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Abstract

Cross-language information retrieval (CLIR) enables users to express queries
in a language different from the language of the documents to be retrieved.
For example, a Finnish-speaking person could pose a query to a CLIR system
in Finnish (the source language) to retrieve documents written in English (the
target language). The language barrier is usually crossed by translating the
query into the target language, after which the documents can be retrieved
with the methods of monolingual information retrieval (IR).

Aligned text collections (corpora) are common query translation resources
in CLIR. A parallel corpus is a collection where texts in one language are
aligned with their translations in another language. The aligned texts of a
comparable corpus are more loosely related. They are not translations, but
share topics and include common vocabulary in the two languages. Both
kinds of corpora can be used to train statistical translation models, but par-
allel corpora are preferred because more dependable translation knowledge
can be derived from them. However, parallel corpora do not exist for all
language pairs and domains. Hence, it is sometimes necessary to resort to
noisier comparable corpora.

This thesis proposes new methods for the acquisition, alignment, and
employment of comparable corpora. The acquisition method is based on
language-aware focused web crawling, where web content written in specific
languages and discussing specific topics of interest is obtained by employing
the hyper-link structure of the web. In the alignment phase, the source
language documents are used as CLIR queries to retrieve target language
documents. The similarity of the query to the documents, and various other
factors, are used as evidence to form alignments between the source and
target language documents.

The constructed corpora were employed in query translation as a cross-
language similarity thesaurus, a structure where target language words are
ranked based on their similarity with a source language word that is given
as input. The highest ranking words are assumed to be either translations
of the input word or related to it in some other manner.

The methods were evaluated with extensive IR experiments that covered
different language pairs, domains, and test data. The proposed CLIR ap-
proach was combined with approaches based on bilingual dictionaries. The
combined approaches outperformed pure dictionary-based translation. In
addition, the comparable corpus translation performed better in domain-
specific CLIR than translation utilizing high-quality parallel corpora. This
suggests that the proposed methods are particularly useful in domains where
CLIR resources are scarce.
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corpus as a cross-language similarity thesaurus.
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ceived from Transformation Rule based Translation.

GenWeb The genomics WWW collection, built for Publication IV.
The collection consist of English, German, and Spanish doc-
uments.

InQuery IR system based on the inference network model of IR. In-
Query language refers to the query language of the system.

IR Information Retrieval.

JRC-Acquis A parallel corpus consisting of legislative documents of the
EU (Steinberger et al., 2006). Often referred to in the text as
“JRC”.

MAP Mean Average Precision.

MT Machine Translation

OOV Out Of Vocabulary

QE Query Expansion.

RATF Relative Average Term Frequency, a measure for the discrim-
ination power of a word.

TREC Text REtrieval Conference.
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TWOL A word form normalization program based on the two-level
morphological model by Koskenniemi (1983).

Utaclir A dictionary-based query translation program developed in
University of Tampere (Keskustalo et al., 2002).
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Chapter 1

Introduction

Information retrieval (IR) aims to provide means to find relevant documents
to users’ information needs. In a typical IR system, a user expresses his in-
formation need as a query, and the system searches a database for documents
that are relevant to the query.

After the advent of WWW, IR systems have become crucial for practi-
cally every walk of life – business, education, entertainment, etc. – and the
currently available WWW search engines answer users’ needs more or less
effectively. The amount of information available, through web or, e.g., cor-
porate intranets, has exploded, and information is provided in an increasing
variety of languages. Thus, there is an increasing demand for IR systems
that can somehow cross language boundaries. With such systems, one could
retrieve documents of various languages with a query expressed in only one
language.

Cross-language information retrieval (CLIR) aims to achieve this, i.e.,
it aims to find relevant documents written in a language different from the
query. The query language is referred to as the source language, and the
language of the documents as the target language. The usual CLIR approach
is to translate the query into the target language, and use the translated query
to retrieve target language documents. In a typical CLIR usage scenario, the
source language is the native language of the user, while the target language
can be a language in which the user has only moderate skills. The user
may be uncomfortable producing text in the target language – even typing a
short query may be burdensome – while he may be able to read the retrieved
documents. An IR system capable of cross-langauge retrieval would clearly
be helpful for such a user.

The two most commonly used sources of query translation knowledge
in CLIR are machine-readable dictionaries and multilingual corpora (Oard
and Diekema, 1998; Kishida, 2005). In dictionary-based translation, source
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language query words are replaced by their translation equivalents in a bilin-
gual dictionary. Although straightforward, this approach has its problems,
mainly untranslatable query keys (i.e., words missing from the dictionary)
and translation ambiguity, meaning difficulty of choosing among translation
alternatives (Pirkola et al., 2001a). For example, the Finnish word kuusi
has two possible translations in English, spruce and six. Without context
information, it is impossible to say which one is the correct translation.

In corpus-based methods, the translation knowledge is obtained statis-
tically from the applied multilingual corpus, i.e. a collection of text. The
corpora can be aligned or unaligned, depending on whether documents of
the source language have been mapped to similar counterparts in the target
language collection. Further, the corpora can be categorized based on the re-
latedness of the texts: a parallel corpus is a collection where pieces of source
language text are mapped to their exact translations in the target language.
For instance, the body of EU legislation is a parallel corpus, because the
same laws are written in every official EU language. In a comparable corpus,
on the other hand, the texts are not translations of each other, but related
topically (Sheridan and Ballerini, 1996). The aligned documents can be, e.g.,
news articles about the same events, written in different countries.

Parallel or comparable corpora can be used to obtain translation knowl-
edge because related cross-lingual word pairs appear in similar contexts in
such collections. For example, words like vaali (election) and äänestää (to
vote) probably appear in Finnish articles about the US presidential election.
Similarly, corresponding words will probably appear in Swedish articles about
the same events. Naturally, the problem of missing vocabulary also affects
corpus-based translation – one cannot reliably translate football vocabulary
with a parallel corpus consisting of EU’s agricultural legislation. That is, the
domain of the applied corpus has to match that of the translated queries.

The most reliable translation knowledge can be obtained from large par-
allel corpora. However, although numerous parallel corpora exist (see, e.g.,
Steinberger et al., 2006), they usually cover some rather general domain, e.g.,
legislation or the news domain. In more special domains (e.g., agriculture
or genomics) one may have to resort to noisier comparable corpora. More-
over, these special domains have shortage of other CLIR resources as well:
general-purpose dictionaries do not cover most of the technical vocabulary
of such domains. For these reasons, the acquisition and use of comparable
corpora remains a valid field in CLIR.

The study at hand concentrates on corpus-based methods in CLIR. It
aims to answer the following research questions:

1. Is it possible to build an effective aligned comparable corpus from two

2



collections that are connected only by the domain they represent? The
collections could be, for example, newspaper reports written in Fin-
land and Germany in the same time period, or, Swedish and English
Wikipedia pages about similar topics.

2. How should this alignment be done? What different indicators of simi-
larity between a source language text and a text in the target language
collection should be used?

3. How should the comparable corpus be applied in query translation?

4. How well does a CLIR system based on aligned comparable corpora
perform compared to other translation approaches? How does such
system perform with different languages that vary in, e.g., inflectional
complexity? Why does such system perform as it does?

5. How should comparable corpus query translation be combined with
other query translation methods?

6. How does such system manage in retrieving highly relevant documents,
compared to other systems?

7. Could an aligned comparable corpus be mined from the web?

8. How does the domain of an aligned comparable corpus affect the per-
formance of a system that uses the corpus as a translation resource?

9. How does the size, on one hand, and the quality of the alignments (that
is, similarity of the aligned documents), on the other, affect translation
quality?

This study consists of five publications, which are now briefly introduced
(for a more in-depth summary of the publications, see Chapter 4).

Publication I The first publication introduces a novel way to create an
aligned comparable corpus from two independent text collections in
different languages. The publication addresses the first two research
questions in the preceding list.

Publication II In this publication, the method for creating comparable cor-
pora is further developed, and the created corpus is applied in query
translation. The Comparable Corpus Translation program (Cocot) is
introduced. The publication considers the questions 1–5.
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Publication III In the third publication, the system proposed in the earlier
studies is used in Finnish-Swedish CLIR. Further, non-binary relevance
assessments (see Section 2.3.3) are used in the experiments to find
how the system manages in retrieving highly relevant documents. The
publication considers the questions 3–6.

Publication IV In the fourth publication, a method for obtaining domain-
specific comparable corpora from the web is proposed. The method is
used to acquire such corpora in the genomics domain, and the acquired
corpora are used in query translation. The publication considers the
questions 4, 5, 7, and 8.

Publication V In the last publication, the corpora acquired in the fourth
publication are used to study the effects of alignment quality, size,
and the domain of the translation corpus to CLIR performance. The
publication considers the questions 4, 8, and 9.

In short, in this study I propose a new set of methods for acquiring and
aligning comparable corpora that can be applied to any domain or language
pair. The acquisition phase (Publication IV) involves focused web crawl-
ing (Chakrabarti et al., 1999), meaning acquiring web content specific to
some topic by following web’s hyperlink structure. In the alignment phase
(Publications I and II), queries are formed of the acquired source language
documents, which are then translated using some translation resource(s)
available. The translated queries are then run against the acquired target
language documents, and alignments are made based on the similarity (or
probability) ranking of an IR ranking algorithm.

I also aim to show that employing comparable corpora is profitable from
the point of view of CLIR performance. This is done by employing standard
methods of the laboratory model of IR (see Section 2.3), which implies exper-
imenting with a set of pre-defined search topics, a test document collection,
and a set of relevance assessments, i.e., a list of relevant documents in the col-
lection for each test topic. The model does not involve user interaction – the
major argument against it – but it does allow for comparing the performance
of different retrieval algorithms in a controlled setting. In the experiments,
test topics are translated with the Cocot system (Publication II) and with
various other translation approaches. The experiments are extensive, cover-
ing various language pairs and domains. I also apply non-binary relevance
assessments (Publication III) to show that the proposed system manages
very well in retrieving highly relevant documents. This is an important re-
sult from a user’s perspective, since real users rarely have the patience to
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go through documents that are only marginally related to the topic of the
search. Overall, the results of the experiments are rather promising.

The study at hand suggests that using comparable corpora as source
of translation knowledge is profitable in CLIR. This is especially true for
domains that lack parallel corpora and other CLIR resources. The corpora
can be acquired from the web with relatively few resources.

The introductory part of this thesis is organized as follows: Chapter 2
briefly introduces the field of information retrieval (IR), while Chapter 3 in-
troduces cross-language information retrieval (CLIR). Chapter 4 summarizes
the results of the individual articles, and Chapter 5 discusses them in depth
and proposes points for future research.
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Chapter 2

Information retrieval

According to Baeza-Yates and Ribeiro-Neto (1999), information retrieval
(IR)

deals with the representation, storage, organization of, and access
to information items.

IR systems aim to give users access to items that provide information that is
relevant to an information need which users express as a query to the system.
The use of an IR system takes place in the context of a user task that can
be, e.g., exploring previous scientific work for a research project, or trying to
come up with a recipe for a dinner.

A more or less clear-cut division can be seen in IR research between the
system-oriented approach, on one hand, and the cognitive, or user-oriented
approach, on the other (Ingwersen and Järvelin, 2005). This study represents
the former, which is centered around developing and evaluating retrieval
models or algorithms. The problem of system-oriented IR is, in a nutshell,
“how to find relevant documents to a query from a database of documents?”
The latter approach studies the broader question “how to find information
that helps people completing different tasks”. The notion of relevance also
differs in the two approaches – in the former, relevance is usually a relatively
straightforward mapping between queries and documents, whereas in the
latter, it is more subjective and situational, related to the user’s cognitive
state and the situation of the task at hand (Schamber et al., 1990). The two
approaches are not contradictory, however. The problem of system-oriented
IR can be seen as an important sub-problem of the user-oriented approach.

Figure 2.1 presents the laboratory model of IR, the theoretical framework
for system-oriented IR research (Ingwersen and Järvelin, 2005). The com-
ponents of a working IR system are in the center of the picture, and the
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Figure 2.1: The laboratory model of IR according to Ingwersen and Järvelin
(2005).

evaluation components are in the shaded area. An IR system applies a re-
trieval model that comprises of the internal representations of queries and
documents, and the specification of a matching algorithm. The matching
specification defines the way in which the document and query representa-
tions are compared to measure the relevance of the documents to the queries.

In this chapter, the vector space model of IR is examined next. It is
perhaps the best-known IR model, and it is applied in the present study
in the Cocot query translation program (see Section 4.2). In Section 2.2,
the InQuery query language is presented briefly. It is an example of an
advanced query language that can incorporate various different IR models.
The language is also applied in the experiments of this study. In Section
2.3, the evaluation methods of the laboratory model are discussed. In the
last section of the chapter, IR issues that arise from natural language, are
discussed.
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2.1 Vector space model of IR

IR systems aim to “predict” whether information items are relevant to a
user query. To be able to make this prediction, an IR system has to have
some premises about how different characteristics of the items correspond to
relevance. For example, IR systems usually assume that the more frequently
a word appears in a document, the better that word describes what the
document is about. Consequently, when a word appears in a query, the
documents where the word appears frequently are considered more relevant
than other documents. As a further example, a web search engine might
make assumptions about the importance of web pages based on the number
of incoming hyperlinks to that page. These premises, whether explicated or
not, constitute the retrieval model that the system applies.

Retrieval models can roughly be divided into exact match models and
best match models (Belkin and Croft, 1987). Exact match models, such as
models based on Boolean logic, return only documents that exactly match
some well-defined query. Best match models, such as the vector space model
and the probabilistic model of IR, on the other hand, can return documents
that only partly correspond to the query.

As noted earlier, a retrieval model consists of three factors: document
representation, query representation, and a matching algorithm (see Figure
2.1). In the vector space model, documents and queries are represented by
vectors whose elements represent document features, that is, words, phrases
etc. The relevance of a document to a query is measured by the cosine
similarity of the document and query vectors. This definition of relevance
constitutes the matching specification of the model. The following presen-
tation of the vector space model is based on a text by Salton (1988), who
invented the model.

2.1.1 Document-word matrix

In the vector space model, the documents of a collection form a matrix, where
rows represent documents, and columns represent words in the documents:

A =

T1 T2 . . . Tn

D1 w11 w12 . . . w1n

D2 w21 w22 . . . w2n
...

...
...

. . .
...

Dm wm1 wm2 . . . wmn

(2.1)

The element wij of this document-word matrix (or document-term matrix )
represents the weight of the jth word of the collection in the ith document
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of the collection. As can be seen, there are n distinct words (1 ≤ j ≤ n)
and m documents (1 ≤ i ≤ m) in this collection. The ith document of the
collection is represented by the vector

Di = (wi1, wi2, . . . , win).

Similarly, a query formulated by the user can be expressed as the vector

Q = (q1, q2, . . . , qn),

where qi is the weight of the ith word of the collection in the query.
In the vector model, the relevance of the document Di to the query Q

can be defined as the similarity of the vectors representing them, which can
be calculated, for example, with the cosine of the angle between the vectors,
that is,

sim(Q,Di) =

∑n
j=1 qj · wij√∑n

j=1 q
2
j ·
∑n
j=1w

2
ij

. (2.2)

For any query and document vector, it holds that 0 ≤ sim(Q,Di) ≤ 1.
In a document ranking system, this similarity would have to be calculated
between the query and all of the documents in the collection. After the
calculation, the documents would be sorted according to the similarity score.
The resulting rank of documents would then be presented to the user.

2.1.2 The tf.idf weight

What, exactly, are the weights in the document-word matrix? In a straight-
forward solution, they could be the frequencies of the words in the documents,
that is, the jth word appears wij times in the ith document. In an even more
straightforward case, the weights would be binary – 1 when a word appears in
a document, and 0 in the other case. In both cases, for any reasonably-sized
collection, most of the elements of the matrix will be zero, since most of the
words in a collection appear in a relatively few documents, and conversely, a
document usually contains only a small portion of the words of the collection.

Usually, though, the weights are more elaborate, and they are based on
notions of the correlation of word frequency and its “importance” to the
document’s topic. Salton and Buckley (1988) define three factors relating
to word frequency that should be taken into account in a word weighting
scheme:

1. Words that frequently appear in a document most likely describe the
topic of the document.
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2. Words that have a good discrimination value (see Section 2.4.2) should
be rewarded. Conversely, words that are bad discriminators, that is,
appear in a lot of documents, should be penalized.

3. Longer documents have more distinct words, and words appear more
frequently in long documents than in shorter documents. This does
not, however, mean that long documents are a priori more relevant
than shorter documents.

Correspondingly, Salton and Buckley proposed a weighting scheme that com-
prised of three components:

1. Term frequency, tfij, is the number of times the jth word appears in
the ith document.

2. Inverse document frequency (idf) is inversely proportional to a word’s
document frequency, dfj, that is, the number of documents the jth word
appears in.

3. The normalization factor normalizes the weight in proportion to the
length of the document. In the classic vector space model, the length
of the document vectors serves as the normalization factor. The Equa-
tion 2.2 can be written as

sim(Q,Di) =

∑n
j=1 qj · wij
‖Q‖ · ‖Di‖

, (2.3)

where ‖Q‖ and ‖Di‖ are the norms – or the Euclidean lengths – of the
query and document vectors.

A typical tf.idf weighting scheme (without the normalization component)
would be, for example,

wij = tfij · log
m

dfj
, (2.4)

where m is the number of documents in the collection.

2.1.3 Pivoted document length normalization

As noted earlier, the cosine normalization (see Equation 2.3) is a straight-
forward way to account for the varying document lengths in word weighting.
However, in practice, cosine normalization is proven to be “too harsh” on
long documents. In other words, it makes the retrieval of longer documents
less probable than the probability of their relevance (Singhal et al., 1996).
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Consequently, Singhal et al. (1996) proposed a pivoted document length
normalization scheme. The scheme assumes a pivot point in document
length; documents longer than pivot are retrieved less probably than their
probable relevance. Conversely, documents shorter than pivot have a higher
probability to be retrieved than their probability of relevance. The pivoted
scheme “tilts” the normalization function so that documents shorter than
pivot are normalized more harshly than before, while documents longer than
pivot are normalized more leniently than in cosine normalization. The piv-
oted normalization factor for the ith document would be

(1.0− α) + α · ‖Di‖
‖D‖

, (2.5)

where α, or slope is a parameter of the scheme (0 < α < 1), and ‖D‖ is the
average length of the document vectors.

The pivoted scheme can be incorporated into the similarity function of
Equation 2.2 in the following way:

sim(Q,Di) =

∑n
j=1 qj · wij

‖Q‖ ·
(

(1− α) + α · ‖Di‖
‖D‖

) . (2.6)

The pivoted normalization is applied only to the document vector, while
cosine normalization is applied to the query vector. This is done because the
length of queries varies considerably less than the length of documents. It
should also be noted that applying the pivoted scheme causes the weights to
no longer lie between 0 and 1.

2.2 The InQuery query language

The InQuery IR system is based on the inference network model of IR (Turtle
and Croft, 1991). In the model, relevance is seen as belief in, or probability,
that a document satisfies an information need. Various different document
and query representations can be used as “evidence” to infer whether this
belief holds. Consequently, the model can incorporate various IR models,
e.g., the vector space model or Boolean querying. InQuery’s query language
reflects this flexibility – it can be used for free-text querying, for strictly struc-
tured queries with Boolean and word proximity operators, and anything in
between. In this study, only two InQuery operators were used predominantly,
namely the #sum and #syn operators.

InQuery attaches words with a belief value which is approximated by the
following modification of the tf.idf (see Equation 2.4) weight (Kekäläinen
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and Järvelin, 1998):

0.4 + 0.6 · tfij

tfij + 0.5 + 1.5 · dlj
adl

·
log m+0.5

dfi

log (m+ 1.0)
, (2.7)

where dlj is the length of document j, measured in number of unique words,
and adl the average document length in the collection. The #sum operator
is the default operator of free text queries, and it evaluates the belief value
of the query as the average belief in the query words. The #syn operator
causes InQuery to treat the enclosed expressions as synonymous. The belief
value of a word enclosed within a #syn operator is calculated as

0.4 + 0.6 ·
∑
i∈S tfij∑

i∈S tfij + 0.5 + 1.5 · dlj
adl

·
log m+0.5

dfS

log (m+ 1.0)
, (2.8)

where S is the set of search keys enclosed within the #syn operator, and dfS
the number of documents containing at least one key of the set S.

The #syn operator facilitates concept-based querying in a best-match
context. In concept-based querying, the information need is analyzed to
recognize the central concepts, or aspects, of the request. The central as-
pects will be represented by separate facets in the query. The recognized
aspects are further analyzed to find the linguistic expressions (that is, words
or phrases) that define the concepts. In the third step, the expressions and
the conceptual relations are expressed as a query, using the syntax of the
query language at hand. These three steps correspond to the conceptual, the
linguistic, and the occurrence level of conceptual querying (Järvelin et al.,
1996). Originally, concept-based queries were predominant in Boolean IR sys-
tems. Later, stronger query structuring was introduced also to best-match
models, InQuery being an example.

For a simplified example, let us assume a user who is willing to find docu-
ments about nuclear accidents. At the conceptual level, two concepts may be
recognized: NUCLEAR and ACCIDENT (capitalized to separate the con-
cepts from their natural language representations). The concept NUCLEAR
may be expressed in the linguistic level by the expressions nuclear, atomic
energy and fission power ; whereas ACCIDENT could be expressed by acci-
dent or disaster. In a Boolean system, the query – or the occurrence level
expression – could be formulated as

(nuclear OR prox(atomic energy) OR prox(fission power)) AND
(accident OR disaster),
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where prox is the proximity operator, that is, it matches when the words
enclosed in it are found close to each other in a document. The query com-
prises of two facets which represent the two aspects of the information need.
Now, with the InQuery language, the occurrence level expression could be

#sum( #syn( nuclear #3(atomic energy) #3(fission power) )
#syn( accident disaster ) ),

where #n is the proximity operator of the InQuery language, which allows the
words within it to be at most n words apart from each other. In this InQuery
query, the expressions representing a concept are marked as synonymous. For
comparison, a weakly structured query in the InQuery language would be

#sum( nuclear atomic energy fission power accident disaster ) .

Strong query structuring has been shown to be beneficial in both monolingual
IR (Kekäläinen, 1999) and CLIR (Pirkola, 1998).

2.3 IR evaluation

Figure 2.1 presented the laboratory model of IR (Ingwersen and Järvelin,
2005). The evaluation part of the model involves a set of documents – the
test collection – on one hand; and a set of search requests – topics – on
the other. The relevance assessments link these two sets; for each topic,
they consist of a set of pointers to documents of the test collection that are
relevant to the topic. The recall base is a set of pairs 〈i, Ri〉, where Ri is the
set of relevant documents (or rather, pointers to such documents) for topic
number i.

As an example of a test collection, the CLEF (Cross-Language Eval-
uation Forum) consortium offers a multilingual news article collection for
CLIR research. The collection consists of 3 million news documents in 13
languages (Peters, 2006). For example, the English sub-collection consists of
news documents by Los Angles Times and Glasgow Herald from the years
1994–1995. In each new annual “campaign”, a few dozen new test topics are
introduced. An example of a test topic of the CLEF collection is presented
in Figure 2.2. Usually, when queries are constructed from the topics, the
“narration” part is omitted. Sometimes only the “title” field is used. Fur-
ther, redundant phrases such as “find documents on” in the example topic
are usually removed. The sample topic has 51 relevant documents in the Los
Angeles Times collection.
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<top>
<num> C042 </num>
<EN-title> U.N./US Invasion of Haiti </EN-title>
<EN-desc> Find documents on the invasion of Haiti by U.N./US
soldiers. </EN-desc>
<EN-narr> Documents report both on the discussion about the decision
of the U.N. to send US troops into Haiti and on the invasion itself.
They also discuss the direct consequences. </EN-narr>
</top>

Figure 2.2: Example topic from the CLEF collection.

2.3.1 Recall and precision

When a proposed IR algorithm is evaluated, it is applied to either document
or query preprocessing, document-query matching, or all of these, depending
on the algorithm. A baseline algorithm is also applied to the same part of
the system. The query performance of each of the tested methods and the
baseline is evaluated by matching the query results to the recall base. Various
performance metrics, that are usually based on recall and precision are used
in the evaluation.

Let R be the set of relevant documents for a test topic, and A the set of
documents retrieved for the topic by some proposed algorithm. Recall is the
fraction of the relevant documents that have been retrieved, i.e.

Recall =
|R ∩ A|
|R|

.

Precision, on the other hand, is the fraction of the documents retrieved that
are relevant, that is,

Precision =
|R ∩ A|
|A|

.

2.3.2 Derived measures

Table 2.1 presents a ranking of retrieved documents after a test query has
been executed. The query was formed by applying some IR method to a
test topic that has 12 relevant documents in the test collection. For each of
the 20 top ranking documents, its relevance to the topic is depicted in the
table. Let us examine the result set cumulatively, document-by-document,
starting from the top. The highest ranking document is not relevant to the
topic, but the document ranked second is. This document corresponds to
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Table 2.1: Cumulative recall and precision values for a test retrieval run,
|R| = 12

Rank Relevant Recall Precision

1 no
2 yes 0.08 0.5
3 yes 0.17 0.67
4 no
5 yes 0.25 0.6
6 no
7 yes 0.33 0.57
8 no
9 yes 0.42 0.56
10 no
11 yes 0.5 0.55
12 no
13 yes 0.58 0.54
14 yes 0.67 0.57
15 yes 0.75 0.6
16 yes 0.83 0.63
17 no
18 no
19 yes 0.92 0.58
20 yes 1 0.6

8.33% of all the relevant documents, and 50% of the documents encountered
so far have been relevant. That is, at recall level 0.08, precision is 0.5. The
average precision of the query is the mean of precisions at each recall level,
i.e., at each relevant document. For each relevant document not retrieved,
zero precision is added to the calculation. For this query, avgp = (0.5+0.67+
0.6+0.57+0.56+0.55+0.54+0.57+0.6+0.63+0.58+0.6)/12 ≈ 0.58. The
mean average precision (MAP) of a test run is average precision averaged
over all queries.

Precision at different document cut-off values is also a useful metric. For
the example query, precision at 10 documents (P@10) would be 5/10 = 0.5,
because 5 of the 10 highest ranking documents are relevant. The R-precision
of a query means precision after |R| documents, which for this query would
be 6/12 = 0.5. Usually, only the average values over all of the queries are
presented for these metrics. Precision among the highest ranking documents
is important because real users rarely have the patience to go through dozens
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Table 2.2: Interpolated precision values for the retrieval run of Table 2.1

Recall Precision

0.0 0.67
0.1 0.67
0.2 0.63
0.3 0.63
0.4 0.63
0.5 0.63
0.6 0.63
0.7 0.63
0.8 0.63
0.9 0.6
1.0 0.6

of documents to find a relevant one. From this point of view, precision at
high recall levels is really not that important, especially if there are a lot
of relevant documents. However, there are situations where high recall is
important, and accordingly, precision at high recall levels should also be
high.

In addition to these single value summaries, precision is often presented
at 11 standard recall levels 0.0, 0.1, 0.2, . . . 1.0. The “real” recall levels (as
shown in the third column of Table 2.1) will have to be interpolated to the
standard levels. The precision at a standard recall level i is the maximum
precision at any real recall level greater than or equal to i. Precision at the
interpolated recall levels for the example query are shown in Table 2.2.

When precision at each standard level is averaged over all queries, we
can depict the performance of the queries with a graph where precision is
plotted against the recall levels. Figure 2.3 presents an example, where the
performance of five IR methods is depicted.

2.3.3 Generalized recall and precision

In the previous section, relevance is assumed to be a binary relation between
a search request and a document. That is, a document is either relevant
or not relevant to a given request. This assumption has been criticized for
being unrealistic (Sormunen, 2002; Voorhees, 2001) – in a real search task,
a user assesses the documents in a more multi-leveled manner. Moreover,
Sormunen (2002) argues that the relevance assessments in traditional IR
tests collections – such as CLEF (Peters, 2006) or TREC (Voorhees, 2006) –
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Figure 2.3: Interpolated precision at 11 recall points for five IR approaches.

have been too liberal. In other words, some of the documents judged relevant
in such collections are only marginally related to the topic in question. Using
such liberal relevance assessments in IR evaluation might skew the results in
favor of systems that actually do not perform particularly well.

Consider, for example, two IR systems, A and B. The systems are eval-
uated in a laboratory experiment. On one of the test topics, the systems
perform equally well according to average precision. When the result sets
are examined, however, it is discovered that system A has mostly retrieved
documents that are only marginally relevant to the topic, whereas system B
has managed to retrieve highly relevant documents. For a real user, system
B would have been more valuable, but the experiment results do not indicate
this.

Graded relevance assessments are thus employed to gain more reliable
results in IR evaluation. In the third publication of this study, a recall base
where relevance assessments were based on a four-point scale, was used. The
scale was introduced by Sormunen (1994), and it is portrayed in Table 2.3.

Using graded relevance assessments calls for performance metrics that can
take into account the different relevance levels. One way is to use standard
recall and precision, but have separate recall bases for the different relevance
levels. In this way, the performance can be examined separately for each
level. Alternatively, different relevance threshold levels can be applied. For
example, using the above relevance scale, three relevance threshold levels can
be defined:
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Table 2.3: Four-point relevance scale by Sormunen (1994).
0 irrelevant The document does not contain any informa-

tion about the topic
1 marginally relevant The document only points to the topic. It

does not contain any other information, with
respect to the topic, than the description of
the topic.

2 fairly relevant The document contains more information
than the description of the topic but the pre-
sentation is not exhaustive. In the case of a
topic with several aspects, only some of the
aspects are covered by the document.

3 highly relevant The document discusses all of the themes of
the topic. In the case of a topic with several
aspects, all or most of the aspects are covered
by the document.

1. Liberal level, where documents of relevance levels 1–3 are considered
relevant.

2. Regular level, where documents of levels 2 and 3 are relevant.

3. Stringent level, where only documents of relevance level 3 are considered
relevant.

To gain a general picture over all the relevance levels, generalized recall
and precision (Kekäläinen and Järvelin, 2002) can be used. Let A be the set
of documents retrieved from a database D in response to some query, A ⊆ D.
Further, let r(d) be the relevance score of the document d in relation to some
test topic, 0 ≤ r(d) ≤ 1. In the four-point scale of Table 2.3, it would be
natural to set the scores 0, 0.33, 0.66 and 1 for the relevance levels 0, 1, 2 and
3, respectively. The generalized recall gR may now be computed as

gR =
∑
d∈A

r(d)/
∑
d∈D

r(d),

and generalized precision gP as

gP =
∑
d∈A

r(d)/|A|.

With the generalized recall and precision, it is possible to use the same
kinds of derived metrics as with regular recall and precision. Further, the
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relevance scores can be adjusted, for example, to give more weight to highly
relevant documents.

2.4 Natural language and IR

Various characteristics of natural language cause problems in IR. Imagine a
“basic” IR system that users can query with queries consisting of a list of
words. For each query, the system would scan the documents in its database
and look for words appearing in the query, and then return a list of those
documents where such words were found. There are many reasons related
to natural language that would cause problems for such a system (Ingwersen
and Järvelin, 2005; Pirkola, 1999).

The following list presents an array of such problems, and also some of the
proposed solutions. In an IR system, these problems are mostly addressed
in the indexing stage, that is, when the documents are transformed into the
internal representation format of the IR model in question (see Figure 2.1).
To successfully match queries against documents, the same operations should
also be performed on queries.

Ambiguity Words can be ambiguous, i.e., they may have various different
meanings. Homonyms are words that are spelled similarly, but have
different meanings (e.g., bear). Polysems, on the other hand, are words
that have multiple, but related, senses. In the basic system, an am-
biguous query word can match to irrelevant documents that include
the word in a sense different from that intended by the user. Query ex-
pansion can resolve ambiguity by bringing additional search keys that
in turn bring more context to the query. Different word sense disam-
biguation methods have also been proposed.

Inflection Inflected forms of the query words are not found by the basic
system. Word form normalization can be used in IR to resolve problems
brought by word inflection.

Compounds If a query word appears as a part of a compound word, it is
not found by the system. Different decompounding techniques can be
used.

Phrases Imagine a query that includes the phrase computer monitor. The
basic system evaluates the expressions “Many of us sit in front of a
computer monitor every day” and “A computer can be programmed to
monitor the voltage signals” equally relevant, although the phrase does
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not appear in the latter sentence. Phrase recognition is widely studied
and it can be used to index whole phrases, in addition to single words.

Synonymy Different expressions may refer to the same concept, and doc-
uments that use synonyms of the query words are not necessarily re-
trieved by the example system. Query expansion can be used to include
synonymous expressions in queries.

Anaphors Anaphors (such as the word he in the expression “This is Bill.
He is a plumber.”) do not match a query that include the antecedent.
Different techniques for anaphor resolution have been proposed.

Affixes Prefixes and postfixes hide the root word from the system. Word
form normalization can work to strip suffixes.

Varying semantic significance Some words have more descriptive power
than others. In English text, words such as the and a have no semantic
significance whatsoever, and documents should usually not be retrieved
based solely on such words. Such words can be omitted altogether from
indices by using stoplists. Also, word weighting techniques, such as the
tf.idf weight, aim to reward words with high semantic significance.

In the following sections some of the above mentioned techniques – those
that are relevant for this study – will be examined more closely.

2.4.1 Word form normalization

In the basic example system, word inflection causes recall to drop, because
inflected forms of the query words are not retrieved by the system. How-
ever, if the inflected forms in documents and queries would be normalized
to a common “root form”, the drop in recall could be avoided. There are
two main approaches to word form normalization, namely stemming and
lemmatization.

Stemming refers to a language-specific algorithmic process, in which words
are stripped of their inflectional suffixes. The Porter (1980) stemmer is prob-
ably the most common English stemmer. For example, the words retrieved
and retrieves are stemmed by the Porter stemmer into the root form retriev.
As can be seen, the root forms are not necessarily “real words”. This fact is
usually hidden from the user, because stemming only affects the internal rep-
resentations of documents and queries. Stemmers are also widely available
for languages other than English (Porter, 2001).
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Lemmatization, on the other hand, transforms inflected words to lemmas,
i.e., the base form (or the “dictionary form”) of a word. The obvious dif-
ference to stemming is that lemmatization produces real words. The more
fundamental difference is that lemmatizers need a dictionary of the language
in question, whereas stemmers are usually based on transformation rules.
The performance of a lemmatizer is limited by the size of the dictionary –
for example, new technical terms or proper nouns are often missing from
dictionaries.

Both approaches can hurt query precision: Greedy stemming can produce
common root forms for words that are related only morphologically. For
example, generate and generation are normalized to generat by the Porter
stemmer. On the other hand, ambiguous word forms can be lemmatized to
many base forms, as is exemplified by the Finnish inflected word hauista.
The word may be an inflection of any of the words haku (retrieval), hauki
(pike) or hauis (biceps).

Hull (1996) showed that, in general, stemming is beneficial in English IR.
Further, Airio (2006) found that, perhaps surprisingly, stemming achieves
comparable performance with lemmatization in monolingual IR, even with
morphologically complex languages such as Finnish. However, in CLIR,
lemmatization performed better.

Lemmatizers can also be used in decompounding, that is, splitting com-
pound words to their constituents. Some languages, such as German and
Finnish, are highly compounding, whereas English is an example of a phrase-
oriented language. Decompounding can increase recall, because query words
may be constituents of related compounds. For example, take a Finnish query
that includes the word karhu (bear), and a document that contains the word
harmaakarhu (grizzly bear). On the other hand, including the unrelated
compound constituent harmaa (grey) in the query may hurt precision.

2.4.2 Frequency-based word selection

As noted earlier, words differ in their descriptive power. For example, in
the sentence “Obama surges past Clinton in Democratic race”, Obama and
Clinton describe what the sentence is “about”, whereas past and in do not.
As early as Luhn (1958) discussed the discrimination value of words, and
noted that the words that carry the most information, that is, discriminate
between documents, are in the middle of the frequency spectrum. That is to
say, words that appear very frequently on one hand, and very rarely, on the
other, have small discrimination power. Going back to the example sentence,
in and past are clearly more frequent in English text in general than Obama
or Clinton.
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Very frequent words are often omitted all together from an index by ap-
plying stoplists, meaning lists of words to be “stopped”, that is, excluded
(Fox, 1990). As for the rare words, it has been noted that in large docu-
ment collections, most of the unique words in the collection appear in but
a few documents. For instance, in one of the collections used in this study,
the CLEF (Peters, 2006) L.A. Times collection, 36% of words appear only
once in the collection. Such anomalies are called hapax legomena (Greek
for “read only once”), which may be rare proper nouns, misspellings or er-
rors brought by optical character recognition (OCR), etc. Salton and McGill
(1983) suggest excluding such rare words from the index.

Removing common and rare words are mainly done to save computational
resources. However, in document retrieval, stopword removal can hurt query
performance. Consider a database of the work of Shakespeare for which
stopword removal has been applied. The famous phrase “to be or not to be”
consists entirely of stopwords, and hence a query consisting of the phrase
would return an empty result!

Word weighting is a more elegant way to account for varying descriptive
power. For example, the tf.idf weight (see Section 2.1.2) penalizes frequently
appearing words. The tf.idf weight is a document-specific measure. The
RATF value (relative average term frequency), proposed by Pirkola et al.
(2001b), is an example of a collection-wide measure for discrimination value.
The RATF value of the jth word of the collection is calculated as

RATFj = (cfj/dfj) · C/ ln (dfj + SP)p,

where dfj is the document frequency of the word; cfj its collection frequency,
that is, the number of times the word appears in the collection; SP and p are
collection-specific parameters. The constant C scales the product to a more
convenient value, C = 1000 was used in this thesis.

2.4.3 Query expansion

A document may discuss a topic with various alternative concepts and syn-
onymic expressions. Therefore, it is hard for users to formulate queries that
would cover all of the possible vantage points to the topic (Kekäläinen, 1999).
Furthermore, user queries usually consist of but a few words. Such short
queries can result in low recall, because documents using alternative vocabu-
lary are not retrieved. Query expansion (QE) is a technique where additional
search terms are added to queries in order to enhance recall (Efthimiadis,
1996).

QE keys can be added by using a thesaurus, i.e. a structure where rela-
tions between words and concepts are presented. Traditionally, thesauri are
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manually created, and manually employed by users or information service ex-
perts. Similarity thesauri can be part of IR systems to facilitate automatic
QE. Similarity thesauri are created automatically by learning co-occurrence
data from a large collection of text (Qiu and Frei, 1993; Jing and Croft,
1994).

Relevance feedback is a QE technique where new query keys are auto-
matically extracted from relevant documents. The relevant documents can
be picked after an initial search either manually by the user, or automati-
cally by the IR system. In the latter case, in which the system assumes the
highest ranking documents to be relevant, the process is called local feedback
or pseudo relevance feedback. Pseudo relevance feedback can be elegantly
incorporated into the vector model: for example, a centroid vector of the
relevant documents can be calculated and added to the original query vector
(Buckley et al., 1994). This causes the query vector to “move” towards the
relevant documents in the document space.

Keskustalo et al. (2006) propose a technique where top ranking docu-
ments “vote” for expansion keys. The “candidates” are the semantically
most significant words from each relevant document. The significance is cal-
culated with the RATF value (see Section 2.4.2). This QE technique, the
“RATF-based pseudo relevance feedback” is used in this study (see Publica-
tion II).

Views differ on whether QE actually improves IR performance signifi-
cantly. Kekäläinen (1999) found that strong query structuring is vital for
QE success, especially when a large number of new keys are added. She also
found that using the synonym structure of the InQuery language (see Section
2.2) to represent facets is advantageous in QE.
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Chapter 3

Cross-language information
retrieval

Cross-language information retrieval (CLIR) aims to find relevant documents
to a query that is expressed in a language different from the documents. The
language of the query is referred to as the source language, and the language
of the documents as the target language. Historically, CLIR research started
with the pioneer work of Salton (1969), but it took until the late 1990’s for
CLIR to really establish itself (see Grefenstette (1998a) for early work).

The CLIR process differs from the IR process only in the respect that the
language boundary must somehow be crossed. This can be done by trans-
lating either the queries to the target language, or the documents to the
source language. In CLIR, the former approach is more common. Query
translation is simpler than document translation, because queries are usu-
ally much shorter than documents. Also, syntactic knowledge need not be
considered in query translation, which makes it possible to use rather sim-
ple algorithms and resources. Furthermore, the translated documents would
have to be indexed before retrieval. However, the brevity of the queries also
may cause problems, because the lack of context in typical queries increases
translation ambiguity. Another argument in favor of document translation is
that the translation of documents can be made off-line, unlike query transla-
tion. (Grefenstette, 1998b; Kishida, 2005). This study, however, concentrates
on CLIR based on query translation.

Basically, therefore, CLIR can be viewed as “normal” IR which involves
additional steps in the query processing phase, and it can be set within the
laboratory IR framework (see Figure 2.1). This also implies that CLIR shares
the same natural language-related problems with IR, as well as problems
stemming from query translation.

CLIR can be useful in various different usage scenarios and for users with
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varying language skills. Users with moderate or non-active skills in the target
language may be able to understand text in the target language, but are often
unable to produce it, i.e., express queries with it. Such users could benefit
from a CLIR system based on query translation. Further, a fluently multi-
lingual person could benefit from a CLIR system where the query would
be translated into more than one language. The system could save him the
time and labor of having to produce queries for each desired language. Such a
system could produce separate result sets for each language, or it could merge
the results into one list of documents. Merging is a non-trivial problem of
multilingual IR, and it is not addressed in this thesis.

A CLIR system could be helpful also for a user with little or no skills in
the target language. Imagine, e.g., an inventor who would like to know if in-
ventions similar to his exist at all in the world. He could make a cross-lingual
web search, and get documents written, perhaps, in a totally unfamiliar lan-
guage. He could examine the documents, e.g., by looking at pictures and
other language-independent clues. Alternatively, the retrieved documents
could be translated with a MT system.

Airio (2008) experimented with users of varying target language skills
and found out that cross-lingual web search based on query translation is
helpful, particularly for users with non-active or moderate skills in the target
language. This group of users got better retrieval results with translated
queries than with queries that they produced directly in the target language.
However, the quality of the translation resource (i.e., the dictionary in this
case) also played an important part in the results.

In the following sections, different CLIR query translation approaches
will be reviewed. The main approaches are dictionary-based translation,
machine translation, corpus-based methods, and cognate matching (Oard
and Diekema, 1998; Kishida, 2005).

3.1 Dictionary-based CLIR

In dictionary-based translation, a machine-readable bilingual dictionary is
used to replace the source language query words with their target language
counterparts. Pirkola et al. (2001a) listed problems of dictionary-based trans-
lation. The problems are mostly common to all CLIR approaches:

1. Out-of-vocabulary (OOV) words. No dictionary is complete – espe-
cially technical terms, proper nouns, and novel expressions are often
missing. The same goes for compound words in compound-prone lan-
guages, such as German and Finnish. In some cases, the target lan-
guage entirely lacks an adequate translation for a source language word.
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For example, Finnish has a wide array of terms describing snow of dif-
ferent variety. Translating them with the English word snow loses some
of the meaning in them.

2. Lexical ambiguity in source and target languages. A source language
word can have many senses, which translate to different words in the
target languages. For example, the Finnish word maali can be trans-
lated as goal or paint in English. This phenomenon is called translation
ambiguity. Further, the translated words may be ambiguous in the tar-
get languages. Goal can be a sports-related term (as maali usually is in
Finnish), as well as having the sense purpose or aim. Thus, ambiguity
can increase many-fold in the translation process.

3. Inflected source language words. Dictionary entries are usually in their
base forms, whereas queries may have inflected words.

4. Phrase identification and translation of phrases. Usually, phrases do
not occur as head entries in dictionaries, and consequently are OOV.
Even if phrases are found in a dictionary, they must first be recognized
and extracted from the query.

The last two problems are common to monolingual IR, and can be re-
solved with similar approaches. For example, query words will have to be
stemmed or lemmatized before matching them with the dictionary. Similarly,
phrase recognition and decompounding can be performed prior to transla-
tion. The first two problems, OOV words and translation ambiguity, are
inherent to CLIR, and are the main reasons for CLIR performance to be on
average significantly worse than monolingual IR. Dictionary-based transla-
tion can be viewed as the baseline method of CLIR. The following sections
review approaches to solve the above problems characteristic of dictionary-
based translation and CLIR in general.

3.2 Cognate matching

The OOV problem can be eased by employing cognate matching. Many
proper nouns and technical terms – i.e., words most often missing from
dictionaries – are very similar across languages. Often they are cognates,
meaning words with similar etymological background. This is true, for ex-
ample, for the Finnish-English word pair informaatio–information, or for the
German-English pair konstruktion–construction.

When cognate matching is applied to query translation, OOV query words
are matched against target language words which have been extracted from
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a target language corpus. The most similar target language word, or a few
of the most similar, can then be chosen as “translations”. The similarity
can be calculated, e.g., with edit distance or s-gram matching. s-grams
(Järvelin et al., 2007) are a generalization of n-grams. Unlike n-grams, s-
grams allow skipping over characters when character strings are decomposed
into gram sets. For example, the string informaatio decomposes into digrams
{if, no, fr, om, ra,ma, at, ai, to} when one character is skipped. The distance
between the gram sets of two strings can be measured, e.g., by the Jaccard
distance. s-grams have outperformed regular n-grams in CLIR experiments
(Pirkola et al., 2002).

A more advanced way to translate cognates is to apply transformation
rules that capture stereotypical variation between languages. For example,
the letter k at the beginning of a German word often changes to c in English
(e.g., konstruktion → construction). Pirkola et al. (2003) mined such rules
from bilingual dictionaries. However, translation based solely on transforma-
tion rules can produce a lot of nonsense words and other bad translations.
Accordingly, Pirkola et al. (2006) used frequency data of the target lan-
guage to choose the most probable translation candidates. Their technique,
FITE-TRT (Frequency-based Identification of Translation Equivalents re-
ceived from Transformation Rule based Translation), is also applied in this
study. The technique requires much more resources than simple cognate
matching, and is computationally more intense, but produces more accurate
results.

3.3 Machine translation

Machine translation (MT) aims to provide human-readable translations of
natural language texts. This makes it arguably a much harder task than
query translation, since queries can be translated word-by-word, and the
translations need not be seen by the user. However, since MT has to choose
“the correct” translation alternative for each word, it involves word sense
disambiguation, which is lacking in simple dictionary translation. For short
queries, though, there is often too little context for MT systems to infer the
correct translation alternative. Early results (Ballesteros and Croft, 1998)
indicated that MT performs worse than dictionary-based methods in CLIR.
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3.4 Corpus-based CLIR

In corpus-based CLIR approaches, the translation knowledge is derived from
parallel or comparable corpora. As noted in Chapter 1, parallel corpora are
preferred because they provide more accurate translation knowledge. How-
ever, because of the scarcity of parallel corpora, comparable corpora are often
used in CLIR.

As noted in Chapter 1, the aligned texts of a comparable corpus are
not translations of each other, but related topically (Sheridan and Ballerini,
1996). For example, consider collections of articles from a Finnish and a
Swedish newspaper from the same time period. A lot of the topics and
events covered in the Finnish newspaper would also be covered in the Swedish
newspaper. A comparable corpus could be created by finding, for each article
in the Finnish collection, a document in the Swedish collection that discussed
the same event or topic. In this case, the Finnish collection is the source
collection of the comparable corpus, and the Finnish articles form the set of
source documents. By contrast, the Swedish collection is the target collection
that consists of target documents. (Of course, the roles of the collections
could be reversed.)

It is not realistic to expect to find a pair for every source document, be-
cause not all of the events and topics covered in the Finnish newspaper would
be covered in the Swedish one. Hence, the number of document pairs in the
comparable corpus would be smaller than the number of source documents.
Note also that the alignments need not be pairs of documents: a source
document could also be aligned with a set of similar target documents.

In CLIR literature, comparable corpora sometimes refer to unaligned col-
lections (see, e.g., Rapp (1999)). To continue with the above example, the
Finnish and Swedish collections would form a comparable corpus as such,
without the alignments, by this definition. In this thesis, though, compara-
ble corpora are aligned collections.

There are various ways to utilize parallel or comparable corpora. In cross-
language pseudo relevance feedback, the source language query first retrieves
documents monolingually from the source language documents of the aligned
corpus. Then, the top n documents assumed to be relevant are exchanged
with their alignment pairs, and QE keys are extracted from them. The
obtained keys are then used as the target language query. If the aligned
texts are parallel, the target language query most likely contains translations
of source language query keys, and, importantly, also good target language
expansion keys. Davis and Dunning (1995) pioneered this approach.

In a much similar vain, Ballesteros and Croft (1998) employed a paral-
lel corpus to disambiguate dictionary translation. If a word with multiple
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dictionary translations appeared in a query, they retrieved source language
documents with the original query, and replaced a few dozen highest rank-
ing documents with their alignment pairs. Then they ranked the target
document words according to their discriminative power. The translation
alternatives that had the highest rank were selected to appear in the target
queries.

Another approach in corpus-based CLIR is to learn cross-lingual word
associations from parallel or comparable corpora, in effect creating a cross-
language similarity thesaurus (Sheridan and Ballerini, 1996; Braschler and
Schäuble, 1998). This is much like a regular automatic association thesaurus
(see Section 2.4.3), except that an aligned cross-lingual corpus is used as
training data.

The idea is to calculate similarity scores between a source language query
word and words in the target language documents of the aligned corpus –
the most similar target language words are assumed to be translations or
related words. This approach was first proposed by Sheridan and Ballerini
(1996), and later employed, e.g., by Braschler and Schäuble (1998) and Yang
et al. (1998). Molina-Salgado et al. (2002) applied a similarity thesaurus in
bigram translation, i.e., they translated pairs of consecutive words in addition
to single words. This was done in order to emulate phrase translation, but
the results were poor. The similarity thesaurus technique is applied in this
study and it is further discussed in Section 4.2.

Several studies have seen the query translation problem as the problem
of maximizing the translation probability p(t|s), where s is a source language
word, and t a target language word. In other words, the target language word
that has the highest probability of being the translation of s is sought for.
The translation probabilities can be estimated, e.g., by using a dictionary,
or by learning from aligned corpora using the machine translation models
proposed by Brown et al. (1993), i.e., the IBM models 1–5. The simplest
one of these models, Model 1, is the most often used in CLIR. Model 1 does
not concern with the order of words in sentence translation, which is usually
adequate in CLIR, because query translations need not be syntactically cor-
rect sentences (Nie et al., 1999). The translation probabilities can further be
incorporated into probabilistic IR models (Xu et al., 2001). In such models,
the entire CLIR process (not only query translation) is elegantly portrayed
by a probabilistic model.

An unaligned corpus can also be utilized as a translation resource. Rapp
(1999) and Fung and Yee (1998) proposed a method where context vectors
were calculated for each word in source and target corpora. A context vector
of a word includes other words that appear frequently near the word. A sub-
set of the words in the source language vectors are translated with a “seed
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dictionary”. Then, to translate a source language word that is not found in
this seed dictionary, its context vector is compared to the target language
context vectors with some distance metric. The target word with the most
similar vector is assumed to be the translation. The main difference of this
approach to methods that employ aligned corpora is in the context that is
used to define the “semantic space” of the words. In aligned corpora, the
aligned entities (i.e., documents, paragraphs or sentences) provide the con-
text, whereas in Rapp’s approach, the context is provided by the neighboring
words.

3.5 Obtaining aligned corpora

Early corpus-based CLIR studies applied parallel corpora such as United
Nations documents (Davis and Ogden, 1997; Ballesteros and Croft, 1998), or
the Canadian Hansard corpus of Canadian parliament proceedings in English
and French (Nie, 1998). The parallel texts were aligned with algorithms such
as the one proposed by Gale and Church (1991).

From quite early on it was evident that the freely available parallel corpora
were not sufficient: their lexical coverage was limited, and they were not
available for all language pairs. Some researchers turned their attention to the
fast-burgeoning WWW (Kilgarriff and Grefenstette, 2003). Resnik (1999)
and Nie et al. (1999) proposed techniques for finding parallel content on the
web. They used language-independent clues, such as similar structure and
length, to detect whether two web pages were parallel. Yang and Li (2004)
and Shi et al. (2006) further advanced these techniques. Another approach
to use the web as a translation corpus is to obtain translation knowledge
from mixed-language web pages, i.e., pages where lots of words, especially
proper nouns and technical terms, are expressed in two languages. This is
very common in Japanese, Chinese, and Korean, where English translations
are often provided for “foreign” words. This approach has not been applied
outside these languages, however (see, e.g. Zhang et al. (2005); Cheng et al.
(2004)).

The results by Resnik and Nie et al. broadened the horizon for em-
ploying parallel corpora in CLIR, but despite the enormity of the WWW,
parallel content is limited mainly to official text or, e.g., web sites of multi-
national companies. For special domains and language pairs, resources were
still scarce.

Comparable corpora were seen as at least a partial solution to this prob-
lem. After all, it would seem much easier to find collections that only share
similar topics than to find parallel texts. Furthermore, the requirement for
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translation quality is more relaxed in CLIR than in MT, which allows the use
of noisier learning data. Sheridan and Ballerini (1996) aligned Italian and
German news reports by the Swiss news agency SDA by combining reports
with similar dates and meta-descriptors. Although produced by the same
agency, the documents were not parallel. Braschler and Schäuble (1998)
aligned news stories by SDA and the American news agency AP. They used
source documents as queries to retrieve target documents. Alignments were
then made by using matching dates and query-document similarity values.
Utsuro et al. (2002) used date-based alignment in creating comparable cor-
pora from news reports in the web.

However, all three of the above studies on comparable corpora assumed
that matching could be made depending on some meta-data, i.e., publica-
tion dates or content descriptors. Also, even though not parallel, the used
collections were news collections from the same time period. News text does
not, however, sufficiently cover the vocabulary of more technical domains,
and text of most other domains cannot be aligned based on matching dates.
Thus, even after the pioneer work on comparable corpora, the questions
of sufficient lexical coverage and availability for different language pairs re-
mained.

More recently, there have been efforts to mine parallel sentences from
unaligned comparable corpora (Munteanu and Marcu, 2005; Fung and Che-
ung, 2004) in order to broaden lexical coverage of MT systems. However,
as strictly parallel corpora are not mandatory in CLIR (at least when other,
complementary resources are used), it remains an open question whether
these methods are necessary in CLIR. It could be argued that employing
only parallel subsets of comparable corpora squanders the evidence brought
by other, less-than-perfect alignments.

3.6 Combined approaches

Combining different CLIR resources, i.e., dictionaries, corpora, cognate match-
ing etc. provides more evidence to query translation, and hence should result
in better CLIR performance. “More evidence” in CLIR means both broader
lexical coverage and reduced ambiguity because good translation alterna-
tives are likely to outnumber bad ones when multiple sources of knowledge
are employed (Gey et al., 2001; Braschler, 2004; Savoy, 2004).

The combination can be made either prior to document retrieval or after
it. In the former, more popular, approach, outputs of the different resources
are combined to form a single target language query. The different resources
can be weighted by weighting the subsets of query keys produced by the dif-

32



ferent resources. In the latter approach, each translation approach produces
a query, and the results of the queries, i.e., document ranks, are merged.

The Utaclir system (Keskustalo et al., 2002), widely used in this study,
combines dictionary-based translation, s-gram matching of OOV words and
strong structuring of the target language queries with the Pirkola method
(Pirkola, 1998). The Pirkola method implies combining translation alter-
natives with InQuery’s #syn operator (see Section 2.2), i.e., treating the
translation alternatives as synonyms. This neutralizes the effect of transla-
tion ambiguity.

Query expansion is found to be useful also in CLIR. McNamee and May-
field (2002) found that pre-translation QE is advantageous especially when
translation resources are scarce. Expansion keys may “save” queries from
OOV words, because expansion keys related to OOV words may be in-
vocabulary, i.e., translatable. Also, expansion keys provide more context
which reduces translation ambiguity.
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Chapter 4

Results

The research problems stated in Chapter 1 can be divided into three subsets:
problems concerning the acquisition and alignment of comparable corpora
(problems 1, 2, and 7); problems related to obtaining translation knowledge
from comparable corpora (problem 3); and problems related to comparable
corpora as a part of CLIR systems (problems 4-9). Accordingly, in the next
sections, experiments related to these subsets of problems, and their results,
are summarized.

Various document collections were used in the experiments, either as a
test collection for IR laboratory experiments (see Figure 2.1), or as part of
a comparable corpus. Table 4.1 shows the collections used, along with their
size and purpose of use. The news collections are all part of the collection
of the Cross-Language Evaluation Forum (CLEF, see Peters (2006)). The
genomics collections were created for Publication IV (see Section 4.1.1), and
the MEDLINE corpus is the test collection of the genomics track of the
TREC conference (Hersh, 2005). Apart from these collections, the JRC-
Acquis parallel corpus (Steinberger et al., 2006) was used in publications IV
and V. The corpus consists of legislative documents of the European Union.

4.1 Creation of comparable corpora

Figure 4.1 depicts the process of creating comparable corpora. The process
consists of the acquisition phase, where texts in specific languages are ob-
tained, and the alignment phase, where the obtained texts are aligned. The
acquisition phase applies focused web crawling to gather the texts. In the
alignment phase, the source language documents are processed into queries,
which then are translated into the target language with some available trans-
lation resource(s). The acquired target language documents are queried with
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Table 4.1: Document collections used in the study

Source Domain Language Documents Purpose1 Publication

Aamulehti News Finnish 54,851 CC I,III
L.A. Times News English 113,005 TC,CC I, II, V
TT2 News Swedish 142,819 CC II,III,V
Göteborgs-Posten News Swedish 72,858 TC III
Helsingborgs Dagblad News Swedish 88,478 TC III
GenWeb-Eng Genomics English 149,500 CC IV, V
GenWeb-Spa Genomics Spanish 30,800 CC IV
GenWeb-Ger Genomics German 84,200 CC IV, V
MEDLINE Medical English 4,591,008 TC IV,V

1 TC = test collection, CC = comparable corpus
2 Tidningarnas Telegrambyr̊a, Swedish news agency

the resulting queries, using, e.g., a probabilistic ranking algorithm. Align-
ments are then made between the source document and the top ranking
target document(s). Score thresholding is used to filter out low-quality align-
ments, i.e., pairs whose topics do not match adequately. Further, date-based
matching can be used if the publication date of the documents is a relevant
matching criterion, as it is in, e.g., news documents.

In the following sections, the acquisition phase and the alignment phase
are discussed in depth.

4.1.1 Acquiring comparable texts from the web

The acquisition phase was not addressed until the fourth publication of this
study. In the preceding publications, the news document collections of the
CLEF campaign (Peters, 2006) were used as translation corpora. The CLEF
corpora are news collections that cover approximately the same time period
in the mid 1990’s, which makes them ideal for alignment. However, outside
of the news domain it is unlikely that such ideal collections can be found.

In Publication IV, a method for acquiring comparable corpora from the
web is proposed. It is based on focused web crawling, i.e., searching web
content belonging to a specific topic by employing the hyper link structure of
the web (Chakrabarti et al., 1999). The topical crawling approach was chosen
because comparable corpora are needed to compensate for the limitations of
general resources, such as general-purpose dictionaries, which do not cover
vocabulary of special domains.

The method is outlined in Figure 4.2. Before the actual crawl, domain-
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Figure 4.1: The process of acquiring and aligning comparable corpora

specific vocabularies are semi-automatically gathered from the web for all the
wanted languages. The vocabularies play an important part in the process:
they are used in finding the seed URLs of the crawl, and as “driver queries”
to steer the crawling process to pages that contain text of the wanted topic.
A set of seed URLs for each language is established by using the gathered
vocabularies to query the web with, e.g., Google. A priority queue that holds
the URLs of the to-be-visited pages is initialized with the seed URLs.

The actual crawl proceeds in the following way. One by one, the head
URL of the URL queue is removed and the page pointed to by the URL is
fetched. The text paragraphs of the page are extracted, and the language of
the paragraphs is detected. If the language of a paragraph is one of the sought
ones, the paragraph is matched against the driver query which consists of the
domain vocabulary of that particular language. If the driver query similarity
of the paragraph exceeds a threshold, the paragraph is saved to disk to wait
for the alignment phase.

The out-links of each fetched page are extracted and scored. The score
is based on matching the driver query against the link’s anchor text (i.e.,
the text inside the HTML a tags). Also, the driver query similarity of the
entire page, and average driver query similarity of pages belonging to the
same host, are factored into the score. The URL queue is prioritized based
on the scores.

In the proposed method, paragraphs, instead of whole pages, are used for
the following reasons: Firstly, typical web pages have lots of content that does
not belong to the topic of the page: navigation bars, contact information etc.
In statistical translation, it is essential that words appear in their sentential
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Figure 4.2: The crawling process

Table 4.2: Sizes of the acquired corpora

Language Size (MB) Words (·106) Paragraphs

English 154 21.5 149,500
Spanish 25 3.5 30,800
German 73 8.8 84,200

context, which is often not the case with this kind of “functional content” of
a web page. Secondly, some pages have text in multiple languages, while a
single paragraph is usually written in only one language. Thirdly, the align-
ments were also made on paragraph, not document, level. One paragraph
usually expresses a single concise idea, and thus suits better as a provider of
context in statistical translation than a web page in its entirety.

The proposed method was used in Publication IV to gather English, Ger-
man, and Spanish text in the genomics domain. Table 4.2 depicts the sizes
of the acquired corpora.

The acquired corpus, the GenWeb corpus, was aligned to provide transla-
tion knowledge for Spanish-English and German-English query translation.
The Cocot program (see Section 4.2), that uses aligned corpora as a cross-
language similarity thesaurus, employed the alignments in experiments that
consisted of two distinct set-ups. Firstly, standard laboratory CLIR exper-
iments were performed with the topics of the genomics track of the 2004
TREC conference (Hersh, 2005). Secondly, word translation tests were per-
formed, in which individual genomics-related words were extracted from the
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topics and translated with the genomics web corpus on one hand, and with
the JRC-Acquis parallel corpus, on the other hand.

In the IR experiments, Spanish and German translations of the TREC
topics were transformed into queries, which were then translated into English
with various CLIR systems. The target collection, the MEDLINE collection
of medical abstracts and citations, was then queried with the translated
queries. Standard performance measures, such as mean average precision
(MAP), precision at a low recall level, and the 11-point interpolated preci-
sion, were reported. Cocot (CC) with the GenWeb corpus was combined
with the Utaclir (UC) query translator (see Section 3.6). This was done be-
cause, realistically, GenWeb would be a complementary resource, its purpose
being to cover technical vocabulary that are OOV for general resources. The
combination performed better than UC alone, which suggests that acquiring
web-based comparable corpora is indeed worthwhile. However, the differ-
ence was significant only in the German-English runs. The performance of
the combination UC-CC was comparable to a machine translation system
and to a combination where Utaclir was complemented by the FITE-TRT
rule-based translation system (see Section 3.2). This latter combination did
particularly well in the Spanish-English runs.

In the word translation tests, genomics-related vocabulary was trans-
lated with the Cocot-GenWeb system. The same words, extracted from the
TREC genomics topics, were also translated with Cocot that employed the
JRC-Acquis parallel corpus. Both Spanish and German words were trans-
lated. The tests aimed to prove that in special domains, it is not sufficient
to use general-purpose resources, even of high quality, such as the JRC cor-
pus. A measure for “translation goodness” was proposed: in short, a good
translation appears relatively more frequently in the relevant documents of
the topic it is extracted from, than in the other documents of the target col-
lection. The tests clearly proved that the GenWeb could provide more good
translations of the domain vocabulary than the JRC parallel corpus. In fact,
more than half of the words were OOV for the JRC corpus, both in Spanish
and German tests.

The experiments in Publication V are also relevant in evaluating the pro-
posed method for acquiring translation corpora. The German genomics top-
ics were translated, among others, with the combination Utaclir-Cocot. As
translation corpus, Cocot utilized the GenWeb and the JRC corpora. Utaclir-
Cocot with GenWeb performed significantly better than Utaclir-Cocot with
JRC. This is consistent with the findings of the word translation tests.
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4.1.2 Aligning comparable corpora

The following notational conventions are used in the rest of this chapter:
Tuples are denoted between angle brackets. For example, let a and b be
tuples: a = 〈1, 2, 3〉, b = 〈4, 5〉. The length of tuple a is len(a) = 3. Tuple
concatenation is denoted by ./. For example, a ./ b = 〈1, 2, 3, 4, 5〉. Tuple
components are given by their indices using the notation a[i] for the ith
component of tuple a. For example, b[2] = 5.

Let dS ∈ CS and dT ∈ CT be documents in the source and target collec-
tions, respectively 1. The alignment candidate set of source document dSi is
defined as

ACi = {〈dT , σ〉|dT ∈ CT ∧ σ = sim(dSi , d
T ) ∧ σ ≥ θ}, (4.1)

i.e., ACi consists of tuples that contain the target documents whose similarity
to dSi exceeds some threshold θ, paired with the similarity scores. Now, the
set of alignments can be defined as the function

A(CS, CT ) = {〈dSi , Di〉|dSi ∈ CS ∧Di = τ (ACi, R)}, (4.2)

That is, the alignments are a set of pairs consisting of a source document,
and a hyper document Di, which actually is a tuple τ of target documents
defined by the set ACi and the constant R. This constant is the maximum
number of target documents aligned with a single source document.

Finally, we can define the tuple τ recursively as follows:

τ (AC,R) = τ (AC, 1, R) , (4.3)

where

τ (AC, i, R) = 〈dT 〉 ./ τ
(
AC − {〈dT , σ〉}, i+ 1, R

)
:

〈dT , σ〉 ∈ AC ∧ ¬∃〈dT ′, σ′〉 ∈ AC : σ′ > σ

if AC 6= ∅ ∧ i ≤ R

τ (AC, i, R) = 〈〉
otherwise.

That is to say, the tuple τ (ACi, R) contains at most R target documents
whose similarity to dSi exceeds θ, arranged in descending order of similarity
to dSi .

The alignment procedure proposed in this study comprises of the following
steps:

1This presentation is somewhat more accurate than the one in Publication IV, on which
it is based on.
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1. For each source document, extract the n words best describing the
topic of the document. This can be done in the following way: first,
order the words in the document by decreasing frequency in the doc-
ument. Second, calculate the RATF value (see Section 2.4.2) for each
word, and filter out words with RATF values that are below a thresh-
old. The RATF value measures the discrimination value, i.e., semantic
significance of a word. Select the top n remaining words to represent
the document. In the experiments, n was usually between 20 and 30.

2. For each source document dSi , translate the selected words with some
available translation resource, e.g., a dictionary.

3. Query the target documents with the translated queries, using, e.g., a
probabilistic ranking algorithm.

4. For each query, examine the result set and choose at most R target doc-
uments whose similarity to the query exceeds θ into the hyper document
Di. Additionally, if publication date of the documents is relevant (as
in news documents), dates can be used in filtering prospective target
documents.

Prior to Publication IV, the alignments were always 1-to-1, i.e., the size
of each hyper document was 1. In training tests not published in Publication
IV, the 1-to-n alignments outperformed 1-to-1 alignments, supposedly be-
cause they provide more evidence for translation. Moreover, in publications
II and III, where news collections were aligned, the fourth step involved it-
erations over different “date windows”. A date window of n means that the
aligned documents may be published at most n days apart from each other.
Instead of one similarity threshold, three thresholds (θ1 < θ2 < θ3) were
applied in the date-based alignment. In the first iteration round, only target
documents published on the same day as the source document were searched
for, and threshold θ1 was applied. On the second and third rounds, the date
window was incremented from zero to one and two, respectively, θ2 being
the threshold. On the fourth round, date-based filtering was abandoned, and
only score thresholding with θ3 was applied. In a way, the iteration algorithm
trusts the date-based evidence more than score-based evidence: target doc-
uments published near the source document are preferred, even with lower
similarity to the source query. This seems reasonable, because the similarity
score reflects the similarity of the source and target documents in an imper-
fect way: especially the translation step can bring noise to the process by
way of OOV words and translation ambiguity.
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In Publication I different alignment schemes were compared. A small
subset of the Aamulehti collection was aligned with the L.A. Times collection.
The Utaclir query translation program was used in the translation step, as is
done in the other publications of this study. The tested alignment schemes
varied in the target document filtering stage, i.e., stage four of the above list.
Three different schemes were tested:

1. Unrestricted alignment. The highest ranking document was chosen as
the alignment pair.

2. Date-restricted search. Search was restricted to target documents in-
side a date window. Window sizes one and two were tested separately.

3. Combined approach. First, a date-based search was made and a score
threshold was applied. If no alignment pair was found, an unrestricted
search was performed.

The schemes were evaluated by randomly choosing 100 alignment pairs cre-
ated by each scheme, and assessing the similarity of the document pairs
with a 5-point similarity scale proposed by Braschler and Schäuble (1998).
The scale ranged from “unrelated” to “same topic”. The combined scheme
minimized the number of unrelated alignments, and was deemed the best
approach. It should be noted that the combined approach of Publication I
was not exactly the one proposed in later publications and described earlier
in this section. Yet, the results showed that combining evidence from various
sources (i.e., ranking, dates, similarity score etc.) is advantageous in creating
alignments.

Further, Publication I discussed reasons for bad alignments. In the first
step, i.e., selecting query words from source documents, word lemmatiza-
tion and decompounding (which was done because the source language was
Finnish, a highly agglutinative language) often brought in extraneous keys
and thus caused ambiguity. In the translation step, the ambiguity was further
increased by translation ambiguity. Also, proper nouns and other important
search keys were often OOV for the dictionary-based Utaclir. In short, bad
alignments were mostly due to reasons that impair CLIR performance in
general (see Section 3.1).

In Publication II, where the iterative date-based scheme was proposed,
different levels for the similarity thresholds (θ1, θ2, and θ3) were experimented
with and evaluated with the 5-point scale. The source collection was the
Swedish TT collection, and the target collection was the L.A.Times corpus.
For each tested alignment approach, a sample of 500 alignments was evalu-
ated. A restrictive threshold approach, where the threshold levels were rel-
atively high, produced better alignments than a permissive approach, where
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Table 4.3: The aligned corpora created in this study

Source
collec-
tion

Target
collec-
tion

Source
docu-
ments

Align-
ments

Unique
target
docu-
ments

Align
level1

Style Publi-
cation

TT L.A.Times 72,260 13,142 5,404 D 1-to-1 II
Aamulehti TT 55,298 12,045 7,422 D 1-to-1 III
GWG2 GWE3 84,200 30,087 30,049 P 1-to-n IV
GWS4 GWE 30,800 16,073 21,664 P 1-to-n IV
TT L.A.Times 72,260 12,579 7,732 D 1-to-n V

1 D = document, P = paragraph
2 GenWeb-Ger
3 GenWeb-Eng
4 GenWeb-Spa

the thresholds were lower. Further, normalizing the similarity scores with a
factor proportional to the length of the target language queries was found
beneficial. This is because the similarity scores of ranking algorithms (In-
Query in this case) depend on the query length. InQuery, for example, gives
higher scores to short queries. In the alignment procedure, this caused some
very short source documents to be aligned, although they were unrelated to
the target documents.

Table 4.3 presents statistics about the aligned corpora created for this
study. The number of source documents is the theoretical maximum for the
number of alignments. The actual number of alignments is far below this
maximum for all corpora, because for many source documents, a topically
matching target document could not be found. The number of unique aligned
target documents is far below the number of alignments in the corpora where
1-to-1 alignments were used. This reflects the fact that the alignments were
not bijective, i.e., some target documents were part of more than one align-
ments. This is also true in the genomics corpora, but since they are aligned
in 1-to-n manner, the number of unique target documents is much greater.
This is beneficial for translation knowledge extraction, because more target
documents means more evidence for translation.
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4.2 Similarity thesaurus translation

As mentioned in Section 3.4, a cross-language similarity thesaurus involves
calculating similarity scores between source language query words and words
in the target language documents of an aligned corpus. “Similar” cross-
lingual word pairs co-occur frequently in the aligned documents, because the
documents are either translations of each other, or, in case of a comparable
corpus, they share similar topics. The vector space model of IR (see Section
2.1) can be employed in calculating the scores, only this time documents are
seen as features which “describe” or “define” the words, not the other way
around. The documents define a semantic space, and a word’s location in the
space is defined by its occurrence pattern in the document set. Intuitively,
this corresponds to the notion that the meaning of a word is defined by the
contexts it is used in.

As in document retrieval, tf.idf style weights can be used to measure
the importance of documents to words, i.e., the amount that a document
contributes to the meaning of a word. The considerations concerning the
different components of the weighting formula (see Section 2.1.2) should be
taken into account also in weighting documents in a similarity thesaurus:

1. The importance of a feature is proportional to its frequency. In a sim-
ilarity thesaurus, this means that the more times a document includes
a word, the more it contributes to its meaning.

2. However, the importance of a feature (i.e., document) is inversely pro-
portional to the number of other words it “describes”. That is, a long
document deals with many concepts and words, while its contribution
to the meaning of individual words is smaller than that of a shorter
document.

3. Words with lots of features, i.e., words that appear in a lot of documents
are not necessarily better translations than rarer words.

The Cocot (Comparable Corpus Translation program) system, developed
for this study, uses aligned cross-language corpora as cross-language similar-
ity thesaurus for query translation. It calculates the feature weight wij for
document dj that describes the word si as follows:

wij =

{
0 if tfij = 0(
0.5 + 0.5 · tfij

Maxtfj

)
· ln

(
NT
dlj

)
otherwise

, (4.4)

where tfij is the frequency of si in document dj, Maxtfj the largest term
frequency in dj, dlj the number of unique words in the document. NT can
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be the number of unique words in the collection, or its approximation. This
tf.idf modification is adapted from Sheridan and Ballerini (1996) who also
used it in similarity thesaurus calculation.

For a hyper document D in which a word si appears, the weight is

Wi =
len(D)∑
r=1

wir
ln(r + 1)

, (4.5)

where wir is the weight of the word si in the document D[r], i.e., the rth
document in the hyper document D. The document is the rth most similar
target document to the source document dS. The less similar the documents
dS and D[r] are (i.e., the higher the value r), the less D[r] can be trusted as
a source of translation knowledge. This is echoed in the equation above.

Finally, the similarity between a query word si and a word sj appearing
in the target hyper documents can be calculated as

sim(si, sj) =

∑
〈dS ,D〉∈Awi ·Wj

‖si‖ ·
(

(1− α) + α · ‖sj‖
‖T‖

) , (4.6)

where A is the set of alignments (see Equation 4.2), ‖si‖ the norm of the
vector representing the word si, and ‖T‖ is the mean of the target word
vector lengths. The formula applies the pivoted vector length normalization
scheme (Singhal et al. (1996), see Equation 2.5). As in document retrieval,
the scheme is applied to compensate for the “over-normalization” of long
feature vectors.

In Publication III, the performance of Cocot using the pivoted scheme was
compared to Cocot that used “uncorrected” cosine normalization. A total
of 52 Finnish CLEF topics were translated into Swedish using the Finnish-
Swedish translation corpus of Aamulehti and TT documents (see Table 4.3).
The recall base had graded relevance assessments. The relevance levels were
the same as in Table 2.3. The graded levels were collapsed into three binary
ones: liberal, regular and stringent. Generalized recall and precision was also
calculated (see Section 2.3.3). Both normalization schemes performed evenly
with liberal and regular levels, but in the stringent level the pivoted scheme
performed better (24.6 vs. 18.7 in MAP), although the difference was not
statistically significant.

When a word q is translated, the score in Equation 4.6 is calculated
between q and every word appearing in the target documents. After this, the
target language words can be ranked according to the scores. A word cut-off
value (WCV) determines how many target words are chosen as translations.
Further, score thresholding is used to filter out bad translations – after all, the
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similarity score echoes the confidence in translation. Thus, the translation
set T (q) of a source word q consists of target language words sTi so that
T (q) = {sT1 , sT2 , . . . , sTn |sim(q, sTi ) > θ, n ≤ WCV}, where θ is the applied
score threshold. Cocot employs the Pirkola method (Pirkola, 1998) in query
structuring, i.e., a translation set is enclosed within the #syn operator of the
InQuery language (see Section 2.2). In CLIR training experiments this kind
of query structuring outperformed structures where translation alternatives
were weighted based on their similarity scores.

Next, the translation procedure of Cocot is explained in more detail. The
most important file structures of Cocot are explained first, and then the word
similarity calculation algorithm is presented.

Cocot uses the following index structures for fast data look-up:

• The source language lexicon includes, for every word sSi in the source
documents, a pointer to the inverted file. For now, the pointer can be
thought of as the index i for sSi .

• The words in the source language documents are indexed in the inverted
file, which is a structure where words are mapped to the list of their
postings, i.e., occurrences. In Cocot’s inverted file, for each word sSi in
the lexicon, there is a set Pi = {〈dSj , tfij〉|tfij > 0} , where tfij is the
frequency of sSi in the source document dSj .

• The target collection is indexed in a document index, which, for every
target document dTm contains the set Qm = {〈sTl , tflm〉|tflm > 0}, where
tflm is the frequency of word sTl in the target document dTm. That
is, Qm is the set of indexed words in the document, along with their
frequencies.

• The alignment file contains, for each source document dSj , the document
IDs of the documents belonging to the hyper document Dj, i.e., the
ordered set of target documents aligned with dSj (see Equation 4.2).
Note that for some source documents, it may be that Dj is empty,
because not all source document are aligned.

Algorithm 1 depicts the way Cocot calculates the similarity scores be-
tween an input word q and the words in the target documents. After the de-
scribed procedure, the target language words are sorted based on the scores,
after which the set T (q) can be constructed, based on the sorted words and
parameters θ and WCV. It should be noted that the run-time calculation
of word vector length and several other parameters of the weighting formula
(Equation 4.4) would be costly. Therefore, these values are calculated in the
indexing phase, and are stored on disk.
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Algorithm 1: Calculating word similarities in a similarity thesaurus

Input: source language query word q
Output: hash S of similarity scores, Sl = sim(q, sl)
S ← empty hash
retrieve index i for word q from the source language lexicon
if q not in lexicon then

return S
end
retrieve Pi from the inverted file
for 〈dSj , tfij〉 ∈ Pi do

calculate weight wij (Eq. 4.4)
retrieve hyper document Dj from the alignment file
W ← empty hash table /* W is for calculating the ’hyper

weights’ according to Eq. 4.5 */

for r ← 1 to len(Dj) do
m← document ID of target document Dj[r]
retrieve set Qm from document index
for 〈sTl , tflm〉 ∈ Qm do

calculate weight wlm (Eq. 4.4)
if Wl not in W then

Wl ← 0
end
Wl ← Wl + wlm/ (log (r + 1)) (Eq. 4.5)

end

end
foreach Wl in W do

if Sl not in S then
Sl ← 0

end

Sl ← Sl + wij ·Wl

‖si‖·
(

(1−α)+α· ‖sl‖
‖T‖

) (Eq. 4.6)

end

end
return S
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4.3 Comparable corpora in CLIR

How, then, should comparable translation corpora be applied in CLIR? The
findings of this study suggest that combining comparable corpus translation
with other resources is beneficial.

In Publication II, 91 Swedish CLEF topics were translated into English
with various CLIR system set-ups. The test collection was the L.A. Times
collection. Cocot used the Swedish-English TT-L.A. Times translation cor-
pus (see Table 4.3). The target collection of the experiments and the target
collection of the translation corpus were the same. The problem of “training
with the test set” was avoided by removing the aligned target documents
from the test collection and the recall base. Standard IR measures of perfor-
mance (i.e., MAP, P@10, R-Precision, and 11-point interpolated precision)
were reported. The following system set-ups were applied in the experiments:

Monolingual The original English CLEF topics were transformed to queries
to provide the monolingual baseline.

CC Cocot, employing the TT-L.A. Times translation corpus, used to trans-
late the Swedish queries into English.

UC The Utaclir query translation program employed to translate the Swedish
queries.

PRF+UC Utaclir with pre-translation pseudo relevance feedback. The
PRF technique applied is explained in depth in Publication II.

CC-UC Cocot was applied first to the Swedish queries. Words that were
OOV for Cocot were then translated with Utaclir.

PRF+CC-UC The previous set-up with pre-translation pseudo relevance
feedback.

UC-CC Queries were first translated with Utaclir, after which OOV words
were translated with Cocot.

UC+CC All query words were translated with both Utaclir and Cocot.

By all measures, the combination approaches, save for PRF+CC-UC,
performed quite evenly, while UC and CC were somewhat clearly behind
them. However, significant differences were not found, although difference
between UC and some of the combination approaches (namely PRF+UC,
CC-UC, and UC-CC) was nearly significant (0.06 ≤ p ≤ 0.10). The poor
performance of PRF+CC-UC was somewhat surprising, since pre-translation
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expansion has generally proved to be a successful technique in CLIR (see,
e.g., McNamee and Mayfield (2002)). The reason for the poor performance
is perhaps noise. Since a noisy resource (i.e., a comparable corpus) is used,
the noise in the target queries increases with the number of keys translated
by Cocot.

In general, however, the experiments showed that combining compara-
ble corpus translation with dictionary translation outperformed those ap-
proaches that used either of these resources alone. The reasons for this were
analyzed by examining the “improvement sets” of the different approaches.
The improvement set IM was the set of queries in which the approach M
performed significantly better (over 5 % absolute difference in average preci-
sion) than UC, which was considered a baseline CLIR approach. The anal-
ysis was based on the assumption that the overall improvement of UC-CC
over UC was based on succeeding in translation of OOV words, because in
UC-CC, Cocot was used to translate Utaclir’s OOV words. The CC-UC
approach, on the other hand, had a larger improvement set than UC-CC
(|IUC−CC | = 19, |ICC−UC | = 29) which also included most of UC-CC’s im-
provement set (|IUC−CC ∩ ICC−UC | = 14).

Now, consider a query that belonged to the set ICC−UC − IUC−CC , i.e., a
query that performed significantly better than UC in the CC-UC approach,
but not in the UC-CC approach (this set had, of course, 29−14 = 15 queries).
This query consisted of three subsets of translated keys – KU , KC , KO, i.e.,
keys translated by Utaclir, keys translated by Cocot, and keys that were
OOV for both programs. Any of these sets (but not all of them) could have
been an empty set. The difference of these sets between approaches UC-CC
and CC-UC is crucial in the analysis. The set KO was the same for both
approaches, and keys that were in KC for UC-CC were in KC also for CC-
UC, because same Cocot parameters were used for both approaches. The
difference was that some of the keys that had been in KU in UC-CC moved
to KC in the CC-UC approach, because Cocot was applied first in the latter
approach. The translations of the set KU were either correct translations
or incorrect ones caused by translation ambiguity, because KU consisted of
dictionary translations. The query performed better in the CC-UC approach,
because the ambiguity of the translations that moved from KU to KC was
reduced by Cocot either by providing only the correct translations, or by
bringing in related expansion keys. The latter option is highly probable,
because Cocot not only produces translations, but related words frequently
appearing in similar contexts. Hence, the improvement of some of the queries
can be attributed to the expansion keys brought in by Cocot.

It should be noted that although this analysis revealed 15 queries (out
of 91) that benefit from expansion keys, the figure is most probably higher
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in reality. The aim of the improvement set analysis was not to measure
the amount of improvement that expansion keys bring – this would require a
deeper analysis of the actual queries – but to show that such an improvement
actually exists.

4.3.1 Comparable corpora and highly relevant docu-
ments

In Publication III, experiments with graded relevance assessments were made
(see Section 2.3.3). Part of these experiments, concerning the vector nor-
malization factor of Cocot, were already discussed in Section 4.2. In the
experiments, 52 Finnish CLEF topics were used as queries and translated
into Swedish. The target test collection consisted of about 160,000 news-
paper articles by the Swedish newspapers Göteborgs-Posten and Helsing-
borgs Dagblad. Again, Utaclir was used as a baseline CLIR approach, which
was compared to Cocot and the combination of Cocot and Utaclir. Cocot
employed the Finnish-Swedish comparable corpus Aamulehti-TT (see Table
4.3).

The performance of the systems was measured in MAP and the 11-point
interpolated precision, using three relevance threshold levels, i.e., stringent,
regular, and liberal. The generalized versions of the measures were also re-
ported (see Section 2.3.3). The findings echo those of Publication II, in the
respect that the combination of Utaclir and Cocot improves over dictionary-
based translation. This was observed on all relevance threshold levels, as
well as with the generalized measures. The interesting finding was that Co-
cot alone was significantly better than Utaclir on the stringent relevance
level, which seems to indicate that the qualities of corpus-based translation
(i.e., expansion keys along with translations) support the retrieval of highly
relevant documents particularly well. On the stringent relevance level, the
“Cocot alone” approach even matched the monolingual baseline in MAP.

A further analysis was made on the reasons for failing to retrieve highly
relevant documents. For each translation approach (i.e., Cocot, Utaclir, and
the combination), 50 highly relevant documents that were ranked lower than
the rank 50 were tried to “rescue” back to the top 50 with various mea-
sures. For Utaclir, the rescue operation required mostly adding exact trans-
lations and related words, which suggests that Utaclir would benefit from
a larger dictionary and pre-translation QE. Cocot, on the other hand, re-
quired more word removals, indicating that, besides bringing translations
and good expansion keys, Cocot also produces extraneous keys which harm
query performance. This seems to support the explanation given earlier to
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poor performance of Cocot with pre-translation query expansion: the more
keys Cocot is given to translate, the more harmful keys it also produces.
After some “saturation point”, the harmful keys perhaps outweigh the good
ones.

4.3.2 Properties of aligned corpora and CLIR perfor-
mance

Research problems 8 and 9 (see Chapter 1) dealt with characteristics of
aligned corpora that affect CLIR performance; namely the domain of the
corpus, the quality of the alignments, and the size of the corpus. The effect
of these three qualities on CLIR performance were examined in Publication
V.

Two topic sets and language pairs were experimented with. In the Swedish-
English runs, 70 CLEF news topics were used as queries and translated from
Swedish into English. Of these, 30 were used to train the parameters of
Cocot. The target collection was the L.A. Times collection. In the German-
English runs, 50 topics from the genomics track of the TREC conference
(Hersh, 2005) were employed, of which 20 were used as training queries for
Cocot. The test collection was the MEDLINE collection.

Two different translation corpora were applied to both of the topic sets.
For the Swedish queries they were the Swedish-English TT-L.A. Times cor-
pus, particularly the version with 1-to-n alignments (see Table 4.3), and
the JRC-Acquis parallel corpus. The German queries were translated with
the GenWeb corpus (Table 4.3) on one hand, and the JRC-Acquis paral-
lel corpus, on the other. These corpora varied with respect to the “topical
nearness” to the translated queries: for example, in the German runs, the
GenWeb was topically near the genomics-related queries, whereas the JRC
corpus was quite far from them. Further, the alignment quality of the corpora
also varied: the JRC parallel corpus is, by definition, a collection of aligned
translations, whereas GenWeb and the CLEF corpus are only comparable
corpora. Figure 4.3 depicts the four translation corpora with respect to the
alignment quality and topical nearness.

The following five CLIR approaches were tested for both language pairs:

• Utaclir alone. This was, again, the baseline CLIR approach.

• Cocot alone using the JRC corpus. For the Swedish queries, the Swedish-
English alignments of the corpus were used, and, naturally the German-
English alignments were used for the German queries.
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Figure 4.3: Alignment quality and topical nearness of the used translation
corpora

• Cocot alone using a comparable corpus. For the Swedish runs, the
corpus was the TT-L.A.Times corpus, and for the German runs, it was
the German-English GenWeb corpus.

• Utaclir with Cocot that used the JRC parallel corpus. The target lan-
guage query consisted of the concatenated output of the two programs.

• Utaclir with Cocot that used a comparable corpus.

Again, for both topic sets, the combined approaches performed better
than the single resource approaches. In the German runs, Utaclir combined
with the GenWeb Cocot was clearly better than the other approaches. Both
of the approaches using the JRC parallel corpus (i.e., Cocot alone and Uta-
clir with Cocot using JRC) performed significantly worse than this combina-
tion, indicating that in special domains, general resources are not sufficient,
even though they are of high quality as the JRC corpus is. In the Swedish
runs, the Utaclir-Cocot combination approaches achieved comparable perfor-
mance. This was expected, because the JRC corpus was this time topically
closer to the queries.

The effect of corpus size on CLIR performance was examined by itera-
tively removing random alignments from the four translation corpora. On
the smallest level, each corpus had 500,000 source language words. The per-
formance of Cocot employing the cut-down corpora was measured on every
500,000 words onwards, until each corpus reached its full size. Figure 4.4
plots MAP against the size of the corpora, measured in the number of source
language words. The curves indicate that the effect of the size is not linear;
the performance fluctuates between size levels (though not significantly), and
performance seems to reach its maximum level already after about a million
source language words. However, size seems to matter, because there is a
significant difference between the lowest and the highest level of size for all
corpora, save for the German JRC, which performs badly on all size levels.
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Chapter 5

Discussion

In this study, I proposed novel methods for the acquisition, alignment, and
employment of comparable corpora in CLIR, and showed, with extensive ex-
periments, that the proposed methods are beneficial for CLIR performance.
The acquisition phase involved language-aware focused web crawling. The
alignment method was based on using the source documents as CLIR queries,
which were run against the target collection after they had been translated.
Score thresholding and date windowing – when applicable – were used in
deciding whether alignments were created. The constructed comparable cor-
pora were used as cross-lingual similarity thesauri to provide translations
for query words. This involved using the vector space model of IR in an
inverted way, retrieving and ranking target language words as “answers” to
source language query words. Cut-off values and score thresholds were used
to delimit the size of the translation sets.

The experiments showed that the proposed approaches are best suited
to special domains for which lexical resources are scarce. The domain in
the experiments of this thesis (genomics) is only an example of a domain
that can benefit from CLIR based on comparable corpora. Domains with
less economical or political significance, that are not dealt with in “official”
contexts, could be major beneficiaries. Also, CLIR between languages with
few resources could be boosted.

Further, it was found that comparable corpora work best as a comple-
mentary resource for higher quality resources (e.g. dictionaries and paral-
lel corpora) that provide translations for more general vocabulary. It was
also shown that, compared to dictionary-based translation, the proposed ap-
proach reduces translation ambiguity by, e.g., producing not only translations
of the query keys, but also related words that serve as query expansion keys.

The novel contributions of this thesis are as follows.

• Applying focused crawling in the acquisition of comparable corpora. Us-
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ing focused crawling in this context is well-motivated, because domain-
specific vocabulary is often missing from CLIR translation resources,
and documents containing such vocabulary can be obtained with fo-
cused crawling.

• Further development of the document alignment scheme of Braschler
and Schäuble (1998). Braschler and Schäuble mainly used date-based
filtering, which is suitable for news documents. Date-based alignment is
not applicable to all kinds of documents, however. Furthermore, date-
based filtering aims to align two documents that report on the same
event, although news reports can be related in other ways as well. For
example, reports about earthquakes occurring independently (i.e., at
different times and in different locations) contain common vocabulary,
even though they are not directly related. These kind of relations are
lost if one resorts only to date-based filtering. Further, Braschler and
Schäuble only made 1-to-1 alignments.

• Introducing new features to similarity thesaurus calculation. Firstly,
the pivoted vector normalization scheme was used to normalize the
feature vectors. Previously, the scheme has been only applied to docu-
ment retrieval. Secondly, alignment-phase evidence was used in calcu-
lating the feature weights for the hyper documents: the weights were
inversely proportional to the alignment rank of the target documents
(see Equation 4.4).

Next, problems related to the proposed methods, as well as possible future
work, will be discussed. To begin with, the languages used in the experiments
varied in many ways. For example, Finnish is a highly inflectional language,
as opposed to, e.g., English and Spanish. Also, Finnish (as well as German)
is a highly compounding language compared to English. The results of the
experiments seem to hold regardless of the agglutinative nature of the lan-
guages used. However, this may well be largely due to the preprocessing
techniques used. The TWOL lemmatizer program (Koskenniemi, 1983) was
used in the experiments in normalizing and decompounding the words of the
translation corpora. How different would the results be, if, e.g., stemming
would be used instead?

The method for acquisition of comparable corpora is robust and it can be
applied to different languages and domains. However, many improvements
could be made to the crawling model, although it should be remembered that
the contribution of this thesis is not in the crawler implementation, but in
applying focused crawling to acquire comparable corpora. For example, the
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acquisition of seed URLs could be made more automatic, using, e.g., freely
available topical web directories, such as Yahoo.

The alignment method requires choosing at least one score threshold,
which can be done via sampling the alignments on different threshold levels
and evaluating the quality of the created alignments. This, of course, means
manual work, but one working day may suffice in creating the alignments for
one language pair (see Publication II). This is reasonable, considering that
the aligned corpus created in this way could be a lasting CLIR resource.

The alignment method is dependent on two external resources: the initial
dictionary that translates the queries and the retrieval engine used to index
and search the target collection. In my opinion, this dependence is not
harmful, because both of the resources can be quite easily acquired. General
dictionaries are freely available in the web, and different open source search
engines can be used in the latter task. At first, it might seem redundant to
create translation resources by using another translation resource. However,
the results clearly indicate that the role of the newly created translation
corpus is to broaden the lexical coverage of a CLIR system, i.e., to provide
translations for words that previously have been OOV.

A more significant question is, arguably, whether creating the alignments
is necessary in the first place. As mentioned in Section 3.4, unaligned com-
parable corpora have been used as a translation resource by applying context
vectors. The use of context vectors instead of alignments could be justified by
looking at the alignment statistics of this study in Table 4.3. At most half of
the original source documents are actually used in the aligned corpora. This
happens because similar enough contexts are not found in the target collec-
tion, but it also means that most of the occurrences of a source language
word to be translated are “thrown away”. Hence, evidence for translation is
wasted. In the context vector approach (Rapp, 1999), all occurrences of a
source language word are used as evidence to calculate the context vectors.

However, the quality of this evidence is debatable, and it depends largely
on the similarity of the original source and target collections. Both Rapp
(1999) and Fung and Yee (1998) used newspaper collections that overlap
in publication date at least partially. Would their approach work as well
for corpora such as the genomics web corpora acquired for this study? To
my knowledge, experiments where alignment-based and context vector-based
approaches are compared have not been published, and this would be a an in-
teresting topic for future studies. Also, a combination of the two approaches
could be proposed. The alignments, that supposedly contain the higher qual-
ity evidence, could be used as primary evidence, while context vectors could
provide supportive proof for translation. The details of such a model remain
to be worked out.
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In a working CLIR system, the employed translation corpora would have
to be updated more or less frequently to keep up with new vocabulary. The
current method for acquiring the corpora might prove to be slightly inefficient
in this respect. Even though a new crawl would be initiated with fresh
seed URLs, it is highly likely that the crawler would sooner or later end
up on many pages that have already been visited in earlier crawls. To get
more recent content more effectively, one could, e.g., “tap” into frequently
updated web content, such as RSS feeds. The availability of such resources
for different languages and domains is not self-evident, though.

The alignment method, as opposed to the acquisition phase, is better
suited for dynamic corpora. When creating alignments for the updated cor-
pus it would be possible to use the alignment parameters (i.e., score thresh-
olds) from the previous alignments. This is because the new material would
largely share the essential properties with the old corpus: the topic and the
language of the texts would be the same, as well as perhaps the typical
length of the documents. This would mean that the manual sampling work
to choose the alignment parameters would have to be done only once for a
given corpus.

As noted earlier, the similarity thesaurus uses the target document ranks
from the alignment phase in its translation model: the lower the rank, the
less the words of a document are weighted (see Equation 4.4). It would be
quite easy to include the alignment scores in the model as well; after all they
also provide a measure of the reliability of the translation evidence. This
could also provide a convenient way to combine parallel and comparable
corpora in a single model: parallel alignments (i.e., document pairs that are
exact translations of each other) could be given some maximum similarity
score, while the comparable alignments could be scored in proportion to the
alignment scores. In this way, for example, the JRC-Acquis parallel corpus
could be combined with the GenWeb corpus fruitfully to translate queries
related to the genomics domain: the JRC corpus would provide translations
for the more general vocabulary, while the GenWeb corpus could translate
the genomics-related words.

In the IR experiments reported in the study, it was found that the pro-
posed system works well, especially as a complementary CLIR resource. The
results agree with the results of many previous studies (e.g. Savoy (2004);
Braschler (2004)), which have shown that combining different translation re-
sources is beneficial in CLIR. Hence, the relatively poor performance of the
“Cocot alone” approaches in some of the experiments is not alarming. In
the experiments, the combination of the different resources was done with
rather simple methods, e.g., by concatenating outputs of two different query
translation programs. The performance of the combination approaches could
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perhaps be improved by, e.g., weighting the outputs of the different programs
differently. For example, the translations produced by a dictionary-based
program could be weighted more heavily than those produced by Cocot,
because comparable corpora are noisier resources than dictionaries. Alter-
natively, different resources could be combined in a single translation model.
For example, dictionary translation could be incorporated into the model
proposed earlier, in which parallel and comparable corpora would be com-
bined. In fact, a bilingual dictionary can be thought of as a parallel corpus
where source language words are aligned with their translation alternatives.

In summary, this study proposed methods for creating and using com-
parable corpora in CLIR. The experiments of Publications I-V, and their
results, suggest that the proposed methods can broaden the lexical coverage
of a CLIR system, and, consequently, improve CLIR effectiveness. This seems
to be particularly true for queries that contain domain-specific vocabulary
that are OOV for general translation resources.
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Personal contributions

In the collaborative publications (publications I-IV), Tuomas Talvensaari
wrote the articles, except for Publication I, which was written by Martti
Juhola and T.T.. The sections on statistical testing were written by Jorma
Laurikkala, who also conducted the statistical tests on the experimental re-
sults. T.T. designed the experimental setups with help from other writers. In
Publication IV, the word translation tests were designed by Kalervo Järvelin
and Ari Pirkola. The measure for translation goodness in the same publica-
tion was proposed by K.J.. The experiments in all of the publications were
conducted by T.T.. T.T. did the programming required for the publications,
i.e, the retrieval engine for Publication I, the Cocot query translation pro-
gram, and the focused crawler of Publication IV. T.T. also wrote various
small-scale applications needed in data preprocessing.
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