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Abstract—Performance of statistical n-gram language models
depends heavily on the amount of training text material and the
degree to which the training text matches the domain of interest.
The language modeling community is showing a growing interest
in using large collections of text (obtainable, for example, from
a diverse set of resources on the Internet) to supplement sparse
in-domain resources. However, in most cases the style and content
of the text harvested from the web differs significantly from
the specific nature of these domains. In this paper, we present a
relative entropy based method to select subsets of sentences whose
n-gram distribution matches the domain of interest. We present
results on language model adaptation using two speech recognition tasks: a medium vocabulary medical domain doctor-patient
dialog system and a large vocabulary transcription system for
European Parliamentary Plenary Speeches (EPPS). We show
that the proposed subset selection scheme leads to performance
improvements over state of the art speech recognition systems
in terms of both speech recognition word error rate (WER) and
language model perplexity (PPL).
Index Terms—Data selection, language model adaptation, relative entropy.

I. INTRODUCTION

T

HERE is a growing interest in using the World Wide Web
(WWW) as a corpus for training models for natural language processing (NLP) tasks [1]–[3]. One common component of many statistical NLP systems which can benefit from
the use of web as a corpus is the n-gram language model. The
n-gram model provides an estimate of the probability of a word
sequence under Markovian assumptions. In speech recognition
applications, the n-gram model is frequently used to provide a
prior for decoding the acoustic sequence. The n-gram model is
trained from counts of word sequences seen in a corpus and
hence its quality depends on the amount of training data as well
as the degree to which the training statistics represent the target
application.
Text harvested from the web and other large text collections
such as the English Gigaword [4] corpus provides a good resource to supplement the in-domain data for a variety of applications [5], [6]. However, even with the best queries and text

collection schemes, both the style and content of the data acquired tend to differ significantly from the specific nature of the
domain of interest. For example, a speech recognition system
for spoken dialog applications requires conversational style text
for the underlying language models whereas most of the data
on the web is written style. To benefit from a generic corpora,
we need to identify subsets of text relevant to the target application. In most cases we have a set of in-domain example sentences available to us which can be used in a semi-supervised
[7], [8] fashion to identify the text relevant to the application
of interest. The dominant theme in recent research literature for
achieving this is the use of various rank-and-select schemes for
identifying sentences from the large generic collection which
match the in-domain data [5], [6]. The central idea behind these
schemes is to rank order sentences in terms of their match to the
seed in-domain set and then select top sentences. Rank-and-select filtering schemes select individual sentences on the merit of
their match to the in-domain model. As a result, even though
individual sentences might be good in-domain examples, the
overall distribution of the selected set is biased towards the high
probability regions of the distribution.
In this paper, we build on our work in [9] and present an
improved incremental selection algorithm which compares the
distribution of the selected set and the in-domain examples by
using a relative entropy (R.E.) criterion at each step. Section II
presents several methods for data selection against which the
proposed scheme is benchmarked. The proposed algorithm is
described in Section III. A brief description of the setup used
to build the large corpus used in our experiments and other implementation details is given in Section IV. To validate our approach, we present and compare the performance gains achieved
by the proposed approach on two automatic speech recognition
(ASR) systems. The first system is a medium vocabulary system
for doctor-patient conversations in English [10]. The second
system is a large vocabulary transcription system for European
parliamentary speeches [11]. Experimental results are provided
in Section V. We conclude with a summary of this work and directions for future research.
II. RANK-AND-SELECT METHODS FOR TEXT FILTERING
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In recent literature, the central idea behind text data selection
schemes for using generic corpora to build language models, has
been to use a scoring function that measures the similarity of
each observed sentence in the corpus to the domain of interest
(in-domain) and assign an appropriate score. The subsequent
step is to set a threshold in terms of this score or the number of
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top scoring sentences, usually done on a heldout data set, and
use this threshold as a criterion in the data selection process. A
dominant choice for a scoring function is in-domain model perplexity [5], [12] and variants involving comparison to a generic
language model [13], [14]. A modified version of the BLEU
metric which measures sentence similarity in machine translation has been proposed by Sarikaya [6] as a scoring function.
Instead of explicit ranking and thresholding, it is also possible
to design a classifier to Learn from Positive and Unlabeled examples (LPU) [15]. In LPU, a binary classifier is trained using
a subset of the unlabeled set as the negative or noise set and the
in-domain data as the positive set. The binary classifier is then
used to relabel the sentences in the corpus. The classifier can
then be iteratively refined by using a better and larger subset of
the sentences labeled in each iteration. For text classification,
support vector machine (SVM)-based classifiers are shown to
give good classification performance with LPU [15].
Ranking-based selection has some inherent shortcomings.
Rank ordering schemes select sentences on individual merit.
Since the merit is evaluated in terms of the match to in-domain
data, there is a natural bias towards selecting sentences which
already have a high probability in the in-domain text. Adapting
models on such data has the tendency to skew the distribution
towards regions in the in-domain data that are highly probable.
An illustration of this is short sentences containing the word
“okay” such as “okay,” “yes okay,” “okay okay” which were
very frequent in the in-domain data for the doctor-patient interaction task. Perplexity and other similarity measures assign
a high score to all such examples, boosting the probability of
these words even further. In contrast, other pertinent sentences
seen rarely in the in-domain data such as “Can you stand up
please?” receive a low rank and are more likely to be rejected.
Simulation results provided in [9] show the skew towards high
probability regions clearly.

III. DATA SELECTION USING RELATIVE ENTROPY
In order to achieve an unbiased selection of data, we proposed
an iterative text selection algorithm based on relative entropy
[9]. The idea is to select a sentence if adding it to the already selected set of sentences reduces the relative entropy with respect
to the in-domain data distribution.
Stolcke [16] introduced relative entropy as a measure for
pruning back-off n-gram language models. In relative entropy-based pruning of n-gram language models, a pruning
threshold is set for the relative entropy between the n-gram
and the back-off n-gram
distribution with history
. Higher order n-grams
distribution with history
which have low relative entropy with respect to the lower order
back-off n-grams are discarded. In this paper, we provide a data
selection algorithm based on R.E. minimization that serves
a complimentary goal to R.E. based n-gram model pruning.
The data selection algorithm aims at finding a good subset
of data for building language models while the goal of R.E.
based pruning is to find a compact n-gram model which closely
matches the unpruned model.

A. Core Algorithm
In this section, we derive the proposed R.E. based data selection algorithm when the in-domain data is modeled using an
unigram LM. A detailed derivation for the general case, when
the in-domain data is modeled using a back-off n-gram language
model is included in the Appendix. Let us define the following
symbols.
Word.
Vocabulary of the in-domain model.
The language model built from the
in-domain data.
The count of word
text.

in the already selected

The total number of words in the text
already selected.
The count of word in the sentence being
considered for selection.
The number of words in the sentence.
1The skew divergence [17] of the maximum-likelihood

estimate
of the language model of the selected sentences to the initial
is given by
model
(1)

.
where
The skew divergence is a smoothed version of the Kullback–Leibler (KL) distance with the alpha parameter denoting
on the current
the smoothing influence of model
, the skew
maximum-likelihood (ML) model. When
divergence expression is equivalent to the KL distance. Using
skew divergence in place of the KL distance was useful in
improving the data selection especially in the initial iterations
are low and the ML estimate
where the counts
changes rapidly. If a sentence is selected to be included in the
language model, the updated divergence is given by

(2)
If a sentence is not selected, then the model parameters and the
divergence measure remain unchanged.
Direct computation of divergence using the above expressions for every sentence in a large corpus has a high computacomputations per sentence are required.
tional cost since
The number of sentences can be very large, easily on the order
to
, which makes the total computation cost for even
) large.
moderate vocabularies (approximately
However, given the fact that
is sparse, we can split
into equations (3) and (4), as shown at the
the summation
bottom of the next page.
1The in-domain model P (w ) is usually represented by a linear interpolation
of n-gram LMs built from different in-domain text corpora available for the task.
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Intuitively, the term
accounts for the scaling of the ML
probability estimates when the denominator in the estimate
increases from
to
for all words in the
vocabulary. The term accounts for the increase in probability
for words seen in the sentence where the numerator in the ML
to
. Equation (3)
estimate increases from
makes the computation of the stepwise changes in divergence
tractable by reducing the required computations to the number
of words in a sentence , instead of a summation over all the
computations. The approxwords in the vocabulary, i.e.,
imation in (4) is valid if the number of total words selected
is significantly larger than the number of words expected to
. As we describe in the
be seen in a single sentence
next subsection on initialization, in the beginning of the data
are initialized in a manner
selection process, the counts
such that
. As the data selection process selects more
data, increases reducing the approximation error further.
B. Initialization
We use the following bootstrap strategy for initializing the
.
counts
• Choose a random subset (without replacement) of the
adaptation data. The size of the random subset is taken to
be the same as the size of the in-domain set.
with the count of word in the random
• Initialize
subset. The counts are incremented by 1 to ensure non zero
.
• The counts initialized in the previous step are used to select
data using the alpha skew divergence criterion presented
above.
is reset to the count of the word in the selected set.
•
.
The counts are incremented by 1 to ensure non zero
should be non zero for ensuring finite value of . In
general, we have observed that in comparison to uniform initialization or initialization from a random subset, we are able to
reduce the size of the selected data set by 10%–15% using the
two step initialization technique with no loss in performance either in perplexity or WER.
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C. Alpha Parameter
The alpha parameter in (3) controls the smoothing influence
of the in-domain language model. The motivation behind this
smoothing was to make the relative entropy function behave
smoothly during the initial part of data selection. For this purpose, a high value of alpha in the range 0.95–1.0 was found
to give good results on the two tasks described in this paper
(Section V). The performance of the algorithm was not sensitive to the choice of alpha in this range. In general, a low value
,
of alpha reduces the number of sentences selected (when
no sentence will be selected).
D. Randomization and Multiple Passes
The proposed algorithm is sequential and greedy in nature
and can benefit from randomization of the order in which the
corpus is scanned. We generate random permutations of the sentences and select the union of the set of sentences identified for
selection in each permutation. Sentences that have already been
included in more than two permutations are skipped during the
selection process, thus forcing the selection of different sets of
sentences. After each permutation and data selection iteration,
we build a language model from the union of the data selected
and compute perplexity on the heldout data set. The heldout set
perplexity is used as a stopping criterion to fix the number of
permutations. If the perplexity increases on addition of data selected after a random permutation, no further permutations are
carried out. For the purpose of fixing the number of random permutes in our experiments, we used a trigram language model
with the same vocabulary as the in-domain model.
E. Smoothing
Smoothing [18] can be used after a certain fixed number of
sentences are selected to modify the counts of the selected text
. We have experimentally found out that Good–Turing
smoothing after selection of every 500 K words is sufficient for
the tasks considered in this paper. The impact of smoothing was
not seen to be significant to warrant further exploration.

(3)

(4)
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F. Extension to n-Gram Models
As mentioned earlier, we have introduced the data selection
algorithm using unigram models to represent the in-domain data
set. The extension of this R.E.-based data selection algorithm
to a more general, back-off n-gram model is presented in the
Appendix. The computation time of the algorithm depends on
the order of the n-gram model used in the data selection procedure. The number of computations required grows linearly with
the total number of n-grams in the language model. In general,
the total number of n-grams grows exponentially with the order
of the model, making the computational cost an exponential
function of the language model order (Section V). For initialization of the back-off n-gram based data selection algorithm,
we use a random subset of the data selected using a unigram
model.
Finally, the selected data is then merged with the in-domain
data set to build a language model. The choice of the order and
vocabulary of this language model can be different from the
order, vocabulary and choice of smoothing method used in the
model that was used in the data selection procedure.
In the next section, we describe our infrastructure for collecting the large corpus used in our experiments (Section V) and
cover key implementation details of the proposed algorithm.
IV. IMPLEMENTATION DETAILS AND DATA COLLECTION
The vast text resources available over the WWW were
crawled to build the large text corpora used in our experiments.
Queries for downloading relevant data from the web were
generated using a technique similar to [5] and [13]. An in-domain language model was first generated using the training
material and compared to a generic background model of English text [13] to identify the terms which would be useful for
querying the web. For every n-gram in the language model,
we calculated the weighted ratio
where
is the in-domain model and is the background model. The
top-scoring trigrams, bigrams, and unigrams were selected as
query terms in that order. The set of URLs returned by our
search were downloaded and the non-text files were deleted.
The HTML files were converted to text by stripping off tags.
The converted text typically does not have well defined sentence
boundaries. We found that using an off-the-shelf maximum
entropy-based sentence boundary detector2 [19], seemed to
improve sentence boundaries. Sentences and documents with
high out-of-vocabulary (OOV) rates were rejected as noise to
keep the converted text clean.
As a pre-filtering step, we computed the perplexity of the
downloaded documents with the in-domain model and rejected
text which had very high perplexity [13]. The goal of the pre-filtering step is to remove artifacts such as advertisements, and
other spurious text. Most of these artifacts show up very clearly
as a very high perplexity cluster compared to the rest of the data.
Thus, by using a perplexity histogram we could easily choose
and use a perplexity threshold for pre-filtering. Data were mined
separately for the two ASR tasks presented in this paper. In
both cases, the initial size of the data downloaded from the web
2http://www.id.cbs.dk/dh/corpus/tools/MXTERMINATOR.html.

was around 750 M words. After filtering and normalization the
downloaded data amounted to about 500 M words.
The generalized algorithm for data selection using n-gram
models (see Appendix) is significantly slower than the unigram
implementation (Section V) because of the need to update lower
order back-off weights. Simulation experiments [9] and experiments on Web-data indicate that bigram and unigram language
models seem to perform well for data selection using the R.E.
minimization algorithm. No performance gains were observed
when using trigram models for selection. For this reason the experimental results presented in this paper are restricted to the
use of bigram models for data selection. Note however that the
order of the LM used for data selection does not put any restrictions on the order of the language models used for generating
query terms or the adapted language model we build from the
selected data.
V. EXPERIMENTS
To provide a more general picture of the performance of our
data selection algorithm we provide experimental results on two
systems which differ significantly in their system design and the
nature of the ASR task that they address.
The first set of experiments were conducted on the English
ASR of the Transonics [10] English–Persian speech-to-speech
translation system for doctor–patient interactions developed
at USC. The second set of experiments were conducted using
IBM’s speech recognition system for English, submitted to
the 2006 evaluation within the TC-STAR project. TC-STAR,
which stands for Technology and Corpora for Speech to Speech
Translation, financed by the European Commission within the
Sixth Framework Program is a long-term effort to advance
research in speech-to-speech translation technologies.3 The
2006 Evaluation was open to external participants as well as
the TC-STAR partner sites [20].
We begin by presenting results on the Transonics task. This
task was also used to provide comparisons against the large class
of rank-and-select schemes described in Section II. We will then
provide results on the TC-STAR task. As stated in Section IV bigram models generated from in-domain data were used for data
selection. All language models used for decoding and perplexity
measurements are trigram models estimated using Kneser–Ney
smoothing.
A. Medium-Vocabulary ASR Experiments on Transonics
The English ASR component of the Transonics speech to
speech translation system is a medium vocabulary speech recognizer built using the SONIC [21] engine. We had 50 K in-domain sentences (200 K words) for this task to train the language
model. A generic conversational-speech language model was
built from the WSJ [22], Fisher [23], and SWB [24] corpora interpolated with a conversation speech LM from CMU for broadcast news [25]. All language models built from the selected data
and the in-domain data were interpolated with this generic conversational language model. The linear interpolation weight was
determined using a heldout set. The test set for word error rate
evaluation consisted of 520 utterances. A separate test set used
3Project
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TABLE I
TRANSONICS: PERPLEXITY, WORD ERROR RATE, AND PERCENTAGE
DATA SELECTED FOR DIFFERENT NUMBER OF INITIAL SENTENCES
FOR A CORPUS SIZE OF 150 M

for perplexity evaluations consisted of 5000 sentences (35 K
words) and the heldout set had 2000 sentences (12 K words).
We report results with increasing amounts of in-domain
training material, ranging from 10 K sentence to 40 K sentences. For every choice of in-domain training data size, we
carry out data selection using the baseline methods and the
proposed R.E. based method. The language models used for
data selection with the perplexity rank-and-select baseline
(Section II) and R.E. based data selection (Section III) are also
built separately for every set of experiments conducted with a
different in-domain data size.
We first compare our proposed algorithm against the baseline rank-and-select data selection schemes enumerated in
Section II. LPU and BLEU based rank-and-select schemes are
computationally intensive. LPU requires iterative retraining
of a binary SVM classifier which has high computational
complexity. The computational complexity of the BLEU-based
ranking scheme is square in the order of the number of sentences. Our results which include comparisons against these two
systems are thus limited to a smaller 150 M word Web-collection. The thresholds for data selection using the ranking-based
baselines were fixed using the heldout set perplexity.
For the 150 M word Web-collection, Table I shows the
fraction of sentences selected and the resulting perplexity and
WERs for the various data selection schemes with different
amounts of in-domain data used to seed the data selection. In
Table I, NoWeb refers to the language model built solely from
in-domain data and AllWeb refers to the case where the entire
150 M web-collection was used. As the comparison shows, the
proposed algorithm outperforms the rank-and-select schemes
with just 10% of data selected from the web collection. The
best reduction in perplexity with the proposed scheme is 5%
relative corresponding to a reduction in WER of 3% (relative).
One of the goals of the Transonics task was to find an optimal
vocabulary size as the initially available data was quite small
[26]. Hence, the vocabularies of the language models used to
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TABLE II
PERPLEXITY, WORD ERROR RATE, AND PERCENTAGE DATA SELECTED FOR
DIFFERENT NUMBER OF INITIAL SENTENCES FOR A CORPUS SIZE OF 850 M

compute perplexity presented in Table I are different. However,
the OOV rate on the heldout data was less than 1% for all the vocabularies. The vocabularies for the language models in Table I
ranged from 70 K to 110 K words.
To get a more complete picture of the relationship between
performance and amount of data selected, we also conducted experiments using simulations [9], where we restricted the number
of sentences selected by the perplexity ranking baseline to be
the same as the number of sentences selected by the proposed
method. For these simulations, we generated samples from a reference language model using a random walk procedure. We then
compared the performance of data selection using perplexitybased ranking and the R.E. criterion with two metrics. The first
metric computes perplexity on a heldout set and the second computes the the relative entropy with respect to the reference model
[27]. In both these metrics the R.E.-based criterion outscored
perplexity-based selection. In fact, for many cases selecting a
random subset of data was found to give better performance
using both metrics when compared to the baseline perplexitybased ranking method [9].
Table I presented results on data selection from a corpus of
150 M words. In order to study the performance of this algorithm on larger corpora, we used a larger data set of 850 M
words which consisted of the medical domain collection of 320
M words collected from the web and a 525 M word collection
published by the University of Washington for the Fisher corpus
[28], [29].
We provide comparisons with only the perplexity based rankand-select scheme, as the LPU and BLEU-based schemes do
not scale well to large text collections. More importantly, our
results on the 150 M word corpus (see Table I) suggest that
the performance of the ASR system is approximately the same
when using data selected from any one of the LPU-, BLEU-, or
PPL-based data selection schemes.
The results on the 850 M word set, measured in terms of PPL
and WER (Table II) follow the same trend as in the 150 M data
set. The importance of proper data selection is highlighted by
the fact that there was little to no improvement in the unfiltered
case (AllWeb) by adding the extra data as is, whereas consistent
improvements can be seen when the proposed iterative selection algorithm was used. Perplexity reduction in relative terms
was 7%, 5%, and 4% for the 10 K, 20 K, and 40 K in-domain
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TABLE III
TRANSONICS: NUMBER OF ESTIMATED n-Grams WITH WEB-ADAPTED MODELS
FOR DIFFERENT NUMBER OF INITIAL SENTENCES FOR THE CASE WITH 40 K
850 M
IN-DOMAIN SENTENCES. CORPUS SIZE

=

TABLE IV
TRANSONICS: PERPLEXITY FOR DIFFERENT NUMBER OF INITIAL SENTENCES
FOR A CORPUS SIZE OF 850 M AND FIXED VOCABULARY OF 73 K WORDS

set, respectively. Corresponding WER improvements in relative
terms were 6%, 4%, and 4%, respectively. Table II also shows
that the amount of data selected by the R.E.-based data selection
scheme was a factor of 9 smaller than the entire collection of 850
M words and still provided improved ASR performance. Reduction in the amount of selected data also translates to sparser
language models. As can be seen from Table III, the size of
the adapted language model built using the proposed algorithm,
measured in terms of number of n-grams is significantly smaller
then the number of n-grams in the language models built using
the baseline methods.
Table IV illustrates the improvement in perplexity that can
be achieved with the proposed scheme when the vocabulary is
fixed. The fixed vocabulary results correlate well with the results
in presented in Table II, where the vocabulary was varied for
optimal performance, suggesting that the perplexity gains are
from better selection of training data and not because of changes
in vocabulary.
It is interesting to note that for our Transonics experiments,
the perplexity improvements correlate surprisingly well with
WER improvements. This is in contrast to previous studies in
speech recognition [30] where WER improvements did not correlate well with perplexity.
Our results on the medium-vocabulary Transonics task, indicate that with the proposed scheme, we can identify significantly smaller sets of sentences such that the models built from
the selected data have a substantially sparser representation and
yet perform better (in terms of both perplexity and WER) than
models built from the entire corpus. Next, we present results on
a large vocabulary task.
B. Large Vocabulary Experiments on TC-STAR
To contrast with the medium vocabulary single decoder Transonics system, we conducted experiments on the IBM LVCSR
system used for transcription of European Parliamentary Plenary Speeches (EPPS) [11] as part of the TC-STAR project.
We present results on two test sets, namely, the development
(Dev06) and evaluation (Eval06) test sets. The Dev06 test set
consists of 3 h of data from 42 speakers (mostly non-native
speakers). The Eval06 test set comprises of 3 h of data from 41
speakers. The Dev06 and Eval06 test sets cover parliamentary
sessions between June and September 2005 and contain approximately 30 K words each.

The baseline system’s interpolated language model was built
from two in-domain EPPS data sources, namely, the transcripts
used for training acoustic models (2 M words) and the Final
Text Editions (FTE) (33 M words) and two out-of-domain data
sources, the University of Washington’s Fisher-style web data
corpus (525 M words) and data from the Broadcast News domain (204 M words). The baseline performance of the best ASR
system on the Dev06 test set was 11% and, 8.9% on the Eval06
test set. We provide performance comparisons against this baseline by replacing the two out-of-domain data sources in the baseline system with increasing fractions of text selected by the R.E.
based data selection method. We used perplexity minimization
on the Dev06 set to optimize the amount of data selected. As can
be seen from Table V, incorporating the 525 M words mined by
our crawling scheme (Section IV) boosted the system performance to 8.4% (6% relative over the baseline). The effectiveness of the data selection scheme is demonstrated by the fact
that similar performance gains over the baseline are obtained
(8.5% and 8.4% WER) when using 1/7th of the data, i.e., 70
M words or all the data i.e., 525 M words. When the data selected is increased to 1/3rd of the total size i.e., 170 M words,
the combined WER reduction on the Dev06 and Eval06 set is
same as the WER reduction seen with the entire set. Selecting
1/3rd data was found to give the best performance in terms of
Dev06 perplexity. We did not observe any improvement in perplexity of Dev06 set by adding more data. A further reduction
in WER was achieved when a third out-of-domain source, the
204 M word Broadcast News corpus was included.
• 1/7th of the selected data yielded a reduction of WER from
11% to 10.6% and 8.9% to 8.3% on the Dev06 and Eval06
test sets, respectively.
• 1/3rd of the selected data yielded a reduction of WER from
11% to 10.3% and 8.9% to 8.3% on the Dev06 and Eval06,
respectively.
The ASR system used for transcribing English EPPS speeches
in the TC-STAR 2006 evaluation used a system combination approach, the detailed architecture is described in [11]. The best
performance was obtained with a system combination using
ROVER [33], i.e., 10.4% and 8.3% on the Dev06 and Eval06 test
sets. The equivalent system combination result when using the
R.E. based data selection scheme that selected 1/3rd of the data
yielded 9.8% and 7.9% WER on the Dev06 and Eval06 test sets,
respectively, a significant improvement in performance at these
low levels of WER. To further understand the significance of
the data selected using the proposed scheme, we selected 1/3rd
of the data from the same corpus randomly and studied the performance of the ASR system. This yielded a WER of 10.8% on
the Dev06 and 8.6% on the Eval06 test sets thereby indicating
that the proposed scheme does indeed select data that helps in
improving ASR performance in terms of WER.
C. Computation Time and n-Gram Order
The computation time of the proposed R.E. based data selection algorithm depends on the order of the n-gram language
model used for data selection (see Appendix). In our experiments, we observed an exponential trend in computation time
with increasing n-gram order. Table VI shows the computation
time required with higher order language models normalized by
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TABLE V
TC-STAR: PERFORMANCE COMPARISON OF THE LANGUAGE MODELS BUILT WITH DIFFERENT FRACTIONS OF DATA BEING SELECTED FOR THE DEV06 AND
EVAL06 TEST SETS. THE BASELINE HAD 525 M WORDS OF UNIVERSITY OF WASHINGTON’S FISHER-STYLE WEB DATA [31] AND 204 M WORDS OF BROADCAST
NEWS [32] (BN) AS OUT-OF-DOMAIN DATA. THE WER ON DEV06 FOR THE BASELINE WAS 11% AND 8.9% ON EVAL06

TABLE VI
TC-STAR: TIME REQUIRED FOR DATA SELECTION WITH INCREASING ORDER
OF THE DATA SELECTION LANGUAGE MODEL NORMALIZED BY THE TIME
REQUIRED WITH UNIGRAM LANGUAGE MODEL

the computation time for a unigram model. A detailed theoretical and experimental analysis of the interplay between the language model order, number of parameters and the computation
time has not been carried out at this stage. We intend to undertake this analysis in our future work on data selection.
VI. DISCUSSION AND ANALYSIS OF RESULTS
It is interesting to compare the data selection results between
the Transonics and TC-STAR experiments. For Transonics, we
used a web corpus of 320 M words (excluding Fisher data). The
data selection algorithm was able to achieve better performance
than the out-of-domain LM built from the entire 320 M word
corpus, while selecting just 1/10th of the data. In contrast to
Transonics, in our experiments with the IBM TC-STAR system
we selected 1/3rd of the data to get the best performance. We
believe that this can be attributed to the fact that we could collect more relevant data for the TC-STAR task which covered
European parliamentary speeches as compared to the medical
dialogue domain Transonics task.
More insights into these results can be gained by comparisons
with the performance of the ROVER-based TC-STAR system.
First, the 525 M word collection generated using the scheme
presented here gave an improvement of 0.5% compared to the
baseline which used two out-of-domain sources of over 700
M words. The baseline WER can be achieved with just 70 M
words selected from an out-of-domain source (instead of 700 M
words). Second, careful data selection can yield the same gains
as those obtained from a system combination approach.
VII. CONCLUSION
A. Summary of Contributions
In this paper, we presented a novel scheme for selecting relevant subsets of sentences from large collections of text acquired
from the web. Our results indicate that with this scheme, we
can identify significantly smaller sets of sentences such that the
models built from the selected data have a substantially sparser
representation and yet perform better (in terms of both perplexity and WER) than models built from the entire corpus. On
our medical domain task which had sparse in-domain data (200

K words), we were able to achieve around 4% relative improvement in WER with a factor of 7 reduction in language model
parameters while selecting a set of sentences 1/10th the size of
the original corpus. For the TC-STAR task where the in-domain
resources were much larger (50 M words), we achieved 6% relative WER improvement by using just 1/3rd of the data. Although
most of our results in this paper were on data acquired from the
web, the proposed method can easily be used for adaptation of
domain specific models from other large generic corpora.
B. Scope of This Work
The research effort presented in this paper is directed towards
selecting relevant domain specific data from large collections of
generic text. We make no assumptions on how the data were collected or what specific web crawling and querying techniques
are used. The methods we have developed can be seen as supplementing the research efforts by the machine translation community on identifying web resources [3], [34] or using web counts
[2] for language modeling. We also believe that this work can
augment topic based LM adaptation techniques. Topic based
LM adaptation schemes typically use LSA [35] or variants [36]
to automatically split the available training text across multiple
topics. This allows for better modeling of each individual topic
in the in-domain collection. The tradeoff is that since the available text is split across topics, each individual model is trained
on less data. We believe that this problem can be addressed by
selecting data for each topic from a large generic corpora using
the proposed data selection algorithm.
C. Directions for Future Work
The effect of varying data granularity has not been studied
in this work. We have used sentence level selection, but the selection process can also be naturally extended to groups of sentences, fixed number of words, paragraphs or even entire documents. Selection of data in smaller chunks has the potential to
select data better suited to the task but may result in over-fitting
to the existing in-domain distribution. In such a case the adaptation model will provide little extra information to the existing
model. We plan to study the effect of this tradeoff between data
novelty and match to in-domain model on the LM performance,
for different levels of selection granularity. We are also looking
into extending the algorithm to work directly on collections of
n-gram counts. One motivation for research in this direction is
that Google has released aggregate unigram to 5-gram counts
for their web snapshot [37].
The proposed method can be combined with rank-and-select
schemes described in Section II. We are exploring the use of
ranking to reorder the data such that the sequential selection
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process gives better results with fewer number of randomized
searches.
The current framework relies on multiple traversals of data
in random sequences to identify the relevant subset. An online
single-pass version of the algorithm would be of interest in cases
where the text data is available as a continuous stream (one such
source is RSS feeds from blogs and news sites). If updates from
the stream sources are frequent, iterating through the entire text
collection is not feasible. One of the ideas we are investigating
to make the selection process single-pass is to use multiple instances of the algorithm with different initial in-domain models
generated by bagging. Voting across these multiple instances
can be then used to select data. We are also investigating how to
select sentences with a probability proportional to the relative
entropy gain instead of the threshold based approach currently
being used.

the same back-off structure. To keep the presentation of the algorithm simple, we will use the entropy model described in [9].
This can be changed to the skew divergence model described
for the unigram case described in Section III by adjusting the
counts to include the in-domain model probability.

A. Fast Computation of Relative Entropy
We define the following symbols for the purpose of describing the R.E. computation.
The current word.
The history

.

The back-off history
APPENDIX
GENERALIZATION TO BACK-OFF n-GRAMS
For a given context
, let
be the set of
is explicitly dewords for which the probability estimate
fined in the back-off n-gram model. Consider the n-gram probawhich lie in the complement set
. The probbilities
ability of these n-grams can be computed in terms of the probability of the back-off n-gram with history
as

.

The back-off weight for the
history .

distribution for

The back-off weight for the
history .

distribution for

The vocabulary of the language model.
The information theoretic measure of relative entropy rate [38]
can be used to compare discrete Markovian distributions such as
n-gram language models. Given two n-gram language models
and
, the relative entropy rate for n-gram of size
is defined as
(5)

where

is called the back-off weight. Given that
it is easy to see that

The primary problem in extending the data selection algorithm presented in Section III to back-off n-grams is the increase in computational complexity of calculating the relative
entropy change resulting from changes in the back-off parameters. To keep the complexity tractable we developed a data
selection scheme which enforces the back-off structure of the
in-domain model on the n-gram model built from the selected
data. Note that the assumption that the two models share the
same back-off structure, does not limit the selection of data to
n-gram histories seen in the in-domain data. By restricting the
back-off structure for the model built from selected data, we fix
whether we will update an n-gram estimate or modify the corresponding back-off weights. Other methods which can reduce
the complexity include treating the model built from selected
data as a non back-off ML model. We have not experimented
with these alternate strategies.
We first describe a scheme for the fast computation of R.E.
between two back-off n-gram language models which share the
same back-off structure. We use the generalized derivation from
[27] adapted to the case where the two language models have

where is the set of all possible histories.
In the rest of this discussion, we will refer to relative entropy
rate as just relative entropy. Let us denote the conditional relative entropy [38] between the two n-gram distributions and
for the history with
. We have
(6)
We now divide the set of all possible histories
for n-gram
size into
for all which exist as
gram in the or the
distribution. The complement set
will contain histories
corresponds to histories not seen
with a back-off weight of 1.
in either language model. The R.E. for n-gram of size ,
can be expressed as
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Since
and
marginalize with respect to

for

, we can

into just
and
defined with context
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depending on whether is explicitly
in the model. For
, we have

After addition of a sentence the updated value of
given by

In [27],
is split into four terms depending on whether
is explicitly defined in the or the distribution. When
the two LMs have the same back-off structure, we need to con. We call these
sider only two terms in the expansion of
terms
and
, to use the same notation as the derivacorresponds to terms
and
tion in [27].
which exist as explicit n-grams
and
correand
which back-off
. We
sponds to
have

is

Thus, the change in

(7)

(8)

The term
can be precomputed since it is not
a function of the word counts in the selected set.
We now consider
which we further split into two parts

Thus, we are able to express
, in terms of the n-grams
explicitly defined in the LM. [27] provides more details on the
and
.
derivation for
We have used the tree-based representation of back-off
n-gram models to derive the efficient computation scheme
described above. An alternative approach for deriving the
same relative entropy expressions presented above would be to
consider n-gram back-off language models as a special case of
probabilistic finite state grammars (PFSGs) [39], [40].
B. Incremental Updates on an n-Gram Model
We now consider the calculation of incremental changes in
R.E. between an in-domain n-gram back-off model and an ML
model built from selected data. We are interested in finding out
an efficient way to compute the change in R.E. when a sentence
is added to the selected data set, thus changing the model .
Extending the notation from Section III let us define
as
the count of the word seen with context and
as the
count for context in the selected set (ML estimate
). We use
and
to denote the counts in
the current sentence. We assume that the model has the same
back-off structure as the model . Thus, we can divide

Computing the change in
tation of change in
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As for the
case,
puted.
The expression for
is given by

can be precom-

The total number of computations grows linearly with the
total number of n-grams in the language model which grows
exponentially with the order of the model. For initialization, we
use a unigram model initialized with a random subset of data
to seed data selection (Section III). The data selected with the
unigram model is then used to initialize the counts for the
model.
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