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Abstract

This paper presents a data-driven model of intelligibility which
is intended to be used in an optimization-based model of speech
production. The BiLSTM-based model is trained as a phoneme
classifier and takes a sequence of real articulatory trajectories
as input and returns the probability of phonemes over time. The
optimization minimizes a cost function which is the weighted
sum of the conflicting demands of being intelligible and least ar-
ticulatory effort. The data-driven intelligibility model presented
in this paper is used to compute the intelligibility score. Sim-
ulations support Lindblom’s hypo- and hyper-articulation the-
ory of speech, as the degree of hyper-articulation of speech can
be modified and tuned along a continuum by balancing the im-
portance given to both requirements of intelligibility and least
articulatory effort.

Index Terms: Speech production, Articulatory planning, Opti-
mal Control Theory, Intelligibility

1. Introduction

Optimization based models of speech production and articu-
latory planning assume that purposeful movements, including
speech articulation, are planned to satisfy different, potentially
conflicting, requirements. These requirements include maxi-
mal intelligibility, least articulatory effort, and minimal dura-
tion [1-12]. In these models, articulation is optimal with re-
spect to several requirements if it minimizes a multi-objective
cost function.

Recent approaches [11-13] have shown that several aspects
of speech can be explained by optimization models which es-
timate articulatory trajectories by minimizing a simplified cost
function accounting for two of the possible requirements: max-
imal intelligibility and least effort, as follows:

C(09) = ag&(0) + P(0), (1)

where C(0), £(6), and P(8) are the overall cost, the effort cost,
and the parsing cost (related to intelligibility), respectively, all
functions of model parameters 6. The conflicting demands of
maximal intelligibility and least articulatory effort can be bal-
anced and modulated by adjusting the weight ag assigned to
the effort cost.

The aspects of speech that can be explained by this (simpli-
fied) optimization-based approach include — but are not limited
to — centralization of vowels in hypo-articulated speech [11,13],
lenition of stop consonants [11, 13], and larger lip aperture and
shift of F1 of vowels in Lombard speech [12]. Based on the
assumption that human perception of phonemes reflects statis-
tical distributions of their characteristics in the acoustic space,
the intelligibility component of the parsing cost was modeled in

these papers as a function of the probability of phoneme recog-
nition given a vocal tract configuration. This approach requires
labeled acoustic and articulatory data, ideally containing a great
deal of variability in terms of phonetic context and speech style.

One way of obtaining a parallel corpus of acoustic and ar-
ticulatory data is to use an articulatory synthesizer. This is the
approach followed in [11,13], where the authors used the Maeda
model [14] to generate articulatory—acoustic data. Synthesiz-
ing a large amount of sufficiently realistic running speech in
different contexts and speech styles using the Maeda model is,
however, extremely challenging. As a consequence, the authors
adopted a solution consisting of training a model on static ar-
ticulatory data with phonemic labels that were derived from the
formant frequencies (generated by a physical model) for vow-
els and degree of constriction for consonants. This approach
disregards the contribution of surrounding context to phoneme
recognition. This means that this static approach of intelligibil-
ity model cannot account for phonemes with sequential targets
(e.g., diphthongs, affricates) or for vowel quantity. In addition,
using a simplistic articulatory model makes it extremely diffi-
cult to make quantitative comparisons of Maeda-based model
output to real speech, as the model needs to be adapted to the
studied speaker.

In this paper, we propose an alternative approach to this
physics-based modeling of intelligibility, which is based on
real articulatory data, namely electromagnetic articulography
(EMA) data. The optimization procedure uses an acous-
tic context-dependent intelligibility function trained on real
articulatory—acoustic pairings that are associated with phone-
mic labels. This ensures (1) that all phonemes of the studied
language (here English) can be taken into account, (2) a bet-
ter approximation of acoustic intelligibility which accounts for
adjacent short- and long-term acoustic contexts, and (3) pre-
dicted articulatory trajectories (forming the optimal solution of
the model) can be compared with real articulatory observations.
Our data-driven intelligibility model is detailed in Section 2. In
Section 3, we illustrate the interest of our data-driven model of
speech production by presenting simulations in which we mod-
ify real observed trajectories of EMA sensors via optimization
with varying demands on intelligibility and articulatory effort.

2. Data-driven modeling of intelligibility

In this paper, we propose a new probabilistic model to com-
pute the cost of not being intelligible, i.e. the parsing cost in
Eq. (1), trained on real labeled articulatory data. Inspired by
models used for articulatory synthesis [15,16], we used a CNN-
BiLSTM architecture. The BiLSTM part of the model ensures
that short- and long-term acoustic contexts can be taken into ac-
count in our intelligibility model: the model is trained to predict



a sequence of phonemes and their time boundaries given a time-
sequence of articulatory trajectories. The CNN part consists of
4 1D-convolutional layers that take the sequence of EMA tra-
jectories as input. As proposed in [15, 16], the 4 CNN layers
have filter sizes of 30, 60, 90, and 85. The kernel size is 15 and
the activation function is tanh for all CNN layers. One BiLSTM
layer of size 16 with tanh activation function is used to process
the output of the convolutional layers. Finally, one Dense layer
with a softmax activation function is connected to the output of
the BiLSTM layer. The loss function of the model is the sparse
categorical cross-entropy between the predicted and the labeled
phonemes. The softmax activation function is used to predict
phoneme probability at each time frame.

2.1. Data

In this paper, we used data from the MOCHA-TIMIT cor-
pus [17]. It is a corpus containing synchronized recordings
of EMA, speech audio, and laryngograph signals of 2 native
speakers of English (one male, labeled msakO, and one fe-
male, labeled fsew0) uttering 460 sentences from the TIMIT
corpus [18]. The MOCHA-TIMIT EMA data were recorded
at a sampling rate of 500 Hz, and consist of trajectories in the
midsagittal plane of sensors glued on the vermilion borders of
the lower and upper lips, the lower jaw, a location close to the
tongue tip, on two locations posterior to the tongue tip (tongue
mid- and back-), and on the velum. One key motive to use this
corpus is the presence of a sensor on the velum. This makes
it possible to take nasal phonemes into account. In the paper,
EMA sensors are denoted as JAW, UL, LL, TT, TM, TB, V, for
jaw, upper lip, lower lip, tongue tip, tongue mid, tongue back,
and velum, respectively.

Articulatory data were downsampled to 200 Hz and a 11-
order LOWESS filter was applied to remove signal noise. We
used fundamental frequency, estimated from the laryngograph
signals, as an additional feature. In total, we collected 15 fea-
tures, corresponding to the position of the 7 sensors in the
midsagittal plane plus fundamental frequency. We computed
DELTA and DELTA-DELTA for all 15 features, yielding an in-
put dimension of 45 for the model. The time step of the BiL-
STM layers was the number of frames of the longest utterances
in the MOCHA-TIMIT corpus (1283), the shorter utterances
being zero-padded. We used the phonemic segmentation pro-
vided in the MOCHA-TIMIT corpus to label each articulatory
time frame with the corresponding phoneme.

2.2. Training

We used 90% of utterances for training and 10% for validation.
Utterances were split at random on condition that all phonemes
were present in both training and validation datasets. We trained
the model on 50 epochs and kept the epoch which returned the
best accuracy on the validation dataset, which was 87.1%.

We consider that this accuracy is sufficient for our model
given the uncertainty of the phonemic segmentation used for
labeling the articulatory data, i.e. the phonemic segmenta-
tion of the MOCHA-TIMIT corpus, which is based on forced-
alignment. This is illustrated, for instance, by the probability
matrix for the sentence Jane may earn more money by work-
ing hard uttered by the male speaker, as shown in Figure 1. In
this example, most of the phonemes are correctly estimated and
the regions where they are estimated roughly match the original
phonemic segmentation based on forced alignment (shown as
vertical dashed lines in the figure). It also shows that most pre-
diction errors are related to uncertainty about phoneme bound-

aries rather than falsely predicted phonemes. For instance the
first and second ’ei’ phonemes are predicted to begin slightly
before their onsets provided in the phonemic segmentation.
We believe that this should affect the optimization procedure
only marginally. Additionally, one can notice other errors of
phoneme prediction which can be attributed to either mispro-
nunciation or errors in the phonemic segmentation: the final /d/
of hard has been estimated as /t/, and the model added a schwa
/o/ at the end. Note that better accuracy can be obtained with
larger models, but we chose to use only one BiLSTM layer of
relatively small size (16) because it provides a good trade-off
between accuracy and low complexity (for the sake of compu-
tational time). For instance, a model with 4 BiLSTM layers of
size 256 returned a slightly better accuracy score of 88.6%, but
at the expense of being 9 times slower than our smaller model.
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Figure 1: Probability matrix of the utterance "Jane may earn
more money by working hard" uttered by the male speaker. The
segmentation of the utterance based on forced alignment of a
phonemic transcription is shown with vertical dashed lines.

3. Simulations

For our simulations, we modified segments of preexisting artic-
ulatory trajectories from the MOCHA-TIMIT corpus. These
segments correspond to syllables taken from the validation
dataset. For each speaker (male and female), we chose 25
closed syllables, either corresponding to a whole word (e.g.,
than) or to one syllable within a polysyllabic word (e.g., sel
in seldom), resulting in a total of 50 syllables. Then, for each of
the 50 syllables, we ran the optimization process on the articu-
latory movements that are included in the target syllable, with
increasing values of the weight aig assigned to the least effort
requirement. The aim of these simulations is to show the as-
sumption that our model predicts Lindblom’s H&H theory [4].
As such we make the following hypothesis that there is a con-
tinuum of hypo- and hyper-articulation of speech, which can be
tuned by adjusting the weight ae assigned to the effort cost.

3.1. Optimization-based articulatory planning of speech

This proof-of-concept paper presents a minimal working ver-
sion of our model. For that purpose, we model articulatory
movements that satisfy only two tasks: 1) maximal intelligi-
bility and 2) least articulatory effort: we use the same objective
function as in Eq. (1), as proposed in [11,12]. Similarly to [11],
we define the effort cost based on acceleration, as:

En = mi/ |3 (t)|?dt, 2)
T,

n



where m is the mass of the articulator, and x, (¢) is the time
course of the nth articulator during the analyzed segment of
duration 7T5,. For the sake of simplicity, we arbitrarily set the
articulator mass m to 100g for all articulators. Tuning the val-
ues of m for different articulators is a complex task which is
beyond the scope of this paper: this is left for future work. The
total articulatory effort £ is the sum of articulatory effort of each
individual articulator.

The parsing cost is defined as P, = 1 — Z,, where the In-
telligibility Z,, of the target phoneme p is:

2

ty

where P(p|X,t) is the conditional probability of the target
phoneme p at time ¢, given the time-course of the articulators
stored in matrix X, and where ¢; and ¢2 are the onset and offset
times, respectively, of the segment corresponding to the target
phoneme p, as predicted by the forced-alignment.

Following [11, 13], we use the equations of General Tau
Theory [19,20] to generate the time-course of the articulatory
movements. In this framework, individual movement units,
namely movements between two successive local extrema, are
modeled by 3 parameters: amplitude A, duration 7" and a shape
parameter k£ which shapes the time-course of the movement, as:

t2\*
z(t) = (o — z7) <1 - ﬁ) + zr, )

where z(t) is the time-course of the movement unit, ¢ and
xr are the positions of the articulator at the onset and offset
(A = xo — x7), respectively, of the movement unit.

3.2. Articulatory model

Although it is possible to directly optimize the position of the
different articulators, we use a specifically-designed articula-
tory model. The model is based on Principal Component Anal-
ysis (PCA) performed on the positions of the sensor for each
speaker. It presents the advantages of 1) potentially reducing
the number of dimensions, and consequently, the problem com-
plexity, and 2) avoiding unrealistic solutions by constraining
positions to be in a certain range of values along the principal
components. For that purpose, for each speaker, we performed
several PCAs on individual sensors, or groups of sensors (all
three tongue sensors, which are interconnected). For the lower
lip sensor and the group of tongue sensors, the PCAs have been
applied to their position to which the position of the jaw sensor
has been subtracted, as these sensors are connected to the jaw.
The two articulatory models corresponding to the male and the
female speaker both consist of 11 independent components (2
for the jaw, 2 for the upper lip, 2 for the lower lip, 3 for the
tongue, and 2 for the velum). We kept only 3 components for the
tongue sensors because we assume that they explain sufficient
variance (91.8% and 94.2% for the male and female speakers,
respectively). Consequently, the number of degrees of freedom
of our articulatory model is reduced from 14 to 11. All com-
ponents have been z-scored: values are expressed in terms of
standard deviations around their mean.

In order to ensure that Tau equations can reproduce trajecto-
ries which are not too far from those observed in real speech, we
performed Tau analysis on the trajectories of each component
of our speaker-specific articulatory models. This consists of fit-
ting Tau parameters to the trajectories of our articulatory model
parameters, as explained in [21]. Trajectories were computed

from all EMA recordings of both msak0 and fsewO speakers in-
cluded in the MOCHA-TIMIT corpus. The fit error, expressed
as a Normalized Root Mean Square Error (NRMSE), has been
shown to be low for all components, as it is always between 2
and 3%, whether it is for the male or the female speaker. This
is very similar to the Tau fit error applied on EMA trajectories
in [21], which was 2.38% overall. Given this relatively low Tau
fit error, we assume that it is appropriate to use Tau theory to
generate the time-course of the components of our model.

For the sake of simplicity, only the offset positions of the
components of the articulatory model are optimized during
these simulations. The other parameters, namely the duration
and k-values of movements are kept at their original values. To
avoid unrealistic articulatory configurations, we bounded these
offset positions to be between -4 and +4 (expressed in standard
deviations around the mean). We used the same fitting tech-
nique as in [21] to estimate Tau parameters for initialization of
the optimization procedure.

3.3. Example of a solution

Initial trajectories

Optimized trajectories (ag = 0) Optimized trajectories (ag = 1000)
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Figure 2: Example of results returned by the optimization pro-
cedure for ag = 0 (no constraint on effort, top center panel)
and ag = 1000 (top right panel), for the word "pick" in the
sentence "Help Greg to pick a peck of potatoes" uttered by the
male speaker. Position of EMA sensors (top panels) and prob-
ability functions of /p/, /v, and /k/ (bottom plot). The top left
panel shows the initial position of sensors and the top center
and top right panels show the optimized positions of sensors.

Figure 2 shows an example of optimized solutions for the
word "pick" in the sentence "Help Greg to pick a peck of pota-
toes" uttered by the male speaker (msak0). It shows that when
there is no constraint on articulatory effort (g = 0), the op-
timized trajectories for "pick" exhibit larger amplitude. The
tongue mid and tongue back sensors have to go higher toward
the hard palate to properly seal the vocal tract in order to pro-
duce the velar stop /k/. At the same time, the tongue moves up
forward toward the alveolar region to produce /1/. Additionally,
note that the optimized lip sensors start closer to each other at
the onset of /p/ than the recorded (initial) lip sensors. This re-
sults in increased probability functions for /p/, /1/, and /k/ com-
pared to the probability functions associated to the initial trajec-
tories. This shows that our model predicts that increasing hyper-
articulation leads to better intelligibility. Conversely, when the
constraint on articulatory effort is very high, e.g. ag = 1000,
the optimized positions of sensors over time show almost no
movement. Lip sensors stay far apart from each other, prevent-
ing the formation of the occlusion during /p/, and tongue sensors



stay in a low position, preventing the formation of the closure
during the production of /k/. As a consequence, our model pre-
dicts very low intelligibility for these consonants.

3.4. Effects of the effort penalty

To quantitatively evaluate the degree of hypo- and hyper-
articulation in speech, we compute the HH-index, as proposed
in [22], which is defined as the ratio between the traveled dis-
tance of a sensor and a reference distance. In this paper, the HH-
index is the ratio of traveled distances between the one returned
by the optimized solution and the one observed in the EMA tra-
jectories recorded in MOCHA-TIMIT (the reference distance).
The time segment within which is computed the HH-index is
the time segment corresponding to the optimized syllable. High
values of the HH-index indicate hyper-articulation, while low
values of HH-index indicate hypo-articulation.
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Figure 3: HH-index of the 7 sensors as a function of the effort
weight ae in a logarithmic scale, for the female ('x’) and the
male (’+’) speakers.

Figure 3 shows the effect of changing the weight ag as-
signed to the effort cost on the hyperarticulation index (HH) for
all sensors (JAW, UL, LL, TT, TM, TB, V) and both speakers.
Note that, for the sake of clarity, the HH-index values reported
in this figure are mean values across utterances (for a given
speaker and a given value of ag). For every sensor, the HH-
index decreases with increasing ae, showing that more hypo-
articulation is predicted when the weight assigned to effort cost
is high, which confirms our hypothesis that a¢ is used to adjust
the degree of hypo- and hyper-articulation of speech.

For a given effort weight a.e, the HH-index of the optimized
articulatory trajectories for the female speaker is slightly higher
than that of the male speaker. This can be explained by the
fact that, in the original recordings, the male speaker was found
to hyper-articulate slightly more than the female speaker. We
observed this difference of hyper-articulation by computing the
effort cost and the intelligibility score from the recorded EMA
trajectories on the target syllables for both speakers. We found a
mean effort cost of 0.36 for the male speaker (averaged over tar-
get syllables), but a lower mean effort cost of 0.31 for the female
speaker. The mean intelligibility score (averaged over target
syllables) was 0.69 for the male speaker and was 0.68 for the fe-
male speaker. Since the female speaker was slightly less hyper-
articulating than the male speaker in the original recordings,
the reference value for computing the HH-index was slightly
lower for the female speaker than for the male speaker, hence
her higher HH-index.

When looking at the hyper-articulated case (low ag), the

HH-index is higher for jaw and lip sensors than for tongue sen-
sors with mean HH-index around 2 for jaw and lip sensors (ex-
cept for the upper lip sensor of the female speaker which is more
than 3), and mean HH-index is around 1.5 for tongue sensors.
This observation is similar to the observations made in [22],
where lips and jaw sensors have been shown to exhibit higher
HH-index than tongue sensors in Lombard speech in the pres-
ence of high level of background noise.

4. Conclusion and future work

This paper has presented a data-driven model of intelligibility
for use in models of speech production based on multi-objective
optimization. The main contribution of this paper is the pre-
sentation of a model of intelligibility trained on real articu-
latory and acoustic data which can take acoustic context into
account. Using the EMA MOCHA-TIMIT corpus [17], we
trained a BiLSTM-based classifier to predict a sequence and
time-boundaries of phonemes from EMA trajectories.

The paper has illustrated the interest of the approach via
optimization-based modifications of real existing EMA trajecto-
ries from the MOCHA-TIMIT corpus, where optimization con-
sisted of varying the trade-off between minimization of articula-
tory effort (hypo-articulation) and maximization of intelligibil-
ity (hyper-articulation). Our simulations implement the predic-
tions of Lindblom’s H&H theory [4], as the degree of hypo- and
hyper-articulation of the optimized articulatory trajectories can
be tuned along a continuum by balancing the importance given
to both constraints (least effort and maximal intelligibility).
In addition, our simulations predict different effects of hyper-
articulation across articulators: in our simulations, jaw and lip
sensors were found to be more hyper-articulated than tongue
sensors when the constraint on least articulatory effort was low.
Similar effects have been observed in Lombard speech [22].

The approach to intelligibility presented here has the po-
tential to provide a significant improvement for computational
implementations of optimization-based models of speech pro-
duction [1, 11-13] as it takes into account long- and short-term
acoustic context in the approximation of intelligibility. Addi-
tionally, it is not restricted in terms of phonemes to model. The
model is currently at a preliminary stage of development and
more work is required to tune the different parameters of the
model (e.g., the mass of articulators). This tuning procedure
could be done, for instance, via finding model parameter values
for which the distance between the optimized solution and the
observed trajectories is minimal. The use of real data makes
our approach suitable for quantitative comparison with real ar-
ticulatory observations. In addition, the use of real data could
make possible the analysis of recorded articulatory trajectories
via inversion methods, such as estimating the weights for which
the solution of the optimization would return the observed tra-
jectories. This could provide a new way to investigate speech
production with higher level cognitive parameters.

In the future, intelligibility models could be trained on
purely acoustic data that cover a wider range of speakers, speech
styles and contexts. For that purpose, it will be necessary to
use articulatory speech synthesizers to predict acoustics from
planned articulatory trajectories [15, 16,23]. In addition, con-
necting an articulatory synthesizer to our data-driven model of
speech production could offer a way of investigating the acous-
tic effects of changes in the model parameters (e.g., weights
of the cost function), and thus better understand the cognitive
mechanisms which are involved in articulatory planning and
speech variation.
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