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Abstract

Partially ObsenableMarkov DecisionProcesseOMDPSs)have beenappliedextensiely
to planningin ervironmentswhere knowledge of an underlying processis confoundedby
unknowvn factors[3 4, 7]. By applyingthe POMDParchitecturgo basicrecognitiontasks,we
introducea novel patternrecognizeithatoperatesinderpartially obsenable conditions. This
SingleAction Partially ObsenableMarkov DecisionProcesgSA-POMDP)is thencompared
to a well-known patternrecognizerthe Hidden Markov Model (HMM). Our resultsindicate
thatthe SA-POMDPS5 performanceurpassethatof theHMM in simplerecognitiontasksand

exhibits a uniqueresistanceo noisyinputsduringtherecognitionprocess.

1 Introduction

Partially Obsenable Markov Decision Processe$POMDPs)have shavn exciting potentialfor
planning,despitehaving anintractableexactsolutionfor sequentiatlecisiontasks[3. The objec-
tive of this studywasto applythe POMDPframewvork to abasicrecognitiontask. Usingastandard

HiddenMarkov Model (HMM) asa controlfor comparisonye developedthe Single Action Par-



tially Obsenable Markov DecisionProces{SA-POMDP).The SA-POMDPwas anticipatedto

performequialentlywith the HMM while having anadwantageof mathematicasimplicity.

2 Mathematical Background

Beforepresentinghe equationdor constructingan SA-POMDP ,we will give a brief overview of
themathematic®ehindPOMDPs.A POMDPis formally defined[§ as:

« afinite setof statesS = {so, 51, S2,... , S|s]-1} »

« afinite setof actionsA = {ao, a1, a2,... ,a.4-1},

» asetof actionsA(s) C A for eachstates € S thatcanbe executedn thatstate,

« asetof transitionprobabilitiesPr(s'|s,a) Vs, s’ € S,a € A(s),

+ asetof obserationsZ = {z, 21, 22, .- , 2|z/-1}

» theobsenationprobabilitiesPr(z|s',a)Vz € Z,5' € S,a € A(s), and

+ asetof immediaterewardsr®(s) Va € A(s), s € S thatareavailableaftertakingary legal

actionfrom ary state.

Themodelgivenabove assumegpartial obserability, i.e., theremaynot be a one-to-onemap-
ping from obsenationsto statessoit may beimpossibleto determinethe currentstatebasedon
obsenations. Insteadof maintainingthe currentstate,a probability distribution over S calledthe
belief state is maintained.The setof all possiblebelief statedormsthebelief space.

Numerousversionsof Bayes’ conditionalprobability equationhave beenusedto updatethe

valueof abelief state.The versionwe have adopted6] is asfollows:

Pr(z|s', a) Z Pr(s'|s,a)b(s)

bi(s') = = . ()
Z Pr(z|s,a) Z Pr(s|s,a)b(s)
s'eS seS

For a recognitiontask, thereis no action choiceto be madeat eachtime step. The goal is
not to choosethe optimal action, but simply to track the paththroughbelief space.For purposes

of recognition,the POMDP modelcanbe simplified to have only oneactionavailablefrom each
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Figurel: SA-POMDPAIgorithm

state.Becauseave have placedthe singleactionrestrictionon our POMDR Equationl reducego

thefollowing form:

Pr(z|s) ) | Pr(s'|s)b(s)

b,(s') = s€8 . )
> [Pr(zls) Y " Pr(s'|s)b(s)
s'eS seS

Applying this equation,iteratedover all possiblestates,gives us the belief path that the SA-
POMDPfollowedduringits recognitiontask.A generaklgorithmfor the SA-POMDPIs givenin
Figurel.

3 Architecture

In mary respectsthe SingleAction Partially ObsenableMarkov DecisionProcessesembleshe
HiddenMarkov Model. Both schemegomprisea finite setof statesa matrix dictatingthe state
transitionprobabilities,anda matrix designatinghe obsenational probability densities.Further
more,the classicaPOMDPnotionsof actionandreward vanishwhenthe actionsetis reducedo
asingleaction. In fact, the remainingactionmay simply be interpretedas“changestate”at each
time step,similar in principle to the HMM. However, the SA-POMDPhasno needof the HMMs
initial stateprobability matrix. The SA-POMDPis assumedo beagin in a designatedstart state
with 100%certainty

EachSA-POMDPwascomposedf N + 3 stateswhere N (at most) equaledthe character

lengthof the associateavord. Eachuniqueletter of theword wasassigned distinctstate;hence,
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Figure2: Statetransitiondiagramfor an exampleSA-POMDP.Not shavn arethe zero-likelihoodtransi-
tions.

theword modelmay containrecurrencies(The ASCII valueof the charactemwascalledthe state
value). Themodelfor eachwordincludedstart,goal,andnonsensatates.

The nonsensestateis perhapshe mostdistinctive featureof the SA-POMDP.Entranceinto
this stateindicatesthatthe belief stateis of sufficient uncertaintythatthe modelis effectively lost.
Figure?2 illustratesa representate SA-POMDPmodelfor theword cat. As Figure2 implies,the
statetransitionlik elihoodsare uniformly distributed amongvalid statechanges.Furthermorea
transitionto the nonsensatatemay never be discountedlueto the systems limited obsenrability.
As anexample,giventhe cat model,a transitionfrom statec may goto statea or to the nonsense
statewith equalprobability Transitionprobabilitiesto statesepresentindettersnot foundin the
word cat mustbezero.A transitionfrom statec to statek shouldnever occurin the cat model.

The continuousstateobsenation densitiesare definedby a unimodal Gaussiarcenteredat
the state value with varianceof 0.01. This approximationcaptureshe elementof stochasticity
inherentin a partially obsenablesystem.This explicit determinatiorof transitionandobsenation
probabilitiesis usedin lieu of amorecorventionaltrainingtechniquesuchasgradientdescent.

Our implementationconsistsof a two-layer architecture,as shovn in Figure 3. The SA-
POMDP layer is composedf an orderindependentollection of SA-POMDPs,one model for
eachword in thevocahulary. In amannersimilar to anisolatedword HMM recognizera coordi-
natinglayeris placedabove the modellayerto administratesequentiatlispatchingof the queries
to the SA-POMDPsto obtainthe SA-POMDPS5 belief pathencounterediuring the classification
attempt. Pathscorrelatinghighly to the unknavn word are rated,andthe recognizermreturnsthe

mostlikely match.



Recognizer

"trpcked” —a Coordination Layer | —s "tricked"

)
.....

SA-POMDP Layer

Figure3: A block diagramof a two-layer SA-POMDP-basegbatternrecognizer An unknown, possibly
distorted,input is presentedo the recognizerfor classificationandthe coordinationlayer polls eachSA-
POMDP by dispatchinghe unknaovn andacceptinga correspondindpelief measure The coordinatorthen
determineshe mostlik ely matchandidentifiesthe appropriatenodelasthe matchedclass

Notethatthis architectureshouldbehae similarly to anHMM-basedisolatedword classifica-
tion system.If aword is notin the HMM vocahulary, the word with the highestdegreeof match
is returnedasthe matchcandidate.Typically, this likelihoodof matchwill far exceedsomemin-
imum threshold andthe recognizelis implementedo rejectsuchspuriousclassificatiorattempts

asfailures.

4 Methods

Although POMDPshave beenusedfor controltasksthey have not beenappliedto patternrecog-
nition. To evaluatethe hypothesighat POMDP methodscanbe usedto reliably classify patterns
usinga constrainecknowledgeof systemstate we appliedthe SA-POMDP,to a text-basedword
recognitiontask.

Recognizinga small vocatulary of ASCII stringswasexpectedto be a challengingbut well-
definedintroductorytask. To develop a classificatiorstrategy for the membersof the vocalulary,
we assigneckachletterof themodeledwordto auniquestate.Thesediscretely-aluedstatesvere
assignedh state value (the ASCII valueof theassociatedketter). Althoughthe SA-POMDPplaces
no suchrestrictionson the input, the wordswere composedsolely of lowercasdettersto facili-

tate the executionof this experiment. Candidatevordswererandomlyselectedrom a standard



chirp humanity threat tricked  exclusion
compass latrine special sobering  adored
groves loiter  spravling synegy  downcast

ordinate  proud acorn brisk  modularizes

Tablel: Thevocahilary usedin our experiment

dictionaryfile; twenty wordsvaryingin lengthfrom five to eleven letterswerethenselectedor
vocahulary inclusion. Tablel enumeratesur vocalulary.

The MATLAB™ developmentervironmentwas usedto constructthe SA-POMDP architec-
ture. The vocahlulary was presentedo the recognizerfor classificationunder51 differing levels
of additive noise. The noisesignalwassampledrom a Gaussiarcenteredat the state value. The
amplitudeof the additive noiserangedrom 0.0 to 5.0 in discretestepsof 0.1.

Testingover the entire noise scalecompriseda single pass,and the succesgate, measured
in percent,wasthen calculatedfor a datasetconsistingof twenty passes.A global measureof
recognizeraccurag wasobtainedby computingthe meanandstandardieviation of the obtained
successatesfor anentirevocalulary.

TwentyHMMs wereconstructedpnefor eachmembetrof thevocahulary[8]. Eachletterof the
wordwasconsidere@soneelemenbf theassociatedbsenationsequenceAlthoughhiddenstate
countvariedwith the lengthof the obsenationsequencepbsenationswererandomlyassignedo
state.Eachmodelwasiteratively trainedon onethousandnstance®f the desiredobsenation se-
guence.To facilitaterecognitionundernoisy conditions,eachelementof an obserationinstance
wasperturbedwith Gaussiamoisecenteredht the state value of the charactemwith a varianceof
0.1. Consequentlyeachstates continuousobsenation densitieswere modeledwith a unimodal
GaussianTheHMM architecturevasimplementedn a similar mannetto the SA-POMDParchi-
tecture:aMATLAB™ implementatiorwasevaluatedover the noisescale anda meansuccessate

wascomputed.
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5 Results

The SA-POMDPrecognizerexhibited a greaterthan expectedresistanceo all levels of the nor-
mally distributed noise signal. Perfectclassificationwas maintainedup to ¢> = 0.8. Beyond
this point, the systemexhibited a slow logarithmic declinein averageperformanceyeachinga
minimumrecognitionlevel of 67%at extremenoiselevels.

The HMM recognizerproved unableto maintainthe SA-POMDPS level of accurag. The
HMM no longerperformedperfectlyat 0 > 0.4. Noiselevels greaterthano? = 0.5 marked a
precipitousdeclinein accurag suchthatthe successatefell belav forty percentato? = 1.0. The
successatecontinuedto declinenearlyexponentiallyto an effective rate of approximately5% at
0?2 =2.0.

Althoughthe SA-POMDPmMaintaineda perfectrecognitionfor twice thedurationof theHMM,
thismetricfailsto addresshe moreimpressve aspect®f Figure4. As indicatedin the plot, HMM
performanceaxperiencedsucha catastrophidalloff thata 59% differencein meansuccessates
appeare@to? = 1.0. Furtherinspectionof Figure4 emphasizetheresilienceof the SA-POMDP.
At the maximumtestednoiselevel, SA-POMDPdemonstrated meansuccessateof 67%versus

theHMMs nearzerosuccessate.



6 Discussion

The SA-POMDP proved surprisinglyadeptat identifying wordsin partially obsenable environ-
ments.To expresstheobsenedaptitudein anothemanner SA-POMDPsdemonstratetheability
to overcomea noiselevel equivalentto a rangeof ten statevalues.As anexample,anactualstate
valueof ‘q’ perturbedoy Gaussiamoisewith varianceof 5.0 is generallyobsered someavherein
thesetrangingfrom the statevalueof ‘I' to the statevalueof ‘v'.

The degreeof obsered disparityin noiseresistancébetweenHMMs and SA-POMDPswas
unanticipated.Without exception, SA-POMDPssurpassedHMMs in accurag of recognitionat
comparatre levels of input distortion. In tasksrecognizingshortwords, the noiseimmunity of
SA-POMDPswasobsenredto betentimesthatof theHMM. Immunity declinedto roughly seven
timestheHMM levelsfor testedwordsexceedingeightcharacters.

Suchlargedifferencesn performancemmediatelycall to questiorthe suitability of the HMM
asa controlin this study; however, the preliminary natureof this work allows little precedentor
a measureof SA-POMDPS5 performance.The Hidden Markov Model, with its firm mathemati-
cal backgroundandextensve researctbase hasdemonstrategroficieng in difficult recognition
tasks,suchasautomatedpeechrecognition[1]. Thus,anHMM seemed logical choicefor com-
parison. Despitethe relatively poor performanceof this HMM, it is expectedthat other HMM

implementationgould prove morechallengingto the SA-POMDP.

7 Limitations

Oneprinciplelimitation of thisstudyis thelack of SA-POMDPtraining. Ourinitial modelsutilized
transitionmatricesconsistingof handassignedransitionprobabilities.In addition,theobsenation
densitywas assumedo be a single-mixtureGaussiarwith an arbitrarily small variance. It is
anticipatedhataniterative parametere-estimatiortechnique suchasBaum-Welch asappliedin
the HMM contet, will improve SA-POMDP performance.Furthermorethe effect of modeling
obsenationaldensitieswith multimodalGaussiammixtureshasnot beenstudied.

Sincecurrent SA-POMDP training methodsinclude only a determinationof stochastically-

biasedstatetransitionsmodelestimationrequiredlittle computationatime. However, our recog-
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nizeractedin a nawve brute-forcefashionandrequireda greatdealof time to identify aword. This
problemis not uniqueto SA-POMDP; Hidden Markov Models similarly suffer from the curse
of dimensionality yet the useof the Baum-Welch forward and backward variables[$ make the
problemtractable. As we improve and expandour SA-POMDP architecture we expectbetter
recognitionperformanceindmorespeed.

Althoughthe HMM demonstratedatishictory performanceasa comparatgraccurag of the
control may be improved by employing more sophisticatednodels. Suchimprovementsmay
include multi-modal Gaussiarobsenation densities,more robust state-obseiation assignments

(for example,k-meanssegmentalclustering)andmorethoroughtraining sessions.

8 FutureWork and Conclusions

The SA-POMDPhasbeendemonstratedo provide an effective patternrecognitionparadigm. It
hasthe ability to map noisy continuousinputsto discreteoutputs. This makesit ideally suited
to operateon low SNR data. However, therearestill openquestionsaboutunderlyingstatistics,
trainingandapplication.

Onefactoris the effect of input vectorcharacteristics.It is unclearhow the dimensionality
variancdevels,andclassseparatiorf theinputvectorwill impactrecognition.Additionally, there
is the issueof SA-POMDPtraining unaddressedPresumablya modified versionof the Baum-
Welch EM algorithm[d may be usedto tunethe SA-POMDP parametergor improved results.
Furthermore architectureenhancementsuchas supportfor multi-modal Gaussiarobsenation
densitiesjs underconsideration.

In effort to explore the potentialfield of application,we intendstudieson a numberof pattern
recognitionproblems.Specifically SA-POMDPIs expectedo provide robustresultsfor processes
constrainedy incompletestateperception.Oneexampleis theimplementatiorof Single Action
Partially Obsenable Markov DecisionProcesdo a facial recognitiontaskin a mannersimilar
to Samaria[®. Anotherexampleis the problemof speechrecognition. The performanceof SA-
POMDPIn thisinitial studyindicateshatit couldbeanovel approactto patternrecognitionwith

mary possibleapplications.
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