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Abstract

Facial animation is traditionally considered as importamtit tedious work for most applications, because the
muscles on the face are complex and dynamically interacththough there are several methods proposed to
ease the burden from artists to create animating faces, fidciemn are fast and ef cient in storage. In this paper,
we introduce a framework for synthesizing lips-sync faar@mation by giving a speech sequence. Starting from
tracking features on a training video, we rst nd the repergtative key-shapes that is important for both image
reconstruction and guiding the artists to create corresgiog 3D models. The training video is then parameterized
to weighting space, or cross-mapping, then the dynamicaddifes on the face is learned for each kind of phoneme.
The proposed system can nally synthesis a lips-sync 3@&ffaciimation in a very short time, and requires very
small amount storage to keep the information of the key-ashapdels and phoneme dynamics.

Categories and Subject Descriptdescording to ACM CCS) 1.3.7 [Computer Graphics]: Three-Dimensional
Graphics and Realism-Animation, 1.4.8 [Image Processimh@omputer Vision]: Scene Analysis-Tracking

1. Introduction

With the popularity of 3D animation movies and video
games, facial animation is becoming more important than
ever, in order to lively animate the virtual character. It is
however, a laborious task to create a 3D face model, let alone
a sequence of models as an animation. Facial animation is
dif cult to sculpt, because the correlation and complexity
of the muscle on the face is so high that few mathemati-
cal model can approximate it without extensive computa-
tion. Although there exists a wide range of work based on
physical simulationthe computation cost is still exorbitant

to general users.

A less exible but affordable alternative way is
performance-driverdiacial animation that the motion of the
actors are somehow transferred to the virtual character,
such asThe Polar Expres&nd Monster House Although
these animation have successfully convinced our imagina-
tion, they are not reusable and new performance is required
each time at creating novel sequence.

In this paper, a method that builds a reusable model for
animating faces by giving a speech sequence is proposed.
While traditional performance-driven facial animatiomca
only drive the virtual face to deform accordingly, the pro-
posed method, starting with performance to train the speech
deformation space, can synthesize any new animation by
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giving a novel speech sequence. Our method not only syn-
thesizes animation respecting to the visual-phoneme corre
spondence, but it also re nes the co-articulation effeat th
poorly modeled in similar previous work, and the highlight
is lips-sync speech animation

The input of our proposed system requires a video se-
quence, where some feature points positioned on, and a mere
number of key-face models that is made respecting to some
key-shapes in the video sequence found by our method. An
animated speech animation by giving a novel speech se-
guence is generated as the output.

The major contributions include:

1. A method for key-shape identi cation that traditionally
cannot be achieved without much parameter tuning and
trial-error processes is proposed. Our method is fast and
requires only one pass.

A cross-mapping that transfers animation from one sub-
ject of the performer to the others, such as virtual char-
acter, is illustrated. While most previous works primarily
focus on weight-space tuning using non-linear function,
such as Radial Basis Function (RBF), we propose the use
of exponential-map that has physical meaning.

An attempt to animate 3D models with training data
merely from 2D videos is made, while previous work

2.
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making efforts on image space lips-sync video speech an- coordinates of its vertices in the global frame, and to recon
imation. struct the model surface, we can transform the problem into
a minimization one, giveK example meshesH;:::; Pk}:

2. Related work a = argmin, a kC é_ Xaik:
There are many different approaches dealing with facial an-
imation, such as muscle-based, image-based, and model-whereC is the constrained vertices positiog, 2 P, is the
based methods. Since our framework is related with the constrained vertex positions of example mgsinda is the
image-based and model-based approaches, the two ones arétended weights to blend these example meshes as recon-
introduced brie y in this section. structed mesh. Problem with such approach is its lack of
capturing local shape property and relation, and when in-
terpolating extreme poses, discontinuity in surface wil o
‘cur due to the global frame position misalignment, and sam-
ple result is shown in the middle gure of Figude While

Image-based facial animationhas the advantage in data
acquisition as opposed to that of model-based approaches
and the algorithm works ef ciently when projected to the

PCA (Principal Components Analysis) space. Extal.[?] linear-interpolation works well withrery denseexamples, it

show hO_W to reanimate a person by decomposing V|_deo Se- usually increases the complexity and cost to acquire these
guence into key-shape space, and propose a Gaussmn-baseﬁmde'S

phoneme model to synthesize new speech animation using

Multidimensional Morphable Models (MMM) proposed by To describe a mesh better, it is suitable to represent a mesh
Jones and Poggi®][. Their work is extended by Chang and  as a vector in another feature space based oh their locad shap
Ezzat [?] to transfer the subject to different faces with ex- property. We use deformation gradient, as which used by
isting trained model. Buckt al.[?] also show how to blend Barr [?] but in a discrete form, to represent a triangle mesh.
sample shapes for hand-drawn animation with parameteriza-

tions using Delaunay triangulation in the feature space.

Model-based facial animationincludes the works by
Chaiet al.[?], Guenteret al.[?], Pighinet al.[?], etc,. PCA-
based method by Blanz and Vett&l extends MMM [?]
to 3D model using morphable model database with feature-
controls, and their method is able to reconstruct and asimat
photograph. Zhanegt al. [?] propose a FacelK framework
with blend-shape scanned from their space-time stereo ap-
proach. They also introduce adaptive face segmentation to
reduce interference from unimportant blend-shapes. In or-
der to reduce the blend-shape interference, Lewial. [?]
minimize the error incurred by selected control verticethwi
user controllable scaling factors.

Figure 1: Left: Original model to be approximated. Middle:
Interpolated model using global frame without local shape
preservation. Right: Non-linear interpolated model solve
with Eq.2.

3. Preliminary

3.1. Animation Reconstruction from Scattered Data 3.2. Deformation Gradient

Observation Given a mesh in reference poBgand a deformed medp,

One key process, to drive the 3D model animate, is to con- both havingn vertices andn triangles in identical connec-
trol the 3D model with certain given constraints. In light of  tivity structure, a deformation gradient is the Jacobiathef

cost/convinence, constraints may be sparse but should beaf ne transformation, from a triangle iRg to P. Denote the

representative enough for surface reconstruction. One pop af ne transformatiorF ! of the trianglet ! to map its vertices
ular solution is RBF, where intended values are interpdlate v|'< 2tl:k=1.23as:

from kernel-convoluted distances to scattered obsernvatio o S

The problem of animation reconstruction could, however, be F J(V|]<) = TJV|]<+ t);

relaxed in a way when we already know some con gurations . . P .

of the surface. PCA-based techniques have been proposed toWher?T.] IS t_Pek_rotatllqon/ scalg{skeV\; cqr}:ponent ahd? the
drive 3D models, yet numerous aligned examples have to translation. Taking the Jacobian Bf with respect to/” re-

. ] . _
trained in advance. Example-based model interpolation pro stultstln('jl' balone. tr;e fe?tur?hve(f]tﬂ og_the r?eslP;]lts_con les i
vides an alternative way without extensive preprocessing. structed by concatenating the Jacobian of €ach trangles in

a column form. Getting position back from feature vector
An explicit way to represent triangle meshes is with the consisting only the Jacobian is done through integratien, a
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described by Barr [?] or by Sumnet al. [?] for discrete
form. In computation, the discrete form is as described as:

V = argmin, kGv  Fk;

whereG is built from the reference po$® andv is the ver-
tex positions we want to recover from the feature ve€tor

Using the deformation gradient, the feature vedtofor
example mesl®, as mesh descriptor for animation recon-
struction given constraints, we can formulate the problem
mathematically as :

and the minimization is subject % 2 v be equal to con-
straintsC. Although this description of mesh can preserve
local shape property, artifacts can still appear at int@itpo
ing two surfaces with large deviation in orientation wheoe n
intermediate examples are available.

Non-linear interpolation, speci cally exponential-map o
log-matrix blending used in this paper, is designed to solve
this problem. The matrix representing the Jacobian of the
af ne transform can be factored into rotation and skew com-
ponents througtpolar decompositiorproposed by Shoe-
make and Duff P], thus the Jacobian of the af ne transform
for trianglet ! in meshp, is separated a8 = R!S!. The ro-
tation componen®! is blended in log-matrix space whereas
the skew componer8! in Euclidean space. The non-linear
convolution is computed as follows:

) K . K
M(T);a) = exg § log(R))ai)(§ S'ai):
i=1 i=1

Using exponential map to blend the example meshes, we
can get our result mesh as :

V;a = argmin, .a KGv M(F;a)k; Q)

subject toX 2 vbe equal to constrain@ The details and the
solution to the non-linear minimization is refereed to Sum-
neret al.[?], where a Gauss-Newton method was utilized to
linearize the equation and solved in an iterative manner. In
latter discussion, resudt will be used as parameter for our
training. Givena, we are able to recover the positiorby

rst computing the deformation gradiefit = M(F;a), and
plugging in Eqg.2 to solve directly without iteration:

V = argmin, kGv M(F;a)k: 2)

4. Overview

Figure2 shows our system overview. The whole system can
be divided by three steps: the video capturing & prepro-

cessing step, key-model creation step, and animation syn-

thesis step. In the rst step (Secti&), we capture a speech
video for feature tracking, phoneme aligning, and identify

Video Capturing & Preprocessing
r

i 1
: Training Video — Feature Sequence :
| Feature Tracking H
T /7 e eemeemm——————— m—————— i
b r
1
! 1
| Phoneme 1 Key-Shape | : Create M oders
1 Sequence Identification
B L L e b ey

|

13.Density | qrgined 3D Animation  f— 2, Cross-Mapping

i  Estimation

L
: Animation Synthesis|  Key-Model
| New Speech :_ _____ C _r_e_a_tigp_
| v
| 4. Animation 3D Speech Animation I
L Synthesis |

Figure 2: The system overview.

After identifying the key-shapes and obtaining the feature
sequence, this step can be just omitted.

After the capture of the performer and subsequent track-
ing and phoneme alignment, the artist is ready to create cer-
tain 3D face key-models that can be used for generating the
target animation by interpolating these examples. In Sec-
tion 5.3, a discussion of how to cluster training data without
knowing how many groups needed is given, where af nity
propagation?] is exploited. The result instructs the artists to
sculpt 3D face models that correspond to certain key-shapes
in the training samples, and a method in Sec6adas intro-
duced to solve the following analogy:

Trainingexp :: Trainingneut= ?:: FaceModeéleut:

Such analogy is solved with the algorithm from Sum-
ner et al. [?], and we can obtain a high dimensional pa-
rameter for each frame of the training data that corresponds
to each phoneme the performer speaks. After that, the re-
lationship can be built with Gaussian estimation for each
phoneme, similar to the work by Ezzet al. [?]. The sec-
ond step is needed to be performed only when changing the
face key-models.

In the nal step (Sectior7), an energy function is pre-
sented to synthesize any novel speech for new parameters
that can composite a sequence of 3D facial animation.

5. Capturing and Preprocessing

A SONY DCR-TRV900 video camera is used for capturing.
The camera is placed in frontal direction toward the face of
the tracked subject. The subject is placed with 15 landmarks
around the lips and jaw for easier tracking, as in Figgire
though not absolutely necessary. The result contains about
10 minutes video, approximately 18,000 frames. The subject
is asked to speak contents that elicit no emotion, and these
contents also include bi-phone and tri-phone to re ect co-

ing the key-shapes. This step can be processed only once.articulation.
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5.1. Feature Tracking weight to linear blend key-shape&i :::; S} approximat-

ing framef;. The formulation, though simple, has one poten-
tial problem on one hand that each cluster is not normalized
to in uence the entire data set minimization; on the other
hand, there is no other choice. Besides, the number of key-
shape« is still unknown in advance. In this paper, the fol-
lowing questions need to be answered:

The result of the recording video is subsequently tracked us
ing a customized tracker. Although various tracking algo-
rithms exist, Kanade-Lucas-Tomasi (KLT) tracker, a direct
tracking method based on constancy of feature brightrness, i
used in the paper.

1. How many prototype key-shapes are needed?

2. What are these key-shapes and the clustered key-shapes
de ne?

3. Which data point belongs to which cluster?

Ezzatet al. [?] heuristically determind with prior ex-
perimental experience, cluster data set usimgeans algo-
rithm, and assign prototype key-shapes to data poiess-

Figure 3: 18 landmarks are placed on the face, 3 for position estto the cluster centers. Chuang and Bregigrgropose
stabilization, and 15 are used for tracking (12 around lips, the data withmaximum spread along principle component

and 3 on jaw). Sometimes mis-tracked/lost features require is preferred as key-shapes, althoughis still determined
the user to bring back. heuristically. Others likeconvex-hull though performs no

better than maximum spread along principle component, stil
indicates a viable alternative. In solving the three protde
simultaneouslyAf nity Propagation [?] is utilized to help

5.2. Phoneme Segmentation the identi cation ofK, the key-shapes, and clusters.

Each frame of the recorded sequence corresponds to a A Nity propagation is a bottom-up algorithm iteratively
phoneme the subject speaks, and given transcript, the CMU merges points/sub-clusters into clusters. In t_)e_t\_/veen data
Sphinx-2 can decode the audio and cut the utterance into POINt two sorts of messages are passeesponsibilityand

a sequence of phoneme segments. The CMU Sphonx-2 Availability.

uses 51 phonemes, including 7 sounds, 1 silence, and 43 Responsibility ¢j;i) sent from data point to exemplai,
phonemes, to construct the dictionary. or the key-shape in our case, is the message re ected the ac-
cumulated evidence for how well-suited poirg to serve as

the exemplar for poinj, taking into account other potential
exemplars for poinf.

The result of the preprocessing after feature tracking and
phoneme segmentation contains a list of data of 15 dimen-
sionality for each frame associated with a speci ¢ phoneme
which Sphinx-2 de nes. Availability a(j;i) sent from exemplar to point j is the

message re ected accumulated evidence for how appropriate
it would be for pointj to choose poini as exemplar, taking
5.3. Prototype Image-Model Pairs Identi cation into account the support from other points that poiwbuld

Since our method highlighexample-based interpolation be exemplar.

representative prototype lips-shapes as key-shapes bave t  The algorithm is fast and work without much parame-
be identi ed. Without lose of generality, fewer key-shapes ters tuning. The only input is a pair-wise similarity table
are desired, since to sculpt 3D models as key-shapes isthat speci es how each point is similar to the others. Self-
painstaking; more key-shapes are needed, to vividly sgan th  similarity indicates how much evident a point believeslitse
spectrum of facial animation. For convenience, the represe  as an exemplar, and in this paper the value is set to the min-
tative key-shapes are selected from the training datarsét, a imum of the pair-wise similarity, as instructed in Frey and
later used for any-shape reconstruction. Dueck [?] for smaller number of clusters.

However, nding representative key-shapes is not easy, Afnity propagation successfully separates 18,000
and traditionaK-center algorithm does not work ef ciently  tracked speaking lips-shapes into 21 clusters, in Fidire
and requires many runs. Researchers may sometimes reducevith each de nes a group either small or large. It is less

nding prototype key-shap& into the following minimiza- likely for other methods to ndsmall yet representative
tion problem: groupssince most error minimization are done with respect
K to the entire data set and error are biased to favor large
min&jif; & Swii’ (3  group.
! =1 There is also an interesting nding that af nity propaga-
where fj corresponds to a frame in our data se, is the tion separates groups with very subtle difference, thatnwhe
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Figure 4: The total key-shapes found by af nity propagation. As sdere are many looks very similar yet actually different.

Figure 5: Af nity propagation surprisingly nds shapes that Figure 6: The result of key-shapes from directly minimizing
are very close but indeed different. The image is an overlay EQ-3, where the almost 8 evenly keyed close to open result
of two close groups. was found. Certain important key-shapes li@o or foo are

missing.

talking the lips shape are not symmetric but biased to either
left or right, as Figures, due to the unsymmetrical muscle
activation on human.

It might be interesting but not practical for artists to gtul
such minutia on 3D models, and further reduction on the
number of key-shapes is desired. Merging groups with min-
imum distance on key-shapes is performed iteratively un-
til either a threshold is reached or a sudden increase in re-

construction error occurs (see Figufg and nally 7 key- Figure 7: This graph shows the reconstruction of reducing
shapes,as in Figui& are identi ed. A comparison of af n- the number of redundant basis, as in red line. The cost of
ity propagation with direct minimization on E.is given removing each basis, by choosing least group distance, is

in Figure6. Finally the artists create corresponded 3D facial shown in blue. The error of reconstruction keep steady until
models, as in Figur8, with lip-shapes according to the 7 7 basis remains. The basis deletion cost climbing up stgadil
key-shapes identi ed. and reach a plateau of high cost around 7.

6. Training Sample Parameterizations and Cross

Mapping to use such to animate a virtual character. The user may de-

After identifying the key-shapes, the sequence of 3D anima- sire a such function, if any, to transfer even very minute de-
tion, given the sculpted 3D models, can be created according tails, and such function is adjustable, so that one performe
to the training video given the key-shape images. The mo- can drive a numerous virtual characters without too much
tion of the training video is cross-mapped to the 3D model complication.

as discussed in this section. Pyunet al.[?], Na and Jung7], and Lewiset al. [?] use

The jargonCross Mappingin facial animation usually RBF for ne-tuning the weight-space in each dimension and
refers to transfer the motion of one subject to the other. The require more training samples to explore the function form.
typical case is an actor giving a performance and the goal is Buck et al. [?] use convex hull technique that each training
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Figure 8: One-to-one mapping of the key-shape (Upper) from the vidgaence and the artists created corresponded 3D
meshes (Middle and Lower).

faces is project to a plane, with three nearest key-shapes, solves the following constrained minimization:

the barycentric coordinates are obtainable and transferre K

to NPR (Non-Photorealistic Rendering) faces for rendering mink f; é_ Swiji k2; 8w; O, 8fj2F: (5)
Chuang and Bregler [?] propose a cross mapping algorithm i

most representing ours, yet the parameterized weights are ) ) )

directly used to linearly interpolate the 3D models. The weightW can be directly used & in Eq. 2. Such

] ) ) direct transfer will, however, introduce an un-pleasinguie
The goal in this paper is that the performer utters SOme pocqse the non-linearity nature of projection as we illus-

words, and the sculpted 3D models should be interpolated {516 in Figured. The observed feature points undergoes
in a way as if it speaks. Given the key-shape lips im- 5 proiection that maps eonstantangular movement to a
cosinefunction, and while uniformly sampled on the angu-
lar space, the projection will result in a seemingly cluster
sampled at degree 0. This non-linearity phenomenon is typi-
cally modeled using RBF, yet another alternative is progose
to model this projection.

fPy;:ii Pkg, a sequence of 3D facial animation can be built
based on the original video sequertee f fq;:::; fng. The
key ideas are to parameterize the video sequence &ing
into W = fwg;:::Wigood 2 < K| transfer the coef cients to

3D model space, and use the coef cients &b construct
the corresponding sequence. One feasible solution is to select the corresponding fea-

The rstis to parameterize the video sequence from the
image space into the weight spageusings, and is formu-
lated as:

K
minkf; & Sw;ik% 8f2F : (4)
i

The solution of this minimization is straight forward and a

standard linear least square solver can be applied. The ob-

tained weight, though best t for least error reconstructio

is not suitable for further editing and transfer. One impor-

tant reason is over- tting that when minimizing error, some

weights will be much larger and others have to be nega- Figyre 9: The projected point position x is the function of
tive to counter balance. If weight transfer is desirablenth  ¢4qq) so the constant angular speedwill result in a sine
large or negative weight should be avoided. A non-negative fnction, rather a constant speed for x.

least square (NNLSY] solver is ef cient and available that
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tures on the 3D model, blend them uskWin the projection center that the speech is about to pass,&frdm diagonal
plane, i.e., x and y components only, and use these trans-phoneme covariance, assuming independent in each dimen-
ferred projected points as constraints to plug in Esplving sion without loss of generality:
for a. Thus, the result of 3D animationas= f a1;:::a1g00d
. ; 2 3 2 3 2
de ning the cross-mapped reconstruction parameters. Two ai M1 S1
primary reasons using this method from Sumaeal. [?] ar V53 S
are the following: X= ;o M= . L5 S= ) :

1. Since the observation is two dimensional images, and by aT Hr St
assuming fake orthogonal projection, the prior from ex-
amples and exponential-map provides fairly acceptable  Moreover, D is a normalization term de-emphasizing
result when only two, rather than three, dimensional con- |onger duration phoneme that might in uence the error min-

straints are speci ed. imization, andW is a smoothness term that also models the
2. The use of exponential-map provides linearity that is use co-articulation effects:

ful for density estimation and multi-linear analysis. Take 2 q

Figure 9 for example: When the angular speed is con- | Dpny

stant, samples on angular space is uniform ff@n:5g, T q 5

yet when projected, ov%, i.e., 60 degrees, of samples D= ' ™ .

are betwee0;:::; %g and leading a false density estima- ) '

tion. a 5

o

The non-linear cross-mapping  function  using
exponential-map gives an alternative way for mapping

motion from one subject to another while providing physi- 2 [ 3
cal meaning of projection. The result of the 3D animation [
corresponds to the training video can subsequently used for W= E
estimating the probabilistic model phonemes. -
7. Phoneme Space Construction and Trajectory Taking the derivative of of Eg6 yields the following
Synthesis equation that can be solved using standard linear system
After cross mapping a sequenceaf fagq;:::;aigoo@ as- packages:
sociate with phoneme tag on each frame, the statistical anal (0's b+ 1w'w)x=D's Du @)
ysis for phoneme sdt = fPhy;Phy;:::; Phs;g can be per-
formed for density estimatiompr, = & a;=N;, The result from Eq7 synthesizes a path= faz;::;atg
. (@i wen)@ pen)T that goes through each phoneme region spoken, and each
Sph = A | h N | h ; 8aj! tag= Ph; time stampa in the path can be plugged into E2jto get the
j ! 3D model and nally an animation.

whereN; is the number of training frame that corresponds  The valuel plays a crucial role in the minimization.The
to the phonem®h;, and the density is modeled with multi-  physical meaning of the term can be interpreted as the de-

dimensional Gsaussian: gree of freedom to reach the steady state of a phoneme when
speaking a word. If the value increased, the path tends to

X) = 1 1 x w's Lx ) '
Priery Sery (X) = (2p)KkSK exg S(X W X we: be smooth and the 3D model speaks as if he cannot change

the mouth too much. On the other hand, when the value de-
creased, the models speaks like a robot that would not be
recognized as a real person speaking but just remain xed
at each phoneme and changing shape suddenly at transition.
This value is ne-tuned until appealing result is found, and
current value is set to 10.

Meanwhile, any speech phy;:::; phrg;8ph 2 F of
length T tags can be synthesized with a sequence of

function E consists of a data term and a smoothness term:
E=(x W'D'S ID(x w+Ixwwx (6)
The data term is a measurement of normalized distance 8. Result
from each phoneme distribution center, and the smooth term Our testing platform is a laptop computer with an Intel
prevents the path from being changing too excessively. In Pentium-M 2.13GHz CPU and 1.5GB RAM, where the test-
the objective functionx is a vertical concatenation of indi-  ing 3D face model contains 3,201 vertices and 5,825 trian-
vidual at at time stamp, pLis constructed from the phoneme  gles. The proposed framework is fast and storage ef cient.

submitted to EUROGRAPHICS 2008.



8 Submission id: paper1188 / Animating Lips-Sync SpeechsFace

terization does not require any user intervention. Finally
method, simple but without lose of generality, for estimgti
phoneme density is presented. Solving animation for subse-
quent novel speech is reduced as a trajectory synthesis prob
lem that is easy to solve with a standard linear system lbrar

The performance bottleneck currently lies in the term
M(F;a) to blend feature vector non-linearly and the huge
linear system of ER. To accelerate the solver of the func-
tion M, platform dependent Basic Linear Algebra Subrou-
tine (BLAS) and storage optimization might be applied to
enhance matrix/vector operations.

Figure 10: Top: Tracking video; Middle: Cross-mapped ani- The most tentative future is adding expression onto the
mation using the 7 key-shapes found in 5&Bottom: Syn- face. While traditionally expression and speech are pro-
thesized animation using utterances of the tracking video. ~ cessed in separate, the two should be modeled in correlation
Speaking without emotion is robotic and achieving no per-
suasion without expression. Currently bilinear analysith
speech the content and expression the style, on two dimen-
To synthesize a path of a novel speech of about 10 secondssion image is well studied by Tenenbaum and Freerf?fn [
requires less than a few milliseconds. Given the non-linear Chuanget al.[?], and Wanggt al.[?], and multi-linear model
blending parametefsa;y; :::; aj7g for each frame, the com- by Vlasicet al.[?]. Applying bilinear analysis on 3D facial
putation time required to solve Eg.is 0.3 to 0.4 seconds.  models is very tentative.
The density estimation for parametersand S are 51 by 7
table of oating points each, and the examples required to
synthesize animation are merely seven plus one for refer-
ence.

Currently the density estimation could be further im-
proved by inspecting the property of speech. Although Gaus-
sian distribution is general for most cases, the data terax me
suring distance to the Gaussian distribution center iretraj

Figure 10 shows certain frames of the tracked video, its tory synthesis might not truly re ect the way people speak.
cross-mapped animation, and synthesized result producedBecause the density estimates samples from binary seg-
from the utterance independent of the tracking results.-Com mented speech, intermediate sample between two phonemes
paring the animation, one can notice that the synthesized can be modeled with better techniques capturing such ef-
shapes may not be identical to the cross-mapped, which is fects.
made in correspondent to the tracking video and shall be
used as the ground truth. Inspecting the speech animation
in the accompanying video, some artifacts can be observed
when compared with the directly cross-mapped 3D anima- [Bar84] BARR A. H.: Global and local deformations of
tion. While largely recognizable of what is being spoken, it solid primitives. ACM Computer Graphics 18 (1984),
is still quite vague at some ne details at transition of mout 21-30. (SIGGRAPH 1984 Conference Proceedings).
shape between open and close shape. Another un-natural feefgrg 00] Buck I., FINKELSTEINA., JACOBSC., KLEIN
is that the shapes of certain viseme do not reach the exact A  saiesin D. H., SEimMs J., SYELISKI R., TOYAMA
shapes as people expect, suctilasor /p’. K.: Performance-driven hand-drawn animation. Piro-
ceedings of the 2000 International Symposium on Non-
Photorealistic Animation and Renderiig000), pp. 101—
108.
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