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ABSTRACT
This paper investigates the problem of choosing the
training set for language modeling in large vocabulary
continuous speech recognition system. From our
investigation, we find that the language style is more
important than the domain in language modeling. Keeping
the similarity of language style, extending of domain is not
harmful. On the contrast, under this condition, the
expanding size of the training set will improve the quality
of the language model. Diversity of language styles in the
training set will result in the degradation of the language
model. The analysis of the correlation between CER and
evaluation measures of language model indicates that
under condition of same domain, same language style and
whole model without cutoff, the perplexity correlates with
CER strongly. Otherwise this correlation will be weakened.
Another evaluation measure in our investigation, the N-
gram hitting rate performs similarly to that of perplexity.
To the back-off trigram model, the bigram hitting rate
correlates stronger to CER than the trigram-hitting rate,
which is meaningful to the size reduction of language
model.

1. INTRODUCTION

Statistical Language model is effective in large vocabulary
continuous speech recognition. This kind of language
model is constructed from large corpora of text, which is
known as training. The training set thus decides the quality
of the language model. Corpora containing various topics
are good for the language modeling of general purpose.
However, such a language model will result in poor
performance of the recognizer in recognition task of
specific domain.

In most practical cases, the domain of recognition task is
confined, and the sufficient corpora are available, the

question is how to choose corpora for training set to
construct a “good” language model? This is the primary
focus of this paper.

We focus on the effect of domain and language style to the
quality of the language model, and the correlation between
the evaluation measures (perplexity and N-gram hitting
rate) of the language model and the recognition character
error rate (CER) of the recognizer. First, we investigate the
relationship between the character error rate (CER) of
speech recognition and the size of the training set of the
language model. Then, we inspect the effect of the
broadness of the topic to the CER. In the meantime we
examine the correlation between some traditional measures
and some new characteristics of language modeling and
the CER.

Section 2 briefly introduces the language model theory.
The experimental conditions and results are explained in
section 3 and 4 respectively. In section 5 we have a
discussion on the experimental results and the correlation
between the measures of language model and the character
error rate of recognition. Finally the conclusion is drawn in
section 6.

2. THEORY OF LANGUAGE MODELING

The most commonly used language model in large
vocabulary speech recognition system is the trigram model
[2], which is to determine the probability of a word given
the previous two words: p(w3|w1 ,w2). The simplest way to
approximate this probability is by the maximum likelihood
(ML) estimate
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where f( | ) denotes the relative frequency function, and C( )
denotes the count function.

����������	�
��	���������������������
�	���	����������
��������������

��
�
�����
�	

���� ���!�"��������

ISCA Archive
����#$$%%%&
��	"������&���$	���
'�

10
.2

14
37

/I
C

SL
P.

20
00

-3
22



2.1 Smoothing

Since even in very large corpora of training text, many
possible trigram pairs are not encountered. To avoid the
language model assign P(W) = 0 to strings W containing
these gram pairs, it is necessary to smooth the gram pair
frequencies, which is the task of smoothing technique.

In the NLPR Toolkit, a smooth method devised by Katz
based on Good–Turing estimation [3], was implemented.
The basic idea is from the formula (in the case of trigram
language model):
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Where ),|( 213 wwwQT  is a Good-Turing type function and

)|(̂ 23 wwP  is a bigram probability estimate having he same

form as ),|(̂ 213 wwwP
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2.2 Evaluation Function

1. Perplexity (PP)
According to the information theory [2], perplexity (PP) is
defined to measure the text source complexity as
following,

LPPP 2=                  (4)
Where LP is the logprob, which is defined by

∑
=

−
∞→
−=

n

i

ii
n

wwwQ
n

LP
1

11 ),,|(log1lim Κ    (5)

Where Q(wi|w1, … wi-1) denotes the recognizer’s estimate of
the text production probabilities that is embedded in the
language model.

2. N gram pairs hitting rate (HR)
HR indicates the ability of the language model that can
provide parameters directly. The definition is as the
following,

N
m

HR =                   (6)

Where N is the total number of N-gram pairs in the text
source, and m is the number of N-gram pairs that can be
found directly without backing off to the n-1 gram pairs.

3. EXPERIMENTAL CONDITIONS

3.1 The Speech Corpus for Testing

The ultimate purpose for the language model is
intrinsically linked with the effect which it has on the
accuracy of a speech recognizer. Thus in our investigation,
all the language models are tested with a speech corpus by
a speech recognizer.

This testing corpus is a sub set of the Corpus99
constructed by the National Laboratory of Pattern
Recognition, of which the transcriptions is from the
economic news from newspapers during April to June,
1999. The speakers include 10 females.

3.2 Speech Recognizer

The speech recognizer is built on the FlyingTalk V3.0 API
which is developed by the National Laboratory of Pattern
Recognition, with 138 Initial and Final acoustic models
and a multi-pass decoder.

3.3 Corpora of the Training Set for Language
Modeling

The popular corpora for English language modeling for the
current large vocabulary continuous speech recognizers are
generally in size from tens to hundreds million words.
Table 1 shows several text corpora from the Linguistic
Data Consortium [4].

Table 1 The sizes of text corpora and lexicons of some
standard corpora for English language modeling

Corpus Lexicon Size
Corpus Size in
Million Words

Brown 53k 1
North American Business 20k 243
Wall Street Journal 20k 98
Switchboard 10k 3
Broadcast News 50k 130

In our experiments, the Corpora we choose for the
language model training consist of three parts, corpus-ECO,
corpus-newspapers and corpus-books, as shown in Table 2.
The lexicon we used includes 40k word items.

Table 2 Corpora for training of language models

Corpora
Size in Million

Words
Contents

corpus-ECO 118 Economic Daily 83-98

corpus-newspapers 589
Newspapers before 99
(not include Economic Daily)

corpus-books 473 magazines and novels



3.4 Experimental Scheme

We have designed 3 experiments with different training set
for observing the effect on the language model from
domain and language style of the training set. There are 8
language models constructed each training set. The
components of the 3 training sets are shown in Table 3.

Table 3 the components of the training sets.

Training
Set

Size in
Million
Words

Components

corpus-1 118 Corpus-ECO
corpus-2 707 Corpus-ECO, Corpus-newspapers
corpus-3 1180 All the 3 corpora in Table 2.

The 8 language models in experiment-1 are trained on
incremental amount of training material from Corpus-1.
Limited by the capability of computation in recognition,
the models in experiment-2 and experiment-3 are trained
with different cutoff gates to compress the size of models.

4. EXPERIMENTAL RESULTS

The results of the 3 experiments in Character Error Rate
are shown in Table 4, Table 5 and Table 6 respectively,
together with the evaluation measures of perplexity,
bigram hitting rate and trigram hitting rate. In Table 5 and
Table 6, the number in names of language models denotes
the size of the models in megabytes.

4.1 Experiment-1

The data in Table 4 indicates that the CER drops with the
increasing of training set within same domain. It is clearly
that under such condition of training set, the larger the
training corpus, the better the performance of the
recognizer with the corresponding language model.

Table 4 Results of Experiment-1: with language models
trained on Corpus-1.

LM
training
set(MW)

CER PP bigram HR Trigram HR

eco_8 118 20.38% 166 90.98% 57.33%
eco_7 106 20.93% 178 90.32% 55.36%
eco_6 96 21.57% 185 89.73% 54.00%
eco_5 82 21.77% 195 88.92% 52.09%
eco_4 65 21.96% 211 87.72% 49.28%
eco_3 49 23.35% 244 85.61% 45.13%
eco_2 32 24.90% 287 82.87% 40.90%
eco_1 16 25.67% 389 76.47% 32.83%

4.2 Experiment-2

The size of corpus-2 is 707 million words, and it is broader
in domain compared to the corpus-1 used for group 1
(section 3.4). But it keeps the similar language style,
because all the articles are from newspapers. Limited by

the capability of computation, we can not test the language
model trained on corpus-2 without cutoff. However, from
Table 5 we find a definitely better result in CER than the
best one from Table 4, revealing that the added broadening
of topics is helpful to improve the language model. In
Table 5 we can see the correlation between the CER and
every evaluation measures is weak. The possible reason is
the compression of the language models.

Table 5 Results of language models in group 2 .
LM CER PP bigram HR Trigram HR

Newspaper_878 18.29% 189 94.65% 63.38%
Newspaper_155 20.31% 193 86.63% 51.81%
Newspaper_126 20.29% 180 91.04% 43.77%
Newspaper_122 21.03% 176 88.59% 48.05%
Newspaper_119 20.34% 198 86.63% 49.16%
Newspaper_67 21.84% 199 85.12% 40.90%
Newspaper_46 22.06% 210 84.13% 37.28%
Newspaper_40 22.36% 217 83.12% 35.51%

4.3 Experiment-3

The corpus-3 is continuously expanding with broader
material and the total size reaches 1180 million words.
Comparing Table 5 and Table 6 we find the performance
of language models decreased, together with the lost of
proportional correlation between CER and perplexity as
well as the N-gram hitting rates. Consistent with the
popular point of view, the generalization of training set
will hurt the performance of language model in specific
domain.

Table 6 Results of language models in group 3.
LM CER PP bigram HR trigram HR

balance_590 21.37% 151 94.46% 60.54%
balance_194 22.19% 170 90.29% 53.11%
balance_140 21.62% 178 89.64% 48.64%
balance_112 22.09% 184 89.00% 45.39%
balance_97 22.16% 189 88.76% 43.02%
balance_84 21.79% 194 88.76% 40.68%
balance_70 21.87% 201 87.63% 38.60%
balance_55 22.06% 210 85.58% 37.37%

5. DISCUSSION

5.1 The Selection of Training Set

Besides the CER, the model size is another important
factor we have to consider when choosing language model
for the recognizer. Table 7 shows the sizes of every
language model with the CER.

Apparently we have to choose a compressed model (with
cutoff) for a practical recognizer according to Table 7.
Language models in group 2 provides the better choices
than the other two, which implying that a large, general but
in same language style corpus is reasonable for language



modeling for a large vocabulary continuous speech
recognizer.

Table 7 Comparison of language models of different size
and CER.

LM LM_SIZE(Mb) CER(%)
eco_8 503 20.38
eco_7 468 20.93
eco_6 438 21.57
eco_5 392 21.77
eco_4 338 21.96
eco_3 269 23.35
eco_2 196 24.9
eco_1 111 25.67
Newspaper_878 878 18.29
Newspaper_155 155 20.31
Newspaper_126 126 20.29
Newspaper_122 122 21.03
Newspaper_119 119 20.34
Newspaper_67 67 21.84
Newspaper_46 46 22.06
Newspaper_40 40 22.36
new_balance_590 590 21.37
new_balance_194 194 22.19
new_balance_140 140 21.62
new_balance_112 112 22.09
new_balance_97 97 22.16
new_balance_84 84 21.79
new_balance_70 70 21.87
new_balance_55 55 22.06

5.2 The Measures of Language Model

The most reasonable and direct measure of the
performance of a language model is naturally the character
error rate (CER) for Chinese system. However, the
recognition experiments, by which we acquire the CER,
are computationally costly. Thus, other methods of
evaluating a language model’s quality, such as perplexity
and N-gram hitting rate (for N-gram language models) are
typically used.

According to Table 4 to Table 6, the validity of these
measures are doubted. The correlation between the CER
and perplexity is not very strong in the whole.

In out investigation, the extent of the correlation is
evaluated using 3 correlation coefficients: the Pearson
product-moment correlation coefficient R, the Spearman
rank-order correlation coefficient Rs, and the Kendall rank-
order correlation coefficient T. The discussion of these
three measures can be found in [1] or many standard
statistics books. All the three correlation coefficients will
fall in the range [-1,1]. Large positive or negative values
indicate a strong positive or negative correlation; values
near zero indicate little correlation.

These measures between the perplexity, bigram-hitting rate
and trigram-hitting rate to the CER are shown in Table 8.

From Table 8 we can see that the correlation between the
bigram hitting rate and CER is stronger than that between
trigram hitting rate and CER. It indicates that even in
trigram language model, the bigram parameters still play
an important role.

Table 8 The correlation coefficients.
R Rs T

PP vs. CER 0.769737 0.646154 0.506667
Bi_HR vs. CER -0.777954 -0.666154 -0.526667
Tri_HR vs. CER -0.668466 -0.654615 -0.493333

6. CONCLUSION

This paper investigates the problem of choosing the
training set for language modeling in large vocabulary
continuous speech recognition system. We find that the
broadening of domains of the training set is not always
harmful as it was thought. With similar language styles,
such as formal writing Chinese, literary writing Chinese,
etc., the size of the training set is more important than the
similarity of the domain or topic. Hence in selection of
training set, to keep the identical language style is
important to the quality of the language model.

A byproduct of the investigation is of the evaluation
measures of language model. To the trigram language
model, the correlation between its perplexity and the effect
on the character error rate of a speech recognition system
is strong only in case of the original model trained on
corpora of very close topic. This correlation will decrease
when broadening the training set or compressing the
language model. To the back-off trigram model, the
bigram-hitting rate has stronger correlation to the character
error rate than trigram hitting rate. Therefore, in the
compression of a large language model, to keep more
bigram parameters will retain more benefits in recognition.
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