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ABSTRACT
Syntactic and semantic ambiguity affect the text retrieval task as
each type of ambiguity influences precision and/or recall. In this
work we provide an experimental study on the effect of several
ambiguity types in IR, by resolving each ambiguity type separately
and adding respective annotations in the indexed text. We focus on
five small text retrieval collections.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval—Retrieval Models

General Terms
Algorithms, Experimentation.

1. INTRODUCTION
Although lexical ambiguity is recognized as a problem in IR,

little work has been done to estimate the effect of each ambigu-
ity type independently and the role of respective annotations in re-
trieval performance. We experimentally evaluate the effect of three
different annotation types to text retrieval, namely:part of speech
tags, word senses, and identification of phrases. Among the re-
lated studies made in the past, the works by Krovetz Voorhees [4],
Sanderson and van Rijsbergen [2], and Stokoe [3] are representa-
tive. Voorhees used a real word sense disambiguation (WSD) sys-
tem and the rest a methodology based on the generation of random
pseudowords to assess the role of semantic ambiguity in IR. The
current study is a complementary work to the aforementioned; it
investigates the relation between each ambiguity type and the re-
trieval performance independently and analyzes the effect that the
respective annotations may have to the retrieval performance.

With regards to the types of lexical ambiguity, they can be cate-
gorized insyntacticandsemantic. Syntacticambiguity occurs from
the different syntactic roles that a word may have in context and
can be resolved withPOS tagging. Orthogonal tosyntactic, is se-
mantic ambiguity, which occurs frompolysemyor homonymyof
words. In this study we consider both as a single type of seman-
tic ambiguity, namelysense ambiguity, which can be resolved with
WSD. Furthermore, a word can occur as part of a phrase, e.g., the
wordssquareandroot can occur individually, but also as part of the
phrasesquare rootin WordNet. This can be considered as a type of
semantic ambiguity and can be resolved withphrase recognition,
e.g., implementing a dictionary look-up. Finally,stemmingmay be
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considered as the process of mapping a lemma into its most gen-
eral lexeme, and can, thus, be regarded as a resolution to semantic
ambiguity.

2. LEXICAL ANNOTATIONS
In all experiments to follow thevector space model(VSM) is

used for documents and queries representation. The conventional
TF · IDF is used as a terms’ weighting scheme andcosineas a
similarity between vectors. For every type of ambiguity we altered
theVSMrepresentation of both documents and queries, to incorpo-
rate annotations produced by the resolution of the respective am-
biguity type. For thesyntacticambiguity, we considered a space
where each term is indexed along with itsPOStag, e.g., each term
occurrenceti is indexed asti_POSi, wherePOSi is the respec-
tive POStag. POStags are found using theStanford Log-Linear
POS Tagger. For sense ambiguity, we created3 different Gener-
alized Vector Space Models(GVSM), which embed senses infor-
mation. All queries were manually disambiguated and a baseline
WSDsystem is applied to the documents, selecting always the first
sense fromWordNet. The found senses are added in the vectors,
along with the terms. The difference in the3 usedGVSM lies in
the weighting of terms and senses.GVSM1considers two different
vector spaces; terms and senses. Each one uses its own, separate
TF · IDF weighting, and the final similarity between a document
and a query is computed as the sum of the cosine similarities in
the two spaces.GVSM2considers terms and senses in the same
space.GVSM3[1], considers one hybrid vector space of terms and
senses where senses are assigned with theTF · IDF weight of
their terms. To study the effect ofphrase detectionwe perform a
dictionary look-up inWordNetusing a sliding window of varying
length, starting from7 terms and dropping down to2. The resulting
phrases substitute the respective term occurrences in the indexing.
Finally, the effect of stemming is studied by applying thePorter
stemmer. The stems substitute the respective term occurrences in
the indexing.

3. EXPERIMENTAL EVALUATION

3.1 Description of the Data Collections
The evaluation was conducted in5 known IR collections shown

in Table1, which reports: the collection domain, number of docu-
ments (D.) and queries (Q.), average number of term occurrencesin
documents (#T D.) and queries (#T Q.), average number of phrases
recognized in documents (#P D.) and queries (#P Q.), percentages
of documents and queries in which at least one phrase was rec-
ognized from the dictionary, and, the average ambiguity of words
found in WordNetfor all documents (D. amb.) and queries (Q.



D. Q. Domain #T D. #T Q. #P D. #P Q. D. amb. Q. amb.
CACM 3204 64 ACM abstr. 29.5 13.4 2.11 49.7% 1.4 39% 5 88.3% 4.5 84.9%
MED. 1033 30 med. abstr. 82.3 11.6 2.9 89% 1.3 66.6% 4.4 82.2% 3.1 90.3%

TIMES 423 83 general 304.6 8.2 9.8 100% 1.3 57.8% 4.5 70.5% 3.6 77.9%
NPL 11429 100 physics 23.4 6.8 1.4 44.9% 1.2 26% 4.6 70.2% 4.3 62.1%

CRAN. 1400 225 aer/mics 90.4 9.3 3.1 88% 1.1 35.1% 5.3 88.1% 4.7 89.9%

Table 1: Documents, queries and domains of the retrieval collections.
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Figure 1: Differences from the baseline in interpolated precision.

amb.), along with the percentage of terms found in the used lexi-
con.

3.2 Results and Analysis
Figure1 presents the differences of each retrieval model from the

interpolated precision of theVSMbaseline (indexed terms without
resolving any ambiguity) for the11-standard recall points. Each
line is one of the six retrieval models, namelystemming(ST), POS
tagging(POS),phrase detection(PD),GVSM1, GVSM2andGVSM3.

Stems: As shown, stemming improves almost in all cases the IR
performance. Initially it boosts precision for the first2 or 3 recall
points, then it weakens in the40% − 60% recall levels, and finally
it boosts precision again, until all relevant documents are retrieved.
Looking closely atNPL, we see that it boosted precision constantly
(up to11% p.p.), in all recall points. SinceNPL has the smallest
documents, we may infer that stemming may boost precision more
in cases when documents are relatively small.

POS Tags: POS Tagscannot improve much precision. The re-
spective model can add as much as2.5% p.p., and this only hap-
pens inTIMES. In CRANFIELDit boosts precision by2% p.p., but
in the same collection it drops up to5% p.p. in the medium recall
points. InTIMESandCACM, in which the model achieved its top
and its worst performance respectively, we notice thatTIMEShas
the largest documents andCACM is among the two collections with
the shortest. Thus,POStags cannot boost precision, but in the few
cases it des, the collections have relatively large documents.

Phrases: Phrase detectioncan boost precision up to4% p.p.
in the tested collections. In all recall levels, this happens only in
TIMESandNPL. In CACM, the effect is negative, as it drops pre-
cision by almost10% p.p. in the first3 recall points. From Table
1, we see thatTIMEShas many phrases detected on average per
document (9.8), while CACM very few (2.1). Thus,phrase detec-
tion requires the occurrence of many phrases in documents to aid
IR performance.

Sense tags: TheGVSMsused show that embeddingWSDinfor-
mation in retrieval can boost precision up to5% p.p., but can also
drop it by more than45%. GVSM1andGVSM3have similar be-
havior, and are both fromGVSM2. In general, considering a single
vector space and mixing up term and sense dimensions seems a bad
choice. The two collections that sense tags may improve precision,
TIMES andMEDLINE, are the collections with the less ambigu-
ous terms, both per document and per query. Thus, in cases where
the average ambiguity of the disambiguated terms is relatively low,
sense tags may help. However, further study is needed to investi-
gate how theWSDperformance affects these results.

4. CONCLUSIONS
In this work, we studied the effect of several tag types in IR

performance. the tags are produced by resolving four types of syn-
tactic and semantic ambiguity. Our results indicate thatstems, and
sensetags can boost precision at almost every recall level, under
conditions, whilePOStags cannot. In the future we will investi-
gate the effect of combining these tags to improve IR.
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