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Abstract
This paper investigates the memory based regression for the task
of acoustic-to-articulatory inversion. In memory based regres-
sion, a local model is built for each test sample using the k nearest
neighbors, and an articulatory vector is estimated. In this paper
we investigates different regression models, from the basic Aver-
age estimate, to a polynomial estimate.

The paper also investigates the importance of optimizing the
number of nearest neighbors (k) on the error function. For this
purpose, we use a neural network to estimate the number of neigh-
bors used for regression. This method is used to estimate the ar-
ticulatory values, and their first two derivatives. The values and
their derivatives are then used on an utterance level to temporally
smooth and estimated articulatory parameters using the Trajectory
Likelihood Maximization method.

We apply this method on the MOCHA database, which consists
of 167000 acoustic-articulatory frames. These steps combined,
and using 15 fold cross validation on MOCHA, show that mem-
ory based regression with optimizing the number of neighbors,
followed by trajectory smoothing can decrease the Mean Square
Error beyond the state-of-the-art methods.
Index Terms: Acoustic-Articulatory Inversion, Visual Speech,
articulation, memory based learning, local regression

1 Introduction
Lazy learning methods defer processing of training data until a
query needs to be answered. This usually involves storing the
training data in memory, and finding relevant data in the database
to answer a particular query. This type of learning is also referred
to as memory-based learning. Relevance is often measured us-
ing a distance function, with nearby points having high relevance.
One form of lazy learning finds a set of nearest neighbors and se-
lects or votes on the predictions made by each of the stored points.

In most learning methods a single global model is used to fit
all of the training data. Since the query to be answered is known
during processing of training data, training query-specific local
models is possible in lazy learning. Local models attempt to fit the
training data only in a region around the location of the query (the
query point). Examples of types of local models include nearest
neighbor, weighted average, and locally weighted regression.

Since memory based regression, aims at solving a golbal com-
plicated function estimation task by building linear global models
for every test sample, this method is usualy advantages in cases
of noise, unbalanced class representation in the training data and
variable data density in different regions in the input space.

In memory based learning, parameter optimization plays a ma-

jor role in controling the accuracy of the system, such parameters
are k, the number of the nearest neighbors to be used in the re-
gression, and the local model specific parameters and weights.

In this paper, we study the application of memory based re-
gression to map acoustic input to articulatory parameters. This
application has been, and is, crucial to many tasks, such as artic-
ulatory speech synthesis, speech driven facial animation, and the
modeling of systems for speech recognition systems.

Speech acoustic parameters are highly temporal, where any
acoustic sample in time is highly affected by its context of what
speech has been pronounced and what is going to be pronunced.

In this study, we propose to use a global smoothing method
called Maximum Likelihood Trajectory (MLT). Where not only
the place of the articulatory parameters are estimated by the local
models, but their speed and acceleration. These estimations are
then optimized to minimize the global function of the absolute
place of the parameters and their derivatives.

The paper is organized as follows, Section 2 provides an
overview of the MOCHA database, which is used in this study.
Section 3 presents the four different local regression methods to
be tested. Section 4 presents studies on the effects of the number
of k-nearest neighbors and how to optimize it. In Section 5, we
explain the MLT smoothing method. Section 6 presents the exper-
iments and evaluation results on the MOCHA dataset. In Section
6 we discuss the different aspects of the paper, and in Section 7
we draw some conclusions and future work.

2 The MOCHA database
This study uses the simultanuously recorded Acoustic-EMA data
from the MOCHA database [1] consisting of 460 TIMIT sen-
tences spoken by two speakers (one male and one female).
The phonetic labels were converted to SAMPA codes from the
British English SpeechDat database, giving a total number of 44
phonemes including silence and breath. The acoustic features
were the first 14 MFCCs (including the 0th component) computed
at 10 ms frame rate.

Delta Mel Frequency Cepstral Coefficients (MFCC) were com-
puted using a Hamming window over 5 frames and added to the
acoustic features resulting in a total of 28 dimensions. The 14
articulatory channels consisted of the X- and Y-axis trajectories
of 7 EMA coils. These were low-pass filtered and downsampled
to 100 Hz, in order to correspond to the acoustic frame shift rate.
The delta features for the articulatory measurements were com-
puted just like it was done for the MFCC. The articulatory features
vectors were normalized to zero mean with a standard deviation
of one.

The data constituted to 167000 frames of acoustic-articulatory



Figure 1: An example of the function estimated using the different local regression methods. a) Average. b) Weighted Average. c) Second
order polynomial fit.

data, labeled with the 44 phonetic lables, including Silence and
Breath.

3 Local Regression Methods
The specific goal of this study is to test methods on estimating the
absolute value of the articulatory parameter (a dependent variable)
from the acoustic parameters (independent variable). Usualy this
is done by estimating the mapping function by building a model
from training data. In the case of local regression, this model is
built -online- for each new sample. This model is usualy simple,
in relation to a more complicated model needed to model all the
data at the same time. To estimate this model, only a set of the
training data, which is the most similar to this test sample, are
used. In [2], a detailed review is presented on the different mod-
els, and methods, used for local regression, and their features.

In this study, we will build local models using three regression
methods, varaying in complexity and requirements. This models
are presented in details in the following sections.

3.1 Average

Averaging is the simplest possible method to estimate a value us-
ing a set of examples. In averaging, the estimated value is the
average of the values of the k-nearest neighbors.

Figure 1a presents an example of the estimated contour of sam-
ple data with k=3. The advantage of this method is its simplicity,
while it treats all the neighbors with the same importance.

3.2 Weighted Average

In the weighted average method, the nearer neighbors are given
more importance than the farther neighbors using a weighting.
This weighting is a function of the distance of each neighbor from
the new sample.

A very common weighting scheme usualy used is what is
called a Normal Regression Kernel or a Gaussian Regression Ker-
nel, where it is assumed that the neighbors around the new sample
are normally distributed, and the sample constituts and mean of
its distribution. Hence, the Gaussian function is used to define a
weighting for each of the neighbors values.

The weighting is calculated according to the following equa-
tion:

Where d is the Ecludian distance for the neighbor i and sigma
is the width of the gaussian (the standard deviation) of the distri-
bution. sigma is usualy optimized using cross validation tests on
the available training data.

Figure 1b presents the estimated contour of sample data with
k=3 using weighted regression with a Gaussian kernel.

3.3 Polynomial Regression

Local models (often polynomials) have been used for over a cen-
tury to smooth regularly sampled time series and interpolate and
extrapolate from data arranged on rectangular grids. [3], [4] and
[5] suggested using a weighted regression on irregularly spaced
data to fit a local polynomial model at each point a function evalu-
ation was desired. All of the available data points were used. Each
data point was weighted by a function of its distance to the de-
sired point in the regression. Many authors have suggested fitting
a polynomial surface only to nearby points also using distance
weighted regression [6]. Polynomials require a large amount of
neighbors (training data), compared to the previous two methods,
to adequately fit a polynomial curve. Figure 1c presents the es-
timated contour of sample data with k=3 using using polynomial
fit of the second order.

4 Optimizing the k-Nearest Neighbors
One of the major parameters which need optimization is the num-
ber of nearest neighbors used for regression. 30000 datapoints
were randomly taken from the MOCHA dataset to test the effect
of k (the number of nearest neighbors) using the Weighted Aver-
age regression method described earlier. Figure 2 shows the effect
of incrasing k on the Mean Square Error (MSE) of the 30000 ar-
ticulatory points.

It is known commonly, that increasing k usualy yields to a
lower estimation error, but suffers from more expensive compu-
tational poiwer to deal with a big number of k. The number k,
though, still highly depends on the specific sample we need to es-
timate, since the training data might not always provide the same



Figure 2: Left:A plot of the sorted mean square error for the 30000 points with differing number of k (1..20), with lower mean square error
for increasing k. Right: The average mean square error over k.

Figure 3: Left: The MSE error over k when the test data is part of the training data. Right: The MSE error over k when the test data is not
part of the training data.

information to all data points in the articulatory space. To illus-
trate this in an example, 2000 test points were estimated using the
weighted averaging method, with 10000 training points, for a k
ranging from 1 to 20. This 2000 test points, where once taken
from the same training data (the 10000 points) for one test, and
from an external dataset for the other test. Figure 3 shows the
MSE error over k for the test points which had a matching point
in the training data, and for those which did not. We can see that,
actually, increasing k is sometimes disadvantages, since building
local models, still estimates a general model in a local space, and
hence this model is over-generalized for some test samples (those
which have very similar training samples). To test this, we calcu-
lated the error from the first test with the 30000 samples, with an
optimized k (from these 1 to 20) where the error was minimized,
we saw that the mean square error is significantly decreased when
k value is optimized compared to this of k=20, as shown in Fig-
ure 4.

Since optimizing k can increase the MSE error significantly, we
trained a neural network, consisting of 3 layers, with 50 hidden
neurons, to estimate k using acoustic input vectors. The neural
network was trained using back-propagation for 100 iterations,
with 20000 training samples, 5000 for validation, and 5000 for
testing. After training, the network was used to estimate k for the
test sample of 5000. Figure 5 shows the MSE error for the test
set using k=20, and k estimated using the trained neural network,
and k is optimized for the first 20 k-s. The figure shows that the

Figure 4: The difference in MSE between k=20, and when k is
optimized from the set of k=[1..20]

neural network, has resulted in a decreased MSE regression error
by estimating the number of nearest neighbors.

5 Maximum Likelihood Trajectory
Smoothing

In order to use a constraint on articulatory movements, we apply a
parameter generation algorithm based on ML using dynamic fea-
tures [7] to the GMM-based mapping. Hiroya et al. also use this
technique in the inversion mapping with the HMM-based speech
production model [8] where the smoothing idea is explained in



Figure 5: The difference in MSE between 1- k=20, 2- k is esti-
mated using a neural network NN, and 3- when k is optimized
from the set of k=[1..20]

Figure 6: MSE error for the three regression methods.

details.
The basic idea is to estimate a new parameter vector where the

dynamics of this vector are as similar as possible to the estimated
dynamics of the model. This is practically done by finding an
inverse of matrix representing the vector and its dynamics.

6 Evaluation and Results
15 cross validation studies have been carried out using 150000
frames from the MOCHA dataset. The first test is to evaluate the
three proposed regression models. Figure6 presents the MSE er-
ror over the three methods using k=20 nearest neighbors, showing
that the weighted average using a Gaussian kernel gives the lowest
error compared to the other two methods.

Using these results, the final cross validation test conducted is
the trajectory smoothing, using the neural network to estimate k,
and then using the weighted average regression technique. These
tests are done on a sentence level, where a full utterance articu-
latory parameters are estimated, along with their speed and ac-
celeration using the same neighbors. Figure 7 presents the pro-
cessing flow chart applied to estimate the articulatory parameters.
Figure 8 shows a sample of test data, with the correct articula-
tory trajectory, and the estimated one without smoothing, and the
smoothed one using Maximum Likelihood Trajectory smoothing.

Concerning technical details, the full algorithms were imple-
mented in Matlab, with speed optimized code. Nearest neighbors
regression is typically very ineffecient, if not optimized, due to the
need for sorting all the training data by their distance from each
new test sample. In these tests, no clustering or decision trees
were used which might compensate accuracy over speed, hence
the processing time, after optimizing the code, consumed about 3
days of processing for the 15 fold cross validation on the 150000

Figure 8: A plot of one of the articulatory parameters, showing the
correct trajectory in blue, the estimated one without smoothing in
red, and the final estimated trajectory in black.

dataset.

Table 1: The MSE on 15 fold cross valiadtion
Method MSE

k=2 no smoothing 0.73
k is optimized using NN, no smoothing 0.67
k is optimized and trajectories smoothed 0.63
the same but only on data without silence 0.61
GMM and trajectory smoothing, without silence 0.65

Table 1 presents the final cross validation results when using
k=20 (without smoothing), and when k is optimizedusing NN
(without smoothing), and when k is optimized using NN, and with
trajectory smoothing, and we compare this to the reported state of
the art on the same dataset, using Gaussian Mixture Models with
trajectory smoothing. We can see that our results, using memory
based regression, with optimizing the number of the neighbors
and the regression methods.

7 Discussion
The experiments in this paper investigate the possibility of us-
ing memory based regression and maximum likelihood trajectory
smoothing to estimate articulatory parameters directly from the
acoustics. The experiments show the importance of optimizing
the number of nearest neighbors to be used in the regression, the
local regression model to be used, and the need for a global ut-
terance based trajectory smoothing to take context into account.
Many other experiments will be usefull to be tried out, as in build-
ing an input vector from multiple frames, and hence taking into
account more context, this on one hand might enhance the re-
gression accuracy since context plays a big role in defining the
articulatory parameters, on the other hand, this step might make
the training data more sparse, and the computational processing
more demanding.

To compensate for the big computational consumption of
memory based learning, some parameter search and clustering
might be established to speed up the search for the neighbors us-



Figure 7: The overall flow chart of the system presenting the different steps.

ing discretization and quantization on the acoustic vector, never-
theless, this might hinder the estimation accuracy.

Regarding the input feature vector, in addition to taking more
context into account to represent the feature space, one can try to
add more acoustic parameters as the fundamental frequency and
the symbolic feature representing the phone represented in that
specific vector (if phonetic boundaries are obtained).

8 Conclusions
In this study, we tested the use of memory based regression for
the task of estimating the articulatory parameters from acoustic
frames. This studies used the MOCHA database, which is one of
the standard datasets used to evaluate tihs task.

In our experiments, we found that optimizing k can decrease
the MSE significantly, and hence we developed a neural network
to estimate the number of neighbors to be taken into building the
local model.

Three different regression methods were used, simple averag-
ing of the articulatory parameters of the neighbors, weighted aver-
aging using a Gaussian kernel, and second order polynomial fit. It
was found that the weighted average method provides the lowest
MSE compared to the other two methods.

After estimating a frame based parameters, an utterance based
parameter vector was smoothed using Maximum Likelihood Tra-
jectory smoothing method, which takes into account the dynamics
of the features into account. This smoothing prooved to lower the
MSE (0.61) to levels exceeding the state of the art method.
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