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Abstract
Thehumanhandis a complex organcapableof bothgrossgraspand �ne motorskills. Despitemanysuccessful
high-level skeletal control techniques,animatingrealistic hand motion remainstediousand challenging. This
paperpresentsresearch motivatedby the complex �nger positioningrequired to play musicalinstruments,such
astheguitar. We �r st describea datadrivenalgorithmto addsympathetic�nger motionto arbitrarily animated
hands.Wethenpresenta procedural algorithmto generatethemotionof thefrettinghandplayinga givenmusical
passage on a guitar. Thework here is aimedas a tool for musiceducationand analysis.Thecontributionsof
this paperare a general architecture for theskeletalcontrol of interdependentarticulationsperformingmultiple
concurrentreachingtasks,anda procedural tool for musiciansandanimatorsthatcapturesthemotioncomplexity
of guitar �ngering.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Animation

1. Intr oduction

The humanhandis an essentialpart of humanform, func-
tion, and communication,capableof complex, expressive
articulation. Its complicatedneuro-physiology makes it a
formidablechallengefor animatorsto emulate.Most com-
puter graphicsresearchon hand motion has focusedon
graspingandgestures27; 12 with applicationto areasof robot
planning,prosthetics,humancomputerinteractionandsign
language.

Therearealsoanumberof pervasiveapplicationssuchas
typing, theplayingof musicalinstrumentsandmany sports,
where �ne motor control of the hand is usedto accom-
plish multiple concurrentreachingtasks.The motor skills
for theseapplicationsare learnedover time andthe devel-
opmentof form andtechniqueis animportantareaof study
for educators21. Theseapplicationsarealsoa majorsource
of repetitive stressinjuries andthusof greatimportanceto
medicalresearch5; 20. Fromacomputergraphicsstandpoint,
theseapplicationsare dif�cult to animaterealistically and
arerelatively unexplored.

Kinematics,dynamicsand recentmotion-capturebased
techniquesprovide character animators with high-level
skeletalcontrol.Theseapproachesby themselvesfail to cap-
ture the subtletiesof hand motion performing concurrent

reachingtasksfor two mainreasons.The�rst is thattypical
inversekinematics(IK) algorithmsaredesignedto dealwith
constraintsalongasinglechain,whereasamulti-appendage
limb like thehumanhandhasconstraintsbetweenjoints of
different chains.The secondshortcomingis that IK solu-
tionstypically mapasingleend-effectorto asinglereaching
goal 28; 33. A sequenceof reachingtasksmust,therefore,be
performedin orderby thesameend-effector. Thereis anex-
ponentialincrease,however, in thenumberof waysby which
a multi-appendagelimb may satisfy a sequenceof multi-
pleconcurrentreachingtasks,suchasplayingasequenceof
chordson a guitar (Figure10). This is further complicated
by the fact that sometimesan entire�nger may be usedas
a largeend-effectorto satisfymultiple reachinggoalssimul-
taneously(shown by theindex �nger playinga barchordin
Figure10(c)).Our researchis motivatedby musiceducation
in generalandtheguitar in particular, wherenot only must
theplayerdecideonachoiceof �ngering but alsodosowith
economyof effort andaslittle sympathetic�nger motionas
possible.

An architecturethat mapsmultiple-appendagesto multi-
plegoalsmustmakedecisionsonthechoiceof end-effectors
with whichto satisfyasetof reachinggoals.Thesedecisions
arebasedon variousappendageparametersandconstraints,
the geometryandcurrentpositionof the articulationswith
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Figure1: Systemarchitectureoverview.

respectto eachother, andthespeci�edreachinggoals.Once
end-effectorshavebeenmappedto thegivengoals,theprob-
lem reducesto the traditionalsinglechainscenario,where
we can apply a wealth of well-establishedkinematic,dy-
namic and even motion-capturebasedalgorithms.The re-
sultsof thesinglechainsolutionsthenneedto beintegrated
to accountfor joint interdependenciesacrossarticulations.
This architectureis shown in Figure1. Sucha modularab-
stractionof joint interdependenciesonly works well on the
assumptionthat the incrementalsympatheticjoint motions
are small in comparisonto overall reachingmotion of the
multi-appendagelimb. In section3, we show that this can
be appliedin the context of the humanhand.The modular
designallowsusto improve thequalityof arbitraryhandan-
imationsby addingany missingjoint interdependencies.

The contributions of this work are broken up into two
mainparts,the�rst is describedin section3 andthesecond
in section5.Westartby �rst showing adata-drivenapproach
for modelingthesympatheticmotionbetween�ngers of the
hand.We usea k-NearestNeighborsearchto maparbitrar-
ily speci�edhandcon�gurationsto realistichandcon�gura-
tions.The fretting handplaying guitar (Figure9) is oneof
the mostcomplex applicationsin which the handperforms
a sequenceof multiple concurrentreachingtasks.Section
5 developsa proceduralalgorithm to control the fretting-
hand for a given pieceof music. The algorithm homoge-
neouslyaddressescomplex parameterssuchasthesizeof the
handrelativeto theguitar, thenumber, geometryandrelative
strengthof different�ngers andthemusicreadingskill of the
player. The resultis a systemthat canbeusedasa tool for
musiceducation,comparisonandanalysisof variousplay-
ing styles.While the algorithm is designedand described
for guitar, the costminimizationapproachgeneralizesto a
numberof similar problems,suchas typing and complex
grasps,where�ngers choosemultiple pointsof support.In
generalmany aspectsof this work have a broaderimpact
on theskeletalcontrolof structureswith interdependentap-
pendagesperformingmultipleconcurrentreachingtasks.

An overview of the restof the paperis as follows: sec-
tion 2 discussesrelatedwork. Section3 describesthedesign
of ourhandmodelandthedata-drivenapproachto modeling

sympatheticmotionbetween�ngers.Section4 thenprovides
basicguitarterminologyandade�nition of thefretting-hand
problem,a proceduralsolutionto which is presentedin sec-
tion 5, followedby implementationdetailsin section6 and
adiscussionof resultsin section7. Section8 concludeswith
thescopefor futurework.

2. PreviousWork

Thehumanhandis a fertile areaof researchin many disci-
plines.Weclassifyrelevantwork herein termsof broadarea
of research.

Anatomy. Studieson the limitations and constraintsof
thevariousjointsof thehandarewell understood.Theinter-
dependency of the variousjoints, however, is largely based
onempiricalobservation9. It is thatinterdependency thatwe
strive to capturein the handmodelpresentedin this paper.
The currentlyacceptedtheoryfor the causeof sympathetic
movementin thehandis dueto acombinationof biomechan-
ical andneurologicalconstraints.Biomechanicalrestrictions
are partially due to the muscleand tendoncon�guration.
Muscles,suchastheExtensorDigitorum Communisin the
forearmhaveinsertionsin multiple joints(Figure2).Theac-
tivationof suchmusclesthusresultsin theexcursionof mul-
tiple tendons.The tendonsalsorestricteachothersmotion
dueto their con�gurationandcloseproximity. Neurological
constraintsarealsobelievedto contributeto thesympathetic
motion 30; 7. Understandingtheneuro-physiologyof thehu-
manhandis still anareaof active researchandnot yet ma-
tureenoughto constructananatomicallycompletemodelfor
sympathetichandmotion.

Robotics. Roboticsresearchershave studiedthe handin
thecontext of graspingandmanipulationplanning24. Koga
et al. 12 usepre-con�guredhandposturesandchoosefrom
amongthemto selectthepropergrasp.Muchof thework in
thisareatreatsthehandasamitt thatcangraspandmanipu-
lateobjects,but generallydoesnot dealwith the�ne motor
capabilitiesof the�ngers.

Animation Industry . Animators today usea combina-
tion of IK andexpressionsto providehigh-level controlover
kinematics.The spreadof the palm (adduction/abduction),
the clenchingof the �st, andthe curling of each�nger are
examplesof high-level forward kinematiccontrol that are
usuallyblendedtogetherwith inversekinematicsunderuser
control.

Graphics and Vision. Although othershave considered
branchedkinematicchains32, we addressthespeci�c prob-
lem reachingof multiple goalsby multiple interdependent
articulatedchains.Visionresearcherssolvetheinverseprob-
lem andhave employed simpli�ed handmodelsfor image
basedgesturerecognition.Early work on grasping27 rec-
ognizedthe importanceof the interdependenceof the hand
joints introducingthecommonlyusedjoint angleconstraint
qDIP = 2

3qPIP (seeFigure 2). We usedthe datameasured

c
 TheEurographicsAssociation2003.



ElKoura andSingh/ AnimatingtheHumanHand

MCP Joint

(Metacarpophalangeal)

PIP Joint

(Proximal Interphalangeal)

DIP Joint

(Distal Interphalangeal)

Extensor

Digitorum

Communis

Figure 2: Bonesand joints of the hand and the Extensor
DigitorumCommunis.

Index Middle Ring Little

Average 2:91� 4:24� 0:80� 4:60�

Stddev 19:82� 16:28� 10:80� 15:03�

Table 1: Average and stddev of the measured value of
qDIP � 2

3qPIP in degreesover approximately20,000sam-
ples.

from arealsubjectandfoundthattheconstraintis toorough
an approximationfor intricatecontrol of the hand.Further,
for applicationssuchastheplayingof musicalinstruments,
thereis amarkeddifferencein the�nger interdependenceof
playersof differentskill levels.The averagedifferencebe-
tweenDIP andPIP andstandarddeviation aresummarized
in Table 1 and an exampleof wherethe assumptionfalls
shortis shown in Figure3.

Thehandposturereconstructionwork of LeeandKunii 15

proposeda modelthat includeddependenceconstraintsbe-

Figure 3: Exampleof hand posture where the assumption
qDIP = 2

3qPIP is inadequate.

tweentheDIP andPIPjointsof each�nger andamongMCP
jointsof therestof the�ngers. Thiswork,however, doesnot
capturethe interdependenciesthatexist amongtheDIP and
PIPjointsof different�ngers.

Other work focuseson the skin deformationsnecessary
for realistic hand modeling 22; 11 built upon any arbitrary
skeletalcontrolapproach.

A lot of interesthasrecentlybeengivento motioncapture
techniques16; 13; 2; 14; 25; 17. Theseworks show how motion
capturedatacanbe segmentedandusedto effectively syn-
thesizenew motion. We alsoadopta data-driven approach
to generaterealistichandmotion.PullenandBregler 25 de-
scribeamethodfor usingmotioncapturedatato addrealism
to existingkeyframedanimation.As in theirwork wedonot
explicitly playbackcompletemotionclipsbut ratherusethe
motiondatato correctarbitrarily generatedhandanimation,
shown in section3.

Music. Ourproceduralguitarplayerisauniquecomputer-
simulatedaid to music educationand analysisof playing
style. The marriageof musicandcomputergraphicshow-
ever is not new andhasbeenappliedeffectively by many,
includingLytle 19; 18, Bargar 4 andHänninen10.

Sayegh 29 presentsadynamicprogrammingalgorithmfor
avariantof the�ngering problemfor stringinstruments.Un-
like Sayegh's solutionto a sequenceof notes,ourssolvesa
polyphonicproblemandhandleschords.Our approachalso
employs variousparametersthatprovide ananimatoror ed-
ucatorwith controlover theresultingsolution.

3. Hand Model

The humanhandhas27 degreesof freedom:4 in each�n-
ger, 3 for extensionand�e xion andonefor abductionand
adduction;the thumbis morecomplicatedandhas5 DOF,
leaving 6 DOFfor therotationandtranslationof thewrist 1.

To accuratelymodel the hand,a completemodelof the
muscles,tendons,bonesand a neurologicalcontrol struc-
tureis necessary. Thedynamicsof suchacomplex modelare
still poorlyunderstood,forcingtheuseof simpli�ed models.
Currentmodels15; 23; 31 aretoo simpli�ed for our purposeso
weturnto recentwork from themedicalcommunityto moti-
vateassumptionsusedin anew modelthatweproposehere.
Weusea27DOFmodelof thehandwith thefollowing sim-
plifying assumptions:

1. Thethumbis independentof theother�ngers.
2. Adduction/abductionof the�nger jointsareindependent.
3. Motion frequency doesnotaffect joint interdependence.
4. Bothhandshave thesameinterdependencemodel.
5. The postureof the wrist and the restof the arm do not

affect theunderlyinginterdependencestructure.

Assumption1 canbe veri�ed by casualobservation,but
is alsoquanti�ably justi�ed by Häger-RossandSchieber9.
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We thusdo not includethe5 DOF thumbin theinterdepen-
dencemodel.Abduction and adductionis the side-to-side
movementof �ngers. Thatthesemotionsarenotaffectedby
interdependenceconstraintsis asimplifying assumptionthat
seemsreasonablebut is not supportedby researchknown to
us. Assumption3 is known to be false.The independence
of the �ngers is inverselycorrelatedto their movementfre-
quency. Thedegreeto whichindependenceis affectedis fur-
therexploredby Häger-RossandSchieber, andmaynothave
a large practicalimpact for our purposes,however, a more
completemodelwouldcertainlyincludethisfactor. Weleave
theremoval of this assumptionasfuturework. Assumption
4, supportedby Häger-Rossand Schieber9, allows us to
talk freely of the handwithout having to specify whether
we meanthe left handor the right hand.Häger-Rossand
Schieberquote�ndings that �nger dexterity is maximized
whenthewrist is extended10-20degreesbut in generalthe
effectof thearmandwrist postureontheinterdependenceof
�ngers is not clearlyunderstood.We make assumption5 to
reducethedimensionalityof our interdependentDOFs.We
observe,though,thatourdata-drivenmodelcanbeeasilyex-
tendedto includedatafor thewrist, armor any otherjoints
ascontributing to theinterdependentDOFs.

Theabove� veassumptionsleaveuswith thetaskof mod-
eling the12 moststronglyinterdependentjoints of thehand
(MCP, PIPandDIP of the4 �ngers).

3.1. PostureReconstruction

Motion captureof realhandswasusedto extractthespaceof
possiblehandcon�gurations.Two NDI Optotrak3020cam-
eraswereconnectedandcalibratedto capturethepositionof
24 IRED markers.Fourmarkerswereplacedalongeach�n-
gerandthreealongthethumb,leaving � ve thatwereplaced
along the wrist. The 3D position dataof the markers was
�ltered andconvertedto joint-anglecon�gurations6.

Oursampledatais ageneralcaptureof handmotiondrills
and�nger wiggling, which is usedto correctpartially spec-
i�ed handcon�gurations.We speci�cally did not chooseto
only include taskspeci�c motionsso that we may be able
to apply the datato arbitraryhandanimations.The differ-
encebetweenIK by exampleapproaches(wherecomplete
posturesarestrictly determinedby sampledata)28 andour
posturecorrectionis subtlebut importantfor problemspaces
with requirementssuchasours:(a) a complex motionspace
with singularities;(b) many differentwaysof realizingthe
samegoals; (c) preciseIK requirementswith multiple hit
pointson thesame�nger like with barchords;(d) theabil-
ity to isolatemotionresultingfrom joint interdependencies.
This model is applicableto any animationinvolving hands
and can be turnedon/off seamlesslyin currentanimation
work�o ws.

The joint anglesresultingfrom the motion capturepro-
cessarepoints,Qi 's, in a 12 dimensionalvectorspace.To-

getherthey representthephysicallypossible�nger joint con-
�guration space.Ourproblemis asfollows: Givenadesired
(sometimesonly partiallyspeci�ed)handcon�guration,�nd
aproximalposturein thespaceof physicallyattainablepos-
tures.Mathematically, we canmodeltheproblemasa func-
tion thatmapsajoint anglevectorto anotherjoint anglevec-
tor. Theinput to thefunctionis two 12D vectors:a joint an-
gle vector F and a weight vector w; the output is a joint
anglevectorY . Thejoint anglevectoris adesiredhandpos-
tureandtheweightscapturetherelative importanceof cor-
respondingjoint angles.Theweightvectorfor Figure8, for
example,would have the weight valuesfor the joint angles
of the index �nger (controlledby IK), higherthanthosefor
theremainingunconstrained�ngers. Theoutputjoint angle
vectorY is theresultingrealisticcon�guration.

The handmodel is designedto be a modularand inter-
active post-processto an arbitrary skeletal control system.
The weight vectorprovidesthe skeletalcontrol systemthe
capabilityto specifyapartialposture.

The model is implementedusinga k-NearestNeighbors
searchin a 12D spaceto retrieve theplausiblejoint angles.
Firstly a choicefor k mustbemade.If suf�cient dataexists,
achoiceof k = 1 returnsthenearestneighbor, whichis guar-
anteedto beavalid con�gurationsinceit wascapturedfrom
a real hand.In the absenceof suf�cient data,we choosea
largerk andinterpolatebetweenthek nearestneighbors.In
practice,a valueof k = 3 or k = 4 givesgoodresultsfor a
databaseof � 20;000samples.

WeuseaweightedEuclideandistancemetricgivenby

di =

vu
u
t

12

å
j= 1

w j ((Qi) j � F j )2 (1)

The interpolationweightsfor thek nearestneighborsare
de�ned by

wi =
e� bdi

å k
j= 1 e� bdj

(2)

wheredi is thedistanceof the ith nearestneighborandb
is adecayparameter.

The outputjoint vectorY is an averageof the joint vec-
tors of the k nearestneighbors,proportionalto their inter-
polationweight. It is worthwhile noting that unlessk = 1,
thereis no guaranteethat the interpolatedcon�guration is
physically possible.However, unlessthe datais extremely
sparse,blendingbetweenasmallnumberof k nearestneigh-
borsdoesnot produceundesirableresults.We alsonotethat
sincethe handscon�guration spaceis not necessarilycon-
vex, it is possible,evenwith densesampling,for thek near-
estneighborsof aninput postureto have very differentcon-
�gurations.This is especiallytrueof partiallyspeci�edinput
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postures.Weshouldthustakecareto pick asingleclusterof
spatiallyproximal neighborsfor blendingto be valid. The
algorithmbottleneckis thek-NearestNeighborssearch.We
founda k-D treebasedschemeto give us interactive results
for 20,000datapointsin a12dimensionalspace.For higher
dimensionality, approachessuchastheapproximatenearest
neighbor3 mayprovidebetterresults.

3.2. Joint Blending

A problemwith modifying an IK solutionis that the guar-
anteeof reachinga given target is lost. A similar problem
exists whenmodifying a dynamicsolutiondueto collision
responseor constraintsatisfaction. While the weight vec-
tor can strongly bias the hand model to preserve the an-
gleson joints controlledby theinput skeletalcontroller(see
Figure1), a precisesolutionmay be desirable.This canbe
solvedby aniterative skeletalcontrolandhandmodelloop,
converging to a desiredaccuracy. As thereis no guarantee
of convergence,theloopcanbemademoreef�cient in prac-
ticeby simplyblendingin theallowablecorrectionsthehand
modelcanmaketo any givenjoint angle.Thisblendis based
onanotherweightvectorprovidedby theskeletalcontroller,
andbringsthecomputedhandposturecloserto thedesired
solution.

3.3. Joint Retargeting

Thehand-datais storedasjoint-anglevectors;noothercon-
ceptof spaceis requiredfor our purposes.Retargeting the
datamodelto ahandof differentsizeis thusstraightforward,
so long aswe arenot concernedwith space-constraintsex-
ternal to the hand.Detectingobjectgrasps,andotherspe-
ci�c �ngertip constraintscanbe donein the way described
by Gleicher8. Whetherthesympatheticmotionbetween�n-
gersis affectedby the sizeof the handitself remainsto be
explored.

4. The Guitar

The guitar is amongthe mostcomplex instrumentsto play
with respectto overallhandmotion.Thefretting-handprob-
lem is the task of providing the skeletal control of the
fretting-hand(seeFigure9) neededto play a givenpieceof
tablature(seeFigure8). This problem,of greatimportance
to guitar playersandteachers,inspiresthis researchandil-
lustratesthecomplexity of handmotionrequiredto perform
multiple concurrentreachingtasks.In this sectionwe pro-
videsuf�cient backgroundandguitarterminology.

A guitar producessoundthroughthe vibrationof strings
(typically 6) that arestretchedacrossits neckasshown in
Figure4. The stringsare numberedfrom 1 (highestpitch,
lightestgauge)to 6 (lowestpitch,heaviestgauge).Themu-
siciancanplaydifferentnotesby pressingdown onthestring
at calibratedlocationsalongtheneck,calledfrets.Thefrets
arenumberedin increasingorderfrom thenut (fret 0).

Figure4: Theanatomyof a guitar.

Thetwo handsplay differentbut equallyimportantroles.
The dominanthandtypically strumsor plucks the strings.
The fretting handcontrolsthe notesplayedby pressingthe
stringata fret.

Tablatureis a commonly usedform of guitar notation
(Figure7). Six horizontallineseachrepresenta string(1 to
6 from top to bottom)on a guitar. Notesareplayedin time
from left to right. Numbersareplacedon lines to indicate
which fret on the correspondingstring mustbe held down.
Weuseanaugmentedform of tabnotationin whichthespac-
ing betweennotesindicatestherelative timing of thenotes.
Notethattablaturedoesnot tell theplayerwhat�nger to use
but ratherprovidesa sequenceof reachinggoalsthat must
bemetby somecombinationof �ngers.

5. ProceduralGuitar Player

This section containsa descriptionof an algorithm that
solvesthe fretting-handproblem.The useof suchan algo-
rithm asamusiceducationtool drivesourdesignobjectives.

5.1. DesignObjectives

Playingtheguitaris anart thatofferslimitlessexpressiveca-
pabilities.We would, therefore,like to provideawide range
of controlover theguitaristsfrettinghand,while adheringto
basicplaying principlesandmaintaininga level of realism
throughout.We would also like a systemthat canproduce
the fretting handof a novice asreadily asthat of an expert
player, allowing playersto learna givenpieceby adjusting
style andskill level. The following objectiveshelp us meet
theserequirements.

1. Minimize the amountof motion producedwhile play-
ing. The“economyof effort” 26 is recommendedfor the
fretting-hand.

2. Controloverhow faraheadapieceof musicis read.This
is a skill level objective thathelpsmodelnovice players
by restrictingtheability to readaheadin themusic.
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3. Maintain the naturalpostureof the �ngers as much as
possible,keepingeach�nger over a differentfret. Finger
motionshouldfavor thenaturalarcof the�ngers.

4. Capturethedifferencein dexterity andstrengthof differ-
ent�ngers. For example,shorterandweaker �ngers, like
the little �nger, have a hardertime playing the heavier
strings.

5. The �ngertip musttouchtheguitar fretboardascloseto
thedesiredfret aspossiblein theregionbehindit.

A cost-minimizationapproachallows us to frame these
objectivesascostfunctions.Economyof effort is achieved
by assigninga cost to the motion of the wrist and �ngers.
Look-aheadin apassageis controlledby performingtheop-
timizationlocalizedoverawindow of asizespeci�edby the
user. Beginnerswill typically have a smallerwindow than
expertplayers.Controllingskill level is alsoachievedby al-
teringcostfunctionsto producehighercostsfor �ngers with
which the player is unskilled.The cost functionsare also
usedto embodythe structureof the handand the relative
position,strengthanddexterity of the �ngers. The last ob-
jective is met by �rst assumingthe ideal positionbehinda
fret followed by a simplegeometricpost-processto adjust
the�ngers into acollision freecon�gurationbehindthefret.

5.2. Choosingthe CostFunctions

The�nal �ngering of thegivenmusicalscoreis largely de-
terminedby thechosencostfunctions.As anexample,a low
costfor thewrist andindex �nger andhighcostfor theother
�ngers wouldresultin notesbeingplayedby theindex �nger
alone.

Multiple cost functionscanbe associatedwith each�n-
ger to re�ect variousattributes.The input to a geometric
cost function is the displacementbetweena target position
andthecurrentpositionof the�nger. Thiscostalsocaptures
the reachabilityof a �nger. The input to a dexterity func-
tion would includethetime givento reachthetarget,which
would in�uence the costdue to accelerationconstraintsof
the �nger. We usea constantdexterity function leaving the
extensionto a morecompletecostfunctionmodelasfuture
work.Thestrengthcostfunction,in ourcontext, is controlled
by the gaugeof the string to be playedandthe strengthof
each�nger. Otherstylistic attributessuchas �nger prefer-
encearealsomodeledasindividual costfunctions.

The geometriccost function is particularly importantin
a kinematic setting. The functions are typically smooth,
convex and have a unique minimum for zero displace-
ment.Smoothnessandconvexity assurea reasonableplace-
mentandthat �ngers do not teleport.Theuniqueminimum
achieveseconomyof motion.

Thedescriptionbelow is in areferenceframewith theori-
gin attheguitarnut,thex-directionalongtheguitarneck,the
y-directionparallelto thefretsandthez-directionperpendic-
ular to theplaneof theneck.Weusethefollowing function

fi(c) =
�

l ia i jj djj mi if dx � 0,
l ibi jj djj mi if dx < 0

(3)

to calculatethecostof themoving the�nger i by thedis-
placementvectord = c � pi , wherec is the target position
andpi is thecurrentpositionof the�nger andc;pi ;d 2 < 3.

Thefunctionsaresplit into two partsto capturethediffer-
entability of �ngers to moveforwardsandbackwardsa fret.
Thenaturalarcof thehandmakesit suchthattheindex and
middle �ngers canreachforwardseasierthancanthe ring
andlittle �nger. This propertyis capturedby the constants
a i andbi . Settinga1 < b1 wouldthusindicatethattheindex
canmove forwardseasierthanit canmovebackwardsalong
theneckof theguitar. Thechoicefor a i 'sandbi 's is usually
�x ed by the systemdesigner, andwe recommenda1 < b1,
a2 < b2, a3 > b3 anda4 > b4.

Theparameterl i canbesetby theuserto customizethe
relative costof moving particular�ngers, biasingthe algo-
rithm to producedifferentresults.Settingl 1 < l 2 would in-
dicatethat the index �nger should,in general,be preferred
to themiddle�nger, for example.

The exponentsmi simply adjusthow fastthe costgrows
with respectto jj djj and thus control the cost incurredby
�nger i to playata fret distantfrom its naturalposition.

Thecostfunctionfor thewrist, fwrist , is similar to thatof
the �ngers andre�ects that moving the wrist incursa cost.
Oncethe costfunctionshave beendesigned,we feedthem
into thecost-minimizingalgorithmdescribedbelow.

5.3. Cost-Minimizing Algorithm

Thealgorithmdescribedhereis agreedysolutionto aglobal
minimizationproblem.Insteadof �nding the overall mini-
mumcost�ngering for anentirepieceof music,we �nd the
minimumcost�ngering within a moving window of a user
de�nablesize.

Theposition,c, thatminimizes:

c(c) = fwrist (c) +
T+ W

å
t= T

resolveFingers(c;t) (4)

tells us whereto move the wrist. We solve for this min-
imum at eachtimestepT. For our application,we solve a
simple discreteminimization problemsincewe needonly
testat integral fret positions,a maximumof twenty-fouron
a typical guitar. Only integral stepsareconsideredbecause
guitarfretting techniquerequiresthatthe�ngertip beplaced
ascloseaspossiblebehindthe fret for thebestsoundqual-
ity 26. We thuschoosethe bestlocation for eachfret. The
possibility of �nger collision may modify this position as
describedbelow.
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In the above Equation4, W is the size of the window
andresolveFingers is the functionde�ned by Algorithm 1,
which usesthe cost functionsasdescribedearlierbut with
themodi�cation shown here:

gi =
�

L if �nger i is used,
fi otherwise

(5)

whereL is a prohibitively large cost.This modi�cation
forcesthealgorithmto pick a �nger thatmaynotbeoptimal
if theoptimal �nger is alreadyused,asis oftenfoundwhen
playingchords.

Algorithm 1 resolveFingers(c, t)
Initialize �nger positions
totalcost  0
for eachstrings from high to low do

n  fret playedonstringsat timet
if n > 0 then

cost  min(gi(c))
i  argmin(gi(c))
if i is notusedthen

playnoteat swith �nger i
marki asused
totalcost = totalcost + cost

end if
end if

end for
return totalcost

The �rst step,initializing the �nger positions,is doneby
placing�ngers in line and�e xedat aboutonethird of their
range.This, althoughuser-de�nable, seemsto be the most
naturalandreadypositionfor the�ngers 21.

Finally, weaddresstwo detailsthataffect thebelievability
of theresult:wrist postureand�nger collisions.Theseissues
arehandledafterthe�nger positionsarefound.

Wrist extensionand�e xion arecalculatedusinga heuris-
tic that the wrist will extend to play high stringsand �e x
to play low strings.The highestand lowest stringsplayed
at eachtimestep,shi andslo arebookmarkedwhenrunning
Algorithm 1.Theminimumandmaximumextension/�exion
anglesof thewrist, qmin andqmax, aregivenby theuserand
ablendfactor, b = shi+ slo

12 , betweenthemis computed.Wrist
pronation/supinationcanbehandledin asimilarway.

To handle�nger collision we assumeeach�nger is a cir-
cle on the fretboard.Once the �ngers have beenplaced,
circle-circleintersectiontestsareperformedandif two cir-
clesare found to intersectthe �nger on the lower string is
pushedback along the fret in order to avoid the collision
(Figure5).

Finally, the proceduralguitar control algorithmsupplies
thehandmodeltheappropriateIK blendfactorsasdiscussed
in section3.2.

x

r1

r2h

Figure 5: Finger collision on the fretboard: r1 and r2 are
the radii of two colliding �ngers, h is the distancebetween
strings.We solvefor x to determinehow far back to move
�nger 2.
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Figure6: Detailedsystemarchitecture.

5.4. Controller Failur eFeedbackLoop

It is possiblethat thegivencostfunctionsandwindow size
causetheIK solver to fail reachinga desiredtarget.A feed-
back loop is thereforedesirablein order to modify the pa-
rametersso that the targetsare reached.The handmodel
would reportbackto theskeletalcontrollerif it wasunable
to achieve its targets.Thecontrollerwould thenadjustsome
parametersand try again (seeFigure 6. A straightforward
approachis to shrinkthewindow sizeuponfailureuntil only
one note or chord is considered(shown in the video on a
chromaticscale).Weassumethecostfunctionsandhandge-
ometryis designedso thatany notecanbehit with at least
one�nger by moving thewrist.
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6. Implementation

Thetablatureparser, proceduralfretting algorithmandhand
model,as shown in Figure 6, are all implementedin Side
EffectsSoftware'sHoudinianimationplatform.

The tablatureparserfeedsthe proceduralfretting algo-
rithm, which is implementedasa CHOP(channel-operator)
�lter . Thealgorithmcontrolsthemotionof theend-effectors
or �ngertips of thehandbasedon theinput tablature.These
feed into the standardHoudini IK solver (a CHOP). The
solverproduces�nger con�gurationsthatareconstrainedby
prede�nedjoint constraints.These�nger con�gurationsare
thenfedalongwith weightsthatre�ect which�ngers arecur-
rentlyplayinganote,to thehandmodel(alsoaCHOP).The
handmodel �lter then correctsthe handcon�gurations to
conformto thecapturedhandmotiondata.Thehandmodel
canbebypassedwith a switch,to comparetheresultsof the
handmodelwith thatof theunmodi�ed IK solution.

Part of a musician's training is to minimize the sympa-
theticmotionbetween�ngers 21 allowing maximumdexter-
ity andindependenceof the �ngers. The modularityof our
architectureallows one to monitor progressby seeingthe
magnitudeand natureof the sympatheticmotion of a stu-
dentshand.Suchaseparationalsoallows thehandmodelto
beusedindependentlyof theproceduralguitarplayer.

7. Results

Figures8, 9, 10 andthe accompanying video show our re-
sults.Wedescribea few testcasesbelow.

7.1. Hand Model

Figure8 shows the differencebetweenusinga generalIK
solutionandusing the augmentedhandmodel.Both illus-
trationsare the resultsof using the samereachingtargets.
Figure8 comparesreal handdatawith a traditional IK so-
lution andthe IK solutionaugmentedwith thehandmodel.
Thesubjectwasasked to �e x only his index �nger. The IK
solutionandthehandmodelusethesametargetend-effector
positions.The IK solution ignoressympatheticmotion be-
tween�ngers producingunrealisticresults.Thehandmodel
augmentedsolutionproducesresultscloseto the real hand
data,falling a little shortdueto thenon-zeroweightsof the
fully extended�ngers thatareoutputby theIK solution.

7.2. C-Major Scale

Figure 9 shows eight framesfrom an animationplaying a
C-Major scaleon a guitar. Note that the �rst noteis played
using the middle �nger in order to avoid having to move
the wrist to play the entirescale.The accompanying video
shows how addingin thesympatheticmotionfrom thehand
modelresultsin a lessmechanicalappearanceof thehand.
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Figure7: Passageshowcasing�ngering for notecontinuity.

7.3. Chords

Unlike a musicalscale,which can be playednaively with
one�nger, chordsrequiremultiplenotesto beplayedsimul-
taneously. Figure10 shows a chordprogressionC-G-F#-G.
Notethat thealgorithm�ngers theG chordfollowing theC
differently from the way it �ngers the samechordafter the
F#.Thereasonfor this is thattheminimalmovementneeded
to changefrom aC to aG requirestheuseof thelittle �nger.
Following theF#thereis suf�cient motionneededto change
to a G, that the general�nger preferencefavors the index,
middleandring �nger over the little �nger. Context depen-
dent �ngerings like this are commonlyusedby guitarists.
Also noteworthy is theindex �nger formingabarat thesec-
ondfret to playtheF#chord.Thechordrequiresall 6 strings
to beplayedwith 4 �ngers. Theonly way this is possibleis
for �ngers to reachmultiplestrings.Giventhepervasiveness
of bar chordsto guitar playing we implementedthemasa
specialcase.Thealgorithmattemptsto play morethanfour
concurrentnotesby usingtheindex �nger atthelowestgiven
fret andusingtheotherthree�ngers to resolvetheremaining
notes.

7.4. ComplexPassage

The passagein Figure 7 shows a mix of single notesand
chords.The C chordat the end is �ngered with the index,
middle and ring �ngers. A novice is likely to usethe ring
�nger to play the penultimatenoteon the third fret. As the
ring �nger is movedto play thesubsequentchord,anexpert
wouldplaythenotewith theunusedlittle �nger allowing the
noteto lingerfor abettersound21. Ourproceduralalgorithm
capturesthiswith acostfunctionfor themovementof �ngers
acrossstrings.

8. Conclusionand Futur eWork

This paperpresentsanexplorationin capturingtheintricate
naturein which the �ngers of the handwork together. Our
handmodelis asimpleinteractivemodulethatenhancesthe
realismof arbitraryhandanimations.It alsoprovidesinsight
into thecomplexity of joint interdependencies.Wesetupthe
groundwork for a morecompleteanatomicallybasedhand
modelthat canbe �tted to andvalidatedby humanmotion
data.Theconsiderationof temporalcoherenceis important
to removeproblemsthatmayresultin jerkinessof theanima-
tion, if thealgorithmchoosesparticularlydiffering postures
betweenframes.Our requirementthat posturesbe chosen
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basedon geometricproximity doesnot guaranteetemporal
coherenceandis animportantissueto addressin thefuture.

Otherimprovementsto thehandmodelincludetheaddi-
tion of joint velocityandwrist andarmpostureto thecon�g-
urationspace.Jointvelocitieswouldallow betterhandlingof
dexterity constraintsandprovide bettermotiondynamicsas
the�ngers move from noteto note.

The proceduralalgorithm to the fretting-handproblem,
thoughdescribedin thecontext of guitargeneralizesto sim-
ilar taskssuchastypingandplayingotherinstruments.As a
musiceducationtool thealgorithmallows a studentto con-
trol andseparatevariouselementsof playing style andex-
plorealternatetunings.While mostimportantaspectsof the
frettinghandarecaptured,elementsof playingsuchasham-
mers,pull-offs andbendsareleft asfuturework. The“Stair-
way to Heaven” tablaturein Figure6 andthe video further
show the importanceof generalizingthe reachingareaof a
�nger beyond the �ngertip, wherethearpeggiatednoteson
the5th fret in theopeningcouldall havebeenplayedwith a
barredindex �nger. As ananimator's tool, this work greatly
simpli�es the control of realistic animationof the human
hand.
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(a) (b) (c)

Figure8: (a) Joint angledataof a personaskedto �ex his index �nger; (b) theresultof anIK onlysolutionwith thesametarget
end-effectorfor theindex; (c) theresultof our hand-modelwith thesametargetend-effectorfor theindex.

Figure9: Resultof thealgorithmrunningona C-Major scaleusingthehandmodel.
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Figure10: Herea progressionof chordsis played:C (a) – G (b) – F# (c) – G (d).TheG is playedin twodifferentcon�gurations
basedon theprecedingchord in order to minimizethemovementof thehand.
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