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ABSTRACT - This paper describes an efficient aigorithm for using word trigram models in
continuous speech recognition. The algorithm reduces the memory requirements and com-
putational cost by employing two technigues: beam search and an improved method for
training the Viterbi path. It was tested on continuous speech recognition experiment.

INTRODUCTION

Many continuous speech recognition systems have recently been reported. These systems are given
language information to improve the recognition rate because the syllable recognition rates are too low.
Many different language models exist. These include a word trigram model! for isolated word recognition,
e.g., in an IBM system (Averbuch, 1986). Bigram models are used in CMU’s SPHINX continuous speech
recognition(Lee, 1988). ATR’s continuous speech recognition system(Kita, 1989) uses a context-free
grammar. Other language models such as network grammars or unification grammars have also been
used. Among these language models, the word bigram model(Lee, 1988) seems to be the most widely
used.

Word bigram models are effective models in spite of their simplicity. These models, however sometimes
generate grammatical incorrect sentences. The reason for this is that word bigram models are too simple
to express natural [anguage. This can be improved by using word trigram models. There are two prob-
lems with using word trigram models in continuous speech recognition systems. One is the reliability of
trigram probabilities. Since there are many parameters in word trigram models, e.g., for a 1,000 word
vocabulary has 1,000,000,000 parameters, a very large amount of text data. The other problem is the
large amount of memory and computational cost required for speech recognition. For these reasons,
very few studies on continuous speech recognition systems using only word trigram models have been
reported.

One possible method avoiding these problems is 1o use categories. H we use categories instead of
words, the number of parameters is reduced. The memory and computational cost are reduced in
speech recognition. Therefore, this method solves both problems together. Shikano(Shikano, 1987)
and Murase(Murase, 1990) reported this model and showed experimental results. However, a word tri-
gram grammar has a lower perpiexity than a category trigram model. So the need for developing efficient
implementations of the word trigram model remains.

In this paper, we first introduce a continuous speech recognition algorithm using word trigram models
based on Viterbi search. Next, we show that the algorithm reduces memory requirements and compu-
tational cost. We explain how to use the beam search and how to calculate the Viterbi path. Finally, we
present the experimental results obtained using this algorithm. The experiments show that the recogni-
tion rates obtained using word trigram models are the same as those obtained with word bigram models
for text-open data. However, better results are obtained for text-closed data.
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CONTINUOUS SPEECH RECOGNITION ALGORITHM USING WORD TRIGRAM MODELS

In this section, we describe a continuous speech algorithm using word trigram models based on Viterbi
search. Well-known algorithms for continuous speech recognition include two-level DP matching, level
building or Viterbi search (one-pass DP). Among them, the Viterbi search (one-pass DP) algorithm is
well suited for Markov models with a language model such as bigram or trigram. To compute the Viterbi
path to the n’th recognized word w,,, attime t, we need to know the Viterbi paths emerging from each
w,,_; word candidate, at time t-1. However, for the trigram algorithm, for each previous word candidate
wy-1, WE Need to know not only the Viterbi paths emerging from words at time t-1, but also the most
likely paths passing through all possible w,_», w,_; word pair combinations.

We define w(t) the word uttered at time t, we,..(t) the word uttered previous w(t), Gy(wi,wo,i) =

Prob(01, Oz, ..., 011 As(t) = &, 0(t) = wo,we...(t) = wi). We can calculate G, (wy,ws,1) recursively
using the following algorithm.

Table 1: A Viterbi Algorithm Using Word Trigram Models

[ Definition ]
lw : the number of states of word w
af} : transition probability in word w from state s; to state s;
b¥(O(1)) : symbol output probability in word w at state s; for observation vector at frame ¢
P(wolws,wy) @ trigram probability of word wy after wsy, w, have appeared.
Q@ : vocabulary '
T : the number of input frames
[ Initialization ]
execute stept under wy = 0,..,Q — 1
1) Go(start, wg, 0) = P(wolstart, start)
start means sentence head
[ Viterbi search }
execute step? and step6 fort = 0,1,.., 7 — 1
2) execute step3 forw; =0,...,Q -1
3) execute stepd for we = 0,...,Q — 1
4) execute step5 for i = 0,1, ..., 1y, — 2
5) Gi(w1,wo, 1) = max(Gy-1(wy, we, 1) x a’? x b7°(O), Gi_y(wi, wo,i — 1) x a;”% ; x 570, (0r))
[ Calculate word boundaries |
6) execute step7 forwy; = 0,1,...,Q -1
7) execute step8 for we = 0,1,...,Q — 1
8) A = maxo<w,<0-1(Gi-1(wa, wy, ly, — 2) xa;‘;‘x_mwl_l X b;”‘:‘_l(Of) % P{wolws, wy)
FA > Gy(wr,wo,0) then Gy(wy, wp,0) = A

RECOGNITION ALGORITHM REDUCING THE MEMORY REQUIREMENTS AND COMPUTATIONAL
COST

As one can see, this algorithm is of complexity O(Q?) as opposed to O(Q) for a bigram grammar. This
entails a large memory and computational cost. We will now concentrate on overcoming these problems.
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Fieam search

Beem search is employed to decrease the computational cost. In Viterbi search, at each time t, we
ccmpute the probability of all possible combinations. In comparison with beam search algorithm, at time
t, we only compute the probability of most likely word combinations within a beam width B. Assuming
a iarge enough beam, we can be confident that the globally optimal Viterbi path aimost always exists
within that beam. Sothe beam search algorithm reduces computation while still providing globally optimal
solutions. In step5 of the algorithm, the best B vaiue of G, (w1, we, 1) for each frame is calculated. Beam
search has the following advantages.
1. Reduction of Memory and Computational Cost
For Viterbi search, @ x @ x I, memory cells are needed to store Gy(wy, wg, t). The beam search,
however only needs B. Therefore, the memory needed to use this algorithm is significantly re-
duced. The computational cost is also reduced by the same ratio.

2. Reduction of the Access Count to Obtain Trigram Probability
The trigram probabilities when using the beam search are best stored in a list structure to save
memory. Therefore, to obtain the trigram probabilities, the indices needed to be calculated. As a
result, with beam search, the total number of indices to obtain trigram probabilities is reduced. As
a result, the computational cost is reduced.

The path calculation for beam search

For normal beam search, a traceback is needed to recover the word string after the Viterbi search. For
this reason, the memory must contain information which word was selected for each frame. This requires
B x T memory cells. A capacity of B x H is however sufficient, if we store likelihoods and word strings
as G;(wy, wp, ?) together, where H is the number of words in a sentence. In this case, no traceback is
needed. Usually, #, the number of words in a sentence, is smaller than T, the number of input frames,
so the memory is reduced but the calculation cost is slightly increased.

The method determining the beam width
There are two methods to determine the beam width.

1. Select the beam width based on some criterion.

2. Select a fixed beam width.
Methods to select the beam width with some criterion are usually used. These methods are computa-
tionally cheap. However, the criterion must be determined before recognition. Therefore, under some
recognition conditions, the output is faulty. The method to select a fixed beam width requires Gy (wy, wo, 1)
to be sorted for each frame. This requires a lot of computation. But, G¢(w,ws, 1) need notbe fully sorted,
i.e., only the value of the best B likelihoods are needed. Concretely, if the maximum beam width is N,
this calculation is only of order O(logN) , which is not too costly.

In this algorithm, the computational cost depends on the beam width and does not depend on the lan-
guage model. Word trigram models have the same cost as word bigram models. This algorithm can
used with all lefi-to-right parsing algorithms such as CYK. If we use a high order Markov model, the
recognition rate can be raised for text-closed data.
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EXPERIMENTAL RESULTS OF CONTINUOUS SPEECH RECOGNITION USING WORD TRIGRAM
MODELS

In this section, we describe the experimental results obtained using this algorithm. This experiment is a
speaker dependent continuous speech recognition and the test sentences are spoken by an broadcast
announcer. The flooring probability was set to e~1°%°. The experimental conditions are shown in Table
2.

Table 2: Experimental conditions of experience for continuous speech recognition using word trigram

models

aigorithm

mixtire number
state number
acoustic parameter

frame window

frame period

training voice
syllable category count
vocabulary

beam width

duration control
language information
unit of recognition
test sentence count
speaking style
speech content

continuous mixture HMM + beam search
+ word trigram models

max 14 {valid for each syllable )

3-state 4-loop left-to-right model

16th order LPC cepstrum + power

+deita power + 16th order delta cepstrum
20 ms

5ms

word speech {5,240 words)

52 syllables

1,567

4,096

no

word trigram models

sentence

38 sentences

read speech

international conference task (model conversation)

The probabilities of the word trigram models for fanguage information are calculated as follows.

1. Test data is not included in the training data which is calculated word trigram probabilities.
(text-open data )

2. Test data is included in the training data which is calculated word trigram probabilities.
(test-closed data )

The training data includes about 15,000 sentences with 190,000 words of the ATR Dialog Database.
Table 3 shows the task entropy. The experimental results are shown in Figure 1. Results from word
bigram models are shown together for comparison. We obtained a 78% sentence recognition rate for
text-closed data and 40% for test-open data. Figure 4 shows erroneous output results for the text-
closed data. These results show that many sentences are semantically correct. Only four sentences are
completely wrong. The sentence recognition rate is 89%. These completely wrong sentences include
the pause in speech data.

We think that the pause causes the error because acoustic parameters and word trigram models do
not correspond. However, the recognition rate for text-open data is the same for word bigram models
and word trigram models. This is due to the small flooring probability value and the small amount of
textdata. Yet, in statistical language models like word trigram models, the recognition rate for text-open
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data depends on the coverage between the training data and test data. Therefore, we believe that the
reliability of the recognition rate for the text-open data is very low.

Table 3: Task perplexity
ngram Entropy  Perplexity
unigram  8.33 3218
bigram  3.77 13.6
trigram  2.01 4.0

Figure 1: Experimental Result
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CONCLUSION goaa

In this paper, we described a speech recognition algorithm using word trigram models that reduces the
memory and computational cost, and reported the obtained experimental results. A recognition rate of
40% for text-open data and of 78% for text-closed data was obtained.
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Table 4: Sentence Error in the Experiment (Text-Closed, Training Data 15713)

correct — output

kaiginoshukuhakushisetsunitsuiteotazuneshitainodesuga

~ kaiginoshukuhakushisetsunitsuitectazuneshitaiNdesuga
RBOWARRIC O VWTEZSh L L wOTTH

- REOBHMRICOWTHHAL L A T
kyoutopuriNsuhoterugakaigizyounihachikainedesuga

— kyoutopuriNsuhoterugakaigizyounihachikaiNdesuga
FETY v AR FAREEBIIGTE VAT

— FBTY Y AATARLBIILE A TF
soredehakyoutopuriNsuhoteruoyoyakushitainodesuga

— soredehakyoutopuriNsuhoteruoyoyakushitaiNdesuga
ENTHFRET Y v 2k F A EFH L wOTTR

= TRTHRET ) v 257 A% FHLI A TF 5
hoterunotehaimoshiteitadakerunodesuka

— hoterunotehaimoshiteitadakeruNdesuka
RTFADFH S LT X s0cin

= BTADFES LT EG S A TFh
dehacnamaetogozyuushooonegaishimasy

— gohaQpyouninarukatanogozyuushooonegaishimasu
TREANE CAFTY EBE-LET

= CRRCR LD CHEF R BV LET
zyuushohatoukyoutominatokushiNbashichhoumeichibaNchisaNgoudesu

— zyuushohanecthtokyoutonokaiginihatourokunikaNshimashitekyounoserhoNnoichibaNsaNgoudesu
BRI FR 1 TR 1 &3 ST

- EBT RD ;o LHEOSHCHBHCELEL TSy v a v e 183 ETT
deNwabaNgoumoonegaishimasu

— deNwabaNgouonegaishimasu
BREESOBHECLET

- ERESFR-LTT
deNwabaNgouhasaNsaNichinoniigoniiichidesu

~ roNbuNnohaQpyouhagozeNchuunokuzinikaizyounichikaidesu
EEESR331m25 2104

— RXDOERRFRHD 9 BB F T
kyoutopuriNsuhoterunihach igatsuyoQkakarayoukamadehitoribeyaootorishimashita

- kyoutopuriNsuhoterunihachigatsuonkakarayoukamadenihahanyoushaootorishimashita
FET) v ZATFAC8 A4 Hdrb 8 HECT-ARBL BHO LE LA

—ERET)vRATFACBRABILE HET CREEE KBED LE L Ao

335



