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Abstract

We present an extension of language A-Prolog by
consistency-restoringruleswith preferences,give theseman-
tics of thenew language,CR-Prolog,andshow how thelan-
guagecan be usedto formalize various typesof common-
senseknowledgeandreasoning.

Intr oduction
In recentyears,A-Prolog – a languageof logic programs
with the answersetsemantics(Gelfond& Lifschitz 1991)
– was shown to be a useful tool for knowledgerepresen-
tation andreasoning(Gelfond2002). The languageis ex-
pressive and has a well understoodmethodologyof rep-
resentingdefaults, causal propertiesof actions and �u-
ents, various types of incompleteness,etc. The devel-
opmentof ef�cient computationalsystems(Simons1996;
Calimeri et al. 2002;Lin & Zhao2002;Pontelli, Balduc-
cini, & Bermudez2003) hasallowed the useof A-Prolog
for adiversecollectionof applications(Heljanko 1999;Bal-
duccini,Gelfond,& Nogueira2000;Nogueiraet al. 2001;
Soininen& Niemela1999;Aiello & Massacci2001).

It seemshowever that A-Prolog lacks the ability to grace-
fully performthereasoningneededfor certaintypesof con-
�ict resolution,e.g. for �nding the best explanationsof
unexpectedobservations. To solve the problemwe devel-
opedCR-Prolog- anextensionof A-Prologby consistency-
restoringrules(cr-rules)with preferences- whichis capable
of suchreasoning.To illustratetheproblemandits solution
weconsiderseveralreasoningtasksperformedby anintelli-
gentagentactingin dynamicdomainsin thesenseof (Baral
& Gelfond2000).

Thepaperis structuredasfollows.Westartwith background
materialneededto understandmodelingof dynamicsystem
in A-Prolog. Next, we introducethe syntaxandsemantics
of CR-Prolog,give examplesof usingCR-ruleswith pref-
erencesfor representingagent's knowledge,andshow how
this knowledgecanbe usedto performfairly sophisticated
reasoningtasks.Finally, we discussrelatedwork andfuture
researchdirections.
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Modeling dynamic systems
In this sectionwebrie�y review thebasicideasof A-Prolog
basedmodelingof dynamicsystems.We assumethat the
dynamicsystem,consistingof anagentandits environment,
satis�esthefollowing simplifying conditions.
1. The environmentcanbe viewed asa transitiondiagram

whosestatesare setsof �uents (relevant propertiesof
thedomainwhosetruth valuesmaydependon time) and
whosearcsarelabeledby actions.

2. Theagentis capableof makingcorrectobservations,per-
formingactions,andrememberingthedomainhistory.

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

The above assumptionsdetermine the structure of the
agent'sknowledgebase.It consistsof threeparts:

� An actiondescription, which speci�esthetransitiondia-
gramrepresentingpossibletrajectoriesof the system. It
containsdescriptionsof domain's actionsand�uents, to-
getherwith the de�nition of possiblesuccessorstatesto
which thesystemcanmove afteranaction � is executed
in astate� .

� A recordedhistory, whichcontainsobservationsmadeby
theagenttogetherwith a recordof its own actions.It de-
�nes a collectionof pathsin thediagramwhich, from the
standpointof theagent,canbeinterpretedasthesystem's
possiblepasts.If theagent'sknowledgeis complete(e.g.,
it hascompleteinformationabouttheinitial stateandthe
occurrencesof actions,andthesystem'sactionsaredeter-
ministic) thenthereis only onesuchpath.

� A collectionof agent'sgoals.
All this knowledgeis usedandupdatedby the agentwho
repeatedlyexecutesstepsof thefollowing observe-think-act
loop:

Observe-think-actloop

1. observetheworld;
2. interprettheobservations;
3. selecta goal;
4. plan;
5. executepartof theplan.



We will illustratethis designwith the following simpleex-
ample:
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Figure1:
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Example1 Considerasystem� consistingof ananalogcir-
cuit

���
from Figure1. We assumethatswitches��� and �	�

aremechanicalcomponentswhichcannotbecomedamaged.
Relay r is a magneticcoil. If not damaged,it is activated
when �
� is closed,causing ��� to close. Undamagedbulb
b emitslight if � � is closed. For simplicity of presentation
we consideran agentcapableof performingonly one ac-
tion, ��
����	����� ��� . Theenvironmentcanberepresentedby two
damagingexogenous1 actions: ����� , which causesb to be-
comefaulty, and ����� , whichdamagesr andalsob assuming
thatb is notprotected.

To modelthesystemwe introduce�uents:
��
������������ � � - switch � � is closed;
�!�
��" � - component" is malfunctioning;# �
��$��%� � - bulb � is protectedfrom powersurges;
���&$('*)+����� � - relay � is active;
��, ��� � - bulb � is on.

The action description, -/. , of � consistsof the rules in
the�rst threesectionsof program0�1 (Figure2). Statement2 ��3�45$ � saysthat”�uent 3 holdsat time $ ”; �!� ��46$ � standsfor
”action � occurredat time $ ”.
The �rst sectionof 071 containsdynamiccausallaws (Gel-
fond 2002)of � expressedin A-Prolog. Its �rst rule,which
correspondsto a statement“ � causes3 if 8 ” of actionlan-
guage - and its extensions,says that closing switch � �
causestheswitch to beclosed.(We assumethatall actions
haveunit durations.)

Thesecondsectionof 0 1 containsrelationsbetween�uents
frequentlyreferredto asdomainconstraints.In actionlan-
guagesthey arenormallydescribedby statements“ 3 if 8 ”.
The �rst rule, for example, saysthat relay � is active if
switch �
� is closedand � is notmalfunctioning.

The third sectioncontainsexecutability conditionsof ac-
tions. Theonly rule of this sectionsaysthat it is impossible
to closeswitch ��� if it is alreadyclosed.

1By exogenousactions we mean actions performedby the
agent's environment. This includesnaturaleventsaswell asac-
tionsperformedby otheragents.

To give thesemanticsof actiondescription-9. , we needto
de�ne statesof thecorrespondingtransitiondiagram: and
its transitionrelation ; �=<+4 ��4 �>��? . By astatewemeanacom-
pleteandconsistentcollectionof �uent literalsof -/. which
satisfyits domainconstraints.To de�ne the transitionrela-
tion we considertheprogram07@ consistingof the�rst four
sectionsof 0 1 . Rulesof the fourth part formalize the fa-
mousInertiaAxiom from (Hayes& McCarthy1969)which
saysthat“things tendto stayasthey are”. Thesimplicity of
representationof this (andother)defaults is dueto the de-
fault (or stable)negation“not” of A-Prolog. Thetransition
relationof : is givenby thefollowing

De�nition 1 (SuccessorState) Let 09@ be the action de-
scriptionplustheInertiaAxioms from 0�1 , ACBD; � < 4 ��4 � � ?
be a transition, and

2 � �=<+46E � B � 2 �%3�46E ��F 3HG �=< �JI��K 2 ��3�46E ��F K 3LG �M< � . Each answerset, - , of 0 @ I2 � � < 4NE � IO�!� ��4NE � , de�nesasuccessorstate,� � , in A as:

� � B � 3 F 2 ��3�4�P � GO- �QI ��K 3 F K 2 �%3�4�P � GR- �TS
Usingthisde�nition onecaneasilycheckthattheexecution
of action ��
����	����� ��� in state��UVB � # �
��$���� � � movesthesys-
temto state��WXB � ��
����	���Y�%��� � 46��
����	���Y�%��� � 4N��, ��� � 4 # �
��$��%� � � .
(Whenever possiblewe omit negative �uent literals from
the representationof states.) Notice also that if � < B� # �
��$��%� � 4N��
����	���Y�%�
� � � and � is ��
����	�+�%�
� � , then the corre-
spondingprogramhasnoanswersetandhence� is notexe-
cutablein � < .
This approachof de�ning : datesback to (Baral & Lobo
1997).Themorecommonlyusedalternative speci�es : by
a collectionof statementsin a “high level” actionlanguage
with the successorrelationde�ned in the style of McCain
and Turner (McCain & Turner 1995; 1997; Turner 1997;
Balduccini& Gelfond2002). For a numberof action lan-
guages,theseapproacheswere shown to be equivalent.
Since we believe that someknowledge of A-Prolog will
be neededby a systemdesignerand that the distancebe-
tweenstatementsin action languagesand the correspond-
ing logic programmingrules is fairly short we usethe A-
Prologbasedapproach.Moreover, this approachis rather
generalandcanbeappliedto actiondescriptionswith defea-
sible causallaws, non-deterministicactions,etc. for which
McCain-Turner style de�nitions are either non-existent or
morecomplex.

Recordedhistory Z\[ (where , is the currenttime step)is
givenby a collectionof statementsof theform:

1. �����+��
545$ � - `�uent literal 
 wasobservedto be trueat mo-
ment $ ';

2.
2 # ��� ��45$ � - action �]G^- wasobservedto happenat mo-
ment $

where$ is anintegerfrom theinterval _ EM46, � .
Thetrajectories; � < 4�S�S�S`? of thesystemde�nedby Za[ canbe
extractedfrom the answersetsof 0�17I]Z\[ . Note that the
axiomsin the last two sectionsof 0 1 establishtherelation-
ship betweenrelations ����� , 2 # � and

2
, � . The former cor-

respondto undoubtedlycorrectobservationswhile the lat-
ter correspondto predictionsmadeby the agent,andmay
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	���
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���������
	���
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�����0>?��%������,� � ����������	.��
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%%EXECUTABILITY CONDITION�A�������B�
	�� ��	 � �����,���<���������
	���
���	 � �����,��#

%%INERTIA���;CD���'�E��� � ���;CD�F�,���
not

23���;CD���'������#23���;CD���G�E�.� � 23���;CD�F�,���
not

���;CD���'������#

%%REALITY CHECKS�A�0%�	
�;CD���,���
not

�H�;CI�!�"��#�A�0%�	
��23CD���,���
not

23���;CD�F�,��#

%%AUXILIAR Y AXIOMS���;JK�!�,� � ��4+
��;JK���,��#���;CD�<L�� � �0%�	
�;CD�<L
��#23���;CD�<L
� � �0%�	
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��#

Figure2: 0 1

be defeatedby further observations. The “reality checks”
axiomsensurethat the agent's predictionsdo not contra-
dict his observations. One can easily check,for instance,
that Za�9B �����+� � U 46E � I � 2 # ������
��������%��� � 46E � � de�nesthetra-
jectory ; ��U�4N��
����	����� �&� 4 � W ? . Here �����+� �>46$ � B � 
 F 
 G � � .
The programcorrespondingto history Z � B �����+� ��U�46E � I� 2 # ������
��������%��� � 46E � I �����T� K ��
����	�������
� � 4�P � � is inconsistent
(thanksto the reality checksof 0 1 ), andhenceZ � de�nes
no trajectories.

Finally, thegoalsof theagentcanberepresentedby rulesof
theform: M

not �!� ��
 S
The agentwill be ableto usethis knowledgefor planning,
diagnosing,consistency checking,andothertasks.For ex-
amplethediagnosticsagentin (Balduccini& Gelfond2002)
�nds possibleexplanationof observations N by �nding an-
swersetsof theprogram0�1 ION I .QP < , where.QP < is the
following “diagnosticmodule”:

�!��- 45: � or
K �!��- 45: �

M
ESR :UT , 4WV ���&$���- � S

where V ���&$���- � is satis�ed by exogenousactions(in our
case�����M� and ����� ). This is of coursedoneonly if thecorre-
spondingobservationsareinconsistentwith theagent'spre-
dictions,i.e. whentheprogram0 1 IXN is inconsistent.To
seehow thisworkslet usgobackto actiondescriptionfrom
Example1.

Example2 Supposethatinitially all switchesareopen,the
bulb is off and protectedfrom power surges,and that the
agentoperatingthis device is giventhegoalof lighting the
bulb. Theagentstartsat time0 by observingtheinitial state
N < . Since071QI'N < is consistentnoexplanationis required,
theagentselectsthegoalof lighting thebulb, andgenerates
a plan, ��
����	�+�%�
� � , to achieve it. As shown in (Dimopoulos,
Koehler, & Nebel1997;Lifschitz 1999)this canbedoneby
extractingoccurrencesof actions(i.e. statementsof theform
�!� ��45$ � ) from ananswersetof program0�1�IYN < I 8ZP where
8ZP is

�!��- 45: � or
K �!��- 45: �

M
,-R : 4 � ���&$���- � S

where � �+��$���- � is satis�ed by agentactions(in our case
��
����	����� �&� ). The plan is executedat step [ and the agent
goesback to observe the world. Supposethat the agent
discovers that the bulb is not lit, i.e. N�� B N < I� 2 # ������
��������%� ��� 46E � 4N�����+� K ��, ��� � 4�P � � . Since 071XI\N � is in-
consistent,theagentperformsdiagnosisatstep] bycomput-
ing theanswersetsof 0 1 ISN�� I .QP < . In thiscase,thereis
only oneanswerset,correspondingto theoccurrenceof ac-
tion �&�
�=� attime E . Sincethebulb isbroken,theagenthasno
way to achieve its goal. However, if morecomplex actions
wereintroduced– like �
� # �+'*���%" � , to repaira component–
the agentcould generatea new plan �
� # �+'*���%� � 4N��
����	����� � � ,
whichwould �nally allow it to light thebulb.

Expanding the language
Notice that checkingconsistency and �nding a diagnosis
in the above algorithms is achieved by two calls to lp-
satis�ability checkers– inferenceenginescomputinganswer



setsof logic programs.Suchmultiple calls requiretherep-
etition of a substantialamountof computation(including
groundingof the whole program). Even moreimportantly,
wehavenowaytodeclarativelyspecifypreferencesbetween
possiblediagnoses,andhencemay be forced to eliminate
unlikely diagnosesby performingextra observations. To
avoid theseproblems,we expandA-Prologby consistency-
restoringruleswith preferences.We call thenew language
“CR-Prolog”.

Cr-rule is a statementof theform:

� � 2 � or S�S�S or
2����M 
��
4�S�S�S�46
�� 4

not 
 � � � 4�S�S�S�4 not 
 [ (1)

where � is the nameof the rule, and
2 � 4�S�S�S�4 2 � 46
 � 4�S�S�S�4N
 [

areliterals.Therulesaysthatif 
��
4�S�S�S�4N
�� belongto asetof
agent's beliefsandnoneof 
�� � ��4�S�S�S�4N
 [ belongsto it then
theagent“may possibly”believeoneof the

2 � 4�S�S�S�4 2 � . This
possibility is usedonly if theagenthasno way to obtaina
consistentsetof beliefsusingregularrulesonly.

Considerfor instanceprogram0 < :
0 < � � �

M
not �
S

�
� � � �M S
0 < hasananswerset

� � � , computedwithout theuseof cr-
rule � � . Now consider0
	< B 0 < I �
K �YS � . If � � is not used,
0�	< in inconsistent. Consistency can be restoredby using
��� which allow the reasonerto believe in � , leadingto the
answerset

�
K ��4N� � .

Cr-rulescanbeusedby anagentto removetheneedfor mul-
tiple calls to lp-satis�ablecheckers. Considerthe program
from Example1 with anew diagnosticmodule,.QP
���< :

.QP ���<�� �!��- 45: � � �!��- 45: � �M : T , 4�V ���&$���- � S
which say that some(unobserved) exogenousactionsmay
possiblyhaveoccurredin thepast.This factcanbeusedby
the agentto restoreconsistency of his beliefs. To seehow
this is doneconsiderrecordedhistoriesN � 4�N � 4 and N
� with, B P . (To savespace,wewill omit observationsof negative
�uent literals.)� ������ � �*46
���������	�� ��	 � ���<L
��#�0%�	
�546(0�.7���%�����L
��#�0%�	
���0>?��%���������# � =����� � ��46
������B�
	�� ��	 � ���<L
��#�*%�	 �54+(*�.7���%����FL
��#�*%�	 ��2 �0>?��%���������#��� ��� �*46
���������	�� ��	
�<���<L
��#�0%�	
��2 �0>@��%������.��#

According to our semanticsthe answerset of 0�1�I N � I
.QP����< containsno occurrencesof exogenousactions- no
cr-rulesareusedat this point; Consistency of the “regular
part” of 071 I N � I . P ���< can be restoredonly by rule
�!�������M�T4NE � . The problemis explainedby theoccurrenceof
�����M� . 0 1 I N � I .QP ���< hastwo answersets,oneobtainedus-
ing �!�������M�T46E � , andtheotherobtainedusing �!�����	��4NE � . The
agentconcludesthateither �����M� or ���	� occurredat time E .
Theagent'sselectionof cr-rulescanbeguidedby theprefer-
encerelation # �
��3>�	�!� � � 45� �	� which saysthatsetsof beliefs

obtainedby applying � � arepreferredoverthoseobtainedby
applying � � .
For example,we might want to saythat �����M� occursmore
oftenthen ����� andhenceanexplanationbasedon anunob-
servedpastoccurrenceof �����M� is preferredto onebasedon
similaroccurrenceon ���	� . Therule

0� 1 �"! # ���
3>�	�!� �!���&�
�=� 46: � 46�!�����	��46: �5� S
formalizesthis intuition. Given 071�I N���I .QP ���< I^0� 1 ,
ouragentwill usethis rule to concludethat �&�
�=� occurredat
time E . It will notconcludethat ����� occurred,sincethiscor-
respondsto a lesspreferredsetof beliefs. The agentmay
derive that ���	� occurredonly if additional information is
provided,showing that �����M� cannothaveoccurred.Now we
givea precisede�nition of our language.

Syntaxand Semantics
Let # bea signaturecontainingsymbolsfor constants,vari-
ables,functions,andpredicates.Terms,atoms,andliteral
arede�nedasin FOL.Literalsandtermsnotcontainingvari-
ablesarecalledground. Thesetsof groundterms,atomsand
literals over # will be denotedby $ �	�%$ �+�&# � , �+$ �%$R�+�&# � ,
and 
 '*$��&# � . Let 8 bea setof predicatesymbolsfrom # . By

�T$ �%$R�+�&#94N8 � wedenotethesetof all atomsfrom �+$ �%$R�+�&# �
formedby predicatesymbolsfrom 8 . (Whenever possible
wedropthe�rst argumentandsimplywrite �+$ �%$R�+��8 � ).
A regular ruleof CR-Prologis a statementof theform:

� � 2 � or S�S�S or
2 � M 
 � 4�S�S�S�46
 � 4

not 
 � � � 4�S�S�S�4 not 
 [ (2)

where
2 � 4�S�S�S�4 2 � 46
 � 4�S�S�S�4N
 [ areliterals,and � is a termrep-

resentingthenameof the rule. (Namesof regular rulesare
not neededfor the de�nition of the semanticsof programs
with cr-rules,andcanthusbesafelydropped.)A cr-rule is a
statementof theform (1). Preferencesbetweencr-rulesare
expressedby atomsof theform # �
�
3>�	����� � 46� �	� . If all pref-
erencesin a programareexpressedasfacts,we saythat the
programemploysstaticpreferences. Otherwise,preferences
aredynamic.
De�nition 2 An CR-Prologprogram, 0 , is a pair ;&#94('�?
consistingof signature# anda set ' of rulesof form (2)
or (1).
The signature # is often denotedby ��'%� ��0 � ; the set of
atoms(literals)of ��'%� ��0 � is denotedby �+$ �%$ �+��0 � ( 
�'%$���0 � );
�*)>
��
�+��0 � standsfor the set of rules of 0 . If + is a
rule of 0 then

2 � ���Y�,+ � B � 2 � 4�S�S�S�4 2 � � ; �&�
�.- �,+ � B� 
 � 4�S�S�S�46
 � 4 not 
 � � � 4�S�S�S�4 not 
 [ � .

Programsof CR-Prologarecloselyrelatedto abductivelogic
programs(Kakas& Mancarella1990;Kakas,Kowalski, &
Toni 1998; Gelfond 1991) - pairs ;�0 4 � ? where 0 is a
programof A-Prolog and

�
is a set of atoms,called ab-

ducibles2. Thesemanticsof thelanguageis basedonatrans-
2Recallthat thesemanticsof anabductive programis givenby

thenotionof generalizedanswerset- ananswerset / �,0 �
of 1320

where
05476

; / �,0O����8 / �,0 =��
if
0O��9:0 =

. We refer to
answersetasminimalif it is minimalwith respectto thisordering.



formation
2 �!��0 � of its programsinto abductive programs.

Thehard reduct
2 �!��0 � BD; ��� 4 �T$ �%$R�+� � � #T# 
 � � ? is de�ned

asfollows:

1. ��'%� � � � � B ;�����, ��$���0 � 4 � � # # 
 45' � # �
�
3>�	�	�
��� � I# �
���Y��0 � ? . We assumethat � # # 
 and ' � # �
��3>�	���
��� do
notoccurin ��'%� ��0 � .

2. every regularruleof 0 belongsto
���

;

3. for every consistency-restoringrule + G �%)>
��
�+��0 � , the
following regularrulebelongsto

���
:

2 � ������+ � M ���
�.- ��+ � 4 � # # 
6� � �
where� is thenameof rule + ;

4. �nally , if # �
�
3>�	� G # ��������0 � , ���
containsthefollowing

setof rules,denotedby 0  :������������ �����������

% transitiveclosureof predicateprefer$R� U � ' � # ���
3>�	���
�	���,' PT4 ' ] �
M # �
��3>�	�!�,' PT4 ' ] � S$ �6W � ' � # ���
3>�	���
�	���,' PT4 ' ] �
M # �
��3>�	�!�,' PT4 '	� � 4
' � # �
�
3>�	�	�
�����,'	�M4(' ] � S

% nocircularpreferences$O� � M
' � # �
��3>�	���
���Y� ' 4(' � S

% prohibitsapplicationof a lesserrule if
% a betterrule is applied$ � � M

� # # 
5�,' P � 4 � #T# 
5� ' ] � 46' � # �
�
3>�����
���Y� ' P 4 ' ] � S
where' � , ' � , ' � denotenamesof rules.

We needtwo preliminaryde�nitions:

De�nition 3 A setof literals, " , is a candidateanswerset
of 0 if " is aminimal generalizedanswersetof

2 ����0 � .
De�nition 4 Let " , . becandidateanswersetsof 0 . " is
betterthan . ( "�
 . ) if� � #T# 
6� � ��� GR" � � # # 
5� � ��� G .

'(� # ���
3>�	���
�	��� �
�
46��� � G "�
O.RS (3)

We cannow give thede�nition of answersetof a program.

De�nition 5 Let " be a candidateanswersetof 0 , and �"
be "�� �+$ �%$R�+� � � #T# 
 46' � # �
�
3>�	������� � � . �" is an answerset
of 0 if thereexistsno candidateanswerset, . , of 0 which
is betterthan " .

OnecannoticethatDe�nition 4 hassomesimilaritieswith
Pareto-optimality(Pareto1896). In fact,our de�nition and
(asuitablymodi�ed versionof) Pareto-optimalityappear3 to
yield thesameanswersetsin all cases,exceptwhencon�ict-
ing preferenceshavebeenspeci�ed.Whenthishappens,our
de�nition behavesin a moreconservativeway, returningno
answersetinsteadof all candidateanswersets,like Pareto-
optimalitydoes.

Example3 Considerthefollowing program:

0 �
���� ���
� � � # M

�
4 not ��S
��� � �
S
� � � � �M �
S

3This conclusionis basedon experimentalresults. A formal
veri�cation of thestatementis thesubjectof futureresearch.

Intuitively, �*� shouldnot be applied,sinceprogram 0 � �� � � � is consistent.Hence,theonly answersetof 0 � should
be

� # 45� � .
Let uscheckthatthis intuition is capturedby our de�nition.
The �rst elementof

2 �!��0�� � is
� ��� B � 	��� I 0  , where� 	� � is:

� 	� �
��� �� � � � # M

�
4 not ��S
��� � �
S
�%	� � �

M
�
4 � # # 
5��� � � S

The only minimal generalizedanswerset of
2 �!��0�� � is

" B � # 45� � . (Notice that
� # 46�
4N�T4 � # # 
5��� � � � is a general-

izedanswersetof
2 ����0 ��� , but it is not minimal.) Hence,"

is theuniqueanswersetof 0 � .
Example4 Considerthefollowing program:

0 �

������������������� ������������������

� � � # M
not ��S

� � � �
M

not �TS
� � � � M

$&S
��� � �

M
$&S

��� � M # 45�
S
��� � � �M S
��� � � �M S
��� � $ �M S
��� � # ���
3>�	�!� ��� 46��� � S

(Noticethattheprogramconsistingof regularrulesof 0�� is
inconsistent.)

� ��� B � 	� � IJ0  , where
� 	� � is:

� 	� �

������������������ �����������������

� � � # M
not ��S

�	� � �
M

not �TS
� � � � M

$&S
� � � �

M
$&S

� � � M # 45�
S
� 	� � � M

� #T# 
5����� � S
� 	� � �

M
� #T# 
5����� � S

� 	� � $
M

� #T# 
5����� � S
��� � # ���
3>�	�!� ��� 46��� � S

Theminimalgeneralizedanswersetsof
2 �!��07� � (andhence

candidateanswersetsof 07� ) areshown below (we skip the
formedby ' � # ���
3>�	���
�	� ):

"X�XB � # ���
3>�	�!� � � 46� � � 4 � # # 
5��� � � 4 ��46� �
" � B � # ���
3>�	�!� ��� 46��� � 4 � # # 
5����� � 4N�T4 # �
"��/B � # ���
3>�	�!� ��� 46��� � 4 � # # 
5��� ��� 45$&4!��4N� �

Accordingto Equation(3), " � 
 " � . Hence, �" � is not an
answersetof 0 � , andtheanswersetsof 0 � are �" � and �"�� .



Example5 Considerthefollowing program:

0��

������������������������� ������������������������

�
� � �
M # S

�	� � �
M

�
S
�*� � �

M ��S
� � � �

M
�TS

���NU � M
not ��S

��� W � M
not ��S

��� � # �M S
��� � � �M S
��� � � �M S
��� � � �M S
� �(< � # ���
3>�	�!� ��� 46��� � S
� �6� � # ���
3>�	�!� � � 46��� � S

Thecandidateanswersetsof 0 � are:

"X�XB � # �
�
3>�	����� � 45� � � 4 # �
�
3>�	�!� ���+46� � � 4
� #T# 
6� ��� � 4 � #T# 
6� ��� � 4 # 4N�T4 �Y4�� �

" � B � # �
�
3>�	�������+45��� � 4 # �
�
3>�	�!� � � 46��� � 4
� #T# 
6� ��� � 4 � #T# 
6� � � � 46�
4 ��4 ��4�� �

Since "X� 
 "Q� and " � 
 "X� , 0 � hasnoanswerset.

The readercan also checkthat the intuitive reasoningde-
scribedin Example1 is capturedby our semantics,and 0 1 ,
togetherwith N � 4�S�S�S�4�N
� , entailstheexpectedconclusions.

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

Example6 (Dynamic Preferences)Consider diagnostic
module .QP ���< usedby theagentfrom Example1 to solve
its diagnosticproblems. Supposewe would like to supply
him with the following additional information: “Bulbs
blow-upshappenmore frequentlythanpowersurgesunless
there is a storm in the area. ” This information can be
encodedby thepreferences:

.QP  � � # �
�
3>���!�����%�����M�T45: � 45�!�����	�>45: �6�
M K 2 ����$ ���%$ 4NE � S# �
�
3>���!�����%�����>45: � 45�!�%�����M�T45: �6�
M 2 ����$ ���%$ 4NE � S

Let .QP ���� B .QP ���< I/. P  , andconsiderrecordedhistory
N � :

N � � ! 2 # ������
����	����� ��� 46E � S
�����T�%��$ ���*$]46E � S
�����T� K ��, ��� � 4�P � S

(Recall that if �����+�%3�46E � is not in N � then �����+� K 3�4NE � is.)
Obviously N � requiresan explanation. It is stormingand
thereforethe intuitive explanationis �!�%�����>46E � . It is not dif-
�cult to check that this is indeedthe case. The program
0 1 IEN ��I].QP ���� hastwo candidateanswersets. Due to
thesecondrule of .QP  only oneof them,containing���	� ,
is theanswersetof theprogramandhence�!�%���	�>46E � is the
explanationof N � .

Theresultsobtainedby theuseof cr-rulesmatchtheintuitive
answersalsoin morecomplex cases.Considerrecordedhis-
tory N � :

N � � ����� ����
2 # �Y����
����	����� ��� 46E � S
�����+����$ ���%$ 4NE � or �����+� K ��$ ���%$ 4NE � S
�����+� K ��, �%� � 4�P � S
�����+� K �!�
�%� � 4�P � S

Thistime,wedonotknow if therehasbeenastormat E , but,
at time P , thebulb is observedto be intact. Common-sense
shouldtell theagentthat therewasa power surge. Nothing
canbe said, however, on whethertherehasbeena storm.
Indeedone can checkthat the answersetsof 0 1 I N � I
.QP ���� containsetsof facts:

� �����+����$ ���%$ 4NE � 46�!�����	�>46E � �� �����+� K ��$ ���%$ 4NE � 46�!�����	�>46E � �
whichcorrespondto theintuitiveanswers.

To illustratemorecomplex interactionof planninganddiag-
nosticreasoninglet usconsiderthefollowing elaborationof
theYaleShootingScenario.

Example7 “J ohnhasa gun,which hecan load. A loaded
gun can be �r ed in order to kill the turkey. Sometimes,if
bullets are wet, the gun mis�res. Also, sometimesloading
thegunfails if Johnis in a hurry. Finally, in somecases,the
turkey couldbetoobig to bekilled bya gun.”

The knowledgecontainedin this story can be represented
with theactiondescription,0 � �
�������������������������������������� �������������������������������������

% normally, shootinga loadedgunkills theturkey.2 ���+� ���=46: � P �
M 2 ��
�� ���+�	����� � 45: � 4K 2 � �!�
��� 2 �
��$ � 45: � 4
�!��� 2 �
��$���� � 46: � S

% shootingalwaysunloadsthegun.K 2 ��
�� ���T������� � 46: � P �
M 2 ��
�� ���+�	����� � 45: � 4
�!��� 2 �
��$���� � 46: � S

% normally, loadingmakesthegunloaded.2 ��
�� ���T������� � 46: � P �
M
�!��
�� �+����� � 45: � 4K 2 � �!�
��
�� �+� � 46: � S

% wetbulletssometimescausemis�ring.
� � � : � � 2 � �!�
�%� 2 �
��$ � 45: � �M 2 ���/�	$ � )>
�
��	$&46: � 4

�!��� 2 �
��$���� � 46: � S
% big turkeyssometimesdonotdie.
���+� : � � 2 � �!�
�%� 2 �
��$ � 45: � �M 2 �%��'%� $ )����!�*-�46: � 4

�!��� 2 �
��$���� � 46: � S
% loadingsometimesfails if Johnis in a hurry.
� �+� : � � 2 � �!�
��
�� ��� � 45: � �M 2 � 2 )����%-+'*,>�>45: � 4

�!��
�� �+����� � 45: � S
% it is more likely for loadingto fail than
% for bulletsto mis�re.# �
�
3>���!��� �+� : ��� 45� � � : �	�5� S

(A particulargun becomesa parameterof our actionsand
a �uent 
�� ���T������� � sincelaterwe look at scenariowith two
guns.)



If we addto 0 � � thehistory���������� ���������

�����+���/�	$ � )�
�
��	$&46E � S
�����+�%��'%� $ )Y���!�*->46E � S
�����+� 2 )����*-�'*,>�>46E � S
% ClosedWorld Assumptionon initial stateK �����+� � 46E �

M
not �����+� � 46E � S

2 # ����
�� �+��� �>P � 46E � S2 # ����� 2 �
��$�� �>P � 4�P � S
we obtain a uniqueanswerset, statingthat the turkey is

deadat time ] . Note that this conclusiondoesnot require
theapplicationof cr-rules.

Let usnow addthefurtherobservation

�����+� K �T� ���=4�] � S
Now, cr-rules are necessary. The resulting programhas
two answersets,correspondingto one scenarioin which
Johndid not load the gun properly, and to one in which
the gun �red asexpected,but the turkey wastoo big to be
killed. Notice that theotherpossibleexplanation– thewet
bullets causedthe gun to mis�re – doesnot correspondto
any answerset of the programbecauseof the preference# �
�
3>�	�!� � �+� : ��� 45� � ��: ���5� .
As wasmentionedbefore,cr-rulescanalsobeusedin con-
structionof a planningmoduleof an agent. The following
is an exampleof sucha modulewhich generatesplansof
minimallength.

Example8 Considerthedomaindescriptionfrom Example
7 andprogram0 � � de�nedastheunionof 0 � � andplanning
module 8ZP ��� :���� ���
� � � : � � $ �+V=$('�$O����: � �M ,XR : S# ���
3>�	�!� � � ��: � 46� � � : � P �5� S
���+��- 45: � � �!��- 45: � �M $ �8VY$('�$O���1P : � 45,XR : T P : S

(Here , standsfor thecurrenttimeof theagent'shistory- in
ourcaseE .) Cr-rule � � � : � saysthatany timecanpossiblybe
the maximumplanningtime of the agent.The secondrule
givesthepreferenceto shortestplans.The last rulesallows
theagentthefutureuseof any of hisactions.

To illustratetheworkingsof this modulelet usconsideran
initial situationwherethe turkey is alive andthegun is un-
loaded;the agenthasthe goal of killing the turkey, repre-
sentedas: � �!� ��


M 2 ���T� ���=46: � SM
not ��� ��
5S

The goal doesnot hold at the currentmoment E . To avoid
inconsistency with the goal constraintthe agentmay use
rules ���T��- 4NE � 45���+��- 4�P � 4�S�S�S wheretime rangesfrom E and
the maximumplanningtime P : . Without the preference
relation P : could have beendetermineby any rule from
� � ��E � 46� � �5P � S�S�S . Thepreference,however, forcestheagent
to selecttheshortestplanfor achieving thegoal,in our case

� �!��
�� ���Y� ��P � 46E � 4 2 �%� 2 �
��$�� �>P � 4�P � � . It maybeworthnotinga
symmetrybetweenrules � �T��- 46: � and �!��- 45: � of our plan-
ning a diagnosticmodules. The �rst allowing the agent
to considerexogenousactionsin the pastwhile thesecond
makespossibletheuseof its own actionsin thefuture. It is
alsoinstructive to compareplanningwith cr-ruleswith that
using traditional planningmodule, 8ZP , discussedabove.
In thelattercasea planof minimumlengthcanbefoundby
multiple calls to lp-solver with P : B EM4�P 4�S�S�S . Thesingle
call suf�ces with CR-Prologplanner.

The next exampleshows anotheradvantageof 8ZP ��� with
respectto a traditionalA-Prologplanner.

Example9 Let usexpandscenariofrom Example8 by in-
troducinganew gun, � ] , whichcanbeusedexactly like �>P .
Initially, theturkey is alive, thegunsarenot loaded,bullets
arenot wet, the turkey is not big, andJohnis not hurrying.
The goal is to �nd the sequencesof actionswhich kill the
turkey with thesmallestnumberof actions.

Providedthatvariable � is allowedto rangeover
� �>P 45��] � ,

0 � � canbeemployedwithoutmodi�cations. It hasnow two
answersets,correspondingto plans

� �!��
�� ���Y� ��P � 4NE � 4N�!��� 2 �
��$�� �>P � 4�P � �� �!��
�� ���Y� ��] � 4NE � 4N�!��� 2 �
��$�� � ] � 4�P � �
ThetraditionalA-Prologplanner8ZP mayreturnoneof the
two intendedplans,aswell asany of theothers,suchas:

� �!��
�� ���Y� ��P � 46E � 4N�!��
�� ����� � ] � 46E � 46�!�%� 2 �
��$�� �>P � 4�P � �� �!��
�� ���Y� ��] � 46E � 4N�!��� 2 �
��$�� ��] � 4�P � 4N�!��
�� �+��� �>P � 4�P � �
S�S�S

Removing theseunintendedplansis usually a non-trivial
task.Theuseof cr-rulesprovideuswith arathersimpleway
of doingexactly that.

RelatedWork
Programsof CR-Prologclosely resembleknowledgesys-
temsof (Inoue1994)– pairs ; :/4 � ? of non-disjunctivepro-
gramsin which : representsa backgroundknowledgeand�

is asetof candidatehypothesis.Thoughsyntacticallyand
even semanticallysimilar, programmingmethodologiesof
thesetwo approachesdiffer considerably. The background
theory : of knowledgesystemseemsto be eithera collec-
tion of integrity constraintsor acollectionof defaultswhose
credibility is higher than that of

�
. This is quite differ-

ent from structuringof knowledgeadvocatedin this paper.
Theuseof rulesfrom

�
differ dependingon theuseof the

knowledgesystem. The emphasisseemsto be on default
reasoning,wherehypothesisareinterpretedasdefaultsand
hencerulesof

�
are�red wheneverpossible.Thisinterferes

with searchfor explanations,which normally favors some
form of minimality andappliesthe rulessparingly. There
aresomesuggestionsof usingknowledgesystemsfor this
purposeby applyingdifferentstrategy for selectionof rules.
In our opinion thesetwo typesof reasoningarenot easily
combinedtogether. (In somecasesthey may even require
different representationof knowledgefor eachof the rea-
soningtasks.) The notion of knowledgesystemis further



extendedin (Sakama& Inoue2000)by introducingpriori-
tiesover elementsof

�
viewedasdefaults. Thenew work

doesnotseemto changethemethodologyof knowledgerep-
resentationof theoriginalpaper. Consequentlyevenourpri-
ority relationsare quite different from eachother. In our
future work we plan to investigatethe preciserelationship
betweenthis work andCR-Prolog.

Now let us look at a formalism from (Lin & You 2001)
wheretheauthorspointoutproblemslinkedwith the“classi-
cal” de�nition of abductive logic programsgivenby Kakas
& Mancarella(1990),andproposea new de�nition of ab-
duction. The problemsunderlinedby Lin & You appear
to be linked with the useof negationasfailure in placeof
classicalnegation,which is typical of traditionallogic pro-
gramming,aswell asof logic programmingunderthestable
modelsemantics.

To seetheproblemconsiderprogram8 �� � B � � M
��S � , set

of abducibles
� B � ��4N� � , andobservation � . Theminimal

abductiveexplanationfor � givenby ;�8 �� � 4 � ? is
� � B � � � .

In (Lin & You2001),theauthorsnoticethat
� � is oftenseen

asrepresentingits completionundertheClosedWorld As-
sumption,i.e.

� � is really a shorthandfor
� � B � ��4 K � � .

They, correctly, arguethat suchan interpretationis unintu-
itive - theClosedWorld Assumptionshouldnot beapplied
to � , sinceabducibles“areassumptionswhichonecanmake
onewayor theother” (Lin & You2001).

We believe however that this criticism is not applicableto
our formalism. In the semanticsof CR-Prolog,abduction
is usedonly to selectsetsof cr-rulesneededto restorecon-
sistency of the reasoner's beliefs. Hence,accordingto our
semantics,cr-rules normally do not apply, which justi�es
the ClosedWorld Assumptionfor our abducibles- atoms
formedby predicate� # # 
 .
Moreover, the problem primarily exists in languagesnot
containingclassicalnegation. The availability of classical
negationin our languageallows for moreaccurateformal-
izationof knowledgeandremovesmany dif�culties caused
by unjusti�ed use of negation as failure. We will illus-
tratethispointby the“canCrossexample”from (Lin & You
2001).

In this example,theauthorsconsidera scenarioin which a
boatcanbe usedto crossa river, if theboatis not leaking.
If it is leaking, the river can be still crossedif there is a
bucket available to scoopthe water out of the boat. The
agentobservesthatsomeoneis crossingtheriver, andmust
explain this fact.

They formalizethedomainwith program8 �� �
� �+, "7�
���	�

M
�&� �+$&4 not 
�� �!��'*,>��S

� �+, "7�
���	�
M
�&� �+$&4N
�� �!��'*,>��4 2 �!����)>���!�	$&S

and notice that, under the de�nition given by Kakas
& Mancarella, the observation has a unique mini-
mal explanation,

� �&� �+$ � . The closed world inter-
pretation discussedabove gives us a “complete” ex-
planation

� ��� �T$&4 K 
�� �!��'*,>��4 K 2 �!����)>���!�	$ � , which is cor-
rect. Unfortunately, perfectly plausibleexplanationslike

� �&� �+$&46
�� ���!'%,>�>4 2 �!����)>���!�	$ � are not capturedby this def-
inition. Thealternativewouldbeto interpret�&� �+$ asincom-
plete explanationwhich could be completedby assigning
valuesto otherabducibles.As pointedoutby theauthorsthis
doesnotwork eithersince

� �&� �+$&46
�� �!��'*,>�>4 K 2 �!��� )����!�	$ � 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 proposethefollowing formalization:

8 ����
��������������� ��������������

� � � � �+, "7�
�����
M

�&� �+$&4 K 
�� �!��'*,>�>S
� � � � �+, "7�
�����

M
�&� �+$&46
�� �!��'*,>�>4 2 ����� )����M��$&SM

not � �+, "7�
����� S
� � � �&� �+$ �M S
� � � K �&� �+$ �M S
� � � 
�� ���!'%,>� �M S
� � � K 
�� ���!'%,>� �M S
� � � 2 �!����)>���!�	$ �M S
� � � K 2 �!����)>���!�	$ �M S

Notice that rule �
� usesclassicalnegation(insteadof the
default negationusedin the�rst formalization).This is cer-
tainly a more faithful translationof the problem's knowl-
edgewhich containsnothingaboutbeliefsof closedworld
assumptions.Notice alsothat the observation, represented
asa constraint,becomespartof our knowledge.Thereader
cancheckthattheprogramhastwo answersetscorrespond-
ing to explanations

� � B � �&� �+$&4 K 
�� �!��'*,>� � and
� � B� �&� �+$&46
�� ���!'%,>�>4 2 �!����)>���!�	$ � . Note that theseexplanations

donotdependonunspeci�edvaluesof “abducible”-
� � will

remaina goodintuitive explanationof theobservationeven
afterwe discoverwhetherthereis a bucket in theboat.

It may also be instructive to seehow preferencesof CR-
Prologcanbeusedto selectsome“preferred”explanations
of ourobservation.For example,if webelievethatboatsare
rarelyleaking,wecanintroducepreference

# �
�
3>�	��� � � 4 � � � S
Thenew program,8 ���� , will generateonly explanation

� � .
However, if laterwewereto observethattheboatis leaking,
addingthispieceof informationto theprogramwouldmake
it retract

� � andreturn
� � .

Anotherwork relevantto our researchis theintroductionof
weakconstraintsin DLV (Buccafurri,Leone,& Rullo 1997a;
1997b;Calimeriet al. 2002). Intuitively, a weakconstraint
is a constraintthat canbe violated,if this is neededto ob-
tain ananswersetof a program.To eachweakconstraint,a
weightis assigned,indicatingthecostof violating thecon-
straint4. A preferredanswerset of a programwith weak
constraintsis onethatminimizesthesumof theweightsof

4To beprecise,two different“costs”, weightandlevel, areas-
signedto weakconstraints,but in our discussionwe only consider
theweight,sinceevenlevelsdo notseemto solve theproblem.



theconstraintsthattheanswersetviolates.Considerfor ex-
ampleprogram0�1 � � of DLV:! � or ��S��� �YS\_ P � ���� ��S _ ] � �
wherethe�rst weakconstraint(denotedby symbol ��� ) has
weight P andthe secondhasweight ] . In order to satisfy
the�rst rule, theanswersetsof 0�1 � � mustviolateoneof the
constraints.Sinceviolating the �rst constrainthasa lower
cost thanviolating the second,the preferredanswersetof
0 1 � � is

� � � .

Weak constraintsare of coursesimilar to our cr-rules and
weightscanoftenplay a role of preferences.Themaindis-
advantageof using weak constraintsinsteadof cr-rules is
thatweightsinducea total orderon theweakconstraintsof
theprogram,asopposedto thepartialorderthatcanbespec-
i�ed on cr-rules. This seemsto be a key differencein the
formalizationof someformsof common-senseknowledge,
like theonefrom Example6. To thebestof our knowledge,
thereis no formalizationof this domainin DLV with weak
constraints,that,givenrecordedhistory N � , concludesthat
therearetwo possiblealternativescompatiblewith N � :

� �����+�%��$ ���%$]46E � 46�!�%�����>46E � �� �����+� K ��$ ���%$]46E � 46�!�%�����>46E � �
To seethe problem,consider, for example,the following

DLV formalizationof ourdiagnosticmodule. P ���� with dy-
namicpreferences:.QP�� � B .QP < IO0�� � , where 0�� � is:

0�� � ��� ��
��� �!�������M�T46: � 4 2 �%��$ ���%$]46E � S _ 	 � ���� �!�����	��46: � 4 2 �%��$ ���*$]46E � S _ P � ���� �!�������M�T46: � 4 K 2 �%��$ ���%$]46E � S _ P � ���� �!�����	��46: � 4 K 2 �%��$ ���*$]46E � S _ 	 � �

The�rst two weakconstraintssaythat,if a stormoccurred,
assumingthataction �����M� occurredhasacostof 	 , while as-
sumingthataction ���	� occurredhasacostof P . Thelasttwo
weakconstraintssaythat,if astormdid notoccur, assuming
that action �����M� occurredhasa cost of P , while assuming
that action ����� occurredhasa costof 	 . The selectionof
particularweightsis fairly arbitrary, but it capturesthecor-
respondingdynamicpreferences.

Theonly possibleexplanationof recordedhistory N � is the
occurrenceof ����� at time E . Hence,0�1QI'N � IJ. P � � has
two candidateanswersets,containing,asexpected,thetwo
setof factsabove.Unfortunately, theanswersetcorrespond-
ing to thesecondsetof factshasa total costof 	 , while the
answersetcorrespondingto the �rst explanationhasa cost
of P . This forcesthereasonerto preferthe �rst answerset,
andto assume,without any suf�cient reason,the existence
of a storm.

Therearehowever someclassesof programsof CR-Prolog
which can be reducedto DLV programswith weak con-
straints. Studyof suchclassesmay be usefulnot only for
improving our understandingof both formalisms,but also
for usingef�cient computationengineof DLV for CR-Prolog
computations.

Conclusionsand Future Work
In this paper, we extendedA-Prologby cr-ruleswith prefer-
ences,gave thesemanticsof thenew language,CR-Prolog,
anddemonstratedhow it canbe usedto formalizevarious
typesof common-senseknowledgeandreasoning.Wecould
not �nd naturalA-Prologformalizationsfor someof theex-
amplesin thepaper. Formalizationsin CR-Prologhowever
seemto benatural,reasonablyelaborationtolerant,and,we
hope,canbeef�ciently implemented.

Sofar, we have implementeda nä�vealgorithmfor comput-
ing answersetsof programswith cr-rules.We arecurrently
working on the developmentand implementationof more
ef�cient reasoningalgorithms. We also plan to study the
rami�cations of the useof differentpreferencerelationsin
thede�nition of answersetsof CR-Prolog.
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