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Abstract

Autonomoushelicopter ight represents challengingcontrol problem,
with comple, noisy, dynamics.In this paper we describea successful
applicationof reinforcementearningto autonomoushelicopter ight.
We rst t astochasticnonlineamodelof the helicopterdynamics.We
thenusethe modelto learnto hover in place,andto y a numberof
maneuerstakenfrom anRC helicoptercompetition.

1 Intr oduction

Helicoptersrepresenta challengingcontrol problem with high-dimensional,comple,

asymmetric,noisy, non-linear dynamics,and are widely regardedas signi cantly more
dif cult to controlthan x ed-wingaircraft. [6] Consider for instance,a helicopterhov-

eringin place. A single horizontally-orientednain rotor is attachedo the helicoptervia

the rotor shaft. Supposehe main rotor rotatesclockwise (viewed from above), blowing

air dowvnwardsandhencegeneratingipward thrust. By applyingclockwisetorqueto the
main rotor to make it rotate,our helicopterexperiencesan anti-torquethattendsto cause
themainchassigo spinanti-clockwise.Thus,it is necessaryo useatail rotor to blow air

sidavays/rightvardsto generatean appropriatemomentto counteracthe spin. But, this
sidevaysforce now causeshehelicopterto drift leftwards.So,for a helicopterto hoverin

place it mustactuallybetilted slightly to theright, sothatthemainrotor'sthrustis directed
downwardsandslightly to theleft, to counteracthis tendeny to drift sidevays.

Helicopter ight is rife with suchexamplesof ingenioussolutionsto problemscausedy

solutionsto otherproblems andof compl&, nonintuitive dynamicsthat make themchal-

lengingto control. In this paper we describea successfubpplicationof reinforcement
learningto designinga controller for autonomoushelicopter ight. Due to spacecon-

straints,our descriptionof this work is necessarilybrief; a detailedtreatments provided

in [8]. For adiscussiorof relatedwork on autonomousight, alsosee[8, 12].

2 AutonomousHelicopter

The helicopterusedin this work wasa YamahaR-50 helicopter which is approximately
3.6mlong, carriesup to a 20kg payload,andis shavn in Figurela. A detaileddescription
of the designand constructionof its instrumentatioris in [12]. The helicoptercarriesan
Inertial Navigation System(INS) consistingof 3 accelerometerand 3 rate gyroscopes
installedin exactly orthogonalk,y,z directions,anda differential GPSsystemwhich with
the assistancef a groundstation,gives positionestimatesvith a resolutionof 2cm. An
onboardnavigationcomputerunsa Kalman Iter which integratesthe sensolinformation
fromtheGPS INS, andadigital compassandreports(at 50Hz) 12 numbersorresponding
to the estimatesf the helicopters position (x; y; z), orientation(roll , pitch , yaw !),

velocity (x;y; z) andangularvelocities( 5 5 1).
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Figurel: (a) Autonomoushelicopter (b) Helicopterhoveringundercontrol of learnedpolicy.

Most helicoptersarecontrolledvia a 4-dimensionabctionspace:
ai; ax: Thelongitudinal (front-back)andlatitudinal (left-right) cyclic pitch con-
trols. The rotor planeis the planein which the helicopters rotors rotate. By
tilting this planeeitherforwards/backwrdsor sidevays,thesecontrolscausethe
helicopterto acceleratdorward/backvardsor sidevays.
az: The(mainrotor)collective pitchcontrol. As thehelicoptemain-rotorsblades
sweepthroughthe air, they generateanamountof upwardthrustthat (generally)
increasewith the angleat which the rotor bladesaretilted. By varying the tilt
angleof therotorbladesthecollective pitch controlaffectsthemainrotor'sthrust.
a4: Thetail rotor collective pitch control. Usinga mechanisnsimilar to the main
rotor collective pitch control, this controlsthetail rotor's thrust.

Using the position estimategiven by the Kalman lter, our taskis to pick good control
actionsevery 50thof asecond.

3 Model identi cation

To t amodelof the helicopters dynamics,we began by askinga humanpilot to y the
helicopterfor several minutes,and recordedthe 12-dimensionahelicopterstateand 4-
dimensionahelicoptercontrolinputsasit was o wn. In whatfollows,we used339seconds
of ight datafor model tting, andanotherl40second®f datafor hold-outtesting.

Therearemary naturalsymmetriesn helicopteright. Forinstanceahelicopterat(0,0,0)
facingeastbehaesin away relatedonly by atranslationandrotationto oneat (10,10,50)
facingnorth, if we commandeachto acceleratdorwards. We would like to encodethese
symmetriesdirectly into the model ratherthan force an algorithm to learn them from
scratch. Thus, modelidenti cation is typically donenot in the spatial (world) coordi-
natess = [x;y;z;; ;!';:X;V¥;z; 5 =!], butinsteadn thehelicoptetbodycoordinatesin
whichthex, y, andz axesareforwards,sidevays,anddown relative to thecurrentposition
of the helicopter Wherethereis risk of confusion,we will usesuperscrips andb to dis-
tinguishbetweenspatialandbody coordinatesthus, x® is forward velocity, regardlessof
orientation.Our modelis identi ed in thebodycoordinates® = [; ;x®y®zP% - 1.
which hasfour fewer variablesthans®. Note that oncethis modelis built, it is easily
convertedbackusingsimplegeometryto onein termsof spatialcoordinates.

Ourmaintool for model tting waslocally weightedinearregressior(e.g.,[11, 3]). Given
adatasef (X;;yi)g2; wherethex;'s arevectorvaluedinputsandthey;'s arethe real-
valuedoutputsto be predictedwe let X bethe designmatrix whosei-th row is x;, andlet
y bethevectorof y;'s. In responsé¢o aqueryatx, locally weightedinearregressiormakes
thepredictiony = Tx,where = (XTWX) XTWy,andW is adiagonamatrixwith
(say)Wi = exp( 3(x x)T (x x)), sothattheregressiorgivesdatapointsiear
x alargerweight. Here, ! determinesow weightsfall off with distancefrom x, and
waspickedin our experimentsvia leave-one-outrossvalidation! Usingthe estimatorfor
noise 2 givenin [3], thisgivesamodely = Tx + , where Normal(0; ?2). By

Actually, sincewe were tting a modelto a time-seriessamplegendto be correlatedn time,
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Figure2: (a) Exampleof plotscomparingamodel t usingtheparameterizatiodescribedn thetext
(solidlines)to someothermodels(dash-dotines). Eachpoint plottedshavs themean-squaredrror
betweerthe predictedvalueof astatevariable—wheramodelis usedto the simulatethe helicopters
dynamicsfor a certaindurationindicatedon the x-axis—andthe true valueof thatstatevariable(as
measurean testdata)afterthe sameduration. Top left: Comparisorof x-errorto modelnot using
ais, etc. terms. Top right: Comparisorof x-errorto modelomitting intercept(bias)term. Bottom:
Comparisorof x and —to lineardeterministicnodelidenti ed by [12]. (b) Thesolidline is thetrue
helicoptery stateon 10sof testdata. Thedash-dotine is the helicopterstatepredictedby our model,
giventheinitial stateattime O andall the intermediatecontrolinputs. The dottedlines shav two
standarddeviationsin the estimatedstate. Every two secondsthe estimatedstateis “reset” to the
true state,andthe track restartswith zeroerror Note that the estimatedstateis of the full, high-
dimensionaktateof the helicopter but only y is shavn here. (c) Policy class. The picturesinside
the circlesindicatewhethera nodeoutputsthe sumof their inputs, or thetanh of the sumof their
inputs. Eachedgewith anarraw in the picturedenotesa tunableparameter The solid lines shav
the havering policy class(Section5). The dashedines show the extra weightsaddedfor trajectory
following (Section6).
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applyinglocally-weightedregressiorwith the states; andactiona; asinputs,andtheone-
stepdifferencede.g., t+1 1) of eachof the statevariablesin turn asthetargetoutput,
this givesusanon-linear stochasticmodelof thedynamicsallowing usto predicts;+; as
afunctionof s; anda; plusnoise.

We actuallyusedseveralre nementsto this model. Similar to the useof bodycoordinates
to exploit symmetriesthereis otherprior knowledgethatcanbeincorporated Sinceboth

+ and - are statevariables,and we know that (at 50Hz) {+; t + =50, there
is no needto carry out a regressionfor . Similarly, we know thatthe roll angle of
the helicoptershouldhave no direct effect on forward velocity x. So, when performing
regressiorto estimatex, thecoefcient in  correspondingo canbesetto 0. Thisallows
usto reducethe numberof parametershathave to be t.  Similar reasoningallows usto
conclude(cf. [12]) thatcertainotherparametershouldbeO, 1=50 or g (gravity), andthese
werealsohard-codednto the model. Finally, we addedthreeextra (unobsered) variables
ass, bis; ! 1 p to modellatenciedn theresponseto the controls.(See[8] for details.)

Someof the (other)choiceghatwe consideredn selectinga modelincludewhethero use
theays, bys and/or! s, terms;whetherto includeaninterceptterm; at whatfrequeng to
identify the model; whetherto hardwirecertaincoefcients asdescribedandwhetherto
useweightedor unweightedinearregression Our maintool for choosingamongthe mod-
elswasplotssuchasthoseshavn in Figure2a. (See gure caption.)We wereparticularly
interestedn checkinghow accuratea modelis notjust for predictings;+; from s;; a;, but
how accuratat is atlongertime scales Eachof thepaneldn Figure2ashaws, for amodel,
the mean-squaredrror (as measuredn testdata) betweenthe helicopters true position
andthe estimategositionata certaintime in the future (indicatedon the x-axis).

Thehelicoptersblade-tipmovesatanappreciabldractionof thespeedf sound.Giventhe

andthe presenceof temporallyclose-bysamples—whictwill be sPatiaIIy close-byaswell—may
male dataseemmoreatundantthanin reality (leadingto bigger thanmight be optimalfor test
data). Thus,whenleaving out a samplein crossvalidation,we actuallyleft out a large window (16
secondspf dataaroundthatsampleto diminishthis bias.



dangerand expense(about$70,000)of autonomoushelicopterswe wantedto verify the
tted modelcarefully, soasto bereasonablyon dentthata controllertestedsuccessfully
in simulationwill alsobe safein reallife. Spaceprecludesa full discussionput one of
our concernswas the possibility that unmodeledcorrelationsin - might meanthe noise
varianceof the actualdynamicsis muchlarger thanpredictedby the model. (See[8] for
details.) To checkagainstthis, we examinedmary plots suchasshaown in Figure 2b, to
checkthatthe helicopterstate“rarely” goesoutsidethe errorbarspredictedby our model
at varioustime scaleg(seecaption).

4 Reinforcementlearning: The PEGASUS algorithm

We usedthe PEGAsus reinforcementearningalgorithmof [9], which we brie y review
here. Consideran MDP with statespaceS, initial statesy 2 S, actionspaceA, state
transitionprobabilitiesPs, ( ), rewardfunctionR : S 7! R, anddiscount . Also let some
family of policies :S 7! A begiven,andsupposeurgoalisto nd apolicyin  with
high utility, wherethe utility of is de nedto be

U( )= E[R(so) + R(s)+ ?R(s)+ I
wherethe expectationis over the randomsequencef statessy; s;;: :: visited over time
when is executedn the MDP startingfrom statesg.

Theseutilities arein generalintractableto calculateexactly, but supposeve have a com-
puter simulatorof the MDP's dynamics—thais, a programthat inputs s;a and outputs
s® drawn from Psa (). Thena standardway to de ne an estimate(( ) of U( ) is via
Monte Carlo: We canusethe simulatorto samplea trajectorysy; s1; : : :, andby takingthe
empiricalsumof discountedewardsR(sp) + R(s1) + on this sequenceywe obtain
one“sample”with whichto estimateJ( ). More generallywe couldgeneraten suchse-
guencesandaverageto obtaina betterestimator We canthentry to optimizetheestimated

utilities andsearcHor “argmax O( )"

Unfortunatelythisis adif cult stochastioptimizationproblem:Evaluatingd( ) involves

aMonte Carlosamplingprocessandtwo differentevaluationsof O( ) will typically give
slightly differentanswersMoreover, evenif thenumberof samplesn thatwe averageover

is arbitrarily large, O ( ) will fail with probability 1 to bea (“uniformly”) goodestimateof
U( ). In ourexperimentsthis fails to learnary reasonableontrollerfor our helicopter

The PEGASUS methodusesthe obsenation that almostall computersimulationsof the
form describedsamples®  Pg, () by rst calling arandomnumbergeneratoto getone
(or more)randomnumbers, andthencalculatings® assomedeterministidunction of the
input s; a andthe randomp. If we demandthatthe simulatorexposeits interfaceto the
randomnumbergeneratarthenby pre-samplingll therandomnumbers in advanceand
xing them,we canthenusethesesame, x ed, randomnumbersto evaluateany policy.
Sinceall therandomnumbersare x ed,0 : 7! R is justanordinarydeterministicunc-

tion, andstandardsearctheuristicscanbe usedto searctfor argmax U( ). Importantly
this alsoallows usto shav that, solong aswe averageover a numberof samplean that
is at mostpolynomialin all quantitiesof interest,thenwith high probability O will bea
uniformly goodestimateof U jO( )  U( )j ). Thisalsoallows usto give guarantees
on the performanceof the solutionsfound. For further discussiorof PEGASUS andother
work suchasvariancereductionandstochastiestimationrmethoddcf. [5, 10]), se€[8].

5 Learning to Hover

Onepreviousattempthadbeenmadeto usealearningalgorithmto y thishelicopterusing
-synthesig2]. Thissucceedeth ying thehelicopterin simulation,but notontheactual
helicopter(Shim, pers. comm.). Similarly, preliminary experimentsusingH, andH,
controllersto y asimilar helicopterwerealsounsuccessfulThesecommentsshouldnot
be takenasconclusve of theviability of any of thesemethodsyather we take themto be
indicative of thedif culty andsubtletyinvolvedin learninga helicoptercontroller
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Figure 3: Comparisonof havering performanceof learnedcontroller (solid line) vs. Yamahali-
censed/speciallirainedhumanpilot (dottedline). Top: x; y; z velocities.Bottom: x; y; z positions.

We began by learninga policy for hoveringin place. We wanta controllerthat, giventhe
currenthelicopterstateand a desiredhovering position and orientation(x ;y ;z ;! ),

computescontrolsa 2 [ 1;1]* to make it hover stably there. For our policy class

we chosethe simple neuralnetwork depictedin Figure 2c (solid edgesonly). Eachof

the edgesin the gure represents weight, andthe connectionsvere chosenvia simple
reasoningaboutwhich control channelshouldbe usedto control which statevariables.
For instance considerthe longitudinal (forward/backvard) cyclic pitch controla;, which
causegherotor planeto tilt forward/backvard,thuscausinghehelicopterto pitch (and/or
acceleratejorwardor backward. FromFigure2c, we canreadoff thea; controlas

ty = Wi+ Wo erfys + Watanh(waerr,s) + Wsx® + Wg ; a; = wy tanh(wgty) + Wets:

Here, the w;'s are the tunableparametergweights) of the network, anderr,» = x°
XBesireq IS de nedto betheerrorin thexP-position(forwarddirection,in bodycoordinates)

betweernwherethe helicoptercurrentlyis andwherewe wishit to hover.
We chosea quadraticcostfunctionon the (spatialrepresentationf the) state where
R(S) = (x(x x )%+ y(y y)*+ 2(z z)%+ oC+ o+ 2%+ (0 1)) ()
Thisencouragethehelicopterto havernear(x ;y ;z ;! ), while alsokeepingtheveloc-
ity smallandnot makingabruptmovements.Theweights ; , etc. (distinctfrom the
weightsw; parameterizingur policy class)werechoserto scaleeachof the termsto be
roughly the sameorderof magnitude.To encouragesmall actionsand smoothcontrol of
the helicopter we alsouseda quadraticpenaltyfor actions:R(a) = ( a,82 + 4,83 +
2,853+ a,83), andtheoverallrewardwasR(s;a) = R(s) + R(a).
Using the modelidenti ed in Section3, we cannow apply PEGASUS to de ne approx-
imations( ) to the utilities of policies. Sincepolicies are smoothly parameterizedh
the weights,andthe dynamicsarethemseles continuousin the actions,the estimateof
utilities arealsocontinuousin the weights® We may thusapply standardhillclimbing al-
gorithmsto maximizeU( ) in termsof the policy's weights. We tried both a gradient

2The! | errortermis computedvith appropriatavrappingabout?2 rad,sothatif ! = 0:01
rad,andthehelicopteris currentlyfacing! = 2 0:01rad,theerroris 0.02,not 2 0:02rad.

3Actually, this is nottrue. Onelastcomponenbf the reward thatwe did not mentionearlierwas
that, if in performingthe locally weightedregressionthe 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 testcheckingif X TW X is singularto numerical
precisionreturnseitherl or 0, O( ) hasa discontinuitybetweerfcrash” and“not-crasH
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Figure4: Top row: Maneuer diagramsfrom RC helicoptercompetition. [Imagescourtesyof the
Academyof Model Aeronautics.]Bottomrow: Actualtrajectorieso wn usinglearnedcontroller
ascentlgorithm,in which we numericallyevaluatethe derivative of O( ) with respecto
the weightsandthentake a stepin the indicateddirection,anda random-valk algorithm
in which we proposea randomperturbatiorto the weights,andmove thereif it increases
O( ). Bothof thesealgorithmsworkedwell, thoughwith gradientascentjt wasimportant
to scalethederivativesappropriatelysincethe estimate®f thederivativesweresometimes
numericallyunstable! It wasalsoimportantto apply somestandarcheuristicsto prevent
its solutionsfrom diverging (suchasverifying aftereachstepthatwe did indeecdtake a step
uphill ontheobjective 0, andundoing/redoinghe stepusinga smallerstepsizef thiswas
notthecase).

Themostexpensve stepin policy searctwastherepeatedonte Carloevaluationto obtain

O( ). To speechis up, we parallelizedour implementationandMonte Carloevaluations
usingdifferentsamplesvererun on differentcomputersandthe resultswerethenaggre-
gatedto obtain0( ). WeranPEGASUS using30 Monte Carlo evaluationsof 35 seconds
of ying time each,and = 0:9995 Figure 1b shaws the resultof implementingand

runningtheresultingpolicy onthehelicopter Onits maiden ight, ourlearnedpolicy was

successfuln keepingthe helicopterstabilizedin the air. (We notethat[1] wasalsosuc-

cessfulat usingour PEGASUS algorithmto controla subsetthe cyclic pitch controls,of a

helicopters dynamics.)

We also comparethe performanceof our learnedpolicy againstthat of our humanpilot

trainedandlicensedoy Yamahao y theR-50helicopter Figure3 shavsthevelocitiesand
positionsof thehelicopterunderourlearnedoolicy andunderthe humanpilot's control. As

we see,our controllerwasableto keepthehelicopterying morestablythanwasahuman
pilot. Videosof the helicopterying areavailableat

http://www.cs.stanford.edu/"ang/rl/

6 Flying competition maneuwers

We werenext interestedn makingthe helicopterlearnto y several challengingmaneu-
vers. The Academyof Model AeronauticYAMA) (to our knowledgethe largestRC heli-
copterorganization)holdsanannualRC helicoptercompetition,in which helicoptershave
to beaccuratelyo wn througha numberof maneuers. This competitionis organizedinto
Clasdl (for beginnerswith theeasiesmaneuers)throughClasslll (with themostdif cult
maneuers,for themostadvancedpilots). We took the rst threemaneuersfrom themost
challengingClasslll, segmentof their competition.

Figure4 shavs maneuer diagramdrom the AMA website. In the rst of thesemaneuers

“A problemexacerbatedy thediscontinuitieslescribedn the previousfootnote.



(11.1), the helicopterstartsfrom the middle of the baseof atriangle, ies backwardsto the
lower-right corner performsa 180 pirouette(turningin place), ies backwardsupanedge
of thetriangle,backwardsdown the otheredge performsanotherl80 pirouette,and ies
backwardsto its startingposition. Flying backwardsis a signi cantly lessstablemaneuer
than ying forwardswhichmakesthismaneuerinterestingandchallenging.In thesecond
maneuer (111.2), the helicopterhasto performanose-inturn, in whichit ies backwards
outto theedgeof acircle, pausesandthen ies in acircle but alwayskeepingthe noseof
thehelicoptermointedat centerof rotation. After it nishescircling, it returnsto thestarting
point. Many humanpilots seemto nd this secondmaneuer particularly challenging.
Lastly, maneuer 111.3 involves ying the helicopterin averticalrectanglewith two 360
pirouettesn oppositedirectionshalfway alongtherectangles vertical sgments.

How doesonedesigna controllerfor ying trajectories?Given a controllerfor keeping
a systems stateat a point (x ;y ;z ;! ), onestandardway to make the systemmove
througha particulartrajectoryis to slowly vary (x ;y ;z ;! ) alonga sequencef set
pointson thattrajectory (E.g.,see[4].) For instance,f we askour helicopterto hover
at (0; 0; 0; 0), thena fraction of a secondlater askit to hover at (0:01; 0; 0; 0), then at
(0:02 0; 0; 0) andsoon, our helicopterwill slowly y in thex®-direction. By takingthis
procedureand“wrapping” it aroundour old policy classfrom Figure2c, we thusobtaina
computemprogram—thais, a new policy class—nofust for hovering, but alsofor ying
arbitrary trajectoriesl.e.,we now have afamily of policiesthattake asinputatrajectory,
andthat attemptto malke the helicopter y thattrajectory Moreover, we cannow also
retrain thepolicy's parametes for accumatetrajectoryfollowing, notjusthovering.

For ying trajectorieswe alsoaugmentedhepolicy classto take into accountmoreof the
couplingbetweenthe helicopters differentsubdynamics.For instance the simplestway
to turnis to changethe tail rotor collective pitch/thrust,sothatit yaws eitherleft or right.

Thisworkswell for smallturns,but for large turns,the thrustfrom thetail rotor alsotends
to causethe helicopterto drift sidevays. Thus, we enrichedthe policy classto allow it

to correctfor this drift by applyingthe appropriatecyclic pitch controls. Also, having a
helicopterclimb or descenahangesheamountof work doneby the mainrotor, andhence
the amountof torque/anti-torqueyeneratedyhich can causethe helicopterto turn. So,
we alsoaddeda link betweerthe collective pitch controlandthetail rotor control. These
modi cationsareshowvn in Figure2c (dashedines).

We also neededto specify a reward function for trajectory following. One simple
choicefor R would have beento useEquation(1) with the newly-de ned (time-varying)
(x ;v ;z ;! ). Butwedid not considerthis to be a goodchoice. Speci cally, consider
makingthehelicoptery in theincreasingk-direction,sothat(x ;y ;z ;! ) startsoff as
(0; 0; 0; 0) (say),andhasits rst coordinatex slowly increasedver time. Then,while
theactualhelicopterpositionx® will indeedincreaseit will alsoalmostcertainlylag con-
sistentlybehindx . Thisis becauséhe hovering controlleris alwaystrying to “catchup”

to themoving (x ;y ;z ;! ). Thus,x x mayremainlarge,andthe helicopterwill

continuouslyincurax x cost,evenif it isin fact ying averyaccuratdrajectoryin the
increasingx-directionexactly asdesired. It would be undesirabldo have the helicopter
risktryingto y moreaggressiely to reducethisfake “error,” particularlyif it is atthecost
of increasecerrorin the othercoordinates.So, we changedhe reward functionto penal-
ize deviation notfrom (x ;y ;z ;! ), butinsteaddeviation from (Xp; Yp; Zp;! p), Where
(Xp; Yp; Zp; ! p) isthe“projection” of thehelicopters positionontothepathof theidealized,
desiredrajectory (In ourexampleof ying in astraightline, for ahelicopterat(x; y; z;! ),

we easilysee(Xp; Yp; Zp; ! p) = (X; 0;0;0).) Thus,we imaginean“externalobserer” that
looks at the actualhelicopterstateandestimatesvhich part of the idealizedtrajectorythe
helicopteris trying to y through(takingcarenotto beconfusedf atrajectoryloopsback
on itself), andthe learningalgorithm paysa penaltythatis quadraticbetweenthe actual
positionandthe“tracked” positionontheidealizedtrajectory

We also neededto make surethe helicopteris rewardedfor making progressalong the



trajectory To do this, we usedthe potential-basedhapingrewardsof [7]. Since,we are
alreadytrackingwherealongthe desiredtrajectorythe helicopteris, we chosea potential
functionthatincreaseslongthetrajectory Thus,whenaerthehelicopters (Xp; Yp; Zp; ! p)

makesforward progressalongthis trajectory it recevespositive reward. (See[7].)

Finally, our modi cations have decoupledour de nition of the reward function from
(x ;y ;z ;! ) andtheevolutionof (x ;y ;z ;! ) in time. So,we arenow alsofree
toconsidemllowing (x ;y ;z ;! ) toevolvein awaythatis differentfrom the pathof the
desiredtrajectory but nonetheles a way thatallows the helicopterto follow the actual,
desiredrajectorymoreaccurately(In controltheory thereis arelatedpracticeof usingthe
inversedynamicsto obtainbettertrackingbehaior.) We consideredsereral alternatves,
but the main oneusedendedup beinga modi cation for ying trajectorieghathave both
averticalanda horizontalcomponen{suchasalongthetwo upperedgesof thetrianglein
[11.1). Speci cally, it turnsout thatthe z (vertical)-responsef the helicopteris very fast:
To climb, we needonly increasethe collective pitch control, which almostimmediately
causegshe helicopterto startacceleratingipwards. In contrastthe x andy responsesre
muchslower. Thus,if (x ;y ;z ;! ) movesat45 upwardsasin maneuerlll.1, thehe-
licopterwill tendto trackthe z-componenbf the trajectorymuchmorequickly, sothatit
acceleratemto a climb steepethan45 , resultingin a “bowed-out”trajectory Similarly,
an angleddescentresultsin a “bowed-in” trajectory To correctfor this, we arti cially
sloweddown the z-responsesothatwhen(x ;y ;z ;! ) is moving into anangledclimb
or descentthe(x ;y ;! ) portionwill evolve normallywith time, but the changego z
will be delayedby t secondswheret hereis anothemparametein our policy class,to be
automaticallylearnedby our algorithm.

Using this setupandretrainingour policy's parametergor accuraterajectoryfollowing,
we wereableto learna policy that ies all threeof the competitionmaneuersfairly ac-
curately Figure4 (bottom)shaws actualtrajectoriestaken by the helicopterwhile ying
thesemaneuers. Videosof the helicopter ying thesemaneuersarealsoavailableatthe
URL givenattheendof Section5.
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