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Abstract

Deductive, mode-estimationhas becomean es-
sential componentof robotic spacesystems like
NASA'sdeepspacerobes Futurerobotswill serve
ascomponentsf largerobotic networks.Monitor-
ing thesenetworkswill requiremodelinglanguages
andestimatorghathandlethe sophisticatedbehav-
iors of robotic components.This paperintroduces
RMPL, arich modelinglanguageghatcombinege-
active programmingconstructswith probabilistic,
constraint-basedodeling, and that offers a sim-
ple semanticdn termsof hiddenMarkov models
(HMMs). To supportefficient real-timededuction,
we translateRMPL modelsinto a compactencod-
ing of HMMs calledhierarchical constraintHMMs
(HCHMMSs). Finally, weusethesemodelstotracka
systems mostlikely stateshy extendingraditional
HMM beliefupdate.

1 Introduction

Highly autonomoussystemsare being developed,such as
NASA'sDeepSpaceOneprobe(DS-1)andtheX-34 Reusable
launchvehicle,thatinvolve sophisticateanodel-baseglan-
ningandmode-estimatiocapabilitiego supportautonomous
commanding,monitoring and diagnosis. Given an obser
vation sequence,a mode estimator such as Livingstone
[williams and Nayak, 199€, incrementallytracksthe most
likely statetrajectoriesof a systemjn termsof the corrector
faulty modesof everycomponent.

A recenttrend is to aggregateautonomoussystemsinto
robotic networks,for example,that createmulti-spacecraft
telescopegerformcoordinatedMarsexplorationor perform
multi vehiclesearchandrescue Novelmodel-basedhethods
needto be developedo monitor and coordinatethesecom-
plex systems.One exampleof arobotic networkis NASA's
vision to createa “virtual presencen space,’in which deep
spaceprobesaremobilecomponensensordiangingoff of an
interplanetaryweb. An examplecomponenis DS-1, which
flies by an asteroidand cometusingion propulsion. DS-1's
basicfunctionsincludeweekly coursecorrection(called op-
tical navigation, thrustingalonga desiredtrajectory taking
sciencaeadingsandtransferringdatato earth. Eachfunction

involvesa complexcoordinatiorbetweersoftwareandhard-
ware. For example,optical navigation(OPNAV) works by

taking picturesof threeasteroidsandby usingthedifference
betweeractualandprojectedocationsto deterninethecourse
error. OPNAV first shutsdownthelon engineandpreparedts

cameraconcurrently It thenuseshethrustergo turnto each
of threeasteroidsusesthe camerato takea picture of each,
andstoreseachpicture on disk. The threeimagesarethen
read,processe@nda coursecorrectionis computed.Oneof

themoresubtlefailuresthatOPNA/ mayexperiencés a cor-

ruptedcameramage. The cameragenerates faulty image,
whichis storedon disk. At somelatertime theimageis read,
processedandonly thenis thefailure detected A monitoring
systemmustbe ableto estimatehis eventsequencéasedn

thedelayedsymptom.

Diagnosingthe OPNAY failure requirestrackinga trajec-
tory that reflectsthe abovedescription. Identifying this tra-
jectorygoeswell beyondLivingstonesabilities. Livingstone,
like mostdiagnosticsystemBHamscheetal., 1993, focuses
on monitoringand diagnosingnetworkswhosecomponents,
suchas valvesand bus controllers, have simple behaviors.
However the abovetrajectoryspendsnostof its time wend-
ing its waythroughsoftwarefunctions.DS-1is aninstanceof
modernembeddedystemavhosecomponentinvolve amix
of hardware,computationand software. Robotic networks
extendthistrendto componenbehaviorghatareparticularly
sophisticated.

This paperaddressethe challengeof modelingandmoni-
toring systemsomposedf thesecomplexcomponents\We
introducea unified languagethat can expressa rich set of
mixedhardwareandsoftwarebehaviorgthe ReactiveModel-
basedProgramming-anguagdRMPL]). RMPL memgescon-
structsfrom synchronougprogramminglanguagesgualita-
tive modeling,Markov modelsandconstraintprogramming.
Synchronousembeddegrogrammingoffers a classof lan-
guagesdevelopedfor writing control programsfor reactive
system¢$BenvenistendBerry, 1991;Saraswagtal.,] —log-
ical concurrencypreemptionand executablespecifications.
Markov modelsandconstraint-baseohodelindWilliams and
Nayak,1996 offer rich languagegor describinguncertainty
andcontinuousprocesseat the qualitativelevel.

Given an RMPL model, we frame the problemof moni-
toring robotic componentasa variantof beliefupdateon a
hiddenMarkovmodel(HMM), wheretheHMM of thesystem



isdescribedn RMPL.A keyissueis thepotentiallyenormous
statespaceof RMPL models.We addresghis by introducing
ahierachical,constraint-base@ncodingof an HMM (called

HCHMMs). Next we showhow RMPL modelscanbe com-

piled to equivalentHCHMMSs. Finally, we demonstrat®ne

approachin which RMPL belief updatecanbe performedby

operatingdirectly on the compactHCHMM encoding.

2 HMMsand Belief Update

Thetheoryof HMMs offersa versatiletool for framing hid-
denstatenterpretatiorprodems,includingdatatransmission,
speeclandhandwritingrecognition andgenomesequencing.
This sectionreviewsHMMs andstateestimatiornthroughbe-
lief update.
An HMM is describedy atuple(X, 0, Pg, P, Pp).
andO denotdfinite setsof feasiblestatess; andobservations
Theinitial statefunction P g[s;(?], denoteghe proba-
b|||ty thats; is theinitial state.T (%estatetransmonfunc'uon
Z— 5, — 5;(tt1)], denoteghe conditionalprobability that
t+1) js the next state,given currentstates; () at time ¢.
Theobservatiorfunction Py[si® — 0;V] denoteshecon-

ditional probabilitythato;® is observedgivenstates;® .

Belief updateincrementallycomputesthe currentbelief
state thatis, the likelihood thatthe systemis in any states;,
conditionedneachcontrolactionperformedandobservation
receivedyespectively:
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Exploiting the Markov property the belief stateattime ¢ + 1
is computedrom the belief stateandcontrol actionsat time
t andobservationsitt + 1 usingthe standarcequations For
simplicity, controlactionsaremadeimplicit within Py
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The space of possible trajectories of an HMM can
be visualized using a Trellis diagram which enumer
ates all possible statesat each time step and all tran-
sitions between states at adjacent times.  Belief up-
date associatesa probability to each state in the graph.

B

3 Design Desiderata for RMPL

Returningto our example, OPNAV is bestexpressedt top-
levelasaprogram:

OpNav():: {

TurnCameraOn,

if EngineOnthennext SwitchEngine&ndBy

do

when Engine$andbyA CameraOrmdonext {

TakePicture(1);
TakePicture(2);
TakePicture(3);

TurnCameradf
ComputeCorrection()

} watching PictureErrorv OpticalNavErroy
when OpticalNavErrordonext OpNav(),
when PictureErrodonext OpNavFailed

}

In this programcommadelimits parallelprocesseandsemi-
colondelimitssequentiaprocesses.

OPNAVY highlights four key designfeaturesfor RMPL.
First,theprogramexploitsfull concurrencyby intermingling
sequentiahndparallelthreadof execution.Forexamplethe
camerais turnedon andthe engineis turnedoff in parallel,
while picturesaretakenserially Secondit involvescondi-
tional execution suchasswitchingto standbyif theengineis
on. Third, it involvesiteration;for example,“when Engine
Standby. .. donext ... " saysto iteratively testto seeif the
engineis in standbyandif soproceed.Fourth,the program
involvespreemptionfor example; do... watching” sayso
perfomatask,buttointerruptit assoonasthewatchcondition
is satisfied.Subroutinesisedoy OpNay suchasTakePicture,
exploitsimilar features.

OpNavalsorelieson hardwarebehaviorssuchas:
Camera: always {

choose {

if CameraOrthen {
if TurnCameraGfthennext MICASoff
elsenext Cameraon,
if Camera@kePicturghennext CameraDone

if CameraCf then
if TurnCameraOmnhennext CameraOn
elsenext CameraOf
if Camerafailthen
if MicasResethennext CameraCOf
elsenext CameraFail
} with0.99,
next CameraFailith0.01
}
}

OpNavs tight interactionwith hardwaremakesthe overall
processstochastic. We add probabilistic executionto our
designfeaturesto model failures and uncertainoutcomes.
We addconstraintdo represento-temporainteractionsbe-
tweenstatevariables.Summarizingthekeydesigrfeatureof
RMPL arefull concurrencyconditionalexecution,teration,
preemptionprobabilisticchoice, andco-temporatonstraint.

4 RMPL: Primitive Combinators

Ourpreferredapproactio developingRMPL is to introducea
minimum setof primitivesfor constructingprogramswhere



eachprimitive is drivenby oneof thesix desigrfeaturef the
precedingsection.To makethelanguageaisablewe defineon
topof theseprimitivesavarietyof programcombinatorssuch
asthoseusedin the optical navigationexample. In the fol-
lowing we uselower casdetters like ¢, to denoteconstraints,
anduppercaseletters,like A and B, to denotewell-formed
RMPL expressionsTheterm*“theory” refersto the setof all
constraintghathold at sometime point.

c. Thisprogramassertshatconstraini is trueattheinitial
instantof time.

if cthennext A. Thisprogramstartsbehavindike A in the
nextinstantif the currenttheoryentailsc. This is the basic
conditionalbranchconstruct.

unless ¢ thennext A. ThisprogramexecutesA in thenext
instantif thecurrenttheorydoesnotentailc. Thisis thebasic
constructfor building preemptionconstructs.It allowsA to
proceedaslongassomeconditionis unknown butstopswvhen
the conditionis determined.

A, B. This programconcurrentlyexecute#\ andB, andis
thebasicconstructfor forking processes.

always A. This programstartsa new copy of A at each
instantof time, for all time. Thisis theonly iterationconstruct
neededsincefinite iterationscanbe achievedby usingif or
unlessto terminateanalways.

choose [A with p, B with ¢]. Thisis thebasiccombinator
for expressingprobabilisticknowledge.lt reducedo program
A with probabilityp, to programB with probabilityq, andso
on. For simplicity we would like to ensurehatconstraintsn
the currenttheory do not dependupon probabilisticchoices
madein the currentstate. We achievethis by restrictingall
constraintassertedvithin A andB to bewithin thescopeof
anif ... next orunless. .. next.

Thesesix primitive combinatorscoverthe six designfea-
tures. They havebeenusedto implementa rich setof de-
rived combinatorganonymouslincluding thosein the Op-
Nav example andmostfrom the EsterelanguagdBerry and
Gonthier 1997.

5 Hierarchical, Constraint Automata

To estimateRMPL statetrajectorieswe would like to map
the six RMPL combinatorso HMMs andthen perform be-
lief update. However while HMMs offer a naturalway of
thinking aboutreactivesystemsasadirectencodingheyare
notoriouslyintractable. One of our key contributionsis a
representatiorgalledHierarchical, Constraint-basetHMMs
(HCHMMs)thatcompactlyencode$iMMs describig RMPL
models.

HCHMMs extendHMMs by introducingfour essentiaht-
tributes.First,theHMM is factoredinto a setof concurrently
operatingautomata Secondgachstateis labeledwith acon-
straintthat holds wheneverthe automatonmarksthat state.
This allows an efficient encodingof co-temporalprocesses,
suchasfluid flows. Third, automataarearrangedn a hierar
chy — the stateof an automatormay itself be an automaton,
whichis invokedwhenmarkedby its parent. Thisenableghe
initiation andterminationof morecomplexconcurrenaindse-
guentiabehaviors Finally, eachtransitionmayhavemultiple
targets,allowinganautomatorio bein severaktatesimulta-

neously This enablesa compactrepresentatiofor recursive
behaviordike “always” and“do until”.

Thefirsttwo attributesareprevalatin areadike digital sys-
temsandqualitativemodeling. Thethird andfourth form the
basisfor embeddedeactivelanguagesike EsterelBerry and
Gonthier 1997, LustrdHalbwachstal., 1991, SignalGuer
nic etal., 1991 andStateChart§Harel,1987. Togethetthey
allow complexsystemgo be modeledthatinvolve software,
digital hardwareandcontinuougprocesses.

We developHCHMMs by first introducinga determinis-
tic equivalent,and then extendingto Markov models. We
describea deterministic,hierarchical, constraintautomaton
(HCA)asatuple(X,0,1I1,0,Cp, T p), where:

e Y is asetof states partitionedinto primitive statesy,,

andcompositestatesY... Eachcompositestatedenotes
ahierarchical constraintautomaton.

e O C X is the setof start states(also called the initial
marking).

e II is a setof variableswith eachz; € II rangingover
afinite domainDJz;]. C[II] denoteshe setof all finite
domainconstraintoverIl.

o O c Il isthesetof observablevariables

e Cp: X, — C[II], associatewith eachprimitive states;
afinite domainconstrainCp(s;) thatholdswhenevers;
is marked.

o Tp:%¥, xCI] — 2% associatesvith eachprimitive
states; a transitionfunction 7 p(s;). EachT p(s;) :
c[a] — 2% specifiesa setof statedo bemarkedattime
t + 1, givenassignment IT attimet.

At any instantt the “state” of an HCA is the setof marked
statesm; (¥ c %, calleda marking M denoteshe setof

possiblemarkingswhere M = 2%,
Considerthe combinatoralways A, which mapsto:

always A
-

This automatonstartsa new copy of A at eachtime instant.
The statesY. of the automateaconsistof primitive states,, e,
drawnto theleft asacircle,andcompositestate A, drawnto
theright asarectangle Thestartstatesd ares,,.,, and A4, as
is indicatedby two shortarrows.

An HCHMM modelsphysicalprocessewith changingn-
teractionsby enablinganddisablingconstraintsvithin acon-
straintstore(e.g.,openinga valve causeduel to flow to an
engine). RMPL currently supportspropositionalstatelogic
asits constraintsystem.In statelogic eachpropositionis an
assignment; = v;;, wherevariablez; rangesover a finite
domainD(z;). Constraintp areindicatedby lower case
letters,suchasc, writtenin the middle of a primitive state.If
no constraintis indicated,the states constraintis implicitly
True. In the aboveexamples,.,, implicitly hasconstraint
True; otherconstraintsnaybe hiddenwithin A.

Transitionsbetweensuccessivestatesare conditionedon
constraintentailedby thestore(e.g.,thepresencer absence




of acceleration)This allowsusto modelindirectcontroland
indirect effects. For eachprimitive states we representhe
transitionfunction7 p(s) asasetof (transition) pairs(l;, s;),

wheres; € X, andl; is a setof labelsof the form |= ¢ or

£ ¢, for somec € C[II]. This correspondso the traditional
representationf transitionsaslabeledarcsin agraph,where
s ands; arethesourceanddestinatiorof anarcwith labell;.

Forconveniencein ourdiagramswve usec to denotethelabel
I= ¢, ande to denotethelabel [~ c. If nolabelis indicatedit

isimplicitly = True. Theaboveexamplehastwo transitions,
bothwith labelsthatareimplicitly True.

Our HCA encodinghasthree key propertiesthat distin-
guish it from the hierarchicalautomataemployedby re-
active embeddedlanguageBenvenisteand Berry, 1991;
Harel, 1987. First, multiple transitionsmay be simultane-
ouslytraversed.This allowsanextremelycompactencoding
of the stateof the automatorasa setof markings. Second,
transitionsare conditionedon what canbe deducednot just
whatis explicitly assignedThisprovidesasimplebutgeneral
mechanisnfor incorporatingconstraintsystemsthat reason
aboutindirecteffects. Third, transitionsareenabledasedn
lack of information. This allows defaultexecutiongo bepur-
suedin theabsencef betterinformation,enablingadvanced
preemptiorconstructs.

6 Executing HCA

To execute an automataA, we first initialize it using
mp(©(A)), whichmarksthestartstate®f al its subautanata,
andthenstepit usingStep(A), which mapsits currentmark-
ing to anextmarking.*

A trajectoryof automatord is asequencef mark-
ingsm;(®),m;(1) ... suchthatm;® is theinitial
markingmr(©), andfor eachl > 0, m;+1) =
Step(A,m;1).

Givenasetof automatan to beinitialized, m z(m) creates
a full marking by recursivelymarkingthe start statesof m
andall their descendants:

mp(m) =mU U{mF(G(s)) | s € m, s is composité

Forexampleapplyingm r to automatalways A, returnsthe
setconsistingof always A, snew, A andany startstateson-
tainedwithin A.
Step transitionsan automatorA from onefull markingto
thenext:
Step(A, m; D) — m;t+1) =

1. M1:={se€ M| sisprimitive}

2. C:= /\SeMlclis)

3. M2:=U,cpn Tr(s0C)

4. returnmp(M2)
Step involvesidentifying the markedprimitive states(Step
1), collecting the constraintsof thesemarkedstatesinto a
constrainstore(Step2), identifying thetransitionsof marked
statesthat are enabledby the store and the resulting states
reached Step 3), and, initializing any automatareachedby

1Execution‘completes”whenno marksremain,sincetheempty
markingis afixed point.

this transition(Step 4). Theresultis a full markingfor the
nexttime step.

Totransitionin step3, let (I;, s;) € T p(s) beanytransition
pairof acurrentlymarkedprimitive states. Thens; ismarked
in the nextinstantif [; is entailedby the currentconstraint
store,C (computedn step2). A labell; is saidto be entailed
by C, written C' = ;, if V |= ¢ € 1;.C |= ¢, andfor each
l;é cel;.C bé c2

Applying Step to the initial markingof always A causes
Snew 10 transitionto A andbackto s,,.,,, andfor A to tran-
sitioninternally. The newmarkon A invokesa secondcopy
of A, by markingA's startstates.More generally s,,.,, is re-
sponsibléor initiating A duringeverytime stepafterthefirst.
A transitionbackto itself ensureshats,,,, is alwaysmarked.
Thetransitionto A putsanewmarkon A ateverynextstep,
eachtime invoking a virtual copy of A. Theability of anau-
tomatonto havemultiple stateamarkedsimultaneouslys key
to the compactnessf this novel encoding,by avoidingthe
needfor explicit copiesof A.

7 Hierarchical Constraint HMMs

We extendHCA to Markov processeby replacingthesingle
initial markingandtransitionfunctionof HCA with a proba-
bility distributionoverpossibldnitial markingsandtransition
functions.We describea hierarchicalconstraint-based MM
by atuple(X,Pg,II, O,Cp, PTP>' where:

e X, II, © andCp arethesameasfor HCA.

¢ Pg(m;) denotesheprobabilitythatm; C istheinitial
marking.

e Pr, (s;), for eachs; € X, denotesadistributionover
possibleransitionfunctions7 g’ (s;) : C[II] = 22,
Thetransitionfunction P, (s;) is encodecasanAND/OR
tree. We presentan exampleat the end of the next section,

whendescribingthe choose combinator

HCHMM executionis similar to HCA execution,except
thatmp probabilisticallyselectaninitial marking,andStep
probabilisticallyselect®neof thetransitionfunctionsin PTP
for eachmarkedprimitive state.The probabilityof amarking
m;*) is computedby the standardbelief updateequations
givenin Section2. ThisinvolvescomputingP - andP ).

To calculatetransitionfunction P+ for markingm; recall
thata transition7” is composedf a setof primitive transi-
tions, one for eachmarkedprimitive states;, and that the
HCHMM specifiesthe transitionprobability for eachprimi-
tive statethroughP -, (s;). We makethe key assumption
that primitive transitionprobabilitiesare conditionallyinde-
pendentgiventhe currentmarking. Thisis analogougo the
failureindependencassumptionmadeby GDE[deKleerand
Williams, 1987 andLivingstondWilliams andNayak,1994,
andis areasonablassumptiorfor mostengineeredystems.
Hence Py(m;) = HSijEmi Pr, (si5)-

We calculatethe observatiorfunction P ) for markingm;
fromthemodel similarto GDE deKleerandWilliams, 1987.
Giventhe constraintstoreC for m; from step2 of Step, we

2Formally T_p(s, C)={si| (li,ss) € Tr(s),C =L}



testif eachobservationin o; is entailedor refuted, giving
it probability 1 or O, respectively If no predictionis made,
thenana priori distributionon observables assumede.g.,
auniformdistributionof 1/n for n possiblevalues).
Thiscomplete$1CHMM beliefupdate Ourremainingask
is to compileRMPL to HCHMM, to implementbeliefupdate
efficiently, andto demonstraté interestingspacesystems.

8 MappingRMPL toHCHMMs

EachRMPL primitive mapsto an HCHMM as definedbe-
low. RMPL sub-expressionglenotedby uppercaseletters,
arerecursivelymappedo equivalentHCHMM.

c. Assertsconstrainte attheinitial instantof time:

@

The startstatehasno exit transitions so after this automaton
assertg in thefirst time instantit terminates.

if ¢ thennext A. Behavedike A in the nextinstantif the
currenttheoryentailse. Giventheautomatorfor A, weadda
newstartstate,andatransitionfrom this stateto A whenc is
entailed:

if c thennext A
O’

unless ¢ thennext A. Executesd in the nextinstantif the
currenttheorydoesnot entailc. This mappingis analogous
to if ¢ thennext A. It is the only constructthat introduces
condition}~ ¢. This introducesnon-monotonicity;howevey
sincethesenon-monotonicconditionshold only in the next
instantthelogicis stratifiedandmonotonian eachstate.This
avoidsthekindsof causaparadoxepossiblén languageslike
EsterelBerry andGonthier 1997.

unlessc thennext A
O

A, B. This is the parallel compositionof two automata.
The compositeautomatorhastwo startstatesgiven by the
two automatdor A andB.

A B
. B

— A

always A. Startsanewcopyof A ateachtime instant,as
describedn Section5.

choose [A with p, B with ¢]. Reduceso A with probability
p, to B with probabilityq, andsoon. Recallthatwe required
thatall constraint@sserteavithin A and B mustbewithin the
scopeof anext. Thisensureshatprobabilitiesareassociated

only with transitions. The correspondingautomatonis en-
codedwith asingleprobabilisticstarttransition,which allows
usto choosebetweend and B. Thisis the only combinator
thatintroducesprobabilistictransitions.

choose [A with p, B with ¢]
P ra

Encodingprobabilisticchoicerequiresspeciahttentiondue
totheuseof nestecthoose expressionsWeencodehetransi-
tion function7 p(s;) asaprobabilisticAND-ORtree(below
left), enablinga simple transformatiorfrom nestedchoose
expressionso anHCHMM.

I l>

p p2ps3 4

A BC D

In this treeeachleaf is labeledwith a setof oneor more
target statesin X, which the automatortransitionsto in the
nexttime step. The branchesi; — b;; of a probabilisticOR
nodea; represent distributionoveradisjoint setof alterna-
tives,andarelabeledwith conditionalprobabilitiesP[b;; | a;].
Thesearep; . .. py inthelefttree. Theprobabilityof branches
emanatingrom eachOR nodea; sumto unity.

The branchesof a deterministicAND node represenian
inclusive setof choices. The nodeis indicatedby a vertical
barthroughits branches.Eachbranchis labeledby a setof
conditionsl;;, asdefinedfor HCA. Thesearel; andl, in the
left tree. During a transition,everybranchin anAND node
is takenthat hasits label satisfiedby the currentstate(i.e.,
P[b” | ai,lij] = 1).

To mapthistreeto 7 p(s;), eachAND-OR treeis compiled
to atwo level tree (shownabove,right), with the root node
beinga probabilisticOR, andits childrenbeingdeterministic
ANDs. Compilationis performedusingdistributivity, shown
by the figure,andcommutativity Commutativityallows ad-
jacentAND nodesto be memed, by taking conjunctionsof
labels,andadjacenfOR nodesto be memed,by taking prod-
uctsof probabilities. This two level treeis a directencoding
of T p(s;). EachAND noderepresent®neof the transition
functionsT p’ (s;), while the probability on the OR branch,

terminatingon thisAND node,denote® (T 7 (s;)).
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9 HCHMM Estimation as Beam Search

We demonstrattHCHMM belief updatewith a simpleim-
plementatiorof modeestimationcalledRMPL-ME, thatfol-
lows LivingstondWilliams and Nayak, 1996. Livingstone
tracksthemostlikely trajectorieghroughthe Trellis diagram
by usingbeamsearchwhich expandonly the highestprob-
ability transitionsat eachstep. To implementthis we first



modify Step, definedfor HCA, to computethelikely stateof
o(*+1)[m;]. This newversion,Stepp, returnsa setof mark-
ings,eachwith its own probability.
StepP(A M):
M1 :={s € M | sisprimitive}
2. C:= N,em1Cp(s)

3a. M2a:=]],cpn Tp(s )
3b. M2b:= {(mF(U Si), [Ty pi)
| ((Slapl)a ey (Srnpn)) S M a}
3e. M2:={(S, 3 (spemanp) | (S,-) € M2b}
4.  returnM2

Step 3abuildsthe setsof possibleprimitive transitions.Step
3b computesfor eachsetthe combinednext statemarking
andtransitionprobability. Step 3¢ sumsthe probability of all
compositdransitionswith thesametarget. Step4 returnsthis
approximatebelief state. In Steps3a andb, we enumerate
transitionsetsin decreasingrderof likelihood until mostof
the probabilitydensityspaceas coverede.g.,95%). Bestfirst
enumeratioris performedusingour OPSA systemgeneral-
izedfrom [Williams andNayak,199d. OPSA findsthelead-
ing solutionsto theproblem®arg min f(x) subjectto C'(x),”
wherex is a statevector C'(x) is a setof propositionalstate
constraints,and f(x) is an additive, multi-attribute utility
function. OPSA testsa leadingcandidatefor consistency
againstC(x). If it provesinconsistentOPSAT summarizes
theinconsistencycalleda conflic) andusesthe summaryto
jump overleadingcandidateshataresimilarly inconsistent.
After computingthe leadingstatesof o(**+1)[m;], RMPL-
ME computesP [m;® — 0;(] usingthe constraintstore
extractedn step2, andusesheseresultsto computethefinal
resulto(**+1*)[m;], from the standarcequation.

10 Implementation and Discussion

Implementationsf the RMPL compiler RMPL-ME andOP-
SAT arewrittenin CommonLisp. Thefull RMPL languagés
anobject-orientedanguagein thestyleof Javathatsupports
all primitive combinatorgSectiond) anda variety of defined
combinators.The RMPL compileroutputsHCHMM s asits
objectcode.RMPL-ME useshecompiledHCHMMSs to per
form onlineincrementabelief update asoutlinedabove.To
supportreal-timeembeddedpgications,RMPL-ME andOP-
SAT arebeingrewrittenin C andC++,

TheDS1OpNavexampleprovidesa simpledemonstration
of RMP-ME. In addition RMPL-ME is beingdevelopedn
threemissioncontexts.First, the C protypeis beingdemon-
stratecontheMIT Spheregormation flyingtestbeda“robotic
network” of three soccemball sizedspacecrafthathaveflown
ontheKC-135(akaVomit Comet).RMPLmodelsarealsobe-
ing developedor the JohnHopkinsAPL NEAR (NearEarth
Asteroid Rendezousnission. This is a steppingstoneto-
wardsits possibleapplicationto APL’'s upcomingMessenger
missionto Mercury.

Beam searchis among the simplest of estimation ap-
proaches.It avoidsan exponentiablow up in the spaceof
trajectorieexploredandavoidsexplicitly generatingheTrel-
lis diagram but sacrificecompletenessConsequentlyt will
missadiagnosisf thebeginningof its trajectoryis sufficiently

unlikely thatit is clippedby beamsearch.A rangeof solu-
tionsto this problemexis{Hamscheet al., 1993, including
anapproachdueto HamscheandDavisin 1984[Hamscher
andDavis, 1984, thatusesa temporalconstrainigraphanal-
ogousto planninggraphs. This encodingcoupledwith state
abstractiormethodshasrecentlybeenincorporatednto Liv-
ingstone[Kurien and Nayak, 2000, with attractive perfor-
manceresults. Anotherareaof researchs the incorporation
of metrictime. [Largouetand Cordie; 2004 introducesan
intriguing approachhasedon model-checkinglgorithmsfor
timed automata. Finally, [Malik and Struss,1997 explores
thediscriminatorypowerof transitionsvs stateconstraintsn
aconsistency-basddamework.
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