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Abstract

Searchingthe spaceof policies directly for the
optimal policy hasbeenone popularmethodfor

solving partially obsenablereinforcementearn-
ing problems.Typically, with eachchangeof the
target policy, its valueis estimatedrom the re-
sultsof following thatvery policy. This requires
a large numberof interactionswith the environ-

ment as different polices are considered. We

presenta family of algorithmsbasedon likeli-

hoodratioestimatiorthatusedatagatheredvhen
executingone policy (or collection of policies)
to estimatethe value of a differentpolicy. The
algorithmscombineestimationandoptimization
stages. The former utilizes experienceto build

a non-parametricepresentationf an optimized
function. The latter performsoptimization on

this estimate We shaw positive empiricalresults
andprovide the samplecompleity bound.

1. Intr oduction

Researchin reinforcementearningfocuseson designing
algorithmsfor anagentinteractingwith anernvironmentto
adjustits behavior to optimizealong-termreturn. For envi-
ronmentswhich arefully-obsenable(i.e. the obsenations
the agentmakes containall of the necessarynformation
aboutthe stateof the environment),this problemcanoften
besolvedusingaone-stepook aheadanalysigo formulate
thesolutionasadynamicprogrammingproblem.However,
for the caseof partially obsenabledomainsg(i.e. the obser
vationsarestochastior incompleterepresentationsf the
ervironments state),the perceptuahliasingof the obser
vationsmakessuchmethodsnfeasible.

One viable approachis to searchdirectly in a parame-
terized spaceof policies for a local optimum. Follow-
ing Williams's REINFORCE algorithm (Williams, 1992),
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searchingby gradientdescenthas beenconsideredor a
variety of policy classegMarbach,1998;Baird & Moore,
1999; Meuleauet al., 1999; Suttonet al., 1999; Baxter&
Bartlett, 2000). A commonlyrecognizedshortcomingof
all thesevariationson gradientdescenpolicy searchis that
they requirea very large numberof sampleginstancesf
agent-emironmentinteraction)to corverge.

This inef ciency arisesbecausehe valueof the policy (or
its derivative) is estimatedby samplingfrom the returns
obtainedby following that samepolicy. Thus, after one
policy is evaluatedand a new one proposedthe samples
taken from the old policy mustbe discarded. Eachnew
stepof the policy searchalgorithmrequiresa new set of
samplesThekey to solvingthis inef ciency is to usedata
gatheredwhen using one policy to estimatethe value of
anotherpolicy. The methodknown as “lik elihood ratio”
estimatiorenableghis datareuse.

Stochasticgradient methodsand likelihood ratios have
been long used for optimization problems (see work

of Glynn (1986; 1989; 1990; 1994)). Recently
stochasticgradientdescentmethods,in particular REIN-

FORCE (Williams, 1992; Williams & Peng,1991), have
beenusedin conjunctionwith policy classesconstrained
in variousways: with external memory (Peshkinet al.,

1999), nite statecontrollers(Meuleauet al., 1999) and
in multi-agentsettings(Peshkinet al., 2000). The idea
of using likelihood ratios in reinforcementiearning was
suggestedy Szepesari (1999) and developedfor solv-

ing MDPs with function approximationby Precupet al.

(2000)andfor gradientdescenin nite statecontrollersby

Meuleauetal. (2000).However, only on-line optimization
wasconsideredShelton(2001b;2001a)developedgreedy
algorithm for combining samplesfrom multiple policies
in normalizedestimatoranddemonstrated dramaticim-

provementin performancePeshkinandMukherjee(2001)
shaved that lik elihood-ratioestimationenableshe appli-

cationof methoddrom statisticallearningtheoryto derive

PAC boundson samplecompleity.



Kearnsetal. (1999a)provide a methodfor estimatingthe
returnof every policy simultaneouslysing datagathered
while executinga x edpolicy withouttheuseof likelihood
ratios.In somedomainsthereis anaturaldistancebetween
obsenationsand actionswhich also allows oneto re-use
experiencewithout likelihood ratio estimation. Ormoneit
andGlynn (2000)demonstratalgorithmsfor kernel-based
RL in onesuchdomain: nancial planingandinvestments.

This paperextendsour previouswork by presentingagen-
eralizedmethodof usinglik elihoodratio estimationin pol-

icy searchandinvestigatingheperformancef thismethod
under different conditionson illustrative examples. By

this publicationwe hopeto stimulatea dialog betweerthe

communitiesof reinforcementearningand computational
learningtheory We presentclearoutlineof all algorithms
in a hopeto attractwider researclcommunityto applying

thesealgorithmsin variousdomains We alsopresensome
new boundson a samplecomplexity of thesealgorithms,
making an attemptto relatetheseresultsto empirical re-

sults. We begin this paperwith a brief de nition of re-

inforcementlearningand samplingin orderto clarify our

notation. Thenwe presentur algorithmand considerthe

guestionof how to sample.Finally we considerthe ques-
tion of how muchto sampleandpresent Pac-stylebound
asaquantitatve answer

2. Background

We introducethe environmentmodelandimportancesam-
pling in a single mathematicahotation. In particular we
keepthe standarchotationfor partially obsenableMarkov
decisionprocesseandmodify the samplingnotationto be
consistent.

2.1 EnvironmentModel

The classof problemswe considercan be describedby
thepartially observabléMarkov decisionprocesgPOMDP)
model. In a POMDP, a sequenc®f eventsoccurfor each
time step:anagentobseresthe obsenationo(t) 2 O de-
pendenibn the stateof ervironments(t) 2 S; it performs
anactiona(t) 2 A accordingo its policy, inducinga state
transitionof the ervironment;thenit recevesarewardr (t)
basedon the actiontaken andthe ervironments state. A
POMDP is de ned by four probabilitydistributions(andthe
spacesverwhichthosedistributionsarede ned): adistri-
bution over startingstatesa distribution over obsenations
conditionedbnthestate adistribution over next stateson-
ditionedon the currentstateandthe agents action,anda
distribution over rewardsgiventhe stateandaction. These
distributions, specifyingthe dynamicsof the ervironment,
areunknown to the agentalongwith the statespaceof pro-
cessS.

denotethe set of all possibleexperiencessequence®f
lengtht. Generallyspeaking,in a POMDP, a policy
is a function specifying the action to perform at each
time step as a function of the whole previous history:
:H ! P(A). Thisfunctionis parameterizetly a vector
2 . Policy class is a setof policiesrealizableby
all parametersettings. We assumethat the probability
of the elementaryevent is boundedaway from zero:
0 c<Pr(ah; )<t 1,foraya2 A,h2 H, and
2 . A history h includesseveral immediaterewards

return,R(h), but our resultsareindependenof themethod
usedto computethereturn.

Togethemwith thedistributionsde ned by the POMDP, ary
policy 2 de nesaconditionaldistribution Pr(hj ) on
the classof all historiesH. The valueof policy is the
expectedreturn accordingto the probability inducedby
gﬂs policy on the history space: V() = E [R(h)] =

han [R() Pr(hj )]; whereE standsfor Ep;(nj y. We
assumethat policy values(and returns)are non-ngjative
andboundedy Viyax - Theobjectiveof theagentisto nd
apolicy with optimalvalue: = argmax V( ). Be-
causeheagentdoesnothave amodelof theernvironments
dynamicsor reward function, it cannot calculatePr(hj )
andmustestimatdt via sampling.

2.2 Sampling

If we wish to estimatethe value V( ) of the policy
, we may drav samplehistoriesfrom the distribution
induced by this policy by executing the policy multi-
ple times in the ervironment. After taking N samples

tor: X
GO = ROW:

|
Imagine,however, that we are unableto samplefrom the
policy directly, but insteadhase samplesfrom another
policy ° The intuition is thatif we knew how “similar”
thosetwo policieswereto oneanotherwe couldusesam-
plesdravn accordingto thedistribution °andmake anad-
justmentproportionatto the similarity of the policies. For-
mally we have:

V( )=P n R(h) Pr(hj ) =
= LR EESPr(n 9= E . R(h) g,
Now we can constructan unbiasedndirect estimatorfor
the distribution Pr(hj 9 which is called an importance

samplingestimator(Rubinstein,1981)¥'S, (1) of V( ):

P L _
n R(0) g Pr(hj ),

Pr(hij ) .

Olsh( ) = N R( i)m :



We cannormalizetheimportancesamplingestimateto ob-
tain a lower varianceestimateat the costof addingbias.
Suchan estimatoris called a weightedimportancesam-
pling estimatorandhastheform

WIS - I ;
VIR O = Pmmy R
i Pr(hij 7y i l

which hasbeenfound to be betterbeharedthan V'3, ()

both theoreticallyand empirically (Meuleauet al., 2000;
Shelton,2001b;Precupetal., 2000).

Note that both estimatorscontainthe quantity PPF'E;‘]-" ,)) ,a

ratio of likelihoods. The key obsenation for the remain-
der of this paperis that while an agentis not assumed
to have a model of the ervironmentand thereforeis not
ableto calculatePr(hj ), it is ableto calculatethe like-

lihood ratio F',’rr((r?j‘ ,)) for ary two policies and © (Sut-
ton & Barto, 1998; Meuleauet al., 2000; Peshkin,2001).
Pr(hj ) can btbwritten as a productof ( h) and ( h)
where ( h) = tT:l Pr(a(t)jo(1);:::;0(t); ) isthecon-
tribution of all of the agents actionsto the likelihood of
the history, and ( h) is the contribution of ervironmental
events.Becausehe ( h) components independenof the
policy (i.e. it doesnotdependnthepolicy parameteronly
onthehistoryandthe poMDP distributions),it canceldrom
theratio, andwe have F',Drr((ﬁj‘ /)) = % ( hj ) depends
only ontheagenttheobsenations,andtheactions(notthe
states),is known to the agent,and can be computedand
differentiated. This allows us to constructmore ef cient
learningalgorithmsthatcantake advantageof pastexperi-
ence.

Finally, if the samplingdistribution is not constant(i.e.
eachsampleis drawvn from a differentdistribution), a sin-
gle unbiasedmportancesamplingestimatorcan be con-
structedby usingall of thesamplesvheretheassumedin-
gle samplingdistribution is the mixture of the true sam-
pling distributions. Thus,if samplesveretakenaccording

with Ni j Pr(hj j). Shelton(2001b)givesmoredetails
for importancesamplingestimatorswith independentbut

not identically dravn, samples.Using this new estimator
allows us to changepolicies (samplingdistributions) dur-

ing sampling.

3. Algorithms

Considerconstructinga proxy ervironmentthat containsa
non-parametrienodelof the valuesof all policiesasillus-
tratedby Figurel. This modelis aresultof trying several
policies ;::: n. Givenanarbitrarynew policy 2
theproxy environmentreturnsanestimateof its valueV ( )
asif the policy weretried in the real environment. As-
sumingthatobtaininga samplefrom ervironmentis costly,

we want to constructthe proxy module basedonly on a
small numberof queriesaboutpoliciesf jg;i = 1:::N
thatreturnvaluesR;. Thesequeriesareimplementedby
the sample routine(Tablel). After gettingN samples,
it requiresmemoryof size O(N T (logjOj + logjAj)) to
storethedata,whereT is thelengthof atrial andO andA
arethesetsof possibleobsenationsandactionrespectiely.
However, for mary policy classeshismemoryrequirement
canbereduced.For example,if the policy classis reactve
(conditionedon the currentobsenation, the probability of
the currentactionhasno dependencen the past),the his-
tory can be summarizedsufciently by the countsof the
numberof timeseachactionwaschoserafter eachobser
vation. This requiresmemoryof sizeO(N log(T)jOjjAj ).

$/ sampling \

q:.% ,--q R R ,...R
PROXY
learning ~
V(a)
q AGENT

O

Figurel. A diagramof the policy evaluationprocess.The sam-
pling processis costly and thereforeonly performeda limited
numberof times. The proxy collectsthe samplesfrom the en-
vironmentandconstructsanagent-centrienodelthatpredictsthe
effectsof hypotheticalagentpolicies. The agentlearnsby inter-
actingwith the proxy:

This proxy can be queriedby the learning algorithm as
shavnin table2. In responséo apolicy parametesettings,
theroutineevaluate returnsits estimateof the expected
returnandits derivative. The algorithmshawn in table 2

computegheweightedimportancesamplingestimate For

simplicity, theinnerloop (overj ) is shovn. In practicethe
computationdn thisloopdonotneedo beredonegor every
evaluation.Usingmemoryof sizeO(N ), thevalues ?can
be computedaheadof time (in constantime per sample)
thusreducingthe evaluationto O(N ) time.

Theevaluate routinerelieson two otherroutines:one
to calculate ( hj ) andoneto calculatethe derivative of
( hj ). Recallthat ( hj ) is the policy's factor of the
probability of the history h. As anexample,if we assume
thepolicy to bereactie, the parameter .4 to betheprob-
ability to selectingactiona after observingo, andng.4 to
be the countof the numberof timesactiona waschosen



Tablel. Thesample routineacceptsa policy parametesetting
andoutputsthereturnandhistory from onesampleof the policy.
Notethatin mary casegheentirehistoryneednotbereturned.

Table2. The evaluate  routine computeshe proxy's estimate
of thevalueof apolicy andits derivative. Theinnerloop (overj)
canberemovedwith caching makingtheroutinefaster

Input: policy
Init:
h ;R O

Getinitial obsenationog.
For eachtime stept of thetrial:
Draw next a; from (o a; )

Executea;.
Getobsenrationo, rewardr;.
R R+ r¢

concatenate (h; (o;; a;))

Output: experiencdR; hi

afterobservingo duringthehistory,

(hi)= ' (o)™
@hi)_ Nea, . .
@o:a - oa Chi)s

Meuleauet al. (2000); Peshkin(2001) describehow to
computethesequantitiesfor reactve policieswith Boltz-
manndistributions and Shelton(2001b)describeshow to
computethesequantitiesfor nite-state controllers.

Any policy searchalgorithm cannow be combinedwith
this proxy ervironmentto learn from scarceexperience.
Table 3 shaowvs a generalreinforcementearningalgorithm
family usingthe proxy. Thede nitions of pick _sample ,
add _data , and optimize  are crucial to the behaior
of the algorithm. The REINFORCE algorithm (Williams,
1992) is one particular instantiationof the learn  rou-
tine wherepick _sample returns  without consulting
the data,add _data forgetsall of the previous dataand
replacest with the mostrecentsample,and optimize
performsone stepof gradientdescent(using¥'S instead
of YWIS). The explorationextensionto REINFORCE pro-
posedby Meuleauet al. (2000)is exactly the sameexcept
the pick _sample routinenow returnsa policy thatis a
mixtureof andarandompolicy.

In orderto make effective useof all of the data,we de ne
add data toappendhenew datasampleto thecollection
of data. This allows our algorithmto remembemll previ-
ousexperience.Additionally, we useanoptimize  rou-
tine thatperformsfull optimization(notjusta singlestep).
In REINFORCE and otherpolicy searchmethods the cur-
rent policy guessembodiesall of the known information
aboutthe past(forgotten)sampleslt is thereforamportant
to only take small stepsof decreasingizeto insuretheal-
gorithm corverges. Becauseve now remembenall of the

Input: policy ,dataD = fh ;;R;j;hjig fori 2 f1:::Ng
Init: ¥ 0, ¥ 0 0
Fori= 1toN:
Init. 9 0
Forj = 1toN:
PP+ (hijyg)
i (hij)

+ i

Forizltol\il:
O ‘O+Ri—f,
v ¢ |
Fori= 1toN:
. @Chij )
! @
v U+R V)
¢ |

Output: proxy evaluation{ andderivative ¥

previoussamplesandwedonothaveary restrainbonwhich
policy we mustusefor the next sample we cansearchfor
thetrue optimumof the estimatorat every step.

4. How to Sample?

We still are left with a choice for the routine
pick _sample . This routine representour balancebe-
tweenexplorationandexploitation. For this paper we will
considera simplepossibilityto illustratethis trade-of. We
letthepick _sample routinehave a singleparametep .
pick _sample is stochasti@andwith probabilityp it re-
turns . Theremainderof the time it returnsa random
policy choseruniformly overthespace . Thus,thelarger
thevalueof p , themoreexploitative thealgorithmis.

4.1 lllustration: Bandit Problems

Let usconsideratrivial exampleof a banditproblemto il-
lustratetheimportanceof exploitationandexploration. The
ervironmenthasa degeneratestatespaceof one state,in
which two actions,a; anda,, areavailable. The spaceof
policies available is stochasticand encodedwith one pa-
rametey the probability of taking the rst action, which
is constrainedo be in theinterval [c;T] = [:1;:9]. We
considerntwo problemscalled“HT” (hiddentreasureand
“HF” (hiddenfailure) both of which have the sameex-
pectedreturnsfor actions:1 for a; andO for a,. In HF, a3
alwaysreturnsl, while a, returns10 with probability :99
and 990with probability:01. In HT, a, alwaysreturns0,
while a; returns 10with probability:99 and+1090 with



Table3. Thelearn routineacceptshe numberof trials it is al-

lowed andreturnsits guessat the optimal policy. It relieson four

externalroutines:pick _sample which selectsa policy to sam-
ple giventhe dataandthe currentbestguesssample asshavn

in table1, add _data which addsthe new datapointto the data
collectedso far, andoptimize ~ which performssomeform of

optimizationon the proxy evaluationfunction.

Input: numberof samples/trialN

Init: D (), randompolicy
Fori= 1toN:
pick _sample (D; )
hR;hi  sample ()

D add_data (D;h;R;hi)
optimize (D; )
Output: hypotheticabptimalpolicy

probability :01. We would expecta greedylearningalgo-
rithm to samplenearpoliciesthatlook betterunderscarce
information, tendingto choosethe sub-optimala, in the
HT problem. This strateyy is inferior to blind sampling,
which samplesuniformly from the policy spaceand will
discover the hiddentreasureof a; faster By contrast,for
the HF problemwe would expectthe greedyalgorithmto
do betterby initially concentratingon the a,, which looks
better anddiscoreringthe hiddenfailure soonetthanblind
sampling.

Weranthelearn algorithmfrom table3 for differentset-
tings of the parameter®l andp . Figure2 shovsthetrue
valueof theresultingpolicies,averagedover 1000runs of
the algorithm. While the plots may look discouragingre-
membethattheseproblemsarein somewaysaworse-case
situation.Thetruevalueof theactionsonly becomesppar
entaftersamplingontheorderof 100times. Theplotssup-
port our hypothesisaboutthe relative succes®f exploita-
tion. However, althoughactinggreedilyis somavhatbetter
in HF, it is muchworsein HT. This illustrateswhy, with-
outary prior knowledgeof thedomainandgivenalimited
numberof samplesijt is importantnot to guide sampling
too muchby optimization.

5. How Much to Sample?

If we wish to guaranteavith probability 1 thattheer
ror in the estimateof the valuefunctionis lessthan , we
canderive boundson the necessargamplesizeN , which
dependn , , Vpnax , andthecompleity of thehypothesis
classexpressedy thecoveringnumberN . Ournew result
is an extensionof the samplecomplexity boundfor the 1s
estimaton(Peshkin& Mukherjee,2001)to thew!s estima-
tor. We only quotethe resultshere. The key pointin the

0.6

expected return

100

0.5 50

exploit probability 0o

expected return

100

exploit probability 00 number of samples

Figure2. Resultsfor the bandit problems. Top: “HT”: hidden
treasure.Bottom: “HF”: hiddenfailure. Plottedis the expected
returnof theresultingpolicy againsthe numberof sampletaken,
N, andthe probability of exploiting, p .

derivationis thefactthat
Vinax T

WIS .
sup U NeT o

h;h’2H

‘OhV,VI S

where h® differs from h only by one membertrajectory
hi. Two inequalitiesfollow from this fact. Denote =

max(c';(1 ¢)7). Thevarianceof the wis estimatorac-
cordingto Devroye'stheoremis boundedas
n o
Var \/)WIS Vn213x ‘N
h 4(N + 2)2

and McDiarmid's theoremMcDiarmid (1989) gives us a
PAC bound(for derivationseePeshkin(2001)):

h i
=Pr supUWS() EYWS() >

2
2(N+ 2)2 .
32VZy ‘N

max

IN =

’ 8 exp

which gives a samplecompleity bound very similar to
theseobtainedby Kearnsetal. (1999b)(seenext section).



Table4. Comparisorof samplecompleity bounds.

reusabldrajectories 22TV C()

Algorithm Lower boundon samplecomplexity N
Z
likelihoodratio Vimax 2T(1 ©)*T (K() + log(8=))
Vinax Vinax

T + log + log(1=) log(T)

It iswell known (Rubinstein,1981)thatvarianceof wis es-
timateis O(Ni). TheweakdependencenthehorizonT is

interestingandin accordancevith empirical ndings. The
coveringnumberis de ned throughthevalueV ( ) andde-
scribesthe compleity of a policy class(e.g. reactive poli-

ciesor nite statecontrollers)with respecto the structure
of arewardfunction.

5.1 Comparisonto vc Bound

The pioneeringwork by Kearnset al. (1999a)considers
the issueof generatingenoughinformationto determine
the nearbestpolicy. We compareour samplecompleity
resultsfrom above with a similar resultfor their “reusable
trajectories”algorithm. Using a randompolicy (selecting
actionsuniformly at random),reusabldrajectoriesgener
atesasetof historytrees.Thisinformationis usedto de ne
estimateghat uniformly corvergeto the true values. The
algorithmrelieson having a generatre modelof the envi-
ronmentwhich allows simulationof aresetof theerviron-
mentto ary stateandthe executionof ary actionto sample
animmediatereward. The reuseof informationis partial:
the estimateof a policy valueis built only on the subsebf
experienceshatare“consistent’with the estimatedpolicy.

Wewill makeacomparisorbasednasamplingpolicy that
selectneof two actionsuniformly atrandom:Pr(ajh) =
%. For thehorizonT , this givesusanupperbound onthe
likelihoodratio:

w (h; 9

Substitutingthis expressionfor , we can compareour
boundsto the boundof Kearnset al. (1999a)aspresented
in table4. Themetricentropy K() takestheplaceof the
VC dimensionvV C() intermsof policy classcomplexity.
Metric entropy is a morere ned measuref capacitythan
VC dimension;the VC dimensionis an upperboundon
thegrowth functionwhich is anupperboundon themetric
entropy (Vapnik,1998).

2'1 9T =

5.2 lllustration: Load-Unload Problem

The compleity of the problemis measuredy the cover-
ing numberN . It encodeshe compleity of thecombina-
tion of the POoMDP andthe policy class. We usethe load-
unloadproblemof gure 3 to illustratethe effect of policy

Sy
I®i®I®iH

Figure3. Diagram of the “load-unload” world. The agentob-

senesits position(box) but not whetherthe cartis loaded(node
within thebox). Thecartloadsin theleft-moststate.If it reaches
the right-mostpositionwhile loaded(upperpath),it unloadsand

getsa unit of reward. The agenthasa choiceof moving left or

right at eachposition. Eachtrial beginsin the “load” stateand

lasts100 steps.The optimal controllerrequiresonebit of mem-

ory.

AN

<

/

complity. The agentis a cart designedo shuttleloads
backandforth betweentwo end-pointson aline. Thecart
doesnot have sensorgo indicatewhetherit is loadedor
unloadedput it candetermindts positionontheline. The
optimal policy is onewherethe cart movesbackandforth
betweerthe leftmostandrightmoststatesmoving asmary
loadsaspossible.To do sorequiressomeform of memory
For our example,we will use nite-state controllerswith
x edmemorysizes(Shelton,2001a;Peshkin2001).

A nite-state controlleris a classof policieswith a x ed
memorysize. The controllerhasits own internalmemory
statethatis restrictedto oneof a nite numberof values.At

eachtime step,it not only selectavhich actionto take, but
alsoamemorystatefor the next time step.Thecontroller's
choiceof actionandnext memorystateareindependenof

the pastgiven the currentobsenation and memory state.
This modelis an extensionof the reactive policy classto

allow thecontrollerto remember smallamountaboutthe
past.Finite-statecontrollershave the capabilityof remem-
beringinformationfor anarbitrarily long periodof time.

Figure 4 demonstrateghe effect of policy compleity on
the performancef the algorithm. This plot is the sameas
the onesin gure 2 exceptthat the exploitation probabil-
ity, p , hasbeen x edat 0:5. The four linesdepictresults
for differentpolicy classes, . Thesolid line is for reac-
tive policies(policieswith no memory)whereaghedashed
anddottedlinesarefor nite-state controllerswith varying
amountsof memory Only onebit of memoryis required
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Figure4. The expectedreturn of the policy found by the algo-
rithm asa function of the numberof sampledor theenvironment
shavnin gure 3. Theexploitationparameterp , wassetto 0:5.

Theseresultsareaveragedver 80 separateunsfor eachnumber
of samplesThe solid line plotsthe performanceausinga reactve
policy (no memory).The dashedanddottedlinesarefor policies
with differing amountsof memory Noticethatwhile thereactve
policy classcorvergesmorequickly, its optimumis muchlower.

All of the otherpolicy classeshave the potentialto cornverge to

the optimalreturnof 13. However, increasedolicy compleity

resultsin slower learning.

to performoptimally in this environment.Usingmorethan
two statesof memoryis super uous. We canseethatthe
simpler the policy class,the more quickly the algorithm
corverges. However, with too simple a policy class(i.e.
reactive policies),the corvergenceis to a suboptimalpol-
icy. For comparisonthe thin dashedine presentghe be-
haviour of REINFORCE with two internal statecontroller
As we have seenrREINFORCE forgetspastexperienceand
picksup very slowly with the sizeof experience.

6. Discussion

Lik elihood-ratioestimationseemto shav promisein us-

ing dataef ciently . Thepick _sample routinewe present
hereis only one(simplistic) methodof balancingexploita-

tion and exploration. More sophisticateanethodsinclud-

ing maintaininga distribution over the spaceof policies
mightallow for abetterbalanceandthepossibilityof learn-

ing a usefulsamplingbiasin apolicy spacefor aparticular
applicationdomainand transferringit from one learning
problemin that domainto another In general, estimating
the varianceof the proxy evaluatorcould aid in selecting
new sampledor eitherexplorationor exploitation.

WhereREINFORCE keepsonly themostrecentsample pur
algorithmkeepsall of the samples. If a large amountof

datais collected,it maybe necessaryo employ a method
betweerthesewo extremesandrememberrepresentatie
set of the samples. Deciding which samplesto “forget”
wouldbeadif cult, butcrucial,task.

Samplecompleity boundsdependnthecoveringnumber
asa measureof the compleity of the policy space.Esti-
mating the covering numberis a challengingproblemin

itself. However it would be moredesirableto nd acon-
structive solutionto a covering problemin a senseof uni-

versalpredictiontheory (Merhar & Feder1998;Shtarlov,

1987). Obviously, given a covering numberthere might
be several ways to cover the space. Finding a covering
setwould be equivalentto reducinga global optimization
problemto anevaluationof severalrepresentatie policies.

Anotherway to use samplecompleity resultsis to nd

whatis theminimal experiencenecessaryo beableto pro-
vide the estimatefor ary policy in the classwith a given
con dence. This would be similar to the structuralrisk
minimizationprincipal by Vapnik Vapnik (1998). Thein-
tuition is that given very limited data, one might prefer
to searcha primitive classof hypothesesith high con-
dence, ratherthanto getlost in a sophisticatectlassof
hypotheseslueto low con dence.
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