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Abstract: Conventional acoustic-to-articulatory inversion methods usually train mappings by using
maximum likelihood or least square criterion, which assume that all the articulatory channels are
equally important. However, different articulatory channels play different roles in speech
production. In this paper, to account for this in acoustic-to-articulatory inversion, the importance of
each articulatory channel is modeled as an exponential function of its corresponding velocity
profile, and incorporated into the conventional least square loss function. The proposed loss
function is applied to optimize a batch normalized Deep Neural Network (DNN) for
acoustic-to-articulatory inversion. The result indicates that the DNN trained with the proposed cost
function outperforms the DNN trained with traditional cost function for most articulatory channels.
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1. INTRODUCTION

Acoustic-to-articulatory inversion is the
technique that estimates vocal tract shape or
articulators’ position based on input speech
signals. It is not only of theoretical interest but
also helpful for many applications, such as
automatic speech recognition [10], speech
therapy and language training [2, 26], talking
head animation and lip-syncing [3, 6, 11], and
low bit-rate speech coding [19], etc.

Acoustic-to-articulatory inversion was
firstly explored by using codebook-based
methods. In the codebook-based method, the
codebook was built based on a set of

articulatory-acoustic-parameter pairs, where
the articulatory parameters were used to
control an articulatory model and the
corresponding acoustic parameters were
generated by an acoustic model based on the
vocal-tract shapes obtained by extensively
scanning the articulatory parameter space of
the articulatory model. Then, articulation was
inferred by looking up the codebook [1, 13]
according to the acoustic input. The problem of
this approach is that same acoustic features
could be generated by different combinations
of articulatory parameters, and some of them
are never used in human speech production. To
deal with the non-uniqueness in
acoustic-to-articulatory inversion and remove
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the invalid results, some researchers introduced
dynamic programing [20] as a post-processing
procedure or trained inversion models by using
human data.

Thanks to the advent of large-scale corpus
of synchronized human articulatory-acoustic
data, numerous methods have been proposed to
tackle the problem of acoustic-to-articulatory
inversion in past few decades. It includes a
variety of hidden Markov models [5, 9, 12, 18,
27], Kalman filtering [4], support vector
regression [21], Gaussian mixture regression
[22], codebook [7], multilayer perceptron [14],
mixture density network [15], deep neural
network [24, 25], trajectory MDN [16],
Bi-directional LSTM [28], etc. In addition,
several studies tried to incorporate visual
features to conduct an
audiovisual-to-articulatory mapping [15, 23].

Most methods mentioned above either
applied maximum likelihood or least square
error criterion to train inversion models, where
all the articulatory channels were equally
treated. Nevertheless, different articulator
plays different role in speech production. The
trajectories of some articulators have
consistent patterns in various contexts, such as
lower lip for bilabials, tongue tip for alveolars,
and tongue dorsum for velars. In phonetics,
these articulators are called “critical
articulators” for those articulations [20]. Hence,
in this study, we want to figure out whether
better acoustic-to-articulatory inversion
performance can be improved by incorporating
information of critical articulators into
traditional cost functions.

In this study, we depict the information of
critical articulators by their velocity profiles,
and formulate the cost function as a weighted
least square error. In the proposed cost
function, the weighting coefficient of each

articulatory channel is represented by an
exponential function of its velocity profile.

2. METHOD

In last ten years, DNN became popular due to
its success in many fields. It has also been
applied to the task of speech inversion [24, 25].
Wu et al. [28] tried general linear model,
Gaussian mixture model, artificial neural
network, and DNN with sigmoid activation
function to estimate articulators’ position from
synchronized speech features based on an
English articulatory-acoustic corpus MNGU0.
Their results demonstrated that the DNN
achieved the best performance. In past few
years, more advanced networks, for example
Bi-directional LSTM, have been devised and
obtained the state-of-the-art performance [28].
The purpose of this study is to figure out

whether articulatory velocity information is
helpful for acoustic-to-articulatory inversion,
but not to compare the performance of models
with different structures. And even for a simple
model, the performance could be improved if
the incorporated velocity information is helpful.
For this reason, we conduct this work with a
simple deep neural network rather than with a
complicated model.
Equation 1-2 define the basic functions of a

neuron in an artificial neural network.

� � ,� = � � � ,��� �−1 ,�� + � � ,� (1)

� � ,� = � � � ,� (2)

where � � ,� is the input of the ith neuron in the
nth layer, � �−1 ,� is the output of the jth neuron
in the (n-1)th layer, � � ,�� is the weight that
connecting the ith unit in the nth layer and the jth

unit in the (n-1)th layer, � � ,� is the bias of the
ith neuron in the (n-1)th layer, and � � is an
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activation function (a sigmoid function
usually).
The training of a traditional DNN with

sigmoid activation function is slow and the
performance tends to be affected by gradient
vanish problems [8]. And this will slow down
the training by requiring lower learning rates
and careful parameter initialization, and makes
it hard to train DNN with saturating
nonlinearities.

Figure 1: Structure of batch normalized
feedforward neural network.

In this study, a batch normalization
technique is implemented to perform the
normalization for each mini-batch (yellow
blocks shown in Figure 1). And ‘ReLU’
activation function is used for the neurons in
hidden layers. The process of batch
normalization is formulated as Eq 3-5:

� � ,� = � � � ,��� �−1 ,�� + � � ,� (3)

�� � ,� =
� � ,�−� � ,�
2

� � ,�
2 +�

(4)

� � ,� = � � ,��� � ,� + � � ,� (5)

where � � ,� , � � ,�
2 are the mean and variance

of � � ,� , � � ,� and � � ,� are scaling and
shifting parameter on normalized value �� � ,�

so as to keep the representation capability of

the layer. These parameters are optimized with
momentum gradient method:
��+1 = �� + ∆��+1

∆��+1 = � ∙ ∆�� − � ∙ ��
��

(6)

��+1 = �� + ∆��+1

∆��+1 = � ∙ ∆�� − � ∙ ��
��

(7)

��+1 = �� + ∆��+1

∆��+1 = � ∙ ∆�� − � ∙ ��
��

(8)

��+1 = �� + ∆��+1

∆��+1 = � ∙ ∆�� − � ∙ ��
��

(9)

where � is the loss over the training set, d is
the momentum, and � is the learning rate. The

partial derivatives ��
��

, ��
��
, ��

��
, ��

��
of each

layer can be calculated by using
backpropagation algorithm (shown in Equ
10-16).

��
�� �

= 1
� �=1

� � �−1
(�) ��(�)

�� �
(�)

�

� (10)

��
�� �

= 1
� �=1

� ��(�)

�� �
(�)� (11)

��
�� � ,�

= 1
� �=1

� ��(�)

�� � ,�
(�) �� � ,�

(�)� (12)

��
�� � ,�

= 1
� �=1

� ��(�)

�� � ,�
(�)� (13)

��(�)

�� �
(�) =

�� �
(�)

�� �
(�)

��(�)

�� �
(�) (14)

��(�)

�� �−1
(�) =

�� �−1
(�)
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(�) � �

��(�)

�� �
(�)

��(�)

�� �
(�) (15)

�� � ,�
(�)

�� � ,�
(�) = � � ,�

��� � ,�
(�)

�� � ,�
(�) (16)

where �(�) is the loss over the lth example, m
is the number training examples in each

mini-batch, � �−1
(�) is an input of the batch
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normalization blocks of the ( � − 1 )th layer,

� � ,�
(�) is the input to the ith neuron of the nth

layer, �� � ,�
(�) is a batch normalized output of

the ith batch normalization block of the nth layer,
� � is the output of the nth layer, � � is the
connecting weight that link neurons in the
(� − 1 )th layer and the nth layer, and � � is
the bias of the nth layer.

3. EXPERIMENT

The MOCHA-TIMIT database, which has
synchronized acoustic-articulatory signals, is
used in the experiment. The corpus recorded
the synchronized acoustic-articulatory data of
one male speaker (msak0) and one female
speaker (fsew0). Each of them produced 460
TIMIT sentences. In the database, the sampling
rates are 16,000Hz for acoustic signal and
500Hz for articulatory signal, respectively.
When collecting the corpus, electromagnetic
receiver coils were attached to 9 articulators in
the midsagittal plane, as shown in Figure 2.
They were velum (V), tongue dorsum (TD),
tongue blade (TB), tongue tip (TT), lower jaw
(LJ), upper lip (UL), lower lip (LL), and the
references (REF) on nose ridge and upper jaw.
For each articulator, the horizontal and vertical
coordinates were recorded. As a result, 18
channels of articulatory trajectories were
recorded in total. Among those coils, the
trajectories of V, TD, TB, TT, LJ, LL and UL
depict the movement of articulators, and are
used in our experiment
The data of the male speaker (msak0) is

used in this paper. When preparing the
experiment, speech utterances are segmented
into frames with a Hanning window. Each
frame contains a speech segment of 25ms, and
is encoded as a vector of

log-energy+12-order-MFCCs+delta
+delta-deltas. The frame shift between two
consecutive frames is 10ms.
As for the articulatory data, a

Savitzky-Golay filter with the order of 3 and
frame size of 21 is applied to remove the
high-frequency noise in articulatory
trajectories. Then, the smoothed EMA data are
down-sampled to 100Hz to match the frame
rate of the acoustic features.

Figure 2: The positions of the EMA coils on the
speaker’s articulators.

In our experiment, the acoustic features of
every 7 consecutive frames are concatenated to
represent the input vector of the DNN. As for
the output, the EMA data corresponding to the
4th frame in the corresponding contextual
acoustic feature vectors is used. Both EMA
and acoustic feature vectors are normalized by
subtracting their global mean and dividing by
their standard deviation.
In the experiment, the database is randomly

partitioned into three subsets: a validation set
(45 utterances), a testing set (45 utterances),
and a training set (370 utterances).
To measure the performance of

acoustic-to-articulatory inversion, root
mean-squared error (RMSE) and correlation
coefficient are adopted. Here, RMSE gives an
indication of the average distance between two
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trajectories, while correlation coefficient
indicates synchrony and similarity between
two trajectories. They are defined in Eq17-18:

rmse =
2 1

m i=1
m (��� − ��)2� (17)

c = i=1
k (xi-x�)(x�i-x��)�

2
i=1
k (xi-x�)2�

2
i=1
k (x�i-x��)2�

(18)

where ��� are �� the estimate and ground truth
at instant �, respectively.
Two cost functions are formulated for

training the batch normalized DNN, where L1

is the least square loss and L2 is a weighted
version of L1.

�1 = 1
2 �=1

� ��� − �� �� ��� − �� (19)

�2 = 1
2 �=1

� ��� − �� �� � ��� − �� (20)

��� = �
−1
2��

2��
2

, � = �
0, ����

(21)

where the weighting coefficient wij depends on
the velocity vi.

4. RESULT

To determine the number of hidden units in
each layer, we conduct an experiment on a
neural network with just one hidden layer. In
the experiment, the number of hidden units
varies from 50 to 1600. The result indicates
that the neural network with 400 hidden units
achieves the best performance. With reference
to this result, we construct a DNN with 6
hidden layers, of which each hidden layer
contains 400 neurons. And “ReLU” activate
function is applied for neurons in hidden
layers.
In the experiment, the momentum � in

Equation 6-9 is 0.8, the initial learning rate is
0.0004 and decays with the proportion of 0.9.

Each mini-batch contains 1024 examples. And
the maximum number of training epoch is 50.

The RMSE is calculated for the trajectory
of each articulatory channel. As shown in
Table 1, the first two columns are the RMSEs
of the DNN trained with cost functions L1 and
L2, respectively. The last two columns are the
corresponding correlation coefficients between
the ground truth and the estimated trajectories,
respectively. The bold italic numbers in the
second and fourth column indicate that the
RMSE/correlation coefficients between the
estimate and the ground truth is
reduced/improved.

Table 1: Experiment results.
rms-L1 rms-L2 c-L1 c-L2

Vx 0.5186 0.5218 0.9474 0.9466
Vy 0.8845 0.8903 0.8662 0.8629
TDx 1.3495 1.3285 0.8898 0.8957
TDy 1.5108 1.4733 0.8672 0.8758
TBx 1.3870 1.3633 0.9097 0.9128
TBy 1.5342 1.5281 0.8973 0.8986
TTx 1.6221 1.6462 0.9033 0.9048
TTy 1.7540 1.7378 0.9180 0.9200
LJx 0.4249 0.4220 0.8618 0.8609
LJy 0.6762 0.6784 0.9093 0.9102
ULx 0.5405 0.5392 0.7836 0.7826
ULy 0.7679 0.7695 0.8985 0.8975
LLx 0.9085 0.9039 0.8791 0.8798
LLy 1.4086 1.3756 0.9204 0.9240
Avg. 1.092 1.0841 0.8894 0.8909

The performance of 11 of the 14 articulatory
channels are improved for either RMSE or
correlation. As shown in Table 1, the RMSEs
of 9 articulatory channels decrease, and the
correlation coefficients increase also for 9
articulatory channels. There are 7 articulatory
channels whose performance are improved in
the sense of both RMSE and correlation
coefficient.

Report of Phoneitc Research 2021

78

 
 

 



The overall average RMSE and
correlation coefficient are 1.092mm and
0.8894 respectively when L1 cost function is
used. The performance is better than the those
reported based on a MOCHA database [13, 28].
The overall average RMSE and correlation
coefficient are 1.0841mm and 0.8909
respectively when L2 cost function is used. The
results are better on both closeness and shape
similarities between estimated trajectory and
ground truth.

5. CONCLUSION

In this paper, an articulatory velocity profile
weighted cost function is proposed to optimize
a DNN for acoustic-to-articulatory inversion.
The result indicates that the performance of
acoustic-to-articulatory inversion could be
improved by using a weighting function based
on velocity profile in most cases even a very
simple DNN is used. One can expect that the
performance can be further improved by
incorporating better weighting function into
the cost function.
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