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Abstract

The language modeling community is
showing a growing interest in using large
collections of text mined from the World
Wide Web (WWW) to supplement sparse
in-domain text resources. However, in
most cases the style and content of the text
harvested from these corpora differs sig-
nificantly from the specific nature of these
domains. In this paper we present a rel-
ative entropy (r.e.) based method to se-
lect relevant subsets of sentences whose
distribution in an n-gram sense matches
the domain of interest. Using simulations,
we provide an analysis of how the pro-
posed scheme outperforms filtering tech-
niques proposed in recent language mod-
eling literature on mining text from the
web. A comparative study is presented us-
ing a text collection of over 800M words
collected from the WWW. Experimental
results show that by using the proposed
subset selection scheme we can get per-
formance improvement in both Word Er-
ror Rate (WER) and Perplexity (PPL) over
the models built from the entire collection
by using just 10% of the data. Improve-
ments in data selection also translated to a
significant reduction in the vocabulary size
as well as the number of estimated para-
meters in the adapted language model.

1 Introduction

State of the art speech and Natural Language
Processing (NLP) systems are data-driven, relying
on learning patterns from large amounts of data.
A key step in creating such systems for different

domains and applications is to identify the appro-
priate text resources for building language models
matched to that application or domain. In most
cases, this data is not readily available and needs
to be collected manually, which is an expensive
and time consuming process.

This has naturally led to a growing interest in
using the World Wide Web (WWW) as a corpus
for building statistical models (Lapata, 2005; La-
pata, 2002; Resnik, 2003). Text harvested from
the web combined with other large text collec-
tions such as GigaWord provides a good resource
to supplement the in-domain data for a variety of
applications. However, text gathered from such
generic sources rarely fits the demands or the na-
ture of the domain of interest completely. Even
with the best queries and web crawling schemes,
both the style and content of the data will usu-
ally differ significantly from the specific nature
of the domain of interest. For example, a speech
recognition system requires conversational style
text whereas most of the data on the web is lit-
erary.

In most cases we have available to us a set of
in-domain example sentences which we can use
in a semi-supervised (Nigam, 2000; Zhu, 2005)
fashion to refine our selection of text. Recent lit-
erature on building language models with text ac-
quired from the web addresses the issue of mis-
match, partly by using various rank-and-select
schemes for identifying sentences from the web-
data' which match the in-domain data (Ostendorf,
2005; Sarikaya, 2005). 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 the top sentences.

"We will use web-data to refer to text harvested from web
and other generic sources.



Research in semi-supervised learning for clas-
sification (Zhu (2005) presents a good survey) has
shown the need to balance the unlabeled data.
We believe that similar to the question of balance
in semi-supervised learning for classification, we
need to address the question of distributional sim-
ilarity while selecting the appropriate sentences
for building a language model from noisy data.
Rank-and-select filtering schemes select individ-
ual 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 will focus
solely on the high probability regions of the distri-
bution. This will be made more clear in simulation
results described in section 4.

To address the issue of distributional similar-
ity we present an incremental selection algorithm
which compares the distribution of the selected set
and the in-domain examples by using a relative en-
tropy (r.e.) criterion at each step. Some ranking
schemes, which provide baseline for performance
comparison are reviewed in section 2. The pro-
posed algorithm is described in section 3. Sec-
tion 4 will provide an analysis of how the proposed
algorithm improves upon rank and select schemes.
Experimental results are provided in section 5. We
conclude with a summary of this work and direc-
tions for future research.

2 Rank and select methods for text
cleaning

In recent literature, the central idea behind text
cleanup schemes for using web-data to build lan-
guage models, has been to use a scoring function
that measures the similarity of each observed sen-
tence in the web-data to the in-domain set and as-
sign an appropriate score. The subsequent step
is to set a threshold in terms of either the mini-
mum score or the number of top scoring sentences.
The threshold can usually be fixed using a held-
out set. Ostendorf (2005) use perplexity from an
in-domain n-gram language model as a scoring
function. More recently, a modified version of
the BLEU metric which measures sentence simi-
larity in machine translation has been proposed by
Sarikaya (2005) as a scoring function. Instead of
explicit ranking and thresholding it is also possible
to design a classifier to learn from positive and un-
labeled examples (LPU) (Liu, 2003). In this sys-
tem, a subset of the unlabeled set is selected as the

negative or noise set N. A binary classifier is then
trained using the in-domain set I and the negative
set. The classifier is then used to label sentences in
the web-data. The classifier can then be iteratively
refined by using a better and larger subset of the
I/N sentences selected in each iteration.

Rank ordering schemes do not address the issue
of distributional similarity and select many sen-
tences which already have a high probability in the
in-domain text. Adapting models on such data has
the tendency to skew the distribution even further
towards the center. For example, in our doctor-
patient interaction task, short sentences containing
the word ‘okay’ such as ‘okay’,‘yes okay’, ‘okay
okay’ were very frequent in the in-domain data.
Perplexity and other similarity measures assign a
high score to all such examples in the web-data,
increasing the probability of these words even fur-
ther. 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.

3 Incremental Selection

To address the shortcomings of the rank-and-select
schemes we need to ensure that the set of sen-
tences that we select from web-data has a distribu-
tion similar to the in-domain distribution. Thus we
need to move from selecting sentences on the basis
of individual score to selecting a set of sentences
as a group. We propose an incremental greedy sen-
tence selection algorithm based on relative entropy
which selects a sentence if adding it to the already
selected set of sentences reduces the relative en-
tropy with respect to the in-domain data distribu-
tion. To describe our algorithm we will employ
unigram probabilities though the method general-
izes to higher order n-grams also.

3.1 The Basic Algorithm

Let us denote the language model built from in-
domain data by P. We also need a language model
Piie to initialize our selection algorithm . We ex-
perimented with two methods for selecting the ini-
tial model. The first is to use a uniform distrib-
ution over the vocabulary. The second approach
is to sample with replacement the in-domain data
and get a bagged estimate of the in-domain model.
The results from both approaches were very close
with the bagging approach being slightly better in
all cases. For reasons of implementation simplic-



ity, we prefer the use of a uniform distribution. We
convert the model Py into a set of counts W (%)
for words 7 in the vocabulary V' by multiplying
with the vocabulary size V,,. Thus the total initial
counts y . W (i) = V.

Our selection algorithm considers every sen-
tence in the corpus sequentially. Suppose we are at
the j*" sentence sj. We denote the count of word
iin s; with m;;. Let n; = > . m;; be the number
of words in the sentence and N = ), W (i) be the
total number of words already selected. The rela-
tive entropy of the maximum likelihood estimate
of the language model of the selected sentences to
the initial model P is given by
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The model parameters and the r.e. remain un-
changed if sentence s; is not selected. If we select
sj , the updated r.e. is given by
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Direct computation of r.e. using the above ex-
pressions for every sentence in the web-data will
have a very high computational cost since O(V)
computations per sentence in the web-data are re-
quired. The number of sentences in the web-data
can be very large, easily on the order 108 to 10°.
The total computation cost for even moderate vo-
cabularies (around 10%) would be large.

However given the fact that m;; is sparse, we
can split the summation H " (j) into
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Intuitively, the term 7'1 measures the decrease
in probability mass because of the addition of n;
words to the corpus, and the term 7’2 measures
the in-domain distribution P weighted increase in
probability for words with non-zero m;;.

We will select the sentence s; if including it de-
creases the r.e. with the in-domain distribution, i.e
H*(j) < H(j). Thus s, is selected if 71 > T2.
To make the selection more refined we can impose
a condition T'1 > T2 4 thr(j) where thr(j) is a
function of j. A good choice for thr(j) based on
empirical studies is a function that declines at the
same rate as the ratio In W ~nj/N ~ 1/kj
where k is the average number of words for every
sentence. The counts W and N are updated with
the selection of a sentence, and H(j) is set to
H*(j).

3.2 Text permutations and resequencing

The proposed algorithm is sequential and greedy
in nature and can benefit from randomization of
the order in which it scans the corpus. We
generate permutations of the corpus by scanning
through the corpus and randomly swapping sen-
tences. Next we do sequential selection on each
permutation and merge the selected sets.

As more sentences are selected, the re. H(j)
decreases and the distribution of the selected set
gets closer to the in-domain distribution. The sen-
tence selection becomes more refined as it be-
comes harder to improve H (j) further. This moti-
vated us to use a simple heuristic to ensure that the
sentences selected in the initial stage are useful.
At the end of a scan through the corpus we take
the list of selected sentences and reverse it. We
then scan the corpus again with the reversed list
at the top. The sentences which were selected in
the initial stages of the algorithm are retained only
if they contribute to r.e. improvement even when
they are in the latter part of the scan sequence.

3.3 Smoothing

The choice of maximum likelihood estimation for
estimating the intermediate language models for
W (j) is motivated by a simplification in the en-
tropy calculation which reduces the computation
effort significantly. However, maximum likeli-
hood estimation of language models is poor when
compared to smoothing based estimation. To bal-
ance the computation cost and estimation accu-
racy, we modify the counts W (j) using Good-
Turing smoothing periodically, after a fixed num-
ber of sentences. The choice of the number of sen-
tences to wait before smoothing depends on com-
putation time constraints.

In the next section we provide an intuitive
analysis of the advantages of iterative selec-
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