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ABSTRACT

This paper describes a method of robustly training
context-dependent multiple Gaussian mixture HMM
phone models without the need for a posteriori smooth-
ing. The method involves clustering and then tying
acoustically similar states within each allophone set in
order to balance model complexity against the available
data. The operational properties of the method are
studied and results are presented for phone recognition
on TIMIT. The method is shown to be robust, to give
good recognition performance and to reduce computa-
tion in both recognition and training. All experiments
were performed using the HTK portable HMM toolkit.
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1. INTRODUCTION

Hidden Markov Models (HMM? provide a sound basis
for modelling both the inter- and intra-speaker variabil-
ity of natural speech. However, to accurately model the
distributions of real speech spectra, it is necessary to
have quite complex output distributions. For example,
in continuous density HMM systems, multiple Gaus-
sian mixture components must be used to achieve good
performance [6]. Furthermore, to deal with contextual
effects such as coarticulation, context-dependent tri-
phones are needed]_{4]. Thus, a speaker independent
continuous speech HMM system will typically contain
a large number of context-dependent models each of
which contains a large number of parameters.

Unfortunately, the ability to arbitrarily increase
model complexity is tempered in practice by the lim-
ited amount and the uneven spread of available train-
ing data. Thus, the key problem to be faced when
building a HMM-based continuous speech recogniser is
maintaining the balance between model complexity and
available training data.

Traditional methods of dealing with this problem
tend to be model-based. For example, for discrete
(and tied-mixture systems) it is common to interpo-
late between triphones, biphones and monophones [4].
Recently, in an attempt to avoid the need for this a
posteriori smoothing, both stochastic decision trees[1]
and MAP estimation [2] approaches have been pro-
posed. However, one of the limitations of model-based
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approaches is that the left and right contexts cannot

be treated independently and since the distribution of

training examples between left and right contexts will

(riarely be equal, this leads to a sub-optimal use of the
ata.

In this paper, a method of state tying based on
the use of continuous density Gaussian mixture HMMs
is described. This approach was first described at
ICASSP ’92 in the context of the generalised tyin
framework provided by the CUED HTK Toolkit Hof
It has since been refined and applied to more tasks.
In particular, it was used to build the HTK recogniser
used in the September 1992 DARPA Resource Man-
agement evaluation [8] and it will also be used for the
forthcoming November 1993 ARPA Wall Street Journal
evaluation. :

State tying allows model complexity to be balanced
against the amount of available data and as a result it
enhances performance. Furthermore, state tying typ-
ically reduces the total number of states in a system
by a factor of 5 thereby significantly reducing compu-
tation both in training and recognition. The method
of state tying described here has some features in com-
mon with the senone system developed independently
at CMU (3] for tied mixture systems.

The remainder of this paper is organised as follows.
In the next section, the algorithms used to build a tied-
state HMM system are described. Following this, some
properties of the algorithm are explored using phone
recognition on the TIMIT database as the evaluation
task. Finally, the results are discussed and some con-
clusions are presented. Performance results on the Re-
source Management database are given in a companion

paper [9].
2. TIED STATE HMMS

2.1. Overview

Before discussing details, it is helpful to give an
overview of the processes involved in the construction
(f)f a tied-state HMM system. The basic steps are as
ollows:

1. Create a set of single mixture monophone HMMs
and train on data using context-independent tran-
scriptions. Each such monophone represents a base
phone.

2. For each required context-dependent model, clone
the appropriate monophone and then retrain the
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(a) Conventional triphones

t-iy+n

t-iy+ng  f-iy+l

s-iy+l

(b) State Clustered Triphones

t-iy+n t-iy+ng  fiy+l s-iy+l

Figure 1. llustration of State Tying

cloned models on data using context-dependent
transcriptions. During this retraining, retain the
state occupation counts of all models. The re-
sulting context-dependent models represent allo-
phones of the parent phone.

3. For each group of allophones which share the same
parent, cluster and tie corresponding states. When
the clustering is completed, check the total occu-
pation count for each cluster of tied states. If it
falls below an outlier threshold RO (typically 100),
merge that cluster with its nearest neighbour.

4. For each group of allophones which share the same
parent, compare corresponding states and merge
all models which are identical. This step does not
affect recognition accuracy but it does reduce the
computational complexity of the decoder.

5. Successively increment the number of mixtures in
each state and retrain the models. Terminate
when some required number of mixture compo-
nents is reached or when the performance on a
development test set peaks.

The end result is a set of context-dependent models in
which there is typically a high degree of state tying.
Figure 1 illustrates this where the naming convention
A-B+C denotes the allophone of phone B occurring with
a left context of A and a right context of C. Part (a) of
this figure shows the original untied triphones and part
(b) illustrates the sharing of state distributions on com-
pletion of the clustering and tying process. Since each
tied state has a guaranteed minimum number of occur-
rences in the training data, it can be robustly trained.
Notice that a key assumption in this procedure is that
there is sufficient training data to obtain reasonable
estimates for the initial untied single mixture context-
dependent triphone set. In practice, just one example
of each triphone is sufficient since the variance can be
clamped or backed-off to the corresponding monophone
variance.
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2.2. Clustering

Given a set of all the corresponding states of the allo-
phones of some base phone, a set of clusters are formed
using the following furthest neighbour hierarchical clus-
tering algorithm

create 1 cluster for each state;
find i and j for which g(i,j) is minimum;
wvhile (g(i,j) < TC) {

merge clusters i and j;

find i and j for which g(i,j) is mirnimum;

where TC is a threshold which determines the maxi-
mum size of any cluster and g(i,j) is the inter-group
distance between clusters i and j defined as the max-
imum distance between any state in cluster i and any
state in cluster j. It may be noted that a k-means top-
down clustering algorithm has also been tried but it
did not work as well, the main difficulty being that it
tended to produce clusters which were not of uniform
size.

The inter-state distance is the square root of the di-
vergence between the two Gaussian pdfs. For diagonal
covariances, this is given by
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where p, is the mean for state i, o? is the variance
for state i, and V is the dimensionaﬁity of the input
data. We have also tried using the following related
but simpler distance metric.
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This has been found to work equally well and is, in fact,
more robust with sparse data since it not as sensitive
to differences in the variances.

2.8. Mixture Incrementing

The final stage in the construction of the tied-state
HMM system is to convert the single Gaussian mix-
ture output distributions to multiple mixtures. This
is done in stages, incrementing all shared pdf’s by 1
or 2 mixtures at each stage. Given m mixtures, a pdf
is converted to m + 1 mixtures by finding the mixture
component with the largest weight. The weight of this
mixture component is halved and then the mixture is
cloned. The two identical mean vectors are then per-
turbed by adding 0.2 standard deviations to one and
subtracting the same amount from the other. After
each stage of mixture splitting, all of the HMM pa-
rameters are updated by performing two iterations of
embedded Baum-Welch re-estimation.
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Figure 2. Recognition Accuracy vs Number of Mixtures
for 4 Different Cluster Thresholds TC

For a target system of M mixtures, this method of
building multiple-mixture systems has been compared
with the more conventional approach of using a seg-
mental k-means procedure to initialise the required M
mixtures and then retraining using embedded Baum-
Welch re-estimation. The results were similar for both
approaches, however, the iterative mixture splitting ap-
proach has the advantage that the number of mixtures
can be continuously increased until a peak in perfor-
mance is reached.

3. EXPERIMENTAL EVALUATION

This section examines experimentally the properties of
the state-clustering algorithm for different choices of
cluster threshold T'C and outlier threshold RO. The
task chosen for this study is phone recognition on the
TIMIT database. This task was selected because it is
relatively simple to build and test models, and yet per-
formance is closely correlated to that achieved on more
complex word based tasks such as Resource Manage-
ment. For similar reasons, biphones were used in pref-
erence to triphones to keep the computational com-
plexity manageable whilst achieving reasonable levels
of performance.

The experimental conditions were the same as those
used by Lee in his baseline TIMIT experiments [5]. The
61 phone TIMIT label set was mapped down to a 48 set
and three state left-right HMMSs were used. These were
cloned to give 1748 right context-dependent biphones.
The data parameterisation consisted of 12 MFCC coef-
ficients and normalised energy plus 1st and 2nd order
differences. The models were trained on all si and sz
sentences in the TIMIT training corpus making 3694
sentences in total. Recognition was based on a 300
sentence subset of the TIMIT test corpus and it used
a standard Viterbi decoder with a context-independent
bigram estimated from the training data transcriptions.
All results are stated in terms of accuracy and for scor-
ing purposes only, the 48 phone set was folded into a
reduced 39 phone set as in Lee. The bigram scaling
factor was set to be constant (at 8.0) and typically the
percentage correct was around 5% greater than the ac-
curacy due to insertion errors.

Figure 2 shows the increase in phone recognition ac-
curacy as the number of mixtures are incremented. As
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TC | #HMMSs | #states | #mazes | #comps
00 48 144 7 1008
1.0 900 754 2 1508
0.7 1176 1142 1 1142
0.5 1349 1617 1 1617
0 1748 5244 2 10488

Table 1. Number of distinct HMMs, states, mixtures per
state, and mixture components for differing values of clus-
ter threshold T'C, in each case the number of mixtures is
that which gives an accuracy of approx. 66%

5%

70% -

Figure 3. Recognition Accuracy vs Number of Mixtures
for 4 Different Outlier Thresholds RO

can be seen, the choice of cluster threshold is not crit-
ical. The general trend is that increasing the cluster
threshold leads to fewer states and therefore more data
per state. This allows a greater number of mixtures to
be reliably estimated and performance increases. How-
ever, as TC gets large, the system tends towards a
monophone system and fails to model important con-
text dependencies in the data. When this happens per-
formance starts to drop. In each clustering case, the
outlier threshold was held constant at 100.

Table 1 illustrates the effect of varying the cluster-
ing threshold further by showing the number of dis-
tinct models, states, and mixture components as TC is
decreased from oo which corresponds to monophones
down to 0 which corresponds to completely untied tri-
phones. In each case, the number of mixture compo-
nents per state is chosen to give an accuracy of approx.
66%. Notice that the value of TC which gives the best
overall performance (0.7) is also the value which gives
the minimum total number of mixture components for
any of the triphone systems. Furthermore, this total
number of mixture components is similar to that re-
quired by the multiple-mixture monophone system to
achieve similar performance. The case of TC equal to
zero corresponds to the simple triphone case. It may
be noted that there is insufficient data to train more
than 2 mixture components and hence this represents
the maximum performance that can be achieved with-
out state clustering. Notice also that the reduction in
the number of models achieved by the state clustering
is much less than the reduction in the number of states.

Figure 3 shows the effect of varying the outlier
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Clusters for state.4 of phoneme /k/

1y y

aa, ah, ay nen, 1w

oy, el, ao, ow | ng, ih, ix, eh, ae, ey
er,r epi, vcl, ¢, th, dh, sil
uw, uh m, ax, t, zh

aw v, f, z, hh, sh, s

12 Clusters total

Figure 4. Right Acoustic Contexts of /k/

threshold RO. Again the precise setting is not critical
but the importance of having an adequate threshold
is clearly seen. When RO is zero, some of the context-
dependent models have an inadequate amount of train-
ing data and under-training becomes a problem. This
is reflected in lower accuracy even though these models
have more parameters. When RO is too high, acous-
tically distinct contexts are merged unnecessarily and
again the performance drops.

To gain an impression of the type of acoustic con-
texts which are merged in the clustering process, Fig 4
shows the clusters formed for state 4 (i.e. the right-
most emitting state) of the allophones of the voiceless
stop /k/ for values of TC = 0.7 and RO = 100. As can
be seen most of the groupings appear to be linguisti-
cally reasonable.

4. IMPLEMENTATION

All of the above experiments were performed and can
be reproduced using the HTK portable HMM toolkit
[11]. This toolkit contains around 20 tools of which 4
were predominant in the experiments described here.
The state clustering, the mixture incrementing and the
monophone to biphone cloning were implemented as
edit commands to a HMM definition editor called HHEd.
Embedded Baum-Welch re-estimation was performed
by a tool called HERest whose use was interleaved with
applications of HHEd. Finally, performance evaluation
used a Viterbi recognition tool called HVite followed by
a DP-based string matching results analysis tool called
HResults.

5. DISCUSSION AND CONCLUSIONS

In this paper, a method of building context-dependent
multiple mixture component HMMs has been described
which balances model complexity against the amount
of available training data. States are clustered in two
stages. Firstly, similar acoustic states are merged and
then secondly, any cluster with insufficient training
data is merged with its nearest neighbour. Although
each of these stages requires a corresponding threshold
to be set, the results presented show that the setting
of these thresholds is not critical.

Once the clusters have been formed, the number of
mixture components in each state can be increased uni-
formly across all states. This has been shown to lead to
very accurate models. The best performance achieved
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for phone recognition using right-context dependent bi-
phones on the TIMIT database was 76.7% correct and
72.3% accuracy. These results are comparable with
the best reported elsewhere for HMM systems although
they are slightly below those reported by Robinson of
78.6% correct and 75.0% accuracy for his recurrent neu-
ral net recogniser|7].

Overall, tied-state continuous density HMM systems
have proved to be easy to build and to give good per-
formance over a wide range of tasks. The method has
been used successfully for both phone recognition as de-
scribed here and for 1000 word recognition as described
in a companion paper[9]. Current work is applying the
technique to 20,000 word recognition on the Wall Street
Journal Task.
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