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ABSTRACT

This paper describes a word clustering technique for
stochastic language modeling and reports experimental
evidence for its validity. The Binomial Posteriori Dis-
tribution (BPD) distance measurement between words
is introduced. It is based on word co-occurrency and
reliability. We plan to consider a practical application
of this clustering technology by utilizing each cluster as
a Markov state in the construction of a word prediction
model.

1. INTRODUCTION

Stochastic language models are promising for dealing
with practical language phenomena. However, for large
enough corpora, the number of possible joint events is
much larger than the number of event occurrences in
the corpus. Many events are rarely or never seen. This
makes their frequency counts unreliable estimates of
their probabilities.To improve the reliability of model
parameter estimation, word grouping is more effective.

In this paper, we define a distance measurement
between words in terms of the co-occurrence probabil-
ity and its estimation reliability. This measurement
is based on the binomial posteriori distribution (BPD)
of the occurrence probability. After that, this word
distance is applied to the LBG-based clustering proce-
dure. Several aspects on word clustering in a corpus
are reported. Taking the estimation reliability into ac-
count, we have found that adequate and robust word
clustering can be accomplished by means of estimation
reliability.

1.1. Problem Setting

Consider a word set A, containing nouns, pronouns,
proper nouns and numerals; and a co-occurrence dis-
tribution that consists of the frequencies of what words
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follow immediately after these nouns in the training
corpus. To cluster N according to co-occurrence distri-
butions, we need a measurement of similarity between
distributions. In many cases, mutual information (MI)
between two distributions was used. However, this suf-
fered from unreliable estimation due to lack of sufficient
data. Our research addresses this problem and uses a
distance measurement between words, which takes into
account co-occurrence probability and estimation reli-
ability.

2. BINOMIAL POSTERIORI
DISTRIBUTION

A distance measurement between words based on their
co-occurrency is defined in this section. Suppose the
word { appears n times in the training corpus and co-
occurs k times with the word I. Co-Occurrence proba-
bility of word ¢ with word lis defined as the conditional
probability P(I|i). Let p be the true value of this con-
ditional probability. The probability that the word ap-
pearing n times co-occurs k times with the other word
is as follows (binomial distribution).

P(kln,p) = nC - p*(1 ~ p)"~* (1)
Where ,C}, is the number of combinations of n things
taken k by k. When n and k are observed, the pos-
teriori probability density of the true probability p is
calculated by Bayes’ theorem.

nCr - p*(1 —p)"~*

P(pln, k) =
Jo nCr - ¢¥(1 — g)n—*dg

(2)
By reducing the fraction, we get

BY(p) = (1 - p)"~* / [ ta-orra @
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This distribution is called the Binomial Posteriori Dis-
tribution. The mean value of the BPD is calculated
as

1 1 1 n-k_ k+1
—p)"*p*Tdp
#=/p-3,’i(p)dp=f°1( ——
0 Jo (L =p)n—*pkdp
Integrating the numerator by parts
1
/ (1-p)"~*p**'dp
0
_ 1 n—k+1, k417!
1
k41 [ a-prHe), @
0
where [(1 -p)""““pk“]; = 0. Consequently,
o= FD/(n+2). (©)

The BPD variance is calculated by

1
/0 (p— 1)* - B (p)dp

1

/0 (p* — 2pp + 4%) - Bi(p)dp
k+2 kE+1  (k+1 '~'+ E+1
n+3 n+2 n+2 n+2
(n—k+1)(k+1)/(n+3)(n+2)%

y

(™

Figure 1 shows some examples of BPD for simple n and
k variations. Figure 1(a) is the BPD when the word :
appears once in the corpus and does not occur with the
other word j. The expected conditional probability is
given as the maximum value of this distribution (i.e.
p = 0). However, this value is not reliable because the
distribution is broad. Figure 1(b) is the BPD when the
word i appears twice and occurs once with the other
word j. The expected conditional probability is 0.5.
This value is also unreliable. Figure 1(c) is the distri-
bution when the word appears 100 times and co-occurs
50 times. In this case, the expected conditional proba-
bility is 0.5, which is reliable. Figure 1(b) and (c) have
the same expected value.
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Figure 1. Examples of
Binomial Posteriori Distributions

Reliability estimates very depending on the number
of samples in the corpus. The reliability of conditional
probability estimation is reflected in the BPD. We de-
fine the distance between the words i and j concerning
co-occurrency with the word [ as

1 0] O]
i = / /D (z - y)?BY (2)Ba} (y)dzdy.  (8)

This equation gives the mean square distance be-
tween points r and y which are randomly and indepen-
dently sampled from two BPDs. Equation 8 can be

B,’:;:’(lé) /]Ik
P=0 X 1
o
BY(p) Y
j \
P=0 i

Figure 2. Stochastic distance
between two distributions

simplified by the independency of sample variables z
and y.

1 ) 1 (1)
dg’} /0 z?Bni (z)dz + /0 yzB,f; (y)dy



! Q) 1
-2 [[ ayBR @Br; (4)dzdy
0

= (mi—p;)+ol+ol. 9

From quation 6, 7 and 9,

2
PO (k(')+1 _ k‘,~"+1) +

ij ni+2 nj+2

(n; =k +1)(E+1)
(5 +3)(m; +2)°

(ni=kN+1)EO 1)
T (ni+3)(ni+2)?

(10)

Consequently, the total distance between words i and
jin terms of co-occurrency with other words is defined
as

dij = de? (11)
1

where 3, is the summation of all words.

3. CLUSTERING EXAMPLES

We used this method to classify 1,340 nouns with
10,022 co-occurrences appearing in the corpus. In this
corpus, the chosen nouns appear as heads of a total of
213 distinct suffixes, so each noun is represented by a
density over the 213 words.

3.1. Text Corpus

The evaluation described below was performed on a
data set having 31,700 partial sentences  from the

ATR Dialogue Database (ADD). This correction pro- -

cess yielded 10,022 noun-suffix pairs. Table 1 shows
the contents of the dataset.

Table 1. Noun - Suffix pairs in ADD Corpus

words frequency
noun 598 3254
pronoun 21 671
numeral 416 5266
proper noun 305 831
suffix 213 10022

Table 2. Example of numeral co-occurrence

word suffix (frequency) amount
1 B (135) M (112) B (61) (774)
— (1) | A(167) = (154) B (139) (674)
2 A(102) H(73) A((48) (516)
=Z02) [ A(58) 2 (22) H (21) (154)
3 H(141) E(60) A(29) (390)
= || a9 =012 (64)
4 B(93) Mm(36) A(26) (252)
(4) || B (13) B (6) (42)
5 B(59) 4 (36) K(34) (205)
6 H(34) H(33) AQ10) (114)
EAER IETOIEZIO 16)) (17)
7 B35 H(35 4£4) (79)
8 B(38) ®((27) 4&(3) (79)
9 B (34) B(l1) &4 (52)
11 BF(18) B A4 (32)
12 B (36) H(4) (45)
13 | ®@® B (17)
10 B(59) ®(52) 4(38) (208)

Table 2 shows example noun clusters and co-
occurrence distribution of frequent suffixes. These four
clusters associate numerals resulting from 248 clusters.

Consider two suffixes “H” (meaning a “day”),
“B” (“hour”), there are differences about co-
occurrence distribution and frequency among four
clusters. In the first cluster, words are fol-’
lowed by “H” but “B§”, and relatively high fre-
quency. Arabic numeral from 1 to 6 and correspod-
ing Chinese character (“—”,“Z”,“=”,“gQ" meaning
“one”,“two” ,“three”,“four”) are associated. Words in
the other cluster allow both “A” and “h”. “H”(“five”)
of the second cluster is relatively high variance due to
infrequent occurrence. Contrary, “10” is less variance.
These results lead that the BPD distance measurement
classified nouns according to their distribution and va-
lidity of estimation.

4. MODEL EVALUATION

The preceding discussion provided some indication of
what aspects of distributional relationships may be dis-
covered by clustering. We need to evaluate clustering
as a basis for models of distributional relationships. So
far, we have looked at two kinds of measurements of
model quality: (i) mutual information of resulting clus-
ters, and (ii) perplexity on the task of evaluation of test
set data.

The evaluation described below was performed on
the whole data set we have worked with so far, ex-
tracted from 10,022 ADD co-occurrences of ADD. We
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Figure 3. Mutual Information

randomly divided it into a training set of 9,020 co-
occurrences and a test set of 1,000.

4.1. Mutual Information

Figure 3 plots the mutual information, in bits, between
clusters, given by I = -3.3. P(i,j)log%’f,%j
where i is a part of speech and jis a cluster. Mutual
information between grammatical category and word
clusters according to their co-occurrences indicates the
ability of organizing syntactic category by word cluster-
ing. The mutual information increases as the clusters
are divided and saturates at 248 clusters.

4.2. Word Perplexity

We also evaluated our method on word perplexity. Fig-
ure 4 plots the word perplexity. Perplexity is given by

= P(k,i)log P(kli),

ik
where P(kli) = 3. P(klj)- P(jli), iis a suffix, jis a
word class and k is a noun.

Perplexity decreases monotonically according to the
number of clusters. Perplexity based on the grammati-
cal 4 categories for nouns, pronouns, proper nouns and
nuinerals, is 19.4 (marked ‘x’). Perplexity was reduced
to 3.96 using the 248 generated clusters.

H =

5. CONCLUSIONS

We have demonstrated that a divisive clustering proce-
dure for binomial posteriori distributions can be used
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Figure 4. Word Perplexity

to group words according to their participation in co-
occurrency with other words. The results are intu-
itively informative and can be used to construct class-
based word co-occurrence models with substantial pre-
dictive power. Using word bigram language models,
this word grouping improved word perplexity by 20%
on a spoken dialog corpus containing 31,700 partial sen-
tences.
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