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ABSTRACT

In our paper, we divide the corpus into 8 domains through text

classification using K-means algorithm, and calculate the

trigram LMs for each one. But the experiment shows the

performance in some ones becomes worse. In order to solve this

problem, we try to do the LM adaptation based on the domain

LMs. The adaptation is done by mixing the domain LMs with

the background LM by a linear interpolation. Relative word

error rate reductions of between 5 and 10 % over the pruned

background LM are achieved.

1.  INTRODUCTION
Statistical language model can provide very useful linguistic

constraints in large vocabulary speech recognition to guide the

quick search of dictation machine to get the most possible word

string. So now statistical method (N-gram language model) is

still the dominant language model, although it has its intrinsic

disadvantage, for instance, it can’t describe the relation between

words longer than N. Statistic language model is

straightforward to construct, but it needs a lot of training corpus

for reliable probability estimation. The huge number of

parameters in statistical N-gram language model makes its order

less than 3, namely trigram language model. With the

appearance of huge text corpus, there is great improvement in

the performance of trigram language model. But it is dificult to

improve the performance of language model ulteriorly, and

evident degradation of language model performance due to

different subject domains has always been a serious problem[1].

In large vocabulary speech recognition system (LVSRS), the

perplexity in specific domain language model is much lower

than the background one. So, it should be quite beneficial to

exploit this domain knowledge in LVSRS. Thus, adaptation of

language models to the specific subject domains is definitely

effective for a real dictation machine[2]. Especially, the

background language model is calculated on the text corpus of

240 million words, so it is about 500Mbytes. We have to prune

it smaller when we try to use it in the actual system. This leads

the perplexity is increased. So in this paper, a language model

adaptation approach based on text classification is described.

In Section 2, we describe the statistical language model used in

our system. Jelinek-Mercer interpolation is used to address the

problem of sparse data. In Section 3, we divide language model

into 8 different domains through text classification. Text

classification procedure is carried out in our text corpus of 240

million Chinese words (consisted with People's Daily,

Computer World, newspapers, magazines and others) using our

lexicon of 68 thousand Chinese words. Firstly, we obtain the

language model unigram seeds in 8 domains by texts selected

manually. Afterwards, based on Kullback distance to these 8

language model unigrams, we classify the whole corpus using

K-means algorithm. Upon the convergence of K-means, we

calculate the trigrams of 8 domain language models.  In

Section 4, the experiment shows the performance in some of

these 8 domain language models becomes worse than the

background one testing by corpus of corresponding domain.

The reason is that the partition isn't uniform. And it leads the

statistic of the language models is deficient. In order to solve

this problem, we do the language model adaptation based on

these domain language models. The adaptation is done by

mixing the domain language models with the background

language model. A linear interpolation is used. Finally, we

present some large-scale experiments to show the evident

improvement of the adapted language model.

2.  LANGUAGE MODEL
The language model we discuss here in this paper is focused on

its application in speech recognition. The model of speech

recognition is as follows:
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For the given acoustic data X , the best hypothesis Ŵ is
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calculated according to the Bayesian rule. In the formula above,

)/( WXP  is got from the acoustic model, for which HMM is

widely used. If we use statistical trigram language model,

NwwwW ......21= , )(WP is formulated as:
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There are a lot of parameters in the language model. For a

lexicon with 10 thousand entries, there are possible
1210 triples, among which only a small part will appear in the

training corpus. This is the problem of sparse data. To address it,

some smoothing methods have been proposed. In our system,

Jelinek-Mercer interpolation is used[3] [4]
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)(•f  is the probability estimation using Maximum Likelihood

method. The interpolation factors can be calculated by

Expectation Maximization method or based on experiments. In

theory these factors should change according to the current

history. To implement simply, we got the interpolation weight

based on the experiments and kept them fixed.

3. TEXT CLASSIFICATION BY KULLBACK

DISTANCE
It is straightforward that a language model in a specific domain

should have more powerful constraints on the word connections,

hence lower perplexity, than a universal one. In this light, we

expect that making use of the language domain information to

adapt our language model might give us a better performance in

our Mandarin continuous speech recognition system.

We divide our 240-million-Chinese-words corpus into 8

domains, i.e. economics(ECO), information technology(IT),

law(LAW), military(MIL), politics(POL), science(SCI),

society(SCO) and sports(SPT), with the assumption that any

text in the corpus belongs to one of these 8 domains. It is very

likely that some of the domains overlap and can not exactly tell

which field the text should be. Under this condition, we simply

choose the most similar domain as the final decision.

In each domain, about 2-million-word texts are selected

manually to calculate the unigram over the 68-thousand-word

vocabulary which is regarded as the statistical language

characteristics of this field. The above number of the texts

guarantees the robust and sufficient unigrams for future

classification.

To classify the corpus automatically, we use the Kullback

distance as a measurement of the similarity between a text and

certain domain.

   ∑
Ω∈

=
iw ii

i
iKL wQ

wP
wPQPD

)(
)(

log)():(

Where P and Q are the probability distributions of the target text

and each ith domain respectively while � is the intersection of

the vocabulary of the above two.

The text classification procedure is carried out by K-means

approach, which is demonstrated as follows,

1. Initiate the unigram seed for each domain through

the manually selected text.

2. Through the whole corpus, for every text to be

classified, calculate the Kullback distance between

the text and the 8 domain unigrams respectively.

Assign the target text to the domain with the

minimum Kullback distance.

3. Recalculate the unigram and perplexity for each

domain after the classification upon step 2.

l If the perplexities satisfy certain convergence

threshold, the classification is over.

l Else, go back step 2 with the newly obtained

unigram of each domain.

Upon the convergence of the K-means interation, we finally get

the 8 domain partitions of the corpus as shown in Table 1.

The perplexity value of the documents with respect to a certain

domain language model is defined as follows:
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Where N is the length of the examined documents. From Table

2 we can find that the perplexity (on the diagonal) obtained

from each matching domain is much lower than others, which

proves our previous expectation that the addition of specific

domain information can reduce the word uncertainty in the



language model.

4.  LANGUAGE MODEL ADAPTATION
We do the experiment to convert Chinese spelling into Chinese

words with N-best rescoring on the 8 domain language models

using the speaker-independent testing corpus with 5906

sentences 76435 words read by 49 persons respectively. You

can see the results on Table 3, it is word accuracy. The results

on the diagonal are domain-maching. Some of them are

improved, but others become worse. The reason is that the text

corpus of 240 million Chinese words is divided into 8 domains,

and the partition isn't uniform, so the corpus in some domains is

much less than other ones. And it leads the statistic of the

language models based on these domains is deficient. So we

can't simply use the domain language models in LVSRS. In

order to solve this problem, we try to do the language model

adaptation based on these domain language models. The

adaptation is done by mixing the domain language models with

the background language model (BLM) calculated with whole

text corpus of 240 million Chinese words. A linear interpolation

is used. The interpolation formula is:
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Where Pd(.) and Pb(.) are respectively the domain and

background trigram probalilities which are estimated with

formula (1). The factor � is dependent on the reliability of the

probalilities of domain language model. It can be determined by

the Bayesian estimation[5]. We get different adaptation

language models by mixing each domain language model with

the background language model using different �.

5. EXPERIMENTS
Table 4 shows the result of adaptation language models by

mixing each domain language model with the pruned

background language model(cutoff=2) using �=0.5. Relative

word error rate reduction of 8.41% is achieved. Since the

background language model is calculated on the text corpus of

240 million words, so its size is over 500Mbytes. We have to

prune it smaller when we try to use it in the actual dictation

system. This leads the perplexity is increased. The larger

improvement is obtained with a model mixing the domain

language models with the pruned background language model.

Relative word error rate reductions of between 5 and 10 % over

the pruned background language model are achieved in Table 5.

6. CONCLUSIONS
This paper presents a language model adaptation approach

based on text classification. The text classification method using

Kullback distance is also presented. The experiment shows it is

evidence improvement for the performance of an adapation

language model. It is definitely important for real speech

recognition system.
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Subject Domains Background ECO IT LAW MIL
No. of Words 240,433,965 22,305,290 44,836,063 24,133,034 13,955,665
No. of Lexicon Entries 63,274 27,852 37,062 38,966 43,281
Subject Domains POL SCI SOC SPT
No. of Words 93,710,948 3,846,151 23,026,620 14,620,194
No. of Lexicon Entries 46,531 20,115 42,061 31,132

Table 1  The size of the training text corpus for different subject domains



PP value IT POL LAW ECO MIL SCI SCO SPT
IT 22 107 154 199 166 358 144 347

POL 132 34 74 306 88 757 78 248
LAW 142 77 14 394 156 1032 125 317
ECO 20 21 24 6 30 41 25 49
MIL 189 99 191 629 17 1108 204 548
SCI 114 85 150 473 102 27 60 268
SCO 111 33 55 191 76 639 69 205
SPT 94 46 73 159 66 331 57 14

Table 2  Perplexity values for testing texts with different subject domains evaluated with respect to different

domain language model

WR(%) ECO IT LAW MIL POL SCI SOC SPT In Domain
ECO 85.84 78.44 71.68 58.2 76.14 69 68.88 62
IT 84.63 91.39 73.97 71.2 86.97 80.08 81.05 68.07
LAW 85.37 81.94 88.37 80.26 87.01 79.55 80.3 75.15
MIL 76.04 80.38 71.65 89.59 84.97 80.63 80.63 73.24
POL 86.63 86.07 85.71 85.34 89.8 83.01 83.84 84.78
SCI 65.51 75.13 56.97 55.75 71.19 75.56 68.32 55.53
SOC 80.82 79.16 75.69 74.35 86.42 84.64 83.8 76.65
SPT 65.13 70.58 64.13 61.19 79.24 67.9 72.27 89.78 87.03
Backround LM 86.89 90.55 87.32 90.19 89.92 86.77 85.19 88.25 88.04
BLM Cutoff=1 87.25 90.07 87.43 88.33 90.11 86.07 85.04 87.41 87.68
BLM Cutoff=2 87.39 89.93 87.3 88.18 89.17 84.76 84.21 87.03 87.27

Table 3  Word accuracy for the speech recognition tests using different domain language model

WR(%) ECO IT LAW MIL POL SCI SOC SPT AVG In Domain
ECO 88.05 88.87 85.34 86.25 88.42 82.53 81.72 84.79 85.80
IT 86.93 91.22 86.67 86.76 89.52 84.06 83.64 85.02 87.08
LAW 87.54 89.74 88.29 88.45 88.78 84.01 83.01 85.68 86.85
MIL 86.65 88.90 85.58 90.11 88.78 84.49 83.50 85.63 86.48
POL 87.27 89.19 87.14 87.78 90.11 85.14 84.40 86.67 87.15
SCI 86.54 89.13 85.31 86.09 88.69 84.54 82.78 85.63 86.13
SOC 86.76 89.11 86.02 86.56 88.66 86.69 84.36 85.58 86.71
SPORT 86.38 89.23 85.32 86.25 88.70 83.13 83.23 89.99 86.19
AVG 86.89 89.35 86.14 87.15 88.84 84.19 83.36 86.04 86.48 88.34
BLM 86.89 90.55 87.32 90.19 89.92 86.77 85.19 88.25 87.9 88.04
BLM Cutoff=1 87.25 90.07 87.43 88.33 90.11 86.07 85.04 87.41 87.5 87.68
BLM Cutoff=2 87.39 89.93 87.30 88.18 89.17 84.76 84.21 87.03 87.19 87.27

  Table 4  Word accuracy for the speech recognition tests using different domain language model adapted with BLM(cutoff=2)

Language Model WER SubRate ErrSubRate
BLM 11.96%

BLM(cutoff=1) 12.32%
BLM(cutoff=2) 12.73%

BLM +DLMs(�1) 11.34% 0.64% 5.35%
BLM +DLMs(�2) 11.34% 0.64% 5.35%
BLM +DLMs(�3) 11.45% 0.51% 4.27%

BLM (cutoff=1)+DLMs(�1) 11.44% 0.88% 7.14%
BLM (cutoff=1)+DLMs(�2) 11.36% 0.96% 7.19%
BLM (cutoff=1)+DLMs(�3) 11.47% 0.85% 6.90%
BLM (cutoff=2)+DLMs(�1) 11.68% 1.05% 8.25%
BLM (cutoff=2)+DLMs(�2) 11.66% 1.07% 8.41%
BLM (cutoff=2)+DLMs(�3) 11.71% 1.02% 8.01%

 (�1=0.7,   �2=0.5,   �3=0.3)
Table 5  Word accuracy for the speech recognition tests using different domain language

               model adapted with different BLMs and different factor �


