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initial representation is good enough. Our codebook was generated from a set of 146 
different VT-parameter combinations. For VT-parameter combinations, see Fig. 1, and 
the resulting formant representation, see Fig. 2. 

Figure I .  3-dplot of the three VT-parameters of the model. Ac, the size of the constriction. Xc 
the position of the constriction in cm from the teefh, lo/Ao the lip-parameter. The plot shows 
the possible parameter combinations with constraints inferred 

By varying one or two shape parameters of the VT-model (Fant 1993) it is possible 
to extend the range of validity. We have accordingly varied the length of the larynx 
tube and the length of pharynx, controlled by XI .  This provides the possibility of 
creating a number of codebooks based on the same VT-parameters, &, X, and lo/Ao, 
operating in different contexts of shape parameters. We will here use two different 
codebooks, one with default settings of shape parameters and one with shape 
parameters adjusted for a female shaped VT-area configuration. 

Figure 2. The Fl-F2 and F2-F3 regions of the training material. 
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The distance measure 
.The difference between a target set of formant frequencies Fit, F2t, F3t and a set of 
model or codebook generated formant frequencies F1,, F2,, F3, is expressed by a 
distance measure: 

2 0.5 D = [ D ~ ~  + D: + D3 ] 
where: 

(1) 

D, = Bark(Fnt) - Bark(F,,) n =  l ,2 ,  3 

The frequency to Bark conversion is approximated by: 

The perceptual significance of the distance measure D can be argued, but observed 
values can be quantitatively related to minimal distances between adjacent phonemes 
in the Swedish vowel system which are of the order of D = 2 BARK. 

A distance measure D~ has been used in the evaluation of the results from codebook 
table lookups, neural network inversion and the final optimisation. 

The neural network, design and training 
The neural network is intended as an alternative to the codebook table lookup and is 
accordingly designed to work as an fast lookup, trained on the same acoustic-to- 
articulatory parameter material as the codebook consists of, but with no minimisation 
procedure. 

The complete acoustic-to-articulatory parameter material is randomly divided into 
five successive parts. The training material consists of 415 and the test material of the 
remaining 115 of the corpus. The five parts are shifted around, and the training and test 
procedures are repeated. Ths  ensures the best evaluation of both the training and test- 
data material. The neural network is trained with the backpropagation method 
(Rumelhart DE & McClelland JL, 1986). The standard sigmoid nonlinearity is used. 
We use different input representations of the speech signal (3-1 1 input nodes), 28 
nodes in the hidden layer and 15-17 nodes in the output layer. The input nodes are 
scaled to lie in the range of 0 to 1. 

The output nodes represents quantification steps of the different VT-parameters of 
the model used. That means that only one out of five nodes at the time is chosen to 
represent the parameter-value in each data frame (Fig. 3). Output nodes are defined to 
be 0.1 for off mode and 0.9 for on mode. 

The procedure of shifting the training and test material around is done to evaluate 
the network design, number of nodes, training-parameter values and to find out the 
proper degree of training of the neural network (for details, see Bivegird & Hogberg, 
1993). The evaluation test should be done on data material independent of the training- 
data material, however similar in design. Thus, the finally used neural network is 
trained on the complete acoustic-to-articulatory material of the codebook. 
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Figure 3. Different representations of the training material. CB is the codebook 
representation with Fl-F3 mapped to underlying parameters A ,  X, IdAo. ANN is the 
neural-network representation with scaled F1-F3 input and output with 15 nodes where 
only 3 nodes dejined as "on", represents the quantljiedparameters; all the others is 
defined as "off'. 

The optimisation procedure 
The algorithm we have adopted is based on a perturbation analysis of the differential 
contribution of each VT-model parameters to each formant F1, F2 and F3, see Eq. 3. 

This method was developed by Lin & Fant (1989), based on the theory of 
differential contribution similar to Atal et a1 (1978). One important difference 
compared to Atal et a1 is that the we use the same number of dependent and 
independent variables, which is a requirement, but not a guarantee, for a unique 
solution. 

where PI, P2 and P3 is the VT-parameters of the model. 

The optimisation procedure could briefly be described as follows: Given a first start 
assumption of the VT-parameters from the codebook or the neural network, the 
difference in formant frequencies, between the target and start assumption AF,, is 
noted. The model parameters are perturbated with small amount one by one, and the 
sensitivity fictions, 6Fn/6Pn, are computed and inserted in Eq. 3 together with the AF, 
values. The solution of AP, provides an updated VT-configuration. The corresponding 
formant frequencies of the updated VT-configuration is then compared with the target 
formant frequencies. If the errors are below threshold values for each formant, the 
iteration is stopped, otherwise the procedure of computing new sensitivity functions is 
restarted in search of better solutions. 

Two improvements have been added to the optirnisation procedure. We have put 
constraints to the valid VT-parameter combinations of the model, similar to the 
constraints used when the codebook material was generated. If a VT-parameter 
combination is out of bounds, the unvalid parameter is set to a value withm the limits 
+I- a random fraction. 

After a fixed number of subsequent iterations a new evaluation is performed. The 
history of VT-parameter combinations and their respective formant-frequency patterns 
are examined and the best match will be selected. If it happens to be the latest VT- 
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parameter combination, the optimisation procedure will continue, otherwise the 
selected VT-parameters will be modified by random fractions to select a near-lying 
starting point before the optimisation procedure restarts. 

One important issue here is the accepted error threshold of each formant AF, which 
may be selected from a combination of acoustic and perceptual criteria. 

We have chosen to define our convergence criteria so as to allow a maximum error 
of AF1 = 10 Hz and maximum error of AF2 = 2% and AFg = 2%. 

The test material 
The test material is chosen to evaluate the capacity of the three-parameter model both 
in terms of accepting a wide range of formant patterns and the possibility of finding 
reasonable VT-area configurations. 

Test materials: 
(1) Formant data derived from the original area-functions of Swedish 

vowels. 
(2) Formant data of 273 front vowels extracted from read newspaper 

material. Male speaker. 
(3) Traced formant frames of the sentence "Ja-Adjo". One male and 

one female speaker 
(4) Measured formant data from ten Swedish vowels 

(Fant et al, 1969). 

The three-parameter model (Fant, 1993; Fant & BAvegiird, 1995) in this application 
is based on Swedish vowels produced by a male speaker. Both the codebook and the 
ANN-system are based on data extracted from this model. 

By using the original area-functions of Swedish vowels, with formant frequencies 
computed in accordance with the conditions of the training material, it is possible to 
see how well the VT-model captures the underlying area description. 

On the other hand, the most interesting part is to evaluate the VT-model's capability 
of reproducing natural speech sequences. For this purpose, we have two different 
materials. One is the formant data of 273 front vowels of a Swedish male speaker, 
extracted from the readings of newspaper material. Formant frequencies were 
measured in the mid-section of each vowel. The other material is the sentence "Ja- 
Adjo", [)a:-a)@:] in Swedish spoken by two subjects, one male and one female 
speaker. Here we have traced the formants frame by frame throughout the whole 
utterance. 

Finally, the tabulated formant values of Swedish standard vowels (Fant et al, 1969) 
is used for studying the ability of the model to reproduce phonetic reference data. 

Results 
The performance of the neural network inversion of test material 1 reveals an average 
distance D~ = 0.320. One interesting observation is that the neural network has a very 
good capacity of finding a proper VT lip-parameter. In 10 of 11 vowels, the lip 
parameter ldAo, is within 90% of the original data. 
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The derived area-functions correspond closely to the original data (material 1). 
Closed vowels provided a better fit than open vowels. 

The inversion of vowel data fiom newspaper reading (material 2) processed with the 
codebook table lookup gave D2 = 0.329, with a distribution of Dl2 = 0.137 in Fl, D: = 

0.063 in F2 and D: = 0129 in F3. The same material processed by neural network 
inversion gave D2 = 0.591. D~~ = 0.300, D2' = 0.172, D: = 0119. 

The processing of the sentence "Ja Adjo" spoken by the male subject is illustrated in 
Fig. 4. The first stage involves a codebook matching to formant patterns within each of 
25 frames of the utterance. Formant frequencies are B A R K - S C ~ ~ ~ ~  and the distance 
measure D of Eq. 1 is calculated for all codebook entries. The minimal distance choice 
gave an average D2 of 0.384, with Dl2 = 0.076, D~~ = 0.072 and D,' = 0.236, i.e. a 
better match in F1 and F2 than in F3. 

The second stage of the inversion involving an optimisation, Eq. 3, reduced the 
overall DZ to 0.189, with average Dl2 = 0.022, D: = 0.043 and D,' = 0.124. In 2 of the 
25 frames the optimisation failed to provide better values than in the codebook lookup. 

The three control parameters show dynamics variations which are reasonable and 
display a fair degree of continuity. Of principal interest is the transition from the Ij] to 
the [a] with an abrupt shift in X, where A, passes through a high value typical of a 
vowel [ae]. Such a transition was also noted in a similar inversion performed by Lin 
(1990). T h s  would be the expected consequence of a combined jaw opening and 
tongue lowering and not a gesture with the tongue hump sliding along the X, 
dimension. The transition starts with a discontinuous dip in X,  which does not appear 
realistic. A closer analysis shows that a forced continuity would have had a very minor 
effect on the formant pattern, of the order of 10 Hz in F1 and 1% in FZ and F3. The 
same argument applies to the dips in the ldAo parameter in the final syllable of the 
utterance, which do not have articulatory significance and have rather small effects on 
the formant pattern. 

Results from inversion of the female version of the sentence are shown in Fig. 5. 
Two different codebooks were employed, one identical to the male reference and the 
other with a 15% reduction of the pharynx length to suit the specific subject. The latter 
"female" codebook gave a fair fit to F1 and F2 values while the F3 match could be 
improved. With the male codebook results are similar but there is a reduction of the F1 
dynamic range and a disturbing ripple in F3. The average D2 was 0.48 with the female 
codebook and 0.55 with the male codebook which reflects a certain robustness in 
codebook dependency. However, this particular female subject departed less than 
average from male data. 

For the Swedish vowels, test material 4, we obtained similar results. The average 
distance measure with codebook lookup only, D2 = 0.173, was reduced to D2 = 0.05 1 
after the optimisation, which gave improvements in 9 of 11 vowels. With the neural 
network instead of the codebook, a distance measure of D2 = 0.39 was noted before 
and D~ = 0.15 after optimisation. The results of the inversion are shown in Fig. 6. 
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Figure 4. Tracing of the formants of the sentence '7a Aao", A: Orignal formants (solid 
line), codebook table lookup (dashed) and after optimisation (dotted). B: Distance measure 
@ , codebook table lookup (dashed line) and after optimisation (dotted), and C: The 
resulting VTparameters, codebook table lookup (dashed line) and after optimisation (dotted). 
The points in figure A and B pertain to the formant patterns where solutions are found in the 
optimisation procedure. 
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Figure 5. Tracings of formants with different codebooks of the female utterance 'Ya A@" 
(solid line). A: Performance of the 'ffemale configured" codebook (dashed line). B: 
Performance of the "male" codebook (dashed line). 

Discussion 
The present work has been concerned with inversion techniques for deriving VT-area 
function parameters from a set of formant frequencies. The underlying VT-model 
(Fant & Bivegird, 1995) is a revised version of that of Fant (1992, 1993). Results 
from the present inversion study have also been used for evaluation of the modeling in 
Fant & Bivegird (1995) which also provides a perturbation analysis. 

The inversion is performed in two steps, a primary selection by codebook lookup or 
a neural-net processing, followed by an optirnisation through complex interpolation in 
the codebook domain. We have evaluated the system on codebook data, vowels 
sampled from text reading, continuous male and female short utterances, and a 
standard set of Swedish vowels. 

The codebook contains 146 sets of the three basic control parameters z, &, ldAo 
and corresponding formant patterns F1, F2 and F3 constrained to a domain of 
articulatory-acoustic relevance with bounds set by the rich Swedish vowel system 
allowing for extreme values. 
It is well known (Boe et al, 1992) that the non-uniqueness of the inverse transform can 
be partially counteracted by such constraints. In practice we need to accept 
approximate solutions, the accuracy of which we have quantified in terms of a 
vectorial distance measure between the target formant pattern and the closest model 
generated pattern expressed as a vector in the ~ ~ M - d o r n a i n  and its components in the 
F1, F2 and F3 dimensions. 
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Figure 6. Formant tracings of the Swedish vowels, test material 4. A: measured original data 
(solid line), codebook table lookup (dashed), and after optimisation (dotted). B: The distance 
measure d with codebook (dashed line) and afrer the optimisation procedure (dotted line). 
C: i%e resulting VT-model parameters, codebook lookup (dashed line) and after the 
optimisation (dotted). 
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The typical outcome of our inversion experiments is a vectorial distance measure of 
the order 0.5 BARK which is about one quarter of the average minimal distance between 
adjacent Swedish vowel prototypes. The accuracy in F1 and F2 is generally better than 
F3 

The inversion performs well for formant patterns generated by our standard male 
model. The major problem for inversion of human speech is the difference between a 
model and the human vocal tract. Representative solutions may not be found unless the 
secondary parameters of the model can be adjusted closely to the speaker. Future work 
should accordingly be directed to studies of how the secondary parameters can be 
adjusted for a specific subject. We have promising results from adjusting the pharynx 
length of the model to suit a female subject. An interesting extension would be to 
expand Eq. 3 to include F4 and one additional VT-parameter. 

The codebook lookup guarantees a fair match of formant patterns which is further 
improved by the optirnisation, but what about the underlying VT-parameters and the 
demand for articulatory realism and continuity? Our results from the voiced sentence 
are on the whole promising and provide some indirect insight in the gestural sequence, 
including a representative frnal schwa /a/. Compensatory articulatory patterns has not 
been a problem. In our future work we will further exploit the continuity constraints. 
Also, we need to extend and revise the codebook as well as the optimisation 
procedure. 

The neural network is an interesting alternative to the codebook lookup. It is well 
known that three- or four-layer neural networks have the ability to approximate any 
arbitrary nonlinear function. Shirai & Kobayashi (1 99 l), among others, have revealed 
the possibilities of estimating articulatory parameters by neural networks. The 
performance is often less accurate, thus the method is robust and fast. In our tests, the 
neural network inversion gave larger distance measure, D~, than the codebook lookup. 
There are two possible explanations. There is no minimisation involved in the neural 
network inversion, which means that in the ideal case of perfect mapping with the 
neural network, this application produces results similar to the codebook table lookup. 
Also there are no constraints to the output of neural network, which means that it 
might generate VT-parameter combinations that were sorted out as forbidden in the 
codebook and training material. However, the strength of a neural network application 
is its ability to make generalisations within the training data material while our 
intention is to select one VT-parameter combination out of a fixed number of possible 
combinations. 
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