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ABSTRACT

This paper describes an algorithm for very large vocabulary
(about 80,000 words) continuous speech recognition. To im-
prove recognition accuracy and reduce the amount of compu-
tation, we implement an accurate and efficient algorithm based
on a two-stage LR parser with phoneme HMMs. In this algo-
rithm, we adopt the forward and backward trellis likelihoods
for accurate scoring. We also adopt methods of adjusting win-
dows and merging in phoneme sequences as well as grammati-
cal states for efficient searching. This algorithm is applied to a
telephone directory assistance system containing the names of
more than 70,000 subscribers. The system recognizes the con-
tinuously uttered names and addresses. The results show that
the system has good performance in spite of the large perplex-
iry.

Keywords: Continuous Speech Recognition, HMM, Search
Algorithm.

1. INTRODUCTION

The aim of this paper is to present an algorithm for speaker-
independent continuous recognition dealing with a vocabulary
of about 80,000 words. The main problem in very large vo-
cabulary continuous speech recognition is to reduce the search
space without pruning the correct candidate, which requires an
accurate and efficient search algorithm.

The HMM-LR system[1] utilizes a generalized LR parser[2]
as a language model and the hidden Markov models (HMMs)
as phoneme models. When the HMM-LR is applied to large-
vocabulary continuous speech recognition, there are three ma-
Jor requirements: (1) accurate scoring for phoneme sequences,
(2) reduction of trellis calculation, and (3) efficient pruning of
phoneme sequence candidates.

For the accurate scoring, several speech recognition algo-
rithms, which calculate the trellis from the end 1o the beginning
of the utterance (backward trellis likclihood) as well as the for-
ward trellis likelihood, have been proposed[3][4]. We also use
forward and backward trellis likelihoods to get accurate scores.
For the second requirement, the adjusting window, which uses
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only the probable part of the trellis according to the predicted
phoneme, is used. For the third requirement, an algorithm for
merging candidates which have the same allophonic phoneme
sequences and the same grammatical states in context-free
grammar is used.

2. SPEECH RECOGNITION ALGORITHM

2.1 TWO-STAGE LR PARSER

Our algorithm is based on the HMM-LR[1] algorithm. The
LR parser is used as a language model for phoneme prediction.
The parser uses an LR table, which is pre-compiled from con-
text-free grammar rules, to predict phonemes. The flow of the
recognition process is as follows:

(1) The HMM-LR predicts all possible phonemes using the
LR wable.

(2) It calculates the trellis likelihood scores using the HMMs
of these predicted phonemes to verify them.

(3) In the case of the reduce operation, the state of the LR
table moves to the next state. '

(4) During the procedure (1)-(3), all possible phoneme se-
quence candidates are constructed in parallel. These phoneme
sequence candidates are pruned using their HMM likelihood.
The likelihood calculation is based on the trellis algorithm (not
the Viterbi one). The log probabilities are used as the likeli-
hood scores.

(5) The procedure (1)-(4) continues until the HMM-LR does
not predict any more phonemes. Finally it outputs the recogni-
tion candidate which is accepted by the grammar with the high-
est likelihood score.

As shown in Figure 1, we introduce a two-stage LR parser
that uscs two classes of LR tables (a main grammar LR table
and several sub-grammar LR tables). These grammar tables are
separately compiled from context-free grammar rules. The sub-
grammar LR tables deal with semantically classified items like
city names, town names, block numbers, and subscriber names.
The main grammar LR table controls the relationships between
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these semantic items. Dividing the grammar into two classes
has two advantages: Each grammar can be compiled sepa-
rately, so the time needed for compiling the LR table is re-
duced; and it can easily be adapted to many types of utterances
by changing the main grammar rules.

2.2 ACCURATE AND EFFICIENT SEARCH
ALGORITHM

2.2.1 ACCURATE SCORING

Our algorithm uses not only a forward trellis but also a back-
ward trellis to calculate the accurate score of a phoneme se-
quence candidate. The backward trellis likelihood is used as an
estimation likelihood of succeeding phoneme sequences of the
phoneme sequence candidate.

The phoneme verification process is as follows: The back-
ward trellis is first calculated without any grammar constraints
on the HMM phoneme models and stored. The LR parser pre-
dicts the next phonemes according to the LR tables. The for-
ward trellis likelihood is calculated by verifying the predicted
phoneme HMMs against the input speech. The score of the
phoneme sequence is calculated by concatenating the forward
trellis and the backward trellis. After all the predicted pho-
nemes have been verified, the phoneme sequences are sorted

phoneme (Figure 2).

The adjusting window (shaded rectangle in Figure 2) has a
length of 50-frames (400 ms). The score of the adjusting win-
dow is calculated by concatenating the forward trellis and
backward trellis within the window. In this procedure, the like-
lihood in the backward trellis (from the end of the utterance to
the adjusting window) are multiplied by (1-€), where € is a
small positive value. The window position is determined by
choosing the position on the trellis where the maximum score is
achieved. Due to &, the adjusting window is usually correctly
assigned to the phoneme boundary between the predicted pho-
neme and the next phoneme. After determining the adjusting
window position, the forward trellis likelihood within the ad-

backward
trellis

by their scores and pruned. This beam search procedure is iter- §
ated from the beginning to the end of the input speech accord- E adjusting X(1-g)
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Figure 1. Continuous speech recognition system for telephone directory assistance
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justing window is stored as the initial value of the next trellis
calculation.

Determining the position of the adjusting window, however,
requires an increase in calculation. Therefore, the adjusting
window algorithm uses a logarithm table to reduce the number
of computations needed to calculate the sum-of-products in the
trellis as well as the trellis calculation.

2.2.3 MERGING PHONEME SEQUENCES
AND GRAMMATICAL STATES

The LR tables need multiple pronunciation rules to cover
allophonic phonemes, such as devoicing and long vowels in
Japanese pronunciation. However, these multiple rules cause
an explosion of the search space. To make the search space
smaller, we merge phoneme sequence candidates as well as
grammatical states when the following conditions hold:

(1) the grammar stacks of the candidates are the same,

(2) the candidates are in the same state in the LR tables, and

(3) the phoneme sequences of the candidates are the same

(disregarding devoicing and the long vowels).

To further reduce the amount of calculation, we do not recal-
culate the forward trellis likelihood of a phoneme sequence
candidate when the same phoneme sequences already exist in
the candidates, even if the grammatical states of the candidaies
are different.

3. EXPERIMENTS
3.1 RECOGNITION TASK

Our task is a telephone directory assistance task covering
two cities (around our laboratories). It contains more than
70,000 subscriber names. In this task, only the subscriber
name is indispensable in each utterance. There are no con-
straints on the semantic items coming from the directory data-
base. For example, the city name or the town name does not
constrain the names of subscribers in the city or the town. Table
1 lists the size of the vocabulary for each semantic item.

3.2 PHONEME HMM

All HMMs are continuous Gaussian-mixture-density mod-
els with diagonal covariance, and the number of distributions is
4 for each state. These phoneme HMMs have four states and
three loops. Their feature vectors consist of 16 cepstrum coeffi-

cients, 16 delta cepstral coefficients, and delta power (33 di-
mensions in total). Phoneme HMMs were trained by concat-
enated training. We used 56 HMMs as context-independent
phoneme-like units (15 vowel models, 28 consonant models,
10 diphthong models, and 3 silence/pause models). We used
the continuous speech database of the Acoustical Society of
Japan (ASJ) to train the speaker-independent phoneme HMMs.
This database was collected from 64 speakers, each of which
uttered 150 phonetically balanced sentences.

3.3 GRAMMAR

We prepared two grammar rules as the main grammar.

(1) Grammar for continuous word utterance mode

This is based on a simple syntax that treats several simple
sequences of semantic items. In this grammar, each sentence is
constructed from an address and a subscriber name.

(2) Grammar for spontaneous utlerance mode

This grammar has various rules for interjections, verb
phrases and post positional particles etc. This grammar was
made by investigating 300 sentences in a simulated telephone
directory assistance dialog. This grammar accepted about 70%
of the sentences. The rest of the sentences include difficult
ones, such that some people explained the Chinese characters
of the subscriber's name.

4. EXPERIMENTAL RESULTS

We evaluated the proposed algorithm with speaker-indepen-
dent HMMs by using 51 sentences including 184 keywords.
These utterances were continuous word utterances, simply con-
necting keywords. These sentences had no interjections or verb
phrases. The beam width, number of phoneme sequence candi-
dates, was fixed as 2500. The weighting value (1-€) for the
backward trellis was 0.99. The two recognition experiments,
the recognition experiment using the continuous word utter-
ance grammar and the recognition experiment using the spon-
taneous utterance grammar, were carried out. Eight speakers
uttered 51 sentences, which included 184 keywords.

4.1 RESULT FOR CONTINUOUS WORD
UTTERANCE GRAMMAR

In the case of using the continuous word grammar as the
main grammar in the two-stage LR, the test set phoneme per-

Table 1. Vocabulary sizes for telephone directory assistance task.

semantic item city names town names block numbers subscriber names
vocabulary size 2 620 71,251
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plexity was 3.3. Table 2 lists sentence and key-word recogni-
tion rates for each speaker. The sentence recognition for the top
candidate, the top six candidates and the top 50 candidates are
listed as the sentence recognition rates. The average sentence
recognition rate was 64% and the average keyword recognition
rate was 88%. These results show that the proposed algorithm
is very accurate in spite of the large perplexity due to 70,000
subscriber names.

4.2 RESULT FOR SPONTANEOUS UTTER-
ANCE GRAMMAR

In the case of using the spontaneous grammar as the main
grammar in two-stage LR, the test set phoneme perplexity was
6.2. Table 3 lists the sentence and key-word recognition rates
for each speaker. The average sentence recognition rate for top
choice was 50% and the average keyword recognition rate was
81%.

Even using the spontaneous utterance grammar, our algo-
rithm shows good performance, in spite of the fact that its pho-
neme perplexity is about twice as large as that of the continuous
word utterance grammar.

5. CONCLUSION

We proposed an accurate and efficient continuous speech
recognition algorithm for a very-large-vocabulary task. The al-

gorithm was implemented in a telephone directory assistance
system using a two-stage LR parser with phoneme HMMs, We
evaluated its performance for speaker-independent continuous
speech recognition using a vocabulary of roughly 80,000
words, including 71,251 subscriber names. The keyword rec-
ognition rates were 88% using a continuous word utterance
grammar and 81% using a spontaneous speech utterance gram-
mar. These results show that our algorithm for large-vocabu-
lary continuous speech recognition works well.
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Table 2. Speaker-independent continuous word utterance recognition results

for continuous word utterance grammar.

speaker M02 MO06 M1l M12 Mi13 Mi14 F11 F12 |]average
j::‘;f;‘oge(j‘;°g“i‘i°“ 75 76 65 69 61 43 59 67 64
'ﬁ:{‘e‘?’(‘yjfée:"g%““i°" 90 94 80 92 78 57 71 80 80
oot | o4 | w00 | 96 | 98 | 92 | 78 | 2 | 88 | %2
o Sy, ecogmton | g3 93 %0 | 89 88 | 80 | 85 89 88
Table 3. Speaker-independent continuous word utterance recognition results
for spontaneous utterance grammar.
speaker M02 MO06 Mil1 M12 M13 M14 F11 F12 |average

EZ{‘;(";;:S"(Q}‘;%“““ 67 59 67 49 41 22 41 57 50

i Zecognition | 80 67 71 57 45 27 47 63 57

j:{’c‘(e%‘;fjjcs"og)““i°“ 86 73 | 75 63 57 45 63 69 66

‘r‘g&’;‘j recognition | g5 85 90 76 78 68 74 83 81
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