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ABSTRACT

In this paper we introduce the vector space representation of the
N-gram language model where vectors of K dimensions are given to
both words and contexts, i.e., an N-1 word sequence, so that the
scalar product of a ‘word vector’ and a ‘context vector’ gives the
corresponding N-gram probability. The vector space
representation is obtained from singular value decomposition
(SVD) of the co-occurrence frequency matrix (CFM) of the
context and the word. The effectiveness of the proposed
representation is examined by determining how the number of
N-gram parameters can be reduced through clustering and
truncation of the dimensions defined on the given vector space.
From the experimental results, it is confirmed that the number of
model parameters can be reduced to less than 17.5% of the original
number of model parameters and the proposed method is more
effective than the word clustering method based on mutual
information.

1. INTRODUCTION

The N-gram language model is one of the core technologies in
current LVCSR systems to provide an accurate estimation of the
probabilities of arbitrary word sequences. However, in many
applications where a sufficient amount of training data is not
available, it is difficult to train reliable N-gram models. In order to
solve this problem, various technologies have been studied to
convert an N-gram model from one application to another or to
generalize a particular N-gram model in order to utilize a wider
range of applications [1,2]. However, no general method is known
which can convert or train an N-gram model with a small amount of
training data.

The main reason for this is that the N-gram language model is not
a structural model but a simple list of the statistics on the co-
occurrence of words and contexts (preceding N-1 word sequences).
Our aim therefore is to introduce a metric space for the structure of
the N-gram language model so that the weighted scalar products of
a ‘word vector’ and a ‘context vector’ provide the likelihood of
the occurrence of the word in the context. In order to find such a
vector space, singular value decomposition (SVD) is applied to the
co-occurrence frequency matrix (CFM) of the word and the
context [3,4].

In Section 2, the basic scheme of the SVD of the CFM is described.
In Section 3, generalization of model parameters and clustering of
words and contexts are shown based on the vector space. The
results of generalization and clustering experiments show that the
vector space approach can reduce the number of model parameters
effectively. Finally, Section 4 gives a summary of this study.

2. VECTOR SPACE REPRESENTATION OF
THE N-GRAM LANGUAGE MODEL

2.1. Matrix Representation of N-gram

The N-gram language model represents the probability of the
occurrence of a word, wj, in a context, gi, which is given by a
sequence of N-1 words, ( 121 ,,, −−+− nnNn www Λ ). When the
frequency of the occurrence of the word, wj, in the context, gi, is
given by ),( ji wgF , the N-gram probability is calculated by
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Hence a matrix X that has ),( ji wgF  as the element of the i-th
row of the j-th column can be regarded as the source of the N-
gram language model. From its definition, the i-th row of the
matrix, •iX , is a vector of M dimensions that represents the
distribution of the word occurrence in the context gi, whereas the
column vector of L dimensions in the j-th column, j•X ,
represents the distribution of the associated contexts of the j-th
word. In the rest of this paper, this matrix will be referred to the
co-occurrence frequency matrix, CFM. The size of the matrix,
M and L corresponds to the size of the vocabulary and the
number of possible contexts, which is equal to 1−NL  in general
N-gram models, respectively.

2.2 Singular Value Decomposition of CFM

Singular value decomposition of the above-mentioned CFM is
given by

TUSVX = .          (1)

where U is an RL ×  matrix consisting of L column vectors, i.e.,
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and V is an RM ×  matrix consisting of M column vectors of

[ ]jRjijj vvv ΛΛ1=v .
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R is the rank of X. S  is a diagonal matrix whose diagonal
elements, ),,1( Rnn Λ=σ , are the singular values of X, i.e.,
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Here, singular values are ordered in the decreasing order so that

Rσσσ ≥≥≥ Λ21

holds. From equation (1), the co-occurrence of a word, wj, and a
context, gi, can be calculated by
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Because ui and vi correspond to the context and the word,
respectively, the equation shows that the weighted scalar product
of two vectors gives the co-occurrence frequency between a word
and a context . Thus, a metric space is given on the R dimensional
vector space with a distance function,
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that represents how likely the word occurs in the given context.

2.3. Generalization and Clustering

The most important merit of the vector space representation is to
provide a simple structure for the N-gram language model that can
be utilized for various manipulations of the language model. In this
section, we will describe 1) how the N-gram model can be
generalized by reducing the number of dimensions of the vector
space, and 2) how to cluster words and vectors on the vector
space.

Generalization: The generalization of the given vector space
requires finding the most meaningful subspace in terms of the
deviations among given sample vectors. Through SVD, the
optimal K ( RK ≤ ) dimensional subspace can be obtained by
setting singular values higher than the K-th order at zero, i.e.,

0=kσ  ( kK ≤ ). After this truncation, CFM can be
approximated by

T
KKK VSUX =ˆ .

The size of the truncated versions of the matrices KU , KS  and

KV  is KL × , KK ×  and KM × , respectively. Thus, the total

number of parameters is reduced to about K/M of the original
model.

Clustering: Since both word and context vectors are defined on
the same metric space, the same clustering scheme is applicable
based on the cosine measure. For example, the distance between
two contexts gi and gj is given by
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In the following section, given the cosine measure for the metric
space, the K-mean clustering algorithm will be applied for
clustering both words and contexts in order to determine the word
class of the given word w, i.e., Cw(w) and the context class of the
given context g, i.e., Cg(g). After clustering, N-gram probability
can be approximated as follows.
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3. EXPERIMENTAL EVALUATION

In order to evaluate the proposed vector space representations, we
performed two experiments: 1) model generalization by mapping
onto a subspace via truncation of the higher singular values and, 2)
word and context clustering.

3.1 Experimental Setup

The corpus listed in Table 1(a) is used for generating CFM. The
size of the vocabulary is set at 2,000 because of the limitations of
the memory required in the SVD algorithm. The coverage of the
2,000-word vocabulary is 78% of the corpus. For the evaluation
tests, closed and open text sets listed Table 1(b) and (c),
respectively, are used. Note that both evaluation sets contain only
vocabulary words.

3.2 SVD of the CFM

Two CFMs, namely, bigram, which uses the previous word as the
context, and trigram, which uses the preceding two words as the
context, are calculated from the training corpus. The number of

Table 1. Text corpora used for experimental evaluation.

(a) Training set for CFM

source Mainichi-shinbun newspaper 1993

# of sentences. 648,205

# of words 17,443,332

vocabulary size 122,883

(b) Evaluation set (closed)

# of sentences. 12,365

# of words 132,993

vocabulary size 1,983

(c) Evaluation set (open)

source Mainichi-shinbun newspaper 1994

# of sentences. 3,539

# of words 35,238

vocabulary size 1,778



elements that have non-zero values is 244,040 for bigram CFM
and 1,469,722 for trigram CFM. Each number is 6.10% and 0.33%
of the total number of elements of bigram and trigram. Furthermore,
only 225,502 different contexts appeared in trigram CFM.

SVD of the two CFMs is performed using the Block Lanczos
method in SVDPACKC [5] to find up to 800 and 350 largest
singular values for bigram and trigram CFM, respectively.

3.3 Cumulative Contribution of Singular Values

In order to evaluate the accuracy of the generalized CFM obtained
by the truncation of smaller singular values, the cumulative
contribution of singular values is plotted in Figure 1 as a function
of the order of the truncation for bigram and trigram CFMs. In the
bigram case, 99.97 % of the contribution is carried by the lower
100 dimensions, whereas it is 99.90 % of the contribution in the
trigram case.

3.4 Entropy of the Generalized Model

The entropy of the generalized language model is also evaluated. In
the evaluation, the entropy of the N-gram probability is re-
calculated from the truncated version of CFM. Back-off
smoothing is also applied. The resultant entropies of bigram and
trigram probabilities are plotted in Figure 2 for the open text set.
As shown in the figure, the entropy of the generalized model is as
low as that of the original model where cumulative contribution
exceeds 95 %. For the bigram case, the entropy of the generalized
model of 800 dimensions is 5.38, whereas the entropy of the
original bigram is 5.36. For the trigram case, the entropy of the
generalized model of 350 dimensions is 5.01, whereas the original
is 4.96.

3.5 Word and Context Clustering

In order to evaluate the appropriateness of the metric space given
by the proposed method, word and context clustering experiments
are performed. In this experiment, both words and contexts are
clustered in order to utilize the same number of classes based on
the weighted cosine distance. The number of the dimension is also
changed to examine its influence on the clustering. For comparison,
the clustering method based on the maximization of mutual
information (MMI) [2], is implemented. In the method, bigram
probability is calculated by

))(|)(())(|()|( iMIjMIjMIjij wCwCPwCwPwwP ≈

The entropies of the bigram models calculated for the open text set
are plotted in Figure 3. Compared with the clustering results of
MMI, the entropy of the proposed vector space based clustering
is slightly high. The same tendency is also observed for the closed
text set. However, the difference between the vector space
approach and MMI approach is less than 0.1 bits in both text sets.
The number of the truncating dimensions does not affect the
clustering results significantly as long as the number of dimensions
is greater than 400.

For the trigram case, clustering is performed only among context
vectors. Thus, the reconstructed trigram is calculated by

))(|()|( igjij gCwPgwP ≈ ,

where gi is the arbitrary combination of two words. The results
are shown in Figure 4. It can be seen that there is no significant
difference between the truncating dimensions of 100 and 350.

Furthermore, if the number of context classes is more than
10,000 (this is about 1/20 of number of the all contexts), the
difference between the original word trigram and the class based
models is less than 0.05 bit regardless of the number of
truncating dimensions.

Figure 1. Cumulative contribution of the dimensions as 
the ratio to the total power of the CFM, i.e., ||X||F. 

Figure 2. Entropies of the generalized bigram and trigram 
language models obtained by truncating higher-order singular 
values in SVD decomposition.  
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In Figure 5, the entropies of the models are plotted as a function of
the number of model parameters, i.e., the number of the triples to
be memorized for the word trigram case and the number of
elements in CFM for the vector space case. From the figure, it can
be seen that when the number of parameters exceeds 500,000, the
class-trigrams outperform the word bigram model. When the
number of model parameters is in the range of 200K to 1M, the
vector space clustering results are better than the MMI results.



This confirms that vector space clustering effectively reduces of
the number of model parameters.

4. SUMMARY

In this paper, we have proposed a new representation of the N-
gram language model based on the singular value decomposition of
the co-occurrence frequency matrix. Through the decomposition, a
metric space is constructed so that the distance between a word
vector and a context vector gives the co-occurrence frequency of
the word and the context . We have shown two important
manipulations of the language model, i.e., generalization and
clustering can be realized based on the proposed representation.
From the experimental results, we have clarified that the
dimensions of the vector space can be reduced to 350 and 800
without losing the constraint of the original model. Furthermore,
the effectiveness of the proposed representation is clarified by
experimental results that word clustering based on the proposed
metric space provides a lower entropy than maximum mutual
information clustering.
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function of the number of required parameters. 
 


