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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 paperpresentdBAL, arationalprogramming
languagefor probabilistic and decision-theoretic
agents.IBAL providesarich declaratve language
for describingprobabilistic models. The expres-
sion languageallows the descriptionof arbitrarily
complex generatie models. In addition, IBAL's
obsenation languagemalesit possibleto express
andcomposeejectve modelsthatresultfrom con-
ditioning on the obsenations. IBAL also inte-
gratesBayesiarparameteestimatioranddecision-
theoreticutility maximizationthoroughlyinto the
framawork. All theseare packagedogetherinto a
programminganguagehat hasa rich type system
andbuilt-in extensibility. This paperpresenta de-
tailedaccounbf thesyntaxandsemanticef IBAL,
aswell asanoverview of theimplementation.

1 Intr oduction

In a rational programminglanguage,a programspecifesa
situation encounteredy an agent; evaluatingthe program
amountgo computingwhatarationalagentwould believe or
do in the situation. Rationalprogrammingcombineshe ad-
vantagesf declaratve representationwith featuresof pro-
gramminglanguagessuch as modularity compositionality
andtypesystemsA systemdesigneneednotreinventtheal-
gorithmsfor decidingwhatthe systemshoulddoin eachpos-
sible situationit encounters.lt is sufiicient to declaratvely
describethe situation,and leave the sophisticatednference
algorithmsto theimplementorof thelanguage.

One canthink of Prolog as a rational programminglan-
guage,focusedon computingthe beliefs of an agentthat
useslogical deduction.In the pastfew yearstherehasbeen
a shift in Al towards specificationsof rational behaior in
termsof probabilityanddecisiontheory This papermpresents
IBAL, aprobabilisticrationalprogramminganguagel!BAL,
pronouncedeyeball”, standsfor IntegratedBayesianAgent
LanguageAs its namesuggestsit integratesvariousexpects
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of probability-basedational behasior, including probabilis-
tic reasoningBayesianparameterestimationand decision-
theoreticutility maximization.

IBAL makesfour main contribtutions. Thefirst is a highly
expressve languagdor representingrobabilitymodels that
is significantly more expressive than previous languages.
Second,IBAL integratesa languagefor probabilistic mod-
eling, Bayesianlearningand decisiontheory undera single
coherentsemanticframework. Third, it providesa unified
inferenceenginefor solving reasoninglearningand utility
maximizationproblemsthatgeneralizealgorithmsfor mary
standarckindsof models.Finally, IBAL is packagedogether
into a usableprogramminganguagewith featuressuchasa
strongtype systemandbuilt-in extensibility.

IBAL is designedwith threekinds of usersin mind. The
firstis thesystenmodelerwho maynotbeanexpertin prob-
abilistic reasoningFor this type of userthe basicsof thelan-
guageshouldbe reasonablyeasyto learn,andit shouldbe
fairly easyto comeup with decentmodelsfor mary domains.
This kind of userwill benefitgreatlyfrom a good selection
of librariesimplementingstandardinds of models. Also, a
good default inferencealgorithmis neededthat can be ex-
pectedo do reasonablyvell onalarge numberof models.

The secondkind of useris a modeling expert, who un-
derstandsvell theinferencealgorithmsfor probabilisticrea-
soning. For the expertuser the languageshouldprovide the
powerto carefullytweakthemodelbeingusedandto control
whatinferencealgorithmis usedto evaluatedifferentpartsof
themodel.

Thethird kind of useris the Al researchemwho maywant
to introducenew kinds of probabilisticmodelsand new in-
ferencealgorithms. IBAL makesit easyto introducenew
modelsvia libraries,andtheimplementatiorframewnork pro-
videssupportfor building new algorithmsandextendingthe
inferencecapabilitiesof the system.

Spacdimitationspreventafull descriptionof boththelan-
guageandtheimplementationn this paper Thenext section
providesa fairly detailedaccountof thelanguageandits se-
mantics. Section4 presentsan extendedexample,shaving
how the variouscomponent®f IBAL canbe usedtogether
to provide a declaratve implementatiorof a fairly complex
decision-theoreti@agent. Section5 presentsan overview of
themainfeaturesof theIBAL implementation.
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2 Genealogyand RelatedWork

Themostdirectpresucrsoto IBAL is thelanguageof [Koller
etal., 1997, hereinaftereferredto asKMP97. KMP97 is
a Lisp-like languagesxtendedwith af | i p constructto de-
scriberandomevents.IBAL extendsKMP97 in a numberof
powerful ways. IBAL’s basicdefinition and expressionlan-
guagefor describinggeneratie probabilisticmodelsis simi-
lar to KMP97, but significantlyricher, particularlyin its use
of higherorderfunctions. In addition, IBAL usesobsera-
tionsto conditiondistributions,which allows it to easilyde-
scribea muchricher classof models. IBAL alsointegrates
decisionsaandlearninginto theframework, whicharenotpro-
videdby KMP97.

IBAL is alsoindebtedto recentwork integrating proba-
bilistic andfirst-orderrepresentatiotanguages.Two recent
strandsin thatdirectionarerelationalprobabilitymodels[ Pf-
effer etal., 1999, andstochastidogic programgMuggleton,
200d.

Otherprojectshave tried to integratean expressve mod-
eling languagewith at leastsomeaspectof learningor de-
cision theory Another project similar in spirit to IBAL is
DTGolog [Boutilier et al., 200d, which integratesdecision
theoryinto the Golog actioncacululus. It is basedon logic-
programmingatherthanthefunctionalprogrammingrame-
work IBAL uses.Also, its rootscanbetracedbackto Markov
decisionprocessesyhile IBAL's rootsarein Bayesiannet-
works. As a result, the two systemshave quite a different
approacho inferencefor example thereis no notionof vari-
ableeliminationin DTGolog. Also, DTGolog doesnot inte-
gratelearninginto the framework.

[McAllester, 2000 presentsa languagebasedon KMP97
for describingdecisionproblemsand the policies usedby
agentsandfor calculatingtheexpectedutilities of theagents.
Unlike IBAL, thereis no attemptto solve the decisionprob-
lem and computethe optimal policies. [Cumby and Roth,
2004 integrateslearning and reasoningin an expressie,
compositionalanguagebut onethatis not probabilistic.

3 ThelBAL Language

IBAL providesa declaratve languagefor describingproba-
bility distributions,parameteestimatiorproblemsandutility
maximizationproblems. The top level languagecomponent
in IBAL is ablock. A block consistsof a sequencef decla-
rations Therearea numberof kinds of declarationsinclud-
ing definitionsstatinghow valuesof thingsarestochastically
generatedpbservationsstatingthat somepropertyholds of
generatedialues;priors describingthe prior probability dis-
tributionsoverlearnablgparametersjecisiongdescribinghe
decisionghatan agentmakesandtheinformationit has;re-
wards describingthe rewardsan agentreceves; and prag-
matics containingcontrolknowledgeon how to performin-
ferencein a block. | will describesachof thesein turn. For
the sale of presentatiorl will presentthe semanticsof the
languagencrementallyas| discussachkind of declaration.
However, the discussion®f semanticsare somavhattechni-
cal,andcanbe skippedon first reading.
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3.1 Definitions

A definition stateshow the value associatedvith a nameis
generated.A nameis a symbolsuchasz; a chain is a se-
quenceof namessuchas z.y.z. A definition hasthe form
x = e, Wwheree is anexpressiornwith oneof theforms:

(Constant) " s wheres is asymbol
(Chain) o
(Function) AMz1,...,x,) > €
(Conditional) if e; E7 then e; el se e

wherer standsor a pattern,discussedbelow
(Dist) di st [piie1,-..,Pnl€n)

wherethe p; areprobabilitiessummingto 1
(Block) {b} whereb is ablock

(Application) eg(e1,...,en)
A patterndefinesaconditionthatmaybesatisfiedoy avalue.
Thenotatione = m standdor the predicatethatis trueiff the
value of expressiore satisfiesthe patternw. A patternmay
specifyequalityto a constanta chain,it maybethenegation
of apattern,or theconjunctionor disjunctionof two patterns.
In additionto the above expressionsyntax,the language
provides plenty of syntacticsugar suchas casestatements
andeasiersyntaxfor definingfunctions. Thereis alsoatype
systemdiscussiorof whichwill beomittedfor lack of space.
Theintuitivemeaningof adefinitionz = e is thatit defines
astochasti@xperimentgeneratinghevalueof z. Considera
simpleexample:
fair) =dist[0.5:h, 0.5: 1]
biased()=dist[0.9:’h, 0.1: ']

pick() =dist[0.5: fair, 0.5: biased]
coin = pick()
X ={y=coin(); z=coin() }

Intuitively, f ai r andbi ased are functionsthat return
either’ h or’ t with appropriateprobabilities. The function
pi ck is a higherorderfunction that returnseither the fair
or biasedfunction. The value of coi n is generatedy ap-
plying pick; it is eitherf ai r or bi ased. The expression
definingx is a block expression;x is a datastructurewith
componenty andz, both generatedy applyingthe value
of coi n. Chainsx. y andx. z aremutually dependentn
whethercoi nisf ai r or bi ased, but they are condition-
ally independengiivencoi n.

IBAL inheritsfrom KMP97 the ideaof usinglazinessto
allow infinitely long experimentgo be defined,only someof
whoseresultsmaybeneededFor example:
real()= { first=dist[0.5: 'zero,0.5:’one]

rest=real() }
lessthanhalf = real first)= "zero

Here,r eal definesa uniform distribution over realnum-
bers between0 and 1, representedby their binary ex-
pansion. Executingr eal involves an infinite recursion,
but only the first bit is neededto determinethe value of
| ess_t han_hal f , which is the value of a Booleanpredi-
catethatlooksonly atr eal . first. We canthink of exe-
cutingr eal lazily, to getthe singlebit needed.

I will now make theseintuitions precise. Thereare four
kinds of valuesin IBAL: (1) Symbolssuchas heads and
true; (2) A specialundefinedvalue,denotedby L ; (3) Com-
plex valuesthatconsistof anenvironmentwhichmapsnames

UNCERTAINTY AND PROBABILISTIC REASONING



to values;(4) Closues denotedz1, .. .,,) = e consisting
of formal paramaters, .. ., x,, bodye andervironmente.

A chaincanbeviewedasrepresentingfunctiononvalues.
Formally, if o is achainandv avalue,we defines(v) asfol-
lows: If o isempty o(v) = v. Otherwisejf v is notcomple,
o(v) = L. Otherwiseleto bez.o', andv' bethevalueasso-
ciatedwith z in v; theno (v) = o'(v'). To determinevhether
avaluesatisfiesa pattern,we needan environmentassigning
valuesto thevariablesappearingn the pattern.Formally, we
definev =¢ 7, meaningthatv satisfiesr in €, by v |=¢ 's
if v isthesymbols; v € o, if o(¢) = vandv # L; and
v E¢ - if v j£° 7w andv # L. v ¢ « for conjunctive
or disjunctive 7 is definedin the obviousway. Note that L
cannotsatisfyary pattern.

In orderto generatahe valueof anexpressiore, we need
anervironmente bindingthefreevariablesof e, andasource
of randomnesayhichis providedby aninfinite sequence of
i.i.d. realnumberse [0, 1). Formally, we will defineafunc-
tion {(e)”, meaninghevaluegeneratedor e in ervironment
€, givenrandomchoicesasin p. Thenotationp} is the sub-
sequencef p of elementswith index congruento ¢ modulo
n. This device allows usto split p into multiple independent
subsequencesHd[p] and Tl[p] indicatethe headandtail of
p. For constantchain,function, conditionalanddist expres-
sions,{e)“* is definedby:

(/8>€7P = 3

A(z1,.--,2n) = €)°* = (x1,...,T,) S e

(0)* = o(e)

< i f 61|:7r>€’p (e2)" ifvl=cn
t hen €9 = €05 if v =€ =
el se ej3 <f3) ifz';LW

wherev = (el)e’”f
(di st [prier, ..., ppien]) (eg)¢ 7!

WhereZ;;l1 pi < Hd[p] < 22:1 Pi

The valueof a block expressionis complex, anda defini-
tion z; = e; within the block resultsin the z; component
mappingto thevalueof e;. Eachdefinitionis evaluatedn an
ervironmentincluding bindingsfor namesappearingprevi-
ouslyin theblock. Furthermoreif e; is alambdaexpression,
thebindingfor z; is alsoaddedto the environmentin which
e; is evaluated,sothat z; is boundin the resultingclosure.
This allows recursve functionsto be defined.Formally:

{z1=e1;...52n = ein})e’p ={z1v1;...;%, 1 UL}
where v; = (e;)“"
and e = 1 €@ mifon .ol if ¢; is alambda
g €[z1...xi—1/v1...v;—1] otherwise

The final caseto defineis function application. To deter
minethevalueof eg(eq,. .., e,), we first computethe value
of eq. If it is nota closure theresultof the applicationis un-
defined.Otherwisewe evaluatethe bodyin the ervironment
formedby extendingtheclosureervironmentby bindingeach
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formal parameter; to thevalueof e;. Formally:

<e,>e'[w1...wn/v1...vn],p:¢§

X n+42
if (eg) " n+t = (z1,...,2n) LI
1 otherwise

n+2
wherev; = (e;)“"

aen))e’p

(eole1, - --

Note that the precedingdefinitionselegantly take careof
theissueof infinite experimentswith finite obsenations,such
asthel ess_t han_hal f exampleabove,withoutneedingo
make explicit useof lazinessin the semantics.The rule for
generatinghevalueof anexpressioronly useghechainghat
appeatin it. Furthermorea block expressionalwaysreturns
acomplex value.

The above semanticss an opemtional semantics show-
ing how a programconsistingof definitionsdefinesarandom
experimentfor generatingzalues.We alsoprovide a denota-
tional semanticdn termsof a probability measureover val-
ues. The underlyingprobability spaceconsistsof countable
sequence®f i.i.d. real numbersgenerateduniformly from
[0,1). A programZ definesa functionfrom sequenceto val-
ues,by Z(p) = ({b})**, wheree, is theemptyervironment.
If R isameasurablsetof sequencesandS is theimageof
R underZ, thenS is measurablandPr(S) = Pr(R).

Natural propertiesof valuesthat we would like to talk
aboutarein fact measurable For example,ary propertyof
theform o(v) = s is measurableWe canseethis by defin-
ing adepth-boundeévaluationfunction(e):’. Its definition
is the sameas above, exceptthat (), is always L, and),,
uses(),, , for evaluatingthe body of function applications.
In other words, valuesthat require a recursionto a depth
greaterthann will be undefined. Now, a programdefines
asequencef functionsZ;(p) = ({b});>*. It is clearthatthe
setR; = {p: o(Zi(p)) = s} is measurablasinceit only re-
quireslooking at a finite subsequencef p to determineif it
isin R;. ThereforehesetR = {p: o(Z(p)) = s} = U;R; is
measurableFurthermorethe abose argumentalsosuggests
an arnytime approximationalgorithm for computing Pr(S).
Sincethe R; are non-decreasingandtheir unionis R, the
probabilitiesof the R; area non-decreasingequencavhose
limit is Pr(R) = Pr(S).

3.2 Obsewations

Thelanguagealescribedsofaris similarto thatof KMP97, al-
beitwith arichersyntaxandtype systemanda morerefined
semantics. It can expressmary commonmodels,suchas
Bayesiametworks, relationalprobability models,stochastic
logic programs,hiddenMarkov models,dynamic Bayesian
networks and stochasticcontext free grammars. All these
modelsaregenertivein nature,definingan experimentthat
stochasticallygeneratesaluesfor variables.Therichnessof
themodelis encodedn theway thevaluesaregenerated.
Anotherflavor of probability modelis a rejectivemodel.
In a rejectve model, the datais generatecdy a very simple
processg.g. uniformly, but datathat fails to satisfycertain
constraintamayberejected.Therichnessf themodelis en-
codedin therejectionprocessA goodexampleof arejective
modelis a product of experts (POE) [Hinton, 200d. In a
POE, a datumz is generatediniformly, andthen passedo
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a setof probabilisticexperts. Eachexperti acceptsr with
someprobability p;(x) thatdependon a propertyof z. The
datais acceptednly if all expertsacceptit. The probability
of ary datumz is proportionatto [ |, pi(x).

IBAL is ableto expressrejectve modelsby makingobser
vationsanintegral partof the language.An observationis a
declarationof the form e = 7. Recallthatthis is the syn-
tax usedfor Booleanpredicates An obsenationis simply a
statementhata certainpredicates true.

Thus, for example,the generalschematidorm of a POE

model is expressed as follows.
generate() = ... (* produceauniformdatum®)
X = generate()

(* for eachexperti, thefollowing code*)
expery(x) = ... (* return’acceptor reject*)
experi(z) = ’'accept

Anotherkind of modelthat canbe expressedisingobser
vationdeclarationss aMarkov randontield (MRF). An MRF
is an undirectedanalogueof a Bayesiannetwork, but it can
alsobe viewed asa type of POE.An interestingeffect is at
work here.IBAL’s expressiodanguagealefinedirected gen-
eratve models,but the obsenationlanguagadmplementgshe
undirectednotion of a constraint. As a result,IBAL is able
to expressboth directedand undirectedmodels,and combi-
nationsof thetwo. It isimportantto stresghatobsenations
areanintegral partof thelanguageandnot somethingpasted
ontoamodelafterthefactin orderto conditionit. They can
occurwithin blocksandfunctions,andthereforethey canbe
composedogether just like generatire definitions. All the
power of a modular functionallanguages therebyextended
to rejectve models. Of course,IBAL also allows rejective
modelsto becombinedwith generatie models.For example,
onenaturalwayto build alanguagemodelis to usea stochas-
tic context free grammarastheinitial generatoof sentences,
andthenuseprobabilisticconstraintdo expressglobal prop-
ertieslike agreemenandsentencdength.

In definingthesemantic®f obsenationsin IBAL, onesub-
tle pointmustbestressedAn obsenationin ablock canonly
condition variablesdefinedwithin the block, not free vari-
ables. As far asa containingblock is concernedthe defini-
tion of a containedblock is consideredo be a black box. It
simplydefinesadistribution overthevalueof theblock, given
valuesfor the free variables. The containingblock neednot
concernitself with whetherthis distribution is definedgener
atively or rejectively. Failureto enforcethis rule would be a
seriousviolation of modularity

We gettheright effect simply by modifying the definition
of ({b})“” for thecaseof blockexpressionsNow, in addition
to definingvaluesfor eachof the component®f theblock, it
will alsomake surethatall the obsenationsin the block are
satisfied. If they arenot, the generatedraluesfor the block
arerejected,andthe processs repeated.The resultingdis-
tribution definedby the block is conditionedon the obsena-
tions beingsatisfied.lt is, of course possibleto definea set
of obsenationsthatfail with probability 1, in which casethe
attemptto generatea valuefor the block will go on for ever.
In that case the valueof the block is L. Note thatbecause
therejection/repetitiorprocessds containedwithin the block
itself, only the value of the block itself is conditionedby the
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obsenations,notthefreevariables.

3.3 Learning

Obsenations provide the basisfor integrating learning, in
the form of Bayesianparameterestimation,into the IBAL
framewvork. Unknown probability parametersare specified
usingprior declarationswhich have theform| earn z =

dirichlet [og:e1,...,an: €]
A prior declaratiorof this form achievestwo things. First,
it definesa probabilistic paramete®® = 67,...,6%, and

specifiesa Dirichlet prior overtheparameterThea; arepos-
itive realnumbersspecifyingthe the hyperparametersf the
Dirichlet. Seconda prior declaratioralsocreatesa definition
for z, equivalenttoz = di st [67 : eq,...,0% : e,].

We canview anIBAL programwith prior declarationss
specifyingajoint model thatdefinesajoint probabilitydistri-
bution over the model parameterandthe valuereturnedby
the program. Obsenationsconditionthe joint modelin the
standardBBayesianway. Let usrefinethe coinsexamplefrom
earlierby addingpriorsandobsenations.

fair() = {result=dist[0.5:’h, 0.5:'1] }

biased() =  {learnresult=dirichlet[90:h, 10: 1] }
pick() = {learnresult=dirichlet[1 : fair, 1 : biased]}
coin = pick().result

X =

{'y = coin().result, z = coin().result}
'h

X.y
A fair coinis known to produce h with probability0.5. The
probability of * h for a biasedcoin is unknawn, but its prior
is pealed around0.9, while the prior over which coin gets
pickedis uniform. As before,coi n istheresultof pickinga
coin,andx. y andx. z aretwo tosse®f coi n. Wealsohave
anobsenationthatx. y cameout’ h. This obsenationhas
multiple effects.First,because h is morelikely for abiased
coin, the probabilitythatcoi n is biasedis increasedwhich
in turn increaseghe probability thatx. z is’ h. The obser
vation also conditionsthe probability parameters.Because
coi n, aresultof applying pi ck, is likely to have turned
out biasedwe will geta posterioroverthepi ck parameter
thatis moreweightedtowardsa biasedresult. Furthermore,
becauseoi n may have beenbiased,andbecause tossof
coi n cameout’ h, the posteriorfor thebi ased parameter
is alsoweighedslightly morestronglytowardsheads.

With its learningcomponent|BAL is ableto do param-
eterestimationfor mary commonmodels,including hidden
Markov models,stochasticcontet free grammarsandprob-
abilistic relational models. Furthermore learningin IBAL
is not just “addedon” to the probabilisticrepresentatiotan-
guage,but is thoroughlyintegratedinto the language. As
a result, the benefitsof compositionalityand modularity are
obtainedfor representindearningtasks.In particular IBAL
is goodat representinga cumulatve learningframework, in
which smallermodelsare learnedand then usedas compo-
nentsof larger learning problems.  Justas obsenations
only conditionvalueswithin their scope they areonly used
to learnaboutmodel parametersvithin their scope. Thusa
compositionallearning processcan be specifiedby provid-
ing anestedscopecontainingall the dataandparametersor
a learningsubproblemanda containingscopethat usesthe
resultsof the subproblem.
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In definingthe semanticof learningin IBAL, we needto
get a subtlepoint correct. If a prior declarationappearsn
the body of a function, the sameparameteraluesshouldbe
usedevery time thefunctionis applied. This is fundamental
to learning— differentobsenationsof the samefunctionare
all obsenationsaboutthe sameparameter!This meansthat
in termsof the generatre semanticsthe parametewalueis
not returnedby eachapplicationof the function, but ratherit
is generatedvhenthe functionis defined,and storedaspart
of theclosurerepresentinghevalueof the functionobject.

To achieve this effect, we make the following definition.
The parameterslirectly insidea block arethe parametersf
prior declarationsdefinedin the block, that are not nested
in the body of a lambdaexpression. In the generatie pro-
cessthevaluesof the parameterslirectly insidethe body of
alambdaaregeneratedt thetime the closureis createdand
thesevaluesareusedfor all futureapplicationof theclosure.

Theremaindeof thesemanticstaysbasicallythe sameas
before. Whena definition resultingfrom a prior declaration
is encounteredherelevantparametevaluesarelookedupin
theervironmentandusedto choosewhich branchis taken,in
thesameway asfor adi st expression.

3.4 Decisionsand Utilities

The representatiorf 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 z from sy,...,s, given o1,...,0m,.

This specifiesthe name z of the decision variable, its

rangess, ..., s,, andthe information available to the de-

cision malker, the chainsoy,...,0,, (called the informa-

tional parentsof z). A block may contain multiple de-

cision declarations,in which case we enforce the no-

forgetting rule of IDs, that the informational parents of

later decisionsalways include thoseof earlier decisions,as
well as the decisionsthemseles. A reward declaration
is eitherrecei ve case e of [m: r1,...,mp: 5] OF

recei ve ao. Thefirst form stateghattherewarddepends
onthevalueof e, andit is therealnumberr; associateavith

thefirst patterns; thatthe valuesatisfies.The secondstates
thatthe rewardis a timesthereward of o, wherea is a pos-
itive realnumber A block may have multiple reward decla-
rations,in which casethe total rewardis the sumof theindi-

vidual rewards.For example,atypical MDP is schematically
representedsfollows:

MDP(s)={ (* takescurrentstateasargument*)
transition(s,a¥ ... (* returnsnext state*)
reward(s,a) { rewardcase(s,a)of [('slial): 3,...] }
chooseafrom al,a2givens
next_state= transition(s,a)
currentreward= reward(s,a)
future_reward = MDP(next_state)
reward 1 currentreward
reward0.9futurereward }

Threepointsmustbe madeaboutthe representationf de-
cisionproblemsin IBAL. Thefirst is thateachblock consti-
tutesa distinct decisionproblem. A block with decisionsis
viewed asidentifying animplicit agentwho makesthe deci-
sionsandrecevesthe rewardsmentionedn the block itself.

UNCERTAINTY AND PROBABILISTIC REASONING

Decisionsandrewardsin nestedlocksimplementthe notion
of delegation; decisionsin the nestedblock do not consider
theireffectsonthecontainingblock. Thereasorfor enforcing
this interpretationis similar to the reasonobsenationsdon't
conditionvaluesoutsidetheir scopethealternatve would re-
sult in a seriousloss of modularity If anagentin a nested
block hadto beconcernedboutrewardsin thecalling block,
the decisiongfor the nestedblock would no longerbe deter
minedsolely by its free variables.Thereforea programcall-
ing the nestecblock couldno longertreatit asa blackbox.

The secondpoint to clarify is that it is assumedhat the
valuesof free variablesare alwaysknown to an agentmak-
ing the decisionsin a block. Onceagain,failure to enforce
this restrictionwould resultin a modularity problem. If the
agentdoesnot know the valuesof the free variables jt must
know thedistribution overthosevaluesin orderto make ara-
tional decision.But then,the distribution definedby a block
dependsot only on the valuesof the free variables,but on
their distribution. This is an unfortunaterestriction,sinceit
preventsIBAL from beingcapableof representing?OMDPs.
Thesituationcanperhapsesalhaged by borroving theidea
of belief statefrom POMDPs,andaddingit asan extra im-
plicit inputto the block.

The third point is the relationshipbetweenobsenations
anddecisionsn ablock. We assumehatall obsenationsare
known to the decisionmaker, evenif they appearexically
subsequento the decision. The reasonis that the obsena-
tions areviewed simply aspartof the definition of the prob-
ability distribution over the block’s values,andwe make the
assumptiorthatthe decisionmaler knows the correctdistri-
bution. A resultof this assumptions thatwe disallov obser
vationsstatemento mentionvariablesthat depend(directly
orindirectly) onthedecisionsn ablock. Thisrestrictionpre-
ventsthesemantic®f learninganddecisiondrom interfering
with eachother

In defining the semanticswe begin with utilities. With
every valuev we associate utility U(v). For non-comple
valuesU (v) = 0. For comple valuesU (v) is determinedby
the reward declarationsn the block in which v wascreated.
Recallthata complex valueis createdby ({b})“”. We ex-
tendthe definition of ({b})“* sothatit alsoproducesU (v)
after producingv. We setU (v) to be the sumover reward
declarationsR in b of Ug(v), definedasfollows. If R is
reward case o of m:ry,..., T 7y,

[ ifo(w) EC mando(v) € i forj <
Ur(v) = { 0 ifo) S mfori=1,...,n

wheree’ is the ervironmentresultingfrom extendinge with
thebindingsinv. If Risreward ao, Ug(v) = a-U(c(v)).
Now for decisions.A strategy d for block b is a decision
dp . for eachdecisionstatemen andeachvaluew of the
informationalparentsof D. Givenanervironmente in which
to evaluateb, anda particularstratey d, we defineafunction
U(b)3”, whosemeaningis the utility for b, givenstratay d,
bindingsof freevariablesin ¢, andrandomchoicesspecified
by p. Holding ¢, b andd fixed, this function is a random
variableon the spaceof sequences.Taking the expectation
of thisfunctionover sequenceproduceghe expectedutility;
the optimal stratgy for b is thenthe onethatmaximizesthis
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expectedutility. The definitionof ({b})“” now proceedsy
first choosingd* = arg maxy E,[U(b);;”],andthenprocess-
ing theblock asbefore,usingd* to choosahevaluesof each
decisionvariablegivenits informationalparents.

3.5 Pragmatics

The IBAL languageallows a wide variety of differentkinds
of modelsto be expressedThereis no singlebestinference
algorithmto usefor all models. While IBAL implementsa
good default algorithmthat shouldwork well in mary situ-
ations, it alsoallows the possibility of using othermethods.
The programmercan specify control knowledgeon how to
solveaprogramin theform of pragmaticdeclamations These
could eitherspecifywhatalgorithmto 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.Furthermorepragmatiadeclarationsn anestedlock
canoverridethosein a containingblock. Thesefeaturesal-
low fine, modular controlover how 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 modularity of inferencemethodsmay turn out to be as
importantas modularity of representatiorin building com-
plex probabilisticagents.

4 Example

In this section,| illustrate how a declaratve high-level rep-
resentatiodanguagehat unifies probabilisticreasoningde-
cision theory and parameteestimationcan simplify andin-
tegrate the implementationof sophisticatedational agents.
Considerthe taskof implementingan automatedeceptionist
agent.Thejob of theagentis to receive spolenrequestover
thephoneandto respondo themappropriatelyRequestin-
cludeaskingfor directionsandtalking to a particularperson;
responseinclude giving directions,connectingto an exten-
sion,andaskingthecallerto repeatherequest.

In a decision-theoretidesignfor this agent,the agentre-
ceivesautility basedbnhow well its responsenatchegheac-
tualrequesbf theuser Of coursetheagentdoesnotobsene
theactualuserrequestput only a sequencef signals.In the
decisionrmodel,therewill beaprior distributionoverrequests
anda conditionaldistribution of signalsgivenrequests.

With existing tools, it is difficult to implement this
decision-theoretiadesign using a single, coherentmodel.
Instead,a typical implementationmight consistof several
componentsgachof which is probabilistic, but which are
stitchedtogetherin an ad-hocmanner Therewill typically
beaspeech-recognitiocomponenthatdetermineshelikely
wordsthat generatedhe receved signal; a languagemodel
that can determinethe probability that a particularrequest
generateda particular sentence;and a high-level influence
diagramfor decidingwhatto do. Theresultsof the speech-
recognizerand requestgeneratorare fed into the language
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model. The resultsof the languagemodel are fed into the
influencediagram. The overall resultmay not be a coherent
probabilisticmodel. Furthermoreit maybe hardto tailor the
componentdor their usein this application. For example,
gettingthe speeclrecognizeito recognizeunusuahamesof
individualsin the compaty might requirean extra engineer
ing effort.

With IBAL, the whole applicationcanbe describedusing
a single declaratve model. At a high-level, the generatie
modelconsistof threesteps:a requesigeneratiorfunction,
a functionthat generatesentencevasedon requestsanda
function that generatephonemesequencefrom sentences.
For the decision-makingcomponentthe agentis given the
phonemesequenceandchoosesresponseTheagents util-
ity is determinedrom therequestindtheresponseThehigh-
level codelookslik e this:

request make_request()

sentence= make_sentence(request)

phonemes: make_phonemes(sentence)
chooseaesponse.typfrom GiveDirectionsConnectRepeat
chooseaesponse.whérom fred, wilma

receve match(requestesponse)

I will now describejn turn, thethreegeneratie stepsand
the utility computation.The functionmake_r equest pro-
ducesarequest.A requesthasat ype field, whosevalueis
eitherGet Di r ect i ons or Tal k. A Tal k requestlsohas
awho field, whosevalueis a person.A personis a complex
valuewith threefields: nane, tit | e andext ensi on. In
atypical programminganguagethetype of nane would be
string, becausevhat we typically want to do with namesis
comparethem, readthem and print them. In this applica-
tion, however, the mostimportantthing abouta nameis how
it tendsto be pronounced.Thereforethe type of nane is a
function that stochasticallygenerates phonemesequence.
Thesameistruefortit| e. Themake_r equest function
is asfollows:

malke_request(F {
learnwho=[1: fred,1: wilma]
learntype=[20: GetDirections80: Talk]

Generatinghe requestinvolveschoosingtwo things: the
type of the request,andthe person,if the requests to talk
to a person.Both choicesaremadelearnable.The agenthas
lots of pastexperienceaboutwhat kinds of requestdendto
be generatedTheseareexpressedy obsenationstatements
asfollows:

rl = make_request()
rl.type |= GetDirections
r2 = make_request()
r2.type |= Talk

r2.who = wilma

Themake_sent ence functionproducesa sentencérom
arequest.A sentencas a list of words, eachof which is a
functionthatstochasticallyproduceslist of phonemesvhen
activated. Here | illustrate with an extremely simple sen-
tencegenerationmodel; in a real application,a more com-
plex grammarmodel might be used. Even this simple ex-
ampleillustratesthe power of passingarounddatastructures
that containfunctionsin fields. The sentenceyeneratosim-
ply slotsthe given person$ nameor title in the appropriate
place. ([z1; .. .; z,] is thelist containingz, . .. ,z,, and@
is thelist concatenatiolmperator)
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male_sentence(request)
if requestype = GetDirections
then[can;you;gve;me;directions]
else[connect;me;toj@
[dist[0.5:request.who.nam®,5:request.who.title]]

The make_phonemnes function takes a sentenceand
producesa list of phonemes. Since each word in the
sentenceis a function that generategpphonemesequences,
nmake_phonenes justexecutesachof thewordsin thesen-
tenceandconcatenatetheresults.Theindividualword mod-
els would probablybe hiddenMarkov Models,and may be
partof aspeechrecognitionlibrary. Unusualnamesof people
may not bein the generichMM library, but the library may
provide afunctionthatcreatesanew, trainablehMM thatcan
belearnedfor aparticularname.

male_phonemes(sentence)
if sentencés_empty
then[]
elsehead(sentence)@ make_phonemes(tail(sentence))

Finally, the utility modeltakesthe requestand response,
andproducesutility of 1if therequesmatchesheresponse.
If theresponsés RepeatPleasdhe utility is 0. An incorrect
responséasutility -5.

match(request,response}
correct=
(requestype = GetDirectionsA
responsgype = GiveDirections)v
(requestype = Talk A
responsgype = ConnectA
requeswho |= responsavho)
receve
if correct
thenl
elseif responsgype = Repeat
thenO
else-5

}

5 Implementation Overview

Theinferencetasksin IBAL areto estimatethe learnablepa-
rametersto computethe utility maximizing decisions,and
to solwe for the conditionaldistribution over variouschains,
given valuesfor other chains. The tasksare accomplished
in thatorder Sincedecisionscannotinfluenceobsenations,
they areirrelevantto the learningtask. Oncethe parameters
have beenlearned,the expectedutility for any stratgyy can
be computedandthe decisiontask canbe solved. Oncethe
decisionshave beenfixed, the distribution over all valuesis
known andthe probabilisticreasoningaskcanbe solved.
IBAL is implementedin Objectve CAML, a variant of
ML. The designof the implementationis divided into four
parts.Thefirst components afrontendconsistingof aparsey
type checler, andtranslatoywhosejob is to producecodein
shallowform. In shallav form, nestedsubexpressionsrere-
placedby chains,andonly simplepatternsareallowed. The
seconccomponents a setof supportmodules Theseinclude
a ubiquitouspolymorphiccontainertype implementingeffi-
cient mapsfrom chainsto valuesof ary kind, aswell asa
generaimplementatiorof events which aremeasurablsets
of values,andfactors, which aremeasurabléunctionsfrom
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valuesto element®f aring. Eventsandfactorssupportavery
generalizedrersionof thevariableeliminationalgorithm.

The third componentimplementsthe main line of infer-
ence. The main line begins with codein shallav form, and
proceedghrougha sequencef steps. The first stepis do-
main geneamtion in which the supportD(c) of eachchain
usedin the programis computed. Domain generationuses
rulessuchasthefollowing: for adefinitionw = di st [p; :
O1y---,Pn : 0p], D(w) is the union of the D(o;). Domain
generatioralsousesobsenationsto restrictthedomains.Do-
main generationrmay be followed by an optional constaint
propagation step, which further restrictsthe domains, by
propagatingobsenationsbackthroughthe definitionsin the
program. Constraintpropagationmay be worthwhile since
it is cheapetthanthe full-scale variableelimination process
performedater.

The secondstepis to computethe neededchainsthat are
actually relevant to answeringa query Theseinclude all
chainsthat influencequery variablesor obsened variables,
directly or indirectly. This computationstepis particularly
importantin recursve modelssuchasstochastigrammarsit
deducesfor example,thatin orderto determinewhetherthe
first word of a sentencas “the”, only the first non-terminal
needbe expandedat ary stage(assuminghereareno e pro-
ductions).

The key stepin the mainline, factor production corverts
eachdefinitionin the programinto a setof factors.Thegoal
is to producefactorsthat are as simple aspossible;dummy
variablesmaybeintroducedo achieve this. For example for
a definitionz = y, supposer andy arecomple, with z.a
andz.b needed.Two separatdactorswill be producedone
enforcingthatz.a andy.a areequal,andtheotherfor z.b and
y.b. Foradefinitonz = dist [p; : 01,...,pn : 0], @
dummyvariabled is introducedjo representvhich branchis
actuallytaken. Thedummyvariablesenesto separat¢he o;
from eachother;withoutthe dummyvariable they would all
haveto appeain thesamefactor A setof factorsis produced
for eachbranchi, sayingthatif d takesthevaluei, thenthe
component®f z ando; musthave the samevalue, but if d
takesary othervaluethis branchis irrelevantandthereis no
constrainton x ando;. An additionalfactor sayingthat d
takesvalue 1 with probabilityp, ..., n with probability p,,
is alsoproduced.

The final solutionstepis variable elimination asis com-
monly usedfor BN inference. The setof factorscomputed
by factorproductionrepresenta sumof productsexpression.
All variablesexceptfor queryvariablesandfree variablesin
a block areeliminatedfrom the factors,andthe resultis the
conditionalprobability of the queryvariablesgiventhe free
variables All solutionstepsexceptfor thefinal variableelim-
inationarerecursve;arecursvecall is usedo processested
blocksandfunctionapplications.

Thefinal componenbf theimplementatioris the gluethat
holdseverythingtogether Eachof thesolutionstepss turned
into a dynamicprogrammingalgorithm,whereall recursve
calls are looked up in a cachebefore solving them explic-
itly. Also, aniterative deepeningstratay is usedto provide
anarytime approximatioralgorithmfor queriesthatmaynot
terminate. Theserecursionstratgies are implementedn a
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generic,modularway. For example,adynami c functionis
providedthattakesa recursie algorithmandproducesa dy-
namicprogrammingversionof the samealgorithm.Theglue
is alsoresponsibldor handlingpragmatics.

The glue is implementedusing a programmingtechnique
in which a recursve function f takesa specialargumentg.
When f recursesfatherthan calling itself directly, it calls
g. Thus f is a function with a “hole”, which needsto be
filled in. All the recursionstratgies can be implemented
asways of filling in the hole. The simplestway to fill in
the holeis to plug f into itself, which givesthe basicrecur
sion pattern. But anotherpossibility is to definea function
cached(f) which looks for aresultin a cachebeforecall-
ing f, calls f if theresultis not found, andstoresthe result
of calling f in the cache.If cached(f) is pluggedinto it-
self, theresultis adynamicprogrammingalgorithmbasecbn
f. Similarly, dept h- bounded(n, d, f) producesa version
of f thatstopsrecursingafterarecursiondepthof n, return-
ing d instead. Recursionstrategies can be composedising
the methodof functionswith holes. This providesa nice,
modularway to dealwith multiple inferencemethods.Each
inferencemethodis invoked by a pragmaticshandlerthat
recognizesa particulartype of pragmaticdeclaration. The
pragmatichandlerscanbe installedon top of eachother, so
that every recursve call resultsin the all the handlersbeing
checled. Theinferencemethodsthemselesdo not needto
know whathandlersareusedfor therecursve calls.

All three inferenceproblemsuse dynamic programming
with the main line of inferencedescribedabore. Decision
making is basedon ID algorithms,using backward induc-
tion to solve the decisionsin a block from the bottom up.
For MDPs, the algorithmreducedo valueiteration(because
of the dynamicprogrammingcomponent)with reachability
analysis(becausenf the domaingeneration). For the prob-
abilistic reasoningtask, all reasoningis directedtowardsa
particularquery; pruning of the problemto thosevariables
requiredfor the query is accomplishedby computingthe
neededchains. For probabilisticreasoningtasks,the algo-
rithm reducesto regular variable elimination for standard
BNs, while the dynamic programmingmalkesit equialent
to forward-backvardfor HMMs andtheinsidealgorithmfor
SCFGs.Finally, parameteestimationusesa generalversion
of the EM algorithmto computemaximuma-posterioripa-
rametervalues. This is only an approximationto the true
Bayesiarposteriorof course . The E stepconsistof usingthe
maininferenceine to computehow mary timeseachbranch
wastakenfor eachprior declaration.Thesearethe expected
sufficient statistics.The M stepcombinegthe expectedsuffi-
cientstatisticswith the Dirichlet hyperparameteit® produce
new parametevaluesthathave maximumposteriorprobabil-
ity giventhe expectedsuficient statistics. Again, the com-
bination of variableeliminationwith dynamicprogramming
resultsin the algorithmreducingto the typical EM usedfor
BNs, Baum-Welchfor HMMs, andthe outsidealgorithmfor
SCFGs.

| do not claim thatIBAL will be an efficient inferenceal-
gorithm for all applications. Someproblemsareinherently
hard,or requirespecialmethodsanda variety of algorithms
is needed. | do believe that IBAL integratesa numberof
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widely usedmethods,and therebyprovides a good default
algorithm. Furthermorethe supportmodulesandglue make
it easierto extendthe systemwith alternatve methods.

6 Conclusionand Future Work

IBAL is a rich declaratve programminglanguagefor de-
scribing probabilistic models, decisiontheoretic situations,
andBayesiarparameteestimationproblems.This paperhas
presentech syntaxand semanticdor the language,and an
overview of animplementatiorwith probabilisticreasoning,
utility maximizationandparametefearning.

Futurework on IBAL is divided into implementatioren-
hancementshat are practically useful but not too theoreti-
cally challenging,and moresignificantextensionsto the ex-
pressve power of thelanguagePlansin thefirst categoryin-
cludeimplementinga variety of approximatesolutionmeth-
ods;providing librariesto implementcommonkinds of mod-
els,andusefulstructuresuchassetsof objects;andextend-
ing thetype systemto includealgebraicdatatypesandpoly-
morphictypes,modeledon ML.

Oneof the main future tasksin the secondcategory;, is to
supportthe learning of model structureas well as parame-
ters. In keepingwith the philosophythat everythingthatcan
be donein IBAL shouldbe thoroughlyintegrated,this will
requirea muchricherlanguagewith which to expresspriors,
including priors over structure.Anotherimportantextension
is to provide away to describehow anIBAL agentinteracts
with its environment;in otherwords,to provide adeclaratve
descriptionof the /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 also provide a way to describe
agents’'modelsof otheragents.While thesetaskspresenta
rangeof interestingandchallengingissues)BAL providesa
goodfoundationwith whichto begin tacklingthem.
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