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ABSTRACT

This paper proposes a new stochastic language model
for speech recognition based on particle N-grams and
content-word N-grams. The conventional word N-gram
model is considered as effective for speech recognition;
however, it represents only local constraints between suc-
cessive words and lacks the ability to describe global syn-
tactic or semantic relationships between words. In the
proposed method the language model gives the N-gram
probability of the word sequences, with attention given
only to particles or to content words to represent more
global constraints.

As an application of this model to speech recognition,
a post-processor was constructed to select the optimum
sentence candidate from a phrase lattice obtained by a
phrase recognition system. The proposed method out-
performed a CFG-based method in recognition accuracy,
which demonstrates its effectiveness in improving speech
recognition performance.

Keywords: speech recognition, stochastic language
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1. INTRODUCTION

At present, the word N-gram model [1] is widely used
and is recognized as effective for speech recognition. How-
ever, it represents only local constraints between succes-
sive words and lacks the ability to describe global syntac-
tic or semantic relationships between words. This paper
proposes a new stochastic language model based on parti-
cle N-grams and content-word N-grams. In the proposed
method, the N-gram model is extended to represent more
global constraints.

In Japanese sentences, particles mainly convey case in-
formation about the content words preceding them. Ac-
cordingly, it is assumed that by ignoring content words,
syntactic constraints can be extracted by statistically
modeling the probabilities of particle sequences occurring
in the sentence. Similarly, the probabilities of content-
word sequences occurring are expected to represent se-
mantic constraints. The proposed language model gives
the N-gram probabilities of particles and of content words
for acquiring these global constraints. Although the N-
gram model cannot describe complex grammatical con-
straints compared with other models such as context free
grammars (CFGs), it has the advantage of being easily
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constructed from a large text database. These constraints
are utilized in a speech recognition system to improve per-
formance.

2. LANGUAGE MODELING

2.1. Particles and Content Words in Japanese

A common Japanese sentence consists of phrases, each of
which has typically one content word and optional parti-
cles. Figure 1 shows examples of Japanese sentences. In
the figure, “/” represents a phrase separator. Words af-
ter “-” in a phrase are particles and others are content
words. The corresponding English words are given in the
figure. Content words are nouns, verbs, adjectives, ad-
verbs, etc. Japanese particles include case markers such
as “ga”, “0” as well as words such as “kara (from)” or “de
(in)”. Auxiliary verbs such as “masu” are also treated as
particles in this paper. Particles mainly convey case infor-
mation about the content word followed by them, namely
they specify the syntactic relationship between the con-
tent words in the sentence.

2.2. Particle N-grams and Content-Word IN-
grams

In Japanese conversations, after “kara (from)” often comes
“made (to)” while “ga” (subjective case marker) rarely
appears in successive phrases. These kinds of constraints
can be described statistically and are expected to be use-
ful as a global language model for speech recognition. A
Markov model similar to that used in the conventional
word N-gram model is available for modeling such kinds
of statistics.

Suppose a sentence S consists of n phrases, and let
the particle and the content word of the i-th phrase
be w!, wl (1l < i < n), respectively (“t” stands for
tail, “h” stands for head). When there is no particle
in the i-th phrase, a “null” symbol “¢” is assigned to
w}, and when more than one particle exists in the i-th
phrase, the last one is chosen. Using particle bigrams, the
probability that the particle sequence occurs is given by
T4 P(w! | wi_,), where w) and w%,, are the particles
of dummy phrases, representing the start and the end of
the sentence, respectively. The values of P(w} |w!_,) are
estimated from a large text database. The trigram model
and the like could be used in the same way.

Paying attention to the content word sequence instead,
such words as “sanka (participate)” or “happyou (give pre-
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Figure 1. Examples of Japanese sentences
(CM: case marker, aux. v.: auxiliary verb)

(a) Kaigi -wa /  futsuka
the conference (CM) the 2nd from

-kara / itsuka
the 5th

-made / Kyolto -de/ kaisaisare -masu.
to Kyoto in

be held (aux. v.)

(The conference will be held in Kyoto from the 2nd to the 5th.)

(b) Soredewa / tourokuyoushi -0/  ookuri

then the registration form (CM) send
(Then I will send you the registration form.)

sentation)” appear more frequently than words such as
“okuru (send)” after phrases beginning with “kaigi (con-
ference)”. On the other hand, after phrases beginning
with “youshi (form)”, “okuru (send)” comes more fre-
quently. Thus, the tendency of content-word sequences
1s expected to statistically describe the semantic relation-
ship between words in the sentence.

The probability that a content word sequence occurs is
given by substituting w? with w” in the above expression.
A phrase may have more than one content word depending
on the definition of the word unit. The first word of the
phrase is chosen in such cases.

Taking both particles and content words into account
at the same time, the probability that a sentence S is
produced is expressed as

n+1
A
P(S)=H {P(wi ,’LU,? ]wzb—liwzt'-l)} :
i=1
If the independency of particle sequences and content-
word sequences can be assumed, then

n+l
P(S)~ H {P(w} | wi_y)x P(wf [wh )}
i=1
In practice, it is considered that a strong correlation
exists between the content word and the particles in a
phrase and between the particles and the content word in
the next phrase. These constraints are expressed using
bigram probabilities P(w} [w}) and P(w} |w}_,), which
almost correspond to the conventional word bigram proba-
bilities applied to intra-phrase and inter-phrase word con-
nectivity, respectively. In the experiments described in the
following section, an intra-phrase CFG is used for phrase
recognition. Therefore, only the particle-to-content-word
bigram is taken into account here. Then, P(S) approxi-
mates to

P(S) ~ H

P(af)

2.3. Estimation of Parameters

Probabilities of particle bigrams and content-word bi-
grams were estimated from a 10,000-sentence text data-
base of Japanese conversations concerning conference reg-
istration. The number of particles and content words ap-
pearing in the database were 128 and 4,339, respectively.

Mutual information was calculated for each word pair
from the obtained bigram probabilities. The mutual in-
formation of the word pair (wy,ws) is defined as follows:
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E {P(wz |whoy) x Pu} |ul 1) x P(w} | wf_l)} _

-itashi -masu.
(aux. v.) (aux. v.)

Table 1. Bigrams with high mutual information

w) w9 I(wy, ws)
loka 1oka 4.6
particle to to 4.5
kara made 44
doumo arigatou 6.7
content word | kaig: sanka 4.6
koto dek: 4.5

Table 2. Bigrams that never appeared

particle content word
node node koto katla
desu node | watashi U
masu  mo kaigi  omoi

_ P(wy,w2) P(wa | wy)
I(wl,w2) - 1°g2 P(wl)lP(U)2) - logZ P(il)z)l .

Table 1 shows examples of word pairs with a high mutual
information value, namely word pairs whose conditional
bigram probability is much higher than the unigram prob-
ability. On the contrary, some word pairs never appeared
in the text database although the frequency of each word
was not so low. Some examples of such word pairs are
shown in Table 2.

These results show that particle bigrams catch syn-
tactic characteristics of Japanese conversations. As for
content-word bigrams, not only idiomatic expressions such
as “doumo arigatou (Thank you very much)” but also se-
mantic associations between words are extracted: for ex-
ample “kaigi {conference) -~ sanka (participate)” often
appears while “kaigi -~ omoi (think)” rarely occurs. More
than trigram would be necessary to represent these con-
straints using the conventional word N-gram model.

2.4. Parameter Smoothing

The precision of estimated probabilities is a question when
they are applied to unseen data; especially assigning zero
values to the probabilities of words or word pairs that
never appeared in the training data causes problems. To
avoid it, bigram probabilities are smoothed with unigram
and zerogram probabilities. The new estimated value
P(w; | w;_,) is then given by

P(wi |wi—y) = AaP(w; |wi-1) + M P(wi) + Ao Po

where P(w;|{w;_1) and P(w;) are calculated by the most
likelihood estimation from the training data, and Py is
the zerogram probability given as the reciprocal of the
number of words concerned. The coefficients X;(i = 0,1, 2)
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Table 3. Smoothing coefficients

A2 A Ao
particle bigram 0.927 0.066 0.007
content-word bigram | 0.501 0.392 0.107

are the weights (smoothing coefficients) summing up to
one. The values of A;s were estimated using the deleted
interpolation method [2]. Table 3 shows their values. In
the case of content-word bigrams the values of A1 and Ag
are Jarger because there are so many content words that
data are sparse.

3. APPLICATION TO SPEECH
RECOGNITION

3.1. Candidate Selection from Phrase Lattice

As an application of this language model to speech recog-
nition, a post-processor was constructed to select the op-
timum sentence candidate from a phrase lattice obtained
by a phrase recognition system. Input speech is ut-
tered phrase-by-phrase, and the speech recognition system
outputs candidates with their acoustic scores and word
boundaries for each phrase. The phrase candidate se-
quence with the highest total acoustic and linguistic score
is searched among all combinations of candidates. This
optimization is solved with dynamic programming. Let
d(i,7)(1 <7 < n,1 < r < R) be the acoustic score (the
logarithm of likelihood) of the r-th candidate of the i-th
phrase, w!(r) be the particle at the end of the r-th can-
didate of the i-th phrase, and wiang be the weight for the
linguistic score against the acoustic score. Taking the case
of particle bigrams, the procedure is as follows:

Initial condition
9(1,7) = d(1,7) + wiang log P(wi(r) | <start>)
forr=1,...,R.

Recurrence formula
g(i,7) =d(,7)
k{9 = 1,7) + wiany log P (1w () [ wi_y () }

fori=2,...,n; r=1,...,R.

Processing at the final point
Gopt = 1r5nra_<?(R {g(n,T) + Wiang log P(<end> | wi(r))}

The last formula gives the optimum score, and the op-
timum candidate sequence is obtained by backtracing the
sequence of r. In the above formulae, <start> and <end>
indicate particles of dummy phrases representing the start
and the end of the sentence. When other linguistic scores
are used, the solution is given in the same way by replacing
P().
3.2. Evaluation Experiments
Experiments were carried out on the utterances of 12
speakers. They were recognized by an SSS-LR speech rec-
ognizer [3], which derives from an HMM-based context-
dependent phone model integrated with an LR parser,

and 10 candidates per each phrase were obtained with
their acoustic score normalized by the frame length. The
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Sentence Recognition Rate (%)

Table 4. Experimental conditions of phrase recognition

task international conference registration
task

rammar 2813 rules, 1653 words
%intra—phrase) word perpiexity 3.6

speaker 12 speakers (6 male and 6 female)
test data 259 sentences (703 phrases)

for each speaker
75 T T T r .

Particle bigram + Content-word bigram
v
/\ CFG (inter-pharse)

70}

Particle bigram

-4--»-+-*~.,_.0._

&+ e ® T —. S

- %

651+ Content-word bigram ~
No language model N
60 . . . . .
0 0.5 1.0 15 2.0 2.5 3.0

Weight for Linguistic Score : Wi, (X 10° )

Figure 2. Sentence recognition rate versus weight for linguis-
tic score

recognition task and the test data are shown in Table 4.
For each speaker an HM-Net {3] of 600 states adapted
to the speaker with 25 word utterances was used as the
acoustic model. Among all phrases 96.6% contained the
correct answer in the candidates. The rate that for all
phrases in a sentence the correct answers existed in the
candidates was 91.3%, which is the upper limit of the sen-
tence recognition rate achievable by candidate selection
by post processing.

First, the sentence candidate selection performance was
examined while changing the weight for the linguistic score
against the acoustic score in cases where only a parti-
cle bigram model was used, only a content-word bigram
model was used, and both of them were used. The results
are shown in Figure 2. As a comparison the result ob-
tained by selecting candidates using an inter-phrase gram-
mar written in a CFG [4] is also shown. The number of
rules used in the grammar was 481. The line of “No lan-
guage model” shows the recognition rate achieved using
only intra-phrase CFG without any inter-phrase language
model.

The proposed method improved the recognition rate,
and achieved better results than CFG-based post process-
ing when using both particle and content-word bigrams.
The optimum weight was smaller for the case where both
models were used than the case where one was used sep-
arately (but larger than half). It is thought that this is
because the information from the particle bigrams and
that from the content-word bigrams were not completely
independent though not dependent.
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Table 5. Sentence recognition rates for each speaker (%)

Inter-phrase language model
none: no model CFG:
t—t: particle bigram h-h:

inter-phrase CFG

content-word bigram  t-h:

particle-to-content-word bigram

1) 2) 3) 4%1 5
speaker || none | CFG | t-t | h-h | t-t+ h-h | t-h | t-t + h~h + t-h
MHO 49.8 | 59.1 | 57.9 | 55.2 61.0 59.1 64.5
MIK 807 | 85.7 | 82.6 | 815 83.4 81.9 82.6
MSH 53.3 | 59.8 | 57.1 | 544 58.7 57.1 60.6
MST || 707 | 764 | 745 | 73.0 78.8 73.0 77.6
MTK 68.0 | 745 | 745 | 71.0 76.1 73.0 75.3
MTT 66.0 | 69.9 | 70.7 | 73.0 76.4 76.4 77.6
FAK 86.5 | 89.2 | 86.5 | 84.9 86.9 85.7 87.6
FAS 59.8 | 66.8 | 69.9 | 65.3 72.2 67.6 714
FFO 61.0 | 66.0 | 62.9 | 66.0 66.8 69.1 69.1
FKN 46.9 | 53.5 | 54.3 | 51.6 58.5 57.0 62.4
FNY 710 | 776 | 77.2 | 78.0 82.2 78.0 84.2
FRS 575 | 676 | 62.2 | 65.3 67.2 68.0 72.6
average Il 64.3 | 70.5 | 69.2 | 68.3 72.4 70.5 73.8

Then, the recognition rate for each speaker was calcu-
lated for each model. The particle-to-content-word bigram
model was also tried in addition to the particle bigram
and the content-word bigram models. Particle-to-content-
word bigram probabilities were estimated from the above-
mentioned text database, and smoothed with unigram and
zerogram probabilities. Candidate selection experiments
were carried out using as the inter-phrase language model:
1) particle bigram, 2) content-word bigram, 3) particle bi-
gram + content-word bigram, 4) particle-to-content-word
bigram, and 5) particle bigram + content-word bigram +
particle-to-content-word bigram. The weight for the lin-
guistic score was chosen optimally for each case. The op-
timum weight values were 1), 2) 1.1 x 10~%, 3) 0.8 x 1073,
4) 1.2 x 1075, and 5) 1.1 x 1075,

The results are shown in Table 5. In general, the pro-
posed models tend to be more effective than the CFG-
based method, especially for speakers with lower recogni-
tion rates. For speakers who originally get higher recogni-
tion rates, such as MIK and FAK, the CFG-based method
obtains better results.

The particle-to-content-word bigram achieved the best
performance among three individual bigrams though it
was inferior to using both particle and content-word bi-
grams together. Constraints of modification between
phrases such as “~ -ni / moushikomu (apply for ~)” or
“~ -no / naiyou {contents of ~)” seem to contribute to
improving performance. The best performance was ob-
tained when all of the three bigrams were used together.
This shows that these three have independent information
about inter-phrase connectivity.

33

4. CONCLUSION

In this paper, a new stochastic language model based
on particle N-grams and content-word N-grams was pro-
posed. It was confirmed that this model can catch the
syntactic and semantic relationships between words in

EUROSPEECH 93, Berlin, Germany, September 1993

Japanese sentences by estimating probabilities from a
large text database. Its application as a post-processor
in a speech recognition system was also described. Candi-
date selection from phrase lattices was carried out using
bigram models. The experimental results show that by us-
ing both particle and content-word bigrams, the proposed
method outperforms a CFG-based method in recognition
accuracy, which demonstrates its effectiveness in improv-
ing the speech recognition performance. In addition, tak-
ing particle-to-content-word bigrams into account further
increased the recognition rate.

The proposed approach seems especially suitable for
Japanese sentence structures, but we think that this tech-
nique may also be applied to other languages. This time
we utilized this model for candidate selection. However,
it can also be combined easily with the N-best paradigm.
We are also planning to use linguistic scores directly in
the recognition process for continuous speech recognition.
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