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Abstract

This paperdescribeghe AAA architecturefor intelli-
gentagentsreasoningabout,andactingin, a changing
ervironment.Thearchitecturds basecdnasimplecon-
trol loop. Both the descriptionof thedomains behaior
andthereasoningomponentsrewrittenin AnswerSet
Prolog. Thearchitecturds designedo make theagents
capableof planningandof detecting,interpreting,and
recoveringfrom, unexpectedobsenations.Overall, the
designandthe knowledgebasesare elabomtion toler-
ant Anotherdistinguishingfeatureof the architecture
is thatthe samedomaindescriptionis shaedby all the
reasoningcomponents

Intr oduction

In this papemwe describehe AAAarchitectue for intelligent
agentscapableof reasoningabout,andactingin, achanging
ervironment!

The AAA architecturds usedfor the designandimple-
mentationof softwarecomponent®f suchagentsandis ap-
plicableif: (1) The world (including an agentand its en-
vironment)canbe modeledby a transitiondiagramwhose
nodesrepresenphysically possiblestatesof the world and
whosearcsare labeledby actions. The diagramtherefore
containsall possibldrajectorieof thesystemy2) Theagent
is capableof making correctobsenrations, performingac-
tions, and rememberinghe domainhistory; (3) Normally
the agentis capableof observingall relevant exogenous
eventsoccurringin its ervironment.Theagentwhosemem-
ory containsknowledgeabouttheworld andagents'capabil-
ities andgoals,

1. Obsenesthe world, explainsthe obsenations,band up-
datests knowvledgebase;

2. Selectsanappropriategoal,G;

4. Executespart of the plan, updatesthe knowledge base,
andgoesbackto stepl.
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Theloopis calledthe Observe-Think-Adtoop. Theknowl-
edgeof the AAA agentis encodedby a knowvledge base
in knowledge representatiotanguageAnswer Set Prolog
(ASP)or its extensiongGelfond& Lifschitz 1991;Balduc-
cini & Gelfond 2003b; Baral 2003). ASP is selectedbe-
causeof its ability to representariousforms of knowledge
including defaults, causalrelations,statementseferring to
incompletenesef knowledge,etc. This contributesto mak-
ing the overall designandknowledgebaseslabomtion tol-
erant (McCarthy 1998). A knowledgebase(or program)of
ASP describes collectionof answersets— possiblesetsof
beliefsof arationalagentassociatedvith it. Theagentsrea-
soningtasks,including thoseof explaining unexpectedob-
senationsandplanning,canbereducedo computing(parts
of) answersetsof variousextensionof its knowledgebase.
In the caseof original ASRP, suchcomputationcanberather
efciently performedby ASP solvers,whichimplementso-
phisticatedgroundingalgorithmsandsuitableextensionsof
the Davis-Putnanprocedure Solversfor variousextensions
of ASP expandthesereasoningmechanismsy abduction
(Balduccini2007a),constraintsolving algorithmsandreso-
lution (Mellarkod & Gelfond2007), and even someforms
of probabilisticreasonindGelfond,Rushton& Zhu2006).

This architecturewas suggestedn (Baral & Gelfond
2000). Most of its re nementswere modular(Balduccini
& Gelfond2003a;Balduccini,Gelfond,& Nogueira2006;
Balduccini2007b). Throughoutthe paperwe illustrate the
architectureandits usefor agentdesignusingthe scenarios
basedntheelectricalcircuit describedelon. Theexample
is deliberatelysimple but we hopeit is sufcient to illus-
tratethe basicideasof theapproachlt is importantto note,
though,that the correspondingalgorithmsare scalable. In
fact, they were successfullyusedin ratherlarge, industrial
sizeapplicationgBalduccini,Gelfond,& Nogueira2006).

Therestof the paperis organizedasfollows. We begin by
describinghebehaior of asimplecircuit. Next, we discuss
how the agent nds plansandexplanationsfor unexpected
obsenrations. Finally, we give a brief summaryof the se-
manticsof ASPandconcludethe paper

Building the Action Description

Theelectricalcircuit usedin this papers depictedn Figure
1. Circuit Cy consistof abattery(batt), two safetyswitches
(sw, sw), andtwo light bulbs (b, by). By safetyswitches
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Figurel: Co: A simpleelectricalcircuit

we meanswitcheswith alocking device. To move a switch
from its currentposition,the switchmust rst be unlocked.
The switchis automaticallylocked again afterit is moved.
If all thecomponentareworking properly closinga switch
causeshecorrespondindpulb to light up. Next, we describe
in moredetailhow we modelthecircuit, andintroducesome
usefulterminology

Thestateof thecircuitis modeledby thefollowing uents
(propertieswhosetruth changesover time): closedSN):
switch SN is closed;lodked(SN): switch SV is locked;
on(B): bulb B is on; ab(B): bulb B is malfunctioning;
down(BATT): batteryBATT hasrun dovn. Whena uent
f is false,wewrite : f.

The agentinteractswith the circuit by meansof the
following actions flip(SN): move switch SNV from
opento closed, or vice-versa; unlock(SN): unlock SN;
replacg BATT); replacg B): replacethe batteryor a bulb.

Sometimesactionsoccurin the domainthatarenot con-
trolled by the agent(e.g.,a bulb blowing up). Theseactions
are calledexogenous Relevant exogenousactionsfor this
domainare: run.down(BATT): batteryBATT runsdown;
blow_up(B): B blows up. Note thatactionscanoccurcon-
currently We distinguishbetweerelementaryactions such
asthe oneslisted above, and compoundactions i.e. sets
of elementanactions,intuitively correspondingdo the con-
currentexecutionof their components.In the rest of this
paperwe akusenotationslightly and denotesingletonsby
theiruniquecomponentSimilarly, we usetheterm*“action”
to denotebothelementaryandcompoundactions.

The behaior of the domainis describedby laws. De-
pendingon theapproactused thelaws canbewritten using
actionlanguages(Gelfond& Lifschitz 1998)andlatertrans-
latedto ASP, or encodedlirectly in ASR. For simplicity, in
theexampledn thispapemwe usethedirectencodingn ASP.
A possibleencodingof the effects of actionsunlock(SN)
andclosgB) is:

. holds(locked(SWV); S+ 1)
holds(closedSN); S+ 1)

occurs(unlodk(SN); S):

occurs( flip(SN); S);
. holds(closeqSW);S):

occurs( flip(SNV); S);
holds(closedSN); S):
holds(closedSNV);S);
conneted(SNV;B);: holds(ab(B);S);
: holds(down(batt); S):

: holds(closed SW); S+ 1)

holds(on(B); )

where SV;B; S are variablesranging, respectiely, over
switches pulbs,andnon-ngative integersdenotingstepsin
the evolution of the domain. The rst law intuitively states
thatunlockingSWV causest to becomeunlocked. Laws de-
scribing,suchasthis, the directeffectsof actionsaresome-
timesreferredto asdynamidaws Thesecondandthird laws
encodeheeffectof ipping aswitch. Thelastlaw saysthat,
if SN is closedand connectedo somebulb B in working
orderwhile the batteryis not down, thenB is lit. Notethat
this law describeghe indirect effect, or rami cation, of an
action. Suchlaws aresometimegalledstatic laws or state
constaints

Similar laws encodethe effects of the other actions,as
well asthe behaior of malfunctioningbulbs and battery
The encodingof the modelis completedby the following
general-purposaxioms;

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“things normally stayasthey are’

Planning Scenario

Let usnow look at a scenarian which the main reasoning
components planning.Wewill usethisscenaridoillustrate
how planningis performedn the AAA architecture.

Example 1 Initially, all the bulbs of circuit Cy are off, all
switchesopenandlocked,andall thecomponentsare work-
ing correctly Theagentwantsto turn onb;.

The intendedagentbehaior is the following. At stepl of

the Obsere-Think-Actloop, the agentgathersobsenrations
aboutthe ervironment. In general,the obsenationsneed
not be complete or taken at every iteration. Let us assume
howeverfor simplicity thatatthe rst iterationof theagents

obserationsarecomplete.At step2, the agentselectggoal

G = on(by). At step3, it looksfor a planto achieze G and

nds hunlodk(swy); flip(swy)i. Next, the agentexecutes
unlock(swy), recordsthe executionof the action,and goes
backto observingtheworld.

Supposéhe agentobsernesthat sw is unlocked. Then,
no explanationsfor the obserations are needed. The
agentproceedghroughsteps2 and 3, and selectsthe plan
hflip(swy)i. Next, it executesflip(swy) andobseresthe
world again. Let usassumehatthe agentindeed nds out
thatb, islit. Then,theagents goalis achieved.

The key feature that allows to exhibit the behaior
describedabove is in the capability to nd a sequence
The task in-
volves both selectingthe appropriateactions, and order-
ing them suitably For example, the sequenceof actions
hunlodk(sws); flip(swy)i is not a good selection, while
hflip(swy); unlodk(swy)i is improperlyordered.

To determineif a sequencef actionsachiesesthe goal,
the agentusesits knowledge of the domainto predictthe
effect of the execution of the sequence. This is accom-
plishedby reducingplanningto computinganswersetsof
anASP program consistingof the ASP encodingof thedo-
main model, togetherwith a setof rulesinformally stating



thatthe agentcanperformary actionat ary time (seee.g.
(Lifschitz 1999;Nogueiraetal. 2001)).

This techniquerelies on the fact that the answersetsof
the ASP encodingof the domainmodeltogethemwith facts
encodingthe initial situationandoccurrenceof actionsare
in one-to-onecorrespondencwith the correspondingaths
in thetransitiondiagram.This result,aswell asmostof the
resultsusedn thisandthenext sectionarefrom (Balduccini
& Gelfond2003a). We invite the interestedreaderto refer
to thatpaperfor moredetails.Simpleiteratve modi cations
of the basicapproachallow oneto nd shortestplans,i.e.
plansthatspanthe smalleshumberof steps.

To seehow thisworksin practice Jet usdenoteby AD the
action descriptionfrom the previous section,and consider
a simpleencoding,0;, of theinitial statefrom Examplel,
whichincludesstatements

holds(locked(sw);0);: holds(closedsw);0);
: holds(on(b1);0)

(moresophisticatedypesof encodingarepossible.) A sim-
ple yet generalplanningmodulePM;, which nds plansof
upto n stepsconsistof therule:

occus(A;S) OR: occus(A;S €S S<cStn

whereA rangesover agentactions,S over stepsandcSde-
notesthe currentstep (0 in this scenario). Informally, the
rule saysthatarny agentactionA mayoccuratary of thenext
n stepsstartingfrom the currentone. Theanswersetsof the
programP = AD[ O;[ PM; encodeall of thepossiblera-
jectoriesof lengthn, from theinitial state.For example the
trajectorycorrespondingdo the executionof unlodk(sw) is
encodedy theanswerset:

O1[ foccurs(unlodk(sws);0);: holds(lodked(swy);1);
: holds(on(by);1);:::0:

Notethat: holds(on(b1);1) is obtainedoy O; andtheinertia
axioms.

To eliminate the trajectoriesthat do not correspondto
plans,we addto P 1 thefollowing rules,

goal_achieved holds(on(bl);9):
not goal_achieved

whichinformally saythatgoalon(bl) mustbeachieved. Let
us denotethe new programby P?. It is not dif cult to see
thattheprevioussetof literalsis notananswesetof P 9. On
theotherhand,(if n  2) P‘{ hasananswersetcontaining

O1[ foccurs(unlodk(swy);0);: holds(lodked(swy);1);
occurs( flip(swy); 1); holds(closedswy); 2);
holds(on(by); 2)g;

whichencodeshetrajectorycorrespondingo the execution
of thesequencéunlodk(swy); flip(sw)i.

Inter pretation Scenario

To illustrate how a AAA agentinterpretsits obsenations
abouttheworld, let usconsidetthefollowing example.

Example 2 Initially, all the bulbs of circuit Cy are off, all
switchesopenandlocked,andall thecomponentsre work-
ing correctly Theagentwantsto turn onb;. Afterplanning
the agent executesthe sequencdunlodk(swy); flip(sw)i,
andnoticesthatb; is notlit.

Theobsenationis unexpectedasit contradictshe effect of
theactionstheagentust performed.A possiblesxplanation
for this discrepang is thatb; blew up while the agentwas
executingthe actions(recall that all the componentsvere
initially known to be working correctly). Anotherexplana-
tion is thatthe batteryrandown.?

To nd out which explanationcorrespondgo the actual
stateof the world, the agentwill needto gatheradditional
obsenations. For example, to testthe hypothesisthat the
bulb blew up, the agentwill checkthe bulb. Supposét is
indeedmalfunctioning. Then, the agentcan concludethat
blow_up(bs) occurredin the past. Thefactthatb; is notlit
is nally explained,andthe agentproceeddo step3, where
it re-plans.

The componentesponsiblefor the interpretationof the
obsenations, often called diagnostic component is de-
scribedin detail in (Balduccini & Gelfond 2003a). Two
key capabilitiesareneededo achiere thebehaior described
above: the ability to detectunexpectedobsenrations, and
thatof nding sequencesf actionsthat, hadthey occurred
undetectedn the past,may have causedhe unexpectedob-
senations. Thesesequencesf actionscorrespondo our
notionof explanations

The detectionof unexpectedobserationsis performed
by checkingthe consisteng of the ASP program,P 4, con-
sistingof the encodingof the domainmodel,togetherwith
the history of the domain, and the Reality Check Ax-
ioms and Occurrence-fvarenessAxiom, both shovn be-
low. The history is encodedby statementof the form
obgqF; Struth_val) (wheretruth_val is eithert or f, intu-
itively meaning‘true” and“false”)andhpd(A; S), whereF
is a uent andA anaction. An expressionobgF;S;t) (re-
spectiely, obqF; S f)) statesthat F wasobsenred to hold
(respectiely, to befalse)at stepS. An expressiorhpd(A; S
stateghatA wasobseredto occurat S. The Reality Check
Axioms statethatit is impossiblefor anobsenationto con-
tradicttheagents expectations:

holds(F; S);obqF; S, f):
. holds(F; 9); obqF; S;t):

Finally, the Occurrence-warenesAxiom ensureghat the
obsenationsaboutthe occurrence®f actionsarere ected
in theagents beliefs:

occus(A;S)  hpd(A;S):

It canbeshawn thatprogramP 4 is inconsistentf-and-only-
if the history containsunexpectedobsenations.

To nd the explanationsof the unexpectedobsenations,
theagenieeddo searcHor sequencesf exogenousctions
that would causethe obsenrations (possiblyindirectly), if

20f coursejt is alwayspossiblethatthe bulb blew up and the
batteryran down, but we do not believe this shouldbe the rst
explanationconsideredy arationalagent.



they hadoccurredin the past. A simplediagnosticmodule
DM; is the oneconsistingof therule:

occus(E;S) or : occuis(E;S S< ¢S
where E rangesover exogenousactions,and S, cS are as
in the planningmodule. Informally, the rule saysthat ary
exogenousaction E may have occurredat ary time in the
past.

To seehow DM; works,consideitheprogramP , consist-
ing of AD andthe encodingof theinitial stateO; from the
previous sectior?, togetherwith the Occurrence-wareness
Axiom, moduleDM;, andthe history

Hi = fhpd(unlodk(sw); 0); hpd(flip(swi);1);
obqon(b,);2; f)g:

It canbeshavn thattheanswersetsof P, arein one-to-one
correspondenceith all thetrajectoriefrom theinitial state
thatincludeall theactionsthattheagenthasobsered,plusa
numberof additionalexogenousactions.Thatis, theanswer
setsof P, will encodethe trajectoriescorrespondingdo the
sequencesf actions:

hfunlock(swy); run.down(batt)g; flip(swy)i
hunlodk(swy); f flip(swa); blow_up(b2)gi
hfunlock(swy); blow_up(by)g; f flip(swy); blow_up(b1)gi

Notethatthe rst andthird sequencesf actionsexplain the
obsenration aboutb; from Hy, while the secondone does
not. The sequencesf actionsthatdo not explain the une-
pectedobsenationscan be discardedby meansof the Re-
ality CheckAxiom. Let Pg consistof P, andthe Reality
CheckAxiom. It is not dif cult to seethat no answerset
of P encodeghe secondsequencewnhile thereareanswer
setsencodinghe rst andthird.

It shouldbe notedthatsomeof the explanationfoundby
DM; arenotminimal (in set-theoretisense) For example,
thethird explanationabore is not minimal, becauseemov-
ing blow_up(by) yieldsanothervalid explanation.Diagnos-
tic algorithmshave beendevelopedthatextendtheapproach
showvn hereto nd minimal diagnoses Anothertechnique,
which we discusdn the next section,avoidsthe useof such
algorithmsby employing a recentextensionof ASP for the
formalizationof exogenousctions.

It is worth noticing that the techniquedescribechereto
interpretobsenationsis remarkablysimilar to thatusedfor
planning.In fact,theinterpretatiorof obsenationsis essen-
tially reducedto “planningin the past. More importantly
theplanninganddiagnosticreasoningcomponentshaethe
sameknowled@ aboutthe domain

To seethe interplay betweeninterpretationof the obser
vationsandplanning,considerthefollowing scenario.

Example 3 Initially, all bulbsare off, all switthesopenand
locked, and all the componentsre working correctly The
agentwantsto turn on by andb,. Theagentis also given
theadditionalconstaint that bulbscannotbereplacedvhile
they arepowered.

3The initial statedescribedby O; could be re-writtento use
statement®bgF; S;truth_val), but thatis out of the scopeof the
paper

A sequenceof actions expected to achieve this goal
is hunlock(swy); flip(swa);unlodk(swy); flip(swy)i: Let us
supposehatthis is the planfound at step3 of the Obsenre-
Think-Actloop. Theagentwill thenexecutepartof theplan
— supposeynlodk(sw;) —andobsenre the world again. As-
sumingthatthereareno unexpectedobsenrations,the agent
proceedswith the restof the plarf* andexecutesflip(sw).
Thistime, theagent nds thatb; is notlit andhypothesizes
thatb; blew up atstepl. To storethis pieceof information,
it thenaddsa statemenhpd(blow_up(b1);1) to the history
of thedomain®

The agentnow looksfor a new plan. Becauseof the ad-
ditional constrainton bulb replacementthe agentwill have
to ip swy openbeforereplacingb;. A possibleplan that
achievesthe goalfrom the new stateof theworld is:

hflip(swy);replacgbs); flip(swy); unlock(swy); flip(sw)i:

Theagenthenproceedsvith the executionof the plan,and,
assuminghatno otherunexpectedobsenationsareencoun-
tered,will eventuallyachieve thegoal.

CR-Prologto Inter pret the Observations

In this sectionwe discussa modi cation of the AAA ar
chitecturebasedon a differenttechniquefor the interpre-
tation of the agents obsenations. This techniqueallows
a more elegant representationf exogenousactions,which
includesthe formalizationof informationaboutrelative the
likelihoodof their occurrenceandguaranteethatall of the
explanationgeturnedoy the diagnostionoduleareminimal
(in set-theoreticense).

Theapproachs basedn the useof the extensionof ASP
calledCR-Prolog(Balduccini& Gelfond2003b;Balduccini
2007a). In CR-Prolog, programsconsistof regular ASP
rules, and of cr-rules and preferencesver cr-rules. A cr-
ruleis a statemenof theform:

+

rarely” Informally, this possibility shouldbe usedonly if
the regular rules aloneare not sufcient to form a consis-
tent setof beliefs. In the CR-Prologterminology we say
thatcr-rulesareusedto restoe consistencyPreferenceare
atomsof theform prefer(rq;r,), wherer; andr, arecr-rule
names. The statemeninformally meansthatr, shouldbe
considerednly if usingr; doesnotrestoreconsisteny.

To seehow cr-rules work, considerthe answersets of
theprogramPi=fp g p W s notsnotp: rp:

“In the AAA architecturecheckingfor the needto re-plancan
be reducedto checkingif arny unexpectedobsenationswere de-
tected.

5Storingin the history the conclusionsobtainedduring the in-
terpretationof obsenations can causeproblemsif evidencecol-
lectedat lateriterationsof the loop invalidatesthe hypothesis put
we will not discussmore sophisticatednethodsof recordinghis-
tory becausef spaceconsiderations.



q * nott.g. Becausehe regularrulesof P, alonearein-
consistenf ry is applied,yielding the (unique)answerset
fq; pg. Ontheotherhand,let usconsiderthe program,P;,
obtainedby addingrule f u:g to P,. Now the regular rules
are sufcient to form a consistentset of beliefs (f u; pg).
Therefore the cr-rule is not applied,andthe answerset of
P is fu;pg. TheprogramPy= P [ fro:u * :g hastwo
answersets,f q; pg, fu; pg, becauseeither cr-rule can be
applied (but not both, becausehat would involve the un-
necessanapplicationof one of them). Finally, the pro-
gramPs = Py[ f prefer(ry;rp):g hasonly one answerset,
fq; pg, becausehe preferencestatementpreventsr, from
beingconsideredf r; restorexconsisteny.

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

r(e S :occurs(e S "G (1)
whereG is a condition underwhich the exogenousaction
mayoccur Therule informally stateghat,underthosecon-
ditions, the exogenousactionmay possiblyoccur but thatis
arareevent. Let usnow seehow it is possibleto encodethe
relative likelihood of the occurrenceof exogenousactions.
Let usconsideitwo exogenousctionse; ande,. To formal-
ize thefactthate; is morelikely to occurthane,, we write
prefer(r(e1; S);r(ex;9):

Becausecr-rules are appliedonly if neededtestingfor
unexpectedobsenationsandgeneratingan explanationcan
be combinedin asinglestep. Goingbackto Example2, let
EX bethesetof cr-rules:

r(rundown(BATT);9) : occurs(run.down(BATT); S T
r(blow_up(B);9) : occurs(blow_up(B);S) " :

informally statingthat run.down(BATT) and blow_up(B)
may possibly(but rarely) occur Considemow programP 3
obtainedrom P, by replacingDM; by EX. It is notdif cult
to shaw thattheanswersetsof P 3 correspondo theminimal
explanationsof the obserationsin H;. If no unexpected
obsenationsarepresentin Hj, the answersetswill encode
anemptyexplanation.

The preferencestatement®f CR-Prologcan be usedto
provide informationaboutthe relative likelihood of the oc-
currenceof the exogenousactions. For example, the fact
thatrun.down(BATT) is morelikely thanblow_up(B) can
beencodedy astatement

f prefer(r(run.downBATT);S);r(blow_up(B);9)):q:

To seehow all thisworks,considemprogramP 4, obtained
by addingthe above preferencestatemento P 3. It is not
dif cult to shaw thatP 4 hasonly two answersets,encoding

thepreferred, minimalexplanationsorrespondingo the se-
guence®f actions:

hfunlock(swy); run.down(batt)g; flip(sw)i
hunlodk(swy); f flip(swy);run.down(batt)gi:

6Inconsisteny follows from thethird rule andthefactthatp is
notentailed.

It is worth noticing that the non-monotonicatureof CR-
Prologmalkesit possible for explanationswhich had pre-
viously not beenconsideredbecauseaion-minimalor less-
preferred),to be selectedwhen new information becomes
available.For example,if we updateP, to includeadditional
informationthatthe batteryis notdown, we obtaintwo (dif-
ferent)answersets,encodethe explanationscorresponding
to theless-preferre@xplanations:

hfunlodk(swy); blow_up(by)g; flip(swy)i
hunlodk(swy); f flip(swy); blow_up(by)gi:

In thenext sectionwediscusghespeci cationof policies
in the AAA architecture.

Policiesand Reactwity

In this paper by policy we meanthe descriptionof those
pathsin thetransitiondiagramthatarenot only possiblebut
alsoacceptableor preferable

The ability to specify policies is importantto improve
both the quality of reasoning(and acting) and the agents
capabilityto reactto theervironment.

In this paperwe shov how the AAA architectureandin
particulartheunderlyingASPlanguageallows oneto easily
specifypoliciesaddressindpothissues.

We begin by consideringpoliciesallowing oneto improve
the quality of reasoningMore detailscanbe foundin (Bal-
duccini 2004; Balduccini, Gelfond, & Nogueira2006). In
thecircuit domain,onepolicy addressinghisissuecouldbe
“do notreplaceagoodbulb.” Thepolicy is motivatedby the
consideratiorthat, althoughtechnicallypossible the action
of replacinga goodbulb shouldin practicebe avoided. A
possibleASP encodingof this policy is:

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

Note that, althoughthe rule hasthe sameform of the exe-
cutability conditions,it is conceptuallyery different. Also
note that this is an example of a strict policy becauseit
will causethe actionof replacinga goodbulb to be always
avoided.

Oftenit is usefulto beableto specifydefeasibleolicies
thatis policiesthatarenormally compliedwith but may be
violatedif really necessarySuchpoliciescanbe elegantly
encodedisingCR-Prolog.For example,a policy stating"if
atall possibledo not have both switchesn the closedposi-
tion atthe sametime” canbeformalizedas:

holds(closedsw); S); holds(closedsw,); S);
not can.violate(py):

r(ps) : canviolate(py) T

The rst rule saysthatthe two switchesshouldnot be both
in theclosedpositionunlesgheagentcanviolatethepolicy.
The secondule saysthatit is possibleto violate the policy,
but only if strictly necessarye.g.,whenno planexists that
complieswith the policy).

Now let us turn our attentionto policiesimproving the
agents capability to reactto the ervironment When an
agentis interactingwith a changingdomain,it is oftenim-
portantfor the agentto be ableto performsomeactionsin



responseo a stateof theworld. An exampleis leaving the
room if a dangeris spotted. Intuitively, selectingthe ac-
tions to be performedshouldcomeas an immediatereac-
tion ratherthanasthe resultof sophisticatedeasoning We
distinguishtwo typesof reaction: immediatereactionand
shortreaction Immediatereactionis whenactionsare se-
lectedbasedsolely on obsenations. An examplefrom the
circuit domainis the statementif you obsere asparkcom-
ing from a switch, openit,” which canbe easilyformalized
as(we assumeheavailability of a uent spark_from(SW)):

occurs(clos€SN); S  obgspark_from(SN);S):

A shortreactionis the occurrenceof anactiontriggeredby
theagents beliefs. This includesconclusionsnferred from
obsenationsand possiblyotherbeliefs. An exampleis the
statementif abatteryis failing, replacet,” encodeds:

occurs(replacgBATT);S)  holds(failing(BATT);S):

Appendix: Semanticsof ASP

In this sectionwe summarizehe semanticof ASP. Recall
thatan ASPruleis a statemenbf theform
hi oR ::: OR hy gt Iminot e 1200 n:

whereh;'s andl;'s areliterals (atomsor their strongnega-
tion, e.g. : a). The intuitive meaningof the rule is “if
I1:::1y hold andthereis no reasonto believe I+ 1::: 15, a
rationalreasoneshouldbelieve oneof h;'s’ Givenarule
r, we call fhy:::heg the head of r, denotedby headr);

negation-freeprogramis a progranwhoserulesdo not con-

tain default neggation“not.” We saythata setof literals Sis

closedundera default-ngation-freeprogrampP if, for every

ruler of P, headr)\ S6 0 wheneer pogr) S A setof

literals Sis consistentf it doesnot containtwo complemen-
taryliterals f, : f. A consistensetof literalsSis ananswer
setof adefault-neyation-freeprogramP if Sis thesmallest
setclosedunderP . GivenanarbitraryprogramP andaset
Sof literals, the reductP S is obtainedfrom P by deleting:
(1) eachrule,r, suchthatneg(r) nS6 0, and(2) all formulas
of theform not | in thebodiesof theremainingrules. A set
of literalsSis ananswersetof aprogramP if it isananswer
setof PS,

Conclusions

In this paperwe have describedthe ASP-basedAAA ar-
chitecturefor intelligent agentscapableof reasoningabout
andactingin changingervironments. The designis based
on a descriptionof the domains behaior thatis sharedby
all of the reasoningmodules. We hope we demonstrated
how the agents ability to generateand executeplansis in-
terleaved with detecting,interpreting,andrecovering from,
unexpectedobsenations.Althoughin this papemwe focused
onexplainingunexpectedobsenationsby hypothesizinghe
undetectedccurrenceof exogenousactions,the architec-
ture hasalso beenextendedwith reasoningnodulescapa-
ble of modifying the domaindescriptionby meansof in-
ductive learning(Balduccini2007b). An initial exploration

of the issuesof inter-agentcommunicatiorandcooperation
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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