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Abstract

In this paper we discussthe weaknessof cur-
rent actionlanguagedor sensingactionswith re-
spectto modelingdomainswith multi-valuedflu-
ents. To addresghis problem,we proposea lan-
guagewith sensingactionsand multi-valued flu-
ents,called AM gk, and provide a transitionfunc-
tion basedsemanticgor AM k. We definetheen-
tailment relationshipbetweenaction theoriesand
queriesin AM g, denoteddy =4 ¢, .- We discuss
somecompleity resultaboutthe planning prob-
lemin AMg. We demonstratehe useof AM g
throughexamplesfrom theliterature.

1 Intr oduction and Motivation

Sensing(or knowledge producing) actions have beenthe
topic of intensive researchin reasoningabout action and
changeand planning (seee.g. [Moore, 1985; Scherl and
Levesque 1993;GoldenandWeld, 1996;Lobo et al., 1997,
SonandBaral, 2001; Thielschey 2004). Situationcalculus
basedapproachesuchasthat of [Moore, 1985; Scherland
Levesque1993;GoldenandWeld, 1996 canbe usedin do-
mainswith multi-valuedfluentssincefunctional fluentsare
allowed in situationcalculus. In [Goldenand Weld, 1996,
we canfind severalexamplesin the UNIX domainarticulat-
ing the needfor dealingwith sensingactionsin domainswith
multi-valuedfluents. Oneof themis the actionof listing the
filesin a directory | s, thatinforms us all the file namesin
thecurrentdirectory

On the other hand, approachego reasoningaboutsens-
ing actions using high-level descriptionlanguageby ex-
tending the languageA in [Gelfond and Lifschitz, 1993;
1994 suchas|[Lobo et al., 1997;SonandBaral,2001] con-
centrateon providing solutionto the frame problemfor do-
mainswith Booleanfluentsandsensingactions.In [Baral et
al., 20004, theapproactof [BaralandSon,1999 is extended
to dealwith domainswith stateconstraintgor static causal
laws). As such,the simplificationto domainswith Boolean
fluentsdoesnot necessarilflimit the expressivenessof the
languageslevelopedalongthis line with respecto domains
with multi-valuedfluentssincethesedomainscanbe easily
representedisingBooleanfluentswith stateconstraints Al-
though adequatdor certainrepresentationahnd reasoning
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purposesthis solutionis too cumbersomend not intuitive.
We illustratethis problemin the next example.

Considerthe traffic light domainthat consistsof a traf-
fic light and the only action look. Looking at the light
will tell us whetherthe traffic light is either red, yellow,
or green This domain can be best describedby the ac-
tion look and a fluent denotingthe color of a traffic light
whose value is either red, yellow, or green This flu-
ent can be representedby three Boolean fluents is_red,
is_yellow, andis_greendenotingthat the traffic light is ei-
ther red, yellow, or greenand the set of state constraints
stating that it has only one color at a time such as
“is_red if —is_yellow,—is_green”, “—is_red if is_yellow”,
“—is_red if is_green”, etc. To completethe description,
we needto specify the effect of the actionlook. Using the
languageAr in [Sonand Baral, 2001], we needto intro-
duceat leasttwo out of the following threek-propositions,
“look determines is_red’, “look determines is_green”,
and“look determines is_yellow”. Thisis becausehethird
fluent can be uniquely determinedrom the othertwo. Al-
thoughsatisactoryfor predictingandreasoningboutthe ef-
fectsof the actionlook, this solutionis clearly not intuitive
andcumbersome.

It is easyto seethat a ratherbetterand moreintuitive de-
scriptionfor thethetraffic light domainwould beoneconsist-
ing of asinglefluent,saycolor, whosedomainis {red,green,
yellow}, and an k-proposition*“look determines color”.
Fromthe representationgderspectie, this is a clearcall for
a directtreatmentof multi-valuedfluents. Furthermore pe-
causestaticcausalaws area sourceof non-determinisnand
thuscouldpotentiallymake thereasoningprocesgandthere-
fore, theplanningprocessharderit is advantageouso elim-
inateunnecessarstaticcausalaws lik e thosethatexpressing
thefactthatthe valueof color is unique.

Our maingoal in this paperis to developa language for
sensingactionswith multi-valuedfluents We call this lan-
guageAM g asit is an extensionof the languaged i with
multi-valuedfluents.To the bestof our knowledge AMk is
thefirst high-level languagewith atransitionfunctionbased

1Though seeminglyredundant,such constraintsare neededin
the currenttransitionfunctionbasedapproacheso reasoningabout
sensingactions.

2In [Lobo et al., 1997, causesto_knows is usedinsteadof de-
termines.



semanticghat allows both sensingactionsand multi-valued
fluemts. We notethatamongthe variantsof the languageA,
the actionlanguageAR in [Giunchigliaet al., 1997 intro-
ducesnonpropositionafluentsthat are similar to our multi-
valuedfluentsbut doesnot considersensingactions. Multi-
valuedfluentscouldalsobeencodedn thelanguageX [Eiter
etal., 2004 but this languagedoesnot allow sensingactions
either

In the next sectionwe define AM g andillustrateits use
in examplestaken from the literature. We thendiscussthe
relationshipbetweerthe two languagesA M g and Ax and
concludethe papemwith a shortdiscussioron futurework.

2 LanguageAMg

2.1 Syntax

The alphabetof a domaindescriptionin AM g consistsof
a setof actionnamesA, anda setof fluentnamesF. Each
fluent f € F hasa domaindom(f) associatedvith it that
prescribesvhatvalue f cantake.

An atomis of the form f = v where f is a fluent and
v € dom(f). An atomor its negationwill be calledasa
fluentliteral. For corveniencewe oftenuse f # v to de-
notethe negationof f = v (or =(f = v)). Fluentformulas
are composedrom fluent literals using Booleanoperations
in the usualway. To describea domaindescriptionwe use
propositionsof thefollowing form:

executablea if ¢ 1)
a caused if ¢ (2)
Lif ¢ 3
a partitions  f into {V;};es 4
where
e ¢ isanactionname;
o [isfluentliteral;
e o isfluentformula;and
e Sisasetof indexesand{V;};cs is a(possiblyinfinite)

partition of the domainof the fluent f, i.e., it is a se-
guenceof pairwisedisjoint setsof valuesbelongingto
dom(f) suchthatU;esV; = dom(f).

Intuitively, the above propositionsdescribethe effects of
actions,their executability conditions,and stateconstraints.
Propositionof the form (1) statethe conditionsunderwhich
a is executable It saysthatfor a to be executablethe fluent
formulay musthold (precisemeaningollows). Propositions
of the form (2) describethe conditionaleffects of an action
on the value of a fluent. It saysthat executionof a causes
theliteral [ to betrueif ¢ holds. Propositionf theform (3)
describehedomainconstraintsi.e.,therelationshipgbetween
fluentsand propositionsof the form (4) describethe effect
of sensingactions. (3) statesthatif ¢ holdsthen/ mustbe
true. (4) saysthat executingan actiona will help anagent
to partially determinea fluent f in thatit knows the possible
valuesof f. In whatfollows, we will use*a determines f”
asthe shorthandor a propositionof theform (4) whereeach
of theV; containsexactly oneelementj.e., executinga helps
theagentto preciselydeterminevhatthevalueof f is.

Two effect propositions
a caused if ¢ and a caused'if ¢’
arecontradictonyif thereexistsa statesuchthatthe p andy’
hold simultaneoushand! andi’ arein contradictionin D.

A domaindescription D is a setof propositionsof the
forms (1)-(4) without contradictoryeffect propositions. For
simplicity, we assumehat for every domaindescriptionD,
eachactiona occursin at mostone propositionof the form
(1) andby defaultexecutablea if true belongsto D unless
otherwisespecified. We will alsoassumehateachactiona
occursin atmostonepropositionof theform (4). In thelatter
casewe will omit the propositionfrom the description.

We note that with the introducing of multi-valued flu-
ents, the traffic light domainin the introduction becomes
trivial. It can be representedby a single proposition
look determines color with theobviousmeaningassociated
to theactionlook andthefluentcolor. We now demonstrate
the useof AM i throughexamples,taking from the litera-
ture. Thefirst exampleis taken from the paper[Goldenand
Weld, 1994.

Example 1 (UNIX domain) Inthisdomain,denotecby D,,,
actionsareUNIX commandsuchasl s, cd, ping, etc.
Fluentsin this domainareoften multi-valuedfluents.Below,
we will demonstraténow someof the commonUNIX com-
mandscanberepresenteth AM k.

The fluent curdir, denotingthe currentdirectory, hasthe
domain as the set of valid directories. This fluent can be
changedby the actioncd( X) , where X is an existing di-
rectory whoseeffectis describedy the proposition

cd(X) causescurdir = X if exist(X).

Theeffect of theactionl s canbe describedy thepropo-

sition

1s determines files(curdir)
where files(curdir) is a fluent whosedomain consistsof
setsof valid file names.

Theactionl s( X) , ontheotherhand,determinesvhether
or notthefile X exists. Thiswill berepresentetly thepropo-
sition

1s(X) determines exist(X)
whereezist(X) is aBooleanfluent.

Thecommandi ng( machi ne) tellsuswhethethema-
chinemachine is alive or not. This commandcanbe repre-
sentedby the proposition

ping(X) determines alive(X).

Oneof thetrivial causalrelationsof this domainsaysthat
if a directory exists then so doesits parentdirectory This
informationis representedly the following proposition

exist('dir') if exist('dir/X").

The next example,taken from the list of examplesof the
systemSGP [Weld et al., 1999, is abouta patientwhose
sicknessanbe curedif thedoctoris ableto give hertheright
medication.

Example 2 (lliness Domain) In thisdomain.thereare5 dif-
ferentkinds of illnessesiiy, ..., i5, eachneedsa particular
medication. A patientis sick andwe needto find anappro-
priatecurefor her Takingmedicationfor the correctillness
cancurethe patientbut usingthewrongcureis fatal.



Performingathroatculturewill returnred, blue, or white.
This colordetermineshegroupof illnessthatthepatienthas.
For example, if the patienthasiz thenthe color is white.
Inspectingthe color allows usto obsene the color returned
by athroatculture dependingon the sicknes=f the patient.
Takinga blood sampletells uswhetherthe patienthasa high
white cell countthatwe canknow afteranalyzingthe blood.

Thefluentsin this domainare

e i (stands for illness) with dom(7) =
{41,...,45,n0one}; where none denotes that the
patientis healthy;

o color with dom(color) = {red, blue, white};

e hc (standsfor high-blood_count), ted (standsfor
throat_culture_test_done), dead, and bsd (stands
for blood_sample_done), each has the domain
{true, false}.

Theactions:

e stain: indicatesthata throatcultureis done,i.e., this
actionmakestcd becomedrue;

e inspect: this action can be executedonly when the
throatcultureis doneandit tells usthe color of thetest,
dependingntheillness;

e blood_sample: thisactionmakesbsd true;

e analyze_blood: executedonly whenthe bloodsample
is countanddeterminesvhetherhc is true;

e medicate(X) takes the cure X where X €
{Cl, . ,65};

The domain, denotedby D, consistsof the following
propositions:

executableinspect if ted
executableanalyze_blood if bed
stain causested
inspect determines color
color=blue if (i=13 V i=i4) A tcd
color=red if (i=i1 V i=12) A ted
color=white if i=i5 A tced
blood_sample causesd
analyze_blood determines hc
he if (’i=’i1 Vi=iz V i=’i5) A bsd
—he if (i=i2 Vi=i4) A bsd
medicate(c;) causes=none if i=i;
medicate(c;) causesdead if i#i;

wherethelasttwo propositionsarefor j = 1,...,5. Foreach
actiona, a # inspect anda # analyze_blood, the domain
will containa propositionof theform executablea if true .

In the next example,we considera blocksworld domain
with two blocksandactionsthattell thelocationof theblock.

Example 3 (Blocksworld domain) Consider a blocks
world with two blocks— a and b, and a robot. The robot
has an arm that can pickup, putdown, stak, or unstak a
block; the robot can also sensewhetherit is holding block
a (likewise, block b) or not. We will useloc(X) where
X € {a,b} to denotethe location of the block X. We
have that dom(loc(a)) = {onTable,inHand,on(b)} and
dom(loc(b)) = {onTable,inHand, on(a)}.

The domain, denotedby D;, consistsof the following
propositiony X, Y standfor eithera orb and X # Y):

executablepickup(X) if loc(X) = onTable
executableputdown(X) if loc(X) = inHand
executablestack(X) if loc(X) = inHand
executableunstack(X) if loc(X) = on(Y')
pickup(X) causedoc(X) = inHand if loc(X) = onTable
putdown(X) causedoc(X) = onTable if loc(X) = inHand
stack(X) causedoc(X) = on(Y) if loc(X) = inHand
unstack(X) causedoc(X) = inHand if loc(X) = on(Y)
loc(X) = onTable if loc(Y) = inHand V loc(Y') = on(X)
sense(X) partitions loc(X) into {onTable,on(Y)}, {inHand}

The next exampledemonstratethat the partition createdoy
sensingactionscanbeinfinite.

Example 4 (GasDomain) Considera simple domain that
consistsof only one actionlook_at_indicator andone flu-
entgas_in_tank. Looking atthe gasindicatorwill tell usthe
amountof gasolineavailablein the tank. Furthermorewe
know in advancethe capacityof thetankis 20 gallons,i.e.,
thedomainof thefluentgas_in_tank is [0,20]. Thisdomain,
denotedby D, canbedescribedy asingleproposition:

look_at__indicator determines gas_in_tank

Notice the differencebetweenthe actionlook_at_indicator
and sensing actions in the previous examples. While
look_at_indicator partitionsthedomainof gas_in_tank into
aninfinite sequencef setof values,all partitionscreatedby
otheractionsarefinite.

2.2 Obsewations
An observationn AM g is of theform

initially 1 (5)

where! is a fluent literal. When! is of theform f = v
(resp. f # v), we saythat (5) is a positive (resp. nega-
tive) obsenation. Notice the differencebetweenthe binary
and multi-valuedfluentscases. In the Booleancase,an ar
bitrary obsenationwould allow usto know the value of the
fluentoccurredin it. Onthe otherhand,a negative obsena-
tion in multi-valueddomains say* initially —f = v” where
|dom(f)| > 2, doesnot allow usto know the valueof f. It
only limits the domainof possiblevaluesof f.

An actiontheoryis a pair (D,0) where D is a domain
descriptionand O is a setof obsenations. Again, for sim-
plicity, wewill assuméhateachfluentin D occursin atmost
oneobsenationin O.

For the UNIX domain,someof the obsenationscould be
thecurrentdirectoryis/ mydoc/ paper s, thefile namepa-
per .t ex is in the directory/ nydoc, the machinenamed
chur ch. domai n is alive etc. Thisinformationcanberep-
resentedy thefollowing setof obsenations:

initially curdir =’ /mydoc/papers’
O, = initially alive(church.domain)
{ initially in(paper.tex, files(' /mydoc’))



For theillnessdomain,we know thatthe patientis not dead
butisill. We alsoknow thatnoneof thetestshasbeendone.
This information canbe representedby the following setof
obsenations:

initially ¢ # none
initially —dead
initially —tcd
initially —bed

0, =

For the block worlds domain, we assumethat the
robot knows initially that a is on the table, i.e., O =
{initially loc(a) = onTable}.

For the Gasdomain,we initially know nothingaboutthe
gasavailablein thetank,i.e., thesetof obsenationsis empty
denotecby O, = 0.

In what follows, we will use (D,,0,), (Ds,Os),
(Dp, Os), (Dg,0y) to denotethe UNIX domain,theillness
domain,the block worlds domain,andthe gasdomainwith
the domaindescriptionin Examplesl, 2, 3, and 4 respec-
tively, andthe correspondingetof obsenations.

2.3 Queries

As discussedn [Levesque1996, in the presencef incom-
pleteinformationandknowledgeproducingactions we need
to extendthe notion of a planfrom a sequencef actionsso
asto allow conditionalstatementsln this paperwe consider
plansthataredefinedasfollows. A planis

¢ eitheranemptysequencef action,denotedy [ ];

e orasingleactiona;

e oraif-then-elseplanof the form

if p then p; else po
wheregp is afluentformula;
e orasequentiaplan of theform
P1;p2
wherep; andp, areplans.

Intuitively, the if-then-elseplan is a branchingstatement
wherethe agentevaluateshe conditiony with respecto its
knowledge.If it knowsthaty is true (resp.false),it executes
p1 (resp. p2). Otherwise theif-then-elseplanfails andthe
executionof the planwhich containsthis caseplanalsofails.

Therearetwo kinds of queriesthatwe canaskour action
theories.They areof theform:

knows ¢ after p (6)
kwhether ¢ after p @)

wherep is a planand ¢ is a formula. Intuitively, the first
queryis aboutaskingif an actiontheoryentailsthat ¢ will

be known to betrue after executingthe conditionalplanp in
theinitial situation,andthe secondqueryis aboutaskingif

anactiontheoryentailsthat ¢ will beknown after executing
theplanp in theinitial situation.

As an example, it is obvious that (Ds,O;) entails
knows —dead after [] becausewe know that the patient
is not deadinitially. However, the theory doesnot entail
kwhether i = i, after [| becausave do notknow whether
the patienthasthe sicknesg; or not.

2.4 Semantics

Givena domaindescriptionD, aninterpretations of D as-
signseachfluent f € F avaluev € dom(f), denotedby
s(f) = v. An interpretations satisfiesan atom f = v if
s(f) = v. s satisfies~f = v if s(f) # v. Whens satisfiesa
literal I, we write s |= [. Thetruthvalueof afluentformula
, denotedby s(y), with respecto aninterpretations is de-
finedasusual.Whens(y) istruewe saythats satisfiesp and
write s |= .

An interpretations is a stateif for every propositionof the
form (3), whenever s |= ¢ holds,sodoess |= 1.

Two statess; ands» agreeon afluent f with respecto a

partition{V; };es of f denoteddy s, Vi s2,1f s1(f) €
V; iff s2(f) € V; holds.In thiscase s, ands, representwo
possibleworlds that an agentthink he might be in whenhe
doesnotknow thevalueof fluent f.

A k-stateis a setof states.A combinedstate(or c-statg
of anagentis a pair (s, ) wheres is a stateand X is a k-
state.Intuitively, the states in ac-state(s, ¥) is therealstate
of theworld whereas®. is the setof possiblestateswvhich an
agentbelievesit mightbein. We saya c-statec = (s, X) is
groundedif s € X. Intuitively, groundedc-statessorrespond
to the assumptiorthat the world statebelongsto the set of
stateghatthe agentbelievesit mightbein.

A fluent formula ¢ is known to be true in a c-statec =
(s, X) if s |= ¢ for everystates’ € X. ¢ is known to befalse
ino =(s,%) if s = —p foreverys' € ¥.

Beforewe definethetransitionfunctionof adomainD, we
introducesomemorenotation.Givena setof fluentformulae
S and a formula ¢, we saythat S satisfiesy, denotedby
S [ o, if ¢ logically follows from S. A setS of fluent
formulaeis saidto beclosedunderasetof domainconstraints
(form (3)) K if for every constraint‘l if ¢” in K, whenever
S | ¢, sodoesS = I. By Cn(S U K) we denotethe least
logically closedsetof formulaefrom D thatcontainsS and
is alsoclosedunderK.

An actiona is executablen astates, if thereexistsapropo-
sition (1) in D suchthats = ¢. For anactiona andastates,
if a is executablen s, theeffectof a on s, denotediy e(a, s),
is definedby the set

e(a, s) = {l | D containsaneffect proposition(2)

suchthats = ¢}

The set of statesresultingfrom the executionof a non-
sensingactiona in a states is definedby

Res(a,s) = {s' | Cn(s') = Cn((sNs') Ue(s,a) UR) and
s' is astate}

where R denoteghe setof propositionof theform (3) in D.
Intuitively, Res(a, s) is the setof statesresultingfrom exe-
cutinga in s. We arenow readyto define®, the transition
functionbetweerc-states.

Definition 1 (Transition Function) A function ® from ac-
tionsand c-statesnto c-stateds called a transitionfunction
of D if for all c-states = (s, X) andactiona,
e if a is not executablein s then ®(a, o) is undefined,
denotedby ®(a,0) = L;



e if a is executablein s and a is a non-sensingaction,
then ®(a,0) = (s1,%1) where s; € Res(a,s) and
¥ = {s' | s € Res(a,s") for somes” € ¥ such
thata is executablen s"}; and

e if ¢ is executablen s anda is a sensingactionwith

a partitions  f into {V;},es

in D then®(a,0) = (s,%') wheeX = {s'|s' € &

suchthats 1'% ¢ anda is executablein s'}.
The above definition correspondso the threepossiblecases
whenanactionis executedtheactionis non-executablenon-
sensingaction, or a sensingaction, respectiely. In the next
definition, we definethe initial stateandinitial c-stateof an
actiontheory
Definition 2 (Initial State) For anactiontheory(D, O),

e astates is calledaninitial stateof (D, O) if s = for
everyproposition

initially ¢
in O;

e ac-state(sp, Xo) is aninitial c-stateof (D, O) if sg is

aninitial stateandX is a setofinitial statesof (D, O).
In orderto determinethe statesresultingfrom the execution
of aplanfrom astate we defineafunction® thatextendsthe
transitionfunction ® asfollows.

Definition 3 (Extended Transition Function) Let (D, O)
be an actiontheory ® be a transitionfunction,p be a plan
ando = (s, X) beac-state Theextendedransitionfunction
of (D, 0), denotedby ®, which mapsa pair of plansand
c-statesnto c-statesjs definedasfollows:

o 3(,0) =0.

e Foranactiona, ®(a, o) = ®(a,0).

e Forp = if p then p; else ps, wher ¢ is a fluent

formula,p, andp- are plans,

&(py,0) if ¢ isknownto betruein o;
®(pa,0) If pisknownto befalsein o;
1 if ¢ isunknaowvnin o.

®(p,0) =

e For p = pi;p2, Whee py,p, are plans,é(p,a) =
&(p2, &(p1,0))-
e &(p, L) =1 foreveryplanp.
We will now definetheentailmentrelationi= 4, -
Definition 4 (Entailment) Anactiontheory(D, O) entailsa

query
knows ¢ after p

(denotedby (D, 0) =am, knows @ after p) if for every
transitionfunction® of (D, O) andead initial c-statesy =
(s0, Xo) thefollowing conditionsare satisfied:

o &(p,09) # L and
e ¢ is knownto betruein &(p, oo).
Similarly, (D, O) entailsthequery
kwhether ¢ after p

(denotedby (D,0) Eam; kwhether ¢ after p) if for
everytransitionfunction® of (D, O) andead initial c-state
oo = (s, %) thefollowing conditionsare satisfied:

e &(p,00) # Land

e ¢ is knownto betruein &(p, o) or ¢ is knownto be
falsein ®(p, 09).

We now illustrate the above definitions using the domains
(Dy,04), (Ds,05), (Dy,0), and (D,,0,). It is easyto
seethatthefollowing hold for the UNIX domain.

Proposition1 For the UNIX domain,

e (Dy,04) EAmy knows curdir ="' /mydoc
after cd(’ /mydoc').

¢ (Dy,04)Eamkwhether exist(a) after Is(a).

The first item tells us that the currentdirectory will change
to '/ mydoc’ if we executethe actioncd(’ / nydoc’)
(thedirectoryexistssincethedirectory’ / mydoc/ paper’
exists. The second one indicates that we will know
whether the file a exists if we execute the action
Is(a). We will now shov that the plan p, =
stain; inspect; blood_sample; analy ze_blood will helpusto
determingheillnessof the patient.

Proposition2 For thedomain(D;, O;), (Ds,05) Eamx
kwhether i = i; after p,; foreveryj € {1,...,5}.

Proof. The concretecomputatiorof the statesandc-stateds
givenin AppendixA. O

Let De =
p; = if i =i; then medicate(c;) else pj;1.
propositionfollows from theabove proposition.

Proposition 3 For the sick domain,
(Ds, Os) Eamy knows i = none after p,;p;.

Ontheotherhand,(Dy, Oy) Eam, kwhether (loc(b) =

on(a)) after sense(b). Thisis becausehe sensingaction
sense(b) doesnottell ustheexactlocationof b. Theconcrete
computatioris givenin AppendixA.

and for 57 = 1,...,5, let
The next

Proposition4 For thegasdomainanda numberv € [0, 20],
(Dg, Og) Eam, kwhether gas_in_tank = v after look.

Intuitively, thepropositionsaysthatexecutingtheactionlook
will tell uswhetheror notthetankis empty

Proof. Obsene that any statein this domainconsistsof a
single atom gas_in_tank = v for somev € [0,20]. Let
sy = {gas_in_tank = v}. Clearly 3¢ = {s, | v € [0,20]}
is the setof initial states.Furthermorefor everyv € [0, 20],
(sv, Xo) is aninitial c-state. Consideran arbitraryinitial c-
stateoy = (s,, Lo) andtransitionfunction ®. We have that
®(look,09) = {8y, {s,}). Thisholdsfor everyinitial c-state
andtransitionfunction ¢. Therefore,we canconcludethat
(Dg,04) = kwhether (gas_in_tank = 0) after look.

3 Relationship BetweenAM i Domainsand
BooleanDomains

As we have informally discussedn the introduction,the ad-
dition of discrete multi-valuedfluentsto create AM i does
not increasets expressvenessn comparingto its predeces-
sor Ak (by Ax we meanthe languagedx extendedwith
stateconstraintdn [Baral et al., 20004). We will now show
thateachAM g actiontheory (D, O), with discrete finite



multi-valuedfluentswhosesensingactionsare of the simple
form “a determines f” can be translatedinto a semanti-
cally equivalent Ak actiontheory(Dy, O). For simplicity,

we will assumehat domainsof fluentsin (D, O) are pair

wisedisjoint (this couldbedoneby associatinggachvalueof

a fluentwith its name). We sketchbelow the translation.In

our descriptionwe placethe subscripth to componenbdf the
theory(D, O) to denoteits correspondenci (D, Oy). For

instance], or ¢, denoteghe correspondencef aliteral [ or

formulay, respectiely. Thetranslationis asfollows.

e For each fluent f, D, containsa set of Boolean
fluents{is;(f,vs) | vy € dom(f)} anda setof con-
straints {isz(f,v7) i Ay ecgompe, 7057(F,0) |
vy € dom(f)} and a set of constraints
{—isg(f,vp) if isg(f,0") | vp,v' € dom(f) and
v £v'}

e Foranatoml, [ is of theform f = vy (resp. f # vy),
Iy =isp(f,vp) (resp.ly = —isg(f,vy)).

e oy IS Obtainedfrom ¢ by replacingeachliteral / that
occursin ¢ by I.

e Each proposition of the form (1) is translatedinto
executablea if p.

e Each proposition of the form (2) is corverted into
a causedy, if .

e Each proposition of the form (3) is corverted into
lb if Pb-

e Each propositionof the form (4) is corvertedinto a
setof propositions{a determines is;(f,vs) | vy €
dom(f) \ {vo}} wherewvy is an arbitrary constantbe-
longingto dom(f).

e Eachpositive obsenation initially f = v is translated
into anobsenation initially is¢(f,vy) andeachneg-
ative obsenation initially f # v is translatednto an
obsenation initially —isz(f,vys).

We will now discusssomepropertiesof the translationfrom
(D, 0) into (Dy, Op). We will begin with adiscussioronthe
compleity of the translation. First, note that the size of an
actiontheory(D, O) depend®n

thenumberof actionsj.e.,thesizeof A;

thenumberof fluents,i.e., thesizeof F;

thesizeof thedomainsof fluents,i.e., X ycr|dom(f)|;
thenumberof propositionsn D; and

the lengthof formulaeoccurringin the propositionsin
D.

Let us definethe length of a formula ¢ by the numberof
literals occurringin it. Assumethat we only needconstant
amountof bytesto encoddluentsandactions,we candefine
the size of a propositionin (D, O) by the lengthof the for-
mulaeoccurringin it, e.g.,the sizeof a causesf if ¢ is
thelengthof . Then,thesizeof anactiontheory (D, O) is
definedasthe sumof (i) the sumover the size of all propo-
sitionsin (D, O); (ii) thenumberof actions;(iii) the number
of fluents;(iv) the sumover |dom(f)| for f € F. Underthe
assumptiorthat (D, O) is a discreteandfinite multi-valued
fluentsactiontheory we have that

e The translationof eachfluent f into the setof fluents
andconstraintsn (Dy, Op) is boundedby a polynomial

function of thesizeof dom(f);

e Thetranslationof afluentformulay into ¢y is bounded
by a polynomialfunctionof thelengthof ¢;

e Thetranslationof a propositionof the form (1)—(3) in
(D, 0) into a propositionin (Dy, Op) is boundedby a
polynomialfunction of thelengthof ¢; and

e Thetranslatiorof apropositionof theform (4)in (D, O)
into a propositionin (D, Oy) is boundedby a polyno-
mial functionof |dom(f)|.

This shaws thatthefollowing propositionholds.

Proposition5 For ead discrete and finite multi-valuedflu-
entsaction theory (D, O), thetranslationfrom (D, O) into
(Dy, Op) canbeperformedn polynomialtime

It is easyto seethat underthe assumptiorthat domainsof
fluentsin (D, O) are pairwisedisjoint, a fluent formula
in (Dy, 0p) could be translatedinto a uniqueformula ¢ in
(D, O) whosebinaryversionis exactly ;. We canprove the
following

Proposition6 For ead discrete and finite multi-valued
fluentsactiontheory(D, O), a plan p, andformulay

(D, 0) Eamy knows ¢ after p
iff
(Dp, Op) Eax knows , after py.

Theabove propositionhastwo interestingconsequencedhe
‘negative’ but expectedoneis thefactthatintroducingmulti-

valued fluents does not increasethe expressienessof the
languagedx aslong asthe domainsof fluentsare discrete
andfinite. Neverthelessthe examplesshowv that AM is

a muchbetterknowledgerepresentatiotanguagefor repre-
sentingand reasoningwith sensingactionsin term of com-
pactnes®f the representationThe ‘positive’ one, however,

is aboutthe complexity of planningwith sensingactionsand
incompleteinformation. It shavs thatfor AM g actionthe-
orieswith a deterministictransitionfunctionanddiscrete fi-

nite domains, thecomputationatomplexity resultsin [Baral
etal., 20004 will hold, i.e., planningin AM g is not harder
thanplanningin Ax . We list oneof thembelow.

Corollary 1 The planning problemwith AM g finite, dis-
cretg and deterministicdomains (incompleteinformation
about the initial state and sensingactions) is PSPACE-
complete

4 Discussionand Future Work

In this paper we concentraten the developmentof a high-
level action descriptionlanguagewith sensingactionsand
multi-valuedfluents. The main contribution of this paperis
thelanguagedA M g with atransitionfunctionbasedseman-
tics. We illustratethe useof AM g in examplestaken from
theliterature. We alsoshav thataddingmulti-valuedfluents
doesnot resultin a increasingof expressvenessut alsoin

3(D, 0) is deterministicif for every c-stateo andnon-sensing
actiona, |®(a,0)| < 1. Examplesof deterministicactiontheories
includetheorieswithout propositionof theform (3).



compl«ity of planningwith sensingactionsin discrete,fi-

nite domains. This opensthe possibility for the application
of resultsin approximating= 4, (e.g. in [Sonand Baral,
2001]) in dealingwith multi-valuedfluentsandthe problem
of the hugenumberof stateswe proposean approximation
of Eam, . We leave it asoneof thetopicsof our futurere-

searchWeareusingAM g in developingaplanneifor plan-
ning with sensingactionsin the presenceof incompletein-

formation. Two interestingproblemsarise: (i) specifyingthe
fluentdomainsi(ii) creatingmultiple level of nestedf-then-

else Thefirst problemarisessincelisting all possiblevalues
of afluentis sometimdime-consumingask(whathappensgf

the domainis huge,sayanintegerlessthan10 million?). In

severalcasesthis canbeaddressebtly usingafunctioncall to

an externalfunctionthat validatesthe valueof a fluent. The
secondoroblemarisesbecaus@ sensingactioncauseseveral
branchesat the sametime (e.g.,we would like to list all the
files (action| s) anddo somethingwith eachfile afterward
knowing the file names).Currently we areinvestigatingthe
useof anotherconstructsuchasfor-all.
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Appendix A

Computation for the blocks world domain: It
is easy to see that the domain has only 5 states:

s1 = {loc(a) = onTable,loc(b) = onTable},

sa = {loc(a) = onTable,loc(b) = inHand},

s3 = {loc(a) = onTable,loc(b) = on(a)},

84 = {loc(a) = inHand, loc(b) = onTable}, and

s5 = {loc(a) = on(b),loc(b) = onTable}

andthe setof initial states¥y = {s1, s2,s3} that gives
us threeinitial c-states(s;, ¥o) (i = 1,2,3). Executionthe
action sense(b) resultinginto three c-states(ss, {s1, s3}),
(s3,{s1,83}), and (s2,{s2}). Following the definition,
we have that (Dy,04) FEam, kwhetherloc(h) =
on(a) after sense(b).

Computation for the proof of Proposition 2: Let us de-
note a stateof this domainby a tuple (4, d, ted, bsd, ¢, he)
whered standsfor dead andc¢ standsfor color. It is easy
to seethatthereare30initial statessince; cantakethevalues
{i1,...,15}, c canbeeitherred, blue, or white, andhc can
be eithertrue or false(thefirst row of thetable). Executing
stain will reducethe numberof statesto 10 and thereare
only 10 possiblec-statesafter the executionof stain whose
k-statecontainsexactly the 10 possiblestatesinspectionwill
not reducethe numberof c-statesut significantlyreducethe
size of the k-state. Indeed,the k-stateof a c-statenow con-
tainseither4 or 2 states Executionof blood_sample will fur-
therreducethe numberof possiblec-statest® andanalyzing
the blood will resultin 5 c-stateswhosetop andbottomare
exactly the samestate. That meansthat after the above se-
quenceof action,onecanknow whichillnessthe patienthas,
andhencefind thecorrectcureto use.



i d|ted]| bsd]| c | hc | #s | #c-states

[ [ 7| F | F |w |u |30] 30(2=ALL)
12
13
4
15
stn | 41
2
%3
4
5
ins | 1
2
13
4
5
bls | 4;
22
13
4
15
anb | 41
12
13
4
15

2 (=ALL)
2 (Z=ALL)
2 (Z=ALL)
2(Z=ALL)
2 (Z=ALL)
2 (X={i1,i2})
2(X={i1,i2})
2 (2={is,is})
2 (X={is, is})
2 (X={is})
1(2={d1,42})
1(2={é1,i2})
1(2={is,4a})
1(S={is, is})
1(2={is})
1(x={i})
1(z={i2})
1(z={is})
1(=={is})
1(=={is})

In theabove table,r, b, w denoteged, blue white respec-
tively. t,f standsfor true, false respectiely. « standsfor
unknawn. Ini, stn, ins, bls, andanb standsfor Initial,
stain, inspect, blood_sample, and analyze_blood, respec-
tively. The secondto seventh column containsthe possible
valuesof a fluent. The column#s and#c-statesontainsthe
numberof statesand c-statesrespectiely. In eachof the
subtable e.g. the onewith stainin the first columnandthe
5 rows, the c-stategesultingfrom executingthe actionstain
from oneof theinitial c-stateareof theform (s, ) wheres
is a statespecifiedby the correspondingow andX. is the set
of statesspecifiedby the rows which have the valueof i be-
longing to the setspecifiedin theleft sideof the equationin
thelastcolumn(ALL indicatesall the possiblestates).
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