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Abstract

This paper proposes an algorithm for word

sense disambiguation based on a vector repre-
sentation of word similarity derived from lexi-
cal co-occurrence. It differs from standard ap-
proaches by allowing for as fine grained dis-
tinctions as is warranted by the information at
hand, rather than supposing e fized number of
senses per word, and by allowing for more than
one sense to be assigned to a given word occur-
rence.
The algorithm is applied to the standard vector-
space information retrieval model and an evalu-
ation is performed over the Category B TREC-1
corpus (WSJ subcollection). Results show that
this sense disambiguation algorithm improves
performance by between 7% and 1% on aver-
age.

1 Introduction

An ambiguous term is a word with multiple
senses, where a sense is a group of similar us-
ages of a word dissimilar from other usages.
Ambiguity varies in degree from homographs
(i-e., two different words that happen to be
spelled identically, such as “bank” in the sense
of financial institution as opposed to the ge-
ographic feature) to the more subtle graded
sense distinctions of words such as “space” (line
space vs. office space vs. exhibition space). Out
of context it is impossible to determine which
sense is intended. However, in context the sense
is determined by various cues, such as syntactic
role, nearby words, and semantics. For exam-

ple, “river bank” is clearly distinguished from
“Bank of New York”.

Automatic word sense disambiguation is a
central problem in the computational treatment
of language. However, the role of sense dis-
ambiguation in IR is unclear. In the standard
“bag of words” analysis of text, each word oc-
currence is treated as a separate isolated fea-
ture; word order, and, hence, local context is
not preserved. One would think therefore that
ambiguity would be a problem. However, ex-
periments have not shown appreciable improve-
ments in overall system performance through
the application of word sense disambiguation
algorithms [25]. This is partly due to the fact
that retrievals typically do not depend on a sin-
gle term, but rather on a set of related terms
expressed in the query. In order for a document
to score highly it must match several of these
terms simultaneously; often, this is enough to
achieve disambiguation. However, it seems in-
tuitively clear that a good sense disambiguation
algorithm should, at least, not decrease perfor-
mance and might potentially increase it in some
cases (especially for short queries). Recent work
[34] casts doubt on this intuition.

We will comment on that work and other
related work, describe an automatic word sense
disambiguation algorithm based on a vector
representation of word similarity derived from
lexical co-occurrence, apply it to information
retrieval, and present experimental results that
show substantial improvement over a baseline
system.



2 Related Work

Different sources of information have been em-
ployed to discriminate senses computationally:
Kelly and Stone [22] consider hand-constructed
disambiguation rules, Lesk [27], Krovetz and
Croft [24], and Guthrie et al. [15] use online dic-
tionaries, Hirst [20] constructs knowledge bases,
Cottrell [4] uses syntactic and semantic struc-
ture encoded in a connectionist net, Brown et
al. [1] and Church and Gale [3] exploit bilingual
corpora, Dagan et al. [7] use a bilingual dictio-
nary, Hearst [18] and Leacock et al. [26] exploit
a hand-labeled training set, and Yarowsky [41]
performs a computation based on Roget’s the-
saurus. McRoy [28] investigates how multiple
knowledge sources can be combined for disam-
biguation. Considerable effort is necessary to
construct or obtain some of these information
sources, for example hand-constructed disam-
biguation rules and hand-labeled training sets.
All these approaches share the problem of cov-
erage: specialized domains tend to exhibit rare
words and specialized meanings, which are not
covered by generic lexical resources. The cost of
customizing the resources is often prohibitively
high.

If a limited degradation in disambiguation
performance is acceptable, then a solution to
the problem of coverage is to derive the knowl-
edge needed for disambiguation directly from
the text collection of interest. This paper
presents an algorithm for learning this knowl-
edge from text by inducing a thesaurus. Each
word is represented by a vector formed from
counts of its near neighbors in the text cor-
pus. To the extent that related meanings are
expressed by similar words, two semantically
related words have similar neighbors. Hence,
their vectors will have similar entries. This
similarity can be measured in the usual way
by the cosine between vectors. An occurrence
of a word can then be classified as belong-
ing to one sense or another by considering the
co-occurrence patterns of neighboring words as
represented by their vectors.

The work presented here differs in another
respect from previous approaches. In general,
two assumptions have been made:

e Only one sense of a word is used in each
occurrence.

e Each word has a fixed number of senses.

The first assumption has been recently chal-
lenged by Kilgarriff [23]: “Sometimes two senses
of a word are mutually exclusive, but more often
they are not ...”. He finds that a large propor-
tion of the words he investigates is used with
several senses in one context. We will test both
hypotheses in our information retrieval exper-
iment and find that the many-sense approach
improves performance.

Kilgarriff also expresses reservations about
the second claim, that words have a determined
number of senses: “Often, the senses as identi-
fied in the dictionary identify points on a con-
tinuum of possibilities for how the word is used
and dictionary senses might equally have been
written which divided up the space differently.”
In the same vein, Geeraerts [13] argues con-
vincingly that the criteria for distinguishing be-
tween vagueness and ambiguity are not con-
sistent, and that this distinction is vague it-
self. In lexicography, difficulties with sense in-
dividuation are well known. For example, Mor-
ton quotes Philip Gove, the editor of Webster’s
third, as saying [30]:

Rather grotesquely, after centuries
of lexicography and language study
of one sort or another, it appears
that no one has answered the ques-
tion of how we may know with
sharp clarity and definitive exact-
ness when a word has one meaning
alone ... and when it has two or
more quite discrete meanings.

Our working hypothesis will therefore be
that the individuation of senses is to a large
extent arbitrary and distinctions of any grain
can be justified if enough information is avail-
able. Therefore, we will make fine distinctions
wherever there is sufficient information to do so.

Various attempts have been made to apply
automatic sense disambiguation to information
retrieval with indifferent results. In the follow-
ing we analyze in greater detail two represen-
tative experiments [39, 34] and suggest possible
reasons why they are less successful than the
method presented in this paper.

2.1 Using WordNet
Voorhees [39] uses the WordNet [29] online the-

saurus to perform disambiguation. Roughly,
WordNet is first transformed into a mapping
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from words to one or more classes (called
“hoods”). If many words from a particular class
¢ occur with an ambiguous word w, then w is
disambiguated as belonging to the sense that is
associated with c.

This algorithm is less robust than the one
presented here since in some cases none of the
possible senses can be chosen. For example, if
a word has two senses, but its neighbors in the
context in question are not members of either
class, then no disambiguation decision can be
made. In contrast, because we disambiguate
based on a continuous measure of word similar-
ity defined for all words in the corpus of inter-
est, sufficient data exists to make a disambigua-
tion decision for every occurrence.

However, we believe the main difficulty with
using WordNet directly is its lack of coverage.
The ontology that organizes the hierarchy (or
heterarchy), the senses that are defined for in-
dividual words, and the coverage of the vocabu-
lary of English are all chosen for maximal gener-
ality (which for other applicationsis a strength).
For example, proper names (such as “Stefi
Graf”) are often excellent disambiguation clues
(“Graf” disambiguates “court” as “a quadran-
gular space for playing tennis”), but proper
names are not covered in WordNet. Again, we
address this difficulty by deriving a thesaurus
directly from the corpus of interest ensuring
that all words will be considered as indicators
for or against the presence of a particular sense.

The sense partition chosen for a particular
word can be a problem if the text collection in-
vokes additional senses that are not covered in
WordNet. For example, “dl” is only listed as
“deciliter”, “derby” only as “bowler hat”. The
meanings “disabled list” and “horse race” that
may come up in a newspaper collection are miss-
ing. Any specialized text will have senses that
are not defined in a general lexicon.

Finally, the ontology that is pre-defined in
WordNet is not tuned to distinctions that may
be crucial in a specialized text collection. For
example, the distinction between number the-
ory and discrete algebra may be important in a
collection of mathematics texts, but it is not
defined in WordNet. WordNet-based disam-
biguation seems to be successful when the ontol-
ogy reflects the relevant domain correctly (for
example, “distribution” in statistics vs. com-
puter science, a distinction that is reflected in
WordNet’s ontology). On the other hand, to
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the extent that they are characterized by differ-
ent co-occurrence patterns the sense partition-
ing scheme presented in this paper can discrim-
inate between subtopics in specific and general
text collections equally well.

We are not arguing that WordNet should
not be used for disambiguation. On the con-
trary, it is a valuable source of information that
may well improve the results presented here if
the problems outlined above are overcome. For
example, Hearst and Schiitze [19] consider a
possible way to address the lack of specificity.

2.2 Testing disambiguation with
pseudowords

Sanderson [34] uses pseudowords [36, 42] to test
the utility of disambiguation for information re-
trieval. A pseudoword is created by assigning
two or more types, for example “banana” and
“door”, to a new type, “banana-door”. In the
subsequent evaluation, the retrieval system has
no access to information that would distinguish
the two words. One would expect that if two
words are conflated that contribute important
information to a query, performance would de-
crease. Sanderson describes several experiments
in which this is unexpectedly not the case: per-
formance decreases only marginally or not at all
with pseudo-word creation.

However, several factors in the experimen-
tal setup suggest that the model created by
Sanderson is not representative of typical ad-
hoc information retrieval settings. First, an op-
timized query representation is computed via
feedback. The n (1 < n < 30) terms that
rank highest in the feedback process form the
query for the experiments. This means that the
n best discriminators for the particular query
make up the query. This is not typical of nat-
ural queries which often contain few good dis-
criminators. Degrading the discriminatory po-
tential of query terms may be more harmful
in an experiment with few good discriminators
than one with many.

Secondly, the queries used in the experiment
are broad topic codes, rather than precise state-
ments of information need. It seems plausible
that degrading the query has little effect if the
information need is of the unfocussed nature
that is typical of topic codes like “metals” or
“grain”.



frequency range total percentage other senses
number | < 1% <5% <10% <20% <50%
tokens (all) 15762291 55 76 82 88 94
types 1 - 24 82947 0 0 0 0 5
25 - 29 1474 0 0 0 10 40
30 - 38 1908 0 0 0 13 45
39 - 50 1648 0 0 3 20 52
51 - 69 1756 0 0 7 28 60
70 - 98 1698 0 2 15 35 64
99 - 146 1736 0 8 24 45 69
147 - 245 1718 0 17 34 52 75
246 - 473 1699 1 28 47 62 81
474 - 1394 1710 12 50 64 75 89
1395 - 80000 1706 49 76 85 91 97

Table 1: In random pseudoword generation, few low-frequency word types, but many
high-frequency word types are the majority sense of a pseudoword.

A final point concerns the type of ambigu-
ity that is modelled in Sanderson’s work. Pseu-
dowords in the experiment are created by select-
ing five word types at random and conflating
them. We will argue that this technique tends
to generate ambiguous word types that don’t
have an adverse effect on retrieval performance
even though other types of ambiguity can result
in serious performance degradation.

Table 1 reports an experiment in which
20,000 pseudowords with 5 senses each were
generated for the Tipster Wall Street Journal
subcollection [16]. Statistics were gathered for
all tokens involved and for 11 word type fre-
quency ranges: word types with fewer than
25 occurrences, and 10 more frequency ranges,
each with roughly the same number of word
types. The table shows for each range what per-
centage of word types were the majority sense
of a pseudoword whose other senses contribute
less than 1%, less than 5%, less than 10%, less
than 20%, and less than 50% of the tokens for
that pseudoword. For example, word types in
the first column “< 1%” are the majority sense
of their pseudoword and account for more than
99% of its tokens with the four other senses
making up less than 1% of the tokens. The
row labelled “tokens” shows what percentage
of all tokens are instances of the majority sense
of a pseudoword in the category indicated by
the column head (“< 1%” etc.). It is apparent
from the table that the discriminatory power
of low-frequency word types is obliterated by

pseudoword creation. Only 5% of the least fre-
quent word types (frequency range 1 — 24) are
the majority sense of a pseudoword whose to-
kens account for more than 50% of the tokens
of that pseudoword. However, conflation does
little damage to medium- and high-frequency
word types. For example, 49% of the most
frequent word types are hardly affected at all:
less than 1% of their tokens are contaminations
from other senses. In fact, more than half of
all tokens in the corpus (55%) belong to the
majority sense of a pseudoword with less than
1% contamination from other senses. From this
perspective, it is not surprising that overall re-
trieval performance increases only marginally
when this type of ambiguity is resolved.

There is some evidence that many ambigu-
ous words behave like pseudowords (i.e., have a
majority sense) if only coarse sense distinctions
are made. For example, looking at a coarse-
grained notion of ambiguity, Gale et al. [10] find
that for a random sample of words choosing the
most frequent sense results in a disambiguation
performance of 92% (averaged over types). This
result could be interpreted as showing that most
ambiguous words are similar to randomly cre-
ated pseudowords in that they have one clearly
dominating sense (so that picking that sense in
all cases does a surprisingly good job at disam-
biguation). However, Gale et al.’s experiment
has not been repeated for finer sense distinc-
tions. For example, “capacity”, “marine”, and
“stretch” are categorized as unambiguous in
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their experiment, but a large dictionary would
identify several senses for each of these words.
It therefore remains unclear what proportion of
ambiguous words have a majority sense accord-
ing to a more fine-grained notion of ambiguity.

In summary, we take Sanderson’s work as
indicating that the successful application of dis-
ambiguation to information retrieval is prob-
lematic in the following circumstances:

e The queries are topic codes, rather than
more specific statements of information
need.

e The queries contain many terms that are
optimal discriminators between relevant
and non-relevant documents.

e The words that are disambiguated are ei-
ther low-frequency words or medium and
high frequency words with a majority
sense that is much more frequent than the
other senses.

The experimental setting chosen in this pa-
per is more typical of the standard ad-hoc in-
formation retrieval environment in that natu-
ral queries (topics from the Tipster collection)
are used. In addition, only medium and high
frequency words will be disambiguated and we
will bias our disambiguation algorithm towards
discovering senses with a similar number of
tokens.!

3 Thesaurus construction

Our sense disambiguation algorithm is based
on a notion of word similarity computed from
lexical co-occurrence statistics gathered directly
from the corpus of interest. We refer to this sim-
ilarity measure as a thesaurus since it relates
words to other similar words, but it should not
be confused with hand-built lexical resources
such as WordNet.

'!Mark Sanderson recently applied pseudoword
creation to two collections with natural queries
(CACM and Cranfield) and found effects “broadly
similar” to those of the Reuters experiment [35]. If
no consistent differences between natural and ar-
tificial queries are found, one would have to con-
clude that the different biases of the two disam-
biguation methods (for vs. against strongly domi-
nating senses) are responsible for their different im-
pact on IR performance.
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The goal of the lexical co-occurrence based
thesaurus is to associate with each term a
vector that represents its pattern of local co-
occurrences. This vector can then be compared
with others to measure the co-occurrence simi-
larity, and hence semantic similarity of terms.

The starting point of the computation is to
collect a (symmetric) term-by-term matrix C,
such that element c¢;; records the number of
times that words ¢ and j co-occur in a sym-
metric window of total size k that is centered
on word i (k is forty-one words in our experi-
ments). Topical or semantic similarity between
two words can then be defined as the cosine be-
tween the corresponding columns of C. The
assumption is that words with similar mean-
ings will occur with similar neighbors if enough
text material is available. Qiu and Frei [31] use
a similar scheme, although the matrix in their
case is documents vs. terms.

However, simple resource calculations sug-
gest that this direct approach is not workable.
The matrix C has v%/2 distinct entries where
v is the size of the vocabulary. Although this
matrix is sparse, we can expect v to be very
large, and hence the overall storage requirement
to be unworkable. For example, the category
B TREC-1 corpus? [17], which is the subject of
our experiments, has over 450,000 unique terms.

Even if enough memory were found to rep-
resent C directly, the thesaurus vectors associ-
ated with each word (columns of C) would be v-
dimensional. Although these vectors are some-
what sparse, this implies that word comparisons
are an order v operation, which is prohibitively
expensive for large scale applications.

We address these issues by reducing the di-
mensionality of the problem to a workable size.
The key dimensionality reduction tool is a sin-
gular value decomposition [14] of the matrix
of co-occurrence counts (see [8] for a different
use of SVD in information retrieval). However,
this matrix must be constructed in a series of
steps to keep the computations tractable at each
stage. A more detailed discussion of this com-
putation can be found in [38]. While other au-
tomatic thesaurus construction algorithms ex-
ploit similar information [5, 9, 21], they use it

2A standard ARPA text corpus of roughly
170,000 documents and 500MB of text from the
Wall Street Journal and a set of 25 evaluation
queries (Topics 51-75).



accident

repair faulty personnel accidents exhaust equipped MISHAPS injuries sites

advocates

passage PROPONENTS argument address favoring compromise congress favors urge

litigation

LAWSUITS audit lawsuit file auditors auditor suit sued proceedings

tax taxes income;tax new;tax income;taxes taxpayers incentives LEVIES taxpayer corporate;taxes

treatment

drugs syndrome administered administer study administering PROCEDURE undergo aids

Table 2: Synonyms are often nearest neighbors of each other in the SVD-based the-

saurus.

for vector expansion instead of word sense dis-
ambiguation.

3.1 Sample Synonyms

The net effect of this computation is to produce
for each unique term a dense p-dimensional vec-
tor that characterizes its co-occurrence neigh-
borhoods. These thesaurus vectors then define
a thesaurus by associating each word with its
nearest neighbors. Table 2 displays some of the
associations found in our experiment over the
category B TREC-1 corpus. Each row displays
a word and its nine nearest neighbors. For ex-
ample, “repair” is the nearest neighbor of “acci-
dent”. Word pairs used as terms are displayed
as couples separated by semicolon. Words in
upper case are hand selected synonyms as might
be found in a manually constructed thesaurus.
They are particularly interesting because they
are unlikely to co-occur with their mates and
hence illustrate that this thesaurus construc-
tion effectively uses second-order co-occurrence
(sharing neighbors in the corpus) rather than
simple first-order co-occurrence (occurring near
to each other) to find synonyms.

4 The Disambiguation Al-
gorithm

An individual occurrence ¢ of a word can be
characterized by summing the thesaurus vectors
of the words that occur close to it to produce
a contezt vector [40, 12]. Since the direction of
a word’s vector corresponds to its main topic,
if several words with the same main topic oc-
cur close to ¢, then that topic will dominate in
the computation of the context vector. On the
other hand, topics that are represented by only
one word in the environment of ¢ will not influ-
ence the direction of the context vector signifi-

cantly. Since not all words are equally useful for
defining topic, the computation of context vec-
tors weights each word vector according to its
discriminating potential as measured by inverse
document frequency [32]:

N

w; = log(ni )
where N is the total number of documents in
a text collection (or any other meaningful unit,
e.g. paragraphs) and n; is the number of doc-
uments that the word w; occurs in. All con-
tent words in a symmetric 41-word neighbor-
hood centered on ¢ are summed to compute the
context vector.

The context vector characterizes the local
topic of an individual word occurrence. The
remaining problem is to find directions in the
space that correspond to different senses of a
word. The approach taken here is to consider
the context vectors corresponding to all the oc-
currences of a particular word in a training set,
partition them (through a clustering algorithm)
into regions of high density, and posit a sense
for each such region. For the partitioning we
typically employ Buckshot, an efficient approx-
imation of group agglomerative clustering [6]3.
A vector is included in a region if it is closer
to that region’s cluster centroid than to any
other region’s cluster centroid. Word occur-
rences can be disambiguated by computing the
context vector of each occurrence, finding the
closest centroid and assigning the occurrence
the sense of that centroid.

In summary, the disambiguation algorithm
proposed here has three phases. First, a number
of context vectors of a target word are computed
from a training set. The context vectors are
clustered, with each cluster ideally correspond-

% AutoClass [2] is used for some of the words in
section “Case Studies”.
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1 2 3 total

capital/s | goods/seat of government 51 2196 92 95
interest/s | special attention/financial 15| 3|94 92 93
motion/s | movement/proposal 0| 2(92 91 92
plant/s factory/living being 413 |94 88 92
ruling decision/to exert control 141 2190 91 90
space area, volume/outer space 0] 10 |8 90 90
suit/s legal action/garments 18] 2]94 95 95
tank/s combat vehicle/receptacle 15| 81|97 85 95
train/s railroad cars/to teach 2110 |94 69 89
vessel/s ship/blood vessel/hollow utensil | 10 | 7 | 93 91 86 92

Table 3: Accuracy for the disambiguation algorithm averages about 90%.

ing to one sense of the word. Finally, disam-
biguation consists in assigning the occurrence
that is to be disambiguated to the sense of its
closest cluster.

5 Case Studies

Before considering a large scale systemic in-
formation retrieval evaluation, to gain insight
into the disambiguation algorithm we consider
in this section some case studies of its detailed
behavior over selected words®. For each word
the number of classes was determined from a
clustering algorithm; for Autoclass this number
was determined fully automatically, for Buck-
shot clustering into 2, 5, 7 and 10 classes was
performed and the satisfactory result with the
lowest number of classes was selected. The clus-
ters were inspected and labeled as belonging to
one sense or another, thus conflating some clus-
ters. We will only consider the most frequent
senses here. Rare senses such as the “tank top”
sense of “tank” are not included. A test set that
was not used in training was then processed by
assigning the context vector of each word to its
closest centroid. Table 3 summarizes the re-

*The thesaurus induction algorithm used for the
experiment described in this section differs in de-
tails from the one presented above, but uses essen-
tially the same method. See [37] for details.
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sults. On average, the performance of the algo-
rithm is about 90%. For each word, the table
lists the senses, the number of clusters used, the
percentage of tokens not covered by a common
sense, and disambiguation results for the com-
mon senses as well as for the word as a whole.
The following two contexts of “suit” were
correctly classified as belonging to the senses
“garment” and “lawsuit” respectively:

Gene, long haired and laid back,
preferring jeans and blazer to a suit,
went to film school ...

The suit was filed in federal court

On the other hand, the following context was
misclassified as being an instance of the sense
“lawsuit”:

Sharpton said, “I have been on the
attorney general’s case, and I will
be on his assistants like a suit jacket
throughout the arraignment and the
trial.”

The analysis of these three instances is obvi-
ous. In all three cases, there were relatively re-
liable indicators for one of the two senses (words
like “jeans”, “filed”, and “attorney”), but in
the third case these indicators were misleading.
This analysis suggests that the algorithm will



do well if the sense distinctions correspond to
distinctions in topic. There is a clear difference
between the topics “law” and “clothes”. Hence,
the algorithm performs well for “suit”.

The case of “interest” demonstrates that
the algorithm works well even if only one of the
senses is clearly topically distinguished. The
“Interest rate” sense has as many good indica-
tors as the two senses of “suit”. However, the
general sense of “interest” is not topically well
distinguished. Still disambiguation is very reli-
able.

A much harder case is “space”. Both the
“outer space” meaning and the more general
meaning are fragmented over many different
topics. Here are some of the classes that were
found in clustering the context vectors:

e NASA space program: the shuttle, satel-
lites, space capsules (class 1)

e space and scientific research (class 3)
e space and weapons, Star Wars (class 8)

e space in art (exhibition space, stage
space) (class 4)

e line space (as in “or use the space below
to write me”) (class 6)

e office and living space (class 7)

The fact that classes 4, 6, and 7 are instances
of a more general sense was not recognized.
However, this example supports the claim that
the distinction between senses is really a con-
tinuum. While “office space” and “exhibition
space” do not differ enough to justify a sense
distinction in the ordinary sense of the word,
making such a distinction can be quite useful
for an application. From a cognitive perspec-
tive, different concepts may well be associated
with the two interpretations since the way they
are experienced is quite different for most peo-
ple.

Of the other words in Table 3 “train” is
noteworthy for exhibiting a noun/verb ambigu-
ity. The algorithm also distinguishes the three
senses of “vessel” correctly.

Table 3 suggests some similarity with the
above-mentioned disambiguation method pro-
posed by Yarowsky [41]. However, his method
classifies contexts as belonging to one of a pre-
defined set of thesaurus classes (taken from Ro-
get’s thesaurus) rather than grouping contexts

according to similarity as we do. A strength
of Yarowsky’s method is that it can incor-
porate prior knowledge in form of thesaurus
classes. One would expect it to do better than a
purely corpus-based method if the thesaurus ac-
curately describes semantic properties of words
in the corpus of application. On the other hand,
it can only make distinctions that are predefined
in the thesaurus, so a corpus-based method is
likely to be superior if the thesaurus doesn’t
cover the subject matter of the corpus well.

6 Application to Informa-
tion Retrieval

The sense disambiguation algorithm described
above can be applied directly to information
retrieval by replacing the words in a stan-
dard “bag of words” text representation by
word senses. That is the text is analyzed into
words and each word occurrence annotated by
a sense as suggested by the disambiguation al-
gorithm. These annotated, and hence differen-
tiated, words may then be used as the basic
features for retrieval matching and scoring.

In this way, the disambiguation algorithm
was tested on queries 51-75 of the Category
B TREC-1 collection, which contains about
170,000 documents from the Wall Street Jour-
nal. The queries contain 1013 different terms
(excluding stop words). In keeping with the
discussion above on fine distinctions that can
potentially be exploited, we divided each term
into as many senses as could be reliably distin-
guished from the available data. Our experi-
ence indicates that 50 occurrences per sense is
a reasonable estimate of the minimum amount
of data necessary to distinguish between senses.
Therefore, the number of senses for word w was
defined to be 5)‘_0 where f is the number of oc-
currences of w in the corpus. Only 20 senses
were considered even for words that occurred
more often than 1000 times. In the experiment,
the occurrences of each of the 1013 query terms
in the corpus were clustered into the predeter-
mined number of clusters.

For disambiguation, context vectors for
each occurrence of one of the query terms in the
corpus were computed and assigned to the clos-
est centroid. Each document in the collection
was indexed with the automatically assigned
senses rather than the terms themselves. Fi-
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word-based sense-based combined
at 0.00 0.693 | 0.788 +13.7 | 0.854 +23.2
at 0.10 0.540 | 0.629 +16.5 | 0.645 +19.4
at 0.20 0.453 | 0.503 +11.0 | 0.506 +11.7
at 0.30 0.385 | 0.427 +10.9 | 0.434 +12.7
at 0.40 0.315 | 0.340 +7.9 | 0.347 +10.2
at 0.50 0.264 | 0.260 -1.5 | 0.291 +10.2
at 0.60 0.206 | 0.198 -3.9 | 0.229 +11.2
at 0.70 0.165 | 0.145 -12.1 | 0.174  +5.5
at 0.80 0.118 | 0.110 -6.8 | 0.129 +9.3
at 0.90 0.085 | 0.076  -10.6 | 0.091 +7.1
at 1.00 0.061 | 0.057 -6.6 | 0.059 -3.3

average precision (non-interpolated) over all rel docs

0.299 [ 0.321

+7.4]0.342

+14.4

Table 4: Disambiguation markedly improves retrieval performance (3 senses per occur-

rence).

nally, the 25 queries were processed in the same
way.®

A modification of the standard vector sim-
ilarity model that represents documents and
queries as vectors [33] was then applied for
senses instead of words. In the standard model,
documents are ranked according to the number
of words they share with the query. In the mod-
ified model, documents are ranked according
to the number of senses (disambiguated words)
they share with the query. We used term fre-
quency/inverse document frequency weighting
[32] for the senses as well as for the words. We
achieved a measurable improvement for sense-
based retrieval when compared to word-based
retrieval: Average precision for 11 points of re-
call increased by 4% (from 0.299 to 0.311).

Two modifications were introduced to fur-
ther improve these results. First, a combination
of word-based and sense-based retrieval proved
to be better than either on its own. To combine
results from both methods, we ranked docu-
ments according to word-based and sense-based

similarity (ranks rz‘-”ord and ri®1S¢ respectively)

®Note that since the queries in the Tipster col-
lection are long (about 150 words), the context vec-
tors for disambiguating query words are in most
cases based on 41 words. It is known that disam-
biguation performance decreases when less context
is available [11, 36]. Further research is necessary
to determine how much such a deterioration in dis-
ambiguation affects performance of the information
retrieval model presented here.

Hinrich Schiitze and Jan O. Pedersen

and combined the ranks for each document.
The final ranking was then the ranking of the
combined ranks r;. This improved average pre-
cision by 11% compared with the baseline (from
0.299 to 0.311, see Table 5).

7‘; — T,lword + T,lsense

The second modification concerns our claim
that several senses of a word can be used at the
same time. This proposal was implemented by
coding each word occurrence as having each of
the n senses whose clusters were closest to the
context vector (the experiment was performed
for n = 2,3,4,5). Table 5 shows that preci-
sion improves when each occurrence is coded
with several senses. The best performance was
achieved for 3 senses per occurrence using com-
bined ranking.

Table 4 shows relative improvement over
word-based retrieval. For each level of recall
(“at 0.00” etc.), the table displays the rela-
tive improvement in percent of sense-based re-
trieval and combined retrieval over word-based
retrieval.

Figure 1 shows precision for 11 recall points
for coding with three senses per occurrence. Av-
erage precision for combined ranking is 0.342.
This means that the system incorporating word-
sense disambiguation achieved a relative im-
provement of 14% over the basic vector simi-
larity model.®

6Qur result is also better than the best result
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Figure 1: The figure gives precision for 11 recall points for word-based, sense-based,

and combined retrieval.

word-based retrieval

av. precision:

0.299

sense-based retrieval

# senses || 1

2 3 4 5

av. precision 0.311

word-based and sense-based combined

# senses || 1

0.324 | 0.321 | 0.324 | 0.323

2 3 4 5

av. precision 0.324

0.328 | 0.342 | 0.339 | 0.340

Table 5: Coding occurrences with several senses improves average retrieval precision.

7 Conclusion

This paper presents a system that performs
sense-based information retrieval. The underly-
ing disambiguation algorithm is completely au-
tomatic, but still text-specific since it derives
necessary lexical knowledge from the text itself.
Its success is partly due to the fact that two as-
sumptions present in most work on word sense
disambiguation are avoided: the “one sense per
occurrence” and the “fixed number of senses per
word” hypotheses. In contrast, our method as-

for any of the systems in TREC-1, Category B
(0.3219), which indicates that the improvement is
not due to an artificially low baseline.

sumes that multiple senses of a word can be
used simultaneously and that even fine sense
distinctions can be made if enough data is avail-

able.

The disambiguation algorithm is not with-
out limitations. As indicated in several case
studies, the method works well only when sense
distinctions correspond to distinctions in topic.
Still, for the first time it has been demonstrated
that disambiguation, even if imperfect, can sub-
stantially improve text retrieval performance.

Information Retrieval Based on Word Senses
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