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Abstract. This work presents a quantitative analysis of the relation between the
acoustic and visual components of speech. System identification techniques are
used to search for mathematical models describing the relation between the two
domains and to assess some of its properties. Acoustic and visual (face motion)
data were acquired simultaneously during speech production experiments. Face
motion was measured by tracking the 3D positions of markers on the speaker’s
face. Both the acoustic and visual data were represented parametrically. The
parameters were used in obtaining mathematical mappings relating the two do-
mains. Linear and nonlinear, static and dynamic mappings were used. The
performance of the mappings was evaluated across different data sets in order
to get a better insight into the linear vs. nonlinear and the static vs. dynamic
nature of the relation between the domains. The results show that the perfor-
mance of the mappings is quite different in the short and long term prediction
scenarios: in the short-term, dynamic models perform better than static models,
whereas in the long-term the opposite happens. Furthermore, it was verified
that nonlinear mappings outperform linear mappings in most cases.

1. Introduction
Speech is a bimodal phenomenon where its acoustic and visual components work together
in the process of conveying information. This bimodality is inherent to both speech pro-
duction and perception. The act of configuring the vocal tract to produce speech simul-
taneously shapes the speech acoustics and deforms the face. This results in a structural
coupling between auditory and visual events during speech production and, consequently,
in an inherent relationship between the acoustic and visual components of speech.

Although the bimodal nature of speech production has been studied for some time
now, most works so far have been concerned only with mapping acoustic parameters onto
visual parameters (e.g. phonemes onto visemes) with the sole purpose of synthesizing
visible speech from audible speech, without necessarily understanding the underlying
relation between the two modalities.



Table 1. Experiment sentences.
Experiment rs eb

1 to 5 After papa beamed aboard the love boat, mama popped their baby into the bubbling
mud bath.

6 to 10 Sam sat on top of the potato cooker and Tommy cut up a bag of tiny potatoes and
popped the beet tips into the pot.

11 to 15 When the sunlight strikes raindrops in the air, they act like a prism and form a
rainbow.

Experiment rs tk
1 to 4 Obaasan wa kawa e sentaku ni dekakemashita.
5 to 8 Obaasan wa momo o hirotte ie ni motte kaerimashita.

9 to 12 Momo o watte miru to naka kara otokonoko ga detekimashita.
13 to 16 Otokonoko wa Momotaro to nazukeraremashita.
17 to 20 Obaasan wa kibi dango o motasemashita.

The focus in this work, however, is on trying to gain a better understanding of
how the audible and visible components of speech are related. The methodology consists
basically of using system identification techniques to search for mathematical mappings
capable of modeling the relation between the two domains and, based on the behavior
(performance) of different configurations of these mappings over different data sets and
spoken contents, try to infer useful information about the relation between the audible and
visible components of speech. In particular, we are interested in the linear vs. nonlinear,
and static vs. dynamic nature of the relation between the two domains. Furthermore, we
are also interested in how this relation behaves during speech.

This paper is organized as follows. Section 2 describes the experiments conducted
for data acquisition and deals with the parameterization of both speech acoustics and face
motion. Section 3 presents parametric mathematical models for representing the relation
between the two domains. In particular, the NN-ARMAX representation is described.
In Section 4 the results obtained by applying the mathematical mappings of Section 3 to
the experimental data are presented and discussed. The performance of the mappings is
evaluated over different data sets. Finally, the conclusion is presented in Section 5.

2. Data acquisition

Speech acoustics and face motion were acquired simultaneously during speech produc-
tion experiments. Data were collected for male, native speakers of American English and
Japanese (experiments rs eb and rs tk, respectively). The speech material consisted
of repetitions of the sentences shown in Table 1. Face motion was measured by tracking
the 3D positions of markers (infrared emitting diodes) on the speaker’s face with an OP-
TOTRAK (Northern Digital Inc.). The tracking, in real time, was performed at 60 Hz. The
marker patterns on the speaker’s face are shown in Figure 1.

At this point, the data are available in the form of the audio signal and the marker
trajectories. Before proceeding, however, the data need to be parameterized. This section
describes the parametric representations used for the acoustic and the visual domains.
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Figure 1. Marker patterns on subject’s face for the experiment rs tk.

2.1. Speech acoustics parameterization

The acoustic signal, whose sampling frequency can vary across experiments, was resam-
pled at 8000 Hz, and then analyzed using a frame length of 50 ms and a frame shift of
16.67 ms, yielding a rate of 60 frames/s. LPC (Linear Predictive Coding) analysis of order
p = 10 was applied to each frame. The LPC parameters were then converted into LSP
(Line Spectrum Pairs) parameters (Sugamura and Itakura, 1986). The LSP parameters are
useful because they are strongly related to the speech formants (Sugamura and Itakura,
1986), which are basically determined by the vocal tract configuration (Flanagan, 1972).
The vocal tract motion, in turn, is the main responsible for the face motion during speech
(Yehia et al., 1998).

Therefore, each frame of the acoustic signal is characterized by p LSP parameters
and represented by a p–dimensional vector

f(k) = [f1(k) f2(k) · · · fp(k)]T . (1)

These vectors are grouped in the following matrix

F = [f(1) f(2) · · · f(M)] , (2)

where M is the number of speech frames.

2.2. Face motion parameterization

Initially, each face motion frame is represented as a 3N -dimensional vector, where N is
the number of face markers, in cartesian coordinates

x(k) = [x1(k) x2(k) · · · x3N(k)]T , x(k) ∈ R3N×1 . (3)

These vectors are grouped in the following matrix

X = [x(1) x(2) · · · x(M)] , X ∈ R3N×M . (4)

Now, Principal Component Analysis (PCA) (Horn and Johnson, 1985) is used in order to
exploit the high redundancy in the face motion and to reduce the number of parameters
associated with it. The analysis finds a unitary rotation matrix UK ∈ R3N×K which can be



used to project the original face motion vectors onto the PCA space in the following way

p = UT
K (x− µ) , p ∈ RK×1 , (5)

where µ is the mean face vector, K is the number of principal components, and p is the
vector of principal component coefficients. Previous works have shown that K = 7 prin-
cipal components are usually sufficient for explaining about 99% of the total face motion
variance (Yehia et al., 1998, 1999; Barbosa, 2000). Therefore, this linear transformation
makes it possible to express any vector x ∈ R3N×1 of face positions in terms of a much
more compact vector p ∈ RK×1 of principal component coefficients.

By applying Equation 5 to each of the M face vectors x, a matrix P of principal
component coefficients is obtained

P = [p(1) p(2) · · · p(M)] , P ∈ RK×M . (6)

3. Mapping
The problem of finding a mapping that relates the two domains consists basically of find-
ing a function ~(·) capable of mapping the vectors f onto the vectors p. To do so, we
consider the rows of the matrix P as the outputs of a system whose inputs are the rows
of the matrix F , i.e., a multivariable system with p inputs and K outputs. The objective
is then to find a mathematical model capable of describing the relation between these two
sets of signals.

There are two ways in which this multivariable system can be modeled. The first
way is to use a single MIMO (multiple inputs, multiple outputs) model with p inputs and
K outputs. The second way is to model each of the outputs separately by means of a
MISO (multiple inputs, single output) model. This work uses the second approach. The
MISO models are implemented by means of NN-ARMAX (Neural Network AutoRegres-
sive Moving Average with eXogenous inputs) models (Nørgaard, 2000).

3.1. NN-ARMAX models
A nonlinear, discrete MISO system can be described by a NN-ARMAX model in the
following way

p̂j(k) = ~̂j [ pj(k − 1), pj(k − 2), · · · , pj(k − np),

f1(k), f1(k − 1), · · · , f1(k − nf ),

f2(k), f2(k − 1), · · · , f2(k − nf ),

· · · , fp(k), fp(k − 1), · · · , fp(k − nf ),

e(k), e(k − 1), · · · , e(k − ne) ] . (7)

In the equation above, fi(k) is the i-th system input (the i-th row of matrix F), pj(k) is the
j-th system output (the j-th row of matrix P), and e(k) accounts for uncertainties, possible
noise, unmodeled dynamics, etc; nf , np and ne are the maximum lags considered for the
inputs, outputs and noise terms, respectively.

The nonlinear function ~(·) is implemented by means of a multilayer perceptron
neural network with one nonlinear hidden layer and a linear output layer. The hidden



Table 2. Sentence groups (see Table 1).
Group Experiment Training sentences Test sentences
1 rs eb 1 to 4 5
2 rs eb 6 to 9 10
3 rs eb 11 to 14 15
4 rs tk 1 to 3 4
5 rs tk 5 to 7 8
6 rs tk 9 to 11 12
7 rs tk 13 to 15 16
8 rs tk 17 to 19 20

layer contains six nonlinear neurons with hyperbolic tangent activation functions. The
number of inputs to the network depend on the values of nf , np and ne. Linear networks
were also implemented by using a single linear neuron in the hidden layer. In this case,
the NN-ARMAX model reduces to an ARMAX model. All networks have been trained
using the Levenberg-Marquardt algorithm (Demuth and Beale, 1994; Zell et al., 1995).

The values of nf , np and ne have to be chosen according to some criterion. The
approach adopted here was to try networks with different values of nf , np and ne, and to
take the one with the smallest test error. For every possible combination of the values of
nf , np and ne, a network is built and its optimal structure according to the Optimal Brain
Surgeon (OBS) (Nørgaard, 2000; Hansen and Pedersen, 1994; Hassibi and Stork, 1993;
Pedersen et al., 1995) criterion is found. This is a pruning algorithm in which the search
for the optimal network structure starts with a fully connected network. Then the network
weights are removed one by one. After each weight removal, the network is retrained
and its performance over the test data set is evaluated. The procedure is repeated until all
weights have been eliminated. The network structure chosen as optimal is the one which
results in the smallest error over the test data set.

4. Results and discussion
The spoken material acquired in the experiments was organized in groups in order to
evaluate the performance of the identified models over different spoken contents. Eight
sentence groups, comprising sentences from both experiments, were defined (see Table 2).
A sentence group defines the sentences that will be used for training and the ones that will
be used for testing. Linear and nonlinear, static and dynamic NN-ARMAX models were
identified for each sentence group in Table 2.

The results are presented in Table 3 in the form of correlation coefficients between
the measured and estimated face motion (the values in this table refer to the first principal
component of the face motion only). The maximum lags used for the inputs and noise
terms were nf = 1 and ne = 2. Values for np from 0 to 3 were used. Both linear and
nonlinear models were used. Predictions for one, six (which corresponds to 100 ms) and
infinite (free prediction) steps ahead were computed. For each case, the mapping structure
was selected according to the pruning algorithm described in Section 3.

Static NN-ARMAX mappings were obtained by doing np = 0. It should be noted
that the concept of number of steps ahead does not apply to static mappings. That is why



Table 3. Correlation coefficients (k is the number of steps ahead).
Linear Nonlinear

k = 1 k = 6 k = ∞ k = 1 k = 6 k = ∞
G

ro
up

1 np = 0 0.47 0.47 0.47 0.72 0.72 0.72
np = 1 0.94 -0.13 -0.02 0.97 0.04 0.09
np = 2 0.99 0.40 0.30 1.00 0.53 0.20

G
ro

up
2 np = 0 0.70 0.70 0.70 0.87 0.87 0.87

np = 1 0.96 0.20 0.07 0.98 0.54 0.34
np = 2 0.99 0.51 0.09 1.00 0.75 0.33

G
ro

up
3 np = 0 0.80 0.80 0.80 0.93 0.93 0.93

np = 1 0.97 0.39 0.25 0.99 0.73 0.73
np = 2 1.00 0.53 0.27 1.00 0.78 0.42

G
ro

up
4 np = 0 0.53 0.53 0.53 0.86 0.86 0.86

np = 1 0.96 0.30 0.22 0.98 0.57 0.56
np = 2 0.99 0.42 0.19 1.00 0.57 0.41

G
ro

up
5 np = 0 0.74 0.74 0.74 0.86 0.86 0.86

np = 1 0.98 0.54 0.36 0.98 0.64 0.45
np = 2 1.00 0.69 0.48 1.00 0.78 0.57

G
ro

up
6 np = 0 0.78 0.78 0.78 0.90 0.90 0.90

np = 1 0.97 0.62 0.52 0.98 0.71 0.43
np = 2 0.99 0.43 0.33 1.00 0.68 0.17

G
ro

up
7 np = 0 0.57 0.57 0.57 0.80 0.80 0.80

np = 1 0.98 0.32 0.25 0.98 0.52 0.38
np = 2 1.00 0.52 -0.11 1.00 0.63 0.05

G
ro

up
8 np = 0 0.69 0.69 0.69 0.87 0.87 0.87

np = 1 0.96 -0.10 -0.02 0.97 0.24 0.26
np = 2 0.99 0.41 -0.01 1.00 0.56 0.19

the value of the correlation coefficients in Table 3 are the same in the rows where np = 0.

The first thing than can be noticed in Table 3 is that the correlation coefficients de-
crease as the number of steps ahead increases. This is expected. A more important remark
is that nonlinear NN-ARMAX mappings performed quite better than linear NN-ARMAX
mappings. For most cases, this is true not only for the static case, but for the dynamic case
as well, and for the different number of steps ahead. A notable exception is the infinite
steps ahead case for the sentence group 6.

The few situations where linear mappings outperformed nonlinear mappings oc-
curred for the infinite steps ahead case. In the short-term (one and six steps ahead), non-
linear mappings systematically provided better results than their linear counterparts. This
suggests that the relation between the two domains is indeed nonlinear, otherwise it is un-
likely that such a clear improvement in the short-term predictions would have occurred.

Another important point is the static vs. dynamic issue. The results show that
for the infinite steps ahead case1, static mappings systematically performed better than
dynamic mappings, for both the linear and nonlinear situations, for all sentence groups.

1In the following discussion, the term “k steps ahead” refers to dynamic mappings only, since it does
not apply to static models.



On the other hand, for the one step ahead case, dynamic mappings provided better results
than static mappings, throughout all sentence groups, for both the linear and nonlinear
cases. There is a clear improvement when np varies from 0 to 1, and a much smaller
improvement when it varies from 1 to 2. The improvement is negligible when np is
greater than 2.

For six steps ahead, static mappings still provide better results than dynamic map-
pings, but the difference of performance is not as large as in the infinite steps ahead case.
Thus, there seems to be a transition between the two extremes, which are the one and infi-
nite steps ahead situations. At one end (one step ahead), dynamic models perform better,
and at the other end (infinite steps ahead), static models perform better. As the prediction
horizon increases from one to infinite steps ahead, the best performance switches from
the dynamic to the static mappings.

The short-term results suggest that the relation between the acoustic and facial
parameters is nonlinear and dynamic. However, this is not corroborated by the long-term
results, where dynamic mappings are outperformed by static mappings. This probably
happens because dynamic mappings have memory. This means that the mapping outputs
at a given time depend not only on the mapping inputs, but also on the mapping outputs
at previous times. So, if at a given time, the outputs cannot be completely explained from
the available data, they will deviate from their measured values and, as time goes by, this
deviation can grow worse, because of the recursive nature of the mapping. This does not
occur in the case of static mappings, since they are not recursive.

Finally, it is important to note that part of the face motion is not related to the
speech acoustics but rather, for example, to paralinguistic and non-phonetic information
conveyed by the face during speech. However, even if all of the face motion were due to
the speech acoustics, that would not necessarily mean that the face motion could be com-
pletely recovered from the acoustic parameters, since these parameters might not be able
to capture all the relevant information. In (Yehia et al., 1998), even direct measurements
of the vocal tract geometry were insufficient to completely determine face motion.

5. Summary

In this work, system identification techniques were used to perform a quantitative analy-
sis of the relation between speech acoustics and face motion. Acoustic and visual data,
acquired simultaneously during speech production experiments, were parameterized and
used in obtaining mathematical mappings relating the two domains. NN-ARMAX para-
metric representations were used to implement linear and nonlinear, static and dynamic
mapping functions.

The performance of the mappings was evaluated across different data sets, for dif-
ferent subjects and languages. The linear vs. nonlinear and the static vs. dynamic nature
of the relation between the two domains was examined. The results show that the perfor-
mance of the mappings is different in the short and long term prediction scenarios: while
in the short-term dynamic models perform better than static models, in the long-term
static models provide better results than dynamic models. Furthermore, it was verified
that nonlinear mappings always perform better than linear mappings in the short-term,
and most of the time in the long-term.
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