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Abstract

Keywords: Stemmer, Natural Language Processing with Indo-European Languages,
Search Engines with Asian Languages, Cross-Language Information Retrieval (CLIR),

Automatic Translation

In this dissertation two aspects of information retrieval are elaborated. The first involves
the creation and evaluation of various linguistic tools for languages less studied than
English, and in our case we have chosen to work with the two Slavic languages Czech and
Russian, and three languages widely spoken on the Indian subcontinent, Hindi, Marathi
and Bengali. To do so we compare various indexing strategies and IR models most likely
to obtain the best possible performance. The second part involves an evaluation of the
effectiveness of queries written in different languages when searching collections written
in either English or French. To cross the language barriers we apply publicly available
machine translation services, analyze the results and then explain the poor performances

obtained by the translated queries.
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Chapter 1

Introduction

Information retrieval (IR) involves the representation, storage, organization and access-
ing of information items (Salton, 1971), where the main goal is to find information within
various document collections that are possibly relevant to a user’s information needs.
The information sought and the collections searched may be written in the same or in
two or more different languages, and thus we make a distinction between monolingual

(MLIR) and cross-language information retrieval (CLIR).

1.1 Motivation

Due to the rapid growth of the Internet within the domain of information retrieval a
number of challenges have resulted. In the beginning of its development the content of
the Internet has been mainly written in English. In recent years this balance has shifted
a great deal toward other languages. Over last eight years (2000-2008)' the number
Internet users in the English language has grown by 227 %, while for certain other
languages this growth was much more pronounced. Use of the Russian language on the
Internet during this same period for example has increased by 1225.8 %. Moreover, the
number of internet pages written in these languages and the number of readers have
both grown accordingly. In this context, the growing importance of languages other
than English has prompted the development of tools and techniques needed to enable

automated data processing in various languages.

Accessing information in languages other than English has become an important field
of interest in IR. It began with the introduction of the Spanish language to the ad-hoc
track in TREC 1995 (Harman, 2005). Since 1999 the NTCIR? evaluation campaigns have

"http:/ /www.internetworldstats.com/
http:/ /research.nii.ac.jp/ntcir/


http://www.internetworldstats.com/
http://research.nii.ac.jp/ntcir/

2 Chapter 1 Introduction

been held in Japan concentrated mainly on Far East languages such as Japanese, Korean
and Chinese. Then the CLEF? evaluation campaign covered a variety of less popular
European languages (from an IR point of view), and the testing of IR systems expand
through introducing Russian in CLEF 2003, Portuguese in CLEF 2004, Bulgarian and
Hungarian in CLEF 2005, and Czech in CLEF 2007 and lastly the Persian language in
the CLEF 2008 campaign. The first FIRE* evaluation campaign led to further expansion
of available languages by providing test collections in various widely spoken languages

in the Indian sub-continent, namely Hindi, Marathi and Bengali.

The Web’s multilingual environment has provided other challenges to the IR commu-
nity, and one very important issue for them has been the ability to access information
regardless of the language in which it is available. In fact, given that some users speak
or have knowledge of several languages, and that in bilingual countries such as Canada
or Finland, or in multilingual ones such as Switzerland, India and the European Union,
there has been an increasingly important need for simple and effective information ac-
cess regardless of a user’s language. For example a lawyer working on EU law and
who wishes to respond to a request written in a given language must be able to easily
identify relevant legal texts written in the English, German or Czech languages. Fur-
thermore, with expanding globalization, managers of multinational companies (IBM,
Nestlé) or international organizations (WTO, UN) are sometimes faced with similar
situations. Moreover, many other users may experience difficulties expressing their in-
formation needs in a foreign language even though they may have some understanding
of documents written in that language (Oard & Resnik, 1999). Unfortunately, mono-
lingual searching does not provide adequate solutions to these various situations, and
thus an effective cross-language IR system would prove very helpful in overcoming many
language barriers (Grefenstette, 1998). Even in situations where search results cannot
be readily translated into a user’s native language the user might be provided with good

candidates for manual translation.

1.2 Objectives

The various trends described above increase the importance of the effective multilingual
processing. In order to develop an effective multilingual IR system, a monolingual search
engine capable of handling any language is required (Savoy, 2004). Thus one of the main
goals of this dissertation is to provide an analysis of monolingual IR within the context
of morphologically complex but less studied languages, particularly from the IR point of

view. To adapt an existing system such that it provide optimal performance for a new

Shttp://clef.iei.pi.cnr.it/
*http://www.isical.ac.in/fire/2008 /index.html
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language, a certain number of linguistic tools will be needed over and above a proper
IR model, and this is especially true for those languages that are more morphologically
complex (Pirkola, 2001).

In IR the application of a stemming procedure in the document indexing phase is as-
sumed to be a good practice in order to improve the retrieval effectiveness. For some
languages applying a stemmer may result in modest (if any) yet not statistically sig-
nificant improvement (Dolamic & Savoy, 2009; Harman, 1991) while for others this
procedure may prove to be very important in order to obtain acceptable retrieval per-
formances (Dolamic & Savoy, 2007; Tomlinson, 2004). By creating stemming procedures
for various languages and then evaluating their impact on monolingual retrieval effec-
tiveness, our goal was to determine whether greater benefits might be achieved from
word transformations, particularly for those languages having greater rather than sim-
ple morphological variations (Sproat, 1992), such as English. Our aim was also to study
behavior of standard IR procedures, such as the IR models or indexing strategies on
test collections written in various languages. Finally, by participating in different evalu-
ation campaigns, our aim was to evaluate our solution by comparing our results to those

presented by other participants.

The second main objective of this research is to determine the effectiveness of bilingual
searches, and more precisely whether (and when) publicly available machine transla-
tion services could be used as an effective means of negotiating language barriers. Does
translation quality and thus retrieval effectiveness depend on the relations and charac-
teristics of the source and target languages? Or only on translation services? Or does
the retrieval effectiveness of machine translated queries depend on the underlying IR

model?

1.3 Concepts and Definitions

1.3.1 Information Retrieval (IR)

The main goal of information retrieval (IR) is to find which “documents” within a given
collection would correspond to user information needs as expressed in a query. The in-
formation searched might exist in a variety of formats (text, table, picture, video, sound,
music ...) and in different languages. The term “document” must be understood as a
generic representing a news article, a scientific paper, a paragraph in an encyclopaedia,
a bibliographic record, an image, a video sequence . ... The work presented in this the-
sis is limited to text retrieval. For this reason the term “document” is considered as a

synonym for a text document.
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FiGURE 1.1: IR System

To perform a search in a collection for documents corresponding to a user’s information
need and then compare them to the query, one might use a simple sequential scan of
a text file. This procedure is, however inefficient and time consuming, so to enable
efficient searching the documents are indexed. Indexing represents the first phase of the
IR process. At the end of this phase an index is created in the form of inverted file,
containing each indexing term or feature associated to a list of documents in which it is
found. An index may also contain other information like term weight, its position in the
document, etc. In the second phase the user’s query is submitted to the indexing process,
usually the same as that used for document indexing (see Figure 1 for an illustration of

the classical IR system).

The system used for experiments in this thesis included an automatic indexing process
able to transform a full text document into a reduced sized index, and incorporated the

following steps:
1. Transliteration - transformation of the text written in different scripts or encoding
standards into the Latin (in our context).

2. Tokenization - transforms document texts into a set of tokens or terms through

splitting the input text at white spaces or punctuation marks.
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3. Case normalization - transforms each token into lower case.

4. Handling special words - handles special words such as acronyms and emails ac-

cording to the analysing mechanism chosen.

5. Stopword removal - eliminates non content-bearing terms (e.g., “and”, “the”, ...),
thus reduces the inverted file size. For certain languages and IR models this may

have a significant influence on retrieval performance (Dolamic & Savoy, 2010).

6. Accent removal - replacing accented letter by its unaccented version improves the

retrieval effectiveness for certain languages (Hollink et al., 2004).

7. Word normalization - terms are substituted with a stem or lemma, by means of var-
ious word normalization methods: morphological analysis, stemming, truncation

or n-gram method (McNamee & Mayfield, 2004).

The above-mentioned steps are selected according to the language in which the document

is written and the indexing strategy applied.

1. Original topic:
AN 3TFAIS P AUT TATHEIT Sded SLaEd ol |

2. Transliteration:
amerikl AkrmNAne irAkmdHII jnsAmAnyAcHe jlvn udHvst kele.

3. Tokenization:
amerikl AkrmNAne irAkmdHIl_ jnsAmAnyAcHe jlvn_ udHvst kele

4. Stop word list removal:
amerikl AkrmNAne irAkmdHIl jnsAmAnyAcHe jlvn udHvst

5. Stemming:
amer AkrmNAn irAk jnsAmAn jlvn udHvs

FIGURE 1.2: Indexing Process

Figure 1.2 shows an example of this algorithm’s application for a topic written in the
Marathi language. As illustrated, some of the above algorithm’s steps were omitted. For
example, in the transliteration process for this language, upper and lower case of the
same Latin letter are used to represent different characters of the Devanagari script (in
which the Marathi language is written). As a consequence the case normalisation step

was not performed.
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In the next phase, the IR system compares the query and the documents based on
the terms found in the query, calculates the similarity between the two. Next, based
how the query is represented, the matching process detects and classifies the documents
according to their relevance, providing the user with a list of documents sorted by their

decreasing order of relevance.

1.3.2 IR Models

Retrieval model must specify precisely how documents (or information items) and users
information needs (requests) are represented and how these representations are used to
extract and sort retrieved items. In this second part, mathematical formulae are ap-
plied to measure and calculate the similarity between query and documents surrogates.
Retrieval models can be classified in several groups, while the models used in the experi-
ments undertaken for our publications belong to two major groups: vector-space (VSM)
and probabilistic. This section provides a basic description of the models used to carry

out evaluations in this thesis.

1.3.2.1 Vector-Space Models

In the vector-space model (Salton, 1971), query ¢ and the document d are represented
as vectors in a multidimensional space, with every term belonging either to a document
or query being a dimension in this space. In this thesis we do not make a distinction
between the document and its representation as a vector of weighted terms d;. Figure 1.3
shows an example of this notion, with query ¢ containing three indexing terms (t1, ta,
t3), document d; containing only terms ¢; and t3 and document dy containing all three

indexing terms.

With each term #; and document d; we usually associate a weight w;; reflecting the
importance of the term t; in describing the semantic content of d;. Term weight wj;
can be calculated in various ways (Salton & McGill, 1984). The tf idf weighting scheme

with weights calculated according to formula in Equation 1.1 is commonly used.
wij == tfij . ’Ldfl (1.1)

In Equation 1.1 ¢ f represents the number of occurrences of term ¢; in document d; while

idf; is the inverse document frequency of term t;, generally calculated as follows:

n

idf; = log

(1.2)
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ty

da (W12, Waz, Wa3)

di (W11, Wiz)

q (W1qa Woq, W3q)

FIGURE 1.3: Vector space model

where n represents the total number of documents in the collection while df; indicates the
document frequency of the term ¢; (number of documents in which the term ¢; appears).

More recent weighting measures also take document length into account.

Documents retrieved by the system are classified based on their degree of similarity with
the query, calculated based on the term’s ¢; weight w;; in document d; and its weight wj,
in the query ¢. The similarity between the query and the document can be calculated
as a dot product for example (Equation 1.3), or by computing cosine angle between the
query and the document vector (Equation 1.4) where ¢ indicates the number of indexing
terms (or features) included in the representation space and |g| the number of terms in
the query. Cosine measure has the advantage of returning value between 0 (no term
in common) and 1. Thus, instead of trying to predict weather or not documents are
relevant to the query, it ranks them according to their degree of similarity to the query.

This measure is used as a baseline measurement in the enclosed publications.

lq]
sim(dj,q) = Zwij - Wig (1.3)
i=1
191 s - ws
sim(dj,q) = =1 (1.4)

t
kw2 x /w2,

When taking document length into account we could make use of more complex IR
models. Term’s presence in a shorter document might provide stronger evidence than

in the longer document. Many vector space models have been proposed, with their
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main goal being to adjust the document length normalization. Two of these models,
namely “Lnu-ltc” (Buckley et al., 1996) or “dtu-dtn” (Singhal et al., 1999) are used in
publications described in the Section 2.3 and Section 2.2 respectively. For the model
“Lnu-ltc” Equation 1.5 calculates the weight assigned to the document term (Lnu) while

Equation 1.6 determines the weight assigned to the query term (ltc).

; Eln(tfij)';)” ]

n(mean tf)+1

i = 1.

Wi (1 — slope) - pivot + slope - nt; (1.5)
(n(tfy5) +1) - i o)

Wqj = - :
Vb (it fp) + 1) - ilf)?
Equation 1.7 and 1.8 give the document and query term weights respectively for the

model “dtu-din”. '
In(In(tfi;) + 1)] - idf;
(1 — slope) - pivot + slope - nt;

we; = [In(In(t fo;) + 1)] - idf; (1.8)

wij =

(1.7)

In the above formulae nt; represents the number of distinct indexing term in document
d; and the pivot and slope are used to adjust term weight normalization value, according
to document length. This formulation prevents the retrieval system from favoring short

documents over those articles longer than the mean, corresponding to the pivot value.

1.3.2.2 Probabilistic Models

The principal of the probabilistic models states that documents should be ranked ac-
cording to their estimated probability of relevance to a given query (Probability Ranking
Principle, (Robertson, 1977)). More precisely the goal is to determine as accurate as
possible the probability of retrieved document belonging to the set of relevant docu-
ments for the given query (marked R) or the set of non-relevant documents (marked
R). Probabilistic models must thus estimate, as accurately as possible, the probability
P(R|d;) of document d; belonging to the set of relevant documents. In this notation,
the underlying query ¢ is implicit. The probability P(R|d;) that the same document
belongs to the set of the non-relevant documents is usually estimated as 1 — P(R|d;). It
could thus be said that a document is considered relevant if the probability of it being
relevant is higher than the probability of it being irrelevant. The documents can thus be

ranked according to their relevance odds, calculated as a ratio of the two probabilities

as follows:
O(R|d;) = 5 =% (1.9)
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Based on the Bayesian formulation we can express:

P(dj|R) - P(R)

P(R|d;) = — — (1.10)
77" P(dj|R) - P(R) + P(dj|R) - P(R)
and therefore the odds ratio (of the current request q) is
P(R|d; P(d;|R) - P(R
ol — PR _ PsIR) - P(R) "

P(R|d;) ~ P(dj|R) - P(R)

In Equation 1.11 P(d;|R) is the probability of retrieving a document from the set of
relevant documents for the given query. Since the values P(R) and P(R) are assumed
to be the same for all the documents in the collection, the similarity formula can be
transformed as follows:

O(R|dj) ~ =L~ (1.12)

In the absence of any additional hypotheses able to simplify this process, it is still
difficult to estimate P(d;|R) directly. What is needed in fact are not precise probabilities
but rather a ranking according to them, thus allowing constants (such as P(R)) to
be ignored. Second, we assume that a document’s relevance is independent of that of
another document. Third we assume that a document’s relevance depends on its content,
or more precisely on the terms occurring within it. In this case we also assume that
their presence (or absence) is mutually independent. In Equation 1.12 the important
estimation in order to calculate the retrieval status value (RSV') is P(d;|R) and we can

estimate it as follows:

RSV (d;,q) = RSV (d;) = P(d;|R) ~ [[ PtiIR)- [] (1 - P(ti|R)) (1.13)
t;€d; ti¢d;

where P(t;|R) is the probability that term ¢; occurs, given that the document belongs
to the relevant set. To estimate these underlying probabilities as accurately as possible,
various models have been suggested, and the three most important ones are described

as follows.

Okapi The formula of the Okapi or BM25 model (Robertson et al., 2000) implemented
in our system and applied in our publications is given in Equation 1.14. This model
is based on the 2-Poisson model (Harter, 1975), and accounts for both term frequency
and document length to determine the probability that the given document would be

relevant to the query.

lq|
tfii (k41
RSV(dj,q) = S qtf - idf - fig - (4 1) -
P tfij—i—kl-[l—b—i—b-m}

(1.14)
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N —df; +0.5
dfi + 0.5

where gt f; represents the frequency of term ¢; in the query ¢, n the number of documents

idf; = log (1.15)

in the collection, df; the number of documents in which the term ¢; appears and |d| the
length of the document d;. Average document length is represented by avdl while b and

k1 are constants, usually set to b = 0.75 and k; = 1.2.

Divergence from Randomness (DFR) The Divergence from Randomness paradigm,
proposed by Amati & van Rijsbergen (2002) estimates the importance of a term in the

retrieved document using the following two information measures:
wij = Infllj . Inffj = —log, [Prob%j(tf)] (11— Prob?j) (1.16)

Prob%j refers to the probability of having ¢ f occurrences of the given term ¢; in document
d; purely by chance, based on the chosen probabilistic model. The more the term’s
frequency in the document diverges from that expected by the chosen model, the lower its
probability. As such the underlying term provides more information on the document’s
content, thus making it a good candidate for a content bearing term. On the other hand
for non-content bearing terms this probability is high, given that the distribution of such

terms usually follows the model chosen.

The In 1-2]- (first normalization of the informative content) measures the risk of accepting
the given term as a good document descriptor. In Equation 1.16 the probability Prob?j is
calculated for the set of documents containing a given term ¢; and represents a probability
of encountering a new occurrence of the term in the given document, based on the
statistics of this document set. For the models derived from this paradigm and used in

our work, the exact formulae may be found in the attached publications.

1
tfnij = tfij - logo [1 + Cl’ } (1.17)

Before being used for calculating probabilities Prob!. and Prob?j term frequency tf;;

ij
is resized according to a second normalization (see Equation 1.17) so as to account for
documents length. In Equation 1.17 [ is the average document length in the collection

while [; is the length of the document d;.

Language Model (LM) Unlike other probabilistic models suggested in IR, in its
attempts to estimate a document’s relevance for a given query this model adapts a
different point of view. By building the probabilistic language model from each document

d, the documents are ranked according to the probability of generating the query using
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the language model M, built from the given document d;. A similarity between the
document d; and query ¢ is defined as the probability that the query ¢ would be generated
by the document’s d; language model My, .

RSV (diyq) = P(alMy,) (1.18)

If a query is to be considered as a set of terms (e.g., unigram model), then RSV may

be calculated according to Equation 1.19.

RSV(dz, q) = P(tl,tg . 'tn|Md¢) = ﬁ P(tj‘di> (1.19)
Jj=0
1oy o tF(ldi)
P(t;]d;) = %tf(mdi) (1.20)

The simplest way to estimate the probability P(t;|d;) is by applying the maximum
likelihood estimate expressed by Equation 1.20. The problem with using this kind of
estimation however is that the calculated RSV will be equal to zero for all documents
missing at least one query indexing term. To avoid this problem, various smoothing
techniques have been proposed (Hiemstra, 2000; Zhai & Lafferty, 2004) such that they

assign a non null probability to those query terms not appearing in the document.

1.3.3 Performance Measurements

Precision and recall are two measurements used to evaluate an IR system’s ability to
return good responses while also discarding non-relevant ones. The precision (Equa-
tion 1.21) represents the proportion of retrieved documents that are relevant while the
recall (Equation 1.22) represents the proportion of relevant documents that are retrieved.
Thus to evaluate the list of results returned by the system the precision at different recall

levels can be calculated, providing the precision recall curve as shown in Figure 1.4.

Precision — | Relevant () Retrieved| (1.21)
N | Retrieved| ’

Recall — |Relevant [ Retrieved| (122)
B | Relevant| '

To calculate the precision and recall it is necessary to know all relevant documents for
a given query. This information is usually not available in the real situation. In this

purpose test collections were created, providing a controlled environment containing a
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FIGURE 1.4: Precision recall curve

set of documents, a set of topics and also relevance assessments for all the topics in the

set.

AP(q) = % Z Precision(R;) (1.23)
=0

In order to describe the system performance using just one value different solutions
have been proposed. To combine the precision, recall and the rank of the retrieved and
relevant document, we use Average Precision (AP) as given by Equation 1.23 (Buckley
& Voorhees, 2005). For a given query the average precision value is determined after
each relevant document is retrieved. The MAP performance measure is the mean of the

AP achieved by each query in the test collection.

On the other hand not all users are interested in retrieving all relevant items but rather
would like to find a single relevant item in response to their request. In this context
mean reciprocal rank (MRR) may be applied. For any given query r represents the rank
of the first relevant document retrieved and the query’s performance is computed as
1/r, or the reciprocal rank (RR). This value varies between 1 (the first retrieved item is
relevant) and 0 (no correct response), serves as a measure of any given search engine’s
ability to extract one correct answer and list it among the top-ranked items. We thus
believe that the MRR value should closely reflects the expectation of those Internet

surfers who are looking for a single good response to their requests.



Chapter 1 Introduction 13

1.4 Thesis Overview

This chapter provides a brief introduction and Chapter 2 gives the short description
of the various publications upon which this thesis is based on. Finally the Chapter 3
contains the conclusion of our research. Examples of the documents extracted from the
different test collections used in our research are shown in Appendix B, while Appendix C

contains algorithms for the light stemming procedures used.






Chapter 2

Presentation of the Publications

The content of this dissertation is based on the following five publications.

e Ljiljana Dolamic, Jacques Savoy
“Indexing and Stemming Approaches for the Czech Language”

In Information Processing and Management, 45(6), pages 714-720, 20009.

e Ljiljana Dolamic, Jacques Savoy
“Indexing and Searching Strategies for the Russian Language”
In Journal of the American Society for Information Science and Technology, 60(12),
pages 2540-2547, 2009.

e Ljiljana Dolamic, Jacques Savoy
“Comparative Study of Indexing and Search Strategies for the Hindi,
Marathi and Bengali Language”
Special Issue of ACM Transaction on Asian Language Information Processing on

IR for Indian languages, to appear

e Jacques Savoy, Ljiljana Dolamic
“How Effective is Google’s Translation Service in Search?”
In Communications of the ACM, 52(10), pages 139-143, 2009.
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e Ljiljana Dolamic, Jacques Savoy “Retrieval Effectiveness of Machine Trans-
lated Queries”

In Journal of the American Society for Information Science, to appear

These publications address various questions concerning motivations and objectives of
this dissertation and attempts to provide answers to some of them. The following sec-
tions give a short overview of the content and contributions for each of these publications.
The complete articles, containing results, discussions as well as full list of references can

be found in the Appendix A.

2.1 Indexing and Stemming Approaches for the
Czech Language

Czech morphology includes seven cases, three genders and two numbers for both nouns
and adjectives, and thus is more complex then that of the English or German languages.
Thus we may assume that stemming might have a positive effect on the IR in this
language. In this article we propose two stemming approaches for the Czech language. A
“light” stemming procedure removes only grammatical cases from nouns and adjectives
(see the attached publication for the algorithm used). We also designed and implemented
a more aggressive stemmer that, in addition to the inflectional suffixes removed by the

light one, also removes a certain number of frequent derivational suffixes.

The Czech language is written in the Latin alphabet, plus eight diacritic letters used
to represent specific pronunciation instances (see Document B.1 in Appendix B for an
example). Even though for certain European languages it has been shown that removing
diacritics improves retrieval effectiveness in mean (Hollink et al., 2004), our previous
experience (Dolamic & Savoy, 2007) tends to show that for the Czech language this
is not the case. For this reason, diacritics have not been removed in the experiments

presented in this article.

Performed experiments allow us to conclude that aggressive stemming approach provides
the best retrieval performance for this language. The average difference between the
aggressive stemming approach and the approach without stemming of 46% is larger and
more important than for other languages (Tomlinson, 2004). Moreover, the performances
differences are always statistically significant. On the other hand, when compared to the
light stemming approach or n-gram indexing, differences were rather small (i.e. 2.7%

and 3.5%, respectively) and never statistically significant. From these results we thus
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learned that stemming, whether light or aggressive was an effective tool when performing
the search in the Czech language, and that the language independent n-gram indexing,

with n fixed at 4 can be used as an effective alternative.

2.2 Indexing and Search Strategies for the

Russian Language

Russian is a Slavic language written in the Cyrillic script (see Document B.2 in Ap-
pendix B for an example). As most languages belonging to this language family it has
a very rich inflectional morphology (Malhebre, 1995). This is the case with verbal as
well as noun or adjectival morphology (i.e., 6 cases, 3 genders, 2 numbers for nouns and
adjectives), and thus in this work we attempted to determine to what extent Russian’s

complex morphology might influence the IR process.

To do so we proposed and evaluated two different stemmers. First, a light suffix striping
algorithm consisting of 57 rules that remove only inflectional suffixes from nouns and
adjectives and performs small number of normalization steps (see Algorithm C.1 in
Appendix C). This algorithm will of course remove suffixes from other POS sharing
those sets of suffixes used by nouns and adjectives, although in the Russian language
this is rather rare. This, however, was not our main preoccupation, since our goal
was to conflate different forms of nouns and adjectives into the same stem, believing
that these POS convey the most meaning in documents as well as in topics. Secondly,
we proposed the more aggressive suffix stripping algorithm, a stemmer applying the
same set of rules as the light one adding certain number of rules to remove the most
frequent derivational suffixes. In this article we also address the comparative retrieval
effectiveness of the language independent n-gram scheme as well as the effectiveness of

the Snowball! stemmer for Russian.

The experiments described in this article led us to conclude that for Russian the stem-
ming procedure improves retrieval performance to a much larger extent than for other
European languages. This may be partially explained by the fact that while in the En-
glish language a noun may be singular or plural (e.g., horse vs. horses) and different
cases are expressed by means of prepositions, in Russian a noun (and even a name) may

have up to twelve distinct forms, according to its number and case.

Even thought the light stemming approach proved in average to be the best perform-
ing indexing strategy for Russian, closer inspection shows that the number of topics

resulting in performance increases is somewhat greater for the aggressive than for light

"http://snowball.tartarus.org/
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stemming approach (67 vs. 61) when compared to the approach omitting the stemming
procedure. For both approaches there were performance decreases for the same number
of topics (18). Also, better retrieval performances resulted for those indexing strategies
using our light or aggressive stemmer, when compared to either the Snowball or 4-gram

indexing schemes, although these differences were never statistically significant.

2.3 Comparative Study of Indexing and Search Strategies
for the Hindi, Marathi and Bengali Language

The experiments described in this publication are based on the collections provided by
the first FIRE evaluation campaign for the Hindi, Marathi and Bengali languages. Hindji,
Marathi and Bengali are all members of the Indo-Aryan language family and although
Sanskrit is their common root language, they have certain rather distinct morphologi-
cal features. While Hindi and Marathi languages are written in the Devanagari script
(see Document B.3 in Hindi and B.4 in Marathi in Appendix B), Bengali has its own
script (see Document B.5 in Appendix B for an example written in Bengali). In this
article light and more aggressive stemming algorithms were proposed for each of these
languages. The light stemmer for the Hindi language consists of only 19 rules remov-
ing case endings from nouns and adjectives as well as gender markers (see Section C.2
in Appendix C for the light stemming algorithm). For the Marathi language the light
stemmer consists of 51 rules removing the case-number-gender suffixes from nouns and
adjectives (see Section C.3 in Appendix C for the light stemming algorithm). As for the
Bengali language the light stemmer includes 70 rules (see Section C.4 in Appendix C)
dealing with case ending, article suffixes and measure words usually added to the noun
stems. These differences in the number of rules for each stemmer should be expected,
given the variety of inflectional morphology in the languages studied (two cases in Hindj,

eight in Marathi, seven in Bengali, etc.).

We also proposed aggressive stemming algorithm for these Indic languages. Unlike
those we proposed for other languages (e.g. Czech, Russian, Bulgarian, Persian, ...)
the aggressive stemmers proposed for these three languages did not simply incorporate
the light stemming algorithm, adding to it certain number of rules usually to remove
most frequent derivational suffixes. To handle irregular inflectional morphology of these
languages, the algorithm rather detects certain suffixes within words, and then removes

it with part of the word following the suffix altogether.

Retrieval performances obtained using proposed stemming strategies were compared to

those resulting from word-based indexing strategy, but without involving the stemming
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phase. Apart from the word-based indexing strategies described for each of languages in
questions, we tested the retrieval performances after applying two language-independent
strategies, namely 4-gram (where the length of n-gram has been established experimen-
tally) and trunc-4 method by simply truncating words (e.g., “computer” — “comp”).
The truncation length of four letters was also established experimentally, and for all

three languages this length proved to perform the best.

The experimental results presented in this publication led us to the conclusion that for
these Indian languages the aggressive stemming treatment is needed in order to obtain
better retrieval effectiveness. In fact aggressive stemming approach provided better
retrieval performance than the light one for all three languages. The trun-4 approach

(McNamee et al., 2009) proved to be the best for both Hindi and Bengali languages.

2.4 How Effective is Google’s Translation Service in Search?

In this article we tried answer the question “How effective is IR in certain languages
when using automatically translated queries compared to the monolingual search in the
same language?”. To do so we used the collection of French language news documents
made available through CLEF 2001-2006 evaluation campaigns. The collection also
contains 310 topics written in this language out of which 299 have relevant items in the
collection. This same set of topics, when automatically translated from the German

2 was used in order to perform a

and English language by Google translations services
bilingual search, using title only query formulation. The results obtained by the queries
originally written in English have also been compared to the retrieval performance of
the topics originally written in the German language. We also used the possibility to
translate directly from German to French and used these translated queries to compare

the performance achieved when using English as pivot language.

The evaluation results presented in this publication tend to show that using Google
translation services to automatically translate English topics into French leads to a
retrieval effectiveness of around 88% of that obtained from a monolingual search. This
strategy provided relevant items among first five retrieved documents for 213 topics out
of 299, compared to 241 for the monolingual search. For the topics originally written
in the German language the retrieval performances was somewhat lower (—30.2% when
compared to the monolingual results), mostly due to the poor handling of German

compound constructions.

http://translate.google.com/
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Finally, for the topics originally written in German translated by Google to French using
the English as a pivot language, retrieval performance decreases by 20.5% compared to
the monolingual search. This evaluation leads us to conclude that automatic translation
is more effective for some language pairs than for others, and when compared to direct

translations, the use of a pivot language does not always result in performance decreases.

To compare the effectiveness of different translation services, we had the same set of 299
topics originally written in German and English translated by other services, namely
Babelfish® and Prompt*. In this case we used both the short (title only) and the
medium (title, description) query formulation. The results show that the topics trans-
lated by different translation services tend to perform at the same level. More precisely,
206 (68%) topics translated by Babelfish and 212 (70.9%) translated by Prompt retrieved
at least one relevant item among top five, compared to 213 for the topics translated by
Google (title only query formulation). These findings were merely a first attempt, and
we thus concluded that to understand the some of the difficulties occurring when trans-
lating a query from one language to another a more profound analysis was needed. This

will be the subject of the next paper.

2.5 Retrieval Effectiveness of Machine Translated Queries

In the series of tests described in this publication we analyzed the effectiveness of bilin-
gual search into English language and “informational retrieval cost” incurred by bilingual
search. In other words user searches within a collection of documents written in English
by writing queries in their own language. Questions on retrieval effectiveness were an-
swered through analyzing the effects of query source language, morphological differences

with the English language and the quality of translation services involved.

The English document collection was made available through CLEF 2001-2006 evalu-
ation campaigns, together with the set of topics written in this language (used in a
baseline monolingual search), and a corresponding set of topics in the German, French,

Spanish and Chinese languages.

We performed the baseline monolingual search using 284 topics (title only queries). The
retrieval performances obtained by the monolingual search were then compared to the
retrieval performances resulting from the search performed by the corresponding topics
automatically translated from German, French, Spanish and Chinese languages by both

Google translation services and Yahoo!®.

3http://babel.altavista.com/
“http://translation2.paralink.com/
Shttp://babelfish.yahoo.com
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Given its morphological distance from the English language, Chinese language proved
to be the most demanding for both translation services. The decrease in MAP averaged
over the four models used, for topics originally written in this language when compared
to monolingual searches was 18.2% for the Google translation and 45.1% for the topics
translated by Yahoo!. Similar tests were also performed on the Japanese language (not
reported in this publication) with a somewhat restrained set of 185 topics. The results

obtained showed tendencies similar to those obtained for the Chinese language.

For the two translation services involved, the “easiest” language to be translated proved
to be Spanish for Google and French for Yahoo!, thus resulting in much lower retrieval
effectiveness cost. Although the differences compared to the monolingual search were

statistically significant even for these languages.

In this paper one of our main conclusions is that the principal reason for such decreases
in retrieval performances involves the incorrect translations of names, especially those
names having specific meanings in the source language (e.g., “El Nino” in Spanish), the
polysemy attached to the word in the source language, different morphological and gram-
matical categories and the difficulties in translating compound constructions (especially

in the case where German was a source language).






Chapter 3

Conclusion

3.1 Contributions

3.1.1 Monolingual IR

The main objective of this part of my thesis was studying, those languages that are
morphologically complex but less studied, particularly from the IR point of view. This
leads to the following question: “How does one determine that one language is morpho-
logically more complex than another?” Morphology is a linguistics field involving the
study of word structures and their formation, and more particularly their inflectional®
and derivational® characteristics. The morphological complexity of a language can be

determined by examining these characteristics:

e the number of part of speech (POS) undergoing inflectional changes

e the number of cases multiplied by number of grammatical genders and grammatical

numbers
e the extent to which the affixes are distinct
e the possible variations of a given stem according to the attached suffix
e the degree of stability relative to the affix order, etc.
In this work both Slavic languages (Czech and Russian) and the Indian languages (Hindi,

Marathi, and Bengali) were studied. Although written in different scripts, these lan-

guages, share some basic characteristics. They all have obvious word boundaries, thus

nflection is defined as use of morphological methods to form inflectional word forms who indicate
grammatical relations between words.

2Derivational morphology is concerned with derivation of new word forms using derivational affixes.
Compounding can be seen as another method of forming new words.
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implying that the words are proper indexing units. Inflection in these languages is
achieved exclusively through suffixing. Derivations are usually obtained through apply-
ing suffixes, even thought there are certain number of prefixes their usage is less frequent,

as for all languages belonging to the Indo-European language family.

The Czech language is written in the Latin script and is characterized by seven cases
(nominative, genitive, dative, accusative, vocative, instrumental and locative), three
genders (masculine, feminine and neuter) and two numbers (singular and plural). De-
clinable POS include nouns, together with personal names, adjectives, pronouns and
numbers. In Russian, the same set of POS is declined through six cases, three genders
and two numbers. Although Hindi and Marathi are written in the same Devanagari
script they have very distinct characteristics. In Hindi the only fully declinable POS are
nouns, comprising 2 cases only. Direct, corresponding to nominative case in the Czech
and Russian, and the oblique case. The word relations in this language are expressed
using a noun in its oblique form with addition of postpositions. The Hindi language
has two numbers and two grammatical genders. On the other hand, in the Marathi
nouns, adjectives and proper nouns are declined through eight cases, three genders and
two numbers. Finally, Bengali is written in the Bengali or Bangla script. This language
has no grammatical gender. Only nouns are declined through seven cases and two num-
bers. In this language determiners are added to the nouns before case suffixes to express

definite article.

Taking into consideration previously described possibilities of measuring the language
morphological complexity (e.g., POS undergoing inflectional changes and # cases -
# genders - # numbers) and morphological characteristics of the languages studied,
we can say that the Russian, Czech and Marathi languages can be considered as being

more complex than both the Bengali or Hindi languages.

In order to deal with inflectional suffixes, light stemming procedures have been created
for previously described languages. Stemming procedures are usually created through
focusing mostly on the nouns and adjectives, for in our opinion these are the POS that
convey a topic’s meaning. For this reason we do not account for a language’s verbal
morphology. The results obtained by our light stemming procedure reveal an average
increase in MAP of 13% for the Bengali language, 13.9% for Marathi, 19.3% for Hindi
up to 42% for Czech and 90% for Russian, compared to the results obtained with the
word indexing strategy when applying no word normalization whatsoever. The extreme
values obtained for Russian can however be partially attributed to the specificity of this
collection (average document length of only 19 terms per document). From a statistical
point of view these differences were always significant, and clearly greater and more

important than those obtained for English (Fautsch & Savoy, 2009; Tomlinson, 2004).
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The derivation of the new word forms in these languages is performed mostly by suffixing,
and aggressive stemming procedures were created to deal with derived word forms for
the languages involved. These procedures remove a certain number of the most frequent
suffixes. Although a certain number of prefixes are present in these languages, their
usage is not that common. Moreover, usually their usage changes the word meaning,
and for these reasons aggressive stemming procedures do not remove any prefixes. When
we compare the performances of the aggressive stemming to no stemming approach, we
can see that the statistically significant improvement in MAP for these languages (46%
for the Czech, 87.5% for the Russian, 27.6% for the Hindi, 41.6% for the Marathi and
16.9% for the Bengali language) are larger and more important than for the English
language (Fautsch & Savoy, 2009).

Upon comparing the performances of light and aggressive stemmers however, only the
relative 24.3% improvement in MAP for the Marathi language would be considered
as statistically significant. The influence that the aggressive stemming has on the IR
performance for Marathi can be partially explained by the specificity of this language’s
morphology and the very common use of derivations. Moreover, the number and order of
the derivational suffixes is not stable (Navalkar, 2001). For the other languages studied,
incorporating aggressive stemming into the indexing process results in an increase in the
MAP for Czech (2.7%), Hindi (6.9%) and Bengali (3.5%) while for Russian there is a
slight decrease in MAP ( —1.5%), even though these differences are never statistically

significant.

The obtained results and previously given description of the studied languages mor-
phology bring us to the conclusion that the positive effect of the word normalization,
like stemming is much more important for the languages considered to be morphologi-
cally more complex (Russian, Czech and Marathi) than for the languages having fewer

morphological variations (Bengali and Hindji).

During indexing process, words having no precise meaning (the, a, and, etc.) and
thus representing noise are removed for two main reasons. First, in order for matching
between query and documents to be performed based on pertinent matches. Second,
to reduce the size of the index (Manning et al., 2008). To achieve these effects for
languages studied we proposed stop lists. While the removal of stop words has little
impact on retrieval performances for Czech, Russian, Marathi and Bengali (1 — 3%),
for the Hindi language incorporating this step in the indexing process has a remarkable
effect, providing a statistically significant improvement in the retrieval effectiveness. This
average improvement of more than 20% in MAP results from some of this language’s
particular features. First, in the Hindi language grammatical relations are expressed

by means of postpositions, and the number of such words in one sentence (query for
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example) can be large. When present they provoke a mismatch between query and
documents. Second, in this language some words we consider to be without a clear
meaning (e.g. “and”) may be expressed using different terms. In this case the given
term may not be as frequent as expected, and this feature interferes with a common

assumption that the non pertinent terms appear in large number of documents.

Given our goal of ensuring useful conclusions for the various test collections and the
different languages in which they were written, we considered evaluating retrieval per-
formances from a broader perspective and under various conditions. For this reason we
evaluated different indexing strategies with respect to various IR models, ranging from
the classical tf idf to more complex probabilistic models. We can also conclude that
the models derived from Divergence from Randomness (DFR) paradigm usually provide
better retrieval performances than the vector space or language model, for all languages
studied. On the other hand from the statistical point of view performance differences
between the DFR and Okapi models were usually not significant. The implemented Lan-
guage Model resulted in somewhat lower performance than the Okapi and DFR models,

but yet for the most part it outperforms the standard vector-space model.

Finally, by participating in different CLEF (Peters et al., 2008, 2009) and FIRE ? evalua-
tion campaigns we were able to compare the solutions elaborated with other approaches,

by which we have fulfilled the final objective of this dissertation.

3.1.2 Cross-Language IR

To perform an effective bilingual search the language barrier needs to be crossed. For the
scope of this dissertation we chose to analyze and evaluate the retrieval performances
achieved by the queries automatically translated using publicly available translation
services. In our opinion it is also important to understand when and why a translation
fails to provide the search terms needed. Thus, we have evaluated both performances of
the queries originally written in the language close to the target language (in our case
French in Section 2.4 and English in Section 2.5) and the languages both visually and
morphologically distinct to the target language (Section 2.5).

Our findings show that writing a query in one language and than requesting an auto-
matic translation services to translate it before lunching the search, does indeed decrease
retrieval effectiveness when compared to a monolingual search. We found that the level
of this decrease depends largely on the quality of the machine translation tools and
source-target language pairs involved. In the case of the Google translation service for

example when English is the source and French the target language, the MAP levels

Shttp://www.isical.ac.in/fire /2008 /working_notes.html
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decrease by 12% on average when compared to a monolingual search, yet when German
is the as the source language this difference is much more pronounced, with decrease

being up to 30%.

These tendencies were also confirmed with English as the target language, with retrieval
performances decreasing by approximately 7% for Spanish as a source language (this
language is considered as being “close” to the English language) to more than 18%
in the case of Chinese as a source, this language being morphologically and visually
distant from English. For Yahoo! the differences between manually translated queries
and automatically translated queries are always larger than those for Google, varying

from —17.5% for French as a source language to —45.1% for Chinese as a source.

Through making a query-by-query analysis we were able to shed some light on the
reasons for the poor retrieval performance of machine translated queries. These reasons
may be separated into a few distinct groups. First, the presence of proper names in a
query formulation has two effects: 1) a name spelled differently in the language involved
is left unchanged by translation services (e.g. Solénitsyne, Solzhenitsin, Solschenizysn)
and 2) a name has a specific meaning in the source language and thus is translated
by the machine translation service (e.g., “El Nino*” in Spanish). We also found that
the polysemy* and synonyms (e.g., car vs. automobile, film vs. movie) can influence
retrieval effectiveness. The important influence on the retrieval performance had choice
of different grammatical constructions (e.g., gold vs. golden, European vs. Europe)
as well as compound constructions. The influence of the compound constructions was

important especially in the case of German as a source language.

Finally, we can conclude that even though machine translated queries do in fact result
in a decrease in retrieval performances, they can be used as a means of negotiating the
language barriers. However, the retrieval performance of queries handled in this way

depends largely on source-target language pair.

3.2 Future Work

In this dissertation we show that the choice of the appropriate linguistic tools depends
greatly on the underlining language. For this reason and for the reason of the rapid
growth of the number of Internet pages available in those languages which are less

studied, we believe that extending this research to other languages is important.

4 The ambiguity of an individual word or phrase that can be used (in different contexts) to express
two or more meanings.
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At the same time this research was mostly based on the ad — hoc collections. If we take
the English language as an example, incorporating stemming into the indexing procedure
improves the retrieval performance for ad — hoc retrieval (Fautsch & Savoy, 2009), while
on the other hand using the same stemming strategies hurts the performances on the
blog collection (Fautsch & Savoy, 2008). These results raise the following question:

“Would the same tendencies be true for other languages and other collection types?.”
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Abstract. This paper describes and evaluates various stegnanid indexing
strategies for the Czech language. Based on Qestiecollection, we have de-
signed and evaluated two stemming approacheshadigd a more aggressive
one. We have compared them with a no stemmingnsetes well as a lan-
guage-independent approachgfam). To evaluate the suggested solutions we
used various IR models, including Okapiyvergence from Randomne@3FR),

a statistical language model (LM) as well as tlessicaltf idf vector-space ap-
proach. We found that thHgivergence from Randomngsaradigm tend to pro-
pose better retrieval effectiveness than the Okayior tf idf models, the per-
formance differences were however statisticallynigigant only with the last
two IR approaches. Ignoring the stemming redueeelly the MAP by more
than 40%, and these differences are always significFinally, if our more ag-
gressive stemmer tends to show the best performaheedifferences in per-
formance with a light stemmer are not statisticalgnificant. .

Keywords. Czech Language; Stemming, Evaluation, Slavicdaggs.

1 Introduction

Slavic languages dominate in Eastern and Centradfeu(e.g., Serbo-Croatian, Rus-
sian, Polish, Bulgarian or Czech), and their dettimguistics features (e.g., the use
the various grammatical cases marked by suffixagtroe taken into account in an
efficient IR system (Manningt al, 2008). However, the IR community has only a
very small number of test-collections available fiois family of languages. As an
exception, we could mention the Bulgarian langufigewhich the last two CLEF
evaluation campaigns have produced a test-colle¢Reterst al, 2008). Unlike the
morphology of other Slavic languages however, tta@ngnatical cases are usually not
explicitly indicated by a given suffix in the Bulgan morphology (with the exception
of the infrequent vocative case). Thus, experisénawn for this language cannot be
applied directly to other Slavic languages.
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The CLEF 2007 campaign (Dolamic & Savoy, 2008) pices also a shorter test-
collection for the Czech language, and the maieahbje of this paper is to describe
the main morphological difficulties when workingtiwithis language. We also pro-
posed and evaluated a suitable stemmer for thisgcSanguage. In IR it is assumed
that applying a stemmer will conflate several weediants into the same stem, and
thus improve the pertinent matching between quexy document surrogates. For
example, when a query contains the word “horsese#&ms reasonable to also retrieve
documents containing the related word “horses.” rédwer, stemming procedures
will also reduce the size of inverted files.

When designing a stemmer, we may create a “lighftfixsstripping procedure by
removing only the morphological inflections by clatihg the singular and plural
word forms (e.g., “door” and “doors”) or femininedamasculine variants (e.g., “ac-
tress” and “actor”) to the same stem. More sopfattd approaches will remove
derivational suffixes (e.g., “enhance” and “enhamest”) use to generate a new part-
of-speech word from a given stem. Even thoughfferént stemming procedures
have been suggested for various European langfages Snowball project, CLEF,
TREC and NTCIR campaigns (Petetsal, 2008; Harman, 2005), no stemming algo-
rithm with its evaluation is available for the Chdanguage.

The rest of this paper is organized as followsctiSa 2 describes different stem-
ming approaches while Section 3 depicts the madmaciteristics of our test-collection.
Section 4 briefly describes the IR applied duriong experiments. Section 5 evaluates
the performance of various IR models, in additietvio stemming approaches for the
Czech language. The main findings of this papempaesented in the conclusion.

2 Related Work

In the IR domain we usually assume that stemmiranisffective means of enhancing
retrieval efficiency by conflating several diffetemord variants into a common form.
Most stemming approaches achieve this through ampiyorphological rules for the
language involved (e.g., see (Lovins, 1968) andtéP01980) for the English lan-
guage). In such cases suffix removal is also otlatt through the adjunct of quanti-
tative restrictions (e.g., -ing’ would be removiédhe resulting stem had more than
three letters as in “running”, but not in “king”y qualitative restrictions (e.g., ‘-ize’
would be removed if the resulting stem did not wiitth ‘e’ as in “seize”). Certaiad
hoc spelling correction rules are applied to improeaftation accuracy (e.g., “run-
ning” gives “run” and not “runn”), due to certairrégular grammar rules, usually
applied to facilitate easier pronunciation. Howewamplying an algorithmic stemmer
does not guarantee that we always obtain eithecdhect stem or an existing word in
the corresponding language.

Compared to other languages having more complexmadogies (Sproat, 1992),
English is considered quite simple and the use dfctionary to correct stemming
procedures could be more helpful for those otheguages such as French (Savoy,
1993). When a language has an even more compleghmlogy, deeper analysis
could be required (e.g., for Finnish (Koreniisal, 2004), where lexical stemmers
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are clearly more elaborate and not always freelgilable (e.g., Xelda system at
Xerox). They are more labor intensive and theirlengentation is complex. More-

over their use depends on a large lexicon and gplengrammar for the language
involved. These application also requires morec@ssing time and could thus be
problematic, especially when document collectiores\aery large and dynamic (e.qg.,
within a commercial search engine on the Web). i#althlly, lexical stemmers must

be capable of handling unknown words such as gpb@al names, products, proper
names or acronyms (out-of-vocabulary problems)xida stemmers thus cannot be
viewed as error-free approaches. Finally, it ningstecognized that when inspecting
language usage and real corpora, the observed plogital variations are less ex-
treme than those that might be imagined when insggethe grammar. Kettunen &

Airo (2006) indicate for example that in theory ish nouns have around 2,000
different forms, yet in actual collections the ogence of most of these forms is rare.
As a matter of fact in Finnish, 84% to 88% of tleewrences of inflected nouns are
generated by only six out of a possible 14 cases.

While stemming schemes are normally designed tdkwth general texts, some
may also be especially designed for a specific dorteg., in medicine) or a given
document collection, such as that developed by XCr&ft (1998), which used a
corpus-based approach. This more closely reflectguage usage (including word
frequencies and other co-occurrence statisticsje@n of a set of morphological rules
in which the frequency of each rule (and therefitsaunderlying importance) is not
precisely known.

Few stemming procedureisave been suggested for European languages bdrer t
English. The proposed stemmers usually pertatti@éomost popular languages (Pe-
terset al, 2008; Tomlinson, 2004) and some of them, lilee Eimnish language, seem
to require a deeper morphological analysis (Koreeiual, 2004) to achieve good
retrieval performance.

Algorithmic stemmer ignores word meanings and tendwsake errors, usually due
to over-stemming (e.g., “organization” is reduced‘drgan”) or to under-stemming
(e.g., “European” and “Europe” do not conflatetie same root). Most of the studies
so far have been involved in evaluating IR perfaragafor the English language,
while studies on the stemmer performance for legsifar languages are less frequent.
For example, Tomlinson (2004) evaluated the diffees between Porter's stemmer
strategy (Porter, 1980) and lexical stemmers (baseal dictionary of the correspond-
ing language) for various European languages.ti®Finnish and German languages,
lexical stemmer tends to produce statistically dyetesults, while for seven other
languages performance differences were insignifican

Based on these facts, the rest of this paper wdilress the following questions:
1) Does stemming affect IR performance for the Gdanguage (and to which extent)?
2) For this language, is a light stemming approache effective than more complex
suffix-stripping algorithms?

1 Freely available at the Web site http://snowkatlarus.org/ or
http://www.unine.ch/info/clef/
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3 Czech Morphology and Stemming Strategies

When creating stemming procedures for the Czecbulege we adopted the same
strategy as for the other European languages fachwive have created stemmers
during the past years. We believe that effectiemming should focus mainly on
nouns and adjectives (sustaining most of the mgaofra document), thus ignoring
numerous verb forms (tending to generate more stegherrors when taken into
account).

The Czech language belongs to the Slavic languaggss written, as for example
the Polish language with our Latin alphabet with #udition of eight diacritics used
to specify a particular pronunciation (e.@, ‘1’, ‘t', ‘d”, ‘t”). As with the Latin or
the German languages, the Czech and usually otlaeicSanguages use various
grammatical cases marked by suffixes (e.g., thexrioiy” in Russian could be writ-
ten as fopox” (nominative), ‘topoma” (genitive) or ‘ropone” (locative)). These lin-
guistic elements indicate that Czech inflections arore complex than the English
ones which are mainly limited to the final 2s’

All nouns in the Czech language belong to the tltisénct genders (masculine,
feminine, or neutral). Moreover, all nouns areliged both in number (singular,
plural®; and using seven grammatical cases (nominativaétige dative, accusative,
vocative, locative, and instrumental), with verwfexceptions (a handful of inde-
clinable borrowed words). Each combination gerziese has its own set of charac-
teristic paradigms, including hard-stem types,-stdin types, and special types. For
example, masculine noun “muz” (husband) appearsuak in the nominative case
singular, but varies in other cases “muZgenitive, accusative), “muzdi{dative,
locative), “muzé (accusative), “muZi (vocative) or “muzerh (instrumental) with
plural forms of this noun being “muzovémuzi,” “muzim,” “muze,” “muzich,” and
“muzi”. From this example, we can see that the suféraling a case could be am-
biguous in the sense that the same suffix may appegther cases (“muZeould be
the accusative or genitive singular form). Moreotkee stem (e.g., “muz” in our case)
does not change after adding the appropriate s(fikke other languages like Fin-
nish (Koreniuset al, 2004)). Although this phenomenon can also oattine Czech
language, it is less frequent that in other langsagFinally, it is important to know
that suffixes denoting cases occur also with praogenes (e.g., with Paris, “R&’
(nominative), “P&z€'(genitive), “Pdizi’(dative), or with Ann, “Anna” (nominative),
“Anny” (genitive), and “Anig” (dative)). It is also important to notice thaetstem-
ming unlike lemmatization doesn’t not always progluesult with a correct lexical
meaning (e.g., neuter noun “bed (sea) and its different forms “rfib (dative),
“motrem”(instrumental) conflate into “niily the corresponding stem that does not
appear as it in the dictionary).

As with many languages, the suffixes assigned jectides agree with the attached
noun in case, gender and number. These languagactéristics result in large num-

2 As for other natural languages, the English knemaeptions such as “mouse” and “mice” or
the “'s” in “Paul's book” to denote the genitivesean some circumstances

3 As for other natural languages, some words ocely , singular or plural form (e.g.,
“nuzky,” scissors).



Indexing and Stemming Approaches for the Czech Language

35

ber of suffixes being added to adjectives compaoedther languages like German
(having a rather limited set of suffixes (e.g.hn€-es’)). Our stemmer denoted as
“light” contains 52 rules for removing these granticel case endings from nouns and
adjectives (inflectional suffixes only). A commetlescription of this stemmer is
given in the Appendix. In the case of part of gfreether than nouns and adjectives
sharing the same set of suffixes (this being rathez in the Czech language), they
will also be removed. In such cases, the suggesttategy will certainly produce an
incorrect stem. However defining the POS of eadffase word is the first step of a
lexical stemmer. Their use depends also on a lesgeon and a complete grammar
for the language involved. These application atspuiires more processing time and
could thus be problematic, especially when docuncetiections are very large and
dynamic (e.g., within a commercial search enginghenWeb). Additionally, lexical
stemmers must be capable of handling unknown wsudh as geographical names,
products, proper names or acronyms (out-of-vocapyieblems). On the other hand,
light algorithmic stemmers have shown to be effectior different European lan-
guages (Savoy, 2006).

Derivational Czech morphology is accomplished byangeof prefixation and suf-
fixation of a stem, a usual construction with thed-European languages. Usually,
the part-of-speech of the stem changes after addsgfix (e.g., -ial’ in “commerce”
and “commercid). In our work we addressed only suffixes becaadding a prefix
usually changes more the original meaning of a geem, “prduistory” vs. “histori¢
from the stem “history”). In the Czech languagerivhtional suffixes are added be-
fore case endings. We designed and implementeara aggressive stemmer denoted
“aggressive” in this paper which, besides removinfljectional suffixes, removes
certain frequent derivational suffixes as for exbmge.g., “klavir” (piano) —
“klavirista” (pianist)). Both suggested stemmers address otloephological charac-
teristics of the Czech language as fleeting ‘ey.(ézamé” (lock, nominative sing.)
— “zamku” (genitive, dative, vocative, and locatisieg.)) or consonant alternations
(e.g. “ruka” (hand, nominative sing.}»> “ruce” (dative and locative sing.)). Such
irregularities, also present in the English langyagre usually integrated to smooth
the pronunciation.

Finally, to define pertinent matches between se&sgtwords and documents, we
removed very frequently occurring terms having mpartant significance (e.g., the,
in, but, some). For the Czech language, the stigdestopword list contains 467
forms (determinants, prepositions, conjunction®@npuns, and some very frequent
verb forms). In the process generating this stogviist we have followed the guide-
lines suggested by (Fox, 1990). Both stemmersthadsuggested stopword list for
the Czech language are freely availablevaw. uni ne. ch/ i nfo/ cl ef /.

4 Test-Collections

The evaluations reported in this paper were basgtie Czech collection built during
the CLEF 2007 evaluation campaign. This corpussiste of newspaper articles ex-
tracted from theMlada fronta Dnegyear 2002) andlidové Novinyyear 2002) news-
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papers. A typical document begins with a shole {tag <ITLE>), usually followed
by the first paragraph under the=abINGS> tag, and finally the body f&€xT> tag).
As shown in Table 1, the mean number of indeximmseper article is around 212.6
while the whole corpus contains 81,735 articles.

Size # docs # docs mea # queries # rel. docs
terms /query
178 MB | 81,735 2126 50 15.24

Table 1. Some statistics from the Czech test-collection

The topics available covered various subjects ,(ENJATO Summit Security,”
“Human cloning,” “VIP Divorces”) including both régnal (“Kostelic Olympic Med-
als”) and more international coverage (“Causes of Pollution”). Topics #411
(“Best Picture Oscar”) or #413 (“Reducing Diabefsk”) owns the smallest number
of pertinent articles (2) while Topic #415 (“Drughise”) has the greatest number of
correct answers (47).

Based on the TREC model, each topic was structinedthree logical sections
comprising a brief title (examples given upper)prae-sentence description, and a
narrative part specifying the relevance assessem@etia. In our experiments, we
used only the title part of the topic formulationdrder to reflect more closely queries
sent to commercial search engines. Using onltitleesection, queries had a mean
size of 2.98 search terms.

Finally, since the title part of the request “Cotim@rocedures” was corrupted in
the original topic formulation (replaced by the nagive part of the previous topic) we
changed this topic title part into “kosmeticky pedary” (the Czech translation of the
corresponding English version).

5 IR Models

To evaluate our proposed two stemming approachésrespect to various IR models,
first we used the classictlidf model wherein the weight attached to each indexing
term was the product of its term occurrence frequeff; for indexing termt; in
documentd;) and the logarithm of its inverse document freqyefidf). To measure
similarities between documents and the requestomeputed the inner product after
normalizing (cosine) the indexing weights (Mannéigl, 2008).

To complement this vector-space model, we haveeamphted probabilistic mod-
els, such as the Okapi (or BM25) approach (Robersal, 2000), and one model
derived fromDivergence from Randomne@3FR) paradigm (Amati & van Rijsber-
gen, 2002) wherein two information measures forteddelow are combined:

Wij = Inflij . |nﬁj = '|092[Pr0b1ij] . (1—Pr05ij) (1)
in which Proby; is the pure chance probability of finditfg occurrences of the tertn
in a document. On the other hand, ng;db the probability of encountering a new
occurrence of terr) in the document, givetf; occurrences of this term had already
been found.



Indexing and Stemming Approaches for the Czech Language

37

To model these two probabilities, we used the) @2 model based on the follow-
ing estimates:

thy
+0.5)"
Problij = (ne j

n+l

tc; +1
R i
and Prof; = 1 [_E(—)dfj i +1] )

KCJ
with i, = t, T @Mﬂ and a= n cEl(_lj ]
n

wheretc; is the number of occurrences of tetnin the collectiondf; indicates the
number of documents in with the tetmoccurs,n the number of documents in the
corpus,l; the length of document, mean di(= 212), the average document length,
andc a constant (fixed empirically at 1.5).

Finally, we also used an approach based on a lgegmdel (LM) (Hiemstra,
2000), known as a non-parametric probabilistic thod&rious implementations and
smoothing methods might also be considered withimlanguage model paradigm. In
this paper we adopted a model proposed by Hient868@0; 2002) as described in
Equation 3 using the Jelinek-Mercer smoothing (Zaadiafferty, 2004), a combina-
tion of an estimate based on document; [®) and one based on the whole corpus
(PIy] C)).

Problq | q] = Prob[d " [Tyne [ Problf | d] + (1-%) * Prob[y | C]

) {tfij ]
with Prob[t| d] = T
|

df; t

and Prob[t| C] = (—JJ withlc = 3 dfy A3)
|C k=1

where; is a smoothing factor (fixed at 0.35 for all indexterms ), df; indicates the

number of documents indexed with the teynandlc is a constant related to the size

of the underlying corpus C.

6 Evaluation

In order to measure retrieval performance, we red@pted the mean average preci-
sion (MAP) computed byREC EVAL (Buckley & Voorhees, 2005) based on maxi-
mum of 1,000 retrieved items. To statistically etetine whether or not a given
search strategy is statistically better than amptlie have applied the bootstrap meth-
odology (Savoy, 1997), with the null hypothesisdthting that both retrieval schemes
produce similar performance. In the experimenes@nted in this paper statistically
significant differences were detected by a two-gitkest (significance levek=5%).
Such a null hypothesis would be accepted if twoieedl schemes returned statisti-
cally similar means, otherwise it would be rejected



Indexing and Stemming Approaches for the Czech Language

6.1 IR Models Evaluation

Given the methodology previously described, Tabliepicts the MAP using three
stemming approaches with four IR models. In tis¢ ¢é@lumn we have also included a
language-independent indexing approach based aam-gMcNamee & Mayfield,
(2004). Under this indexing scheme, words are aposed by overlapping se-
guences of 4 letters (this value of 4 was selebtmhuse it produced the best IR per-
formance). For example, the sequence “prime nerfigienerates the following 4-
grams {“prim,” “rime,” “mini,” “inis,” ... and “ster"}.

none light aggressive  4-gran
tf idf 0.1357% | 0.2040 | 0.20953 0.1918
Okapi 0.2046 | 0.2990 | 0.3065 0.295%7
DFR-I(ng)C2| 0.2208 0.3042 0.3135 0.3125
LM 0.2054 | 0.2813 | 0.2882 0.2785

Table2. Mean average precision (MAP) of various IR models
and different stemmers

Finally, we have compared the retrieval effectismnef the IR model with and
without the stopword list. The performance diffezes were small (in mean, around
1%) and did not give any evidence of significanp#&at of stopword list removal on
MAP, for this language at least. Of course, theeited file was reduced as well as
the query processing time.

6.2 Stemming Evaluation

Facing a language with more complex inflectionarphology than English, we may
infer that applying stemming will improve the MARHowever to which extent (if it
really exists) is not, a priori, known. This sectiwill address these questions using
different IR models.

If we use retrieval performance without stemmingyrked “none” in Table 2 as a
baseline, we can see that both stemming stratetjight” and “aggressive”, per-
formed better than the baseline. Applying ouristiaal testing, we found that all
performance differences were always statisticalfyniicant when compared to an
approach ignoring the stemming stage. If we avethg performance over four mod-
els given, we find an increase of 42% with thehtigstemmer and 46% with the more
“aggressive” one. These relative improvementscéarly large and more important
than with other languages (Tomlinson, 2004) (+4%hwhe English language, +4.1%
Dutch, +7% Spanish, +9% French, +15% Italian, +1G%rman, +29% Swedish,
+40% Finnish).

When comparing different stemming strategies we s@m that the “aggressive”
stemmer performs slightly better, 2.7% in averager dour models. The retrieval
performance differences were in this case nevésttally significant.

Denoted as “4-gram” in Table 2 are shown retrippeformances of the given IR
models when language independent 4-gram indexirgdegly (without applying a
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stemming procedure). The performance differendevdsn 4-gram indexing strategy
and word-based indexing is rather small (e.g. vierage -1% over “light” and -3.5%
over “aggressive”) and is never statistically sfigaint.

When analyzing query-by-query the effect of apmyanstemmer, and limiting our
investigations of the best performing model (DFRYIC2), we found that after apply-
ing our light or more aggressive stemmer, the parémce was increased for 41 que-
ries while, for the remaining 9 queries, the averpgecision (AP) decreases. In this
case, Topic #418 (“Bilent Ecevit's Statements”) thesgreatest improvement, start-
ing with an AP of 0.25 without stemming to 0.679A72%) with our light stemmer
and 0.7526 (+201%) with the more aggressive approdexplanation for this im-
provement could be found in the fact that persoaahes in Czech, as in other Slavic
languages are changed through cases. Genitivedbthe name found in this query
(“ProhlaSeni Bulent&cavitd) as well as other forms found in relevant docutagn
after stemming conflate to its nominative form divapa pertinent matching. Also,
Topic #441 (“Space tourists”) cannot retrieve aelgvant articles without stemming
(AP 0.0), retrieves the first relevant documentséatond place with both stemmers
(e.g., AP 0.3568 with light stemmer). None of thems forming the query (“Ves-
mirni turisté”), exists in relevant documents ire ttame word form (they occur as
“vesmirny”, “vesmirnou”, “turista”). Of course, plying a stemmer may sometimes
hurt the AP as shown by Topic #407 (“Australiannf&iMinister”) having an AP of
0.9325 without stemming to 0.5616 (-39.8%) with dight stemmer and 0.5925 (-
36.5%) with the more aggressive approach. Indhge nouns “premiér” (prime min-
ister) and “premiéra” (first night, premiere) caté to the same stem resulting in
retrieving large number of non-relevant articles.

Finally it is interesting to know that some topamuld be classify as hard because
for all indexing strategies and IR models they aehia MAP smaller than 0.1. In our
experiments, we have found seven such topics (#0B1, #422, #425, #428, #436,
#439). Those topics mostly contain either too galneerms (e.g., Topic #436 “VIP
divorces”) or certain spelling errors (e.g., in To#411 “Best Picture Oscar”, Acad-
emy Award’s name was spelled with a K (“Oskar"}te topic and with a C (“Oscar”)
in relevant documents).

7 Conclusion

In this paper, we present the main aspects of #eeiCmorphology and we suggested
two stemmers for this Slavic language, one remownly inflectional suffixes (de-
noted “light”) and a second algorithm that remoe¢so some frequent derivational
suffixes (denoted “aggressive”). Both approachastain some rules to correct or-
thographic irregularities. A stopword list contaim 467 forms was also suggested.
These linguistic tools are freely available onlifternet.

Using the most effective current IR models, we havaluated our stemming ap-
proaches and found that the best performing IR insdderived fromDivergence
from Randomneg®FR) paradigm. This approach performs statiljidzetter than a
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language model or the classi¢bidf while the difference with the Okapi model was
not statistically significant.

Our various experiments clearly show that a stergngrocedure improves re-
trieval effectiveness when applied to the Czeclglage (mean improvement of
around +45%, larger than those found for other geanm languages). From a statisti-
cal point of view, the differences are always digant when comparing to an ap-
proach ignoring stemming.

From comparing different stemming strategies, @nse that the more aggressive
stemming approach produces better MAP than doightestemmer, but the difference
between these two stemming schemes is never si@tissignificant.
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Appendix: Description of our Czech Light Stemmer

CzechStemmer(word) {
RemoveCase(word);
RemovePossessives(word);
Normalize(word);
return;

}

RemoveCase(word) {
if (word ends with “-atech”) then remove “-atéchturn;
if (word ends with “étem”) then remove %tem” return;
if (word ends with “-etem”) then remove “-etem@turn;
if (word ends with “-atm”) then remove “-atm” return;
if (word ends with “-ech”) then remove “-ech'tuen;
if (word ends with “-ich”) then remove “-ich” tern;
if (word ends with “-ich”) then remove “-ich"tien;
if (word ends with “-ého”) then remove “-ého'tuen;
if (word ends with “émi”) then remove “émi” return;
if (word ends with “-emi”) then remove “-emi"txen;
if (word ends with “-ému”) then remove “-ému'tuen;
if (word ends with “éte”) then remove ‘&te” return;
if (word ends with “-ete”) then remove “-ete’tuen;
if (word ends with “éti”) then remove “éti” return;
if (word ends with “-eti”) then remove “-eti” tern;
if (word ends with “-iho”) then remove “-iho”ten;
if (word ends with “-iho”) then remove “-iho” tern ;
if (word ends with “-imi”) then remove “-imi” tern;
if (word ends with “-imu”) then remove “-imu”ten;
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if (word ends with “-imu”) then remove “-imu” tern;
if (word ends with “-&ch”) then remove “-ach'tuen;
if (word ends with “-ata”) then remove “-ata'tuen;
if (word ends with “-aty”) then remove “-aty”en;
if (word ends with “-ych”) then remove “-ych”ten;
if (word ends with “-ama”) then remove “-amatum;
if (word ends with “-ami”) then remove “-ami”tten;
if (word ends with “-ové”) then remove “-ové™teen;
if (word ends with “-ovi”) then remove “-ovi” tern;
if (word ends with “-ymi”) then remove “-ymi” tern;
if (word ends with “-em”) then remove “-em” rety
if (word ends with “-es”) then remove “-es” raty

if (word ends with “-ém”) then remove “-ém” rety
if (word ends with “-im”) then remove “-im” retuo;

if (word ends with “4m”) then remove ‘&m” return;
if (word ends with “-at”) then remove “-at” rety

if (word ends with “-am”) then remove “-am” rety
if (word ends with “-0s”) then remove “-0s” rety

if (word ends with “-us”) then remove “-us” rety

if (word ends with “-ym”) then remove “-ym” retu;
if (word ends with “-mi”) then remove “-mi” retn;

if (word ends with “-ou”) then remove “-ou” rety

if (word ends with “-[aeiouyaéy’) then remove “-[aeiouyaé}’ return;
return;

}

RemovePossessives(word) {
if (word ends with “-ov”) then remove “-ov” retu;
if (word ends with “-in”) then remove “-in” retn;
if (word ends with “&v”) then remove “av” return;
return;

}

Normalize(word) {
if (word ends with &t") then replace by “ck” return;
if (word ends with “§t") then replace by “sléturn;
if (word ends with “c” or ¢”) then replace by “k” return;
if (word ends with “z” or “z") then replace b$h” return;
if (word ends with “e*”) then replace by “*" tern;
if (word ends with “&*") then replace by “*o*" return;
return;

Figure Al. Our Czech light stemmer
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Abstract

This paper describes and evaluates various stemaridgindexing strategies for
the Russian language. We design and evaluatetemmnsing approaches, a light and
a more aggressive one, and compare these stemonéirs Snowball stemmer, to no
stemming and also to a language-independent agproagram). To evaluate the
suggested stemming strategies we apply variousapilitic IR models, including
the Okapi, theDivergence from Randomne¢BFR), a statistical language model
(LM), as well as two vector-space approaches, nathel classicatf idf scheme and
the dtu-dtn model. We find that the vector-spadei-dtn and theDivergence from
Randomnesmodels tend to result in better retrieval effeatiess than the Okapi, LM
or tf idf models, while only the latter two IR approachesulein statistically signifi-
cant performance differences. Ignoring stemmingegally reduces the MAP by
more than 50%, and these differences are alwaysfisnt. When applying an-
gram approach, performance differences are usleallgr than an approach involving
stemming. Finally, our light stemmer tends to perf best, although performance
differences between the light, aggressive and Sattlwtemmers are not statistically
significant.

1 Introduction

Russian belongs to the Indo-European language yaamni it is the most widely spo-
ken among Slavic languages. Russian is one oé tboatemporary East Slavic lan-
guages, (the others being Ukrainian and Belorussiflith 165 million native speak-
ers and 110 million second-language speakers, &ussiamong the world’s top 10
most spoken languages (Malherbe, 1995), and itr&leand Eastern Europe it ranks
at the very top. Even though in this region Sldaieguages dominate, only a rather
small number of document collections are availabte.the Bulgarian (a South Slavic
language), a fairly large collection was createdmduthe 2006 (Peterst al, 2007)
and 2007 CLEF campaigns (Petetsal, 2008), while for the Czech language (West
Slavic), a test-collection was created during th&E2007 campaign (Petees al,
2008).
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In this paper the main objective is to describertfst significant morphological
difficulties encountered when applying IR technigiie the Russian language. Un-
like English where few inflectional suffixes areedsto denote number or person
variations, Russian makes use of a larger numbtveof, partly because they are also
used to denote grammatical cases (Sproat, 199®en@e importance of this Slavic
language, our goal is to propose, compare and aeakarious stemming, indexing
and search strategies. Our evaluation will be dhasethe document collections made
available through the 2005 to 2008 CLEF domain-$jgetasks. In this case, the
main objective is to study information retrieval domain-specific corpus using both
full-text and manual indexing as well the possitefulness of specialized thesaurus
for improving the retrieval effectiveness.

2 Reated Work

In the IR domain (Manningt al 2008), it is usually assumed that stemming is an
effective mean of enhancing retrieval efficiencydmnflating several different word
variants into a common form. Most stemming appheaachieve this through apply-
ing morphological rules for the language involvéar English see (Lovins, 1968) and
(Porter, 1980)). In such cases suffix removalss aontrolled through the adjunct of
guantitative restrictions (e.g., -ing’ would bemeved if the resulting stem consisted
of more than three letters as in “running”, but motking”) or qualitative restrictions
(e.g., “-ize’ would be removed if the resultingrateid not end with ‘e’ as in “seize”).
To improve conflation accuracy, certaad hocspelling correction rules are also ap-
plied (e.g., “running” becomes “run” and not “rupndue to certain irregular gram-
mar rules, usually applied to facilitate pronuniciat

Compared to other languages having more compleyphotogies (Sproat, 1992),
English is considered quite simple, while for otlerguages such as French simply
applying a dictionary to correct stemming procedureuld be more helpful (Savoy,
1993). For those languages having a more complespmology, deeper analyses
could be required (e.g., for Finnish (Korenetsal, 2004)), and their corresponding
lexical stemmers would clearly be more elaborate they are not always freely
available (e.g., Xelda system at Xerox). Not owlguld their implementation be
more labor intensive and complex, their use wowddeshd on a large lexicon and a
complete set of grammar rules for each languagelied. This could lead to more
processing time and would thus be problematic, @alhe when document collections
are very large and dynamic (e.g., within a comnatrsearch engine on the Web).
Additionally, lexical stemmers must be capable ahdling unknown words such as
geographical, product or proper names, or acronfons-of-vocabulary problem).
Lexical stemmers thus cannot be viewed as errer-fgproaches. It must also be
recognized that when inspecting language usageeaidorpora, the morphological
variations observed are less extreme than thos#vied in grammar. According to
Kettunen & Airo (2006) for example, while in theoRinnish nouns have around
2,000 different forms, in current collections mogthese forms rarely occur. In fact
84% to 88% of inflected noun occurrences in Figigh generated by only six out of a
possible 14 cases.
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While stemming schemes are normally designed tkwuith general texts, some
could also be designed especially for a specifin@a (e.g., in medicine) or a given
document collection, such as that developed fooraus-based approach by Xu &
Croft (1998). This would more closely reflect lalage usage (including word fre-
guencies and other co-occurrence statistics) thsgt @f morphological rules where
the frequency of each rule (and therefore its ugdgy importance) is not precisely
known.

Other than English, few stemming procedures hawn Iseiggested for European
languages (some of them are freely available atvbalh.tartarus.org/ or at the web
site www.unine.ch/info/clef/). These proposed sters usually pertain to the most
popular languages and some of them, like the Hinldaguage, seem to require a
deeper morphological analysis (Korenietsal, 2004) to provide adequate retrieval
performances.

Algorithmic stemmers ignore word meanings and #&sw to make errors due to
over-stemming (e.g., “organization” is reduced @aogan”) or to under-stemming (e.g.,
“European” and “Europe” do not conflate to the sawat). Most studies carried out
so far involved IR performance evaluations for Bmglish language, while for the
less popular languages, fewer studies are availdbbe various European languages,
Tomlinson (2004) for example evaluated the diffeemnbetween Porter's stemmer
(1980) and lexical stemmers (based on a dictioodtye corresponding language).
For Finnish and German, the lexical stemmers tengroduce statistically better
results, yet for seven other languages the perfocndifferences were insignificant.

Finally we could also mention the ROMIP evaluatmampaigns producing test-
collections mainly extracted from the Web in thes&an language. However, it was
not possible to obtain freely this test-collectiamd all pertinent information about
these corpora, evaluation methodology and linguiibls are written in Russian.
After analyzing the more recent results, we fourat the retrieval performance of the
Snowball stemmer tends to reflect the best pradtiteis field.

Based on these facts, in the rest of this papesivedyze stemmer effectiveness for
Russian, and suggest which one would be the mésttee. We also address the
comparative retrieval effectiveness of afgram scheme, a language-independent
approach and compared them to a word-based scheme.

3 Morphology of the Russian L anguage

When creating stemmers for Russian we started fr@mrsame point as for the other
languages we have worked with over the past y&sesfound that the best way to
develop effective stemming procedures was to fooasly on nouns and adjectives
(Savoy, 2006), and to avoid verb forms, which aeally too numerous and can lead
to a large number of errors.

Russian is a member of the Slavic language fanmitylike many in this family in-
cluding Bulgarian, Ukrainian or Serbian, it is weit in the Cyrillic script and uses 33
letters. Other Slavic languages from areas in whie Roman Catholicism is the
dominant religion, such as Polish and Czech artdemriwith the Latin alphabet, with
various diacritics being added to represent thaitigular pronunciations.
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All Russian nouns have one of three distinct ges@i@asculine, feminine, or neu-
tral). As in English, all nouns are declined adiog to number (singular, plural) but
some may only have singular or plural forms, ashéEnglish word “scissors”. Like
most other Slavic languages (except for Bulgariafl) Russian nouns (common or
proper nouns) are also declined according to diffegrammatical cases and we can
find six cases in Russian including nominative, itjes, dative, accusative, instru-
mental and locative. Each gender-case combindiéanits own set of characteristic
paradigms, including hard-stem types, soft-stenesypnd special types. Note how-
ever that each gender-case combination does noireeq distinct suffix. In the first
declination for example, the accusative and thetigerhave the same ending, or as
shown in Table 1 dative and locative case endingshe same.

Suffixes are not always present and in some casge tire none at all. For exam-
ple, the feminine noun “book” is written agdlr” in genitive plural and takes the
form “kuura” in the nominative singular form. The stem isr#fere not always the
nominative singular (for other examples see Tabkhbwing the declension of femi-
nine nouns ending in & in the nominative singular). Usually the stemedmot
change after adding the required suffix (see Tabier a few examples). However,
as with other Slavic languages, the presence offex snay imply a stem modifica-
tion, as for example, in the elision of the vowel in the neutral noun “window,”
which takes the formokuo” in the nominative singular (instead obxomo,” (an
incorrect form in Russian) with the final’‘being a suffix) and 6xon” in the genitive
plural. This phenomenon is known as the fleetiogvel. Another example we
should mention is the vowetin the noun “father,” which takes the fornoten” in
the nominative singular andtiy” in the dative singular (or the noun “ice,” taking
the forms %ién” (nominative singular) anditbny” (dative singular)). Table 1 shows
another example of the feminine noun “sistevritten as ¢tecrpa” in the nominative
singular and ascéctép” in the genitive plural. Variations in stem sjedj are how-
ever not as important as in other languages, ssi¢tirmish. Finally, to complete our
description, we should mention that a limited numbg nouns, mainly those bor-
rowed from other languages, are not declined.

Sister

Case Moscow -

Singular Plural
Nominative Mocksa cecrtpa cécTphl
Genitive MoOCKBBI CECTpPEL cectép
Dative Mockge cecTpe céctpam
Accusative MockBy cecTpy cEcTphl
Instrumental Mocksoi cecTpoii cécTpaMu
Locative MockBe cecTpe cécTpax

Table 1. Examplesof Russian feminine noun declensions

Inflectional suffixes may also be attached to p#&ts, numerals and adjectives.
According to Russian grammar rules, adjectives egmegender, number and case
with the noun they modify. The adjective forms nieyone of two major types: long
adjectives, inflected for case, gender and number.,(as in “John put the rddt”),
and the short form, existing only in the nominatpredicate form (e.g., “the hat is
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red’) and inflect only for gender and number. In Rassiindeclinable forms include
adverbs, prepositions, conjunctions, plus a limitathber of borrowed substantives.

In our experiments we make use of “light” stemmehich apply 57 rules in order
to remove only the inflectional suffixes from nousrsd adjectives (to normalize the
resulting stems, we added 4 more rules).

Suffixes may also be used to derive new words feostem, usually by changing
the word’s part-of-speech (e.g., “care” and “calefar “carefulness”). Primarily,
Russian derivations are formed through the use refiqes and suffixes (e.g.,
“cryrauk” (spoutnik) = ‘¢” (prefix) + “nyr” (stem, path) + #ux” (suffix)). Forming
these words is not always simple, especially withraodifying the base form, as in
“admit” and “admittance”. Just as with English sy Russian consonants and vow-
els may be shifted, mutated or dropped. The rentes as the derivation’s base and
center, and it may or may not occur without the oeord-formative components.
In developing aggressive stemmers we concentrateghply on removing adjectival
qualitative and relational suffixes (e.gkpbss” (blood) and %posagsiit” (bloody)).
We thus completely ignored any prefixes we thougight change the base word’s
meaning (e.g., “ptastory” and “history”). Their removal may end wpth a base
form having unrelated or no meaning, thus dimimghietrieval performance (e.g.,
“sakat” means “sunset” but it could be erroneously intetpd as $a” + “xar” where
“3a” means “after, behind”, anckfit” means “kath” ¢atha eduliy bushman’s tea).
To develop our light stemmer and to remove certirivational suffixes, 40 rules
were added to the light stemmer version.

Compound word construction (e.g., handgun, vievdinds another morphological
characteristic that might impact retrieval effeetiess. Most European languages use
some form of compound construction, indicated eitne a hyphen (e.g, in French
“porte-clefs” (key ring)) or by a suffix attached the genitive case (e.g., in German
with the “-s” suffix in “Produktionsmethode” = “Pdoktion” + “-s” + “Methode”).

In general however no particular “glue” is usedbtdld a compound from two or
more words, as in English (“viewpoint”) or GermdiBgnkgesellschaft”). Com-
pound constructions are also possible in Finnisbhsas “rakkauskirje” = “rakkaus”
(love) and “kirje” (letter). In Russian also, frezntly encountered word forms include
“pamuonpuémunk” (radio-receiver) = paauo” (radio) + “npuémuux” (receiver), or
“mukpoBosiHoBoi” (adjective) = ‘Mukpo” (micro) + “BomHoBoit” (wave) (with
“BosHoBOI” = “BosHa” (Stem, noun wave) +oB” (suffix used to form an adjective
from a noun) + 6i” (inflection denoting the masculine, nominativeygilar case).

In our efforts to improve pertinent matches betwemics and documents written
in Russian, we have also created a stopword lisigiwincludes 412 most commonly
used terms such as pronouns (e.gs™(we)), prepositions (e.gg” (in), “una” (on)),
conjunctions (e.g.,#” (and), “unu” (or)), or other forms (e.g.,x4" (yes), “oyny”
(will)), etc. Both our stemmers and stopword listse freely available
(http://lwww.unine.ch/info/clef/).
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4  Test-Collection

The Russian test-collection used in our experimeass built during the domain-
specific tracks at CLEF 2005 to 2008. The mairectiye of this track is to evaluate
the relative performance of various retrieval medel structured scientific biblio-
graphic collections written in English, German &uksian language. In this case,
documents contain textual elements (title, abstjaat well as subject keywords from
controlled vocabularies. The main focus is onewaluation of IR models with short
description of information items on the one handj an the other the leveraging of
controlled vocabularies and other structured metaeatities to hopefully improve
monolingual and bilingual information retrieval.

From this test-suite, we have extracted the Rugsistrcollection consisting of the
Russian Social science corpus (RSSC) comprising8d4documents, and the INION
corpus covering Russian social science and ecosohiliographic data (145,802
articles). Document length in each corpus is ragert, being 19 and 15 distinct
indexing terms respectively. Some statistics albigt test-collection are given in
Table 2.

Typical documents from each collection are listedrigure 1 (RSSC corpus) and
Figure 2 (INION corpus). To build document repragaéives during the indexing
process, we retained pertinent sections only. Thededed the ITLE> and <EXT>
for the RSSC collection and theixLE-RU>, <KEYWORD-RU> (terms extracted manu-
ally from INION Thesaurus) andABSTRACT-RU> segments (available for around
27% of the documents) in the INION corpus. In eMperiments we ignored addi-
tional information such as author name¥HOR> or <AUTHOR-RU>) or classifica-
tion tags (e.g., SJANDLE>).

2005 2006 2007 2008
Source RSSC RSSC INION INION
INION
Size 64.6 MB 1455 MB| 80.9 MB 80.9 MB
Number of documents 94,581 240,383 145,802 145,802
Number of topics 25 25 25 25
Topics #126 - #150#151 - #175#176 - #200 #201 - #225

Table 2. Test-collections statistics (CLEF)
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<pocNa> RSSC-SOCIONET-RU-20050228-001018&¢N0C>

<HANDLE> RePEc:rus:cemicf:704 <ANDLE>

<AUTHOR> 3emukuna JI.®.; 3enukud M.U. </AUTHOR>

<TITLE>

MHorohaKkTopHbIE MOZICIH 3KOHOMHYECKOTO POCTa HEPEXOAHOT0 MEPHO/IA CTPYKTYPBI
MaruCTpPaibHBIX MHOr000pasuit. </TITLE>

<CLASSIFICATION>

DKOHOMHKA </CLASSIFICATION>

<TEXT>

Tes. IV MexnyHapoaraoro cemunapa "Komrieke Hble ucciaenoBanus nepexona Poccun n
JPYTUX CTPaH K yCTOHYMBOMY Pa3BUTHIO C HCIIOJIBb30BAHUEM MAaTEMaTHYECKOro
MozenupoBaHus” - Mocksa, VH-T connansHO-nonuTHYeCKHX Hecnenopanuii PAH,
centsiopp 1998. <fEXT>

Figure 1. Example of document from RSSC collection

Created for domain-specific tasks during CLEF cagmms held during the years
2005-2008, the test-collection contains 100 topidhe relevance judgments were
made by human assessors, and for 6 topics no reldeaument can be found leaving
94 topics for the evaluation. These topics covematbus subjects (e.g., “Health risks
at work,” “Doping and sports,” “Value change in Eas Europe”), including both
regional (“The German school system”) and inteor&l topics (“Poverty”).

Based on the TREC model, each topic was dividegthree logical sections. First
we can find a brief title (under the tagnTITLE> in Figure 3) follows by a one-
sentence description (e.gENDESC> in Figure 3) and a narrative part specifying the
relevance assessment criteria (e.gN-KARR> in Figure 3). Full examples written in
the Russian and English languages are depicte@yure=3. In order to more closely
reflect queries sent to commercial search engimesii experiments we used only the
title part of the topic formulations. When usingyothe title section, our queries had
a mean size of 3.25 search terms.

<DOCNO> |SISS-RAS-ECOSOC-20060324-4595Dc¢NC>

<AUTHOR-RU> Opros, I'.M.; Korzaparenko, A.11. </AUTHOR-RU>

<TITLE-RU>

ConmanbHOE TaPTHEPCTBO WIN YCWICHHE YKOHOMHUECKOM 3aBUCHMOCTH PEIaKIIMOHHBIX
KOJUISKTHBOB </TITLE-RU>

<KEYWORDS-RU>

npecca; coluanbHoe napraeperso; Poccus </KEYWORDS-RU>

<ABSTRACT-RU>

ITo JAHHBIM aHaJIN3a ACATCIBHOCTU PEAAKIIMOHHOTO KOJJICKTUBA ra3€Thl "Opnoacxaﬂ
npasaa’. </ABSTRACT-RU>

Figure 2. Example of article extracted from INION corpus
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<TOP>

<NUM> 160 <KNum>

<EN-TITLE> Precarious working conditions extTITLE>

<EN-DESC> Research papers and publications on types df that deviate from normal
working conditions <&N-DESC>

<EN-NARR> What "atypical" types of work conditions havevelped? What "precarious”
consequences are there for effected workers? Whmbivements to healthcare, social segu-
rity and unemployment insurance status are beisgudsed? Are there factors that may hglt
this development? EN-NARR> <froP>

<TOP>

<NUM> 160 <KNum>

<RU-TITLE> OmacHsle ycioBusi Tpyaa </RU-TITLE>

<RU-DESC> Haiitu Hay4HBI€ CTaThH U ITyOJHKALMH B IIPEcce 0 BUIaX padoT, MPU KOTOPBIX
YCJIOBHUS TPY/A OTIIMYAIOTCS OT HOPMaJIbHBIX. </RU-DESC>

<RU-NARR> Kakue CyIecTBYIOT «HETHIIMYHbIE» BHbI YCIOBHI Tpyna? KakoBbl MOTyT
ObITh OIIACHBIE MOCJIEACTBHS U1 paboTHHKOB? Kakue 00cyXaatoTcsi BO3MOXKHbIE
YIY4YLICHUA B 3paBOOXPAHCHUH, COLITAATIBHOM OGCCHCHCHI/II/I 1 CTpaxoOBaHUU OT
6e3paboTuibl? CymecTBYIOT JM (aKTOpBl, CIIOCOOHBIE OCTAHOBUTH PAa3BUTHE CUTYALIH ?
</RU-NARR>

</ToP>

Figure 3. Example of topic description in English and Russian languages

5 IR Modds

In order to obtain a broader perspective on thatike merit of the various retrieval
models and stemming approaches, we applied tworepace schemes and three
probabilistic models. First we adopted the cladgicidf model, wherein the weight
attached to each indexing term was the productsaferm occurrence frequency (or
tfy for indexing term;tin document g and its inverse document frequency igf).

To measure similarities between documents and stguafter normalizing (cosine)
the indexing weights we computed the inner prodiactmore information, see Chap-
ter 6 in (Manninget al, 2008)).

For the vector-space model better weighting scheme@e been suggested, espe-
cially in cases where the occurrence of a termdo@iment is viewed as a rare event.
Thus, a good practice may be to give more impogamncthe first occurrence of a
term, as compared to its successive and repeaticigrences, with the thé compo-
nent being computed as thetfp( 1 or as In(Inf)+1)+1. A term's presence in a
shorter document might also provide stronger evidethan it would in a longer
document. In order to take document length intmant, we could make use of more
complex IR models, including thedtu-dtr’ IR model suggested by Singhet al,
(1999). In this case Equation 1 calculates thexim weight assigned to document
term (@dtu) and Equation 2 the indexing weight assigned &rgterm ¢itn).

w; = [[ In(In(tfy)+1) + 1] -idf] / [(1-slopg - pivot + (slope- nt)] @)

Wqj = [[ In(In(tfy)+1) + 1] -idf] @)
where ntis the number of distinct indexing term in documdnandpivot andslope
are used for adjusting term weight normalizatiolugaccording to document length.
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This formulation prevents the retrieval system fromerfavoring short documents
compared to articles longer than the mean correpgrto thepivot value. For all
our experiments, the constabpewas fixed at 0.25 anglivot at 15 corresponding to
the average document length.

In addition to these two vector-space schemes,lsecnsidered Okapi probabil-
istic models (Robertsoet al, 2000), as well as two models derived from Eheer-
gence from Randomnef®FR) paradigm (Amati & van Rijsbergen, 2002) wdipr
the two information measures formulated below wenabined:

Wi = |nf1ij . |nf2ij = 'Iogz[PrOblij] . (1—Pr05j) (3)
where Prob is the pure chance probability of finditfg occurrences of the termit
document d On the other hand, Pﬁqb’s the probability of encountering a new oc-
currence of term tn the document, given tht} occurrences of this term had already
been found. To estimate these probabilities, wghiminstead use the DFR-GL2
model based on the following formulae:

Prob; = [1/(1+\)] - I /(1-\)]™ with; = tg/n 4

ProB; = tfny/(tfry; + 1) withtfry = tf; - log[1 + ((c - mean dV/l;)] 5)
wheretc; is the number of occurrences of tefnintthe collectionn the number of
documents in the corpus,the length of document,dnean di(fixed at 15) the aver-
age document length, aod constant (fixed empirically at 1.5).

In our second DFR model, DFR-}jB2, Equation 6 is used to calculatelmfand
Equation 7 to calculate Prgbas shown below:

Inf; =tfny; - log[(n+1) / (le+0,5)]  withneg=n-[1 - [6-1)/n]tGi | (6)
andtfn; =tf; - log[1 + ((c - mean dy/l;)]
Prob; = 1 - [tc +1) / (f - ¢fn;+1))] @)

Finally, we also considered an approach basedlanguage model (LM) (Hiem-
stra, 2000), known as a non-parametric probahilisiodel. Probability estimates
would not be based on any known distribution (a&duation 4), but rather be esti-
mated directly and based on occurrence frequericiecument dor the entire C
corpus. Within this language model paradigm, wasionplementations and smooth-
ing methods (Zhai & Lafferty, 2004) might also bensidered, and in this study we
adopted a model proposed by Hiemstra (2000) asridedcin Equation 8, which
combines an estimate based on document| @jtand corpus (Pff C]).

Pld | al = P[d " [lyoe [N Pt [ d] + (1-A) " P[§ | CI
with P[t] d] = tfy/li and P[t| C] =dfy/lc withlc =Y, dfy (8)
where,; is a smoothing factor (fixed at 0.25 for all indlexterms ), df; indicates the
number of documents indexed with the termsindIc are constants related to the
underlying corpus C.

In Equation 8, P[dl is the previously calculated probability that tthecument dis
pertinent. We ignored this value in our experirsdgcause it did not vary across the
documents and thus did not change the final rankifgr web searches however this
probability may vary across different web pagegemgling, on the number of incom-
ing links, page lengths or other factors such agep@opularity measures within the
web site (Kraaigt al 2002).
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6 Evaluation

To evaluate the retrieval performance of the varilitischemes, we used the mean
average precision (MAP) a performance measurehdsmbeen used by all evaluation
campaigns for more than 15 years in order to objelgt compare various IR strate-
gies, particularly regarding their ability to retve relevant items (ad hoc tasks)
(Buckley & Voorhees, 2005). The MAP value does have a direct interpretation
for the final user. It is computed as the mearhef precision scores obtained after
each relevant document is retrieved, using zerthasprecision for relevant docu-
ments that are not retrieved (Buckley & Voorhee®)®. The MAP values were
computed by TREC_EVAL software, based on a maxinfih 000 retrieved records.
By using a mean to measure performance we givel éguuortance to all queries.
We also combined the topic descriptions from th@22€ 2008 CLEF evaluation
campaigns in order to base our results on relatilge number of topics (94 in this
case), believing that it is important to perfornpesiments involving the largest pos-
sible number of observations.

In order to statistically determine whether onatsigy was better than another, we
used the two sidettest (Buckley & Voorhees, 2005), with the null loypesis H
stating that both retrieval strategies producenzilai MAP. This null hypothesis is
accepted if two retrieval schemes returned stedityi similar MAP, otherwise it is
rejected. In the experiments presented in thiepagtatistically significant differ-
ences were detected by a two-sitkbeist with a significance level of = 5%.

Finally, it is also well known that the basis faneparisons between two (or more)
IR strategies must be similar, using the same dectigollection and the same topics,
as was mentioned by (Buckley & Voorhees, 2005).

“The primary consequence of the noise is the fzat ¢évaluation scores
computed from a test collection adative scores only. The only valid
use for such scores is to compare them to sconeputed for other
runs using the exact same collection.” (Buckley &ovhees, 2005, p.
73).

Thus, it is clearly impossible to compare the peni@ance obtained using a test col-
lection with that achieved based on another doctimeliection or directly perform-
ances obtained from the CLEF 2007 topics with tradSeLEF 2008.

6.1 IR Models Evaluation

Table 3 depicts the MAP based on the methodologgtioeed above and using
four different stemming approaches and six IR m&deThe last column lists a 4-
gram language-independent indexing approach (MchNa&evayfield, 2004). In
this indexing scheme, words are decomposed by aypairig 4 letter sequences (the
value 4 was selected because it produced the Rgstrformance). For example, the
sequence “prime minister” generates the followirgrdms {“prim,” “rime,” “mini,”
“inis,” ... and “ster"}.
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MAP (Mean Average Precision)

None Light Aggressive  Snowball 4-gran
tf idf 0.0739* | 0.1302* 0.1328* 0.1282*  0.13811
dtu-dtn 0.0999 0.1892 0.1749 0.1847 0.1708
Okapi 0.0881* 0.1734 0.1735 0.1648§ 0.1710

DFR-I(n)B2 | 0.0928 0.1802 0.1812 0.1734 0.1741
DFR-GL2 0.0879* 0.1708 0.1688 0.1624 0.171p

LM 0.0964* 0.1821 0.1793 0.1762 0.1613*
mean 0.0898 0.1710 0.1684 0.1650 0.1644
% change +90.3% +87.5% +83.6% +83.0%0

Table 3. MAP of various stemming strategiesand IR models

In Table 3, the best performance obtained for etemming approach is shown in
bold, indicating that either the vector-space matietdtnor the probabilistic model
DFR-I(ng)B2 would always prove to be the best IR model. Mén used these best
performances as a baseline for statistical testiAgy performance differences that
were statistically significant when compared to Iblest IR model are indicated with a
star (“*"). We can thus see that when comparet idf, the differences were always
statistically significant. For the other modelse fperformance differences were usu-
ally not statistically significant (except for th& model with the 4-gram indexing or
those listed in the “None” column).

In addition to the indexing strategies shown in [€&) we also tested one where
stemming was combined with decompounding procediren though decompound-
ing may be effective for some languages (e.g., @arand Finnish), for Russian it
resulted in lower MAP than it would have in theasdgy not using decompounding
(around 5% in average).

Finally, for all experiments listed in Table 3 weed our stopword list to remove
very frequent and non-content bearing terms. V8e abmpared retrieval effective-
ness of different IR models with and without this, | discovering that performance
differences were rather small (around 2% on avgralges showing no evidence that
removing the stopword list had any important impactthe MAP.

6.2 Stemming Strategies Evaluation

As shown in Table 3, we first evaluated the retleperformance without any
stemmer, listing the MAP values in the “None” columWe then reported the re-
trieval performance obtained by our “Light” and “dwmgssive” stemmers. In the
“Snowball,” column we listed the MAP obtained usitihg available Snowball stem-
mer (http://snowball.tartarus.org/) and in the legiumn lists we listed the results of
the language independent 4-gram indexing strategdasshown in the second to last
row of Table 3, we computed the average performamteéeved by each of the six
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retrieval models in order to obtain an overviewtts# performance of each stemming
approach.

As shown by the values listed in Table 3, all appt®s using stemming per-
formed much effectively than those that did not stegnming. When compared to an
approach without stemming (the “None” column in [EaB), averaging the perform-
ance over six given models showed relative increaseging from 83% with the 4-
gram indexing scheme to 90.3% with our “light” stear (percentage depicted in the
last row of Table 3). These relative improvememese clearly quite large and more
significant than those found for other Europeamylages (e.g., +4% with the English
language, +4.1% Dutch, +7% Spanish, +9% French%t1alian, +19% German,
+29% Swedish, or +40% Finnish (Tomlinson, 2004)).

After applying our statistical tests, we found tkia¢ performance differences be-
tween stemming and no stemming schemes were alsi@ysstically significant.
Finally when comparing the 4-gram to the word-baseléxing strategies (other than
those listed under “None”), performance differeneese rather small (e.g., -3.8%
over the “light” stemmer), and these performandéedinces were never statistically
significant.

To analyze the effect of applying a stemming, wefgeed a query-by-query
analysis, concentrating only on a single retriewablel DFR-I(R)B2, one of the best
performing models for any of the indexing stratsgiesed. In this study we thus
showed that by applying a stemmer could increasepérformance for more than 60
topics (61 with “light”, 67 with “aggressive”) ovea no stemming scheme, and in
both cases it was observed that a decrease océuraedrage precision (AP) for only
18 topics.

When using the light stemmer the greatest improveénaes obtained by Topic
#223 “Media in the preschool age,” with an AP d868D7 compared to 0.01 without
stemming. This improvement can be explained byftlo¢ that the term feremu”
(children, instrumental) is found in the topic vehilerms fereii” (children, accusa-
tive or getitive) or fieru” (children, nominative) can be found in the relevdocu-
ments. These variants are conflated to the saeme with both our light or aggres-
sive stemmers, but do not with Snowball stemmer ¢AR.0227), nor do they yield
the same 4-gram (AP: 0.0598).

We found a somewhat similar situation with Topi&@XPrecarious working con-
ditions” when the termsotiacubre” and “omacupx” were conflated to the same stem
and significantly improved the performance forsi#mming procedures (e.g., AP of
0.0093 with “None” vs. 0.6165 with “Light”). Atries of course stemming can di-
minish retrieval performance, usually through catifig non-related terms into the
same stem.

We also found that Topic #146 was the most diffibopic in this “Diabetes Melli-
tus” (“Auader memmmryc”) collection. It did not retrieve any items, reét or not,
since none of the terms in the topic appeareddrctiiection.
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7 Conclusion

In this paper, we have presented the main aspéd®ssian morphology and sug-
gested two stemmers for this Slavic language, em@ving only inflectional suffixes
(denoted “light”) and a second removing certaimérent derivational suffixes (de-
noted “aggressive”). Both approaches apply a fel@srto correct orthographic ir-
regularities. We have also suggested a stopwstdcbntaining 412 word forms.
These linguistic tools are freely available on ltternet (www.unine.ch/info/clef/).

To evaluate our stemming approaches, we use theeffestive current IR models,
finding that those IR models derived fradivergence from Randomned3FR) para-
digm or the vector-space moddu-dtn perform best, depending of the underlying
indexing and stemming strategy. Statistically &pe@ these approaches perform
better than the classictlidf model or in some cases than a language modele il
the Okapi model there are no significant statistiiferences.

When applied to the Russian language, our varigpsréments clearly show that a
stemming procedure improves retrieval effectivenespecially in the case of the
collection containing short documents (e.g. biblagghical records, tables or pictures
captions, statistical tables, etc.). From a gtesikpoint of view, the differences are
always significant when compared to an approacbrigg stemming. When compar-
ing different stemming strategies, for most IR nmedee observe that even though
our light stemming tends to perform better thareotstemming strategies, perform-
ance differences among these different stemmersiever statistically significant.
Based on our various examples, we also show tleatrsing can have a concrete
effect on various topic formulations.

In our opinion when comparing stemming proceduiteis, also important to con-
sider the final user. A non-stemming or a lighgnsining approach is better under-
stood than a more aggressive approach that migihtrenexpected results. For this
same reason for the Russian language we suggelstirgpp light stemmer, only
removing the plural and grammatical cases assatigith nouns or adjectives.
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Abstract

The main goal of this paper is to describe anduatal various indexing
and search strategies for the Hindi, Bengali andalfialanguages. These
three languages are ranked among the world’s 2Q spmken languages
and they share similar syntax, morphology and mgigystems. In this pa-
per we examine these languages from an IR perspdttiough describing
the key elements of their inflectional and deriwatl morphologies and on
this basis suggest a light and more aggressivensiggrapproach.

To evaluate these stemming strategies we apply tioethe FIRE 2008
test-collections. To extend our comparisons we aigplement and evalu-
ate two language independent indexing methodsnipeam and trune:
(truncation of the firsh letters). We evaluate these solutions by applying
our various IR models, including the Okapiyergence from Randomness
(DFR) and statistical language model (LM) togethéh two classical vec-
tor-space approachdsidf andLnu-Itc

Experiments performed with all three languages t'endemonstrate that
the 1(n)C2 model derived fronDivergence from Randomneparadigm
results in the best mean average precision (MAR). t&sts suggest that



Comparative Study of Indexing and Search Strategies for
the Hindi, Marathi and Bengali Languages

better retrieval effectiveness would be obtainethve more aggressive
stemmer accounting for certain derivational suixkan one involving a
light stemmer or one that ignores this type of wooimalization proce-
dure. When comparing a no stemming with a stemnmdgxing scheme,
performance differences are almost always staibfisignificant. When
an aggressive stemmer was applied the relativeowepnents obtained are
~28% for the Hindi language, ~42% for Marathi and ~2fa¥%Bengali
over a no stemming approach. Based on a compavissmord-based and
language independent approaches we find that uihe-# indexing scheme
would tend to result in performance levels thatsaatistically similar to an
aggressive stemmer, yet better than the 4-granximglscheme. A query-
by-query analysis reveals the reasons for thiss tlemonstrating the ad-
vantage of applying a stemming or a trunc-4 indgxicheme.

Categories and Subject Descriptors

H.3.1 [Content Analysis and Indexing: Indexing methods; Linguistic process-
ing. H.3.3 Information Search and Retrieval: Retrieval modelsH.3.4 Sys-
tems and Softwarg Performance evaluation

General Terms
Algorithms, Measurement, Performance.

Keywords

Indic languages, Stemmer; Natural Language Praugssiith Indo-
European Languages, Search Engines with Asiandaageg; Hindi Lan-
guage, Marathi Language, Bengali Language.

1. Introduction

Over the last few years there has been an incgeasierest in Asian lan-
guages, focusing mainly on those of the Far-Eagt, (the Chinese, Japa-
nese and Korean languages) and on the Indian stibeon Given the in-
creasing volume of sites available in these langsiand of Internet pages
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in general, plus the online users working with thanbetter understanding
of the automated procedures used to process theleeaidy needed.

As in Europe, the Indian subcontinent can be charaed by the use of
many languages. With 23 official languages bejmaken in the European
Union the situation there would seem to be moreptermthan in the Re-
public of India, where there are only two offici@nguages (Hindi and
English). This general view however hides the thett around 29 lan-
guages are spoken by more than one billion napealsers there, and in
various Indian states, many of these have an affstatus. From a linguis-
tic perspective, the situation in India is thuglstly more complex than in
Europe because the various languages are grouggefbur main families:
the Indo-European (more precisely the Indo-Aryaenbh [Massica 1991]
with for example the Bengali, Hindi, Marathi, Paatui) located mainly in
the north, the Dravidian family (e.g., Kannada, dalam, Tamil, Telugu)
in the southern part, the Sino-Tibetan (e.g., Badanipur) in the north-
eastern part, and the Austra-Asiatic group (Sgnialthe eastern part of
the subcontinent. While Europe is also made wmaabus language fami-
lies (e.g., with the Finnish and Hungarian beloggio the Finno-Ugric
branch), in India the non Indo-European languagakemup a larger pro-
portion than in Europe. Compared to the two alpt&lused in Europe
(Latin and Ciyrillic), at least seven different wrg systems are used in the
various Indian languages.

Based on the test-collections made available thrabg first Forum for
Information Retrieval Evaluation (FIREcampaign, this paper focuses on
three of the most popular Indian languages, namdeigi (the native lan-
guage of ~180 million speakers), Marathi (~65 miljiand Bengali (~190
million). This paper also describes the main molpgical variations and
constructions of these languages, particularly feomR perspective. For
these three languages we propose and evaluatestbfists and various
stemmers, and then compare them by applying vaimalexing and search
strategies.

! More information available in the FIRE Web sitee sttp://www.isical.ac.in/~clia/
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The rest of this paper is organized as followsctiSe 2 presents some re-
lated work on stemming. Section 3 describes thim merphological as-
pects of the three selected languages. Sectienehls various stemming
approaches while Section 5 depicts the main cheniatits of our test-
collections. Section 6 briefly describes the défe IR models used during
our experiments. Section 7 evaluates and anatyeperformance of the
various indexing and search strategies, and thdikdings are presented
in the last section.

2. Related Work

In the IR domain it is usually assumed that stengnisnan effective mean
of enhancing retrieval efficiency through conflatiseveral different word
variants into a common form or stem [Manniegal 2008]. This effi-
ciency is achieved through applying morphologiadés specific to each
language involved. For English Lovins [1968] araftBr [1980] are typi-
cal examples. This suffix removal process is alsotolled through the
adjunct of quantitative restrictions (e.g., ‘-ingbuld be removed if the re-
sulting stem had more than three letters as inghngJ, but not in “ring”)
or qualitative restrictions (e.g., ‘-ize’ would wemoved if the resulting
stem did not end with ‘e’ as in “seize”). Certaith hocspelling correction
rules are also applied to improve conflation accy(e.g., “hopping” gives
“hop” and not “hopp”), through applying irregularagnmar rules usually
designed to facilitate pronunciation.

Simple algorithmic stemming approaches ignore wuoshnings and tend
to make errors, often caused by over-stemming, (eggneral’” becomes
“gener”, and “organization” is reduced to “orgardi) to under-stemming
(e.g., with Porter's stemmer, the words “createf ‘ameation” do not con-
flate to the same root. This is also the case thighwords “European” and
“Europe”). For this reason the use of an on-lingiohary means of ob-
taining better conflation has been suggested [Km$893].

Compared to other languages (such as French) hawimg complex mor-
phologies [Sproat 1992], English could be considepeite simple and the
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use of a dictionary to correct stemming procedwesld be more helpful
than for other languages [Savoy 1993]. For langsagith even more
complex morphologies deeper analyses would howbkgerequired (e.g.,
for Finnish [Koreniuset al 2004]) and the lexical stemmers [Tomlinson
2004] are not always freely available (e.g., Xedgiatem at Xerox). Their
design and elaboration is more labor intensive emdplex. Moreover,
their use would involve a large lexicon as welbasomplete grammar, and
thus their application would be problematic andurezy more processing
time, especially with very large and dynamic docomeollections (e.g.,
within a commercial search engine on the Web). italthlly, lexical
stemmers must be capable of handling unknown wsudhk as geographi-
cal, product and proper names, as well as acrornpuisof-vocabulary
problem). Lexical stemmers could not thereforabeonsidered error-free
approaches. Finally it must be recognized thaedham language usage
and real corpora, the morphological variations oles would be less ex-
treme than those imaginable when inspecting granasavell. For exam-
ple in theory Finnish nouns have around 2,000 diffeforms, yet in actual
collections most of these forms occur very rar&lgtfunen & Airo 2006].
As a matter of fact 84% to 88% of the occurrendemftected nouns in
Finnish are generated by only six of a possiblgra#nmatical cases.

While as a rule stemming schemes are designed iowith general texts,

some are specifically designed for a given domaig.{ in medicine) or
document collection (such as that developed by X@ré&ft [1998] for use

in a corpus-based approach). This in fact morsetyoreflects general lan-
guage usage (including word frequencies and otbevccurrence statis-
tics), rather than a set of morphological rulesMmich the frequency of
each rule (and thus its underlying importance)oisprecisely known.

While studies of the English language have beerenrorentive, various
algorithmic stemmers have indeed been suggestethéomost popular
European languages, especially in conjunction WIhEF evaluation
campaigns [Peterst al 2008], while within previous NTCHRevaluation

2 See the Web site http://clef.iei.pi.cnr.it/

% For more information, see the Web site at htgs#arch.nii.ac.jp/ntcir/
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campaigns Far-East languages such as Chinesee3apar Korean have
been evaluated. Although stemming procedures baea proposed for
Hindi [Ramanathan & Rao 2003] and Bengali [SakaB&ndyopadhyay
2008] as well as morphological analyZefsr Hindi and Marathi, there
have been no reports of any comparative evaluatbtisese propositions
based on test-collections.

Most evaluation studies done to date involved IRguemance evaluations
for the English language, while stemmer performastadies for other lan-
guages are found much less frequently. In theauations of retrieval
performances resulting from the application of tstatistical stemmers to
five languages, Di Nunziet al [2004] demonstrated that wide variations
across these languages could be found. Compargdttstical stemmers,
Porter's stemmers seem to work slightly better,levfor the German lan-
guage, Braschler & Ripplinger [2004] showed thatdbort queries stem-
ming may enhance mean average precision by 23%pa@u to 11% for
longer queries. Finally, Tomlinson [2004] evaluhtbe differences be-
tween Porter's stemmer and the lexical stemmer.FFmish and German,
Tomlinson [2004] found that lexical stemmer tendsptoduce better re-
sults statistically, while for Dutch, Russian, Sisan French and English
performance differences are small and insignificalRor Swedish, the al-
gorithmic stemmer results in statistically supemnaoean average precision
(MAP) when compared to a lexical stemming approach.

3. Morphology

Given that the Sanskrit language is their commant, idindi, Marathi and
Bengali are clearly related and thus their sentestogcture follows the
same Subject - Object - Verb (or SOV) pattern. niFam IR point of view
however this aspect is not of primary importanagsesin this paper the IR
models used are based on the bag-of-words assumplierein the abso-
lute and relative position of words within a semgare ignored.

4 http://ltrc.iiit.net/showfile.php?filename=onlinef&ices/morph/index.htm
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Indeed in these languages a closer inspectioneif fgxicons reveals that
words with similar meanings may have similar spgli. As examples the
word “king” can be taken spelled agsfr” in Hindi and Marathi as4fst” in
Bengali, while for other terms spellings may be iEmfor only two of
these languages, and for some words the spelliognpletely different in
all three languages (e.g., “God” is written gsa¥” in Marathi, “gar” in
Hindi and %==" Bengali). As with other languages, lexicons insthéan-
guages are never free from the influence of otherd,the same is true in
the other direction. English borrows some wordanfrthe Indian lan-
guages, such as “jungle” (from a Sanskrit stemynigt” (drink, from
Hindi or Marathi), “jute” (vegetable fiber, from Bgali) or “curry” (from
the Tamil). Similarly and to a larger extent, mamgrd forms in Indian
languages are borrowed from English, especiallgmits dominant pres-
ence in commerce (e.g., taxi, company, bank, budgeicream, gasoline)
as well as in technology (e.g., computer, internet)

In their written forms, Hindi and Marathi employetiDevanagari script
while the Bengali alphabet belongs to the Brahmmailfa The two scripts
are however clearly related and share certain ctarstics. All vowels
except the short ‘a’ (written asr” in Devanagari ands® in Bengali) have
two forms: first as an initial or syllable ¥ ,‘-=r') and the second as a me-
dial or final vowel (e.g.,&" +‘3m ="“&1” in Devanagari, ¥ + ‘s = “%" in
Bengali). Consonants appearing together in spetiaters form conjunct
letters (ligature) such as#* + ‘®’ = “@x", ‘® + '@ = “Fg" (Devanagari)
and ¥ + ‘s ="“g", ‘s + ‘¥ = “x" (Bengali)).

In the rest of this section we describe the keyphological characteristics
of these three languages that how they impact odelstgn and perform-
ance.

3.1 Key Features of Hindi Morphology
Hindi is spoken by about 500 million people andkeasecond among the

world’s most spoken languages (Chinese is the filsie English and
Hindi have the same ranking). The term “Hindi laage” however does
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not refer to a well-defined and clearly standardileaguage but rather to a
relatively large group of dialects wherein intergual understanding is al-
ways possible (just as English in the UK and th¢.US

Written using the Devanagari script, Hindi contaghsven vowels and 33
simple consonants, and along with nasal symbols as@nusvar §') and
anurasik (¢"), and a symbol for weak aspiration visgas:{ (although
very rare in this language). Generally no distorcis made between up-
percase and lowercase letters.

In Hindi grammar [Kellogg 1938] there are only twyenders, masculine
and feminine, while the neuter found in Sanskris deésappeared. Femi-
nine nouns are usually formed from the masculiitege by replacing the
final ‘-3m'(‘ =) by -&'(' ") (e.g., ‘&@=1” (horse), 681" (mare)) or by adding
‘-3’ for nouns ending with a consonan&&t” (monkey), ‘ded” (female
monkey)). As for number, a distinction is madensstn singular and plu-
ral.

This language makes no use of a definite artitle)(tand instead placing
prepositions before the noun, it positions therargk.g., “on the table*
“table on”) in the form of postpositions. These ased in certain Western
European languages such as German in the exprésggor-lussentlandg
(“along the river”)), while in other European languagessofope the use
of this linguistic construction is clearly the eptien.

Nouns and adjectives may have also two distinahgratical cases, direct
and oblique. The direct case normally case indg#te subject of a verb,
while the oblique case might be combined with positgons to form other
object or adverbials complements (e.g., “John garbsneto Fido in the
garder).

Number and case are expressed by inflectional&sffand in part by add-
ing certain particles to the stem or base form.obtin the oblique singu-
lar form, most masculine nouns ending i\r*{written as &1 in medial or
final form) inflect their final vowel to &' (*), and those in 3’ to *-@ or
into -¢’. All such nouns inflected in the oblique singutatain the same
form in the nominative plural, while for all othenasculine nouns the
nominative singular and plural have the same form.
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As an example, the masculine noun “horse” is writie ‘izr in the direct
singular while its oblique singular isiYs” and as a rule it is used in con-
junction with postpositions to designate other ctamgents, as in€ig %"
(dative singular). As for plural forms, the dir@atse is written asats” or
the oblique case asisi”.

Hindi adjectives may be either inflected or uniofedl. Uninflected adjec-
tives remain unchanged before all nouns and unteireumstances, the
same as with English adjectives (e.gigx” (beautiful)). All inflected ad-

jectives usually end in 37" (e.g., ‘@ren” (black)) and their inflection de-
pends on the gender and case of the noun they(elter as for masculine
noun ‘erem w1s1” (black horse);'@wrer ws” (black horses) or with feminine
noun in ‘Gret faeeh” (black cat),"wrer fafeesn” (black cats)) [Kellogg

1938].

Derivational morphology in Hindi takes place thrbugdding a suffix to
the stem, and typically the stem’s part-of-spede®3) changes once the
suffix is added (e.g., -ial’ in “commerce” and ‘ttonercial). In most
cases the derivation is performed without modifyihg stem itself, as in
“@faan” (lightness) from eg” (light), although some changes do occur
when forming adjectives, such asriies” (worldly) derived from &ar”
(the world).

The Hindi vocabulary is borrowed from both the $aihsand the Persian
languages (with many terms also borrowed from Araf Persian), and
as such Hindi may thus have two distinct words tliagahe same item or
a similar object (e.g.,g&7%” from Sanskrit or féare” from Persian). In

these cases one is usually reserved as a techericahnd the other for or-
dinary language. While this phenomenon is not omkmin English (e.g.,

“car” and “automobile” or “film” and “movie”), it ocurs more frequently
in Hindi and thus may impact retrieval effectivesies

3.2 Key Features of Marathi Morphology

Marathi is spoken in western India by about 70 ionllpeople, and thus
ranks fourth among the languages spoken therein Asher languages it
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may include various dialects, along with certaiellpg and phonological
variations.

Marathi is written in the Devanagari script as wadl another variant, the
Balbodh script. Marathi contains 52 letters, ofckhonly 50 represent dis-
tinct sounds. These sounds are expressed by lélvdwaving different

initial-leading forms and also different shapes walowing consonants.

There are 36 consonants in all, including two coumgbconsonants as
well as nasal symbols.

As in Sanskrit, Marathi nouns may have three ptsgjbnders (masculine,
feminine and neutral) and be singular or pluratimber [Navalkar 2001].
Masculine, feminine or neutral noun forms are deithrough applying
regular and simple rules (for example, a chagm” (masculine), #gerft”
(feminine), ‘geo1” (neutral); or for a doggam" (masculine), 3" (femi-
nine),“g>" (neutral)). As in other languages there areaieréxceptions,
such as the noun “camel” which has two distincif®r(“s¢” (masculine),
“ars” (feminine)).

The plural form of nouns depends on their gendéasculine nouns end-
ing in ‘-3 become plural by changing the final vowel intg’;-while oth-
ers normally remain unchanged. The plural forrfeafinine nouns is usu-
ally derived by replacing the tailingst- by ‘-3’ or by adding ‘3. Neuter
nounsending in‘-t’ usually become ¥ in the plural, while the rest be-
come ‘T’. Table 1 depicts few examples.

Marathi is an inflected language with eight granmpatcases (nominative,
accusative, instrumental, dative, ablative, geeijtiocative, and vocative).
A noun’s inflectional termination depends on itse&anumber and gender,
thus giving it a complex morpho-syntaxical constiart that can be found
in other Indo-European languages, such as Czechajido & Savoy
2010].
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Case | “House” | “wise” (masc)
Singular Plural Singular Plural
Nominative W o QrgToT QrEToT
Accusative W o QrgToT QrEToT
Instru- | by ERG| erielt oA QBT
mental | with et " QreToaet Qe
Dative el -F Wi -F - | EUAE - H QETUATA — &
Ablative ogEd g QIR QETUITE
Genitive BRicil TRI eoaTEr - - | QEa — = - =
Locative ey it QIRTTAd Qe
Vocative T it QreToaT QrEToT

Table 1. Examples of Marathi noun and adjective ddination

The examples shown in Table 1 demonstrate how a nway change its
stem thus forming what is known as a crude (urtfieisor imperfect) form
in order to accommodate the various case termimaifje.g., the wortex”
(house, nominative singular) beconigsr” (instrumental, dative, ablative,
genitive and vocative singular)). The crude fornussially formed by un-
ion of demonstrative pronoutw’ (e.g., ‘3@’ (mango) +3ar' =“3fear”) or
' (“fFia” (wall) + 8 =“f¥A") with a noun. In certain declinations, these
pronouns may also take on their impure forgwsfor ‘ar (e.g., &R" + '3

= “gx1") and T for ‘§’ (e.g., ‘®ur” (tale) + T = “=A”"). Proper names for
persons and certain terms used to express resgect the a1 in the
crude-form thus thughe name Ravijifasit” becomes trasien” (to Raviji)
and not {rasaren” [Navalkar 2001].

In Marathi an adjective may be inflected accordimghe noun to which it
is attached. When the adjective endsam it is generally inflected other-
wise it remains unaltered before the noun it giedif Finally, when an ad-
jective is used as a substantive it is declineduaf (see examples in Ta-
ble 2).
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“Good” Singular Plural
masculine Aarer farel
feminine iarelt ey
neuter et Eioc

Table 2. Examples of gender-number agreement
for the noun “good”

In Marathi there are four distinct ways of constiug derivational mor-
phology. First, are the primary derivatives wherdy the radical vowel
and/or consonant are modified (e.git” (an eye)— “sig” (an eyelet or
a little hole)), and second those derivatives incla prefix or a suffix is
added to a given stem (e.gggt&t” (mischief) — “T@rzey” (mischievous)).
This method is generally applied when in the deéiavaof new words
adapted from the English language (e.g., from thistwe get the adjec-
tive “historic” or the related noun “prehistory”A third method of form-
ing new words involves reduplicates (e.gapetara”, literally “red red”,
meaning “very red”), and finally when, two (or mprgords are concate-
nated to from a new compound construction (suchr@a’(battle) + ‘4f&”
(field) ="“zoregf@” (battlefield)).

3.3 Key Features of Bengali Morphology

About 180 million people speak Bengali (or Banglajhe eastern part of
India and in Bangladesh, and thus it ranks secandng the languages
spoken in India. Although closely related to thaed in Hindi, Bengali

has its own script and an alphabet consisting of@%onants, 11 vowels
along with five modifying symbols.

While the adjectival and nominal morphology in Balngs very light, its
verbs are highly inflected. Nouns are inflectedoading to seven gram-
matical cases (nominative, accusative, instrumgrdhblative, genitive,
locative and vocative), number (singular, plurahdadeterminers. The
vocative is included in this list, yet strictly sgkéng it is not a case because
it is identical in form to the nominative and candistinguished by various
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prefixes. Note that adjectives are invariable, #ns simplifies the auto-
matic processing of Bengali texts.

Bengali makes no use of gender distinction and &tilusouns are declined
using the same terminations. Stems are usuallgffexdtted by the applica-
tion of inflections and case-marking patterns magehd on a noun’s de-
gree of animacy (e.g., human beings, living bewtgger than human or in-
animate objects). The noumsts” for example appears as such in the
singular nominative, instrumental and ablative sasmit varies in other
cases sigE” (accusative, dative) sz (genitive) and Swere” or “ s
(locative) while the plural forms of this noun aresw=r”, “se«” and
“smema” [Beames 1891]. To express correct meaning moeeigely, Ben-
gali makes use of postpositions rather than thpgsigons found in Eng-
lish.

The determiner in Bengali is attached to the naia auffix. The definite
article for example adds the suffixr-or *-f&' in the singular or adds the
suffix ‘-@&’ (animate) or the suffixess= or *-sfF" (inanimate) for plural.
Particles representing determiners must be plaeéard the case ending
(e.g., =" (student) gives#mt=" (the student’s) and=fama” for the plural
(the studenty).

Note that additional suffixes may be found, suclthase added to indicate
measure, words added after the numeral and thesentlimally precede
the noun. This suffix then become®’‘{the same as the definite article) or
‘-@rr (reserved for persons)s(Essa @ — “many peopls).

4. Suggested Stemming Strategies

In creating stemming procedures for the three méhaguages we adopted
light stemmers, the same strategy we have suggésteather European
languages over the past few years [Savoy 2006;miol& Savoy 2010].
In our opinion effective stemming should focus nhaion inflectional suf-
fixes attached to nouns and adjectives (sustaimogt of a document’s
meaning) and ignoring numerous verb forms. Atténgpto conflate all
verb forms under a common stem tends to generate stemming errors
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than benefits. Moreover, stemmed forms obtainethbyremoval of suf-
fixes related to number, gender and case variatemd to contain less er-
ronenous forms and preserve more often the comeetning of word in-
volved. Additionally, most users are more capaifleinderstanding the
results of a light stemming procedure returningdiotionary entries (“ini-
tiatives” — “initiative”) than a more aggressive procedureuneing ob-
scure terms (“initiatives™ “initi”).

The “light” stemmers used in our experiments remonly the inflectional

suffixes from nouns and adjectives, not taking iatcount for exceptions
present in all natural languages (e.g., “mice” amduse). For the Hindi
language, we suggested a light stemmer based aneéX) while for Mara-

thi we created 51 rules and for Bengali 70 rules.

Suffixes may also be used to derive new words feostem, usually by
changing its part-of-speech (POS) (e.g., “care” &Gadeful” or “careful-
ness”). Thus for each language studied we alspgsexrl and evaluated a
more aggressive stemmer that not only removed rtfiectional suffixes
from nouns and adjectives, but also removed adiitumber of deriva-
tional suffixes. To develop this more elaboratsrsher (denoted “aggres-
sive” in our experiments), we have designated 48srtor the Hindi lan-
guage, 31 rules for Marathi and 85 for Bengali.

Finally, to identify pertinent matches between skdteywords and docu-
ments we removed very frequently occurring insigaifit terms such as
“the”, “but”, “some”, “we”, “that” and “have”. Fdbwing the guidelines
provided by Fox [1990], we proposed a stopwordd@ttaining 165 Hindi,

114 Bengali and 99 Marathi terms. These lists watber conservative
and thus mainly included only determinants (e.the™ “this”), postposi-

tions (“in”, “near”), various pronouns (“we”, “my”and conjunctions
(“and”, “while”, “because”). They were also rathshort compared to
other Indo-European languages, (e.g. for the Bmdgisguage the SMART
system [Salton 1971] suggests 571 words).
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5. Test-Collections

The evaluations reported in this paper were basethe test-collections
built for the Hindi, Marathi and Bengali languaghsring the first FIRE
2008 evaluation campaign. The corpora consistegfspaper articles ex-
tracted from thelagran newspaper for the Hindi language, from a-
harashtra Timesnd Sakalfor Marathi (articles spanning the period April
2004-September 2007) and from CRIAfandabazar Patrikda newspa-
per edited by ABP Ltd) for Bengali. The encodinygtem used for both
documents and topic formulation is UTF-8.

Hindi (Hr) Marathi (R) Bengali BN)
Size (in MB) 718 MB 487 MB 732 MB
# of documents 95,215 99,357 123,047
# of distinct terms 127,658 511,550 249,215
Number of indexing terms per document
Mean 356.2 264.6 291.88
Standard deviation 400.43 188.96 180.62
Median 256 222 265
Maximum 6,998 5,077 2,928
Minimum 0 28 0
Number of topics 45 73 75
Number rel. items 3,436 1,534 2,610
Mean rel./topic 76.4 21.0 34.8
Median 67 16 28
Maximum 194 (T#60) 123 (T#4) 149 (T#32)
Minimum 1 (T#59,T#66) 1 (T#12, #23) 4 (T#23)
1 (T#47, #50, #72)

Table 3. FIRE 2008 test-collection statistics

Table 3 lists statistics on the three corpora, shgwhat the Hindi and
Bengali collections are similar in size (in MB) Whthe Marathi is smaller.
In terms of numbers, the Bengali corpus contaires léngest number of
documents, while the Hindi or Marathi collectionsntain a relatively
similar number. The Hindi corpus has a greaternm#@cument length
(based on the mean number of indexing terms pmiearfollowing stop-

word removal). The Bengali and Marathi corpora ehaimilar mean
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document lengths (about 275 indexing terms/artidd@sed on the same
measuring technique.

The Hindi, Marathi and Bengali language test-coitets used in this study
contain 45, 73 and 75 topics respectively. Thelavie topics cover vari-
ous subjects (e.g., Topic #028: “Iran’s NucleardgPamnme,” Topic #034:
“Jessica Lall Murder,”) covering cultural issuesoplc #041: “Kolkata
Book Fair 2007” or Topic #070: “Remake in Bollywdpdscientific prob-
lems (Topic #045: “Global Warming”) or sports (Togi073: “Zinedine
Zidane's headbutting incident at the World CupQertain topics seem to
be more national in coverage (Topic #041: “New Labloaws in France,”
Topic #058: “Thailand Coup”), while for others theal subject being cov-
ered is sometimes difficult to determine, at |dzsted on the title section
(Topic #049: “World wide natural calamities,” Top#052: “Budget 2006-
20077). Topic descriptions tend to contain mangpar names (e.g., geo-
graphical with “Singur,” “China,” “Kolkata”, pers@h names such as
“Bush,” “Sania Mirza,” or products such as “Prinaaid “Bofors”), as well
as acronyms (“ULFA,” “CBI,” “HIV,” “LOC").

Based on the TREC model, each topic formulation drasled into three
logical sections. First a brief title (under tlag &nmLe>, see Figure 1) con-
taining between 2 and 4 words, followed by a ongesee description (tag
<pesc>) the user’s information need, and finally, a ative part specifying
the relevance assessment criteria (tagre>). Full examples written in
the Hindi, Marathi, Bengali and English languagesdepicted in Figure 1.
In our experiments and in order to closely refleguest sent to commer-
cial search engines we used only the title patbpic description. This re-
sulted in a mean query size 3.8 search terms fodiHB.79 for Marathi
and 3.65 for Bengali (following removal of stophkgords).

The bottom rows of Table 3 also compare the nunobeelevant docu-
ments per request, showing that the mean was algragser than the me-
dian (e.g., for Marathi, the average number ofvahé documents per
qguery was 21.0, and its corresponding median was Tbese findings in-
dicate that only a relatively small number of raletiitems were found per
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75

<toplang="hi">

<NUM> 30 <Num>

<TITLE> #Rd & Yo A & § # ore] yaG Ied </TITLE>

<DESC> {@#dl & &7 H ool UHIG Ied &1 et </DESC>

<NARR> Y&@ Al & & 3 alle] T HfHH, IMUR WA & T H ¥ A oA ded, AT FIAGS &
aNE 38 gRT UEgd doic & IUIEN, 3T Afh St AT feT & I Yo gHear @ el
G H AT B HHAST TS GIA3 B Hag Yol H MiAS fhar Sme| sa4F remar 3=y
I Fgl G T8 o <INARR> <froP >

<Toplang="mar">

<NUM> 30 <Num>

<TITLE> AR Yed #FAT Feud ol W16 d6a.  </TITLE>

<DESC> #Rd Yed #A FeUA e WG Jreardr HfFdr.  </DESC>

<NARR> T& (cq# Al FEUH dTed! HHeT, Tred Qe aecdid {eded Goliaed YR,
AT FRIFET el IR FeledT Yod IFETTuIbIdel §I el AGAT arar, MY Afrer Iedomsr
HTATT 39S IRUAT-ALY STAnaaeR it 3T aenfavaadie el fder a1 gadeh
A FATAT FETEUATT 31l Ufeet. AT SATARE SR Alfedt I FHIT AT, </NARR>
</ToP>

<TOPlang="bn">

<NUM> 30 <Num>

<TITLE> @ 75 Roi® a1 ow Ims </TITLE>

<DESC> @ W&l TF] oW IMF IR B AN SRS @ WAF A @ 7 I@1 </DESC>
<NARR> G g 9] oMW IMES SHIFE SR @@F foarral, AfFFpmene Safe a3 ey e
I e NF BRI <INARR> </TOP >

<TOPlang="en">

<NuUM> 30 <NUMm>

<TITLE> Laloo Prasad Yadav as the Railway MinisterimE>

<DESC> The performance of Laloo Prasad Yadav and theunrail in his tenure.
</DESC>

<NARR> A relevant document should contain informatibowt the safety measures tak
by the Indian Railways, or infrastructural improvamts planned or undertaken during th
tenure of Laloo Prasad Yadav. Information abospdies / controversies surrounding
Laloo are only relevant if they pertain to the Rays. <NARR> </TOP >

1%

S5

Figure 1. Topic description examples for the HindiMarathi, Bengali
and English languages

topic. For Hindi no relevant records were foundha collection for five
topics (#40, #43, #47, #48, and #50) while for Mardopic #70 (“Re-
make in Bollywood”) did not have any relevant items

Topic #32 (“Relations between Congress and itesllireturned the larg-
est number of relevant articles in the Bengaliemlbn (149), while for
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example, Topic #59 (“Protests by American citizagainst Iraq War”) and
Topic #66 (“Khadim owner abduction case”) returiieel smallest number
of relevant documents (1 in this case and onlyHferHindi corpus).

6. Information Retrieval Models

In order to ensure that useful conclusions woulali@ined when analyz-
ing new test-collections, we considered it impartemevaluate retrieval
performance under varying conditions to form a Hrparspective. We
thus evaluated a variety of indexing and searchatspdanging from clas-
sicaltf idf indexing schemes to more complex probabilistic elad

To evaluate and analyze different stemming appresahith respect to
various IR models, we first used the classigatlf vector-space model
wherein the weight attached to each indexing tems the product of its
term occurrence frequenctf;(for indexing term;tin document ¢ and the

logarithm of its inverse document frequeniif;. To measure similarities
between documents and requests, we computed tlee product after
normalizing (cosine) the indexing weights [Manngtgal 2008].

Better weighting schemes have been suggesteddaretttor-space model,
especially in cases where the occurrence of a iterndocument might be
viewed as a rare event. A good practice may tleu® assign more impor-
tance to the first occurrence of a term compareitistsuccessive and re-
peating occurrences, where tifiecomponent is computed as thetfing¢ 1
or as In(Inff)+1)+1. A term's presence in a shorter documeghtralso
provide stronger evidence than in a longer documdrd take document
length into account we could make use of more cemiR models, in-
cluding theLnu-ltc forms suggested [Buckley et al. 1996]. In thiseca
Equation 1 calculates the indexing weight assignetbcument termLfiu)
while Formula 2 gives the indexing weight assigteduery terml{c).
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(Qn(tf“) +%1(mean tf) +)j

Wi = (1-slopg [pivot+ slopelnt, 1)
W = (inctf,,) + 1)0idf,

y In(tf,,) +1)idf, )
\/k=1 (( ) ) 2)

where ntis the number of distinct indexing terms in docube@mndpivot
andslopeare two constants used to adjust term weight niazaten val-
ues, according to document length. This formutapeevents the retrieval
system from overly favoring short documents comgpdcearticles longer
than the mean, depending on fieot value.

To complement this vector-space model, we impleptettiree probabilis-
tic models representing three different paradigrRgst, we implemented
the well-known Okapi (or BM25) approach [Robertsral. 2000], regu-
larly producing high retrieval effectiveness on igas test-collections.
Second, we included a model derived friivergence from Randomness
(DFR) paradigm [Amati & van Rijsbergen 2002], conibhg two informa-
tion measures formulated as:

wi = Infy(th) - Infy(tf) = —log[Prob'(tf)] - (1 — Proby(tf) (3)
where for the first information factor, Pquttf) represents the pure chance
probability of findingtf; occurrences of the termih a document. If this
probability is high, term;tmay correspond to a non-content bearing word
within the context of the entire collection [Harte®75] and otherwise if
Prol(tf) is small (or if —log[Probi(tf)] is high), the term;twould provide
important information regarding the content of tecument d The sec-
ond information measure depends on I@}p(d)b, the probability of having
tf+1 occurrences of the terp knowing thattf occurrences of this term
have already been found in document To implement these two underly-
ing probabilities, we selected the J@2 model based on the following
formulae:
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Inflij :tfni,-- log[(n+1) / (het0.5)] 4)
withne=n - [1 — [(-1)/n]1Ci ]
andfn; =tf; - log[1 + ((c - mean di/l;)]
Prob = 1 - [t +1) / @f - ¢fny + 1))] ()
wheretg; indicates the number of occurrences of tgrim the collectionn

the number of documents in the corposgan dlthe mean length of a
document and| the length of document.d

Finally we also used an approach based on a larguadel (LM) [Hiem-

stra 2000], known as a non-parametric probabilistmdel. Within this

language model paradigm various implementations ssmdothing meth-
ods [Zhai & Lafferty 2004] might also be consideradd in this paper we
adopted the model proposed by Hiemstra [2000] asrieed in Equa-
tion 6, using the Jelinek-Mercer smoothing and domlg an estimate
based on document (A[t]) and one based on the entire corpus [[E]}).

Probl[q | g] = Prob[d " [Tjoq [A; - Probfj | d] + (1-Aj) - Probfj | C]]
tfji df
with Probl[t| d] = (l_”] and Probijt| C] :(l_clj withlc = yar, (6)
i k=1
where); is a smoothing factor (fixed at 0.35 for all indexterms ), df
indicates the number of documents indexed withtém §{, andlc is a
constant related to the underlying corpus C.

7. Evaluation

To evaluate the various indexing and search siegege adopted mean
average precision (MAP) method of measuring reatieperformance
(computed by tharec_EvAL software based on a maximum of 1,000 re-
trieved records). Used by all evaluation campaifgmsaround 20 years,
this performance measure is able to objectively gamm various IR mod-
els, especially their ability to retrieve relevaeins @d hoctasks) [Buck-
ley & Voorhees 2005].
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Using MAP to measure a system’s performance sggiiffnat we attached
equal importance to all queries. Comparisons batwevo IR strategies
would therefore not be based on a single query witipect to those avail-
able in the underlying test-collection or specificareated to demonstrate
that a given IR approach must be rejected. Thubelieve that it is im-

portant to conduct experiments involving the latgesssible number of
observations (between 45 and 75 queries in ouuatiahs, depending on
the language).

To statistically determine whether or not a givearsh strategy would be
better than another, we applied the bootstrap ndelbgy [Savoy 1997].
This led to a conclusion very similar to that oé titest method but did not
require parametric assumptions [Abdou & Savoy 2006] our statistical
tests, the null hypothesisoHstated that both retrieval schemes produce
similar MAP performance. This null hypothesis wbble accepted if two
retrieval schemes returned statistically similar RjAtherwise it would be
rejected. Thus, in the experiments presentedisnpidwper, statistically sig-
nificant differences were detected by a two-sidest (significance level

o = 5%).

7.1 IR Model Evaluation

We evaluated the various IR models described imptbgious section, ap-
plying them to the Hindi (see Table 4), Marathi lflea5) and Bengali test-
collections (Table 6). These report the MAP achieby the IR models
when applying the three different stemming straedor the Hindi and
Marathi (e.g. “None”, “Light” and “Aggress”), anadr for Bengali (e.g.
“GM” was added to the other three stemming schembisgach table, the
last two columns list the retrieval performancesdoiced by two language
independent indexing strategies. Listed underhtbading “Trunc-4” in
these tables are the results of simply truncatiegtérm into its first few
letters (e.g., “goodness” generates “good”), whdeed in the last column
are the results of evaluations obtained by appliieg4-gram indexing ap-
proach (e.g., “minister” gives “mini”, “inis”, ..., ster”) [McNamee &
Mayfield 2004; McNameet al 2009]. The fixed length of 4 was selected
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for both the truncating angtgram methods because it produced the best IR
performance for all three languages.

Table 4 lists the best performance results forHhwli language, obtained

by either the 1(§C2 model derived fronDivergence from Randomness
paradigm or the vector-spat@u-ltc. As shown in bold in Table 4, this
latter scheme performed best when we applied aresgige stemming or

when we ignored this word normalization procedufables 5 and 6 show

that for both Bengali and Marathi the best perfoignmodel was always

the I(n)C2 approach.

Mean Average Precision
None Light Aggress YASS Trunc-4 4-gram

tf idf 0.1548t | 0.17561% 0.17481 0.1588f  0.198Ft  0.17%0%
Lnu-ltc 0.2368 | 0.2844* | 0.2981* | 0.2843 | 0.2852 0.2516
Okapi 0.2179 | 0.2601*% 0.28117 0.2598  0.2867* 0.2495t
I(ne)C2 0.2311 | 0.2692* | 0.2936* | 0.2753 | 0.2966* | 0.2629

LM 0.18721 | 0.23691% 0.2640tF 0.2368ff 0.27301* 0219
Average 0.2056 0.2452 0.2623 0.2430 0.2680 0.2318
% change +19.3%  +27.6% +18.2 +30.400  +12.8%

Table 4. MAP of various indexing strategies and IRnodels
for the Hindi language (45 queries)

A difference in mean performance, particularly wisemall, did not always
indicate differences that might be clearly percéiby the final user. A
cross (“1”) in these tables indicates which ret@lemodels that resulted in
statistically significant performance differenceempared to the best per-
forming models. In this case, the classidatlf vector-space model and
the language model (LM) typically resulted in sigrantly lower perform-
ance levels. For the other models, the outcomedaccording to the
language and the indexing scheme involved. lbisdver evident that per-
formance differences between theu-ltc and 1(R)C2 for the Hindi lan-
guage were never significant, while for the Bengalipus performance
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differences between the Jj&€2 and the other approaches always tended to
be significant (exceptions can be found only in tNene” column, see

Table 6).
Mean Average Precision

None Light Aggress YASS Trunc-4 4-gram
tf idf 0.1844t1 | 0.1920t1| 0.2518f* 0.18861  0.2299t  0.2394%
Lnu-ltc 0.2152t | 0.2542t% 0.3085%  0.2507f  0.3137* 0.2929t*
Okapi 0.2359 0.2759* 0.3438| 0.2626 0.3307*| 0.3268*
I(ng)C2 0.2416 0.2839*| 0.3517* 0.27707 0.3368* 0.3418*
LM 0.2232 0.2480t1| 0.3027% 0.2472F  0.3102* 0.2929t*
Average 0.2201 0.2508 0.3117 0.2452 0.3043 0.2988
% change +13.9% +41.6%  +11.4%  +38.3% +35.§%

Table 5. MAP of various indexing strategies and IRnodels
for the Marathi language (73 queries)

Mean Average Precision
None Light Aggress YASS GM Trunc-4 4-gram

tf idf 0.18761 | 0.2015t1] 0.21441* 0.2247t* 0.21141* 0.21021.1987t
Lnu-Itc 0.2539 | 0.28971% 0.29791F 0.30581* 0.2831ft* 0.324219.2590t
Okapi 0.2662 | 0.2966ff 0.30661* 0.30661* 0.28931*3310t*| 0.2662t
I(ng)C2 0.2628 0.3064*| 0.3132*% 0.32437 0.2990* 0.3390* BR8
LM 0.23531 | 0.26831% 0.2780ffF 0.2747%* 0.2585f* @129* | 0.2418ft
Average 0.2412 0.2725 0.2820 0.2878 0.2683 0.2998 .2490

% change +13.7%  +17.7% 20.1% +11.9% +25% +4.2%

Table 6. MAP of various indexing strategies and IRnodels
for the Bengali language (75 queries)
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7.2 Stemming Evaluation

The Hindi, Marathi and Bengali morphologies are encomplex than that
of the English language and thus for the former #P could be im-
proved by applying a stemming procedure that waddflate different
surface words having similar meanings under theesst@em or indexing
unit. If this assumption is true, we could themsider a variety of stem-
ming strategies, be they light or more aggressiMee question then arises
as to whether stemming would affect IR performanfcesthese various
languages and to which extent?

Table 4 (Hindi), 5 (Marathi) and 6 (Bengali) ligtee results of our first re-
trieval performance evaluations in which the stengnivas omitted, and
lists the MAP values under the “None” column. Thight” column lists
retrieval performances obtained by applying a ligfeimmer and the “Ag-
gress” column a more aggressive stemmer. We alaluaed the per-
formance of the stemmer proposed by Gungaly & M2@08] (GM) for
the Bengali language only.

We listed in the last but one line the averagaeedt performance for all
five IR models (to obtain an MAP overview for eashthese stemming
strategies). Finally the last row (labeled “% oeii) lists the results com-
puted based on comparing the percentage improvetoghe mean per-
formance, obtained when we ignored the stemmingestéisted in the
“None” column).

The last two rows in the above-mentioned tablesvshow all approaches
applying stemming performed more effectively thhose indexing strate-
gies that omitted stemming, and this finding hdigisall three languages
studied. More precisely, for the Hindi languageréhwere relative in-
creases ranging from 19.3% with a light stemme2#®% with the more
aggressive approach. For Marathi this increasefmas 13.9% with the

light stemming approach to 41.6% when the aggressiemming method
was performed. Finally for Bengali the range oprmvement was rela-
tively similar across all three stemmers, rangiragrf 11.9% with the GM
stemmer to 17.7% for the aggressive stemmer. Basethis data, we
found that a more aggressive stemmer tended tdt reaetter MAP while
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for some languages (e.g., Bengali) the performatiierence between a
light and an aggressive stemmer was not significaltoreover, when

compared to those found for certain European lagggiaghese relative im-
provements were quite large (e.g., 4% for Enghsh% for Dutch, 7% for
Spanish, 9% for French, 15% for Italian, 19% for@an, 29% for Swed-
ish and 40% for Finnish [Tomlinson 2004] and 45%Q@aech [Dolamic &

Savoy 2010]).

When the no stemming approach was taken as amaseld after applying
statistical tests the differences between this @gr and the other word-
based approaches were very often statisticallyifgignt (marked with “*”

in the tables) for all three languages tested. Marathi there were only
two exceptions found (see Table 5), where perfooeatifferences result-
ing from the classicaf idf or the LM models cannot be viewed as signifi-
cant (f idf: 0.1844 vs. 0.1920; LM: 0.2232 vs. 0.2480).

To analyze the effect of applying a stemming, wequmed a query-by-
guery analysis, concentrating on DFRgJ@R, the best performing retrieval
model, and for each query comparing average poeci@hP) before and
after applying a stemmer.

For Hindi we found the first explanation for thimproved performance
resulting from applying the stemming approadrhe topics and their cor-
responding relevant documents contained the sanmrd Wwot were ex-
pressed in different grammatical cases. Even thahg two strings were
not identical before stemming, they were indeedflated to the same
stem, thus resulting in the best performance. W&xample, the title of
Topic #33 (“President Bush visits India”) containetier” and ‘®Rd”
(“Bush” and “India” respectively, in direct cas&jhile a large number of
relevant documents containegrif” (“Bush”) or “#ci@” (“India”) in the
oblique cases.

In Marathi case, Topic #41 (“New labor laws in Fraf) could serve as an
example demonstrating the second advantage ofiagystemming pro-
cedure. The topic title contains the terw=g” (“France”) while the rele-
vant documents contain the following terngs=&3”, “ we=aar”’, “ weaadr

all of which are conflated to the same stem byatpgressive stemmer and
thus resulting in average precision changes fr@Xl (“none”) to 0.6389
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(“Aggress”). The topic title also contains the notwrae” (law) while
some relevant documents contain only the derivatit@rm ‘eI’
(legal). With the light stemmer, the various soefdorms were not con-
flated under the same stem.

For Bengali the largest AP differences between different indexing
strategies were observed with Topic #58 (“Thaila@wap”). The term
“aemer” (“Thailand” in the genitive case) was only foum the topic
formulation, while the termssfms” and “wzemez” found in relevant
documents had been conflated to the same stenfi &Kiemming strategies
applied, thus resulting in much better AP for tlpafrticular stemming
method. Certain relevant documents contained heme form siEems”,

a different spelling of the country name.

7.3 Word-Based vs.n-gram Indexing Strategies

The last two columns of previous tables reportrdsults of our tests on
the Indian languages: Hindi, Marathi and Bengalbvging the retrieval
performances obtained by “Trunc-4" and “4-gram’€ tlwvo language inde-
pendent approaches we applied. For these indestratggies we ignored
the each language’s underlying morphology and syrsasuming that the
first part of the word (trun@ or character sequence-gram) would pro-
vide the information needed to obtain a pertineatam between the search
keywords and document surrogates.

Based on the retrieval performances obtained fer Hindi (Table 4),
Marathi (Table 5) or Bengali (Table 6) languagés simple trunay (or
trunc-4 in our evaluation) resulted in high perfarme levels. On average
for both Hindi and Bengali this indexing approaed to the best retrieval
effectiveness. Moreover with thregram approach the mean performance
differences were relatively large (Hindi: 0.2684 0.2318, -13.6%; Ben-
gali: 0.2998 vs. 0.2497, -16.7%) while for Marathe average retrieval
performances were similar (0.3043 vs. 0.2988, -1.8%

To verify whether these differences might be com®d significant we per-
formed a statistical test using the “trunc-4” inahgxapproach as a baseline
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with both the Hindi and Bengali languages. Fordilitsee Table 4) per-
formance differences were always statistically sigant when compared

to “None” and “4-gram” (except faf idf model). When compared to light
and aggressive stemming approaches, the differeviteshe trunc-4 were

never statistically significant. For Bengali (SEgble 6) however the per-
formance differences were never statistically sigant when compared to
the aggressive stemming approach, yet for otheroagpes they were
mostly significant (except fdf idf model).

For Marathi (Table 5) the best overall performanas achieved using the
aggressive stemming approach. Using this besbimeance as baseline,
the performance differences were always statigyicgsignificant when
compared to “None” or with the light stemming apgmb, but they were
not significant when compared to “Trunc-4” or “4agn” strategies.

To provide a more complete picture we should mentiwat for Bengali
and Hindi, the MAP differences between “None” angrdm indexing
strategies were never statistically significant.

To obtain a better understanding of when word-basethnguage inde-
pendent indexing strategies performs best, we aedlg few specific que-
ries. As a first explanation for performance difeces, we noted certain
spelling variations in topic formulations and ideseant documents. With
the Hindi corpus for example in Topic #44 (“Terstrattacks in Britain”)
the term terrorist was spelledidirasardl” while it was spelled Smdasardr”

in the relevant documents. In the Marathi corpeesfound a similar situa-
tion with Topic #39 (“Attacks on American soldiers Iraq”) where the
corresponding script wasiigrwie” while in the relevant documents it was
“gigewic” or “giFaEwie”. In these cases the 4-gram was the best perform-
ing strategy, which produced at least one matchttiertwo terms. In
Marathi we also encountered a spelling problemnalBopic #9 with “Is-
rael” being spelled Zareer” in the topic formulation andz&Ea” in the
relevant documents. In this case also the 4-gigpnoach performed bet-
ter than a word-based indexing scheme.

For the Marathi case, Topic #41 (“New labor law$-rance”) can be cited
as an example of a improved retrieval effectiveriebswing the applica-
tion of a word-based indexing approach. The tolie contains the term
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“wr=a” (“France”) while the relevant documents contalre tfollowing
terms tp=Ea”, “weaar’, “weaaar’ all of which were conflated to the
same stem by the aggressive stemmer and thuseesala change in av-
erage precision from 0.1946 with trunc-4 to 0.63@¢h the aggressive
stemmer, due to over-stemming by trunc-4 strate§pr this query the
fixed limit of 4 was clearly too small.

7.4 Stopword List Evaluation

During the indexing of documents or queries, iassumed that very fre-
guent word forms having no precise meaning (ethe™ “you”, “of”, “is”)
may be removed. In fact, each match between aycued a document
should be based on pertinent terms, rather thaieviety documents sim-
ply because they contain words such as “an”, “oars’but”.

In our final experiments we compared the retri@ftdctiveness of various
IR models, with and without the suggested stopwistgl for each of the

three languages studied. For the Marathi langgestopword list con-

tained 99 words) and the mean difference over it rietrieval models

tested was around 1%, while for Bengali (114 stapiwpthis difference

was around 2%. For both these languages the eliifes were never sta-
tistically significant.

For Hindi (165 forms in the stopword list) howevwbe mean differences
between various search models with or without dpgly stopword list
were larger. Table 7 shiws by the results obtaimkdn ignoring the stem-
ming stage (columns labeled “No stemmer”) and a#ftgplying a light
stemmer (“Light stemmer). As we can see in thetlas rows, the average
performance differences were around 20% for bo#imsting strategies.
Using the retrieval performance with stopword realcas a baseline, any
significant MAP differences detected were alsoelistin Table 7 and
marked with the symbol “*”. As can be seen thdal#nces were always
statistically significant, except for those obtalngsing theLnu-ltc model,
with no stemmer applied (0.2368 vs. 0.2182).
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Mean Average Precision
No stemmer Light stemmer

With Without With Without
tf idf 0.1548 0.1024 0.1756 0.1187
Lnu-ltc 0.2368 0.2182 0.2844 0.2547
Okapi 0.2179 0.1593 0.2601 0.1969
I(ne)C2 0.2311 0.2029 0.2692 0.2374
LM 0.1872 0.1664 0.2369 0.2138
Average 0.2056 0.1697 0.2452 0.2043
% change +21.2% +20.0%

Table 7. MAP with and without stopword removal
for the Hindi corpus (45 queries)

Based on an analysis of mean query length acresthtbe languages, we
found that removing the stopwords only slightly mpped the averages for
the Marathi (from 4.04 to 3.78 search terms) ordadinlanguages (from

3.80 to 3.64 terms). For the Hindi however thigedence was somewhat
greater, decreasing from 4.80 indexing terms witlstepwords removal to

3.8 terms if this step was performed.

This important improvement resulting from stopwasioval for Hindi
can be patrtially explained by an analysis of Te{#i€ (“Relations between
India and China”) showing an AP of 0.2690 after osal vs. 0.0532 be-
fore stopword removal. The situation was similathwlopic #38 (“Un-
easy truce between Greg Chappell and Sourav Gdhguith an AP of
0.6055 (after) vs. 0.2221 (before) or Topic #54 IfHand AIDS epi-
demic”) providing an AP of 0.7271 vs. 0.2929 (befor In these three top-
ics, it is the term 3R” meaning “and” that makes the difference. This
word did not have high document frequency becauiser avords can be
used to express “and” in Hindi (in fact the undexydocument frequency
Is similar to a word like “China”). This resulted the term being in-
corectly viewed as pertinent for the given queded thus hurt the result-
ing retrieval effectivness.
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8. Conclusion

This paper presents the main morphological chamatitss of the Hindi,
Marathi and Bengali languages. To facilitate IRm@pions in each of these
Indo-Aryan languages we suggest two algorithmimsters, one removing
only inflectional suffixes (denoted “Light”) and second also removing
certain frequently occurring derivational suffix@sted our tables under
the heading “Aggress”). To compare these word-tbasdexing models
with language independent approaches, we alsodachnn-gram and
trunc indexing scheme. We also propose a stoplistdoh®f these lan-
guages which for Hindi contains 165 words, 99 foarsthi and 114 for
Bengali.

To evaluate and compare these various indexingoappes, we use five
different IR models corresponding to different pbliistic approaches
(Okapi, one model derived from tlivergence from Randomned3FR)
paradigm, and another a language model) as wélVatvector-space ap-
proaches, namely the classitfadf and the_nu-Itc weighting schemes.

For all three languages and independently of tdeximg approaches, we
find that the 1(QC2 derived fromDivergence from RandomnefSFR)
paradigm tends to produce the best retrieval padoce. Only for the
Hindi corpus (see Table 4) does theu-Itc vector-space model result in
better performances in relation to two indexingtgtgies (applying an ag-
gressive stemmer or ignoring this word normalizaggwocedure). Based
on the application of a statistical test for eathhese three languages, we
conclude that performance differences are statiftisignificant when
comparing the best performing model with both tleesgicaltf idf and the
language model (LM). For the Bengali corpus howevken comparing
the best IR model (IgC2) and the others (see Table 6) the differences a
always significant (denoted by a “1").

Upon an analysis of performance differences regyfiom the application
of the various stemming strategies, we find thatdib three languages a
stemming approach tends to perform significantlifdsehan an indexing
scheme without a stemmer. Moreover, an aggressaramer usually re-
sults in better MAP than a light stemmer, and thesséormance difference
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are even statistically significant although thiddsofor the Marathi lan-
guage only (see Table 5).

Language independent indexing strategies suargram and truner are
valid alternatives, especially for unfamiliar laages. For the three lan-
guages studied, truncation after the firstharacters tends to produce bet-
ter MAP than then-gram scheme. When comparing word-based indexing
strategies using an aggressive stemmer, meandtitfes tend to be rela-
tively small, +2.2% for the Hindi test-collectio®.2680 “Trunc-4" vs.
0.2623 “Aggress”) or -2.4% for the Marathi corp@s3043 “Trunc-4" vs.
0.3117 “Aggress”). For Bengali however mean penfance differences
are larger (0.2998 “Trunc-4” vs. 0.2820 “Aggres$.9%).

When comparing all indexing schemes, we find tbatlie Hindi language
the best approach is either trunc-4 or word-basid @ither a light or an
aggressive stemmer, even though performance diffeeebetween these
three schemes are usually not statistically sigaifi. For Marathi our sta-
tistical tests detect no significant differencesalgen an aggressive stem-
mer, the trunc-4 or the 4-gram schemes. Accortbngur statistical tests
for Bengali both the trunc-4 method and the aggresstemmers lead to
similar performance levels.

When comparing retrieval performances with or withthe removal of
stopword, there appear to be no real and significkiferences for the
Marathi and Bengali languages. For Hindi howewer use of a stopword
list significantly improves retrieval performancegth average differences
being around 20% (see Table 7).
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Introduction

In multilingual countries (Canada, Hong Kong, India, etc.) and large international
organizations or companies (e.g., WTO, European Parliament), and among web users
in general, accessing information written in other languages has become a real need
(news, hotel or airline reservations, government information, statistics, etc.). While
some users are bilingual, others can read documents written in another language but
cannot formulate a query to search it, or at least cannot provide reliable search terms in
a form comparable to those found in the documents being searched. There are also
many monolingual users who may want to retrieve documents in another language and
then have them translated into their own language, either manually or automatically.
Translation services may however be too expensive, not readily accessible or not
available within a short timeframe. On the other hand, many documents contain
non-textual information such as images, videos and statistics that do not need transla-
tion and can be understood regardless of the language involved. In response to these
needs and in order to make the web universally available regardless of any language
barriers, in May 2007 Google launched a translation service that now provides
two-way online translation services mainly between English and 11 other languages,
namely Arabic, simplified and traditional Chinese, French, German, Italian, Japanese,
Korean, Portuguese, Russian, and Spanish (http://translate.google.com/). Over the last
few years other free internet translation services have been made available as for
example by BabelFish (http://babel.altavista.com/) or Yahoo!
(http://babelfish.yahoo.com/). These two systems are similar to that used by Google,
given they are based on technology developed by Systran, one of the earliest companies
to develop machine translation. Also worth mentioning here is the Promt system (also
known as Reverso, http://translation2.paralink.com/), which was developed in Russia
to provide mainly translation between Russian and other languages.

The question we would like to address here is to what extent a translation service
such as Google can produce adequate results in the language other than that being used
to write the query. Although we will not evaluate translations per se we will test and
analyze various systems in terms of their ability to retrieve items automatically based
on a translated query. To be adequate, these tests must be done on a collection of
documents written in one given language plus a series of topics (expressing user
information needs) written in other languages, plus a series of relevance assessments
(relevant documents for each topic).
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Evaluation Campaigns

In an effort to promote information retrieval (IR) in languages other than English and
also to evaluate bilingual searches (queries expressed in one language, documents
retrieved in another), there have been various evaluation campaigns conducted over the
last few years. The first was the Text REtrieval Conference or TREC [1] in 1992,
another took place in 1999 specifically for Far-East languages (the NTCIR series) [2],
and beginning in 2000, CLEF [3] evaluation campaigns have been held for various
European languages. The outcome of all these various international efforts was several
test collections, created in various languages.

For our own tests and in an attempt to objectively evaluate Google’s translation
service, we used collections written in French and made up of articles published in the
French newspaper Le Monde (1994 and 1995), plus others from the Swiss news agency
(ATS, Agence Télégraphique Suisse) published during the same period. These collec-
tions were put together during six CLEF evaluation campaigns and contain a total of
177,452 documents (or about 487 MB of data). On average each article contained
about 178 content-bearing terms (median: 126); not counting commonly occurring
words such as “la,” “de” or “et”). Typically, documents in this collection were rep-
resented by a short title plus one to four paragraphs of text.

These collections also contain 310 topics, each subdivided into a brief title (denoted
as T), a full statement of their information need (called description or D), plus any
background information that might help assess the topic (narrative or N). The topic
titles consist of 2 or 3 words reflecting typical web requests, and are represented by a
set of capitalized keywords rather than a complete grammatical phrase. These topics
cover various subjects (e.g., “U.N./US Invasion of Haiti,” “Consumer Boycotts,”
“Lottery Winnings”, “Tour de France Winner” or “James Bond Films™), along with
both regional (“Swiss Referendums,” “Corruption in French Politics”) and interna-
tional coverage (“Crime in New York,” “Euthanasia”).

2001 2002 2003 2004 2005 2006
Source Le Monde 94 | Le Monde 94 | Le Monde 94 | Le Monde 95 |Le Monde 94-95/Le Monde 94-95
ATS 94 ATS 94 ATS 94-95 ATS 95 ATS 94-95 ATS 94-95
Size 243 MB 243 MB 331 MB 244 MB 487 MB 487 MB
# docs 87,191 87,191 129,806 90,261 177,452 177,452
# topics 49 50 52 49 50 49
Topics #41 - #90 #91 - #140 | #141 - #200 | #201 - #250 #251 - #300 #301 - #350

Table 1. General statistics on our test-collection for each year

Relevance judgments (correct answers) were supplied by human assessors
throughout the various CLEF evaluation campaigns. For example, Topics #201 to
#250 were created in 2004 and responses were to result from searches in the Le Monde
(1995) and ATS (1995) collections, a subset representing 90,261 documents. Of the 50
queries originally available in 2004, we found that only 49 having at least one correct
answer.
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Inall, 11 queries were removed because they did not have any relevant information,
meaning only 299 (310 minus 11) topics were used in our evaluation. Upon an in-
spection of these relevance assessments, the average number of correct responses for
each topic was 30.57 (median: 16), with Topic #316 (“Strikes™) obtaining the greatest
number of correct responses (521).

Information Retrieval Models

To search for pertinent items within this corpus, we used a vector-space model based
on the classical tf idf scheme [4]. In this case the weight attached to each indexing term
in the document (or in the query) was the product of the term occurrence frequency (or
tf) and the inverse of the document frequency (or idf). Based on this formula, greater
importance is attached to terms occurring frequently in the document (tf component),
and in relatively few different documents (idf component).

We also applied the Okapi probabilistic model [5] in which a term’s weight also
depends on its discriminating power (the fact that this term occurs mainly in the rele-
vant or non-relevant items) and on document length (weights attached to longer items
are reduced).

Finally, we also applied an approach based on a statistical language model (LM) [6],
which tries to estimate the occurrence probability of words, or in more sophisticated
models, sequences of two words. In our experiments, the underlying estimates were
based on a linear combination of occurrence frequencies both within the document and
within the entire corpus.

Evaluation Methodology

To measure the retrieval performance obtained with these three IR models, we adopted
a method known as the mean reciprocal rank (MRR) [7]. For any given query, r is the
rank of the first relevant document retrieved and the query performance is computed as
1/r or the reciprocal rank (RR). This value varies between 1 (the first retrieved item is
relevant) and O (no correct response among the top 1,000 documents). It should be
noted here that ranking the first relevant item in second place instead of first would
seriously reduce the RR value, making it 0.5 instead of 1. Similarly, ranking the first
relevant item in the 20th position (0.05) or lower would produce a very small RR. To
measure the retrieval performance resulting from several queries, we simply computed
the mean over all the queries. This value served as a measure of any given search
engine’s ability to extract one correct answer and list it among the top-ranked items.
We thus believe that MRR value closely reflects the expectation of those internet
surfers who are looking for a single good response to their requests.

In IR, not only do we want to measure a search system’s ability to rank one relevant
item, but also to extract all relevant information from the collection [7]. Users want
both high precision (fraction of retrieved items that are relevant) and high recall
(fraction of relevant items that have been retrieved). In other words they want “the
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truth, only the truth (precision), and nothing but the truth (recall)”. To meet this need
we compute the average precision for each query by measuring the precision achieved
at each relevant item extracted and then computing an overall average. Then for a
given set of queries we calculate the mean average precision (MAP), which varies
between 0.0 (no relevant items found) and 1.0 (all relevant items always appear in the
top of the ranked list). Higher MAP values are thus more difficult to obtain than higher
MRR values, due to the fact that the MAP accounts for the rank of all relevant items,
and not just the first one.

Using the mean to measure a system’s performance signifies that equal importance
has been attached to all queries. Comparisons between two different IR strategies
would therefore not be based on a single query but rather demonstrates that a single IR
approach should not be rejected. Our approach is thus based on the importance of
conducting experiments involving a large number of observations (in this study there
were 299).

Finally, in an effort to statistically determine whether or not a given search strategy
would be better than another, we applied the bootstrap methodology [8] in our statis-
tical tests. With this method the null hypothesis Hy stated that both retrieval schemes
produced similar MRR (or MAP) performance, and the null hypothesis would be
accepted if two retrieval schemes returned statistically similar retrieval performance,
otherwise it would be rejected. In this study our experiments detected statistical sig-
nificant differences by applying a two-sided non-parametric bootstrap test (signifi-
cance level o = 5%).

Evaluation of Monolingual and English to French Searches

To define a baseline, we tested three IR models by submitting queries to search our
corpus using the 299 topics written in the French language. The resulting MRR for
topic titles only are depicted in the second column of Table 2 (labeled “Monolingual”)
and the corresponding MAP in the fourth column. We then took this value as a baseline
and compared its retrieval effectiveness with other search models, while applying the
same conditions. For both MRR and MAP, the Okapi model always provided the best
retrieval results, and these results were significantly better than that of other search
approaches.

In a second experiment, we took the English language topics and had them trans-
lated into French using Google’s translation service, and then searched the French
corpus with the translated topics. Through applying these three IR models, our MRR
evaluations produced the results shown in the third column of Table 2 (labeled “From
EN™) or in the fifth column when using the MAP as retrieval effectiveness measures.
In all cases, the Okapi approach performed significantly better than did the two other
IR models.

When comparing original with translated topics, the performances decreased due to
the automatic translation process. For the MRR, this difference was around 12% when
using the Okapi search model (0.6631 vs. 0.5817) while with the MAP, this difference
was slightly larger (0.4008 vs. 0.3408, or -15% in relative value). Taking the column
labeled “Monolingual” as the baseline, retrieval performance differences for the



How Effective is Google’s Translation Service in Search?

97

translated queries are always statistically significant for both the MRR or the MAP, and

for all three retrieval models.

MRR MAP
Monolingual| From EN |Monolingual | From EN
Okapi 0.6631 0.5817 0.4008 0.3408
Language Model 0.5948 0.5093 0.3647 0.3085
tf - idf 0.5072 0.3895 0.2591 0.2091

Table 2. Mean reciprocal rank (MRR) and mean average precision (MAP)
for both monolingual and bilingual searches (299 title-only queries)

Although we know that the mean is a useful method for representing an entire dis-
tribution of observations, it may hide certain underlying irregularities. An inspection
of the MRR performance obtained using the Okapi model for monolingual queries
shows that out of 299 cases, 166 (55.5%) ranked the first relevant document highest,
while for English queries this value was lower (142 queries or 47.5%). Second, a count
of the number of queries ranking a good response among the top five shows that there
were 241 monolingual vs. 213 English queries. A count of the number of hard queries
(those having no relevant document ranked among the top twenty) shows that when
comparing monolingual 30 vs. 60 with English queries, there was a relatively large
difference. Clearly the automatic translation was not perfect and thus the retrieval
quality had been decreased.

The good news was that when using the Google’s translation tool to search a French
corpus based on English queries, the performance difference was not large (-12%)
when compared to the original French queries. There are several possible explanations
for this finding. First, the two languages are related with many words have similar

meanings and some even the same spelling (e.g., “soldiers” and “soldats”, “success”
and “succés”, “quota”, “immigration” etc.). Proper names also have comparable
spellings (e.g., “Clinton”, “Israel”, “Airbus”, “Bosnia” vs. “Bosnie”, “Iraq” vs. “Irak”,
“Alps” vs. “Alpes”). As an extreme example, Topic #280 appears the same in both
languages (“Crime in New York” and “Crimes a New-York”). Secondly, acronyms
tend to be well translated by Google (e.g., “UN” into “ONU”, “EU” into “UE”, “US”
into “USA”). In certain cases English topics even improved the RR performance, such
as with Topic #117 “European Parliament Elections” which is translated as “Elections
du Parlement européen”, while the original form is “Elections parlementaires eu-
ropéennes”. This latter version is more readable in French but includes two adjectives
and only one noun (“élections”). For this query the IR system did not choose the same
stem for the noun “parlement” and the adjective “parlementaires” and thus the trans-
lated query provided better retrieval performance.

Generally speaking a translated topic does not perform as well as the corresponding
original French topic, and based on our experiments with the Google’s translation
service, there are three main reasons for this. First a word’s semantic coverage may
differ from one language to the other. For example, in Topic # 113 “European Cup”,
the word “cup” was translated into the French “tasse” (in the sense of “coffee cup™)
instead of “coupe” (the winner’s trophy). As another example, the word “court” in
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Topic #75 “Euskirchen Court Massacre” could be translated into “tribunal” or “cour”
in French. For this search the most efficient term was “tribunal”, which in French is
used more frequently than “cour”. These examples demonstrate that Google tends to
provide the same translation, regardless of the context. As another example, if we ask
Google to translate “the ink is in the pen” or “the pig is in the pen”, the term “pen”
would always be translated into French as “stylo”, an instrument for writing.

Second, Google is case sensitive and thus it distinguishes between uppercase and
lowercase. For example a request for “made in turkey” and “Made in Turkey” would
not return the same results when translated into French. In the first case Google selects
the animal and in the second the country name. In some topics however Google may
incorrectly tag certain terms beginning with an uppercase letter. With Topic #192
“Russian TV Director Murder” for example, the system assumes “Murder” is a per-
sonal name and thus does not translate it into French (“Directeur russe Murder de TV”
vs. “Assassinat d’un directeur de la télévision russe”). The fact that words appearing in
topic titles beginning with an uppercase letter may thus induce error into the translation
system, causing it to wrongly assume that a proper name is present. A similar case
occurs with Topic #244 “Footballer of the Year 1994” in which the term “Footballer is
tagged as a proper name, or as a word not appearing in the dictionary. In this case
therefore the translation into French contains a spelling error.

Third, when idioms or other compound terms are written with a hyphen, Google and
other automatic translation tools tend to produce a word-by-word translation. With
Topic #261 “Fortune-telling” for example the proposed translation “Fortune-dire”
(with to tell = “dire”) is far from being the correct translation (“Diseurs de bonne
aventure”). Again, in the case of certain idiomatic expressions (e.g., “from the horse’s
mouth”), incorrect translations could occur when using Google or other automatic
translation tools.

Using Other Translation Resources

The evaluations and explanations mentioned above are limited to the Google trans-
lation service and also to very short query formulations pertaining to a limited number
of topic titles. In fact, during the last few years other freely available machine-based
translation services have become available. We thus decided to compare performances
achieved by the Google translation service (limited to the Okapi model), with the
alternative translation systems Babelfish and Promt, when automatically translating
English topics into French. The resulting MRR values are listed in Table 3 and display
a larger query construction. This combination includes the title and descriptive (TD)
sections of the topic formulation, mandatory during the CLEF evaluation campaigns
[3]. Although the title is sometimes ambiguous, the descriptive part may help the
translation system by providing a complete sentence and context, both being useful in
the automatic translation process. For example, Topic #91 is titled “Al in Latin
America” and its descriptive section consists of the following “Amnesty International
reports on human rights in Latin America”. This description indicates that the acronym
Al does not mean “Artificial Intelligence”. Adding the descriptive part increases the
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mean query length to 10.78 content-bearing terms, when with the title section is limited
to 2.86 content-bearing terms.

T Query TD Query
Monolingual 0.6631 0.7360
Google 0.5817 0.6551
Babelfish 0.5653 0.6426
Promt 0.5704 0.6457

Table 3. Mean reciprocal rank (MRR) for title (T) and title & descriptive (TD)
topics using monolingual and bilingual searches (Okapi, 299 queries)

The data in Table 3 shows that the performance difference between the three trans-
lation tools are small, around 1% to 3%. For example, using the title-only topics the
Google translation system produces an MRR of 0.5817 vs. 0.5704, or -1.9% in relative
value for the Prompt system. Using the performance obtained by Google as baseling,
we did not find any statistically significant difference when compared to other trans-
lation resources. Note however that the performance difference between the mono-
lingual (second row in Table 3) and the three query translation approaches are always
statistically significant and in favor of the monolingual search. As mentioned previ-
ously, we knew that both the Babelfish and Google systems are based on the same
translation technology. When inspecting the MRR achieved by the title-only query
formulation, we found that performances were different for only 27 queries out of 299
when comparing the Google and Babelfish translation services. When comparing the
Promt and Google translated queries, the retrieval performance was different for 117
queries.

Evaluation of German to French Searches

We decided that the previous findings should be compared to another language, and
thus we selected German for the query source language. Using the Google translation
tool we automatically translated the queries into French. As shown in Table 4 under
the column labeled “From DE”, when compared to monolingual searches retrieval
performances were shown to decrease significantly. In mean, the relative difference
was around 30%, and there was a statistically significant performance difference
between queries written in German and those written in French.

Monolingual| From EN From DE |From DE-EN
Okapi 0.6631 0.5817 0.4631 0.5273
Difference % -12.3% -30.2% -20.5%

Table 4. Mean reciprocal rank (MRR) for
both monolingual and bilingual searches (Title-only queries)
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An inspection of the Google translation results for German shows that poor retrieval
performances are for the most part caused by the factors cited above, and also by the
inadequate processing of German compound words. Such linguistic constructions also
occur in English (e.g., viewpoint, handgun) but in German they are more frequent, and
also occur in various forms (e.g., “Friedensnobelpreis” = “Frieden” (peace) + “Nobel”
+ “Preis” (prize) or “Nobelpreis fur den Frieden”). The fact that many German com-
pound words were not translated had a very real impact on retrieval performance. For
the topics written in French, we found that only 16 queries without having a correct
answer ranked among the top 50 retrieved items while for German this value increased
to 61.

As a final experiment, we used the queries written in German and then automatically
translated them into English, and from this pivot language we translated them into
French. This evaluation thus reflects commonly occurring situations in which one
language is defined as a pivot language (interlingua) and serves as an intermediary
between all possible language pairs. There are several advantages to using this trans-
lation strategy. For direct translations, n languages would require n-(n-1) possible
translation services. In the European Union with its 23 official languages, this means
that 23-22 = 506 possibilities would have to be covered. Thus, instead of a direct
translation for all possible language pairs we can limit the resources to 2-(n-1) trans-
lation pairs (or 44 in our European example), namely (n-1) from all languages to the
pivot language, and (n-1) from the pivot language to all the others.

As shown in Table 4, with the Okapi model the retrieval performance obtained was
0.5273, resulting in a mean performance significantly lower than that of the mono-
lingual search (0.6631) but higher than the direct translation from German (0.4631). In
an effort to explain this better performance when English was selected as the pivot
language, we found that translation from German to English was better than from
German to French. For example, Topic #235 “Seal-hunting” is written as a compound
in German (“Robbenjagd” = “Robben”(seals) + “Jagd” (hunting)) which is correctly
translated into English (“Seal hunting™) but not into French (“Robbenjagd”). These
experiments therefore demonstrate that query translation may be effective for some
language pairs yet with other language pairs certain problems may be encountered,
even when using the same translation system. Moreover, compared to direct transla-
tion, the pivot language approach does not always imply less effective translation
performance.

Conclusion

Writing a topic in another language and then asking Google to automatically translate it
before launching a search degrades retrieval effectiveness, compared to a monolingual
search in which requests and documents are written in the same language. As revealed
in our evaluations based on short topic formulations, retrieval performance reductions
are not always impressive (see Table 4). Applying the Google translation tool to
automatically translate an English topic into French may achieve retrieval effectiveness
of around 88% compared to a corresponding monolingual search. From another
perspective, a monolingual search provides at least one relevant item among the first
five retrieved items for 241 queries out of 299 (or 80.6%). Using the English topics and
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using Google to translate them into French will place a relevant item in the top five for
213 queries (or 71.2%). Clearly, in mean, a translated query may retrieve the needed
information.

Using another translation service should allow us to obtain similar retrieval per-
formance. For example, adopting the Babelfish that Yahoo! uses, 206 queries (or
68.9%) would find at least one good answer ranked among the top five, while for the
Promt translation tool this number would be 212 (or 70.9%). Changing the language
pairs may however degrade retrieval effectiveness. For example, using topics written
in German instead of English clearly hinders retrieval performance by around 30%
compared to a monolingual search (see Table 4). An inspection of the first five re-
trieved items among the German topics automatically translated into French shows that
at least one pertinent item would be retrieved from only 174 queries out of 299 (or
58.2%). For some language pairs, the mean result obtained is around 10% lower than
that of a monolingual search while for other pairs, the retrieval performance is clearly
lower. In this study, we have investigated three important languages from an economic
point of view, but automatic translation resources are not available for all language
pairs, particularly for languages used by small numbers of users and having only
modest economic importance.

For all search systems there are difficult queries for which the search engine en-
counters difficulties to find at least one relevant answer. These queries typically
contain concepts expressed in an ambiguous way or use vocabulary that leads to
incorrect identification of relevant and non-relevant items, and when adding a transla-
tion stage this phenomenon seems to increase. In our experiments for example we
found 30 title-only queries for which a monolingual search was not able to extract any
relevant items in the first 20 responses. With English topics and the Google translation
system however this number increased to 60. Through making use of other freely
available translation services, we obtained similar results (56 queries with Promt or 64
with Babelfish).

References

[1] Harman, D.K. (2005). The TREC ad hoc experiments. In TREC, Experiment and Evalua-
tion in Information Retrieval (pp. 79-97). Cambridge: The MIT Press. See the web site
http://trec.nist.gov

[2] Noriko, K., (Ed) (2007). NTCIR Workshop 6 Meeting. Tokyo: National Institute of
Informatics. See the web site http://research.nii.ac.jp/ntcir/

[3] Peters, C., Clough, P., Gey, F.C., Karlgren, J., Magnini, B., Oard, D.W., de Rijke, M., &
Stempfhuber, M. (Eds) (2007). Evaluation of multilingual and multi-modal information
retrieval. Lecture Notes in Computer Science #4730. Berlin: Spinger-Verlag. See the web
site http://www.clef-campaign.org

[4] Baeza-Yates, R., & Ribeiro-Neto, B. (1999). Modern Information Retrieval. New York:
The ACM Press.

[5] Robertson, S.E., Walker, S., & Beaulieu, M. (2000). Experimentation as a way of life:
Okapi at TREC. Information Processing & Management, 36(1), 95-108.

[6] Hiemstra, D. (2002). Term-specific smoothing for the language modeling approach to
information retrieval. In Proceedings of the ACM-SIGIR (pp. 35-41). New York: The
ACM Press.



102 How Effective is Google’s Translation Service in Search?

[7] Buckley, C., & Voorhees, E. (2005). Retrieval system evaluation. In TREC, Experiment
and Evaluation in Information Retrieval (pp. 53-75). Cambridge: The MIT Press

[8] Savoy, J. (1997). Statistical inference in retrieval effectiveness evaluation. Information
Processing & Management, 33(4), 495-512.

JACQUES SAVOY (Jacques.Savoy@unine.ch) is a professor in the Computer Science
Department at the University of Neuchatel (Switzerland).

LJ1LJANA DoLAMIC (Ljiljana.Dolamic@unine.ch) is Ph.D. student in the Computer
Science Department at the University of Neuchatel (Switzerland).

-10 -



Retrieval Effectiveness of Machine Translated Queries 103

Retrieval Effectiveness of Machine Translated Queries

Ljiljana Dolamic, Jacques Savoy

Computer Science Dept., University of Neuchatel,
Rue Emile Argand 11, 2009 Neuchétel, Switzerland
{Ljiljana.Dolamic, Jacques.Savoy}@unine.ch

Abstract. This paper describes and evaluates differenné®els used to search
document collections written in English with qusrieritten in various other lan-
guages, either members of the Indo-European faihglish, French, German, and
Spanish) or radically different language groupshsas Chinese. The evaluation is
based on a rather large number of topics (arou) &3d uses two commercial ma-
chine translation systems to cross the languagéebar The mean average precision
(MAP) is applied in this study to measure differenén retrieval effectiveness when
the query language differs from the document lagguaAlthough the performance
difference is rather large for certain languageisspdét does not mean that offering
bilingual searches is not commercially viable. Thasons for difficulties incurred
when searching or during translation are analyzatl some concrete examples are
given.

Keywords. Cross-language information retrieval (CLIR); lenadion, automatic
translation, morphology.

1 Introduction

In crossing language barriers, the English langudags a central role in facilitat-
ing communication for people speaking differentglasges. For example, in Europe
as well as in large international organizations@mpanies (e.g., WTO, IBM, Novar-
tis), the quantity of information written in Endligends to be growing rapidly. Addi-
tionally, accessing information on the Web (ChuR@08) in this language has be-
come a real concern (news, hotel or airline rediems, government information,
statistics, etc.). While some users are perfdutipgual, others can read documents
written in English but cannot formulate a query,abrleast cannot provide reliable
search terms in a form comparable to those founithéndocuments being searched.
On the other hand, many documents contain nondextéormation such as images,
videos and statistics that do not need translaiwh can be understood regardless of
the language involved.

If English is not the language spoken by the gstatamber of persons around the
world, it clearly plays a central role as iaterlingua medium for transmitting knowl-
edge or expressing opinions; CNN success storynigxample of such increasing
importance of this language. In Europe, India ar-East, the first foreign language
learned is often English. It is therefore impottém provide good translation re-
sources from other languages to English or viceavand also to analyze their quality.
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This demand for translation resources from/to Ehghas not been ignored by the
most important commercial search engines. To pgemproved searching of web
pages available in English, regardless of languagehich the query is written, Goo-
gle launched a translation service in May 2007 tiaw provides two-way online
translation services, mainly between English ando#ter languages (http://trans-
late.google.com/). Over the last few years otheg fnternet translation services have
been made available. Yahoo! (http://babelfish.yat@mm) for example offers also a
freely available translation system. Thus, afterenthan ten years of research in this
field, commercial products became freely availablnternet users.

The questions we would like to address is: “Hoveetife is a bilingual search?”
What is the “information retrieval cost” to web usevho formulate requests in their
own language and then search the web and findnmraftion written in English? If we
compare two translation services, does their redagffectiveness depend only on the
underlying IR model? Does the translation qualiépend on the relationship between
the source and target language, with a bettertguzding obtained by those languages
having a close relationship with English (e.g.,rfete German) as opposed to Spanish
or more distant languages such as Chinese?

The objective of this paper is to answer these tgqpres  Although we will not
evaluate translatiorer sewe will test and analyze various IR and transtasgstems
in terms of their ability to retrieve items writtém English, based on an automatically
translated query (experiments conducted in Dece@®@8). The rest of this paper is
divided as follows. Section 2 presents relatedka/owhile Section 3 depicts the main
characteristics of the test collection. Sectidoriéfly describes the IR models used
during our experiments, while Section 5 evaluatesrt under different conditions and
points out some of the main problems found in treag®@matic translation tools. A
query-by-query analysis will complete this evalaati The main findings of this pa-
per are summarized in Section 6.

2 Trandlation Approaches

For a bilingual search to be effective (query ezpedl in one language, document
retrieved in one or more other languages), we teedoss the language barrier. One
way of achieving this is to assume that one languagnerely a misspelled form of
the other, as for example “English is French, nefied” (Buckleyet al, 1998).
When based on cognate matches, such an approachvonkywith closely related
languages (and when an effective “spelling corméci® included). However, an
evaluation done by McNamee & Mayfield (2004) hasvef that mean average preci-
sion varied from 9% to 27% compared to 45% achidwed monolingual search.
When compared with the performance of monolingealehes, this represents a rela-
tively high decrease.

As a first real translation tool, various researsheuggested using machine-
readable dictionaries (MRDs) (Ballesteros & Craf97; Hull & Grefenstette, 1996;
Hedlundet al, 2004). However when employing MRDs we need aadte out-of-
vocabulary (OOV) problems resulting from a dictiofs limited coverage. In a re-
lated issue, it could prove helpful to recognizegar nouns and acronyms and trans-



Retrieval Effectiveness of Machine Translated Queries 105

late them using a special dictionary (e.g., for Bmglish-French languages we can
find Putin-Poutine, UNO-ONU, SIDA-AIDS). Moreovetertain input words could
be ambiguous and MRDs may suggest more than oneldten (e.g., the word
“bank” can take on a different meaning when usethéncontext of a river or a finan-
cial institution). Sometimes we need to automéyideansform input words into base
forms (lemma) listed in the dictionary, yet bothoes and semantic shifts may appear
during this process (e.g., the word “saw” in “I sawnan with a saw”).

As a second translation tool, we might utilize maehtranslation (MT) systems
(Chen & Gey, 2004) that are normally easy to ubmwever, such devices tend to
perform poorly when translating entire documentspart because translation is a
semantic-based operation. For example, followimg $yntactical structure of the
source language does not always produce the lmewtldation (Mel'’éuk & Wanner,
2006), even for closely related languages. Fomgka, on the road we can see the
sign “slow men at work” that is translated into kel as “ralentir, travaux” (slow,
works). This example illustrates the need for pesing the idiosyncratic transforma-
tions between the source and the target syntactictsres.

As a third possibility, we might base the translatiprocess on a corpus-based
method used in conjunction with a statistical ttatisn model in order to identify the
proper translation candidates (Mieal, 1999). In this case, we would need to access
the corpora in order to automatically build theadstructures from which direct trans-
lations or related term generation could be obthi(@heridan & Ballerini, 1996),
using the most probable match or the bestatches (Braschler & Schauble, 2001).
This presumes of course that for some domain-dpdaiiguage pairs parallels and/or
comparable corpora would be available. For cerfamguage pairs such corpora
would clearly be more difficult to find. The perfoance of these statistical transla-
tion approaches would however depend on very impbfactors such as source qual-
ity (e.g., extracted Web sites), and size (Nie &&id, 2002). Moreover, cultural,
thematic and time differences may also play a moléhe effectiveness of such ap-
proaches (Kwoket al, 2001). Finally, assessing translation probtédicould be
problematic and may result in disappointing perfance levels, particularly when a
lot of query terms and their correct translatioasr®t be found in the aligned corpus
(Hiemstraet al, 2001).

3 Test-Collection

In an effort to promote information retrieval (IR) languages other than English and
to evaluate bilingual searches (queries expresseté language, documents in oth-
ers), various evaluation campaigns have been ctediwaver the last years such as
TREC (Harman, 2005), NTCIR or CLEF (Petetsal, 2007).

To evaluate the retrieval effectiveness of bilifigs@arches, involving topic de-
scription written in various languages in orderdtrieve document written in English,
we used a corpus created during various the CLERpamns. This collection is
made up of articles published in 1994 in the newspkos Angeles Timess well as
documents extracted from tkidasgow Heraldand published in 1995. This collection
contains a total of 169,477 documents (or aboutNdB9of data). On average each
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article contains about 250 (median: 191) conteatibg terms (not counting com-
monly occurring words such as “the,” “of” or “in”).Typically, documents in this
collection are represented by a short title plus tmnfour paragraphs of text.

2001 2002 2003 2004 2005 2006
Source LA Times | LA Times | LA Times LA Times LA Times
Glasgow H.| Glasgow H.| Glasgow H.| Glasgow H.
Size 425 MB 425 MB 579 MB 154 MB 579 MB 579 MB
# docs 113,005 113,005 169,477 56,472 169,477 189,4
# topics 47 42 54 42 50 49
Topics | #41-#90| #91-#140 #141-#200 #201 - #2B@51 - #300| #301 - #350

Table 1. General statisticson our test-collection for each year

This collection contains 310 topics, each subdiioito a brief title (denoted as T),
a full statement of the information need (calledatiption or D), plus any background
information that might help assess the topic (new&aor N). The topic titles consist
of 2 or 3 words (before stopword removal) reflegtiypical web requests, and are
represented by a set of keywords beginning withitalsprather than a complete
grammatical phrase. These topics cover variougestsb (e.g., “El Nifio and the
Weather,” “Chinese Currency Devaluation,” “Eurofigh” “Victories of Alberto
Tomba,” “Marriage Jackson-Presley” or “Computer iation”), along with both
regional (“Films Set in Scotland,” “Area of Kalirgrad”) and international coverage
(“Oil Prices,” “Sex in Advertisements”).

Relevance judgments (correct answers) were suppligtuman assessors through-
out the various CLEF evaluation campaigns. As showTable 1, the entire corpus
was not used during all the evaluation campaigmisthas pertinent articles must be
searched in different parts of the corpus. Fometa, Topics #201 to #250 were
created in 2004 and responses resulting from searichtheGlasgow Herald(1995)
collection, a subset representing 56,472 documer@$.the 50 queries originally
available in 2004, we found that only 42 had asti@me correct answer.

In all, 26 queries were removed because they ddhae¢ any relevant documents
in the corpus, meaning only 284 (310 minus 26)d®epvere used in our evaluation.
Upon an inspection of these relevance assessntaetgverage number of correct
responses for each topic was 22.46 (standard @mvia28.9, median: 11.5), with
Topic #254 (“Earthquake Damage”) obtaining the wsanumber of relevant docu-
ments (229).

The topics were manually translated in differenglaages and in this study we will
use the German, French, Spanish, and simplifieché3lei topic descriptions. These
topics were encoded in 1ISO-8859-1 for the Eurodaaguages, and in GB2312 for
the Chinese language.
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4 |R Models

In order to obtain a broader view of the relativeriinof the various retrieval models,
we used one vector-space scheme and three praiighitiodels. First we adopted
the classicatf idf model, wherein the weight attached to each indgténm was the
product of its term occurrence frequency {prfor indexing term;tin document g
and its inverse document frequency ig@lf). To measure similarities between docu-
ments and requests, we computed the inner prodtert mormalizing (cosine) the
indexing weights (Manningt al, 2008).

In addition to this classical vector-space scheweealso considered probabilistic
models such as that of Okapi (or BM25) (Robertsbal, 2000) with parameters K
and b being set to 1.2 and 0.55 respectively, hwbiters a high retrieval effective-
ness. As a second probabilistic approach we imgiead the 1(C2 model, taken
from theDivergence from Randomne@3FR) framework (Amati & van Rijsbergen,
2002) wherein the two information measures fornaddielow are combined:

V\l,j = Infli,« . |nf2ij = —Iogz[Problij] . (1—P|’O&j) (1)
where Proly is the pure chance probability of finditfg occurrences of the termit
a document. On the other hand, Pyab the probability of encountering a new occur-
rence of term;tin the document, givetf; occurrences of this term had already been
found. The I(g)C2 model was based on the following formulae:

Inflij =tfn; - log[(n+1) / (negt0.5)]  withng=n-[1 — [(n-l)/n]tCJ ] (2
withne=n - [1 — [(-1)/n]1Ci ] andtfny =tfy - In[1 + (€ - mean di/l;)]

Proff; =1 - [(tc; +1) / (f - @fn;+1))] 3
wheretg; is the number of occurrences of ternintthe collectiondf, indicates the
number of documents in with the termotcurs,n the number of documents in the
corpus,l; the length of document,dnean di(= 271), the average document length,
andc a constant (fixed at 1.5).

Finally, we also considered an approach based language model (LM) (Hiem-
stra, 2000), known as a non-parametric probalulistodel (the Okapi and DFR are
viewed as parametric models). Probability estisiateuld thus not be based on any
known distribution, but rather estimated directhd@ased on occurrence frequencies
in document dor the entire C corpus. Within this language nigadgadigm, various
implementations and smoothing methods might alsedmsidered, and in this study
we adopted a model proposed by Hiemstra (2000kgasrithed in Equation 4, which
combines an estimate based on documen @jtand corpus (P[f C]).

Pld | a] = Pd] " [Tyoe [A; P [ d] + (1-A) * P[g | CI]
with P[t | d] = tfy/l; and P[t| C] =dfi/lc  withlc =} dfi 4)
where); is a smoothing factor (fixed at 0.35 for all indexterms ), df; indicates the

number of documents indexed with the teynanidic is a constant related to the un-
derlying corpus C.
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5 Evaluation

Given the relatively large number of queries (284¢, were in a position to evaluate
the retrieval effectiveness of various query lamgsawhen searching a corpus written
in English. In order to achieve this, we wantduk“truth, the whole truth (recall), and
nothing but the truth (precision)”. To completelswan overall evaluation based on
both the precision and recall, and to obtain aebathderstanding of the effect of a
given search strategy, we analyzed the retrievdbpeance of some queries. Such a
query-by-query inspection would provide detailetbimation on the drawbacks of
the underlying IR scheme.

To evaluate the retrieval effectiveness of differdR schemes, we adopted the
mean average precision (MAP) computed bytthec_eval software (based on a
maximum of 1,000 retrieved records) (Buckley & Vioees, 2005). This performance
measure is the mean of all the average precisibieead by each query on the test-
collection. Finally, we need to statistically deténe whether or not a given search
strategy would be better than another. To achileigeobjective, we applied the non-
parametric bootstrap test (Savoy, 1997). In catistical tests, the null hypothesig H
stated that the two retrieval schemes used in éhgarison produce similar retrieval
performance. Thus, in the experiments presentéaismpaper, statistically significant
differences were detected by a two-sided test ifi@gnce level 5%), and the corre-
sponding computations were done using the R largguag

The rest of this section is divided as follows.ct®m 5.1 presents the retrieval ef-
fectiveness of various IR models in a monolingumaitext that will be used as baseline
in our further experiments. Section 5.3 evaludatesse IR models using different
query languages. Section 5.4 describes a quegubyy analysis revealing the main
translation difficulties.

5.1 Monolingual Evaluation

To define a baseline, we tested four IR modelsgusie topics written in the Eng-
lish language (monolingual search). In our experits, we considered only the topic
tittes (T, mean number of search terms = 2.8, nmed3a min: 1, max: 7, standard
deviation: 0.86). Such short topic formulationsrenolosely reflect the current prac-
tice of web users sending their requests to comalesearch engines. In this case,
the mean number of search terms per request wiasatstl as 2.4 (Jansen & Spink,
2006). The resulting MAP is shown in Table 2. Jdgerformance values will be
our baseline when evaluating bilingual searches.

As shown in Table 2, the I)€2 model provided the best retrieval results, and
these results were statistically significant anttésethan those achieved by either the
LM or tf idf approaches (as denoted by an “*”). On the otleedhthe performance
difference between the Okapi and)@2 cannot be viewed as significant.
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IR Model MAP
I(ng)C2 0.4053
Okapi 0.4044
Language Model 0.3708*
tf - idf 0.2392*

Table2. Mean average precision (M AP) for monolingual searches
(284 Title-only queries)

5.2 Bilingual Evaluation

In bilingual searches, the documents are writteorie language (in English in our
case) while the topics are written in another laggu In order obtain a broader view
point, we selected four different topic languages& from the Latin family (French
(FR) and Spanish (SP)), and the German (DE), irerotd have another language
related to English. To include a language witheay\different morphology and writ-
ing system, we chose the Chinese (ZH) language.

From the title descriptions available in these laygges, we used the Google trans-
lation service to automatically translate them iBtwlish, and these translations were
then used to search our newspapers’ corpus (tteomdadone in December 2008).
The resulting MAP are listed in Table 3, while T@a#l shows the same retrieval
measures obtained by Yahoo's translation service.

Mono | From ZH From DE|From FR|From SP
I(ng)C2 0.4053 | 0.3340* | 0.3618 | 0.3719* | 0.374F
Okapi 0.4044 | 0.332F | 0.3625* | 0.369Z | 0.3752*
LM 0.3708 | 0.301% | 0.3305 | 0.3400 | 0.3426
tf - idf 0.2392 | 0.1920 | 0.2266 | 0.2294 | 0.2256
Mean difference % -18.29 -9.39 -7.3% -7.1%

Table 3. Mean average precision (M AP) for both monolingual and bilingual
sear ches using the Google trandation service (284 Title-only queries)

In the last row of Tables 3 and 4 we listed the mgercentage differences with the
corresponding monolingual search. The valuesdisteow that bilingual searches
always resulted in lower retrieval performance, theddifferences were usually statis-
tically significant (values denoted by an “*”). @&lonly exception is the difference
obtained using tht idf model and the Google translation service with gsewritten
in French. In this case performance differencevben the monolingual and bilingual
searches (0.2392 vs. 0.2294) is not statisticadlyificant.

From comparing the different languages we saw that translation from the
French or Spanish language was easier for the @mygitem than was the Chinese
language. Using the YC2 IR model, the precision obtained for the biliagFrench
or Spanish language searches was 92% of the vhtaged for monolingual search,
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90% for German queries, and 82% for the simplifzhdnese language. For Yahoo,
the situation was somewhat comparable. The Fréamjjuage search obtained the
best precision (82% for the monolingual search) @héhese was the most difficult
(only 55% for the monolingual search).

Mono | From ZH| From DE FromFR From SP
I(ne)C2 0.4053 | 0.2286*1 | 0.2951*T | 0.3322*T | 0.2897+ T
Okapi 0.4044 | 0.22451 | 0.29171 | 0.32681 | 0.2867 1
LM 0.3708 | 0.2000 T | 0.2636T | 0.3006T | 0.2600 T
tf - idf 0.2392 | 0.12891 | 0.18461 | 0.2065T1 | 0.1812 1
Mean difference % -45.1% -26.7% -17.5% -27.9%

Table4. Mean average precision (M AP) for both monolingual and bilingual
sear ches using the Yahoo trandation service (284 Title-only queries)

Moreover, the translations produced by Yahoo seearedverage to encounter
more problems compared to those obtained by theglé®ystem. To verify this, we
used the Google’s translation service retrievafquarance as baseline (Table 3) for
comparing those obtained by the Yahoo system (T&bleThe performance differ-
ences between these two translation devices wergyslanalyzed to be statistically
significant (denoted by an™in Table 4).

5.3 Query Trandation Difficulties

In order to discover the reasons why translatidedaor some searches, we analyzed
the retrieval performance of all individual querie®ur objective was also to poten-
tially identify systematically occurring types onbslation error. In order to limit our
investigation somewhat, we mainly consider as pnolatic a decrease of more than
10% in average precision.

The first source of translation difficulties wa®thresence of proper names in the
request. In some cases, the name did not chaogedne language to English (e.g.,
“France,” or “Haiti”) but usually a modification dato be made (e.g, “London” is
written “Londres” in French). We encountered vasdopics depicting similar prob-
lems, such as Topic #94 (“Return of Solzhenitsyai)ch was written as “le retour de
Soljénitsyne” in French, “Retorno de Solzhenitsimt Spanish, or “Ruckkehr
Solschenizyns” in German. When French or Germas tha query language, Ya-
hoo’s translation system was not able to returndtweect English spelling for this
name. It is interesting to note that when Spamiak the query language, both MT
systems failed to translate this personal namesctiyr

The correct translation of a name could be rendarerk difficult due to the fact
that a proper name may also have a specific mednitige source language. For
example, in Topic #89 (“Schneider Bankruptcy”), theeme “Schneider” means also
“cutter” in German and this meaning was selecte® alyoo’s translation system pro-
ducing the phrase “Cutter bankruptcy”. Topic #48 (ifio and the Weather”) dem-
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onstrates another but related difficulty. In tb&se, the weather phenomenon was
designated as a Spanish noun that also meansdtfie Brom the Spanish expression,
Yahoo's translation service will return “the boydathe time”, ignoring the fact that
the topic contains a particular name. When selgdithinese as query language and
as shown in Table 5, both MT systems often camamistate such proper name, leav-
ing the Chinese word untouched or returning a wekgression (e.g., for Topic #89
“Schneider Bankruptcy” we obtainedE4F 0 bankruptcy” from Google and “Shi
Tejia goes bankrupt” from Yahoo). Moreover, knogvithat the Chinese language
does not employ the same set of phonemes, the mei@tion and its resulting spelling
forms did not have a bijective relationship witte thnglish phonology. With Topic
#121 for example “Edouard Balladur” Google returriedward Baladu” while Ya-
hoo returned “Edward Baladoo”. As another exampde, Topic #208 “Sophie's
World” Yahoo gave us “Su Fei world”.

Google Yahoo
ZH DE FR ES ZH DE FR ES
Name 21 2 1 2 37 11 3 13
g;r']yjne}my/ 16 4 11 11 27 21 23 14
Morphology 2 2 1 2 7 8 3 7
Compound 4 0 1 0 15 0 0
Other 2 6 2 19

Tableb5. Trandation error distribution according to sour ce language and
trandation systems (284 Title-only queries)

The second main source of translation errors wapttysemy attached to a given
word in the source language. More precisely, @eoto find the appropriate word (or
expression) in the target language (English inaase), the translation system had to
take the context into account. In fact, a givemdso one language can be translated
by various words involving different semantics. gtwown previously, in the Spanish
Topic #43 “El Nifio y el tiempo”, the word “tiempaould be translated as “weather”
or “time”, and the latter was selected by Yahog'stam. With Topic #341 (“Theft of
‘The Scream’™) written in French as “Vol” du ‘Cri"the French word “vol” could be
translated by “flight” or “theft”. In this casehe translation produced by Google was
“The Flight of the ‘Scream™ and that by Yahoo wadight of the ‘Cry".”

This latter translation demonstrates another probiglated to the synonymy of a
given set of words. In this case, the translasigstem was faced with different trans-
lations but with related meanings. In our examhe, French word “cri” could be
translated using either “scream” or “cry“. Thisnepymy aspect was also found in
various topics with the related terms “car” andttemobile”. In the original English
version of the topics, the term “car” is used mivegjuently (five times to be precise),
in the topic titles (e.g., Topics #106 “European icalustry”, Topics #288 “US Cars
Import”) and 18 times in all topic formulations.n@he other hand, the term “automo-
bile” was never used in the titles and only twinehe description part of two topics
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(recall that our evaluations were only done onttiec titles). Of course the semantic
relationship between two (or more) alternativesas always that close, as illustrated
by Topic 67 “Ship Collisions”. In this case, Yahoeiurned “Naval collisions” as the
translation from Spanish.

As a third translation difference with the origifaiglish description, we found dif-
ferent morphologies and grammatical categoriessoAlvhen expressing an idea and
we can select different forms from the same ramg.( “merger,” “merge” or “merg-
ing”). For example, from the original Topic #19Blérger of Japanese Banks”, the
system was able to rank the first relevant itenthia first position, while with the
translation “Merging of Japanese Banks”, the fiedevant article appeared in the
sixth position. The same problem occurred in Taplé5 “Golden Globes 1994”
from which the retrieval system returned a relev@mtument and ranked it in first
position. However with the translated query “G@tbbes 1994”, the first relevant
item only appeared in 6th position. This last eghlalso demonstrated that using a
more aggressive stemmer such as that of Porte0{ k@8 flating word variants into a
common stem and this tended to be the most apptepsblution. In our case, with
the form “golden” the IR system was able to ranielavant item in the first position.
On the other hand, Porter's stemmer was not abtemflate the forms “merger” and
“merging” into the same root (“merging” is trangfoed into “merg” while “merger” is
left untouched).

As fourth main source of translation problems, wenfd that compound construc-
tions, occurring frequently in the German languagge not always translated into
English. For example with Topic #84 “Shark Attatksom the German formulation
we obtained “Haifischangriffe” (Google) or for Tap#105 “Bronchial asthma” we
obtained “Bronchialasthma” from Yahoo. Of courseboth cases, the retrieval sys-
tem was unable to find any relevant items with @erman query formulation. Using
the English original form, the IR system rankectkevant item in the first position for
both topics.

Other sources of translation problems can be fonnbde different languages. For
example, the French Topic #200 (“InnondationeurdHetande et en Allemagne”)
contains a spelling error in the word “Innondatiorsd (instead of “Inondations”).
The original French Topic #259 is written as “Liadier” (award name of the Venice
Film Festival), which is incorrectly translated indGolden Bear”, the award name of
the Berlin Film Festival. Even if the translatio@as correct, the translated query was
not able to find any relevant item in the top 10.

Our classification errors are based on translateaties resulting in clear and sig-
nificant retrieval performances with the originaidtish topics. In many other cases,
the translation was not perfect or was even incbret the MAP performance was
similar or only produced a slight variation, andiaity a slight degradation. For ex-
ample, for the Topics #192 (“Russian TV Director rdller”) the first relevant item
was ranked third in a monolingual search. Yahdorned “Assassination of a direc-
tor of Russian television” from the French langyamed with this formulation the IR
system ranked the first relevant item in the 5thigian. Using Google and French as
the search language we obtained “The assassinattiarhead of Russian television”
as the query translation. In this case the feltvant document appeared in the 30th
position. With Chinese as the search languageght&ned “Russian television mur-
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der charge” with Google and “The Russian televistation managers murder” with
Yahoo. With both MT systems, the translated seperformed reasonably well com-
pared to the original English search (the firstiesed item was relevant with Google
translation, and the sixth with Yahoo instead eftiird with the English language).

6 Conclusion

Compared to a monolingual search, writing a topiamother language and then ask-
ing Google or Yahoo to automatically translate éfdse launching a search signifi-
cantly degrades retrieval effectiveness. Whengulie MAP as a performance meas-
ure, this finding is valid when German, French, i8gfa or Chinese is the query lan-
guage and for all IR models analyzed in this st{sthe Tables 3 and 4).

Through an inspection of the hardest queries, wededermine whether the auto-
matic translations really hurt the retrieval praces-rom the set of 284 queries, the
best IR model was not able to find a correct answehe top 10 of the 38 queries
(representing 13.4% of the cases). Using the Rreperies and then automatically
translated them with the Google system, this vaheeeases to 57 (or 20% of the
queries). With Yahoo, this number of difficult gigs increases to 73 (25.7%).
Looking at the results query-by-query, we see daarly see a difference and degra-
dation when using a query translation approach.

When querying with the Spanish language insteath@fFrench, we can expect
similar performance (Google) or a slight performamegradation (Yahoo). When
using simplified Chinese as the query language heweetrieval performance de-
creases significantly, as does the number of gsidoiewhich no relevant items were
listed among the top ten (69 with Google, 114 witthoo). With German as the
query language, retrieval performances tend tbdigveen these two extremes.

Finally, we analyzed the query translations produeg the two MT systems to in-
vestigate their main difficulties, and we found rfenain reasons for this performance
degradation (Section 5.3). Better translation arhas (personal, geographical, prod-
uct) and better processing of German compounds adarly improve bilingual
searches. In our opinion better matching betwedniguous terms would also further
improve translation quality (e.g., the French wdteimps” could be translated as
“time” or “weather” depending on the context). Rbe moment however it is not
clear how the context could be clearly taken irtocaint when handling 2.6 terms per
query, on average. The synonymy problem (e.g.m/ffilovie, ship/boat,
car/automobile) was also a source of performancati@ns between the original and
translated queries. Finally, the choice of the tnaggpropriate word form (even that
taken from a common root) plays a role in the fidtieval performance (e.g., “merg-
ing” or “merger”, “prehistorical” or “prehistoric”;golden” or “gold”). In this case
however when designing a MT system delimiting thecise boundary between good
and less effective query formulation can be difficuOn the other hand, it is worth
noting that we were surprised to verify that fregflye used acronyms were usually
correctly translated (e.g., “ONU” and “UNO” or “UlN'a feature that was absent a
few years ago.
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B.1 Example of a document included in the

Czech test-collection

<DOC>

<DOCID> LN-20020129005 </DOCID>

<DOCNO> LN-20020129005 </DOCNO>

<DATE> 01/29/02 </DATE>

<TITLE> Spisovatelka Astrid Lindgrenova (94 let) </TITLE>
<GEOGRAPHY> STOCKHOLM </GEOGRAPHY>

<TEXT> Autorka proslulé détské knihy Pipi Dlouha puncocha zemftela véera ve svém
stockholmském byte. Dozila se 94 let. Po nékolikadennim boji podlehla blize
nespecifikované nemoci. Podle spisovatelCiny pritelkyné Margarety Stromstedtové
stravila Astrid Lindgrenova posledni dny obklopena svymi blizkymi. Nejslavnéjsim,
dodnes popularnim romanem Lindgrenové je Pipi Dlouha puncocha. Ptibéh o
samorostlé divce Sokujici vrstevniky i dospélé nekonvenénimi nazory a chovanim
vysel poprvé v roce 1945. Lindgrenova napsala vice nez stovku literarnich dél, mezi
nimiz jsou kromé romant a povidek také divadelni hry, basné a pisiiové texty. Ve
svété se dosud prodalo vice nez 130 miliond vytiskt jejich knih. STOCKHOLM -
Autorka proslulé détské knihy Pipi Dlouha punéocha zemfela véera ve svém
stockholmském byté. Dozila se 94 let. Po nékolikadennim boji podlehla blize
nespecifikované nemoci. Podle spisovatelCiny pritelkyné Margarety Stromstedtové
stravila Astrid Lindgrenova posledni dny obklopena svymi blizkymi. Nejslavngj$im,
dodnes popularnim romanem Lindgrenové je Pipi Dlouh4 puncocha. Ptibéh o
samorostlé divce Sokujici vrstevniky i dospélé nekonvenénimi nazory a chovanim
vysel poprvé v roce 1945. Lindgrenova napsala vice nez stovku literarnich dél, mezi
nimiz jsou kromé romant a povidek také divadelni hry, basné a pisiiové texty. Ve
svété se dosud prodalo vice nez 130 miliond vytiski jejich knih. </TEXT>

</DOC>
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B.2 Example of a document written in the

Russian language in the GIRT corpus

<DOC>
<DOCNO> ISISS-RAS-ECOSOC-20060324-45864 </DOCNO>
<DOCID> ISISS-RAS-ECOSOC-20060324-45864 </DOCID>

<TITLE-RU> Marepuansl Bble3iHOro coBeliaHus MUHHCTEpCTBa 00pa3oBaHus U
Hayku Poccutickoii Deaepaumnu B Ypansckom deaepaibHom okpyre 18-19 mapra
2004 roga "O xoje peanuzaly MOJIOJIeKHON MonuTHKH B Poccuiickoii Meaepaumu.
CrynenvectBo Poccuu: 3anaun, nepcnektrbl pa3putus” [IpaBurenscTBo XaHThI-
Matc. aBT. okpyra - FOrpei. Kom. no momonex. [Nonuruke </TITLE-RU>

<KEY WORDS-RU> xoH(pepeHImn; MOIOACKHAS TOJUTHKA; CTYAeHTHI; Poccus
</KEYWORDS-RU>

</DOC>
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B.3 Example of a document written in the

Hindi language (FIRE collection)

<Doc>
<DocNo> range20_save202_d00000_ {00292 </DocNo>

<Text> T I8 T HAET W 0T FUGH efFepiorer Hrer Tsgar
G fUeel 37eh HATIR T 2006 Uo7 A AT SFIRVTT 7272 SR EE
Midew wifecy SERoToT SAT ST-UW AR rmﬁax rq-cﬁramsrm T
ITFAT STPROT Tﬁh‘c&'ﬁﬁamﬁﬂmwlwl T qaffengd STITROTT SN T TR
=il & WA AT SR fRYTde] SR rsﬁawmﬁa—d
ST A SAPRUT: T SR > HATIR ---> AR U TS
%’rmﬁr%m‘er- ToTfY a1aT PIeATET| UTe & TUTAHT T TR e
PISITET 31T FAGEY AT eTarors & i T el & HATTIh 38 TATE
I aTelt et ﬁmmwwﬁmﬁmﬁymﬁaﬂﬁwﬁmﬁ
TR & | AUTST B &Y 3 TS 3 A T 377 ST 2 e 16 3=
AT AT T dAET Tmlqwaaﬁdj,dnqm?a?r AR Y & B B ToIT & g
AR 3 o2 &, AfpeT JRAY & 3T & A T B el B TAT TATA
Gl €1 Teh 31 A3 T2 2 UEITeT SRR o7 ey ehT 9T UK acTTaT o SahTsaTy Y
e aTel ATl oY TN B Y AT &, RN TR aet a1 AR B fere
3R g AR | 58 HHAR W AT uiafear a4 & forv gl "fdad "aR T
A BL| " [ el HATAN : 38 “HRA & et & drer A2 3rcrea e gEr
F@Jﬁﬁ%’fﬂﬁﬁ%#mﬂar--r--r-ﬁ feeol & Prsy FIRFar 81 wdiea
ETORTH 2 &1 T FDR BIsel 61 YA TIBR 1 TS F I U agre
Bl & 37¢ r&w;ﬁa%wma%gﬁw? a#@m?;;ragm?r 3T
Aafes RAfaa IUATT FAEcaquTT € 87T
TINET T TSEATT H T RRTTTT T aPe fzwﬁwﬂaﬁ?ﬁwm

e U8 </Text>

</Doc>
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B.4 Example of a document written in the

Marathi language (FIRE collection)

<doc>
<docno> 863332.cms.txt </docno>

<text> HEHdS AU 0T T arer 2varedn AT Rufesan uat 3y
GapIRcY [ Saturday, September 25, 2004 03:17:22 pm] . 2T. UfAfredT H{as :
famagd=ar IR S, memamﬂwmmmw
mmﬁmummmﬁawmﬁm%mm.
EXFIT HIATYATOT TEATE! DIFTHIL fhaATer 20 F 22 FEepTofy 5@ SATely
3-N-I<*¢II<4I I 2T I5@R ATATRUAT ATIR Odier, 37T faAmy ueeneaeT
crr%zrwﬁ—a?ﬁa%rr faereras fAasurhid Teers raae arear
m&muaamammmmmm
3T TGO LY f=ET UETTeaT AT S0P HI0AT JHTell. TFATE
PIATTAT HRATAIT ST AT ATATEY TRUSHT TSI TS AEET 3. 3. trra?—r
IATIR T PIATTAT YA UHT I, T THAGTH ST daT
faerafiie AR UTérel, AT SUAEIHAT ST HoTacs HTAT SUTEA Bl A,
oI} Asel Nufceraa TaTeRieR SATeledr Tad AT U&TTeT aia, SoarieiN,
SEIqX @ IS AT IR ST AISUITT 0T Srert 3R, ARYary faure aRweaw
ofrer S, Hdl&lvﬂldd{ﬁﬂ?‘l?—rwmﬁﬂa TEATET PISATAT ATCATAT JOTRT
FeTHsBa 10 TP ST RUTSoTehal GeTToT SUTeT foTe SUTa 31TeT e
AT AT GTOT ATAT UTTe Aled) HifdTeTel. Rufcerener uatial gardy diarden
Wwaaﬁmﬁwwa&hmu&maﬁammmm
T ATAT AT Tl HETHT g, QT AR, SF. dTaTHTRd IS
RIeToft FERTSITE URURT 1! AT, ST RERURT 31 Tahe eardl,
3T ST Befed HAEAT TR ST ATCATRHT A YA PIAHTAT HTETETT FEHIIN
m%ﬁuﬁqﬁmu&ﬁmmmqmdwuaqw 3o
FEOTTS. ISTRTTT A BICUTR TFATET BIATTAT ATCATAT ATeledT SAETDT 20
22WWWWMﬁmwmmm
TS AT FifdTerar. AT Fatel Farg TTUvATa I 3. FioTeld FHe U Tl
TSERY il 3THAT I AR ATIR TATEN FEU U & eI U
FEUTTA. </text>

</doc>
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B.5 Example of a document written in the

Bengali language (FIRE collection)

<DOC>
<DOCNO> 1050701 1banga5.pc.utf8§ </DOCNO>

<TEXT> 16 s 1412 1F3= 1 3% 2005 35 SeHa6a 5F61F 17 Gre STl Bie
ST TP B GTTH ST ite @ MG FIF SGE | AHEFT, FAIC], TFS 3
IR | TS 9% BRI (TR IR SR 357 NEHTE | AP NFE TR T RE® @3 |
ST N3 TN, @7 8 e Fifiar B 98 3T AT 93 73 952 WO AR AP FIE|
afSfy At S FEReT @ T afserms| FmEmsE e 7' e o6 15 = 35
SEHTEE RN | SIS AT SER, S N& @ @R @EW JEF '{fET, @ e
Toifre AT '@A' | aF O cies TET "o @@ @1 I e 3 sang 'R 9T ' |
O MR I FH [TRAR TFAR bFIOIT SRAW', AT CTA5[@F 'S 0T, Fradt G
', (o @IE @1 A3 CrNE Mot A3 TR | | 2T SRS s J6e
FEWAEET N FN1| AFEA CNfa SEFTEE 3 e $15781 T oac AfF-Far
OIS I (9% NI oS &, {1 @feeT I3 S3F IwS MH), SINEH AAF6!
IR @ @@ BHrmsd | AareE o 35 SeiaEa SEEt SepH 7 9 & Se6H,
MFEHT CFRF SSE "RAEAER"-a1 IF AgS G-56T IR (A Cears 7@ Frifte= | fFarem
YOIE | FAFTO] A TR AT @ FFiaT, SR AWFIF T3 i o S 7-fe 4@ 7207
AT FIET AT S TN A Toor IEHTET | SEHA TS MBRREIT G
TZ2 NP VFEF GI-{300T i@ o7 70 o9 Fostet | T&@T FEF 07 S TRES A&7 @, T IR
e TP YT AT STHF NI F1 Freifer fiex, T Iemrmem, sfy e a3t
AT SEIEIEF | 357 7o 357 ST I 557 IR (731 23T IR S Afereewa
F3AMF3 IF, bRET SWEET ©R 51 Ffaw 606 33 1= ® 9 IFT TeIaE, CfeefT QBE
e SR AR T T MSET GECT| (12 7T JRF JE @ 32 AR AHIIF ey TEq®
AT AT, @HAR FFA® TG, INAF 57T, FoH, IWIF, FEFT ACEH JY3| AT OF
o2 REReT 1@ IHEod CIENE oX1 SifacE AFhgyET o e 57 ' Rmess o' -3
N8| FRG BT a9 FRAAIRE anTe 2% e @i 2@ Pam| o7 Praes 7@ oiF 32 e s-- TR
FEme s 3 8 e sxIetl </TEXT>

</DOC>
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C.1 Light Stemming Procedure for the

Russian Language

return;

}

if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word

RemoveCase (word)

ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends

ends

RussianStemmer (word)
RemoveCase (word) ;
Normalize (word) ;

{
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with

W —pmamvm”’
“—oamvm”
“_OMeBI,

“_pax’

) then remove “-umavm” return;
) then remove “-oavm” return;
) then remove “-omeB” return;
then remove “-umax” return;
then remove “-umam” return;
then remove “-avm” return;
then remove “-oaMm” return;
then remove “-oax” return;
then remove “-ammu” return;
then remove “-ero” return;
then remove “-emy” return;
then remove “-epu” return;
then remove “-unm” return;
then remove “-uer” return;
then remove “-oro” return;
then remove “-omy” return;
then remove “-pemnm” return;
then remove “-oer” return;
then remove “-gag” return;
then remove “-ax” return;
then remove “-ww” return;
then remove “-asa” return;
then remove “-ax” return;
then remove “-ew” return;
then remove “-ux” return;
then remove “-ua” return;
then remove “-uw” return;
then remove “-me” return;
then remove “-um” return;
then remove “-um” return;
then remove “-oe” return;
then remove “-om” return;
then remove “-om” return;
then remove “-oB” return;
then remove “-me” return;
then remove “-wm” return;
then remove “-wm” return;
then remove “-mm” return;
then remove “-ow” return;
then remove “-ywo” return;
then remove “-awm” return;
then remove “-mx” return;
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ends
ends
ends
ends
ends
ends
ends
ends
ends

if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
if (word
return;
}
Normalize (word)
if (word ends
if (word ends
if (word ends
return;

with
with
with
with
with
with
with
with
with

with
with
with

-pIXx’”’) then remove “-mx” return;

-ea’”) then remove “-eg” return;

-aMm’”) then remove “-am” return;

-ee’”) then remove “-ee” return;

-en’”) then remove “-en” return;

-eMm”) then remove “-em” return;

“-eB”) then remove “-eB” return;
“—[awomer] ) then remove “-[goMel] “return;
“-laemnoy]”) then remove “-[aeumoy]” return;
“-p”) then remove “-v” return;

-u’”) then remove “-u”return;

-HH”) then replace by “-u” return;
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C.2 Light Stemming Procedure for the

Hindi Language

}

return;

if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if

(word

ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends

RemoveSuffix (word) {

with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with

HindiStemmerLight (word) {
RemoveSuffix (word) ;

‘“f3ﬂrﬂ then remove “-f3a1” return;
“—ﬁnﬂ”) then remove “-f3aq1” return;

“-o[0”) then remove “-OIU” return;
“—ﬁBﬁ”) then remove “-oT371” return;
“-331”) then remove “-4311” return;

“—ﬁ&ﬁ”) then remove “—g&ﬁ” return;
“—5”) then remove “-3J” return;
“—33”) then remove “—od” return;
“—émW) then remove “-oUT” return;
“4ﬂaw) then remove “-3RJ” return;
“—éﬁ”) then remove & return;
“W-oR”) then remove “-OR” return;

“4ﬂé”) then remove “4ﬂé" return;
“-21”) then remove “-&T” return;
“-37) then remove “-3” return;
“-") then remove “-” return;
‘”4ﬁ”) then remove “-&1” return;

“—ﬁﬁ”)then remove “-f3” return ;
“-3"”) then remove “-3” return;
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C.3 Light Stemming Procedure for the

Marathi Language

return;

}

RemoveCase (word)

if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends

then remove

return;

}

if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends

then remove
if (word ends

then remove
return;

with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with

APt

RemoveNoGender (word)

MarathiStemmerLight (word) {
RemoveCase (word) ;
RemoveNoGender (word) ;

then remove

\

QT )
“—ﬂ”) then remove
v“-¢1”) then remove
“-dI”) then remove
“—iﬁ") then remove
v then remove “-T” return;
3

WA return;
" return;
v_eff” return;
“-HII” return;

A\ ﬂar// .

- return;

then remove “—3?" return;
“—dl” return;

2
"
") then remove
Fﬁ”) then remove “—Fﬁ" return;
) then remove A= return;
Fﬁ”) then remove “-dI” return;
then remove “—@W return;
then remove “—ﬁ” return;
then remove “-dI” return;
then remove “-dI” return;

) then remove “-4UI” return;

TTFITH )

I(iT-IITF(_*I'HEFI'J" return ;

{

with “-3{31”) then remove “-3{3[” return;
with “-@I”) then remove “-GI” return;
with “-%”) then remove “-¥” return;
with “—g”) then remove “—g” return;
with “—Fﬁ”) then remove “-dI” return;
with “-<Id”) then remove “-<Id” return;
with “—5ﬁW”) then remove “—Or” return;
with “-8I”) then remove “-8[” return;
with “—éw) then remove “—aw return;
with “-9M””) then remove “-JI” return;
with “-°Il””) then remove “-©oll” return;
with “-II”) then remove “-AI” return;
with “-dI”) then remove “-d[” return;
with “—ﬁ") then remove “-J” return;
with “—a”) then remove “-d” return;
with “—Fﬁ”) then remove “-dI” return;
with “-[A>EdSz 77

-3 S a4 3] ”"return;

with “-[of & g d”)

worof <1 ¢ d]” return;
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C.4 Light Stemming Procedure for the

Bengali Language

RemoveIO (word)
RemoveCase (wor

Normalize (word
return;

}

RemoveOI (word) {

return;

}

RemoveCase (word)

if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends
if (word ends

then remove
return;

’

d):

)7

{

with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with

ARIE

BengaliStemmerLight (word) {

RemoveArticle (word) ;

if (word ends with “-[f @1 ]”)
then remove “-[fi @1]”return;

“-@mE@”’) then remove “-@ma@”’ return;
“-@mwma@”’) then remove “-@ma@E”’ return;
“-@3@F”’) then remove “-@@&F”’ return;
“-@mg”) then remove “-@wd” return;
“-@md”) then remove “-w@wmd” return;
“-@3”’) then remove “-@a”’ return;
“-@g”) then remove “-@3"’ return;
“—@a”) then remove “-w@a” return;
“-@g”) then remove “-@i” return;
“-%3”) then remove “-F¥” return;
“-3@”) then remove “-%8” return;
“—fi”) then remove “-fim” return;
“-@3”) then remove “-@3” return;
“-u@”) then remove “-o|@” return;
“-o®”) then remove “-o®” return;
“-@q”) then remove “-@§” return;
“-3%"”) then remove “-3” return;
“-31"") then remove “-F" return;
“-f3”) then remove “-f§” return;
“-@”) then remove “-@” return;
“-7r”) then remove “-3’ return;
“-o1”) then remove “-41¥” return;
“-@”) then remove “-@&” return;
“-f¥”) then remove “-f” return;
“-f) then remove “-f” return;
“-@”) then remove “-@” return;
“-®&"”) then replace with “g” return;

“- @
I3 I NN ] “return;

FTIAT ]
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RemoveArticle (word) {

if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if
if

ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends
ends

(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word
(word

with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with

then remove “-[¥ % o1 ¥]”"return;

return;

}

Normalize (word) {

if (word ends with
if (word ends with
if (word ends with
if (word ends with

if

return;

(word ends with “-[
then remove “-[@w1 @ 7 7 fa]”return;

“—yq&1”) then remove “-ay&1” return;
“-oiff”) then remove “-uf{” return;
“-qem”) then remove “-9q” return;
“—gfi”) then remove “-9ff”’ return;
“-@w”’) then remove “-@&” return;
“—-y7”’) then remove “-a@”’ return;
“-s@”) then remove “-s&” return;
“-%1”) then remove “-B” return;
“-f5”) then remove “-f” return;
“-§”) then remove “-§” return;
“—-371”") then remove “-F" return;
“-%1”) then remove “-w1” return;
“-f29”) then remove “-fia” return;
“-fiF”) then remove “-fi%” return;
“-@3”) then remove “-3”’ return;
“—-@w’”’) then remove “-@w” return;
“-f4”) then remove “-fi”7 return;
“—31””) then remove “-I;"’ return;
“-o¥”) then remove “-o¥’ return;
“-f&”) then remove “-f§” return;
“-f25””) then remove “-fi%” return;
“-o®”) then remove “-os@” return;
Y- [FT aTT])

“-f3fF”) then remove “-fiff” return;
“-f§”) then remove “-f&” return;
“-f25””) then remove “-@1” return;
“-71"") then remove “-71” return;

ol @ FF )
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trieval August 31 - September 4 2009, Linz, Austria.
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trieval: Various Query Expansion Approaches

In Carol Peters et al. (Eds): Evaluating Systems for Multilingual and Multi-
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