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Abstract

Using pre-recordethumanmotionandtrajectorytracking,we
can control the motion of a humanoidrobot for free-space,
upperbodygesturesHowever, the numberof degreesof free-
dom, rangeof joint motion,andachievablejoint velocitiesof
today'shumanoidrobotsarefar morelimited thanthoseof the
averagehumansubject.In this paperwe exploreasetof tech-
niquesfor limiting humanmotion of upperbody gestureso
that achievable by a Sarcoshumanoidrobot locatedat ATR.
We assesshe quality of the resultsby comparingthe motion
of thehumanactorto thatof therobot,bothvisuallyandquan-
titatively.

1 Intr oduction

Humanoidrobotsarealreadycommonin themeparkssuchas
Disneyworld andUniversalStudioswheretheinvestmentor a
new attractionis substantialTo make humanoidcentertainment
robotsaviablealternatve for smallerscaleattractionsuchas
location-base@ntertainmenvenueqDisney QuestandDave
and Busters, for example)andin museumsor themerestau-
rants,we needeasietwaysof programmingheserobots. En-
tertainmentrobotsmusthave a naturaland entertainingstyle
of motion and often require substantiaimotion database$o
ensurealargevariety of behaviors.

For a humanoidrobot, such as the Sarcosrobot at ATR

(DB) [1] showvnin gure 1, oneohviousapproachs to drive

the motion of the robot with motion capturedatarecorded
from a professionabctor Suchdatawould containthe tim-

ing andmary of the othersubtleelementsf the actor's per

formance.However the currentmechanicalimitations of hu-

manoid robots prevent the recordedmotion from being di-

rectly applied,unlessthe humanactorsuseonly a fraction of

their naturaljoint rangeandmove with slower velocitiesthan
thosecommonlyseenin humanmotion.

We addressedhese limitations with straightforvard tech-
nigues:thelocationof the markersin the motion capturedata

Pollard is at the Computer Science Department, Brown University
Email: nsp@cs.bnen.edu

Hodginsis atthe Schoolof ComputerScienceCarngie Mellon Univer
sity. Email; jkh@cs.cmu.edu

Riley is at the College of Computing, Geogia Institute of Technol-
ogy and ATR Human Information Science Laboratories. Email: mri-
ley@cc.gatech.edu

Atkeson is at the School of Computer Science, Carngie Mellon
University and ATR Human Information Science Laboratories. Email:
cga@cmu.edu

Figure 1: The Sarcoshumanoidobotat ATR (DB) trackingmotion
capturedataof a humanactor

is rst mappedo the degreesof freedomof the robot by in-
versekinematicson individual limbs. Thenjoint angleand
velocity limits areimposedon the motionvia a local scaling
technique Therobottracksthetrajectoriesof thetransformed
datausinga positionandvelocity trackingsystemwith oneor
two iterationsof feedforwardtrajectorylearning.

We testedthesetechniqueswith fourteenmotion sequences
from sevenprofessionahctors.Eachsubjectperformedo the
sameaudiotrack of the children's song,“I'm alittle teapot.
We chosethis selectionbecauset was familiar enoughthat
most actorswould perform the motion in a similar but not
identicalway. It wasour hopethatanindividual's stylewould
be presered throughthe transformationsrecessaryo allow
therobotto performthe motion. Thesetransformationsesult
in signi cant changedo the motion even for the simple ac-
tionsthataccompan this children's songmakingit important
to choosescalingtechniqueghat presere the salientaspects
of the motion andto assesshe resultswith both qualitative
andquantitatve measurementsf the motion.

2 RelatedWork

Two bodiesof work arerelevantto this researchroboticsre-
searcher$ave exploredalgorithmsfor adaptinghumanmo-

tion to humanoidandleggedrobotsandresearchergn com-
puteranimationhave exploredalgorithmsfor adaptinghuman
motion to animatedcharacters.The problemsare similar in

thatbothrequirehumanmotionto beadaptedo a systemwith

differentkinematicsthanthat of the actorwho wascaptured.
But the dif culties encounteredn thetwo elds arenot the
same. The rangeof body typesfound in animatedcharac-
tersis muchgreaterthanthatseenn humanoidrobotsmaking
the adaptatiorproblemmorechallenging.On the otherhand,
the motion of animatedcharacterss lessrestrictedthanthat
of currenthumanoidrobots,reducingor even eliminatingthe
problemof handlingjoint andvelocity limits thatwe facedin



adaptincghumanmotionto the Sarcoshumanoidrobotat ATR.

Riley et al. adaptedmotion datarecordedfrom an Optotrak
motion capturesystento thesamerobotusedin thiswork [2].
If themotionwasoutsideof therobot'sjoint anglelimits, their
systentranslatedandscaledthejoint trajectoryglobally. This
approachkeptthe magnitudeof the motionsaslarge aspos-
sible but at the costof perhapausinga part of the joint space
that the humanhad not used. In somesituations,the global
scalingmight alsoreducethe magnitudeof small but stylisti-
cally importantoscillations.Becauséaheir samplemotion, an
Okinawanfolk dancehada musicalbeat this scalinglaw was
agoodsolutionandtherobotmotionresembleshatof the hu-
mandancemlbeitwith asloweroverallvelocity becausef the
reducedangeof motion.

Motion datahasbeenproposedy DasguptandNakamuraas
awayto modify thewalking patternof leggedrobotsto appear
morehuman-like [3]. Becausebalances of primary concern
in walking, they usedthe motion datato specifya trajectory
for the zeromomentpoint in the control systemratherthan
usingit explicitly asdesiredoint angles.

Dynamicallysimulatechumanshave alsobeencontrolledwith
humanmotion data. Zordanuseddatarecordedrom a mag-
netic motion capturesetupto drive the upperbody motion of
simulatedhuman gures that gesture,drum and play patty
cake [4]. Taskconstraintdor contactare enforcedby using
inversekinematicsto modify the motion trajectoriesfor the
kinematicsof a particularanimateccharacter

Playterbuilt a simulationsystemfor a two-dimensionakun-
ning characteiin which the controlleris constructedvith the
aid of motioncapturedata[5]. Simpleseno-mechanismson-
trol eachjoint to approximatelyfollow thedesiredmotiontra-
jectory. Theinput motiontrajectoriesarescaledin timein an
on-linefashionto matchthe ight andstanceimefor thechar
acterbeingsimulatedandto modify the desiredoint trajecto-
riesin orderto maintainbalanceandreduceerrorsin forward
speedand ight time.

Becauseof the dif culty of animatingcomple characters,
the animationcommunityhasdevoted a signi cant effort to
adaptinghumanmotion to animatedcharacters.In his mo-
tion editing and retagetingwork, Gleicherchoseto perform
a trajectoryoptimizationthat did not maintainphysicalreal-
ismin orderto allow interactize responsdor the user[6, 7].
In performanceanimationor computerpuppetry in contrast,
themotionis applieddirectly to the charactemwithout the op-
portunity for userintervention. Shin et al. implementedan
importance-basedpproachin which the relative importance
of joint angledfor freespacenovementsandendeffectorposi-
tion andorientationwereevaluatedbasedon the proximity of
objectsandon a priori notationsin the performers script[8].
Their systemwasusedto animatea charactein realtime for
broadcast.

3 Capturing Human Motion

We useda commerciallyavailablesystemfrom Vicon to cap-
ture the motion dataof the actors[9]. The systemhaseight
cameraseachcapableof recordingat 120Hzwith imagesof
1000x1000pixel resolution. We useda marker setwith 35
14mm markers that allowed us to measuremeasurewhole
body motion. In particular the systemcapturedwrist angles
andheadorientationbut not nger or facialmotion.

Our actorswere professionallytrained in expressve move-
mentandhadextensive danceanddramaeducation.We used
sesenactorswho areidenti ed in this paperasActors#1-#7.
They wereinstructedto performto a pre-recordecudiotrack
which enforceda similar timing for all actors.

The audiotrackwasthe children's song,“I'm a little teapoft.
We selectedhis piecebecausdt wasfamiliarto all of ourac-
tors and containedsomesequenceshat wererelatively well

prescribedy childhoodtraining (“Here is my handle hereis

my spout’) andsomesequencethat allowed morefreedom
of expression(*When | geta steamup hearme shout!). We
recordedeachsubjectperformingthe motion twice. For the
rst trial, subjectsveretold to standwithout moving theirfeet
andto tell the storythroughgesturesBeforethe secondrial,

the subjectswere shovn a movie of the robotin motion, in-

formally coachedon the joint anglelimits of the robot, and
instructedto try to constraintheir motion to be closerto the
limits of the robot. We did not seea noticeabledifferencein

their gesturedbeforeandafterinstruction.

4 Techniquesfor Limiting Human Motion

The capturedmotion mustbe processedn several ways be-
fore it canbeappliedto the humanoidrobot. Firstthe motion
is constrainedo matchthe degreesof freedomof the robot.
Thenjoint angleandvelocity limits areapplied. A trajectory
trackingcontrolsystemis thenusedo follow themotion. Sub-
sequentterationsof trajectorylearningimprovethetrajectory
trackingperformanceEachof thesestagess describedn de-
tail in the sectionselow.

4.1 Constraining the motion to the joints of the robot

The processednotion capturedatausedfor our experiments
wasgeneratedrom raw datacollectedduringthe motioncap-
ture sessionusing Vicon's Bodyhuilder software. The raw
marker datais mappedonto a skeletonhaving 39 degreesof
freedomin the upperbody ( gure 2). Link lengthsfor the
skeletonarespeci c to eachhumanactor, andareestablished
by the software basedon a calibrationposetaken during the
motion captureshootfor thatactor

Themotioncapturedatais mappedo theless e xible skeleton
of therobot( gure 2) by settingjoint anglesto matchthe ori-
entationof eachsegmentof the robotwith the corresponding
link or setof links of the humanskeleton. Head,upperarm,
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Figure 2: Degreesof freedomfor the upperbody of the motion
captureskeleton(left) andthe robot (right). For the hu-
manskeleton,all joints arethreedegreeof freedomball
joints exceptthe ROOT (6DOF), the elbonvs L_EB and
R_EB (1DOFeach) andtheclaviclesL _CLV andR_CLV
(2DOFeach).

lower arm, and handorientationscould be matcheddirectly,
becauséoth skeletonscontainthoselinks. Thetorsoorien-
tation of the robotwas setso that the triangle containingthe
waist andshouldemositionshadthe sameorientationfor the
two skeletons. Joint limits were disregardedduring this part
of theprocess.

4.1.1 Gimbal Lock: Jointanglesshow largevariations
when the robot is neargimbal lock. Regions near gimbal
lock were encounteredrequentlyin thesemotions because
the robot shoulderhasa singularitywhenthe armsare at 90
degreesabduction,or swungout to the side of the body to
a horizontalposition. In this position, the rotationalaxes of
the motorsfor e xion/extension(R_SFE or L _SFE) and for
humeralrotation(R_HR or L_HR) align with oneanotherand
onedegree-of-freedonis lost.

To addresshis problem,we locateregionsin the datathatare
neargimballock andcomputea restricteddegree-of-freedom
solutionwithin thoseregions. The procesdor a singlejoint
rst creategwo solutiontracks. The desiredrotationaltrans-
form for thejoint is extractedfrom the motion capturedataat
eachframe of the motion sequence.Two solutionsare pos-
sible for converting ary rotationaltransformto desiredjoint
angles.Thesetwo solutionsare swappedandadjustedoy
asneededo createtwo tracks(of threejoint angleseach)that
vary smoothlyovertime.

Seconddesiredjoint anglesareconstructedrom the two so-
lution tracks.Time periodswhentherobotis neargimballock

aremarked. For time periodswhenthejoint is notneargimbal

lock, thesolutionclosesto themiddle of thejoint anglerange
is selected. For time periodswhen the joint is neargimbal
lock:

An initial guesds generatedby linearly interpolatingbe-
tweenjoint anglevaluesat the startand end of the time
period.

Giventhisinitial guessajoint anglesolutionis computed
assumingherobotis in a singularcon guration. When
therobotis in a singularcon guration, only the sumor
the differenceof the two alignedjoint anglesis known.
ForZYX x ed-axisanglesfor examplejf , ,and are
theZ, Y, andX axisrotationsrespectiely, thesolutionis:

—— 1)
—— )

where indicatesrow , column of rotationmatrix

Thetwo angles and areadjustedequallyfrom their
linearly interpolatedinitial guessto obtain the desired
sumin the casewhere , or differencein the
casewhere

4.2 Joint Angle Limits

The rangeof motion of thejoints of therobotis signi cantly

lessthanthat commonlyseenin humanmotion. Therefore,
scalingthemotionappropriatelyto bringit within thejoint an-
gle limits of therobotis particularlyimportantfor preserving
the style of the motion. We useda non-uniform,local scal-
ing to modify eachtrajectoryof the motionto lie within the
joint limits of therobotwhile retainingmostof theindividual

oscillationsseenin the original motion.

Looking at eachjoint angleindependentlyeachsegmentof
motionthatis greatethanthejoint anglelimit  isidenti ed
(similarly for sgmentsof motion that are lessthanthe joint
anglelimit ). Thesggmenthasendpointsntimeof and
anda maximumvalueof . Thesggmentis thenexpanded
in time by a usercontrolledmargin thatis a fraction of the
lengthof the segment.This expansiormprovidesnew endpoints
and where
for thetrials shavn in this paper All of themotionwithin this
expandedseggmentis then scaledby a linear blend between
two scalefactors, and where

— ®3)
— (4)

With  aweightingfunctionfor alinearblendfrom Oto 1 over
theexpandedsegment,we have

®)

(6)
()



Position and Velocity Scaling: Actor #7, Trial #8, Joint B_TAA
0.2 T T T T T

‘ Origina‘l P
Joint Limits -------
- Velocity Limits

02

04

Angle (radians)

06

08

. . . . . . . .
13 135 14 145 15 155 16 16.5 17 175
Time

Position and Velocity Scaling: Actor #7, Trial #12, Joint L_EB

" Original —
22 Joint Limits ------- B
’ Velocity Limits

Angle (radians)

. . . . .
10 105 11 115 12 125 13 135 14
Time

Position and Velocity Scaling: Actor #7, Trial #8, Joint R_SFE

"Original ——
Joint Limits ------- i
Velocity Limits

Angle (radians)

Figure 3: Resultsof positionandvelocity scaling. All plots shav
the original mappingto the robot's degreesof freedom,
the curve after local scalingto joint angle limits, and
the curve after both joint angle and velocity scaling.
(Top) Scalingof the waistabduction/adductio(B_TAA)
axisasthe performerbendsto the left. The original bob-
bingmotionis still evidentin therobot'smotion,although

it hasbeenmoved to a differentpart of the workspace.

(Middle) Scalingof theleft elbow joint (L_EB). Both lo-

cal joint scalingandvelocity scalingeffects are seenas
the performerthrows herarmsout nearly straight. (Bot-

tom) Scalingof theright shouldere xion/ extensionjoint

(R_SFE).Herethe performer ings herarmsup into the
air, holdsthemtherefor ashorttime andpullsthemdown-

ward abruptly The robot cannotraiseits elbovs much
above the shoulder and velocity limits for the shoulder
are somevhat severe, so the scalingtechniquesconvert

this motionto a more subduedxtensionof the armsout
to the sides.

Figure 3 shaws joint anglesthat were scaledusingthis algo-
rithm. The local oscillationsthat occuroutsideof the range
of motion of the robotarepreseredalbeitat a reducedscale
in thetop graph. The bottomgraphshavs a motion segment
thatis dif cult to scalebecause¢he amplitudewasdrastically
reducedy thejoint anglelimits.

For somejoint angletrajectorieslocal scalingmay not give

the bestanswer For example,percussie movementssuchas
striking adrummight bestbe scaledby truncationto presere
the velocity of the movementup until the joint anglelimit is

reachedIf maintainingthe speecbf amovementascloselyas
possibleis moreimportantthantheabsolutgoint angle thena
globalscalingalgorithmwould allow the useof thefull range
of motionatthecostof moving thejoint into a partof therange
thatthe original motiondid notuse.

4.3 Velocity Limits
The joint velocitiesare computednumericallyfrom the joint
positiondata.Velocity limits for eachjoint wereobtainedem-
pirically. Eachjoint anglecurve is scaledby averagingthe
resultsof an ideal, simulated,velocity-limited tracking con-
troller run bothforwardandbackwardin time. Giventheorig-
inal curve , the controlleris run forward to produce
for all time steps asfollows:
(8)
9)
(10)
(11)
where and arethelower anduppervelocity limits for

this joint respectiely, andall valuesfor out of boundsindices
aresetto zero.

Runbackward,thecontrollercomputes asfollows:

(12)
(13)
(14)
(15)

The nal, velocity-limited curve
wardandbackwardpasses:

is the averageof the for-

(16)

Thecontrolleris setto becritically dampedandthetime con-
stantfor responséo errorsis determinecy a singlestiffness
parameter . Averagingthe forward and backward simula-
tions producesa curve thathasbeenmodi ed symmetrically
in time (gure 3).

4.4 Trajectory Tracking and Learning

The joint angleand velocity limited trajectoryis usedasin-
putto atrajectorytrackingcontrol systemthatcomputegoint
torquesfor therobotusinga PD seno:
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Figure 5: Two trials for eachof sevenactors. Theimagesshav the actorin the posethataccompaniethe endof “Here's my handle heres my

spout”aswell asthe correspondingosefor therobot.
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Figure 4: Severalsecond®f anexampletrajectorybeforeandafter
trajectorylearning.

where and arepositionandvelocity gainsrespectrely,
is the desiredtrajectorycalculatedrom the humanmotion
data, is the velocity of that trajectory (computednumeri-
cally)and and arethejoint angleandjoint velocity of the
robot. Thegainswerehand-tunedo bestiff withoutproducing
vibrationfor themotiontrajectoriesn ourtestset.

Thejoint anglesproduceddy thetrajectorytrackingseno nec-
essarilylag behindthe desiredjoint angles. We reducedthis
lag and provided gravity compensatiorwith a feedforward
term. Thefeedforwardtermwascomputedoy runninga par
ticular trajectoryand recordingthe torquefrom that trial for
useasthe feedforwardterm on the next trial. This approach
to trajectorylearningwas originally proposedby Kawato et
al. [10, 11]. Figure4 showvs anexampletrajectorybeforeand
after trajectorylearning. The resultspresentedn this paper
areafteroneor two iterationsof feedforwardlearning.

5 Assessmenbf the Motion Quality

Figure 6 shawvs the motion of one of the trials for actor#7
sampledevery 0.33sec.In mary of the framesthe robot mo-
tion is a good match for the actors. However, the end of
the fourth row of pairedimagesshaws the effect of the lim-
ited shouldermotion both in how high the robot can raise
its arms (L_SAA, R_.SAA) and in humeralrotation (L _HR,
R_HR). The motion from this trial and otherscanbe viewed
athttp://www.cs.cmu.edu/ jkh/style/.



Figure 7: Differencebetweenthe recordechumanmotion mapped
to therobot's degreesof freedombut notjoint angleor ve-
locity limited andtheactualmotionexecutedoy therobot.
Eachnumberis theaverageof the sumsquarecerrorover
theeightjoint angleg(in tenthsof rad ). Thetableshavs
thehumanmotionfor eachof thefourteentrialscompared
to therobot motion for eachtrial. If therobottrajectory
is agoodmatchfor the humanmotion, we would expect
smallernumberson the diagonal(bold). If the othertrial
from thatactor(alsobold) hasalow numberthenthetwo
trials weresimilar.

Figure5 shavstwo trials for eachof sevenactors.Theimages
shav the actor and the robot in the posethat accompanied
“Here is my handle,hereis my spout. The differencese-
tweeneachof thetwo performancefor anactorarein general
much smallerthanthe differencesetweerthe actors. Simi-
larly, the robot motion for oneactortendsto be more similar
thanthemotiongeneratedby thetrajectoryrecordedrom dif-
ferentactors.

Figure 7 shaws the differencebetweenthe recordedhuman
motionmappedo therobot's degreesof freedombut notjoint
angleor velocity limited andthe actualmotion executedby
therobot. Smallnumbersalongthe diagonalindicatethatthe
robotmotionwasa goodmatchfor the correspondindgiuman
motion.

6 Discussion

This paperdescribesour approachto scalinghumanmaotion
capturedatato the capabilitiesof ahumanoidrobot. Jointand
velocity limits wereincorporatednto the motion usinglocal
scalingalgorithms andthemotionwasprocessetb avoid arti-
factsdueto the singularitywithin theworkspaceof therobot's
shoulder

Probablythe greatestimitation of this approachs thatwe are
scalingthe degreesof freedomof eachjoint independentlyln
motion sgmentswhereone degreeof freedomof a joint ex-
ceedsts limits but anotherdoesnot, this producesnotionthat

doesnot matchthatof the actor For example , whenthe actor
bendsboth sidavaysandforward, the resultingrobot motion
is primarily forward becauseof the joint limits at the waist
joint. The motion might morecloselymatchthat of the actor
if the motion of both degreesof freedomwerescaledto keep
their relative movementthe same.The principle of scalingall

degreesof freedomof a joint togethercould be extendedto
scalingthe motionof alimb asoneelement By usinginverse
kinematics,we could ensurethat the location of the robot's
handmatchedhatof the actor's ascloselyaspossible While
this criterionis notimportantfor all tasksit would allow con-
tactbetweerbody partsandwith objectsin the environment.

Earlier work with this robot hasincludeda dynamicsmodel
for usein feedforward control [12]. We consideredhat ap-
proachbut choseto usetrajectorylearninginsteadbecausét

waseasyto applyandhandledaskdependenactuatodynam-
icsandfriction. Inversedynamicsrequiresdatafor thedesired
acceleratiorwhich hasto be computedby differentiatingthe
motion capturepositiondataand Itering heavily.

Although the resultingrobot motionis often recognizableas
having mary of the salientcharacteristicef the actor's mo-
tion, thereare also mary detailsthat are missing. We asled
the actorsnot to move their feet, but someof the capturedse-
guencegontainsigni cant hip, knee,andanklemotion. This
motion was discardedand only the motion from the pelvis,
torso,armsandheadwasprocessedWe restrictedthe motion
in this way becausehe robotwasnot designedo supportits

own weightandtrackingthelowerbodymotionwhile holding
thepelvisstationaryandthefeetoff thegroundwouldresultin

motionthatdid notatall resembldhatof theactorstandingon
the ground. If whole body motionwasrequired,for example
for adaptingmotionfor a humanoidrobot capableof walking
thenmotion stability would have to be addressedh addition
to thejoint andvelocity limits asdiscussedhere.

Our motion capturewaslimited aswell. For example,direc-
tion of gazeis often importantfor communication particu-
larly in corversationakurn taking. Our motion capturesys-
temrecordgshe positionandorientationof theheadbut cannot
recordthe gazedirectionof the eyesrelative to the head.The
robot hasactuatorso control the gazedirection of cameras
locatedaseyesin the headwhich werenot usedin theseex-
periments.We could synthesizeéhe missinginformationwith
heuristicsabouthow peopledirecttheir gazerelative to their
heador usean eye tracker to recordeye gazealongwith the
motiondata.Althoughtheimportanceof eye gazeasastylistic
elementis not known, it hasbeendemonstratedo be impor-
tantbothin the performancef acorversationatobot[13] and
in anavatarusedfor a negotiationtask[14].

We recordedseveral othermotionsin additionto “I'm aLittle
Teapot”but, as performedby our actors,eachof thesemo-
tionsinvolved signi cant contactor nearcontactbetweerthe
actorsbodysegments Whenthesemotionswerescaledo the
degreef freedomandlimb lengthsof therobot,therewasin-
terpenetratioof body segmentsandthe trajectoriescould not



be run safely on the robot. Smallinterpenetrationgould be
resolhed by detectingcollisionsandusingthe Jacobiarof the
robotto perturbthe trajectoryandavoid the collision. Larger
interpenetrationmight requirea planningalgorithmto deter
mine how thetrajectoryshouldbe altered.Becauséhe origi-
nal motionwasproducedyy actorswhosekinematicstructure
is similar to that of the robot, we hypothesizehatthe simple
approachmightbesufcient.

In the longerterm, we would like to morerigorouslyanswer
the questionof whetherthe style of anindividual actoris re-
taineddespitethe transformationperformedon thedatato t
it to therobot. We planto shav pairedvideosof motions(one
robot, one human)to subjectsand askthemwhetherthe two
videosarebasedon the samemotion sequencelf theresults
of this experimentshow thatthe subjectsareableto make this
distinctionthenwe will have demonstratethatthestyle of an
particularperformancevasretained A secondmoredif cult,
testwould asseswhetheranindividual'sstyleis recognizable.
In this experiment subjectavould view severalinstancef a
particularactor performingand then decideif a given robot
motionhadbeenperformecby thatactor If subjectscanmake
this judgmentsuccessfullythenthe actor's style hasbeenre-
tainedin the motion.
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Figure6: Actor #7, Trial #12sampledeverytenframes(0.33sec).



