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Abstract

We investigate a novel approach
to solve the problem of sparse
data through dimension reduction.
Linear algebraic technique called
LSA/SVD is wused to find co-
relationships of sparse words. Three
variant estimation methods are sug-
gested and they are evaluated for
estimating unseen noun-verb co-
occurrence probability. The model
shows possibility to be alternative
probability smoothing method.

1 Introduction

One of the most suffering difficulties in sta-
tistical language processing is so-called data
sparseness problem. No matter how large
the training set is, a substantial portion of
the data is unseen. For them, the Maxi-
mum Likelihood Estimation (MLE) probabil-
ities are zero and these zeros give us bad result
all through the statistical process.

We are interested in P(x,y) and the predic-
tion task P(y|z), that is a bigram language
modeling of word co-occurrences. P(y|z) is
the conditional probability that a pair has sec-
ond element y € Y given that its first element
is z € X. In other words, P(y|z) can be re-
garded as a measure of relationship between
word z and y. For example, for a given ob-
ject £ = beer, a verb y = drink is more re-
lated than a verb y = eat, p(drink|beer) >>
p(eat|beer). Many features can be used to
predict a relationship between two words, but
we assume here that the only information we
have are the frequencies.

To overcome the difficulty of sparse data,
a smoothing technique like Good-Turing
method is widely used. Estimator com-
bining approaches such as linear interpola-
tion and Katz’s back-off method are popular
also(Katz, 1987). They use unigram prob-
ability P(y) to estimate bigram probability
P(y|z) for unseen data pair, disregarding the
relationship between two words. If unseen bi-
grams are made up of unigrams of the same
frequency, the methods give them the same
probability, causing a problem to estimate ac-
curate probability.

In addition to the classical methods,
similarity-based schemes are successfully ap-
plied to data sparseness problem.  The
nearest-neighbors similarity-based method
uses a set of k most similar words z’ to es-
timate conditional probability P(y|z), being
said to perform almost 40% better than back-
off (Dagan et al., 1999). They use various
distributional similarity measures to find sim-
ilarity between words such as KL-divergence
or JS-divergence (Lee, 1999). For the sparse
word, however, the distribution P(y|z) itself
is sparse and it is difficult to find correct sim-
ilarity between words, since the only means
for measuring word similarity is the frequency.
The more sparse the distribution of word is,
the more difficult finding acceptable similari-
ties between words.

In this paper, we investigate a novel ap-
proach to solve the problem of sparse data
by capturing their latent relationships with
only frequency information. Through reduc-
ing dimension by linear algebraic technique
LSA/SVD!, we can eliminate zero values in
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p(y|lx) as well as we can capture relation-
ships between words. We believe that the
dimension-reduced estimation model can be
alternative probability smoothing method.

The model consists of three parts: mak-
ing a conditional probability matrix, pro-
jecting the matrix into lower space, and
estimating probabilities on reduced space.
In the third part, three variant estimat-
ing methods are suggested and they are
compared with Katz’s back-off method and
simplified nearest-neighbor similarity-based
method. We evaluated the methods in a
pseudo wrod sense disambiguation task. and
made promising result. Futher evaluation is
needed on more realistic task, though.

The optimal dimension size of subspace is
also investigated, showing the best result be-
tween 90 — 200, about 10% of the original di-
mension size. Finally, we show that the model
does not degrade performance as the sparse-
ness increases.

2 Dimension-Reduced Model

Dimension-reduced model uses linear al-
gebraic technique called LSA/SVD, which
projects a matrix into reduced space.

First of all, to apply linear algebraic tech-
nique, we need to represent conditional prob-
ability P(y|z) as a matrix form (Section 2.1).
After that, we project the matrix into lower
dimension subspace through SVD. We will
show how the resultant space represents re-
lationship between the given word = and the
predicting word y well (Section 2.2). At last,
we suggest three probability estimation meth-
ods on reduced space (Section 2.3).

2.1 Conditional Probability Matrix

Any discrete conditional probability distribu-
tions can be represented by a matrix form.
For a distribution p(y|z), given words z € X
make up row entries and predicting words
y € Y make up column entries. Each element
of matrix has estimated conditional probabil-
ity value of two words p(y|z). We define con-
ditional probability matrix and the row, col-

Value Decomposition

umn vectors:

Amxn = laij = [P(y;|zs) (1)
zi = [P(yilzi),  Plyn|zi) (2)
y; = [Plyjlz),  Pyjlzm)
where = |X|, n =|Y and 1 1 ,
1 n. For example, if we use MLE
estimator, a;; = P (yjlzi) = —.

In the table, the noun coffee and beer
does not co-occur with the same verb and it
is difficult to find similarity between them in
this space. To find their latent relationship,
we can project each row and column vector
into lower dimension space through latent se-
mantic anaylsis.

Table 1 shows an example of MLE esti-
mating matrix. The task is predicting the
main verb with given object, that is estimat-
ing noun and verb co-occurrence probability
p( |n) wheren € , € . Note that each
noun can be regarded as a point or a vector in
multi-dimensional space of which a dimension
size equal to | |

Table 1: An Example of onditional roba-
bility Matrix
| i ipdrinkde reat a
beer 0330 033 033 O 0
1 key 0 0 O 0 0 0
ee| 0 1 0 0 0 0
bread 0 0 0 033033 033
ar 0 0 0 0 0 0
2.2 Pro tion at nt anti
naly i

Latent Semantic Analysis (LSA) is known
as a theory for extracting and representing
the contextual-usage meaning of words. LSA
uses singular value decomposition (SVD).
It has been widely used in information re-
trieval task as a variant of the vector space
model(Deerwester et al., 1990)(Dumais et al.,
1997).

Given the conditional probability matrix A
and rank(A) = r, the SVD of A and the rank-



k approximation matrix A is defined as
A= = i (3)
A = = i i (4)

where and contains left and right singu-
lar vectors of A, respectively, and the =
dia ( 1, , pn) is the diagonal matrix of
singular values of A. Truncated SVD A |,
which is constructed from the k-largest signu-
lar triples of A, is the closest rank-k matrix to
A . The left singular vector ; and the right
singular vector ; corresponds to the row vec-
tor z; and the column vector y;, respectively.

y taking k elements of ; and ;, each given
word z and predicting word y of P(y|z) is rep-
resented as a vector in the reduced k-space.

Figure 1 is an example of SVD on the noun-
verb conditional probability matrix of Table
1. In Figure 1-D, both noun z and verb y are
represented by a vector in two dimensional
space. Nouns which occur with similar verbs
are grouped each other even if they never co-
occur with the same verb (diml: beverages,
dim2: foods). For example, noun coffee and
verb beer do not co-occur with the same
verb in the original matrix (Table 1) however
they are near in two dimensional space when
measured with a cosine distance. This means
that unseen word pairs (z,y) which do not co-
occur in the training data may none the less
be near in reduced k-space. This derived rep-
resentation which captures word(z)-word(y)
associations is used for estimating probabili-
ties of unseen data.

2. ti atin Probabiliti on
d d a

ntil now, we constructed word co-occurrence
probability matrix and projected the matrix
into lower dimension space. Now, we suggest

n ot er or s, t e proection into t e re uce
space is ¢ osen suc t at t e representations in t e
original space are ¢ ange as little as possi le en
measure Yyt esumo t es uareso t e i erences

ne can pro et at ist e est appro imation to A
or any unitray in ariant norm ic ael erry an
essup,

three variant probability estimation methods
in dimension-reduced space. First is esti-
mating p(y|z) by computing distance between
given word z and predicting word ¥ in reduced
space. Second, we can use rank-k approx-
imation matrix. Third, the state-of-the-art
similarity-based methods can be merged to
our dimension-reduced model.  ecause the
first two methods are not based on statistical
theory, it should be explored

2..1 Mt odl

Through LSA, the matrix A is factored into
the product of three matrices as in Equa-
tion 3, and ; and ; are considered as the
row vector z; and the column vector y; in k-
dimension subspace respectively. Figure 1-D
shows 2-dimensional plot of resultant
matrix. The distance-based method use nor-
malized distance between ; and ; for esti-
mating probability P(y;|z;):

P(yjlz;) = —

(i j):

where  is normalizing factor and is a

cosine distnace in k-dimensional space.

2..2 M+t od?2 k

In LSA, we can create a rank-k approxi-
mation matrix A to the matrix A by set-
ting all but the k largest singular values of A
equal to zero (Equation 4). In this method,
we consider each element of a rank-k approx-
imation matrix A as probability distribution
of p(y|z) (Figure 1- ). To satisfy the require-
ments p(y|z) =1and p(y|z) 0, we use the
following normalizing equation:

Plyle) = — A (i, )—min A G, )

() = A (i, )—min A (i, ) ()

(n) is normalizing factor and is a
smoothing constant.

where



A. onditional robability Estimation Matrix by naive frequency
1 p drink de r eat a
beer 03333 0 03333 03333 0 0
_ _ i key 0 0 000 0 000 0 0 0
A=IP(In) = ee | 0 10000 O 0 0 0
bread 0 0 0 03333 03333 03333
ar 0 0 0 0 0 000 O 000
. Singular Vector Decomposition
A = =
. . . . : di 1di 2di 3di 4di
di Ldio Rdi Sdi Adi 114 0|0 0 0 002 00042 031-084
009 01 |-081 033-042
00870 0 O 09 —003 021 013-002
0 3 002-038-0 7 032
084—004 033 03801 0 0040 O 02 007-071-0 2 013
0 0[{003 O 003 029-04 0 7 049
001 0 2-00 039 0 7
000 07| 02 —03 —0 47 0 010 00O01 000 0 701 —-012-007
000 0 701 —-012-007
ank-2 Approximation Matrix
1 ip drink de r eat a
beer 00119 0099 0038 004 00981 00981
A = i key |00174 0 899 0198 00237 0013 0013
N ee 100233 09328 02470 0017 —-0020 —0020
bread 00347 —-00079 00442 0139 03 8 03 8
ar (00422 —0020 00 13 02007 04499 04499
D. Two-dimensional plot of SVD esult

)

Figure 1: An Example of Singular Value Decomposition



Table 2: An Illustrative Example

MLE | Katzs | Similarity Dimension educed Model
back-off | -based Distance | k- ank | D -SIM
method -based matrix
(k=3) |(d =2)|( =01)| (=0
P( i | ee) 0 . 0.1 27 0.07 0.11
P(ip]| ee) 1 1 1 0.242 0. 3 1
P(drink | ee) 0 0.18 0.17 0.23 9 0.1932 0.28
P(de | ee) 0 0.18 0.11 0.1271 0.072 0.11
P(eat | ee) 0 0.18 0.11 0.11 9 0.0 2 0
P( a | ee) | 0 0.18 0.11 0.11 9 0.0 2 0
2.. Mt od An Illustrati e am le

The similarity-based method(Dagan et al.,
1999) and dimension reduction technique can
be merged into one model . educed dimen-
sion can be better representation space than
the original space for finding similarities be-
tween words.

This approach finds the most k& nearest
words to z in reduced space and use these
word to estimate the probability p(y|z):

pygy = o @190 (2,9) >0
(7)
where = & (z4,2) > onkdim. ,

the k is the reduced dimension size not a
count of nearest nouns. The count of nearest
nouns are determined by , which is threshold
of cosine value.

n t e pre ious similarity- ase or , Dagan et

al, use t e complicate estimating e uation
ere is a similarity measure eri e rom
t e issimilarity measure S i ergence is

it t esmallest S- i ergence to
e use more simpli e e uation

t eset o
ere,

or s
0 e er,

ere we use a concrete example to illustrate
effectiveness of our model The exam-
ple is based on Table 1 and the task is
estimating noun and verb co-occurrence
probability p( |n). There are two groups
of words, beverage-related words(
)
food-related

and words(

)-

In Table 1, coffee is a sparsely distributed
noun and we expect P(drink| ee) >
P(eat| ee). With MLE, it is not pos-
sible to rank two probabilities since they
are all 0. Katz’s back-off also fails to
distinguish them since unigram probabil-
ities p(drink) = pleat) = 018. In
the similarity-based scheme we compute
JS-divergence to find similarity between
nouns and p( |beer),p( | ee) =

p( |bread),p( | ee) =0 931, which
does not discriminate beer and bread .

The distance-based model, however, solves
all these problem. When we observe the third
row in Figure 1- | that is pre-normalized
p( | ee), there are no zero values un-
like MLE. Futhermore, we can end up
with two groups of verbs: beverage-related

verbs have positive values A ( ip, ee),
A (drink, ee), A( 1, ee) > 0
and food-related verbs have negative values
A (eat, ee),A( a , e O

1



To concrete our example, p( | ee) is
constructed in Table 2 using probability es-
timation functions as described in the above
section. MLE shows five zero values, caus-
ing data sparseness problems. Katz’ back-
off methods and similarity-based method can-
not distinguish food-related verbs and drink-
related verbs. In contrast, all dimension-
reduced models resolve data sparseness prob-
lem and they cluster nouns and co-occurrence
verbs reasonably. Thus, we can expect that
dimension-reduced model will show promising
result in a real experiment.

eriment

We evaluated the dimension-reduced models
on a pseudo word sense disambiguation task
as in (Dagan et al., 1999). Each method is
presented with a noun and two verbs, deciding
which verb is more likely to have the noun as a
direct object. Data preparation method and
error counting scheme are almost similar to
that of similarity-based methods (Dagan et
al., 1999)(Lee and ereira, 1999).
erformance is measured by the error rate,

defined as
1 . .
error rate = —( of incorrect choices)

where T is the size of test set. Test instances
consist of noun-verb-verb triples (n, 1, 2),
where both (n, 1) and (n, 2) are both un-
seen in the training set. (n, 1) is selected
such that it appeared at least twice as of-
ten than (n, 2) in the original verb-object
pairs and p(n, 1) > p(n, 2) is a correct an-
swer. In addition, to consider Katzs back-
off method as the baseline, 2 is choosed as

P (1) r (2 p(1)  p(2), and
the error rate of back-off method is always
100% unning method is three-fold cross-
validation and all results are averages over the
three test sets.

at s ac -0 estimatoris e en ast e ollo -
ing e aution e set ere

For similarity-based method, the parameter
tuning is important to improve performance
but we use the simplified unweighted average
equation as in (Lee and ereira, 1999)
Since this equation is the same as our esti-
mation method in Section 2.3.3, we can say
that the comparison is fair. Number of sim-
ilar nouns k is determined such that shows
best result on test set.

.1 ata Pr

We prepared test sets as follows:

aration

1. Extract transitive verb and head noun
pairs from enn Treebank II.

2. Select the pairs for the 1,000 most fre-
quent nouns.

3. artition the selected pairs 70% for train-
ing set and 30% for test set. (3 fold).

4. For each test set,

(a) remove seen pairs.

(b) for each (n, 1), create (n, 1, 2)
such that = (n, 1)>2 7 (n, 2)
and r (1) r (2).

Step 2 makes p( |n) matrix size fixed. Since
it is difficult to find (n, 1, 2) triples that sat-
isfy Step 4-(b) criteria, average test set size is
small. ence, we used relative large portion,
30% of the pairs for building test set. Table
3 summarizes the experiment data.

Table 3: Training and Test Data.

1. Target orpus enn Treebank II

3.Verb-object pairs 18843 pairs

3.1 | | | matrix size | 1000 2008

4.Training set size 13040 pairs

.Test set size

713 triples

.2 It

Table 4 shows the experimental error rate on
the three test sets, using Katz’s back-off as
the baseline. Two dimension-reduced meth-
ods show much better performance than other
methods.

|=



Table 4: Experimental esult (Error ate)
Katzs Similarity Dimension educed Model
back-off -based Distance k- ank | D -SIM
(baseline) | method -based matrix
(k=20) [ (di =90)|( =01) | ( 0 )
Fold 1 1.0 0. 23 0.3 2 0.38 0. 8
Fold 2 1.0 0.3 0.374 0.423 0. 94
Fold 3 1.0 0. 4 0.3 0.402 0. 93
The reason of such a good performance is
that our model tries to find similarities be-
tween words toward two side (column and
row space). The state-of-the-art similarity-
based methods find similarities toward only
one side. For example, their well-known sim- JJ\\ W
ilarity measures JS-divergence between given L
word z; and another word z) is defined as VM v
(p(y|zi), p(y|z)). It means that each row
p(y|z;) is compared to another row p(y|z}) in
Table 1. omparisons on column side are not
performed. That’s why the similarity-based
fail to grasp true relationships on word co-
occurrences.
On the other hand, SVD which is the math- Figure 2: erformance vs. Dimension size

ematical background of our model gives us
a reduced-rank basis for both column space
and the row space simultaneously (Figure
1) (Michael W. erry and Jessup, 1999).
As we showed in the previous example in
Section 3, the dimension-reduced model ex-
tract underlying or latent structures of word
co-occurrences well. Therefore, our model
shows successful result on estimating word co-
occurrence probabilities of data. futher

owever, the experiment is artificial and SVD
is not directly related to the probabilty the-
ory, futher theoretical invetigation is required.
b a

ti al and r o

ar n

We also investigated the change of the perfor-
mances as subspace size and degree of sparse-
ness vary. Figure 2 shows performances of
distance-based D model as the dimension of
subspace increase. When a dimension size is
between 90 and 200, it shows the best result.
Thus, we can conclude that the subspace of

small dimension size (90  1000) is sufficent
to capture latent word co-occurrence relation-
ship.

Figure 3 shows the effect of the degree of
sparseness. The 1st ranked noun appears
the most frequent times and 1000th ranked
noun appears the least frequent times, in
the training set. The average error rate
does not change much as the sparseness in-
creases. Therefore it is plausible to say that
the dimension-reduced model does not show
performance degration on very sparse data.

Conclusion

We proposed a mnovel approach called
dimension-reduced estimation model for deal-
ing with data sparseness problem. Three
variant models are suggested and they are
compared the performance against Katz’s
back-off method and similarity-based scheme.
Dimension-reduced model can be alternative



Figure 3:
ness

erformance vs. Degree of sparse-

probability smoothing scheme.

The ability of LSA that extracts and in-
fers latent relations of words makes it pos-
sible to estimate probabilities of sparse data
reasonably. LSA is a fully automatic math-
ematical technique. If we make a matrix
from any given information once, we can use
the reduced matrix for estimating probabil-
ity. While the SVD analysis is somewhat
costly in terms of time for large matrix, less
expensive alternatives such as folding-in and
SVD-updating have been suggested (Michael
W. erry and Jessup, 1999).

Further investigation is needed in both the-
oretical and experimental side. The sug-
gested model does not have deep background
over probablity theory. opefully, ( ofmann,
1999) suggested probabilistic LSI which is
based on a statitical latent class model for
factor analysis of count data. In addition, we
applied our model to estimate bigram proba-
bilities only. orpus-based NL is so mature
and the methods must be tested with more
realistic tasks. Since any conditional proba-
bility distributions can be represented by a
matrix form, we can combines other informa-
tion in a matrix, applying our model to more
general tasks, such as word sense disambigua-
tion and word clustering.
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