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Abstract

We introducethe useof learnedshapingrewards
in reinforcementearningtasks,wherean agent
usesprior experienceon a sequencef tasksto

learna portablepredictorthatestimatesnterme-
diate rewards, resultingin acceleratedearning
in later tasksthat are relatedbut distinct. Such
agentanbetrainedon a sequencef relatively

easytasksin orderto developa moreinformative
measuref rewardthatcanbetransferredo im-

prove performanceon moredif cult taskswith-

outrequiringa handcodedshapingfunction. We
usearod positioningtaskto show thatthis signif-

icantly improves performanceeven after a very
brief training period.

1. Intr oduction

Althoughreinforcementearningis well suitedto mary se-
guentialdecisionproblemstaskscharacterizety delayed
reward—wherea long sequencef unrevardedactionsare
requiredto reacha reward state—remairif cult to solve
quickly, both in termsof nding initial solutions,andin
termsof corvergencetoward an optimal solution. Oneef-
fective way to speedup learningin suchcasess to create
amoreinformative reward signalusing“shapingrewards”
(Dorigo & Colombetti,1998; Ng et al., 1999; Perkins&
Hayes, 1996)or “progressndicators”(Mataric, 1997).Un-
fortunately this requiressigni cant designeffort, resultsin
lessautonomousgentsandmayaltertheoptimalsolution,
leadingto unexpectecbehaior.

We proposehatagentghatmustrepeatediysolve thesame
type of taskshouldbe ableto learntheir own shapingre-
wards, and thus learnto solve dif cult tasksquickly af-
ter a setof relatively easytraining tasks. This is accom-
plishedby learningovertwo separateepresentationgach
in a differentspace:a reinforcementiearningrepresenta-
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tion in problem-spac¢hatis Markov for the particulartask
at hand,andonein agent-spacehat may not be Markov
but that is retainedacrosssuccessie taskinstancegeach
of which may requirea new problem-spacepossiblyof a
differentsize). Theagentearnsto initially estimatereward
for novel statesfrom “sensations’in agent-spacé order
to speedup reinforcementearningin problem-space.

Although this methodalso appliesto other types of se-
guentialdecisionproblemsjn this papemwe focuson goal-
directedexplorationtasksbecausehey mostclearlyillus-
trateour point,andwe presentheresultsof arod position-
ing experimentn which ourmethodsigni cantly improves
performancefteronly a brief periodof training.

2. Background
2.1.Shaping

Shapings apopularmethodfor speedingipreinforcement
learningin generalandgoal-directedxplorationin partic-
ular (Dorigo & Colombetti,1998). Althoughthistermhas
beenappliedto a variety of different methodswithin the
reinforcementearningcommunity only two are relevant
here. The rst is the gradualincreasein compleity of a
singletasktoward somegiven nal level (e.g.,Randlgv&
Alstrgm, 1998; Selfridgeet al., 1985), so that the agent
can safely learn easierversionsof the sametaskand use
theresultingpolicy to speedearningasthe taskbecomes
morecomplex.! Unfortunately this type of shapingdoes
not generallytransferbetweentasks—itcan only be used
to gently introducean agentto a singletask,andis there-
fore not suitedto a sequencef distincttasks.

Alternatively, the agents reward function could be aug-
mentedthroughthe useof intermediateshapingrewardsor
“progressindicators” (Mataric, 1997)that provide a more
informative reinforcementsignal to the agent. Ng et al.

We notethatthisde nition of shapings closestoits original
meaningn the psychologyiterature , whereit refersto a process
by which an experimenterrewardsan animal for behaior that
progressetowardthe completionof a comple task,andthereby
guidesheanimal'slearningprocessAs suchit refersto atraining
techniquenotalearningmechanisn{seeSkinner 1938).
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(1999) proved that an arbitrary externally speci ed shap-
ing reward function could be includedin a reinforcement
learningsystemwithout modifying its optimal policy, and
Wiewiora (2003)shovedthatthisis equivalentto usingthe
sameshapingfunction asa non-uniforminitial statevalue
function (Sutton& Barto, 1998). The major dravbackis
thatthis requiressigni cant engineeringeffort. In this pa-
per we shov that an agentmay be ableto learnits own
shapingunctionfrom experienceacrossseveraltaskswith-
out having to haveit speci edin advance.

2.2.Sequence®f Goal-directed Tasks

In this paperwe areconcernedvith a sequencef goaldi-
rectedexploration problems(Koenig & Simmons,1996).
In eachtheagentis in anernvironment(characterizety a
setof statesandactionsandtransitionprobability andre-
wardfunctions)andmustgetto somegoalstates®, whereit
will receve apositive goalreward,while receving amove-
mentpenaltyfor eachaction.We areinterestedn theprob-
lem of the initial discovery of s% which is an embodied
searctproblem(Koenig& Simmons;1996;Koenig,1999)
wherethe agentis performinga searchin anunknovn en-
vironmentby moving throughit. Thisis distinctfrom the
problemof efciently achieving policy corvergenceover
the entire state spaceonce the goal has beenfound, for
which othermethodsexist (e.g., Thrun1992). This allows
usto focuson the speedupwe obtainin rst reachingthe
goal state,althoughwe mustalso ensurethat our method
doesnot damagdater corvergenceto an optimal (or near
optimal) policy.

3. Learning Shaping Rewards

We proposethat insteadof having a very informative but

dif cult to engineereinforcemensignal,agentsshouldbe
ableto learnto augmentheir rewardstructuresdy learning
whichsensonypatterngredictrewardacrosgasks.Thisin-

formationcanbeusedasa shapingunctionthatprovidesa
rst estimatdor thevalueof newly discoreredstatesvhen
learninga value function for a new task. Suchan agent
would startwith somepre-speci ed(possiblyrandomor

uniform) shapingfunction,andthenre ne it in severalre-
latedbut distincttaskinstance®verits lifetime.

We requirethatthe sequencef goal-directegproblemsare
relatedin the sensethat the agentis requiredto solve a
sequencef variationson the sametype of task,andthat
thereis somecommonalitybetweenthe tasksso that the
agentcanretain learnedknowledge usefully acrossthem.
We thusde ne the notion of a sequencef reward-linked
relatedtasksasfollows.

The agentexperiencesa sequencef ernvironmentsgener
atedby the sameunderlyinggeneratre world model(e.g.,

they have the samephysics,the sametypesof objectsmay
bepresenin theervironment,etc.). Fromthe sensationg

recevesin eachervironment,the agentcreatesgwo repre-
sentationsThe rst is a statedescriptorthatis sufcient to

distinguishMarkov statesn the currentervironment.This
inducesaMarkov DecisionProcesgMDP) with asetof ac-
tionsthatare x edacrosghe sequencébecausehe agent
doesnot change)but a setof states,transitionprobabili-
ties and reward function that dependonly on the taskthe
agentis currently facing. The agentthusworks in a dif-

ferentstate-spacwvith its own transitionprobabilitiesand
rewardfunctionfor eachtaskin thesequenceWe call each
of thesea problem-space

The agentalsousesa secondrepresentatiofrom the sen-
sationsthat are consistentlypresentand retain the same
semanticsacrossthe sequenceof tasks. This spaceis

sharedacrossthe sequencef tasks,andwe call it agent-

space Thesetwo representationstemfrom two different
representationalequirements:problem-spacenodelsthe

Markov descriptiorof aparticularervironment,andagent-
spacemodelsthe (potentiallynon-Marlov) commonalities
acrossa setof ervironments.

We thusterm the tasksin the sequenceelatedif the se-
guenceconsistof ervironmentsthatshareanagent-space.
This ensureghatthey aregeneratedy the sameunderly-
ing world model and are experiencedby the sameagent.
We termthe sequenceeward-linkedif therewardfunction
in eachervironmentconsistentlyallocatesrewardsto the
sametypesof interactionsacrosservironments(e.g., re-
wardis alwaysx for consuminga food particleandy for
reachinga light source,no matterwhich ervironmentthe
agentis in). Thisensureshatthereis someusefulrelation-
shipandpotentialcorrelationbetweersensationin agent-
spaceandrewardacrosshe sequenceyhichtheagentcan
learnto exploit.

Onevery simpleexampleof sucha sequencés asequence
of k-armedbanditproblemswherearmsthatalwaysgive a
low payof arecoloredred, broken arms(thatalwaysgive
a zeropayof) 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),the colorsarealwayspresensothe agentcanlearn
thatredor brown armshave alow expectedvalue,andthus
learnto prefergreenones.

Anotherexampleof suchasequencé asequencef build-
ingswherearobotthatis equippedvith pressurelight and
temperaturggaugesand a mapis requiredto nd a heat
sourcewhile avoiding obstaclesEachstatein the problem-
spaceis uniquely determinecby the robot's map position
and pose, but the sensationgeceved at each stateare
meaningfulacrossthe sequenceandthusform the agent-
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space Therobotcaneventuallylearnto useits temperature
gaugeas a heuristicmeasureof proximity to the source,
andtherebybe ableto nd heatsourcesn morecomple
buildingsin lesstime, even thoughthis heuristicis not in
generalsufcient to solve the problemby itself (because
theheatsensoreadingis not Markov in problem-space).

3.1.A Framework for Learning Shaping Functions

The agentis solving n problems,eachwith its own state
space,denotedS;;:::; S,. We thenview the ith statein
taskS; asconsistingof thefollowing attributes:

s = (did;riv),

whered! is theproblem-spacstatedescriptor(sufcient to
distinguishthis statefrom the othersin S; ), ¢ is anagent-
spacesensation! istherewardobtainedatthestateandv!
is the states value (expectedtotal reward for actionstart-
ing from the state). We are not concernecherewith the
form of d , exceptto notethatit maycontainor bedisjoint
from ¢, andwe assumethatestimatesf thev! valuesof
previously obsered stateshave beenobtainedby a rein-
forcementlearningalgorithm, learningthe value function
V!

V,ood 7V

Thisfunctionmapsfrom statedescriptoito expectedeturn,
but it is not portablebetweentasksbecausehe form and
meaningof d (asa problem-spacéescriptor)may change
from onetaskto another However, the form and mean-
ing of ¢ (asanagent-spacdescriptor)doesnot changeso
we introducea functionL thatpreseresvalueinformation
betweentasksand actsasthe agents internal shapingre-
ward. L estimatesxpectedreturnfor novel statesgiven
theagent-spacdescriptorreceivedthere:

L:d 71V,

Oncean agenthas completedtask S; and haslearneda

goodapproximatiorof the value of eachstateusingV; , it

canuseits (d ;v ) pairsastraining examplesfor a super

visedlearningalgorithmto learnL . Alternatively, training

could occuronline during eachtask,althoughthis may re-

sultin noisyor unstableshapingfunctions.After areason-
ableamountof training,L canbe usedto estimatea value
for newly obsenred statesn problem-spaceandthuspro-

vide agoodinitial estimatefor V thatcanbere ned using
a standardeinforcementearningalgorithm. Alternatively

(andequivalently), L could be usedasa separatexternal
shapingrewardfunction.

4. A Rod Positioning Experiment

In this sectionwe empirically evaluatethe potentialbene-
ts of alearnedshapingfunctionin arod positioningtask
(Moore & Atkeson,1993). Eachtaskconsistsof a square
workspacethat containsa rod, someobstaclesand a tar
get. Theagentis requiredto maneuer therod (by moving
its basecoordinateor its angleof orientation)sothatits tip
touchesthe tamget while avoiding obstacles.An example
20x20unit taskandsolutionpathareshowvn in Figurel.

D ol | P o

L
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Figurel. A 20x20rod positioningtaskandonesolutionpath.

Following Moore and Atkeson(1993), we discretizethe
statespacento unit x andy coordinateand10° anglein-
crements. Thus, eachstatein the problem-spacean be
describedby two coordinatesand one angle,and the ac-
tions available to the agentare movementof one unit in
eitherdirectionalongtherod's axis,or a 10° rotationin ei-
therdirection.If amovementcausesherodto collide with
anobstacleit resultsin no changein state,sothe portions
of the statespacewhereary part of the rod would be in-
terior to an obstaclearenot reachable. The agentreceves
a penaltyof 1 for eachaction,anda reward of 1000when
reachinghe goal (whereuporthe episodesnds).

We augmenthe taskernvironmentwith ve beaconsgach
of which emits a separatesignal that drops off with the
squareof the Euclideardistancefrom a strengthof 1 atthe
beacorto 0 atadistanceof 60 units. Thetip of therod has
agradientsensoiarraythatcandetectthe valuesof eachof
thesesignalsat the adjacenttatein eachactiondirection.
Sincethesebeaconsare presentin every task, the sensor
readingsarean agent-spacandwe includean elementin
theagenthatlearnsL andusest to predictrewardfor each
adjacenstategiventhe ve signallevelspresenthere.

The usefulnessof L as a reward predictor will depend
on the relationshipbetweerbeacorplacementindreward
acrossasequencef individual rod positioningtasks.Thus
we can considerthe beaconsas simple abstractsignals
presentn theenvironment,andexperimentallyevaluatethe
usefulnessf L while manipulatingheirrelationshipto re-
wardacrosgshe sequence.
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4.1.Experimental Structure

In eachexperiment,the agentis exposedto a sequencef
training experiencesduring which it is allowed to update
L. After eachtrainingexperiencejt is evaluatedn alarge
testcaseduringwhichit is not allowedto updatel .

Eachindividual training experienceplacesthe agentin a
small task, randomlyselectedrom a randomlygenerated
setof 100 suchtasks,whereit is given sufcient time to
learna goodsolution. Oncethis time is up, the agentup-
dated_ usingthevalueof eachvisitedstateandthesensory
signalpresentat it, beforeit is testedon the much larger
testtask.All statevaluetablesareclearedbetweertraining
episodes.

Each agent performed reinforcement learning using
Sars@ ) ( = 09; = 01, = 099 = 001 in
problem-spaceand used training tasks that were either
10x10(whereit wasgiven100episodeso corvergein each
training task), or 15x15 (whenit wasgiven 150 episodes
to corverge), and testedin a 40x40 task? L wasa lin-
earestimatorof reward, usingeitherthe ve beacorsignal
levels and a constantas features(requiring 6 parameters,
andreferredto asthelinearmodel)or usingthosewith ve
additionalfeaturesfor the squareof eachbeacornvalue(re-
quiring 11 parametersieferredto asthe quadraticmodel).
All parametersvere initialized to O, and learningfor L
wasaccomplishedisinggradientdescentvith = 0:001
We usedtwo experimentswith differentbeacorplacement
schemes.

4.2.Following a Homing Beacon

In the rst experimentwe alwaysplacedthe rst beacorat

thetargetlocation,andrandomlydistributedthe remainder
throughoutthe workspace. Thusa high signallevel from

the rst beacompredictshigh reward,andthe othersshould
beignored.Thisis avery informative indicationof reward

thatshouldbefairly easyto learn,andcanbewell approx-
imatedevenwith alinearL . Figure2 shavs the 40x40test
task usedto evaluatethe performanceof eachagent,and
four samplel0x10trainingtasks.

Figure3 shavsthenumberof stepgaveragedver50runs)
requiredto rst reachthe goalagainstthe numberof train-
ing experiencexompletedby the agentfor the four types
of learnedshapingelementglinearandquadratid. , andei-
ther10x10or 15x15trainingworlds). It alsoshavstheav-
eragenumberof stepsrequiredby anagentwith a uniform
initial valueof 0 (agentsvith auniforminitial valueof 500
performedsimilarly while rst nding thegoal). Notethat

2\We notethatin generakhetasksusedto train the agentneed
notbe smallerthanthetaskusedto testit. We useda smalltrain-
ing taskin this experimentto highlight the fact that the size of
problem-spacenaydiffer betweerrelatedtasks.

ot

a b

/

Figure2. The homing experiment40x40 test task (a) and four
samplel0x10training tasks(b). Beaconlocationsare shavn as
crossesandthegoalis shavn asalargedot. Notethatoneof the
beaconss onthetametin eachworld.

thereis justasingledatapoint for the uniforminitial value
agentgin theupperleft corner)becauseheir performance
doesnotvary with the numberof trainingexperiences.
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Figure3. The averagenumberof stepsrequiredto rst reachthe
goalin thehomingtask.

Figure 3 shaws thattraining signi cantly lowersthe num-
ber of stepsrequiredto initially nd the goalin all cases,
reducingt afteronetrainingexperiencdrom over 100, 000
stepgo atmostjustover 70; 000, andby six episodeso be-
tween20; 000and40; 000steps.This differenceis statisti-
cally signi cant (by at-test,p < 0:01) for all combinations
of L andtrainingtasksizesevenafterjustasingletraining
experience.Figure 3 alsoshaows that the compleity of L
doesnotappeato make asigni cant differenceto thelong-
termbene t of training (probablybecaus®f thesimplicity
of the reward indicator), but the size of the training task
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does.Thedifferencebetweerthe numberof stepsrequired
to rst nd thegoalfor 10x10and15x15trainingtasksizes
is statisticallysigni cant (p < 0:01) after20trainingexpe-
riencesfor bothlinearandquadraticforms of L, although
this differenceis clearerfor the quadraticform, whereit is
signi cant after6 trainingexperiences.

Figure4 shavsthenumberof stepqaveragedver50runs)
requiredto reachthe goal asthe agentsepeatepisodesn

thetesttask,after having beenallowed 20 training experi-

enceqL is still neverupdatedn thetestworld), aswell as
thenumberrequiredby agentswith valuetablesuniformly

initialized to 0 and500 This illustratesthe overall learn-
ing performanceof the agentsover time on a single new

taskoncethey have hadmary training experiencesgainst
thatof agentsusinguniforminitial values.Figure4 shovs

that the learnedshapingheuristic signi cantly speedsup

the rst few episodesand doesnot damagecornvergence,
taking slightly longerthanan agentusing 0 asa uniform

initial value but aboutthe sameasthat of an agentusing
500 This suggestshatoncea solutionis found the agent
mustthen“unlearn” someof its overly optimistic heuris-
tic estimatego achieve corvergence.Note thata uniform

initial valueof 0 workswell herebecausé discouragesx-

tendedexploration,whichis notnecessaryn deterministic
domainssuchasthis.
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Figure4. Stepsto reward against episodesin the homing test
world after 20 trainingepisodes.

4.3.Finding the Center of a BeaconTriangle

In thesecondexperimentwe alwaysarrangedhe rst three
beaconsn atriangleatthe edgesf thetaskworkspaceso
thatthe rst beacorlay to theleft of thetarget,the second
directly above it, andthethird to its right. The remaining
two wererandomlydistributedthroughoutthe workspace.
Thisprovidesricherrewardinformation,but shouldpresent
a harderfunctionto learn. Figure5 showvs the 10x10sam-

ple training tasksgiven in Figure 2 after modi cation for
thetriangleexperiment. The testtaskwassimilarly modi-
ed.

% 4 4 i = + ﬁ E
i \

a2

Figure5. Samplel0x10trainingtasksfor thetriangleexperiment.

Figure 6 shavs the numberof stepsinitially requiredto
reachthe goal for the triangle experiment,again shaving
that even a single training experienceresultsin a statisti-
cally signi cant (p < 0:01in all casesyeductionfrom the
numberrequiredby an agentusinguniform initial values,
from just over 100, 000 stepsto at mostjust over 25; 000
stepsafter a single training episode. Figure 6 also shavs
thatthereis no signi cant differencebetweenforms of L
and size of training task. This suggestghat the richness
of the useful signalmore than makes up for it being dif-
cult to learn correctly—in all casesthe performanceof
agentslearningusing the triangle beaconarrangements
betterthan that of thoselearningusing the homing bea-
con arrangement. Figure 7 shavs again that the initial
few episode®f repeatedearningin thetesttaskaremuch
faster andthattraining doesnot affect corvergence with
thetotal numberof episodesequiredto corvergeaggin ly-
ing someavherebetweenthe numberrequiredby an agent
initializing its valuetableto 0 andoneinitializing it to 500
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Figure6. The averagenumberof stepsrequiredto rst reachthe
goalin thetriangletask.

4.4.Summary

The above two experimentsshav that an agentthat can
learnits own shapingrewardsthroughtrainingcan nd an
initial solutionto a novel task much fasterthanan agent
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Figure7. Stepsto rewardagainstepisodesn thetriangletesttask
after20 trainingepisodes.

thatusesuniforminitial values.evenafteronly afew train-
ing experiencesThey alsoshav thatsuchtrainingdoesnot
damagehe agents convergencecharacteristicsgven after
mary trainingepisodes.

Theresultsalsoseenmto suggesthata bettertrainingenvi-

ronmentis helpful but thatits usefulnessiecreaseasthe
signalpredictingreward becomesicher, andthatincreas-
ing the compl«ity of L doesnot appearto signi cantly

improve the agents performance.Althoughthis is a very
simple domain, it suggestghat given a rich signal from

which to predictreward even an inaccurateestimationof

rewardis sufcient to improve performance.

5. Related Work

Priorreinforcementearningresearctexistson nding use-
ful macro-actionsacrosssequence®f tasks (Bernstein,
1999; Pickett & Barto, 2002; Thrun & Schwartz, 1995)
and building structuredrepresentationsf a statespaceto

speediplaterlearning(Mahad&an,2005;VanRoy, 1998).
However, theseapproachesequire tasksthat are in the

samestatespaceanddiffer only in their reward functions.
Taylor et al. (2005)usea hand-codedransferfunctionto

seedonetask's valuefunctionwith learnedvaluesfrom an-

other similar taskwith a potentially different statespace,
but they requiretheexplicit manualconstructiorof atrans-
fer function betweeneachpair of valuefunctions. An ap-

propriatesequencef tasksin the researctpresentedere
requiresonly thatthe agent-spaceemanticgincluding se-
manticswith respecto reward) remainconsistentsoeach
taskmay have its own completelydistinctstatespace.

Konidarisand Hayes(2004) shav usinga similar method
thatusingtrainingmazedo learnassociationbetweerre-

ward andstrongsignalsat reward stategesultsin a signif-
icantimprovementin the total reward obtainedby a real-
istically simulatedrobotlearningto nd apuckin anovel
maze.Theresearclpresentethereemplo/samoregeneral
mechanismwherethe agentlearnsa heuristicfrom all of
the stateghatit hasvisited.

6. Discussion

Theresultspresente@dbore suggesthatagentghatemploy

reinforcementearningmethodscan be augmentedo use
their experienceto learntheir own shapingrewards. This
couldresultin agentghataremore e xible thanthosewith

pre-engineeredhapingfunctions. It alsocreateghe pos-
sibility of training suchagentson easytasksasa way of

equippingghemwith knowledgethatwill make hardertasks
tractable,andis thusaninstanceof an autonomouslevel-

opmentalearningsystem(Wengetal., 2000). In addition,
this systemprovidesanotherexampleof the useof layered
learningsystemgStone& Veloso,2000),andof theinter

estingand potentially complex behavior that resultsfrom

theinteractionof two learningsystems.

However, the ideaspresentedherehave somedravbacks.
Determiningthe form of c (the agent-spaceescriptor)oy
identifying a relevant agent-spacand selectingan appro-
priate learningmethodfor L createa potentially dif cult
designproblem. We expectthat mostof the dif culty will
lie in choosinganappropriateagent-spacin orderto allow
for theuseof arelatively simplelearningalgorithm,andto
facilitaterapidlearningandshorttrainingtimes.

In somesituationsthelearningalgorithmchoserfor L, or
thesensonpatterngivento it, mightresultin anagenthat
is completelyunableto learnarything useful. We do not
expectsuchan agentto do muchworsethanonewithout
ary shapingrewardsatall.

Another potential concernis the possibility that a mali-
ciously chosenor unfortunateset of training taskscould
resultin an agentthat performsworse than one with no
training. Fortunately suchagentswill still eventually be
ableto learnthe correctvaluefunction(Ng etal., 1999).

6.1.Learned ShapingRewardsand Generalization
thr ough Value Function Approximation

Learnedshapingrewards are usedto assigninitial val-
uesto novel statesn problem-spacén orderto accelerate
the learningof accuratevaluesfor thosestates. This is a
form of generalizationywherethe shapingfunctionretains
knowledgefrom experiencewith theenvironmentanduses
it to betterpredictstatevaluesin latertasks. As suchit is
stronglyrelatedto the useof valuefunctionapproximation
for generalizatioracrossstates.
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In a valuefunction approximationsystem,somecompact
valuefunctionrepresentatiofsuchasa neuralnetwork) is
usedinsteadof a valuetable,andit is trainedto represent
valuesexperiencedrom visited states.Novel statesevalu-
atedwith thisvaluefunctionmaythereforebe givenvalues
basedn previousexperiencdn similar statesandthusal-
readyincludepreviously learnedknowledge.

The useof learnedshapingrewardscoupledwith a value
function table is distinct for two reasons. First, it only

generalizedorwards,and not backwards: novel statesare
given initial valuesbasedon generalizationput the val-

uesof previously encounteredtatesare never disturbed.
Thereforealthoughlearnedshapingvaluesdo not general-
ize asbroadly they cannotcausean algorithmthatwould

otherwisecorvergeto fail to do so, which canoccurwith

functionapproximation(Sutton& Barto,1998). They may
thereforebe considered saferform of generalization.

Secondyaluefunction approximationusuallyonly gener
alizeswithin asingletask.An approximatedaluefunction
thatis usedto generalizeover one MDP may not be appli-
cableto anotherrelatedbut distinct MDP. The semantics
of eachstatedescriptormay change(asa trivial example,
consideitwo MDPsthatareidenticalto eachotherbut with
differentgoal states)pr the sizeof theinputto theapprox-
imatormay change.A learnedshapingfunction, by virtue
of its split representatiorganbeusedto generalizeacrossa
sequencef distincttasksprovidedtheagent-spacseman-
tics areconsistent.

Thereis alsoanimportantpoint thatshouldbe madehere:
thereis a formal differencebetweenan MDP statelabel
in problem-spacend the sensoryinput receved at that
state. A problem-spacestatedescriptorshouldideally be
the smallestpiece of informationthatis sufcient to dis-
criminate betweenstates,so that the agentis solving the
smallestpossiblefaithful Markov modelof the underlying
problem. Using sensorinput as a statedescriptormight
facilitate generalizationput it alsooftenresultsin a state
spacehatis bothverylarge (thusnecessitatingeneraliza-
tion) andtoo small (becausat is not Markov). It may be
betterto factorthesensoryinput sothat(somefunctionof)
asmallsubsebf it is usedasa problem-spac#larkov state
descriptor and the remainderusedby a learnedshaping
functionor someotherseparatelemenfor generalization.

This is mostohviously true for navigation problems. Re-
turning to the exampleof the robotlearningto nd aheat
sourcein a map,the mapitself is sufcient to distinguish
therobot's statesandincludingits sensoreadingdnto its
statedescriptorwould vastly increasethe size of the state
spacewithoutchanginghesizeof theunderlyingproblem.
It is mucheasierandconceptuallymuchcleanerto usethe
compactescriptogivenby somediscretizatiorof themap
to generat@ very smallproblem-spaceandthenusea sep-

aratelearningelemento generalizéby learningto estimate
novel staterewardsfrom its remainingsensors.

6.2.ShapingRewardsasa Seaich Heuristic

It is unlikely thatin ary usefulscenarioan agentwill be
ableto learna completelyaccuratemeasureof value us-
ing L. If it could, we could do away with reinforcement
learningaltogetherand simply ascend.. Instead,we ex-
pectto beableto learnaroughapproximatiorof valuethat
functionsasa heuristic.

In standardclassical searchalgorithms, suchas A , a

heuristicgivesaninexactmeasurdor thedistanceoetween
aparticulamodein thesearctspaceandthegoal. In anem-

bodiedsearchthe agentmustphysically searchsomeun-

known environment,andthuscanonly keepa singlenode
“open” atary onetime. In algorithmslike Learning-Real-
Time A (LRTA ) (Korf, 1990),the agentusesa heuristic
measurecombinedwith the costof moving to the nodes
it canimmediatelyreachto determinewhereto go next.

Since Real-Time Dynamic Programming(RTDP) is the

stochasticgeneralizationof LRTA (Barto et al., 1995),
andshapingrewardsactto orderthe selectionof urvisited

nodesshapingrewardsprovide a heuristicinitialization of

thevaluefunctionin embodiedsearctproblemsTherefore,
agentssolving embodiedsearchproblemsthat are ableto

learn their own shapingfunctionsare learningtheir own

heuristics.

7.Conclusion

In this paperwe introducedthe useof learnedshapingre-
wardsin a sequencef goal-directedeinforcementearn-
ing tasks. This is accomplishedby having two separate
representationsa Markov problem-spaceepresentation
for reinforcementiearningthat differs for eachtask, and
an agent-spaceepresentationhat doesnot. The second
representatiotis usedto learna shapingfunctionthatcan
provide value predictionsfor novel statesacrosstasksin
orderto speedup learningin problem-spaceOur experi-
mentalresultsshav thattheuseof learnedshapingewards
cansigni cantly improve performancen arod positioning
experimentwith evenasingletrainingexperience.
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