Head(TermList) | true
j false
TermList ! TermList ;Term j Term
Term ! Var | AgentTerm | MsgPattern
j Graph
EdgeList ! (MsgPattern ; Expect; MsgPattern ;
LogicalExpr ; SubstList ) EdgeList
Graph ! hEdgeList i
SubstList® ! SubstList °Subst j
Substlist ! hSubstList
Subst ! [AgentV ar=Agent]
j [Physical ActV ar =P hysical Action ]
j [Var=Term]
Table 1.

A grammarfor messges,geneatingthelanguagesM (thelanguage of mes-
sage patternsusingMsgPattern asstartingsymbol)M . (thelanguage of
concetemessges,usingMessage as starting symbol)andthelogical lan-
guage L (usingLogicalExpr asstartingsymbol).
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labels(type MsgPattern) usedin the expectationnetworks
may also containvariablesfor agentsand physical actions
(thoughnot for performatves). Following the conceptof
agentrolesintroducedin [1, 12], thevariablesfor agentsare
called (agent)roles Thesevariablesare usefulto general-
ize over differentobsened messagesand canoptionally be
further speci ed by addingvariable substitutionlists. The
contentc of a non-plysical action, nally, is given by type
LogicalExpr. It caneitherbe (i) an atomic proposition,a
(i) messageéermor physicalactionterm,(iii) anexpectation
network?, or (iv) alogical formulacontainingtheseelements
accordingto table1. Syntactically expectationnetworks are
hererepresentedslists of edgeqm; p;n; c;|) wherem and
n aremessagéerms,p is atransitionprobability (expectabil-
ity) fromm to n, cis alogical condition,l is alist of variable
substitutionsWeusefunctionsin : V! 2 out:VvV ! 2¢,
source : C ! V andtarget: C ! V whichreturnthein-
goingandoutgoingedgesf anodeandthe sourceandtarget
nodeof anedge respectiely, in theusualsenseC is theset
of all edgesyV thesetof all nodesintheEN.cond : C! L
returnsthe conditionsof edges,subst : C ! SubstList
(with SubstList asin table1) returnsthe edges'substitution
lists. Edgesdenotecorrelationsn obsered communication
sequences.Each cognitive edgeis associatedvith an ex-
pectability(returnedby Expect: C ! [0;1]) whichre ects
theprobability of target(e) occurringshortlyaftersource(e)
in the samecommunicatie context (i.e. in spatialproximity,
betweerthe sameagentsetc.).

Thefull meaningof thesengredientswill befurtherclari-
ed oncethefull de nition of expectatiomnetworkshasheen
presented. Note that accordingto table 1 expectationnet-
works are allowed to be containedwithin messageerms
of expectationnetwork nodesthemselesto allow the mod-
elling of the communicationof complex expectationstruc-
turesamongagents.

2.2 EdgeConditions

As a nal ingredientto network edgeswe brie y discuss
edgeconditions.Theideais thattheseconditionsshouldfur-
therde ne the scopeof validity to casesn which a formula
canbe shavn to hold usingthe obserer's knowledgebase.
So,if ' = cond(e), theneis only relevantiff KB | ' .

Becausall conditionsfor outgoingedgeof acertainnode
shouldbe mutually exclusive to ensurethat later the seman-
tics of a certainmessagerajectorycanbe calculatedunam-
biguously we wantthesumof expectabilitiesof all out-edges
of anodeto be onefor acertainknowledgebasecontent. In

2Suchexpectatiometworkswithin messageareusefulto replaceperfor
mativesof agentcommunicatiolanguagesWe have to referto [10, 14] for
detailsof this concept.

3From a probabilisticpoint of view, it would be sufcient to demanda
sumlower or equalone, but a sumof exactly one (which is practicallyal-
ways feasibly throughinsertionof a “dummy” '?'-edge) formally ensures
the exhaustvenesof the setof outgoingedges.

otherwords,the condition

X
8v Expect(e) = 1
e2out (v);KB j=cond (e)

shouldhold.

This canbeensuredfor example,by guaranteeinghatthe
following condition holds through appropriateconstruction
rulesfor the EN. Assumethe outgoinglinks out(V) of ev-
ery nodev arepartitionedinto setsO;; O;;::: Ok wherethe
links' expectabilitiesn eachO; arenon-neative andsumup
to one'. Now let all edgesin O; sharethe sameedgecondi-
tion, i.e.8i9' 80 2 O;:(cond(o) = ' ) andde ne cond(O;)
as preciselythis sharedcondition' . (The O; setsare pre-
cisely thosesub-setf out(v) connectedby a dravn angle
in gure 2.)

If we malke surethatthe outgoinglinks of every nodeare
partitionedin thisway, we canassignmutuallyexclusive con-
ditionsto them,i.e. ensurethat

8i 6 j:cond(O;) ~ cond(OQ;) ~ false
and _jcond(Q;) ~ true

This way, it is not only guaranteedhatwe canderive un-
ambiguougrobabilitiesdirectly from the Expect values but
alsothatwe cando sofor any knowledgebasecontents(cf.
2.4p.

2.3 Formal De nition

Having discusseall the prerequisiteswe cannow de ne
ENsformally:

De nition 1. An expectatiometworkis a structure
EN = (V;C;M ;L;H;mesg cond; subst Expect)
where

2 V with jVj > listhesetof nodes,

2 Cpu V£V arethecognitive edgeqor edgedor short)
of EN. (V; C) is atreecalledexpectationtree

2 M isamessgetermlanguage®, L is alogicallanguage,

cond : C! L returnstheconditionsof edges,
2 mesg: V! M isthemessgelabelfunctionfor nodes
suchthat
- mesqVv) = . exactlyfor therootnodeof (V; C),

4Formally, out(v) = [ 1. i. kOj ang$l- i<j - kOj\ O =,
and8i - k:(802 O;:Expect(o), 0" 020, Expect(o0) = 1).

5This comesat the price of having to insert redundantedgesin some
situations. For example,insertionof a newv edgee with cond(e) = ' if
out(v) = ; necessitatemsertionof anotheredgee® with cond (e) = : ' .

6All languagesisde ned in the previous sections.
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- 8v 2 V:8e;f 2 out(v):
: unify (mesgtarget(e)) ; mesqtarget(f )))
(whereunify shall be tr ue iff its agumentsare
syntacticallyuni able, i.e., target node labels of
outgoinglinks never match),

2 H 2 Nisa nite communicatiorhorizon

2 Expect : C! [0;1] returnstheedges'expectabilities,

2 subst: C ! SubstList (with SubstList asin table1)
returnsthe edges'substitutiorlist.

Ourfull formalframevork [17] alsode nesso-callechorma-
tive edgeswhich have beenomitted herefor lack of space.
In contrasto cognitve edgestheexpectabilitiesof normative
edgesareonly seldomlyadaptedy the communicatiorsys-
tem accordingto nenly obsered messagesand undervery
speci ¢ circumstances.In the tradition of systemstheory
herethe term “cognitive” means‘adaptablethroughcogni-
tion aboutobsenations”.

The only elementof this de nition thathasnot beendis-
cussedofaris thecommunicatiorhorizonH , which denotes
the scopeof maximalmessagsequencéengthfor whichthe
EN is relevant. It is necessaryor de ning the semanticof
the EN, andwill bediscussedn detailin the following sec-
tion.

2.4 Formal Semanticsof MessageSequences

The purposeof anEN is to provide a semanticgor mes-
sages.For anarbitrarysetS, let ¢( S) bethe setof all (dis-
crete)probabilitydistributionsover S with nite support.We
de ne the semanticd gy (K B; w) of an obsened message
sequencav in a network EN as a mappingfrom knowl-
edgebasestatesandcurrentmessagsequencere x esto the
posteriorprobability distributions over all possiblepost xes
(conclusionspf the communicationFormally,

len (KB;w) =fy; fuw2¢(MZY) 1)

where
g (W??)
VoM @ Ow (V?)

is de ned asthenormalizedvalueof g, (W®?). gy (W?) rep-
resentghe probability thatw will be concludedby message
sequencev’, for ary w;w® 2 M ®. We computethe prob-
ability for w*? to make surew? is followed by a nodewith
label ? in the network, becausehe probability of wP is the
probabilitywith which thecommunicatiorsequencevill end
afterwjowoj (andnotthatw®will simply bethepre x of some
longersequence)Also notethatthe sumin the denominator
is not, asit mayseemijn nite, becausé,, has nite support
andthelengthof theconsidereanessagsequencess limited
by meansof the communicatiorhorizonH (seebelow), and
thatthe semanticof w dependon K B, becausenly those

fw(w) = (@)

edgeswhich have conditionsthat aretrue accordingto K B
areusedfor calculatingthe semantic®f w.

Informally, the probability of w® shouldbe inferredfrom
multiplying all the expectabilityweightsalongthe paththat
matchesn?® (if ary). Beforepresentinghe top-level formula
for gw (W9, we needsomeauxiliary de nitions:

Firstly, we needto determinethe nodein a network EN
thatcorrespondso aword w, which we denoteby mesg *:

mesg 1(é) =v
v0 if 9(v;v9 2 C(KB):
% 9# 2 subst((v;Vv9):
mesd (wm) = (mesg V9 ¢substw)#=m (3)
Amesg 1(w) = v)
© ? if nosuchvlexists

mesgqV) = .

ifw2MZ,m2M .’ The rst casestateghatthenodecor
respondingo the emptysequencé is the uniqueroot node
of (V; C) labelledwith .. Accordingto the secondcase we
obtainthe nodev® that correspondso a sequencevm if we
take v to be the successoof v (the nodereachedafter w)
whoselabelmatchesn underthefollowing condition:

Therehasto be a substitution# 2 subsi((v;v%) which,
when composedwith the substitutionsubstw) applied so
far to obtainthe message# w; to wj,; from the respectie
nodesin EN, will yield m if appliedto mesgv®). This is
expressedoy mesg(v? ¢substw)# = m. In otherwords,
thereis at leastone combined(and non-contradictoryyari-
able substitutionthat will make the node labels along the
pathmesg 1(wm) yield wm if it is appliedto them (con-
catenatingsubstitutionds performedin a standardashion).
Therebythefollowing inductive de nition canbeusedto de-
rive the substitutionsubstw) for anentireword w:

w=": subst{w) = hi
w=wn: subsfw)=
subst(w® ¢unier (mesgmesgd *(wm)); m)

wheret¢is a concatenatiomperatorfor lists anduni er (¢ ¢
returnsthe mostgeneraluni er for two terms(in a standard
fashion).Thus,subst{w) canbe obtainedby recursvely ap-
pendingtheunifying substitutiorof themessagéabelof each
nodeencounteren the pathw to the overall substitution.
With all this, we areableto computeg,, (W% asfollows:

8 . I
El [ =-|:1 M ::J| !
gw(W® = _if 9y F2) out(mesg (w)):mesgv) =?
3 Q else
4
which distinguishedbetweentwo cases:if the pathto node

mesg !(w) whoselabelsmatchw (andwhich s unique,be-
causethelabelsof sibling nodesin the EN never unify) ends

i e2pred(wwbS;i) S(e)

“For conveniencelet C (KB ) bethesetof nodeswithin thesub-netverk
of expectationnetwork EN wherethe edgesetis reducedto thoseedges
whoseconditionsaresatis ed underkB .
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in a“? label,the probability of aw?® is simply oneover the
sizeof all wordswith lengthup to the communicatiorhori-
zonH (henceits name).Thisis becaus¢he semanticef “?”
nodesis “don't know”, sothatall possibleconclusiongo w
are uniformly distributed. Note that this caseactually only
occurswhen new pathsare generatedand it is not known
wherethey will lead,andalsothatif anoutgoinglink of a
nodepointsto a nodewith label“?”, thenthis nodewill have
no otheroutgoinglinks.

In the secondcase|.e. if thereis no“?” labelon the path
p from mesg *(w) to mesg *(ww?, thenthe probability of
wPis theproductof weightsS(e) of all edges onp. Thereby
S(e) isjustageneralizeahotationfor expectabilityor norma-
tive force dependingon the typededge,i.e. S(e) = Exp(e)
for e 2 C. Thesumof theseS-valuesis computedor all in-
going edgespred (ww? i) of the nodethatrepresentshe the
ith elemeniof wP, formally de ned as

8
2 in(mesg (wy ¢¢ow;))
8w 2 M Z:pred(w;i) = o if mesg L(wy ¢tow;) 6 ?
" else

(5)
3. Communication Systems

A communicatiorsystemcanbe seenasa descriptionof
the social dynamicsof a multiagentsystem. The two main
purpose®f aCSarei) to capturehesocialexpectationgrep-
resentechisanEN) in the currentstateof a multiagentsystem
underobsenation,andii) to capturechangeso theseexpecta-
tion structuresWhereaghe EN modelsthe currentmeaning
of communicatie actionsequence§.e., theirexpectedgen-
eralizedcontinuationsn a certaincontect of previous mes-
sageutterances)the CS modelsthe way the EN is build up,
and,if necessaryadaptechccordingto new statisticalobser
vations. As alreadymentionedin sectionl, in contrastto
agentsvhoreasoraboutexpectationgsuchasIinFFrA agents
[18]), aCSneednotnecessarilypeanactive agentwho takes
actionin the MAS itself.

Describinghow communicatiorsystemswork shouldin-
volve (atleast)clarifying:

2 which communicatre actionsto selectfor inclusionin
anEN,

2 whereto addthemandwith which expectability(in par
ticular, whento considerthem as “non-continuations”
thatdirectly follow “. "),

2 whento deleteexistingnodesandedgeqe.g.to “forget”
obsoletestructures),and how to ensureintegrity con-
straintsregardingthe remainingN.

A formalframework for specifyingthe detailsof theabove is
givenby thefollowing, very generalde nition:

De nition 2. A communicatiorsystenattimet is astructure
CS = (LiM;f;84;-)
where

2 L, M aretheformal languagesisedfor logical expres-
sionsandmessageaccordingto tablel),

2 f :EN(L;M)E M ! EN(L;M) istheexpectation
structuesupdatefunctionthattransformsary expecta-
tion network EN to a new network uponexperienceof
amessagen 2 M ¢,

2 $; = memguimy 2 M ¢Z is thelist of all messages
obseneduntil timet. Thesubindeesof them; impose
a linear order on the messagesorrespondingto the
timesthey have beenobsered.

2 . :2"£M ! 2 isaknowledgbaseupdatefunction
thattransformsknowledgebasecontentafteramessage
accordingly

andEN (L ; M ) isthesetof all possibleexpectatiometworks
overL andM . Theintuition is thata communicatiorsystem
canbe characterizedby how it would updatea given knowl-
edgebaseand an existing expectationnetwork upon newly
obsenedmessagem 2 M .. TheEN within CS; canthus
becomputedhroughthe sequentiahpplicationof theexpec-
tation structuresupdatefunctionf for eachmessagevithin
$ , startingwith an empty expectationnetwork (i.e., an EN
which containsonly the startnode). $ ¢; 1 is calledthe con-
text of the messagebsered at time t, and gy (KB ;$¢)
computeghe semantic®f this messagevithin this context.
This de nition of CSis very general,asit doesnot pre-
scribehow the EN is modi ed by the CS. However, some
assumptiongarereasonabléo make, althoughnot obligatory
(see[14] for aconcreteEN-/CS-learningalgorithm):

2 |If KB is the currentknowledge base,- (KB ;m) F
KB (m) should hold, so that all facts resulting from
execution of m are consistentwith the result of the
- -function.

2 An EN shouldpredictthefutureof therespectre observ-
able communicationsequencess accuratelyas possi-
ble. Althoughthereis no canonicaimethoda CSshould
useto constructand updateENs, we proposethe fol-
lowing very generalheuristic: if any messagesequence
w? hasoccurredwith frequeng Pr(ww9 asa contin-
uation of w in the past,and EN ° is the sameasEN,
len o(KB ; w)(W9 = Pr(ww? shouldbethe case,i.e.
theexpectabilitiesalonga certainpathwithin the expec-
tation tree shall re ect the frequencieswith which the
respectie messagsequencebave beenoccurred.

8For simplicity, we assumea discretetime scalewith t 2 N, andthatno
pair of messagesanbe utteredatthe sametime.
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In additionto thesebasicassumptionsye proposethe fol-
lowing functionalitya CSshallprovide to beof practicaluse:

3.1 MessageFiltering and Syntax Recognition.

Dependingon its goalsand the applicationdomain, the
CSasanautonomou®bsenrer might not be interestedn all
obsenablemessagesSinceENs may not provide for a pri-
ori expectationsthe discardingof such“uninteresting’mes-
sagescan only take place after the semanticgi.e., the ex-
pectedoutcome)of therespectre messagebasalreadybeen
derivedfrom previous obsenation. Becausaliscardingmes-
sageshearsthe risk that thesemessagebecomeinteresting
afterwards,as a rule of thumb, messageltering shouldbe
reducedto a minimum. More particularly messageshould
only be ltered outin casesf moreor lesssettledexpecta-
tions. Paying attentionto every messagend ltering unin-
terestingor obsoleteinformationlater by meansof structure
reweightingand ltering (cf. below) is presumablythe more
robustapproach.

3.2 Structure Expansionand Generalization.

Structureexpansionis concernedwith the growth of an
EN in casea messagsequencés obseredwhich hasno se-
manticsde ned by this EN yet. In orderto do so, we could
start with an empty EN and incrementallyadd a node for
eachnewly obsered messageBut this would be not smart
enough becauset doesnot take advantageof generalizable
messagsequences.e. differentsequencethathave approx-
imately the samemeaning.In generalsucha generalization
requiresarelationwhichcomprisessimilar” sequenceslhe
propertiesof this relationof coursedependsn domain-and
obserer-speci c factors.A quite simpleway of generalizing
isto groupmessagewhich canbeuni ed syntacticallyusing
themessaggatternintroducedn tablel.

In theory the expansionof the EN would never be neces-
saryif we could a-priori generatea completeEN, i.e. anEN
which containsdedicatecpathsfor all possiblemessagese-
guencesin this casethe CSwouldjusthave to keeptrack of
thepercevedmessageasing$ andto identify this sequence
within the EN to derive its semanticswith no needfor f . For
obviousreasonssucha completeEN cannotbe constructed
in practice.

3.3 Pruning the EN.

Several further methodsof EN processingcan be con-
ceived of that aid in keepingthe computationof (approx-
imate) EN semanticstractable. This can be achievzed by
continuouslymodifying expectationstructuresusing certain
meta-rulesfor example:

1. “fading out” old obsenrations by levelling their edge
weights;

2. replacing large sets of sibling edgeswith (approxi-
mately)uniformly distributedexpectabilitieswith single
edgedeadingto “?" nodes;

3. removal of “?’s thatarenotleafs. Suchnodescanoccur
asoutcomeof the previousmeasure.

4. keepingthe EN depthconstanthroughremoval of one
old nodefor eachnew nodeto save spaceandremove
obsolete structures(e.g. using the communication
horizonH asmaximumEN depth);

5. removal of edgeswith very low expectabilities.In case
this resultsin cut-off branchesthesehave to be con-
nectedwith the startnodesubsequently

Sincethesemaodi cations are highly application-dependent,
we don't provide exactcriteriafor their practicalapplication
here.

4. Applications and Extensions

The modelling of social structureson the basisof ex-
pectationnetworks and communicationsystemsallows for
novel approacheso a variety of challengingissuesin mul-
tiagentsystemtechnology In thefollowing, we review three
of theseissues,namely (i) identi cation of ontologiesfor
interagentcommunicationand — closely related— the nd-
ing of veri able and e xible semanticsfor agentcommu-
nication languagesiii) mirror holonsas a nev model for
holonic theoriesof ageng and software engineeringmeth-
odsbasedon expectation-orientednodellingandanalysisof
multiagentsystemsy{iii) the agent-l@el socialreasoningar-
chitectureinFFra.

4.1 SocialOntologies

In DistributedArti cial Intelligence(DAl), anontologyis
a setof de nitions asa meanso provide a commonground
in the conceptualdescriptionof a domainfor communica-
tion purposes.Ontologiesare usuallyrepresenteés graph-
ical hierarchiesor networks of concepts,topics or classes,
andeithertop-davn imposedon the agentor setup bottom-
up by meansof ontology negotiation. In a similar way, ex-
pectationnetworks are descriptionsof the social world in
which the agentsexist. But ENs do not only describeso-
cial (i.e. communication)structuresput indirectly alsothe
communication-gternalenvironmenthemessageontenin-
forms about. Thus, communicationsystemscan be used,
in principle, for anincrementakollectionof ontologicalde-
scriptionsfrom different autonomoussources,resultingin
stochasticallyveighted possiblycon icting, competitve and
revisablepropositionsaboutervironmentalobjects[21]. The
crucialdifferenceto traditionalmechanismss thatsucha so-
cial ontolagy (also called OpenOntolagy [21, 20, 19]) in-
cludesprobabilisticexpectationsabouthow a certaindomain
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objector eventis describedgonstructecandusedsocially by
multiple autonomougknowledg sources(which do not nec-
essarilyhave consistentviews and which are not necessar
ily cooperatie, reliable or trustable),i.e. in the courseof
communicationprocessesising communicatie meanslike
approal, contradiction,con ict, agumentatioror speci ca-
tion. This opposesomavhatthetraditionalunderstandingf
ontologieswhereanontologyprovidesana priori grounding
for communicatioronly insteadof takinginto consideration
that ontologiesare evolving possiblyinconsistentesultsof
communicatioralso,andit makesthis socialapproactappear
particularly suitablefor the SemanticWeb, openmultiagent
systemsPeer2Peesystemandcommunitie®f practicewith
a highly dynamicernvironment,wherea commonlyagreed,
homogenousiomainperceptionof distributed, autonomous
knowledgesourcesannotbe assumedAlso, it is appropri-
atewheneer distributed domaindescriptionsarein uenced
by individual preferencesuchthat a consensugsannotbe
achieved (think, e.g.,about“politically” biasedresourcede-
scriptionsin thecontext of Peer2Peesystem®rtheSemantic
Web[22]). In thefollowing, we'll sketchtwo approachesor
extracting social ontologiesfrom expectationnetworks (for
more information aboutthe underlyingapproachcalled So-
cial Rei cationseg[21, 20, 19)).

4.1.1 Extraction of SpeechAct Types.

The currentversionof FIPA-ACL [23] providesanexten-
sible setof speech-agperformatve typeswith semanticgle-
ned in amentalisticfashion.In our approachye canimag-
ine a specialCS variantas a MAS component(e.g., a so-
calledmultiagentsystemmirror [2, 1], cf. 4.2)thatprovides
theagentawith a setof performatveswithoutary prede ned
semanticandwait for the semantic®f such“blank” perfor
mativesto emege. To becomepredictable|t is rationalfor
an agentto stick to the meaning(i.e., the consequencesjf
performatves,at leastto a certainextent. This meaninghas
beenpreviously (more or lessarbitrarily) “suggested’for a
certain performatve by someagentperformingdemonstra-
tive actionsafterutteringit.

Of course,a single agentis usually not ableto de ne a
preciseand stablepublic meaningfor theseperformatves,
but at leastthe intentional attitude associatedwvith the re-
spectve performatve needsto becomecommongroundfor
communicatiorto facilitatea non-nonsensicahon-entropic
discoursq11, 22, 14]. A particularperformatve usuallyap-
pearsat multiple nodeswithin the EN, with differentconse-
guencesteachposition,dependingn context (especiallyon
theprecedingath),messageontentandinvolvedsenderand
recever. To build up anontologyconsistingof performatve
types,we have to continually identify and combinethe oc-
currencef a certainperformatie within the currentEN to
obtaina generalmeaningfor this performatve (i.e., a“type”
meaning).Afterwards,we cancommunicatehis meaningto
all agentausingsometechnicalfacility within the multiagent
system]ike a MAS mirror or an“ACL semanticsener”. Of

course suchafacility cannotimposemeaningn anormatve
way asthe agentsarestill freeto useor ignore public mean-
ing asthey like, but it canhelpto spreadanguagedatalike
a dictionary or a grammardoesfor naturallanguages.The
criteria for the identi cation and extraction of performatve
meaningfrom ENs are basicallythe sameasthe criteriawe
proposedn 3 for thegeneralizatiorover messagsequences.

4.1.2 Extraction of Domain Descriptions.

While a setof emepgentspeechacttypesconstitutesa so-
cial ontologyfor communicatiorevents,classicalontologies
provide a descriptionof an applicationdomain. To obtaina
socialversionof this sortof ontologyfrom anEN, two differ-
entapproacheappeato bereasonablefl) Inclusionof ervi-
ronmenteventswithin the EN and(2) probabilisticweighting
of assertions.The former approachwhich is introducedin
[22, 14, treats‘physical” eventsbasicallyasutterancesSim-
ilar tothecommunicatiere ection of agentactionsby means
of do, aspecialperformatve happen(event) wouldallow EN
nodeghatre ect eventsoccurringin theervironment.These
eventswill be putin the EN eitherby a specialCSwhichis
ableto perceve the agents’commonenvironment,or by the
agentdhemselesasacommunicatie re ection of theirown
perceptions.A subsef event is assumedo denoteevents
with consensuasemanticqthink of physical laws), i.e., the
agentsare not free to performan arbitrary courseof action
after suchan event hasoccurred,whereashe remainderof
event consistsof eventtagswith opensemanticghat hasto
bederivedempiricallyfrom communicationebsenationjust
asfor “normal” utteranceslIf suchaneventappeardor the

rst time, the CS doesnot know its meaningin termsof its
consequencests meaninghasthusto bederiveda-posteriori
from the communicationafe ection of how the agentsre-
actto its occurrence. In contrast,approach(2), which we
proposedor the agent-basedompetitive rating of web re-
sourceg2?], exploits the propositionakttitudeof utterances.
Theideais to interpretcertaintermswithin LogicalExpr as
domaindescriptionsandto weightthesedescriptionsccord-
ing to theamountof consent/disserftisingprede nedperfor
mativeslike Assert andDeny). The weightedpropositions
are collectedwithin a knowledgebase(e.g.,K B asde ned
before)andarecommunicatedo the agentsn the sameway
astheemepgentspeectacttypesbefore.Unlike approachl),
ontologiesareconstructedby descriptionnot“by doing” in
thisway. The advantageof approach(1) lies in its seamless
integration of “physical” eventsinto the EN, whereagq?2) is
probablymoreeasyto applyin practice.

4.2 The Mirror concept

In [1, 12], we have introducedthe social systemmirror
architecturefor open MAS. The main componentof this
architectures a so-calledsocial systemmirror (or “mirror”
for short),an intelligent systemcomponentontaininga CS
which continually obseres communications,empirically
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derives emepgent expectation structures (representedas
an ENs, which might also contain normative structures

which are given by the designerinsteadof being learned
from statisticalobsenations) from theseobsenations, and
“re ects” thesestructuresbackto the agents.In additionto

the recordingof empirical expectationstructuresdescribed
in this work, the mirror is a goal-directedagentwithin the

MAS. Its goalsare to in uence agentbehaior by means
of system-widepropagation of social structuresand norms
to achieve quicker structureevolution (catalysis)and higher
coherenceof social structureswithout restricting agent
autonomyandthe provision of arepresentatioof adynamic
communicatiorsystemfor the MAS designer

Technically a mirror can be thoughtof asa knowledge
basewhich derives system-lgel expectationstructuresrom
communicationeandmakesthemavailableasinformationfor
both the participatingagentsandthe designerof the multia-
gentsystem. It can be implementedas an actual software
component(e.g. a middle agent), but it might as well be
usedwithout a physicalimplementatiorasa purely theoreti-
cal concept.Themirror hasthreemajorpurposes:

1. monitoringagentcommunicatiorprocesses,

2. derving emepgent system-lgel expectationstructures
from theseobsenrations, and calculatingthe deviation
of actualagentbehaiour from normatve expectations,

3. makingexpectationstructuresrisible for theagentsand
the designer(the so-calledre ection effect of the mir-
ror).

The publishedstructuresare not necessarilythe emegent
structuresderived from the systemobsenation - the mir-
ror canbe pre-structuredi.e. usedto “re ect” manuallyde-
signed(“manipulated”),non-emegentexpectationstructures
aswell. In both casesthe agentscanquerythe mirror very
muchlik e adatabasandactively usethe otherwisdatentso-
cial structureswhich are madeexplicit to themthroughthe
mirror asa guidefor their decisionmakingandtheir interac-
tion behaiour.

For example,agentsaninstantiatehemselesin socialpro-
gramswhich seemto be usefulto them, or refrain from a
certainbehaiour if themirror tellsthemthatit would violate
anorm. If the agentsmale (further) useof re ected struc-
tures,the structuresbecomestrongey otherwisewealer (the
degreeof thesechangeglependingon the respectre norma-
tivity). Thus,themirror re ects amodelof asocialsystemo
the agentsandby meansof this in uencesthe agents- very
muchlike massmediado in humansociety Conversely it
continualyobseresthe actualmultiagentsystemandadopts
the expectationstructuredn its databasén accordancevith
the agentinteractions.In doing so, the mirror never restricts
the autonomyof the agents.Its in uence is solely by means
of information,notthroughthe exertion of control.

4.2.1 Expectation-Oriented Software Development

As it hasbeenrecognizedthat dueto new requirements
arising from the complex and distributed natureof modern
software systemshe modularityand e xibility provided by
objectorientationis ofteninadequateandthatthereis aneed
for encapsulatiomf robust functionality at the level of soft-
warecomponentsagent-oriente@pproacheareexpectedo
offer interestingorospectiesin thisrespectpecausehey in-
troduceinteractionandautonomyasthe primaryabstractions
thedeveloperdealswith.

However, althoughinteractionamongautonomousgents
offers great e xibility, it alsobringswith it contingenciesn
behaior. In themostgenerakaseneithempeeragentsorthe
MAS designercan“readthe mind” of anautonomousgent,
let alonechangst. While the usualstrateyy to copewith this
problemis to restrictoneselfto closedsystemsthis means
loosing the power of autonomousdecentralizedcontrol in
favourof atop-davn impositionof socialregulationto ensure
predictablebehaior. The EXPAND method(Expectation-
oriented Analysis and Design) [12] follows a different ap-
proach.EXPAND is basedon expectationnetworks asa pri-
mary modellingabstractiorwhich both systemdesignerand
agentauseto managehe sociallevel of their actvities. This
novel abstractiorevel is madeavailable to themthrougha
specialversionof the social systemmirror (4.2),i.e., a spe-
cial CS, very similar to a CASEtool. For the designerthis
mirror actsas an interface he usesto propagte his desired
expectationgegardingagentinteractionto the agentsandas
a meansfor monitoring runtime agentactivity anddeviance
from expectedbehaior. For agents,this mirror represents
avaluable“systemresourcethey canuseto reducecontin-
geny abouteachother's behaior. EXPAND alsodescribes
an evolutionary processfor MAS developmentwhich con-
sistsof multiplescycles: the modelling of the systemlevel,
thederivationof appropriateexpectationstructuresthemon-
itoring of expectationstructureevolution andthe re nement
of expectationstructureggiven the obsenationsmadein the
system.

Within the EXPAND processa socialsystemmirror is used
in acyclic proces®f two alternatingmirror operationgvhich
arethe coreof our designprocess:

1. It makes the system-lgel expectationsthe software
designetasderived from her designgoalsexplicit and
known to the agents(i.e. it makes themthe “expecta-
tionsof expectation”describedn theprevioussection).

2. It monitors the system-lgel expectation structures
which emege from the communication®f the running
multiagentsystem.

Togethey both operationsallow the designerto control and
in uence if and how her designspeci cationsare realized
and adoptedby the agents. This approachborrows its un-
derlying conceptfrom the “evolutionary software engineer
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ing method”,andwill now be sketchedfrom the designers'
pointof view.

- Phasel: Modelling the systemlevel

In the rst phaseof the process,the software designer
modelsthe systemlevel of the multiagentsystemaccording
to herdesigngoalsin theform of designspeci cationswhich
focuson “social behaiour” (i.e. desiredcoursef agentin-
teraction)and“social functionality” (i.e. functionality which
is achievedasa “product” of agentinteraction suchascoop-
eratve problemsolving) in the widestsense(we don't take
into account'second-ordertesigngoalslik e high execution
speedor low memoryconsumption) For this task,the usual
speci cation methodsand formalismscan be used,e.g. the
speci cationof desirecernvironmentstatesgonstraintssocial
plansetc. In additionor asa replacementthe speci cation
canbe donein termsof system-lgel expectationstructures,
like socialprograms.

- Phasell: Deriving appropriate expectationstructur es

In the secondphase,the designermodels and derives
system-lgel expectationstructuresfrom the designspeci -
cationsand storesthemin the social systemmirror. If the
designspeci cationsfrom phasel are not alreadyexpecta-
tion structurege.g.they might be given asrulesof the form
“AgentX mustneverdo Y”), they have to betransformedap-
propriately While socialbehaiour speci cationsareexpec-
tation structuresper se social functionalities(for instance:
“Agentsin the systemmustwork out a solutionfor problem
X together”)possiblyneedo betransformediostlikely into
socialprograms.Sometimes full equivalenttransformation
will notbefeasible.In this case the designemodelsexpec-
tationstructuresvhich coverasmuchdesignrequirementss
possible.

System-lgel speci cationscanbe modelledasadaptable
or normatve expectations. The former canbe usedfor the
establishingof hints for the agentswhich are able to adapt
during the structureevolution, the latter for the transforma-
tion of constaintsandother“hard” designrequirementénto
expectation,

Figure2 shavsthespectrunof system-lgel speci cations
and expectationstructureshat resultfrom this phaseof the
analysisanddesignprocess.

- Phaselll: Monitoring structur e evolution

After thedesignehas nished the expectationmodelling,
shemalkesthemvisible for the agentsvia the social system

91t shouldbe keptin mind that a norm derived from a constraintdoes
not force the agentsto behae conformingto the rule, sinceit is “only” an
expectation.In somecasesyhereexpectationseemtoo “soft” a modelling
tool, direct programmingof agentgoalsandbehaiour might be necessary
Thisis certainlythecasefor agentshatarebuilt by thesamedesignefwhich
is notthe default casein opensystems)andthatwould be underspeci edf
theirreasoningapabilitiesarenot de ned morerigidly.
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mirror and putsthe multiagentsysteminto operation(if it is
not alreadyrunning). In the third phaseof the designand
analysisprocessit is up to the designeito obsene andanal-
yse the evolution of expectationstructureswhich becomes
visible to her throughthe mirror (Figure 3). In particular
shehasto pay attentionto the relationshipof the continu-
ouslyadaptedystem-lgel expectatiorstructuresandherde-
signspeci cationsfrom phasel, which meanshatsheanal-
ysesthe expectationstructureswith regard to the ful Iment
of normsestablishedy the designerandthe achiezementof
thedesiredsocialfunctionality Becausehemirrorisonlyin-
tendedo shaw expectatiorstructuresit couldbenecessarto
supportthe mirror with a softwarefor the (semi-)automatical
“re-translation”of expectationstructuresinto more abstract
designspeci cationslike socialgoals.

As long asthe expectationsstructuresdevelop in a positive
way (i.e. they matchthe designgoals)or no emegentstruc-
turescanbeidenti ed thatdesere beingmadeexplicit to im-
prove systemperformancethe designerdoesnot intervene.
Otherwisesheproceedwith phasdV.

- PhaselV: Re nement of expectationstructur es

In the last phase the designerusesher knowledgeabout
the positive or negative emepgent propertiesof the multia-
gentsystemto improve the system-lgel expectationstruc-
tures. Usually, this is achieved by removing “bad” expecta-
tion structuresfrom the mirror databaseand, if necessary
the introductionof new expectationstructuresas described
at phased andll. In addition, expectationstructureswhich
have provedto be usefulcanbe actively supportedy e.g.in-
creasingtheir expectationstrengthand/ortheir normatvity.
Theprocesproceedsvith phasdll until all designgoalsare
achiezedor no furtherimprovementseemsrobable.

For lack of spacewe have to refertheinterestedeaderto
[12] for furtherdetails.

4.2.2 Mirror Holons: Multi-Stage Obsewation, Re ec-
tion and Enactmentof Communication Structur es

While a social systemmirror only modelsa single com-
municationsystemand,exceptfor the propagtion of expec-
tations,doesnot take actionitself, the successoarchitecture
HoloMAS[2] is ableto modelmultiple communicatiorsys-
temsatthesameime throughmultiple mirror holonsin order
to modellarge, heterogenousystems.In addition,a mirror
holoncantake actionhimselfby meanf theexecutionof so-
cial programsavhicharegeneratedrom emegentexpectation
structures.“Ordinary agents”(and other mirror holons)can
optionally beinvolvedin this executionprocessaseffectors,
which realizeholon commandswithin their physical or vir-
tualapplicationdomain(unlesshey dery therespectie com-
mand). In ary casethey canin uence the social programs
within a mirror holon throughthe irritation of expectation
structuresdoy meansof communication. A mirror holonthus
representand(atleastto someextent) replaceghefunction-
ality of the ordinaryagentsthat contrikute to the emegence

of therespectie expectationstructuresput it doesnot disre-
gard the autonomyof his adjointactors. Anotherdifference
betweenmirror holonsandtraditionalagentholonsis thata
mirror holon doesnot representr containgroupsof agents,
but insteada certainfunctionalitywhich is identi ed in form
of regularitiesin the obsened communications.This func-
tionality is extractedand continually adoptedfrom dynamic
expectationstructuregegardingcriterialik e consisteny, co-
herenceandstability, correspondingdo the criteria sociolog-
ical systemgheoryascribedo socialprogramdq13]. Mirror
holonspave the way for applicationsin which agentauton-
omy shouldnot (or cannot)be restrictedon the one hand,
while reliable,time-critical systembehaior is desired.They
canalsobe usedasrepresentatiesfor entirecommunication
systemge.g.,virtual organizations}thatbehae smoothlyto-
wardsthird partieswheneerthecommunicatiorsystenitself
lackscoherence&ueto, for example,innercon icts.

4.3 Socialreasoningwith InFFrA

The InteractionFrameand FramingArchitecturelnFFrA
[18] is a social reasoningarchitecturein which so-called
interaction framesare usedto representpatternsof social
interaction and stratgically employed by socially intelli-
gentagentdo guidetheir interactionandcommunicatiorbe-
haviour. Thisis achieredby agentsieriving modelsof frames
from obsenationof encounterandapplyingthe mostappro-
priate patternsin future interactions(this processis called
framing. The conceptsof frame and framing are based
on Erving Goffman's micro-socialanalyseof everydaylife
[16].

In the conceptualabstractiarchitecturea frameis a data
structurethatcontainanformationabout

2 the possiblecoursesof interaction(so-calledtrajecto-
ries) characteristi¢or a particularframe,

2 rolesand relationshipsbetweenthe partiesinvolved in
aninteractionof this class,

2 contets within which the interactionmay take place,
and

2 beliefs i.e. epistemicstatesf theinteractingparties.

In computationaterms,thetrajectorymodelis usuallyarep-
resentationof a set of admissiblemessageand action se-
guenceswhile thelatterthreeelementssanbe collapsednto
asinglesetof logical constraintsvhich thenhave to be veri-
ed usingtheagentsinternalbelief state(usuallyrepresented
by the contentsof aknowledgebase).

InFFrA usesthe following data structuresfor reasoning
with frames:

2 theactiveframe theuniqueframecurrentlyactivatedto
describeheexpectedcourseof events,

2 the perceivedframe an interpretationof the currently
obsenedstateof affairs,
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Figure 4. Overview of the framing process

2 the differencemodelthat containsthe differencesbet-
weenpercevedframeandactive frame,

2 the trial frame usedwhen alternatves to the current
framearesoughtfor,

2 and the frame repository in which the agentlocally
storests frameknowledge.

Using thesedata structures,the InFFrA framing cycle (as
showvn in a simpli ed fashionin gure 4) consistsof the
folowing reasoningsteps:

1. Interpretation& Matching: Updatethe percevedframe
andcompardt with theactive frame.

2. AssessmentAssesghe usability of the active framein
termsof

(i) adequag (compliancewith the conditionsof the
active frame),

(i) validity (thedegreeto whichtheactive frame'stra-
jectorymatcheghepercevedencounterand

(iii) desirability (dependingon whetherthe implica-
tionsof theframecorrespondo theagents private
goals).

3. Framingdecision:If theactive frameseemsappropriate,
continuewith 5. Else, proceedwith 4 to nd suitable
alternatves.

4. Adjustment/Re-&ming: Searchtheframerepositoryfor
betterframes.“Mock-activate” themastrial framesiter-
atively andgo backto 1; if no suitableframeis found,
endtheencounter

5. Enactment:Derive actiondecisionsby applyingthe ac-
tive frame.

From a CS perspectie, INFFrA is nothing but an agent-
centric interpretationof our concepts. Insteadof de ning

a generalobserer of communication,InFFrA exclusively

dealswith agentobseners,andratherthanobservinggeneral
communicatiorprocessednFFrA agentonly obsere “f ace-
to-face” interactionprocessegmostly thosethey areperson-
ally involvedin).

In otherwords, interactionframesin InFFrA are micro-
modelsof communicatie expectationsthat encodeknowl-
edgeaboutcommunicatiorprocessefrom the standpoinif
anagentbserer. They containinformationaboutthesurface
structureof corversationgogetherwith logical conditionsin
thesameway asgeneraENsbut asa collectionof “manage-
ablechunks”of dialoguetracesratherthana hugenetwork of
global correlations.This allows for handlingexpectationsn
a computationallytractablefashionandwith this the concept
of framesmakesthe CSapproactaccessibléor thedesignof
socialreasoningnethods.

What makesInFFrA aninterestingextensionof the gen-
eral CS framework is the fact that agentsactually have to
stratgically decidewhich utterancedo generatein accor
dancewith their currentmodel of the CS to achieve their
goals. In [11] we have suggestecentropy-basedmethods
for reconcilingtheutility-basedpreferencesf InFFrA agents
with long-termconsiderationgboutthe effect of their deci-
sionsontheoverall CSin decision-theoretiterms.There the
interestingquestionwashow agentscanachiese a trade-of
betweertheir currentpursuitfor high utility andthe modi -
cationsto the CSthatwill resultfrom their currentdecision.

In [17], we have shavn how InFFrA framescan be for-
mally corvertedto generalexpectationnetworks. Of course,
someproblemsoccurwhenattemptingto transformgeneral
expectationnetworksto interactionframes,sincethefull ex-
pressvenessof expectationnetworks is not availablein the
formal modelof InFFrA for reason®f practicability

Basedon the empirical semanticsapproach,a formal
modelof InFFrA hasbeendevelopedfor a particular concrete
instanceof the abstractarchitecturg24]. This modelcalled
nInFFrA is basednviewing framesaspolicy abstactionsin
thesenseof Markov DecisionProcesse@VIDPs)[25].

More speci cally, in mInFFrA, a framedescribesa setof
two-party discrete turn-takinginteractionencountes which
canbethoughtof ascornversationdetweertwo agents.The
trajectoryis givenin the form of a sequencef messagpat-
ternsthatde nes the surfacestructureof the encountergle-
scribedby the frame, while a list of substitutionscaptures
the valuesof variablesin the trajectoryin previously expe-
riencedinteractions.Eachsubstitutionalsocorrespondso a
setof logical conditionsthat were requiredfor and/or pre-
cipitatedby executionof the trajectoryin the respectie en-
counter Finally, trajectory occurrenceand substitutionoc-
currencecountergecordthefrequenyg with whichtheframe
hasoccurredn thepast.

In termsof MDP theory framescanbe seenas“macro”-
actionscanbe invoked asMDP decisionsandthenexecuted
until certainconditionsapply (typically, until they areconsid-
eredundesirabl@ccordingo someheuristicsuntil theircon-
text conditionsareno moreful lled, or until the otheragent
hasuttereda messagehat doesnot matchthe trajectoryof
theframe).

Thisallows usto combinetheprinciplesof InFFrA with the
optionsframework [26] for hierarchicakeinforcementearn-
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Figure 5. Frame-based hierarchical view of
comm unication MDPs.

ing (RL; for anintroduction,seee.g.[27]). This frameavork
is basedn augmentinghe setsof admissible'primitive” ac-
tionsby setsof so-called‘options”, whereanoptionis atriple
consistingof aninput setof statesa policy (thatis admissi-
ble oncea statein theinput setis entered) andatermination
conditionthatdeterminesvhenan optionwill be exited and
anew onehasto beselected.

Combiningthe optionsframevork with m’InFFrA, we ob-
tainatwo-level ocialreasonin@ndlearningview asshovnin
gure 5. Accordingto thisview, whatwe obtainis atwo-level
MDP:

2 At theframelevel, the agentchooses frameasa com-
municationpolicy that may be usedover an extended

periodof time, dependingn whetherit canbe success-

fully completed.We employ Q-learning[28] to learna

long-term*“framing” utility function that enablesus to

derive optimal stratgjies for frame selectionfrom ex-

perience. The statesof this “upper” MDP are abstract
representationsf the goal of a corversation.

2 At the action level, we have to determinewhich con-
creteinstanceof a frameto selectsoasto optimisethe
outcomeof a corversation. Rememberinghat frames
containmessageatternsthat may allow for additional
choices(e.g. regarding which argumentto usein an
argumentationdialogue),we useadvesarial searchto
maximiseexpectedutility consideringhe others poten-
tial reactions.

This not only allows for combiningthe theory of empirical
communicatiorsemanticeand communicatiorsystemswith
thedecision-theoretiprinciplesof MDP theory it alsonicely
illustratesthat we can apply hierarchicalmethodsto cope

with the compleity of the usuallyhugespectrunof possible
communicatre behaiour. Finally, and maybemostimpor
tantly, it allows for the constructionof agentsthat are able
to adaptto a particularcommunicatiorsystemandto useit
accordingto theirown needs.

In future work, we are going to investigate how CS that
have beenobsenred by global entitiescanbe usedby agents
in the systemto improve theirinteractionbehaiour.

5. Conclusion

This paperpresenteddommunicatiorsystemsasa uni ed
modelfor sociallyintelligentsystemsasednrecordingand
transformingcommunicatie expectationsWe presentedor-
malismsfor describingexpectationsn termsof expectation
networks,theformal semantic®f thesenetworks,anda gen-
eral frameavork for transformingthemwith incomingobser
vation. Then,anumberof importantapplicationsof CSwere
discussedsomeof which have alreadybeenaddressebly our
pastresearchyhile othersarecurrentlybeingworkedon.

While a lot of work still lies aheadwe strongly believe
that, by virtue of their general character CS have the
potential of becominga uni ed model for speakingabout
methodsand applicationsrelevant to the improvement of
multiagentsystemsusing sociologicaltheories[29]. Also,
we hopethatthey cancontribute to bringing key insightsof
this new researchirectionto the attentionof the mainstream
DAl audience,as they put emphasison certain aspectsof
MAS thatareoftenneglectedin traditionalapproaches.
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