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1. introduction

When people produce repetitions of the same utterdhe resulting speech signals belonging to these
repetitions are usually very different. This is elisknown fact. Generally, the large amount of &aan
in the speech signals is not problematic for hufiséeners, but it certainly is for automatic speestog-
nizers.

Over the years researchers have proposed varitui®as to the problems of automatic speech recog-
nition. As a result, different types of speectogrizers have been developed. During the last @eitad
has appeared that speech recognizers based om hidgtkov models (HMMs) usually have a better per-
formance than other types of speech recogniz&eselg. rule-based speech recognizers. Probaklysthi
due to a combination of several factors. Two imguatrdifferences between rule-based and HMM-based
recognizers are (1) that the first use mainly aweteistic rules while the latter use a kind of stastic rules;
and (2) that in rule-based recognizers local dewssare often made (i.e. whether a segment is daice
not), while in HMM-based systems one overall prolisiic decision is made.

Apart from a good performance, HMMs have anotheaathge, namely that training and testing of
these recognizers can be done almost completedynatically. This is certainly a big advantage beeau
large amounts of data are needed to train the rausgrarameters in the HMMs. In general, doublirg th
training material gives a substantial improvemethich seems to suggest that the HMMs are undeeain
However, recently Kubala et al. (1994) have shdwanincreasing the training material from 12 td2drs
of speech only leads to a marginal improvemenhéngerformance of their recognizer. They concluded
that the HMMs (they used) were not able to takeddVantage of the additional training data. Thenef
it could well be that conventional HMMs are nowaleiag their maximum level of performance.

HMMs are models in which phonetic/phonological kiexge usually plays a limited role, at least in
the conventional type of HMMs. The fact that durthg last decade research on speech recognition has
been confined almost completely to conventional HdNas had the effect of widening the gap between
speech technology on the one hand, and phonetigshamology on the other. Clearly, this is notdesl
situation, because both fields could and shouletiginom each other.

Based on the considerations mentioned above, wdatkto test a new approach to speech recogni-
tion. Also in this new method one global probabidislecision is made, since this has proven touge s
cessful (as noted above). However, the HMMs useaalimapproach (which will be called simply new
HMMs here) are essentially different from convenéibHMMSs. A brief description of this new method is
given in the following section.

I will finish the present section by mentioning tha@als of our research. Our most important goél)is
to bridge the gap between speech technology antbibe/phonology mentioned above. We try to do this
by using a model (i.e. the new HMM) which probatdpresents speech production in a more realistc wa
than the conventional HMM, as will be describedhia next section. In this way we hope to achiewe tw
other goals, viz. (2) to obtain (statistical) kneddie about articulation from large amounts of 'reltu
speech’ (as opposed to 'lab speech’, on which kustviedge is based now); and (3) to improve speech
recognition.



The goals are deliberately presented in this ol#Eause we think that by using a more realistideho
and by incorporating articulatory knowledge in thisdel, recognition performance will increase ia th
long run. However, at the beginning there couldlokecrease in performance, because since thexssis |
experience with these new HMMs, they will not bdiasly tuned as conventional HMMs are.

2. the new method

In this section | would like to give a brief degtion of the method we intend to use. This new agpn
is based on the work of Deng and colleagues. A rimm®ugh description can be found in Deng & Erler
(1992) and Deng & Sun (1994). The method has bestad for (American) English. For that language it
gave good results. The English examples used keslewaken from Deng & Sun (1994). We intend to test
this method for Dutch.

The difference between the conventional and the HMMs is depicted in Figure 1. In conventional
HMMs a grapheme string is converted into a phonstmeg (or more generally, a string of speech Jinits
Based on this phoneme string, a
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1. The first thing to do is to define or seleceadf articulatory features. It is important to bavfea-
ture set which can describe both consonants andlgofome of these feature sets have been projposed
the literature, (see e.g. Browman & Goldstein, 1982ments, 1993; Deng & Sun, 1994). Although we
intend to compare different feature sets at a Ettege, we will start by using the same set as [Be8gn
(1994), which is motivated by the work of BrowmarG®ldstein (1992). This set consists of five multi-
valued features: lips, tongue tip, tongue bodyuweand glottis.

2. Each word in the lexicon has to be describedrms of 'stationary’ speech units. This can beedon
partly automatically by using available lexica ticanhtain grapheme and phoneme information, and by
using a grapheme-to-phoneme conversion tool. Forgi#can) English Deng and colleagues based their
choice on the 61 (quasi-)phonemic labels of thelTIdatabase. For Dutch we will have to find out wha
the optimal set of speech units is.

3. Alist has to be drawn up which contains theigalof the features for all speech units. The sailue
this list are the values of the features for coniestependent speech units, i.e. they can be thanfgis



the target values for the speech units. A valueod means that the feature is unmarked, i.eirtipmoduc-
ing a speech unit this specific feature is not intgodt (in other words, the same speech unit camdmuced
with different values of that feature, thus givimge to different phonetic realisations). A listtbfs kind
has to be made once for each feature set.

4. For each speech unitin context a feature-opg@ddtern has to be constructed and subsequeartky-tr
formed into a network. In Figure 2 a feature-ovegattern is shown for the English word /ten/. ¢aded
are the boundaries of the three segments and ivesvaf the features. It can be observed that s
feature values spread into their neighbours. Fsiairce, the tongue tip value of 1 spreads fronttirgo
the /e/, and the same value for /n/ also spreddstie /e/.

Next, the feature-overlap pattern has to be tranmsfd to a network. In Figure 3 an example is given
of a network for the /e/ in /ten/. In state A athetwork the value of the feature tongue tip(t).which
means that for this feature a value of 1 spreaus fts Left neighbour (in this case the /t/). TH&)Lvalue
for glottis indicates that for the feature glotiszalue of 2 spreads from the Left neighbour. Agaisly,
the value R(2) for velum in state G is caused leysppreading of value 2 from the Right context (tif}e
into the /e/. The result of this overlap would thatthe last part of the /e/ is nasalized. In Fédlithe spread-
ing from /t/ into /e/ of the tongue tip

value of 1 and glottis value of 2end ~ Speech  units t e n
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Rules could be used to control
the overlap of the features. Reliable_.
P . %lgure 2. Afeature-overlap pattern for the utterance /ten/.
knowledge can be used to derive
these rules. For instance, if it is
known that in a /t/-/e/ sequence the

spreading of the tongue tabways
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ends_ before the spreadlpg of the L(1) R(1)
glottis, state B could be discarded. 9 9
Or, alternatively, if it is known that 1 1
in the same sequence none of the L?1) / 1 \ 8 / 1 \ R(zl)
feature values ever spreads, state A, 9 9 9
B and C could all be omitted. One 1 0 1 0 R(2)
very general rule is that the feature L(2) \ 0 / 1 \ 0 / 1
value zero (meaning unmarked) can A 9 D 9 G
never spread into a neighbour, 1 R(2)
while on the other hand it is very ClL@) FlL 1

likely that values of the context
overlap the value zero (as depicted
in Figure 2). Figure3. A state-transition network for the phoneme/e/ in the ut-
terance /ten/.



5. The next step is the construc-
tion of networks for complete ut-
terances. These networks are BIL
simply the concatenation of the net-
works for the individual context-

dependent speech units, as is the |_(1)/
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6. Finally, the models have to be 1 R%Z)
trained and tested. As in conven- L(2)
tional HMMs, this is done in a A
Bayesian framework. In fact, the al-

gorithms for training and testing are CL
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used for conventional HMMs (see
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Before | go on to the next sec-
tion, in which the conventional and
new HMMs are compared, | would
like to address another important
aspect of the new HMMs, namely L
data sharing. In Figure 4 the net-
works are shown for the /e/ in /pen/
and /den/, respectively. A com-
parison of the networks for /ten/,
/pen/ and /den/ reveals that many of =
the states in these networks are
similar. Only the states A of /ten/,
and A and B of /pen/ occur once in
this example, while the states D, EFjgure4. State-transition networksfor the phonemes/e/in theut-

F and G are the same in the 3 caseterances/pen/ and /den/, respectively.

The consequence is that in this way

data sharing is possible. The data sharing obtam#ds way is based on an articulatory framewa,
data are shared across states in which the atbcylgestures are expected to be similar. Clethdychoice
of the feature set is important in this respect.
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3. discussion

In the introduction | already mentioned some of didwantages and disadvantages of conventional
HMMSs. The pros and cons of the method proposehisratticle are presented here. A disadvantageeof t
new HMMs is that training is not completely autoimaln the previous section | already mentioned tha
some of the work is (partly) manual: the featurli@s have to be defined for all speech units (qraoe)
part of the database has to be labelled for bepiging of the training procedure (also once). Altjio
part of this work will be manual, we will try to ke a large part of it (semi-)automatic.

The new HMMs also have a number of important achgeg. First of all, with the new HMMs data can
be shared between states of different speech Gigsamount of data sharing that can be achieviédsn
way is generally larger than with conventional HMM=ad it is based on articulation. Another advaatag
is that context dependencies are modelled expliaitin articulatory framework, and that knowled@peut



e.g. co-articulation can be incorporated direatlyhie model. In general, articulatory knowledge ban
used to define rules which can constrain the coostn of the feature-overlap pattern. Although
knowledge is used in constructing the model, atanfigl part of the model remains stochastic. Atso
these HMMs, as in the conventional HMMs, one glgiyababilistic decision is made. This is a clear ad
vantage compared to rule-based recognizers in whiohg local decisions often lead to catastrophic e
rors. In fact, these new HMMs should be situatedewhat between the conventional rule-based systems
that are almost completely deterministic, and theventional HMMs which are mainly stochastic. Final
ly, these new HMMs can be used to obtain (stasiftimowledge about articulation for large amouwfts
speech. This can be done in the following mannierAraining with a large amount of utterancestaiv

bi decoding can be used to find the optimal sequenstates for each utterance. From these opsieal
guences one can infer in which cases and how aft&ulatory features spread, the amount of overlap
the timing between the different articulatory featj and also other things.

To sum up, the new HMMs make it possible to comlingestatistical insights gained in research with
conventional HMMs, with the knowledge accumulatedso many years of research in phonetics and
phonology. We are convinced that this approachoigiwtrying and expect that in the long run it viéhd
to better performance in speech recognition. Fumibee, it will also enlarge our understanding cfesgh
production.
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