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1 Introduction

Statistical language models have found many ap-
plications in information retrieval since their intro-
duction almost three decades ago. Currently the
most popular models are n-gram models, which
are known to suffer from serious sparseness issues,
which is a result of the large vocabulary size |V |
of any given corpus and of the exponential nature
of n-grams, where potentially |V |n n-grams can
occur in a corpus. Even when many n-grams in
fact never occur due to grammatical and semantic
restrictions in natural language, we still observe
and exponential growth in unique n-grams with in-
creasing n.
Smoothing methods combine (specific, but

sparse and potentially unreliable) higher order n-
grams with (less specific but more reliable) lower
order n-grams. (Goodman, 2001) found that inter-
polated Kneser-Ney smoothing (IKN) performed
best in a comparison of different smoothing meth-
ods in terms of the perplexity on a previously un-
seen corpus. In this article we describe a novel lan-
guage model that aims at solving this sparseness
problem and in the process learns syntactic and
semantic similar words, resulting in an improved
language model in terms of perplexity reduction.

2 Latent Words Language Model

2.1 Definition
We propose a new generative model, termed the
Latent Words Language Model (LWLM). LWLM
uses a collection of unobserved words H and in-
troduces at every position i of an observed word
wi in the text an unobserved, or hidden variable
hi. Fig. 1 shows the structure of the model. For
ease of notation, we assume a 3-gram model here,
for other values of n the model is defined anal-
ogously. In this model, ! generates the 3-gram

∗ The work reported in this paper was supported by the
EU-IST project CLASS (IST-027978).
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Figure 1: Graphical representation of (a) the stan-
dard 3-gram generative model and (b) the 3-gram
LWLM. Grey circles represent observed variables,
white circles hidden variables, the rounded box
a trigram variable representing respectively wi

i!2

and hi
i!2 and the square box represents the differ-

ent positions in a text of length Z .

of hidden words hi
i!2 = hi!2hi!1hi. Every hid-

den variable hi at position i generates the observed
word wi. This model estimates the probability of
trigram wi

i!2 = wi!2wi!1wi as:
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It is important to see that, although the model as-
sumes that the words are independent given the
hidden variables, the hidden variables are depen-
dent on each other since they belong to the same
trigram, and thus introduces an indirect depen-
dency between the words.

2.2 Parameter estimation
The LWLM model contains two probabilistic dis-
tributions P (wi|hi) and P (hi

i!2|!), that need
to be learned from a training text Ttrain =<

w0...wz > of length Z . We keep a list of estimates
of the hidden variables Htrain =< h0...hz >,
where hi generates wi at every position i. Since
the hidden variables hi are not observed in the
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training set, we need to resort to a procedure to
iteratively estimate these variables.
We first set an initial value for hi at every posi-

tion i in the training text. We train a standard n-
gram language model using interpolated Kneser-
Ney smoothing on the training set. We then se-
lect, at every position in the training set, a random
value for the hidden variable according to the dis-
tribution of possible words given by this language
model.
We use Gibbs sampling to improve this ini-

tial estimate. Gibbs sampling is a Markov Chain
Monte Carlo method that generates a number of
estimates H0

train, ....,H
Q
traing for the hidden vari-

ables. In every iteration " , Gibbs sampling gen-
erates a new estimate H!+1

train according to the pre-
vious estimate H!

train by selecting a random posi-
tion j and updating the value of the hidden vari-
able at that position. The probability distribu-
tions P ! (wj |hj) and P ! (hj

j!2|!) are constructed
by collecting the counts from all positions i "= j.
These distributions are then used to compute the
probability distribution of the unobserved variable
hj given the word wj and the sequences of the 3-
grams hj!1

j!2, h
j
j!1 and h

j+1

j .

P ! (hj |wj,h
j!1

j!2,h
j+2

j+1, !) =

P ! (wj |hj)
#j

c=j!2 P ! (hc+2
c |!)

#
hj

P ! (wj |hj)
#j

c=j!2 P ! (hc+2
c |!)

We select a new value for the hidden variable ac-
cording to this distribution and place it at position
j in H!+1

train. The current estimate for all other un-
observed words remains the same. We perform a
large number of sampling iterations and save the
values of the unobserved variables at specified in-
tervals. The collection of saved samples is then
used to construct the final model.

2.3 Evaluation
We perform experiments on three different cor-
pora: the Reuters1 and APNews2 corpora consist
of short news texts distributed by respectively the
Reuters and the Associated Press news agencies.
The EnWiki corpus consists of the first 500 articles
from the English Wikipedia. For every corpus we
used 5M words for training, 100K words as held-
out data for the optimization of various parameters
and 100K for testing.

1see http://www.daviddlewis.com/resources
2Identical to the corpus used in (Bengio et al., 2003). We

thank the authors for making this corpus available.

Method Reuters APNews EnWiki
IKN 3-gram 113.15 132.99 160.83
IBM 3-gram 108.38 125.65 149.21
LWLM 3-gram 99.12 116.65 148.12
IKN 4-gram 102.08 117.78 143.20
IBM 4-gram 102.91 112.15 142.09
LWLM 4-gram 93.65 103.62 134.68

Table 1: Results in terms of perplexity of different
language models. See text for details.

Table 1 gives the perplexity results of the
LWLM on three different corpora. We com-
pared our method with interpolated Kneser-Ney
smoothing (IKN) and with fullibmpredict (IBM)3,
the best class based language model described
in (Goodman, 2001). The different parameters
for every model (discount factors, interpolation
weight, number of classes, ...) were optimized on
the held-out set for every data set separately.
We see that the LWLM performs significantly

better than both other models, with a maximum
improvement of 12.40% (on Reuters, using 3-
gram counts) on Interpolated Kneser-Ney smooth-
ing. The smallest improvement on this model was
5.87%, on EnWiki using 4-grams.

3 Conclusions and future work
We have presented the Latent Words Language
Model and shown that this model partially solves
the sparseness problem posed by traditional n-
gram models, resulting in a maximum improve-
ment on state-of-the-art language models of
12.40%. Furthermore, informal evaluation re-
vealed that the learned similarities represent to a
high degree the meaning of the word, retrieving
synonyms and closely related words. In the fu-
ture we would like to perform a formal analysis of
these possibilities, employing the model for word
sense disambiguation, semantic role annotation or
named entity recognition.
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