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The International Conference on Spoken Language Processing was created to bring together 
professionals from all the diverse disciplines that contribute to Spoken Language Processing. The 5th 
conference in the series (ICSLP'98) was held at the Sydney Convention and Exhibition Centre in 
Sydney, Australia from November 30 to December 4 1998. The conference featured regular oral and 
poster sessions from over 900 delegates, pre-conference and post-conference workshop sessions and 
special student day sessions on the day preceding the conference. 

Deciding on which papers to select for this special issue of the journal was indeed a very difficult task 
given the large number of papers and breadth of material. To make the selection tractable, the 8 papers 
for this special issue were selected as being of particular interest to me in dealing with novel extensions 
or frameworks to acoustic and language modeling, the use of intelligent processing techniques for 
speech recognition and advanced or novel techniques for speech feature extraction. 

The first paper, by Basu and Maes, introduces a new feature extraction paradigm based on an auditory 
(or synchrosqueezed) representation of the wavelet transform. This provides another spectral analysis 
tool based on the time-frequency derived cepstra or wastra. This paper was selected to highlight the 
importance of novel time-frequency representations for more intelligent processing of real-world signals 
such as speech. 

The next three papers were selected as representing novel or fundamental techniques and experiments 
in the quest for improved and more flexible acoustic modeling strategies. The second paper, by Gravier, 
Sigelle and Chollet, proposes a framework for statistical modeling based on the idea of Markov random 
fields. Although the results show that this model does not perform as well as the more traditional 
Hidden Markov Model (HMM) the framework does present a more powerful generalization of the 
HMM paradigm which should be of interest to most readers. The third paper, by Zwieg and Russell, 
introduces the Bayesian network as a more flexible and more general framework of acoustic modeling 
than the HMM. The authors demonstrate speech recognition results that are comparable to or better 
then the corresponding HMM, thus warranting further investigation. The fourth paper, by du Preez and 
Weber, discusses an efficient implementation of higher-order HMMs which provide an alternative and 
more integrated means of modeling contextual dependency (traditional HMMs are only first-order 
models). 

The fifth paper, by Sun and Deng, contains a comprehensive description and implementation of a 
phonological model for ~peech recognition. This type of model represents the next step up from 
acoustic modeling forming an important bridge between acoustic models and language or discourse 
models. This has become an increasingly important and active area of research for large vocabulary 
and continuous speech applications where articulatory and linguistic (i.e. prosodic) constraints have 
been found to be necessary to reduce complexity and improve overall system performance. 

The last three papers deal with neural network and fuzzy ·logic strategies for speech recognition. The 
sixth paper, by Hosom, Cole and Cosi, provides detailed experimentation of hybrid HMM/ANN 
recognizers on the continuous-digit recognition task. The authors provide a discussion on the results of 
the experiments and what changes in the modeling parameters the recognition results are most sensitive 
to. The seventh paper, by Pizzolato and Reynolds, outlines a modular neural network architecture called 
Multinet as an alternative to the MLP in hybrid HMM/ANN speech recognizer systems. The results are 
encouraging and indicate the potential usefulness of modular neural networks. The final paper, by Tran 
and Wagner, presents a complete discussion of Gaussian Mixture Models (GMMs) for speaker 
recognition and proposes an extension based on fuzzy clustering called the fuzzy GMM (FGMM). The 
fuzzy approach is shown to yield improved recognition over the standard GMMs. Although fuzzy 
models tend to be misunderstood this paper shows some of the benefits that can be obtained with a 
proper understanding of fuzzy principles. 
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In conclusion, I would like to thank all of the authors who have contributed to this special issue of 
AJIIPS. As the Deputy Chair of the ICSLP'98 Technical Program Committee I would also like to take 
this opportunity to thank all the authors who participated in ICSLP'98 and helped to make it the success 
that it was. 

Roberto Togneri, 
Department of Electrical and Electronic Engineering, 
The University of Western Australia 
Guest Editor 
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WAVELET-BASED ENERGY BINNING CEPSTRAL FEATURES FOR 
AUTOMATIC SPEECH RECOGNITION 

Sankar Basu and Stephane H. Maes 
IBM T.J. Watson Research Center, 
Yorktown Heights, NY 10598, USA 
{ sankar ,smaes }@watson.ibm.com 

Abstract- Speech production models, coding 
methods as well as text to speech technology of-
ten lead to the introduction of modulation models 
to represent speech signals with primary compo-
nents which are amplitude-and-phase-modulated 
sine functions. Parallelism between properties of 
the wavelet transform of primary components and 
algorithmic representations of speech signals de-
rived from auditory nerve models like the EIH lead 
to the introduction of synchrosqueezing measures. On 
the other hand, in automatic speech (and speaker) 
recognition, cepstral feature have imposed them-
selves quasi-universally as acoustic characteristic 
of speech utterances. 

This paper analyses cepstral representation in 
the context of the synchrosqueezed representation -
wastrum. It discusses energy accumulation de-
rived wastra as opposed to classical MEL and LPC 
derived cepstra. In the former method the pri-
mary components and formants play a primary role. 
Recognition results are presented on the Wall 
Street Journal database using IBM continuous de-
coder. 

I. INTRODUCTION 

A new method for processing speech signals that uses the 
wavelet transform as a fundamental tool has recently been 
introduced in [5, 18, 15] . While the primary emphasis 
of the initial study reported in these papers had been in 
speaker identification, in the present work we prepare the 
extension of the same methodology with special attention 
to automatic recognition of continuous speech. The un-
derlying method essentially involves 'treating' the wavelet 
transform of the speech signal in a very specific way, which 
is called synchrosqueezing. This method of processing in-
cludes physiologically motivated auditory nerve models, 
the ensemble interval histogram (Ell!) model, and the so 
called AM-FM modulation model of speech production, 
but now all synthesized together within the more concrete 

framework of wavelet transform . 

ll. SYNCHROSQUEEZED REPRESENTATIONS 

Two key steps are involved in the method. The first is 
the computation of the wavelet transform (4, 25], and the 
second is the the process of synchrosqueezing, which is ne-
cessitated by the somewhat de-focussed character of the 
wavelet transform of speech signals in the time-frequency 
plane. The wavelet transform is implemented with a 
quasi-continuous wavelet transform algorithm (16, 19] . 
While one can think of using the wavelet transform 
directly for recognition purposes, the synchrosqueezed 
wavelet transform, among other things, provides us with 
an alternative to the traditional spectrogram. The latter 
can also be used for recognition, after further processing 
via more conventional means such as the computation of 
the (wavelet based) cepstra- the wastrum [14], . 

Figure 2 compares the time-frequency representation 
obtain by wavelet-based synchrosqueezing and FFT spec-
trograms for a segment of speech from the Wall-Street-
Journal data base. It is apparent that besides the role 
of the window sizes, the synchrosqueezed approach ex-
tracts coherent structures within the signal, while the FFT 
method represent the harmonics independently of the mu-
tual interferences. For this reason, primary components 
and formants can be efficiently and robustly tracked. 

Ill. AUDITORY NERVE REPRESENTATIONS 

Detailed descriptions of the human peripheral auditory 
system can be found in (23, 10, 8, 3, 12, 1, 13]. The EIH 
representation results from an attempt to exploit the in-
synchrony phenomena observed in neuron firing patterns 
which contain all the information processed by the higher 
auditory system stages. Similar models have been pro-
posed earlier on: the instantaneous-frequency distribution 
(IFD) [9] and the in-synchrony bands spectrum (SBS) [11] . 
In general, auditory nerve representations can be modeled 
as filter banks followed by a dominant frequency extrac-
tor. The latter is used to accumulate information from 
the different subbands along the frequency axis at a given 
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Figure 1: Time-frequency plane for Richard Sarazen .... 
FFT spectrogram with a shift of 10 ms and Hamming 
windows of 25 ms. 
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instant of time. The wavelet-based synchrosqueezed repre-
sentation naturally formalizes these models . The cochlear 
filter bank is approximated by the QGWT (19) and the 
second stage is obtained with the time-derivative of the 
phase of the wavelet ·transform as the dominant frequency 
estimator. The wavelet transform is complex is this con-
text. The generating analysis wavelet is a Morlet wavelet 
(16) . 

IV . CEPSTRUM AND ASR 
Cepstral parameters are, at present, widely used for effi-
cient speech and speaker recognition. Basic details and 
justifications can be found in [6, 10, 23, 22] . Originally in-
troduced to separate the pitch contribution from the rest 
of the vocal cord and vocal tract spectrum [20], the cep-
strum has the additional advantage of approximating the 
Karhunen-Loeve transform of speech signal. This prop-
erty is highly desirable for recognition and classification 
[17]. Furthermore, as discussed in (15], the cepstrum can 
be seen as explicit functions of the formants and other 
primary components of the modulation model. Two main 
classes of cepstrum extraction have been intensively used: 

• £PC-derived cepstrum. 

• FFT cepstrum. 

In ASR the second approach has become dominant usually 
with Mel-binning. Figure 3 compares LPCderived cepstra 
to Mel cepstra for the same segment of speech as used in 
Figure 1. 

LPC Cepmuman:i!r7+7•14 

15 

Figure 2: Time-frequency plane for Richard Sarazen .. .. 
Synchrosqueezed plane obtained with the method cited in Figure 3: The sentence is Richard Sarazen .. .. LPC Cep-
the text. strum. 
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Figure 4: The sentence is Richard Sarazen .... Correspond-
ing Mel cepstrum. 

V. WAVELET-DERIVED CEPSTRA AND WASTRA 

The wavelet transform can be used in different ways to 
extract cepstral features . 

A. Energy accumulation-derived cepstra 
• Wavelet binning: 

Mel frequency binning of the pseudo-frequency and 
amplitude estimated from the raw wavelet trans-
formed and resulting cepstra are used as features 
for recognition. 

• Energy binning in synchrosqueezed plane: 
Same as the above, but now instead of using the es-
timates from raw wavelet transform, we use the data 
from the synchrosqueezed time-frequency plane. 

B. Time-frequency derived cepstra (wastra) 
The wastra (Wavelet based Cepstrum, for short) is in-
troduced in [15] as the cepstral feature obtained by ap-
plying Schroeder formula [24] on generalized poles ob-
tained by tracking the formants or primary components in 
the synchrosqueezed plane. It may be remarked that the 
improved robustness to noise of synchrosqueezed wavelet 
transform for speaker identification has been reported in 
[5]. Another outcome of the new technique is that the 
synchrosqueezed wavelet transform is more amenable to 
tracking of formants or, more generally, the components 
of the speech signal. Different methods can be envisioned 
for tracking of the components. In [14]. a MLE is de-
scribed to track formants and primary components. The 
algorithm is extremely robust but time-consuming. 

Alternatively, proposed simpler and computationally 
tractable schemes, which has the fiavor of carrying out 

111) 
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Figure 5: The sentence is Richard Sarazen .... Illustration 
of corresponding Mel energy binning wastrum. 

(K-means) clustering of the synchrosqueezed spectrum dy-
namically in time can also be proposed. 

• K-means Wastrum 
The components are dynamically tracked via 
a K-means clustering algorithm from the syn-
chrosqueezed plane. The amplitude, frequency and 
bandwidth of each of the components are, thus , ex-
tracted. The cepstrum generated from this informa-
tion alone is referred to as the K-mean Wastrum. 
Figure 7 shows the resulting center frequencies and 
bandwidths and the resulting cepstrum. 

10 i::.= 

Figure 6: The sentence is Richard Sarazen .. .. illustration 
of the components extracted by the K-mean approach. 
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Figure 7: The sentence is Richard Sarazen .... Resulting 
K-mean wastrum. 

• Formant based wastrum 
The K-mean clustering is post processed to limit the 
set of primary components to formants. Formants 
are interpolated in unvoiced regions and the contri-
bution of unvoiced turbulent part of the !!pectrum 
are added. This method requires adequate formant 
tracking. The resulting robust formant extraction 
has numbers of applications in speech processing 
and analysis. 

VI. FORMANT EXTRACTION 

Our goal is to estimate (probabilistically) the position of 
the formants, as a function of time, in a given speech sig-
nal. The motivation for our approach is based on the fact 
that visual identification of formants is relatively success-
ful. Thus, as input to the extraction procedure, we have a 
set of elements, where associated to each is a time (speech 
frame), a frequency, a bandwidth, and an energy. The 
output consists of four sets, one for each of the first three 
formants and one for noise, which partition the input set. 

The visual cues used in identifying formants deal pri-
marily with global continuity conditions for the individual 
components. This, coupled with a physical understanding 
of the ordering of the formants, can lead to relatively sim-
ple procedures for determining formant positions. The ef-
fectiveness of the procedure depends, of course, on the un-
derlying time-frequency representation. We would like to 
choose the elements referred to above in a robust manner. 
More precisely, elements which constitute noise should be 
ignored, and those that result from the resonances should 
be kept. For this we use the Synchrosqueezed Plane, as 
developed by Maes, which has the property that the rep-
resentation is concentrated on the formants. From this 

plane, a k-means type of procedure is used on each analy-
sis frame to determine the set of elements that we work 
with. Assume that this results inN elements for a given 
M frames, E = {ei}, i 1, ... ,N. Let the func-
tions, f(·), b(-), and w(·) be maps E ~---+ n, which give 
the frequency, bandwidth and energy (weight) of the el-
ements,and let t(·) : E 1---+ .N, give the frame number. 
In determining this set, we have the freedom to impose 
energy and bandwidth constraints. That is, we filter E 
based on f(·), b(·), and w(·), to come up with E'. As a 
first guess, we assume that the above produces elements 
which are in fact due to the first three formants, plus some 
nmse. 

IJO 
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Figure 8: The sentence is Richard Sarazen .... results of the 
k-means forma.nt tracking. 

Using this data, initial estimates for the formant centers 
are extracted and each element is associated to a particu-
lar formant. We start with E1 = {ei E E' : t(ei) = 1} 
and partition it into sets ordered e.g. by their centroids, 
calling them /1, /2, etc. Next, weconsider E2 and dis-
tribute its elements among the sets derived from E1, or 
create others as necessary. This is continued until all of 
the frames are exhausted. Here we can determine initial 
properties of fl 1 /2, etc. and repeat the above procedure 
to obtain a more stable partition. 

But due to the wide ranging mobility of the formants, 
this will most certainly result in violation of continuity 
conditions. So our next step is to make a pass over the 
data and try to correct for this. For example, consider /2 
and f3. Let /2; = {ei E f2 : t(ei) = j}, and likewise 
for f3;. We go from j = 1 to M, building a profile for 
each formant derived from f(·), b(·), and w(·). As we do 
this, we check to see if elements from /2; should be moved 
to /3; 1 or vice versa, i.e. we compare f2; and f3; with 
the profiles built from data upto frame j -1. If we look at 
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the resulting data at this stage, we do see some correlation 
with visual identification. An example is given in figure 8. 

VII. WAVELET-BASED VOCAL TRACT LENGTH 
NORMALIZATION 

It is well known the differences in vocal tract size con-
tribute significantly to the speech waveform variability. 
ASR systems inherently suffers from any variability. The 
advantages of vocal tract normalization have been demon-
strated in (26, 7, 2, 21]. In (7] has been shown that an 
estimate of the median value of the third formant can 
be used to partially normalize for differing vocal tract 
properties. Unfortunately, LPC-derived formant estima-
tors have a limited robustness. Furthermore, the relation-
ship between spectrum and vocal tract geometry is more 
complex. Therefore, we propose to extract f1 !2 and f3. 
Centroids are computed overs all these values and dis-
crepancies among speakers are corrected by appropriately 
warping the frequency scale. 

VIII. SPEECH RECOGNITION EXPERIMENT 

To demonstrate the efficacy of the wavelet based syn-
chrosqueezed technique in automatic recognition of speech 
we consider 20 hours of read speech sampled at the rate 
of 16 Khz from the wall-street-journal database. We com-
puted the energy binning synchrosqueezed wavelet cep-
strum (described in Section 5.1) corresponding to a frame 
rate of 10 ms and a frame size of 25 ms. The cepstrum 
was then used for decoding the 40 test sentences from the 
wall-street-journal database. To test the performance of 
the algorithm in presence of noise, we mixed the clean test 
signal with cafeteria noise a noise levels from very noisy 
(lOdb SNR) to relatively clean (60 db SNR). The results 
are tabulated in Table VIII. The drop of recognition rate 
with increase in noise level is also diagrammatically shown 
in Figure 9. 

Table 1: Word Error rate (WER) as a function of SNR 

~ WER J 10 12.5 15 20 
11 SNR I 57.04 41.99 27.7 18.2 

~ WER J 25 35 40 60 
~ SNR J 12.6 10.84 10.43 10.08 

Note that training was performed on clean un-corrupted 
signal for the purpose of these experiments. An obvious 
way to further improve these results is to train on noise 
corrupted training data at an appropriate SNR level. Fur-
ther tuning of the parameters such as the window size and 

Trairing on ClEANwall-street-joumal-0 database 
oor-~--~~--~-,---.--.--.--r-1 

55 

35 <10 45 50 55 60 
SNRindb 
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Figure 9: Word recognition error plotted against SNR. 
Training on clean WSJ database. Test data was contam-
inated with cafeteria noise. 

frame rate appropriate for this specific front end process-
ing are also necessary for improved performance. In our 
experiments these parameters were chosen to be the same 
as the best known values for FFT based cepstra. In view 
of these, the present study can only be considered to be 
preliminary. Since these preliminary results reported in 
Table Vllland Figure 9, seem to be encouraging, further 
work is warranted for drawing definitive conclusions on the 
robustness of wavelet based synchrosqueezed cepstrum. 

IX. CONCLUSION 

We have demonstrated many potential applications of the 
wavelet synchrosqueezed based techniques in automatic 
machine recognition of speech. In particular, we have 
demonstrated how cepstral features extracted by using 
this technique produce results comparable with that ob-
tained by using the fourier transform based techniques by 
performing recognition experiments on large vocabulary 
continuous speech. This result is highly encouraging in 
view of the fact that the parameters of the fourier based 
recognition system used in this experiment was fine tuned 
for best performance. No such fine tuning was performed 
for the wavelet based experiments. In view of evidences 
gathered from for speaker identification experiments, the 
wavelet based recognition system is expected to be more 
noise robust as well. Other potential applications of the 
wavelet synchrosqueezed based technique include formant 
tracking, vocal tract normalization etc. Many of these 
can be used for improved machine recognition of speech 
as well. A complete study in this direction remains to be 
carried out. 
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Abstract 

This paper presents a new framework for statis-
tical modeling of speech based on Markov ran-
dom fields . Classical and multi-stream HMM ap-
proaches are particular cases of the new family of model 
proposed. As an illustration, a Random Field Model 
{RFM} is presented for the hidden process to replace 
HMMs. This model can be seen as parallel HMMs, one 
for each sub-band, interacting together, where the inter-
action consists in controlling the synchrony between the 
HMMs. Results presented on single-speaker isolated 
word recognition experiments show that this model 
does not perform as well as the classical HMMs. How-
ever, this imperfect model allows to review and define 
the algorithms related to Markov random field modeling 
of speech and, because of its flexibility, we believe that 
this technique is promising. Indeed, RFMs are simply 
defined by local interactions and the assodated poten-
tial functions and, as long as the energy function for 
the field is linear w.r.t. to the parameters of the model, 
all the algorithms presented here are applicable. Such 
a flexibility opens interesting perspectives for statistical 
speech modeling. 

1 Introduction 

The statistical approach of speech recognition is clas-
sically based on the maximum a posteriori criterion 
which is decomposed , thanks to the Bayes rule, in an 
acoustic and a linguistic score. More formally, for an 
observation Y = y, one searches for the sequence of 
words W given by 

W = argmaxP[Y = yiW = w]P[W = w] , (1) 
w 

where P[YIW] corresponds to the acoustic score while 
P[W] corresponds to the linguistic one. There are sev-
eral ways for computing the acoustic scores but the 
most widely used technique is based on hidden Markov 
models (HMM). In this approach, a hidden process, the 
Markov chain, is used to model the temporal structure 
of speech and probability density functions (pdf) as-
sociated to each of the Markov chain states are used 

to model the frequency variability of speech [1, 13]. 
The sequence of feature vectors is then considered to 
be piecewise stationary. If we denote X the hidden 
process, the acoustic score for the word W is given by 

Pw[Y = y] = LPw[Y = yiX = x]Pw[X = x] , 
X 

and the summation over all state sequences is com-
monly replaced by the predominant term of the 
sum which can be computed using the Viterbi algo-
rithm [20]. Usually, the pdf associated to the states are 
Gaussian mixtures and a HMM is defined by its tran-
sition matrix A and the weights, means and covariance 
matrices of each pdf. 

Recently, an extension of this model, the multi-
stream approach, has been proposed (4]. It consists in 
representing speech with different streams and model-
ing independently each stream by a HMM, recombina-
tion of the different streams being done at some points 
in time. A common approach for this model is to divide 
the signal into frequency bands and to model indepen-
dently eaeh sub-band [5, 12]. The motivation for such a 
model is its ability to be robust to band limited noises. 

HMMs can be seen as the superposition of two 
stochastic models, one in the time domain and one in 
the frequency domain. A real 2-dimensional process 
should be more appropriate than the superposition of 
two stochastic processes. In the multi-band approach, 
it is assumed that the bands are independent. It seems 
clear that this assumption is intrinsically limitative. In-
deed, some interactions between the frequency bands 
obviously exist and we believe that modeling those in-
teractions should help. Markov random fields [2] can 
be used for this purpose. In the multi-band approach, 
the hidden process defines a field X = {Xt,d where 
k is the band index, the law for this field being de-
fined by the HMMs in each band. The process X is 
defined on a latticeS= {(t, k)} and the probability of 
being in a state i at (t, k) only depends on the state in 
which the process is at (t -1 , k) . As a first approach to 
Markov random field modeling of speech, we propose 
to model interactions between the bands by changing 
the law for the hidden process X. Interactions between 
each of the HMMs are added to the model by assum-
ing that the probability for the hidden process to be in 
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a given state at (t, k) depends on the states observed 
at (t- 1, k), (t + 1, k) and (t, l) for each l =J: k. Such 
dependencies define a neighborhood system and, using 
the Hammersley-Clifford theorem [2], the law of X can 
be expressed in terms of interaction potentials. The 
observations are still modeled by Gaussian pdf associ-
ated to each state of the underlying HMMs using the 
classical assumption of conditional independence. The 
expected advantages of a random field based model are 
that it may be able to capture some frequency infor-
mation that can not be handled by HMMs. The state 
space of the hidden process is also more complex than 
for the multi-band model and it therefore may be able 
to capture more information in the signal as clearly 
shown in [9]. Another advantage of this new formula-
tion is that the model can easily be modified and ex-
tended under light assumptions. A new framework for 
statistical modeling of speech is therefore defined and 
a model is presented as an illustration. 

Very few studies have addressed the problem of 
Markov random field modeling of speech. In [22], it 
is shown that a HMM is a particular random field. 
The authors redefine the hidden Markov model in terms 
of Gibbs distribution and extend the Baum-Welch al-
gorithm to their case. In [18], the same equivalence 
between HMM and random fields is used to design a 
parallel Viterbi decoder using the Iterated Conditional 
Mode (ICM) algorithm. Finally, Lucke, in [16], defines 
a random field model to capture some information be-
tween the cepstral coefficients presenting a rather com-
plex training procedure for his model. 

In this paper, we first define the random field model 
proposed and then present the algorithms used for 
training and scoring speech segments in section 3. In 
section 4, we present some results on speaker-dependent 
isolated word recognition. We finally discuss the per-
spective of such a model and conclude. 

2 A random field model 

2.1 Markov random field theory 

In this section, a random field based model, where 
synchronization between the underlying Markov chains 
in the sub-bands is added, is defined. A Markov ran-
dom field X is defined by a neighborhood system on a 
lattice S so that 

P[X. = x 8 IXr = Xr Vr =J: s] = 
P[Xs = x.IXr = Xr Vr E v.] ' 

where V8 denotes the neighborhood of the point s. A 
set of mutually neighbor points of the lattice on which 
the field is defined is called a clique. Potential func-
tions must also be defined for all the cliques where the 
higher the potential, the less probable the configura-
tion. A clique potential function is a function of all the 

points that belong to the considered clique. Then, the 
Hammersley-Clifford theorem states that the probabil-
ity law for the process X can be written as a Gibbs 
distribution given by 

1 
P[X = x] = z exp- L Uc(x) , (2) 

cEC 

where C is the set of all the cliques defined on the lattice 
S, and Uc() is the potential function associated with the 
clique c. As can be seen, the probability of a configu-
ration is defined by a set of local probabilities on the 
cliques. The constant Z, called the partition function, 
ensures that equation (2) defines a probability measure 
and is therefore given by 

Z = L:exp- LUc(x) 
x cEC 

In the case under consideration, the lattice S is a two 
dimensional lattice indexed by (t, k) where t E [1, T) is 
the time index and k E [1, K] is the band index. In 
the following a point of the lattice will be denoted by 
its coordinates (e.g. (t,k)). The neighborhood of (t,k) 
is defined by Vi,k = {(t- 1, k) , (t + 1, k), (t, l)Vl =J: k } . 
This neighborhood system defines two kinds of cliques, 
the first ones { ( t - 1, k), ( t, k)} accounting for the time 
modeling while the second ones {(t, k), (t, l)} model the 
frequency interactions (or at least the band interac-
tion). The potential functions associated to both types 
of cliques have now to be defined. We will refer to the 
first kind of cliques as horizontal ones while the second 
ones will be referred to as vertical. 

2.2 Potential definitions 

2.2.1 Horizontal potentials 

The horizontal cliques are designed to correspond to 
the cliques defined by a Markov chain. Indeed, for a 
Markov chain with transition matrix A0 , the probabil-
ity of X is given by 

T 

P[X = x] = 1r(x1) IT ac(Xt-1, Xt) 
t=2 

T 

= exp- L a(Xt-1, xt) 
t=l 

assuming that a(i,j) = -lnac(i,j) and a(O,j) = 
-ln 1r(j) . The second expression for P[X = x] corre-
sponds to the formulation of a Markov chain in terms 
of Gibbs distribution. For a transition that is dis-
abled, that is ac(i,j) = 0, the corresponding energy 
is theoretically infinite and P[X] = 0. Actually, the 
Hammersley-Clifford theorem (2) applies only if all the 
possible configurations have a non-zero probability and 
therefore, the infinite energy is replaced by a barrier 
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energy arbitrarily set to a high value so that forbid-
den configurations have a very low probability. For the 
clique {(t-1, k), (t, k)}, the potential function is there-
fore given by 

where such functions are defined for each band k. 

2.2.2 Vertical potentials 

The vertical interactions allow for a control of the syn-
chrony between two bands, say k and l. The idea is 
that when two bands have their spectrally stable zones 
occurring at the same instants, then the states in the 
corresponding HMMs should change at about the same 
time because of the piecewise stationarity of the HMMs. 
To reflect this behavior, the vertical potential function 
for the clique {(t, k), (t, l)} are defined as 

Ut,k,t(x) = !k,1 lxt,k- Xt,d , 

assuming that the HMMs in each bands have the same 
number of states. The parameter !k,t is a synchroniza-
tion weight since when it is high, the absolute difference 
lxt,k - Xt,tl tends to be small in order to have a low en-
ergy configuration. It must be noted that the synchro-
nization does not depend on the time. This may be true 
for short segments but it is clear that this assumption 
is false for longer segments which may be synchronized 
during a certain time and unsynchronized the rest of 
the time. This point will be discussed in the last sec-
tion. The choice of modeling the band synchrony also 
need to be discussed and validated. 

2.2.3 Attachment to the data 

The observations are classically modeled with Gaus-
sian probability density functions associated with each 
states of each sub-band underlying HMMs, using the 
assumption of conditional independence of the obser-
vations. The likelihood of the observation Y knowing 
that X = x can also be expressed as a Gibbs distribu-
tion 

~ (k) (k) P[Y = yjX = x] = exp- L. -lng(Yt,ki /1-; , CT; ) , 
t,k 
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where N is the number of states, K the number of 
bands, A(k) the (N, N) transition weight matrix in 
band k and F is the (K, K) matrix of synchronization 
weights. According to equation (2), the energy of the 
field under the prior law is given by 

U(x) - La(k)(Xt-l,k,Xt,d 
t,k 

t,k,l>k 

LL 
(k) (k) - a . . cp . . (x) t,) t,J 

k i,j 

- L !k,t?/Jk,t(x) , (4) 
k,l>k 

(k) "' where cpi,J (x) = L..Jt 6;(Xt-1,k)6J(Xt,k) and ?/Jk,c(x) 
I:t lxt,k - Xt,d· The function 6;(x.) takes a value of 
1 if Xs = i and is 0 otherwise. The second formula-
tion has the advantage to clearly stress that the energy 
function U(x) for the field is linear with respect to the 
parameters, which will be important for the parameter 
estimation procedure. For the posterior law, the energy 
of the field is 

U(xjY = y) = U(x) + U(yjx) 

where U(yjx) is the potential function defined by equa-
tion (3). 

Now that the model is completely defined, we review 
the algorithms related to Markov random field model-
ing of speech. 

3 Algorithms for random fields 

In this section we review and define the algorithms 
that enable to solve the two main problems of speech 
recognition. The first problem is to find out the most 
likely hidden state sequence for a given observation. 
This is solved by the Viterbi algorithm in the HMM 
framework. The second problem consists in estimat-
ing the model parameters given a set of examples and 
is classically done using the Baum-Welch algorithm for 
hidden Markov models. None of the previously men-
tioned algorithm applies to random fields. 

(3) 3.1 The decoding problem 

where g() is the Gaussian pdf with mean p.~k) and di-
agonal COvariance ark), assuming that Xt,k = i. 
2.3 Prior and posterior laws 

As shown previously, a random field model is defined 
by 

A= {N,K,A(k)k E (1,K],F} , 

As mentioned in the introduction, the computation 
of P[Y = y!W = wJ in equation (1), which requires a 
sum over all possible state sequences, is often approx-
imated by finding out the most likely state sequence 
for a given observation. In the random field frame-
work, two algorithms are available for computing max-
imum a posteriori configurations. The first algorithm 
is known as the Iterated Conditional Modes (ICM) al-
gorithm [17] and its principle is to iteratively maximize 
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the local conditional probabilities at each point of the 
lattice. Starting from an initial configuration, the algo-
rithm iterates over each site (t, k), assigning it the value 
defined by Xt,k = argmax; P[Xt,k = ijx(Vi,k), Y] until 
no changes are made throughout the lattice, x(Vt,k) be-
ing the configuration associated with the neighborhood 
of point (t, k) for the current estimate of the solution. 
The main advantage of the ICM algorithm is that it 
is very fast since it converges in very few iteration but 
unfortunately, it converges to a local maximum and it 
therefore requires a good initialization. 

The second algorithm is based on simulated anneal-
ing (14]. Given a field X and its associated energy 
function U(x), the principle of the simulated annealing 
algorithm is to draw some samples of the field with a 
potential function given by U~x) using a Gibbs sam-
pler (8], with a decreasing temperature T. The algo-
rithm starts with a high temperature and, as the tem-
perature decreases according to a geometric law, the so-
lution (i.e. the samples drawn) converges towards the 
minimum energy configuration. It can be shown that if 
the temperature decreases sufficiently slowly, this algo-
rithm converges to the global maximum of the posterior 
probability. The drawback of this algorithm is that it 
can be very slow . . . 

3.2 Parameter estimation 

3.2.1 Generalized EM procedure 

The maximum likelihood estimation of the parameters 
of a hidden field still is an open issue in the random 
field literature. When closed form solutions of the pa-
rameter estimates are available, algorithms such as the 
stochastic EM or the ICE [19] can be used. On the con-
trary, a gradient probabilistic descent algorithm can be 
used (21] and we propose here a generalized EM algo-
rithm. The principle of the EM algorithm (7] is to first 
compute the expectation of the complete statistics (i.e. 
observation and hidden process) log-likelihood with the 
true parameters under the posterior law for the cur-
rent estimate of the parameters and to then maximize 
this auxiliary function. Usually, this maximization step 
gives a closed form estimate of the parameters which is 
not the case with Markov random fields . In this case, as 
in (15], the maximization can be replaced by a gradient 
probabilistic descent step. 

The auxiliary function Q(e, e<nl), where e denotes 
the model parameters (i.e. A(k)k E (I,K],F) and 
e<nl the current estimate, associated with the poten-
tial functions defined in the previous sections is given 

by 

Q(e, e<nl) = - L La~~ E[cpi~ (x) I Y, e<nl] 
k i,j 

k,l>k 
-lnZe 
"'"' . (k) (k) - ~ ~ 'Yt,k(~) In g(Yi,k; J.L; , a; ) , 
t,k i 

where 'Yt,k(i) = p[Xt,k = i] and Ze is the partition 
function associated to the Gibbs distribution (2) for 
the prior law with parameter e . The derivation of 
Q(e, e<nl) with respect to a~~ leads to 

8Q(e, e<nl) = E[cp\kl(x)I6J- E[cp<k.>(x)IY e<nl] 
8 (k) t,J •.J ' 

ai,j 

and similar formulae are obtained for the fk .1 param-
eters. As mentioned previously, this means that no 
closed form formulae are available for computing the 
new parameter estimates. In order to maximize the 
auxiliary function, a gradient probabilistic descent step 
is applied. Before giving the re-estimation formulae, it 
must be noted that the ai~ parameters are not inde-
pendent. They are considered as independent for dif-
ferent values of i and k, but not with respect to j for 
i and k fixed. In this case, the Hessian matrix must 
be computed and we consider the vector of parameters 
ai,(k) whose j'th element is ai~}. The Hessian matrix 
Hi,(k) is defined by 

H;,(k)(m,n) 
8Q(e,e<n>) 

8a~~~aai~ 
= ( (k) ( ) (k) ( )) -cove 'Pi, m x , 'Pi ,n x 

where cove() denotes the covariance under the prior 
law with the true parameters. If we denote, a~.(k) the 
vector containing the partial derivatives of ai,(k) w.r.t. 
ai~}, the following re-estimation formula is obtained 

(n+l) _ (n) H-1 1 
ai,(k) - ai ,(k) - i,(k)ai,(k) 

As the structure of the Hessian can be very particu-
lar, specially for left-right HMM topologies, the pseudo-
inverse of the matrix is used instead of the traditional 
inverse. The /k,l parameters are considered as indepen-
dent and the re-estimation formula is therefore 

f(n+l) = f(n) + E['!f;k ,l(x)je<nl]- E['l/Jk,t(x)jY,e<nl] 
k,l k,l var('l/Jk,t(x)l6(n)) 

Finally, the re-estimation formulae for the pdf param-
eters, based on the 'Yt,k(i) quantities, are exactly the 
same as in the Baum-Welch algorithm. In all the re-
estimation formulae, the expectations involved are es-
timated using samples drawn under the prior and the 
posterior laws using the current estimate of the param-
eters. 
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3.2.2 Initialization 

The EM algorithm is known to converge to a local max-
imum of the likelihood and therefore a good initializa-
tion procedure must be defined before running it. To 
initialize the model, we iteratively estimate the MAP 
fields for all the training sequences, and update the 
transition weights counting the number of transitions 
for a given state to all the other states, and the pdf pa-
rameters with the vectors associated to the considered 
state. 

3.2.3 Heuristic training 

Since the horizontal potential functions were defined to 
reflect a Markov chain behavior, one can train those 
weights as well as the pdf parameters using the Baum-
Welch algorithm independently in each band. The syn-
chronization weights are then defined as 

where the sum over t is computed along the Viterbi 
path. The factor 1 controls the relative importance of 
the vertical potential w.r.t. the horizontal ones. More 
details for this procedure can be found in [10]. 

4 Experiments 

4.1 Protocol 

In this section, experiments on speaker-dependent 
isolated word recognition using telephone speech 
are presented. A male speaker from the PolyVar 
database [6] and 10 keywords are used. The data were 
collected over the telephone over a period of one year. 
One hundred occurrences of each keyword are consid-
ered, the first 50 being used as the training corpus while 
the remaining ones are used to carry out the tests. The 
keywords have between 8 and 3 phonemes in length 
and the models have two states per phoneme in the 
word. In all the models, the attachment to the data is 
modeled by a single Gaussian pdf. A reference system 
is developed using classical hidden Markov modeling 
techniques with two kinds of feature vectors. The sys-
tem HMMcep is based on feature vectors of 12 cepstral 
coefficients on a linear frequency scale while the sys-
tem HMMfbk operates directly on the output of a 24 
channel filter-bank. It may be surprising to use the 
output of a filter-bank as a feature vector but, since 
the RFM models frequency interactions, it should be 
able to operate directly on the output of a filter-bank. 
This representation also has the advantage of making 
no assumption on speech production. 

249 

4.2 RFM and filter-bank features 

First, experiments with models trained using the 
heuristic procedure defined previously are presented. 
It must be noted that for full-band models, the heuris-
tic is equivalent to the standard Baum-Welch training 
of HMMs. A random field model with 24 bands was 
trained with the filter-bank features. Scoring of the 
test segments was done using the ICM algorithm with 
two different initialization strategies. The first strat-
egy consists in starting with a uniform segmentation 
of the hidden field. In the second strategy, the Viterbi 
solution is computed independently in each band and 
used to initialize the ICM solution. Results for various 
values of 1 are summarized in table I. These results 

HMM RFM (!) 
cep fbk 0.0 0.005 0.02 0.05 

I uniform 84.4 59.6 43.2 43.8 43.6 47.2 
I Viterbi 99.8 94.6 69.0 69.6 70.0 69.2 

Table I: Recognition rates using the ICM algorithm (in 
%) 

show that the HMMs clearly outperform the random 
field model and that cepstral coefficients are the best 
way of representing the speech signal. The weakness 
of the ICM algorithm is also clearly pointed out. The 
synchronization parameter 1 seems to have some in-
fluence on the results, specially for the uniform ICM 
case. It was observed that, as 1 increases, more changes 
are done by the Viterbi-ICM algorithm but the hidden 
process energy variations are small compared to the at-
tachment to the data. In other words, as 1 increases, 
the first term of the energy under the posterior law, 
given by U(x) + U(yix), tends to have more influence 
but still is small compared to U(yix). A regularisa-
tion hyper-parameter fl was therefore added so that the 
posterior energy is defined as fJ U(x) + U(yix). In the 
case of HMMs, this would correspond to multiplying 
by fJ the transition log-probabilities during the Viterbi 
search. The Viterbi-ICM algorithm was used with mod-
els trained for 1 = 0 and 1 = 0.02 for various values 
of the hyper-parameter (3 and the results are reported 
in figure 1. These results clearly show that the per-
formances of the system can be increased by according 
more importance to the hidden process. This result is 
also true for full band models though the increase of 
performance is less important. 

Finally, the results points out the fact that the ICM 
algorithm is very sensitive to the initialization pro-
cedure and, even if we have an equivalence between 
HMMs and RFMs in the case of the heuristic training, 
it may be convenient to get rid of the Viterbi initial-
ization. The !CM-based scoring algorithm is therefore 
replaced by a simulated annealing procedure based on 
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Figure 1: Recognition for the non-synchronized 24-
channel filter-bank features as a function of (3 . The 
solid line is for 'Y = 0 and the dashed one is for 'Y = 0.02 

a Gibbs sampler as explained in section 3.1, starting 
with a temperature T0 of 150 with a decrease law given 
by Tn = T0 0.997n. These parameters were set experi-
mentally, the algorithm being initialized by the uniform 
field, and results are summarized in table II. In the case 
of pure hidden Markov models, the Viterbi algorithm 
performs better than the simulated annealing one but 
it can be seen that in the case of random field models, 
even without interactions between the bands, the sim-
ulated annealing algorithm performs better than the 
Viterbi initialized ICM. 

RFM 'Y = 0.0 
78.4 

Table II: Recognition rates using the simulated anneal-
ing algorithm (in%) 

4.3 Band architecture 

It seems clear that the choice of the filter-bank out-
put for the feature vector may not be an optimal so-
lution, even if RFMs may be able to capture more in-
formation in such a process than HMMs. Several band 
divisions were tested in order to find out an optimal 
division of the frequency band. We divided the whole 
frequency band in 3, 5 and 7 bands according to the 
MEL scale and cepstral coefficients are computed in 
each band using the inverse DFT of the spectral coeffi-
cients corresponding to a band. Again in these exper-
iments, the models are trained using the heuristic de-
fined and results are reported in table HI for 'Y = 0 and 
fJ = 1. The digit following b in the experiment names 
gives the number of sub-bands while the one following 
c gives the number of cepstral coefficients in each band 
(additional e stands for the energy). These results leads 
to the conclusion ''the less bands, the better"! In [12], it 

Table Ill: Recognition rate for various topologies of 
RFMs 

is shown that the multi-band model with a MLP-based 
recombination procedure performs better than the full-
band model. The results in table Ill shows the inverse 
but it must be stressed that no real recombination of 
the partial scores is done in our case. This shows that 
one of the key point of the multi-band model is the score 
recombination. It should also be mentioned that when 
there are few bands, the regularisation hyper-parameter 
fJ has basically no effect and that, adding some syn-
chronization by increasing 'Y in the heuristic procedure 
tends to deteriorate the results. This means that the 
more bands, the more the a priori form of the hidden 
process is meaningful. But these conclusions must be 
taken with care since the heuristic training procedure is 
far from being optimal. It also must be stated that ex-
periments are done in a simple case and they should be 
extended to the speaker-independent case and/or noisy 
case to definitely conclude on this point . 

4.4 Training experiments 

Since the likelihood of the data is not computable, it 
is not easy to define a convergence criterion for the gen-
eralized EM algorithm. The convergence of the MAP 
initialization procedure could be monitored using the 
average pseudo-likelihood of the data but not the EM 
procedure. We therefore simply limited the number of 
iterations for both algorithms. Another point is that 
there is no convergence proof for this algorithm but it 
was experimentally observed on artificial data that the 
algorithm converges towards the true values of the pdf 
parameters. 

Using the generalized EM algorithm for the cepstral-
based features and the simulated annealing algorithm 
for scoring, a recognition rate of 98.0 % is achieved. 
This rate still is not as good as the results obtained 
with a pure Viterbi algorithm but it outperforms the 
results obtained with the heuristic training, thus sug-
gesting that a maximum likelihood training procedure 
adapted to the model is important. Another interesting 
point is the importance of the initialization procedure. 
In a second experiment, only the pdf parameters were 
initialized, leaving the transition weights unchanged. 
In that case, the transition weight matrices are poorly 
estimated with the EM algorithm and the recognition 
rate falls down to 51.6 %. This result shows that the 
transition weights are important in the random field 
formulation of speech recognition, while it is known 
that the transition probabilities have little influence in 
the hidden Markov model framework [3]. 
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5 Discussion 

We have presented a new statistical model for speech 
recognition based on Markov random fields to model 
the hidden process. The choice of the synchronized-
HMM model presented here may be discussed since it 
relies on some assumptions that are basically wrong. 
Indeed, synchronization between the bands were added 
thanks to the !k,l parameters but these parameters 
are considered as time-invariant (or state independent 
which is the same in that case). As mentioned previ-
ously, this may be true for short segments where the 
synchronization is uniform across the segment but for 
longer segments, such as words as used in the exper-
iments presented in this paper, this assumption is no 
longer valid. We plan to extend the synchrony model to 
state-dependent synchronization weights. This would 
also allow to force a full synchronization between two 
models in order to extend this technique to the con-
nected word case. 

Referring to Greenberg's work [11] in which it is 
shown that spectral asynchrony has no influence on the 
intelligibility of speech, the choice of modeling such a 
synchrony (or asynchrony) can be discussed. We be-
lieve that such a synchrony is an important factor for 
machine-based recognition of speech It could specially 
help in the case of corrupted speech (e.g. reverber-
ant speech) to help keeping the synchronization in the 
model. 

Whatever the weaknesses of the model proposed, the 
main purpose of the paper is to present a new tech-
nique for modeling speech and the model is used to 
test the algorithms related to such a technique. The 
main advantage of Markov random field based models 
is that, as long as the energy function of the field is 
linear with respect to the model parameters, the gen-
eralized EM algorithm presented here is applicable and 
new interactions (or longer range interactions) can eas-
ily be integrated in such a model by defining another 
neighborhood system and the related potential func-
tions. 
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Abstract 
Bayesian networks are an extremely general prob-
abilistic modeling framework, and are increasingly 
being applied to complex real-world problems. In 
this paper, we describe the use of a Bayesian net-
work system for large vocabulary isolated word 
recognition. We briefly review the algorithms and 
network structures used, and present results show-
ing that significant improvements in word error 
rate result from modeling acoustic and articu-
latory context with a multivalued context vari-
able. The network parameters are highly corre-
lated with simply defined acoustic characteristics, 
and utterance clustering results in a partitioning 
according to both speaker gender and the presence 
of liquid consonants. 

1 Introduction 
The p r ~ b l e m  of automatic speech recognition has 
been extensively studied over the past several 
decades, culminating in recent years with the ap-
pearance of commercial products for dictation, 
data-entry, and automated help. Surprisingly, 
however, the basic machinery of speech recogni-
tion has not changed much during this period. 

Most current speech recognition systems are 
based on probabilistic modeling with hidden 
Markov models (HMMs). In this paradigm, speech 
generation is modeled as a stochastic process, and 
an HMM is defined in terms of two basic con-
cepts: phonetic states and acoustic emissions. The 
atomic sounds of a language are categorized into 
a finite set of up to several thousand linguistic 
units or phones, and a probability distribution 
over sounds is associated with each state. To 
generate an utterance, a speaker is assumed to 
translate from the sequence of words he wants to 
say to a sequence of phones (this mapping is of-
ten deterministic), and then to proceed from state 
to state emitting sounds according to the asso-
ciated output distributions. More specifically, at 

each instant in time, the speaker makes a stochas-
tic decision whether to stay in the state he is in 
or to proceed to another state, and then makes 
a second stochastic decision about what sound 
to emit. Denoting the observation sequence as-
sociated with an utterance by o, and the state 
sequence by q, the probability of an utterance 
is given by P(q1)P(o1iq!) f1~2 P(qtlqt-dP(otiqt)· 
Although the meaning assigned to states varies 
from system to system, as does the exact method 
for representing P(otiqt), the set of concepts and 
the basic factorization is identical in most com-
mercial systems. 

The reason that one might want to explore prob-
abilistic models with a richer vocabulary is that 
speech is in fact generated by a process that in-
volves significantly more that a finite set of pho-
netic states. In particular, it is generated by an 
articulatory process in which the lips, tongue, jaw, 
and other speech articulators move in a coordi-
nated (but not entirely predictable) way to gener-
ate sound. 

Bayesian networks [9] are a powerful modeling 
framework that facilitates the expression and com-
putational testing of detailed probabilistic mod-
els. Whereas an HMM associates exactly two vari-
ables (one for the state and one for the observa-
tion) with each time frame, a Bayesian network 
allows arbitrary sets of variables to be associated 
with each frame. Additionally, arbitrary factor-
ization& of the joint probability distribution can 
be specified. Bayesian network algorithms exist 
with the same functionality as HMM algorithms, 
but are general enough to handle larger sets of 
variables with relaxed constraints on the factor-
ization. These qualities are desirable in building 
more detailed probabilistic models in which not 
every variable (e.g. the tongue) depends on every 
other (e.g. glottal state). 

We have implemented a system for isolated 
word recognition with Bayesian networks, and in 
previous work [14], we reported results for the 
PhoneBook database [11] showing relative im-
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provements in the word error rate of between 12 
and 29% with a binary auxiliary variable repre-
senting acoustic/articulatory context. This paper 
reviews Bayesian network algorithms and struc-
tures for speech recognition, and presents new re-
sults showing that the use of multi valued and mul-
tiple context variables results in a further improve-
ment. Additionally, we present results in which 
the network is structured for unsupervised utter-
ance clustering. 

2 Bayesian Networks 

2.1 Definition 
A Bayesian network expresses a joint probability 
distribution over a set of random variables and 
consists of: 

1. A set of random variables X1, . . . Xn. 

2. A directed acyclic graph in which each vari-
able appears once. The immediate predeces-
sors of a variable X;, are referred to as its 
parents, with values Parents(X,). The joint 
probability distribution is factored as: 

P(X1 = :z:1, . . . ,Xn = :z:n) = 
n IT P(X.; = :c.:IParents(X.:)). 

i =l 

3. A representation of the required conditional 
probabilities. When the variables are dis-
crete, a tabular representation is convenient. 
For real-valued acoustic observations, Gaus-
sian mixtures can be used. 

Temporal processes are modeled with a variant 
referred to as dynamic Bayesian networks (DBNs) 
[1] . In a DBN, a set of variables is associated with 
each frame, and the complete set of variables con-
sists of the union of all these subsets. The graph 
structure is repeating, and the conditional proba-
bilities associated with analogous variables in dif-
ferent frames are tied. 

2.2 Algorithms 
Bayesian networks are useful in ASR because there 
are algorithms for performing the same tasks that 
can be solved for HMMs, while at the same time 
working with more general models of probabil-
ity distributions. The computations are simplest 
when the Bayesian network is tree-structured and 
contains only discrete variables. In the next sec-
tion, we show how to do inference with such a net-
work; we then sketch the extensions necessary for 
general network structures. Our approach is based 

1 .... - --- ---------- ---- ---' 

I X I e: p 
I 

X I s 

Figure 1: A tree of variables. The partitioning of 
the evidence is shown for X;,. Parent (Xp), child 
(X, ), and sibling (X,) variables are also shown. 

on that of (10], and more detail can be found in 
(13] . Other inference algorithms can be found in, 
e.g. (9, 7, 5]. 

There is a distinction between variables with 
known values (observation variables) and variables 
whose values are unknown (hidden variables) . 

2.2.1 Tree Structured Networks 

The observed variable values, or evidence, are par-
titioned into three sets for each variable Xi. These 
sets are: ef, e; , and et . ef is the observed value 
for X, (if known; otherwise ef = 0) . e; is the 
set of known values for the variables which occur 
in subtrees rooted in X,, and et is the remain-
der (see Figure 1). We denote the values of X;, 
that are consistent with ef by CON(ef) . In the 
case at hand, where X.; is a single variable, this 
means that when X;, is hidden, CON(ef) contains 
all its possible values, and when X, is observed, 
CON(ef) contains only its observed value. In sec-
tion 2.2.2, we will consider the more general case 
of composite variables whose values range over the 
Cartesian product of a set of constituent variables. 
In this case, CON(ef) refers to the set of cross-
product values that are consistent with all known 
constituent values. 

Note that the union of the evidence includes all 
the observations, and the probability of all the ev-
idence and variable X;, taking value j is: 

P( et, e; , ef, X, = j) = 
P(e't, X;,= j)P(ei, efiX;, = j , et')= 

P(e't, X,= j)P(ei, efiXi = j). 

In the case that X;, = j contradicts ef, the second 
factor is zero. 

This leads to a natural factorization, and in the 
inference procedure the following two key quanti-
ties will be calculated for each variable X,: 
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Algorithm Inference() 
for each variable X, in postorder 

if X, is a leaf 
A;= 1, j E CON(e?); 
A~ = 0, otherwise. 

else 
A'· = 
TicEch.ildren(X,) Lt Aj * P(Xc = fiXi = j), 
j E CON(e?); 
A~ = 0, otherwise. 

for each variable X, in preorder 
if X, is the root 

71'; = P(X, = j) 
else 

let Xp be the parent of X, 
11'; = LveCON(e~) P(Xi = iiXp = v) * 71'~ * 
I1sesibling•(X,) Lt Aj * P(X, = fiXp = v) 

Figure 2: Inference in a tree. 

• A~= P(e:; ,e?IX• = j) 

• 71'; = P(et,x, =j). 

It follows from these definitions that for every vari-
able X,, 

• P(Observations) = Lj A;* 71'; . 
. . Aj•-rr; 

• P(Xi = JIObservatlons) = E >.• .• ,..~ . 
; , 1 

Figure 2 presents an algorithm for computing 
these values. Finding the likeliest assignment of 
values can be done by replacing the sums by max-
imizations, analogous to Viterbi decoding with an 
HMM. 

2.2.2 General Graphs 

Inference in non-tree-structured graphs such as 
that in Figure 5 is done by using a change-of-
variables to convert the graph into an equivalent 
tree-structured one. Each new variable represents 
a subset of the old variables, and ranges over the 
Cartesian-product of its constituents. The new 
network will work if the following requirements are 
met [13] : 

1. Each original variable must be found along 
with its parents in at least one of the new 
variables. Each original variable is "assigned" 
to one such new variable. 

2. The new variables must be connected in a 
tree-structure such that if an original variable 
is found in two of the new variables , it is also 

/ 
/ 

/ 

/ 
I 

/ 

255 

/ 

Figure 3: A non chain-structured Bayesian net-
work (top), and a representation with composite 
variables (below) . The new composite variables 
are connected in a chain structure, and condi-
tional probabilities can be assigned so that the 
two Bayesian networks represent the same prob-
ability distribution (see text). The dashed lines 
show the composite variables to which the origi-
nal variables are assigned. The members of each 
composite variable are indicated by the labeled in-
terior circles. 

present in every new variable along the path 
connecting the two . 

Figure 3 shows an example of a non-tree struc-
tured network and a new network representation 
that satisfies these two conditions. 

Conditional probabilities in the new represen-
tation are defined as follows. Suppose Yi is the 
parent of Yj in the new tree. Let V be the set of 
original variables assigned to Yj. The conditional 
probability P(Yj = mi'Yi = n) (with m and n be-
ing cross-product values) is defined as: 

• 0, if Yj = m and 'Yi = n imply inconsistent 
values for a shared original variable. 

• I1vev P(VjParents(V)), with the values for 
V and Parents(V) implied by m, if V I 0 . 
(In this case, n is not used.) 

• 1, otherwise. 

If Yj is the root, there is no conditioning on 'Yi, and 
only the last two items are relevant. The evidence 
sets are defined to reflect what is known about 
the new variables ' possible values, based on the 
observed values of their constituents. 

It can be shown (13) that there is a one-to-
one mapping between variable assignments that 
have non-zero probability in these two represen-
tations. The probability of the observations can 
be computed as in section 2.2.1, using Ys in 
place of Xs . Further, let 'Yi be the new vari-
able to which Xi is assigned. Let V/ be the set 
of Y 's cross-product values corresponding to un-
derlying variable assignments that include X.; = j . 
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Then P(Xi = j\Observations) = 'L:wEV' P(Yi = 
J 

w\Observations) . Hence inferences about the 
original variables can be computed in terms of the 
composite variables. 

In an efficient implementation, the running time 
of the inference procedures is proportional to the 
total number of cross-product values in the result-
ing tree; often, this is a relatively small number, 
but in the worst case it is exponential in the num-
ber of variables in the original network. 

With DENs, a trivial method of constructing 
trees that satisfy the above requirements is to pro-
ceed as follows: create a variable Yi,i+l that rep-
resents all the original variables in the two time 
frames i and i + 1. Also create a variable Yi that 
represents the original variables from just frame 
i. Then connect the new variables in a simple 
chain: Y1 ,2, Y2, Y2,3, Y3, . .. , YN-l,N · This proce-
dure is guaranteed to work for graphs with the 
first-order Markov property (such as Figure 5), 
but in general it creates many more cross-product 
values than are necessary. Procedures for produc-
ing more efficient trees can be found in [9, 7, 13]. 

2.2.3 EM 

The sufficient statistics required for EM can be 
computed from the marginal posterior probabili-
ties computed for the new variables. Let Nijk be 
the number of times that variable xi has value k 
and its parents are found in the jth possible config-
uration. In EM, 8ijk, the probability that X;. = k 
given that its parents have instantiation j , is esti-
mated as {';; . [6, 4] . Hence, all that is neces-

~~ ~,,. 

sary is to estimate Nijk· Let Yi be the new vari-
able to which X;. is assigned. Let V}~c be the set 
of Yi 's cross-product values corresponding to un-
derlying variable assignments that include X.; = j 
and Parents(Xi) = k. Nijk can be found by sum-
ming over the appropriate values: 

Nijk = 2: P(Yi = w\Observations) 
wEVjlo 

Estimating Nijk from a collection of examples re-
quires summing the individual estimates for each 
example. 

2.3 Isolated Word ASR Networks 
We begin the discussion of DBN word models by 
relating DENs to HMMs. Figure 4 shows an HMM 
word model , and a schematic DEN representation. 
There are several things to note. First, the DEN 
is explicit about time: there is a separate set of 
variables for each frame. Secondly, the two dia-
grams must be read in very different ways: the 

Figure 4: An HMM model of the word "hi" 
(top), and a conceptual DBN representation (bot-
tom) for a four-frame utterance. Nodes represent 
states in the HMM , and variables in the DBN. 
Shaded nodes represent initial and final states in 
the HMM, and observed (acoustic) variables in the 
DBN. Arcs represent transitions in the HMM, and 
conditioning relationships in the DBN. The values 
assigned to the DBN state variables correspond to 
one particular path through the HMM: two time 
steps in /HHI, and two in I AY/. This DBN model 
is inadequate because it will assign nonzero prob-
ability to assignments that do not correspond to 
paths in the HMM, and cannot represent param-
eter tying (see text). 

HMM diagram represents a stochastic finite state 
automaton, whereas the DBN diagram represents 
conditional independence relations between vari-
ables. In the HMM, the nodes represent states 
and the arcs transitions; in the DEN, the nodes 
represent variables, and the arcs represent condi-
tioning. 

The basic idea behind the DBN representation 
is to create a one-to-one correspondence between 
assignments of values to the hidden variables, and 
paths through the HMM. The two representa-
tions should assign equal probabilities to analo-
gous paths/assignments. Unfortunately, the rudi-
mentary DBN of Figure 4 will associate nonzero 
probability with variable assignments that do not 
correspond to valid paths through the HMM (for 
example, when all the state variables are simply 
assigned the value IHHI). 

The DBN of Figure 4 also does not accurately 
represent parameter tying. To see this , consider a 
left-to-right word model of the word "digit" : ID 
IH JH IH T I. The occurrence of the IIHI- / JHI 
transition requires that P(Qt = jJH/ I Qt-1 = 
IIHI) ::/= 0, whereas the occurrence of the /IH/-
/T / transition requires P( Qt = / J HI I Qt-1 = 
/IH/) = 0. (Otherwise, the second IIH/ could be 
followed by another I JH/ rather than IT/. There-
fore, the two occurrences of /IH/ must be treated 
as different states, precluding parameter tying. 

Figure 5 shows a DBN that solves the various 
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End-of-Word Observation 

Position 

Transition 

Phone 

Context 

Observation 

Figure 5: An improved DBN representation of an HMM, and an illustrative assignment of values to 
the variables. This DBN will associate a probability of 0 with hidden variable assignments that do 
not correspond to paths through the HMM. It also directly represents parameter tying, so for example, 
positions 2 and 4 will have identical behavior with respect to transition and emission probabilities 
because they both correspond to /IHf. The context variables are not needed to emulate an HMM, but 
improve performance. In this picture, they are are assigned values representative of voicing. The last 
/IH/ is unvoiced due to feature spreading. 

problems associated with the simpler representa-
tion. The position variables represent the state in 
an HMM word model at each time frame. The 
word model is assumed to be a simple left-to-right 
model so position i is always followed by i + 1. (In 
general, arbitrary finite-state word models can be 
represented [13] .) The phone variables represent 
the corresponding phone labels, and the transition 
variables explicitly represent when there are tran-
sitions between phones. 

Figure 5 shows a representative assignment of 
values for the word "digit." Thus position 1 maps 
into /D /, position 2 into /IH/, and so forth . The 
probability of a transition is conditioned on the 
phone, thus encoding a distribution over phone 
durations. Depending on the value of the preced-
ing transition variable, the position variable in a 
frame either retains its previous value or increases 
by 1. The "end-of-word" variable is assigned the 
arbitrary value of 1, and the conditional proba-
bilities are defined as P(EOW = !!Position =/= 
5 or Transition =/= 1) = 0. This ensures that all 
assignments end with a transition out of the last 
emitting state in the word. The explicit represen-
tation of phone labels and transitions allows for 
parameter tying. The context variables are not 
required to emulate an HMM, but improve perfor-
mance. With the context variable as shown, the 
network is similar to factorial HMMs [3]. 

With this representation, it is possible to as-
sign the conditional probabilities so that there is 
a one-to-one correspondence between assignments 
of values to the DBN variables, and paths through 
an HMM [13]. The transition and emission prob-
abilities are encoded in the conditional probabili-
ties associated with the transition and observation 
variables. All the other conditional probabilities 

are either 0 or 1, and reflect deterministic rela-
tionships between the variables. 

With the basic machinery required to emulate 
an HMM established, a variety of more interesting 
network structures can be tested. In particular, 
variables can be introduced to represent acous-
tic context, articulator positions, noise sources, 
speech rate, and other factors (13). 

3 Experimental Results 
This section presents results for the PhoneBook 
database, which is a large collection of telephone-
quality isolated-word utterances chosen to exhibit 
coarticulatory effects [11]. The data was pro-
cessed in 25ms frames overlapped by 2/3, to gen-
erate MFCCs and their deltas. Following cepstral 
mean subtraction, the MFCCs and deltas were 
vector quantized separately into two eight-bit data 
streams. Co and delta-Go were each quantized to 
four bits and concatenated to form a third eight-
bit data stream. 

Training, tuning and test sets are as in [2]. 
There were 19,421 training utterances, 7, 291 tun-
ing utterances, and 6, 598 test utterances. There 
was no overlap between the training and testing 
vocabularies or speakers. The database has a vo-
cabulary of about 8, 000 words, divided into sub-
sets of about 75 words each; the test task consisted 
of selecting among the word models in a single sub-
set. Our word models were based on the context-
independent phone transcriptions provided with 
the database. 

Previous work [14] established that the use of a 
single binary context variable (as in Figure 5) can 
significantly improve performance, and Table 1 in-
dicates that the use of multivalued context vari-
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States Number of Ctxt Total Word 
per Context Var. System Error 
Phone Variables Arity Params Rate 
3 0 (HMM) - 96k 5.4% 
3 1 2 191k 4.1% 
3 1 3 287k 4.0% 
3 1 4 383k 3.8% 
3 2 2 383k 3.6% 
4 0 (HMM) - 127k 4.8% 
4 1 2 254k 3.6% 
4 1 3 381k 3.5% 
4 1 4 508k 3.2% 
4 2 2 508k 3.2% 

Table 1: Results for networks with one and two 
context variables per frame; u ~ 0.25%. 

I Network I Parameters I Error Rate 
CDA-HMM 257k 3.2% 
CDA-Chain-BN 515k 2.6% 
CDA-HMM 510k 3.1% 

Table 2: Test results with a context-dependent al~ 
phabet (CDA) . The first two CDA results used 336 
phones; the last CDA result used less frequently 
occurring phones and had a size of 666. The CDA-
Chain-BN has the topology of Figure 5, with a 
binary context variable. u ~ 0.20%. 

abies and multiple context chains (two per frame) 
further improves performance. Using two binary 
context chains was as good or better than using a 
single 4-valued context chain. The factored repre-
sentation is preferable because it has only 2 inde-
pendent context-transition parameters as opposed 
to 15. 

It is not surprising that the ability to model 
context improved recognition performance. How-
ever, the use of a context variable differs signifi-
cantly from the use of context-dependent phones: 
context-dependent phones encode a-priori knowl-
edge about expected acoustics, based on the sur-
rounding phone labels, and are insensitive to 
the acoustics of individual utterances. A con-
text variable as in Figure 5 captures informa-
tion about the surrounding acoustics as observed 
on an utterance-by-utterance basis. For exam-
ple, consider simple left-to-right word models 
with context-dependent phones. The sequence of 
phones will be the same for all utterances. In con-
trast, a context variable can switch unpredictably 
between values. 

Table 2 shows results using a context-dependent 
phonetic alphabet based on diphones (see [14]). 
Doubling the number of parameters by using a 
context-dependent alphabet produced a greater 

0.5 

0 
-30 

40 0 

Figure 6: Association between the learned context 
variable and acoustic features for the network of 
Figure 5. Assuming that each mel-frequency fil-
ter bank contributes equally, Go ranges between 
its maximum value and about 50 decibels below 
maximum. 

improvement than using a context variable with 
context-independent phones. However, the use of 
both kinds of context did the best (2.6% word er-
ror rate). The combination was better than a sys-
tem with about the same number of parameters 
that simply used twice as many context-dependent 
phones, reducing the error rate by 16% relative to 
this system. 

To interpret our results, we examined the cor-
relations between the context variable and various 
acoustic features. The value of the context vari-
able was most strongly related to Go and delta-
Go; the relationship is illustrated in Figure 6 for 
a single binary context variable and 4-state phone 
models. The context variable tends to have a value 
of 0 when delta-Go is near 0, or slightly negative. 
The pattern is the same for 3-state phone mod-
els, and with the context-dependent alphabet, but 
different for other network topologies. 

3.1 Clustering Results 
To illustrate the ease with which Bayesian net-
works can be used to perform different tasks, we 
configured the network of Figure 5 to do unsuper-
vised utterance clustering. This is done by con-
straining the auxiliary variables to "copy" the pre-
vious value, which can be done with appropriate 
conditional probabilities: P(Gt = 0/1 I Gt-1 = 
0/ 1) = 1. 0. In testing, the likeliest value of the 
context variable, determined by a Viterbi decod-
ing, identifies the cluster value. A clustering net-
work with 4-state phone models produced a word-
error-rate of 4.5%, and the resulting clusters show 
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Figure 7: The frequency with which utterances 
from a. single speaker were assigned to the same 
cluster. For example, about 15 speakers has their 
utterances clustered together with 85% consis-
tency. On average, there are 68 utterances per 
speaker. The dashed line shows what would be 
expected at random. 

interesting patterns with respect to both speaker 
and word characteristics. 

The degree to which such clustering occurs can 
be measured by looking at the degree to which ut-
terances with a particular characteristic are clas-
sified together in a single cluster. Figures 7 and 
8 show that both speaker and word clustering are 
observed. Since there are more cross-validation ut-
terances than test utterances, the histograms are 
based on that subset {no tuning was involved). 

Figure 7 shows the consistency with which ut-
terances from a single speaker were classified to-
gether, and what would be expected at random. 
Clearly, utterances from individual speakers are 
being grouped together with high frequency. It is 
to be expected that gender would be highly corre-
lated with speaker-clustering, and in fact 75% of 
the female utterances were placed in cluster 0, and 
82% of the male utterances in cluster 1. 

Figure 8 shows the same information for par-
ticular words. The fact that the occurrences of 
a. single word tend to be clustered together indi-
cates that word characteristics, as well as speaker 
characteristics, are being modeled by the auxiliary 
variable. 

To determine the word-characteristics associ-
ated with the two clusters, we examined the words 
that were very consistently assigned to a particu-
lar cluster. These are shown in Figure 3. The "fe-
male" cluster is characterized by words beginning 
in liquid consonants (e .g. laundromat, livelihood), 
while the "male" cluster is characterized by words 
ending in liquid consonants (e.g. pathological, un-
ethical) . 
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Figure 8: The frequency with which utterances of 
a. single word were assigned to the same cluster, 
and what would be expected at random. On av-
erage, there are 12 occurrences of each word. 

4 Conclusion 
Ba.yesian networks are a well-principled and flexi-
ble way of representing and reasoning with prob-
ability distributions. This paper applies Bayesian 
networks to isolated word ASR, and presents ex-
perimental results that show that the use of an 
auxiliary context variable can improve recognition 
performance. Learned utterance clusters reflect 
both word and speaker dependent factors. We are 
currently extending the methodology to continu-
ous speech recognition and more complicated net-
work structures. 
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Abstract 

We developed two algorithms which, in combination, con-
tribute to overcome much of the computational difficul-
ties associated with high-order hidden Markov modelling 
( HMM). The first, termed the ORder rEDucing ( ORED) al-
gorithm can convert any high-order HMM to an equivalent 
first-order representation. The second, termed the Fast (or-
der) Incremental Training (FIT) algorithm, addresses the 
high computational burden associated with these models. 
Based on this, we also derive topologies that separate the 
context- and duration modelling capabilities of high-order 
HMMs. Using an automatic language recognition task 
(ALR), we demonstrate that these lead to more flexible mod-
els and results in significantly faster training and improved 
generalisation compared to prior work. 

1 Introduction 
Although first-order hidden Markov models (HMMs) form 
the backbone of modern speech recognition systems, their 
higher order extensions are rare. The potential for high-
order HMMs to provide enhanced contextual descriptions 
are commonly acknowledged (e.g. [8], [1], [12]), but the as-
sociated computational complexity limits their deployment 
to rather simple structures. Existing literature is usually 
limited to second-order extensions of the existing first-order 
HMM algorithms [7), [10], [12]. 

Our work is very different in that we are able to show that 
any high-order model (fixed- and mixed-order) may be con-
verted to an equivalent first-order model using our ORder 
rEDucing (ORED) algorithm [3]. ORED provides a uni-
fying paradigm for reasoning about HMMs of any order 
because it makes the relationship between HMM topology 
and HMM order explicit. Using this insight, HMMs can 
be designed using higher-order specifications and then re-
duced to make its topology explicit using a first-order equiv-
alent model. ORED also allows any standard first-order 
HMM training algorithm to train and otherwise manipulate 
arbitrary-order HMMs. The ORED algorithm also provides 
a powerful opportunity for efficient training of otherwise 
computationally intractable high-order HMM systems by 
Fast Incremental Training (FIT). 

To demonstrate the practical applicability of these tech-
niques, we use an automatic language recognition (ALR) 

system. The complex interdependencies of phonemes as 
described by the phonotactics of each language makes ALR 
an excellent candidate for demonstrating the practical via-
bility of these techniques. The intention with this work is, 
however, not to develop a fully-fledged ALR system, this 
is being pursued in a separate endeavour. In this paper, we 
compare FIT to conventional high-order HMM training and 
we investigate the effect of specialised context and duration 
modelling mixed-order HMMs we have developed. 

Section 2 introduces the notion of high-order HMMs. Sec-
tion 3 shows how mixed-order HMMs can be utilised to 
derive models that achieve independent control over the de-
gree of context- and duration modelling. Sections 4 and 5 
outline the ORED and FIT procedures respectively. Fi-
nally, we conduct experiments to investigate the properties 
of these techniques relative to that resulting from direct ex-
tension of HMM techniques to higher orders. In Section 6 
we use simulation experiments and in Section 7 ALR ex-
periments to provide quantitative evidence of the efficiency 
of our approach. 

2 High-order HMMs 
First-order HMMs [1] are characterised by a set of N emit-
ting states. Each state S has an associated probability den-
sity function (pdf) denoted as fi which quantifies the sim-
ilarity between an input feature vector x and S . States are 
coupled by transition probabilities. For first-order HMMs, 
the transition probabilities are indicated by the symbol ajk· 

This indicates the probability of making a transition to state 
k given that the current state is j . High-order HMM transi-
tion probabilities depend on two or more prior states and are 
characterised by probabilities with three or more indices. 
For a second-order HMM, aijk indicates the probability of 
jumping to state k given that the current state is j and the 
prior state is i. Paths between pairs of states thus have mul-
tiple transition probabilities, each depending on prior states. 
This is illustrated in Figure 1. 

When converting high-order models to lower-order equiv-
alents, we avoid ambiguity by indicating the original high-
order transition probabilities with primes (a:jk) to distin-
guish them from the corresponding lower-order transition 
probabilities. The pdfs and state transition probabilities 
of HMMs are usually determined from training data using 
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(a) 

h 

(b) 

Figure 1: First- (a) and (b) second-order HMMs indicating 
the increased history of state transition dependence of the 
latter. The symbol J; is the pdf associated with state i. 

a'01 =1 
( 0 ·:---~ 
·~ . ' 

Figure 2: A mixed-order left-to-right HMM with a maxi-
mum order of 3. The stippled states (0 and 4) are initial and 
terminal null states [3]. 

various algorithms such as the Baum-Welch re-estimation 
equations [1]. These algorithms can either be generalised 
to high-order cases, or, as we propose here, the high-order 
models can be reduced to equivalent first-order models for 
training. Unfortunately, the number of transition probabil-
ities in high-order models grows with the power of the or-
der of the model. Conventional training procedures rapidly 
become computationally intractable due to processor speed 
and memory constraints. In spite of these problems, the ad-
ditional state "memory" associated with high-order HMMs 
offer compelling and powerful modelling capabilities. 

3 Separating context and duration -
fixed, mixed or infinite? 

The length of state sequence memory determines the order 
of the HMM. An HMM of given order may contain state 
transition probabilities that depend on different numbers of 
prior states. In the case of fixed-order models, all state tran-
sition probabilities reflect the same length of state history1. 

For example in a fixed third-order HMM the transition prob-
abilities are of the form a;jkl· Mixed-order models have 
state transition probabilities with different numbers of in-
dices, indicating the different Markov orders within the pro-
cess. Figure 2 illustrates a mixed-order HMM. 

Duration modelling: Figure 3 illustrates a topology aris-

1 Except initial states handling inputs too short to allow the full depth 
of history. 

a'3a34 

a'o,a4= 
a',,a4= 
8 '1234= 

a'22a4 
a',:Ja4= 

a'23a4 
)--=:::'.-: .. ~) 

Figure 3: Duration modelling third-order HMM. 

ing from emphasising the duration modelling aspects of 
the model while neglecting the contextual modelling that 
is not directly involved with the modelling of the duration 
of a state. This type of modelling only involves states with 
self-loops; transitions from other states remain at first order 
making this a mixed-order model. In a self-looped state we 
need to identify the sets of departing transition probabilities 
that share the same destination and involve the same number 
of repetitions of this state. If all the transition probabilities 
in such a set are constrained to be identical regardless of 
prior states, the resulting model will model the duration of 
this state. 
Context modelling: Finite- (R'th) order HMMs build con-
text memory over the prior R states. When applied to mod-
elling signals where states often repeat, this fixed length of 
memory can severely limit their ability to model the true 
context of distinct states. In order to model some character-
istics of language (such as phoneme context), it is necessary 
to model the sequence of distinct states visited, irrespective 
of the number of consecutive repetitions of each state. This 
results in an HMM of infinite-order. To specify this we use 
the notation that j+ indicates one or more (consecutive) oc-
currences of state j. For example, a;j+ k is the probability 
that the next state will be k, given that the model was in 
state j for one or more previous time slots, and prior to en-
tering state j the state was i. Each such a transition prob-
ability therefore really represents an infinite family of tied 
transition probabilities. Figure 4 shows a simple context 
modelling HMM. Note that according to this specification, 
when a transition is made from state 3 to state 4, the distinct 
state prior to 3 (either 1 or 2) will be taken into account 
irrespective of the number of repetitions of state 3. 

... 0 ·. 

... .: 

a'o1+3+4 
a'12+3+4 

Figure 4: Third contextual order left-to-right HMM with 
one state skip. The notation k+ is used to indicate one or 
more occurrences of index k. 
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Figure 5: First-order equivalent of Figure l(b). Note that 
each state transition now has only one transition probability 
associated with it. 

4 The ORder rEDucing (ORED) al-
gorithm 

First-order transition probabilities involve only the two 
states that are joined by them (see Figure l(a)). In contrast, 
the second-order dependence of a~ik on state i, cannot be 
inferred from its adjoining states but is only encoded in the 
subscripts of the transition probability itself. We now cre-
ate a new model with states corresponding to pairs of linked 
states from the original model, as is illustrated in Figure 5. 
Each state shares the same pdf as the second one of the 
original pair of states does (these are called tied pdf states). 
Transition probabilities are inserted between the states that 
respectively match the first and the last two subscripts of 
the transition probability e.g. aiik is inserted between states 
( i, j) and (j, k). This is a twofold Cartesian product of the 
states involved [7]. 

Now the indexes of the states adjoining the second-order 
transition probability fully describe the subscripts of this 
transition probability. This effectively means that we can 
now interpret aijk as a first-order transition probability join-
ing states (i, j) and (j, k). By enlarging the number of states 
in this way, we were able to reduce effectively the order of 
the model by one, without losing any representational capa-
bility. This simple observation forms the basis of the ORED 
algorithm. This concept may be extended to reducing R'th-
order HMMs to R - 1 'th-order HMMs (Respectively MR 
and MR-l in the algorithm below). Recursive application 
of this procedure can convert models of arbitrary order to 
first-order equivalents. However, the proper handling of 
higher orders, initial conditions and the mixed-order models 
introduces quite a few intricacies to the algorithm that are 
not evident from the intuitive notion on which it is based. 
On a practical level, ORED allows the application of any 
standard HMM algorithm to any higher-order HMM, thus 
greatly enhancing the usefulness of this technology. Al-
though concerns have been expressed about the effect this 
increase in the number of states might have [12], we can 
show [ 4] that it does not contribute in any way to additional 

·computational requirements. Mathematical proof that the 
ORED algorithm does indeed yield first-order equivalents, 
can be found in [4]. 
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4.1 Algorithm details 
We now detail the ORED algorithm, starting with an origi-
nal R'th-ordermodel MR. 

1. Create the set of states of MR-l: 
(a) Create the states S = 0, S = 1, ... S = N + 1 in 

MR-I· (Only S = 0 for fixed-order). 
(b) For each of the available higher-order (R' ;::: 2 

with R' the order) transition probabilities 
a;,;2 . . . iR'+t present in the model, add the states 
(ii,i2),(i2,i3), .. . ,(iR•,iR'+I) to MR-1 without 
duplication. 

(c) If the terminal state Q = N + 1 has transitions orig-
inating at more than one state entering it and at least 
one of them is of higher order (R' ;::: 2), create a new 
terminal null state S = N + 2. 

2. Allocate transitions and their probabilities: 
(a) First-order probabilities a~ 1 ; 2

: 

If state S = ( i1, i2) exists, identify all available states 
S = i1 and S = (i, i 2), 0 ::=; i ::=; N + 1 as source states 
for the transition. The transition probability ai

1 
;

2 
links 

each of them to destination stateS = (i1 , i2 ), resulting 
in transition probabilities of the form a;(; 1 ; 2 ) = ai

1 
;

2 

and a(i,it)(i 1 ; 2 ) = a~1 ; 2 • If there is more than one 
source state, their links are tied. 
Otherwise it is placed from source states S = i 1 
and S = (i, ii) (as defined above) to destination state 
S = i 2 , resulting in transition probabilities of the form 
a;ti2 = ai1 ; 2 and a(i,it);2 = aiti2 • If there is more 
than one source state, their links are tied. 

(b) Higher-order probabilities ai1;2 ... iR'+', R' ;::: 2: These 
probabilities (one or more) are placed between states 
S = (iR•-I,iR•) and S = (iR•,iR•+r), that is 
ac· . )( .. ) (. . ) -a' lt,l2 Z2tt3 •·• 'R' ,t.R'+I - iti2 ... iR'+t • 

(c) If a new terminal state S = N + 2 has been created, cre-
ate a unit probability transition between source states 
S = N + 1, S = (i, N + 1) and destination stateS= 
N + 2. That is a(NH)(N+2) = a(i,NH)(N+2) = 1. 

3. Dead state removal: 
Remove all states that cannot be reached from the ini-
tial state or from which the termination state cannot be 
reached (typically an iterative algorithm is used for this). 
Redundant null states can also be removed at this stage 
(optional). 

4. Allocate pdfs: 
(a) Every existing stateS = (i, k) and/or S = k shares, 

via parameter tying, the same pdf as state Q = k. That 
is, they are both either null states, or 
f(x/S = k, MR-d = f(x/S = (i, k), MR-d = 
f(x/Q = k, MR). 

(b) If a new termination state S = N + 2 was created, it is 
a null state. 

5. Iterate: 
(a) Rename all the composite state indexes to unique sin-

gle indexes, and modify the indexes in the transition 
probabilities accordingly. The resulting model is the 
R - 1 'th-order equivalent of the original R'th-order 
model. 

(b) All of the above steps can be repeated until all tran-
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sition probabilities are subscripted by only two state 
indexes. By definition this is an HMMl. We show 
in [4] that it is equivalent to the original higher-order 
model. 

6. Merge states (Unnecessary for fixed-order HMMs): 
Merge tied states that have the same destination for each 
of the shared transitions. Renumber the states and transi-
tion probability indexes to reflect the smaller number of 
states. 

4.2 Some examples using the ORED algo-
rithm 

We illustrate the functioning of the ORED algorithm using 
some of the examples from Section 3. Figure 6 shows the 
first-order equivalent of the mixed-order model illustrated 
in Figure 2. 

Figure 6: The first-order equivalent of the HMM illustrated 
in Figure 2. 

Figure 7 shows the first-order equivalent of the duration 
modelling HMM shown in Figure 3. Note the similarity be-
tween this and the model proposed by Ferguson [5]. The al-
gorithm replaces states with self-loops with stacks of states. 
The added expressive capability enables duration specifica-
tions. 

Lastly, Figure 8 is the first-order equivalent of the context 
modelling HMM of Figure 4. Once again note how the dis-
tinct state prior to state 3 (pdf /3) is remembered irrespec-
tive of the number of repetitions. Due to the infinite order 
specification the ORED reduction needs to be augmented 
with a collapsing of tied states to achieve this result [ 4] . 

5 Fast Incremental Training 
As already noted, high-order HMMs can be vastly more ex-
pensive than their first-order counterparts. The processing 
and memory requirements are serious issues that can eas-
ily place such a model outside the available computing ca-
pacity. Fortunately, the transition structure of a high-order 
HMM is usually quite sparse. Because, prior to training, it 
may be difficult to determine which transitions will be re-
dundant, training normally commences with a full compli-
ment of the transitions that are potentially useful. For many 

10 : 

Figure 7: First-order equivalent of the duration modelling 
HMM in Figure 3. Note the similarity to the Ferguson du-
ration model [5]. 

a3s=a·,2+3+4 .·· ~ .. 
1---..:: 5: .... · 

Figure 8: First-order equivalent of Figure 4. 

problems, considerable training effort is therefore expended 
on estimating parameters that will eventually become zero. 
Referring back to Figure 1, it can be seen that a single tran-
sition probability in the lower-order model is simply being 
replaced by a set of refined probabilities in the higher-order 
model. Considerable computational effort can be avoided if 
the training of redundant sets of higher-order probabilities 
can be eliminated by noting which corresponding lower-
order probabilities are zero. This observation forms the ba-
sis of the FIT algorithm. 

5.1 FIT for fixed-order HMMs 
The FIT training algorithm for fixed-order models is now 
outlined: 

1. Set up a first-order HMM for the application at hand. 
2. Run a standard training algorithm (e.g. Baum-Welch) on 

the first-order model. Non-viable (i.e. zero probability) 
transitions will disappear. 

3. Convert the optimised first-order model to a second-
order model by expanding the subscripts of the remain-
ing non-zero transition probabilities with one extra prior 
state. These expanded transition probabilities are ini-
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tialised with the value of the lower-order transition prob-
ability they were extended from. 

4. Use the ORED algorithm to create a first-order equiva-
lent of this model. 

5. Repeat step 2 to train this model. This will refine the 
transition probabilities to their required higher-order val-
ues. Repeating this process trains successively higher or-
der models. 

This algorithm as described above does not allow the train-
ing of mixed and infinite-order HMMs, however, for certain 
specific useful mixed- and infinite-order models, we have 
formulated extensions to the ORED/FIT algorithm [4] as 
we now discuss. 

5.2 Mixed-order variants 
It would be very useful if it was possible to selectively ex-
pand the order of only some sections of the model. Doing 
this on information-theoretic grounds is a non-trivial task 
that we are currently pursuing in ongoing research. Using a 
direct approach, one can attempt to observe the similarity in 
trained sets Of transitions derived by extending the order of 
a lower-order version. Unfortunately, being of similar value 
does not necessarily mean that the lower order actually was 
sufficient. It. is possible that they only start to differentiate 
at even higher orders. This makes direct application of FIT 
problematic. 

It is, however, possible to train some mixed-order HMMs 
via the FIT algorithm. If the mixed-order model is not of 
general structure, but is rather constrained to a very specific 
mixed-order topology, the prior information on this topol-
ogy can be used when deciding how transitions should be 
extended. This then results in special cases for steps 3) and 
4) of the FIT algorithm. As should be clear from the ORED 
algorithm itself, mixed-order models lead to tied transitions 
and the requirement to merge certain states. The merging 
of states add extra complexity. However, steps 3) and 4) 
of the FIT algorithm can be combined into one simplified 
step. Basically it involves observing the total effect of ap-
plying these two steps in a given situation. Then these steps 
can be replaced by directly modifying the model accord-
ingly. Using this we obtained versions of FIT suitable for 
training both the duration- and context HMMs discussed in 
Section 3. Details are available in [4]. It is also possible 
to combine context and duration modelling in varying de-
grees. This leads to a whole new family of HMMs, some of 
which we demonstrate in Section 7. 

6 Synthetic data experiments 
We used well-controlled synthetic simulation experiments 
to investigate the performance of FIT models relative to 
that of the extended/ORED approach [3]. Each data set 
consisted of training and testing data drawn from randomly 
generated high-order HMM sources. The number of non-
zero state transition probabilities in the underlying mod-
els, as well as the expected optimal classification perfor-
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mance2 were thus known. Compared to the known under-
lying model, experiments on the training of a fourth-order 
HMM with eight underlying states, the FIT/( conventional) 
algorithm revealed: 15%/(1820%) more non-zero transition 
probabilities and a 48%/(170%) increase in classification 
error on independent test data. The dramatic increase in 
non-zero transition probabilities experienced by the con-
ventional approach indicates the lack of generalisation com-
pounding the enormous computational cost of this method. 
Detailed results for fixed-order HMMs are available in [3]. 

The ORED/FIT approach was thus found to result in mod-
els with fewer non-zero state transition probabilities, better 
generalisation and better classification performance com-
pared to prior (conventional) training algorithms. The 
ORED app.roach also provides invaluable insight into 
the topological properties of a broad class of high-order 
HMMs. 

7 ALR experiments 
7.1 Databases, features and configurations 
Our prior work [2] indicated that about I hour of speech 
was adequate for modelling a language with a first-order 
HMM. Preliminary experiments indicated that the higher-
order Markov models would need substantially more data. 
Since they need not be transcribed, this does not necessar-
ily pose a problem. From the OGI-TS3 database, roughly 
100 minutes of free-format English and Hindi speech was 
available as training data. These were the two largest col-
lections of data available and were therefore used in the ex-
periments. Silence sections in the recordings were removed 
automatically by using an energy criterion. The power in 
the remainder was normalised to compensate for record-
ing volume. After pre-emphasis, tenth-order LPC-cepstra 
and delta-cepstra features were calculated from 32ms time 
frames spaced at 16ms intervals. Cepstral mean subtraction 
was used to compensate for channel variation. For testing 
data, two independent sets of data were used. These were 5s 
segments and the 45s NIST'95 LID set. One central set of 
pdfs was referenced collectively by all the language models. 
The primary distinction between the languages therefore re-
lied on the separate transition structures. Various high-order 
variants of a basic underlying ergodic transition structure 
(illustrated in Figure 9) were evaluated. This includes fixed-
order (Fm for FIT-trained, Xm for directly trained; see Fig-
ure 10), context-order (Cm; see Figure 11), duration-order 
(Dn) and combinations (CmDn) were evaluated. 

7.2 Comparison between FIT and direct 
training 

We now compare ALR results for fixed-order models 
trained using the FIT algorithm (train successively higher 
order models) and direct training (order reduction followed 

2 Access to the underlying synthetic models allows the best possible 
classification results to be obtained. 

3The Oregon Graduate Institute kindly made the OGI-TS database 
available to us. 
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Figure 9: Basic ergodic HMM structure. For simplicity the 
initial and terminal states were omitted. 

Figure 10: First-order equivalent of a second-order version 
of Figure 9. 

by training). These results validate results obtained on syn-
thetic data as summarised in a previous section. 

7.2.1 Computational requirements 
The computational costs of the different approaches are 
measured in terms of the number of transition probabili-
ties, memory requirements) and the number of operations 
(CPU time) required to process equivalent problems. The 
results are summarised in Table 1. We find that the com-
putational advantage of the FIT approach becomes signif-
icant for third-order models. The final F3 model con-
tained a compact 2301 transition probabilities compared to 
the 47161 probabilities in the X3 model. These additional 
transition probabilities translate directly into CPU time and 
memory costs. From this it is clear that the FIT algorithm 
results in much more compact models, getting more so as 
the order increases. This corroborates the results obtained 
from synthetic data in Section 6. 

7 .2.2 Classification accuracy 
We now compare the classification accuracy of the FIT and 
direct training approaches. These results are summarised 

Figure 11 : First-order equivalent of the second-order con-
textual version of Figure 9. 

Order MEM CPU Size 
2 69% 94% 70% 
3 13% 7% 5% 

Table 1: Comparison of computational requirements and 
final model sizes for 16-state ergodic HMMs trained via di-
rect and FIT algorithms. The results are expressed as FIT 
requirements as a percentage of direct requirements. 

in Table 2 and Table 3. On the training data, the accu-
racy of the FIT and direct trained models are comparable. 
On independent testing data, however, in all cases the FIT 
trained models perform similarly or better than the direct 
trained models. Furthermore, all the FIT trained models re-
sult in smaller differences between training and testing set 
accuracies than those achieved by the direct trained mod-
els. This, combined with the larger models that resulted 
from direct training, indicates greater specialisation in such 
models. With the Ss classification trials, a McNemar test [ 6] 
with a 90% significance level shows all the high-order mod-
els to be more accurate than the baseline HMM 1. Due to the 
rather small test set, the experiment based on the NIST'9S 
45s set (39 trials) could only show the 3rd-order FIT model 
(F3) to be more accurate than the 1st-order HMM on a 90% 
significance level. No statistically significant differences 
could be detected between the direct and FIT trained mod-
els. The FIT approach thus obtains statistically similar re-
sults at a significantly reduced computational cost. 

Ss (2169 trials) 45s (339 trials) 
Order Direct FIT Direct FIT 

1 83.4% - 92.6% -
2 86.8% 85.2% 95.3% 95.3% 
3 92.7% 89.6% 98.8% 99.1% 

Table 2: Accuracy measured on training set for 16-state er-
godic HMMs trained via direct and FIT algorithms. 
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Ss (247 trials) 45s (39 trials) 
Order Direct FIT Direct FIT 

1 69.2% - 82.1% -
2 75.7% 76.1% 87.2% 89.7% 
3 79.8% 79.8% 89.7% 97.4% 

Table 3: Accuracy measured on testing set for 16-state er-
godic HMMs trained via direct and FIT algorithms. 

0:1 

C=1 

C=2 

C=3 

Figure 12: Identities and FIT training dependencies (indi-
cated by arrows) of ALR models. C is the context-order 
and D is the duration-order. 

7 .2.3 ALR using context and duration HMMs 
In this section we experiment with fixed-order, and mixed-
order (context and duration modelling) HMMs. Figure 12 
illustrates the categorisation (context and duration orders) 
and FIT training dependencies of the different models. 

Model 1 is the first-order 16 state ergodic HMM used in 
the prior experiments. It serves as a base-line model and 
all other models are extensions of it. The fixed-order model 
results (F2 and F3) are also directly imported from this pre-
vious section. The C2 and C3 models, while neglecting du-
ration modelling, ensure that the system "knows" about re-
spectively 2 and 3 distinct prior states when making a tran-
sition to a next state. The longer history that is being mod-
elled by maintaining the C values in this way, necessarily 
makes these models more sensitive to training data deficien-
cies. Models D1 and D2 add duration modelling capabili-
ties to model!, while C2D2, C2D3, C3D2 and C3D3 add 
duration information to the respective models which they 
extend. DmCn models were not considered since they suf-
fer from reduced context-order when trained on repetitive 
data [4]. We do not suggest that the above topologies are 
the only viable ones. Alternative topologies are the subject 
of future research. 
Model sizes: We find that the number of transition prob-
abilities in the Cn models are considerably larger that the 
Fn models investigated. For example, the F3, C3 and C3D3 
models have 2301, 4286 and 9070 transition probabilities 
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respectively. This compares favourably to the direct trained 
X3 model with 47161 transition probabilities. Second-order 
models (F2, C2, D2 etc) exhibit a similar but less pro-
nounced trend. Each of these different topologies were de-
signed for different purposes. We suspect that the growth 
in the number of transition probabilities of the Cn models 
can be attributed to the larger history of states that it is mod-
elling. The longer such a history is, the greater the potential 
number of state combinations will be. When duration mod-
elling is added to form the CmDn models, it is done on an 
already enlarged model, thereby contributing to a marked 
growth in the number of parameters. 

Classification results The classification accuracy on the 
training and test sets are given in Table 4. If we consider the 
training set accuracy, we note the added benefit of each suc-
cessive FIT extension. The rapid increase in accuracy of the 
various context-emphasised models indicates an increasing 
ability to fit the training data. Tests on an independent set 
of testing data reveal that the pattern of improvement with 
each new FIT extension in the training data results is fol-
lowed. At the context-order 2 level (C=2), the context-
emphasised models appear to function very competitively. 
We suspect that our training database was too small to sus-
tain the long history span utilised at the C=3 levels. The 
large difference in accuracy between the training and test-
ing sets (i.e. specialisation is taking place) for the C3 family 
also confirms this. In general models benefit from dura-
tion modelling. McNemar significance tests reveal almost 
identical results to those obtained in Section 7.2.2. In gen-
eral the high-order models improve on the baseline HMM 1, 
while no statistically significant differences could be de-
tected between the high-order models. 

It is safe to conclude that increasing the duration and/or con-
text orders is indeed beneficial, as long the training database 
is large enough to sustain it. The various CmDn mod-
els hold much promise for ALR, but need more testing on 
larger databases. Although it might seem unfair to compare 
results from the simple first-order model to that of large 
high-order models, the purpose of these experiments was 
to investigate the role of context and duration modelling 
HMMs, and not to compare models containing an equal 
number of parameters. 

As previously noted, the intention of this work was to eval-
uate high-order HMM concepts, not to develop an ALR 
system. For this reason, as well as the absence of cor-
responding standard ALR test databases, we make only 
broad comparisons to other ALR systems. Lund et al. [ 11) 
utilise an acoustic-phonetic based scheme that does not re-
quire any transcriptions during training and can thus be di-
rectly compared to our work. On language pairs from the 
NIST'95 set, they achieve accuracy ranging from 85.2% to 
93.6%. Although based on different principles, the 97% 
accuracy that we achieved compares well with this. Oth-
ers using phoneme recognition based systems (thus requir-
ing phoneme transcriptions) have obtained 97.9% [13] and 
94.8% [9] on the NIST'94 45s set. The FIT/ORED ap-
proach compares well to these results and is particularly at-
tractive as it does not require costly hand transcription of 
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Ss (247 trials) I 45s (39 trials; NIST'95) 
Training Set Accuracy 

Ctx\Our 0=1 0=2 0=3 0=1 0-2 0-3 
C=1 1: 83.4% 02: 84.1% 03: 86.4% 1: 92.6% 02: 94.1% 03: 94.7% 
C=2 C2: 89.0% F2: 85 .2% C2D3: 91.4% C2: 98.5% F2: 95.3% C203: 99.1% 

C202: 90.3% C202: 99.1% 
C=3 C3: 94.6% C302: 95 .4% F3: 89.6% C3: 99.7% C302: lOO% F3: 98.8% 

C303: 97.3% C303: 100% 
Test Set Accuracy 

Ctx\Our 0=1 0=2 0=3 0=1 0=2 0-3 
C=1 1: 69.2% 02: 79.4% 03: 80.6% 1: 82.1% 02: 92.3% 03: 92.3% 
C=2 C2: 75.7% F2: 76.1% C203: 77.7% C2: 92.3% F2: 89.7% C203: 94.9% 

C202: 78.1% C202: 92.3% 
C=3 C3: 76.9% C302: 76.1% F3: 79.8% C3: 89.7% C302: 89.7% F3: 97.4% 

C3D3: 76.5% C3D3: 94.9% 

Table 4: Training and testing set classification accuracy for different orders and types of HMM models. 

the speech data. 

8 Conclusion 
We have demonstrated a method with which high-order 
HMMs may be manipulated and trained. It is computa-
tionally very efficient, results in improved generalisation 
and provides a powerful new tool for investigating the mod-
elling capabilities of arbitrary order HMMs. These advan-
tages of our approach were demonstrated with a carefully 
crafted synthetic data experiment as well as an automatic 
language recognition problem. 
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Abstract 

Modeling phonological units of speech is a critical issue 
in speech recognition. In this paper, we report our recent 
development of an overlapping feature-based phonologi-
cal model which gives long-span contextual dependency. 
We extend our earlier work by incorporating high-level 
linguistic constraints in automatic construction of the 
feature overlapping patterns. The main linguistic in-
formation explored includes morpheme, syllable, sylla-
ble constituent categories and word stress markers. We 
describe a consistent computational framework devel-
oped for the construction of the feature-based model, 
and report preliminary results of an experiment on use 
of the feature-based model as the HMM state topology 
for speech recognition. 

1 Introduction 
Modeling phonological units of speech, also referred to 
as pronunciation or lexicon modeling, is a critical issue 
in automatic speech recognition. Over the past sev-
eral years, we have been studying this issue from com-
putational phonology perspectives, motivated by some 
recent versions of nonlinear phonology theory (2, 7). 
The computational framework developed is based on 
sub-phonemic, overlapping articulatory features where 
the rule-governed overlapping pattern can be described 
mathematically as a finite-state automaton and each 
state in the automaton corresponds to a feature bundle 
with relative timing information specified (5, 6). In this 
paper, we report our new development of the feature-
based phonological model which incorporates high-level 
linguistic (mainly prosodic) constraints for automatic 
construction of the feature overlapping patterns. We 
also report some preliminary results of an experiment 
on use of the feature-based model as the HMM state 
topology for speech recognition. 

In our feature-based phonological model used for 
speech recognition, feature overlapping patterns are 
converted to an HMM state-transition network. Each 
state is an overlapped feature bundle and represents 
a unique, symbolically-coded articulatory configura-
tion responsible for producing speech acoustics from 

that state. When the features of adjacent segments 
(phonemes) overlap asynchronously in time, new states 
are derived which model either the transitional phases 
between the segments or the allophanic alternations 
caused by the influence of context. Since feature 
overlapping is not restricted to immediate neighbor-
ing segments, this approach is expected to show advan-
tages over the conventional context dependent model-
ing based on diphones or triphones. Use of diphone or 
triphone units necessarily limits the context influence to 
only immediately close neighbors, and demands a large 
amount of training because of the enumeratively large 
number of the units (especially the triphone units). 

In our previous work, the feature overlapping pat-
terns were constructed based only on the information 
about the phoneme (i.e., segment) identity in each ut-
terance to be modeled. It is apparent that a wealth of 
linguistic factors beyond the level of phoneme, such as 
prosodic information (syllable, morpheme, stress, ut-
terance boundaries, etc.), directly control the low-level 
feature overlapping. Thus, it is desirable to use such 
high-level linguistic information to control and to con-
strain the feature overlapping effectively. As an ex-
ample, in pronouncing the word display, the generally 
unaspirated /p/ is constrained by the condition that an 
fs/ precedes it in the same syllable onset. On the other 
hand, in pronouncing the word displace, dis is lexically 
constrained as a morpheme of one syllable and /p/ in 
the initial position of the next syllable subsequently 
tends to be aspirated. 

In order to systematically exploit the high-level lin-
guistic information for constructing the overlapping 
feature-based phonological model in speech recognition, 
we need to develop a computational framework and 
methodology in a principled way. Such a methodol-
ogy must be sufficiently comprehensive to cover a wide 
variety of utterances (including spontaneous speech) so 
as to be successful in speech recognition. Development 
of such a methodology is the focus of the research re-
ported in this paper. 

2 Use of Linguistic Constraints 
Our general approach to pronunciation modeling is 
based on the assumption that high-level (above the 
phoneme or prosodic) linguistic information controls, in 
a systematic and predictable way, feature overlapping 
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across feature dimensions through long-span phoneme 
sequences. The high-level linguistic/prosodic informa-
tion to be used for constraining feature overlapping pat-
terns includes 

• utterance, word, morpheme and syllable bound-
aries (syllable boundaries are possibly shifted by 
resyllabification.) 

• syllable constituent categories: onset, nucleus and 
cod a 

• word stress 

Morpheme boundary and syllabification is seen to in-
fluence aspirationjunaspiration of stops as in dis-place 
and mis-place versus di-splay. Association of the phone 
with a syllable constituent influences pronunciation in 
many ways. For example, feature spreading or mixing 
is stronger in coda than in onset; there is strong ten-
dency of consonantal tongue-blade feature reduction in 
coda; and stops are often unreleased in coda but not so 
in onset, etc. The stress information conditions the ap-
plication of the alveolar-flap rule. Utterance and word 
boundaries condition several types of boundary phe-
nomena. Examples of the boundary phenomena are 
glottalized word onset and breathy word ending, as well 
as the affrication rule (e.g., compare at right with try). 

2.1 A Parser for English Syllable Structure 
The high-level linguistic information is obtained by a 
recursive transition network-based morphological par-
ser (4], using a pronunciation dictionary. The transition 
network is derived from a set of context-free grammar 
rules describing the syllable structure of English words. 
The CFG rules used for constructing the transition net-
work are as follows: 1 

Word -t (Init-Onset] V (CvCluster] (Final-Coda] 
Init-Onset -t C I p,ll p,r I p,w I p,y I b,l I b,r I b,w I 

b,y I t,r I t,w I t,y 1 d,r I d,w I d,y I k,l I k,r 1 k,w 
I k,y 1 g,ll g, r 1 g,w I g,y 1 f,l 1 f,r 1 f,y 1 v,l 1 v,r 1 
v,y I th,r I th,w I th,y I s,p I s,p,y I s,t I s,t,y I s,k 
I s,k,y I s,f I s,m I s,n I s,ll s,w I s, y I sh,p I s h,m 
I sh,l I sh,r I sh,w I hh,y I hh,w I m,y I n,y ll,y I 
s,p,ll s,p,r I s,t,r I s,k,l I s,k,r I s,k,w 

CvCluster -t [MidC] V [CvCluster] 

MidC -t MidC41 I MidC31 I MidC32 I MidC20 I 
MidC21I C 

MidC41 -t C, s, C, C 
MidC31 -t s, C, C I C, s, C I Nas, Fri, Lqd I Nas, Stp, 

Gld, I Nas, Obs, r I Lqd, Fri, Lqd I Lqd, Obs, r I 
Gld, Fri, Lqd I Gld, Obs, r I Stp, Stp, Lqd I Stp, 
Stp, Gld I Stp, Fri, Lqd I Fri, Stp, Lqd I Fri, Stp, 
Gld 

MidC32 -t Nas, Stp, Lqd I Nas, Stp, Nas I Nas, Stp, 
Fri I Nas, Stp, Stp I Nas, Stp, Afr I Lqd, Fri, Stp I 
Lqd, Fri, Nas I Lqd, Fri, Fri I Lqd, Stp, Stp I Lqd, 

1 Enumeration of all the elements in the CFG rules is 
obtained by reorganizing and supplementing several lists 
foWld in [8]. 

Stp, Lqd I Lqd, Stp, Fri I Lqd, Stp, Gld I Lqd, Stp, 
Afr I Fri, Fri, hh I r, C, C 

MidC20 -t p,l I p,r I p,w I p,y I b,l I b,r I b,w I b,y I 
t,r 1 t,w 1 t,y 1 d,r 1 d,w 1 d,y 1 k,ll k,r 1 k,w 1 k,y 1 
g,ll g,r I g,w I g ,y I f,ll f,r 1 f,y I v,ll v,r 1 v, y 1 
th,r I th,w I th, y I s,p I s,t I s,k I s,f I s,m I s,n I s,l 
I s,w I s, y I sh,p I sh,m 1 sh,l 1 sh,r I sh,w 1 hh,y 1 
hh,w I m,y I n,y ll,y 

MidC21 -t C, C 

Final-Coda, -t C I p, th I t, th I d, th I d,s,t I k,s I k,t 
I k,s,th I g, d I g , z I eh, t 1 jh, d I f, t I f, th 1 s, P 
I s, t 1 s, k I z, d I m, P 1 m, f 1 n, t 1 n, d 1 n, eh 1 
n, jh I n, th I n, s I n, z I ng, k I ng, th I ng , z ll, 
p I an d, l, b ll, t ll, d ll, k 11, eh ll , jh ll, f 11, 
v 11, th 11, s ll, z ll , sh ll, m ll, n ll,p ll,k I an 
d, l,k,s ll,f,th I r, Stp I r,ch I r,jh I r,f I r,v I r,th I 
r,s I r,z I r,sh I r,m I r,n I r,l 

The phoneme type categories are C (for consonants), 
V (for vowels), Nas (for nasals), Fri (for fricatives), Afr 
(for affricates), Gld (for glides), Obs (for obstruents), 
Stp (for stops), Lqd (for liquids). The MidC categories 
are used for assigning word-internal consonant clusters 
to either the previous syllable's coda or the next sylla-
ble's onset according to one of the following ways: 

MidC41 - 1 coda, 3 onsets 
MidC81- 1 coda, 2 onsets 
MidC82 - 2 codas, 1 onset 
MidC20 - 0 coda, 2 onset 
MidC21- 1 coda, 1 onset 

As an illustration, Fig. 1 shows the parse tree for 
the word display, which denotes that word display con-
sists of 2 syllables. The category 'CvCluster' is used 
for dealing with multiple syllables recursively; 'MidC' 
and 'MidC31' are categories of syllable middle conso-
nant clusters. The category '!nit-Onset' denotes the 
word-initial syllable onset. The separation of syllable-
internal consonants into coda and onset is based on the 
consonant types according to well established phono-
tactic principles. 

~~ordl 
!nil-Onset V CvCluster 

I I /---..__ 
c MidC V 

I I I 
d MidC31 ey 

~ 
Fri Stp Lqd 

I I I 
p I 

Figure 1: Parse tree for word display 

The parser output in the form of constituent tree is 
transformed into subsegmental feature structures [1, 5] 
while keeping the high-level information. This is illus-
trated in Fig. 2. Here the word display is parsed as a 
single word utterance with ub standing for utterance 
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sylable syllable 

~ub ~e 
Init-Onset Nucleus Onset Nucleus 

[ ~ J [ r-l o [~jf p J~ l J[ ~]I Lips 0 0 0 ClsLab 0 0 0 
T.Biade ClsAlv 0. CrtAlv 0 B.! 0 0 
T.Dorsum 0 D.1h 0 0 0 D.e D.j 
Velum 0 0 0 0 0 0 0 
Larynx V+ V+ V- V- V+ V+ V+ 

Figure 2: Subsegmental feature structure for word dis-
play 

beginning and ue for utterance end. Stress is denoted 
by 0 (unstressed syllable) or 1 (stressed syllable) under 
the node of Nucleus. The subsegmental feature struc-
ture is viewed as an autosegmental structure [1, 7] with 
skeletal and articulatory feature tiers and a prosodic 
structure placed on top of it. 

Feature overlapping is realized by the phonological 
rules we have implemented computationally, incorpo-
rating high-level linguistic information. We have used 
a temporal feature logic [1] as the theoretical basis for 
providing constraints in the formulation of the phono-
logical rules. 

2.2 A Temporal Feature Logic 
A temporal feature logic for the constraint-based 
approach to feature overlapping is a language 
.C(X, P, 7, C) where 

X is a set of variables: a, b, c .. x, y, z .. , etc. 

P is a prosodic structure: {syl, sylconst, seg, 
boundary, stress}. 

7 is a tier structure: { seg, articulator, feature}. 

C is a set of logical connectors: { o, -<, o, lXI, =,....,,V, A, 
V,:l,--T,:=,(,),T,..l}, where o, -<, o, and lXI 
are "dominance", "precedence", "overlap", and 
"mix", respectively. 

The prosodic structure 

1. Vxy, syl(x) 1\ x o y --T sylconst(y) V boundary(y) 
Syllable dominates syllable constituent or bound-
ary. 

2. Vxy, sylconst(x) 1\ x o y --T seg(y) V stress(y) 
Syllable constituent dominates segment or stress. 

3. Vx, boundary(x) --T x E {ub, ue, wb, we, mb, me} 
where the boundary symbols stand for utterance 
beginning, utterance end, word beginning, word 
end, morpheme beginning, morpheme end, respec-
tively. 

4. Vx, sylconst(x) -+ x E {onset, nucleus, coda} 
5. Vx, stress(x) --T x E {0, 1} 

The tier structure 

1. Vx, seg(x) --T 3y, xoyl\articulator(y) 
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2. Vx, articulator(x) --T 3y, x o y 1\ feature(y) 
3. Vx, articulator(x) -+ 

x E {lip, tbld, tdsm, vel, lyx} where the articula-
tor symbols stands for lip, 
tongue-blade, tongue-dorsum, velum and larynx, 
respectively. 

4. Vx, feature(x) --T poa(x)Vcdg(x)Vshape(x) where 
poa stands for place of articulation; cdg stands for 
constriction degree and shape stands for the shape 
of the lips. 2 

Dominance, Precedence, Overlap, and Mix 

The basic properties of o, -<, o are described in [1]. Some 
of the important ones are: 

Vxy, x -< y --T ...., x o y (mutual exclusion of o and -<) 
Vwxyz, w -< x 1\ x o y 1\ y -< z --T w -< z (transitivity 

of -< through o) 

Vxy, x o y --T x o y (locality constraint) 

The first two properties form the "no-crossing con-
straint" [1]. We abandon the "linearity constraint" 
which requires that events of the same sort be in prece-
dence relation only. Instead, we define two dominance 
relations so that sister events are in either precedence 
or overlap relations, regardless of sort: 

't/xy, X 0 Y :=X 0--:n y V X 00 n y (nE N) 

and add two properties: 

1. '<lax, ao--:n X --T 3y, ao--:n y 1\ (x-< y Vy-< x) 
x, y are in the same precedence group n. 

2. 'tJax, aOon X --T :Jy, aOon y 1\ X o y 
x, y are in the same overlap group n. 

The use of the subscript n for the modified dominance 
relations helps to avoid violation of the "no-crossing 
constraint" by identifying groups of dominated events. 
The advantages of this modified dominance relation are 

• Overlapping tiers dominated by a segment can be 
of the same (abstract) sort; and 

• Events of the same sort and on the same tier are 
allowed to overlap, which defines the mix relation 
lXI: 
Vaxy, tier; ( x) 1\ tier; (y) 1\ a o0 i x 1\ a o0 i y := x [X] y. 

This means if events on the same tier overlap in time, 
they are said to mix with each other. As an overlap 
can be either partial or complete, so is the mix relation. 
This mix relation is used to describe coarticulation in-
volving the same dimension in the articulatory feature 
space (i.e., eo-production). 

The temporal feature logic described above is mo-
tivated by empirical observations of speech data in-
cluding articulatory data and speech spectrograms. In 

2 Fig. 2 shows how prosodic and tier structures are mo-
tivated by subsegmental feature structures. 
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particular, we observe that subsegmental, articulatory 
features are components in forming a phoneme and 
at the same time these features can spread beyond 
the conventional boundaries of phonemes, exerting in-
fluences on the articulatory or acoustic properties of 
neighboring phonemes up to some distance away. If we 
consider such spreading as independent events, these 
events can take the form of temporal overlap or tem-
poral mix. Overlap refers to simultaneous events oc-
curring at different tiers (i.e., different articulatory fea-
ture), while mix refers to simultaneous events occur-
ring at the same tier. A combination of overlapping 
and mixing accounts for a great part of the transi-
tional phases between phonemes. In descriptive terms, 
these transitional phases in speech can be modeled by 
a set of feature bundles constructed from interactions 
across phonemes via the mechanisms of overlap and 
mix. These overlapped and mixed feature bundles "de-
rived" from the pre-defined, canonical, context inde-
pendent feature bundles (which are organized by the 
phoneme units) are then taken as the basic units of 
speech to form the HMM state topology for speech 
recognition. 

In Fig. 3, a spectrogram example is given to show 
some acoustic properties of the utterance step in which 
can be described by feature overlapping. The vowel 
/eh/ in word step contains two transitional phases. One 
has a carry-over tongue-tip feature spread from the pre-
vious phoneme /t/; this overlapped feature from /t/ 
to /eh/ accounts for the initial formant transition in 
/eh/. The second transitional phase contains a look-
ahead lips feature spread from the following phoneme 
/p/ . The acoustic effect is a most conspicuous formant 
transition over a major length of /eh/ with the formant 
transition targets towards those of /p/. The stop /p/, 
due to its coda position, has a very weak release phase. 
The spectral shape of the release burst in /p/ is affected 
by the look-ahead tongue dorsum feature spread from 
the following vowel /ih/. The vowel /ih/ is partially 
nasalized due to the velum feature spread from the fol-
lowing phoneme jnj. At the same time, both the lips 
feature from /p/ and the tongue-tip feature of /n/ have 
been overlapped into /ih/, creating the obvious formant 
transition throughout the entire vowel. 

3 Implementation 

3.1 Feature Specification for American En-
glish 

We use a consistent feature specification system for 
transforming segment symbols to feature bundles, 
which is carried out after syllable parsing and before 
the application of feature overlapping rules. This sys-
tem is characterized by the following key aspects: 

• Use five feature tiers (dimensions): Lips, Tongue-
Blade, Tongue-Dorsum, Velum and Larynxi. 

• Feature specification of segments is context inde-
pendent (i.e., showing canonical articulatory prop-
erties coded in symbolic forms) and language in-

Figure 3: A spectrogram example for step in illustrat-
ing acoustic properties associated with feature overlaps 

dependent 3 • 

• Open (underspecified) feature values are allowed 
in the feature specification system. These under-
specified feature values may be partially or fully 
filled by temporally adjacent (specified) features 
during the rule-controlled feature overlapping pro-
cess. The rules are unification based and are orga-
nized in terms of the syllable structure determined 
by the CFG syllable parser. (see Sections 3.2 and 
3.3 for details.) 

The feature specification system we have worked out 
for American English has the following specific prop-
erties. A total of 45 phonemes are classified into 8 
categories: stops, fricatives, affricates, nasals, liquids, 
glides, single vowels and diphthongs. Each phoneme 
is specified with a 5-dimensional feature bundle, corre-
sponding to the five articulators: Lips, Tongue-blade, 
Tongue-body, Velum and Larynx. The values for each 
dimension are symbolic, generally concerning the place 
and manner of articulation (which are distinct from 
other phonemes) for the relevant articulator. The fea-
ture values for any (canonically) irrelevant articulator 
are underspecified (denoted by feature value 0 as in 
Fig.2). 

3.2 Demi-Syllable as the Organizational Unit 
in Formulating Feature Overlapping 
Rules 

Based on the information obtained by the syllable 
parser and the feature specification (including under-
specification) of phoneme segments, the next step is to 
organize the information into demi-syllables, which are 
used to control the feature-overlapping rules to gener-
ate dynamic transition networks of overlapped or mixed 

3 The total repertoire of the featme values is intended 
for all segments of the world languages. For a particular 
language, only a subset of the repertoire is used. 

Summer I998 Australian Journal of Intelligent Information Processing Systems 



feature bundles. A demi-syllable in our system is a se-
quence of broad-phonetic-class labels encompassing the 
phonemes in either syllable-onset plus nucleus, or nu-
cleus plus syllable-coda, together with high-level lin-
guistic information. The broad phonetic classes we 
have used are as follows: 

vO - unstressed vowel 
vl - stressed vowel 
gld- glides 
lqd - liquids 
nas- nasals 
afr - affricates 
fril - voiced fricative 
fri2 - voiceless fricative 
stpl - voiced stop 
stp2 - voiceless stop 

Other symbols included in a demi-syllable are re-
lated to the higher-level linguistic constraint informa-
tion. The word stress information is included in the 
vowel symbols. Other information contained in a demi-
syllable includes 

onset - word internal syllable onset, providing sylla-
ble constituent information 

ionset - word initial syllable onset, providing addi-
tional word boundary information 

coda - word internal syllable coda 
fcoda - word final syllable coda 

As examples, for the three words display, displace 
and strong, the demi-syllables for these words are 

(ionset,stpl, vO), (), ( onset,fri2,stp2,lqd, vl ),() 
(ionset,stpl, vO), ( vO,c~da,fri2), ( onset,stp2,lqd,vl ), 

(vl,fcoda,fri2), 
(ionset,fri2,stp2,lqd, vl) ,( vl,fcoda,nas), 

respectively. 
We have parsed over 6000 words in the TIMIT dic-

tionary and obtained 291 "demi-syllables". 

3.3 Phonological-Rule Formulation 

Given the computational framework based on temporal 
feature logic outlined above, the phonological rules have 
been formulated systematically based on subsegmental 
feature bundles, with the high-level linguistic informa-
tion providing constraint and control. The phonologi-
cal rules will produce asynchrony among the component 
features using the constraints provided by the high-level 
linguistic information. 

The data structure for implementing feature-over-
lapping rules are organized at two levels. The first 
level is called overlapping patterns, each of which cor-
responds to a demi-syllable. Let us denote a broad 
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phonetic category symbol in a demi-syllable by demi-
syllable constituent (DSC), then an overlapping pat-
tern is a list consisting of all DSCs in a demi-syllable, 
together with all possible operators capable of operat-
ing on each DSC given the high-level information. The 
overall data structure for an overlapping pattern then 
is of the following form: 

DSC-1: operatorl.l, operator1.2, .. . 
DSC-2: operator2.1, operator2.2, .. . 
DSC-3: operator3.1, operator3.2, .. . 

As an example, the overlapping pattern that deals 
with the second demi-syllable of the word display is 
defined as follows: 

opat((onset, fri2, stp2, lqd, vl), ((Op2, Op3, Opl3@1), 
(Op2, Opl25@15), (Op3, Op34@4), all)) (1) 

The first parenthesis above contains the information 
specifying this demi-syllable, indicating it is in word-
middle syllable onset (high-level information) and con-
tains a total of four DSCs - voiceless fricative /s/, 
voiceless stop fp/, liquid /1/, and stressed vowel fey/. 
The remaining parentheses contain, for each of the four 
DSCs, varied numbers of possible operators which we 
discuss now. 

The next level of the phonological-rule data structure 
is the operator structure. An operator dictates how 
feature overlapping or mixing takes place over a set 
of sequential feature bundles in specific demi-syllables. 
Each operator consists of four components: 1) action-
indicator, 2) tier-indicator, 3) (optional) feature-value 
constraint, and 4) relative-timing indicator. 

Details are provided for each of the four components. 
First, three choices are possible for an action-indicator: 

L/R: Look-ahead/carry-over feature spread or overlap 
into an underspecified slot 

M/N: Look-ahead/carry-over mix (i.e. eo-production) 
on the same feature tier 

S: Substitution offeature values (e.g. for flap, glottal-
stop, phone reduction or deletion, unreleased stop 
at syllable coda, etc.) 

Second, a tier-indicator is a value specifying at which 
feature tier there will be feature overlapping or mix-
ing or substitution. The convention we used is: tier-
indicator=! for the Lips tier, tier-indicator=2 for the 
Tongue-Blade tier, tier-indicator=3 for the Tongue-
Dorsum tier, tier-indicator=4 for the Velum tier, and 
tier-indicator=5 for the Larynx tier. 

Third, a value constraint may be used to require that 
the spreading feature must have a specific value for the 
operator to be active. That is, the operator can be 
prohibited for other feature values. 

Fourth, a relative-timing indicator is used to specify 
how deep a feature spreading should go into an adja-
cent phoneme. In the current implementation of the 
model, we use four relative-timing levels: 25%, 50%, 
75%, and 100% (full) of overlaps with respect to the 
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Lips 

T.Biade 

T.Dorsum 

Velum 

Larynx 

/U /r/ 
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ClsAiv B.r 
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lrl 

Figure 4: Results of applying operator Op125@15 for 
jtj in jt r/ context 

entire duration of the phoneme. Alternatively multi-
ple levels can be specified for an operator to reflect the 
statistical nature of feature-spreading depth. 

While an operator is defined in the above four-
component data structure, only the name of the op-
erator is used in specifying an overlapping pattern as 
in ( 1). The name of the operator acts as a pointer to 
the four-component definition of the operator discussed 
above. The syntax for an operator-name is: 

Operator-Name := Op N+ [@ N+] 
N := 1 I 2 I 3 I 4 I 5 

where the number(s) after Op stands for (simultaneous) 
overlapping tiers, and the number(s) after the symbol@ 
stands for tiers at which value constraint is (optionally) 
imposed. 

An example in Fig.4 shows the result of applying 
an operator named Opl25@15 to the canonical feature 
bundles of the phoneme sequence /t/, /rf. This oper-
ator is defined as (125@15,L-1-rnd,M-2,L-5-V +,(0.5-0.25-
0.25, 1-0.25-0.25)). 

In this definition, the three tiers (component two) 
Lips (1), Tongue-Blade (2) and Larynx (5) will be ma-
nipulated by the actions (component one) M and L, 
with tiers 1 and 5 constrained by the values rnd and 
V+ (component three). There are two simultaneous 
timing indicators (component four) 0.5-0.25-0.25, and 
1-0.25-0.25, which means that feature spreading at the 
three specified tiers will go into the left feature bundle 
in two possible ways: 1) Lips feature spreading to 50% 
of the entire duration, and Tongue-Blade and Larynx 
feature spreading to 25%, or 2) Lips feature spreading 
to the entire duration and the Tongue-Blade and Lar-
ynx feature spreading to 25%. As a consequence of this 
operator, two new feature bundles (transitional phases) 
are derived. Two possible transition configurations are 
also shown in Fig 4. 

As another example, the operator with the name 
Op125@15 in the overlapping pattern example of (1) 
above works as follows: It operates on the stop con-
sonant fp/ so that the lips (tier-indicator=!), tongue-
blade (tier-indicator=2), and larynx (tier-indicator=5) 
features of the liquid /1/ will spread to the stop's fea-
ture bundle. 

Demi-Syllable List 
leftward scan 

Match Overlapping Pattems 

Get Definition of Operators 

Apply Operators 

d result rightw 

Combine Results 

state transition graph 

Figure 5: The overlapping feature bundle generator 

3.4 Overlapping Feature Bundle Generator 
An overlapping feature bundle generator is a program 
which 1) scans the input sequence of feature bundles 
with high-level linguistic information; 2) matches them 
to corresponding overlapping patterns; 3) executes 
overlapping (or mixing) operations specified in the over-
lapping patterns during the two separate, leftward-scan 
and rightward-scan processes;4 and 4) integrates the re-
sults of leftward-scan and rightward-scan processes to 
produce a state-transition network. A block diagram 
of the overlapping feature bundle generator is shown in 
Fig.5. 

In the program implementing the feature bundle gen-
erator, the following constraints are used to limit the 
solution space: 

Vxy, seg(x) I\ seg(y) I\ x-< y I\ operator(x, l#n) 
--+ feature(y, n, f) I\ -.f = 0 

Vxy, seg(x) 1\seg(y) 1\x-< yl\operator(x,l#n#fl) 
--+ feature(y, n, /2) I\ isa(f2, /1). 

The first constraint above says that in a look-ahead 
feature spreading operation, 5 the relevant slot of the 
right phoneme must have a specified value (i.e., the 
underspecified feature value does not spread). The sec-
ond constraint above says that when the feature-value 
constraint6 of an operator is given, then the relevant 
slot of the right phoneme must have a specified value 
which is of the same type as the one specified in the 
operator. 

At the final stage of the generator program, the 
results of both leftward-scan and rightward-scan pro-
cesses are integrated. The integration is such that any 
two feature bundles overlapping in time will merge their 
features to form the final feature bundle set. 

In the implementation of the overlapping feature 
bundle generator, each overlapping pattern defines a set 
of context-sensitive phonological rules. 7 Look-ahead 

4 The execution starts from the right-most phoneme for 
the leftward-scan process, and it starts from the left-most 
phoneme for the rightward-scan process. 

5 Similar constraints can be given for carry-over feature 
spreading operations. 

6 I.e., component 3 of an operator. 
7 The rules are the 4-component operators defined in each 
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Figure 6: Feature overlaps for words display (upper) 
and displace (lower) 

and carry-over scanning initiate and order the phono-
logical rule applications. The constraints in the opera-
tors limit all possible operators for each phoneme to a 
reasonably small subset. Within the subset of operators 
applicable to a phoneme, the order of the rule applica-
tions is determined by the "rule-specificity", which is 
determined by the number of tiers the operator acts on 
and by whether they are constrained by feature values. 

This overlapping feature bundle generator has been 
programmed in Prolog. The output of the generator is 
a state-transition network for a speech utterance and is 
used as an HMM topology for the feature-based speech 
recognizer. 
3.5 Feature Overlapping Examples 
The first example shows how the words display and 
displace have the feature bundles overlap as the result 
of rule application. After syllable parsing, overlapping 
pattern matching and overlapping operator application, 
the results of the feature overlaps for these two words 
are shown in Fig. 6. Importantly, due to the different 
syllable constituent assignment of /s/ (/d ih s . p I 
ey s/ vs. /d ih . s p I ey /) distinct overlapping rules 
in separate overlapping patterns are specified for the 
two words. This gives rise to the correct phonological 
process that the /p/ in displace tends to be aspirated 
and the /p/ in display becomes largely unaspirated. 

The second example comes from the word strong, 
which contains several optional feature overlaps and 
mixes8 over a variable temporal extent involving lip-
rounding and nasalization. The results of the feature 
overlaps and mixes are shown in Fig. 7. Such variabil-
ity gives rise to a complex network (i.e., state-transition 
graph) as the output of the overlapping feature bundle 
generator. 

4 Speech Recognition Experiments 
In this section we describe our recent speech recognition 
experiments using overlapping feature bundle genera-
tion described earlier in this paper. Our experiments 

overlapping pattem for each phoneme in context. 
8 feature overlapping at the same Tongue-Tip and 

Tongue-Dorsum tiers. 
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T.Dorsum 

Velum 

row0 .. 
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Figure 7: Feature overlaps and mixes for word strong 

were carried out using the TIMIT database and the 
task of word recognition. Our preliminary experimen-
tal results show that this approach is a promising one 
with a number of potential directions of improvement. 

4.1 Automatic Creation of HMM Topology for 
Speech Recognition 

The feature-based speech recognizer we have con-
structed uses a special HMM topology to represent pro-
nunciation variabilities in fluent speech. The variabil-
ities are modeled by parallel feature-bundle state se-
quences as a result of applying phonological rules to the 
canonical , lexical pronunciation representa tions. The 
HMM topology is created automatically, one for each 
TIMIT word. As a summary, this process includes the 
following steps: 1) Parse each phoneme string in each 
word into a syllable structure and then a demi-syllable 
sequence; 2) Match the demi-syllable sequence to its 
corresponding feature-overlapping pattern; 3) Select a 
subset of feature-overlapping operators (defined in the 
feature-overlapping pattern) for each phoneme accord-
ing to the featural context embedded in the sentence; 4) 
Apply the operators (as phonological rules) in the or-
der from high to low specificity; 5) Generate a. full set 
of overlapped or mixed feature bundles and use them 
as HMM states after the operator applications;9 and 
6) Generate state-transition graphs for all the words 
in TIMIT from the parallel feature-bundle transition 
paths. The last step creates the feature-based pro-
nunciation dictionary for a total of 6110 TIMIT words. 
Note that only 901 HMM states are used and long-span 
context dependence has been incorporated due to the 
applications of long-span feature overlapping operators 
(rules) in step 4) above. 

4.2 Statistics in Training and Test Data 

The full set of TIMIT database used in our experiments 
consists of 630 speakers in 8 dialect regions, of which 
462 are in the training set and 168 are in the test set. 
The sentences in the training and the test sets are dis-
joint, except for the two sentences sal and sa2, which 
were spoken by every speaker once. The training set 
contains 4620 sentences and the test set 1680. The 
training set contains 4890 distinct words and the test 
set 2375. Among the total 6110 words in TIMIT, 1155 
word eo-occur in the training and test sets. The remain-
ing 1220 words are unique to the test set (i.e., distinct 

9 A total of 901 such states are automatically generated 
from all TIMIT sentences in the training set. 
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from all words in training). 
The entire set of TIMIT words (training and test 

sets) gave rise to a total of 901 HMM states, one cor-
responding to each distinct feature bundle constructed 
from feature-overlapping operators. Among the total 
of 901, the test set contains 754 states, of which 717 
states also occur in the training set. 37 states occur 
uniquely in the test set. 10 

Compared with words, the training and test sets 
share each other much more based on the feature bun-
dles. The 4890 words in the training set account for 95 
percent of feature bundles in the words in the test set, 
although they only account for 48 percent of the words 
in the test set. 

4.3 The Training Procedure 
In the first stage of HMM training, each word is given 
a feature-defined HMM topology, and this HMM is 
trained with the MFCC data computed from the wave-
form files. Word-boundary information, provided by 
the TIMIT data, is used in training all the HMMs. At 
this stage, the Hlnit and HRest tools in HTK are used. 

The second stage is state-tying. Since states in in-
dividual word HMMs are derived from feature overlap-
ping, each state in a model is made to correspond to 
a unique set (five in number) of features. This infor-
mation is used for tying all the states in all the word 
HMMs to the global901 states. After state-tying, there 
are only 901 unique states with trained single mixture 
Gaussian left for the entire model set. These are then 
put into a master macro file according to the HTK for-
mat. The original word HMMs are then written using 
macro definitions for those states. The transition ma-
trix is retained. After the state-tying, parameter reesti-
mation was carried out again by the HTK tool HERest, 
during which the number of Gaussian mixtures for each 
HMM state was also increased from one to five. 

4.4 Speech Recognition Test Results 
We have carried out speech recognition experiment ac-
cording to the above training procedure. Since the test 
set has half of the words distinct from the training set 
sentences, these missing words are given HMM models 
using the state macros (i.e., a string name linking it to 
a state model in the master macro file). The prelimi-
nary results on the TIMIT test set (1680 sentences) are 
as follows. When no language model is used, the rec-
ognizer gives the word correct rate of 33.77% and the 
word accuracy of 28.19%. When a bigram language 
model is used, 11 the word correct rate is improved to 
76.82% and the word accuracy rate to 75.17%. 

5 Discussion 
In this paper, we report our recent theoretical devel-
opment of an overlapping feature-based phonological 

10For these "unseen" feature bundles in the test set, we fix 
their HMM parameters by using data from trained similar 
states. 

11 The language model was derived from the whole set of 
TIMIT sentences. 

model which has long-span contextual dependence. We 
also report the initial implementation of the model and 
some preliminary speech recognition experiments using 
TIMIT data. We extend the earlier work [5, 6] by incor-
porating high-level linguistic and prosodic constraints 
in automatic construction of the feature-based speech 
units. The linguistic information explored includes ut-
terance, word, morpheme, syllable, syllable constituent 
categories and word stress markers. A consistent com-
putational framework, based on temporal feature logic, 
has been developed for the construction of the phono-
logical model. 

One use of the feature-based phonological model in 
automatic speech recognition is to provide the HMM 
state topology for the conventional recognizers, serv-
ing as a pronunciation model that directly characterizes 
acoustic variability due to phonetic context and speak-
ing style changes. We have built a feature-based speech 
recognizer using the HTK tool for this purpose. 

Our future research will involve use of the feature-
based model developed in this work to control the dy-
namic process of speech production at the phonetic 
level. Seamless interface between the feature-based 
phonological model and the dynamic phonetic model 
for the true speech process has the potential to over-
come many of the critical limitations of the current 
HMM-based speech recognition technology which has 
virtually no structure of the speech process built into 
the speech model. 
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ABSTRACT This paper describes a set of experiments on 
training and search techniques for development of a 
neural-network based continuous digits recognizer. When 
the best techniques from these experiments were combined 
to train a final recognizer, there was a 56% reduction in 
word-level error on the continuous digits recognition task. 
The best system had word accuracy of 97.67% on a test set 
of the OGI 30K Numbers corpus; this corpus contains 
naturally-produced continuous digit strings recorded over 
telephone channels. Experiments investigated the effects 
of the feature set, the amount of data used for training, the 
type of context-dependent categories to be recognized, the 
values for duration limits, and the type of grammar. The 
experiments indicate that the grammar and duration limits 
had a greater effect on recognition accuracy than the 
output categories, cepstral features, or a doubling of the 
amount of training data. In addition, the forward-
backward method of training neural networks was 
employed in developing the final network. Key words: 
speech recognition, neural networks, digit recognition. 

1. Introduction 
Despite many improvements over the years in feature 
representation and training methods, the performance of 
automatic speech recognition systems is still far inferior to 
human performance, especially for telephone-channel 
speech. Our current research on improving recognition 
performance focuses on the telephone-speech continuous 
digits task. Despite its apparent simplicity, this task is 
known to be quite difficult, in large part because statistical 
language models can not be employed. 

The platform for research and development of our 
recognizers is the CSLU Toolkit [1], described in more 
detail below. We have developed a set of procedures 
within the Toolkit for training recognizers on tasks such as 
continuous digit recognition, and a step-by-step tutorial is 
available [2]. The recognition systems described in this 
paper are frame-based hybrid HMMJ ANN recognizers 
with context-dependent categories. The method for 
training such systems is simple enough that a bright high-
school student can complete the tutorial in a few days. On 
the continuous digits task, the training procedure yields 
recognition results that compare favorably to standard 

HMM systems [3]. This paper shows how competitive 
performance was achieved by optimizing several of the 
parameters used in training and searching. Our 
experiments focused on the choice of feature set, the 
amount of data used for training, the type of context-
dependent categories to be recognized, the values for 
duration limits, and the type of grammar1. 

2. The CSLU Toolkit 

2.1. Toolkit Overview 
The CSLU Toolkit is a comprehensive software 
environment that integrates a set of speech-related 
technologies, including speech recognition, natural-
language parsing, speech synthesis, and facial animation. 
The Toolkit has been developed to support speech-related 
research and development activities for a wide range of 
users and uses, and it features GUI authoring and analysis 
tools that enable rapid development of desktop and 
telephone-based speech applications. It is currently used, 
among other places, at the Tucker-Maxon Oral School in 
Portland, Oregon, to create interactive learning 
experiences for both hearing and profoundly deaf children. 
The Toolkit is available at no charge for academic use, and 
can be downloaded over the Internet [4]. Among other 
topics, the Toolkit is designed to enable users to: 
• rapidly design spoken language systems for real 

applications with easy-to-use authoring tools, even if 
the user is unfamiliar with spoken language 
technology; 

• learn about spoken-dialogue systems as well as the 
fundamentals of speech through coursework 
incorporated into the tools; and 

• perform research on the underlying technologies and 
incorporate research advances into working systems 
for evaluation in real applications. 

1 Although a grammar in which any word can follow any other 
word is quite simple, there are some implementation choices that, 
as will be seen, can have a large impact on recognition 
performance. 
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2.2. Levels of the Tool kit 

2.2. 1 Too/kit Core Level 
The core of the Toolkit consists of a set of modules that 

implement technology that is fundamental to all aspects of 
speech processing and facial animation. These modules 
are written in C and form an application programming 
interface (API) that is hardware and operating-system 
independent. The modules contain routines for signal 
processing, training artificial neural networks (ANNs) and 
Hidden Markov Models (HMMs), pipelined speech 
recognition with a Viterbi search, and telephone and 
microphone interfaces. The modules also include a robust 
natural-language parser [5], an enhanced version of the 
Festival text-to-speech system [6] originally developed at 
the University of Edinburgh, an animated talking face 
called Baldi [7] that was developed at the University of 
California, Santa Cruz, and public-domain dictionaries. 
The modules are grouped into functional libraries that are 
dynamically linked and loaded at run time, allowing the 
application to scale in terms of resources. The modules 
can be linked directly into a C program or individually 
loaded into a programming shell, as needed. This 
architecture allows the Toolkit to be easily extended by an 
individual researcher. Great care was taken to design all 
of the core components to operate in as efficient and 
consistent a manner as possible, with special attention 
given to modularity, portability, and extendibility. 

2.2.2 Too/kit Shell Level 
The main application level of the Toolkit is a 

programming shell called CSLUsh (pronounced "slush"). 
CSLUsh incorporates the core technology modules with 
the well known, freely available, and easy-to-learn Tclffk 
scripting language. Each C-language module is made 
available as a Tcl scripting command, and data are 
referenced as objects that can travel a network or be saved 
to disk in a device-transparent way. A CSLUsh 
application is built by using Tcl or Tk commands to call 
the core modules and manipulate the returned objects . 

2.2.3 Too/kit GUI Application Level 
At the highest level of the Toolkit are sophisticated 

GUI applications that allow rapid development of spoken 
language systems or the display and editing of speech data. 
These applications are written using CSLUsh and provide 
the user with an intuitive, powerful interface to the 
underlying speech technology. One such application is 
the Rapid Application Developer (RAD); RAD provides 
developers of speech applications with a graphical 
authoring environment for constructing interactive 
systems. With RAD, the developer can easily control 
Baldi's speech and appearance, modify the recognition 
vocabulary and parameters, employ clickable images, and 
play audio files. 

A second application is Speech View, which allows 
users to create new waveform and label files, display data 
(such as spectrograms) that are associated with a 
waveform, and modify existing waveforms and label files. 
Several independent waveform windows, each with zero or 
more spectrogram and label windows, may be displayed 

simultaneously within Speech View for comparison and 
manipulation. Several spectrogram formats with user-
defined signal processing and display options are avail-
able, and waveform sections corresponding to a phoneme 
or word label can be played back in isolation from adjacent 
phonemes or words. 

Finally, it should be noted that individual researchers 
can modify any level of the Toolkit, adding or changing 
the C modules, CSLUsh scripts, or end-user applications to 
suit their own needs. 

3. Recognition Framework 
The method for training neural network recognizers using 
the Toolkit consists of executing a sequence of CSLUsh 
scripts using description files that specify aspects of the 
corpora, the training conditions, and the recognizer 
architecture. In order to train a new recognizer, the 
description files are created and the CSLUsh scripts are 
used to perform the steps of file collection, category 
mapping, data generation, data selection, network training, 
and network evaluation. The same scripts can be used to 
train task-specific or general-purpose recognizers, using 
one corpus or multiple corpora. Recognizers can be 
trained in different languages; to date, the authors are 
aware of the CSLU Toolkit being used to train recognizers 
in English, Italian, Korean, Mexican Spanish, and 
Vietnamese. 

v ocabulaxy, 
grammar 

Figure 1. Graphical overview of the recognition process, 
illustrating recognition of the word "two". 

Figure 2. 
vocabulary. 

0.1 
HMM state sequence for a two-word 

The basic framework for the Toolkit's hybrid 
HMMI ANN speech recognition systems is illustrated in 
Figures 1 and 2. These systems use features that represent 
the spectral envelope (warped to emphasize the 
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perceptually-relevant aspects [8, 9]) and its energy given a 
fixed window size. These spectral features are computed at 
every 10-msec frame in the utterance and are input to the 
neural network for classification. The neural network 
receives not just the features for a given frame, but a set of 
features for the given frame and a fixed, small number of 
surrounding frames. This "context window" of features is 
used to provide the network with information about the 
dynamics of the speech signal. 

At each frame, the neural network classifies the 
features in the context window into phonetic-based 
categories, estimating the probabilities of each category 
being represented by that set of features. The result of the 
neural network processing is a CxF matrix of probabilities, 
where C is the number of phonetic-based categories, and F 
is the number of frames in the utterance. The word or 
words that best match this matrix of probabilities is 
determined using a Viterbi search, given the vocabulary 
and grammar constraints. The search is usually thought of 
as traversing a state sequence (illustrated in Figure 2 with a 
simple two-word vocabulary), where each state represents 
a phonetic-based category, and there are certain 
probabilities of transitioning from one state to another. 

The major difference between this framework and 
standard HMM systems is that the phonetic likelihoods are 
estimated using a neural network instead of a mixture of 
gaussians. Using a neural network to do this estimation 
has the advantage of not requiring assumptions about the 
distribution or independence of the input data. and neural 
networks easily perform discriminative training [10]. 
Also, neural networks can be used to perform recognition 
much faster than standard HMMs. A second difference is 
in the type context-dependent units; whereas standard 
HMMs train on the context of the preceding and following 
phonemes, our system splits each phoneme into states that 
are dependent on the left or right context, or are context 
independent. 

4. Corpus 
The OGI 30K Numbers corpus [11] was used for training, 
development, and testing the continuous digits recognizers. 
The data in this corpus were collected from thousands of 
people within the United States who recited their telephone 
number, street address, ZIP code, or other numeric 
information over the telephone in a natural speaking style. 
The data were collected from a large number of speakers 
from different backgrounds in different environments, and 
the corpus contains a noticeable amount of breath noise, 
glottalization, background noise (including music), and 
other "real-life" aspects that tend to make automatic 
speech recognition difficult. Of almost 15,000 utterances, 
approximately 6600 utterances have been transcribed and 
time-aligned at the phonetic level by professionallabelers. 
The data have been labeled using Worldbet [12], and all 
phonetic symbols in this paper use the Worldbet notation. 
For the .experiments reported here, we used those 
utterances that contain only the eleven digits (the numbers 
zero through nine, as well as "oh"). Before separating the 
data into training, development, and test sets, about 5% of 
the corpus was culled for independent testing and set aside. 
Three speaker-independent partitions were created from 
the remaining data: 3/5 for training (6087 files, of which 
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2547 Were hand-labeled), l/5 for development testing 
(2110 files), and 1/5 for final testing (2169 files). The 
development partition was further split into five sets of 
roughly 500 files each, and unless otherwise noted, the 
development results reported in this paper are for the first 
of these five sets (423 files2). This subset of the 
development set was used in order to be able to evaluate 
word-level performance with a large number of networks 
and search parameters in a reasonable amount of time. 

5. Baseline System 
The baseline system was trained using approximately the 
same method and parameters as the digits recognizer in the 
March 1998 release of the CSLU Toolkit. 

One of the first steps in training the baseline system 
was to automatically map the hand-labeled phonetic 
symbols to a consistent set of symbols suitable for training. 
For example, the second vowel in the word "seven" was 
mapped to the single vowel 1&1 (Worldbet notation for a 
neutral vowel), as there was a high degree of variability in 
the way that this vowel was labeled. In addition, the /oU 
9r/ phonemes in the word "four" were merged into one l>rl 
phone, and the lkh s/ phonemes at the end of the word 
"six" were merged into one phone represented by the 
symbol/ks/. Finally, very short pauses (with duration less 
than 30 msec) were removed in order to improve the 
number of available contexts, and glottalization labels 
were merged into the surrounding vowels. 

The system was trained to recognize context-dependent 
units. For left and right contexts, pauses and stop closures 
were mapped to the symbol /uc/ (unvoiced closure), and 
dentals (/th/,/s/, and the right half of lksl) were mapped to 
the broad-category symbol /den/; otherwise the contexts 
were phoneme-specific. Each phoneme was split into one, 
two, or three sub-phonetic parts. The left part is dependent 
on the context of the preceding phoneme (or phonetic 
broad category), the center part (if any) is context 
independent, and the right part is dependent on the 
following phoneme (or phonetic broad category). 
Phonemes that remain as a one-part phoneme can either be 
context-independent (for example, /.paul) or dependent on 
the following phoneme (for example, /thl). 

The system was trained using 13 MFCC [9] features 
(12 cepstral coefficients and 1 energy parameter) plus their 
delta values, with a 10-msec frame rate. Cepstral-mean 
subtraction (CMS) [13] was performed, with the mean 
computed using all frames of data. The input to the 
network consisted of the features for the frame to be 
classified, as well as the features for frames at -60, -30, 30, 
and 60 msec relative to the frame to be classified (for a 
total of 130 input values). As many as 2000 samples per 
category were collected for training. Neural-network 
training was done with standard back-propagation on a 
fully-connected feed-forward network. The training was 
adjusted to use the negative penalty modification proposed 
by Wei and van Vuuren [14]. With this method, the non-
uniform distribution of context-dependent classes that is 

2 In order to keep the development subsets speaker-independent, 
the subsets could not be split so that they each contained the 
same number of files; the first of these sub-sets happened to 
contain only 423 files. 
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dependent on the order of words in the training database is 
compensated for by flattening the class priors of 
infrequently occurring classes; this compensation allows 
better modeling for an utterance in which the order of the 
words can not be predicted. 

Typical state duration models yield a Geometric 
distribution of state occupation, with rapidly decreasing 
likelihood of remaining in a given state as time increases. 
This shortcoming has been addressed before, by applying 
duration models based on Gamma distributions [15] as 
well as duration probabilities based directly on the training 
data [16]. In our implementation, transition probabilities 
were set to be all equally likely, so that no assumptions 
were made about the a priori likelihood of one category 
following another category. In order to make use of a 
priori information about phonetic durations, and to 
minimize the insertion of very short words, the search was 
constrained by specifying minimum duration values for 
each category, where the minimum value for a category 
was computed as the value at two standard deviations from 
the mean duration. During the search, hypothesized 
category durations less than the minimum value were 
penalized by a value proportional to the difference 
between the minimum duration and the proposed duration. 

The grammar allowed any number of digits in any 
order, with optional silence between digits. In addition, a 
special word called "garbage" was allowed at the 
beginning and end of each utterance to account for out-of-
vocabulary sounds. This "garbage" word consisted of a 
single context-independent category (also called 
"garbage"); the value for this category was not an output 
of the neural network, but was computed as the ~-highest 
output from the neural network at each frame [17]. For 
example, if a neural network has three output values at one 
frame, {0.10, 0.60, 0.30}, and N is 2, then "garbage" at 
that frame is 0.30 (the second-highest value). In this 
study, N was set to 5; this value was empirically 
determined by varying N until a roughly equal error rate 
between insertions and deletions was obtained on our task. 

Training was done for 30 iterations, and the "best" 
network iteration was determined by word-level evaluation 
of the final 15 iterations on the development-set data. 
Then, each waveform in the same hand-labeled training set 
was then recognized using this best network, with the 
result constrained to be the correct utterance. This 
process, called "forced alignment," was used to generate 
time-aligned category labels. These force-aligned 
category labels were then used in a second cycle of 
training, and evaluation was repeated to determine the 
final digits network. 

6. Experiments 
We evaluated several aspects of training a digit recognition 
system, including the feature set, the amount of data used 
for training, the type of context-dependent categories, the 
values for duration limits, and the type of grammar. Once 
these experiments were completed, we trained a final 
system using forced alignment and the forward-backward 
method (18]. Each of these aspects is described in more 
detail below. 

6.1. Features 
As was noted by Bamard et al., "When speech 

recognition is performed with neural [networks], one 
should try to capture the important features of the desired 
output classes by features with invariant meaning. This 
will often require considerable knowledge of the speech 
problem ... " [19]. Although our knowledge of human 
speech processing is limited, the first set of experiments 
was designed to determine which of the commonly used 
feature types, if any, are more suitable for classification by 
the neural network. We evaluated word-level performance 
of two common feature representations with and without 
their delta values. 

Ten sets of features were evaluated: 13th-order MFCC 
with delta values (as used in the baseline system, referred 
to as MFCCJ3D), 13'h-order MFCC with no delta values 
(MFCC13), 91h-order MFCC with and without delta values 
(MFCC9D and MFCC9), 13th -order and 9th -order PLP 
with and without delta values (PLP13D, PLP13, PLP9D, 
PLP9), a combination of l31h-order PLP and 13th-order 
MFCC (PM13), and a combination of 9th-order PLP and 
9th -order MFCC (PM9). 

The evaluation of the combination of PLP and MFCC 
features was motivated by the hypothesis that training with 
the two slightly different representations might provide 
somewhat more robustness . 

The evaluation of each type of feature with and without 
delta values was motivated by the belief that the neural 
networks should, in theory, be able to learn the 
information provided by the delta values without having 
these values provided explicitly; the context window 
provided to the network already includes information 
about how the signal changes over time. By not using 
delta values, a smaller number of parameters needs to be 
estimated during training, which has the potential to make 
the training data easier to learn. 

Two different cepstral orders (9 and 13) were used to 
test if the default value of 13 is an over-representation of 
the signal; with a sampling rate of 8000 Hz, there are on 
average only 4 formants, and the signal should be 
adequately represented by 2 cepstral coefficients per 
formant plus an additional coefficient to approximate the 
effect of the glottal source. Again, the smaller number of 
parameters required by a lower cepstral order may make 
the training data easier to learn. 

All features were computed using RASTA [20] pre-
processing, which filters out both very fast and very slow 
changes from the short-time spectrum. In an initial set of 
experiments [21], CMS was used with the MFCC 
parameters and RASTA was used with the PLP parameters 
to further distinguish the two methods. However, it was 
noted that the CMS processing was not pipelined, and so 
the entire waveform was used to compute the mean before 
doing subtraction. RASTA, on the other hand, does not 
look ahead in time when doing normalization. This may 
have given the MFCC/CMS combination a slight 
advantage over the PLP/RAST A combination. In a real-
time system, where the utterance is processed in short 
segments, CMS will not have access to the entire 
waveform and may yield different results; RASTA, on the 
other hand, will give the same results. In order to have the 
results of these experiments generalize to real-time 
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systems, RASTA was used for all experiments reported in 
this paper. 

6.2. Duration Limits 
As noted in Section 5, duration limits are used to control 
the number of insertions of very short words. When there 
is a state transition during the Viterbi search, a check is 
made to see if the amount of time spent in that state is less 
than a minimum value. If the duration is less than the 
minimum, then a penalty is applied, with the penalty being 
linearly proportional to the difference between the 
proposed state duration and the minimum duration. (In a 
similar way, maximum duration limits are also applied, but 
their effect is not nearly as great as the minimum limits.) 
In the baseline system, the minimum and maximum values 
were set equal to two standard deviations from the mean 
duration. This was done to remove outlier durations that 
are not representative of their category (such as when 
phoneme deletion is not accounted for in a word model). 

The formula for computing default minimum duration 
values was implemented based on educated guesses about 
the nature of phonetic durations. Our experiments on 
duration limits were motivated by the need for empirical 
justification for duration limit values. We evaluated each 
of the 10 recognizers trained with the features described 
above using four types of duration limits: with minimum 
duration values taken at two standard deviations from the 
mean (the default, referred to as 2SD), from the 2nd 

percentile of all duration values (2P), from the 5th 
percentile of all duration values (5P), and from the 8th 
percentile of all duration values (8P). 

The motivation for comparing the standard-deviation 
based limits with the percentile-based limits was related to 
assumptions about the distribution of the data. It was 
thought that although two standard deviations from the 
mean might be an appropriate value if the data are 
normally distributed, a percentile-based method may be a 
more reasonable method of removing outliers if the data 
are not normally distributed. 

6.3. Grammar 
The grammar for the baseline digits recognition system 
was defined as 

[separator] <digit [silence]> [separator] 
where square brackets ([]) indicate optional items, and 
angle brackets ( <>) indicate one or more repetitions. The 
separator word was defined as 

silence [garbage] silence 
where garbage, as noted in Section 5, was a context-
independent single-category word, with the category 
computed as the 5th-highest output from the neural network 
at each frame. This grammar allows optional silence 
between words and will be referred to as the SIL grammar. 

We also investigated the use of a grammar that allows 
optional garbage to occur between words as well as 
silence. This grammar was defined as 

[separator] <digit [separator]> [separator] 
and will be referred to as the GAR grammar. 

The motivation for evaluating both of these grammars 
was to test whether the optional pauses between words are 
modeled sufficiently well by the silence category, or 
whether a more complex model is needed. The risk of 
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using the GAR grammar was that the number of deletions 
would increase, by having valid words recognized as 
garbage. On the other hand, it was thought that the GAR 
grammar might provide better modeling of the non-speech 
sounds that may occur between words. 

6.4. Categories 
As mentioned in Section 3, the networks are trained to 
recognize context-dependent categories. The contexts of 
each category can be either phoneme-specific or contain 
broad classes of similar phonemes; we evaluated all ten 
sets of features with both types of contexts: phoneme-
specific (the default, PHON) and broad-class (BC). The 
broad classes of phonetic contexts are specified in Table 1. 
(The notation "_1" indicates that the context occurs on the 
left side of a phoneme; the "_r" notation indicates a 
context occurring on the right side of a phoneme.) The 
PHON recognizer had 218 outputs, and the BC recognizer 
had 149 outputs. 

name of phonemes in 
broad class broad class 

bck l oU w u 
bck r oU w 
den 1 s z th T ks 
den r s z th T 
lab f V 

ret l 9r >r 
ret r 9r 
sil .pau tc kc .garbage 

Table 1. Broad class names and phonemes in each broad 
class. The "_1" and "_f' notation in the broad class name 
indicate whether the context occurs to the left or right of 
the phoneme. 

The motivation for using the PHON set of categories 
was that the phoneme-specific differences in a particular 
context may provide additional information about the 
word. The motivation for using the BC set of categories 
was the belief that the phoneme-specific differences within 
one broad class are minimal, and that trying to determine 
minor phonetic differences in multi-speaker data might be 
difficult; the reduction in the number of categories to be 
learned may make training easier. 

6.5. Amount of Data 
We trained all of the systems described above on hand-
labeled data using as many as 2000 samples per category. 
Using the best duration, garbage, and category models, we 
then trained networks on the 10 feature sets with all 
available hand-labeled data. 

The motivation for this comparison was to estimate the 
effect on recognition performance when the amount of 
training data is increased. 

6.6. Forced Alignment Training 
Training on force-aligned data often results in improved 
recognizer performance because the sub-phonetic category 
alignments are determined from the speech data rather than 
by simply dividing the duration of a phonetic label into 
halves or thirds. Furthermore, it allows training on all 
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available training data, instead of just the available hand-
labeled training data. The best network from Section 6 
was used to force-align all training data, and a forced-
alignment system, called FA , was trained from these data. 

6.7. Forward-Backward Training 
In addition to forced-alignment training, it is possible to 
use the forward-backward method to train neural networks 
[18]. We trained with this method for 45 iterations, using 
the FA recognizer as a starting point, and created a 
recognizer called FB. This was the recognizer on which 
test-set evaluation was done. 

6.8. Evaluation Methodology 
Due to the large number of possible combinations of tests, 
we conducted the evaluation using the following 
methodology: 
l. Create the baseline system as described in Section 5, 

to confirm that the results of this recognizer are 
comparable to the results of the March 1998 CSLU 
Toolkit digits recognizer. 

2. Train and evaluate the 10 sets of features with 2000 
samples per category and the phoneme-specific 
category model, using the four duration models and 
two grammar models in combination (80 systems 
trained with up to 2000 samples per category, 
evaluated on the development set). 

3. Using the best duration and grammar models from 
Step 2, train and evaluate the broad-class category 
model with the 10 sets of features (an additional 10 
systems, trained with up to 2000 samples per category 
and evaluated on the development set). 

4. Using the best category, duration, and grammar 
models from Step 3, train networks with the 10 feature 
sets on all available hand-labeled data, to study the 
effect of the amount of data (an additional 10 systems, 
trained with all hand-labeled training data and 
evaluated on the development set). 

5. Using the best network from Step 4, do forced-
alignment and forward-backward training (an 
additional 2 systems, trained with all training data and 
evaluated on the development set). 

6. Select the best network from Step 5 and perform test-
set evaluation (final evaluation of best system). 

For evaluating the final recognition system and the 
baseline system on the test set, we computed the 
significance level using McNemar's test [22] (at the 5% 
level) and confidence intervals for both systems (at 95%). 
For computing the confidence intervals, we divided the 
test set into ten subsets (with approximately 217 utterances 
per subset) and determined the recognition accuracy on 
each of these subsets. 

7. Results 
The baseline system that we trained had word-level 
accuracy of 94.54% and sentence-level accuracy of 
80.61%, which is comparable to the performance of the 
digits recognizer in the March 1998 release of the CSLU 
Toolkit, with 94.63% word accuracy and 82.27% sentence 
accuracy. A significant difference between the two 

systems can not be claimed for the sentence-level results at 
the 5% level (P=0.44). 

For the next set of experiments, statistical significance 
testing was not done, because our goal was to measure 
improvement of a final system that employs all of the best 
available features; our goal was not to test whether the 
features that we selected as best can be considered 
significantly better3. Significance testing was done on the 
final system. 

Figures 1 shows the results of the 10 feature sets 
evaluated on the four duration models with the SIL 
grammar. Figure 2 shows the results of the 10 feature sets 
evaluated on the four duration models with the GAR 
grammar. It is immediately obvious that the 2SD duration 
model yields lower word-level accuracy than the other 
duration models for all ten feature sets and two grammars. 
It can also be seen by comparing Figures 1 and 2 that the 
GAR grammar has better results than the SIL grammar for 
all ten features and four duration models. The average 
word-level results for the 2SD, 2P, 5P, and 8P duration 
models with the GAR grammar are 94.54%, 96.51%, 
96.37%, and 95.88%, and so the GAR grammar with the 
2P duration model was selected as the best combination. 
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Figure 3: Word-level accuracy results for each of the 10 
features using the four duration models with the SIL 
grammar. The horizontal axis codes are explained in 
Section 6.l. The black bar is for the 2SD limits, the white 
bar is for the 2P limits, the dark-gray bar is for the SP 
limits, and the light-gray bar is for the 8P limits. 
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Figure 4: Word-level accuracy results for the same 10 
feature sets as in Figure 1, using the same four duration 
models but with the GAR grammar. 

3 If statistical significance is not found, then significance can not 
be detected, which is different than the difference being 
insignificant. 
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Figure 5 shows the word-level performance of the BC 
and PHON category models for the ten feature sets (using 
the GAR grammar and 2P duration limits). The BC 
recognizer had 149 outputs, and the PHON recognizer had 
218 outputs. It can be seen that the recognizers trained 
with the PHON categories had results consistently better 
than the recognizers trained using the BC categories, with 
an average 14% reduction in error. As a result, the PHON 
categories were selected as best. 

Figure 6 compares the word-level performance of the 
recognizers trained using up to 2000 samples per category 
(177560 vectors, with an average of 814 samples per 
category) with the recognizers trained using all available 
hand-labeled data (402493 vectors, with an average of 
1846 samples per category). The recognizers trained using 
all available data had, on average, a 7% reduction in error 
with 2.27 times the amount of training data. The feature 
set with the best performance on all training data was 
PLP13D, and so this set was used for subsequent 
experiments. 

98.0 ~---------------, 

97.0 - - - - .. - .................. - ...... - . - - ..... . 

96.0 

95.0 

Figure 5: Word-level accuracy results for the same 10 
feature sets as in Figure 1 (using the GAR grammar and 2P 
limits), comparing the PHON categories (dark bar) with 
the BC categories (light bar). 
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97.0 -- ..... - .. 
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Figure 6: Word-level accuracy results for the same 10 
feature sets as in Figure 1 (using the GAR grammar, 2P 
limits, and PHON categories), comparing the recognizers 
trained with 2000 samples per category (dark bar) and 
recognizers trained with all hand-labeled data (light bar). 

Given the results of these experiments, the best set of 
parameters was determined to be the GAR grammar that 
allows optional garbage between words, the 2P duration 
limits which are computed from the 2"d percentile of 
duration values, the use of all available data, the PHON set 
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of phoneme-specific categories, and 131h order PLP 
coefficients with their delta values. The system trained 
with these features on all available hand-labeled data had 
97.06% word accuracy and 88.65% sentence accuracy on 
the development set. 

For forced-alignment training, an average of 7676 
samples per category were available. The development-set 
results from forced-alignment training were 97.56% 
(word) and 89.83% (sentence). Finally, the development-
set results from forward-backward training were 97.56% 
(word) and 89.60% (sentence). 

The results of test-set evaluation are summarized in 
Table 2. The 91.24% sentence-level result on 2169 files 
(12437 words) is significantly better than the 80.08% 
baseline result (P<0.01), and the confidence interval is 
±0.73% for the baseline recognizer and ±0.71% for the 
new recognizer. 

System Word Sentence Confidence Reduction 
Accuracy Accuracy_ Interval in Error 

Baseline 94.65% 80.08% 94.65±0.73% nla 
New 97.52% 90.36% 97.67±0.71% 56% 

Table 2: Test-set results for the basehne system and the 
new system, where the new system was trained with the 
set of best parameters as determined from the 
experiments in this paper. Evaluation was done on 2169 
utterances (12437 words). 

8. DISCUSSION 
The results indicate that changing the grammar and 

duration limits had the greatest effect on recognizer 
performance, and that forced alignment of all data had the 
second-greatest effect. 

The use of all available hand-labeled data, the type of 
categories, and the choice of features yielded smaller 
improvements. For the choice of features, the use of 13 
cepstral coefficients and delta features often yielded a 
small improvement over the use of 9 coefficients and no 
delta features. This suggests that the extra cepstral 
coefficients and delta features do in fact provide useful 
information, although the differences in performance are 
overshadowed by other factors. The combination of PLP 
and MFCC features did not yield a noticeable, consistent 
improvement over the use of delta features with either 
MFCCorPLP. 

The combination of all best feature sets and models, as 
well as forced-alignment training, did result in a 
statistically significant 50% reduction in test-set error. 
Rather than one factor being principally responsible for the 
improvement, it seems that the duration limits, grammar, 
amount of data, and forced-alignment training were all 
effective in contributing to the final performance. The 
forward-backward training did not improve performance in 
this experiment, but it should be noted that in a previous 
experiment on the same development set [21], forward-
backward training did result in a 23% reduction in error. 

The run-time complexity of the final system is the 
same as for the baseline system; both run in approximately 
real-time and have the same network configuration. 
Training time has been increased, simply because more 
training data is used for forced alignment and the forward-
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backward method requires another cycle of network 
training; in many cases, the improvement in results would 
justify this additional training time. 

For those who would like to replicate our results or try 
further experiments, both the OGI Numbers corpus and the 
CSLU Toolkit can be downloaded from 
http://cslu.cse.ogi.edu/ (free for academic use). 
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Abstract 
Multinet is a modular connectionist classifier architecture. It is layered, with a first layer consisting of at least one primary 
'detector' trained individually per class. Its second layer consists of one combining net per class which estimates the 
posterior probability for that class. In this paper we first consider the motivations for using a modular appmach to connec-
tionist classifiers. We then show how Multinet may be used as part of a hybrid HMM-NN speech recognition system. We 
present results showing that some of the anticipated gains from modularisation are actually delivered, using experiments on 
TIMIT and RM phone and word recognition tasks. 

1 Introduction 
Large vocabulary automatic speech recogmtwn systems 
employing hybrid HMM-NN acoustic modelling have been 
around for a number of years [14]. A common approach 
couples a monolithic Multi-Layer Perceptron (MLP) with 
one output per phone with single-state Markov phone 
models. Input to the MLP is a sequence of speech frames 
centred on the current. This allows the MLP to take over 
the role of modelling the time development of the phone 
which would otherwise be done by a multi-state HMM. 
This modelling can then be done with less restrictive statis-
tical assumptions. The MLP is trained with a target of 1 for 
the output indicating the current phone and 0 for all other 
outputs. It is well-known that such an MLP can estimate 
posterior probabilities for all phones, conditional on the 
input space, provided it has sufficient resources, infinite 
training data is available and training does not get stuck in a 
local minimum [3]. Posterior probabilities can be scaled for 
use instead of emission likelihoods in an HMM framework. 

There are a number of practical difficulties which stand 
in the way of this simple view. In the first section of this 
paper we shall argue that these indicate that a monolithic 
MLP may not be the best approach in practice, and that a 
modular solution could be better. We shall then describe 
our modular architecture, Multinet, and motivate the detail 
of its design. The rest of the paper will be given over to a 
presentation of results from an evaluation of Multinet on 
TIMIT and RM tasks. 

2 The Arguments for a Modular 
Architecture 
2.1 Limited Training Data 
However much training data we have we will always be 
challenged by the sparsity of the data for some phones in 
some regions of the input space. This is because the data is 
scattered in a highly non-uniform manner through the 
space. A potential strength of an MLP classifier is that it 
can capture correlations in the high-dimensional space of 

sequences of input frames. Unfortunately this exacerbates 
the data sparsity problem considerably. We must estimate 
the parameters of a more complex model from the evidence 
of the same number of data points, when these points are 
scattered in a space of higher dimension. 

When we have limited training data it is not the case that 
best estimates of posterior probabilities are obtained when 
error is at a minimum on the training data. This is because 
the actual scatter of training data in the input space gives an 
unreliable estimate of the underlying distribution if 
observed in too fine a detail. Any proposed strategy for 
fitting to limited data must be analysed in terms of the 
expectation of its error over many fits to many data sets, 
drawn from the same underlying distribution. At each point 
in the input space this expected error breaks down into 
three components: an intrinsic error, a bias(squared) and a 
variance [9]. A close-fit strategy can minimise expected 
bias but will have excessive variance. Conversely a 
strategy which fails to fit closely enough may minimise 
variance but will have excessive bias. An optimum strategy 
would jointly minimise bias and variance, simultaneously, 
at every point in the input space. In practice we are not 
likely to know enough about the statistics of our data to do 
this directly. 

A pragmatic approach to the problem is known as cross-
validation. This is a (possibly repeated) procedure where 
some partition of the available data is made into a training 
subset and a cross-validation set. During training the error 
on the cross-validation set is monitored. Typical behaviour 
is for this error to decrease initially during training, and 
then at some point, before error is minimum on the training 
set, to begin to rise again. The minimisation of this error is 
used as the criterion for early stopping of training. Cross-
validation schemes must all compromise to some extent 
between the need for data to guide the error descent of the 
net and data to indicate when an early stop should be made. 

Once it is realised that optimal modelling from limited 
data requires the correct bias/variance trade-off at every 
point in the data space simultaneously, it becomes 
questionable whether one model fitted to the entire space 
can ever be optimal. Thus modular methods which sub-
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divide the input space for separate modelling may achieve 
better results. 

2.2 Training Times and Modelling Wider 
Acoustic Context 
It is observed that the performance of a hybrid HMM-NN 
system using an MLP improves as more input frames are 
employed by the network .. There are two sources for this 
improvement: 

• A better view of the target phone is being obtained, 
even when the input frames to the net are mis-aligned 
with the boundaries of the observed phone. 

• The net begins to see the adjacent phones and can take 
their expression into account when estimating the 
posterior for the current phone. 

As input frames to the net increase the latter takes over 
from the former in significance, and we begin to model the 
target phone in its wider acoustic context. Unfmtunately, as 
the number of inputs gets larger, a monolithic MLP gets 
harder to train . It is not practical at present to train a 
monolithic MLP to estimate posterior probabilities on a 
field-of-view which encompasses phones either side of the 
current. The natural solution is to find a decomposition of 
the problem into sub-problems, each solved with a 
separately-trained network. Potential advantages include 
the following: 

• Training of individual nets may be done in parallel. 
• Nets may be individually retrained. 

• Network resources can be tuned to need, saving 
training time, and improving accuracy for limited 
resources. 

Notice that this approach to context-dependent acoustic 
modelling should be contrasted with the standard approach 
in an HMM framework. The standard approach splits the 
modelling of a phone into a set of context-dependent 
models, each individually estimated from examples of the 
phone in known phonetic contexts. A possible objection to 
having a single context-dependent model for each phone is 
that it is necessarily more complex, as it has to model all of 
the variability of the phone. However, separate estimation 
of phone models for all contexts has its problems, as insuf-
ficient data is available for estimation in rare contexts. A 
joint estimation has the value of smooth interpolation 
across contexts. 

2.3 Front-End Processing 
Typically speech is processed in fixed, overlapping, frames 
to give a compact feature vector at each frame. The feature 
extraction process has been optimised over the years and is 
now closely matched to the needs of an HMM modelling 
emission likelihoods with mixtures of Gaussians. The 
implicit assumption is that speech is a piecewise stationary 
process, and the emphasis is on accurately modelling the 
emission of each individual frame of speech given the 
current Markov state is known. However it has become 
common practice to augment the feature vector with first 
and second derivatives. This is a crude but simple approach 

which allows an HMM to model speech dynamics using 
state emission rather than state transition . The success of 
this addition encourages us to think further gains may be 
possible. 

Connectionist acoustic modelling forces some re-
consideration of this standard approach. As we have stated, 
in common hybrid HMM-NN systems an MLP is asked to 
model the time development of the phone and may be 
asked to estimate posteriors conditional on a wider acoustic 
context. The MLP's inputs are typically a sequence of 
feature vectors, extracted as if for standard HMM 
modelling. However, there are less redundant ways to 
represent the time-frequency behaviour of a large window 
of speech. A whole family of methods is discussed by 
Cohen in [4). 

It is also possible to employ a more heterogenous 
approach to feature extraction. It only makes sense to track 
some speech features, such as voicing and pitch, over fairly 
long timescales. However the click-like events present in 
plosives need to be detected using an analysis which gives 
good time resolution, but consequently poor frequency 
resolution. Certain types of information may be obtained 
on timescales of syllables or even words [5][21]. 

An appealing approach is to tune the feature extraction 
on a phone by phone basis. A separate MLP can then be 
trained to distinguish each phone from all others in this 
special input space. The challenge is to show how modular 
classifiers, using different input spaces, can be integrated 
into an architecture which generates posterior probabilities. 

3 Modular/Ensemble Approaches to 
Classification 
Modular neural networks [19][1][2] exploit the principle of 
divide-and-conquer to solve classification problems. An 
important benefit is that the resources for each unit can be 
allocated explicitly, and matched to need. In early work 
Waibel applied modular time-delay neural networks to 
phone classification [19). Neural net ensembles 
[10][121[13], on the other hand, consist of different classi-
fiers nominally trained for the same task. Some method 
such as averaging must be used for combining their 
outputs. An ensemble can be a more accurate classifier if its 
members represent weakly-correlated attempts at the same 
classification task [18]. However, greater benefits are likely 
to be obtained if ensemble members concentrate on 
different regions of the input space. This can be achieved 
directly using schemes like boosting [ 17]. Another 
approach is the Hierarchical Mixture of Experts (HME) 
architecture of Jordan [ 11]. The HME architecture explains 
how experts can be trained whilst simultaneously training 
gating networks to combine their outputs. Trained experts 
and gates form a tree structure which may be fixed, or 
adapted during the development of the classifier [20). The 
HME architecture has been applied to speech with good 
results [7]. The best results are obtained when the hierar-
chical structure can be adapted to the classification task. 
This is not easy and it may be necessary to prune the tree 
structure as well as grow it. 

Another approach to hierarchical connectionist acoustic 
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modelling is the ACID architecture [8]. This architecture is 
particularily directed at context-dependent acoustic 
modelling where many 1000s of HMM states may have to 
be modelled. The approach adopted is a cascaded factori-
sation of the desired posteriors, giving rise to a tree 
structure. This also partitions the training data into subsets 
which are used for the individual estimations of factors. An 
information divergence criterion is employed to decide 
exactly how to perform data partitions. A successful appli-
cation of the criterion is crucial. 

4 The Multinet Architecture 
The Multinet architecture [15] is a framework for 
combining heterogenous modular and ensemble classifiers. 
The modularisation applied is by class and thus, in the case 
of speech, by phone. 

Primary 
Detectors 

Posterior 
Nets 

Inputs 

Posterior Probabilities 

Figure 1: The Multinet Architecture 

The Multinet architecture is shown in figure I. It is a 
layered classifier architecture, with individually trained 
primary 'detectors' followed by a layer of combining nets, 
one to estimate the posterior probability for each class. 

4.1 The Primary Detectors 
A variety of primary detectors may be trained. Most 
simply, a primary phone detector can be trained to distin-
guish its phone from all others. This can be done by 
training it on examples of all phones, in their normal 
proportions. Such a detector wi\1 approximate the posterior 
probability of its phone on the chosen input space. 

Phone detectors may be trained on a subset of the 
available data. So, for example, vowel detectors may be 
trained on data which excludes the diphthongs. This 
enables a much smaller field-of-view to be used as input, 
since time development is not such a crucial issue for 
vowel discrimination. Phone detectors may also be trained 
on a re-sampling of the input space. 

As we discussed in section 2, front-end processing may 
be matched to phone. Luckily long phones like diphthongs 
do not require fine time resolution for identification. Thus 
we can employ a relatively slow frame rate in preparing 
training data for diphthongs. This time the plosives and 
affricatives are excluded from the training. A further 
benefit is that larger fields-of-view can be represented with 
less input feature vectors. This can make a large number of 
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detectors very much more etlicient. 
Two simple approaches to this are available with 

Multinet: primary detectors can be trained to use such 
evidence, or the evidence might be regarded as primary, to 
be passed to all posterior nets for weighting. Either way the 
evidence can be smoothly integrated. 

Whenever more than one primary detector can be 
designed for a given phone there is the possibility that they 
make different kinds of errors when classifying that phone. 
This can easily be detected, and is a sutlicient condition for 
considering the inclusion of both detectors in the archi-
tecture. This is the same concept as employed in a neural 
network ensemble. Combining their opinions in the correct 
balance will be trained in the posterior layer of the archi-
tecture. 

4.2 The Posterior Nets 
There are as many posterior nets as there are phone classes. 
Each is connected to all of the outputs of the primary 
detectors and trained using all of the training data in a 
separate exercise with the primary detectors utilised, but 
held fixed. It has a target of 1 for its phone and 0 for all 
other phones. Its task is to estimate the posterior probability 
of its phone on the complete input feature space. Notice 
that it does this using only the opinions of the primary 
detectors as data. It does not see the original input space, as 
this would make each posterior net more costly than we 
desire. 

The posterior nets re-scale primary detectors which have 
been trained on biased input spaces. They combine the 
opinions of ensembles for the same phone. They also 
balance detectors which have been trained on different 
input feature spaces. They are small nets which are quick to 
train, because the primary detectors do most of the work. 

5 Experiments and Results 
5.1 The Experimental Set 
In order to make comparisons with standard context-
independent systems we have implemented an HMM 
system which employs 3-state models for phones. Emission 
likelihoods are estimated with continuous mixtures 
consisting of 8 Gaussians for each state. We have also 
implemented a hybrid HMM-NN system which can be used 
to compare Multinet with a standard monolithic MLP. 
Single-state Markov models are employed, with either of 
the NN systems providing emission likelihoods from scaled 
posteriors. 

Our training and test data are taken from the TIMIT and 
RM speech corpora. For TIMIT we train using the recom-
mended training set (3696 si and sx sentences). We then use 
the full test set ( 1344 si and sx sentences) to obtain our 
quoted results. For RM we employ the Oct89 recom-
mended training and test sets. We employ the common 39 
phone label set which collapses the 61 TIMIT labels [16]. 
Each 16ms frame of speech is processed into 15 mel-
frequency cepstral coefficients (MFCCs), plus energy, at an 
8ms frame rate. We also calculate delta-MFCCs and delta-
energy using a window of 5 frames, giving a feature vector 
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with 32 coefficients in all. All networks are trained with a 
sum-squared error criterion, whilst monitoring sum-
squared error on the cross-validation set. The learning rate 
is held fixed until en-or increases on the cross-validation 
set. It is then halved at each subsequent epoch. A maximum 
of 10 training epochs are used for each net. We report three 
kinds of result: 

For the TIMIT database only, we evaluate performance 
using phone classification: all one-state phone models are 
allowed to compete to label each phone segment as given 
by the supplied TIMIT markup and the most likely wins. 
We then count the percentage conect. Notice we implicitly 
accept the TIMIT markup decision as to the segment label, 
rather than consulting the lexicon. 

For TIMIT and RM databases we perform phone recog-
nition . This consists of finding the most likely phone 
sequence for each test sentence via a Viterbi alignment. 
This sequence is then compared with the nominally conect 
phone sequence as obtained by using the lexicon. A 
standard string alignment is employed and insertions, 
deletions and substitutions are counted. We compute an 
average percentage accuracy for the entire test set. 

On the RM database alone we evaluate performance 
from word accuracy. This is obtained by finding the most 
likely word sequence for each test sentence via a Viterbi-
based decoder. We then extract an average percentage word 
accuracy in the same fashion as for phones. 

5.2 Simple Multi net results for TIMIT 
In this section we present an evaluation of Multinet used in 
its simplest modular form. We trained primary detectors for 
each phone on the same input feature space of 9 frames, 
removing the necessity for posterior nets. Three sets of 
primary detectors were trained, with 50, 100 and 150 
hidden nodes each. The monolithic MLP trained for 
comparison was given I 000 hidden nodes and also 9 
frames of input. Table I gives a comparison between the 
MLP system, the Multinet system with 150 hidden nodes 
and our HMM mixture of Gaussians system (HMM-MG), 
performing phone classification on TIMIT. 

SYSTEM PHONE CLASSIFICATION 
HMM-MG 63.1% 

Monolithic MLP 73.2% 
Multinet-150 75.0% 

Table I : Phone Classification on TIMIT (%Correct). 

It is always difficult to compare systems, even on the 
same task. However our HMM-MG system is roughly 
comparable to context-independent HMM systems. Our 
hybrid system using a monolithic MLP is also comparable 
to systems reported in [14]. Therefore the improvement 
obtained from Multinet is significant. Table II gives a 
comparison between all the Multinet systems trained and 
the monolithic MLP performing phone recognition on 
TIMIT. We can see that Multinet with 50 hidden nodes per 
primary detector is comparable to the monolithic MLP. 
Multinet with 150 hidden nodes per primary detector out-
perfonns the monolithic MLP significantly. Total training 

time for all the primary detectors in Multinet-50 is compa-
rable to the training time for the monolithic net. However 
Multinet-150 takes around 3 times as long to train, and has 
around 6 times as many parameters. 

SYSTEM PHONE ACCURACY 
Monolithic MLP 61.9% 

Multinet-50 62.0% 
Multinet-100 63.1% 
Multinet-150 63.4% 

Table 11 : Phone Recognition on TIMIT. 

This obviously poses the question as to what performance 
might be obtainable with a monolithic MLP of 6000 hidden 
nodes. Luckily some very useful experiments on large 
MLPs have been performed by Ellis and Morgan [6] . We 
reproduce their table here: 

Training set size (hrs) 
9.25 18.5 37 74 

#hidden nodes 
500 42.8 41.0 40.2 39 . 2 

1000 41.8 38.8 36.5 36 . 9 
2000 40.4 37.2 35.6 34.4 
4000 40.3 37.4 33.9 33.7 

Table Ill: Word error rate(%) on the Broadcast News 
Corpus as a function of training set and network size. 

This table shows clearly that word error rates decline as 
more training data is employed and as more hidden nodes 
are used. It also shows (less clearly) that extra hidden nodes 
only provide improved performance up to a limit which 
increases with the size of data set. Our data set is only 
around 3 hrs, so we must extrapolate from the table. 
However it looks possible that an MLP of 1000 hidden 
nodes is already large enough for our data set, or maybe a 
larger MLP would provide a very slight improvement. 

In comparison Multinet-150 delivers a significant 
improvement in phone accuracy over Multinet-50. What is 
more, we shall see later with results on RM that a small 
improvement in phone accuracy, at these levels of perfor-
mance, leads to a conespondingly greater improvement in 
word accuracy. 

This result supports the views we put forward in section 
2. It shows that even a very simple strategy of dividing 
resources equally by phone allows the training of a better 
classifier. It shows the power of being able to fit the 
classifier to different regions of the input space, as 
independent optimisation procedures. No doubt an even 
better result could be obtained with the same total 
resources, if the allocation of hidden nodes was tuned to 
each phone's requirements. 

5.3 Analysing Network Outputs 
Some further insights into the relative performance of the 
two architectures can be obtained if we analyse the outputs 
of the networks on any data independent of the training 
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data. Figure 2 shows the average output of the primary 
detector for /s/ on a frame-by-frame basis. We can see that 
it responds on average at around 0.7 to frames of Is/ and 
around 0.35 to frames of lz! etc. It gives a good measure of 
the discrimination of the detector, and highlights confu-
sions. However it gives no indication as to whether the 
output is a genuine posterior probability. Figures 3, 4, and 5 
show histograms of the relative frequency of occurence for 
example phones against all phones, graphed against the 
actual primary detector output. We used the test data to 
produce these graphs. An approximately linear relationship 
is what is expected if the net is producing posterior proba-
bilities i.e. the region of the input space labelled by the net 
with an output of 0.2 should have an expected relative 
density of 20% for the phone. A graph which deviates 
systematically from this line indicates the net is not 
producing posterior probabilities. 
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Figure 2: Average Output for Primary Detector /s/ 

The expected approximate linear relationship, however, 
does not actually prove posterior probabilities are being 
produced. Our two pictures of the behaviour of the net are 
independent. Maximising the quality of a detector consists 
of maximising average in-class response subject to a satis-
factory histogram. We can see that the output profiles for 
these primary detectors are reasonably consistent with them 
producing posterior probabilities. 

Figures 6, 7 and 8 show histograms compiled for the 
outputs from the monolithic MLP for the same example 
phones. We can see that none of these histograms is 
consistent with posterior probabilities. The output for /s/ 
systematically overestimates the posterior over its whole 
range, and this will cause it to mis-label some segments of 
other phones. This is confirmed by an investigation of the 
labelling of phone segments by the two systems during 
phone classification. The monolithic MLP actually labels a 
further 152 segments of Is/ correctly (92% over 85% for 
Multinet). However this is at the expense of mis-labelling 
173 segments of lz!, 41 segments of /t/, 32 segments of Ish! 
etc as Is/. The optimum trade-off between any pair of 
phones is the posterior. Over-estimating posteriors for any 
one phone may label more segments for that phone 
correctly, but this gain is always more than offset by errors 
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labelling other phones. The monolithic MLP is not 
uniformly inaccurate in estimating posteriors. It is as 
accurate as Multinet for some phones. As explained in 
section 2, it is difficult to get it simultaneously accurate on 
all phones. 

5.4 Simple Multinet results for RM 
Phone accuracy is a useful measure of the performance of 
an acoustic classifier. However we would also like to see 
how our improvements feed through to word accuracy. To 
do this we employ the RM database, for which a word-pair 
grammar is supplied. A Multinet system (Multinet-120) 
where each primary detector has 120 hidden nodes is 
compared with a monolithic MLP with I 000 hidden nodes. 
We chose to use 120 hidden nodes as a compromise based 
on our experience with TIMIT. No experimental runs were 
performed with other numbers of hidden nodes. Again, 
both systems were give 9 frames as input. Alignment of the 
RM data to prepare it for training was done with our own 
HMM-MG system. 

Table IV presents phone recognition results for the 
Oct89 RM test set. We get a similar improvement for 
Multinet over the monolithic MLP to those we obtained 
with TIMIT. 

SYSTEM PHONE ACCURACY 
Monolithic MLP 57.1% 
Multinet-120 58.4% 

Table IV : Phone Recognition on RM. 

SYSTEM WORD ACCURACY 
Monolithic MLP 69.0% 
Multinet-120 71.8% 

Table V : Word Accuracy for RM. 

Table V presents the word accuracy results for the Oct89 
subset of the RM test set. This a very encouraging 
improvement. A Multinet-150 system would probably 
deliver even better results. Again, it seems that Multinet is 
capable of effectively utilising the extra resources it is 
given. In addition we see that better acoustic modelling 
does feed through to better word accuracy. 

5.5 Resampling the input space 
One obvious drawback of the simple Multinet arrangement 
described in the last section is that each phone detector 
must be trained with a very unbalanced training set. This is 
unfortunately necessary if the phone detector is to directly 
produce a posterior probability. However we can freely re-
balance or otherwise modify the training set, provided we 
are prepared to train posterior nets to deliver the final 
estimates. This can reduce overall training time as each 
phone detector becomes quicker to train. Training the 
posterior nets does not add significantly to the overall 
training time as they can be very small. We may also 
produce a better classifier as we are concentrating each 
net's resources more in the region of the phone of interest 
and less on other regions of the space. We cannot make 
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arbitrary modifications to the trammg of each primary 
detector and expect our posterior nets to magically fix 
everything. In practice we are restricted to removing the 
excess redundancy that we have introduced into the 
training process through modularisation. 

One approach to re-balancing the training data for each 
phone is Random Out-Class Sampling (ROCS). At each 
epoch during training all of the in-class data is presented to 
the net, but only a randomly selected percentage of the out-
class data. We chose to take 40% of the out-class data at 
each epoch for our experimental trial. We trained ROCS 
primary detectors with 120 hidden nodes per net on the RM 
database. We then trained an MLP with 15 hidden nodes to 
act as a posterior net for each phone. Table VI gives both 
phone and word accuracy for the ROCS system (ROCS-
120). 

SYSTEM PHONE ACCURACY WORD ACCURACY 
ROCS-120 60.5% 72.1% 

Table VI : Phone and Word Accuracy for ROCS on RM. 

It can be seen that the ROCS-120 system delivers at 
least the same perfonnance as the original Multinet-120 
system. However it takes about half the time to train. 

In fact there is a simple analytic relationship between the 
output expected for ROCS training and the actual posterior, 
since we have made a uniform reduction in the out-class 
density. We could have scaled our primary detector outputs 
directly. However this is not in general true and what we 
have done illustrates the use of the posterior nets. 

6 CONCLUSION 
Most of the experiments we have performed so far show 
Multinet operating in a fairly simple fashion. Nevertheless 
they show that the performance of a connectionist acoustic 
classifier can be improved through modular decomposition 
by phone. The main reason for the improvements observed 
is that more parameters can be effectively used by the 
separate networks. This supports one of the arguments we 
gave in section 2.1 that separate training (and early 
stopping) of phone detectors allows the creation of a better 
overall classifier than is possible with a monolithic MLP. 
We have yet to explore the potential benefit of adjusting the 
number of hidden nodes given to each phone. This would 
likely improve classification for any given total resource 
allocation. 

We have also shown that primary detectors for phones 
need not be trained to generate posterior probabilities 
directly, and that satisfactory posteriors can be generated 
by a further layer of simple nets. In our experiment this 
allowed us to train primary detectors on re-sampled data, 
and thus reduce training time. We can anticipate that further 
experimentation with the use of primary detectors as 
ensembles will deliver superior performance. 
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Abstract 

The Gaussian mixture model (GMM) is an important application of statistical clustering to speaker recognition. A 
number of prototypes are generated from the training feature vectors by representing the feature space as a mixture of 
Gaussian distributions. Each prototype consists of a model parameter set including mean vector, covariance matrix and 
mixture weight. In fuzzy clustering, the fuzzy c-means (FCM) method is the most widely used. Model parameters in each 
prototype include fuzzy mean vector and fuzzy covariance matrix. Both the GMM and the FCM methods have similar 
characteristics: using iterative optimisation algorithms, feature vectors can belong to more than one class, and degrees 
of belonging of a vector across classes sum to one. From these similarities, a FCM-based generalisation to the GMM 
called the fuzzy GMM (FGMM) is proposed in this paper. Fuzzy mixture weights are introduced by redefining the 
distances in the FCM functionals. The FGMM algorithm and its use in speaker recognition are considered The 
experimental results show that with a suitable degree offuzziness, the FGMMs are more effective than the GMMs in tests 
on 16 speakers using the T/46 database and on 108 speakers using the ANDOSL database. 

1. Introduction 

Speaker recognition is the process of automatically 
recognising a speaker by using speaker-specific 
information included in speech waves [17]. This 
technique can be used to verify the identity claimed by 
people accessing certain protected systems; that is, it 
enables access control of various services by voice [11]. 
Voice dialling, banking over a telephone network, 
database access services, security control for confidential 
information, and remote access of computers are 
important applications of speaker recognition technology. 

Speaker recognition can be classified into two specific 
tasks: identification and verification. Speaker 
identification is the process of determining which one of 
the voices known to the system best matches the input 
voice sample. When an unknown speaker must be 
identified as one of the set of known speakers, the task is 
known as closed-set speaker identification. If the input 
voice sample does not have a close enough match to 
anyone of the known speakers and the system can produce 
a "no match" decision [24], the task is known as open-set 
speaker identification. Speaker verification is the process 
of accepting or rejecting the identity claim of a speaker. 
An identity claim is made by an unknown speaker, and an 
utterance of this unknown speaker is compared with the 
model for the speaker whose identity is claimed. If the 
match is good enough, that is, above a given threshold, 
the identity claim is accepted. Most of the applications in 
which voice is used to confirm the identity claim of a 
speaker are classified as speaker verification. 

Speaker recognition methods can also be divided into 
text-dependent and text-independent. When the same text 
is used for both training and testing, the system is said to 

be text-dependent. For text-independent operation, the 
text used to train and test the system is completely 
unconstrained. 

Methods used for text-dependent speaker recognition 
are usually based on the dynamic time warping (DTW) 
and the hidden Markov model (HMM) methods. For text-
independent speaker recognition, methods are usually 
based on long-term statistics, vector quantisation (VQ) 
and ergodic HMM methods [11]. In the above 
classifications, the GMM is regarded as a single-state 
continuous ergodic HMM. It has been reported [20] that 
the performance of text-independent speaker 
identification depends on the total number of mixture 
components (number of states times number of mixture 
components assigned to each state) per speaker model. 
Therefore, it can be seen that, the N-state M-mixture 
continuous ergodic HMM is roughly equivalent to the 
NM-mixture GMM in speaker recognition applications. 
Moreover, since GMMs are effective models capable of 
achieving high identification accuracy, They are currently 
used for speaker recognition. 

In general, the GMM is a statistical clustering method. 
Its algorithm can be referred to as a prototype-based 
algorithm, that is, a number of prototypes are generated 
from the training feature vectors by representing the 
feature space as a mixture of Gaussian distributions. Each 
prototyPe consists of a set of model parameters including 
mean vector, covariance matrix and mixture weight. 
Parameters are trained in an unsupervised classification 
using the expectation maximisation (EM) algorithm [8]. 
This algorithm provides an iterative maximum likelihood 
estimation technique. Experiments have shown that as 
long as the training samples cover a sufficient variety of 
the speaker's speech sound, GMMs are effective models 
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capable of achieving high identification accuracy for short 
utterance lengths from unconstrained conversational 
speech [23]. 

The FCM method is the most widely used approach in 
both theory and practical applications of fuzzy clustering 
techniques to unsupervised classification. It is an 
extension of the hard c-means algorithm [9] and was first 
introduced by Dunn [10]. From Dunn's classical within-
groups sum of squared error function, the infinite family 
of FCM functionals were generalised by Bezdek [3]. The 
significant contributions by Bezdek are to introduce a 
weighting exponent m on each fuzzy membership called 
degree of fuzziness, and a distance in A norm (A is any 
positive definite matrix). Hence a general estimation 
procedure for the FCM has been established and its 
convergence has been shown [2]. A family of the FCM 
algorithms with various degrees of fuzziness is used to 
minimise the FCM functionals, where fuzzy mean vectors 
are iteratively updated. Therefore, the FCM algorithms 
can also be referred to as the prototype-based algorithms. 
Gustafson and Kessel [14] have proposed a modification 
of the FCM algorithms, which attempts to recognise the 
fact that different clusters in the same data set may have 
differing geometric shapes. These algorithms are referred 
to as fuzzy covariance clustering algorithms and each 
prototype consists of a set of model parameters including 
mean vector and covariance matrix. Gath and Geva [13] 
have defined an exponential distance for the FCM 
algorithm to obtain a fuzzy approach to maximum 
likelihood estimation. 

Both the GMM and the FCM methods have some 
similar characteristics. First, their algorithms are iterative 
optimisation algorithms. Second, every method provides a 
soft partitioning of a speaker's feature space, that is, every 
feature vector can belong to more than one class. In the 
GMM, the degree of belonging of vector x to the class i is 
represented by the probability density function p(i I x) , 
whereas in the FCM, it is represented by the fuzzy 
membership function u; (x). Degrees of belonging of a 
vector across all classes sum to one in both algorithms. 
Third, the least-squares functionals in the FCM and the 
auxiliary Q-functions in the GMM are similar. Based on 
these similarities, a FCM-based modification of the GMM 
is proposed in this paper. This modification begins with 
redefining the distances in the FCM functionals as the 
negative logarithms of the above-mentioned probability 
density functions. In the training process, to minimise 
these modified FCM functionals, fuzzy mixture weights 
are defined and are computed together with the fuzzy 
mean vectors and fuzzy covariance matrices in the 
reestimation formulas. In the testing process, alternative 
discriminant functions for classification are proposed 
instead of likelihood functions. The GMMs in this 
modification could be named fuzzy Gaussian mixture 
models (FGMMs). 

The rest of the paper is organised as follows. The 
GMM method and its use for speaker identification and 
verification are summarised in the next section together 
with the likelihood normalisation method proposed by 
Matsui and Furui [19][12] for speaker verification. The 
FCM method is summarised in Section 3. Section 4 
presents the FGMM and its use for speaker identification 

and verification. The experimental results in Section 5 
show that the FGMMs are more effective than the GMMs 
in tests on 16 speakers using the TI46 database and on 
108 speakers using the ANDOSL database. 

2. Gaussian Mixture Models 

This section presents the GMM method for speaker 
recognition. Parameter estimation equations for training 
speaker models are presented first. The GMM method for 
speaker identification is then described as a maximum 
likelihood classifier. Finally, speaker verification and 
normalisation techniques are described. 

2.1 The GMM Algorithm 

Let X = {x1, x2 , ... ,XT} be a set of T vectors, each of 
which is a d-dimensional feature vector extracted by 
digital speech signal processing. Since the distribution of 
these vectors is unknown, it is approximately modelled by 
a mixture of Gaussian densities, which is a weighted sum 
of c component densities, given by the equation 

c 
p(x1 lA.)= 2.w;N(x1 ,J.1,;.E;) 

i=l 
(1) 

where A denotes a prototype consisting of a set of model 
parameters A= { w;. J.l;, EiJ , w;, i = 1, ... , c. are the 
mixture weights and N(x1 , J.li, E;) , i = 1, .. . , c, are the d-
variate Gaussian component densities with mean vectors 
J.li and covariance matrices E; 

In training the GMM, these parameters are estimated such 
that in some sense, they best match the distribution of the 
training vectors. The most widely used training method is 
the maximum .Jikelihood (ML) estimation. For a sequence 
of training vectors X, the likelihood of the GMM is 

T 
p(x lA.)= n p(i:t 1 A) (3) 

t=l 

The aim of ML estimation is to find a new parameter 
model X such that p(X I X)~ p(X I A). Since the 
expression in (3) is a nonlinear function of parameters in 
A, its direct maxirnisation is not possible. However, 
parameters can be obtained iteratively using the 
expectation-maximisation (EM) algorithm [8]. An 
auxiliary function Q is used 

T 
Q(A.,X) = L p(i I xpA) log[w;N(x1 , ;IT; • .t; )] (4) 

i=l 

wherep(ilx1,J..) is the a posteriori probability for 
acoustic class i, i = 1, .. . ,c and satisfies 
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w;N(x1,Jl.;.E;) p( i I X/ ' A) = _ _:______.:___.:_:..___:___ 
c 
L wkN(x1 ,Jl.k ,Et) 
k=l 

(5) 

The basis of the EM algorithm is that if 
Q( A., X r~. Q( A., A.) then p( X I X);:: p( X I A.) [16). 

Setting derivatives of the Q function with respect to X to 
zero, the following reestimation formulas are found 

w; =_!_ ±p(ilx1 ,A) 
T t=I 

T L p(i I XpA)x1 
- - "t=::::l,--__ _ Jl.i --T 

LPUix1 ,A) 
t=i 

T 
L p(i I Xp A)(x1 - Ji.; )(x1 - Ji.; )' 

f"; = .:...t=..:.I __ -=--------
T 
LP(ilx1 ,A) 
/=] 

(6) 

(7) 

(8) 

The algorithm for training the GMM is described as 
follows 

Algorithm 1 (the GMM algorithm): 

Step 1: Generate the a posteriori probability p(i I x1 , A) at 
random satisfying (5) 

Step 2: Compute the mixture weight, the mean vector, and 
the covariance matrix following (6), (7) and (8) 

Step 3: Update the a posteriori probability p(i I x1,A) 
according to (5) and compute the Q function using (4) 

Step 4: Stop if the increase in the value of the Q function 
at the current iteration relative to the value of the Q 
function at the previous iteration is below a chosen 
threshold, otherwise go to step 2. 

2.2 The GMM in Speaker Identification 

Let Ak, k = 1, ... , N, denote speaker models of N 
speakers. Given a feature vector sequence X, a classifier is 
designed to classify X into N speaker models by using N 
discriminant functions g k (X), computing the similarities 
between the unknown X and each speaker model Ak and 
selecting the model Ak* if 

k*=argmaxgk(X) 
ISkSN 

(9) 

In the minimum-error-rate classifier, the discriminant 
function is the a posteriori probability 

(10) 

Using the Bayes rule 
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(A I X)= p(Ak )p(X I Ad 
p k p(X) (11) 

and assuming equally likely speakers, i.e., p(Ak) = 1/ N , 

and noting that p(X) is the same for all speaker models, 
the discriminant function in (10) is equivalent to the 
following [22]-[24] 

Kk(X)=p(XjAk) (12) 

Finally, using the log-likelihood, the decision rule used 
for speaker identification is 

T 
Select speaker k* if k* = arg max L log p(x1 I Ak) 

I5kSN t=I 

(13) 
where p(x1 I Ak) is given in (1). 

2.3 The GMM in Speaker Verification 

Let TJ be a given threshold, associated with the claimed 
speaker model Ac. A discriminant function g(X) for the 
unknown X and model Ac used to reject or accept the 
claimed speaker is as follows 

g(X){"2:TJ 
<TJ 

accept 

reject 
(14) 

The threshold TJ is taken as an equal-error-rate (EER) 
threshold. In many algorithms for speaker verification, 
g(X) is often the likelihood ratio between the claimed 
speaker model and the background speaker model set As 

g(X) =log p(X I Ac)-log p(X I As) (15) 

where 
1 T 

log p(X I Ac) =-L log p(x1 I Ac) 
T t=I 

(16) 

and the second term on the right-hand side of (15) is 
called the normalisation term. Various methods have been 
proposed to compute this term, such as the method based 
on the a posteriori probability proposed by Matsui and 
Furui [12][19], where 

8 
log p(X I As) =log L p(X I A;) 

i=l 
(17) 

with a set of B "cohort speakers" A; [11][20] that are 
representative of the population "near" the claimed 
speaker. It should be noted that the claimed speaker is 
included in the set Bin this method. 

3. Fuzzy C-Means 
The FCM method for fuzzy clustering is presented in 

this section. The fuzzy membership function, parameter 
estimation equations for training fuzzy models and the use 
of the FCM for cluster analysis are described. 
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3.1 Fuzzy Membership Function 

Fuzzy sets [31] are a generalisation of conventional set 
theory that was introduced as a new way to represent the 
vagueness or imprecision that is ever present in our daily 
experience as well as in natural language [1]. For 
example, an advice for a driving student approaching a 
red light: "Apply the brakes pretty soon" contains a type 
of uncertainty calledfuzziness. 

Consider the set H of real numbers from 5 to 9. This 
set is crisp, namely, every number x either is in H or is 
not. H can be described by its membership function mH, 
defined as 

otherwise 
(18) 

Next, consider the set F of real numbers that are close to 
7. The property "close to T' is fuzzy, so there is not a 
unique membership function for F. Properties for this 
fuzzy set may include: (1) normality [ mF (7) = 1], (2) 

monotonicity [the closer xis to 7, the closer mF (x) is to 
1, and conversely]; and (3) synunetry [numbers equally 
far left and right of 7 should have equal membership]. 
Fuzzy sets are always (and only) functions, from some 
"universe of objects," say X, into [0, 1], the range of mF. 
Therefore the fuzzy membership function is the basic idea 
in fuzzy set theory, its values measure degrees to which 
objects satisfy imprecisely defined properties [1]-(3]. 

3.2 The FCM Algorithm 

Let X = {x1, x2 , ... , xr} be a set of T vectors, the 
structure of which is analysed by means of a cluster 
analysis technique. Fuzzy clustering known as 
unsupervised learning in X is a fuzzy partitioning of X into 
c fuzzy subsets or c clusters, 1 < c < T. The most 
important requirement is to find a suitable measure of 
clusters, referred to as a fuzzy clustering criterion. 
Objective function methods allow the most precise 
formulation of the fuzzy clustering criterion. The most 
well known objective function for fuzzy clustering in X is 
the least-squares functional, that is, the infinite family of 
fuzzy c-means (FCM) functionals, generalised from the 
classical within-groups sum of squared error function by 
Bezdek [3] 

c T 
1 111 (U,j.l;X)= LLu1~1 d;~ (19) 

i=lt=l 

where U = {uit} is a fuzzy c-partition of X, each uit 

represents the degree of vector x1 belonging to the ith 
cluster and is called the fuzzy membership function. For 1 
~ i ~ c and 1 ~ t ~ T, we have 

c T 
O:<>;uit:<0;1, Luit=l,andO<L.u;1 <T (20) 

i=l 1=1 

m~ 1 is a weighting exponent on each fuzzy membership 
uit and is called the degree of fuzziness; 

J.l = (J11, •.. , J.lc) are cluster centers and, du is the distance 
in the A norm (A is any positive definite matrix) from x1 

to 1-li, known as a measure of dissimilarity 

(21) 

The basic idea in the FCM is to minimise lm over the 
variables U and J.l, on the assumption that matrices U that 
are part of optimal pairs for lm identify good partitions of 
the data. Minimising the fuzzy objective function lm in 
(19) gives 

u;1 =[±(d;,ldk1 ) 111~1 ]-l (22) 
k=l 

(23) 

The FCM algorithm is known as the fuzzy vector 
quantisation (FVQ) algorithm in speech and speaker 
recognition and is used to train codebooks in the VQ 
approach. This algorithm is described as follows 

Algorithm 2 (the FCM algorithm): 

Step 1: Choose any inner product norm metric for 9td , fix 
c and m, 2 < c < T, m > 1. Generate matrix U at random 
satisfying (20) 

Step 2: Fori= 1, ... , c, compute the c fuzzy mean vectors 
{{l;} with (23) and the distances du with (21). If d;1 = 0 

for some t, set u;1 = 1, u;s = 0, Vs=!= t 

Step 3: Update matrix U using (22) 

Step 4: Stop if the decrease in the value of the fuzzy 
objective function lm at the current iteration relative to the 
value of the lm at the previous iteration is below a chosen 
threshold, otherwise go to step 2. 

An interesting modification of the FCM has been 
proposed by Gustafson and Kessel [14]. It attempts to 
recognise the fact that different clusters in the same data 
set X may have differing geometric shapes. A 
generalisation to a metric that appears more natural was 
made through the use of a fuzzy covariance matrix. 
Replacing (21) by an inner product induced a norm of the 
form 

(24) 

where the M; are symmetric and positive definite and 
subject to the following constraints 

I M i I= P; (25) 

with p; > 0 and fixed for each i. Define a fuu.y 
covariance matrix E; by 

E; = fu[;'(x, -{l;)(x, -~-t;r/fur:• 
t=l t=l 

(26) 

then wehave 
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where I M 1 I and I :E; I are the determinants of M; and :E; , 
respectively and d is the feature space dimension. 

Step 2 in algorithm 2 is now generalised as follows. 
Compute the c fuzzy mean vectors {Jl.t} using (23), the c 
fuzzy covariance matrices {.E;} using (26) and the 
distances dit using (24). If dit = 0 for some t, set u;1 = 1, 

u;s = 0, Its ~t 

4. Fuzzy Gaussian Mixture Models 
A modification of the FCM algorithm called the fuzzy 

GMM (FGMM) is proposed in this paper. Our goal is to 
apply a FCM estimate to a Bayesian classifier in the 
particular case of a mixture of c Gaussian distributions. It 
attempts to recognise the fact that different clusters in the 
same data set X, beyond differing geometric shapes, may 
have differing data densities, denoted by mixture weights 
(class a priori probabilities). 

4.1 The FGMM Algorithm 

The FCM metric is generalised through the use of a 
fuzzy mean vector, a fuzzy covariance matrix and a fuzzy 
mixture weight. To obtain these, since the density of the 
data in cluster i is proportional to the joint mixture density 
function f(x1 , i I A.), we can define the dissimilarity 
denoted by the distance in (21) as 

d;~ =-Jog p(x1 ,i I X)= -log[w1N(x1 ,Ji1,E1 )] (28) 

Using the expression in (2), we have 

d{; =-logw1 +}log(2n/ lE; I 

+!(x, -li;)'f;-l(x,-Ji;) (29) 

An approximation of this distance was used in the entropy 
constrained VQ algorithm or generalised k-means VQ 
algorithm to train codebooks from the set X [5] in the VQ 
approach. If clusters have the same densities or are subject 
to the constraints w; = a 1, where a;> 0 and fixed for 
each i, the term -log w; in (29) will be omitted in the 
minimisation procedure. The distance in (29) is now 
equivalent to the one in (24) proposed by Gustafson and 
Kessel [14], subject to the constraints in (25). 

The argument list of lm is extended using 
E ={E1, ... ,Ec}and w={w1, ... ,wc} and we have 

c T 
1 111 (U,ji.,:E, w; X)= 'L'Lu7c'd{; (30) 

i=1t=l 

Substituting (28) into (30) gives 

c T 
J 111 (U,Jl.,.E, w; X)=-L L,u1~' Iogw1 

i=lt=l 
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c T 
- L,L,ui:'IogN(x1 ,Ji1,E;) (31) 

i=lt=l 

Minimising J m is performed by minimising each term on 
the right hand side of (31). To minimise the first term, 
note that 

(32) 

and using the Lagrange multiplier K [16], the following 
augmented objective function is maximised 

c T [ c ) f(w) = L, L,uir' Iogw1 +K L,w; -1 
r=lt=l r=l 

(33) 

we have 

T I c T - n1 m 
W; = Luit LLuit 

1=1 i=1t=l 
(34) 

The expression of w; in (34) is defined as the fuzzy 
mixture weight. Minimising the second term on the right-
hand side of (31) is obtained by setting its derivatives with 
respect to Jl.i and E; to zero for every i =1, ... , c 

T 
"'~~~~-!( -) .L.uit~i x 1 -Jl.; =0 
t=! 

T 
'Luf~[L1 -(x1 -Ji;)(x1 -Ji1)']=0 
t=l 

To obtain (35), the following identities are used 

Vb(b' Ab)=Ab+A'b 

V A ( b' Ab)= bb' 

V A IAI=A-1 1AI 

(35) 

(36) 

(37) 

(38) 

(39) 

where A and b are a d-by-d matrix and a d-dimensional 
column vector, respectively. From (35) and (36) we have 

(40) 

T 
L, u[;' (x1 - Jl.; )(xc - Jl.; )' 

E· = .:..:1=:!.1 _ ___ _ __ _ 
I T (41) 

L,u:;' 
1=1 

where uit is computed using (22) since it is derived from 
minimising lm with ( u;1 } as variables. The algorithm 
based on these estimation formulas could be named the 
FGMM algorithm and is stated as follows 

Algorithm 3 (the FGMM algorithm): 

Step 1: Fix c and m, 2 < c < T, m > l. Generate matrix U 
at random satisfying (20) 
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Step 2: For i = 1, ... , c, compute the c fuzzy mixture 
weights ( w;} using (34), the c fuzzy mean vectors 
{.u;} using (40), the c fuzzy covariance matrices (1:;} 
with (41) and the distances d;1 in (29). If dit = 0 for some 
t,set u;1 =1, u;s=O, \/s~t. 

Step 3: Update matrix U using (22) 

Step 4: Stop if the decrease in the value of the fuzzy 
objective function lm at the current iteration relative to the 
value of the lm at the previous iteration is below a chosen 
threshold, otherwise go to step 2. 

4.2 The FGMM in Speaker Identification 

In the GMM algorithm, given the training sequence X, 
the model parameters X are determined such that the 
function Q(A,X) in (4) is maximised and subsequently, 

the likelihood function p(X I X) is also maximised. 
Therefore, the use of the likelihood in (12) as the 
discriminant function for speaker identification is suitable 
to determining model parameters in the training process. 

In the FGMM: method, we can have two cases for 
selecting the discriminant function in speaker 
identification. In the first case, for values of degree of 
fuzziness m that are close to one, the fuzzy Q-function 
obtained from substituting (28) to (30) 

Q111 (U,A) = -1111 (U, W,J.L,l:; X) 

c T 
= ,L_Lug1 Iog[w;N(x1,)7;.E;) (42) 

i=l t=l 

approaches the Q-function of the GMM in (4) in the sense 
that uit approaches p(i I x1 ,A). It has been shown by 
Hathaway [15] that the fuzzy Q-function at m = 1 is 
maximised if u ;1 = p(i I x 1 , A) . Therefore, with m close to 
one, minimising J 111 (U, w, IJ., 1:; X) is equivalent to 

maximising Q 111 (U, A) and leads to maximising Q(A, X) 
in the GM1vl, and p(X I X) also. In this case, the decision 
rule in (13) for the GMM: is applicable to the FGMM. 

In the second case, as m > 1 and not close to one, 
maximising Q111 (U, A) does not lead to maximising 

Q(A, X), the discriminant function cannot be the 
likelihood as in (12). It is reasonable to choose Qm (V, A) 
as an alternative discriminant function. To reduce 
computations, the U matrix in Q111 (U, A) is replaced by 
the expression in (22) and (28) 

(43) 

Let Ak , k = I, ... , N, denote speaker models of N 
speakers and given an unknown sequence X, a classifier is 

designed to classify X into N speaker models by using N 
following discriminant functions 

(44) 

Finally, the decision rule used for speaker identification is 

Select speaker k* if 

k' ~ ~;::x ~[~[-log p(x,, i I A, ) I,_~;; r· (45) 

It should be noted that, the decision rule in (44) is 
applicable to the first case as m close to one. 

4.3 The FGMM in Speaker Verification 

Similarly, for values of m close to one, the likelihood 
ratio in (15) is applicable to speaker verification. For large 
values of m, the likelihood functions in (15) should be 
changed to the fuzzy Q-function in (43) as follows 

(46) 

5. Experimental Results 

According to the theoretical considerations above, we 
present in this paper the results of GMM:-based and 
FGMM:-based speaker recognition experiments. The Tl46 
and the ANDOSL speech data corpora are used to 
compare these algorithms. 

5.1 The Tl46 database 

This corpus of speech was designed and collected at 
Texas Instruments (Tl). It contains 16 speakers, 8 female 
and 8 male, labelled fl-f8 and m1-m8, respectively. There 
are 46 words per speaker: ten digits from 0 to 9, 26 letters 
from a to z. and the ten command words enter, erase, go, 
help, no, rubout, repeat, stop, stan, and yes. Each speaker 
repeated the words ten times in a single training session, 
and then again twice in each of 8 later testing sessions. 
The corpus was sampled at 12500 samples per second and 
12 bits per sample. The data were processed in 20.48 ms 
frames (256 samples) at a frame rate of 125 frames per 
second (100 sample shift). Frames were Hamming 
windowed and preemphasised with 11- = 0.9. For each 
frame, 46 mel-spectral bands of a width of 110 me! and 20 
mel-frequency cepstral coefficients (MFCC) were 
determined [29]. 

5.2 The ANDOSL database 

The Australian National Database of Spoken Language 
(ANDOSL) [21] comprises carefully balanced material 
for Australian speakers, both native-born and overseas-
born migrants. Current holdings are divided into those 
from native speakers of Australian English (born and fully 
educated in Australia) and those from non-native speakers 
of Australian English (first generation migrants having a 
non-English native language). There are 108 native 
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speakers, divided into 36 speakers of General Australian 
English, 36 speakers of Broad Australian English, and 36 
speakers of Cultivated Australian English comprising 6 
speakers of each gender in each of three age ranges (18-
30, 31-45 and 46+ ). Each speaker contributed in a single 
session, 200 phonetically rich sentences. All waveforms 
were sampled at 20kHz and 16 bits per sample. For the 
processing telephone speech purpose in our laboratory, all 
waveforms were converted from 20 kHz into 8 kHz 
(phone bandwidth). Speech processing was performed 
using IITK V2.0 [30]. Low and high pass cut-offs were 
set to 300 Hz and 3400 Hz. The data were processed in 32 
ms frames at a frame rate of 10 ms. Frames were 
Hamming windowed and preemphasised with J-l = 0.97. 
The basic feature set consisted of the 12th-order lifted 
mel-frequency cepstrum coefficients (MFCCs) and the 
normalised short-time energy, augmented by the 
corresponding delta MFCCs ·to form a final set of feature 
vector with a dimension of 26 for individual frames . 

5.3 Speaker Identification Experiments 

For the TI46 database, the vocabulary was the set of 
ten command words. In the training phase, 100 training 
tokens (10 utterances x 1 training session x 10 repetitions) 
of each speaker were used to train GMMs and FGMMs of 
32, 64, and 128 mixtures for 16 speakers. Speaker 
identification was carried out in text-independent mode by 
testing all 2560 test tokens (16 speakers x 10 utterances x 
8 testing sessions x 2 repetitions) against the GMMs and 
the FGMMs of all 16 speakers in the database. The degree 
of fuzziness m= 1.06 was chosen for FGMMs, therefore 
the decision rule in (13) was used for both models. The 
experimental results are presented in Table 1. The 
identification error rate of FGMMs was about 2% lower 
than that ofGMMs using 64 and 128 mixtures [25]. 

Number of Identification Error Rate (%) for 
mixtures GMMs FGMMs 

32 22.53 22.05 

64 18.59 16.48 

128 14.97 12.63 

Table 1: Speaker Identification error rate (%) performed 
on 16 speakers using the TI46 database. 

For the ANDOSL database, the set of 108 native 
speakers was used. For each speaker, the set of 200 long 
sentences was divided into two subsets. The training set 
including 20 sentences numbered from 001 to 020 was 
used to train GMMs and FGMMs of 4, 8, 16, 32, 64, and 
128 mixtures. The test set including 180 sentences 
numbered from 021 to 200 was used to test the above 
models. Speaker identification was carried out by testing 
all 19440 tokens (180 utterances x 108 speakers) against 
GMMs and FGMMs of all 108 speakers. The degree of 
fuzziness for FGMMs was chosen between m = 1.025 and 
m = 1.06. A set of mixed models obtained from GMMs 
and .FGMMs called generalised GMMs (GGMMs) [26] 
was selected and tested together with GMMs and 
FGMMs. The decision rule in (13) was used for these 
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models. The experimental results are presented in Table 2. 
Results for the ANDOSL corpus are better than those for 
the Tl46 corpus since a larger training data set was used. 

Number of Identification Error Rate (%) for 
mixtures GMMs FGMMs GGMMs 

4 6.89 7.73 6.84 

8 2.29 2.61 2.25 

16 0.85 0.84 0.81 

32 0.33 0.31 0.29 

64 0.15 0.15 0.12 

128 0.13 0.13 0.11 

Table 2: Identification error rate (%)for the 108 speakers 
of the ANDOSL speech data corpus. 

5.4 Speaker Verification Experiments 

Speaker verification was performed for the TI46 
database. The ANDOSL was not used since all of 200 
tokens for each speaker had been recorded in the same 
session. The training phase was the same as the one in 
speaker identification. Speaker verification was carried 
out by testing all 2560 test tokens (16 speakers x 10 
utterances x 8 testing sessions x 2 repetitions) against the 
GMMs and the FGMMs of all 16 speakers in the 
database. The similarity normalisation method proposed 
by Matsui and Furui in (17) was used, where B = 8 was 
chosen (speakers who are the same gender with the 
claimed speaker). Experimental results are presented in 
Table 3. 

Number of Equal error rate (%) for 
mixtures GMMs FGMMs 

32 6.45 6.03 

64 4.89 4.12 

128 3.75 3.75 

Table 3: Equal error rate (%) performed on 16 speakers 
using the TI46 database. 

6. Conclusion 
The fuzzy Gaussian mixture model has been proposed 

and evaluated for text-independent speaker identification 
and verification in this paper. Experimental results 
indicate that the degree of fuzziness m plays an important 
role for applying this model. The GMM is regarded as the 
FGMM with m = 1. With va1ues of m slightly greater than 
one, the FGMM shows better results than the GMM. This 
can be explained based on the existence of the exponent m 
in the estimation parameter equations for the FGMM. The 
exponent m reduces contributions (determined by the 
membership functions) to the cluster of vectors far from 
the cluster. This is similar to flattening the tails of 
Gaussian distributions. 
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he has worked to build a multi-disciplinary center of excellence at OGI, and in 1990 
founded the Center for Spoken Language Understanding (CSLU). In 1998, he founded 
CSLU-Boulder at the University of Colorado with Wayne Ward, John Hansen and Dan 
Jurafsky. 

Piero Cosi received the Ph.D. degree in electrical engineering from the Padova 
University, Italy, in 1981. He has been with the Institute of Phonetics National 
Research Council since 1984. His interests lie in applied speech processing (for 
analysis, synthesis, and recognition) and experimental phonetics. 

Li Deng (S'83-M'86-SM'91) received the B.S. degree from University of Science and 
Technology of China in biophysics in 1982, the Masters degree from University of 
Wisconsin-Madison in electrical engineering in 1984, and the Ph.D. degree from 
University of Wisconsin-Madison in electrical engineering in 1986. Since 1989, he has 
been with Department of Electrical and Computer Engineering, University of 
Waterloo, Waterloo, Ontario, Canada, where he is currently Full Professor. His 
research interests include acoustic-phonetic modeling of speech, speech and speaker 
recognition, speech synthesis and enhancement, speech production and perception, 
auditory speech processing, . statistical methods for signal modeling and information 
processing, nonlinear signal processing and system theory, computational phonetics 
and phonology, spoken language systems, and human-computer interaction. 
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Johan du Preez was born in South Africa in 1958. He received his B, M and PhD in 
Electronic Engineering from Stellenbosch University in South Africa in 1982, 1985 and 
1998 respectively. From 1985 to mid 1989 he worked for Potelin (Telecommunications 
Research) and has since been a lecturer at the Stellenbosch university. Dr du Preez 
works in signal processing and pattern recognition, with special interest in speech 
processing. His PhD was on "Efficient high-order hidden Markov modelling". He has 
published 30 symposium and journal papers, and holds a patent on a speaker 
recognition system. Current research interests include high-order HMMs, automatic 
language identification, topic spotting, speaker identification and integrating 
knowledge-based speech analysis with standard frame-based approaches. 

Guillaume Gravier was born in 1971. He has a degree of engineer in Applied 
Mathematics from the Institut National des Sciences Appliques of Rouen and a pre-
doctoral diploma in Signal Processing. He worked one year in speech synthesis at 
ELAN Informatique (now ELAN text-to-speech) as a computer scientist. He is 
currently finishing is PhD at the Ecole Nationale Superieure des Telecommunications 
on speech modeling, supervised by M. Sigelle and G. Chollet. He has been working 
for the last four years in speech and speaker recognition. 

John-Paul Hosom received the B.S. in Computer and Information Science from the 
University of Massachusetts at Amherst in 1987. He spent four years working on 
formant-based speech synthesis at Sumitomo Electric Industries, Ltd. in Japan. He has 
also spent another four years working on automatic speech recognition while pursuing 
his Ph.D. degree at the Oregon Graduate Institute's Center for Spoken Language 
Understanding. 

Stephane H. Maes was born in Belgium, in 1966. He received with the highest honors 
a B.S. and M.S. in Electrical Engineering, a B.S and M.S. in Physics in 1990, a 
"dipl6me d'etudes approfondies" in physics in 1991 and a PhD in science in 1994; all 
from the Catholic University of Louvain (UCL), Louvain-la-Neuve, Belgium. In 1994, 
he joined AT&T Bell Laboratories, Murray Hill, NJ. His research focused on new 
robust acoustic representation for automatic speech recognition. Since 1995, he is 
affiliated with the Human Language Technologies group, at IBM T.J. Watson Research 
Center, Yorktown Heights, NY, where he manages the Mobile Speech Solutions 
Department. His research interests remain focused on robust speech and speaker 
recognition as well as biometrics. Currently, Dr. Maes is project leader for all IBM 
speaker recognition activities and related biometrics API efforts. 

Ednaldo Pizzolato took a BSc (1988) at the Universidade de Sao Paulo and MSc 
(1992) at the Universidade Federal de Sao Carlos, Brazil, both in Computer Science. 
He has been a lecturer in Computer Science at Sao Carlos since 1992. For the last 4 
years he has been on leave from Sao Carlos completing a PhD (currently being 
examined) at the University of Essex, UK. His interests include the application of 
neural networks to speech, the topic of his PhD. 
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Jeff Reynolds took a BA in Mathematics at Jesus College, Oxford in 1973. He 
completed an MSc (1981) and PhD (1983) in Computational Physics at University 
College, Aberystwyth. He moved as a lecturer to the Computer Science Department at 
the University of Essex in 1984. He has been a Senior Lecturer there since 1990. His 
interests include neural networks, neural network applications and speech. 

Stuart Russell was born in 1962 in Portsmouth, England. He received his B.A. with 
first-class honours in Physics from Oxford University in 1982, and his Ph.D. in 
Computer Science from Stanford in 1986. He then joined the University of California 
at Berkeley, where he is currently a Professor of Computer Science. He was a 1996 
Miller Professor of the University of California. In 1998 he gave the Forsythe Memorial 
Lectures at Stanford University. He is a Fellow of the American Association for 
Artificial Intelligence. His research interests include machine learning, limited 
rationality, real-time decision-making, intelligent agent architectures, autonomous 
vehicles, search, game-playing, reasoning under uncertainty, and commonsense 
knowledge representation. He has published over one hundred papers and three books. 

Marc SigeUe was born in Paris on 18th March 1954. He received an engineer diploma 
from Ecole Polytechnique Paris 1975 and from Ecole Nationale Superieure des 
Telecommunications Paris in 1977. In 1993 he received a PhD from from Ecole 
Nationale Superieure des Telecommunications. Since 1989 he has been working at 
Ecole Nationale Superieure des Telecommunications in image and more recently in 
speech processing. His main subjects of interests are restoration and segmentation of 
signals and images with Markov Random Fields, hyperparameter estimation methods 
and relationships with Statistical Physics. His interests have concerned reconstruction 
in angiographic medical imaging, and the processing of satellite and synthetic aperture 
radar remote sensed images, and now speech processing with Markov Random Fields. 

Jiping Sun received his B.A. from Xi'An Foreign Languages Institute in 1982, the 
Masters degree in machine translation in 1990 and PhD in computational linguistics in 
1994 from University of Manchester Institute of Science and Technology. He is 
currently a research assistant professor with Department of Electrical and Computer 
Engineering, University of Waterloo. His research includes natural language 
processing, computational phonology and applications. 

Dat Tran received the B.S. degree with highest honours in 1984, the M.Sc. degree in 
1995, all in Theoretical Physics from University of Ho Chi Minh City, Vietnam. He 
also received the Diploma in Information Sciences from University of Canberra, 
Australia in 1996. He is holding a Ph.D. scholarship in Information Sciences and 
Engineering at University of Canberra, Australia. His current research interests include 
the areas of automatic speech recognition, speaker identification, speaker verification, 
and fuzzy clustering techniques. Dat Tran is a Student Member of the Institute of 
Electrical and Electronics Engineers, a Student Member of the European Speech 
Communication Association and a Student Member of the Australian Speech Science 
and Technology Association. 
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Michael Wagner received a Diplomphysiker degree from the University of Munich in 
1973 and a PhD in Computer Science from the Australian National University in 1979. 
He has been holding research and teaching positions at the University of Munich, 
University of Melbourne, Technical University of Munich, National University of 
Singapore, Nixdorf Corporation, University of Wollongong, University of New South 
Wales/Australian Defence Force Academy and the Australian National University. He 
is currently Professor and Head of the School of Computing of the University of 
Canberra. His main research interests are in speech and speaker recognition, computer 
user authentication and spoken dialogue systems. Michael Wagner is a Fellow of the 
Institution of Engineers, Australia, a Senior Member of the Institute of Electrical and 
Electronics Engineers and a Member of the European Speech Communication 
Association. He was the Foundation President of the Australian Speech Science and 
Technology Association. 

David Weber was born in Namibia in 1962, He received a B.Eng (Electronics) and an 
M.Eng (Electronics) degrees from the University of Stellenbosch in 1984 and 1986 
respectively. He worked as a lecturer at the University of Stellenbosch until 1993. He 
obtained a Ph.D from Carnegie Mellon University in 1996. He is currently an associate 
professor and head of the Signal Processing Group in the Department of Electrical and 
Electronic Engineering at the University of Stellenbosch. His current academic 
interests are 1- and 2-D signal processing, applications of stereo imaging, pattern 
recognition, active vision, adaptive systems and how these techniques can be applied to 
smart sensors. He is active in organizing conferences for the IEEE and other 
organizations and interacts closely with a variety of industries in South Africa. 

Geoffrey Zweig received BS, MA, and PhD degrees in Physics, History, and Computer 
Science at the University of California at Berkeley. His thesis work focused on 
applying Bayesian networks to the problem of automatic speech recognition, and is 
partially described in this paper. After graduating in 1998, he joined ffiM at the T.J. 
Watson research center, where he is continuing this research and other methods for 
acoustic modeling in speech recognition. 
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Abstracts of Postgraduate Research Theses 

Degree: PhD 
Title: Compliance Monitoring for Anomaly Detection in a Complex Environment using Multiple 

Agents: Supporting Capital Market Surveillance. 
Author: Peter Goldschmidt 
Institution: UWA 
Department: Departments of Computer Science and Accounting and Finance 

The dissertation research contributes to the development of a theory of decision making in capital 
market compliance monitoring by significantly extending research in information systems in the area of 
compliance monitoring, and applies the capital market. It introduces a new-found framework of 
compliance monitoring for anomaly detection to the capital market, CMADcm• using multi-agent 
technology to support collaboration of analysts. 

This framework is based on a novel combination of proven methods. A multi-methodological approach 
to information systems research is used, including elements of information systems, decision support 
from the field of decision science, cognitive sciences from the fields of artificial intelligence and 
psychology, and accounting judgment from the field of the behavioural and organizational aspects of 
accounting. 

Contributions include expanding the knowledge of CMADcm in general, differentiating compliance 
monitoring in a simple, complex and highly complex environments and in particular by modeling the 
cognitive processes of the capital market compliance analysts. Significant contributions include the use 
of templates, fuzzy set theory in the infrastructure support system; the application of multi-agent 
technology; and the use of relevance measures in combination with linguistic variables. 

The framework includes methods that other researchers might use to study decision support systems in 
I . 1 comp ex envtronments. 

An illustrative example, based on this framework, is presented. This proof-of-concept prototype was 
successfully tested in real-time assisting The Australian Stock Exchange surveillance team's task of 
classifying alerted non-compliant events transacted on that exchange. It facilitates the review of the 
classifications and the accumulation of the evidence validating the assertion of non-compliance, 
simultaneously recording the decision-making processes. 

Degree: PhD 
Title: On the Performance ofOptimisation Networks (1997) 
Author: Brenton Shane Cooper 

Optimisation networks are a family of approximate techniques for the solution of combinatorial 
optimisation problems. Typically an optimisation network compromises a large number of highly 
interconnected, simple processors which may be programmed to compute a solution to a variety of 
combinatorial optimisation problems. When implemented in hardware, optimisation networks like the 
Hopfield network and the mean field annealing algorithm are capable of produd.ng solutions in a matter 
of milliseconds. The capability for real-time combinatorial optimisation is unique to optimisation 
networks. 

1 The thesis won the international 1997 Outstanding Dissertation Award from the Information Systems section of the American 
Accounting Association. 
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As optimisation networks are not a mature technique, there remain several open questions relating to 
their use. One such issue, which has gone largely unnoticed in the literature, is that of solution quality. 
Previously, various annealing techniques have been developed to improve the quality of solutions 
obtained from an optimisation network. Our investigations of these annealing techniques confirm their 
ability to improve solution quality, but uncover the tendency to force the network toward invalid states. 
Consequently we develop a new, principled approach to annealing that improves solution quality while 
maintaining a valid network state. 

Simple experiments reveal an alarming feature of the performance of optimisation networks: as the 
problem size increases, the quality of the solutions rapidly decreases. Such deteriorating performance 
would restrict optimisation networks to the solution of only small problems - a significant erosion of 
the niche market for optimization networks. Our investigations show that the simple heuristics that 
optimisation networks employ to solve a combinatorial of optirnisation problem are ultimately 
responsible for the poor scaling to large problems. Furthermore, while alternative heuristics can be 
shown to far outperform those used by an optimisation network, many of them are not suitable for 
embedding into an optimisation network. However, after recognizing that for any heuristic there is a 
trade-off between solution quality and computational effort, we developed a family of higher-order 
neural networks (HONNs) which embody that trade-off. It is shown that HONNs offer improved 
solution quality at the expense of extra complexity in the network. It is concluded that optimisation 
networks embody a simple heuristic approach to the solution of combinatorial optimisation problems, 
and as with any heuristic approach trade-offs must be made between solution quality and computational 
effort in order to meet demands on their performance. 

Degree: PhD 
Title: Asynchronous Control Circuit Design and Hazard Generation: Inertial Delay and Pure Delay 

Models ( 1998) 
Author: Nozar Tabrizi 

The distribution of global clock signals in increasingly complex digital integrated circuits is considered 
to be a limiting factor in the near future. Clock skew, high power clock drivers, area penalty for global 
clock routing and a safety margin for clock period are the major factors giving rise to this limit. As an 
attempt to cope with this shortcoming, asynchronous methodologies have been considered a reasonable 
successor for the traditional synchronous technique by many researchers since the mid 1980's. 
However, the remedy, as a general rule, carries its own drawbacks. The major problem in asynchronous 
design techniques is the generation of possible spurious signal transitions which can easily cause a faulty 
state change and hence a permanent malfunction in the whole system. There are two usual methods to 
avoid these problematic signal transitions or hazards. 

We introduced safe cells to prevent delay hazards normally caused by inverters at some inputs of 
complex AND-OR-NOT gates under the unbounded gate delay model. We developed a theorem 
identifying some sufficient conditions to implement a node with a safe cell. We concluded that safe 
cells are not dual rail code based and hence can be mixed with normal AND-OR-NOT gates. The 
significance of this theory is that the design becomes independent of the delay across inverters which has 
incorrectly been assumed negligible in some design techniques. This goal is achieved at some area 
overhead, depending on the number of safe cells used in the circuit. 

We developed a tabular method to compile the output of the handshaking expansion stage of Martin's 
asynchronous design methodology into combinatorial/state holding logic operators in a complementary 
technology such as CMOS. We showed that this method is a flexible and straightforward alternative for 
the original method. 
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Conference dates: 9-12 August 1999 

Venue: Honolulu, Hawaii, USA 

Further Information: 
lASTED Secretariat- ASC'99 
1811 West Katella A venue 
Suite 101 
Anaheim, CA USA 92804 

Tel: +1 (714) 778 3230 
Fax: +1 (714) 778 5463 
E-mail: iasted@iasted.com 
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ISSPA'99 
Fifth International Symposium 

on Signal Processing and its 
Applications 

Conference dates: 23-25 August 1999 

Venue: Brisbane Convention and Exhibition 
Centre 
Brisbane, Australia 

Further Information: 
ISSPA-99 Conference Secretariat 
Cl- ICMS (Qld) Pty Ltd 
PO Box 3496 
South Brisbane QLD 4101 

Tel: 61 7 3844 1138 
E-mail: isspa@icms.com.au 
URL: http://www .sprc.qut.edu.aulisspa99/ 

Calendar 

FUZZ-IEEE '99 
The tfl' IEEE International Conference 

On Fuzzy Systems 

Conference dates: 22-25 August 1999 

Venue: Seoul TEMF Hotel 
Seoul, Korea 

Further Information: 
Secretariat of FUZZ-IEEE '99 
INTERCOM Convention Services, Inc. 
4th Fl., Jisung Bldg., 645-20 Yoksam-dong 
Kangnam-gu, Seoul135-081, Korea 

Tel: +82 2 567 3810 or 566 6339 
Fax: +82 2 565 2434 or 3452 7292 

WISP'99 
IEEE International Workshop 

on Intelligent Signal Processing 

Conference dates: 5-7 September 1999 

Venue: Hotel Gell<;rt 
Budapest, Hungary 

Further Information: 
Professor A R Varkonyi-Koczy 
Department of Measurement and 
Information Systems 
Technical University of Budapest 
Muegyetem rkp.9 
H-1521 Budapest, Hungary 

Tel: +36 (1) 463 2057 
Fax: +36 (1) 463 4112 
E-mail: koc.zy®mit.bme.hu or 

Wisp99 @mit.bme.hu 
http://www.mit.bme.hu/ events/ wisp99/ 
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Author Title Issue Page 
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