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Abstract

Autonomoushelicopter�ight representsa challengingcontrolproblem,
with complex, noisy, dynamics.In this paper, we describea successful
applicationof reinforcementlearningto autonomoushelicopter�ight.
We �rst �t a stochastic,nonlinearmodelof thehelicopterdynamics.We
then usethe model to learn to hover in place,and to �y a numberof
maneuverstakenfrom anRC helicoptercompetition.

1 Intr oduction
Helicoptersrepresenta challengingcontrol problem with high-dimensional,complex,
asymmetric,noisy, non-linear, dynamics,and arewidely regardedas signi�cantly more
dif�cult to control than �x ed-wingaircraft. [6] Consider, for instance,a helicopterhov-
ering in place. A singlehorizontally-orientedmain rotor is attachedto the helicoptervia
the rotor shaft. Supposethe main rotor rotatesclockwise(viewed from above), blowing
air downwardsandhencegeneratingupward thrust. By applyingclockwisetorqueto the
main rotor to make it rotate,our helicopterexperiencesananti-torquethat tendsto cause
themainchassisto spinanti-clockwise.Thus,it is necessaryto usea tail rotor to blow air
sideways/rightwardsto generatean appropriatemomentto counteractthe spin. But, this
sidewaysforcenow causesthehelicopterto drift leftwards.So,for ahelicopterto hover in
place,it mustactuallybetilted slightly to theright, sothatthemainrotor'sthrustis directed
downwardsandslightly to theleft, to counteractthis tendency to drift sideways.
Helicopter�ight is rife with suchexamplesof ingenioussolutionsto problemscausedby
solutionsto otherproblems,andof complex, nonintuitive dynamicsthatmake themchal-
lenging to control. In this paper, we describea successfulapplicationof reinforcement
learningto designinga controller for autonomoushelicopter�ight. Due to spacecon-
straints,our descriptionof this work is necessarilybrief; a detailedtreatmentis provided
in [8]. For adiscussionof relatedwork onautonomous�ight, alsosee[8, 12].

2 AutonomousHelicopter
The helicopterusedin this work wasa YamahaR-50 helicopter, which is approximately
3.6mlong,carriesup to a 20kgpayload,andis shown in Figure1a.A detaileddescription
of the designandconstructionof its instrumentationis in [12]. The helicoptercarriesan
Inertial Navigation System(INS) consistingof 3 accelerometersand 3 rate gyroscopes
installedin exactly orthogonalx,y,z directions,anda differentialGPSsystem,which with
the assistanceof a groundstation,givespositionestimateswith a resolutionof 2cm. An
onboardnavigationcomputerrunsa Kalman�lter which integratesthesensorinformation
from theGPS,INS,andadigital compass,andreports(at50Hz)12numberscorresponding
to the estimatesof the helicopter's position(x; y; z), orientation(roll � , pitch � , yaw ! ),
velocity ( _x; _y; _z) andangularvelocities( _� ; _� ; _! ).



(a) (b)
Figure1: (a)Autonomoushelicopter. (b) Helicopterhoveringundercontrolof learnedpolicy.

Mosthelicoptersarecontrolledvia a4-dimensionalactionspace:
� a1; a2: The longitudinal(front-back)andlatitudinal (left-right) cyclic pitch con-

trols. The rotor plane is the planein which the helicopter's rotors rotate. By
tilting this planeeitherforwards/backwardsor sideways,thesecontrolscausethe
helicopterto accelerateforward/backwardsor sideways.

� a3: The(mainrotor)collectivepitchcontrol.As thehelicoptermain-rotor'sblades
sweepthroughtheair, they generateanamountof upwardthrustthat (generally)
increaseswith the angleat which the rotor bladesaretilted. By varying the tilt
angleof therotorblades,thecollectivepitchcontrolaffectsthemainrotor'sthrust.

� a4: Thetail rotor collective pitchcontrol.Usinga mechanismsimilar to themain
rotor collective pitchcontrol,this controlsthetail rotor's thrust.

Using the positionestimatesgiven by the Kalman�lter , our taskis to pick goodcontrol
actionsevery50thof asecond.

3 Model identi�cation
To �t a modelof the helicopter's dynamics,we began by askinga humanpilot to �y the
helicopterfor several minutes,and recordedthe 12-dimensionalhelicopterstateand 4-
dimensionalhelicoptercontrolinputsasit was�o wn. In whatfollows,weused339seconds
of �ight datafor model�tting, andanother140secondsof datafor hold-outtesting.
Therearemany naturalsymmetriesin helicopter�ight. For instance,ahelicopterat (0,0,0)
facingeastbehavesin a way relatedonly by a translationandrotationto oneat (10,10,50)
facingnorth, if we commandeachto accelerateforwards.We would like to encodethese
symmetriesdirectly into the model rather than force an algorithm to learn them from
scratch. Thus, model identi�cation is typically donenot in the spatial (world) coordi-
natess = [x; y; z; �; � ; ! ; _x; _y; _z; _� ; _� ; _! ], but insteadin thehelicopterbodycoordinates,in
whichthex, y, andz axesareforwards,sideways,anddown relativeto thecurrentposition
of thehelicopter. Wherethereis risk of confusion,we will usesuperscripts andb to dis-
tinguishbetweenspatialandbodycoordinates;thus, _xb is forwardvelocity, regardlessof
orientation.Our modelis identi�ed in thebodycoordinatessb = [�; � ; _xb; _yb; _zb; _� ; _� ; _! ].
which hasfour fewer variablesthan ss. Note that oncethis model is built, it is easily
convertedbackusingsimplegeometryto onein termsof spatialcoordinates.
Ourmaintool for model�tting waslocally weightedlinearregression(e.g.,[11, 3]). Given
a datasetf (x i ; yi )gm

i =1 wherethe x i 's arevector-valuedinputsandthe yi 's are the real-
valuedoutputsto bepredicted,we let X bethedesignmatrix whosei -th row is x i , andlet
~y bethevectorof yi 's. In responseto aqueryatx, locally weightedlinearregressionmakes
thepredictiony = � T x, where� = (X T W X ) � 1X T W~y, andW is adiagonalmatrixwith
(say)Wii = exp(� 1

2 (x � x i )T � � 1(x � x i )) , sothattheregressiongivesdatapointsnear
x a larger weight. Here,� � 1 determineshow weightsfall off with distancefrom x, and
waspickedin ourexperimentsvia leave-one-outcrossvalidation.1 Usingtheestimatorfor
noise� 2 given in [3], this givesa modely = � T x + � , where� � Normal(0; � 2). By

1Actually, sincewe were�tting a modelto a time-series,samplestendto becorrelatedin time,
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Figure2: (a)Examplesof plotscomparingamodel�t usingtheparameterizationdescribedin thetext
(solid lines)to someothermodels(dash-dotlines).Eachpointplottedshows themean-squarederror
betweenthepredictedvalueof astatevariable—whenamodelis usedto thesimulatethehelicopter's
dynamicsfor a certaindurationindicatedon thex-axis—andthetruevalueof thatstatevariable(as
measuredon testdata)after thesameduration.Top left: Comparisonof _x-error to modelnot using
a1s , etc. terms.Top right: Comparisonof _x-error to modelomitting intercept(bias)term. Bottom:
Comparisonof _x and _� to lineardeterministicmodelidenti�ed by [12]. (b) Thesolid line is thetrue
helicopter_y stateon10sof testdata.Thedash-dotline is thehelicopterstatepredictedby ourmodel,
given the initial stateat time 0 andall the intermediatecontrol inputs. The dottedlines show two
standarddeviationsin the estimatedstate. Every two seconds,the estimatedstateis “reset” to the
true state,andthe track restartswith zeroerror. Note that the estimatedstateis of the full, high-
dimensionalstateof the helicopter, but only _y is shown here. (c) Policy class.The picturesinside
thecirclesindicatewhethera nodeoutputsthesumof their inputs,or the tanh of thesumof their
inputs. Eachedgewith an arrow in the picturedenotesa tunableparameter. The solid lines show
thehoveringpolicy class(Section5). Thedashedlinesshow theextra weightsaddedfor trajectory
following (Section6).

applyinglocally-weightedregressionwith thestatest andactionat asinputs,andtheone-
stepdifferences(e.g.,� t +1 � � t ) of eachof thestatevariablesin turn asthetargetoutput,
thisgivesusanon-linear, stochastic,modelof thedynamics,allowing usto predictst +1 as
a functionof st andat plusnoise.
We actuallyusedseveralre�nementsto this model.Similar to theuseof bodycoordinates
to exploit symmetries,thereis otherprior knowledgethatcanbeincorporated.Sinceboth
� t and _� t are statevariables,and we know that (at 50Hz) � t +1 � � t + _� t =50, there
is no needto carry out a regressionfor � . Similarly, we know that the roll angle� of
the helicoptershouldhave no direct effect on forward velocity _x. So, whenperforming
regressionto estimate_x, thecoef�cient in � correspondingto � canbesetto 0. Thisallows
us to reducethenumberof parametersthathave to be �t. Similar reasoningallows us to
conclude(cf. [12]) thatcertainotherparametersshouldbe0, 1=50or g (gravity), andthese
werealsohard-codedinto themodel.Finally, we addedthreeextra (unobserved)variables
a1s, b1s; _! f b to modellatenciesin theresponsesto thecontrols.(See[8] for details.)
Someof the(other)choicesthatweconsideredin selectingamodelincludewhetherto use
thea1s, b1s and/or _! f b terms;whetherto includean interceptterm; at what frequency to
identify the model;whetherto hardwirecertaincoef�cients asdescribed;andwhetherto
useweightedor unweightedlinearregression.Ourmaintool for choosingamongthemod-
elswasplotssuchasthoseshown in Figure2a. (See�gure caption.)We wereparticularly
interestedin checkinghow accuratea modelis not just for predictingst +1 from st ; at , but
how accurateit is at longertimescales.Eachof thepanelsin Figure2ashows,for amodel,
the mean-squarederror (asmeasuredon testdata)betweenthe helicopter's true position
andtheestimatedpositionatacertaintime in thefuture(indicatedon thex-axis).
Thehelicopter'sblade-tipmovesatanappreciablefractionof thespeedof sound.Giventhe

andthe presenceof temporallyclose-bysamples—whichwill be spatiallyclose-byaswell—may
make dataseemmoreabundantthanin reality (leadingto bigger� � 1 thanmight beoptimalfor test
data).Thus,whenleaving out a samplein crossvalidation,we actuallyleft out a largewindow (16
seconds)of dataaroundthatsample,to diminishthisbias.



dangerandexpense(about$70,000)of autonomoushelicopters,we wantedto verify the
�tted modelcarefully, soasto bereasonablycon�dent thata controllertestedsuccessfully
in simulationwill alsobe safein real life. Spaceprecludesa full discussion,but oneof
our concernswasthe possibility that unmodeledcorrelationsin � might meanthe noise
varianceof theactualdynamicsis muchlarger thanpredictedby themodel. (See[8] for
details.) To checkagainst this, we examinedmany plots suchasshown in Figure2b, to
checkthat thehelicopterstate“rarely” goesoutsidetheerrorbarspredictedby our model
at varioustimescales(seecaption).

4 Reinforcementlearning: The PEGASUS algorithm
We usedthe PEGASUS reinforcementlearningalgorithmof [9], which we brie�y review
here. Consideran MDP with statespaceS, initial states0 2 S, action spaceA, state
transitionprobabilitiesPsa (�), rewardfunctionR : S 7! R, anddiscount
 . Also let some
family � of policies� : S 7! A begiven,andsupposeourgoalis to �nd apolicy in � with
highutility, wheretheutility of � is de�ned to be

U(� ) = E[R(s0) + 
 R(s1) + 
 2R(s2) + � � � j� ];
wherethe expectationis over the randomsequenceof statess0; s1; : : : visited over time
when� is executedin theMDP startingfrom states0.
Theseutilities arein generalintractableto calculateexactly, but supposewe have a com-
putersimulatorof the MDP's dynamics—thatis, a programthat inputss;a andoutputs
s0 drawn from Psa (�). Thena standardway to de�ne an estimateÛ(� ) of U(� ) is via
MonteCarlo: Wecanusethesimulatorto samplea trajectorys0; s1; : : :, andby takingthe
empiricalsumof discountedrewardsR(s0) + 
 R(s1) + � � � on this sequence,we obtain
one“sample”with which to estimateU(� ). Moregenerally, wecouldgeneratem suchse-
quences,andaverageto obtainabetterestimator. Wecanthentry to optimizetheestimated
utilities andsearchfor “argmax� Û(� ).”

Unfortunately, this is adif�cult stochasticoptimizationproblem:EvaluatingÛ(� ) involves
a MonteCarlosamplingprocess,andtwo differentevaluationsof Û(� ) will typically give
slightly differentanswers.Moreover, evenif thenumberof samplesm thatweaverageover
is arbitrarily large,Û(� ) will fail with probability1 to bea(“uniformly”) goodestimateof
U(� ). In ourexperiments,this fails to learnany reasonablecontrollerfor ourhelicopter.
The PEGASUS methodusesthe observation that almostall computersimulationsof the
form describedsamples0 � Psa (�) by �rst calling a randomnumbergeneratorto getone
(or more)randomnumbersp, andthencalculatings0 assomedeterministicfunctionof the
input s;a andthe randomp. If we demandthat the simulatorexposeits interfaceto the
randomnumbergenerator, thenby pre-samplingall therandomnumbersp in advanceand
�xing them,we canthenusethesesame,�x ed, randomnumbersto evaluateany policy.
Sinceall therandomnumbersare�x ed,Û : � 7! R is just anordinarydeterministicfunc-
tion, andstandardsearchheuristicscanbeusedto searchfor argmax� Û(� ). Importantly,
this alsoallows us to show that,so long aswe averageover a numberof samplesm that
is at mostpolynomialin all quantitiesof interest,thenwith high probability, Û will be a
uniformly goodestimateof U (jÛ(� ) � U(� )j � � ). Thisalsoallowsusto giveguarantees
on theperformanceof thesolutionsfound. For furtherdiscussionof PEGASUS andother
work suchasvariancereductionandstochasticestimationmethods(cf. [5, 10]), see[8].

5 Learning to Hover
Onepreviousattempthadbeenmadeto usealearningalgorithmto �y thishelicopter, using
� -synthesis[2]. Thissucceededin �ying thehelicopterin simulation,but noton theactual
helicopter(Shim, pers. comm.). Similarly, preliminaryexperimentsusingH 2 andH1
controllersto �y a similar helicopterwerealsounsuccessful.Thesecommentsshouldnot
betakenasconclusive of theviability of any of thesemethods;rather, we take themto be
indicative of thedif�culty andsubtletyinvolvedin learningahelicoptercontroller.
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Figure 3: Comparisonof hovering performanceof learnedcontroller (solid line) vs. Yamahali-
censed/speciallytrainedhumanpilot (dottedline). Top: x; y; z velocities.Bottom: x; y; z positions.

We beganby learninga policy for hovering in place.We wanta controllerthat,giventhe
currenthelicopterstateand a desiredhovering position and orientation(x � ; y� ; z� ; ! � ),
computescontrolsa 2 [� 1; 1]4 to make it hover stably there. For our policy class� ,
we chosethe simple neuralnetwork depictedin Figure 2c (solid edgesonly). Eachof
the edgesin the �gure representsa weight, andthe connectionswerechosenvia simple
reasoningaboutwhich control channelshouldbe usedto control which statevariables.
For instance,considerthe longitudinal(forward/backward)cyclic pitch controla1, which
causestherotorplaneto tilt forward/backward,thuscausingthehelicopterto pitch (and/or
accelerate)forwardor backward.FromFigure2c,wecanreadoff thea1 controlas

t1 = w1 + w2 errx b + w3 tanh(w4errx b ) + w5 _xb + w6� ; a1 = w7 tanh(w8t1) + w9t1:

Here, the wi 's are the tunableparameters(weights)of the network, and errx b = xb �
xb

desired is de�ned to betheerrorin thexb-position(forwarddirection,in bodycoordinates)
betweenwherethehelicoptercurrentlyis andwherewewish it to hover.

Wechoseaquadraticcostfunctionon the(spatialrepresentationof the)state,where2

R(s) = � (� x (x � x � )2 + � y (y � y� )2 + � z (z � z� )2 + � _x _x2 + � _y _y2 + � _z _z2 + � ! (! � ! � )2): (1)

Thisencouragesthehelicopterto hovernear(x � ; y� ; z� ; ! � ), while alsokeepingtheveloc-
ity small andnot makingabruptmovements.Theweights� x ; � y , etc. (distinct from the
weightswi parameterizingour policy class)werechosento scaleeachof the termsto be
roughly thesameorderof magnitude.To encouragesmall actionsandsmoothcontrolof
thehelicopter, we alsouseda quadraticpenaltyfor actions:R(a) = � (� a1 a2

1 + � a2 a2
2 +

� a3 a2
3 + � a4 a2

4), andtheoverall rewardwasR(s;a) = R(s) + R(a).
Using the model identi�ed in Section3, we cannow apply PEGASUS to de�ne approx-
imationsÛ(� ) to the utilities of policies. Sincepoliciesaresmoothlyparameterizedin
the weights,andthe dynamicsarethemselvescontinuousin the actions,the estimatesof
utilities arealsocontinuousin theweights.3 We maythusapplystandardhillclimbing al-
gorithmsto maximizeÛ(� ) in termsof the policy's weights. We tried both a gradient

2The! � ! � errortermis computedwith appropriatewrappingabout2� rad,sothatif ! � = 0:01
rad,andthehelicopteris currentlyfacing! = 2� � 0:01 rad,theerroris 0.02,not2� � 0:02 rad.

3Actually, this is not true. Onelastcomponentof therewardthatwe did not mentionearlierwas
that, if in performingthe locally weightedregression,the matrix X T W X is singularto numerical
precision,then we declarethe helicopterto have “crashed,” terminatethe simulation,and give it
a hugenegative (-50000)reward. Becausethe test checkingif X T W X is singularto numerical
precisionreturnseither1 or 0, Û(� ) hasadiscontinuitybetween“crash”and“not-crash.”
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Figure4: Top row: Maneuver diagramsfrom RC helicoptercompetition. [Imagescourtesyof the
Academyof ModelAeronautics.]Bottomrow: Actual trajectories�o wn usinglearnedcontroller.

ascentalgorithm,in which we numericallyevaluatethederivative of Û(� ) with respectto
the weightsandthentake a stepin the indicateddirection,anda random-walk algorithm
in which we proposea randomperturbationto theweights,andmove thereif it increases
Û(� ). Bothof thesealgorithmsworkedwell, thoughwith gradientascent,it wasimportant
to scalethederivativesappropriately, sincetheestimatesof thederivativesweresometimes
numericallyunstable.4 It wasalsoimportantto applysomestandardheuristicsto prevent
its solutionsfrom diverging(suchasverifying aftereachstepthatwedid indeedtakeastep
uphill on theobjective Û, andundoing/redoingthestepusingasmallerstepsizeif thiswas
not thecase).
Themostexpensivestepin policy searchwastherepeatedMonteCarloevaluationto obtain
Û(� ). To speedthis up,we parallelizedour implementation,andMonteCarloevaluations
usingdifferentsampleswererun on differentcomputers,andtheresultswerethenaggre-
gatedto obtainÛ(� ). We ranPEGASUS using30 MonteCarloevaluationsof 35 seconds
of �ying time each,and 
 = 0:9995. Figure1b shows the result of implementingand
runningtheresultingpolicy on thehelicopter. On its maiden�ight, our learnedpolicy was
successfulin keepingthe helicopterstabilizedin the air. (We notethat [1] wasalsosuc-
cessfulat usingour PEGASUS algorithmto controla subset,thecyclic pitch controls,of a
helicopter's dynamics.)
We alsocomparethe performanceof our learnedpolicy against that of our humanpilot
trainedandlicensedby Yamahato �y theR-50helicopter. Figure3 showsthevelocitiesand
positionsof thehelicopterunderour learnedpolicy andunderthehumanpilot'scontrol.As
wesee,ourcontrollerwasableto keepthehelicopter�ying morestablythanwasahuman
pilot. Videosof thehelicopter�ying areavailableat

http://www.cs.stanford.edu/˜ang/rl/

6 Flying competition maneuvers
We werenext interestedin makingthehelicopterlearnto �y several challengingmaneu-
vers. TheAcademyof Model Aeronautics(AMA) (to our knowledgethelargestRC heli-
copterorganization)holdsanannualRChelicoptercompetition,in whichhelicoptershave
to beaccurately�o wn througha numberof maneuvers.This competitionis organizedinto
ClassI (for beginners,with theeasiestmaneuvers)throughClassIII (with themostdif�cult
maneuvers,for themostadvancedpilots). Wetook the�rst threemaneuversfrom themost
challenging,ClassIII, segmentof their competition.
Figure4 showsmaneuverdiagramsfrom theAMA website. In the�rst of thesemaneuvers

4A problemexacerbatedby thediscontinuitiesdescribedin thepreviousfootnote.



(III.1), thehelicopterstartsfrom themiddleof thebaseof a triangle,�ies backwardsto the
lower-right corner, performsa180� pirouette(turningin place),�ies backwardsupanedge
of thetriangle,backwardsdown theotheredge,performsanother180� pirouette,and�ies
backwardsto its startingposition.Flying backwardsis asigni�cantly lessstablemaneuver
than�ying forwards,whichmakesthismaneuverinterestingandchallenging.In thesecond
maneuver (III.2), thehelicopterhasto performa nose-inturn, in which it �ies backwards
out to theedgeof a circle,pauses,andthen�ies in a circle but alwayskeepingthenoseof
thehelicopterpointedatcenterof rotation.After it �nishescircling, it returnsto thestarting
point. Many humanpilots seemto �nd this secondmaneuver particularly challenging.
Lastly, maneuver III.3 involves�ying thehelicopterin a vertical rectangle,with two 360�

pirouettesin oppositedirectionshalfwayalongtherectangle's verticalsegments.
How doesonedesigna controller for �ying trajectories?Given a controller for keeping
a system's stateat a point (x � ; y� ; z� ; ! � ), onestandardway to make the systemmove
througha particulartrajectoryis to slowly vary (x � ; y� ; z� ; ! � ) alonga sequenceof set
pointson that trajectory. (E.g., see[4].) For instance,if we askour helicopterto hover
at (0; 0; 0; 0), then a fraction of a secondlater ask it to hover at (0:01; 0; 0; 0), then at
(0:02; 0; 0; 0) andsoon, our helicopterwill slowly �y in thexs-direction. By taking this
procedureand“wrapping” it aroundour old policy classfrom Figure2c, we thusobtaina
computerprogram—thatis, a new policy class—notjust for hovering,but alsofor �ying
arbitrary trajectories.I.e.,we now have a family of policiesthattake asinput a trajectory,
and that attemptto make the helicopter�y that trajectory. Moreover, we can now also
retrain thepolicy's parameters for accuratetrajectoryfollowing, not justhovering.
For �ying trajectories,wealsoaugmentedthepolicy classto take into accountmoreof the
couplingbetweenthe helicopter's differentsubdynamics.For instance,the simplestway
to turn is to changethetail rotor collective pitch/thrust,sothat it yaws eitherleft or right.
This workswell for smallturns,but for largeturns,thethrustfrom thetail rotor alsotends
to causethe helicopterto drift sideways. Thus,we enrichedthe policy classto allow it
to correctfor this drift by applyingthe appropriatecyclic pitch controls. Also, having a
helicopterclimb or descendchangestheamountof work doneby themainrotor, andhence
the amountof torque/anti-torquegenerated,which cancausethe helicopterto turn. So,
we alsoaddeda link betweenthecollective pitch controlandthetail rotor control. These
modi�cationsareshown in Figure2c (dashedlines).
We also neededto specify a reward function for trajectory following. One simple
choicefor R would have beento useEquation(1) with thenewly-de�ned (time-varying)
(x � ; y� ; z� ; ! � ). But we did not considerthis to bea goodchoice. Speci�cally, consider
makingthehelicopter�y in theincreasingx-direction,sothat(x � ; y� ; z� ; ! � ) startsoff as
(0; 0; 0; 0) (say),andhasits �rst coordinatex � slowly increasedover time. Then,while
theactualhelicopterpositionxs will indeedincrease,it will alsoalmostcertainlylag con-
sistentlybehindx � . This is becausethehoveringcontrolleris alwaystrying to “catchup”
to the moving (x � ; y� ; z� ; ! � ). Thus,x � x � may remainlarge, andthe helicopterwill
continuouslyincurax � x � cost,evenif it is in fact�ying averyaccuratetrajectoryin the
increasingx-directionexactly asdesired. It would be undesirableto have the helicopter
risk trying to �y moreaggressively to reducethis fake“error,” particularlyif it is at thecost
of increasederror in theothercoordinates.So,we changedthereward function to penal-
ize deviation not from (x � ; y� ; z� ; ! � ), but insteaddeviation from (xp; yp; zp; ! p), where
(xp; yp; zp; ! p) is the“projection”of thehelicopter'spositionontothepathof theidealized,
desiredtrajectory. (In ourexampleof �ying in astraightline, for ahelicopterat(x; y; z; ! ),
weeasilysee(xp; yp; zp; ! p) = (x; 0; 0; 0).) Thus,we imaginean“externalobserver” that
looksat theactualhelicopterstateandestimateswhich partof the idealizedtrajectorythe
helicopteris trying to �y through(takingcarenot to beconfusedif a trajectoryloopsback
on itself), andthe learningalgorithmpaysa penaltythat is quadraticbetweenthe actual
positionandthe“tracked” positionon theidealizedtrajectory.
We also neededto make surethe helicopteris rewardedfor making progressalong the



trajectory. To do this, we usedthe potential-basedshapingrewardsof [7]. Since,we are
alreadytrackingwherealongthedesiredtrajectorythehelicopteris, we chosea potential
functionthatincreasesalongthetrajectory. Thus,wheneverthehelicopter's(xp; yp; zp; ! p)
makesforwardprogressalongthis trajectory, it receivespositive reward. (See[7].)
Finally, our modi�cations have decoupledour de�nition of the reward function from
(x � ; y� ; z� ; ! � ) and the evolution of (x � ; y� ; z� ; ! � ) in time. So, we are now also free
to considerallowing (x � ; y� ; z� ; ! � ) to evolve in awaythatis differentfrom thepathof the
desiredtrajectory, but nonethelessin a way thatallows thehelicopterto follow theactual,
desiredtrajectorymoreaccurately. (In controltheory, thereis arelatedpracticeof usingthe
inversedynamicsto obtainbettertrackingbehavior.) We consideredseveral alternatives,
but themainoneusedendedup beinga modi�cation for �ying trajectoriesthathave both
averticalandahorizontalcomponent(suchasalongthetwo upperedgesof thetrianglein
III.1). Speci�cally, it turnsout that thez (vertical)-responseof thehelicopteris very fast:
To climb, we needonly increasethe collective pitch control, which almostimmediately
causesthehelicopterto startacceleratingupwards. In contrast,thex andy responsesare
muchslower. Thus,if (x � ; y� ; z� ; ! � ) movesat 45� upwardsasin maneuver III.1, thehe-
licopterwill tendto trackthez-componentof thetrajectorymuchmorequickly, sothat it
acceleratesinto a climb steeperthan45� , resultingin a “bowed-out” trajectory. Similarly,
an angleddescentresultsin a “bowed-in” trajectory. To correctfor this, we arti�cially
sloweddown thez-response,sothatwhen(x � ; y� ; z� ; ! � ) is moving into anangledclimb
or descent,the(x � ; y� ; ! � ) portionwill evolve normallywith time, but thechangesto z�

will bedelayedby t seconds,wheret hereis anotherparameterin our policy class,to be
automaticallylearnedby ouralgorithm.
Using this setupandretrainingour policy's parametersfor accuratetrajectoryfollowing,
we wereableto learna policy that �ies all threeof the competitionmaneuversfairly ac-
curately. Figure4 (bottom)shows actualtrajectoriestaken by thehelicopterwhile �ying
thesemaneuvers.Videosof thehelicopter�ying thesemaneuversarealsoavailableat the
URL givenat theendof Section5.
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