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ABSTRACT

We present a latent variable approach to the acoustic-to-
articulatory mapping problem, where different vocal tract configu-
rations can give rise to the same acoustics. In latent variable mod-
elling, the combined acoustic and articulatory data are assumed to
have been generated by an underlying low-dimensional process. A
parametric probabilistic model is estimated and mappings are de-
rived from the respective conditional distributions. This has the
advantage over other methods, such as articulatory codebooks or
neural networks, of directly addressing the nonuniqueness prob-
lem. We demonstrate our approach with electropalatographic and
acoustic data from the ACCOR database.

1. INTRODUCTION
Recently, there has been a growing awareness in the speech recog-
nition field that blind science based on acoustical information
alone might not tend to more improvements of state of the art com-
putational methods of speech production [5]. Blind science means
here the use of complex generic statistical models (e.g., hidden
Markov models or neural networks) that could be used for the de-
scription of any physical phenomenon because the strong assump-
tions that they make can usually be overcome by having a large
number of parameters and of training data. While these methods
can be applied successfully to a wide range of phenomena, there
seems to be a limit on their speech recognition performance inas-
much as they are solely acoustic models.

Incorporating additional knowledge about the speech process
can be done in several ways. For example, the hidden dynamic
model of [8] adds some constraints derived from the mechanics
of the articulatory system, in the form of a Kalman filter. In our
approach, we simply use acoustic feature vectors augmented with
articulatory components and let the latent variable model infer a
hidden representation without enforcing any external constraints.
Smoothness is an integral part of our model, which therefore does
not require any ad-hoc module.

While this approach is very general and can be applied to
speech recognition (e.g. by using the latent variables as features),
in this paper we concentrate on its suitability to the acoustic-to-
articulatory mapping problem.

2. INVERSE PROBLEMS
An inverse problem occurs when there is a one-to-many associ-
ation between variables. Inverse problems pose great theoreti-
cal and computational difficulties. An example is the problem
of the acoustic-to-articulatory mapping. It is well known that,
while given a time sequence of vocal tract configurations there is
a unique output acoustic signal, the converse is not true: multiple

vocal tract configurations can produce a given acoustic signal [9].
A number of approaches have been applied with limited success,
including articulatory codebooks and neural networks.

Probabilistic models offer a significant advantage over these
methods in that it is possible to obtain many-to-one mappings be-
tween the variables being modelled. By training the model with
both acoustic and articulatory data, it is then possible to compute
conditional distributions of the acoustic variables given the artic-
ulatory ones and vice versa. A one-to-one mapping will result in
a unimodal distribution, while a many-to-one mapping will result
in a multimodal one. In both cases, the modes of the conditional
distribution can be taken as the solution to inverting the mapping.

In this paper, the articulatory variables will be electropalato-
graphic (EPG) frames, rather than the positions of the different
articulators, due to the lack of a more appropriate data set. In this
case, the mapping EPG! acoustic signal is many-to-one (since
different phonemes may correspond to the same EPG frame).

3. GENERATIVE MODELLING USING LATENT
VARIABLES

In latent variable modelling the assumption is that the observed
high-dimensional datat is generated from an underlying low-
dimensional process defined by a small numberL of latent vari-
ablesx [1]. The latent variables are mapped by a fixed transfor-
mation into aD-dimensional data space and noise is added there.
The aim is to learn the low dimensional generating process along
with a noise model, rather than directly learning a dimensionality
reducing mapping. Note that the low-dimensional representation
is abstract and may not necessarily be interpretable in terms of any
physical variables. Latent variable models have been applied to
data reduction of EPG data in [4].

A latent variable model is specified by a prior in latent space
p(x), a smooth mappingf from latent space to data space and
a noise model in data spacep(tjx). These three elements are
equipped with parameters which we collectively call�. Integrat-
ing the joint probability density functionp(t;x) over latent space
gives the marginal distribution in data space,p(t). Given an ob-
served sample in data spaceftngNn=1 of N D-dimensional real
vectors that has been generated by an unknown distribution, a pa-
rameter estimate can be found by maximising the log-likelihood
of the parametersl(�) =

PN

n=1 log p(tnj�), typically using an
EM algorithm.

We consider the following latent variable models, for which EM
algorithms are available:

Factor analysis [1], in which the mapping is linear, the prior in
latent space is unit Gaussian and the noise model is diagonal
Gaussian. The marginal in data space is then Gaussian with
a constrained covariance matrix.
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Figure 1: Schematic of a latent variable model where the observed data consists of EPG patterns and PLP coefficients.
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Figure 2: A unimodal (dotted line) and a multimodal conditional
distribution (solid line). The vertical, dashed lines mark the modes
and the means.

Principal component analysis (PCA), which can be considered
a particular case of factor analysis with isotropic Gaussian
noise model [10].

The generative topographic mapping (GTM) [2] is a nonlinear
latent variable model, where the mapping is a generalised
linear model, the prior in latent space is discrete uniform and
the noise model is isotropic Gaussian. The marginal in data
space is then a constrained mixture of Gaussians.

3.1. Regression in latent variable models
Once the latent variable model has been trained using data from
the observed space (that is, vectors consisting of both acoustic and
articulatory information), we have a probabilistic modelp(x; t) for
all the variables of interest. For simplicity of notation, we omit the
dependence on the parameters and the model. Using the standard
operations of marginalisation and conditioning, it is possible to
obtain the distributions of any variable(s) with respect to any other
variable(s). For example, to find the distribution in latent space,
we compute the posterior distribution of the latent variables with

respect to the observed ones,

p(xjt) =
p(tjx)p(x)

p(t)
;

which leads to dimensionality reduction and has been investigated
in [4]. Here, we construct conditional distributions of the form
p(tJ jtI) whereI;J 2 f1; : : : ; Dg are sets of indices andD
is the dimensionality of the observed space. For example, if
I = f1; 7; 3g, thentI = (t1t7t3). From a conditional distribu-
tion p(tJ jtI) it is possible to construct a functional relationship
tJ = f(tI) provided that the entropy of this conditional distribu-
tion is low. That is, giventI , only a small region of the space oftJ
should have nonnegligible probability mass:p(tJ jtI) is sharply
peaked. To derive a functional relationshipy = f(x) from a con-
ditional distributionp(yjx), one can take a point that conveniently
summarises the information contained inp(yjx), e.g., the mean or
the mode(s). Ifp(yjx) is unimodal (like the dotted curve in fig. 2),
the mean will usually be near the mode (valuey4). But if p(yjx)
is multimodal (like the solid curve in fig. 2), then each mode is po-
tentially a valid solution (valuesy1, y2, y5), while the mean (value
y3) may be a misleading estimate if it lies in a low-probability area
(however, on the average it may have a lower reconstruction er-
ror, as we show below). This is the case withinverse problems,
such as the acoustic-to-articulatory mapping, where one-to-many
mappings may appear. The advantage of probabilistic methods is
that in principle it is possible to find all possible values ofy as a
function ofx (for a given value ofx) by locating all the modes of
p(yjx). For the latent variable models investigated here, the distri-
butionp(t) in observed space is either Gaussian (factor analysis,
PCA) or a mixture of isotropic Gaussians (GTM), and sop(tJ jtI)
is again Gaussian or a Gaussian mixture, respectively. The Gaus-
sian case offers no problem as the mean coincides with the mode
and the distribution is unimodal. For Gaussian mixtures, it is possi-
ble to find all the modes efficiently using gradient ascent combined
with quadratic optimisation starting from each centroid [3]. Spu-
rious modes may be discarded if their probability is lower than a
suitable threshold. Additionally, it is possible to obtain error bars
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(i.e., a confidence interval) at each mode by locally approximating
the density function by a normal distribution. However, if the di-
mensionality oftJ is high, the error bars become very wide due to
the curse of the dimensionality.

4. PREDICTION OF PLP COEFFICIENTS AND EPG
PATTERNS

To demonstrate the ability for regression of latent variable models,
we trained three different models using a small subset of the AC-
COR database [7]. This database, designed for the cross-language
study of coarticulation, contains electropalatography and acoustic
measurements (among other measurements) for utterances in dif-
ferent European languages and varying speech styles (slow, fast,
etc.). We selected the utterance “Put your hat on the hatrack and
your coat in the cupboard” for speaker FG and computed from its
acoustic waveform 12th-order PLP coefficients [6] plus the log-
energy at200 Hz. The EPG data consists of62-bit frames sam-
pled at200 Hz, which we consider as62-dimensional vectors of
real numbers, with components indexed from1 (top left) to 62
(bottom right). Thus, the resulting sequence consisted of over600
75-dimensional real vectors, and was split into a training (80%)
and a test (20%) set. All the data used were unlabelled.

The models trained were factor analysis (FA) with9 factors
(= dimensionality of latent space), principal component analysis
(PCA) with 9 principal components (= dimensionality of latent
space) and the generative topographic mapping (GTM) with a la-
tent space of dimension2 and a20� 20 grid.

In fig. 3 we used GTM to reconstruct parts of the EPG frame
given other parts of it. Note how the reconstructed pattern is
slightly different when the left half is given than when the right
half is given, revealing asymmetry in the tongue movement. When
the bottom half is given, the distribution for the top half happens to
be multimodal, with several patterns (corresponding to open vow-
els and alveolars) becoming possible. Determining which one of
these patterns is the true one would require additional information,
such as the previous EPG frame in the sequence or the PLP coeffi-
cients in this frame.

Tables 1 and 2 show results for the reconstruction error of the
EPG frame given the PLP coefficients and vice versa. For the
linear-normal models (FA and PCA), the conditional distribution is
always normal and so the only point to consider to reconstruct the
vector is the conditional mean (equal to the conditional mode). For
GTM, we tried three possibilities: the conditional mean; the global
conditional mode (g-mode), i.e., the mode with highest probabil-
ity; and the conditional mode closest to the vector to be recon-
structed (c-mode). The c-mode gives a lower bound for the error
using any kind of mode, but it is unknown a priori. We use it here
to see how good the modes can perform over the mean.

The average errorE� = 1

N

PN

n=1 �(t̂n � tn), wheretn is the
true vector and̂tn the reconstructed one, was computed for two
different distances: the quadratic norm�(t) = ktk2

2
=
PD

d=1 t
2

d

and the maximum norm�(t) = ktk
1

= maxd=1;:::;D jtdj.
Regarding method comparison, the tables show that GTM at-

tains the smallest error of any kind in almost all cases, while PCA
has the highest error, at not much distance from FA. The reason for
PCA performing worse than FA may be the fact that PCA assumes
an isotropic error noise, but our variables have different ranges
and variances (e.g. the EPG variables are in[0; 1] while the log-
energy is in[1; 5] approximately). GTM also uses an isotropic er-

ror noise (although it is possible to extend it to a general diagonal
noise model) but it compensates by having a nonlinear mapping.
Therefore, the use of a nonlinear mapping is of paramount impor-
tance, as a nonlinear model with a latent space of dimension2 can
outperform linear methods with latent dimensionality of9.

Regarding the use of the mean or a mode, the average recon-
struction errors for GTM show that the mean performs better than
the global mode in most cases but worse than the closest mode in
all cases. We employed a fourth strategy, not shown in the tables,
where the mean is used if the conditional distribution is unimodal
and the global mode if it is multimodal. This gave an error virtu-
ally equal to that of the global mode, which indicates that the diver-
gence occurs in multimodal conditional distributions. We conclude
that the best predictor is one of the modes, but not necessarily the
mode with the highest probability. Without any additional infor-
mation it is not possible to tell a priori which mode is the best.

5. DISCUSSION

We have presented a class of probabilistic models which is able,
by constructing conditional distributions and deriving from them
functional relationships, to perform dimensionality reduction and
multivariate regression for one-to-many mappings. We have
showed its applicability to inverse problems, such as the acoustic-
to-articulatory mapping. Both acoustic and articulatory data are
used for training, but only the acoustics are necessary for testing.

A regression can be seen as missing data imputation, where
given the present valuestI , the missing valuestJ are to be filled
in using the knowledge of the distributionp(tJ jtI). Thus, the
same formalism applies to missing data imputation.

Our model does not currently contemplate the dynamic charac-
ter of speech, which is necessary to predict the articulatory vari-
ables from the acoustic ones. However, continuity constraints may
be applied in the latent space, so that of all the conditional modes
only those that give a continuous trajectory in latent space are se-
lected.

A potential problem of this approach is that the dimension of
the latent space has to be fixed in advance, although an optimal
one could be found by cross-validation. An additional problem
of methods that sample the latent space, like GTM, is that their
computational cost grows exponentially with the dimension of the
latent space.
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[3] Miguel Á. Carreira-Perpi˜nán. Mode-finding in Gaussian mixtures.
Technical Report CS–99–03, Dept. of Computer Science, University
of Sheffield, March 1999.
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Figure 3: Use of the conditional distribution modes to predict, or reconstruct, variables in observed space. Here, we use the GTM model to
compute the distribution of the EPG part greyed out (the unknown values) conditional on the EPG part which is not greyed out (the known
values). The modes are given to the right of the arrow, labelled with their normalised probability if there is more than one mode. In all four
cases, the mean (marked *) coincided approximately with one of the modes. Note the left-right asymmetry.
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