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ABSTRACT
Articulation-to-speech synthesis based solely on supraglottal
articulation requires some sort of intonation control. This pa-
per examines to what extent the f0 contour of an utterance can
be predicted from such supraglottal articulation data. To that
end, three groups of machine learning models (support vec-
tor machines, kernel ridge regression and neural networks)
were trained and evaluated on the mngu0 speech corpus con-
taining synchronous articulatory and audio data. The best
voiced/unvoiced/silence classification rates were achieved by
a deep neural network with two hidden layers: 85.8 % with no
look-ahead (important for on-line applications) and 86 % with
a look-ahead of 50 ms. The best f0 prediction model without
look-ahead scored a root-mean-square error (RMSE) (when
compared to the original f0 contours) of 10.4 Hz using a neu-
ral network with one hidden layer, while the best prediction
with a look-ahead of 50 ms was attained by kernel ridge re-
gression and an RMSE of 10.3 Hz. The predicted f0 contours
were also subjectively evaluated in a listening test by manip-
ulating the f0 of the original speech files using PRAAT. The
results are consistent with the objective evaluation.

Index Terms— articulation-to-speech synthesis, intona-
tion modeling, silent speech

1. INTRODUCTION

Articulation-to-speech synthesis is the process of generating
artificial speech based on articulatory movements on-line and
in real time: Some kind of articulometric technique (e.g.,
electromyography [1] or permanent magnetic articulography
[2]) is used to record the speech movements (no sound produc-
tion necessary) and the articulatory data is used to drive some
kind of speech synthesizer (e.g., a vocoder [2, 3]) that outputs
the intended speech. While it seems intuitively possible to
obtain the speech sounds from their articulation, other speech
characteristics like intonation or, more specifically, the funda-
mental frequency f0, are inherent to the voice source, about
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which no information is known in this setup. However, recent
studies have shown that the f0 contour can nevertheless be de-
rived from the articulatory data directly (e.g., [1, 4, 5, 6, 7]),
from respiration [8], or by predicting the parameters of an in-
tonation model [9]. While those studies showed promising re-
sults, they used different data sets, classifiers, regression mod-
els, different strategies for dealing with unvoiced segments
and non-speech segments, and performed several predictions
at the same time (e.g., a full articulation-to-speech mapping),
which makes a reproduction and comparison of their results
difficult. Given the focus on deep neural networks in most
current studies, it was also of interest if a simpler model ar-
chitecture that is less complex to train and has fewer hyper-
parameters to tune may be a good alternative in case of lim-
ited resources. This paper therefore systematically explores
the performance of a set of commonly used models on the
freely available mngu0 corpus [10] containing synchronous
speech audio and electromagnetic articulography data. Both
the ternary classification of silent, voiced and unvoiced seg-
ments as well as the prediction of the f0 contour were per-
formed and evaluated.

2. METHODS AND MODELS

In a setup described above, where only the supraglottal artic-
ulation is measured and used to drive a speech synthesizer, no
information on the voicing or even the voice activity is avail-
able. This poses two problems: when should the synthesizer
be started and stopped and when should the synthesizer pro-
duce the voiced or the unvoiced instance of the same supra-
glottal articulation (e.g., when should it output a /g/ vs /k/)?

While speech activity and voicing is a ternary classifi-
cation problem, the prediction of the f0 at any given point
in time is a regression problem, since the pitch can take on
any value in a continuous range between certain physiologi-
cal constraints. Therefore, the f0 contour was predicted using
the same methods as for the voiced/unvoiced/silence classifi-
cation but modified to be used for the regression problem.

The machine learning techniques applied in this study
were all implemented using the C++ machine learning toolkit
“dlib” [11]. While the toolkit offers a plethora of tools and
algorithms, three of the most commonly used families of al-
gorithms were chosen for this investigation: support vector
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machines (SVM), kernel ridge regression (KRR), and (deep)
neural networks (DNN). For both investigated problems, the
kernel functions used for the SVM and KRR were a linear
kernel (i.e., no non-linear projection, LK), the radial basis
function kernel (RBK), and the histogram intersection ker-
nel (HIK). The DNNs were trained with one, three and five
hidden layers with 512 neurons in each layer (to study the
impact of the depth), and with two hidden layers with 512
neurons in the first and 1024 in the second layer (to mirror
the configuration used by [5]), all of them using a Rectified
Linear Unit (ReLU) activation function [12]. In addition to
the properties described above, the hidden layers of these
DNNs were fully connected, i.e., every neuron in each layer
was connected to every other neuron in the next layer.

3. TRAINING

To train and evaluate the machine learning techniques de-
scribed above, a corpus of articulatory data with correspond-
ing pitch contours is required, since all of these techniques are
supervised methods. One such corpus is the publicly avail-
able mngu0 corpus [10] containing synchronous speech au-
dio and, among other forms of articulatory data, electromag-
netic articulography data of one speaker from two recording
sessions.

3.1. Dataset

We used the Day 1 set of EMA data along with the corre-
sponding audio data and extended SAMPA annotation for
training and evaluation of the classification and regression
models. The Day 1 set contains 1 354 utterances by one male
British professional speaker amounting to 67 min of speech
data, which were randomly split (without breaking up utter-
ances) into a training set (80 % of the total data frames) and a
test set (the remaining 20 % of the data). The sentence lengths
ranged from 1 to 48 words and included questions, statements
and exclamations (and therefore a variety of intonation con-
tours). In total, the set contained approximately 1 715 unique
diphones and 12 322 unique triphones. The EMA data was
sampled using the Carstens AG500 articulograph, which is
capable of tracking 12 EMA sensor coils in 3D space with
two angles of rotation for a total of 5 measurements per sen-
sor coil. For this study, we used only the x- and y-coordinates
of six coils (placed on the upper lip, the lower lip, the lower
incisor, the tongue tip, the tongue body, and the tongue dor-
sum) in the midsagittal plane for a total of 2 x 6 = 12 channels
(number of dimensions times number of coils). This limita-
tion was imposed to remain within the subset of data that the
authors of the corpus have already evaluated and processed
themselves: The mngu0 corpus contains processed EMA
data of these 12 channels. Due to possible overlap of some
of the corresponding audio files (according to the dataset’s
readme file), we used the raw data and performed our own
processing by normalizing the EMA data channel-wise so

that each channel (containing data representing one spatial
dimension of one coil) exhibited a mean of 0 and a stan-
dard deviation of 1. The corpus contains two sets of audio
recordings: one recorded using a Sennheiser MKH50 hyper-
cardioid, which picked up background noise from the AG500
starting at about 7.5 kHz, and a PHON-OR noise-cancelling
optical microphone, which had a smaller bandwidth and did
not pick up low frequencies very well. Because this study
was interested in the fundamental frequency, the Sennheiser
MKH50 audio recordings were used for training and evaluat-
ing the f0 prediction as the noise interference was well above
the expected frequency range of interest.

3.2. Articulatory feature vectors

The data were presented to the machine learning algorithms
as a series of feature vectors, each of which represented one
frame of EMA data sampled every 5 ms. The feature vec-
tors consisted of the 12 channel data in that frame (x- and
y- coordinates of the six sensor coils as described above), the
element-wise, normalized difference of the current 12 channel
data to the previous 12 channel data (i.e., delta features), and
the element-wise, normalized difference of the current differ-
ence to the previous difference (i.e., delta-delta features). In
total, each feature vector therefore had a length of 36. To
include an articulatory context for each feature vector, sev-
eral consecutive feature vectors were stacked. Two different
kinds of context were studied: using only previous feature
vectors and additionally using subsequent feature vectors, as
well. The former case is feasible in a real-time articulation-
to-speech synthesis system as described above, while the lat-
ter setting was expected to improve the results at the cost of
a small delay. Context lengths of 25 ms, 50 ms, and 75 ms
were studied, but for the sake of conciseness, we only re-
port the best results here, which were achieved with a context
of 50 ms corresponding to 10 frames for both look-back and
look-ahead.

3.3. Extraction of the reference f0 contour

To train the supervised machine learning models used in
this study, each training frame was assigned a label for un-
voiced/voiced/silence classification and an f0 value for re-
gression. The silence label can be directly extracted from the
extended SAMPA annotation of the mngu0 corpus. But since
no narrow transcription of the utterances was available, we
based the voiced/unvoiced label on the results of the f0 ex-
traction: if no f0 could be determined, the frame was labeled
“unvoiced”, otherwise it was considered “voiced”. To deter-
mine the f0 of each non-silent frame, we used PRAAT’s [13]
autocorrelation-based To Pitch... function with a pitch floor of
50 Hz and a pitch ceiling of 200 Hz. If the PRAAT algorithm
could not find a sufficiently clear peak in the autocorrelation-
function, it returned the value “undefined” for that frame.
This was replaced by the numeric value -1 and used as the
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unvoiced-flag so that for the voiced-unvoiced classification
all positive values were interpreted as a “voiced” label. In
total, 363 502 voiced samples and 368 021 unvoiced sam-
ples were used for training, and 126 651 voiced frames and
121 965 unvoiced and silent frames for testing the classi-
fiers. The regression models were trained and tested with the
voiced frames only, although unvoiced or silent frames were
included in the articulatory feature vectors if they appeared in
the context of a voiced frame.

3.4. Data partitioning strategy and hyperparameter tun-
ing

Even though the mngu0 corpus proposes a standard split for
training, validation and testing, we chose to make our own
split, following a practice suggested by [14]. As described
above, 80 % of the feature vectors and their corresponding la-
bels were used for the training of all investigated classifiers
and regression models and 20 % of the data was kept sepa-
rately for testing. The validation set for hyperparameter tun-
ing (as a subset of the training set) was determined differently
for each class of models: The neural networks were trained
using a mini-batch paradigm with a batch size of 512. The
learning rate was the only hyperparameter that was tuned. Its
optimum was found by successively shrinking the learning
rate from 0.1 by a factor of 10 after every training epoch and
evaluation on the test set. The hyperparameters of the SVMs
were optimized using a grid search of the parameter space
and a two-fold cross-validation on the training set. Due to
the large training set, a higher number of folds was too com-
putationally expensive. The hyperparameter λ for the KRR
was found using leave-one-out cross-validation since train-
ing was much faster and thus allowed a more thorough cross-
validation. The final hyperparameter values for all models are
summarized in Table 1 and Table 2.

4. RESULTS

After training the models on the training sets using the op-
timal hyperparameters shown in Tables 1 and 2, the trained
models were then evaluated on the respective test sets. The
evaluation was performed using both objective measures (the
classification score and the regression error) and a subjective
listening test using human listeners.

4.1. Objective evaluation

The classification score was calculated by dividing the num-
ber of correctly classified voiced and unvoiced frames by the
total number of frames in the test set. The regression er-
ror was determined in terms of the root mean square error
(RMSE) between the predicted f0 and the reference f0 deter-
mined with PRAAT (see above). The results of the evaluation
are shown in Figures 1 and 2. It is evident that in both settings
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Fig. 1. Voiced/unvoiced/silence classification score in percent
of correctly classified frames.
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Fig. 2. Root mean square error (RMSE) of predicted f0 con-
tour with respect to the reference f0.

the non-linear kernel methods outperformed the linear meth-
ods. The DNNs also generally slightly outperformed SVM
and KRR models for classification. For the regression task,
the DNNs are generally on par with the SVR or KRR models
with a KRR using a radial basis kernel achieving the overall
best result of an RMSE of 10.3 Hz. This is somewhat surpris-
ing, given the dominance of deep networks in almost every
field. An explanation could be the vast number of possible
network topologies and hyperparameter settings of a DNN.
Even with the careful approach taken here, there is no guar-
antee that the true global optimum was found. Compared to
the previous benchmark set by [5], which was an RMSE of
12.6 Hz achieved on the same corpus using a long short-term
memory (LSTM), the results from our study are an improve-
ment of approximately 17 %. However, another study using
an LSTM [7] performed slightly better with a reported RMSE
of 10.162 Hz when using the same input data as in our study,
most likely due to using a (well-tuned) LSTM instead of a
simple feed-forward DNN.

While adding a look-ahead for the articulatory context
improved the results marginally, the proposed techniques
are still sufficiently precise for a real-time application in an
articulation-to-speech synthesis system even when no “fu-
ture” context is used.

4.2. Listening test

While the RMSE is a commonly used objective measure to
evaluate a regression model and a good index to compare dif-
ferent algorithms, it is not intuitively clear how it relates to
perceived quality or naturalness of the produced contours. We
therefore conducted a listening test where a subset of the re-
sults was rated by 20 human listeners (8 female, 12 male, age
22-56, average age 30.4). To limit the number of the stimuli
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SVM KRR DNN
LK RBK HIK LK RBK HIK all

Context (before | after)
in ms C C γ C λ λ γ λ LR

50 | 0 2e+06 9.842e+05 0.0045 3e+05 0.0001 0.01 0.0081 0.01 0.0001
50 | 50 2e+06 2e+06 0.0015 3e+05 0.0001 0.001 0.0009 1 0.0001

Table 1. Optimal hyperparameters for the silence/voiced/unvoiced classifiers. The optimal learning rate (LR) was the same for
every number of hidden layers of the DNN.

SVR KRR DNN
LK LK RBK HIK all

Context
(before | after)
in ms

C λ λ γ λ LR

50 | 0 1.968e+05 1e-05 0.01 0.0009 0.01 1e-07
50 | 50 5e+05 1e-05 0.1 0.0009 0.01 1e-07

Table 2. Optimal hyperparameters for the f0 regression. The
optimal learning rate (LR) was the same for every number of
hidden layers of the DNN.

to a reasonable amount, we grouped the utterances from the
test set into tertiles using the RMSE: the best (lowest RMSE)
third (T1), the median third (T2), and worst (highest RMSE)
third (T3). We then randomly selected one short, one long and
one medium long utterance from each third. For each of these
nine utterances, we manipulated the f0 contour in the origi-
nal audio recordings according to the f0 predicted by the best
regression model with look-ahead and without look-ahead us-
ing PRAAT. We also added a sample of each utterance with a
completely flattened intonation (setting it to its mean f0) and
the unmodified recordings of each sample1. The resulting 9
utterances × 4 versions = 36 utterances were presented to the
subjects three times in a randomized fashion for a total of
108 items per test. The items were presented to the listeners
in a quiet room using a Focusrite Saffire Pro 40 audio inter-
face and a pair of Beyerdynamic T70p headphones. The raters
were asked to grade each item on a scale from 1 (unnatural) to
4 (very natural). The results of the test are shown in Figure 3.
The original f0 contours and the flattened f0 contours scored
highest and lowest, as could be expected. The ratings of the
predicted f0 contours were also consistent with the objective
evaluation. The selected sentences are available as supple-
mental material accompanying this article and at http://www.
vocaltractlab.de/index.php?page=birkholz-supplements.

5. SUMMARY AND CONCLUSION

We conducted a systematic comparison of a number of ma-
chine learning algorithms’ (SVM, KRR, and DNN) perfor-

1“Unmodified” means that we passed it through PRAAT’s pitch manipu-
lation algorithm once without changing anything. This seemingly redundant
step was necessary because the pitch manipulation algorithm introduces a
small amount of noise that would otherwise unfairly skew the comparison.
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Fig. 3. Average naturalness rating in the listening test of the
resynthesized utterances using the orignal, predicted, and flat-
tened f0 contours.

mances for f0 prediction from articulatory data. Our results
show that DNNs are generally a good option for both clas-
sification of voiced/unvoiced frames and predicting the f0 in
voiced frames. The results were only marginally worse when
using only the current feature vector and the previous 50 ms of
data as opposed to a look-ahead of 50 ms, indicating the suit-
ability of the proposed methods for a real-time system. The
best classification score was 86 % and achieved by a DNN
with two hidden layers and 50 ms of context both before and
after the frame of interest. The lowest prediction error was
10.3 Hz and achieved using symmetric context of 50 ms and
KRR with a radial-basis function kernel.

A significant finding of this study was that even drastically
simpler techniques like KRR can achieve performance meet-
ing or exceeding the performance of a DNN, which needs
large amounts of data, demands computationally expensive
training and is notoriously difficult to optimize. Another
significant finding was the fact that not using a look-ahead
did not significantly decrease the performance of both un-
voiced/voiced/silence classification and f0 regression. This is
an important fact for the design of real-time articulation-to-
synthesis systems.

The results from the listening test suggest that the RMSE
is a valid error measure since the tested items were rated in
the same relative ranked order than their respective RMSE.
But even though listeners judged the predicted f0 contours as
acceptably natural, it remains to be investigated if pitch ac-
cents could also be learned from the supraglottal articulation
and then correctly synthesized. Similarly, more expressive
intonation should be analyzed, as the dataset underlying this
study only included read speech with neutral emotion.
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