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ABSTRACT

Acoustic-to-articulatory inversion is usually done in abmgct-
dependent manner, i.e., the inversion procedure may nd¢ wel
if the parallel acoustic and articulatory training data & avail-
able from the subjects in the test set.
a subject-independent acoustic-to-articulatory inegrgprocedure;
the proposed scheme requires acoustic-articulatory itigaidata

shri @i pi . usc. edu

on the principle of representing an acoustic feature witpeet to
a generic acoustic space, obtained using speech data framla p
of talkers. Thus when a test subject’s acoustic data is gieen
inversion, it is matched with the training subject’s acaudata with
respect to the generic acoustic space. This enables us ainobt

In this paper, we S®pOnq articulatory feature trajectory using the articulgtm-acoustic

mapping learned from the data of the exemplary trainingesibijlt
should be noted that the range and values of the estimatied-art

only from one subject and uses a generic acoustic model t0 peLiory trajectory correspond to the training subject antithe test

form acoustic-to-articulatory inversion for any arbigrdest subject.
Experimental results on the MOCHA database show that thiestib
independent inversion procedure can achieve an inversiomacy

close to the accuracy of the subject-dependent procedpeziadly

for the lip aperture, tongue tip and tongue body articujatmajecto-

ries. We also investigate various articulatory featurearalyze the
effectiveness of the proposed inversion procedure.

Index Terms— acoustic-to-articulatory inversion, electromag-

netic articulography, tract variables, generalized simoess crite-
rion

1. INTRODUCTION

Estimation of representations in the articulatory spacenfrepre-
sentations in the acoustic space is known as acoustiditadatory
inversion. There are various representations or modeltablafor
both spaces. The characteristics of the mapping betwemulart
tory space and acoustic space depend on the chosen reptiEsent
There have been different approaches for acoustic-totdatory
inversion proposed in the literature such as dynamic prograg
(DP) [1], mixture density model [2], neural network mode], [§en-
eralized smoothness criterion (GSC) [4] etc. All these apphes
use training data (i.e., parallel articulatory and acaustipresen-
tations) from a subject to learn the mapping between aaoastil
articulatory spaces and then perform inversion on the @mjse
acoustic data of the subject. The realizations of the amnasid
articulatory spaces and, hence, their mapping vary acusigeds
due to the variability in the vocal tract configurations. Tefere,
existing approaches for inversion may not work well if suffit
amount of the parallel acoustic and articulatory data froetarget
test subjects are not available during training.

Acoustic-to-articulatory inversion is potentially uskfor deriv-
ing articulatory features for supporting speech or speaéeogni-
tion [5], where only the acoustic speech signal is availal8ance
direct articulatory evidence may be scarce (limited amewfitdata
available for a small number of talkers), in such cases, ficieft
acoustic-to-articulatory inversion procedure needs taédeeloped
which is robust to the lack of sufficient or no training data.

In this work, we propose an acoustic-to-articulatory igien
technique which requires acoustic-articulatory trainghegga from
only one subject and can be used to perform inversion on dmer ot
subject’s acoustic signal. The proposed inversion tecknigorks
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subject. The estimated articulatory trajectories can @ pneted as
the articulatory movement expected when the training stiltjees
to mimic the utterance spoken by the test subject. It is Hygot
sized that, for a given utterance, the reference articojldtajectory
(corresponding to test subject) and the estimated traje¢torre-
sponding to the training subject) will have similar shaped, ahus,
correlation between these trajectories can be used to meedse
accuracy of inversion. We investigate the efficacy of theppsed
inversion using experimentally obtained articulatoryadatVe find
that the accuracy of the estimated articulatory trajectsing the
proposed approach is close to the accuracy obtained by atingxi
inversion technique where the parallel articulatory ansliatic data
from the test subject is available to perform inversion.

2. DATASET AND PRE-PROCESSING

For the analysis and experiments of this paper, we use theddaih-
nel Articulatory (MOCHA) database [6] that contains acausind
corresponding articulatory ElectroMagnetic Articuloging (EMA)
data from one male and one female talker of British Englishe T
articulatory position data have high frequency noise tegpifrom
EMA measurement error. Also the mean position of the awdicus
changes from utterance to utterance; hence, the positiannéeds
pre-processing before it can be used for analysis. Foligwie pre-
processing steps outlined in [4], we obtain parallel adowstd ar-
ticulatory data at a frame rate of 100 observations per sedofithe
460 utterances available from each speaker, data from 3&&ntes
(80%) are used for training, 37 utterances (8%) as the dernedat
set (dev set), and the remaining 55 utterances (12%) assheetefor
the subject-dependent inversion procedure. For the peajmsbject-
independent inversion, one subject’s data is used foritrgiand the
other subject’s test utterances are used during testing.

3. ACOUSTIC AND ARTICULATORY FEATURES

Following the analysis of mutual information-based aciousiature
selection in [4], we chose the 14 dimensional mel frequerpstal
coefficients (MFCCs) including the zero-th coefficient (qurted us-

ing 20 msec frame length and 10 msec frame shift) to be the fea-
tures representing the acoustic space. The articulatatyries are
computed from the samples of the articulatory trajectcaieslable

in EMA data. We use 14 dimensional raw EMA features (i.e., X
and Y co-ordinates of upper lip (UL), lower lip (LL), lowerdisor

(LI), tongue tip (TT), tongue body (TB), tongue dorsum (T@hd
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Fig. 1. Anillustrative diagram showing the direct EMA position fea-
tures and the derived tract variable (TV) features.

velum (V)). In addition, we use tract variable (TV) featuresti-
vated by articulatory phonology [7, 8], which conceptuadizpeech
as being produced as an ensemble of articulatory gestuetui@s
are defined as the dynamical control regimes for constricidions
in eight different constriction tract variables consigtiof five con-
striction degree variables, lip aperture (LA), tongue b¢@BCD),
tongue tip(TTCD), velum (VEL), glottis (GLO), and three cbric-
tion location variables, lip protrusion (PRO), tongue tipTCL),
tongue body (TBCL). TV features represent articulatorystoo-
tions and do not depend on the absolute position of the tatams;
hence, TV features are expected to be less variable acrbgctu

as opposed to the raw EMA features which depend on the absol

sensor positions. Fig. 1 illustrates the EMA and TV featuneshe
midsagittal plane. The considered TV features are computée
following way:

ulx + Il x

LA = |uly — lly], PRO=

JAW-OPEN = |bny — li_y| (bnis aref. sensor)
TTCD = |asttx +thttt-); + cul
Vag + b
TBCD — |aptb_x +thbtb_2y + cuw
Vag, + by,
VEL = [vX vy]Ve

att, ber, @ndey; are the parameters of the line{z + by y+cer =
0) representing the palate near TT region and similasly, b+, and
cp are for TB region. Since palate data were not availablegthiess
are manually fixed for each subject to represent the paMteis a
2x 1 unit norm eigenvector corresponding to the highest emjeev

of the correlation matrix of the random vector fxv v_y ]T. [~]T is
the transpose operator. Note that the computed TV featueesc
identical to the tract variables as defined in articulatdmgnmlogy;

rather LA, PRO, JAWOPEN, TTCD, TBCD, VEL are some repre-

sentative features inspired by the tract variable concept.

4. PROPOSED SUBJECT-INDEPENDENT INVERSION

space. We will show that this additional knowledge abougteric
acoustic space will play a crucial role in estimating thécatatory
features from the acoustics of any arbitrary test subject.

Let the test acoustic feature sequence be denoted, byl <
n < N (n denotes the frame index). Let the time sequence of an
articulatory feature that we need to estimate framy 1 < n < N
be denoted by:[n], 1 < n < N. Since the articulatory feature
trajectory is smooth, in general, the best estimate of aoudatory
feature sequence is obtained using a smoothness criteyimi@vs
[4]:

{z*[n];1 < n < N} = arg {I;l[iLI]l}J(x[l], -+, z[N])

A . 2
= arg min {Z (win)* +C > (aln] —n)) pln} , @
n n l
where J denotes the cost function to be minimized agjet] =
fo:l z[k]h[n — k], whereh[n] is the articulatory feature-specific
high-pass filter (FIR or 1IR){n};1 < ! < L} is the set ofL pos-
sible values of the articulatory feature at bln@ frame. p!, denotes
the probability thaty, is the value of the articulatory position at the
nth frame given thaiu, is the test acoustic feature?, andp!, are
obtained usind (zi, z;)}, {c,; }, andu,. L can be, in general, equal
toT. C is the trade-off parameter between the first term (smooghnes
constraint) and the second term (data proximityyin

A closed form solution oft*[n] can be computed onck[n],

%In, andyp!, are determined [4]. Also, it was shown in [4] that the

solution can be obtained recursively over time without asslin
performance.h[n] and its cut-off frequency are designed here fol-
lowing [4]. Finally, the articulator-specific cut-off freg@ncy and the
trade-off variableC' are optimized for the training subject on a de-
velopment set (30% of the entire parallel acoustic and w@gtiory
data of the training subject) so that the mean squared evtSE]
between the actual articulator trajectories and the egtithanes is
minimized.

The basic principle of determining,, andpl,, 1 < I < Lin
[4] was to choose articulatory features from the trainintads that
the corresponding acoustic features in the training daalkase to
the test acoustic feature in an Euclidean sense. Since shard
train acoustic features were considered for the same subjesh an
acoustic proximity-based approach was appropriate fostiigect-
dependent acoustic-to-articulatory inversion. Howeiretthe pro-
posed subject-independent inversion framework, the tdgest is
different from the training subject and their acoustic gsaare dif-
ferent in general. Hence, a Euclidean distance meastife;, u,)
may not be a reliable metric of acoustic proximity due torisebject
acoustic variability. Hence, we need to transform the attofeature
vectors to another space where the closeness measure béaiwee
points d (®(z;), ®(u,)) is robust to such inter-subject variability,
where®(-) is the transformation function from the acoustic feature
space to the new space adiés an appropriate measure of closeness
between two points in the new space. Also, computing theuoiist
betweenu,, andz;, 1 < ¢ < T at each frame is computationally ex-
pensive becausg (the number of parallel acoustic and articulatory

Based on the generalized smoothness criterion (GSC) for tfigatures of the training subject) is in the order of 1GFor exam-

acoustic-to-articulatory inversion introduced in [4], wlevelop a
formulation to estimate the articulatory feature vectogusmce
for a given acoustic feature vector sequence corresponiding
test speech utterance.

ple, when a 14-dimensional MFCC vector with zero-th coedfitis
considered as acoustic feature &bx 10°, the computation of the
distances between,, andz;, 1 < ¢ < T at each framer() requires

However, unlike GSC, in our proposdd? multiplications and277" additions (and takes-0.4 second in

subject-independent inversion, we assume access to aigendf/ATLAB software on a desktop computer). Therefore, a coraput
acoustic space generated by the speech signal featuresteden tionally efficient closeness measure is desirable. Belovpregose
by {c;;1 < j < R}) obtained from various subjects (the TIMIT & transformation functio® and a new closeness measdré the
corpus [9] is chosen for this purpose) in addition to the felra range space ob(.).

acoustic and articulatory feature§(4:,z;);1 < i < T}) from an
exemplary training subject. Note that the acoustic datenftbe
test subject for inversion need not be there in this genedustic

Let A be the acoustic space representedchy 1 < j < R.
We perform a K-means clustering witti number of clusters; letl;

denote the:!" cluster. Note thaJ;_, Ax = A. The density of the



data points in each cluster is modeled usinfyfamixture Gaussian for testing and evaluation; we refer to this as inversionegsué-2
mixture model (GMM), i.e., (1S-2). We refer to the proposed inversion procedure asrsime
M scheme-3 (1S-3). For consistency across three inversioemses, we
p(v|Ap) = p(v|v € A) = Z Wi N (v; uh Efn) , k=1,..., K have used12% ofthe ava.ilable utlterances (Sectipn 2) fradiject
1 as testset. Note that IS-1 is a subject-dependent invessteeme and
hence, it is expected that the best inversion accuracy witiliiained
wherev is the acoustic feature vectqu’, and =¥, are the mean with IS-1, among the three inversion schemes considered.

vector and the covariance matrix of thet! component of GMM We use Pearson’s correlation coefficieptas a measure of ac-
in the kN cluster respectively. 5, and 3*, are estimated using curacy between the estimated and reference articulai@gctories.

the expectation maximization algorithm [1Q}:,, is the weight for The estlmat(_ad artlculator_y _trajectqry Yalue_s will corms to the
heth shape and size of the training subject’s articulators aadcé, will
them

component. Given an acoustic feature veatord(v) 2 not be similar to the test subject’s articulators, in geheFaus, we
< [p(v|A1) - vp(v|AK)]T, whereZ = S | p(v|Ay), anormal- have not used root mean square (RMS) as a measure sinceripwill
ization constant. Thug(v) is a K dimensional vector representing reflect the accuracy of inversion. Since the training antisiglsjects
the probabilities of to get generated from each of theclusters in  are not identical, it is important to choose appropriateuies and
the acoustic spateWe usedk'=32 for our experiment (we also tried the evaluation metric to analyze the quality of inversiomnges of
K=50, 64, but no significant performance benefit was obtained) the raw EMA feature values for the same articulator may Hermdift
To determinenl,, one approach could be measuring proximitybetween subjects, but the shape of the articulator trajestare ex-
between®(u,) and®(z;), 1 < i < T using a distance metric, pected to be similar when two subjects utter the same utterahis
say, Euclidean distance. Since this can be prohibitive digrge7’,  Similarity will be more apparent for the TV features. For exde,
we propose a closeness measure based on highest valuedteilemeif the acoustic signal has a stop consonant /t/, tongue fipgaiup
the ®(v) vector. Note thatb(z;), 1 < i < T can be computed a- to form the constriction against palate and will come downthe
priori. Let B, = {z;|r = argmaxy p(zi|Ax)}, 1 <r < K. Also release. Thus, it is expected that both the reference anmdatstl
let 77 = maxy %7 Vz; € Br, 1 <r < K. Givenu,, (rajectories of tty Wll! have a pefik corresponding to /t/ (S|m.|larly,
k PRI TTCD trajectories will have a dip). However, the actual épry
®(u,) can be computed and suppose thit element in®(u,,) i values may not be identical since the reference and estintede
the largest among all elements, ix.,= arg max, p(un|Ax). Then  jectory values corresponds to the test subject and traisimgect
we assume that, is acoustically closer t§z;|z; € B, } compared respectively. Thus, the quality of inversion can be meabsbrethe
to{z|z: ¢ By, }, i.e., when the probability of generating two acous-similarity or correlation between the reference and thieneted tra-
tic features by the same cluster is higher compared to ofluer ¢ jectories. Hence, the higher thethe better is the inversion quality.
ters in the acoustic space, those two feature vectors anenasisto Below we report the accuracy of inversion using IS-1, I1S##] a
be acoustically close. This reduces the search space otthesa |S-3 separately for the cases when the EMA features and the TV

tic features. We comput& = % —mtl, Vz; € B,,. features are used as the representations of the artiquigiace.

d;, Vz; € B, are sorted in an ascending order. Note thais
the absolute difference of two scaler values and hence,npuo@- 5.1. EMA features
tionally faster compared to computing the norm of two vextdret

z;, 1 < i < L be the acoustic features corresponding to theltop | d | biect's testset tvel hen E :
sorteds;. The articulatory features correspondingzfo 1 < i < L male and female SUbjects testsel, respectively, when es

are used ag',. p, are computed using the Euclidean distance b2 © u;ed to represent the articulatory space. It is. cleatSHhyields
Sn: Pn P . 9 , 1 the highestp for all EMA features due to its subject-dependent na-
tween®(u,) and®(z;), 1 <:i < L,i.e.,p), =

ﬁ- where,  ture of inversion. p for 1S-3 is greater than that for 1S-2 for most
A; = ||®(u,) — ®(z)||. Note that the Euclidean distanca  Of the EMA features indicating the effectiveness of the pegal in-

is computed only foi acoustic features and in practice, we choos¥€rsion procedure. Lower for IS-2 is expected since we se_le;ﬁ;

L << T (L=200 in our experiment). Therefore, the computation ofased on closeness between the acoustic features of thelbjeots

n'. andp!, and, hence, the acoustic-to-articulatory mapping can haﬁ-nd acoustic spaces of two subjects are, in general, diffe&nce, _
pen in real time. For example, when 14-dimensional MFCCarect for IS-S,qﬁL are chosen based on the closeness between the acoustic
is considered as acoustic feature debx 10°, the computation of features in a transformed probability space, 1S-3 is mobeisbto

nl, andpl, at each frame requires, on an average, ghly additions inter-subject acoustic variations compared to IS-2.
(and takes-0.01 second in MATLAB software on a computer).

Fig. 2(a) and (b) show averagedusing 1S-1, 1S-2, and IS-3 on the

5.2. TV features

5. EXPERIMENTAL RESULTS TV features capture various constriction events duringespepro-

) ] duction. Thus, the TV features, to a certain extent, miégater-

Note that there are only two subjects in the MOCHA corpus. Wegypject vocal tract shape and articulatory configuratidfeminces.
run the proposed inversion procedure to estimate artmyldeature  pepending on the way we compute various TV features (Section
trajectories of each subject in the corpus using the othlejestls  3) ‘some of them such as PRO, VEL may suffer from greater-inter

data for training (i.e{z;, z:}). For comparison, we have consideredshject variability than LA, TTCD, and TBCD. This becomesasl

two different types of inversion procedure - 1) the subfigpendent  from Fig. 3, which illustrates a set of randomly selected ®tfire

inversion using GSC; this is identical to the one reported4l  trajectories from the Female subject's testset and théimates us-

which is referred here as inversion scheme-1 (IS-1), 2) tigest-  jng |S-1 and 1S-3. For clarity, estimates using 1S-2 are hats.

independent inversion using GSC as in [4] except that thei@ |t is evident from Fig. 3 that IS-1 yields more accurate tjdes

data is obtained from one subject and the other subjectsisiaised  since it is subject-dependent inversion. It is also cleamfthe fig-

ure that the computed TTCD, TBCD, and LA measures are invaria

LAny quantity other tham(v|.Ay) can also be considered, e.g., the pos- . . . .
terior probabilitiesp(A|v). However, in this paper, we have performed all across subjects and hence the estimates of these feafecidres

experiments using(v|.A; ). We do not get any significant improvement in using I1S-3 are close to the reference trajectories alth@stimated

recognition performance for the chosen corpus by usind;, |v) as against and reference trajectories corresponds to two differebfests. In
p(v]Ag). contrast, the values of the estimated trajectories of VERQPand
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Fig. 2. Bar diagram of the megmobtained using IS-1, IS-2, and 1S-3 for various EMA featugegarately over all male and female subjects’
test utterances. Errorbar indicates standard deviatibpsoross respective test utterances.

THEY ASSUVE NO BURGLAR VW LL EVER ENTER HERE Stns LI GHTBLLES D THELR CASH 6. CONCLUSIONS
X

1

L co M It is important to note that the proposed subject-indepeniteer-
S 20 sion scheme that uses a transformed acoustic represergatforms
better than 1S-2 but worse than IS-1 (subject-dependesetrsion).

It should also be noted that the proposed scheme is moreeeffici

— e SR k I O TTEATRE S0 TR oo computationally than IS-1 and 1S-2-40 times faster). Thus, the
o T ’ B ol proposed inversion procedure (I1S-3) is attractive wheitwdetory
features need to be estimated in a subject-independenbfiaisha
4 Zaoop Y, X real-time scenario for speech or speaker recognition. filmate the
M NS TASAT(C) oo - S 9 trajectories for each articulator independently; howgtre correla-
tions among different articulator trajectories are welbwn. Thus,

the accuracy of the proposed inversion scheme can be further
proved by exploiting inter-articulator correlation. Hiyasubject-
independent inversion provides us the opportunity to ifigate the
similarity between the acoustic-articulatory map acraggexts. If
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Qrginal Traectory - ---e- Eetimated Trajectory T g gy et test subjects, then their acoustic-articulatory map mighsimilar

to that of the training subject. These considerations areqgfaur

Fig. 3. lllustrative examples of the estimates of the TV featuagetr-
future works.

tories using 1S-1 and IS-3. These trajectories are randeilycted
from the female subject’s testset.
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