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Abstract
Imitation is a common and e!ectiv e way for humans to learn new behav-
iors. Until now, the study of imitation has beenhampered by the challenge
of measuring how well an attempted imitation corresponds to its stimulus
model. We describe a new method for quantifying the Þdelity with which
observers imitate complex series of gestures. Wearing a data glove that
transduced movements of their digits, subjects viewed and then reproduced
a sequenceof gestures from memory. The velocity proÞle of each digitÕs
ßexion or extension was used to segment movements made during an im-
itation into gesturesthat can be compared against corresponding gestures
in the stimulus model. The outcome is a multiv ariate description of each
imitation, including its temporal characteristics, as well as spatial errors (in
individual gesturesand in the ordering of those gestures). As a demonstr a-
tion, we applied this method to data from an imitation learning experiment
with gesture sequences. With repetition, overall Þdelity of imitation im-
proved, with various aspects of the imitation improving at di!eren t rates.
ConÞrming the approachÕsusefulness, when we varied the cognitive load
associated with imitation, that variation was robustly reßected in our mea-
sures of imitation quality. The methods we describe should be useful not
only in assessingimitation and imitation learning, but also in various set-
tings in which the detection and characterization of subtle abnormalities in
movement production is paramount.

By observing and then attempting to imitate the actions of others, humans acquire
many cognitiv e competencies, including language and various skilled behaviors. Aft er a
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long period of relative dormancy, research interest in imitation has been rekindled by the
discovery of ÒmirrorÓneuronsin the macaquebrain (Rizzolatti, Fadiga, Gallese,& Fogassi,
1996). A putativ e analogue in the human brain, the Òmirror system,Óhas been assigned
various functions (Iacoboni, 2005), including central roles in action imitation, rehearsal
(motor imagery) of actions, as well as in understanding the intentions of others (but see,
Oztop, Kawato, & Arbib, 2006). However, despite its importance for neuroscienceand
related disciplines, imitation has long resistedthe kind of quantitativ e study that would be
required for full understanding of the neural and cognitive mechanismsthat make that skill
possible. The work we present here is the Þrst stage of a project designedto resolve the
major obstaclesthat have retarded the study of imitation and related motor behaviors.

Among the di"culties that have hindered study of imitation is the absenceof ap-
propriate, contr olled but ßexible test materials, and the challenge of properly quantifying
the Þdelity with which behaviors are being imitated. As the imitated behaviors increasein
complexity (i.e., imitating a seriesof component actions), the obstacleshindering the study
of imitation increaseas well. In fact, to circumvent theseobstacles, one inßuenti al study of
imitation went to the lengths of limiting its test materials to displays in which just an index
Þngeror a middle Þngerwas ßexed;that samestudy adopted an equally-restricted method
for quantifying imitation success,using only a binary, pass-failscale(Iacoboni et al., 1999).
And even when more complex behaviors have beenexamined,such as in studiesof apraxics
(Kim ura, 1993), assessment of imitation Þdelity has incorporated substantial subjectivit y,
and therefore might fail to capture important aspects of performance.

Formally, the problem of quantifying the match betweena model and an imitation of
that model can be described as assessingthe similarit y of one n-dimensional tra jectory to
another. Drawing on examplesfrom many domains other than imitation, Vlachos, Kolli os,
and Gunopulos (2002) catalogued the signiÞcant challengesin comparing two tra jectories
in any domain. Many of these challengesare relevant to the study of imitation, particu-
larly in the common casewhere an imitation deviates from its stimulus model in spatial
and/or temporal scale. Such disparities foreclosethe use of simple Euclidean metrics for
comparing imitation and model, becauseany of these disparities would be represented in
time series of unequal length. In addition, a simple Euclidean metric, even if it could be
applied, would assign uniform weights to all the values in the n-dimensional time series
representing the model and its imitation. Without signiÞcant embellishment, this uniform
weighting would elide numeroustheoretically-imp ortant characteristics, including sequenc-
ing and serial-order e!ects (e.g., Lashley, 1951; Agam, Bullock, & Sekuler, 2005; Agam &
Sekuler, 2007).

In the initi al application of our analytic method we examined imitation of sequences
of gestures,each drawn from a pool of 16 di!eren t patterns of digit ßexionsand extensions.
These ßexion/extension patterns, which are shown in Figure 1, were selected as being
representativ e of a range of other motor behaviors, and becausethey lent themselves to
controlled variation and recombination in many di!eren t, novel sequences.Thesequalities
havebeenimportant in devisingtest materials for other research domains,including memory
(Ebbinghaus, 1885/1913). Finally, we were attr acted to these stimuli becauseof their
kinship to gesturesin American Sign Language(ASL), which we will study as part of our
overall project.

We present someexperimental data that demonstratesour approach. Results show
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that our method can successfullygeneratea useful multiv ariate description of various types
of errors made during imitation of gesture sequences, and in characterizing practice-based
improvements in imitation.

Methods

Subjects

Eight paid subjects were recruited from the Brandeis University communit y, and
were between19 and 29 yearsold (M = 21.25, SD = 3.05). All subjects reported no prior
experiencewith American Sign Language(ASL); this exclusion criterion reßected the fact
that someof our stimuli weresimilar to letters in ASLÕsÞngerspelling alphabet. All subjects
provided written informed consent for the experiment in accordance with the principl es of
the Declaration of Helsinki. The experimental protocol had been approved by Brandeis
UniversityÕsCommittee for the Protection of Human Subjects. All subjects had normal or
corrected to normal vision and werestrongly right-handed asdetermined by the Edinburgh
HandednessInventory (OldÞeld, 1971).

Materials

Using the method described below, model sequenceswere generatedfrom the set of
16 gesturesshown in Figure 1. The Vizard VR Toolkit (WorldViz, Santa Barbara, CA)
displayed the stimulus sequenceson a 21ÓCRT monitor with a refresh rate of 85 Hz. The
stimulus was a right hand displayed on the screen with the palm facing the subject. At its
longest point, from the wrist to the tip of the middle Þnger, the stimulus model hand was
8.6◦ visual angle. The width of the modelÕswrist and palm, with all digits extended, were
2◦ and 5.7◦ visual angle, respectively.

Allowing all Þve digits of onehand to be ßexedor extendedproducesa set of 25 = 32
hand gestures.Becausewe knew that all 32 gestureswould not be equally easyfor subjects
to reproduce (Schieber & Santello, 2004), we carried out a preliminary study to identify a
set of gestures that would be biomechanically possiblefor every subject to reproduce, and
of approximately equal di"cult y to reproduce. Six subjects viewed each of the 32 gestures
four times in a random fashion. After each observation, subjects attempted to reproduce
the gesture and then useda scalefrom Ò1Ó(very easy) to Ò5Ó(extremely di"cult) to rate
how di"cult the gesturewasto reproduce. This rating constituted a self-report of di"cult y.
In addition, the data from each trial were analyzed to determine if the subject formed the
correct hand position (behavioral performance).

Flexion valueswere measuredfor each digit ranging from 0 (completely extended) to
1 (completely ßexed). A digit was categorized as ßexed if the ßexion value exceededthe
0.5 threshold, and extended if the ßexion value fell below the 0.5 threshold. Each digit
reproduction was compared to the corresponding model digit and judged to be correct (0)
or incorrect (1). Thus, if all the digits in the reproduction were correct, subjects received
a score of 0, whereas a reproduction with each digit incorrect would receive a score of
5. Data were averaged for each of the 32 gesturesto produce an average score for each
gesture for both behavioral performanceand self-report. To ensurethat the gesturesused
in our experimental protocol were all biomechanically possiblefor subjects to perform and
of approximately equal di"cult y we selectedgestureswith an averageself-report scoreof
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lessthan 2, and an averagebehavioral performanceof lessthan 0.5. This resulted in a total
of 16 gesturesfor use in the demonstration experiment.

Figure 1. The 16 component gesturesused in generatingeach 6-item sequenceof gestures.Gestures
that are also letters in American Sign Languageare starred.

Apparatus

Subjects performed their imitations while wearing a right-handed, one-sizemodel
of the 5DT DataGlove 5 Ultra (Fifth Dimension Technologies) along with a hand sensor
and a lower arm sensor from the Patriot ™ motion tracking system (Polhemus). Rather
than measuring the Cartesian coordinates of digit endpoints, for each digit, the data glove
measuresthe ßexion/extension of the intermediate and proximal phalangesof each digit.
To determine the maximum ßexionand extensionof each digit, each subject must perform a
short seriesof calibration routines wherethey are required to ßexand extend each digit. The
system then normalizes the data received from the glove in such a way that the maximum
ßexion of each digit is set to 1, and the maximum extension is set to 0. Subjects were
instructed to make their movements naturally and not to overextend their hands or to
ßex their digits too tightly (i.e., they were instructed to make a looseÞst as opposed to
forcing all Þve digits into their palm). Hand and lower arm sensorsmeasuredthe position
of the hand and arm in the x, y and z dimensionsas well as measuring yaw, pitch and roll.
However, as the position of the hand and arm in the demonstration experiment were kept
constant, our current analysis is limited to data collected from the data glove.
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Stimulus Construction and Description

Sequenceswere generatedby a Matlab program whose input was an ordered set of
n gestures, and whose output was a seamlesssequencein which each individual gesture
blended smoothly into the next. The time for which each static gesture was held, as well
as the transition times betweensuccessive static gestureswere basedon pilot observations
with subjects who were excluded from the demonstration experiment itself. With these
predeÞnedhold and transition times for gestures,our sequence-generatingsoftware used
tweening1 to interpolate 42 frames between gesturesin the sequence,blending successive
static gestureswith seamlesstransitions, as seenin Figure 2B. As a result, when the en-
tire sequenceof frames is displayed, an observer experiencessmooth movement from the
nth gesture in the sequence,through the tweenedframes, to the n+1 th gesture in the se-
quence. In the resulting sequences,transit ions from one gesture to another were smooth,
biomechanically possibleand natural seeming.

We usedthree typesof stimuli: static gestures,two-gesture sequences,and six-gesture
sequences.The Þrst two typeswereusedaspract ice stimuli to familiarize subjects with the
gestures;the third constituted the experimental stimulus materials. The 16 di!eren t six-
item stimulus modelsin the experiment proper weredivided equally betweentwo conditions,
which were designed to manipulate the taskÕscognitive load by varying the number of
digits whosechangedstate had to be noted for each change in gesture. For one-transition
gesture sequences,sequenceswere constructed so that only one digit changed (i.e., was
newly extended or ßexed) between successive gesturesin each sequence. In sequencesof
the two-transition condition exactly two digits were made to change between consecutive
gestures. In addition, each successive pair of gestures appeared just once in the eight
di!eren t stimulus models of each transition condition.

As mentioned above, the two transition conditions were usedto manipulate the cog-
nitiv e load placed on subjects. With stimuli of the one-tr ansition condition, a total of Þve
digits can change from the Þrst gesture to the sixth; with stimuli from the two-transition
condition, a total of ten digits can changefrom the Þrst gesture to the sixth. As a subject
would have to remember twice as many items (digit states) in the two-transition condition
than in the one-transition condition, we hypothesizedthat imitating two-transition models
would place a greater cognitive load on subjects than imitating one-transition models, and
that, consequently , subjects would make more errors in imitating two-transition sequences.
We included thesetwo distinct typesof sequencesto verify that our algorithm could recover
the performancedi!erence expected from the two conditions.

Every gesturesequence,regardlessof condition, beganand endedwith an open hand.
These ÒbookendÓopen hand gestureswere added to embed the six actual experimental
gesturesin comparable contexts. Without the bookend gestures,the Þrst and the last of
the six experimental gestureswould lack a pre- or post-transition, respectively, so that the
timing of their imitation could not be compared to the other four gestures. The subjectsÕ
reproduction of the bookend gestureswas excluded from all analyses.

1Tweening is an animation technique that interpolates the differences between two existing key frames in
an animation timeline. Tweening can operate on differences between the pre-existing frames, in attributes
such as scale, opacity, location, color and shape.
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Figure 2. A. An example of one 6-item stimulus model. Note that the model begins and ends
with all digits fully extended, and that the change from one gesture to the next involves a ßexion
or extension of exactly one digit per gesture. B. The inset shows Þve sample digit postures that
were transitional movements between the secondand third gestures in the sequence. Forty-two
transitional digit postures were shown between each pair of successive gesturesin each sequence,
resulting in a very smooth movement throughout the entire sequence.

Procedure

Subjects viewed the stimuli seatedat a table, their right elbow on a wrist rest with
their forearm and digits extended straight up, with their palm facing them, just as the
stimulus wasdisplayed with the stimulus palm facing the subject. As a result, there wasno
need for the subject to perform a stimulus transform. For each 6-it em sequence,stimulus
presentation took 11.5 seconds.After the presentation completed, the screencleared, and
subjects waited for a tone (two secondsafter the stimulus had completed) beforebeginning
their imitation . Subjects were instructed to accurately imitate as many gestures in the
sequenceaspossible,and to try to attempt to reproducethem in the correct order. Subjects
were allowed 14 secondsto complete their imitation of each 6-item sequence.No subject
reported needingmore time to complete their imitation . Though they could seetheir own
hand while performing the imitation, no other explicit feedback about imitation accuracy
wasprovided. After the responsetime elapsed, subjects were instructed to pressa key with
their left hand to start the next trial.
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Calibration Phase. At the start of the session,wecalibrated the data gloveby presenting
a subject with imagesof four hand postures. Theseposturesinvolved various conÞgurations
with the digits being ßexed or extended, for example an open hand and clenched Þst.
During the 10-second period in which the imageswere visible, a subject reproduced them
in succession,as many times as possible. Subjects were monitored to ensure that they
reproduced each calibration hand posture at least once.

Familiarization Phase: I. To begin the processof familiarizing subjects with each
component gesture they would later seein the multi-item gesture test sequences,subjects
viewed and imitated each of the 16 static, component gesturesthat would appear in those
sequences.Subjects started each trial with an open hand, with their palm facing them.
Each gesture,shown in Figure 1, was displayed for 1 second. Two secondsafter the gesture
disappeared from the display screen, the subject heard a tone indicating that they were
to reproduce the stimulus gesture from memory. Subjects were instr ucted to initiate their
movement asquickly aspossibleafter the ÒgoÓsignal and to hold the gesturefor two seconds
(when a written instruction indicated that they should return to the starting position). All
16 gestureswere presented twice, in block randomized fashion.

Familiarization Phase: II. Subjects next viewed and imitated eight di!eren t two-
gesture sequences.Each sequencebegan and ended with an open hand, and each gesture
was held for 1 second, with a transitional time of 500 ms. Thus the total stimulus presen-
tation time for these two-gesturesequenceswas 5.5 seconds.As in the Þrst famili arization
phase,two secondsafter the gesturedisappearedfrom the display screen,the subjects heard
a tone indicating they were to reproduce the sequencefrom memory. They had a window
of 7 secondsin which to reproduce the sequence. Overall, these eight familiarization se-
quencesincorporated all 16 component gestures.As each sequencewas presented just once
in this phase,over both familiarization phasessubjects saw and imitated each of the sixteen
gesturesthree times.

Experimental Phase. Finally, in the experimental phaseof the procedure,each subject
viewed and imitated eight di!eren t six-item gesture sequences.Each sequencebegan and
endedwith an open hand, and included tweenedframesbetweensuccessive gestures.Each
gesturewas held for 1 second,with a 500 ms transition al time betweengestures. The eight
model sequenceswereshown and imitated in massedfashion; that is, each model wasviewed
and imitated 10 times before the subject saw the next model sequence.Additionally , and
unbeknown to subjects, the experimental phasewasdivided into two equal parts, with each
part containing four modelsfrom oneof the transition conditions (i.e., one-transition models
or two-transition models). Thus, half the subjects imitated four of the two-transition models
followed by four of the one-transition models, while the remaining subjects imitated four
of the one-transition models followed by four of the two-transition models. The choice of
models from each transition condition was fully counterbalanced acrosssubjects.

Segmentation. To compare subjectsÕimitations of gesture sequencesto the corre-
sponding model sequences,we developed a multi-stage algorithm that determined the dif-
ferencesbetween the model and the subjectÕsreproduction. As both the model and the
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imitation sequencecontained a speciÞcnumber of component gestures,to comparethe im-
itation sequencesto the model sequences,the algorithm Þrst needsto segment both the
imitation and model and then compare the corresponding individ ual components. Toward
this end, the algorithm resamplesthe data to achieve a constant sampling rate of 50 Hz.
Each resulting sample x(t) is represented by a 5-component vector containing the ßexion
values, ranging from 0 to 1, of all digits at time step (or sample number) t. Then it com-
putes the combined velocity v(t) of digit motion at a given time step t by computing the
root meansquareßexiondi!erence in the Þve digits occurring within a narrow time window
centered at time t. Instead of simply measuring the changesbetweenconsecutive samples,
this window was intro duced to reducethe noise in velocity measurement. The ideal sizeof
the time window depends on the accuracy and frequency of ßexion measurement. In the
present study, the window was set to 140 ms, or 7 samples- from (t− 3) to (t + 3):

v(t) =
1
f

·
!

(x(t + 3) + x(t + 2) + x(t + 1)− x(t− 1)− x(t− 2)− x(t− 3))2

where f is the number of ßexion values collected per sample, so f = 5 in the present
study. In its next stage, the algorithm examines the velocity information throughout a
given imitation and categorizessuccessive intervals in the imitation as one of two possible
typesof components: gestures(static or held) and transitional movements (movements from
one static gesture to another). A component gesture is deÞnedas static when the velocity
drops below 10% of its peak velocity and remains below that level for at least 100 ms; the
duration threshold of 100 ms was empirically determined to yield most plausible results for
the present type of motion sequences.A transitional movement is deÞnedby an interval
between two consecutive component gesturesin which the combined velocity does not fall
below 10% of the peak velocity for a duration of 100 ms or longer.

Comparison to Model Stimulus. Once the transitional movements and component
gesture time epochs have been deÞned,our algorithm examinesthe ßexion data for each
digit in each time epoch, weightin g each digit equally. The ßexion threshold is deÞnedas
a value of 0.5, with any digit whoseßexion value exceededthat thr eshold consideredto be
ßexed, and any digit with a ßexion value below the threshold consideredto be extended.
Each gesture is demarcated by the digits that were extended, starting with the thumb
(1) and ending with the little Þnger (5). Thus, a completely open hand Ðwith all digits
extendedÐwould be represented as 12345, and a gesture with only the middle and ring
Þngersextendedwould be represented as34. Figure 3 shows the results of the segmentation
processfor one trial, as well as the pictoral gesture representati on of the raw data below
the graph.

Once the component static gestureshave been identiÞed by our algorithm, the sub-
jectÕsimitation is compared to the original model, in both accuracy and timing. The
bookend gestures(i.e., open hand gestures)are Þrst removed from both the model and the
reproduction. Each gesture in the imitation is compared to each gesture in the model and
the algorithm reorders the imitation to minimize the sum of incorrectly reproduced digits
acrossall gesturesin the sequence.The total number of errors in an imitation are calculated
from the sum of the valuesof di!eren t error categories.
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Figure 3. An example of the segmentation stage of the algorithm. Light gray vertical bands
indicate individual static gesturesas determined by the segmentation process. Dark gray vertical
bandsindicate transitory movements. The vertical line at y = 0.5 is the ßexion threshold. The black
horizontal lines along the x-axis, below each light gray band, indicate the duration of each static
gesture.

Categories of Errors. When imitating sequencesof hand gestures, there are three
main categoriesof errors that subjects can produce, namely gesture-level, sequence-level,
and unmatched errors.

Gesture-level errors. Gesture-level errors are deÞnedby oneor more ßexion di!erences
betweena reproducedgestureand the model gesturethat it wasmeant to reproduce. There
is currently a divide in the scientiÞc communit y as to the existenceof digit somatotopy in
the handÕsrepresentation in primary motor cortex (M1), though many studies suggest
a considerableoverlap of digit representations in M1 (see Sanes& Schieber, 2001 for a
summary, and Hlustk, Solodkin, Gullapalli, Noll, & Small, 2001; Rao et al., 1995; Sanes,
Donoghue, Thangaraj, Edelman, & Warach, 1995 for studies on the overlap). Despite the
controversy, human hands have well-deÞnedbiomechanical constraints, such that when an
intended digit is in transition between ßexion and extension (or vice versa), the adjacent
digits are more in motion than the non-adjacent digits (Fish & Soechting, 1992; H¬ager-
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Ross& Schieber, 2000). As a result, our algorithm was designedto di!eren tiate between
(i) an interchange of adjacent digits, and (ii) an interchange of non-adjacent digits, with
biomechanical coupling making the former kind interchangemore likely than the the latter
(Loehr & Palmer, 2007; Schieber & Santello, 2004). An adjacent gesture-level error is
the ßexion swapping between two adjacent digits. For example, if the model 124 were
reproduced as 125, then the subject simply extended the little Þnger instead of the ring
Þnger. A non-adjacent gesture-level error involvesan interchangeof two non-adjacent digits,
such as the index and ring Þngersin the reproduction of 12 for 14.

In both of the above cases,the number of extended digits in the model is correctly
reproduced. However, there are other gesture-level errors that do involve a mismatch in
the number of ßexeddigits between the model and the imitation. Consider, for example,
an error that we call an individual ßexion error: the gesture 234 is reproduced as 24, or
conversely, the gesture24 is reproducedas234. In the Þrst of theseindividual ßexionerrors,
onedigit extensionhasbeenomitted (an Omission Error); in the secondof theseindividual
ßexion errors, an extra digit extension has been inserted (an Insertion Error). Figure 4
shows an example of a gesture-level error where, for the sixth gesture,the subject produced
3 instead of 234.

(a) Model Gesture Sequence (b) Imitated Gesture Sequence

Figure 4. A: The model stimulus to be imitated. B: A subjectÕsimitation of the model stimulus as
seenin A. As shown, the subject correctly imitated the Þrst Þve gestures(the Þrst and last gestures,
the open hand, do not count). But, with the sixth gesture (highlighted in red in both the model
and subsequent imitation), instead of extending the ring Þnger, the subject ßexed the index Þnger.
In addition, the timing is slightly di!eren t, as A and B are time-scaledcomparisons.

Sequence-level errors. At the sequencelevel, similar types of errors can occur. As
gestures in our task are performed sequentially , there are obvious parallels to work on
serial order with verbal materials: performancein both domains shows evidenceof failures
in working memory (Conrad, 1960; Lee & Estes, 1977; Lewandowsky & Murdock, 1989).
A common sequence-level error is the mistake of swapping two consecutive gesturesin a
sequence. For example, if the sequence123Ð1234Ð134Ð13 were reproduced as 123Ð134Ð
1234Ð13, then such an error is represented by the secondand third reproduced gestures,
whoseorder has been inverted. In somecaseshowever, two non-consecutive gesturesmay
be swapped, such as gestures number two and four when the model 235Ð245Ð24Ð23 is
reproduced as 235Ð23Ð24Ð245. It is also possiblethat the sequenceis permutated in such a
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way that there is no pair of gestureswhoseposit ions were exactly swapped. For instance,
let us assumethe model 345Ð34Ð45Ð134 and its reproduct ion 134Ð34Ð345Ð45. Here, we
have no pairwise swapping, but three of the four gestures(numbers one, three, and four in
the model) occupy incorrect positions within the reproduced sequence.Theseare counted
as three gesture-level errors. We can assignsequence-level errors to individual gesturesin
the model sequence,that is, we can determine whether a particul ar gesture was imitated
correctly with regard to digit ßexionand serialposition. This allowsus to study the accuracy
of gesture imitation as a function of the gestureÕsserial position in the model sequence.

Unmatched errors. Finally, it is possible that the algorithm is unable to match an
imitated gestureto one in the model. There are two possiblecausesto this, both involving
a mismatch in the number of gestures reproduced versus the number of gestures in the
model. First, the imitation may contain more gesturesthan the model. In this case,after
all the model gestures have been matched with those from the imitation, the number
of extraneous, unmatched gestures in the imitation is the number of unmatched errors
in that imitation. For example, if the sequence123Ð1234Ð134Ð13 were reproduced as
123Ð1234Ð134Ð1234Ð13, the algorithm will Þnd 1234 is an extraneous gesture, and there
will be one unmatched error in the imitation . Second,a subject might reproduce fewer
gesturesthan in the model. In this case,all the gesturesthat are imitated will be best
matched to the model; any leftover model gestureswill comprisethe unmatched errors. For
example, if the sequence123Ð1234Ð134Ð13 were reproduced as 123Ð13, the algorithm will
Þnd that 1234 and 134 were not reproduced, which will result in two unmatched errors.

In identifying the types and positions of errors in somereproductions, we run into
a problem of ambiguit y: In many cases there are two or more error patterns that could
have causedthe observed discrepanciesbetweenmodel and reproduction. To illustrate the
ambiguit y within an individual gesture,considera model gesture234 and its reproduction
345. Clearly there is an error, but that error could have arisen from a non-adjacent ßexion
swapping of index and li ttle Þnger,or two individual ßexion errors for the sameÞngers. If
we include errors at the sequencelevel, the situation becomesmore complex, as illustrated
by the following example: Model 1234Ð125Ð12 is reproducedas123Ð125Ð1234. One possible
explanation of the underlying errors is that one individual ßexion error occurred in gesture
1, and two of the sametype occurred in gesture3, while the order of gestureswas correctly
reproduced. Alternativ ely, the subject may have swapped gestures1 and 3 during imitation,
and intro ducedan individual ßexionerror whenreproducing 12 sothat it became123. Other
error patterns as well could have causedthe observed reproduction.

To reduceambiguit y and determine the most plausible underlying error pattern, the
algorithm Þrst attempts to put the imitation in a sequencethat best reßects the original
model; that is, it reorders the gesturesin the imitation in order to minimize the sum of
incorrectly reproduceddigit ßexionsacrossall gesturesin the sequence.Next, the algorithm
looks at the di!erences betweenßexionsin each imitated gestureand ßexionsin the model
gesture. The observed di!erences in the ßexionof each gesturecomprisea minimum number
of elementary errors (swapping, inserting, and omitting ßexions). Finally, any extraneous
gesturesin the imitation that are not matched to the model and any gesturesthat are in
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the model but not matched to the imitation comprise the unmatched errors.

Statistical Analysis

When subjects failed to start and Þnisha sequencewith an open hand, that trial was
excludedfrom our data analysis. A failure to start the sequencewith an open hand suggests
that subjects initiated their responsebefore the ÒgoÓcue. A failure to end a sequence with
an open hand suggeststhat subjects either forgot to return to the open hand, or they ran
out of time to complete their imitation. Of all experimental trials, 5.625% were excluded
for this failure.

Dependent measuresincluded spatial errors and temporal errors, including number
of gesturesreproduced, total errors, gesture level errors, sequencelevel errors, unmatched
errors, serial position errors, premovement latency, movement time and averagetransition
time betweensegments. All statistical analysis was performed with SPSS.Each dependent
variable was subjected to a repeated-measuresANOVA, with condition (one-transition or
two-transition) and repetiti on (1 to 10) being within-sub ject variables. For serial position
errors an additional within -subjects factor of serial position was incorporated into the anal-
ysis. Where sphericity assumptionswereviolated, Hunyh-Feldt correctionswereapplied. A
signiÞcancethreshold of 0.05wasusedthroughout. For concisenessonly signiÞcant Þndings
are reported.

Results

Number of Gestures Produced

Subjects were told to reproduce as many gesturesas they could remember, but that
number of reproduced gestures often fell short of the number (six) that comprised the
model. The averagenumber of gesturesthat subjects produced in their imitations did not
di!er signiÞcantly betweenthe conditions of transition, (F1,7 = 1.489, p = .262). Repetition
of a model signiÞcantly inßuencedthe number of gestures reproduced, with that number
increasingsystematically from the Þrst to the tenth presentation (F6.777,47.437 = 9.909, p <
.001). This e!ect can be seen in Figure 5A. There is also a signiÞcant interaction between
transition condition and repetition (F9,63 = 5.910, p < .001), with there being a more
consistent number of gestures reproduced in the one-transition condition. These e!ects
need to be consideredin the computation of error scores,as the more gesturesa subject
reproduces,the greater is the opportunit y for gesture-or sequence-level errors. Therefore,
data were normalized according to the number of gesturesthat were produced.

Spatial Errors in Imitation

The (normalized) total number of errors decreasedwith repetitions, demonstrating
an improvement in performance with practice (F4.861,29.165 = 4.853, p < .001). Further,
we seemore errors in early repetiti ons in the two-transition condition compared to the
one-transition condition, with a signiÞcant interaction between transition condition and
repetition, (F5.642,33.849 = 3.945, p < .01). Becauseour algorithm breaks the errors down
into various categories(gesture-level, sequence-level, and unmatched gestures),we can look
at thesesamee!ects for each error category. Figures 5B and C show the normalized errors
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(a) Number of Gestures in Imitation

(b) Errors: One-Transition Condition (c) Errors: Two-Transition Condition

Figure 5. A. Mean number of gesturesmade in imitation for each repetition of a model sequence.
B. Mean number of errors, by error type, over repetitions of a one-transition model sequence;results
are normalized by the number of gesturesmade in imitation. C. Mean number of errors, by error
type, over repetitions of a two-transition model sequence;results are normalized by the number of
gesturesmade in imitation. In all panels,error bars represent within-sub ject standard errors of the
mean.
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for the total errors and acrosseach error category for the one-and two-transition conditions,
respectively.

For gesture-level errors, subjects make less errors as repetition number increases
(F6.635,39.811 = 6.093, p < .001). In addition, subjects make approximately twice as
many gesture level errors in the two-transition condition compared to the one-transition
condition (F1,6 = 41.792, p = .001). This is expected, given that twice as many dig-
its change in the two-transition condition than in the one-tr ansition condition. For
sequence-level errors, subjects once again produce fewer errors with increased repetition
(F3.973,23.836 = 4.278, p = .010). The samepattern is observed for the unmatched gestures,
with improvements occurring with repetition (F5.634,33.806 = 6.559, p < .001). In addition,
in the two transition condition (compared to the one-transition condition), subjects make
more unmatched errors during early repetitions, with this di!ere nce disappearing in later
repetitions; this is reßected in a signiÞcant interaction between repetition and transition
condition (F6.385,38.309 = 3.554, p < .01).

Serial Order

How accurately do subjects imitate the serial order of the model? That is, is a
speciÞc gesture in the imitation correctly matched to one in the model in both order in
the sequenceand digit ßexion? To calculate serial position we compared each item in the
model gestureto each corresponding item in the reproduction, a correct match wasassigned
a value of 1 and an incorrect match was assigneda value of 0. We Þnd that errors improve
with repetition (F5.556,38.889 = 4.828, p = .001) and also with serial position (F3.125,21.874 =
19.284, p < .001), in other words, during the Þrst gesturessubjects make fewer mistakes.
This primacy e!ect is signiÞcantly larger for the one-transition condition compared to the
two-t ransition condition (Figure 6A and B, respectively), shown by a signiÞcant interaction
betweentransition condition and serial position (F4.291,30.035 = 4.493, p < .01).

Temporal Analysis of Imitation

Premovement latency is the amount of time a subject holds the initial open hand
before initiating the transit ion to the Þrst gesture in the imitation, after the tone sounds.
Subjects show a decreasein premovement latency from repetition one (M=1200.938, SD
= 457.304) through to repetition ten (Mean=798.438, SD=268.301), indicating that they
take signiÞcantly lesstime to prepare their responseas they becomemore familiar wit h the
stimulus (F9,54 = 3.243, p < .01).

The movement time is deÞnedas the total amount of time the subject takesto com-
plete the imitation, excluding the time both openhandsareheld. As this is highly dependent
on the number of gesturesproduced, movement time is expressedas a function of number
of gestures reproduced. We observe a decreasein movement time as repetition number
increasesfrom repetition one (M= 2149.734,SD=460.551) to repetition ten (M=1645.175,
SD=334.742); this e!ect is statistically signiÞcant (F6.164,36.981 = 4.089, p < .01). In addi-
tion, subjects take longer to perform the two-transition stimuli (M=1987.395, SD=376.572)
than the one-transition stimuli (M=1555.560, SD=323.188); this main e!ect of transition
condition is also signiÞcant (F1,6 = 6.533, p < .05).

The mean transition time is the average of all the transition times between stati c
gestures.Transition times are much slower for two-transition models (M = 806.342, SD =
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(a) One-Transtion (b) Two-Transition

Figure 6. A. Accuracy asa function of item position in the model sequence for multiple repetitions
for the one-transition (A) and two-transition (B) models.

96.107) than for one-transition models (M = 509.118, SD = 26.551), a di!erence that is
statistically signiÞcant (F1,7 = 12.088, p = .01).

Discussion

We have presented a novel methodology for assessingthe Þdelity of human imitation
of complex movements. This methodology builds on a recent schemeintro duced by Agam
and colleagueswho measuredthe Þdelity of imitati on using an automated segmentation of
behavior sequencesinto constituent parts (Agam et al., 2005; Agam, Galperin, Gold, &
Sekuler, 2007). Their scheme incorporated the samespatio-temporal discontin uities that
human observersusewhen segmenting contin uous behaviors into constituent subcomponent
behaviors (Zacks & Tversky, 2001; Zacks, Tversky, & Iyer, 2001). Though the analytic
techniqueusedby Agam et al. (2005)succeededin opening important insights into the neural
mechanisms that support imitation, that techniqueÕsscope is limited to a narrow range
of stimuli and responses, namely linked, linear, two-dimensional motion sequences. We
addressthat limitation here by presenting a novel, far more ßexible method that generates
a multi variate assessment of imitation qualit y for complex, realistic movements.

Our approach allowed us to comparean imitation of any multi-dimensional sequence
to the original model sequenceon a multiv ariate level. This enablesthe study of sequence-
basedmotor learning to move beyond simple comparisons,such as subjective analysis or
using a pass-fail measure,as we are now able to examine more intricate properties of se-
quencedbehavior. Using the velocity components of an imitation, the algorithm segments
the movement of the model and the imitation into component parts and then makes a
spatio-temporal comparison of individual components of the model sequenceto the imi-
tated sequence.

Here, we have presented data that illustrates the e!ectiv enessof our algorithm. We
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asked subjects to imitate sequencesof hand movements, which were repeated ten times.
We showed that our algorithm could successfullyisolate various typesof spatial errors and
quantify them. We demonstrated that the total number of errors decreaseswith repetition,
and that di!eren t error typescan account for the total number of errors (with omissionsand
insertions accounting for most of our error types). As weareable to break an imitation down
into component parts, our algorithm also allows us to compare our results to those from
studies in other domains, such as short-term visuo-spatial memory. In the one-transition
condition, we found both a primacy e!ect and a trend towards a one-item recencye!ect,
similar to Þndings from other studies of short term memory, using either verbal materials
(Lee& Estes,1977;Lewandowsky & Murdock, 1989)or non-gesturalmotor imitation (Agam
et al., 2005, 2007). Interestingly, even after ten repetitions of each sequencein massed
fashion, there is little change in the shape of the serial order curves seen in Figure 6, a
phenomenonthat rules out several theoretical accounts of practice-basedimitation learning
(Agam et al., 2007).

In addition, we illustrated that our algorithm could identify chronometric properties
of imitation, with longer pre-motor latencies observed during early imitations in subjects
comparedto later imitations. This presumably reßectsa learning e!ect in that the cognitive
e!ort neededby the subject decreaseswith repetition, as the subject learns the sequence.
To further advance this claim, we also found an e!ect of repetition on the total time to
complete the imitation (normalized by the number of gesturesproduced), with subjects
performing the imitation faster with repetition.

The cognitiv e load e!ect due to the two di!eren t transition conditions is also re-
covered by our algorithm. Subjects perform the one-transition condition faster than the
two-transition condition. This load e!ect is further supported by the Þnding that the tran-
sitions between static gesturesare slower in the imitation of the two-transition sequences
when compared to those of the one-transition sequences,and that there are about twice
as many gesture-level errors in the two-transition condition than in the one-transition con-
dition. In addition, the cognitive load e!ect is also reßectedin many of our spatial error
measures(including number of gesturesreproduced, total number of errors, total number
of unmatched errors, and serial position errors), with subjects in the two-transition condi-
tions showing more errors on early repetitions, with the two conditions converging on later
repetitions when subjects have had more practice at the sequences.

In this paper we focusedon the analysis of imitation of gesture sequencesthat were
observed, stored and retrieved from memory. However, it is important to recognizethat the
analytic tools described here should be useful in other settings as well. In fact, the novel
methodology presented here opensthe door to a variety of questionsabout the production
of complexmovements, and the contribution of the various components of the human praxis
system. The praxis system represents a fronto-parietal network of brain regionsdedicated
to tool use. Damage to this system results in apraxia, an inabilit y to perform purposeful
skilled movements. With oneform of apraxia, ideomotor apraxia, patients can make spatial
and temporal movement errors when asked to pantomime tool use, gesture to command,
imitate movements or use real tools and objects (Heilman & Rothi, 2003). With only
modest changes,our analytic tools can be adapted to identify subtle deÞcitsin pantomimed
tool use performance (Halsband et al., 2001; Sunderland & Shinner, 2007), as is often
used in the diagnosisand evaluation of apraxic patients. In this context, pantomimed tool
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use refers to an instruction to demonstrate how one would use a tool or object, either
in the absenceof the object or without making contact with the object. For example, a
subject may be given a command such as ÒShow me how you would usea hammerÓ. In a
seriesof recent experiments, the movement errors made by ideomotor apraxic patients were
assessedby scoring a videotape of subjectsÕperformance(Haaland, Harrington, & Knight,
2000; Halsband et al., 2001; Buxbaum, Johnson-Frey, & Bartlett-Williams, 2005; Rumiati
et al., 2005; Jax, Buxbaum, & Moll, 2006; Sunderland, 2007). Although that approach
may be adequate in identifying gross errors, it lacks the abilit y to precisely deÞneand
identify various types of errors and the chronometric properties of such errors. Our novel
methodology has the potential to overcomesuch shortcomings.

Another potential useof the methodology we have described herein, is the possibility
to examine spatial and temporal errors produced by individuals with unusual expertise or
a suspected deÞcit in somemovement-related domain. The former would include individ-
uals whose gestural arises from their are ßuency in ASL, particularly as about half the
gesturesusedin our sequencesare letters from the ASL alphabet (for example,Whitehead,
Schiavetti, Whitehead, & Metz, 1997; Jerde, Soechting, & Flanders, 2003). Individuals
with suspected deÞcits would include those with someform of autistic spectrum disorder
(Iacoboni & Dapretto, 2006; Hamilton, Brindley, & Fri th, 2007; Vanvuchelen, Roeyers, &
De Weerdt, 2007). Finally, we believe that our analytical methods could be incorporated
into systemsthat deliver automated, robot-assisted rehabilitation to post-str oke patients
(Li, Davis, Gustafson, & Goitz, 2006;Matar«õc,Eriksson, Feil-Seifer, & Winstein, 2007). A
detailed multiv ariate analysis of movements made by such patients could greatly increase
the feedback that robot therapists give to post-stroke patients, which may well facilitate
the rehabilitation process.

Of course,aswith any new methodology, our technique arriveswith caveats. To com-
pare a subjectÕsseriesof hand gesturesto that of a model sequence,our algorithm examines
the ßexion and extension of each digit of the right hand, and characterizesthe imitationÕs
various chronometric properties. In the experiment presented here, a pre-experiment cali-
bration routin e determined the maximum ßexion and extension possible for each subject,
and then normalized each subjectÕsdata so that the maximum ßexion was set to one, and
the maximum extensionwas set to zero. We then employed a threshold of 0.5, categorizing
a digit with a value of greater than 0.5 asbeing ßexed,and a digit with lessthan 0.5 asbeing
extended. Although this binary approach is suitable for our current experimental paradigm
(where digits in the model were either fully ßexed or extended), this approach would be
lesssuited when model digits could assumemore than just two states. In the near future,
we plan to extend our basic method to encompassthesemore subtle cases,with additional
states of ßexion, and taking note of not only digit ßexion, but also digit adduction.

It is also important to note that in addition to the ßexion and extension of the digits,
our existin g sensorsand methodology a! orded the opportunit y to examine the position
and orientation of the hand and lower arm. However, for the demonstrations presented
here, we held constant the position of the hand and arm, thereby restricting analysis to
data collected from the data glove alone. We plan to extend our experimental paradigm to
more complex movements by taking full account of hand and arm movements, as well as
those of the digits. Finally, the results presented here camefrom a task in which subjects
imitated the gesturesof just a singlehand. We plan to extend our approach to simultaneous
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movements of both hands, using tasks that require bimanual control and coordination.
In conclusion, here we have devised and tested a novel technique for assessing the

Þdelity of human imitation. We employed a behavioral paradigm to illustrate the e"cacy
of our algorithm at deÞning the components of the movement and for quantifying and
categorizing errors in both the spatial and temporal domain. We feel this technique has
broad implications for cognitive neuroscienceand neuropsychology, allowing researchersand
clinicians to ask previously unanswerable questionsabout the abilit y to imitate. We hope
to extend this methodology to study di!eren t typesof complex movements in subjects from
special populations, such as experts and novices, as well as patients with deÞcits in the
abilit y to perform certain complex movements.
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