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Abstract

We present an extension of language A-Prolog by
consisteng-restoringruleswith preferencegjive theseman-
tics of the new language CR-Prolog,andshav how thelan-
guagecan be usedto formalize varioustypesof common-
sense&knowledgeandreasoning.

Intr oduction

In recentyears,A-Prolog — a languageof logic programs
with the answersetsemantic§Gelfond & Lifschitz 1991)
— was shown to be a usefultool for knowledgerepresen-
tation and reasoning(Gelfond 2002). The languages ex-
pressie and has a well understoodmethodologyof rep-
resentingdefaults, causal propertiesof actionsand u-
ents, various types of incompletenessgetc. The devel-
opmentof efcient computationalsystems(Simons1996;
Calimerietal. 2002;Lin & Zhao2002;Pontelli, Balduc-
cini, & Bermudez2003) hasallowed the use of A-Prolog
for adiversecollectionof applicationgHeljanko 1999;Bal-
duccini, Gelfond, & Nogueira2000;Nogueiraetal. 2001;
Soininen& Niemelal999;Aiello & MassaccR001).

It seemshowever that A-Prolog lacks the ability to grace-
fully performthereasoningheededor certaintypesof con-
ict resolution,e.g. for nding the bestexplanationsof
unexpectedobsenations. To solve the problemwe devel-
opedCR-Prolog- anextensionof A-Prologby consistency-
restoringrules(cr-rules)with preferenceswhichis capable
of suchreasoningTo illustratethe problemandits solution
we considerseveralreasoningasksperformedby anintelli-
gentagentactingin dynamicdomainsin the senseof (Baral
& Gelfond2000).

Thepapeiis structuredasfollows. We startwith background
materialneededo understananodelingof dynamicsystem
in A-Prolog. Next, we introducethe syntaxand semantics
of CR-Prolog,give examplesof using CR-ruleswith pref-
erencedor representingagents knowledge,andshav how
this knowledgecanbe usedto performfairly sophisticated
reasoningasks.Finally, we discusselatedwork andfuture
researcldirections.
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Modeling dynamic systems

In this sectionwe brie y review the basicideasof A-Prolog
basedmodelingof dynamicsystems. We assumehat the
dynamicsystemconsistingof anagentandits ervironment,
satis esthefollowing simplifying conditions.

1. The ervironmentcan be viewed as a transitiondiagram
whose statesare setsof uents (relevant propertiesof
the domainwhosetruth valuesmay dependon time) and
whosearcsarelabeledby actions.

2. Theagentis capableof makingcorrectobsenations,per
forming actions,andrememberinghe domainhistory.

3. Normally the agentis capableof observingall relevant
exogenousventsoccurringin its environment.

The above assumptionsdetermine the structure of the
agentsknowledgebase It consistof threeparts:

e An actiondescription which speci esthe transitiondia-
gramrepresentingpossibletrajectoriesof the system. It
containsdescriptionof domains actionsand uents, to-
getherwith the de nition of possiblesuccessostatesto
which the systemcanmove afteranactiona is executed
in astateo.

e A recodedhistory, which containsobsenationsmadeby
theagenttogethemwith arecordof its own actions.It de-
nes acollectionof pathsin the diagramwhich, from the
standpoinbf theagentcanbeinterpretecasthe systems
possiblepasts If theagentsknowledgeis completele.g.,
it hascompleteinformationaboutthe initial stateandthe
occurrencesf actions andthesystems actionsaredeter
ministic) thenthereis only onesuchpath.

e A collectionof agent'sgoals

All this knowledgeis usedand updatedby the agentwho
repeatedhyexecutesstepsof thefollowing obsene-think-act
loop:

Observe-think-adbop

obsenretheworld;
interpretthe obsenations;
selectagoal,

plan;

executepartof theplan.
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We will illustratethis designwith the following simple ex-
ample:

%

Figurel: AC

Example1 ConsiderasystemS consistingof ananalogeir-
cuit AC from Figurel. We assumehatswitchess; andss
aremechanicatomponentsvhich cannotbecomalamaged.
Relayr is a magneticcoil. If not damagedit is activated
when s; is closed,causings, to close. Undamagedoulb
b emitslight if s- is closed. For simplicity of presentation
we consideran agentcapableof performingonly one ac-
tion, close(s1). Theervironmentcanberepresentetly two
damagingexogenous actions: brk, which cause9 to be-
comefaulty, andsrg, whichdamages andalsob assuming
thatb is not protected.

To modelthe systemwe introduce uents:
closed(SW) - switch SW is closed,;

ab(C) - component' is malfunctioning;
prot(b) - bulb b is protectedrom power suiges;
active(r) - relayr is actve;

on(b) - bulb b is on.

The action description,AD, of S consistsof the rulesin
the rst threesectionsof programlIl, (Figure2). Statement
h(f,t) saysthat” uent f holdsattimet”; o(a,t) standsfor
"actiona occurredattimet”.

The rst sectionof II; containsdynamiccausalaws (Gel-
fond 2002)of S expressedn A-Prolog. Its rst rule, which
correspondso a statementa causes if P” of actionlan-
guage A and its extensions,saysthat closing switch s;

causeshe switchto be closed.(We assumehatall actions
have unit durations.)

Thesecondsectionof IT; containgelationsbetweenuents
frequentlyreferredto asdomainconstraints.In actionlan-
guageghey arenormally describedy statements f if P”.
The rst rule, for example, saysthat relay r is actwve if
switch s, is closedandr is notmalfunctioning.

The third section containsexecutability conditionsof ac-
tions. Theonly rule of this sectionsaysthatit is impossible
to closeswitchs; if it is alreadyclosed.

!By exogenousactions we mean actions performedby the
agents ervironment. This includesnaturaleventsaswell asac-
tions performedby otheragents.

To give the semantic®of actiondescriptionA D, we needto
de ne statesof the correspondingransitiondiagramT and
its transitionrelation{og, a, o1 ). By astatewe meanacom-
pleteandconsistentollectionof uent literalsof AD which
satisfyits domainconstraints.To de ne the transitionrela-
tion we considerthe programll; consistingof the rst four
sectionsof II;. Rulesof the fourth part formalize the fa-
mouslnertiaAxiom from (Hayes& McCarthy1969)which
saysthat“thingstendto stayasthey are”. The simplicity of
representatiomf this (and other) defaultsis dueto the de-
fault (or stable)neggation“not” of A-Prolog. Thetransition
relationof T' is givenby thefollowing

De nition 1 (SuccessofState) Let II; be the action de-
scriptionplustheInertiaAxioms from I, T = (09, a,01)
be a transition, and h(co,0) = {h(f,0) | f € oo} U
{=h(f,0) | ~f € oo}. Eachanswerset, A, of II; U
h(o9,0) U o(a,0), de nesasuccessostateg1, in T as:

or ={f | h(f;1) € AyU{=f | ~h(f,1) € A}.

Usingthis de nition onecaneasilycheckthattheexecution
of actionclose(sy) in states, = {prot(b)} movesthesys-
temto states, = {closed(s;), closed(ss), on(b), prot(b)}.
(Whenever possiblewe omit negative uent literals from
the representatiorof states.) Notice also that if o9 =
{prot(b), closed(s1)} anda is close(sy), thenthe corre-
spondingorogramhasno answersetandhenceu is not exe-
cutablein oy.

This approachof de ning T' datesbackto (Baral & Lobo
1997). The morecommonlyusedalternatve speci esT by
acollectionof statementin a “high level” actionlanguage
with the successorelationde ned in the style of McCain
and Turner (McCain & Turner 1995; 1997; Turner 1997;
Balduccini& Gelfond2002). For a numberof actionlan-
guages,these approachesvere shavn to be equialent.
Since we believe that someknowledge of A-Prolog will
be neededby a systemdesignerand that the distancebe-
tweenstatementsn action languagesand the correspond-
ing logic programmingrulesis fairly shortwe usethe A-
Prolog basedapproach. Moreover, this approachis rather
generabndcanbeappliedto actiondescriptionsith defea-
sible causallaws, non-deterministiactions,etc. for which
McCain-Turner style de nitions are either non-eistentor
morecomple.

Recordechistory T',, (wheren is the currenttime step)is
givenby a collectionof statementsf theform:

1. obs(l,t) - " uent literal I wasobsenedto betrue at mo-
mentt';

2. hpd(a,t) - actiona € A wasobsenedto happenat mo-
mentt

wheret is anintegerfrom theintenal [0, n).

Thetrajectoriegoy, . . .) of thesystende ned by I",, canbe
extractedfrom the answersetsof II; U I',,. Note that the
axiomsin thelasttwo sectionsof II; establishthe relation-
ship betweenrelationsobs, hpd and h,o. The former cor-
respondto undoubtedlycorrectobsenationswhile the lat-
ter correspondo predictionsmadeby the agent,and may



%% DYNAMIC CAUSAL LAWS
h(closed(s1), T +1) <« o(close(s1),T).

h(ab(b), T + 1) «— o(brks,T).
h(ab(r), T + 1) +— o(srg,T).
h(ab(b),T + 1) +— ~—h(prot(b),T),o(srg,T).

%% DOMAIN CONSTRAINTS
h(active(r),T)

—h(active(r),T)
—h(active(r),T)

h(ab(r),T).
—h(closed(s1),T).
h(closed(s2),T) h(active(r),T).

h(on(b),T)

S Y Y A Y

—h(on(b),T)
=h(on(b),T)

h(ab(b), T).
—h(closed(sz),T).

%% EXECUTABILITY CONDITION
+ o(close(s1),T), h(closed(s1),T).

%% INERTIA
h(F,T +1) « h(F,T),not =h(F,T + 1).
—h(F,T +1) « =h(F,T),not h(F,T + 1).

%% REALITY CHECKS
+ obs(F,T),not h(F,T).
< obs(—F,T),not -~h(F,T).

%% AUXILIAR Y AXIOMS

h(closed(s1),T), ~h(ab(r),T).

h(closed(s2),T), -h(ab(b),T).

o(A,T) «— hpd(A,T).

h(F,0) + obs(F,0).

—-h(F,0) +— o0bs(—F,0).
Figure2: II,

be defeatedby further obsenations. The “reality checks”
axioms ensurethat the agents predictionsdo not contra-
dict his obsenations. One can easily check, for instance,
thatI'y = obs(oy,0) U {hpd(close(s1),0)} de nesthetra-

jectory (o, close(s1),0p). Hereobs(o,t) = {l |1 € o}.

The programcorrespondingo history T’y = obs(o,,0) U

{hpd(close(s1),0) U obs(—closed(s1),1)} is inconsistent
(thanksto the reality checksof I1;), andhencel'y de nes

notrajectories.

Finally, the goalsof theagentcanberepresentedy rulesof
theform:
+ not goal.

The agentwill be ableto usethis knowledgefor planning,
diagnosingconsisteng checking,andothertasks. For ex-
amplethediagnosticagentin (Balduccini& Gelfond2002)
nds possibleexplanationof obsenationsO by nding an-
swersetsof theprogramll; U O U D My, whereD M, is the
following “diagnosticmodule”:

o(A,T) or —0o(A,T) + 0<T < n, zact(A).

wherez_act(A) is satis ed by exogenousactions(in our
casebrks andsrg). Thisis of coursedoneonly if thecorre-
spondingobsenationsareinconsistentvith the agents pre-
dictions,i.e. whenthe programlIl; U O is inconsistent.To
seehow thisworkslet usgo backto actiondescriptionfrom
Examplel.

Example 2 Supposéhatinitially all switchesareopen,the
bulb is off and protectedfrom power sulges,and that the
agentoperatingthis device is giventhe goal of lighting the
bulb. Theagentstartsattime 0 by observingtheinitial state
Oq. Sincell; U Oq is consistenho explanationis required,
theagentselectghegoalof lighting the bulb, andgenerates
aplan,close(s;), to achieveit. As shavnin (Dimopoulos,
Koehler & Nebel1997;Lifschitz 1999)this canbedoneby
extractingoccurrencesf actions(i.e. statementsf theform
o(a, t)) from ananswersetof programll;UO,UP M where
PMis

o(A,T) or —o(A,T) + n <T,a-act(A).

wherea_act(A) is satis ed by agentactions(in our case
close(s1)). The planis executedat step5 and the agent
goesback to obsene the world. Supposethat the agent
discovers that the bulb is not lit, ie. 01 = Op U

{hpd(close(s1),0), 0bs(—on(b),1)}. Sincelly U O; is in-

consistenttheagentperformsdiagnosisatstep2 by comput-
ing theanswersetsof IT; U O; U D M. In this casethereis

only oneanswerset,correspondingo the occurrencef ac-
tionbrks attime0. Sincethebulbis broken,theagenthasno

way to achieve its goal. However, if morecomplec actions
wereintroduced- like repair(C), to repairacomponent-

the agentcould generatea new plan repair(b), close(s1),

whichwould nally allow it to light the bulb.

Expanding the language

Notice that checkingconsisteng and nding a diagnosis
in the above algorithmsis achieved by two calls to Ip-
satis ability checlers—inferenceenginecomputinganswer



setsof logic programs.Suchmultiple callsrequirethe rep-
etition of a substantialamountof computation(including
groundingof the whole program). Even moreimportantly
wehavenowayto declaratvely specifypreferencebetween
possiblediagnosesand hencemay be forcedto eliminate
unlikely diagnoseshy performing extra obsenations. To
avoid theseproblems we expandA-Prolog by consistency-
restoringruleswith preferencesWe call the new language
“CR-Prolog”.

Cr-ruleis a statemenof theform:

T hlor...orhk(i ll,...,lm, ()
not l,,41,...,N0t I,

wherer is the nameof therule, andhq, ..., hg,l1,. .., 1,

areliterals. Therule saysthatif 4, . . ., 1,,, belongto a setof

agents beliefsandnoneof l,,,41, . .., 1, belongsto it then

theagent'may possibly”believeoneofthehy, ..., hi. This

possibility is usedonly if the agenthasno way to obtaina
consistensetof beliefsusingregularrulesonly.

Consideffor instanceprogramily:

I - a < not b.
0 Tlib(i.

II, hasananswerset{a}, computedwithout the useof cr-
ruler;. Now considerdlj = Il U {—a.}. If 71 is notused,
IT; in inconsistent. Consisteng can be restoredby using
r1 which allow the reasoneto believe in b, leadingto the
answerset{—a, b}.

Cr-rulescanbeusedby anagento removetheneedfor mul-
tiple callsto Ip-satis able checlers. Considerthe program
from Examplel with anew diagnostionodule, DM

DM { r(4,T): o(A,T) &ET< n, z_act(A).

which say that some(unobsered) exogenousactionsmay
possiblyhave occurredn the past. This factcanbe usedby
the agentto restoreconsisteng of his beliefs. To seehow
thisis doneconsiderecordechistoriesO,, Os, andO3 with
n = 1. (Tosave spacewewill omit obsenationsof negative
uent literals.)

{ hpd(close(s1), 0).
O1 : ¢ obs(prot(b),0).
obs(on(b),1).

| hpd(close(s1),0).
Os : { obs(—on(b),1).

obs(prot(b),0).

hpd(close(s1),0).
0>
obs(—on(b), 1).

Accordingto our semanticghe answersetof I1; U O; U
DMg" containsno occurrence®f exogenousactions- no
cr-rules are usedat this point; Consisteng of the “regular
part” of II; U O» U DM can be restoredonly by rule
r(brks,0). The problemis explainedby the occurrenceof
brks. II;U0sUD Mg hastwo answeisets oneobtainedus-
ing r(brks,0), andthe otherobtainedusingr(srg,0). The
agentconcludeghateitherbrks or srg occurredattime 0.

Theagentsselectiorof cr-rulescanbeguidedby theprefer
encerelationpre fer(rq,r2) which saysthat setsof beliefs

obtainedby applyingr; arepreferrecbverthoseobtainecby
applyingrs.

For example,we might wantto saythat brks occursmore
oftenthensrg andhencean explanationbasedon anunob-
senedpastoccurrencedf brks is preferredio onebasedon
similar occurrencen srg. Therule

I - { prefer(r(brks,T),r(srg,T)).

formalizesthis intuition. GivenIl; U Os U DM§" U Hs,
ouragentwill usethisruleto concludethatbrks occurredat
time 0. It will notconcludethatsrg occurredsincethis cor-
respondgo a lesspreferredsetof beliefs. The agentmay
derive that srg occurredonly if additionalinformationis
provided,showing thatbrks cannothave occurred Now we
give aprecisede nition of ourlanguage.

Syntaxand Semantics

Let ¥ beasignaturecontainingsymbolsfor constantsyari-

ables,functions,and predicates.Terms,atoms,and literal

arede nedasin FOL. Literalsandtermsnotcontainingvari-

ablesarecalledground Thesetsof groundterms,atomsand
literals over X will be denotedby terms(X), atoms(X%),

andlit(X). Let P beasetof predicatesymbolsfrom X. By

atoms(X, P) wedenotethesetof all atomsfrom atoms(X)

formedby predicatesymbolsfrom P. (Wheneer possible
wedropthe rst agumentandsimply write atoms(P)).

A regular rule of CR-Prologis a statemenbf theform:

r: hipor...orthg+ Ili,...,ln, )
not l,,+1,...,N0t [,
wherehy, ..., hg,l1, - ..,1, areliterals,andr is atermrep-

resentinghe nameof therule. (Namesof regularrulesare
not neededor the de nition of the semanticof programs
with cr-rules,andcanthusbesafelydropped.)A cr-ruleis a
statemenbf theform (1). Preferencebetweercr-rulesare
expressedy atomsof theform prefer(ry,r2). If all pref-
erencesn a programareexpresseasfacts,we saythatthe
programemploys staticprefelences Otherwise preferences
aredynamic

De nition 2 An CR-Prologprogram,II, is a pair {3, R)
consistingof signatureX anda setR of rulesof form (2)
or(1).

The signatureX is often denotedby sig(II); the set of
atoms(literals) of sig(II) is denotedoy atoms(II) (lit(I1));
rules(I) standsfor the set of rules of II. If p is a
rule of II then head(p) = {hi1,...,hx}; body(p) =
{li,...,lm,n0t Lypt1,...,n0t I, }.

Program®f CR-Prologarecloselyrelatedto abductvelogic
programs(Kakas& Mancarellal990; Kakas,Kowalski, &

Toni 1998; Gelfond 1991) - pairs (I, A) whereIl is a
programof A-Prolog and A is a setof atoms,called ab-
ducibleg. Thesemantic®f thelanguagés basednatrans-

2Recallthatthe semantic®f anabductve programis given by
thenotionof genealizedanswerset- ananswersetM (A) of IT U
A whereA C A; M(A1) < M(Az) if Ay C Ay Wereferto
answersetasminimalif it is minimal with respecto this ordering.
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formation hr(II) of its programsinto abductve programs.
Thehard reducthr(II) = (H, atoms({appl})) is de ned
asfollows:

1. sig(Hn) = {const(I), {appl,is_preferred} U
pred(Il)). We assumethat appl andis_preferred do
notoccurin sig(II).

2. everyregularrule of I belongsto Hr;

3. for every consisteng-restoringrule p € rules(Il), the
following regularrule belongsto Hy;:

head(p) - body(p), appl(r)
wherer is thenameof rule p;

4. nally,if prefer € pred(Il), Hn containsthefollowing
setof rules,denotecby IL;:

( % transitive closureof predicateprefer

M1, : ispreferred(R1, R2) < prefer(R1, R2).

myyp : is_preferred(R1, R2) < prefer(R1, R3),
is_preferred(R3, R2).

% no circularpreferences

may : <+ ispreferred(R, R).

% prohibitsapplicationof alesserule if

% abetterruleis applied

L m3: <« appl(R1),appl(R2),ispreferred(R1, R2).

whereR;, R,, R3 denotenamesof rules.
We needtwo preliminaryde nitions:

De nition 3 A setof literals, C, is a candidateanswerset
of ITif C'is aminimal generalizecdnswersetof hr(II).

De nition 4 Let C, D becandidateanswersetsof II. C is
betterthan D (C < D) if

Jappl(r1) € C Jappl(rz) € D 3)
ispreferred(ri,r2) € CN D.

We cannow givethede nition of answersetof a program.

De nition 5 Let C' be a candidateanswersetof II, andC
be C \ atoms({appl,is_preferred}). C is ananswerset
of IT if thereexistsno candidateanswerset, D, of II which
is betterthanC'.

OnecannoticethatDe nition 4 hassomesimilaritieswith

Pareto-optimality(Pareto1896). In fact, our de nition and
(asuitablymodi ed versionof) Pareto-optimalityappeat to
yield thesameanswersetsin all casesexceptwhencon ict-

ing preferencebave beenspeci ed. Whenthishappenspur
de nition behasesin a moreconserative way, returningno
answersetinsteadof all candidateanswersets,lik e Pareto-
optimality does.

Example 3 Considerthefollowing program:

rr: p <+ r,notg.
o ! T.

Iy
r3: 8 & o

3This conclusionis basedon experimentalresults. A formal
veri cation of the statemenis the subjectof futureresearch.

Intuitively, 3 shouldnot be applied,sinceprogramIl; \
{rs} is consistentHence the only answersetof II; should
be{p,r}.

Let uscheckthatthisintuition is capturediy our de nition.
The rst elementof hr(II;) is Hu, = Hy, U II,, where
Hy, is:

r: p < mrnotg.
‘H-I,_[1 Tl T

! .

rh: s <« r,appl(rs).

The only minimal generalizedanswerset of hr(Il;) is
C = {p,r}. (Noticethat{p,r,s,appl(rs)} is a general-
izedanswersetof hr(I1; ), butit is notminimal.) Hence,C
is theuniqueanswersetof I1; .

Example4 Considetthefollowing program:

(r1: p < notg.
ro: r < nots.
rg: q < ¢t
ry: 8§ <+ t.
ry ~ p,r.

I <
Te : (@ (i .
+
rr: S -
rg: t.
\ r9: prefer(re,rr).

(Noticethattheprogramconsistingof regularrulesof I1, is
inconsistent. Y, = Hyj, UTL,, whereHy, is:

(r1: p <« notg.
re: T 4 nots.
rs: q < t.
rg: S <+ t.
r5 «— 7.
HII—I2 < 5 p7
rg: g + appl(re).
rh s <« appl(rr).
rg: t + appl(rs).
| ro: prefer(re,r7).

Theminimal generalizednswersetsof hr(Ily) (andhence
candidateanswersetsof II,) areshovn belowv (we skip the
formedby is_preferred):

Cy = {prefer(re,r7),appl(rs),q, 7}
02 = {prefer(re, 7’7), appl(r7)7 Sap}
CB = {pT’efGT’(TG, 7’7), appl(rg), t; q, 8}

Accordingto Equation(3), C; < Cs. Hence,éz is notan
answersetof II,, andtheanswersetsof II, areC; andCs.



Example5 Considerthefollowing program:

(T1: a <« p.
T a +— T
T3 : b « ¢
rg: b <« s

Tsq © 4 Nhot a.
rsp 1 < Not b.

R
r7: q (i .
rg T
re: 8.
rio: prefer(re,r7).
\ r11: prefer(rs,rg).

Thecandidateanswersetsof I1; are:

Cl = {prefer(?‘ﬁ, T7),pT€f€T(T8, TQ)J
appl(rs), appl(ro),p, s, a, b}

CV2 = {prefer(re, T7),p7’€f€7’(7’8, 7’9),
appl (TS)a appl (T7)a r,q,a, b}

SinceC; < Cy andCy < Cq, II3 hasno answerset.

The readercan also checkthat the intuitive reasoningde-
scribedin Examplel is capturedoy our semanticsandIl,
togethemith Oy, .. ., O3, entailsthe expectedconclusions.

Applications of Consistency-RestoringRules

Cr-rules can be usedto encodetypes of common-sense
knowledgewhich, to the bestof our knowledge, have no
naturalformalizationin A-Prolog. In this section,we give
examplesof suchuse.

Example 6 (Dynamic Preferences)Consider diagnostic
module DM§" usedby the agentfrom Examplel to solve
its diagnosticproblems. Supposeve would like to supply
him with the following additional information: “Bulbs
blow-upshappenmore frequentlythan powersumgesunless
there is a stormin the area. ” This information can be
encodedy thepreferences:

DM, - prefer(r(brks,T),r(srg,T)) < —h(storm,0).
P prefer(r(srg,T),r(brks,T)) < h(storm,0).

Let DM{" = DM§"UD M,, andconsiderecordechistory

04:
hpd(close(sy),0).
04 { obs(storm, 0).
obs(—on(b),1).

(Recallthatif obs(f,0) is notin O4 thenobs(—f,0) is.)
Obviously O, requiresan explanation. It is stormingand
thereforethe intuitive explanationis o(srg, 0). It is not dif-
cult to checkthat this is indeedthe case. The program
Il U O4 U DM{" hastwo candidateanswersets. Due to
the secondrule of DA, only oneof them,containingsrg,
is the answersetof the programandhenceo(srg, 0) is the
explanationof Oy.

Theresultsobtainedoy theuseof cr-rulesmatchtheintuitive
answerslsoin morecomple casesConsidetrecordechis-
tory Os:

hpd(close(sy),0).

obs(storm, 0) or obs(—storm,0).
Os :

obs(—on(b), 1).

obs(—ab(b), 1).

Thistime,wedonotknow if therehasbeenmastormat0, but,
attime 1, thebulb is obseredto beintact Common-sense
shouldtell the agentthattherewasa power suge. Nothing
canbe said, however, on whethertherehasbeena storm.
Indeedone can checkthat the answersetsof I1; U Oy U
DM{™ containsetsof facts:

{obs(storm, 0),0(srg,0)}
{obs(—storm,0), o(srg,0)}

which correspondo theintuitive answers.

Toillustratemorecomple interactionof planninganddiag-
nosticreasonindet usconsidetthefollowing elaboratiorof
the Yale ShootingScenario.

Example 7 “Johnhasa gun,which hecanload. A loaded
guncanbe r edin order to kill the turkey. Sometimesif
bullets are wet, the gun mis res. Also, sometimegoading
thegunfails if Johnisin a hurry. Finally, in somecasesthe
turkey couldbetoo big to bekilled by a gun’

The knowledgecontainedin this story can be represented
with theactiondescriptionII,;

(% normally, shootinga loadedgunkills theturkey.
h(dead,T + 1) + h(loaded(G),T)
—h(ab(shoot),T
o(shoot(G),T).
% shootingalwaysunloadsthe gun.
=h(loaded(Q),T + 1) + h(loaded(G),T),
o(shoot(G),T).
% normally, loadingmalesthegunloaded.
h(loaded(G), T +1) < o(load(G),T)
—h(ab(load),T).
% wetbullets sometimesausemis ring.
\ r1(T) : h(ab(shoot), T) & h(wet_bullet, T),
o(shoot(G),T).
% big turkeyssometimeslo not die.
ro(T) : h(ab(shoot),T) & h(big_turkey,T),
o(shoot(@),T).
% loading sometimegails if Johnis in a hurry.
r3(T) : h(ab(load), T) & h(hurrying,T),
o(load(G),T).
% it is motre likely for loadingto fail than
% for bulletsto mis re.
| prefer(rs(Ty),r1(T2)).

(A particulargun becomes parameteof our actionsand
a uent loaded(G) sincelaterwe look at scenariovith two
guns.)

)




If we addto II,,; thehistory

( obs(wet_bullet,0).
obs(big_turkey,0).
obs(hurrying, 0).
% Closedwbrld Assumptioron initial state
—0bs(F,0) < not obs(F,0).

hpd(load(g1),0).
\ hpd(shoot(gl),1).

we obtain a unique answerset, statingthat the turkey is
deadat time 2. Note that this conclusiondoesnot require
theapplicationof cr-rules.

Let usnow addthefurtherobsenation
obs(—dead, 2).

Now, cr-rules are necessary The resulting program has
two answersets, correspondingo one scenarioin which
Johndid not load the gun properly and to onein which
the gun red asexpected,but the turkey wastoo big to be
killed. Notice thatthe otherpossibleexplanation— the wet
bullets causedhe gun to mis re — doesnot correspondo
ary answersetof the programbecauseof the preference

prefer(rs(Th),r1(T3)).

As wasmentionedbefore,cr-rulescanalsobe usedin con-
structionof a planningmoduleof an agent. The following
is an exampleof sucha modulewhich generategplans of
minimallength

Example 8 Considethedomaindescriptionfrom Example
7 andprogramil,, de ned astheunionof IL,; andplanning
moduleP M.,

maztime(T) En<T.
prefer(ra(T),ra(T + 1)).

T4 (T) :

rs(A,T) : o(A, T) <& maztime(MT),n < T < MT.

(Heren standdor thecurrenttime of theagentshistory- in
ourcasd).) Cr-ruler,(T) saysthatary time canpossiblybe
the maximumplanningtime of the agent. The secondrule
givesthe preferenceo shortesiplans. Thelastrulesallows
theagentthefutureuseof ary of hisactions.

To illustratethe workings of this modulelet us consideran
initial situationwheretheturkey is alive andthe gunis un-
loaded;the agenthasthe goal of killing the turkey, repre-
sentedas:

goal « h(dead,T).
< not goal.
The goal doesnot hold at the currentmoment0. To avoid
inconsisteng with the goal constraintthe agentmay use
rulesrs(4,0),r5(4,1),... wheretime rangesfrom 0 and
the maximumplanningtime MT'. Without the preference
relation M'T could have beendetermineby ary rule from
r4(0),r4(1) .... Thepreferencehowever, forcesthe agent
to selectthe shortesplanfor achieving thegoal,in our case

{o(load(g1),0), h(shoot(g1),1)}. It maybeworthnotinga
symmetrybetweerrulesrs (A, T) andr(A,T) of our plan-
ning a diagnosticmodules. The rst allowing the agent
to considerexogenousactionsin the pastwhile the second
makespossiblethe useof its own actionsin thefuture. It is

alsoinstructive to compareplanningwith cr-ruleswith that
using traditional planningmodule, PM, discussedabore.

In thelatter casea planof minimumlengthcanbefoundby

multiple callsto Ip-solver with MT = 0,1, .... Thesingle
call sufces with CR-Prologplanner

The next exampleshavs anotheradvantageof P M., with
respecto atraditional A-Prologplanner

Example 9 Let usexpandscenaridrom Example8 by in-
troducinganew gun, g2, which canbe usedexactly like g1.
Initially, theturkey is alive, the gunsarenotloaded,bullets
arenot wet, the turkey is not big, andJohnis not hurrying.
The goalis to nd the sequencesf actionswhich kill the
turkey with the smallesthumberof actions.

ProvidedthatvariableG is allowedto rangeover {g1, g2},
I1,» canbeemployedwithout modi cations. It hasnow two
answersets,correspondingo plans

{o(load(g1),0), o(shoot(g1),1)}
{o(load(g2),0), o(shoot(g2),1)}

ThetraditionalA-PrologplannerP M mayreturnoneof the
two intendedplans,aswell asary of theothers suchas:

{o(load(g1),0), o(load(g2),0), o(shoot(g1),1)}
{o(load(g2),0), o(shoot(g2),1), 0(load(g1),1)}

Remawing theseunintendedplansis usually a non-trivial
task. Theuseof cr-rulesprovide uswith arathersimpleway
of doingexactly that.

RelatedWork

Programsof CR-Prologclosely resembleknowledge sys-
temsof (Inoue1994)- pairs(T', H) of non-disjunctve pro-

gramsin which T' represents backgroundknowledgeand
H is asetof candidaténypothesisThoughsyntacticallyand
even semanticallysimilar, programmingmethodologief

thesetwo approachesliffer considerably The background
theoryT of knowledgesystemseemdo be eithera collec-
tion of integrity constraintsr a collectionof defaultswhose
credibility is higherthanthat of H. This is quite differ-

entfrom structuringof knowledgeadvocatedin this paper
The useof rulesfrom H differ dependingon the useof the
knowledgesystem. The emphasisseemsto be on default
reasoningwherehypothesisareinterpretedasdefaultsand
hencerulesof H are red wheneverpossible. Thisinterferes
with searchfor explanationswhich normally favors some
form of minimality and appliesthe rules sparingly There
are somesuggestion®f using knowledgesystemsdfor this

purposeby applyingdifferentstratey for selectiorof rules.
In our opinion thesetwo typesof reasoningare not easily
combinedtogether (In somecaseghey may evenrequire
differentrepresentatiorof knowledgefor eachof the rea-
soningtasks.) The notion of knowledgesystemis further



extendedin (Sakama& Inoue 2000)by introducingpriori-

tiesover elementof H viewed asdefaults. The new work

doesnotseento changehe methodologyof knowledgerep-
resentatiorof theoriginal paper Consequentlgvenour pri-

ority relationsare quite differentfrom eachother In our
future work we plan to investigatethe preciserelationship
betweerthis work andCR-Prolog.

Now let us look at a formalism from (Lin & You 2001)
wheretheauthorgointoutproblemdinkedwith the“classi-

cal” de nition of abductve logic programsgiven by Kakas
& Mancarella(1990),and proposea hew de nition of ab-

duction. The problemsunderlinedby Lin & You appear
to be linked with the useof negationasfailurein placeof

classicalnegation,which is typical of traditionallogic pro-

gramming.aswell asof logic programmingunderthestable
modelsemantics.

To seethe problemconsiderprogramP;; = {g < a.}, set
of abduciblesA = {a,b}, andobsenationg. The minimal
abductve explanationfor ¢ givenby (Plly, AYis Ey = {a}.
In (Lin & You2001),theauthorsnoticethat E; is oftenseen
asrepresentingts completionunderthe ClosedWorld As-
sumption,i.e. E; is really a shorthandor E; = {a,-b}.
They, correctly amguethat suchan interpretationis unintu-
itive - the ClosedWorld Assumptionshouldnot be applied
to b, sinceabduciblesare assumptionsvhichonecanmake
oneway or theother” (Lin & You 2001).

We believe however that this criticism is not applicableto

our formalism. In the semanticsof CR-Prolog,abduction
is usedonly to selectsetsof cr-rulesneededo restorecon-
sisteng of the reasones beliefs. Hence,accordingto our
semanticscr-rules normally do not apply, which justi es

the ClosedWorld Assumptionfor our abducibles- atoms
formedby predicatenppl.

Moreover, the problem primarily exists in languagesot
containingclassicalnegation. The availability of classical
negationin our languageallows for more accurateformal-
ization of knowledgeandremovesmary dif culties caused
by unjusti ed use of negation as failure. We will illus-

tratethis point by the“canCrossxample”from (Lin & You

2001).

In this example,the authorsconsidera scenarioin which a
boatcanbe usedto crossariver, if the boatis not leaking.
If it is leaking, the river can be still crossedif thereis a
bucket available to scoopthe water out of the boat. The
agentobsenesthat someonds crossingthe river, andmust
explainthis fact.

They formalizethedomainwith programPl2y

canCross < boat,not leaking.
canCross < boat,leaking, hasBucket.

and notice that, under the de nition given by Kakas
& Mancarella, the obsenation has a unique mini-
mal explanation, {boat}.  The closed world inter
pretation discussedabove gives us a “complete” ex-
planation {boat, ~leaking, —hasBucket}, which is cor
rect. Unfortunately perfectly plausible explanationslike

{boat,leaking, hasBucket} are not capturedby this def-

inition. Thealternatve would beto interpretboat asincom-

plete explanationwhich could be completedby assigning
valuego otherabduciblesAs pointedoutby theauthorghis

doesnotwork eithersince{boat, leaking, ~hasBucket} is

not an explanation. In their paperthe authorsproposese-
manticsof abductive programsaimedat solving this prob-

lem.

Let us now look at treatmentof the sameexamplein CR-
Prolog.We proposehefollowing formalization:

( 71 : canCross + boat,—leaking.
ro:  canCross < boat,leaking, hasBucket.
« not canC'ross.
ai : boat <& .
p2{ az: —boat < .
cr i +
as : leaking « .
ay : —leaking &
as : hasBucket &
\ ag : ~"hasBucket &

Notice that rule r; usesclassicalnegation (insteadof the
default negationusedin the rst formalization).Thisis cer
tainly a more faithful translationof the problems knowl-
edgewhich containsnothing aboutbeliefs of closedworld
assumptions Notice alsothat the obsenration, represented
asa constraintbecomegpartof our knowledge. Thereader
cancheckthatthe programhastwo answersetscorrespond-
ing to explanationsE; = {boat,-leaking} and E; =
{boat,leaking, hasBucket}. Note thattheseexplanations
donotdependnunspeci edvaluesof “abducible”- E; will
remaina goodintuitive explanationof the obsenationeven
afterwe discorerwhetherthereis a bucketin theboat.

It may also be instructive to seehow preferencef CR-

Prologcanbe usedto selectsome“preferred” explanations
of ourobsenation. For example,if we believethatboatsare
rarelyleaking,we canintroducepreference

prefer(as,as).

The new program,P§", will generateonly explanationEy.
However, if laterwe wereto obsenethattheboatis leaking,
addingthis pieceof informationto the programwould make
it retractE; andreturnEs.

Anotherwork relevantto our researchs theintroductionof
weakconstaintsin bLv (Buccafurri,Leone,& Rullo 1997a;
1997b;Calimerietal. 2002). Intuitively, a weakconstraint
is a constraintthat canbe violated, if this is neededo ob-
tain ananswersetof a program.To eachweakconstrainta
weightis assignedindicatingthe costof violating the con-
strainf. A preferredanswerset of a programwith weak
constraintds onethat minimizesthe sumof the weightsof

“To be precisetwo different“costs”, weightandlevel, areas-
signedto weakconstraintshut in our discussiorwe only consider
theweight,sinceevenlevelsdo not seento solve the problem.



the constraintshatthe answersetviolates.Considerfor ex-
ampleprogramll g, of DLV:

a or b.
{ i~ a. [1:]
i~ b. [2 ]

wherethe rst weakconstrain{denotedoy symbol:~) has
weight 1 andthe secondhasweight 2. In orderto satisfy
the rst rule,theanswersetsof II ;;,, mustviolate oneof the
constraints.Sinceviolating the rst constrainthasa lower
costthanviolating the second the preferredanswerset of

My is {a}.

Weak constraintsare of coursesimilar to our cr-rules and
weightscanoften play arole of preferencesThe maindis-
advantageof using weak constraintsinsteadof cr-rulesis
thatweightsinducea total orderon the weakconstraintof
theprogramasopposedo thepartialorderthatcanbespec-
i ed on cr-rules. This seemso be a key differencein the
formalizationof someforms of common-sensknowledge,
like the onefrom Example6. To the bestof our knowledge,
thereis no formalizationof this domainin DLV with weak
constraintsthat, given recordedhistory O3, concludeghat
therearetwo possiblealternatvescompatiblewith Os:

{obs(storm,0),0(srg,0)}
{obs(—storm,0),0(srg,0)}

To seethe problem, consider for example, the following
DLV formalizationof ourdiagnostianoduleD M {" with dy-
namicpreferencesD M., = DMy U I, wherell, is:

i~ o(brks,T), h(storm,0). [4]
i~ o(srg,T), h(storm,0). [1 ]
i~ o(brks,T), —h(storm,0). [1 :]
i~ o(srg,T), ~h(storm,0). [4 ]

The rst two weakconstraintsaythat,if a stormoccurred,
assuminghatactionbrks occurrechasa costof 4, while as-
sumingthatactionsrg occurrechasacostof 1. Thelasttwo
weakconstraintsaythat,if astormdid notoccur, assuming
that action brks occurredhasa costof 1, while assuming
that action srg occurredhasa costof 4. The selectionof
particularweightsis fairly arbitrary but it captureghe cor
respondinglynamicpreferences.

Hwk

The only possibleexplanationof recordechistory O; is the

occurrencef srg attime 0. Hence,Il; U Os5 U D M, has
two candidateanswersets,containing,asexpected the two

setof factsabove. Unfortunatelytheanswersetcorrespond-
ing to the secondsetof factshasa total costof 4, while the

answersetcorrespondindo the rst explanationhasa cost
of 1. This forcesthereasoneto preferthe rst answerset,

andto assumeywithout ary sufcient reasonthe existence
of astorm.

Therearehowever someclassef programsof CR-Prolog
which can be reducedto DLV programswith weak con-
straints. Study of suchclasseanay be useful not only for
improving our understandingf both formalisms,but also
for usingef cient computatiorengineof bLv for CR-Prolog
computations.

Conclusionsand Futur e Work

In this paperwe extendedA-Prologby cr-ruleswith prefer
encesgave the semanticof the new languageCR-Prolog,
anddemonstratediow it canbe usedto formalize various
typesof common-sensknowledgeandreasoningWe could
not nd naturalA-Prologformalizationsfor someof the ex-
amplesin the paper Formalizationan CR-Prologhowever
seento be natural,reasonablyelaboratiortolerant,and,we
hope,canbeef ciently implemented.

Sofar, we have implementeda nave algorithmfor comput-
ing answersetsof programswith cr-rules. We arecurrently
working on the developmentand implementationof more
efcient reasoningalgorithms. We also plan to study the
rami cations of the useof differentpreferenceelationsin
thede nition of answersetsof CR-Prolog.
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