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Abstract
This paper describes a language modeling method using large-
scale spoken language data retrieved from the Web for spon-
taneous speech recognition. We downloaded 15 million Web
pages on a comprehensive range topics. Next, spoken language-
like texts were selected from the downloaded Web data using
the naı̈ve Bayes classifier, and typical linguistic phenomena
such as fillers and pauses were added using simulation mod-
els. A language model trained by the generated data gave as
high performance as the large-scale spontaneous speech corpus
(Corpus of Spontaneous Japanese, CSJ). By combining the gen-
erated data and CSJ, we improved word accuracy.
Index Terms: Spontaneous speech recognition, language
model, World Wide Web, large vocabulary continuous speech
recognition, Corpus of Spontaneous Japanese

1. Introduction
Recent progress in spontaneous speech recognition relies on
large-scale spontaneous speech corpora. For example, the Cor-
pus of Spontaneous Japanese (CSJ) [1] is one of the largest
spontaneous speech corpora, containing about 7 million words
carefully transcribed by human transcribers. The CSJ is a pow-
erful resource for not only training acoustic models but also
language models [2], and is considered to be large enough for
acoustic modeling [3]. However, manually-transcribed data is
not sufficient for modeling a language model for large vocab-
ulary continuous speech recognition. The number of distinct
words in the CSJ is only around 60,000, which is too small for
training a language model covering a wide variety of topics.
Furthermore, amount of data itself is also too small to cover
trigrams. When trigram coverage is insufficient, most trigram
probabilities are calculated through back-off smoothing, which
severely degrades the word accuracy. In short, to improve word
accuracy, we need more transcriptions of spontaneous speech
[4].

A popular approach to solve this problem is language model
adaptation. This approach mixes topic-specific text data and
text-independent transcription to obtain a topic-specific lan-
guage model. Ideally, the topic-specific data should be in a
spontaneous speech style. However, if we use a major data
source such as newspapers or web pages, most of the sentences
are in written style, and so mixing the written-style text data
weakens the spontaneous speech characteristics of the adapted
language model. Adaptation methods such as LDA or pLSA
preserve the style characteristics of the adapted language model
while adapting the topics of the language model to the target
topic. However, topic-model-based adaptation does not solve
the problem caused by back-off smoothing.

In this paper, we focus on obtaining linguistic data for spon-

taneous speech recognition from the Web, which is a useful
source for language modeling [5]. Although most of the texts
on the Web are in written style, the huge amount of data avail-
able allows us to obtain a sufficient amount of linguistic data by
choosing speech-style-like data among the webdata. Misu et al.
[6] reported on language model training using webdata for rec-
ognizing only query speech for a spoken QA system. A similar
approach can be useful for gathering a large-scale spontaneous
speech corpus from the Web.

This paper describes our attempt to gather speech-style lin-
guistic data from the Web and generate a general language
model for recognition of spontaneous speech. The language
model is generated in the following three steps:

1. Data acquisition: Gather a large number of text data from
the Web.

2. Data selection: Choose speech-style-like data from the
gathered text data.

3. Data compensation: Insert fillers and short pauses for
simulating linguistic phenomena observed in sponta-
neous speech.

The techniques used in these steps are not novel. The purpose
of this paper is to demonstrate that a large-scale spontaneous-
speech-like corpus can be created by combining existing tech-
nologies.

2. Large-scale spontaneous speech corpus
generated from webdata

2.1. Retrieval of web data

As the first step, we need to retrieve a large amount of webdata
from which speech-style texts are chosen. The usual method
of retrieving webdata retrieval is to use keywords or phrases to
retrieve candidates for downloading using a web search engine
[7, 8, 9]. However, a keyword approach has the following two
problems. First, it is difficult to choose keywords that charac-
terize spontaneous speech. Speech style is often characterized
by fillers or function words, most of which are stop words of a
search engine. Phrase searches such as searching for “uh yes”
could work, but it is also difficult to list all possible phrases that
effectively characterize speech style. Second,text data gathered
by keyword-based search inevitably contains biases. It is diffi-
cult to gather a large amount of text data on various topic uni-
formly through simple keyword searches or web crawling.

To solve this problem, we first gather web pages using an
arbitrary noun as a keyword. Then the retrieval is repeated for
all known nouns and so a vast amount of web data is down-
loaded. Figure 1 shows the retrieval process. By using all nouns
as keywords, we can guarantee that the downloaded data con-
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Figure 1: Retrieval of web documents using each of all nouns
as a keyword

Table 1: Downloaded Web data

Search engine Yahoo! Japan
Downloading period Feb. 2010 to Apr. 2010
No. of keywords 288k nouns (IPAdic[12] and

unidic[13])
No. of downloaded pages 15M
No. of downloaded distinct
words

396k

tains texts relevant to any noun even if there are only a few pages
concerning that noun on the Web.

Table 1 shows the conditions used for downloading. We
used 288k nouns contained in the dictionary of a morphemic an-
alyzer. Then we downloaded 50 web pages for each keyword,
and finally downloaded about 15M pages. The pages down-
loaded for one keyword are combined into one text document
associated with the keyword.

2.2. Filtering of the downloaded data

The downloaded pages were filtered for excluding HTML tags,
Javascript codes and other parts that were not useful for lan-
guage modeling. The filtering was based on a method used by
Nisimura [5], which was performed in two steps. The first step
was rule-based, which depends on Japanese orthography, as fol-
lows.

1. Extract lines that end with punctuation marks.

2. Exclude lines that have more than 20% alphabetical let-
ters, digits and symbols. (Other characters in a line are
either kana or kanji.)

3. Exclude lines shorter than 10 characters.

In the second step, word fragments not useful for language
model training were excluded using word n-gram. We trained
a word-based trigram from the CSJ, where all nouns are sub-
stituted into one class symbol to avoid task dependency. Then
we formatted the extracted data into sentences, and measured
the word perplexity of each sentence. Finally, those sentences
having a perplexity of more than 400 were excluded from the
corpus.

2.3. Selection of speech-style-like data

After retrieving the linguistic data from the Web, we chose
speech-style-like sentences among the formatted data. We em-

ployed the naı̈ve Bayes classifier for selecting the sentence. Let
a sentence style S ∈ {0, 1}, where 1 means that the style is a
speech style. We employ unigram language model θS for each
style.

Let a document

D = {(w1, t(w1, D)), . . . , (wV , t(wV , D))}, (1)

where wi is the i-th distinct word and t(wi, D) is the number
of occurrences of wi in the document D. Then the probability
of generating D from θS is

P (D|θS) =
∏

(w,t)∈D

P (w|θS)t. (2)

Then the estimation of style is

Ŝ = argmax
S

P (D|θS). (3)

The model θS is built as a multinomial distribution model. The
probability is

P (w|θS ;µ) =
t(w, S) + µPC(C(w)|θS)

V∑
j=1

t(wj , S) + µ
V∑

j=1

PC(C(wj)|θS)

(4)

where C(w) is the part-of-speech of word w,

t(w, S) =
∑

D∈DS

t(w,D), (5)

DS is the set of documents that belong to style S, and

PC(C|θS) =
t(C, S)∑

C′

t(C′, S)
(6)

t(C, S) =
∑

D∈DS

∑
w∈C

t(w,D). (7)

Here, µ is a smoothing parameter, and is estimated using
leaving-one-out likelihood[14].

As the style of a document is independent of its topic, we
excluded all nouns from documents for style discrimination. We
used the CSJ for training the speaking style model and two years
of newspaper articles (Mainichi Shimbun) for training the writ-
ing style model. Then the style of a document was estimated
using Eq. (3).

2.4. Compensation of fillers and short pauses

Even if a document is classified as “speech style,” most of such
documents do not have the disfluencies observed in real spon-
taneous speech, such as fillers and short pauses. Therefore, we
need to simulate these phenomena and insert them in the cor-
pus. For generating disfluencies, we used models for predicting
fillers [10] and short pauses [11].

Insertion of fillers is performed in two steps. First, given
a sentence, positions for filler insertion are predicted. Next,
a filler is selected among candidate fillers for each filler in-
sertion position. While Ohta et al. used the conditional ran-
dom field (CRF) for predicting filler insertion positions, we
used the trigram model for simplicity. The probability that a
filler is inserted after a word pair wi−1 and wi is given by
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Table 2: Comparison of data size

Data Corpus size (Mwords)
CSJ 7.653
Filtered (all) 4,844
Filtered (written) 4,270
Filtered (spoken) 573.7
Filler 595.7
Short pause 611.3

PI(F |wi−1wi), where F ∈ {0, 1}, 1 means that a filler is in-
serted after wi. wk is basically a word, and all nouns are substi-
tuted by one symbol to avoid task dependency of the filler pre-
diction. After a filler is predicted, a filler word is selected using
a filler selection model, PF (f |wi−1wi), f ∈ {f1, . . . , fNf },
where fk is a filler word. According to these probabilities, filler
words are randomly inserted into the original sentences.

Insertion of short pauses was performed in the same way
as the above-mentioned filler prediction. The filler model and
short pause model were trained using the CSJ.

3. Experiment
3.1. Experimental conditions

We employed 2536 lectures taken from the CSJ for training. We
trained five models from this training set: language models for
text formatting, style classification, filler insertion, short pause
insertion and a language model for usual speech recognition.
We also used newspaper articles (Mainichi Shimbun) for two
years (2000 and 2001, about 200k articles) for training the style
classifier. Forty lectures from the CSJ that are not included in
the training set were used for evaluation.

We used Julius 4.1.5 as a decoder and triphone models dis-
tributed with the CSJ as acoustic models.

3.2. Collected webdata and generated Web corpus

First, we compared the amount of collected data and CSJ. The
comparison is shown in Table 2. In this table, “Filtered (all)”
denotes all of the downloaded and filtered text data, “Filtered
(written)” is the data classified as writing style, and “Filtered
(spoken)” is that classified as speech style. These results show
that almost one-eighth of the downloaded texts are classified as
speech style. The collected speech style data were eighty times
as large as the CSJ. The rows “Filler” and “Short pause” denote
the data after filler insertion and short pause insertion (after filler
insertion), respectively. In the “Short pause” corpus, 2.6% of
the words were short pauses and 3.6% were filler words.

In the later experiments, “Filtered (spoken)”, “Filler” and
“Short pause” data were used.

Next, we investigated trigram coverage and out-of-
vocabulary (OOV) rate. We prepared two vocabulary sets: a 40k
set and a 300k set. As the number of distinct words appearing
in the CSJ is 41696, the vocabulary size of the 40k set is compa-
rable with that of the CSJ. The Web corpus is much larger than
the CSJ, we also tested larger vocabulary size (300k).

Figure 2 shows the number of distinct trigrams and trigram
coverage over the test set. The number of distinct trigrams in
the Filtered (40k) corpus was twenty-five times as large as that
of the CSJ. Trigram coverage of the Filtered corpus was 11.4
points higher than that of the CSJ. Inserting fillers and short
pauses increased both the number of trigrams and the trigram
coverage. The Filtered (300k) corpus had lower trigram cover-

Figure 2: Number of distinct trigrams and coverage

Figure 3: Word accuracy using downloaded corpora

age because of larger vocabulary size. If we increase the vo-
cabulary size, rare trigrams occur more frequently in the test
data, which are regarded as sequence of unknown words when
a small vocabulary is used. On calculating the trigram coverage,
an unknown word (UNK) is treated just like an ordinary word,
and this is why the coverage become higher when vocabulary
size is small. However, the coverage was still higher than that
of the CSJ.

Next, we investigated OOV rates when using language
models trained from the CSJ with a 41.7k vocabulary and that
from the Web corpus with 40k and 300k vocabularies. Note that
the “Filtered,” “Filler” and “ShortPause” corpora had identical
OOV rates because the only differences of vocabularies of these
corpora were filler words and a short pause symbol.

The OOV rate of the 40k vocabulary from the Web cor-
pus was 1.15%, which was slightly lower than that of the CSJ
(1.54%), although the CSJ and the Web 40k corpus had almost
the same vocabulary size. When we employed the 300k vocab-
ulary, the OOV rate was almost negligible (0.03%).

3.3. Speech recognition results

We performed speech recognition using trigram language mod-
els trained from the above-mentioned corpora and compared the
recognition performance. Figure 3 shows the word accuracy re-
sults for LMs from the CSJ and the three Web-based corpora.
These results confirm that insertion of fillers improved the word
accuracy, but insertion of short pauses yielded no improvement.
The accuracy of the “Filler” model of the 300k vocabulary was
only 0.88 point behind that of the CSJ model.

We can improve the coverage of a trigram model by sim-
ply adding “Filter,” “Filler” and “ShortPause” corpora because
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Figure 4: Word accuracy using combined corpora

Figure 5: Result of combination of CSJ and Web corpus

we can train word sequence with and without disfluencies. In
fact, by combining these three corpora, the trigram coverage in-
creased to 79.49% when the 300k vocabulary was employed.
Figure 4 shows the word accuracy results for combined cor-
pora with the 300k vocabulary; we achieved a word accuracy of
62.37%, which was comparable with that by the CSJ (62.45%).

3.4. Combination of CSJ and Web corpora

Finally, we combined the Web corpus and the CSJ to improve
the language model further. The two corpora were combined at
the n-gram count level [15], with the n-gram count of the CSJ
multiplied by a weighting factor. Figure 5 shows the word accu-
racy results. The best result was obtained when we multiplied
the n-gram count of the CSJ by 50, and the best word accuracy
for the 40k vocabulary model was 64.16% and that for the 300k
vocabulary model was 64.82%.

4. Conclusions
In this paper, we trained a language model for spontaneous
speech recognition from linguistic data downloaded from the
Web. Although we used existing methods for selecting the
spontaneous-speech-like data and simulating disfluencies, we
believe that this work is the first attempt to gather a large-scale
corpus from the Web for general-purpose spontaneous speech
recognition. The results showed that good word accuracy was
acheved by using the language model trained using the gathered
corpus, which was comparable with the results by the CSJ, one
of the largest spontaneous speech corpora.

As a future work, the performance of the language model
trained by the web corpus should be evaluated using test data
other than the CSJ, since the results presented in this paper

might depend on the CSJ.
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