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ABSTRACT

Observing that most variations in pronunciation are strongly
speaker and speaking style dependent, and that the intro-
duction of pronunciation variants in a speaker-independent
recognition system is of limited success, we refrain from
applying multiple pronunciation variants in the speaker-
independent case and instead introduce pronunciation vari-
ants without supervision when specializing the recognizer
for a specific speaker. Our approach is to take the decoder’s
output after a first recognition pass and to realign it allowing
several commonly observed pronunciation variations. In a
second decoding pass, the pronunciation variations are inte-
grated into the recognizer, weighted using Maximum Like-
lihood estimates for the pronunciation variants’ likelihoods
on the realigned output of the first pass. We observe a small
but significant improvement in recognition accuracy com-
pared to the first pass output and conclude that the method
is helpful in adjusting the pronunciation modeling structure
according to speaker, speaking style and speaking rate. A
better prior choice of possible pronunciation variations in-
volving deeper phonetic knowledge would be beneficial for
further improvements. We also show experimentally that
the improvement gained through pronunciation adaptation
does not overlap much with the improvement gained by un-
supervised adaptation of the acoustic models, but rather that
the achieved WER reductions are additive.

1. INTRODUCTION

In recent years, numerous attempts have been made to in-
troduce multiple pronunciations or graph-based probabilis-
tic pronunciation rules into HMM-based speech recognizers
[1, 3, 4, 11, 13, 9]. This work has been motivated by the ob-
servation that there is a strong mismatch between canonical
dictionary pronunciations and the actually observed pronun-
ciations, in particular for spontaneous speech [1]. Unfor-
tunately, incorporating additional pronunciation variants or
general pronunciation rules for better modeling of the data
in the Maximum Likelihood sense has the effect of increas-

ing confusability between words despite improving train-
ing data likelihood [8]. Different heuristic approaches have
been proposed to maintain the ability to discriminate words
despite of the introduction of multiple pronunciations. Cen-
tral idea is to introduce only the most valuable alterna-
tive pronunciation variants according to some criterion like
training data likelihood. What we propose here is to refrain
from using pronunciation rules in the speaker-independent
recognition case where, due to numerous different speaking
styles of different speakers, their introduction decreases dis-
crimination too much, but to introduce them instead when
specializing (adapting) the system to a specific speaker.

The target of this study is Japanese speech recognition.
Canonical word pronunciation in Japanese is to a large ex-
tent determined by word orthography in terms of the Kana
symbols of the writing system. (Kana symbols typically
represent either a single vowel or a consonant followed by
a vowel; short and long vowels are strictly distinguished.)
Canonical pronunciation dictionaries for Japanese speech
recognition are usually derived through a simple mapping of
the Kana-based orthography to the specific vowel or conso-
nant and vowel symbols. This procedure neglects the well-
known fact, often referred to as devocalization, that some
vowels in some words or phonetic contexts are not artic-
ulated in general while others might not be articulated de-
pending on speaking rate, speaking style and the level of po-
liteness that the speaker chooses. Another pattern of varia-
tion is for voiced sounds to be articulated unvoiced and vice
versa, and that - possibly strongly depending on speaking
rate and phonetic context - short vowels might be articu-
lated long and vice versa. In the current Kana-based single
pronunciation practice, the hope is that context-dependent
hidden Markov models will manage to model these varia-
tions sufficiently well.

An obvious way to tackle these observations more di-
rectly is to introduce multiple pronunciations or pronunci-
ation rules that allow for such kinds of variations. Imai
et al. [4] report considerable word error rate reduction
in a speaker-dependent Japanese recognition system, with
a large amount of data available to train good speaker-
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dependent pronunciation variant probabilities. In a speaker-
independent system, however, we found the introduction of
pronunciation variation rules to be counter-productive, de-
creasing recognition accuracy by apparently decreasing dis-
crimination. This led us to the main topic of this study,
the use of expanded pronunciation rules only in a second
speaker-adapted pass of decoding - with the possibility of
implementing the approach via a cheap lattice or N-best list
rescoring stage. In order to achieve some generalization
from only very limited data, we do not attempt to find word-
specific pronunciation variant probabilities, but instead es-
timate for each physical triphone specific probabilities for
the possible variations.

2. BASELINE SYSTEM

We performed experiments using a Japanese recognition
system for full unsegmented lecture speeches. The train-
ing set consists of 144 full lecture speeches, spoken by
144 different speakers; the test set consists of seven lec-
ture speeches, spoken by seven speakers that are not among
the training speakers. The closed vocabulary has a size of
around 20k words. The back-off trigram language model
applied in decoding was designed using the transcriptions
of the training set. The acoustic models are cross-word
context-dependent linear no-skip 3-state triphone HMMs
clustered via tree-based state clustering. Each of the 2K
physical states uses 16 Gaussian mixture components. The
speech features used comprise 12 MFCC coefficients and
corresponding �s and energy coefficients. The acoustic
models, originally set up on read speech within the IPA
project [5], were retrained by means of forward-backward
estimation on the lecture speech training set. For a further
description of the task see [10].

2.1. Single Pronunciation Setup

The baseline single pronunciation configuration uses only
a single pronunciation per word, derived straight from the
Kana writing of each word, as it is the standard approach
in Japanese speech recognition. Different symbols (and dif-
ferent HMMs) are used for short and long vowels. In the
following, the term ’single pronunciation’ or ’SP’ refers to
this baseline system setup, either in the HMM training phase
or in the recognition phase; ’SP HMM’ refers to the single
pronunciation acoustic models.

2.2. Multiple Pronunciation Setup

This configuration uses the following general pronunciation
rules to generate alternative pronunciations from the canon-
ical dictionary-based ones described in the previous section:

� skipping of short vowels
� long articulation of short vowels
� short articulation of long vowels
� voiced articulation of an unvoiced consonant
� unvoiced articulation of a voiced consonant

Clearly, these rules are very broad and do not make use of
deep phonetic knowledge.

Speaker-independent Maximum Likelihood estimates
of the pronunciation variation weights, as well as of the un-
derlying acoustic models, were set up in an iterative pro-
cedure using the speaker-independent training data. The
iterative procedure consists of consecutive application of
forward-backward HMM training and recalculation of the
best path for the given utterance transcription allowing the
pronunciation variation rules described above. This resem-
bles the supervised approach outlined in [9] of integrating
ML estimates of pronunciation variants in automatic speech
recognition. Figure 1 shows an excerpt of the resulting
recognition network (for the monophone case) after hav-
ing seen the word ’desu’ being pronounced with the voiced
��� instead of the unvoiced ��� in 1 out of 10 times and
with some variations observed concerning the final short
��� sound.
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Fig. 1. Pronunciation network for ’desu’ in the second pass

As a consequence of this approach, only those pronunci-
ation rules which have been observed at least once in train-
ing will be used in recognition, meaning that most rules are
disabled in most contexts. The major part of the pronunci-
ation variants seen in training are the skipped vowels ���
and ���, as one would expect from phonological knowledge
of Japanese. Long to short variations are also frequently
applied, whereas the other variations are rather rare.

In the following, the term ’multiple pronunciations’ or
’MP’ will refer to the setup that involves the application of
pronunciation rules, either in the HMM training phase or
in the recognition phase; ’MP HMM’ refers to the acoustic
models trained in the multiple pronunciation setup.

3. UNSUPERVISED SPEAKER-SPECIFIC
WEIGHTING OF PRONUNCIATION RULES

The availability of sufficient speaker-specific transcribed
training data allows the estimation of speaker-dependent



pronunciation variants and pronunciation variant probabil-
ities. Speaker-dependent pronunciation variants have suc-
cessfully been applied in [4] in a supervised way, with a
large amount of transcribed speech data from the specific
speakers available. In the lecture speech task examined
here, we do have a considerable amount of speech data per
speaker available. The shortest speech is about 12 minutes
long. However, we have no data for each speaker other than
the fixed test set, so we can only make use of the data to
be transcribed itself in order to derive pronunciation vari-
ant probabilities. Hence, the approach evaluated here is
an unsupervised estimation of pronunciation rule weights
and subsequent use of those weights to aid the recogni-
tion of each test utterance. Similar unsupervised model re-
estimation approaches are common practice for specializing
acoustic models to specific speakers and channel conditions
[12]; a related approach for unsupervised adaptation of the
language model to topic and speaking style is described in
[7].

3.1. General approach

Our approach to unsupervised speaker-specific pronuncia-
tion weighting is straightforward. We take the output of a
first recognition pass, in which speaker-independent mul-
tiple pronunciation variants may or may not already have
been applied, generate a finite state network for the output
model sequence that allows the application of all the pro-
nunciation rules applicable to the output model sequence,
and recalculate the best matching sequence in a Viterbi-
search through the network. The context-dependent pro-
nunciation variant probabilities found there are then used to
weight the pronunciation rules in a second recognition pass.

In the second pass either one of the two sets of baseline
hidden Markov models might be used, either the models that
have been trained in a consistent approach allowing similar
pronunciation variants (MP HMMs), or the models trained
without using pronunciation variants (SP HMMS). Figure 2
illustrates this procedure.

3.2. Smoothing and Parameter Tying

Estimating pronunciation variant probabilities on the first
pass recognition output raises some questions concerning
how to treat unobserved events and events not observed of-
ten enough to allow a robust estimation. Our approach is
rather simple and certainly leaves some room for improve-
ments. As a first approach to smoothing, we do not estimate
word-specific pronunciation variant probabilities, but only
triphone specific ones. These are applied for every word
that contains the specific triphone. This approach is sim-
plified by the circumstance that our pronunciation variant
rules are very simple and all only involve single phoneme
variations. As for the treatment of rare events (triphones),
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Fig. 2. Multipass decoding process

the probabilities of pronunciation variants of totally unob-
served triphones, are estimated by monophone based es-
timates. No other type of smoothing is performed. Even
events (triphones) observed only a few times (possibly only
once) are treated in no special way, allowing poorly esti-
mated pronunciation variant probabilities. In this respect,
more profound smoothing and tying techniques could yield
further improvement.

4. INTEGRATION OF PRONUNCIATION
VARIANTS INTO DECODING

When decoding with multiple pronunciation variants per
word, two questions arise. One is whether to sum up the
pronunciation variants scores or to take only the best match-
ing one into account. For the sake of simplicity in decoding,
we chose to use the Viterbi approximation also at the level
of the multiple pronunciations per word, which means, that
in decoding only the maximum path through the best match-
ing model sequence (in this Viterbi sense) is taken into con-
sideration. The second question concerns the weighting of



the pronunciation variant probabilities. With �� represent-
ing the acoustic model and ��� representing the language
model, the decoding task based on the MAP decision rule
can be formulated as

� � � ������
�

�
����� 	����	 �� 	

�

 (1)

For practical reasons, such as different quality and range
of the involved models, it is well known that choosing an
appropriate weighting of the involved models through the
weighting factor � is of great importance. Having multiple
pronunciations � that represent a word sequence � and a
model �� which gives us a likelihood of a pronunciation
variant for a given word sequence, we can write the decod-
ing problem as the solution of the following equation
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(2)
We see that the pronunciation variant model needs some
weighting against language model and acoustic models too.
In our experiments, we set the pronunciation probability
weighting factor 
 empirically on a few test runs in the
cheated experiments (described in 5.2) on just one of the
seven test speeches and used this fixed value from there on.
Hence, the chosen weighting factor does not represent the
optimal value and leaves some room for future improve-
ment. Its estimation on a separate development set would
certainly be preferable.

5. EVALUATION

5.1. Baseline

Table 1 shows the baseline recognition performance with
the SP and MP acoustic models described in Section 2 with
and without allowing pronunciation variants in decoding.
The results clearly show that consistency between train-

SP in training MP in training
SP in recognition 36.3% 37.8%
MP in recognition 40.2% 39.8%

Table 1. Baseline performance (word error rate) with and
without pronunciation variations

ing and decoding conditions is important and that the best
performance is achieved simply by using canonical pro-
nunciations in both training and testing. The pronuncia-
tion rules seem to introduce more confusability than they
help in terms of discriminating words. However, this is the
speaker-independent case and concluding from [4], multi-
ple well-chosen pronunciation rules should be beneficial in
a speaker-dependent recognition mode.

5.2. A Cheating Experiment

This observation motivates the second recognition exper-
iment, in which we set the context-dependent pronuncia-
tion rules according to the frequency of appearance in an
alignment of the true test utterance transcription. The re-
sults from this cheating experiment, summarized in Table 2,
show two things. First, they show the upper limit of recog-
nition performance that is possible if the unsupervised set-
ting of pronunciation probabilities estimates the true pro-
nunciation variant likelihoods within the respective test set.
Second, the results prove that with an appropriate speaker-
dependent weighting of the pronunciation variants, the lat-
ter can be usefully applied in the context of this application.
Surprisingly, we observe only a minor improvement through
the use of the MP HMMs, the hidden Markov model set
which was trained allowing multiple pronunciation variants
in training.

second pass second pass
speech first pass SP HMM MP HMM

a01m0007 34.6% 34.1% 34.1%
a01m0035 42.4% 40.8% 41.2%
a01m0074 28.7% 28.0% 27.9%
a02m0117 36.8% 35.6% 35.4%
a03m0100 36.4% 35.2% 35.3%
a05m0031 35.2% 34.2% 34.0%
a06m0134 40.3% 39.7% 39.3%

mean 36.3% 35.4% 35.3%

Table 2. Word error rate with ’tuned’ pronunciation proba-
bilities

5.3. Unsupervised Pronunciation Weighting

In the third recognition experiment, we take the output of
the first recognition pass, and train speaker-dependent pro-
nunciation rule probabilities based on this output. Table 3
shows the achieved recognition performance. We gain a
small absolute improvement of 0.4% with hardly any dif-
ference between the two types of HMM sets.

Tables 4 and 5 list some of the estimated average
probabilities for skipping and lengthening a short ��� at
word ends. Table 4 shows the estimates in the supervised
’cheated’ mode, that the recognition results in Table 2 are
also based on. The strong speaker-dependence of the pro-
nunciation rule application is very clear. Speaker a05m0031
tends to articulate a ��� at word ends particularly long,
whereas speakers a02m0117 and a01m0007 tend to skip it
instead.

Table 5 shows the estimates gained without supervision
from the realigned recognizer output. Due to the high word
error rate, there certainly is a mismatch with the results in



second pass second pass
speech first pass SP HMM MP HMM

a01m0007 34.6% 34.4% 34.3%
a01m0035 42.4% 41.6% 41.6%
a01m0074 28.7% 28.4% 28.4%
a02m0117 36.8% 36.2% 36.3%
a03m0100 36.4% 36.2% 36.0%
a05m0031 35.2% 34.8% 34.8%
a06m0134 40.3% 39.9% 39.9%

mean 36.3% 35.9% 35.9%

Table 3. Word error rate with the proposed procedure

devocalization short to long
speech (��� at word ends) (��� at word ends)

a01m0007 43% 0%
a01m0035 0% 4%
a01m0074 0% 7%
a02m0117 30% 10%
a03m0100 5% 0%
a05m0031 5% 86%
a06m0134 7% 3%

Table 4. Supervised analysis of the speaker-specific pro-
nunciation rule probabilities (cheated mode)

Table 4. It is obvious, though, that the estimates show the
correct tendency.

devocalization short to long
speech (��� at word ends) (��� at word ends)

a01m0007 25% 3%
a01m0035 0% 8%
a01m0074 0% 5%
a02m0117 8% 8%
a03m0100 7% 0%
a05m0031 0% 69%
a06m0134 0% 2%

Table 5. Unsupervised analysis of the speaker-specific pro-
nunciation rule probabilities (objective test mode)

This underlines that despite the high word error rate, the
proposed unsupervised procedure is well suited for estimat-
ing reliable pronunciation variant probabilities.

5.4. Joint Acoustic and Pronunciation Model Adapta-
tion

Table 6 finally lists some preliminary results on combin-
ing the proposed unsupervised speaker-dependent pronunci-

ation adaptation with unsupervised adaptation of the acous-
tic models. It is interesting to see whether the achieved
improvements are complementary or whether the unsuper-
vised pronunciation adaptation is covered by acoustic model
adaptation. On the one hand, it could be expected that the
transformation of the acoustic models can compensate for
the speaker-specific pronunciation behavior to some extend.
On the other hand, having better fitting pronunciation vari-
ants in acoustic model adaptation might also lead to a fur-
ther model improvement.

Unsupervised HMM adaptation was conducted using
HTK’s [14] implementation of MLLR adaptation [6], with
250 state clusters and transformation matrices applied on
only the Gaussian mean vectors. Pure acoustic adaptation
on the single best output in two iterations improves the word
error rate (WER) from 36.3% to 31.9% in the single pro-
nunciation setup. Additional iterations have no further im-
pact. The integration of MLLR into the described pronunci-
ation adaptation framework is realized through performing
MLLR and pronunciation adaptation in parallel in between
the first and the second recognition pass. In this joint adap-
tation procedure, the second recognition pass uses acoustic
models that have been adapted by means of MLLR with re-
spect to the best model sequence, that also the pronunciation
variant weight estimation is based upon. Compared to pure
MLLR, two iterations of this procedure give an additional
absolute improvement of 0.3% to 31.6% WER. This addi-
tional improvement is similar to the one observed in Table 3
for pronunciation adaptation without acoustic model com-
pensation. This indicates that the gained improvements are
additive.

speech baseline MLLR MLLR+MP
a01m0007 34.6% 32.8% 32.5%
a01m0035 42.4% 40.2% 39.9%
a01m0074 28.7% 24.2% 23.6%
a02m0117 36.8% 29.7% 29.6%
a03m0100 36.4% 32.1% 31.8%
a05m0031 35.2% 27.9% 27.4%
a06m0134 40.3% 36.6% 36.3%

mean 36.3% 31.9% 31.6%

Table 6. Combination with acoustic model compensation

6. CONCLUSION

We have shown that through the unsupervised introduction
of pronunciation rules, a slight improvement in recognition
accuracy can be gained. The improvement is rather small
and possibly does not justify the effort. However, it is a ma-
jor improvement over the general introduction of pronun-
ciation variants in the speaker-independent case, which is



an interesting observation in itself. It suggests that the in-
troduction of multiple pronunciation variations is promising
only for speaker-dependent or speaker-adapted recognition
systems. This finding might however differ depending on
the language. It should be interpolated from Japanese to
other languages with some care. The pronunciation vari-
ations considered here were very broad and did not make
use of profound phonetic knowledge. In this respect, more
carefully chosen pronunciation variability should result in
further improvements.
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