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Abstract

This paperpresentscommunicationsystems(CS) as the
�rst available uni�ed model of socially intelligent systems
de�ned in termsof communicationstructures. It combines
the empiricalanalysisof communicationin a socialsystem
with logical processingof social information to provide
a general framework for computationalcomponentsthat
exploit communicationprocessesin multiagentsystems.The
two main contributionsofferedby this paperareasfollows:
First, a formal model of CS that is basedon an improved
version of expectation networks and their processingis
presented.This formal model is basedon a novel approach
to the semanticsof agentcommunicationlanguageswhich
contrastswith traditional approaches. Second,a number
of CS-basedapplicationsare describedwhich illustrate the
enormouspotentialandimpactof a CS-basedperspective of
sociallyintelligentsystems.

Keywords: Arti�cial Agents, Multiagent Systems,Agent
CommunicationLanguages,Agent-OrientedSoftwareEngi-
neering,Socionics.

1. Intr oduction

Thecrucialpropertyof arti�cial agentsis their autonomy,
and sincecommunicationis the only autonomy-preserving
way for agentsto interact, it can be argued[1, 2] that any
kind of socialrelationshipamongagents(constitutedthrough
e.g.virtual organizations,interactionprotocols,socialnorms,
commonontologies...)canbedescribedin form of commu-
nicationstructures.Traditionalattemptsto modeltheseman-
ticsof agentcommunicationlanguages(ACLs),whichconsti-
tutecommunicationstructures,aremostlybasedon describ-
ing mentalstatesof communicatingagents[3, 4, 5, 6] or on
publicly available(usuallycommitment-based)social states
[7, 8, 9]. The theoreticaladvantagesof the formerapproach
are that it could be able to fully exposethe whole mecha-
nismof utteranceandutteranceunderstanding(providedthat
the agentsareequippedwith social intelligence).But it has
two obvious shortcomings,which eventually led to the de-
velopmentof the latter “objectivist” approach:At least in
openmultiagentsystems,agentsappearmoreor lessasau-
tonomousblackboxes,which makesit impossiblein general
to imposeandverify a semanticsdescribedin termsof cog-
nition. Furthermore,the descriptionof interactionscenarios
in termsof thecognitionof individualstendsto becomeex-

tremelycomplicatedandintractablefor large setsof agents,
evenif onecouldin fact“look insidetheagents'heads”.This
is notsomuchthecasedueto thecomplexity of communica-
tion processesthemselves,but dueto the subjective, limited
perspective of the involved individual agents,which makes
it hardto concludea concisepictureof supra-individual pro-
cesses.Currentmentalisticapproacheseitherlack a concept
for preventingsuchcomplexity at all, or they make simpli-
fying but unrealisticassumptions,for examplethatall inter-
actingagentswerebenevolentandsincere.The“objectivist”
semantics,in contrast,is fully veri�able, and it achieves a
big dealof complexity reductionby limiting itself to a small
setof normative semanticalrules. Therefore,this approach
hasbeena big stepahead.But it oversimpli�es socialpro-
cessesneglectingpragmaticsin favor of traditionalsentence
semantics,andit doesnot have a suf�cient conceptof mean-
ing dynamicsandgeneralization,andsocial rationality like
argumentationandsanctioning[10]. Communicationalways
hasan implicit socialsemanticsprior to any normative de�-
nition, andthis semanticsneedsto be exploited. In general,
we doubt that the predominatelynormative, staticandde�-
nite conceptsof mostof thecurrentACL research,borrowed
from the studyof programminglanguagesandprotocolse-
mantics,arereally adequateto copewith conceptslike agent
autonomy, agentopaquenessandthe emergenceandvague-
nessof sociallyconstructedmeaning,which communication
is in factabout.Therefore,boththesetraditionalviews fail to
recognizethat communicationsemanticsevolve during op-
erationof a multiagentsystem(MAS), andthat they always
dependon theview of anobserver who is trackingthecom-
municativeprocessesof black-or gray-boxagentsin thesys-
tem [10, 11]. Yet communicationdynamicsand observer-
dependency are crucial aspectsof inter-agentcommunica-
tion, especiallyin the context of opensystemsin which a
pre-determinedsemanticscannotbe assumed,let alonethe
complianceof agents'behavior with it.
In responseto theseissues,in [1, 12] wehave– in�uencedby
sociologicalsystems-theory[13] – introducedexpectations
regarding observable communicationsas a universalmeans
for themodellingof emergentsocialityin multiagentsystems,
andin [11, 10, 14], we have presented– in�uencedby socio-
cognitive and socio-systemstheories[15, 16, 13] – formal
frameworks for the semanticsof communicative action that
is empirical, constructivistandconsequentialistin natureand
analyzedthe implicationsof this modelon social reasoning
both from an agent(bottom-up)anda systemic(top-down)
perspective.
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Thereby, we have suggestedthat recordingobservations
of messageexchangeamongagentsin a multiagentsystem
(MAS) empirically is the only feasibleway to capturethe
meaningof communication,if no a priori assumptionsabout
this meaningcanbe made. Being empiricalaboutmeaning
naturallyimpliesthattheresultingmodelverymuchdepends
on the observer's perspective, andthat the semanticswould
alwaysbe thesemantics“assigned”to theutterancesby that
observer, hencethis view is inherentlyconstructivist. Since,
ultimately, no morecanbesaidaboutthemeaningof a mes-
sagethanthat it lies in the expectedconsequencesthat this
messagehas, we also adopt a consequentialistoutlook on
meaning.

In this paper, we presenta framework for the formal de-
scriptionof socially intelligentmultiagentsystemsbasedon
theuniversal,systems-theoreticalconceptof communication
systems(CS). Following sociologicalsystemstheory, com-
municationsystems(alsocalledsocial systems) aresystems
that consistof interrelatedcommunicationswhich describe
their environment[13]. We usethis termto denotecomputa-
tionalmodelsof suchsystemsthatprocessempiricalinforma-
tion aboutobservedcommunicationwhich takesplacewithin
a MAS of arti�cial agents(eitherwith the CS asan MAS-
externalMAS-observer or asa componentof anagentwhich
participatesin the observed communicationhimself). Their
distinct featuresare (i) that they only usedataaboutcom-
municationfor building modelsof socialprocesses,the un-
derlying assumptionbeingthat all relevant aspectsof agent
interactionare eventually revealedthroughcommunication,
and (ii) that, if the respective CS is part of an agent, the
resultsof the observationsaresuitableto take action in the
MAS to in�uence its behavior; in otherwords,theremightbe
a feedbackloop betweenobservation andaction,so that an
CS-basedagentbecomesan autonomouscomponentin the
overallMAS.

CSsmightbe(partof) sociallyintelligentsoftwareagents.
Note,however, thatthis is notnecessarilythecase.Although
their autonomypresumessomeagenti�cation in the tradi-
tional sense,their objectives neednot be tied to achieving
certaingoalsin thephysical(or virtual simulation)world asis
thecasewith “ordinary” agents.Thus,CSarebestcharacter-
ized in a abstractfashionascomponentsusedto (trans)form
expectations(regardlessof how theseexpectationsare em-
ployedby agentsin their reasoning)andareautonomouswith
respectto how they performthisgenerationof expectations.

Thereby, the“semantics”aspectmentionedabove playsa
crucial role, becausethe meaningof agentcommunication
lies entirely in the total of communicative expectationsin a
system[1], andCS capturepreciselytheseexpectationsand
how they evolve.

Theremainingsectionsarestructuredasfollows: Westart
by introducingexpectationnetworksin section2, whichcon-
stitute our formal model for describingcommunicative ex-
pectations.Then,weformally de�ne communicationsystems
andtheir semantics(section3). Section4 discussesapplica-

tionsandextensionsof theCS,andsection5 concludes.

2. ExpectationNetworks

It is widely acceptedin DistributedArti�cial Intelligence
that the most important property of intelligent agentsis
their autonomy. The major consequenceof the autonomous
behavior of agentsis that a certainagentappearsto other
agentsand observers more or less as a black box which
cannotfully bepredictedandcontrolled.This obscurityand
uncontrollabilityis particularlysalientin theopenmultiagent
systemswearefocussingon. Becauseonly theactionsof the
agentin its environmentcan be observed, while its mental
state keepsobscure,beliefs and demandsdirected to the
respective agentcan basicallybe stylized as action expec-
tations, which are ful�lled or disappointedin future agent
actions1. To overcomethesituationof mutualindeterminism
amongblack-boxagents(the so-calledsituationof double
contingency [13]), i.e. to determinethe respective other
agent and to achieve reasonablecoordination (including
“reasonable”con�icts), the agentsneed to communicate.
A single communicationis the whole of a messageact as
a certain way of telling (not necessarilyvia speech,but
also e.g. as a demonstrative gestureor other semiotically
relevant manipulationsof the “physical” domain), plus a
communicatedinformation, plus the understandingof the
communicationattempt. Communicationis observableasa
courseof relatedagentinteractions. Becausecommunica-
tions are the only way to overcomethe problemof double
contingency (i.e. the isolationof singleagents),they arethe
basicconstituentsof sociality, andtherelationof subsequent
communicationsformsthesocialsystemfor theparticipating
agents.And if actionexpectationsarerelatedto messageacts
aspartsof communications(i.e. sociality),social structures
canbemodeledasexpectationstructures[13].
By processingexisting expectations,agentsdeterminetheir
own actions,which, then,in�uence theexisting expectations
in turn. So communicationis not only structuredby indi-
vidual agentgoalsand intentions,but alsoby expectations,
and the necessity to test, learn and adapt expectations
from observed interactionsand in order to optimize future
communications.
Expectationsregarding agentbehavior can be formed not
only by peer agents(as an aspectof their mental state),
but also by observers with a global view of the multiagent
system. Suchsystem-level expectationsarecalledemergent
if they are formed solely from the statisticalevaluationof
the observed communications.In contrast,e.g. the system
designerforms expectationsnot only from her knowledge
about the existing multiagentsystem“under construction”,
but alsofrom herdesigngoals(in 4.2wewill presentadesign
methodfor multiagentsystembasedon this principle). In
either case,interrelatedexpectationsregarding future agent

1This view of expectationsand sociality follows the Theoryof Social
Systems(“systemstheory”) of the sociologistNiklas Luhmann[13] and is
describedin detail in [1].
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Figure 1.
Anexpectationnetwork.Nodesare labelledwith messagetemplatesin typewriter fontandthespecialsymbols. , ? and?;
they areconnectedby(solid)edgeslabelledwith numericalexpectabilitiesin italic font. Substitutionlists/conditionsbelonging
to edgesappearin rounded/edgedboxesnear theedge. If neighbouringedgesshare a conditionthis is indicatedby a drawn
anglebetweentheseedges.Thisexamplenetworkshowsa shortcommunicationcourseof threeagentroles,A, B andC, which
are instantiatedwith threeagentsthroughsubstitutionlists (A = agent 1, B = agent 2, C = agent 3). Theprovision of
such substitutionlists is optional. TheEN startswith a requestto do actionX (deliv er goods) of A directedto B . In case
conditionprice = 0 is ful�lled, B is expectedto alwaysacceptthis requestandto performtherequestedactionX in caseheis
ableto do it (conditioncan(B ; X ) is true). Otherwise, with probability0.5therequestwill berejectedandthecommunication
ends(? ). With probability0.5,B answerswith a proposalY (whereY = pay price), which is acceptedbyA with probability
0.5. After rejection,thefurther courseof communicationis unknown(?), whereastheacceptanceleadsto theful�llment of X
throughB (do(B ; X )). In thelatter case, A in turn doesY (i.e., paystheprice for X ), or delegatesthis to C if heis not able
to pay(can(A; Y ) is false).

behavior are the only modelingmeansthat are universally
suitablefor the descriptionof black-boxagents'interaction
behavior from an external observers point of view as our
computationalmodelsof communicationsystems.

Expectationnetworks(ENs) [1] are the graphical data
structuresusedin this work for the formal representationof
suchsocialexpectations.They capturetheregularitiesin the
�o w of communicationbetweenagentsin a systemby in-
terconnectingmessagetemplates(nodes)thatstandfor utter-
ancesvia links (edges)whicharelabelledwith (i) probabilis-
tic weightscalledexpectabilities, (ii) a logical conditionand
(iii) lists of variablesubstitutions.Roughlyspeaking,these-
manticsof sucha weightededgeis as follows: If the vari-
ablesin themessageshave any of thevaluesin the(optional)
substitutionlists, andthe logical conditionis currentlysatis-

�ed, thentheweightof this edgere�ects theprobabilitywith
which a messagematchingthelabelof thetargetnodeis ex-
pectedto follow theutteranceof amessagematchingthelabel
of thesourcenodeof theedge.Beforepresentinga full def-
inition of ENs,we have to introducesomebasicnotionsand
notationweuse,andto makecertainauxiliaryde�nitions and
assumptions.The examplenetwork in �gure 2 will be used
throughoutthediscussionof ENsto illustratethepurposeof
de�nitions andassumptions.

2.1 Basics

A centralassumptionthatis madein ENsis thatobserved
messagesmaybecategorisedascontinuationsof othercom-
munications,or may be consideredthe startof a new inter-
actionthat is not relatedto previousexperience.Soanedge
leadingfrom messagem to messagem0 is thoughtto re�ect
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the probability of communicationbeing “continued” from
the observer's point of view. Usually, continuationdepends
on temporalandspatialproximity betweenmessages,but it
mightalsobeidenti�ed throughaconnectionabout“subject”,
or, for example,throughtheuseof thesamecommunication
medium(m0wasshown onTV afterm wasshown sometime
earlieron).

Apart from “ordinary” nodelabelsdenotingmessages,we
usethreedistinct symbols“ . ”, “? ”, and“?”. “ . ” is the la-
bel occurringonly at the root nodeof the EN. Whenever a
messageis considereda startof a new conversationinstead
of continuingprevioussequences,it is appendedto this “ . ”-
node.Nodeslabelledwith “? ” denotethata courseof com-
municationsis expectedto endwith the predecessorof this
node.Thelabel“?”, �nally , indicatesthatthereexistsno ex-
pectationregardingfuturemessagesat thisnode.Nodeswith
such“don't know” semanticsareusuallymessagesthatoccur
for the �rst time – the observer knows nothing aboutwhat
will happenafterthembeinguttered.

To de�ne the syntacticdetailsof EN, we introducefor-
mal languagesL andM usedfor predicate-logicalexpres-
sions and for messagetemplates. L is a simple logical
languageconsistingof propositionsStatement potentially
containing(implicitly universally quanti�ed) variablesand
of the usualconnectives _, ^ , ) and : , the logical con-
stants“ true” and “ false”, and braces() for groupingsub-
expressionstogether(the languageis formally given by the
grammarin table1). Giventhesetof all possibleinterpreta-
tions I = f I : Statement ! f true; falsegg we de�ne the
relationj= µ I £ L in the usualway by inductionover for-
mulae' 2 L andinterpretationsI 2 I :

I j= ' if f ' 2 Statement andI (' ) = true

I j= ' if f 9# : ' 0# = ' andI j= ' 0

I j= : ' if f I 6j= '

I j= ' _ q iff I j= ' or I j= q

where# = h[v1=t1]; : : : ; [vk =tk ]i is a variablesubstitution.
As usually, ^ and) canbede�ned asabbreviationsthrough
the otheroperators.Also, we write j= ' if ' is a tautology
that is satis�ed by any I 2 I . A knowledge baseKB 2 2L

canbeany �nite setof formulaefrom L . For simplicity, we
will oftenwrite KB j= ' to expressj= (

V
' 02 KB ' 0 ) ' ).

As for M , this is a formal languagethatde�nes themes-
sagepatternsused for labelling nodesin expectationnet-
works. Its syntaxis given by the grammarin table1. Mes-
sagesobserved in the system(we write M c for the lan-
guageof theseconcrete messages)can be either physical
messagesof the format do(a;ac) wherea is the executing
agentand ac is a symbol usedfor a physical action, or a
non-physical messageperformative(a;b;c) sent from a to
b with contentc. (Note that the symbolsusedin the Agent
andPhysicalAction rulesmight bedomain-dependentsym-
bols the existenceof which we take for granted.)The node

Var ! X j Y j Z j : : :

AgentVar ! A 1 j A 2 j : : :

PhysicalActVar ! X 1 j X 2 j : : :

Expect 2 [0; 1]

Agent ! agent 1 j : : : j agent n

Head ! it rains j loves j : : :

Performative ! accept j propose j reject j inform

j : : :

PhysicalAction ! move object j pay pric e

j deliver goods j : : :

Message ! Performative (Agent; Agent; LogicalExpr )

j do(Agent; Agent; PhysicalAction )

MsgPattern ! Performative (AgentTerm ; AgentTerm ;

LogicalExpr )

j do(AgentTerm ; AgentTerm ;

PhysicalActT erm )

j . j ? j ?

PhysicalActT erm ! PhysicalActVar j PhysicalAction

AgentTerm ! AgentVar j Agent

LogicalExpr ! (LogicalExpr ) LogicalExpr )

j (LogicalExpr _ LogicalExpr )

j (LogicalExpr ^ LogicalExpr )

j : LogicalExpr

j Statement

Statement ! Head j Head(TermList ) j true

j false

TermList ! TermList ;Term j Term

Term ! Var j AgentTerm j MsgPattern

j Graph

EdgeList ! (MsgPattern ; Expect ; MsgPattern ;

LogicalExpr ; SubstList ) EdgeList j "

Graph ! hEdgeList i

SubstList 0 ! SubstList 0 Subst j "

SubstList ! hSubstList 0i

Subst ! [AgentV ar =Agent ]

j [P hysical ActV ar =Physical Action ]

j [V ar =Term]

Table 1.
A grammarfor messages,generatingthelanguagesM (thelanguageof mes-
sagepatterns,usingMsgPattern asstartingsymbol),M c (thelanguageof
concretemessages,usingMessage asstartingsymbol)andthelogical lan-
guageL (usingLogicalExpr asstartingsymbol).



InternationalJournalof Computer& InformationScience,Vol. 5, No. 1, March2004

labels(type MsgPattern) usedin the expectationnetworks
may also containvariablesfor agentsand physical actions
(though not for performatives). Following the conceptof
agentrolesintroducedin [1, 12], thevariablesfor agentsare
called (agent)roles. Thesevariablesare useful to general-
ize over differentobserved messages,andcanoptionally be
further speci�ed by addingvariablesubstitutionlists. The
contentc of a non-physical action, �nally , is given by type
LogicalExpr . It can either be (i) an atomic proposition,a
(ii) messagetermor physicalactionterm,(iii) anexpectation
network2, or (iv) a logical formulacontainingtheseelements
accordingto table1. Syntactically, expectationnetworksare
hererepresentedaslists of edges(m; p;n; c; l ) wherem and
n aremessageterms,p is a transitionprobability(expectabil-
ity) from m to n, c is a logicalcondition,l is a list of variable
substitutions.Weusefunctionsin : V ! 2C , out : V ! 2C ,
source : C ! V andtarget : C ! V which returnthe in-
goingandoutgoingedgesof anodeandthesourceandtarget
nodeof anedge,respectively, in theusualsense.C is theset
of all edges,V thesetof all nodesin theEN. cond : C ! L
returnsthe conditionsof edges,subst : C ! SubstList
(with SubstList asin table1) returnstheedges'substitution
lists. Edgesdenotecorrelationsin observed communication
sequences.Eachcognitive edgeis associatedwith an ex-
pectability(returnedby Expect : C ! [0;1]) which re�ects
theprobabilityof target(e) occurringshortlyaftersource(e)
in thesamecommunicative context (i.e. in spatialproximity,
betweenthesameagents,etc.).

Thefull meaningof theseingredientswill befurtherclari-
�ed oncethefull de�nition of expectationnetworkshasbeen
presented.Note that accordingto table 1 expectationnet-
works are allowed to be containedwithin messageterms
of expectationnetwork nodesthemselvesto allow the mod-
elling of the communicationof complex expectationstruc-
turesamongagents.

2.2 EdgeConditions

As a �nal ingredientto network edges,we brie�y discuss
edgeconditions.Theideais thattheseconditionsshouldfur-
therde�ne thescopeof validity to casesin which a formula
canbe shown to hold usingthe observer's knowledgebase.
So,if ' = cond(e), thene is only relevantiff KB j= ' .

Becauseall conditionsfor outgoingedgesof acertainnode
shouldbemutuallyexclusive to ensurethat later theseman-
tics of a certainmessagetrajectorycanbe calculatedunam-
biguously, wewantthesumof expectabilitiesof all out-edges
of a nodeto beonefor a certainknowledgebasecontent3. In

2Suchexpectationnetworkswithin messagesareusefulto replaceperfor-
mativesof agentcommunicationlanguages.We have to referto [10, 14] for
detailsof thisconcept.

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

otherwords,thecondition

8v
X

e2 out (v) ;KB j= cond (e)

Expect(e) = 1

shouldhold.
Thiscanbeensured,for example,by guaranteeingthatthe

following condition holds throughappropriateconstruction
rules for the EN. Assumethe outgoinglinks out(V ) of ev-
ery nodev arepartitionedinto setsO1; O2; : : : Ok wherethe
links' expectabilitiesin eachOi arenon-negativeandsumup
to one4. Now let all edgesin Oi sharethesameedgecondi-
tion, i.e. 8i9' 8o 2 Oi :(cond(o) = ' ) andde�ne cond(Oi )
aspreciselythis sharedcondition ' . (The Oi setsarepre-
cisely thosesub-setsof out(v) connectedby a drawn angle
in �gure 2.)

If we make surethat theoutgoinglinks of every nodeare
partitionedin thisway, wecanassignmutuallyexclusivecon-
ditionsto them,i.e. ensurethat

8i 6= j :cond(Oi ) ^ cond(Oj ) ´ false

and _ i cond(Oi ) ´ true

This way, it is not only guaranteedthatwe canderive un-
ambiguousprobabilitiesdirectly from theExpect values,but
alsothatwe cando so for anyknowledgebasecontents(cf.
2.4)5.

2.3 Formal De�nition

Having discussedall theprerequisites,we cannow de�ne
ENsformally:

De�nition 1. An expectationnetworkis astructure

EN = (V; C; M ; L ; H ; mesg; cond; subst; Expect)

where

² V with jV j > 1 is thesetof nodes,

² C µ V £ V arethecognitiveedges(or edgesfor short)
of EN . (V; C) is a treecalledexpectationtree.

² M is amessagetermlanguage6, L is alogical language,
cond : C ! L returnstheconditionsof edges,

² mesg: V ! M is themessage label functionfor nodes
suchthat

- mesg(v) = . exactly for therootnodeof (V; C),

4Formally, out (v) = [ 1· i · k Oi and81 · i < j · k:O i \ Oj = ; ,
and8i · k:(8o 2 Oi :Expect (o) ¸ 0 ^

P
o2 O i

Expect (o) = 1).
5This comesat the price of having to insert redundantedgesin some

situations. For example,insertionof a new edgee with cond(e) = ' if
out (v) = ; necessitatesinsertionof anotheredgee0 with cond(e) = : ' .

6All languagesasde�ned in theprevioussections.
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- 8v 2 V:8e;f 2 out(v):
: unify (mesg(target(e)) ; mesg(target(f )))
(whereunify shall be tr ue iff its argumentsare
syntacticallyuni�able, i.e., target node labelsof
outgoinglinks never match),

² H 2 N is a �nite communicationhorizon,

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

² subst : C ! SubstList (with SubstList asin table1)
returnstheedges'substitutionlist.

Ourfull formal framework [17] alsode�nesso-callednorma-
tive edges,which have beenomittedherefor lack of space.
In contrastto cognitveedges,theexpectabilitiesof normative
edgesareonly seldomlyadaptedby thecommunicationsys-
tem accordingto newly observed messages,andundervery
speci�c circumstances.In the tradition of systemstheory,
herethe term “cognitive” means“adaptablethroughcogni-
tion aboutobservations”.

Theonly elementof this de�nition thathasnot beendis-
cussedsofar is thecommunicationhorizonH , whichdenotes
thescopeof maximalmessagesequencelengthfor which the
EN is relevant. It is necessaryfor de�ning the semanticsof
theEN, andwill bediscussedin detail in the following sec-
tion.

2.4 Formal Semanticsof MessageSequences

Thepurposeof anEN is to provide a semanticsfor mes-
sages.For anarbitrarysetS, let ¢( S) be thesetof all (dis-
crete)probabilitydistributionsoverS with �nite support.We
de�ne the semanticsI EN (K B ; w) of an observed message
sequencew in a network EN as a mappingfrom knowl-
edgebasestatesandcurrentmessagesequencepre�xesto the
posteriorprobability distributionsover all possiblepost�xes
(conclusions)of thecommunication.Formally,

I EN (KB ; w) = f w ; f w 2 ¢( M ¤
c ) (1)

where

f w (w0) =
gw (w0? )

P
v2M ¤

c
gw (v? )

(2)

is de�nedasthenormalizedvalueof gw (w0? ). gw (w0? ) rep-
resentstheprobability thatw will beconcludedby message
sequencew0, for any w; w0 2 M ¤. We computethe prob-
ability for w0? to make surew0 is followed by a nodewith
label ? in the network, becausethe probability of w0 is the
probabilitywith which thecommunicationsequencewill end
afterw0

jw 0j (andnot thatw0 will simply bethepre�x of some
longersequence).Also notethat thesumin thedenominator
is not, asit mayseem,in�nite, becausef w has�nite support
andthelengthof theconsideredmessagesequencesis limited
by meansof thecommunicationhorizonH (seebelow), and
that thesemanticsof w dependson K B , becauseonly those

edgeswhich have conditionsthat aretrue accordingto K B
areusedfor calculatingthesemanticsof w.

Informally, the probability of w0 shouldbe inferredfrom
multiplying all the expectabilityweightsalongthe paththat
matchesw0 (if any). Beforepresentingthetop-level formula
for gw (w0), weneedsomeauxiliaryde�nitions:

Firstly, we needto determinethe nodein a network EN
thatcorrespondsto awordw, whichwedenoteby mesg¡ 1:

mesg¡ 1(" ) = v :, mesg(v) = .

mesg¡ 1(wm) =

8
>>>>>><

>>>>>>:

v0 if 9(v; v0) 2 C(K B ):
9# 2 subst((v; v0)) :
(mesg(v0) ¢subst(w)# = m
^ mesg¡ 1(w) = v)

? if nosuchv0 exists

(3)

if w 2 M ¤
c , m 2 M c

7. The�rst casestatesthatthenodecor-
respondingto the emptysequence" is the uniqueroot node
of (V; C) labelledwith . . Accordingto thesecondcase,we
obtainthenodev0 thatcorrespondsto a sequencewm if we
take v0 to be the successorof v (the nodereachedafter w)
whoselabelmatchesm underthefollowing condition:

Therehasto be a substitution# 2 subst((v; v0)) which,
when composedwith the substitutionsubst(w) appliedso
far to obtainthemessagesin w1 to wjw j from therespective
nodesin EN , will yield m if appliedto mesg(v0). This is
expressedby mesg(v0) ¢subst(w)# = m. In otherwords,
thereis at leastonecombined(andnon-contradictory)vari-
able substitutionthat will make the node labels along the
path mesg¡ 1(wm) yield wm if it is appliedto them (con-
catenatingsubstitutionsis performedin a standardfashion).
Thereby, thefollowing inductivede�nition canbeusedto de-
rive thesubstitutionsubst(w) for anentirewordw:

w = " : subst(w) = hi

w = w0m : subst(w) =

subst(w0) ¢uni¯er (mesg(mesg¡ 1(wm)) ; m)

where¢is a concatenationoperatorfor lists anduni¯er (¢; ¢)
returnsthemostgeneraluni�er for two terms(in a standard
fashion).Thus,subst(w) canbeobtainedby recursively ap-
pendingtheunifying substitutionof themessagelabelof each
nodeencounteredon the pathw to the overall substitution.
With all this,weareableto computegw (w0) asfollows:

gw (w0) =

8
>><

>>:

j [ H
i =1 M i

cj¡ 1

if 9v 2 out(mesg¡ 1(w)) :mesg(v) =?
Q

i

³ P
e2 pr ed (ww 0;i ) S(e)

´
else

(4)
which distinguishesbetweentwo cases:if the path to node
mesg¡ 1(w) whoselabelsmatchw (andwhich is unique,be-
causethelabelsof sibling nodesin theEN never unify) ends

7For convenience,let C (KB ) bethesetof nodeswithin thesub-network
of expectationnetwork EN wherethe edgeset is reducedto thoseedges
whoseconditionsaresatis�edunderKB .
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in a “?” label, theprobabilityof a w0 is simply oneover the
sizeof all wordswith lengthup to the communicationhori-
zonH (henceits name).This is becausethesemanticsof “?”
nodesis “don't know”, so thatall possibleconclusionsto w
areuniformly distributed. Note that this caseactuallyonly
occurswhen new pathsare generatedand it is not known
wherethey will lead,andalso that if an outgoinglink of a
nodepointsto anodewith label“?”, thenthisnodewill have
nootheroutgoinglinks.

In thesecondcase,i.e. if thereis no “?” labelon thepath
p from mesg¡ 1(w) to mesg¡ 1(ww0), thentheprobabilityof
w0 is theproductof weightsS(e) of all edgeseonp. Thereby,
S(e) is justageneralizednotationfor expectabilityor norma-
tive forcedependingon the typededge,i.e. S(e) = Exp(e)
for e 2 C. Thesumof theseS-valuesis computedfor all in-
goingedgespred(ww0; i ) of thenodethat representsthe the
i th elementof w0, formally de�ned as

8w 2 M ¤
c :pred(w; i ) =

8
><

>:

in (mesg¡ 1(w1 ¢¢¢wi ))
if mesg¡ 1(w1 ¢¢¢wi ) 6= ?
; else

(5)

3. Communication Systems

A communicationsystemcanbe seenasa descriptionof
the socialdynamicsof a multiagentsystem. The two main
purposesof aCSarei) to capturethesocialexpectations(rep-
resentedasanEN) in thecurrentstateof amultiagentsystem
underobservation,andii) tocapturechangesto theseexpecta-
tion structures.WhereastheEN modelsthecurrentmeaning
of communicativeactionsequences(i.e., theirexpected,gen-
eralizedcontinuationsin a certaincontext of previous mes-
sageutterances),theCSmodelstheway theEN is build up,
and,if necessary, adaptedaccordingto new statisticalobser-
vations. As alreadymentionedin section1, in contrastto
agentswhoreasonaboutexpectations(suchasInFFrA agents
[18]), aCSneednotnecessarilybeanactiveagentwho takes
actionin theMAS itself.

Describinghow communicationsystemswork shouldin-
volve (at least)clarifying:

² which communicative actionsto selectfor inclusionin
anEN,

² whereto addthemandwith whichexpectability(in par-
ticular, when to considerthem as “non-continuations”
thatdirectly follow “ . ”),

² whento deleteexistingnodesandedges(e.g.to “forget”
obsoletestructures),and how to ensureintegrity con-
straintsregardingtheremainingEN.

A formal framework for specifyingthedetailsof theabove is
givenby thefollowing, verygeneral,de�nition:

De�nition 2. A communicationsystemat timet is astructure
CSt = (L ; M ; f ; $ t ; · )

where

² L , M aretheformal languagesusedfor logical expres-
sionsandmessages(accordingto table1),

² f : EN (L ; M ) £ M c ! EN (L ; M ) is theexpectation
structuresupdatefunctionthat transformsany expecta-
tion network EN to a new network uponexperienceof
amessagem 2 M c,

² $ t = m0m1:::mt 2 M ¤
c is the list of all messages

observeduntil time t. Thesubindexesof them i impose
a linear order on the messagescorrespondingto the
timesthey have beenobserved8.

² · : 2L £ M c ! 2L is aknowledgebaseupdatefunction
thattransformsknowledgebasecontentsafteramessage
accordingly,

andEN (L ; M ) is thesetof all possibleexpectationnetworks
overL andM . Theintuition is thatacommunicationsystem
canbecharacterizedby how it would updatea givenknowl-
edgebaseandan existing expectationnetwork uponnewly
observedmessagesm 2 M c. TheEN within CSt canthus
becomputedthroughthesequentialapplicationof theexpec-
tation structuresupdatefunction f for eachmessagewithin
$ , startingwith an emptyexpectationnetwork (i.e., an EN
which containsonly thestartnode).$ t ¡ 1 is calledthecon-
text of the messageobserved at time t, and I EN (KB ; $ t )
computesthesemanticsof thismessagewithin thiscontext.

This de�nition of CS is very general,as it doesnot pre-
scribehow the EN is modi�ed by the CS. However, some
assumptionsarereasonableto make,althoughnot obligatory
(see[14] for aconcreteEN-/CS-learningalgorithm):

² If KB is the current knowledge base,· (KB ; m) j=
KB (m) should hold, so that all facts resulting from
execution of m are consistentwith the result of the
· -function.

² An ENshouldpredictthefutureof therespectiveobserv-
able communicationsequencesas accuratelyas possi-
ble. Althoughthereis nocanonicalmethodaCSshould
useto constructand updateENs, we proposethe fol-
lowing very generalheuristic: if any messagesequence
w0 hasoccurredwith frequency Pr(ww0) as a contin-
uation of w in the past,and EN 0 is the sameas EN ,
I EN 0(KB ; w)(w0) = Pr(ww0) shouldbe the case,i.e.
theexpectabilitiesalongacertainpathwithin theexpec-
tation tree shall re�ect the frequencieswith which the
respective messagesequenceshave beenoccurred.

8For simplicity, we assumea discretetime scalewith t 2 N, andthatno
pairof messagescanbeutteredat thesametime.
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In addition to thesebasicassumptions,we proposethe fol-
lowing functionalityaCSshallprovide to beof practicaluse:

3.1 MessageFiltering and SyntaxRecognition.

Dependingon its goalsand the applicationdomain, the
CSasanautonomousobserver might not be interestedin all
observablemessages.SinceENsmaynot provide for a pri-
ori expectations,thediscardingof such“uninteresting”mes-
sagescan only take placeafter the semantics(i.e., the ex-
pectedoutcome)of therespectivemessageshasalreadybeen
derivedfrom previousobservation. Becausediscardingmes-
sagesbearsthe risk that thesemessagesbecomeinteresting
afterwards,asa rule of thumb,message�ltering shouldbe
reducedto a minimum. More particularly, messagesshould
only be �ltered out in casesof moreor lesssettledexpecta-
tions. Paying attentionto every messageand�ltering unin-
terestingor obsoleteinformationlaterby meansof structure
reweightingand�ltering (cf. below) is presumablythemore
robustapproach.

3.2 Structur e Expansionand Generalization.

Structureexpansionis concernedwith the growth of an
EN in casea messagesequenceis observedwhich 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 observed message.But this would be not smart
enough,becauseit doesnot take advantageof generalizable
messagesequences,i.e. differentsequencesthathaveapprox-
imately thesamemeaning.In general,sucha generalization
requiresarelationwhichcomprises“similar” sequences.The
propertiesof this relationof coursedependson domain-and
observer-speci�c factors.A quitesimplewayof generalizing
is to groupmessageswhichcanbeuni�ed syntactically, using
themessagepatternsintroducedin table1.

In theory, theexpansionof theEN would never beneces-
saryif we coulda-priori generatea completeEN, i.e. anEN
which containsdedicatedpathsfor all possiblemessagese-
quences.In thiscase,theCSwould justhave to keeptrackof
theperceivedmessagesusing$ andto identify thissequence
within theEN to derive its semantics,with noneedfor f . For
obvious reasons,sucha 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 achieved by
continuouslymodifying expectationstructuresusingcertain
meta-rules,for example:

1. “f ading out” old observations by levelling their edge
weights;

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

3. removal of “?”s thatarenot leafs.Suchnodescanoccur
asoutcomeof thepreviousmeasure.

4. keepingthe EN depthconstantthroughremoval 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 branches,thesehave to be con-
nectedwith thestartnodesubsequently.

Sincethesemodi�cations arehighly application-dependent,
we don't provide exactcriteria for their practicalapplication
here.

4. Applications and Extensions

The modelling of social structureson the basisof ex-
pectationnetworks and communicationsystemsallows for
novel approachesto a variety of challengingissuesin mul-
tiagentsystemtechnology. In thefollowing, we review three
of theseissues,namely, (i) identi�cation of ontologiesfor
inter-agentcommunicationand– closely related– the �nd-
ing of veri�able and �e xible semanticsfor agentcommu-
nication languages;(ii) mirror holonsas a new model for
holonic theoriesof agency and software engineeringmeth-
odsbasedon expectation-orientedmodellingandanalysisof
multiagentsystems;(iii) the agent-level socialreasoningar-
chitectureInFFra.

4.1 SocialOntologies

In DistributedArti�cial Intelligence(DAI), anontologyis
a setof de�nitions asa meansto provide a commonground
in the conceptualdescriptionof a domainfor communica-
tion purposes.Ontologiesareusuallyrepresentedasgraph-
ical hierarchiesor networks of concepts,topics or classes,
andeithertop-down imposedon theagentsor setup bottom-
up by meansof ontologynegotiation. 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)structures,but indirectly also the
communication-externalenvironmentthemessagecontentin-
forms about. Thus, communicationsystemscan be used,
in principle, for an incrementalcollectionof ontologicalde-
scriptionsfrom different autonomoussources,resulting in
stochasticallyweighted,possiblycon�icting, competitiveand
revisablepropositionsaboutenvironmentalobjects[21]. The
crucialdifferenceto traditionalmechanismsis thatsuchaso-
cial ontology (also called OpenOntology [21, 20, 19]) in-
cludesprobabilisticexpectationsabouthow a certaindomain
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objector eventis described,constructedandusedsociallyby
multipleautonomousknowledge sources(which do not nec-
essarilyhave consistentviews and which are not necessar-
ily cooperative, reliable or trustable),i.e. in the courseof
communicationprocessesusing communicative meanslike
approval, contradiction,con�ict, argumentationor speci�ca-
tion. Thisopposessomewhatthetraditionalunderstandingof
ontologies,whereanontologyprovidesana priori grounding
for communicationonly insteadof taking into consideration
that ontologiesareevolving, possiblyinconsistentresultsof
communicationalso,andit makesthissocialapproachappear
particularlysuitablefor the SemanticWeb, openmultiagent
systems,Peer2Peersystemsandcommunitiesof practicewith
a highly dynamicenvironment,wherea commonlyagreed,
homogenousdomainperceptionof distributed,autonomous
knowledgesourcescannotbeassumed.Also, it is appropri-
atewhenever distributeddomaindescriptionsarein�uenced
by individual preferencessuch that a consensuscannotbe
achieved (think, e.g.,about“politically” biasedresourcede-
scriptionsin thecontext of Peer2Peersystemsor theSemantic
Web[22]). In thefollowing, we'll sketchtwo approachesfor
extracting social ontologiesfrom expectationnetworks (for
more informationaboutthe underlyingapproachcalledSo-
cial Rei�cation see[21, 20, 19]).

4.1.1 Extraction of SpeechAct Types.

Thecurrentversionof FIPA-ACL [23] providesanexten-
siblesetof speech-actperformative typeswith semanticsde-
�ned in a mentalisticfashion.In our approach,we canimag-
ine a specialCS variant as a MAS component(e.g., a so-
calledmultiagentsystemmirror [2, 1], cf. 4.2) thatprovides
theagentswith a setof performativeswithoutany prede�ned
semanticsandwait for thesemanticsof such“blank” perfor-
mativesto emerge. To becomepredictable,it is rationalfor
an agentto stick to the meaning(i.e., the consequences)of
performatives,at leastto a certainextent. This meaninghas
beenpreviously (moreor lessarbitrarily) “suggested”for a
certainperformative by someagentperformingdemonstra-
tiveactionsafterutteringit.

Of course,a single agentis usually not able to de�ne a
preciseand stablepublic meaningfor theseperformatives,
but at least the intentional attitude associatedwith the re-
spective performative needsto becomecommongroundfor
communicationto facilitatea non-nonsensical,non-entropic
discourse[11, 22, 14]. A particularperformative usuallyap-
pearsat multiple nodeswithin theEN, with differentconse-
quencesateachposition,dependingoncontext (especiallyon
theprecedingpath),messagecontentandinvolvedsenderand
receiver. To build up anontologyconsistingof performative
types,we have to continually identify andcombinethe oc-
currencesof a certainperformative within thecurrentEN to
obtaina generalmeaningfor this performative (i.e., a “type”
meaning).Afterwards,we cancommunicatethis meaningto
all agentsusingsometechnicalfacility within themultiagent
system,likeaMAS mirror or an“ACL semanticsserver”. Of

course,sucha facility cannotimposemeaningin anormative
way astheagentsarestill freeto useor ignorepublic mean-
ing asthey like, but it canhelp to spreadlanguagedatalike
a dictionaryor a grammardoesfor naturallanguages.The
criteria for the identi�cation andextractionof performative
meaningfrom ENs arebasicallythe sameasthe criteria we
proposedin 3 for thegeneralizationovermessagesequences.

4.1.2 Extraction of Domain Descriptions.

While a setof emergentspeechact typesconstitutesa so-
cial ontologyfor communicationevents,classicalontologies
provide a descriptionof an applicationdomain. To obtaina
socialversionof thissortof ontologyfrom anEN, two differ-
entapproachesappearto bereasonable:(1) Inclusionof envi-
ronmenteventswithin theEN and(2) probabilisticweighting
of assertions.The former approach,which is introducedin
[22, 14], treats“physical” eventsbasicallyasutterances.Sim-
ilar to thecommunicativere�ection of agentactionsby means
of do, aspecialperformativehappen(event) wouldallow EN
nodesthatre�ect eventsoccurringin theenvironment.These
eventswill beput in theEN eitherby a specialCSwhich is
ableto perceive theagents'commonenvironment,or by the
agentsthemselvesasacommunicative re�ection of theirown
perceptions.A subsetof event is assumedto denoteevents
with consensualsemantics(think of physical laws), i.e., the
agentsarenot free to performan arbitrarycourseof action
after suchan event hasoccurred,whereasthe remainderof
event consistsof event tagswith opensemanticsthathasto
bederivedempiricallyfrom communicationsobservationjust
asfor “normal” utterances.If suchan event appearsfor the
�rst time, the CS doesnot know its meaningin termsof its
consequences.Its meaninghasthusto bederiveda-posteriori
from the communicationalre�ection of how the agentsre-
act to its occurrence. In contrast,approach(2), which we
proposedfor the agent-basedcompetitive rating of web re-
sources[22], exploits thepropositionalattitudeof utterances.
The ideais to interpretcertaintermswithin LogicalExpr as
domaindescriptionsandto weightthesedescriptionsaccord-
ing to theamountof consent/dissent(usingprede�nedperfor-
mativeslike Assert andDeny). The weightedpropositions
arecollectedwithin a knowledgebase(e.g.,K B asde�ned
before)andarecommunicatedto theagentsin thesameway
astheemergentspeechacttypesbefore.Unlikeapproach(1),
ontologiesareconstructed“by description”not “by doing” in
this way. Theadvantageof approach(1) lies in its seamless
integrationof “physical” eventsinto the EN, whereas(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
architectureis a so-calledsocial systemmirror (or “mirror”
for short),an intelligent systemcomponentcontaininga CS
which continually observes communications,empirically
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derives emergent expectation structures (representedas
an ENs, which might also contain normative structures,
which are given by the designerinsteadof being learned
from statisticalobservations) from theseobservations, and
“re�ects” thesestructuresbackto the agents.In additionto
the recordingof empirical expectationstructuresdescribed
in this work, the mirror is a goal-directedagentwithin the
MAS. Its goals are to in�uence agentbehavior by means
of system-widepropagation of social structuresand norms
to achieve quicker structureevolution (catalysis)andhigher
coherenceof social structures without restricting agent
autonomy, andtheprovisionof a representationof adynamic
communicationsystemfor theMAS designer.

Technically, a mirror can be thoughtof as a knowledge
basewhich derivessystem-level expectationstructuresfrom
communicationsandmakesthemavailableasinformationfor
both the participatingagentsandthe designerof the multia-
gent system. It can be implementedas an actualsoftware
component(e.g. a middle agent), but it might as well be
usedwithout a physical implementationasa purely theoreti-
cal concept.Themirror hasthreemajorpurposes:

1. monitoringagentcommunicationprocesses,

2. deriving emergent system-level expectationstructures
from theseobservations,and calculatingthe deviation
of actualagentbehaviour from normative expectations,

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

The publishedstructuresare not necessarilythe emergent
structuresderived from the systemobservation - the mir-
ror canbe pre-structured,i.e. usedto “re�ect” manuallyde-
signed(“manipulated”),non-emergentexpectationstructures
aswell. In both cases,the agentscanquerythe mirror very
muchlikeadatabaseandactively usetheotherwiselatentso-
cial structureswhich aremadeexplicit to themthroughthe
mirror asa guidefor their decisionmakingandtheir interac-
tion behaviour.
For example,agentscaninstantiatethemselvesin socialpro-
gramswhich seemto be useful to them, or refrain from a
certainbehaviour if themirror tells themthatit wouldviolate
a norm. If the agentsmake (further) useof re�ected struc-
tures,thestructuresbecomestronger, otherwiseweaker (the
degreeof thesechangesdependingon therespective norma-
tivity). Thus,themirror re�ects amodelof asocialsystemto
theagentsandby meansof this in�uencestheagents– very
much like massmediado in humansociety. Conversely, it
continualyobservestheactualmultiagentsystemandadopts
theexpectationstructuresin its databasein accordancewith
theagentinteractions.In doingso,themirror never restricts
theautonomyof theagents.Its in�uence is solelyby means
of information,not throughtheexertionof control.

4.2.1 Expectation-OrientedSoftwareDevelopment

As it hasbeenrecognizedthat due to new requirements
arising from the complex and distributed natureof modern
softwaresystemsthe modularityand�e xibility provided by
objectorientationis ofteninadequateandthatthereis a need
for encapsulationof robust functionalityat the level of soft-
warecomponents,agent-orientedapproachesareexpectedto
offer interestingprospectivesin this respect,becausethey in-
troduceinteractionandautonomyastheprimaryabstractions
thedeveloperdealswith.

However, althoughinteractionamongautonomousagents
offersgreat�e xibility , it alsobringswith it contingenciesin
behavior. In themostgeneralcase,neitherpeeragentsnorthe
MAS designercan“readthemind” of anautonomousagent,
let alonechangeit. While theusualstrategy to copewith this
problemis to restrictoneselfto closedsystems,this means
loosing the power of autonomousdecentralizedcontrol in
favourof atop-down impositionof socialregulationto ensure
predictablebehavior. The EXPAND method(Expectation-
orientedAnalysis and Design) [12] follows a different ap-
proach.EXPAND is basedon expectationnetworksasa pri-
marymodellingabstractionwhich bothsystemdesignerand
agentsuseto managethesociallevel of their activities. This
novel abstractionlevel is madeavailable to themthrougha
specialversionof the socialsystemmirror (4.2), i.e., a spe-
cial CS,very similar to a CASE tool. For the designer, this
mirror actsasan interfacehe usesto propagatehis desired
expectationsregardingagentinteractionto theagentsandas
a meansfor monitoringruntimeagentactivity anddeviance
from expectedbehavior. For agents,this mirror represents
a valuable“systemresource”they canuseto reducecontin-
gency abouteachother's behavior. EXPAND alsodescribes
an evolutionary processfor MAS developmentwhich con-
sistsof multiplescycles: the modellingof the systemlevel,
thederivationof appropriateexpectationstructures,themon-
itoring of expectationstructureevolution andthe re�nement
of expectationstructuresgiven the observationsmadein the
system.
Within theEXPAND process,a socialsystemmirror is used
in acyclic processof two alternatingmirror operationswhich
arethecoreof ourdesignprocess:

1. It makes the system-level expectationsthe software
designerhasderived from herdesigngoalsexplicit and
known to the agents(i.e. it makes them the “expecta-
tionsof expectation”describedin theprevioussection).

2. It monitors the system-level expectation structures
which emerge from thecommunicationsof the running
multiagentsystem.

Together, 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 “evolutionarysoftwareengineer-
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ing method”,andwill now be sketchedfrom the designers'
pointof view.

- PhaseI: 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 behaviour” (i.e. desiredcoursesof agentin-
teraction)and“social functionality” (i.e. functionalitywhich
is achievedasa “product” of agentinteraction,suchascoop-
erative problemsolving) in the widestsense(we don't take
into account“second-order”designgoalslike highexecution
speedor low memoryconsumption).For this task,theusual
speci�cation methodsand formalismscanbe used,e.g. the
speci�cationof desiredenvironmentstates,constraints,social
plansetc. In additionor asa replacement,the speci�cation
canbe donein termsof system-level expectationstructures,
likesocialprograms.

- PhaseII: Deriving appropriate expectationstructur es

In the secondphase,the designermodels and derives
system-level expectationstructuresfrom the designspeci�-
cationsand storesthem in the social systemmirror. If the
designspeci�cationsfrom phaseI are not alreadyexpecta-
tion structures(e.g.they might begivenasrulesof the form
“AgentX mustneverdoY”), they have to betransformedap-
propriately. While socialbehaviour speci�cationsareexpec-
tation structuresper se, social functionalities(for instance:
“Agentsin thesystemmustwork out a solutionfor problem
X together”)possiblyneedto betransformed,mostlikely into
socialprograms.Sometimesa full equivalenttransformation
will not befeasible.In this case,thedesignermodelsexpec-
tationstructureswhichcoverasmuchdesignrequirementsas
possible.

System-level speci�cationscanbemodelledasadaptable
or normative expectations.The former canbe usedfor the
establishingof hints for the agentswhich areable to adapt
during the structureevolution, the latter for the transforma-
tion of constraintsandother“hard” designrequirementsinto
expectations9.

Figure2 showsthespectrumof system-level speci�cations
andexpectationstructuresthat result from this phaseof the
analysisanddesignprocess.

- PhaseIII: Monitoring structur e evolution

After thedesignerhas�nished theexpectationmodelling,
shemakesthemvisible for the agentsvia the socialsystem

9It shouldbe kept in mind that a norm derived from a constraintdoes
not force the agentsto behave conformingto the rule, sinceit is “only” an
expectation.In somecases,whereexpectationsseemtoo “soft” a modelling
tool, directprogrammingof agentgoalsandbehaviour might benecessary.
Thisis certainlythecasefor agentsthatarebuilt by thesamedesigner(which
is not thedefault casein opensystems),andthatwould beunderspeci�edif
their reasoningcapabilitiesarenotde�ned morerigidly.

Figure 2. System­le vel speci�cation

Figure 3. Evolution of expectation structures
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mirror andputsthemultiagentsysteminto operation(if it is
not alreadyrunning). In the third phaseof the designand
analysisprocess,it is up to thedesignerto observe andanal-
yse the evolution of expectationstructureswhich becomes
visible to her throughthe mirror (Figure 3). In particular,
shehasto pay attentionto the relationshipof the continu-
ouslyadaptedsystem-level expectationstructuresandherde-
signspeci�cationsfrom phaseI, which meansthatsheanal-
ysesthe expectationstructureswith regard to the ful�lment
of normsestablishedby thedesignerandtheachievementof
thedesiredsocialfunctionality. Becausethemirror is only in-
tendedtoshow expectationstructures,it couldbenecessaryto
supportthemirror with a softwarefor the(semi-)automatical
“re-translation”of expectationstructuresinto moreabstract
designspeci�cationslikesocialgoals.
As long as the expectationsstructuresdevelop in a positive
way (i.e. they matchthedesigngoals)or no emergentstruc-
turescanbeidenti�ed thatdeservebeingmadeexplicit to im-
prove systemperformance,the designerdoesnot intervene.
Otherwisesheproceedswith phaseIV.

- PhaseIV: Re�nement of expectationstructur es

In the last phase,the designerusesher knowledgeabout
the positive or negative emergent propertiesof the multia-
gent systemto improve the system-level expectationstruc-
tures. Usually, this is achieved by removing “bad” expecta-
tion structuresfrom the mirror database,and, if necessary,
the introductionof new expectationstructuresas described
at phasesI andII. In addition,expectationstructureswhich
haveprovedto beusefulcanbeactively supportedby e.g.in-
creasingtheir expectationstrengthand/ortheir normativity.
Theprocessproceedswith phaseIII until all designgoalsare
achievedor no furtherimprovementseemsprobable.

For lackof space,wehave to refertheinterestedreaderto
[12] for furtherdetails.

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

While a socialsystemmirror only modelsa singlecom-
municationsystem,and,exceptfor thepropagationof expec-
tations,doesnot take actionitself, thesuccessorarchitecture
HoloMAS[2] is ableto modelmultiple communicationsys-
temsatthesametimethroughmultiplemirror holonsin order
to modellarge,heterogenoussystems.In addition,a mirror
holoncantakeactionhimselfbymeansof theexecutionof so-
cial programswhicharegeneratedfromemergentexpectation
structures.“Ordinary agents”(andothermirror holons)can
optionallybe involved in this executionprocessaseffectors,
which realizeholon commandswithin their physical or vir-
tualapplicationdomain(unlessthey deny therespectivecom-
mand). In any casethey can in�uence the socialprograms
within a mirror holon through the irritation of expectation
structuresby meansof communication.A mirror holonthus
representsand(at leastto someextent)replacesthefunction-
ality of theordinaryagentsthat contribute to theemergence

of therespective expectationstructures,but it doesnot disre-
gard the autonomyof his adjoint actors.Anotherdifference
betweenmirror holonsandtraditionalagentholonsis that a
mirror holondoesnot representor containgroupsof agents,
but insteada certainfunctionalitywhich is identi�ed in form
of regularitiesin the observed communications.This func-
tionality is extractedandcontinuallyadoptedfrom dynamic
expectationstructuresregardingcriteria like consistency, co-
herenceandstability, correspondingto thecriteriasociolog-
ical systemstheoryascribesto socialprograms[13]. Mirror
holonspave the way for applicationsin which agentauton-
omy shouldnot (or cannot)be restrictedon the one hand,
while reliable,time-criticalsystembehavior is desired.They
canalsobeusedasrepresentativesfor entirecommunication
systems(e.g.,virtual organizations)thatbehave smoothlyto-
wardsthird partieswheneverthecommunicationsystemitself
lackscoherencedueto, for example,innercon�icts.

4.3 Socialreasoningwith InFFrA

The InteractionFrameandFramingArchitectureInFFrA
[18] is a social reasoningarchitecturein which so-called
interaction framesare usedto representpatternsof social
interaction and strategically employed by socially intelli-
gentagentsto guidetheir interactionandcommunicationbe-
haviour. Thisis achievedby agentsderiving modelsof frames
from observationof encountersandapplyingthemostappro-
priate patternsin future interactions(this processis called
framing). The conceptsof frame and framing are based
on Erving Goffman's micro-socialanalysesof everydaylife
[16].

In theconceptual(abstract)architecture,a frameis a data
structurethatcontainsinformationabout

² the possiblecoursesof interaction(so-calledtrajecto-
ries) characteristicfor aparticularframe,

² rolesand relationshipsbetweenthe partiesinvolved in
aninteractionof thisclass,

² contexts within which the interactionmay take place,
and

² beliefs, i.e. epistemicstatesof theinteractingparties.

In computationalterms,thetrajectorymodelis usuallya rep-
resentationof a set of admissiblemessageand action se-
quences,while thelatterthreeelementscanbecollapsedinto
a singlesetof logical constraintswhich thenhave to beveri-
�ed usingtheagent's internalbeliefstate(usuallyrepresented
by thecontentsof aknowledgebase).

InFFrA usesthe following data structuresfor reasoning
with frames:

² theactiveframe, theuniqueframecurrentlyactivatedto
describetheexpectedcourseof events,

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

² the differencemodel that containsthe differencesbet-
weenperceivedframeandactive frame,

² the trial frame, usedwhen alternatives to the current
framearesoughtfor,

² and the frame repository, in which the agent locally
storesits frameknowledge.

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

1. Interpretation& Matching: Updatetheperceivedframe
andcompareit with theactive frame.

2. Assessment:Assessthe usability of the active framein
termsof

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

(ii) validity (thedegreeto whichtheactiveframe's tra-
jectorymatchestheperceivedencounter)and

(iii) desirability (dependingon whether the implica-
tionsof theframecorrespondto theagent'sprivate
goals).

3. Framingdecision:If theactiveframeseemsappropriate,
continuewith 5. Else,proceedwith 4 to �nd suitable
alternatives.

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

5. Enactment:Derive actiondecisionsby applyingtheac-
tive frame.

From a CS perspective, InFFrA is nothing but an agent-
centric interpretationof our concepts. Insteadof de�ning
a generalobserver of communication,InFFrA exclusively
dealswith agentobservers,andratherthanobservinggeneral
communicationprocesses,InFFrA agentsonly observe“f ace-
to-face” interactionprocesses(mostly thosethey areperson-
ally involvedin).

In otherwords, interactionframesin InFFrA aremicro-
modelsof communicative expectationsthat encodeknowl-
edgeaboutcommunicationprocessesfrom thestandpointof
anagentobserver. They containinformationaboutthesurface
structureof conversationstogetherwith logical conditionsin
thesamewayasgeneralENsbut asa collectionof “manage-
ablechunks”of dialoguetracesratherthanahugenetwork of
globalcorrelations.This allows for handlingexpectationsin
a computationallytractablefashionandwith this theconcept
of framesmakestheCSapproachaccessiblefor thedesignof
socialreasoningmethods.

What makesInFFrA an interestingextensionof the gen-
eral CS framework is the fact that agentsactually have to
strategically decidewhich utterancesto generatein accor-
dancewith their currentmodel of the CS to achieve their
goals. In [11] we have suggestedentropy-basedmethods
for reconcilingtheutility-basedpreferencesof InFFrA agents
with long-termconsiderationsaboutthe effect of their deci-
sionsontheoverallCSin decision-theoreticterms.There,the
interestingquestionwashow agentscanachieve a trade-off
betweentheir currentpursuitfor high utility andthemodi�-
cationsto theCSthatwill resultfrom their currentdecision.

In [17], we have shown how InFFrA framescanbe for-
mally convertedto generalexpectationnetworks. Of course,
someproblemsoccurwhenattemptingto transformgeneral
expectationnetworksto interactionframes,sincethefull ex-
pressivenessof expectationnetworks is not available in the
formalmodelof InFFrA for reasonsof practicability.

Basedon the empirical semanticsapproach,a formal
modelof InFFrA hasbeendevelopedfor aparticular, concrete
instanceof the abstractarchitecture[24]. This modelcalled
m

2
InFFrA is basedonviewing framesaspolicyabstractionsin

thesenseof Markov DecisionProcesses(MDPs)[25].
More speci�cally, in m

2
InFFrA, a framedescribesa setof

two-party, discrete,turn-takinginteractionencounters which
canbethoughtof asconversationsbetweentwo agents.The
trajectoryis givenin theform of a sequenceof messagepat-
ternsthat de�nes the surfacestructureof the encountersde-
scribedby the frame, while a list of substitutionscaptures
the valuesof variablesin the trajectoryin previously expe-
riencedinteractions.Eachsubstitutionalsocorrespondsto a
set of logical conditionsthat were requiredfor and/orpre-
cipitatedby executionof the trajectoryin the respective en-
counter. Finally, trajectoryoccurrenceandsubstitutionoc-
currencecountersrecordthefrequency with which theframe
hasoccurredin thepast.

In termsof MDP theory, framescanbeseenas“macro”-
actionscanbe invokedasMDP decisionsandthenexecuted
until certainconditionsapply(typically, until they areconsid-
eredundesirableaccordingto someheuristics,until theircon-
text conditionsareno moreful�lled, or until theotheragent
hasuttereda messagethat doesnot matchthe trajectoryof
theframe).

Thisallowsusto combinetheprinciplesof InFFrA with the
optionsframework [26] for hierarchicalreinforcementlearn-
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Figure 5. Frame­based hierar chical view of
comm unication MDPs.

ing (RL; for an introduction,seee.g.[27]). This framework
is basedonaugmentingthesetsof admissible“primiti ve” ac-
tionsby setsof so-called“options”,whereanoptionis atriple
consistingof an input setof states,a policy (that is admissi-
ble oncea statein theinput setis entered),anda termination
conditionthatdetermineswhenanoptionwill beexited and
anew onehasto beselected.

Combiningtheoptionsframework with m
2
InFFrA, we ob-

tainatwo-level ocialreasoningandlearningview asshown in
�gure 5. Accordingto thisview, whatweobtainis atwo-level
MDP:

² At theframelevel, theagentchoosesa frameasa com-
municationpolicy that may be usedover an extended
periodof time,dependingon whetherit canbesuccess-
fully completed.We employ Q-learning[28] to learna
long-term“framing” utility function that enablesus to
derive optimal strategies for frame selectionfrom ex-
perience.The statesof this “upper” MDP areabstract
representationsof thegoalof aconversation.

² At the action level, we have to determinewhich con-
creteinstanceof a frameto selectsoasto optimisethe
outcomeof a conversation. Rememberingthat frames
containmessagepatternsthat may allow for additional
choices(e.g. regarding which argument to use in an
argumentationdialogue),we useadversarial searchto
maximiseexpectedutility consideringtheother'spoten-
tial reactions.

This not only allows for combiningthe theoryof empirical
communicationsemanticsandcommunicationsystemswith
thedecision-theoreticprinciplesof MDP theory, it alsonicely
illustratesthat we can apply hierarchicalmethodsto cope

with thecomplexity of theusuallyhugespectrumof possible
communicative behaviour. Finally, andmaybemost impor-
tantly, it allows for the constructionof agentsthat are able
to adaptto a particularcommunicationsystemandto useit
accordingto their own needs.

In future work, we aregoing to investigatehow CS that
have beenobservedby globalentitiescanbeusedby agents
in thesystemto improve their interactionbehaviour.

5. Conclusion

This paperpresentedcommunicationsystemsasa uni�ed
modelfor sociallyintelligentsystemsbasedonrecordingand
transformingcommunicativeexpectations.Wepresentedfor-
malismsfor describingexpectationsin termsof expectation
networks,theformalsemanticsof thesenetworks,andagen-
eral framework for transformingthemwith incomingobser-
vation.Then,anumberof importantapplicationsof CSwere
discussed,someof whichhavealreadybeenaddressedby our
pastresearch,while othersarecurrentlybeingworkedon.

While a lot of work still lies ahead,we stronglybelieve
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 hopethat they cancontribute to bringing key insightsof
thisnew researchdirectionto theattentionof themainstream
DAI audience,as they put emphasison certain aspectsof
MAS thatareoftenneglectedin traditionalapproaches.
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