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Abstract

Partially ObservableMarkov DecisionProcesses(POMDPs)havebeenappliedextensively

to planning in environmentswhereknowledgeof an underlyingprocessis confoundedby

unknown factors[3, 4, 7]. By applyingthePOMDParchitectureto basicrecognitiontasks,we

introducea novel patternrecognizerthatoperatesunderpartially observableconditions.This

SingleAction Partially ObservableMarkov DecisionProcess(SA-POMDP)is thencompared

to a well-known patternrecognizer, theHiddenMarkov Model (HMM). Our resultsindicate

thattheSA-POMDP’sperformancesurpassesthatof theHMM in simplerecognitiontasksand

exhibitsauniqueresistanceto noisyinputsduringtherecognitionprocess.

1 Introduction

Partially Observable Markov DecisionProcesses(POMDPs)have shown exciting potential for

planning,despitehaving anintractableexactsolutionfor sequentialdecisiontasks[5]. Theobjec-

tiveof thisstudywasto applythePOMDPframework to abasicrecognitiontask.Usingastandard

HiddenMarkov Model (HMM) asa control for comparison,we developedtheSingleAction Par-
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tially ObservableMarkov DecisionProcess(SA-POMDP).The SA-POMDPwasanticipatedto

performequivalentlywith theHMM while having anadvantageof mathematicalsimplicity.

2 Mathematical Background

Beforepresentingtheequationsfor constructinganSA-POMDP,we will give a brief overview of

themathematicsbehindPOMDPs.A POMDPis formally defined[6] as:

• afinite setof states�������
	��
�����
�����
�
�����
��� ��� ����� ,

• afinite setof actions��������	��
� ���!�"�#�
���
�$�
� � %&� ��� � ,
• asetof actions')(*��+-,.� for eachstate�0/1� thatcanbeexecutedin thatstate,

• asetof transitionprobabilities243#(5�
6*78�9�!� +�:$�9�
�
6;/<�=�
�>/?')(*��+ ,
• asetof observations@A����B
	��!BC�D�
B#�#�
�
�
���!B � EF� ��� � ,
• theobservationprobabilities243#(*B;78�
6G�
�H+�:IBJ/?@K�
��6L/<�M�!�N/?'O(5��+ , and

• a setof immediaterewards P�Q9(*��+�:I�R/S')(*��+T�
�N/U� thatareavailableafter takingany legal

actionfrom any state.

Themodelgivenaboveassumespartialobservability, i.e., theremaynot bea one-to-onemap-

ping from observationsto states,so it maybe impossibleto determinethecurrentstatebasedon

observations.Insteadof maintainingthecurrentstate,a probabilitydistribution over � calledthe

belief state is maintained.Thesetof all possiblebelief statesformsthebelief space.

Numerousversionsof Bayes’conditionalprobability equationhave beenusedto updatethe

valueof abelief state.Theversionwehaveadopted[6] is asfollows:

V QW (5� 6 +X� 243�(YB;78� 6 �!�H+�Z []\ � 243#(5� 6 78�9�!�H+ V (*��+Z[Y^_\ � ` 243#(*B;78� 6 �!�H+ Z []\ � 2a3�(5� 6 78�"�!�H+ V (5��+cb � (1)

For a recognitiontask, thereis no actionchoiceto be madeat eachtime step. The goal is

not to choosetheoptimalaction,but simply to track thepaththroughbelief space.For purposes

of recognition,thePOMDPmodelcanbesimplified to have only oneactionavailablefrom each
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Figure1: SA-POMDPAlgorithm

state.Becausewe have placedthesingleactionrestrictionon our POMDP, Equation1 reducesto

thefollowing form:

V W (5� 6 +z� 243#(*B;78� 6 + Z []\ � 243#(5� 6 78��+ V (5��+Z[Y^_\ � ` 2a3�(*B;78� 6 +�Z []\ � 243�(*� 6 78��+ V (*��+ b � (2)

Applying this equation,iteratedover all possiblestates,gives us the belief path that the SA-

POMDPfollowedduringits recognitiontask.A generalalgorithmfor theSA-POMDPis givenin

Figure1.

3 Architecture

In many respects,theSingleAction Partially ObservableMarkov DecisionProcessresemblesthe

HiddenMarkov Model. Both schemescomprisea finite setof states,a matrix dictatingthestate

transitionprobabilities,anda matrix designatingtheobservationalprobabilitydensities.Further-

more,theclassicalPOMDPnotionsof actionandrewardvanishwhentheactionsetis reducedto

a singleaction. In fact, theremainingactionmaysimply beinterpretedas“changestate”at each

time step,similar in principleto theHMM. However, theSA-POMDPhasno needof theHMMs

initial stateprobability matrix. The SA-POMDPis assumedto begin in a designatedstartstate

with 100%certainty.

EachSA-POMDPwascomposedof {}|�~ states,where { (at most)equaledthe character

lengthof theassociatedword. Eachuniqueletterof theword wasassigneda distinctstate;hence,
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Figure2: Statetransitiondiagramfor an exampleSA-POMDP.Not shown arethe zero-likelihoodtransi-
tions.

theword modelmaycontainrecurrencies.(TheASCII valueof thecharacterwascalledthestate

value). Themodelfor eachword includedstart,goal,andnonsensestates.

The nonsensestateis perhapsthe mostdistinctive featureof the SA-POMDP.Entranceinto

this stateindicatesthatthebelief stateis of sufficientuncertaintythatthemodelis effectively lost.

Figure2 illustratesa representative SA-POMDPmodelfor theword cat. As Figure2 implies,the

statetransitionlikelihoodsareuniformly distributedamongvalid statechanges.Furthermore,a

transitionto thenonsensestatemaynever bediscounteddueto thesystem’s limited observability.

As anexample,giventhecat model,a transitionfrom statec maygotostatea or to thenonsense

statewith equalprobability. Transitionprobabilitiesto statesrepresentinglettersnot foundin the

word cat mustbezero.A transitionfrom statec to statek shouldnever occurin thecat model.

The continuousstateobservation densitiesare definedby a unimodalGaussiancenteredat

the state value with varianceof ������� . This approximationcapturesthe elementof stochasticity

inherentin apartiallyobservablesystem.Thisexplicit determinationof transitionandobservation

probabilitiesis usedin lieu of amoreconventionaltrainingtechnique,suchasgradientdescent.

Our implementationconsistsof a two-layer architecture,as shown in Figure 3. The SA-

POMDPlayer is composedof an order-independentcollectionof SA-POMDPs,onemodel for

eachword in thevocabulary. In a mannersimilar to anisolatedword HMM recognizer, a coordi-

natinglayer is placedabove themodellayer to administratesequentialdispatchingof thequeries

to theSA-POMDPsto obtaintheSA-POMDP’s belief pathencounteredduring theclassification

attempt. Pathscorrelatinghighly to the unknown word arerated,andthe recognizerreturnsthe

mostlikely match.
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Figure3: A block diagramof a two-layerSA-POMDP-basedpatternrecognizer. An unknown, possibly
distorted,input is presentedto the recognizerfor classification,andthecoordinationlayerpolls eachSA-
POMDPby dispatchingtheunknown andacceptinga correspondingbelief measure.Thecoordinatorthen
determinesthemostlikely matchandidentifiestheappropriatemodelasthematchedclass

Notethatthis architectureshouldbehave similarly to anHMM-basedisolatedword classifica-

tion system.If a word is not in theHMM vocabulary, theword with thehighestdegreeof match

is returnedasthematchcandidate.Typically, this likelihoodof matchwill far exceedsomemin-

imum threshold,andtherecognizeris implementedto rejectsuchspuriousclassificationattempts

asfailures.

4 Methods

AlthoughPOMDPshave beenusedfor control tasks,they have not beenappliedto patternrecog-

nition. To evaluatethehypothesisthatPOMDPmethodscanbeusedto reliably classifypatterns

usinga constrainedknowledgeof systemstate,we appliedtheSA-POMDP,to a text-basedword

recognitiontask.

Recognizinga small vocabulary of ASCII stringswasexpectedto bea challengingbut well-

definedintroductorytask. To developa classificationstrategy for themembersof thevocabulary,

weassignedeachletterof themodeledword to auniquestate.Thesediscretely-valuedstateswere

assigneda state value (theASCII valueof theassociatedletter).AlthoughtheSA-POMDPplaces

no suchrestrictionson the input, the wordswerecomposedsolely of lowercaselettersto facili-

tatethe executionof this experiment. Candidatewordswererandomlyselectedfrom a standard

5



chirp humanity threat tricked exclusion

compass latrine special sobering adored

groves loiter sprawling synergy downcast

ordinate proud acorn brisk modularizes

Table1: Thevocabularyusedin ourexperiment

dictionaryfile; twenty wordsvarying in lengthfrom five to eleven letterswerethenselectedfor

vocabulary inclusion.Table1 enumeratesourvocabulary.

The MATLAB™ developmentenvironmentwas usedto constructthe SA-POMDParchitec-

ture. The vocabulary waspresentedto the recognizerfor classificationunder51 differing levels

of additive noise.Thenoisesignalwassampledfrom a Gaussiancenteredat thestate value. The

amplitudeof theadditive noiserangedfrom ���k� to � ��� in discretestepsof � ��� .
Testingover the entirenoisescalecompriseda single pass,and the successrate, measured

in percent,was thencalculatedfor a datasetconsistingof twenty passes.A global measureof

recognizeraccuracy wasobtainedby computingthemeanandstandarddeviation of theobtained

successratesfor anentirevocabulary.

TwentyHMMs wereconstructed;onefor eachmemberof thevocabulary[8]. Eachletterof the

wordwasconsideredasoneelementof theassociatedobservationsequence.Althoughhiddenstate

countvariedwith thelengthof theobservationsequence,observationswererandomlyassignedto

state.Eachmodelwasiteratively trainedon onethousandinstancesof thedesiredobservationse-

quence.To facilitaterecognitionundernoisyconditions,eachelementof anobservationinstance

wasperturbedwith Gaussiannoisecenteredat the state value of thecharacterwith a varianceof���f� . Consequently, eachstate’s continuousobservation densitiesweremodeledwith a unimodal

Gaussian.TheHMM architecturewasimplementedin asimilarmannerto theSA-POMDParchi-

tecture:a MATLAB™ implementationwasevaluatedover thenoisescale,andameansuccessrate

wascomputed.
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Figure4: HMM versusSA-POMDP(mean��� successrate)

5 Results

The SA-POMDPrecognizerexhibited a greaterthanexpectedresistanceto all levels of the nor-

mally distributed noisesignal. Perfectclassificationwas maintainedup to � � ������� . Beyond

this point, the systemexhibited a slow logarithmic declinein averageperformance,reachinga

minimumrecognitionlevel of 67%at extremenoiselevels.

The HMM recognizerproved unableto maintainthe SA-POMDP’s level of accuracy. The

HMM no longerperformedperfectlyat � �>� ���8� . Noiselevels greaterthan � � �����k� marked a

precipitousdeclinein accuracy suchthatthesuccessratefell below forty percentat � � ������� . The

successratecontinuedto declinenearlyexponentiallyto aneffective rateof approximately5% at� � ��� �k� .
AlthoughtheSA-POMDPmaintainedaperfectrecognitionfor twicethedurationof theHMM,

thismetricfails to addressthemoreimpressiveaspectsof Figure4. As indicatedin theplot, HMM

performanceexperiencedsucha catastrophicfalloff that a 59% differencein meansuccessrates

appearedat � � ���C�k� . Furtherinspectionof Figure4 emphasizestheresilienceof theSA-POMDP.

At themaximumtestednoiselevel, SA-POMDPdemonstrateda meansuccessrateof 67%versus

theHMMs nearzerosuccessrate.
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6 Discussion

The SA-POMDPproved surprisinglyadeptat identifying wordsin partially observableenviron-

ments.To expresstheobservedaptitudein anothermanner, SA-POMDPsdemonstratedtheability

to overcomea noiselevel equivalentto a rangeof tenstatevalues.As anexample,anactualstate

valueof ‘q’ perturbedby Gaussiannoisewith varianceof � ��� is generallyobservedsomewherein

thesetrangingfrom thestatevalueof ‘l’ to thestatevalueof ‘v’.

The degreeof observed disparity in noiseresistancebetweenHMMs andSA-POMDPswas

unanticipated.Without exception,SA-POMDPssurpassedHMMs in accuracy of recognitionat

comparative levels of input distortion. In tasksrecognizingshortwords, the noiseimmunity of

SA-POMDPswasobservedto betentimesthatof theHMM. Immunitydeclinedto roughlyseven

timestheHMM levelsfor testedwordsexceedingeightcharacters.

Suchlargedifferencesin performanceimmediatelycall to questionthesuitabilityof theHMM

asa control in this study;however, thepreliminarynatureof this work allows little precedentfor

a measureof SA-POMDP’s performance.The HiddenMarkov Model, with its firm mathemati-

cal backgroundandextensive researchbase,hasdemonstratedproficiency in difficult recognition

tasks,suchasautomatedspeechrecognition[1].Thus,anHMM seemeda logical choicefor com-

parison. Despitethe relatively poor performanceof this HMM, it is expectedthat otherHMM

implementationscouldprovemorechallengingto theSA-POMDP.

7 Limitations

Oneprinciplelimitationof thisstudyis thelackof SA-POMDPtraining.Ourinitial modelsutilized

transitionmatricesconsistingof handassignedtransitionprobabilities.In addition,theobservation

densitywas assumedto be a single-mixtureGaussianwith an arbitrarily small variance. It is

anticipatedthataniterative parameterre-estimationtechnique,suchasBaum-Welchasappliedin

the HMM context, will improve SA-POMDPperformance.Furthermore,the effect of modeling

observationaldensitieswith multimodalGaussianmixtureshasnot beenstudied.

SincecurrentSA-POMDPtraining methodsinclude only a determinationof stochastically-

biasedstatetransitions,modelestimationrequireslittle computationaltime. However, our recog-
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nizeractedin anaivebrute-forcefashionandrequiredagreatdealof 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 andbackward variables[8] make the

problemtractable. As we improve and expandour SA-POMDParchitecture,we expect better

recognitionperformanceandmorespeed.

Although the HMM demonstratedsatisfactoryperformanceasa comparator, accuracy of the

control may be improved by employing more sophisticatedmodels. Such improvementsmay

include multi-modal Gaussianobservation densities,more robust state-observation assignments

(for example,� -meanssegmentalclustering)andmorethoroughtrainingsessions.

8 Future Work and Conclusions

TheSA-POMDPhasbeendemonstratedto provide aneffective patternrecognitionparadigm.It

hasthe ability to mapnoisy continuousinputs to discreteoutputs. This makes it ideally suited

to operateon low SNR data. However, therearestill openquestionsaboutunderlyingstatistics,

trainingandapplication.

Onefactor is the effect of input vectorcharacteristics.It is unclearhow the dimensionality,

variancelevels,andclassseparationof theinputvectorwill impactrecognition.Additionally, there

is the issueof SA-POMDPtraining unaddressed.Presumably, a modifiedversionof the Baum-

Welch EM algorithm[2] may be usedto tune the SA-POMDPparametersfor improved results.

Furthermore,architectureenhancements,suchassupportfor multi-modalGaussianobservation

densities,is underconsideration.

In effort to explorethepotentialfield of application,we intendstudieson a numberof pattern

recognitionproblems.Specifically, SA-POMDPis expectedto providerobustresultsfor processes

constrainedby incompletestateperception.Oneexampleis the implementationof SingleAction

Partially Observable Markov DecisionProcessto a facial recognitiontask in a mannersimilar

to Samaria[9]. Anotherexampleis the problemof speechrecognition.The performanceof SA-

POMDPin this initial studyindicatesthatit couldbeanovel approachto patternrecognition,with

many possibleapplications.
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