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Abstract. Whenapplyinga Reinforcement.earningtechniqueto
problemswith continuousor very large statespacessomekind of
generalizations required.In the bibliography two mainapproaches
canbe found. On one hand,the generalizatioproblemcanbe de-
finedasanapproximatiorproblemof the continuousrsaluefunction,
typically solved with neuralnetworks. On the otherhand,otherap-
proachedliscretizeor clusterthe statesof the original statespaceto
achiee areducedonein orderto learna discretevaluetable.How-
ever, bothmethodshave disadwantageslik e theintroductionof non-
determinismin the discretizationsparametersardto tune by the
user or the useof a high numberof resourceslin this paper we
usesomecharacteristicef both approacheso achiee statespace
representationthatallow to approximatehevaluefunctionin deter
ministic reinforcementiearningproblems.The methodclustersthe
domainsupervisedy the valuefunction beinglearnedto avoid the
non-determinisnintroduction.At the sametime, the sizeof the new
representatiostayssmallandit is automaticallycomputed Experi-
mentsshav improvementsover otherapproachesuchasuniform or
unsupervisedlustering.

1 INTRODUCTION

Reinforcementearningalgorithmshave problemswhenit is applied
to large or continuousstatespacesGiven that a value of “utility”
mustbe computedfor eachstateandactionin the domain,general-
izationtechniquesave to be usedto avoid aninefficient useof the
experienceOn onehand,somegeneralizatioriechniquesely onthe
useof neuralnetworks [3] to approximatethe value function used
in mostof the reinforcementiearningalgorithms[2]. Several com-
parisonscanbe foundin the literature[4, 14]. However, the useof
neuralnetworks introducesseveral problems.For instancejin [4],
corvergencepropertieof severalneuralnetworksarestudied shaw-
ing thatconvergenceis notalwaysensuredFurthermoreit is knovn
thatit is not alwayseasyto definetheright arquitectureof the neural
network to achieve a successfusolution.
Ontheotherhand,generalizationechniquesuchasCMAC [16]
or variableresolutiondiscretizatior{13] try to mapdifferentareasof
thedomainthatgroupseveral stategeveninfinite continuousstates)
to a samestatefrom a finite discretizedstatespacerepresentation.
Theway to representhenew discretizedstatess diverse andrange
from coarsecoding[9], tiling [1], radial basisfunctions[5], vector
quantizationapproache§7] to self organizingmaps[10]. However,
thesekinds of representationsave similar problemsto the previous
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approachFor instance all of themrequireto definethe resources
used(numberof regions,centroidsetc.).Furthermorethey cancon-
vert deterministicervironmentsinto stochasticonesby groupingin
the sameclusterexamplesof differentclassegbestactionto apply).
Instancebasedapproachesolve someof the previous problemsbut
they do not work well whenthe numberof instancegrows. Since
they requirean efficient matchingfunction, one solutionconsistsof
building akd-treethatorganisegheinstance$15]. Thisorganization
is aform of clusteringthe instancesandthereforeit canbe consid-
eredasanimplicit discretization.

In this work, we have focusedon finding statespacerepresenta-
tionsthatallow to keep(or looseaslittle aspossible)the determin-
ism of the domains.To do this, we study the use of an algorithm
thatallows to learnboththe statespacerepresentatioandthe value
function at the sametime. The discretizationmethodis basedon a
nearesprototypeapproachthat definesthe regions of the erviron-
mentby prototypesandthe nearesheighbourule. Furthermoreye
wantedthatthe numberof prototypedi.e. the numberof regions)be
smallandautomaticallyadaptedo the requirement®f the learning
of thevaluefunction.

Thenext sectionintroducesadeterministicdomainthathasacon-
tinuousstatespaceIn that section,how typical discretizationtech-
niguescan introduce non-determinismwill be shavn, even when
the original domainwasdeterministic.Then,the proposedapproach
will be describedfollowed by the presentatiorof the experiments
performedwith differenttechniquesand somecomparatie results.
Lastly, themainconclusionsbtainedwill bepresented.

2 DISCRETIZATION APPROACHES FOR AN
EXPLORATION DOMAIN

The classicalexploration domainor grid world, as shavn in Fig-
ure1(a),is adomainwherearobothasto learnto arrive to the goal
areafrom randominitial positions.For clarifying reasonswe will
usea simplified versionwhereactionsof the robotsare limited to
follow cardinalpoints,i.e. “go East”,“go North”, “go West"and“go
South”. Theareasizeis 5 x 5, andall the actionsproducea motion
of sizeone.If therobottriesto executeanactionthatshouldendout
of the arenathe robotis forcedto stayin the original position,and
we will callit ablockedsituation.

If we useareinforcemenfunctionthatreturnsamaximumreward
of 100 whentherobotarrivesto the goalareaand 0 otherwise and
we usea discountfactorof v = 0.5, for eachexecutedaction,the
optimal value function is shavn in Figure 1(b). At the sametime,
the limits of the value function presentan optimal statespacerep-
resentatiorthat doesnot introducenon-determinismThe limits of
the differentregions are definedby the discontinuitiesof the value
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Figurel. Grid-world domain.(a) shavsthegoalareaand(b) the optimal
valuefunctionfor v = 0.5.

function,soin this case pnly 25 discretizedstatesareneeded.

Although this is a deterministicdomain, it is easyto shav that
obtaininga statespacerepresentatiothatkeepsthis determinismn
the ervironmentwithout the useof ary prior knowledgeis not an
easytask.For instancesince"a priori” we might notknow the num-
beranddispositionof theregions,imaginethatinsteadf introducing
5x5regions,weintroducebx6 regions.Theresultis illustratedin Fig-
ure2. Theervironmentintroducesa high non-determinisniecause,
evenif the executionof the sameactionfrom the samestatealways
achieesthe samefinal state,in someexecutionsthe goal could be
achieved, while notin others Soimmediaterewardscanbedifferent
in differentexecutionsresultingin anon-deterministibehaiour.
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Figure2. Exampleof uniform discretizatiorwith 6 x 6 regionsin the
grid-world domain.

3 LEARNING THE STATE SPACE
REPRESENTATION AND THE Q FUNCTION

Summarizingthe problemspresentedabore, we can say that the
goalsof our desiredstatespacerepresentatioareto keepthe deter

minismof thedomain thatthenumberof statesloesnotgrow much,
andthatthe userdoesnot have to introduce“a priori” information.
Giventhatwe have a deterministicervironment,we know therewill

be afinite setof valuesthatthe valuefunctioncanachieve, although
we do notknow “a priori” which onesthey are.For instancejn Fig-
ure 1(b), if we knew the optimal discretization the optimal value
functionwould only take 9 differentvalues.Thesevaluescanbede-
scribedasry * 4%, fori = 0,...,p — 1, wherer, is the reward
receved whenachieving the goal (in this casery = 100), andp is

thelongestoptimal pathbetweerary initial pointof theervironment
andthegoal(in this casep = 8). Thereforejf we considereachof

thosevaluesasadifferentclass we canformulatethe problemof dis-
cretizingthe domainasa supervisedearningproblemin which the
statedescriptionsare mappedinto attributes(z andy in this case),
andthe @ valuesaremappednto theclasseg9 classesn this case).
As we have saidbefore theseclassesrenotknown “a priori”, soour

goalis thatthey progressiely appeartby applying Q-Learningover
theexperienceuples.

However, we arenot still done.We needto outputthe setof new
states,such that the non-determinisndoes not grow when using
thosenew statesfor computingthe @ function. Therefore the clas-
sifier algorithmto useshouldnot only provide a successfutlassifi-
cationof the @ valuesfor a given state but alsothe new statespace
representationAs an example,nearesieighbour/prototypelassi-
fiers satisfy this condition, in the sensethat they typically achieve
good accurayg, at the sametime that they generatea set of proto-
typesthat canbe usedas a statespacerepresentationSo, both the
statespacerepresentatiomnd the value function are learnedat the
sametime, becausehey areinherentlyrelated.

All theseideasareintroducedin a new discretizationtechnique
calledENNC-QL thatis describechext. It usesa nearesneighbour
algorithm, ENNC, to learnthe statespacerepresentatiorsupervis-
ing it with the Q values,while it usesthe Q-Learningupdatefunc-
tion to computethese@ values.Next sectionintroduceshe nearest
neighbouralgorithm,calledEvolutionaryNeaestNeighbourClassi-
fier (ENNC).

3.1 The ENNC algorithm

1-NearestNeighbourClassifiers(1-NN) are a particularcaseof k-
NN classifiersthat assignto eachnewv unlabelledexample, e, the
labelof the nearesprototypec from a setof NV differentprototypes
previously classified6]. Themaingenericparametersf this sortof
classifiersare:the numberof prototypego use,theirinitial position,
anda smoothingparameterThe ENNC algorithm[8] is a 1-nearest
neighbourclassifierwhosemain characteristids thatit hasa small
numberof userdefinedparameterst only needghe numberof iter-
ationsto run. Thismeanghatnoneof theabove parameterfiasto be
supplied.

The algorithm startswith only one prototypein the initial setof
prototypesThis setis modifiediteratively by the executionof sev-
eral operatorsn eachexecutioncycle. At the end of the evolution,
the classifieris composedf a reducedset of prototypescorrectly
labelled. The mainstepsof the algorithmaresummarizedext:

e |nitialization. Theinitial numberof prototypeds one.Themethod
is ableto generateen prototypesstabilizingin the mostappro-
priatenumberin termsof a defined‘quality” measure.

e ExecuteN cycles.In eachcycle, executethefollowing operators:

Information Gathering. At the beginning of eachcycle, the al-
gorithm computeghe informationrequiredto executethe op-
eratorsThis informationrelatesto the prototypestheir quality
andtheirrelationshipwith existing classes.

Labelling. It labelseachprototypewith themostpopularclassin
its region.

Reproduction. It introducesew prototypesn theclassifierThe
insertionof new prototypess a decisionthatis taken by each
prototype;eachprototypehasthe opportunityof introducinga
new prototypein orderto increasets own quality.

Fight. It provideseachprototypethe capability of gettingtrain-
ning patterngrom otherregions.

Move. It implies the reallocationof eachprototypein the best
expectedplace.This bestplaceis thecentroidof all thetraining
patternghatit represents.

Die. It eliminatesprototypesThe probabilityto die is inversally
proportionatlto the quality of eachprototype.



3.2 The ENNC-QL Algorithm

We definethelearningproblemin ENNC-QL asfollows. Givenado-
mainwith a continuousstatespacewhereanagentcanexecutea set
of L actionsA = {au,...,ar}, thegoalis to obtainanapproxima-
tion of theactionvaluefunction,Q(s, a). In this case andfollowing
otherideasfrom neuralnetworks approachess[11], one function
approximatotis usedfor eachactionto representhevalueof apply-
ing the actionin eachstate.l.e. we needL function approximators
Qa;(s),fori=1,...,L.

The main idea of this approachis that given L function ap-
proximators,L differentstatespacerepresentationsS,; (s), will be
computed becauseeachone may requiredifferentresourcesEach
Sa; () is afunction that takes asinput a stateof the original rep-
resentationand outputsa statein the new representationThe ap-
proximatorsQ@.; (s) arelearnedat the sametime, so at the end of
thealgorithmwe have boththe L statespacerepresentationandthe
approximatiorof the @ functionfor eachaction.It doessoby propa-
gatingtherewardsfrom thegoalareado therestof theervironment,
andlearningthe @ value stepby stepwith the Q-Learningupdate
functionfor deterministiodomainsg(equationl with « setto 1).

Q(s,0) ¢ (1= )Q(s,0) + ofr + ymax Q(s',a")} (1)

A high level descriptionof the algorithmis shavn in Figure 3.
The algorithmstartswith aninitialization step,wherethe L S,; (s)
statespacerepresentationareinitialized to only onestate andthe L
Q.; (s) approximatorsreinitialized, typically to O.

Initialization

Exploration Phase

‘ Learn State Space Representati#

‘ Learn Q function (Deterministi#)

‘ Learn Q function (Non—Deterministi#)

End

Figure 3. High level descriptionof the ENNC-QL algorithm.

Thesecondstepis anexploratoryphaseThis phasegeneratea set
T of experiencetuples,of thetype < s, a;, s',r >, wheres is ary
state a; is theactionexecutedfrom thatstate s’ is the stateachieved
andr is theimmediatereward receved from the ervironment.From
this initial setof tuplesandusingS,; andQ.;,¢ = 1,..., L, the
Q-learningupdaterule for deterministicdomainscanbe usedto ob-
tain L training sets, T, i = 1,..., L, with entriesof the kind
< 8,Cs,0; > Wherec, o, IS the resultingvalue of applyingthe Q
updatefunction to eachtraining tuple. In this first step,@.; = 0,
i=1,...,L, for all s, sothe possiblevaluesfor c;,,; dependonly
onthepossiblevaluesof r. If we supposéaher valuesarealwayso,
exceptwhena goal stateis achiezed, wherea maximumreward of
100is obtained the only two valuesfor ¢; ., are0 and100in the
first iteration.

Thus,we have L setsof pairs< s, cs,q; > thatcanbe usedby
a supervisedearningtechniqueto learn L approximatorspne for
eachaction. We will focusnow in only one of them. If we usea
nearesheighbourtechniquesuchasENNC asa supervisedearning
approachthealgorithmwill returntwo things.Thefirst one,agood
approximatiorof the action-aluefunction. The secondne,an effi-
cientstatespacerepresentatiofor approximatinghevaluefunction,
giventhatnearesheighbourclassifiergeturnasetof prototypeghat
definesa setof regionsin the statespace.This procesds executed
iteratively k& times, thatis supposedo be big enoughto learnthe
whole statespace.

The resulting state spacerepresentations deterministicif: the
original domainis deterministic;and the classifierdoesnot intro-
ducenon-determinisn{it achievesa 100% of accurag). However,
giventhatthe classifieralgorithmcanintroduceerrorsandit might
not be ableto successfullyclassifythe 100%of the datain eachit-
eration,the resultingstatespacerepresentationvill still have some
non-determinismWe apply, then,a new learningstepto absorbas
muchaspossiblethis non-determinismWe usethe updatefunction
of Q-Learningfor stochastiadomains,thatis shavn in equationi,
andwe learnovertheresultingstatespaceaepresentatiorif theclas-
sifier systemachievzes a 100% of successn all classificationsthis
laststepcould be omitted. The algorithmis formalizedin Figure4.

ENNC-QL Algorithm

e Obtainby explorationa setT of statetransitions
< s,aq, s', r>
e Sett = 0 andsg to ary state
o Initialize thestatespaceepresentatiofor eachactiona; and
eachstates;: St (s;) = {so}
e |nitialize the initial approximatorsfor each action a;:
Qi (50) =0
e Repeat times
— Obtainfor eachactiona; the new representatior.1",
andtheapproximatoiQ:+ (s):
* Generatea training set, T¢, for the classifier For each
tuple< s,a;,s',r >inT:
- Computethenew classvaluefor s anda;:

Cs,a; =T +ymax Q) (s) )
ajeA a

- Introducethepair < s, cs,q; > in thetrainingset,T7.

x Apply the ENNC algorithmover thetrainingsetT?, us-
ing asseedS‘fl,. . Theresultingstatespacerepresentation
is St+1 andtheresultingapproximatoiis Q% (s;;), for
all s;; € S;j—l.

— Sett=t+1

e Use the non-deterministicQ-Learning updatefunction to
learnthefinal Q.; (s) functions,whenthe classifiersystem
doesnotachieve the 100%o0f classificatioraccurag.

Figure4. TheENNC-QL algorithm.

A characteristiof the methodis thateachstatespacerepresenta-
tion S.T' is very similar to its previousone, S%, . Thus,to learnthe
statespacerepresentatio eachiteration,the statespacerepresen-
tationlearnedn thepreviousiterationcanbeusedasseedjmproving



theperformancef thelearningtechnique.

4 EXPERIMENTS AND RESULTS

To testthe performanceof the method,we have usedthe domain
shavn in Figure5, thatconsistdn arobotmoving into anoffice area.
This areais representetly walls, free positionsandgoalareasall of
themof sizel x 1. Thus,thewholedomainis 24 x 21. Thepossible
actionsthat the robot can executeare “go North”, “go East”, “go
South”and“go West”, all themof size 1. Therobotis supposedo
know its location in the spaceby the coordinates(z, y) provided
by somelocalizationsystem Furthermorethe robothasanobstacle
avoidancesystemthat blocks the executionof actionsif they will
male the robot crushinto a wall. Two goal areashave beenlocated
in two differentrooms.

m Wall @ GoalO Free

Figure5. Office Domain.

We have performedseveral experimentscomparinguniform dis-
cretizationandVQ discretization®f differentsizeswith theonly so-
lution reportedby ENNC-QL. Training datais obtainedfrom 4,000
runs.In eachrun, the robot tries to achiere the goal areafrom ran-
dominitial positions.Eachrunis limited to the executionof 10 ac-
tions.For comparisorreasonsye first madesomeexperimentswith
uniform discretization®f the ervironmentandwith statespacerep-
resentationgearnedwith the generalized.loyd algorithm[12]. Ex-
perimentswere performedover differentstatespacesizes.Figure 6
shavs auniformdiscretizatiorof thedomainwith 1024stateswhile
Figure7 shavsadiscretizatiorcomputedvith theGeneralized.loyd
Algorith, of thesamesize.Thelastonelocategrototypenlyin rel-
evantpositionsof thedomain.

Figure6. PrototypedJsingUniform Discretization.

The Q-Learningupdatefunction shavn in Equation1 wasused
for learningthe policy, usingy = 0.9 and a constantvalue of
a = 0.1 (valuesselectedexperimentally).Resultsare summarized
in Figure8, for testsof 4000runs.In eachtest,therobotis located
in arandomposition,andit triesto achieve the goalby executingthe
optimal actionsaccordingto the @@ functionlearnedwith the repre-
sentationgeneratedy eachdiscretizatiortechnigueThemaximum
lengthof arunis 100actions.If therobotdoesnot achiere the goal

areaafter executing 100 actions,the robot is supposedo be in a
blocked situationor a cycle.

Successful trials (%)

!
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Percentagef successfulrials whenlearningwith different
approacheanddifferentstatespacesizes.

Figure 8.

Fromtheseresultsonecandraw the following conclusionsUni-
form discretizationgequiresa higher numberof statesto generate
good results.In this case,the 61.15%of successfulrials is only
achvedwith 3721statesHowever, andgiventhe regularitiesof this
domain,with auniformdiscretizatiorof 24 x 21 statesthe 100%of
successouldbeachieved (in the sameway thatthe5 x 5 discretiza-
tion for the domainpresentedn section2). On the otherhand,the
VQ discretizationtakes advantageof the bestlocationof the proto-
types,achiering the 60.57 of successfulrials with 676 statesWhen
thenumberof stategs increasedysingVQ discretizationsheperfor
mancealecrease®o, becaus¢hehighnumberof statesSo,although
VQ discretizationgrovide goodsolutions finding the right number
of statego useis a hardproblemto solve.

Learningwith ENNC-QL hasbeenperformedwith the samepa-
rametersand data. The only parameterintroducedto the ENNC
classificationalgorithmis the numberof cycles, N (definedin sec-
tion 3.1), setto 2000for this experiment. However, given thatthe
classifierlearnedin eachiterationusesthe classifierobtainedin the
previous iteration as seed(only small modificationsare expected),
the numberof cyclesis reducedn every iterationof the ENNC-QL
in 100 cycles, arriving to a minimum value of 200 (big enoughto
performtherequiredmodifications).

To definethenumberof iterationsof the algorithmto execute(pa-
rametelrk), it is usefulto checkFigure9. TheFigureshavs thenum-
berof prototypesof the statespacerepresentatioachiezed for each
actionin eachiteration. Thesevaluesareincreasedvery fastup to
iteration 34, wherethe grawth stabilizesto the range1600-1800in
the following 10 iterations.So, the resultof iteration 34 is the one
usedfor therestof the experiment,andconsistof 4 statespacerep-



resentationdpr actions‘Go East”,“Go North”, “Go West”and“Go
South”of 1711,1695,1587and1678prototypegespectiely.
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Figure9. Evolutionof the Numberof Prototypesiefinedby the

ENNC-QL Algorithm.

Following the stepsdefinedin Figure 3, the non-deterministic
Q-Learningupdatefunctionis usedto absorbthe non-determinism
of the representationusing the sameparametershan for VQ and
uniform discretizationshut initializing the Q valuesto the values
achievedin the previous step(improving the convergenceof Q). Af-
terthat,theENNC-QL algorithmachievzesa 69.15%of successfulri-
als.Therealimprovementof thealgorithmis notonly thatit achieres
bettersolutionsthanuniform andvectorquantizatiordiscretizations,
but that it achieves thesesolutionswithout definingthe numberof
discretizedstatesFigure 10 shawvs the discretizatiorof the erviron-
mentfor action“Go East”.

Figure10. PrototypesisingENNC-QL Discretizatiorfor Action “Go
East”.

5 CONCLUSIONS AND FURTHER WORK

This paperhasshavn therelationshipbetweerthe useof discretiza-
tion methodsof the statespaceasa generalizatioriechniquen rein-
forcementearningdomainsandthe determinismof thesedomains.
The main conclusionto point out is that eveniif the original ervi-
ronmentis deterministicthe useof thesegeneralizatiortechniques
mayintroducenon-determinisnthatcanresultin badsolutionsof the
problem.We have describechow the ENNC-QL algorithmlearnsthe
statespacerepresentatiomt the sametime thanthe value function.
Thisallowsto supervisehelearningof thestatespaceepresentation
in eachiterationwith the valuefunctionlearnedup to thatmoment.
Thus,the regionsare locatedin the bestway so the value function
approximatiornlearnedin the following iterationof the algorithmis
more adjustedto the real one. This allows to achieve betterresults

thanothertechniqueghatdo not supervisethe learningof the state
spacaepresentatiowith thevaluefunctionthatis beinglearned.

Furthermore the ENNC-QL algorithm automaticallycomputes
the appropriatsmumberof regionsneededn the new representation,
sono knowledgeaboutthe sizeof thedomainmustbeintroduced‘a
priori”. Also, thatnumberof stategloesnotgron much,but it should
be preferredto improve this valueby forcing the ENNC classifierto
generatareducedsetof prototypedn eachiteration.

Futurework will mainly follow threeresearchines.First,to elim-
inatesomeof the parametersf thealgorithm.For instancethenum-
ber of iterationsto execute,k, canbe replacedby an endcondition
that takes into accountthe learning corvergence.Second,we will
comparewith other techniquesthat discretize/generaliz¢éhe state
spacen differentdomains Lastly, we will verify how the approach
canbeusedin inherentstochasticdomains.
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