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Abstract

We presenta novel formulation for providing ad-
vice to a reinforcementiearnerthat emplo/s support-
vectorregressiorasits functionapproximatarOur nev

methodextendsarecentadvice-gving techniquecalled
Knowledge-BasedernelRegression KBKR), thatac-
ceptsadviceconcerninga singleactionof a reinforce-
mentlearnerin KBKR, userscansaythatin somesetof

statesanaction's valueshouldbegreatethansomelin-

earexpressiorof thecurrentstateln ournew technique,
which we call PrefeenceKBKR (Pref-KBKR) the user
can provide advicein a more naturalmannerby rec-
ommendingthat someactionis preferred over another
in the speci ed setof statesSpecifyingpreferencegs-
sentiallymeanghatusersaregiving 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 shaw

empirical resultsthat our methodcan male effective

useof adviceon a novel reinforcement-learningask,
basedon the RoboCupsimulator which we call Break-
away Our work demonstrateshe signi cant potential
of advice-gving techniquedor addressingomple re-

inforcementlearning problems,while further demon-
stratingthe use of support-ector regressionfor rein-

forcementearning.

Intr oduction

Advice-taking methodshave proven effective in a num-
ber of domainsfor scaling reinforcementlearning (RL)
to complex problems(Clouse & Utgoff 1992; Lin 1992;
Gordon & Subramanian1994; Maclin & Shalik 1996;
Andre& Russell2001;Kuhimannetal. 2004).Onepromis-
ing recentmethod calledKnowledge-BasedernelRegres-
sion (KBKR) (MangasarianShavlik, & Wild 2004), has
beensuccessfullyappliedto reinforcement-learningrob-
lems(Maclin etal. 2005).Advice in KBKR takesthe form
of anIF-THEN rule suchas:

IF (dist _goalcenter  15) AND

(angle_goalcenter_you_goalie  25)
THEN Qshoot 1
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Thisrule indicatesthatin thosestateswvherethe distance
to the centerof the goal is lessthan or equalto 15m and
wheretheanglefrom the playerto thegoalcenterandgoalie
is greatethan25°, theQ valueof shootingshouldbegreater
thanl. But selectinganappropriatevaluefor the THEN part
of therule canbe dif cult for a humanadvisorwho is not
knowledgeableaboutthe use of Q valuesto estimatethe
valueof actionsin anRL ervironment.

A muchmorenaturalapproachs to allow the humanto
suggesthatoneactionshouldbe preferredover anotheyso
thatheor shedoesnot have to understand) valuesandhow
they affectlearning:

IF (dist _goalcenter  15) AND
(angle_goalcenter_you_goalie  25)
THEN PREFERShootTO Pass

We presenta new formulation basedon KBKR, which
we call Preferenc&KBKR (Pref-KBKR), that allows a user
to specify this type of adviceandre ne it with dataus-
ing support-ectorregressionin the next sectionwe review
support-\ector regressionand the KBKR technique.Fol-
lowing thatwe presenthe Pref-KBKR algorithm.We then
presenta novel RL task, basedon the RoboCupsimulator
(Nodaetal. 1998),thatwe call BreakAvayanddemonstrate
thevalueof Pref-KBKR on this new testbed.

Knowledge-BasedSupport-Vector Regression

In this sectionwe presenthe basicsof KBKR. For a more
completediscussionseeMangasariaret al. (2004).

Support-Vector Regression(SVR)

Consideran unknawn functionf (x) from R" to R, where
X is a vectorof numericfeaturesdescribinga particularin-

stanceandf (x) is the valuethat instanceis labeledwith.

For example x might describehesoccereld asseenfrom

thepoint of view of a player andf (x) theexpectedQ value
of taking the actionPass We rst considera simplelinear
approximationf (x) w' x + b, wherew is a vector of

weightson the featuresof x andb is an offset. All vectors
arecolumnvectorsunlessrransposetby T .

If we are given a training set of statesconsistingof m
input vectorsin R" asrows of the matrix A 2 R™ " with
y 2 R™ the correspondingector of desiredf (x) values,
we canlearnamodelby nding asolutionto the problem



Aw + be vy Q)
wheree denotesavectorof m ones.Fromnow on, we shall
omit e for clarity, with the understandinghatb is alwaysa
scalar Solutiongto this problemarerankedby how well they
meetsomeperformancecriterion, suchas minimum error
with respecto they values.In akernelapproachtheweight
vectorw is replacedvith its dualform AT, which converts

Eqg.1to
q AAT +Db y: @)

We can generalizethis formulation by replacingthe AAT
termwith akernel,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 usto

indicatethe error measureo be minimizedin producinga

solution. One such formulation, from Mangasariaret al.,
(2004)is

min - jj jja+ jbi+ Ciisiia

(ibis )
sit: s K(A;AT) +b y s

4
Where OandC > Oare x edparameterdn thisformu-
lation we usethe vectors to measurahe error of the solu-
tion on eachtrainingexample,andwe penalizeénaccuracies
in the objectve functionthatis to be minimized.We mini-
mizeaweightedsumof thes, , andbterms(theone-norm,
ii i1, computeghesumof absolutevalueswhile j denotes
the absolutevalue). The penaltieson  andb penalizethe
solutionfor beingmorecomple. C is a parametefor trad-
ing off how inaccuratehe solutionis (the s term)with how
complex the solutionis (the andb terms).The resulting
minimizationproblemis thenpresentedo a linear program
solver, which producesan optimal setof andb values.In
this work we alsoexaminethe simplerlinearregressiorfor-
mulationwhich canbe effective and producesolutionsthat
canbe easilyunderstoody the user This formulationcan
bewrittenas

min  jjwjj1 + jb + Cjjsjj

(min Wi b+ Cjjsiiz )
sit: s Aw+b y s

In our empirical testswe employ the linear formula-
tion in EqQ. 5, becausdinear modelsare more understand-
able and scalebetterto 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) = AAT in Eq. 4. We usethe CPLEX com-
mercialsoftwarepackagéo solve our linearprogram.

Knowledge-BaseK ernel Regression

In KBKR, a pieceof adviceor domainknowledgeis repre-
sentedusingthe notation

Bx d=) f(x)
Thiscanbereadas

hTx+ (6)

If certainconditionshold(Bx  d), the output(f (x))
shouldequalor exceedsomelinear combinationof the
inputs(h™ x) plusathresholderm( ).

ThetermBx  d allowstheuserto specifytheregion of
input spacewherethe adviceapplies.Eachrow of matrix B
andits correspondingl valuesrepresents constraintin the
advice.For example,the usermight give asadvicethe rst
rule from theIntroduction.For this IF-THEN rule, thematrix
B andvectord would have two rows. In the rst row there
wouldbeal in thecolumnfor featuredist _goalcenter. The
correspondingl row would hold thevalue15. In thesecond
row of B therewould be a -1 for the column for feature
angle_goalcenter_you_goalie anda-25in thecorrespond-
ing d row (the valuesare negatedto capturethe ideathat
thisconditionrepresenta  condition).Thevectorh would
simply be O for thisrule andthescalar would bethevalue
1. This advicewould thenbe usedwhenattemptingto learn
theQ functioncorrespondingo theactionShoot Usingthis
adviceformat, a userin a reinforcement-learningask can
de ne asetof statesn which the Q valuefor a speci c ac-
tion shouldbehigh (or low).

Mangasariaret al. demonstrateéhat the adviceimplica-
tion in Eq. 6 canbe approximatedy the following set of
equationsaving asolutionu:

K(A;BNu+ K(A;AT)  Ah=0
du+b ou O (7)

If we employ slak variables in theseequationsto allow
themto beonly partially met(if thedataindicatesheadvice
may beimperfect),we have thefollowing formulation:
LU S + jo+ Cijsjii+ 4jjzjii+ 2
(8)

stt. s K(A;AT) +b y s
z KA;BNu+ K(A;AT)  Ah =z
d'u+ b:

Herez and arethe slacksintroducedto allow the formu-
lasin Eq. 7 to be only partially metfor this pieceof advice.
The x ed,positive parameters ; and ; specifyhow much
to penalizetheseslacks.In otherwords,theseslacksallow
theadviceto beonly partially followedby thelearnerMan-
gasariaret al. (2004) testedtheir methodon somesimple
regressiorproblemsanddemonstratethatthe resultingso-
lution would incorporatethe knowledge.However, the test-
ing wasdoneon small featurespacesandthe testedadvice
placedconstrainton all of theinputfeatures.

SVR, RL and PreferenceKBKR

In orderto use regressionmethodsfor RL we must rst

formulatethe problemas a regressionproblem.Somepre-
vious research(Dietterich & Wang 2001; Lagoudakis&

Parr 2003) hasemployed support-ectorapproache$or re-
inforcementlearning,but thesemethodsfocusedon learn-
ing a singlestate-galuationfunctionandreliedon having a
world simulatorto beableto simulatethe effectsof actions,
a strongassumptionln previouswork (Maclin et al. 2005)

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



we investigatedusing support-wector approachegor rein-
forcementlearningandin particularthe dif culties of ap-
plying KBKR to RL. In orderto learna Q functionwithout
needingaworld model,we formulatedthelearningproblem
asthat of learninga setof regressionrmodels,onefor each
actionin the ervironment.We could thenemploy support-
vectorregressionmethodsto learn eachof thesefunctions
individually. This techniquels effective andwith a number
of other extensionsand re nementsto the KBKR method
led to signi cant gainsin performanceBut onesigni cant
dravbackof emplgying the adviceis thatthe advisormust
determinethe valuethe Q function shouldmeetor exceed
for asetof statesandthis canbedif cult.

Note thatonedoesnot have to learnthe modelsfor each
action separatelythe problemcould be formulatedas one
where the solver had one setof or w valuesanda b
value for eachactionandthe solve for all of theseparam-
eterssimultaneouslyif we index thesetof actionsby theset

f1;:::;] gwehavetheproblem
min - (jj afi1+ jbaj+ Cjjsajiz)
(aba) ©
s.t. foreachactiona2 f1;:::;jg:

Sa K(Aa;A;) at b vya sa

Herethe , andb, arethe parametersor the model for
actiona. The A, valuesarethe stateswhereactiona was
taken andthey, valuesare our estimatedor the Q values
for theactiona for eachof thosestatesTherearethena set
of slackss, for eachaction.

Althoughthis formulationmay be appealingn the sense
thatall of the Q actionfunctionsarebeingsolved simulta-
neouslyin practicetheindividual actionoptimizationprob-
lems are independentand can thus be solved separately
(which is oftena bit moreef cient computationally) Thus
for standardKBKR we do not employ this approachHow-
ever, this formulation doesopenup the possibility of con-
sideringthe relatve Q valuesfor a pair of actionssimul-
taneouslyIn particular this formulation allows us to now
represenga novel form of advicewherewe indicatethatun-
der a setof conditions,oneactionis prefelable to another
In preciseterms,we canrepresentadviceof theform

Bx d=) Qp(x) Qn(x) (10)

which canbereadas:
If certainconditionshold (Bx  d), thevalueof pre-

ferred action p (Qp(x)) should exceedthat of non-
preferredactionn (Qn(x) ) by atleast .

This type of advice,whereone actionis marked as being
preferred over anotheris the essencef our new approach,
whichwe call Preferencé&K BKR (Pref-KBKR for short).
Writing Eq. 10 usingour modelsof Eq. 2 we get
Bx d=) JAx+h  [JAx by ©(11)
In order to incorporatea nonlinearkernel into our prior
knowledge formulation, following Mangasariaret al., we
assume canbeaccuratelyapproximate@salinearcombi-
nationof therows of A to get
BATt d=) [AATt+h  [AATt by
12)

We thenkernelizethis equationpbtaining
K@B:;AT)t d=)

pKAGADt+ b TK(AGADE by 0 (13)
Finally, we requirethe kernelsin Eq. 13 be symmetric that
isK(B;AT)T = K(A; BT). In orderto incorporateEq. 13
into our optimization problem, we employ the following
propositionfrom theliterature.

Proposition: [(Mangasarian,Shavlik & WId 2004),Propo-

sition 3.1] Let the setftjK (B;AT)t dg be nonempty

Then,fora xed (; b;h; ), theimplication

K(B;ATt d=) TKAANDt+b hTATt+

(14)

is equivalento the systenof linear equalitiesin Eq. 7 hav-

ing a solutionu.

Substitutingournew formulationfor advicefrom Eq.13into

this propositionwe areinterestedn thefollowing corollary.

Corollary: Let the setftjK (B;AT)t dg be nonempty
Then, for a xed ( p;b; n;bn; ), the implication in
Eqg. 13 is equivalentto the following systemof linear in-
equalitieshavinga solutionu

KA BT)u+ K(AAl) p K(AJAT) 7 =0
d'u+ b by Ou O

Proof: Thecorollaryfollowsdirectly usingappropriatesub-
stitutions.For concretenessye prove the corollary hereus-
ing the proof of Propositior2.1 of Mangasariamtal. (2004)
asatemplate.

The implicationin Eq. 13 is equivalentto the following
systemof equationshaving no solution(t; )

<OK(B;:AT)t d 0
AKAGATt+ (b by ) <O
(16)

This capturesthe notion of the implication in Eq. 13 that
we cannotcomeup with a solutionthatmakestheleft-hand
sideof the equatiortrueandtheright-handsidefalse.Using
Motzkin'stheorenof thealternatve (Mangasariai994)we

know thatEq. 16 beinginsolubleis equivalentto the follow-
ing systemhaving asolution(u; ; )

KA BT u+ (K(AA])
d'u+ (b, b ) = Qu

(15)

( -rl;K (Ap;AT)

K(A/A7) n) =0

0,06 (;) O
17)

The expression0 6 ( ; ) 0 statesthat both and
are non-ngyative and at leastone is non-zero.If = 0
in Eq. 17 then we contradictthe nonemptines®f the set
ftjk (B;AT)t  dg (assumedn the proposition)because
fort 2 ftjk (B;AT)t dgand(u; ) thatsolve this equa-
tionwith = 0, we obtainthecontradiction

0 u'(K(B;ANHt d)=

t"TK(A;BT)u d'u= d'u= >0 (18)



Thuswe know that > 0in Eq. 17 and by dividing this
equationthroughby andrede ning (u; ; ) as(¥; —;-)
we obtainthe systemn Eq. 15.2

Note that we can specify multiple piecesof advice us-
ing the above corollary, eachwith its own B, d, p, n, and

andaddingthe constraintfrom Eq. 15 we geta new, Pref-
KBKR, formulationof our problem

min
( asbaisaszi;(isui) 0)
x . . . . . e . .
(i alix* jbaj+ Cijsalin) +  ( dizilia+ 214)
a=1 i=1
s.t. foreachactiona2 f1;:::;jg: (19)
Sa K(Aa;A-ar) athbhh VYa sa
for eachpieceof advicei 2 f1;:::;kg
zi K(AJAD) p K(AJAR) o+ K(ABNU

diui+ i i bt by

For readability we omit thesubscriptson p andn. Notethat
we have addedslackvariablesz; and ; sothatthe advice
canbesatis edinexactly.

To closethis section,we notethatin our experimentsve
introducednonlinearitythroughthe useof tiling ratherthan
throughtheuseof anonlinearkernel. Thus,we usedthesim-
ple form of advice

Bx d=) wyx+h wix b : (20)
Theaboreanalysisanberepeatedo obtainanoptimization
problemthatincorporatesheadviceof Eq.20as

min

(Wasba;sa;zi;(iui) 0)

xoo
(jwajjs + jbaj + Cjjsajjr) +  ( dlizijjs+ 21)

a=1 i=1

s.t. foreachactiona?2 f1;:::;jg: (1)

wh+ Blu 7
by + bn:
We notethatherew, neednotbealinearcombinatiorof the

rows of A,. This formulationis differentfrom the formula-
tion of Eq. 19 with thelinearkernelK (A; AT) = AAT.

.
diui+ i

RoboCup Soccer:The BreakAway Problem

To demonstratéhe effectivenesof our new formulationwe
experimentedvith a new subtaskwe have developedbased
on the RoboCupSoccersimulator (Noda et al. 1998). We
call this new task BreakAwvay; it is similar in spirit to the
KeepAwvay challengeproblemof StoneandSutton(2001).
BreakAwvay is playedat one end of the soccer eld, and
the objective of the N attaders is to scoregoalsagainstM
defendes. A BreakAvay gameendswhena defendetakes
the ball, the goaliecatcheghe ball, the ball getskicked out

Figure1l: A sampleBreakAvay gamewheretwo attaclers,
representeaslight circleswith dark edgesareattempting
to scoreon agoalie.Thegoalis shovn in blackandtheball

is thelargewhite circle.

of bounds,a goal getsscored,or the gamelengthreaches
10 secondsFor simplicity, several rules aboutplayer be-
havior nearthe goal (such as the off-sides rules) are ig-
nored.Figure 1 containsa samplesnapshobf the Break-
Away game.In our experimentswe usethis con guration,
which containstwo attaclers,zerodefendersandagoalie.

To simplify the learningtask, attaclersonly learnwhen
they arein control of the ball. Thoseattaclersthat do not
have the ball follow a hard-wiredstrateyy: they moveto in-
terceptthe ball if they estimatethatthey canreachit faster
than ary other attacler; otherwise,they move to a good
shootingpositionnearthe goalandwait to receve a pass.

The attacler in possessiorof the ball has a learnable
choiceof actions.It may chooseo move with theball, pass
theball to ateammateor shootthe ball atthe goal. We limit
the movementactionsto four choices:forward toward the
centerof the goal, directly away from the goal,andright or
left alongthecircle centeredatthegoal. Theshootactiondi-
rectstheball atthe centerright side,or left sideof thegoal,
whichever pathis leastblocked by the goalie.Note thatall
of thesehigh-level actionsactuallyconsistof multiple low-
level commandsn the simulation.

Defendersjf thereare arny besidesthe goalie, follow a
simplehard-wiredstratgy. The onethatcangetto the ball
fastestriesto interceptit. If thereareothers,they move to
block the pathbetweenthe ball andthe nearestttacler, to
preventit from receving a pass.

The goalietries to pick up the ball if closeenough,and
otherwiseit movesto block the path from the ball to the
centerof thegoal. Thisis aneffective stratgy; two attaclers
whochooseamongtheiractionsrandomlywill scoreagainst
this goaliein lessthan3% of their gamesgvenwithout any
non-goaliedefenders.

For the casewith two attaclersandonegoalie,asetof 13
featuresdescribesheworld statefrom theperspectie of the
attacler with the ball. Thesefeaturesprovide pairwise dis-
tancesbhetweenplayers(3 features);distancedetweenthe
attacler with the ball andtheleft, center andright portions
of the goal (3 features) distancefrom the otherattacler to
the centerof the goal (1 feature);the angleformedby the
threeplayers(1); theanglesbetweerthe goalie,the attacler
with the ball, andeachof theleft, center andright portions
of thegoal(3); theanglefrom thetop-left cornerof the eld,



the centerof the goal,andtheattacler with theball (1); and
thetime left in thegame(1).

Thetaskis mademorecomplex becaus¢he simulatorin-
corporatesoiseinto theplayers'sensorsln addition,player
actionscontaina smallamountof error. For example,there
is asmallprobabilitythata playerattemptingo passheball
will misdirectit andsendit out of bounds.

The attaclers receve a reward at the end of the game
basedon how the gameends.If they scorea goal, the re-
wardis +2. If the ball goesout of boundsthe goaliesteals
it, or time expires,therewardis -1. Missedshots,including
thosethegoalieblocked,leadto rewardsof O (we chosethis
neutralvaluein orderto notdiscourageshooting).

In theirwork onKeepAvay, StoneandSuttonshovedthat
reinforcementearningcanbe usedsuccessfullyThey used
atile encodingof the statespacewhereeachfeatureis dis-
cretizedseveral timesinto a setof overlappingbins. This
representatioprovedvery effective in their experimentson
this task,andwe usetiling in our experiments.

Experimentation

We performedexperimenton BreakAvay usingthreelearn-
ing algorithms: (a) Pref-KBKR, (b) a KBKR learnerthat
only allows adviceaboutindividualactions(Eq.6), and(c) a
support-ectorreinforcementearnemwithoutadvice(Eq.5).

Thetwo attaclerspooledtheir experiencedo learnasin-
glesharednodel.Theattaclersusethatmodelto choosehe
predictedbestaction 97.5% of the time (exploitation) and
otherwiserandomly choosean action 2.5% (exploration).
We setthediscountrateto 1 sincegamesaretime-limited.

We gave onepieceof advicefor eachof the six possible
actions.Advice for whento shootappearsn the Introduc-
tion. We advisepassingvhenmorethan15mfrom the goal
andone'steammateés closerto thegoalbut atleast3mfrom
the goalie. We advisemoving aheadwhenmorethan15m
from the goal but closerthan one's teammate We advise
againstmoving away whenmorethan15m from the goal,
we adviseagainstmoving left whenthe anglewith thetop-
left corneris lessthan20° andadviseagainstmoving right
whenthis angleexceedsl6(°. We adviseagainstan action
by sayingits Q valueis lower thana constantwhich we de-
termineby computingthemeanQ valuein thetrainingset.

In ourexperimentsvith Pref-KBKR,we useadvicethatis
similarto theadvicewe usedfor KBKR. We usedtheadvice
aboutpreferring Shootto Passshown in the Introduction,
but extendedit to saythat Shootwas preferredto all ve
otheractionsin thesecircumstancesie alsosaidthat Pass
is preferredto all ve otheractionswhen more than 15m
from the goal,andone's teammates closerto the goal but
atleast3mfrom thegoalie.

We setthe valuesof C, , 1, and ; in our optimiza-
tion problems(Eg. 21) to 100/#e&amples,10, 10, and 100
respectiely. (By scalingC by the numberof exampleswe
are penalizingthe averageerror on the training examples,
ratherthanthe total error over a varying numberof exam-
ples.)We tried asmallnumberof settingsfor C for ournon-
advice approach(i.e., our main experimentalcontrol) and
found that 100 worked best.We thenusedthis samevalue
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Figure 2: The averagetotal reinforcementasa function of
the numberof gamesplayedfor the threealgorithmsin our
experiments.

for our KBKR-basedalgorithms.We simply chosethese
and , valuesandhave not yet experimentedvith different
settings;10and100areactuallytheinitial valuesfor ; and

» —we scaletheseby e 9ame# =2500 gothatthe penaltyfor
not matchingthe adviceis reducedasa function of the the
numberof gamegplayed.

Sinceincrementaklgorithmsfor support-ectormachines
are not well developed,we simply retrain models“from
scratch’every 100gamesusingatmost2000trainingexam-
plesperaction.We choosehalf of theseexamplesuniformly
from all earliergamesandhalf via an exponentiallydecay-
ing probability accordingto the examples age,in orderto
not over t the mostrecentexperienceswhile still focusing
onrecentdata.For all threeof ourapproachesachtraining
cycle we recomputethe Q's for the chosentraining exam-
plesusingone-stefSARSAlearning(Sutton& Barto1998)
obtainedvia the mostrecentlylearnedmodels.

Figure2 shavs theresultsof our experimentsAs afunc-
tion of the numberof gamesplayed,we reportthe average
rewardovertheprevious2500gamesEachcurveis theaver-
ageof tenruns.Our resultsshaw thatgiving preferentiabd-
vice is advantageousn BreakAway, leadingto statistically
signi cant improvementsn performanceover both KBKR
andano adviceapproachp < 0:001in bothcasessing
unpaired-testson theresultsat 25,000gameslayed).

Related Work

Othershave proposedmechanismdor providing adviceto
reinforcementearnersClouseandUtgoff (1992)developed
a techniqueto allow a humanobsener to stepin and pro-
vide advicein the form of single actionsto take in a spe-
cic state.Lin (1992)“replays” teachersequenceso bias
a learnertowards a teachers performancelLaud and De-
Jong(2002) developeda methodthat usesreinforcements
to shapethelearner Eachof thesemethodswhile providing
amechanisnfor advice-takinglifferssigni cantly from the



Pref-KBKR form andusageof theadvice.

Several researchersiave examinedadvice-takingmeth-
odsthat usesomeform of programminganguageo spec-
ify procedurahdvice.GordonandSubramaniar(1994),de-
velopeda methodthat acceptsadvicein the form IF con-
dition THEN achieve goals that operationalizeshe advice
andthenusesgeneticalgorithmsto adjustit with respecto
the data.Our work is similar in the form of advice,but we
usea signi cantly differentapproachoptimizationvia lin-
earprogramming)as our meansof determininghow to in-
corporatethat advice.Maclin and Sha/lik (1996)presenta
languagdor providing adviceto areinforcementearnerthat
includessimpleIF-THEN rulesand more comple rulesin-
volving recommendedctionsequenceslheserulesarein-
sertedinto a neuralnetwork, which thenlearnsfrom future
experiencewhereasKBKR usessupport-ectormachines.
Unlike Pref-KBKR, Maclin andShavlik' s approachdid not
allow theuserto indicatepreferenceor oneactionoveran-
other AndreandRussell(2001)describealanguagdor cre-
ating learningagents but the commandsn their language
are assumeay their learnersto be fully correct,while in
KBKR adviceis notassumedo be constantandcanbere-
ned via slackvariables.

Conclusionsand Futur e Work

We have presenteda new algorithm, called Preference
KBKR (Pref-KBKR), that allows a humanuserto present
advicein a naturalform to a reinforcementearner Advice
in Pref-KBKR takesthe form of IF-THEN rules,wherethe
IF indicatessituationsin which the adviceappliesandthe
THEN indicatesa preferencefor one action over another
Thus, userspresenttheir advicein termsof policies— the
choiceof the actionto performin the currentstate— rather
thangiving their advicein termsof Q values,which arean
internaldetail of thelearningalgorithmwe employ.

Our algorithmis basedon Knowledge-BasedernelRe-
gression(KBKR). We representhe preferenceadvice as
additional constraintsto a support-ector regressiontask,
whichis solvedusinga linearprogramsolver. We testedour
approaclon a new testbedhatwe only recentlydeveloped.
It is basedbntheRoboCupsoccersimulatorandaddressea
subtaslof soccerwhichwe call BreakAvay. We empirically
comparethreeapproachesa support-ectorsolver that re-
ceivesno advice,a KBKR solverthatrecevesadviceabout
desiredQ values,and our new Pref-KBKR technique Our
resultsshaw thatgiving adviceis advantageousgndthatad-
vice aboutpreferredactionscanbe more effective thanad-
vice aboutQ values.

In our futurework, we planto investigatePref-KBKR on
a wider setof problemsand with additionalpiecesof ad-
vice. We alsointendto testthesesystem®on awider variety
of parametesettingsto seehow importantthe variouspa-
rametersareto the effectivenesof thesemethods Another
of our plannedexperimentss to usekernels(Eg. 19), with
andwithouttiling ourfeaturesWe alsoneedto addresscal-
ing to largernumbersof adviceandlargernumbersof train-
ing examples.We believe that advice-takingmethodsare
critical for scalingreinforcement-learningnethodsto large

problemsandthatapproachemakinguseof support-ector
techniquewvill becrucialin this effort.
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