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Abstract
Acoustic and articulatory variability across speakers has al-
ways limited the generalization performance of acoustic-to-
articulatory inversion (AAI) methods. Speaker-independent
AAI (SI-AAI) methods generally focus on the transformation of
acoustic features, but rarely consider the direct matching in the
articulatory space. Unsupervised AAI methods have the poten-
tial of better generalization ability but typically use a fixed mor-
phological setting of a physical articulatory synthesizer even
for different speakers, which may cause nonnegligible articu-
latory compensation. In this paper, we propose to jointly es-
timate articulatory movements and vocal tract anatomy during
the inversion of speech. An unsupervised AAI framework is
employed, where estimated vocal tract anatomy is used to set
the configuration of a physical articulatory synthesizer, which
in turn is driven by estimated articulation movements to imitate
a given speech. Experiments show that the estimation of vocal
tract anatomy can bring both acoustic and articulatory benefits.
Acoustically, the reconstruction quality is higher; articulatorily,
the estimated articulatory movement trajectories better match
the measured ones. Moreover, the estimated anatomy param-
eters show clear clusterings by speakers, indicating successful
decoupling of speaker characteristics and linguistic content.
Index Terms: acoustic-to-articulatory inversion, vocal tract
anatomy

1. Introduction
Acoustic-to-articulatory inversion (AAI) intends to estimate
movements of articulators, e.g., tongue and lips, from acoustic
signals. The estimated articulatory movements can be used for
data augmentation when developing text-to-speech (TTS) and
automatic speech recognition (ASR) systems, especially in low
resource cases [1]. And articulatory information is also use-
ful for Computer-Assisted Pronunciation Training (CAPT) and
Computer-Aided Language Learning (CALL) [2, 3].

Traditionally, parallel acoustic-articulatory data are used
to train statistical models, such as codebook approaches [4],
Kalman filtering [5] and Hidden Markov Model (HMM) [6].
In recent years, the introduction of deep neural networks has
significantly improved the estimation accuracy of articulatory
movements [7, 8, 9]. However, due to the inter-speaker vari-
ability, the cross-speaker generalization performance of super-
vised AAI approaches is still unsatisfactory. Several speaker
independent AAI (SI-AAI) methods have been proposed to
solve this problem, such as vocal tract length normalization
(VTLN) [10, 11], parallel reference speaker weighting [12],
cascade Gaussian mixture regression [13] and generic acoustic
space (GAS) [14]. These methods apply acoustic transforma-
tions to bridge from unseen speakers to known speakers. How-
ever, the matching in the acoustic space can not guarantee the

matching in the articulatory space [15], as a result, the general-
ization performance of these methods is still not satisfactory.

Unsupervised AAI methods imitate how human beings
learn to speak and generally work in an analysis-by-synthesis
manner. Such methods typically iteratively adjust control pa-
rameters of a physical articulatory synthesizer to reproduce a
target utterance. To this end, several optimization methods have
been proposed, such as random search [16], distal learning [17]
and genetic algorithms [18]. Recently, Shibata et al. proposed
to train an articulatory inference network with deterministic pol-
icy gradients(DPG) [19, 20]. Theoretically, unsupervised AAI
methods have the potential to generalize well to unseen speak-
ers. However, existing methods typically fix the vocal tract con-
figuration of articulatory synthesizers with measured anatomy
parameters (e.g., the vocal tract length) from a specific speaker,
even when applied to different speakers [17, 19]. In this case,
the inter-speaker variability is mapped into the intra-speaker
variability during the speech imitation process and this implicit
speaker normalization has been shown to limit the reconstruc-
tion performance of F0 and formant frequency [17].

Considering the process of speech production, the inter-
speaker variability lies in the variability of vocal tract anatomy
and articulation habits [21], where the latter can be character-
ized by the trajectories of articulatory movements. Differences
in vocal tract anatomy affect both the acoustics and the articula-
tion of speech. Acoustically, vocal tract length is closely related
to the formant frequency [22, 23], and evidence from theory and
simulation suggests that the anatomy of the hard palate and pos-
terior pharyngeal wall can also affect the resonant properties of
the vocal tract [24, 25]. Articulatorily, speakers appear to com-
pensate for the physical difference in the vocal tract by adjusting
lingual articulation, so as to reduce acoustic variations [25]. For
example, during the articulation of coronal fricatives, changes
of the palate shape will lead to changes of jaw height and tongue
body position [26, 27]. As a result, the variability of the vocal
tract anatomy will bring about the variability of articulation.

In this work, we propose that jointly estimate the vocal tract
anatomy and articulatory movements for unsupervised AAI can
bring about benefits. We adopt the VocalTractLab (VTL) [28] as
the articulatory synthesizer, of which the anatomy of a modeled
vocal tract can be specified by several parameters. The Embod-
ied Joint Embedding framework (EmJEm) [29] is adopted to
train a neural network to infer not only time-varying articulatory
trajectories but also the anatomy parameters. Experiments show
that compared with fixing anatomy parameters, higher acoustic
reconstruction quality and a more accurate estimation of the un-
derlying articulatory movements can be obtained in this way,
potentially benefit from less compensatory efforts. Besides,
the estimated anatomy parameters show clear speaker-specific
clusterings, which implies that the network learns to model the
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inter-speaker variability directly in the articulatory space and
disentangle speaker-related features from linguistic content.

2. Approach
2.1. Articulatory synthesizer

We adopt the VocalTractLab 2.3 (VTL) [28] as the physical ar-
ticulatory synthesizer. The VTL model takes 19 tract parame-
ters and 11 glottis parameters as input to synthesize utterances.
The tract parameters include the positions of hyoid, tongue
body center, tongue tip, tongue blade, tongue root, jaw, and lip,
and the shape and opening of velum. For the glottis model, we
use the recommended “Geometric Glottis”. The glottis param-
eters include F0, subglottal pressure, bottom and top displace-
ment of the vocal cord, chink area, relative amplitude, double
pulsing, pulse skewness, flutter, and aspiration strength.

Conventionally, a fixed speaker file is required by VTL for
speech synthesis, where the vocal tract anatomy is specified.
We argue that imitating different speakers’ speech with a fixed
vocal tract model would inevitably affect the accuracy of the es-
timation of articulatory movements, as articulation needs to be
adjusted to compensate for the mismatch in vocal tract anatomy.
Therefore, it is necessary to adjust the vocal tract anatomy to
match different speakers. To this end, we modify the synthesis
pipeline of VTL so that we can specify 13 anatomy parameters
for each utterance. The definitions and ranges of the anatomy
parameters are listed in Table 1. The anatomy parameters de-
scribe the physical size and shape of different components of
the vocal tract and they are fixed for each utterance, while the
tract and glottis parameters are time-varying. Hereinafter, we
collectively refer to the tract, glottis and anatomy parameters as
articulatory parameters.

Table 1: Anatomy parameters of VTL.

Articulatory dimensions Range
Lip width (W0) [0.5, 1.5] cm

Mandible height (H5) [0.9, 1.8] cm
Lower molars height (H4) [0.3, 0.7] cm
Upper molars height (H3) [0.3, 0.7] cm

Palate height (H2) [0.8, 2.0] cm
Palate depth (D0) [2.6, 5.0] cm

Hard palate length (W1) [2.2, 5.2] cm
Soft palate length (W2) [2.3, 3.1] cm

Pharynx length (H0) [3.5, 8.0] cm
Larynx length (H1) [2.0, 4.0] cm
Larynx width (W4) [2.0, 3.5] cm

Vocal fold length (W3) [0.5, 2.0] cm
Oral-pharyngeal angle (A0) [-105.0, -90.0] °

2.2. Embodied Joint Embedding (EmJEm)

We adopt the EmJEm framework [29] to train an articulatory in-
ference network with alternating data sampling steps and model
training steps. At the sampling step, the partly trained infer-
ence network estimates the underlying articulatory parameters
of each training utterance. Then, following [30], articulatory
parameters are sampled from a Multivariate Gaussian which is
centered at the estimated articulatory parameters and fed to the
VTL model to synthesize utterances. The standard deviation
σ of the Multivariate Gaussian decays exponentially with the
number of iterations at a decay rate γ. Such that we obtain a
synthetic dataset of parallel articulatory-acoustic data. At the
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Figure 1: An iteration of the EmJEm framework, consisting of
a sampling step and a training step. At the sampling step, we
sample from a Multivariate Gaussian which is centered at the
articulatory parameters estimated by the inference model.
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Figure 2: Resynthesize workflow comparison: (a) the anatomy
is fixed; (b) the network jointly estimates the articulatory move-
ments (tract and glottis parameters) and the anatomy.

training step, the inference network is further trained with the
newly synthesized paired data. Figure 1 illustrate the workflow
from the sampling step to the training step during an iteration.

2.3. Fixed anatomy modeling

As a baseline, we train an inference network under the Em-
JEm framework with the anatomy parameters of VTL fixed. A
speaker file of an adult male speaker “JD2” is used, which is
given as an example by the authors of the VTL model.

As is illustrated in Figure 2a, the inference network is com-
posed of a feature extractor (details in Section 3.2) and an out-
put layer. The feature extractor extracts features from the mel-
spectrogram of a given utterance and the output linear layer
maps from the extracted features to 30-dimensional tract and
glottis parameters frame-by-frame. Tanh activation is used for
the output linear layer to restrict the output within the range of
[-1, 1]. After rescaling, the time-varying tract and glottis pa-
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rameters are then fed the the VTL model to resynthesize the
utterance. During the process, the anatomy parameters of the
VTL model is specified by the “JD2” speaker file. We call this
method as FIXed Anatomy Modeling (FIX-AM).

At the training step, a mean squared error (MSE) loss
Ltract glottis is calculated between the sampled and predicted
tract and glottis parameters, and the training objective L is

L = Ltract glottis (1)

2.4. Utterance-level anatomy modeling

To adjust the vocal tract anatomy for different speakers, the in-
ference network need to estimate both the time-varying tract
and glottis parameters and the anatomy parameters.

To this end, in addition to the output layer that estimates
tract and glottis parameters, a parallel output stream is added
to estimate anatomy parameters, as is illustrated in Figure 2b.
A single layer of bidirectional LSTM (BLSTM) with a hidden
size of 128 is used to gather the information of the entire ut-
terance and its last cell state is then mapped to 13-dimensional
anatomy parameters with a linear layer. The anatomy parame-
ters are estimated independently for each utterance, thus we call
this method as UTterance-level Anatomy Modeling (UT-AM).

The network is optimized in a multi-task learning manner,
and the training objective L is composed of the anatomy param-
eters prediction loss Lanatomy and the tract and glottis param-
eters prediction loss Ltract glottis,

L = Ltract glottis + λLanatomy (2)

where λ is a hyperparameter. Both of the Lanatomy and
Ltract glottis are MSE losses.

2.5. Speaker-level anatomy modeling

Utterance-level anatomy modeling makes it possible to adjust
the vocal tract anatomy from utterance to utterance. However, it
is possible that the anatomy parameters estimated from different
utterances of a same speaker differ from each other, which is un-
reasonable. Moreover, using only a single utterance to estimate
the anatomy of the vocal tract could be difficult, especially when
considering the compensatory effect of articulation. To obtain
speaker-specific and more robust anatomy estimation, we fur-
ther utilize the speaker labels to unify the anatomy parameters
estimated from the same speaker.

To do this, at the sampling step, we firstly estimate the ar-
ticulatory parameters utterance by utterance, and then for each
speaker, we collect the estimated anatomy parameters of that
speaker and calculate the averaged anatomy parameters as the
final estimation of that iteration. Except for this speaker uni-
fication operation, everything else of the model training is the
same with utterance-level anatomy modeling, and we call this
method as SPeaker-level Anatomy Modeling (SP-AM).

3. Experimental setup
3.1. Dataset

We use the Haskins Production Rate Comparison database
(HPRC) [31] as the data set. HPRC contains synchronized
EMA trajectories and speech data recorded from eight native
speakers of American English (4 males and 4 females). Each
speaker reads 720 sentences at 2 speech rates. The EMA tra-
jectories were recorded with 8 sensors at 100 Hz and have been
filtered with a 20 Hz Butterworth lowpass filter. The database

is randomly split into training, validation, and testing sets, with
10294, 1292 and 1284 samples respectively. We removed the
silent segments at the beginnings and endings of the utterances
with the provided time stamps. Only the speech data is used for
the unsupervised training process, while the EMA data is only
used for articulatory evaluations.

3.2. Feature extractor

A feature extractor that extracts features from mel-spectrograms
for the output mappings is shared in Section 2.3, 2.4 and 2.5. We
adopt a feature extractor proposed in [30] that is a stack of a con-
volutional neural network (CNN) module and a Conformer [32]
module. The CNN module extracts local features from the mel-
spectrograms with 2 parallel streams, one is a 7-layer U-net [33]
and the other is a stack of 3 1d-convolutional layers. The out-
put dimensions of the U-net and the 1d-convolutional layers are
114 and 30, respectively. The output of the two streams are con-
catenated to 144-dimensional features and then fed to the Con-
former blocks. The Conformer block is powerful in sequence
modeling and we stack 3 Conformer blocks with a feature di-
mension of 144, with 4 attention heads of 36 dimensions.

3.3. Training details

144-dimensional log magnitude mel-spectrograms with 25 ms
frame length and 10 ms frame shift are extracted as the acoustic
inputs. The inference network is randomly initialized and the
loss weight λ is set to 0.1. The network is optimized with the
Adam optimizer, with a learning rate of 5×10−4, β1 = 0.5 and
β2 = 0.999, and we clip the gradient norm to 20. The sampling
noise σ decays exponentially at a rate γ = 0.98, with an initial
noise of 0.5. We train the inference network for 10 epochs with
a batch size of 80 in each iteration.

3.4. Evaluation metrics

We measure the acoustic similarity with mel-cepstrum distor-
tion (MCD) [34]. We extract 25-dimensional mel-cepstral co-
efficients with Speech Signal Processing Toolkit1 (SPTK) and
ignore the first dimension.

Pitch is an important acoustic clue. We use the root mean
squared error of logF0 (logF0 RMSE) to measure the similarity
of F0 between the reference and re-synthesized utterances. We
extract pitch with SPTK, with a frame shift of 10 ms.

We evalute the intelligibility of re-synthesized utterances
with STOI [35], which scores from 0 to 1. A higher STOI score
indicates higher intelligibility.

In addition, we use pearson correlation coefficient (CC) for
articulatory evaluation. To do this, we first transform the es-
timated tract parameters by VTL to match the dimensions of
the recorded EMA data. 12 dimensions are obtained, including
TTX, TTY, TDX, TDY, TBX, TBY, ULX, ULY, LLX, LLY, LIX
and LIY (denoting the horizontal and vertical position of tongue
tip, tongue dorsum, tongue body, upper lip, lower lip and lower
incisor) and then CC between the measured and the estimated
articulatory trajectories are calculated.

4. Results
The averaged testing results of acoustic evaluations and the ar-
ticulatory evaluations are summrized in Table 2 and Table 3.
It can be observed that the introduction of the anatomy mod-
eling, whether utterance-level or speaker-level, can effectively

1http://sp-tk.sourceforge.net/
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Table 2: Acoustic evaluation results for method comparison.

Method MCD logF0 RMSE STOI
FIX-AM 4.79 0.49 0.81
UT-AM 4.70 0.43 0.82
SP-AM 4.63 0.46 0.81

Table 3: Mean correlation coefficient (CC; standard deviation
in bracket) of articulators for different modeling methods.

Articulator FIX-AM UT-AM SP-AM
TTX 0.23(0.23) 0.29(0.23) 0.24(0.24)
TTY 0.00(0.23) 0.04(0.25) 0.08(0.23)
TDX 0.40(0.20) 0.46(0.20) 0.42(0.21)
TDY 0.19(0.20) 0.30(0.23) 0.30(0.21)
TBX 0.37(0.19) 0.47(0.18) 0.42(0.19)
TBY 0.23(0.22) 0.17(0.24) 0.19(0.24)
ULX 0.31(0.20) 0.32(0.23) 0.28(0.22)
ULY 0.20(0.23) 0.25(0.22) 0.25(0.22)
LLX 0.37(0.22) 0.41(0.24) 0.40(0.21)
LLY 0.50(0.17) 0.49(0.17) 0.50(0.16)
LIX 0.26(0.25) 0.43(0.23) 0.35(0.22)
LIY 0.36(0.20) 0.43(0.20) 0.41(0.17)

Averaged 0.28(0.25) 0.34(0.26) 0.32(0.24)

improve the model performance. Acoustically, the anatomy
modeling enables a better imitation of utterances from dif-
ferent speakers, resulting in lower MCD and logF0 RMSE.
Articulatorily, a better estimation of articulatory trajectories
can be obtained by anatomy modeling. When comparing the
utterance-level anatomy modeling with fixed anatomy model-
ing, the averaged correlation coefficient relatively increases by
about 21%. This result supports our hypothesis that imitating
different speakers’ speech with a fixed vocal tract model would
inevitably affect the accuracy of the estimation of articulatory
movements, due to the compensatory effect of articulation. So
that it is better to jointly model the vocal tract anatomy and ar-
ticulatory movements.

The comparison between the utterance-level anatomy mod-
eling and speaker-level anatomy modeling shows that the uni-
fication of the anatomy parameters of each speaker during the
sampling step, as is described in Section 2.5, can further re-
duce the acoustic reconstruction distortion. An example from
speaker-level anatomy modeling is illustrated in Figure 3. How-
ever, such a constraint may also reduce the flexibility of artic-
ulation so that the articulatory estimation accuracy is slightly
worse.

Since the anatomy parameters are related to speaker char-
acteristics, we check the distribution of the anatomy parame-
ters estimated from the utterance-level anatomy modeling and
speaker-level anatomy modeling and illustrate the results with
t-distributed stochastic neighbor embedding (t-SNE) algorithm
[36] in Figure 4. From Figure 4a, the anatomy parameters
are generally distributed by speakers, although the boundaries
between speakers are not that clear. Such a result shows
that utterance-level anatomy modeling can successfully train a
model to distinguish between different speakers, even without
the help of speaker labels. As a comparison and shown in Fig-
ure 4b, with the speaker unification operation, the anatomy pa-
rameters show clear clusterings by different speakers and the
diversity of the anatomy parameters of each speaker is small.
Such a result demonstrates the effectiveness of speaker-level

(a) Reference (b) Re-synthesized

Figure 3: Mel-spectrogram comparison: (a) the reference ut-
terance and (b) the utterance re-synthesized by speaker-level
anatomy modeling (SP-AM). The text is “The black trunk fell
from the landing.”.
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(a) Utterance-level anatomy mod-
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(b) Speaker-level anatomy model-
ing

Figure 4: Visualization of anatomy parameters using t-SNE for
speakers (represented by different colors) in the testing set of
HRPC dataset.

anatomy modeling and it also reflects that speaker-related fea-
tures is disentangled from linguistic content, so that the esti-
mated anatomy parameters can serve as a speaker representa-
tion.

5. Conclusions
In this paper, we propose to jointly estimate articulatory move-
ments and the vocal tract anatomy during the unsupervised in-
version of speech. Experiments are conducted under the Em-
JEm framework and the results show that the anatomy mod-
eling can effectively reduce the acoustic distortion of speech
reconstruction and improve the accuracy of the estimation of
articulation, possibly due to the less articulatory compensation.
The estimated vocal tract anatomy is shown to be distributed
by speakers. And a method of speaker-level anatomy model-
ing is further proposed to obtain discriminative speaker-specific
anatomy, which can be viewed as a speaker representation with
explicit physical meanings. Future work includes investigating
the correlation between the estimated anatomy parameters with
measured ones and exploring the potential of applying the esti-
mated anatomy parameters in areas such as speaker identifica-
tion.
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