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Abstract

This paperdescribesthe AAA architecturefor intelli-
gentagentsreasoningabout,andactingin, a changing
environment.Thearchitectureis basedonasimplecon-
trol loop. Both thedescriptionof thedomain'sbehavior
andthereasoningcomponentsarewrittenin AnswerSet
Prolog.Thearchitectureis designedto make theagents
capableof planningandof detecting,interpreting,and
recoveringfrom, unexpectedobservations.Overall, the
designandthe knowledgebasesareelaboration toler-
ant. Anotherdistinguishingfeatureof the architecture
is thatthesamedomaindescriptionis sharedby all the
reasoningcomponents.

Intr oduction
In thispaperwedescribetheAAAarchitecturefor intelligent
agentscapableof reasoningabout,andactingin, achanging
environment.1

The AAA architectureis usedfor the designandimple-
mentationof softwarecomponentsof suchagentsandis ap-
plicable if: (1) The world (including an agentand its en-
vironment)canbe modeledby a transitiondiagramwhose
nodesrepresentphysically possiblestatesof the world and
whosearcsare labeledby actions. The diagramtherefore
containsall possibletrajectoriesof thesystem;(2) Theagent
is capableof making correctobservations,performingac-
tions, and rememberingthe domainhistory; (3) Normally
the agent is capableof observingall relevant exogenous
eventsoccurringin its environment.Theagent,whosemem-
ory containsknowledgeabouttheworld andagents'capabil-
itiesandgoals,

1. Observesthe world, explainsthe observations,bandup-
datesits knowledgebase;

2. Selectsanappropriategoal,G;

3. Findsaplan(sequenceof actionsa1; : : : ;an) to achieveG;

4. Executespart of the plan, updatesthe knowledgebase,
andgoesbackto step1.
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1AAA standsfor “AutonomousAgentArchitecture.”

Theloop is calledtheObserve-Think-ActLoop. Theknowl-
edgeof the AAA agentis encodedby a knowledgebase
in knowledgerepresentationlanguageAnswer Set Prolog
(ASP)or its extensions(Gelfond& Lifschitz 1991;Balduc-
cini & Gelfond 2003b;Baral 2003). ASP is selectedbe-
causeof its ability to representvariousformsof knowledge
including defaults,causalrelations,statementsreferringto
incompletenessof knowledge,etc.This contributesto mak-
ing theoverall designandknowledgebaseselaboration tol-
erant (McCarthy 1998).A knowledgebase(or program)of
ASPdescribesa collectionof answersets– possiblesetsof
beliefsof arationalagentassociatedwith it. Theagent'srea-
soningtasks,including thoseof explaining unexpectedob-
servationsandplanning,canbereducedto computing(parts
of) answersetsof variousextensionsof its knowledgebase.
In thecaseof original ASP, suchcomputationcanberather
ef�ciently performedby ASPsolvers,which implementso-
phisticatedgroundingalgorithmsandsuitableextensionsof
theDavis-Putnamprocedure.Solversfor variousextensions
of ASP expandthesereasoningmechanismsby abduction
(Balduccini2007a),constraintsolvingalgorithmsandreso-
lution (Mellarkod & Gelfond2007),andeven someforms
of probabilisticreasoning(Gelfond,Rushton,& Zhu2006).

This architecturewas suggestedin (Baral & Gelfond
2000). Most of its re�nementswere modular(Balduccini
& Gelfond2003a;Balduccini,Gelfond,& Nogueira2006;
Balduccini2007b). Throughoutthe paperwe illustratethe
architectureandits usefor agentdesignusingthescenarios
basedontheelectricalcircuit describedbelow. Theexample
is deliberatelysimple but we hopeit is suf�cient to illus-
tratethebasicideasof theapproach.It is importantto note,
though,that the correspondingalgorithmsarescalable. In
fact, they weresuccessfullyusedin ratherlarge, industrial
sizeapplications(Balduccini,Gelfond,& Nogueira2006).

Therestof thepaperis organizedasfollows. Webegin by
describingthebehavior of asimplecircuit. Next, wediscuss
how the agent�nds plansandexplanationsfor unexpected
observations. Finally, we give a brief summaryof the se-
manticsof ASPandconcludethepaper.

Building the Action Description
Theelectricalcircuit usedin thispaperis depictedin Figure
1. CircuitC0 consistsof abattery(batt), two safetyswitches
(sw1, sw2), andtwo light bulbs(b1, b2). By safetyswitches
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Figure1: C0: A simpleelectricalcircuit

we meanswitcheswith a locking device. To move a switch
from its currentposition,theswitchmust�rst beunlocked.
The switch is automaticallylocked again after it is moved.
If all thecomponentsareworkingproperly, closingaswitch
causesthecorrespondingbulb to light up. Next, wedescribe
in moredetailhow wemodelthecircuit, andintroducesome
usefulterminology.

Thestateof thecircuit is modeledby thefollowing �uents
(propertieswhosetruth changesover time): closed(SW):
switch SW is closed; locked(SW): switch SW is locked;
on(B): bulb B is on; ab(B): bulb B is malfunctioning;
down(BATT): batteryBATT hasrun down. Whena �uent
f is false,wewrite : f .

The agent interactswith the circuit by meansof the
following actions: f l i p(SW): move switch SW from
open to closed, or vice-versa; unlock(SW): unlock SW;
replace(BATT); replace(B): replacethebatteryor abulb.

Sometimesactionsoccurin thedomainthatarenot con-
trolled by theagent(e.g.,a bulb blowing up). Theseactions
arecalledexogenous. Relevant exogenousactionsfor this
domainare: run down(BATT): batteryBATT runsdown;
blow up(B): B blows up. Note thatactionscanoccurcon-
currently. We distinguishbetweenelementaryactions, such
as the oneslisted above, and compoundactions, i.e. sets
of elementaryactions,intuitively correspondingto thecon-
currentexecutionof their components.In the rest of this
paperwe abusenotationslightly anddenotesingletonsby
theiruniquecomponent.Similarly, weusetheterm“action”
to denotebothelementaryandcompoundactions.

The behavior of the domainis describedby laws. De-
pendingon theapproachused,thelawscanbewrittenusing
actionlanguages(Gelfond& Lifschitz1998)andlatertrans-
latedto ASP, or encodeddirectly in ASP. For simplicity, in
theexamplesin thispaperweusethedirectencodingin ASP.
A possibleencodingof the effects of actionsunlock(SW)
andclose(B) is:

: holds(locked(SW);S+ 1)  occurs(unlock(SW);S):

holds(closed(SW);S+ 1)  occurs( f l i p(SW);S);
: holds(closed(SW);S):

: holds(closed(SW);S+ 1)  occurs( f l i p(SW);S);
holds(closed(SW);S):

holds(on(B);S)  holds(closed(SW);S);
connected(SW;B); : holds(ab(B);S);
: holds(down(batt);S):

where SW;B;S are variables ranging, respectively, over
switches,bulbs,andnon-negative integersdenotingstepsin
theevolution of thedomain. The �rst law intuitively states
thatunlockingSW causesit to becomeunlocked. Laws de-
scribing,suchasthis, thedirecteffectsof actionsaresome-
timesreferredtoasdynamiclaws. Thesecondandthird laws
encodetheeffectof �ipping aswitch.Thelastlaw saysthat,
if SW is closedandconnectedto somebulb B in working
orderwhile thebatteryis not down, thenB is lit. Note that
this law describesthe indirect effect, or rami�cation, of an
action. Suchlaws aresometimescalledstatic lawsor state
constraints.

Similar laws encodethe effects of the other actions,as
well as the behavior of malfunctioningbulbs and battery.
The encodingof the model is completedby the following
general-purposeaxioms:

holds(F;S+ 1)  holds(F;S);not : holds(F;S+ 1):
: holds(F;S+ 1)  : holds(F;S);not holds(F;S+ 1):

whereF rangesover �uents, Sover steps.Therulesencode
theprincipleof inertia“thingsnormallystayasthey are.”

Planning Scenario
Let us now look at a scenarioin which the main reasoning
componentisplanning.Wewill usethisscenarioto illustrate
how planningis performedin theAAA architecture.

Example1 Initially, all the bulbs of circuit C0 are off, all
switchesopenandlocked,andall thecomponentsarework-
ing correctly. Theagentwantsto turn onb1.

The intendedagentbehavior is the following. At step1 of
theObserve-Think-Actloop, theagentgathersobservations
aboutthe environment. In general,the observationsneed
not becomplete,or takenat every iteration. Let usassume
howeverfor simplicity thatat the�rst iterationof theagent's
observationsarecomplete.At step2, theagentselectsgoal
G = on(b1). At step3, it looks for a plan to achieve G and
�nds hunlock(sw1); f l i p(sw1)i . Next, the agentexecutes
unlock(sw1), recordsthe executionof the action,andgoes
backto observingtheworld.

Supposethe agentobservesthat sw1 is unlocked. Then,
no explanationsfor the observations are needed. The
agentproceedsthroughsteps2 and3, andselectsthe plan
hf l i p(sw1)i . Next, it executesf l i p(sw1) andobservesthe
world again. Let us assumethat theagentindeed�nds out
thatb1 is lit. Then,theagent's goalis achieved.

The key feature that allows to exhibit the behavior
describedabove is in the capability to �nd a sequence
of actions ha1; : : : ;aki that achieves G. The task in-
volves both selectingthe appropriateactions,and order-
ing them suitably. For example, the sequenceof actions
hunlock(sw2); f l i p(sw1)i is not a good selection, while
hf l i p(sw1);unlock(sw1)i is improperlyordered.

To determineif a sequenceof actionsachievesthe goal,
the agentusesits knowledgeof the domainto predict the
effect of the execution of the sequence. This is accom-
plishedby reducingplanningto computinganswersetsof
anASPprogram,consistingof theASPencodingof thedo-
main model,togetherwith a setof rulesinformally stating



that the agentcanperformany actionat any time (seee.g.
(Lifschitz 1999;Nogueiraetal. 2001)).

This techniquerelieson the fact that the answersetsof
theASPencodingof thedomainmodeltogetherwith facts
encodingthe initial situationandoccurrenceof actionsare
in one-to-onecorrespondencewith thecorrespondingpaths
in thetransitiondiagram.This result,aswell asmostof the
resultsusedin thisandthenext section,arefrom (Balduccini
& Gelfond2003a). We invite the interestedreaderto refer
to thatpaperfor moredetails.Simpleiterativemodi�cations
of the basicapproachallow oneto �nd shortestplans,i.e.
plansthatspanthesmallestnumberof steps.

To seehow thisworksin practice,let usdenoteby AD the
actiondescriptionfrom the previous section,andconsider
a simpleencoding,O1, of the initial statefrom Example1,
which includesstatements

holds(locked(sw1);0); : holds(closed(sw1);0);
: holds(on(b1);0)

(moresophisticatedtypesof encodingarepossible.).A sim-
ple yet generalplanningmodulePM1, which �nds plansof
up to n steps,consistsof therule:

occurs(A;S) OR : occurs(A;S)  cS� S< cS+ n:

whereA rangesover agentactions,Sover steps,andcSde-
notesthe currentstep(0 in this scenario). Informally, the
rulesaysthatany agentactionA mayoccuratany of thenext
n stepsstartingfrom thecurrentone.Theanswersetsof the
programP1 = AD[ O1 [ PM1 encodeall of thepossibletra-
jectories,of lengthn, from theinitial state.For example,the
trajectorycorrespondingto theexecutionof unlock(sw1) is
encodedby theanswerset:

O1 [ f occurs(unlock(sw2);0); : holds(locked(sw2);1);
: holds(on(b1);1); : : :g:

Notethat: holds(on(b1);1) isobtainedbyO1 andtheinertia
axioms.

To eliminate the trajectoriesthat do not correspondto
plans,weaddto P1 thefollowing rules,

goal achieved holds(on(b1);S):
 not goal achieved:

whichinformally saythatgoalon(b1) mustbeachieved.Let
us denotethe new programby P0

1. It is not dif�cult to see
thattheprevioussetof literalsis notananswersetof P0

1. On
theotherhand,(if n � 2) P0

1 hasananswersetcontaining

O1 [ f occurs(unlock(sw1);0); : holds(locked(sw1);1);
occurs( f l i p(sw1);1);holds(closed(sw1);2);
holds(on(b1);2)g;

whichencodesthetrajectorycorrespondingto theexecution
of thesequencehunlock(sw1); f l i p(sw1)i .

Inter pretation Scenario
To illustrate how a AAA agentinterpretsits observations
abouttheworld, let usconsiderthefollowing example.

Example2 Initially, all the bulbs of circuit C0 are off, all
switchesopenandlocked,andall thecomponentsarework-
ing correctly. Theagentwantsto turn onb1. Afterplanning,
the agent executesthe sequencehunlock(sw1); f l i p(sw1)i ,
andnoticesthatb1 is not lit.

Theobservationis unexpected,asit contradictstheeffectof
theactionstheagentjustperformed.A possibleexplanation
for this discrepancy is that b1 blew up while the agentwas
executingthe actions(recall that all the componentswere
initially known to beworking correctly). Anotherexplana-
tion is thatthebatteryrandown.2

To �nd out which explanationcorrespondsto the actual
stateof the world, the agentwill needto gatheradditional
observations. For example,to test the hypothesisthat the
bulb blew up, the agentwill checkthe bulb. Supposeit is
indeedmalfunctioning. Then, the agentcanconcludethat
blow up(b1) occurredin thepast.Thefact thatb1 is not lit
is �nally explained,andtheagentproceedsto step3, where
it re-plans.

The componentresponsiblefor the interpretationof the
observations, often called diagnostic component, is de-
scribedin detail in (Balduccini & Gelfond 2003a). Two
key capabilitiesareneededto achievethebehavior described
above: the ability to detectunexpectedobservations,and
thatof �nding sequencesof actionsthat,hadthey occurred
undetectedin thepast,mayhave causedtheunexpectedob-
servations. Thesesequencesof actionscorrespondto our
notionof explanations.

The detectionof unexpectedobservations is performed
by checkingtheconsistency of theASPprogram,Pd, con-
sistingof theencodingof thedomainmodel,togetherwith
the history of the domain, and the Reality Check Ax-
ioms and Occurrence-AwarenessAxiom, both shown be-
low. The history is encodedby statementsof the form
obs(F;S;truth val) (wheretruth val is either t or f , intu-
itively meaning“true” and“f alse”)andhpd(A;S), whereF
is a �uent andA an action. An expressionobs(F;S;t) (re-
spectively, obs(F;S; f )) statesthat F wasobserved to hold
(respectively, to befalse)atstepS. An expressionhpd(A;S)
statesthatA wasobservedto occurat S. TheRealityCheck
Axioms statethatit is impossiblefor anobservationto con-
tradicttheagent's expectations:

 holds(F;S);obs(F;S; f ):
 : holds(F;S);obs(F;S;t):

Finally, the Occurrence-AwarenessAxiom ensuresthat the
observationsaboutthe occurrencesof actionsarere�ected
in theagent's beliefs:

occurs(A;S)  hpd(A;S):

It canbeshown thatprogramPd is inconsistentif-and-only-
if thehistorycontainsunexpectedobservations.

To �nd the explanationsof the unexpectedobservations,
theagentneedsto searchfor sequencesof exogenousactions
that would causethe observations(possibly indirectly), if

2Of course,it is alwayspossiblethat thebulb blew up and the
batteryran down, but we do not believe this shouldbe the �rst
explanationconsideredby a rationalagent.



they hadoccurredin thepast. A simplediagnosticmodule
DM1 is theoneconsistingof therule:

occurs(E;S) OR : occurs(E;S)  S< cS:

whereE rangesover exogenousactions,and S, cS are as
in the planningmodule. Informally, the rule saysthat any
exogenousactionE may have occurredat any time in the
past.

To seehow DM1 works,considertheprogramP2 consist-
ing of AD andtheencodingof the initial stateO1 from the
previoussection3, togetherwith theOccurrence-Awareness
Axiom, moduleDM1, andthehistory

H1 = f hpd(unlock(sw1);0);hpd( f l i p(sw1);1);
obs(on(b1);2; f )g:

It canbeshown thattheanswersetsof P2 arein one-to-one
correspondencewith all thetrajectoriesfrom theinitial state
thatincludeall theactionsthattheagenthasobserved,plusa
numberof additionalexogenousactions.Thatis, theanswer
setsof P2 will encodethe trajectoriescorrespondingto the
sequencesof actions:
hfunlock(sw1); run down(batt)g; f l i p(sw1)i
hunlock(sw1); f f l i p(sw1);blow up(b2)gi
hfunlock(sw1);blow up(b2)g; f f l i p(sw1);blow up(b1)gi

...

Notethatthe�rst andthird sequencesof actionsexplain the
observation aboutb1 from H1, while the secondone does
not. Thesequencesof actionsthatdo not explain theunex-
pectedobservationscanbe discardedby meansof the Re-
ality CheckAxiom. Let P0

2 consistof P2 andthe Reality
CheckAxiom. It is not dif�cult to seethat no answerset
of P0

2 encodesthesecondsequence,while thereareanswer
setsencodingthe�rst andthird.

It shouldbenotedthatsomeof theexplanationsfoundby
DM1 arenot minimal (in set-theoreticsense).For example,
thethird explanationabove is not minimal, becauseremov-
ing blow up(b2) yieldsanothervalid explanation.Diagnos-
tic algorithmshavebeendevelopedthatextendtheapproach
shown hereto �nd minimal diagnoses.Anothertechnique,
which we discussin thenext section,avoidstheuseof such
algorithmsby employing a recentextensionof ASPfor the
formalizationof exogenousactions.

It is worth noticing that the techniquedescribedhereto
interpretobservationsis remarkablysimilar to thatusedfor
planning.In fact,theinterpretationof observationsis essen-
tially reducedto “planning in the past.” More importantly,
theplanninganddiagnosticreasoningcomponentssharethe
sameknowledge aboutthedomain.

To seethe interplaybetweeninterpretationof the obser-
vationsandplanning,considerthefollowing scenario.
Example3 Initially, all bulbsareoff, all switchesopenand
locked,and all the componentsare working correctly. The
agent wantsto turn on b1 and b2. Theagent is also given
theadditionalconstraint thatbulbscannotbereplacedwhile
they arepowered.

3The initial statedescribedby O1 could be re-written to use
statementsobs(F;S;truth val), but that is out of the scopeof the
paper.

A sequenceof actions expected to achieve this goal
is hunlock(sw1); f l i p(sw1);unlock(sw2); f l i p(sw2)i : Let us
supposethat this is theplanfoundat step3 of theObserve-
Think-Act loop. Theagentwill thenexecutepartof theplan
– suppose,unlock(sw1) – andobserve theworld again. As-
sumingthatthereareno unexpectedobservations,theagent
proceedswith therestof theplan4 andexecutesf l i p(sw1).
This time, theagent�nds thatb1 is not lit andhypothesizes
thatb1 blew up at step1. To storethis pieceof information,
it thenaddsa statementhpd(blow up(b1);1) to thehistory
of thedomain.5

Theagentnow looks for a new plan. Becauseof thead-
ditional constrainton bulb replacement,theagentwill have
to �ip sw1 openbeforereplacingb1. A possibleplan that
achievesthegoalfrom thenew stateof theworld is:

hf l i p(sw1); replace(b1); f l i p(sw1);unlock(sw2); f l i p(sw2)i :

Theagentthenproceedswith theexecutionof theplan,and,
assumingthatnootherunexpectedobservationsareencoun-
tered,will eventuallyachieve thegoal.

CR-Prolog to Inter pret the Observations
In this sectionwe discussa modi�cation of the AAA ar-
chitecturebasedon a different techniquefor the interpre-
tation of the agent's observations. This techniqueallows
a moreelegant representationof exogenousactions,which
includesthe formalizationof informationaboutrelative the
likelihoodof their occurrence,andguaranteesthatall of the
explanationsreturnedby thediagnosticmoduleareminimal
(in set-theoreticsense).

Theapproachis basedon theuseof theextensionof ASP
calledCR-Prolog(Balduccini& Gelfond2003b;Balduccini
2007a). In CR-Prolog,programsconsistof regular ASP
rules,andof cr-rules andpreferencesover cr-rules. A cr-
rule is astatementof theform:

r : l0
+ l1; : : : ; lm;not lm+ 1; : : : ;not ln:

wherer is thenameof thecr-rule andl i 's areASP literals.
The rule says“if l1; : : : ; lm hold and there is no reasonto
believe lm+ 1; : : : ; ln, l0 maypossiblyhold, but that happens
rarely.” Informally, this possibility shouldbe usedonly if
the regular rulesalonearenot suf�cient to form a consis-
tent set of beliefs. In the CR-Prologterminology, we say
thatcr-rulesareusedto restoreconsistency. Preferencesare
atomsof theform pref er(r1; r2), wherer1 andr2 arecr-rule
names.The statementinformally meansthat r2 shouldbe
consideredonly if usingr1 doesnot restoreconsistency.

To seehow cr-rules work, considerthe answersetsof
the programP1 = f p  q: p  u: s  not s;not p: r1 :

4In theAAA architecture,checkingfor theneedto re-plancan
be reducedto checkingif any unexpectedobservationswerede-
tected.

5Storingin thehistory theconclusionsobtainedduring the in-
terpretationof observationscan causeproblemsif evidencecol-
lectedat later iterationsof the loop invalidatesthehypothesis,but
we will not discussmoresophisticatedmethodsof recordinghis-
tory becauseof spaceconsiderations.



q + not t:g. Becausethe regular rulesof P1 aloneare in-
consistent,6 r1 is applied,yielding the (unique)answerset
f q; pg. On theotherhand,let usconsidertheprogram,P2,
obtainedby addingrule f u:g to P1. Now the regular rules
are suf�cient to form a consistentset of beliefs (f u; pg).
Therefore,the cr-rule is not applied,andthe answersetof
P2 is f u; pg. The programP4 = P1 [ f r2 : u + :g hastwo
answersets, f q; pg, f u; pg, becauseeither cr-rule can be
applied(but not both, becausethat would involve the un-
necessaryapplicationof one of them). Finally, the pro-
gramP5 = P4 [ f pref er(r1; r2):g hasonly oneanswerset,
f q; pg, becausethe preferencestatementpreventsr2 from
beingconsideredif r1 restoresconsistency.

Cr-rulesandpreferencesareparticularlyusefulin encod-
ing information aboutunlikely events,suchas exogenous
actions.As describedin (Balduccini,Gelfond,& Nogueira
2006), an exogenousaction e can be formalized in CR-
Prologby oneor morecr-rulesof theform:

r(e;S) : occurs(e;S) + G: (1)

whereG is a condition underwhich the exogenousaction
mayoccur. Therule informally statesthat,underthosecon-
ditions,theexogenousactionmaypossiblyoccur, but thatis
a rareevent.Let usnow seehow it is possibleto encodethe
relative likelihoodof the occurrenceof exogenousactions.
Let usconsidertwo exogenousactionse1 ande2. To formal-
ize thefact thate1 is morelikely to occurthane2, we write
pref er(r(e1;S); r(e2;S)) :

Becausecr-rules are appliedonly if needed,testingfor
unexpectedobservationsandgeneratinganexplanationcan
becombinedin a singlestep.Goingbackto Example2, let
EX bethesetof cr-rules:

r(run down(BATT);S) : occurs(run down(BATT);S) + :
r(blow up(B);S) : occurs(blow up(B);S) + :

informally stating that run down(BATT) and blow up(B)
maypossibly(but rarely)occur. Considernow programP 3
obtainedfrom P2 by replacingDM1 by EX. It is notdif�cult
to show thattheanswersetsof P3 correspondto theminimal
explanationsof the observations in H1. If no unexpected
observationsarepresentin H1, theanswersetswill encode
anemptyexplanation.

The preferencestatementsof CR-Prologcanbe usedto
provide informationaboutthe relative likelihoodof theoc-
currenceof the exogenousactions. For example, the fact
that run down(BATT) is morelikely thanblow up(B) can
beencodedby astatement

f pref er(r(run down(BATT);S); r(blow up(B);S)) :g:

To seehow all thisworks,considerprogramP4, obtained
by addingthe above preferencestatementto P3. It is not
dif�cult to show thatP4 hasonly two answersets,encoding
thepreferred,minimalexplanationscorrespondingto these-
quencesof actions:

hfunlock(sw1); run down(batt)g; f l i p(sw1)i
hunlock(sw1); f f l i p(sw1); run down(batt)gi :

6Inconsistency follows from thethird rule andthefactthat p is
notentailed.

It is worth noticing that the non-monotonicnatureof CR-
Prologmakesit possible,for explanations,which hadpre-
viously not beenconsidered(becausenon-minimalor less-
preferred),to be selectedwhen new information becomes
available.For example,if weupdateP4 to includeadditional
informationthatthebatteryis notdown, weobtaintwo (dif-
ferent)answersets,encodethe explanationscorresponding
to theless-preferredexplanations:

hfunlock(sw1);blow up(b1)g; f l i p(sw1)i
hunlock(sw1); f f l i p(sw1);blow up(b1)gi :

In thenext section,wediscussthespeci�cationof policies
in theAAA architecture.

Policiesand Reactivity
In this paper, by policy we meanthe descriptionof those
pathsin thetransitiondiagramthatarenotonly possiblebut
alsoacceptableor preferable.

The ability to specify policies is important to improve
both the quality of reasoning(and acting) and the agent's
capabilityto reactto theenvironment.

In this paperwe show how theAAA architecture,andin
particulartheunderlyingASPlanguage,allowsoneto easily
specifypoliciesaddressingbothissues.

Webegin by consideringpoliciesallowing oneto improve
thequality of reasoning.More detailscanbefoundin (Bal-
duccini 2004;Balduccini,Gelfond,& Nogueira2006). In
thecircuit domain,onepolicy addressingthis issuecouldbe
“do not replaceagoodbulb.” Thepolicy is motivatedby the
considerationthat,althoughtechnicallypossible,theaction
of replacinga goodbulb shouldin practicebe avoided. A
possibleASPencodingof thispolicy is:

 occurs(replace(B);S); : holds(ab(B);S):

Note that, althoughthe rule hasthe sameform of the exe-
cutability conditions,it is conceptuallyvery different. Also
note that this is an example of a strict policy becauseit
will causetheactionof replacinga goodbulb to bealways
avoided.

Oftenit is usefulto beableto specifydefeasiblepolicies,
that is policiesthatarenormallycompliedwith but maybe
violatedif really necessary. Suchpoliciescanbe elegantly
encodedusingCR-Prolog.For example,a policy stating“if
at all possible,do nothave bothswitchesin theclosedposi-
tion at thesametime” canbeformalizedas:

 holds(closed(sw1);S);holds(closed(sw2);S);
not can violate(p1):

r(p1) : can violate(p1) + :

The �rst rule saysthat the two switchesshouldnot beboth
in theclosedpositionunlesstheagentcanviolatethepolicy.
Thesecondrule saysthat it is possibleto violatethepolicy,
but only if strictly necessary(e.g.,whenno planexists that
complieswith thepolicy).

Now let us turn our attentionto policies improving the
agent's capability to react to the environment. When an
agentis interactingwith a changingdomain,it is often im-
portantfor the agentto be ableto performsomeactionsin



responseto a stateof theworld. An exampleis leaving the
room if a dangeris spotted. Intuitively, selectingthe ac-
tions to be performedshouldcomeas an immediatereac-
tion ratherthanastheresultof sophisticatedreasoning.We
distinguishtwo typesof reaction: immediatereactionand
short reaction. Immediatereactionis whenactionsarese-
lectedbasedsolely on observations. An examplefrom the
circuit domainis thestatement“if youobserveasparkcom-
ing from a switch,openit,” which canbeeasilyformalized
as(weassumetheavailability of a �uent spark f rom(SW)):

occurs(close(SW);S)  obs(spark f rom(SW);S):

A shortreactionis theoccurrenceof anactiontriggeredby
theagent's beliefs.This includesconclusionsinferred from
observationsandpossiblyotherbeliefs. An exampleis the
statement“if abatteryis failing, replaceit,” encodedas:

occurs(replace(BATT);S)  holds( f ail ing(BATT);S):

Appendix: Semanticsof ASP
In this sectionwe summarizethesemanticsof ASP. Recall
thatanASPrule is astatementof theform

h1 OR : : : OR hk  l1; : : : ; lm;not lm+ 1; : : : ; ln:

wherehi 's and l i 's are literals (atomsor their strongnega-
tion, e.g. : a). The intuitive meaningof the rule is “if
l1 : : : lm hold andthereis no reasonto believe lm+ 1 : : : ln, a
rational reasonershouldbelieve oneof hi 's.” Given a rule
r, we call f h1 : : :hkg the head of r, denotedby head(r);
l1; : : : ; lm; lm+ 1; : : : ; ln is called the body of r (body(r));
pos(r) and neg(r), respectively, denote f l1; : : : ; lmg and
f lm+ 1; : : : ; lng. A program is a set of rules. A default-
negation-freeprogramis aprogramwhoserulesdonotcon-
tain default negation“not.” We saythata setof literalsS is
closedundera default-negation-freeprogramP if, for every
rule r of P, head(r) \ S6= /0 whenever pos(r) � S. A setof
literalsSis consistentif it doesnotcontaintwo complemen-
tary literals f , : f . A consistentsetof literalsSis ananswer
setof a default-negation-freeprogramP if Sis thesmallest
setclosedunderP. GivenanarbitraryprogramP anda set
S of literals, the reductPS is obtainedfrom P by deleting:
(1) eachrule,r, suchthatneg(r) nS6= /0, and(2) all formulas
of theform not l in thebodiesof theremainingrules.A set
of literalsSis ananswersetof aprogramP if it is ananswer
setof PS.

Conclusions
In this paperwe have describedthe ASP-basedAAA ar-
chitecturefor intelligent agentscapableof reasoningabout
andactingin changingenvironments.The designis based
on a descriptionof thedomain's behavior that is sharedby
all of the reasoningmodules. We hopewe demonstrated
how the agent's ability to generateandexecuteplansis in-
terleavedwith detecting,interpreting,andrecovering from,
unexpectedobservations.Althoughin thispaperwefocused
onexplainingunexpectedobservationsby hypothesizingthe
undetectedoccurrenceof exogenousactions,the architec-
ture hasalsobeenextendedwith reasoningmodulescapa-
ble of modifying the domaindescriptionby meansof in-
ductive learning(Balduccini2007b).An initial exploration

of the issuesof inter-agentcommunicationandcooperation
can be found in (Gelfond & Watson2007). A prototype
of the implementationof the architecturecanbe found at:
http://krlab.cs.ttu.edu/ � marcy/APLAgentMgr/ .
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