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Abstract. Experiments on document retrieval have been conducted us-
ing the baseline information retrieval technique in combination with a
hierarchical clustering approach for word clustering. Term reweighting
based on document relevance judgements which were automatically de-
termined by the clustering output considerably improved the information
retrieval accuracy and performance.
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1 Introduction

Information retrieval (IR) has been an active research topic the last decades.
Nowadays, the term has become synonymous with text retrieval meaning that
the task of an IR system is to retrieve documents or texts which are relevant in
content to a user’s need. Two related but different activities are included in this
field. Indexing as a way for the representation of documents, texts or requests,
and searching as a way for examining the documents given a query.

Many modules and algorithms were proposed so far for information retrieval
from document repositories. In [1, 2, 3] a vector processing model is described
in which indexing terms are considered to be coordinates in a multidimensional
information space, where documents and queries are represented as vectors. In
this space, the ith element that is determined by a term weighting scheme de-
notes the value of the ith term. The searching part is employed by matching
the query against each of the documents in turn. In [4] a probabilistic model
is proposed in order to rank the documents of a collection in decreasing order
of their probability of relevance to a user’s query, a principle known as prob-
ability ranking. In both techniques, interactive relevance feedback can be used
in order to reformulate the original query according to the user judgement on
whether the retrieved documents are relevant or irrelevant to his/her informa-
tion needs. Additional techniques were introduced for automatic-without the



user’s interference- indexing of documents in topics, most of which are based in
document clustering.

In this paper, we build on the information retrieval algorithm proposed in
[5] that is based on the probabilistic model. Qur effort was to provide a way
of automatically determining the relevant and non-relevant judgements for the
documents in our collection that are used for term reweighting later. To ob-
tain the relevance judgements we implemented a hierarchical clustering method
based on the minimization of the mutual information proposed by Brown in [6].
Although, the clustering algorithm implemented is a greedy algorithm with high
computational needs our effort was to demonstrate that term clustering instead
of document clustering can also improve the performance of an information re-
trieval algorithm.

The outline of the paper is as follows. The clustering approach is described
in Section 2 and the baseline information retrieval technique together with the
description of how clustering results were used in implementing reweighting is
briefly presented in Section 3 . Experimental results are illustrated in Section 4
and conclusions are drawn in Section 5.

2 Automatic Word Clustering

Beginning with the common hypothesis in most language models that classes of
functionally equivalent words exist, let us assume that given a vocabulary V of
size @ = |V|, L non-overlapping classes Cy, k € [1,..., L], exist

L
V=|JC CinCr=0forh#k (1)
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such that the following transition probabilities hold:
vw'® e Oy, V' € Cr, Pw@|w®) = P(Cy|Ch) . (2)

The above transition probabilities cannot be exactly estimated since the whole
set @ of all possible sentences is not available. Using a realistic training set &
such that |®| << |®|, the estimate of the conditional probability is
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where Ng(w®,w(®) is the occurrence of the corresponding bigram in &.

Since not all the possible bigrams can be seen in a document collection the
above probability may be zero. To eliminate the assignment of a zero probability
to an unseen bigram, we may use a smoothing technique such as Good Turing,
non-linear interpolation or linear interpolation [7]. In non-linear interpolation,
(3) is reformulated as follows:
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where ng(w(®) is the number of bigrams that have as predecessor word w(¥ and
never occurred during training. P(w(?)) is the probability of the unigram w(?,

and 0-b
Dij=—% 5
no(w®) (5)
where n
b= ———
n1 + 2ny ©)

with n; and ns being the number of bigrams detected exactly one and two times,
respectively in the training set.

We statistically characterize the estimate of transition probability P(w'/)|w)
from a given word w to all the other words of the vocabulary, j = 1,2,...,Q,
in the same way as estimating the probability of the occurrence of () events, in
our case the (w,w%)) bigrams, in Nj(w) repeated Bernoulli trials [8]

P(ng(w,w(l)), ... ,Né(w,w(Q))) = (Ng(w))!x
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where P(N(w,w®),..., Ng(w,w?D))) denotes the probability of having N (w,
w®),j =1,2,...,Q occurrences of the corresponding bigrams in b.

In (7) since Nj(w) is sufficiently large and Ng(w,w'?) is in the /N (w)
neighborhood of Nj(w,w), according to De Moivre-Laplace theorem each
term in the right-hand side of (7) is approximated by a @-dimensional Gaussian
probability density function (pdf). That is,

where A )
Koy = (qu(w(l)|w)7 . ,Pé(w(Q)|w))T (9)
1 - .
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In (10) diag[ ] denotes the diagonal matrix having as elements on the main
diagonal the indicated arguments. Let us assume that every word w(¥ comprises
a single class and is represented by an estimated transition probability vector
v;. The probability of the hypothesis H,, that two classes C;, and C, form a
single class is given by

1
P = I
Q/2 1/2
vimu®ec,uc, (2T (det(Up))Y/
1 p—
exp{—5(vi - 1o) " UL (Vi — p,0)} (11)

where p,,, and Uy, are, respectively, the mean and covariance of the class formed
by merging classes Cj, and Cy. In (11), det() denotes the determinant of a matrix



and T is the transposition operator. Classes to be merged correspond to the
hypothesis that maximizes (11).

By taking the logarithm of (11) and dropping the normalization term we get
the following hypothesis

Hp, = argrr;)i}n{ > (Vi — 1) U7 (Vi — )} (12)

Vi—sw() eC,uC,

where v; is the vector of the estimated transition probabilities of every word
w(® and its kth component is the transition probability from word w(® to word
w® | P(wg|w;). An estimate of y,, is given by

1
Npq:m( Z vi+ Z vj) (13)
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where |C,| and |C,| are the numbers of the elements that belong to the corre-
sponding classes.

In (12), we assume that the covariance matrix is diagonal and its kth element
is given by
Pw® |w®)

(Uilkr = (14)

Accordingly, (12) is rewritten as

Q
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and by substituting (14) we obtain
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Equation (16) consists the criterion for determining the best pair of classes that
should be merged [6].
To summarize, the clustering algorithm developed is described as follows:

— Step 1: Each word of the vocabulary comprises a class on its own. Thus the
algorithm starts with Q number of classes.

— Step 2: For each possible class pair the merging criterion defined by (16) is
computed.

— Step 3: The two classes that minimize the merging criterion are merged in a
single class.

— Step 4: If the number of remaining classes equals a predetermined number
of classes L, stop. Otherwise go to Step 2.



In the above-described algorithm, there are approximately (Q — i)?/2 class
pairs that have to be examined for merging in each iteration step ¢. In order to
avoid the exhaustive computational needs of this algorithm, we sort the words
of the vocabulary in decreasing frequency order and we assign the first L + 1
words in L + 1 distinct classes. At each iteration step, we try to find the class
pair for which the loss in pointwise mutual information is minimal, we perform
the merging acquiring L classes and we insert the next word of the vocabulary
in a distinct class resulting again in L + 1 classes. So at iteration step k, we
assign the (L + k)th most probable word of the vocabulary in a distinct class
and we continue in the same way until no vocabulary words are left. After () — L
steps the words of the vocabulary are assigned in L classes. Using this approach
at iteration step i we have to investigate ((L + 1) —i)2/2 < (Q — 4)?/2 class
candidates for merging [6].

If we do not stop the algorithm in L classes but we continue for @) — 1 merges
we obtain a single class containing all the vocabulary words, but the order in
which clusters were merged determines a binary tree with the single cluster as
root, the words of the vocabulary as leaves, and the intermediate clusters as
intermediate nodes.

3 Information Retrieval Technique

Probabilistic information retrieval systems are based on term weighting that are
derived from the statistical information about term occurrences in the collection
of documents [5]. These weighting schemes deal with either terms or documents,
exclusively, or with terms in relation to documents.

Assuming that we have NV documents d;,1 < j < N, and a total number of
terms t;,1 < i < @, where @ is the vocabulary size, the measures described in
the following sections are used.

Term or Document Dependent Weighting Measures

The collection frequency weight, CFW (t;), of a term ¢; states that terms
appearing in few documents are more valuable than those appearing in many,
i.e.

N
CFW (t;) = log - (17)

where n is the number of documents containing the term ¢;.

The document length, DL(d;), of a document d; is the total number of dif-
ferent terms in a document.

The average document length, NDL(d;), is the normalized document length
and is given by

NDL(d;) =

(18)



Term and Document Dependent Weighting Measures

The term frequency weight ,TF(t;,d;), of aterm t; in a document d; is defined
as the number of occurrences of this term in the document and implies that a
term appearing many times in a document it is likely more important for that
document.

The combined Weight, CW (t;,d;), of a term t; in a document d; is the
combination of all the above measures. It is described by

_ CFW (t;) x TF(ti,d;) x (k1 +1)
ki x ((1=0) + (b x (NDL(dy))) + TF(ti,d;)) =

CW (t;,d;) (19)

The constant k; determines the effect of term frequency in combined weight
19, while the constant b, whose range is the interval [0, 1], controls the effect of
document length. Suggested values for these constants are ky = 2 and b = 0.75
[5]. Setting b = 1 means that documents are repetitive long, while b = 0 means
that the documents are long because they are multitopic.

The last measure is the one used for the determination of a document score
given a user’s request. Given a query the score of each document in which the
query terms are present is calculated by adding the combined weights of these
terms for the specific document. The documents retrieved to match the user’s
query are presented ranked according to this score.

A further extension is to exploit additional information about the collected
documents that refers to their relevance to a specific topic or request. According
to the notion that both the absence and the presence of search terms in a doc-
ument is equally important, our goal is to accept documents with good terms
by rejecting documents without good terms, and to reject documents with bad
terms by accepting documents without bad terms. The result then will be the
net balance between good and bad terms.

The combination of the presence or absence of a term in a document together
with the above notion is given by the components v and v that correspond to
presence and absence, respectively. If R is the total number of known relevant
documents to a specific topic/request and r is the number of known relevant
documents that contain the query term we get for the presence and absence
components [9], [10]:

r
v = log nl_?’r (20)
N_R
R—r
u = log #—R-ﬁ-r (21)
N-R

where n — r is the number of irrelevant documents when the search term is
present, N — R is the total number of known irrelevant documents, R — r is the
number of relevant documents when the search term is absent and N —n—R+r
is the number of irrelevant documents where the term is absent. The score for
each document is then estimated by adding the presence components for terms



present in the document and the absence components for the search terms that
are not present in the document.
Reinterpreting the absence /presence components we use the relevance weight-

ing given by
r4+0.5

w=RW(t;) = ——t32 (22)

N—n—R+r+0.5
Since according to (22), the good terms have positive weights and the bad terms
negative, the effect of scoring for absence is achieved indirectly through the
absence of contribution of bad term weights to scores. The equivalence of the
two different techniques for relevance weighting, that is, (20)-(21) and (22), is
also indicated by the fact that w = v — u holds with 0.5 added for statistical
reasons to allow for uncertainty. If we replace the collection frequency weight
(17) with the weight given by (22) in combined weight formula defined by (19)
we can take into consideration after the first iteration step the relevance of the
documents.

To use (22) information with respect to the relevance of documents to queries
should be collected. In many systems, the information about whether a document
is relevant or irrelevant to a user’s request is provided directly by the user and
this is known as relevance feedback. There are, however, approaches of pseudo-
relevance feedback when the documents are annotated beforehand.

By using the clustering approach described in Sect. 2 we can have automat-
ically a rough estimation of R to be used in (22). Considering that each cluster
contains terms with similar meaning or words that are most probably found one
close to another we can assume that each such cluster comprises a topic. Thus
the number of documents that are relevant to a specific topic can be found by
estimating the number of different documents each term belonging to the cluster
appears in. With this assumption we exclude relevant documents that do not
contain the search term forcing r to be equal with n. Thus, the contingency table
[9] has the form presented in Fig. 3.

Table 1. Indexing and relevance representations

Relevant Documents

+ —
Documents + n 0 n
Indexed — R—n N—-—R N—n
R N —R N

4 Experimental Results

A number of 288 HTML documents were collected from the web, most of them
containing touristic information. These documents were preprocessed in order to



remove any HTML tags, symbols or numbers and then they were stemmed using
Porter’s stemmer in order to replace the words by their stems. The number of
resulting stems, and therefore vocabulary size was 8708.

4.1 Clustering Results

Clustering was applied to the stems contained in the collected documents and
the 8708 stems of words were partitioned in 669 classes. It is worth mentioning
that stems with frequency of appearance in documents less than 3 added too
much noise to the clustering procedure causing some classes to have more than
100 elements while normal clusters had an average member of elements around
15 — 20. This noise can easily be ignored since the clustering procedure can
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Fig. 1. Sample subtrees of three different clusters

be stopped before stems with low frequency are considered for clustering or



by evaluating the results the algorithm gives before the clustering of the low
frequency stems. Some examples of the clustering procedure are presented in
Fig. 1 where the screenshots of three clusters are presented.

4.2 Information Retrieval Results

The information retrieval component was trained for the set of the collected
stemmed documents and the necessary statistics were estimated according to
the equations described in Sect. 3. The implementation of the system involves
submitting queries where keywords or phrases are combined by the boolean
operators, OR and AND. The OR option forces the documents to be ranked
exclusively according to their scores, while the AND option ranks the documents
initially according to the number of the query terms they contain and then
according to their score. It is observed that the second option is characterized
by better recall-precision curves, since a document containing many of the query
terms is more likely to be more relevant than a document that contains few query
terms but with higher frequencies, that cause the document’s score to be quite
high.

A set of queries was submitted to the system without taking into consid-
eration the relevance judgements. The same set of queries was submitted but
with taking into consideration the relevance weights that were estimated after
the clustering procedure. The number of documents in our collection which were
relevant to the submitted queries were quite small, around 7 — 10, since the
whole document collection was limited. As a result, we obtained high precision
rates, as it can be seen in the average-recall precision curve [11] for the set of
the submitted queries as is presented in the Fig. 2. It is worth mentioning that
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Fig. 2. Average recall-precision curves with and without relevance reweighting

the curve obtained with relevance reweighting lies on top of the curve obtained
without relevance reweighting.
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5 Conclusions

In this paper, the use of word clustering in the probabilistic information retrieval
technique was presented and its performance has been thoroughly measured with
respect to the average-recall precision.

Two algorithms were implemented:

— the minimization of mutual information for word clustering [6], and,
— the probabilistic information retrieval approach with terms reweighting [5].

The results acquired proved that the original information retrieval perfor-
mance can be improved without the user’s interference to relevance judgements.
Although the demanding computational needs of the clustering algorithm were
known beforehand we used it because, as it was proved, it deals well with the
term-based characteristics of the baseline information retrieval approach.
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