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Abstract Additional Key Words and Phrases:ond sense ambiguityvord

. . . sense disambiguation, pseudords.
We present an analysis obvd senses that prigles a fresh insight

into the impact of wrd ambiguity on retrieal efectiveness with

potential broader implications for other processes of information 1 Intr oduction

. . . . A t dsi tural | biguotis -
retrieval. Using a methodology of forming artifally ambiguous, great maj words in natural languages are ambiguotise res

olution of ambiguity is a task that has concerned a greay man
words knevn as pseudo-@rds, and through reference to other gutty greay

. - researchers in theefd of Computational Linguistics. @ the
researchersivork, the analysis illustrates that the digitibn of P g

the frequeng of occurrence of the senses of artvplays a strong years, may programs hae been bilt that, gven a verd appearing

. L . S in a certain conté¢ (with a defhition of the word's possible
role in ambiguitys impact on déctiveness. Further vestigation ( P

. . . senses), attempt to identify theord sense in the conte Such
shaws that this analysis may also be applicable to other processes ) P fy

. . . systems are kmen asword sense disambiguatorsEarly disam-
of retrieval, such as Cross Language Information Redtiequery y 9 y

expansion, retrieal of OCR'ed tats, and stemmingThe analysis biguators were based on hangtbrule sets and only erked over

) . . a small number of erds and sensg¥\eiss 73, [Small 82. This
appears to prade a means ofxglaining, at least in part, reasons ¢ 3.1 3

for the processeimpact (or lack of it) on éctiveness. changed, hwever, with the aailability of dictionaries and thesauri

online. Using these referencenks as a source ofosd sense def-

Catagyories and Subject Descriptors: H.3.1 [Information Storage . . ) i i . .
inition and information, mandisambiguation systems werailb

and Retrigal]: Content Analysis and Indeng - Linguistic .
with the hope that tlyecould be scaled up toosk over a much

processing; 1.2.7 [Artifiial Intelligence]: Natural Language .
wider vocahlularyLesk 86, [WIks 94, [Sussnha 93

Processing -Text analysis; 1.6.4 [Simulation and Modeling]:

. . Such a possibility as of interest to researchers in theddfiof text
ModelValidation andAnalysis. P y

basednformation Retrieva(lR) systems where itas thought that

Generallerms: Experimentation, Measurement o )
word sense ambiguityas a cause of poor performance in the sys-
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tems. It vas beliged that if the wrds in a document collection
were correctly disambiguated, IRfexftiveness wuld improve.
However, work where such disambiguatioras/ performeddiled
to shav ary improvement] Voorhees 9B, [Wallis 93]. From these
results it becomes clear that researels weeded to vesticate the
relationship between sense ambiguitysambiguation, and IR.
Investigations with similar aimsut using diferent methods were

conducted by Kreetz & Croft [Krovetz 92 and by one of the

authorq Sanderson 94

1.1 Krovetz & Croft

As part of a wide-ranging paper on disambiguation and IR,

Krovetz and Croft conducted adg-scale study on the relationship

words, for @ample ‘bank economic rfancial monetary dcal’
then, for top rank&d documents, it is lédy that mag of the query
words will collocate in those documents. kwid be unlilely that

an occurrence of ‘bank such a documentauld refer to the mar

gin of a rver. Therefore, collocation can cause disambiguation to
be unnecessaryKrovetz and Croft also described a second cause
of the high dgree of sense match in the top ragkdocuments,

which is explained inSection4.1

Krovetz and Croft's study did not predictyasignificant improe-
ments in retrieal efectiveness from the resolution of ambiguity in
document collections. Instead, yheescribed a number of situa-

tions where disambiguation may peouseful: where the fefcts of

of relevance to sense matches and mismatches between quer9ollocat|on were less pralent such as high recall searches; and

words and documentawds. Using the CBM andTIME test col-
lections [Salton 83, [Spack Jones 7H, Krovetz & Croft per
formed a retrieal for each of the queries in these collectionsr F
each retrieal, they examined the match between the intended
sense of each queryowd and that wrd's sense as it occurred in the
ten highest raréd documentsThey counted the number of sense
mismatches between query and documerti& and xamined this
figure in relation to the raelance or non-rel@nce of the docu-
ment. They found that when the documenasvnot releant to the
guery a sense mismatchas more lilkely to occur From this anal-
ysis, it could be inferred that thevéd of sense match in the top
ranked rel@ant documents as high. Kreetz and Croft specu-
lated that this ws due to the so-calleguery wod collocation

effect which can bexplained through anxample.

If one were to enter the singleovd query ‘bankinto an IR sys-
tem, it is just as ligly to retriz’e economic documents as it is geo-

graphic ones. If, heever, one entered a query containing yan

where query wrds were used in a less frequent sense.

1.2 Sanderson

Sanderson measured théeefiveness of an IR system retrieg
from the Reuters 22,173 test collectjdrewis 91 and then meas-
ured it agin after additional ambiguity & introduced into the
collection using artifiial ambiguous wrds knevn as pseudo-
words’. The drop in g&ctiveness resulting from their introduction
was a measure of thimpactof that ambiguity The results of the
experiments sheed that the introduced ambiguity did not reduce
effectiveness as much as mightvedeen gpected. The published
analysis of the resulfsSanderson J4concentrated on the length
of queries shwing that the déctiveness of retrials based on a

query of one or tw words was greatly décted by the introduction

2. Simulated wrds that hae multiple senses.The manner of

their creation isxplained inSection2.



of ambiguity lut much less so for longer querie&.confirmation With reference to Sanderssniork, Schitze & PederséSchitze
of the co-location ééct shevn by Krovetz and Croft. 95 questioned the methodology of using pseudods to study

ambiguity after ramining the pseudo-sensethat malke up a
Although it was not stated in the papeuery term co-location

pseudo-wrd. Looking at the distriltion of these senseffe-
within a document is also dependent on its length. If documents

queny of occurrence within a collection, th€found that one
being retrised were particularly short (e.g. just document titles)

pseudo-sense of a pseudord typically accounts for the majority
then co-location of query termsgegdless of query size, is éky

of occurrences of that pseudmnd. They suggested, though did
to be lav. Therefore, in a situation of retvilag from short docu-

not test, that thiskewed fquency distributiorof the pseudo-
ments, one wuld expect to see the same impact of ambiguity on

senses within a pseudmvd was an additional cause of thavlo
retrieval efectiveness as as obsergd with short queries.

impact of ambiguity on retni@l efectiveness.They further ques-

Sanderson also used pseudortis to study the impact of auto-  ioned whether this type of distttion correctly reficted that

matic disambiguation on retvial efectiveness, concentrating par found in the senses of real ambiguowsras. It is the to issues

ticularly on the impact of disambiguation error§he number of they raised that are addressed in this paper

mistales made by disambiguators appearsaty depending on the

First a description of pseudoawds is presented folleed by exam-
subtlety of vord sense to be discriminated betweénreasonable

ples of their use in retnval experiments. An analysis of the
sense selection error for a disambiguator performing the discrimi-

skewed distrilution of the frequencies of occurrence of a pseudo-
nation task Sanderson assumed is around 20%-30%n (fadm

word’s pseudo-senses is describexthalong with an xplanation
[Ng 96°%. He found that this \el of error could causefettive-

of how this type of distribtion impacts on retrial efectiveness.
ness to be as bad arem laver than when ambiguity as left unre-

Measurements are presented aomifig that the senses of actual
solved. Disambiguation erroras thought to be a iy cause of

ambiguous wrds hae the same swed distritution as pseudo-
the failures reported byoorhees and bwvallis. To this end, Sand-

senses and, therefore, pseudurdg are concluded to model well
erson concluded that a disambiguataswenly of use in a retsal

this aspect of ambiguousonds. Experimental results shiag the
contet if it disambiguated at aevy high level of accurag or if

impact of pseudo-ards on retrieal efectiveness are thus used to
queries(or documents) wereevy short.

describe the impact of actual ambiguousrade on eectiveness.

Before concluding, the paper brie#ixamines additional applica-

3. Ng & Lee stated that the error rate of their disambiguats w  tions of the analysis presented which indicate that other processe
30%, havever, it was trained and tested on manually Of retrieval may be better understood with such an analysis.
disambiguated corpora which themssvcontained errorsThis

will have impacted on the disambiguator accyraberefore, a

more generous error rate is suggested in this paper



2 A methodology using pSGUdO-WI’dS collection and its impact on retviéd efectiveness can be deter

The aim of Sandersan'sxperiments \as to @in a greater under ~ Mined. The size of pseudoavds can bearied by altering their
standing of the relationship betweennd sense ambiguitgisam- number of pseudo-senses pseudo-vord withn senses is referred
biguation accurag and IR efectiveness. In order to achiethis, o here as aize npseudo-wad.

it was necessary to be able to measure the amount of ambiguity in a
2.1 What is meant by ‘ambiguity’?

One aspect of ambiguity thatag not addressed by Sanderson in

test collection. This was achieed by using a technique of adding
into the collection artiiial ambiguous wrds called pseudo-

his paperwas the type of ambiguity simulated by pseudwés.
words.

This issue is described by Kigiff [Kilgarriff 97] who contended
A pseudo-wrd is formed by concatenating a number afrds that the distinction between senses ofoadixcould only be daiied
chosen randomfyfrom a text collection. These words become the  once the purpose for which thewere intended was defhed.
pseudo-senses of awlg formed pseudo-srd and all of their  Assuming that a dictionary prigles a defiitive and objectie dis-
occurrences within that collection are replaced by it: famneple, tinction between wrd senses is, according to Kilgiff, unrealistic
randomly choosing the avds ‘banana’, ‘kalashné’ & ‘anec- (Section5 discusses this issue further in the cahief IR). In
dote’, and replacing all their occurrences in a collection by the Sandersos work, pseudo-wrds were intended to mimic the
pseudo-wrd ‘banana/kalashnik/anecdote’. Note that pseudo- senses used in theovk of Voorhees who used thWebrdNetthesau-
words are mutually>elusive: a vord can only be a member of one  rus[WordNe{, [Miller 95] for her sense deiitions. Indeed, it will
pseudo-verd. be shavn later that an important quality of senses in this reference

work, are simulated well by pseudmrds. Unless otherwise

By adding pseudo-wrds into a test collection in this manner

N o ) stated, references to senses and ambiguity in this paper should t
measurable amount of additional ambiguity is introduced into that

taken as meaning senses as rd&fi inWordNet. It is belieed,

4. Pseudo-wrds were created by owgroups in the same year however, that pseudo-ards are a good simulation of senses
working independently of each other: Gale et al. and Schiitze.defined in other referencearks such as dictionaries and somke e
Gale, Church andarowksy introduced and tested a disambiguator dence is presented to support this contention.

using pseudo-ards in a 1992 pap¢Gale 92¢. (In the follaving

year Yarovsky [Yarowsky 93 incorrectly cited[Gale 923 as

being the original pseudoexd pape) At the same time, Schitze

introduced a means of testing a disambiguator using manually5. A pseudo random processasvused based on a non-linear
created ambiguousaxds[ Schiitze 9 though he did not call them additive feedback random number generator: thedom and
pseudo-wrds. Note, that inspired by Schitze, Grefenstette srandom functions found in themath.h library of the C

introduced the notion of artifial synotlyms|[Grefenstette 94 programming language.



2.2 The experiments

To illustrate the impact of the introduction of pseudurds into a
document collection,xperiments on three ceentional test col-
lections, CACM, Cranfeld 1400[ Sparck Jones 7 andTREC-B,
are nav presented. In thesmeriments, size ¥e pseudo-wrds
were introduced into each collection and tHeativeness of an IR
system retrieing from these additionally ambiguous collections
was measuredAll words in the collections and their respeeti

queries were transformed into pseudorae.

The CACM collection vas composed of 3,204 documents and the

Cranfield 1400 collection contained 1,400che TREC-B collec-
tion used vas that defied in théeTREC-5 conferencpHarman 96,
it contained ~70,000 documents; the queries usedvikias topics

in TREC) were numbers 1 to 300.

The retrizal system used as a coventional ranking system using

a form oftf*idf term weighting schem@) which is an amalgm of

B Iog(freqij +1)

INC
Wi = log(length;)

OgEHI[

(1)

W;j

freqi]- = frequency of term i in document j

= tfeidf weight of term i in document j

Iengthj = number of terms in document j
N =

n =

number of documents in collection
number of documents in which term i occ

Harmans normalised within documentefquency weightHarman
92] and a coventionalinverse documentdguencymeasure. Stop

words were remged from the collection and the Porter stemmer

6. It was possible that up to fourowds in each collection were

[Porter 80 was applied to the collectiondtebefore pseudo-ords
were generatedA pessimistic interpolation technique (described
in the Interpolation section of Chapter 7\an Rijsbegen’s book
[Van Rijsbegen 79) was used to produce a set of precisialugs

measured at ten standard recalkls.

As can be seen from the resultsFiguresl, 2, & 3, the efective-
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Figure 1. Introducing size ¥ie pseudo-wals into
the CACM collection.
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Figure 2. Introducing size ¥ie pseudo-wals into

the Cranfeld 1400 collection.

left out of the transformation process due to the requirement thafness resulting from this retual is little different from that result-

each pseudo-ard had fve senses.

ing from a retrigal on the unmodiéid collection. Considering that
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Figure 3. Introducing size ¥ie pseudo-wals into

the TREC-B collection.
the introduction of size e pseudo-wrds reduced the number of
distinct terms in the collections to dttii, the relatrely small
decrease in ret@l efectiveness is perhaps striking-he difer-
ences in reductions across the collections is maodlylitue to the
differences in query lengthTREC-B queries are, onverage, 41
non-stop werds in length as opposed to 12 for theGBA collec-

tion and 10 for the Cramfid 1400.

2.3 Summary

This section has presented a methodology that uses pseuds-w
to explore the relationship between ambiguity and resliefec-
tiveness. Experimental results stea the impact of introduced
word sense ambiguity on retved efectiveness s not as signi
cant as might hea been thought. In addition, the resultsvaba a

link between the length of query submitted to a restiesystem

and the impact of that ambiguity orfesftiveness.

2.4 Postscript

Since conducting this ovk, it has come to light thakperiments
with a similar methodologyut with a diferent purpose were car

ried out by Burnett et a|Burnett 79 who were performingxgper

iments using document signatureShey were irvestigating hav

best to generate smalutbrepresentate signatures from a docu-
ment. One of their x@eriments imolved randomly pairing
together words in the same ay that size tw pseudo-wrds are
formed. They noted that retrieal efectiveness s not dected

greatly by this pairing, a result that is in agreement with those pre-

sented here.

3 Analysis of frequency distribution

Although the gperiments ofSection2.2, and those presented in
[Sanderson 94 shaved query (and by implication document)
length to be an importanadtor in the relationship between ambi-
guity and retrigeal efectiveness, further analysis, by Schiitze &
PedersefSchitze 9prevealed that the glwed frequeng distribu-
tion of pseudo-senses could also be causing thevedlasmall
drops in eflectiveness obseed in those xperiments. In this sec-
tion, this fctor is analysed andxgeriments are conducted to

reveal its impact on retnial efectiveness.

3.1 Examining the make up of pseudo-wrds

Words hae \ery different frequencies of occurrence within a docu-
ment collection, as skhm by Zipf[Zipf 49. This can be demon-
strated by ramining the tt of the CACM collection which
contains approximately 7,500 distinctomds occurring 100,000
times. Figure4 shavs the distrilntion of the frequencof occur
rence of this set of erds. The graph shws their distrilntion is
skewed. Such a distriliion is often referred to asZipfian distri-
bution Therefore, creating pseudmwds by random selection
from these wrds is lilely to result in pseudo-evds composed of
pseudo-senses with a similar (Zgf) slew. This becomes appar

ent after gamining the frequernycof occurrence of the senses of



The etent to which this siwed distrilution eisted in pseudo-

Words that have...

100003 /A

words was more fully inesticated: sets of size tw three, four

five, and ten pseudoends were created from theowds of the

w00l CACM collection, and the distriltion of the frequencof occur
° rence of their pseudo-sensesasmxamined. Br each of these
1003 " pseudo-wrds, it vas found that one sense accounted for the major

ity of occurrences of the pseudand of which it vas a part.The

103 results of this analysis are stiwin Table1 which displays the per

. B
/ No. of Commonest
1
1 10 100 1000 10000 senses sense (%)
...this frequency of occurrence
. . 2 92 {50}
Figure 4. Distribution of the fequency of occuence of wats
3 85 {33}
in the CACM collection. Graph plotted on a logarithmic scale.
4 80 {25}
Point A shows that avund 3,600 of the wds (about half of all
5 78 {20}
words in the collection) occur in the collection only once. Point
) y 10 65 {10}

B shows that one wdroccurs aound 3,000 times in the Table 1. Percentage of occuences accounted for by

commonest pseudo-sense of a pseuda-({gamputed by
micro averaging). Thedures in brackets (shown for
comparison) a& the pecentages that wouldesult if pseudo-
senses occued in equal amounts. Measunents made on the
CACM collection.

collection, accounting for 3% of all occemces in the

collection.

four randomly selected pseudmsds generated from the CM

collection:
centage of occurrences accounted for by a psewdd’scommon-

* the senses of the sizedi pseudo-erd ‘12/span/prospect/pre- €St senseFrom these dures, it vas concluded that the distuiton

occupi/nonprograni’occurred 218, 18, 3, 2, and 1 times in the
CACM collection respeotely; of the frequeng of occurrence of the pseudo-senses slewed.

* the senses of ‘assist/prohibit/minicomput/ness/inferior’
occurred 27, 5, 5, 2, and 1 times;

3.2 Why do skewed pseudo-wrds not affect
* the senses of ‘ta&n/multic/purdu/bginn/pavlidi’ occurred 28, effectiveness?

8, 4, 2, and 1 times; o ) )
An examination vas undertaén to discwer if the slkwed fre-

* and the senses of ‘note/makinson/disappear/gilchrist/xrm’
occurred 97, 3, 2, 2, and 1 times. queny distribution of pseudo-sensesaw in part responsible for
the retri?al results presented iSection2.2 Initially, the fre-

queny of occurrence of test collection quergnds was examined.

7. The unusual ending of some of theords is due to the It was found that the majority of thesends had a relately high

application of a stemmd#Porter 8] to the vords of the CAM frequeny of occurrence in their respegi collections. This was

collection before formation of pseudamns. significant as, if a high frequepquery word was made part of a



pseudo-wrd, there vas a high probability that the other pseudo-
senses of that pseudamd would have lov frequencies of occur
rence (because of aked frequeng distributions). Therefore, the
pseudo-wrd’s commonest senseowld account for the majority of
its occurrences andawld, in efect, be little diferent from the
high frequeng query word that vas its main component. Conse-
quently there would be little change in the retvid efectiveness

of an IR system retriégng on that verd.

To illustrate, query fourteen of the CM collection contains the
word ‘algorithm’, which occurs in 1,333 documen#édter pseudo-
words were introduced into the collection, this queoydvbecame

the commonest pseudo-sense of therdwv‘algorithm/telescop/

Number of CACM Cranfeld TREC-B
queries 52 225 285
query vwords 645 2159 11848
query words 618 2151 11781
in collection

commonest 474 1827 11048
sense query

words

commonest 77 85 94
sense(%)

Table 2. Percentage of query wds that wee the
commonest sense of a pseudoewvor

To further confim this, the eperiments ofSection2.2 were
repeated xactly as before, x@ept that the pseudoends intro-
duced into the collection were of afdifent type: their pseudo-

senses had an equal frequeraf occurrenceé The graphs in

pomental/lanzano/mccalla’, which occurred in 1,343 documents,Figures5, 6, & 7 shav the diference in retrieal efectiveness

only ten more than the original querpsd. Therefore, turning this
relatively high frequeng query word into a pseudo-@rd had little
impact on the wrd’s frequeng of occurrence and therefore, little

impact on its use in retral.

It was typothesised that if the majority of querpmds were, lile
‘algorithm’, the commonest sense of a pseuawdy this wuld
help to &plain the relatiely small drop in retrieal efectiveness
resulting from the introduction of sucltovds. To test this fipoth-
esis, size fie pseudo-wrds were introduced into the CM,
Cranfeld 1400, andREC-B collections and the number of query
words that were the commonest sense of a pseodd-was
counted.As can be seen from the result§able2, the majority of
query words had this ‘commonest senpebperty These results,
certainly suggested that theesled frequeng distribution of a
pseudo-wrd’s pseudo-sensesaw an additional cause of the rela-
tively small drop in retrieal efectiveness found in thexperiments

presented itbection2.2
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Figure 5. Comparison of pseudo-wibtypes on the
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CACM collection.

8. This type of pseudo-wrd was formed for a particular
document collection, by sorting that collect®mord index by
(word) frequeng of occurrence and then grouping contiguous sets
of sorted werds into pseudo-@wrds. This means of grouping
ensured that ards with equal or almost equal frequgnof

occurrence were joined together
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Figure 6. Comparison of pseudo-wibtypes on the

Cranfield 1400 collection.
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Figure 7. Comparison of pseudo-wibtypes on the
TREC-B collection.
when size fre pseudo-wrds, whose sensesvieaeren distritu-
tions, are introduced into a collectiodAs can be seen, across all
three collections, the impact onfetftiveness of introducing
pseudo-wrds with @en distritutions is signitantly greater than

the introduction of pseudoards with a skwed distritution.

From these results and the analysis of queoyds; it was con-
cluded that the relately low impact of ambiguity reported in the

experiments ofSection2 was not only due to the rebagly long

queries of the collectionsubalso due to the sked frequeng dis-

tribution of the pseudo-senses used in ttpeEmMents.

4 Do pseudo-verds model ambiguous
words well?

Given the discussion sauf it would not be unreasonable t@m
der hav well pseudo-wrds model ambiguousosds. In other

words, do the senses of ambiguousrdg hae the same swed

distribution as pseudo-sense3$here is a well knwn result from a

number of disambiguation researchers that suggests this is the cas

In their research on establishing avéy bound baseline for meas-
uring the signiftance of a disambiguateraccurag, Gale et al.
[Gale 923 found that if a disambiguator used a sggtef select-
ing the commonest sense of ard, it would be correct 75% of the
time. More recentlyNg & Lee[Ng 99 reported on the creation of
a sense tagged corpus containing 191,00@wccurrencesThey
found the commonest sense of therds thg tagged (which had
on average nine senses peont) accounted for 64% of all oceur

rences.

It is possible to measure the frequewniistribution of word senses

using the SEMCOR sense tagged corpus which is publicly releasec

with WordNet[WordNe{, [Miller 95]. Itis a 100,000 wrd corpus
consisting of around 15,000 distincords. All word occurrences
were manually tagged with senses asnaefiin theWordnet the-
saurus (ersion 1.4). Using this corpus, the digitibn of the fre-
queny of occurrence of ambiguousovd senses can be plotted
(Figure8). Examining the graph iRigure8 reveals that theenses
in the SEMCOR corpus ke a skewed frequeng distribution sim-
ilar to that of thewords in the CACM collection as shaen in

Figure4.
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Figure 8. Distribution of the fequency of occuence of senses

in the SEMCOR corpus. Graph plotted on a logarithmic scale.
As was done with pseudoexds, the distribtion of the frequenc
of occurrence of wrd senses within ambiguousords was

examined, Table3 displays the percentage of occurrences

No. of  Size of Commonest
senses set sense (%)
2 3145 92 {50}
3 1697 85 {33}
4 1046 79 {25}
5 640 72 {20}
6 448 68 {17}
7 275 63 {14}
8 200 60 {13}
9 141 60 {11}
10 93 53 {10}

Table 3. Percentage of occuences accounted for by the
commonest sense of a Wwgcomputed by mioraveraging).
The fgures in brackets (shown for comparisong éne
percentages that wouldesult if senses occwd in equal
amounts. Measaments made on the SEMCOR corpus.

accounted for by a evd’s commonest sens@.he percentage as
computed for separate sets afrds, the set a ovd belongs to is
defined by the number of senses tharavhas.As can be seen, a

word’s commonest sense accounts for the majority of toad'sy

occurrences, thus confiing the results of Gale et al. and of Ng &
Lee.

Tablesl & 3 shav a similarity It was un&pected that the
frequeng of occurrence of an ambiguousnd’s senses oauld be
modelled so well by the randomovd selection process used to
form pseudo-wrds. Although both senses andwis were found
to have a similar skw within a collection, one might ke
anticipated that the distuition of the senses of an ambiguousdv
would be afiected by otherdctors that wuld not be captured by
the pseudo-ard creation processThis, havever, did not seem to
be the case and therefore, iasvconcluded that the eied

distribution of a pseudo-ord’s pseudo-senses is a good model of

this aspect of an ambiguousre’.

4.1 Does ‘real’ ambiguity impact on retrieval
effectiveness?

Given that the senses of ambiguouzrde hae the same swed
distribution as the pseudo-senses of pseudrds; and that such a

distribution is an identigd cause of the small drop in retaé

9. The strength of similarity sk in Tablesl & 3 may be co-
incidental, only morexensie tests on manually tagged corpora
(when aailable) will be able to confin or dery this. Furtherit
should be noted that a typical feature of most manually
disambiguated corpora, currentlyadlable, is the lack of multiple
manual assessments of theiords. The obserations of skw
described and referenced in this paper agelabased on corpora
having this property It is well documented thatJels of inter
assessor agreement in sense tagging tasks caw pSéde 923.
Therefore, it is possible that theealed distrilution of senses will
have different properties on multiply assessed corpora. Once suct

resources arevailable, it may be prudent to reigmine this issue.



effectiveness found in thexperiments ofSection2.2, it might as a whole to that found in the queriesytfeaind a similar pattern
seem reasonable to question if this small drop will also be found inbetween the ter i.e. the commonest sense of a quesydias used
the case of real ambiguityAs was shwn in the analysis of in a collection vas the commonest sense of thatdvin a query
pseudo-senses fBection3.2, when the senses of adarpercent- Krovetz & Croft used this study to conclude that thensld distri-
age of ambiguous queryonds hae a skewed distritution and are butions of ambiguous ards were an importaraétor in the werall
used in the commonest sense present in the collection (beindow impact of ambiguity on retrial efectiveness.

retrieved from), ambiguity will not greatly impact orfeftiveness.
From their results and those of the short study describeg atto

A short study of the senses of the quemyrds of one hundred was concluded that pseudm#ls accurately simulate theesled
TREC queries (No. 201-300)as undertaén to determine ho distribution of ambiguous wrds and the results dva from
mary words were used in their commonest senEke short title pseudo-wrd based retri@l experiments preide a good indication
section of these queries were manually disambiguated (by one pemf what will happen in the ‘real case’.

son) with respect to the sense ditions of WordNet. This thesau-

4.2 Other aspects of ambiguity and pseudo-

rus was chosen as it contains relatifrequeng of occurrence
words

information for senses, which allone to determine the common- Before draving the discussion on pseudmsd simulation to a

est sense of gnword inWordNet. Examining the nouns of these close, it is necessary to address one other aspect of senses and

queries, it vas found that 158 out of 207 (76%) were used in their simulation by pseudo-ovds, namely the relatedness of areis

commonest sense. (There were 11 nouns not foidNet or senses Although there are someonds, knevn ashomographsor

whose intended sensesvnot defied.) or these queries at least, homonymswhose senses Veno relationship (the geographic and

the commonest sense predominates. economic senses of ‘bankieing one, oft-cited, xample), the

There is one a@at to the use oiVordNet described here: the majority of ambiguous ards hae senses that are related in some

. manner Such verds are said to h@lysemous
measurement of the commonest sense is calculated from corpora

other than the collections thEREC queries were intended for  p..1se of their random selection from a corpus, the pseudo-

Therefore, it is possible that aowd’s commonest sense in the senses of a pseudavd have no relationships between them and it

TREC collections is someéhat diferent from that defied inWord- is necessary toxamine hev important this deieny of pseudo-

Net. In order to allw for this, it would be necessary to analyse the words is. The relationships between @mi’s senses can talone

frequeny distributions of senses in both query and collection. of two forms. for one, the lack of pseudo-sense relatedness may

Such a study @s performed in Kneetz & Crofts wide ranging e jmnortant, for the othgit may be less soThe two are nav dis-

analysis of ambiguity and retvi@l efectiveness[Krovetz 92. cussed.

They examined the patterns of usage of the senses of quedsw

in the CACM collection. Comparing their usage in the collection



4.2.1 Related bt not important? 4.2.2 Related and important
There are some avds which hae senses that are relatadt n a The applicability of thérarovsky and Gale et al. studies may be

manner that is of little importance when considering pseudo-limited, hovever, as both wrks examined vords which had a small
words. Two examples of this relationship arewaescribed. number of broadly defed and distinct senses. Mamords hae a

larger number of more tightly related senses and for these, the dif-
® Etymological relationships - senses that are related through

some historical link.The word ‘cardinal’as a religious djure ferent contgt and same discourse rules may not apply as consist-
and ‘cardinal’as a mathematical concept are etymologically

related. ently. For example, it is not hard to imagine that therd ‘French’

® Metaphorical relationships - ‘sunfy’ as a vater sport or ‘surf-

. - . could refer to the language and the people within the same dis-
ing’ as a pursuit of brmsing web pages.

Although the senses of thesends are related, it is questionable course surrounded by similar coxtie For words of this kind, the

how important the relatedness is in relation to the acgumdc  lack of pseudo-sense relatedness may be signffi It is not an

pseudo-wrd simulation. The random formation of pseudmwms issue addressed by theperiments presented her&n examina-

brings together wrds that appear in diifrent contgts and it could  tion of this area is left for futureark.

well be that this is an accurate simulation of etymologically and

metaphorically related senses. One can imagine, that the tw 5 Applications of ambiguity ana|ySiS

senses of the avd ‘surf, will appear in quite dierent contgts From the veork presented by the author[iBanderson 94and that

and so in that respect will be similar to the randomly selectedpresented in this papeit has been shen that sense ambiguity

pseudo-senses of a pseudore impacts on retrieal efectiveness dr less than as originally
thought. This does not mean, Wwever, that ambiguity should be

This behaiour of ambiguous wards has been obsex/in two anal-

ignored. It is belieed that thedctors of query/document length,
yses. Yaravsky [ Yarowsky 93 tested the ypothesis that a @rd’s

and of skewed distritution of senses can be used as a means of
different senses appear infdient contgts. For the words he

assessing when ambiguity will be a sigmfit problem to a
examined,Yarownsky found the lpothesis to be “90-99% accurate

retrieval system and, therefore, suggest when some form of disam-
for binary ambiguities”. Gale et aJGale 92 examined the

biguation (on document or query) should beesticated.
broader contet of senses shaing that if a vord is used in a partic-
ular sense in a discourse, all other occurrences of dhne iw that Already the statements on the utility of disambiguation for short
discourse were used in the same sense (this quality of seases wqueries hee been supported througRperimentation by Sander
mimicked by the pseudoevds used in thexperiments of this son[Sanderson 96who sheved a small impreement in gective-
paper). From the twstudies, it wuld appear that for the classes ness for retrigals based on singleord queries when documents
of polysemous wrd described s@f, the relatedness of senses may and queries were represented lyravsenses, ident#d by an auto-

not be as important as imagined. matic disambiguator Similarly, results of gperiments imestiat-

ing manual disambiguation of short documents (image captions)



by Smeaton & Quighe [Smeaton 96has also pnaded eidence

shaving effectiveness impraing for this type of retrieal.

The analysis of sense frequgndistributions presented in this
paper proides an gplanation for the results of Schitze & Peder
sen[Schitze 9bwhose use of a disambiguator onglrqueries
and documents resulted in a 7-14% inveroent in retrieal efec-
tiveness, the st published results siving an automatic disam-

biguator vorking successfully with an IR system.

are Schiitze & Pedersersenses from the classic défon of the

word, that thg are referred to here asrd usednstead.

The diferences between uses and senses id=htiere causes the
frequeny distribution of word uses to be ddrent from those of
word sensesThe requirement that uses must occur at lefigt fi
times eliminates theery infrequent and therefore meakthe fre-
queny distribution of uses less sked. In addition, it is likly

that the commonest senses of@awvill be emplged in a number

of distinct uses: e.g. the sporting sense of ‘ball’, mentionedeabo

To understand the reasons for their results, which apparently con-

tradict those presented here, it is necessaryrso diplain hav

Schitze & Pedersesvdisambiguator arked. Unlike a ‘classic’

disambiguatarit did not use a dictionary or thesaurus as a source

of word sense defitions, instead it used only the corpus to be dis-

ambiguated. Its disambiguation methodsvas follavs. For each
word in the corpus, the comteof every occurrence of thatavd
within the corpus w&s eamined anccommon contextwere clus-
tered. Br example, gien the vord ‘ball’, one might find that
within a corpus of naspaper articles, this avd appears in a
number of common comtes: a social gthering; and perhaps a
number of diferent sports (tennis, football, criek etc.). Br
Schitze & Pedersendisambiguatoreach one of these common

contets constituted an indidual sense of theavd. This is what

is unusual about their disambiguator: the senses are quite unlik

those found in a dictionarylt is unlikely for instance, that a dic-
tionary would distinguish between @#rent types of the sporting
sense of ‘ball’. A further difference is that the disambiguator only
attempted to identify the commonest senses dfrawschitze and
Pedersen stated that a common cdnteas only identifed as a

sense if it occurred more thaftyfitimes in the corpus. So tifent

written in tennis, football, and criekcontats. The breaking up of
a word's commonest sensesuld hare the effect of causing the
frequengy distribution of word uses to be lessesked than those of

word senses.

From the results iBection3.2 comparing the detrimental impact
on retrieval efectiveness caused byen and skwed distrilutions,

it was shwn that @en distrilutions impact more on fefctiveness
than slewed. As it is belived that vord uses hae a less swed,
and therefore moreven, frequeng distribution when compared to
word senses, it is concluded that the improent in retrieal
effectiveness reported by Schiitze & Pedersen is due to tfes dif

ence in the frequegdistributions®.

5.1 Other slewed frequency analyses

In this section, other processes of IR ataneined using the meth-
odology of analysing distritions of frequencies of occurrence in

relation to retrigal efectiveness. The examinations are brief and

10. As stated in the introduction, thism@anation is suggested by

Schitze & Pedersen though not directly tested through

experimentation.



are intended only to shothe potential of the analysis rather than Variant Occs. Variant Occs.
to provide a thorough studyFive areas arexamined: document water 121 wonderful 36
_ _ _ » waters 31 wonder 28
signatures, stemming Optical Character RecognitiofOCR), )
waters 1 wondering 16
Cross Language Information Retriev@LIR), and query xpan- watered 1 wondered 12
sion. watering 1 wonders 3
Table 4. Frequency of occuence of Porter stem
variants of the wats ‘watef and ‘wondet as
5.2 Document signatues measued in a small document collection.

As was already shwn in Section2.4, pseudo-wrds h&e a poten- queny of occurrence appears to folloa similar skew to that

tial utility reducing the size of document signatures. Furthesin found in the analysis of pseudmds, although with the amount

tigation of the relationship between signature size and valrie of skew varying.

effectiveness, mediated through fdient forms of pseudo-evds
Stemming vas also studied by Chur§@hurch 93, who examined

may prove useful.

the correlation (in terms of document co-occurrence) between the
5.3 Stemming variants of a wrd stem. Church presented his correlation measure
The positve impact of stemming on retvial efectiveness is at  as a vay of predicting the wrth of stemming a particularosd,
best rgarded as minimal. Harmdtarman 87 examined three though it was not actually tested in retrid experiments. By
stemming techniques on a set of test collections and concluded thaikamining the relatie frequeng of occurrence of stemaviants, it
stemming did not result in imprements in retrieal efectiveness. may be possible to complement Chuschbrk by producing an

In contrast, Krgetz[Krovetz 93 with his more sophisticated stem- enhanced predictor of theowh of stemming.

mer shaved a small bt consistent and signifaint, impreement
5.4 OCR

Smeaton and Spi{Smeaton 97have examined a type of pseudo-

over a number of test collections, in particuliwose heing short

documents. More recentl)Xu and Croff Xu 99, using a corpus

word in OCR called &\brd Shape dken(WST). These are wds
based enhancement to the Porter stenjerter 80, hare shavn

composed of a sen letter alphabet, kmm asCharacter Shape
further, but again small, imprgements wer Krovetz's stemmer

Codes(CSCs), into which the English 52 letter alphabet (capital

One possible ¥planation for the relately small improements 5,4 |qyer case) is mapped based on characteristics of letter shape

brought about by stemming may lie in thesid frequeng of Smeaton and Spitz state that theadages of recognising CSCs

occurrence of wrd stem ariants. The process of stemmingord over letters is an order of magnitude speed increase in recognitior

variants to a morphological root has similarities to the formation of along with greater accurgcThe disadantage is that mgnwords

pseudo-wrds with the dfierence that stemming is intended to are mapped to the saréST, makingWSTs similar to pseudo-

improve retrizval efectiveness. Esn with a cursory>amination words. The amount of concatenatioaries depending on the let-

of word variants as shwn in Table4, one can see that their fre-



ters of a word and on its length: longeronds are, forxample, less possible dictionary translations produces re#lieefectiveness
likely to map to the sanWST. that “performs quite well gin its simplicity”. Hevever, they also

state that introducing incorrect translations “seriously hurts per
Smeaton and Spitzxamined the impact on retvial efectiveness

formance”. From such statements, it is not really possible to-deter
of retrieving from documents represented WSTs instead of

mine much about frequendistribution and ambiguity
words. Initial eperiments conducted by them sfea \ery lage
reductions, haever, they stated this ws due to certain query In order to g@in an additional understanding about the use of trans-
words mapping to the sanWSTs with as manas a thousand lation dictionaries in CLIR, an analysis of one dictiondng Col-
other words. Through a process of eliminating these masdgi lins English-Spanish bilingual machine readable dictionary (as
concatenated ords from queries, thevarage number of query described inBallestens 97), was conducted by measuring the
words mapping to the sam&ST was around twenty and the frequeng of occurrence of the English translations of Spanish
reduction in retrieal efectiveness compared to using jusbras words. Using a method similar to that performe&eéttion4 on
was approximately a half. the sense tagged SEMCOR corpus, the translations were groupe
into sets based on the number of translations there were for a Spar

In the light of the wrk presented in this papéris anticipated that

ish word. The frequeng of occurrence of the English translations
an analysis of frequepdistributions of the componentards of

(after being stemmed) a8 measured in thEREC-B collection,
WSTs may preide indications of he better to choose which

1991-93. The results are shm in Table5. As can be seen, for
WSTs should be eliminated from a query in order to maximise

. . Number of Size of Commonest
retrieval efectiveness. . .
translations set translation (%)
2 5076 82 {50}
55 CLIR 3 2751 72 {33}
Given the widence, already presented, on thewsid frequeng 4 1557 64 {25}
L . 5 961 57 {20}
distribution of senses deifed in dictionaries and thesauri, ibwd
6 625 53 {17}
seem reasonable toowder if CLIR systems using translation dic- 7 447 49 {14}
tionaries will be good candidates for an analysis of the frequenc 8 268 44 {13}
9 190 40 {11}
distribution of the possible translations obrds. If for ample, 10 126 36 {10}
the distritution of a vord’s translations were mostlyesied, and in Table 5. Percentage of occuences accounted for by the

commonest translation of a Spanish vcomputed by
general its commonest translatioassthe correct one, then it may  micro averaging). Thedures in brackets (shown for
comparison) a& the pecentages that wouldsult if
translations occurd in equal amounts. Measuanents
made using the Collins Spanish to English dictionary and
the TREC-B collection.

be possible that translating awd into all its possible translations
would not harm retrieal efectiveness by much. In theixgeri-
ments, Hull and Grefenstetfelull 96] used a translation diction-

ary and reported that using a stggteof concatenating a avd’s each of the sets, orverage, the commonest translation accounts



for the \ast majority of occurrenceslhe dominance of the com-
monest sense is less strong than thatvehio pseudo-wrds and
word senses, U, nevertheless, it is presentThis short analysis,
seems to suggest that theaskd frequeng of occurrence of the
possible translations of aond in some part accounts for the rela-
tive success of the simplistic translation strateeported by Hull

and Grefenstette.

5.6 Query expansion

The automatic@ansion of query ards with words chosen from a
thesaurus or dictionary has not been successfobrheeq \Voor-
hees 9%t tried automatically)ganding the wrds of TREC queries
with related vords talen from theWordNet thesaurupWordNef
without success. One of the unusual qualitieSREC queries is
their great length (onvarage 41 non-stop ards per query) and
one might speculate that the reasonsvimorhees lack of success
can be attribted to this feature: perhaps theansion terms were
poor quality and added little to the alreadyg&anumber of terms.
At TREC-6 a ne task was introduced: theery short query task,
ad hoc retrieal based on the title section DREC queries which

were on gerage 2.5 non-stopoxds in length.

It was lypothesised that because the queries were sherpm-
sion techniques lik that tried byoorhees may be more successful.
Therefore, such a methodaw attempted.The one chosenag a
semi-automatic form that required the manual idextifon of the
sense of each queryowd followed by the automaticxpansion of
the identifed senses with syngms talen from theWordNet the-
saurus. The motvations and results of thexmeriment are
described in detail in the report TREC-6 [Crestani 97. The
main conclusion was that een with the short queries, thepan-

sion method did not impve retrieval efectiveness eer a stratgy

of leaving the query alone. @v the 45 queries tesfédqueries
251-300), this strats was found to leae 14 unchanged, impre
8 queries, and dgade 23. In the light of the frequgmdistribution
work reported in this papehowvever, a possible imprgement to

the expansion processasg typothesised.

Perhaps query ards used in their commonest sense did not need
expansion as their senseowld be so pnealent in the collection
aryway. If, hawvever, a query wrd was used in one of its less com-
mon senses xpansion might pree useful in ensuring that docu-
ments containing that sense were ehlhighly (Assuming of
course that thexpansion wrds were used in those documents in

their ‘correct’sense.)

A repeat of theTREC eperiment to test thisyipothesis s con-
ducted on theTREC-B collection using the same 45 queries
described abee. Expansion as conducted in the same manner:
manually identifying the sense of querpngs and epanding less
common senses with synans talen fromWordNet. Information

on the frequenc of occurrence of ard senses as @ined from
WordNet. Although this may not redct the frequencies of oceur
rence found in the document collection, iasvhoped that this
information would be accurate enough for the purposes of this

experiment.

Using the stratgy of only &panding the less common senses of
query words on théfTREC queries resulted in 36 queries being left
unchanged, 4 imped, and 5 dgraded. The increased number of

unchanged queriesas not surprising gen that fever expansions

11. Five of the fity queries had no relant documents and were

ignored in this eperiment.



took place. The ratio of imprged to dgraded queries changed
from around 1:3 to almost 1:1, although thgrdelation from the
five queries &s worse than the impr@ment from the fourNever-
theless, the study appeared to indicate that the gyrafdageting
query words using a less common sensasvpromising, though
obviously one that required imprement before it could be

employed in aiy retrieval system.

6 Conclusions

tions. These analyses appeared tovted insight into the reasons

for these processesnpacts on retrieal efectiveness.
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9 Appendix - availability of r esources

At the time of writing this paperdetails on he to access the

TREC collections could be found on the web at trec.nigt.goe
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idom/. For further details on formation of pseudond trans-

formed collections, please contact thstfauthor
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