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ABSTRACT
We present a new view of hidden Markov model (HMM) state ty-
ing, showing that the accuracy of phonetically tied mixture (PTM)
models is similar to, or better than, that of the more typical state-
clustered HMM systems. The PTM models require fewer Gaussian
distance computations during recognition, and can lead to recog-
nition speedups. We describe a per-phone Gaussian clustering al-
gorithm that automatically determines the number of Gaussians for
each phone in the PTM model. Experimental results show that this
method gives a substantial decrease in the number of Gaussians and
a corresponding speedup withlittle degradation inaccuracy. Finally,
we study mixture weight thresholding algorithms to drastically de-
crease the number of mixture weights in the PTM model without
degrading accuracy. More than a factor of 10 reduction in mixture
weights is achieved with no degradation in performance.

1. Introduction
In most state-of-the-art hidden Markov model (HMM)-based
speech recognition systems, HMM states are clustered into
acoustically similar groups, andeach group shares a set of
Gaussian distributions. Typical systems use thousands of
state clusters and in excess of 100,000 Gaussians [1]. In a
recent paper, we showed that by drastically increasing the
amount of state tying, we can get improvedaccuracy and also
a significant recognition speedup [2]. Specifically, we used
a phonetically tied mixture (PTM) system with only 39 state
clusters corresponding to individualphone classes, and a large
number of Gaussians per phone class. On Wall Street Journal
(WSJ) test sets, we observed significant and simultaneous
improvements in speed and accuracy over a state-clustered
system with a similar total number of Gaussian parameters [2].
In this paper, we extend our previous WSJ study to the H4
Broadcast News database.

To achieve high accuracy with a PTM system, it is necessary
to use many more Gaussians per state cluster than is typical in
standard state-clustered systems. We assigned Gaussians to
state clusters so as to keep the total number constant across the
PTM and state-clustered systems being compared [2]. Thus,
a state-clustered system with 1000 clusters and 39 Gaussians
per cluster would correspond to a PTM system with 39 phone
classes and 1000 Gaussians per class. In this paper, we present
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a per-phone Gaussian clustering algorithm that can dramati-
cally decrease the number of Gaussians for the PTM system
without degrading theaccuracy. We have presented some
results on this algorithm in a recent paper [3]; here, we give
more detailed experimental results, showinga drasticdecrease
in number of Gaussians and increase in recognition speed.

The larger number of Gaussians per state cluster in the PTM
system leads to a potential problem. Each state in the PTM
system has a mixture weight distribution to a larger number
of shared Gaussians than in a state-clustered system. Thus
the total number of mixture weights could be much larger
in a PTM system. Considering the example above, if there
were 9000 HMM states, then the state-clustered system would
require 9000X39 = 351; 000 mixture weights, whereas the
PTM system would require 9000X1000= 9; 000; 000 mix-
tureweights. We describe experiments using a mixtureweight
thresholding algorithm that significantly decreases the number
of mixture weights that must be represented without degrading
accuracy.

2. Improved Parameter Tying

With speech recognition systems based on state-clustered
HMMs, the significant overlap of state clusters in acoustic
space leads to potential problems. The data in the cluster
overlap regions is divided between clusters, giving less robust
Gaussian estimates. Gaussians from each state cluster may
also overlap with each other, causing redundancy and a waste
of parameters. These modeling problems can be easily han-
dled by decreasing the number of clusters and appropriately
increasing the number of Gaussians per cluster [2], so that the
total number of Gaussians is more or less constant. We also
expect a significant savings in Gaussian computation due to
the smaller variances of the Gaussians when state clusters are
merged [2].

In Section 5, we present experimental results on the H4 Broad-
cast News database, using systems with different numbers of
state clusters. We show that drastically decreasing the num-
ber of state clusters to form a PTM system results in accuracy
similar to, or better than, that of a state-clustered system,
but reduces the computation for recognition and increases the
speed.
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3. Per-phone Gaussian Clustering
In the PTM approach, we must use a much larger number
of Gaussians per state cluster than in previous state-clustered
systems. However, some phone classes may have very little
acoustic variability and thus may need only a few Gaussians
for good modeling. For example, the nasal=ng= is less vari-
able than the unvoiced stop=t=. Thus we can use fewer
Gaussians to model=ng= and more to model=t=. This ap-
proach gives a more optimal distribution of Gaussians than a
uniform distribution.

To measure a phone’s acoustic variability,we agglomeratively
cluster the HMM states for eachphone, using a weighted-by-
counts entropy distance between the mixture weight distribu-
tions of each state [4]. Clustering is stopped when the average
distance reaches a prespecified relative threshold. The acous-
tic variability measure we used is the number of state clusters
for eachphone after clustering is stopped. The number of
Gaussians per phone is linearly proportional to the acoustic
variability of that phone, with a prespecified minimum and
maximum number of Gaussians. We also preset the acoustic
variability at which the minimum and maximum number of
Gaussians is realized. If the acoustic variability for a phone
p is given byap, the minimum and maximum number of
Gaussians isming andmaxg, and the acoustic variability for
the minimum and maximum number of Gaussians ismina

andmaxa, respectively, then the number of Gaussians for the
phone is given by

ngp =

8<
:

ming if ap < mina

maxg if ap > maxa

ming +
maxg�ming

maxa�mina
� (ap �mina) otherwise:

(1)

4. Mixture Weight Reduction
One problem with our PTM modeling approach is that the
mixture weight distributions for each state can become very
large. This occurs because our PTM system uses a much
larger number of Gaussians for eachphone than the number
of Gaussians used for a state cluster in a typical state-clustered
system. Hence each state belonging to a phone is represented
by a significantly larger mixture weight distribution than a
state in a state-clustered system. Since the total number of
mixture weights in a model is the product of the number of
mixture weights for a state cluster multiplied by the number
of states, this leads to a large storage requirement for the
mixture weights. For example, a state-clustered model with
1000 state clusters,each with 32 Gaussians has the same
number of Gaussians as a PTM model with 40 phones and
800 Gaussians per phone, but in terms of mixture weights the
state-clustered model is 25 times smaller.

We examined two schemes to reduce the number of mix-

ture weights that need to be represented in our PTM models.
In a “Zeroing scheme”, we set all mixture weights below a
threshold to zero and renormalize the mixture weights. In an
“Averaging scheme”, we set each mixture weight below the
threshold to a value equal to the average of all mixture weights
below the threshold. The mixture weights above the threshold
are unchanged. Both these schemes were proposed in [5].

We conducted experiments to study the performance of these
schemes for different thresholds. The results showed that
the Zeroing scheme is useful only at very small thresholds,
whereas the Averaging scheme was useful at large thresholds.
In experiments with a PTM model trained on the WSJ data,
the Averaging scheme reduced the number of mixture weights
by a factor of 16 with only a small degradation in the word
error rate[3].

5. Experimental Results
Our experiments are based on the H4 Broadcast News
database, which has been the test-bed for recent DARPA-
sponsored speech recognition benchmarks [1]. For training,
we used the first 100 hours of H4 training data, and for testing
we use the 1996 H4 female development test set. We trained
five different acoustic models:

G36 : A Genone-based state-clustered model [4] with
1936 state clusters and 36 Gaussians per cluster.
The number of state clusters and Gaussians have
been chosen to be fairly typical of currently used
state-clustered models.

G128 : A Genone-based state-clustered model with 525
state clusters and 128 Gaussians per cluster. This
represents a state-clustered system with increased
tying.

P1788 : A PTM model with 39 phone classes and 1788
Gaussians. per class

CLS13K : A per-phone clustered PTM model with a total
of about 13,000 Gaussians.

CLS5K : A per-phone clustered PTM model with a total
of about 5000 Gaussians.

The first three models have a similar total number of Gaus-
sians, whereas the last two (per-phone Gaussian clustered)
models have significantly fewer Gaussians.

Our first set of experiments was to measure the word error rate
for each of the acoustic models, using a 48,000-word bigram
language model (LM), and trigram LM lattices. The trigram
lattices constrain the search space to the most likely paths
for each sentence, using a previous search pass [6]. Thus
the number of active paths per frame for the bigram LM will



be much larger than that for the trigram lattices. The word
error rates observed with trigram lattices cannot necessarily
be used to compare the different acoustic models, since the
lattices represent only a small subset of the full search space.
However, since lattice recognition is an important step in the
multipass search strategy we use for our DARPA evaluation
systems [3], we decided to also compare word error rates
using lattices. We used a large enough pruning beamwidth in
the Viterbi search so that search errors did not affect the word
error.

Table 1 shows that the G128 and P1788 models give lower
word error rates than the G36 model with bigram LMs. They
also give lower word error rates with trigram lattices, though
here the difference is less apparent. G128 and P1788 are
similar in accuracy; however both are superior to the baseline
G36 state-clustered model. This shows that lower word error
rate can be achieved by increasing the amount of tying as
compared to that used in standard state clustered systems like
G36. In previous experiments on the WSJ database, we ob-
served even larger improvements by using PTM models [2].
CLS13K gives slightly better performance than P1788. The
better performance is a bit surprising, but could be ascribed
to the fact that we used a few more training iterations for
CLS13K. This shows that using per-phone Gaussian cluster-
ing to reduce the number of Gaussians by more than a factor
of 5 did not degrade the accuracy. However, CLS5K, which
has an extremely small number of Gaussian parameters, gives
a higher word error rate.

Model Word Error Number of Number of
Rate(%) Gaussians mixture
bi tri weights

(millions)

G36 40.5 31.9 69,696 0.7
G128 39.2 31.8 67,200 2.6
P1788 39.6 31.5 69,732 36.1
CLS13K 39.3 31.1 12,758 7.9
CLS5K 41.0 32.5 5,325 3.2

Table 1: Word error rates and number of parameters for dif-
ferent models

Next, we studied the trade-off between word error rate and
recognition computation and recognition speed for G36,
P1788 and CLS13K. The idea was to study the effect of in-
creasing the tying over the baseline G36 model and then the
effect of using the per-phone Gaussian clustering algorithm.
We did this by running recognition experiments with differ-
ent pruning beamwidths. For each beamwidth, we plot the
word error rate against the number of Gaussians computed per
frame and the recognition time. Figure 1 shows the word error
rate against the number of Gaussians computed per frame, and

Figure 2 shows the word error rate against recognition time
when recognition is run with a bigram LM. Recognition time
is given in number of times real time on a 400-MHz Pentium
II with 480 MB RAM. Figure 1 shows that P1788 requires
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Figure 1: Word error rate vs. number of Gaussian distance
components computed
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Figure 2: Word error rate vs. Recognition time

a factor of 2 fewer Gaussian computations than G36 for a
word error rate of 40.5% (this is the lowest word error rate
for G36). A further 2.5 factor decrease in Gaussian computa-
tion is achieved by using CLS13K. Also P1788 and CLS13K
achieve this accuracy at a lower pruning threshold, thus re-
sulting in significantly fewer active hypotheses in the search.
This and the reduction in Gaussian computation result in a
recognition speedup as shown in Figure 2. The figure shows
that the recognition time for G36 is about 8 times real time, for
P1788 about 4 times real time, and for CLS13K about 3 times
real time at a word error rate of about 40.5%. This means that
a factor of 2 speedup was achieved using P1788 and a further
25% increase in speed is achieved by using CLS13K.

In the final set of experiments, we studied the effect of mixture
weight reduction on the different models. This is especially
important for the PTM models where the number of mixture
weights is very large. Even with per-phone Gaussian clus-



tering, the PTM models have significantly larger numbers of
mixture weights than the state-clustered models, as shown
in Table 1. We used the mixture weight averaging scheme
to reduce the number of mixture weights in the models. In
the first experiment, we applied mixture weight averaging on
the large PTM model (P1788) and observed the word error
rate and number of mixture weights for different averaging
thresholds. We plot the word error rate against the number
of mixture weights in Figure 3. We see that a factor of 10
reduction in mixture weights is achieved with almost no degra-
dation in accuracy. Specifically, the word error rate changes
from 39.6% to 39.7% when the number of mixture weights
goes from 36.2 million to 3.4 million. Further decreasing the
number of mixture weights to 1.3 million increases the word
error rate to 40.8%.
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Figure 3: Word error rate vs. number of mixture weights

The mixture weight averaging scheme can be used to reduce
the mixture weights for all models (not just the PTM mod-
els). By varying the threshold individually for each model,
we computed the number of mixture weights needed for each
model to achieve a word error rate of about 40.5% (this is the
word error rate for the baseline G36 state-clustered model).
Table 2 shows these results. We see that a non-zero thresh-
old was used for all models, showing a reduction in mixture
weights for all cases. For comparison, Table 1 shows the
number of mixture weights before applying the reduction al-
gorithm. Table 2 shows that G128 has the smallest number
of mixture weights. CLS13K has fewer mixture weights than
the baseline, G36; however it has a factor of 5 fewer Gaus-
sians because of per-phone Gaussian clustering. We have not
applied Gaussian clustering to G128; this could result in a
significant decrease in number of Gaussians as in CLS13K,
and also a further decrease in the number of mixture weights.
Our results show that combination of Gaussian clustering and
mixture weight averaging can significantly decrease model
size with only a small degradation in accuracy.

Model Threshold Number of WER (%)
mixture
weights

(millions)

G36 0.01 0.6 40.3
G128 0.035 0.09 40.7
P1788 0.0025 1.5 40.5
C13K 0.01 0.40 40.5

Table2: Comparison of mixtureweight averaging for different
models

6. Summary and Conclusions
We presented a new parameter tying approach where the num-
ber of state clusters is drastically reduced from the number in
standard state-clustered HMMs. In particular, we showed that
using PTM models results in accuracy similar to that of state-
clustered models, but with less computation during recogni-
tion, thus leading to a recognition speedup. We described
a per-phone Gaussian clustering algorithm that decreases the
number of Gaussians by more than a factor of 5 with no degra-
dation in accuracy. Finally, we presented experiments with a
mixture weight reduction algorithm that reduces the number
of weights by a factor of 10 or more with no degradation in
accuracy. By combining these three techniques, we created a
PTM model with more than a factor of 5 fewer Gaussians than
corresponding state-clustered systems, and a similar number
of mixture weights (CLS13K). In addition, the PTM model
gave almost the same accuracy as the state-clustered models,
but with lesser computation during recognition.
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