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1. INTRODUCTION

Although hidden Markov model (HMM) based systems have dominated speech recognition research for
the past decade [l], there is a growing awareness oftheir limitations in the full context of acoustic
speech pattern modelling. Of these limitations, the most fiequently cited are temporal independence
and piecewise slafionarity. Consider an acoustic speech pattern y comprising a sequce of acoustic
feature vectors y=y,.y,,.r.,y1. The temporal indqmndenoe asstunption states that there is no direct
statistical deperdmcy between each feature vector y, and the carer vectors in the sequence. Since the
feature vectors are typically sampled every lOms, and their function is to capture perceptually relevant
information about the speech signal, the temporal independmce assurription is clearly inappropriate.
The piecewise stationarity assumption states that the underlying structure of the sequence y is piecewise
carstant as a function oftime, with instantaneous transitions betweer the constant sections. Again this
is quite inappropriate because speech is produced by a continuously moving physical system (the vocal
tract) and the structure of speech patterns reflects this.

Segmental HMMs were introduced in an anernptto overcome these limitations by identifying the states
ofthe underlying Markov process with sequarces of feature vectors, rather than with individual feature
vectors. By treating sequences offeature vmrs as a homogeneous tmit, it is possible to model speech
panem dynamics and to accommodate inter—vector correlation, A number of diffean types of
segmmtal HMM have been studied, and an overview is presented in [2]. An example ofa segnartal
HMM is the probabilistic trajectory model [3] in which the Rates of the underlying Markov process are
associated with continuous paths, or trajectories, in the feature vector space. These trajectories model
feature vector evolution throughout a particular segmert of speedt, and an observed sequence of feature
vectors is then treated as a random fimction ofthat trajeaory.

One shortcoming ofthis typo ofsegmental HMM is that the trajectory is defined in the acoustic feature
vector space Y, whose elcmmts will typically represent spectra or cepstrn. These are chosen because
they provide a good represertation of the salient ‘instantaneous’ properties of the speech signal.
However, in general they provide a very poor twresentation of speech pattern dynamics, because
althoughmovementisseatesdrangeswnhmafiequencybanditsrclationshipwiththemotion ofthe
major attiwlators is typically across fiequency bands It can also he argued that by representing the
trajectory in the acoustic feature vector space one is sirriply providing an evar more complex model of
surface detail and fill not addressing the mechanisms which give rise to that detail [5]. An obvious
solution is to replace the spectrum-based representation with an articulatory, formant, or other type of
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produaion-hased representation. However the detenninatim of this type of representation is a non-
trivial pattern processing problem in its own right. Feature extraction errors at this level will be
irrecoverahle and their efl’ects will be propagated into the speech recogiition process. In other words,
this approadi is cmtraryto the principle ofdelayed decisicn making.

These argummts suggest an extension to the segmental HMM framework in which trajeaories are
defined in some intenn/ndiatc space .9, which is suitable for modelling speech pattern dynamics and
where proper mmints can be applied, and the: mapped into the acoustic vector space Y. The
resulting model could be refened to as a multiple-level segmental HMM. In addition, the use of such a
model as a generator is an example of model-based speech synthesis and from this perspective it can
legitimately be considered as a unified model for speech pattern processing. The desirability of such a
unified model and its potential significance has already been noted [6], (5].

The notion of sucha rrrultiple-level, unifying model raises a number of fimdamental issues. These
include the choice of an appropriate intermediate representation. the chamaerisation of dynamics and
statics within that represanation, the mappings which determine the relan'onship between the ,
intermediate represartetion and the state-level and surface-level representations, and the role of
assumptions of randomness in these relationships. The purpose of this paper is to propose a
mathematical framework for describing such a model, so that the above issues can be properly
understood, and to consider how existing developments can be expressed in terms of this framework.
Such a fiamework will also help to understand die relationship with convmtional models and to identify
particularly simple multiple-level models which might be most amenable to mathematical analysis.

2. CONVENTIONAL EMMS

Recallthat an N—stateHMMMis a statistical model defined by:

I An underlying N-state Markov model, specified by an NxN state transition probability matrix A_end
an initial state pmbabilityvector I]; such that ifa. datotesthe ith state ofM, then

up = Prob(a;, at time 1| (7.» at time 1-1), and I; = Prob(a; attime !=1).

TheWA and vector Irspecify the sequmtiel and durational structure ofM.

For each state 0,, a probability density function (pdt) I); defined at the space of acoustic theatre
vectors Y, such that 510) = Prab{y. = o 1 x, = (7,). Here, y = yl,....,yr is a sequence ofacoustic
feature vectors and x =x1, ,x1- is a state sequaice of lmgth T. For simplicity, suppose that bi is
Gaussian with mean in and covariance matrix v,.

2.1 Relationship baween the gate space 2 and surface represaitation Y
From the above definition, M is a two-level model comprising a finite, sub~phonetic, statelevel
represmtation space 2' = {711.7N}, and a surface acousn'c feamre vector space Y. The pdfs b. define
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mappings in both directions between these two representations Define 97:): —+ DrY) by Wot) = b; (the
notation D(S) is used to denote the set of pde over an arbitrary set S). Equivalently, if the “synthesis”
mapping (ail—a Yis defined by 11170,) = fluthen one can think oftpas defined by We!)= ip'(o;) +w,,

where w dotes zero mean Gaussian noise with covariance v,, The "classification" mapping 7] —»
0(2) is defined by mt)=(b;(v), ,bNM), the symbol Da) deleting the set ot‘pdfs defined on £1 These
mappings are illustrated in figure 1(3)

3. MULTIPLE-LEVEL HMMS

From the perspective of speech pattern processing, the purpose of a multiple-level HMM is to _
accommodate intermediate representations of speech in between the statelevel and surface-acoustic level

representations. For simplicity this discussion will be restricted to models which include a single
intermediate level 9 buween Sand 1’, as depimad in figure 10)). From the discussion in section 1, the

elements of 3 should be thought of as vectors of articulatory, formant or other production-related
parameters. This section is concerned with the definition oftlte relationships between these levels.

3.1 Relau'onship berw the state space )2 and intermediate representation 3
In ahidden model, ad: state a.- willoorrespondm a sub-set of3. Hencethe statespaoe )Jis relatedto

theintennediatelevel Bbyassociatingeach atwithapdfbidefinedm 3,justaswithacurvurrional
PM. For consistency with the previous seaion. the notation qxz‘ —) D(3) and r3 —»D().7 will be
used to denote the mappings between the state and intermediate levels in the in the multiple-level case,
According tothese definitions, the first level ofa multiple-level HMM is just a conventional HMM.

3.2 Relationship between the intermediate represmtation .9 and the surface representation Y
The relationship between ‘9 and Y is more corrrplex If I9 is finite, then in principle each ofits elements
can be associatedwith an elemeitofl’or a pdfdeflned on Y. However, ingeneral Swill notbefinite
and it will be necessary to define a mapping 173.9 —) Yor 17:.9 —»D{Y). lf 3 is an articulatory or
fon'nam feature space, that 17' conesponds to articulatory or formant synthesis respectively and is
typically many-to—cne. As usual, ambiguity and variability in the acoustic realisation of an element : of
.9 can be accommodated by adding a random component, so that the probabilistic mapping becomes 71(1)
4 7,71) + w, where w dmotes mo mean Gaussian noise whose covariance p, is a fimetian of r.
Equivalently, 71(1) is a Gaussian distribution over Y with mean q’(t) and covariance matrix [2,.

The ‘inverse’ mapping from Y to .9 corresponds to the derivation of articulatory, formant or other
production-based parameters fi'cm acoustic data and is typically complex and me—to-many [7], [8].
Indeed, if this were not the case theurthere would be no need for the type of framework which is
currently being considered. If Y can be thought of as finite, for example as a result of vector

quantisation. that the mapping can be defined explicitly by listing the element. (or elemarts) of .9 which

correspond to each element on. This is the basis ofthe approach to formant analysis described in [7],
However, in general Y will not be finite and as in the case ofa convartional HMM, it is necessary to
think in terms of a more gmeral mapping §.'Y a D(.9), where 0(59 iterates a set ofpdfs defined on .9.
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This is a gaieralisatim, for example, of the derivation of multiple hypotheses in formant analysis [7].
The mapping 5 will be complex and non-linear. For example, such mappings have been defined using
polynomial regressirm [9] and adaptive network techniques [8], [10]. Note that n and i may need to be
difiemtiable for the parameter optimisation problem to be soluble by calculus based methods.

3.3 Probability calculation in a multiple-level HMM
For any acousic feature vector ye Y and state 0'6 Z the most basic HMM computations require the
evaluation of the probability P(y|a). For any element [6 3, the joint probability P(y, Ila) is given by
P(y,1|a) = P(yll.ajl’(z|a). According to the assumptions of the previous paragraphs, Pfrlo) and
P(y|i,¢r) arise from Gaussian pdi's with means 417(0) and 71(1) and covariance matrices y and p,
respem'vely, and hence can be computed. In reality the ‘correct’ value of r is not known and so I must
be integrated out to obtain the required probability:

P<y|::)=JP<y,xIa)=jP(yIr)P(zIa)
3.4 Summary
A simple framework for incorporating an intermediate representation into a conventional HMM has
been proposed. The motivation is to provide a formalism where mechanisms which give rise to complex
surface variability can be modelled. The model shares the of a conventional HMM with
respect to modelling speech dynamics and its main interest is as an tefibed for development ofthe
necessary mathematical tools. In order to model queech dynamics in the intermediate representatim it is
necessary to extend the notion ofa multiple-level model to a segmental HMM fiamework.

4. MULTIPLE-LEVEL SEGMENTAL HMMS

The states of a segmental HMM ([2, 3]) are associated with sequarces of acoustic fieamre vectors,
rather than with individual feamre vectors as in a conventional HMM. This is motivated by the belief
that by modelling such sequences as units it will be possible to capture and exploit speedt segment
dynamics. Formally an N-state segmental muM comprises an N-state Markov model, plus:

0 For each state a}. there exists a probability dsity function (pd!) b. defined on the space of
sequences efacoustic future vectors from Y, such that Ify :yb .,yy is sudi a sequmce, then [My]
is the probability ofy give: the state 0.. The pdfb. is a probabilistic segrnt model.

A number of alternative types of soy-nan model have beat proposed [2]. The cur-ran. development
focuses on the ‘probebilistic trajectory' model [2] for two reasons, namely that the use ofan underlying
trajectory provides an explicit model of dynamics, and that the probabilistic trajectory formalism
appears to be particularly suitable for a multiple-level framework
A trajectory of length N in the space .9 is a functirm 1:{1,2,...,N} —» .9, where {l,2,...,N} denotes the
ordered set of integers 1 to N. Intuitively r is derived from a continuous mapping of the interval [0,1]
into .9. Since speech segmans exhibit temporal variability. any segment- model must accommodate
wriations in trajectory length. In some approaches (9.3. [11]) this is achieved by ‘time—wnrping' a
segment model of fixed duration. However, a more natural approach is to include a statistical model of
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variation in duration directly in the model. This approach is described in [3] and is assumed in the
analysis which follows. However, for notational simplicity the issue of trajectory length is ignored in the
discussions which follows. With this in mind, let 17.9) denote the set of trajectories of lgth N in .9.

Returning to the arguments from the introduction, 'mtuitively, the goal of a multiple-level probabilistic-
trajectory segmerrtal HMM is to associate states of the underlying Markov model with subsequences of
veaors in the acoustic feature vector space Y via ‘concirruous‘ najetmries in the intermediate
representation .9. The motivation is that by introducing an intermediate lewl 3 whidt is particularly
suitable for modelling speech dynamics, one can explicitly characterise some of the medianisms which
give rise to surface variability and lessen the reliance on the assumption that this variability is random,

4.] Relationship between the state space 2 and the intermediate space 9
The first stepistodefinethe relationship betweenthestare space Xandthe intermediate representatimr
3. This is achieved by identifying eadr state c'szith a pdfb,defined on the set 17.9) ofn-ajetxories in
8. Notethat, since the set cftrajectories oflaigth I in .9 is identical with .9, this is consistentwith 3.2.
By analogy with 3.2, this mapping will be denoted by qr! —»D(IT.9)) and rim) dDIE is defined by
7(1) = (b,.(r),... ,bm(t)). In the case where 17.9) is a parametric set oftrajeaories, the pdfb, my be
defined on the parameter space. For example, in [4] a pdf over a set of linear trajectories is defined by
assuming that the trajectory parameters, the slope and mid-point value, are nomrally distributed.

4.2 Relationship between the intermediate representation .9 and the surface rwresentation 1’
At the surface level, a segment-based framework is concerned with evaluating the probabilities of
sequences of elements of Y rather than individual elements. Thus, if 7" denotes the sa of sequences of
largth Nin 1’, then the mapping ofinterest are between 17.9) and DO”).

There are at least two approaches to defining the mapping 0:173) —»D(}‘v). One is to attempt to map
elemarts of [{8} dime irmo DOW), while another is to derive this mapping from simpler relationships
betwem individual elemerts of .9 and individual elemaits ofD(Y). The first approach would appear to
applth cmmaints to sequences in Y at a cost of increased mhamatical complexity. However, if
the rmderlying mapping frva to Y is continuous, th continuity restrictions on the shape of the
trajectory will translate into constraints in Y In other words, ifthe mapping 17”:.9 —) D00 is
oarm'nuqus the! the mapping Writs) —» D0”) defined by n'fr)=m"rrfl)).m117%”). will map
trajectory continuity constraints into the surface representation. Home this simpler approach is adopted
here. As in seizion 3.2, 7]" can be interpreted as articulatory or ibrmant synthesis, depending on the
nature of .9, and variability in the acoustic realisan'on of an element 1 of ‘9 can be accommodated by
addinga random componalt. Thus 0:173) —»D(P") is characterised by 97:1 —» q'(r) + w., where w,
denotes zero-mean Gaussian noise with covariance dependent on L

The ‘inverse’ mapping from Y" to D(173)) corresponds to the derivation of a distribution of paths in
articulatory or formant space item a sequence of acoustic feature mars. Traditionally, the problem
of deriving production-based parameters from acmmic data is alleviated by considering sequences of
such data, because it is then possible to apply continuity constraints [7]. However, continuity
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constraints are implicit in the current framework An attractive approach to the definition of 5:?" —»

BUYS» is to base : an a continuous ‘pointwise' mapping iii—ADM) and to apply continuity
conmints as restrictions on thetypee oftrajectory which are included in 17-9).

4.3 Probability calculation in a multiple—level probabilistic trajectory segmartal WM

For any sequence of acoustic Feature veaors ye I" and state as 2 it is necessary to evaluate the
probability P(y|a}. For any trajectory is l‘(.9), flre joint probability Pol, rlcp is givm by P0], :10) =

P(y|r.a)1’(r1rr). As previously, P(y|a) is then given by,

Pom: ijr,a)P(r la)

The probability Pfyla) is obtained direaly from the pdf «07. Tile calculation of the probability
P(y|r,a) is derived firm the pdf r](r). However. this derivation requires further analysis in the case

where the mapping 11:17.9) —; D0") is based on a ‘poinmise' mapping 17”:9 —) D(}'), so that the
trajectory tis mapped tothe sequlatce r]’(t)=(r]"(r(1)),17"(er))) in D0”). lfit is assumed that the

elements ofy are independent. than,
N

PU | 7,0) = “PU. h"(r(n)))
7:]

Clearly, this is an extension ofthe approach to the definition ofsegment probabilities presented in [3].

5. RELATIONSHIP WITH OTHER MODELS OF SPEECH DYNAMICS

The multiple-level segmental HMM described above is an extatsion of the probabilistic trajectory
segmental HMM described in [3], and is motivated by the need to model speech dynamics in a separate
produaion-based representation space. This final seaion briefly considers its relationship with other
models of speech dynamics.

The fixed-trajectory segment model is the simplest form oftrajectory-based model. For a given segment
duration, a state of the underlying Markov process is identified with a single trajectory in the space Y.
Polynomial [12], exponartial [13] and a ‘noiseless’ version ofthe dynamical system [14] fixed trajectory

model have been studied. The fixed-trajeaory model is mathematically simple and extaisible to a multi-

level frameworlg but has thedisadvamay that variations in the acoustic realisation of a speech segment
must bemodelled as random variants ofthe given trajectory. lndeed, it was found that the perfonnanoe
ofthe dynamical system model was improved by adding a random elernmt to the underlying dynamics,
thus making the model more similar to a probabilistic—trajeaory model [14].

A small number of alternative multiple-level models have been studied. The model proposed by Bakis
[15] includes underlying trajectories which are interpreted in articulatory terms, with the notion of
‘articulatory cfl‘ort’ influencing movement baween target articulatory configurations for each phoneme.
lntuitively, in this model the trajectory dynamics are a compromise betweor trajectory inertia and target
attraction and detenninafion ofttie dynamics is a problem in constraint satisfaction. More recently, this
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type of model has been studied by Bridle and Richards [16} Multiple-level approaches based on

modelling articulation have also been described by Ramsay end Deng [17] and by Deng [18], however

these studies deal with the application of a specific model to the problem of speech reooyiition rather

than the development of a moral framework. An altemetive approach to multiple-level modelling

which includes an explicit characterisation: of speech dynamics is recogiiition-by-synthosis, and in

particular recognition-by-fonnam-synthis-by-rule [19].

r

Wit-DO”)

U in

D(1‘(3))r-* [7-9)

vi *1

2: «— 0(2)
7'

(C)

r

(a) (b)

Figure 1: Mapping diagram: ’jbr (a) a conventional (Ml. (b) a three level Ml, and (c) a three

level probabilistic-trajectory segmentalHm The notation is as described In the text, The mapping

‘r' denotes random generation ofa tamplefram a given distribution.

6. CONCLUSIONS AND FUTURE WORK

The premise ofthis paper is the: the capabilities of current segmental l-IMMs can be enhanced by

modelling speedt dynamics in an underlying production-related representation which lies bawem the

symbolic state~leve1 and surface acoustic representations. This paper has proposed a mathematical

framework for describing such a nniltiplelevel segmental Hlm, so that its components can be

idmtified and alternatives can be compared, The work is at an early stage, and sigmificant problems

remain. These include the demonstration that such models are usefiil from the perspectives of both

speech science and computation, the developmmt of a more complete mathematical theory, which must

include algorithms for model parameter estimation and recognition, and proper testing.

Previous experience with probabilistic trajectory segmental MS has shown that even relatively small

deviations from the oonvartimal I-WIM formalism can lead to significant practical and theoretical issues

which must be overcome in order to achieve improved speech recognition performance [18]. This

suggests that a good understanding of the simpler models described in this paper, such as the multiple-

level HMM, is needed before the more complex models can be suwessfilliy applied to the problem of

automatic speed: recognition.
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