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Articulatory Control of HMM-Based Parametric
Speech Synthesis Using Feature-Space-Switched
Multiple Regression
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Abstract—In previous work we proposed a method to control the
characteristics of synthetic speech flexibly by integrating articu-
latory features into a hidden Markov model (HMM) based para-
metric speech synthesizer. In this method, a unified acoustic-ar-
ticulatory model is trained, and context-dependent linear trans-
forms are used to model the dependency between the two feature
streams. In this paper, we go significantly further and propose a
feature-space-switched multiple regression HMM to improve the
performance of articulatory control. A multiple regression HMM
(MRHMM) is adopted to model the distribution of acoustic fea-
tures, with articulatory features used as exogenous “explanatory”
variables. A separate Gaussian mixture model (GMM) is intro-
duced to model the articulatory space, and articulatory-to-acoustic
regression matrices are trained for each component of this GMM,
instead of for the context-dependent states in the HMM. Further-
more, we propose a task-specific context feature tailoring method
to ensure compatibility between state context features and articula-
tory features that are manipulated at synthesis time. The proposed
method is evaluated on two tasks, using a speech database with
acoustic waveforms and articulatory movements recorded in par-
allel by electromagnetic articulography (EMA). In a vowel identity
modification task, the new method achieves better performance
when reconstructing target vowels by varying articulatory inputs
than our previous approach. A second vowel creation task shows
our new method is highly effective at producing a new vowel from
appropriate articulatory representations which, even though no
acoustic samples for this vowel are present in the training data,
is shown to sound highly natural.

Index Terms—Articulatory features, Gaussian mixture model,
multiple-regression hidden Markov model, speech synthesis.

Manuscript received February 29, 2012; revised June 07, 2012 and August
08, 2012; accepted August 12, 2012. Date of publication August 28, 2012;
date of current version October 23, 2012. This work was supported in part by
the National Nature Science Foundation of China under Grant 60905010 and
the National Natural Science Foundation of China-Royal Society of Edinburgh
Joint Project under Grant 61111130120. The research leading to these results
was supported in part by the European Community’s Seventh Framework Pro-
gramme (FP7/2007-2013) under grant agreement 256230 (LISTA), and EPSRC
grants EP/1027696/1 (Ultrax) and EP/J002526/1. Part of this work was pre-
sented at Interspeech, Florence, Italy, August 2011 [34]. The associate editor
coordinating the review of this manuscript and approving it for publication was
Prof. Chung-Hsien Wu.

Z.-H. Ling is with iFLYTEK Speech Lab, University of Science and Tech-
nology of China, Hefei, 230027, China (e-mail: zhling@ustc.edu).

K. Richmond and J. Yamagishi are with the Center for Speech Technology
Research (CSTR), University of Edinburgh, Edinburgh EH8 9AB, UK. (e-mail:
korin@cstr.ed.ac.uk; jyamagis@inf.ed.ac.uk).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TASL.2012.2215600

I. INTRODUCTION

N recent years, hidden Markov models (HMM) have been

successfully applied to acoustic modelling for speech
synthesis, and HMM-based parametric speech synthesis has
become a mainstream speech synthesis method [1], [2]. In this
method, the spectrum, FO and segment durations are modelled
simultaneously within a unified HMM framework [1]. At
synthesis time, these features are predicted from the sentence
HMM by means of a maximum output probability parameter
generation (MOPPG)! algorithm that incorporates dynamic
features [3]. The predicted parameter trajectories are then sent
to a parametric synthesizer to reconstruct the speech wave-
form. This method is able to synthesize highly intelligible and
smooth speech sounds [4], [S]. Another significant advantage
of this model-based parametric approach is that it makes speech
synthesis far more flexible compared to the conventional unit
selection and waveform concatenation approach. Specifically,
several adaptation and interpolation methods have been ap-
plied to control the HMM’s parameters and so diversify the
characteristics of the generated speech [6]-[10]. However, this
flexibility relies upon data-driven machine learning algorithms
and is strongly constrained by the nature of the training or
adaptation data that is available. In some instances, though,
we would like to integrate phonetic knowledge into the system
and control the generation of acoustic features directly when
corresponding training data is not available. For example, this
phonetic knowledge could be place of articulation for a specific
phone, the differences in phone inventories between two lan-
guages, or physiological variations among different speakers.
Unfortunately, it is difficult to achieve this goal because the
acoustic features used in conventional HMM-based speech
synthesis are typically the parameters that are required to drive
a speech vocoder, which do not enable fine control in terms of
the human speech production mechanism.

We have previously proposed a method to address this
problem and to achieve flexible control over HMM-based
speech synthesis by integrating articulatory features [11], [12].
Here, we use “articulatory features” to refer to the continuous

IThis is often referred to as maximum likelihood parameter generation
(MLPG) in the literature. However, in accordance with the technical difference
between “likelihood” (which interprets the probability distribution as a function
of the model parameters given a fixed outcome) and “probability” (which
interprets the probability distribution as a function of the outcome given fixed
model parameters), the term “output probability” is used in this paper in place
of “likelihood” to refer to the parameter generation criterion.
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movements of a group of speech articulators,? for example the
tongue, jaw, lips and velum, recorded by human articulography
techniques such as electromagnetic articulography (EMA)
[15], magnetic resonance imaging (MRI) [16] or ultrasound
[17]. In this method, a unified acoustic-articulatory model is
trained and a piecewise linear transform is adopted to model the
dependency of the acoustic features on the articulatory features.
During synthesis, articulatory features are first generated from
the trained model. The generation of acoustic features and the
characteristics of synthetic speech can then be controlled by
modifying these generated articulatory features in arbitrary
ways, for example in accordance with phonetic rules. Exper-
imental results have shown the potential of this method for
controlling the overall characteristics of synthesized speech, as
well as the identity of specific vowels [12].

The initial motivation for developing this method was in
fact two-fold: to gain articulatory control, of course, but also
to improve the accuracy of acoustic feature generation. Con-
sequently, both these aims influenced the model structure we
developed. However, in terms of optimizing articulatory con-
trol alone, we hypothesize there are some shortcomings in this
model structure which could be improved in order to achieve
even better control. First, in short, the articulatory features
are constrained to be generated from the unified acoustic-ar-
ticulatory model, which makes the integration of phonetic
knowledge into articulatory movement prediction somewhat
inconvenient. Second, the transform matrices between artic-
ulatory and acoustic features are trained for each HMM state
and are tied based on context using a decision tree as for
other model parameters. This may prove problematic when
articulatory features are modified by significant amounts during
synthesis because the fixed transform matrix may no longer be
appropriate for the new articulator positions. Third, the unified
acoustic-articulatory model is trained without considering the
specific task of articulatory control. The modified articulatory
features could conflict with the context information used in
model training and parameter generation.

To address these shortcomings, an improved method for artic-
ulatory control over HMM-based parametric speech synthesis is
proposed in this paper. As the first improvement, a multiple-re-
gression hidden Markov model MRHMM) [18] is introduced to
replace the unified acoustic-articulatory HMM used in our pre-
vious work. This makes it possible to integrate other forms of
articulatory prediction model. The MRHMM was initially pro-
posed to improve the accuracy of acoustic modelling for auto-
matic speech recognition (ASR) by utilizing auxiliary features
that are correlated with the acoustic features [18]. The auxiliary
features that have been used in this way include fundamental
frequency [18], emotion and speaking style [19], for example.
The MRHMM has also been applied to HMM-based parametric
speech synthesis, with sentence-level style vectors being used as
the explanatory variables [10]. In this paper, we propose to treat
articulator movements as the external auxiliary features to help
determine the distribution of acoustic features.

2In some literature, the term “articulatory features” may refer to the scores
for pre-defined articulatory classes, such as nasality or voicing, which can be
extracted from acoustic speech signals [13]. This kind of articulatory feature
has also been applied to expressive speech synthesis in recent work [14].

Fig. 1. Feature production model used in our previous unified acoustic-articu-
latory modelling method [12]. #; and y, are the acoustic and articulatory feature
vectors respectively at frame ¢. The definition of the parameters on the arcs that
represent the dependency relationship can be found in (3) and (4).

As a second improvement, we propose a feature-space re-
gression matrix switching method for the MRHMM in order to
address the restriction that comes with context-dependent re-
gression matrix training for articulatory control. In this method,
a separate Gaussian mixture model (GMM) is introduced to
model the articulatory space, and the regression matrices are es-
timated for each mixture component in this GMM instead of for
each HMM state. This idea is similar to the switching system in
the field of control systems, e.g. [20], where impedance param-
eters are switched according to the contact configuration during
the assembly process.

Finally, as a third improvement, a strategy of task-specific
context feature tailoring is presented to avoid potential conflicts
arising between state context information and the articulatory
features that are generated and modified at synthesis time.

The remainder of this paper is organized as follows. Section I1
gives a brief overview of the unified acoustic-articulatory mod-
elling method proposed in our previous work. Section III
describes our proposed novel method in detail. Section IV
presents the experiments we have conducted and their results,
and Section V gives the conclusions we draw from this work.

II. UNIFIED ACOUSTIC-ARTICULATORY MODELLING

A. Model Training

Our previous work took the general framework of
HMM-based parametric speech synthesis and integrated
articulatory features into the conventional model for acoustic
features by expanding the observed feature vectors [12]. Let
X =[z],z],....,x}] andY = [y],ys,...,y;] denote
the parallel acoustic and articulatory feature vector sequences
of the same length T'. For each frame, the feature vectors
z; € R*’x and y, € R3PY consist of static parameters and
their velocity and acceleration components, where Dx and
Dy are the dimensions of static acoustic features and static
articulatory features respectively. The detailed definition of
these dynamic features may be found in [12]. The feature
production model used in this method is illustrated in Fig. 1.
A piecewise linear transform is added to the parameters of the
HMM (transform matrices A;) to represent the dependency
between the acoustic features and the articulatory movements.
During model training, an HMM A is estimated by maximizing
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Fig. 2. Flowchart for the generation of acoustic features with articulatory con-
trol using the unified acoustic-articulatory model [12].

the likelihood function of the joint distribution P(X,Y|A),
which can be written as

T
P(X.Y|X) = Zﬂqo Ha(If—l(Iqut (. 9,), 1
q t=1

bi(@e,Yy) = 05(2e|y)05(y,), @)
bi(x+|y,) :N(:I:t;Ajyt +MXJ,EXJ-)., )
where ¢ = {q1,¢2,...,¢r} is the state sequence shared by the

two feature streams; 7; and a;; represent initial state proba-
bility and state transition probability; b;(-) is the state obser-
vation probability density function (PDF) for state j; AN (; s, )
denotes a Gaussian distribution with a mean vector g and co-
variance matrix £; and A; € R3Px*3Dv is the linear transform
matrix for state 7. This matrix is context-dependent and tied to a
given regression class using a decision tree, and hence a globally
piecewise linear transform is achieved. The model parameters
can be estimated using the EM algorithm, as described in [12].

B. Parameter Generation

A flowchart summarizing the generation of acoustic features
with articulatory control is shown in Fig. 2. The MOPPG algo-
rithm, which embodies explicit constraints inherent in the dy-
namic features [3], is employed to generate articulatory and
acoustic features from the trained model. In order to control
the characteristics of the synthetic speech flexibly, the gener-
ated articulatory features may be modified according to pho-
netic knowledge to reproduce acoustic parameters that reflect
those changes appropriately. The detailed formulae for this pa-
rameter generation process were introduced in [12].

C. A Discussion on Articulatory Control Over Synthesis

In previous experiments we have shown the method of unified
acoustic-articulatory modelling with cross-stream dependency
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Fig. 3. Average position of EMA receivers on the tongue for the vowels /¢/, /1/,
and /&/ in the database used in [12]. Only the vowels in stressed and accented
syllables were selected to calculate the average positions.

described above can achieve effective control over the charac-
teristics of the synthesized speech [12]. However, we also note
the degree of control that is possible with that method has not yet
fully met our expectations. For example, one experiment in [12]
demonstrated control over vowel identity through modification
of tongue height. However, though the experiment proved this
modification to be effective and convincing, it was necessary to
raise or lower the tongue position by approximately 1.0 cm to
achieve a clear transition from vowel /¢/ to /I/ or /&/ [12]. This
range of modification is larger than the differences in tongue
height among these three vowels that we observe in the recorded
database, as shown in Fig. 3. In fact, as mentioned in Section I,
we can identify three aspects of the structure of the model pre-
sented in [12] that in theory restrict or limit the scope of artic-
ulatory control that is possible. We shall consider these three
factors in more detail next.

The first limitation arises from the fact that the articulatory
features are generated from the unified acoustic-articulatory
HMM, which is trained context-dependently and contains a
large number of parameters. At synthesis time, there are two
ways to effect articulatory control: by manipulating either 1)
the articulatory PDF parameters or ii) the generated articula-
tory feature trajectories. Both these approaches have inherent
advantages and disadvantages. On one hand, for example,
it is relatively straightforward to modify the mean vectors
of Gaussian PDFs (e.g. to add an offset to the appropriate
articulatory PDF mean parameters to change the target position
of the tongue). On the other hand, it is less obvious how to
manipulate covariance matrices directly according to phonetic
rules, or indeed how to modify mean and variance parameters to
obtain exactly the articulatory trajectories that are desired after
processing with the MOPPG algorithm. Meanwhile, the second
approach of modifying the generated articulatory trajectories
instead also becomes problematic for example if the phonetic
rules are not applied globally but to some specific phones,
because extra smoothing algorithms are necessary to ensure
the continuity and naturalness of the modified articulatory
trajectories. With such difficulties in mind, it is interesting to
note that there exist other forms of generative model, such as
target approximation models [21], [22], which offer a model
structure that is more compact and easier to control than the
HMM used for articulatory prediction in [12]. Thus, to make
it more convenient to control an HMM-based synthesizer
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Fig. 4. Flowchart for the generation of acoustic features with articulatory con-
trol using the proposed Feature-Space-Switched MRHMM (FSS-MRHMM).

via articulation, it seems prudent to consider separating the
model for predicting articulatory movements from the unified
acoustic-articulatory HMM:s.

The second limitation lies in the way the articulatory-acoustic
relationship is modelled. As mentioned in Section II-A, a glob-
ally piecewise linear model is used to represent this relation-
ship, in the form of a number of (tied) state-dependent linear
transform matrices A; in (4). For small articulatory modifica-
tions, the local linear relationship dictated by state index j is
likely to remain appropriate. However, with larger changes, as
the modified articulatory features are moved further from their
initial starting point, it becomes less reasonable to assume that
the same linear relationship will be appropriate. In fact, it may
be that a significantly different local linear transform becomes
more appropriate, but the model structure in [12] is unable to
react to such changes in the generated articulatory features, and
is instead unfortunately constrained to use the same fixed trans-
form matrices dictated by the state-dependent context features.

Finally, as the third limitation, it should also be noted in (4)
that not only are the articulatory-to-acoustic transform matrices
A; fixed according to the state context features, but so too are
the acoustic distribution parameters gy, and Y x,. Hence, mod-
ifying the generated articulatory trajectories at synthesis time
(using either approach above) risks introducing a conflict with
this HMM state context information. In some instances, for ex-
ample, we might wish to modify the generated articulatory fea-
tures to a relatively large extent, so as to change the identity of
a vowel or to generate a new, significantly different speaking
style. However, in attempting such large modifications we in-
troduce a conflict, since the modified articulatory features will
be incompatible with the other state-dependent model parame-
ters in (4), which will still correspond to the context features of
the acoustic unit before the articulatory modification.

III. FEATURE-SPACE-SWITCHED MRHMM FOR ARTICULATORY
CONTROL OF SPEECH SYNTHESIS

In order to overcome the shortcomings in our previous ap-
proach, an improved method to gain articulatory control over
HMM-based synthesis is proposed in this paper. Fig. 4 gives
a flowchart illustrating how acoustic features are generated in
this new method. In summary, this method proposes to use a
feature-space-switched MRHMM (FSS-MRHMM) for acoustic
modelling. Unlike our previous approach, the articulatory fea-

Fig. 5. Feature production model of the conventional MRHMM. 2, and ¥, are
the observed feature vector and auxiliary feature vector at frame ¢ respectively.
The definition of the parameters on the arcs that represent the dependency rela-
tionship can be found in (5) and (6).

tures are used as external (or exogenous) explanatory variables
for regression. Meanwhile, instead of tying the regression ma-
trices in the MRHMM in a state-dependent way, we tie them
within the articulatory space, which ultimately allows adaptive
regression matrix switching in response to articulatory modifi-
cation. Finally, subsets of context features for context-depen-
dent model training are specially selected, or “tailored,” so as
to avoid conflict between context-dependent model parameters
and modified articulatory features at synthesis time. The details
of this proposed method will be discussed in greater depth next.

A. MRHMM for HMM-Based Parametric Speech Synthesis

As illustrated in Fig. 4, the unified acoustic-articulatory
HMM for acoustic modelling in Fig. 2 is replaced by an
MRHMM together with a separate external articulatory pre-
diction model. At this stage, we are focussing on the acoustic
modelling part; the external articulatory prediction model is not
within the primary scope of this paper, and will instead be the
subject of future work. For the experiments presented in this
paper, we have chosen to use a baseline articulatory prediction
method that was readily available to us, and which is described
further in Section IV.

We shall begin by briefly reviewing the MRHMM approach
to acoustic modelling. This model was initially proposed to
model acoustic features better by utilizing auxiliary features
[18]. Its feature production model is shown in Fig. 5. The
difference between this model and standard HMMs is that
an auxiliary feature sequence Y is introduced to supplement
the state sequence g for determining the distribution of the
acoustic feature sequence X . In this paper, the auxiliary feature
sequence Y is comprised of the articulatory trajectories. Math-
ematically, the distribution of X in the conventional MRHMM
can be written [18] as

T

P(X|\Y) = Zﬂ'qo H g, _1q:0q, (Z1|Y,) (5)
q t=1

bj(&ely,) = N(@e; A& + 1. Ey), (6)

where X, Y, 7, a;;, b;(-) and N(; p, X) have the same defi-
nition as in (1)-(4); ¢ = {q1,¢2,- ... qr} is the state sequence
for X; &, = [y, 1]T € R3Pv+1 s the expanded articulatory
feature vector; A; € R3Px*BPy+1) is the regression matrix
for state 4 and is tied to a given regression class using a deci-
sion tree. Eq. (6) is similar to (4) in the unified acoustic-artic-
ulatory modelling, whereby A;&, denotes a transform from ar-
ticulatory to acoustic features and p; represents the mean of the
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transform residuals. Research on speech production informs us
that the relationship between acoustic and articulatory features
is complex and nonlinear in form. Here, a piecewise linear trans-
form is adopted to approximate this nonlinear relationship. The
effectiveness of this approximation has been demonstrated in
previous work [12], [23], [24]. Eq. (6) is also similar to the state
PDF in cluster adaptive training (CAT) of HMMs [25], where
each column of A; corresponds to the mean vector of one cluster
and &, corresponds to the cluster weight vector. The difference
is that £, in the MRHMM is observable, whereas the cluster
weight vector in CAT needs to be estimated for each speaker
(or other factor).

To build the MRHMM-based parametric speech synthesis
system in this paper, the procedures of standard HMM-based
synthesizer training [2] are first followed in order to initialize
model parameters by maximizing P(X |A) without using artic-
ulatory features. The acoustic features consist of FO and spectral
parameters extracted from the waveforms of the training set. A
multi-space probability distribution (MSD) [26] is applied for
FO modelling to address the problem that FO is only defined for
voiced speech segments. Context-dependent HMMs are trained
using richly-defined contexts that include detailed phonetic and
prosodic features [2]. A decision-tree-based model clustering
technique that uses the minimum description length (MDL) cri-
terion [27] is adopted to deal with the data-sparsity problem and
to estimate the parameters of models whose context description
is missing in the training set. Then, the estimated mean vector
and covariance matrix for each state are used as the initial values
of p; and X; in an MRHMM. The regression matrix A; is ini-
tialised as a zero matrix. These parameters are iteratively up-
dated to maximise P(X|A,Y") by introducing articulatory fea-
tures and using the EM algorithm.3 The detailed formulae are
to be found in [18]. Next, a state alignment to the acoustic fea-
tures is performed using the trained MRHMM in order to train
context-dependent PDF parameters for state duration prediction
[1].

At synthesis time, the maximum output probability criterion
[3] is adopted to generate acoustic features. For the purpose of
simplification, only the optimal HMM state sequence is consid-
ered. First, the optimal state sequence ¢ = {q7,¢}...., ¢ }
is predicted using the trained duration distributions [2]. Given
auxiliary feature sequence Y, the optimal acoustic feature se-
quence X ™ is generated by maximizing

T
P(XINY.q") = [[V (s A& + 1y B ). )
=1

This can be solved using the conventional MOPPG algorithm
[3]. The only difference is that the mean vector at each frame is
calculated as A, §; + n,- instead of ps, .

B. Feature-Space-Switched MRHMM

In the approach described in Section III-A, the regression
matrices A; are tied to a number of regression classes to

3For training the MRHMMs, X only contains the spectral feature stream.
The relationship between the articulatory features and the FO features is not
considered.

Fig. 6. Feature production model used in the MRHMM with feature-space re-
gression matrix switching proposed here. 2, and y, are the acoustic and artic-
ulatory feature vectors at frame ¢. The definition of the parameters on the arcs
that represent the dependency relationship can be found in (10) and (11).

simulate a globally nonlinear transform from articulatory to
acoustic features. These regression classes are constructed in a
“hard” splitting manner by using the decision trees for acoustic
model clustering. As shown in (6), a unique regression matrix
A; is determined by the state index j of the acoustic HMMs,
which is independent of the articulatory feature vector £,. In
order to intuitively reflect the modifications to the articulatory
features at synthesis time, a better way to construct regres-
sion classes is necessary. First, the regression classes should
be formed directly using the articulatory features since the
modified articulatory features may represent context “mean-
ings” that differ from that of the current state of the acoustic
HMMs, as discussed in Section II-C. Second, the regression
classes should be “soft” since the articulatory features are
continuous variables. Therefore, a new approach to form the
regression classes in articulatory feature space is proposed
and applied to the MRHMM in this section, which we call a
“feature-space-switched MRHMM.”
The feature production model of this method is illustrated
in Fig. 6. A GMM model A‘“) containing A mixture compo-
nents is trained in advance using only the articulatory stream of
the training data to yield M clusters in the articulatory space.
Then, a regression matrix is trained for each mixture compo-
nent of A{%) instead of for each state of the MRHMM as shown
in Fig. 5. Mathematically, we rewrite (6) as
M

bj(@:ly,) = Z P (mhm't = kly.qe = J, A, /\(G)) ;
k=1
M

= > GOP (mly g = jome = £ AXD) L (9)
k=1

®

where m; denotes the mixture index of A%) for the articulatory
feature vector at frame #; the HMM state sequence ¢ and the
GMM mixture sequence m = {mgy, ma,..., My } are reason-
ably assumed to be independent of each other, so that

P (e =Hlyy, 60 =3, A XD ) = P (e =kl A ) = Gu(t).

(10)
For each Gaussian mixture, the dependency between the
acoustic features and the auxiliary articulatory features is
represented by

P(mt|yt7(h:j7WLt:k',/\v/\(G)) =N (xtgAkEt+Mj7EJ)v
(11)



212 IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 21, NO. 1, JANUARY 2013

where A;, € R3PxxBDPv+1) ig the regression matrix for the
k-th mixture of A(%), Note that an extra Gaussian mixture com-
ponent index sequence . is introduced to determine the re-
gression matrix for each frame, whereas (6) uses state index
j to determine the regression matrix. Furthermore, we can in-
terpret (i () as a weight that varies according to the articula-
tory features, and which changes how each transform matrix is
weighted, or “blended” together, according to (9). It is in this
way that “soft” regression classes are achieved. A similar model
structure can be found in subspace GMM modelling [28], where
all HMM states share the same GMM structure and the state-de-
pendent subspace vectors play the role of external articulatory
features in our method.

To train the HMM parameter set { A ¢,
(8)—(11) into (5) and get

¥, },4 we substitute

P(X|)\.Y) ZZP (X,q,m|\Y), (12)
where
T
P(X,q,m\Y) =7y [ ] 2410, Gm, (8)-
=1
-/V‘ (-’Et;Amtét +l"’qt72(]t) . (13)

The EM algorithm is adopted to estimate the parameter set that
maximizes (12). The auxiliary function is defined as

QA N) ZZP X.qm|\Y)logP(X,q,m|N,Y) (14)
g m
N M T
_ZZZ% )Gu(t) log N
J=1lk=1t=1

X (z4; (15)

where K is a constant term that is independent of the model pa-
rameter set; v;(t) = P{q = ) is the state occupancy
probability of MRHMM state j at time ¢; V is the total number
of HMM states.

In order to re-estimate the transform matrix A}, for each
GMM mixture, we set IQ(A, \') /A, = 0 and get

N T
DD OGS e — )8
j=11t=1
N T
D (DG AL (16)
j=11t=1
This equation can be simplified as
T
z=> vWa,D", (17)
=1
where
N T
Z={za} = > OGO (@ — pyE (18)

j=1 t=1

4In this work, the covariance matrices £, of each HMM state are set to be
diagonal as a simplification.

Ve = diag {U } z (¢ (19)
A, = {a,}. (20)
DO = {a0} = e, @)
According to (17), each element in Z can be calculated as
T 3Dy +1 3Dy +1
=y Y olaldl) = Z Z vd). (22)
t=1 p=1

Therefore, the transform matrix A4 can be updated line by line.
For the 2-th line,

a, = e (23)
where  z; = [zi1, zi2, - -5 ZiaDy 4 )] | ((;,é =
T i i
[a] L17 9 Z(?)D\ +1)] > G¥ = {-qpl } and

o d(f)
gpl - Zt 1Y
The re- estlmatlon formulae for the other model parameters
can be derived by setting OQ (A, A')/ON = 0, such that
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At synthesis time, the parameter generation criterion in (7) is
modified to
T M

1> amw

t=1k=1

PX|Y,\q¢") = (xt;AkEt + ﬂ*q;‘:zq:) )

(26)
where ;. (t) is calculated based on the input articulatory features
Y. This is an MOPPG problem with mixtures of Gaussians at
each frame. We can solve it either by using an EM-based iter-
ative estimation method [3] (thus retaining the effect of “soft”
clustering at synthesis time) or by considering only the optimal
mixture sequence as a simplification.

C. Task-Specific Context Feature Tailoring

In a context-dependent MRHMM, the motivation for using
context information and for introducing auxiliary features is the
same. The aim is to improve the accuracy of acoustic model-
ling by taking into account external factors that could affect the
distribution of acoustic features. When applying an MRHMM
to automatic speech recognition, the auxiliary features supple-
ment the context information to influence the acoustic distribu-
tion at each HMM state. These auxiliary features are observable
and fixed at decoding time. However, for MRHMM-based para-
metric speech synthesis with articulatory control, the articula-
tory features are generated at synthesis time and may be manipu-
lated to reflect any phonetic knowledge we might wish to impart.
This introduces the potential for conflict between the manipu-
lated articulatory features and the context features, as discussed
in Section II-C. Although the feature-space-switched MRHMM
in Section III-B can determine the regression matrices without
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TABLE 1
EXAMPLES OF THE TASK-SPECIFIC CONTEXT FEATURE TAILORING. “SEGMENTAL FEATURES” REFER TO THE IDENTIFIERS OF CURRENT AND SURROUNDING
PHONES. “PROSODIC FEATURES” REFER TO THE CONTEXT FEATURES RELATING TO PROSODY, SUCH AS PROSODIC BOUNDARIES, STRESS AND ACCENT POSITIONS

task full context features

base subset control subset

segmental features +

vowel quality control prosodic features

segmental features +
prosodic features +
speaker 1D

speaker quality control

segmental features +
prosodic features +
noise level/shape

speech synthesis in noise

segmental features without vowel ID
vowel ID + prosodic features
segmental features +

prosodic features speaker ID

segmental features +

prosodic features noise level/shape

using context information, p; and ¥; in (11) are still dependent
upon context.

Ultimately, the purpose of using articulatory features here is
not to refine the distribution of acoustic features for a given con-
text description, but to partially replace the function of the con-
text features in order to gain flexibility in determining the dis-
tribution of acoustic features. Therefore, to avoid any conflict,
we propose a strategy of task-specific context feature tailoring.
Under this strategy, the full set of context features is separated
into a base subset and a control subset. Only those features in the
base subset are used for the context-dependent model training,
whereas the control subset contains the context information that
can be substituted by the articulatory features. In this way, we
aim to ensure the context features and the articulatory features
are compatible and complementary. Deciding which features to
put in the base subset depends on the specific task in hand. Sev-
eral examples of sets of context features tailored for specific
tasks are given in Table 1.

Generally, the more context features that can be replaced
by adding articulatory features, the greater the flexibility we
stand to gain in terms of articulatory control. The extreme
case would be to discard all context information and build an
articulatory-to-acoustic mapping at feature sequence level to
gain complete control over the generation of acoustic features
using articulatory inputs. However, it should be noted that
performance will depend heavily on the consistency and scope
of the articulatory features available. For example, it would
be impossible to control the degree of nasality using EMA
data in which a sensor coil had not been placed on the velum.
Relatively recent work shows the accuracy of purely articula-
tory-to-acoustic mappings is still unsatisfactory [29], and this
suggests that the articulatory features captured using current
articulography techniques may not yet provide a description of
the articulatory process that is fully adequate. But the aim of
our work is to achieve the desired flexibility without degrading
the naturalness of the synthetic speech significantly. Hence, the
proposed context-tailoring approach represents a compromise
between using the full set of context features and building a
pure articulatory-to-acoustic mapping, and effectively boils
down to finding a trade-off between naturalness and flexibility.
In principle, higher quality and naturalness can be achieved
if more context features are reserved in the base subset. Con-
versely, keeping fewer context features in the base subset can
give greater flexibility in terms of articulatory control over the

synthetic speech. In time, it is possible more elaborate artic-
ulatory control will become achievable with the development
of new articulography and data processing techniques. But for
now any limitations inherent in the articulatory data available
make it more difficult to move context features into the control
subset and still retain full naturalness in the synthetic speech.

IV. EXPERIMENTS

A. Database

The same multi-channel articulatory database used in our pre-
vious work [12] was adopted for the experiments of this paper.
This database has been released with a free licence for research
use. As far as we know, it provides the largest amount of data
from a single speaker, and with the best sensor position consis-
tency, compared to any other articulatory corpus that is pub-
licly available [30]. It contains acoustic waveforms recorded
concurrently with EMA data using a Carstens AG500 electro-
magnetic articulograph. A male British English speaker was
recorded reading around 1300 phonetically balanced sentences.
The waveforms used were in 16 kHz PCM format with 16 bit
precision. Six EMA sensors were placed on the speaker’s artic-
ulators, at the tongue dorsum (T3), tongue body (T2), tongue
tip (T1), lower lip (LL), upper lip (UL), and lower incisor (LI).
Each sensor recorded spatial location in 3 dimensions at a 200
Hz sample rate: coordinates on the x- (front to back), y- (bottom
to top) and z-(left to right) axes (relative to viewing the speaker’s
head from the front). Because the movements in the z-axis were
small, only the x- and y-coordinates of the six sensors were
used in our experiments, making a total of 12 static articula-
tory features in each frame. The static acoustic features were
composed of FO and 40-order frequency-warped LSPs [5] plus
an extra gain dimension, which were derived using STRAIGHT
[31] analysis. The frame shift was set to 5 ms.

B. Vowel Modification Task

1) Experimental Conditions: As a first step to evaluating
controllability in the various systems described above, we
chose the task of changing the perceptual identity of one vowel
type into another. This control would potentially be useful for
computer-assisted language learning applications, or human
perception experiments in phonetic research, for example. Five
acoustic models were trained and compared in this experiment.
Descriptions of these models are provided in Table II. Selecting
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TABLE 11
SUMMARY OF DIFFERENT SYSTEMS USED IN THE EXPERIMENTS

Model Structure

Label . .
HMM Context Features Regression Matrix
STD-F standard full N/A
UNI-FC unified full context-dependent
MR-FC ~ MRHMM full context-dependent
MR-FF  MRHMM full feature-space-switched
MR-TF  MRHMM tailored feature-space-switched

this group of systems allowed us to evaluate the three major
aspects of the proposed approach, while ensuring perceptual
tests remained within practical limitations. We selected 1200
sentences from the database for model training, and the re-
maining 63 sentences were used as a test set. A five-state,
left-to-right HMM structure with no skips was adopted to
model the acoustic features. Diagonal covariance matrices were
used for all five systems. The ST D — F system was trained
following the conventional HMM-based parametric speech
synthesis approach [2]. The UNI — F'C system was identical
to the /7D system in [12], where 100 context-dependent trans-
form matrices were used to model the relationship between
articulatory and acoustic features.

The MR — FC, MR — FF,and MR — TF systems were
trained as described in Section IIl. As for the UNI — F(C
system, the regression matrices in these three systems were
defined as three-block matrices corresponding to the static,
velocity and acceleration components of the feature vector in
order to reduce the number of parameters that needed to be
estimated. The task-specific context feature tailoring for the
MR — TF system followed the scheme listed in the first row
of Table I, where vowel ID is used as the control subset of
the context features. For the M R — FC' system, the number
of regression matrices was set to 100 in order to match the
UNI—FC system. Inthe MR — F'F and M R — TF systems,
the optimal numbers of GMM mixture components for the
feature-space regression matrix switching were determined
using the minimum description length criterion [27]. Here, the
description length is defined as

D(A) = —log P(X|A\.Y) + %D()\) logG+C  (27)

where log P(X |\, Y') is the log likelihood function of the model
for the training set; D(A) is the dimensionality of the model
parameters; (G is the total number of observed frames in the
training set; C' is a constant. Considering the three-block matrix
structure of Ag, D(A) = 3MDx(Dy + 1) + Cp, where Cp
is a constant that is independent from the number of mixtures
M for each system. Ignoring the constant components in (26),
we calculated the average description length per frame on the
training set as

1 3
D(Y) = — = log PIXIAY) + - MDx(Dy + 1), (28)

where 7' is the number of frames in training feature sequence
X. The results for the MR — FF and MR — TF systems

with M =8, 16, 32, 64, 128 are shown in Fig. 7, from which
we see that M = 64 leads to the minimum description length

MR-FF
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Fig. 7. Description length per frame on the training set with varying numbers
of regression matrices for the a) A\{ R — F'F" and b) M R — T'F systems in the
vowel identity modification task.

for both systems. Thus, we used 64 Gaussian mixtures for A\(%)
and trained the regression matrices of the MRHMM for each
mixture component in these two systems. For the M R — F'F
and M R — T F systems, only the optimal mixture sequence was
considered when solving (26) during parameter generation.

In our previous work [12], monosyllabic words were em-
bedded into a carrier sentence to conduct the vowel identity
modification experiment. However, these sentences were com-
posed artificially and had no corresponding natural acoustic and
articulatory recordings. Therefore, we found it was not possible
to guarantee the appropriateness of the input articulatory fea-
tures for synthesizing the target vowels and to calculate the
generation error of the modified acoustic features objectively.
Instead, the 63 sentences in the test set of the recorded multi-
channel corpus were used to create the test samples in the ex-
periment here.

Each sentence in the test set was first subjected to standard
front-end text analysis. Next, all vowels in the resulting tran-
scriptions were replaced with the vowel /¢/, and the full con-
text features were calculated for these modified transcriptions
in the standard way. These sentences containing only the single
vowel type were then synthesized using the five systems listed in
Table II respectively. Obviously, the speech synthesized using
the ST D — F system contained no vowels other than /¢/. For
the other four systems, the task was to modify the instances of
vowel /¢/ in the synthetic speech to different target vowels by
imposing the articulatory features corresponding to the original
transcription for these test sentences.

2) Objective Evaluation: The difference between the gen-
erated acoustic features after vowel modification and the nat-
ural recordings of these test sentences was adopted as an ob-
jective measure to evaluate the performance of each system in
the vowel identity modification task. Root mean square error
(RMSE) between two LSP sequences [12] was used to quantify
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Fig. 8. LSP RMSE:s for different systems and types of phone in the vowel iden-
tity modification experiment. “vowels-ex-/e/” indicates all vowels excluding the
source vowel /e/ in the modification. The label Ref. represents the acoustic fea-
tures generated using the ST'D — F system and the original context features
without vowel replacement. For the UNI — FC, MR — FC, MR — FF,
and M R — T F systems, the a) natural and b) generated articulatory features
were used respectively.

this difference. To simplify the calculation of RMSE, the LSPs
were generated using state durations derived from state align-
ment against the natural speech performed using each system.
The resulting LSP RMSEs for different systems and different
types of phone are shown in Fig. 8, where the label Ref. de-
notes the acoustic features generated using the ST'D — F' system
and the original context features without vowel replacement.5
The natural articulatory inputs were derived from the articula-
tory channel of the recorded database. The generated articula-
tory features were predicted based on the original phone tran-
scription of the test sentences. For the UNI — F(C system,
the articulatory components of the unified acoustic-articulatory
HMMs were used to generate the articulatory features according
to the method proposed in our previous work [ 12]. As mentioned
in Section III-A, the articulatory prediction model in Fig. 4 is
not the emphasis of this paper. Thus, we adopted our HMM-
based articulatory movement prediction method [32] for the
three MRHMM-based systems. This method is similar to con-
ventional HMM-based parametric speech synthesis. Context-
dependent HMMs are trained using only the articulatory fea-
tures of the training set, which consist of static, velocity and
acceleration components. At synthesis time, articulatory move-
ments are predicted from the input text using the trained models
and the MOPPG algorithm. Here, full context features were
used for training the articulatory HMM, and the generated ar-
ticulatory features were synchronized with the acoustic features
at state boundaries.

5Some examples of the synthetic speech used in the vowel modification
experiment can be found at http:/staff.ustc.edu.cn/~zhling/MRHMM-EMA/
demo.html.

In Fig. 8, the RMSEs observed when modifying /e/ to non-/¢/
vowels are of most interest. Comparing the results of the ST D —
F and Ref. systems in Fig. 8, we find that replacing all vowels to
/e/ increases the prediction error for the acoustic features greatly,
especially for the non-/¢/ vowels (from 0.607 to 1.031). This
is clearly to be expected, since the acoustic parameter genera-
tion is wholly dictated by the context information in standard
HMM-based speech synthesis and different vowels have signif-
icantly different acoustic realization. Using the articulatory fea-
tures corresponding to the target phone transcription, the pre-
diction errors of the U NI — F'C system are much smaller than
the ST D — F system, especially for the non-/e/ vowels (from
1.031 to 0.877 with natural articulatory features, and to 0.896
with generated articulatory features). This demonstrates the ef-
fectiveness of our previous approach using unified acoustic-ar-
ticulatory HMMs [12] for vowel identity modification. The per-
formance of the M R — F'C system is close to the UNT — FC
system when either natural or generated acoustic features are
used. This is reasonable because the model structures of these
two systems are similar; the only difference is that the likelihood
of the articulatory features is not part of the model training cri-
terion for the M R — F'C system, as shown in Fig. 5 and (5). On
the other hand, the vowel identity modification results of both
the UNT — FC and M R — FC systems are still unsatisfactory
because the RMSEs of these two systems for the non-/¢/ vowels
are significantly higher than for the Ref. system which utilizes
the target phone transcription for synthesis.

Meanwhile, Fig. 8 also shows that both the feature-space-
switched MRHMM model structure and the task-specific con-
text feature tailoring method proposed in this paper further
improve the performance of the M R — F'C system in vowel
identity modification. When natural articulatory features are
used as the explanatory variables of multiple regression, the
LSP RMSE observed when modifying /¢/ to non-/¢/ vowels
decreases from 0.853 (MR — FC) to 0.782 (MR — FF)
and 0.614 (MR — TF') respectively. The LSP RMSEs for
the MR — TF system are almost the same as for the Ref.
system, which means that the target vowels can be synthesized
as accurately as with standard HMM-based speech synthesis by
modifying the /¢/ source vowels using appropriate articulatory
inputs. Comparing Fig. 8(a) and Fig. 8(b), we find that the
performance of all the MRHMM-based systems degrades when
the natural articulatory features are replaced with the generated
ones. This means the appropriateness of input articulatory
features plays an important role in our proposed method. The
performance of the HMM-based articulatory movement predic-
tion method used in this experiment still needs improvement
because the generated trajectories are over-smoothed, due to the
averaging effects of HMM modelling and parameter generation
algorithm. A detailed analysis on this articulatory movement
prediction method can be found in [32]. In the MR — TF
system, the average RMSE of EMA feature prediction is 1.107
mm and the average correlation coefficient between the natural
and the predicted EMA features is 0.8037. We also examined
the relationship between EMA prediction error and the LSP
RMSE of the M R — T'F system for different phones. The re-
sults are shown in Fig. 9. We can observe a positive correlation
between these two error types, with a correlation coefficient
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Fig. 9. The EMA and LSP prediction errors for different phones given by the
MR — TF system in the vowel identity modification task.

of 0.431. Therefore, improving the accuracy of articulatory
movement prediction is essential in order to achieve better
controllability over the synthetic speech.

3) Subjective Evaluation: In addition to using the objec-
tive error metrics described above, we have also conducted
forced-choice listening tests to evaluate performance on the
vowel modification task subjectively. Six groups of systems
were compared, and the definition of the systems in each group
is presented in Fig. 10. Fifteen sentences were selected from
the test set and synthesized by both systems in each test group.
Each of these pairs of synthetic sentences were evaluated in
random order by at least twenty native English listeners in
listening booths. The listeners were asked to identify which
sentence in each pair sounded more natural. We calculated the
average preference scores with 95% confidence intervals for
the six pairs of systems and Fig. 10 shows the results in detail.
From Figs. 10(a) and (b), we see that the naturalness of the
UNI — FC and MR — FC systems is much worse than that
of the Ref. system, which means the modification from /¢/ to
non-/¢/ vowels is not achieved ideally in our baseline system.
However, Fig. 10(c) shows that there is no significant difference
in naturalness between the Ref. system and the MR — TF
system with natural articulatory inputs. The effectiveness of our
proposed methods, including feature-space regression matrix
switching and task-specific context feature tailoring, are proved
by Figs. 10(d) and (e) respectively. However, using generated
articulatory features degrades the naturalness of the M R — T'F
system significantly as shown in Fig. 10(f). These findings
are consistent with the conclusions drawn from the objective
evaluation results shown in Fig. 8.

C. Vowel Creation Task

Having identified the proposed M2 — TF system as the
best system in the first task, we devised a second task to further
demonstrate the controllability offered by this system. This was
a vowel creation task, whereby the aim was to create a new
vowel without observing acoustic data for it in the training data
set. This is potentially useful for applications such as building
voices for different accents of a language, or cross-language
speaker adaptation, for example. We simulated the scenario of
vowel creation by selecting a target vowel from the English
phone set and removing all sentences containing this target
vowel from the training set. Vowel /A/ was selected as the
target vowel in our experiment, and 809 sentences in the data-
base which contain no instances of this vowel were selected

a) Ref. W UNI-FC(NAT)
|| I
N Y B
0 10 20 30 40 50 60 70 80 90 100
Preference Percentage
b) Ref. M MR-FC(NAT)
I O O
I I O B
0O 10 20 30 40 50 60 70 80 90 100
Preference Percentage
c) Ref. M MR-TF(NAT)
| | | | |
N D
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Fig. 10. Average preference scores with 95% confidence intervals in the
forced-choice listening tests of the vowel identity modification task. “N AT
and “GEN" in brackets refer to the use of natural or generated articulatory
features respectively.

for training. 50 sentences were selected randomly from the
remaining 454 sentences to form a test set. The STD — F
and MR — TF systems listed in Table II were trained using
this specially designed training set. In the M I? — T'F' system,
the task-specific context feature tailoring was conducted in
the same way as for the vowel modification task. Again, the
optimum number of GMM mixture components was identified
using the minimum description length criterion, and this was
found to be 64 components.

The sentences in the test set were synthesized using the two
systems. For the M I? — TF system, both natural and gener-
ated articulatory features were evaluated.¢ The HMM-based ar-
ticulatory prediction model used in the vowel identity modifi-
cation task, which was trained using the full database and full

6Again, samples of the synthetic speech used in the vowel creation exper-
iment are available at http://staff.ustc.edu.cn/~zhling/MRHMM-EMA/demo.
html.
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Fig. 11. LSP RMSEs for the ST D — F and MR — TF systems in vowel
creation experiment. “vowels-ex-/A/” indicates all vowels excluding the source
vowel /A/. “N AT and “GEN" in brackets denote the use of natural or gen-
erated articulatory features respectively.

context features, was reused here. Acoustic feature prediction
error for different types of phone was calculated and is shown
in Fig. 11. From this figure, we see that the ST D — I system
has much higher LSP RMSE for /A/ than for the other vowels
and consonants, because the acoustic data for /A/ was not avail-
able during training. In contrast, the M R — TF system can
predict the acoustic features of the /A/ vowel much more ac-
curately, even though the acoustic features of this vowel were
unseen at training time. This is an important and very promising
result that clearly demonstrates the flexibility of the proposed
model. Its accuracy at predicting LSP features for other vowels
and consonants is very close to that of the ST D — F method
when the natural articulatory features are given. Similar to the
observations made in the vowel identity modification task, using
generated articulatory movements degrades the accuracy of the
MR — TF system at predicting acoustic features.

A vowel identity perception test was also carried out to fur-
ther evaluate the effectiveness of creating the target /A/ vowel.
Five monosyllabic words (“but,” “hum,” “puck,” “tun,” “dud”)
containing the /A/ vowel were selected and embedded within
the carrier sentence “Now we’ll say . . . again.” These sentences
were synthesized using the ST D — F' system and the M R—TF
system respectively. Because recordings of natural articulatory
movements for these sentences were not available, the articula-
tory features generated from the HMM-based articulatory pre-
diction model were adopted as an alternative in the acoustic fea-
ture generation procedure of the MR — TF system. For the
purpose of comparison, we substituted the vowel /A/ in the five
monosyllabic words with /e/, /I/ and /e/, and then synthesized
the respective test sentences using the ST D — F system. Thus,
we created twenty-five stimuli for the vowel identity perception
test. Thirty-two native English listeners were asked to listen to
these stimuli and to write down the key word in the carrier sen-
tence they heard. Then, we calculated the percentages for how
the vowels were perceived. These results are shown in Fig. 12.
We see that only 35% of the synthesized vowels /A/ were per-
ceived correctly using the ST D — F' system, due to the lack
of acoustic training samples for this vowel. This percentage is
above chance level because the phonetic characteristics of the
/A/ vowel were still taken into account when designing the ques-
tion set for the decision-tree-based model clustering during con-
text-dependent model training. Using the M R —T'F system and
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Fig. 12. Vowel identity perception results for synthesizing different vowels
using the ST'D — F" system and creating vowel /A/ by articulatory control using
the M2 — TF system.

the generated articulatory features, this percentage increased to
66.25%, which is close to the perception accuracy of synthe-
sizing vowel /e/ (68.75%) and /&/ (66.25%) using the ST D — F
system. Again, this demonstrates the M R — T'F' system is able
to generate a new vowel accurately from appropriate articulator
settings, which further proves the flexibility of the articulatory
control offered by this system.

V. CONCLUSION

In this paper, we have presented an improved acoustic mod-
elling method for imposing articulatory control over HMM-
based parametric speech synthesis. In contrast to the unified
acoustic-articulatory modelling used in our previous work, we
have employed the framework of the multiple regression HMM
to model the influence of the articulatory features on the gen-
eration of acoustic features. In this way, the articulatory fea-
tures can be predicted using a separate articulatory prediction
model, in which it is easier to integrate phonetic knowledge than
with an HMM. A method involving feature-space regression
matrix switching and a strategy of task-specific context feature
tailoring has been proposed to improve the performance of the
conventional MRHMM in dealing with the manipulated artic-
ulatory features. We have used a database with parallel wave-
form and EMA data in our experiments to evaluate this novel
approach. Our results have shown the proposed method can
achieve better control in vowel identity modification than the
unified acoustic-articulatory modelling with full context fea-
tures and context-dependent transform tying. Furthermore, our
experiments have proved this method is effective in creating
a new vowel, for which there are no acoustic samples in the
training set, from appropriate articulatory features.

So far, our experiments have focussed on either modifying
or creating isolated vowels. To apply the proposed framework
to control the characteristics of synthetic speech at the word,
sentence, or speaker level is in principle also possible, though
there are certain issues that must be addressed in order to do
so. First, for example, is the relationship between those speech
characteristics we wish to control and the articulatory features
that are available; in order to control some aspect of speech, it
must be readily represented in terms of the features available. A
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second important prerequisite is an adequate module for articu-
latory movement prediction. Not only must this generate articu-
lator trajectories that are plausible and accurate for whole utter-
ances, but also it must allow convenient control to change the
generated trajectories. As a final example, when attempting to
impose articulatory control over longer spans, the issue of main-
taining synchrony between the states of the acoustic models
and the externally generated articulatory inputs becomes more
prominent. As discussed in Section II-C, the HMM-based artic-
ulatory movement prediction method used in the experiments
here is not convenient for sophisticated or extensive articula-
tory manipulation. Therefore, to investigate better models for
articulator movement prediction will be a key task in our fu-
ture work. Preliminary results of ongoing work in this direction
have been presented in [33], where a target-filtering approach
was adopted to predict the trajectories of articulator movements.
This will help move us closer to our ultimate goal, which is to
apply the current articulatory control approach to practical sce-
narios such as cross-accent speaker adaptation (e.g. changing a
British English accent to an American one) and simulating Lom-
bard effects in synthesized speech in response to environmental
noise conditions.
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