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Abstract

We present a novel formulation for providing ad-
vice to a reinforcementlearnerthat employs support-
vectorregressionasits functionapproximator. Ournew
methodextendsarecentadvice-giving technique,called
Knowledge-BasedKernelRegression(KBKR), thatac-
ceptsadviceconcerninga singleactionof a reinforce-
mentlearner. In KBKR, userscansaythatin somesetof
states,anaction'svalueshouldbegreaterthansomelin-
earexpressionof thecurrentstate.In ournew technique,
which we call PreferenceKBKR(Pref-KBKR), theuser
can provide advicein a more naturalmannerby rec-
ommendingthat someactionis preferred over another
in thespeci�edsetof states.Specifyingpreferenceses-
sentiallymeansthatusersaregiving adviceaboutpoli-
ciesratherthanQ values,which is a morenaturalway
for humansto presentadvice.We presentthe motiva-
tion for preferenceadviceand a proof of the correct-
nessof our extensionto KBKR. In addition,we show
empirical resultsthat our methodcan make effective
useof adviceon a novel reinforcement-learningtask,
basedon theRoboCupsimulator, which we call Break-
away. Our work demonstratesthe signi�cant potential
of advice-giving techniquesfor addressingcomplex re-
inforcementlearningproblems,while further demon-
strating the useof support-vector regressionfor rein-
forcementlearning.

Intr oduction
Advice-taking methodshave proven effective in a num-
ber of domains for scaling reinforcementlearning (RL)
to complex problems(Clouse& Utgoff 1992; Lin 1992;
Gordon & Subramanian1994; Maclin & Shavlik 1996;
Andre& Russell2001;Kuhlmannetal. 2004).Onepromis-
ing recentmethod,calledKnowledge-BasedKernelRegres-
sion (KBKR) (Mangasarian,Shavlik, & Wild 2004), has
beensuccessfullyapplied to reinforcement-learningprob-
lems(Maclin et al. 2005).Advice in KBKR takestheform
of an IF-THEN rulesuchas:

IF (dist goalcenter � 15) AND
(angle goalcenter you goalie � 25)

THEN Qshoot � 1
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This rule indicatesthat in thosestateswherethedistance
to the centerof the goal is lessthan or equalto 15m and
wheretheanglefrom theplayerto thegoalcenterandgoalie
is greaterthan25o, theQ valueof shootingshouldbegreater
than1. But selectinganappropriatevaluefor theTHEN part
of the rule canbe dif�cult for a humanadvisorwho is not
knowledgeableabout the useof Q valuesto estimatethe
valueof actionsin anRL environment.

A muchmorenaturalapproachis to allow thehumanto
suggestthatoneactionshouldbepreferredoveranother, so
thatheor shedoesnothaveto understandQ valuesandhow
they affect learning:

IF (dist goalcenter � 15) AND
(angle goalcenter you goalie � 25)

THEN PREFERShootTO Pass
We presenta new formulation basedon KBKR, which

we call PreferenceKBKR (Pref-KBKR), thatallows a user
to specify this type of advice and re�ne it with data us-
ing support-vectorregression.In thenext sectionwe review
support-vector regressionand the KBKR technique.Fol-
lowing thatwe presentthePref-KBKR algorithm.We then
presenta novel RL task,basedon the RoboCupsimulator
(Nodaetal. 1998),thatwecall BreakAwayanddemonstrate
thevalueof Pref-KBKRon this new testbed.

Knowledge-BasedSupport-Vector Regression
In this sectionwe presentthebasicsof KBKR. For a more
completediscussion,seeMangasarianet al. (2004).

Support-Vector Regression(SVR)
Consideran unknown function f (x) from Rn to R, where
x is a vectorof numericfeaturesdescribinga particularin-
stanceand f (x) is the value that instanceis labeledwith.
For example,x might describethesoccer�eld asseenfrom
thepointof view of aplayer, andf (x) theexpectedQ value
of taking the actionPass. We �rst considera simplelinear
approximationf (x) � wT x + b, wherew is a vector of
weightson the featuresof x andb is an offset.All vectors
arecolumnvectorsunlesstransposedby T .

If we are given a training set of statesconsistingof m
input vectorsin Rn asrows of thematrix A 2 Rm � n with
y 2 Rm the correspondingvectorof desiredf (x) values,
wecanlearnamodelby �nding asolutionto theproblem



Aw + be� y (1)
wheree denotesa vectorof m ones.Fromnow on,we shall
omit e for clarity, with theunderstandingthatb is alwaysa
scalar. Solutionsto thisproblemarerankedbyhow well they
meetsomeperformancecriterion, suchas minimum error
with respectto they values.In akernelapproach,theweight
vectorw is replacedwith its dualform AT � , whichconverts
Eq.1 to

AA T � + b � y: (2)

We cangeneralizethis formulationby replacingthe AA T

termwith a kernel,K (A; AT ), to produce

K (A; AT )� + b � y: (3)
To treatthis asa linear or quadraticprogrammingproblem
we simply have to develop a formulationthat allows us to
indicatethe error measureto be minimizedin producinga
solution. One such formulation, from Mangasarianet al.,
(2004)is

min
( �;b;s )

jj � jj1 + � jbj + Cjjsjj1

s:t: � s � K (A; AT )� + b� y � s:
(4)

Where� � 0 andC > 0 are�x edparameters.In this formu-
lation we usethevectors to measuretheerrorof thesolu-
tion oneachtrainingexample,andwepenalizeinaccuracies
in theobjective function that is to be minimized.We mini-
mizeaweightedsumof thes, � , andbterms(theone-norm,
jj � jj1, computesthesumof absolutevalueswhile j � j denotes
the absolutevalue).The penaltieson � andb penalizethe
solutionfor beingmorecomplex. C is a parameterfor trad-
ing off how inaccuratethesolutionis (thes term)with how
complex the solution is (the � andb terms).The resulting
minimizationproblemis thenpresentedto a linearprogram
solver, which producesanoptimalsetof � andb values.In
this work wealsoexaminethesimplerlinearregressionfor-
mulationwhich canbeeffective andproducesolutionsthat
canbe easilyunderstoodby the user. This formulationcan
bewrittenas

min
(w ;b;s)

jjwjj1 + � jbj + Cjjsjj1

s:t: � s � Aw + b� y � s:
(5)

In our empirical tests we employ the linear formula-
tion in Eq. 5, becauselinear modelsaremoreunderstand-
able and scalebetter to large numbersof training exam-
ples. We use tile coding (Sutton & Barto 1998) to pro-
ducethenon-linearityin ourmodels.Thereadershouldnote
that using Eq. 5 is not identical to using a linear kernel
K (A; AT ) = AA T in Eq. 4. We usethe CPLEX com-
mercialsoftwarepackageto solveour linearprogram.

Knowledge-BasedKernel Regression
In KBKR, a pieceof adviceor domainknowledgeis repre-
sentedusingthenotation

B x � d =) f (x) � hT x + � : (6)

Thiscanbereadas

If certainconditionshold (B x � d), theoutput(f (x) )
shouldequalor exceedsomelinearcombinationof the
inputs(hT x) plusa thresholdterm(� ).

ThetermB x � d allows theuserto specifytheregionof
inputspacewheretheadviceapplies.Eachrow of matrix B
andits correspondingd valuesrepresentsa constraintin the
advice.For example,theusermight give asadvicethe �rst
rulefrom theIntroduction.For this IF-THEN rule,thematrix
B andvectord would have two rows. In the �rst row there
wouldbea1 in thecolumnfor featuredist goalcenter. The
correspondingd row wouldhold thevalue15.In thesecond
row of B therewould be a -1 for the column for feature
angle goalcenter you goalie anda -25 in thecorrespond-
ing d row (the valuesare negatedto capturethe idea that
thisconditionrepresentsa� condition).Thevectorh would
simplybe0 for this ruleandthescalar� wouldbethevalue
1. This advicewould thenbeusedwhenattemptingto learn
theQ functioncorrespondingto theactionShoot. Usingthis
adviceformat, a userin a reinforcement-learningtask can
de�ne a setof statesin which theQ valuefor a speci�c ac-
tion shouldbehigh (or low).

Mangasarianet al. demonstratethat the adviceimplica-
tion in Eq. 6 canbe approximatedby the following setof
equationshaving asolutionu:

K (A; B T )u + K (A; AT )� � Ah = 0

� dT u + b� � � 0; u � 0: (7)

If we employ slack variables1 in theseequationsto allow
themto beonly partiallymet(if thedataindicatestheadvice
maybeimperfect),wehave thefollowing formulation:

min
( �;b;s;z ;u � 0;� � 0)

jj � jj1 + � jbj + Cjjsjj1 + � 1 jj zjj1 + � 2�

(8)

s.t. � s � K (A; AT )� + b� y � s

� z � K (A; B T )u + K (A; AT )� � Ah � z

� dT u + � � � � b:

Herez and� aretheslacksintroducedto allow the formu-
lasin Eq.7 to beonly partially metfor this pieceof advice.
The�x ed,positiveparameters� 1 and� 2 specifyhow much
to penalizetheseslacks.In otherwords,theseslacksallow
theadviceto beonly partially followedby thelearner. Man-
gasarianet al. (2004) testedtheir methodon somesimple
regressionproblemsanddemonstratedthattheresultingso-
lution would incorporatetheknowledge.However, thetest-
ing wasdoneon small featurespacesandthe testedadvice
placedconstraintsonall of theinput features.

SVR, RL and PreferenceKBKR
In order to use regressionmethodsfor RL we must �rst
formulatethe problemasa regressionproblem.Somepre-
vious research(Dietterich & Wang 2001; Lagoudakis&
Parr 2003)hasemployedsupport-vectorapproachesfor re-
inforcementlearning,but thesemethodsfocusedon learn-
ing a singlestate-evaluationfunctionandreliedon having a
world simulatorto beableto simulatetheeffectsof actions,
a strongassumption.In previouswork (Maclin et al. 2005)

1Whichwe will call “slacks” for shortfrom now on.Variables
in Eqs.4 and5 is anotherexampleof a slack.



we investigatedusing support-vector approachesfor rein-
forcementlearningand in particularthe dif�culties of ap-
plying KBKR to RL. In orderto learna Q functionwithout
needingaworld model,weformulatedthelearningproblem
asthat of learninga setof regressionmodels,onefor each
actionin the environment.We could thenemploy support-
vector regressionmethodsto learneachof thesefunctions
individually. This techniqueis effective andwith a number
of other extensionsand re�nementsto the KBKR method
led to signi�cant gainsin performance.But onesigni�cant
drawbackof employing the adviceis that the advisormust
determinethe valuethe Q function shouldmeetor exceed
for asetof statesandthis canbedif�cult.

Note thatonedoesnot have to learnthemodelsfor each
actionseparately;the problemcould be formulatedasone
where the solver had one set of � or w valuesand a b
valuefor eachactionandthe solve for all of theseparam-
eterssimultaneously. If we index thesetof actionsby theset
f 1; : : : ; j g wehave theproblem

min
( � a ;ba )

jX

a=1

(jj � a jj1 + � jba j + Cjjsa jj1)

s.t. for eachactiona 2 f 1; : : : ; j g :

� sa � K (Aa ; AT
a )� a + ba � ya � sa :

(9)

Here the � a and ba are the parametersfor the model for
actiona. The Aa valuesarethe stateswhereactiona was
taken andthe ya valuesareour estimatesfor the Q values
for theactiona for eachof thosestates.Therearethena set
of slackssa for eachaction.

Althoughthis formulationmaybeappealingin thesense
thatall of theQ actionfunctionsarebeingsolvedsimulta-
neously, in practicetheindividualactionoptimizationprob-
lems are independentand can thus be solved separately
(which is often a bit moreef�cient computationally).Thus
for standardKBKR we do not employ this approach.How-
ever, this formulationdoesopenup the possibility of con-
sideringthe relative Q valuesfor a pair of actionssimul-
taneously. In particular, this formulationallows us to now
representa novel form of advicewherewe indicatethatun-
der a setof conditions,oneactionis preferable to another.
In preciseterms,wecanrepresentadviceof theform

B x � d =) Qp(x) � Qn (x) � � ; (10)
whichcanbereadas:

If certainconditionshold (B x � d), thevalueof pre-
ferred action p (Qp(x) ) should exceedthat of non-
preferredactionn (Qn (x) ) by at least� .

This type of advice,whereoneaction is marked as being
preferred over anotheris the essenceof our new approach,
whichwecall PreferenceKBKR (Pref-KBKRfor short).

Writing Eq.10usingour modelsof Eq.2 we get
B x � d =) � T

p Apx + bp � � T
n An x � bn � � : (11)

In order to incorporatea nonlinearkernel into our prior
knowledgeformulation, following Mangasarianet al., we
assumex canbeaccuratelyapproximatedasa linearcombi-
nationof therowsof A to get

B AT t � d =) � T
p ApAT t + bp � � T

n An AT t � bn � � :
(12)

We thenkernelizethisequation,obtaining

K (B ; AT )t � d =)

� T
p K (Ap; AT )t + bp � � T

n K (An ; AT )t � bn � � : (13)

Finally, we requirethekernelsin Eq.13 besymmetric,that
is K (B ; AT )T = K (A; B T ). In orderto incorporateEq.13
into our optimization problem, we employ the following
propositionfrom theliterature.

Proposition: [(Mangasarian,Shavlik,& Wild 2004),Propo-
sition 3.1] Let the set f t jK (B ; AT )t � dg be nonempty.
Then,for a �xed (�; b;h; � ), theimplication

K (B ; AT )t � d =) � T K (A; AT )t + b � hT AT t + �
(14)

is equivalentto thesystemof linear equalitiesin Eq.7 hav-
ing a solutionu.
Substitutingournew formulationfor advicefrom Eq.13into
thisproposition,weareinterestedin thefollowing corollary.
Corollary: Let the set f t jK (B ; AT )t � dg be nonempty.
Then, for a �xed (� p; bp; � n ; bn ; � ), the implication in
Eq. 13 is equivalentto the following systemof linear in-
equalitieshavinga solutionu

K (A; B T )u + K (A; AT
p )� p � K (A; AT

n )� n = 0

� dT u + bp � bn � � � 0; u � 0:
(15)

Proof: Thecorollaryfollowsdirectlyusingappropriatesub-
stitutions.For concreteness,we provethecorollaryhereus-
ing theproofof Proposition2.1of Mangasarianetal. (2004)
asa template.

The implication in Eq. 13 is equivalentto the following
systemof equationshaving nosolution(t; � )

� � < 0; K (B ; AT )t � d� � 0

(� T
p K (Ap; AT ) � � T

n K (An ; AT )) t + (bp � bn � � )� < 0:
(16)

This capturesthe notion of the implication in Eq. 13 that
we cannotcomeupwith a solutionthatmakestheleft-hand
sideof theequationtrueandtheright-handsidefalse.Using
Motzkin'stheoremof thealternative(Mangasarian1994)we
know thatEq.16beinginsolubleis equivalentto thefollow-
ing systemhaving asolution(u; � ; � )

K (A; B T )u + (K (A; AT
p )� p � K (A; AT

n )� n )� = 0

� dT u + (bp � bn � � )� � � = 0; u � 0; 0 6= (� ; � ) � 0:
(17)

The expression0 6= (� ; � ) � 0 statesthat both � and �
are non-negative and at least one is non-zero.If � = 0
in Eq. 17 then we contradictthe nonemptinessof the set
f t jK (B ; AT )t � dg (assumedin the proposition)because
for t 2 f t jK (B ; AT )t � dg and(u; � ) thatsolve this equa-
tion with � = 0, weobtainthecontradiction

0 � uT (K (B ; AT )t � d) =

tT K (A; B T )u � dT u = � dT u = � > 0: (18)



Thuswe know that � > 0 in Eq. 17 andby dividing this
equationthroughby � andrede�ning (u; �; � ) as( u

� ; �
� ; �

� )
we obtainthesystemin Eq.15.2

Note that we can specify multiple piecesof adviceus-
ing the above corollary, eachwith its own B , d, p, n, and
� . Indexing the piecesof advice with the set f 1; : : : ; kg
andaddingtheconstraintsfrom Eq. 15 we geta new, Pref-
KBKR, formulationof ourproblem

min
( � a ;ba ;sa ;z i ;( � i ;u i ) � 0)

jX

a=1

(jj � a jj1 + � jba j + Cjjsa jj1) +
kX

i =1

(� 1 jj zi jj1 + � 2� i )

(19)
s.t. for eachactiona 2 f 1; : : : ; j g :

� sa � K (Aa ; AT
a )� a + ba � ya � sa

for eachpieceof advicei 2 f 1; : : : ; kg :

� zi � K (A; AT
p )� p � K (A; AT

n )� n + K (A; B T
i )ui � zi

� dT ui + � i � � i � bp + bn :

For readability, weomit thesubscriptsonp andn. Notethat
we have addedslackvariableszi and� i so that the advice
canbesatis�edinexactly.

To closethis section,we notethat in our experimentswe
introducednonlinearitythroughtheuseof tiling ratherthan
throughtheuseof anonlinearkernel.Thus,weusedthesim-
ple form of advice

B x � d =) wT
p x + bp � wT

n x � bn � � : (20)
Theaboveanalysiscanberepeatedto obtainanoptimization
problemthatincorporatestheadviceof Eq.20as

min
(wa ;ba ;sa ;z i ;( � i ;u i ) � 0)

jX

a=1

(jjwa jj1 + � jba j + Cjjsa jj1) +
kX

i =1

(� 1jj zi jj1 + � 2� i )

(21)
s.t. for eachactiona 2 f 1; : : : ; j g :

� sa � Aawa + ba � ya � sa

for eachpieceof advicei 2 f 1; : : : ; kg :

� zi � wp � wn + B T
i ui � zi

� dT ui + � i � � i � bp + bn :

Wenotethatherewa neednotbealinearcombinationof the
rows of Aa . This formulationis differentfrom theformula-
tion of Eq.19with thelinearkernelK (A; AT ) = AA T .

RoboCupSoccer:The BreakAway Problem
To demonstratetheeffectivenessof ournew formulationwe
experimentedwith a new subtaskwe have developedbased
on the RoboCupSoccersimulator(Nodaet al. 1998).We
call this new task BreakAway; it is similar in spirit to the
KeepAwaychallengeproblemof StoneandSutton(2001).

BreakAway is playedat oneendof the soccer�eld, and
theobjective of theN attackers is to scoregoalsagainstM
defenders. A BreakAway gameendswhena defendertakes
theball, thegoaliecatchestheball, theball getskickedout

Figure1: A sampleBreakAwaygamewheretwo attackers,
representedaslight circleswith darkedges,areattempting
to scoreona goalie.Thegoalis shown in blackandtheball
is thelargewhitecircle.

of bounds,a goal getsscored,or the gamelength reaches
10 seconds.For simplicity, several rules aboutplayer be-
havior near the goal (such as the off-sides rules) are ig-
nored.Figure 1 containsa samplesnapshotof the Break-
Away game.In our experimentswe usethis con�guration,
whichcontainstwo attackers,zerodefenders,anda goalie.

To simplify the learningtask,attackersonly learnwhen
they are in control of the ball. Thoseattackers that do not
have theball follow a hard-wiredstrategy: they move to in-
tercepttheball if they estimatethat they canreachit faster
than any other attacker; otherwise,they move to a good
shootingpositionnearthegoalandwait to receivea pass.

The attacker in possessionof the ball has a learnable
choiceof actions.It maychooseto movewith theball, pass
theball to a teammate,or shoottheball at thegoal.We limit
the movementactionsto four choices:forward toward the
centerof thegoal,directly away from thegoal,andright or
left alongthecirclecenteredat thegoal.Theshootactiondi-
rectstheball at thecenter, right side,or left sideof thegoal,
whichever pathis leastblockedby thegoalie.Note thatall
of thesehigh-level actionsactuallyconsistof multiple low-
level commandsin thesimulation.

Defenders,if thereare any besidesthe goalie, follow a
simplehard-wiredstrategy. Theonethatcanget to theball
fastesttries to interceptit. If thereareothers,they move to
block thepathbetweentheball andthenearestattacker, to
preventit from receiving apass.

The goalie tries to pick up the ball if closeenough,and
otherwiseit moves to block the path from the ball to the
centerof thegoal.This is aneffectivestrategy; two attackers
whochooseamongtheiractionsrandomlywill scoreagainst
this goaliein lessthan3% of their games,evenwithout any
non-goaliedefenders.

For thecasewith two attackersandonegoalie,asetof 13
featuresdescribestheworld statefrom theperspectiveof the
attacker with theball. Thesefeaturesprovide pair-wisedis-
tancesbetweenplayers(3 features);distancesbetweenthe
attacker with theball andtheleft, center, andright portions
of thegoal (3 features),distancefrom the otherattacker to
the centerof the goal (1 feature);the angleformedby the
threeplayers(1); theanglesbetweenthegoalie,theattacker
with theball, andeachof the left, center, andright portions
of thegoal(3); theanglefrom thetop-leftcornerof the�eld,



thecenterof thegoal,andtheattackerwith theball (1); and
thetime left in thegame(1).

Thetaskis mademorecomplex becausethesimulatorin-
corporatesnoiseinto theplayers'sensors.In addition,player
actionscontaina smallamountof error. For example,there
is asmallprobabilitythataplayerattemptingto passtheball
will misdirectit andsendit outof bounds.

The attackers receive a reward at the end of the game
basedon how the gameends.If they scorea goal, the re-
ward is +2. If theball goesout of bounds,thegoaliesteals
it, or time expires,therewardis -1. Missedshots,including
thosethegoalieblocked,leadto rewardsof 0 (wechosethis
neutralvaluein orderto notdiscourageshooting).

In theirworkonKeepAway, StoneandSuttonshowedthat
reinforcementlearningcanbeusedsuccessfully. They used
a tile encodingof thestatespace,whereeachfeatureis dis-
cretizedseveral times into a set of overlappingbins. This
representationprovedveryeffective in their experimentson
this task,andweusetiling in ourexperiments.

Experimentation
WeperformedexperimentsonBreakAwayusingthreelearn-
ing algorithms:(a) Pref-KBKR, (b) a KBKR learnerthat
only allowsadviceaboutindividualactions(Eq.6),and(c) a
support-vectorreinforcementlearnerwithoutadvice(Eq.5).

Thetwo attackerspooledtheir experiencesto learna sin-
glesharedmodel.Theattackersusethatmodelto choosethe
predictedbestaction97.5%of the time (exploitation) and
otherwiserandomlychoosean action 2.5% (exploration).
We setthediscountrateto 1 sincegamesaretime-limited.

We gave onepieceof advicefor eachof thesix possible
actions.Advice for whento shootappearsin the Introduc-
tion. We advisepassingwhenmorethan15mfrom thegoal
andone'steammateis closerto thegoalbut at least3mfrom
the goalie.We advisemoving aheadwhenmorethan15m
from the goal but closer than one's teammate.We advise
againstmoving away whenmorethan15m from the goal,
we adviseagainstmoving left whentheanglewith thetop-
left corneris lessthan20o andadviseagainstmoving right
whenthis angleexceeds160o. We adviseagainstan action
by sayingits Q valueis lower thana constant,whichwede-
termineby computingthemeanQ valuein thetrainingset.

In ourexperimentswith Pref-KBKR,weuseadvicethatis
similar to theadviceweusedfor KBKR. Weusedtheadvice
aboutpreferringShoot to Passshown in the Introduction,
but extendedit to say that Shootwas preferredto all � ve
otheractionsin thesecircumstances.We alsosaidthatPass
is preferredto all � ve other actionswhen more than 15m
from thegoal,andone's teammateis closerto thegoalbut
at least3mfrom thegoalie.

We set the valuesof C, � , � 1, and � 2 in our optimiza-
tion problems(Eq. 21) to 100/#examples,10, 10, and100
respectively. (By scalingC by thenumberof examples,we
are penalizingthe averageerror on the training examples,
ratherthanthe total error over a varying numberof exam-
ples.)Wetriedasmallnumberof settingsfor C for ournon-
adviceapproach(i.e., our main experimentalcontrol) and
found that 100 worked best.We thenusedthis samevalue
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Figure2: The averagetotal reinforcementasa function of
thenumberof gamesplayedfor thethreealgorithmsin our
experiments.

for our KBKR-basedalgorithms.We simply chosethese� 1
and� 2 valuesandhave not yet experimentedwith different
settings;10and100areactuallytheinitial valuesfor � 1 and
� 2 – wescaletheseby e� game # =2500 sothatthepenaltyfor
not matchingtheadviceis reducedasa functionof the the
numberof gamesplayed.

Sinceincrementalalgorithmsfor support-vectormachines
are not well developed,we simply retrain models “from
scratch”every100games,usingatmost2000trainingexam-
plesperaction.Wechoosehalf of theseexamplesuniformly
from all earliergamesandhalf via anexponentiallydecay-
ing probability accordingto the example's age,in orderto
not over�t the mostrecentexperienceswhile still focusing
onrecentdata.For all threeof ourapproaches,eachtraining
cycle we recomputethe Q's for the chosentraining exam-
plesusingone-stepSARSAlearning(Sutton& Barto1998)
obtainedvia themostrecentlylearnedmodels.

Figure2 shows theresultsof ourexperiments.As a func-
tion of thenumberof gamesplayed,we reportthe average
rewardovertheprevious2500games.Eachcurveis theaver-
ageof tenruns.Our resultsshow thatgiving preferentialad-
vice is advantageousin BreakAway, leadingto statistically
signi�cant improvementsin performanceover both KBKR
anda no adviceapproach(p < 0:001 in bothcasesusing
unpairedt-testson theresultsat 25,000gamesplayed).

RelatedWork
Othershave proposedmechanismsfor providing adviceto
reinforcementlearners.ClouseandUtgoff (1992)developed
a techniqueto allow a humanobserver to stepin andpro-
vide advicein the form of singleactionsto take in a spe-
ci�c state.Lin (1992) “replays” teachersequencesto bias
a learnertowardsa teacher's performance.Laud and De-
Jong(2002) developeda methodthat usesreinforcements
to shapethelearner. Eachof thesemethods,while providing
amechanismfor advice-takingdifferssigni�cantly from the



Pref-KBKRform andusageof theadvice.
Several researchershave examinedadvice-takingmeth-

odsthat usesomeform of programminglanguageto spec-
ify proceduraladvice.GordonandSubramanian(1994),de-
velopeda methodthat acceptsadvicein the form IF con-
dition THEN achieve goals that operationalizesthe advice
andthenusesgeneticalgorithmsto adjustit with respectto
thedata.Our work is similar in the form of advice,but we
usea signi�cantly differentapproach(optimizationvia lin-
earprogramming)asour meansof determininghow to in-
corporatethat advice.Maclin andShavlik (1996)presenta
languagefor providingadviceto areinforcementlearnerthat
includessimple IF-THEN rulesandmorecomplex rulesin-
volving recommendedactionsequences.Theserulesarein-
sertedinto a neuralnetwork, which thenlearnsfrom future
experience,whereasKBKR usessupport-vectormachines.
Unlike Pref-KBKR, Maclin andShavlik' s approachdid not
allow theuserto indicatepreferencesfor oneactionoveran-
other. AndreandRussell(2001)describea languagefor cre-
ating learningagents,but the commandsin their language
are assumedby their learnersto be fully correct,while in
KBKR adviceis not assumedto beconstantandcanbere-
�ned via slackvariables.

Conclusionsand Future Work
We have presenteda new algorithm, called Preference
KBKR (Pref-KBKR), that allows a humanuserto present
advicein a naturalform to a reinforcementlearner. Advice
in Pref-KBKR takesthe form of IF-THEN rules,wherethe
IF indicatessituationsin which the adviceappliesand the
THEN indicatesa preferencefor one action over another.
Thus,userspresenttheir advicein termsof policies– the
choiceof theactionto performin thecurrentstate– rather
thangiving their advicein termsof Q values,which arean
internaldetailof thelearningalgorithmwe employ.

Our algorithmis basedon Knowledge-BasedKernelRe-
gression(KBKR). We representthe preferenceadvice as
additional constraintsto a support-vector regressiontask,
which is solvedusinga linear-programsolver. Wetestedour
approachon a new testbedthatwe only recentlydeveloped.
It is basedontheRoboCupsoccersimulatorandaddressesa
subtaskof soccer, whichwecall BreakAway. Weempirically
comparethreeapproaches:a support-vectorsolver that re-
ceivesno advice,a KBKR solver thatreceivesadviceabout
desiredQ values,andour new Pref-KBKR technique.Our
resultsshow thatgiving adviceis advantageous,andthatad-
vice aboutpreferredactionscanbemoreeffective thanad-
viceaboutQ values.

In our futurework, we planto investigatePref-KBKR on
a wider set of problemsand with additionalpiecesof ad-
vice.We alsointendto testthesesystemsonawidervariety
of parametersettingsto seehow importantthe variouspa-
rametersareto theeffectivenessof thesemethods.Another
of our plannedexperimentsis to usekernels(Eq. 19), with
andwithout tiling ourfeatures.Wealsoneedto addressscal-
ing to largernumbersof adviceandlargernumbersof train-
ing examples.We believe that advice-takingmethodsare
critical for scalingreinforcement-learningmethodsto large

problems,andthatapproachesmakinguseof support-vector
techniqueswill becrucialin this effort.
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