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Abstract

We describe a novel approach for determining the audicaVsgnchrony of a mono-
logue video sequence utilizing vocal pitch and facial laadkirajectories as descriptors
of the audio and visual modalities, respectively. The Misoanponent is represented by
the horizontal and vertical displacement of corresponéegal landmarks between sub-
sequent frames. These facial landmarks are acquired usrgidtistical modeling tech-
nigue, known as the Active Shape Model (ASM). The audio campbis represented by
the fundamental frequency, or pitch, obtained using théatrbonic-to-harmonic ratio
(SHR). The synchrony between the audio and visual featwtreis computed using
Gaussian mutual information. The raw synchrony estimaesimed using this method
may contain spurious synchrony values due to over-seitgitiA filtering method is
employed for discarding synchrony values that occur dunimg-associated audio/visual
events. The human visual system is capable of distingugsiigid and non-rigid motion
of an articulator during speech. In an attempt to emulatefhicess, we separate rigid
and non-rigid motion and compute the synchrony attributedach. Experiments are
conducted on a dataset of monologue video clip pairs. Edcsgamposed of an asyn-
chronous and synchronous version of the video clip. For ¢iyeehronous video clips,
the audio signal is displaced with respect to the visualadigixperimental results indi-
cate that the proposed approach is successful in deteetiigg fegions that demonstrate
synchrony, and in distinguishing between synchronous apdcironous sequences.
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1 Introduction

Speech is a verbal means of communication that is intrifigibanodal: the audio signal is
produced by complex mouth and corporal articulations thanfthe basic vocal tone into
specific, decodable sounds. Both the audible and visibleeatsof speech carry pertinent
information about what is being conveyed.

The motivation behind this work is to derive a synchrony nueadetween the visual
contents of a monologue and its corresponding audio sigWélile most of the work in
the literature focus on a macro-level analysis of synchi@ny, 6, 7, 8], such as speaker
localization and identity verification, we are interestaddetecting anatomical features of
a speaker that demonstrate synchrony between the sounpgsaifts(onset, offset) and the
visible movements of the face and its features.

We are applying this work to a set of monologue video stimhdittare played to both
typically-developing infants and infants who are at risk &mtism between the ages of 6
and 10 months. We are interested in analyzing the correlagbdween an infants’ gaze data
and regions of the stimuli that exhibit synchrony. Geneagjround truth data for individual
facial regions is a difficult task for a human expert becadiiesohighly complex relationship
that exists between the audio and visual signals. An exaofdehallenge is that changes
in the audio signal do not necessarily imply changes in teealisignal and vice versa. Our
objective is to develop a systematic approach for detengiaynchronous facial regions in
a video frame based on computed synchrony using computentechniques.

Audio-visual synchrony algorithms are generally comptisétwo principal stages - 1)
front-end processing and 2) evaluating synchrony betwadimand visual features. Front-
end processing and feature extraction aim to reduce thermaut data in order to achieve a
good subsequent modeling. The second stage uses the geataréred during the front-end
processing stage to measure the correlation between the aitd audio signals in order to
compute a synchrony measure.

Several features for describing the audio and visual compisnof a video sequence
have been reported in the literature. For the audio compopfeature extraction has been
performed in both the frequency and time domains. Time doifegitures, such as the root
mean square amplitude and log enertyyd], generally describe the intensity of the audio
signal by aggregating a sequence of audio samples and cimmphéir average acoustic
energy [L1]. Frequency domain features, such as Periodogr&mn$pectogramsy], line
spectral frequencieslf] and particularly Mel-frequency cepstral coefficients (BIF) [6,
12, 16], are frequently used because they are the state-of-the-@arameterization for
speech processind.§. Visual speech features are categorized into the use ofpizel
intensities B, 11, 17], holistic methods16], lip-shape methods/[ 9], and dynamic features
[4].

Synchrony evaluation methods are generally categorizetetisods that assume a linear
correlation between the audio-visual feature vectafs {3, 17], and those that model the
correlation using parametrié ¢, 18] and non-parametric model§][

In this paper, we present an audio-visual synchrony algorihat employs a Gaussian
mutual information methodl[l, 17] to evaluate the synchrony between vocal pitch and facial
landmark trajectories. Pitch is an important feature faediéng the emotional state of a
speaker. It providesinsight on whether an utterance igerstnt, a question, or a command.
Furthermore, pitch provides discernment on the ironyasar; emphasis, contrast and focus
of an utterance, which may not be encoded by grammar. Theéd8tiape Model (ASM) has
been widely used for reliably tracking facial landmarksossra sequence of video frames.



CADAVID et al: DETECTING LOCAL A-V SYNCHRONY IN MONOLOGUES 3

This paper is organized as follows: Sectidnescribes the proposed approach includ-
ing audio and visual feature extraction using ASM and pitetedtion, respectively, and a
filtering process, based on Hierarchical K-means cluggenised for eliminating spurious
synchrony. An experimental evaluation is presented ini@e&, followed by conclusions
and future work in Sectiod.

2 System Approach

In the following sections, we present a system for detedingjo-visual synchrony based
on Gaussian mutual information. Synchrony detection ifopered on audio and visual fea-
ture vectors that are representative of the two modalifiee. mutual information algorithm
requires that the feature vectors be of equal lengths. @#yeaudio sampling rates are
significantly higher than those of video. To cope with thi§etence, the audio samples are
partitioned and aggregated into bins such that a one-taomespondence between video
frames and audio bins is established. The audio samplesiim aré used to estimate the
fundamental frequency, or pitch, of the bin. This process®ated on all bins so that each
one has a corresponding pitch estimate. The visual compdnespresented by 83 facial
landmarks, which have been tracked across the video seguesitey the ASM technique.
The visual feature vector is composed of the horizontal artloal displacement of corre-
sponding facial landmarks between subsequent video frames

The synchrony values yielded by the Gaussian mutual infoaomanethod are then fil-
tered by accounting for the onset and offset of audio andaVisvents. The audio signal is
partitioned into events such as words or phrases. The hlecal k-means clustering tech-
nique is employed to derive a classification of synchronaasasynchronous audio events.
The dimensions of the classification space consist of 1) idtartte of an audio event’s on-
set (the beginning of an audio event) to its nearest visuahte\2) the distance of an audio
event’s offset (the end of an audio event) to its nearesavisvent, and 3) the mean of the
synchrony values detected during the audio event. Figjulhestrates the system overview.

2.1 Gaussian Mutual Information

In information theory, the mutual informatiokl(X,Y), between two Gaussian random vari-
ables,X andY, is a quantity that measures the mutual dependence of thedmables. In
the case that the random variables are discrete, it is dedisied

1. =X||zY|

M(X,Y) = Elog2 XY

)

whereX denotes the covariance matrix ajfis the determinant. Mutual information is
both non-negativeM(X,Y)) > 0) and symmetricalM (X,Y) = M(Y,X)). It can also be
shown that the random variables are independent if and drii(K,Y) = 0. We use
this measure of Gaussian mutual information to compute ehgporal contingency be-
tween a video and audio signal. Consider a sequencecohsecutive frames of visual
data and audio data co-occurring with those visual framest VI(py, py,t) € 02 be a
vector describing the spatial locatio(px, py), of a visual feature at timé. Likewise,
let A(t) € O be a scalar describing the audio signal at timeNow, consider a set of
audio-visual vectorsV(V (py, py,ti),A(t)))i=t—s+1,.. t Sampled at timet —s+1,--- ,tc and
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Figure 1:System overview. a) Facial landmarks are tracked acrosswalogue video sequence. b) The non-rigid
(NR), rigid (R), and combined non-rigid + rigid (NR + R) matigs extracted from the mesh models. c) The pitch
estimates are derived from both the sync. and async. raw a&yglits. d) Synchrony is estimated separately for the
three motions, analyzing a temporal windowsdfames at a time. Synchrony for each motion is computed ftr bo
the sync. and async. pitch estimates. e) Visual events teetdd separately for the three motions. f) Audio events
are detected separately for both the sync. and async. raw ispdits. g) Postprocessing is performed to filter out
spurious synchrony values. An output is obtained for ake¢hmotions. h) An example output of the synchrony
obtained for a video frame between the three motions and/tighsonous pitch estimates. Colors superimposed on
the images represent detected synchrony; the colors ramgedark orange (minimal synchrony) to bright orange
(maximal synchrony).

at the visual feature locatiofpy, py). Both A(ty) andV (px, py,t) are presumed depen-
dent Gaussian random variables with respective probglbiigtributions N (uA(tk),ZA<tk))

and N (“V(px By) Z\/(px rw))' whereu denotes the sample mean ang the covariance.
Moreover, each vect®W is considered as an independent sample from a joint, mattate
Gaussian random process with probability distributicy(NN(px,py,tk) , Z\N(px.py,tk)).

An additional term,(l— 2%,,) has been multiplied tolj to decrease the effect of small,
sub-audible audio features that are accidently correlattédthe visual featuresl|7]. Vari-
abler is set to the maximum value of the audio vector at tigp@anda = 50 is a fixed value
determined empirically.

2.2 Active Shape Model

The Active Shape Model (ASM), introduced by Cootes etl. i a statistical approach for
shape modeling and feature extraction. It has been substbgiraproved in recent years
[15]. Itrepresents a target structure by a parameterizedttalishape model obtained from
training. The location of points, commonly referred to as landmarks, are annotate on
set of training images by a human expert. This set of landsiarkepresented by a vector
X = (xl,yl,...,xn,yn)T wherex; andy; are the coordinates of thH& landmark. Then, by
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analyzing the variations in shape over the training set, dahis built which can represent
these variations:

X ~ X+ Pb (2)

The vectoiX contains the mean values of the coordinates of the annatatadP is a matrix
of the firstt eigenvectors of the covariance matrix of the data, largda vector that defines
the model parameters. The variance ofifAg@arameterP}, across the training set is given
by the corresponding eigenvaldge By limiting the parameterb; in the range of=3/A;,
we ensure that the generated shape is similar to those irritfinad training set. To apply
the constructed shape model to a given target, a transfetidunis required to move from
the model coordinate system to the image coordinate sysipically, this is achieved
by a Euclidean transformation defining the translatign;), rotation8, and scales. The
position of the landmarks, in the image are then given by:

X = Ty v.0.5(X + Pb) ©)

For a given new image, the ASM is performed to find where thgetawbject lies on the
image. Therefore, we need to find the optimum parametere@8M that best fit the model
to the target structure. Generally, this optimization peabis solved iteratively. Firstly, the
model is initialized by the mean shape. Secondly, a regidghefmage around each feature
point is examined to find the best nearby match (i.e. seagciong the profile line for the
edge locations). Thirdly, the paramet(sY;, s, andf are updated to best fit the new found
landmarks. Lastly, the constraifi| < 3\/A; is applied to the parametess These steps are
repeated until there is no significant change in the shappeters.

In this work, the shape model is comprised of 83 landmarksesponding to anatomical
features on the human face. For each video clip, a modeliizettdbased on the manual
annotations of five percent of the video frames. The faciadaarks of the remaining 95%
of the video frames are automatically tracked utilizing ttaned model. For each tracked
landmark, The absolute horizontal and vertical displaggrhetween adjacent frames are
used as the two visual features for computing synchrony.

2.3 Pitch Detection

Pitch (i.e. fundamental frequency) is an important feaitupgrosody modeling, and is one of
three attributes, along with loudness and quality, for abtarizing speech. Pitch determina-
tion algorithms (PDA) are designed to estimate the funddaaténequency of a quasiperiodic
or virtually periodic signal, such as a digital recordingp€&ech. The fundamental frequency
of speech can vary from 40 Hz for low-pitched male voices t0 B@ for children or high-
pitched female voices. PDAs are generally categorizedtinte domain and frequency
domain approaches.

We use a frequency domain approach describe®h for determining the pitch of
each temporal set of audio samplagy). Firstly, the short-term spectrum functioi(f), is
obtained by applying the Fourier transformA@). Suppose that the fundamental frequency
is denoted byfy, then thesum of the harmonic amplitudesis defined as:

N
SH= n;A(nfo) 4)
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whereN is the number of harmonics to be considered. If only the subbaic frequencies
are considered equalling one halffgf then thesum of subharmonic amplitudesis given as:

= $((-2)0)

The subharmonic-to-harmonic ratio (SHR), given by:

SS
SHR= 3 (6)
is the amplitude ratio between subharmonics and harmonics.

In practice, solving for the SHR directly if6) is not tractable. Therefore an alternative
method, known as the Subharmonic Summation algorithm (SidS)sed 10]. The SHS
method sums the spectrum at harmonics of the pitch candiaiatesubtracts the spectrum
at the middle points between harmonics. Finding the pittimase, fy, amounts to solving
a maximization problem described iA(]. We utilize the absolute difference between the
pitch estimates of adjacent audio bins as the audio feature.

2.4 Classifying synchrony based on rigid and non-rigid motn

The human visual system is capable of distinguishing the agd non-rigid motion of an
articulator during speech. An advantage of the ASM techmiguthat non-rigid and rigid
motion can be separated. Non-rigid motion is due to locabeétions such as lip move-
ment and eye constriction. Contrariwise, rigid motion isilatited to head pose variations
and looming. In our experiments, we compute synchronybatteid to non-rigid motion,
rigid motion, and the combined non-rigid + rigid motion.

Non-rigid and rigid motion are separated using pose nomattin. To obtain the non-
rigid motion, the fitted landmarks of each video frame ardsteged to the landmarks of
the reference frame (first frame) using Procrustes analpsicrustes analysis computes an
optimal affine transformation between the two landmark bgtminimizing the alignment
error. Each video frame has a corresponding transformatiatnix that is used to align
the corresponding landmarks to the landmarks containddmibe reference frame. The
alignment is driven by a set of typically rigid facial landrks, including the inner and outer
eye corners, the bottom of the nose, and the temples. Aligthia landmarks of all frames
to the reference frame effectively negates the rigid motibthe landmarks, retaining only
the non-rigid motion.

To obtain the rigid motion of the facial landmarks, the irseeof the transformation
matrices acquired from the aforementioned non-rigid nmogimcess are each applied to the
landmarks of the reference frame.

2.5 Unsupervised classification of synchrony using the onisend offset
of audio events

The raw synchrony estimates obtained using the aforenmedimethod generally contain
false-positive synchrony values due to over-sensitiVig. propose a postprocessing method
that filters out spurious synchrony by accounting for theetnsffset, and mean synchrony
energy of audio-visual events. The synchrony filtering i$grened by classifying each audio
event (eg. word, phrase) of both the synchronous and asymebs versions of the video
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clip as being either synchronized or asynchronized withadiaciding visual events (eg. the
magnitude displacement of a facial landmark). We perfornmchyony filtering separately
for each facial landmark. That is, the classification of adiawevent is determined on a
per facial landmark basis. If an audio event is classified eisgosynchronized with the
coinciding visual events of a given facial landmark, them slgnchrony values of the facial
landmark are retained, otherwise they are discarded.

We may view the problem of classifying an audio event as anpwised classification
problem, principally because of two reasons; Firstly, tleaial events of a facial landmark
may, coincidentally, be synchronized with an asynchroreuudio signal. Consequently,
it would be inappropriate to simply label all audio eventstained within a synchronous
and asynchronous video clip as synchronous and asynchsprespectively. Secondly, it is
difficult to manually establish a ground truth synchronysslication of audio events on a per
facial landmark basis from which to train a supervised dligss Therefore, we propose an
unsupervised classification scheme, based on the Hiecatdkimeans clustering method
[14], for determining whether an audio event is synchronize@synchronized with the
coinciding visual events of a given facial landmark. It skioloe noted that all parameters
reported in this section have been derived empirically.

The audio signal is first partitioned into events that cqroesl to either phrases or words
surrounded by periods of silence. Each segmented phraskisvermed an audio event. To
partition the audio signal into events, the acoustic enefdlie audio signal is first derived
by computing its absolute value. Acoustic energy samplasdh not surpass an amplitude
threshold;T2 = 0.04, are determined to be silence, while those that do aredzmesl poten-
tial candidates for audio events. The candidate samplesuthéergo connected component
analysis to distinguish between consecutive runs of sanplée connected components
that have a duration greater thgfi = 300ms are retained, while all others are discarded.

A similar process is performed on facial landmarks for déigovsisual events. However,
a fixed displacement threshold is unsuitable for deterngirisual events because each fa-
cial landmark possesses a distinct range of displacememtsimarks along the lip contour,
for instance, generally exhibit larger displacements tlsay, eyebrow landmarks. There-
fore, a facial landmark demonstrating a displacement grehan the 78 percentile of
displacements for the given facial landmark are considpmdntial candidates for visual
events. Candidate samples demonstrating a connected oemgoduration greater than
TY = 150ms, are declared as visual events.

The synchrony classification of audio events is then peréormsing the Hierarchical
K-means clustering technique. It is well known that K-meansensitive to initialization.
Hence, K-means is run multiple times and the cluster cetidrwith the minimum intra-class
variance are selected as the cluster centroids. Consideria fandmarkp;,i=1,...,N,

yM
tracked across a video sequence, with a corresponding gisiuafl eventsEP = {ejp' } X
J:

and a set of audio events, = {a;}inl. We construct a three-dimensional feature spac
utilizing three measures: 1) the Euclidean distance fraenotiset of an audio event to the
nearest visual evenDgp), 2) the Euclidean distance from the offset of an audio etent
the nearest visual everD§;), and 3) the mean synchrony energy of the audio evet (
For a given audio eveng, and a given facial landmarlp, the three measures are formally
expressed as:

D, (&) = min|ind(aon) — ind(x) ™
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DG (a) = min find(aofr) —ind(x)| ®)
. 1 nd(or)
M (a-) = |nd(aoff) — |nd(aon) +1 i:indz(aoros (9)

where indaon), ind(asf), ands” denote the index position (in terms of video frames) of
the audio event’s onset, the index position of the audio &veffset, and thef frame’s
synchrony value of facial landmarl respectively. The samples in the feature space are
comprised of the audio events contained within the synatuserand asynchronous version
of the video clip. Intuitively, samples that have smallelues for (7) and @) and a larger
value for @) should be synchronous audio events. Therefore, the closteroid that is
closest toCs = {0,0,3} is designated as the synchrony centroid (where 3 is tygithé
largest synchrony value encountered), and the furtheraieras the asynchrony centroid.
Synchrony values that coincide with the audio event sangaetained within the synchrony
cluster are classified as synchronous, otherwise they assified as asynchronous. This
classification process is then repeated for all facial laatis

3 Experimental Results

We conducted a series of experiments to evaluate the peafarenof the system described
above. The experiments are conducted on 20 pairs of moneleigleo clips where each
pair consists of a synchronous and asynchronous versioneofitleo clip with identical
visual content. In each video clip, the speaker is artioupa set of phrases using child-
directed speech. An example phrase is “come over here by. rBath phrase is separated
by approximately one second of silence accompanied by rial faovement.

For each pair of video clips, the difference in the amountotsirony detected between
the synchronous and asynchronous versions of the videdsclipmputed. The amount
of synchrony detected in the synchronous video clip is cosbagainst that of the asyn-
chronous video clip, where the offset of the audio signahi asynchronous video clip is
varied. In computing the synchrony difference, the audimai of the asynchronous video
clip is time-shifted with respect to the video signal fromemecond to four seconds, at an
interval of one second. When the audio signal is offset, difisularly shifted so that the
end of the audio signal is wrapped around to the beginning.t@tal duration of each video
clip is approximately 17 seconds. The video clips were etgubin an uncompressed format
with a spatial resolution of 728 486 pixels. For each video clip, we applied the synchrony
algorithm to the non-rigid motion, rigid motion, and cométhnon-rigid + rigid motion.

It is difficult to assess the performance of an audio-visyathrony system primarily
because it is very hard to obtain a ground truth measure athsgny. Currently, there are
no publicly-available video clip datasets containing gréaruth synchrony measures. For
this reason, we have developed a quantitative measuretiEnnai@ing whether the system is
capable of detecting a greater amount of synchrony in a sgnclis monologue than in an
asynchronous monologue.

We first construct two histograms of all synchrony valuegdietd within the synchronous
and asynchronous versions of the video clip, respecti@mchrony values typically range
between 0 (no synchrony) and 3 (maximum synchrony). The dimers of the histograms
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are within the range of 0 to 3 at an interval ofZ5, resulting in 26 bins. We compute the dis-
tance between the synchrony histograms of the synchromazliagynchronous video clips
using the weighted signed distance, given by:

5w (hS— 1)
'=1n . (10)
min ( s whd ¥ WihiA>

i=1 i=1

D (h%,h*) =

wherehiS and hiA denotes the number of samples contained within thein of the syn-
chronous and asynchronous histograms, respectinétythe total number of bins, ang
signifies the center of th&'ibin. If the histogram distance ir.() results in a positive num-
ber, it signifies that a greater amount of synchrony was tkxdda the synchronous video
clip than in the asynchronous video clip.

Tablel illustrates the computed histogram distances of the mguawideo pairs. For
conciseness, we report the results for nine video clips. rAsipusly mentioned, four trials
are conducted for each pair of monologues, where the offseea@udio signal in the asyn-
chronous version of the video clip is varied. The computasthgdices are further subdivided
into non-rigid motion (NR Motion), rigid motion (R Motiongnd the combined non-rigid +
rigid motion (NR + R Motion). An average histogram distangalso given at the bottom of
each column.

Table 1: Histogram distance using weighted signed distance

Histogram Distance
audio offset = 1 sec| audio offset =2 sec.| audio offset =3 sec| audio offset = 4 sec.
Sub.| NR R [NR+R| NR R [NR+R| NR R [NR+R| NR R |NR+R
091|091 091 099|0.80| 084 | 0.26 | 0.80| 0.51 | 0.67 | 0.71| 0.56
0.26 | 0.34| 0.28 | 1.04 | 1.70| 1.63 | 0.38 | 0.55| 0.53 | 0.16 | 0.21| 0.20
0.03|0.63| 048 | 041|042 0.36 | 0.37 | 0.58| 0.26 | 0.26 | 0.20| 0.26
0.30 | 0.26| 0.31 |-0.05|1.39| 0.62 | 0.36 | 0.61| 0.41 | 0.07 |-0.09| 0.01
3.00 [ 3.00| 2.00 | 0.12| 0.72| 0.40 | 1.80 | 1.79| 182 | 1.86| 1.78 | 1.79
0.39 | 0.53| 0.46 | 0.28 | 0.28| 0.27 | 0.23 | 0.47| 043 | 0.51| 0.66 | 0.54
0.17 | 0.23| 0.27 | 0.08 | 0.73| 0.63 | 0.29 | 0.15| 0.18 | 0.18 | 0.18 | 0.18
0.24 [ 0.81| 043 | 0.34| 0.57| 0.38 | -0.04| 0.19| 0.04 | 0.17 | 0.43| 0.25
0.24 (024 0231012101 1201 | 1.16|1.31| 1.31| 0.50| 0.50| 0.50
Avg.| 0.62 | 0.77| 0.60 | 0.47 | 0.85| 0.68 | 0.53 | 0.72| 0.61 | 0.49 | 0.51 | 0.48

OO N[O AW N| -

The results in Tablé indicate that the proposed method is capable of detectimgatey
amount of synchrony in the synchronous video clip than imggnchronous counterpart
across 97.2% of the experimental trials. The results alsstihte that the amount of syn-
chrony detected for the rigid motion (overall synchronyueabdf 0.71) generally surmounts
that of the non-rigid motion (overall synchrony value of®).and the combined non-rigid +
rigid motion (overall synchrony value of 0.59). Althougtetlesult of this motion analysis is
somewhat surprising, it is understandable because plvarsky that are communicated us-
ing child-directed speech are often accompanied by an exatgd level of looming (rigid)
motion.
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4 Conclusion

In this paper, we presented a method utilizing Gaussian ahirtiormation to determine the
audio-visual synchrony between a synchronous and asynotuisoversion of a monologue
video clip, respectively. For the asynchronous video ¢lipe audio signal is time-shifted
with respect to the visual signal by one to four seconds. Ttkoaand visual signals are
represented respectively by an estimated pitch trajeatoaythe displacement between facial
landmarks across adjacent frames. Non-rigid, rigid, ardddmbined non-rigid + rigid
motion are extracted from the mesh models, and synchromnipuated separately for each.
A postprocessing technique, based on hierarchical k-mgastering, is then employed to
discard synchrony values that occur during non-assocéatdi/visual events. Experimental
results demonstrate that the proposed method is capabletedtithg a greater amount of
synchrony in a synchronous video clip than in an asynchrsraleo clip. Furthermore, the
motion analysis indicates that the rigid motion exhibits greatest amount of synchrony,
followed by the combined non-rigid + rigid motion.

We are applying this work to a set of monologue video stirmhdi tare played to infants
between the ages of 6 and 10 months. We are interested inzargalyre correlation be-
tween the infants’ gaze data and regions of the stimuli tkhaitbé synchrony. Our future
and ongoing work in this area will include establishing arelation measure between the
captured gaze data and the synchrony values acquired titbisgmethod. This work will
give us insight into the developmental processes of atteiaind awareness in both typically-
developing infants and infants who are at risk for autism.
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