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Abstract
This paper presents an Acoustic-to-Articulatory inversion
method based on local regression. Two types of local regres-
sion, a non-parametric and a local linear regression have been
applied on a corpus containing simultaneous recordings of po-
sitions of articulators and the corresponding acoustics. Amax-
imum likelihood trajectory smoothing using the estimated dy-
namics of the articulators is also applied on the regressionesti-
mates. The average root mean square error in estimating artic-
ulatory positions, given the acoustics, is 1.56 mm for the non-
parametric regression and 1.52 mm for the local linear regres-
sion. The local linear regression is found to perform signif-
icantly better than regression using Gaussian Mixture Models
using the same acoustic and articulatory features.
Index Terms: Acoustic-to-Articulatory Inversion, Local Re-
gression, K-Nearest Neighbours

1. Introduction
Acoustic-to-Articulatory (A-to-A) inversion has been of special
interest to researchers in speech production, due to the theoret-
ical benefits of establishing the relationship between acoustics
and articulation. Some of the possible applications include low
bit-rate speech coding, driving oro-facial avatars by the acoustic
signal, better articulatory models of speech production and the
possibility of improving speech recognition.

Inversion by synthesis has been the most important
Acoustic-to-articulatory inversion method. Inversion isper-
formed by first using an articulatory synthesizer (e.g. [1])to
create a code-book of different allowed articulator positions and
their corresponding acoustics [2]. The inversion is then per-
formed by looking up the input sound in the code-book. The
biggest disadvantage of this method, is that the inversion is re-
stricted by the quality of the voice source in the synthesizer
which in most cases is not realistic.

Recently, collection of large databases with simultaneous
recordings of acoustic and articulatory data, using X-ray mi-
crobeam or Electromagnetic Articulography (EMA) has been
possible. By using this data to perform statistical regression, the
study of acoustic-to-articulatory mapping has thus been made
more realistic. Different types of machine learning algorithms
have been employed for regression, e.g., Linear Regression[3],
Gaussian Mixture Model Regression [4], Artificial Neural Net-
work Regression [5] and HMM regression [6]. Toutios and
Margaritis [7] have reviewed the various methods in detail.

Most methods described above are model based methods
where it is assumed that the mapping between acoustics and
articulatory positions is a single global function. The function is
known to be highly non-linear and probably non-unique too [8].
Therefore, model based methods try to include these properties
in their model parameters (e.g., mixture density neural networks
[9]). Other studies have shown that the important parts of an
articulator trajectory are often extrema and are thereforeoutliers
in the data [10].

Memory based methods, on the other hand, do not make
any assumptions about the mapping function at a global level.
Based on the neighborhood of a specific test sample (in this case

acoustic features) a local model is created to perform a ‘local re-
gression’. Using this model, the corresponding articulatory fea-
tures of the particular test sample are predicted. There aresev-
eral advantages of local regression [11] especially for outliers
and sparse data. McGowan and Berger [12] have shown that it is
possible to perform an acoustic-to-articulatory inversion based
on locally weighted regression often called Locally Weighted
Scatter plot Smoothing (lowess). They restricted their study to
vowels and showed interesting relationships between the artic-
ulatory and acoustic features (formants). This paper triesto ex-
tend their work to other types of articulations and acousticfea-
tures while comparing it with one of the state-of-the-art model
based regressions, namely Gaussian Mixture Model Regression
(GMMR). We also try to unravel the effects of using dynamic
articulatory features resulting in temporal smoothing that allows
better estimation of the articulation from the acoustic data.

2. Method
The local neighborhood of a test sample are the points in the
training data which have the minimum Euclidian distance to
the test sample. The local neighborhood may contain only one
neighbor or several. This paper discusses two methods of local
regression modeling, non-parametric and locally linear (para-
metric).

2.1. Non-parametric Regression

Consider the acoustic spaceY ∈ ℜD consisting of individual
pointsyn(n : 1 ≤ n ≤ N) which map onto the articulatory
spaceX ∈ ℜδ consisting ofxn(n : 1 ≤ n ≤ N) and they are
related to each other by the following equation

xn = f
n(yn) (1)

The immediate neighborhood of every sample is considered a
perturbation of the sample itself. For a test sample, given the
acoustic featuresyt the estimate of the articulatory parameters
bxt is calculated from its local neighborhood ofK nearest neigh-
borsY t = {yt
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wherext

k = fk(yt

k) is as observed in the data andωk is the
weighting given to each neighbor. Many weighting functions
have been suggested in the literature (e.g. Gaussian kernels or
inverse distance), in this work we considered the inverse dis-
tance weighting whereωk is inversely proportional to the dis-
tance betweenyt andyt

k and
P

K

k=1
ωk = 1. The advantage of

inverse distance is that it does not require any parameter opti-
mization. Note thatxt

k are not necessarily the immediate neigh-
bors of the true test samplext but are the corresponding artic-
ulatory measurements of the neighbors of the test sample. The
estimatebxt is said to minimize the mean square error between
the true value and function of the neighborhood. So we call it
the Minimum Mean Square Error (MMSE) estimate.



2.2. Local Linear Regression

Here, the function defining the relationship between the acous-
tic features and the articulatory features is considered asa linear
function in the local neighborhood. So Equation 2, used to cal-
culate the MMSE estimatebxt is replaced by

bxt = yt ∗ β
t + γ

t (3)

Hereβt andγt are the parameters of the linear regression and
they are estimated from the local neighborhood as the least
square’s solution to Equation 3. IfY t = Y t −

P
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the mean subtracted neighborhood in the acoustic space, then
the solution is
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whereΩ is a diagonal matrix consisting of the inverse distance
weightings,ωk, for each neighbor.

2.3. Maximum Likelihood Trajectory Estimate

The estimatesbxt do not make use of the information available
in the form of continuity in a trajectory, i.e. dynamic features
of the articulators. TheK neighbors are likely to be not only
the adjacent frames in one utterance, but also similar sound-
ing frames in many other utterances. However, estimated po-
sitions of the articulators do not guarantee that the temporal
relation between these articulators (trajectories) are similar to
those in the data. In order to provide this information, we use a
Maximum Likelihood Trajectory Estimate (MLTE)[13]. In this
method, the articulatory parameters are augmented by adding
the estimated velocity, acceleration or further delta components
of each test data sample, which provide information about how
the shape of the trajectory is expected to be. This is done by
multiplying xt by a matrixW 2∗d×d

t which would give the aug-
mented matrixext = [xt dxt]

T . dxn is the first difference or
delta ofxn. Equation 6 shows an example where only the veloc-
ity component is added for an utterance consisting ofτ frames.
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which can be written asfXτ = Wτ ∗ Xτ whereXτ is the artic-
ulatory parameters of the utterance. Knowing the matrixWτ ,
which is a block diagonal matrix ofWt : {1 ≤ t ≤ τ} and the

MMSE estimate of the augmented articulatory parameters
cfXτ ,

we can find the weighted least-squares solution to the following
equation

cfXτ = Wτ ∗ cXτ (7)

The weights are inversely proportional to the standard devia-
tion of the neighbors giving more importance to neighborhoods

which are densely populated. IffSK
t is the inverse of the stan-

dard deviation of theK nearest neighborsfXt for frame t,

thenSK
τ is a diagonal matrix made from vector[fSK

1
. . . fSK

τ ].

Then the estimated trajectorycXτ , which is the minimum least-
squares solution to Equation 7 is given by
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The MLTE is expected to be a smoothed version of the MMSE
because it also models the dynamics of the trajectory.

3. Data
The inversion experiments were conducted using the simultane-
ously recorded Acoustic-EMA data from the MOCHA database
[14] consisting of 460 TIMIT sentences spoken by one female
speaker. The sentences had a total number of 45 phonemes in-
cluding silence. The 14 articulatory channels consisted ofthe
X- and Y-axis trajectories of 7 EMA coils placed on the Lower
Jaw (LJ), Upper Lip (UL), Lower Lip (LL), Tongue Tip (TT),
Tongue Body (TB), Tongue Dorsum (TD) and Velum (VE). The
trajectories were processed to remove the drift as described in
[9]. The EMA data was low-pass filtered and down-sampled to
100 Hz, in order to correspond to the acoustic frame shift rate.
18 Mel Frequency Cepstral Coefficients coefficients (including
the0th) were calculated, and 11 adjacent acoustic frames each
of duration 25 ms (at a frame rate of 100 Hz) were considered.
The features were reduced using Principal Component Analy-
sis (PCA) such that all components that contributed to less than
3% of the variation were removed. We then had 49 acoustic
features which contained information from 125 ms of the sig-
nal. The delta features (e.g., velocity and acceleration) for the
articulatory measurements were also computed for the MLTE
estimation. The articulatory trajectory vectors of the training
data were normalized to zero mean with a Standard Deviation
(SD) of 1. A ten-fold cross-validation was performed where
314 sentences per fold were used for training and 46 sentences
were used for testing the method’s performance.

The baseline system using GMMR [15] was also imple-
mented using the same features. However, the MLTE from
the GMMR was calculated only with velocity coefficients. The
number of Gaussians that were used were 64 as recommended
by Todaet. al. [15].

The articulatory estimates were finally filtered using the
cut-off frequencies suggested in [15] in order to smooth thetra-
jectories and achieve a better performance.

4. Experiments and Results
The MMSE estimate has only one parameter to optimize,
namelyK, the number of neighbors considered. The MLTE
has a second parameter,ND, the number of delta coef-
ficients (dynamics information). We estimated the Root
Mean Square Error (RMSE) over the utterance trajecto-
ries of each articulator and then the mean across all the
δ number of articulators ismRMSE. We optimized the
mRMSE over the ten-fold cross-validation for the values
of K = 1, 2 . . . 20, 50, 100, 200, 500, 700, 1000 andND =
1, 2, 3, 4, 5. The second standard evaluation criterion we
adopted was the Correlation Coefficient (CCd) between the
measured and the estimated trajectory for every articulator d.
The mean Correlation CoefficientmCC is calculated by aver-
aging over all articulatory trajectories.

The effect of K on the performance of the local non-
parametric and local linear regression is illustrated in Figure
1. The optimumK for non-parametric regression is 20 and for
local linear regression is 1000. For values ofK between 10 and
60, the local regression estimates show very high error, because
most of the estimates forβt were ill-conditioned matrices, mak-
ing the linear regression very unstable. Figure 2 shows the com-
parison between the MMSE estimates of the two local regres-
sion methods with optimizedK against the MMSE estimate
using GMMR with 64 Gaussians. The non-parametric method
performs slightly better than the local regression, although the
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Figure 1: Graph illustrating the effect ofK on themRMSE
over the MMSE estimates for the two local regression methods.
The minimum for non-parametric regression is forK = 20 and
for local linear regression isK = 1000
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Figure 2: Comparative performance between the two local re-
gression methods against GMMR when no dynamics are con-
sidered (MMSE estimate) over 10 fold cross-validation. Top:
mean RMS error (mRMSE)(mm), the lower the better. Bot-
tom: mean Correlation Coefficient (mCC), the higher the bet-
ter. All the results are for the optimum configurations of the
respective methods.

error is not significantly reduced. While the improvement of
the local regressions over GMMR is not significant in terms of
themRMSE, the improvement for both the methods is statis-
tically significant (p<0.01) with respect tomCC.

Figure 3 illustrates the effect ofK andND on the perfor-
mance of the two methods of local regression for the MLTE.
The optimum parameters areK = 500 and ND = 2 for
local linear regression andK = 4 and ND = 1 for non-
parametric local regression. The optimumKs are different from
the MMSE case. The parameterND does not affect the per-
formance as much asK. Information about the dynamics for
ND > 2 does not improve the performance. In this case, there
is a significant improvement of local linear regression overlo-
cal non-parametric regression indicating that trajectoryestimate
using dynamics has a greater effect on local linear regression
than on local non-parametric regression. One reason could be
because the non-parametric method, which involves finding the
mean over the local neighborhood, already performs a smooth-
ing on the estimated trajectories. The smoothing effect pro-
vided by the dynamic features does not add to the performance.
Figure 4 shows the comparison between the MLTEs using the
two local regressions and GMMR withND = 1, in order to
make a fair comparison. While the improvement of the non-
parametric local regression over GMMR is not significant, the
improvement for local linear regression is statistically signifi-
cant (p<0.1) formRMSE and formCC (p<0.05).
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Figure 3: Graph illustrating the effect ofK and ND on the
mRMSE over the MLTEs for the two local regression meth-
ods. Top: Non-parametric local regression. Bottom: Local Lin-
ear Regression

Figure 5 shows the estimated and measured trajectories of
one of the articulatory parameters (tongue tip) for one utter-
ance. It is clear that the although the MLTEs are smoother than
the MMSE estimates, they are not better at every frame. The
MMSE estimates sometimes model the extreme positions bet-
ter than than the MLTEs.

It is interesting to see that while local linear regression per-
formed significantly better than local non-parametric regression
when dynamic information was available, there was a vast dif-
ference in the size of the neighborhood that was required to
give the optimal results. While local linear regression required
a much larger neighborhood (K > 200) to provide reliable lin-
ear approximation, the non-parametric regression required only
a small neighborhood of 4 neighbors. This indicates the differ-
ences in approaches of these methods. Another reason could
be the sensitivity of the linear regression to noise, thus requir-
ing sufficient number of neighbors to estimate the parameters
robustly. The non-parametric regression, on the other hand, uti-
lizes the averaging function to perform smoothing over noisy
data.

Richmond [5] has illustrated the effect of adding dynamic
information from the acoustics in the form of 11 consecutive
acoustic frames and information about dynamics in the articu-
latory space in the form of delta coefficients (forND > 1).
The results presented in this paper reiterate how importantthe
information about dynamics in the articulatory trajectoryis. Us-
ing the information from a single acoustic neighbor along with
articulatory dynamics, MLTE performs almost as well as mod-
eling the entire acoustic-articulatory space using a GMM dis-
tribution. Thus it can be said that when information about the
articulatory neighbors (or their estimates) in the particular tra-
jectory is present, the information about the neighbors in the
acoustic space can be restricted to a small neighborhood.

The main drawback of this method is that it is much slower
than other global model based methods (for example local
regression is around 100 times slower than GMMR for this
database). However, it may be noted that the local regression
methods do not have any training time which is quite large for
the methods like GMMR. Local regression may be preferred
when accuracy of regression is the more important performance
parameter and is used for off-line applications.
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Figure 4: Comparative performance between the two local re-
gression methods against GMMR whenND = 1 (MLTEs) and
optimizedK over 10 fold cross-validation. Top: mean RMS er-
ror (mRMSE)(mm), the lower the better Bottom: mean Cor-
relation Coefficient (mCC), the higher the better
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Figure 5: Figure showing the measured and estimated tongue tip
(TT) trajectories along the up-down axis for the sentence ‘Jane
may earn more money by working hard’. Each of the estimates
is using the optimum set of parameters.

5. Conclusion and Future Work
A system for performing acoustic-to-articulatory inversion us-
ing local regression has been described and experiments have
been conducted on acoustic-EMA data. Two methods of local
regression have been discussed. The local non-parametric re-
gression has an optimum performance of 1.56 mmmRMSE
(0.64 of the standard deviation of the data) and anmCC of 0.76
and the local linear regression has an optimum performance of
1.52 mmmRMSE (0.63 of the standard deviation of the data)
and anmCC of 0.78. The effect of trajectory smoothing using
dynamic features has a higher effect on local linear regression
as compared to local non-parametric regression.

Even though the results presented in this paper show a per-
formance better than GMMR for the same set of features, the
method does not perform favorably against other methods re-
ported in the literature on the same data. Richmond [5] reported
anmRMSE of 1.4 mm using trajectory multiple density neu-
ral networks and Todaet. al. [15] reported anmRMSE of
1.45 mm using GMMR with dynamic features. However, the
training and testing samples for these two studies is not known
and the results fall within the variation observed for locallinear
regression with MLTE.

Future work is targeted towards trying to apply this method
of regression to other speakers and databases. An importantas-
pect to study is the relative importance of the dynamic articula-

tory features against acoustic neighborhood. This study gives an
indication that dynamic features for articulation are rather im-
portant for the inversion, but it is not clear how important they
are. Finding an algorithm which could improve the time taken
for inversion is another important direction for future work. The
largest amount of time taken by local regression methods is to
find the nearest neighbors of a test sample. Several methods like
pruning, convex clustering and hierarchical trees [11] provide
improved performance in searching for the neighbors. Finally,
it would be interesting to see whether this method of regression
can help improve speech recognition by providing articulatory
knowledge.
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