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Abstract

We introducetheuseof learnedshapingrewards
in reinforcementlearningtasks,wherean agent
usesprior experienceon a sequenceof tasksto
learna portablepredictorthatestimatesinterme-
diate rewards, resulting in acceleratedlearning
in later tasksthat are relatedbut distinct. Such
agentscanbetrainedon a sequenceof relatively
easytasksin orderto developamoreinformative
measureof rewardthatcanbetransferredto im-
prove performanceon moredif�cult taskswith-
out requiringahandcodedshapingfunction.We
usearodpositioningtaskto show thatthissignif-
icantly improvesperformanceeven after a very
brief trainingperiod.

1. Intr oduction

Althoughreinforcementlearningis well suitedto many se-
quentialdecisionproblems,taskscharacterizedby delayed
reward—wherea long sequenceof unrewardedactionsare
requiredto reacha rewardstate—remaindif�cult to solve
quickly, both in termsof �nding initial solutions,and in
termsof convergencetowardanoptimalsolution. Oneef-
fective way to speedup learningin suchcasesis to create
a moreinformative rewardsignalusing“shapingrewards”
(Dorigo & Colombetti,1998; Ng et al., 1999; Perkins&
Hayes,1996)or “progressindicators”(Mataríc,1997).Un-
fortunately, this requiressigni�cant designeffort, resultsin
lessautonomousagents,andmayaltertheoptimalsolution,
leadingto unexpectedbehavior.

Weproposethatagentsthatmustrepeatedlysolvethesame
type of taskshouldbe ableto learntheir own shapingre-
wards,and thus learn to solve dif�cult tasksquickly af-
ter a setof relatively easytraining tasks. This is accom-
plishedby learningover two separaterepresentations,each
in a differentspace:a reinforcementlearningrepresenta-
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tion in problem-spacethatis Markov for theparticulartask
at hand,andone in agent-spacethat may not be Markov
but that is retainedacrosssuccessive task instances(each
of which may requirea new problem-space,possiblyof a
differentsize).Theagentlearnsto initially estimatereward
for novel statesfrom “sensations”in agent-spacein order
to speedup reinforcementlearningin problem-space.

Although this methodalso appliesto other types of se-
quentialdecisionproblems,in thispaperwefocusongoal-
directedexplorationtasksbecausethey mostclearly illus-
trateourpoint,andwepresenttheresultsof arodposition-
ing experimentin whichourmethodsigni�cantly improves
performanceafteronly abrief periodof training.

2. Background

2.1.Shaping

Shapingis apopularmethodfor speedingupreinforcement
learningin general,andgoal-directedexplorationin partic-
ular (Dorigo & Colombetti,1998).Althoughthis termhas
beenappliedto a variety of differentmethodswithin the
reinforcementlearningcommunity, only two are relevant
here. The �rst is the gradualincreasein complexity of a
singletasktowardsomegiven�nal level (e.g.,Randløv&
Alstrøm, 1998; Selfridgeet al., 1985), so that the agent
cansafely learneasierversionsof the sametaskanduse
the resultingpolicy to speedlearningasthe taskbecomes
morecomplex.1 Unfortunately, this type of shapingdoes
not generallytransferbetweentasks—itcanonly be used
to gently introducean agentto a singletask,andis there-
forenot suitedto a sequenceof distincttasks.

Alternatively, the agent's reward function could be aug-
mentedthroughtheuseof intermediateshapingrewardsor
“progressindicators”(Mataríc, 1997)that provide a more
informative reinforcementsignal to the agent. Ng et al.

1Wenotethatthisde�nition of shapingis closestto its original
meaningin thepsychologyliterature,whereit refersto a process
by which an experimenterrewardsan animal for behavior that
progressestowardthecompletionof a complex task,andthereby
guidestheanimal'slearningprocess.Assuchit refersto atraining
technique,nota learningmechanism(seeSkinner, 1938).
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(1999)proved that an arbitraryexternally speci�ed shap-
ing reward function could be includedin a reinforcement
learningsystemwithout modifying its optimalpolicy, and
Wiewiora(2003)showedthatthis is equivalentto usingthe
sameshapingfunctionasa non-uniforminitial statevalue
function (Sutton& Barto, 1998). The major drawbackis
that this requiressigni�cant engineeringeffort. In this pa-
per we show that an agentmay be able to learn its own
shapingfunctionfromexperienceacrossseveraltaskswith-
outhaving to have it speci�edin advance.

2.2.Sequencesof Goal-directedTasks

In this paperwe areconcernedwith a sequenceof goaldi-
rectedexplorationproblems(Koenig& Simmons,1996).
In each,theagentis in anenvironment(characterizedby a
setof statesandactionsandtransitionprobability andre-
wardfunctions)andmustgetto somegoalstates0, whereit
will receiveapositivegoalreward,while receiving amove-
mentpenaltyfor eachaction.Weareinterestedin theprob-
lem of the initial discovery of s0, which is an embodied
searchproblem(Koenig& Simmons,1996;Koenig,1999)
wheretheagentis performinga searchin anunknown en-
vironmentby moving throughit. This is distinct from the
problemof ef�ciently achieving policy convergenceover
the entire statespaceonce the goal hasbeenfound, for
which othermethodsexist (e.g.,Thrun1992).This allows
us to focuson the speedupwe obtainin �rst reachingthe
goal state,althoughwe mustalsoensurethat our method
doesnot damagelaterconvergenceto anoptimal (or near-
optimal)policy.

3. Learning ShapingRewards

We proposethat insteadof having a very informative but
dif�cult to engineerreinforcementsignal,agentsshouldbe
ableto learnto augmenttheir rewardstructuresby learning
whichsensorypatternspredictrewardacrosstasks.Thisin-
formationcanbeusedasashapingfunctionthatprovidesa
�rst estimatefor thevalueof newly discoveredstateswhen
learninga value function for a new task. Suchan agent
would start with somepre-speci�ed(possiblyrandomor
uniform) shapingfunction,andthenre�ne it in several re-
latedbut distincttaskinstancesover its lifetime.

Werequirethatthesequenceof goal-directedproblemsare
relatedin the sensethat the agentis requiredto solve a
sequenceof variationson the sametype of task,andthat
thereis somecommonalitybetweenthe tasksso that the
agentcanretain learnedknowledgeusefully acrossthem.
We thusde�ne the notion of a sequenceof reward-linked
relatedtasksasfollows.

The agentexperiencesa sequenceof environmentsgener-
atedby thesameunderlyinggenerative world model(e.g.,

they have thesamephysics,thesametypesof objectsmay
bepresentin theenvironment,etc.).Fromthesensationsit
receivesin eachenvironment,theagentcreatestwo repre-
sentations.The�rst is astatedescriptorthatis suf�cient to
distinguishMarkov statesin thecurrentenvironment.This
inducesaMarkov DecisionProcess(MDP) with asetof ac-
tionsthatare�x edacrossthesequence(becausetheagent
doesnot change)but a set of states,transitionprobabili-
ties andreward function that dependonly on the taskthe
agentis currently facing. The agentthusworks in a dif-
ferentstate-spacewith its own transitionprobabilitiesand
rewardfunctionfor eachtaskin thesequence.Wecall each
of theseaproblem-space.

Theagentalsousesa secondrepresentationfrom thesen-
sationsthat are consistentlypresentand retain the same
semanticsacrossthe sequenceof tasks. This spaceis
sharedacrossthe sequenceof tasks,andwe call it agent-
space. Thesetwo representationsstemfrom two different
representationalrequirements:problem-spacemodelsthe
Markov descriptionof aparticularenvironment,andagent-
spacemodelsthe(potentiallynon-Markov) commonalities
acrossa setof environments.

We thus term the tasksin the sequencerelatedif the se-
quenceconsistsof environmentsthatshareanagent-space.
This ensuresthat they aregeneratedby thesameunderly-
ing world modelandareexperiencedby the sameagent.
Wetermthesequencereward-linkedif therewardfunction
in eachenvironmentconsistentlyallocatesrewardsto the
sametypesof interactionsacrossenvironments(e.g., re-
ward is alwaysx for consuminga food particleandy for
reachinga light source,no matterwhich environmentthe
agentis in). Thisensuresthatthereis someusefulrelation-
shipandpotentialcorrelationbetweensensationsin agent-
spaceandrewardacrossthesequence,which theagentcan
learnto exploit.

Oneverysimpleexampleof suchasequenceis asequence
of k-armedbanditproblemswherearmsthatalwaysgivea
low payoff arecoloredred,brokenarms(thatalwaysgive
a zeropayoff) arecoloredorange,andall otherarmsare
coloredgreen. Although the color of the armsis not suf-
�cient to solve the problemeven thoughthereis no state
space(sincethe agentneedsto decidebetweenthe green
arms),thecolorsarealwayspresentsotheagentcanlearn
thatredor brown armshavea low expectedvalue,andthus
learnto prefergreenones.

Anotherexampleof suchasequenceis asequenceof build-
ingswherearobotthatis equippedwith pressure,light and
temperaturegaugesand a map is requiredto �nd a heat
sourcewhile avoidingobstacles.Eachstatein theproblem-
spaceis uniquelydeterminedby the robot's mapposition
and pose, but the sensationsreceived at each state are
meaningfulacrossthe sequence,andthusform the agent-
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space.Therobotcaneventuallylearnto useits temperature
gaugeas a heuristicmeasureof proximity to the source,
andtherebybe ableto �nd heatsourcesin morecomplex
buildings in lesstime, even thoughthis heuristicis not in
generalsuf�cient to solve the problemby itself (because
theheatsensorreadingis notMarkov in problem-space).

3.1.A Framework for Learning ShapingFunctions

The agentis solving n problems,eachwith its own state
space,denotedS1; :::; Sn . We then view the i th statein
taskSj asconsistingof thefollowing attributes:

sj
i = (dj

i ; cj
i ; r j

i ; vj
i ),

wheredj
i is theproblem-spacestatedescriptor(suf�cient to

distinguishthis statefrom theothersin Sj ), cj
i is anagent-

spacesensation,r j
i is therewardobtainedatthestateandvj

i
is the state's value(expectedtotal reward for actionstart-
ing from the state). We are not concernedherewith the
form of dj

i , exceptto notethatit maycontainor bedisjoint
from cj

i , andwe assumethatestimatesof thevj
i valuesof

previously observed stateshave beenobtainedby a rein-
forcementlearningalgorithm, learningthe valuefunction
Vj :

Vj : dj
i 7! vj

i .

Thisfunctionmapsfromstatedescriptortoexpectedreturn,
but it is not portablebetweentasksbecausethe form and
meaningof d (asa problem-spacedescriptor)maychange
from one task to another. However, the form andmean-
ing of c (asanagent-spacedescriptor)doesnot change,so
we introducea functionL thatpreservesvalueinformation
betweentasksandactsasthe agent's internalshapingre-
ward. L estimatesexpectedreturnfor novel states,given
theagent-spacedescriptorreceivedthere:

L : cj
i 7! vj

i .

Oncean agenthascompletedtask Sj and has learneda
goodapproximationof thevalueof eachstateusingVj , it
canuseits (cj

i ; vj
i ) pairsastrainingexamplesfor a super-

visedlearningalgorithmto learnL . Alternatively, training
couldoccuronlineduringeachtask,althoughthis mayre-
sult in noisyor unstableshapingfunctions.After a reason-
ableamountof training,L canbeusedto estimatea value
for newly observedstatesin problem-space,andthuspro-
vide a goodinitial estimatefor V thatcanbere�ned using
a standardreinforcementlearningalgorithm.Alternatively
(andequivalently),L couldbe usedasa separateexternal
shapingrewardfunction.

4. A Rod Positioning Experiment

In this sectionwe empiricallyevaluatethepotentialbene-
�ts of a learnedshapingfunction in a rod positioningtask
(Moore& Atkeson,1993). Eachtaskconsistsof a square
workspacethat containsa rod, someobstacles,anda tar-
get.Theagentis requiredto maneuver therod (by moving
its basecoordinateor its angleof orientation)sothatits tip
touchesthe target while avoiding obstacles.An example
20x20unit taskandsolutionpathareshown in Figure1.

Figure1. A 20x20rodpositioningtaskandonesolutionpath.

Following Moore and Atkeson(1993), we discretizethe
statespaceinto unit x andy coordinatesand10o anglein-
crements. Thus, eachstatein the problem-spacecan be
describedby two coordinatesand one angle,and the ac-
tions available to the agentare movementof one unit in
eitherdirectionalongtherod'saxis,or a10o rotationin ei-
therdirection.If amovementcausestherodto collidewith
anobstacleit resultsin no changein state,so theportions
of the statespacewhereany part of the rod would be in-
terior to anobstaclearenot reachable.Theagentreceives
a penaltyof 1 for eachaction,anda rewardof 1000when
reachingthegoal(whereupontheepisodeends).

We augmentthe taskenvironmentwith � ve beacons,each
of which emits a separatesignal that dropsoff with the
squareof theEuclideandistancefrom astrengthof 1 at the
beaconto 0 at adistanceof 60units.Thetip of therodhas
agradientsensorarraythatcandetectthevaluesof eachof
thesesignalsat theadjacentstatein eachactiondirection.
Sincethesebeaconsarepresentin every task, the sensor
readingsarean agent-spaceandwe includean elementin
theagentthatlearnsL andusesit to predictrewardfor each
adjacentstategiventhe� vesignallevelspresentthere.

The usefulnessof L as a reward predictor will depend
on therelationshipbetweenbeaconplacementandreward
acrossasequenceof individual rodpositioningtasks.Thus
we can considerthe beaconsas simple abstractsignals
presentin theenvironment,andexperimentallyevaluatethe
usefulnessof L while manipulatingtheir relationshipto re-
wardacrossthesequence.
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4.1.Experimental Structur e

In eachexperiment,theagentis exposedto a sequenceof
training experiences,during which it is allowed to update
L . After eachtrainingexperience,it is evaluatedin a large
testcase,duringwhich it is not allowedto updateL .

Eachindividual training experienceplacesthe agentin a
small task,randomlyselectedfrom a randomlygenerated
setof 100 suchtasks,whereit is given suf�cient time to
learna goodsolution. Oncethis time is up, the agentup-
datesL usingthevalueof eachvisitedstateandthesensory
signalpresentat it, beforeit is testedon the much larger
testtask.All statevaluetablesareclearedbetweentraining
episodes.

Each agent performed reinforcement learning using
Sarsa(� ) (� = 0:9; � = 0:1; 
 = 0:99; � = 0:01) in
problem-spaceand used training tasks that were either
10x10(whereit wasgiven100episodesto convergein each
training task),or 15x15(whenit wasgiven 150 episodes
to converge), and testedin a 40x40 task.2 L was a lin-
earestimatorof reward,usingeitherthe� ve beaconsignal
levels anda constantas features(requiring6 parameters,
andreferredto asthelinearmodel)or usingthosewith � ve
additionalfeaturesfor thesquareof eachbeaconvalue(re-
quiring 11 parameters,referredto asthequadraticmodel).
All parameterswere initialized to 0, and learning for L
wasaccomplishedusinggradientdescentwith � = 0:001.
We usedtwo experimentswith differentbeaconplacement
schemes.

4.2.Following a Homing Beacon

In the�rst experiment,wealwaysplacedthe�rst beaconat
thetargetlocation,andrandomlydistributedtheremainder
throughoutthe workspace.Thusa high signal level from
the�rst beaconpredictshighreward,andtheothersshould
beignored.This is a very informative indicationof reward
thatshouldbefairly easyto learn,andcanbewell approx-
imatedevenwith a linearL . Figure2 shows the40x40test
taskusedto evaluatethe performanceof eachagent,and
four sample10x10trainingtasks.

Figure3 showsthenumberof steps(averagedover50runs)
requiredto �rst reachthegoalagainstthenumberof train-
ing experiencescompletedby theagentfor the four types
of learnedshapingelements(linearandquadraticL , andei-
ther10x10or 15x15trainingworlds). It alsoshows theav-
eragenumberof stepsrequiredby anagentwith a uniform
initial valueof 0 (agentswith auniforminitial valueof 500
performedsimilarly while �rst �nding thegoal). Notethat

2We notethatin generalthetasksusedto train theagentneed
not besmallerthanthetaskusedto testit. We useda smalltrain-
ing task in this experimentto highlight the fact that the sizeof
problem-spacemaydiffer betweenrelatedtasks.

a b

Figure2. The homing experiment40x40 test task (a) and four
sample10x10training tasks(b). Beaconlocationsareshown as
crosses,andthegoalis shown asa largedot. Notethatoneof the
beaconsis on thetargetin eachworld.

thereis just asingledatapoint for theuniform initial value
agents(in theupperleft corner)becausetheir performance
doesnot varywith thenumberof trainingexperiences.
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Figure3. Theaveragenumberof stepsrequiredto �rst reachthe
goalin thehomingtask.

Figure3 shows that trainingsigni�cantly lowersthenum-
ber of stepsrequiredto initially �nd the goal in all cases,
reducingit afteronetrainingexperiencefrom over100; 000
stepsto atmostjustover70; 000, andby six episodesto be-
tween20; 000and40; 000steps.Thisdifferenceis statisti-
cally signi�cant (by at-test,p < 0:01) for all combinations
of L andtrainingtasksizes,evenafterjustasingletraining
experience.Figure3 alsoshows that the complexity of L
doesnotappearto makeasigni�cant differenceto thelong-
termbene�t of training(probablybecauseof thesimplicity
of the reward indicator), but the size of the training task
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does.Thedifferencebetweenthenumberof stepsrequired
to �rst �nd thegoalfor 10x10and15x15trainingtasksizes
is statisticallysigni�cant (p < 0:01) after20 trainingexpe-
riencesfor both linearandquadraticformsof L , although
this differenceis clearerfor thequadraticform, whereit is
signi�cant after6 trainingexperiences.

Figure4 showsthenumberof steps(averagedover50runs)
requiredto reachthegoalastheagentsrepeatepisodesin
thetesttask,afterhaving beenallowed20 trainingexperi-
ences(L is still never updatedin thetestworld), aswell as
thenumberrequiredby agentswith valuetablesuniformly
initialized to 0 and500. This illustratesthe overall learn-
ing performanceof the agentsover time on a singlenew
taskoncethey have hadmany trainingexperiencesagainst
thatof agentsusinguniform initial values.Figure4 shows
that the learnedshapingheuristicsigni�cantly speedsup
the �rst few episodesanddoesnot damageconvergence,
taking slightly longer thanan agentusing0 asa uniform
initial valuebut aboutthe sameas that of an agentusing
500. This suggeststhatoncea solutionis found theagent
must then“unlearn” someof its overly optimistic heuris-
tic estimatesto achieve convergence.Note thata uniform
initial valueof 0 workswell herebecauseit discouragesex-
tendedexploration,which is notnecessaryin deterministic
domainssuchasthis.
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Figure4. Stepsto reward against episodesin the homing test
world after20 trainingepisodes.

4.3.Finding the Center of a BeaconTriangle

In thesecondexperiment,wealwaysarrangedthe�rst three
beaconsin a triangleat theedgesof thetaskworkspace,so
thatthe�rst beaconlay to theleft of thetarget,thesecond
directly above it, andthe third to its right. The remaining
two wererandomlydistributedthroughouttheworkspace.
Thisprovidesricherrewardinformation,but shouldpresent
a harderfunctionto learn.Figure5 shows the10x10sam-

ple training tasksgiven in Figure2 after modi�cation for
the triangleexperiment.Thetesttaskwassimilarly modi-
�ed.

Figure5. Sample10x10trainingtasksfor thetriangleexperiment.

Figure 6 shows the numberof stepsinitially requiredto
reachthe goal for the triangleexperiment,again showing
that even a single training experienceresultsin a statisti-
cally signi�cant (p < 0:01 in all cases)reductionfrom the
numberrequiredby an agentusinguniform initial values,
from just over 100; 000 stepsto at most just over 25; 000
stepsafter a singletraining episode.Figure6 alsoshows
that thereis no signi�cant differencebetweenforms of L
andsizeof training task. This suggeststhat the richness
of the usefulsignalmore thanmakesup for it beingdif-
�cult to learn correctly—in all casesthe performanceof
agentslearningusing the triangle beaconarrangementis
better than that of thoselearningusing the homing bea-
con arrangement. Figure 7 shows again that the initial
few episodesof repeatedlearningin thetesttaskaremuch
faster, andthat training doesnot affect convergence,with
thetotalnumberof episodesrequiredto convergeagain ly-
ing somewherebetweenthe numberrequiredby an agent
initializing its valuetableto 0 andoneinitializing it to 500.
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Figure6. Theaveragenumberof stepsrequiredto �rst reachthe
goalin thetriangletask.

4.4.Summary

The above two experimentsshow that an agentthat can
learnits own shapingrewardsthroughtrainingcan�nd an
initial solution to a novel task much fasterthanan agent
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Figure7. Stepsto rewardagainstepisodesin thetriangletesttask
after20 trainingepisodes.

thatusesuniform initial values,evenafteronly a few train-
ing experiences.They alsoshow thatsuchtrainingdoesnot
damagetheagent's convergencecharacteristics,evenafter
many trainingepisodes.

Theresultsalsoseemto suggestthata bettertrainingenvi-
ronmentis helpful but that its usefulnessdecreasesasthe
signalpredictingrewardbecomesricher, andthat increas-
ing the complexity of L doesnot appearto signi�cantly
improve the agent's performance.Although this is a very
simple domain, it suggeststhat given a rich signal from
which to predict reward even an inaccurateestimationof
rewardis suf�cient to improveperformance.

5. RelatedWork

Priorreinforcementlearningresearchexistson�nding use-
ful macro-actionsacrosssequencesof tasks (Bernstein,
1999; Pickett & Barto, 2002; Thrun & Schwartz, 1995)
andbuilding structuredrepresentationsof a statespaceto
speeduplaterlearning(Mahadevan,2005;VanRoy, 1998).
However, theseapproachesrequire tasksthat are in the
samestatespaceanddiffer only in their reward functions.
Taylor et al. (2005)usea hand-codedtransferfunction to
seedonetask'svaluefunctionwith learnedvaluesfrom an-
othersimilar taskwith a potentiallydifferentstatespace,
but they requiretheexplicit manualconstructionof atrans-
fer functionbetweeneachpair of valuefunctions. An ap-
propriatesequenceof tasksin the researchpresentedhere
requiresonly thattheagent-spacesemantics(includingse-
manticswith respectto reward)remainconsistent,soeach
taskmayhave its own completelydistinctstatespace.

KonidarisandHayes(2004)show usinga similar method
thatusingtrainingmazesto learnassociationsbetweenre-

wardandstrongsignalsat rewardstatesresultsin a signif-
icant improvementin the total reward obtainedby a real-
istically simulatedrobot learningto �nd a puck in a novel
maze.Theresearchpresentedhereemploysamoregeneral
mechanismwherethe agentlearnsa heuristicfrom all of
thestatesthatit hasvisited.

6. Discussion

Theresultspresentedabovesuggestthatagentsthatemploy
reinforcementlearningmethodscanbe augmentedto use
their experienceto learntheir own shapingrewards. This
couldresultin agentsthataremore�e xible thanthosewith
pre-engineeredshapingfunctions. It alsocreatesthe pos-
sibility of training suchagentson easytasksasa way of
equippingthemwith knowledgethatwill makehardertasks
tractable,andis thusan instanceof anautonomousdevel-
opmentallearningsystem(Wenget al., 2000).In addition,
this systemprovidesanotherexampleof theuseof layered
learningsystems(Stone& Veloso,2000),andof theinter-
estingandpotentiallycomplex behavior that resultsfrom
theinteractionof two learningsystems.

However, the ideaspresentedherehave somedrawbacks.
Determiningthe form of c (theagent-spacedescriptor)by
identifying a relevant agent-spaceandselectingan appro-
priate learningmethodfor L createa potentiallydif�cult
designproblem.We expectthatmostof thedif�culty will
lie in choosinganappropriateagent-spacein orderto allow
for theuseof a relatively simplelearningalgorithm,andto
facilitaterapidlearningandshorttrainingtimes.

In somesituations,thelearningalgorithmchosenfor L , or
thesensorypatternsgivento it, mightresultin anagentthat
is completelyunableto learnanything useful. We do not
expectsuchan agentto do muchworsethanonewithout
any shapingrewardsatall.

Another potential concernis the possibility that a mali-
ciously chosenor unfortunateset of training taskscould
result in an agentthat performsworsethan one with no
training. Fortunately, suchagentswill still eventuallybe
ableto learnthecorrectvaluefunction(Ng etal., 1999).

6.1.LearnedShapingRewardsand Generalization
thr oughValueFunction Approximation

Learnedshapingrewards are used to assigninitial val-
uesto novel statesin problem-spacein orderto accelerate
the learningof accuratevaluesfor thosestates.This is a
form of generalization,wheretheshapingfunctionretains
knowledgefrom experiencewith theenvironmentanduses
it to betterpredictstatevaluesin later tasks.As suchit is
stronglyrelatedto theuseof valuefunctionapproximation
for generalizationacrossstates.
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In a valuefunction approximationsystem,somecompact
valuefunctionrepresentation(suchasa neuralnetwork) is
usedinsteadof a valuetable,andit is trainedto represent
valuesexperiencedfrom visitedstates.Novel statesevalu-
atedwith thisvaluefunctionmaythereforebegivenvalues
basedonpreviousexperiencein similar states,andthusal-
readyincludepreviously learnedknowledge.

The useof learnedshapingrewardscoupledwith a value
function table is distinct for two reasons. First, it only
generalizesforwards,andnot backwards: novel statesare
given initial valuesbasedon generalization,but the val-
uesof previously encounteredstatesare never disturbed.
Thereforealthoughlearnedshapingvaluesdo not general-
ize asbroadly, they cannotcausean algorithmthat would
otherwiseconverge to fail to do so,which canoccurwith
functionapproximation(Sutton& Barto,1998).They may
thereforebeconsideredasaferform of generalization.

Second,valuefunctionapproximationusuallyonly gener-
alizeswithin asingletask.An approximatedvaluefunction
that is usedto generalizeover oneMDP maynot beappli-
cableto anotherrelatedbut distinct MDP. The semantics
of eachstatedescriptormay change(asa trivial example,
considertwo MDPsthatareidenticalto eachotherbut with
differentgoalstates),or thesizeof theinput to theapprox-
imatormaychange.A learnedshapingfunction,by virtue
of its split representation,canbeusedto generalizeacrossa
sequenceof distincttasksprovidedtheagent-spaceseman-
ticsareconsistent.

Thereis alsoanimportantpoint thatshouldbemadehere:
thereis a formal differencebetweenan MDP statelabel
in problem-spaceand the sensoryinput received at that
state. A problem-spacestatedescriptorshouldideally be
the smallestpieceof information that is suf�cient to dis-
criminatebetweenstates,so that the agentis solving the
smallestpossiblefaithful Markov modelof theunderlying
problem. Using sensorinput as a statedescriptormight
facilitategeneralization,but it alsooften resultsin a state
spacethatis bothvery large(thusnecessitatinggeneraliza-
tion) andtoo small (becauseit is not Markov). It may be
betterto factorthesensoryinputsothat(somefunctionof)
asmallsubsetof it is usedasaproblem-spaceMarkov state
descriptor, and the remainderusedby a learnedshaping
functionor someotherseparateelementfor generalization.

This is mostobviously true for navigation problems.Re-
turning to theexampleof the robot learningto �nd a heat
sourcein a map,the mapitself is suf�cient to distinguish
therobot's states,andincludingits sensorreadingsinto its
statedescriptorwould vastly increasethe sizeof the state
spacewithoutchangingthesizeof theunderlyingproblem.
It is mucheasier, andconceptuallymuchcleaner, to usethe
compactdescriptorgivenby somediscretizationof themap
to generateaverysmallproblem-space,andthenuseasep-

aratelearningelementto generalizeby learningto estimate
novel staterewardsfrom its remainingsensors.

6.2.ShapingRewardsasa Search Heuristic

It is unlikely that in any usefulscenarioan agentwill be
able to learna completelyaccuratemeasureof valueus-
ing L . If it could, we could do away with reinforcement
learningaltogetherandsimply ascendL. Instead,we ex-
pectto beableto learnaroughapproximationof valuethat
functionsasa heuristic.

In standardclassicalsearchalgorithms, such as A � , a
heuristicgivesaninexactmeasurefor thedistancebetween
aparticularnodein thesearchspaceandthegoal. In anem-
bodiedsearch,the agentmustphysically searchsomeun-
known environment,andthuscanonly keepa singlenode
“open” at any onetime. In algorithmslike Learning-Real-
Time A � (LRTA � ) (Korf, 1990),theagentusesa heuristic
measurecombinedwith the cost of moving to the nodes
it can immediatelyreachto determinewhereto go next.
Since Real-Time Dynamic Programming(RTDP) is the
stochasticgeneralizationof LRTA � (Barto et al., 1995),
andshapingrewardsact to ordertheselectionof unvisited
nodes,shapingrewardsprovide a heuristicinitialization of
thevaluefunctionin embodiedsearchproblemsTherefore,
agentssolving embodiedsearchproblemsthat areableto
learn their own shapingfunctionsare learningtheir own
heuristics.

7. Conclusion

In this paperwe introducedtheuseof learnedshapingre-
wardsin a sequenceof goal-directedreinforcementlearn-
ing tasks. This is accomplishedby having two separate
representations:a Markov problem-spacerepresentation
for reinforcementlearningthat differs for eachtask, and
an agent-spacerepresentationthat doesnot. The second
representationis usedto learna shapingfunction that can
provide value predictionsfor novel statesacrosstasksin
orderto speedup learningin problem-space.Our experi-
mentalresultsshow thattheuseof learnedshapingrewards
cansigni�cantly improveperformancein a rodpositioning
experimentwith evenasingletrainingexperience.
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