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Mariët Theune, Nanda Slabbers, and Feikje Hielkema

iii



iv

10 Improved Sentence Alignment for Building a Parallel Subtitle Corpus147
Jörg Tiedemann

11 Automatic Extraction of Dutch Hypernym-Hyponym Pairs 163
Erik Tjong Kim Sang and Katja Hofmann

12 Lexico-Semantic Multiword Expression Extraction 175
Tim Van de Cruys and Begoña Villada Moirón

13 An efficient memory-based morphosyntactic tagger and parser for
Dutch 191
Antal van den Bosch, Bertjan Busser, Sander Canisius,
and Walter Daelemans

14 Radio Oranje: Enhanced Access to a Historical Spoken WordCollec-
tion 207
Laurens van der Werff, Willemijn Heeren, Roeland Ordelman,
and Franciska de Jong

15 Extraction of Dutch definitory contexts for eLearning purposes 219
Eline Westerhout and Paola Monachesi

List of Contributors 235



Preface

This volume is a collection of selected papers from the 17th Meeting of Com-
putational Linguistics in the Netherlands (CLIN-17). It was held at the University
of Leuven on January 12, 2007 and organized by the Centre of Computational Lin-
guistics. There were 110 registered participants, mostly from the Netherlands and
the Dutch speaking part of Belgium, but the international appeal of CLIN was con-
firmed once again by the presence of 30 participants from other countries, many
of whom also gave a presentation. Another trend is the growing number of par-
ticipants from companies and institutes of higher education, especially translator
schools.

The number of presentations was higher than ever: there were52 oral presenta-
tions, organized in four parallel sessions, and 12 poster presentations. Icing on the
cake was the invited lecture on ‘Efficient HPSG realization for precision machine
translation’ by professor Stephan Oepen (University of Oslo, NTNU Trondheim
and CSLI Stanford).

In response to the call for papers that was issued after the meeting we received
26 submissions out of which 15 were selected for publication. Since every sub-
mission was reviewed by at least two referees we had to mobilize a large group of
experts. This went surprisingly smoothly, thanks to the willingness and coopera-
tion of: Gosse Bouma, Michael Carl, Walter Daelemans, Franciska de Jong, Guy
De Pauw, Peter Dirix, Jacques Duchateau, Markus Egg, Dirk Heylen, Kris Heylen,
Véronique Hoste, Sebastian Kürschner, Sien Moens, Paola Monachesi, John Ner-
bonne, Pierre Nugues, Nelleke Oostdijk, Hans Paulussen, Martin Reynaert, Ineke
Schuurman, Louis ten Bosch, Joerg Tiedemann, Erik Tjong KimSang, Vincent
Vandeghinste, Antal van den Bosch, Ton van der Wouden, Jan van Eijck, Frank
Van Eynde, Hans van Halteren, Gertjan van Noord and Thomas Zastrow.

We also thank the authors of the selected papers for their timely delivery of
the final version and for their efforts to comply with our formats and size restric-
tions. The resulting collection shows a large diversity of topics and approaches, so
much so that we have refrained from grouping them into sections and decided to
order them alphabetically. Still, if there is one trend, it is the growing number of
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2 Preface

contributions on matters of semantics and discourse.
For the publication we have followed the example of our Leiden colleagues

in 2005 and contacted the Landelijke Onderzoeksschool Taalwetenschap (LOT),
proposing to include it in their Occasional Series. Their willingness and their help
are hereby gratefully acknowledged.

Gratefully acknowledged are also the contributions of our sponsors: the FWO
research network ‘Computational Linguistics in Flanders’(CLIF), the research
program ‘Spraak- en Taaltechnologische Voorzieningen voor het Nederlands’
(STEVIN), the Faculty of Arts of the Leuven University, and the research unit
of Dutch, German and Computational Linguistics also at the Leuven University.
For their help in acquiring these funds we thank Willy Clarysse, Alice Dijkstra,
Hans Kruithof, Jan Odijk and Patrick Wambacq.

Finally we wish to thank our predecessors, the organizers ofthe 16th CLIN
meeting in Amsterdam for sharing some of their experiences and for the timely
delivery of last year’s proceedings, as well as everyone whohelped with the local
organization.

Leuven, June 2007

Peter Dirix
Ineke Schuurman
Vincent Vandeghinste
Frank Van Eynde



Invited talk:
Efficient HPSG Realization for
Precision Machine Translation

Stephan Oepen
University of Oslo, NTNU Trondheim, and CSLI Stanford

Abstract

I will review recent advances in grammar-based sentence realization from logical-form
meaning representations. The LOGON MT prototype aims at thefully-automated, high-
quality translation of Norwegian instructional texts (on backcountry activities) into English.
The LOGON generator operates off underspecified meaning representations derived from
‘deep’ grammatical analysis (in the LFG framework) and subsequent semantic transfer. The
generator builds on the LinGO English Resource Grammar (in the HPSG framework) and
combines a highly optimized chart-based algorithm with a rich, probabilistic model to rank
alternate realizations. Integration of the stochastic model into the enumeration of outputs
from the packed chart allows the generator to selectively unpack n-best lists of realizations
with minimal search. Besides empirical results for the realization task when evaluated in
isolation, I will present a summary of quantitative measures on the current development
status (and promise) of the LOGON MT pipeline as a whole.
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Identification and handling of
dialectal variation with a
single grammar

António Branco and Francisco Costa
Universidade de Lisboa

Abstract

We present a study on approaches to handle variation in a deepnatural language process-
ing formalism. It allows a grammar to be parameterized as to what language variants it
accepts, but also to detect such variants. In this respect, we compare it to standard language
identification methods, employed here to detect variation in the same language.

1.1 Introduction

Variation in the same language is often regarded as a problemto categori-
cal approaches of language, and as evidence for its probabilistic dimension
(Abney 1996).

In this paper we focus on the problem of handling regional variation within a
deep (categorical) natural language processing system, and present a simple way to
model variation in a computational grammar using HPSG (Pollard and Sag 1994).

Support and control over variation is obviously important in these systems if
they are to have practical application. On the one hand, it isdesirable that such
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6 António Branco and Francisco Costa

systems can cope with the analysis of as many language varieties as possible, since
it is less economical to write a different grammar for each language variety. On
the other hand, when computational grammars are used for natural language gen-
eration, users should be able to put bounds on what is generated variation-wise.
Section 1.2 presents an HPSG design to handle variation in a symbolic model.

A related issue is: if a system can be fine-tuned to a particular regional variety,
what is the best way to detect whether some text that is to be processed by that
system is in that variety? We present two approaches to this question.

The first approach is to use independent components that can detect the lan-
guage variety being used. We hypothesize that methods developed for language
identification can be used to detect varieties. Section 1.3 presents an overview and
develops on two of them. The second approach is to have the computational gram-
mar prepared for multiple language varieties, with no preprocessing necessary.

We compare the two solutions. To this end we use Portuguese, and we focus
on the differences between European Portuguese (henceforth EP) and Brazilian
Portuguese (BP). The methods presented are applicable to other languages.

The HPSG setup described to handle variation and the experiments were car-
ried out with a computational HPSG currently being implemented for Portuguese.
It is being developed in the LKB (Copestake 2002) and it uses MRS semantics
(Copestake et al. 2001). It is part of the DELPH-IN Consortium.1 The grammar
was modest at the time of the experiments (1.6 years of development).

1.2 HPSG Implementation of Variation

In a framework like HPSG, variation can be accounted for in the feature structures
manipulated by the grammar.

It is important that the grammar can work with both EP and BP because of
coverage, but accepting the two will necessary increase ambiguity. The ability to
control variation is important in that it is a way to control the ambiguity generated
from accepting both varieties.

Control on what is generated is also desirable. In general one wants to be able
to parse as much as possible (e.g. EP and BP), but at the same time be selective
in generation (i.e. generate in a specific variety), so that output is tailored to the
expected audience.

If a grammar accepts both EP and BP ambiguity will rise because ambiguity
inevitably goes up when coverage increases. But ambiguity can be put in check
by restricting the grammar to reject analyses that involve marked constructions in
more than one variety. More precisely, if an input string contains an element that
can only be found in varietyv1 and that same string is ambiguous in a different
place but only in varieties other thanv1, this ambiguity will not give rise to multiple
analyses if the grammar can be constrained to accept stringswith marked elements
of at most one variety.

A featureVARIANT is employed to model variation, which encodes the variety
of Portuguese being used. It is appropriate for all signs anddeclared to be of type

1http://www.delph-in.net



Identification and handling of dialectal variation. . . 7

ep-variant

variant

single-variant bp-variant

european-portuguese portuguese brazilian-portuguese

Figure 1.1: Type hierarchy undervariant.

variant. Its possible values are presented in Figure 1.1.
This attribute is constrained to take the appropriate valuein lexical items and

constructions specific to one of the two main Portuguese varieties. For exam-
ple, a hypothetical lexical entry for the lexical itemautocarro(bus, exclusive to
EP) would constrain that attributeVARIANT to have the valueep-variantand the
corresponding BP entry for̂onibuswould constrain the same feature to bear the
valuebp-variant. The only two types that are used to mark signs areep-variant
andbp-variant. The remaining types presented in Figure 1.1 are used to perform
computations or to constrain grammar behavior, as explained below.

It is not only lexical items that can have marked values in theVARIANT fea-
ture. Lexical and syntax rules can have them, too. Such constraints model marked
constructions.

FeatureVARIANT is structure-shared among all signs that comprise a full parse
tree. This is achieved by having all lexical or syntactic rules unify theirVARIANT

feature with theVARIANT feature of all of their daughters.
If two signs (lexical items, syntax rules) in the same parse tree have different

values for featureVARIANT (one hasep-variantand the otherbp-variant), they will
unify to portuguese, as can be seen in Figure 1.1. This type means that lexical
items or constructions specific to two different varieties are used together. Further-
more, since this feature is shared among all signs, it will bevisible everywhere,
for instance in the root node.

It is possible to constrain featureVARIANT in the root condition of the gram-
mar. If this feature is constrained to be of typesingle-variant(in root nodes), the
grammar will accept EP and BP, but the sentences with properties of both may be
blocked. As explained in the previous paragraph, featureVARIANT will have the
valueportuguesein this case, and there is no unifier forportugueseandsingle-
variant. If this feature is constrained to be of typeeuropean-portuguesein the root
node, the grammar will not accept any sentence with featuresof BP, since they
will be marked to have aVARIANT of typebp-variant, which is incompatible with
european-portuguese.

It is also possible to have the grammar reject EP (using typebrazilian-
portuguese) or to ignore variation completely by not constraining thisfeature in
the start symbol.
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With this mechanism, it is possible to use the grammar to detect to which va-
riety input text belongs to. This is done by parsing that textplacing no constraint
on featureVARIANT of root nodes, and then reading the value of attributeVARIANT

from the resulting feature structure: valuesep-variantandbp-variantresult from
parsing text with features specific to EP or BP respectively;valuevariant indicates
that no marked elements were detected and the text could be from both.

This mechanism achieves two goals:

1. Variation can be controlled. A grammar can be parameterized for language
variants. Generation can be very specific by choosing valuesfor feature
VARIANT low in the type hierarchy, but good coverage variation-wisecan
be attained in parsing by using a more general type for the same feature.
Furthermore, trade-offs between ambiguity and coverage can be explicitly
controlled via intermediate types, likesingle-variant.

2. Language variants can be detected in the input.

If the input can be known to be specifically EP or BP before it isparsed, the
constraints on featureVARIANT can be changed to improve efficiency. When pars-
ing text known to be EP, there is no need to explore analyses that are markedly BP,
for instance.2

It is thus interesting to know what other methods can do to detect varieties, and
how they compare to the one just introduced, using real worlddata. In Section
1.3, some language identification models that can be used forthis purpose are
presented.

Because the two aspects of controlling variation and detecting variants are re-
lated by a single design, we assume that evaluating one indirectly evaluates the
other. Therefore by investigating how good a grammar with such a mechanism
can be in detecting language varieties, we can also have an idea of how well the
same mechanism is used for the purpose of controlling ambiguity or specificity.

1.3 Language Detection Methods

Over the last years methods have been developed to detect thelanguage a given
text is written in. They have also been used to discriminate varieties of the same
language, although less often. They can be based on words in text. Lins and
Gonçalves (2004) look up words in dictionaries to discriminate among languages,
and Oakes (2003) runs statistical tests on word frequencies, like the chi-square
test, in order to differentiate between British and American English.

Many methods are based on frequency of byte sequences (byte n-grams) in
text, because they can simultaneously detect language and character encoding (Li

2Currently, it is not possible to prune the parser’s search space in such circumstances with the LKB,
because it is only possible to constrain the root node without changing and reloading the grammar.
Therefore, incompatible analyses will only be discarded when that node is built, but not before that.
Efficiency could be gained if it were possible to specify constraints that all nodes in a syntactic tree
must obey. The limitation is system dependent, so, in theory, efficiency can be improved in such a way.
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and Momoi 2001), and can reliably classify short portions oftext, since they look
at such short sequences. They have been applied in web browsers (to identify
character encodings as in Li and Momoi (2001)) and information retrieval systems.

We are going to focus on methods based on character n-grams. Because all
information used for classification is taken from charactern-grams, and they can be
found in text in much larger quantities than words or phrases, sparse data problems
are attenuated. Therefore, high levels ofn or very small training corpora can be
used. Training data can also be found in large amounts because training corpora
do not need to be annotated (it is only necessary to know the language they belong
to).

More importantly, methods based on character n-grams can reliably classify
small portions of text. The literature on automatic language identification men-
tions training corpora as small as 2K producing classifiers that perform with al-
most perfect accuracy for test strings as little as 500 Bytes(Dunning 1994) and
considering several languages. With more training data (20K-50K of text), similar
quality can be achieved for smaller test strings (Prager 1999).

Many n-gram based methods have been used besides the ones we present. Si-
bun and Reynar (1996) and Hughes et al. (2006) present good surveys. Many
can achieve perfect or nearly perfect classification with small training corpora on
small texts, so we just focus on two that use approaches very well understood in
language processing and information retrieval.

1.3.1 Markov Models

If one wants to know which languageLi 2 L generated strings, one can use
Bayesian methods to calculate the probabilitiesP (sjLi) of string s appearing
in languageLi for all Li 2 L, the considered language set, and decide for the
language with the highest score (Dunning 1994). That is, in order to computeP (Lijs), we only computeP (sjLi). The Bayes rule allows us to cast the problem
in terms of P (sjLi)P (Li)P (s) , but, as is standard practice, we drop the denominator,
since we are only interested in getting the highest probability score among several
scores, not its exact value. The priorP (Li) is also ignored, assuming all languages
are equally probable.

The wayP (sjLi) is calculated is also the standard way to do it, namely assum-
ing independence and just multiplying the probabilities ofcharacteri given the
precedingn � 1 characters (usingn-grams), for all characters in the input string
(which are estimated from n-gram counts in the training texts).

We implemented the algorithm as described in Dunning (1994)for the exper-
iments presented in the following sections, which uses other common strategies,
like prependingn � 1 special characters to the input string to harmonize calcula-
tions, summing logs of probabilities instead of multiplying them to avoid under-
flow errors, and using Laplace smoothing to reserve probability mass to events not
seen in training.
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1.3.2 Vector Space Models

The second method using n-grams we employ in the following experiments is
inspired in the vector space model of information retrievalto compare document
similarity, but it uses n-gram counts instead of term frequency. It has been used
for the purpose of language identification in Prager (1999).

Each language is represented by a vector built during training. Each possible
n-gram corresponds to a component of that vector (e.g. if bigrams are used, the
first component might represent the bigramaa), namely a number based on the fre-
quency of occurrence of that that n-gram in the training corpus for that language.3

Classification consists of creating a vector representing the input text in a similar
way and choosing its nearest neighbor from the set of vectorsthat represent lan-
guages. The cosine of the angle between the two vectors is used as a measure of
similarity. A number of well-known improvements can be used, like normalizing
vectors in the training phase (make them of length = 1), so that calculating cosines
amounts to calculating dot products during classification (after normalizing the
vector representative of the test item).

In the literature it is also common to reduce dimensions by keeping the most
frequent n-grams and discarding the rest, but we did not do this since we hypothe-
size that the most frequent n-grams of EP and BP will largely overlap. It has been
reported that the 300 most frequent n-grams are good predictors of language, and
the others are representative of the textual topic (Cavnar and Trenkle 1994).

1.4 Data and Calibration

Some preliminary studies were conducted in order to investigate the performance
of the language identification methods presented above at discriminating among
languages (Section 1.4.1), and to find out the impact of training corpora size when
they are employed to detect language variants and what values ofn are reasonable
(Section 1.4.3 and Section 1.4.4). The data used in all experiments concerning
variety identification are presented in Section 1.4.2.

1.4.1 Language Identification Methods at Identifying Languages

We want to check that the language identification methods we are using are in fact
reliable at identifying different languages. Although theliterature reports good re-
sults, we wanted to test the exact implementation we will be using in distinguishing
between EP and BP.

We ran the two classifiers on three languages showing strikingly different char-
acters and character sequences. This is a deliberately easytest to get an upper
bound on what these methods can do.
3In information retrieval tf-idf is often used (term frequency times inverse document frequency). Here
we use n-gram frequency in that language divided by the frequency of that n-gram in all languages.
Both numbers are estimated from the training corpora. Note that this is a literal interpretation of inverse
document frequency: it is common practice to use a value based on that instead, like its log; but Prager
(1999) reports that the literal version performs better forlanguage identification.
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For this test we used the Universal Declaration of Human Rights texts.4 The
languages used were Finnish, Portuguese and Welsh. Human inspection of texts
in these languages immediately reveals highly idiosyncratic character sequences.5

The Preamble and Articles 1–19 were used for training (8.1K of Finnish, 6.9K
of Portuguese, and 6.1K of Welsh), and Articles 20–30 for testing (4.6K of Finnish,
4.7K of Portuguese, and 4.0K of Welsh). Because these methods perform better if
the text they are classifying is large, several tests were conducted, splitting the test
data in chunks of text 1, 5, 10 and 20 lines long.

The Bayesian method obtained perfect accuracy on all test conditions (all
chunk sizes), for all values ofn between 1 and 7 (inclusively). Forn = 8 andn = 9 there were errors only when classifying 1 line long test items. The vector
space model obtained perfect accuracy on all test conditions, for all values ofn
between 2 and 8 (inclusively). Forn = 1 andn = 9 there were errors once again
only when classifying 1 line long test items.

The average line length for the test corpora was 138 for Finnish, 141 for Por-
tuguese and 121 for Welsh (133 overall). In the corpora we will be using in the
following experiments, average line length is much lower (around 40 characters
per line). Input length is obviously important for these methods. To make the re-
sults more comparable, we also evaluated these classifiers of Finnish, Portuguese
and Welsh with the same test corpora, but truncated each linebeyond the first 50
characters, yielding test corpora with an average line length around 38 characters
(since some were smaller than that).

The results are similar, just slightly worse. The Bayesian classifier performed
with less than perfect accuracy also withn = 7 when classifying 1 line at a time.
The vector based classifier performed worse only withn = 2 and 1 line long test
items. In all these less than perfect cases, accuracy was in the 80–90% range.

These methods thus perform very well at discriminating languages with reason-
able values ofn and can classify short bits of text, even with incomplete words.

1.4.2 Data

For the experiments on variety detection, we used two corpora from Portuguese
and Brazilian newspaper text. They are CETEMPublico and CETENFolha.
CETEMPublico contains text from the Portuguese newspaperO Público, and
CETENFolha from the BrazilianFolha de S̃ao Paulo.

These corpora are minimally annotated (paragraph and sentence boundaries,
inter alia), but are very large (CETEMPublico has 204M words and 1.2GB of text,
and CETENFolha has 32M words and 183.2 MB).

4Available at http://www.unhchr.ch/udhr/navigate/alpha.htm.
5For the sake of illustration, examples (1), (2) and (3) present the first sentence of the first Article in
Finnish, Portuguese and Welsh, respectively. (4) is the English version.
(1) Kaikki ihmiset syntyv̈at vapaina ja tasavertaisina arvoltaan ja oikeuksiltaan.
(2) Todos os seres humanos nascem livres e iguais em dignidade e em direitos.
(3) Genir pawb yn rhydd ac yn gydraddâ’i gilydd mewn urddas a hawliau.
(4) All human beings are born free and equal in dignity and rights.
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Some preprocessing was carried out: all XML-like tags, likethe<s> and</s > tags that mark sentence boundaries, were removed. Some heuristics were
also employed to remove lines that are parts of lists, like sports results tables or
music charts, since they might not be representative of language: only lines ending
in . , ! and? were considered, and lines containing less than 6 words (defined
as strings delimited by whitespace) were discarded. Other character sequences
that were judged irrelevant for the purpose at hand were normalized: URLs were
replaced by the sequenceURL, e-mail addresses byMAIL, hours and dates by
HORAand DATA, etc. Names at the beginning of lines indicating speaker were
removed since they are frequent and the grammar that will be used cannot parse
name plus sentence strings.

1.4.2.1The 400K Line Corpus

We ordered the remaining lines by line length in terms of words and kept the
smallest 200K lines from each of the two corpora. Small lineswere preferred as
they are more likely to receive an analysis by the grammar.

From these 200K lines of text from each corpus, we randomly chose 20K lines
for testing and the remaining 180K for training. This produced a large data set,
that allows one to check how good n-grams based methods can bein detecting
varieties given enough data, and what values ofn are necessary. Since language
varieties are more similar to each other than languages, it is expected that more
data or more context will be required for comparable results. In the tests below,
we refer to this data set as the 400K line corpus.

We assume that the sentences from the Portuguese corpus contain text belong-
ing to EP, and that the sentences in the Brazilian corpus represent BP text. This is
a simplification, since they can contain transcriptions from speakers of the other
variety. A classification is thus considered correct if the classifier can guess the
newspaper the text was taken from.

1.4.2.2The 30KB Corpus

The use of two corpora, one from EP and the other from BP, does not allow the
training of n-grams based classifiers to detect sentences that are possible in both
EP and BP, because only a two-way classification is present inthe training data,
but we want these classifiers to produce a three-way distinction. If a sentence is
found in the EP corpus, one can be relatively certain that it is possible in EP, but
one does not know if it is BP, too. The same is true of any sentences in the BP
corpus — it can also be a sentence of EP.

To address this limitation, a native speaker of EP was asked to manually decide
from sentences found in the BP corpus whether they are markedly BP or are also
acceptable in EP. Conversely, a Brazilian informant detected markedly European
sentences from the EP corpus.

Because this task requires manual annotation, and the methods we are em-
ploying reportedly perform well even with small training sets (when identifying
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languages), we used only a small portion of text taken from these corpora.
We randomly selected 90K lines of text from each corpus and checked which

ones could be parsed by the grammar. 25K lines of parsable BP and 21K of
parsable EP (46K lines out of 180K, or 26%) were obtained. From these parsed
lines we drew around 1800 random lines of text from each corpus, and had them
annotated for whether they are possible in the other variety. Thus a three-way
classification is obtained.

Perhaps not surprisingly, most of the sentences were judgedto be possible in
both EP and BP. 16% of the sentences in the Portuguese corpus were considered
impossible in BP, and 21% of the sentences in the BP corpus were judged exclusive
to it. Overall, 81% of the text was common to both varieties.

A hypothetical explanation of the asymmetry is that one of the most pervasive
differences between EP and BP, clitic placement, is attenuated in writing: Brazilian
text often displays word order between clitic and verb similar to EP, and different
from oral BP. Therefore, European text displaying Europeanclitic order does not
look markedly European. In fact, we looked at the European sentences with clitic
placement characteristic of EP that were judged possible inBP. If they were in-
cluded in the markedly European sentences, 23% of the European text would be
unacceptable BP, a number closer to the 21% sentences judgedto be exclusively
Brazilian in the Brazilian corpus.

Such information can be used to estimate prior probabilities for the Bayesian
method (which, as referred in Section 1.3.1, are ignored), creating a bias for clas-
sifying text as common to all varieties of Portuguese. This was not done, because
like what happens for estimating the priors of any language in a set of languages
in general, the difference between the priors of EP and BP is very difficult or even
impossible to obtain.

The data were split into test and training data, but only a subset of what was
judged common to both varieties was kept, since that data setwas much larger than
the other two. 10KB of text from each class were obtained. 5KB(of each class)
were reserved for training and another 5KB for test. These values are close to the
ones used for language discrimination in Section 1.4.1. There are approximately
140 lines for each class. For the test corpora, we kept exactly 140 lines for each:
a multiple of 20 is convenient, because we want to create chunks of 1, 5, 10 and
20 lines for testing. In the following tests, this data set isreferred to as the 30KB
corpus.

1.4.3 Two-way Distinction with the 400K Line Corpus

Table 1.1 summarizes the results for the n-grams trained to distinguish between EP
and BP with the 400K line corpus. The average line length of the test sentences
is 43 characters. Several input lengths were tried out by dividing the test data into
various sets with varying size.

The accuracy of the Bayesian classifier is surprisingly high, given that we can
estimate the number of sentences that cannot be attributed to a single variety to be
at least 80% (see Section 1.4.2.2). We hypothesize that thisis a corpus sensitiv-
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Length of Test Item 1 line 5 lines 10 lines 20 linesn = 2 Bayesian 0.84 0.99 1 1
Vector based 0.62 0.59 0.56 0.52n = 3 Bayesian 0.96 0.99 1 1
Vector based 0.63 0.59 0.61 0.65n = 4 Bayesian 0.96 1 1 1
Vector based 0.63 0.73 0.79 0.87n = 5 Bayesian 0.94 1 1 1
Vector based 0.65 0.81 0.89 0.97n = 6 Bayesian 0.92 0.99 1 1
Vector based 0.67 0.86 0.94 0.98

Table 1.1: Precision with 360K lines of text for training, two-way classification.

ity effect. For instance, German names are more frequent in Brazil. In fact, the
absolute frequencyfTr(x) of n-gramx in the training data for n-gramssch/Sch,
ung, W anden 6 is fTr(sch_ Sch) = 311, fTr(ung) = 194, fTr(W) = 1122
andfTr(en ) = 529 in Brazilian text andfTr(sch_ Sch) = 205, fTr(ung) = 98,fTr(W) = 680 andfTr(en ) = 305 in Portuguese text. This might also explain
the lower performance of the vector space model, where infrequent n-grams have
a lower impact on the result since the individual values derived from the n-grams
are summed together rather than multiplied.

The amount of training data is very large because these methods look at char-
acters. There are 15.5M of them in the training sets. The factthat relatively high
values ofn (4 and 5 for 5 lines of input) are necessary to achieve perfectaccuracy
on small inputs (and perfection is never found with 1 line long test items) suggests
that variety discrimination is much harder than language identification.

1.4.4 Two-way Distinction with the 30KB Corpus

The same experiment was conducted, using only the EP and BP data (not the
sentences judged to be common to both) of the 30KB corpus (only 20KB of it).

Although the size of training data is much smaller than in thetest reported
in Section 1.4.3, the two classes are expected to be farther apart since sentences
judged to be common to the two varieties were not included.

The results are in Table 1.2. The Bayesian classifier is very good with bigrams,
but because of the small training data, it is heavily biased at classifying everything
as EP. The vector space model cannot achieve as good performance with bigrams,
but is less affected by sparseness of training data.

6 denotes a space.
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Length of Test Item 1 line 5 lines 10 lines 20 linesn = 2 Bayesian 0.86 0.98 0.96 1
Vector based 0.61 0.75 0.86 0.85n = 3 Bayesian 0.82 0.73 0.64 0.5
Vector based 0.64 0.61 0.71 0.79n = 4 Bayesian 0.68 0.55 0.5 0.5
Vector based 0.64 0.71 0.79 0.93

Table 1.2: Precision with 10K lines of text for training, two-way classification.

1.4.5 Differences between EP and BP

We proceeded to an analysis of the training data resulting from the manual clas-
sification described in Section 1.4.2.2 (the 30KB corpus). Abrief typology of the
markedly Brazilian elements found in the BP training corpusis presented. We also
present the relative frequency of these phenomena based on the same data.

1. Mere orthographic differences (24%)
e.g.açãovs. acç̃ao (action)

2. Phonetic variants reflected in orthography (9.3%)
e.g. ir ônicovs. ir ónico(ironic)

3. Lexical differences (26.9% of differences)

(a) Different form, same meaning (22.5%)
e.g.timevs. equipa(team)

(b) Same form, different meaning (4.4%)
e.g.policial (policeman/criminal novel)

4. Syntactic differences (39.7%)

(a) Possessives without articles (12.2%)

(b) In subcategorization frames (9.8%)

(c) Clitic placement (6.4%)

(d) Singular bare NPs (5.4%)

(e) In subcat and word sense (1.9%)

(f) Universaltodooccurring with article (0.9%)

(g) Contractions of preposition and article (0.9%)

(h) Questions without subject-verb inversion (0.9%)

(i) Postverbal negation (0.5%)

(j) other (0.5%)
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One third of the differences found would be avoided if the orthographies were
unified (items (2) and (1)).

Some differences cannot be detected by n-gram based methodsor the grammar.
This is the case of item (3b), which would require word sense disambiguation.
When word sense differences are accompanied by different syntax, they can be
detected by the grammar (item (4e)) in limited circumstances (in that example,
only if the complement is expressed).

Differences that are reflected in spelling can be modeled by the grammar via
multiple lexical entries, with constraints on featureVARIANT reflecting the variety
in which the lexical with that spelling item is used.7

Interestingly, 40% of the differences are syntactic. Thesecases are expected to
be difficult to detect with n-gram based approaches, but not by a grammar.

Note that on average each sentence contained 1.46 marked elements. Spelling
differences (items (2) and (1)), which account for 33.3% of all differences appear
in 47.9% of them (in the BP training corpus). N-grams models can detect them.8

In the Portuguese grammar we use for the experiments, only clitic word order
(item (4c)) and co-occurrence of prenominal possessives and determiners (item
(4a)) are marked with respect to theVARIANT feature. The main limitation is gram-
mar immaturity, in that several differences involving phenomena that are not im-
plemented yet cannot be taken into account. These two phenomena do account for
18.6% of the differences found.

We expanded the grammar with many lexical items markedly EP or markedly
BP. These were taken from the Portuguese Wiktionary,9 where this information is
available. We did not include all of the ones there, since some were judged infre-
quent and manual expansion of a lexicon for a deep grammar is time consuming.
At the end, around 740 lexical items were added. Variety specific lexical items
found in the training corpora (80 more) were also incorporated in the lexicon.

1.5 Results

We report on the evaluation of the n-gram based methods presented in Section 1.3
and the grammar-based mechanism to handle variation described in Section 1.2,
tested with the 30KB corpus (Section 1.4.2.2).

When the grammar produced multiple analyses for a sentence,we only con-
sidered that sentence to be classified as EP if all the parses producedVARIANT

with typeep-variant, and similarly for BP. In all other cases the sentence would be
considered common to both.

The grammar can only look at one line at a time, but several input sizes are
tested. In order to make the grammar results comparable, this is done also for the

7In some cases a different solution would be preferable. Whenthe difference is systematic (e.g. the EP
sequencéon always corresponds to a BP sequenceôn, with an example in item (2)), it would be best
to have a lexical rule that affects only spelling and theVARIANT feature producing one variant from the
other. This is not implemented, because string manipulation is limited in the LKB.
8Even when these differences are not absolute, they are oftenstrongly unbalanced. For instance, the
bigramct appears 22 times in the Portuguese training corpus and only once in the Brazilian one.
9http://pt.wiktionary.org
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Length of Test Item 1 line 5 lines 10 lines 20 lines
Precision 0.57 0.78 0.72 0.64

Grammar Recall 0.57 0.72 0.62 0.43F�=1 0.57 0.75 0.67 0.51n = 2 Bayesian 0.59 0.67 0.76 0.76
Vector based 0.43 0.52 0.55 0.57n = 3 Bayesian 0.55 0.52 0.45 0.33
Vector based 0.47 0.48 0.67 0.76n = 4 Bayesian 0.48 0.39 0.33 0.33
Vector based 0.41 0.5 0.71 0.67

Table 1.3: Evaluation of variety identification, three-wayclassification. With the n-grams
based method, precision, recall and the F-measure are identical under the same conditions.

grammar. In this case, the result for chunks of more than one line is the unification
of the values for each line. If the unification result isportuguese(see the hierarchy
in Section 1.2), signaling inconsistency, the grammar doesnot decide, affecting
recall but not precision. For this reason, precision, recall, and the F-measure can
be different and are all reported. With the n-grams based models, they are always
identical. The results for the three-way classification arein Table 1.3.

Error analysis shows that the BP sentences classified as EP contain clitics fol-
lowing the EP syntax, and misspellings conforming to the EP orthography.10 Most
of the sentences common to EP and BP that were classified as EP also present
clitics with this syntax. A large proportion of the errors consisted in classifying as
common to all varieties of Portuguese sentences that were infact marked. Inspec-
tion of these sentences reveals many marked lexical items.11 It is thus a problem
of lexical coverage.

The Bayesian method works well with small values ofn, but it tends to classify
everything as EP, producing correct classifications for only one third of the test
items. The vector space model is more affected by input length.

1.6 Discussion and Conclusions

Before getting into the analysis of the quantitative results obtained above, some
remarks on the two approaches, with the grammar and with the stochastic tech-
niques, follow from the very nature of these methods.

Bayesian and vector-similarity methods are expected to be easier to scale up
with respect to the number of varieties considered given that the size of the type
hierarchy undervariant is exponential on the number of language varieties if all

10In Brazil a diaeresis is used onuwhen it followsq, precedeseor i and is pronounced. In the Portuguese
orthography it is no longer used. The errors were due to the spellingsaguentar(to bear) andtranquilo
(calm), instead ofagüentarandtranqüilo.

11Note that, in order to increase grammar coverage, we used a POS tagger to get information about
unknown words. Obviously, featureVARIANT was left underspecified in these items.
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variety combinations are taken into account.12

In turn, provided the symbolic method is supported by a more matured gram-
mar than the one we could use in the present experiments, witha large enough
lexicon, stochastic methods are expected to show more dependency on the text do-
main they are applied to than the grammar, and it is likely that their performance
tends to degrade more severely when applied over texts from domains which they
were not trained with.

Focusing on the results obtained with the grammar, the fact that the best score
results from setting the input with 5 lines/sentences is understandable at the light
of the following considerations: on the one hand, taken individually, there is a
certain chance that each sentence ends up not being specifiedwith respect to any
language variant at stake; on the other hand, when they are bundled together, there
happens the incremental effect that the resolution obtained at one or several of
them in each bunch unifies with the underspecified values of the remaining ones
that did not get resolved; however, when they are bundled into a too large bunch
(� 10 lines/sentences) chances also increase that different sentences get different
specifications, which induces incorrect or even non resolution for the whole bunch,
thus canceling the beneficial effect of the sentences being bundled together.

By the same token, it is also worth noting that with larger bundles, the perfor-
mance of classifiers based on the grammar is thus expected to degrade more than
the performance of classifiers based on n-grams.13

Note however that this may not be a shortcoming for the grammar-based meth-
ods in every application scenario. For instance, when the input text is a dialog,
such input may have to be entered in small chunks (a chunk per turn) if one wants
to contemplate conversations between speakers of different varieties.

Turning now to the evaluation results obtained above, both the grammar and
the stochastic approaches displayed similar results. In both cases the best score is
aroundF = 0:75.

For both approaches, our experiments were limited in several respects and there
is plenty of room for improvement. The n-grams methods can beenhanced by us-
ing more training data, since only 15KB were used. With the grammar, lexical
coverage can be augmented, and more marked constructions can be added — the
syntactic differences considered cover half of the occurrences of all syntactic dif-
ferences found in the BP training data (Section 1.4.5).

In spite of the limitations of these first experiments, results are encouraging.
The design we presented to account for variation can be adapted to other feature-
type formalisms, and the experimental setup used to compareperformance in face
of language varieties, which takes into account the fact that they largely overlap,
is new and extensible to other languages as well.

12This may be necessary. For instance,bué (very, much) is a word in European and Angolan Portuguese,
but not in Brazilian Portuguese;moleque(boy) is a word in Angolan and Brazilian Portuguese, but not
in EP, etc.

13Recall for common Portuguese is 0.89 in the 1 line test, and 0.14 in the 20 lines case. Overall, 68% of
the test items were classified as common in the 1 line test, butonly 5% in the 20 lines test.
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A Vector-based Approach to
Dialectometry

Erhard Hinrichs and Thomas Zastrow
University of Tübingen

Abstract

A novel unsupervised learning approach to computational dialectometry is presented which
uses hard clustering. The approach relies on vector analysis over two-dimensional arrays
of word lists collected for different geographical sites. The paper presents the underlying
theory and applies the approach to a Bulgarian data set. The results of these experiments
demonstrate the viability of the approach.

2.1 Computational Dialectometry

The study of language variation and of language change has a long and venerable
tradition in linguistics. Traditional dialectology dealswith the identification of di-
alect boundaries on the basis of historical evidence and on the basis of bundles of
characteristic isoglosses. Relevant historical evidenceincludes information about
lanugage contact, migration and settlement patterns, as well as processes of urban-
isation. Isoglosses refer to dialect boundaries determined by individual linguistic
features (such as word pronunciations, lexical choice or syntactic constructions).
In contrast, computational dialectometry clusters phonetic or lexical data in the
form of word lists into geographical dialect-regions by means of quantitatively de-
fined distance measures (Göbl 1982, Kessler 1995, Nerbonne 2006, Nerbonne and
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Hinrichs 2006, Prokíc 2006).
Currently the method of choice for measuring the distance between two words,

either in terms of their graphemic representation (in the case of lexical data) or
in terms of their phonetic representation (in the case of pronunciation data), relies
on the notions of alignment (Kondrak 2000) and of edit-distance (Heeringa 2004),
particularly in the form of Levenshtein-Distance. The distance between lists of
words is measured by an aggregate method that provides the summation of the
distances in the word list.

Two disadvantages are implicit in these approaches:� Aggregate methods consider in every pass just two data-records, not the
entire data set. A comparison of the whole data set in a singlestep is not
possible.� It is only possible to compare pairs of individual words. Forexample, it is
possible to compare two different pronunciations of the word apple, but it is
not possible to track the occurrences of individual segments, e.g. the vowel
a in different words, e.g. inappleandbanana.

In this paper a new approach to computational dialectometryis proposed that is
based on vector analysis and that avoids the above disadvantages of the aggregate-
method. The approach is inspired by the Neogrammarian notion of regular sound
correspondences. This notion has played a major role in the study of language
change. Here it is applied to the study of language variation.

2.2 The Data

2.2.1 General format

The data takes the form of word lists, one such list per site. Asite is a geo-
graphicaly defined point like a village or a town. Other properties such as size,
geographical properties, more rural or more urban, are ignored at present.

For every site, the same words are collected and transcribedinto X-Sampa
(Wells n.d.), which is an electronic readable form of the IPA, the International
Phonetic Alphabet (IPA 2003). The X-Sampa codes are the smallest units in the
data-sets.

This data format allows investigations in two directions:� Horizontal: In this direction all occurrences of a given element are traced in
a single word from the word list across all sites. We will henceforth refer to
such a horizontal trace assingle-word-all-sites(SWAS-trace).� Vertical: In this direction all occurrences of a given element are traced across
the entire word list for a single site. We will henceforth refer to such a
vertical trace assingle-site-all-words(SSAW).

In the horizontal dimension, comparisons of a given elementacross different
pronunciations of the same lexical item can detect regularities and irregularities
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Figure 2.1: general data-structure

of sound correspondences in the set of pronunciations. In the vertical dimen-
sion, comparisons of a given element across the word lists ofdifferent sites can
reveal phonological and/or morphological proccesses suchas insertion, deletion,
and metathesis which are commonly found in language variation.

2.3 The Bulgarian Data-Set

In cooperation with the Bulgarian Academy of Science and theUniversity of Sofia,
a phonetic data-set of the Bulgarian language with 200 sitesand 143 words1 com-
mon to all sites is been collected (Osenova and Simov 2005). These 200 sites are
spread across the whole territory of Bulgaria. At the moment, 121 sites are avail-
able in electronic form. XML is used as a container for the data. This data set
forms the basis for all vector-based experiments reported in this paper.

(Zhobov 2006) provides detailed information about the selection of words that
have been chosen for the data set and about the sources that have been consulted
for their pronunciation.

2.4 The Vector-based Approach

2.4.1 Background: Vector Analysis

Vector analysis is a subarea of geometry. It deals with arrays (vectors) in a two- or
higher dimensional space. In these spaces, vectors are defined by two points, each
identified by one coordinate for each dimension. The arrays in our particular di-
alectometry application are always two-dimensional (one dimension for the canon-
ical order of words in the word list and one for the order of elements within the
individual word). Figure 2.2 gives an example of a vector~v1 in two-dimensional
space with the starting point (2,2) and the end point (4,4):

The length of a vector can be calculated on the basis of the Pythagorean theo-
rem:

(2.1) j~v1j =p4x2 +4y2
1Some of the sites contain more words, but these 143 words are included in every site.
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Figure 2.2: a two-dimensional vector

where4x and4y are the relative position-changes of the vector on theX and theY axis.

Figure 2.3: calculating the length of a vector

To compute the angle between two 2-dimensional vectors:

(2.2) os(�) = ~a �~bj~aj � j~bj
2.4.2 The Algorithm

In this method one element of interest is selected. This can be a single segment, a
bigram or even longer sequences of segments. By the use of vectors, the element
in focus is traced either horizontally (SWAS) or vertically(SSAW) through the
entire data set. Each occurrence of the focus item is represented by a single vector.
Combining these vectors into a chain of vectors, the relative position changes of
the relevant element are recorded. The pseudocode for constructing such a vector
chain for anSWAStrace or anSSAWtrace is shown in figure 2.4.

On theX-axis of the coordinate system the units of measurement are the po-
sitions of X-Sampa codes in individual words. On theY -axis, the words are the
unit of measurement. By assumption, a shift on theX-axis of one X-Sampa to the
left or to the right has the value 1. On theY -axis going down one line to the next
word, without shift on theX-axis, has the value of 1.

A vector chain constitutes a unique fingerprint of the occurrence of the element
in focus either in a single word across all sites in the horizontal dimension or in
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delta[X] = 0;
delta[Y] = 0;

for i=1 to number of occurrences of element A

delta[X] = X(A[i]) - delta[X];
delta[Y] = Y(A[i]) - delta[Y];
addToVectorChain(<delta[X], delta[Y]>);

Figure 2.4: pseudocode for constructing a vector chain for asingle focused element

all words of the word list for a single site in the vertical dimension. Moreover, in
each dimension such fingerprints can be compared across sites or across words.

In the following example (Figure 2.5), a hypothetical element A is followed
through a data record. The origin and starting point of the first vector is set to the
first element of the data record.

Starting in the upper lefthand corner (0,0), the first appearance of “A” can be
achieved by the vector~v = (3; 0). The first coordinate represents the movement on
theX- and the second one the movement on theY -axis: this means, that they are
showing therelativemovement of a vector from the actual element to the next one,
not the absolute position in the coordinate-system. From here, a second vector is
drawn down to the second appearance of “A” (-1, +1), and so on:

Figure 2.5: artificial example for tracing an element

Figure 2.6 shows an excerpt from the Bulgarian data set. Fromleft to right:
The first 13 words of the site Rakovica, located in western Bulgaria. In the middle,
the vector chain for the vowel “e” is drawn. On the righthand side, the complete
“e”-vector for the 143 words of site Rakovica is shown:
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Figure 2.6: from left to right: partial word list, partial vector chain, complete vector chain

2.4.3 The Length of a Vector Chain

In the previous section, we have shown how vector chains can be created. Graph-
ically such vector chains can be rendered as shown in Figure 2.6. However, in
order to be able to compare vector chains with one another, a quantitative mea-
sure is needed. Such a measure can be obtained on the basis of the length of a
vector chain2. This length can be calculated by adding together the lengths of the
individual vectors contained in the vector chain.

(2.3) j~vj = nXi=1q4x2vi +4y2vi
wheren is the number of single vectors in the vector chain.

For illustration, Figure 2.7 shows some typical vector chains and their lengths:

Figure 2.7: some typical vector lengths

2Another possibility would be to sum up the absolute movementof the element to the right and to the
left. This fluctuationhas one disadvantage: it cannot handle words which has more than one element
correctly.
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When calculating the length of vector chains, two questionsarise: first, how
to treat words with zero occurrences of the element and second, what to do when
a word contains more than one occurrence of the same element.If a word has no
occurrence of the element in focus, the vector chain will pass through this word and
will extend to the next word in the word list that contains theelement in focus. In
consideration of the Pythagoraean Theorem, the resulting length of such a vector
chain differs from a vector chain where each word contains exactly one occurrence
of the focused element. This is illustrated in figure 2.8.

Figure 2.8: vectors when in a word the element doesn’t occur

If a word has more than one element “A”, additional vectors are drawn (Figure
2.9).

Figure 2.9: vectors when an element occurs more than one times in a word

Depending on the direction of analysis (horizontal or vertical), the length of a
vector chain can be interpreted in two ways:� In the horizontal direction: a higher value means that the specific element

has more fluctuation than with a lower value. Elements with a high value
are of particular interest since they carry a high degree of information about
the linguistic distance across sites.� In the vertical direction: the vector chain provides a site-specific, individual
“fingerprint” of that element. The values of the individual vector chains for
each site can then be clustered as described in more detail insection 2.5.

Some prominent values for the vector length are:� If the element doesn’t appear in the complete data-set, the length of the
vector chain is zero.� If the element always appears at the same position, the vector chain’s length
is identical to the number of words in the chain: there is justmovement on
theY -, but none on theX-axis.
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and their order

2.5 Vector-based Analysis: Selection and Clustering of Elements

As described in section 2.1, computational dialectometry deals with geographi-
cally defined dialect regions. Considering this goal, the examination in the vertical
direction, which yields site-specific fingerprints is of central concern. This con-
stitutes one more contrast to aggregate methods where pairwise comparison of
individual words (in the horizontal dimension) provide themost important data-
set.

In the vector-based analysis, the horizontal dimension canbe used to deter-
mine which elements carry the highest degree of informationabout the linguistic
distance between individual words. The elements with the highest information
content can be selected to create particularly content-rich fingerprints of individ-
ual sites.

Such fingerprints can then be used to cluster the sites. The clustering is done
by a bottom-up, hard clustering algorithm. Hard clusteringis used so that each site
can appear as a member in exact one cluster. Clustering proceeds in an iterative
fashion. At the beginning, every site is its own cluster. In subsequent iterations
clusters are merged until a fixed number of clusters has been reached. The target
number of clusters is set in advance and depends on the desired granularity of
geographic distribution.

2.6 Experiments with the Bulgarian Data-Set

This section reports on the application of the vector-basedanalysis, whose under-
lying theoretical assumptions have been presented in the previous sections, to the
Bulgarian data set introduced in section 2.3. These experiments follow the strat-
egy outlined in section 2.5. In a first step, an SWAS trace is performed for all
single element X-Sampa codes contained in the entire data set. In a second step,
the most content-rich elements are identified. In a third step, a SSAW trace is per-
formed, which generates site-specific fingerprints for eachof these most content-
rich elements. In a fourth step, the lengths of the vector chains for each of these
fingerprints is computed as described in section 2.4.3. Finally, these characteristic
lengths are used in the hard clustering algorithm that was described in the previous
section.

2.6.1 Finding content-rich Elements

Figure 2.10 shows the results of the first analysis steps. It displays the 10 most
content-rich segments rendered in their respective X-Sampa codes.

Notice that, most of these elements are vowels or semi vowels(palatalized
j). This quantitative finding corroborates the often-citedobservation by traditional
dialectologists that vowels tend to exhibit the highest degree of dialect variation.
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X-Sampa-Code Length of Vector chain
e 40015.1759910523

stress 35731.207131129
7 (close-mid back, unrounded) 35653.6778159966

A 35432.7572223606
i 34438.756791175
u 34120.3965759371
n 33581.1330654058
s 33038.0473845845
o 32878.0780176776

j (palatalized) 32317.4612226377

Figure 2.10: the 10 most content-rich segments in the Bulgarian data set

The fact that the vector-based analysis is able to induce this observation by purely
automatic means attests the viability of this method.

There is a second finding contained in Figure 2.10 that directly conforms to
observations found in the traditional literature on Bulgarian dialect variation. It
is the observation that different stress placements play a prominent role in the
identification of dialect regions. Once again, the vector-based analysis induced
this finding by purely quantitative means since the X-Sampa code for stress is
identified as the second most content-rich element.

2.6.2 Creating Vector Chains

With the use of the elements in Figure 2.10, vector chains canbe build for ev-
ery site. Figure 2.11 shows 6 of these fingerprints, using theX-Sampa code “e”.
Three of these sites are located in the eastern part and threein the western part of
Bulgaria. Figure 2.12 shows their exact locations. The graphical rendered finger-
prints of the 6 sites shows that individual fingerprints are an indicator for the sites’
geographical position.

2.6.3 Clustering the Sites

For every of the above described fingerprints the length of the vector chain can be
computed. This results in a single value for every site, representing the variation
of the focused element.

Using the above described clustering algorithm on these values, a distinction
between the eastern part and the western part of Bulgaria canbe seen for the entire
data set in Figure 2.13. This east/west split once again conforms to the claim
found in the traditional literature that the major divisionamong Bulgarian dialects
follows this orientation.

This distinction between the east and the west of Bulgaria can be seen in nearly
every element. In general, the vowels are producing better results than the conso-
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Figure 2.11: fingerprints of six sites, three in the east and three in the west of Bulgaria

Figure 2.12: the locations of the six sites



A Vector-based Approach to Dialectometry 31

Figure 2.13: east-west distinction of Bulgaria, using the X-Sampa code “e”

nants since the variability of vowels is by comparison much larger than that of
consonants.

2.7 Conclusion

A novel unsupervised learning approach to computational dialectometry is pre-
sented which uses hard clustering. The approach relies on vector analysis over
two-dimensional arrays of word lists collected for different geographical sites. The
paper presents the underlying theory and applies the approach to a Bulgarian data
set. The results of these experiments demonstrate the viability of the approach
since it is able to reproduce by purely quantitative means the major findings that
have been obtained by traditional methods of dialectology for Bulgarian language
variation.

In future research we plan to conduct further experiments with the full Bulgar-
ian data set once it has become available. A second future field of experimentation
concerns the length of the elements traced in the horizontalor vertical dimension.
In the experiment described in section 2.6 we only investigated unigrams. Further
experiments with bigrams and trigrams need to be conducted.

A third direction for further experimentation concerns theorder of words in the
word list. Currently, the words are ordered alphabetically. An anonymous reviewer
has raised the issue whether the results depend on the order of the words and has
suggested to compare the vector chains for different randompermutations in the
word list.

Finally, in the current experiments, we only used a single hard clustering ap-
proach. The investigation of different variants of hard clustering could well be
another area where the current results may be improved.
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Language Models for Sentence
Retrieval in Question
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Abstract

A retrieval system is a very important part in a question answering framework. It reduces
the number of documents to be considered for finding an answer. For further refinement, the
documents are split up into smaller chunks to deal with topicvariability in larger documents.
In our case, we divided the documents into single sentences.Then a language model based
approach was used to re-rank the sentence collection.

For this purpose, we developed a new language model toolkit.It implements all stan-
dard language modeling techniques and is more flexible than other tools in terms of backing-
off strategies, model combinations and design of the retrieval vocabulary. With the aid
of this toolkit we conducted re-ranking experiments with standard language model based
smoothing methods. On top of these algorithms we developed some new, improved models
including dynamic stop word reduction and stemming. We alsoexperimented with query
expansion depending on the type of a query. On a TREC corpus, we demonstrate that our
proposed approaches provide a performance superior to the standard methods. In terms of
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Figure 3.1: A general architecture for question answering systems

Mean Reciprocal Rank (MRR) we can prove a performance gain from 0.31 to 0.39.

3.1 Introduction

The major goal of a question answering (QA) system is to provide an accurate
answer to a user question. Compared to a standard document retrieval framework,
which just returns relevant documents to a query, a QA systemhas to respond with
an adequate answer to a natural language question. Thus, theprocess of retrieving
documents is just a part of a complex sequence. In order to provide the user with an
answer, possible candidates have to be extracted from the documents. To simplify
this procedure, the text is segmented into smaller passagesand a further retrieval
step is done. This process is called sentence retrieval, if the passage contains just
one sentence.

In this paper, we describe an experimental setup for comparing different lan-
guage models to improve sentence retrieval within a question answering context1.
Figure 3.1 shows the general construction for a question answering system. It
starts with the analysis of a natural language (NL) question(upper part). Gener-
ally, in this Question Analyzer, the expected answer type is determined, but it is
also possible to make some other deep analyses like part of speech (POS) tagging
or named entity recognition. The result is a processed query, which can be used
for the following retrieval steps.

The next step is the document retrieval (Document Retriever). In a QA system,
the retrieval framework is a very crucial part. It is used to decrease the number of

1This work was partially funded by the BMBF project SmartWeb under contract number 01 IMD01 M.
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documents in a potential large corpus. This is done in order to reduce the search
space in which a correct answer has to be found. It is necessary to reduce the
search space because the following components may use long-lasting deep analysis
algorithms which strongly depend on the size of the processed corpus. Therefore,
it is important to process just the documents which seem relevant to a query to get
answers within an appropriate period of time.

But within such a limited collection, there might still be large documents. Or
within single documents some topic changes occur. If this isthe case, again, the
following components have to analyse more text than is necessary in order to find
the correct answer. To overcome this problem, it is essential to further reduce the
size of the collection. This can be done by splitting up the text segments into
smaller chunks of passages2. After dividing the documents, a second retrieval step
is necessary in order to re-rank the new passage collection (Passage Retriever)
using the pre-processed query. By doing so, the corpus size and thus the search
space is reduced again. One can say that the major goal of information retrieval
in question answering is to achieve a high precision at a small collection of text
segments (Corrada-Emmanuel et al. 2003).

In a final step, the passage collection is processed by theAnswer Extractor.
Here, the single passages are analyzed by computing the partof speech, the named
entities and other linguistic features. Finally, the most probable answers are se-
lected and returned by the system.

For our experimental setup we did not use the complete general architecture of
a question answering system but just the upper part of fig. 3.1. So we skipped the
extraction of the most relevant answers.

In the query construction, we used a language model driven method so as to
find the expected answer type (Merkel and Klakow 2007) and some simple tech-
niques to optimize the question for the following retrievalsteps. The document
retrieval was also done, using a language modeling approach.

Nevertheless, in this paper, we used a special case of passage retrieval where
we directly split the documents into single sentences. In a next step, a language
model (LM) based approach with unigram distributions was used to re-rank the
text chunks. For these purposes, we developed a new languagemodel toolkit. It
implements all standard language modeling techniques, like linear interpolation
and backing-off models. Its advantage is that it is more flexible than other tools in
terms of model combinations, design of the retrieval vocabulary and the smooth-
ing strategies. By means of this toolkit we conducted re-ranking experiments with
standard language model based smoothing methods like Jelinek-Mercer linear in-
terpolation, Bayesian smoothing with Dirichlet priors andabsolute discounting as
well as some new, improved models. We focused on investigating refinements
which are easy to implement such as ignoring query words, dynamic stopword
lists and stemming. We also experimented by modeling the expected answer type
of a query into the LM approach.

To make our results comparable to current literature, we evaluated our algo-

2Popular methods to make passages and research into the effects on retrieval can be found in Clarke et
al. (2000) and Tellex et al. (2003).
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rithms on a news texts corpus from the Text REtrieval Conference (TREC) – the
Aquaint corpus. Here, we demonstrate that our proposed algorithms outperform
the standard methods in terms of mean reciprocal rank (MRR) by 25%. We can
also show that we need to return fewer sentences to achieve equal or even better
accuracy. So it is possible to say that we attained our goal, namely to reduce the
search space for the following components in a QA framework.

The rest of paper is organized as follows: The next section presents some re-
lated work. Sect. 3.3 shows the language model based smoothing methods we
used for our experiments. Sect. 3.4 presents the used datasets as well as the exper-
iments we performed in order to achieve optimal results. Sect. 3.5 concludes the
results.

3.2 Related Work

In the area of passage retrieval for question answering, onecomes across a lot
of secondary literature. For example, Clarke et al. (2000) introduces a passage
retrieval system for the TRECQuestion Answering track. They use a question
pre-processing, a passage retrieval and a passage post-processing step to select the
top five text sections out of a set of documents. In the pre-processing step, the
question is parsed and “selection rules” (patterns) are defined. Each text block for
the passage retrieval algorithm can start and end with any query term. The score
of such a passage is calculated by the text size and the numberof occurring query
terms. Then a new passage with a required length around the center point of the
original passage is produced. Finally, the patterns are used to post-process the pas-
sage retrieval results.
Tellex et al. (2003) provides an overview of various state-of-the-art passage re-
trieval systems for question answering. They built a framework for the use of
different document retrieval and passage making systems tocompare the results.
The text selection methods are re-implementations of famous TREC systems like
MITRE, bm25, IBM and MultiText. The most important findings of their work
is that boolean querying performs well for question answering, that the choice of
the document retriever is very important and, that the best algorithms use density
based scoring.

There is also some literature in the field of language model based passage re-
trieval for QA. In Zhang and Lee (2004) LM based question classification and a
LM based passage retrieval approach is shown. To optimize their text selection,
they first look at an initial set of relevant passages and construct a language model.
Then, relevant web data is used to built a second language model. Finally, they
mix the two models and include some further constraints likeanswer type and an-
swer context information.
Another interesting approach is presented by Corrada-Emmanuel et al. (2003). In
their paper, three methods to score relevant passages are shown. They compare the
famous query likelihood, relevance modeling and a bigram answer model. In this
model, the expected answer type is taken into account. Therefore, text selections
are replaced by their named entity tag and an answer model is trained. Then three
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different methods for backing-off the bigram are used. Theyshow that the bigram
method provides a performance superior to the other approaches.

As mentioned above, sentence retrieval is just a special case of passage re-
trieval where the text selection has the size of one sentence. There is also some
related work in the area of sentence retrieval for QA systems. One example is
Murdock and Croft (2004). They understand the meaning of retrieving sentences
as the translation of a user query to a (more or less complex) answer. With this
idea, they suppose to overcome the problem of the shortness of sentences to com-
pute a multinomial distribution. Their approach is based onthe IBM Model 1 and
is smoothed with the corresponding document in addition to the collection. They
show a performance gain to the original query-likelihood scoring.
In Losada (2005) language model based approaches for sentence retrieval are com-
pared. They define multinomial and multiple-Bernoulli distributions on top of the
query-likelihood approach. Their motivation is the shortness of a sentence. In a
multiple-Bernoulli framework, also the non-query terms are taken into account.
So, they show a significantly performance increase comparedto a multinomial
approach.

An other application for sentence retrieval is the TREC Novelty track (Harman
2002). Here, the task is to reduce the amount of redundant andnon-relevant in-
formation in a given document set. Normally, this is done in atwo-step approach.
The first part is to find the relevant sentences according to a query3. In a second
part, those sentences are selected which contain novel information compared to
the retrieved set in the first part. Larkey et al. (2003) and Allan et al. (2003) give
some examples of how to build such a system. They use three different methods
for extracting relevant sentences; a vector based approachusing tf-idf, a version
using theKullback-Leibler divergence (KLD)and an approach using aTwo-Stage
Smoothingmodel. Because they do not find any significant differences between
these methods4, they decide to use thetf-idf approach. From their point of view,
the selection of the relevant sentences is the major challenge, so they try to fur-
ther improve the performance by using known techniques likequery expansion,
pseudo-relevance feedback and other features. But, again in contrast to our obser-
vations, just pseudo-feedback helps to improve the performance.
A major difference to the open-domain question answering isthat in the Novelty
track, a set of relevant documents is given. So, there is no need to find some
relevant documents out of a large corpus first. Allan et al. (2003) also show the
negative effects when using a real information retrieval system instead of a given
document set.
A last significant difference is the kind of processing the retrieved data. In a ques-
tion answering system, further steps are the extraction andselection of possible
answers out of the sentences. This task is very hard and time-consuming, so it is
necessary to keep the set of returned sentences as small as possible.

A partial implementation of the system can be found in Shen etal. (2006).
There, a complete statistically-inspired QA system in context of the TREC 2006

3This is what we callSentence Retrieval.
4In contrast to our experiments.
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question answering track is developed.
Merkel and Klakow (2007) give a more specific description of the language

model based query classification part we used in our experiments. This work
mainly depicts the methods of how to obtain the expected answer types.

3.3 Methods

In this section, the general idea behind language model based information retrieval
is presented. Furthermore, we describe the smoothing methods we used for our
experiments in Sect. 3.4.3.

3.3.1 Language Models for Sentence Retrieval

First, we want to introduce the language model based approach proposed by Ponte
and Croft in 1998 (Ponte and Croft 1998) as our information retrieval framework
for sentence retrieval. They rank the user query using a query model, whereas a
language model for each document is determined. Then the probability of produc-
ing the query with those models is calculated. Following Zhai and Lafferty (2001),
applying Bayes rule results in

(3.1) P (DjQ) / P (QjD)P (D)
whereP (D) is the prior belief of a document andP (QjD) is the probability of
the query given a document.

We act on the assumption that the priorP (D) is a uniform distribution, so it
is equal for all documents and therefore irrelevant for ranking the query. Thus, it
will be ignored in further computations. The probability ofP (QjD) is calculated
by using language models. This conversion means that we justhave to calculate
the conditional probability of the user query and the document we intend to rank.
This task seems easier than calculatingP (DjQ).

Formula (3.1) has a data sparsity problem. Generally, thereisn’t enough train-
ing data to compute language models for a complete query5. To overcome this
problem we act on the assumption that all words in the query are independent.
This independence assumption results in unigram language models as proposed in
Zhai and Lafferty (2001):

(3.2) P (QjD) = NYi=1P (qijD)
whereasN is the number of terms in a query. In our approach the documents
are sentences, so we usedP (qijS) as our experimental baseline, whereS is the
sentence we intend to score.

In the next sections we will describe how to calculate those probabilities. Be-
cause we use a maximum likelihood estimate to calculateP (wjS), it is necessary
to smooth them in order to avoid zero probabilities6.
5Let’s suppose that a query has 7 words in average. Then 7–gramlanguage models have to be computed.
6See Zhai and Lafferty (2001) for further information.
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3.3.2 Jelinek–Mercer smoothing

The Jelinek-Mercer smoothing method is just a linear interpolation between the
maximum likelihood probability and a background collection model. It is defined
by

(3.3) P�(wjS) = (1� �) (w; S)Pw (w; S) + �P (wjC)
where(w; S) is the count of wordw in sentenceS and� is the smoothing parame-
ter.P (wjC) is the collection model. In our experiments the background collection
always consists of the set containing all sentences.

3.3.3 Absolute Discounting

This smoothing method has its origin in the task of speech recognition. There,
it is the most efficient and thus the most commonly used technique. But it was
also introduced to the task of information retrieval by Zhaiand Lafferty (2001). It
results in

(3.4) PÆ(wjS) = max ((w; S)� Æ; 0)Pw (w; S) + ÆBPw (w; S)P (wjC)
whereas(w; S) are the frequencies ofw in S andP (wjC) is the collection model
of all sentences.Æ defines the smoothing parameter to redistribute some probability
mass to unseen events. The parameterB counts how often(w; S) is larger thanÆ.
3.3.4 Bayesian smoothing with Dirichlet priors

Bayesian smoothing using Dirichlet priors is the approach which performs best
according our question answering task in document retrieval as well as according
our sentence retrieval framework. It is also described by Zhai and Lafferty (2001)
and is defined by

(3.5) P�(wjS) = (w; S) + �P (wjC)Pw (w; S) + �
where(w; S) is the frequency of observations of the wordw in sentenceS. � is
the smoothing parameter. Again,P (wjC) is the collection model containing all
sentences. A special case of this method is theadd-epsilon smoothing, i.e. when a
uniform collection model is used.

3.4 Experiments

In this section, we describe the dataset and the experimental setup we used for our
experiments. Furthermore, we discuss the experimental results.
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3.4.1 Dataset

As dataset for our experiments we used theTREC 2004 QA collection. It consists
of the AQUAINT7 document collection with more than one million8 text docu-
ments from various news agencies (the Xinhua News Service (People’s Republic
of China), the New York Times News Service, and the Associated Press World-
stream News Service).

The question set for TREC 2004 consists of 351 questions, which are further
divided into subsets. Each subset has a unique topic and a setof “factoid”, “list”
and “other” question. For example, a typical “factoid” question is “When was
James Dean born?” whereas a “list” question would be “What movies did James
Dean appear in?”. The task of the “other” question is mainly to find as many
different information concerning the topic as possible.

As evaluation metrics for the results, the Mean Reciprocal Rank (MRR) and the
accuracy of the system was used. In this context, accuracy means the percentage
of answerable questions using a specific number of returned sentences. For testing
the parameters in the query construction, we used the Mean Average Precision
(MAP).

3.4.2 Experimental Setup

For efficiency reasons we chose a three-step approach for ourexperiments. First,
the user question was analyzed. Therefore, we used the approach described in
Merkel and Klakow (2007) to extract the expected answer type. It specifies a
language model based query classification, using a simple Bayes classifier as
paradigm. The taxonomy of the classifier takes 6 coarse and 50fine grained classes
into account.
In addition to this, some simple methods were used to furtheroptimize the query
for the following retrieval task.

In a second step, theLemur Toolkit for Language Modeling and Information
Retrieval9 was used to carry out a language model based document retrieval. As
suggested in Hussain et al. (2006), we performed Bayesian smoothing with Dirich-
let priors. We fetched the top 50 relevant documents becauseShen et al. (2006)
showed that this number is sufficient to answer about 90% of questions. After the
extraction, we split them up into sentences using the sentence boundary detection
algorithm provided by LingPipe10. We also used larger passages (Hussain et al.
(2006)), but the sentence-based approach is much more efficient.

The third step was the re-ranking of sentences using the language model based
methods described in Sect. 3.3. For these purposes a new language modeling
toolkit was developed by our chair11. It implements all standard language model-
ing techniques and is more flexible than other tools in terms of backing-off strate-

7http://www.ldc.upenn.edu/Catalog/docs/LDC2002T31/
81,033,461 documents.
9http://www.lemurproject.org/

10http://www.alias-i.com/lingpipe/
11LSVLM.
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Figure 3.2: The sentence retrieval architecture for our experiments

gies, model combinations and design of the retrieval vocabulary.
Figure 3.2 shows the architecture of the sentence retrievalexperiments we

made. On the left-hand side, the pre-processing steps with standard software are
shown. On the top one finds the Aquaint corpus we described in Sect. 3.4.1. Then
the document collections, we gain by using Lemur, can be seen. On the bottom
one finds the sentence collections we receive by using the LingPipe toolkit.

On the right-hand side, we show the experimental setup for theLSVLMframe-
work. In the middle the background model for each experimentis presented. It
consists of the complete sentence collection for a given user queryqi. Out of this
collection, a background language model is build. As vocabulary for this model
we use the union of the vocabulary build from the user queryqi and the corre-
sponding sentence collection. So, the vocabulary is closedover the query.
On the bottom left, the single sentences for a queryqi can be seen. These are the
sentences we want to re-score in our experiments. Then, again language models
are created for each individual sentence by using the closedvocabulary.
And finally, the two language models are used to calculate a new score. Because
of the flexibility of our toolkit, it is possible to easily change the used smoothing
algorithms and parameters to get the optimal setting.
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# included topics Mean Average Precision

0 0.0900
1 0.2440
2 0.2995
3 0.2997
4 0.2876
6 0.2799

Table 3.1: Number of included topics and corresponding MAP for TREC 2004 dataset

In our sentence retrieval experiments, we used TF–IDF and OKAPI12 as stan-
dard baseline approaches and linear interpolation (Jelinek-Mercer), absolute dis-
counting and Dirichlet priors as language model based smoothing algorithms (see
Sect. 3.3).
The smoothing parameters for the different methods were experimentally defined
on the TREC 2003 dataset. For absolute discounting, we took the discounting
parameterÆ = 0:1, for linear interpolation the smoothing parameter was set to� = 0:8 and for Dirichlet prior we set� = 100.

3.4.3 Results

In this section, we discuss the results we achieved by using the query construction,
the document retrieval and the optimized sentence retrieval steps.

3.4.3.1Query Construction and Document Retrieval

As already mentioned in Sect. 3.4.2, we first analyzed the user query by ex-
tracting the expected answer type13. This answer type is used in a later step to
optimize the language models in the sentence retrieval step.

In addition to this approach, we used further methods to optimize the query
for document and sentence retrieval. In a first step, the topic of the query14 was
included for multiple times. This inclusion was done because, within our language
model approach, the repeating of a specific term for multipletimes results in a
higher score for that term. A higher score means that the included term gets greater
importance in that context.
Table 3.1 shows the impact of including the topic on the document retrieval. The
performance increases until the topic was added three times. This means, if we add
the topic too often, it gets too much weight and other possible relevant keywords
are scored too lowly. This would result in a worse retrieval performance. Due to

12Seehttp://www.lemurproject.org
13Results can be found in Merkel and Klakow (2007).
14See Sect. 3.4.2 for a definition of “topic”.
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the fact that there is just a very small performance gain between adding the topic
twice or three times, we decided to include the topic in our experiments only twice.

The last step in the query construction was the subtraction of the query word. In
general, this term has no positive effects on the retrieval system and can therefore
be ignored. Here, the same argumentation holds as for including the topic for
multiple time. By removing the query word, this score will bezero and other,
possibly more relevant terms get a higher score.

The effects of these methods on the sentence retrieval framework can be found
in Sect. 3.4.3.3.

As mentioned above, theLEMUR toolkit was used to perform document re-
trieval. Therefore, the queries as well as the AQUAINT corpus were stemmed and
no stop-words were removed. Then we chose a language model based approach
to retrieve the documents. As smoothing method, we used Bayesian smoothing
with Dirichlet priors because Hussain et al. (2006) illustrated that this approach
performs best for this task15. They also suggests an optimal smoothing parameter
for this question set which we also used for our experimentalsetup.
After doing the retrieval, the 50 most relevant documents were fetched and split
up into sentences.

3.4.3.2Baseline Experiments

This section describes the baseline experiments we conducted before starting our
optimization approaches. Figure 3.3 shows the results of those experiments. It
presents on the x-axis the number of returned sentences by the system on a loga-
rithmic scale. On the y-axis the accuracy of the system is shown. For example, an
accuracy of 0.5 means that 50% of the queries are answerable by the system.

For the standard TF–IDF and OKAPI baseline experiments we used the
LEMUR toolkit. The figure shows that the TF–IDF performs better than OKAPI
regarding this task. Both approaches were not optimized forthese experiments.

In a next step, we used ourLSVLMtoolkit to conduct the baseline experiments
with the three standard language model based smoothing approaches (as described
in Sect. 3.4.2).

For a small number of returned sentences (1–50), the linear interpolation
(Jelinek–Mercer) and the absolute discounting smoothing perform comparably
bad. In this part the Bayesian smoothing with Dirichlet priors obviously performs
better.
In the last segment (50–100 sentences) the Dirichlet prior approach performs
somewhat worse than absolute discounting. The best smoothing method for this
part is the Jelinek–Mercer interpolation. But this performance gain is not visibly
significant.

But the figure also shows that all baseline language model based approaches
perform better than the standard TF–IDF and OKAPI methods for this task by
large margin.

15They show that it even provides a performance superior to standard approaches like TF–IDF and
OKAPI.
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Figure 3.3: Number of retrieved sentences vs. accuracy for baseline experiments

As already mentioned in Sect. 3.1, in a question answering system we are most
interested in getting a high accuracy at a small number of returned sentences. That
means, the following modules need to process just smaller sets of sentences to
reach the same level of accuracy. Thus, the Bayesian smoothing with Dirichlet
priors was chosen as a optimization baseline for further experiments.

3.4.3.3Improved Smoothing Methods

Figure 3.4 shows the results of the experiments we carried out with optimized
language models for the question answering task. Again, on the axis of abscissae
the number of returned sentences is plotted on a logarithmicscale, whereas on the
ordinate the accuracy of the system is shown (as described inSect. 3.4.1).

For better comparison between the improvements of the optimization steps, the
Dirichlet prior smoothing method is shown as baseline (curve (1)). The other lines
show the performance gain of each individual method we addedto the baseline.
Each new experiment is based on the previous optimization method.

Our first approach is already discussed in Sect. 3.4.3.1. It is the simple removal
of the query word and therefore belongs to the query construction step. Figure 3.4
shows the resulting effects on the system. The new curve (2) provides a perfor-
mance superior to the Dirichlet baseline.
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Figure 3.4: Number of retrieved sentences vs. accuracy for optimized smoothing methods

In a second step, we added the Porter stemmer16 to our experiments. The
results are shown in curve (3). As described in relevant literature, this addition
also results in a further advance of system accuracy of this specific kind of task.

As a next optimization criterion we used a dynamic stopword list. It was cre-
ated by selecting the four most commonly used terms of the complete sentence
collection. However, those terms were not removed as usual for stop-words but
they got just a smaller weight in the language model. This re-weighting is based
on the same findings we already discussed in Sect. 3.4.3.1. The result in Fig. 3.4
shows in curve (4) a small performance gain, when looking at avery small number
of returned sentences. Besides, the accuracy is nearly equal to the previous step.

For the last optimization experiment, the expected answer type of an user query
we gained in the query construction, was used to expand the language models
with this additional information (see Sect. 3.4.3.1). Thiswas done by expanding
the query and a sentence in dependency of the extracted question type. Thereby,
sentences, which match the query type, are ranked higher.

This means, for example, if the expected answer type isDate, the termDATE
is added to the question. Then patterns are used to identify dates expressions in a
sentence. If such a date expression also occurs in a sentence, it is expanded with
theDATE term as well. After this step, the additional terms are weighted and thus
the language model based approach gives a higher rank to sentences which match

16http://www.tartarus.org/˜martin/PorterStemmer/
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Distribution MRR

OKAPI 0.16
TF–IDF 0.18

Jelinek–Mercer 0.29
Absolute Discounting 0.29

Dirichlet Baseline 0.31
Dirichlet Combined 0.39

Table 3.2: Mean Reciprocal Rank of baseline and optimized experiments

the corresponding question.
The resulting effects of this last optimization step is alsoshown in Fig. 3.4.

Here, curve (5) demonstrates the improvement of performance by adding the
weighted expansion. The distribution outperforms all other combined methods
by a large margin.

Table 3.2 shows the MRR of the baseline experiments and combination of
all optimization steps. Standard OKAPI and TF–IDF achievedthe worst MRR.
The Jelinek–Mercer interpolation and absolute discounting baseline perform better
with a MRR of 0.29. We found out that the Dirichlet prior baseline again performs
a little bit better with a MRR of 0.31. This was the reason for the fact why we de-
veloped the improved language models on top of this distribution. The table also
shows that the combination of all optimization steps (Dirichlet Combined) per-
forms best with a MRR of 0.39. This means that there is an improvement of more
than 25% compared to the Dirichlet baseline and, that there is an improvement of
more than 34% compared to the other LM based experiments.

3.5 Conclusion

In this paper, we showed a language model based framework to perform improved
sentence retrieval in a question answering context. The major goal was to improve
the accuracy of the system in order to return just a smaller number of relevant
sentences. This reduces the search space of the following components in a QA
system. Because these components are typically deep-analysis approaches which
strongly depend on the size of processing documents, such a step is necessary.

For this purpose, we first analyzed the user query by extracting the expected
answer type and doing some other simple text manipulations.
After a language model based document retrieval step, we split up the documents
into smaller text passages in the size of sentences.

Then, theLSVLMtoolkit, a language model based framework we developed at
our department, was introduced. With this toolkit, we were able to conduct sen-
tence retrieval experiments in a more flexible way than with other state-of-the-art
information retrieval frameworks. We conduct baseline experiments with standard
TF–IDF and OKAPI as well as with language model based smoothing methods
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like Jelinek–Mercer interpolation, Bayesian smoothing with Dirichlet priors and
absolute discounting.

We proved that Dirichlet priors baseline performs best for our task, so we de-
veloped our optimization steps on top of this approach.
In several experiments we illustrated that using query wordremoval, dynamic stop-
word list weighting and stemming results in a performance gain. In the last experi-
ment, we modeled the expected answer type of a user query intothe used language
models. This approach performs better than the LM baselinesby at least 25%.

We also proved that we need to return fewer sentences in orderto achieve equal
or even better performance in terms of system accuracy. So weattained our goal
to reduce the search space for the following components in a QA framework.
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Conditional Entropy
Measures Intelligibility among
Related Languages

Jens Mobergy, Charlotte Gooskensy, John Nerbonney, and Nathan VaillettezyUniversity of GroningenzDickinson College, Pennsylvania

Abstract

The Scandinavian languages are so alike that their speakersoften communicate, each using
their own language, which Haugen (1966) dubbedSEMICOMMUNICATION. The success
of semi-communication depends on the languages involved, and, moreover, can be asym-
metric: for example, Swedish is more easily understandablefor a Dane, than Danish for a
Swede. It has been argued that non-linguistic factors couldexplain intelligibility, includ-
ing its asymmetry. Gooskens (2006), however, found a high correlation between linguistic
distance and intelligibility. This suggests that we need toseek linguistic factors that influ-
ence intelligibility, and that potentially asymmetric factors would be particularly interest-
ing. Gooskens’ distance techniques cannot capture asymmetry. The present paper attempts
to develop a model of the success of semi-communication based on conditional entropy, in
particular using the conditional entropy of the phoneme mapping in corresponding (cognate)
words. Semantically corresponding words were taken from frequency lists and aligned, and
the conditional entropy of the phoneme mapping in aligned word pairs was calculated. This
gives us information about the difficulty of predicting a phoneme in a native language given
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a corresponding phoneme in the foreign language. We also examine the conditional entropy
of selected word classes, such as native/loan and function/content words.

4.1 Introduction

The three mainland Scandinavian languages (Danish, Norwegian and Swedish)
constitute an interesting linguistic community with respect to mutual intelligibil-
ity. They are so closely related that they are sometimes considered dialects of
a common, non-existent, language (Maurud 1976, Braunmüller 2002). This lin-
guistic situation enables citizens in Scandinavia to use their native tongues when
communicating with their neighbors. Haugen (1966) coined the termSEMICOM-
MUNICATION for this phenomenon, for which Braunmüller (2002) suggests rather
RECEPTIVE MULTILINGUALISM.

4.1.1 Background

It has been noted that semicommunication may be difficult, and several studies,
the most prominent being Maurud (1976), Bø (1978), and Delsing and Lundin
Åkesson (2005), were carried out in order to investigate howwell speakers of the
three languages understand the neighboring languages. We calculated the mean
percentage of correct answers in the intelligibility testsof these three investiga-
tions, and display these per language pair in Figure 4.1. Thelargest problems are
found in the mutual intelligibility between Swedes and Danes. Swedes especially
have difficulties understanding Danish (a mean of 27% correct answers as opposed
to 37% correct when Danes attempt to understand Swedish). Norwegians under-
stand the neighboring languages best, while Danes and Swedes both have more
difficulties understanding Norwegian.

Intelligibility is asymmetric in all of the language pairs in Fig. 4.1, and intel-
ligibility scores are often explained by appeals to attitude and amount of contact.
A positive attitude should encourage subjects to try to understand the language
in question, whereas a negative attitude will discourage subjects from making an
effort. Contact with the language in its written or spoken form is also likely to
improve the performance on the test. The good performance bythe Norwegians
may be explained by the fact that the language variety of the listeners (eastern
Norwegians) is linguistically close to both Danish and Swedish, Furthermore, it
has been proposed that Norwegians are particularly good at understanding closely
related language varieites because the Norwegian dialectsare used so extensively.
In contrast to many European countries dialects are used by people of all ages
and social backgrounds in Norway, not only in the private domain but also in of-
ficial contexts (Omdal 1995). For this reason Norwegians areused to decoding
different language varieties. The influence of this factor on semicommunication
has, however, never been tested experimentally. The three Scandinavian studies
mentioned above included questions about attitude towardsand contact with the
test language. The authors assume a relationship between the non-linguistic fac-
tors (attitude and experience) and the intelligibility scores, but correlations are low
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and the direct relationship is difficult to prove. A third factor, linguistic structure,
has been largely neglected so far, mostly due to the absence of a suitable method
to measure differences in linguistic structure. In recent years, new methods have
been developed for measuring linguistic differences in thearea of dialectometry.
This makes it possible to measure communicatively relevantlinguistic differences
among the spoken Scandinavian languages. Linguistic differences can be mea-
sured at various linguistic levels, but we shall be concerned exclusively with the
phonetic level in this paper.

Figure 4.1: Mean percentage correct answers of three spokenintelligibility tests (Maurud
1976, Bø 1978, Delsing &̊Akesson 2005). ‘Da by No’ stands for ‘Percentage correct in
Danish test by Norwegians’, etc.

Heeringa (2004, Chap. 7–8) describes a method for measuringthe phonetic
distance between dialects and closely related languages bymeans of the Leven-
shtein algorithm. This algorithm calculates the minimum cost of transforming one
sequence of phonemes to another. Gooskens (2006) used thesedistance measure-
ments, and found a high correlation between intelligibility and phonetic similarity
measured by means of Levenshtein distances (r = 0:82, p � 0:01). However,
since the Levenshtein algorithm calculates distances, which are axiomatically sym-
metric, it cannot provide an account of asymmetric relations in linguistic intelligi-
bility.

4.1.2 Present Paper

The present paper explores the linguistic differences among the Scandinavian lan-
guages by means of another measure, conditional entropy, which we apply at the
phonemic level. Conditional entropy measures the complexity of a mapping, and
is sensitive to the frequency and regularity of sound correspondences between two
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languages. Since these two factors could be important to theease with which a
word in one language is understood by speakers of a related language, we hypothe-
size that conditional entropy corresponds with intelligibility scores. We are moti-
vated to explore conditional entropy because it can model asymmetric remoteness.
The conditional entropy between language A and language B isnot necessarily
the same as between language B and language A. If the asymmetric intelligibility
scores reported above (see Figure 4.1) reflect the difficultyof mapping one sound
system to another, we may expect conditional entropies to operationalize this dif-
ficulty, so that high entropies correspond with low intelligibility between a given
pair of Scandinavian languages, and low entropies with highintelligibility. The
primary purpose of this paper is to test this hypothesis.

We based our measurements on a database with frequent words in the three
languages. This database was divided into different categories which made it pos-
sible to test three hypotheses. First, we expected native words to produce a higher
conditional entropy between pairs of languages than loan words, since they have
evolved in the respective languages for a long time. Loan words entering a lan-
guage are expected to differ less because they have been borrowed in a similar
form and have not had the time to diverge as much.

Second, we expected lower entropies for Latin/Greek/French loan words than
for German loan words because the time of borrowing differs.Most German loan
words came into Scandinavian in the twelfth and thirteenth century, during the
Hanseatic period. French loan words became popular in the sixteenth century
(Edlund and Hene 1992). Words imported into the Scandinavian languages were
often adapted in some way during the process. Assume that in aborrowed word,
sound A becomes sound B in Swedish, sound C in Danish and soundD in Nor-
way. The way that the Scandinavian languages transform thissound to fit their own
language is to a certain degree a regular process, meaning that the pairwise rela-
tions (between B and C, etc.) are rule governed. However, since the German loan
words have been part of the Scandinavian languages for a longer time, they have
had more time to change, which means that the regularities may have attenuated.
The fact that French, Latin and Greek are less closely related to the Scandinavian
languages than German might also mean that the words have been less well inte-
grated into the Scandinavian languages than German words. For this reason the
Latin/Greek/French words may to a greater extent have kept their original pronun-
ciation. This might cause lower conditional entropies for Latin/Greek/French loan
words than for German loan words.

Third, we make a distinction between function words and content words. Many
function words are very frequent, and since they are less essential to the semantic
content of sentences, they often occur in unstressed positions. For this reason their
form may have been more strongly reduced than that of contentwords. In addition,
very frequent words are also said to be phonologically conservative, i.e. they resist
regular changes. Both observations lead us to expect conditional entropies to be
higher for function words than for general vocabulary, since in both case they may
represent exceptions to rules.

To summarize, our specific research questions are as follows.
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1. Do high conditional entropies correspond to low intelligibility scores as
found in the literature andvice versa(see Figure 4.1)?

2. Can asymmetric mutual intelligibility be modeled by conditional entropies?

3. Is there a difference in conditional entropies between native words and loan
words?

4. Is there a difference in conditional entropies between Latin/Greek/French
loan words and German loan words?

5. Is there a difference in conditional entropies between content words and
function words?

4.2 Conditional entropy

Conditional entropy (CE) measures the entropy, or uncertainty in a random vari-
able when another is known. In the case we have in mind, an interlocutor hears
a phoneme in a non-native language and attempts to map it to a phoneme in his
own. The conditioning variable is the phoneme heard in the non-native language,
and the conditioned variable is the phoneme to be identified.

Conditional entropy is calculated with the following formula:

(4.1) H(XjY ) = � Xx2X;y2Y p(x; y) log2 p(xjy)
As the formula clarifies, CE is always calculated on the basisof the conditional
probability of one variable given another.H(XjY ) is the uncertainty inX given knowledge ofY , i.e. how much entropy
remains inX if the value of the variableY is known. We use CE to measure
the uncertainty, and therefore difficulty of predicting a unit in the native language
given a corresponding unit in the non-native language.

We note that CE is asymmetric, i.e. it does not hold in generalthatH(XjY ) =H(Y jX). This means that it will not run into the same conceptual difficulties as
the distances used by Gooskens (2006).

4.2.1 Plausibility

As a simplest illustration of how conditional entropy can beused for linguistic
units, consider the following. Written Danish words have only one vowel in their
grammatical endings, the lettere, while Swedish usese, a ando. This means that a
Swedish speaker that encounters the Danish lettere has three options when trying
to find the equivalent Swedish phoneme. Idealizing now to thesituation where
this were the only use of the sounds in question, we can see that a Danish speaker,
upon encountering Swedishe, a or o, can know that the proper correspondence is
e. The entropy is therefore higher for Swedish given Danish inthis example, and
the relationship is asymmetric.
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Table 4.1: Corpus of Two Phonetically Transcribed Word Pairs

Danish Swedish
j A i j A: g

l A N P l O N #

4.2.2 Example: CE for 2 Danish-Swedish Word Pairs

If the imaginary example of the perfect three-way split in the mapping serves to
motivate the idea of using the complexity of the mapping as a model for intelligi-
bility, it suffers from being too simple and from not taking frequency into account.
It is too simple in that it is seldom, if ever, the case that onesound is mapping into
three (orn 6= 0) others, each of which participates in no other mapping. Andthe
measure of complexity intuitively ought to involve frequency—we can also under-
stand more easily if we have a reasonable “guess” about the correspondence, and
that guess may be well informed by frequency.

We shore up this intuition using a slightly larger example, with sound segments
from two aligned word pairs to calculate the aggregate conditional entropy.

Table 4.1 shows a made-up corpus containing two word pairs with a total of
13 occurrences of sound segments. The sound segments are aligned, mimicking
the way a non-native interlocutor might attempt to map a foreign word to one in
his own language: /j/ with /j/, /A/ with /A:/, /i/ with /g/ and so forth. In the last
word pair, Danish glottal stop is aligned with a filler symbol. The frequencies are
used to estimate the probabilities needed to calculate conditional entropy (4.1),
includingP (d), the chance of segmentd occurring in Danish;P (s), the chance ofs in Swedish;P (djs), the chance ofd in alignment, givens; P (sjd), the converse;
andP (d; s), the chance ofd ands occurring jointly (in alignment).P (d; s) is used
to weight the importance of the conditional probabilitiesP (djs) andP (sjd) in the
CE formula (4.1).

We illustrate how the conditional entropies would be calculated on the basis of
a corpus using the data of Table 4.1 by keeping track of the alignments, including
the partial alignments. We thus first align all of the data, obtaining the alignments
shown in Table 4.2, which we now discuss.

In the second cell alignment in Table 4.2, Swedish /A:/ is matched with
Danish /A/. Swedish /A:/ occurs only once, so thatP (ADjA:S) is therefore1.
Since� log 1 = 0, this contributes nothing to entropy. In the other direction,P (A:S jAD) = 0:5: Danish /A/ corresponds to Swedish /A:/ in the second word pair
and to Swedish /O/ in the second word pair (cell 5). This type of correspondence
is the cause of asymmetry in the phoneme mapping complexity:the uncertainty
is higher for Swedish speakers because they have more sound segments to choose
from than Danish speakers.

All the Swedish segments map uniquely to Danish counterparts so that8s 2
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Table 4.2: Seven Illustrative Segment Alignments and Corresponding Frequencies. From
aligned data (as shown), we extract the relative frequencies of the correspondences. The
1:1 frequencies indicate perfect correspondences, therefore conditional probabilities of1,
which correspond to zero contributions to entropy (� log2 1 = 0). Note that all of the
relative frequencies marked with ‘S’ are perfect (1:1), so thatH(DanishjSwedish) = 0,
reflecting the perfect predictability of the Swedish! Danish mapping. ‘D(1:2)’ in the top
row center (cell 2) indicates e.g. that, Danish /A/ is realized in the way indicated in the cell
(A:) once out of a total of two occurrences (the other is in the bottom row, second position,
cell 5). The boldfaced asymmetric alignment frequencies (in cells 2 and 5) contribute to the
entropy difference,H(DjS) = 0:0 < H(SjD) = 0:28 (in this example set).

Language 1 2 3
D! j A i
S! j A: g

S(1:1), D(1:1) S(1:1),D(1:2) S(1:1), D(1:1)
4 5 6

D! l A N P
S! l O N #

S(1:1), D(1:1) S(1:1),D(1:2) S(1:1), D(1:1) S(1:1), D(1:1)

Sp(djs) = 1;� log2 p(djs) = 0, and the total entropy is zero, corresponding to
the perfectly certain mapping. Similarly, five Danish segments map uniquely to
Swedish segments, likewise contributing zero to entropy. But one Danish seg-
ment /A/ is mapping50% of the time to Swedish /A:/ and 50% of the time to
Swedish /O/. We therefore estimate thatp(A:jA) = p(OjA) = 0:5, and therefore that� log2 p(A:jA) = � log2 p(OjA) = 1, and we usep(A:,A) = p(O,A) = 1=7 � 0:14 to
weight these contributions to entropy, obtainingH(SwedishjDanish) = 2�0:14 =0:28.

Based on the mini-corpus in Table 4.2H(SjD) > H(DjS) because of the
larger number of less certain mappings (in this case the second and fifth elements
of the alignments, just discussed). We hypothesize that this is true in general, and
that it contributes to the lesser intelligibility of Danishfor Swedes.

We turned out to need about 800 words to obtain stable estimations of phoneme
mapping entropies, but smaller samples consistently gave good estimations of the
relative difference betweenH(Lg1jLg2) andH(Lg2jLg1). See Fig. 4.2.

4.3 Material

In order to conduct the entropy measurements, a database containing word lists
from the three Scandinavian languages was constructed. Thedatabase also con-
tained the same lists in Dutch, Low German, High German and Frisian since we
plan to extent our research to these languages as well. The database contains the
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Figure 4.2: Entropy in relation to word list size

most frequent words from two corpora, Corpus Gesproken Nederlands, CGN, and
Europarl1.

CGN is a Dutch corpus of contemporary Dutch as spoken by adults in Flanders
and the Netherlands that was collected between 1998 and 2004. This part of the
CGN contains a total of 2,626,172 tokens. From this corpus weextracted the 1,500
most frequent words from the category that contained informal speech (the Face-
To-Face dialogues).

Europarl is a speech corpus that consists of extracts from meetings held within
the European Parliament. They are characterized by monologues by different
speakers, including the chairman of the meeting. Europarl is translated into
eleven European languages. Our motivation for choosing to extract the Dutch and
Swedish version was twofold: firstly, these two languages represent the two Ger-
manic branches of the language tree, West Germanic and NorthGermanic, that the
database was intended to reflect. Secondly, the two languages were part-of-speech
tagged, in contrast to for example Danish. We selected the 1,500 most frequent
Dutch words from the Europarl, from a total of 889,836 tokens, and the 1500 most
frequent Swedish words, from a total of 1,032,144 words. Next the Dutch and the
Swedish lists were matched to find the 1,500 most frequent words that are common
in the two lists.

The CGN list and the Europarl list were joined, and doublets were removed.
The database was later supplemented with function words collected from grammar
books. The goal was to make the collection of function words as comprehensive

1http://lands.let.kun.nl/cgn/home.htm and http://www.statmt.org/
europarl , both accessed Dec 14, 2006.
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as possible. Proper nouns and interjections were removed.
We based the word lists on formal as well as informal speech inorder to check

for differences regarding the number of loan words for thesetwo categories. Re-
call that we expect words of common Northern Germanic originto have been in
the individual languages longest, followed by the words borrowed from German,
followed by late borrowings from Latin, Greek and French. Recall, too, that the
oldest words have the most time to undergo language-specificchanges, meaning
that they will be less parallel, and contribute therefore more to conditional en-
tropies. In order to be able to investigate this hypothesis we had to ensure that a
sufficient number of native words and loan words from different languages were
present in our word lists. Europarl contains many words fromthe domains of pol-
itics and economy. These words are often borrowed from French, Latin or Greek
(Gooskens et al. submitted, 2007). CGN’s informal speech iscollected from ev-
eryday speech situations where we expect more native words.

The material was translated so that we got word lists of the same words in the
seven Germanic languages. All words were transcribed according to standardized
speech as in pronunciation dictionaries, but we made no effort to verify that the
standard pronunciation was in fact used in the utterances. We also looked up all
the words in etymological dictionaries in order to establish from which language
the loan words have been borrowed. The final version of the database contains the
following information per word and language:� The corpus from which the word was collected� Word class� Function word/content word� The origin of the word (loan word or native word)� If the word is a loan word, the language from which the word hasbeen

borrowed� The lexical representation of the word� The phonetic representation of the word� Cognate/non-cognate2 (if a word from one language is a cognate with a word
from another language, these words are effectively coindexed at this feature
in the database)

On the basis of this information we divided the database intoa number of
categories, facilitating the calculation of conditional entropies for given sub-
vocabularies of language pairs. These categories, and their sizes in each of the
three languages, are shown in Figure 4.3. The grammatical division into function

2The termCOGNATE is usually reserved for (native) words from different languages that have de-
scended from a common ancestor. We use an extended sense of this term to include as well words in
different languages that have a common source via borrowing.
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words/content words was only done for the native words sincealmost all function
words are found in that category.

Figure 4.3: Number of Word Pairs for each of the 8 Categories.

4.4 Results

In this section we present the conditional entropies for each of the language pairs
measured in both directions and compare them to the mean results of intelligibil-
ity tests presented in Figure 4.1. We look at entropies basedon the entire word
lists as well as subgroups containing different sub-vocabularies (see Section 4.3).
To repeat, a low conditional entropy valueH(NativejForeign) means that map-
ping from the foreign language to a given native language is relatively simple:
correspondences are regular and frequent. Therefore a low conditional entropy is
hypothesized to correspond to high intelligibility. On theother hand, a high en-
tropy value means a high level of uncertainty for the listener and a low level of
intelligibility.

4.4.1 Danish/Swedish

Since the results of intelligibility tests show that Danes understand Swedes better
than vice versa (see Figure 4.1), we expectH(DjS) < H(SjD), i.e. it is less
complex to map from Swedish to Danish than it is to map from Danish to Swedish.

Figure 4.4 shows the entropy per category and the divergencefrom symmetry.
The X axis shows the entropy for Danish given Swedish, i.e. the difficulty for a
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Swede to predict the Swedish equivalent of a given Danish sound segment. The
Y axis shows the entropy for Swedish given Danish. The diagonal represents the
completely symmetric situation, where the entropy is the same in both directions.
Symbols above the line are categories which have a higher entropy for Swedish
given Danish (more difficult for a Swede) while symbols underthe line have a
higher entropy for Danish given Swedish (more difficult for aDane).
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Figure 4.4: Conditional Entropy between Swedish and Danish, noting Asymmetry.

The first conclusion one can draw from these results is that there really is a
difference in entropy between Swedish and Danish dependingon the direction.
For all categories of words, except for Latin/Greek/Frenchcognates, the entropies
are higher for Swedes listening to Danes than the other way round. This is what
we would expect from the intelligibility tests (Figure 4.1).

As expected, the category consisting of all words has the highest entropy. This
can be explained by the fact that this category is the biggest(see Fig. 4.2), and
that it contains cognates as well as non-cognates that have no regular sound corre-
spondences. But the group containing only cognates also hashigh entropy. This
could be expected because it contains words of different origin, native as well as
loan words, with different sound correspondences. However, when comparing na-
tive cognates to cognate loan words, we see that the native words have a higher
entropy. These words have had more time to diverge than the loan words and this
results in less regular sound correspondences. We see that category containing
Latin/Greek/French loan words indeed have lower entropiesthan the German loan
words. This confirms our expectation (see Section 4.1) that the correspondences
for these words are more regular due to their later time of borrowing and low level
of integration into the languages. Assuming that the words had more or less the
same appearance in Danish and Swedish at the time of the borrowing, they have
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had little time to diverge along with the respective pronunciation schemas in these
countries, which in turn means more regular correspondenceand lower entropy.

Contrary to our expectations, the function words have lowerentropies than
content words. It is possible that this can be explained by the fact that this group
consists of so few words in comparison with the other groups (see Fig. 4.2).

4.4.2 Norwegian/Swedish

Figure 4.5 shows the entropy and asymmetry for the Norwegian/Swedish language
pair. From the results in Figure 4.1 we expect lower overall entropies than for
Swedish/Danish and we also expect the entropies to be higherfor Swedish listeners
than for Norwegian listeners. Both expectations are fulfilled. The Swedish/Danish
entropies for the entire sample ranged between 1.94 (non-Germanic borrowings)
to 2.87 (overall) bits while the corresponding Swedish/Norwegian entropies are
lower, between 0.87 (non-Germanic borrowings) and 2.28 (overall). In each cate-
gory of word tested, we found higher entropies and thereforemore complex map-
pings in the Swedish/Danish case than in Swedish/Norwegian. Turning to the
second expectation, it also turns out that the Swedish to Norwegian mapping is
simpler than the reverse, not only overall, but also in all subcategories of words
we examined (with the single exception of the category of non-Germanic loan
words, where the Norwegian to Swedish mapping was slightly simpler (0.05 bits)).
Among Scandinavian cognates, German borrowings, functionwords and content
words we find lower entropies for the Swedish to Norwegian mapping.
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Figure 4.5: Conditional Entropy between Norwegian and Swedish
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4.4.3 Danish/Norwegian

Figure 4.6 shows the entropy and asymmetry for the Danish/Norwegian language
pair. The overall entropies are higher than for Swedish/Danish but lower than
for Swedish/Norwegian. This corresponds with the results of the intelligibility
experiments in Figure 4.1. The range between the different categories is not very
large (values between 1.90 and 2.46). This can probably be explained by the fact
that Danish and Norwegian have a long common history and the east Norwegian
variety which represents standard Norwegian in the phonetic transcriptions has had
particularly strong influence from Danish until a hundred years ago. This means
that the languages were still one language when the loan words were introduced
into the languages. This goes for Latin/Greek/French as well as for German loan
words and therefore the entropies of these two categories are almost the same.
Also the entropies of the cognate native words and the loan words are rather close.
Almost all categories are close to the symmetry line. This seems to suggest that
the asymmetric mutual intelligibility found in Figure 4.1 can only to a small extent
be explained by differences in entropy. We will return to this in Section 4.5.
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Figure 4.6: Conditional Entropy between Danish and Norwegian

4.5 Conclusions and discussion

The purpose of the present investigation was to explore conditional entropy as a
linguistic measure for modeling the mutual intelligibility between closely related
languages. Such a measure should also be able to model asymmetric intelligibility
between for example Swedish and Danish. In Figure 4.7 we present a scatterplot
which shows the relation between scores on intelligibilitytests as found in the lit-
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erature about semicommunication in Scandinavia (see Figure 4.1) and conditional
entropies based on all words, cognates and non-cognates (circles) and on cognates
only (triangular shapes). This figure clearly suggests thatconditional entropies
correspond well with the results of intelligibility tests.The relationship is clearest
when all words are included. When the listeners were tested in the intelligibil-
ity tests they were also confronted with all words. The measurements based on
cognates express pure phonetic measures of difference. Here the relationship with
intelligibility scores is less clear, especially due to thefact that the two Norwegian-
Danish intelligibility measures are higher than could be expected from the phonetic
distances (Fig. 4.7). This might be explained by the small number of non-cognates
between Danish and Norwegian (recall Figure 4.3).

Figure 4.7: Entropy in Relation to Intelligibility

An important motivation for using conditional entropy as a measure of remote-
ness was that this measure is able to model asymmetric intelligibility. Asymmetric
intelligibility is found between all Scandinavian language pairs (see Figure 4.1).
This asymmetry was clearly reflected in the conditional entropies of Swedish-
Danish (see Figure 4.4) and Swedish-Norwegian (Figure 4.5), but only to a small
degree for Danish-Norwegian (Fig. 4.6). As mentioned in Section 4.1, the fact that
Norwegians are better at understanding the neighboring languages than Danes and
Swedes is mostly explained by the special Norwegian language situation that trains
the Norwegians to understand different language varieties. The asymmetric intel-
ligibility is larger for Swedish-Norwegian than for Danish-Norwegian. So maybe
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for Swedish-Norwegian, the asymmetry is caused by a combination of language
experience and linguistic factors while for Danish-Norwegian linguistic factors
play only a minor role.

For all language pairs we found lower entropies for loan words than for native
words. We explained this by the fact that loan words have had less time to diverge
than native words which has resulted in more regular sound correspondences in
the loan words. This explanation is supported by the fact that German loan words
have higher entropies than the more recently borrowed Latin/Greek/French loan
words. The fact that loan words have lower entropies than native words seem to
suggest that a large number of loan words may benefit the intelligibility between
the Scandinavian languages. This is an interesting prospect. The worry of linguis-
tic deterioration as a consequence of too many loan words might be toned down
if it turns out that loan words favor mutual intelligibility. The idea of having a
common Scandinavian policy for acceptance of loan words could also find support
in this result.

In future research we will refine the entropy model in severalways. More so-
phisticated measures will be developed that are able to express the fact that for
example consonants are more important for decoding cognates than vowels and
that not all phonotactic positions are of equal importance for understanding. The
onset is clearly the most important position at least withinthe Germanic language
family. We will also experiment with measurements based on bigrams or trigrams.
Mutual intelligibility in Scandinavia is well documented so that the Scandinavian
languages formed a good point of departure for our measurement. Our corpus
contains more Germanic languages and we will apply our measurement to these
languages as well. On this note, we have recently begun a collaboration with col-
leagues in Nijmegen and Leuven on comprehensibility among various Dutch vari-
eties in the Netherlands and Flanders. Furthermore, we willcollect material from
other languages pairs which are known to have asymmetric mutual intelligibility,
for example Spanish-Portuguese. At present we conclude only that there seems to
be a relationship between entropy and the intelligibility experiments reported in
the literature. To be more certain we need to conduct intelligibility experiments
testing the hypotheses under controlled circumstances.
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Which New York, which
Monday?

The role of background knowledge and intended audience in
automatic disambiguation of spatiotemporal expressions

Ineke Schuurman
Katholieke Universiteit Leuven

Abstract

The aim of MiniSTEx, a system for automatic spatiotemporal annotation, is to locate even-
tualities on a time-axis and to disambiguate geospatial information in such a way that
geospatial entities can be located on a map. Therefore all kinds of spatiotemporal (geospa-
tial, temporal and geotemporal) expressions are disambiguated. In doing so, the concepts of
“background knowledge” and “intended audience”, togetherwith the Gricean maxims, play
an important role, especially when dealing with indexicals. The system relies on a database
containing all kinds of spatiotemporal expressions. At themoment MiniSTEx is used for
both Dutch and English texts.

5.1 Introduction

MiniSTEx is a first version of a larger annotation system for spatiotemporal phe-
nomena under construction.1 It has to handle all types of Dutch texts (both fiction

1I would like to thank my colleagues, and especially Vincent Vandeghinste, for all discussions.

Proceedings of the 17th Meeting of Computational Linguistics in the Netherlands
Edited by: Peter Dirix, Ineke Schuurman, Vincent Vandeghinste, and Frank Van Eynde.
Copyright c2007 by the individual authors.

67



68 Ineke Schuurman

and non-fiction, i.e. novels, newspapers, web pages, pamphlets, etc.). The general
spatial part of the system still needs to be developed in moredetail in the future.
The geospatial part, however, is already handled. The same holds for the temporal
and geotemporal parts.

The aim of this annotation scheme is to identify spatiotemporal expressions,
and to normalize and disambiguate them in order to facilitate reasoning. The ap-
proach is meant to be used in applications like (multi-lingual) information retrieval,
question answering, and multidocument summarization.

MiniSTEx reflects the state of the art in geospatial and temporal annotation.
With respect to the latter, TimeML (Sauri et al. 2006) and TIDES (Ferro et
al. 2005) come to mind. Geospatial annotation as such is far less widespread
and standardized. However, the subtask of disambiguation is also a subject in
geographic information extraction. Some approaches in this field can be found in
Ding et al. (2000), Leidner (2006), and Volz et al. (2007).2

Typical for MiniSTEx is that it handles a) both geospatial and temporal
expressions, and b) also geotemporal expressions, i.e. expressions associated with
a combination of geospatial and temporal properties. The system was designed
to be used in circumstances in which the background of the texts is known, i.e.
not in the first place for web pages and the like. In the annotation process a large
spatiotemporal database plays a central role.
And pragmatics, especially when using both the background of a text and its
intended audience, plays an important role in deciding which database entry is
to be associated with a particular spatiotemporal expression in a text when the
tokens as such can refer to several concepts: “which New York, which Monday?”

In the STEVIN-project3 SONAR (2007-2010) a syntactically analyzed subcor-
pus4 of Dutch is being enriched with four types of semantic annotation: a) named
entity identification and classification, b) coreference resolution, c) semantic roles
and d) spatiotemporal relations (the latter using MiniSTEx). Within SONAR at
least part of the expressions to be identified and disambiguated (the so-called
timexes) by MiniSTEx are already marked as such.
MiniSTEx is also used in the SBO-project AMASS++ (Advanced Multimedia
Alignment and Structured Summarization), funded by IWT. InAMASS++ (2007-
2011) we use it both for Dutch and English.
In this paper we will pay special attention to the strategy used to select referents
for contextually dependent, non-deictic expressions.

2Note that we annotate more phenomena than covered in these papers, cf. Schuurman (2007).
3http://stevin-tst.org .
4SONAR is a 500-million-word reference corpus of contemporary written Dutch. A 1 million subcor-
pus will be semantically annotated.
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5.2 Which New York, which Monday?

There are over 50 Mondays in a year, and, according to Wikipedia5 (English ver-
sion, March 2007), 8 geospatial entities called New York, cf. table 5.1.

Table 5.1: Which New York?

New York U.S. state (population
New York city in the above state
New York county, generally referred to as Manhattan
New York metropolitan area
New York Lincolnshire
New York Tyne and Wear
New York Missouri
New York Texas

Even as a geospatial expressionNew York6 is ambiguous. Even more ambigu-
ous than shown in table 5.1: in GeoNet Names Server7 (a gazetteer) there are
already 12 hits outside the US. And in the Getty Thesaurus of Geographic Names8

15 instances inside the US are mentioned. In our database-driven approach this
means that an expression likeNew Yorkmight get several entries in the spatiotem-
poral database (up to 27+).

So which one to choose when annotating a particular text?
One of the basic assumptions of MiniSTEx is that in order to facilitate reason-

ing quantification of information is essential. Therefore,in contrast with common
practice, cf. Sauri et al. (2006), expressions likewinter are also normalized in
terms of the months people associate withwinter, for exampledecember, january
andfebruary: “XXXX-12/02” 9 (instead of “XXXX-WI”).10

Note that in Schuurman (2007) some spatiotemporal expressions may have
various, in se correct values, depending for example on the hemisphere (winter),
or on religion and/or tradition (Christmas). Others are often used in a sloppy
way, like winter, weekor Christmas11. Reliability features (noise andsoft )
are added to indicate such behaviour, cf. Schuurman and Monachesi (2006), and
especially Schuurman (2007), when it is not clear enough which referent is meant.

People do succeed in detecting the correct referent from context. MiniSTEx
is able to do so as well, i.e. to identify spatiotemporal expressions, and to disam-
biguate them.

Before we describe the MiniSTEx approach, let us have a look at the kind of
spatiotemporal data we typically are confronted with when annotating (or reading)

5http://en.wikipedia.org .
6There are also lots and lots of hotels, ships, songs, albums,etc with this name. Within the Stevin-
programme named entitiy recognition is to filter out these.
7http://earth-info.nga.mil/gns/html/index.html .
8http://www.getty.edu/research/conducting_research/v ocabularies/tgn/ .
9In combination with a ’reliability’ feature when necessary, cf. Schuurman (2007).

10In which ‘WI’ is an abbreviation ofwinter.
11For example: when you are going somewhere for Christmas, is it just the 25th of December, or does
it include the 26th as well?
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a text in order to detect anchors enabling the location of eventualities (events,
states, processes) on a time-axis and/or on a virtual map.

5.3 Types of times and places in need of disambiguation

Whereas the expressions in section 5.3.1 contain all information needed to inter-
pret them themselves, this is not the case for those in section 5.3.2.

5.3.1 Independent temporal, resp. geospatial expressions

Examples of independent temporal, resp. geospatial expressions are expressions
like those in a)March 1st, 2003; Washington D.C.; the Netherlandsand b)the first
Tuesday in May 2000, the capital of Sweden.
Of the expressions mentioned only those in a) are really easyto describe formally.
They (or their constituting elements, as forMarch 1st, 2003) are contained as such
in the database, cf. table 5.5.12

In expressions likethe first Tuesday in May 2000or the capital of Sweden13

the constituting elements need to be solved before a specificdate or town can be
associated with them. Forthe first Tuesday in May 2000, etc. this means that the
constituting elements are contained in the database as forms, to be combined and
solved when applied: “2000-05-02”.
The common characteristic of all these expressions is that there is just one possi-
ble solution, even when part of the construction can refer toseveral temporal or
geospatial entities.

5.3.2 Indexicals

Indexicals are context dependent expressions, usually deictic ones, liketoday, this
week, now; here, in this country.
But note that also the meaning ofMarch 1st, Monday, Easter 2003, winter 2002
and New York, Dallasand Washingtondepends on the broader context or even
other information coming with the text under consideration(metadata). In the first
two expressions the year is lacking,Eastercomes on another date in the orthodox
church,winter depends on the hemisphere,New Yorkcan be the city or the state,
etc.

Such indexicals need to be solved, taking the context into consideration. This
not only is necessary for deictic expressions, but is also explicitly necessary for
non-deictic expressions likeMondayor New York: which Monday, which New
York?

It are expressions like these non-deictic ones that are the subject of this paper.

12The database as presented here is a simplified one.
13In order to solve this construction, we need an additional (optional) feature in thegeo -tag ofStock-
holm, expressing that it is a capital.
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5.4 Indexicals and the interpretation thereof

The problem of how to annotateMonday, New York, and the like mainly concerns
the interpretation of both temporal and geospatial indexicals, cf. section 5.3.2.

Table 5.2: Which one to choose?

Groningen province or town in the Netherlands
Den Haag,’s Gravenhage several names for the same town
Vecht 2 rivers in the Netherlands
Rijn same river in several countries
Luxemburg country, town in that country, or province in Belgium
Haren 2 villages in the Netherlands, one in Belgium
Kerst (Christmas) on different dates depending on religion
vaderdag (father’s day) many dates possible, depending on country/region
winter different months, depending on hemisphere;

different dates (meteorological vs astronomical winter)
Koninginnedag April 30 since 1949; August 31st from 1890 till 1949
november revolutie same as October revolution
(November revolution)

namiddag (afternoon) different periods of time in the Netherlands and Belgium
Rio de Janeiro town, region or Earth Summit14

A look at table 5.2 shows us that there is a variety of cases to disambiguate.
The examples all show different instances of what in (geographical) information
extraction is called15

1. multi-referent ambiguity(or homonymy): two or more concepts share the
same name (Groningen, Haren, hofstad, vaderdag, winter)

2. name-variant ambiguity(or synonymy): the same concept comes with sev-
eral names (Den Haag – ’s Gravenhage, november revolution – october rev-
olution16)

Whereas we are not aware of attempts to solve problems like these as far as
temporal concepts are concerned, there are a few attempts with respect to geospa-
tial concepts in the field of information extraction, cf. section 5.1.

5.4.1 Other (geospatial) approaches

In Volz et al. (2007) a novel approach is presented to disambiguate geographic
names based on an ontology. Their ontology contains data from publicly available

14This is an example of a geotemporal expression. Whereas geospatial expressions are in fact a subset
of spatial expressions, geotemporal expressions are expressions associated with both temporal and
geospatial properties. These are typically expressions concerning larger events like (fall of the Berlin
wall, Earth Summit, 9/11, . . .), the temporal and/or geotemporal details of some of these may even be
considered common knowledge (World War II). Albeit sometimes there is some uncertainty whether
it started in 1939 or 1940, or about the exact end date, the intended audience knows where to situate
World War II on a time axis.

15We will bypass the third ambiguity: geoname (short for geographical name) – non-geoname.
16Depending on the calendar used.
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gazetteers (like GeoNet Names Server) and common world/linguistic knowledge
obtained from WordNet17 and EuroWordnet.18 When they have spotted all can-
didates for geonames, they first try to narrow down the selection by looking in a
window of 2 consecutive geographical terms whether there are clues to be found
(like Paris, Francevs. Paris, Texas), in a second step a window of 11 consecutive
terms (ti(+j-)5) is taken into consideration to find instances of the samegeographic
feature class (likecountry, populated place).
The remaining candidates are ranked according to the weights attached to the con-
cepts in the ontology. A country gets the weight +3000, a populated place the
same weight (+3000), but in this case the number of inhabitants (divided by 1000)
is added. This would mean that, when no further information is availble via the
first steps, the city of Luxemburg will be ranked higer than the country with the
same name, and that Lancaster (California) will be ranked higer than Lancaster
(UK).

Ding et al. (2000) are closest to our approach in that they tryto determine
the intended audience of a webpage, i.e. its geographical scope. They use two
methods to determine this scope: 1) look what the geographiclocation is of hosts
referring to the website under consideration, and 2) look what the scope is of all
geographical places mentioned in this website. This will give a clue where the
intended audience is located.

5.4.2 The pragmatic MiniSTEx approach

In order to develop a system dealing with disambiguation of temporal and geospa-
tial data we asked ourselves “What makes a reader understandthe geospatial and
temporal data contained in a specific text?” as such characteristics may be useful
for our design as well.

The vital property of a text seems having an intended audience: a medical text
written for British GPs is likely not to be fully understandable for either aerospace
engineers, teachers or linguists. Nor for Belgian GPs. And atext written for people
living in Amsterdam, be it a newspaper or a bulletin by the city council, may not be
understandable for people living in Brussels or Rotterdam when refering to local
information.

This is the case because every speaker (author) will apply conversational max-
ims as formulated by Grice (1975), often paraphrased as “Don’t say too much and
don’t say too little.”, cf. Dale and Reiter (1996), without as much as thinking.
These maxims are

1. Maxim of Quantity:

(a) Make your contribution as informative as required;

(b) Do not make your contribution more informative than is required.

2. Maxim of Relation (or Relevance):

17http://wordnet.princeton.edu/w3wn.html .
18http://www.illc.uva.nl/EuroWordNet/ .
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(a) Be relevant.

3. Maxim of Manner:

(a) Be perspicious:

i. avoid obscurity of expression,
ii. avoid ambiguity,
iii. avoid unnecessary wordiness,
iv. be orderly.

4. Maxim of Quality:

(a) Do not say what you believe to be false;

(b) Do not say that for which you lack evidence.

In MiniSTEx, we assume that a text always provides the (intended) reader with
all information necessary to understand this text. If not, i.e. when a human reader
belonging to the intended audience fails to understand a text, a system can neither
be blamed for failing. MiniSTEx handles texts by using the background and world
knowledge the intended audience is supposed to have.
Therefore problems we are faced with are:

(A) Determination of the intended audience of a text

(B) Determination of the corresponding spatiotemporal background knowledge

(C) Exploitation of this background knowledge

5.5 Determination of intended audience and spatiotemporalbackground
knowledge

As far as problem (A) is concerned, note that our approach is not designed
to primarily deal wit web pages, but rather with digital archives (broadcasting
companies, news agencies), corpora and the like. Of the latter kind of resources
the background is more often known. This is very important asit helps us a
lot in determining both (A) the intended audience and (B) thespatiotemporal
background knowledge this audience may be supposed to possess. So, unlike
Ding et al. (2000) working with web pages in English, we do notsolely rely on
the distribution of web links in determining the intended audience. A first clue is
provided by the language used: a text written in Dutch is in all probability meant
for Dutch and/or Flemish readers, a text in Hebrew for Israelis or Jews around the
world. For texts in English, the intended audience is more difficult to discover as
these are either meant for a British (or an American, Australian, Canadian,. . . )
audience, i.e. the text has a national scope, or for “the restof the world” (global
scope). But, especially for the smaller languages, data with respect to the intended
audience can thus be derived even when details with respect to the source of the
text are unknown. However, for known resources many more details are available,
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making use of the spatiotemporal data associated with the title (like De Morgen,
Daily Telegraph, Boston Globe, www.vlaanderen.beetc)., cf. table 5.3.19

Table 5.3: Background-doc

concept dbid status geo trad cal lang scope
De Morgen 220000 newspaper Brussel Dutch national
De Telegraaf 220003 newspaper Amsterdam national
Ref. Dagblad 220009 newspaper Apeldoorn orth-ref
Vl.overheid 230000 web Brussel Dutch regional
Vl.overheid 230000 web Brussel English global

Other information relevant for determining the intended audience aretradition
(Christian, Islamic, Jewish, Eastern Orthodox, . . . ), andcalendar: (Gregorian,
Hebrew, Hindu, . . . ). Nowadays the Gregorian calendar is widely used in Israel,
but the Hebrew calendar can also still be used (and is in fact used in a religious or
cultural context). And the November Revolution in Russia (1917-11-07 according
to the Julian Calendar used in Russia at that moment) is knownin the western
world as the October Revolution (Gregorian calendar: 1917-10-25). The intended
audience of a Jewish newspaper or an older Russian text is supposed to be familiar
with such traditions and calendars.

Table 5.4: Background-geo

concept dbid status trad cal hem UTC20 lang partof division
Spanje 109 cntry chr Greg north +1 ES EU 2=region,

3=province
Nederland 146 cntry chr Greg north +1 DU EU 2=–,

3=province
België 137 cntry chr Greg north +1 DU, EU 2=region,

FR, 3=province
GE

VS 199 cntry chr Greg north -(5/10) EN, NA 2=state,
ES 3=county

Vlaanderen 102 region DU BE

The MiniSTEx database consists of more tables than presented in this section,
cf. the tables in section 5.5.1. Those tables provide the data to connect the con-
cepts in these background tables: in table 5.3 the geo-column refers to geospatial
entities. Via table 5.5 these entities can be linked with entities in table 5.4. This
table defines the spatiotemporal backgroundknowledge associated with a geospa-
tial entity, unless it is superseded by information in table5.3 itself. These columns
in table 5.3 are only filled out in case they contain information that is to over-
rule the general information. So,Reformatorisch Dagbladis said to belong to the

19For convenience of the reader most tables as they are presented here contain the concepts. This is only
for matter of presentation. In reality the only column all tables contain is the one with thedbid . The
real tables also contain more columns, i.e. more types of data. And there are more tables.

20Coordinated Universal Time.
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orthodox-reformatoric tradition instead of the more general christian tradition. For
De MorgenandDe Telegraafthe values forgeo and trad are those ofBrussel
andAmsterdamrespectively. ForDe Telegraaflang is also that ofAmsterdam,
whereas forDe Morgenthe values forBrusselare overruled by the statement that
only Dutch is used.

In MiniSTEx the spatiotemporal background knowledge the intended audience
is supposed to have is contained in a series of tables.

5.5.1 The design of the MiniSTEx spatiotemporal database

As might be expected from the previous sections, the MiniSTEx database is meant
to mimick the spatiotemporal knowledge of an intended audience. It is not the case
that a new database is built for every new audience (one forDe Morgen, another
one for texts by theVlaamse overheid, still another one forReformatorisch Dag-
blad, etc.). This is not necessary, although parts of the database, like ranking ,
will need to be adapted for other ’supertypes’ of intended audience (other coun-
tries etc). This issue will be researched in AMASS++.
In the end the Dutch database, consisting of a series of tables. will contain lots of
temporal and (geo)spatial data with respect to the Dutch language, the Netherlands
and Belgium, but far less with respect to, say French Guyana,Peru and Macedo-
nia, the jewish calendar and the orthodox culture. Of these it will contain only
those data relevant for a Flemish/Dutch audience. It may, for example, only con-
tain two instantiations of New York (the state and the metropole).21 This makes
our approach a pragmatic one.

The central table in our database, cf. table 5.5, contains the concepts, their
dbid and thetag associated with them, together with theirbackground , rank
andparts .
The background of a concept refers to specific conditions associated with it.
Thanksgivingis celebrated both in the USA and in Canada, but on different dates.
Apart from such geospatial conditions, references may be made totradition ,
calendar , hemisphere , language (this one albeit rather seldom), . . .22 It
might come as a surprise that language doesn’t play a more important role. But it
turns out that the role of the country, or the region, is by farmore important. The
case ofvaderdagis illustrative in this respect. At least three values forvaderdag
are valid in the Dutch-speaking regions, cf. table 5.5. But when an item on, say, the
Antwerp vaderdagis translated into English the term used will becomeFather’s
day, although the date it refers to is still to be the Antwerp one,not the UK one!
The geographical background is of importance, not the language used.

The ranking indicates that, whenThanksgivingis mentioned in a Dutch or
Flemish context without further details, it is likely to refer to the American in-
stantiation (see below).

As alluded to above, our database for Dutch contains many (corrected)
data relevant for the Netherlands and Belgium, based on gazetteers, Wikipedia,

21Others to be added when need arises.
22Cf. below, the paragraph on background.
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(Euro)WordNet, etc. New data are added constantly. For other countries it con-
tains only those data we consider relevant (like all continents, all countries, main
cities in the neighbouring countries, and the US, main rivers etc.), based on the
same kind of resources, plus some others, like The World Factbook23. More will
be added when necessary on basis of the texts handled by the system. Therefore it
is likely that forNew York, cf. table 5.1, only the top two will ever be contained in
it.24 This means that names that in se could be ambiguous accordingto a gazetteer
or Wikipedia can be unambiguous in our (Dutch) database.

A second table, cf. table 5.6, contains the name variants of the concepts con-
tained in table 5.5, like synonyms. But still only in Dutch. Here again we use
ranking to indicate the most likely referent(s).

There also is a, rather small, table with language-sensitive concepts, cf. table
5.7. Above we have explained that in general all and every of the background fac-
tors is of greater importance than the language32. There are just a few exceptions,
in which a language only allows one value to be associated with a concept, while
in other languages these concepts are associated with othervalues. An example
that comes to mind isavond – eveningvsnacht – night.

Table 5.7: Language-sensitive concepts

concept dbid language tag
avond (evening) 1302 Dutch <temp type=”cal” val=”T18/24”>
nacht (night) 1303 Dutch <temp type=”cal” val=”T22/06”>
evening 1308 English <temp type=”cal” val=”T18/21”>
night 1309 English <temp type=”cal” val=”T21/06”>

Although the values given for many concepts may vary to some extent from
person to person, from region to region, or from season to season, the ranges are
relatively small, i.e. it is a matter ofnoise , not from a completely different value
for a different, albeit related, concept. But in case ofavond – eveningvs nacht
– night the Dutch and British concepts are different ones (reflectedby thedbid
they get).

The first step in selecting referents is to determine all non-ambiguous expres-
sions. On basis of these the value of the remaining expressions is calculated in
the next steps, keeping in mind the background of the text, cf. tables 5.3 and 5.4,
and the type of the surrounding names: whenKerst (Christmas) appears in a text
with a background in the christian tradition, it will be solved as referring to the

23https://www.cia.gov/library/publications/the-world-factbook/geos/be.html.
24Manhattan, for example, is unlikely to be referred to asNew York, although it will be linked.
25The ’::’-sign is only used in geospatial entities. A::B indicates that B is part of A.
26‘greg’ refers to the Gregorian calendar
27‘form’ is used instead of ’val’ when variables are involved (in this case for the year, indicated by
XXXX).

28A ‘ j’ is used to indicate a non-exclusive ‘or’, the brackets indicate the scope.
29‘X..Y’ indicates one or more elements out of a range X till Y.
30‘X/Y’ means the whole range X up to and including Y
31An example of a geotemporal concept, thus including other concepts.
32Although the language is important in determining the intended audience.
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Table 5.5: Concepts

concept dbid background tag rank parts
Spanje 109 EU25 <geo type=”country”

val=”EU::Spanje”/>
Brussel 130 BE::BR <geo type=”place”

val=”EU::BE::BR::-::Brussel” />
Den Haag 135 NL::ZH <geo type=”place”

val=”EU::NL::-::ZH::Den Haag” />
Apeldoorn 145 NL::GE <geo type=”place”

val=”EU::NL::-::GE::Apeldoorn” />
Haren 142 BE::BR <geo type=”place”

val=”EU::BE::BR::-::Haren /> 2
Haren 143 NL::GR <geo type=”place”

val=”EU::NL::-::GR::Haren /> 1
Haren 144 NL::NB <geo type=”place”

val=”EU::NL::-::NB::Haren /> 3
augustus 10057 greg26 <temp type=”cal”

form=”XXXX-08” 27/>
vaderdag 1500 EU::(NLjUKjFR)28 <temp type=”cal”

form=”XXXX-06-D07,15..21”29/>
vaderdag 1501 EU::BE <temp type=”cal”

form=”XXXX-06-D07,08..14” />
vaderdag 1502 BE::AN <temp type=”cal”

form=”XXXX-03-19” />
St. Jozef 1550 chr <temp type=”cal”

form=”XXXX-03-19” />
Thanksgiving 210074 NA::VS <temp type=”cal”

form=”XXXX-11-D04,22..28” /> 1
Thanksgiving 210075 NA::CA <temp type=”cal”

form=”XXXX-10-D01,08..14” /> 2
avond 1302 DU <temp type=”clock”

form=”T18/24” />
nacht 1303 DU <temp type=”clock”

form=”T22/06” />
middag 1291 EU::NL <temp type=”clock”

val=”T12/18”30

namiddag 1292 EU::NL <temp type=”clock”
val=”T16/18”

namiddag 1293 EU::BE <temp type=”clock”
val=”T12/18”

Kerst 1310 chr <temp type=”cal”
form=”XXXX-12-25” />

Kerst 1311 orth <temp type=”cal”
form=”XXXX–01-07” />

winter 100562 north <temp type=”cal”
form=”XXXX-12/02” />

Rio de Janeiro 101 BR::RJ <geo type=”place”
val=”SA::BR::RJ::-::Rio de Janeiro” /> 1

Rio de Janeiro 141 SA::BR <geo type=”region”
val=”SA::BR::Rio de Janeiro” /> 2

UNCED31 500010 UNjconf <stex><temp type=”cal”
val=”1992-06-3/14” /></stex> 101
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Table 5.6: Name-variants of concepts

name-variant dbid concept rank
’s Gravenhage 135 Den Haag
hofstad 135 Den Haag 1
hofstad 145 Apeldoorn 2
oogstmaand 10057 augustus
Rio-conferentie 500010 UNCED
Rio 500010 UNCED
Rio de Janeiro 500010 UNCED
VN-conferentie inzake ontwikkeling en milieu 500010 UNCED
wereldmilieu- en ontwikkelingsconferentie 500010 UNCED

25th of December, unless it refers toKerst in for example Russia. Russia comes
with an orthodox background, and thereforeKerst will be solved as occuring in
January, which is to be indicated.Harenwill be associated with the village in the
Brussels Capital Region when mentioned in an item in De Morgen (unless stated
otherwise) because of its background.

5.6 The disambiguation steps

One could say that according to the Gricean maxims the intended audience of a
text, cf. problem (A), in fact determines the way the contentof a text is articulated.
It is the intended audience, together with its (spatiotemporal) background, that
makes an author mention things explicitly, or leave them out.
For example, in Belgium everybody knows that the official languages of the
country are Dutch, French and German; or that Leuven is a townin Flanders, one
of the three regions in Belgium. This is not mentioned in a text for, say, a Flemish
audience. Indeed, a text becomes almost unreadable when it contains such unnec-
essary details. But in a British newspaper, one will have to mention such Belgian
details explicitly. Another example: for a Flemish audience it is obvious that
Sinterklaas33 is celebrated on the 6th of december, whereas in the Netherlands the
5th will be associated with it. So, when in a Dutch newspaper an item would occur
on the celebration ofSinterklaasin Belgium, the date will be mentioned explicitly.
Otherwise, the intended Dutch readers will assume it is the 5th, as they are used to.

As a consequence, the intended reader by default prefers onereading over an-
other one as a consequence of his spatiotemporal backgroundknowledge, and the
expectations evoked by it. In the same way the reader expectsthe referent of a
geospatial expression to be the one that is most relevant forhim (for example the
most nearbyHarenor the most well-knownNew York), he also expects temporal
referents to be as relevant as possible. A plain reference toMondayis taken to

33The name day of Saint Nicholas, patron saint of, among others, children.
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refer to last Monday or next Monday34; a reference to Christmas to the dates he
himself is used to celebrate it. When another instantiationis desired, this should
have been made clear.

The last refuge for both human reader and MiniSTEx is ranking: when all other
steps fail one has to look at the importance of a specific referent for a intended
audience. Clues may be nearness, importance, size, . . . .
Unlike Volz et al. (2007), we do not rank towns always higher than countries,
or countries always higher than provinces, or a larger town higher than a smaller
one. Understandably, this is the only way to attach ranks automatically for all
geographic names in a gazetteer.
As we use just a selection, adding new names one by one, we can afford to attach
ranks another way.

When the intended audience of texts published in Western Europe is confronted
with a geographic nameDover, they are inclined to associate it with the town of
that name in the United Kingdom, and not with the capital of the state of Delaware,
USA, although the latter is the larger one. Also, the countryof Luxemburghas a
better ranking than its capital with the same name, and the same with respect to
the Walloon province with that name, even in a Belgian text. Arule of thumb
is that referents in neighbouring countries are preferred over referents in further
away countries. Also the relations between the countries involved may play a role
(export relations, former colonies, etc.).

The highest rank available is1, and several concepts sharing the same name
may occasionally have the same (low) rank. In such a case two or more referents
will be provided as value. The same holds mutatis mutandis for temporal referents.

In MiniSTEx, the steps taken for disambiguation are roughlythe following
(after each step elements are disambiguated (if possible),unless the results are
contradictionary, in which case the next step is applied):

1. identification of unambiguous spatiotemporal elements;

2. identification of all general spatiotemporal (broad sense) expressions (stad
(town), land (country), noordelijk halfrond(northern hemisphere),chris-
telijk (christian),burgemeester(mayor), . . . ;

3. confrontation of these with ambiguous referents, first atthe level of the con-
stituent (de stad Antwerpen) (the city of Antwerp)), later at that of the sen-
tence and the paragraph;

4. selection of readings coming with the samebackground , cf. section
5.6.2;

5. identification of thedivision value, cf. table 5.4, of the referents solved
unambiguously;

6. select the reading with the best rank.

34The choice between ’last’ or ’next’ is guided by the tense of the verb. But note that a plainMonday
never will be taken to refer to a Monday several weeks ago or inthe future. It has to belast Monday.
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5.6.1 One sense per text

When looking at a set of names (in a list, or in a window ofx terms) the types and
values of the unambiguous names will steer the interpretation of the ambiguous
ones:

(1) fAntwerpen,Leuven,Utrecht,Groningeng
(2) fAntwerpen,Vlaams-Brabant,Utrecht,Groningeng
Just by the fact thatLeuvenis a town, whereasVlaams-Brabantis a province, the
other three names in the set are towns, resp. provinces as well, although they are
not in the same country.

5.6.2 Additional world knowledge

The intended audience is expected to have some additional world knowledge.35

Not only in order to be able to handle concepts likeWorld War II when these
occur without further details, but also for disambiguationpurposes. The reader
should for example be able to deduce the correct referent forAntwerpen(town or
province) in expressions like the following:

(3) de burgemeester van Antwerpen
the mayor of Antwerp

(4) de gouverneur van Antwerpen
the governor of Antwerp

In (3) the town ofAntwerpenis meant, as a province does not have a mayor,
whereas a town does, and in (4) just the other way round.

5.7 Conclusion

For automatic spatiotemporal annotation, and especially disambiguation, of a text
it turns out to be important to know the intended audience of that specific text. One
needs to knowwhen, whereandin which context(which newspaper, website, . . . )
a text appeared. That way, the spatiotemporal knowledge a reader (and a system)
needs in order to understand the text can be derived.
Of course, one does not always have all these details. But, except for English and
other global languages (like French and Spanish), the language used already gives
a clue. Furthermore, the geographical scope as used by Ding et al. (2000) will
provide some details, also for English texts. But in case more data are available,
one should consider using them.
We just started adding data for English, as the system was originally designed for
Dutch36 only. Up till now we are using one large database for both languages.
Whether it is to be split is still researched.

35Relevant for the specific part of the world under consideration.
36Both the variants as spoken in the Netherlands and Flanders.
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In the future general spatial concepts will be added, which are more complex than
the geospatial ones.
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Discovery of association rules
between syntactic variables

Data mining the Syntactic Atlas of the Dutch Dialects

Marco Reńe Spruit
Meertens Instituut

Abstract

This research applies an association rule mining techniqueto purely syntactic dialect data.
The paper answers the research question of how relevant associations between syntactic
variables can be discovered. The method calculates the proportional overlap between geo-
graphical distributions of syntactic microvariables and incorporates rule quality factors such
as accuracy, coverage and completeness to measure the interestingness of the variable asso-
ciations. The exploratory review of the results discusses several highly ranked association
rules and also examines an implicational chain of syntacticvariables.

6.1 Introduction

This work1 investigates a data mining technique to discover associations between
syntactic variables in Dutch dialects using a rule induction system based on pro-
portional overlap. The research aims to contribute to the understanding of the as-

1The research for this paper is being carried out in the context of the NWO project The Determinants
of Dialectal Variation, number 360-70-120, P.I. J. Nerbonne. Please visit http://dialectometry.net for
more information and relevant software.
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sociations between syntactic variables by examining geographical distributions of
syntactic microvariation. The current paper addresses thefollowing two research
questions:

1. How can relevant associations between syntactic variables be discovered?

2. What are interesting associations between syntactic variables?

This research integrates expertise from the research fieldsof data mining and ecol-
ogy to answer these questions quantitatively. In essence this investigation exhaus-
tively evaluates levels of association between combinations of syntactic variables
based on the proportional overlap between their geographical distributions.

This work proceeds from the observation that linguistic research frameworks
such as generative syntax and functional typology share a primary interest in un-
derstanding the structural similarities and differences between language varieties.
The frameworks aim to identify which universal syntactic properties can vary
across language varieties and which remain constant. The ultimate goal is to char-
acterise the superficial structural diversity of all language varieties as particular
settings of relatively few parametric patterns. Unfortunately, the search for syn-
tactic universals is still very much a topic of ongoing research. Gianollo et al. (to
appear) most notably define an extensive parametric framework to model language
variation in the internal structure of Determiner Phrases based on a relatively wide
sample of languages and language families.

Haspelmath (to appear) compiles a list of seven universal syntactic parame-
ters for which there is a wide consensus in the field. One well-known example
of a syntactic universal is the pro-drop/null-subject parameter, which states that
the subject position in a clause may be empty or must be filled by a subject pro-
noun. It was originally thought to universally correlate with syntactic phenomena
such as null thematic subjects and null expletives (Rizzi 1986). However, the gen-
eralisation quickly became untenable once more language varieties were analysed
(Newmeyer 2005). This example adequately illustrates thata large data set of com-
parable language varieties is required to investigate syntactic variable relationships
more reliably. Such an examination needs to be automated using verifiable meth-
ods because of the exhaustive and repetitive nature of the comparison procedure.

The current research aims to contribute to the global research effort of
parametrisation of the structural diversity of language varieties by proposing a
computational method to discover syntactic variable associations automatically.
The technique facilitates exploration of previously unknown variable relationships
and validation of existing parametric generalisations. The second research ques-
tion is addressed through an exploratory review of the method’s application to a
large syntactic microvariation database.

The paper is structured as follows. Section 2 describes the unique syntactic
variation database under investigation. Section 3 introduces the sample data subset
used in Section 4 to illustrate the association rule mining procedure based on pro-
portional overlap. Section 5 reviews the evaluation factors to accurately measure
the quality of the association rules. Section 6 explores themost interesting rules
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discovered in the sample data. Section 7 highlights resultsof the association rule
mining application to the entire syntactic variation database under investigation.
Section 8 recapitulates the main findings. The paper concludes with a discussion
and directions for future research in Section 9.

6.2 Syntactic variation database

This research examines the first volume of theSyntactische Atlas van de Neder-
landse Dialecten(SAND1; ’Syntactic Atlas of the Dutch Dialects’; Barbiers et al.
(2005)) from a quantitative perspective. SAND1 contains 145 geographical distri-
bution maps of individual syntactic variables in 267 Dutch dialects in the Nether-
lands, the Northern part of Belgium and a small northwesternpart of France.2 It
covers syntactic variation related to the left periphery ofthe clause and pronominal
reference. This includes variation with respect to complementisers, subject pro-
nouns and expletives, subject doubling and subject clitisation following yes/no,
reflexive and reciprocal pronouns, and fronting phenomena.The second and fi-
nal volume of the SAND is due to appear near the end of 2007 and will describe
syntactic variation in Dutch dialects with respect to verbal clusters, negation and
quantification. Cornips and Jongenburger (2001) review themethodological as-
pects of the written and oral syntactic elicitation techniques which were employed
to reliably collect the SAND data.

From a quantitative research perspective SAND1 also represents a syntactic
microvariation database containing 106 syntactic contexts and 485 syntactic vari-
ables among varieties of a single language. This work definesa syntactic variable
as a form or word order in a syntactic context in which two dialects can differ
(Spruit 2006). The number of available syntactic contexts is somewhat lower than
the number of geographical maps because SAND1 also containsnumerous cor-
relation maps which show syntactic variables from different perspectives. Also,
some syntactic contexts are presented using multiple maps.

Tables 1 to 4 provide examples of syntactic variation in the complementis-
ers, subject doubling, reflexives and fronting domains, respectively. For example,
Table 1 shows the attested variation throughout the Dutch language area in the
realisation of the complementiser position in comparativeif-clauses as presented
in SAND1 map B on page 14. In standard Dutch people say‘t lijkt wel of er ie-
mand in de tuin staat‘it looks [affirmative] if there someone in the garden stands’,
but in colloquial Dutch the following form also frequently occurs in the southern
provinces:‘t lijkt wel of dat er iemand in de tuin staat. There are even a few north-
ern and southern regions within the Dutch language area where the verb occurs in
the second position of the if-clause:‘t lijkt wel of er staat iemand in de tuin. The
last example also illustrates that both word form and word order may vary within
a syntactic context.

2The online version of this paper at http://marco.info/pro/pub/mrs2007clin.pdf includes geographical
distribution maps of the SAND dialect locations with relevant province names and also contains addi-
tional data mining results and references.
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6.3 Sample data illustration and diagram

Figures 1 and 2 illustrate the data mining procedure presented in the next section
by defining a small subset of the actual SAND1 data. Figure 1 marks the geo-
graphical occurrences in seven Dutch dialects (1-7) of the four example variables
(A-D) shown in Tables 1 to 4. For example, Figure 1 shows that in the dialects
of Ouddorp (1), Merckeghem (2), Brussel (3) and Gemert (4), people can say’t
Lijkt wel of dater iemand in de tuin staat(A). This variable does not occur in the
dialects of Nieuwmoer (5), Boskoop (6) and Nijkerk (7). Likewise, only in the
village of Nieuwmoer have all of the following three variables been attested:Als
gij gezond leeft, leef-de gijlanger(B), Jan herinnert z’n eigendat verhaal wel(C),
andDat is de man die dathet verhaal verteld heeft(D). Figure 2 shows a symbolic
representation of the sample data in Figure 1. The remainderof the current article
uses the symbolic variable characters (A-D) and dialect numbers (1-7) to refer to
the sample data components to enhance readability.

6.4 Association rule mining based on proportional overlap

The SAND1 sample data described above are used to illustratehow relationships
between variables in a database can be discovered using a technique best known
as data mining but arguably more accurately described with its synonym Knowl-
edge Discovery in Databases (KDD). Data mining is an umbrella term for various
knowledge representation techniques such as associationrules, decisiontreesand
neuralnetworks. Frawley et al. (1992) define data mining as the nontrivial ex-
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traction of implicit, previously unknown, and potentiallyuseful information from
data. Hand et al. (2001) formulate data mining more generally as the science of
extracting useful information from large data sets or databases.

This work explores associations between syntactic variables in Dutch dialects
using a rule induction system based on proportional overlap. Generally speaking,
association rules show attribute-value conditions that occur frequently together in
a given dataset. The left side of an association rule is called the antecedent and may
consist of multiple predicting attributes. The right side of a rule is called the con-
sequent and defines the predicted class(es). Association rules are typically written
as ‘A! C’ and should be read as ‘IF variable A THEN variable C’. A widely-used
example of association rule mining is Market Basket Analysis, a method which ex-
amines a long list of supermarket transactions to determinewhich items are most
frequently purchased together. It applies the Apriori algorithm to generate can-
didate association rules which relate the items within eachtransaction or basket
(Agrawal et al. 1993).

The application of association rule mining between syntactic variables in the
current paper examines allk-combinations (ork-subsets) of syntactic variables
to determine which variable subsets most frequently co-occur geographically.3 Ak-combination is an unordered collection withk unique elements.4 Figure 3 il-

3The Rule INduction Console (rinc) programme implements the association rule mining proce-
dure. It has been developed with the wxWidgets C++ toolkit and the nextcombination STL tem-
plate. The console programme is available for all software platforms and can be downloaded from
http://dialectometry.net/syntax.
4This is in contrast with ak-permutation, which is anorderedcollection withk unique elements.
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lustrates how to calculate the binomial coefficient of the number of combinations
with three elements in the sample data set of the four variablesfA,B,C,Dg. In this
example the binomial coefficient is four and represents the combinationsfA,B,Cg,fA,B,Dg, fA,C,Dg andfB,C,Dg.

Table 5 lists the association rule mining algorithm in pseudocode. The pro-
cedure is scalable to even larger data sets because it is non-recursive. There-
fore, memory usage remains constant. Line 1 specifies that the procedure iterates
through all combinations withk=2 tok=n variables. Line 2 selects the first com-
bination subsets with k variables. Then, lines 3 to 11 repeatedly process subsets and select the next subset. Line 4 iterates through all combinations of subsets with m=1 to m=k-1 variables. Line 5 generates the first combination subseta as the antecedent variables subset froms with m variables. Then, lines 6 to
9 repeatedly process subseta and select the next subset. Line 7 determines the
corresponding consequent variables by selecting the complementary set ofa froms. Finally, line 8 evaluates the quality of the generated association rule using the
unique antecedent-consequent tuple based on the proportional overlap between the
geographical distributions of the rule variables. The candidate association rule is
accepted when it satisfies previously specified criteria of interestingness.

The procedure remains modest in automatically discarding uninteresting can-
didate rules. The current version of the algorithm only prunes the combination
space in two cases. In the first, self-explanatory situationthe interestingness value
is either equal to or below zero. The second condition applies when the coverage
value has the maximum value. This indicates that the antecedent encompasses the
entire data set, which implies that the rule does not have anyexplanatory power.
Of course, manual factor threshold values may be applied as well in addition to
these conditions to further minimise the amount of uninteresting rules.

The proportional overlap procedure in this work consists ofthe following three
steps. First, the lists of geographical occurrences of all syntactic variables in the
rule antecedent are disjunctively merged into the rule antecedent vector of geo-
graphical occurrences. Variable occurrences are not merged conjunctively because
the procedure attempts to combine microvariables to discover more general pat-
terns. Then, the procedure constructs the rule consequent vector of geographical
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occurrences. Finally, the intersection and union sets of the two vectors of ge-
ographical co-occurrences are calculated as factor components to help determine
the quality of the candidate rule using a combination of indicators as listed in Table
6. The intersection setjA&C j in Table 6 represents the geographical conjunction
of antecedent and consequent variable occurrences. The concept of proportional
overlap is predominantly applied in research areas such as ecology and biogeogra-
phy and is notably explored in (Horn 1966).

6.5 Evaluating the quality of a rule

Table 6 lists several widely used factors to help determine the quality of an asso-
ciation rule: accuracy, coverage, completeness and interestingness. Many more
factors have been proposed over the years to further enhancerule evaluation qual-
ity. McGarry (2005) reviews a range of objective and subjective measures such
as actionability, surprisingness, unexpectedness, misclassification cost, class dis-
tribution and attribute ranking, among others. These factors are not taken into
account in this work. However, the current paper does incorporate complexity as
the total number of variable disjuncts in both the antecedent and consequent sets.
Higher complexity results are interpreted as being less interesting.

It is important to note that although a pattern is expressed as a rule, it does
not mean that it is true all the time. An association rule doesnot imply causality.
The antecedent of a rule does not necessarily cause the consequent of a rule to
happen. Therefore, the uncertainty in a rule should be made explicit. This is what
the accuracy of a rule indicates. It signifies how often a ruleis correct and is
also called the confidence of a rule. The coverage of a rule expresses how often
a rule applies and is also called support. The factor completeness may be used
to explore how much of the target class a rule covers. This work multiplies all
accuracy, coverage and completeness values by one hundred to express the rule
quality factors as percentages.

The three rudimentary interestingness factors described above are always inte-
grated in proposed measures of rule interestingness. Intuitively, rules are interest-
ing when they have high accuracy, high coverage and deviate from the norm. The
effort, then, is to formulate the optimal trade off between coverage, accuracy and
potentially other factors for a specific problem domain. Thedomain specificity of
interestingness is one of the many reasons why the ability tointeractively explore
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the generated association rules is always desirable and maybe even inevitable. Al-
though data mining algorithms may use objective factors to decide whether a rule is
genuinely interesting or not, domain-specific, subjectivenotions of interestingness
may be required as well to decide whether a potentially or technically interesting
rule is also genuinely interesting in a specific domain. For example, a discovered
association rule may be too well-known or too trivial.

This work applies the three principles for rule interestingness measures pro-
posed in (Piatetsky-Shapiro 1991). They are reprinted in Table 7. The princi-
ples formulate the relations between the factors accuracy,coverage and complete-
ness as objective evaluation criteria of interestingness measures. The first prin-
ciple states that the rule interestingness is zero if the antecedent and consequent
of the rule are statistically independent. The second principle defines that more
co-occurring elements in the antecedent and consequent of the rule will result in
higher accuracy and completeness values when all other parameters remain fixed,
which increases the interestingness of the rule. The third principle’s interpreta-
tion is two-fold. It formulates that rule interestingness monotonically decreases
with completeness when all other parameters remain fixed. Similarly, rule inter-
estingness also monotonically decreases with coverage when all other parameters
remain fixed (Freitas 1999). Note that, in contrast with accuracy, coverage and
completeness values, interestingness values do not necessarily range between zero
and one.

Several enhancements and alternative measures of interestingness have been
proposed since (Piatetsky-Shapiro 1991). Lenca et al. (to appear) most notably de-
scribes numerous measures of interestingness in detail. The current work restricts
itself to Piatetsky-Shapiro’s measure of interestingnessbecause of its historical
position and formulaic simplicity. Note, however, that itssymmetric nature is a
property where this measure seems lacking. This is not the case for the factors
accuracy, coverage and completeness. To a certain extent the influence of sym-
metricity can be compensated by ranking the entire result set of association rules
firstly on descending interestingness, secondly on ascending complexity, thirdly
on descending accuracy and finally on descending coverage.

6.6 Discovery of association rules between syntactic variables

Table 8 lists the eight most interesting association rules based on occurrences in
seven dialects of the four syntactic variables in the sampledata as shown in Fig-
ures 1 and 2. The algorithm in Table 5 generates fifty variablecombinations for
the sample data. Fourteen candidate rules are potentially interesting based on the
Piatetsky-Shapiro measure of interestingness and have at least some explanatory
power. From a technical perspective this means that fourteen association rules
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have an interestingness value greater than 0 and a coverage value smaller than 100
percent. The list in Table 8 is sorted on descending interestingness, ascending
complexity and descending accuracy, respectively.5

The list of association rules is primarily sorted on descending interestingness
since the main goal of this work is to discover the most interesting association
rules between the variables. The list’s secondary sort factor uses ascending values
of complexity which can be interpreted as an extension of themeasure of inter-
estingness. An increasing number of variable components ina rule decrease its
comprehensibility and, therefore, its interestingness. Coincidentally, the applica-
tion of the complexity factor in the sample data does not actually change the rule
order. The list of association rules in Table 8 is ternarily sorted on descending
accuracy. However, it would be equally valid to apply descending completeness
as an alternative ternary sort factor. Favouring accuracy over completeness simply
signifies that it is considered more important that a rule is correct than it is to dis-
cover the degree to which the consequent variables are predicted by the antecedent
variables. The definitions of accuracy and completeness in Table 6 also illustrate
these alternate perspectives on rule importance quite evidently. The first two rules
in Table 8 demonstrate the effect of choosing completeness over accuracy to opti-
mally sort the association rules. The rules have identical levels of interestingness
and complexity but differ in the degree of accuracy and completeness. The first
rule states thatif variable B occurs in a dialectthenvariable A or D always occur
as well; the rule is 100 percent accurate. However, it does not imply that the in-
verse is true as well. Indeed, in dialects one and two either variable A or D occurs
but not variable B. This is specified in the second rule which states that if either
variable A or D occurs in a dialect, then there is a 60 percent certainty that vari-
able B occurs as well. This example adequately illustrates the asymmetric nature
of the relationship between the antecedent variables and the consequent variables
of an association rule. Furthermore, an asymmetric variable association may be
interpreted as a variable dependency with potentially hierarchical implications.

5The list of potentially interesting association rules can be sorted interactively using an external soft-
ware programme such as Excel or SPSS.
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6.7 Data mining the Syntactic Atlas of the Dutch Dialects

The following pages highlight a small selection of potentially interesting associ-
ation rules between the 485 syntactic variables in the SAND1database based on
their geographical co-occurrences in 267 Dutch dialects. The algorithm evaluated
234,740 rules without any variable disjunctions, i.e. all antecedents and conse-
quents consist of only one variable, and found 10,730 interesting associations with
an accuracy value of 90 percent or higher. This observation manifests the consider-
able proportional overlap between the syntactic variablesin SAND1. Additionally,
it could arguably be interpreted as an indication that highly interesting association
rules with high coverage and high accuracy values effectively reduce the impor-
tance of the geographical occurrences in the data set. The information value of
geography—by definition—becomes limited to generic density and distributional
information when variable distributions overlap nearly perfectly. Ascending from
the observational level of geographical distributions to more abstract variable as-
sociations would facilitate syntactic analyses to identify implicational chains and
other association patterns.

The number of variable combinations rises to 113,614,160 candidate rules as
soon as either the antecedent or consequent of a rule may include one variable
disjunction. No less than 56,267,729 generated association rules are at least 90
percent accurate.6 This is to be expected since the algorithm disjunctively com-
bines variables. Once a strong association between two variables has been found,
any disjunctively added variable will further strengthen the association.

Table 9 presents an association rule with one variable disjunction as an exam-
ple of a potentially interesting rule with a higher complexity. However, higher
complexity association rules become exceedingly more difficult to interpret lin-
guistically. As a matter of fact, it can already be quite challenging to linguis-

6The corresponding output file is 33 GB. The programme execution time was around 18 hours on a
MacMini PowerPC G4 (1.5 GHz) computer.
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tically interpret rules without variable disjunctions. Interactive explorations can
only partly facilitate the evaluation process. Therefore,the remainder of the cur-
rent paper concentrates on association rules without variable disjunctions.

Table 10 shows the potentially most interesting association rule in SAND1
without variable disjunctions. The rule associates one of the variables in map A on
page 46 in SAND1 with a variable in map B on page 38. It states that, in the context
of a strongplural subject pronoun in second person, if the complex pronoun ‘g-
lieden’ occurs, then the strongsingularsubject pronoun in second person ‘gij’ (or
‘gie’) nearly always occurs as well. This is indicated by theaccuracy value of 99
percent. This value is calculated using the definition in Table 6 as follows:jA&C j
/ jAj * 100 = AC-Overlap / A-Locations * 100 = 104 / 105 * 100 = 0.99 * 100 = 99
percent. Similarly, the interestingness value results as follows: jA&C j � jAjjCj/N
= AC-Overlap - (A-Locations * C-Locations / 267) = 104 - (105 *116 / 267) =
104 - 45.62 = 58.38.

The geographical distributions of the rule variables in Table 10 are patterned
quite coherently (not shown). All occurrences are found in the southern half of
the Dutch language area. Although it may not be particularlysurprising to dis-
cover a strong association between two typically southern word forms, it does
not automatically follow that it may not be considered interesting or even signif-
icant to discover that the geographical overlap between, specifically, these two
southern word forms is nearly all-inclusive. It is sufficient to interactively sort all
association rules on antecedent name, descending interestingness and descending
accuracy, respectively, to verify this hypothesis. This action reveals that only nine
potentially interesting association rules exist with the complex pronoun ‘g-lieden’
as their antecedent and which also have an accuracy of 90 percent or higher.

The top six ‘g-lieden’ rules state that if in a dialect peoplecan sayWe geloven
dat g-liedenniet zo slim zijn als wij‘we believe that youstrong not so smart are as
we’, then people in that dialect can also say, in descending degree of certainty, (a)
Ze gelooft dat gij/gieeerder thuis bent dan ik‘she believes that you earlier home
are than I’, (b)Ik denk daMarie hem zal moeten roepen‘I think that Mary him
will must call’, (c) U [niet-beleefdheidsvorm] gelooft dat Lisa even mooi is als
Anna‘you [non-honorific] believe that Lisa as beautiful is as Anna’, (d) Fons zag
een slang naast hem‘Fons saw a snake next to him’, (e)Erik liet mij voor hem
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werken‘Erik let me for him work’ and (f)De jongen wie/die z’nmoeder gisteren
hertrouwd is‘the boy who/that his mother yesterday remarried is’.

Rules (d) and (e) also strongly indicate a relationship between the second per-
son, plural complex pronoun ‘g-lieden’ and the third person, singular, reflexive
pronoun ‘hem’. It is unclear how this association should be interpreted linguisti-
cally. Although the rules might describe a previously unknown linguistic relation-
ship, it could also merely reflect that the variables are geographically clustered.
The latter case would signify the methodological reminder that a strong variable
association does not necessarily imply a linguistic causation. All in all, the analy-
sis above adequately illustrates how exploration of one association rule may easily
trigger interactive investigations of several more potentially interesting rules and
may raise new questions to answer.

Another approach of interactively exploring the result setof rules focuses on
the examination of implicational chains between syntacticvariables. Table 11 lists
the highest ranked implicational chain of four syntactic variables in the set of as-
sociation rules without variable disjunctions to illustrate this phenomenon. First,
rule six states that if subject doubling occurs after V in second person singular,
then it also appears after V in second person plural. Second,the third highest rule
asserts that if subject doubling occurs after V in second person plural, then the sec-
ond person plural pronoun ‘g-lieden’ nearly always arises as well. As an aside, this
rule effectively demonstrates the implicit capacity to discover variable associations
across syntactic domains. Third, the highest ranked rule convincingly associates
the second person plural pronoun ‘g-lieden’ with the secondperson singular pro-
noun ‘gij/gie’. Finally, rule eight confirms the transitivenature of the rules with
the association between subject doubling after V in second person singular and the
second person singular pronoun ‘gij/gie’.

From a statistical perspective many more linguistically interesting variable as-
sociations can be expected to surface upon closer investigation. The explorations
described above merely attempt to indicate the great potential of association rule
mining as a meaningful contribution to linguistic theory ingeneral and syntactic
theory in particular. Another promising approach could employ association rule
mining to quantitatively validate existing and new typological hypotheses. This is
in contrast with the current approach which focuses on exploration and identifica-
tion of variable patterns. However, every approach will require extensive consul-
tation with syntactic theorists to meaningfully interpretthe data. SAND1 provides
geographical maps of many individual variable distributions to facilitate interpre-
tation and validation of potentially interesting association rules. The generated
sets of induced association rules and the rule induction programme are publicly
available for interactive exploration at http://dialectometry.net/syntax/.

6.8 Conclusions

This research has successfully demonstrated how associations between syntactic
variables in Dutch dialects can be discovered computationally using an association
rule mining technique based on proportional overlap. The rule induction system
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facilitates identification and exploration of previously unknown variable relation-
ships and validation of existing parametric generalisations. The ability to define
variable associations asymmetrically is considered to be an important property of
the technique in the syntactic domain. The analysis of the sample data has indi-
cated that the Piatetsky-Shapiro measure of interestingness adequately formulates
the relationships between the evaluation factors of accuracy, coverage and com-
pleteness.

The application of the association rule mining technique tothe Syntactic at-
las of the Dutch dialects has revealed the existence of many potentially interest-
ing associations with high accuracy and coverage values andshowed considerable
overlaps between the geographical distributions of syntactic variable pairs. The
exploratory review has examined the highest ranked association rules and also
discussed an implicational chain of variable associations. The results strongly in-
dicate that many more potentially interesting associations between syntactic vari-
ables are likely to be uncovered upon further investigation.

6.9 Discussion

The approach presented in this paper to discover associations between syntactic
variables can be extended and refined in several ways. For example, the candidate
generation algorithm listed in Table 5 could be extended to incorporate exception
rules as well. These are rules which cannot be predicted fromexisting knowledge
and typically combine high accuracy with poor coverage values. Further refine-
ments of the data mining procedure may include experimentation with alternative
measures of interestingness and incorporation of additional rule quality evaluation
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factors such as surprisingness, among others.
An interesting property of data mining applications such asassociation rule

mining arises as more variables become available to the procedure. The formula
in Figure 3 shows that the number of generated candidate association rules in-
creases factorially with the number of variables. Also, increasing complexity is
another source of combinatory explosion. These observations are relevant in the
current context because the second volume of the SAND (SAND2) is due to ap-
pear at the end of 2007. Incorporation of the SAND2 data into the association
rule discovery process will result in a linguistic databasecontaining around 750
syntactic variables and covering all major syntactic microvariation domains. Al-
though the linguistically trained mind may be extremely effective in heuristically
associating variables, the astronomical SAND combinationspace will undoubt-
edly exceed human limits of association precision and capacity. Additionally,
the compartmented and repetitive nature of data mining algorithms makes them
good candidates for computational scaling and parallellisation using grid com-
puting techniques. Therefore, a combination of the unsurpassed human heuristic
capabilities with the verifiable precision and processing power available to data
mining tools may well contribute to the understanding of thestructural diversity of
language varieties. There is, of course, no reason to stop incorporating more data
into the procedure. For example, it could be really interesting to combine avail-
able phonological data with these syntactic data to discover potential associations
between variables among linguistic levels (Spruit et al. n.d.).

An entirely different application of association rule mining analyses the set
of variable associations to define clusters of geographically overlapping variables
known as composite variables (Spruit 2006). This application assumes that if a
group of variables nearly always occur together, then a single variable of such
a group does not add to the variation between two language varieties by itself.
Therefore, from a quantitative perspective the cluster of variables can be inter-
preted as one entity which should more accurately quantify syntactic variation.
Preliminary visualisations of the distance relationshipsbetween Dutch dialects
based on the Jaccard distance between composite syntactic variables appear to
classify the Dutch dialect areas quite accurately. The dialect maps appear to be
in line with expert opinion and correspond with dialect distance visualisations (cf.
(Spruit 2006, Spruit et al. n.d.)) but require further research.

Finally, it would be interesting to compare the discovered variable associa-
tions with results based on more classic statistical methods such as Craḿer’s V
or correspondence analysis. Cramér’s V is a statistic which measures the strength
of association between two categorical variables based on the�2-statistic. Time
permitting, this approach could be well worth investigating. One of the method’s
attractive benefits is that it calculates the statistical significance of each variable
pair association. Another statistical technique which mayhold promise is corre-
spondence analysis. This method resembles the factor analysis technique but has
specifically been designed to help explore associations between categorical vari-
ables. However, the interpretability of the resulting correspondence visualisations
may become an issue given the considerable geographical overlaps between the
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syntactic variable distributions. Furthermore, a more fundamental shortcoming of
the two alternative approaches described above is the inherent symmetric nature of
the discovered variable associations.
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Abstract

We present an approach to automatic semantic role labeling (SRL) carried out in the context
of the D-coi project. Although there has been an increasing interest in automatic SRL in
recent years, previous research has focused mainly on English. Adapting earlier research to
the Dutch situation poses an interesting challenge especially because there is no semanti-
cally annotated Dutch corpus available that can be used as training data. Our automatic SRL
approach consists of three steps: bootstrapping from an unannotated corpus with a rule-
based tagger developed for this purpose, manual correctionand training a machine learning
system on the manually corrected data. The input data for ourSRL approach consists of
Dutch sentences from the D-COI corpus, syntactically annotated by the Dutch dependency
parser Alpino.
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7.1 Introduction

The creation of semantically annotated corpora has lagged dramatically behind.
As a result, the need for such resources has now become urgent. Several initiatives
have been launched at the international level in the last years, however, they have
focused almost entirely on English and not much attention has been dedicated to
the creation of semantically annotated Dutch corpora.

The Flemish-Dutch STEVIN-program has identified semantic annotation as
one of its priorities.1

Within the projectDutch Language Corpus Initiative(D-Coi), guidelines have
been developed for the annotation of a Dutch written corpus.In particular, a 50
million word pilot corpus has been compiled, parts of which have been enriched
with (verified) linguistic annotations.2

One of the innovative aspects of the D-Coi project is that it has focused not
only on the revisions of those protocols which have been already developed within
the Spoken Dutch Corpus (CGN) (Oostdijk 2002) for PoS tagging, lemmatization
and syntactic annotation but it has also explored the possibility of integrating an
additional annotation layer based on semantic information. This annotation layer
was not present in the Spoken Dutch Corpus.

One of the goals of the D-Coi project is the development of a protocol for
such an annotation layer. In particular, we have dealt with two types of semantic
annotation, that is semantic role assignment and temporal and spatial semantics.
The reason for this choice lies in the fact that semantic roleassignment (i.e. the
semantic relationships identified between items in the textsuch as the agents or
patients of particular actions), is one of the most attestedand feasible types of
semantic annotation within corpora. On the other hand, temporal and spatial an-
notation was chosen because there is a clear need for such a layer of annotation
in applications like information retrieval or question answering (Schuurman and
Monachesi 2006).

Only a small part of the corpus has been annotated with semantic information,
in order to yield information with respect to its feasibility. Hopefully, a more
substantial annotation will be carried out in the frameworkof a follow-up project
aiming at the construction of a 500 million word corpus, in which one million
words will be annotated with semantic information.

The focus of this paper is on semantic role annotation.3 We briefly discuss the
choices we have made in selecting an appropriate annotationprotocol. Further-
more, we present the results of a pilot study for automatic semantic role labeling
(SRL) based on the D-coi corpus.

1http://taalunieversum.org/taal/technologie/stevin/
2http://lands.let.ru.nl/projects/d-coi/
3http://www.let.uu.nl/ Paola.Monachesi/personal/DCOI
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7.2 Existing projects

During the last few years, corpora enriched with semantic role information have
received much attention, since they offer rich data both forempirical investigations
in lexical semantics and large-scale lexical acquisition for NLP and Semantic Web
applications. Several initiatives are emerging at the international level to develop
annotation systems of argument structure, within the D-coiproject we have tried
to exploit existing results as much as possible and to set thebasis for a common
standard. We want to profit from earlier experiences and contribute to existing
work by making it more complete with our own (language specific) contribution
given that most resources have been developed for English.

Within D-coi, the following projects have been evaluated inorder to assess
whether the approach and the methodology they have developed for the annotation
of semantic roles could be adopted for our purposes:� FrameNet (Johnson et al. 2002);� PropBank (Kingsbury et al. 2002);

Given the results they have achieved, we have taken their insights and experiences
as our starting point.

FrameNet reaches a level of granularity in the specificationof the semantic
roles which might be desirable for certain applications (i.e. Question Answering).
However, it makes automatic annotation of semantic roles rather problematic and
might raise problems with respect to uniformity of role labeling even if human
annotators are involved. Furthermore, incompleteness constitutes a serious prob-
lem, i.e. several frames and relations among frames are missing mainly because
FrameNet is still under development. Adopting the FrameNetlexicon for semantic
annotation means contributing to its development with the addition of (language
specific) and missing frames.

In our study, we have assumed that the FrameNet classification even though
it is based on English could be applicable to Dutch as well. Although Dutch and
English are quite similar, there are differences on both sides. For example, in the
case of the Spanish FrameNet it turned out that frames may differ in their number
of elements across languages (cf. Subirats and Petruck (2003) and Subirats and
Sato (2004)).

Due to the limitation of available resources, the other alternative was to employ
the PropBank approach which has the advantage of providing clear role labels and
thus a transparent annotation for both annotators and users. Furthermore, there
are promising results with respect to automatic semantic role labeling for English
thus the annotation process could be at least semi-automatic. A disadvantage of
this approach is that we would have to give up the classification of frames in an
ontology, as is the case in FrameNet, which could be very useful for certain ap-
plications, especially those related to the Semantic Web. However, in Monachesi
and Trapman (2006) suggestions are given on how the two approaches could be
reconciled.
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A decision was made to adopt a PropBank approach within D-coimainly be-
cause of the prospect of semi-automatic annotation. However, the PropBank an-
notation guidelines needed to be revised in order to deal with Dutch constructions
and with the syntactic annotation layer in D-coi.

Notice that both PropBank and D-coi share the assumption that consistent ar-
gument labels should be provided across different realizations of the same verb
and that modifiers of the verb should be assigned functional tags. However, they
adopt a different approach with respect to the treatment of traces since PropBank
creates co-reference chains for empty categories while within D-coi empty cate-
gories are almost non existent and in those few cases in whichthey are attested,
a coindexation has been established already at the syntactic level. Furthermore,
D-coi assumes dependency structures for the syntactic representation of its sen-
tences while PropBank employs phrase structure trees. In addition, Dutch behaves
differently from English with respect to certain constructions and these differences
should be spelled out. (Trapman and Monachesi 2006)

7.3 Automatic SRL

Ever since the pioneering article of Gildea and Jurafsky (2002), there has been
an increasing interest in automatic SRL. However, previousresearch has focused
mainly on English. Adapting earlier research to the Dutch situation poses an in-
teresting challenge especially because there is no semantically annotated Dutch
corpus available that can be used as training data. Furthermore, no PropBank
frame files for Dutch exist.

In PropBank, frame files provide a verb specific description of all possible se-
mantic roles and illustrate these roles by examples. The lack of example sentences
makes consistent annotation difficult. Since defining a set of frame files from
scratch is very time consuming, we decided to go for an alternative approach, in
which we annotated Dutch verbs with the same argument structure as their En-
glish counterparts, thus use English frame files instead of creating Dutch ones.
Although this causes some problems, for example, not all Dutch verbs can be
translated to a 100% equivalent English counterpart, such problems proved to be
relatively rare. In most cases applying the PropBank argument structure to Dutch
verbs was straightforward. If translation was not possible, an ad hoc decision was
made on how to label the verb.

The second problem, the unavailablity of training data, waspartially solved by
bootstrapping an unannotated corpus with a rule-based tagger. In short, our auto-
matic SRL approach consists of three steps: bootstrapping from an unannotated
corpus with a rule-based tagger, manual correction and finally training a machine
learning system on the manually corrected data. The input data for our SRL ap-
proach consists of Dutch sentences from the D-COI corpus, syntactically annotated
by the Dutch dependency parser Alpino (Bouma et al. 2000).

Another reason for adopting the PropBank approach was the abstract nature
of PropBank argument labeling. Although PropBank roles arenot abstract in the
sense that different verbs have different role sets, roles are labeled with generic
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Figure 7.1: Example CGN dependency graph
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labels: ARG0 . . .ARGn and a fixed set ofARGMs. Such a predicate independent
labeling system is an important precondition when buildinga rule-based system.

7.3.1 Dependency structures

Syntactic annotation of the D-Coi corpus is based on the CGN dependency graphs
(Moortgat et al. 2000). A CGN dependency graph is a tree-structured directed
acyclic graph in which nodes and edges are labeled with respectively c-labels
(category-labels) and d-labels (dependency labels). C-labels of nodes denote
phrasal categories, such asNP (noun phrase) andPP, c-labels of leafs denote POS
tags. D-Labels describe the grammatical (dependency) relation between the node
and its head. Examples of such relations areSU (subject),OBJ (direct object) and
MOD (modifier). Figure 7.1 shows an example of a CGN dependency graph.

There are three main groups of dependency nodes: heads, complements and
modifiers. Heads are phrasal heads of the encapsulating syntactic constituent, for
example the head noun of a noun phrase. Complements determine the way the
thematic structure of the head is interpreted. The most prominent complements
are subject and direct object complements. Finally, modifiers mark such notions
as time, place and quantity.

Intuitively, dependency structures are a great resource for a rule-based seman-
tic tagger, for they directly encode the argument structureof lexical units, e.g. the
relation between constituents. Our goal was to make optimaluse of this informa-
tion in an automatic SRL system. In order to achieve this, we first defined a basic
mapping between nodes in a dependency graph and PropBank roles. This mapping
forms the basis of our rule-based SRL system.
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7.3.2 Mapping dependency structure nodes to PropBank labels

Mapping subject and object complements to PropBank arguments is straightfor-
ward: subjects are mapped to ARG0 (proto-typical agent), direct objects to ARG1
(proto-typical patient) and indirect objects to ARG2. An exception is made for
ergatives and passives, for which the subject is labeled with ARG1.

Devising a consistent mapping for higher numbered argumentis more difficult,
since their labeling depends in general on the frame entry ofthe corresponding
predicate. Since we could not use frame information, we useda heuristic method.
This heuristic strategy entails that after numbering subject/object complements
with the rules stated above, other complements are labeled in a left-to-right order,
starting with the first available argument number. For example, if the subject is la-
beled with ARG0 and there are no object complements, the first available argument
number is ARG1.

Examples of complements that can be numbered this way are predictive com-
plements (Ze schilderde het huis [rood]’She painted the house red’) and verbal
complements (Ze lijkt [terughoudend te zijn]’She seems to be reserved’).

Finally, a mapping for several types of modifiers was defined.Mapping mod-
ifiers consistently is a difficult task due to the fact that their meaning is often am-
biguous. For example, the head wordop (”on”) in a prepositional phrase can refer
to a location (Ze loopt op straat’She walks on the street’) or an indication of
manner (Ze loopt op hoge hakken’She walks on high heels’). We refrained our-
selves from the disambiguation task, and concentrated on those modifiers that can
be mapped consistently. These modifiers are:� ArgM-NEC - Negation markers: lexical units such asniet (not), nooit

(never) engeen(none)� ArgM-REC - Reflexives and reciprocals: lexical units such asmezelf(my-
self) andzichzelf(oneself)� ArgM-PRD - Markers of secondary predication: modifiers with the depen-
dency labelPREDM� ArgM-PNC - Purpose clauses: modifiers that start withom te. These mod-
ifiers are marked by Alpino with the c-labelOTI.� ArgM-LOC - Locative modifiers: modifiers with the dependency labelLD,
the LD label is used by Alpino to mark modifiers that indicate a location of
direction.

As was demonstrated in this section, thanks to the relational information they
contain, it is possible to link PropBank labels to dependency nodes with relatively
straightforward mapping rules. This property gives dependency trees an important
advantage over phrase structure trees, which are commonly used in SRL systems.
The next step in our approach is to implement the mapping rules in a rule-based
semantic tagger.
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7.3.3 XARA: a rule based SRL system

With the help of the mappings discussed above, we developed arule-based seman-
tic role tagger, which is able to bootstrap an unannotated corpus with semantic
roles. We used this rule-based tagger to reduce the manual annotation effort. After
all, starting manual annotation from scratch is time consuming and therefore ex-
pensive. A possible solution is to start from a (partially) automatically annotated
corpus. This reduces the manual annotation task to a manual correction task.

The system we developed for this purpose is called XARA (XML-based Au-
tomatic Role-labeler for Alpino-trees) (Stevens 2006). XARA is able to tag a
treebank in an XML format with semantic roles. In our experiments we used part
of the D-Coi treebank as an input corpus. Dependency trees inthis corpus are
stored in the Alpino XML format. The structure of Alpino XML documents di-
rectly corresponds to the structure of the dependency tree:dependency nodes are
represented byNODE elements, attributes of the node elements are the c-label, d-
label, pos-tag, etc. The format is designed to support a range of linguistic queries
on the dependency trees in XPath directly (Bouma and Kloosterman 2002). XPath
(Clark and DeRose 1999) is a powerful query language for the XML format and it
is the cornerstone of XARA’s rule-based approach.

7.3.3.1 Rules

A rule in XARA consist of an XPath expression that addresses anode in the de-
pendency tree, and a target label for that node, i.e. a rule isa (path,label)pair. For
example, a rule that selects direct object nodes and labels them withARG1 can be
formulated as:

(//node[@rel=’obj1’], 1)

XARA supports three types of target labels. In this example,a positive integer is
used. Integer labels are used to label nodes with numbered arguments (ARGn).
Secondly, for other semantic roles, such as modifiers, string values can be used.
Thirdly, the special value -1 can be specified to label the target node with the
first available numbered argument; this implements the heuristic labeling strategy
described in the previous section.

After their definition, rules can be applied to local dependency domains, i.e.
subtrees of a dependency tree. The local dependency domain to which a rule is
applied, is called the rule’s context. A context is defined byan XPath expression
that selects a group of nodes. Contexts for which we defined rules in XARA are
verbal domains, that is, local dependency structures with averb as head. Figure
7.2 shows an example of such a context: a verbal particle. Thenodes that belong
to this context are dark colored.

Upon application of a rule, an attribute (”pb”) is added to the target node ele-
ment in the XML file. This attribute contains the PropBank label.

The combination XML + XPath proved to be a very powerful combination
for the semantic annotation of our treebank. First of all, because we could work
directly with the treebank files and did not need to use an intermediary format.
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Figure 7.2: Example PropBank annotation on a Dependency tree
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Secondly, because XPath provides a convenient and standardized method to query
XML files. This enabled us to use standard Java API’s. Finally, because XARA
is not restricted to a specific treebank format, but can be used on any XML based
treebank other than Alpino with relatively little effort. This property satisfies one
of the major design criteria of the system: reusability. Theonly requirement is that
an XML structure is used that supports XPath queries.

7.3.4 Classification system

The annotation by XARA of our treebank, was manually corrected by one hu-
man annotator. We used these manually corrected sentences as training and test
data for a SRL classification system. For this learning system we employed a
Memory Based Learning (MBL) approach, implemented in the Tilburg Memory
based learner (TiMBL) (Daelemans et al. 2004). Memory basedlearning can be
described as reasoning on the basis of similarity of new situations to earlier en-
countered situations. MBL is often categorized as a ”lazy” approach to learning:
instances are directly stored in memory, without any abstraction or restructuring,
this is in contrast with greedy approaches such as support vector machines.

During classification, unseen examples are compared to instances in the train-
ing data. This comparison is done using adistance metric�(X;Y ). The class
assignment is based on thek-nearest neighbors algorithm: the most common class
amongst thek most similar training instances is chosen. In case of a tie among
categories, a tie breaking resolution method is used. The goal of classification is
to assign class labels to a set of instances automatically. Instances represent the
items to be classified by means of a set of features and their target classes.
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7.3.5 Features

TiMBL assigns class labels to training instances on the basis of features. The
feature set plays an important role in the performance of a classifier, and choosing
features is certainly not a trivial task. In choosing the feature set for our system,
we mainly looked at previous research, especially systems that participated in the
CoNLL shared tasks (Carreras and Màrquez 2005) for semantic role labeling.

However, none of the systems in the CoNLL shared tasks used features ex-
tracted from dependency structures. However, Hacioglu (2004) used dependency
tree features for classification. Hacioglu’s system was trained and tested on data
of the 2004 CoNLL shared task that was converted into dependency trees. Ha-
cioglu classifies his approach as relation-by-relation (R-by-R) semantic role la-
beling. The basis of this approach is formed by a new treebankof dependency
structures called DepBank. To create the DepBank corpus, first constituency trees
from the Penn treebank were converted into dependency trees; furthermore, nodes
in the dependency trees that cover a semantic argument were augmented with a
PropBank label. For sentences with more than one predicate,the same tree was
instantiated with different argument labels.

In a sense, Hacioglu’s approach is comparable to our system,since in both
approaches features extracted from dependency trees are used. However, there are
also some differences:� Hacioglu does not use a dependency parser to create the dependency trees,

instead existing constituent trees are converted to dependency structures.� In Hacioglu’s system, a dependency tree is created for everyproposition in
the sentence. In our approach, labels from all propositionsin a sentence are
stored in a single dependency tree.� Hacioglu only uses features that are typical to dependency trees (such as the
head word of the relation). He does not use ”traditional” features like phrase
type, i.e. features derived from a phrase structure tree.

From features used in previous system and some experimentation with TiMBL,
we derived the following feature set. The first group of features describes the
predicate (verb):

(1) Predicate stem - The verb stem, provided by Alpino. This feature is analo-
gous to theverb lemmafeature used in many existing systems.

(2) Predicate voice - A binary feature indicating the voice of the predicate (pas-
sive/active). A predicate is considered passive if it is connected to the auxil-
iary verbwordenor zijn and is a child of a node with c-labelPPART(passive
particle).

Notice that the predicate’s POS tag is not used as a feature inour system, unlike
in many existing systems, since all verbs in Alpino trees have the same POS tag:
VERB.

The second group of features describes the candidate argument:
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(3) Argument c-label - The category label (phrasal tag) of the node, e.g.NP or
PP.

(4) Argument d-label - The dependency label of the node, e.g.MOD or SU.

(5) Argument POS-tag - POS tag of the node if the node is a leaf node, null
otherwise.

(6) Argument position - A binary feature which indicates whether the argument
is positioned before or after the predicate.

(7) Argument head-word - The head word of the relation if the node is an inter-
nal node or the lexical item (word) if it is a leaf.

(8) Head-word POS tag - The POS tag of the head word.

(9) c-label pattern of argument - The left to right chain of c-labels of the argu-
ment and its siblings.

(10) d-label pattern - The left to right chain of d-labels of the argument and its
siblings.

(11) c-label & d-label of argument combined - The c-label of the argument
concatenated with its d-label.

Information from this feature set that is not available to XARA is: predicate’s root,
label pattern of candidate argument and argument position.The position feature
was added because it is was used in all CoNLL-05 systems (except one) and in the
Hacioglu system. The same applies to the the predicate’s root (or lemma). The
label pattern feature was used in several CoNLL systems and turned out to have a
positive effect on the performance of our system.

7.3.6 Training procedure

The training set consists of predicate/argument pairs encoded in training instances.
Each instance contains features of a predicate and its candidate argument. Candi-
date arguments are nodes (constituents) in the dependency tree. This pair-wise
approach is analogous to earlier work by van den Bosch et al. (2004) and Tjong
Kim Sang et al. (2005).

Using every possible predicate/argument pair would resultin a very large in-
stance base that contains many irrelevant instances. This might lead to reduced
performance of the classifier and low classification speed. Therefore, several meth-
ods were used to reduce the size of the instance base. The firstof these methods
is to ignore nodes that can never fill an argument role becauseof their grammati-
cal function, for example verbal particles. The second method is to only consider
phrases that are likely to be arguments.

For example, Tjong Kim Sang et al. (2005) build instances from verb/phrase
pairs from which the phrase parent is an ancestor of the verb.We adopted this
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approach to dependency trees: only siblings of the verb (predicate) are considered
as candidate arguments.

In comparison to experiments in earlier work, we had relatively few training
data available: our training set consisted of 2395 sentences. To overcome our data
sparsity problem, we trained the classifier using the leave one out (LOO) method
(-t leave_one_out option in TiMBL). With this option set, every data item
in turn is selected once as a test item, and the classifier is trained on all remaining
items.

Except for the LOO option, we only used the default TiMBL settings during
training, to prevent overfitting because of data sparsity.

7.4 Results & Evaluation

7.4.1 Measures

We used three measures for the evaluation of our system: precision, recall and a
combined measure: F-Score. Precision is defined as the proportion of predicted
arguments that is predicted correctly, recall as the proportion of correctly predicted
arguments. The F-Score is the harmonic mean of precision andrecall. To measure
the performance of the automatic systems, the automatically assigned labels were
compared to the labels assigned by a human annotator.

7.4.2 Results of XARA labeling

Table 7.1 shows the performance of XARA on our treebank with 2395 sentences.

Table 7.1: Results of SRL with XARA

Label Precision Recall F�=1
Overall 65,11% 45,83% 53,80
Arg0 98.97% 94.95% 96.92
Arg1 70.08% 64.83% 67.35
Arg2 47.41% 36.07% 40.97
Arg3 13.89% 6.85% 9.17
Arg4 1.56% 1.35% 1.45
ArgM-LOC 83.49% 13.75% 23.61
ArgM-NEG 72.79% 58.79% 65.05
ArgM-PNC 91.94% 39.31% 55.07
ArgM-PRD 63.64% 26.25% 37.17
ArgM-REC 85.19% 69.70% 76.67

Since XARA’s rules cover only a subset of the argument labels, the classifier
is able to achieve a much higher recall score than XARA (see table 7.2). Precision
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score of the classifier is higher as well, although the difference with XARA is
smaller.

Notice the contrast between XARA’s performance on lower numbered argu-
ments, especiallyARG4. Manual inspection of the manual labeling reveals that
ARG4 arguments often occur in propositions withoutARG2 andARG3 arguments.
Since our current heuristic labeling method always choosesthe first available argu-
ment number, this method will have to be modified in order achieve a better score
for ARG4 arguments.

7.4.3 Results of TIMBL classification

Table 7.2 shows the performance of the TiMBL classifier on ourannotated depen-
dency treebank. This is the same treebank we used to test the XARA role labeling
and consists of 2395 sentences. From these sentences, 12113instances where ex-
tracted.

Table 7.2: Results of TiMBL classification

Label Precision Recall F�=1
Overall 70.27% 70.59% 70.43
Arg0 90.44% 86.82% 88.59
Arg1 87.80% 84.63% 86.18
Arg2 63.34% 59.10% 61.15
Arg3 21.21% 19.18% 20.14
Arg4 54.05% 54.05% 54.05
ArgM-ADV 54.98% 51.85% 53.37
ArgM-CAU 47.24% 43.26% 45.16
ArgM-DIR 36.36% 33.33% 34.78
ArgM-DIS 74.27% 70.71% 72.45
ArgM-EXT 29.89% 28.57% 29.21
ArgM-LOC 57.95% 54.53% 56.19
ArgM-MNR 52.07% 47.57% 49.72
ArgM-NEG 68.00% 65.38% 66.67
ArgM-PNC 68.61% 64.83% 66.67
ArgM-PRD 45.45% 40.63% 42.90
ArgM-REC 86.15% 84.85% 85.50
ArgM-TMP 55.95% 53.29% 54.58

Some general observations can be made regarding these results:� A sharp drop in precision and recall for higher numbered arguments can be
observed: precision forARG0 is 90.44%, whereas precision for ARG3 is
only 21.21%. This can be contributed in part to the low numberof training
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examples with these labels in the corpus. Performance on lower numbered
arguments is relatively good however compared to XARA’s performance on
these arguments.� The ARGM label with the highest F-score isARGM-REC. This is probably
due to the fact that the only information needed to assign this label is the
head word feature + POS of the head word, which makes classification of
ARGM-RECs relatively easy.� One would expect a better performance on the lower numbered arguments
(assuming that theSU andOBJ1 labels are assigned accurately by the Alpino
parser). We expect that the performance on these arguments can be im-
proved by adding lexical features (see section 7.5).

It is difficult to compare our system with existing systems, since our system
is the first one to be applied to Dutch texts. Moreover, our data format, data size
and evaluation methods (separate test/train/develop setsversus LOO) are different
from earlier research. However, to put our results somewhatin perspective, we
looked at the performance of state-of-the-art SRL systems for English.

The CoNLL shared tasks provide an excellent source of information on English
PropBank SRL systems that use features extracted from binary phrase structure
trees. The best performing system that participated in CoNLL 2005 reached an F1
of 80. There were seven systems with an F1 performance in the 75-78 range, seven
more with performances in the 70-75 range and five with a performance between
65 and 70.

A system that did not participate in the CoNLL task, but stillprovides interest-
ing material for comparison since it is also based on dependency structures, is the
Hacioglu (2004) system. This system scored 85,6% precision, 83,6% recall and
84,6 F1 on the CoNLL data set, which is even higher than the best results pub-
lished so far on the PropBank data sets (Pradhan et al. 2005):84% precision, 75%
recall and 79 F1. These results support our claim that dependency structures can
be very useful in the SRL task.

7.5 Conclusion & Further work

The results reported here, provide a first insight into the possibilities and prob-
lems of semantic role classification in a Dutch corpus based on Alpino depen-
dency structures. Although several improvements can be made, the first results are
encouraging.

One possible improvement consists in the addition of semantic features to the
feature set used by the classifier. Examples of such featuresare the subcategoriza-
tion frame of the predicate and the semantic category (e.g. WordNet synset) of
the candidate argument. We expect that such semantic features will improve the
performance of the classifier for certain types of verbs and arguments, especially
the lower numbered arguments ARG0 and ARG1. For example, a typical type of
classification error we encountered was related to verbs that can have a subject
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position filled by a theme (ARG1) instead of an agent (ARG0), such asbeginnen
(”to begin”):

(1) [Het boekArg1 ] begint met een korte inleiding.
“The book begins with a short introduction”

Another example of a possible use of lexical semantic information concerns tem-
poral and spatial modifiers (ARGM-TMP and ARGM-LOC respectively). At the
moment, the only available lexical information about such modifiers in our feature
set, is the head word of the corresponding preposition. In most cases however, the
head word alone is not sufficient to disambiguate the preposition’s meaning. For
example, the Dutch prepositionovercan either head a phrase indicating a location
or a time-span. The semantic category of the neighboring noun phrase might be
helpful in such cases to choose the right PropBank label. Thanks to new lexical
resources, such as Cornetto (Vossen 2006), and clustering techniques based on de-
pendency structures (Van de Cruys 2005), we might be able addlexical semantic
information about noun phrases in future research.

Performance of the classifier can also be improved by automatically optimiz-
ing the feature set. The optimal set of features for a classifier can be found by
employing bi-directional hill climbing (van den Bosch et al. 2004). There is a
wrapper script (Paramsearch) available that can be used with TiMBL and sev-
eral other learning systems that implements this approach4. In addition, iterative
deepening (ID) can be used as a heuristic way of finding the optimal algorithm
parameters for TiMBL.

Finally, it would be interesting to see how the classifier would perform on
larger collections and new genres of data. The follow-up of the D-Coi project will
provide new semantically annotated data to facilitate research in this area.
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Evaluating deep syntactic
parsing

Using TOSCA for the analysis of why-questions
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Abstract

Previous research has shown that the high level of detail in syntactic trees produced by
the TOSCA parsing system (Oostdijk 1996) is beneficial towhy-question answering (QA)
(Verberne et al. 2006b). TOSCA is an interactive system, i.e. it needs human verification
after automatic tagging and parsing. Since only manually corrected TOSCA output has
been offered to thewhy-QA system until now, TOSCA needs extrinsic evaluation of its use
in the why-QA system. In this paper we present a necessary step towardsit, namely an
intrinsic evaluation of the performance of TOSCA onwhy-questions, which also enables us
to trace elements in the parser that leave room for improvement. The evaluation shows that
the modularity of the current TOSCA system has a dramatic effect on its performance: Tag-
ging errors and missing syntactic markers radically decrease the coverage and the Parseval
scores. Applying the Leaf-Ancestor Assessment metric for parser evaluation, we conclude
that the level of detail does not really affect parser accuracy. This stimulates the automatic
use of the parsing component in TOSCA for the purpose ofwhy-QA. A new version of
TOSCA is under construction, in which the level of detail in the parses is maintained, while
there is no longer a need to separately provide POS tags or insert any syntactic markers.
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8.1 Introduction

In the field of computational linguistics parsers have been developed for generating
syntactic analyses. Evaluating parser performance is useful for locating elements
of the parser that leave room for improvement. If a parser is not applied for the
purpose of a language technology application, evaluation is typically intrinsic, i.e.
measuring the performance of a parser in the framework it is created in by com-
paring parser output to a truth at the right hand, a gold standard. This type of eval-
uation differs greatly from extrinsic evaluation, where the benefit of the parser to
a language technological application is established. In this paper, we undertake an
intrinsic evaluation of (the performance of) a parsing system designed for linguis-
tic purposes – more specifically for the linguistic annotation of text corpora – that
is being employed in awhy-question answering system (Verberne et al. 2006b).
In doing so, we can (1) facilitate extrinsic evaluation of the parsing system in the
context ofwhy-QA, and (2) formulate suggestions for a future version.

NOFU,TXTU ()
UTT,S (act,indic,intens,inter,pres,unm)

A,AVP (inter)
AVHD,ADV (inter) – Why

INTOP,LV (indic,intens,pres) –are
SU,NP ()

DT,DTP ()
DTCE,ART (def) –the

NPHD,N (com,plu) –attorneys
NPPO,PP ()

P,PREP () –for
PC,NP ()

DT,DTP ()
DTCE,ART – (def) –the

NPHD,N (com,sing) –Bush administration
CS,AJP (prd)

AJHD,ADJ (prd) –present
AJPO,PP ()

P,PREP () –at
PC,NP ()

DT,DTP ()
DTCE,ART (def) –the

NPHD,N (com,sing) –hearing
PUNC,PM (inter,qm) –?

Figure 8.1: Example of TOSCA output for the questionWhy are the attorneys for the Bush
administration present at the hearing?

The parser examined in the present study is the TOSCA system (Oostdijk
1996), an interactive syntactic parser that yields very detailed analyses of English
text. An example of a syntactic analysis by TOSCA is presented in Figure 8.1.
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TOSCA analyses are constituency trees and essentially include three types of in-
formation: (1) information pertaining to the categorial realization of constituents
(e.g. article, noun phrase, clause), (2) information aboutthe functional role of a
constituent (e.g. prepositional complement, subject) and(3) additional informa-
tion (for example about the word order observed or the subclass of particular word
class) which is presented in the form of attributes. The three levels of analysis
interfere with each other: Incorrect categories and/or attributes may lead to the
erroneous assignment of function labels to constituents, for instance because the
distribution of thematic roles (e.g. direct object) depends on verb transitivity.

The TOSCA system consists of two automatic components, being a part-of-
speech (POS) tagger and a parser. In the current paper, the terms ‘tagger’ and
‘parser’ are only used to indicate these particular automatic components, while
the total system in which both are embedded is referred to as ‘TOSCA’ or the
‘(TOSCA) system’. Input to the system are text inputs that usually take the form of
sentences. These are tagged automatically with part-of-speech (POS) information.
The POS tagger is probabilistic and has been trained on a manually annotated cor-
pus. The probabilities are based on the frequency of observed word classes and the
immediate context (trigrams) of each individual token in the corpus. The tag set is
elaborate; it includes the basic word classes such as ‘article’, ‘preposition’, ‘noun’,
etc., but also further subclassifications for most word classes. ’Verbs’, for exam-
ple, can be subdivided according to their complementation type (transitivity) and
form (tense, mode and number) (van Halteren and Oostdijk 1993). The human an-
alyst working with the system verifies whether with each of the tokens in the input
string the correct tag is associated. Moreover, where required, the analyst inserts
syntactic markers that help reduce the degree of ambiguity of highly ambiguous
strings such as prepositional phrases and coordinated constituents. The unambigu-
ously tagged input along with the syntactic markers that have been added is then
submitted to the parser. The parser is rule-based and the formal grammar under-
lying it is based on the descriptive system proposed by Aartsand Aarts (1982),
which is an adaptation of the English grammar by Quirk et al. (1972). Erroneously
selected POS tags greatly influence the range of possible syntactic structures that
can be yielded by the parser. The monotransitive form ofdeclinein Why did the
Cincinnati Public schools decline to carry the program?, for example, might be
incorrectly tagged as an intransitive verb. Consequently,the clauseto carry the
programcannot be classified in any of the available syntactic structures because
the verb attribute ‘intransitive’ prevents the assignmentof the correct function to
this direct object. Since the parser has no knowledge of the contextual (i.e seman-
tic, pragmatic and extra-linguistic) knowledge that is called upon, it generates all
possible syntactic analyses. However, it includes a penalty system that favours
certain intuitively more appropriate analyses than others. It prefers, for example,
unmarked word order over marked word order. Still a number ofparses with equal
penalties may remain, from which the human analyst is expected to select the
one correct analysis for storage in a linguistic database. For more details on the
TOSCA system, the reader is referred to van Halteren and Oostdijk (1993).

Previous research has already indicated that the deep linguistic information
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provided by the TOSCA parses is useful for thewhy-question answering system
currently under construction at the Radboud University Nijmegen (Verberne et al.
2006b). Until now only manually corrected TOSCA output has been offered to the
system. The intrinsic evaluation presented here is the firststep towards a necessary
extrinsic evaluation of the use of TOSCA in thewhy-QA system. Consequently,
the data used consists ofwhy-questions solely. For the purpose of discovering
items open to improvement, the pipelined design of the TOSCAsystem and the
descriptive model of the parser need to be evaluated. Therefore, the aim of the
present study is two-fold:

1. to evaluate the separate stages in the analysis process (POS tagging, tag
selection and marker insertion, parsing and parse selection) and the way in
which errors in one stage affect subsequent stages;

2. to evaluate the descriptive model used by the TOSCA grammar (incl. cate-
gories, functions and attributes and the interaction between these).

The structure of this article is as follows: The evaluation of the separate stages
used in arriving at the contextually appropriate analysis for a given string is pre-
sented in section 8.2. Section 8.3 concerns the evaluation of the descriptive model
of the grammar underlying the parser. Section 8.4 contains our overall conclusion
and suggestions for future research.

8.2 Evaluation of separate parser modules

In the introduction the TOSCA system has been described as aninteractive sys-
tem. In this section we investigate the performance obtained in the different stages
in the analysis process: (1) automatic tagging, (2) manual tag correction and syn-
tactic marker insertion, (3) automatic parsing and (4) manual parse selection. To
establish the effect of inaccuracies on subsequent steps, we skip over the stages
requiring human intervention and evaluate the eventual parser output.

8.2.1 Data

As mentioned in the introduction, the data set consists ofwhy-questions solely.
Why-questions can be defined as interrogative sentences with the interrogative ad-
verb why or one of its synonyms in (near) initial position. Despite the fact that
several data sets have been developed for the purpose of question answering (QA),
none of them was suitable for developing and testing a systemfor why-QA. There-
fore, Verberne et al. (2006a) developed a data set by asking native speakers of
English to formulatewhy-questions to thirteen different newspaper texts, with the
explicit mention that the answer to the question should be present in the text. We
decided to use a subset of these data for the evaluation of TOSCA. Of the first
six texts we included all 138 unique questions in our data set, supplemented with
another 100 questions randomly selected from the other seven texts, thus leading
to a data set consisting of 238 questions. It was not feasibleto use all available
why-questions because creating gold standard parse trees is very time consuming.
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For the purpose of evaluating the separate contributions ofthe system’s com-
ponents, we derived three data sets from the 238 questions: (1) a gold standard
(from now on referred to as ‘GOLD’), (2) a semi-automatic output (‘SEMI’), in
which we applied tag correction and manual insertion of syntactic markers, and
(3) a fully automatic output (‘AUTO’), in which only the two automatic compo-
nents (POS tagger and parser) are used. Using the interactive TOSCA system we
developed GOLD. For questions that could not be parsed despite our interven-
tion after the tagging and parsing stages, we manually created gold standard trees.
SEMI has been obtained by employing the interactive TOSCA system as it was
meant up until the actual parsing process. Often, the parserproposed more than
one possible syntactic analysis. The order in which these parses are presented is
not based on linguistic theory but depends on the system’s procedure of passing
through the grammatical rules. For SEMI, we always saved thefirst proposed tree,
which is neither ranked first nor completely randomly selected by the parser. To
create AUTO, the list of tags proposed by the POS tagger and the first tree pro-
posed by the parser were left unchanged. In this set-up no syntactic markers are
inserted because this would involve changing the system (the insertion of syntactic
markers presently requires manual intervention on the partof the human analyst;
the alternative of producing a script that guesses the location of the markers would
be possible, but would alter the system).

8.2.2 Method

SEMI and AUTO can be used for evaluation of the separate stages in the analysis
process. An investigation of the outputs obtained while having the system operate
fully automatically enables us to establish the effect thatomitting tag correction
and marker insertion, and refraining from parse selection (ranking) has on the
eventual parser output, or put differently, the implications of corruptions in the
parser input on parser performance.

We evaluate both the coverage of the parser and the quality ofits output. In
order to measure the robustness of the parser, we calculate the proportion of ques-
tions for which the parser was able to produce output (the coverage) for both SEMI
and AUTO. We then try to find explanations for uncovered questions. In order to
measure the quality of the parser output, we use Parseval, which is the common
metric for evaluation of the quality of constituency trees.Parseval is also referred
to as GEIG (Black et al. 1991). Parseval’s evaluation methodis based on lining
up the brackets delimiting constituents. A sentencea b cwith a gold standard[a
b] c for instance, is considered not structurally consistent with an outputa [b c],
because there is a crossing error (Black 1993). In addition to the average number
of crossing brackets, precision and recall are calculated.The precision is a ratio of
the number of correct brackets in the system’s parse to the total number of brackets
in the system’s parse, while the recall is a ratio of the number of correct brackets in
the system’s parse to the total number of brackets in the goldstandard. Following
van Rijsbergen (1979), the F-score can be calculated, whichrepresents the har-
monic mean of precision and recall. Since Black (1993), the Parseval metric has
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been extended. Magerman (1995) has decided to include the assignment of labels
in the metric. For example, if the gold standard is[PP [P a] [NP b]] [VP c] and
the parser output[ADV a] [VP [V b] [V c]] , the evaluation is based on compar-
isons of the location of the brackets as well as the choice of labels. This has led to
the measures ‘labelled precision’ and ‘labelled recall’.

Drawbacks of the Parseval metric are that it tends to favour minimal struc-
ture (Carroll et al. 1998) and that misattachments are penalised more than once
(Lin 1995). The former can be explained by the fact that the more brackets there
are, the more errors can be made. For the latter the reader is referred to Lin’s
(1995) example on PP-attachment, where a single error is penalised three times.
The objections to Parseval have led to the development of various depencency-
based parse evaluation methods (e.g. Lin 1995, Carroll et al. 1998). Since TOSCA
is a constituency-based parser, the TOSCA output would haveto be transformed
into a uniform format convenient for the method used if we decided to use a
dependency-based evaluation method. This would increase the risk of making er-
rors and thereby decrease the performance reached. Furthermore, most of the rich
syntactic information provided by TOSCA will be lost in the transformation, while
we intend to use an evaluation method capable of dealing withthe high degree of
detail in the trees. Therefore, dependency-based methods are not suitable for the
present evaluation. Fortunately, the Parseval metric has benefits that justify its use
for the present evaluation, namely the fact that it is commonly employed in parser
evaluation and that it enables dealing with the three types of information provided
by TOSCA, as previously mentioned: categories, functions,and attributes. Fol-
lowing Parseval, we are able to determine the average numberof crossing brackets
and the labelled precision, recall and F-score for all threetypes separately, and
average them. Averaging seems the best method to get to a single score, because
multiplying the scores would penalise related errors more than once. By com-
paring the scores obtained for SEMI and AUTO, we can draw conclusions on the
influence of errors in separate components on the eventual system output.

8.2.3 Results

The coverage, the number of perfect matches and the Parsevalscores are presented
in Table 8.1. From the set of 238 questions, TOSCA was able to parse 233 in
SEMI, and only 190 in AUTO. Of 233 questions in SEMI, 188 were aperfect
match to GOLD, compared to only 41 of 190 trees in AUTO. AUTO achieves a
lower precision and recall and has more crossing brackets than SEMI (the differ-
ences in Parseval scores are significant (p=0.000) following the independent t-test).
In AUTO, 84.5% of the POS tags including their specifications(e.g.V(intr, inf)) is
completely correct for this data set.

8.2.4 Discussion

The differences between SEMI and AUTO in Table 8.1 demonstrate that the ac-
curacy of the tags provided to the parser is essential for theperformance of the
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Table 8.1: Tag accuracy, coverage, perfect match and Parseval scores for SEMI and AUTO

SEMI AUTO
Tag accuracy 1.000 0.845
Coverage 0.979 (233 of 238) 0.798 (190 of 238)
Perfect match 0.807 (188 of 233) 0.216 (41 of 190)
Labelled Precision 0.960 0.794
Labelled Recall 0.957 0.772
Labelled F-value 0.959 0.783
Average nr crossing brackets 0.060 0.310

TOSCA system. This is obvious since the parser is designed soas to produce
(minimally) the correct parse on the basis of correctly tagged input. Erroneously
tagged input will cause the parser to fail to produce a correct parse. Thus human
intervention is required to manually correct any erroneoustags resulting from the
application of the POS tagger.

In more than 80% of the covered questions in SEMI, there is no need for the
human analyser to select the correct syntactic tree, since it is presented first (0.807
perfect match). Taking into account the fact that the parserdoes not include a
ranking procedure for trees that have obtained equal penalties during the parsing
process, we consider this percentage of perfect matches rather large. It encourages
a fully automatic use of the parser (i.e. the second automatic component of the
TOSCA system) for the purpose ofwhy-question answering.

Despite the fact that the parser is a wide-coverage parser intended to parse
unrestricted input, we found that for 5 questions in our dataset it was unable to
produce an analysis, even when provided with gold standard tags (SEMI). Two
questions included a coordination that apparently was too complex, another two
were problematic because of the percent symbol (%) and one question included
a date (April 26, 1990). For AUTO, the same problems occurred, except for the
last-mentioned, where a tree could be produced due to tagging errors. However, in
AUTO another 44 questions could not be parsed:

1. In 24 questions (54.5% of 44 uncovered questions), the proposed POS-tags
caused problems with the verb phrase. In some cases, the lexical verb was
not tagged as such and therefore was regarded missing by the parser. For
example, in the questionWhy did hundreds of thousands of peoplemarch in
Washington twice this year?), the lexical verbmarchwas erroneously tagged
as a noun. This leads to serious complications in function assignment. Other
problems in the verb phrase concerned the lack or surplus of finite verbs and
the inconsistency between the auxiliary and the tense of thelexical verb.

2. The lack of syntactic markers caused problems with coordination in 9 ques-
tions (20.5%), for exampleWhy is the decision expected by late Juneor
early July?, where the coordinated elementslate Juneandearly Julywere
not recognised as such by the parser because of the missing marks.
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3. In 8 questions (18.2%) there were problems with argumentsand comple-
ments that were not caused by the incorrect tagging of verbs.These cases
included instances where nouns were tagged as adverbs or adjectives caus-
ing problems in subjects and in prepositional phrases. Moreover, in some
cases, a word was incorrectly tagged as a subordinating conjunction, ex-
pecting a clause while there was none, as inwhy don’t they likethat idea?

4. In 3 questions there were problems with existentialthere(it was tagged as
a general adverb which was not possible at that location given the context),
for instance inwhy isthere resistance to the Classroom Channel?

The Parseval scores in Table 8.1 are significantly lower for AUTO than for
SEMI, meaning that the TOSCA analyses in this case are more erroneous. Taking
into consideration this finding and also the coverage, we canconclude that the
parser can only perform well if it is provided with accurate input. The parser is
not very robust in handling tagging errors and missing markers. As we observed
above, the parser will definitely fail to produce the correctanalysis if provided
with incorrect or incomplete input, while in some cases there will be no output at
all. Thus inaccurate input is always fatal when it comes to parse selection/ranking.

For this particular data set consisting ofwhy-questions only, the accuracy of
the input could be improved by training the (probabilistic)tagger on a large corpus
of why-questions, and guessing syntactic markers by use of a script. The bene-
fit of such solutions, however, depends on the size and uniformity of the data set
concerned. It is worthwhile to establish whether a different design of the parser
performs better, for example an integrated system in which the parser operates on
raw input and has direct access to a lexicon, rather than a highly modularised sys-
tem where POS tagging and tag selection are separate steps which are executed
independently of the parser. In such a design there would be no need for human
intervention since the parser would be able to negotiate thecorrect word class tags
for the tokens in the input all by itself. Presently, such a system is being developed.
The new TOSCA system is still designed to produce syntactic annotations for un-
restricted (correct) English which should include the one contextually appropriate
analysis for a given input string. Since more than one analysis may be produced
by the parser, the system also includes a selection tool which the human analyst
can use to make the appropriate selection.

8.3 Evaluating the descriptive model: categories, functions and attributes

As mentioned earlier, the TOSCA parser produces detailed syntactic analyses, in-
dicating categories, functions and attributes. In this section we investigate the
parser accuracy on all three types of labels, taking into consideration that the types
are interrelated. For example, if the transitivity associated with the verb is in-
correct, the subsequent assignment of syntactic roles is bound to be problematic
(the parser will either fail completely or at least fail to assign the correct function
labels). Investigating how accurate the parser is with eachof the types of informa-
tion helps us in establishing whether the level of detail of the parser output does
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not lead to more complications than benefits. In this way, we are able to evaluate
the descriptive model of the grammar underlying the TOSCA parser.

8.3.1 Data and method

For the evaluation of the different levels of information produced by the TOSCA
parser we use the SEMI data we created for the evaluation of the pipelined design
of the whole TOSCA system in the previous section. This data set consists of the
233 questions for which the parser was able to produce output. Moreover, we reuse
the gold standard (GOLD) we have already developed.

The Parseval metric applied in section 8.2 provides us with several quality
scores for each question, but is not helpful in pinpointing where exactly the errors
are made. Therefore, we employ the approach proposed by Sampson et al. (1989),
and further discussed by Sampson (2000), which is Leaf-Ancestor Assessment
(LA). A possible drawback of applying different metrics of evaluation is that their
notions of the degree of correctness can vary from question to question, i.e. a
question can reach a high score in the one metric and a rather low in the other.
Sampson and Babarczy (2003) have compared the Parseval labelled F-score and
the LA score and concluded that there is only a small correlation. However, we
will show in the next section that the judgements of the two metrics are highly
correlated for our data set of 233why-questions. An explanation for the fact that
the two metrics are more similar for our data set than they were for Sampson and
Babarczy’s (2003) data is that our data set is more uniform because all instances
are why-questions. The high correlation allows us to employ LA herewithout
running the risk of presenting results that largely divergefrom those presented in
the previous section.

The calculation of the LA score can best be explained by meansof an example.
Figure 8.2 shows a syntactic tree of the questionWhy are 4300 additional teachers
required?, in which 4300 additionalandteachershave been incorrectly analysed
as two separate NP’s.
Starting from a terminal element, i.e. a leaf in the tree, onemoves up in the tree
and registers each node label of the desired information level until one reaches the
root of the tree. If necessary, squared brackets are inserted in the label sequence to
delimite branches with multiple nodes. For4300 additional, for example, the cate-
gory label sequence isNUM NP S TXTU. Similarly, a category label sequence can
be determined for4300 additionalin the correct syntactic analysis, which should
include brackets because4300 additional teachersis a multi-node branch:NUM [
NP S TXTU. The two label sequences are then compared by applying the minimum
edit distance, where deletion and insertion have a penalty of 1, and substitution a
penalty of 2. The minimum edit distance for the two label sequences mentioned
is 1 (being a deletion of the bracket). The LA score is calculated by subtracting
the minimum edit distance from the total number of labels (including brackets)
in output and gold standard together, and dividing this again by the total number
of labels and brackets. In the example the LA score is (9-1)/9= 0.89. Combin-
ing the scores for all terminal elements indicates the scorefor the whole sentence.
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NOFU,TXTU ()
UTT,S (act,indic,intens,inter,pres,unm)

A,AVP (inter)
AVHD,ADV (inter) – Why

INTOP,LV (indic,intens,pres) –are
SU,NP ()

NPHD,NUM (frac,sing) –4300 additional
CS,NP ()

NPHD,N (com,plu) –teachers
A,CL (-su,intr,pass,pastp,unm,zsub)

V,VP (indic,intr,pass,pastp)
MVB,LV (indic,motr,pastp) –required

PUNC,PM (inter,qm) –?

Figure 8.2: Example of a syntactic tree:Why are 4300 additional teachers required?

Likewise a score can be determined for the whole data set.
A disadvantage of this metric is the fact that errors in nodeshigh in the tree,

dominating many words, have more influence on the scores thanerrors in lower
nodes, dominating fewer words (Sampson et al. 1989, Sampson2000). The benefit
of Leaf-Ancestor Assessment is two-fold. Firstly, we use the minimal edit distance
component in the LA metric for (1) analysing the tree structure, and (2) analysing
the selection of categories, functions and attributes. Insertions and deletions indi-
cate that there are too few or too many nodes in the tree, denoting incorrect tree
structure. For example, there are too many labels for the verb required in Figure
8.2 due to the fact that it has incorrectly been parsed as a separate clause. Substitu-
tions involve instances where nodes have been labelled incorrectly. For example,
if the attribute ‘passive’ occurs instead of ‘active’, thisis a label error in passiv-
ity within the attribute type of information. Secondly, theLA scores obtained for
individual words or compounds can be used for listing those that fail most often,
i.e. those that have the highest proportion of scores lower than 1 (1 being a perfect
score). This helps in locating errors as well.

8.3.2 Results

Figure 8.3 shows a comparison between the Parseval labelledF-score and the LA
score for our data set, following the example in Sampson and Babarczy (2003).
The figure shows the scores for categories in the TOSCA outputbased on manually
verified tagged input (SEMI). The focus is on categories since those are the labels
that most other syntactic parsers produce. The correlationbetween the scores is
very high (0.94). Thus, contrary to conclusions in Sampson and Babarczy (2003),
both scoring metrics are highly correlated for our data set.The similarity pro-
vides us with enough support to use either method, dependingon which suits the
evaluation purpose best.

The LA scores for the TOSCA parses in SEMI are presented in Table 8.2. The
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Figure 8.3: Scores for 233 TOSCA parses based on edited input(SEMI), calculated by the
two metrics: Labelled F-score following Parseval and LA-score following Leaf-Ancestor
Assessment

differences between the scores for categories, functions and attributes are signif-
icant (p = 0.000 for all three pairs, following the paired (dependent) t-test). The
scores for categories are highest, those for functions lowest. As established in
the previous section, more than 80% (188 questions) of the parses are a complete
match of the gold standard.

Table 8.2: LA scores for TOSCA output in SEMI

Categories Attributes Functions Average
LA Score 0.988 0.983 0.976 0.982

Table 8.3 shows a list of words obtaining an LA score lower than 1 (being
the perfect score). The first number shows the proportion of occurrences with an
erroneous label sequence and the second the average LA scores obtained for all
occurrences of the word. The LA scores are the average of the scores obtained
for category, function, and attribute(s). We have only listed words that have a fre-
quency of at least five, of which at least a quarter has an imperfect label sequence.
This decision prevents inclusion of unique or rare words that have an imperfect
analysis: if a word occurs only once in the data set and its label sequence contains
an error, 100% of this word fails, which would undesirably position it high in the
list.
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Table 8.3: Words with an imperfect label sequence.

word prop. LA word prop. LA word prop. LA
than 0.60 0.80 dictionary 0.40 0.89 at 0.30 0.88
chefs 0.60 0.82 with 0.38 0.76 women 0.29 0.70
for 0.47 0.77 about 0.33 0.83 and 0.29 0.88
court 0.44 0.80 warming 0.33 0.88 up 0.25 0.81
supreme 0.43 0.79 rights 0.33 0.88 in 0.25 0.84
easier 0.40 0.68 global 0.33 0.91

8.3.3 Discussion

There are two indicators of tree structure in the LA metric, being the position of
brackets and the number of labels in the label sequences for each terminal ele-
ment. In 36 questions of the 233 in the data set, there was an error in the placing
of brackets. Brackets are only placed when a node has one or more sisters, so an
incorrect placement of brackets is a straightforward clue for erroneous tree struc-
ture. The other sign of imperfect tree structure is the lack or surplus of node labels
in a sequence. This was the case in the same 36 questions plus one other.

An example of an incorrect analysis is that yielded for the questionWhy are
films planned for release only overseas?, in which planned ... overseasis incor-
rectly parsed as a postmodifier of the nounfilms (figure 8.4). The wordplanned,
for instance, shows that the use of brackets fails and there is a lack of nodes (for
categories:LV VP [ CL NP S TXTUversus the gold standardLV VP S TXTU).
Both observations help in establishing that the tree structure is erroneous and in
locating in what part of the tree the errors occur.

Substitutions of node labels demonstrate incorrect label selection. They es-
pecially occur for the attributes and functions selected bythe TOSCA parser and
to a less extent for categories. In 7 questions, the clause tense was incorrect, for
instance by mistaking a progressive construction for a present participle construc-
tion. In a few other questions (3), there were problems concerning modality or
voice. Errors in the functions ‘subject’, ‘subject complement’, ‘direct object’ and
‘adverbial’ occur in 28 questions. Of these 28 questions, the transitivity of the
main clause (UTT,Swas wrong in 5 questions, in all of which a monotransitive
main clause was erroneously parsed as an intransitive one. Since the parser was
offered manually checked tags, the transitivity of the verbin the parse must be
correct. The problem is that the monotransitive verb is erroneously placed in a
subclause, making the subclause monotransitive and the main clause intransitive.
This again leads to an erroneous assignment of the function labels ‘subject’ and
‘adverbial’ to elements in the non-existent subclause. In 9questions, the question
wordwhywas incorrectly parsed as a subject complement instead of anadverbial.
Because of this the word order feature ‘pre-cs’ instead of ‘unmarked’ is selected,
meaning the fronting of a subject complement. The remaining14 questions in-
volving the functions mentioned have too diverse causes to describe them here.
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NOFU,TXTU ()
UTT,S (indic,inter,intr,pass,pres,unm)

A,AVP (inter)
AVHD,ADV (inter) – Why

INTOP,AUX (indic,pass,pres) –are
SU,NP ()

NPHD,N (com,plu) –films
NPPO,CL (-su,indic,intr,pass,pastp,unm,zero)

V,VP (indic,intr,pass,pastp)
MVB,LV (indic,motr,pastp) –planned

A,PP ()
P,PREP () –for
PC,NP ()

NPHD,N (com,sing) –release
A,AVP (gen)

AVPR,AVP (excl)
AVHD,ADV (excl) – only

AVHD,ADV (gen) – overseas
PUNC,PM (inter,qm) –?

Figure 8.4: Example of TOSCA output in SEMI for the questionWhy are the attorneys for
the Bush administration present at the hearing?

The word list in Table 8.3 enables us to locate difficulties inparsing the data
we used. Interesting is the large number of prepositions in this list despite the
fact that for the greater part, PP-attachment is determinedby syntactic markers
that we manually inserted prior to the parsing process. The list also shows word
groups that occur in the same questions. The wordsdictionary, easierandthan,
for instance, are all used in questions posed to a newspaper text about compil-
ing a Spanish equivalent of the Oxford English Dictionary (OED). It appears that
though formulated by different native speakers of English,the questions have a
similar structure. This is likely to be caused by the design of the elicitation ex-
periment, where participants had access to the news paper texts while formulat-
ing questions to them. In questions to other texts, co-occurring words arecourt,
supreme, rightsandwomen, andwarmingandglobal. Employing a larger data set
with more syntactic and lexical diversity to verify whetherthe results at the word
level are representative forwhy-questions in general is beyond the scope of the
present evaluation.

Due to the level of detail in the TOSCA output, it is difficult to compare the
results to those obtained by other parsers and to establish abaseline. Often parsers
only provide categories in their hierarchical structures,which is also the infor-
mation level on which TOSCA reaches the highest LA scores. Functions are not
commonly included in syntactic analyses due to the fact thatthey are less obvious
to determine. This is confirmed by the lower LA scores for functions that have
been obtained by TOSCA. Although a comparison with either other parsers or a
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baseline cannot be made and not all three levels of information are equally suc-
cessful, we assume that the LA (0.982) and perfect match scores (0.807) are suffi-
cient to continue the use of the present descriptive model infuture versions of the
TOSCA parser. Furthermore, previous research has shown that the level of detail
of the TOSCA trees is beneficial to thewhy-question answering system (Verberne
et al. 2006b), and the presented results encourage the use ofthe automatic parser
in thewhy-QA system.

8.4 Conclusion and further research

In this paper we have presented an intrinsic evaluation of the TOSCA system,
which enabled us to pinpoint difficulties in the system and toformulate sugges-
tions for a future version of TOSCA. Moreover, the use ofwhy-questions as data
facilitate the extrinsic evaluation of TOSCA in thewhy-question answering sys-
tem.

TOSCA is an interactive parsing system that aims to yield deep linguistic anal-
yses. The output includes detailed syntactic information in the form of categories,
functions and attributes. The level of detail and the interdependence between the
different types of information in the descriptive model that is being used entails
the risk of causing a domino effect in which incorrect categories and/or attributes
lead to the erroneous assignment of function labels to constituents. When provided
with correct POS tags and post-edited input, however, more than 80% of the first
proposed TOSCA analysis is a perfect match of the gold standard. The parses ob-
tain an average LA score of 0.982. We consider the evaluationresults sufficient
to assume that the level of detail does not really affect the parse accuracy, and is
therefore justified in a future version of TOSCA as well.

The modularity of the current TOSCA system is fatal: Taggingerrors and miss-
ing syntactic markers in automatically obtained input radically decrease the cov-
erage, showing that the parser is not at all robust. Moreover, the Parseval labelled
F-scores for those questions that could be parsed were much lower (0.783) than
those reached when the tags are corrected and the necessary markers are inserted
(0.959). A new version of TOSCA is under construction, in which the level of
detail in the parses is maintained, while there is no longer aneed to separately
provide POS tags for the tokens in the input or insert any syntactic markers.

Since the principle adopted in parsing - yielding minimallythe one correct
analyses for a given input string - is held onto also with the new implementation
of the TOSCA system, the ranking of syntactic parses remainsa topic of interest.
Future research should be directed at investigating whether and how it would be
possible to rank the parses in such a way that the contextually appropriate one is
presented as the first one. A possible method to consider is the use of the outcome
of the parser evaluation applying the Parseval or LA metric.Each presented parse
could then be compared to the gold standard and ranked according to its accu-
racy score. Subsequently, machine learning algorithms could be employed to find
patterns on which general rules for parse ranking can be based. However, such
an approach demands a large annotated corpus that is not available at present and
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should therefore be constructed for this purpose.
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The automatic generation of
narratives

Mariët Theuney, Nanda Slabbersy, and Feikje Hielkemaz1yUniversity of TwentezUniversity of Aberdeen

Abstract

We present the Narrator, a Natural Language Generation component used in a digital sto-
rytelling system. The system takes as input a formal representation of a story plot, in the
form of a causal network relating the actions of the characters to their motives and their
consequences. Based on this input, the Narrator generates anarrative in Dutch, by carrying
out tasks such as constructing a Document Plan, performing aggregation and ellipsis and
the generation of appropriate referring expressions. We describe how these tasks are per-
formed and illustrate the process with examples, showing how this results in the generation
of coherent and well-formed narrative texts.

9.1 Introduction

Most natural language generation (NLG) systems are aimed at‘serious’ applica-
tions such as the generation of weather reports, instructions, descriptions of mu-
seum artifacts, etc. The automatic generation of narratives, however, is still a
largely unexplored subject. A notable exception to this is the work by Charles

1Feikje Hielkema carried out this work while she was at the University of Groningen.
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Callaway on STORYBOOK (Callaway 2000), a full-fledged NLG system for narra-
tive prose generation that can generate many different retellings of the same story
(Little Red Riding Hood). The input for STORYBOOK consists of a number of
plot arcs selected using user-specified parameters; the system was never coupled
to a digital storytelling system that could generate original plots. Other work ad-
dressing the generation of narratives is that by Lönneker (2005), who proposed
an architecture for a “narratologically enhanced NLG system” to be used in com-
bination with a story (plot) generator. However, this architecture has not been
implemented. One of few systems that have been actually implemented and used
as a language generation component in a digital storytelling system is PRINCE,
which is used as a front-end to the Proto-Propp plot generation system (Gerv́as et
al. 2005). Language generation in this system is based on templates and schema’s;
a distinguishing feature is its capacity to generate analogies (Herv́as et al. 2006).

In this paper we present another system for narrative generation: the Narrator,
the NLG component of the Virtual Storyteller story generation system. We discuss
its architecture and give an overview of how the different NLG tasks are carried
out. Then we discuss two example stories generated by the Narrator, followed by
some concluding remarks and pointers to future work. First,we briefly describe
the Virtual Storyteller, the storytelling system of which the Narrator is a part.

9.2 The Virtual Storyteller

The Virtual Storyteller2 is a multi-agent system that automatically creates fairy
tales. Story generation in the Virtual Storyteller takes place in three stages, each
handled by specialized agents.

The first stage isplot generation, which is based on the actions of semi-
autonomous character agents in a simulated story world. These agents can reason
logically and make plans to achieve their personal goals. Inreaction to events and
objects, they can experience emotions such as joy and distress, love and hate, and
their subsequent actions are influenced by these emotions (Theune et al. 2004).
Note that this is a so-called ‘emergent narrative’ approach(Aylett 1999) where
stories are created by the characters, not based on a pre-authored plot or a story
grammar.

During plot generation, a formal representation of what happens in the story
world is constructed, called the Fabula (Swartjes and Theune 2006). When all
events in the Story World have played out, the Fabula is passed on to the next
stage: narration. This part of the story creation process is carried out by the
Narrator agent, which maps the Fabula to a Dutch text using knowledge about
discourse structure and Dutch syntax and morphology. In therest of this paper,
the workings of the Narrator will be discussed in some detail. The third and last
stage ispresentation: an embodied agent representing a human storyteller presents
the narrative to the audience using text-to-speech. Our work on the generation of
speech with a storytelling speech style is described in Theune et al. (2006b) and
will not be discussed here.
2http://wwwhome.cs.utwente.nl/˜theune/VS/index.html
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9.3 The Narrator architecture

The design of the Narrator is based on the pipe-lined NLG architecture described
by Reiter and Dale (2000), who distinguish three stages in the NLG process:

1. Document planning: determining what is to be said, and creating an ab-
stract document specifying the structure of the information to be presented.

2. Microplanning : fleshing out the document specification by the generation
of referring expressions, lexicalisation (word choice), and aggregation.

3. Realisation: converting the abstract document specification to real text, us-
ing knowledge about syntax, morphology, etc. In addition, mark-up may be
added for use by external components.

Figure 9.1 shows the global architecture of the Narrator. Ithas three modules,
corresponding to the three NLG stages described above: a Document Planner, a
Microplanner and a Surface Realizer. The Document Planner receives a Fabula
as input and turns it into a Document Plan, consisting of plotelements linked
by rhetorical relations. The Microplanner converts the Document Plan into a so-
calledRhetorical Dependency Graphby mapping the plot elements to partially
lexicalised Dependency Trees. Finally, the Surface Realizer performs syntactic
aggregation and the generation of referring expressions, and also takes care of
linearization, morphology and punctuation to produce a proper surface form.

Figure 9.1: Architecture of the Narrator
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The architecture of the Narrator deviates from the ‘standard’ NLG architecture
of Reiter and Dale (2000) in that we situate syntactic aggregation in the Surface
Realizer, whereas Reiter and Dale see aggregation as a Microplanning task. Cahill
and Reape (1999) investigated the architecture of over twenty NLG systems and
found that the location of the aggregation process varied widely across these sys-
tems. This divergence is partly caused by the fact that many,quite different pro-
cesses are gathered under aggregation (Reape and Mellish 1999). However, in the
Narrator we only focus on syntactic aggregation, which deals with grammatical
processes and therefore in our view should be situated in theSurface Realizer. A
consequence of this decision is that the generation of referring expressions is also
located in the Surface Realizer: it would not be efficient to generate referring ex-
pressions that are at risk of later being deleted during ellipsis (which is part of the
aggregation process). More importantly, to generate pronouns, the exact position
of their antecedents has to be known.

9.4 Document Planning

The input for the Document Planning stage of the Narrator is aFabula (Swartjes
and Theune 2006): a causal network representing the story that emerged from the
actions of the character agents in the story world. The Fabula does not form a com-
plete network of everything that happened in the course of the story, but captures
only those elements that have either a cause or an effect. Ourmodel of Fabula
structure is an adapted version of the story comprehension model of Trabasso et
al. (1989). It has been implemented as an OWL ontology3 and includes the fol-
lowing plot elements: actions, events, perceptions, goals, outcomes of goals, and
characters’ ‘internal elements’ such as emotions and beliefs. The possible rela-
tions between these plot elements are motivation, enablement, mental and physical
cause relations. Also, each plot element is associated witha time stamp (in terms
of discrete, virtual time steps in the story world) from which temporal relations
between elements can be derived.

The Document Planner receives a Fabula as input and turns it into a Document
Plan by mapping the causal links to appropriate rhetorical relations, removing ir-
relevant information and adding background information when necessary. We will
illustrate this using the (simplified) example Fabula givenin Figure 9.2. This Fab-
ula represents a simple story about a dwarf who is hungry and believes there is an
apple in the house. Combined, these two internal elements give rise to the goal to
eat the apple. To achieve this goal, the dwarf carries out a simple plan: to take the
apple and then eat it. Eating the apple leads consecutively to the perception and
the belief that the apple has been eaten, which means a positive outcome for the
original goal. Because the Fabula contains several elements that are relevant for
plot generation but not for narration, the first step of the Document Planner is to
prune away this irrelevant information. A typical example of this is the perception-
belief-positive outcome chain following the action of eating the apple in the exam-
ple Fabula: for the narration it is sufficient to mention onlythat the action was

3http://www.w3.org/TR/owl-features/



The automatic generation of narratives 135

carried out, leaving it to the reader to infer the rest. Negative outcomes, however,
are never pruned as these are generally quite relevant for the story.

Figure 9.2: Example Fabula. (IE = internal element, G = goal,A = action, P = perception, O
= outcome, = physical cause, e = enablement, m = motivation,� = psychological cause)

The next step is to convert the pruned Fabula to a binary tree and to replace the
causal links with appropriate rhetorical relations, inspired by Rhetorical Structure
Theory (RST) (Mann and Thompson 1987). The basic set of rhetorical relations
used in the Narrator are Cause, Contrast, Temporal and Additive relations, with
more specific relations such as Purpose and Elaboration as their subclasses.4 When
mapping the relations in the Fabula to rhetorical relations, consecutive steps of a
plan are connected using a Temporal relation; motivation and psychological cause
relations are mapped to Volitional Cause relations, and enablement and physical
cause relations are mapped to Non-volitional Cause relations. Additive is the most
general relation. It is used if two plot elements together cause another plot element,
and more in general to connect two plot elements in the Document Plan if no
more specific relation holds between them. The automatic assignment of Contrast
relations is a subject of ongoing research.

The final step is to extend the Document Plan with informationthat is relevant
for Narration, but which is not specified in the Fabula. Examples are informa-
tion about the setting (introducing characters and locations) and information on
the properties of characters and objects. In Figure 9.3, which shows the Document
Plan corresponding to the Fabula from Figure 9.2, such addedelements are shown
in grey: a Setting element introducing the protagonist, connected via an Elabora-
tion relation with an element specifying the protagonist’sname. These added plot
elements stand in a ‘Temporal-once’ (Once upon a time...) relation to the other
elements; this particular relation was added specifically for the fairy tale domain.5

4Penning and Theune (2007) show that almost all cue words found in fairy tales fit into these classes.
5As pointed out by one of our reviewers, it might be more appropriate to classify this relation as Back-
ground. However, since it is used only for this one construction, its exact classification is somewhat
academic.
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Figure 9.3: Document Plan based on the example Fabula from Figure 9.2.

9.5 Microplanning

The Microplanner maps the plot elements in the Document Planto partially lexi-
calised Dependency Trees. We call the result aRhetorical Dependency Graph: a
graph (or rather, tree) structure with Dependency Trees expressing simple propo-
sitions as leaves, and rhetorical relations connecting them as nodes. Dependency
Trees are an attractive formalism for use in the Narrator, inparticular for the pur-
pose of aggregation and ellipsis (see Section 9.6), becauseof the independence of
word order, and the dependency labels that specify which role a node performs in
its parent syntactic category.

In order to convert plot elements to Dependency Trees, sentence templates have
been created that specify exactly how the arguments of the plot element should ap-
pear in the Dependency Tree. In total, over 30 different templates are currently
available to express actions, events, failed actions, settings, states, beliefs and per-
ceptions. Actions and events are expressed using a straightforward active voice
construction, with an optional PP argument to express instruments, e.g.,De rid-
der opende de poort (met een sleutel)(The knight opened the gate (with a key)).
Failed actions are expressed using a complex sentence withproberen(to try) as the
main verb, e.g.,De ridder probeerde de poort te openen(The knight tried to open
the gate). For internal states, we have standard constructions such asDe prinses
was bang(The princess was scared) andDe kabouter had honger(The dwarf was
hungry). In addition, templates are available for two specific storytelling-style
constructions that allow for the expression of high-intensity emotions: sentences
such asWat was ze gelukkig!(Oh, how happy she was!) andZe was nog nooit zo
gelukkig geweest!(She had never been so happy before!). Such information con-
cerning characters’ emotions is usually included as an Elaboration relation in the
Document Plan. Another specific storytelling constructionis used for the setting:
Er was eens...(Once upon a time, there was...). Various templates are available for
different goal types such as Attain goals, where the agens wants to perform some
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action or achieve some state (Hij wilde de appel opeten / gelukkig zijn / de appel
hebben) (He wanted to eat the apple / be happy / have the apple) and Sustain goals,
where the agens wants to maintain some existing situation (Hij wilde blijven eten
/ gelukkig blijven / de appel houden) (He wanted to keep eating / remain happy /
keep the apple).

Once the sentence templates are selected, the trees are partially lexicalised.
References to entities are not lexicalised, as this is part of the generation of refer-
ring expressions, which is done at a later stage. All other concepts are mapped
to Dutch words by the lexical choice algorithm, which makes use of a discourse
history to achieve some variation in wording, taking into account which words
have been used recently.6 The words added to the Dependency Trees are still un-
inflected, as morphology is taken care of during Surface Realization.

9.6 Aggregation

To achieve coherent output texts that are more than a sequence of simple sentences,
syntactic aggregation is applied to the trees in the Rhetorical Dependency Graph.
The aggregation algorithm goes through the graph depth-first, trying to combine
the Dependency Trees at the leaf nodes. If aggregation succeeds, the graph is
updated with a new, complex Dependency Tree replacing the original relation, and
the algorithm continues looking for relations to transform.

The syntactic aggregation process consists of three steps.First, based on the
rhetorical relation between two Dependency Trees, an appropriate cue word is
selected that expresses this relation. Then, depending on the properties of the se-
lected cue word, the two Dependency Trees may be joined together using a specific
syntactic construction. Finally, the joined Dependency Trees are checked for re-
peated elements that can be ellipted. In the remainder of this section we briefly
outline these steps; a detailed description of the aggregation process is given in
Theune et al. (2006a).

For the purpose of cue word selection, a small taxonomy charting only the
most prevalent cue words in Dutch has been constructed, using a variant of the
substitutability test described by Knott and Dale (1994). The cue words are divided
into four main classes, signaling Cause, Temporal, Contrast and Additive relations.
Each of these classes is subdivided into more specific subclasses. A cue word from
a subclass can always be replaced by a more general cue word inthe same category.
We have insufficient space to show the taxonomy here, but the original taxonomy
(with 38 cue words) is given in Theune et al. (2006a), and an updated version (with
32 cue words) is presented in Penning and Theune (2007).

The rhetorical relation between two Dependency Trees in theRhetorical De-
pendency Graph determines which cue words (if any) can be used to aggregate the
trees. If the relation has no specific features licensing theuse of a specialized cue
word, a more general cue word is chosen. It is not necessarilythe most specific
applicable cue word that gets selected; discourse history plays a part as well. If a

6We use a small lexicon that was constructed specifically for our story domain and contains only a few
synonyms; for a more sophisticated approach to lexical choice using WordNet, see Hervás et al. (2006).
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cue word has been recently used, it is less likely to get chosen again. The selected
cue word determines the structure of the generated sentence(s). If the cue word is a
coordinator, a paratactic structure is created, i.e., a construction where two clauses
of equal status are coordinated. A new Dependency Tree is constructed with a root
labeled ‘CONJ’ (conjunction). Its child nodes are a coordinator (the cue word) and
two conjuncts (the Dependency Trees to be aggregated). If the selected cue word
is a subordinator, a hypotactic structure is created. If thecue word is an adverb, the
cue word is added to either the first or the second tree in the relation (depending
on the cue word), while the trees remain separate.

In the final step, ellipsis, superfluous nodes or branches areremoved from an
aggregated Dependency Tree. This only applies to paratactic trees, not to hypotac-
tic ones where one of the combined clauses is subordinated tothe other. First the
identical nodes (if any) in the aggregated Dependency Tree are marked. We use
unique identifiers to distinguish different instances of the same concept, so that
ellipsis is only applied to nodes with identical referents.When all identical nodes
(if any) have been found and marked, it is determined which operations are suit-
able, for example Conjunction Reduction, where the subjectof the second clause
is deleted. This operation is illustrated in Figure 9.4, expressing the Additive rela-
tion in the Document Plan of Figure 9.3. A corresponding surface string would be
something likeDe kabouter had honger en dacht dat er een appel in huis was(The
dwarf was hungry and believed there was an apple in the house). The other avail-
able forms of ellipsis are Gapping (deleting the main verb ofthe second clause,
e.g.,De prinses at een appel en de kabouter een peer) (The princess ate an apple
and the dwarf a pear), Right Node Raising (deleting the rightmost string of the first
clause, e.g.,De prinses ziet en de prins hoort de kabouter) (The princess sees and
the prince hears the dwarf), Stripping (deleting all constituents but one from the
second clause, and replacing them by the wordook (too), as inDe prinses houdt
van appels en de prins ook) (The princess loves apples and so does the prince)7

and Constituent Coordination (combining two non-identical constituents into one
and deleting the rest of the second conjunct in its entirety,e.g.,De prins en de
prinses houden van appels) (The prince and the princess love apples).

Figure 9.4: Dependency Tree with Conjunction Reduction.

The aggregation process is recursive in that an aggregated Dependency Tree

7Lit.: The princess loves apples and the prince too.
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can potentially be combined with another tree it stands in a relation to. However,
to keep the resulting sentences from getting too complex, weadded the restriction
that at most three simple Dependency Trees can be combined. In cases where this
restriction prohibits aggregation it is still possible to express the relation between
two Dependency Trees by adding an adverb such asvervolgens(then) orechter
(however) to the second tree. To express the maximum of relations, after the initial
traversal and transformation of the Rhetorical DependencyGraph, the algorithm
makes another pass through it and expresses some final relations by adding adverbs
to non-aggregated sentences.

We now illustrate the aggregation process using our exampleof the hungry
dwarf. Figure 9.5 shows the Rhetorical Dependency Graph corresponding to the
Document Plan from Figure 9.3, i.e., the same structure but with its leaves replaced
by Dependency Trees (here abbreviated using a number). First, the two leftmost
Dependency Trees D1 and D2 are combined. They are related by an Elaboration
relation, so D2 is attached to D1 as a relative clause. Since the resulting Depen-
dency Tree has a Temporal-once relation node as its parent, the cue phraseEr was
eens(Once upon a time) is also added to the tree. Next, D3 and D4 arecom-
bined, resulting in the tree shown in Figure 9.4. D5 does not have a sister it can be
combined with, so it is skipped in this pass through the tree.(Remember that the
algorithm moves from left to right through the Rhetorical Dependency Graph, so
D5 cannot be combined with its left sister at this point.) D6 and D7 are related by
a temporal relation, so they are combined into a hypotactic structure starting with
the cue phrasenadat (after). In a next pass through the Rhetorical Dependency
Graph, the algorithm adds an adjunct to D5: the cue phrasedaarom(therefore),
which expresses the causal relation of the aggregated Dependency Tree from Fig-
ure 9.4 (D3 and D4) to D5. An overview of the result is shown to the right in
Figure 9.5; the full text of the story is given in Section 9.9.

Er was eens D1 die D2
D3 en D4.
Daarom D5.
Nadat D6, D7.

Once upon a time, D1 who D2.
D3 and D4. Therefore D5.
After D6, D7.

Figure 9.5: Rhetorical Dependency Graph for the example story.

9.7 The generation of referring expressions

To decide whether a pronoun can be used to refer to a certain entity, or if it would
be better to use a noun, we use an algorithm that combines and extends those of
McCoy and Strube (1999) and Henschel et al. (2000). The algorithm is shown
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in Figure 9.6. Its input is the referentr for which a referring expression is to
be generated. It returns true if a pronoun should be used and false otherwise.
Sometimes, even when a pronoun can be used without ambiguity, it is preferable
to use a noun phrase for variation. An analysis of human-written fairy tales led us
to a number of conclusions about when a noun phrase is preferred over a pronoun:� At the beginning of a paragraph.� If the antecedent has not been mentioned for two sentences.� If a pronoun has been used a number of times (about four times)and the

referring expression is the first one in the sentence.

Also, it is undesirable to use a pronoun when the referring expression should
include additional information (e.g., information about the emotional state of a
character). This information should be expressed by an adjective or a relative
clause, which cannot be combined with a pronoun. If the aboveconditions do
not hold, the algorithm returns true if there is strong parallelism with the previous
clause or sentence (Chambers and Smyth 1998) or if the clausein whichr appears
stands in a Causal relation to the preceding clause (Kehler 2002). Otherwise the
algorithm bases its decision on the salience of the referent, which is computed
using the salience factors of Lappin and Leass (1994).

Pronominalize(r)
if first reference tor in current paragraph

or antecedent has not been mentioned for two sentences
or first reference in sentence and a pronoun has been used 4 times
or referring expression should contain a relative clause
or adjective should be added (determined by the Document Planner) then
return false

end if
if r has not been mentioned in current sentencethen

if strong parallelism with previous sentencethen
return true

end if
else

if strong parallelism with first clause
or r appears in causal relationthen
return true

end if
end if
if r has highest salience value then

return true
end if
return false

Figure 9.6: Algorithm used for pronominalization choice.
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If a noun phrase is to be generated, the first step is to decide whether the name
of the entity should be used or not (assuming the entity has a name). This decision
is made randomly; 25% of the generated references use the name and the other
75% use a description. If the algorithm decides to generate areferring expression
containing the entity’s name, there are still two possibilities: simply the name (e.g.,
Amalia), or a noun phrase containing the name (prinses Amalia) (princess Amalia).
The latter construction can only be used when the noun describes a function, such
as princess, king or knight. If this is the case the algorithmincludes the noun,
otherwise it will only generate the name.

If a regular noun phrase is used instead of a name, first a noun has to be se-
lected. To have some variation in the generated texts, for some concepts we have
stored some synonyms in the lexicon: a preferred entry (the most commonly used
word for that concept) plus one or more additional entries that will only be used
occasionally. An example is the concept ‘king’ with the Dutch wordkoningas the
preferred entry and the wordvorstas an additional entry, which will only be used
when the wordkoninghas been used a number of times in a row. In addition, for
some concepts hypernyms are available that can be used for variation once in a
while. For example,De ridder sloeg de prinses. Het meisje huilde(The knight hit
the princess. The girl cried).

After having selected the noun, three types of adjectives can be added to it:

1. Distinguishing adjectives, which are necessary in orderto create an unam-
biguous referring expression. These are selected using a slightly modified
version of the algorithm proposed by Krahmer and Theune (2002). When
introducing a new character all known properties of this character are added
to the referring expression, because they can be used as distinguishing ad-
jectives later in the story.

2. Adjectives describing a character’s internal state.
3. Adjectives that only have a decorative function. These adjectives are only

added if the object to be described has no specific propertiesexcept its basic
type; for example gates and bridges. The Narrator agent maintains a list
of adjectives that can be used to ‘spice up’ the description of such objects,
returning clich́e expressions such aseen zware poort(a heavy gate).

The final step of the noun phrase generation algorithm is choosing a determiner
and adding this to the noun phrase generated so far. To this end an entity history is
maintained. When an entity is mentioned for the first time, anindefinite article is
used, and when the entity has been mentioned before, a definite article is used.

The algorithm described above can also create noun phrases that express rela-
tions of the referent with other objects, such asde poort van het kasteel(the gate
of the castle). For the description of the related object, the noun phrase algorithm
is applied recursively. In some of these cases, however, therelation can be easily
inferred and it would be more appropriate not to mention it explicitly. For exam-
ple, when the castle has already been mentioned, just sayingde poort(the gate)
is sufficient. Also, in some of these cases a definite article can be used for a first
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mention, since the entity in question (e.g., the gate) has already been evoked by
the mention of the related object (the castle), based on world knowledge (‘every
castle has a gate’). Such referring expressions are calledbridging descriptions. To
be able to generate this kind of description we have defined a number of inference
rules such as8x.Castle(x)! 9y.Gate(y)̂ Has(x,y), which are checked if a refer-
entr is related to another referentr0 that has been mentioned earlier. So ifr is a
gate andr0 is a castle that has been mentioned before, the algorithm then checks
if there is a rule specifying that an entity of the type ofr0 usually has an entity
of the type ofr. If this is the case, then it checks if there is another salient entity
that can also have an entity of the same type asr (so it checks if there is another
entity that can have a gate – note that this can be another castle, but also an entity
of a completely different type). Finally it checks if the entity r0 has exactly oner, in which case a definite article can be used; if this is not thecase an indefinite
article will be used. A similar strategy is used for references to unique entities
in the story; for example, in stories it is common to refer to aking asthe kingif
there is only one king in the story. Such definite descriptions can be generated by
checking if the Story World only contains one entity of this type.

9.8 Surface form generation

After aggregation and referring expression generation have taken place, the Sur-
face Realiser linearises the Dependency Trees. It traverses the trees depth-first, or-
dering the children of each node by grammar rules that use thesyntactic category
of the parent node and the dependency labels of the child nodes. For example,
the rule: SMAIN! SU + HD + OBJ1 states that if a parent node has syntac-
tic category ‘SMAIN’ (sentence) and three children with dependency labels ‘SU’
(subject), ‘OBJ1’ (direct object) and ‘HD’ (main verb), then those children should
be ordered in the above way. This particular rule would for instance be applied to
produce the sentenceDe prins zag Amalia(The prince saw Amalia). Any nouns,
adjectives and verbs are inflected at the moment they are linearised. Punctuation
is added once linearisation is complete.

This concludes our description of the language generation process in the Nar-
rator; more details can be found in Slabbers (2006).

9.9 Some example stories

After referring expression generation and surface realization have been applied,
our simple example story about the hungry dwarf is finally narrated as follows:

Er was eens een kabouter die Plop heette. Hij had honger en dacht
dat er een appel in een huis was. Daarom wilde hij de appel eten.
Nadat Plop de appel had opgepakt, at hij de appel.8

8Once upon a time there was a dwarf who was called Plop. He was hungry and believed there was an
apple in a house. Therefore he wanted to eat the apple. After Plop had taken the apple, he ate it.
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Note that the Referring Expression algorithm generates theindefinite noun
phraseeen huis(a house) instead of the bridging descriptionhet huis(the house),
which would have been more appropriate if the house in question was Plop’s house
(which seems a reasonable assumption). However, in this case the Narrator lacked
knowledge about the owner of the house and therefore produced a general descrip-
tion. Apart from this error, the output story is well-formedand coherent. But
it is also very simple, and therefore we also show a more sophisticated example,
generated from a hand-made Document Plan (shown in Figure 9.7). This input
Document Plan contains Contrast relations and paragraph boundaries that cannot
currently be generated automatically by the Document Planner, so this example
illustrates the output level that could be achieved by the Narrator (in particular, the
Microplanning and Surface Realisation components) once these remaining Docu-
ment Planning problems are resolved.

Figure 9.7: Initial Document Plan for the second example story.

Er was eens een mooie prinses, die Amalia heette. Een ridder van
een ver land was verliefd op haar, maar zij was verliefd op eenjonge
prins. De ridder was jaloers, dus hij wilde haar ontvoeren.

De prinses woonde in een groot kasteel. Op een nacht ging de ridder
naar het kasteel. Hij probeerde de zware poort te openen, maar die
was op slot.

Nadat de ridder in een hoge boom was geklommen, sprong hij de
slaapkamer van de prinses binnen. Zij was zo geschrokken, dat zij
hard schreeuwde, maar niemand hoorde haar.

De ridder pakte de prinses op en vervolgens zette hij haar op zijn
paard. Daarna bracht hij haar naar een oude en smalle brug. Aan
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de overkant zag zij de prins, op wie zij verliefd was. Wat was prinses
Amalia opgelucht!9

This example story illustrates most of the NLG tasks described above, such as
the addition of background information to the Document Plan(at the start of the
first and second paragraphs), choice of cue words and aggregation, pronominal-
ization and the expression of ‘decorative’ properties (een groot kasteel, een hoge
boom) (a big castle; a high tree) and the use of specific storytelling constructions.

9.10 Conclusions and future work

In this paper we have presented the Narrator, a natural language generation compo-
nent designed for use in a digital storytelling system, the Virtual Storyteller. The
Narrator has been implemented (in Java), but it has only beentested with hand-
made input structures, because parts of the Document Planner and of the Virtual
Storyteller’s plot generation component are still under construction. So far, the
only evaluations have been informal comparisons with the output of earlier ver-
sions of the Narrator.

The Narrator shows that the pipeline NLG architecture of Reiter and Dale
(2000) can very well be used for the generation of narratives. It employs so-
phisticated algorithms for NLG tasks such as aggregation and the generation of
referring expressions, enabling it to generate well-formed and fluent texts. This
stands in contrast to the output of most digital storytelling systems, which usually
consists of a straightforward mapping of plot elements to fixed expressions.

Unlike the STORYBOOK system (Callaway 2000), the Narrator cannot handle
typical properties of narrative prose such as multiple viewpoints or character dia-
logue, and neither does it employ the type of narratologicalknowledge as the nar-
rative generation architecture proposed by Lönneker (2005). However, it is capable
of generating several linguistic constructions that are typical for fairy tale-like sto-
ries, and some narrative generation tasks are currently being investigated. These
include the automatic placement of paragraph boundaries, detection of contrast re-
lations and the lexical expression of emotions (taking the intensity of the emotion
into account). Also, we would like to extend the Narrator so that it can also gen-
erate narratives in English. Since most algorithms and representations used in the
Narrator are language independent, we expect that this should be relatively easy
to accomplish by replacing the lexicon and the syntactic andmorphological rules
used for surface form generation.

Our main long-term challenge is to generate texts that are not only grammatical
and coherent, but that can also really affect the reader by employing narrative
9Once upon a time there was a beautiful princess who was calledAmalia. A knight from a far away
country was in love with her, but she was in love with a young prince. The knight was jealous, so he
wanted to abduct her.<P> The princess lived in a big castle. One night the knight went to the castle.
He tried to open the gate, but it was locked.<P> After the knight had climbed a high tree, he jumped
into the princess’ bedroom. She was so scared that she screamed loudly, but nobody heard her.<P>
The knight grabbed the princess and then he placed her on his horse. After that he took her to an old
and narrow bridge. On the other side she saw the prince whom she was in love with. Oh, how relieved
princess Amalia was!
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techniques such as the use of subjective perspectives to heighten identification,
and foreshadowing to increase suspense. Ablation tests in the style of Callaway
(2000) could then be used to evaluate the effect of such techniques.
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Abstract

In this paper on-going work of creating an extensive multilingual parallel corpus of movie
subtitles is presented. The corpus currently contains roughly 23,000 pairs of aligned subti-
tles covering about 2,700 movies in 29 languages. Subtitlesmainly consist of transcribed
speech, sometimes in a very condensed way. Insertions, deletions and paraphrases are very
frequent which makes them a challenging data set to work withespecially when applying
automatic sentence alignment. Standard alignment approaches rely on translation consis-
tency either in terms of length or term translations or a combination of both. In the paper, we
show that these approaches are not applicable for subtitlesand we propose a new alignment
approach based on time overlaps specifically designed for subtitles. In our experiments we
obtain a significant improvement of alignment accuracy compared to standard length-based
approaches.
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10.1 Introduction

The value of parallel corpora has been shown in various NLP applications and
research disciplines. Some of them are data-driven machinetranslation (Brown
et al. 1993, Brown 1996), multilingual lexicon/terminology extraction (Gale and
Church 1991, Smadja et al. 1996, Hiemstra 1998, Gaussier 1998, Tufis and
Barbu 2001), word sense disambiguation (Ide 2000, Diab and Resnik 2002) and
general translation studies (Johansson 2002) to mention just a few. However, in
contrast to monolingual language corpora there are still only a few parallel corpora
available especially ones containing more than two languages. Often they origi-
nate from specialized domains such as legislation and administration or technical
documentation and cover only a few “high density” languages. On the other hand,
the amount of translated documents is increasing on the Internet even for lower
density languages. In the past years several projects working on the collection of
multilingual material from the web have been reported (Resnik 1999, Tiedemann
and Nygard 2004).

One of the fastest growing multilingual resources are on-line databases of
movie subtitles. There is a huge demand for subtitles on the Internet and users
provide them to others in various languages via download services on-line. They
are available in form of plain text files for modern as well as for classical movies
and they are usually tagged with extra information such as language, genre, release
year, user ratings and download counts. Subtitles are different to other parallel
resources in various aspects: Most of them are (at least close to) transcriptions of
spontaneous speech. They include plenty of idiomatic expressions and slang. They
can easily be divided into different genres and time periods. There are even dif-
ferent subtitles versions (in the same language) for the same movie. Translations
are usually very free and show a lot of cultural differences.They are aligned to the
original movie and can therefore be linked to the actual sound signals. However,
subtitles often summarize spoken utterances instead of completely transcribing
them. Hence, they can also be used to study text compression and summarization
(Daelemans et al. 2004). To summarize the discussion, subtitle databases provide
a unique multilingual resource with various kinds of valuable information encoded
in the texts.

In the following we will concentrate on building a parallel subtitles corpus
from one on-line resource. In particular, we obtained the entire database of about
308,000 files fromhttp://www.opensubtitles.org , a free on-line col-
lection of movie subtitles in many languages. We are very grateful for the support
by the providers of this website.

The paper is focused on the alignment of sentences and sentence fragments
which is an essential step for building a parallel corpus. However, in the next
section we first discuss necessary pre-processing steps to clean up the original
database and to convert subtitle files into XML-based corpusfiles. Thereafter, we
describe the details of the sentence alignment approaches in detail applied to our
data. Finally, we present evaluations of the automatic alignment and provide some
conclusions and prospects for future work.
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10.2 Pre-processing

Pre-processing the original subtitle files is necessary because of several reasons:
First of all, the database entirely consists of user uploadsand, therefore, the content
is not as clean as we want it to be. For example, movies are sometimes not tagged
with the correct language, they are encoded in various character encodings, and
they come in various formats. In our corpus we require a consistent format in
a uniform encoding. In particular, we decided to use a simplestandalone XML
format and Unicode UTF-8. A sample output after all steps including tokenization
is shown on the right-hand side of figure 10.1. Pre-processing consists of the
following steps:

Subtitle format detection & conversion: We accepted two popular subti-
tle formats: SubRip files (usually with extension ‘.srt’) and microDVD subti-
tle files (usually with extension ‘.sub’). For the conversion to XML we re-
lied on the SubRip format which is more frequently used in thedatabase we
got. An example is shown in the left part of figure 10.1. microDVD subti-
tle files were converted to SubRip format using a freely available script sub2srt
(http://www.robelix.com/sub2srt/ ).

Removing doubles: The database contains a lot of repeated subtitles; i.e. cre-
ated for the same movie in the same language. We simply took the first one in
the database and dismissed all the others. In future, we liketo investigate possible
improvements by other selection principles, e.g. taking download counts or user
ratings into account.

Character encoding: All files are converted to Unicode UTF-8 to have a uni-
form encoding throughout all data files. This is especially useful when working
with aligned data where several languages have to be put together. Unfortunately,
we are not aware of a reliable classifier for automatic detection of character encod-
ings and, therefore, we manually defined an incomplete encoding conversion table
after inspecting sample data in various languages (see table 10.1).

Certainly, using a fixed language encoding table is only an ad-hoc solution
causing errors in the conversion. However, using the language filter described
below we remove most of the subtitles for which the encoding conversion failed.
This, at least ensures high quality in our data as a trade-offfor some quantity. In
the future we would like to use an automatic classifier for better encoding detection
of individual files.

Language Checking While processing the data we realized that many uploads
are not correct and, for instance, contain text in a languagedifferent to the one
specified. In order to filter them out we used an automatic classifier to check the
language before accepting a subtitle file. For this we usedtextcat a freely avail-
able and trainable classifier designed for language identification (van Noord 2006).
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00:00:26,500 --> 00:00:28,434
Spend all day with us.
00:00:28,502 --> 00:00:30,436
There are two--
pardon me--
00:00:30,504 --> 00:00:34,440
two of everything in
every Noah’s arcade.
00:00:34,508 --> 00:00:36,361
That means
two of Zantar,
00:00:36,361 --> 00:00:36,884
That means
two of Zantar,
00:00:36,962 --> 00:00:40,454
Bay Wolf, Ninja Commando,
Snake-azon,
00:00:40,532 --> 00:00:41,464
Psycho Chopper...
00:00:41,533 --> 00:00:43,467
It’s really good
seeing you, Benjamin.

<?xml version="1.0" encoding="utf-8"?>
<document>

<s id="1">
<time id="T1S" value="00:00:26,500" />
<w id="1.1">Spend</w>
<w id="1.2">all</w>
<w id="1.3">day</w>
<w id="1.4">with</w>
<w id="1.5">us</w>
<w id="1.6">.</w>
<time id="T1E" value="00:00:28,434" />

</s>
<s id="2">

<time id="T2S" value="00:00:28,502" />
<w id="2.1">There</w>
<w id="2.2">are</w>
<w id="2.3">two</w>
<w id="2.4">--</w>
<w id="2.5">pardon</w>
<w id="2.6">me</w>
<w id="2.7">--</w>
<time id="T2E" value="00:00:30,436" />
<time id="T3S" value="00:00:30,504" />
<w id="2.8">two</w>
<w id="2.9">of</w>
<w id="2.10">everything</w>
<w id="2.11">in</w>
<w id="2.12">every</w>
<w id="2.13">Noah’</w>
<w id="2.14">s</w>
<w id="2.15">arcade</w>
<w id="2.16">.</w>
<time id="T3E" value="00:00:34,440" />

</s>

Figure 10.1: A short segment of English subtitles of the movie “Wayne’s World” from 1993
in SubRip (.srt) format (left) and a tokenized XML version ofthe first two sentences (right).

It uses N-gram models trained on example texts and, therefore, relies on the given
encoding used in the training data. We applied the language checker after encoding
conversion and, therefore, built language models for UTF-8texts. For simplicity
we used the training data from thetextcat package converted to UTF-8 by
means of the free Unix toolrecode . Altogether, we created 46 language models.
The classifier predicts for each given input file the most likely language according
to the known models. The output oftextcat is one of the following: (1) a cer-
tain classification of one language, (2) a ranked list of likely languages (in cases
where the decision is not clear-cut), and, (3) a “resign” message in cases where the
language classifier does not find any language that matches sufficiently enough.
We accepted subtitles only in the case where the language classifier is certain that
the language is the same as specified in the database.

Tokenization and sentence splitting: We used simple regular expressions for
tokenization and sentence splitting. Tokenization of subtitles is a challenging task.
First of all, there are various languages in the corpus and both, tokenization and
sentence splitting are highly language dependent. However, for most languages
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Table 10.1: Character Encoding Table

encoding languages (ISO-639 codes)
cp1250 alb, bos, cze, pol, rum, scc, scr, slv, hrv
cp1251 bul, mac, rus
cp1252 afr, bre, cat, dan, dut, epo, est, fin, fre, ger, hun, ita, nor, pob, pol, por,

spa, swe
cp1253 ell, gre
cp1254 tur
cp1255 heb
cp1256 ara
cp1257 lat, lit
iso-8859-4 ice
big5-eten chi
shiftjis jpn
euc-kr kor

tokenizers and sentence boundary detectors are not readilyavailable. We opted for
a general solution using patterns in terms of regular expressions. For this we used
Unicode character classes hoping to cover various languages equally well. The
following patterns where defined:� split between a non-punctuation character and a punctuation that is followed

by either space, another punctuation or end-of-string.� split between a punctuation and a non-punctuation character if they are
preceeded by either start-of-string, another punctuationsymbol or a white-
space character.� split punctuation symbols if they are not identical (leaving, for example ‘...’
intact)� split on all white-space characters

Note, that subtitles may contain HTML-like tags for formatting issues (like<i> and<font ...>). These tags have to be treated in a special way to avoid their
tokenization.

Sentence boundary detection is also done with general patterns due to the lack
of available tools for all languages involved. An issue specific to our data is the
fact that subtitles contain many sentence fragments instead of well-formed gram-
matical sentences. Hence, even more sophisticated sentence splitters available for
some languages will fail in many cases.

Table 10.2 shows the basic patterns used for detecting sentence boundaries. For
Chinese, Korean and Japanese we simply split at standard punctuation symbols
“ :!? :” which works to some extent but, of course, is by far not an optimal solution
for these languages. Note that sentences may span over several screens and may
also stop in the middle of a screen. Figure 10.1 shows an example sentence (with
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id=2) that spans over two screens. Hence, the patterns aboveare applied in a
sliding window running through the data.

Table 10.2: Sentence splitting patterns using Perl regularexpressions

pattern 1: split between “sentence end” and “sentence start”
sentence end:
([ˆ.]\.|[!?:])[\’\"]?(\s*|\Z)
(a dot following a non-dot OR one of the following punctuation symbols “!? :”
possibly followed by single or double quotes and white-space characters)
sentence start:
(\A|\s+)\-?\s*[\"\’]?[\p{N}\p{Ps}\p{Lu}]
(one or more white-spaces possibly followed by a hyphen, possibly followed
by white-space characters and quotes followed by either a number, an opening
punctuation or an uppercase letter.)
pattern 2: split between “sentence end” and “sentence start”
sentence end:
[.!?:][\"\’\]\}\)]?\-?(\s*|\Z)
(one of “:!? :” possibly followed by quotes, a hyphen and white-spaces)
sentence start:
(\A|\s+)[\"\’]?[\¿\¡\p{Lu}]
(one or more spaces, possibly followed by quotes and either an inverted initial
question/exclamation mark or an uppercase letter)

The reason for applying two separate patterns is to combine different types of
evidence when making decisions about sentence boundaries.Pattern 1 has stronger
end-of-sentence constraints (hyphens and multiple dots are not allowed) in combi-
nation with a slightly relaxed sentence-start constraint (allowing for example dig-
its and opening brackets) whereas pattern 2 has stronger sentence-start constraints
(no digits and opening brackets) but relaxed sentence-end constraints (allowing
hyphens and some closing brackets).

Shortcomings of our simple pattern based approach are obvious but they work
reasonably well for many subtitle files and languages. However, both, tokenization
and sentence splitting have to be improved in future work. Itis impossible to find a
general solution especially if we want to keep the collection as open as possible in
terms of languages and genres. One general cue for sentence splitting might come
from the time tags. Long pauses between subtitles may help todetermine sentence
boundaries. This is (only) one reason why we like to keep the time information in
our corpus1.

1Note that we decided to encode time slots as two separate “time events”, one for the starting time and
one for the end. In this way we can handle sentences and time slots that cross each other which would
otherwise not be possible to encode in XML.
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Selection for alignment: Of course, not all movies are covered in all languages.
Furthermore, there are several versions of movies around (for instance various
video encodings, movie splits, etc) and, hence, several versions of subtitles fitting
specific movie files. In order to yield the highest alignment quality, we selected
only those subtitles that have been produced for exactly thesame physical movie
file.

The original database we obtained contains 232,643 subtitles for 18,900
movies in 59 languages. After pre-processing and filtering as described above
we were left with 38,825 subtitle files in 29 languages. From that we selected
22,794 pairs of subtitles for alignment covering 2,780 movies in 361 language
pairs. Altogether, this corresponds to about 22 million sentence alignments.

10.3 Subtitle alignment

Essential for building a parallel corpus is the alignment atsome segmentation level.
At least two segmentation approaches are possible for our data: alignment of subti-
tle screens (time slot segmentation) and alignment of sentences (using the sentence
boundaries detected in the pre-processing phase). We decided to use the latter for
three reasons: First, sentence alignment is a well established task that usually
yields high accuracy with language independent methods. Secondly, sentences are
linguistically motivated units and, therefore, more suitable for further processing
than subtitle fragments shown together on screen. Very often these fragments are
not coherent units; for example they may come from various speakers in one scene.
Finally, the format of subtitles is very different in various languages due to visibil-
ity constraints and cultural differences. There will be lots of partial overlaps when
comparing the contents of subtitle screens across different languages. This makes
it more difficult to align these units.

There are many challenges when aligning subtitle sentencesas illustrated in
figure 10.2.

Subtitles often contain summarized information instead ofliteral transcriptions
or translations. Hence, we can observe a lot of insertions, deletions and para-
phrases when comparing various translations. Furthermore, sentence splitting in-
troduce errors that make it difficult to solve certain alignment problems. For exam-
ple, in figure 10.2, the first three Dutch subtitle screens aremarked as one sentence
although the first one actually corresponds to the movie title that should not be
connected to the following sentences (and which is not included in the English
version of the subtitles). Furthermore, there are untranslated fragments such as the
third and the sixth screen in English which are embedded in other sentences. How-
ever, sentences are treated as units and, therefore, the only solution is to align such
fragments together with the surrounding ones even though they do not have cor-
responding fragments in the other language. From this little example it becomes
obvious that we cannot expect the same quality of standard sentence alignment
approaches as reported in the literature for other text types. Nevertheless, it is
interesting to see how far we can get with standard approaches and how we can
improve them for our purposes.
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Figure 10.2: Alignment challenges: An example with Englishand Dutch subtitles.

10.3.1 Length-Based Sentence Alignment

There are several standard approaches to sentence alignment among them the pop-
ular length-based approach proposed by Gale and Church (1993). It is based on
the assumption that translations tend to be of similar lengths (possibly factorized
by a specific constant) with some variance. Using this assumption we can apply a
dynamic algorithm to find the best alignment between sentences in one language
and sentences in the other language. Another necessary assumption is that there
are no crossing alignments (i.e. alignment is monotonic). Furthermore, align-
ments are restricted to certain types (usually 1:1, 1:0, 0:1, 2:1, 1:2 and 2:2) with
prior probabilities attached to each type to make the algorithm more efficient and
more accurate. In the default settings, there is a strong preference for 1:1 sentence
alignments whereas the likelihood of the other types is verylow. These settings
are based on empirical studies of some example data (Gale andChurch 1993).

It has been shown that this algorithm is very flexible and robust even without
changing its parameters (Tjong Kim Sang 1996, Tiedemann andNygard 2004).
However, looking at our data it is obvious that certain settings and assumptions
of the algorithm are not appropriate. As discussed above, wecan observe many
insertions and deletions in subtitle pairs and typically, alength-based approach
cannot deal with such cases very well. Even worse, such insertions and deletions
may cause a lot of follow-up errors due to the dynamic algorithm trying to cover
the entire text in both languages. Nevertheless, we appliedthis standard approach
with its default settings to our data to study its performance. Figure 10.3 shows an
example of the length-based alignment approach.

As the figure illustrates there are many erroneous alignments using the stan-
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English Dutch
Spend all day with us .There are two – par-
don me – two of everything in every Noah’ s
arcade .

De wereld van WayneEr zijn twee , excuseer
me , twee van Zantar . ... gestoorde heli-
copters ...

That means two of Zantar , That means two of
Zantar , Bay Wolf , Ninja Commando , Snake-
azon , Psycho Chopper ...

Het is goed om je weer te zien , Benjamin .

It’ s really good seeing you , Benjamin . Je bent al heel lang niet meer in Shakey’ s ge-
weest .

You haven’ t been into Shakey’ s for so long . Ik heb het heel ergdruk .
Well , I’ ve been real busy .It’ s two for you ’
cause one won’ t do .

Het zijn er twee voor jou , want eentje zal
het niet doen .

All this week , kids under 6 get every fifth–
There’ s a new pet .

De hele week , krijgen kinderen onder de
zes elke vijfde ...

Ch- Ch- Chia Chia Pet – the pottery that
grows .

Er is een nieuw huisdierHet Chia huisdier .

They are very fast . Simple . Het aardewerk dat groeit .
Plug it in , and insert the plug from just about
anything .

Zij zijn erg snel .

Simple . Simpel .
Even for our customers in Waukegan , Elgin ,
and Aurora – We’ ll be there right on time .

Plug het in .

Figure 10.3: Length-based sentence alignment - text in italics is wrongly aligned.

dard length-based approach. In fact, most of the alignmentsare wrong (in ital-
ics) and we can also see the typical problem of follow-up errors in this example2.
An obvious idea to improve the alignment quality is to optimize the parameters
of the original alignment approach. For example, we might want to change the
prior probabilities of alignment types supported by the algorithm. Furthermore,
we might also want to include other alignment types that frequently occur in the
data. However, such a tuning would have to be done for each language pair and
even within one language pair it is questionable if these parameters will be consis-
tent to a large degree.

A second idea is to use the time information given in the subtitle files. As we
have discussed before, there are many insertions and deletions in various subtitles
and therefore the correspondence between source and targetlanguage is often not
so obvious in terms of sentence lengths. However, subtitlesusually span the entire
movie and, therefore, they cover more or less the same amountof time. Assuming
that corresponding text segments are shown roughly at the same time we can use
the time lengthof each slot (screen) instead of sentence length to match source
and target language sentences. Here we have to interpolate between “time events”
in cases where sentences do not start or end at time slot boundaries. For this,
we used simple linear interpolation between the two nearesttime events. Now,
the same algorithm using dynamic programming can be used only with lengths in
time instead of lengths in characters. Figure 10.4 shows theresult of our example

2Note, that ’Simpel’ in the end of the example is aligned to thewrong instance of ’Simple’ in English.
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movie when using time lengths for alignment.

English Dutch
Spend all day with us .There are two – par-
don me – two of everything in every Noah’ s
arcade .

De wereld van WayneEr zijn twee , excuseer
me , twee van Zantar . ... gestoorde heli-
copters ...

That means two of Zantar , That means two of
Zantar , Bay Wolf , Ninja Commando , Snake-
azon , Psycho Chopper ...

Het is goed om je weer te zien , Benjamin .

It’ s really good seeing you , Benjamin . Je bent al heel lang niet meer in Shakey’ s ge-
weest .

You haven’ t been into Shakey’ s for so long . Ik heb het heel ergdruk .
Well , I’ ve been real busy . Het zijn er twee voor jou , want eentje zal het

niet doen .
It’ s two for you ’ cause one won’ t do . De hele week , krijgen kinderen onder de zes

elke vijfde ...
All this week , kids under 6 get every fifth–
There’ s a new pet .

Er is een nieuw huisdierHet Chia huisdier .

Ch- Ch- Chia Chia Pet– the pottery that
grows .

Het aardewerk dat groeit .

They are very fast . Zij zijn erg snel .
Simple . Simpel .
Plug it in , and insert the plug from just
about anything .

Plug het in .

Figure 10.4: Sentence alignment based on time lengths - textin italics is wrongly aligned.

Unfortunately, the time length approach also produces a lotof errors. A strik-
ing difference is that in the end of the example the algorithmsynchronizes well
between source and target language which reduces the amountof follow-up errors
from this point on. However, the accuracy is still unsatisfactory concluding from
our first impressions. This will also be supported by our evaluations presented in
section 10.4.

10.3.2 Alignment with Time Overlaps

As seen in the previous sections, length-based approaches cannot deal very
well with our data collection. Let us now consider a different approach directly
incorporating the time information given in the subtitles.The intuition in this
approach is roughly the same as in the previous one based on time lengths: cor-
responding sentences are shown at roughly the same time because they should be
synchronized with the movie. However, in the previous approach we only used
the time length to match sentences but now we will directly use the absolute time
values. Using start and end time for each sentence (using thesame interpolation
technique as before) we can measure the overlap between source and target lan-
guage segments. We can now sequentially go through the subtitles and try to find
segments with the highest overlap. This can be done efficiently in linear time
without recursions because we use absolute times that cannot be shifted around.
Again, we define a set of alignment types that we like to support in our alignment
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Figure 10.5: Sentence alignment with time overlaps

program. In particular, we use 1:1, 1:0, 0:1, 2:1, 1:2, 3:1, 1:3, 1:4, and 4:1 align-
ments3. Using these settings we can check possible alignments at each position
and its surroundings and select the one with the highest overlap before moving to
the next positions. The general principle of time overlap alignment is illustrated in
figure 10.5.

One of the big advantages of this approach is that it can easily handle insertions
and deletions at any position as long as the timing is synchronized between the two
subtitle files. Especially initial and final insertions often cause follow-up errors in
length-based approaches but they do not cause any trouble inthe time overlap
approach (look for example at the first English sentence in the example in figure
10.5). Remaining errors mainly occur due to sentence splitting errors and timing
differences. The latter will be discussed in the end of the following section. The
result of the alignment with time overlaps for our example data is shown in figure
10.6.

10.4 Evaluation

In order to see the differences between the alignment approaches discussed above
we manually evaluated a small sample of our aligned data. We selected two lan-
guage pairs, Dutch-English and Dutch-German, and randomlyselected five movies

3Note that the set of alignment types is different to the standard length-based sentence alignment ap-
proach. The impact of these additional types on the alignment quality has not been investigated.
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English Dutch
Spend all day with us .
There are two – pardon me – two of every-
thing in every Noah’ s arcade . That means
two of Zantar , That means two of Zantar ,
Bay Wolf , Ninja Commando , Snake- azon
, Psycho Chopper ...

De wereld van WayneEr zijn twee , excuseer
me , twee van Zantar . ... gestoorde heli-
copters ...

It’ s really good seeing you , Benjamin . Het is goed om je weer te zien , Benjamin .
You haven’ t been into Shakey’ s for so long
.

Je bent al heel lang niet meer in Shakey’ s
geweest .

Well , I’ ve been real busy . Ik heb het heel erg druk .
It’ s two for you ’ cause one won’ t do . Het zijn er twee voor jou , want eentje zal

het niet doen .
All this week , kids under 6 get every fifth –
There’ s a new pet .

De hele week , krijgen kinderen onder de
zes elke vijfde ... Er is een nieuw huisdier
Het Chia huisdier .

Ch- Ch- Chia Chia Pet– the pottery that
grows .

Het aardewerk dat groeit .

They are very fast . Zij zijn erg snel .
Simple .
Simpel .Plug it in , and insert the plug from
just about anything .

Plug het in . Het is simple !

Figure 10.6: Sentence alignment based on time overlaps - text in italics is wrongly aligned.

for each of them4. In order to account for differences in alignment quality atdif-
ferent positions we selected 10 initial, 10 final sentence alignments, and 10 align-
ments in the middle of each document for each of the three alignment approaches.
The evaluation was carried out by one human expert using the following three
grades: correct, partially correct and wrong.

The overall result of our evaluation is shown in table 10.35.
As expected, the length-based approaches are much less accurate than the time-

overlap approach. Surprisingly, the scores for alignmentsbased on time lengths
performs even worse than the standard sentence length basedapproach. The fact
that Dutch-German performs much better for the time overlapapproach should not
be seen as a general tendency. The difference is due to the selection of movies
which is different for the two language pairs. This is illustrated in table 10.4
showing the detailed scores per movie and language pair using the time overlap
approach.

We can see that there are three movies that perform very poorly with our time-
overlap approach, two in Dutch-English and one in Dutch-German. This explains
the difference in total scores when comparing the two language pairs. The scores

4Each sub-corpus contains different movie pairs according to the subtitles available for the particu-
lar language pair. We did not want to restrict the selection to movies that have subtitles in all three
languages. Hence, we obtained different sets of movies for both language pairs for our evaluation.
5We omit details over alignment positions. There are no striking differences in accuracies between
initial, final and intermediate alignments with one exception: Time-length alignments performed much
worse for the final sentence alignments than for the other ones. The reason for this is unclear to the
author.
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Table 10.3: Evaluation of alignment accuracy per alignmentapproach

alignment type languages correct partially wrong
sentence length dut-eng 64.2% 9.2% 26.6%
sentence length dut-ger 62.3% 12.3% 25.3%
time length dut-eng 54.6% 6.9% 38.6%
time length dut-ger 57.5% 9.8% 32.7%
time overlap dut-eng 73.1% 8.7% 18.2%
time overlap dut-ger 85.7% 6.8% 7.5%

Table 10.4: Evaluation of accuracy of time-overlap alignment per movie

languages movie correct partially wrong
dut-eng Cube Zero 22.4% 14.3% 63.3%
dut-eng Finding Nemo 36.8% 18.4% 44.7%
dut-eng Grizzly Man 84.1% 12.7% 3.2%
dut-eng Training Day 96.8% 3.2% 0.0%
dut-eng Win a Date with Tad Hamilton 100.0% 0.0% 0.0%
dut-ger Batman 92.6% 0.0% 7.4%
dut-ger Cidade de deus 100.0% 0.0% 0.0%
dut-ger Peggy Sue got married 82.8% 10.3% 6.9%
dut-ger Rush Hour 2 93.5% 6.5% 0.0%
dut-ger The Ring 33.3% 26.7% 40.0%

also show that the time-overlap approach either works very well (around or above
90% correct) or very poorly (below 40% correct). Here we see aclear effect of
timing differences. If the timing is (only slightly) different for the two subtitle
files to be aligned, the performance of the time-overlap approach drops dramati-
cally. That means, if both subtitles are not synchronized very well with each other,
almost everything goes wrong using the time-overlap approach whereas length-
based approaches are not effected by this. These timing differences appear due to
two factors: (1) thesubtitle speedmight be different, and, (2) thetime offsetfor
starting the subtitles might be different.

The solution to the problem mentioned above is to adjust the time values in one
of the subtitles to synchronize it with the other one. In other words, we have to
find the parameters for time offset and speed difference. In fact, appropriate values
can easily be computed using two fixed anchor points at different positions in the
movie, preferably far away from each other. Using the current time values at these
fix-points it is a matter of simple maths to calculate offset and speed difference (or
time ratio) assuming that the speed is constant in both subtitles.
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The difficulty now is to find such reference points. One way is to add them
by hand. We developed a simple tool for interactive sentencealignment, ISA
(Tiedemann 2006), which can be used for this task. The tool allows to add break
points at any place in subtitle pairs to be used for offset andspeed calculation.
Table 10.5 shows the results after manually adding such fix-points (one in the be-
ginning and one at the end of the movie) to the three problematic movie pairs and
re-aligning them after synchronization. The evaluation isdone in the same way as
before (using 10 initial, 10 final and 10 intermediate sentence alignments).

Table 10.5: Sentence alignment with speed and time offset adjustments using manual fix-
points (time ratiorefers to the speed difference andoffsetis the time offset in seconds).

movie time ratio offset correct partially wrong
Cube Zero 0.9997 2.378 76.2% 9.5% 14.3%
Finding Nemo 0.9996 0.470 84.1% 4.5% 11.4%
The Ring 0.9589 0.302 100.0% 0.0% 0.0%

All alignments have been improved significantly with only very little human
intervention. The speed and offset parameters fixed most of the alignment errors.
Remaining errors are often due to little shifts in displaying subtitles and could
easily be fixed using ISA as well. It is interesting to see thatboth parameters are
very close to their default values (1 for time ratio and 0 for offset) but still have a
significant impact on the alignment quality. It shows how brittle the time-overlap
alignment approach is with respect to subtitle synchronization.

Although the manual intervention helped to improve the alignment quality sig-
nificantly it is not reasonable to run the alignment in this way on the entire corpus
with its more than 22,000 subtitle pairs. However, simple heuristics could be used
to detect pairs for which an inspection would be desirable. For example, subtitle
alignments with surprisingly many empty alignments (1:0 or0:1) are likely to con-
tain errors. They could be selected and presented to users via the ISA interface for
validation.

Another technique to add break points for synchronization is to look for cog-
nates in source and target language subtitles. Subtitles can be scanned from the
beginning and from the end to find appropriate cognates. Simple string matching
techniques and fixed thresholds can be used to spot candidatepairs. Assuming
that they appear at the same position in the movie they can be used for calculating
the two parameters necessary. However, experiments have shown that using such
a technique in general decreases the overall alignment performance significantly.
This is due to false hits where cognates are found but they do not refer to true
reference positions. A reason for this is that names are often repeated in various
contexts but not in the same way in all translations. Hence, correct matches but
at non-corresponding positions frequently occur. However, cognate based tech-
niques can again be combined with the same heuristics presented above: using
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this approach only in cases where the alignment seems to contain errors indicated
by many empty alignments. This combined approach will be investigated in future
work.

10.5 Conclusions

In this paper, a new multilingual parallel corpus consisting of movie subtitles in
29 languages has been presented. The corpus contains about 23,000 aligned subti-
tle pairs with altogether about 22 million sentence alignments. The data has been
tokenized and sentences boundaries have been marked to be stored in a uniform
XML format. We investigated three approaches to automatic sentence alignment,
two based on length correspondence and a novel algorithm based on time over-
laps. The latter yields significantly higher accuracies than traditional length-based
alignment approaches. Remaining errors can be fixed to a large degree with minor
human intervention. The corpus is available for research purposes and we will
work on its extension in the future.
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Automatic Extraction of Dutch
Hypernym-Hyponym Pairs

Erik Tjong Kim Sang and Katja Hofmann
University of Amsterdam

Abstract

In this study, we apply pattern-based methods to text for extracting lexical data, in par-
ticular the hypernymy relation. We automatically derive thousands of interesting lexical
patterns likesuch NP as NPand evaluate the performance of these patterns by comparing
the information they extract from a newspaper corpus with the information in the Dutch
part of EuroWordNet. Additionally we investigate the usefulness of combining hypernymy
relation evidence generated by different patterns and compare this approach with the appli-
cation of fixed patterns to web data. We find that with larger quantities of data, individual
fixed extraction patterns outperform the large combinationof patterns applied to the corpus.

11.1 Introduction

WordNet is a key lexical resource for natural language applications. However its
coverage (currently 155k synsets for the English WordNet 2.0) is far from com-
plete. For languages other than English, the available WordNets are considerably
smaller, like for Dutch with a 44k synset WordNet. Here, the lack of coverage
creates bigger problems. A manual extension of the WordNetsis costly. Cur-
rently, there is a lot of interest in automatic techniques for updating and extending
taxonomies like WordNet.
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Hearst (1992) was the first to apply fixed syntactic patterns like such NP as NP
for extracting hypernym-hyponym pairs. Carballo (1999) built noun hierarchies
from evidence collected from conjunctions. Pantel et al. (2004) learned syntactic
patterns for identifying hypernym relations and combined these with clusters built
from co-occurrence information. Pasca (2004) applied lexico-syntactic patterns for
extracting labeled name categories from web data. Recently, Snow et al. (2005)
generated tens of thousands of hypernym patterns and combined these with noun
clusters to generate high-precision suggestions for unknown noun insertion into
WordNet (Snow et al. 2006). All previously mentioned papersdeal with English.

Little work has been done for Dutch. Van der Plas and Bouma (2005) em-
ployed noun distribution characteristics for extending the Dutch part of EuroWord-
Net with named entities and their definitions. IJzereef (2004) used fixed patterns to
extract Dutch hypernyms from text and encyclopedias. In this paper we will extend
this work in two ways. First, we will apply techniques which automatically derive
extraction patterns for lexical relations from text corpora. Information for arbitrary
relations can be derived in this way. We concentrate on the relation which is most
useful for our own goal of extending the Dutch WordNet: hypernymy. Second, we
apply the best extraction patterns of our corpus work to the largest available text
resource: the web. We evaluate both approaches by comparingthe information
that they derive with the available WordNet.

In section two we introduce the task, hypernym extraction. Section three and
four presents our text corpus work and our web extraction work1, respectively.
Section five concludes the paper.

11.2 Task and Approach

We examine techniques for automatically extending WordNets. In this section
we describe which relation we focus on, explain some data preprocessing steps,
describe the information we are looking for and introduce our evaluation approach.

11.2.1 Task

We concentrate on a particular semantic relation: hypernymy. One term is a hy-
pernym of another if its meaning both covers the meaning of the second term and
is broader. For example,furniture is a hypernym oftable. The opposite term for
hypernym is hyponym. Sotable is a hyponym offurniture. Hypernymy is a tran-
sitive relation. If term A is a hypernym of term B while term B is a hypernym of
term C then term A is also a hypernym of term C.

In WordNet, hypernym relations are defined between senses ofwords (synsets).
The Dutch WordNet (DWN), which is a part of EuroWordNet (Vossen 1998), con-
tains 659,284 of such hypernym noun pairs of which 100,268 are immediate links
and 559,016 are inherited by transitivity. More importantly, the resource contains
hypernym information for 45,979 different nouns. A test with a recent Dutch news-
paper text revealed that the Dutch WordNet only covered about two-thirds of the

1Results of the web experiments were earlier published in Tjong Kim Sang (2007).
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noun lemmas in the newspaper (among the missing words weree-mail, euroand
provider). Proper names, like names for persons, organizations and locations, pose
an even larger problem: DWN only contains 1608 words that start with a capital
character.

11.2.2 Natural language processing

We aim at developing extraction techniques which are fast and robust. Therefore
we try to use as little natural language processing preprocessing as possible. In
particular, we refrain from using full parsers because we expect them to lack the
speed to handle large quantities of (web) data and because weexpect them to fail
when having to deal with incomplete sentences, like those inweb snippets and
tabular data.

However, completely skipping preprocessing is not feasible. In this study we
apply the following preprocessing methods to the source texts:� Tokenizing: separating punctuation marks from words and identifying sen-

tence boundaries� Part-of-speech tagging: assigning word classes to tokens� Lemmatizing: assigning lemmas to tokens

We deliberately avoided using a parser in order to limit the required time and
resources for processing the corpus. In a future study, we will compare the perfor-
mances of our approach with different preprocessing strategies, one of which will
be dependency parsing.

For the web queries, we also need to be able to determine plural versions of
nouns. For this purpose we use the plural list from CELEX (Baayen et al. 1995)
(64,040 nouns). Words that are not present in the database, receive a plural form
which is determined by a machine learner trained on the database. It has the seven
final characters of the words as features and can predict 152 different plural forms.
Its leave-one-out accuracy on the training set is 89%.

11.2.3 Collecting evidence

We search the web for fixed patterns likesuch H as A, B and C. Following Snow
et al. (2006) , we derive two types of evidence from these patterns:� H is a hypernym ofA, B andC� A, B andC are siblings of each other

Here,sibling refers to the relative position of the words in the hypernymytree.
Two words are siblings of each other if they share a parent.

We compute a hypernym evidence scores(h;w) for each candidate hypernymh for wordw. It is the sum of the normalized evidence for the hypernymy relation
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betweenh andw, and the evidence for sibling relations betweenw and known
hyponyms of h:s(h;w) = fhwPx fxw +X gwPy gyw
wherefhw is the frequency of patterns that predict thath is a hypernym ofw,gw is the frequency of patterns that predict that is a sibling ofw, andx andy
are arbitrary words from the WordNet. For each wordw, we select the candidate
hypernymh with the largest scores(h;w).

For each hyponym, we only consider evidence for hypernyms and siblings.
We have experimented with different scoring schemes, for example by including
evidence from hypernyms of hypernyms and remote siblings, but found this basic
scoring scheme to perform best.

11.2.4 Evaluation

We use the Dutch part of EuroWordNet (DWN) (Vossen 1998) for evaluation of
our hypernym extraction methods. Hypernym-hyponym pairs that are present in
the lexicon are assumed to be correct. In order for the evaluation to be complete,
we also need negative examples, pairs of words that are not related by hypernymy.
For this purpose, we make the same assumption as Snow et al. (2005) : the hyper-
nymy relations in the WordNets are complete for the terms that they contain. This
means that when two words are present in the lexicon without the target relation
being specified between them, then we assume that the target relation does not
hold between them. The presence of positive and negative relations allows for an
automatic evaluation in which precision, recall and F values are computed.

We do not require our search method to find the exact position of a target
word in DWN. Instead, we are satisfied with any ancestor. In order to rule out
identification methods which simply return the top node of the hierarchy for all
words, we also measure the distance between the assigned hypernym and the target
word. The ideal distance is one which would occur if the ancestor is a parent. A
grandparent receives distance two and so on.

We compare our work with two alternative methods for hypernym extraction
found in the literature. The first is based on conjunctions: it considers the pattern
A, B and Cas evidence for the fact thatA, B andC share a hypernym (Caraballo
1999). A disadvantage of this pattern is that the hypernym information it suggests,
is indirect and more noisy than the best hypernym pattern. However, this pattern
occurs frequently and allows for deriving more information.

The second alternative, we examine, is the hypernym extraction approach of
Sabou et al. (2005): assume that the longest known charactersuffix of the hy-
ponym is a hypernym. This morphological approach mapsblackbird to bird. It
is very useful for Dutch in which compounding nouns is the rule rather than an
exception. As extra constraints for this method we require that the candidate hy-
pernym should already be present in DWN and that the split point in the word
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should be chosen in such a way that the word is split in two parts which both
contain at least three characters.

11.3 Hypernym extraction from a text corpus

In this section we describe the hypernymy extraction work applied to a newspaper
corpus. First, we evaluate a method for automatically deriving corpus-specific
extraction patterns from a set of examples. After this we examine a method for
combining these patterns and compare the performance of thecombination with
the best individual patterns and the morphological approach described in section
11.2.4.

11.3.1 Extracting individual patterns

In this study, we used the Twente Nieuws Corpus, a corpus of Dutch newspa-
per text and subtitle text covering four years (1999-2002) and containing about
300M words. The corpus was processed by automatic tools which tokenized it,
assigned part-of-speech tags and identified lemmas. Next weused the same ap-
proach as Snow et al. (2005) but with lexical information rather than dependency
parses: all pairs of nouns with four or fewer tokens (words orpunctuation signs)
between them were selected. The intermediate tokens (labeled infix ) as well
as the token before the first noun (prefix ) and the token following the second
noun (suffix ) were stored as a pattern. For each noun pair, four patterns were
identified:� N1 infix N2� prefix N1 infix N2� prefix N1 infix N2 suffix� N1 infix N2 suffix

The patterns also included information about whether the nouns were singu-
lar or plural, a feature which can be derived from the part-of-speech tags. We
identified 3,283,492 unique patterns. The patterns were evaluated by registering
how often they assigned correct hypernym relations correspond to noun pairs from
DWN. Only 118,306 patterns had a recall that was larger than zero. The major-
ity of these patterns (63%) had a precision of 1.0 but the recall of these patterns
was very low (0.00003-0.00025). The highest registered recall value for a single
pattern was 0.00897 (forN-pl and N-pl). The recall values are low because of
the difficulty of the task: we aim at generating a valid hypernym for all 45,979
nouns in the Dutch WordNet. A recall value of 1.0 correspondswith single pat-
tern predicting a correct hypernym for every noun in DWN, something which is
impossible to achieve.

Table 11.1 lists ten top-precision patterns of the formatN1 infix N2 and a
recall score of 0.0005 or higher. Figure 11.1 contains an overview of the precision
and recall values of all 421 patterns of that group. For comparison with other
approaches, we have selected the patternN zoals N, a combination of the results
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Precision Recall F�=1 Dist, Pattern
0.375 0.00137 0.00273 2.56 N-pl , vooral N-pl (especially)
0.300 0.00133 0.00264 2.23 N-pl , waaronder N-pl (among which)
0.258 0.00120 0.00238 1.55 N-pl , waaronder N-sg (among which)
0.250 0.00196 0.00388 2.08 N-pl of ander N-pl (or other)
0.244 0.00418 0.00821 1.96 N-pl zoals N-sg (such as)
0.220 0.00259 0.00512 2.10 N-pl zoals N-pl (such as)
0.213 0.00809 0.01559 1.99 N-pl en ander N-pl (and other)
0.205 0.00387 0.00760 2.20 N-pl , zoals N-pl (such as)
0.184 0.00396 0.00775 1.78 N-pl , zoals N-sg (such as)
0.158 0.00394 0.00768 1.68 N-sg en ander N-pl (and other)

Table 11.1: Top ten high precision patterns of the formatN1 infix N2 extracted from
the text corpus which have a recall score higher than 0.00100. In the patterns, N-pl and
N-sg represent a plural noun and a singular noun, respectively. It is possible to aggregate
patterns by ignoring the number of the noun (N-pl + N-sg = N) inorder to achieve higher
recall scores at the expense of lower precision rates. The phrase between parentheses is an
English translation of the main words of the pattern.

of four patterns of which two are listed in Table 11.1. This pattern obtained a
precision score of 0.22 and a recall score of 0.0068 (Table 11.2).

11.3.2 Combining corpus patterns

Snow et al. (2005) showed that for the task of collecting hypernym-hyponym
pairs, a combination of extraction patterns outperforms the best individual pattern.
In order to obtain a combined prediction of a set of patterns,they represented word
pairs by a sequence of numeric features. The value of each feature was determined
by a single pattern predicting that the word pair was relatedaccording to the hyper-
nymy relation or not. A machine learning method, Bayesian Logistic Regression
was used to determine the combined prediction of feature sets for unknown word
pairs based on a comparison with known word pairs which couldbe part of the
relation or not.

We have replicated this work of Snow et al. (2005) for our Dutch data. We have
identified 16728 features which corresponded with hypernym-hyponym extraction
patterns. All noun pairs which were associated with at leastfive of these patterns
in the text corpus, were represented by numerical features which encoded the fact
that the corresponding pattern predicted that the two were related (value 1) or not
(value 0). Only nouns present in the Dutch WordNet (DWN) wereconsidered.
The class associated with each feature set could either be positive if the ordered
word pair occurred in the hypernymy relation of DWN or negative if the ordered
pair was not in the DWN relation. This resulted in a dataset of528,232 different
ordered pairs of which 10,653 (2.0%) were related.

The performance of the combined patterns was determined by 10-fold cross
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Figure 11.1: Precision and recall values of the 421 hypernym-hyponym extraction pat-
terns of the formatN1 infix N2 with the highest recall values when applied to the text
corpus (+) compared with combinations of these patterns (line). Pattern combinations out-
perform individual patterns both with respect to precisionand recall. All recall values are
low because of the difficulty of the task (reproducing valid hypernyms for all nouns in the
WordNet).

validation: the training set was divided in ten parts and theclasses for each part
were predicted by using the other nine parts as training data. Like Snow et al.
(2005), we used Bayesian Logistic Regression as learning technique (Genkin et
al. 2004). We have also tested Support Vector Machines but these proved to be
unable to process the data within a reasonable time.

The classifier assigned a confidence score between 0 and 1 to each pair. We
computed precision and recall values for different acceptance threshold values
(0.001-0.90) which resulted in the line in Figure 11.1. The combined patterns ob-
tain similar precision scores as the best individual patterns but their recall scores
are a lot higher. For comparison with other approaches, we have used acceptance
threshold 0.5, which resulted in a precision of 0.36 and a recall of 0.020 (Table
11.2).

Surprisingly enough, both alternative hypernym prediction methods outper-
form the combination of lexical patterns (Table 11.2). The conjunctive pattern
obtains a lower precision score than the combination but itsrecall is an order
of magnitude larger than that of the combination. The morphological approach
of selecting the shortest suffix that is also a valid word as the candidate hyper-
nym (blackbird! bird), does even better: obtaining precision, recall and distance
scores that are the best of all examined approaches. The morphological approach
is limited in its application: it cannot find out that apoodleis adogbecause the lat-
ter word is not part of the former. Therefore we need to look for another approach
for finding more good hypernym-hyponym pairs.
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Method Prec. Recall F�=1 Dist.
corpus:N zoals N 0.22 0.0068 0.013 2.01
corpus: combined 0.36 0.020 0.038 2.86
corpus:N en N 0.31 0.14 0.19 1.98
morphological approach 0.54 0.33 0.41 1.19

Table 11.2: Performances measured with the corpus approachand the morphological ap-
proach. The pattern combination perform better than the best individual pattern but both
suffer from low recall figures. The conjunctive pattern and the morphological approach,
predicting the longest known suffix of each word as its hypernym (section 11.2.4), surpris-
ingly enough outperform both corpus approaches on most evaluation measures.

11.4 Extraction from the web

In this section we describe our web extraction work. First wediscuss the format
of the web queries. Then we present the results of the web extraction work and
compare them with the results of the earlier described extraction from text corpora
(section 11.3) and the morphological approach (section 11.2.4). We conclude with
an analysis of the errors made by the best system.

11.4.1 Query format

In order to collect evidence for lexical relations, we search the web for lexical
patterns. When working with a fixed corpus on disk, an exhaustive search can
be performed. For web search, however, this is not possible.Instead, we rely
on acquiring interesting lexical patterns from text snippets returned for specific
queries. The format of the queries has been based on three considerations.

First, a general query likesuch asis insufficient for obtaining much interesting
information. Most web search engines impose a limit on the number of results
returned from a query (for example 1000), which limits the opportunities for as-
sessing the performance of such a general pattern. In order to obtain useful in-
formation, the query needs to be more specific. For the pattern such as, we have
two options: adding the hypernym, which giveshypernym such as, or adding the
hyponym, which results insuch as hyponym.

Both extensions of the general pattern have their disadvantages. A pattern
that includes the hypernym may fail to generate much useful information if the
hypernym has many hyponyms. And patterns with hyponyms require more queries
than patterns with hypernyms (at least one per child rather than one per parent). We
chose to include hyponyms in the patterns. This approach models the real-world
task in which someone is looking for the meaning of an unknownentity.

The final consideration regards which hyponyms to use in the queries. Our
focus is on evaluating the approach via comparison with an existing WordNet.
Rather than flooding the search engine with queries representing every hyponym
in the lexical resource, we chose to search only for a random sample of hypernyms.
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We observed the evaluation score to converge for approximately 1500 words and
this is the number of queries we settled for.

11.4.2 Web extraction results

For our web extraction work, we used two fixed context patterns: one containing
the wordzoals (such as), a reliable and reasonably frequent hypernym pattern
according to our corpus work, and another containing the word en(and), the most
frequent pattern found in the text corpus. We chose to add randomly selected
candidate hyponyms to the queries to improve the chance to retrieve interesting
information.

This approach worked well. As Table 11.3 shows, both patterns outperformed
the F-rate of the combined patterns in the corpus experiments. Like in the corpus
experiments, the conjunctive web pattern outperformed thesuch asweb pattern
with respect to precision and recall. We assume that the frequency of the two
patterns plays an important role (the Google index containsabout five time as
many pages with the conjunctive pattern in comparison with pages withzoals).

Finally, we combined word-internal information with the conjunctive pattern
approach by adding the morphological candidates to the web evidence before com-
puting hypernym pair scores. This approach achieved the highest recall at only
slight precision loss (Table 11.3). A basic combination approach by using the
conjunctive pattern for searching for hypernyms for hyponyms for which no can-
didates were generated by the morphological approach, would have achieved a
similar performance.

Method Prec. Recall F�=1 Dist.
web: N zoals N 0.23 0.089 0.13 2.06
web: N en N 0.39 0.31 0.35 2.04
morphological approach 0.54 0.33 0.41 1.19
web: en+ morphology 0.48 0.45 0.46 1.64

Table 11.3: Performances measured in the two web experiments and a combination of the
best web approach with the morphological approach. The conjunctive web patternN en N
rates best, because of its high frequency. All evaluation rates can be improved by supplying
the best web approach with word-internal information.

11.4.3 Error analysis

We have inspected the output of the conjunctive web extraction with word-internal
information. For this purpose we have selected the ten most frequent hypernym
pairs (top group, see Table 11.4), the ten least frequent (bottom group) and the
ten pairs exactly between these two groups (center group). 40% of the pairs were
correct, 47% incorrect and 13% were plausible but containedrelations that were
not present in the reference WordNet. In the center group allerrors were caused
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by the morphological approach while all other errors in the top group and in the
bottom group originated from the web extraction method.

11.5 Concluding remarks

The contributions of this paper are two-fold. First, we showthat the large quantity
of available web data allows basic patterns to perform better on hypernym extrac-
tion than an advanced combination of extraction patterns applied to a large corpus.
Second, we demonstrate that the performance web extractioncan be improved by
combining its results with those of a corpus-independent morphological approach.

While the web results are of reasonable quality, some concern can be expressed
about the quality of the corpus results. At best, we obtainedan F-value of 0.038
which is a lot lower than than the 0.348 reported for English in Snow et al. (2005).
There are two reasons for this difference. First, the evaluation methods are differ-
ent: we aim at generating hypernyms for all words in the WordNet while Snow et
al. only look for hypernyms for words in the WordNetthat are present in their cor-
pus. Second, in their extraction work Snow et al. also use a sense-tagged corpus,
a resource which is unavailable for Dutch.

One of the directions of future work will be to compare the lexical patterns
applied in this paper to the dependency patterns like used bySnow et al. (2005).
The first indications from this work are promising. If we interpret the results of
Hofmann and Tjong Kim Sang (2007) with the evaluation methods used for creat-
ing Table 11.2, we obtain scores which are similar to the scores of the combined
lexical patterns. Further experiments are necessary to check if these initial scores
can be improved and if dependency patterns can be applied successively to web
snippets.

The described approach has already been applied in a projectfor extending
the coverage of the Dutch WordNet. However, we remain interested in obtain-
ing better performance levels, especially in higher recallscores. There are some
suggestions on how we could achieve this. First, our presentselection method,
which ignores all but the first hypernym suggestion, is quitestrict. We expect that
the lower-ranked hypernyms include a reasonable number of correct candidates
as well. Second, a combination of web patterns could outperform individual pat-
terns if we include the conjunctive pattern in the combination. Obtaining results
for many different web pattens will be a challenge given the restrictions on the
number of web queries we can currently use.
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+/- score hyponym hypernym
- 912 buffel predator
+ 762 trui kledingstuk
? 715 motorfiets motorrijtuig
+ 697 kruidnagel specerij
- 680 concours samenzijn
+ 676 koopwoning woongelegenheid
+ 672 inspecteur opziener
? 660 roller werktuig
? 654 rente verdiensten
? 650 cluster afd.

Table 11.4: Example output of the the conjunctive web systemwith word-internal informa-
tion. Of the ten most frequent pairs, four are correct (+). Four others are plausible but are
missing in the WordNet (?).
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Lexico-Semantic Multiword
Expression Extraction

Tim Van de Cruys and Begoña Villada Moirón
University of Groningen

Abstract

This paper describes a fully unsupervised and automated method for the large-scale extrac-
tion of multiword expressions (MWEs) from large corpora. The method takes into account
the non-compositionality ofMWEs; the intuition is that a noun within aMWE cannot easily
be replaced by a semantically similar noun. To implement this intuition, a noun clustering
is automatically extracted (using distributional similarity measures), which gives us clusters
of semantically related nouns. Next, a number of statistical measures – based on selectional
preferences – is developed that formalize the intuition of non-compositionality. The ratio of
individual noun preference over cluster preference shows how likely a particular expression
is to be aMWE (i.e. whether or not an individual noun accounts for all the preference of a
certain cluster). Our approach has been tested on Dutch, andhas been both manually and
automatically evaluated.

12.1 Introduction

MWEs are expressions whose linguistic behaviour is not predictable from the lin-
guistic behaviour of their component words. Baldwin (2006)characterizes the id-
iosyncratic behavior ofMWEs as “a lack of compositionality manifest at different
levels of analysis, namely, lexical, morphological, syntactic, semantic, pragmatic
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and statistical”. One property that seems to affectMWEs the most is semantic non-
compositionality.MWEs are typically non-compositional. As a consequence, it is
not possible to replace the content words of aMWE by semantically related words.
Take for example the expressions in (1) and (2):

(1) a. break the vase
b. break the cup
c. break the dish

(2) a. break the ice
b. *break the snow
c. *break the hail

Expression (1) is fully compositional. Therefore,vasecan easily be replaced with
semantically related nouns such ascupanddish. Expression (2), on the contrary, is
non-compositional; it is impossible to replaceicewith semantically related words,
such assnowandhail. Note that we assume a dual classification of expressions into
compositional and non-compositional instances; we ignorethe possibility that ex-
pressions fall in a continuum between compositionality andnon-compositionality
with many fuzzy cases in between. By ‘fuzzy cases’ we refer toexpressions that
are neither fully compositional nor fully non-compositional; such expressions may
involve metaphoricity or figurative language.

Due to their non-compositionality, current proposals argue thatMWEs need to
be described in the lexicon (Sag et al. 2002). In most languages, electronic lexical
resources (such as dictionaries, thesauri, ontologies) suffer from a limited coverage
of MWEs. To facilitate the update and expansion of language resources, theNLP

community would clearly benefit from automated methods thatextractMWEs from
large text collections. This is the main motivation to pursue an automated and fully
unsupervisedMWE extraction method.

12.2 Previous work

Recent proposals that attempt to capture semantic compositionality (or lack
thereof) employ various strategies. Approaches evaluatedso far make use of dic-
tionaries with semantic annotation (Piao et al. 2006),WordNet (Pearce 2001), au-
tomatically generated thesauri (Lin 1999, Fazly and Stevenson 2006, McCarthy
et al. 2003), vector-based methods that measure semantic distance (Baldwin et
al. 2003, Katz and Giesbrecht 2006), translations extracted from parallel cor-
pora (Villada Moiŕon and Tiedemann 2006) or hybrid methods that use machine
learning techniques informed by features coded using some of the above methods
(Venkatapathy and Joshi 2005).

Pearce (2001) describes a method to extract collocations from corpora by
measuring semantic compositionality. The underlying assumption is that a fully
compositional expression allows synonym replacement of its component words,
whereas a collocation does not. Pearce measures to what degree a collocation can-
didate allows synonym replacement. The measurement is usedto rank candidates
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relative to their compositionality.
Building on Lin (1998), McCarthy et al. (2003) measure the semantic simi-

larity between expressions (verb particles) as a whole and their component words
(verb). They exploit contextual features and frequency information in order to as-
sess meaning overlap. They established that human compositionality judgements
correlate well with those measures that take into account the semantics of the par-
ticle. Contrary to these measures, multiword extraction statistics (log-likelihood,
mutual information) poorly correlate with human judgements.

A different approach proposed by Villada Moirón and Tiedemann (2006) mea-
sures translational entropy as a sign of meaning predictability, and therefore non-
compositionality. The entropy observed among word alignments of a potential
MWE varies: highly predictable alignments show less entropy and probably corre-
spond to compositional expressions. Data sparseness and polysemy pose problems
because the translational entropy cannot be accurately calculated.

Fazly and Stevenson (2006) use lexical and syntactic fixedness as partial in-
dicators of non-compositionality. Their method uses Lin’s(1998) automatically
generated thesaurus to compute a metric of lexical fixedness. Lexical fixedness
measures the deviation between the pointwise mutual information of a verb-object
phrase and the average pointwise mutual information of the expressions resulting
from substituting the noun by its synonyms in the original phrase. This measure is
similar to Lin’s (1999) proposal for finding non-compositional phrases. Separately,
a syntactic flexibility score measures the probability of seeing a candidate in a set
of pre-selected syntactic patterns. The assumption is thatnon-compositional ex-
pressions score high in idiomaticity, that is, a score resulting from the combination
of lexical fixedness and syntactic flexibility. The authors report an 80% accuracy
in distinguishing literal from idiomatic expressions in a test set of 200 expressions.
The performance of both metrics is stable across all frequency ranges.

In this study, we are interested in establishing whether a fully unsupervised
method can capture the (partial or) non-compositionality of MWEs. The method
should not depend on the existence of large (open domain) parallel corpora or
sense tagged corpora. Also, the method should not require numerous adjustments
when applied to new subclasses ofMWEs, for instance, when coding empirical
attributes of the candidates. Similar to Lin (1999), McCarthy et al. (2003) and
Fazly and Stevenson (2006), our method makes use of automatically generated
thesauri; the technique used to compile the thesauri differs from previous work.
Aiming at finding a method of general applicability, the measures to capture non-
compositionality differ from those employed in earlier work.

12.3 Methodology

In the description and evaluation of our algorithm, we focuson the extraction of
verbalMWEs that contain prepositional complements, although the method could
easily be generalized to other kinds ofMWEs.

In our semantics-based approach, we want to formalize the intuition of non-
compositionality, so thatMWE extraction can be done in a fully automated way. A
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number of statistical measures are developed that try to capture theMWE’s non-
compositional bond between a verb-preposition combination and its noun by com-
paring the particular noun of aMWE candidate to other semantically related nouns.

12.3.1 Data extraction

The MWE candidates (verb + prepositional phrase) are automatically extracted
from theTwente Nieuws Corpus(Ordelman 2002), a large corpus of Dutch news-
paper texts (500 million words), which has been automatically parsed by the Dutch
dependency parser Alpino (van Noord 2006). Next, a matrix iscreated of the 5,000
most frequent verb-preposition combinations by the 10,000most frequent nouns,
containing the frequency of eachMWE candidate.1 To this matrix, a number of
statistical measures are applied to determine the non-compositionality of the can-
didateMWEs. These statistical measures are explained inx12.3.3.

12.3.2 Clustering

In order to compare a noun to its semantically related nouns,a noun clustering is
created. These clusters are automatically extracted usingstandard distributional
similarity techniques (Weeds 2003, van der Plas and Bouma 2005). First, depen-
dency triples are extracted from theTwente Nieuws Corpus. Next, feature vectors
are created for each noun, containing the frequency of the dependency relations in
which the noun occurs.2 This way, a frequency matrix of 10K nouns by 100K de-
pendency relations is constructed. The cell frequencies are replaced by pointwise
mutual information scores (Church et al. 1991), so that moreinformative features
get a higher weight. The noun vectors are then clustered into1,000 clusters using
a simple K-means clustering algorithm (MacQueen 1967) withcosine similarity.
During development, several other clustering algorithms and parameters have been
tested, but the settings described above gave us the bestEuroWordNet similarity
score (using Wu and Palmer (1994)).

Note that our clustering algorithm is a hard clustering algorithm, which means
that a certain noun can only be assigned to one cluster. This may pose a problem
for polysemous nouns. On the other hand, this makes the computation of our
metrics straightforward, since we do not have to decide among various senses of a
word. In future work, we want to investigate the use of soft clustering algorithms,
that take into account the various senses of a noun.

12.3.3 Measures

The measures used to findMWEs are inspired by Resnik’s method to find selec-
tional preferences (Resnik 1993, Resnik 1996). Resnik usesa number of measures
based on the Kullback-Leibler divergence, to measure the difference between the

1The lowest frequency verb-preposition combination (with regard to the 10,000 nouns) appears 3 times.
2E.g. dependency relations that qualifyapplemight be ‘object ofeat’ and ‘adjectivered’. This gives
us dependency triples like< apple; obj; eat >.
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prior probability of a noun classp() and the probability of the class given a verbp(jv). We adopt the method for particular nouns, and add a measure for deter-
mining the ‘unique preference’ of a noun given other nouns inthe cluster, which,
we claim, yields a measure of non-compositionality. In total, four measures are
used, the latter two being the symmetric counterpart of the former two.

12.3.3.1 Verb preference

The first two measures,Av!n (equation 12.2) andRv!n (equation 12.3), for-
malize the unique preference of the verb3 for the noun. Equation 12.1 gives the
Kullback-Leibler divergence between the overall probability distribution of the
nouns and the probability distribution of the nouns given a verb; it is used as a nor-
malization constant in equation 12.2. Equation 12.2 modelsthe actual preference
of the verb for the noun.

(12.1) Sv =Xn p(n j v) log p(n j v)p(n)
(12.2) Av!n = p(n j v) log p(njv)p(n)Sv

Whenp(njv) is 0,Av!n is undefined. In this case, we assign a score of 0.
Equation 12.3 gives the ratio of the verb preference for a particular noun, com-

pared to the other nouns that are present in the cluster.

(12.3) Rv!n = Av!nPn0�C Av!n0
WhenRv!n is more or less equally divided among the different nouns in

the cluster, there is no preference of the verb for a particular noun in the cluster,
whereas scores close to 1 indicate a ‘unique’ preference of the verb for a particular
noun in the cluster. Candidates whoseRv!n value approaches 1 are likely to be
non-compositional expressions.

12.3.3.2 Noun preference

In the latter two measures,An!v and Rn!v, the direction of preference is
changed: they model the unique preference of the noun for theverb. Equation 12.4
models the Kullback-Leibler divergence between the overall probability distribu-
tion of verbs, and the distribution of the verbs given a certain noun. It is used again
as a normalization constant in equation 12.5, which models the preference of the
noun for the verb.

(12.4) Sn =Xv p(v j n) log p(v j n)p(v)
3We will use ‘verb’ to designate a prepositional verb, i.e. a combination of a verb and a preposition.
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(12.5) An!v = p(v j n) log p(vjn)p(v)Sn
Whenp(vjn) is 0,An!v is undefined. In this case, we again assign a score of

0.
Equation 12.6 gives the ratio of noun preference for a particular verb, compared

to the other nouns that are present in the cluster.

(12.6) Rn!v = An!vPn0�C An0!v
Both measures have the same characteristics as the ones thatmodel verb pref-

erence. If a noun shows a much higher preference for a verb than the other
nouns in the cluster, we expect that the candidate expression tends towards non-
compositionality.

Note that the measures for verb preference and the measures for noun prefer-
ence are different in nature. It is possible that a certain verb only selects a restricted
set of nouns, while the nouns themselves can co-occur with many different verbs.
This brings about different probability distributions. Inour evaluation, we want to
investigate the impact of both preferences.

12.3.3.3 Lexical fixedness measure

For reasons of comparison, we also evaluated the lexical fixedness measure – based
on pointwise mutual information – proposed by Fazly and Stevenson (2006).4 The
lexical fixedness is computed following equation 12.7

(12.7) Fixednesslex(v; n) = PMI(v; n)� PMIs
wherePMI stands for the mean given the cluster, ands for the standard devi-

ation. Note that Fazly and Stevenson (2006) use theM most similar nouns given
a certain noun, while we use all nouns in a cluster. This meansthat ourM -value
varies.

12.3.4 Example

In this section, an elaborated example is presented, to showhow our method works.
Take for example the twoMWE candidates in (3):

(3) a. in
in

de
the

smaak
taste

vallen
fall

to be appreciated

4Fazly and Stevenson (2006) combine the lexical fixedness measure with a measure of syntactic flexibil-
ity. Here, we only compare our method to the former measure, concentrating on non-compositionality
rather than syntactic rigidity.
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b. in
in

de
the

put
well

vallen
fall

to fall down the well

In the first expression,smaakcannot be replaced with other semantically similar
nouns, such asgeur‘smell’ andzicht‘sight’, whereas in the second expression,put
can easily be replaced with other semantically similar words, such askuil ‘hole’
andkrater ‘crater’.

The first step in the formalization of this intuition, is the extraction of the clus-
ters in which the wordssmaakandput appear from our clustering database. This
gives us the clusters in (4).

(4) a. smaak: aroma ‘aroma’, gehoor‘hearing’, geur ‘smell’, gezichtsver-
mogen‘sight’, reuk ‘smell’, spraak‘speech’,zicht ‘sight’

b. put: afgrond ‘abyss’, bouwput‘building excavation’,gaatje ‘hole’,
gat ‘hole’, hiaat ‘gap’, hol ‘cave’, kloof ‘gap’, krater ‘crater’, kuil
‘hole’, lacune‘lacuna’, leemte‘gap’, valkuil ‘pitfall’

Next, the various measures described inx12.3.3.1 andx12.3.3.2 are applied. Re-
sulting scores are given in tables 12.1 and 12.2.

MWE candidate Av!n Rv!n An!v Rn!v
val#in smaak .12 1.00 .04 1.00
val#in geur .00 .00 .00 .00
val#in zicht .00 .00 .00 .00

Table 12.1: Scores forMWE candidatein de smaak vallenand other nouns in the same
cluster

Table 12.1 gives the scores for theMWE in de smaak vallen, together with some
other nouns that are present in the same cluster.Av!n shows that there is a clear
preference (.12) of the verbval in for the nounsmaak. Rv!n shows that there is
a unique preference of the verb for the particular nounsmaak. For the other nouns
(geur, zicht, . . .), the verb has no preference whatsoever. Therefore, the ratio of
verb preference forsmaakcompared to the other nouns in the cluster is 1.00.An!v andRn!v show similar behaviour. There is a preference (.04) of the
nounsmaakfor the verbval in, and this preference is unique (1.00).

Table 12.2 gives the scores for the instancein de put vallen– which is not
a MWE – together with other nouns from the same cluster. The results are quite
different from the ones in table 12.1.Av!n – the preference of the verb for the
noun – is quite low in most cases, the highest score being a score of .04 forgat.
Furthermore,Rv!n does not show a unique preference ofval in for put (a low ratio
score of .05). Instead, the preference mass is divided amongthe various nouns in
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MWE candidate Av!n Rv!n An!v Rn!v
val#in put .00 .05 .00 .05
val#in kuil .01 .11 .02 .37
val#in kloof .00 .02 .00 .03
val#in gat .04 .71 .01 .24

Table 12.2: Scores forMWE candidatein de put vallenand other nouns in the same cluster

the cluster, the highest preference ofval in being assigned to the noungat (.71).5

The other two scores show again a similar tendency;An!v – the preference of
the noun for the verb – is low in all cases, and when all nouns inthe cluster are
considered (Rn!v), there is no ‘unique’ preference of one noun for the verbval
in. Instead, the preference mass is divided among all nouns in the cluster.

After assessing the values of the four different measures, our method would
proposein de smaak vallenas a non-compositional expression and therefore,MWE;
on the other hand, the method would considerin de put vallenas compositional,
thus a non-MWE.

12.4 Results and evaluation

In this section, our automatic method is extensively evaluated. In the first part,
we present the results of our quantitative evaluation – including both an automatic
evaluation (using Dutch lexical resources) and a manual evaluation (carried out by
human judges). The second part is a qualitative evaluation,indicating the advan-
tages and the drawbacks of our method.

12.4.1 Quantitative evaluation

12.4.1.1 Automatic evaluation

TheMWEs that are extracted with the fully unsupervised method described above
are automatically evaluated by comparing the extractedMWEs to handcrafted lex-
ical databases. Since we have extracted DutchMWEs, we are using the two
Dutch resources available: the Referentie Bestand Nederlands (RBN, (Martin
and Maks 2005)) and the Van Dale Lexicographical Information System (VLIS)
database. Precision and recall are calculated with regard to the MWEs that are
present in our evaluation resources. Among theMWEs in our reference data, we
consider only those expressions that are present in our frequency matrix: if the
verb is not among the 5,000 most frequent verbs, or the noun isnot among the

5Note that this expression is ambiguous: it can be used in a literal sense (in een gat vallen, ‘to fall down
a hole’) and in a metaphorical sense (in een zwart gat vallen, ‘to get depressed after a joyful or busy
period’).
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10,000 most frequent nouns, the frequency information is not present in our input
data. Consequently, our algorithm would never be able to findthoseMWEs.

The first six rows of table 12.3 show precision, recall and f-measure for various
parameter thresholds with regard to the measuresAv!n,Rv!n,An!v andRn!v,
together with the number of candidates found (n). The last line shows the highest
values we were able to reach by using the lexical fixedness score.

parameters precision recall f-measureAv!n Rv!n An!v Rn!v n (%) (%) (%)

.10 .80 – – 3175 16.09 13.11 14.45

.10 .90 – – 2655 17.59 11.98 14.25

.10 .80 – .80 2225 19.19 10.95 13.95

.10 .90 – .90 1870 20.70 9.93 13.42

.10 .80 .01 .80 1859 20.33 9.69 13.13

.20 .99 .05 .99 404 38.12 3.95 7.16Fixednesslex(v; n) 3.00 3899 15.14 9.92 11.99

Table 12.3: Evaluation results compared to RBN & VLIS

Using only two parameters –Av!n andRv!n – gives the highest f-measure
(� 14%), with a precision and recall of about 17% and about 12% respectively.
Adding parameterRn!v increases precision but degrades recall, and this tendency
continues when adding both parametersAn!v andRn!v. In all cases, a higher
threshold increases precision but degrades recall. When using a high threshold for
all parameters, the algorithm is able to reach a precision of� 38%, but recall is
low (� 4%).

The lexical fixedness score is able to reach an f-measure of� 12% (using a
threshold of 3.00). These scores show the best performance that we have reached
using lexical fixedness.

12.4.1.2 Human evaluation

The evaluation procedure described above was applied fullyautomatically by com-
paring the output of our method to two existing Dutch lexicaldatabases. We are
aware of the fact that the automated annotation process may introduce some er-
rors. There may be extracted expressions wrongly labeled astrue MWEs but also
extracted expressions erroneously labeled as falseMWEs. Furthermore, it is known
that the used lexical databases are static resources that are likely to miss actual
MWEs found in large corpora. This is either because the lexical resources are in-
complete, or because theMWEs were not included due to a different understanding
of the concept ofMWE. With this motivation, we set up a human evaluation exper-
iment. From the dataset that produced the best f-measure (Av!n = .10 andRv!n
= .80), 200 expressions were semi-randomly selected. To assess the performance
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of our method across different frequency ranges, we selected 100 high frequent
MWE candidates (frequency� 100) and 100 low frequent ones (frequency< 100).

Three human judges were asked to label the expressions asMWE or as non-
MWE. The judges were asked to always provide an answer. To investigate if the
rankings from the 3 judges agreed, we employed the Kappa statistic (Cohen 1960).
We obtained an average pairwise interannotator agreement of � = :60, showing a
reasonable correlation between the judges.

The scores assigned by the judges differed severely with regard to frequency
range. In the high frequency range, our method was given an average precision
of 33.00%. In the low frequency range, precision dropped down to 6.67%. Inx12.4.2.2, the results of our human evaluation are evaluatedmore extensively.

12.4.2 Qualitative evaluation

In this section, we elaborate upon advantages and disadvantages of our semantics-
basedMWE extraction algorithm by examining the output of the procedure, and
looking at the characteristics of the correctMWEs found and the errors made by
the algorithm.

12.4.2.1 Advantages of the method

First of all, our algorithm is able to filter out grammatical collocations that cause
problems in traditionalMWE extraction paradigms. Two examples are given in (5)
and (6).

(5) benoemen
appoint

tot
to

minister,
minister,

secretaris-generaal
secretary-general

appoint s.o.fminister, secretary-generalg
(6) voldoen

meet
aan
to

eisen,
demands,

voorwaarden
conditions

meet thefdemands, conditionsg
In traditionalMWE extraction algorithms, based on collocations, highly frequent
expressions like the ones in (5) and (6) often get classified as aMWE, even though
they are fully compositional. Such algorithms correctly identify a strong lexical
affinity between two component words (voldoen, aan), which make up a grammat-
ical collocation; however, they fail to capture the fact that the noun may be filled in
by a semantic class of nouns. Our algorithm filters out those expressions, because
semantic similarity is taken into account.

Our quantitative evaluation shows that the algorithm reaches the best results
(i.e. the highest f-measures) when only two parameters (Av!n andRv!n) are
taken into account. But upon closer inspection of the output, we have noticed thatAn!v andRn!v are often able to filter out non-MWEs like the expressions b in (7)
and (8).
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(7) a. op
on

toneel
stage

verschijnen
appear

to appear
b. op

on
toneel
stage

zingen
sing

to sing on the stage

(8) a. in
in

geheugen
memory

liggen
lie

be in memory
b. in

in
ziekenhuis
hospital

liggen
lie

lie in the hospital

When only taking into account the first two measures (a uniquepreference of the
verb for the noun), the expressions in b do not get filtered out. It is only when the
two other measures (a unique preference of the noun for the verb) are taken into
account that they are filtered out – either because the preference of the noun for
the verb is very low, or the noun preference for the verb is more evenly distributed
among the cluster. The b expressions, which are non-MWEs, result from the com-
bination of a verb with a highly frequentPP. ThesePPs are typically locative,
directional or predicativePPs, that may combine with numerous verbs.

Also, expressions like the ones in (9), where the fixedness ofthe expression
lies not so much in the verb-noun combination, but more in thePP part (naar
school, naar huis) are filtered out by the latter two measures. These preposition-
noun combinations seem to be institutionalizedPPs, so-called determinerlessPPs
(Baldwin et al. 2006).

(9) a. naar
to

school
school

willen
want

want to go to school
b. naar

to
huis
home

willen
want

want to go home

12.4.2.2 Errors of the method

In this section, we give an exhaustive list of the errors madeby our algorithm, and
quantitatively evaluate the importance of each error category.

1. First of all, our algorithm highly depends on the quality of the noun clus-
tering. If a noun appears in a cluster with unrelated words, the measures
will overrate the semantic uniqueness of the expressions inwhich the noun
appears.

2. Syntax might play an important role. Sometimes, there aresyntactic re-
strictions between the preposition and the noun. A noun likepagina‘page’
can only appear with the prepositionop ‘on’, as in lees op pagina‘read on
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page’. Other, semantically related nouns, such ashoofdstuk‘chapter’, pre-
fer in ‘in’. Due to these restrictions, the measures will again overrate the
semantic uniqueness of the expression.

3. We found many expressions in which the fixedness of the expression lies
not so much in the combination of the verb and the prepositional phrase,
but rather in the prepositional phrase itself (naar school, naar huis). Note,
however, that our two latter measures were able to filter out many of those
expressions (as noted inx12.4.2.1). But in our error evaluation, we used the
result that yields the highest f-measure (and does not take the latter measures
into account).

4. Our hard clustering method does not take polysemous nounsinto account.
A noun can only occur in one cluster, ignoring other possiblemeanings.
Schaal, for example, means ‘dish’ as well as ‘scale’. In our clustering, it
only appears in a cluster of dish-related nouns. Therefore,expressions like
maak gebruik op [grote] schaal‘make use of [sth.] on a [large] scale’, re-
ceive again overrated measures of semantic uniqueness, because the ‘scale’
sense of the noun is compared to nouns related to the ‘dish’ sense.

5. Related to the previous error category is the fact that certain nouns – al-
though occurring in a perfectly sound cluster – possess a semantic feature or
characteristic that distinguishes them from the other nouns in the cluster, and
causes the verb to uniquely prefer that particular noun. An example of this
kind of error is the expressioneet in restaurant‘eat in a restaurant’, which
is perfectly compositional. But due to the fact that the nounrestaurantends
up in a cluster with nouns such asbar ‘bar’, caf́e ‘bar’, kroeg‘pub’, winkel
‘shop’, hotel ‘hotel’ – which are places where one is less likely to eat – the
fixedness of the expression is overestimated.

6. The effectiveness of our method is highly dependent on thecorpus distri-
bution. Sometimes, expressions that would be effective counterweights for
the erroneous classification of compositional expressionsas MWE just are
not found in the corpus. This might be either due to sparseness of the data,
or due to the specific nature of the corpus itself. Examples are sluit wegens
verbouwing‘close due to alteration’, with cluster members such asrestau-
ratie ‘restoration’ andrenovatie‘renovation’, anduit van emotie‘express
emotion’, with cluster members such asagressie‘agression’,irritatie ‘irri-
tation’, ongeduld‘impatience’. Expressions such assluit wegens renovatie
or uit van irritatie are perfectly possible, but are not (sufficiently) attested
in the corpus. Therefore, the compositional forms which areattested in the
corpus are overestimated asMWE.

7. Finally, misclassifications may be caused by parsing errors or other technical
issues.

In order to get a better view of the errors of the method, we manually classified
the expressions that were evaluated as non-MWE by our judges. Each expression
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was assigned to one of the error categories described above.Overall results, and
results for high and low frequency expressions are given.

overall (%) high freq. (%) low freq. (%)

1 erroneous clustering 3.6 3.8 3.4
2 specific preposition 6.4 15.4 1.1
3 PPfixedness 26.4 21.2 29.5
4 polysemous word 15.7 13.5 17.0
5 specific semantic feature 22.9 30.8 18.2
6 corpus distribution 21.4 13.5 26.1
7 parsing/other 3.6 1.9 4.5

Table 12.4: Quantitative error evaluation

Misclassifications due to erroneous clustering or parsing errors only constitute
a small part of the errors. Also, misclassifications due to syntactic restrictions
(specific prepositions) are responsible for only a small part of the errors. More
important are misclassifications due to fixedness in thePP, or due to polysemy
or specific semantic features of the nouns. The former might be remedied by a
more effective use of our measuresAn!v andRn!v , the latter by taking on a
soft clustering approach. Finally, there are quite some errors due to the specific
distribution of MWEs in the corpus. These errors are more common in the low
frequency range. Clearly, our method is highly dependent onthe corpus that is
used, and it should be sufficiently large in order to adequately classify less frequent
MWEs.

12.4.2.3MWE fuzziness

A last observation to mention is that the status of certain expressions extracted
with our method is unclear. Expressions such asvraag met klem‘ask with em-
phasis’ orga over tot orde [van de dag]‘pass to the order [of the day]’ seem to
be on the border of compositionality vs. non-compositionality, and therefore can-
not be adequately qualified asMWE or non-MWE. This observation is confirmed
by the conflicting views the three judges showed when assessing these kind of
expressions.

12.5 Conclusions and further work

Our algorithm based on non-compositionality explores a newapproach aimed at
large-scaleMWE extraction. Using only two parameters,Av!n andRv!n, yields
the highest f-measure. Using the two other parameters,An!v andRn!v , in-
creases precision but degrades recall. Due to the formalization of the intuition of
non-compositionality (using an automatic noun clustering), our algorithm is able
to rule out various expressions that are coinedMWEs by traditional algorithms.
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Note that our algorithm has taken on a purely semantics-based approach. ‘Syn-
tactic fixedness’ of the expressions is not taken into account. Combining our
semantics-based approach with otherMWE extraction methods that take into ac-
count different features might improve the results significantly.

We conclude with some issues saved for future work. First of all, we would like
to combine our semantics-based method with other methods that are used to find
MWEs (especially syntax-based methods), and implement the method in general
classification models (decision tree classifier and maximumentropy model). This
includes the use of a more principled (machine learning) framework in order to
establish the optimal threshold values, and the use of appropriate median values
and confidence intervals in order to model the different levels within a continuum
of compositionality.

Next, we would like to investigate a number of topics to improve on our
semantics-based method. First of all, using the topk similar nouns for a certain
noun – instead of the cluster in which a noun appears – might bemore beneficial to
get a grasp of the compositionality ofMWE candidates. Also, making use of a verb
clustering in addition to the noun clustering might also help in determining the
non-compositionality of expressions. Disambiguating among the various senses
of nouns should also be a useful improvement. Furthermore, we would like to
generalize our method to other syntactic patterns (e.g. verb object combinations),
and test the approach for English.

We believe that our method provides a genuine and successfulapproach to
get a grasp of the non-compositionality ofMWEs in a fully automated way. We
also believe that it is one of the first methods able to extractMWEs based on non-
compositionality on a large scale, and that traditionalMWE extraction algorithms
will benefit from taking this non-compositionality into account.
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An efficient memory-based
morphosyntactic tagger and
parser for Dutch
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Abstract

We describeTADPOLE, a modular memory-based morphosyntactic tagger and dependency
parser for Dutch. Though primarily aimed at being accurate,the design of the system is
also driven by optimizing speed and memory usage, using a trie-based approximation ofk-nearest neighbor classification as the basis of each module. We perform an evaluation
of its three main modules: a part-of-speech tagger, a morphological analyzer, and a depen-
dency parser, trained on manually annotated material available for Dutch – the parser is
additionally trained on automatically parsed data. A global analysis of the system shows
that it is able to process text in linear time close to an estimated 2,500 words per second,
while maintaining sufficient accuracy.

13.1 Introduction

In this paper we introduceTADPOLE (TAgger, Dependency Parser, and
mOrphoLogical analyzEr), a modular morpho-syntactic tagger, analyzer and parser
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for Dutch. In designingTADPOLE we aim for three partially competing goals:
(1) high accuracy, (2) high and preferably linear processing speed, and (3) low
memory usage. TADPOLE is particularly targeted at the increasing need for fast,
automatic NLP systems applicable to very large (multi-million to billion word)
document collections that are becoming available due to theprogressive digitiza-
tion of both new and old textual data. This scale does not fit well with systems that
perform exponentially in terms of the length of their input,spending perhaps min-
utes on single sentences, and neither with linear-time but slow processing system
that would take, e.g., a second per word – which would imply more than ten days
to process just one million words of text.

Rather than a mix of methods, we opt for a single processing engine to be used
in all modules to simplify the software engineering aspects. As the core engine we
chose memory-based learning, in particular a fast trie-based approximation ofk-
nearest neighbor classification, IGTREE (Daelemans et al. 1997a). Memory-based
learning has been shown to produce competitive, state-of-the-art performance in
part-of-speech tagging (Daelemans et al. 1996) and morphological analysis (Van
den Bosch and Daelemans 1999), and has recently also been employed in a depen-
dency parser (Canisius et al. 2006) with some initial success. IGTREE has been
shown to speed up normalk-nearest neighbor classification several orders of mag-
nitude, while retaining much of its generalization accuracy. With IGTREE we aim
to reach high processing speed (an aspect of goal 2) and low memory usage (goal
3); the accuracy levels (goal 1) are expected to be lower thanthose ofk-nearest
neighbor classification; empirical tests are needed to ascertain the gap.

Linear processing speed (another aspect of goal 2) is straightforwardly
achieved with memory-based part-of-speech tagging and morphological analy-
sis; both approaches are fully linear in their default sequence processing method
(Daelemans et al. 1996, Van den Bosch and Daelemans 1999). With dependency
parsing, however, linearity is an issue. The approach proposed by Canisius et
al. (2006) involves a processing step that is quadratic in principle, but linearly
bounded, and a deterministic search through the predicted dependency relations.

In this paper we first lay out the architecture of the system inSection 13.2. We
then provide evaluations of the three modules in Section 13.3, and we evaluate the
system globally in Section 13.4. Related work is discussed in Section 13.5. We
close the paper with a discussion of future work in Section 13.6.

13.2 Architecture

The intended function ofTADPOLE is to automatically annotate Dutch text with
morpho-syntactic information at the word level, and syntactic dependency rela-
tions between words at the sentence level. To enable a propertreatment of in-
coming text, a tokenizer is used for preprocessing. We adopted a rule-based
tokenizer that splits punctuation markers from words, using seed lists of com-
mon Dutch abbreviations, and that splits sentences according to a set of heuristic
rules (Reynaert 2007). Tokenized text is then fed to the part-of-speech tagger and
the morphological analyzer. Subsequently, predicted part-of-speech tags are for-
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Tokenizer

Multi-word chunkerPart-of-speech tagger

Morphological analyzer Dependency parser

Figure 13.1: Schematic architecture ofTADPOLE. The grey boxes represent non-machine-
learning-based modules.

warded to the morphological analyzer, which uses the tags tochoose among the
analyses it has generated for ambiguous words. The tags are also used as input
to the dependency parser, which in turn demands that a fixed list of multi-word
phrases and all multi-word proper nouns are collated by a straightforward lookup-
based multi-word chunker.

Figure 13.1 schematically illustrates the information flowof the processing
modules. Each memory-based module (the white boxes) uses a classification en-
gine that converts its input to a partial output; each conversion step is one classi-
fication of a windowed snapshot of the input sequence into an output label. Se-
quences of output labels are gathered until the end of the word or sentence, and
subsequently converted into a full output (per word for the morphological ana-
lyzer, and per sentence for the part-of-speech tagger and dependency parser). Sec-
tion 13.3 provides more detailed information on the functioning of each module.

The classifier engine in the three memory-based processing modules is
IGTREE (Daelemans et al. 1997a), an algorithm for the top-down induction of
decision trees. It compresses a database of labeled examples into a lossless-
compression decision-tree structure that preserves the labeling information of all
examples, and technically should be named atrie according to Knuth (1973). A
labeled example is a feature-value vector encoding input (in our case, windowed
subsequences of letters, words, or part-of-speech tags) and output (in our case,
labels encoding morphological information, part-of-speech tags, or syntactic de-
pendency relation types).

An IGTREE is a hierarchical tree composed of nodes that each representa
partition of the original example database, and are labeledby the most frequent
class of that partition. Besides a majority class label, thenodes also hold complete
counts of all class labels in the database partition they represent. The root node
of the trie thus (1) represents the entire example database,(2) carries the most fre-
quent value as class label, and (3) holds the occurrence counts of all classes in the
full training set. In contrast, end nodes (leafs) representa homogeneous partition
of the database in which all examples have the same class label; the node merely
stores this label along with the size of the homogeneous partition. Non-ending
nodes branch out to nodes at deeper levels of the trie. Each branch represents a
test on a feature value; branches fanning out of one node teston values of the same
feature.
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To attain high compression levels, IGTREEbranches out from the root node by
testing on the most informative, or most class-discriminative feature first, followed
at the next level by the second-most discriminative feature. IGTREE uses infor-
mation gain (IG) to estimate discriminativeness. The IG of featurei is measured
by computing the difference in uncertainty (i.e. entropy) between the situations
without and with knowledge of the value of that feature with respect to predicting
the class label:IGi = H(C)�Pv2Vi P (v)�H(Cjv), whereC is the set of class
labels,Vi is the set of values for featurei, andH(C) = �P2C P () log2 P ()
is the entropy of the class labels. IGTREE computes the IG of all features once
on the full database of training examples, makes a feature ordering once on these
computed IG values, and uses this ordering throughout the whole trie.

IGTREE effectively performs a lossless compression of the labeling informa-
tion of the original example database. As long as the database does not contain
fully ambiguous examples (with the same features, but different class labels), the
trie produced by IGTREE is able to reproduce the classifications of all examples
in the original example database perfectly.

13.3 Modules

We describe for each of the three IGTREE-based modules how their tasks are en-
coded into classification tasks, and provide estimates of their generalization per-
formance on unseen words and text.

13.3.1 Part-of-speech tagging

The approach to part-of-speech tagging taken inTADPOLE was originally intro-
duced by Daelemans et al. (1996). The proposed tagger is a combination of a
submodule that disambiguates the tags of words it has seen before, given their
context, and a submodule that predicts tags to words it has not seen before. Both
taggers process from left to right, and use windowing to represent the local context
around the word to be tagged. The left part of the window also includes the joint
tagger’s previously predicted tags, while in the right partof the window the yet
ambiguous tags of the known right neighboring words are incorporated.

The second submodule, theunknown wordstagger, cannot use the word in fo-
cus as a predictive feature since it has not seen it before, but some surface features
of the word are represented. Furthermore, both taggers are helped by converting
low-frequency words to more generic placeholder strings that retain some of their
surface features. Also, the unknown words tagger is not trained on the full training
set, but rather on a subset of low-frequency words in their context in the training
set, as they are the most representative of actual unseen words, which will tend to
occur in the same frequency band. In detail, the features forthe two subtaggers are
the following:� For theknown wordstagger: the focus word and its immediate left and

right neigboring words, the three preceding predicted tags, and the two still
ambiguous tags to the right.
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Task Full tag Main tag
Known words 96.8 98.7
Unknown words 76.4 84.3
All words 96.5 98.6

Table 13.1: Percentages of correctly tagged test words, overall (bottom line) and split into
known words and unknown words, on the full tag and on the main tag only.

� For theunknown wordstagger: the first two letters and the last three letters
of the focus word; binary features marking whether the word is capitalized,
contains a hyphen, or one or more numbers; its immediate leftand right
neighboring words; the three preceding predicted tags, andthe two still am-
biguous tags at the right.

When trained on a substantial training corpus, often less than 10% (or even
less than 5%) of words in new text will not have occurred in thetraining corpus.
Hence, the first submodule, theknown wordstagger, is responsible for a major part
of the work. Yet, the remaining work for the unknown word tagger is harder. For
theTADPOLE part-of-speech tagger we opted to use IGTREE for the known words
tagger, but useTRIBL for the unknown words tagger. TRIBL is a hybrid between
the fast approximation IGTREE and the slowerIB1-IG algorithm that implementsk-nearest neighbor in its unabridged form (Daelemans et al. 1997b)1; it builds a
trie structure for the most informative features, and performs k-nearest neighbor
classification on the remaining features. For building the tagger, the Mbt wrapper
was used2.

The data used for training theTADPOLE tagger consists of a broad selection
of available manually annotated part-of-speech tagged corpora for Dutch tagged
with the Spoken Dutch Corpus tagset (Van Eynde 2004): The approximately nine-
million word of the transcribed Spoken Dutch Corpus itself (Oostdijk et al. 2002),
the ILK corpus with approximately 46 thousand part-of-speech tagged words, the
D-Coi corpus with approximately 330 thousand words, and the754-thousand word
Eindhoven corpus (Uit den Boogaart 1975) which has been automatically retagged
with the Spoken Dutch Corpus tagset. Together this accountsfor 10,979,827
manually-checked part-of-speech tagged words, all using the same rich tagset of
316 tags.

We split this 10 million-word corpus randomly (at the sentence level) into a
90% training set and a 10% test set. The performance of the tagger on known
words and unknown words in the test set, as well as on all test words, is listed
in Table 13.1. Not surprisingly, the tagger has significantly more trouble tagging
unknown words. The Spoken Dutch Corpus tagset makes a distinction between the

1IGTREE, TRIBL, andIB1-IG are included in the TiMBL software package, version 5.1, available from
http://ilk.uvt.nl/timbl.
2Mbt, version 2.0.1:http://ilk.uvt.nl/mbt .
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main tag (a traditional 12-tag distinction) and the morphosyntactic subtags, which
are not always used in higher-level applications; the generalization accuracy on the
main tag reaches a respectable 98.6%.

In the overall tagging accuracy, the influence of the unknown-word tagger is
of course related to the amount of unknown words in the text tobe tagged. In
the 10% test set, about 98.8% of all tokens is also present in the 90% training
set, but this test is a sentence-level partition of the same texts as the training set
is drawn from. Typically, coverage of tokens in a randomly selected text from
outside the (genres of the) training set will be somewhat lower, as illustrated by
the following two examples. A first random text, offering general instructions on
Unix, containing many foreign words and command line fragments, is covered
by 89.8%. The second text, the full text of the novelHet boetekleed, a Dutch
translation of Ian McEwen’sAtonement, is covered by 97.9%.

13.3.2 Morphological analysis

We take the task of analyzing the morphology of Dutch words toinclude (1) seg-
menting a wordform into its morphemes; (2) labeling each morpheme with its
function (e.g. a stem with a certain part-of-speech tag, or being a derivational
affix, or an inflection), and (3) identifying all spelling changes between the word-
form and its underlying morphemes (Van den Bosch and Daelemans 1999). We
draw our examples from the CELEX lexical database (Baayen etal. 1993), which
features a full morphological analysis for 363,690 of them.We took each word-
form and its associated analysis, and created task examplesusing a windowing
approach, which transforms each wordform into as many examples as it has let-
ters. Each example focuses on one letter, and includes a fixednumber of left and
right neighbor letters, chosen here to be five. Consequently, each example spans
eleven letters, which is also the average word length in the CELEX database.

To illustrate the construction of examples, Table 13.2 displays the 15 examples
derived from the Dutch example wordabnormaliteiten (abnormalities) and their
associated classes. The class of the first example is “A”, which means that the
morpheme starting ina is an adjective (“A”). This morpheme continues up to the
eighth example, which is labeled with “0+Da”, meaning that at that position, an
a is deleted from the underlying morpheme. The coding thus tells that the first
morpheme is the adjectiveabnormaal. The second morpheme,iteit, has class
“N A�”. This complex tag indicates that wheniteit attaches right to an adjective
(encoded by “A�”), the new combination becomes a noun (“N”). Finally, the third
morpheme isen, which is a plural inflection (labeled “m” in CELEX).

This way we generated a database of 3,209,064 examples. Within these exam-
ples, 3,806 different class labels occur. The most frequently occurring class label
is “0”, occurring in 69.3% of all instances. The three most frequent non-null labels
are “N” (6.9%), “V” (4.2%), and “A” (1.3%).

When a wordform is listed in CELEX as having more than one possible mor-
phological labeling (e.g., a morpheme may be N or V, the inflection -en may be
plural for nouns or infinitive for verbs), these labels are joined into ambiguous
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instance left focus right
number context letter context TASK

1 a b n o r m A
2 a b n o r m a 0
3 a b n o r m a l 0
4 a b n o r m a l i 0
5 a b n o r m a l i t 0
6 a b n o r m a l i t e 0
7 b n o r m a l i t e i 0
8 n o r m a l i t e i t 0+Da
9 o r m a l i t e i t e N A�
10 r m a l i t e i t e n 0
11 m a l i t e i t e n 0
12 a l i t e i t e n 0
13 l i t e i t e n 0
14 i t e i t e n m
15 t e i t e n 0

Table 13.2: Instances with morphological analysis classifications derived fromabnor-
maliteiten, analyzed as[abnormaal]A[iteit]N A�[en]m.

classes (“N/V”). Ambiguity in syntactic and inflectional tags occurs in 3.6% of all
morphemes in our CELEX data. When the morphological analyzer generates more
than one analysis based on these ambiguous classes, it asks for the part-of-tagger
to break the tie – hence the arrow from the tagger to the analyzer in Figure 13.1.
We created a translation table between combinations of CELEX main tags and
inflectional markers such as “m” on the one hand, and the CGN tags of the part-of-
speech tagger on the other hand, to allow matching the CGN tags to the ambiguous
analyses. We observed that when the tagger is correct and theanalyzer generates
the appropriate analyses, the CGN tags predicted by the tagger, with their main
tag and the morpho-syntactic subtags, always provide sufficient matches to disam-
biguate between ambiguous analyses. If due to an error of either module no match
is possible to break the tie, a random choice is made.

To evaluate the morphological analyzer, we split the CELEX database ran-
domly in a 90% training set (of 362,690 words, or 2,888,197 examples) and a
10% test set (of 36,369 words, or 320,867 examples). When trained on the full
90% training set, IGTREE correctly segments 79.0% of test words; e.g., it would
segmentabnormaliteiten correctly into[abnormal][iteit][en]. Also taking into
account spelling changes and morpheme types (stems with part-of-speech, affixes,
inflections, e.g.[abnormaal]A[iteit]N A�[en]m), 56.3% of all test words are fully
correctly analyzed. These generalization accuracies, obtained on a random 10% of
CELEX words, can be seen as approximations of the analyzer’sperformance on
unknown words in free text. Performing a coverage check similar to the one in the
previous section, we observe that CELEX covers about 98.3% of the tokens in the
test material of the tagger, 83.9% of the Unix instruction document, and 98.1% of
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the word tokens inHet boetekleed. As IGTREE performs a lossless compression
of the training set, the analysis or alternate analyses of any word that is also in
CELEX will be flawlessly retrieved; hence, the effective accuracy of the analyzer
on a text such as the novel is at least 98.1%, and possibly around 99%, as we
estimated that about 56.3% of unknown words receives a correct analysis.

13.3.3 Dependency parsing

In the TADPOLE approach to dependency parsing, IGTREE is trained to predict
(directed) labeled dependency relations between a head anda dependent. For each
token in a sentence, examples are generated where this tokenis a potential de-
pendent of each of the other tokens in the sentence. To prevent explosion of the
number of classification cases to be considered for a sentence, we restrict the max-
imum distance between a token and its potential head. We selected this distance
so that 95% of the dependency relations in the training data are covered, which is
at a maximum distance of eight words. The label that is predicted for each classi-
fication case serves two different purposes at once: 1) it signals whether the token
is a dependent of the designated head token, and 2) if the instance does in fact
correspond to a dependency relation in the resulting parse of the input sentence, it
specifies the type of this relation as well.

The features we used for encoding instances for this classification task corre-
spond to a rather simple description of the head-dependent pair to be classified. For
both the potential head and dependent, there are features encoding a 1-1-1 window
of words and part-of-speech tags predicted by our tagger; inaddition, there are
two spatial features: a relative position feature, encoding whether the dependent is
located to the left or to the right of its potential head, and adistance feature that
expresses the number of tokens between the dependent and itshead.

Thus, dependency parsing is first broken down into classifications at the level
of word-to-word dependency relations. In a second step these relations need to be
gathered per sentence to form a dependency tree. A dependency tree is regarded as
a set of dependency relations connecting a head and a dependent. For a set of such
relations to form a valid dependency tree, some constraintsshould be satisfied:
1) each token can only be linked as a dependent to maximally one head token
(though a token may be a head to more than one dependent), and 2) dependency
relations should not form a cycle. As long as these two constraints are satisfied, a
dependency tree can be treated as a set of dependency relations without losing any
information.

Naively applying this approach results in a number of practical issues however,
which may also negatively affect the performance. First, the classification task
as formulated gives rise to a highly skewed class distribution in which examples
that correspond to a dependency relation are largely outnumbered by “negative”
examples. Second, there is a quadratic increase of instances to be classified as
sentence length increases, that is, a sentence ofn tokens translates ton(n � 1)
classification cases.

One issue that may arise when considering each potential dependency relation
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as a separate classification case is that inconsistent treesare produced. For exam-
ple, a token may be predicted to be a dependent of more than onehead. To recover
a valid dependency tree from the separate dependency predictions, a simple infer-
ence procedure is performed. Consider a token for which the dependency relation
is to be predicted. For this token, a number of classificationcases have been pro-
cessed, each of them indicating whether and if so how the token is related to one
of the other tokens in the sentence. Some of these predictions may be negative, i.e.
the token is not a dependent of a certain other token in the sentence, others may be
positive, suggesting the token is a dependent of some other token.

If all classifications are negative, the token is assumed to have no head, and
consequently no dependency relation is added to the tree forthis token. If one of
the classifications is non-negative, suggesting a dependency relation between this
token as a dependent and some other token as a head, this dependency relation
is added to the tree. Finally, there is the case in which more than one prediction
is non-negative. By definition, at most one of these predictions can be correct;
therefore, only one dependency relation should be added to the tree. To select
the most-likely candidate from the predicted dependency relations, the candidates
are ranked according to the classification confidence of the base classifier that pre-
dicted them, and the highest-ranked candidate is selected for insertion into the tree.
For example, if in the sentenceIk hoor haar zingen, I hear her singing, the word
haar is classified as relating tohoor in the “OBJ1” relation (direct object) with
confidence 8, and tozingen in the “DET” relation (determiner) with confidence 5,
the first prediction is selected, and the second discarded.

As a measure of confidence for the predictions made by IGTREE we divide
the tree-node counts assigned to the majority class by the total counts assigned
to all classes. Though this confidence measure is rather crude, and should not
be confused with any kind of probability, it tends to work quite well in practice
(Canisius et al. 2006).

The base classifier in our parser is faced with a classification task with a highly
skewed class distribution, i.e. instances that correspondto a dependency relation
are largely outnumbered by those that do not. In practice, such a huge number
of negative instances usually results in classifiers that tend to predict fairly con-
servatively, resulting in high precision, but low recall. In the approach introduced
above, however, it is better to have high recall, even at the cost of precision. A
missed relation by the base classifier can never be recoveredby the inference pro-
cedure. Also, due to the constraint that each token can only be a dependent of one
head, excessive prediction of dependency relations can still be corrected by the
inference procedure. An effective method for increasing the recall of a classifier
is downsampling of the training data. In downsampling, instances belonging to
the majority class (in this case the negative class) are removed from the training
data, so as to obtain a more balanced distribution of negative and non-negative
instances.

Canisius et al. (2006) describe the effect of systematically removing an in-
creasingly larger part of the negative instances from the training data. They report
that downsampling helps to improve recall, at the cost of precision, but indeed im-
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Figure 13.2: Dependency parsing learning curves in terms ofcorrectly labeled dependen-
cies, unlabeled dependencies, and label accuracy.

proving the dependency parser, with a maximal performance at downsampling rate1 : 2 (i.e. twice as many negative examples as positive ones). Note that downsam-
pling is naturally restricted to the training data; the testdata is not downsampled
as the labeling is not known yet.

As training material for our parser we used all manually annotated data avail-
able in the Alpino Treebank3 (Van der Beek et al. 2001), amounting to 262,452
words, converted to 2,959,456 pairwise examples, and subsequently downsampled
to 726,440 examples. We also collected data that is automatically parsed by the
Alpino parser (Malouf and Van Noord 2004), available in significantly larger quan-
tities than manually annotated data. We added several millions words of automati-
cally parsed text from Wikipedia pages, newspaper articles, and the full Eindhoven
corpus except a portion taken out as test set (see below). We converted this Alpino
output to the column format used in the CoNLL-X Shared Task (Buchholz and
Marsi 2006), replacing the part-of-speech information generated by Alpino by the
output ofTADPOLE’s tagger described in Subsection 13.3.1. Also in this process,
in special cases (particularly with multi-word units and coordinations without a
conjunction) multiple heads in the original treebank are discarded, keeping only
the leftmost head.

Figure 13.2 displays the learning curves of three commonly used evaluation
metrics (Buchholz and Marsi 2006), viz. labeled and unlabeled dependency rela-
tion accuracy, and the accuracy on the label per word. The test set consists of 2,530
sentences (47,471 words) taken from the manually parsed section of the Eind-
hoven corpus (thecdbl part); this is newspaper text with relatively long sentences
with many subclauses and quotations. The vertical line at 726,400 downsampled
pairwise examples marks the transition of manually labeledmaterial to automat-

3Alpino Treebank:http://www.let.rug.nl/ vannoord/trees/ .
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% Correct assignment
Aspect Only manual data Automatic data added
Labeled dependencies 67.3 74.3
Unlabeled dependencies 70.6 77.1
Label accuracy 76.3 81.5

Table 13.3: Percentages of correctly assigned dependencies, with and without labeling,
and the accuracy on labels only, trained on the maximal amount of training data, tested on
newspaper texts, before and after the addition of automatically parsed training data.

ically parsed data. Despite a dip in performance in all threeevaluation metrics,
the curves suprisingly return to their trajectories, and continue to rise – albeit at
a sub-loglinear rate with increasing amounts of training data. The exact scores of
the parser, trained on a current maximum of 29,778,197 examples, and tested on
the aforementioned manually parsed test set, are displayedin Table 13.3. At best,
the parser identifies and labels dependency relations between words at an accuracy
of 74.3.

13.4 Speed and memory usage analysis

Thus far we have not reported on speeds and memory usage, except in passing
when comparing the morphological analyzer toIB1-IG. Three design goals of
TADPOLE relate to speed and memory: we want the system to be fast, as linear as
possible in the length of the input, and costing as little memory as possible. We
measured the speed of our classifiers in terms of the number ofwords they pro-
cessed per second, and the bytesize of the IGTREEs4. Table 13.4 summarizes the
measurements taken at the maximal sizes of the training setsused in the previous
section to estimate the generalization accuracies of each module. The table also
lists the speed of the rule-based tokenizer and multi-word chunker for complete-
ness, as these modules do cost some memory5 and time. As can be seen in the
table, the parser consumes most memory, being trained also on the largest amount
of training examples (nearly 30 million). The part-of-speech tagger consumes a
fair bit of memory as well, due to theTRIBL-basedunknown wordstagger.

Disregarding the fast rule-based preprocessing modules, the tagger is the fastest
module with about 10,160 words per second, while the morphological analyzer is
the slowest, processing about 6,715 words per second. Givena single processor,
the aggregated speed with whichTADPOLE can process text with all three modules
is about 2,488 words per second. This number assumes single-CPU, full streaming
performance.

One remaining design goal is to include a parser with preferably linear perfor-
mance. We measured the speed and accuracy of the parser on different sentence

4The hardware used for testing is equipped with Dual Core AMD Opteron 880 2,412 Mhz processors.
5They are implemented as Perl scripts and require the Perl executable at runtime.
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Module Memory (Mb) 1000 words/s
Part-of-speech tagging 23.3 10.1
Morphological analyzer 2.9 6.7
Dependency parser 68.9 7.6
Tokenizer (rule-based) Perl 81.9
MWU chunker (rule-based) Perl 120.3
Total 95.1+ Perl 2.5

Table 13.4: Amount of memory used, and numbers of words processed by the five modules
at maximal training set sizes. Bottom line sums the amount ofmemory, and aggregates the
speeds.
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Figure 13.3: Generalization accuracies (left) and secondsper sentence (right) of the depen-
dency parser trained on maximal amounts of data, measured per sentence length from 2 to
50.

lengths found in our test set. Figure 13.3 shows both, measured separately for all
sentence lengths from 2 to 50. As the left graph of Figure 13.3shows, sentences
shorter than length 20 are parsed at above-average performance levels. The right
graph of Figure 13.3 shows a perhaps more unexpected linear relation between the
length of a sentence and the average time it takes to parse it.Earlier we noted
that for each sentence pairwise examples are generated (n(n � 1), to be exact),
but we also constrained this (also with test sentences) to pairs of words within a
range of eight words from each other, as 95% of all relations in the training cor-
pus occur within that range. This fixed constraint bounds thenumber of examples
per sentence, making the relation between the sentence length and the number of
examples effectively linear.

13.5 Related research

Most if not all related work on morpho-syntactic analysis, tagging, and parsing on
Dutch has focused on these tasks in isolation. Schone and Jurafsky (2000) describe
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an unsupervised approach to computational morphological analysis, using CELEX
as a gold standard. Their knowledge-free method analyzes words in a large corpus
above a frequency threshold of 10. Matching these analyses to the ones in CELEX,
they report F-scores on correctly identified morphemes of around 79.6. Without a
direct comparison, we can safely say that our supervised system vastly outperforms
this system, even if we would only look up analyses from CELEX(which their
system is obviously not allowed to).

Van Halteren et al. (2001) provide generalization accuracies of various tagging
systems trained on Dutch data annotated using the Wotan tagset, a predecessor of,
and comparable to, the CGN tagset. Using additional learning methods (hidden
markov models, transformation-based learning, and maximum-entropy tagging)
and combinations of these taggers in ensemble architectures, but using only the
754-thousand-words Eindhoven corpus, the best cross-validated accuracy reported
is 93.3%, and 96.4% using a reduced version of the tagset, “WotanLite”; this is
the performance of a stacked ensemble of classifiers. In contrast, with about 10
million words of training data we attain about the same accuracy (96.5%) in a
similar experiment with a tagset that is at least as rich as Wotan, but using a single
classifier.

Buchholz and Marsi (2006) provide an overview of systems whocompeted
in the CoNLL-X Shared Task, which also used a part of the manually annotated
Alpino treebank, split in training data (195,069 words, 13,349 sentences) and test
data (5,463 words, 386 sentences). For the best system (McDonald et al. 2006) a
labeled dependency score of 79.2 is reported, clearly superior to our 74.3 (obtained
with more training data, tested on a different test set). Yet, this best performing
system is a more complicated two-stage discriminative parser that first performs
unlabeled parsing, and then assigns labels, and runs in cubic time as opposed to
our linear parser.

An obvious competitor to our parser is the original Alpino parser (Malouf and
Van Noord 2004) which it hopes to emulate. Probably the best parser for Dutch,
Alpino is a typical modern example of a rule-based approach that has hybridized
with a stochastic, data-driven approach. After a rule-based core generates possible
parses for a given sentence (possibly hundreds or thousands), a stochastic com-
ponent searches in this space of possibilities for the most likely parse, where the
statistics are derived from the Alpino treebank.

Alpino has been evaluated with various metrics; Malouf and Van Noord (2004)
argue for using an adapted form ofconcept accuracyto estimate the correctness
of the dependency labeling. The labeled dependencies accuracy metric of the
CoNLL-X shared task (Buchholz and Marsi 2006), used in this paper, has the same
aim; both metrics essentially compute#orret=#total, i.e., the number of cor-
rectly assigned relations divided by the total number of relations. The difference
between the two metrics is that Alpino generates a limited amount of non-terminal
nodes in its trees, which necessitates their metric, where in our case the number
of generated relations will never be larger than the number of tokens, hence the
simple labeled dependency accuracy metric suffices. Given this, we cannot cur-
rently compare our parsers to Alpino. Still, it is interesting to contrast some results
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obtained on the same or similar test sets. On a similar test set to ours, composed
of news articles, Alpino is reported to attain a concept accuracy of 87.9%, which
is markedly higher than our 74.3% accuracy on labeled dependencies. On a small
corpus of quesions, Alpino attains a concept accuracy of 88.7%; a test of our parser
on this corpus yields a labeled dependency accuracy of 78.7%. Clearly, our parser
lags behind Alpino in terms of accuracy.

13.6 Discussion

We have described theTADPOLE system, a robust modular morphological ana-
lyzer, part-of-speech tagger, and dependency parser for Dutch. Including the clas-
sification engine, the complete system costs about 95 Mb of memory, and has an
estimated processing speed of close to 2,500 words per second, assuming a com-
mon processor type and full streaming performance. The tagger is estimated to be
about 96.5% correct on unseen text (98.6% in terms of main tags). The morpho-
logical analyzer can segment about 79.0% of unseen words correctly, and can pro-
duce a completely correct analysis with part-of-speech tags and spelling changes
for 56.3% of unseen words. The coverage of the tagger and the morphological
analyzer is quite high; a random novel text is covered at about 98% of all tokens.
In the case of the morphological analyzer this means that it is able to losslessly
reproduce correct analyses for at least these 98% tokens. The dependency parser,
feeding on tags generated by the part-of-speech tagger, generates dependency re-
lations between pairs of words at an accuracy rate of about 74.3%. The parser is
observed to parse in linear time in function of the length of the input; although it
has a quadratic component in the example generation process, this process is con-
strained by a threshold that makes the number of examples linear in the length of
the sentence.

In future work we aim to prolong the learning curve of the dependency parser,
as much more training data is still available. If the learning curve does not flatten
too much it may be possible in the long run to develop a linear-time memory-
based emulation of the Alpino parser. We may introduce some extra internal flow
of information, such as from the morphological analyzer to the unknown-words
module of the part-of-speech tagger. Other future work involves the incorporation
of other modules intoTADPOLE such as a named-entity recognizer, a semantic role
labeler, and a co-reference module, so that the abbreviation will stand forTAgger,
DependencyParser, andOtherLanguageEngines.
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Radio Oranje: Enhanced
Access to a Historical Spoken
Word Collection
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Abstract

Access to historical audio collections is typically very restricted: content is often only avail-
able on physical (analog) media and the metadata is usually limited to keywords, giving
access at the level of relatively large fragments, e.g., an entire tape. Many spoken word her-
itage collections are now being digitized, which allows theintroduction of more advanced
search technology. This paper presents an approach that supports online access and search
for recordings of historical speeches. A demonstrator has been built, based on the so-called
Radio Oranje collection, which contains radio speeches by the Dutch Queen Wilhelmina
that were broadcast during World War II. The audio has been aligned with its original
1940s manual transcriptions to create a time-stamped indexthat enables the speeches to
be searched at the word level. Results are presented together with related photos from an
external database.
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14.1 Introduction

At present, audio(visual) collections from the cultural heritage (CH) domain are
at risk of becoming inaccessible, because (i) both the analog data carriers they are
stored on are deteriorating and corresponding playback devices are becoming ob-
solete, and (ii) the materials are insufficiently disclosedfor fast and easy access.
In this paper we present a demonstrator for online access to ahistorical audio col-
lection. The technical approach is based on a combination ofspeech processing
and interaction design, and it has been applied to the collection of radio speeches
that Queen Wilhelmina (1880-1962) addressed to the Dutch people during World
War II – referred to as the ‘Radio Oranje collection’. The speeches were broad-
cast via Radio Oranje, a radio channel set up in London, England, to inform the
Dutch people in occupied areas. This demonstrator is an example of how indexing
and access to audiovisual collections from the CH domain could be organized to
overcome the limitations of traditional indexing methods for A/V material.

Preservation issues have been taken up in retrospective digitization projects for
historic audio(visual) collections such as the EU IST PrestoSpace1 project and the
Dutch Beelden Voor De Toekomst2. In the case of the Radio Oranje collection,
most recordings as well as their original 1940s transcriptsunderwent preserva-
tion measures and have recently been digitized by the Netherlands Institute for
War Documentation (NIOD)3 and the Netherlands Institute for Sound and Vision
(NIBG) 4. Without these measures, the Radio Oranje collection couldonly be ac-
cessed by reading the transcripts kept at the NIOD (in Amsterdam) and/or visiting
the NIBG (in Hilversum) to obtain copies of the audio files. Ascollections be-
come available digitally, they can be made accessible and, in principle, searchable
via the Web.

To facilitate keyword search, some textual representationof the audiovisual
documents is needed. For the kind of content under discussion here, descriptions
typically consist of a set of keywords for long stretches of speech, e.g. an entire
hour or tape. This type of metadata is not useless, but it is insufficiently specific
to support all needs of a researcher: both the lack of precision in the description
and the coarse time-resolution of retrieved results make the exploration of A/V
documents quite cumbersome. Moreover, for most of the digitized and digital-born
audiovisual documents, disclosure based on manual description is not an option,
since manual annotation takes one to ten times the duration of a recording.

To improve access to digitized audiovisual collections it is therefore necessary
to automatically generate time-stamped textual representations that describe the
spoken content with much more precision (i.e. a higher time-resolution) than is
the case in current practice. Automatic generation of a detailed index into the
audio can be achieved in several ways, depending on the amount of metadata that
is available for a collection. The extremes of the metadata dimension are a full
1http://www.prestospace.org/
2http://www.beeldenvoordetoekomst.nl
3http://www.niod.nl/
4http://www.beeldengeluid.nl/
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manual transcript on one end, and no metadata at all at the other end. In the former
case, aligning the transcription to the audio is sufficient for generating an index, in
the latter case automatic speech recognition (ASR) can be employed for generating
a textual representation of the spoken content.

In contrast to the broadcast news domain, which has been the main area of
speech recognition research and benchmarks, speech from the CH domain can
contain relatively large amounts of spontaneous speech (inwhich speakers over-
lap, hesitate, repeat themselves, etc.) and of speech that was recorded in adverse
conditions (e.g. out on the street) or using suboptimal equipment. A number
of research projects have aimed to advance ASR and spoken document retrieval
specifically for the CH domain. In The National Gallery of theSpoken Word
project, the SpeechFind spoken document retrieval system was developed: it au-
tomatically generates metadata for audio documents by segmenting the audio and
generating ASR transcripts, and also makes the audio searchable through a Web
interface (Hansen et al. 2005). The MALACH (Multilingual Access to Large spo-
ken ArCHives) project investigated access to a vast collection of testimonies from
Shoah survivors (Byrne et al. 2004). The goal of that projectwas to advance
English and Czech ASR for the oral history domain and to studyhow recogni-
tion can be best incorporated in further processing and retrieval steps (Gustman
et al. 2002). In the Netherlands, the CHoral project5, part of the NWO-CATCH6

program, investigates technology for indexing and accessing Dutch, historically
relevant spoken documents (Ordelman et al. 2006).

In this paper we will describe a framework for improved access to spoken CH-
content. More specifically, we will describe the steps takento improve access to
the Radio Oranje collection. In section 14.2 we will focus onthe synchronization
step, also called alignment, where the 1940s transcripts were used to generate a
time-stamped index of the spoken documents. Section 14.3 discusses how this
index was exploited to support online search and browsing and how it was used
to enhance presentation. The generation of cross-links to present the speeches
together with related photos from an external database willalso be explained in
this section. Remaining issues and future work are discussed in section 14.4.

14.2 Optimizing alignment

Given the poor sound quality of the speeches – the original recordings were made
on historical equipment and contain hiss, pops, and scratches – an ASR engine
would not be able to generate an adequate transcript. In the case of an alignment
task, audio frames are linked to a phonetic representation of a manual transcript
using acoustic models from an ASR system. Alignment is much more robust to-
wards mismatches between models and data than ASR. An example of access to a
video archive using alignment of manual transcripts can be found in Christel et al.
(2006).

5http://hmi.ewi.utwente.nl/choral
6http://www.nwo.nl/catch
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The collection of speeches in the Radio Oranje project have been fully tran-
scribed during the war and therefore alignment could be donefor this collection.
The data under consideration consisted of 29 speeches by Queen Wilhelmina, with
lengths varying between 5 and 19 minutes. All speeches were manually segmented
at the sentence level, giving a total of 853 sentence-sized segments with an average
length of 15.7 seconds. For evaluation purposes, two full speeches were segmented
at the word level yielding 2028 manually aligned word boundaries. The alignment
tool from an off-the-shelf multi-mixture Gaussian HMM-based speech recognition
engine was used (Pellom 2001), which produces Viterbi optimized word-based
alignments.

14.2.1 Experiment I: Acoustic models

In contrast to an ASR system, which generates a hypothesis ofwhatwas said, an
alignment task only has to decidewheresomething was said. Traditionally the
same acoustic models are used for both alignment and recognition, but this need
not automatically lead to the best alignment result.

We first performed an alignment using gender- and speaker-independent acous-
tic models, optimized for broadcast news (BN) (de Jong et al.2006). Both triphone
(context-dependent) and monophone (context-independent) BN models were used.
New acoustic models were trained from the resulting alignments leading to a
speaker-dependent acoustic model. This was then used to perform a second it-
eration for training the final Wilhelmina models. In total, three different acoustic
models were evaluated: a triphone BN model, a monophone BN model and a
monophone Wilhelmina model. For these experiments, sentence-sized segments
were used as input and the resulting alignment was evaluatedat the word level.

14.2.2 Experiment II: Segment size

An alignment tool assigns acoustic model states to each of the audio frames, based
on the phonemes that are predicted from the transcription. This is done in such a
way that the total likelihood of this state sequence, given the audio, is maximized.
Due to the complexity of the task it is not feasible to exhaustively explore all
possible alignments. In practice, some pruning is applied and the alignment will
converge around a local optimum.

An anchor point is a mark in the audio and the transcription that ties two equiv-
alent positions together. A segment can be viewed as the audio fragment between
two adjacent anchor points. When more anchor points are provided to the align-
ment tool, the task of aligning becomes easier and pruning becomes less of an
issue. To determine the influence of segment size on alignment quality, experi-
ments were performed in which alignment was done on varying input sizes. The
results were evaluated at the word level.
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14.2.3 Experiment III: Grapheme-to-phoneme conversion

Alignment between text and speech is not done directly but through a phoneme
representation of the text. First the orthographic transcription is converted into
a phonetic representation and then a sequence of acoustic models corresponding
to these phonemes can be aligned to the audio. The conversionof graphemes
to phonemes has been extensively studied in the past, see Strik and Cucchiarini
(1999) for a review. Most grapheme-to-phoneme (G2P) conversion tools produce
a canonical phonetic transcription based on a background dictionary that is aug-
mented with a rule-based system. Both the background lexicon and the rules are
usually based on modern spelling and the corresponding current pronunciation.

In the CH domain, transcriptions can use archaic spelling conventions as was
the case with this collection (e.g.eischinstead ofeis, meaning ‘demand’, andvoor-
teekeneninstead ofvoortekenen, meaning ‘omens’). To investigate the influence
of the G2P conversion on alignment performance, three different phonetic versions
of the reference texts were produced and compared: (i) a fully automatic G2P ver-
sion, (ii) a G2P performed on a version of the reference textsafter conversion to
modern spelling conventions, and (iii) a manually checked phonetic conversion
(thus excluding automatic G2P errors from the process).

14.2.4 Results
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Figure 14.1: Acoustic model performance. For each of the three acoustic models the amount
of data complying with a certain amount of deviation from thereference transcript is shown.

Figure 14.1 shows the percentage of word boundaries (vertical axis) that fall
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within a certain deviation from the manual reference alignment (horizontal axis).
The dots mark the average deviation from the reference. Whenconsidering this
average deviation, BN monophone acoustic models performednearly 60% bet-
ter than traditional BN triphone models on this task. Acoustic models that were
specifically trained on these speeches provided an added improvement of almost
20%. The maximum deviation from the reference for all monophone models was
less than one second. Regardless of the performance level required, monophone
models scored better than triphone models and data-matchedmodels scored better
than generic BN models.
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Figure 14.2: Alignment performance as a function of segmentsize for the BN triphone
models and the speaker-adapted Wilhelmina models.

The performance figures that were found for this set are lowerthan those found
in previous studies, see for example Brugnara et al. (1993),where 89% of the
aligned phonemes were found within 20 ms of the reference. This stresses the
mismatch that exists between the generic BN acoustic modelsand the historic
audio under consideration. Another reason for this difference is that evaluation
was done for word-boundaries only, not for phoneme boundaries. This affected
the accuracy of the manual placement of reference boundaries, but – as was found
in for example Rapp (1995) – it also leads to a slight reduction in overall alignment
performance.

Figure 14.2 shows the average alignment error for varying segment sizes.
When the data-matched Wilhelmina model is used, segment size seems relatively
uncritical. Segments with a length of up to around five minutes do not show a
significant reduction in alignment performance when compared to the original
sentence-sized segments. Aligning long segments with BN triphone models re-
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quired a reduction in pruning that led to a high increase in processing time (>10
times longer).

Phones Average
altered (%) deviation (ms)

Original spelling 0 55
Modern spelling 1 56
Manual conversion 5 54

Table 14.1: The effect of grapheme-to-phoneme conversion method on alignment perfor-
mance.

Table 14.1 gives the results for the three types of G2P when the BN monophone
acoustic models are used. Not only is the impact of old spelling conventions on
G2P quite limited (only 1% of all phonemes is affected), the differences that do
exist turn out to be of no consequence for finding the word boundaries. Remov-
ing all grapheme-to-phoneme conversion errors from the transcription also shows
no significant improvement on alignment performance at the level of word bound-
aries.

14.2.5 Summary

Overall, alignment performance was more than adequate for this task. The dura-
tion of an average syllable lies in the range of 100-300 ms andover 90% of all
detected word boundaries were found within 100 ms of the reference. The use
of monophone models resulted in better alignment performance than use of tra-
ditional triphone models. Segment size was relatively uncritical when the models
were well matched to the data. In the case that mismatch between the audio and the
models was high, much more processing time was required to obtain acceptable
alignment results. Finally, despite the 1940s spelling conventions, there was no
impact of grapheme-to-phoneme conversion errors on locating word boundaries.

14.3 Radio Oranje Web interface

On the basis of the alignment, a time-stamped index was created that allows word-
level access to the speeches through the Radio Oranje Web interface7. The index
also facilitated development of additional functionalities for user support. The
user experience was enhanced through the generation of cross-links to a topically-
related photo collection.

7http://hmi.ewi.utwente.nl/choral/radiooranje.html (in Dutch)
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14.3.1 Accessing the spoken word documents

For search and browsing, the interface allows entry to the collection at two levels:
an entire speech or a speech fragment. It is expected that users will enter their
queries in contemporary Dutch spelling, whereas the index contains Dutch in the
1940s spelling. To prevent that words written in the old-fashioned spelling become
irretrievable, a dictionary was used to translate terms from user queries into index
terms. This dictionary was created manually given the relatively small scale of the
task. Boolean retrieval is currently supported and query results are ranked by date,
showing the speech’s title, broadcast date and duration as well as an excerpt of the
relevant sentence fragment. If the framework is used for larger CH collections,
more advanced (ranked) retrieval techniques should be used.

Once the user selects a particular spoken word document, basic playback op-
tions (start-stop-pause) are insufficient for navigation,as linear examination of the
fragments from the result list is relatively inefficient. Therefore, more elaborate
and dynamic user controls and content visualization options are needed. In earlier
research, visual content representations have been developed that for instance indi-
cate speaker turns (e.g. Slaughter et al. (1998)) or the occurrence(s) of query terms
in time (e.g. Whittaker et al. (1999), Christel et al. (2006)). Other tools developed
for faster browsing allow users to speed up audio playback, since time-compressed
speech remains intelligible up to double its original speed, e.g. Ḧurst et al. (2004).

To offer a proper mix of flexibility and transparency we developed an inter-
active visualization of the audio content on the basis of thetime-stamped index.
It shows an overview of the entire speech as well as a zoomed-in view of a 45 s
window around the cursor. The exact positions of highlights, e.g. query terms and
sentence boundaries, are shown in both bars. Through this combination of bars it
gives a clear overview of the document as well as detailed information on the frag-
ment that is currently being played. This combination is new. Furthermore, the
visualization is interactive: clicking any point on eitherbar will restart the audio
at that point in time, which allows the user to quickly browsethrough the spoken
document.

During audio playback, users prefer to take control of playback over predeter-
mined play durations, since restricted playback may stop atunpredictable places
(Whittaker et al. 1998). Another issue that may be encountered during playback
is that query terms occur right at the beginning of the retrieved fragment. The rel-
evant term may be played before users are well-aware of it. Inthe W.F. Hermans
system8 this problem was overcome by enabling the user to select the size of the
fragment’s context (Huijbregts et al. 2005). In the currentinterface we chose to
add an extra button for restarting the fragment from the original entry point.

The second functionality that was added to support users during playback was
subtitling. This highlights the word being spoken and showsthe query terms in a
contrasting color. Subtitling was added to aid intelligibility given the sometimes
poor audio quality and the old-fashioned, formal language use encountered in the
speeches of Queen Wilhelmina.

8http://www.willemfrederikhermans.nl/multimedia/
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14.3.2 Cross-media linking

In the CH domain, the ongoing digitization of historical texts, images, pamphlets,
photos, audiovisual materials etc. makes it possible to (i)automatically identify
links between documents from a variety of modalities and/orcollections and (ii)
present related documents in one multimedia presentation.These possibilities cre-
ate new opportunities for comparative research in for instance the historical do-
main and for the presentation of documents from audiovisualarchives for edu-
cational purposes. In cross-media linking, content from different media types is
associated. This is done by linking the semantic representations from each media
type either directly or through, for instance, a thesaurus or ontology. An example
is the cross-media browser Infolink that combines broadcast news videos with data
from a historical video archive and textual information from a newspaper corpus
(Morang et al. 2005).

In our demonstrator, spoken word fragments and photographic material on the
same topic, i.e. World War II, were linked. The photographicmaterial was taken
from a collection of over 55,000 photos maintained by the NIOD: the photos are
partly from the same period as the Radio Oranje broadcasts. However, since unre-
stricted access to the photo database with elaborate descriptions was not obtained,
fully automatic search could not be investigated. The restricted metadata that was
available consisted of a few keywords per photo. These keywords were automati-
cally extracted from the online catalog for the photo collection.

Searching and browsing functionality were developed for the spoken content,
and as a pre-processing step sets of photos were semi-automatically linked to the
speeches. Since the Radio Oranje collection is characterized by a very formal
and metaphorical speaking style, it was not possible to automatically match the
spoken content to the keywords from the photo database. Therefore, semantic rep-
resentations for the speeches were generated by manually assigning one or more
keywords from the photo thesaurus to each speech. This was done on the basis
of its title and global content. The 29 speeches were described by (combinations)
of 18 keywords such as Liberation, May 1940, Christmas or Netherlands Indies.
These keywords defined photo sets ranging in size from 2 to 200. A number of
keywords that were relevant to the entire collection was selected as a default set of
photos when speech-level sets are too small, for example: Illegal Press & Radio,
Queen Wilhelmina and Dutch Street Scenes.

While the audio is being played, photos that relate to the topic are shown with
a refresh rate of ten seconds. Figure 14.3 shows the resulting multimedia presenta-
tion: during audio playback the information visualization, subtitling and topically-
related photos are shown.

14.4 Discussion and future work

In this paper we have presented the Radio Oranje demonstrator, which is an instan-
tiation of the framework for enhanced spoken word access developed as part of the
CHoral project. It shows how access to audiovisual databases from the CH do-
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Figure 14.3: Screen shot of the playback interface showing arelated photo, subtitling and
the interactive browsing bars.

main can be changed using currently available technology for automatic indexing,
information retrieval and content visualization.

With respect to the alignment results presented in section 14.2.4, the improved
performance from using monophone vs triphone models was in line with expecta-
tions (van Santen and Sproat 1999). Although there are some techniques available
to improve alignment, such as systematic bias removal (Dines et al. 2002) or spec-
tral boundary correction (Kim and Concie 2002), these were not deemed necessary
for the development of this particular system.

To support users during audio browsing and to make their searches as efficient
and satisfactory as possible, we developed the informationvisualization compo-
nent presented in section 14.3.1. It enables the user to quickly estimate the loca-
tion of the most important regions within a document given his/her query. In the
present demonstrator system, those regions truly contain the query terms given the
accurate transcripts. Even if the transcripts were not fully accurate (due to ASR
errors for example), the user is expected to be much faster injudging a fragment’s
relevance using this visualization than without any information on the location of
highlights or with less specific information visualizations, see e.g. Whittaker et al.
(1999) and Hearst (1995). Future work in the CHoral project will determine how
users can be supported even better during retrieval of historical spoken documents.

Another issue for future research concerns semantics. The semantic gap, i.e.
the fact that the match between the words spoken and the topicthat is being talked
about is only partial, should be investigated further. Since manual annotation of
high-level semantic information is too (time-)costly, automatic extraction might be
a feasible approach. Keywords should ideally be limited to acontrolled vocabulary
to enable cross-linking with other collections and media. Mapping the terms in the
transcription to this vocabulary can be done using a thesaurus- or ontology-type
approach as in Wordnet (Fellbaum 1998). Moreover, audiovisual documents on
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specific periods or events in history – such as World War II – require the addition of
expert knowledge for successfully matching user queries. Words get specific con-
notations in the context of certain historical periods or events (e.g., euphemisms)
that cannot be solved by standard solutions such as documentor query expansion
using synonyms, hyponyms and hypernyms. Such mappings can –for now – only
be provided through manual effort.

In sum, the framework for enhanced spoken word access will bedeveloped
further within the CHoral project in order to enable widespread use of Dutch his-
torical spoken word documents in research, education and content production.
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Extraction of Dutch definitory
contexts for eLearning
purposes

Eline Westerhout and Paola Monachesi
Utrecht University

Abstract

The aim of the Language Technology for eLearning project is to facilitate the retrieval,
management and distribution of learning material within a Learning Management System
by exploiting Natural Language Processing techniques as well as semantic knowledge. One
of the functionalities provided by the project is the possibility to create glossaries semi-
automatically. Glossaries are derived from the learning objects in order to capture the exact
definition which the author of these documents uses. A rule-based approach is employed
to identify the relevant lexical and linguistic patterns which underlie the definition. In this
paper, we discuss the grammar developed to identify the definitory contexts in the Dutch
learning objects and we present the results of the quantitative evaluation.

15.1 Introduction

The aim of the European project Language Technology for eLearning (LT4eL)1 is
to show that the integration of Language Technology based functionalities and Se-
mantic Web techniques will enhance the management, distribution and retrieval of
1http://www.lt4el.eu.
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the learning material within Learning Management Systems (LMS). The function-
alities are being developed for eight languages represented in our consortium that
is Bulgarian, Czech, Dutch, English, German, Polish, Portuguese and Romanian
(Monachesi et al. 2006b), (Monachesi et al. 2006a).

Language Technology resources and tools, such as corpora and taggers which
have been produced in the context of other projects are employed in the devel-
opment of new functionalities that will allow the semi-automatic generation of
metadata for the description of learning objects in an LMS: to this end, a keyword
extractor is being developed (Lemnitzer et al. 2007).

Furthermore, the project will integrate the use of ontologies, a key element
in the Semantic Web architecture, to structure and retrievethe learning material
within the LMS. An ontology of 1000 concepts for the domain ofcomputer sci-
ence for non-experts and eLearning has been developed as well as an English vo-
cabulary and English annotated learning objects. The ontology should facilitate
the multilingual retrieval of learning objects.

Another objective of the project is the semi-automatic construction of glos-
saries which will be built on the basis of the definitory contexts which are pre-
sented in the learning objects themselves in order to capture the exact definition
which the author of these documents uses. This definition in many cases overrides
a more general definition of the term.

In the project, definitory contexts are identified in a bottom-up manner. First, a
substantial amount of definitions are selected and annotated manually in the learn-
ing objects which are the asset of this project. From these examples, grammars
with the complexity of regular languages are abstracted (cf. Muresan and Klavans
(2002) for a similar approach). These language-specific grammars are applied to a
test set from the same language in order to estimate their coverage.

In this paper, we focus on the definitory contexts attested inthe Dutch learning
objects and the grammar necessary to identify them. As a basis for the extraction
and annotation, we use linguistically annotated learning material which has been
converted into XML. This process is discussed in section 15.2. Our approach to the
detection and extraction of definitory contexts is rule-based. The patterns covered
by our grammar are discussed in section 15.3 and 15.4 while the grammar is pre-
sented in section 15.5. Section 15.6 deals with the results we have obtained with
the current version of the grammar. In section 15.7, we compare our methodology
with other approaches while section 15.8 contains our conclusions and suggestions
for future work.

15.2 The corpus

The learning material which constitutes our corpus from which definitions are ex-
tracted, can have different formats, such as HTML, PDF or DOC. Figure 15.1
illustrates the conversion process from the original file into the final XML output
which conforms to the LT4ELAna DTD. This DTD has been derivedfrom the
XCES DTD for linguistically annotated corpora (Ide and Suderman 2002). For
our purposes, the XCES DTD has been enriched with elements which are relevant



Extraction of Dutch definitory contexts for eLearning purposes 221

for our project and contains – besides the content of the original files (that is, in-
formation about layout and the text itself) – the possibility to encode information
about part-of-speech, morphosyntactic features and lemmas. This information is
used for the extraction of keywords and the detection of definitory contexts.

tools

merge

DTD

DTD

UTF−8−encoded HTML

LT4ELAna

DOC HTML Plain text

Annotated textBaseXML

PDF
3rd party

tag

tokenise

lemmatise

Figure 15.1: Data flow for the processing of learning objects.

The Wotan tagger (Daelemans et al. 1996) has been used for annotating the
Dutch documents with part-of-speech information and morphosyntactic features
whereas the CGN lemmatizer (Bosch and Daelemans 1999) was used for the
lemmatization.

Figure 15.2 presents an example sentence in the LT4ELAna format. Theid
attribute is a unique identifier for each word, thebaseattribute contains the lemma
of the word, thectag attribute is related to the part-of-speech tag and themsd
attribute gives the morpho syntactic information. The layout information is stored
in the rendattribute. The rules of the grammar for the extraction of thedefinitory
context are based on the information encoded in the LT4ELAnaformat.

<s id="s150">
...
<tok id="t2254" class="word" base="het" ctag="Art"

msd="bep,onzijd,neut">het</tok>
<tok id="t2255" class="word" rend="b"

base="eLearning-actieplan" ctag="N" msd="soort,ev,neu t">
eLearning-actieplan</tok>

<tok id="t2256" class="punc" rend="b" base="." ctag="Pun c"
msd="punt">.</tok>

</s>

Figure 15.2: Part of a sentence in LT4ELAna format
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15.3 The use of definitory contexts

Research on the detection and identification of definitory contexts has been pur-
sued mainly in the context of question answering systems, where finding answers
to definitory questions is a particularly difficult problem (cf. among others Mil-
iaraki and Androutsopoulos (2004), Blair-Goldensohn et al. (2004) and Fahmi and
Bouma (2006)). Very often pattern matching techniques are used to detect defini-
tions such as the one exemplified below:

(1) Een
a

vette
bold

letter
character

is
is

een
a

letter
character

die
that

zwarter
blacker

wordt
is

afgedrukt
printed

dan
than

de
the

andere
other

letters.
characters

‘A bold character is a character which is printed darker thanthe other char-
acters’.

Definitory contexts are expected to contain at least three elements: (1) the definien-
dum, that is the element that is defined (i.e.een vette letter), (2) the connector,
which indicates the relation with the third element (i.e.is) and (3) the definiens,
that is the definition of the definiendum (een letter die zwarter wordt afgedrukt dan
de andere letters) (Walter and Pinkal 2006, Fahmi and Bouma 2006). The number
of patterns distinguished by the various systems differs largely. The documents
used to extract definitory contexts are usually dictionaries or encyclopedias, which
contain well structured definitions.

The LT4eL project is quite innovative with respect to the research in this area
because it has adopted well known techniques to extract definitions and provided
a totally new application: in the field of eLearning, identifying definitory contexts
is relevant for the construction and maintenance of glossaries (Monachesi et al.
2006b). Furthermore, within our project the extracted definitions are employed in
the construction of a domain ontology.

Glossaries are an important kind of secondary index to a text. They can be
seen as small lexical resources which support the reader in decoding the text and
understanding the central concepts which are conveyed. Since a glossary can be
built on the definitory contexts which are present in the learning objects them-
selves, the advantages for the learning process are obvious: the learner accesses
the appropriate definition which is the one used by the authorof the learning ob-
ject, which can in certain cases be different from the general definition of the term
that could be found in a dictionary. For example, when we encounter the word
‘enter’ in a tutorial about Word, it will not have the meaninggiven by the Merriam
Webster dictionary: ’to go or come in’. Instead, it will mosttimes stand for the
enter key and therefore have a completely different definition, that is: ’Also known
as a return key, the enter key is used to return a cursor to the next line or execute
a command or operation. It is common for most standard keyboards to have two
enter or return keys, one on the keyboard and another on the numeric keypad’.
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15.4 Types of definitory contexts

In order to identify the typology of definitions attested in our corpus, we have
manually extracted 303 definitory contexts from our learning objects and grouped
them according to the connector used. It should be mentionedthat the collection of
Dutch learning objects comprises 77 files within three different domains: computer
science for non-experts (e.g. manuals on software programs), eLearning and the
Pulman documents which deal with digitization. The averagenumber of tokens
per file is 6568 and the average number of types is 463.

The creation of the grammar has been done on the basis of the patterns found
in 21 files. These 21 files contain 303 definitory contexts. We call this the training
corpus. It should be noted that we are not using machine learning techniques yet,
the files have not been used for training in the sense of training a classifier but only
to identify the most common patterns. The test corpus consists of 14 files and has
only been used for evaluating the grammar. It contains 159 definitory contexts

We distinguish three elements in definitory contexts (i.e. the definiendum, the
connector and the definiens) in our approach. According to the patterns, the defin-
itory contexts were classified into five groups:

1. Definitory contexts in which a form of the verbzijn (‘to be’) is used as
connector verb;

Gnuplot is een programma om grafieken te maken .
‘Gnuplot is a program for drawing graphs’

2. definitory contexts in which other verbs are used as connector (e.g.beteke-
nen(‘to mean’),wordt ... genoemd(‘is called’), wordt gebruikt om(‘is used
to’));

E-learning omvat hulpmiddelen en toepassingen die via het
internet beschikbaar zijn en creatieve mogelijkheden
bieden om de leerervaring te verbeteren .
‘eLearning comprises resources and application that are
available via the internet and provide creative possibilit ies
to improve the learning experience’

3. definitory contexts having specific punctuation features(e.g.:, (..));

Passen: plastic kaarten voorzien van een magnetische strip ,
die door een gleuf gehaald worden, waardoor de gebruiker
zich kan identificeren en toegang krijgt tot bepaalde
faciliteiten.
‘Passes: plastic cards equipped with a magnetic strip, that
can be swiped through a card reader, by means of which the
identity of the user can be verified and the user gets
access to certain facilities’

4. definitory contexts in which the layout plays an importantrole (e.g. in tables,
defined term in margin, defined term in heading);
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RABE
Een samenwerkingsverband van een aantal Duitse bibliothek en,
die gezamenlijk een Internet inlichtingen dienst bieden,
gevestigd bij de gemeenschappelijke catalogus, HBZ, in
Keulen.
‘RABE,
Cooperation of a number of German libraries, that
together provide an Internet information service, residin g
at the common catalogue, HBZ, in Cologne’

5. definitory contexts in which relative and demonstrative pronouns (e.g.dit
(‘this’), dat (‘that’), deze(‘these’)) and words likehiermee(‘with this’),
hierdoor(‘because of this’) are used to point back to an earlier used defined
term. The definition of the term then follows after the pronoun, so these are
often multisentence definitory contexts.

Dedicated readers.
Dit zijn speciale apparaten, ontwikkeld met het exclusieve
doel e-boeken te kunnen lezen.
‘Dedicated readers.
These are special devices, developed with the exclusive
goal to make it possible to read e-books.’

Some definitions can be classified in more than one category. For these cases,
we have chosen the category that was most important for the identification of the
pattern. For example, in the last example, both the layout and the pronoun ‘Dit’
can be used as clues. We classified it as a pronoun definition, because ‘dit’ gives
a stronger clue than the layout does. Table 15.1 shows how thedefinitory contexts
are divided over the 5 types. From this table we can see that the definitions with
a form of the verbzijn (‘to be’) as connector verb account for respectively 27.7
% and 38.4 % of the definitions and that in both the test and the training corpus
around 40 % of the definitory contexts does not have a verb as main indicator.

Training corpus Test corpus

Type 1 84 61
Type 2 99 41
Type 3 46 13
Type 4 7 1
Type 5 46 27
Other patterns 48 31
# sentences 330 174
# definitory contexts 303 159

Table 15.1: Division of the definitory contexts into types

Although there are 303 definitions in the training corpus, wehave more sen-
tences, because definitory contexts have been identified which consist of more than
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one sentence (i.e. often two sentences are present). In mostmultisentence defini-
tory contexts, one of the sentences contains only the definedterm and no explana-
tion of its meaning. These sentences in which only the definedterm is mentioned
do not meet our definition of a definitory context, and are therefore not identified
by our grammar and also not mentioned in table 15.1. This is for example the case
in the multisentence definitory context below:

Een gebruiker kan meer dan een programma tegelijkertijd
draaien. Dit wordt multi-tasking genoemd.
‘A user can run more than one program at a time.
This is called multi-tasking.’

We leave out the sentences which contain only the defined termwhen we evaluate
the performance of the grammar. As a consequence, we have only 27 multisen-
tence definitory contexts left in the training corpus and 15 in the test corpus. The
second part of the multisentence definitory contexts fits either in the fifth defini-
tion category or does not have a definitory context pattern. For these cases, both
sentences give information on the meaning of the term defined.

TEX is een computerprogramma van Donald E. Knuth.
Het is speciaal ontworpen voor het zetten en drukken
van mathematische teksten en formules.
‘TEX is a computer program developed by Donald E. Knuth.
It has been designed for setting and printing mathematical
texts and formulas.’

As already mentioned, most approaches to definition extraction use dictionar-
ies or encyclopedias as corpus. This is not the case of our project in which the
learning objects which constitute our corpus are mainly manuals and articles. As a
consequence we have identified a variety of definitory context patterns which have
not been taken into consideration in previous studies. Thisis the case for type 3,
4 and 5 patterns which are less common in dictionaries and encyclopedias. For
some of these definitions, it is even not immediately clear that they are definitory
contexts. The context of the patterns then determines whether or not we have to
do with a definition. The type 3, 4 and 5 patterns make our work challenging and
innovative.

15.5 The grammar

As already mentioned, in the LT4eL project, we have adopted arule-based ap-
proach to the extraction of definitory contexts. Because of the variety of patterns
present in our learning objects, we believe this is the best approach to use. Previ-
ous research has shown that grammars which match the syntactic structures of the
definitory contexts are the most successful approaches if deep syntactic and seman-
tic analysis of texts is not available (Muresan and Klavans 2002, Liu et al. 2003).

Therefore, we have developed a Dutch grammar in order to extract the defini-
tory context patterns. The XML transducerlxtransducedeveloped by Tobin (2005)
is used to match the grammar against files in the LT4eLAna format. Lxtransduce
is an XML transducer, especially intended for use in NLP applications. It supplies
a format for the development of grammars which are matched against either pure
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text or XML documents. The grammars must be XML documents which conform
to a DTD (lxtransduce.dtd, which is part of the software). Ineach grammar, there
is one “main” rule which calls other rules by referring to them. The XPath-based
rules are matched against elements in the input document. When a match is found,
a corresponding rewrite is done.

The grammar contains rules that match the grammatical patterns described in
the previous section. The rules have been written on the basis of the 303 manually
selected definitory contexts. At the moment, we focus on the extraction of patterns
in which verbs are used as connector (type 1 and type 2). For type 3, we can
extract the patterns with the colon as connector and the patterns between brackets.
For type 5, we can extract patterns in which words like ‘hiermee’ (‘with this’) are
used and definitions starting with ‘dit’ (‘this’). Type 4 hasnot been implemented
yet.

The grammar consists of four parts. In the first part, the part-of-speech in-
formation is used to make rules for matching separate words (e.g. verbs, nouns,
adverbs). The second part consists of rules to match chunks (e.g. noun phrases,
prepositional phrases). We did not use a chunker, because wewant to be able to put
restrictions on the chunks. The third part contains rules for matching and marking
the defined terms and in the last part the pieces are put together and the complete
definitory contexts are matched. The rules were made as general as possible to
prevent overfitting to our training corpus.

Figure 15.3 shows one of the rules described in the fourth part, namely the rule
for the extraction of definitory contexts in which a form ofto be(‘zijn’) is used as
connector. Thenameattribute in the elementref refers to a previously described
rule with this name, so the first element of the rule refers to arule defined in
the third part of the grammar with the namemarkedTermand matches ‘een vette
letter’. Thereafter, the verb is matched (‘is’). After the verb, a noun phrase follows
(‘een letter’). The rest of the sentence is matched with the rule ‘tok or chunk’,
which identifies the relevant material until the end of the sentence.

15.6 Results

The current grammar is able to detect type 1, type 2, type 3 andtype 5 patterns. We
have left type 4 (layout patterns) aside, for the moment, dueto the low frequency of
this pattern which makes the identification of the appropriate rules for its detection
a complex task.

We calculated the performance of the grammar for each of the types in terms
of precision, recall and F-score. In the evaluation, precision and recall were cal-
culated at two levels: at the token level and at the sentence level, as both ways of
the evaluation of definition extraction may be found in the literature. At the token
level, precision is understood as the number of tokens simultaneously belonging to
a manual definition and an automatically found definition, divided by the number
of tokens in automatically found definitions. Correspondingly, recall is the ratio
of the number of tokens simultaneously in both definition types to the number of
tokens in manual definitions. At the sentence level, a sentence is taken as a manual
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Een vette letter is een letter die zwarter wordt afgedrukt 

dan de andere letters.

<rule name="is_are_def">   
  <seq>     
    <ref name="markedTerm"/>     
    <query match="tok[@ctag=’V’ and 
      @base=’zijn’ and   
      @msd[starts−with(.,’hulpofkopp’)]]"/>      
    <ref name="noun_phrase"/>     
    <ref name="tok_or_chunk" mult="*"/>    
  </seq> 
</rule>

<rule name="markedTerm">

 <seq>

  <and>

   <ref name="art"/>

   <ref name="sent_start"/>      

  </and>     

 <first>           

  <seq>         

   <ref name="adj" mult="*"/>           

   <ref name="noun" mult="+"/>       

  </seq>       

  <seq>         

   <ref name="noun" mult="?"/>         

   <ref name="quote"/>         

   <ref name="adj" mult="*"/>         

   <ref name="noun" mult="+"/>          

   <ref name="quote"/>       

  </seq>     

 </first>     

</rule>

<rule name="noun_phrase">  

 <seq>     

  <ref name="art" mult="?"/>

  <ref name="adj" mult="*"/>  

  <ref name="num" mult="?"/>    

  <ref name="noun" mult="+"/> 

 </seq> 

</rule>   

Figure 15.3: Grammar rule for extractingis-patterns

or automatic definition sentence if and only if it contains a (part of a), respectively,
manual or automatic definition. Given that, precision and recall are calculated in
a way analogous to token level precision and recall. It is important to select the
appropriate units when measuring precision and recall. We think for our task the
sentence is the most appropriate unit and therefore we report the results obtained
when using the sentence as a unit (Przepiórkowski et al. 2007).

We did not only calculate the usual F-score, but also the F2-score. In this score,
recall is weighted twice as much as precision2. For the task at hand, where recall
is more important than precision, the latter measure in which recall is measured
seem appropriate (Przepiórkowski et al. 2007). The performance of the grammar
has been evaluated for both the training set and the test set.

For type 1 (theis-patterns), we had a recall of 73.81, a precision of 22.63 and
an F2-score of 42.08 on the training corpus and a recall of 91.80, aprecision of
20.97 and an F2-score of 43.18 on the test corpus (Table 15.2).

Within the test set, the grammar was able to detect 56 out of 61definitory

2F� = (1 + �) � (preision � reall)=(� � preision + reall). For F2, � = 2
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Precision Recall F1-score F2-score

Type 1 training 22.63 73.81 34.64 42.08
test 20.97 91.80 34.15 43.19

Type 2 training 44.64 75.76 56.18 61.48
test 25.76 41.46 31.78 34.46

Type 3 training 5.71 54.35 10.33 14.15
test 2.58 76.92 4.99 7.25

Type 5 training 9.18 41.30 15.02 19.06
test 6.15 40.74 10.68 14.16

Table 15.2: Performance of the grammar

contexts. For three of the non-detected sentences, the verb‘is’ was followed by an
adverb or an adverbial used adjective. The other two sentence were not found due
to an error of the part-of-speech tagger (e.g. the word ‘uitwerken’ (elaborating)
was tagged as a verb, whereas it is used as a noun in this context). The recall is
slightly better for the training set.

The type 2 patterns are those in which a verb different fromzijn (‘is’) is used as
connector. For the training corpus, recall was 74.76, precision was 44.46 and the
F2-score was 61.48. For the test corpus, both recall and precision were remarkably
lower, namely 41.46 and 25.76. The F2-score on the test corpus was 34.46.

It should be noticed that a number of verbs can be used as connector, such
asbetekenen(‘to mean’),omvatten(‘to comprise’),bestaan uit(‘to consist of’),
wordt gedefinieerd als(‘can be defined as’). However, there are also verbs that are
used within definitory contexts that are normally not used asconnector, such as
the verbvoorkomen(‘prevent’).

(2) Een
A

vaste
non-breaking

spatie
space

voorkomt
prevents

dat
that

een
a

regel
line

tussen
between

twee
two

woorden
words

wordt
is

afgebroken.
splitted

‘A non-breaking space prevents a line from being splitted between two
words’.

Whereas not everybody will consider this as a definition, they probably will con-
sider the next sentence, which contains the same information, as a definition:

(3) Een
A

vaste
non-breaking

spatie
space

is
is

een
a

spatie
space

die
that

voorkomt
prevents

dat
that

een
a

regel
line

tussen
between

twee
two

woorden
words

wordt
is

afgebroken.
splitted

‘A non-breaking space is a space that prevents a line from being splitted
between two words’.
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Because of the diversity of possible type 2 patterns, the recall score for type 2 is
lower than the recall score for type 1. The precision is higher for type 2, because
the patterns in which connector verbs different from a form of ‘to be’ are used, are
less common in non-definitory contexts.

The third type of patterns comprises the patterns in which there is a punctuation
character indicating that the sentence is a definition (e.g.a colon or brackets). The
main problem for the identification of this type of definitionis that it also occurs
very often in non-definitory contexts. The precision is therefore very low (5.71 on
training corpus and 2.58 on the test corpus). Recall is higher for the test corpus
than it is for the training corpus (76.92 and 54.35 respectively), but the F-score is
higher for the training corpus.

Within the type 5 patterns, two groups can be distinguished.The first group
contains definitions starting withdit and the second group contains definitions
starting with words likehiermee. The first type of definitions has roughly the same
pattern as the type 2 definitions, whereas within the second type other patterns
are used. All scores are higher for the training corpus: precision is 41.30 on the
training corpus and 40.74 on the test corpus. Recall is respectively 9.18 and 6.15,
and the F-scores are also higher for the training corpus.

In our project, we have a broad definition of what a definitory context is. Our
learning objects present us with patterns that are often notattested in encyclopedias
and dictionaries. Around 60 % of our patterns are standard definition patterns (i.e.
definitions in which a verb is used as connector). However, this implies that we
also have around 40 % non-standard patterns (that is, patterns of type 3, 4 or 5).
Because of the variety of patterns attested in our corpus, webelieve that a rule-
based approach is the most appropriate for our task.

In the analysis of our results, we should take into account that there are several
definition patterns that can also occur in non-definitory contexts. This is often the
case forto bepatterns and punctuation patterns and this has obviously a negative
influence on the precision scores, as shown by the example below, which has the
structure of a definition but it is obviously not a definition.

De stad is een belangrijke havenstad aan de Middellandse Zee .
‘The city is an important port in the Mediterranean.’

Even though we used a state-of-the-art tagger (Bosch and Daelemans 1999),
some of the definitory contexts were not found due to a tagger error. Most times,
errors are nouns tagged as verbs (e.g. ‘leren’ in ‘Levenslang leren’ (‘learning’ in
‘lifelong learning’) or English words or commands (e.g. ‘sort’ referring to the Unix
command ‘sort’ is tagged as verb). For thezijn-pattern, 27.3 % of the definitory
contexts (6 definitory contexts) that were not found by the grammar, were not
detected due to errors of the part-of-speech tagger.

15.6.1 Interannotator agreement

Because it is not always clear whether a sentence is a definitory context or not,
it would be relevant to have more annotators expressing their judgments. We
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should let them analyze both the manually annotated definitory contexts to see
whether they really are definitory contexts and the definitory contexts extracted by
the grammar which were not marked by the annotator to check whether some of
these can also be accepted as definitory contexts. These judgments could lead to
the deletion and addition of some definitory contexts, whichwould result in an
improvement of both precision and recall.

More generally, it would be relevant to identify the interannotator agreement
in the annotation of definitions within our corpus and therefore we have carried
out a small experiment to this end (Muresan and Klavans 2002). One of our texts
was provided to three other persons which were asked to annotate the definitions
and their headwords in this text. In total, 87 different sentences were marked as
definitory context by the 4 annotators, 52 of which were unique.

We measured the interannotator agreement using Cohens kappa (�) and several
adapted versions of it (Table 15.3). Cohens kappa is the standard version of kappa.
It assumes that the scores are equally divided over the categories. However, we
have a large difference between the number of definitions andnon-definitions in
a text. Therefore, we also used another statistical measurein which this is taken
into account. This score, the PABAK score (prevalence-adjusted bias-adjusted
kappa), accounts for prevalence and bias of the data (Byrt etal. 1993). The True
Skill Statistic (TSS) can be used when one of the annotators is considered to be
an expert (Allouche et al. 2006). The annotation of the expert is then taken as
model and the definitions marked by the other annotators are compared to this.
In this case, we used our own annotation as expert annotation(annotator 4) and
compared the results of the other annotators to these definitions.

Annotators Cohens� PABAK TSS
1 + 2 0.26 0.4
1 + 3 0.27 0.43
1 + 4 0.24 0.45 0.58
2 + 3 0.37 0.6
2 + 4 0.42 0.69 0.77
3 + 4 0.42 0.74 0.62

Table 15.3: Interannotator agreement

The experiment with more annotators shows that the agreement between dif-
ferent annotators is not very high when definitions have to beannotated. From
the fact that 87 different sentences were marked as definitory context by 4 anno-
tators from which only 35 were marked by more then one person,we can already
see that it is not easy to distinguish definitory contexts. The statistics in table 15.3
support this intuitive thought: both the Cohens� score and the PABAK score show
that the agreement between the different annotators is not very high. Although the
agreement is better when we consider our own annotation as expert annotation and
compare the others to this (TSS-scores) the agreement is higher, it is still not very
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high.
For measuring the interannotator agreement, it should be investigated which is

the best statistical method to evaluate interannotator agreement for our purposes.
Besides, the experiment should be repeated with a larger setof documents to make
it possible to draw stronger conclusions.

15.7 Related work

Research on the detection of definitory contexts has been pursued mainly in the
context of question-answering tasks. The answers to ‘What is’-questions are usu-
ally definitions of concepts. A common approach in this field is to search the cor-
pus for sentences consisting of a subject, a copular verb anda predicative phrase.
If the concept matches the subject, the predicative phrase is returned as answer.
However, although the recall is high for this approach, the precision is often low,
because there are many sentences which have the relevant syntactic form but are
not definitions (Tjong Kim Sang et al. 2005). We encountered this problem within
our approach for the patterns with a form ofzijn (‘to be’) as connector. Fahmi and
Bouma (2006) tried to solve this problem by applying machinelearning techniques
on the potential definitory contexts they extracted. They succeeded to improve the
precision with 16.3 %. For this reason, we plan to adopt machine learning tech-
niques to improve our results.

Within the German HyTex project (Storrer and Wellinghof 2006), 19 definitor
verbs were distinguished on the basis of 174 manually extracted definitory con-
texts. Sentences in which one of these verbs was used were extracted. The results
were calculated for each of the different definitors. They differed highly for the 19
verbs and depended also on the number of times the pattern wasused. For the pre-
cision, the most problematic verb was the verbsein(‘to be’), for which a precision
of only 31 % was achieved. This is comparable to our precisionscore for this type
of patterns. The recall was worst for the verbnennen(‘to call’) (20 %).

The DEFINDER system (Muresan and Klavans 2002) combines shallow nat-
ural language processing with deep grammatical analysis toidentify and extract
definitions and the terms they define from on-line consumer health literature. Four
persons were provided with a set of nine articles, and were asked to annotate the
definitions and their headwords in text. The gold-standard against which the sys-
tem was compared, was determined by the set of definitions marked up by at least 3
out of the 4 subjects and consisted of 53 definitions. Nearly 60% of the definitions
are introduced by a limited set of text markers ‘–’, ‘()’), the other 40% being iden-
tified by more complex linguistic phenomena (anaphora, apposition, conjoined
definitions). DEFINDER identified 40 out of the 53 definitionsobtaining 86.95%
precision and 75.47% recall. We used the same approach for one of our files to
investigate whether this would lead to a different set of definitions. Because we
used only one text, the differences for type 1 and type 2 were small compared to
the results obtained by comparisaon to the set of definitionsannotated by one per-
son. It is difficult to compare our results to the DEFINDER results, because they
use more structured texts.
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15.8 Conclusions and future work

One of the functionalities developed within the LT4eL project is the possibility to
derive glossaries semi-automatically on the basis of the definitory contexts identi-
fied within the learning objects.

A rule-based approach is employed to identify the definitorycontexts. The cur-
rent grammar is able to identify most types of definitory contexts and we obtain an
acceptable recall while precision should be improved. However, due to the embed-
ding of this functionality within an eLearning context in which human intervention
is foreseen, the results are quite good.

At the moment, we are working on the improvement of the results at several
levels.

First, we will investigate to which extent machine learningtechniques can be
used to improve the results and adopt an approach similar to Fahmi and Bouma
(2006) to filter out unwanted results. More generally, we will have an identifi-
cation step in which definitions will be detected on the basisof NLP techniques
which will be followed by a filtering step based on machine learning techniques.
We believe that we would always need to identify the definitions by means of a
grammar, because this is the best approach to identify the relevant patterns and
will enable us to to generalize the approach across all the languages involved in
our project. Furthermore, we are not aware of machine learning approaches that
account for the extraction of definitory contexts of type 3, 4and 5.

As for the grammar, we will extend it with additional rules tocover also the
less frequent patterns. In addition, we will investigate towhich extent the grammar
can be made more language independent. To this purpose, we are closely cooper-
ating with the German and English grammar developers withinthe project to see
whether the patterns of definitions are similar in closely related languages.

More generally, we wonder whether a quantitative evaluation is the best way to
evaluate our results. Due to the variety of patterns attested and the lack of agree-
ment among users about what should be considered a definition, it might be more
appropriate to evaluate our grammar also from a qualitativepoint of view. Given
the eLearning context in which we operate, the definitory contexts will be used to
develop glossaries that are linked to the various learning objects, it might be thus
more relevant to evaluate the degree of satisfaction of the users. These are both
the content providers who will exploit this functionality in order to develop glos-
saries semi-automatically and they can thus select among the proposed definitions
those that they consider the most appropriate as well as the learners who thanks to
this functionality will have glossaries at their disposal that should facilitate their
learning process.
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Wilhelmstraße 19, D-72074 T̈ubingen, Germany
eh@sfs.uni-tuebingen.de

Katja Hofmann
ISLA, Informatics Institute, Universiteit van Amsterdam
Kruislaan 403, NL-1098 SJ Amsterdam, The Netherlands
khofmann@science.uva.nl

Dietrick Klakow
Lehrstuhl f̈ur Sprachsignalverarbeitung, Universität des Saarlandes
D-66041 Saarbr̈ucken, Germany
dietrick.klakow@lsv.uni-saarland.de

Andreas Merkel
Lehrstuhl f̈ur Sprachsignalverarbeitung, Universität des Saarlandes
D-66041 Saarbr̈ucken, Germany
andreas.merkel@lsv.uni-saarland.de

Jens Moberg
Center for Language and Cognition, Rijksuniversiteit Groningen
Postbus 716, NL-9700 AS Groningen, The Netherlands

Paola Monachesi
UiL-OTS, Universiteit Utrecht
Trans 10, NL-3512 JK Utrecht, The Netherlands
paola.monachesi@let.uu.nl



List of Contributors 237

John Nerbonne
Center for Language and Cognition, Rijksuniversiteit Groningen
Postbus 716, NL-9700 AS Groningen, The Netherlands
j.nerbonne@rug.nl

Stephan Oepen
Institutt for informatikk, Universitetet i Oslo
Postboks 1080 Blindern, N-0316 Oslo, Norway
oe@ifi.uio.no

Nelleke Oostdijk
Afdeling Taalwetenschap, Radboud Universiteit Nijmegen
Postbus 9103, NL-6500 HD Nijmegen, The Netherlands
n.oostdijk@let.ru.nl

Roeland Ordelman
Human Media Interaction, Universiteit Twente
Postbus 217, NL-7500 AE Enschede, The Netherlands
ordelman@ewi.utwente.nl

Ineke Schuurman
Centrum voor Computerlinguı̈stiek, Katholieke Universiteit Leuven
Maria Theresiastraat 21, B-3000 Leuven, Belgium
ineke.schuurman@ccl.kuleuven.be

Nanda Slabbers
Human Media Interaction, Universiteit Twente
Postbus 217, NL-7500 AE Enschede, The Netherlands
slabbers@ewi.utwente.nl

Marco René Spruit
Meertens Instituut
Postbus 94264, NL-1090 GG Amsterdam, The Netherlands
marco.rene.spruit@meertens.knaw.nl

Gerwert Stevens
UiL-OTS, Universiteit Utrecht
Trans 10, NL-3512 JK Utrecht, The Netherlands
gerwert.stevens@let.uu.nl

Daphne Theijssen
Afdeling Taalwetenschap, Radboud Universiteit Nijmegen
Postbus 9103, NL-6500 HD Nijmegen, The Netherlands
daphnetheijssen@student.ru.nl



238 List of Contributors
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