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Abstract

In a rational programminglanguage,a program
specifiesa situation facedby an agent; evaluat-
ing the programamountsto computingwhat a ra-
tional agentwould believe or do in the situation.
This paperpresentsIBAL, a rationalprogramming
languagefor probabilistic and decision-theoretic
agents.IBAL providesa rich declarative language
for describingprobabilisticmodels. The expres-
sion languageallows the descriptionof arbitrarily
complex generative models. In addition, IBAL’s
observation languagemakesit possibleto express
andcomposerejectivemodelsthatresultfrom con-
ditioning on the observations. IBAL also inte-
gratesBayesianparameterestimationanddecision-
theoreticutility maximizationthoroughlyinto the
framework. All thesearepackagedtogetherinto a
programminglanguagethathasa rich typesystem
andbuilt-in extensibility. This paperpresentsa de-
tailedaccountof thesyntaxandsemanticsof IBAL,
aswell asanoverview of theimplementation.

1 Intr oduction
In a rational programminglanguage,a programspecifesa
situationencounteredby an agent; evaluatingthe program
amountsto computingwhata rationalagentwouldbelieveor
do in thesituation. Rationalprogrammingcombinesthead-
vantagesof declarative representationswith featuresof pro-
gramminglanguagessuch as modularity, compositionality,
andtypesystems.A systemdesignerneednotreinventtheal-
gorithmsfor decidingwhatthesystemshoulddo in eachpos-
sible situationit encounters.It is sufficient to declaratively
describethe situation,and leave the sophisticatedinference
algorithmsto theimplementorsof thelanguage.

One can think of Prolog as a rational programminglan-
guage,focusedon computingthe beliefs of an agentthat
useslogical deduction.In the pastfew yearstherehasbeen
a shift in AI towardsspecificationsof rational behavior in
termsof probabilityanddecisiontheory. This paperpresents
IBAL, aprobabilisticrationalprogramminglanguage.IBAL,
pronounced“eyeball”, standsfor IntegratedBayesianAgent
Language.As its namesuggests,it integratesvariousexpects

of probability-basedrationalbehavior, including probabilis-
tic reasoning,Bayesianparameterestimationand decision-
theoreticutility maximization.

IBAL makesfour maincontributions.Thefirst is a highly
expressivelanguagefor representingprobabilitymodels,that
is significantly more expressive than previous languages.
Second,IBAL integratesa languagefor probabilisticmod-
eling, Bayesianlearninganddecisiontheoryundera single
coherentsemanticframework. Third, it provides a unified
inferenceenginefor solving reasoning,learningand utility
maximizationproblems,thatgeneralizesalgorithmsfor many
standardkindsof models.Finally, IBAL is packagedtogether
into a usableprogramminglanguagewith featuressuchasa
strongtypesystemandbuilt-in extensibility.

IBAL is designedwith threekinds of usersin mind. The
first is thesystemmodeler, whomaynotbeanexpertin prob-
abilistic reasoning.For this typeof userthebasicsof thelan-
guageshouldbe reasonablyeasyto learn,and it shouldbe
fairly easyto comeupwith decentmodelsfor many domains.
This kind of userwill benefitgreatly from a goodselection
of librariesimplementingstandardkindsof models.Also, a
good default inferencealgorithm is neededthat can be ex-
pectedto do reasonablywell ona largenumberof models.

The secondkind of user is a modelingexpert, who un-
derstandswell theinferencealgorithmsfor probabilisticrea-
soning.For theexpertuser, the languageshouldprovide the
powerto carefullytweakthemodelbeingused,andto control
whatinferencealgorithmis usedto evaluatedifferentpartsof
themodel.

Thethird kind of useris theAI researcher, who maywant
to introducenew kinds of probabilisticmodelsandnew in-
ferencealgorithms. IBAL makes it easyto introducenew
modelsvia libraries,andtheimplementationframework pro-
videssupportfor building new algorithmsandextendingthe
inferencecapabilitiesof thesystem.

Spacelimitationspreventa full descriptionof boththelan-
guageandtheimplementationin this paper. Thenext section
providesa fairly detailedaccountof the languageandits se-
mantics. Section4 presentsan extendedexample,showing
how the variouscomponentsof IBAL canbe usedtogether
to provide a declarative implementationof a fairly complex
decision-theoreticagent. Section5 presentsan overview of
themainfeaturesof theIBAL implementation.
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2 Genealogyand RelatedWork

Themostdirectpresucrsorto IBAL is thelanguageof [Koller
et al., 1997], hereinafterreferredto asKMP97. KMP97 is
a Lisp-like languageextendedwith a flip constructto de-
scriberandomevents.IBAL extendsKMP97 in a numberof
powerful ways. IBAL’s basicdefinition andexpressionlan-
guagefor describinggenerativeprobabilisticmodelsis simi-
lar to KMP97, but significantlyricher, particularlyin its use
of higher-order functions. In addition, IBAL usesobserva-
tions to conditiondistributions,which allows it to easilyde-
scribea muchricher classof models. IBAL also integrates
decisionsandlearninginto theframework,whicharenotpro-
videdby KMP97.

IBAL is also indebtedto recentwork integrating proba-
bilistic andfirst-orderrepresentationlanguages.Two recent
strandsin thatdirectionarerelationalprobabilitymodels[Pf-
effer etal., 1999], andstochasticlogic programs[Muggleton,
2000].

Otherprojectshave tried to integratean expressive mod-
eling languagewith at leastsomeaspectof learningor de-
cision theory. Another project similar in spirit to IBAL is
DTGolog [Boutilier et al., 2000], which integratesdecision
theoryinto theGologactioncacululus.It is basedon logic-
programmingratherthanthefunctionalprogrammingframe-
work IBAL uses.Also, its rootscanbetracedbackto Markov
decisionprocesses,while IBAL’s rootsare in Bayesiannet-
works. As a result, the two systemshave quite a different
approachto inference;for example,thereis nonotionof vari-
ableeliminationin DTGolog. Also, DTGologdoesnot inte-
gratelearninginto theframework.

[McAllester, 2000] presentsa languagebasedon KMP97
for describingdecisionproblemsand the policies usedby
agents,andfor calculatingtheexpectedutilities of theagents.
Unlike IBAL, thereis no attemptto solve thedecisionprob-
lem and computethe optimal policies. [Cumby and Roth,
2000] integrateslearning and reasoningin an expressive,
compositionallanguage,but onethatis not probabilistic.

3 The IBAL Language

IBAL providesa declarative languagefor describingproba-
bility distributions,parameterestimationproblemsandutility
maximizationproblems.The top level languagecomponent
in IBAL is a block. A block consistsof a sequenceof decla-
rations. Therearea numberof kindsof declarations,includ-
ing definitionsstatinghow valuesof thingsarestochastically
generated;observationsstatingthat somepropertyholdsof
generatedvalues;priors describingtheprior probabilitydis-
tributionsover learnableparameters;decisionsdescribingthe
decisionsthatanagentmakesandthe informationit has;re-
wards describingthe rewardsan agentreceives; andprag-
matics, containingcontrolknowledgeon how to performin-
ferencein a block. I will describeeachof thesein turn. For
the sake of presentationI will presentthe semanticsof the
languageincrementally, asI discusseachkind of declaration.
However, thediscussionsof semanticsaresomewhattechni-
cal,andcanbeskippedon first reading.

3.1 Definitions
A definitionstateshow the valueassociatedwith a nameis
generated.A nameis a symbolsuchas � ; a chain is a se-
quenceof namessuchas ��� ��� � . A definition hasthe form���	� , where � is anexpressionwith oneof theforms:

(Constant) ’ 
 where 
 is asymbol
(Chain) �
(Function) ��
 �����������������������
(Conditional) if ����� � � then �"! else �"#

where� standsfor apattern,discussedbelow
(Dist) dist $ % � : ���"��������� % � : �"�'&

wherethe %)( areprobabilitiessummingto 1
(Block) *�+-, where + is ablock
(Application) �-. 
 � � ���������/� � �

A patterndefinesaconditionthatmaybesatisfiedby avalue.
Thenotation�0� � � standsfor thepredicatethatis trueif f the
valueof expression� satisfiesthe pattern � . A patternmay
specifyequalityto a constant,achain,it maybethenegation
of apattern,or theconjunctionor disjunctionof two patterns.

In addition to the above expressionsyntax,the language
providesplenty of syntacticsugar, suchas casestatements
andeasiersyntaxfor definingfunctions.Thereis alsoa type
system,discussionof whichwill beomittedfor lackof space.

Theintuitivemeaningof adefinition ���	� is thatit defines
astochasticexperimentgeneratingthevalueof � . Considera
simpleexample:
fair() = dist [0.5 : ’h, 0.5: ’ t]
biased()= dist [0.9 : ’h, 0.1: ’ t]
pick() = dist [0.5 : fair, 0.5: biased]
coin = pick()
x = 1 y = coin() ; z = coin() 2

Intuitively, fair andbiased are functionsthat return
either’h or ’t with appropriateprobabilities.Thefunction
pick is a higher-order function that returnseither the fair
or biasedfunction. The valueof coin is generatedby ap-
plying pick; it is eitherfair or biased. The expression
definingx is a block expression;x is a datastructurewith
componentsy andz, both generatedby applying the value
of coin. Chainsx.y andx.z aremutually dependenton
whethercoin is fair or biased, but they arecondition-
ally independentgivencoin.

IBAL inherits from KMP97 the ideaof using lazinessto
allow infinitely longexperimentsto bedefined,only someof
whoseresultsmaybeneeded.For example:
real()= 1 first = dist [0.5 : ’zero,0.5:’one]

rest= real() 2
lessthan half = real.first 3 4 ’zero

Here,real definesa uniform distribution over realnum-
bers between 0 and 1, representedby their binary ex-
pansion. Executing real involves an infinite recursion,
but only the first bit is neededto determinethe value of
less than half, which is the valueof a Booleanpredi-
catethat looksonly at real.first. We canthink of exe-
cutingreal lazily, to getthesinglebit needed.

I will now make theseintuitions precise. Thereare four
kinds of valuesin IBAL: (1) Symbolssuchas heads and
true; (2) A specialundefinedvalue,denotedby 5 ; (3) Com-
plex valuesthatconsistof anenvironment, whichmapsnames
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to values;(4) Closures, denoted
 �6�������������)�)�87��� consisting
of formal9 paramaters�����������:����� , body � andenvironment; .

A chaincanbeviewedasrepresentingafunctiononvalues.
Formally, if � is a chainand < a value,wedefine�=
>< � asfol-
lows: If � is empty, �=
>< �?� < . Otherwise,if < is notcomplex,�=
@< ��� 5 . Otherwise,let � be ��� ��A , and <'A bethevalueasso-
ciatedwith � in < ; then �=
>< �?� ��AB
@<CA � . To determinewhether
a valuesatisfiesa pattern,we needanenvironmentassigning
valuesto thevariablesappearingin thepattern.Formally, we
define < � � 7 � , meaningthat < satisfies� in ; , by < � � 7 AD

if < is the symbol 
 ; < � � 7 � , if �=
>; �E� < and <GF� 5 ; and< � � 7IH � if <JF� � 7 � and <JF� 5 . < � � 7 � for conjunctive
or disjunctive � is definedin the obvious way. Note that 5
cannotsatisfyany pattern.

In orderto generatethevalueof anexpression� , we need
anenvironment; bindingthefreevariablesof � , andasource
of randomness,whichis providedby aninfinite sequenceK of
i.i.d. realnumbersLG$ M ��N"� . Formally, we will definea func-
tion O ��P 7RQ S , meaningthevaluegeneratedfor � in environment; , givenrandomchoicesasin K . Thenotation K �( is thesub-
sequenceof K of elementswith index congruentto T moduloU . This device allows usto split K into multiple independent
subsequences.Hd $ K & andTl $ K & indicatethe headandtail ofK . For constant,chain,function,conditionalanddist expres-
sions, O ��P 7VQ S is definedby:OWAD
 P 7RQ S � 
OX��
 � � ���������/� � ���Y�"P 7RQ S � 
 � � ����������� � � 7���OW� P 7VQ S � �=
>; �Z

if ����� �	�
then � !
else �"#�[ 7RQ S � \]^ ]_ O

�"!-P 7VQ Sa`` if < � � 7 �O � # P 7VQ S `` if < � � 7=H �5 if < � 5
where< � O � � P 7VQ Sb` cO dist $ % � : ������������� % � : �"�d&@P 7RQ S � O � ( P 7VQ Tl e S/f

where g (>h �i/j � % (lk Hd $ K & k g (i/j � % (
The valueof a block expressionis complex, anda defini-

tion � ( �Y� ( within the block resultsin the � ( component
mappingto thevalueof � ( . Eachdefinitionis evaluatedin an
environmentincluding bindingsfor namesappearingprevi-
ouslyin theblock. Furthermore,if � ( is a lambdaexpression,
thebinding for � ( is alsoaddedto theenvironmentin which� ( is evaluated,so that � ( is boundin the resultingclosure.
Thisallows recursive functionsto bedefined.Formally:OV* � � �	� �"m ����� m � � �	� � , P 7VQ S � * � � : < ��m ����� m � ��n < � ,

where <�( � O � ( P 7>oBQ Sbpo
and ; ( �rq ;"$ ���s������� (Bt�< �s����� <�( & if � ( is a lambda;"$ ���s������� (@h � t�< �s����� <�(@h �b& otherwise

The final caseto defineis function application. To deter-
mine thevalueof �-. 
 � � ���������a� � � , we first computethevalue
of �-. . If it is not a closure,theresultof theapplicationis un-
defined.Otherwisewe evaluatethebodyin theenvironment
formedbyextendingtheclosureenvironmentbybindingeach

formalparameter� ( to thevalueof � ( . Formally:

O �-. 
 � � �������:�/� � �/P 7VQ S �u\]^ ]_ O
� A P 7>v e w cbxyxyx w pdza{ caxyxyx {ap f|Q S p-}d`p-}d`

if O � . P 7RQ S p�}~`p�} c � 
 �6�����������/�)��� 7Wv��� A5 otherwise

where< ( � O � ( P 7VQ S p�}~`o
Note that the precedingdefinitionselegantly take careof

theissueof infinite experimentswith finite observations,such
astheless than half exampleabove,withoutneedingto
make explicit useof lazinessin the semantics.The rule for
generatingthevalueof anexpressiononly usesthechainsthat
appearin it. Furthermore,a block expressionalwaysreturns
a complex value.

The above semanticsis an operational semantics, show-
ing how aprogramconsistingof definitionsdefinesarandom
experimentfor generatingvalues.We alsoprovide a denota-
tional semanticsin termsof a probability measureover val-
ues. The underlyingprobability spaceconsistsof countable
sequencesof i.i.d. real numbersgenerateduniformly from
[0,1). A program� definesa functionfrom sequencesto val-
ues,by ��
>K �l� OR*�+-, P 7>�:Q S , where; . is theemptyenvironment.
If � is a measurablesetof sequences,and � is the imageof� under� , then � is measurableandPr
X� �l� Pr
W� � .

Natural propertiesof valuesthat we would like to talk
aboutare in fact measurable.For example,any propertyof
the form �=
>< ��� 
 is measurable.We canseethis by defin-
ing a depth-boundedevaluationfunction O ��P 7VQ S� . Its definition
is the sameas above, except that O P . is always 5 , and O P �
uses O P � h � for evaluatingthe body of function applications.
In other words, valuesthat require a recursionto a depth
greaterthan U will be undefined. Now, a programdefines
a sequenceof functions��(/
>K ��� OV*"+-, P 7 � Q S( . It is clearthatthe
set ��( � *�K n �=
���(b
@K ����� 
d, is measurablesinceit only re-
quireslooking at a finite subsequenceof K to determineif it
is in ��( . Thereforetheset � � *�K n �=
���
@K ����� 
d, �J� (X��( is
measurable.Furthermore,the above argumentalsosuggests
an anytime approximationalgorithm for computingPr
W� � .
Sincethe � ( are non-decreasing,and their union is � , the
probabilitiesof the ��( area non-decreasingsequencewhose
limit is Pr
>� �l� Pr
X� � .
3.2 Observations
Thelanguagedescribedsofar is similarto thatof KMP97,al-
beit with a richersyntaxandtypesystem,anda morerefined
semantics. It can expressmany commonmodels,suchas
Bayesiannetworks, relationalprobability models,stochastic
logic programs,hiddenMarkov models,dynamicBayesian
networks and stochasticcontext free grammars. All these
modelsaregenerative in nature,defininganexperimentthat
stochasticallygeneratesvaluesfor variables.Therichnessof
themodelis encodedin theway thevaluesaregenerated.

Anotherflavor of probability model is a rejectivemodel.
In a rejective model, the datais generatedby a very simple
process,e.g. uniformly, but datathat fails to satisfycertain
constraintsmayberejected.Therichnessof themodelis en-
codedin therejectionprocess.A goodexampleof arejective
model is a product of experts(POE) [Hinton, 2000]. In a
POE,a datum � is generateduniformly, andthenpassedto
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a setof probabilisticexperts. Eachexpert T accepts� with
some� probability %�(�
 �6� thatdependson a propertyof � . The
datais acceptedonly if all expertsacceptit. Theprobability
of any datum � is proportionalto � ( % ( 
 ��� .

IBAL is ableto expressrejectivemodelsby makingobser-
vationsan integral partof the language.An observationis a
declarationof the form ��� ��� . Recall that this is the syn-
tax usedfor Booleanpredicates.An observation is simply a
statementthata certainpredicateis true.

Thus, for example,the generalschematicform of a POE
model is expressed as follows.

generate() = �a�b� (* producea uniform datum*)
x = generate()
(* for eachexpert � , thefollowing code*)
expert� (x) = . . . (* return’acceptor ’reject*)
expert�V����� 3 4 ’accept
Anotherkind of modelthatcanbeexpressedusingobser-

vationdeclarationsis aMarkov randomfield(MRF). An MRF
is an undirectedanalogueof a Bayesiannetwork, but it can
alsobe viewed asa type of POE.An interestingeffect is at
work here.IBAL’sexpressionlanguagedefinesdirected,gen-
erative models,but theobservationlanguageimplementsthe
undirectednotion of a constraint.As a result,IBAL is able
to expressboth directedandundirectedmodels,andcombi-
nationsof thetwo. It is importantto stressthatobservations
areanintegralpartof thelanguage,andnotsomethingpasted
ontoa modelafter thefact in orderto conditionit. They can
occurwithin blocksandfunctions,andthereforethey canbe
composedtogether, just like generative definitions. All the
power of a modular, functionallanguageis therebyextended
to rejective models. Of course,IBAL also allows rejective
modelsto becombinedwith generativemodels.For example,
onenaturalwayto build alanguagemodelis to useastochas-
tic context freegrammarastheinitial generatorof sentences,
andthenuseprobabilisticconstraintsto expressglobalprop-
ertieslikeagreementandsentencelength.

In definingthesemanticsof observationsin IBAL, onesub-
tle pointmustbestressed.An observationin ablockcanonly
condition variablesdefinedwithin the block, not free vari-
ables.As far asa containingblock is concerned,the defini-
tion of a containedblock is consideredto bea blackbox. It
simplydefinesadistributionoverthevalueof theblock,given
valuesfor the free variables.Thecontainingblock neednot
concernitself with whetherthis distribution is definedgener-
atively or rejectively. Failure to enforcethis rule would bea
seriousviolationof modularity.

We get theright effect simply by modifying thedefinition
of OV*"+-, P 7RQ S for thecaseof blockexpressions.Now, in addition
to definingvaluesfor eachof thecomponentsof theblock, it
will alsomake surethatall theobservationsin theblock are
satisfied. If they arenot, the generatedvaluesfor the block
arerejected,andthe processis repeated.The resultingdis-
tribution definedby theblock is conditionedon theobserva-
tionsbeingsatisfied.It is, of course,possibleto definea set
of observationsthat fail with probability1, in which casethe
attemptto generatea valuefor theblock will go on for ever.
In that case,the valueof the block is 5 . Note that because
therejection/repetitionprocessis containedwithin theblock
itself, only thevalueof theblock itself is conditionedby the

observations,not thefreevariables.

3.3 Learning

Observationsprovide the basisfor integrating learning, in
the form of Bayesianparameterestimation,into the IBAL
framework. Unknown probability parametersare specified
usingprior declarations,which have the form learn ���
dirichlet $ � ��n � � �������:� � ��n � � & .

A prior declarationof this form achievestwo things.First,
it definesa probabilistic parameter� w � � w� ��������� � w� , and
specifiesaDirichlet prior overtheparameter. The �s( arepos-
itive realnumbers,specifyingthethehyperparametersof the
Dirichlet. Second,aprior declarationalsocreatesadefinition
for � , equivalentto ��� dist $ � w� n � � �������:� � w� n � � & .

We canview an IBAL programwith prior declarationsas
specifyingajoint model,thatdefinesajoint probabilitydistri-
bution over the modelparametersandthe valuereturnedby
the program. Observationsconditionthe joint model in the
standardBayesianway. Let usrefinethecoinsexamplefrom
earlierby addingpriorsandobservations.

fair() = 1 result= dist [0.5 : ’h, 0.5: ’ t] 2
biased() = 1 learnresult= dirichlet [90 : ’h, 10 : ’ t] 2
pick() = 1 learnresult= dirichlet [1 : fair, 1 : biased]2
coin = pick().result
x = 1 y = coin().result; z = coin().result2
x.y 3 4 ’h

A fair coin is known to produce’h with probability0.5.The
probabilityof ’h for a biasedcoin is unknown, but its prior
is peaked around0.9, while the prior over which coin gets
pickedis uniform. As before,coin is theresultof pickinga
coin,andx.y andx.z aretwo tossesof coin. Wealsohave
an observationthatx.y cameout ’h. This observationhas
multiple effects.First,because’h is morelikely for a biased
coin, theprobability thatcoin is biasedis increased,which
in turn increasesthe probability thatx.z is ’h. The obser-
vation also conditionsthe probability parameters.Because
coin, a result of applyingpick, is likely to have turned
out biased,we will geta posteriorover thepick parameter
that is moreweightedtowardsa biasedresult. Furthermore,
becausecoin mayhave beenbiased,andbecausea tossof
coin cameout’h, theposteriorfor thebiased parameter
is alsoweighedslightly morestronglytowardsheads.

With its learningcomponent,IBAL is able to do param-
eterestimationfor many commonmodels,including hidden
Markov models,stochasticcontext freegrammarsandprob-
abilistic relationalmodels. Furthermore,learningin IBAL
is not just “addedon” to theprobabilisticrepresentationlan-
guage,but is thoroughlyintegratedinto the language. As
a result,the benefitsof compositionalityandmodularityare
obtainedfor representinglearningtasks.In particular, IBAL
is goodat representinga cumulative learningframework, in
which smallermodelsare learnedandthenusedascompo-
nentsof larger learning problems. Just as observations
only conditionvalueswithin their scope,they areonly used
to learnaboutmodelparameterswithin their scope.Thusa
compositionallearningprocesscan be specifiedby provid-
ing a nestedscopecontainingall thedataandparametersfor
a learningsubproblem,anda containingscopethat usesthe
resultsof thesubproblem.
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In definingthesemanticsof learningin IBAL, we needto
get a� subtlepoint correct. If a prior declarationappearsin
thebodyof a function,thesameparametervaluesshouldbe
usedevery time thefunction is applied.This is fundamental
to learning— differentobservationsof thesamefunctionare
all observationsaboutthe sameparameter!This meansthat
in termsof the generative semantics,the parametervalueis
not returnedby eachapplicationof thefunction,but ratherit
is generatedwhenthe function is defined,andstoredaspart
of theclosurerepresentingthevalueof thefunctionobject.

To achieve this effect, we make the following definition.
Theparametersdirectly insidea block arethe parametersof
prior declarationsdefinedin the block, that are not nested
in the body of a lambdaexpression. In the generative pro-
cess,thevaluesof theparametersdirectly insidethebodyof
a lambdaaregeneratedat thetime theclosureis created,and
thesevaluesareusedfor all futureapplicationsof theclosure.

Theremainderof thesemanticsstaysbasicallythesameas
before. Whena definition resultingfrom a prior declaration
is encountered,therelevantparametervaluesarelookedupin
theenvironmentandusedto choosewhichbranchis taken,in
thesamewayasfor adist expression.

3.4 Decisionsand Utilities
The representationof decisionproblemsin IBAL is geared
towardstwo popularmodels: influencediagrams(IDs) and
Markov decisionproblems(MDPs). IBAL can easily rep-
resenttheseand other models, including various kinds of
structuredMDPs. A decisiondeclarationin IBAL hasthe
form choose � from 
 � ��������� 
 � given � � ��������� �)� �
This specifies the name � of the decision variable, its
range 
 �"�������:� 
 � , and the information available to the de-
cision maker, the chains � � ��������� ��� (called the informa-
tional parents of � ). A block may contain multiple de-
cision declarations, in which case we enforce the no-
forgetting rule of IDs, that the informational parentsof
later decisionsalways include thoseof earlierdecisions,as
well as the decisionsthemselves. A reward declaration
is either receive case � of $ �6� : � �����������/�)� : � �C& or
receive ��� . Thefirst form statesthattherewarddepends
on thevalueof � , andit is therealnumber� ( associatedwith
thefirst pattern� ( that thevaluesatisfies.Thesecondstates
that therewardis � timestherewardof � , where � is a pos-
itive real number. A block mayhave multiple rewarddecla-
rations,in which casethetotal rewardis thesumof theindi-
vidual rewards.For example,a typical MDP is schematically
representedasfollows:

MDP(s)= 1 (* takescurrentstateasargument*)
transition(s,a)= . . . (* returnsnext state*)
reward(s,a)= 1 rewardcase(s,a)of [(’ s1,’a1) : 3, . . . ] 2
choosea from a1,a2givens
next state= transition(s,a)
currentreward= reward(s,a)
future reward= MDP(next state)
reward1 currentreward
reward0.9future reward 2
Threepointsmustbemadeabouttherepresentationof de-

cisionproblemsin IBAL. Thefirst is thateachblock consti-
tutesa distinct decisionproblem. A block with decisionsis
viewedasidentifying an implicit agentwho makesthedeci-
sionsandreceivesthe rewardsmentionedin theblock itself.

Decisionsandrewardsin nestedblocksimplementthenotion
of delegation;decisionsin the nestedblock do not consider
theireffectsonthecontainingblock. Thereasonfor enforcing
this interpretationis similar to the reasonobservationsdon’t
conditionvaluesoutsidetheirscope;thealternativewouldre-
sult in a seriouslossof modularity. If an agentin a nested
blockhadto beconcernedaboutrewardsin thecallingblock,
thedecisionsfor thenestedblock would no longerbedeter-
minedsolelyby its freevariables.Thereforea programcall-
ing thenestedblockcouldno longertreatit asa blackbox.

The secondpoint to clarify is that it is assumedthat the
valuesof free variablesarealwaysknown to an agentmak-
ing the decisionsin a block. Onceagain,failure to enforce
this restrictionwould result in a modularityproblem. If the
agentdoesnot know thevaluesof thefreevariables,it must
know thedistributionover thosevaluesin orderto makeara-
tional decision.But then,thedistribution definedby a block
dependsnot only on the valuesof the free variables,but on
their distribution. This is an unfortunaterestriction,sinceit
preventsIBAL from beingcapableof representingPOMDPs.
Thesituationcanperhapsbesalvaged,by borrowing theidea
of belief statefrom POMDPs,andaddingit asan extra im-
plicit input to theblock.

The third point is the relationshipbetweenobservations
anddecisionsin ablock. We assumethatall observationsare
known to the decisionmaker, even if they appearlexically
subsequentto the decision. The reasonis that the observa-
tionsareviewedsimply aspartof thedefinitionof theprob-
ability distribution over theblock’s values,andwe make the
assumptionthat thedecisionmaker knows thecorrectdistri-
bution. A resultof this assumptionis thatwe disallow obser-
vationsstatementto mentionvariablesthat depend(directly
or indirectly)onthedecisionsin ablock. Thisrestrictionpre-
ventsthesemanticsof learninganddecisionsfrom interfering
with eachother.

In defining the semantics,we begin with utilities. With
every value < we associatea utility ��
@< � . For non-complex
values��
>< �?� M . For complex values� 
@< � is determinedby
therewarddeclarationsin theblock in which < wascreated.
Recall that a complex valueis createdby OV*�+-, P 7VQ S . We ex-
tendthe definition of OV*"+-, P 7RQ S so that it alsoproduces��
>< �
after producing < . We set ��
>< � to be the sumover reward
declarations� in + of �=¡¢
@< � , definedas follows. If � is
reward case � of ��� n � �������������)� n � � ,�=¡¢
>< ���£q � ( if �=
@< �¤� � 7>v � ( and �=
>< � F� � 7Wv � i for ¥ ¦�TM if �=
@< � F� � 7>v � ( for T �§Nd�������:�/U
where ;bA is the environmentresultingfrom extending ; with
thebindingsin < . If � isreward �s� , � ¡ 
@< ��� �©¨D��
W�=
@< ��� .

Now for decisions.A strategy ª for block + is a decisionª'« Q ¬ for eachdecisionstatement­ andeachvalue ® of the
informationalparentsof ­ . Givenanenvironment; in which
to evaluate+ , andaparticularstrategy ª , wedefineafunction��
X+ � 7VQ S¯ , whosemeaningis theutility for + , givenstrategy ª ,
bindingsof freevariablesin ; , andrandomchoicesspecified
by K . Holding ; , + and ª fixed, this function is a random
variableon the spaceof sequences.Taking the expectation
of this functionoversequencesproducestheexpectedutility;
theoptimalstrategy for + is thentheonethatmaximizesthis
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expectedutility. Thedefinitionof OV*"+-, P 7VQ S now proceedsby
first choosingª±° �³²d´/µl¶ ²�· ¯�¸ S $ � 
W+ � 7RQ S¯ & ,andthenprocess-
ing theblockasbefore,using ª±° to choosethevaluesof each
decisionvariablegivenits informationalparents.

3.5 Pragmatics
The IBAL languageallows a wide varietyof differentkinds
of modelsto beexpressed.Thereis no singlebestinference
algorithmto usefor all models. While IBAL implementsa
gooddefault algorithmthat shouldwork well in many situ-
ations,it alsoallows the possibility of usingothermethods.
The programmercanspecify control knowledgeon how to
solveaprogramin theform of pragmaticdeclarations. These
couldeitherspecifywhatalgorithmto use,or detailsof how
to usea particularalgorithm,suchasspecificeliminationor-
deringsfor variableelimination.

Becausepragmaticdeclarationsare part of a block, they
only specifyhow to do inferencein thatblock andits nested
blocks.Furthermore,pragmaticdeclarationsin anestedblock
canoverridethosein a containingblock. Thesefeaturesal-
low fine,modular, controloverhow inferenceis done,allow-
ing complex modelsto be built in which differentinference
methodsareusedfor differentcomponents.

It is anticipatedthat pragmaticdeclarationswill often be
usedby library designers.The userof a library is shielded
from thinking abouthow the library modelswill be solved.
This modularityof inferencemethodsmay turn out to be as
importantas modularity of representationin building com-
plex probabilisticagents.

4 Example
In this section,I illustratehow a declarative high-level rep-
resentationlanguagethatunifiesprobabilisticreasoning,de-
cision theoryandparameterestimationcansimplify andin-
tegratethe implementationof sophisticatedrational agents.
Considerthetaskof implementinganautomatedreceptionist
agent.Thejob of theagentis to receivespokenrequestsover
thephoneandto respondto themappropriately. Requestsin-
cludeaskingfor directionsandtalking to a particularperson;
responsesincludegiving directions,connectingto an exten-
sion,andaskingthecallerto repeattherequest.

In a decision-theoreticdesignfor this agent,the agentre-
ceivesautility basedonhow well its responsematchestheac-
tual requestof theuser. Of course,theagentdoesnotobserve
theactualuserrequest,but only a sequenceof signals.In the
decisionmodel,therewill beaprior distributionoverrequests
andaconditionaldistributionof signalsgivenrequests.

With existing tools, it is difficult to implement this
decision-theoreticdesign using a single, coherentmodel.
Instead,a typical implementationmight consistof several
components,eachof which is probabilistic, but which are
stitchedtogetherin an ad-hocmanner. Therewill typically
beaspeech-recognitioncomponentthatdeterminesthelikely
wordsthat generatedthe received signal; a languagemodel
that can determinethe probability that a particular request
generateda particularsentence;and a high-level influence
diagramfor decidingwhat to do. The resultsof the speech-
recognizerand requestgeneratorare fed into the language

model. The resultsof the languagemodel are fed into the
influencediagram.Theoverall resultmaynot be a coherent
probabilisticmodel.Furthermore,it maybehardto tailor the
componentsfor their usein this application. For example,
gettingthespeechrecognizerto recognizeunusualnamesof
individualsin the company might requirean extra engineer-
ing effort.

With IBAL, the wholeapplicationcanbe describedusing
a single declarative model. At a high-level, the generative
modelconsistsof threesteps:a requestgenerationfunction,
a function that generatessentencesbasedon requests,anda
function that generatesphonemesequencesfrom sentences.
For the decision-makingcomponent,the agentis given the
phonemesequence,andchoosesaresponse.Theagent’sutil-
ity isdeterminedfromtherequestandtheresponse.Thehigh-
level codelookslike this:
request= make request()
sentence= make sentence(request)
phonemes= make phonemes(sentence)
chooseresponse.typefrom GiveDirections,Connect,Repeat
chooseresponse.whofrom fred,wilma
receive match(request,response)

I will now describe,in turn, thethreegenerative stepsand
the utility computation.The functionmake request pro-
ducesa request.A requesthasatype field, whosevalueis
eitherGetDirections orTalk. A Talk requestalsohas
awho field, whosevalueis a person.A personis a complex
valuewith threefields: name, title andextension. In
a typical programminglanguage,thetypeof name would be
string, becausewhat we typically want to do with namesis
comparethem, readthem and print them. In this applica-
tion, however, themostimportantthing abouta nameis how
it tendsto be pronounced.Thereforethe type of name is a
function that stochasticallygeneratesa phonemesequence.
Thesameis truefor title. Themake request function
is asfollows:
make request()= 1

learnwho= [1 : fred,1 : wilma]
learntype= [20 : GetDirections;80 : Talk]2
Generatingthe requestinvolveschoosingtwo things: the

type of the request,and the person,if the requestis to talk
to a person.Both choicesaremadelearnable.Theagenthas
lots of pastexperienceaboutwhat kinds of requeststendto
begenerated.Theseareexpressedby observationstatements
asfollows:
r1 = make request()
r1 � type 3 4 GetDirections
r2 = make request()
r2 � type 3 4 Talk
r2 �who 3 4 wilma
...

Themake sentence functionproducesa sentencefrom
a request.A sentenceis a list of words,eachof which is a
functionthatstochasticallyproducesalist of phonemeswhen
activated. Here I illustrate with an extremely simple sen-
tencegenerationmodel; in a real application,a morecom-
plex grammarmodel might be used. Even this simple ex-
ampleillustratesthepower of passingarounddatastructures
thatcontainfunctionsin fields. Thesentencegeneratorsim-
ply slots the given person’s nameor title in the appropriate
place. ( $ � ��m ����� m � � & is the list containing� � ����������� � , and ¹
is thelist concatenationoperator.)
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make sentence(request)=
if requestº � type 3 4 GetDirections

then[can;you;give;me;directions]
else[connect;me;to]»

[dist [0.5:request.who.name,0.5:request.who.title]]

The make phonemes function takes a sentenceand
producesa list of phonemes. Since each word in the
sentenceis a function that generatesphonemesequences,
make phonemes justexecuteseachof thewordsin thesen-
tence,andconcatenatestheresults.Theindividualwordmod-
els would probablybe hiddenMarkov Models,andmay be
partof aspeechrecognitionlibrary. Unusualnamesof people
may not be in the generichMM library, but the library may
provideafunctionthatcreatesanew, trainablehMM thatcan
belearnedfor aparticularname.

make phonemes(sentence)=
if sentence� is empty

then[]
elsehead(sentence)()@ make phonemes(tail(sentence))

Finally, the utility model takes the requestand response,
andproducesautility of 1 if therequestmatchestheresponse.
If theresponseis RepeatPlease,theutility is 0. An incorrect
responsehasutility -5.

match(request,response)= 1
correct=

(request� type 3 4 GetDirections¼
response� type 3 4 GiveDirections)½

(request� type 3 4 Talk ¼
response� type 3 4 Connect¼
request�who 3 4 response�who)

receive
if correct

then1
elseif response� type 3 4 Repeat

then0
else-52

5 Implementation Overview
Theinferencetasksin IBAL areto estimatethelearnablepa-
rameters,to computethe utility maximizing decisions,and
to solve for the conditionaldistribution over variouschains,
given valuesfor other chains. The tasksare accomplished
in thatorder. Sincedecisionscannotinfluenceobservations,
they areirrelevant to the learningtask. Oncetheparameters
have beenlearned,the expectedutility for any strategy can
be computedandthe decisiontaskcanbe solved. Oncethe
decisionshave beenfixed, the distribution over all valuesis
known andtheprobabilisticreasoningtaskcanbesolved.

IBAL is implementedin Objective CAML, a variant of
ML. The designof the implementationis divided into four
parts.Thefirst componentis a frontendconsistingof aparser,
typechecker, andtranslator, whosejob is to producecodein
shallowform. In shallow form, nestedsubexpressionsarere-
placedby chains,andonly simplepatternsareallowed. The
secondcomponentis asetof supportmodules. Theseinclude
a ubiquitouspolymorphiccontainertype implementingeffi-
cient mapsfrom chainsto valuesof any kind, aswell asa
generalimplementationof events, which aremeasurablesets
of values,andfactors, which aremeasurablefunctionsfrom

valuesto elementsof aring. Eventsandfactorssupportavery
generalizedversionof thevariableeliminationalgorithm.

The third componentimplementsthe main line of infer-
ence. The main line begins with codein shallow form, and
proceedsthrougha sequenceof steps. The first stepis do-
main generation in which the support ­¾
>� � of eachchain
usedin the programis computed. Domaingenerationuses
rulessuchasthefollowing: for a definition ® � dist $ % ��n� ���������:� % � n � �C& , ­¾
>® � is the union of the ­¾
>�)( � . Domain
generationalsousesobservationsto restrictthedomains.Do-
main generationmay be followed by an optionalconstraint
propagation step, which further restricts the domains,by
propagatingobservationsbackthroughthedefinitionsin the
program. Constraintpropagationmay be worthwhile since
it is cheaperthanthe full-scalevariableeliminationprocess
performedlater.

The secondstepis to computethe neededchains that are
actually relevant to answeringa query. Theseinclude all
chainsthat influencequeryvariablesor observed variables,
directly or indirectly. This computationstepis particularly
importantin recursivemodelssuchasstochasticgrammars.It
deduces,for example,that in orderto determinewhetherthe
first word of a sentenceis “the”, only the first non-terminal
needbeexpandedat any stage(assumingthereareno ; pro-
ductions).

Thekey stepin the main line, factor production, converts
eachdefinitionin theprograminto a setof factors.Thegoal
is to producefactorsthat areassimpleaspossible;dummy
variablesmaybeintroducedto achievethis. For example,for
a definition �G�¿� , suppose� and � arecomplex, with ��� À
and ��� + needed.Two separatefactorswill be produced,one
enforcingthat ��� À and �6� À areequal,andtheotherfor ��� + and�6� + . For a definition �Á� dist $ % � n � ����������� % � n � �C& , a
dummyvariableª is introduced,to representwhichbranchis
actuallytaken.Thedummyvariableservesto separatethe ��(
from eachother;without thedummyvariable,they would all
haveto appearin thesamefactor. A setof factorsis produced
for eachbranchT , sayingthat if ª takesthevalue T , thenthe
componentsof � and �)( musthave the samevalue,but if ª
takesany othervaluethis branchis irrelevantandthereis no
constrainton � and ��( . An additionalfactor sayingthat ª
takesvalue1 with probability % � , . . . , U with probability % �
is alsoproduced.

The final solutionstepis variable elimination, asis com-
monly usedfor BN inference. The setof factorscomputed
by factorproductionrepresentsasumof productsexpression.
All variablesexceptfor queryvariablesandfreevariablesin
a block areeliminatedfrom the factors,andthe result is the
conditionalprobability of the queryvariablesgiven the free
variables.All solutionstepsexceptfor thefinal variableelim-
inationarerecursive;arecursivecall is usedto processnested
blocksandfunctionapplications.

Thefinal componentof theimplementationis thegluethat
holdseverythingtogether. Eachof thesolutionstepsis turned
into a dynamicprogrammingalgorithm,whereall recursive
calls are looked up in a cachebeforesolving them explic-
itly. Also, an iterative deepeningstrategy is usedto provide
ananytimeapproximationalgorithmfor queriesthatmaynot
terminate. Theserecursionstrategiesare implementedin a
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generic,modularway. For example,adynamic function is
providedÂ that takesa recursive algorithmandproducesa dy-
namicprogrammingversionof thesamealgorithm.Theglue
is alsoresponsiblefor handlingpragmatics.

The glue is implementedusinga programmingtechnique
in which a recursive function Ã takesa specialargumentÄ .
When Ã recurses,ratherthan calling itself directly, it callsÄ . Thus Ã is a function with a “hole”, which needsto be
filled in. All the recursionstrategies can be implemented
as ways of filling in the hole. The simplestway to fill in
the hole is to plug Ã into itself, which givesthe basicrecur-
sion pattern. But anotherpossibility is to definea function
cached 
WÃ � which looks for a result in a cachebeforecall-
ing Ã , calls Ã if the result is not found,andstoresthe result
of calling Ã in the cache.If cached 
WÃ � is pluggedinto it-
self, theresultis adynamicprogrammingalgorithmbasedonÃ . Similarly, depth-bounded 
 U=� ª � Ã � producesa version
of Ã thatstopsrecursingaftera recursiondepthof U , return-
ing ª instead. Recursionstrategiescanbe composedusing
the methodof functionswith holes. This provides a nice,
modularway to dealwith multiple inferencemethods.Each
inferencemethodis invoked by a pragmaticshandlerthat
recognizesa particular type of pragmaticdeclaration. The
pragmatichandlerscanbe installedon top of eachother, so
that every recursive call resultsin the all the handlersbeing
checked. The inferencemethodsthemselvesdo not needto
know whathandlersareusedfor therecursivecalls.

All three inferenceproblemsusedynamicprogramming
with the main line of inferencedescribedabove. Decision
making is basedon ID algorithms,using backward induc-
tion to solve the decisionsin a block from the bottom up.
For MDPs,thealgorithmreducesto valueiteration(because
of the dynamicprogrammingcomponent)with reachability
analysis(becauseof the domaingeneration).For the prob-
abilistic reasoningtask, all reasoningis directedtowardsa
particularquery; pruning of the problemto thosevariables
required for the query is accomplishedby computing the
neededchains. For probabilisticreasoningtasks,the algo-
rithm reducesto regular variable elimination for standard
BNs, while the dynamicprogrammingmakes it equivalent
to forward-backwardfor HMMs andtheinsidealgorithmfor
SCFGs.Finally, parameterestimationusesa generalversion
of the EM algorithmto computemaximuma-posterioripa-
rametervalues. This is only an approximationto the true
Bayesianposterior, of course.TheE stepconsistsof usingthe
maininferenceline to computehow many timeseachbranch
wastakenfor eachprior declaration.Thesearetheexpected
sufficient statistics.TheM stepcombinestheexpectedsuffi-
cientstatisticswith theDirichlet hyperparametersto produce
new parametervaluesthathavemaximumposteriorprobabil-
ity given the expectedsufficient statistics. Again, the com-
binationof variableeliminationwith dynamicprogramming
resultsin the algorithmreducingto the typical EM usedfor
BNs, Baum-Welchfor HMMs, andtheoutsidealgorithmfor
SCFGs.

I do not claim that IBAL will beanefficient inferenceal-
gorithm for all applications.Someproblemsare inherently
hard,or requirespecialmethods,anda varietyof algorithms
is needed. I do believe that IBAL integratesa numberof

widely usedmethods,and therebyprovidesa good default
algorithm.Furthermore,thesupportmodulesandgluemake
it easierto extendthesystemwith alternativemethods.

6 Conclusionand Future Work
IBAL is a rich declarative programminglanguagefor de-
scribing probabilisticmodels,decisiontheoreticsituations,
andBayesianparameterestimationproblems.Thispaperhas
presenteda syntaxand semanticsfor the language,and an
overview of an implementationwith probabilisticreasoning,
utility maximizationandparameterlearning.

Futurework on IBAL is divided into implementationen-
hancementsthat are practically useful but not too theoreti-
cally challenging,andmoresignificantextensionsto theex-
pressivepowerof thelanguage.Plansin thefirst category in-
cludeimplementinga varietyof approximatesolutionmeth-
ods;providing librariesto implementcommonkindsof mod-
els,andusefulstructuressuchassetsof objects;andextend-
ing thetypesystemto includealgebraicdatatypesandpoly-
morphictypes,modeledon ML.

Oneof the main future tasksin the secondcategory, is to
supportthe learningof model structureas well as parame-
ters. In keepingwith thephilosophythateverythingthatcan
be donein IBAL shouldbe thoroughlyintegrated,this will
requirea muchricher languagewith which to expresspriors,
includingpriorsover structure.Anotherimportantextension
is to provide a way to describehow an IBAL agentinteracts
with its environment;in otherwords,to providea declarative
descriptionof theI/O capaboilitiesof theagent.A final task
is to allow multiple agentsinto the IBAL framework. Not
only would this allow IBAL to be usedfor modelinggame-
theoreticsituations,it would alsoprovide a way to describe
agents’modelsof otheragents.While thesetaskspresenta
rangeof interestingandchallengingissues,IBAL providesa
goodfoundationwith which to begin tacklingthem.
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