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Abstract

Thereexist a numberof reinforcementearning
algorithmswhich learnby climbing the gradient
of expectedreward. Theirlong-runcorvergence
hasbeenproved,evenin partially obsenableen-
vironmentswith non-deterministicactions,and
without the needfor a systemmodel. How-

ever, the varianceof the gradientestimatorhas
beenfoundto be a significantpracticalproblem.
Recentapproachesave discountedfuture re-

wards,introducinga bias-\ariancetrade-of into

the gradientestimate. We incorporatea reward

baselineinto the learningsystem,andshaw that
it affects variancewithout introducing further
bias. In particular as we approachthe zero-
bias,high-varianceparameterizatiorthe optimal

(or varianceminimizing) constantreward base-
line is equalto the long-termaverageexpected
reward. Modified policy-gradientalgorithmsare
presentedanda numberof experimentsdemon-
stratetheirimprovementover previouswork.

1 INTRODUCTION

Thereexist anumberof reinforcementearningalgorithms
which learnby climbing the gradientof expectedreward,
andarethus categyorizedas policy-gradientmethods.The
earliestof thesewasReINFORCE, which solvedtheimmedi-
atereward learningproblem,andin delayedreward prob-
lemsit provided gradientestimatesvheneer the system
enteredan identified recurrentstate (Williams, 1992). A

numberof similar algorithmsfollowed, including thosein

(Glynn, 1986; Caoand Chen,1997; CaoandWan, 1998;
Fu and Hu, 1994; Jaaklola et al., 1995). The technique
of discountingfuture rewardswas introducedin (Kimura
etal., 1995;Kimuraetal., 1997),andits effecton reducing
variancewasnotedin (MarbachandTsitsiklis, 1998). The
GprompP andOLromDP algorithmsin (BaxterandBartlett,

1999;Baxteretal., 1999)arethe mostrecentandremove
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therelianceonbothasystenmodelandaneedto identify a
specificrecurrentstate andoperaten partially obsenable
ervironmentswith non-deterministi@ctions(POMDPS).

However, the varianceof the gradientestimatorremains
a significantpracticalproblemfor policy-gradientapplica-
tions, althoughdiscountingis an effective technique.Dis-
countingfuture rewardsintroducesa bias-\ariancetrade-
off: variancein the gradientestimatescanbe reducedby
heavily discountingfuture rewards,but the estimateswill
be biased;the bias canbe reducedby not discountingso
heavily, but thevariancewill be higher Ourwork comple-
mentsthe discountingtechniqueby introducinga reward
baseliné which is designedo reducevariance especially
aswe approachthe zero-bias high-variancediscountfac-
tor.

The useof a reward baselinehasbeenconsiderech num-
berof timesbefore, but we arenot awareof ary analysisof
its effect on variancein the context of the recentpolicy-
gradientalgorithms. (Sutton, 1984) empirically investi-
gatedthe inclusion of a reinforcementcomparisonterm
in several stochastidearningequationsandarguedthat it
shouldresultin fasterlearningfor unbalancedeinforce-
menttasks.He proposedandit is widely believed,though
without proof) that the averagereward would be anintu-
itive andgoodvaluefor thecomparisorierm,but hedid not
provide ananalyticalreasorfor it. Williams subsequently
demonstratedurther algorithmsthat benefittedfrom this
approachWilliams, 1988),andprovedthata baselinedid
not introduceary bias. Dayans work (Dayan, 1990) is
more closely relatedto what we presenthere,in that he
explicitly consideredhe effect of thebaselineon variance,
althoughhe limits himselfto ‘2-armedbandits’,or binary
immediatereward problems. His resultis summarizedn
section2.1.

In the context of the more recent policy-gradientalgo-
rithms; (Williams, 1992) focuseson the immediatere-
ward problem,andwhilst noting that the differentreward
baselinedid not introducebias, he found “no basisfor

1Also calledreinfocemenicomparisorandreferencereward.



choosingamongvarious choicesof reinforcementbase-
line” (MarbachandTsitsiklis, 1998)employ a differential
reward, which is the expectationof the sum of the differ-
encedbetweertherewardsrecevedandtheaveragereward
(i.e. they useanaverageewardbaselinepverthesequence
of statedetweerthe currentandthenext occurrencef the
identifiedrecurrentstate. The useof the averagereward 7
asthe baselineb has somenice mathematicaproperties,
such as the differential reward of the recurrentstatebe-
comeszero,andthatthe valuefunctionE[>";°,, (R; — b)]
is well defined.They notethatthe choiceof analternatve
baselineintroducesa biaswhichis linearin the difference
(b — 7). However, they fail to noticethatthe linearity co-
efficientis a sumof termsof theform E[} VP”] which
is shavn in the next sectionto be zero. The recentresults
of Baxteret. al. do not considera reward baselinen their
analysisor algorithms(Baxterand Bartlett, 1999; Baxter
etal., 1999).

2 BACKGROUND

21 THEIMMEDIATE REWARD PROBLEM

Consideascenariavhereaconnectionishetwork mapsan
inputvectorz to anoutputvectora, whichthendetermines
therewardr. The input-outputmappingis stochasticand
let u(a|z,8) denotethe probability of the outputvectorbe-
ing a, giventhattheinput vectoris xz, andsomeparameter
0 (e.g. link weightsfor a neuralnetwork).

The learningtaskis to find a & which maximizesthe ex-

pectedreward7 := E[r|¢], andgradientascenin §-space
is appropriate,provided that V7 can be accuratelyesti-
mated. (Williams, 1992)introducedthe REINFORCEal-

gorithm,andshovedthat,for anarbitraryconstand

E[(r —b).V(logu)] = VT
Vu(a)

Notethat(V log u)(a) = e , andthat
Vi, _ (Vi)(a)
B 5] =0 Ym0 0= =0 3 (Vi)(@)

a

which is zero, sincey is a probability massfunction, so
> . pla) =1, andtherefored  Vu =V Y p=V1=0.

Thus,the choiceof b, known asthe reward baselinedoes
not biasthe gradientestimate(r — b).V (log ). However,

it doeshave an effect on the varianceof the estimate.The
optimalrewardbaseline* is theonewhich minimizesthis

variance.(Dayan,1990)consideredhe problemof deter

mining b* for a binary (2-output)systemandfoundthat

b = p(ao)-Efr|a:] + p(ar) Elr|ao] 1)

whereag, a; arethetwo possibleoutputs.His experiments
shavedthatthis baselinevasbetterthanthe moreintuitive

7 = Blr] = p(ao)Elrlac] + p(a1) E[r|as] proposecby

(Sutton,1984).

a

2.2 THE DELAYED REWARD PROBLEM

A moregenerareinforcementearningproblemis thatof a
Markov DecisionProces§MDP), in which anagents out-
put (or action) affects not only the next reward, but also
subsequentewards. In our notation,thereis a statespace
X, andanactionspaceA. An agentreactsto the system
stateX;, X», X3,... with actionsA;, 45, As, ... accord-
ing to its policy function y (with paramete#):

ula|z,0) := Prob[ Ay =a| Xy =z |

Thereis also a reward function p, suchthat the reward
processRy, Ry, Rs, ... isgivenby R; = p(X41), which

reflectsthevalueof choosingaction A;. An agentattempts
to learnthe § which maximizesthe expectedong-termav-

eragereward

lim E

T—o00

T =

1 I
= > R

We baseourwork onthe Grpompp algorithmof (Baxterand
Bartlett, 1999; Baxteret al., 1999). They presenta gradi-
entestimatoy which we denoteG;, basedon the sequence
Xl, Al, Ry, XQ, AQ, Ry, ..., Xt, At, Rt, and a discount
factory € [0,1). In essencethe GPOMDP algorithmmain-
tainsaneligibility tracevectorZ,, andperformsthefollow-
ing updates:

¥-Zt + Get1 2
1
Gt =+ t—{——l'(Rt—i_l'Zt—i_l — Gt) (3)

Zit1
Giy

where(; is arandomvariablegivenby ¢; := = (V)4 X 0)

i i Y w(A:[X:,0)
We thenhave thefollowing two identities:
t
Ze = Y 470 (4)
s=1
1 t
Gy = ?;RS.ZS (5)

Baxter and Bartlett shov that lim,_,q lims 0o Gy =
V7 w.p. 1, andthatthevarianceof G; increasesvith +.

3 THE OPTIMAL BASELINE

It is straightforwardto includeaconstanbaseline into the
GPoOMDP algorithm, in that the updaterule (3) is simply
replacedoy Gi1 = Gy + t+1 ((Reg1 — b)-Zey1 — Gy)
and note that, similar to the immediatereward case,the
inclusionof abaselinedoesnotaffect E[G], sinceE[(;] =
E[E[{| X¢]] = 0, asbefore,sothatE[Z;] = 0.



The remainderof this sectionconfirmsDayans ‘2-armed
bandit’ resultandalsomotivatesthefollowing theorens:

Theorem 1. The constant baseline b*, which mini-
mizesthe variance of the gradientestimate G, satisfies
limt_,oo lim7_>1 b* =r.

31 MOTIVATION OF THEOREM 1

With a constantbaselineb, equation(5) becomesd; =

: ZS 1(Rs — b).Z,. Rewriting this with equation(4)
yleldsthatt Gt
(Ri = b)2°.C1 +

(R2 - b).’)’1.€1 + (R2 — b).’yO.CQ +
(R3 — b)’)/2€1 + (R3 - b).’yl.CQ + (Rg - b).’yo.<3 +

t
= 2.0
s=1
whereQ) is thesumof columni:

t

G Y (Ri—D)y*

i=s

Qs:

t
_ s 1— ,yt—s—i-l
= lCSERzV ] — [blcs-i]_—fy
which givesusthat
dQs _ 1— ,Yt—s+1
e (6)
andrecallthatE[¢;] = 0, sowe havethat
dE[Qs] _ . [dQs] _ 1—qtmott

We will now shav thatunderthelimits v — 1 andt — oo,
the varianceof @), is minimizedat b* = 7. The proof
of theorem1 (regardingvarianceminimization of G; =
22:1 @) is more complicated,dueto covarianceterms
Cov(Q;,Q;), andis not coveredhere. Thefull resultcan

befoundin (WeaverandTao,2001).

3.1.1 Minimizingthe Variancein @,

Now, Var[-] = E[-?] — E[-]?, andsothe b* which mini-
mizesthe varianceof ), satisfies

d

o= Warl@d _ d g0y grg e = L2 -0

2This theoremis subjectto the sameregularity conditionsas
imposedin (Marbachand Tsitsiklis, 1998; Baxter and Bartlett,
1999).

by equation(7). Our optimality criterionis therefore) =
4E[Q? = E[L(Q?)] = E[2.Q,.%:]. Substituting

equation(6) andcancelingoutthe constantermsgives

t
=E|(. ( > - Ri)-v"—S)] (8)
3.1.2 Binary Immediate Reward Problems
For an immediatereward problemwe have v = 0 and

t = 1. In this case,equation(8) S|mpllf|es to0 =
E [¢2.(b* — R1)]. Now, for abinary system(with exactly
two possibleactionsag and a;), we have that u(ag) +
plar) = 1, andthat (@) = Sella) — —(Vulw),
Rewriting E[-] as >, u(a).E[-|41 = a] and some
straightforvard algebraiccalculationsreducethe optimal-
ity criterionto equation(1), whichis Dayansbasicresult.

3.1.3 TheOptimal Basdlineasy — 1

We canrewrite equation(8) with V; := R; — 7, andthen
solvefor b* — 7, takingthelimit ¢ — oo, which gives

E[¢. Y2, Vin’]

A TED N R
_ E[C(1=7). 55, Vi)
B[C]

Letw; bethedistributionof X;, andlet # bethesteadystate
distribution, which we assumeo be unique.We thenhave
E[R;] = Y, mi(z).p(x), and7 = ) 7(x).p(x), where
thesumsareoverall x € X. Now, regardlesf theinitial

conditions,the probability distribution of the systemstate
X; tendstowardsthe steadystatedistribution asi — oo.

We thenhave lim;_, ., m;(x) = 7(z). Consequently

=200

so thatlim; ., E[|Vi|] = 0, andsoVe > 0.3N. i >
N = E[|V;]] = O(e). Sincewe assume to bebounded,
we alsohave E[¢2.|V;|] = O(e).

We canthenboundb* — 7 by

1_ N-1 )
B (ZEC AVits[]7* +ZE[C IVz+sI]7>

i=0 i=N

1 — gy 2 i
. (_2 E[<§.0<e>].¢')

E[G]

lim E[R;]— r—)_l}r&Z mi(x)—7(

i—00

Now, we have assumedhat ¢ andV areboundedso the
first term is boundedby (1 — +).O(N), which goesto 0



asy — 1. Thesecondtermis equalto O(e), regardless
of 4. Thus,asvy — 1, the differencebetweerthe optimal
baselineandthe averagereward (b* — 7), canbe bounded
by anarbitrarily smallnumber Thus,in thelimit, b* = 7.

4 ALGORITHMS

Theoreml tellsusthatasweincreasey (thusreducingbias
in our gradientestimate)the optimal varianceminimizing
constantbaselineapproache#. In general,we may not
beableto analyticallydetermine® for thePOMDPSwe are
workingwith. However, we canestimatet from simulation
by maintainingan adaptve estimate,B;, of 7, suchthat
B,=1Y._, R

The Gars algorithm presentedn Figure 1 is a variation
on the Gpompp algorithmin (Baxterand Bartlett, 1999),
which hasbeenmodifiedto usethis online estimateof the
averagereward asa baseline.The intuition is thatast —
oo, Var [B:] — 0. Hence ast growslarge, B, behaesas
aconstantandby definitionwill approactihevaluer.

The OLrpompP algorithm, also presentedn (Baxter and
Bartlett, 1999), is an online learningversionof Grombpr
that doesnot explicitly storea gradientestimate,but in-
steadupdateghepolicy parameter8 directly ateverytime
step. It wasprovento corvergeto a local maximumfor
7 in (Bartlett and Baxter 2000). Applying the modifica-
tion mentionedabove to OLrPomDP yields the OLGARB al-
gorithm,shown in Figure2.

5 EXPERIMENTS

51 THE 3-STATE SYSTEM

In (Baxter et al., 1999), a simple three-statesystemis
usedo demonstratéhatthegradientestimateproducedy
GpromDP cornvergewith respecto the true gradient. Their
experimentsalsoillustrate the bias-\ariancetrade-of that
is introducedwith the useof adiscountfactor®

5.1.1 Variance Reduction

We have experimentedvith the samethree-statesystemto
comparethe gradientestimategeneratedy Grompr and
GARB. Thetwo graphson the left of Figure 3 shaw that
for amid-rangediscountfactorof 0.4, therelative errorin

the estimategproducedby both algorithmsis comparable.

The variancein the Gars estimatesappeardo be slightly
lower, but a more interestingpoint to obsere is that de-
spite Theoreml only holdingin the limit asy — 1, i.e.
for v>>0.4, Gars hasnot performedworsethan Grombr.
Note that we do not make a claim for this relationshipin
generalput merelyobsene thatfor somesystemsGaRrs is

3Biasis measuredy relative error i.e. %.

GARB: GpPoMDP with an AverageRe-
wardBaseline.

Given:
¢ A POMDP with obsenationsXy, X;, Xo,. ...

e A controller with policy function g =
Prob[A| X, 6]

Algorithm parameters:

¢ t: thenumberof iterationsto runfor.

¢ ~v: thediscountfactor

¢ §': aspecificpolicy parameterization.
Variableqall initialized to zero):

e B: thebaselingestimatedaveragereward).

o Z: theeligibility tracevectot

o G the gradientestimatevector

1. Forsfrom1ltot do:

(a) Receveobsenation X;.
(b) ChooseactionA, accordingo p(-|Xs,6").
(c) Apply actionA;.
(d) Recevereward R;.
(e) Updatevariablesaccordingto:
B: =B+ (Rs;—B)/s
Z:=7.7 + YL (4| X,,0')

= =

G:=G+((Rs—B).Z-@&)/s

2. ReturnG

Figure 1: The GARB algorithmfor estimatingthe gradi-

entof thelong term expectedaveragereward, with repsect
to policy parameterd, for a Partially Obsenable Markov

DecisionProcesgPOMDP).The gradientestimates for a

particularpointé’ in §-space.



OLGARB: On-Line GARB.

Given:
¢ A POMDPwith obsenationsXgy, X1, X, .. ..

e A controller with policy function p =
ProblA|X, 6]

Algorithm parameters:

¢ t: thenumberof iterationsto runfor.

¢ ~: thediscountfactor

¢ «: thestepsizefactor
Globalvariables:

e ' aspecificpolicy parameterization.
Localvariables(all initialized to zero):

e B: thebaselingestimatedaveragereward).

e Z: theeligibility tracevector

1. Forsfrom1tot do:

(a) ReceveobsenationX,.
(b) ChooseactionA, accordingo u(-|Xs,6").
(c) Apply actionA4,.
(d) Recevereward R;.
(e) Updatevariablesaccordingto:
B:=B+ (Rs;— B)/s
Z = ’7-2"‘ %(Alesael)
9 :=6'+o.(R, —B).Z

Figure2: The OLGARB algorithmfor updatingthe specific
policy parametersf’, in the estimatedgradientdirection.
0" is a globalvariablewhich is modifiedduring the course
of thisalgorithm.

competitve with Gromprp for vy« 1. Of moresignificance
arethe two graphson theright of the figure. With a dis-
countrateof 0.99,the varianceexhibitedby Grompp hasa
seriousdetrimentalimpacton the gradientestimates.The
estimategrom Gars suffer anoticeableput nowherenear
asdetrimentaljncreasen variance.Thisaccordswvell with
Theoreml, in thatusingthe averagereward asa baseline
shouldyield reducedrariancen comparisorio azerobase-
line (for discountfactorsapproachindL).

5.1.2 Demonstrating Theorem 1

For our secondexperimentwe replacedthe adaptie es-
timate of 7 in Gars, with constant$ from the interval
(0,1.47), andfor eachconstantanddiscountfactorpairing,
we generated00 gradientestimategeachafter 100 itera-
tionsof thesystem)andcalculatedheir relative errorswith
respectto the true gradient. After calculatingthe means
andstandarddeviations of thesegroupsof 300 errors,we
coulddeterminewnhich constantewardbaselineminimizes
themeanerrorandthevariancefor a givendiscountfactor
Figure4 shows the resultsfor four valuesof «. The opti-
mal baselinanoveswith v, from about0.67 for v = 0.4, to
very nearr for v = 0.99. Thisis anexplicit demonstration
of Theoreml, shawing thatthe varianceminimizing con-
stantreward baselineapproache$ asthe discountfactor
approaches.

Theseresultsstrongly suggestthat Gars will be useful
for POMDPs wherelarge discountfactorsare necessary
dueto smallerdiscounffactorsintroducinganunacceptable
level of biasto the gradientestimates.

52 PUCKWORLD

In (Baxteretal., 1999)the Grompr algorithmis success-
fully demonstratedn the Puckworld system— a continu-
oustaskin whichthe controllerhasto navigatea puckover
a planesurfaceto a target point. The puckis controlled
by applyinga 5 unit force in either the positive or nega-
tive z direction,andalsoin eitherthe positive or negative
y direction, for a total of four distinct controls. The con-
troller recevvesa reward at eachdecisionpoint (every 0.1
secondspf —d (thedistancebetweerthe puckandthetar
get). Periodically both the puck and the target point are
transportedo new randomly determinediocations. The
controlleris trainedby ConiromppP, which usesGrompp
to generatgradientestimatesand GsearcH to find alocal
maximumin the gradientdirection.

Initial experimentatiorfor (Baxteretal., 1999)foundthat
this systemwas besttrainedwith a discountfactor close
to 1, indicating significantbias in gradientestimatesfor
lower valueddiscountfactors. Hence,we would now ex-

47 canbeanalyticallydeterminedor this systemut for illus-
trative purposesve expresgthe baselinesasmultiplesof 7.
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Figure3: Therelative error (bias)in the gradientestimatewith respecto thetrue gradient,graphedagainstt, the number
of iterations.Meansandstandardleviationscalculatedor 300independentuns. Notethattheimprovementof Gars over
GromDP is moreprominentfor the higherdiscountfactory = 0.99 .
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Figure4: Therelative error (bias)in the gradientestimateafter 100 iterationswith respecto the true gradient,graphed
against /7, the constanbaselineasa proportionof long-termexpectedaveragereward. Notethatasy — 1, theoptimalb

approaches.

pectthe useof GARB to resultin moreconsistentearning.
Consequentlywe have repeatedhe previous experiment
with CongpombDP usingeachof Gromppr and GARB to sup-
ply gradientestimatesandwith a discountfactorof 0.95
(asusedin (Baxteret al., 1999)). Figures5 and 6 showv
the averagerewardsexperiencedoy controllerstrainedby
CongromDP, With GPompP and GARB eachsupplyingthe
gradientestimates. It is clear from the figuresthat us-
ing GARB yields moreconsistentearning,both duringthe
initial performancemprovementphase andafterthe con-
trollershave corvergedto agoodpolicy. In particular Fig-
ure 7 shows the advantageof GARs in the early stagesof
training, with therebeinga statisticallysignificantsepara-
tion betweerthe meanof the GArRs andGromDP groups.

53 ACROBOT

In orderto demonstrat¢he OLGARB algorithm,we applied
it to the acrobotproblem,which is analogougo a gym-
nastswingingon a high bar. It involvessimulatinga two-
link underactuatedobot, with torqueappliedonly at the
secondjoint . Our implementatioris baseduponthe de-
scriptiongivenin (SuttonandBarto, 1998),with theminor
modificationsmentionedn (Weaver andBaxter 1999).

Actions are chosenevery 0.1 simulatedsecondsthough
motionis simulatedat a muchfiner granularity The sys-
tem is run continuouslywith reward given after simu-
lating the effect of eachaction; the reward being sim-
ply the height of the acrobots tip above its lowest pos-
sible position. Since both links are 1 metre in length,
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Figure5: Puckworld controllerstrainedusingGrombpr.
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Figure6: Puckworld controllerstrainedusingGARs.

the reward for each step is between0O and 4. The
controller choosesactions probabilistically accordingto

Ei 0;-¢;(XS+I\XS,AS) .
A) = &2 where ¢ is the feature
/“( S) > aca expxi Pi-¢i(a) ¢

T . . T
VeCtOI‘[(]Sl, ¢27 ¢3a ¢4] = [|w1|a |{./.)1|, |LU2|, |w2|] .

Figures8 and9 shav the averagerewardsexperiencecdby
100controllerswhosef vectorswereupdatedy OLPoMDP
and OLGARB respectiely. Elementsof 8 wereinitialised
randomlyto valuesin [—0.5, 0.5], the stepsize (o) wasa
0.01, andthe discountfactor (v) was0.99. It canreadily
be seenin thefiguresthatwith the exceptionof a few bad
runs,thecontrollerstrainedwith OLcARrB corvergewell to
policiesreturningan averagereward just over 1.2, which
is equalto the besthand-codedontrollerwe have devel-
oped.In contrastgcontrollerstrainedby OLPomDP cOrverge
far lessreliably to thesegood policies. Figure 10 further
demonstratethis, shaving a comparisorof themeansand
standarddeviationsof the averagerewardsexperiencecdy
thetwo groupswith thelowervarianceof theOLcARB con-
trollersclearlyevident.

Puckworld Performance

Average Reward

Average Reward Baseline (average of 50 runs)
Zerq Baseline (average qf 50 runs) =-====-

60 1 1
0 2e+07 4e+07 6e+07 8e+07 1le+08
Iterations

Figure 7: Puckworld: a comparisornof ConJroMDP using
GproMDP andGARB. Error barsareonestandardieviation.

6 CONCLUSION

Several researcherbave previously shavn that the useof

a reward baselinedoesnot biasthe gradientestimate but

motivation for using the long-term averageexpectedre-

ward as a baselinehas mainly beenbasedon qualitatve

argumentsandempiricalsuccessln section3.1.2we showv

how Dayans resultfor binaryimmediatereward problems
(importantasa counterexampleto theintuition mentioned
above) is relatedto, andis thusnot inconsistenwith, our

theorem.

The theoremwe have presentedprovides guidancein
choosinga baselingfor discountfactorsapproachingd., by
justifying 7 asavarianceminimizer. We havedemonstrated
this usingthe three-statesystempy comparingGAre with
a baselineof 7 to GrpompP (section5.1), andalsoby illus-
trating thatthe varianceminimizing baselineapproachesg
asthediscountfactorincreasegFigure4).

We have derived variationson existing algorithmswhich
take advantageof theorem1, and demonstratedhe ad-
vantagegiven by the variancereductionthesealgorithms
exhibit. Our demonstrationgncludecalculatingandcom-
paringgradientestimatedor three-statsystemandonline
policy improvementwith the continuousstate-spacacro-
bot system.In particular we have demonstratedjsingthe
Puckworld system,that our resultcanbe of benefitwhen
working with POMDPs thatrequirelarge discountfactors
to avoid unacceptabléevelsof bias.
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