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1. INTRODUCTION

Although hidden Markov model (HMM) based systems have dominated speech recognition research for
the past decade [1], there is a growing awareness of their limitations in the full context of acoustic
speech pattern modelling. Of these limitations, the most frequently cited are remporal independence
and piecewise stationarity. Cansider an acoustic speech pattem y comprising a sequence of acoustic
feature vectors y=y;,)z....pr.  The temporal independence assumption states that there is no direct
statistical dependency between each feature vector y, and the other vectors in the sequénce. Since the
feature vectors are typically sampled every 10ms, and their functiou is to capture perceptually relevant
information about the speech signal, the temporal independence assumption is clearly inappropriate.
The piecewise stationarity assumption states that the inderlyng structure of the sequence y is piecewise
constant as a function of time, with instantaneous transitions between the constant sections. Again this
is quite inappropriate because speech is produced by a continuously moving physical system (the vogal
tract) and the structure of speech patterns reflects this.

Segmental HMMs were introduced in an attempt to overcome these limitations by identifying the states
of the underlying Markov process with sequences of feature vectors, rather than with individual feature
vectors. By treating sequences of feature vectors as a homogeneous unit, it is possible to model speech
pattern dynamics and to accommodate inter-vector correlation. A number of different types of
segmental HMM have been studied, and an overview is presented in [2]. An example of a segmental
HMM is the probabilistic trajectory model [3) in which the states of the underlymg Markov process are
associated with contmuous paths, or trajectories, in the feature vector space. These trajectories model
feature vector evolution throughout a particular segment of speech, and an observed sequence of featurs
vectors is then treated as a random function of that trajectory,

One shortcoming of this type of segmental HMM is that the trajectory is defined in the acoustic feature
vector space ¥, whose elements will typically represent spectra or cepstra. These are chosen because
they provide a good representation of the salient ‘mstantaneous’ properties of the speech signal.
However, in general they provide a very poor representation of speech pattern dynamics, because
although movement is seen as changes within a frequency band, its relationship with the motion of the
major articulators is typically across frequency bands. Tt can alse be argued that by representing the
trajectory in the acoustic feature vector space one is simply providing an even more complex model of
surface detail and still not addressing the mechanisms which give rise to that detail [S]. An obvious
solution is to replace the spectrum-based representation with an articulatory, formant, or other type of
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production-based representation. However the determination of this type of representation is a nan-
trivial pattern processing problem in its own right. Feature extraction errors at this level will be
irrecoverable and their effects will be propagated irto the speech recognition process. In other words,
this approach is contrary to the principle of delayed decision making.

These arguments suggest am extension to the segmental HMM framework in which trajectories are
defined in some intermediate space 8, which is suitable for modelling speech pattem dynamics and
where proper constraints can be applied, and then mapped into the acoustic vector space ¥. The
resulting model could be refarred 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 perspactive it can
legitimately be considered as a unified model for speech pattern processing. The desirability of such a
unified modsl and its potential significance has already been noted [6], {5].

The notion of such.a multiple-level, unifying model raises a number of findamental issues. These
include the choice of an appropriate intermediate representation, the characterisation of dynamics and
statics within that representation, the mappings which detenminge the relationship between the
intermediate represemtation and the state-level and surface-level representations, and the role of
assumptions of randommess 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 ¢an be expressed in terms of this framework.
Such a framework will also help to understand the relationship with conventional models and to identify
particularly simple multiple-level models which might be most amenable to mathematical analysis,

2, CONVENTIONAL HMMS

Recall that an N-state HMM M is a statistical model defined by:

& An underlying N-state Markov model, specified by an NxN state transition probability matrix A and
an mitial state probability vector =, such that if o; denotes the ith state of M, then

ay = Prob(a; at time t | o at time -1), and 7 = Prob{o; at time 1=1]).
The matrix A4 and vector # specify the sequential and durational structure of M.

» For each state o a probability density function (pdf) b, defined on the space of acoustic feature
vectors ¥, such that (o) = Probfy, = 0 | x; = o)) Bere, y = y;,....yr is a sequence of acoustic
feature vectors and x = xy,....xr is a state sequence of length T. For simplicity, suppose that & is
Gaussian with mean y; and covariance matrix v,.

2.1 Relationship between the state space T and surface representation ¥

From the above definition, A is a two-level model comprising a finite, sub-phometic, state-level
representation space X = {or, ..., on}, and a surface acoustic feature vector space Y. The pdfs &, define
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mappings in both directions between these two representations. Define X — DY)} by ¢fcy) = b; (the

notation D(5) is used to denote the set of pdfs over an arbitrary set §). Exquivalently, if the “synthesis”
mapping @ X — ¥ is defined by ¢'(o)) = w, then one can think of @ as defined by o) = p'fo) +w,,.

where w, denotes zero mean Gaussian noise with covariance . The “classification” mapping 7Y —
D(2) is defined by y1¥)=(b.(3), .. bay)), the symbol D(Z) denoting the set of pdfs defined on X These
mappings are illustrated in figure 1(a}.

3. MULTIPLE-LEVEL HMMS

From the perspective of speech pattem processing, the purpose of a multiple-level HMM is to

accomrnodate intermediate representations of speech in between the state-level and surface-acoustic fevel
representations.  For simplicity this discussion will be restricted to models which include a single
intermediate level 9 between Zand Y, as depicted in figure 1(b). From the discussien in section 1, the
elements of & should be thought of as vectors of articulatory, forfnant or other production-related
parameters. This section is concerned with the definition of the relationships between these levels,

3.1 Relationship batween the state space T and intermediate representation J

In a hidden model, each state o; will correspond to a sub-set of @ Hence the state space X'is related to
the intermediate level & by associating each o; with a pdf &; defined on 4, just as with a conventional
HMM. For consistancy with the previous section, the notation @2’ — D@ and 9 — D(E) will be
used to denote the mappings between the state and intermediate levels in the in the multiple-level case.
According to these definitions, the first level of a multiple-level HMM is just a conventional HMM.

3.2 Relationship between the intermediate representation 2 and the surface representation ¥

The relationship between & and ¥ is more complex. If 9 is finite, then in principle each of its elements
can bs associated with an element of ¥ or a pdf defined cn ¥. However, in general & will not be finite
and it will be necessary to define a mapping 7:9 ~—» Y or @ — Dy¥). If 3 is an articulatory or
formant featurz space, then #»" correspands 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
$ can be accommodated by adding a random component, so that the probabilistic mapping becomes n(y)
— n'fy) + w, where w denotes zero mean Gaussian noise whose covariance g, is a finction of ¢,
Equivalently, 77} is a Gaussian distribution over ¥ with mean #'fy) and-covariance matrix g,

The ‘mverse’ mapping from Y to & corresponds to the derivation of articulatory, formant or other
production-based parameters from acoustic data and is typically complex and one-to-many [7], [8].
Indeed, if this were not the case then-there would be no need for the type of framework which is
currently being considered. If ¥ can be thought of as finite, for example as a result of vector
quantisation, then the mapping can be defined explicitly by listing the element (or elements) of 3 which
correspond to each element of ¥. This is the basis of the approach to formant analysis described m [7].
However, in general I will not be finite and as in the case of a conventicnal HMM, it is necessary to
think in terms of a more general mapping £Y — D¢'9), where D¢3) denotes a set of pdfs defined on &.
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This is a generalisation, for example, of the derivation of multiple hypotheses in formant analysis [7].
The mapping & will be complex and non-linear. For example, such mappings have been defined using
polynomial regression [9] and adaptive network techniques [8], [10}. Note that 1 and £ may need to be
differentiable for the parameter optimisation problem to be soluble by calculus based methods.

3.3 Probability calculation in a multiple-level HMM

For any acoustic feature vector ye ¥ and state oe X the most basic HMM computations require the
evaluation of the probability P(¥|g). For any element & &, the joint probability Pey, | is given by
Pivila) = PlylsalP(ia). According to the assumptions of the previous paragraphs, Pfi|g} and
Pfylvo) anise from Gaussian pdfs with means @fey) and 7y and covariance matrices y and g,
respectively, and hence can be computed. In reality the *correct’ value of ; is not known and so : must
be integrated out to obtain the required probability:

P(y|0)=[P(,t|0)= [P(y|DPGI o)

3.4 Summary

A smple 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 Inmitations of a conventional HMM with
respect to modelling speech dynamics and its main interest is as an initial testbed for development of the
necessary mathematical tools. In order to model speech dynamics in the intermediate representation it is
necessary to extend the notion of a multiple-level model to a segmenial HMM framework.

4. MULTIPLE-LEVEL SEGMENTAL HMMS

The states of a segmental HMM ({2, 3]) are associated with sequences of acoustic feature vectors,
rather thar with individual feature 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 speech segment
dynamics. Formally an N-state segmental HMM comprises an N-state Markov model, plus:

¢ For each state o, there exists a probability density function (pdf) &, defined on the space of
sequences of acoustic feature vectors from ¥, such that if ¥ = y,,....,Jr is such a sequence, then b,
is the probability of y given the state ¢ The pdf b; is a probabilistic segment mode!.

A number of alternative types of segmem model have been proposed [2]. The current development
focuses on the ‘probabilistic trajectory’ modal [2] for two reasans, namely that the use of an underlying
trajectory provides an explicit model of dynamics, and that the probabilistic trajectory formalism
appears to be particularly suitable for a muitiple-level framework.

A trajectory of length N in the space § is a function #:{1,2, ..M} — & where {1.2,.. N} denotes the
ordered set of integers / to N_ Intuitively 7 is derived from a continuous mapping of the imterval /0, 1/
imto & Since speech segments exhibit temporal variability, any segment model must accommodate
variations in trajectory length. In some approaches {e.g. [11]) this is achieved by ‘time-warping” a
segment model of fixed duraticn. 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 i [3] and is assumed in the
analysis which follows. However, for notational simplicity the issue of trajectory Jength is ignored in the
discussions which follows. With this in mind, let /7.9 dencte the set of trajectories of length N in 9.

Returning to the arguments from the mrroduction, imtuitively, the goal of a multiple-level probabilistic-
trajectory segmental HMM is to associate states of the underlying Markov model with subsequences of
vectors W the acoustic feature vector space ¥ via ‘continuous’ tiajectories in the intermsdiate
representation §, The motivation is that by imroducing an intermediate level 8 which is particularly
suitable for modelling speech dynamics, one can explicitly characterise zome of the mechanisms which
give rise to surface variability and lessen the reliance on the assumption that this vaniability is random.

4.1 Relationship between the state space I and the intermediate space 9

The first step is to define the relationship between the state spaca F and the intermediate representation
§. This is achieved by identifying each state ce Z'with a pdf b, defined on the set 779} of trajectories in
& Note that, since the set of trajectories of length / in 9 is identical with J, this is consistent with 3.2.
By analogy with 3.2, this mapping will be denoted by @£ — D(T78)) and y- 713} — D3} is defined by
HY = Ba(t),....baft)). In the case where 779 is a parametric set of trajectories, the pdf 5, may be
defined on the parameter space. For example, in [4] a pdf over a set of linear trajectories is defined by
assummg that the trajectory parameters, the slope and mid-point value, are normally distributed.

4.2 Relationship between the intermediate representation & and the surface representation ¥

At the surface level, a segment-based framework is concemned with evaluating the probabilities of
sequences of elements of ¥ rather than individual elements. Thus, if 7" denotes the set of soquences of
length N in ¥, then the mappings of interest are batween /1.8) and I(F™).

There are at least two approaches to defining the mapping #7:/79) — D(}"). One is to attempt to map
elements of 79 directly imto D{¥"), while another is to derive this mapping from simpler relationships
between individual elements of  and individual elements of D(¥). The first approach would appear to
apply tighter constraints to sequences in ¥ at a cost of incraased mathematical complexity. However, if
the wnderlying mapping fromd to ¥ is continuous, then continuity restrictions on the shape of the
trajectory wili translate into constraints in Y. In other words, if the mapping p": & — D(Y) is
continuous, then the mapping 5778 — D(Y) defined by 7'(9)=(n"(e1)),... " (N})), will map
trajectory continuity constraints into the surface representation. Hence this simpler approach is adopted
here. As in section 3.2, 7" can be interpreted as articulatory or formant synthesis, depending on the
nature of 9, and variability in the acoustic realisation of an element 7 of & can be accommodatad by
adding a random component. Thus 7:778) — D(P") is characterised by 7:t — 5'()} + w,, where w,
denctes zero-mean Gaussian noise with covariance dependent on &

The ‘inverse” mapping from ¥ to D(IT) corresponds to the derivation of a distribution of paths in
articulatory or formant space from a sequence of acoustic feature vectors. Traditionally, the problam
of deriving production-based parameters from aconstic data is alleviated by considering sequences of
such data, because it is them possible to apply continuity constraints [7]. However, continuity
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constrzints are implicit in the current framework. An attractive approach to the definition of £F —
(Y3}, is to base £ on a continuous ‘pointwise’ mapping &Y—D(8} and to apply continuity
constraints as restrictions on the types of trajectory which are included m f79).

4 3 Probability calculation in a multiple-level probabilistic trajectory segmental HMM

For any sequence of acoustic feature vectors ye ¥ and state oe X it is necessary to evaluate the
probability Py|a. For any trajectory re /79, the joint probability P¢y, riap is given by P@, fla) =
PG|r.a)P(tlo). Aspreviously, P(y|a) is then given by,

P(y|o)= [P(y]7,0)P( | a)

The probability Pfy{g) is obtained directly from the pdf ¢g). The calculation of the probability
Pfy|r,a) is derived from the pdf nf7). However, this derivation requires further analysis in the case
where the mapping 7:/79 — D(F") is based on a ‘pointwise’ mapping p":8 — D(¥), so that the
trajectory ¢is mapped to the sequence n'(g=("(al)),... n"(aN)}} in D(F*). Ifit is assumed that the
elements of y are independent, then,

N
Ply|z,0)=[| PO, " (z(m))
n=)
Clearly, this is an extension of the approach to the definition of segment probabilities presentad in [3].

5. RELATIONSHIP WITH OTHER MODELS OF SPEECH DYNAMICS

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

The fixed-trajectory segment model is the simplest form of trajectory-based model. For a given segment
duration, a state of the underlying Markov process is identified with a single trajectory i the space Y.
Polynomial [12], expenential {13] and a *noiseless’ version of the dynarnical system [14] fixed trajectory
model have been studisd. The fixed-trajectory model is mathematically simple and extensible to a multi-
lovel framework, but has the disadvantage that variations in the acoustic realisation of a speech segmeant
must be modelled as random variants of the given trajectory. Indeed, it was found that the performance
of the dynamical system model was improved by adding a random element to the underlying dynamics,
thus making the model more similar to a probabilistic-trajectory mode] [14].

A small number of altemative multiple-level models have been studied. The model proposed by Bakis
[15] includes underlying trajectories which are imterpreted in articulatory terms, with the notion of
‘articulatory effort” influencing movement between target articulatory configurations for each phoneme.
Intuitively, in this model the trajectory dynamics are a comprontise between trajectory inertia and targst
attraction and determination of the 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-lovel approaches based on
modelling articulation have also been described by Ramsay and Deng [17] and by Deng [18], however
these studies deal with the application of a specific model to the problem of speech recognition rather
than the development of a general framework. An altemative approach to multiple-lovel modelling
which includes an explicit characterisation of speech dynamies is recognition-by-synthesis, and in
particular recognition-by-formant-synthesis-by-rule [19].
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Figure 1: ‘Mapping diagrams’ for {a) a conventional HMM, (b) a three level HMM, and (¢) a three
level probabilistic-trajectory segmental HMM. The notation is as described in the text. The mapping
‘+' denotes random generation of a sample from a given disiribution.

6. CONCLUSIONS AND FUTURE WORK

The premise of this paper is that the capabilities of current segmental HMMs can be enhanced by
modelling speech dynamics in an underlying production-related representation which lies between the
symbolic state-level and surface acoustic represemtations. This paper has proposed a mathematical
framework for describing such a multiple-level segmental HMM, so that its components can be
identified and alternatives can be compared. The work is at an early stage, and significant problems
remain, These include the demonstration that such modals are useful from the perspectives of both
speech science and computation, the development of a more complete mathematical theory, which must
include algorithms for mode! parameter estimation and recognition, and proper testing.

Previous experience with probabilistic trajectory segmental HMMSs has shown that even relatively small
deviations from the convemticmal HMM formalism can lead to significant practical and theoretical issues
which must be overcome in order to achieve improved speech recogmition 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 successfuliy applied to the problem of
automatic speech recognition.
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